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Abstract

Medical Vision-Language Models (VLMs) often flip
their yes/no answer when a clinical question is
rephrased. We introduce PSF-Med, a clinician-audited
benchmark of 26,850 chest X-ray questions and 92,856
core-equivalent paraphrases (pairs that should have
the same yes/no answer for every possible chest X-
ray) across MIMIC-CXR [6], PadChest [3], and VinDr-
CXR [7]. Three filters establish equivalence: a Bio-
ClinicalBERT [1] cosine pre-filter, a cross-family Large
Language Model (LLM) judge, and a 1,200-pair clin-
ician audit (stratified by dataset and by LLM-judge
bucket) labelled by a board-certified radiologist, a prac-
ticing clinician, and the lead author (a medical-device
researcher labelling from a pre-deployment evaluation
perspective; this role is disclosed because it is com-
plementary to, but not a substitute for, clinical re-
view). We lean on the panel-consensus sensitivity test
rather than any individual reviewer’s labels. On the
400-pair triple-reviewed overlap set, pairwise reviewer
agreement is 98.5% (Cohen’s κ=0.97) and consensus-
versus- LLM-judge agreement is 80.5% (κ=0.61). Re-
stricting evaluation to clinician-confirmed pairs shifts
per-model flip rates by at most 0.91pp and preserves
rankings, so the reported sensitivity is not an LLM-
filter artefact.

Across four medical VLMs, flip rates span 6.7% to
40.4%, and text-only baselines show that the lowest
flip rate often reflects weaker image use rather than
stability. As a closing case study, we test the popu-
lar “just turn on reasoning” fix on 2,000 binary para-
phrase pairs (matched N=1,960 across GPT-5-mini,
Claude Haiku 4.5, and Gemini 3 Flash Preview). Under
these model snapshots and settings, toggling reasoning
never significantly reduces the flip rate; it either does
nothing (GPT-5-mini, p=0.57) or significantly wors-
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ens it (Claude +5.46pp, p=1.4×10−5; Gemini +2.30pp,
p=0.025). Universal 78 to 87% per-pair churn confirms
that reasoning rearranges which pairs fail regardless of
the net direction.

1. Why benchmark validity is the failure mode
Medical VLMs now answer binary clinical questions in
deployment-adjacent settings, and they sometimes flip
their answer when the question is rephrased without
changing meaning. The same chest X-ray, the same
model, two semantically equivalent questions, two dif-
ferent answers. Aggregate accuracy hides this failure
mode.

Existing benchmarks measure adjacent properties
but not rephrasing stability. MIRAGE [2] shows that
a text-only model can top a chest X-ray Visual Ques-
tion Answering (VQA) benchmark without seeing any
images. CheXOne [10] reports high self-consistency
across stochastic decoding passes alongside 94.7% VQA
accuracy, while acknowledging that performance “re-
mains dependent on task framing and prompt design.”
Stochastic self-consistency over identical inputs is not
the same as stability under semantically equivalent in-
puts. PSF-Med fills that gap.

Contributions. We make three contributions: (1)
PSF-Med, a clinician-audited paraphrase-sensitivity
benchmark for medical VLMs across three datasets and
four target models; (2) a validity recipe for auditing se-
mantic equivalence at scale, combining a cross-family
LLM judge with a stratified clinician audit and a sensi-
tivity test on the human-confirmed subset; (3) an eval-
uation showing that paraphrase stability must be in-
terpreted jointly with image grounding, since the most
consistent models often use the image least.



Figure 1. The failure mode in one image. The same chest
X-ray, the same model (MedGemma-4B 1.5 IT), and a
meaning-preserving rephrasing of the question yield oppo-
site answers. PSF-Med scales this stress test up to 26,850
questions, 92,856 paraphrases, three datasets, and four
medical Vision-Language Models, with a clinician-audited
equivalence filter on top.

2. The three-stage validity recipe
Stage 1: BioClinicalBERT cosine pre-filter. We re-
tain pairs with cosine similarity above 0.90, a threshold
set on a 100-pair pilot with 94% annotator agreement
(clinical-NLP authors, not licensed radiologists). This
is a coarse filter, not the load-bearing claim.

Stage 2: LLM-judge equivalence audit. GPT-5-
mini adjudicates every pair against a 10-category
clinical equivalence rubric (polarity, uncertainty,
laterality, temporality, severity, anatomical scope,
broader/narrower, diagnostic intent, modality, other).
A pair is labelled core-equivalent only if the original
and candidate would have the same yes/no answer for
every possible chest X-ray, the bidirectional-entailment
standard. The audit covers 122,778 pairs (99.5% of the
total). Cross-family validation with Claude Haiku 4.5
on a stratified 500-pair subset agrees with GPT-5-mini
at 91.6% and is strictly more conservative (34 vs. 1
asymmetric disagreements), so the rubric is not GPT-
family specific.

Stage 3: Clinician-audited equivalence filter. Three
reviewers labelled 1,200 paraphrase pairs through a
self-hosted Label Studio [8] deployment, which keeps
MIMIC-CXR access credentialed under the Phys-
ioNet [5] data use agreement. We sample the 1,200
pairs stratified across the three datasets (MIMIC, Pad-
Chest, VinDr-CXR) and across LLM-judge buckets
(core-equivalent, uncertain, adversarial reframing) so
that the audit covers easy and hard cases in propor-
tion. The roles are complementary. The radiolo-
gist judges whether the phrasing preserves radiological
meaning. The practicing clinician judges whether a
clinician would treat the questions as asking the same
fact. The lead author is a medical-device researcher
and labelled from a pre-deployment evaluation perspec-
tive; this role is disclosed because it is complemen-
tary to, but not a substitute for, clinical review. We

rely on the panel 2-of-3 majority rather than any in-
dividual reviewer’s labels, and the load-bearing test is
whether per-model flip rates change when evaluation is
restricted to the panel-confirmed subset (§3); that test
does not depend on any single reviewer. We blind re-
viewers to the LLM judge and to each other. The 400
overlap pairs let us compute pairwise raw agreement
and Cohen’s κ.

The pipeline trades coverage for precision. Under
the strict rubric, the audit retains 72.0% of MIMIC,
73.7% of regenerated PadChest, and 78.5% of VinDr
pairs as core_equivalent. Negation pairs are rejected
at 93.3% and move to a separate adversarial reframing
slice. The numbers below are on the core slice only.

What the reviewers actually disagreed on. On the
400-pair overlap set, three-class agreement is unani-
mous on 391 of 400 pairs (97.75%). Disagreements
concentrate on the uncertain boundary label rather
than equivalent vs. not-equivalent. Across the full au-
dited set (n=667 each), the practicing clinician applies
uncertain more freely (100/667) than the radiologist
(54/667) or the lead author (52/667), which matches
the rubric expectation that a clinician treats border-
line operator changes as ambiguous unless the clinical
answer is unaffected. The headline agreement num-
ber folds uncertain into not_equivalent so that this
boundary-use variation does not drive the result.

3. Headline result and the sensitivity test
Flip rates across medical VLMs. Table 2 reports pair-
level flip rates on the core-equivalent slice for the
four medical VLMs that publish results on all three
datasets. Flip rates span 6.7% to 40.4%, a 6× gap.
MedGemma-4B has the best MIMIC accuracy and flip
rate. The larger MedGemma-27B does not improve on
the smaller variant on MIMIC or PadChest despite a
7× parameter count, so scale alone is not the lever.

The validity test that matters. This is the result that
anchors the benchmark’s validity argument. On the
600 LLM core-equivalent pairs reviewed by clinicians,
the consensus confirmed 83.7% (502/600) as equivalent.
We then recompute pair-level flip rates on (a) all LLM
core pairs and (b) only the human-confirmed equivalent
pairs, for every model. Figure 3 shows the comparison:
per model, LLM-core and human-confirmed-only flip
rates sit within 1pp of each other. The cross-model max
absolute change is 0.91pp (CheXOne) and the median
is 0.45pp. Rankings are preserved exactly. Restricting
to human-confirmed pairs leaves flip rates essentially
unchanged. The reported paraphrase sensitivity is not
an artefact of LLM-side semantic drift in the filter.



Table 1. Clinician-audit agreement on the 400-pair triple-
reviewed overlap set. Consensus is a 2-of-3 majority. Co-
hen’s κ adjusts raw agreement for the high base rate of
equivalent labels in the audit set.

Comparison Raw κ

Radiologist vs clinician 98.5% 0.9693
Radiologist vs author 98.5% 0.9693
Clinician vs author 98.5% 0.9693
Consensus vs LLM judge 80.5% 0.6085

Table 2. Pair-level flip rates (%) on the core-equivalent
slice. Lower flip rate indicates greater consistency. RadFM
PadChest accuracy is unavailable in the released metric set.

MIMIC PadChest VinDr

Model Acc Flip Acc Flip Acc Flip

MedGemma-4B 88.3 6.7 49.4 13.1 57.2 12.7
MedGemma-27B 76.7 10.6 45.6 17.8 57.6 12.4
CheXOne [10] 65.4 13.3 51.8 10.3 47.3 14.7
RadFM [9] 33.8 17.2 n/a 27.0 48.2 40.4

Stability does not imply grounding. A reviewer might
read a low flip rate as a positive signal. We chal-
lenge this with text-only and image-swap interven-
tions on three medical VLMs that have published out-
puts on MIMIC-CXR presence questions (N=2,499):
MedGemma-4B, MedGemma-27B, and CheXagent [4].
We use CheXagent here rather than CheXOne be-
cause the public CheXagent release exposes the text-
only and image-swap conditions; CheXOne does not.
MedGemma-27B has the lowest flip rate (9.4%) but
the highest text-only agreement (85.0%): its answers
stay the same with or without the image. MedGemma-
4B flips more (18.2%) but its answers depend more
on the specific image (text-only 66.4%, swap sensitiv-
ity 30.8%). CheXagent sits between the two on text-
only (71.2%) but flips most (28.1%). A model that
ignores the image can’t flip, but also can’t be deployed
safely. Reporting flip rate alone is a false sense of safety.
Figure 2 plots the trade-off directly: the safer-looking
model on flip rate is the model that uses the image less.

Per-pathology variation. Aggregate rates also hide
clinically important variation. On PadChest,
MedGemma-4B ranges from 24.4% flips on fibrotic
band to 79.1% on vertebral degenerative changes; ur-
gent findings also vary (cardiomegaly 72.1%, alveolar
pattern 52.0%). By pathology group, musculoskeletal
exceeds airway/mediastinal by 19pp (90.5% vs. 71.2%),
so per-finding slices are required.

4. Case study: does reasoning help?
We close with a falsifiable test against a frequently pro-
posed fix: “just turn on reasoning.” The audit anchors
validity but is small (345 binary clinician-confirmed
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Figure 2. Stability vs. grounding on MIMIC-CXR presence
questions (N=2,499). The lowest flip rate (MedGemma-
27B) comes with the highest text-only agreement, the
model that ignores the image. The right reading is the
diagonal, not either axis alone.

MedGemma-4B MedGemma-27B CheXOne RadFM
0
5

10
15
20
25
30
35

Fl
ip

 ra
te

 (\
%

)
= 0.08

= +0.63 = +0.91

= 0.82LLM core (all)
human-confirmed only

Figure 3. Per-model flip rates on the audited matched sub-
set. The bars sit within 1pp of each other for every model,
so restricting to clinician-confirmed pairs does not change
the headline. Rankings are preserved exactly.

pairs are yes/no on both sides). For statistical power
we draw a stratified random sample of 2,000 LLM-
judge-equivalent pairs whose original and candidate are
both yes/no questions (170 MIMIC, 1,197 PadChest,
633 VinDr-CXR). We run three families in two config-
urations each: GPT-5-mini with no reasoning vs. rea-
soning.effort=high; Claude Haiku 4.5 with no think-
ing vs. thinking.budget=2000 tokens; Gemini 3 Flash
Preview (models/gemini-3-flash-preview) with think-
ingBudget=0 vs. thinkingBudget=2000. We restrict
to the matched N = 1,960 intersection where all six
configurations returned a parseable yes/no answer.
Table 3. Reasoning effect across three families on the
matched-N=1,960 binary expansion subset. “b” counts
pairs that flip only without reasoning, “c” only with rea-
soning. p is two-sided exact-binomial McNemar’s. Churn
is the fraction of unique flips across the two runs that occur
in only one configuration.
Model off on ∆pp b c p churn

GPT-5-mini 7.76% 8.21% +0.46 95 104 0.57 78%

Claude Haiku 4.5 17.19% 22.65% +5.46⋆ 245 352 1.4×10−5 87%
Gemini 3 Flash 12.65% 14.95% +2.30⋆ 171 216 0.025 83%

Under these model snapshots and settings, no fam-
ily shows reasoning significantly reducing the flip
rate. GPT-5-mini moves by +0.46pp (no detectable



effect, p = 0.57). Claude Haiku rises by +5.46pp
(p=1.4×10−5). Gemini 3 Flash Preview rises by
+2.30pp (p = 0.025). What is universal is the per-pair
churn: 78% to 87% of the unique flips appear in only
one of the two configurations, so even when the head-
line barely moves (GPT) the specific pairs that fail are
largely different.

Reading flip rate alone is insufficient. The same
global 5% can hide a near-complete swap of which
pairs flip. We recommend reporting the pair-level over-
lap class (both / off-only / on-only / neither) when-
ever comparing two configurations of the same model.
The same logic applies to one-knob interventions like
temperature, system prompt, or chain-of-thought style.
“Just turn on reasoning” is not a fix for paraphrase sen-
sitivity in this case study.

5. An example failure
A concrete case helps make the reasoning churn visi-
ble. Consider this audited pair on a PadChest study
showing a small effusion:

Original. Is there pleural effusion?
Paraphrase (lexical). Is there fluid in the pleu-
ral space?

The clinician consensus marked this pair equivalent.
Without reasoning, GPT-5-mini answers yes on the
original and no on the paraphrase, a flip. With reason-
ing.effort =high, it answers yes on both. Now consider
a second pair on the same image:

Original. Is there an opacity in the right lower
lobe?
Paraphrase (scope). Is there at least one opac-
ity in the right lower lobe?

Without reasoning, the model answers consistently.
With reasoning enabled, the model now over-interprets
the scope quantifier and flips. Per-pair, both reasoning
configurations are unstable. The dataset average hides
this churn.

6. Take-aways
Three points carry over to other benchmarks in this
space.

Construct validity is a bottleneck for paraphrase-
sensitivity benchmarks. The validity-anchoring test is
whether headline numbers move when evaluation is re-
stricted to human-confirmed pairs. PSF-Med survives
this test (∆ ≤ 0.91pp).

Reasoning never helps; sometimes hurts; churn is
universal. Under the model snapshots and settings

tested, on 1,960 matched binary pairs, no family shows
reasoning significantly reducing the flip rate. GPT-5-
mini moves +0.46pp (p = 0.57). Claude Haiku 4.5
worsens by +5.46pp (p=1.4×10−5). Gemini 3 Flash
Preview worsens by +2.30pp (p = 0.025). All three
families show 78 to 87% pair-level churn, so reasoning
rearranges which pairs fail regardless of net direction.

Reporting recipe. Audits should report flip rate to-
gether with text-only agreement, image-swap sensitiv-
ity, and per-pathology slices. The benchmark is re-
leased on Hugging Face at saillab/psf-med, the code at
github.com/UNHSAILLab/psf-med, and the example-
flip gallery at bineshkumar.me/psf-med-gallery.

Limitations. 1,200 audited pairs is small relative to
the 92,856 paraphrase pool; panel-based adjudication
at scale would tighten the construct further. The
benchmark targets binary yes/no presence questions
and does not capture open-ended reasoning. The rea-
soning case study uses one API model snapshot, and a
different model family (or a different reasoning-effort
scheduler) might trade off failure modes differently.
The example flips above are illustrative and not ran-
domly drawn; the released artefact lists the full per-
pair labels.

Related work and what we don’t claim. PSF-Med
complements rather than replaces existing axes. MI-
RAGE [2] attacks the input axis: images can be re-
moved without losing accuracy. PSF-Med attacks
the rephrasing axis: questions can be reworded and
the answer changes. CheXOne [10] reports stochastic-
decoding consistency, which varies under identical in-
puts; PSF-Med varies under semantically equivalent
inputs. We do not claim PSF-Med replaces clinical-
utility evaluation, calibration measurement, or open-
ended reasoning benchmarks. We claim it adds the
missing diagnostic that lets a deployer ask is the model
giving the same answer to the same question, just
phrased differently?
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A. Embedding similarity does not explain flips
A natural question is whether paraphrase flips can be predicted from the embedding distance between the original
and rephrased question. Figure 4 plots the BioClinicalBERT cosine similarity and Euclidean distance distributions,
separately for flipped and non-flipped pairs. Flip and non-flip distributions overlap substantially, so a simple
distance threshold cannot separate the two regimes. Surface-level semantic distance is not the load-bearing variable
for paraphrase sensitivity in this benchmark.

Figure 4. Embedding similarity does not explain paraphrase flips. Flip and non-flip paraphrase pairs show substantial
overlap in BioClinicalBERT cosine similarity and Euclidean distance. This suggests that answer flips are not driven only
by surface-level semantic distance between the original and rephrased questions.

B. Clinician-confirmed paraphrase flips
Figure 5 shows two clinician-confirmed flips, one on GPT-5-mini (Figure 5a) and one on Claude Haiku 4.5 (Fig-
ure 5b). The image and clinical question are held fixed; only the surface phrasing changes. The audit panel
labelled both pairings as equivalent under the rubric, so a clinician would treat the original and rephrased question
as asking the same fact. Both models nevertheless produce opposite binary answers, which is the failure mode the
benchmark is built to surface.

(a) GPT-5-mini (b) Claude Haiku 4.5
Figure 5. Clinician-confirmed paraphrase flips. The image and clinical question are held fixed; only the surface phrasing
changes. The audit panel labelled both pairings as equivalent under the rubric. Both models nevertheless produce opposite
binary answers, which is the failure mode the benchmark is built to surface.
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