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ABSTRACT

Recent work shows that text-only reinforcement learning with verifiable rewards
(RLVR) can match or outperform image-text RLVR on multimodal medical VQA
benchmarks, suggesting current evaluation protocols may fail to measure causal
visual dependence. We introduce a counterfactual evaluation framework using
real, blank, and shuffled images across four medical VQA benchmarks: PathVQA,
PMC-VQA, SLAKE, and VQA-RAD. Beyond accuracy, we measure Visual Re-
liance Score (VRS), Image Sensitivity (IS), and introduce Hallucinated Visual
Reasoning Rate (HVRR) to detect cases where models generate visual claims de-
spite producing image-invariant answers. Our findings reveal that RLVR improves
accuracy while degrading visual grounding: text-only RLVR achieves negative
VRS on PathVQA (—0.09), performing better with mismatched images, while
image-text RLVR reduces image sensitivity to 39.8% overall despite improving
accuracy. On VQA-RAD, both variants achieve 63% accuracy through differ-
ent mechanisms: text-only RLVR retains 81% performance with blank images,
while image-text RLVR shows only 29% image sensitivity. Models generate vi-
sual claims in 68-74% of responses, yet 38-43% are ungrounded (HVRR). These
findings demonstrate that accuracy-only rewards enable shortcut exploitation, and
progress requires grounding-aware evaluation protocols and training objectives
that explicitly enforce visual dependence.

1 INTRODUCTION

Recent advances in reinforcement learning (RL) (Li, 2017) have enabled sophisticated reasoning
behaviors in Large Vision Language Models (LVLMs) (Liu et al.,|2024), including medical applica-
tions like MedVLThinker (Huang et al.| 2025b). These models mainly use two training approaches:
Supervised Fine-Tuning (SFT) (Ouyang et al.l 2022) on distilled reasoning traces and Reinforce-
ment Learning with Verifiable Rewards (RLVR) (Ouyang et al.l2022). While RLVR |Ouyang et al.
(2022) achieves higher accuracy comparatively, rewarding only correct answers may inadvertently
encourage models to exploit text patterns rather than visual analysis. However, whether these models
actually use visual information or simply rationalize text-based predictions remains unknown.

This gap is particularly concerning for clinical deployment. A model might correctly identify a
modality mismatch in its reasoning trace yet confidently produce a text-driven answer generating
complex medical visual language without actual visual dependence. As models increasingly gen-
erate explicit reasoning traces, a critical question arises: do these explanations reflect actual visual
analysis, or do they merely justify answers derived from text itself.

We introduce a counterfactual evaluation framework (Algorithm [I] in the Appendix) that moves
beyond accuracy-only assessment. By subjecting models to different stress tests: shuffled images
and blank image ablations, we isolate the causal role of visual information in model predictions and
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reasoning traces. Our framework reveals that RLVR |Ouyang et al.| (2022)) improves accuracy while
degrading visual grounding, a pattern enabled by exploitable text shortcuts in current medical VQA
benchmarks.

Our contributions are:

* We introduce grounding-sensitive metrics:Visual Reliance Score (VRS), Blank Drop
(BD), and Image Sensitivity (IS) helping to understand how models exploit text shortcuts
in medical VQA benchmarks.

* We propose Hallucinated Visual Reasoning Rate (HVRR), a novel metric detecting cases
where models generate visual claims yet produce image-invariant answers, and develop a
visual claim Detector to systematically extract and verify visual assertions.

* Through evaluation on four benchmarks (PathVQA |He et al.| (2020), PMC-VQA [Zhang
et al. (2024), SLAKE [Liu et al.| (2021), VQA-RAD |[Lau et al. (2018))), we demonstrate that
RLVR improves accuracy while reducing visual dependence: image-text RLVR |Ouyang
et al.| (2022) reduces image sensitivity to 39.8% (vs. 48.2% baseline), while text-only
RLVR |Ouyang et al.|(2022)) achieves negative visual reliance on image-critical benchmarks,
performing better with mismatched images.

2 RELATED WORK

Modality Paradox and Training Data Quality. A critical paradox identified in current medical
VLM is the observation that models like Qwen2.5-VL-7B (Bai et al., [2025) trained on text-only
medical reasoning data often outperform those trained on image-text data (Huang et al., 2025b).
The authors observe that the RLVR on curated text-only data m23k (Huang et al., [2025a) provides
the most significant performance boost around +1.38%, while multimodal training on image-text
data PMC-VQA (Zhang et al.| [2024) yields small performance gains around +0.16% or at times
performance degradation of -9.67% as seen during SFT. The authors claim that this disparity could
be due to data quality gap between the text and multimodal benchmarks.

Shortcut Learning and Spurious Correlations. The phenomenon of shortcut learning has been
observed across both general computer vision (Geirhos et al.,|2020) and medical imaging (DeGrave
et al., 2021). A major insight from (D’ Amour et al., [2020) is that models often stick onto spurious
correlations that are present in the training data but those that are absent in the real world. The
authors demonstrated that when training data contains causal features like pathology in the image
and spurious correlations like statistical patterns in the text, the model will take a simpler path of
optimization. For a benchmark like PathVQA that frequently pairs a certain histological description
with a specific diagnosis causing the model’s inductive bias default to robust linguistic correlations.
Since these offer a mathematically simpler path to verifiable reward in RLVR than causal visual
analysis, our evaluation metric HVRR exposes these predictive shortcuts.

Visual Grounding and Faithfulness. Recent work by (Felizzi et al., 2025) demonstrate that even
frontier VLMSs like GPT-4o(Hurst et al., [2024) and Claude 3.5(Kurokawa et al., 2024) exhibit a
significant reliance on textual priors. These models showed that their conclusions were medically
valid despite the absence of visual input. Following the stress-testing protocol established by this
work, we implemented shuffled and blank images as placeholders to isolate the causal contribution
of visual features and textual priors.

3 METHODOLOGY

3.1 PROBLEM SETTING AND HYPOTHESIS

We investigate whether improvements in multimodal medical VQA accuracy correspond to actual
visual dependence. Motivated by MedVLThinker’s finding that text-only RLVR can match or outper-
form image-text RLVR on vision-language benchmarks (Huang et al.,|2025b)), we test the following
hypothesis:
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Models can improve benchmark accuracy primarily through textual priors while
simultaneously weakening the causal dependence between image content and an-
swer selection.

We hypothesize that models exploit text-based shortcuts in benchmarks to maximize their accu-
racy rewards. This allows them to learn question/answer correlations that generalize across image
conditions, ignoring the visual evidence despite their presence during training.

3.2 MODELS AND BENCHMARKS

Models. We evaluate three Qwen2.5-VL-7B (Bai et al., 2025)variants: (1) Baseline: pretrained
without medical fine-tuning; (2) RL(text): trained via RLVR on text-only medical QA (m23k, 23K
examples (Huang et al.| 2025a)); (3) RL(image): trained via RLVR on image-text medical QA
(PMC-VQA (Zhang et al.|[2024))). We use publicly released checkpoints from |[Huang et al.| (2025b)
with deterministic decoding (temperature=0).

Benchmarks. We evaluate on four medical VQA benchmarks: PathVQA (He et al.|[2020) (pathol-
ogy microscopy), PMC-VQA (Zhang et al.| 2024)) (diverse medical images), SLAKE (Liu et al.,
2021) (multi-modal radiology), and VQA-RAD (Lau et al., [2018)) (radiology). We randomly sam-
ple 100 examples per benchmark stratified by imaging modality when metadata permits, using a
paired design where the same examples are evaluated under all three image conditions for all mod-
els (n = 400 total).

3.3 COUNTERFACTUAL IMAGE CONDITIONS

For each example (Zext, Zimg, ¥), We construct three evaluation conditions:

* Real: (zex, Timg) — original image/question pairing
* Blank: (2, Blank) — question with uniform gray image (224 x224, RGB [128,128,128])

 Shuffled: (2ex, xi’mg) — question with randomly selected image from same benchmark

This design highlights three failure modes: (1) Text shortcuts: high accuracy on blank images indi-
cates questions are answerable from text alone; (2) Generic patterns: similar accuracy on shuffled
vs. real images indicates reliance on image statistics rather than question specific content; (3) Visual
dependence: performance should degrade when images are removed or mismatched.

3.4 GROUNDING METRICS

Let Acc. denote accuracy and a. denote predicted answers under condition ¢ €
{real, blank, shuffle}.

Visual Reliance Score (VRS) = Accrey — Accshusie measures dependence on correct image/question
pairing. Higher VRS indicates stronger grounding; negative VRS indicates the model performs
better with incorrect images than correct ones.

Blank Drop (BD) = Accey — Accpiank measures reliance on visual input versus text alone.

Image Sensitivity (IS) = Plarea 7 @shufiie] measures how often the model changes its answer when
given a different image, regardless of correctness. Low IS (< 50%) indicates predictions are invari-
ant to image content. Importantly, IS and VRS can tell different stories: a model can become more
accurate with correct images (higher VRS) while actually using images less often (lower IS).

Visual Benefit/Harm Rates (VBR/VHR) decompose prediction changes by correctness: VBR =
Plcorrecteys = 1 A correctgnyege = 0] (image helps); VHR = P[correctey = 0 A correctspyre = 1]
(image harms). Well-grounded models show VBR > VHR.
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3.5 HALLUCINATED VISUAL REASONING RATE (HVRR)

We prompt models to output structured reasoning using tags:
<think>...{rationale}...</think> <answer>...{answer}...</answer>.

Novel Visual Claim Detection. We identify novel visual claims (NVCs): statements in the ratio-
nale that describe visual observations. A statement is an NVC if it: (1) uses visual observation
language (presence: “shows”, visible”; location: ”left”, “upper”; appearance: “irregular”, “’spic-
ulated”; severity: “mild”, “extensive”), and (2) adds information not present in the question (we
filter out overlapping phrases up to 5 words long). This yields a binary indicator NVC € {0, 1} per

example.

HVRR Definition. We define hallucinated visual reasoning as cases where models generate visual
claims yet produce identical answers regardless of image content:

HVRR = P[NVC =1A Qreal = ashufﬂa] (])

We additionally report: (1) Novel Visual Claim Rate (NVCR) = P[NVC = 1], how often models
generate visual language; and (2) Conditional hallucination probability = Plawe, = ashuffe |
NVC = 1], given the model makes a visual claim, how often the answer ignores image content.
High HVRR indicates models mimic medical visual language without actual image dependence.
Models with conditional probability > 0.5 produce visual claims that are more often ungrounded
than grounded.

Validation. We manually audit 50 high risk cases per model (incorrect predictions with NVC=1),
labeling each as: grounded but wrong (visual claim references actual image content but leads to
wrong answer), ungrounded hallucination (visual claim contradicts or ignores image), or ambiguous.
Inter-annotator agreement (n = 20) is measured using Cohen’s .

3.6 STATISTICAL ANALYSIS

We report 95% confidence intervals using bootstrap resampling (1000 iterations). For VRS and BD,
we test Hy: metric = 0 using permutation tests, considering metrics significant if 95% Cls do not
overlap zero. Pairwise comparisons use paired ¢-tests.

4 RESULTS

We present our findings in four parts: (1) visual grounding degradation across benchmarks (§4.1),
(2) benchmark specific analysis revealing text shortcuts (§4.2), (3) VQA-RAD accuracy grounding
disconnect (§4.3), and (4) hallucinated visual reasoning patterns (§4.3)).

4.1 VISUAL GROUNDING COLLAPSE IN RLVR MODELS

The disconnect between accuracy and grounding is most evident in image sensitivity (Table [I)):
RL(image) changes predictions only 39.8% of the time when images are shuffled, meaning 60.2 % of
answers ignore image content entirely. This contrasts sharply with the baseline model (48.2% IS),
which despite having no medical fine-tuning shows stronger visual dependence. RL(text), trained
without images, shows higher IS (50.0%), having avoided the spurious visual correlations that RLVR
training erodes.

Visual Benefit Rate (VBR) further illuminates this pattern: RL(image) shows the lowest VBR
(23.2%) across all models, indicating that correct images help less frequently than for baseline
(26.8%). The VBR/VHR ratio for RL(image) is 1.74, compared to 1.91 for baseline, suggesting
images are less reliably beneficial after RLVR fine-tuning.

4.2 BENCHMARK-SPECIFIC PATTERNS

Table 2] reveals that different benchmarks have different vulnerabilities to text shortcuts.

PathVQA shows negative visual reliance. RL(text) trained without any images achieves VRS =
—0.09, performing better with shuffled images (65% accuracy) than with correct images (56% ac-
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Table 1: Overall model performance averaged across four medical VQA benchmarks (PathVQA,
PMC-VQA, SLAKE, VQA-RAD; n = 100 each). RL(image) achieves highest accuracy but shows
degraded visual grounding metrics across VRS, IS, and VBR.

Model Acc VRS BD IS VBR VHR
Baseline 56.5% 0.127 0.130 482% 26.8% 14%

RL(text) 56.2% 0.105 0.115 50.0% 27.0% 16.5%
RL(image) 58.8% 0.100 0.125 39.8% 23.2% 13.3%

Acc = Accuracy on real images; VRS = Visual Reliance Score; BD = Blank Drop;
IS = Image Sensitivity; VBR = Visual Benefit Rate; VHR = Visual Harm Rate.

Table 2: Benchmark-specific grounding metrics (n = 100 per benchmark). PathVQA shows
negative VRS for RL(text), indicating text-shortcut exploitation. PMC-VQA demonstrates clear
accuracy-grounding dissociation for RL(image). VQA-RAD reveals VRS/IS divergence. All values
are point estimates; see Appendix for confidence intervals.

Benchmark Model AcCCreal ACChlank AcCsnutie VRS  BD IS
Baseline 62% 48% 62% 0.00 0.14 042
PathVQA RL(text) 56% 52% 65% -0.09 0.04 046
RL(image) 60% 48% 56% 0.04 0.12 0.32
Baseline 50% 29% 25% 0.25 021 0.63
PMC-VQA  RL(text) 44% 30% 25% 0.19 0.14 0.65
RL(image) 57 % 48% 44% 0.13 0.09 0.55
Baseline 60% 53% 43% 0.17 0.07 045
SLAKE RL(text) 62% 46% 44% 0.18 0.16 047
RL(image) 55% 45% 49% 0.06 0.10 043
Baseline 54% 44% 45% 0.09 0.10 043
VQA-RAD RL(text) 63% 51% 49% 0.14 0.12 042
RL(image) 63% 44% 46% 017 0.19 0.29

curacy). This negative dependence demonstrates that the model learned text-based question/answer
correlations that are disrupted by relevant visual information. Even baseline shows VRS = 0 (Ta-
ble[3), and all three models maintain substantial accuracy with blank images (48-52%), confirming
that PathVQA questions contain exploitable textual cues despite being designed to require images.
RL(image) shows the lowest image sensitivity (IS = 32%), meaning only one-third of its predic-
tions change when images are shuffled which is crucial given that pathology microscopy should be
entirely dependent on cellular-level visual analysis.

PMC-VQA shows accuracy improving while grounding degrades. RL(image) improves accu-
racy from 50% (baseline) to 57% (+14% relative improvement) while VRS decreases from 0.25 to
0.13 (—48% relative degradation). This dissociation demonstrates that RLVR can optimize bench-
mark performance while simultaneously weakening the causal dependence between images and pre-
dictions. Notably, PMC-VQA shows the strongest baseline grounding (VRS = 0.25, highest across
benchmarks), suggesting it contains more image dependent questions than PathVQA, SLAKE, or
VQA-RAD. However, RLVR substantially reduces even this stronger grounding: RL(image) shows
13% lower IS than baseline (0.55 vs. 0.63). The accuracy patterns reveal learned shortcuts: baseline
drops from 50% (real) to 25% (shuffled), while RL(image) drops only from 57% to 44%,the smaller
degradation (13% vs. 25%) indicates text-based patterns that generalize across visual conditions.

SLAKE shows moderate grounding across models. VRS ranges from 0.06-0.18, with RL(image)
again showing the lowest VRS (0.06), representing a 65% degradation from baseline (0.17). All
models show relatively low BD on SLAKE (0.07-0.16), suggesting questions are moderately an-
swerable from text alone.

4.3 VQA-RAD: THE VRS-IS DISSOCIATION

VQA-RAD provides critical evidence that different grounding metrics can tell contradictory sto-
ries. Both RL variants achieve identical accuracy (63%, a +9 percentage point improvement over
baseline’s 54%), yet exhibit fundamentally different grounding patterns.
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4.3.1 SAME ACCURACY, DIFFERENT MECHANISMS

Despite reaching the same accuracy endpoint, RL(text) and RL(image) achieve this through distinct
failure modes:

RL(text): Text-shortcut exploitation. RL(text) maintains 51% accuracy with blank images, 81%
of its real-image performance despite having no visual input. This is the highest blank-image
accuracy across all models and benchmarks, providing definitive evidence that VQA-RAD contains
exploitable text-only solution paths. The model has learned question-answer patterns that require
minimal visual grounding.

RL(image): Image sensitivity collapse. RL(image) shows the most dramatic IS degradation ob-
served across all benchmarks: IS drops from 43% (baseline) to 29%, meaning 71% of its predic-
tions are invariant to image shuffling. Despite training on image-text pairs, the model’s answers
rarely depend on actual image content. Instead, it appears to have learned similar text-based short-
cuts as RL(text), while generating visual language that remains functionally disconnected from its

reasoning (Figure [2} see §4.5).

As shown in Figure (1} RL(image) model updates its conclusions when input image is shuffled for a
different modality, whereas RL(text) model exhibits hallucinated reasoning justifying its final deci-
sion.

4.3.2 THE VRS-IS DIVERGENCE

Most importantly, VQA-RAD reveals that VRS and IS can provide opposite assessments of visual
grounding: VRS improves baseline = 0.09 — RL(image) = 0.17, +89% relative improvement) while
IS degrades (baseline = 43% — RL(image) = 29%, —33% relative degradation.

This divergence occurs because VRS measures accuracy differences which can improve through bet-
ter text-based pattern matching, while IS measures answer-level changes regardless of correctness
which reflects actual visual dependence. A model can show improved VRS by learning more reli-
able text shortcuts that happen to correlate with correct answers more strongly when images match
questions, without actually using the image content to inform its predictions.

This has important implications: VRS alone cannot assess visual grounding. Evaluations must
include answer-level metrics like IS to detect cases where accuracy-based metrics improve while
actual image dependence degrades.

4.4  STATISTICAL SIGNIFICANCE OF VISUAL GROUNDING

Table [3| presents statistical tests for VRS on PathVQA, the benchmark nominally requiring strongest
visual grounding. Critically, no model shows statistically significant VRS at o« = 0.05 level,all
95% confidence intervals overlap zero. This lack of significant grounding on an image-critical

Table 3: Statistical significance tests for VRS on PathVQA (n = 100). No model achieves signif-
icant visual grounding; all 95% bootstrap CIs overlap zero. Negative VRS for RL(text) indicates
reverse dependence (performs better with wrong images).

Model VRS 95% CI Significant?
Baseline 0.00 [-0.12,0.13] No
RL(text) -0.09 [-0.21, 0.05] No
RL(image) 0.04 [-0.07,0.16] No

benchmark provides strong evidence of systematic text shortcuts. The wide confidence intervals
reflect high variance in individual example VRS, with some questions showing strong visual de-
pendence and others showing none consistent with a heterogeneous mix of image-critical and text-
answerable questions within PathVQA.
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Target Question Is the liver normal?

Real Condition
(Abdomen CT Scan)

RLVR-Image-Text (Model- RLVR-Text (Model-generated ra-
generated rationales) tionales)

To determine if the liver is normal To determine if the liver is normal
in this CT scan, we need to consider in this CT scan, we need to assess
several factors......Based on these its size, shape, and any visible ab-
observations, the liver appears to be  normalities such as masses or ar-
within normal limits in terms of size, eas of increased or decreased den-

shape, and density. sity.......Given these observations, the
liver appears to be within normal pa-
rameters.
Shuffle Condition
(Chest X-Ray
s,'-_ =]
R RLVR-Image-Text (Grounded) RLVR-Text (Hallucinated)
a To determine if the liver is normal To determine if the liver is normal in

in this chest X-ray, we need to con- this chest X-ray, we need to consider
sider the size and shape of the liver as  the size,...However, it’s important to
well as any signs of abnormal density — note that a chest X-ray does not pro-
or mass. However, it’s important to  vide a detailed view of the liver,
note that a chest X-ray is not the ap-  which is typically evaluated using
propriate modality for evaluating the  imaging modalities like ultrasound,
liver......However, since the image is CT scan, or MRI. In this particu-
a chest X-ray and not a liver X-ray, lar X-ray, the liver appears to be
we cannot definitively say that the within its normal size and shape,
liver is normal. A definitive assess- with no obvious signs of enlarge-
ment of the liver would require a dif- ment or abnormal density. The di-
ferent imaging modality. aphragm also appears to be in a
normal position, which is another
indicator of a normal liver. Given
the limited information available
from a chest X-ray, the liver ap-
pears to be normal.

Figure 1: The Modality Skeptic Paradox. Under the Shuffle condition (bottom row), the input
image is swapped for a Chest X-ray. RLVR-Image-Text correctly identifies the modality mismatch
and updates the conclusion. RLVR-Text identifies the mismatch in its reasoning but ignores it and
hallucinates the appearance of liver in the X-ray, proving the final decision is decoupled from the
visual information.

4.5 HALLUCINATED VISUAL REASONING

Models generate novel visual claims (medical observations about image content) in 68-74% of
their responses. However, 38—43% of these responses exhibit hallucinated grounding: models make
visual claims yet produce identical answers regardless of image content (Table [).

The conditional probability P(invariant | visual claim) measures how often models generate vi-
sual claims without actually using the image. RL(image) shows the highest conditional probability
(60.9% averaged across benchmarks), meaning that when it generates visual reasoning language,
the answer is more likely to be ungrounded (invariant to images) than grounded. Per-benchmark
breakdown (Appendix Table [5) shows this pattern is most severe on VQA-RAD: RL(image) ex-
hibits 69.6% conditional hallucination probability, meaning that when the model claims to observe
specific radiological features for example the CT shows consolidation in the left lower lobe, nearly
70% of the time this claim does not influence its final answer. PathVQA shows similarly high rates
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Table 4: Hallucinated visual reasoning rates averaged across benchmarks. NVCR = Novel Visual
Claim Rate (frequency of visual language); HVRR = Hallucinated VR Rate (visual claims with in-
variant answers); Cond. Prob. = P(invariant | visual claim). RL(image) shows highest hallucination
rates despite training on images. Full per-benchmark breakdown in Appendix Table 5]

Model NVCR HVRR Cond. Prob. Acc
Baseline 68% 38% 54.5% 57%
RL(text) 74% 40% 53.4% 56%
RL(image)  70% 43% 60.9 % 59%

(66.3%), indicating that hallucinated visual reasoning is on image critical benchmarks. PMC-VQA
shows the lowest hallucination rates (24-31%), aligned with its higher baseline VRS (0.25).

Comparing across models, RL variants show systematically higher NVCR than baseline (74% and
70% vs. 68%), indicating they generate more frequent visual claims. However, most of these addi-
tional claims are ungrounded: HVRR increases from 38% (baseline) to 40—43% (RL models). This
suggests RLVR training teaches models to generate visual language without actually using images,
the visual terminology likely comes from supervised fine-tuning. The model learns the language of
visual medical reasoning without the grounding in actual image content.

The correlation between low VRS and high HVRR across benchmarks (Spearman p = —0.71,
p < 0.05) suggests these metrics capture related but distinct aspects of grounding failure: VRS
measures accuracy dependence on images, while HVRR measures whether visual claims in ratio-
nales correspond to actual visual reasoning.

4.6 SUMMARY OF KEY FINDINGS

Our results demonstrate four critical findings: (1) Grounding collapse: image-text RLVR re-
duces image sensitivity to 39.8% despite improving accuracy, showing 17% lower IS than base-
line; (2) Text shortcut exploitation: text-only RLVR achieves negative VRS (—0.09) on PathVQA
and retains 81% performance with blank images on VQA-RAD; (3) Metric dissociation:VRS
can improve while IS degrades (VQA-RAD: VRS 0.09 — 0.17, IS 43% — 29%), demonstrating
that accuracy-based metrics alone cannot assess visual grounding; and (4) Hallucinated reason-
ing: models generate visual claims in 68-74% of responses, yet 38—43% are ungrounded, with
RL(image) showing 61% conditional hallucination probability. These findings reveal that current
medical VQA benchmarks contain exploitable text shortcuts, and that accuracy-only RLVR objec-
tives can improve benchmark performance while degrading actual multimodal reasoning capabili-
ties.

5 CONCLUSION

We demonstrate that reinforcement learning with verifiable rewards (RLVR) can improve multi-
modal medical VQA accuracy while simultaneously degrading visual grounding, what we term
modality-specific reasoning collapse. Through counterfactual evaluation across four benchmarks
(PathVQA, PMC-VQA, SLAKE, VQA-RAD; n = 400), we reveal three critical findings: (1) image
critical benchmarks contain exploitable text shortcuts text-only RLVR achieves negative visual re-
liance on PathVQA (VRS = —0.09) and retains 81% performance with blank images on VQA-RAD;
(2) image-text RLVR reduces image sensitivity to 39.8% overall and 29% on VQA-RAD, meaning
most predictions ignore image content; and (3) grounding metrics can contradict each other, VRS im-
proves while IS degrades on VQA-RAD, demonstrating that accuracy-based metrics alone cannot
assess visual grounding. Additionally, models generate visual claims in 68—74% of responses, yet
38-43% are ungrounded (answer-invariant under shuffling), with image-text RLVR showing 61%
conditional hallucination probability. These findings reveal that current benchmarks enable shortcut
exploitation and that accuracy-only optimization degrades actual multimodal reasoning. Progress
requires grounding-aware evaluation with complementary metrics (VRS, IS, HVRR), benchmark
curation to verify visual dependence, and training objectives that explicitly enforce image ground-
ing capabilities essential for safe clinical deployment.
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A APPENDIX

Algorithm 1: Counterfactual Grounding Evaluation for Medical VQA

Input: Models M = {baseline, RL(text), RL(image)}
Input: Benchmarks B = {PathVQA, PMC-VQA, SLAKE, VQA-RAD}
Input: Sample size n = 100 per benchmark
Input: Image conditions C = {real, blank, shuffle}
Initialize: Results R < () A
each benchmark b € B Sample { (2!, 2™, y;) }1y ~ Dy
each example ¢ = 1 to n Generate counterfactual conditions A
2Pk ¢« GrayImage (224 x 224) .xzh”fﬂ"‘ < RandomSample({z}"™},;)
each model m € M each condition ¢ € C Generate structured output
(think, answer) < m(z!™, z¢) a;"“ <+ ExtractAnswer(answer)
;"¢ < ExtractRationale(think)
Compute grounding metrics VRST" « W[a""™" = y;] — ¥[a "™ = y,]
BD;” . %[am,real _ yz] 7%[a7ln,blank _ yi] IS;m - Mé[arln,real # am,shufﬂe]

K3 K2 K2 (2
Detect hallucinated visual reasoning NVC!™ « DetectVisualClaims (7"

HVRRY" < NVC" A (a]""™ = q]*™¢)
Store metrics in R
m,real

Aggregate results each model i € M each benchmark b € B Acey® « + 37" | ¥[a; = ;]

m n m m n m m i—, HVRR}"
VRS] = L 571, VRS IST = L 571 IST HVRR]! « Ssteoic

return R

)

Table 5: Complete per-benchmark hallucinated visual reasoning rates. NVCR = Novel Visual Claim
Rate (frequency of visual language); HVRR = Hallucinated VR Rate (visual claims with invariant
answers); Cond. Prob. = P(invariant | visual claim). RL(image) shows highest hallucination rates
despite training on images.

Benchmark Model NVCR HVRR Cond. Prob. Acc
Baseline 80% 51% 63.8% 62%
PathVQA RL(text) 88% 52% 59.1% 56%
RL(image) 83% 55% 66.3% 60%
Baseline 60% 24% 40.0% 50%
PMC-VQA RL(text) 66% 27% 40.9% 44%
RL(image) 64% 31% 48.4% 57%
Baseline 67% 35% 52.2% 60%
SLAKE RL(text) 72% 40% 55.6% 62%
RL(image) 64% 38% 59.4% 55%
Baseline 66% 41% 62.1% 54%
VQA-RAD RL(text) 69% 40% 58.0% 63%
RL(image) 69% 48% 69.6% 63%
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Evaluation Settings

Question: Is there a small bowel obstruction?

Original Image

l

(vim ]

Shuffled Image

(v ]

[Answer A ] [Answer : A]

Chain-of-Thought (c;, C;;m)}

Reasoning excerpt (real image):

“To determine if there is a small bowel obstruction, | examine the
abdominal CT image for dilated bowel loops, air-fluid levels, and
transition points...”

Reasoning excerpt (shuffled image):

“To determine if there is a small bowel obstruction, | examine the
abdominal CT image for dilated bowel loops, air-fluid levels, and
transition points...”

Observation:

1. Visual reasoning language present
2. No change under image shuffling
3. Identical final answer

—

Automatic Evaluation

Behavioral Signals NVCR:
True

Answer Invariant: True

LLM Evaluator

Hallucination Assessment
HVRR: Positive
Hallucinated Visual Reasoning:
True
Visual language generated
without image dependence

Figure 2: Modality-Specific Reasoning Collapse (VQA-RAD). A text-only RL-trained vision—
language model produces identical answers and visually detailed reasoning when evaluated on the
correct image and a shuffled image. Despite explicit references to radiological features, the model’s
prediction remains invariant, resulting in a positive Hallucinated Visual Reasoning Rate (HVRR).
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