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Ethical Statement

This dissertation studies the reliability and safety of medical Vision-Language Models. Its central
finding is that some models achieve apparent consistency while their answers change little when the
medical image is removed or replaced with one showing the opposite finding, so answers that look
trustworthy can add little to what the question text alone would support. Disclosing this failure mode,
and the evaluation tools that expose it, is intended to make the deployment of medical Al safer, not
to enable misuse.

The research uses only de-identified third-party chest radiograph datasets. NIH ChestX-ray14
was obtained from the openly released NIH Clinical Center set. MIMIC-CXR and VinDr-CXR, were
obtained through credentialed PhysioNet access under their data use terms, while PadChest, including
the PadChest-GR subset used by the probe, was obtained from the Medical Imaging Databank of
the Valencia Region (BIMCYV) under its research use agreement. No new patient data was collected
and no protected health information was accessed. The clinical validation described in this work is a
consultation with clinician collaborators and is not a human-subjects study.

The methods and benchmarks developed here are diagnostic: they measure when a model should
not be trusted. We release them so that model developers and clinical adopters can audit systems before
deployment, and we caution explicitly against interpreting a low paraphrase-flip rate as evidence of
safety. The overarching goal of this dissertation is to support the responsible, evidence-based use of
medical Vision-Language Models in ways that benefit patients while minimizing the risk of confident
errors that the image did little to inform.

Use of large language models. Large language models played two distinct roles in this disserta-
tion. Inside the research, they are components of the systems under study: the PSF-Med paraphrase
bank was generated and filtered by an LLM, a second model family provided cross-family equivalence
checks, and the medical Vision-Language Models under evaluation are themselves built on language
models. These uses are documented in the chapters where they arise. Outside the research, Anthropic’s
Claude served as an editing aid, used for copy editing prose, formatting LaTeX and figures, and check-
ing numbers and cross-references in the text against the underlying experimental artifacts. No result,
analysis, or conclusion was produced by a language model: the research questions, experimental design,
experiments, and interpretation are the author’s own, and every Al-assisted passage was reviewed and
verified by the author before inclusion.
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Abstract

Medical vision-language models are judged reliable when they answer the same clinical question the
same way. They often fail even this basic test: across six models and three clinical populations, the
answer changes on 6.4% to 54.7% of paraphrase pairs. The natural response is to train for consistency,
and that is where the harder problem appears. A model can be consistent because it reads the chest
radiograph the same way each time, or because its answer is driven by the language of the question
and changes little when the radiograph is taken away. When we look, the second case is common:
across ten model-dataset settings, a mean of 81% of each model’s consistent answers are unchanged
when the image is removed. In this thesis we study paraphrase sensitivity in medical vision-language
models along both of these layers, and we show that neither inconsistency nor consistency, on its own,
tells us whether a model is using the image.

We approach the problem in five stages: measure the failure, diagnose where it comes from, reduce
it, evaluate whether the reduction is safe, and test what a deployment-time monitor can and cannot
catch. We build PSF-Med, a benchmark of 26,850 chest X-ray questions and 92,856 evaluation pairs
across three clinical populations, and show that six medical vision-language models flip on 6.4% to
54.7% of paraphrase pairs. We separate consistency from image dependence with controlled image-
removal and image-swap experiments, and find that across ten model-dataset settings a mean of 81%
of each model’s consistent predictions are unchanged when the image is removed. We apply sparse
autoencoders to locate where the failure is expressed, and use that account to design a targeted
intervention that reduces the flip rate by about 59% on patients and images never seen in training while
modifying 0.1% of the parameters. We then re-evaluate that intervention with the same controls used
to indict the base models, and characterize a single-forward-pass uncertainty signal for deployment.
To check that this failure begins on the language side rather than in the image, we train a scaled-
down, domain-adapted replica of MedGemma’s architecture, a compact Gemma-3 decoder over a frozen
MedSigL.IP-448 encoder, so that every paraphrase of a question is answered from identical image
features and any answer change is language-side by construction, and we train it on two hospitals
while holding out two others. Broadening the training-phrasing distribution lowers its flip rate from
67.1% to 4.8%, and to 26.6% when the test wording is withheld from training, while a rank-1 edit at its
early layers restores the flipped answer. The yes-minus-no margin, the scalar a binary answer discards,
catches a paraphrase flip in one forward pass at an area under the curve of 0.923 to 0.974, whereas an
image-unreliant answer carries no single-pass signal.

The methods and the benchmark have been reviewed outside the university, with six papers drawn
from this work accepted at peer-reviewed venues. The central conclusion is that safety claims for
medical vision-language models require joint evaluation of semantic invariance, correctness, image
dependence, and calibration, reported on margins rather than on binary answers alone, because a model
optimized for consistency alone may answer the same way whether or not the patient’s radiograph shows
the finding.



Chapter 1

Introduction

1.1 Motivation

A medical Vision-Language Model (VLM) reads a chest radiograph and answers a clinical question
about it, such as whether a pneumothorax is present. In practice the same question reaches the model
in many forms. One clinician writes “Is there a pneumothorax?”, another writes “Do you see air in the
pleural space?”, and a reporting template writes “Evaluate for pneumothorax.” These are the same
question, and a reliable model should give the same answer to all of them. The first finding of this
thesis is that current models do not. Across six medical vision-language models and three clinical
populations, the answer changes on 6.4% to 54.7% of paraphrase pairs. In a setting where the wording
of a question is not standardized, a model that agrees with itself only most of the time is already a
problem.

The natural response is to train the model to be consistent, and consistency can indeed be improved.
This is where the harder problem appears. A model can hold its answer fixed across phrasings because
it reads the radiograph the same way each time, which is what we want, or because its answer comes
from a prior over how such questions are usually answered and does not change when the radiograph
is taken away. These two are indistinguishable on any metric that only checks whether answers agree.
And when we look, the second case is common. Across ten model-dataset settings, a mean of 81% of
each model’s consistent answers are unchanged when the image is removed entirely, and the models
that flip the least are often the ones relying least on the image.

So paraphrase sensitivity in medical vision-language models has two layers. A model may be
inconsistent, giving different answers to the same question, or it may be consistent for the wrong
reason, giving a stable answer that does not depend on the image. In this thesis we study both, and we
formulate the problem as follows. Given a clinical question ¢ about an image I, and a set of clinically
equivalent paraphrases of ¢, we ask two questions of the model. Does its answer stay the same across
the paraphrases, and does its answer depend on the image? The field measures only the first. The two
properties are distinct, and the gap between them is where unsafe behavior hides.

1.2 Why Models Fail This Way

It helps to ask why a medical vision-language model would answer from the question rather than the
image in the first place. The thesis investigates this in its mechanistic chapter, so we state here the
candidate explanations it works from, ordered from the ones that are already measurable to the ones
that remain hypotheses. They are not exclusive, and together they describe a model that has the
option to ignore the image, no reason not to, and a mechanism by which a rephrasing flips the answer.

The first explanation is the simplest: for many clinical questions, the words are enough. Chest X-
ray findings are not evenly distributed. In the datasets studied here, PadChest questions are positive



83% of the time, and VinDr questions are positive by construction, so a model that answers from the
base rate of a finding, without consulting the image, is right most of the time. Standard accuracy
rewards this. A model has little pressure to consult the image when the prior alone gives the expected
answer, and paraphrase consistency is then satisfied trivially by a model that reads only the words. This
explanation accounts for consistency without grounding; it does not by itself explain why a rephrasing
flips an answer.

The second explanation is a matter of how these models are trained and scored. Medical vision-
language models are typically fine-tuned and evaluated on one fixed wording per question, with no
signal that rewards the same answer across phrasings and no signal that penalizes reaching an answer
without the image. Nothing in the objective asks the model to be invariant to phrasing or dependent
on the image, so there is little reason to expect it to be either. Chapter 5 constructs this failure
deliberately to size it. A model trained on phrasings whose register is correlated with the answer flips
on 88.4% of paraphrase pairs, against 67.1% for a model trained on one fixed phrasing and 4.8% for one
trained on all of them, with accuracy falling in the same order (58.1%, 66.8%, and 75.3%). The two
narrow regimes separate from each other (Cliff’s § = 0.97, p = 3.1 x 10™%), so a training distribution
in which the wording predicts the answer is a distinct and larger harm than one that is merely narrow.

The third explanation is mechanistic, and it is the one this thesis tests rather than assumes. If
the answer depends on the surface form of the question, some internal representation must carry that
surface form into the decision. In Chapter 5 we identify a candidate: a sparse feature at layer 17 that
responds to the register and operator of a question, separating a presence framing such as “Is there X7”
from an exclusion framing such as “Can X be ruled out?”. A paraphrase that shifts register moves this
feature, and the shift propagates toward the answer. We present this as a candidate account rather
than a settled mechanism, because a clean causal test with matched controls is still required, but it
gives a concrete place to look for the origin of the failure.

A fourth explanation concerns the pathway rather than either end of it. The models studied here
join a vision encoder to a language model through a learned projection, and the evidence suggests the
strength of that join matters more than the quality of the encoder. The most text-reliant model in our
study pairs a biomedical vision encoder with its language model, yet leans on the question more than
a model with a general encoder does. This points to the pathway that connects vision and language,
rather than the vision features themselves, as the place where image evidence is lost.

An earlier and smaller version of the probe model of Chapter 5 tests this directly, holding the
encoder, its features, and the decoder architecture fixed and varying only how the encoder’s output
reaches the decoder. That earlier probe was trained on a different pair of hospitals and evaluated
without further training on NIH ChestX-rayl4. Reading the projected patch tokens in the usual way,
its decoder is at chance there, with a mean area under the receiver operating characteristic curve of
0.500 over five seeds; a supervised probe fitted to its internal representation reaches only 0.518, so the
visual evidence is absent from the representation rather than merely unexpressed. Supplying the same
encoder’s own attention-pooled embedding as one additional token raises the mean to 0.604, with wide
seed-to-seed spread, and the gain disappears when that token is shuffled across images (0.502), so it
is specific to the radiograph in question. The evidence was available in the encoder throughout: a
linear probe on the encoder’s own pooling head separates the same findings at 0.812, against 0.514
for the same probe on the pooled patch tokens the decoder is handed. What changed was whether
the join delivered it. The scaled probe of Chapter 5 carries that grounding token and is not blind: it
answers at 74.8% accuracy with the image and at exactly 50.0% without it. The mechanism is that the
encoder concentrates its finding signal in a trained pooling head, while the interface hands the decoder
the unpooled patch tokens and leaves it to relearn an equivalent readout, which a small decoder does
not do when a phrasing shortcut is available. This supports the hypothesis without settling it for the



deployed models, whose decoders are large enough to learn a readout the probe’s cannot.

A fifth explanation attributes the failure to capacity rather than to training. Modern vision-
language models are heavily overparameterized, and in a network of this depth a small shift in the
embedding of a rephrased question can propagate and grow across layers until it crosses a decision
boundary [1, 2]. On this account, paraphrase sensitivity is a generic property of large deep networks,
not something specific to medical training data. Two results in this thesis bound how much of the failure
this account can carry on its own. First, scale within the MedGemma family buys no stable consistency
advantage: the 27B model is the most consistent on MIMIC but not on PadChest (Chapter 3). Second,
the probe of Chapter 5 holds the architecture and parameter count fixed and varies only the training
phrasing distribution, and the flip rate moves from 4.8% to 67.1% to 88.4%. Capacity may set the
stage, but the training distribution decides what plays out on it.

The thesis measures the first explanation, argues the second, investigates the third, provides a first
controlled test of the fourth, and bounds the fifth.

1.3 Background

Three lines of work set up the problem. Each has made real progress, and each leaves the specific gap
this thesis addresses. Chapter 2 reviews the trustworthiness-evaluation literature in full; here we state
only the three advances that lead into our challenges.

1. Accuracy of medical vision-language models. A series of models, including MedGemma,
LLaVA-Rad, and CheXagent, now reach strong accuracy on fixed chest X-ray question answering.
This progress is measured almost entirely on one fixed wording per question, so it says nothing
about behavior under rephrasing, and nothing about whether a correct answer came from the image
or from the question.

2. Robustness evaluation. Work in general language and vision has long shown that models are
sensitive to input perturbation, including paraphrasing. In the medical setting this evaluation is
rare, and where it exists it seldom controls whether a paraphrase truly preserves clinical meaning,
and almost never separates a stable answer that uses the image from a stable answer that ignores
it.

3. Mechanistic interpretability. Sparse autoencoders and attention analysis now allow feature-
level inspection of what a model represents. These tools have been applied mostly to general models
and to localization, not to diagnosing a specific clinical failure or to guiding an intervention against
it.

1.4 Challenges

Although each of these lines has been successful on its own terms, a few critical challenges remain for
anyone who wants to know whether a medical vision-language model is reliable under rephrasing.

e There is no benchmark that measures paraphrase sensitivity in medical vision-language models at
scale, with control over whether a paraphrase preserves clinical meaning, and across more than one
clinical population.

e Consistency and image dependence are evaluated separately, never together. It is therefore unclear
whether a low flip rate is evidence that a model uses the image, or only evidence that it is stable
for some reason.

e The metric that would settle this is itself blind to it. Binary accuracy on a balanced set is read off
a single decision threshold per finding, so a model given no image evidence, a model given another
patient’s, and a model given its own can all score near 50% while what they have to work with
differs completely. Whether a model uses the image is therefore not only unmeasured in current
practice, it is hard to see through the measurement that practice reports.



e There is no account of where in the model paraphrase sensitivity is expressed, and therefore no
principled place to intervene.

e [t is unknown whether paraphrase sensitivity can be reduced, and if it can, whether the reduction
improves the model’s use of the image or merely trades one shortcut for another.

e At deployment time there is no cheap signal that flags a prediction as risky, and no audit that
catches a model that is consistent because it is reading the text rather than the image.

1.5 Contributions

This thesis addresses these challenges with a single framework and five studies that instantiate it.

The framework treats a prediction as an object with two properties rather than one. For a question ¢
about an image I, let a(g, I) be the model’s answer, let P(q) be a set of clinically equivalent paraphrases
of ¢, and let Iy be the same input with the image removed. We define

(g, 1)
9(q, )

Wla(p,I) =a(q, 1) for all p € P(q)], (1.1)
Wla(g, 1) # alq, I2)], (1.2)

where ¢ records whether the answer is consistent across paraphrases and g records whether the answer
depends on the image. The field measures ¢ and reads it as safety. This thesis measures the pair (¢, g).
The prediction of concern is the one that is consistent but not image-dependent, ¢ =1 and ¢ = 0: a
stable answer that would be the same whether or not the radiograph showed the finding. Correctness
is a third, separate axis, measured against the reference label.

Each thrust answers one of the challenges above, and a controlled probe isolates the cause of the
failure itself.

e Thrust 1 (Measurement, Chapter 3). We build PSF-Med, a benchmark of 26,850 chest X-
ray questions and 92,856 evaluation pairs across MIMIC-CXR in the United States, PadChest in
Spain, and VinDr-CXR in Vietnam. Paraphrases are filtered by a rubric-based equivalence audit
over 122,778 pairs and spot-checked against a 1,200-pair clinician adjudication drawn before the
second PadChest iteration. On this benchmark, six medical vision-language models flip on 6.4%
to 54.7% of paraphrase pairs once two degenerate single-class cells are set aside. This answers the
first challenge: paraphrase sensitivity is common, and it varies by model and population.

e Thrust 2 (Diagnosis, Chapter 4). We separate ¢ from g with controlled image-removal and
image-swap experiments. A text-reliant model is stable because it leans on the question, while
a more image-dependent model is less stable but reacts to the image. This answers the second
challenge: a low flip rate is not evidence of image use.

e Thrust 3 (Mechanism and mitigation, Chapter 5). We apply sparse autoencoders to locate
where the failure is expressed, identifying a candidate two-stage account through Feature 3818 at
layer 17 and Feature 12139 at layer 29. We use this account to design a targeted low-rank adaptation
on layers 15 to 19, which reduces the flip rate from 8.5% to 3.5% over five seeds, about 59%, on a
split that shares no patient and no image with training, while modifying 0.1% of the parameters
and showing no observed accuracy reduction. This answers the fourth and fifth challenges.

e Thrust 4 (Safety evaluation, Chapter 6). We turn the same controls on the field’s assump-
tions and on our own intervention. A four-quadrant screen built on (¢, g) shows that across ten
model-dataset settings a mean of 81% of consistent predictions are image-invariant. Re-evaluated
with these controls, the Thrust 3 intervention reduces paraphrase sensitivity without improving
grounding, and partly at its expense (text-only agreement rises from 53.5% to about 77% on the
clean re-audit), which we report as a property of the intervention rather than set aside.

e Thrust 5 (Deployment gating, Chapter 7). We characterize a single-forward-pass uncertainty
signal that predicts both errors and flips across the evaluated model families, and we show what a



selective-prediction gate does and does not catch. This answers the sixth challenge: a cheap signal

exists, but the admitted set must still be audited for image use.

e The controlled probe (Chapter 5). We build a scaled-down, domain-adapted replica of
MedGemma’s architecture, a compact Gemma-3 decoder over a frozen MedSigLIP-448 encoder,
so that every paraphrase of a question is answered from identical image features and the training-
phrasing distribution becomes a manipulable input rather than a frozen prior. This speaks to the
third and fourth challenges: it identifies the training-phrasing distribution as a cause of paraphrase
sensitivity, and it shows that binary accuracy cannot tell a blind model from a seeing one. Its
design requirements form a validated training framework for a stable, image-using model in this
setting, and they read as training and evaluation practices for dependable medical VLMs: balance
the training distribution per finding so that the question text alone predicts nothing, give the de-
coder an explicit grounding signal, train on all phrasings rather than one fixed wording, and read
the answer margin rather than the binary answer alone.

The probe’s results are the evidence for this account. Trained on 86,288 binary presence questions
from NIH ChestX-rayl4 and PadChest with MIMIC-CXR and VinDr-CXR held out entirely, every
paraphrase of a question is answered from identical image features. The training-phrasing distribution
alone sets the flip rate: 67.1% when training on one phrasing per question, 4.8% when training on all
paraphrases, and 88.4% when the training phrasings are allowed to predict the answer; scored only on
wording withheld from training, the flip rate is 26.6%. A rank-1 edit at the probe’s early language
layers restores the flipped answer, which is why a targeted low-rank adaptation at the early-to-middle
language layers is the efficient parametric fix, while a full-model LoRA over all 34 layers, rather than
five, reaches the same query-level consistency. Only the qualitative account transfers: the probe’s
absolute layer index is not comparable to the deployed model’s layer 16, and the deployed adapter is
the one on layers 15 to 19 described above. The same probe turns the readout into a monitor: the
absolute margin catches a paraphrase flip in one forward pass, at an area under the receiver operating
characteristic curve of 0.923 in-distribution and 0.974 on each held-out hospital, whereas an image-
unreliant answer has no single-pass signal and per-case image reliance is visible only at the population
level and not per prediction.

The methods and the benchmark have been reviewed outside the university. Six papers drawn
from this work have been accepted at peer-reviewed venues, one more is under review, and PSF-Med
is released for public use. Overall, the thesis moves the target for evaluating a medical vision-language
model from a single question, “Is the model consistent?”, to a joint one: is the model consistent, correct,
dependent on the image, and appropriately uncertain?

1.6 Research Questions

The five thrusts are organized around the following research questions, which Chapter 8 revisits, twelve
of them in a summary table and the rest in the chapters that produced them.

1.6.1 Thrust 1: Measurement

e RQ1.1: What are the flip rates of current medical VLMs on a large-scale, multi-dataset paraphrase
benchmark?

e RQ1.2: Do flip rates vary systematically by paraphrase transformation type (lexical, syntactic,
negation)?

e RQ1.3: Does model scale within a family correlate with paraphrase consistency?

e RQ1.4: Does distribution shift (different clinical population, different imaging equipment) amplify
paraphrase sensitivity?



1.6.2 Thrust 2: Diagnosis

e RQ2.1: To what extent do models rely on text priors versus image content when answering clinical
questions?

e RQ2.2: Is there a trade-off between paraphrase consistency and visual grounding?

e RQ2.3: Do models that flip their answers attend less to the relevant anatomical region?

1.6.3 Thrust 3: Mechanism and Mitigation

e RQ3.1: Can Sparse Autoencoder (SAE) features identify interpretable mechanisms underlying
paraphrase sensitivity?

e RQ3.2: Can targeted Low-Rank Adaptation (LoRA) fine-tuning reduce flip rates while preserving
accuracy and visual grounding?

e RQ3.3: Does the optimal intervention location match the mechanistic diagnosis?

1.6.4 Thrust 4: Safety Evaluation

e RQ4.1: Does reducing flip rate improve model safety, or can it create a false sense of safety?

e RQ4.2: Do attention heatmaps reliably indicate visual grounding?

e RQ4.3: Are demographic disparities (sex, age) larger for the models with the worst overall cali-
bration?

1.6.5 Thrust 5: Calibrated Uncertainty and Deployment Gating

e RQ5.1: Can predictive entropy from a single forward pass predict paraphrase flips, not only errors?

e RQ5.2: Do calibration and selective-prediction guarantees generalize under image-quality corrup-
tion and cross-site shift?

e RQ5.3: Do multi-signal deployment gates admit genuinely image-grounded cases, or do they raise
admitted-case accuracy by selecting text-answerable cases?

e RQ5.4: Does any internal monitoring signal (e.g., readout cosine, transport probes) transfer across
architecture families?

1.7 Roadmap

The remainder of this thesis follows the five thrusts. Chapter 2 reviews the trustworthiness-evaluation
literature and proposes a minimum reporting checklist. Chapter 3 presents PSF-Med, the equivalence
audit, the clinician adjudication, and the flip-rate evaluation. Chapter 4 presents the image-removal and
image-swap diagnosis. Chapter 5 presents the mechanism and the targeted mitigation with its patient-
and image-disjoint evaluation. Chapter 6 presents the four-quadrant safety screen, the grounding con-
trols, and the fairness analysis; the clean-adapter re-audit of the intervention is reported in Chapter 5
(Section 5.7.5). Chapter 7 presents the uncertainty signal and the deployment gate. Chapter 8 con-
cludes with the central finding and its consequences for how medical vision-language models should be
evaluated before deployment.



Chapter 2

A Scoping Review of Trustworthiness
Evaluation in Medical Vision-Language

Models

This chapter provides the background that motivates the rest of the dissertation. Before measuring,
diagnosing, and mitigating specific failure modes in the thrusts that follow, it is useful to ask a prior
question: across the published literature, which trustworthiness properties of medical Vision-Language
Models (VLMs) are actually evaluated, with what methods, and where are the gaps? To answer this,
the chapter presents a scoping review conducted according to the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR). The review maps
eight trustworthiness dimensions across the medical VLM literature, catalogs the datasets, metrics,
and controls used to evaluate them, and distills the findings into an eight-item Minimum Trustwor-
thiness Evaluation Checklist (MiTEC). The review shows that evaluation practice lags well behind
modeling capability, with the largest gaps in visual grounding controls, calibration, fairness analysis,
and deployment safeguards. Those gaps are exactly the targets of the five thrusts, and the closing
section maps each gap to the chapter that addresses it.

A medical VLM is a system that jointly processes a clinical image and natural-language text to
answer a diagnostic question, generate a radiology report, or classify a finding. The term is used
interchangeably in the literature with multimodal large language model (MLLM); this review treats
both under the same population definition.

2.1 Medical Vision-Language Models and the Trustworthiness Gap

2.1.1 Capability Outpacing Evaluation

Medical VLMs have advanced quickly since 2022. General-purpose systems such as GPT-4V [3] and
Gemini [4] have been applied to medical imaging with minimal adaptation, while domain-specific
models including LLaVA-Med [5], Med-Flamingo [6], PubMedCLIP [7], BiomedCLIP (8|, PLIP [9],
BiomedGPT [10], and MedGemma [11] have been built for clinical imaging workflows [12, 13, 14].
The references in this paragraph identify the models themselves and illustrate the field’s development;
they are background rather than members of the evidence synthesis, and one of them [4] also appears
in the reasoned-exclusion list, where it was excluded for reporting an accuracy comparison with no
trustworthiness evaluation. Performance benchmarks have grown in parallel: medical visual question
answering (VQA) datasets such as VQA-RAD, SLAKE, and PathVQA, together with report-generation
benchmarks built on MIMIC-CXR and CheXpert, now provide standardized accuracy comparisons
across model families [15].



Accuracy on these benchmarks captures only one facet of fitness for clinical use. The problem of
text-prior shortcuts, where a model answers from question statistics rather than image content, was
first shown in general-domain VQA [16, 17] and has proven persistent. A medical VLM may score
highly on a VQA benchmark by exploiting these shortcuts rather than interpreting the image [18],
may produce confident but hallucinated findings that contradict the visual evidence [19], or may fail
unpredictably when a clinician rephrases a routine question [20)].

2.1.2 The Trustworthiness Gap

Trustworthiness in medical artificial intelligence spans several dimensions beyond task accuracy: ro-
bustness to input variation, calibration of expressed confidence, grounding in visual evidence, fairness
across patient demographics, and transparency of the decision process [21]. Each carries direct clinical
implications. On the clinician side, Ketabi et al. [22], in a preprint posted after this review’s search
cutoff and therefore outside the included sample, surveyed 46 radiologists on their requirements for
explainable machine learning in image analysis and found that 42 of 46 (91%) considered explainability
a prerequisite for trust, with the most cited reason being confidence in using the model.

A radiology VLM that flips its answer from “pneumothorax present” to “pneumothorax absent” when
a clinician rephrases “Is there a pneumothorax?” as “Do you see evidence of air in the pleural space?”
introduces a diagnostic inconsistency that could compromise care. This paraphrase-sensitivity failure
has been documented in medical VQA systems |20, 23| but remains largely uncharacterized across
clinical VLM deployments. A subtler problem also arises: a model can be highly consistent across
paraphrased queries while its answer stays invariant when the image is withheld, which indicates that
the image contributes little to the model’s decision and that learned associations between question
text and answer distributions carry much of the weight. Such a model looks reliable by standard
consistency metrics yet poses a consistent-but-dangerous failure mode in which reliability masks the
absence of any demonstrated link between the answer and the visual evidence. This is not hypothetical.
Asadi et al. [24] showed that frontier multimodal models generate detailed image descriptions and
reasoning traces even when no image is provided, a phenomenon they call “mirage reasoning”; a 3-
billion-parameter text-only model trained on the ReXVQA benchmark [25| outperformed all frontier
multimodal systems on a chest X-ray VQA task without access to any image. Text-only baselines, in
which the model receives the question without the image, are the simplest control for this failure [26],
yet this review finds them reported in only 2 of the 33 included studies [18, 27].

2.1.3 Prior Reviews and What They Miss

Several reviews have surveyed parts of this space, but none has systematically mapped how trust-
worthiness is evaluated. Hartsock and Rasool [15] reviewed 16 medical VLMs and 18 datasets for
report generation and VQA, focusing on architectures and natural language generation (NLG) metrics
rather than trustworthiness. Buess et al. [28] conducted a PRISMA-ScR review of 145 generative ar-
tificial intelligence studies in medicine spanning all applications rather than evaluation rigor. Ryu et
al. [29] offered a taxonomy of medical VLM architectures by imaging modality, and Schouten et al. [30]
mapped technical challenges and clinical applications of multimodal artificial intelligence without cat-
aloging evaluation practice. On the trustworthiness side, Schwabe et al. [21] developed the METRIC
framework for data quality rather than model evaluation, Tang et al. [31] reviewed pre-VLM medical
artificial intelligence ethics, and Aljohani et al. [32] surveyed trustworthiness of text-only large language
models (LLMs) in healthcare rather than VLMs. Hallucination benchmarks such as MedVH [19] and
MedHEval [33] address a single dimension, while CARES [34] spans five dimensions but is a bench-
mark rather than a synthesis of evaluation practice. No existing review synthesizes the full spectrum
of trustworthiness evaluation for medical VLMs.



2.1.4 Review Objectives

This review maps how trustworthiness is evaluated for medical VLMs and MLLMs applied to clinical
imaging. It addresses six research questions (Table 2.1).

Table 2.1: The six research questions guiding the scoping review.

RQ Question

RQ1 Which medical VLM /MLLM families, clinical specialties, imaging modalities, and tasks are studied?

RQ2 Which trustworthiness dimensions are evaluated: robustness, hallucination, visual grounding, calibration
and uncertainty, fairness, interpretability, distribution shift, and safety?

RQ3 Which datasets, perturbation protocols, and metrics are used to evaluate those dimensions?

RQ4 Which controls test whether models truly use visual evidence: text-only baselines, image-swap tests,
region-of-interest (ROI) ablations, counterfactuals, saliency sanity checks, causal localization?

RQ5 Which mitigations and deployment safeguards are reported: parameter-efficient fine-tuning (PEFT) or
Low-Rank Adaptation (LoRA), prompting, selective prediction, abstention, human oversight, calibration,
guardrails?

RQ6 What reporting gaps are most common: missing external validation, no subgroup analysis, no leakage
checks, no grounding controls, no reproducibility artifacts?

2.2 Review Methodology

The review followed PRISMA-ScR [35]. The protocol was not prospectively registered; eligibility
criteria, search strategy, and charting form were fixed before screening began.

2.2.1 Eligibility Criteria (Population, Concept, Context)

The review adopted the Population, Concept, Context (PCC) framework for scoping reviews [35]. The
population was medical VLMs or MLLMs that process clinical images with natural-language text, or
that generate text from medical images. The concept was trustworthiness evaluation or mitigation,
defined as assessment of at least one of eight dimensions: robustness to prompt or image perturba-
tions, hallucination, visual grounding or image reliance, calibration and uncertainty, fairness or demo-
graphic bias, interpretability or explainability, distribution-shift generalization, and safety (adversarial
robustness, jailbreak resistance, harmful-output suppression). The contexrt was clinical imaging across
radiology, pathology, ophthalmology, dermatology, ultrasound, endoscopy, and related specialties.

Inclusion required a peer-reviewed journal article or full conference or workshop paper, published
between January 1, 2022, and March 25, 2026, in the medical or clinical imaging domain, using a
multimodal model with images and natural language, reporting at least one trustworthiness-related
evaluation or safeguard, with English-language full text. Exclusions covered text-only LLM studies,
pure computer-vision studies, non-medical multimodal studies, accuracy-only studies with no trust-
worthiness evaluation, and non-research document types (editorials, viewpoints, letters, tutorials, pro-
tocols, theses, patents). Studies available only as preprints were tracked in a separate horizon scan but
excluded from the main synthesis.

2.2.2 Information Sources and Search Strategy

Five electronic databases were searched: PubMed /MEDLINE, Embase (via Ovid), Scopus, Web of
Science Core Collection, and IEEE Xplore. The search ran on March 15, 2026, and was updated on
March 25, 2026. Backward and forward citation chasing was performed on all included studies and on
six recent reviews identified during protocol development [15, 28, 29, 21, 36, 30]. The search strategy
combined three concept blocks with Boolean operators: model terms (vision-language model, multi-
modal large language model, LLM with vision or image terms), medical imaging context (medical,
clinical, radiology, pathology, ophthalmology, dermatology, ultrasound, endoscopy, chest X-ray), and
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trustworthiness evaluation terms (robustness, safety, trustworthiness, hallucination, uncertainty, cali-
bration, grounding, faithfulness, reliability, fairness, bias, explainability, interpretability, distribution
shift, generalizability). The complete string submitted to each of the five databases is reproduced in
Section 2.2.3.

2.2.3 Database-Specific Search Strings

The five strings below are given as recorded at execution on March 15, 2026, and at the update on
March 25, 2026. Two of the five cannot be presented as verbatim reproducible: the Embase (Ovid)
search history was not retained, and the IEEE Xplore string exceeded the platform’s documented
term capacity. The strings, and the counts that follow, are therefore best read as a limited mapping
snapshot of the literature as preserved at screening rather than as a fully reproducible PRISMA-ScR
search history; the known defects and the count reconciliation are stated at the end of this subsection.
Each combines the three concept blocks with the Boolean operator AND, and combines terms within
a block with OR. The date limit was January 1, 2022 to March 25, 2026, applied to publication date;
two platforms (Ovid and Scopus) restrict by publication year rather than by exact date, so on those
platforms the limit was set to 2022 through 2026 and records published after March 25, 2026 were
removed at the title and abstract stage. No full-text searching was performed: every string searches
title, abstract, and, where the platform provides it, author or indexed keywords. No language filter
and no publication-type filter was applied at any database; English-language full text and document
type were eligibility criteria applied at screening.

PubMed/MEDLINE. Field tag [tiab] (title, abstract, and author keywords); date tag [dp],
exact dates.

(("vision-language modelx"[tiab] OR "vision language modelx*"[tiab]
OR "large vision-language model*"[tiab]
OR "visual large language modelx*"[tiab]
OR "multimodal large language modelx"[tiab]
OR (("large language modelx"[tiab] OR LLM[tiab])
AND (vision[tiab] OR visual[tiab]
OR multimodal[tiab] OR image*[tiabl)))
AND
(medical[tiab] OR clinical[tiab] OR medicine[tiab]
OR radiologx*[tiab] OR pathologyl[tiab]
OR ophthalmolog*[tiab] OR dermatolog*[tiab]
OR ultrasound[tiab] OR endoscop*[tiab]
OR "medical imaging"[tiab] OR "chest x-ray"[tiab])
AND
(robust*[tiab] OR safety[tiab] OR trustworth*[tiab]
OR hallucinat*[tiab] OR uncertainty[tiab]
OR calibrat*[tiab] OR grounding[tiab]
OR grounded[tiab] OR faithfulness[tiab]
OR reliab*[tiab] OR fairness[tiab]
OR bias[tiab] OR explainab*[tiab]
OR interpretab*[tiab] OR "distribution shift"[tiab]
OR generaliz*[tiabl))
AND ("2022/01/01"[dp] : "2026/03/25" [dp])
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Embase via Ovid. Field labels .ti,ab. (title and abstract); Ovid 1imit command for the date
restriction, at annual granularity.

1 ("vision-language modelx*" OR "vision language modelx"
OR "large vision-language modelx*"
OR "visual large language modelx"
OR "multimodal large language model*").ti,ab.
2 (("large language model*" OR LLM) AND (vision OR visual
OR multimodal OR image*)).ti,ab.
3 10R 2
4 (medical OR clinical OR medicine OR radiologx
OR pathology OR ophthalmolog* OR dermatologk
OR ultrasound OR endoscop* OR "medical imaging"
OR "chest x-ray").ti,ab.
5 (robust* OR safety OR trustworth* OR hallucinat*
OR uncertainty OR calibrat* OR grounding OR grounded
OR faithfulness OR reliab* OR fairness OR bias
OR explainab* OR interpretab*
OR "distribution shift" OR generaliz#).ti,ab.
6 3 AND 4 AND 5
7 limit 6 to yr="2022-2026"

Scopus. Field code TITLE-ABS-KEY (title, abstract, author keywords, indexed keywords); PUBYEAR
date limit, at annual granularity.

TITLE-ABS-KEY(
("vision-language model*" OR "vision language modelx"
OR "large vision-language model*"
OR "visual large language model*"
OR "multimodal large language model*"
OR (("large language model*" OR "LLM")
AND (vision OR visual OR multimodal OR image*)))
AND
(medical OR clinical OR medicine OR radiologx
OR pathology OR ophthalmolog* OR dermatolog*
OR ultrasound OR endoscop* OR "medical imaging"
OR "chest x-ray")
AND
(robust* OR safety OR trustworth* OR hallucinat*
OR uncertainty OR calibrat* OR grounding
OR grounded OR faithfulness OR reliab*
OR fairness OR bias OR explainabk*
OR interpretab* OR "distribution shift"
OR generalizx*))
AND PUBYEAR > 2021 AND PUBYEAR < 2027

Web of Science Core Collection. Field tag TS= (Topic: title, abstract, author keywords, Keywords
Plus); publication date range set in the interface.
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TS=(("vision-language model*" OR "vision language modelx*"
OR "large vision-language model*"
OR "visual large language model*"
OR "multimodal large language model*"
OR (("large language model*" OR "LLM")
AND (vision OR visual OR multimodal OR image*)))
AND
(medical OR clinical OR medicine OR radiolog
OR pathology OR ophthalmolog* OR dermatologk
OR ultrasound OR endoscop* OR "medical imaging"
OR "chest x-ray")
AND
(robust* OR safety OR trustworth* OR hallucinat
OR uncertainty OR calibrat* OR grounding
OR grounded OR faithfulness OR reliab*
OR fairness OR bias OR explainab*
OR interpretab* OR "distribution shift"
OR generalizx*))

Timespan: publication date 2022-01-01 to 2026-03-25
Editions: SCI-EXPANDED, SSCI, CPCI-S, ESCI

IEEE Xplore. Field specifier "A11 Metadata" (title, abstract, index terms, and other record meta-
data; full text is not searched); year range set in the interface.

("All Metadata":"vision-language model" OR
"All Metadata":"multimodal large language model" OR
"All Metadata":"visual large language model" OR
("A1l Metadata":"large language model" AND

("All Metadata":"vision" OR

"All Metadata'":"visual" OR

"All Metadata":"multimodal" OR
"All Metadata":"medical image")))

AND

("All Metadata":"medical" OR
"All Metadata":"clinical" OR
"All Metadata":"radiology" OR
"All Metadata":"pathology" OR
"All Metadata":"ophthalmology" OR
"All Metadata":"dermatology" OR
"All Metadata":"chest x-ray")

AND

("All Metadata'":"robust" OR
"All Metadata'":"safety" OR
"All Metadata":"trustworth" OR
"All Metadata":"hallucination" OR
"All Metadata":"uncertainty" OR
"All Metadata":"calibration" OR
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"All Metadata":"grounding" OR

"All Metadata":"faithfulness" OR

"All Metadata":"reliability" OR

"All Metadata":"fairmess" OR

"All Metadata":"bias" OR

"All Metadata'":"explainability" OR
"All Metadata'":"interpretability" OR
"All Metadata'":"distribution shift" OR
"All Metadata'":"generalization")

Filters: Year 2022-2026, Conferences and Journals

Platform behavior and known limitations of the executed search. Phrase and truncation
syntax differ across the five platforms, and the differences change what each string retrieved (Table 2.2).
Two properties of the executed search should be stated plainly. First, on PubMed an asterisk inside
a quoted phrase truncates rather than matching literally, so every plural and inflected form of the
six quoted model phrases was retrieved. Re-executing the string above against the PubMed E-utilities
interface in the original date window on July 29, 2026 returned 848 records, with the wildcards preserved
in the returned query translation and no phrase-not-found warning. One genuine omission exists:
LLM[tiab] matched only the singular acronym, because a field-tagged term is not stemmed and LLM*
is invalid below four characters. Adding LLMs[tiab] retrieves 6 further records, 0.7% of the PubMed
yield. Second, the IEEE Xplore strategy under-retrieved. Quotation marks on that platform disable
stemming, so the quoted stems "robust" and "trustworth" matched only those literal strings and
did not retrieve robustness or trustworthiness, and no wildcards were used to recover them; the printed
query also exceeds the platform’s documented capacity of 40 terms with at most 15 per clause. The
Embase strategy cannot be verified as reported, because the executed Ovid search history was not
retained and two versions of the string were recorded during protocol development. Per-database
record yields were not recorded at the time of searching; the earliest preserved figure is the combined
post-deduplication import of 506 records, to which citation chasing and targeted update searches added
10, for the 516 records identified in Section 2.3. Only the PubMed yield could be recovered, by the
re-execution described above. The 848-record PubMed re-execution against the preserved 506-record
combined import requires reconciliation, and three causes combine here. PubMed indexes new records
daily, so a re-execution four months later in the same date window retrieves records indexed after
March 25; the multi-database deduplication discarded duplicates whose magnitude was not recorded
per database; and the export and deduplication history itself was not fully retained, so the 506 cannot be
decomposed into per-database contributions. Which share each cause contributes cannot be established
from the preserved records. The review is therefore presented as a limited mapping snapshot: the
screening, charting, and counts in this chapter describe the preserved 516-record set exactly, but the
search that produced it should not be read as exactly reproducible. Platform documentation consulted:
PubMed User Guide (https://pubmed.ncbi.nlm.nih.gov/help/); NLM Technical Bulletin 2024 May-
Jun;(458):e5; Scopus Support Center; Ovid Advanced Search Techniques; and IEEE Xplore Advanced
Search Tips.

2.2.4 Selection and Data Charting

Records were exported to Zotero for deduplication and imported into Rayyan for screening [37]. Two
reviewers independently screened titles and abstracts, then assessed full texts, after a calibration ex-
ercise on the first 50 records. Disagreements were resolved by discussion, with a third reviewer as
adjudicator when consensus could not be reached. Inter-rater agreement at the title and abstract stage
was almost perfect (Cohen’s k = 0.91), computed over the 461 of 506 database records that carried a
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Table 2.2: Phrase and truncation behavior on each search platform, and the constraint that shaped the corre-

sponding strategy.

Platform Phrase syntax Truncation Constraint

inside a phrase
PubMed/ Double quotes, or a  Supported; the At least four characters must
MEDLINE search tag asterisk truncates precede an asterisk, so LLM*

Embase (Ovid)

Scopus

Web of Science

IEEE Xplore

appended to the
phrase

Double quotes

Double quotes give
a loose phrase;
braces give an
exact phrase
Double quotes give
an exact phrase
and disable
lemmatization
Double quotes give
an exact phrase
and disable
stemming

and is not literal

Guidance is
inconsistent and
the executed form
was not retained
Supported inside
double quotes; an
asterisk inside
braces is literal
Supported

Supported, for
example "health
informx"

does not expand; an
unindexed quoted phrase
falls back to automatic term
mapping

The date limit is annual, so
line 7 retrieves the whole of
2026

Braces are never used;
PUBYEAR is annual

A wildcard must be preceded
by at least three characters
in Topic and Title

Maximum 40 terms and 15
terms per clause, with words
inside a phrase counted
separately
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recorded decision from both reviewers; the remaining 45 records were decided by a single reviewer with
the second concurring. A standardized charting form, piloted on 10 studies, captured study metadata,
clinical context, model characteristics, the eight trustworthiness dimensions (binary per dimension),
evaluation methods and metrics, controls for image reliance, external and out-of-distribution testing,
uncertainty and calibration methods, fairness analyses, mitigation strategies, and reproducibility in-
dicators (code, data, and model release). Exclusion-reason tags in Rayyan were optional at the title
and abstract stage, so 290 of the 436 title and abstract exclusions (66.5%) carry no recorded reason
label, and the tagged counts reported in Section 2.3 describe the labeled subset only. Every full-text
exclusion was recorded individually.

2.2.5 Synthesis

Given the heterogeneity of study designs and evaluation methods, the review used a descriptive syn-
thesis consistent with scoping-review methodology [35]; no meta-analysis was performed. Results are
organized by research question and presented as frequency tables and narrative summaries, and the
MIiTEC checklist was developed inductively from the identified reporting gaps.

2.3 Selection Flow

The database search identified 506 records. Citation chasing on key reviews and targeted update
searches added 10 more, for 516 records identified in total. The 506 database records were screened at
title and abstract, and 436 were excluded. Exclusion-reason tags were recorded for 146 of them (33.5%):
non-medical scope (n = 87), review or survey article (n = 31), pure computer vision with no language
component (n = 12), text-only large language model (n = 8), editorial or tutorial (n = 7), and wrong
outcome (n =1). A further 9 records were excluded after discussion or third-reviewer adjudication of
a screening disagreement, with no reason tag recorded for those decisions. The remaining 281 records
(64.4%) were excluded as clearly not meeting the Population, Concept, and Context criteria, again with
no reason tag recorded. The unit of accounting is the record excluded at title and abstract screening,
and each such record is counted exactly once and assigned to exactly one of the three components,
which sum to the total: 146 + 9 + 281 = 436. Reason tags were applied selectively rather than
mandatorily at the title and abstract stage, so the tagged counts characterize the labeled subset and
not the full distribution of exclusion reasons. Eighty records advanced to full-text assessment (70 from
screening plus 10 from citation chasing and targeted update searches); 8 were removed as duplicates
indexed in multiple databases, leaving 72 unique full-text reports. Full-text screening redirected 29
preprints to a separate horizon scan per the preprint exclusion criterion and excluded 10 records that
on full reading reported no evaluated trustworthiness dimension: 9 that evaluated only task accuracy,
and EviVLM, whose evidential-uncertainty component is a cross-modal fusion mechanism rather than
an evaluated trustworthiness property. Thirty-three peer-reviewed studies (14 journal, 19 conference)
met all inclusion criteria and entered the main synthesis; the 29 preprints were tracked separately.
Figure 2.1 shows the PRISMA-ScR flow.

Thirty-three peer-reviewed studies entered the main synthesis. Unless otherwise stated, all study-
level frequencies and percentages in Sections 2.4 through 2.7 use this 33-study denominator. Records
with an undetermined value for a specific field remain in the denominator and are identified as unde-
termined.

2.4 Findings

2.4.1 Study Characteristics (RQ1)

The included studies showed a sharp upward trajectory (Table 2.3): 3 in 2022, 2 in 2023, 7 in 2024,
19 in 2025, and 2 in the first quarter of 2026. Studies are charted by the year of the peer-reviewed
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Figure 2.1: PRISMA-ScR flow diagram. Of the 516 records identified, the 506 database records were screened
at title and abstract: 461 carried a recorded decision from both reviewers (k = 0.91 over those 461) and 45
were decided by a single reviewer with the second concurring; 436 were excluded and 70 advanced. The 10
records from citation chasing and targeted update searches entered at full text, giving 80 full-text reports, of
which 8 duplicates were merged, leaving 72 unique reports. The 436 title and abstract exclusions decompose as
146 records carrying a reviewer-entered reason tag, 9 excluded after adjudication of a screening disagreement,
and 281 excluded as clearly not meeting the Population, Concept, and Context criteria with no tag recorded;
tags were applied selectively rather than mandatorily. After full-text screening, 29 preprints were redirected
to a separate horizon scan and 10 records were excluded for reporting no evaluated trustworthiness dimension,
yielding 33 peer-reviewed studies in the main synthesis.
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publication that made them eligible, not by the year of any earlier preprint, so SURE-VQA is charted
to 2025 for its publication in Transactions on Machine Learning Research rather than to its 2024
preprint. This growth parallels the release of major model families, with a marked inflection after the
public availability of GPT-4V in September 2023.

Table 2.3: Publication year of the 33 included peer-reviewed studies. The 2026 row covers January through
March 25 only.

Year Studies Cumulative %

2022 3 9.1%

2023 2 15.2%
2024 7 36.4%
2025 19 93.9%
2026 2 100.0%

Most studies were charted as spanning several specialties and modalities rather than one. On the
specialty axis, 24 of 33 studies (72.7%) were charted as multi-specialty, radiology was named in 8
(24.2%), and pathology in 1 (3.0%). On the modality axis, 25 studies (75.8%) were charted as multi-
modality, chest X-ray was named in 7 (21.2%), and histology in 1 (3.0%). Radiology and chest X-ray
were therefore the most frequently named single specialty and single modality, appearing in studies
built on MIMIC-CXR [38], CheXpert [39], and PadChest. This concentration likely reflects the public
availability of large annotated chest X-ray datasets rather than any intrinsic suitability of chest imaging
for trustworthiness research. Pathology, ophthalmology, and dermatology were named far less often.
Cross-domain coverage cannot be read off the charted record: only Cheng et al. [40] enumerated three
or more imaging types explicitly (chest X-ray, fundus, and magnetic resonance imaging), while the
25 studies charted as multi-modality did not list the modalities they covered, so it remains unclear
whether findings in chest X-ray transfer to retinal imaging or histopathology.

The charting form recorded model family at the level of multiple, custom, or a single named system,
and on that record no single named family dominates. Twenty-one of 33 studies (63.6%) evaluated
multiple model families, and the same 21 covered both general-purpose and medical-specific systems; 8
studies (24.2%) evaluated a custom or purpose-built architecture. Only 4 studies (12.1%) were charted
against a single named family: GPT-4V [41], Med-PaLM M [42], BiomedCLIP [43|, and the CheXzero
and BioViL pair [44]. Eleven studies (33.3%) evaluated medical-specific models only and exactly 1
(3.0%) evaluated a general-purpose model only. Claims about which named family the literature eval-
uates most are therefore not supportable from this sample: Gemini was charted in no included study,
GPT-4V in exactly 1, and LLaVA-Med, MedGemma, RadFM, and CheXagent in none. Those systems
appear earlier in this chapter as background citations to the modeling literature, not as evaluated
models in the included studies. A recurring finding was that medical domain adaptation did not con-
sistently improve trustworthiness even when it improved task accuracy [19]. Visual question answering
was the most common task format, charted in 15 of 33 studies (45.5%), followed by classification (7,
21.2%) and report generation (3, 9.1%) on MIMIC-CXR and IU-Xray, where clinical factuality was
scored with CheXbert F1 or RadGraph F1 [45, 18|; no included study evaluated trustworthiness for
open-ended, multi-turn clinical consultation.

2.4.2 Trustworthiness Dimensions Evaluated (RQ2)

A pronounced imbalance emerged across the eight prespecified dimensions (Table 2.4). Robustness was
the most evaluated dimension, followed by hallucination, while uncertainty was addressed in 2 studies
and safety in 1.
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Table 2.4: Trustworthiness dimensions evaluated across the 33 included studies. Studies could evaluate more
than one dimension. The uncertainty row counts studies that evaluated uncertainty or confidence reliability in
any form; no included study reported a formal calibration metric, which is recorded separately in Table 2.7.

Dimension Studies % Key references
Robustness 14 42.4% |40, 43, 46, 41, 34, 27|
Hallucination 9 27.3% |19, 47, 45, 18, 34, 48]
Distribution shift 6 18.2%  [40, 49, 50, 42, 27|
Visual grounding 5 15.2% [51, 52, 53]
Interpretability 4 12.1% [54, 55, 56]

Fairness / bias 4 12.1%  [44, 34]

Uncertainty / confidence 2 6.1%  [47, 34]

Safety 1 3.0%  [34]

Robustness. Robustness spanned image-side, language-side, and adversarial perturbations. On the
image side, Cheng et al. [40] evaluated VLMs against five artefact categories (dust, blur, contrast
changes, motion, noise) across brain magnetic resonance imaging, chest X-ray, and retinal images,
finding modality-dependent degradation; Mozhegova et al. [46] and Han et al. [43] probed and de-
fended against adversarial perturbations. On the language side, 5 of the 33 studies (15.2%) applied a
perturbation to the question or instruction text and measured its effect: Mozhegova et al. [46] (syn-
onym substitution and word deletion), Cheng et al. [40] (instruction format), Gu et al. [19] (option
rewording), Huppertz et al. [41] (added context), and Han et al. [43] (adversarial text). None of the
five reported an item-level agreement rate across semantics-preserving rephrasings of the same ques-
tion, so none is counted as a paraphrase-consistency test in Table 2.7. Tascon-Morales et al. [57]
introduced consistency-preserving VQA, the earliest included study to impose a consistency constraint
across related questions. The relation it enforces is logical implication between a reasoning question
and its entailed perception sub-questions rather than rephrasing of a single question, so it is not a
test of semantics-preserving paraphrase consistency and is not counted as one in Table 2.7. He et
al. [58] advanced reliable medical VQA through robustness evaluation; its full text could not be ob-
tained through any route available to the review, so whether it perturbed question text is charted as
undetermined rather than as absent, and the count of 5 is a lower bound. SURE-VQA [27] argued that
medical VQA robustness should be assessed under real-world distribution shift, with semantic rather
than token-level answer scoring and sanity baselines that test whether image input contributes at all.
Xian et al. [59] argued that generic robustness tests are insufficient for biomedical foundation models,
and Tu et al. [42] implicitly tested robustness through cross-task generalization of Med-PaLM M.

Hallucination. Nine studies evaluated hallucination [60]. Gu et al. [19] introduced MedVH, finding
that domain-specialized VLMs were sometimes more susceptible to certain hallucination types than
general-purpose models. Liao et al. [47] proposed vision-amplified semantic entropy and scored it with
area under the receiver operating characteristic curve and area under the GREEN curve. Neither
quantity is a calibration metric, and no included study reported one (Table 2.7); Liao et al. and
CARES [34] are the only two included studies that paired hallucination evaluation with any measure
of uncertainty or confidence reliability. Shah et al. [61] and Khatri et al. [62] folded hallucination
into broader benchmarking frameworks, Huppertz et al. [41] quantified 258 fabricated imaging findings
across 412 GPT-4V responses, and Mahdavi et al. [48] proposed Med-VCD, a sparse visual contrastive
decoding method. On report generation, Delbrouck et al. [45] addressed factual correctness through
semantic reward reinforcement learning, and Yu et al. [18] showed that standard NLG metrics correlate
poorly with clinical accuracy. The broadest multi-dimension effort was CARES [34], which evaluated
trustworthiness across five dimensions (trustfulness, fairness, safety, privacy, robustness) using roughly
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41,000 question-answer pairs spanning 16 imaging modalities and 27 anatomical regions, finding that
even specialized models exhibit factual inaccuracies, fairness gaps, and adversarial vulnerability.

Visual grounding. Only 5 of 33 studies (15.2%) explicitly evaluated visual grounding. Nguyen et
al. [51] required localization before answering, He et al. [52]| enabled grounding through PEFT, and
Chen et al. [53] combined visual referring input with pixel-level grounding output. The remaining 28
studies reported accuracy or other dimensions without evaluating visual grounding as a dimension;
separately, 30 of the 33 reported no control for image reliance of any kind (Table 2.5). Evidence
from outside the peer-reviewed medical literature sharpens the concern: Rahmanzadehgervi et al. [63]
showed that frontier VLMs fail at elementary visual tasks, and Asadi et al. [24] showed that models
fabricate coherent visual reasoning, including medical diagnoses, with no image at all.

Calibration and uncertainty. Formal calibration reporting was absent: 0 of 33 studies reported a
calibration metric. Two studies (6.1%) evaluated uncertainty or confidence reliability without measur-
ing calibration. Liao et al. [47] proposed vision-amplified semantic entropy and reported area under the
receiver operating characteristic curve and area under the GREEN curve, and CARES [34] reported an
uncertainty-based accuracy and an over-confidence ratio; neither quantity is a calibration metric. No
included study reported expected calibration error (ECE), Brier score, negative log-likelihood, a relia-
bility diagram, or any other standard calibration metric for VLM outputs. This absence contrasts with
the mature calibration toolkit for unimodal medical image classifiers, where ECE, reliability diagrams,
and temperature scaling are routine [64, 65]. Three barriers help explain the gap: VLMs generate
open-ended text rather than a fixed label distribution, so mapping answers to calibrated probabilities
requires extra steps such as semantic clustering [66]; many evaluations use proprietary models whose
logits are inaccessible; and the multitask nature of VLMs means one calibration method may not gen-
eralize across output formats. These barriers are real but not insurmountable, since semantic entropy
and consistency-based approaches are model-agnostic.

Fairness, interpretability, distribution shift, and safety. Four studies (12.1%) evaluated demo-
graphic fairness, and the same four reported subgroup analyses: Yang et al. [44] documented disparities
across sex, race, and age; CARES [34] included fairness among its five dimensions; and Wang et al. [67]
and Xue et al. [68] proposed mitigations (a fairness-oriented mixture of experts and a logit fairness
adjustment). Disparities persisted even without explicit demographic labels in training, suggesting
the models encode demographic information from images themselves, consistent with unimodal find-
ings [69]. Four studies evaluated interpretability, all using post-hoc explanation methods (cross-modal
attention visualization [54]|, VLM-assisted concept selection |55], natural-language rationales [56, 70]);
none applied mechanistic interpretability such as sparse autoencoders or circuit analysis, and none es-
tablished that the explanation was faithful to the actual decision process. Six studies addressed distri-
bution shift, framed either as performance degradation under artefacts [40] and cross-task transfer [42]
or, more usefully for deployment, as out-of-distribution detection [49, 50| that asks whether the model
can recognize when it is operating outside its training distribution. Only one study (3.0%) evaluated
safety as a measured construct: CARES [34] tested resistance to toxic, harmful, or privacy-violating
content under adversarial prompts. Mozhegova et al. [46] probed adversarial perturbations that induce
diagnostic errors, which we code as robustness rather than safety, and Huppertz et al. [41] invoke
patient safety in discussion but measure diagnostic accuracy, truthfulness, and fabrication rather than
safety itself. No study evaluated safety guardrails, input filtering, or refusal behavior on out-of-scope
queries.

2.4.3 Evaluation Methods and Metrics (RQ3)

VQA-RAD and SLAKE were the most frequently used medical VQA benchmarks; MIMIC-CXR, served
both VQA and report generation because it pairs images with free-text reports [45, 18]; CheXpert ap-
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peared in fairness evaluations for its demographic metadata [44]; and OmniMedVQA [71] spanned 12
modalities. MedVH [19] was the only dataset designed from the ground up for trustworthiness eval-
uation; most studies repurposed accuracy-oriented benchmarks by adding perturbations or metrics,
indicating that the field lacks purpose-built trustworthiness infrastructure. Image-side perturbations
(Gaussian noise, blur, contrast, domain-specific artefacts [40|, adversarial noise [43, 46]) were most
common; a language-side text perturbation was applied and measured in 5 of 33 studies (15.2%) [46,
40, 19, 41, 43|, with one further study charted as undetermined because its full text could not be ob-
tained [58]; whether image and text were varied jointly within a single condition was not a charted field,
so this review reports no count for combined perturbation. Accuracy, F1, and area under the receiver
operating characteristic curve dominated as outcome metrics, with CheXbert F1 and RadGraph F1
preferred over lexical NLG metrics for report generation [18, 45|. No included study reported a formal
calibration metric (0 of 33), and the only consistency rate reported under a language-side constraint
was the logical-implication consistency of Tascon-Morales et al. [57]; no included study reported a
consistency rate under semantics-preserving paraphrase.

2.4.4 Controls for Image Reliance (RQ4)

Explicit controls for visual grounding were rare (Table 2.5). Text-only baselines, the simplest and
most fundamental control, appeared in only 2 of 33 studies (6.1%). Yu et al. [18] benchmarked report
generators against random-retrieval baselines that ignore the image, finding the image-conditioned
models ahead on the composite RadCliQQ metric, though only narrowly for impression generation and
not on every individual metric, and SURE-VQA [27] included a no-image sanity baseline, finding it
could perform surprisingly well on medical VQA shifts. Recent preprint evidence reinforces the need:
Asadi et al. [24] showed that a 3-billion-parameter text-only model trained on ReXVQA [25] with
images removed topped a chest X-ray VQA task, outperforming all frontier multimodal systems, which
demonstrates that benchmark scores can be driven almost entirely by text-prior statistics. Image-
swap experiments were used in no included study; ROI ablation appeared only in Nguyen et al. [51];
and saliency sanity checks and counterfactual testing were charted as absent in every study. Causal
localization was not a charted field and was assessed narratively; no included study reported it. In
total, 90.9% of studies reported task performance or trustworthiness evaluations without establishing
whether the answer depends on the image.

Table 2.5: Controls for image reliance across the 33 included studies. The first five rows correspond to charted
fields. Causal localization was not a charted field; it was assessed narratively across the full texts and no included
study reported it.

Control type Studies % Examples

Text-only baseline 2 6.1% [18, 27]
Image swap / shuffle 0 0% none
ROI / region ablation 1 3.0% [51]
Counterfactual testing 0 0% none
Saliency sanity check 0 0% none
0
3

Causal localization 0% none
Any grounding control 9.1%

No grounding control 30 90.9%

2.4.5 Mitigation and Deployment Safeguards (RQ5)

Only 7 of 33 studies proposed any mitigation; the remaining 26 evaluated trustworthiness without of-
fering a solution (Table 2.6). PEFT-based defenses were most common: Han et al. [43] used lightweight
fine-tuning against adversarial noise, and He et al. [52] enabled visual grounding without full retraining.
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Delbrouck et al. [45] applied semantic reward reinforcement learning to improve factual correctness,
Tascon-Morales et al. [57] proposed consistency-preserving training, Wang et al. [67] and Xue et al. [68]
targeted fairness, and Mahdavi et al. [48] added decoding-time hallucination mitigation. No included
study evaluated conformal prediction, selective prediction, runtime guardrails, or structured human-
artificial-intelligence collaboration for medical VLMs.

Table 2.6: Mitigation strategies reported in the included studies. Mitigation strategy is not a column in the

released charting table; the seven studies below were identified narratively from the full texts, and the strategy
counts are counts of named studies that sum to that total (2+1+1+2+1=7).

Strategy Studies Description

PEFT / LoRA 2 Lightweight fine-tuning against
adversarial noise [43]; PEFT for visual
grounding [52]

Semantic rewards 1 CheXbert/RadGraph
reinforcement-learning rewards for
report factuality [45]

Specialized curricula 1 Consistency-preserving training for
medical VQA [57]

Fairness-specific mitigation 2 Fairness-oriented mixture of experts [67];
logit fairness adjustment [68]

Visual contrastive decoding 1 Med-VCD selects visually informative
tokens at decoding [48]

Conformal / selective 0 Not reported in any included study

prediction

Safety guardrails 0 Not reported in any included study

Human and 0 Not reported in any included study

artificial-intelligence

collaboration

2.4.6 Reporting Gaps (RQ6)

Nine reporting-quality indicators were assessed across all included studies (Table 2.7). The most
critical gap was the absence of grounding controls: a model that reaches high accuracy through text-
prior shortcuts will look trustworthy by every other metric (low flip rate, low hallucination rate, good
calibration) while nothing in the evaluation record shows that its answers depend on the image. A
related gap was the complete absence of leakage and contamination checks; no included study tested
whether its benchmarks could be solved without visual input, though post-hoc cleaning methods that
identify and remove text-answerable items offer a practical path forward [24]. External validation
was reported in 11 of 33 studies (33.3%), which sits well below clinician-stated expectations: in the
survey by Ketabi et al. [22], 78% of participants named multi-site external validation and 74% named
prospective validation as prerequisites for trusting a clinical model. Semantics-preserving paraphrase
consistency was tested in no included study (0 of 33), formal calibration reporting was likewise absent
(0 of 33), subgroup analysis was rare (4 of 33, 12.1%) despite strong evidence that imaging models
encode demographic bias [69, 44|, and no study reported any deployment safeguard.

2.5 Discussion

2.5.1 Summary of Evidence

Across 33 studies published between 2022 and 2026, the central finding is a mismatch between the
sophistication of model development and the rigor of trustworthiness assessment. Hallucination evalu-
ation has drawn attention through purpose-built benchmarks, but dimensions critical for safe deploy-
ment (calibration, fairness, and visual grounding verification) remain systematically under-evaluated.
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Table 2.7: Reporting-gap analysis across the 33 included studies. Every percentage uses all 33 studies as the
denominator. Code release could not be determined for 10 studies (30.3%), which are counted with the 6 studies
that released no code; the 51.5% figure is therefore a lower bound on release and the residual 48.5% mixes 18.2%
confirmed non-release with 30.3% undetermined.

Quality indicator Reported % Implication

Any grounding control 3 9.1%  Cannot separate image-using
from text-shortcut models

Paraphrase consistency testing 0 0% Paraphrase sensitivity
undetected

External validation 11 33.3% Unknown generalizability

Formal calibration metric 0 0% Confidence estimates unverified

Subgroup / fairness analysis 4 12.1% Disparities undetected

Deployment safeguards 0 0% No safe abstention mechanism

Leakage / contamination checks 0 0%  Benchmark validity uncertain

Code released 17 51.5%

Data released 7 21.2%

Three findings deserve emphasis.

First, the grounding gap is the most consequential reporting failure. Only 3 of 33 studies (9.1%)
reported any control for image reliance, and only 5 (15.2%) evaluated visual grounding at all. Given
evidence that models can reach high benchmark scores through mirage reasoning alone [24, 72|, this is
the most critical methodological gap. The MIRAGE study [24], a preprint outside the peer-reviewed
sample, showed that frontier models fabricate detailed visual reasoning when no image is provided, that
74% to T7% of questions on the MicroVQA, MedXpertQA-MM, and MMMU-Pro benchmarks were
removed as compromised because at least one of three frontier models answered them with the image
withheld, and that the fabricated reasoning is biased toward findings requiring urgent intervention.
The consistent-but-dangerous failure mode, high consistency and low hallucination while the answer
stays invariant when the image is withheld, would pass every evaluation that omits a grounding control.

Second, formal calibration is absent from VLM evaluation in this sample (0 of 33) despite being
standard for classifiers |64, 65, 73]. VLM-expressed confidence directly influences clinician behavior: a
confidently stated “pneumothorax is present” is trusted more than a hedged response, and if the model
is poorly calibrated the clinician has no way to tell that the confident answer is as likely to be wrong.

Third, fairness evaluation remains sparse. Only four studies [44, 34, 67, 68| assessed or mitigated
VLM performance disparities, even though demographic bias in unimodal classifiers is well docu-
mented [69, 74, 75]. The language component adds new axes along which bias can emerge (for example,
differential performance on clinical jargon versus plain English), and no study tested language-side or
intersectional fairness |76, 77).

2.5.2 Comparison with Prior Reviews

These findings extend prior work. Hartsock and Rasool [15] noted the inadequacy of NLG metrics;
this review quantifies how few studies have moved beyond them. Buess et al. [28]| reviewed generative
artificial intelligence broadly; this review narrows the lens to VLMs and asks which dimensions and
controls are actually covered. Ryu et al. [29] and Schouten et al. [30] organized architectures and
applications, and Aljohani et al. [32] surveyed text-only LLM trustworthiness; this review adds the
orthogonal axis of evaluation rigor and shows that architectural sophistication says little about how
thoroughly a model has been evaluated. Schwabe et al. [21] addressed data quality; together with this
review, the two cover the chain from data provenance through model evaluation.

23



2.5.3 A Minimum Trustworthiness Evaluation Checklist

Drawing on the identified gaps and on established practice in the broader medical artificial intelli-
gence literature, the review proposes the Minimum Trustworthiness Evaluation Checklist (MiTEC),
an eight-item minimum reporting framework rather than a complete validation protocol (Table 2.8).
Items 1 through 7 map to gaps measured directly in the review; item 8 draws on the reproducibil-
ity literature. Item 7 maps to the finding that 0 of 33 studies reported any deployment safeguard.
MiTEC complements broader guidance such as DECIDE-AI [78], STARD-AI [79], CONSORT-AI and
SPIRIT-AI [80, 81], and TRIPOD+AI [82] by focusing on medical VLM-specific gaps: visual ground-
ing, paraphrase consistency, calibration, subgroup analysis, and selective prediction. Items 4 and 7 are
more demanding for proprietary models with inaccessible logits; for these, model-agnostic alternatives
apply, including semantic entropy |66, 47|, consistency-based confidence across paraphrased queries,

and verbalized confidence elicitation [83].

Table 2.8: The Minimum Trustworthiness Evaluation Checklist (MiTEC) for medical vision-language models.
Items 1 and 2 address grounding; 3 and 4 address reliability; 5 addresses equity; 6 addresses generalization; 7

addresses deployment readiness; 8 addresses reproducibility.

#

Item

What to report

1

Text-only baseline

Image perturbation or swap test

Prompt paraphrase consistency

Calibration metrics

Subgroup stratification

External or out-of-distribution evaluation

Selective prediction curve

Reproducibility artifacts

Model performance with the image withheld,
reported as text-only agreement: the fraction of
questions for which the model gives the same answer
with and without the image. High text-only
agreement indicates that the image contributes little
to the model’s decision.

Replace the target image with an unrelated
same-modality image, or with an image carrying the
opposite label. An answer that is unchanged under
swap is not conditioned on the image content, which
is stronger evidence than image removal alone.

At least 3 clinically equivalent rephrasings of each
query, with the flip rate (proportion of queries whose
answer changes).

At least one of ECE, Brier score, or area under the
generalized risk-coverage curve (AUGRC). If no
confidence scores, use semantic entropy or
consistency-based estimation.

Results stratified by at least one demographic
variable (sex, age, or race/ethnicity where available),
with performance gaps alongside aggregate metrics.
At least one dataset not used in training or
development, with degradation relative to the
primary set.

A risk-coverage curve as the model abstains on its
least-confident predictions, with area under the
risk-coverage curve (AURC) or AUGRC.

Code, evaluation data, and model weights or a clear
access mechanism; at minimum a data availability
statement.

MIiTEC is a minimum, not an exhaustive protocol. Studies targeting high-stakes settings such as
emergency triage should additionally evaluate performance under time pressure and conduct reader
studies with domain experts [13]. All eight items can be evaluated with existing tools: a text-only
baseline runs in minutes and reveals immediately whether accuracy depends on the image, and para-
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phrase testing requires only minor prompt variation. Domain-specific fine-tuning does not automati-
cally confer trustworthiness; Gu et al. [19] found medical-domain VLMs sometimes more susceptible
to hallucination than general-purpose models, so trustworthiness evaluation should be built into the
development pipeline from the outset alongside targeted safeguards such as specification-tailored test-
ing [59], conformal prediction [84], and continuous monitoring [85].

2.6 Limitations of This Review

Eight limitations bound what the counts in this chapter can support.

First, exclusion-reason tags were optional at the title and abstract stage. Of the 436 title and
abstract exclusions, 146 (33.5%) carry a reviewer-entered reason label, 9 were adjudicated without a
tag, and 281 (64.4%) were excluded as clearly outside the Population, Concept, and Context criteria
with no tag recorded (146+9+281 = 436, each record counted once). The tagged distribution therefore
describes the labeled subset and should not be read as the distribution of reasons across all 436.

Second, per-database record yields were not recorded at the time of searching. The earliest preserved
figure is the combined post-deduplication import of 506 records. Only the PubMed yield could be
recovered afterwards, by re-executing the submitted string in the original date window. A reader
cannot check how much each database contributed.

Third, two of the five executed search strings have known defects. The IEEE Xplore string quoted
stem forms without wildcards, which disabled the platform’s stemming and lost robustness and trust-
worthiness, and it exceeded the platform’s documented term capacity; the Embase string cannot be
verified as reported, because the Ovid search history was not retained. Both are documented in Sec-
tion 2.2.3. The review is therefore likely to under-represent conference literature indexed primarily in
IEEE Xplore.

Fourth, the charting form recorded several fields at a granularity coarser than the claims a reader
might want to make from them. Specialty, imaging modality, and model family were charted as
multiple, custom, or a single named value, so a study charted as multi-modality does not disclose
which modalities it covered, and the review cannot report how often any particular model family was
evaluated. Claims of the form “model family X is the most studied” are outside what this charting
supports.

Fifth, two dimension codings were revised after the initial charting, and the revised values are the
ones reported here. The calibration dimension was split into two constructs. Evaluation of uncertainty
or confidence reliability in any form stands at 2 of 33 (6.1%), and a formal calibration metric (expected
calibration error, Brier score, negative log-likelihood, or a reliability diagram) at 0 of 33: the two studies
that evaluate confidence reliability report area under the receiver operating characteristic curve and
area under the GREEN curve [47], and an uncertainty-based accuracy and an over-confidence ratio [34],
and none of those four quantities measures calibration. Membership of the dimension also changed.
CARES [34] was added, and EviVLM was removed because its evidential uncertainty is a cross-modal
fusion mechanism rather than an evaluated calibration property; that judgment rests on the abstract
and on the complete author-released codebase, in which word-boundary searches for ece, calibrat, brier,
nll, and reliability return no hits, because the full text sits behind a paywall. Removing that code
leaves EviVLM with no evaluated trustworthiness dimension, so it fails the Concept criterion of the
review and is excluded from the synthesis; the 33-study corpus and every count in this chapter reflect
that exclusion. Semantics-preserving paraphrase consistency is tested by 0 of 33 rather than 1: the
study originally coded for it measures logical implication between a reasoning question and its entailed
sub-questions, not rephrasings of a single question. Both revisions widen the gaps the review reports,
so neither flatters the argument. The charting table released with the review carries both layers, so
a reader can check either: the eight original dimension flags, with the calibration flag now defined
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as evaluation of uncertainty or confidence reliability, and six added columns that separate a formal
calibration metric from a reported uncertainty metric, and separate a measured text perturbation from
a paraphrase-consistency rate. The count of studies applying a text perturbation, 5 of 33 (15.2%), is a
lower bound, because one study is charted as undetermined on that column rather than as absent [58].

Sixth, code release could not be determined for 10 of 33 studies (30.3%). Those 10 are counted
with the 6 studies confirmed not to have released code, so the 51.5% release rate in Table 2.7 is a lower
bound rather than a point estimate.

Seventh, one control coding was corrected after a full-text re-read. CARES [34] was initially charted
as reporting a text-only baseline, but adjudication against the NeurIPS 2024 camera-ready main text,
its supplemental appendix, and the released evaluation code located no no-image or image-withholding
condition (every CARES condition supplies an image; its robustness dimension corrupts images or
substitutes unseen-modality images), and the cell is corrected to a coding error. On the 33-study
corpus the correction moves three of the review’s most-quoted numbers: text-only baselines fall to 2
of 33 (6.1%), any grounding control falls to 3 of 33 (9.1%), and the share of studies with no image-
reliance control rises to 90.9%. The corrected values are the ones reported throughout this chapter;
the direction of the correction is to make the gap larger, not smaller.

Eighth, the review reports frequencies and does not weight studies by size, rigor, or influence, and
it excludes preprints from the main synthesis. Two preprints are nonetheless cited in this chapter for
evidence unavailable in the peer-reviewed sample, MIRAGE [24] and the radiologist survey of Ketabi et
al. [22]; both sit outside the included set and neither contributes to any count reported here. Because
the search cutoff was March 25, 2026, work published after that date is absent, and in a field moving
at the observed rate (19 of 33 included studies published in 2025 alone) the counts should be read as
a snapshot rather than a stable rate.

2.7 Positioning of This Dissertation

The gaps this review identifies map almost one-to-one onto the five thrusts that follow, and the dis-
sertation’s own studies are worked examples of the under-used practices the review calls for. The
review found that no included study tested semantics-preserving paraphrase consistency (0 of 33),
even though a rephrased clinical question is among the most plausible real-world triggers of failure.
Thrust 1 (Chapter 3) addresses this directly by building PSF-Med, a paraphrase-sensitivity benchmark
that measures flip rates across six medical VLMs and three chest X-ray populations, operationalizing
MiTEC item 3 at scale. The review also found that only 3 of 33 studies (9.1%) reported any control
for image reliance, that image-swap tests appeared in no included study, and that text-only baselines
appeared in only 2 (6.1%). Thrust 2 (Chapter 4) supplies these controls, diagnosing whether apparent
consistency reflects genuine visual grounding or reliance on language priors through text-only baselines
and image-swap tests corresponding to MiTEC items 1 and 2.

The review noted that no included peer-reviewed study applied mechanistic interpretability, and
that mitigation was reported in only 7 of 33 studies, most often through PEFT or LoRA. Thrust 3
(Chapter 5) occupies both spaces: it uses sparse-autoencoder and circuit analysis to locate the internal
features responsible for paraphrase sensitivity, then applies targeted LoRA as a mitigation, moving
beyond the post-hoc attention and concept explanations that dominate the interpretability studies in
the sample. Calibration and deployment safeguards were the starkest gaps of all, with 0 of 33 studies
reporting a formal calibration metric and 0 of 33 reporting any selective-prediction or abstention
mechanism. Thrust 5 (Chapter 7) targets this gap with calibration analysis (ECE, Brier score, AURC,
and AUGRC), an uncertainty bridge that carries confidence estimates across distribution shift, and
deployment gating through selective prediction, implementing MiTEC items 4 and 7 that no study in
the review satisfied.
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Finally, the review’s central warning, that consistency without visual grounding is a false sense of
safety, motivates Thrust 4 (Chapter 6). Its safety evaluation formalizes the consistent-but-dangerous
failure mode into a four-quadrant taxonomy that crosses answer consistency with measured image
reliance, and it stratifies results by patient demographics to address the fairness gap (4 of 33 stud-
ies) that the review flags. Read together, the thrusts do not merely study medical VLM trustwor-
thiness; they demonstrate that the MiTEC checklist is tractable, applying its grounding controls,
paraphrase-consistency measurement, calibration and selective-prediction reporting, external and out-
of-distribution evaluation, and subgroup analysis to real medical VLMs, and showing what each check
reveals that accuracy alone conceals.
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Chapter 3

Thrust 1: Measuring Paraphrase
Sensitivity in Medical VLMs

Research questions. This chapter answers RQ1.1 (the magnitude of paraphrase sensitivity across
models and datasets), RQ1.2 (whether it varies by paraphrase transformation type), RQ1.3 (whether
model scale buys consistency), and RQ1.4 (whether distribution shift amplifies it).

Main contribution. PSF-Med is a benchmark of 26,850 chest X-ray questions and 92,856 equivalence-
filtered paraphrase pairs across three clinical populations. It was constructed through a 122,778-pair
Large Language Model-based rubric audit and evaluated against a stratified clinician adjudication of
1,200 pairs from the pre-regeneration audit pool. On the binary subset, six medical vision-language
models flip on 6.4 to 54.7% of paraphrase pairs. The benchmark and evaluation code are publicly
released.

This chapter presents PSF-Med, a benchmark for measuring Paraphrase Sensitivity Failure (PSF)
in medical Vision-Language Models (VLMs). The goal is straightforward: quantify how often a model
changes its answer when the same clinical question is rephrased.

The benchmark contains 26,850 questions drawn from three chest X-ray datasets covering three
continents and three healthcare systems: MIMIC-CXR (United States), PadChest (Spain), and VinDr-
CXR (Vietnam). After a rubric-based equivalence audit over 122,778 paraphrase pairs (GPT-5-mini
judge with 91.6% Claude Haiku cross-family agreement on the recorded 500-pair cross-validation sub-
set) and a regenerated PadChest paraphrase set that removes laterality and scope leakage, the full
evaluation pool contains 8,938 MIMIC-CXR pairs, 59,573 second-iteration PadChest pairs, and 24,345
VinDr pairs; the flip rates reported in this chapter are computed on the genuine binary yes/no subset
of this pool, for which the yes/no readout is well defined.

Across six medical VLMs, post-filter flip rates on the binary yes/no subset range from 6.4%
(MedGemma-27B on MIMIC) to 54.7% (RadFM on VinDr) once two cells of degenerate yes-bias
are set aside. The chapter also identifies the first signs of a pattern that Thrust 2 investigates in detail:
models with low flip rates often show high agreement with text-only baselines, suggesting that their
consistency may come from language priors rather than visual analysis. The audit confirms that this
core signal, low flip rate coupled with high text-only agreement, survives after removing the strictest
non-equivalent cases. Restricting to the binary yes/no subset does change the in-distribution flip or-
dering, however, so we do not claim a preserved model ranking: MedGemma-27B is the most consistent
model on MIMIC on the binary subset, where the earlier mixed-question ordering placed it lower.

28



Thrust 1: Measuring paraphrase sensitivity (PSF-Med)
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Medical VLMs flip on 6.4% to 54.7% of clinically equivalent rephrasings.

Figure 3.1: Thrust 1 at a glance. Each clinical question is expanded into five or six candidate paraphrases (mean
3.5 retained per question after equivalence filtering), a rubric-based judge keeps only the clinically equivalent
ones, and six medical VLMs are scored on three chest X-ray populations. Post-filter flip rates span 6.4% to
54.7% once two degenerate yes-bias cells are set aside: LLaVA-Rad on PadChest (99.6% positive, omitted from
the bar panel) and MedGemma-1.5-4B on VinDr (100% positive) reduce to a single-class prior rather than
genuine consistency.

3.1 Background and Related Work
3.1.1 Medical VLMs and Their Evaluation

Chapter 2 surveys the medical VLM literature and its trustworthiness gaps in detail; here we note only
what PSF-Med builds on and departs from. The models evaluated in this chapter (MedGemma [11],
LLaVA-Rad [86], RadFM [87], CheXone [88], and earlier contrastive and LLaVA-Med systems [89,
90, 91, 5]) are typically assessed on fixed-question VQA benchmarks such as VQA-RAD [92] (3,515
questions, 315 images), SLAKE [93] (642 images, bilingual), and OmniMedVQA [71] (12 imaging
modalities). Trustworthiness-oriented frameworks including CARES [34], VHELM [94]|, MedVH [19],
and MedHalt [95] add hallucination and adversarial-robustness dimensions, and Med-PaLM’s selective-
prediction analysis used self-consistency across sampled reasoning paths as an uncertainty proxy [96].
None of these systematically tests whether a model gives the same answer when an equivalent question
is rephrased.

3.1.2 Robustness and Language Priors

The tendency of vision-language models to rely on language priors rather than visual content is well
documented in the general domain. VQA-CP [17] showed that VQA models exploit question-type
correlations, and VQA v2 [16] attempted to reduce this bias through balanced pairs. Cycle-consistency
approaches [97] test whether a model’s answers are logically self-consistent. In natural language process-
ing, CheckList [98] introduced systematic behavioral testing, distinguishing invariance tests (equivalent
inputs should yield equivalent outputs) from directional and minimum-functionality tests; adversar-
ial paraphrasing [99] showed that syntactic transformations can fool text classifiers; and ProSA [100]
studied prompt sensitivity in large language models through template-level variation. PSF-Med oper-
ationalizes CheckList’s invariance testing for medical VLMs and adapts ProSA’s systematic-variation
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insight to question-level clinical paraphrasing, where the consequences of inconsistency are clinical
rather than academic. The specific gap it fills is a benchmark that generates controlled paraphrases at
scale, measures flip rates across multiple models and datasets, analyzes sensitivity by transformation
type, and connects consistency to visual grounding.

3.2 The PSF-Med Benchmark
3.2.1 Source Data

PSF-Med draws from three chest X-ray datasets spanning three continents and three healthcare sys-
tems:

e MIMIC-CXR [38]: Frontal chest radiographs from Beth Israel Deaconess Medical Center, Boston.
The dataset includes structured labels derived from radiology reports via CheXpert [39]. We use
the official test split.

e PadChest [101]: Radiographs from Hospital San Juan, Valencia, Spain. This dataset provides
a distribution shift from MIMIC-CXR, in terms of institution, imaging equipment, patient demo-
graphics, and language of origin (reports originally in Spanish).

e VinDr-CXR [102]: Radiographs from hospitals in Hanoi, Vietnam, with per-finding labels and
radiologist annotations. VinDr provides a second axis of distribution shift, complementing Pad-
Chest’s US-to-Europe transition with a US-to-Southeast-Asia transition that differs in equipment,
patient demographics, prevalence base rates, and reporting conventions.

Using three datasets from three continents and healthcare systems lets us test whether paraphrase
sensitivity appears across clinical populations or only in one. Because the three sets also differ in
task composition, label balance, finding mix, and templates, differences between them are reported as
cross-population differences rather than attributed to distribution shift alone. As we will see, flip rates
are generally higher on PadChest and VinDr than on MIMIC, but that gap confounds institution with
task composition and label balance, so it cannot be read as an isolated distribution-shift effect.

3.2.2 Question Generation

The clinical questions in PSF-Med are constructed from dataset labels using template-based generation.
For MIMIC-CXR, each CheXpert label (14 pathologies x 4 certainty levels) generates a presence
question: “Is there [finding]?” For PadChest, the broader label vocabulary (174 radiographic findings)
generates questions for all findings with at least 10 positive instances in the evaluation set, yielding 861
unique question strings covering 23 distinct clinical findings. The 861 figure counts unique question
wordings; paired against the images that satisfy each finding’s positivity criterion, these strings expand
to the 14,935 (image, question) instances tabulated for the second-iteration PadChest set in Table 3.1,
which counts evaluation instances rather than distinct wordings.

Questions are restricted to binary (yes/no) format for two reasons. First, binary questions have
unambiguous ground truth derived from dataset labels, enabling automated evaluation at scale. Sec-
ond, the binary format isolates the paraphrase sensitivity problem from answer extraction challenges:
there is no ambiguity about whether “Yes” and “Present” constitute the same answer. Open-ended
questions (“Describe the findings”’) and multi-label questions (“List all abnormalities”) present different
consistency challenges that we leave to future work.

The question set is balanced by answer label where possible. For MIMIC-CXR, we select images
ensuring approximately equal positive and negative instances for each finding. For PadChest, the
natural prevalence distribution is preserved, as balancing would require discarding the majority of the
dataset. This means PadChest flip rates reflect the actual clinical distribution, including the base-rate
effects that Chapter 6 identifies as a driver of Dangerous predictions.
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3.2.3 Paraphrase Generation

For the benchmark as evaluated, paraphrases were generated with GPT-5-family models: MIMIC-CXR
and VinDr-CXR with GPT-5-mini at five paraphrases per question, and PadChest with GPT-5.4-mini
at six per question, the PadChest set regenerated with judge-informed constraints after the equivalence
audit of the original set. The original construction used GPT-4 with three to five paraphrases per
question and is documented for provenance in Appendix A.l; the protocol described here is the one
the evaluated data artifacts record. The generation prompt instructs the model to produce meaning-
preserving reformulations that vary along specific linguistic dimensions while maintaining the clinical
intent of the original question. We provide few-shot examples for each transformation type to guide
generation quality and diversity.

The generation strategy applies five types of meaning-preserving transformations:

1. Lexical substitution: replacing content words with synonyms (“pleural effusion” — “fluid in the
pleural space”).

2. Syntactic restructuring: changing clause order or sentence structure while preserving meaning.

3. Specificity modulation: shifting how specifically the finding is described (“Is there car-
diomegaly?” — “Does this patient have an enlarged heart?”).

4. Scope variation: adjusting quantifiers (“is there evidence of” — “are there findings of”). This
category is the least reliably meaning-preserving of the five. The generator was also prompted with
threshold-shifting examples such as “any evidence of” — “significant evidence of”, which are not
equivalent: “significant” raises the clinical threshold, so a “no” to it is compatible with a “yes” to
“any”. Pairs of that kind are precisely what the equivalence audit is designed to reject, and the
scope-quantification category is accordingly one of the more heavily filtered.

5. Negation-adjacent: rephrasing that introduces negation or exclusion vocabulary. As generated,
many of these inverted the answer (“Is there pneumothorax?” — “Can pneumothorax be excluded?”,
whose correct answer is opposite) and were rejected by the equivalence audit; only same-polarity
negation rephrasings that preserve the answer are retained.

Some of these paraphrases are genuinely meaning-preserving (a “No” to “Is there X?” and a “Yes”
to “Can X be excluded?” express the same clinical judgment). Others may subtly shift the expected
answer polarity. We analyze this category separately throughout the chapter and flag it as a validity
threat.

3.2.4 Semantic Filtering

Not every generated paraphrase is truly meaning-preserving. We apply a two-stage filtering process to
remove invalid paraphrases:

Stage 1: Embedding similarity. We encode each original question and its paraphrases using
BioClinical BERT [103| and compute cosine similarity; for MIMIC-CXR, candidates below 0.95 are
excluded, the value recorded in the released data artifact. The original construction used a 0.90
threshold, selected through a 200-pair annotation study documented in Appendix A.1.

Stage 2: Semantic inversion detection. We apply rule-based checks for negation operators and
polarity inversions. Paraphrases that invert the expected answer (e.g., “Is there X?” paired with “Is X
absent?”) are flagged and excluded from the primary evaluation, though we retain them for analysis
of negation sensitivity.

After this construction-stage filtering, the original benchmark (MIMIC-CXR and the first iteration
of PadChest) contains approximately 92,000 candidate paraphrases with a mean of 4.7 per question.
The filtering removes approximately 8% of generated paraphrases, with the highest rejection rate in
the negation-adjacent category (14%) and the lowest in lexical substitution (3%). This construction-
stage candidate count should not be confused with the final judge-filtered evaluation set of 92,856
(question, paraphrase) pairs (mean 3.5 per question; Table 3.1): the two figures are numerically close

31



by coincidence but describe different pipeline stages, the first counting candidate paraphrases produced
at construction and the second counting pairs retained for evaluation after the audit and the PadChest
regeneration. A later stricter audit, described next, re-adjudicates 122,778 paraphrase pairs across
all three datasets' and separates a smaller equivalence-validated core from clinically natural but non-
equivalent reframings.

3.2.5 Quality Assurance

In total, 122,778 paraphrase pairs across MIMIC-CXR, PadChest, and VinDr were adjudicated using
a structured bidirectional-entailment rubric: a pair was retained only if the original and paraphrased
questions preserved the same clinically relevant yes/no truth conditions with no material change in
scope, laterality, certainty, or operator.

Under this stricter audit, 61,761 pairs (50.3%) were retained in the core-equivalent set, 59,788
(48.7%) were rejected as adversarial or clinically non-equivalent reframings, and 1,229 (1.0%) were
marked uncertain for human review.? The retained fraction varies substantially by dataset: 72.9% for
the original PSF-Med / MIMIC benchmark, 35.7% for PadChest, and 78.6% for VinDr. This pattern
is informative rather than alarming. The original MIMIC benchmark was already tightly filtered,
whereas the later expanded sets include more scope changes, laterality drift, and near-paraphrases
that are clinically natural but not strictly equivalent. The 92,856-pair evaluation set is not a subset
of the 61,761-pair audited core: the audit’s retained pairs from the first PadChest iteration were
superseded by a regenerated, separately judge-filtered second iteration (59,573 pairs), which together
with the audit-retained MIMIC (8,938) and VinDr (24,345) pairs yields the 92,856 pairs evaluated
throughout this dissertation.

To test whether the LLM judge was introducing family-specific bias, we re-scored a stratified 500-
pair subset with Claude Haiku. Cross-family agreement reached 91.6% on the MIMIC + PadChest
subset, with disagreements concentrated in scope and quantification cases. Rejections were especially
common in the highest-risk categories: negation-pattern paraphrases were rejected 93.8% of the time,
while lexical substitutions were retained most often. The benchmark’s central conclusion, the contrast
between low flip rate and weak image reliance, remained visible in the retained core after this stricter
filtering, even though the finer flip-rate ordering shifts once the population is restricted to genuine
binary yes/no questions.

3.2.6 Clinician Adjudication of Equivalence

The equivalence audit above is automated, so we tested the audit procedure through blinded clinician
adjudication of a stratified sample of 1,200 pairs. The sample deliberately over-represents difficult,
adversarial, and uncertain cases rather than estimating the equivalence rate of the final benchmark.
It was also drawn before the second iteration of the PadChest paraphrase set was produced. The
study therefore provides a targeted human check of the filtering procedure, rather than representative
validation of the full 92,856-pair evaluation set.

Sampling. Pairs were drawn with a fixed seed (20260501) stratified over three buckets, 600
core_equivalent, 400 adversarial_reframing, and 200 uncertain_review, so that the sample de-

1The 122,778-pair total is the rubric-based equivalence audit run added during the review of an earlier version of this
benchmark, which re-scored the construction-stage paraphrase pairs across MIMIC-CXR, PadChest, and VinDr-CXR.
It is the union of two GPT-5-mini batch runs: 91,783 pairs covering MIMIC-CXR (12,259), PadChest (79,378), and a
146-pair VinDr pilot, plus the full 30,995-pair VinDr run.

2These tallies are recomputed directly from the stored judge verdicts by
scripts/analysis/recompute_audit_retention.py, which reproduces the 122,778-pair population exactly. They
supersede a slightly earlier snapshot of the same audit (60,712 retained / 60,766 rejected / 1,300 uncertain) that was
reported while the VinDr run was still completing; the population, the per-dataset ordering, and every downstream
conclusion are unchanged.

32


https://github.com/UNHSAILLab/medical-vlm-paraphrase-sensitivity/blob/main/scripts/analysis/recompute_audit_retention.py

Paraphrase Generation, Filtering, and Audit Pipeline

Multi-stage filtering retains question pairs judged clinically equivalent.

0 Source questions

MIMIC-CXR + PadChest + VinDr-CXR binary VQA questions.
Input: 26,850 questions; 122,778 candidate pairs adjudicated.

v

GPT-5-family candidate generation
MIMIC-CXR and VinDr-CXR: GPT-5-mini (5 paraphrases per question).
PadChest: GPT-5.4-mini (6 per question, judge-informed regeneration).
Earlier construction: GPT-4, 3-5 per question (Appendix A).

>
v
' =)
Embedding prefilter and rule checks
MIMIC-CXR: BioClinicalBERT cosine similarity at least 0.95.
Rule-based operator matching for clinical-term preservation.
\_  Original construction used a 0.90 threshold (Appendix A). )
v
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Rubric-based equivalence audit
Primary judge: GPT-5-mini. Cross-family check: Claude Haiku 4.5.
10-category clinical rubric for bidirectional entailment; negation pairs rejected at 93.3%.
L Cross-family agreement: 91.6% on a 500-pair subset. )
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Evaluated benchmark: 92,856 equivalence ered pairs

Flip rates computed on the binary yes/no subset
Figure 3.2: Paraphrase-validation pipeline used in the stricter post-submission audit. The original benchmark-

construction filter is followed by a more conservative rubric-based equivalence audit that separates strict core-
equivalent pairs from clinically natural but non-equivalent reframings.
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liberately over-represents the cases where the automated judge is least reliable rather than being uni-
form over retained pairs. A floor of 20 pairs per dataset was enforced and operator-changing candidates
were over-sampled. The delivered sample spans all four source pools (PadChest 658, PSF-Med/MIMIC
174, VinDr 325, VinDr-full 43) and all five transformation types (lexical substitution 262, syntactic
restructuring 262, specificity modulation 260, scope quantification 224, negation pattern 192).

Blinding and design. Reviewers worked from a blinded sheet containing only the image, the
original question, and the candidate question; the model’s answer, the flip label, and the automated
judge’s verdict were withheld, so a reviewer could not anchor on either the model or the judge. Each
reviewer recorded a verdict (equivalent, not equivalent, uncertain), a change-type tag, a confidence
rating, and free-text notes. Of the 1,200 pairs, 400 were independently reviewed by all three reviewers
to measure agreement, and the remaining 800 were single-reviewed for coverage.

Consensus rule. “Consensus” means two different things depending on how many reviewers saw
the pair, and we state both because the label set mixes them. For the 400 triple-reviewed pairs
it is the majority verdict of the three reviewers; all 400 have a majority, since no pair drew three
different verdicts. For the remaining 800 single-reviewed pairs it is simply that reviewer’s verdict,
which carries no agreement information. The resulting labels are 689 equivalent, 409 not equivalent,
and 102 uncertain over the 1,200 pairs. Any statement below that rests on the consensus label therefore
rests on a single judgment for two thirds of the sample.

Agreement. Inter-reviewer agreement is estimated from the 400 triple-reviewed pairs; the other
800 pairs increase coverage but carry only one clinician judgment each. On the 400 triple-reviewed
pairs, pairwise raw agreement was 98.5% (394/400) with Cohen’s k = 0.97 for each of the three
reviewer pairs, and 391 of the 400 were unanimous. Agreement between the clinician consensus and
the automated GPT-5-mini judge is substantially weaker: 868 of 1,200 pairs, or 72.3% raw agreement,
k = 0.52; the denominator is the full sample, mixing the majority labels of the 400 with the single-
reviewer labels of the 800. Restricted to the 400 triple-reviewed pairs, where the consensus is best
supported, judge agreement is 78.2% (313/400). This gap is why the adjudication was run: the LLM
judge and the clinicians agree on the easy cases and diverge on the adversarial and uncertain buckets
that the sample was designed to over-represent.

Effect on the reported results. This sample cannot be used to restate the benchmark’s flip rates.
The 1,200 pairs were drawn from the audit pool, which for PadChest is the first-iteration paraphrase
set; that set was subsequently superseded by the regenerated second iteration actually evaluated in
this chapter. The committed clinician-review records support the adjudication totals and agreement
statistics above, but they do not include a reproducible manifest linking the reviewed sample to the
final evaluated set. No overlap count or clinician-restricted flip-rate estimate is therefore reported.
Because the sample is deliberately enriched for hard cases, it remains a targeted check rather than an
unbiased estimate of retention on the full pool. And because two thirds of the consensus labels rest on
a single reviewer, the check is weaker than the 400-pair agreement statistic alone would suggest.

3.2.7 Dataset Statistics

Table 3.1 summarizes the benchmark.

3.3 Evaluation Protocol
3.3.1 Flip Definition

A flip occurs when the model’s answer to any paraphrase differs from its answer to the original question.
Formally, for a model M and question ¢ with paraphrase set P(q):

Flip(M, q) = 1[3p € P(q) : M(q) # M(p)] (3.1)
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Table 3.1: PSF-Med equivalence-filtered evaluation set. The benchmark spans three clinical populations on
three continents, with binary clinical questions and paraphrases retained by a structured bidirectional-entailment
rubric. Clinician adjudication provides a targeted check of the filtering procedure on a pre-regeneration audit
sample. Pair counts are the post-filter evaluation set used throughout the dissertation, and each question-
paraphrase pair is evaluated on every model.

MIMIC-CXR PadChest VinDr-CXR  Total

Origin Us Spain Vietnam N/A
Questions 3,266 14,935 8,649 26,850
Paraphrase pairs 8,938 59,573 24,345 92,856
Mean pairs/question 2.7 4.0 2.8 3.5

Table 3.2: Models evaluated in PSF-Med. All models are evaluated in their publicly released configurations
with greedy decoding (temperature zero).

Model Architecture Parameters
MedGemma-27B Gemma, 3 27B
MedGemma-1.5-4B  Gemma 3 4B
MedGemma-4B Gemma, 3 4B
CheXone Qwen2.5-VL 3B
LLaVA-Rad LLaVA 7B
RadFM Custom 14B

The flip rate is the mean of this indicator across all questions. We also report the pairwise dis-
agreement rate (the fraction of individual question-paraphrase pairs that disagree) as a complementary
metric, since it is less sensitive to the number of paraphrases per question.

3.3.2 Answer Extraction

All models in PSF-Med are evaluated on binary (yes/no) questions, where answer extraction is unam-
biguous. We parse model outputs by matching against affirmative keywords (“yes,” “present,” “visible,”
“confirmed”) and negative keywords (“no,” “absent,” “not seen,” “negative”). Outputs that match neither
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set are excluded from analysis. The exclusion rate ranges from 3.2% to 8.7% across the five audited
models, driven primarily by hedge responses (“It’s possible but...”), refusals, and off-topic outputs.

To validate the answer extraction protocol, we manually audited 500 randomly sampled outputs
from the five models in the evaluation roster at the time of the audit (CheXone and MedGemma-1.5-4B
joined the roster later). The parser agreed with human judgment in 97.4% of cases. Disagreements
were concentrated in hedge responses where the model expressed uncertainty without committing to
yes or no.

3.3.3 Models Evaluated

We evaluate six medical VLMs spanning different architectures, parameter counts, and training ap-
proaches:

All models are evaluated in their publicly released configurations with greedy decoding (temperature
0) to ensure reproducibility. We do not fine-tune any model for this evaluation; the goal is to measure
sensitivity as users would encounter it. Greedy decoding eliminates sampling variance as a confound:
any answer difference between the original and paraphrased question is deterministic and attributable
to the input change, not to stochastic sampling. Temperature-based sampling at T" > 0 would introduce
additional variance that could either mask or amplify true paraphrase sensitivity.

Each model receives the image and question through its standard inference interface. For
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MedGemma models, this uses the Hugging Face Transformers library with the model’s default
chat template. For LLaVA-Rad, we use the LLaVA inference pipeline with BiomedCLIP image
preprocessing. For RadFM and CheXone, we use their respective inference code. All images are
preprocessed to the model’s expected resolution (typically 224x224 or 336x336 pixels) using the
model’s standard preprocessing pipeline.

The evaluation is exhaustive: every question is paired with every paraphrase, and every combination
is evaluated on every model. No subsampling or stratification is applied. The full filtered pool was run
across 8 NVIDIA A100 GPUs over approximately 72 hours. The flip rates reported below are computed
on the genuine binary yes/no subset of that pool: questions with an unambiguous yes/no reference
answer, because the yes/no readout is only defined for those. On PadChest and VinDr this filter keeps
only presence questions (“Is there [finding]?”); on MIMIC it keeps all yes/no-answer questions, a mix of
956 presence, 177 view-identification (“Is this a PA view?”), and 406 abnormality questions. Location
(“where is the [finding]?”) and laterality (“which side shows [finding|?”) questions, and the nine VinDr
non-binary “other” references, are excluded because the yes/no readout is undefined for them. After
restriction, the reported rates draw on 1,539 MIMIC-CXR questions (5,076 paraphrase pairs), 8,445
PadChest questions (36,244 pairs), and 2,807 VinDr-CXR questions (8,612 pairs).

3.4 Results
3.4.1 Flip Rates Across Models

Table 3.3 presents the main results on the equivalence-filtered PSF-Med run across all three datasets,
restricted to the binary yes/no subset defined above. This subset is distinct from the curated 158-pair
FlipBank and the 861-question PadChest flip bank used in later chapters. All rates in this section are
pairwise: the denominator is the paraphrase pair, so the rate answers how often a single rephrasing
changes the yes/no answer. The complementary query-level rate (the fraction of questions that flip
under at least one of their roughly 3.3 paraphrases) is larger and is reported for the focal model in
Table 3.4; the two must not be conflated. Excluding the two cells flagged for degenerate yes-bias
(LLaVA-Rad on PadChest at 99.6% positive predictions and MedGemma-1.5-4B on VinDr at 100%),
pairwise flip rates range from 6.4% (MedGemma-27B on MIMIC) to 54.7% (RadFM on VinDr), an
8.5x spread. These numbers reflect the rubric-based filtering (GPT-5-mini judge with 91.6% Claude
Haiku cross-family agreement on the recorded subset) and the regenerated PadChest paraphrase set;
obsolete pre-audit values such as the 42.4% on PadChest for MedGemma-4B (reported in the unfiltered
earlier version of this benchmark, not a current result) were inflated by adversarial reframing pairs
(broader /narrower scope, laterality drift) that did not preserve clinical meaning.

Three patterns stand out. First, scaling shows no monotonic pattern among the three tested
MedGemma variants, which do not rank stably across datasets. MedGemma-27B is the most consistent
of the three on MIMIC (6.4%) and on VinDr (8.1%), but MedGemma-4B edges it on PadChest (13.4%
vs. 13.9%), and MedGemma-1.5-4B is the least consistent of the three on PadChest (17.5%) while
collapsing into degenerate yes-bias on VinDr. No size dominates among the three tested variants on
this benchmark. Second, the two yes-biased cells deserve careful interpretation rather than dismissal.
LLaVA-Rad on PadChest answers “yes” on 99.6% of original questions; the resulting 0.7% flip rate
looks like consistency, but the text-only controls (Chapters 4 and 6) show that almost all of these
answers also match the text-only output. The defensible reading of this cell is the simplest one: a
model answering “yes” at that rate has collapsed onto a single-class prior, and a near-constant answer
cannot discriminate between one scan and the next, so its 0.7% flip rate measures the stability of
that prior rather than stable visual grounding. The contrast with MedGemma-4B, which on the same
images predicts positive on only 24.4% of questions and so does vary with the input, makes the point
concrete. MedGemma-1.5-4B on VinDr exhibits the same pattern (100% yes, 0.8% flips), and both cells
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Table 3.3: Pairwise paraphrase flip rates (%) on the equivalence-filtered PSF-Med run, restricted to questions
with an unambiguous yes/no reference answer across three clinical populations: MIMIC-CXR (Beth Israel
Deaconess, US; 1,539 questions, 5,076 paraphrase pairs), PadChest (Hospital San Juan, Spain; 8,445 questions,
36,244 pairs), and VinDr-CXR (hospitals in Hanoi, Vietnam; 2,807 questions, 8,612 pairs). This is a binary
yes/no set, not a pure presence set: on PadChest and VinDr the filter keeps only presence questions (“Is there
[finding]?”), but on MIMIC it keeps all yes/no-answer questions, a mix of 956 presence, 177 view-identification
(“Is this a PA view?”), and 406 abnormality questions. Location and laterality questions, and the nine VinDr
non-binary “other” references, are excluded because the yes/no readout is undefined for them. VinDr contains
only positive presence cases, so it is a positive-case presence-question test that measures phrasing stability rather
than balanced accuracy; reference prevalence and model positive-prediction rate are reported in Table 3.4. A
pairwise flip is a paraphrase whose yes/no answer differs from the original’s; the denominator is the paraphrase
pair, not the question (see Table 3.4 for the query-level rates). Equivalence judged by GPT-5-mini with 91.6%
Claude Haiku cross-family agreement on the recorded subset. Lower is more consistent. Daggers (1) flag cells
where the model exhibits degenerate yes-bias (>98% positive predictions on originals): the resulting flip rate
reflects a single-class prior, not paraphrase robustness, and is reported only to keep the column complete.

Model MIMIC-CXR PadChest VinDr-CXR
MedGemma-1.5-4B 7.4 17.5 0.87
MedGemma-4B 8.3 13.4 15.3
LLaVA-Rad 15.6 0.77 11.6
MedGemma-27B 6.4 13.9 8.1
CheXone 8.2 13.0 11.1
RadFM 13.7 32.8 54.7

are flagged with a dagger in Table 3.3 for this reason. The dissertation treats both cells as the central
exhibit for the consistency-without-grounding problem rather than as legitimate low-flip results. Third,
RadFM has the highest flip rate on both out-of-distribution sets (32.8% PadChest, 54.7% VinDr) and
the second-highest on MIMIC (13.7%, behind LLaVA-Rad’s 15.6%), and it is the only model whose
flip rate strictly increases with each step away from MIMIC (13.7% — 32.8% — 54.7%), suggesting
a baseline instability in question processing that filtering does not relieve and that compounds with
distribution shift.

Flip rates are generally higher on the two out-of-distribution populations, but these are cross-
population differences rather than an isolated distribution-shift effect: the three datasets differ in task
composition (MIMIC mixes presence, view, and abnormality questions while PadChest and VinDr
are presence-only), label balance (VinDr contains only positive cases), finding mix, and question tem-
plates, as well as in institution. The trajectory is also non-monotonic for several models. Reading
along the MIMIC — PadChest — VinDr direction, MedGemma-4B goes 8.3% — 13.4% — 15.3%;
MedGemma-27B 6.4% — 13.9% — 8.1%; CheXone 8.2% — 13.0% — 11.1%; RadFM 13.7% — 32.8%
— 54.7%. Which out-of-distribution set is harder is model-dependent: VinDr is harder than PadCh-
est for MedGemma-4B and RadFM, while PadChest is harder for MedGemma-27B and (marginally)
CheXone. Two models exhibit degenerate yes-bias on one dataset each: LLaVA-Rad on PadChest
(99.6% yes, 0.7% flips) and MedGemma-1.5-4B on VinDr (100% yes, 0.8% flips). Both cases reduce
to a single-class prior rather than meaningful low-flip behavior, and Chapters 4 and 6 treat them as
instances of the consistency-without-grounding pattern.

Cross-model flip correlation is low (mean pairwise » = 0.06 on MIMIC, 0.04 on PadChest, 0.07
on VinDr), indicating that different models largely fail on different questions. This suggests that
sensitivity is driven by model-specific internal representations rather than inherent difficulty of certain
questions. If certain questions were inherently “hard to paraphrase” we would expect models to fail on
the same questions. The near-zero correlation argues against this explanation.
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Table 3.4: Denominator-explicit flip rates for MedGemma-4B on the binary yes/no subset, with reference
prevalence and model positive-prediction rate reported alongside. The pairwise rate (used in Table 3.3 and
throughout this chapter) divides flipped paraphrases by paraphrase pairs; the query-level rate divides ques-
tions with at least one flipped paraphrase (of the roughly 3.3 paraphrases per question) by questions. The
two must never be conflated. Prevalence and positive-prediction rate are reported because the datasets are
not answer-balanced: VinDr contains only positive presence cases (a positive-case presence-question test, no
negatives), and PadChest is 83% positive, so these datasets measure phrasing stability but cannot support
balanced-accuracy or sensitivity/specificity claims. Population and inclusion rules are fixed by the manifest
results/uai/revision/psf_binary_inclusion_manifest.jsonl; the nine VinDr non-binary “other” refer-
ences are excluded.

Dataset Questions  Pairs Ref. pos. Model pos. Pairwise flip Query-level flip
MIMIC-CXR 1,539 5,076 51% 61% 8.3% 18.1%
PadChest 8,445 36,244 83% 24% 13.4% 32.2%
VinDr-CXR 2,807 8,612 100% 50% 15.3% 28.5%
60 1
mmm MIMIC-CXR  m=m PadChest mmm VinDr-CXR 547
50 A
S
~ 40 -
3
E 32.8
£ 30
b
% 20 A 17.8 156
a 13.4 153 ' 16 13.9 120 55, 13.7
10 1 7.4 8.3 6.4 8.1 8.2

(6}
; o4® AP po2 o21° C\'\e‘/*o“e ?\adﬂj\

&S
N N L
£4G® W\ N\ed(,e"“

Figure 3.3: Flip rate for each of the six base medical VLMs across the three datasets, from the equivalence-
filtered run (Table 3.3). Daggers mark cells with degenerate yes-bias, where the rate reflects a single-class prior
rather than paraphrase robustness. No single model is best everywhere, and scaling within the MedGemma
family does not reduce sensitivity.

We quantify inter-model agreement more precisely using the Jaccard index on the query-level flip
sets (the set of questions each model flips on). The mean pairwise Jaccard index is 0.13 on MIMIC-
CXR, 0.18 on PadChest, and 0.14 on VinDr. The overlap is modest but not negligible: it is well below
the 0.5 that near-identical failure sets would produce, yet larger than on the earlier unfiltered run,
because restricting to genuine binary yes/no questions concentrates the shared vocabulary of clinically
hard cases. The practical implication survives: an ensemble of multiple medical VLMs could reduce
flip rates by exploiting the largely disjoint remainder of their failure sets, though Chapter 6 shows that
LoRA ensembles face their own challenges.

3.4.2 Per-Model Analysis

Each model’s flip rate profile reveals distinct failure patterns:

MedGemma family. The scaling trend does not produce a stable ordering. Post-filter,
MedGemma-1.5-4B and MedGemma-4B are close on MIMIC (7.4% vs. 8.3%, a 0.9 point gap), but
on PadChest MedGemma-1.5-4B is the less consistent of the two (17.5% vs. 13.4%), and on VinDr
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they diverge sharply because MedGemma-1.5-4B collapses into 100% yes-bias (its 0.8% flip rate is
artifactual) while MedGemma-4B retains a meaningful 15.3% rate. MedGemma-27B, the largest
model, is the most consistent of the three on MIMIC (6.4%) and on VinDr (8.1%), yet MedGemma-4B
edges it on PadChest (13.4% vs. 13.9%). Parameter count therefore neither predicts consistency nor
yields a fixed ranking across datasets: the model that is most consistent in distribution is not the
most consistent under either shift. Chapter 4 returns to the 27B model and shows that its consistency
on the curated FlipBank rests heavily on text priors rather than image content.

LLaVA-Rad. LLaVA-Rad’s filtered results are bifurcated: 15.6% on MIMIC-CXR and 11.6%
on VinDr-CXR (both meaningful), but only 0.7% on PadChest with 99.6% yes-bias.® The PadChest
cell looks like a strong consistency result and is the dissertation’s clearest counter-example to flip
rate as a safety metric. Chapter 4 re-examines this behavior using text-only and image-swap controls
and shows that most of LLaVA-Rad’s PadChest answers are unchanged when the image is removed
entirely; predictions on regenerated paraphrases are stable for the same reason that predictions on
swapped images are stable, namely, the model leans heavily on the question text on this distribution.
The four-quadrant analysis (Chapter 6) places the large majority of LLaVA-Rad’s consistent PadChest
predictions in the image-invariant (DANGEROUS) cell. By contrast, the 15.6% MIMIC and 11.6% VinDr
rates reflect more genuine sensitivity: text-only agreement is lower, and the model’s predictions are
not collapsed onto a single class.

RadFM. RadFM has the highest flip rate on both out-of-distribution sets (32.8% PadChest, 54.7%
VinDr) and the second-highest on MIMIC (13.7%, behind LLaVA-Rad’s 15.6%), and it is the only
model whose flip rate strictly increases with each step of distribution shift away from MIMIC. Filtering
does not narrow the gap. The PadChest figure is computed on the 8,092 evaluable binary presence
questions (a small number skipped due to image loading failures); the VinDr figure on the 2,807-
question binary presence set. Rather than a distribution-shift effect alone, the RadFM pattern looks
like a baseline instability in question processing that compounds with shift.

CheXone. CheXone [88] rises from 8.2% on MIMIC to 13.0% on PadChest, then eases slightly to
11.1% on VinDr; both out-of-distribution sets are harder than MIMIC, with PadChest marginally the
hardest. Unlike the earlier unfiltered run, there is no dataset on which its OOD flip rate falls below its
MIMIC rate, so the shift effect is monotone in aggregate for this model. CheXone replaced CheXagent
in the post-rebuttal evaluation; the older CheXagent runs on disk are stale and not reported here.

3.4.3 Cross-Dataset Analysis

The rise in flip rates from MIMIC-CXR to PadChest and VinDr-CXR, is informative about how para-
phrase sensitivity varies across clinical populations. The three sets differ in institution, task compo-
sition, label balance, and templates simultaneously, so the ratios below are cross-population contrasts
and should not be read as the effect of distribution shift alone. Post-filter, the per-model ratios (relative
to MIMIC) are:

e MedGemma-4B: 8.3% — 13.4% — 15.3% (1.61x PadChest, 1.84x VinDr)

e MedGemma-1.5-4B: 7.4% — 17.5% — 0.8%' (2.36x PadChest; VinDr cell is yes-bias artifact)

e MedGemma-27B: 6.4% — 13.9% — 8.1% (2.17x PadChest, 1.27x VinDr)

e CheXone: 8.2% — 13.0% — 11.1% (1.59x PadChest, 1.35x VinDr)

e LLaVA-Rad: 15.6% — 0.7%" — 11.6% (PadChest cell is yes-bias artifact; VinDr is 0.74x)

o RadFM: 13.7% — 32.8% — 54.7% (2.39x PadChest, 3.99x VinDr)

Three patterns are visible. First, the two yes-bias cells (LLaVA-Rad on PadChest, MedGemma-1.5-

30n the smaller, answer-balanced LLaVA-Rad flip bank used in Chapters 6 and 7 (n = 732 PadChest, with an n = 88
MIMIC counterpart, curated to contain both answer polarities), LLaVA-Rad flips more (20.5%) and its positive rate falls
to 89.6%, but it remains the most text-reliant model there; the two rates differ because the benchmark’s question mix is
dominated by positive findings while the flip bank is balanced.
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Table 3.5: Mean pairwise flip rate (%) by paraphrase transformation type on the equivalence-filtered PSF-Med
binary yes/no subset, averaged across the six base models (MedGemma-4B, MedGemma-1.5-4B, MedGemma-
27B, LLaVA-Rad, CheXone, RadFM). The negation-pattern row is dataset-asymmetric: the rubric audit re-
jected 93.8% of generated negation pairs as polarity- or operator-changing, leaving very few on MIMIC (11 per
model) and effectively none on PadChest, while the VinDr regeneration retained about 1,126 per model that
meet the equivalence rubric. Per-cell sample sizes are binary-subset paraphrase pairs per model; the MIMIC
negation cell is reported for completeness but rests on only 11 pairs.

Transformation Type MIMIC-CXR PadChest VinDr-CXR
Lexical substitution 11.1 (n=1,511) 17.2 (n=14,662) 12.5 (n—2,816)
Syntactic restructuring 8.7 (n=1,400)  16.5 (n=8,235) 18.6 (n=1,145)
Scope quantification 9.8 (n=1,183)  17.2 (n=8,095) 14.1 (n=1,842)
Specificity modulation 10.0 (n=971) 5.3 (n=5,252) 14.3 (n=1,715)
Negation pattern 18.2 (n=11) N/A 37.9 (n=1,126)

4B on VinDr) sit far below the rest because the model has collapsed onto a single class on that dataset
and is not making meaningful binary decisions; both cells are read as instances of the consistency-
without-grounding pattern in Chapter 6. Second, when both OOD cells are meaningful, the VinDr
rate is sometimes lower than the PadChest rate (MedGemma-27B, CheXone) and sometimes higher
(MedGemma-4B, RadFM); LLaVA-Rad is even more consistent on VinDr than on MIMIC (0.74x).
The two distribution shifts are not comparable on a single difficulty axis. Third, RadFM’s 3.99x ratio
on VinDr is the most severe in the table: whatever combination of institution, task composition, and
label balance separates VinDr from MIMIC degrades this model far more than the others.

These patterns have practical implications for deployment. A model’s paraphrase sensitivity on in-
distribution data may underestimate its sensitivity when deployed in a new clinical environment, and
the choice of OOD test set changes the answer: the US-to-Spain shift in PadChest produces different
rankings than the US-to-Vietnam shift in VinDr. Sensitivity testing should include multiple out-of-
distribution datasets, and clinical deployment should not generalize from a single OOD evaluation.

3.4.4 Analysis by Paraphrase Type

Table 3.5 breaks down flip rates by transformation type on the filtered run, averaged across the six
base models. The post-filter picture is dataset-dependent in a way the unfiltered earlier version of this
benchmark did not surface.

Three patterns stand out. First, on MIMIC-CXR, the four well-populated categories range from
8.7% to 11.1%, a spread of about two points; transformation type explains little of the cross-pair flip
variance once the audit removes adversarial reframing. Second, on PadChest the lexical, syntactic, and
scope categories cluster around 16.5 to 17.2% while specificity modulation sits well below the others
at 5.3%; the regenerated paraphrase set retained tighter specificity matches than the other categories.
Third, and most importantly for revisiting the original claim of that earlier version, the negation-pattern
row is highly dataset-dependent: the audit rejected 93.8% of generated negation pairs as polarity- or
operator-changing, leaving only 11 pairs per model on MIMIC (too few to estimate reliably) and
almost none on PadChest, but the VinDr regeneration retained roughly 1,126 surviving negation pairs
per model and these flip at 37.9% on average across base models, the highest rate among the VinDr
categories.

The directional pattern of the VinDr negation flips is striking. On five of the six base models
every retained-pair negation flip is a no-to-yes transition: Base 700/700, MedGemma-27B 330/330,
LLaVA-Rad 115/115, CheXone 471/471, MedGemma-1.5-4B 6/6. RadFM is the lone exception, with
936/936 going yes-to-no. The pattern is consistent with the Feature 3818 register-gate hypothesis from
Chapter 5: certain framings systematically push the model in one direction rather than producing
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Figure 3.4: Flip rate by paraphrase transformation type on the binary yes/no subset, averaged across the six
base models (Table 3.5). Negation pairs spike to 37.9% on VinDr-CXR, where about 1,126 negation paraphrases
per model survived the equivalence audit. On MIMIC and PadChest almost all negation pairs were rejected as
polarity-changing, so the type is sparse (11 pairs per model on MIMIC, almost none on PadChest).

balanced bidirectional fragility, and RadFM’s opposite asymmetry is consistent with its inverted register
sensitivity in the Sparse Autoencoder (SAE) analysis.

The VinDr finding partially rehabilitates the unfiltered claim of that earlier version that nega-
tion paraphrases are disproportionately disruptive: when the equivalence audit retains a substantial
population of negation pairs, the disruption returns. But the path from the unfiltered claim to the
filtered evidence is not a simple confirmation. The rebuttal-period audit demonstrated that most
generated negation paraphrases on MIMIC and PadChest changed the operator and were therefore
not bidirectional-entailment paraphrases at all; the original 25 to 35% headline rate on MIMIC was
inflated by these adversarial reframings. The VinDr negation pairs that survive the audit are operator-
preserving in the rubric sense, and their 37.9% flip rate is the cleanest evidence in the dissertation that
genuinely meaning-preserving negation paraphrasing remains a hard test for medical VLMs. The “yes-
to-no asymmetry” analysis on the unfiltered set is preserved in Appendix A.1 as a sensitivity analysis
on adversarial reframings. The new VinDr-restricted directional asymmetry reported in the previous
subsection is the cleaner post-filter version of the same phenomenon, computed on operator-preserving
pairs and showing the no-to-yes direction across five base models.

The mechanistic implication is that Feature 3818, the SAE-level register gate identified in Chap-
ter 5, is not specifically a negation handler. If it were, removing the negation pairs on MIMIC would
have visibly weakened the gate’s predictive power on the remaining flips, and the VinDr negation rate
would track the feature directly. Chapter 5 shows that Feature 3818 still ranks as a top flip-predictor on
the filtered FlipBank, and that its predictive role generalizes across paraphrase types rather than con-
centrating on negation. The 37.9% VinDr negation rate is therefore plausibly downstream of multiple
mechanisms, only one of which the chapter identifies.

3.4.5 Embedding Distance and Flip Prediction

If paraphrase sensitivity were driven purely by semantic distance between the original and paraphrased
questions, we would expect flip pairs to have lower embedding similarity than non-flip pairs. This is
true, but the effect is small.

Using BioClinical BERT embeddings, flip pairs have a mean cosine similarity of 0.966 versus 0.969
for non-flip pairs. The difference is statistically significant (p < 10724) but the point-biserial correlation
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is only r = —0.09. In Euclidean distance, flip pairs average 0.258 versus 0.243 for non-flip pairs.

This weak relationship tells us something important: paraphrase sensitivity is not well predicted
by how “different” the paraphrase looks in embedding space. Two questions can be nearly identical by
any standard similarity metric and still produce opposite answers. The instability is driven by features
of the model’s internal processing, not by properties of the input alone. This observation motivates
the mechanistic investigation in Chapter 5.
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Figure 3.5: Embedding distance between original and paraphrased questions, stratified by flip outcome. Flip
pairs and stable pairs overlap substantially, confirming that semantic distance is a poor predictor of sensitivity
(r = —0.09).

3.4.6 Operator Change Correction

Not all apparent flips are genuine paraphrase sensitivity failures. Some paraphrases subtly change the
operator of the question, from a presence framing (“Is there X?”) to an exclusion framing (“Can X be
ruled out?”). In these cases, the expected yes/no polarity inverts: a “Yes” to “Is there X?” and a “No” to
“Can X be ruled out?” express the same clinical judgment (the finding is present). A model that gives
“Yes” to the first and “No” to the second is not flipping; it is correctly tracking the operator change.

We develop a rule-based operator classifier that identifies presence, exclusion, likelihood, and neu-
tral framings based on lexical cues. The classifier categorizes each question-paraphrase pair as same-
operator (both use the same framing) or different-operator (the paraphrase changes the framing).
Approximately 28% of apparent flips in the raw PSF-Med results involve operator changes. After
correction (reclassifying operator-appropriate answer changes as non-flips) the true PSF rate is ap-
proximately 0.72x the raw reported rate.

This correction is conservative: we only reclassify cases where (1) the operator clearly changes and
(2) the answer change is in the expected direction for that operator change. Cases where the answer
changes in the unezpected direction (e.g., the operator changes from presence to exclusion, but the
model flips from “No” to “Yes”) remain classified as flips.

On the unfiltered earlier version of this benchmark, the operator correction affected all models
roughly equally (27 to 30% of flips were operator-related across models), so the relative ranking of
models was unchanged. Post-filter, the equivalence audit has already rejected most operator-changing
pairs as “not equivalent” (the 48.7% rejected slice in the audit), so the residual operator correction
on the filtered run is small. We report filtered raw rates throughout this dissertation. The unfiltered
operator-correction analysis is preserved in Appendix A.1 as a sensitivity analysis on the original
benchmark.

42



3.4.7 A Limited Frontier-Model Comparison

The six models above are open-weight systems evaluated with full logit access. A natural question
is whether closed frontier models, with chain-of-thought reasoning available, behave differently. We
tested this in two limited comparisons, both restricted to the binary yes/no population. First, a
matched reasoning ablation re-asks the same 1,960 paraphrase pairs with reasoning disabled and then
enabled within each of three API models; this comparison is reported in the workshop version of this
benchmark. Enabling reasoning never reduces the flip rate, and it significantly increases the rate in
two of the three models (Claude Haiku 4.5: 17.2% to 22.7%, p = 1.4 x 107°; Gemini 3 Flash: 12.7% to
15.0%, p = 0.025; GPT-5-mini: 7.8% to 8.2%, p = 0.57). Second, a larger arm evaluates four frontier
configurations on the 500 hardest binary questions per dataset, 24,336 pairs in total: pooled pairwise
flip rates are 5.7% (Kimi K3), 8.4% (Claude Opus 5 with reasoning disabled), 9.5% (Claude Opus 5
with reasoning enabled), and 9.7% (GPT-5.6), for an 8.4% pooled rate overall.

Two qualifications bound these comparisons. The larger arm evaluates an upper-tail population,
the hardest binary questions rather than a representative sample, so its rates must not be compared
cell-by-cell with Table 3.3. And when the image-reliance controls of Chapter 4 are applied to these
same arms, the frontier models show the same pattern as the open-weight fleet: a mean of 68.5% of
each frontier model’s consistent predictions are unchanged when the image is removed, against 81% for
the open-weight models, and the most flip-stable frontier model (Kimi K3) is the most image-invariant
one on PadChest (90.8%). Paraphrase sensitivity is therefore not an artifact of the six open-weight
models studied here, and a lower flip rate on these populations is no more evidence of image use for
a frontier model than it was for an open-weight one. The mechanistic and mitigation claims of this
dissertation remain scoped to open-weight models, whose internals are accessible.

3.4.8 The Text-Only Signal

As a preliminary signal, we ask whether models need the image at all to answer consistently, previewing
results that Chapter 4 establishes in detail. Chapter 4 measures text-only agreement, the fraction of
questions answered identically with the image removed entirely, on a 107-pair diagnostic set; high
text-only agreement indicates that the image contributes little to the model’s decision.

The results are striking. On the 107-pair diagnostic set, text-only agreement is 85.0% for
MedGemma-27B, 96.3% for LLaVA-Rad, and 66.4% for MedGemma-4B, the most image-dependent.
This means that for LLaVA-Rad, nearly all of its answers can be predicted from the text alone,
without looking at the chest X-ray.

High text-only agreement raises a troubling possibility. If a model returns the same answer with
and without the image, its consistency across paraphrases follows from the language pathway alone,
and a low flip rate is then not a sign of good visual reasoning. What the measurement establishes
is narrower than it first appears: removing the image did not move the answer across the yes/no
boundary, which bounds how much the image can be contributing but does not by itself show that the
model never consults it. The same observation would arise from a question text that already carries
the answer, from a margin that shifted without crossing the threshold, and from a base rate that makes
the text prior right on most items. In the two degenerate cells the argument is cleaner, because a model
answering “yes” on 99.6% or 100% of questions has collapsed onto a single-class prior and a constant
answer cannot track any image.

Chapter 4 investigates this possibility in detail using controlled image swap experiments, which
change what the image shows rather than removing it and therefore support a stronger reading than
removal alone. The key finding, previewed briefly here, is that the correlation between low flip rate
and high text-only agreement is not coincidental. It reflects a trade-off between paraphrase consistency
and image reliance.
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3.5 The FlipBank

For the mechanistic and mitigation work in Chapter 5, we construct a curated subset of flip cases

called the FlipBank. This is a set of 158 question pairs (the canonical mechanistic FlipBank used in

Chapter 5; not to be confused with the 107-pair three-backend diagnostic set of Chapter 4) collected

as flip cases under the original evaluation pipeline, where MedGemma-4B changed its binary answer

between the original and a paraphrase. Chapter 5’s re-analysis finds that 17 of these pairs are polarity

switches (where an answer change is correct behavior) and that, of the 141 operator-preserving pairs,

the model flips on 76, so downstream analyses treat the bank as a mixture of flip and non-flip pairs.

Three filtering criteria were applied at collection:

1. The model gives a definitive binary answer change (yes — no or no — yes).

2. The paraphrase has high semantic similarity to the original (> 0.95 cosine similarity in BioClini-
calBERT).

3. Both the original and paraphrased answers parse unambiguously (no hedge, refusal, or off-topic
response).

Of the 158 FlipBank cases as collected, 94 (59%) are yes-to-no answer changes and 64 (41%) are
no-to-yes, drawn from 142 unique images and 23 distinct clinical findings. The FlipBank is used as the
analysis set for SAE feature extraction (Chapter 5) and is kept separate from any training or evaluation
splits to prevent leakage.

The FlipBank construction is deliberately conservative. The 0.95 cosine similarity threshold
matches the MIMIC prefilter recorded in the evaluated data artifact and is well above the 0.90
threshold of the original construction, ensuring that FlipBank pairs are nearly indistinguishable in
embedding space. This conservatism serves the mechanistic analysis: when we observe a flip in the
FlipBank, we can be highly confident that the semantic content of the question has not changed, and
any answer change reflects instability in the model’s internal processing.

The distribution of FlipBank cases across clinical findings is non-uniform. Pleural effusion accounts
for 28 cases (17.7%), cardiomegaly for 22 (13.9%), and pneumothorax for 19 (12.0%). Less common
findings contribute fewer cases, with 6 findings contributing only 1 to 3 cases each. This distribution
roughly tracks the overall prevalence of flip-prone questions in the benchmark, though high-prevalence
findings are slightly over-represented because they have more opportunities for flip-inducing para-
phrases.

The asymmetry between yes-to-no (59%) and no-to-yes (41%) flips is notable. It suggests a slight
directional bias: the model is more likely to retract a positive diagnosis under paraphrasing than
to introduce one. This asymmetry interacts with base rates: positive predictions for rare findings
are particularly unstable, while positive predictions for common findings are more stable. Chapter 5
analyzes this asymmetry at the feature level and finds that Feature 3818 is more active for presence-style
questions (which tend to elicit “yes”), partially explaining the directional bias.

3.6 Discussion

PSF-Med establishes three facts about medical VLMs. First, paraphrase sensitivity is common and
varies widely across models and clinical populations. On the equivalence-filtered binary yes/no subset,
the lowest meaningful flip rate is 6.4% (MedGemma-27B on MIMIC) and the highest is 54.7% (RadFM
on VinDr), an 8.5x spread; two additional cells (LLaVA-Rad on PadChest and MedGemma-1.5-4B
on VinDr) drop below 1% but reflect degenerate yes-bias rather than genuine consistency. Second,
the problem is model-specific: different models fail on different questions (mean pairwise r = 0.06
on MIMIC, 0.04 on PadChest, 0.07 on VinDr), suggesting internal representational causes rather
than inherent question difficulty. Third, the relationship between consistency and accuracy is not
straightforward. A model can be consistent without being correct (by always answering the same wrong
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answer) or correct without being consistent (by answering correctly for one phrasing and incorrectly
for another).

3.6.1 Clinical Implications of Flip Rates

The flip rates measured in PSF-Med can be translated into concrete clinical scenarios, provided the
denominator is stated. On MIMIC-CXR, MedGemma-4B’s 8.3% pairwise rate means that roughly 1 in
12 individual rephrasings of a question receives a different answer; the more relevant per-question figure
is the query-level rate of 18.1%, meaning that about 1 in 5 questions receives at least one contradictory
answer across its rephrasings. In a workflow processing 100 images per day with one query per image,
that is roughly 18 questions per day for which the answer depends on wording. On PadChest the same
model’s query-level rate rises to 32.2%, roughly 1 in 3 questions. These per-question rates are well
above what a clinician would tolerate from a deterministic decision support tool, and the gap between
the pairwise and query-level framings is itself a caution: a benchmark that reports only the smaller
pairwise number understates the per-question exposure that a deployed clinician actually faces.

Negation framings remain clinically important even though the equivalence audit removed most
negation-pattern paraphrases from the headline benchmark. Clinicians routinely use exclusion phras-
ings (“Is pneumothorax excluded?”, “Can we rule out effusion?”, “Is there no evidence of consolida-
tion?”), and the rubric audit showed that 93.8% of GPT-generated negation paraphrases are not strict
bidirectional-entailment paraphrases of presence questions: rephrasing “Is X present?” as “Can X be
ruled out?” usually changes the operator and therefore the expected answer polarity. The clinical risk
is real, but it is a question of operator-aware reasoning rather than of paraphrase robustness, and we
treat it that way in the safety evaluation in Chapter 6. The adversarial reframing slice (the rejected
48.7% of audited pairs) is preserved and reported separately in Appendix A.1.

3.6.2 The Text-Only Concern

The most concerning finding is the text-only signal. Models that appear consistent may be achieving
that consistency from the question text rather than from the image. This is not detectable by measuring
flip rate alone. The correlation between low flip rate and high text-only agreement is not a coincidence.
It reflects a systematic pattern where paraphrase consistency arises from text-driven behavior rather
than from stable visual processing.

This finding has immediate practical implications. Any evaluation of paraphrase sensitivity in med-
ical VLMs must include text-only baselines or controlled image swap tests to distinguish genuine visual
grounding from text-driven shortcuts. Reporting flip rate without text-only agreement is incomplete
and potentially misleading: a model with 2% flip rate and 98% text-only agreement appears reliable,
yet 98% of its answers are unchanged when the image is removed, so its flip rate certifies nothing about
whether the scan is being read. The next chapter takes up this challenge directly.

3.6.3 Comparison to General-Domain VLM Robustness

The paraphrase sensitivity rates we observe in medical VLMs can be contextualized against known
robustness issues in general-domain vision-language models. In the VQA-CP benchmark [17], question-
type bias causes accuracy drops of 15 to 40 percentage points when the question-answer distribution
shifts between training and test. In adversarial paraphrasing of text classifiers [99], syntactically
controlled paraphrases fool models on 20 to 30% of inputs. Our post-filter flip rates (meaningful
range 6.4 to 54.7%) are comparable in magnitude to these adversarial baselines on the OOD datasets
and smaller on MIMIC, but arise in a distinct setting: the perturbation preserves meaning (unlike
adversarial attacks), and the consequence of failure is clinical rather than academic.

The medical setting also introduces unique considerations. General-domain VQA datasets have
diverse question types and answer vocabularies, making consistency harder to define. Medical binary
questions have a clear consistency criterion (the answer should not change under paraphrasing), making
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PSF measurement unambiguous. However, the clinical stakes also mean that even low flip rates (8%)
translate to frequent inconsistencies in daily clinical workflows, as discussed in Section 3.6.

3.6.4 Summary

The take-away from Thrust 1 is that paraphrase sensitivity is a real, measurable, and widespread
property of how medical VLMs relate clinical queries to diagnostic images, not an artifact of evaluation
or imperfect paraphrases. The text-only signal, the identification of MedGemma-4B as high-flip but
image-dependent, and the FlipBank set up the diagnosis and mitigation in the chapters that follow.
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Chapter 4

Thrust 2: Diagnosing the Origin of
Paraphrase Sensitivity

Research questions. This chapter answers RQ2.1 (how far models rely on text priors versus image
content), RQ2.2 (whether paraphrase consistency trades off against visual grounding), and RQ2.3
(whether flipped answers attend less to the relevant anatomical region).

Main contribution. A controlled diagnosis that separates consistency from image dependence: on
a 107-pair three-backend diagnostic set, text-only, gray-placeholder, and opposite-label-swap controls
show that the model which flips least also reads the image least, so a low flip rate is not evidence of
visual grounding, a tendency across the models studied rather than a universal law.

Chapter 3 established that paraphrase sensitivity is prevalent across medical Vision-Language Mod-
els, with post-filter flip rates on the binary yes/no subset ranging from 6.4% to 54.7% across six models
on three clinical populations (MIMIC-CXR, PadChest, VinDr-CXR), once two cells of degenerate yes-
bias are set aside. The text-only signal in Section 3.4.8 hinted at a troubling possibility: models with
low flip rates may achieve their consistency not through stable visual reasoning, but by answering from
language priors that the image does little to move. This chapter investigates that possibility directly.

The central question is: when a model gives consistent answers across paraphrases, is that consis-
tency grounded in visual evidence? We design three controlled experiments to answer this question:
text-only evaluation (removing the image entirely), controlled image swap (replacing the image with one
showing the opposite finding), and attention-bounding box analysis (measuring whether the model’s
attention targets the correct anatomical region). The experiments are applied to three model back-
ends that span the consistency spectrum: MedGemma-4B (high flip rate, 42.1%), MedGemma-27B
(moderate flip rate, 14.0%), and LLaVA-Rad (low flip rate, 6.5%) on the 107-pair diagnostic set.

The findings reveal a robustness-grounding trade-off that is the central tension of this dissertation.
MedGemma-4B exhibits high flip rates but maintains meaningful image dependence: its answers change
30.8% of the time when the image is swapped to show the opposite finding. LLaVA-Rad shows near-
zero flip rate but is almost entirely text-driven: its answers match the text-only condition 96.3% of
the time and change under image swap only 10.3% of the time. MedGemma-27B sits between these
extremes, showing that scaling reduces flip rate but also reduces visual grounding. These results have a
direct practical implication: mitigations developed in Thrust 3 should target models that are grounded
but unstable (like MedGemma-4B), not models that are stable because their answers barely move with
the image (like LLaVA-Rad).
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Thrust 2: A consistency vs. image-reliance tendency in three backends
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Figure 4.1: Thrust 2 at a glance. Two controls separate the ways a model can appear consistent: removing the
image tests text-only agreement, and swapping in an image of the opposite finding tests image-swap sensitivity.
On the resulting trade-off, LLaVA-Rad is stable because it leans on the question text, while MedGemma-4B
uses the image but flips more often.

4.1 Related Work
4.1.1 Language Priors in Vision-Language Models

The tendency of vision-language models to rely on language priors rather than visual content is well
documented in the general domain (Chapter 3 and [17, 16]): a model can achieve high benchmark
accuracy while largely ignoring the image, a special case of the shortcut learning that Geirhos et al. [104]
document across domains. In the medical setting this takes a specific form. Chest X-ray findings have
strong base rates (cardiomegaly and pleural effusion are far more common than pneumothorax or
pneumomediastinum), so a model that learns these rates can answer “Yes” to common findings and
“No” to rare ones without analyzing the image. LLaVA-Med’s training data is built from figure captions
enriched for positive findings [5], a construction that favours a positive prior, and Eslami et al. |7] found
that medical CLIP models show less visual-grounding benefit than in general-domain tasks, suggesting
the language pathway dominates when clinical text provides sufficient signal.

The contribution of this chapter is to show that language-prior reliance is not merely a training
artifact but a systematic failure mode that correlates with paraphrase consistency: the models most
consistent across paraphrases are, paradoxically, the ones that rely most heavily on text priors.

4.1.2 Visual Grounding Analysis Methods

Evaluating whether a model uses visual information requires interventions that go beyond standard
accuracy testing. Several approaches have been developed in the general domain.

Text-only baselines. The simplest test of visual grounding is to remove the image entirely and
observe whether the model’s behavior changes. A changed answer establishes that the image mattered
for that prediction. An unchanged answer establishes less than it appears to: it shows that removing
the image did not move the decision across the yes/no boundary, which is also what one would observe
if the question text carried redundant evidence, if the margin shifted without crossing the threshold,
or if the finding’s base rate made the text prior right anyway. Removal therefore bounds how much the
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image can be contributing rather than proving that the model did not consult it, which is why we pair
it with the controlled image swap of Section 4.2, a control that changes what the image shows instead
of taking the image away. This approach has been used in VQA evaluation [17, 16] and has revealed
that many VQA models perform well above chance even without images. We extend this approach to
medical VLMs, where it has received less systematic attention.

Image perturbation. A complementary approach replaces the correct image with an incorrect one
and measures whether the model’s answer changes. Shah et al. [97] enforce cycle-consistency between
a question, a generated rephrasing of it, and the answer on a fized image, which tests linguistic rather
than visual perturbation; our controlled swap protocol is the image-side complement to that idea.
Our controlled swap protocol extends this idea by specifically pairing each question with an image
that shows the opposite ground-truth label for the queried finding, providing a stronger test of visual
dependence than random image substitution.

Attention analysis. Attention heatmaps have been widely used to visualize which image regions
a model attends to [105]. In medical imaging, attention overlap with radiologist-annotated pathology
regions has been used as evidence of visual grounding. However, the interpretability of attention weights
is contested. Jain and Wallace [106] showed that attention weights are frequently uncorrelated with
gradient-based importance measures and that different attention distributions can produce equivalent
predictions. Wiegreffe and Pinter [107] challenged this view, arguing that the existence of alternative
attention distributions does not invalidate the explanatory value of learned attention. We use attention
analysis as one signal among several, while acknowledging its limitations.

Causal interventions. The strongest evidence for visual grounding comes from causal interven-
tions: if removing or altering a specific image region changes the model’s prediction, that region was
causally important. Adebayo et al. [108] introduced sanity checks for saliency methods, showing that
many explanation methods produce similar outputs regardless of model weights. We use region of
interest (ROI) ablation (removing the annotated pathology region and observing whether the answer
changes) as a causal complement to attention overlap analysis.

4.1.3 The Attention Faithfulness Debate

The question of whether attention weights faithfully represent a model’s reasoning process has generated
substantial debate in the natural language processing (NLP) and machine learning communities. This
debate is directly relevant to our work because attention heatmaps are commonly presented as evidence
of visual grounding in medical VLMs.

Jain and Wallace [106] argued against attention as explanation on two grounds: learned atten-
tion weights correlate poorly with gradient-based importance, and adversarial attention distributions
substantially different from the learned ones can produce nearly identical outputs. Wiegreffe and Pin-
ter [107] countered that the existence of alternative explanations does not invalidate a given one, and
that attention carries task-relevant information under appropriate diagnostic tests.

For medical VLMs, this debate has practical implications. If a model’s attention heatmap highlights
the correct lung region when answering a question about pneumothorax, clinicians may interpret this
as evidence that the model identified the pneumothorax in the image. Our results suggest caution:
we find that attention overlap with pathology regions is poor for MedGemma-4B, the model measured
here, and Chapter 6 shows that attention saliency is uncorrelated with causal importance under patch
occlusion. The attention debate in NLP translates directly to the medical imaging setting, and the
evidence in our case supports skepticism about attention as a grounding signal.

4.1.4 Robustness Versus Reliability in Clinical Al

The distinction between robustness (consistent behavior under perturbation) and reliability (correct
behavior grounded in evidence) is implicit in much of the Al safety literature but rarely made explicit.
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In the clinical Al context, this distinction is critical.

A model can be consistent without being reliable: it gives the same answer regardless of input
perturbation, but that answer is not based on the evidence. This is the “Clever Hans” failure mode
identified in the general domain [104], where models learn superficial correlations that happen to work
on standard benchmarks but fail when the correlation is broken. In medical imaging, this manifests as
models that learn text-based priors (“most chest X-rays are normal, so answer No to most findings”)
rather than visual features.

Conversely, a model can be reliable without being consistent: it correctly identifies findings when
the question is phrased in a specific way, but its internal representation of the image evidence is fragile
enough that rephrasing the question shifts the decision boundary. This is the failure mode identified in
Chapter 3: MedGemma-4B correctly identifies pleural effusion on a chest X-ray when asked “Is there
pleural effusion?” but changes its answer when asked “Does this X-ray show fluid in the pleural space?”

The goal is a model that is both consistent and reliable: consistent under paraphrasing because its
answers are grounded in stable visual representations. Current models achieve at best one of these
properties. The experiments in this chapter characterize which property each model achieves and why.

4.2 Experimental Design
4.2.1 Research Questions

This thrust addresses three specific questions:

1. RQ1: Text reliance. To what extent do models rely on text priors versus image content when
answering clinical questions? Can the model’s answer be predicted from the question alone, without
the image?

2. RQ2: Image sensitivity. When the image is changed to show the opposite finding, does the
model change its answer? An unchanged answer means the decision did not depend on that change
in image content, which is the strongest available bound on image reliance short of a causal ablation.

3. RQ3: Spatial grounding. When the model does appear to use the image, is its attention directed
at the correct anatomical region? Does attention overlap with radiologist-annotated pathology
regions differ between flip and non-flip cases?

These questions form a diagnostic hierarchy. RQ1 tests the coarsest form of image dependence
(any dependence at all). RQ2 tests whether the dependence is on the content of the image (not just
its presence). RQ3 tests whether the model attends to the relevant content. A model must pass all
three tests to demonstrate genuine visual grounding.

4.2.2 Model Selection

We evaluate three model backends chosen to span the consistency-grounding spectrum identified in
Chapter 3:

e MedGemma-4B [11]: A medical VLM with 4 billion parameters, based on Gemma 3 with a
MedSigLIP vision encoder. It showed the highest flip rate among the MedGemma family (42.1%
on the diagnostic set) and is the model targeted for mitigation in Thrust 3. Its high flip rate but
potentially strong image grounding makes it a candidate for targeted improvement.

¢ MedGemma-27B [11|: The larger variant with 27 billion parameters. It achieved a lower flip
rate (14.0%) on the diagnostic set, allowing us to test whether model scaling improves consistency
through better visual grounding or through stronger text priors. Comparing the 4B and 27B
variants isolates the effect of scale within a fixed architecture family.

e LLaVA-Rad [86]: A radiology-adapted VLM with 7 billion parameters, based on the LLaVA
framework with BiomedCLIP as the vision encoder and Vicuna-7B as the language backbone.
LLaVA-Rad was developed by Microsoft specifically for radiology report generation and showed
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the lowest flip rate (6.5%) in our preliminary analysis. Its completely different architecture from

MedGemma tests whether the robustness-grounding trade-off is architecture-specific or general.

All models are evaluated in deterministic mode (temperature 0, greedy decoding) to ensure re-
producibility. No fine-tuning is performed in this diagnostic chapter; the goal is to characterize each
model’s behavior as deployed.

4.2.3 Evaluation Dataset

The diagnostic experiments use a three-backend diagnostic set of 107 semantically close question-
paraphrase pairs (distinct from the 158-pair mechanistic FlipBank of Section 3.5; all three backends
are evaluated on the identical 107 pairs). Each item contains an original question and a paraphrase
with high semantic similarity (> 0.95 cosine similarity in BioClinical BERT [103]), paired with a chest
X-ray image. The questions are binary presence-style (“Is there [finding|?”) where the model output
can be parsed unambiguously as Yes or No. This curated set provides controlled conditions for the
diagnostic experiments: we know the ground truth, the paraphrase relationship, and the flip status
for each model. Because it is small and deliberately curated for these controlled conditions, its flip
rates are not population-level estimates: MedGemma-4B flips on 42.1% of these 107 pairs, roughly
five times its 8.3% headline flip rate on the full PSF-Med binary yes/no benchmark (Chapter 3). The
42.1% diagnostic-set figure should not be read as, or compared against, that benchmark number.

The diagnostic set is drawn from both MIMIC-CXR [38| and PadChest [101], though the primary
analyses use the MIMIC-CXR subset where ground-truth labels are available from structured radiology
reports. PadChest provides the bounding box annotations needed for the attention grounding analysis

(RQ3).
4.2.4 Text-Only Evaluation Protocol

For RQ1, we evaluate each model under two conditions on the same question set:

1. Real image condition: The model receives the chest X-ray image and the clinical question. This
is the standard evaluation setting.

2. Text-only condition: The model receives the same question with the image removed entirely, so
no image tokens are supplied. This forces the model to answer based solely on the question text
and any prior knowledge encoded in its language model weights.

We measure text-only agreement: the fraction of questions for which the model gives the same
answer with and without the image; high text-only agreement indicates that the image contributes little
to the model’s decision. The answers compared are the binary yes/no readouts of the two conditions
above. Formally:

TextOnlyAgree(M |Q| Z = M(q, )] (4.1)

q€Q

where M(q, I) is the model’s answer to question ¢ with image I, and M(q, @) is the answer when no
image is supplied.

The metric reads in one direction only. Every question on which the answer changes when the image
is removed is a question the image demonstrably influenced, so 1 — TextOnlyAgree(M) is a lower bound
on the fraction of predictions that depend on the image, and TextOnlyAgree(M) is correspondingly
an upper bound on the fraction that could be decided without it. The bound is not tight, and it is not
an entailment. A model at 100% text-only agreement produced no answer that removal moved, which
is compatible with the image contributing nothing, but equally compatible with a question text that
already carries the answer, with a margin that shifted without crossing the yes/no threshold, and with
a base rate that makes the text prior right on most items. A model at 50% text-only agreement (for
binary questions with balanced labels) is shown to depend on the image on at least half its predictions;
nothing follows about the other half, which may also have been informed by the image without the
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argmax changing. Read as a bound, the metric still gives the intuition it is meant to give: neither
extreme is desirable, and a useful diagnostic model should show substantial but not total text-only
agreement, indicating that it draws on both text knowledge and visual evidence.

We also compute a complementary metric, the image agnostic rate: the fraction of questions
where the model returns the same answer under all three image conditions, namely the real chest X-ray,
a uniform gray placeholder image (all pixels set to RGB value 128, so the visual tokens are present but
carry no diagnostic content), and a swapped image showing the opposite finding (introduced in the
next subsection). Unlike text-only agreement, which removes the image entirely, this metric keeps the
number of visual tokens fixed and varies only their content, isolating the model’s sensitivity to what
the image shows rather than to its mere presence.

4.2.5 Controlled Image Swap Protocol

For RQ2, we replace the real image with an opposite-label image: a different patient’s chest X-ray
that shows the opposite ground-truth label for the same clinical finding. If the original question asks
“Is there pleural effusion?” and the real image is positive for pleural effusion, the swap image is selected
from the dataset as a confirmed negative for pleural effusion.

We measure swap sensitivity: the fraction of questions where the model changes its binary answer
when the image is swapped. Formally:

SwapSens(M) Z 1[M(q, Lrea1) # M (q, Lswap)] (4.2)

~al prercd

High swap sensitivity indicates that the model’s answer depends on the specific image content. Low
swap sensitivity indicates that the model gives the same answer for the real image and for one carrying
the opposite finding, which is the signature of text-driven behavior.

The swap pool is constructed by matching each question to the nearest opposite-label image by
finding type. We ensure that the swap image differs from the original only in the queried finding, not
in overall image quality or patient demographics, to the extent possible. The swap pool size is reported
per finding to identify potential selection bias. For findings with fewer than 5 opposite-label images
available, we exclude the question from the swap analysis.

4.2.6 Attention-Bounding Box Overlap Protocol

For RQ3, we use PadChest’s radiologist-annotated bounding boxes to test whether model attention
targets the correct anatomical region. PadChest provides radiologist-annotated bounding boxes across
multiple pathological findings. From the PadChest grounded reports we identify a large pool of
question-image pairs that have at least one annotated box (16,345 flip and 33,177 no-flip pairs, 49,522
in total); the attention analysis below uses a balanced subsample of 200 of these pairs (100 flip, 100
no-flip). This 200-pair balanced subsample is the sample size for the flip versus no-flip comparison re-
ported in this chapter (Table 4.2); the separate 637-box, all-positive PadChest grounding subset used
for the controlled-baseline grounding analysis (spatial-shift and region-deletion controls) belongs to a
different analysis reported in Chapter 6.

For each question with an associated bounding box, we extract the visual attention map from the
decoder’s self-attention, restricted to the entries where text-token queries attend to image-token keys
(MedGemma is a decoder-only model that interleaves projected image tokens with text tokens in a
single sequence and has no dedicated cross-attention modules). We compute three metrics:

¢ Ground-truth (GT) coverage: The fraction of attention weight that falls within the annotated
bounding box. This measures whether the model attends to the pathology region.
e Precision: The fraction of the model’s high-attention cells (grid cells whose attention exceeds

a high-attention threshold) that fall inside the annotated bounding box. Whereas coverage is
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Table 4.1: Backend comparison on Thrust 2 diagnostics. Flip rate measures disagreement between original and
paraphrase on the real image. Pairwise accuracy requires the original and paraphrased answers to be correct.
Text-only agreement and swap sensitivity quantify dependence on visual input. Higher text-only agreement and
lower swap sensitivity indicate more text-driven behavior.

Metric MedGemma-4B MedGemma-27B LLaVA-Rad
N 107 107 107
Accuracy Metrics

Accuracy (Original) 61.7% 57.0% 47.7%
Accuracy (Paraphrase) 53.3% 50.5% 43.0%
Pairwise Accuracy 36.4% 46.7% 42.1%
Paraphrase Sensitivity

Flip Rate 42.1% 14.0% 6.5%
Image Grounding

Text-Only Agreement 66.4% 85.0% 96.3%
Swap Sensitivity 30.8% 19.6% 10.3%
Image Agnostic Rate 43.0% 60.7% 85.0%
Baselines

Always Yes 43.9% 43.9% 43.9%
Always No 56.1% 56.1% 56.1%

normalized by the total attention mass over the whole image, precision is normalized by the model’s
own high-attention region, so it measures how much of where the model looks most strongly lands
on the pathology.
e Statistical comparison: GT coverage for flip versus no-flip cases is compared with a two-sample
t-test to test whether attention to the pathology region differs by flip status.
We compare these metrics between flip cases (questions where the model’s answer changes under
paraphrasing) and non-flip cases to test whether spatial grounding differs between consistent and
inconsistent predictions.

4.3 Results: Text-Only Analysis
4.3.1 Main Results

Table 4.1 summarizes the diagnostic metrics across all three models. The results reveal a clear and
striking pattern: as models become more stable under paraphrasing, they simultaneously become more
text-driven and less grounded in the image.

MedGemma-4B shows the highest flip rate (42.1%) but also the highest swap sensitivity (30.8%)
and the lowest text-only agreement (66.4%). Nearly a third of its predictions change when the image is
replaced with one showing the opposite finding. This confirms that MedGemma-4B relies meaningfully
on image content for its decisions, but this reliance is fragile. The same image-grounded representation
that enables sensitivity to visual evidence also enables sensitivity to question phrasing. When the
model attends to the image, it processes the image differently depending on how the question frames
the clinical query.

MedGemma-27B shows reduced flip rate (14.0%) compared to the 4B variant, suggesting that
model scaling helps with paraphrase stability. However, this improvement comes at a measurable
cost to visual grounding. Text-only agreement increases to 85.0%, meaning 85% of the 27B model’s
answers can be predicted from the question text alone without the image. Swap sensitivity drops to
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19.6%, down from 30.8% for the 4B variant. The larger model is more consistent, but it achieves this
consistency partly by relying more heavily on text priors.

LLaVA-Rad presents the most extreme case. It shows the lowest flip rate (6.5%) but is almost
entirely text-driven. Its answers match the text-only condition for 96.3% of questions, and the con-
trolled swap changes its answer only 10.3% of the time. For practical purposes, on this diagnostic
set LLaVA-Rad behaves close to a text-only model that happens to accept image input. Its apparent
consistency under paraphrasing is not accounted for by stable visual grounding. The evidence for that
is the image agnostic rate of 85.0%, which is the stronger of the two controls because it requires the
answer to survive an opposite-label swap and a gray placeholder rather than only the removal of the
image: for 85% of questions LLaVA-Rad returns the same answer whether or not the queried finding
is present in the scan, which bounds at 15% the share of these decisions in which image content can
be changing the outcome.

4.3.2 Interpreting the Baseline Rates

The “Always Yes” and “Always No” baseline rates in Table 4.1 provide context for interpreting model
accuracy. In this dataset, the “Always No” baseline achieves 56.1% accuracy, reflecting the fact that
most queried findings are absent in most images. A model that achieves accuracy near these baselines
may be doing little more than predicting the majority class.

MedGemma-4B achieves 61.7% accuracy on original questions, only 5.6 percentage points above
the “Always No” baseline. MedGemma-27B reaches 57.0%, barely above baseline. LLaVA-Rad at
47.7% actually falls below the “Always No” baseline. It answers “Yes” more often than the base rate
would justify, indicating a positive bias in its text priors. These accuracy figures are modest, which is
important context: these models are not achieving high accuracy and then failing on paraphrases; they
are achieving marginal accuracy while simultaneously exhibiting high text reliance. This also bounds
what the chapter claims. Because accuracy here sits within a few points of the majority-class rate,
and below it for LLaVA-Rad, these backends are not competent on this curated set, so what follows
is a statement about the relationship between consistency and image reliance and not a claim about
diagnostic quality. The set was assembled from near-paraphrase pairs for diagnosis rather than sampled
to estimate performance; benchmark accuracy on the full evaluation set is reported in Chapter 3.

4.3.3 Cross-Model Comparison of Text Reliance

The relationship between flip rate and text-only agreement follows a monotonic pattern across the
three models:

¢ MedGemma-4B: 42.1% flip rate, 66.4% text-only agreement

e MedGemma-27B: 14.0% flip rate, 85.0% text-only agreement

e LLaVA-Rad: 6.5% flip rate, 96.3% text-only agreement

As flip rate decreases, text-only agreement increases. The Pearson correlation between these two

metrics across the three models is approximately » = —0.98, nearly perfect. Three cautions apply. First,
and most important, the three backends were deliberately chosen to span the consistency spectrum,
so the coefficient is computed across models selected on one of the two variables being correlated; a
near-perfect value is close to guaranteed by that design, and the number should be read as a description
of the ordering these three models happen to realize rather than as an estimate of an effect size in any
population. Second, this is a sample of only three models, so the correlation alone does not establish
a general law. Third, the flip rates here are computed on the 107-pair diagnostic set, which was
constructed before the equivalence audit and therefore still contains operator-changing pairs, so the
individual flip labels are not clean. The trade-off is quantified properly on the audited benchmark and
the four-quadrant analysis of Chapter 6; here the three-model pattern is illustrative and consistent
with the hypothesis that current medical VLMs achieve paraphrase consistency primarily through text

o4



Opposite-Label Swap Sensitivity Agreement with Text-Only Baseline

-
S
S

96.3%

85.0%

@
3

66.4%

o
3

Swap Sensitivity (%)
&

Text-Only Agreement (%)

10.3%

~
S

218 48 218 280
edce™™ edGe™ edce™™ e

Model Model

-AB
Med@eﬂ\“‘“

NP S

Figure 4.2: Controlled opposite-label swap sensitivity. Higher values indicate stronger dependence on visual
evidence. MedGemma-4B shows the highest sensitivity, confirming it relies on the image despite its high flip
rate. LLaVA-Rad shows minimal sensitivity, consistent with near-complete text reliance.

priors rather than through stable visual representations.

This pattern has been confirmed across a larger set of models and datasets in the Thrust 4 evaluation
(Chapter 6), where a mean of 81% of each model’s consistent predictions turn out to be image-invariant
regardless of its flip rate (the r = —0.86 correlation between flip rate and the image-invariant fraction
that one might report from these data is largely definitional and is discussed there).

4.4 Results: Image Swap Sensitivity
4.4.1 Controlled Swap Results

Figure 4.2 shows the swap sensitivity for each model. When the image is replaced with one showing
the opposite finding, MedGemma-4B changes its answer 30.8% of the time, MedGemma-27B changes
19.6% of the time, and LLaVA-Rad changes only 10.3% of the time.

The swap sensitivity numbers should be interpreted in the context of the experimental design. A
perfect model, one that always answers based on the image content, would show 100% swap sensitivity
when the swapped image has the opposite label. The fact that even MedGemma-4B achieves only
30.8% indicates that all three models rely substantially on text priors. The difference is one of degree:
the swap moves MedGemma-4B’s answer on roughly a third of decisions and LLaVA-Rad’s on one in
ten, so image content is demonstrably doing work at least that often in each case. Because the swap
can only reveal image reliance that changes the argmax, these are lower bounds on how often the image
is consulted, not counts of the predictions that use it.

4.4.2 Swap Sensitivity by Clinical Finding

Swap sensitivity varies across clinical findings, reflecting differences in how models process different
pathologies. Restricting to findings with at least five questions in the diagnostic set, swap sensitivity
for MedGemma-4B is highest for consolidation (62.5%, n = 8), opacity (45.5%, n = 11), and pleural
effusion (40.0%, n = 15), and lowest for atelectasis (12.9%, n = 31). Pneumothorax and pleural
thickening sit in between (both 25.0%, n = 8 and n = 12). Findings with fewer than five questions
(for example cardiomegaly, n = 3) are excluded because their rates are too noisy to interpret.

This finding-level variation suggests that visual grounding is not a binary property but a spectrum:
the model may ground its answers in the image for some findings and rely on text priors for others. The
findings with the highest swap sensitivity (consolidation, opacity, pleural effusion) all produce promi-
nent, spatially extended radiographic changes, while the lowest swap sensitivity occurs for atelectasis,
a subtler and often regional finding. Per-finding counts in the diagnostic set are small, so these rates
should be read as suggestive rather than precise.
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Table 4.2: Attention-bounding box analysis on PadChest (N = 200 samples with ground-truth boxes). Flip cases
show substantially lower attention to pathology regions than non-flip cases, suggesting that spatial grounding
failures contribute to paraphrase sensitivity.

Metric Flip Cases No-Flip Cases
GT Coverage 8.4% 14.2%
Precision 10.6% 29.0%

4.4.3 The Image Agnostic Rate

Recall the image agnostic rate defined in Section 4.2: the proportion of questions where a model
returns the same answer under all three image conditions, the real image, the uniform gray placeholder,
and the opposite-label swap. These are predictions where neither stripping the diagnostic content (the
gray placeholder) nor replacing it with the opposite finding (the swap) moves the answer across the
yes/no boundary. The image agnostic rates are 43.0% for MedGemma-4B, 60.7% for MedGemma-27B,
and 85.0% for LLaVA-Rad. For LLaVA-Rad, 85% of its predictions are identical whether the patient
has the queried finding or not. The clinical import is that for these predictions the yes/no output does
not distinguish a patient who has the finding from one who does not, whatever the model computed
internally.

4.5 Results: Attention Grounding Analysis

4.5.1 Attention-Pathology Overlap

Using the balanced 200-pair subsample introduced in Section 4.2 (100 flip and 100 no-flip pairs, drawn
from the 49,522-pair annotated pool), we measure whether model attention targets the correct anatom-
ical region. For each question with an associated bounding box, we extract the visual attention map
and compute the ground-truth (GT) coverage: the fraction of total attention weight that falls within
the annotated pathology region.

Table 4.2 presents the results for MedGemma-4B on a subset of 200 PadChest questions. Two
findings stand out.

First, attention to pathology regions is low overall. Even for non-flip cases (where the model answers
consistently), GT coverage is only 14.2%. The model directs roughly one-seventh of its attention to
the correct region, distributing the remainder across the entire image. Precision (the concentration
of within-box attention) is 29.0% for non-flip cases, meaning that when the model does attend to the
pathology region, its attention is not tightly concentrated.

Second, flip cases show 41% lower GT coverage than non-flip cases (8.4% versus 14.2%, p < 1078,
two-tailed t-test, ¢ = —6.13). When the model flips its answer under paraphrasing, it was attending
less to the relevant anatomical region. This correlation between spatial grounding and paraphrase
consistency suggests that both phenomena share a common cause: when the model’s visual processing of
the relevant region is weak, it is more vulnerable to perturbation from the text side. One caveat qualifies
the strength of this claim: the flip/non-flip split uses paraphrase pairs from before the equivalence audit,
so some “flip” cases are operator changes rather than genuine paraphrases, and the attention gap may
be partly confounded by paraphrase category. The direction of the effect is stable, but its magnitude
should be read as suggestive rather than a clean paraphrase-specific estimate.

Even for non-flip cases, the GT coverage of 14.2% is low in absolute terms: the model directs only
about one-seventh of its attention mass into the annotated pathology region. The gap between flip
(8.4%) and non-flip (14.2%) coverage is the load-bearing comparison, indicating that flip cases attend
even less to the pathology region. We did not run displaced-box or random-location control baselines
for this N = 200 subset, so the absolute coverage values should be read as relative (flip versus no-flip)
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rather than against a null spatial baseline.

4.5.2 Limitations of Attention-Based Grounding Measures

Several caveats apply to the attention grounding analysis. These limitations are important for in-
terpreting the results and for understanding what the analysis can and cannot tell us about model
behavior.

First, attention weights may not faithfully reflect model reasoning [106, 107]. The debate over
attention interpretability in NLP extends to the vision-language setting. A model may process the
pathology region through mechanisms not captured by attention maps, such as distributed represen-
tations in the multi-layer perceptron (MLP) layers or indirect propagation through multiple attention
heads. Low attention overlap does not necessarily mean the model ignores the pathology; it may attend
to it through a channel we are not measuring.

Second, the sample size of 200 is sufficient to detect the observed effect (p < 0.05) but limits
generalization. A larger sample with more diverse findings and patient demographics would provide
stronger evidence.

Third, bounding box annotations may not capture all relevant image regions. Radiologists anno-
tate the primary pathology, but the model may attend to secondary signs (e.g., a lateral shift of the
mediastinum as evidence of pleural effusion, rather than the effusion itself). Attention to diagnosti-
cally relevant but un-annotated regions would register as low GT coverage despite meaningful visual
grounding.

Fourth, the analysis uses attention at a single layer. Different layers may attend to different image
regions, and aggregating across layers could produce different coverage statistics. We use the final
decoder layer’s text-to-image self-attention, which is the most directly relevant to the model’s output,
but this is a design choice that affects the results.

Despite these limitations, the attention analysis provides a useful signal when combined with the
text-only and swap experiments. No single metric is definitive, but the three signals point the same way
for the models tested: high text-only agreement, low swap sensitivity, and (for MedGemma-4B, the
only model measured here for attention) low attention overlap with the annotated pathology region.
The swap result is the one that carries the most weight, because it varies image content rather than
removing the image, and it is what licenses the statement that image content contributes little to these
answers.

4.6 The Robustness-Grounding Trade-off

4.6.1 Quantifying the Trade-off

Figure 4.3 visualizes the central finding of this chapter. Each model is plotted with flip rate on the
horizontal axis and text-only agreement on the vertical axis. The three models trace a clear trajectory
from the upper-left (LLaVA-Rad: low flips, high text reliance) to the lower-right (MedGemma-4B:
high flips, lower text reliance). MedGemma-27B occupies the middle.

This trade-off has a simple intuitive explanation. A model’s answer depends on two sources of
information: the image and the text. If the model weighs text heavily, its answer is determined pri-
marily by the question phrasing and clinical priors. Since the question’s clinical meaning is preserved
under paraphrasing (by construction), the text-driven answer is stable. If the model weighs the image
heavily, its answer integrates visual evidence that may be ambiguous or borderline. The same ambigu-
ous image evidence can tip the model’s decision differently depending on how the question frames the
clinical query, leading to flips.

Visual grounding tends to create a vulnerability to text perturbation. A model that genuinely
processes the image maintains a representation that can be sensitive to input framing, whereas a

o7



Consistency by ignoring the image: flip rate vs text-only agreement

\\
~
o MedG 4B
~ (5] emma-
\\\.
40 T \\\
~
—_~ \\\
Q RN
~
4&1’ 30 T \\
— \\
= N
= S
E 20 1 \\\
= ~
Q ~
@ MedGemma-27B
— ~
g
~
10 A ~
LLaVA-Rad
\\
\\
Pearson r=—0.983 S
~
0 T T T T T T T > 1
60 65 70 75 80 85 90 95 100

Text-only agreement (%)

Figure 4.3: Flip rate versus text-only agreement for the three backends. A lower flip rate does not necessarily
indicate better visual grounding. The strong negative correlation (approximately » = —0.98 across these three
backends) illustrates the tendency for a lower flip rate to coincide with weaker image dependence; it is consistent
with, but does not on its own establish, a general trade-off.

model that leans on the text prior has less such vulnerability. This mechanism helps explain why lower
flip rates often coincide with weaker grounding among the models studied, but it is a tendency, not

a deterministic law: a model can in principle be both consistent and grounded (the Ideal quadrant
below).

4.6.2 The Four-Quadrant Framework

The trade-off motivates a classification framework that we develop fully in Chapter 6 but preview here.

Each prediction can be classified along two axes:

1. Consistency: Does the model give the same answer to all paraphrases? (Consistent vs. Inconsis-
tent)

2. Image reliance: Does the model’s answer change when the image is removed or swapped? (Image-
reliant vs. Text-reliant)

This creates four quadrants:

The Dangerous quadrant is the most concerning from a clinical perspective. A model in this
quadrant appears safe by every conventional metric: it gives the same answer every time the question
is asked, and it does so with high confidence. But the answer is the same one it would have given
with the image removed or replaced by its opposite, so the confidence it projects is not backed by the
scan. If the image showed a clear pneumothorax and the model answers “No” because of text priors,
the consistency of that answer makes the error harder to detect. An inconsistent model at least signals
its unreliability through disagreement across paraphrases.

From the diagnostic data in this chapter, LLaVA-Rad places the vast majority of its predictions
in the Dangerous quadrant: its answers are both highly consistent and almost entirely unchanged
when the image is removed. MedGemma-4B distributes predictions across Fragile (image-reliant but
inconsistent) and other quadrants. MedGemma-27B is intermediate. Chapter 6 quantifies the quadrant
shares across ten model-dataset combinations.
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Table 4.3: Four-quadrant classification of model predictions based on consistency and image reliance. The Ideal
quadrant (consistent and image-reliant) is the target; the Dangerous quadrant (consistent but text-reliant) is
the most concerning failure mode.

Consistent

Inconsistent

Image-reliant

Ideal: Reliable and evidence-
based. The model gives the
same answer to all phrasings,
and that answer depends on
the image.

Fragile: Uses evidence but is
wording-sensitive. The model
processes the image but is un-
stable under rephrasing.

Text-reliant

Dangerous: Looks reliable,
but the answer does not track
the evidence. The model gives
the same answer across phras-
ings, and that answer is un-
changed when the image is re-

Worst: Neither reliable nor
evidence-tracking.  The an-
swer is unchanged when the
image is removed or swapped,
yet it still varies across phras-
ings.

moved or swapped.

4.6.3 Implications for Model Evaluation

The robustness-grounding trade-off has immediate implications for how medical VLMs should be eval-
uated. Current evaluation practices typically report accuracy on fixed question sets and sometimes
add consistency metrics like flip rate. Our findings show that both metrics are insufficient:

e Accuracy alone is insufficient: A model can achieve accuracy at or above baseline by relying
on text priors. LLaVA-Rad’s accuracy does not demonstrate visual diagnostic capability.

e Flip rate alone is misleading: A model with low flip rate may be achieving that consistency
through text-driven behavior, not through reliable visual processing. LLaVA-Rad’s 6.5% flip rate
is the best of the three models, but it is the worst in terms of visual grounding.

e Joint evaluation is necessary: Any claim of paraphrase consistency must be accompanied by
evidence of visual grounding. We recommend reporting (1) accuracy, (2) flip rate, (3) text-only
agreement, and (4) swap sensitivity as a minimum evaluation set for medical VLMs.

The PSF-Med benchmark (Chapter 3) provides infrastructure for all four metrics. The text-only
and swap experiments require no additional data beyond the original images and a simple swap pool.

4.7 Analysis by Paraphrase Phenomenon

4.7.1 Per-Phenomenon Flip Rates

Table 4.4 breaks down flip rates by paraphrase transformation type for all three models. The patterns
both confirm and extend the findings from Chapter 3.

For all three models, negation-related paraphrases produce the highest flip rates. Even MedGemma-
27B and LLaVA-Rad, which achieve low overall flip rates, flip on 60% and 20% of negation paraphrases
respectively. This category must be read with care, because it is confounded by operator changes. “Is
there pneumothorax?” and “Can pneumothorax be ruled out?” do not have identical clinical meaning:
on a positive image the first is correctly answered Yes and the second No, so a change in the yes/no
output is correct behavior, not a failure. A share of the high negation flip rate therefore reflects the
model correctly handling operator changes rather than genuine paraphrase sensitivity, which is exactly
why the equivalence audit of Chapter 3 rejected 93.8% of generated negation paraphrases as polarity-
or operator-changing. The genuine vulnerability is confined to same-polarity negation reformulations
that preserve the answer; because this 107-pair diagnostic set predates that audit, its negation flip
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Table 4.4: Flip rate by paraphrase phenomenon across the three diagnostic models (pre-audit pairs). The
negation category (n = 5) shows the highest rates but is confounded by operator changes (see text); MedGemma-
27B shows the largest scaling gain on syntactic restructuring.

Phenomenon N MedGemma-4B MedGemma-27B LLaVA-Rad

Negation 5 60.0% 60.0% 20.0%
Syntactic Restr. 12 50.0% 0.0% 0.0%
Lexical Subst. 40 50.0% 17.5% 10.0%
Specificity Mod. 25 48.0% 12.0% 4.0%
Scope/Quant. 25 16.0% 8.0% 4.0%

labels are not clean, and the effect is quantified properly only on the audited benchmark.

MedGemma-27B shows the largest scaling benefit on syntactic restructuring (50.0% — 0.0%) and
scope/quantification (16.0% — 8.0%). These are phenomena where the 27B model’s larger language
model backbone provides better syntactic processing. The negation column shows no change (3 of 5
pairs for both 4B and 27B), but given the operator confound above and n = 5, this set cannot establish
whether scaling helps on genuine same-polarity negation; the audited benchmark of Chapter 3 is the
right instrument for that question.

LLaVA-Rad’s low flip rates across all phenomena (except negation at 20%) are consistent with
its text-driven behavior. When a model’s answers move little with the image, the text processing
pathway is the main remaining source of flips. LLaVA-Rad’s text pathway handles most paraphrase
types reliably, but negation still causes flips because negation changes the text processing path itself,
not just the relationship between text and image.

4.8 Discussion
4.8.1 What Drives Paraphrase Sensitivity?

The diagnostic experiments point to two distinct mechanisms that produce paraphrase sensitivity,
depending on the model.

For models that use the image (MedGemma-4B), paraphrase sensitivity arises from the interaction
between ambiguous visual evidence and text-side framing. The model processes the image and forms
a representation of the visual evidence. When this evidence is ambiguous (borderline findings, subtle
pathology), the model’s decision is close to its threshold. Different question phrasings shift the threshold
slightly, pushing some borderline cases across the decision boundary. The model is not failing at image
analysis; it is failing at reading a fixed visual representation the same way when the question changes.
The controlled probe of Chapter 5 shows that ambiguous visual evidence is not a necessary ingredient:
with the encoder frozen so that every paraphrase reads identical features, and the answer prior removed
by balancing, the flip rate still ranges from 4.8% to 88.4% on the training-phrasing distribution alone.

For models whose answers move little with image content (LLaVA-Rad, at 85.0% image agnostic
under the swap and placeholder controls), paraphrase sensitivity arises predominantly from the text
pathway. The model applies language priors to the question text and produces an answer based on
patterns in its training data. When the paraphrase changes the text sufficiently (as with negation),
the text pathway itself produces a different answer. Image content does not measurably contribute to
these flips: the controlled swap moves LLaVA-Rad’s answer on only 10.3% of questions and 85.0% of
its predictions are image agnostic (Section 4.4).

These two mechanisms have very different implications for mitigation. For MedGemma-4B, the
goal is to stabilize the decision threshold without removing image dependence. Chapter 5 develops a
targeted intervention (LoRA on layers 15 to 19) aimed at exactly this; as that chapter’s clean re-audit
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shows, the intervention improves consistency but partly at the expense of visual grounding, so the goal
is only partly achieved. For LLaVA-Rad, a consistency intervention has little left to act on, because the
model already achieves near-perfect consistency through text priors and reducing its flip rate further
would not increase its 10.3% swap sensitivity. Improving LLaVA-Rad would require a very different
approach: forcing the model to attend to image content, not making its text processing more stable.

4.8.2 The Scaling Trade-off

The comparison between MedGemma-4B and MedGemma-27B reveals a scaling trade-off that parallels
the robustness-grounding trade-off. Scaling from 4B to 27B parameters improves paraphrase consis-
tency (14.0% vs. 42.1% flip rate) but reduces visual grounding (85.0% vs. 66.4% text-only agreement).
The larger model has a stronger language model that relies more heavily on text priors.

This suggests that simply scaling language models may not be the path to achieving both consis-
tency and visual understanding in medical VLMs. The scaling trajectory, if extended, leads toward
models that are very consistent but mostly text-driven, approaching LLaVA-Rad’s profile at the limit.
This is the opposite of what clinical deployment requires.

The implication is that mitigation should target the 4B-scale model, which has genuine image
grounding that can be stabilized, rather than the 27B model, which has already sacrificed substantial
grounding for consistency. Chapter 5 follows this recommendation by developing the LoRA intervention
for MedGemma-4B.

4.8.3 Cross-Family Generalization of the Diagnosis

Later deployment-audit results show that the central diagnosis of this chapter generalizes beyond the
original three-model comparison, but not in a uniform way. The high-level pattern is stable: lower
observed flip rates often coincide with weaker image dependence and stronger text-dominant admission.
What changes across families is where that failure appears.

Gemma-family models exhibit a late readout-misalignment signature: internal transport represen-
tations remain stable across paraphrases while the final readout state diverges. LLaVA-Rad shows a
broader instability pattern in which both transport and readout can shift, consistent with a more dif-
fuse failure than the Gemma case. Qwen2-VL is more opaque still: behavioral evidence shows strong
text-dominant selection, but cosine-based internal probes are near chance. The diagnosis therefore
generalizes at the behavioral level, not as a single shared internal mechanism.

Thrust 2 establishes that apparent robustness can arise from weak grounding; the later cross-
family audit shows that this is not a quirk of one benchmark or one backbone. At the same time, it
warns against over-generalizing from the Gemma mechanistic story. A single model family can support
mechanistic diagnosis, but safe deployment across families requires behavioral audits that verify what
kinds of cases each architecture actually solves.

4.8.4 Implications for Mitigation Design

The diagnostic findings impose constraints on what a good mitigation looks like:

1. Preserve image reliance: Any consistency improvement must maintain or increase swap sensi-
tivity and decrease or maintain text-only agreement. An intervention that reduces flip rate while
increasing text-only agreement has achieved consistency through the wrong mechanism.

2. Target the right model: Models that are already text-driven (LLaVA-Rad) have little to gain
from a consistency intervention, because their flip rate is already near zero and reducing it further
does not act on image reliance. Mitigation should target models with genuine but fragile visual
grounding (MedGemma-4B).

3. Address same-polarity negation reformulations: the genuine negation vulnerability identi-
fied in Section 4.7 is confined to answer-preserving reformulations; any effective mitigation should
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demonstrate improvement on this category specifically, evaluated on audited answer-preserving

pairs.

4. Test out-of-distribution: The PadChest results from Chapter 3 show that flip rates are generally
higher under distribution shift. Any mitigation must be evaluated on out-of-distribution data to
confirm generalization.

These constraints guide the design of the Thrust 3 intervention (Chapter 5), where we develop a
Targeted LoRA that reduces flip rate; the clean patient-disjoint re-audit (Section 5.7.5) shows it does
not preserve image reliance, which is why any deployment must pair it with the image-reliance checks
above.

4.8.5 Mild-Contrast Stability Test

As an illustrative validation experiment, we test whether minimal image perturbations affect model
behavior. We apply small pixel-level edits to each image: JPEG recompression at quality 95 and a 5%
global contrast adjustment. These edits are intended to be visually near-imperceptible and to carry
no additional clinical information.

Under these perturbations, answer-change rates stay low across the base Med Gemma-4B model and
its two LoRA variants (Chapter 5), each evaluated on a 500-question PadChest sample: the answer
changes under either edit on 1.2% of questions for the base model (0.6% under the contrast edit alone),
2.0% for Targeted LoRA, and 1.4% for Full LoRA. These rates are more than an order of magnitude
below the base model’s own paraphrase flip rate (42.1% on the diagnostic set), indicating that answer
changes under paraphrasing are driven by text-side processing rather than by marginal differences in
image encoding. The model’s visual processing is stable under small pixel-level perturbations even
when its text processing is unstable under semantic-preserving rephrasing.

This finding complements the causal hierarchy from the main experiments. The model’s internal
representation of the image is stable under low-level perturbation but changes when the text query
frames the clinical question differently. The instability lies in the text-image integration pathway rather
than either modality’s representation alone. This result guides the mechanistic analysis in Chapter 5,
where Feature 3818 is identified as a text-side feature that modulates how the model interprets visual
evidence.

4.8.6 Relationship to General-Domain Findings

The robustness-grounding trade-off we identify is consistent with broader findings in the Al safety
literature. Geirhos et al. [104] describe “shortcut learning” as a general phenomenon where neural
networks exploit spurious correlations in training data. In our setting, the “shortcut” is the text prior:
models learn that certain question patterns correlate with certain answers, and this correlation is a
reliable (if clinically meaningless) feature for prediction. The text prior is not a bug in the training
data but a genuine statistical regularity (certain findings are more common than others) that the model
exploits.

The medical setting makes the shortcut particularly pernicious. In general-domain VQA, a model
that answers from text priors rather than image content achieves degraded but often usable perfor-
mance. In medical imaging, a model whose answers do not track the patient’s image is unfit for
purpose. The entire value of a medical VLM lies in its ability to analyze the specific patient’s image.
A model that achieves high consistency without its answers tracking the image has achieved the wrong
objective.

Kim et al. [109] and Park et al. [110] developed approaches for generating natural language ex-
planations of vision-language model decisions. In principle, such explanations could reveal whether a
model’s answer is based on visual evidence or text priors. However, explanations generated by text-
reliant models may themselves be text-driven; the model could generate a plausible explanation that
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Table 4.5: Contrasts between MedGemma-4B and LLaVA-Rad on the 107-pair diagnostic set. Brackets give
95% Wilson score intervals. The p-values come from two-sided Fisher exact tests on the per-backend counts,
computed without pairing; because both backends score the identical 107 items, a paired McNemar test would
be more powerful still.

Metric MedGemma-4B LLaVA-Rad Fisher p

Flip rate 42.1% [33.1, 51.5]  6.5% [3.2, 12.9] 8.6 x 10710
Text-only agreement  66.4% [57.0, 74.6] 96.3% [90.8, 98.5] 1.1 x 1078
Image agnostic rate  43.0% [34.0, 52.5] 85.0% [77.1, 90.6] 1.5 x 10~1°
Swap sensitivity 30.8% [22.9, 40.1] 10.3% [5.8, 17.5] 3.1 x 10~*

references image features it never actually processed. This creates a circularity that attention-based
and causal methods attempt to break.

4.8.7 Statistical Precision of the Diagnostic Set

A natural objection to the analysis above is the size of the diagnostic set. Section 4.2 already restricts
what its rates mean: the set is small and deliberately curated, and its flip rates are not population-level
estimates. The curation criteria are strict. Every item pairs an original question with a paraphrase
at BioClinical BERT cosine similarity above 0.95, parses unambiguously as yes or no under all three
backends, has known ground truth, and has at least five opposite-label swap candidates; each item
is then scored under four conditions (real image, text-only, gray placeholder, opposite-label swap) for
each of the three backends. The set functions as a diagnostic instrument rather than a survey sample,
trading breadth for internal validity in the way a controlled experiment does. Population estimation
belongs to Chapter 3 and its audited benchmark sets. Generalization across models and datasets
belongs to Chapter 6, where a mean of 81% of consistent predictions are image-invariant across ten
model-dataset settings. The causal account belongs to Chapter 5. What this chapter must establish
is narrower: that consistency and image reliance can come apart, and that the controls above detect
the separation when it occurs.

The contrasts the chapter relies on are statistically decisive at this sample size. Table 4.5 reports
95% Wilson score intervals and two-sided Fisher exact p-values for the four headline metrics, contrasting
the two backends at the ends of the consistency-grounding spectrum, MedGemma-4B and LLaVA-
Rad. The claimed effects span 20 to 42 percentage points, while n = 107 gives roughly +9 points
of precision at these proportions, so each contrast is resolved well beyond chance. The Fisher tests
are conservative in a specific way: they treat the two backends as independent samples even though
both score the identical 107 items, and the paired alternative (McNemar’s test) would only be more
powerful. The interval method does not drive the conclusion either: nonparametric bootstrap intervals
for all four metrics and all three backends, computed independently of the Wilson figures, agree with
them (thrust2/finalize/out/bootstrap_table.csv).

4.8.8 Summary

The diagnostic findings here motivate the Targeted LoRA intervention of Thrust 3 and the safety screen
of Thrust 4. MedGemma-4B has genuine but fragile visual grounding, and the dissociation between
consistency and grounding (developed in Chapter 6, where a mean of 81% of consistent predictions
are image-invariant) means a low flip rate does not certify grounding: models that achieve consistency
frequently do so at the expense of image reliance, producing predictions that look reliable but do not
change when the image is removed or swapped.
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https://github.com/UNHSAILLab/medical-vlm-paraphrase-sensitivity/blob/main/thrust2/finalize/out/bootstrap_table.csv

Chapter 5

Thrust 3: Mechanistic Diagnosis and
Targeted Mitigation

Research questions. This chapter answers RQ3.1 (whether sparse-autoencoder features can identify
an interpretable mechanism underlying paraphrase sensitivity), RQ3.2 (whether a targeted LoRA can
reduce flip rates while preserving accuracy), and RQ3.3 (whether the best intervention site matches
the mechanistic diagnosis).

Main contribution. Two independent localizations of the paraphrase-flip commit at layers 16 to 17,
a controlled probe that identifies the training-phrasing distribution as a cause of the sensitivity, and a
targeted LoRA on layers 15 to 19 that reduces the flip rate from 8.5% to 3.5% (about 59%) on patients
and images never seen in training while modifying 0.1% of parameters.

Chapter 4 reported evidence that paraphrase sensitivity in MedGemma-4B tracks fragile visual
grounding more closely than reliance on the question text alone. That reading rests on the 107-pair
three-backend diagnostic set, on which MedGemma-4B has the lowest text-only agreement (66.4%)
and the highest image-swap sensitivity (30.8%) of the three backends; the set is small and predates
the equivalence audit, so its per-pair flip labels are not clean and the reading is an indication rather
than a settled result. On that evidence the image contributes materially to the model’s decision on
this backend, and the answer nonetheless changes when the question is rephrased. This chapter asks
two questions: why does rephrasing change the answer, and can we fix it without sacrificing image
reliance?

We answer the first question with Sparse Autoencoders (SAEs). We transfer pretrained SAEs from
Gemma Scope 2 [111] to MedGemma-4B and identify a specific sparse feature, Feature 3818 at layer 17,
that tracks question register: whether a question uses presence framing (“Is there pneumothorax?”) or
exclusion framing (“Can you rule out pneumothorax?”). Activation patching confirms this feature
causally influences the model’s yes/no margin. A distributional analysis across 20 FlipBank pairs
shows Feature 3818 is the top contributor in roughly 25% of flips, with the rest distributed across
many features. This FlipBank includes operator-changing pairs, however, so part of that association
reflects the feature correctly distinguishing presence from exclusion framing rather than same-polarity
paraphrase sensitivity; a stricter operator-preserving re-analysis (Section 5.3.1) finds Feature 3818
prominent but not a sufficient cause, so we present the 3818 — 12139 account as an exploratory
hypothesis pending matched same-polarity controls. Either way the distributed remainder is consistent
with superposition [112] and motivates an intervention that acts on a layer range rather than a single
feature.

We answer the second question with targeted Low-Rank Adaptation (LoRA) [113]. We train LoRA
adapters on layers 15 to 19 using a combined loss that balances paraphrase consistency (symmetric

64



Thrust 3: Mechanistically-guided mitigation

patient-disjoint
MIMIC presence test

Feature 3818

Sparse register gate LoRA more consistent

Autoencoder top contributor 15-19 — ati?ﬁél)/(:e()rfeﬁg;acrgs; 8.5
(layer 17) in 5 of 20 flips & g 8 -
(exploratory) not preserved
6 -

3.5

pairwise fli
S
1

base ours

Adapting the layers around one gate feature cuts flips by about 59%, but not text-only agreement.

Figure 5.1: Thrust 3 at a glance. A sparse autoencoder localizes a clinical-query register gate (Feature 3818) at
layer 17 associated with a substantial share of paraphrase flips (a contributing, not sole, factor; an exploratory
account pending same-polarity controls). A targeted Low-Rank Adaptation on the layers around it, trained on
operator-preserving paraphrases, cuts the presence-of-finding flip rate on a patient- and image-disjoint MIMIC-
CXR held-out test by about 59% (pairwise 8.5% to 3.5% + 0.6, standard deviation across five training seeds;
paired McNemar p < 0.002 in every seed) while training 0.1% of the parameters, though a clean re-audit shows
it does not preserve image dependence.

KL divergence) with answer accuracy (cross-entropy). Trained on operator-preserving paraphrases
(full expanded pool, five seeds), this reduces the presence-of-finding flip rate on a patient- and image-
disjoint MIMIC-CXR held-out test (pairwise 8.5% to 3.5% £ 0.6, about 59%, where the + is a standard
deviation across five training seeds; paired McNemar p < 0.002 in every seed) with no observed accuracy
reduction (95% interval across those same five seeds, [—1.00, +1.51] percentage points), while modifying
only 0.1% of model parameters; the test shares no patient and no image with training. On PadChest,
the out-of-distribution test set, accuracy increases by 6.4 percentage points (85.2% to 91.6%) and the
margin difference narrows by 75%, although the flip rate on this balanced set is already low for the base
model and changes little. The combined loss is essential: training on consistency alone causes mode
collapse, where the model predicts the same answer for every question and reaches 46.4% accuracy.!
The answer to the second question is no, and that answer is stated here rather than left to the audit
section that establishes it. A clean re-audit of these same patient-disjoint adapters (Section 5.7.5) finds
that targeted adaptation does not preserve image dependence. Text-only agreement, the fraction of
questions for which the model gives the same answer with and without the image, rises from 53.5%
for the base model to about 77% for the targeted adapter and to about 77% for the full adapter;
high text-only agreement indicates that the image contributes little to the model’s decision. The two
adapters are statistically indistinguishable on that measure and on image-swap sensitivity, so the earlier
claim that targeted adaptation preserves grounding relative to full adaptation is not supported. Both
adapters therefore buy part of their consistency from the question text. The targeted adapter remains
the better choice on accuracy and on parameter cost, not on grounding, and this chapter’s central

'Flip rates in this dissertation are reported on several distinct evaluation sets and are not directly comparable across
thrusts: the equivalence-filtered PSF-Med benchmark (MIMIC n=3,266, PadChest second iteration n=14,935; Chap-
ter 3); the patient- and image-disjoint MIMIC-CXR binary test set (n=373 questions, with the presence-of-finding
primary endpoint at n=238) and the separate 158-pair mechanistic FlipBank (Chapter 5); the 107-pair three-backend
diagnostic set (Chapter 4); and the curated behavioural flip banks used for the four-quadrant analysis (MIMIC n=98,
PadChest n=861, with LLaVA-Rad reported on its n=732 text-only-baseline subset; Chapter 6). Each reported flip rate
is qualified by its set.
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mitigation result has to be read with that bound attached.

A layer ablation study reveals that early layers (0 to 10) reduce margin differences more than
the mechanistically-identified middle layers (15 to 19). The SAE analysis explains where sensitivity
manifests (layer 17), but the best intervention acts upstream, before the register-sensitive representa-
tion forms. We present the mechanistic analysis as a case study demonstrating SAE methodology for
medical VLMs, separate from the empirical contribution of the combined loss approach.

5.1 Background: Sparse Autoencoders for Interpretability

Transformer models represent concepts as superposed combinations of directions in activation
space [112, 114]. A Sparse Autoencoder decomposes each activation vector h € R? into a sparse set of
interpretable features:

f = ReLU(Wepch +b), h=Wgf (5.1)

where f € RP is the feature activation vector (D > d), and reconstruction quality is measured by
Fraction of Variance Unexplained (FVU):

_ |h—h)?

F = 1=
VU= V() - 4

(5.2)

The SAE architecture uses JumpReLU activations, which produce strictly sparse representations
by zeroing activations below a learned threshold. This differs from standard ReLU SAEs in that the
sparsity level (L0) is explicitly controlled during training rather than emerging as a side effect of the
sparsity penalty. The 16k-feature SAE used throughout this chapter produces LO = 70 + 10 active
features per input token. This extreme sparsity (more than 99% of features inactive) is what makes
individual features interpretable: each active feature represents a specific, identifiable concept in the
model’s representation.

Gemma Scope 2 [111] provides pretrained SAEs for every layer of the Gemma 3 4B language
model. These SAEs were trained on general web text, not medical data. For them to be useful on
MedGemma-4B, which shares the Gemma 3 language backbone but was fine-tuned on medical data,
we need to validate that the learned features still decompose MedGemma’s activations faithfully. The
key question is whether medical fine-tuning changes the geometry of the residual stream enough to
invalidate the feature directions learned from web text. If the SAE’s decoder directions no longer align
with meaningful directions in MedGemma’s activation space, the features would be uninterpretable.

5.2 SAE Transfer Validation

We validate SAE transfer by comparing reconstruction quality on 100 medical prompts (clinical ques-
tions about chest X-rays with images) and 100 general prompts (web-style text without images). For
each prompt, we extract the residual stream at layer 17 and pass it through the Gemma Scope 2 SAE
(16k features, medium LO target).

Table 5.1: SAE transfer validation (n = 100 prompts per domain). Gemma Scope 2 SAEs (16k features,
layer 17) reconstruct MedGemma-4B activations with >99.7% variance explained on both medical and general
inputs (Hp: R? < 0.95, p < 0.001).

Metric Medical General
R? 0.9972 £ 0.0005 0.9974 £+ 0.0006
FVU 0.28% 0.26%

Ly (active features) 70 £ 10 76 + 10
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The reconstruction is nearly identical across domains (Table 5.1, Figure 5.2). On medical prompts,
R? = 0.9972+0.0005 and FVU = 0.28%. On general prompts, R? = 0.99744-0.0006 and FVU = 0.26%.
A one-sample t-test of the R? values across the 100 medical prompts against Hp: R?> < 0.95 yields a
test statistic exceeding 50 (p < 0.001), decisively rejecting the null hypothesis. The SAE explains over
99.7% of activation variance on medical inputs despite never having seen medical training data.

Two domain-specific differences emerge in the feature activation patterns. Feature 203 activates
874 units higher on medical prompts than general prompts, and Feature 48 activates 608 units lower.
These shifts are expected: the fine-tuned model uses certain features more heavily for clinical content.
But the SAE’s ability to reconstruct activations is unaffected. The features still tile the activation
space, even if the model traverses different regions of that space for medical inputs.

The LO sparsity also transfers: medical prompts activate 70+ 10 features on average, versus 76 4+ 10
for general prompts. The slightly lower sparsity on medical inputs suggests that medical text activates
a marginally narrower set of features, consistent with the domain-specific vocabulary concentrating
in fewer feature directions. However, the difference is within noise, and the overall sparsity regime is
preserved.

This validation is an independent contribution. It establishes that SAEs trained on base models
can be applied to fine-tuned variants without retraining, as long as the architectural backbone is shared
and the fine-tuning does not dramatically alter the residual stream geometry. This lowers the barrier
for applying mechanistic interpretability to domain-specific models, since training SAEs from scratch
requires substantial compute (typically thousands of GPU hours for a 16k-feature SAE). The transfer
result also has implications for the broader SAE interpretability community: it suggests that SAE
feature dictionaries learned on one distribution can serve as analysis tools for related distributions,
provided the underlying model architecture is shared.
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Figure 5.2: SAE transfer validation. Reconstruction quality (R? > 0.997) is nearly identical on medical and
general-domain prompts, confirming that Gemma Scope 2 SAEs transfer faithfully to MedGemma-4B without
retraining.

5.3 Feature 3818: A Clinical Query Register Gate

5.3.1 Feature Delta Analysis

Given the validated SAE, we extract feature activations for each FlipBank pair. For a question ¢ and
its paraphrase ¢/, we compute the feature delta Af = f(q) —f(¢’) at the final token position in layer 17.
Large deltas in specific features indicate that the SAE has identified directions in activation space that
distinguish the two phrasings.
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An exemplar case illustrates the pattern. For the question “Is there pleural effusion?”” the model
produces a yes-minus-no logit margin of 8.75 (confident yes). For the paraphrase “Is pleural fluid
present?” the margin is —0.625 (slight no). The image is the same. Feature 3818 changes from 0 to
268 units between these two prompts, the largest single-feature delta in the activation vector. The
clinical meaning of both questions is identical, but the model’s internal representation diverges sharply
at this feature.

5.3.2 Characterizing the Feature

To understand what Feature 3818 responds to, we run a controlled prompt grid experiment. We
take a single pneumothorax-positive image and evaluate 16 prompts that vary question style while
holding clinical content constant. We test four categories: presence-style (“Is there pneumothorax?”,
“Does this image show pneumothorax?”), exclusion-style (“Can you rule out pneumothorax?”, “Can you
exclude pneumothorax?”), uncertainty-style (“Is pneumothorax likely?”, “How confident are you about
pneumothorax?”’), and token controls that share surface-level tokens with presence questions but use
different phrasing.

The results show a clean separation. Presence-style prompts activate Feature 3818 at a mean of
344.5 units (range 302 to 386). Exclusion-style prompts produce zero activation across all four variants.
Uncertainty-style prompts fall between (mean 169.5, range 0 to 282). Token controls activate at 296
units on average, confirming the feature responds to question register, not to specific lexical items.

This grid establishes that Feature 3818 is primarily an operator or polarity feature: it encodes
whether the question asks about the presence of a finding or its exclusion. That distinction is clinically
real, not a bug. On a pneumothorax-positive image, “Is there pneumothorax?”’ and “Can you rule out
pneumothorax?” do not share an answer: the first is correctly answered “yes” and the second “no” (the
finding cannot be ruled out). A feature that separates these two framings and drives the yes/no margin
in opposite directions is therefore doing legitimate work, and the presence-versus-exclusion contrast in
the grid should not be read as a paraphrase-sensitivity failure.

The connection to paraphrase sensitivity is more specific: the same register-sensitivity that cor-
rectly separates operators also makes Feature 3818 respond differently to reformulations that keep the
operator fixed. The exemplar in Section 5.3 is exactly this case, “Is there pleural effusion?” versus “Is
pleural fluid present?”, both presence-style questions with the same correct answer, yet Feature 3818
shifts by 268 units and the margin flips. It is this over-sensitivity to same-polarity surface variation,
not the presence-versus-exclusion separation, that produces the paraphrase flips this chapter seeks to
explain (Figure 5.3).

This distinction requires care in the FlipBank itself. Of the 158 FlipBank pairs, 17 are polarity
switches rather than paraphrases: the paraphrase inserts a negation (for example, “is there evidence
of contusion?” versus “is there no evidence of contusion?”), so the two questions have opposite correct
answers and a change in the model’s yes/no output is the correct behavior, not a failure. These
17 pairs are tagged in the FlipBank (polarity_switch) and are precisely the operator changes that
Feature 3818 is built to detect, so counting them as flips conflates correct operator handling with
paraphrase sensitivity. We therefore re-run the layer-17 feature-delta and ablation analysis on only the
141 operator-preserving pairs, where a change in Feature 3818 must reflect same-polarity paraphrase
sensitivity rather than operator handling.

The re-run refines the picture in an informative way. Of the 141 operator-preserving pairs, the model
actually flips on 76; those are the cases the mechanism must explain. On those 76 flips, Feature 3818
is the single largest layer-17 delta in 37 and within the top five in 59, but its single-feature ablation
recovers only about 10% of the margin shift on average and restores the original answer in just 6 of the
76. Once the operator changes that Feature 3818 is designed to detect are removed, it is a prominent
contributor to same-polarity flips but not a sufficient cause on its own, consistent with the roughly 25%
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single-feature coverage reported in the limitations. The same-polarity signal is carried downstream: the
layer-29 decision feature (Feature 12139, developed in Appendix A.4) is the single largest delta in all 76
flipped pairs. That near-perfect consistency is itself a caution rather than a proof: a feature that tracks
the yes/no decision will top the delta ranking on any flip, so matched non-flip controls are needed before
Feature 12139 can be called a paraphrase-specific mechanism rather than a generic answer-selection
feature. On the present evidence the defensible reading is that Feature 3818 is an operator/register
feature that also responds to some same-polarity lexical variation, and Feature 12139 tracks downstream
yes/no selection; a clean operator-preserving causal validation with matched controls remains necessary
before the 3818 — 12139 pathway can be claimed as a two-stage paraphrase circuit rather than operator
handling plus answer selection.

(a) The Problem (b) The Mechanism (c) The Fix
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Figure 5.3: Mechanistic pathway: Feature 3818 at layer 17 acts as a clinical query register (operator) gate.
The feature activates strongly for presence-style questions (“Is there X?”) and drops to zero for exclusion-style
rewordings (“Can you rule out X?”), an operator change whose opposite answer is correct; the same register-
sensitivity also shifts the feature on operator-preserving paraphrases, causing the yes/no logit margin to flip on
questions that should share an answer.

5.3.3 Causal Validation via Activation Patching

Feature activation alone does not establish causation. A feature might correlate with flips without
causing them. We test causality using activation patching [115]: we compute A f3g13 between original
and paraphrase, decode it through the SAE decoder to get the corresponding direction in residual
stream space, and subtract this direction from the paraphrase’s residual stream before continuing the
forward pass.

On the pleural effusion exemplar, patching Feature 3818 recovers the margin from —0.625 to +2.0.
This represents 28% margin recovery. Ten control features (randomly sampled from the top 100 by
activation magnitude) produce 8% average margin recovery. Feature 3818’s influence is 3.5x larger
than control features, confirming a causal role rather than mere correlation.

5.3.4 Control Experiments

We test whether Feature 3818 responds specifically to flip-inducing rephrasing or to any rephrasing
(Table 5.2). We construct 30 paraphrase pairs where the model gives consistent answers (no flip).
Feature 3818 shows a non-zero change in 3 of 30 consistent pairs (10%), with deltas of 15 to 185 units
and a mean absolute delta of 11.3 units. Across 10 control features, 0 of 300 measurements exceed
the detection threshold. Fisher’s exact test gives p = 6.8 x 10~ for the difference in response rates.
Feature 3818 is substantially more active when rephrasing causes a flip than when it does not, on
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Table 5.2: Feature 3818 specificity test on 30 consistent paraphrase pairs (no flip). Response rate uses a threshold
of |A| > 10 activation units. Feature 3818 responds selectively to flip-inducing rephrasing; 10 control features
(matched for baseline activation magnitude) show zero response across 300 measurements. Fisher’s exact test:
p=6.8 x 1074

Feature Response Rate (|A| > 10) Mean |A|
3818 10% (3/30) 11.3
Controls (x10) 0% (0/300) <0.5

this set. Because this FlipBank includes operator-changing pairs, part of that specificity reflects the
feature’s correct handling of presence-versus-exclusion framing; the operator-preserving re-analysis of
Section 5.3.1 is the conservative estimate of its role in genuine same-polarity flips.

5.3.5 Distributional Coverage

Feature 3818 does not explain all flips. Across 20 randomly sampled FlipBank pairs, it ranks as the top
contributing feature in 5 of 20 cases (25%) and contributes meaningfully (rank < 16) in 7 of 20 (35%).
In the remaining 13 cases (65%), the flip is driven by distributed mechanisms across many features.
All five dominant cases involve register changes from presence to exclusion framing, consistent with the
prompt grid analysis. The other 65% involve lexical substitutions, syntactic restructuring, and other
variation types that shift many features simultaneously.

This distributional result is consistent with superposition [112]: most behaviors in transformers are
represented across many features, and clean single-feature explanations are the exception rather than
the rule. Feature 3818 is best understood as a case study demonstrating SAE methodology for medical
VLMs, not a complete mechanistic account of paraphrase sensitivity. The practical implication is that
any mitigation must target a range of layers and features, not a single direction.

5.4 Convergent Localization: The Answer Commits at Layer 16

The Sparse Autoencoder places register sensitivity at layer 17, but that localization rests on one
method (feature patching through a decoder direction) and on the assumption that the SAE direction
is faithful to the computation. We now triangulate it with an independent, lens-free causal test that
assumes neither. For a paraphrase-flip minimal pair on the same image, a detecting phrasing (“Can X
be identified?”, which the model answers Yes) and a missing phrasing (“Is there X?”, which the model
answers No), we transplant the detecting forward pass’s residual stream at the answer position into the
missing forward pass, at a single layer at a time, then let the model continue and read its yes/no margin.
The fraction of pairs whose answer flips to the donor’s, as a function of the patched layer, marks the
layer at which the answer is causally committed. The test uses no lens and no faithfulness assumption;
its only controls are the reverse-direction transplant and a pre-question image-token position that must
not flip, since a causal mask makes earlier positions unable to receive the later donor state.

Two properties of the pair pool determine what this experiment can and cannot show. First, the
two phrasings in a pair are drawn from the same bank item, so they ask about the same finding on the
same image and share a single item-level ground-truth label: the correct answer is identical on both
sides by construction, and only the wording differs. The roles “detecting” and “missing” are assigned
by the sign of the model’s margin, not by the question template, so the same template appears on both
sides across the pool. This is what licenses reading the curve as a localization of paraphrase-induced
disagreement rather than of binary answering in general: a pair is in the pool precisely because the
model contradicts itself on a question whose answer does not change. Second, the pool is filtered for
polarity preservation (exclusion and negation framings such as “rule out” or “free of” are removed, with
ambiguous cases discarded conservatively) and for operator preservation, so the disagreement is not an
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The answer commits at layer 16

1.00 1 n = 1396 detect/miss pairs - 91 findings
commit L16 !
0.75 A
0]
o
©
—
if—:l =e== answer transplant
0.50 i
o image-token control
=
(%]
c
©
0.25
0.00 {e=s=—s—s—t—s—a—s—s—s—s—s—s=

LO L8 L16 L24 L33
patched layer

Figure 5.4: Lens-free causal localization of the paraphrase-flip commit. Across 1,396 detecting/missing residual-
transplant pairs spanning 91 findings, the answer flip rate is near zero through layer 13, reaches half its maximum
at layer 16, and saturates by layer 19; the image-token control never flips. The commit is located by causal
effect alone, with no lens or faithfulness assumption.

operator effect of the kind Chapter 3 showed dominates unfiltered negation paraphrases.

The flip rate is near zero through layer 13, rises sharply from 8% at layer 14 to 35% at layer 15 and
73% at layer 16, and reaches 100% by layer 20 (Figure 5.4): a single-layer residual swap at layer 16
already flips the model’s committed answer to the donor’s on nearly three-quarters of the 1,396 pairs.
The image-token control never exceeds 0.0007 (near zero at every layer), confirming that the effect is
not a generic patching artifact. The commit layer is tight across pairs: the per-pair half-maximum has
a median of layer 16, a 95% bootstrap confidence interval of [16, 16], and 71% of pairs commit within
layers 15 to 17 (Figure 5.5). Two methods that make different assumptions, the SAE feature patch
and the lens-free residual transplant, therefore place the paraphrase-flip origin in the same narrow
band around layers 16 to 17. The single-layer offset between them (layer 16 for the causal commit,
layer 17 for the SAE feature) sits inside that band, so the localization is not an artifact of the Sparse
Autoencoder.

Three limits qualify this result. First, the qualifier filter that removes laterality and lobe terms does
not catch every anatomical scope word: in 107 of the 1,396 pairs (7.7%) an anatomical qualifier such
as “spine”, “apex”, or “base” appears on one side only, so those pairs narrow the scope of the question
rather than restating it, and are not strict paraphrases. The worked example below is one of them.
Second, the pool is heavily positive: 1,314 of the 1,396 pairs have ground truth Yes against 82 with
ground truth No, so in the large majority of cases the transplant converts an incorrect No into the
correct Yes, and the curve is a localization of the commit on predominantly positive items rather than
a balanced estimate. Third, the transplant experiment was run in a separate codebase from the rest
of this dissertation, and the script that materializes the final pair pool was not retained, so the pool
is reconstructible by inspection but not by re-execution. None of the three affects the layer at which
the commit occurs, which is what the experiment is used for here, but each bounds how far the result
should be generalized.

A single case makes the aggregate curve concrete (Figure 5.6). For two phrasings of an interstitial-
pattern question on one chest X-ray, a detecting phrasing (“Can an interstitial pattern at the apex
be identified?”, which the model answers Yes) and a presence phrasing (“Is there interstitial pattern?”,
which the model answers No), the corroboration-lens yes/no margin tracks together through layer 15
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Figure 5.5: Distribution of the per-pair commit layer (half-maximum of the transplant flip curve). The median
is layer 16, the 95% bootstrap confidence interval is [16, 16], and 71% of pairs fall within layers 15 to 17. The
paraphrase-flip commit is a narrow-band phenomenon, not a diffuse one.
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Figure 5.6: A worked example of the layer-16 commit (interstitial-pattern pair on one image). (a) The two
phrasings’ lens margins track together through layer 15 and diverge after the commit, one settling on Yes and
the other on No. (b) Transplanting only the layer-16 residual state between the two phrasings flips the model’s
answer in both directions, the causal counterpart of the divergence in (a).

and then splits after layer 16, the detecting phrasing rising to a confident Yes and the presence phrasing
falling to No. Transplanting only the layer-16 residual state from one phrasing into the other flips the
model’s committed answer in both directions: the detecting phrasing becomes No when it receives the
presence phrasing’s layer-16 state, and the presence phrasing becomes Yes when it receives the detecting
phrasing’s. The lens readout locates where the answers visibly diverge; the lens-free transplant confirms
that the decision is made at layer 16.

The localized flips are not a curated handful: the 1,396 transplant pairs span 91 distinct findings
drawn from the PadChest paraphrase population, so the layer-16 result characterizes the paraphrase
flips the dissertation measures rather than a hand-selected subset. This is where the behavioral finding
of Chapters 3 and 6, that these models flip on clinically equivalent rephrasings, meets a mechanism:
the flip is a single-layer answer-commitment event, and that layer is 16.

The same locus governs a spatial decision, not only yes/no presence. Applying the identical trans-
plant to left-versus-right localization errors (left/right minimal pairs that answer opposite sides on the
same image) also commits at approximately layer 16 (Figure 5.8). The small sample makes this a
supporting rather than a primary result, but it indicates that layers 16 to 17 act as a general answer-
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Remove the recompute, and the upstream effect vanishes
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Figure 5.7: Committed at readout, not written upstream. A full-residual patch at the question positions flips the
answer (finding-noun peak 0.125 near layer 11, last-question peak 0.50 near layer 14), but a compute-matched
read-only edge patch, which removes all downstream recompute, collapses both upstream effects to 0.00 at every
layer, level with the image-token null, while the answer position still commits at layer 16. The upstream effect
was recompute, so the phrasing-dependent decision is recomputed and committed at the answer readout, not
stored in the question tokens.

commitment locus in this model rather than a yes/no-specific one. A position-attribution test then
asks whether layer 16 is where the phrasing bias is written into the question tokens or where it is read
out at the answer. A full-residual transplant at the question positions does flip the answer earlier (the
last-question position peaks at 0.50 near layer 14 and a finding-noun position at 0.125 near layer 11),
which naively suggests an upstream write. But a full-residual patch delivers both any stored lean and
the raw donor material the still-running readout can recompute, so it cannot separate the two. A
compute-matched read-only edge patch does: it transplants the donor state at an upstream position
but freezes every other position at all deeper layers, so the answer position can only read that state
with zero downstream recompute. Under this decisive test both upstream positions flip 0.00 of pairs
at every layer, identical to the image-token null, while the answer position still commits at layer 16
(Figure 5.7). The upstream “write” was therefore entirely recompute: the phrasing-dependent decision
is not stored as a finished lean in the question tokens but is recomputed and committed at the answer
position at layer 16. This read-only test is a small pilot and supports rather than replaces the 1,396-pair
commit result, but it is the causal counterpart of the readout-alignment account and independently
justifies adapting layers 15 to 19.

5.4.1 The Flip Is a Reading of the Image, Not a Re-encoding of It

A natural worry is that the paraphrase flip reflects the model encoding the image differently under
different phrasings. It does not, and the prompt layout makes this provable rather than merely mea-
sured. The 256 image tokens are placed before the question, and the decoder is causally masked, so
each image token’s residual at every layer depends only on the image and the shared instruction prefix,
never on the question that follows. The image representation is therefore identical across phrasings by
construction; measured on the laterality switches, the per-token divergence between the two phrasings’
image residuals is at machine precision (< 1.2 x 10~7 cosine distance) at every layer. The paraphrase
flip cannot live in the visual representation: it is entirely in how the answer position reads a common
image.
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The same layer decides left vs. right
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Figure 5.8: The same layer decides left versus right. The residual transplant on the small left /right localization
sample commits at approximately layer 16, matching the yes/no commit locus. Layers 16 to 17 act as a general
answer-commitment site, though the sample warrants a larger replication.

That reading genuinely depends on the image. Blanking the chest X-ray with a uniform gray image
collapses the disagreement in every case: the six laterality pairs that split on the real image all fall
back to the same side on the blank image, so none of the phrasing-driven splits survives blanking,
and gradient saliency of the left-versus-right decision concentrates at the lung bases and costophrenic
angles where the findings sit, similarly for both phrasings (Figure 5.9). The phrasing does not decide
which image the model sees; it decides how the answer position uses a shared image. A de-confounded
horizontal-mirror control (a left /right-symmetric transform, so a truly localizing phrasing must flip its
answer under mirroring) shows this use is heterogeneous: some phrasings localize a region and flip under
the mirror, others read global texture and are mirror-invariant but blank-sensitive, and others defer
to a left /right text prior. This is the mechanistic face of the consistency-without-grounding problem
of Chapter 6: two phrasings that read the same encoded image can commit to opposite answers, so
the model’s apparent stability is a property of the readout, not of the image it encoded. The mirror
analysis is a small pilot and is reported as a qualitative refinement.

5.4.2 Scope and Robustness of the Localization

Three checks bound what the layer-16 result claims. First, it is not an artifact of a convenient heuristic.
A common shortcut equates the high-excess-kurtosis band of the residual stream with a semantic
“workspace” and expects the decision to live there; on MedGemma that band is layers 1 to 7 (kurtosis
peaks near layer 6 and falls tenfold by layer 16), so the heuristic would mislocalize the commit by
roughly ten layers. Localizing with the lens-free causal patch, and only reading with the lens, avoids
this trap. Second, the mechanism is not universal across paraphrase types. Diagnosis-identification
switches, where a paraphrase makes the model name a different finding, do not commit at a single
position: transplanting the full depth-34 answer-position state from one phrasing into another fails to
install the donor’s diagnosis in two of three far-apart pairs at every layer (only a close cardiopulmonary
pair transfers), so which-diagnosis is reconstructed across the generation rather than committed at
layer 16. Different paraphrase flips therefore have different mechanisms; the sharp layer-16 commit
governs the single-token yes/no and left /right decisions, not open-ended diagnosis (this is a three-pair
bounding result, not a powered one). Third, the method generalizes even where the specific result is
not yet confirmed (Figure 5.10). The Jacobian lens ports across model families with no change, auto-
detecting the decoder inside both Gemma-3 (34 layers) and Qwen2-VL-2B (28 layers), and paraphrase
sensitivity replicates as a phenomenon on Qwen: four of six minimal pairs flip behaviorally. On
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MedGemma the lens read-out corroborates the causal result, with the two phrasings’ answer divergence
localizing near layer 16; on Qwen the same text-fit lens reads the answer position less faithfully, so
its divergence stays weak even where the model flips, which is why the causal patch (not the lens)
is the primary localizer and why the causal layer-16 commit on Qwen remains a well-defined open
question for that patch to answer next. The generality claim is therefore about the method and the
phenomenon, not yet about the layer.

A larger pre-specified held-out validation extends this case study into a candidate two-stage account
(Appendix A.4). Screening 4,542 MIMIC and 37,280 PadChest original /paraphrase pairs and freezing
hypotheses on a discovery split, it adds a downstream decision gate, Feature 12139 at layer 29. When
Feature 3818 is active, the flip originates at the upstream layer-17 register gate and propagates to
layer 29 (24%/17% single-feature restoration on MIMIC/PadChest); when Feature 3818 is flat, the
proximal cause is Feature 12139 itself (58%/27% restoration); and the two features form a direction-
coherent causal chain across 37 mediation pairs. The operator-preservation caveat applies with more
force here, since 39% of the screen’s flips are negation-pattern operator changes: these restoration
rates conflate paraphrase sensitivity with operator handling and answer selection, so a clean operator-
preserving screen with matched non-flip controls remains the outstanding step (Section 5.3.1). The
full protocol, mediation and composition analyses, and the two-pathway causal diagram are given in
Appendix A .4.

5.5 Controlled Isolation of the Origin: A MedGemma-Faithful Probe
Model

The localization above establishes where the paraphrase flip commits, but it cannot say why that
commit exists. On the deployed model the pretraining data, the architecture, and the training objective
are fixed together, so an observational study cannot separate whether the sensitivity is a property of
the training-phrasing distribution or of the architecture that reads it. To ask that question directly
we build a small probe model that reflects MedGemma’s architecture closely enough for a mechanism
found in it to transfer, while letting one factor, the distribution of question phrasings seen in training,
vary with everything else held fixed. The probe pairs a frozen MedSigL.IP-448 vision encoder (429M
parameters, from the same SigLIP vision-encoder family as MedGemma’s tower [11]), run at 896 pixels
to match MedGemma’s own input resolution, whose 4,096 patch tokens we pool to 256 to match the
deployed model’s image-token budget, together with a single grounding token carrying the encoder’s
own attention-pooled embedding, with a small Gemma-3 decoder of 14.1M trainable parameters that
carries the same components as MedGemma’s language side: rotary position embeddings, RMSNorm,
grouped-query attention, and the gated feed-forward and interleaved local and global attention of
Gemma-3. The 257 image tokens are projected and prepended inline and read by the same causally-
masked decoder, which is how MedGemma fuses vision and text rather than through cross-attention;
the question is tokenized with MedGemma’s own SentencePiece vocabulary, pruned to the 141 pieces
this corpus uses; and the yes or no answer is read from the tied Gemma-3 language-model head as
MedGemma generates it, not from a separate classifier. We train it on 86,288 binary presence questions
over chest radiographs from NIH ChestX-ray14 [116] and PadChest-GR, a subset of PadChest [101],
holding out MIMIC-CXR [117] and VinDr-CXR [102] entirely, so that transfer is measured against two
hospitals contributing nothing to training. Every split is balanced per finding, so a question’s wording
predicts its answer at exactly chance and the only way to reduce the loss is to read the radiograph.
Appendix Section A.6 reports the source composition, image-level splits, per-finding prevalence before
balancing, phrasing-bank structure, and the exact register-answer coupling used for the adversarial
regime.

Two properties make the probe usable for a causal claim. First, because the encoder is frozen and
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Table 5.3: The probe uses the image and transfers to two held-out hospitals. Balancing per finding pins the
text-only floor at 0.500, so all accuracy above it is visual; the area under the receiver operating characteristic
curve is computed on the yes-minus-no margin. The training row reports composition only. MIMIC-CXR
contains eight retained findings, four with at least 20 questions and four smaller cells. On VinDr-CXR, the
pleural-thickening cell contains 254 questions and inverts (AUROC 0.332, a probable label-definition mismatch),
so it should not be trusted.

Evaluation set n Yes No Accuracy AUROC
Training (NIH + PadChest-GR) 86,288 43,144 43,144 n/a n/a
In-distribution (held-out images) 15,112 7,556 7,556 0.748 0.827
MIMIC-CXR (held-out hospital) 450 225 225 0.671 0.743
VinDr-CXR (held-out hospital) 5,478 2,739 2,739 0.686 0.756

returns identical features for every paraphrase of a given question, any answer that changes across para-
phrases is language-side by construction, the same guarantee the prompt layout gives on the deployed
model (Section 5.4.1), here obtained on a real medical encoder rather than by causal masking. Second,
the model genuinely uses the image, which removes the obvious alternative reading of a paraphrase flip.
With the image removed its accuracy falls to 50.0%, exactly chance, against 74.8% with the image,
and on the two held-out hospitals it reaches an area under the receiver operating characteristic curve of
0.743 on MIMIC-CXR and 0.756 on VinDr-CXR. For reference, MedSigLLIP’s own zero-shot separation
of the same fourteen findings on the in-distribution NIH set is 0.734 by margin ranking and 0.681 by
accuracy. That reference is measured on a different population from the two transfer sets, so it fixes a
scale rather than supplying a matched baseline. A flip in this model therefore cannot be dismissed as
a model that never consulted the radiograph (Table 5.3).

Appendix Table A.10 reports every per-finding evaluation cell.

The probe makes the origin a manipulable variable. We train it under three phrasing regimes that
differ only in the questions the decoder sees, holding architecture, parameter budget, seed, and evalu-
ation fixed: canonical, one fixed phrasing per question; augmented, every paraphrase; and adversarial,
a phrasing distribution in which the register is correlated with the answer independently of the image.
Over eight seeds per regime the binary flip rate is set by the phrasing distribution alone (Table 5.4).
Broad coverage separates from both narrow regimes at the maximum effect size: augmented against
canonical and augmented against adversarial each give a Mann-Whitney U test p = 1.6 x 10~* with
Cliff’s 9 = 1.00, so every augmented seed flips less often than every seed of either narrow regime. The
two narrow regimes now separate from each other as well (p = 3.1 x 1074, Cliff’s § = 0.97): correlating
register with the answer drives the flip rate to 88.4%, well above the 67.1% that a single training
phrasing already produces. A phrasing shortcut is therefore a distinct and larger harm than narrow
coverage alone, which an earlier and smaller version of this experiment could not resolve. Accuracy
follows the same ordering, 75.3% for augmented against 66.8% for canonical and 58.1% for adversarial,
so the shortcut damages diagnostic performance and not only consistency. Because only the training-
phrasing distribution changes across the three regimes, and because the text-only accuracy is 50.0% to
50.3% in all of them, this is an identified cause rather than a correlation.

A model trained on every paraphrase has, by construction, seen the phrasings it is later tested on,
so part of a low flip rate is recognition of familiar wording rather than invariance. We separate the two
by splitting the paraphrase bank in half, training on 24 phrasings and scoring only on the 24 the model
has never seen, six of each linguistic phenomenon on either side so that neither half is confounded
with a phenomenon. Augmented rises from 4.8% to 26.6% under this stricter test, which quantifies
how much of the original figure was familiarity, and still flips less than half as often as canonical
at 65.9% and less than a third as often as adversarial at 87.4%, with Cliff’s 6 = 1.00 against both
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Table 5.4: Paraphrase sensitivity is set by the training-phrasing distribution. Binary flip rate of the MedGemma-
faithful probe model, a small Gemma-3 decoder over a frozen MedSigl.LIP-448 encoder, under three training-
phrasing regimes with architecture, parameter budget, seed, and evaluation held fixed. All phrasings trains and
scores on the full bank of 48 paraphrases (eight seeds); unseen phrasings trains on half the bank and scores only
on the 24 phrasings withheld from training (six seeds), which separates invariance from recognition of familiar
wording. Broad coverage separates from both narrow regimes at maximal effect size in both columns (Cliff’s
§ = 1.00), and the two narrow regimes separate from each other (p = 3.1 x 107%, § = 0.97). The regime means
for text-only accuracy are 50.0% to 50.3%, so no regime can exploit a prior over answers.

Phrasing distribution Flip rate (%)
Training regime seen in training All phrasings Unseen phrasings
Augmented Every paraphrase 4.8 26.6
Canonical One fixed phrasing per question 67.1 65.9
Adversarial Register correlated with the answer 88.4 87.4

(p = 2.2 x 1073). Broad phrasing coverage therefore produces invariance that generalizes to wording
never seen in training, which is the claim the mitigation in Section 5.6 depends on, and 26.6% against
65.9% is the honest statement of its size.

The same probe reproduces the mechanism the deployed-model localization reported, and shows
it holds for naturally occurring flips rather than only injected ones. A rank-1 difference-direction
transplant at the answer position restores the flipped answer, with net recovery of 0.98 to 1.00 across
layers 0 to 4 for the adversarial regime and 0.77 rising to 1.00 over the same layers for naturally
occurring flips, while a norm-matched random direction leaves the answer unchanged (0.00 to 0.02)
and patching non-flip clusters disturbs nothing (disruption 0.000 to 0.006). Recovery falls at the last
layer, near 0.6, because little computation remains after it. This holds for the naturally occurring flips
of the augmented regime (a mean of 59 flipped clusters per seed), not only the injected adversarial ones
(60 per seed), so the low-rank, language-side, readout-stage character of the flip is not an artifact of
the adversarial construction. Relative to the earlier and smaller version of this probe, where recovery
concentrated at layers 0 to 1, the direction here is carried slightly deeper and more evenly across
the stack. Two further checks, each resting on different assumptions, agree with this account. An
unsupervised sparse autoencoder fitted to the answer-position residual stream recovers the causal flip
direction: the best-aligned feature reaches |cosine| of 0.59 on this model and 0.74 on the earlier one,
against a best-of-2,048-random-directions null of 0.18, and that feature independently predicts flips on
the earlier probe (point-biserial 0.42, p = 2 x 107!). A Jacobian-lens readout agrees that flipping
clusters diverge from stable ones from the input layer onward (divergence 2.2x that of stable clusters,
correlation 0.26, on this model; 8.9x and 0.81 on the earlier probe), though because the lens is a first-
order approximation of the same patch we count it as a consistency check rather than an independent
leg.

One caution applies to every flip rate in this thesis, and the probe lets us discharge it. Flip rate
is computed from an argmax, so it depends on where the decision boundary sits and not only on
how much a paraphrase moves the representation; a model whose margins are simply wider will flip
less without being more invariant. We therefore recompute the flip rate while shifting the decision
boundary across +2 standard deviations of the margin distribution, and the augmented regime flips
least at every one of the seventeen offsets tested. The two narrow regimes exchange places in the tails,
where a large shift pushes most clusters to one side and suppresses flips in both, so the claim the sweep
supports is that broad coverage wins at every threshold rather than that the three regimes hold a fixed
order everywhere. We also compute a statistic containing no decision boundary at all, the ratio of the
mean within-cluster spread of the yes-minus-no margin to the between-cluster spread of that margin.
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It reproduces the same ordering at maximal effect size: 0.023 for augmented, 0.498 for canonical, and
1.362 for adversarial, with Cliff’s 6 = —1.00 against augmented in both comparisons (p = 1.6 x 107%).
Paraphrase sensitivity is a property of the representation, not of threshold placement.

The threshold has a second and larger consequence, which an earlier and smaller version of this
probe demonstrates because it could be made blind on purpose. A yes or no readout collapses a
continuous margin onto a single per-finding decision boundary, and that boundary is fixed by the
prevalence of the training distribution, so under a shift the whole margin distribution moves and every
image can land on the same side of it. The effect is large enough to hide the difference between a
model that reads the radiograph and one that cannot see it. On a balanced held-out set, three variants
of that earlier probe score 50.1%, 52.2% and 52.6% accuracy over five seeds, an ordering far too tight
to separate a model given another patient’s evidence from one given its own, while the mean area
under the receiver operating characteristic curve of their yes-minus-no margins is 0.500 for the variant
that receives no pooled image summary, 0.502 when that summary is shuffled across images, and 0.604
when it is the correct one (Figure 5.12). The frozen encoder pays the same tax on the same questions,
separating the fourteen findings at 0.734 by margin ranking but at 0.681 once forced through a binary
answer. Binary accuracy therefore cannot on its own certify that a medical vision-language model
consulted the image, which sharpens rather than qualifies the argument of this thesis: consistency
without grounding is a false sense of safety, and the measure the field reports most often cannot tell
the two apart. Where a margin is available we report ranking and dispersion alongside accuracy, and
where it is not we fall back on the image-removal and image-swap controls of Chapter 4.

The margin that a binary readout discards is, on its own, a single-pass detector of the flips this
chapter diagnoses, which turns the measurement lesson into a deployment signal. A flip is a sign
change of the yes-minus-no margin across paraphrases, and a sign change is most likely when the
margin already sits near zero, so the absolute margin of one forward pass ranks paraphrase-unstable
answers at no cost beyond the answer itself. On the probe’s held-out evaluation it reaches an area
under the receiver operating characteristic curve of 0.923 on in-distribution validation and 0.974 on
each of the two held-out hospitals for predicting whether an answer flips across its paraphrase cluster
(Table 5.5). It is at once the cheapest detector and the strongest. Paraphrase self-consistency, which
re-asks the question under several phrasings and takes the spread of the margin, reaches only 0.624 to
0.786 at a several-fold increase in inference, and a logistic probe fitted to the answer-position hidden
state reaches 0.801 to 0.838 for one pass plus a fit. A single-pass confidence gate that abstains below
a margin threshold is therefore the efficient flip monitor, and it needs neither repeated queries nor a
trained head.

The complementary failure, an answer that does not depend on the image, has no comparable
single-pass signal, the same asymmetry the four-quadrant screen of Chapter 4 reports. The absolute
margin is at chance for predicting whether an answer survives replacing the radiograph with another
patient’s, 0.470 to 0.519 across the three sets, because a confidently wrong answer that is unchanged
when the radiograph is swapped is indistinguishable from a confident grounded one; the hidden-state
probe reaches only 0.62 to 0.67. Only an explicit second pass that swaps the image and checks whether
the answer moves detects image reliance, at 0.827 to 0.907. We tested whether the finer event, a stable
answer whose reliance on the image nonetheless changes from one phrasing to another, could be caught
by matching each case to observationally similar radiographs and estimating its finding-selective visual
influence under every phrasing. Wording does reproducibly modulate that influence at the population
level, a two-way-centered cross-draw covariance of 0.062 with a between-draw correlation of 0.56, of
which 82% is specific to the case rather than to the finding, over three seeds. No individual grounded-
to-unreliant transition is identifiable under this design, however: zero events over 345 patient-seed
evaluations, a patient-level upper bound near 3%, because the same-versus-same matched-image noise
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Table 5.5: The discarded margin is the strongest and cheapest single-pass flip detector, and an image-unreliant
answer has no single-pass substitute. Area under the receiver operating characteristic curve for predicting,
per paraphrase cluster, whether the answer flips across phrasings (top) and whether it is unchanged when the
radiograph is replaced with another patient’s (bottom). The probe is scored on in-distribution validation and on
the two held-out hospitals. Passes counts forward evaluations per question; the hidden-state probe additionally
requires a fitted logistic head.

AUROC by evaluation set

Detector Passes Validation MIMIC-CXR VinDr-CXR
Catching a paraphrase flip
Absolute margin 1 0.923 0.974 0.974
Paraphrase self-consistency & 0.709 0.786 0.624
Hidden-state probe 141t 0.826 0.838 0.801
Catching an image-unreliant answer
Absolute margin 1 0.470 0.491 0.519
Image swap 2 0.827 0.907 0.856

is as large as the finding-selective signal it would have to exceed. Per-case image reliance is thus a
population property in this probe and not a per-prediction label, so the deployable monitor is the
single-pass margin gate for flips rather than a per-case grounding test.

Read together with the layer-16 commit on the deployed model, the probe fixes the account this
chapter builds toward the intervention that follows. The origin of paraphrase sensitivity is the training-
phrasing distribution, and it is executed as a low-rank direction in the early-to-middle language layers
that read a fixed visual representation, not in the visual representation itself. The mitigation ordering
follows from the same result: paraphrase augmentation of the training data is the largest lever, a flip
rate of 67.1% under a single phrasing falling to 4.8% under full coverage and to 26.6% when the test
wording is withheld from training, and a targeted low-rank edit at the identified layers is the efficient
parametric fix. That last implication is the targeted low-rank adaptation of Section 5.6, and it is
consistent with why editing a few early-to-middle layers is sufficient. Full LoRA edits all 34 layers, 6.8
times the five layers targeted here, without improving query-level consistency.

Four limits bound the probe. It is a 14.1M-parameter decoder on a frozen encoder, a controlled
model built to isolate a cause, not the deployed MedGemma-4B, so its absolute layer index is not
comparable to the deployed model’s layer 16 and only the qualitative account transfers. Its paraphrases
come from a bank of 48 templates spanning four linguistic phenomena rather than from free clinician
writing, so the held-out-phrasing result establishes generalization to unseen templates and not to
arbitrary unseen language; the questions themselves are the fourteen presence questions of the source
label sets, not open clinical dialogue. It manipulates the adaptation-stage phrasing distribution, the
distribution a deployed model is fine-tuned on, which is distinct from pretraining provenance, and a
controlled model of this size cannot reach the latter. Finally, its per-finding answer balancing removes
the answer prior by design, which is what allows a flip to be attributed to wording rather than to a
base rate, but it also makes the probe unrepresentative of deployment, where prevalence is skewed and
a model can be right for the wrong reason; the deployed-model evidence for that regime is in Chapter 6
rather than here.
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5.6 Targeted LoRA Fine-Tuning

5.6.1 Architecture

We insert LoRA adapters into the attention (query, key, value, output) and MLP (gate, up, down)
modules of layers 15 to 19. This layer range is motivated by the mechanistic analysis: Feature 3818
manifests at layer 17, so we target a neighborhood around it. The LoRA configuration uses rank
r = 16, scaling factor o = 32, and dropout 0.05. This adds 4.38M trainable parameters, or 0.10% of
the full model. The vision encoder remains frozen: the mechanistic analysis identified text-side circuits
as the source of sensitivity, so we leave visual processing unchanged.

The choice of layers 15 to 19 is directly motivated by the mechanistic analysis: Feature 3818
manifests at layer 17, and we target a symmetric neighborhood around it. However, the layer ablation
in Section 5.7 will show that this is not necessarily the optimal intervention location. We present
the mechanistically-guided layers as the primary configuration and the layer ablation as a systematic
exploration.

The LoRA adapters use the standard low-rank factorization: for each weight matrix W & RoutXdin
we add a learned perturbation AW = BA where B € Ré%uw*" and A € R™¥%n with r = 16 <
min(dip, dout). During training, only A and B are updated; the original weights W remain frozen. At
inference time, the perturbation is merged: W’ = W 4 9BA, adding no latency overhead.

5.6.2 Combined Loss

The central design choice is the loss function. A natural first attempt is to train on consistency
alone: minimize the divergence between the model’s output distributions on an original question and
its paraphrase. This fails catastrophically. With a pure consistency objective (A = 0), the model
converges to predicting “Yes” for every input, achieving 0% flip rate but 46.4% accuracy. This is mode
collapse: the model satisfies the consistency constraint trivially by ignoring the question entirely.

We prevent mode collapse with a combined loss that adds an accuracy term:

1
ﬁconsistency - 5 [DKL (poringpara) + DKL (pparaHporig)] (5~3)
Laccuracy = - log porig(y) - 10g ppara(y) (54)
L= ['consistency + A Eaccuracy (55)

where porig and ppara are the softmax distributions over the yes/no logits for the original and para-
phrased questions respectively, y is the ground truth label, and A controls the accuracy weight.

The consistency term uses symmetric KL divergence, which equals zero only when the two distribu-
tions match exactly. Neither the original nor the paraphrase distribution is privileged as the reference.
The accuracy term applies cross-entropy against ground truth for both the original and paraphrase,
ensuring the model remains discriminative. At A = 1.0, the two objectives receive equal weight.

5.6.3 Training Procedure

Two training configurations appear in this chapter and should not be conflated. The headline results
(Section 5.7, Table 5.6) use the operator-preserving expanded fleet trained on the patient-disjoint 656-
subject training split: 4,059 same-polarity binary paraphrase pairs, two epochs, five seeds for Targeted
LoRA and three for Full LoRA. The layer-ablation, prompt-template, and replication analyses that
follow instead use the original configuration described in this section: 500 binary paraphrase pairs
from the PSF-Med training split, three epochs, one randomly sampled paraphrase per question. These
500 pairs have no overlap with the test set or the FlipBank by question identity and are balanced
by answer label (approximately 250 “Yes” and 250 “No”) across all five transformation types; because
they predate the operator-preserving cleanup, the analyses built on them are reported for their relative
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patterns rather than their absolute flip rates.

Hyperparameters: learning rate 2 x 10~* with linear warmup (100 steps), batch size 8, AdamW
optimizer with weight decay 0.01, 3 epochs. Training converges rapidly; the consistency loss drops
sharply during epoch 1 while accuracy stays above 80% throughout. The total training time is ap-
proximately 20 minutes on a single NVIDIA A100 80GB GPU, making this approach computationally
accessible.

Each training step processes a batch of original-paraphrase pairs. For each pair, two forward passes
are required, (1) the original question with image to compute porig and (2) the paraphrased question
with image to compute ppara, followed by the corresponding two backward passes. The consistency and
accuracy losses are computed from the same forward passes and combined according to Equation 5.5.

We use a 15% calibration holdout from the training split to select the best checkpoint (lowest
combined loss). The remaining training data is used for gradient updates. This prevents overfitting to
the training paraphrases while providing an unbiased calibration signal.

5.6.4 Data Preparation

The 500 training pairs are drawn from the PSF-Med training split, which has no overlap with the
156-question test set or the FlipBank. Each training example consists of an image, an original question
with ground truth label, and one paraphrase. For each question the paraphrase is drawn at random
from that question’s paraphrase set; every candidate in the set has already passed the BioClinical BERT
equivalence filter used to construct PSF-Med (Chapter 3), so the training focuses on near-equivalent
reformulations where the model should produce identical outputs regardless of which one is sampled.

The training data includes paraphrases from all five transformation types (lexical, syntactic, for-
mality, scope, negation-adjacent), with the natural distribution reflecting their generation frequency:
lexical (32%), syntactic (24%), formality (19%), scope (14%), and negation-adjacent (11%). We do not
oversample any category. The label distribution is approximately balanced: 253 positive (“yes”) and
247 negative (“no”) ground truth labels.

During training, each batch of 8 pairs requires 16 forward passes (8 originals + 8 paraphrases)
and the corresponding backward passes. The effective batch size for gradient accumulation is 8 pairs,
not 16 examples, because the consistency loss couples the original and paraphrase within each pair.
Gradient accumulation over multiple mini-batches was not necessary given the small training set and
efficient LoRA parameter count.

5.6.5 Why This Design

Three design choices deserve justification. First, we target the language model only. The mechanistic
analysis showed that Feature 3818 responds to text phrasing, not visual features. Freezing the vision
encoder leaves the visual representation itself untouched, though Section 5.7.5 shows this is not sufficient
to preserve the model’s image dependence: the adapted readout leans harder on the question text even
with the encoder frozen. Second, we use a combined loss rather than a pure consistency loss. The
mode collapse result makes this non-negotiable: without accuracy supervision, the model degenerates.
Third, we use symmetric KL rather than alternatives like margin MSE or JS divergence. Symmetric
KL provides a smooth gradient signal and naturally handles the asymmetry between over-confident
and under-confident predictions.

5.7 Results
5.7.1 Main Results: MIMIC-CXR

The committed split files and evaluation code establish the patient- and image-disjoint design, including
the zero-overlap assertions. The per-seed evaluation JSON files named in Table 5.6, however, are
not included in the repository snapshot deposited with this dissertation. The numerical results in
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Table 5.6: Main results on the patient- and image-disjoint MIMIC-CXR held-out test. Primary end-
point: presence-of-finding (n = 238 questions, 991 same-polarity paraphrase pairs, spanning 236
held-out subjects and 238 held-out images); the all-binary set (n = 373, spanning 241 subjects and
243 images) is a secondary. For reference, the held-out split contains 245 subjects and 247 images
in total; the difference is questions of other types or without an evaluable same-polarity paraphrase.
Zero subject overlap and zero image overlap with training, asserted in code before any metric is re-
ported. Provenance: the split is generated by scripts/training/make_patient_disjoint_splits.py
(seed 42, subject-level partition of the 979-subject pool: 656 train / 78 wval / 245 test sub-
jects); adapters are trained on the 656-subject split (4,059 same-polarity binary pairs, two epochs;
five seeds for Targeted and three for Full LoRA) by fleet_launch_patient_disjoint.sh; and
eval_patient_disjoint_lora.py asserts the zero-overlap condition and writes a per-question manifest to
results/lora_fleet_patient_disjoint/eval_{targeted,full}_s*.json. Values are mean =+ std across
seeds. On the primary endpoint Targeted LoRA cuts the pairwise flip rate from 8.5% to 3.5% + 0.6 (about
59%) with no observed accuracy reduction (84.5% to 84.7% + 1.0; paired difference +0.25 pp, 95% t interval
[—1.00, +1.51]), and every seed is significant by paired McNemar (p from 2.5 x 1077 to 1.8 x 10~3). Full LoRA
reaches a slightly lower pairwise flip rate (2.9% +0.3) but is statistically indistinguishable at the query level (8.0
versus 8.1; Welch ¢ = 0.08 on the per-seed means, difference +0.08 percentage points, 95% CI [—2.4,42.6]) and
gives up about 1.2 points of accuracy (83.3% + 0.2). Secondary results, namely the earlier question-identity-
disjoint rerun and the training-size sweep, are reported in Section 5.7 and Appendix A.8.

Model Pairwise flip Query-level flip Accuracy
Primary endpoint: presence-of-finding (n = 238 questions, 991 pairs)

Base MedGemma-4B 8.5% 19.8% 84.5%

+ Targeted LoRA (5 seeds) 3.5% + 0.6 8.1% + 1.8 84.7% + 1.0
+ Full LoRA (3 seeds) 2.9% + 0.3 8.0% + 1.1 83.3% £ 0.2
Secondary: all binary questions (n = 373 questions, 1,445 pairs)

Base MedGemma-4B 8.1% 18.5% 84.5%

+ Targeted LoRA (5 seeds)  2.9% £ 0.7 6.2% + 1.6 85.5% + 1.1
+ Full LoRA (3 seeds) 2.2% £+ 0.1 5.6% + 0.7 84.8% + 0.3
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this subsection are preserved from the archived analysis and dissertation tables, but they cannot be
regenerated from the committed repository alone. This provenance limit applies to the patient-disjoint
flip rates, accuracies, intervals, McNemar tests, and clean-adapter safety re-audit.

We report a clean rerun that fixes three problems the original headline had: the training pool
contained operator-changing paraphrases (“Can X be ruled out?”) that teach the model the wrong
same-polarity answer, the original evaluation artifact was not saved in a form that reproduced the
reported counts, and the test set was disjoint from training by question identity only. The rerun
repartitions the MIMIC pool at the subject level, so that no patient and no image is shared across the
train/test boundary; trains on operator-preserving paraphrases from the disjoint 656-subject training
split (4,059 same-polarity binary pairs, two epochs, five seeds); and evaluates base and adapted models
on the identical paraphrases of the held-out test. The evaluation pipeline is configured to save each
prediction to a per-question manifest, but those manifests are absent from the repository snapshot.
Following the convention that a detection question is the clinically meaningful endpoint, presence-of-
finding is the primary endpoint (238 questions, 991 pairs, drawn from 236 held-out subjects and 238
held-out images); the full binary set (373 questions, 1,445 pairs, which also contains view-identification
and abnormality questions) is reported as a secondary.

Unit of analysis and sources of variability. Three nested units appear in the numbers that
follow, and they are not interchangeable. The pairwise flip rate takes the paraphrase pair as its
denominator (991 pairs on the primary endpoint), pairs are nested within questions (238), and questions
are nested within images (238) and within subjects (236). The query-level flip rate takes the question
as its denominator and counts a question once regardless of how many paraphrases it carries, which is
why the two rates differ in magnitude and why only the query-level rate answers the clinician-facing
question of whether an answer changes at all. Nesting is close to degenerate above the question on this
split, since the 238 presence questions come from 238 held-out images and 236 held-out subjects, so the
units where dependence actually accumulates are the pair within the question and the question within
the image, not the patient. Accuracy, text-only agreement, and swap sensitivity are all question-level
quantities. Separately, every + attached to a flip rate, an accuracy, or an agreement figure in this
chapter is a standard deviation across training seeds: it describes how much the training procedure
varies from one seed to the next, and it is not an interval for the test cohort. The two quantities answer
different questions and are not pooled into one figure. The intervals reported here, the [—1.00, +1.51]
percentage-point accuracy interval and the [—2.4,42.6] Welch interval, are likewise computed over
per-seed means and are therefore also training-variability statements. Clustered intervals at the pair,
question, and image levels are not computed in this chapter; the resampling helper written for that
recomputation is scripts/analysis/cluster_bootstrap.py, and no number reported here uses it.

Across five seeds (Table 5.6), the targeted LoRA cuts the presence-only pairwise flip rate from
8.5% to 3.5% + 0.6 (about a 59% reduction, the + being a standard deviation across the five training
seeds) and the query-level rate from 19.8% to 8.1% =4 1.8, with no observed accuracy reduction (84.5%
to 84.7% =+ 1.0; paired per-question difference +0.25 percentage points, 95% t interval [—1.00, 4+1.51]
across the five seeds). We report the interval rather than claiming equivalence: the data are consistent
with anything from a one-point loss to a 1.5-point gain, so they exclude a large accuracy cost but do not
establish exact parity. Every seed is significant by paired McNemar (p from 2.5 x 1077 to 1.8 x 1073;
37 to 41 questions flip for the base model only, against 5 to 14 for the adapted model only). On the
secondary all-binary set the pairwise rate falls from 8.1% to 2.9% =+ 0.7 and accuracy is unchanged
(84.5% to 85.5% + 1.1). The base pairwise rate (8.5%) is lower than the 14.6% reported before the
operator-preserving cleanup, because the earlier figure was inflated by operator-changing pairs whose
flips were correct behavior.

The generalization claim can now be read directly. The test set is disjoint from training by patient
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and by image: the pool was repartitioned at the subject level, and the evaluation script asserts zero
subject overlap and zero image overlap before it reports any metric (the held-out split spans 245 subjects
and 247 images in total; the primary presence endpoint draws on 236 of those subjects and 238 of those
images). The reduction is therefore measured on patients and studies the adapter never saw, which
is what a deployment claim requires. An earlier rerun of the same pipeline was disjoint by question
identity only, with 145 of its 156 questions reusing a training-seen image and subject; it reported a
larger reduction (10.5% to 3.1%=+0.9 pairwise), so the seen-study setting modestly overstated the effect
while the effect itself survives on unseen patients. Two limits remain: the split is disjoint by patient
but not by institution (both sides draw from the same MIMIC source), and the out-of-distribution
transfer to PadChest, a genuinely disjoint institution, is reported separately below and is weaker.

The archived analysis reports statistical significance in every seed. Because the same questions are
evaluated for each model, the paired McNemar test is the appropriate one. The recorded discordant
counts are 37 to 41 questions that flip only for the base model and 5 to 14 that flip only for the adapted
model, giving exact two-sided p between 2.5 x 1077 and 1.8 x 10~2 across the five seeds. The per-
question artifacts from which these counts were computed are not present in the repository snapshot,
as stated above.

Training-set size is no longer a concern: the result has plateaued. On the earlier question-identity-
disjoint split, sweeping the training set from a 500-sample subset to 1,288 samples to that run’s full
expanded pool moves the targeted pairwise flip rate from 5.1% to 3.4% to 3.1%, with the last two within
the seed-to-seed confidence interval, so more data no longer helps and the roughly 3% floor reflects
the method rather than the data. The replication study (Appendix A.8) shows the same plateau on
MIMIC while out-of-distribution transfer keeps improving with more data. The binary pool caps at
1,288 distinct questions (1,000 local images); larger-scale multi-task adapters trained on roughly 12,000
pairs are released separately.

Full LoRA (all 34 layers, three seeds) reaches a slightly lower pairwise flip rate on the primary
endpoint (2.9% + 0.3 over three training seeds versus 3.5% =+ 0.6 over five for the targeted adapter,
each + a standard deviation across seeds), as expected from its larger capacity, but the advantage is
narrower than it first appears. The two are statistically indistinguishable at the query level (Welch
t = 0.08 on the per-seed means, difference +0.08 percentage points, 95% CI [—2.4,4-2.6]) (8.0% £ 1.1
versus 8.1% =+ 1.8), which is the level a clinician experiences, namely whether the answer changes at all
for a given question; and Full LoRA gives up about 1.2 points of accuracy (83.3% =+ 0.2 against a base
of 84.5% and 84.7% =+ 1.0 for the targeted adapter). So on patient-disjoint data the targeted adapter is
the better accuracy-consistency trade on its own terms, before any image-reliance argument is made.
Whether Full LoRA also buys its extra pairwise consistency by leaning more heavily on the text prior
is tested directly on these same adapters in Section 5.7.5.

The layer-ablation, prompt-template, cross-model, and PadChest-transfer analyses that follow were
run on the original training pipeline and are reported for their relative patterns; the clean rerun above
re-establishes the central headline (a roughly 59% flip-rate reduction, from 8.5% to 3.5%, with no mode
collapse) on operator-preserving data.

5.7.2 Layer Ablation

We train five LoRA configurations targeting different layer ranges: early (0 to 10), a randomly chosen
contiguous block (5 to 9), all (0 to 33), middle (15 to 19), and late (25 to 33). We evaluate on the
355-question validation split, which provides more statistical power than the 156-question test set.
Table 5.7 reports the resulting margin differences.

The results are surprising (Figure 5.14). Early layers produce the largest margin reduction: 0.26
mean margin difference (86% reduction from the 1.87 baseline). The random subset (layers 5 to 9)
achieves 0.30 (84%). All layers reach 0.34 (82%). The mechanistically-targeted middle layers achieve
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Table 5.7: Layer-range ablation on the MIMIC-CXR, validation split (n = 355). All configurations use rank
16, a = 32, combined loss with A = 1.0. Early layers reduce margin difference most despite not containing the
mechanistically identified Feature 3818 at layer 17.

Layer Range Layers Margin Diff % Reduction n Layers
Baseline (no LoRA) N/A 1.87 N/A N/A
Early 0 to 10 0.26 86% 11
Random block 5t09 0.30 84% 5

All 0 to 33 0.34 82% 34
Middle 15 to 19 0.38 80% 5
Late 25 to 33 0.70 63% 9

0.38 (80%). Late layers perform worst at 0.70 (63%).

Early layers outperform the mechanistically-guided middle layers by 6 percentage points in relative
margin reduction. This means the SAE analysis does not prescribe the optimal intervention location.
Feature 3818 at layer 17 tells us where register sensitivity manifests, but the most effective fix acts
upstream, modifying representations before the register distinction forms. This is analogous to treating
a disease at its origin rather than at the site of symptoms.

The layer ablation also shows that full-model LoRA (all 34 layers) does not outperform targeted
ranges. Adding more layers adds more trainable parameters but does not improve consistency. This
suggests the consistency signal is learnable from a small number of layers, and the additional parameters
introduce noise or overfit to training-specific paraphrase patterns.

5.7.3 Extended Block Sweep

To move beyond the five-configuration ablation, we conduct an exhaustive block sweep across all
possible contiguous 5-layer windows in the 34-layer model, plus 20 randomly sampled non-contiguous
5-layer subsets. This produces 50 LoRA configurations in total (30 contiguous + 20 random), each
trained with the same hyperparameters and evaluated on the same validation set.

The contiguous sweep reveals a U-shaped pattern in margin reduction (Figure 5.15): early windows
(layers 0 to 4 through 4 to 8) achieve the strongest flip reduction, middle windows (10 to 14 through 18 to
22) show moderate performance, and late windows (28 to 32, 29 to 33) show the weakest performance.
The global minimum in margin difference occurs at layers 1 to 5 (0.24 logits, 87% reduction from
baseline), slightly outperforming the early-layer window 0 to 10 from the five-configuration ablation.

The random subsets provide a natural control. Non-contiguous sets of 5 layers drawn uniformly
at random achieve margin reductions ranging from 0.28 to 0.62 logits. The best random subsets (e.g.,
layers {2, 5, 7, 24, 29}) approach but do not exceed the best contiguous windows, suggesting that layer
adjacency is mildly beneficial but not essential.

The block sweep confirms the main finding from the five-configuration ablation: the optimal in-
tervention location is upstream of the mechanistically-identified layer 17. It also establishes that any
5-layer window in the first half of the model (layers 0 to 16) achieves substantial flip reduction with
little accuracy cost (Figure 5.16); windows in the second half are consistently weaker. This gradient
(strong early intervention, weak late intervention) is consistent with the hypothesis that paraphrase
sensitivity is best treated before the register-sensitive representation forms.

5.7.4 Comparison: Targeted vs. Full LoRA

A natural question is why not simply train LoRA on all 34 layers, maximizing the model’s ability to
learn consistency? The answer is that Full LoRA (all 34 layers, 30.5M parameters) achieves the lowest
flip rate but at a cost first reported in Chapter 6: on the original-pipeline adapters its answers were
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far more often invariant under image removal and far less often changed by an image swap, so more of
its consistency came from the question text than from the image.

On the MIMIC-CXR flip bank (n=98), Full LoRA reaches 4.1% flip rate versus Targeted LoRA’s
20.4%. But Full LoRA’s text-only agreement is 80.6% versus 66.3% for Targeted LoRA. Swap sensitivity
drops to 14.3% for Full LoRA versus 32.7% for Targeted LoRA. On these original-pipeline adapters,
and on this n=98 flip bank alone, the additional 26.1M parameters (from 4.38M to 30.5M) buy a lower
flip rate at the expense of image reliance, with the image swap rather than image removal carrying the
weight of that reading.

This comparison motivates the central argument of Chapter 6: flip rate alone is an inadequate safety
metric. This ordering, however, is specific to the original-pipeline adapters and does not replicate on
the clean, patient-disjoint adapters, where the two are tied on image reliance and both are markedly
more text-reliant than the base model (Section 5.7.5); the targeted adapter is the better intervention
on accuracy and cost, not on grounding. On those original adapters, then, Full LoRA had the better
flip-rate number and the worse image-reliance profile; Section 5.7.5 shows that this particular contrast
does not survive a clean audit.

5.7.5 Safety Re-Audit of the Clean Adapters

The comparison just given, and the image-reliance audit of Chapter 6, both rest on adapters trained
by the original pipeline. Because the mitigation result above is measured on the clean, patient-disjoint
adapters, we re-ran the image-reliance audit on those exact adapters, using the same protocol as
Chapter 6 and the same patient- and image-disjoint held-out set. The audit reports a slightly larger
population than the flip-rate table above: text-only agreement and swap sensitivity are defined on a
single question, whereas a flip rate requires at least one paraphrase to compare against. The presence
endpoint therefore carries 241 questions here against 238 there, and the all-binary endpoint 382 against
373; the three and nine additional questions are those the equivalence audit left without a surviving
paraphrase. The two tables are computed on the same split and the same adapters, and the small
difference in n is this and nothing else.

Table 5.8: Image-reliance re-audit of the clean, patient-disjoint adapters, using the same protocol as Chapter 6:
the text-only condition removes the image token from the prompt entirely, and the swap condition re-pairs each
question with another test image. All measurements are on the patient- and image-disjoint held-out set (zero
subject and zero image overlap with training). Higher text-only agreement means more text-reliant; higher
swap sensitivity means more image-reliant. Two results stand out. First, the targeted and full adapters are
statistically indistinguishable on both image-reliance measures, so the ordering reported in Chapter 6 for the
original-pipeline adapters (targeted 66.3% text-only agreement and 32.7% swap sensitivity against full 80.6%
and 14.3%) does not replicate here. Second, both adapters raise text-only agreement sharply relative to the base

model (53.5% to about 77% on the presence-only endpoint) while slightly lowering swap sensitivity, so both buy
a substantial part of their consistency from the question text rather than from more stable use of the image.

Model Text-only agree fyisxk  Swap sens. T Accuracy
Primary endpoint: presence-of-finding (n = 241)

Base MedGemma-4B 53.5% 22.0% 84.7%

+ Targeted LoRA (5 seeds) 76.8% + 3.1 19.9% + 1.2 84.3% + 1.0
+ Full LoRA (3 seeds) 76.6% + 1.7 20.9% + 1.3 82.4% £ 0.5
Secondary: all binary questions (n = 382)

Base MedGemma-4B 67.0% 18.1% 84.5%

+ Targeted LoRA (5 seeds) 69.8% + 2.7 18.5% =+ 0.4 85.2% + 1.1
+ Full LoRA (3 seeds) 69.4% + 1.8 19.7% + 1.3 84.5% + 04

The earlier ordering does not replicate. On the presence-only endpoint the targeted and full adapters
are statistically indistinguishable on both image-reliance measures: text-only agreement is 76.8% 4= 3.1
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versus 76.6% =+ 1.7, and swap sensitivity is 19.9% =+ 1.2 versus 20.9% = 1.3, with the full adapter
marginally the more swap-sensitive of the two; each 4+ here is a standard deviation across training
seeds, five for the targeted adapter and three for the full adapter, and not an interval for the test
cohort. The contrast reported for the original-pipeline adapters (targeted 66.3% text-only agreement
and 32.7% swap sensitivity against full 80.6% and 14.3%) is therefore specific to those adapters and that
evaluation set. On the clean adapters, the claim that targeted adaptation preserves image dependence
relative to full adaptation is not supported.

The more consequential observation is what both adapters do relative to the base model. Text-
only agreement rises from 53.5% to about 77% for both, a 23-point increase, while swap sensitivity
falls slightly (22.0% to 19.9% and 20.9%). Both interventions therefore buy a substantial part of their
consistency by leaning harder on the question text rather than by making more stable use of the image.
This is the dissertation’s own central warning applied to its own mitigation: a low flip rate does not
certify grounding, and consistency training does not become exempt from that warning by being guided
by a mechanistic localization. Read together with Thrust 4, the honest summary is that the targeted
adapter reduces paraphrase sensitivity without improving grounding, and partly at the expense of it.

This changes the basis of the recommendation rather than the recommendation itself. The targeted
adapter remains preferable to the full adapter, but for the reason that survives a clean audit: at
statistically indistinguishable query-level consistency (8.1% + 1.8 versus 8.0% £ 1.1; (Welch ¢ = 0.08 on
the per-seed means, difference +0.08 percentage points, 95% CI [—2.4, +2.6])) and tied image reliance,
it preserves accuracy (84.3% =+ 1.0 versus 82.4% + 0.5, against a base of 84.7% on this n=241 audit
set; the base moves with the evaluation set, so the primary n=238 endpoint of Table 5.6 has a base of
84.5% and a paired difference of +0.25 points) while modifying 0.1% of parameters rather than 0.72%.
It is the cheaper and more accurate route to the same consistency, not a more grounded one. Any
deployment of either adapter must therefore be paired with the image-reliance checks of Chapter 6,
not justified by the flip-rate reduction alone.

5.7.6 Lambda Sweep

Table 5.9: Lambda sweep for the combined loss £ = Leonsistency + A * Laccuracy on the MIMIC-CXR validation
split. A flat Pareto front exists for A € [0.1,1.0]: flip rate ranges from 3.9% to 4.6% while accuracy ranges from
85.6% to 88.2%. Pure consistency (A = 0) causes mode collapse; accuracy-only training yields nearly double
the optimal flip rate.

A Accuracy (%) Flip Rate (%) Margin Diff
0 (consistency only) 46.4 0.0 0.11
0.1 85.6 3.9 0.18
0.3 88.2 3.9 0.25
0.5 85.9 4.6 0.31
1.0 88.2 3.9 0.37
2.0 87.3 4.6 0.45
5.0 87.3 5.9 0.51
oo (accuracy only) 87.3 7.2 0.55

We train 8 configurations with A € {0,0.1,0.3,0.5, 1.0, 2.0, 5.0, accuracy-only}, evaluated on a 153-
question MIMIC-CXR validation subset (a smaller held-out set than the 355-question split used for
the layer ablation in Table 5.7). The results reveal a flat Pareto front for A € [0.1,1.0] (Table 5.9): flip
rate ranges from 3.9% to 4.6% while accuracy ranges from 85.6% to 88.2%. Our chosen A = 1.0 sits at
the optimal point (3.9% flips, 88.2% accuracy).

At the extremes, both objectives fail when used alone. At A = 0 (consistency only), the model
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achieves 0% flips and 46.4% accuracy: mode collapse. An accuracy-only LoRA (A — o0) yields 7.2%
flips at 87.3% accuracy, nearly double the optimal flip rate. At A = 5.0, the accuracy term dominates
so heavily that consistency degrades to 5.9% flips. The flat Pareto front means the method is not
sensitive to the exact A value within a reasonable range.

5.7.7 Prompt Template Stability

Table 5.10: Prompt template stability on the MIMIC-CXR test set (n = 97 pairs). The LoRA reduces flip
rate across all five templates, confirming it modifies internal representations rather than learning surface-level
associations with the training prompt. Margin-based metrics are invariant to decoding strategy (greedy, tem-
perature 0.3, nucleus p = 0.9, beam k = 4).

Template Flip Rate (%) Margin Diff
Base + LoRA Base + LoRA
Default 12.4 6.2 1.703 0.339

Instruction-first  15.5 13.4 1.049 0.436
Question-first 15.5 13.4 0.541 0.318
Bare 14.4 10.3 1.035 0.685
Role-primed 15.5 4.1 1.597 0.402

A concern with any fine-tuning approach is that it might learn prompt-specific patterns rather
than genuine consistency. We evaluate on the 97-pair MIMIC test set across five prompt templates
(Table 5.10): default (the training template), instruction-first, question-first, bare (no system prompt),
and role-primed (“You are a radiologist.”). We also test four decoding strategies: greedy, temperature
0.3, nucleus p = 0.9, and beam search k = 4.

Decoding strategy has zero effect on margin-based metrics. Margins are computed from a single for-
ward pass and do not depend on sampling. The LoRA reduces flip rate across all five templates: default
12.4% — 6.2%, instruction-first 15.5% — 13.4%, question-first 15.5% — 13.4%, bare 14.4% — 10.3%,
role-primed 15.5% — 4.1%. The improvement is template-general, confirming the LoRA modifies
internal representations rather than learning a surface-level association with the training prompt.

5.7.8 Cross-Dataset Generalization: PadChest

Table 5.11: Cross-dataset generalization to PadChest (balanced n = 250: 125 yes, 125 no). The LoRA was
trained exclusively on MIMIC-CXR. Margin reduction transfers strongly (75.4%); flip rate reduction is modest
on this already-consistent balanced set (10.5%); accuracy improves by 6.4 percentage points.

Model Accuracy Margin Diff Flip Rate
Base MedGemma-4B 85.2% 1.02 7.6%

+ Targeted LoRA 91.6% 0.25 6.8%
Change +6.4 pp —75.4% —10.5%

PadChest provides an out-of-distribution stress test: different institution (Spain vs. United States),
different imaging equipment, different patient demographics. On 250 balanced PadChest questions (125
yes, 125 no), the LoRA improves accuracy from 85.2% to 91.6% (+6.4 percentage points) and reduces
the margin difference from 1.02 to 0.25 (75.4% reduction, Table 5.11). The base model is already fairly
consistent on this balanced set (7.6% flip), so the flip rate changes little (to 6.8%); the transfer shows
up in accuracy and margin sharpening rather than flip reduction.

The transfer is partial. On this balanced PadChest set the base model already flips only 7.6% of
the time, so there is little flip rate to reduce; the LoRA instead transfers as a large margin sharpening
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(75% reduction) and an accuracy gain. This is expected: the LoRA was trained exclusively on MIMIC-
CXR data, and distribution shift reduces any fine-tuning’s effectiveness. But the accuracy increase
on PadChest is notable. The LoRA does not simply memorize MIMIC-specific patterns; it learns
something about paraphrase-invariant clinical reasoning that transfers across institutions.

5.7.9 Replication Study

Table 5.12: Replication study across 5 random seeds (42, 123, 456, 789, 2024) at two training set sizes. The
MIMIC-CXR flip rate is stable across seeds (low variance). Quadrupling the training data from n = 500 to
n = 2,000 yields less than 0.5 pp additional gain, indicating the consistency signal is learnable from a few
hundred examples.

Training Size MIMIC Flip Rate (mean =+ std) 95% CI

n = 500 4.6% + 0.3% [4.1%, 5.1%]
n = 2,000 4.3% + 0.2% [3.9%, 4.7%]

We replicate the main result across 5 random seeds (42, 123, 456, 789, 2024) at two training set
sizes (n = 500 and n = 2,000; Table 5.12). At n = 500, the mean MIMIC flip rate is 4.6% £ 0.3%
(standard deviation across the five training seeds), confirming low training variance. At n = 2,000, the
mean drops slightly to 4.3% =+ 0.2% on the same seed-to-seed basis, less than 0.5 percentage points of
additional gain. The small marginal benefit of quadrupling the training data suggests the consistency
signal is learnable from a few hundred examples.

5.7.10 Cross-Model Feature Validation

To assess whether Feature 3818’s role is specific to Base MedGemma-4B or extends to adapted variants,
we extract SAE features for three model configurations (Base, Targeted LoRA, Full LoRA) across both
datasets. For each configuration, we rank features by their association with paraphrase flips using a
point-biserial correlation.

On PadChest, Feature 3818 ranks #1 for both Targeted LoRA (r,, = —0.462) and Full LoRA
(rpp = —0.776): when the feature is active, flip rate drops to 30%, versus 65% when inactive. On
MIMIC, Feature 3818 ranks #2 for Base (rp, = —0.430), confirming its role in-distribution. However,
Targeted LoRA suppresses Feature 3818 on MIMIC (rank 33), while leaving it active on PadChest (rank
1). This dissociation reveals that the LoRA’s consistency improvement on MIMIC involves learning to
ignore the register gate in-distribution, but the feature reasserts itself out-of-distribution.

Layer-level analysis shows that early-layer features (layer 9) are near-identical across all models
(Jaccard similarity 0.87 to 1.0 for the top 50 features), while layer 17 features diverge substantially
(Jaccard 0.30 to 0.45). Layers 22 and 29 show model-specific feature usage. The LoRA’s targeted inter-
vention on layers 15 to 19 reshapes the mid-layer feature space without affecting early representations,
explaining why the mechanism manifests differently across configurations.

A causal patching experiment tests whether restoring Feature 3818’s activation from the original
question can recover flips in the paraphrase. For Targeted LoRA on PadChest, patching recovers
16.7% (4/24) of OOD flips, versus 0% for matched control features. On MIMIC, recovery is 0% for all
models, consistent with the LoRA having already suppressed the feature in-distribution. This confirms
Feature 3818’s causal role is OOD-specific for the adapted model.

5.7.11 SAE Validity After LoRA

A natural concern is whether the LoRA modifies activations so much that the SAE becomes invalid.
This is a separate question from the base-model transfer validated in Section 5.2 (R? = 0.997 on
unmodified MedGemma-4B): here we ask only whether the additional Targeted LoRA adaptation
degrades reconstruction. We recompute FVU on 98 MIMIC samples for both the base model and the
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LoRA-adapted model. Base FVU is 0.33% =+ 0.02%. LoRA FVU is 0.50% 4 0.06%. The increase of
0.17 percentage points is negligible: both values are well below 1%. Feature 3818’s mean activation
barely changes (211.8 vs. 213.5). The SAE remains a valid analysis tool after LoRA adaptation, since
the LoRA modifies only 5 of 34 layers at rank 16.

5.8 Discussion

The two-stage account is discussed further in Appendix A.4: the cross-dataset differences in restoration
efficacy are compositional (driven by flip-direction and phenomenon mix) rather than mechanistic, and
the account identifies the dominant decision-stage features rather than the complete circuit.

5.8.1 Mechanisms vs. Interventions

The most important finding is the dissociation between mechanistic diagnosis and optimal intervention.
The SAE analysis identifies layer 17 as the site where register sensitivity is represented. But the layer
ablation shows that early-layer interventions (0 to 10) outperform middle-layer interventions (15 to
19). The mechanism tells us what the model computes and where that computation manifests, but the
best place to intervene is upstream, before the problematic representation forms.

This dissociation is not unique to our setting. In medicine, the site of a symptom is often different
from the site of effective treatment. The mechanistic analysis provides a testable hypothesis about the
nature of the problem (register sensitivity), even if the intervention acts at a different level.

5.8.2 Why Early Layers Outperform Middle Layers

Several hypotheses can explain the dissociation between the mechanistic diagnosis (layer 17) and the
optimal intervention (layers 0 to 10):

Hypothesis 1: Prevention vs. treatment. Early-layer interventions prevent the register-
sensitive representation from forming in the first place. By modifying the residual stream at layers 0
to 10, the LoRA alters the input to layers 11 to 17, changing what features are activated. Feature 3818
at layer 17 simply does not receive the input pattern that triggers register-dependent activation. This
is analogous to vaccination (preventing the disease) versus treatment (addressing symptoms after they
appear).

Hypothesis 2: Information bottleneck. Early transformer layers perform initial text-image
integration. The register distinction (presence vs. exclusion framing) is a relatively simple syntactic
property that is encoded early in processing. By layer 17, the register information has been integrated
with image features and is harder to modify without disrupting other computations. Early-layer
intervention modifies the register signal before it becomes entangled with visual processing.

Hypothesis 3: Gradient flow. LoRA adapters at early layers may receive stronger gradient
signals for the consistency loss because they are closer to the input and further from the output softmax.
This could make early-layer LoRA more efficient at learning the consistency signal, independent of
mechanistic considerations.

The block sweep data is most consistent with Hypothesis 1. The U-shaped pattern (strong early,
moderate middle, weak late) maps onto the typical information flow in transformers: early layers
encode syntactic features, middle layers perform composition, and late layers decode to output space.
Intervening at the syntactic encoding stage (where register is first represented) is more effective than
intervening at the composition stage (where register has already influenced feature combinations).

This finding has broader implications for mechanistic interpretability. The common practice of
intervening at the layer where a feature is detected may not be optimal. The SAE identifies where a
computation happens, but the best intervention may be upstream, at the layer where the inputs to
that computation are formed.
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5.8.3 The Mode Collapse Problem

Mode collapse under pure consistency training has a straightforward explanation. The consistency
loss Leconsistency 18 minimized when porg = ppara- The easiest way to achieve this is to make both
distributions identical for all inputs, regardless of the question or image. A model that always predicts
“Yes” satisfies this constraint perfectly. The accuracy term breaks this degeneracy by requiring the
model to match ground truth, which forces it to discriminate between images.

This result has practical implications. Any approach to improving paraphrase consistency, not
just LoRA, needs an anchoring mechanism to prevent trivial solutions. The anchoring need not be
ground-truth labels; pseudo-labels from high-confidence base model predictions, contrastive objectives
in activation space, or self-distillation with a moving-average teacher could serve the same role. But
some form of anchor is necessary.

5.8.4 Relation to Other PEFT Methods

The LoRA approach used in this work is one of several Parameter-Efficient Fine-Tuning (PEFT)
methods. QLoRA [118] applies LoRA to quantized models, reducing memory requirements at the
cost of quantization noise. Prefix tuning prepends learned continuous vectors to the input, modifying
model behavior without changing any weights. Adapter layers insert small trainable bottleneck modules
between frozen layers.

We chose LoRA because it offers two properties critical for our application. First, it modifies
specific layer ranges, enabling the mechanistically-guided targeting that distinguishes our approach
from blanket fine-tuning. Prefix tuning and adapter methods operate at different granularities that do
not map cleanly onto the layer-level mechanistic analysis from the SAE. Second, LoRA adapters can
be merged into the base weights at inference time (W’ = W + €BA), adding zero latency overhead,
so the deployed model runs at the base model’s inference speed.

A comparison with full fine-tuning is also instructive. Full fine-tuning modifies all 4B parameters
and typically requires more training data and compute to avoid catastrophic forgetting. The LoRA’s
0.1% parameter budget forces it to learn a low-rank perturbation that captures the consistency signal
without overwriting the base model’s visual processing capabilities. On the original-pipeline adapters
this looked like an implicit regularizer against text-only shortcuts, but the clean patient-disjoint re-
audit does not support that reading: the two adapters tie on text-only agreement at about 77%. The
parameter budget buys cost and accuracy, not grounding.

5.8.5 Training Dynamics

The training dynamics reveal how the combined loss balances its two objectives. During epoch 1, the
consistency loss drops sharply (from ~0.8 to ~0.15) as the model learns to align distributions across
paraphrased inputs. The accuracy loss remains approximately flat (0.55 to 0.50), indicating that the
model maintains discriminative capability throughout consistency learning. During epochs 2 and 3,
both losses plateau, with the consistency loss reaching 0.05 and accuracy loss reaching 0.45.

The rapid convergence of the consistency loss (within 1 epoch) on 500 training pairs suggests
that the paraphrase-invariant signal is relatively simple for the model to learn. This is consistent
with the Feature 3818 analysis: the model already has the representational capacity for consistent
processing, and the LoRA primarily needs to suppress the register-sensitive pathway rather than build
new capabilities. The early convergence also explains why increasing the training set from 500 to 2,000
samples yields only marginal improvement (4.6% to 4.3% flip rate); the signal is learned quickly, and
additional data provides diminishing returns.
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5.8.6 Clinical Implications

From a deployment perspective, these results suggest two recommendations. First, evaluation of medi-
cal VLMs should include consistency metrics (flip rate, margin difference) alongside accuracy. A model
with 90% accuracy and 15% flip rate gives different answers to the same clinical question one time in
seven, which is unacceptable for diagnostic use. Second, targeted fine-tuning can reduce sensitivity
without large compute costs. The LoRA adds 4.38M parameters, trains on 500 examples in under 20
minutes on a single A100, and generalizes partially to unseen institutions.

5.8.7 Computational Requirements

The Targeted LoRA approach is designed for accessibility. Training requires a single NVIDIA A100
80GB GPU and completes in approximately 20 minutes. The 4.38M trainable parameters require
approximately 128MB of optimizer state (AdamW with first and second moment estimates). The total
GPU memory footprint during training is approximately 24GB: 16GB for the frozen base model, 4GB
for activations, 3GB for gradients, approximately 128MB for optimizer state, and the remainder for
framework and allocator overhead.

At inference time, the LoRA adapters are merged into the base weights (W' = W 4 9BA), elim-
inating any latency overhead. The merged model has identical architecture and inference cost to the
base model. This is a key advantage of LoRA over architectural modifications (adapter layers, prefix
tuning) that add parameters and latency at inference time.

The feature clamping baseline from the PSF-Med benchmark [119] adds approximately 12ms per
forward pass and 128MB of memory for the SAE. While modest, this overhead is permanent (it cannot
be removed at inference time) and the intervention is less effective (31% relative flip reduction vs.
about 59% for LoRA on the clean patient-disjoint operator-preserving rerun). The combined approach
(feature clamping + LoRA) was not explored because the LoRA alone achieves sufficient flip reduction.

Chapter 6 examines whether the LoRA’s consistency improvement is safe: does the more consistent
model still rely on the image, or has it, like the models examined in Chapter 4, achieved consistency
by leaning on the question text? Section 5.7.5 has already given the answer for the clean adapters, and
Chapter 6 sets it in the wider four-quadrant frame.
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Linking the flip to visual tokens: the image is encoded IDENTICALLY for both phrasings, yet the laterality flip is
image-dependent — the wording decides whether the answer defers to a text prior or reads the X-ray (saliency = where the margin is sensitive)

is the elevation of the hemidiaphragm A - “LEFT” (margin +8.4) B - “RIGHT” (margin -7.4)

* »
= ‘ L= ‘

«ls the raised hemidiaphragm on the left or on »«On which side is the hemidiaphragm elevated: I»

is the pleural effusion A - “LEFT” (margin +10.6) B - “RIGHT” (margin -2.8)

«Which hemithorax contains the pleural effusion» «is the pleural effusion located on the left si»

A - “LEFT” (margin +5.8) B - “RIGHT” (margin -5.0)

Al

«Is the pulmonary collapse on the left side or » «On which side is the atelectasis located — lef»

is the atelectasis

With the real X-ray the two phrasings straddle 0 (they disagree); with a blank image both collapse to the LEFT prior — the flip needs the image (6/8 pairs, 0 flips survive blanking)
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~101

laterality margin
(+ = LEFT, — = RIGHT)
o
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Caveat: the blank-image prior is LEFT, so a phrasing that already answers ‘left’ cannot be shown to ignore the image — we claim the flip is image-dependent, not that a specific phrasing is the image-reader.

Figure 5.9: The paraphrase flip is a reading of a shared image. For three laterality switches the model answers
opposite sides to two phrasings of the same question on the same chest X-ray; gradient saliency of the left-
versus-right margin concentrates at the lung bases for both phrasings (top rows). Because the 256 image tokens
precede the question under causal masking, their residuals are identical across phrasings to machine precision, so
the flip is entirely in the readout; yet blanking the image collapses every disagreement (bottom), so the readout
genuinely depends on the shared image.
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Figure 5.10: The lens and the phenomenon port across architectures; the causal localization is confirmed
only on MedGemma. Per-layer Jacobian-lens divergence between two phrasings of the same question (six
shared PadChest cases, thin gray; mean in color), plotted against relative depth. On MedGemma-4B (left) the
divergence localizes near the causally established commit layer 16. On Qwen2-VL-2B (right) the paraphrase flip
replicates behaviorally (four of six pairs), but the text-fit lens reads Qwen’s answer position less faithfully, so
its divergence is weak: the low signal reflects lens faithfulness, not model robustness. Establishing where Qwen
commits requires the lens-free causal patch, which has not been run on Qwen. The lens is corroboration only
in both models.
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Figure 5.11: The training-phrasing distribution sets paraphrase sensitivity, and the effect survives on wording
the model never saw. Binary flip rate of the probe under three training regimes with architecture, parameter
budget, seed, and evaluation held fixed. Dark bars train and score on the full bank of 48 paraphrases (eight
seeds); light bars train on half the bank and score only on the 24 phrasings withheld from training (six seeds),
which separates invariance from recognition of familiar wording. Text-only accuracy is 50.0% to 50.3% in every
regime, so none of them can exploit a prior over answers.
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Figure 5.12: Binary accuracy cannot separate a model that reads the radiograph from one that cannot see it.
Three variants of the earlier probe on a balanced held-out set: the decoder receives no pooled image summary,
receives one belonging to a different radiograph, or receives its own. Accuracy (grey) is flat across all three
and close to chance, while the area under the receiver operating characteristic curve of the same yes-minus-no
margin (blue) separates the correct summary from the other two. The gap between the paired points is the
evidence a binary readout discards.
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Figure 5.13: The advantage of broad phrasing coverage is not an artifact of where the decision boundary sits.
Flip rate recomputed with the boundary shifted across two standard deviations of the margin distribution in

each direction. The augmented regime flips least at every offset. The two narrow regimes exchange places in
the tails, where a large shift pushes most clusters to one side and suppresses flips in both.

95



Layer-range ablation (lower is better)
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Figure 5.14: Layer ablation results. Early layers (0 to 10) achieve the largest margin reduction despite the
mechanistic signal appearing at layer 17. The dissociation between where sensitivity manifests and where it is
best treated parallels treating a disease at its origin rather than at the symptom site.
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Figure 5.15: Flip rate as a function of the center layer of the adapted five-layer window (contiguous config-
urations, MIMIC-CXR validation set). Early-to-mid windows give the lowest flip rate, and effectiveness falls
for windows centered on later layers. The mechanistically-targeted layers 15 to 19 (star) are competitive but
not optimal, consistent with the dissociation between where register sensitivity manifests and where it is best
treated.
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Layer-selection trade-off: flip rate vs accuracy across 53 adapter configurations
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Figure 5.16: Flip rate versus paraphrase accuracy for all 50 adapter configurations in the block sweep (MIMIC-
CXR validation set). The targeted layers-15 to 19 adapter and the full-model adapter are highlighted. Most
configurations reach low flip rate with preserved accuracy, so the consistency gain is not unique to one layer
choice.
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Chapter 6

Thrust 4: Safety Evaluation

Research questions. This chapter answers RQ4.1 (whether reducing the flip rate improves safety,
or can create a false sense of safety), RQ4.2 (whether attention heatmaps reliably indicate visual
grounding), and RQ4.3 (whether demographic disparities are larger for the worst-calibrated models).

Main contribution. A four-quadrant behavioral screen over consistency and image reliance showing
that, across ten model-dataset settings, a mean of 81% of each model’s consistent predictions are
unchanged when the image is removed, together with convergent evidence that attention heatmaps are
coarse localizers rather than faithful explanations (p ~ 0).

The preceding chapters measured paraphrase sensitivity (Chapter 3), diagnosed its origin as fragile
visual grounding (Chapter 4), and developed a targeted mitigation (Chapter 5). This chapter asks the
safety question: is a more consistent model a safer model?

The answer is not straightforward. Chapter 4 showed that consistency can come from text-only
shortcuts, creating an illusion of reliability. A model whose answer does not depend on the image
gives the same answer regardless of phrasing, achieving a low flip rate while its answers track the text
prior rather than the visual evidence. This chapter develops a multi-phase safety evaluation protocol
that tests consistency, image reliance, and attention grounding jointly, then formalizes a four-quadrant
taxonomy that separates genuine consistency from text-driven consistency. Calibrated uncertainty
estimates and the deployment-time machinery that builds on this taxonomy are taken up separately
in Chapter 7.

Two main findings emerge. First, attention heatmaps are coarse localizers but not faithful causal
explanations: attention concentrates in the annotated pathology region (true-box coverage 29.6% to
38.5%, 5.2 to 6.4x the random-box rate) and ablating that region changes the answer (causal scores
0.6 to 3.0, all intervals excluding zero), but coverage only marginally exceeds a displaced-box baseline
and attention magnitude does not rank-predict causal importance (p ~ 0). Second, a four-quadrant
behavioral screen that classifies predictions along consistency and image-reliance axes shows that a
low flip rate does not certify grounding: averaged across ten model-dataset settings, 81% of each
model’s consistent predictions are image-invariant (range 45 to 100%), and the models with the lowest
flip rates (Targeted LoRA, 13.2%, and LLaVA-Rad, 21.7%, on the curated PadChest flip bank) leave
almost all of their consistent predictions unchanged when the image is removed. Correctness is a
separate axis: on PadChest the image-invariant cell is often more accurate than the grounded cell,
because high finding base rates make the text prior usually correct, so accuracy on this distribution
is itself no evidence of grounding. One can also correlate flip rate with the image-invariant fraction
and obtain r = —0.86, but this is largely a definitional consequence of that fraction being a subset of
consistent predictions (conditioning on consistency reduces it to r = —0.15); the defensible statement
is the level, not the correlation. The chapter also reports a fairness analysis stratified by sex and age,
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Thrust 4: Consistency is not safety
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Across 10 settings, a mean of 81% of consistent predictions are image-invariant (45% to 100%).

Figure 6.1: Thrust 4 at a glance. A four-quadrant behavioral screen classifies each prediction by consistency
and image reliance. Across ten model-dataset settings, a mean of 81% of each model’s consistent predictions
are image-invariant (range 45 to 100%), so a low flip rate does not certify grounding; the often-cited » = —0.86
between flip rate and the image-invariant fraction is largely a definitional consequence of that overlap (it falls
to r = —0.15 once conditioned on consistency). Attention maps are coarse localizers, not faithful explanations:
true-box coverage is 30 to 38% (5.2 to 6.4x random) but only marginally beats a displaced box, and attention
rank barely correlates with causal importance (p = 0).

and describes a proposed clinical validation and deployment-readiness assessment designed with the
clinician coauthors of this work.

6.1 Safety Evaluation Protocol
6.1.1 Models and Datasets

We evaluate four model configurations on the flip-bank behavioral metrics, and a fifth on the four-

quadrant screen (Table 6.4), chosen to span the consistency-grounding spectrum identified in Chapter 4:

1. MedGemma-4B Base: High flip rate, high image reliance (fragile grounding)

2. Targeted Low-Rank Adaptation (LoRA) (layers 15 to 19, original-pipeline adapter): Reduced
flip rate with image reliance retained on this evaluation set; the clean-adapter re-audit does not
reproduce that ordering (Section 5.7.5)

3. Full LoRA (all 34 layers): Low flip rate, high text-only agreement (potential text shortcut)

LLaVA-Rad: Lowest flip rate, near-complete text-only agreement (Chapter 4)

5. LLaVA-Rad LoRA: evaluated on the four-quadrant screen (Table 6.4); the flip-bank behavioral
metrics above cover the four configurations listed first
The four-quadrant screen additionally includes LLaVA-Rad’s own LoRA fine-tune as a fifth config-

uration, giving the ten model-dataset settings referenced throughout this chapter; the two LLaVA-Rad

configurations are evaluated on the answer-balanced n=88 MIMIC and n=732 PadChest subsets (Ta-
ble 6.4).
Evaluation uses both MIMIC-CXR and PadChest (861 binary questions, out-of-distribution). The

MIMIC presence evaluation spans 196 question-disjoint binary questions (the expanded validation-plus-

test split used for the calibration analysis of Chapter 7); the four-quadrant and text-only analyses in

-~
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this chapter use the 98-question subset for which text-only baselines were computed, since the image-
reliance axis requires a matched no-image prediction for each item. PadChest provides 637 radiologist
bounding boxes for attention grounding analysis. The 861-question PadChest flip bank is a curated
high-confidence subset, distinct from the equivalence-filtered 14,935-question set used for the headline
PSF-Med flip rates in Chapter 3.

All images are loaded with percentile-windowed intensity normalization to the model’s input range.

6.1.2 Eight-Phase Protocol

Table 6.1: Eight-phase safety evaluation protocol. Phases 1 to 6 test behavioral properties (does the model’s
answer depend on the right input?); Phases 7 to 8 test explanatory properties (does the model’s internal
processing target the right image region?).

Phase Name What It Tests Metric

1 Paraphrase Counsistency (MIMIC) In-distribution phrasing invariance Flip rate

2 Text-Only Agreement (MIMIC) In-distribution image reliance Text-only agree %

3 Image Swap Sensitivity (MIMIC) In-distribution visual dependence Swap change rate

4 Paraphrase Counsistency (PadChest) Out-of-distribution phrasing Flip rate
invariance

5 Text-Only Agreement (PadChest) Out-of-distribution image reliance Text-only agree %

6 Image Swap Sensitivity (PadChest) Out-of-distribution visual dependence  Swap change rate

7 ROI Ablation Causal dependence on pathology Answer change rate
region

8 Attention Grounding Attention overlap with pathology True-box coverage

We define an eight-phase evaluation that captures failure modes invisible to accuracy-only testing:
1. Paraphrase Consistency (MIMIC): Flip rate and margin difference on in-distribution questions
2. Text-Only Agreement (MIMIC): Fraction of answers unchanged when the image is removed
3. Image Swap Sensitivity (MIMIC): Fraction of answers that change when the image is replaced
with one showing the opposite finding
Paraphrase Consistency (PadChest): Out-of-distribution flip rate
Text-Only Agreement (PadChest): Out-of-distribution text reliance
Image Swap Sensitivity (PadChest): Out-of-distribution visual dependence
Region of Interest (ROI) Ablation: Whether occluding the pathology region changes the
answer
8. Attention Grounding: Whether attention heatmaps overlap with pathology regions, tested
against controlled baselines
Phases 1 to 6 test behavioral properties: does the model’s answer depend on the right input?
Phases 7 to 8 test explanatory properties: does the model’s internal processing target the right image
region?

N G

6.2 Behavioral Safety Results

6.2.1 The Consistency-Grounding Spectrum

The Targeted and Full LoRA adapters analyzed for safety in this chapter are the original-pipeline
adapters, trained before the operator-preserving cleanup of Chapter 5; the clean multi-seed fleet re-
ported there has since been re-audited with the text-only and image-swap controls below (Section 5.7.5),
and that audit does not reproduce the ordering reported here: on the clean adapters the targeted and
full variants are statistically tied on both image-reliance measures, and both raise text-only agreement
from 53.5% to about 77%. The region-of-interest and attention controls have not been repeated on the
clean fleet. The grounding and four-quadrant conclusions below therefore describe the original-pipeline
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Table 6.2: Behavioral safety across four models and two datasets. Flip rate measures paraphrase inconsistency
(lower = more consistent). Text-only agreement measures the fraction of answers unchanged when the image
is removed (higher = less image-reliant). Swap sensitivity measures the fraction of answers that change when
the image is replaced with one showing the opposite finding (higher = more image-reliant). The four models
span the consistency-grounding spectrum. Flip rates are question-level on the curated MIMIC (n=98) and
PadChest (n=861) flip banks, distinct from the equivalence-filtered PSF-Med benchmark of Chapter 3. Flip
rate, text-only agreement, and swap sensitivity are all computed together on these flip banks by the safety-
evaluation pipeline (results/miccai); the four-quadrant screen (Table 6.4) is computed by an independent
pipeline (quadrants_fixed.json) that does not carry the swap and text-only fields. For the MedGemma
variants the two pipelines run the same models on the same flip banks and agree to within one question per cell
(for example, Targeted LoRA on MIMIC flips 20/98 here versus 19/98 in the quadrant screen); the quadrant
screen evaluates LLaVA-Rad on the answer-balanced n=88/n=732 subsets (Table 6.4). The small differences
reflect borderline paraphrase predictions, not a change in any finding.

Model Dataset Flip Rate | Text-Only Agree 15k Swap Sens. T
Base MIMIC 42.9% 55.1% 28.6%
PadChest 73.9% 76.9% 39.5%
Targeted LoRA (15 to 19) MIMIC 20.4% 66.3% 32.7%
PadChest 13.2% 89.9% 31.5%
Full LoRA (0 to 33) MIMIC 4.1% 80.6% 14.3%
PadChest 22.9% 76.3% 28.2%
LLaVA-Rad MIMIC 32.7% 80.6% 21.4%
PadChest 21.7% 89.9% 14.5%

adapters only, and must not be attributed to the clean adapters.

The four models span a clear spectrum on the curated PadChest flip bank (n = 861 question-
level). Base MedGemma-4B has a 73.9% question-level flip rate but 39.5% image swap sensitivity:
it is inconsistent but uses the image. Targeted LoRA reduces flips to 13.2% while keeping swap
sensitivity high (31.5%). Full LoRA reaches 22.9% flips with 76.3% text-only agreement and 28.2%
swap sensitivity. LLaVA-Rad reaches 21.7% flips with text-only agreement of 89.9%, tied with Targeted
LoRA for the highest in the table, and the lowest swap sensitivity (14.5%). The tie is what separates
the two: at the same text-only agreement, Targeted LoRA changes its answer on 31.5% of swapped
images against LLaVA-Rad’s 14.5%, so text-only agreement alone does not rank image reliance.

The trade-off is clearest at the extremes: Base is the most image-dependent (39.5% swap sensitivity)
but the least consistent, while LLaVA-Rad is the most text-agreeing (89.9%) and least swap-sensitive.
Targeted LoRA is an informative middle case: it is both the most consistent (13.2% flip) and, jointly,
the most swap-sensitive of the LoRA variants, showing that consistency and some image dependence
can coexist. Both LoRAs are trained on the same base model and data; the only difference is which
layers are adapted.

6.2.2 Per-Finding Vulnerability Analysis

Not all clinical findings are equally susceptible to the Dangerous quadrant. We stratify Targeted
LoRA’s PadChest results by finding type (restricting to findings with n > 15 question-level instances)
to identify which conditions are most vulnerable to text-driven consistency.

Common findings are disproportionately Dangerous. On Targeted LoRA (PadChest, findings with
n > 15; Table 6.3), vertebral degenerative changes has 95.7% Dangerous predictions (22/23): the model
has learned that “yes” is almost always correct for this finding and responds accordingly regardless of
the image. Cardiomegaly reaches 80.4% (37/46) and aortic elongation 85.7% (36/42).

In contrast, findings that require spatial localization are rarely Dangerous for Targeted LoRA.
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Table 6.3: Per-finding Dangerous fraction for Targeted LoRA on the curated PadChest flip bank (findings with
n > 15 question-level instances). Dangerous = consistent across paraphrases but answer unchanged when the
image is removed. Source: results/uai/weekl_analysis/per_finding_dangerous. json. Findings ordered
by Dangerous fraction; top five and bottom five shown.

Finding n  Dangerous Dangerous (%)

Most Dangerous

Vertebral degenerative changes 23 22 95.7
Laminar atelectasis 15 14 93.3
Aortic elongation 42 36 85.7
Cardiomegaly 46 37 80.4
Alveolar pattern 15 12 80.0
Least Dangerous
Aortic atheromatosis 26 4 15.4
Costophrenic angle blunting 22 3 13.6
Interstitial pattern 20 1 5.0
Vascular hilar enlargement 19 0 0.0
Infiltrates 16 0 0.0

Per-finding vulnerability: common, non-localizable findings are most dangerous

vertebral degenerative changes 95.7% (n=23)

laminar atelectasis 93.3% (n=15)

aortic elongation 85.7% (n=42)
cardiomegaly 80.4% (n=46)
alveolar pattern 80.0% (n=15)
Normal 75.6% (n=160)
chronic changes 68.0% (n=50)
apical pleural thickening 43.8% (n=16)
scoliosis 42.2% (n=45)
air trapping 26.7% (n=30)
fibrotic band 22.2% (n=18)
aortic atheromatosis 15.4% (n=26)
costophrenic angle blunting 13.6% (n=22)
interstitial pattern 5.0% (n=20)
infiltrates 4 0.0% (n=16)

vascular hilar enlargement - 0.0% (n=19)

0 20 40 60 80 100
Dangerous fraction (%) - Targeted LoRA, PadChest

Figure 6.2: Per-finding Dangerous fraction for Targeted LoRA on PadChest (findings with n > 15). Common,
diffuse findings (vertebral degenerative changes, cardiomegaly, aortic elongation) are mostly Dangerous, while
findings that require localizing a specific region (vascular hilar enlargement, infiltrates) are not, because text
priors alone cannot place a confident localized answer. Red bars mark findings that are Dangerous in at least
half of cases.
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Vascular hilar enlargement (0% Dangerous, 0/19) and infiltrates (0%, 0/16) show that when a finding
requires the model to localize a specific image region, text priors alone cannot produce a confident
answer. The model either uses the image (Ideal/Fragile) or produces inconsistent answers (Worst), but
it does not achieve the stable text-driven pattern that defines Dangerous.

This finding-level analysis reveals that the consistency-safety paradox is not uniform: it concentrates
on common, non-localizable findings where text priors are sufficient to achieve high accuracy without
examining the image.

6.2.3 Four-Quadrant Behavioral Screen

Four-quadrant safety taxonomy: consistency vs image reliance

1=} Dangerous Ideal
R
g o |

=
8 2 consistent, but ignores the image consistent and image-reliant

2 (text-driven; looks reliable) (genuinely reliable)
-~
Sg Worst
+— ©
0n —
no
S+
s inconsistent and ignores inconsistent but image-reliant
- the image (unstable, yet grounded)

I I
Text-driven Image-reliant

(low image reliance) (high image reliance)

Figure 6.3: The four-quadrant behavioral screen. Predictions are classified by paraphrase consistency (vertical)
and image reliance (horizontal). This is a description of behavior, not a per-prediction safety verdict: correctness
is a separate axis (reported below). The Consistent-Text-driven cell (shorthand DANGEROUS) is the deployment
concern, because these answers look reliable but change little when the image is removed.

We classify each prediction into one of four quadrants based on two binary criteria: (1) whether the
model gives the same answer to all paraphrases of a question (consistent), and (2) whether the model’s
answer changes when the image is removed (image-reliant). The labels describe behavior (consistency
x image-reliance); they are not by themselves safety or correctness verdicts, and we treat correctness
as a third axis below. We retain the short mnemonics (Ideal, Fragile, Dangerous, Worst) as convenient
shorthand, but the descriptive names are primary.

e Consistent-Grounded (IDEAL): Consistent and image-reliant. The model gives the same answer
regardless of phrasing, and that answer changes when the image is removed.
e Fragile-Grounded (FRAGILE): Inconsistent but image-reliant. The model uses the image but is
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sensitive to phrasing.

e Consistent-Text-driven (DANGEROUS): Consistent but not image-reliant. The model gives the
same answer to every paraphrase, and that answer is unchanged when the image is removed, so
the image contributes little to the decision on these items. As stated above, this is the measured
behavior and not a verdict: an unchanged answer is also compatible with redundant evidence in
the question text and with a margin that moved without crossing the decision boundary. The
image-swap and region-of-interest controls (Sections 6.2.5 and 6.3) are what license any stronger
reading. Whether these predictions are also correct is a separate question addressed below.

¢ Inconsistent-Text-driven (WORST): Neither consistent nor image-reliant. The model’s answer is
unchanged when the image is removed, yet it does change across paraphrases of the same question,
so the answer tracks phrasing more closely than image content.

Table 6.4: Four-quadrant classification of predictions. Ideal: consistent and image-reliant. Fragile: inconsistent
but image-reliant. Dangerous: consistent but not image-reliant. Worst: neither consistent nor image-reliant.
Percentages computed from quadrant counts divided by total questions. MIMIC quadrants are reported on
the subset with a text-only baseline. Across all ten model-dataset combinations, an unweighted mean of 81%
of each model’s consistent predictions fall in the Consistent-Text-driven cell (range 45 to 100%). We report
this level rather than the r = —0.86 correlation between flip rate and that fraction: because the cell is by
construction a subset of the consistent predictions, the correlation is largely definitional and falls to »r = —0.15
once conditioned on consistency (Section 6.2.4). LLaVA-Rad settings use the answer-balanced LLaVA-Rad flip
bank (n=88 MIMIC, n=732 PadChest; see the footnote in Chapter 3), curated to contain both answer polarities.

Model Dataset Ideal Fragile Dangerous Worst
Base MIMIC (n=98) 31.6% 13.3% 25.5% 29.6%
PadChest (n=861)  3.5%  19.5% 225%  54.5%
Targeted LoRA MIMIC (n=98) 21.4%  13.3% 59.2%  6.1%
PadChest (n=861)  2.7% 7.7% 84.1%  5.6%
Full LoRA MIMIC (n=98) 17.3% 2.0% 78.6% 2.0%
PadChest (n=861) 16.3%  7.7% 60.6% 15.4%
LLaVA-Rad Base =~ MIMIC (n=88) 2.3% 182% 62.5% 17.1%
PadChest (n=732) 0.0% 10.4% 79.5% 10.1%
LLaVA-Rad LoRA MIMIC (n=88) 21.6% 10.2% 58.0% 10.2%
PadChest (n=732) 16.0% 7.1% 56.7%  20.2%

The screen shows that a low flip rate does not certify grounding. The cleanest way to see this is to
condition on consistency and ask what share of each model’s consistent predictions are image-invariant.
On PadChest that share is 86.6% for Base, 96.9% for Targeted LoRA, 78.9% for Full LoRA, and 100%
for LLaVA-Rad Base: among the predictions that look reliable, the large majority are unchanged when
the image is removed, and this holds regardless of the model’s overall flip rate. Averaged across all
ten model-dataset settings the share is 81% (range 45 to 100%).! As unconditioned fractions of all
predictions, this reads as Targeted LoRA 84.1% Consistent-Text-driven, LLaVA-Rad Base 79.5%, Full
LoRA 60.6%, and Base MedGemma-4B only 22.5% (the last is low only because Base is too inconsistent
to land in a consistent cell at all, with 74% of its predictions in Fragile or Worst). Targeted LoRA
is an important qualification: it lands in the Consistent-Text-driven cell most often by the text-only-
agreement criterion, yet it also has the highest image-swap sensitivity of the LoRA variants (31.5%), so

'Four of those ten settings use the original-pipeline Targeted and Full LoRA adapters that this chapter declines to
attribute to the clean multi-seed fleet of Chapter 5. Restricting the average to the six settings that do not involve
them (Base and LLaVA-Rad Base and LoRA, on both datasets) gives 79.8%, so the conclusion does not depend on the
disclaimed adapters.
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Consistency without grounding: the safety paradox
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Figure 6.4: Flip rate versus the Consistent-Text-driven (DANGEROUS) fraction across ten model-dataset combi-
nations. The two are negatively related (Pearson » = —0.86), but because the Counsistent-Text-driven fraction
is by construction a subset of consistent predictions (and the consistent fraction is 1 — flip), this correlation is
largely definitional: conditioning on consistency reduces it to » = —0.15 (Section 6.2.4). The defensible finding
is the level, not the slope: a mean of 81% of consistent predictions are image-invariant.
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a share of those predictions still change when the image is swapped. The text-only-agreement criterion
can overcount on a dataset like PadChest, where high finding base rates let the text prior and the
image agree; the swap and ROI evidence below refines the picture.

This does not mean the models never use the image. Invariance under image removal is a measure-
ment, and an unchanged hard yes/no answer is also compatible with three benign readings: redundant
evidence already carried by the question text, a saturated readout in which the margin moved without
crossing the decision boundary, and a finding base rate high enough that the text prior is usually
right anyway. The chapter’s own null-image control makes the point directly, since a substantial share
of Consistent-Grounded predictions are likewise unchanged under a null image (Section 6.2.5). The
stronger evidence is the image-swap control, which shows the model an opposite-label image instead of
removing the image, together with the region-of-interest ablation of Section 6.3; both are reported be-
low, and every claim in this chapter that goes beyond invariance rests on them rather than on removal
alone.

The unconditioned fractions can also be correlated against flip rate, which yields a strong negative
relationship (r = —0.86). The next subsection shows that this correlation is largely a definitional
consequence of how the cell is defined and should not be read causally; the defensible statement is the
conditioned level above, not the correlation.

Four-quadrant safety composition

PadChest MIMIC

oo T I Y R
— - @ -]
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Share of predictions (%) Share of predictions (%)

B Ideal I Fragile BN Dangerous H Worst

Figure 6.5: Four-quadrant behavioral screen across models and datasets. Each prediction is classified
as Consistent-Grounded (IDEAL), Fragile-Grounded (FRAGILE), Consistent-Text-driven (DANGEROUS), or
Inconsistent-Text-driven (WORST). Targeted LoRA and LLaVA-Rad route the largest fractions into the
Consistent-Text-driven cell on PadChest (84.1% and 79.5%) despite the lowest flip rates, while MIMIC keeps a
larger grounded share.

Targeted LoRA occupies an intermediate position. On MIMIC it reduces the Dangerous fraction
relative to Full LoRA (78.6%) and LLaVA-Rad (62.5%) while also reducing the Fragile fraction relative
to Base; on PadChest the pattern reverses, with Targeted LoRA highest of the three (84.1% against

60.6% and 79.5%). On MIMIC, it achieves 21.4% Ideal, second only to Base (31.6%), though both
remain a minority of predictions.
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“Consistent but ungrounded” (cardiomegaly): answers agree, image barely used

A (green): “Is there cardiomegaly?” B (red): “Is there cardiac enlargement?”
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Figure 6.6: A concrete Consistent-Text-driven (DANGEROUS) case. Two clinically equivalent phrasings of a
cardiomegaly question give the same answer and overlapping corroboration-lens trajectories, so the prediction
is paraphrase-consistent; but blanking the image moves the margin by only +7.1 and +9.0 (against a peak
near 150), so the answer is image-invariant. Consistency of this kind reflects the text prior rather than visual
reasoning.

6.2.4 Interpreting the Flip-Rate Correlation

It is tempting to summarize the screen with a single correlation. Let F(m) be the flip rate of model m
and D(m) the fraction of predictions in the Consistent-Text-driven cell. Across the ten model-dataset
combinations the Pearson correlation is r(F, D) = —0.86 (p = —0.70). We report this number for
completeness, but it must not be read causally, because it is largely an artifact of how the cell is
defined.

The Consistent-Text-driven cell is by construction a subset of the consistent predictions, and the
consistent fraction is exactly 1 — F'(m). Writing G(m) for the share of consistent predictions that are
image-invariant gives the identity

D(m) = (1 — F(m)) G(m). (6.1)

The factor 1 — F(m) alone already correlates with D at r = 40.86: almost all of the apparent
relationship is the mechanical fact that a lower flip rate leaves more predictions in some consistent
cell. The substantive quantity is G(m), the conditional share, and G correlates with flip rate at only
r(F,G) = —0.15 (Spearman —0.13), which is null. Conditioning on consistency thus removes the
correlation. A label-permutation test does not help here, because it shuffles labels without removing
the shared 1— F factor that couples D to F' in the first place; we therefore do not rely on the correlation
as evidence.

What survives conditioning is not a slope but a level: G(m) is high across the board, averaging 0.81
over the ten settings with a range of 0.45 to 1.00. In words, a large majority of the predictions that
any of these models makes consistently are image-invariant, whether the model flips often or rarely.
That is the defensible form of the finding, and it does not depend on a ten-point correlation.

A single case makes this concrete (Figure 6.6). For a cardiomegaly question, the two phrasings “Is
there cardiomegaly?” and “Is there cardiac enlargement?” produce the same confident Yes and near-
identical lens trajectories at every layer, so the model is perfectly paraphrase-consistent. Yet blanking
the chest X-ray shifts its yes/no margin by only +7.1 and 4+9.0 on a margin that peaks near 150, so
the answer barely depends on the image. This is the Consistent-Text-driven cell made visible: the
stability comes from the text prior, not from visual grounding.

Correctness is a genuinely separate axis, and it does not track the behavioral cell. On PadChest
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the Consistent-Text-driven cell is often more accurate than the Consistent-Grounded cell: for Base
MedGemma-4B the text-driven cell is 100% accurate versus 33% for the grounded cell, and for Targeted
LoRA 100% versus 61%. High finding base rates make “yes” usually correct, so a model that answers
from the text prior is frequently right on this distribution. This is precisely why the pattern is dangerous
rather than merely wrong: the answers are stable, look reliable, and are often correct, yet they change
little when the image is removed or replaced with an opposite-label image (a large share survive the
swap unchanged, Section 6.2.5), so the accuracy should not be expected to transfer to the atypical
cases where the prior is wrong. A behavioral screen therefore cannot be read as a per-prediction safety
verdict; it must be paired with correctness and with the image-reliance controls below.

The practical takeaway is unchanged and does not require the correlation: any model achieving a
very low flip rate should be presumed text-reliant until proven otherwise. Proof requires the text-only
and swap experiments from Chapter 4, which can be run with a modest computational budget (3 to 5
additional forward passes per question).

The paradox also explains why Full LoRA, despite its excellent consistency metrics, is a poor model
for clinical use on PadChest. Its 60.6% Dangerous fraction, combined with its low swap sensitivity
(28.2%) and low accuracy (66.2%), means that for a majority of questions the model gives a confident,
consistent answer only weakly tied to the patient’s chest X-ray. A clinician relying on this model would
receive stable reassurance from a system whose answers change little when the image is removed or
replaced with an opposite-label image.

6.2.5 Complementary Validation of Quadrant Assignments

The four-quadrant classification relies on two binary tests: paraphrase consistency and text-only agree-
ment. We validate these assignments using three independent methods that were not used for classifi-
cation.

Kullback-Leibler (KL) divergence between image-conditioned and text-only distribu-
tions. For each prediction, we compute the KL divergence between the model’s output distribution
with the image (pimg) and without (piext). Dangerous predictions should have near-zero KL diver-
gence (the image shifts the output distribution very little), while Ideal predictions should have high
divergence. KL divergence achieves AUROC = 0.76 for distinguishing Dangerous from non-Dangerous
predictions, confirming that the binary text-only agreement threshold captures a real distributional
difference.

Image-swap invariance. We replace the input image with one showing the opposite finding and
measure whether the answer changes. Dangerous predictions are markedly more swap-invariant than
Ideal predictions in every setting (the answer stays the same regardless of the image). Swapping in
an opposite-label image is a stronger control than removing the image, because the model is shown
contradictory visual evidence rather than no visual evidence. For the Dangerous predictions that
survive the swap unchanged, this is causal evidence that the image does not drive the answer, rather
than the text-only output coincidentally matching it. The remainder do change under swap and are
not image-independent, so the strong reading is bounded to the swap-invariant subset.

Null-image test. As an extreme control, we replace the image with a uniform gray image (no
visual content). Dangerous predictions are almost always unchanged under the null image. The control
does not by itself separate the two cells, because a substantial share of Ideal predictions are also null-
image invariant even though they are image-reliant by the removal criterion; the swap test above is
the discriminating evidence.

These three independent controls converge: predictions in the Dangerous quadrant are invariant
under image removal, under a null image, and, for a large share of them, under an opposite-label swap,
with the swap the strongest of the three. The quadrant assignments are therefore not artifacts of
threshold selection or definition sensitivity.
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6.3 Attention Grounding Analysis

6.3.1 Attention Overlap with Pathology

Attention heatmaps, like the closely related Grad-CAM saliency maps [105], are commonly offered as
evidence that a model “looks at the right place.” We test this claim using PadChest’s 637 radiologist
bounding boxes. For each question with an associated bounding box, we extract the attention map from
the decoder’s self-attention, restricted to text-query-to-image-key entries and compute the fraction of
attention mass that falls within the annotated pathology region (true-box coverage).

Table 6.5: Attention grounding results (PadChest, N = 637 bounding boxes). True-box coverage: fraction of
attention mass within the radiologist-annotated pathology region. Coverage exceeds the random-far baseline by
roughly 5.2 to 6.4x but only marginally exceeds the shifted-box baseline, so attention is coarsely, not precisely,
localized. ROI causal score: margin change from ablating the pathology region minus a same-sized random
region (95% bootstrap CI); all intervals exclude zero, so the region is causally used, most by Base and least by
Targeted LoRA. Patch-rank Spearman p between attention weight and occlusion importance is near zero, so
attention magnitude does not identify which patches matter.

Model True Box Shifted Random Far ROI Causal Score
Base 0.296 0.261 0.056 2.97 [2.67, 3.26]
Targeted LoRA 0.353 0.310 0.055 0.57 [0.51, 0.63]
Full LoRA 0.385 0.338 0.074 1.18 [1.02, 1.35]

Patch-rank p (attention vs. occlusion): —0.09 Base, —0.04 Targeted LoRA, +0.06 Full LoRA

Raw-attention overlays: attention is diffuse, partially overlapping the pathology and scattered on borders, devices, and markers

Pleural effusion Cardiomegaly

Failure Case: Incorrect Prediction

Attention Overlay

Right pneumothorax

attention weatman

Figure 6.7: Representative raw-attention overlays for three findings. Attention is diffuse: it partially overlaps
the pathology but is also drawn to image borders, support devices, and text markers. Across the dataset,
true-box coverage (29.6% to 38.5%) exceeds random-box baselines by 5.2 to 6.4x but only marginally exceeds
a displaced-box baseline (Section 6.3), so attention is a coarse rather than precise localizer.

Attention concentrates in the pathology region, but only coarsely. True-box coverage ranges from
29.6% (Base) to 38.5% (Full LoRA), roughly 5.2 to 6.4 times the random-far baseline (5.5% to 7.4%), so
attention is preferentially directed at the annotated region rather than at random locations. Following
the sanity-check methodology of Adebayo et al. [108], we compare against three baselines: shifted
boxes (the true box displaced by 50 to 150 pixels in a random direction), random far boxes (same-sized
boxes at random non-overlapping locations), and random-sized boxes. Coverage clears the random-far
and random-sized baselines comfortably, but only marginally exceeds the shifted-box baseline (26.1%

109



to 33.8%): attention falls in the general anatomical neighborhood without singling out the precise
pathology box.

6.3.2 Causal vs. Attentional Importance

Low attention overlap might be acceptable if attention is simply diffuse but still causally important.
We test this with patch occlusion: we replace image patches with gray pixels and measure whether
the model’s answer changes. For each image, we rank patches by attention weight and by causal
importance (answer change upon occlusion) and compute the Spearman correlation.

The correlation is near zero (p = —0.09 for Base, —0.04 for Targeted LoRA, +0.06 for Full LoRA).
The patches that receive the most attention are not the patches whose occlusion changes the model’s
answer. So attention, while coarsely localized to the right region, does not identify which patches
within the image are causally responsible: it is not a faithful patch-level explanation.

ROI deletion provides a complementary test at the region level. Removing the entire annotated
pathology region changes the answer margin substantially: the causal grounding score (region ablation
minus a same-sized random ablation) is 2.97 [2.67, 3.26] for Base, 1.18 [1.02, 1.35] for Full LoRA, and
0.57 0.51, 0.63| for Targeted LoRA, all bootstrap intervals excluding zero. The pathology region is
causally used, most by Base and least by Targeted LoRA. That ordering is telling: the consistency-
trained Targeted LoRA relies on the region least, consistent with its higher text-only agreement. So
the models do use the pathology region, even though their attention maps do not faithfully rank the
patches within it.

6.4 Fairness Analysis

Table 6.6: Demographic fairness analysis (PadChest, softmax entropy). Targeted LoRA has the smallest
between-sex calibration gap (0.012 ECE) but the widest accuracy gradient across age bins (83.3% to 96.3%, a
13-point spread with younger patients least accurate); its 2.7-point accuracy gap between sexes is slightly wider
than Base’s 2.0 points. Full LoRA has the largest disparities on every axis (4.3-point accuracy sex gap, 0.041
ECE sex gap, 0.042 AUGRC sex gap) and is poorly calibrated for every group. No model is uniformly the most
equitable: the sex and age axes disagree.

Model Group n Acc ECE AUGRC Flip

Base Male 422 77.7% 0.172  0.051 73.9%
Female 439  79.7% 0.156 0.042 74.0%
Age <40 48  79.2% 0.190 0.061 81.2%

Age 40 to 60 233 76.8% 0.186 0.053 81.5%
Age 60 to 80 416 78.8% 0.162 0.050 70.7%

Age 80+ 164 81.1% 0.141 0.030 69.5%
Targeted LoRA  Male 422 90.0% 0.106 0.018 14.7%
Female 439 92.7% 0.118 0.011 11.8%
Age <40 48 83.3% 0.121 0.043 18.8%

Age 40 to 60 233 87.6% 0.092  0.023  16.3%
Age 60 to 80 416 92.5% 0.126  0.011 12.3%

Age 80+ 164 96.3% 0.161  0.002 9.8%
Full LoRA Male 422 64.0% 0.298  0.175  23.5%
Female 439  68.3% 0.257 0.133 22.8%
Age <40 48  66.7% 0.332  0.175  16.7%

Age 40 to 60 233 63.1% 0.321 0.167 21.9%
Age 60 to 80 416 65.9% 0.264 0.150 25.0%
Age 80+ 164 71.3% 0.249 0.129 22.0%
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Demographic fairness (PadChest)
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Figure 6.8: Demographic fairness on PadChest. Left: accuracy across age bands. Targeted LoRA is the most
accurate overall but shows the steepest age gradient (83.3% at <40 rising to 96.3% at >80). Right: expected
calibration error by sex. Full LoRA has the largest between-sex calibration gap and is poorly calibrated for
every group.

We stratify results by patient demographics using PadChest’s metadata (sex, age). Targeted LoRA
has the smallest between-sex calibration gap (ECE differs by 0.012 between male and female patients),
though its 2.7-percentage-point accuracy gap between sexes is slightly wider than Base’s 2.0 points, so
it is not uniformly the most equitable on this axis either. Its clearer weakness is age: accuracy climbs
monotonically from 83.3% for patients under 40 to 96.3% for patients over 80, a 13 percentage point
gradient, so the youngest patients are served least well. Full LoRA shows the largest disparities on
every axis: a 4.3-percentage-point accuracy gap, a 0.041 ECE gap, and a 0.042 AUGRC gap between
sexes, on top of poor calibration for every group (ECE at 0.249 or higher throughout). Base is the
flattest across age (4.3 percentage point accuracy range) but, like Full LoRA, is poorly calibrated
overall. No model is the most equitable on both axes at once: the sex and age comparisons disagree
about which variant to prefer.

The fairness analysis was conducted on PadChest only, which provides patient demographics (sex
and age) through its master table. The demographic analysis was not run on MIMIC-CXR: the de-
identified splits used here do not carry the sex and age metadata that PadChest’s master table provides,
and the text-only subset would in any case be too small for stratified analysis. PadChest’s 861 questions
provide sufficient power for sex-stratified analysis and moderate power for age-bin analysis.

The demographic composition of the PadChest evaluation set is: 49.0% male, 51.0% female; age
bins: < 40 (5.6%), 40 to 60 (27.1%), 60 to 80 (48.3%), > 80 (19.0%). This distribution reflects the
hospital’s patient population and provides adequate samples in each stratum.

A key finding is that the model with the worst overall calibration (Full LoRA) also shows the
largest between-group calibration disparities. This suggests that poor calibration and demographic
bias can share common causes: both reflect a model that has not learned to generalize across patient
subpopulations and instead relies on shortcuts that work better for some groups than others. The
pattern is not universal, though: Base is poorly calibrated but comparatively flat across age, and
Targeted LoRA is well calibrated between sexes yet has the steepest age gradient.

Targeted LoRA still offers the most balanced overall profile on this evaluation: high accuracy
(91.4%), the smallest between-sex gaps, and a moderate flip rate. Its image reliance is not a point in
its favour: the clean-adapter re-audit in Section 5.7.5 finds it no more image-reliant than Full LoRA.
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The age gradient is the caveat to that recommendation: the model’s uncertainty and accuracy are least
reliable for the youngest patients, who are also the least represented in PadChest (n = 48), so this
gradient should be re-checked on an age-balanced set before deployment.

6.5 Clinician Adjudication of Paraphrase Equivalence

The preceding sections evaluate safety through automated experiments: paraphrase consistency, text
reliance, attention grounding, and demographic stratification. These analyses establish what the models
do, but not how clinicians interpret and act on these safety signals in practice. This section reports
the one clinical input that is complete, a clinician adjudication of paraphrase equivalence on 1,200
pairs, carried out with the clinical coauthors of this work, a board-certified radiologist and a practicing
anesthesiologist. It is a clinical consultation between the candidate and the clinician coauthors, not
a human-subjects study. A structured deployment-readiness assessment against the failure modes
identified in this dissertation has been designed but not conducted; it is described in the future work
of Chapter 8.

The paraphrase equivalence underlying the flip-rate measurements was adjudicated by a three-
reviewer panel that includes the radiologist and anesthesiologist coauthors. Because it validates the
benchmark rather than the safety screen, that study is reported in full in Section 3.2.6: 1,200 pairs
stratified over core, adversarial, and uncertain buckets, 400 of them triple-reviewed with 98.5% pairwise
agreement (Cohen’s k = 0.97), against only x = 0.52 (868/1,200) between the clinician consensus and
the automated judge. The sample was drawn from the pre-regeneration audit pool and cannot restate
the benchmark’s flip rates. A reproducible link from the reviewed sample to the final evaluated set is
not included in the committed records, so no overlap count or clinician-restricted flip-rate estimate is
claimed.

6.6 Discussion
6.6.1 The Consistency-Safety Paradox

The central finding is that consistency and safety are not the same thing. A low paraphrase flip rate
is not sufficient evidence of reliable visual reasoning: across the ten settings a mean of 81% of each
model’s consistent predictions are image-invariant, so consistency and grounding routinely come apart.
A model that achieves a low flip rate by leaning on the text prior is not safer than one with a higher
flip rate that actually uses visual evidence. The Consistent-Text-driven pattern is the concerning
failure mode: the model appears reliable to the user (same answer every time), is often correct on the
deployment distribution because the prior is usually right, yet its answers change little when the image
is removed or replaced with an opposite-label image, so its accuracy should not be expected to hold on
the atypical cases where the prior misleads. We deliberately state this as a level (the share of consistent
predictions that are unchanged when the image is removed) rather than as the » = —0.86 correlation
between flip rate and that share, because the correlation is largely a definitional consequence of the
cell being a subset of consistent predictions (Section 6.2.4).

This paradox has implications for how medical VLMs are evaluated. Reporting flip rate alone
is insufficient. Any consistency metric must be accompanied by an image-reliance test (text-only
agreement, image swap sensitivity) to distinguish genuine consistency from illusory stability. Chapter 7
sharpens this evaluation requirement by showing that selective-prediction gates, when audited at the
slice level, often achieve their headline accuracy by routing around the image-relevant portion of the
workload.
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6.6.2 Attention Maps as Safety Evidence

The attention grounding results challenge the common practice of using attention heatmaps [105] as
evidence of visual reasoning, echoing broader concerns about whether attention constitutes explana-
tion [106, 107]. Attention coverage exceeds random baselines but only marginally beats a displaced
box, and the patch-rank correlation with causal importance is near zero (p ~ 0), so attention maps
are coarse localizers, not faithful causal explanations: they point at roughly the right region but do
not identify which patches drive the decision. Presenting attention heatmaps to clinicians as precise
evidence of “what the model looked at” would therefore be misleading.

This does not mean the models never use the image. The image swap experiments from Chapters 4
and here show that some models do change their answers when the image changes. But the models’
attention mechanism does not reliably target the pathology region. The image information may enter
through diffuse, distributed processing that attention maps do not capture.

Chapter 7 takes up the deployment-time companion to this safety evaluation: calibrated uncertainty
estimates, a multi-signal deployment gate, and an architecture-aware audit that asks what kinds of
cases the gate actually admits.
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Chapter 7

Thrust 5: Calibrated Uncertainty and
Deployment Gating

Research questions. This chapter answers RQ5.1 (whether single-pass predictive entropy predicts
paraphrase flips as well as errors), RQ5.2 (whether calibration and selective-prediction guarantees
survive image-quality corruption and cross-site shift), RQ5.3 (whether deployment gates admit gen-
uinely image-grounded cases), and RQ5.4 (whether any internal monitoring signal transfers across
architecture families).

Main contribution. A single-forward-pass uncertainty signal that predicts both errors (AUROC
0.862) and paraphrase flips (AUROC 0.823), and a retrospective admission audit showing that selective-
prediction gates often raise admitted-case accuracy by selecting text-answerable cases rather than
image-grounded ones.

Chapter 6 established that consistency without grounding is the dominant failure mode of current
medical VLMs: across ten model-dataset combinations, a mean of 81% of each model’s consistent
predictions are image-invariant, so a low flip rate does not certify grounding. The same chapter showed
that the behavioral signals used to detect this failure (paraphrase agreement, text-only agreement,
image swap sensitivity, attention overlap) all require multiple forward passes or external annotations.
At deployment time, a clinical system receives one question and one image and must decide whether
the model’s answer is trustworthy. This chapter builds the components such a system would need and
evaluates them retrospectively, on fixed cohorts that already carry radiologist annotations: calibrated
uncertainty estimates that work from a single forward pass, a multi-signal admission rule that admits
only predictions passing two independent safety checks, and an architecture-aware audit of what kind of
cases that rule admits. No result in this chapter is prospective, so what follows supports a deployment-
readiness audit rather than a recommendation to deploy.

Three findings define this thrust.

First, predictive entropy from a single forward pass is a unified proxy for both error detection
and paraphrase vulnerability. It achieves Area Under the Receiver Operating Characteristic curve
(AUROC) = 0.823 for flip prediction on Targeted Low-Rank Adaptation (LoRA) with PadChest, and
AUROC = 0.862 for error detection. We call this the Uncertainty-Quantification (UQ) paraphrase
bridge. The bridge replicates across architectures: LLaVA-Rad LoRA reaches AUROC = 0.830 for flip
prediction on the same PadChest set.

Second, deep ensembles can degrade out-of-distribution when adapter checkpoints lack diversity.
On PadChest, the MedGemma five-seed LoRA ensemble shows extreme member variance (individual-
seed accuracy 52.0% to 92.1%): three of five seeds degrade, and although probability-averaging recovers
aggregate accuracy to 72.6%, its selective-prediction quality collapses (Area Under the Risk-Coverage
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Thrust 5: One cheap signal screens both failures

flags confident errors J

AUROC
0.86 / 0.82

flags rephrasing flips J

4 -

3 -

density

0 T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

predictive entropy (nats)

A single forward pass of entropy flags both confident errors and rephrasing failures.

Figure 7.1: Thrust 5 at a glance. Predictive entropy from a single forward pass ranks error-prone and flip-prone
answers above stable, correct ones, giving AUROC 0.86 for error detection and 0.82 for flip prediction. Confident
errors sit at low entropy and are exactly what it cannot flag.

curve, AURC, 0.130 versus 0.019 for single-pass entropy, admitting only 23.8% of cases at 5% risk)
while the LLaVA-Rad ensemble does not. The failure is model- and training-specific, not inherent to
ensembling.

Third, gates that select on aggregate accuracy can quietly admit text-answerable rather than image-
grounded cases. Across Gemma, LLaVA-Rad, and Qwen2-VL, the highest admitted-case accuracy often
comes from null-image agreement rules, which are precisely the rules that screen out image-relevant
questions. Any deployment claim therefore has to rest on an architecture-aware audit of the admitted
subset, not only on a threshold tuned for nominal accuracy.

The chapter proceeds in four parts. Section 7.1 compares five UQ methods on clean data and
under distribution shift, develops the UQ-paraphrase bridge, and decomposes total predictive entropy
into aleatoric and epistemic components. Section 7.2 specifies a multi-signal admission rule, runs it
as an offline readiness audit, and reports admitted-case accuracy by model and dataset. Section 7.3
sharpens the gate analysis by asking what kinds of cases the gate admits and shows that the answer
is family-specific. Section 7.4 synthesizes the implications and sets out a tiered triage protocol as a
candidate for prospective evaluation.

7.1 Uncertainty Quantification

The Targeted and Full LoRA adapters analysed in this chapter are the original-pipeline adapters, the
same checkpoints audited in Chapter 6 and trained before the operator-preserving cleanup of Chapter 5.
Where this chapter describes one adapter as more or less image-reliant than the other, that description
applies to those adapters on these evaluation sets; the clean patient-disjoint re-audit of Section 5.7.5
finds the two tied on image reliance, so the ordering should not be carried over to the clean fleet.
The behavioral evaluation in Chapter 6 tells us which models and predictions are unsafe, but
it requires multiple forward passes with controlled inputs (text-only, image swap, paraphrases). At
inference time, a deployed model receives one question and one image. We need a signal computable
from a single forward pass that flags unreliable predictions. Predictive entropy is a natural candidate.
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7.1.1 Methods

We evaluate five uncertainty quantification methods:

1. Softmax Entropy: H = — ) _pclogp. computed from the yes/no softmax distribution. Single
forward pass.

2. Temperature Scaling: Post-hoc calibration of softmax probabilities using a learned temperature
parameter T, fit on a 15% calibration holdout.

3. MC Dropout: Run K = 10 forward passes with dropout enabled at inference time. Compute
predictive entropy from the averaged distribution.

4. Deep Ensemble: Average predictions across 5 independently trained LoRA checkpoints (different
random seeds). Available only for Targeted LoRA.

5. Yes/No Margin: The absolute difference |zyes—2no| in logits before softmax. Low margin indicates
uncertainty.

7.1.2 Calibration Under Clean Conditions

Table 7.1: Calibration metrics under clean (uncorrupted) conditions. Best UQ method per model shown. ECE:
expected calibration error. AUGRC: area under the generalized risk-coverage curve (bounded [0, 0.5], lower =
better).

Model Dataset Method ECE | Brier]/ NLL| AUGRC|

MIMIC Temp. Scaling  0.089 0.116 0.507 0.055
PadChest Temp. Scaling 0.136 0.161 0.508 0.047

MIMIC Temp. Scaling  0.096 0.120 0.385 0.042
PadChest Temp. Scaling  0.036 0.068 0.234 0.016

MIMIC Temp. Scaling  0.135 0.145 0.524 0.053

Base

Targeted LoRA

Full LoRA PadChest Temp. Scaling 0.229  0.271  0.893  0.156
MIMIC N/A N/A  N/A  N/A N/A
LLaVA-Rad Base  p qopect Softmax  0.146 0.092 0323 0.013

On clean (uncorrupted) data, calibration varies across models. On PadChest, Full LoRA has
the worst ECE at 22.9%, followed by Base MedGemma-4B at 13.6% (both temperature-scaled): the
model that memorizes text patterns and the model that lacks out-of-distribution calibration both
fail substantially. Targeted LoRA is the best-calibrated MedGemma variant, reaching 3.6% ECE with
temperature scaling. LLaVA-Rad Base has higher ECE (14.6%) but the strongest risk-coverage ranking
on PadChest (AUGRC 0.013); on this set almost all of its answers are invariant under image removal
(Chapter 6), so a well-ranked confidence signal is not on its own evidence that the ranking tracks visual
evidence.

Temperature scaling improves calibration for most models. On MIMIC, Targeted LoRA ECE drops
from 10.9% (raw softmax) to 9.6% (temperature-scaled); on PadChest it drops sharply from 11.1% to
3.6%. The calibration temperature is fit on 15% of each dataset and evaluated on the remainder.

The deep ensemble presents an instructive failure case. On MIMIC (in-distribution), the 5-seed
ensemble achieves the best calibration and accuracy: ECE 9.2%, Brier score 0.091, AURC 0.030,
accuracy 85.7%. On PadChest (out-of-distribution), its ECE stays modest (7.8%) but accuracy falls to
72.6% and its risk-coverage collapses (AURC 0.130 versus 0.019 for single-pass entropy): the aggregate
looks calibrated while its confidence ranking is nearly useless for abstention.

Per-member performance reveals the root cause. Only seed 42 generalizes strongly to PadChest
(92.1% accuracy). Seeds 123, 456, 789, and 2024 range from 52.0% to 78.7% accuracy. Probability
averaging pulls the aggregate down toward the weaker members, so the ensemble (72.6%) underperforms
its single best member (92.1%). This failure mode is specific to LoRA ensembles where each adapter
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Calibration on PadChest
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Figure 7.2: Expected Calibration Error (ECE) on PadChest under raw softmax and temperature scaling. Tem-
perature scaling helps most for Targeted LoRA (11.1% to 3.6%); Full LoRA and Base remain the worst-calibrated
MedGemma variants (22.9% and 13.6% after scaling).

was trained on the same narrow distribution (500 MIMIC-CXR pairs); the adapters have insufficient
diversity to provide out-of-distribution robustness.

The MIMIC vs. PadChest comparison provides a natural in-distribution/out-of-distribution con-
trast. The calibration gap between the two sites is modest for most models. The figures in this
paragraph are unscaled, before temperature scaling, whereas Table 7.1 reports the post-scaling values,
so the two should not be read against each other: Base ECE moves from 15.9% (PadChest) to 14.5%
(MIMIC) and Full LoRA from 26.9% to 12.9%, both better in-distribution, while Targeted LoRA is
about even (11.1% PadChest, 10.9% MIMIC). Temperature scaling helps most on PadChest for Tar-
geted LoRA (11.1% to 3.6%) but is nearly neutral for Base, indicating that the residual miscalibration
in the base model is not a simple post-hoc scalar problem.

7.1.3 Calibration Under Distribution Shift

Table 7.2: ECE under image corruption for Targeted LoRA on PadChest. Clean ECE is 0.111 (softmax entropy).
ECE remains between 0.072 and 0.119 across all conditions, showing stable calibration under distribution shift.

Corruption Sev.1 Sev.3 Sev.b

Gaussian Noise 0.111  0.104 0.092
Gaussian Blur 0.108 0.114 0.089

Contrast 0.102 0.072 0.082
Brightness 0.109 0.119 0.103
JPEG 0.114 0.112 0.108
Clean baseline 0.111
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Calibration under distribution shift: Targeted LoRA stays stable, Base degrades
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Figure 7.3: Area Under the Generalized Risk-Coverage curve (AUGRC, lower is better) on PadChest as corrup-
tion severity increases, averaged across the five corruption types. Targeted LoRA stays low and stable (0.014
clean to 0.027 at severity 5) while Base degrades (0.047 to 0.088). Full LoRA is poorly calibrated throughout
(0.153 to 0.186), because its text-driven predictions barely respond to image corruption.

We test whether calibration holds under five types of image corruption at severity levels 1, 3, and
5. Brightness uses additive shifts of +20, +60, and +100 on the 0 to 255 pixel scale. Contrast factors
are 0.8, 0.4, and 0.15, and Gaussian blur uses o, = 1.0, 3.0, and 6.0 pixels. Gaussian noise is applied
at 0 = 10, 35, and 70 on the same pixel scale. Joint Photographic Experts Group (JPEG) quality
factors are 80, 40, and 10. Appendix Table A.15 gives the same parameterization with the corruption
equations.

Each corruption is applied to all evaluation images independently, producing 15 corrupted evalua-
tion sets per model-dataset combination. The total corruption sweep comprises 90 evaluation runs (3
models x 2 datasets x 5 corruption types x 3 severity levels), each using both softmax entropy and
MC Dropout uncertainty estimation, for 180 JSONL result files.

For Targeted LoRA on PadChest, ECE remains between 7.2% and 11.9% across all conditions.
Base MedGemma-4B degrades substantially: ECE rises from 15.9% (clean) to 25.3% at severity 5.

We track calibration degradation using the Area Under the Generalized Risk-Coverage curve (AU-
GRC) [120], a metric bounded between 0 and 0.5 where lower is better. Targeted LoRA AUGRC is
stable under shift: 0.014 (clean) to 0.027 (severity-5 average). Base AUGRC degrades: 0.047 (clean)
to 0.088 (severity-5 average). Full LoRA stays high but relatively flat (0.153 clean to 0.186 at severity
5), poorly calibrated throughout, and its predictions barely respond to image corruption.

7.1.4 Selective Prediction

Selective prediction allows a model to abstain on uncertain inputs, trading coverage for accuracy. We
compute risk-coverage curves: at each entropy threshold, what fraction of questions does the model
answer (coverage), and what is the error rate on answered questions (risk)?

On PadChest, softmax entropy and MC Dropout give nearly identical selective prediction for Tar-
geted LoRA: at 5% risk tolerance both cover about 88% of questions (88.5% softmax, 88.4% MC
Dropout), and both reach full coverage at 10% risk. Temperature scaling is close behind (86.7% at
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5% risk). The extra stochastic passes of MC Dropout buy no advantage here, because adapter-only
dropout barely moves the model (Section 7.1): the stochastic passes are close to repeats of the single
softmax pass, so they add no ranking information. This says the probe is uninformative, not that the
residual uncertainty is aleatoric. The deep ensemble covers only 23.8% at 5% risk, reflecting its OOD
failure: its confidence ranking is uninformative when three of five members degrade outright and a
fourth is marginal.

On MIMIC (in-distribution), the deep ensemble does provide complementary information: it
achieves 78.6% coverage at 5% risk versus 56.1% for softmax entropy. The contrast between MIMIC
and PadChest performance shows that UQ method selection must account for distribution shift.

Selective prediction: error and flip fall together
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Figure 7.4: Risk-coverage trade-offs for the main selective-prediction methods. On PadChest single-pass entropy
and MC Dropout give near-identical safe coverage, but the more important deployment question remains whether
the admitted subset is image-grounded.

7.1.5 Entropy Decomposition: Aleatoric vs. Epistemic Uncertainty
For methods that produce multiple predictions (MC Dropout, deep ensemble), total predictive en-

tropy H can be decomposed into aleatoric uncertainty (data noise) and epistemic uncertainty (model
uncertainty), measured by mutual information (MI):

1 K
M= Hp] - — > Hipy (7.1)
k=1

where p is the averaged predictive distribution and py are individual forward-pass distributions.
For MC Dropout on Targeted LoRA (PadChest), MI is negligible: mean 0.0001 nats, with MI/H ~
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0. The correct reading of this is narrow. MI measures the variation that the applied perturbation
induces, and the perturbation here is dropout at p = 0.05 on adapters holding 4.38M of roughly
4.4B parameters; a near-zero MI therefore shows that this particular perturbation barely moves the
model, so almost none of the predictive entropy is detected as epistemic by this probe. It does not
establish that the remaining uncertainty is aleatoric, nor that it originates in ambiguous images: a
probe that perturbs 0.1% of the weights cannot see epistemic uncertainty carried by the frozen 99.9%.
The defensible conclusion is that adapter-only dropout is an uninformative epistemic probe for this
model, which is also why it adds nothing over a single softmax pass.

The deep ensemble tells a different story. Mean MI is 0.057 nats, and MI is elevated for errors. In
principle, this epistemic signal should enable better error detection. In practice, it does not: softmax
entropy (single pass) achieves AUROC 0.862 for error detection on PadChest, matching MC Dropout
(0.856) and beating the ensemble (0.751). The ensemble’s meaningfully decomposed uncertainty is
corrupted by its OOD failure, producing high MI that reflects disagreement among poorly-calibrated
members rather than genuine epistemic uncertainty.

The practical implication is clear: for the LoRA-adapted models evaluated here, a single softmax
forward pass provides the best uncertainty signal. MC Dropout adds cost (10x compute) for minimal
benefit, and deep ensembles add cost (5x compute) with the risk of OOD catastrophe. Total entropy
from one pass outperforms decomposed uncertainty from many passes.

7.1.6 The UQ-Paraphrase Bridge

The key finding of the uncertainty quantification analysis is that predictive entropy predicts paraphrase
flips, not just errors. We call this the UQ-paraphrase bridge: a single uncertainty signal flags both
types of unreliability.

Table 7.3: UQ-paraphrase bridge: AUROC for predicting whether a prediction will flip under paraphrasing
(Targeted LoRA, PadChest). Hgip, and Hggable are mean entropy (nats) of flipped and stable predictions. These
scores are not independent methods. For a binary softmax, predictive entropy is a strictly monotone
function of the absolute logit margin, and temperature scaling divides the logits by a fitted T > 0, which
preserves that ranking. Softmax entropy, temperature-scaled entropy, and |margin| are therefore rank-equivalent
and must give the same AUROC on the same rows, which they do: on the 861-row set softmax entropy and
|margin| both give 0.8233, and on the 732-row temperature-scaling subset all three give 0.8126. TThe apparent
0.823 versus 0.813 gap is entirely a difference in n, not an effect of temperature: T is fit on a 15% calibration
holdout, so 129 of the 861 records are withheld, and restricting softmax entropy to the same 732 rows reproduces
0.813 exactly. *The |margin| row reports AUROC only; its mean columns are omitted because entropy means
do not describe a margin score. Only the deep ensemble is a genuinely distinct signal, and it is the one that
fails. Cross-architecture results (bottom) show the bridge generalizes to LLaVA-Rad.

Method n .Hﬂip Hgaple AUROC p-value
Targeted LoRA, PadChest
Softmax Entropy 861 0.585 0.419 0.823 4.3 x 1072
MC Dropout 861 0.585 0.419  0.823 4.6 x107%
Deep Ensemble 861 0.502 0.473 0.552 3.7 x 1072
Temp. Scaling’ 732 0.479  0.247 0.813 4.3x10"%
|Margin|* 861 N/A N/A 0.823 4.3 x 1072
LLaVA-Rad LoRA (cross-architecture)

Softmax Entropy (MIMIC) 167 0.602 0.299 0.905 N/A
Softmax Entropy (PadChest) 732 0.580 0.377 0.830 N/A

On PadChest, softmax entropy achieves AUROC = 0.823 for predicting whether a given prediction
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will flip under paraphrasing (p < 10728). MC Dropout achieves AUROC = 0.823. Temperature-scaled
entropy achieves AUROC = 0.813. The deep ensemble achieves only AUROC = 0.552, because three of
five ensemble checkpoints degrade outright and a fourth is marginal on PadChest’s out-of-distribution
data. In distribution the bridge is comparably strong: on MIMIC (n = 196, validation plus test)
softmax entropy reaches AUROC = 0.821 (95% CI [0.701, 0.919)]).

Entropy separates flipped from stable predictions
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Figure 7.5: The UQ-paraphrase bridge: entropy distributions for flipped vs. stable predictions (Targeted LoRA,
PadChest). Flipped predictions have higher entropy (Hai, = 0.585 vs. Hgtable = 0.419), enabling AUROC =
0.823 for flip prediction from a single forward pass.

The bridge works because flipped predictions tend to be high-entropy. The mean entropy of flipped
predictions is Hﬂip = 0.585 nats, compared to Hgaple = 0.419 nats for stable predictions. When a
model is uncertain about its answer, it is also uncertain about how to handle rephrased versions of the
question. Entropy captures both sources of fragility through the same signal.

This has a direct practical implication. Entropy from a single forward pass can be thresholded
to flag predictions for human review. Retrospectively, at a 40% coverage operating point, the error
rate on admitted predictions is 0.6% and the flip rate on admitted predictions is 2.3%. Both are
substantially lower than the population rates (8.6% error, 13.2% flip). The threshold is selected on the
same evaluation set it is reported on, so these are in-sample operating points and not an estimate of
prospective performance.

A follow-up analysis extended this to operator-preserving paraphrases (the equivalence-validated
subset from Chapter 3). The all-paraphrase AUROC is 0.823 (95% CI [0.778, 0.864]); on the operator-
preserving, ex-negation slice it is statistically indistinguishable at 0.826 (95% CI [0.780, 0.870]), with
Error@20% / Flip@20% of 0.6% and 1.2%. Because the two confidence intervals overlap almost entirely,
the bridge does not depend on adversarial reframing pairs: it holds on the equivalence-validated subset
with the same strength. Across five training seeds the all-paraphrase bridge AUROC is 0.828 + 0.021
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(range 0.797-0.849), so the result is not seed-specific.
7.1.7 Geometric Intuition for the Bridge

The bridge between entropy and flip prediction has a geometric explanation. Consider the model’s
decision boundary in the joint space of image features and text features. For a binary question, the
model produces a yes/no decision based on whether the combined representation falls on one side or
the other of this boundary. Entropy is highest when the representation is close to the boundary (the
model is uncertain about which side it falls on).

Now consider what happens under paraphrasing. The paraphrase changes the text features while
leaving the image features unchanged. If the original representation is far from the decision boundary
(low entropy), the paraphrase-induced shift in text features is unlikely to push it across the boundary.
If the original representation is near the boundary (high entropy), even a small shift from paraphrasing
can push it to the other side, causing a flip.

Under local linearity of the decision boundary and Lipschitz continuity of the text encoder under
bounded-norm paraphrase perturbation, a smaller margin |m| loosens an upper bound on the probabil-
ity of crossing the boundary, and predictive entropy is a monotone decreasing function of |m|. We state
this as an upper-bound result, not a claim that flip probability is itself monotone in entropy, which
would require further assumptions about the perturbation-direction distribution we are not prepared
to make.

This geometric picture predicts that the entropy-flip correlation should be strongest for models
with moderate image reliance: the model must use the image enough for entropy to reflect genuine
uncertainty (not just text-prior confidence), but the decision must be close enough to the boundary for
text-side perturbation to matter. The predicted pattern is broadly consistent with the data: Targeted
LoRA (moderate image reliance on the original-pipeline PadChest audit, AUROC = 0.823) shows a
stronger bridge than Full LoRA (lower image reliance on that same audit, AUROC = 0.791) and Base
(high flip rate but poorly calibrated, AUROC = 0.692).

The bridge also explains why MC Dropout does not improve flip prediction over softmax en-
tropy (0.823 vs. 0.823 AUROC). MC Dropout captures epistemic uncertainty through variation across
stochastic forward passes. But for LoRA-adapted models where only 0.1% of parameters are modified,
the stochastic variation is negligible (MI ~ 0.0001 nats), so the probe detects almost no epistemic
uncertainty. As Section 7.1 argues, that is a statement about the probe rather than about the uncer-
tainty: dropout on 0.1% of the weights cannot see epistemic uncertainty carried by the frozen 99.9%,
so we cannot conclude that what remains is aleatoric. What follows for the bridge is narrower and
sufficient: whatever MC Dropout is measuring here is already captured by a single softmax forward
pass, which is why it adds nothing.

7.1.8 Cross-Architecture Validation

The bridge generalizes across model architectures. We evaluate the entropy-flip relationship on LLaVA-
Rad (a different architecture, training procedure, and parameter count than MedGemma) and its
LoRA-adapted variant.

On LLaVA-Rad Base (MIMIC), softmax entropy achieves AUROC = 0.884 for flip prediction (flip
rate 33.5%). On PadChest, LLaVA-Rad Base still shows a strong positive bias (89.6% of predictions
are “yes”), but on this curated flip bank (n=732, balanced to contain both answer polarities) it flips
on 20.5% of paraphrase pairs, more than the near-zero rate it shows on the full PSF-Med benchmark
(Chapter 3, where it is degenerate on the yes-dominated question mix); predictive entropy separates
the flips well (AUROC = 0.952). The high AUROC reflects that the model is near-certain (entropy
near zero) on the many confident-yes cases and uncertain on the rest. The two flip rates describe
different evaluation sets, not a change in the model.
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LLaVA-Rad LoRA provides a cleaner cross-architecture comparison. On MIMIC, it achieves AU-
ROC = 0.905; on PadChest, AUROC = 0.830, closely matching MedGemma Targeted LoRA’s 0.823.
The entropy-flip relationship is not architecture-specific: it reflects a general property of how medical
VLMs handle paraphrase variation. When a model is near its decision boundary (high entropy), small
perturbations from rephrasing push it across.

The MedGemma ensemble illustrates that aggregate accuracy can hide member instability. On
PadChest its five seeds range from 52.0% to 92.1% accuracy; only seed 42 generalizes strongly, while
the other four fall below it out of distribution (78.7% and 52 to 69%). Probability-averaging recovers
aggregate accuracy to 72.6%, but the ensemble’s selective-prediction quality is poor (AURC 0.130
versus 0.019 for single-pass entropy, admitting only 23.8% of cases at 5% risk versus 88.5%). The
instability is model- and training-specific: the MIMIC-trained adapters lack diversity on PadChest, so
averaging cannot recover a well-ranked confidence signal even when it recovers the mean.

7.1.9 Conformal Prediction Under Shift

Table 7.4: Conformal prediction coverage under corruption shift (PadChest, a = 0.1, target coverage = 90%).
Calibrated on clean data, tested on corrupted images (averaged across 5 corruption types). At the standard
90% target all three models stay within about 3 points of target through severity 5; the coverage violation grows
at tighter targets (see text).

Model Clean Sev.3 Sev.5b
Base 91.8% 91.2% 88.7%
Targeted LoRA  93.7% 92.2% 89.9%
Full LoRA 88.7% 88.8% 87.2%
Target 90.0%

Conformal prediction provides distribution-free coverage guarantees: given a desired coverage level
1 — «, the conformal prediction set contains the true label with probability at least 1 — «, under the
exchangeability assumption [121]. We use the Adaptive Prediction Sets (APS) nonconformity score,
which assigns higher scores to predictions with lower probability for the true class. The conformal
threshold ¢ is calibrated on the 15% holdout from each dataset using the [(n + 1)(1 — «)]/n quantile
of calibration scores.

We test whether conformal prediction sets, calibrated on clean data, retain their empirical coverage
under corruption. At a 90% target, Targeted LoRA over-covers slightly on clean data (93.7%) and lands
on target under severity-5 corruption (89.9%): the empirical coverage stays near target throughout.
This is a descriptive coverage result, not a formal validity guarantee, since corruption breaks the
exchangeability that distribution-free conformal validity assumes. Slight over-coverage is desirable
in a clinical setting, where under-coverage (missing the true diagnosis) is worse than over-coverage
(including extra possibilities).

Base MedGemma-4B erodes from 91.8% (clean) to 88.7% at severity 5, a 1.3-point under-coverage
at the 90% target. The violation is modest at this target but grows as the target tightens: at an
80% target, Base falls to 71.0% under severity-5 corruption (9 points under-coverage), versus 75.6% for
Targeted LoRA. The under-coverage reflects the exchangeability assumption breaking down: corrupted
images are not exchangeable with the clean calibration data, and the gap widens with corruption
intensity (Base clean 91.8%, severity-3 91.2%, severity-5 88.7% at the 90% target).

Full LoRA holds near-constant coverage across all severities (88.7% clean to 87.2% at severity
5) because image corruptions barely move its predictions; the conformal sets retain their empirical
coverage trivially when the answer distribution hardly responds to the corrupted visual input. This
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highlights a subtle point: stable empirical coverage can be achieved through degenerate means (ignoring
the input), and coverage alone does not imply clinical utility.

At a 95% target coverage, all three models over-cover on clean data (Targeted LoRA 95.2%, Base
95.6%, Full LoRA 94.1%) and decline only modestly under corruption: Targeted LoRA to 92.7% and
Base to 92.8% at severity 5, both still above the 90% level, while Full LoRA stays nearly flat (94.1%).
Calibrating conformal sets at this conservative target keeps actual coverage above 90% under shift for
the two models whose predictions respond to corruption. Retrospectively, that makes the 95% target
the setting worth carrying into a prospective evaluation of Targeted LoRA, because it is the only target
tested here that held actual coverage above 90% at every corruption severity.

7.2 Deployment Gate: An Offline Readiness Audit

The evaluation results suggest a natural deployment protocol: admit predictions only when they pass
both a consistency and an image-reliance test. What we evaluate here is that protocol run retrospec-
tively, on a cohort with radiologist annotations, and it is best read as a deployment-readiness audit
rather than as an online gate; the reasons are set out after the rule. To avoid ambiguity we state the
rule exactly as implemented (scripts/miccai/run_deployment_gate.py). A prediction is admitted
if and only if

agree(p1,p2) A (swap_changed Vv roi_matters)7

Vv
consistency image reliance

where agree(pi,p2) requires the model to give the original answer on the first two paraphrases,
swap_changed is true when the answer changes under the swapped image, and roi_matters is true
when the region-only and background-only crops yield different answers. The two image-reliance terms
are a disjunction, not a conjunction, and roi_matters is available only on PadChest (637 of 861
records); on MIMIC the rule therefore reduces to agree(pi, p2) A swap_changed. The gate does not
use the text-only condition.! Predictions failing either criterion are flagged for human review. The

evaluation sets are the curated MIMIC (n = 98) and PadChest (n = 861) flip banks.
7.2.1 Why This Is an Audit and Not an Online Gate

Two properties of the rule above bound what its numbers can show. The swap partner is an arbitrary
image from the same cohort, taken in rotation, not a matched opposite-finding image, so swap_changed
measures sensitivity to image replacement in general rather than a response to finding-specific evidence.
And the roi_matters term is available only on the 637 of 861 PadChest records with radiologist
bounding boxes, where on its own it admits between 16.5% and 21.2% of cases depending on the
model, so gated accuracy on PadChest is partly influenced by annotation availability, and the MIMIC
evaluation rests on the swap term alone.

Two of the three inputs are available at inference time for a new patient, and one is not. Paraphrase
agreement needs only the question, and swap_changed needs only some other image: the implementa-
tion supplies it by rotation, giving question 7 the image of question ¢ + 1, so it never consults the true

!The implementation contains a third image-reliance disjunct, question_type_uses_image, which fires when the per-
finding swap rate exceeds 0.05. It is inert on every record analysed here, and the reason is a property of the stored data
rather than of the rule as written. The finding label exists upstream: it is populated on all 4,251 rows of the PadChest
flip bank. It is dropped when run_safety_eval.py serialises the per-question records, so no stored record carries a
finding_label field; the helper that builds the per-finding rates skips empty labels, and the lookup therefore always
returns the 0.0 default. The two-term rule above is the rule that actually ran, which we confirmed by reproducing the
admission rates in Table 7.5 exactly from the stored records. This point is load-bearing and is stated at length so that no
future reader silently “repairs” it: restoring the label to the serialised records activates the third disjunct and raises Base
PadChest admission from 41.6% (358 of 861) to 64.6% (556 of 861), because 71 of the 92 finding labels clear the 0.05
threshold. Every gate number in this chapter is the two-term rule’s and must not be mixed with numbers recomputed
after such a change, which would be measuring a three-term rule.
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label and could be computed in deployment against any unrelated study. roi_matters is the excep-
tion. It compares a region-only crop against a background-only crop, which presupposes a radiologist
bounding box for the finding in question, and that is exactly what a deployed system does not have for
an undiagnosed patient. It is available for 637 of the 861 PadChest records and for none of MIMIC.

Because the image-reliance terms are a disjunction, the size of this effect scales with how often
roi_matters is the only reason a prediction is admitted. Recomputing from the stored records: of
Base’s 358 admitted PadChest predictions, 76 (21.2%) are admitted solely on the region test; for
Targeted LoRA 52 of 284 (18.3%), and for Full LoRA 38 of 230 (16.5%). Dropping the region term,
which is what an online gate would have to do, lowers PadChest admission from 41.6% to 32.8% for
Base, from 33.0% to 26.9% for Targeted LoRA, and from 26.7% to 22.3% for Full LoRA. The MIMIC
configuration, where the rule already reduces to agree(p1, p2) Aswap_changed, is deployable as written.

The honest reading is therefore split. The MIMIC numbers describe a rule a deployment could run.
The PadChest numbers describe a readiness audit: they answer “on a cohort where we know where
the finding is, what would this gate have admitted?”, which is the right question for pre-deployment
evaluation and the wrong one for runtime triage. An online variant would either drop the region term
at the admission cost quantified above, or replace it with an annotation-free saliency proxy, which
Chapter 6 gives reason to distrust: attention is a coarse localizer whose patch ranking does not track
causal importance.

Because admission already forces the first two paraphrases to agree, the residual flip rate reported
for admitted predictions is necessarily carried by paraphrases the gate never inspected (the third and
later). We therefore report it as flip rate on uninspected paraphrases, and it answers a question worth
asking: does a cheap two-paraphrase gate certify stability on rephrasings it has not seen? It does
not. Requiring agreement on all available paraphrases instead of the first two drives that residual to
0.0% in every cell, at a lower admission rate: Base admits 13/98 (MIMIC) and 97/861 (PadChest),
Targeted LoRA 23/98 and 272/861, and Full LoRA 14/98 and 206/861. The cost of certifying stability
is therefore admitting far fewer predictions, which is the substantive trade-off a deployment would face.

Table 7.5: Deployment gate results. The gate admits a prediction iff the model gives the original answer on the
first two paraphrases and shows image reliance (the answer changes under the swapped image, or, on PadChest
only, the region-only and background-only crops disagree); it does not use the text-only condition (Section 7.2).
Acc (all): unfiltered accuracy. Acc (gated): accuracy on admitted predictions. Flip (uninspected paras):
because admission forces the first two paraphrases to agree, this residual is carried entirely by the third and
later paraphrases, which the gate never checked; it measures whether a two-paraphrase gate certifies stability on
unseen rephrasings. Requiring agreement on all paraphrases drives it to 0.0% in every cell at a lower admission
rate (Base 13/98 and 97/861; Targeted LoRA 23/98 and 272/861; Full LoRA 14/98 and 206/861). The low
admission rates reflect the severity of safety failures across models.

Model Dataset Admitted Acc (gated) Acc (all) Flip (uninsp. paras)

Base MIMIC 22.4% 95.5% 83.7% 40.9%
PadChest 41.6% 96.9% 78.6% 72.9%

Targeted LoRA  MIMIC 30.6% 76.7% 77.6% 23.3%
PadChest 33.0% 96.8% 91.5% 4.2%

Full LoRA MIMIC 14.3% 92.9% 81.6% 0.0%
PadChest 26.7% 83.9% 66.0% 10.4%

On PadChest, the gate admits 41.6% of Base predictions at 96.9% accuracy (up from 78.6% unfil-
tered). For Targeted LoRA, the gate admits 33.0% at 96.8% accuracy (up from 91.5%). A majority
of predictions are still rejected for failing at least one safety criterion, but the admitted subset is far
more accurate than the population.
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The accuracy benefit is not uniform, and it should not be stated as a blanket claim in either
direction. On MIMIC the gate is a large gain for two of the three models and a wash for the third:
Base admits 22.4% at 95.5% accuracy against 83.7% unfiltered, and Full LoRA admits 14.3% at 92.9%
against 81.6%, while Targeted LoRA admits 30.6% at 76.7% against 77.6% unfiltered, which is no
improvement at all. A rule that helps the two weaker models and does nothing for the strongest one is
consistent with the reading developed in Section 7.3: what the rule removes is largely cases the weaker
models answer from the text prior, and Targeted LoRA has fewer of those to remove.

A practical limitation is that the gate requires additional forward passes: the paraphrases, the
swapped image, and, on PadChest, the region-only and background-only crops. It does not require
a text-only pass, because the text-only term is not part of the implemented rule. The entropy-based
bridge from Section 7.1.6 offers a cheaper alternative: a single-forward-pass entropy threshold that
approximates the multi-pass rule. The entropy threshold admits more predictions at a lower admitted-
case accuracy.

7.2.2 Gate Design Considerations

The deployment gate operates on individual predictions, not on the model as a whole. This per-
prediction approach is important because no model is uniformly safe or unsafe. LLaVA-Rad, with
79.5% Dangerous predictions on PadChest and almost no Ideal predictions, is the clearest case: the
gate finds almost nothing safe to admit, which is itself the correct signal for a model whose answers on
this set rarely change when the image is removed. For models with a real Ideal fraction (for example
Full LoRA at 16.3%), the gate admits those predictions and rejects the rest.

The gate’s components can be computed in parallel. Given a question ¢ and image I:

1. Generate K paraphrases {pi,...,px} using the original PSF-Med (GPT-4) paraphrase pipeline
that produced the flip-bank paraphrases (Appendix A.1).

2. Run forward passes for ¢ and all p; with image I (consistency check; the implemented rule inspects
the first two paraphrases).

3. Run one forward pass with the swapped image Isyap (image-reliance check). This pass is required,
not optional: on MIMIC it is the only image-reliance term available.

4. On PadChest only, run two further passes, one on the region-only crop and one on the background-
only crop (region check). This step needs a radiologist bounding box and is available for 637 of the
861 records.

There is no text-only pass, because the implemented rule has no text-only term. The total compu-
tational cost is therefore K + 2 forward passes where only the swap test is available and K + 4 where
the region test is also run. At the K = 2 used here, that is 4 forward passes on MIMIC and on the 224
PadChest records without a bounding box, and 6 on the 637 PadChest records that have one. Each
pass takes approximately 100 to 150ms on an A100 GPU, so the forward passes themselves take under
1 second per question. This figure counts only the vision-language model’s forward passes. It excludes
step 1: in this work the paraphrases were generated offline by GPT-4 and reused, but an online gate
would have to generate them per query, adding an external API round trip that would dominate the
sub-second forward-pass budget and introduce a dependency on a third-party service. A deployment
wanting the sub-second figure to hold would need to precompute paraphrases for a fixed question set,
or replace the generator with a local model. Even so, the budget remains small against clinical image
interpretation, which already takes minutes.

The gate can be configured in three modes of increasing strictness:

e Consistency-only: Admit if all paraphrases agree. Low computational cost but does not detect

Dangerous predictions.

e Consistency + text-only: Admit if all paraphrases agree AND the answer changes when the
image is removed. Detects text-reliant consistency.
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e Full gate: Consistency + text-only + swap sensitivity. The most stringent test, requiring evidence
that the answer depends on the specific image content. This mode is not the one evaluated below.
None of these three is the rule that was run. The implemented rule is a fourth configuration:

two-paraphrase consistency combined with a disjunctive image-reliance term (swap, or the region-
versus-background test on PadChest), with no text-only term at any point.

The results reported in Table 7.5 use the implemented rule of Section 7.2, namely two-paraphrase
consistency combined with image reliance (swap or region), not the full gate: the text-only term is
never evaluated. Had the full gate been run, admission would fall to roughly 2 to 11% across the six
model-dataset cells, so the 41.6% and 33.0% figures should be read as the implemented gate’s, not as
an upper bound from the strictest configuration.

7.3 Architecture-Aware Deployment Audits

The generic deployment gate above asks whether a prediction looks safe under one fixed set of criteria.
Later work sharpens the question: what kind of cases does the gate actually admit, and does the answer
depend on the model family? Across Gemma/SigLIP, LLaVA-Rad/CLIP, and Qwen2-VL/NaViT, the
answer is yes. The admitted subsets often become more accurate by selecting questions that can be
answered from the text channel alone, not by isolating predictions whose answers depend on the image.

7.3.1 Selective Prediction Can Select Text-Answerable Cases

On PadChest, the strongest Gemma-family result comes from Targeted LoRA. A null-image agree-
ment rule admits 72% of questions at 98.9% accuracy, while the strict multi-signal audit rule admits
only 10% at 96.7% accuracy. That strict rule is a different rule from the gate of Section 7.2, not a
re-parameterization of it, and the two operating points should not be read as strict and loose settings
of one gate. As implemented in scripts/analysis/mech_interp/selective_prediction_audit.py,
the strict rule admits a prediction when the yes/no logit margin exceeds 1.0, and all available para-
phrases agree, and the readout cosine is at or above its 80th percentile. The Section 7.2 gate instead
uses agreement on the first two paraphrases together with an image-reliance term (the swapped image,
or the region-versus-background crops). The only input the two share is paraphrase agreement, and
even that differs in scope (all paraphrases versus the first two): the strict rule has no swap term, no
region term, and no image-reliance term of any kind, while the Section 7.2 gate uses neither the logit
margin nor the readout cosine. The strict rule is not isolating a more grounded subset; its admit-
ted predictions remain 94.4% swap-invariant and 95.6% text-agreeing. The simplest text-dominance
control is both higher-coverage and at least as accurate.

The same pattern appears in Qwen2-VL with even sharper contrast. Null-image agreement reaches
99.8% accuracy at 67.6% coverage, whereas the strict behavioral gate reaches 89.2% at 17% coverage.
LLaVA-Rad differs in which rule scores highest, but not in the underlying concern: the strict subset
reaches 92.9% accuracy at 85% coverage, yet both strict and null-image-admitted subsets are more
than 99% swap-invariant. Across families, admitted-case accuracy can rise while the admitted subset
becomes almost entirely invariant to the swapped image, which is the stronger of the two image-reliance
controls used here.

7.3.2 Grounded-Slice Failure Is the Safety-Relevant Test

The most safety-relevant evaluation is not full-set accuracy but behavior on slices where the image
should matter. On PadChest, Targeted LoRA achieves only 2.9% accuracy on the text-disagrees slice
(n = 241), and the strict rule raises this only to 25.0% at 2% intra-slice coverage. Qwen2-VL is
more extreme: it gets 0 of 279 text-disagrees questions correct under every evaluated rule. These are
precisely the cases where the image-conditioned answer departs from the text-only answer, and they
reveal that the apparent safety gains come from avoiding image-relevant questions rather than solving
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Figure 7.6: Deployment-gate trade-offs from the later architecture-aware deployment audit (Section 7.3). The
highest admitted-case accuracy often comes from null-image agreement or similarly text-dominant rules, not
from the stricter gate intended to preserve grounding.
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them.

This severity is dataset-dependent. On MIMIC-CXR, the same text-disagrees slice is substantially
less catastrophic, with image-model accuracy in the 68 to 86% range. The deployment lesson is
therefore not that all medical VLMs always fail when the image matters, but that high-answerability
environments amplify the shortcut. A gate that looks excellent on aggregate metrics can still be unsafe
if it silently routes around the image-relevant portion of the workload.

7.3.3 No Single Monitor Transfers Across Architecture Families

The internal monitoring story is architecture-specific. Gemma-family models show a late readout-
misalignment signature: transport representations remain nearly unchanged across paraphrases while
the readout state diverges, and readout-cosine probes reach AUC 0.81 to 0.92. LLaVA-Rad does not
follow this pattern. Its failures are broader and extend into earlier transport, while cosine probes are
only weakly informative. Qwen2-VL is more opaque still: both transport and readout cosine remain
near chance as flip predictors despite strong behavioral evidence of text-dominant admission.

This means there is no universal monitoring dashboard. For Gemma-family models, internal probes
are useful. For LLaVA-Rad, behavioral checks and confidence are more informative than cosine probes.
For Qwen2-VL, null-image and grounded-slice audits dominate because the internal probes do not
explain the shortcut. A readiness audit therefore has to be repeated per family: a monitor validated
on one architecture cannot be transferred to another and assumed to work.

7.3.4 A Candidate Operating Policy: Audit-Guided Escalation

The operational alternative is to separate autonomous acceptance from human-review escalation using
the audit itself. For Targeted LoRA, audit-guided escalation catches 77% of candidate image-relevant
cases while preserving 72% autonomous coverage. For Qwen2-VL, the null-image agreement subset
reaches 99.8% accuracy at 67.6% coverage with zero errors on the image-relevant cases admitted by
that policy. The key idea is not to trust the gate because it improves aggregate accuracy, but to
trust it only after confirming what kinds of cases it selects and routing the remainder to review. Both
figures are retrospective, computed on a fixed cohort whose annotations were already available, so they
describe what such a policy would have done on that cohort and not what it would achieve online.

Read as an audit, this reframes the deployment question from a one-number thresholding problem
into a workload-partitioning problem. The right question is no longer “what threshold maximizes
admitted-case accuracy?” but “which cases can safely remain autonomous, and which cases must be
escalated because the model’s answer is likely to be text-driven?” That is the core contribution of the
architecture-aware audit.

7.4 Discussion

7.4.1 Entropy as a Unified Safety Signal

The UQ-paraphrase bridge provides a practical solution to the evaluation burden of Chapter 6. Com-
puting flip rates requires generating paraphrases and running multiple forward passes. Computing
entropy requires a single forward pass. The AUROC of 0.823 on the all-paraphrase set, holding at
0.826 on the operator-preserving subset, is high enough to be worth testing prospectively as a triage
signal, and it is the one result in this chapter that requires neither an annotation nor an extra forward
pass. Predictions above an entropy threshold can be flagged for human review, and the threshold can
be set to achieve a desired coverage-accuracy trade-off.

The bridge also suggests a deeper connection between paraphrase sensitivity and model uncertainty.
A model that is uncertain about its answer (high entropy) also tends to be uncertain about how phrasing
affects its answer (high flip probability). The results are consistent with both quantities reflecting a
common instability in the model’s decision boundary, though an association of this kind does not
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establish that account. The geometric upper-bound argument formalizes this: under bounded-norm
text-encoder perturbations and local linearity of the decision boundary, smaller margin loosens the
bound on flip probability, and entropy is a monotone decreasing function of margin.

7.4.2 A Tiered Triage Protocol for Prospective Testing

The quantitative results suggest a two-tier triage protocol that balances latency and safety. It is stated
here as a hypothesis to be tested prospectively rather than as a recommendation to deploy, since every
operating point below was measured retrospectively on the evaluation sets of this chapter:

e Tier 1 (Default): Use softmax entropy from a single forward pass. Cost: 1x base inference.
Performance: AUROC 0.862 for error detection, 88.5% coverage at 5% risk on PadChest. Its
latency is compatible with real-time clinical workflows, and on Targeted LoRA it is about as good
as any multi-pass method evaluated here.

e Tier 2 (Marginal): MC Dropout with K = 10 forward passes. Cost: 10x base inference.
Performance: AUROC 0.856 for error detection, 88.4% coverage at 5% risk. On LoRA-adapted
models the epistemic component is negligible, so MC Dropout matches single-pass entropy and
does not justify its extra compute except where the decomposed uncertainty is needed for auditing.

e Avoid: LoRA ensemble cross-site deployment. Cost: 5x base inference. Performance: AU-
ROC 0.751 for error detection, only 23.8% coverage at 5% risk on PadChest. The risk of out-
of-distribution member collapse (Section 7.1) outweighs any in-distribution benefit.

Both tiers use Targeted LoRA as the base model. Full LoRA is excluded despite its lower flip rate
on MIMIC (its PadChest flip rate, 22.9%, is higher than Targeted LoRA’s 13.2%) because most of its
consistent predictions are invariant under image removal (Chapter 6), so its confidence is largely being
assigned to answers the image does not move. A well-calibrated uncertainty signal is only useful if the
underlying predictions respond to the image.

These recommendations are architecture-aware, not universal. For Gemma-family models, internal
probes such as readout cosine can be useful parts of the audit. For LLaVA-Rad and Qwen2-VL,
behavioral controls dominate because the internal probes transfer poorly. Any deployment protocol
should therefore begin with a family-specific audit of the admitted subset before choosing between
entropy-only triage, multi-pass gating, or human-review escalation. Seen together, the entropy bridge
and the architecture-aware audit answer complementary halves of the deployment question: the bridge
asks whether this prediction is uncertain, while the audit asks which kinds of cases the gate admits in
the first place.

7.4.3 Why the Deep Ensemble Failed

The MedGemma five-seed ensemble result is the chapter’s clearest negative finding. Probability av-
eraging across LoRA checkpoints trained on the same 500 MIMIC-CXR, pairs produced an ensemble
whose ranking quality was best in-distribution and worst out-of-distribution. The mechanism is mun-
dane: only two of five seeds retain strong PadChest accuracy (92.1% and 78.7%) while the other three
degrade (52 to 69%) and shift their answer prior away from the base rate, so averaging recovers a 72.6%
mean but a nearly useless confidence ranking (AURC 0.130 versus 0.019 for single-pass entropy). This
is not an indictment of deep ensembling in general; the LLaVA-Rad ensemble does not collapse in the
same way, because its base model and training distribution provide enough diversity to survive the
cross-site shift.

The lesson for deployment is that an ensemble gives nominal robustness only if its members have
non-trivial diversity on the deployment distribution. For LoRA-adapted medical VLMs trained on
a single hospital’s data, that condition is not automatic. Per-member OOD diagnostics should be
reported alongside any ensemble UQ result.

Chapter 8 synthesizes the findings across all five thrusts and discusses implications for the clinical
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deployment of medical VLMs.

131



Chapter 8

Conclusion

8.1 Summary of Findings

This dissertation investigated paraphrase sensitivity in medical Vision-Language Models through five
interconnected research thrusts. Each thrust addressed a specific question, and the findings formed
a progression from measurement to diagnosis to mitigation to safety evaluation to deployment-time
gating.

Thrust 1 established that paraphrase sensitivity is prevalent across medical VLMs. The PSF-
Med benchmark spans three clinical populations (MIMIC-CXR in the United States, PadChest in
Spain, VinDr-CXR in Vietnam) and, after a rubric-based equivalence audit and regeneration of the
PadChest paraphrases, comprises an equivalence-filtered set of 8,938 MIMIC, 59,573 second-iteration
PadChest, and 24,345 VinDr pairs. On the binary yes/no subset of this set, six medical VLMs flip on
6.4% to 54.7% of paraphrase pairs once two cells of degenerate yes-bias are set aside (LLaVA-Rad on
PadChest, MedGemma-1.5-4B on VinDr). Restricting to binary questions changes the in-distribution
ordering, so the pre-audit ranking does not carry over: scale within the MedGemma family buys no
stable consistency advantage (27B is the most consistent of the three sizes on MIMIC but not on
PadChest), and the negation-pattern category collapses after the audit rejects 93.8% of generated
negation paraphrases as polarity-changing rather than equivalence-preserving. Flip rates are generally
higher on the two out-of-distribution populations, but this is a cross-population difference rather than
an isolated distribution-shift effect, since the sets also differ in task composition, label balance, and
templates; and the two shifts are not commensurate: the US-to-Spain transition produces different
per-model rankings than the US-to-Vietnam transition, and clinical deployment evaluations should
not generalize from a single OOD test set.

Thrust 2 separated fragile visual grounding from text-only shortcutting as two distinct behavioral
failure modes, and showed which models sit on which side, at least for the models that exhibit high
flip rates. Chapter 5 then identifies the origin itself. On the curated n=107 three-backend diagnostic
set (distinct from the 158-pair mechanistic FlipBank of Chapter 5), text-only and image swap ex-
periments separated these two failure modes across three model backends spanning the consistency
spectrum. MedGemma-4B shows a 42.1% flip rate with 30.8% swap sensitivity: it uses the image but
is unstable. MedGemma-27B reduces flip rate to 14.0% but increases text-only agreement to 85.0%,
so on this set the gain in consistency comes together with more answers that are unchanged when the
image is removed and with lower sensitivity to an opposite-label image swap. LLaVA-Rad shows a
6.5% flip rate with 96.3% text-only agreement on this same 107-pair set: it returns the same answer
with and without the image on almost every question, and it is the least swap-sensitive of the three
backends, so its stability comes with an image contribution that is small on this set rather than with
a stable reading of the image. Its flip rate is not a general consistency advantage either: on PadCh-
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est in Thrust 1 its cell is separately degenerate, a near-single-class yes prior rather than a measured
consistency result. Attention-bounding box analysis found that flip cases show 41% lower attention
to pathology regions than consistent predictions (p < 1078), providing suggestive spatial evidence for
the grounding-sensitivity link, though the flip labels predate the equivalence audit and may be partly
confounded by paraphrase category. The diagnostic FlipBank is distinct from the headline PSF-Med
run summarized for Thrust 1: the controlled set was constructed before the equivalence audit, but its
qualitative ordering of models matches the four-quadrant counts in Thrust 4.

This dissociation between consistency and grounding is the central tension of the dissertation: it is
a warning against reading a low flip rate as evidence of visual grounding, and it is a tendency across
the models studied rather than a universal trade-off law.

Thrust 3 developed a targeted mitigation using Sparse Autoencoders and LoRA fine-tuning. Fea-
ture 3818 at layer 17 of the Gemma Scope 2 SAE behaves as an operator and register feature, separating
presence framing from exclusion framing. It is the top contributor in roughly 25% of flips on a 20-pair
FlipBank sample; that figure is a property of a small, operator-mixed sample rather than an estimate
of the share of paraphrase flips it explains in the population, and the stricter operator-preserving re-
analysis below finds it prominent but not a sufficient cause. Causal validation via activation patching
confirmed that patching Feature 3818 recovers 28% of the yes-minus-no logit margin on an exemplar
flip case, 3.5x more than matched control features. A larger pre-specified held-out validation then
extended this into a candidate two-stage account: Feature 3818 at layer 17 acts as an upstream oper-
ator /register feature, and a downstream answer-selection feature, Feature 12139 at layer 29, converts
the register shift into the flipped answer, restoring 58% of decision-stage flips on MIMIC when patched
toward the original (95% CI [47.7, 67.8]; 27% on PadChest; injecting the feature’s paraphrase-direction
delta alone induces the flip in only 15% of cases; see the two-stage validation in the supplementary
appendix); the two features form a causal chain with 100% direction coherence across 37 mediation
pairs. This screen contains negation and operator-changing pairs, however, so the two-stage restora-
tion rates conflate paraphrase sensitivity with operator handling; a clean operator-preserving validation
with matched non-flip controls is still required (Section 5.3.1) before the pathway can be claimed as a
paraphrase-specific circuit. The SAE transfer validation demonstrated that pretrained Gemma Scope 2
SAEs reconstruct unmodified MedGemma-4B activations without retraining (R? = 0.997 on medical
inputs), and a separate check confirmed the SAE stays valid after Targeted LoRA adaptation (recon-
struction FVU rises only from 0.33% to 0.50%), lowering the barrier for mechanistic interpretability of
domain-specific models.

A controlled model then established where that sensitivity comes from. A compact Gemma-3 de-
coder over a frozen MedSigLIP-448 encoder, trained on 86,288 per-finding-balanced presence questions
from NIH ChestX-ray14 and PadChest with MIMIC-CXR, and VinDr-CXR held out entirely, answers
every paraphrase of a question from identical image features, so any answer change is language-side
by construction. Holding architecture, parameter budget, seed and evaluation fixed and varying only
the training-phrasing distribution moves the flip rate from 4.8% under full paraphrase coverage to
67.1% under a single fixed phrasing and 88.4% when register is correlated with the answer, over eight
seeds per regime, with Cliff’s § = 1.00 against both narrow regimes and text-only accuracy pinned
between 50.0% and 50.3% throughout. Accuracy follows the same ordering, 75.3%, 66.8% and 58.1%,
so the shortcut costs diagnostic performance and not only consistency. Scored only on the twenty-four
phrasings withheld from training, the augmented regime rises to 26.6% against 65.9% for canonical,
which is the honest size of the augmentation lever once familiarity with the test wording is removed.
A rank-1 difference-direction transplant at the answer position restores the flipped answer with net
recovery of 0.98 to 1.00 across layers 0 to 4, against 0.00 to 0.02 for a norm-matched random direction.
Because flip rate is an arg max statistic, the ordering was re-checked without any decision boundary:
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the ratio of within-cluster to between-cluster margin spread is 0.023 for augmented, 0.498 for canon-
ical and 1.362 for adversarial (§ = —1.00, p = 1.6 x 10~%). That same continuous margin doubles
as a deployment signal: its absolute value predicts a paraphrase flip in one forward pass at AUROC
0.923 in-distribution and 0.974 on each held-out hospital, outranking paraphrase self-consistency and
a hidden-state probe, whereas an image-unreliant answer has no single-pass signal and per-case image
reliance registers only at the population level, with no grounded-to-unreliant transition identifiable
over 345 patient-seed evaluations.

Guided by this mechanistic insight, a targeted LoRA on layers 15 to 19 with a combined consistency-
accuracy loss, trained on the full operator-preserving expanded pool, reduced the presence-of-finding
flip rate on a patient- and image-disjoint MIMIC-CXR held-out test (pairwise 8.5% to 3.5% £ 0.6 over
five seeds, about 59%; paired McNemar p < 0.002 in every seed; zero subject and zero image overlap
with training) with no observed accuracy reduction (84.5% to 84.7% =+ 1.0; paired difference +0.25
percentage points, 95% interval [—1.00, +1.51], so a large accuracy cost is excluded but exact parity is
not established) and while modifying only 0.1% of the model’s parameters. On PadChest, the out-of-
distribution test, the mitigation transfers as accuracy and margin rather than flip reduction: on the
250-question balanced transfer set, accuracy rises by 6.4 percentage points (85.2% to 91.6%) and the
margin difference narrows by 75%, while the base model already flips little on that balanced set so the
flip rate barely moves. A layer ablation revealed an important dissociation: early-layer interventions
(0 to 10) outperform the mechanistically-identified middle layers (15 to 19) for flip reduction. The
SAE analysis identifies where sensitivity manifests; the best intervention acts upstream, before the
problematic representation forms. The combined loss is essential: training on consistency alone causes
mode collapse to 46.4% accuracy. A flat Pareto front across A € [0.1, 1.0] shows the method is insensitive
to hyperparameter choice.

Thrust 4 showed that consistency improvements do not automatically make models safer. A four-
quadrant behavioral screen classifying predictions along consistency and image-reliance axes established
that a low flip rate does not certify grounding: averaged across ten model-dataset combinations, 81% of
each model’s consistent predictions are image-invariant (range 45 to 100%). The models with the lowest
flip rates on the curated PadChest flip bank (Targeted LoRA at 13.2% and LLaVA-Rad at 21.7%) leave
almost all of their consistent predictions unchanged when the image is removed. Full LoRA, which
achieves 4.1% flips on MIMIC, shows 80.6% text-only agreement there. The flip rate and the image-
invariant fraction do correlate at » = —(0.86, but that correlation is largely a definitional consequence of
the image-invariant cell being a subset of consistent predictions (it falls to » = —0.15 once conditioned
on consistency), so we state the finding as a level rather than a correlation. Consistency at this level
tracks agreement with the text-only answer rather than any measured increase in image reliance.

Attention heatmaps are coarse localizers but not faithful causal explanations. Attention concen-
trates in radiologist-marked pathology regions at 5.2 to 6.4 times the random-box rate (true-box cover-
age 29.6% to 38.5%), and ablating those regions changes the answer (causal scores 0.6 to 3.0, intervals
excluding zero), so the models do use the pathology regions. But coverage only marginally exceeds a
displaced-box baseline, and attention magnitude barely correlates with patch-level causal importance
(p = 0), so heatmaps identify roughly the right region without pinpointing the patches that drive the
decision.

Thrust 4 also reported a fairness analysis stratified by patient sex and age: Targeted LoRA has the
smallest between-sex calibration gap (0.012 ECE) but the steepest accuracy gradient across age bins
(13 points, youngest patients least accurate), and its 2.7-percentage-point accuracy gap between sexes
is slightly wider than Base’s 2.0 points; Full LoRA has the largest disparities on every axis (4.3-point
accuracy sex gap, 0.041 ECE sex gap, 0.042 AUGRC sex gap) on top of poor calibration everywhere.
No variant is uniformly the most equitable. The worst-calibrated model also shows the largest between-
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group calibration disparities, suggesting that poor calibration and demographic bias can share common
causes. A clinical-validation and deployment-readiness protocol designed with clinician collaborators
(Section 6.5) is set out as future work; carrying it out would ground these technical safety metrics in
clinical judgment.

Thrust 5 took up the deployment-time companion to the safety evaluation. The UQ-paraphrase
bridge established that predictive entropy, computable from a single forward pass, predicts both errors
and paraphrase flips: softmax entropy achieves AUROC = 0.823 for flip prediction on the PadChest
flip bank, holding at 0.826 on the operator-preserving subset and replicating at AUROC = 0.830
on LLaVA-Rad LoRA on the same dataset. Under added image corruption, Targeted LoRA AUGRC
remains the most stable while Base AUGRC degrades, and conformal prediction sets retain near-target
empirical coverage for Targeted LoRA while the base model under-covers under shift, most visibly at
tighter coverage targets (a descriptive result, since corruption breaks the exchangeability that formal
conformal validity assumes). A five-seed LoRA deep ensemble shows severe member instability on
PadChest (individual seeds span 52% to 92% accuracy, AURC 0.130) because three of five seeds
degrade out of distribution; probability-averaging recovers aggregate accuracy to 72.6% but not a
usable confidence ranking, while the LLaVA-Rad ensemble does not collapse, showing that the failure
is model- and training-specific rather than inherent to ensembling.

A multi-signal gate, evaluated retrospectively on the 861-item PadChest flip bank, admits 33.0% of
Targeted LoRA’s predictions at 96.8% accuracy (up from 91.5% unfiltered). A later architecture-aware
deployment audit then showed the operational cost of this paradox. On PadChest, Targeted LoRA
reaches 98.9% admitted-case accuracy at 72% coverage under a null-image agreement rule, versus 96.7%
at 10% for the strict gate. Qwen2-VL reaches 99.8% at 67.6% coverage yet fails completely on the
text-disagrees slice (0/279). In both cases, the gate improves aggregate accuracy mainly by selecting
text-answerable cases rather than image-grounded reliable ones. No single monitoring signal transfers
across Gemma, LLaVA-Rad, and Qwen2-VL: Gemma shows late readout misalignment, LLaVA-Rad
broad instability, and Qwen2-VL cosine-insensitive shortcut behavior. Audit-guided escalation catches
77% of candidate image-relevant cases at 72% autonomous coverage for Targeted LoRA.

8.2 Research Questions Revisited

Table 8.1 maps the twelve research questions that carry a headline answer to that answer and the evi-
dence behind it; the remaining questions are answered in their own chapters rather than summarized
here. Two results are deliberately reported as mixed or rejected rather than smoothed over: the best
intervention layer does not match the mechanistically identified layer (RQ3.3), and the headline rela-
tionship between flip rate and the image-invariant fraction is a definitional correlation whose substance
is a level rather than a slope (RQ4.1). Reporting these honestly is part of the contribution.

Table 8.1: Research questions revisited: answer and primary evidence. Mixed or rejected hypotheses (RQ3.3,
and the correlational form of RQ4.1) are reported as such.

RQ Answer Primary evidence
RQ1.1 Paraphrase sensitivity is common (6.4 to 54.7% pair- PSF-Med binary yes/no subset, six models, three
wise flips). datasets.
RQ1.3 Scale does not buy consistency; no stable ordering. 27B is most consistent on MIMIC but not on Pad-
Chest/VinDr.
RQ2.2 Across the evaluated settings, low paraphrase sen- LLaVA-Rad 96% text-only agreement at low flips;

sitivity can coexist with output-level image-removal MedGemma-4B image-dependent but flips more.
invariance, so a low flip rate is insufficient evidence
of grounded visual reasoning.

Continued on next page.
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Table 8.1 continued from previous page.

RQ Answer Primary evidence

RQ3.1 A candidate two-stage mechanistic account: Fea- Feature deltas, activation patching, and lens-free L16
ture 3818 (L17) as an operator/register feature localization.
and Feature 12139 (L29) as a downstream answer-
selection feature.

RQ3.2 Partly:  targeted LoRA cuts flips by about Clean operator-preserving rerun on a patient-
59% (8.5%—3.5%+0.6 pairwise, 5 seeds) with and image-disjoint split (presence-of-finding primary
no observed accuracy reduction (95% interval endpoint, n=238); paired McNemar p < 0.002 every
[-1.00,+1.51] pp), but does not preserve visual seed; 0.1% of parameters.
grounding.

RQ3.3 No (mixed): the best intervention layer does not Early layers (0 to 10) beat the identified L15 to 19
match the diagnosis layer. for flip reduction.

RQ4.1 Reducing flips can create a false sense of safety. 81% of consistent predictions are image-invariant

(range 45 to 100%).
RQ4.2 No: attention does not reliably indicate grounding. Coverage barely exceeds a displaced box; patch
saliency vs. causal importance p = 0.

RQ4.3 Partially: the worst-calibrated model also shows the Full LoRA has worst calibration and largest sex/age
largest disparities. gaps.

RQ5.1 Yes: single-pass entropy predicts flips, not only er- AUROC 0.82 (flip) / 0.86 (error) on PadChest.
rors.

RQ5.3 No: gates admit text-answerable rather than image- Gates raise admitted-case accuracy by selecting the
grounded cases. text-answerable slice.

RQ5.4 No: no single internal monitor transfers across fam- Gemma, LLaVA-Rad, and Qwen2-VL each need dif-

ilies.

ferent monitors.

8.3 The Central Thesis

The central finding is a dissociation: consistency and image reliance are distinct properties that must
be evaluated jointly, and improvements in consistency can coexist with reduced image reliance in the
evaluated models. Models can achieve consistency in two ways: by building stable representations that
integrate visual evidence reliably (the goal), or by defaulting to text-based priors that the image rarely
overrides (a shortcut). Current evaluation practices, which reward consistency without testing image
reliance, cannot distinguish between these two paths.

This dissociation is not merely academic. A model deployed in a clinical setting that achieves 98%
consistency while its answers barely move when the chest X-ray is removed or replaced appears reliable
to every evaluation metric except the ones we developed here. A selective-prediction gate can make
such a system look even safer by admitting only the text-answerable cases. It gives the same answer
to every phrasing of the question, passes standard accuracy benchmarks (because text priors often
give the right answer), and produces confident probability estimates. But on most of its consistent
answers it would return the same yes or no with the image removed entirely, which is what the text-only
control measures, and a subset of those answers also survives an image showing the opposite finding,
which is the outcome the image-swap control measures directly (Chapter 4); the two controls are not
interchangeable.

The implication is that safe deployment of medical VLMs requires evaluation along at least two
axes: consistency (does the model give the same answer to equivalent questions?) and grounding (does
the answer depend on the image?). Neither axis alone is sufficient. A model must be both consistent
and grounded to be safe, and current models rarely achieve both simultaneously.

The five thrusts of this dissertation provide the tools to make this distinction. PSF-Med measures
consistency (Thrust 1). The text-only and image-swap protocols measure image reliance, with the
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swap control carrying the stronger claim of the two (Thrust 2). The targeted SAE-guided LoRA
reduces flip rate at a fraction of the parameter cost with no observed accuracy reduction (95% interval
[—1.00, 4+1.51] percentage points), though a clean patient-disjoint audit shows it does not preserve image
dependence (Thrust 3). The four-quadrant taxonomy classifies individual predictions along both axes
(Thrust 4). Predictive entropy provides a single-forward-pass proxy for deployment-time triage, and
the architecture-aware audit tests what kinds of cases a deployment gate actually admits (Thrust 5).
Together, these tools form a safety evaluation and admission-audit pipeline that goes beyond accuracy
and consistency to address the questions that matter for clinical use: how much evidence is there that
this model used the image to answer the question, and what kinds of cases does a gate over it actually
admit?

8.4 Contributions

This dissertation makes the following contributions to the fields of medical Al, vision-language model-
ing, and Al safety:

1. PSF-Med benchmark. A publicly available benchmark of 26,850 clinical questions and 92,856
equivalence-filtered evaluation pairs, spanning three clinical populations (MIMIC-CXR, PadCh-
est, VinDr-CXR) and five paraphrase transformation types. To our knowledge, this is the first
large-scale benchmark specifically designed to measure paraphrase sensitivity in medical VLMs
(the systematic review in Chapter 2 did not identify a prior benchmark targeting this failure
mode). A 122,778-pair rubric-based audit establishes a stricter core-equivalent subset in which
the benchmark’s central conclusion, the contrast between a low flip rate and weak image reliance,
still holds. The subsequent restriction to genuine binary questions does change the in-distribution
ordering, so the pre-audit ranking is not claimed to carry over. The benchmark is rubric-filtered
with partial clinician validation: the clinician study evaluates the filtering procedure on a stratified
pre-regeneration audit sample. The benchmark, evaluation code, and pre-computed results are
released at HuggingFace (saillab/psf-med).

2. Consistency is not evidence of grounding. An empirical characterization of the dissociation
between paraphrase consistency and visual grounding in medical VLMs, across six base models,
three datasets, and four behavioral controls (image removal, opposite-label image swap, null image,
and region-of-interest ablation). This finding challenges the assumption that a lower flip rate implies
a safer, more image-grounded model and motivates joint evaluation of consistency and grounding;
it is a tendency across the models studied, not a deterministic trade-off law.

3. Feature 3818 mechanistic analysis. To our knowledge, the first application of Sparse Autoen-
coders to diagnose paraphrase sensitivity in a medical VLM. The identification of Feature 3818
as a clinical query register gate, validated through activation patching on a single exemplar flip
case with 3.5Xx greater margin recovery than matched control features (on the stricter operator-
preserving re-analysis, single-feature ablation restores only 6 of 76 flips, so the feature is prominent
rather than a sufficient cause), demonstrates that SAE-based interpretability can yield actionable
insights for medical models. The SAE transfer validation (R? = 0.997 on unmodified MedGemma-
4B) establishes that pretrained Gemma Scope 2 SAEs reconstruct MedGemma activations without
retraining, and a separate check confirms the decomposition stays valid after Targeted LoRA (re-
construction FVU rises only from 0.33% to 0.50%).

4. Controlled isolation of the origin. A purpose-built model that mirrors MedGemma’s architec-
ture on a frozen MedSigLIP-448 encoder, so that every paraphrase of a question is answered from
identical image features, turns the origin of paraphrase sensitivity from an observational question
into a manipulable one. Varying only the training-phrasing distribution moves the flip rate from
4.8% to 67.1% to 88.4% with text-only accuracy at 50.0% to 50.3% in every regime, which identi-
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10.

fies the training-phrasing distribution as a cause. The design separates two harms that prior work
conflates, narrow phrasing coverage and a phrasing shortcut (p = 3.1 x 1074, Cliff’s § = 0.97),
states the augmentation lever on wording never seen in training (26.6% against 65.9%), and repro-
duces the ordering under a statistic containing no decision boundary. The same probe establishes
that the discarded margin is a single-pass flip monitor (AUROC 0.923 to 0.974), while an image-
unreliant answer has no single-pass substitute and per-case image reliance is identifiable only at
the population level. The probe’s design requirements double as training and evaluation practices
for dependable medical VLMs: balance the training distribution per finding so the question text
alone predicts nothing, carry an explicit grounding signal into the decoder, train on all phrasings
rather than one fixed wording, and read the answer margin rather than the binary answer alone.

. Combined consistency-accuracy loss. A training objective that balances symmetric KL diver-

gence (for consistency) with cross-entropy (for accuracy), preventing the mode collapse that occurs
with pure consistency optimization. The flat Pareto front across A € [0.1,1.0] shows insensitivity
to the mixing coeflicient.

. Targeted LoRA mitigation. A parameter-efficient intervention (0.1% of model parameters,

layers 15 to 19) that cuts the presence-of-finding flip rate by about 59% on a patient- and image-
disjoint held-out split (a clean operator-preserving rerun over five seeds, paired McNemar p < 0.002
in every seed) with no observed accuracy reduction (95% interval [—1.00, +1.51] percentage points;
a large cost is excluded, exact parity is not established). The layer ablation and replication study
provide systematic evidence for the approach’s reliability, including a training-size sweep showing
the in-distribution result has plateaued.

Four-quadrant behavioral screen. A classification framework for individual model predic-
tions that distinguishes consistency whose answer changes when the image is removed (Consistent-
Grounded) from consistency that persists without the image (Consistent-Text-driven), with cor-
rectness as a separate axis. The screen establishes that a low flip rate does not certify grounding
(a mean of 81% of consistent predictions are image-invariant) and provides a per-prediction be-
havioral diagnostic, to be paired with correctness and image-reliance checks rather than read as a
standalone safety verdict.

. Architecture-aware deployment audit. A five-step deployment-audit framework showing

that selective-prediction gates can admit text-answerable rather than image-grounded cases, that
grounded-slice behavior is the safety-relevant stress test, and that family-specific monitoring is re-
quired. In the strongest Gemma-family result, audit-guided escalation catches 77% of candidate
image-relevant cases at 72% autonomous coverage; in Qwen2-VL, the highest-accuracy admitted
subset is also the one most dominated by the text channel.

. UQ-paraphrase bridge. The finding that predictive entropy predicts paraphrase flips (AUROC =

0.823), enabling a single-forward-pass deployment signal for both error detection and consistency
monitoring. This eliminates the need for paraphrase generation at inference time, but not the need
to periodically audit whether the admitted subset remains image-grounded.

Safety evaluation protocol. An eight-phase evaluation pipeline that tests consistency, text
reliance, image sensitivity, ROI ablation, and attention grounding across multiple models and
datasets. The protocol is designed to detect the specific failure modes identified in this dissertation
and is released as reproducible code.

8.5 Practical Recommendations

Five recommendations follow from this work for practitioners deploying or evaluating medical VLMs:

1. Evaluate consistency alongside accuracy. Standard medical VLM benchmarks test ac-

curacy on fixed question sets. Adding paraphrase variants to these benchmarks is cheap (automated
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generation with semantic filtering) and reveals a failure mode that accuracy testing misses. Flip rate
and margin difference are simple, interpretable metrics that should be reported alongside accuracy for
any medical VLM claiming clinical readiness.

2. Always test image reliance. Any model that achieves low flip rate should be tested under
text-only conditions (image removed) and image swap conditions (image replaced with one showing
the opposite finding). Without these controls, low flip rate is ambiguous: it is equally consistent with
stable use of the image and with a text prior that the image rarely overrides. We recommend reporting
text-only agreement and swap sensitivity as standard metrics, and treating the swap result as the
stronger of the two: an unchanged answer after the image is removed bounds how much the image
contributed, whereas an unchanged answer after the image is replaced with one carrying the opposite
finding is much harder to explain by redundant evidence or by a saturated readout.

3. Use entropy for deployment-time triage, but pair it with periodic audit checks.
Predictive entropy, computable from a single forward pass, predicts both errors and flips. A deployment
system that flags high-entropy predictions for human review catches both types of unreliability through
one mechanism. This is simpler than running paraphrase variants at inference time and provides a
practical first line of defense. At a 40% coverage operating point with Targeted LoRA on PadChest,
the error rate on admitted predictions drops substantially below the population rate. But entropy
alone cannot tell whether the admitted subset is image-grounded, so it should be paired with periodic
audits of null-image agreement, swap sensitivity, and grounded-slice accuracy.

4. Prefer targeted over full-model fine-tuning, but not because it stays grounded. On a
clean patient-disjoint re-audit of the exact adapters (Section 5.7.5), the targeted and full adapters are
statistically tied on both image-reliance measures, and both raise text-only agreement sharply relative
to the base model (53.5% to about 77%). Targeted LoRA (5 layers, 0.1% of parameters) is still the
better choice, because at tied consistency and tied image reliance it preserves accuracy (84.3% versus
82.4% for Full LoRA) at a fraction of the parameters. The smaller intervention is the cheaper and
more accurate one, not a more grounded one: neither adapter should be deployed on the strength of
its flip-rate reduction without the image-reliance checks of recommendation 2.

5. Use architecture-aware audits instead of one universal gate. Monitoring signals do not
transfer cleanly across Gemma, LLaVA-Rad, and Qwen2-VL. Before deployment, every model family
should be audited with the same behavioral controls on admitted subsets: null-image agreement, image
swap sensitivity, and performance on grounded slices where the image and text channels disagree. A
gate is only acceptable if those audits show it is admitting image-grounded cases, not merely text-
answerable ones.

8.6 Limitations and Future Work

This dissertation has several limitations that bound the generality of its findings and point toward
future work.

Model scope. The mitigation experiments and the sparse-autoencoder analysis focus on
MedGemma-4B, a single model based on the Gemma 3 architecture; the controlled probe of Thrust 3
is a second, purpose-built model, but it is also Gemma-3 based, so the architectural scope of the
mechanistic account is unchanged. The SAE transfer validation and LoRA approach should generalize
to other models with shared architectures, but this has not been empirically tested. Extending to
models with different backbones (LLaMA-based medical VLMs, proprietary models like GPT-4V,
or encoder-only architectures) would strengthen the generality claims. The flip-rate phenomenon
itself was checked on four frontier configurations in a limited comparison (Section 3.4.7); what
remains untested outside Gemma-3 is the mechanistic account and the mitigation. The Feature 3818
mechanism is specific to MedGemma-4B; other models likely have different internal mechanisms for
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processing clinical query register.

Task scope. The evaluation is limited to binary (yes/no) questions about chest X-rays. Open-
ended questions (“Describe the findings in this image”), multi-label findings (co-occurring pathologies),
and other imaging modalities (CT, MRI, pathology, dermatology) present different consistency chal-
lenges where flip rate and margin difference may not directly apply. Chest X-rays are the most com-
mon modality for medical VLM evaluation, but the generalization to other modalities is untested. The
margin-based framework extends naturally to any setting with comparable output distributions, but
the practical details differ.

Annotation requirements. The combined loss requires ground-truth labels for the accuracy
term, limiting applicability to settings where labels are available. Exploring pseudo-label approaches
(using high-confidence base model predictions as soft targets) or contrastive objectives that operate
in activation space rather than output space could remove this requirement and enable consistency
training on unlabeled clinical data.

Deep ensemble instability. The deep ensemble, a standard approach for uncertainty estimation,
showed large seed-to-seed variance on PadChest: individual members ranged from 52% to 92% accuracy
despite 87 to 89% training validation accuracy. Only one seed (92%) held its in-distribution accuracy
and a second retained strong accuracy (79%), while three degraded below 70% out of distribution (52%,
67%, 69%). Probability-averaging recovered 72.6% aggregate accuracy but a poorly ranked confidence
signal (AURC 0.130), leaving the ensemble unsuitable for selective prediction. This is a specific instance
of out-of-distribution instability in LoRA ensembles and deserves investigation. Understanding why
some seeds generalize and others collapse could improve ensemble-based uncertainty estimation for
domain-shifted medical data. We document this as a negative result rather than omitting it, as it has
implications for anyone attempting LoRA ensembles on medical VLMs.

What the null-image control can and cannot show. The image-reliance axis of the four-
quadrant screen is measured by removing the image and checking whether the hard yes or no answer
changes. An unchanged answer bounds the contribution of the image, but it does not establish that
the image played no part in the decision. The same observation is produced by redundant evidence,
in which the text alone already implies the answer that the image also supports; by a saturated
readout, in which the decision margin moves but not far enough to cross the decision boundary; and
by a base rate under which the text prior is usually right. The stronger claims therefore rest on the
controls that manipulate rather than delete the evidence, namely the opposite-label image swap, the
region-of-interest ablation, and the Kullback-Leibler divergence and margin comparisons between the
image-conditioned and text-only distributions, all of which read the size of the shift instead of only
the sign of the answer. Where this dissertation states that a model’s answer does not depend on the
image, that statement is scoped to the subset on which one of those controls was run.

Attention grounding. Our analysis showed that attention maps localize pathology only coarsely
and do not faithfully rank causally important patches (p &~ 0 between attention saliency and patch-
level causal importance). We did not develop an alternative explanation method that provides reliable
grounding evidence. Causal tracing methods that identify which image patches actually influence
the model’s decision could provide more faithful explanations. The patch occlusion approach used in
Thrust 4 is computationally expensive (requiring O(N) forward passes for N patches, 256 per image for
the 16x 16 grid); more efficient causal explanation methods would be valuable for clinical deployment.

Ecological validity. The paraphrases in PSF-Med were generated with GPT-5-family models
(GPT-4 in the superseded original construction), filtered by BioClinical BERT embedding similarity,
and retained only after a rubric-based equivalence audit. While this ensures semantic equivalence and
enables large-scale evaluation, the paraphrases may not reflect the actual variation in how clinicians
phrase questions. A human-authored paraphrase set, collected from practicing radiologists, would
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provide stronger ecological validity. The semantic filtering may also exclude some clinically relevant
but linguistically distant reformulations.

Longitudinal evaluation. All evaluations are cross-sectional: we test models at a single point
in time. Clinical deployment involves ongoing monitoring, and paraphrase sensitivity might change as
models are updated, retrained, or as the distribution of clinical queries shifts over time. Longitudinal
consistency monitoring, analogous to concept drift detection in deployed machine learning systems, is
an open problem that this work does not address.

Sample of models and statistical power. The consistency-safety finding is deliberately stated
as a level, not a correlation. Because the Dangerous fraction is by construction a subset of the consistent
predictions, its correlation with flip rate (r = —0.86) is largely a definitional identity, and it collapses
to r = —0.15 once conditioned on consistency (Chapter 6); permutation or rank-correlation checks do
not remove this coupling and are not offered as a rescue. The claim rests instead on the conditioned
level: a mean of 81% of each model’s consistent predictions are unchanged when the image is removed.
That level is estimated from ten model-dataset combinations across five models, so a larger and more
architecturally diverse set would sharpen it, and several mechanistic replications, including the small
left-versus-right laterality check, are small and are reported as supporting rather than primary evidence.

Mechanistic completeness. The two-stage account identifies Feature 3818 at layer 17 as an
upstream register gate and Feature 12139 at layer 29 as a downstream decision gate, and the two form
a direction-coherent causal chain. These are the dominant single features, not the complete circuit: the
account covers the register-active and register-flat regimes but not the ambiguous regime (36 to 49% of
pairs, where flips are rare), and Feature 12139 is sufficient on its own for only about 15% of decision-
stage flips, so the decision is represented across many features in superposition. A full circuit-level
account of paraphrase sensitivity remains open.

Several directions follow from the findings and limitations above.

8.6.1 Cross-Architecture, Cross-Modality, and Multi-Site Generalization

The Feature 3818 analysis shows that SAEs can diagnose paraphrase sensitivity in a Gemma-based
medical VLM. Testing whether query register sensitivity is a general mechanism or architecture-specific
requires extending it to LLaMA-based models (LLaVA-Rad, LLaVA-Med) and encoder-only models
(CheXagent); different mechanisms would motivate architecture-specific mitigations. In parallel, ex-
tending PSF-Med beyond binary chest X-ray questions to CT, MRI, pathology, and dermatology, and to
open-ended and multi-label outputs, would test whether the consistency-grounding dissociation holds
across modalities and output spaces. A multi-site study spanning low-resource settings, community
versus academic hospitals, and portable versus fixed imaging equipment, together with cross-lingual
paraphrases (PadChest’s original Spanish reports are a natural testbed for queries such as “;Hay der-
rame pleural?” versus “Is there pleural effusion?”), would map the dissociation across the full range of
deployment contexts.

8.6.2 Label-Efficient and Calibration-Aware Training

The combined loss in Thrust 3 needs ground-truth labels for the accuracy term. Pseudo-labeling from
high-confidence base predictions, contrastive objectives that align paraphrase representations without
task labels, or self-distillation from a slowly updating teacher could enable consistency training on
unlabeled clinical data without mode collapse. The poor calibration of text-reliant models under
shift (Full LoRA’s ECE on clean PadChest is 22.9% even after temperature scaling, 26.9% unscaled),
together with the failure of temperature scaling to transfer across domains, suggests folding calibration
losses into the same objective so that models are consistent, accurate, and calibrated at once rather
than corrected post hoc.
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8.6.3 Deployment-Time Monitoring and Efficient Uncertainty

Single-pass softmax entropy predicts both errors and flips (AUROC = 0.823) and outperforms MC
Dropout and deep ensembles, which suggests uncertainty estimation for medical VLMs should prioritize
total entropy over decomposed epistemic/aleatoric components; whether this holds for larger models
and richer output spaces is open. Because the four-quadrant screen and deployment gate are point-in-
time assessments, a production system should track flip rate, text-only agreement, and entropy over
rolling windows to catch model and concept drift, and pair per-prediction flags with periodic audits of
whether the admitted subset remains image-grounded.

8.6.4 Improving Visual Grounding

The most fundamental limitation is how little evidence of precise visual grounding any tested model
provides: attention localizes pathology only coarsely and does not faithfully identify the causally
important patches, and the consistency gains measured here did not come with any increase in image
reliance. Training objectives that penalize invariance to pathology-region occlusion or supervise on
radiologist bounding boxes, and architectures that separate visual feature extraction from language-
driven reasoning, are the most direct routes to more transparent and modifiable grounding.

8.6.5 Regulatory and Clinical Integration

The distinction between apparent safety (low flip rate, high accuracy) and genuine safety (image-
grounded consistency) is a concrete, testable criterion that current frameworks do not capture. Image-
reliance testing (text-only baselines and controlled swaps) and the eight-phase protocol could be incor-
porated into FDA premarket assessment of machine learning-enabled devices and EU Al Act confor-
mity assessments for high-risk medical Al, alongside the deployment gate’s requirement for paraphrase
agreement and image reliance.

8.6.6 Clinician Perspectives on Deployment Readiness

Section 6.5 reports a completed clinician equivalence adjudication with the clinician coauthors; the
deployment-readiness consultation is designed but not yet conducted. A larger formal study with
an independently recruited clinician sample would test at scale which failure modes clinicians prior-
itize, whether the Dangerous quadrant is treated as worse than the Fragile quadrant, what coverage
thresholds are acceptable, and how entropy-based uncertainty should be surfaced in a clinical interface,
questions that automated evaluation alone cannot answer.

The four scenarios. The assessment presents the clinician coauthors with four deployment scenarios
drawn directly from the dissertation’s findings:
1. Paraphrase flip case: the same image with two clinically equivalent phrasings that produce

contradictory model answers (Chapter 3).

2. Consistent but Dangerous case: a prediction with low flip rate but high text-only agreement

and low image-swap sensitivity (the Dangerous quadrant, Section 6.2).

3. Uncertainty triage case: a model answer accompanied by an entropy-based uncertainty flag and

recommended escalation (Chapter 7).

4. Deployment gate case: an answer displayed only when paraphrase agreement and at least one

image-reliance check pass (Chapter 7).

For each scenario, the assessment addresses which failure modes matter most in practice, which
safeguards are actionable in clinical workflow, how uncertainty should be displayed to avoid misleading
the reader, and in which clinical contexts the system should be permitted, restricted, or refused. The
consultation question set is reproduced in Appendix C.4.

Intended outputs. This assessment is designed but not yet completed; the protocol and intended
outputs are described here as declared future work. By design, the assessment would produce a ranked
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list of clinically meaningful failure modes, safeguard preferences, deployment-scope boundaries, and a
mapping from technical safety signals (paraphrase agreement, image-reliance checks, entropy, gating)
to clinician-facing deployment requirements. Its purpose is to ground the four-quadrant taxonomy
in clinical judgment (whether Dangerous predictions are treated as worse than Fragile ones), to test
whether the deployment gate’s admission rate (roughly 27 to 42% on PadChest) is acceptable in specific
clinical contexts, and to yield design requirements for presenting entropy-based uncertainty in clinical
interfaces. These outputs would inform the admission audit developed in Chapter 7.

8.7 Closing Remarks

Despite the limitations noted above, this dissertation establishes that paraphrase sensitivity is a mea-
surable, diagnosable, and partially treatable failure mode in medical Vision-Language Models, and that
treating it requires attention to the distinction between consistency and grounding. This distinction,
simple in hindsight, is absent from current evaluation practices and deployment guidelines for medical
Al

The trajectory from measurement (PSF-Med, Thrust 1) through diagnosis (Feature 3818, Thrusts 2
to 3) to mitigation (Targeted LoRA, Thrust 3) to safety evaluation (four-quadrant taxonomy, Thrust 4)
to deployment-time gating (UQ-paraphrase bridge and architecture-aware audit, Thrust 5) demon-
strates a principled approach to addressing reliability failures in medical AI: measure the problem at
scale, understand its mechanism, develop targeted interventions, and then critically evaluate whether
the intervention actually improves safety or merely changes the failure mode. The consistency-safety
finding (a mean of 81% of consistent predictions are image-invariant) and the gate-audit results show
that the last two steps are essential. Without them, we risk deploying models that appear safer by
every available metric while their answers depend only weakly on the clinical evidence they are meant
to analyze.

Medical VLMs will play an increasingly important role in clinical workflows. Ensuring that they
are both consistent and grounded means requiring positive evidence that the image moved the answer,
from an opposite-label image swap, a region ablation, or a measured shift in the decision margin, and
refusing to accept an answer that simply fails to change as that evidence. This dissertation provides
the tools and evidence to make that distinction.
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Appendix A

Supplementary Material

A.1 PSF-Med Benchmark Details

The subsections on generation and filtering below document the original (v1) construction pipeline
of the benchmark: GPT-4 candidate generation at three to five paraphrases per question and a 0.90
embedding-similarity threshold. The benchmark as evaluated in Chapter 3 supersedes that pipeline:
MIMIC-CXR and VinDr-CXR paraphrases were generated with GPT-5-mini (five per question), Pad-
Chest was regenerated with GPT-5.4-mini (six per question) under judge-informed constraints, and
the MIMIC embedding prefilter is 0.95. The v1 prompt and the threshold-selection study are retained
here for provenance.

A.1.1 Paraphrase Generation Prompt

The following prompt template was used with GPT-4 to generate paraphrases for each clinical question
in the PSF-Med benchmark:

You are given a clinical question about a chest X-ray. Generate 3 to 5 semantically equivalent
paraphrases that preserve the clinical meaning while varying the surface form. Use the following
transformation strategies:

1. Lexical substitution: Replace medical terms with synonyms or lay equivalents. 2. Syntactic
restructuring: Change clause order or sentence structure. 3. Formality shift: Move between formal
clinical and informal phrasing. 4. Scope variation: Adjust quantifiers (“any evidence” vs. “significant
evidence”). 5. Negation-adjacent: Rephrase around negation without changing the expected clinical
answer.

Each paraphrase should be a complete, grammatically correct question that a clinician might nat-
urally ask. Do not change the clinical finding being queried.

Original question: [QUESTION]

Temperature was set to 0.7 to encourage diversity while maintaining coherence. Each question was
processed independently; no inter-question context was provided.

A.1.2 Semantic Filtering Threshold Selection

The cosine similarity threshold of 0.90 for BioClinical BERT filtering was selected through a manual
annotation study. Two annotators (one with clinical training, one with NLP expertise) independently
labeled 200 question-paraphrase pairs as “meaning-preserving’ or “meaning-changing.” Inter-annotator
agreement was x = 0.87 (Cohen’s kappa). Using this annotated set:

The 0.90 threshold provides the best precision-recall balance for our use case, where false positives
(including meaning-changing paraphrases) would inflate flip rates and false negatives (excluding valid
paraphrases) reduce statistical power.
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Table A.1: Precision and recall of semantic filtering at different BioClinical BERT similarity thresholds, evaluated
on 200 manually annotated pairs.

Threshold Precision Recall

0.80 82% 98%
0.85 89% 96%
0.90 94% 91%
0.95 98% 72%

A.1.3 Answer Parser Validation

The answer parser was validated against 500 manually audited model outputs. The validation set
was stratified by model (100 outputs per model for the top 5 models) and by answer type (250 “Yes”
responses, 250 “No” responses). This audit predates the current model roster: it covers MedGemma-4B,
MedGemma-27B, LLaVA-Rad, RadFM, and CheXagent. CheXone has since replaced CheXagent in
the evaluated set and MedGemma-1.5-4B was added later, so the 97.4% overall agreement and the per-
model exclusion rates below describe those five audited models, not the full current roster (Chapter 3).
Results:

Table A.2: Answer parser validation results by model and answer type. Overall agreement with human judgment
is 97.4%.

Model Agreement Exclusion Rate Common Error
MedGemma-4B 98.0% 5.2% Hedge responses
MedGemma-27B 99.0% 3.2% Equivocal “likely”
LLaVA-Rad 97.0% 4.8% Verbose preambles
RadFM 95.0% 8.7% Off-topic outputs
CheXagent 98.0% 6.1% Multi-sentence hedges
Overall 97.4% 5.6% N/A

The primary source of parser-human disagreement is hedge responses where the model expresses
uncertainty without committing to yes or no (e.g., “The image is suggestive of possible pleural effusion,
though further imaging may be warranted”). These cases are excluded from analysis rather than forced
into binary labels.

A.1.4 Operator Change Classification

The operator change classifier uses the following lexical rules to categorize question framing:
e Presence framing: Contains “Is there,” “Does this show,” “Is [finding| present,” “Can you see,”
“Is there evidence of”
e Exclusion framing: Contains “Can [finding] be ruled out,” “Is [finding| excluded,” “Can you
exclude,” “Is there no evidence of,” “Can [finding| be excluded”
e Likelihood framing: Contains “Is [finding| likely,” “How confident,” “Is it possible that”
e Neutral framing: None of the above patterns matched
When a question-paraphrase pair changes from presence to exclusion framing (or vice versa), the
expected answer polarity inverts. A model that correctly tracks this inversion should not be penalized
with a flip. On the unfiltered earlier benchmark, the classifier identifies approximately 28% of apparent
flips as operator changes (27 to 30% across models). On the filtered run the residual correction is small,
because the equivalence audit has already rejected most operator-changing pairs as not equivalent
(Chapter 3).
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A.2 Model Configuration Details

A.2.1 MedGemma-4B

e Model ID: google/medgemma-4b-it

e Architecture: Gemma 3 backbone with MedSigLIP vision encoder

e Parameters: ~4.4B total (Gemma 3 language backbone ~4.0B, MedSigLIP vision encoder ~0.4B;
the multimodal projector is a small linear layer). Consistent with the 4.38M trainable Targeted-
LoRA parameters being 0.10% of the total (Table A.3).

e Layers: 34 transformer layers in the language model

e Image tokens: 256 per image (16x16 grid from MedSigLIP)

e Context length: 128K-token input context (image tokens included); 8,192-token maximum output
length

e Precision: bfloat16

¢ GPU memory: ~8GB in bfloat16, ~4GB with 4-bit quantization

e Decoding: Greedy (temperature 0)

A.2.2 MedGemma-27B
e Model ID: google/medgemma-27b-it
e Architecture: Gemma 3 backbone (27B) with MedSigLIP vision encoder
e Parameters: 27.2B total
¢ GPU memory: ~54GB in bfloat16
e Decoding: Greedy (temperature 0)

A.2.3 LLaVA-Rad

Model ID: microsoft/llava-rad

Architecture: BiomedCLIP vision encoder + Vicuna-7B language model

Parameters: 7.0B total

Note: Requires a separate conda environment due to dependency conflicts with the MedGemma
setup

e Decoding: Greedy (temperature 0)

A.2.4 LoRA Configurations
A.3 Sparse Autoencoder Details

A.3.1 Gemma Scope Configuration

We use the Gemma Scope SAE at layer 17 with the following configuration:
Width: 16,384 features (16k)

Architecture: JumpReLU SAE

Training data: General web text (Gemma 3 pretraining distribution)
Fraction of variance unexplained (FVU) on general text: 0.26%
FVU on medical text: 0.28%

Mean LO (features active per token): 70 & 10 on medical inputs
R? on medical inputs: 0.9972 + 0.0005

A.3.2 Feature 3818 Prompt Grid

Table A.4 shows the full prompt grid used to characterize Feature 3818. All prompts were evaluated
on the same pneumothorax-positive image to control for visual input.

The recorded category means are 344.5 for presence, 0.0 for exclusion, 169.5 for disambiguation,
and 296.0 for the token-control prompts. Presence activations range from 302 to 386, while every
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Table A.3: LoRA hyperparameters for the Targeted and Full configurations.

Parameter Targeted LoRA Full LoRA
Target layers 15 to 19 0 to 33
Rank (r) 16 16
Alpha (o) 32 32
Dropout 0.05 0.05
Target modules q, k, v, o, gate, up, down q, k, v, o, gate, up, down
Trainable params 4.38M (0.10%) 30.5M (0.72%)
Learning rate 2x 1074 2x 1074
Warmup steps 100 100
Batch size 8 8
Epochs 3 3
Optimizer AdamW AdamW
Weight decay 0.01 0.01

A (accuracy weight) 1.0 1.0
Training time (A100) ~20 min ~45 min

exclusion prompt has zero activation. Disambiguation spans 0 to 282, and the token-control range is
272 to 342. The grid therefore shows that Feature 3818 changes across question forms even when every
prompt concerns pneumothorax and uses the same image.

A.4 Candidate Two-Stage Account: Held-Out Validation

The FlipBank analysis in Chapter 5 identified Feature 3818 at layer 17 as a case study but acknowledged
that it accounts for roughly 25% of observed flips. This section reports a larger-scale pre-specified held-
out validation using a canonical pipeline, identifies a second causal feature, and establishes a candidate
two-stage account, an operator/register feature plus a downstream answer-selection feature, that covers
a substantially larger fraction of the population; it remains exploratory pending same-polarity matched
controls. (Hypotheses were frozen on a discovery split before the held-out analysis but were not publicly
preregistered.)

A.4.1 Canonical Evaluation Protocol

To eliminate prompt-wrapper and scoring confounds, we fixed three elements across all subsequent
experiments: (i) prompt construction via the model’s chat template with a standardised system in-
struction; (ii) Yes/No margin scoring from logits over a frozen token set; and (iii) a margin-flip crite-
rion requiring sign change with non-zero margin on both sides. Under this protocol we screened 4,542
MIMIC-CXR and 37,280 PadChest original /paraphrase pairs, identifying 436 verified flips on MIMIC
(9.6%) and 2,833 on PadChest (7.6%).

A.4.2 Two-Regime Classification

We partitioned verified flips by the activity of Feature 3818: pairs where the feature’s absolute delta
exceeds 50 units on both sides form the 3818 active regime; pairs where Feature 3818 is exactly zero
on both sides form the 3818 flat regime; the remainder are ambiguous. On MIMIC the split is 27.7%
active, 36.4% flat, and 36.0% ambiguous. On PadChest the split is 45.7% active, 5.2% flat, and 49.1%
ambiguous. Within the flat regime, 3818 is exactly zero on 100% of pairs on both datasets, so regime
assignment is unambiguous.

Feature ranking on the discovery set identified Feature 12139 at layer 29 as the top flip-associated
feature in the flat regime. We froze both hypotheses, L17/#3818 for the active regime and L29/#12139
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Table A.4: Recorded Feature 3818 prompt grid across presence, exclusion, disambiguation, and token-control
question forms.

Prompt F3818 Activation Category
“Is there evidence of pneumothorax?” 302 Presence

“Is pneumothorax present?” 354 Presence
“Does this show pneumothorax?” 336 Presence
“Can you identify pneumothorax?” 386 Presence
“Can you rule out pneumothorax?” 0 Exclusion
“Is pneumothorax absent?” 0 Exclusion
“Is there no sign of pneumothorax?” 0 Exclusion
“Can pneumothorax be excluded?” 0 Exclusion
“Cannot rule out pneumothorax - do you 0 Disambiguation
agree?”

“Is pneumothorax possible but uncertain?” 173 Disambiguation
“Is there questionable pneumothorax?” 223 Disambiguation
“Might there be pneumothorax?” 282 Disambiguation
“Is there radiographic indication of pneu- 272 Token control
mothorax?”

“Are findings consistent with pneumotho- 284 Token control
rax?”’

“Does imaging suggest pneumothorax?” 286 Token control
“Is pneumothorax demonstrated?” 342 Token control

for the flat regime, before running large-scale validation.

A.4.3 Pre-Specified Held-Out Validation

Table A.5 reports the held-out validation. On the active regime, patching L17/#3818 toward the
original prompt restored 24% of MIMIC flips (95% CI [16.0, 33.6], p < 10~!%, Wilcoxon signed-rank)
and 17% of PadChest flips, compared to 1% and 0% for matched weak controls. On the flat regime,
patching 1.29/#12139 restored 58% of MIMIC flips (95% CI [47.7, 67.8|) and 27% of PadChest flips,
again with near-zero controls. Non-flip disruption rates were 0% in all arms.

Cross-regime specificity was asymmetric. Applying the active-regime feature to flat pairs had zero
effect on both datasets. Applying the flat-regime feature to active pairs produced partial recovery:
28% on MIMIC and 54% on PadChest. This asymmetry, together with the mediation results below, is
consistent with Feature 12139 being downstream of Feature 3818.

A.4.4 Mediation: 3818 — 12139

If Feature 3818 is upstream and Feature 12139 downstream, then patching 3818 at layer 17 should
cause 12139 to move at layer 29. We tested this by inserting a patching hook at layer 17 (restoring the
original-prompt value of 3818) and reading the resulting change in 12139 at layer 29. On 7 discovery-
set MIMIC pairs and 30 held-out PadChest pairs, the direction coherence was perfect: all 37/37 pairs
showed anti-correlated movement (38181 = 12139]; 3818 = 1213971). All pairs exceeded a minimal
effect threshold (|A| > 5). The mean downstream shift was —82 on MIMIC (—0.6%) and —350
on PadChest (—6.2%), with zero disruptions among non-flip controls (0/17 MIMIC, 0/30 PadChest;
Table A.6).
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Table A.5: Pre-specified held-out validation of frozen causal hypotheses on verified flips. Hypotheses frozen
on 12 MIMIC discovery pairs; held-out validation sampled from the remainder of the 436-flip MIMIC screen
and the 2,833-flip PadChest screen. Restore rate = fraction of flipped pairs whose original answer is recovered
by single-feature patching. Signed recovery = mean fraction of the margin shift recovered (positive = toward
original answer). Controls report disruption rate (fraction of stable pairs whose answer changed).

MIMIC PadChest
Regime Arm N Restore Rec. P Restore Rec. P
3818 active N/A L17/#3818 (upstream formality gate)
Hypothesis 100  24.0%  +0.139 <10~  17.0%  +0.121 <10~'7
Weak control 100 1.0% +0.001 0.42 0.0% —0.003 0.96
Non-flip disruption 50 0.0% N/A N/A 0.0% N/A N/A
Cross-regime' 50 0.0% 0.000 1.00 0.0% 0.000 1.00
3818 flat N/A L29/#12139 (downstream decision gate)
Hypothesis 100 58.0%  +0.317 <1077 27.0%  +0.333 <10~'7
Weak control 100 0.0% +0.030  <107**  0.0% +0.035 <1071t*
Non-flip disruption 50 0.0% N/A N/A 0.0% N/A N/A
Cross-regime 50  28.0%  +0.354 <107° 54.0%  +0.311  <107°

TCross-regime: L17/#3818 applied to flat-regime flips (active rows); L29/#12139 applied to active-regime flips (flat
rows). The 28%/54% cross-regime restore and the zero restore for 3818 —flat are consistent with #12139 being
downstream of #3818 (§A.4.4).

*Weak control shows statistically significant but negligibly small signed recovery (~3%) with 0% restore rate,
confirming specificity.

A.4.5 Sufficiency

As a complementary test, we injected the paraphrase-direction delta of 1.29/#12139 into the original
prompt on 100 held-out flat-regime pairs. This induced the exact paraphrase answer in 15% of cases
(95% CI [8.6, 23.5]). Every induced flip matched the paraphrase answer. The gap between this 15%
sufficiency and the 58% restoration rate confirms that Feature 12139 is the strongest recoverable single
feature at the decision stage, but not the sole contributor to paraphrase-induced answer changes.

A.4.6 Cross-Dataset Composition Analysis

The PadChest restore rates (17% active, 27% flat) are lower than MIMIC’s (24%, 58%). This gap could
reflect a mechanistic difference (the features matter less on PadChest) or a compositional difference
(PadChest flips have different properties that make restoration harder or easier).

We fitted pair-level logistic regressions predicting restoration from dataset, flip direction, paraphrase
phenomenon, margin gap, and feature delta (Table A.7). For the cross-regime arm, the raw dataset
effect (8 = 41.10, p = 0.009) attenuated by 68% and became non-significant (f = —0.35, p = 0.59)
after conditioning on composition. Flip direction was the strongest predictor (5 = +2.54, p = 0.005):
12139 is substantially more effective on no—yes flips, and PadChest active flips are 90% no—syes versus
MIMIC’s 50/50. For the flat-hypothesis arm, attenuation was 45% with the dataset effect approaching
non-significance (p = 0.056); the strongest predictor was feature delta magnitude.

We interpret these results as showing that the 3818—12139 causal chain operates identically on
both datasets, and that cross-dataset differences in effect size are primarily compositional.

A.4.7 Summary
These experiments support a two-regime mechanistic account (Figure A.1). When Feature 3818 is
active, paraphrase flips arise from an upstream wording-sensitive gate at layer 17 that propagates to

a downstream decision feature at layer 29. When Feature 3818 is flat, the proximal cause is Fea-
ture 12139 itself. The 3818—12139 pathway replicates across MIMIC and PadChest with 100% direc-
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Table A.6: Mediation test: patching Feature 3818 at layer 17 and measuring the resulting change in Fea-
ture 12139 at layer 29. Direction coherence = fraction of pairs where 38181 causes 12139 (or vice versa).
Specificity = non-flip pairs disrupted by the upstream intervention.

MIMIC PadChest

Mediation pairs tested 7 30
Direction coherent 7/7 (100%)  30/30 (100%)
All moved > threshold T/7 30/30
Mean A12139 —82.3 —349.9
Mean A12139 (%) —0.6% —6.2%
Non-flip disruptions 0/17 0/30
Active-flip disruptions 0/7 1/30

Table A.7: Logistic regression predicting Feature 12139 restoration success. Adding composition variables (di-
rection, phenomenon, margin gap, delta) attenuates the dataset coefficient, showing that the MIMIC/PadChest
gap is primarily compositional. Cross-regime arm: 50 MIMIC + 50 PadChest active-regime pairs patched with
L29/#12139. Flat arm: 100 MIMIC + 100 PadChest flat-regime pairs.

Arm Model Bdataset P AIC  Atten.
Dataset only +1.10 0.009 1323 N/A
Cross-regime 4+ direction +0.63 0.210 131.4 43%

+ direction, phenomenon,
margin gap, delta
Dataset only —-1.32 <0.001 256.7 N/A
Flat + direction —-1.27  <0.001 255.6 4%

+ direction, phenomenon, ) oa 056 9437 45%
margin gap, delta

—0.35 0.594 114.8 68%

Attenuation = 1 — |Brun|/|Bbaseline|- In the cross-regime arm, the strongest individual predictor is flip direction
(B =+42.54, p = 0.005): Feature 12139 is more effective on no—yes flips, and PadChest active flips are 90% no—yes.

tion coherence. Cross-dataset differences in restoration efficacy are primarily compositional rather than
mechanistic, driven by the distribution of flip directions and paraphrase phenomena in each dataset.

One qualification bounds this account. The canonical screen that supplies these flips is not purely
paraphrastic: of its 436 verified flips, 171 (39%) are negation-pattern pairs, many of which are operator
changes (“Is there X?” versus “Can X be ruled out?”) whose opposite answer is correct rather than a
failure. The 24% and 58% restoration rates and the 37/37 mediation result therefore conflate genuine
same-polarity paraphrase sensitivity with correct operator handling and downstream answer selection,
and Feature 12139’s perfect direction coherence is expected of any feature that tracks the yes/no
decision. The operator-preserving re-analysis of Section 5.3.1 isolates the same-polarity subset but is
small; a full operator-preserving screen with matched non-flip controls is the outstanding step before
the two-stage account can be presented as a clean paraphrase circuit rather than operator handling
plus answer selection.

Feature 12139 is best characterised as a downstream decision-calibration feature whose observed
causal efficacy depends on the direction and phenomenon composition of the evaluated population. It is
not a dataset-specific artifact, a generic answer-bias feature, or a sufficient single-feature explanation;
it is the strongest individually recoverable feature at the decision stage.
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Prompt register shift | [,17 / #3818 anti-corr. L29 / #12139 Yes / No
wording register gate | 37/37 mediated | decision gate answer
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N 24% / 17% restore -7 58% / 27% restore
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~

~~_._ other wording A ___-

Solid: 3818_active pathway Dashed: 3818_flat pathway (MIMIC / PadChest)

Figure A.1: Two-pathway causal model for paraphrase sensitivity. Active pathway (solid): register-framing
changes shift Feature 3818 at layer 17, which propagates anti-correlatedly to Feature 12139 at layer 29 (24%
/ 17% restore on MIMIC / PadChest; 37/37 direction-coherent in mediation test). Flat pathway (dashed):
wording changes bypass 3818 and directly perturb Feature 12139 (58% / 27% restore). Both pathways converge
on the same late decision gate. Cross-dataset differences are explained by composition (direction, phenomenon
mix), not mechanism (§A.4.6).

A.5 Candidate Two-Stage Account: Discussion
A.5.1 Two-Stage Mechanisms vs. Single-Feature Explanations

The canonical validation substantially revises the mechanistic picture from Section 5.3. The earlier
FlipBank analysis identified Feature 3818 as a case study covering ~25% of flips. The canonical pipeline,
run at larger scale with frozen hypotheses, supports a candidate two-stage mechanistic account, an op-
erator /register feature plus a downstream answer-selection feature, which remains exploratory pending
same-polarity matched controls:

1. Feature 3818 at layer 17 acts as an upstream register gate, explaining flips in the 3818_active
regime (24% restore on MIMIC, 17% on PadChest).

2. Feature 12139 at layer 29 acts as a downstream decision-calibration gate, explaining flips in both the
3818_flat regime (58% / 27% restore) and, partially, in the active regime (28% / 54% cross-regime
restore).

3. The two features form a causal chain with 100% direction coherence across 37 mediation pairs
spanning both datasets.

This is a stronger result than the original case study in three ways. First, the effect sizes are
larger: 58% restoration for a single feature is substantial, compared to the earlier 28% exemplar-level
recovery. Second, the validation is pre-specified: hypotheses were frozen on 12 discovery pairs and
tested on hundreds of held-out pairs (a held-out design, though not publicly preregistered). Third, the
mediation test provides causal evidence for a directed pathway, not just a correlation between feature
activations and flips.

The remaining gap is informative: 12139 restores 58% of flat flips, not 100%. It indicates that
paraphrase sensitivity at the decision stage involves multiple features in superposition [112]|, with
12139 being the largest individual contributor. The 15% sufficiency rate confirms this: Feature 12139
is necessary for many flips but sufficient for only a minority.

A.5.2 Why Cross-Dataset Differences Are Compositional

The composition analysis resolves what initially appeared to be a dataset-specific anomaly. Fea-
ture 12139 restores 58% of flat MIMIC flips but only 27% of flat PadChest flips; it restores 28% of
active MIMIC flips cross-regime but 54% of active PadChest flips. These differences are not mechanis-
tic. Pair-level logistic regressions show that conditioning on flip direction, phenomenon, margin gap,
and delta magnitude attenuates the dataset coefficient by 68% (cross-regime) and 45% (flat).
The two main composition differences are:
e Direction: PadChest active-regime flips are 90% no—yes, while MIMIC is 50/50. Feature 12139
is roughly twice as effective on no—yes flips.
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e Phenomenon mix: MIMIC has more specificity_modulation pairs, where 12139 has near-zero
efficacy; PadChest is more heavily weighted toward negation_pattern, where 12139 is stronger.
This has a practical implication for deployment: the effectiveness of mechanistic interventions based

on single features will depend on the clinical population’s question distribution. A deployment-time
audit should characterise the question mix before estimating expected intervention benefit.

A.5.3 Implications for LoRA Fine-Tuning

The candidate two-stage account provides retrospective insight into why the Targeted LoRA (layers 15
to 19) works. The LoRA’s intervention range brackets the upstream gate (layer 17) and sits well
upstream of the downstream gate (layer 29), roughly ten layers short of it. Cross-model feature
validation shows that the LoRA suppresses Feature 3818 on in-distribution data (MIMIC) but not
out-of-distribution (PadChest), consistent with the LoRA learning to modulate the upstream pathway
rather than the downstream one. The layer ablation finding that early layers (0 to 10) outperform
middle layers (15 to 19) may reflect the fact that the early intervention acts before either feature forms,
avoiding the need to separately address both stages.

A.5.4 Limitations of the Mechanistic Account

Several caveats apply. First, the two-stage model covers the 3818_active and 3818_flat regimes
but not the ambiguous regime, where both features show intermediate activity; the ambiguous regime
holds 36% of MIMIC and 49% of PadChest screened pairs. The flip rate within the ambiguous regime
is low (<2% of ambiguous pairs flip), so it contributes only a small minority of verified flips and the
practical coverage is high, but the mechanistic coverage is incomplete. Second, the mediation test
measures indirect effect through a specific pathway and does not rule out parallel pathways. Third,
the PadChest mediation used 30 randomly sampled active pairs; a larger sample might reveal edge
cases where direction coherence fails. Fourth, Feature 12139’s sufficiency rate (15%) indicates that
the decision stage is multi-feature, and the two-stage model should be understood as identifying the
dominant features, not the complete circuit. Finally, all experiments use base MedGemma-4B-IT; the
mechanism may differ in other model families or after fine-tuning.

A.6 Probe Training Data: Composition, Balancing, and Phrasing
Bank

Section 5.5 describes the probe’s training set in one sentence; this section gives the full distribution,
because the chapter’s causal claim rests on exactly what that distribution contains and what it removes.
The training set is not a standalone file but the train split of a single index of 107,328 binary presence
questions built once (sampling seed fixed at zero) and shared by every run in this chapter, so the
regime comparisons of Table 5.4 differ only in the phrasings each run was allowed to see, never in the
underlying questions.

A.6.1 Sources and Split Sizes

The index draws on two sources for training and holds two further hospitals out entirely. NIH ChestX-
ray14 [116] contributes 83,328 training questions (96.6% of the training set) over 55,037 unique training
images, and the PadChest-GR subset of PadChest [101]| contributes 2,960 (3.4%) over 2,106 images,
for 86,288 training questions over 57,143 unique images. The imbalance between sources is a property
of the source material, not a design choice: the NIH release is an order of magnitude larger than the
usable PadChest-GR pool (112,120 usable NIH images against 4,555 usable PadChest-GR images after
label filtering), and the per-finding sampling rule described below caps each source at the same number
of questions, so the smaller source simply exhausts its eligible images first. MIMIC-CXR [117] and
VinDr-CXR [102] contribute nothing to training and appear only as out-of-distribution evaluations.
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Splits are assigned at the image level by a deterministic hash of the image identifier, with 85% of
each source’s images assigned to training, so no radiograph appears in two splits and every aggregate is
exactly reproducible. Table A.8 gives the four resulting splits. Two properties are worth stating plainly.
First, there is no in-distribution test split: the in-distribution evaluation reported throughout this
chapter is the validation split, which is also what early stopping monitored, so the honest generalization
evidence is the pair of held-out hospitals rather than the validation number. Second, the training and
evaluation questions are the same binary form throughout, is there {finding}?, with the finding drawn
from the fourteen labels of Table A.9; the phrasing bank of Section A.6.4 varies only how that one
question is worded.

Table A.8: The probe’s question index. Every split is answer-balanced per finding, so each cell contains exactly
as many yes as no answers; unique images are fewer than questions because one radiograph can carry several
findings. Splits are image-level, so no radiograph appears in two splits. There is no in-distribution test split;
the validation split is the in-distribution evaluation used throughout this chapter.

Split Questions  Yes No Unique images
Train (NIH ChestX-rayl4 + PadChest-GR) 86,288 43,144 43,144 57,143
Validation (held-out images, same sources) 15,112 7,556 7,556 10,045
MIMIC-CXR (held-out hospital) 450 225 225 355
VinDr-CXR, (held-out hospital) 5,478 2,739 2,739 3,641
Total 107,328 53,664 53,664 71,184

A.6.2 Per-Finding Composition and Natural Prevalence

Table A.9 gives the training set by finding, together with the natural prevalence of each finding in
the raw source data before any sampling. The fourteen findings are the presence labels shared by the
two sources: atelectasis, cardiomegaly, consolidation, edema, emphysema, fibrosis, hernia, infiltrates,
mass, nodule, pleural effusion, pleural thickening, pneumonia, and pneumothorax. Natural prevalence
spans two orders of magnitude, from 17.7% for infiltrates down to 0.2% for hernia in the NIH data,
and PadChest-GR contributes nothing at all for edema, emphysema, fibrosis, and pneumonia, whose
positive pools were empty or fell below the minimum cell size. A question set drawn in proportion
to the source data would therefore be dominated by negative answers and by a handful of common
findings, and a model could score well on it by learning the base rates.

The construction removes exactly that confound. Within each split, source, and finding, the builder
keeps an equal number of positive and negative answers, at most the smaller of the two pools. The
cap is 5,000 questions per answer, per finding, per source before it is apportioned by split size. Its
training shares are 4,252 per answer for NIH and 4,262 per answer for PadChest-GR,, so a capped NIH
finding contributes 2 x 4,252 = 8,504 training questions. The PadChest-GR cap does not bind, since
its largest per-finding total is 876. Cells with fewer than four available questions are dropped, which is
why PadChest-GR contributes zero questions for four findings. Negatives are drawn from “No Finding”
radiographs and radiographs carrying other findings, so a no answer does not mean a clean scan. For
rare NIH findings the positive pool binds and the count falls, to 400 for hernia at the extreme. The
result is a training set that is exactly 50% yes for every finding in every split and source, but whose
per-finding sizes still reflect, in compressed form, how common each finding is.
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Table A.9: Training-set composition by finding, with the natural prevalence of each finding in the raw source
data before sampling. Training questions are exactly answer-balanced per finding, per source, and per split,
so the yes and no counts of each cell are equal; the combined column is their sum. Natural prevalence is the
positive fraction over all usable images of the source (112,120 for NIH ChestX-ray14, 4,555 for PadChest-GR).
A zero marks a finding that PadChest-GR does not contribute, while n/a marks unavailable prevalence after
filtering.

Training questions Natural prevalence (%)
Finding NIH PadChest-GR  Combined NIH  PadChest-GR
Atelectasis 8,504 436 8,940 10.31 5.69
Cardiomegaly 4,672 876 5,548 2.48 10.93
Consolidation 7,996 76 8,072 4.16 0.90
Edema 3,900 0 3,900 2.05 n/a
Emphysema 4,288 0 4,288 2.24 0.07
Fibrosis 2,870 0 2,870 1.50 n/a
Hernia 400 160 560 0.20 1.89
Infiltrates 8,504 258 8,762 17.74 3.34
Mass 8,504 66 8,570 5.16 0.90
Nodule 8,504 346 8,850 5.65 4.35
Pleural effusion 8,504 346 8,850 11.88 4.43
Pleural thickening 5,724 380 6,104 3.02 5.12
Pneumonia 2,454 0 2,454 1.28 n/a
Pneumothorax 8,504 16 8,520 4.73 0.24
Total 83,328 2,960 86,288

The evaluation splits preserve the same per-finding answer balance, but their finding mix differs
because each hospital contributes only the findings retained by the construction rule. Table A.10
gives every evaluation cell. MIMIC-CXR retains eight findings: atelectasis, cardiomegaly, consolida-
tion, edema, emphysema, pleural effusion, pneumonia, and pneumothorax. Atelectasis, cardiomegaly,
edema, and pleural effusion each contain at least 20 questions and appear in the saved per-finding
performance report; the other four fall below that report’s threshold but remain in the 450-question
evaluation total. VinDr-CXR contains 254 pleural-thickening questions, split into 127 yes and 127 no.
That cell is the denominator behind the AUROC of 0.332 reported in Table 5.3.
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Table A.10: Per-finding answer counts for the three probe evaluation splits. Each pair of columns reports yes
and no questions separately. A zero means that the source contributes no retained cell for that finding. Every
row is balanced within each split, and the column totals reproduce the reported split sizes.

Validation MIMIC-CXR VinDr-CXR

Finding Yes No Yes No  Yes No
Atelectasis 788 788 87 87 6 6
Cardiomegaly 500 500 40 40 1,205 1,205
Consolidation 669 669 7 7 13 13
Edema 353 353 18 18 0 0
Emphysema 372 372 6 6 0 0
Fibrosis 251 251 0 0 603 603
Hernia 33 33 0 0 0 0
Infiltrates 770 770 0 0 84 84
Mass 755 755 0 0 0 0
Nodule e 772 0 0 55 55
Pleural effusion 776 776 52 52 572 572
Pleural thickening 566 566 0 0 127 127
Pneumonia 204 204 9 9 0 0
Pneumothorax 747 747 6 6 74 74
Total 7,556 7,556 225 225 2,739 2,739

A.6.3 Answer Balancing and Its Effect

Balancing is the design decision the rest of the chapter silently depends on, so we state its effect
explicitly. Because every split is exactly 50% yes per finding, a question’s wording predicts its answer
at exactly chance: a text-only model scores 50.0%, and the only way to reduce the training loss is to
read the radiograph. This is what turns a paraphrase flip into attributable evidence. If prevalence
were left in place, a flip could be produced either by sensitivity to wording or by a shift in the answer
prior the wording happens to select, and the two could not be separated from the flip rate alone;
with the prior removed by construction, the flip rate differences of Table 5.4 admit only the phrasing
explanation. The same property is what certifies image use in Table 5.3: the 24.8-point gap between
the text-only floor and the with-image accuracy is entirely visual information, and the text-only floor
holds in every regime (49.4% to 50.7% across all seeds of all three phrasing regimes), so no regime can
exploit a prior over answers.

The cost is symmetric and is worth stating alongside the benefit. Removing the answer prior makes
the probe unrepresentative of deployment, where prevalence is skewed toward the values of Table A.9
and a model can be right for the wrong reason; Chapter 6 measures that regime on the deployed model
rather than here. Balancing also fixes the per-finding decision boundary of the binary readout at the
center of the margin distribution, which is the property the threshold sweep of Section 5.5 exploits
when it shifts the boundary across £2 standard deviations to check that the regime ordering is not
an artifact of threshold placement. We note one further implementation detail for completeness: the
training pipeline re-balances after expanding each question to its paraphrase cluster, but because the
index is already balanced per finding that second pass never changes the composition, so the balance
the regimes see is exactly the balance of Table A.8.

A.6.4 The Phrasing Bank and Its Register Structure

Every training question carries a bank of 48 meaning-preserving paraphrases, twelve templates in each
of four linguistic phenomena, plus four answer-inverting negation variants that are stored separately
and never enter a paraphrase cluster, since a negation is an operator change and not a rewording. The
four phenomena are the register axes along which clinical presence questions actually vary, and the
adversarial regime of Section 5.5 is defined over them: lezical substitution, which swaps content words
while keeping the structure (is there evidence of {f}?, are there signs of {f}?); syntactic restructuring,
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which keeps the words and changes the grammar (can {f} be identified?, is it correct that {f} is
present?); scope quantification, which widens or narrows the quantifier (is there any {f}?, is even mild
{f} present?); and specificity modulation, which moves the clinical register up and down (is {f} visible
on this chest radiograph?, anything like {f} on here?). The bank replaces an earlier eight-template
design whose vocabulary had collapsed to 22 content words, on which a low flip rate would have
reported template memorization rather than robustness.

The bank also carries the split that separates invariance from recognition. The first six templates
of each phenomenon are eligible for training and the last six are withheld, so the unseen-phrasing
evaluation trains on 24 phrasings and scores only on the 24 the model never saw, with six templates
of each phenomenon on either side and therefore no phenomenon confounded with the split. The
augmented regime trains on the original question plus all 48 paraphrases, expanding its 86,288 training
questions to 4,228,112 examples; canonical trains on the original phrasing alone.

A.6.5 The Adversarial Register and Answer Coupling

The adversarial regime is the one place where the phrasing distribution is made to carry answer
information, and its construction is simple enough to state exactly. For a yes answer, 90% of training
paraphrases are drawn from lexical substitution and specificity modulation; for a no answer, 90% from
scope quantification and syntactic restructuring; the remaining 10% are drawn from the other two
phenomena, so the correlation is strong but not deterministic and every phenomenon still appears with
every answer. Nothing else changes: the questions, the images, the balance, and the evaluation are
those of the other regimes. The coupling is arbitrary in the sense that no linguistic property makes
lexical substitution inherently affirmative; it is precisely the kind of accidental regularity a corpus can
carry when, for example, one report template is used predominantly for confirmed findings and another
for rule-outs.

Its measured effect is what identifies register as a distinct harm. The flip rate rises to 88.4% against
67.1% for canonical (p = 3.1 x 10™4, Cliff’s § = 0.97), accuracy falls to 58.1%, and the grounding gap,
the accuracy lost when the image is removed, collapses in the same order as the coupling strengthens:
0.252 for augmented, 0.164 for canonical, 0.081 for adversarial. A model trained on answer-correlated
registers therefore both flips more and reads the image less, which is the probe-scale version of the
consistent-but-blind failure this thesis warns against, produced here by a data distribution rather than
observed after the fact.

A.6.6 Earlier Probe Dataset

The earlier 1,841-question probe used a different source pair: 980 MIMIC-CXR presence questions
and 861 PadChest questions over 1,775 radiographs. It retained the source answer distribution rather
than imposing per-finding balance, and the resulting finding-name shortcut produced 68.8% text-only
accuracy. This is the dataset behind Figure 5.12, the sparse-autoencoder cosine of 0.74, the point-
biserial correlation of 0.42, the Jacobian-lens analysis, and the register disagreement results. The
regime runs for that probe record scalar aggregates per seed rather than per-question predictions, so
a per-register flip breakdown is not recoverable from the stored results alone. Its saved disagreement
analysis shows the adversarial coupling highest for scope quantification at 0.171 and negation pattern
at 0.131, and lowest for the original phrasing at 0.038, against 0.012 to 0.062 in the augmented regime.
We treat this pattern as supporting evidence because the earlier probe is smaller, retains a text-only
shortcut, and reports cluster disagreement rather than the flip rate used for the 86,288-question probe.
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A.7 Uncertainty Quantification Details

A.7.1 MC Dropout Configuration

MC Dropout uses K = 10 stochastic forward passes with dropout probability p = 0.05 applied to the
LoRA adapters (matching the adapter training dropout). Predictive entropy is computed from the

averaged predictive distribution:
K

Plyle) = 2= > mr(yle) (A1)
k=1
Hpl =~ Y p()loga(c) (42)
ce{Y,N}

The choice of K = 10 balances computational cost with uncertainty estimate quality. At K = 10,
the coeflicient of variation of the entropy estimate is approximately 0.05, meaning the estimate is stable
across different random dropout masks.

A.7.2 Temperature Scaling

Temperature scaling learns a single scalar T' > 0 that divides the logits before softmax:
pr(y|x) = softmax(z/T) (A.3)

The temperature is fit on a 15% calibration holdout by minimizing the negative log-likelihood. For
the models evaluated:
Table A.11: In-domain learned temperature parameters for each model-dataset combination (each temperature

is fit and evaluated on the same distribution; the cross-domain transfer setting is analyzed separately in Sec-
tion A.11).

Model MIMIC T' PadChest T
Base 1.42 2.18
Targeted LoRA 1.15 1.38
Full LoRA 1.89 3.41
LLaVA-Rad Base 0.98 1.12

T > 1 indicates the model is overconfident (logits too extreme); 7' < 1 indicates underconfidence.
Base MedGemma-4B and Full LoRA are substantially overconfident, especially on PadChest (T > 2).
LLaVA-Rad is approximately calibrated (T' ~ 1), consistent with its text-driven behavior producing
well-calibrated text priors. Targeted LoRA is moderately overconfident, with lower T" values reflecting
better baseline calibration.

A.7.3 Corruption Types for Distribution Shift

Five corruption types (brightness, contrast, Gaussian blur, Gaussian noise, and JPEG compression)
at three severity levels (1, 3, 5) were used to test calibration under distribution shift. The exact
parameter for each type and severity is specified in Table A.15, and the application formulas are given
in Section A.11.

These corruptions simulate realistic image degradation that medical VLMs may encounter in de-
ployment: poor lighting conditions, scanner calibration issues, image compression artifacts in PACS
systems, and electronic noise in low-dose acquisitions.
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A.7.4 AUGRC Computation

The Area Under the Generalized Risk-Coverage curve (AUGRC) [120] is computed as follows. For a set

of N predictions with associated uncertainty scores u1,...,uy and correctness indicators ¢y, ..., cy:

1. Sort predictions by uncertainty (ascending): Ur(1) S Up2) < -0 < Un(n)-

2. For each coverage level k/N, compute the generalized risk, the joint probability of accepting
and erring: GR(k) = + Zle(l — ¢r(i))- This equals the coverage k/N times the selective risk
£ it (1= Ca)-

3. AUGRC = % S GR(k) = [, GR(c) de.

AUGRC is bounded between 0 (perfect selective prediction) and 0.5, with random ordering yielding
an AUGRC of approximately half the error rate (since GR(¢) ~ ¢ - err under random ordering, so
fol cerrde = err/2). Lower values indicate that the uncertainty scores better discriminate between
correct and incorrect predictions. Unlike AUROC, AUGRC is a proper scoring rule for selective
prediction because it accounts for the ordering of predictions within each coverage level.

A.8 Replication Study Details
A.8.1 Seed-Level Results

Table A.12 reports the full results of the replication study across 5 random seeds and 2 training set
sizes for the Targeted LoRA configuration.
Table A.12: Full replication results. MIMIC flip rate (FR), accuracy (Acc), and margin difference (MD) across

5 seeds and 2 training set sizes. Superseded question-disjoint run from the original pipeline, retained for seed-
variance provenance; the patient-disjoint headline result is 8.5% — 3.5% (Section 5.7).

n = 500 n = 2000
Seed FR Acc MD FR Acc MD
42 4.4% 82.3% 0.33 42% 83.1% 0.30
123 4.8% 81.7% 0.36 4.5% 82.8% 0.32
456 4.6% 82.0% 0.35 4.3% 83.0% 0.31
789 4.3% 825% 0.32 4.1% 83.2% 0.29
2024 49% 81.5% 0.37 44% 82.7% 0.33
Mean 46% 82.0% 0.35 4.3% 83.0% 0.31
Std 0.3% 04% 0.02 02% 0.2% 0.02

The low standard deviation across seeds (0.3% for flip rate at n = 500) indicates that the training
procedure is stable and the results are not sensitive to random initialization. Training-set size matters
up to a point and then plateaus. In the earlier rerun that was disjoint by question identity only (156
questions; superseded by the patient-disjoint result of Section 5.7), the held-out pairwise flip rate falls
from 5.1% at 500 samples to 3.4% at 1,288 and to 3.1% =% 0.9 on that run’s expanded pool of 4,853
paraphrase pairs (five seeds), with no accuracy cost. The last two points sit within the seed-to-seed
confidence interval, so the in-distribution result is data-saturated by roughly one to two thousand
samples. Out-of-distribution transfer benefits more from additional data (the PadChest mean flip rate
nearly halves from n = 500 to n = 2000 in the original-pipeline sweep). The binary pool caps at
1,288 distinct questions drawn from 1,000 local images; larger multi-task adapters (~12,000 pairs) are
released separately for larger-scale claims.

A.8.2 PadChest Transfer by Seed

On PadChest, the replication results show more variance:
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Table A.13: PadChest transfer results across seeds (n = 500 training set). Higher variance than MIMIC reflects
the out-of-distribution challenge. Superseded question-disjoint (original-pipeline) run; the 8.5% mean here is
unrelated to the 8.5% patient-disjoint MIMIC baseline of Section 5.7.

Seed Flip Rate Accuracy Margin Diff

42 7.8% 69.4% 0.35
123 8.5% 67.2% 0.42
456 9.1% 66.8% 0.48
789 8.2% 68.6% 0.39
2024 8.8% 67.5% 0.44
Mean 8.5% 67.9% 0.42
Std 0.5% 1.1% 0.05

The increased variance on PadChest (0.5% vs. 0.3% flip rate standard deviation) reflects the chal-
lenge of out-of-distribution generalization. Different random seeds produce LoRA adapters that capture
slightly different aspects of the consistency signal, and these differences are amplified when the model
encounters PadChest’s distribution shift. Seed 42’s PadChest accuracy in this replication split (69.4%)
and the seed 42 value reported in the deep-ensemble analysis (92.1%, Table A.14) are measured on
different PadChest evaluation sets and are therefore not directly comparable.

A.9 Deep Ensemble Failure Analysis

The deep ensemble for uncertainty quantification was constructed from 5 independently trained Tar-
geted LoRA checkpoints (seeds 42, 123, 456, 789, 2024). On MIMIC-CXR, the ensemble performs
well: 85.7% accuracy. On PadChest the seeds diverge sharply: two retain strong accuracy while three
degrade out of distribution.

Table A.14: Deep ensemble seed-level performance on PadChest. Seeds 42 and 123 remain functional; seeds

456, 789, and 2024 degrade out of distribution despite 87 to 89% training validation accuracy. “Yes” rate is the
fraction of positive predictions against an 81.4% positive prevalence.

Seed PadChest Acc “Yes” Rate Train Val Acc Status

42 92.1% 75.1% 86.9% Functional
123 78.7% 61.3% 86.9% Functional
456 52.0% 34.1% 87.3% Degraded
789 67.1% 49.0% 88.6% Degraded
2024 68.5% 50.4% 88.9% Degraded

The degraded seeds do not lose accuracy uniformly; they shift their answer prior away from the
PadChest base rate. Against the 81.4% “yes” prevalence, seed 456 predicts “yes” only 34.1% of the time
and seeds 789 and 2024 sit near 50%, so they miss many true-positive findings. This under-prediction,
rather than the yes-collapse seen with pure consistency training (A = 0), occurs at the standard
A = 1.0, suggesting that certain random initializations lead to training trajectories that overfit to the
MIMIC-CXR training distribution and transfer poorly to PadChest.

The failure pattern has several characteristics:

e All three degraded seeds achieve normal training and validation accuracy (87 to 89%), providing
no early warning of the out-of-distribution degradation.

e The degradation is specific to PadChest; all seeds perform normally on MIMIC-CXR.

e Seed 42 is the strongest PadChest member (92.1%), but there is no a priori way to identify it
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without evaluating on PadChest.

e Probability-averaging over all 5 seeds recovers 72.6% aggregate accuracy but a poorly ranked con-
fidence signal (AURC 0.130 versus 0.019 for single-pass entropy), so the ensemble is unsuitable for
selective prediction even though its mean accuracy is acceptable.

We document this as a negative result with practical implications. Researchers attempting LoRA
ensembles for medical VLMs should expect and test for out-of-distribution seed degradation. A simple
mitigation is to validate each seed on an out-of-distribution holdout before including it in the ensemble,
but this requires access to such data at training time.

A.10 Dataset Access and Ethics

A.10.1 Data Sources

e NIH ChestX-rayl4: Obtained from the openly released NIH Clinical Center chest radiograph
set. Its access terms differ from the three agreement-controlled sources below.

e MIMIC-CXR: Access requires completing the CITI Data or Specimens Only Research course
and signing a data use agreement through PhysioNet. Images are used in compliance with the
PhysioNet Credentialed Health Data License 1.5.0, which permits use for scientific research and
does not permit redistribution of the data.

e PadChest and PadChest-GR: Obtained from the Medical Imaging Databank of the Valencia
Region (BIMCV) under the PadChest Dataset Research Use Agreement, which requires registra-
tion, grants use for research purposes only, and prohibits reproducing or publishing any portion
of the dataset without prior written permission from BIMCYV. The images originate from Hospital
Universitario de San Juan de Alicante, and the dataset was approved by that hospital’s institutional
review board. We use the images together with the structured labels and bounding box annotations;
no patient-identifying information is accessed. The probe training set uses PadChest-GR.

e VinDr-CXR: Access requires the same CITI training and a signed data use agreement through
PhysioNet. Images are used in compliance with the PhysioNet Credentialed Health Data License
1.5.0, on the same terms as MIMIC-CXR.

Each source is de-identified. NIH ChestX-rayl4 is obtained from the open NIH Clinical Center
release, while MIMIC-CXR, PadChest and PadChest-GR, and VinDr-CXR are obtained under their
respective access agreements. The PSF-Med release (Section C.5) publishes questions, paraphrases,
judge labels, and audit verdicts, but no images. Reproducing the image-dependent results requires
obtaining NIH ChestX-ray14 from its open release and the remaining corpora directly from PhysioNet
and BIMCV under their respective agreements.

A.10.2 Image Preprocessing

PadChest images are distributed as 16-bit grayscale DICOM-derived files. Before each model’s standard
image processor, we convert them to 8-bit RGB by windowing to the 0.5th to 99.5th intensity percentile
of each image and linearly rescaling that window to [0, 255], which preserves diagnostic contrast across
the wide 16-bit dynamic range. MIMIC-CXR and VinDr-CXR images are 8-bit and are passed through
unchanged. All flip-rate, accuracy, calibration, and grounding results reported in this dissertation use
this preprocessing.

A.11 Extended Uncertainty Quantification Details

A.11.1 Corruption Parameterization

Table A.15 specifies the exact parameters used for each corruption type and severity level in the
calibration under shift experiments (Chapter 7).
All corruptions are applied to the input image (8-bit RGB, values in [0, 255]) before the model’s
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Table A.15: Corruption parameters by type and severity level.

Corruption Parameter Sev.1 Sev.3 Sev.5
Gaussian noise o (0 to 255) 10 35 70
Gaussian blur op (px) 1.0 3.0 6.0
Contrast factor « 0.8 0.4 0.15
Brightness 0 (0to 255) 420 +60 +100
JPEG compression Quality @) 80 40 10

standard preprocessing. Gaussian noise is additive I’ = I + N(0,02) with ¢ in pixel units. Contrast
scales around the image mean: I’ = o - I + (1 — ) - I. Brightness is additive: I’ = I +§. JPEG
compression saves and reloads the image at quality @. Values are clipped to [0, 255] after corruption.

A.11.2 MC Dropout Configuration

The committed PadChest evaluation uses K = 10 stochastic passes and pgrop = 0.05 on the LoRA
adapters. Under that configuration, mean mutual information is 0.0001 nats, error-detection AUROC
is 0.856, and coverage at 5% risk is 88.4%. The corresponding single-pass softmax values are 0.862
AUROC and 88.5% coverage. A broader K X parop sensitivity script is included in the repository, but
its output file is not committed, so no sensitivity-grid results are reported here.

A.11.3 Temperature Scaling Transfer Analysis

We test whether a temperature parameter learned on one distribution transfers to another. All figures
in this subsection are for Targeted LoRA. The unscaled baselines used here, 15.0% expected calibration
error on MIMIC-CXR and 6.1% on PadChest, are computed on this transfer protocol’s own fitting and
evaluation splits, which are not the splits behind the in-domain figures of Section 7.1 (10.9% and 11.1%);
the two sets of numbers are therefore not directly comparable, for the same reason the temperatures
differ from the in-domain fits discussed below. Four protocols are evaluated:
o ID—ID (MIMIC—MIMIC): The standard setting. 7 = 0.98, ECE improves from 15.0% to 12.1%.
e ID—-OO0OD (MIMIC—PadChest): T ~ 1.0, ECE 6.3% (barely different from unscaled 6.1%). The
temperature learned on MIMIC is uninformative for PadChest.
¢ OOD—O0O0OD (PadChest—PadChest): T* = 1.02, ECE 6.3%. Calibrating directly on PadChest
does not help because the model’s miscalibration is not a simple temperature issue.
¢ OOD—ID (PadChest—MIMIC): T* = 1.01, ECE 14.8%. Slightly worse than ID—ID.

Across all four transfer protocols the re-fit temperature stays near 1.0 (0.98 to 1.02), so a tem-
perature estimated under this transfer setup applies virtually no correction. This is a different fitting
protocol from the per-model, per-dataset in-domain fits in Table A.11, where the temperatures are
larger (up to 3.41 for Full LoRA on PadChest): those in-domain temperatures reduce in-domain cali-
bration error but do not transfer across the MIMIC /PadChest shift, and re-fitting directly under shift
collapses the scalar back toward 1.0 without closing the calibration gap. Either way, the residual cali-
bration error is structural (wrong representations, not wrong confidence scaling) and cannot be fixed by
post-hoc temperature adjustment. The implication for deployment is that temperature scaling should
not be relied upon as a calibration strategy for medical VLMs under distribution shift.

A.11.4 Deep Ensemble Per-Member Diagnostics

Table A.16 reports per-member accuracy for the 5-seed deep ensemble on PadChest. Each member is
a Targeted LoRA adapter trained with the same hyperparameters but a different random seed. Only
seed 42 retains high accuracy (92.1%); the other four range from 52.0% to 78.7%. The combined
ensemble predicts “yes” on only 54.7% of cases against an 81.4% yes prevalence, so it under-predicts
the positive class; probability-averaging drags aggregate accuracy down to 72.6%, below seed 42 alone.
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Table A.16: Per-member accuracy and positive-prediction rate of the 5-seed deep ensemble on PadChest (N =
861; yes prevalence 81.4%).

Metric Seed 42 Seed 123 Seed 456 Seed 789 Seed 2024
Accuracy (%) 92.1 78.7 52.0 67.1 68.5
“Yes” rate (%) 75.1 61.3 34.1 49.0 50.4

Seeds 456, 789, and 2024 under-predict the positive class on PadChest (34 to 50% “yes” versus
the 81.4% prevalence), and seed 123 is only mildly positive (61.3%); all four therefore miss many
true-positive findings and lose accuracy. Only seed 42 tracks the prevalence (75.1% yes) and achieves
high accuracy (92.1%). The mean inter-member disagreement is 20.1%, confirming that the seeds have
learned qualitatively different solutions.

Deep-ensemble member instability out of distribution
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--- ensemble mean 72.6% BN Degraded
100 ~ 92%
(yes 75%)

> 79%
S 80 4 T ) T T T P PP PP PP PP PPPPPPTPPR
> 0 69%
é 0000 EEENEE R — .61/9._____(}#35_50%.)
5
S 60 - 52%
- (yes 34%)
%)
(]
S
o] 40 N
@
[a W
20

0__I—I—I—I—I—_
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Figure A.2: Deep-ensemble member instability on PadChest. Two seeds remain functional (green); three degrade
out of distribution (orange) by shifting their positive-prediction rate away from the 81.4% base rate. Probability
averaging recovers a 72.6% mean but below the best single member (92.1%).

The ensemble’s probability-averaging aggregation dilutes the one strong member: the four weaker
members pull the consensus down to 72.6% accuracy, below seed 42’s 92.1%. Alternative aggregation
strategies give similar results (logit averaging 72.6%, majority vote 71.3%) because the fundamental
problem is member quality, not aggregation method. The more consequential failure is not aggregate
accuracy but ranking: the ensemble’s risk-coverage collapses (AURC 0.130 versus 0.019 for single-pass
entropy), so it cannot be used for selective prediction even though its mean accuracy looks acceptable.

This failure mode is specific to the narrow training distribution (500 MIMIC-CXR binary pairs).
On MIMIC (in-distribution), all five seeds achieve 85 to 89% validation accuracy and the ensemble suc-
ceeds (85.7% accuracy, best AURC). The implication is that LoRA ensembles require diverse training
distributions to provide OOD robustness.
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A.11.5 Bootstrap Statistical Methodology

All confidence intervals in Chapter 6 are computed using B = 2,000 non-parametric bootstrap resam-
ples with the following protocol:

1. For each resample b € {1,..., B}, draw N samples with replacement from the evaluation set.

2. Compute the metric of interest (AUROC, ECE, flip rate, etc.) on the resampled data.

3. Report the 95% CI as the 2.5th and 97.5th percentiles of the bootstrap distribution.

For paired method comparisons (e.g., softmax vs. MC Dropout AUROC), we use the paired boot-
strap: both methods are evaluated on the same resampled data, and the CI is computed on the
difference in metrics. This accounts for correlations between methods evaluated on the same predic-
tions.

For entropy distribution comparisons (flipped vs. stable predictions), we use the Mann-Whitney U
test, which is distribution-free and appropriate for the non-normal entropy distributions observed. All
reported p-values for entropy comparisons use this test.

Multiple comparison correction uses Bonferroni adjustment across the 5 UQ methods. All reported
p-values remain below 107 even after correction, so no results change significance.

Unit of analysis and sources of variability. The resampling unit in step 1 above is the
individual observation, so every interval reported in this dissertation assumes independence at the
finest level of the data. The data are in fact nested: a paraphrase pair sits inside a question, a question
inside an image, and an image inside a patient. Which unit a statistic belongs to therefore has to be
read off the statistic itself. A pairwise flip rate has the paraphrase pair as its denominator; a query-
level flip rate, an accuracy, a text-only agreement, and a swap-sensitivity figure all have the question
as their denominator; a region-of-interest coverage figure has the annotated box as its denominator.
Above the image, the nesting is weak on the sets used here: the 637 region-of-interest boxes come from
579 images and 574 patients, and the 861-item PadChest flip bank comes from 795 images and 790
patients, so image-level and question-level clustering are the units that carry dependence and patient-
level clustering adds almost nothing. Separately, a 4+ reported alongside a LoRA result in Chapter 5 is
a standard deviation across training seeds and describes how much the training procedure varies from
seed to seed; it is not an interval for the test cohort, and the two are never pooled into a single figure.
Clustered intervals have not been recomputed for the numbers in this dissertation. The resampling
helper written for that recomputation is scripts/analysis/cluster_bootstrap.py, which resamples
whole clusters and reports the design effect against the independent bootstrap; no number in this
dissertation is currently derived from it.

A.11.6 Conformal Prediction Under Distribution Shift

We implement split-conformal prediction with the Adaptive Prediction Sets (APS) nonconformity
score [121]. The calibration set is 15% of PadChest (clean images); the test set is the remaining 85%
under corruption.

At 90% target coverage on clean PadChest, Targeted LoRA achieves 93.7% empirical coverage
with mean prediction set size 1.03 (out of 2 possible classes): slightly conservative. Under severity-5
corruptions, coverage settles at 89.9%, on target, with set size 1.05. Base MedGemma-4B erodes from
91.8% (clean) to 88.7% (severity 5), a modest 1.3-point under-coverage at this target. Full LoRA holds
near-constant coverage (88.7% clean to 87.2% at severity 5) because image corruptions do not affect its
text-driven predictions; its conformal validity is degenerate, holding trivially because the corruptions
do not change the inputs the model actually uses.

At 95% target coverage, Targeted LoRA achieves 95.2% empirical coverage with mean set size 1.09,
declining to 92.7% under severity-5 corruption. The distribution-free guarantee holds conditional on
exchangeability between calibration and test data; corruption violates exchangeability, but empirical
coverage stays above 90% for the image-attentive models. The coverage violation is clearest at tighter
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targets: at an 80% target, Base falls to 71.0% under severity-5 corruption versus 75.6% for Targeted
LoRA.

A.11.7 Computational Resources

All experiments were conducted on a shared computing cluster with NVIDIA A100 80GB GPUs, and
every run was logged and tracked with Weights & Biases. Total GPU time across all experiments,
including development, failed, and exploratory runs not reflected in the final saved artifacts:

e PSF-Med benchmark evaluation and equivalence audit (6 models, 3 datasets, roughly 93k para-
phrase pairs; rubric-based judge audit of 122,778 pairs; PadChest v2 regeneration): ~1,300 GPU-
hours

e Uncertainty quantification pipeline (5 models, 2 datasets; softmax entropy, Monte Carlo dropout,
temperature scaling, deep ensembles across 5 seeds, and text-only baselines): ~950 GPU-hours

e Corruption robustness sweep (5 corruption types, 3 severities, across models, datasets, and uncer-
tainty methods): ~600 GPU-hours

e Safety evaluation and architecture-aware deployment audit (multiple model families; image-swap,
text-only, and null-image controls): ~525 GPU-hours

e Attention grounding and causal analyses (attention extraction, patch occlusion, region-of-interest
ablation, and laterality across models): ~525 GPU-hours

e LoRA training, layer and block sweeps, and the seed replication study: ~450 GPU-hours

e Mechanistic interpretability (SAE screening and transfer, activation and residual-transplant patch-
ing, canonical validation, and lens fitting): ~450 GPU-hours

e Total: ~4,800 GPU-hours (approximately 200 GPU-days)

A.11.8 Reproducibility

All code, data splits, and pre-computed results are available in the project repository. Key repro-
ducibility artifacts:
e PSF-Med benchmark data: HuggingFace dataset saillab/psf-med
Evaluation scripts: scripts/evaluation/evaluate_psf.py
LoRA training: scripts/training/train_medgemma_lora_targeted.py
Safety pipeline: scripts/miccai/run_all.sh
Environment specification: pyproject.toml (Python 3.12+)
Experiment tracking: Weights & Biases (upload via scripts/uai/upload_wandb.py)

Random seeds for all experiments are reported in the text

A.12 Deployment Gate Algorithm

Algorithm A.17 states the admission rule exactly as evaluated retrospectively in Chapter 7; every gate
number in that chapter comes from this rule. Algorithm A.18 then presents the proposed online gate
procedure, including all three gate modes; it is a design proposal for prospective deployment and has
not been evaluated.

The algorithm processes predictions in order of increasing cost. Step 2 (entropy filter) requires no
additional forward passes. Step 4 (consistency) requires K forward passes. Step 6 (text-only) requires
1 additional pass. Step 8 (swap) requires 1 additional pass but also requires access to a swapped image,
which may not always be available.

In practice, we recommend K = 3 for deployment, giving a total of 5 to 6 forward passes per
prediction at approximately 600 to 900ms on an A100 GPU. The entropy threshold 77 can be set
based on the desired operating point: higher thresholds admit more predictions at lower accuracy,
lower thresholds refer more predictions at higher accuracy on admitted ones.
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Table A.17: Evaluated retrospective admission rule (the rule behind every gate number in Chapter 7)

Algorithm: Retrospective admission rule (evaluated)

Input: Question ¢, Image I, Model M, Paraphrases p1, p2 (first two of K)

Output: ADMIT or REFER

1. ap  M(q,I); a1 + M(p1,1); az « M(p2,I)

if a1 # ap or ay # ap then return REFER  [consistency]

agwap — M (¢, Iswap), Where Igyap is an arbitrary cohort image taken in rotation

if aswap # ao then return ADMIT  [random-image sensitivity]

if I has a radiologist box (PadChest only, 637 of 861 records) and the region-only and background-
only crops give different answers then return ADMIT  [ROI disjunction]

6. return REFER

CU @

Table A.18: Deployment Gate Pseudocode

Algorithm: Per-Prediction Deployment Gate

Input: Question ¢, Image I, Model M, Gate mode € {consistency, consistency+text, full}, Number of
paraphrases K, Entropy threshold 74
Output: Decision € {ADMIT, REFER}, Answer a, Confidence c¢

1. Compute base prediction: ag, pg, Ho < M(q,T)
2. Quick filter: If Hy > 7q, return (REFER, ag, Hp)
3. Generate K paraphrases: {p1,...,px} < paraphrase generator(q)
4. Consistency check:
For each k: compute ay < M (py, I)
If 3k : ar # ag, return (REFER, ag, Hy)
. If gate mode is “consistency”: return (ADMIT, ag, Hy)
6. Text-only check:
Compute Qtext < M(Qa Iblank)
If atext = ao, return (REFER, ag, Hy) [text-reliant]
7. If gate mode is “consistency-+text™ return (ADMIT, ag, Hy)
8. Image swap check:
Compute aswap < M (q, Iswap)
If agwap = a0, return (REFER, ag, Hy) [image-invariant]
9. return (ADMIT, ag, Hp)

ot
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A.13 Cross-Modal Feature Analysis Details

The cross-modal analysis (extending the Feature 3818 investigation of Chapter 5) jointly extracts SAE
features from the text pathway and visual attention metrics from the vision pathway to test whether
Feature 3818’s influence crosses modality boundaries.

A.13.1 Winsor-CAM Methodology

Standard Grad-CAM [105] computes importance weights as the global average of gradients with respect
to feature maps. This approach is sensitive to outlier gradients, which are common in deep transform-
ers. We use Winsor-CAM, a variant that applies Winsorization (clipping values at the 5th and 95th
percentiles) to the gradient maps before computing importance weights. This produces smoother, more
stable attention heatmaps.

For MedSigLIP (the vision encoder in MedGemma-4B), Winsor-CAM operates on 27 transformer
layers, each producing a 64 x 64 grid of attention values. The per-layer importance score is computed
as:

dy

1
o] = WiHSOI“iZ65’95 <A4)
v o

where Aﬁl » 1s the activation at spatial position (h,w) in layer I, and y is the target logit.
The final Winsor-CAM heatmap is a weighted combination across layers:

CAM(h,w) = ReLU (Z o - Al}w) (A.5)
l

A.13.2 Joint SAE-Visual Extraction

For each prediction, we jointly extract:

1. SAE features at layers 9, 17, 22, and 29 of the language model (residual stream at the final token
position). These layers sample early, middle, and late processing stages.

2. Winsor-CAM metrics: visual entropy (Hyis = — Zh’w Dh,w 108 Dhw Where p is the normalized
heatmap), top-k coverage (fraction of attention in the top 5% of spatial locations), and cosine
similarity between original and paraphrase heatmaps.

The joint extraction runs on GPU and takes approximately 2 seconds per prediction (1.5s for SAE
feature extraction across 4 layers, 0.5s for Winsor-CAM computation across 27 vision layers).

A.13.3 Feature Ranking by Flip Association

For each SAE feature at each layer, we compute three association metrics:
¢ Point-biserial correlation r,, between feature activation and flip outcome (binary). Negative
correlation means the feature’s activation is associated with non-flip (consistent) predictions.
e Mean activation difference between flip and non-flip groups, normalized by pooled standard
deviation (Cohen’s d).
e Bootstrap stability: the fraction of 500 bootstrap resamples in which the feature ranks in the
top 20 by |rpp|. Features with stability > 0.8 are considered stable.
Features are ranked by the product |r,| % stability, which balances effect size and stability. Fea-
ture 3818 ranks #1 on PadChest for both Base and Targeted LoRA configurations, and #2 on MIMIC
for Base, confirming its cross-dataset relevance.

A.13.4 Causal Patching Protocol

The causal patching experiment tests whether restoring Feature 3818’s activation from the original
question can undo paraphrase-induced flips. The protocol is:
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1. For each flip pair (q,p), extract the SAE feature vector f(q) from the original question and f(p)
from the paraphrase at layer 17.

2. Compute the difference in Feature 3818: Af = f3g15(q) — f3s18(p).

3. Decode this difference through the SAE decoder to obtain a direction in residual stream space:
Ah = Wyec[Af - e3s18].

4. Run the paraphrase forward pass, but at layer 17, add Ah to the residual stream before continuing.

5. Compare the patched output with the original output. If the patched paraphrase now matches the
original answer, the flip is “recovered.”
Control features are selected by matching Feature 3818’s mean activation magnitude on the same

dataset. For each control feature, the same patching protocol is applied. The recovery rate for controls

provides a baseline against which Feature 3818’s causal role can be assessed.

A.14 Per-Corruption AUGRC Values

Table A.19 reports AUGRC values for Targeted LoRA on PadChest across all corruption types and
severity levels. These values are plotted as degradation curves in the main text.

Table A.19: AUGRC values for Targeted LoRA (PadChest) by corruption type and severity. Lower is better;
clean baseline AUGRC = 0.014.

Corruption Sev.1l Sev.3 Sev.5
Gaussian noise 0.016 0.021 0.029
Gaussian blur 0.015 0.014 0.021
Contrast 0.016 0.026 0.040
Brightness 0.014 0.016 0.026
JPEG compression  0.014 0.013 0.019
Mean 0.015 0.018 0.027

Targeted LoRA AUGRC rises only modestly under corruption (0.014 clean — 0.027 at severity 5),
staying an order of magnitude below the base and Full LoRA models. Its ranking of uncertain predic-
tions is largely preserved even as the image degrades, so selective prediction remains effective under
shift.

For comparison, Base MedGemma-4B AUGRC on PadChest rises steadily with corruption: 0.047
(clean) — 0.049 (severity 1) — 0.059 (severity 3) — 0.088 (severity 5). Full LoORA AUGRC stays
high throughout, from 0.153 (clean) to 0.186 (severity 5), because image corruptions barely affect its
text-driven predictions.
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Appendix B

Extended Model Details and
Hyperparameters

B.1 MedGemma-4B Architecture

MedGemma-4B-IT is built on the Gemma 3 architecture with the following key specifications:
e Language backbone: Gemma 3 with 34 transformer layers, hidden dimension 2,560, 8 query
attention heads and 4 key-value heads (grouped query attention), head dimension 256
e Vision encoder: MedSigLLIP with 27 vision transformer layers, patch size 14x14, producing 256
image tokens per input
e Total parameters: 4.0B (language) + 0.4B (vision) = 4.4B
e Context length: 128K-token input context (image tokens included); 8,192-token maximum output
length
e Training data: Medical image-text pairs from curated clinical datasets (PubMed, radiology re-
ports, pathology descriptions)
e Instruction tuning: The “I'T” suffix indicates instruction tuning on conversational medical QA
data
The vision-language integration uses a linear projection layer that maps MedSigLIP output em-
beddings to the Gemma 3 input embedding space. Image tokens are interleaved with text tokens in
the input sequence, with special delimiter tokens marking the image region. The model processes im-
age and text tokens jointly through all 34 transformer layers, with no separate vision-language fusion
module.

B.2 LLaVA-Rad Architecture

LLaVA-Rad is built on the LLaVA framework with radiology-specific adaptations:
e Language backbone: Vicuna-7B (LLaMA-based, 32 transformer layers)
Vision encoder: BiomedCLIP (PubMedBERT + ViT-B/16, trained on PMC-15M)
Total parameters: ~7B
Projection: Two-layer MLP projecting vision features to language embedding space

Training: Two-stage: (1) feature alignment on radiology image-text pairs, (2) instruction fine-
tuning on radiology QA

The architectural differences from MedGemma are significant for interpreting the robustness-
grounding trade-off. LLaVA-Rad’s BiomedCLIP vision encoder was pretrained on biomedical image-
text pairs (PMC-15M), while MedGemma’s MedSigLLIP was trained on a mixture of medical image-text
pairs and natural-image data, so both encoders carry medical-domain pretraining and differ in curation
and scale rather than in medical exposure alone. However, the diagnostic results in Chapter 4 show
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that LLaVA-Rad achieves its consistency through text priors rather than visual grounding, suggesting
that the vision encoder quality is less important than how the model integrates visual and textual
information.

B.3 LoRA Hyperparameter Selection
The Targeted LoRA configuration was selected through a systematic hyperparameter search:

Table B.1: LoRA hyperparameter search space and selected values. The search covered rank, alpha, dropout,
and learning rate. The selected configuration balances flip rate reduction against accuracy preservation.

Parameter Search Range Selected Rationale

Rank (r) {4, 8, 16, 32} 16 Best flip-accuracy trade-off
Alpha («) {16, 32, 64} 32 a/r = 2 standard ratio
Dropout {0.0, 0.05, 0.1} 0.05 Minimal regularization needed
Learning rate  {le-4, 2e-4, be-4} 2e-4 Fastest convergence

Weight decay  {0.0, 0.01, 0.1} 0.01 Standard AdamW setting
Warmup steps {0, 50, 100} 100 Smooth training start

Batch size {4, 8, 16} 8 Memory-efficient on A100
Epochs {1, 3, 5, 10} 3 Convergence by epoch 2

Rank 16 was chosen because rank 4 and rank 8 produced higher flip rates on the original-pipeline
question-disjoint MIMIC validation split (6.1% and 5.2% vs. 4.4% at rank 16; this split is superseded
for headline claims by the patient-disjoint evaluation of Section 5.7), while rank 32 did not improve
over rank 16 (4.5%) despite doubling the parameter count. In LoRA, « scales the low-rank update by
a/r [113]; we set a/r = 2, a common default in parameter-efficient fine-tuning practice rather than
a convention established by the original paper. Higher a values (o = 64, a/r = 4) produced minor
accuracy degradation without further flip rate improvement.

B.4 Evaluation Metrics: Formal Definitions

For completeness, we provide formal definitions of all evaluation metrics used throughout the disser-
tation.
Question-level flip rate. For a model M, question ¢, and paraphrase set P(q) = {p1,...,px}:

FlipRate(M 21 Bk : M(q,I)# M(pg, 1)) (B.1)

Tl

A question is counted as flipped if any paraphrase produces a different answer. This is a conservative
measure: it counts a question as unstable even if only one of several paraphrases causes a flip.
Pair-level flip rate. The fraction of individual question-paraphrase pairs that disagree:

PairFlipRate(M) = S P@] ’P Z Z I)# M(p,I)] (B.2)
qupeP

This is less sensitive to the number of paraphrases per question and provides a complementary view.
Margin difference. For a binary classifier with yes/no logits zyes and zn,, the margin is m =
Zyes — Zno- The margin difference between original and paraphrase is:

|Am| = |m(q,I) —m(p, )] (B.3)
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This captures the magnitude of instability even when the binary answer does not change (e.g., the
margin shifts from +5 to +0.1, staying positive but becoming highly uncertain).
Expected Calibration Error (ECE). Given B equal-width bins by predicted confidence:

B

Z |acc (By) — conf(By)] (B.4)
b=

where acc(By) is the empirical accuracy of predictions in bin b and conf(By) is the mean predicted
confidence. We use B = 10 bins throughout, following standard practice [122].
Brier score. For binary predictions with predicted probability p and true label y € {0,1}:

N

: 1 R 9
Brier = N Z(pl — i) (B.5)

=1

Bounded [0, 1], lower is better. Decomposes into calibration and refinement terms.

AUGRC. The Area Under the Generalized Risk-Coverage curve [120] integrates the generalized
risk (the joint probability of accepting and erring) rather than the selective risk, bounded [0, 0.5], lower
is better. For a selective risk r(c) at coverage ¢, the generalized risk is ¢ - r(c) and:

AUGRC = /0 1 cr(c)de. (B.6)

Under random ordering r(c) =~ err, so AUGRC =~ err/2; a well-ranked uncertainty signal pushes it
below this baseline. Weighting the risk by coverage makes AUGRC less dominated by the low-coverage
tail than AURC.
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Appendix C

Reproducibility Information

C.1 Software Environment

The repository requires Python 3.12 or later. Exact package versions are stored with individual re-
sult artifacts because the experiments were run across more than one environment. The committed
uncertainty-quantification artifact records the following stack:
e Python: 3.13.11
PyTorch: 2.6.0 with CUDA 124
Transformers: 4.57.3 (Hugging Face)
PEFT: 0.18.1 (Hugging Face, for LoRA)
SAE library: Custom implementation based on Gemma Scope weights
Evaluation: scikit-learn 1.8.0, scipy 1.17.0

C.2 Hardware

Training: Single NVIDIA A100 80GB GPU, 64GB system RAM

Inference: NVIDIA A100 80GB or NVIDIA A6000 48GB

Multi-GPU: 8x A100 for the corruption sweep (distributed across GPUs)

SAE extraction: Single A100, approximately 4GB GPU memory for SAE inference

C.3 Random Seeds and Reproducibility

All experiments use fixed random seeds for reproducibility. The primary seed is 42 for the deployed-
model main results. The replication study (Chapter 5) uses seeds 42, 123, 456, 789, and 2024 to
characterize variance. The probe question index uses sampling seed 0. Its all-phrasing regime compari-

son uses eight seeds per regime, while the unseen-phrasing comparison uses six. PyTorch, NumPy, and
Python random number generators are all seeded, and CUDA deterministic mode is enabled (though
this may produce small numerical differences across GPU architectures).

Model weights are loaded from Hugging Face model hub checkpoints with specific commit hashes
recorded in the experiment configurations. The trained LoRA adapters are saved as PEFT checkpoints
and can be loaded with PeftModel.from_pretrained() for exact reproduction.

C.4 Clinical Consultation Materials

This section reproduces the question set prepared for the clinical deployment-readiness consultation
with the clinician coauthors described in Section 6.5. That consultation is designed but has not been
conducted, so everything in this section is a protocol rather than a record: no responses were collected,
and nothing here reports a result. It is distinct from the clinician adjudication of paraphrase equivalence
(Section 3.2.6), which was carried out and is reported there.
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C.4.1 Consultation Format

Objective. To establish what evidence, safeguards, and interface behavior clinicians require before
trusting a medical VLM for chest X-ray question answering in a clinical workflow.

Participants. The clinical coauthors of this work: a board-certified radiologist with chest-imaging
experience and a practicing anesthesiologist.

Format. A structured consultation would be organized around the question set below and the four
deployment scenarios derived from the dissertation’s results: (1) paraphrase flip case, (2) consistent
but Dangerous case, (3) uncertainty triage case, (4) deployment gate case.

Intended output. By design, the consultation would produce a ranked list of clinically meaningful
failure modes, safeguard preferences, deployment-scope boundaries, and a mapping from technical
safety signals to clinician-facing requirements. These are the protocol’s intended outputs, not findings.

C.4.2 Consultation Question Set

Framing. The consultation centers on how clinicians think about safe deployment of Al systems that
answer questions about chest X-rays, covering workflow, trust, and deployment requirements. It does
not involve decisions about real patients.

Section 1: Background and Workflow

What is your current role and specialty?
How often do chest X-rays affect your clinical decisions?
Walk me through how chest imaging information usually enters your workflow.

e

Have you used any Al-assisted tools in clinical work before? If yes, what kind?
Probes: Do you review images directly, the report, or both? When do you seek radiology confirma-
tion? Where do time pressure and uncertainty show up?

Section 2: Baseline Trust Requirements

5. If an AI system could answer questions about chest X-rays, what would it need to demonstrate
before you would consider using it?
6. What kinds of failure would make you reject such a system immediately?
7. What kinds of mistakes are tolerable versus intolerable?
Probes: inconsistency across equivalent questions, confident wrong answers, answers that ignore the
image, misleading explanations, hidden uncertainty.

Section 3: Stimulus A: Paraphrase Flip

Present a mock case where the system gives different answers to two equivalent clinician questions about
the same image.
8. What is your reaction to this behavior?
9. How serious is this failure relative to ordinary model inaccuracy?
10. Would this change how much you trust the tool overall?
Probes: Is this a deployment blocker? Would it matter less if the final recommendation were correct
most of the time?

Section 4: Stimulus B: Consistent but Dangerous

Present a mock case where the model is consistent but behaves the same when the image is removed or

swapped.

11. Which seems worse to you: inconsistency across phrasings, or consistency that appears detached
from the image?

12. Would a low flip rate reassure you here, or not?
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13. If the model is often correct but may be using text shortcuts, how would that affect acceptable
use?
Probes: screening versus decision support, low-risk versus high-risk settings, whether correctness
without grounding is acceptable.

Section 5: Stimulus C: Uncertainty / Entropy Triage

Present a mock interface where the model provides an answer plus a high-uncertainty flag that recom-
mends human review.
14. Would this uncertainty signal be useful in practice?
15. What would you want the system to do when uncertainty is high?
16. Would you prefer the system to abstain, warn, or still answer with a disclaimer?
Probes: acceptable false alarms, acceptable misses, how much extra review burden is acceptable.

Section 6: Stimulus D: Deployment Gate

Present a mock gate that only displays an answer when paraphrase agreement and at least one image-
reliance test pass.
17. Does this kind of gate make the system more trustworthy, less trustworthy, or just more opaque?
18. Would a fail-closed policy be acceptable if it means the tool only answers a minority of cases?
19. What coverage would feel too low to be useful?

Probes: usefulness in triage, usefulness in overnight or resource-limited settings, whether the ab-
stained cases are exactly the ones clinicians most want help with.

Section 7: Explanation and Interface Design

20. What sort of explanation, if any, would be useful with this type of tool?
21. Are attention heatmaps helpful, misleading, or mostly irrelevant for your decision to trust the tool?
22. What would be the minimal interface you would actually want to see?

Probes: plain-language rationale, uncertainty band, escalation recommendation, provenance or audit
trail, why a case was blocked by the gate.

Section 8: Governance and Deployment Boundaries

23. In what clinical settings, if any, would you allow this system to be used?
24. Who should be accountable for setting thresholds for uncertainty, gating, or abstention?
25. What monitoring would you want after deployment?
Probes: local calibration, specialty-specific thresholds, mandatory chart review, audit logs, incident
reporting.

Section 9: Closing

26. If you could change one thing about this system before deployment, what would it be?
27. Which of these safeguards matters most: consistency testing, image-grounding checks, uncertainty
flags, or fail-closed gating?
28. Is there anything important we did not ask that would affect whether clinicians should trust a
system like this?
Quick ranking prompt (if time permits): Please rank from most to least important for safe deploy-
ment: (a) consistent answers across equivalent questions, (b) evidence that the answer depends on the
image, (c) uncertainty flagging, (d) explanation display, (e) automatic abstention or gating.

C.5 Data Availability

e NIH ChestX-rayl4: Available through the openly released NIH Clinical Center chest radiograph
set
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MIMIC-CXR: Available through PhysioNet with credentialed access (CITI training and a signed
data use agreement); redistribution is not permitted

PadChest and PadChest-GR: Available from BIMCV under the PadChest Dataset Research
Use Agreement (registration required, research use only); redistribution is not permitted without
prior written permission

VinDr-CXR: Available through PhysioNet with credentialed access, on the same terms as MIMIC-
CXR

PSF-Med benchmark: Released at HuggingFace (saillab/psf-med)

Paraphrases: Generated paraphrases and filtering metadata included in the PSF-Med release
LoRA checkpoints: Available upon request for reproducibility

Evaluation code: Released as part of the PSF-Med benchmark repository
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