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Abstract

Multimodal Large Language Models (MLLMs) can ace many multimodal
benchmarks without strong visual understanding, by exploiting linguistic
priors, answer patterns, and skewed label distributions. This is particularly
problematic for vision-centric benchmarks, which explicitly aim to require
visual inputs to be solved. If a benchmark can be gamed, it will be. We
take this as the starting principle for robust benchmark design. Extending
established partial-input auditing to contemporary multimodal evaluation,
we argue that designers should stress-test the exact artifact they release, i.e.,
directly “train on the test set” to probe the specific test set for its intrinsic,
exploitable patterns.

We instantiate this as a “Test-set Stress-Test” (TST), applying k-fold cross-
validation to text-only diagnostics within the test set. This yields held-out
solvability at the benchmark level and a sample-level bias score s(x) that
drives “Iterative Bias Pruning” (IBP). The primary diagnostic fine-tunes an
LLM with no feature engineering, while a Random Forest variant adds an
interpretable designer-side audit. Across VSI-Bench, CV-Bench, MMMU,
and VideoMME we find vulnerability to be heterogeneous. Template-based
benchmarks show large within-Qwen gains under identical scoring (up to
+33 points), while knowledge-intensive MMMU shows essentially none
despite high blind scores from pretrained knowledge. Pruning tracks these
diagnoses. On VSI-Bench, a designer-in-the-loop pilot cuts the fine-tuned
blind score far more than matched random pruning; on MMMU, automated
pruning moves the downstream vision-blind gap no more than random
removal, as expected where there is no learnable shortcut to remove. TST
is a pre-release audit of an evaluation instrument, not a recipe for training
deployed models on test answers.

1 Introduction

Despite significant advances in visual understanding, evaluating progress remains chal-
lenging. From MNIST LeCun et al. (1998) to ImageNet Deng et al. (2009), from COCO Lin
et al. (2014) to VQA Antol et al. (2015), benchmarks have served as the backbone of progress
in computer vision. As tasks grew more complex and models more capable, benchmarks
shifted from clean, domain-specific datasets to open-ended, real-world evaluations (fig. 1).
Today, multimodal LLMs let us ask anything about an image, but this expressive power
comes at a hidden cost: we’ve lost control over what’s being measured.

The uncomfortable truth is that models can ace multimodal benchmarks without strong
visual understanding. They exploit biases, linguistic priors, and superficial patterns. A
model can answer a visual question without looking at the image. It can ground language
without grounding perception, yet still achieve a high score. Although concerns about
language bias were raised years ago in the VQA era (see section 5), the rise of LLMs as both
knowledge engines and sources of shortcuts makes it necessary to reexamine evaluation
methodology and benchmark design with greater attention to nuance and complexity Tong
et al. (2024).

1



Published as a conference paper at COLM 2026

Benchmarking Visual Understanding

Controlled Tasks
Fixed classes, clear metrics

Structured Vision
Object/Scene-level reasoning, 
some ambiguity

Visual Question Answering
Language unlock broad querying
— but introduces bias & shortcut risks

From Controlled to 
Real-World Settings
Increasing diversity, realism, and task openness

Benchmarking Difficulty 
& Bias Risk
Higher risk of model biases & indirect evaluation

Figure 1: The Evolving Landscape of Visual Understanding Benchmarks. As benchmarks
evolved from controlled, narrow tasks to open-ended VQA, they gained expressivity but
became vulnerable to non-visual shortcuts. Language-driven evaluation enables flexible
querying but risks models exploiting linguistic patterns rather than visual understanding.

This observation motivates the central argument of this paper: multimodal benchmark de-
signers should proactively stress-test their creations for exploitable non-visual shortcuts.
While it has become a common sanity check, the “blind” test Tong et al. (2024) evaluates a
multimodal benchmark with vision disabled and reveals when vision is unnecessary. It offers
no insight into why specific samples are exploitable or how to fix the non-visual shortcuts. We
demonstrate that a rigorous and useful stress test involves directly “training on the test
set”1, not to overfit, but to adversarially probe the test set for such intrinsic vulnerabilities.
This approach elevates robust benchmark design from simple static dataset curation to an
iterative and adversarial refinement process.

This “train on the test set” framing is critical. While training diagnostic models on held-out
in-distribution data can reveal biases that generalize across a domain, such an approach may
miss idiosyncratic vulnerabilities unique to the specific test set artifact, e.g., those arising from
the sampling process, templated questions, or human filtering decisions. Our proposed
methodology directly targets these test-set-specific shortcuts, helping to ensure that reported
benchmark scores reflect genuine multimodal capabilities rather than the exploitation of
unique statistical artifacts present in the evaluation instrument.

To demonstrate an effective realization of these principles, we introduce systematic ap-
proaches for both diagnosing and mitigating non-visual shortcuts. We first diagnose
benchmark susceptibility using a “Test-set Stress-Test” (TST) methodology that applies
k-fold cross-validation to train diagnostic models exclusively on non-visual test-set features,
deriving both an overall exploitability measure and sample-level bias scores, s(x). We
realize this diagnostic through two complementary approaches: a powerful LLM-based
variant (TsT-LLM) that LoRA-tunes a language model on question-only inputs to capture
complex shortcuts, and a lightweight Random Forest variant (TsT-RF) trained on hand-
crafted features that offers efficiency and interpretability for rapid auditing. We then debias
benchmarks by systematically filtering samples identified as highly biased according to s(x)
using an “Iterative Bias Pruning” (IBP) procedure.

Applying our diagnostic framework to prominent vision-centric multimodal benchmarks
such as VSI-Bench Yang et al. (2025a) and CV-Bench Tong et al. (2024), we uncover sub-

1This phrasing is a deliberate provocation directed at benchmark designers. TsT is a held-out, pre-
release audit of an evaluation instrument, not a recipe for training deployed models on test answers.
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Figure 2: Knowledge-based shortcuts in multimodal benchmarks. Blind vs. vision-
enabled performance across LLaVA-OneVision model scales. MMMU shows substantial
gains from scaling the LLM backbone but minimal improvement from enabling vision. VSI-
Bench demonstrates the opposite pattern: large vision gains with negligible blind scaling.

stantial non-visual biases, highlighting the prevalence of this issue (section 3). We study
benchmark refinement on both VSI-Bench and MMMU: a designer-in-the-loop VSI pilot
and separate automated controls expose the method’s provenance and limitations, while
MMMU provides a non-template negative control (section 4). Our experiments show that
TST reveals test-set-specific distributional patterns on template-based benchmarks that even
GPT-4o cannot exploit zero-shot, while correctly identifying minimal learnable shortcuts in
knowledge-intensive benchmarks. We further show that IBP reduces non-visual solvability
across diverse benchmark types.

In summary, our contributions are fivefold: (1) A principled stance on what constitutes an
“exploitable” non-visual shortcut, with a designer-in-the-loop philosophy for responsible
debiasing (section 2); (2) A generalizable TST diagnostic framework realized through both a
high-efficacy LLM-based variant and an interpretable Random Forest variant (section 3);
(3) Empirical validation across four major multimodal benchmarks (VSI-Bench, CV-Bench,
MMMU, and VideoMME), revealing pervasive non-visual shortcuts and comparing against
frontier LLM baselines (section 3.4); (4) The IBP mitigation methodology with raw scoring,
together with random-pruning and diagnostic-robustness controls (section 4); and (5) VSI-
Bench-Debiased v1, a designer-in-the-loop pilot released for community use, with its manual
provenance made explicit.

In the remainder of this paper, we detail the challenge of non-visual shortcuts (section 2),
present our diagnostic and mitigation methodologies (sections 3 and 4), discuss related
work (section 5), and conclude with a call for more rigorous benchmark design practices
(section 6).

2 The Challenge: Non-Visual Shortcuts

Non-visual shortcuts in multimodal benchmarks take two forms. Knowledge-based shortcuts
arise when LLMs can answer questions using world knowledge acquired during pretraining
without consulting the visual input Tong et al. (2024), for example, answering “How tall is
the refrigerator?” from memorized appliance dimensions. fig. 2 makes this concrete across
model scales: on MMMU, blind performance rises with the size of the LLM backbone while
enabling vision adds little, whereas VSI-Bench shows the opposite pattern (further analysis
in section B).

Statistical shortcuts arise from patterns in the test set itself: skewed answer distributions,
category-position correlations, and predictable value ranges that allow models to score well
by learning distributional regularities rather than performing visual reasoning. As shown in
fig. 3, statistical biases manifest across diverse task types. Counting tasks often exhibit severe
long-tailed answer distributions; in VSI-Bench, over 50% of counting questions have ground
truth “3” or fewer, enabling high scores from frequency priors alone (fig. 3a). Spatial relation
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(b) Spatial relation

Q:What is the appearance order for obj_1, obj_2, obj_3, obj_4?
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(c) Appearance order

Q:What is the length/width/size for the object/room?
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Figure 3: Statistical biases create non-visual shortcuts across diverse multimodal bench-
marks. (a) Counting tasks exhibit severe long-tailed answer distribution skews; (b) Spatial
relation tasks show imbalanced answer frequencies, where certain object categories ap-
pear as correct answers disproportionately often; (c) Appearance order tasks have strong
category-position correlations; and (d) Size estimation tasks follow predictable log-normal
distributions. Such patterns enable achieving high scores without the visual input.

tasks show imbalanced answer frequencies; in CV-Bench depth, categories like “keyboard”
appear as the correct answer 100% of the time they are queried (fig. 3b). Appearance order
tasks exhibit strong category-position correlations (fig. 3c), and size estimation tasks follow
predictable log-normal distributions (fig. 3d). Both types inflate benchmark scores and
misrepresent genuine visual understanding.

Critically, these shortcuts are readily exploitable: fine-tuning LLaVA-Video-7B on just 10K
in-distribution samples boosts its blind VSI-Bench score by +18.8 points, nearly matching the
+20.4 point vision-enabled gain. This demonstrates that MLLMs learn statistical shortcuts
that bypass visual reasoning entirely (section B, table 3). This motivates a systematic
diagnostic methodology that can quantify such vulnerabilities at both benchmark and
sample levels.

The interval from the blind zero-shot score (no test-set access) to the TsT score (test-set-
specific knowledge) is the benchmark’s exploit surface. It is a worst-case stress test, not
ordinary model performance. The VSI-Train-10k result shows that this surface is practically
relevant: in-distribution training, without access to the test split, already produces a +18.8-
point blind gain, close to the +20.4-point vision-enabled gain.

We define an exploitable non-visual shortcut as any pattern, regardless of origin, that
renders visual input redundant for a task designed to measure visual understanding. TsT is
a diagnostic tool for benchmark designers: a high bias score s(x) flags a sample as statistically ex-
ploitable, but the designer decides the appropriate response (diversify distributions, rewrite
questions, or accept the bias). This designer-in-the-loop philosophy ensures debiasing
preserves benchmark validity.
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Figure 4: Test-set Stress-Testing (TsT) targets intrinsic test-set vulnerabilities. (a) TsT
directly probes biases intrinsic to the specific test set (pink region), rather than approximating
them via external training data. (b) The test set is split into k folds; a blind diagnostic model
trains on k−1 folds and evaluates on the held-out fold, repeated k times to yield (i) overall
non-visual solvability and (ii) per-sample bias scores s(x).

Responsible use. TsT should be run by benchmark designers before release to audit the
benchmark itself. It should not be used to tune deployed models on evaluation answers,
and TsT scores should not be reported as ordinary no-access model performance.

3 Diagnosing Non-visual Shortcuts via Test-Set Stress-Testing

Benchmarks can fail in two fundamentally different ways: training failures, where biased
training data prevents robust generalization (e.g., VQA-CP Agrawal et al. (2018)), and
evaluation failures, where the test set itself contains exploitable artifacts. Our TsT framework
targets the latter. While training on held-out in-distribution data can reveal domain-level
biases, it may miss idiosyncratic vulnerabilities specific to a particular test set’s composition
(fig. 4a). We therefore advocate directly probing the test set via k-fold cross-validation
on non-visual features, uncovering exploitable biases arising from the specific sampling
process, procedural generation logic, or human filtering decisions. We present the core
TST framework (section 3.1), its complementary LLM-based (section 3.2) and RF-based
(section 3.3) realizations, and empirical validation across four benchmarks (section 3.4).

3.1 The TsT Framework

The foundational principle of TsT is to quantitatively estimate the extent to which bench-
mark questions can be answered using exclusively non-visual information present in the
test set itself. We apply k-fold cross-validation Stone (1974); Hastie et al. (2009) directly
on the test set: partition into k disjoint folds (typically k = 5), train a diagnostic model on
non-visual features from k−1 folds, and use the remaining fold as held-out validation. This
process repeats k times, so every sample is scored by a model that was never trained on that
sample. The aggregate is held-out validation performance, not training accuracy. The TsT
framework, illustrated in fig. 4, provides a direct measure of a benchmark’s “non-visual
solvability”. The TsT methodology yields two critical outputs:

1. Overall TsT Score: The aggregated held-out score across all k folds provides a global
estimate of the benchmark’s “non-visual solvability”. A high TsT score indicates that
a significant portion can be solved without the visual input by exploiting non-visual
patterns, potentially inflating reported MLLM performance. TsT combines two distinct
notions of bound: at fixed test-set access, its measured score is a pragmatic lower bound
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on what stronger diagnostics might exploit; relative to ordinary no-access evaluation, it
deliberately probes a worst-case access regime.

2. Sample-Level Bias Score s(x): For each sample x, we define s(x) as the held-out
diagnostic’s gold-answer score when x was in the validation fold. High s(x) indicates
the sample is likely answerable without visual information, marking it as a candidate
for shortcut learning. These scores enable targeted mitigation (section 4).

We reserve s(x) for the held-out fine-tuned gold-answer score used by IBP. For TsT-LLM,
∆s(x) = sFT(x)− sZS(x) denotes the test-set-learnable component when explicitly reported;
TsT-RF has no zero-shot analogue.

3.2 LLM-Based TsT Diagnostic

Our primary diagnostic uses a language model (Qwen2-7B Yang et al. (2024)) to capture
learnable patterns ranging from simple statistical correlations to complex textual regularities.
For each fold in the k-fold procedure, we fine-tune the LLM using LoRA Hu et al. (2022)
on question and answer-choice text (ignoring all visual inputs) from k−1 training folds,
then predict on the held-out fold. TsT-LLM offers three key advantages: (1) zero feature
engineering: direct application without manual feature design; (2) comprehensive detection: the
procedure surfaces both shortcut types, but through two distinct outputs rather than one.
The blind zero-shot baseline exposes knowledge-based exploitability the model already
carries from pretraining, while ∆TsT isolates the component that is learnable from the test set
itself ; MMMU separates the two cleanly (section 3.4); and (3) aligned diagnosis: matching the
sophistication of the MLLMs being evaluated. LoRA enables computational efficiency (∼20
minutes per benchmark on 4×H200 GPUs for k=5 folds), though the method generalizes to
full fine-tuning Schulman & Lab (2025). While TsT-LLM provides strong detection capability,
it offers limited interpretability regarding which specific non-visual cues drive exploitability,
motivating the complementary RF-based diagnostic below. Implementation details are in
section D.1.

3.3 RF-Based TsT Diagnostic

We complement TsT-LLM with a Random Forest diagnostic (TsT-RF) Breiman (2001) trained
on hand-crafted non-visual features (parsed question structure, answer properties, metadata,
and task-specific statistics; see section D.3). TsT-RF trades generality for interpretability
and efficiency. Feature importance reveals which cues drive the RF diagnostic (e.g., a
single feature achieves 0.968 Gini importance for VSI-Bench size estimation; section F), and
training completes in seconds on CPU. Some hand-crafted statistics are label-conditioned
quantities available to benchmark designers, so we interpret RF results as designer-side audit
diagnostics rather than deployable blind-model performance; label-agnostic feature design
is an important direction for future work. TsT-RF is a fast, interpretable secondary diagnostic
for template-based benchmarks; TsT-LLM provides the zero-engineering alternative for
non-templated data.

3.4 Empirical Validation: TsT Reveals Widespread Shortcut Susceptibility

Applying our TsT diagnostics to four prominent multimodal benchmarks reveals that
non-visual shortcut susceptibility is both widespread and significant.

TsT-LLM Results. table 1 presents TsT-LLM diagnostic results across VSI-Bench, CV-Bench,
MMMU, and VideoMME. We compare the performance of a blind Qwen2-7B model in zero-
shot (ZS) evaluation against its score after k-fold LoRA fine-tuning directly on the test set.
The improvement, ∆TsT, quantifies the degree of learnable non-visual shortcuts intrinsic to
each test set. For template-based benchmarks CV-Bench and VSI-Bench, TsT-LLM achieves
dramatic gains of +33.3 and +18.0 points respectively, indicating that substantial fractions of
these benchmarks can be “solved” by learning patterns in non-visual data alone. VideoMME
shows a meaningful gain of +6.4 points. Notably, on MMMU, a knowledge-intensive and
non-templated benchmark, the fine-tuning improvement is negligible (∆TsT = −0.6), indi-
cating that MMMU’s text contains very few learnable shortcuts beyond what the base model
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Table 1: TsT-LLM reveals learnable non-visual shortcuts distinct from frontier LLM
knowledge. Qwen ZS and TsT use identical scoring, so ∆TsT measures learnable test-set-
specific signal. For MC, Qwen/TsT report mean gold-option probability; GPT-4o reports
contextual hard top-1 accuracy. All ∆ values are computed from unrounded scores.

Blind Zero-Shot

Benchmark
GPT-4o

hard acc. Qwen ZS score TsT score ∆TsT

CV-Bench 47.3 40.1 73.4 +33.3
VSI-Bench (MC) 25.2 25.5 39.1 +13.6
VSI-Bench (MC+NUM) – 24.7 42.7 +18.0
MMMU (val) 52.3 34.2 33.6 -0.6
VideoMME 46.7 35.3 41.7 +6.4
VSI MC+NUM weights the MC score and NUM mean relative accuracy by sample count.
VSI NUM only: Qwen ZS 24.0, TsT 46.0 (∆+21.9); chance is zero.

already knows from pretraining. This contrast between template-based and knowledge-
intensive benchmarks demonstrates that TsT effectively discriminates between different
types of non-visual vulnerability: substantial distributional exploitability in benchmarks
with structured question templates, versus minimal learnable bias in knowledge-heavy
evaluations.

Comparison to Frontier LLM Baselines. For context, we also report GPT-4o blind zero-
shot performance (table 1).2 The primary learnability signal is the within-Qwen ZS-to-TsT
change under identical scoring. Large gains on CV-Bench and VSI-Bench indicate learnable
test-set-specific patterns; MMMU’s near-zero change, alongside GPT-4o’s high blind hard
accuracy, is consistent with pretrained world knowledge instead.

Vision-indispensable control. On MMStar Chen et al. (2024a), the blind zero-shot mean
gold-option probability is 24.2%, approximately the 25% uniform baseline, and the TsT
score reaches 29.5% (∆TsT=+ 5.4). This is far below VSI-Bench’s +13.6 MC-only gain (+18.0
weighted), providing a curated positive control alongside MMMU’s −0.6 negative control.

TsT-RF Results. TsT-RF reports high non-visual predictability on template-based bench-
marks, reaching 43.5% on VSI-Bench and 75.5% on CV-Bench (full results in section D).
Because some RF features are label-conditioned (section 3.3), we read these as designer-side
audit statistics that corroborate the direction of the TsT-LLM finding, not as an independent
blind-model measurement. The fact that both diagnostics independently detect substantial
bias underscores the severity of the problem. The sample-level bias scores s(x) generated
by these diagnostics provide the foundation for targeted mitigation (section 4).

4 Mitigating Non-Visual Shortcuts Guided by TsT Insights

We now demonstrate how TsT-derived bias scores enable systematic benchmark refinement
via Iterative Bias Pruning (IBP).

4.1 The Iterative Bias Pruning (IBP) Procedure

IBP applies TsT-derived s(x) scores to iteratively prune the most biased samples, re-
diagnosing after each batch to adapt to the evolving data distribution (algorithm 1). This
iterative re-computation is crucial: removing highly biased samples alters the statistical
landscape of the remaining data, potentially changing the relative exploitability of other
samples or the predictive power of different non-visual features. This adaptive approach
prevents “shifting the bias under the rug,” where addressing one dominant shortcut leaves
secondary ones untouched or amplified. The procedure is governed by a removal budget B

2GPT-4o uses hard accuracy; Qwen/TsT MC uses mean gold-option probability. Absolute values
are contextual, not directly comparable.
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(controlling the trade-off between bias reduction and dataset coverage), batch size b (influ-
encing re-diagnosis granularity), and an early-stopping threshold τ on maximum residual
bias. We use non-difficulty-normalized s(x) scores throughout the mainline analyses; a
separately labeled delta-selected MMMU downstream control is reported in section 4.3.
We use TsT-RF for the automated VSI analyses (section E.3) and TsT-LLM for MMMU; the
framework generalizes to any bias-score source. Further implementation details are in
section E.1.

Algorithm 1: Iterative Bias Pruning (IBP)

Input: Dataset D; bias-diagnosis function ComputeSampleBiasScores(·); removal
budget B; batch size b; early-stopping threshold τ

Output: Debiased dataset D′
R← 0 ; // samples removed so far
while R < B do
{ si}xi∈D ← ComputeSampleBiasScores(D) ; // re-diagnose
if maxi si ≤ τ then

break ; // early stop: all biases below threshold

k← min
(
b, B− R

)
;

I ← SelectBatch
(
{ si}xi∈D , k,D

)
; // select batch for removal

D ← D \ I ;
R← R + |I|;

return D′ ← D

4.2 Case Study: VSI-Bench-Debiased v1

VSI-Bench-Debiased v1 is a designer-in-the-loop manual pilot that predates the formal auto-
mated IBP algorithm. It uses hand-crafted, question-type-specific filtering heuristics and
removes 2,768 of 5,130 samples (54.0%). It is therefore evidence for the broader diagnose-
and-refine workflow, but it is not the output of Algorithm 1. Automated per-format and
per-type results are reported separately in section E.3.

The robust signal is preferential removal of blind-exploitable samples. For the fine-tuned
LLaVA-Video model, the blind score drops from 44.7% to 32.0%; the vision-blind gap
increases from 12.4 to 16.6 (table 2). An independent re-aggregation of cached per-sample
predictions reproduces this same v1 result as 16.7; the 0.1 difference is scoring-pipeline
tolerance, not a second artifact. Appendix tables built on that re-aggregation pipeline
therefore report 16.7. At matched 54% removal over 10 random seeds, the gap is only 12.4±
0.6; for Cambrian-S, guided removal gives 26.0 versus 19.4± 0.8 for random removal. Thus

Table 2: VSI-Bench-Debiased v1 manual-pilot evaluation. The primary signal is the drop
in blind score: for the fine-tuned model, blind falls from 44.7 to 32.0 while vision falls far
less (57.1 to 48.7). Equivalently, fine-tuning improves vision and blind nearly equally on
the original (+20.4 vs. +18.8) but improves vision much more than blind on the debiased
set (+17.4 vs. +11.7), so the debiased set better isolates visual reasoning. The vision-blind
gap (∆V−B) widens accordingly (16.6 vs. 12.4); we treat this widening as a secondary, model-
dependent consequence. Gaps are computed from unrounded per-type scores and may
differ from the rounded entries by 0.1.

VSI-Bench (Original) VSI-Bench-Debiased

Model Configuration Vis. Blind ∆V−B Vis. Blind ∆V−B

LLaVA-Video 7B (Base) 36.7 25.9 10.8 31.3 20.3 11.0
+ VSI-Train-10k FT 57.1 44.7 12.4 48.7 32.0 16.6
Increase in ∆ due to FT 20.4 18.8 1.6 17.4 11.7 5.6

Chance (frequency) 34.0 34.0
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the effect depends on which samples are removed, rather than pruning alone. Gap widening
is nevertheless model-dependent and is treated as secondary to the direct reduction in blind
shortcut score.

Because v1 contains only 2,362 questions and materially changes the question-type distri-
bution, it is a separate evaluation artifact, not a drop-in replacement whose leaderboard
scores are directly comparable with the original VSI-Bench. Full per-type retention and
random-control results are in section E.3.

4.3 Generalization: IBP on MMMU

To test IBP beyond template-based benchmarks, we first apply raw-score IBP with TsT-LLM
to the 900-question MMMU validation pool Yue et al. (2024) (847 multiple-choice and 53
open-ended), removing 100 samples (11.1%). Difficulty normalization is not used. Raw
mean score changes from 0.305 to 0.269 and the aggregate TsT score from 32.4% to 28.8%.

Separately, our downstream negative control evaluates a delta-selected subset: delta scoring
diagnoses the 847 multiple-choice questions, removes 100, and retains all 53 open-ended
questions unchanged. On this 800-question survivor set, LLaVA-OneVision-7B’s vision-
blind gap moves only from 6.7 to 7.5 (+0.83), inside the matched 1,000-seed random-pruning
band [4.62, 8.75]. The delta-selected items are largely general-knowledge questions rather
than systematic visual shortcuts; this control validates the delta-selected variant, not raw-
score pruning. Full details are in section E.2.

5 Related Work

VQA Debiasing. Non-visual shortcuts have deep roots in VQA Antol et al. (2015); Goyal
et al. (2017), where model-debiasing methods address training failures by regularizing models
against language priors Agrawal et al. (2018); Ramakrishnan et al. (2018), suppressing
unimodal biases Cadene et al. (2019); Liang et al. (2021), or employing counterfactual
augmentation Niu et al. (2021); Abbasnejad et al. (2020); Cho et al. (2023). These methods
improve model robustness but assume the evaluation benchmark itself is sound. TsT
addresses the complementary problem of evaluation failures by auditing the test set artifact
directly and identifying samples where non-visual patterns render visual input redundant
regardless of model training quality.

Benchmark Auditing. TsT extends an established line of partial-input auditing. Hypothesis-
only NLI baselines show that a label can often be predicted while ignoring the premise Poliak
et al. (2018); adversarial removal methods then mitigate such hypothesis-only bias Belinkov
et al. (2019). The structural analogy is direct: the image is the omitted premise, while the
question and choices form the retained partial input. We therefore do not claim that partial-
input prediction or cross-validation is itself new. Our contribution adapts this principle
to contemporary multimodal benchmarks by cross-validating within the intended test
artifact, producing held-out sample-level exploitability scores, and using them for iterative
benchmark refinement.

In multimodal evaluation, the simplest partial-input diagnostic is the “blind” test Tong
et al. (2024), which provides only a dataset-level signal. Other methods quantify modality
importance Park et al. (2025), spatial bias Agarwal et al. (2025), and unimodal reliance Chen
et al. (2024b). TsT adds sample-level scores for targeted, designer-reviewed refinement; this
granularity, rather than the general idea of a partial-input baseline, is the methodological
distinction.

Robust Benchmarks. Winoground Thrush et al. (2022), Vinoground Zhang et al. (2024),
and the Hateful Memes Challenge Kiela et al. (2020) are designed from the ground up
to resist shortcuts. Most relevant to our work, MMStar Chen et al. (2024a) manually cu-
rates vision-indispensable samples from existing benchmarks, while MMMU-Pro Yue et al.
(2025) augments MMMU with additional answer options. However, manual curation does
not scale, and augmentation strategies are benchmark-specific. TsT provides a quantita-
tive, sample-level alternative: measuring per-sample exploitability to guide reproducible
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refinement of any existing benchmark post-hoc. We note that the artifact we release, VSI-
Bench-Debiased v1, is itself a designer-in-the-loop manual pilot, and that our automated
VSI selection runs on the designer-side TsT-RF diagnostic; the contribution is a measured,
reusable signal to guide curation, not the elimination of designer judgment. A broader
shortcut-learning literature studies why deep models prefer available but non-causal fea-
tures and how such behavior can be interpreted or mitigated Geirhos et al. (2020); Hermann
et al. (2024); Du et al. (2021). Visual shortcuts remain important; we focus on non-visual
shortcuts because they uniquely violate the stated intent of a vision-centric benchmark
whose questions should require looking. A systematic comparison table is in section G.

6 Conclusion

Multimodal benchmarks are the foundation for measuring progress in multimodal AI, yet
they remain vulnerable to a critical flaw: models can achieve high scores by exploiting non-
visual shortcuts rather than demonstrating genuine visual understanding. This phenomenon
risks creating an “illusion of progress” that misdirects research efforts toward pattern
matching rather than true multimodal reasoning.

We argue that benchmark designers must proactively “train on the test set,” not to overfit,
but to adversarially audit for intrinsic, exploitable patterns. To enable this, we introduce
Test-set Stress-Test (TST), a diagnostic framework that quantifies non-visual exploitability
through k-fold cross-validation on test-set text, producing sample-level bias scores s(x) that
guide targeted mitigation. Applying TST to four major benchmarks reveals that non-visual
shortcuts are both pervasive and heterogeneous: template-based benchmarks show large
within-Qwen gains under identical scoring (up to +33 points), while knowledge-intensive
MMMU exhibits near-zero learnable gain despite high blind hard accuracy from frontier
models’ pretrained world knowledge. Our results separate a promising designer-in-the-
loop pilot from automated Iterative Bias Pruning (IBP). VSI-Bench-Debiased v1 reduces
blind shortcut scores and widens the fine-tuned vision-blind gap beyond matched random
pruning, while automated raw-score IBP reduces intrinsic bias scores. On MMMU, IBP
behaves like random removal downstream, the desired negative-control outcome for a
benchmark with near-zero learnable shortcuts.

Rigorous test-set stress-testing should become standard practice in the robust design of
multimodal benchmarks. Several promising directions remain: extending TsT to modalities
beyond vision-language; using TsT-RF signals to guide reparative strategies such as ques-
tion rewriting, answer rebalancing, and diversification rather than removal; and studying
transfer across diagnostics. For open-ended tasks, a candidate signal is improvement in
a blind fine-tuned LM’s ability to produce the gold answer, paired with a label-shuffle or
marginal/format control; raw gold-answer perplexity alone can be confounded by answer
marginals. Embedding-space proximity to retrieved test-set neighbors is another option.
We release VSI-Bench-Debiased v1 and report exact diagnostic configurations in section D.1
to support careful adoption; the complete public code migration is ongoing. Only through
adversarial evaluation of our evaluation instruments can we ensure benchmarks measure
genuine multimodal understanding rather than statistical pattern matching.
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Appendix

This appendix provides extended analyses, moved content from the main paper, and
implementation details: §A LLM-use disclosure; §B extended shortcut analysis; §C VSI-
Train-10k generation; §D TsT diagnostic details; §E debiasing details; §F RF interpretability;
§G extended related work.

A LLM Disclosure

LLMs were used for drafting and editing assistance, bibliographic and consistency checks,
coding assistance, and data visualization during preparation of this manuscript. The authors
directed the work, verified the reported claims, citations, and numerical results against
source artifacts, and take responsibility for the final text. Research ideas, experimental
design, data generation, and evaluation were performed and validated by the authors.

B Extended Shortcut Analysis

B.1 What Constitutes a Non-Visual Shortcut?

We define an exploitable non-visual shortcut as any pattern, regardless of origin, that
renders visual input redundant for a task designed to measure visual understanding. A
pattern becomes problematic when it lets models bypass the intended visual reasoning,
whether it reflects natural world knowledge, real-world statistics, or procedural generation
artifacts.

This definition has important implications. Consider a visual size estimation task asking
“How tall is the refrigerator?” A model can answer from memorized appliance dimensions
without visual measurement. Similarly, statistical correlations (e.g., “lamp” being dispropor-
tionately correct in spatial relation questions) function as shortcuts regardless of whether
they reflect real-world regularities or sampling artifacts.

B.2 Knowledge-Based Shortcuts

The first category of exploitable shortcuts arises from world knowledge embedded in LLMs
during pretraining Tong et al. (2024). fig. 2 reports this across LLaVA-OneVision scales:
MMMU and VideoMME benefit more from scaling the LLM backbone than from enabling
visual inputs, while VSI-Bench shows negligible gains from LLM scaling in blind settings
but substantial improvements when vision is enabled.

B.3 Statistical Shortcuts

As illustrated in fig. 3, statistical biases manifest across diverse task types. Counting tasks
exhibit severe long-tailed distributions; spatial relation tasks show imbalanced answer
frequencies; appearance order tasks have category-position correlations; and size estima-
tion tasks follow predictable log-normal distributions. These persist even in benchmarks
designed to avoid knowledge-based shortcuts.
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Table 3: MLLMs readily exploit statistical shortcuts. LLaVA-Video-7B on VSI-Bench
before/after fine-tuning on VSI-Train-10k. Blind score gains (+18.8 pts) nearly match vision-
enabled gains (+20.4 pts).

Configuration Vision Blind ∆V−B

LLaVA-Video 7B (Base) 36.7 25.9 10.8
+ VSI-Train-10k FT 57.1 44.7 12.4
∆ due to FT +20.4 +18.8 +1.6

Chance (frequency) 34.0

B.4 MLLMs Readily Exploit These Shortcuts

Fine-tuning LLaVA-Video-7B on just 10K in-distribution samples (table 3) boosts the blind
score by +18.8 points, nearly matching the +20.4 point vision-enabled gain. This demon-
strates that MLLMs learn statistical shortcuts that bypass visual reasoning entirely.

C VSI-Train-10k Generation

To create the in-distribution training set for demonstrating MLLM shortcut learning (table 3),
we follow the VSI-Bench Yang et al. (2025a) benchmark curation pipeline. First, we extract
object numbers, bounding boxes, and room sizes from the training splits of ScanNet Dai et al.
(2017), ScanNet++ Yeshwanth et al. (2023), and arkitScenes Baruch et al. (2021). We then use
the exact same question templates from VSI-Bench to generate question-answer pairs for
seven rule-based question types (excluding route planning). Finally, we randomly sample
10K questions, setting a maximum of 20 questions per question type per scene. See Yang
et al. (2025b) for more details on the procedure followed.

D TsT Diagnostic Details

D.1 TsT-LLM Implementation Details

For our LLM-based TsT diagnostic (section 3.2), we use Qwen2-7B-Instruct Yang et al.
(2024) (revision f2826a0) and VSI-Bench revision d7cb1a3. The exact configuration that
produced every headline result is: k=5, seed 42, one repeat, LoRA Hu et al. (2022) rank
r=8, α=16, dropout 0.1, all-module targets, one epoch per fold, train and evaluation batch
size 4, gradient accumulation 1, learning rate 2× 10−4 with cosine decay and 0.1 warmup,
FP16, maximum sequence length 1024, a 10% internal training-fold validation split, and
the gemma training template. Inference uses raw prompts (no chat template), temperature 0,
top-p 1, at most 10 new tokens, and top-100 log probabilities. MC samples are scored with
the probability of the gold option, while NUM samples use generated answers and mean
relative accuracy; difficulty normalization is off. Each sample is scored only in its held-out
fold.

An independent reproduction of the primary configuration yields a 42.66% weighted VSI
score (∆TsT=17.93), matching the reported 42.7% (∆TsT=18.0). Rank 128 is not recommended
in this small-data regime.

For completeness, we also report a separate ranking-oriented configuration (r=32, α=64,
two epochs, batch size 32, learning rate 5× 10−5 with cosine decay and 0.1 warmup, qwen
template with chat formatting). Within that study, a matched r=128, α=256, three-epoch run
used the same chat-formatted setup; their un-normalized ∆s(x) rankings have Spearman
ρ=0.87 and 70.9% top-1,000 overlap. This comparison is specific to the chat-formatted study
and does not establish cost or ranking agreement relative to the primary configuration; the
alternate should be treated as a distinct ranking recipe rather than a lower-cost substitute.
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D.2 TsT-RF Results

Table 4: TsT-RF provides efficient, interpretable diagnostics. Random Forest performance
via k-fold cross-validation on hand-crafted features. Some features are label-conditioned
designer-side statistics (section 3.3), so the aggregate CV score is an audit diagnostic and is
not directly comparable to a blind model’s score; the baseline columns are listed for scale
only. VSI-Bench combines MC accuracy and NUM mean relative accuracy (MRA), while
CV-Bench uses MC accuracy.

Benchmark Chance baseline Frequency baseline TsT-RF CV score

CV-Bench 33.3 43.1 75.5
VSI-Bench - 34.0 43.5

D.3 TsT-RF Feature Extraction

For RF-based TsT diagnostic (section 3.3), we extract non-visual features fnv(x) tailored
to each benchmark’s structure. For template-based benchmarks (VSI-Bench, CV-Bench),
features include: (1) entities and relations parsed from question text; (2) answer-space
properties such as answer format and option count; (3) question-type and object metadata;
and (4) task-specific frequency and distributional statistics (e.g., for size estimation, the
average size of mentioned objects computed from dataset statistics). For non-templated
benchmarks, the RF feature set is restricted to available question/answer properties and
question-level metadata. The reported implementation uses scikit-learn forests with no
maximum depth: 100 trees for classifiers and 200 for regressors. A robustness grid over
nestimators ∈ {200, 1000, 2000} and depth ∈ {10, 20, None}, applied to both model types,
brackets this setting from above rather than containing it, since the shipped forests use
fewer trees. Across that grid, pairwise raw-score Spearman correlation is at least 0.990 and
top-1,000 removed-set Jaccard is at least 0.873, so the rankings are insensitive to forest size
and depth over an order of magnitude in nestimators. See section D.4 for more details on the
feature engineering process.

D.4 TsT-RF Feature Engineering

The following tables summarize representative non-visual features engineered for each
benchmark’s template-based question types. The implementation additionally derives
closely related frequency and ratio features; these tables are illustrative rather than an
exhaustive schema. The features capture textual, statistical, and metadata patterns that
might correlate with ground truth answers without requiring visual input.

VSI-Bench Features. Based on the VSI-Bench question templates and dataset structure,
we extract task-specific features for each question type; representative features are shown in
table 5. VSI-Bench uses templated questions with predictable structure, enabling efficient
feature extraction via regular expressions that parse object categories, distances, directions,
and other task-specific elements directly from the question text.

CV-Bench Features. Based on the CV-Bench question templates and task structure, we
extract features for each visual reasoning task, shown in table 7. All frequency maps and
aggregate statistics are fit exclusively on the training folds during k-fold cross-validation.
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Table 5: Representative VSI-Bench TsT-RF features by task type. Features are extracted
from the question text and answer choices (for Multiple-Choice) or the question alone (for
Open-Ended), with no visual input. All statistical features are computed exclusively from
training folds during cross-validation.

Task Format Feature Type Feature Name Description

Object
Counting

OE

Categorical object Object category

Numerical

obj count Count of this object
obj val log mean Mean of log GT values
obj val log std Std dev of log GT values
global mean log Global mean (log space)
global std log Global std dev (log space)

Object Size
Estimation

OE

Categorical object Object category

Numerical
obj count Count of this object
obj val log mean Mean of log GT sizes
obj val log std Std dev of log GT sizes

Object Abs.
Distance

OE

Categorical object pair Sorted pair of objects

Numerical
pair count Count of this pair
pair val mean log Mean of log distances
pair val std log Std dev of log distances

Room Size
Estimation OE Numerical global mean log Global mean (log space)

global std log Global std dev (log space)

Table 6: Representative VSI-Bench TsT-RF features by task type (continued).

Task Format Feature Type Feature Name Description

Object Rel.
Distance

MC

Categorical target object Category of target object
object {i} Object category of option i, ∀i ∈

[4]

Numerical

opt {i} obj freq Frequency of option i’s object
being correct

opt {i} pair freq Frequency of option i’s object-
target pair being correct

max opt obj freq Max option frequency
max opt pair freq Max object-target pair fre-

quency

Object Rel.
Direction

MC Categorical

difficulty Subtype (easy/med/hard)
positioning object Object that is being stood by
orienting object Object that is being faced to-

ward
querying object Query target object

Numerical obj freq score Combined frequency of all 3 ob-
jects being in a question

Route
Planning MC

Categorical

beginning object Starting position object
facing object Initial orientation object
target object Destination object
opt {i} Route string option i

Numerical

num steps Number of steps in route op-
tions (all the same)

num choices Number of MC options
opt {i} freq score Route option i frequency
obj freq score Combined frequency of all 3 ob-

jects being in a question

Appearance
Order

MC

Categorical opt seq {i} Object sequence for option i:
[oi

1, oi
2, . . . , oi

n ]

Numerical

seq {i} pos score Sum of frequencies of object oi
j

appearing in position j in a GT
sequence, ∀j ∈ [n]

seq {i} adj pair score Sum of frequencies of adjacent
pairs oi

j , oi
j+1 in a GT sequence,

∀j ∈ [n− 1]
seq {i} comb pair score Sum of frequencies of all com-

binatorial pairs oi
j , oi

k in a GT se-
quence, ∀j, k ∈ [n], j < k

seq {i} score Average of the above three
scores for option i
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Table 7: Representative CV-Bench TsT-RF features by task type. Features are extracted
from the question text and answer choices with no visual input. All CV-Bench tasks are
Multiple-Choice. Statistical features are computed exclusively from training folds during
cross-validation.

Task Feature Type Feature Name Description

2D
Count

Categorical object Object category

Numerical

n options Number of MC choices
obj count Count of this object
obj val log mean Mean of log GT values
obj val log std Std dev of log GT values
global mean log Global mean (log space)
global std log Global std dev (log space)
opt {i} dist from obj mean Per-option distance scores
opt {i} dist from global mean Per-option distance scores

2D Spatial
Relation

Categorical object {i} Category of object i, ∀i ∈ [2]

Numerical

n options Number of MC choices
pair freq score Frequency of object pair in questions
question length Question character length
contains {dir} Contains spatial keyword dir, for dir ∈

{left, right, above, below, front,
behind}

spatial keyword count Total spatial direction keywords

3D Depth
Categorical object {i} Category of object i, ∀i ∈ [2]

Numerical n options Number of MC choices
pair freq score Frequency of object pair in questions

3D Distance
Categorical object {i} Category of object i, ∀i ∈ [2]

Numerical n options Number of MC choices
pair freq score Frequency of object pair in questions
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E Debiasing Details

The automated VSI-Bench analyses use label-conditioned TsT-RF statistics available to
benchmark designers. They therefore characterize designer-side audit selections rather than
predictions by a deployable blind model.

E.1 Iterative Bias Pruning (IBP) Details

The IBP algorithm, presented in algorithm 1, operationalizes this iterative debiasing
philosophy. It begins with the full dataset D and progressively refines it. In each it-
eration, current bias scores { si}xi∈D are computed for all remaining samples using the
ComputeSampleBiasScores(·) function (which encapsulates our TST methodology). Based
on these scores, and respecting an overall removal budget B and a per-iteration batch size
b, a subset of samples I is selected for removal by the SelectBatch(·) function. Selection
can remove the highest-scoring samples directly, weight numerical samples, or balance
categorical groups, while always using s(x) as its primary signal.

The process repeats until the budget B is exhausted or an early-stopping criterion, such as
the maximum remaining bias score maxi si falling below a threshold τ, is met.

The budget B controls the trade-off between bias reduction and dataset coverage, while
batch size b influences granularity: smaller b enables more frequent re-diagnosis at higher
computational cost. While we focus on pruning due to its simplicity and reproducibil-
ity, the framework could accommodate reparative strategies (question rewriting, answer
rebalancing) in future work.

E.2 MMMU Negative-Control Results

Raw-score IBP over the 900-question validation pool removes 100 samples: mean s(x)
falls from 0.305 to 0.269 and the aggregate TsT score from 32.4% to 28.8%. Separately, the
downstream evaluation below uses the delta-selected survivor set. That variant diagnoses
the 847 multiple-choice questions, removes 100, and leaves all 53 open-ended questions
unchanged.

Table 8: The MMMU delta-selected subset is a downstream negative control. Delta-guided
removal changes the gap by only 0.83 points, inside the 1,000-seed matched-random band.

Subset n Vision Blind Gap

Original 900 49.4 42.8 6.7
Delta-guided removal 800 47.9 40.4 7.5
Random removal 800 – – 6.69± 0.58
Random gap range: [4.62, 8.75]; guided gap 7.50.

E.3 VSI-Bench-Debiased v1 Provenance and Diversity

The released VSI-Bench-Debiased v1 is the original designer-in-the-loop pilot, not the output
of automated IBP. It uses bespoke per-question-type heuristics and hard-coded budgets
to remove 2,768 of 5,130 questions. All ten types remain, but coverage is not uniformly
preserved: for example, 85.7% of medium and 68.9% of hard relative-direction questions are
removed, while only 2.3% of easy relative-direction questions are removed. This distribution
shift is a limitation of v1 and motivates a reproducible automated v2.
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Table 9: Actual v1 manual-pilot composition. Coverage remains across all types, but
retention changes materially.

Question Type Format Original Removed Removed (%) Kept

Object size NUM 953 600 62.9 353
Absolute distance NUM 834 400 48.0 434
Relative distance MC 710 400 56.3 310
Appearance order MC 618 300 48.5 318
Object counting NUM 565 314 55.6 251
Relative direction (med.) MC 378 324 85.7 54
Relative direction (hard) MC 373 257 68.9 116
Relative direction (easy) MC 217 5 2.3 212
Room size NUM 288 88 30.6 200
Route planning MC 194 80 41.2 114

Total 5,130 2,768 54.0 2,362

E.3.1 Manual and automated results.

Automated per-format IBP ranks MC and NUM separately because their score scales are not
commensurate. At B=1000 it removes 19.5% and reduces intrinsic scores, but the LLaVA
gap remains 12.3. Automated per-type variants at matched 54% removal widen the gap to
14.3–15.4, depending on allocation and seed; the hand-crafted v1 pilot reaches 16.7. These
are separate artifacts and should not be conflated.

Table 10: VSI refinement provenance. Gaps use the paper’s micro aggregation and the
fine-tuned LLaVA-Video model, re-aggregated from cached per-sample predictions; this
pipeline reproduces table 2’s 16.6 as 16.7.

Selection method Removed (%) Kept Vision-blind gap

Original 0.0 5,130 12.4
Automated per-format, B=1000 19.5 4,130 12.3
Automated per-type, uniform 54.0 2,360 14.3
Automated per-type, allocated (seed 1/42) 54.0 2,362 14.4/15.4
Manual pilot v1 54.0 2,362 16.7

Table 11: Matched random-pruning controls at v1’s 54% removal rate (10 seeds). Gaps
come from the same re-aggregation pipeline as table 10, hence 16.7 rather than 16.6.

Model Full gap Guided v1 Random

LLaVA-Video-7B + FT 12.4 16.7 12.4± 0.6
Cambrian-S 19.2 26.0 19.4± 0.8
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Table 12: VSI-Bench-Debiased v1 transfer across model families. Micro-averaged scores
on the original and released v1 manual-pilot sets. V and B denote vision and blind evalu-
ation; each combines MC accuracy and NUM MRA. Gaps and ∆ gap are computed from
unrounded scores, so they may differ from the rounded entries by 0.1.

Original v1

Model LLM backbone V B Gap V B Gap ∆ gap

Cambrian-S Qwen2.5 66.1 46.9 19.2 58.3 32.3 26.0 +6.8
LLaVA-Video-7B + FT Qwen2 57.1 44.7 12.4 48.7 32.0 16.7 +4.3
InternVL3-9B InternLM2 43.6 32.5 11.1 41.5 28.2 13.2 +2.2
InternVL2.5-26B InternLM2.5 45.3 32.5 12.8 38.4 25.1 13.3 +0.5
InternVL2.5-8B InternLM2.5 44.0 31.6 12.4 37.5 24.2 13.3 +0.9
LLaVA-OneVision-7B Qwen2 35.9 25.6 10.3 29.6 19.0 10.6 +0.2
LLaVA-Video-7B Qwen2 37.0 23.6 13.5 31.9 18.6 13.3 −0.2

InternVL3-9B is a fresh, verified non-Qwen run (InternLM2 backbone); its gap increases
from 11.1 to 13.2, about three standard deviations above its matched random-pruning null.
Cambrian-S is Qwen2.5-backed and is not used as the non-Qwen claim. Across all seven
evaluated models, gap widening tracks original blind exploitability (Spearman ρ=0.96),
while the original gap does not (ρ=0.14); this descriptive trend explains why weak blind
exploiters remain nearly flat.

E.3.2 Diagnostic dependence and robustness.

TsT-LLM and TsT-RF identify complementary shortcut families. Their removed sets have
Jaccard 0.057 (65 shared of 1,135 in the union), so the framework is diagnostic-aware rather
than defining a unique ground-truth pruned set.

Table 13: Removal rates (%) for two diagnostics. Budgets differ (LLM 200, RF 1,000);
matched-budget Jaccard remains 0.058.

Question type TsT-LLM TsT-RF

Appearance order 15.5 40.6
Object counting 15.9 13.8
Object size 0.4 30.5
Absolute distance 0.2 14.0

Swapping Qwen2-7B for LLaMA-3-8B under matched folds and seed gives raw-score Spear-
man 0.58, Pearson 0.61, and 59.7% top-1,000 overlap. Within TsT-RF, an estimator/depth
grid gives pairwise Spearman at least 0.990 and top-1,000 Jaccard at least 0.873. Thus model
families are complementary, while each diagnostic’s ranking has meaningful within-family
robustness.

E.3.3 Removal-budget sensitivity.

For automated per-format IBP, mean bias decreases monotonically with B. MC mean bias
begins to plateau around B=1500 (29.2% removal), while NUM mean bias continues to
decline through the tested range. We use B=1000 as a coverage/bias trade-off; this sweep
concerns intrinsic bias reduction, not v1’s separate gap-widening pilot.
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Table 14: Automated per-format IBP budget sweep.

B Removed (%) MC mean bias NUM mean bias

200 3.9 0.335 0.421
500 9.7 0.314 0.384

1,000 19.5 0.275 0.322
1,500 29.2 0.254 0.262
2,000 39.0 0.225 0.199
2,500 48.7 0.213 0.133
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F TsT-RF Interpretability Analysis

To demonstrate how TsT-RF can supply actionable dataset diagnostics, we present a case
study of VSI-Bench’s object size estimation task. RF feature importance explains the RF
diagnostic’s dependence on engineered dataset features; it is not a faithful explanation of
the internal mechanism used by a modern MLLM.

Task and Features. This task asks: “What is the length of the longest dimension (length,
width, or height) of the {object}, measured in centimeters?” For each question, we ex-
tract six features: one categorical (object), and five numerical features derived from
the training-fold data (obj count, obj freq score, obj val log mean, obj val log std, and
obj val log ratio for the object category). All statistical features are computed exclusively
from the training folds during k-fold cross-validation, so no validation sample informs its
own score. These statistics remain label-conditioned by construction (section 3.3), which is
precisely what makes them a designer-side audit signal rather than a blind-model perfor-
mance estimate.

Diagnostic Performance. Applying TsT-RF via 5-fold cross-validation, the diagnostic
model achieved an overall MRA of 61.4%± 2.4%, substantially above the frequency baseline
of 34.0%, indicating strong non-visual exploitability.

Table 15: Gini importances of the six RF features used for the VSI-Bench size-estimation case
study.

Feature Importance

obj val log mean 0.968
object (category) 0.009
obj val log std 0.008
obj val log ratio 0.007
obj count 0.004
obj freq score 0.004

Feature Importance Analysis. table 15 presents the Gini feature importances. The
obj val log mean feature (object category’s average size) dominates with importance 0.968,
while all other features combined contribute less than 0.04. This reveals that the RF diagnos-
tic essentially ignores question structure, object frequency, and size variance, instead simply
memorizing and predicting the typical size of each object category.

High-s(x) Examples and Root Cause. table 16 shows the top-ranked samples by bias
score s(x). All involve object categories with extremely low size variation in the dataset:
dishwashers (90±3cm, coefficient of variation 0.037), beds (216±17cm, CV 0.080), and
washers (87±5cm, CV 0.058). For comparison, objects with high size variation like ceiling
lights (72±56cm, CV 0.778) or radiators (146±110cm, CV 0.755) received much lower s(x)
scores.

Actionable Insight for Benchmark Design. This analysis provides a concrete, quantitative
prescription for improving the benchmark: the diagnostic model learned to exploit the
fact that certain object categories have near-constant sizes, allowing it to bypass visual
estimation entirely. Benchmark designers can address this by either (1) removing questions
about low-variance objects, or (2) ensuring that sampled instances of each object category
exhibit diverse sizes. This exemplifies how TsT-RF translates statistical patterns into specific,
implementable design improvements, complementing TsT-LLM’s detection of complex
shortcuts.
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Table 16: High-s(x) examples and corresponding object size statistics from VSI-Bench size
estimation.

Object Mean Size (cm) Std Dev (cm) Coef. of Var. Rank by s(x)

Dishwasher 90.4 3.4 0.037 1st
Bed 216.1 17.2 0.080 2nd
Washer 87.1 5.0 0.058 3rd
Kettle 23.8 1.5 0.062 4th
Mouse 11.6 1.1 0.091 5th

Low-variance objects (easily exploitable)

Ceiling Light 71.8 55.8 0.778 Low
Radiator 146.3 110.4 0.755 Low

G Extended Related Work

G.1 VQA Debiasing

The challenge of non-visual shortcuts has deep roots in VQA Antol et al. (2015); Goyal et al.
(2017). VQA-CP Agrawal et al. (2018) deliberately introduces distribution shift to expose
models relying on question-type priors. Subsequent training-time interventions include
adversarial regularization Agrawal et al. (2018); Ramakrishnan et al. (2018), unimodal
bias suppression (RUBi Cadene et al. (2019)), feedback-based objectives Liang et al. (2021),
counterfactual augmentation Niu et al. (2021); Abbasnejad et al. (2020), and generative
bias modeling Cho et al. (2023). These methods improve model robustness but assume the
evaluation benchmark itself is sound. TsT addresses the complementary problem: auditing
the test set artifact directly.

G.2 Modern Benchmark Auditing

Beyond the coarse “blind” test Tong et al. (2024), recent diagnostic tools include the Modality
Importance Score (MIS) Park et al. (2025) for modality ablation in video QA, the Region
Comprehension Index (RCI) Agarwal et al. (2025) for spatial bias analysis, and causal
frameworks for unimodal bias quantification Chen et al. (2024b). TsT distinguishes itself
by quantifying learnable non-visual patterns intrinsic to the test set through k-fold cross-
validation, producing sample-level bias scores s(x) that enable targeted refinement.

Table 17: TsT complements existing approaches by auditing test-set intrinsic artifacts.

Method Goal Target Methodology Output

VQA-CP Agrawal et al. (2018) Model Robustness Train Priors Train-Test Shift OOD Acc.
RUBi Cadene et al. (2019) Model Debiasing Model Behavior Bias Suppression Debiased Model
Counterfactual Niu et al. (2021) Model Debiasing Model Behavior Data Synthesis Debiased Model
GenB Cho et al. (2023) Model Debiasing Model Behavior Generative Modeling Debiased Model
MIS Park et al. (2025) Benchmark Audit Modality Use Modality Ablation Importance Score
RCI Agarwal et al. (2025) Benchmark Audit Spatial Bias Patch-based Eval RCI Score

TsT (Ours) Benchmark Audit Test Set Artifacts k-fold CV on Text s(x), Aggregate Score

G.3 Benchmarks Designed for Robustness

Winoground Thrush et al. (2022), Vinoground Zhang et al. (2024), and the Hateful Memes
Challenge Kiela et al. (2020) are designed from the ground up to resist shortcuts. MM-
Bench Liu et al. (2024) aims for robustness through comprehensive skill coverage. Most
relevant, MMStar Chen et al. (2024a) manually curates vision-indispensable samples, and
MMMU-Pro Yue et al. (2025) augments MMMU with additional options. TsT provides an
automated, quantitative alternative applicable to any existing benchmark post-hoc.
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