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Abstract. Medical Vision-Language Models (VLMs) answering binary
presence questions on chest radiographs can fail in two linked ways: they
are confidently wrong, and they change answers when a clinically equiv-
alent question is rephrased. In a binary answer head both failures track
the same logit margin, so we test how well one score screens for both.
On MedGemma-4B-IT across MIMIC-CXR (in-distribution, n=196) and
PadChest (out-of-distribution, n==861), single-pass predictive entropy
predicts which yes/no answers flip under rephrasing with an area under
the receiver operating characteristic curve (AUROC) of 0.823 on PadCh-
est and 0.821 on MIMIC, and the signal is stable across five random seeds
(0.828+0.021). The same signal replicates on LLaVA-RAD-7B (AUROC
0.83) and is invariant to the flip definition (all, operator-preserving, or
negation-excluded rewrites), so the screen needs no semantic filter at
inference. One low-entropy threshold drives error and flip rate down to-
gether (3.3% and 5.7% at 80% coverage), and threshold selection trans-
fers to a held-out split. Under cross-site shift the more expensive methods
we test add nothing practical: at the 5% risk target a single forward pass
answers 88.5% of cases, matching Monte Carlo (MC) Dropout, and beats
the uniformly averaged five-seed adapter ensemble on error detection by
0.111 AUROC. Even a model that is 91% accurate still contradicts itself
on 13% of items under rephrasing, and one forward pass flags them.

Keywords: Uncertainty quantification - Calibration - Paraphrase sen-
sitivity - Selective prediction - Medical VLM safety.

1 Introduction

A radiologist asks a Vision-Language Model (VLM) whether a chest X-ray shows
pleural effusion. The model answers “Yes” with 94% softmax confidence, and the
answer is wrong. Its confidence gives no warning. Ask the same question in
slightly different words and the answer can flip to “No.” In medical AI, miscali-
brated confidence carries a direct patient-safety cost: when clinicians cannot tell
reliable predictions from confident errors, they lose the cue to seek a second opin-
ion or escalate an ambiguous case [10,7]. Safe clinical use of medical VLMs [15]
therefore depends on a property most evaluations skip: well-calibrated uncer-
tainty.
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Three problems make uncertainty quantification (UQ) urgent here. Softmax
probabilities from modern networks are overconfident [6], and fine-tuning can
worsen the overconfidence. Clinical deployment brings distribution shift through
new scanners, demographics, and acquisition quality, and calibration that looks
fine in-distribution can break under mild shift [16]. Medical VLMs also have a
separate fragility: they give contradictory answers when a question is reworded
with no change in meaning [19]. Prior work treats miscalibration and paraphrase
sensitivity as independent. For a binary answer both are read off the same logit
margin, so whether one score screens for both is an empirical question.

Existing medical-VQA benchmarks report accuracy and F1 but not whether
confidence tracks correctness [13,14], and recent robustness studies show VLMs
degrade under imaging artifacts without measuring whether their uncertainty
stays reliable [9]. Meanwhile UQ has mature tools: temperature scaling [6], Monte
Carlo (MC) Dropout [5], deep ensembles [12], and conformal prediction [1].
Low-Rank Adaptation (LoRA) ensembles have been proposed as a parameter-
efficient route to calibrated uncertainty [23,22], but they are typically validated
in-distribution, and Bayesian deep learning can fail on subtle near-distribution
shifts [20]. LoRA ensemble behavior under the cross-site shift that defines real
deployment is untested.

We benchmark four uncertainty quantification methods for binary presence
VQA on chest radiographs with MedGemma-4B-IT [15] across MIMIC-CXR (in-
distribution) and PadChest (out-of-distribution), with cross-architecture repli-
cation on LLaVA-RAD-7B [3]. In a binary decision predictive entropy is a mono-
tone transform of the absolute logit margin, so a coupling between instability
and small margins is expected; our contribution is not that mechanism but a
measurement of how strong, stable, and deployable the resulting screen is. Our
contributions:

1. The link, quantified. Single-pass predictive entropy predicts which an-
swers flip under rephrasing at AUROC (area under the receiver operating
characteristic curve) 0.823 on PadChest and 0.821 on MIMIC, stable across
five adapters. One entropy threshold flags both unreliable and rephrase-
sensitive answers.

2. Invariance to the flip definition. The link is nearly unchanged on all,
operator-preserving, or negation-excluded rewrites, so the screen needs no
operator classifier or semantic filter at inference.

3. Cross-architecture replication. The link holds on LLaVA-RAD-7B (AU-
ROC 0.83 fine-tuned): the margin—entropy relation holds for any binary an-
swer head, and the measured strength of the screen transfers with it.

4. One pass suffices under shift. Out-of-distribution, MC Dropout on the
adapter and a uniformly averaged five-seed ensemble give no practical gain
over one forward pass: one pass matches MC Dropout on coverage at the
5% risk target and beats the ensemble for error detection (+0.111 AUROC).
In-distribution the ensemble leads (Table 1); selected, weighted, or jointly
calibrated ensembles are untested.
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Even an accurate model (91%, flip rate cut from 74% to 13% by targeted fine-
tuning) still contradicts itself on a residual 13% of items, and a single forward
pass of entropy catches them.

2 Background and Methods

VLM as a binary classifier. MedGemma-4B-IT [15] pairs a SigLIP encoder (256
image tokens) with a 34-layer Gemma 3 backbone. Given a radiograph x and
a binary question ¢, we read the first-token logits and keep the “Yes” and “No”
entries, z; and z_. The positive-class probability is p = o(z4 — 2_), reducing
the generative model to a binary classifier for calibration analysis. This Yes/No
reduction is standard for binary presence VQA and matches the PSF-Med para-
phrase benchmark [19]; free-text generation is out of scope here. Predictive en-
tropy is H[p] = —plog p— (1—p) log(1 —p); in this binary setting it is a monotone
function of the absolute margin |z, — z_|, so the two rank items identically.
We report entropy because it is a probability-scale quantity comparable across
models and extends to the multiclass and free-text settings where the margin
equivalence breaks. With S stochastic passes (MC Dropout or an ensemble),
total entropy decomposes into an aleatoric part (mean member entropy) and an
epistemic part, the mutual information I(Y’; 6 | x) [4,21].

UQ methods. We evaluate SOFTMAX entropy from one forward pass; TEMP-
SCALE, a scalar T fit by negative log-likelihood (NLL) on a 15% calibration
split [6]; MC-Drop, K=10 stochastic passes with the LoRA adapter dropout
(Parop=0.05) left active [5]; and a five-seed ENSEMBLE of independently trained
LoRA adapters [12]. We add MARGIN, the absolute logit gap |24 — z_|, as a
ranking ablation of SOFTMAX: it shares p by construction, so their calibration
metrics coincide and they can differ only in selective-prediction ranking. This
gives five scoring variants derived from four uncertainty methods.

The uncertainty—paraphrase link. For each item we collect predictions under
its paraphrases from the PSF-Med bank [19]; a flip occurs if any paraphrase
changes the binary answer. The expected relation is simple. When the margin is
large, rephrasing perturbs the representation but not enough to cross the bound-
ary; when the margin is near zero, a small perturbation flips the answer, and
high entropy marks exactly that near-boundary regime (Fig. 1). We test this
link two ways: a Mann-Whitney U comparison of entropy between flipped and
stable items, and the AUROC of each uncertainty score as a flip predictor. Flip-
prediction AUROC is a ranking statistic and must be read with accuracy and flip
prevalence: a near-constant classifier flips rarely, yet ranks those few flips well
while being clinically useless. Not every PSF-Med rewrite is answer-preserving.
A rewrite that changes the clinical operator, for example “Is X present?” becom-
ing “Can you rule out X?”, should change a yes/no answer, so we also report
an auditable operator-preserving subset using the bank’s rule-based per-rewrite
annotations, and an ez-negation subset that further removes polarity-inverting
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Fig. 1. Why one score screens both failures (schematic). A binary question sits at a
signed margin z* —2~ from the decision boundary; far from it the answer stays stable
under rephrasing, while near it the margin is small, predictive entropy H[p] peaks,
and a reworded question is most likely to flip. On PadChest, flip-prone Targeted LoRA
items carry about 0.17 nats more entropy than stable ones (Mann-Whitney p < 10727),
and entropy predicts flips at AUROC 0.823.

rewrites. Each rewrite’s operator type is fixed metadata, assigned before any
model scoring and never read from the model’s outputs, uncertainty, or correct-
ness, so these subsets test the link under a stricter definition of answer-preserving
paraphrase.

Setup. The primary model is a Targeted LoRA (rank 16, «=32, dropout 0.05)
on layers 15-19 of MedGemma, trained 3 epochs on n=2,000 binary MIMIC-
CXR samples with a consistency-accuracy loss [18]; it cuts the PadChest flip
rate from 74% to 13% while lifting accuracy, and supplies the five ensemble
seeds. A Full LoRA (all 34 layers) and the base checkpoint are included for
contrast. We replicate the full pipeline on LLaVA-RAD-7B [3] (Vicuna-7B +
CLIP-ViT-L/14, 32 layers) with proportionally matched layers 14-18. Evaluation
uses MIMIC-CXR binary presence questions (n=196, in-distribution) and the
PadChest flip bank (n=861, out-of-distribution, ~5 paraphrases each) [8,2]; the
evaluation questions are disjoint from training. PadChest PNGs are 16-bit, so
we percentile-window them (0.5-99.5) before the 8-bit conversion the encoder
expects. We report Expected Calibration Error (ECE, 15 confidence bins), Brier,
NLL, area under the risk-coverage curve (AURC), flip-prediction AUROC, and
Mann-Whitney p-values, all with 95% bootstrap confidence intervals (B=2,000).
Inference runs on NVIDIA A100-80GB GPUs.

3 Results

3.1 Calibration

The models are competent on out-of-distribution PadChest: the base model
reaches 78.7% accuracy and Targeted LoRA 91.4% (Table 1). Calibration ranks
them the same way. Base ECE is 15.9%, Full LoRA is worst at 26.9% (here
adapting all 34 layers hurts out-of-distribution calibration), and Targeted LoRA
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Table 1. Calibration out-of-distribution on PadChest and in-distribution on MIMIC-
CXR (questions disjoint from training, images overlapping). Lower is better except
accuracy. MARGIN shares p with SOFTMAX exactly and coincides on every metric;
MC-Drop averages K =10 stochastic passes and ranks items slightly differently. TEMP-
SCALE is scored on the items outside its calibration split. Bold marks the best value
per column within each panel. Out-of-distribution a scalar temperature gives the low-
est ECE and the ensemble does not improve on one pass; in-distribution the order-
ing reverses. AURC is ambiguous in its third decimal where confidences tie (+0.002).
Bootstrap 95% ClIs for ECE (2,000 resamples): Targeted SoFTMAX [0.101, 0.129] out-
of-distribution, [0.09, 0.16] in-distribution.

Method Acc 4 ECE | Brier | NLL | AURC |
PadChest, out-of-distribution (n=861; 732 for TEMPSCALE)

Base SOFTMAX 0.787 0.159 0.174 0.622 0.057
Full LoRA SorFT™MAX 0.662 0.269 0.290 1.153 0.362

Targeted LoRA SOFTMAX 0.914 0.111 0.075 0.278 0.019
Targeted LoRA TEMPSCALE 0.910 0.036 0.068 0.234 0.022
Targeted LoRA MC-Drop 0.916 0.109 0.075 0.278 0.019
Targeted LoRA ENsEMBLE 0.726 0.078 0.176 0.521 0.130
Targeted LoORA MARGIN 0.914 0.111 0.075 0.278 0.019

MIMIC-CXR, in-distribution (n=196; 167 for TEMPSCALE)

Base SOFTMAX 0.847 0.145 0.144 0.824 0.113
Full LoRA SorFT™MAX 0.842 0.129 0.139 0.539 0.065
Targeted LoRA SorTmMax  0.806 0.109 0.127 0.399 0.060
Targeted LoRA TEmMPScALE 0.820 0.096 0.120 0.385 0.055
Targeted LoRA MC-Drop 0.806 0.112 0.127 0.400 0.060
Targeted LoRA ENSEMBLE 0.857 0.092 0.091 0.304 0.030
Targeted LoORA MARGIN 0.806 0.109 0.127 0.399 0.060

reaches 11.1% with a low AURC (0.019). A scalar temperature is the cheap-
est improvement, dropping Targeted LoRA ECE to 3.6% at the cost of one
held-out fit. MC Dropout matches softmax (ECE 10.9%, AURC 0.019). The
five-seed ensemble reaches 72.6% accuracy and does not improve over a single
pass (AURC 0.13). MARGIN shares p with SOFTMAX and coincides on every
metric. In-distribution the ordering reverses (Table 1): the ensemble leads on
every metric (0.857 accuracy, AURC 0.030), still below its best single member
(87.2%; supplement), so its failure is specific to cross-site shift rather than to
ensembling. Targeted LoRA likewise trades in-distribution accuracy (0.806 vs.
0.847) for out-of-distribution accuracy (0.914 vs. 0.787).

Per-member diagnostics (supplement) show the seeds vary out-of-distribution
(52-92% accuracy) while per-seed in-distribution accuracy spans 77.6-87.2%;
probability averaging does not recover the best adapter. Seed-only LoRA en-
sembles, averaged without member selection or weighting, thus give no benefit
under this cross-site shift.
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Table 2. Flip-definition invariance on PadChest (Targeted LoRA, n=861 items).
Rewrites is the count of operator-matching paraphrases retained; Flip+ is the number
of items with at least one flip in the subset (prevalence in parentheses); items with
no matching rewrite count as stable. AUROC has 95% bootstrap confidence intervals
(2,000 resamples). The three intervals overlap, so restricting the flip definition does not
change the screen.

Subset Rewrites Flip+ items AUROC [95% CI]
All paraphrases 4,251 114 (13.2%) 0.823 [0.778, 0.864]
Operator-preserving 3,501 107 (12.4%) 0.827 [0.784, 0.868]

Operator-preserving, ex-negation 3,394 104 (12.1%) 0.826 [0.780, 0.870]

3.2 The Uncertainty—Paraphrase Link

On PadChest the base model flips on 74% of predictions; Targeted LoRA cuts
this to 13% (114/861). The base model still reaches 78.7% accuracy, so accuracy
and rephrasing stability are distinct axes: a fragile decision boundary flips under
wording even when the answer is often right. Flip-prone items carry significantly
higher entropy: the flip-versus-stable entropy gap is 0.17 nats (Mann-Whitney
p < 10727), and single-pass entropy predicts flips at AUROC 0.823. The sig-
nal holds in-distribution as well (0.821 on MIMIC) and is stable across the five
independently-trained adapters (0.828 + 0.021; per-seed values in the supple-
ment).

The link is invariant to how a flip is defined (Table 2). Counting only operator-
preserving rewrites gives AUROC 0.827, and further removing polarity-inverting
rewrites gives 0.826; both sit inside the confidence interval of the all-paraphrase
value (0.823). Rewrites that change the clinical operator or invert polarity ac-
count for only ten of the 114 flips, so they barely affect the flip count for this
model. The screen therefore needs no operator classifier or semantic filter at
inference.

One entropy threshold lowers error and flip rates together as coverage tight-
ens: at 80% coverage the error rate falls from 8.6% to 3.3% and the flip rate
from 12.1% to 5.7%. Tighter settings push both below 2.5% but abstain on most
cases, so we treat them as the limit of the trade-off rather than as operating
points (full sweep in the supplement). Threshold selection transfers to held-out
data: choosing the threshold on a random half of PadChest and applying it to the
held-out half gives error 0.6% [0.0, 1.4] and flip 1.6% [0.0, 3.3] at 21% coverage
(1,000 random splits).

3.3 Selective Prediction and Entropy Decomposition

At the 5% risk target, the single-pass methods answer most of PadChest: SOFT-
MAX reaches 88.5% coverage, MC-DROP 88.4%, and TEMPSCALE 86.7%, while
the ensemble reaches only 23.8% (Fig. 2). The three single-pass curves overlap
(AURC 0.019-0.022); the ensemble is far worse (AURC 0.13). Averaging K=10
adapter-dropout passes adds nothing.
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Fig. 2. Risk-coverage curves on PadChest (Targeted LoRA). The three single-pass
methods overlap and reach the 5% risk target (dotted line) at about 88% coverage; the
deep ensemble lags far behind (AURC 0.13).

The extra passes also buy no error detection. Single-pass SOFTMAX en-
tropy gives error-detection AUROC 0.862, statistically tied with MC-DropP
(0.856; paired difference +0.006 [—0.002, 0.017]) and ahead of the ENSEMBLE
(0.751; +0.111 [0.065, 0.154]). The decomposition explains why: adapter-only
MC Dropout yields negligible mutual information (0.0001 nats), because dropout
at parop=0.05 perturbs too little of the 4.38M-parameter adapter to vary the out-
put, so its predictions barely differ from a single pass. The ensemble produces
meaningful mutual information (0.057 nats) but still loses on error detection.
A scalar temperature is the only add-on that helps, tightening calibration (Ta-
ble 1) without changing the ranking. For the configurations tested, the takeaway
is to use the cheapest signal: one forward pass of softmax entropy, optionally
temperature-scaled.

3.4 Cross-Architecture Replication

The link holds on a different architecture. On PadChest, LLaVA-RAD LoRA
predicts flips at AUROC 0.83 [0.799, 0.861] on its 732-item evaluation split (the
pipeline holds out a random 15% of the bank for temperature calibration; the 129
held-out items are excluded from scoring, not filtered on difficulty), consistent
with MedGemma’s 0.823 on the full 861-item bank, and is equally invariant to
the flip definition (0.833 operator-preserving, 0.83 ex-negation). In-distribution
on MIMIC (167 items, after the same holdout) it reaches 0.905. The base LLaVA-
RAD model over-predicts “yes” on PadChest (89.6% positive), which inflates its
flip-prediction AUROC (0.95): a near-constant classifier rarely flips, and the few
items it does flip are its least confident, so entropy separates them easily even
though the classifier is clinically unhelpful. We therefore read the fine-tuned
model as the cross-architecture check. The signal is consistent across two model
families and two chest-radiograph datasets, and across five MedGemma seeds.
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4 Discussion and Conclusion

One margin, two failures. Predictive entropy links error and paraphrase insta-
bility because in a binary answer head both are functions of the logit margin:
near-boundary answers are the ones a rewrite can move. That relation is an-
alytic; its measured strength is not, and here it is strong and stable: AUROC
0.82-0.83 across two chest-radiograph datasets, two architectures, and five seeds,
and invariant to how a flip is defined. A system that already estimates uncer-
tainty gets paraphrase screening for free from one threshold, with no operator
or semantic filter at inference.

Deployment. One forward pass of softmax entropy covers calibration, error de-
tection, and paraphrase screening. Because the fine-tuned model is accurate, the
screen is not costly: at a 5% risk budget it still answers 88% of cases. Abstained
cases need a defined escalation path — the standard unassisted read, or a second
reader — so the screen adds triage without withdrawing care. A scalar tempera-
ture, fit once on held-out data, is a near-free calibration add-on; under cross-site
shift the multi-pass methods we test (adapter dropout at pgrop=0.05, seed-only
ensembling) give no further gain. Entropy thresholds should be recalibrated on
each deployment site’s validation set.

Limitations. We study binary presence VQA on chest radiographs, two datasets,
and a single cross-site transition (MIMIC—PadChest); other modalities, site
pairs, and free-text generation, which would need semantic entropy [11], are
untested. We do not claim flip probability is monotone in entropy. The in-
distribution evaluation (n=196) is question-disjoint from training but shares
images with it, as the MIMIC-CXR splits are built per question; this can lift in-
distribution accuracy more than the entropy-flip link, whose paraphrases are un-
seen, and PadChest carries the primary out-of-distribution evidence. Our multi-
pass baselines are deliberately plain: MC Dropout perturbs only the 4.38M-
parameter adapter at dropout 0.05, and the ensemble averages five seed-only
adapters uniformly, so the single-pass verdict covers these configurations under
this shift, not ensembling in general. Paraphrase equivalence rests on the bank’s
rule-based operator annotations and its blinded clinician audit of a stratified
sample [17]; only 28 of our 861 items carry an individually reviewed rewrite, so
the audit validates how the bank was built rather than every rewrite we score. In-
dependently written (non-LLM) paraphrases, member selection, weighting, joint
calibration, weight-space methods (Laplace, SWAG, DDU), a second cross-site
transition, and entailment-based semantic entropy remain future work.

Conclusion. Single-pass predictive entropy is a strong, stable, and cheap joint
screen for unreliable and rephrase-sensitive answers in binary presence VQA on
chest radiographs, on the two model families we test. It holds across our datasets,
architectures, and seeds, needs no semantic filter, and under cross-site shift is
not improved by the multi-pass variants we test.
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Code and data availability. Code and analysis-ready results are available
at https://github.com/thedatasense/predictive _entropy unsure (MIMIC-CXR,
needs credentialed PhysioNet access; PadChest is public).

Use of Large Language Models. The paraphrase bank we evaluate on, from the
PSF-Med benchmark [19], was generated and filtered by an LLM (gpt-5-mini);
these paraphrases are a component of the benchmark under study, not a writ-
ing aid. Large language models also assisted with figure formatting and LaTeX
layout. The authors designed the study, ran all experiments, and analyzed and
validated all results.

Acknowledgments. Work conducted at the Secure and Assured Intelligent Learning
(SAIL) Lab, University of New Haven. No specific external funding was received.

Disclosure of Interests. B. Sadanandan is a research engineer at Medtronic Medical
Surgical, CT, USA; this employment is unrelated to the present work. The authors cite
related primary studies of their own [19,17,18], published or under review elsewhere.
No other competing interests are declared.

References

1. Angelopoulos, A.N., Bates, S.: A gentle introduction to conformal prediction and
distribution-free uncertainty quantification. arXiv:2107.07511 (2021)

2. Bustos, A., Pertusa, A., Salinas, J.-M., de la Iglesia-Vaya, M.: PadChest: a large
chest X-ray image dataset with multi-label annotated reports. Med. Image Anal.
66, 101797 (2020)

3. Zambrano Chaves, J.M., et al.: Towards a clinically accessible radiology foundation
model: open-access and lightweight, with automated evaluation. arXiv:2403.08002
(2024)

4. Depeweg, S., Hernadndez-Lobato, J.M., Doshi-Velez, F., Udluft, S.: Decomposition
of uncertainty in Bayesian deep learning for efficient and risk-sensitive learning.
In: ICML, pp. 1184-1193 (2018)

5. Gal, Y., Ghahramani, Z.: Dropout as a Bayesian approximation: representing
model uncertainty in deep learning. In: ICML, pp. 1050-1059 (2016)

6. Guo, C., Pleiss, G., Sun, Y., Weinberger, K.Q.: On calibration of modern neural
networks. In: ICML, pp. 1321-1330 (2017)

7. Jiang, X., Osl, M., Kim, J., Ohno-Machado, L.: Calibrating predictive model esti-
mates to support personalized medicine. J. Am. Med. Inform. Assoc. 19(2), 263—
274 (2012)

8. Johnson, A.E.W., et al.: MIMIC-CXR, a de-identified publicly available database
of chest radiographs with free-text reports. Sci. Data 6, 317 (2019)

9. Kahl, K.-C., et al.: SURE-VQA: systematic understanding of robustness evaluation
in medical VQA tasks. arXiv:2411.19688 (2024)

10. Kompa, B., Snoek, J., Beam, A.L.: Second opinion needed: communicating uncer-
tainty in medical machine learning. npj Digit. Med. 4(1), 4 (2021)

11. Kuhn, L., Gal, Y., Farquhar, S.: Semantic uncertainty: linguistic invariances for
uncertainty estimation in natural language generation. In: ICLR (2023)


https://github.com/thedatasense/predictive_entropy_unsure

10

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

B. Sadanandan and V. Behzadan

Lakshminarayanan, B., Pritzel, A., Blundell, C.: Simple and scalable predictive
uncertainty estimation using deep ensembles. In: NeurIPS, vol. 30 (2017)

Lau, J.J., Gayen, S., Ben Abacha, A., Demner-Fushman, D.: A dataset of clinically
generated visual questions and answers about radiology images. Sci. Data 5, 180251
(2018)

Liu, B., Zhan, L.-M., Xu, L., Ma, L., Yang, Y., Wu, X.-M.: SLAKE: a semantically-
labeled knowledge-enhanced dataset for medical VQA. In: ISBI, pp. 1650-1654
(2021)

Sellergren, A., Kazemzadeh, S., Jaroensri, T., et al.: MedGemma technical report.
arXiv:2507.05201 (2025)

Ovadia, Y., et al.: Can you trust your model’s uncertainty? evaluating predictive
uncertainty under dataset shift. In: NeurIPS, vol. 32 (2019)

Sadanandan, B., Behzadan, V., Jayan, L., Gopinatha Kurup, A.: PSF-Med: a
clinician-audited benchmark for paraphrase sensitivity in medical vision-language
models. In: MMFM-BIOMED Workshop, CVPR (2026)

Sadanandan, B., Behzadan, V.: Mechanistically guided LoRA improves paraphrase
consistency in medical vision-language models. In: Proceedings of Machine Learn-
ing Research (CHIL 2026), vol. 333, pp. 703-720 (2026)

Sadanandan, B., Behzadan, V.: PSF-Med: measuring and explaining paraphrase
sensitivity in medical vision language models. arXiv:2602.21428 (2026)
Seligmann, F., Becker, P., Volpp, M., Neumann, G.: Beyond deep ensembles:
a large-scale evaluation of Bayesian deep learning under distribution shift.
arXiv:2306.12306 (2023)

Smith, L., Gal, Y.: Understanding measures of uncertainty for adversarial example
detection. In: UAT (2018)

Miihlematter, D.J., Halbheer, M., Becker, A., Narnhofer, D., Aasen, H., Schindler,
K., Turkoglu, M.O.: LoRA-Ensemble: efficient uncertainty modelling for self-
attention networks. Trans. Mach. Learn. Res. (2026)

Wang, X., Aitchison, L., Rudolph, M.: LoRA ensembles for large language model
fine-tuning. arXiv:2310.00035 (2023)



	Predictive Entropy as a Joint Screen for Error and Paraphrase Instability in Medical Vision-Language Models

