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Abstract

High benchmark accuracy does not guarantee gen-
uine use of visual evidence. We study this prob-
lem in traffic accident Video Question Answering
(VideoQA), where correct answers should depend
on scene-specific visual evidence but may instead
be inferred from textual shortcuts. Through an
audit of four public benchmarks, we find that sev-
eral recent open-weight Vision-Language Mod-
els (VLMs) perform competitively, and some-
times better, without video input. On the MM-
AU benchmark, removing video consistently im-
proves accuracy, and adding more frames further
degrades performance. To quantify visual depen-
dence, we introduce two dataset-level diagnos-
tics: Blind Gap, measuring above-chance text-
only performance, and Visual Gain, measuring
the marginal benefit of adding video. We further
propose an instance-level Shortcut Score that com-
bines text-only confidence with visual necessity
signals, enabling continuous, training-free filter-
ing of shortcut-prone questions. The resulting
subsets reduce shortcut bias and improve visual
grounding. Our findings reveal large differences
in grounding quality across benchmarks and show
that visually grounded evaluation, not just high
accuracy, is essential in safety-critical VideoQA.

1. Introduction

Benchmarks guide research priorities and serve as the pri-
mary basis for measuring progress. Yet benchmark gains
do not always reflect genuine advances in the intended ca-
pability. In multimodal learning, models may answer cor-
rectly while ignoring visual input and relying instead on
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Diagnostic Space: Benchmark-Level Modality Collapse
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Figure 1. Diagnostic space of benchmark-level modality collapse.
Each benchmark is positioned by its Blind Gap and Visual Gain,
with circle size proportional to multimodal accuracy (Accy ). Our
shortcut-aware filtering shifts MM-AU and VRU-Accident toward
lower Blind Gap and higher Visual Gain, producing more visually
grounded evaluation subsets (G-MM-AU and G-VRU-Accident).

language priors or dataset-specific shortcuts (Goyal et al.,
2017; Agrawal et al., 2018; Dancette et al., 2021). This is
especially concerning in traffic accident VideoQA, where
correct answers should depend on scene-specific evidence
such as interacting vehicles, pedestrians, temporal dynamics,
and causal structure.

We study this failure mode as modality collapse: the vi-
sual modality contributes little or no useful information
despite the task nominally requiring visual reasoning (Sim
et al., 2025; Deng et al., 2025). Across several traffic acci-
dent benchmarks, recent open-weight VLMs perform com-
petitively, and sometimes better, without video input. On
MM-AU, removing video consistently improves accuracy,
and adding more frames further degrades performance. In
contrast, SUTD-TrafficQA and VRU-Accident show mea-
surable gains from video input. These results suggest that
benchmark accuracy alone cannot distinguish genuine visual
reasoning from shortcut exploitation.

To evaluate visual dependence, we introduce a lightweight
diagnostic framework based on two dataset-level metrics:
Blind Gap, which measures how far text-only accuracy ex-
ceeds chance, and Visual Gain, which measures the bene-
fit of adding video input. We further introduce a continu-
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ous instance-level Shortcut Score that combines confidence-
weighted text-only evidence with a visual necessity signal,
enabling shortcut-aware filtering without auxiliary training.

We audit four public traffic accident VideoQA benchmarks:
MM-AU, VRU-Accident, SUTD-TrafficQA, and Accident-
Bench. As shown in Figure 1, the benchmarks occupy very
different regions in the Blind Gap—Visual Gain space despite
comparable accuracy, showing that benchmark accuracy
alone does not reflect visual grounding quality. MM-AU
lies in the shortcut-prone region, with high Blind Gap and
negative Visual Gain, while TrafficQA shows lower Blind
Gap and consistently positive Visual Gain. Shortcut-aware
filtering shifts MM-AU and VRU-Accident toward the visu-
ally grounded region by reducing text-only solvability and
increasing the utility of video input. These findings high-
light that, in safety-critical VideoQA, systems must succeed
because they use visual evidence, not because they exploit
annotation artifacts.

2. Related Work

VideoQA benchmarks have expanded multimodal evalua-
tion to temporal and causal reasoning, yet benchmark accu-
racy alone cannot verify genuine visual grounding (Chen
et al., 2024a; Zhang et al., 2026). VLMs inherit strong
language priors from pretraining that persist even as visual
capacity scales, pointing to a utilization rather than capacity
bottleneck (Ghosh et al., 2026; Long et al., 2026). Shortcut
learning (Geirhos et al., 2020) in VQA has motivated binary
filtering approaches (Asadi et al., 2026; Zhang et al., 2026)
and dataset-level auditing metrics (Chen et al., 2024a; Zafar
et al., 2026), but neither identifies shortcut-prone questions
at the instance level with a continuous score. Our work
provides the first such audit along with a filtering frame-
work across traffic accident VideoQA benchmarks. See
Appendix A for a full discussion.

3. Diagnosing and Filtering Modality Collapse

A VideoQA benchmark should require visual evidence to
answer correctly. We define a question as visually grounded
if video input improves prediction toward the correct an-
swer, and shortcut-prone if it can be solved from text alone.
We diagnose this at both the dataset and question levels to
construct grounded evaluation subsets.

3.1. Stage 1: Dataset-Level Diagnostics

We evaluate models in two settings: blind, where only
the question and answer options are provided, and video,
where uniformly sampled frames are added. The Blind Gap
(BG) measures how far text-only accuracy exceeds random

chance:
Blll’ldGap(D) = AcCplind — ACCrandom, (1)

where AcCryndom = 1/K for a K-option question. The Vi-
sual Gain (VG) measures the accuracy change from adding
video:

VisualGain(D) = AcCyideo — ACChlind- 2)

A high BG indicates text-only solvability, while positive VG
indicates useful visual evidence. Together, high BG with low
or negative VG signals shortcut exploitation, whereas low
BG with positive VG indicates stronger visual grounding.

3.2. Stage 2: Question-Level Shortcut Diagnostics

Dataset-level averages do not reveal which questions drive
shortcut behavior. We therefore define a continuous per-
question Shortcut Score S(g) from textual evidence and
visual necessity.

The Textual Evidence Score T'(q) measures whether
text-only LLMs answer correctly and confidently.
For each model m € My, let Hy,(qg) =
— Zszl P,k (q) 108 D k() be the entropy of the answer
distribution and Hyorm m (q) = Hpm(q)/In K € [0, 1]. Only
correct blind predictions contribute:

1

- ‘MLLM| Z [Correctm(q)] ! (]—_Hnorm,m (q))

meMuiim
3

T(q)

High T'(¢) indicates a reliable linguistic shortcut.

The Visual Necessity Score V' (¢) measures whether adding
video increases the probability assigned to the correct an-
swer. For each VLM, we compute:

A (q) = P (y* | video, q) — P, (y* | blind, q),  (4)

and average the normalized gain across models:

1 An(q)
Vig) = —_—
(q) |MVLM| mE%vm 1-— I/K

&)

Here, y* is the correct answer and K is the number of
answer options. Positive V(¢) indicates that video shifts
probability toward the correct answer; near-zero or negative
V (q) indicates that visual input is unnecessary or harmful.

3.3. Stage 3: Shortcut-Aware Filtering
The Shortcut Score combines the two signals:

S(q) =T(q) — V(g)- (6)

Textual solvability raises S(q), while visual necessity lowers
it; thus high S(q) indicates shortcut-prone questions, and
low or negative S(q) indicates visually useful questions.
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Table 1. Global diagnosis of modality collapse. We report Blind Accuracy (Accp), Multimodal Accuracy (Accy ), Blind Gap (BGY), and
Visual Gain (VG1) in %. Text-only LLMs have no video accuracy by design.

MM-AU TrafficQA Acc.Bench VRU-Acc.
Model Accg  Accy BGl VG?1T Acep Acey BGl VG?T Accg Accy BGl VG1T Accg Acey BGl VG?
Average VLM 53.25 48.64 3325 -4.62 30.89 4271 5.89 11.83 2997 33.05 4.73 3.09 4691 62.61 2191 15.70
InternVL 2.58B  52.14 50.35 32.14 -1.79 29.72 4195 4.72 1223 29.64 31.68 4.40 2.05 50.18 63.62 25.18 1343
InternVL 3.58B  60.33 50.88 40.33 -946 33.62 45.67 8.62 12.06 3043 37.76 5.19 733 4295 62.85 1795 19.90
Qwen2.5VL7B 5483 47.86 34.83 -697 31.52 4353 652 12.01 30.50 35.18 526 469 4440 60.92 1940 16.52
LLaVA-OV 8B 45770 4545 2570 -0.24 28.69 39.70 3.69 11.01 2931 27.59 4.07 -1.72 50.10 63.03 25.10 1293
Llama 3.1 8B 46.60 26.60 - 30.45 5.45 - 20.33 -4.91 - 42.77 17.77 -
Mistral 7B v0.1 33.92 13.92 - 28.52 3.52 - 26.60 1.36 - 31.18 6.18 -
Qwen 2.5 14B 51.45 31.45 - 28.18 3.18 - 27.00 1.76 - 44.55 19.55 -

We construct a grounded subset by retaining questions below
a threshold 7:

Dgrounded = {q €D | S(Q) < T}~ @)

The threshold controls the grounding—coverage trade-oft:
lower 7 yields cleaner but smaller subsets, while higher 7
preserves more data with more residual shortcut risk. Since
S(q) is computed from instance-level probabilities, filtering
does not directly optimize dataset-level BG or VG.

4. Experiments

Benchmarks Under Study. We evaluate on four pub-
lic traffic accident VideoQA benchmarks: MM-AU (Fang
et al., 2024), VRU-Accident (Kim et al., 2025), SUTD-
TrafficQA (Xu et al., 2021), and AccidentBench (Gu et al.,
2025). All use a multiple-choice format over real-world
accident videos, enabling controlled blind/video evaluation.
Benchmark-specific details are provided in Appendix B.1.

Evaluation Protocol. We evaluate each VLM in two set-
tings: blind, where the model receives only the question and
answer options, and video, where it additionally receives uni-
formly sampled video frames. Unless otherwise stated, we
use 16 frames per video. All tasks are evaluated as multiple-
choice QA using accuracy. We report blind accuracy, video
accuracy, BG, and VG; instance-level Shortcut Scores are
computed from option probabilities under blind and video
conditions. Further details are provided in Appendix B.2.

4.1. Benchmark Audit Results

Table 1 reports BG and VG across four traffic accident
VideoQA benchmarks and seven models. The severity varies
substantially by benchmark. MM-AU shows the most ex-
treme case: BG reaches 40.33, and VG is negative for all
four VLMs, meaning that video input not only fails to help
but often degrades accuracy. To test whether this is caused
by sparse frame sampling, we increased the frame count
from 8 to 64 and 256 for InternVL2.5-8B. Accuracy de-
clined at each step, suggesting that the failure is structural
rather than a simple sampling artifact: the benchmark can

often be answered from text alone, and additional visual
context does not resolve the issue. The fact that text-only
LLMs match or exceed several VLMs on MM-AU further
supports this interpretation, indicating that exploitable sig-
nal lies largely in the question and answer text.

VRU-Accident and TrafficQA represent different points on
the same spectrum. On VRU-Accident, VG is positive and
large, yet BG remains high, reaching 25 points for two
models. This means that the benchmark contains useful
visual signal, but also remains partially solvable from text
alone. In contrast, TrafficQA has BG below 9 across all
architectures and VG around 11-12 points, providing the
strongest evidence of visual dependence among the traffic
benchmarks studied here. AccidentBench falls between
these cases, with low BG and modest VG.

This pattern is not unique to traffic accident VideoQA: Ap-
pendix B.3 shows that widely used general VideoQA bench-
marks also exhibit non-trivial BG, even when VG remains
positive.

4.2. Filtering Results

Figure 3 shows the S sweep on MM-AU: as 7 decreases,
BG drops below its full-dataset level and VG turns posi-
tive, with 7 = 0.1 marking a stable point before sample
count becomes too small for reliable estimates. We addition-
ally sweep 7 over T" and —V to understand each signal’s
contribution: filtering on 7" reduces BG but cannot recover

Table 2. Comparison of filtering strategies on MM-AU and VRU-
Accident using LLaVA-OneVision. We report video accuracy
(Accy), Blind Gap (BG), Visual Gain (VG), and the number of
remaining samples.

Dataset Metric  No Filtering LLM-Inspector B-Clean S-score
Acey 45.45 31.79 23.54 37.80
BGJ 25.70 11.47 -5.02 10.38
MM-AU vy 024 0.32 1991 742
#QA 2453 1252 701 836
Acev 63.03 52.80 52.38 69.25
VRU- BGJ 25.10 12.16 -3.22 18.76
Accident VG?1 12.93 15.64 -10.65 25.49
#QA 6000 3926 2709 4088
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1. Q: What is the cause of the accident?

2. Q: What is the cause of the accident?

3. Q: What is the cause of the accident?

A. The truck height exceeds the height limit,

B. Ego-car drives too fast in rainy and snowy day,
C. Ego-car turns too fast,

D. Ego-car driver is in distracted driving,

E. Ego-car drives too slow in rainy and snowy day

B-clean
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B. The truck overtakes the normally moving vehicle, emergently
C. The car does not notice the coming vehicles when turnin or changing B. The car driver is in distracted driving,
lanes, B C. Pedestrian does not notice the coming vehicles when crossing the street,
D. The car evades other vehicles, pedestrians orobjects and changes lanes D. Pedestrian notices the coming vehicles when crossing the street,
emergently E. The car does not notice the pedestrians when turning or changing lanes
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A. bicycle collides with car,
B. truck hits a building,
C. car hits pedestrian,
D. ego-car hits a crossing pedestrian”,

A. rural,

B. mountainous,
C. urban,

D. coastal
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6. Q: What's the weather and lighting?

A, clear night,
B. cloudy day,
C. stormy night,
D. foggy evening
LLM—lnspecmr’J B-clean v L 7 LLM—\nspec\orx B-clean v
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Figure 2. Representative questions from MM-AU and VRU-Accident. Masked-eye and open-eye icons show blind and video ensemble
predictions (v all-correct, X all-incorrect, ? mixed). For filtering methods, v//X indicate retained/removed. The Shortcut Score bar reflects

shortcut severity.
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Figure 3. Sweeping the Shortcut Score threshold 7 reveals the
tradeoff between BG, VG, and the number of retained samples.
Choosing 7 = 0.1 reduces text-only solvability while improving
visual grounding.

positive VG on MM-AU; filtering on —V improves VG but
raises BG and collapses sample size. The .S sweep provides
the most balanced outcome on both datasets, and we apply
7 = 0.1 to both MM-AU and VRU-Accident. Full sweep
results across all three signals and both datasets are provided
in Appendix B.4.

We compare S-score against two binary filtering baselines
using LLaVA-OneVision-8B, held out from all filtering de-
cisions (Table 2). LLM-Inspector (Chen et al., 2024a) re-
moves questions answered correctly by a text-only LLM
panel; B-Clean (Asadi et al., 2026) removes questions an-
swered correctly in blind mode. Both reduce BG, but B-
Clean yields strongly negative VG on both datasets (—19.91

on MM-AU, —10.65 on VRU-Accident), indicating that
its binary rule removes visually useful questions alongside
shortcut-prone ones. LLM-Inspector retains positive VG
but has no mechanism to verify that video actually helps
on retained questions. S-score achieves the best trade-off:
on MM-AU, BG drops from 25.70 to 10.38 and VG shifts
from —0.24 to 7.42, a structural reversal confirmed by text-
only LLMs falling to near or below random chance on the
filtered subset (see Appendix B.4). On VRU-Accident, BG
is roughly halved and VG nearly doubles to 25.49. This is
because S-score retains questions where video shifts model
behavior, even when the blind answer was correct close
to random chance, which is a distinction that binary filters
cannot make. Figure 2 illustrates this with representative ex-
amples, showing cases where LLM-Inspector and B-Clean
disagree with S-score and where the Shortcut Score bar
aligns with the filtering decision.

Looking at the first two MM-AU examples in Figure 2 re-
veals how repetitive text patterns drive these shortcuts. In
the first example, all models predict the correct answer (C)
even without the video, showing a strong text bias. In the
second example, all blind models incorrectly choose op-
tion E, which has a very similar sentence structure to the
shortcut in the first instance. This phrase is highly repeti-
tive; in fact, this exact answer structure is the ground truth
234 times across the MM-AU dataset. This shows that the
modality collapse at dataset level is also closely linked to
a lack of answer diversity, which allows models to simply
exploit high-frequency shortcut patterns rather than look at
the video.
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We additionally evaluate fine-tuned variants of Qwen2.5-
VL-7B on both standard and grounded subsets to assess
how training interacts with BG and VG structure; results
and discussion are provided in Appendix B.5.

5. Conclusion

We introduce Blind Gap, Visual Gain, and a Shortcut Score
as lightweight diagnostics for quantifying modality col-
lapse and identifying shortcut-prone questions in VideoQA
benchmarks. Our results show that several traffic accident
benchmarks can often be solved without visual input, while
shortcut-aware filtering produces more visually grounded
evaluation subsets. These findings highlight the need for
future multimodal benchmarks to measure not only accu-
racy, but also genuine visual dependence. Furthermore, our
analysis offers an insight for future dataset construction:
avoiding repetitive question formats and identical answer
phrasing is vital, as common text patterns allow models to
easily exploit shortcuts.

References

Agrawal, A., Batra, D., Parikh, D., and Kembhavi, A. Don’t
just assume; look and answer: Overcoming priors for
visual question answering. In CVPR, 2018.

Alayrac, J.-B., Donahue, J., Luc, P., Miech, A., Barr, 1., Has-
son, Y., Lenc, K., Mensch, A., Millican, K., Reynolds,
M., Ring, R., Rutherford, E., Cabi, S., Han, T., Gong, Z.,
Samangooei, S., Monteiro, M., Menick, J., Borgeaud, S.,
Brock, A., Nematzadeh, A., Sharifzadeh, S., Binkowski,
M., Barreira, R., Vinyals, O., Zisserman, A., and Si-
monyan, K. Flamingo: A visual language model for few-
shot learning. arXiv preprint arXiv:2204.14198, 2022.

Asadi, M., O’Sullivan, J. W., Cao, F., Nedaee, T., Raja-
balifardi, K., Li, F-F., Adeli, E., and Ashley, E. Mi-
rage: The illusion of visual understanding. arXiv preprint
arXiv:2603.21687, 2026.

Bai, S., Chen, K., Liu, X., Wang, J., Ge, W., Song, S., Dang,
K., Wang, P, Wang, S., Tang, J., Zhong, H., Zhu, Y.,
Yang, M., Li, Z., Wan, J., Wang, P., Ding, W., Fu, Z., Xu,
Y., Ye, J., Zhang, X., Xie, T., Cheng, Z., Zhang, H., Yang,
Z.,Xu, H., and Lin, J. Qwen2.5-vl technical report. arXiv
preprint arXiv:2502.13923, 2025.

Brown, E., Yang, J., Yang, S., Fergus, R., and Xie, S.
Benchmark designers should “train on the test set” to
expose exploitable non-visual shortcuts. arXiv preprint
arXiv:2511.04655, 2025.

Chen, L., Li, J., Dong, X., Zhang, P., Zang, Y., Chen, Z.,
Duan, H., Wang, J., Qiao, Y., Lin, D., and Zhao, F. Are

we on the right way for evaluating large vision-language
models? arXiv preprint arXiv:2403.20330, 2024a.

Chen, Z., Wu, J., Wang, W., Su, W., Chen, G., Xing, S.,
Zhong, M., Zhang, Q., Zhu, X., Lu, L., Li, B., Luo,
P, Lu, T, Qiao, Y., and Dai, J. Internvl: Scaling up
vision foundation models and aligning for generic visual-
linguistic tasks. arXiv preprint arXiv:2312.14238, 2024b.

Dancette, C., Cadene, R., Teney, D., and Cord, M. Beyond
question-based biases: Assessing multimodal shortcut
learning in visual question answering. In ICCV, 2021.

Deng, A., Cao, T., Chen, Z., and Hooi, B. Words or vision:
Do vision-language models have blind faith in text? In
2025 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), pp. 3867-3876, 2025. doi:
10.1109/CVPR52734.2025.00366.

Fang, J., Li, L.-1., Zhou, J., Xiao, J., Yu, H., Lv, C., Xue, J.,
and Chua, T.-S. Abductive ego-view accident video un-
derstanding for safe driving perception. In CVPR, 2024.

Fu, C, Dai, Y., Luo, Y., Li, L., Ren, S., Zhang, R., Wang,
Z.,Zhou, C., Shen, Y., Zhang, M., Chen, P., Li, Y., Lin,
S., Zhao, S., Li, K., Xu, T., Zheng, X., Chen, E., Shan,
C., He, R, and Sun, X. Video-mme: The first-ever com-
prehensive evaluation benchmark of multi-modal llms in
video analysis. arXiv preprint arXiv:2405.21075, 2025.

Geirhos, R., Jacobsen, J.-H., Michaelis, C., Zemel, R., Bren-
del, W., Bethge, M., and Wichmann, F. A. Shortcut learn-
ing in deep neural networks. Nature Machine Intelligence,
2020.

Ghosh, S., Babu, R. V., and Agarwal, C. Do vision language
models need to process image tokens? arXiv preprint
arXiv:2604.09425, 2026.

Goyal, Y., Khot, T., Summers-Stay, D., Batra, D., and
Parikh, D. Making the v in vqa matter: Elevating the
role of image understanding in visual question answering.
In CVPR, 2017.

Gu, S., Wang, X., Ying, D., Zhao, H., Yang, R., Jin, M., Li,
B., Pavone, M., Yeung-Levy, S., Wang, J., Song, D., and
Spanos, C. Accidentbench: Benchmarking multimodal
understanding and reasoning in vehicle accidents and
beyond. arXiv preprint arXiv:2509.26636, 2025.

Kim, Y., Abdelrahman, A. S., and Abdel-Aty, M. Vru-
accident: A vision-language benchmark for video ques-
tion answering and dense captioning for accident scene
understanding. arXiv preprint arXiv:2507.09815, 2025.

Lee, D., Jung, S., Kim, B., Kim, M., Kim, S., Sung, J.,
and Seo, P. H. Breaking the visual shortcuts in multi-
modal knowledge-based visual question answering. arXiv
preprint arXiv:2511.22843, 2025.



Auditing and Filtering Modality Collapse in Traffic VideoQA

Li, B., Zhang, Y., Guo, D., Zhang, R., Li, F., Zhang, H.,
Zhang, K., Zhang, P, Li, Y., Liu, Z., and Li, C. Llava-
onevision: Easy visual task transfer. arXiv preprint
arXiv:2408.03326, 2024.

Liu, H., Li, C., Wu, Q., and Lee, Y. J. Visual instruction
tuning. In NeurIPS, 2023.

Long, L., Oh, C., Park, S., and Li, S. Understanding lan-
guage prior of Ivlms by contrasting chain-of-embedding.
arXiv preprint arXiv:2509.23050, 2026.

Mangalam, K., Akshulakov, R., and Malik, J. Egoschema: A
diagnostic benchmark for very long-form video language
understanding. arXiv preprint arXiv:2308.09126, 2023.

Nooralahzadeh, F., Rohanian, O., Zhang, Y., Fiirst, J.,
and Stockinger, K. Arbitration failure, not perceptual
blindness: How vision-language models resolve visual-
linguistic conflicts. arXiv preprint arXiv:2604.09364,
2026.

Sim, M. Y., Zhang, W. E., Dai, X., and Fang, B. Can vlms
actually see and read? a survey on modality collapse in
vision-language models. In Findings of ACL, 2025.

Wu, B., Yu, S., Chen, Z., Tenenbaum, J. B., and Gan, C.
Star: A benchmark for situated reasoning in real-world
videos. In NeurIPS, 2021.

Wu, H., Li, D, Chen, B., and Li, J. Longvideobench: A
benchmark for long-context interleaved video-language
understanding. arXiv preprint arXiv:2407.15754, 2024.

Xiao, J., Shang, X., Yao, A., and Chua, T.-S. Next-qa:
Next phase of question answering to explaining temporal
actions. In CVPR, 2021.

Xie, S., Kong, L., Dong, Y., Sima, C., Zhang, W., Chen,
Q. A., Liu, Z., and Pan, L. Are vlms ready for autonomous
driving? an empirical study from the reliability, data, and
metric perspectives. arXiv preprint arXiv:2501.04003,
2025.

Xu, L., Huang, H., and Liu, J. Sutd-trafficqa: A question
answering benchmark and an efficient network for video
reasoning over traffic events. In CVPR, 2021.

Zafar, A., Murali, L. K., and Vashist, A. Beyond accu-
racy: Evaluating visual grounding in multimodal medical
reasoning. arXiv preprint arXiv:2603.03437, 2026.

Zhang, R., Wang, B., Zhang, J., Bian, Z., Feng, C., and
Ozbay, K. When language and vision meet road safety:
Leveraging multimodal large language models for video-
based traffic accident analysis. Accident Analysis & Pre-
vention, 2025.

Zhang, Y., Hwang, E., Zhang, H., Du, P, Jia, Y., Jiang,
D., He, X., Zhang, S., Nie, P, West, P., and Allen,
K. R. Watch before you answer: Learning from visually
grounded post-training. arXiv preprint arXiv:2604.05117,
2026.

Zhou, J., Shu, Y., Zhao, B., Wu, B., Liang, Z., Xiao, S.,
Qin, M., Yang, X., Xiong, Y., Zhang, B., Huang, T.,
and Liu, Z. Mlvu: Benchmarking multi-task long video
understanding. arXiv preprint arXiv:2406.04264, 2025.



Auditing and Filtering Modality Collapse in Traffic VideoQA

Table 3. Comparison of the traffic accident VideoQA benchmarks analyzed in this work.

Dataset Videos Avg. # Frames QA Pairs Choices Format Reasoning Types
MM-AU 11,727 187 11,727 5 MCQ Causal
VRU-Accident 1,000 189 6,000 4 MCQ Causal, counterfactual, scene attr.
TrafficQA 10,080 189 62,535 4 MCQ 6 types incl. counterfactual
AccidentBench 2,000 1330 17,069 2-12 MCQ Temporal, spatial, intent

A. Related Work

VideoQA Benchmarks and Traffic Accident Understanding. VideoQA benchmarks (Xiao et al., 2021; Wu et al., 2021;
Mangalam et al., 2023; Fu et al., 2025; Wu et al., 2024; Zhou et al., 2025) have expanded multimodal evaluation to richer
temporal and causal reasoning over video, with the implicit assumption that such tasks require genuine visual grounding,
which accuracy alone cannot verify (Chen et al., 2024a; Zhang et al., 2026). Traffic accident VideoQA is a critical test case:
accident causality, agent behavior, and collision dynamics are inherently scene-specific and should not be answerable from
question text or commonsense alone (Zhang et al., 2025), yet whether existing benchmarks enforce this requirement has
never been tested. SUTD-TrafficQA, MM-AU, VRU-Accident, and AccidentBench (Xu et al., 2021; Fang et al., 2024; Kim
et al., 2025; Gu et al., 2025) target precisely this reasoning but report only answer accuracy and no blind baselines, which is
the gap this work addresses.

Vision-Language Models and the Roots of Language Dominance. Modern VLLMs combine a visual encoder, projection
module, and autoregressive language backbone, extended to video via frame sampling and spatiotemporal encodings (Bai
et al., 2025; Chen et al., 2024b; Li et al., 2024). Because language backbones are pretrained on far larger text corpora than
the image-text or video-text data used for visual alignment (Alayrac et al., 2022; Liu et al., 2023), models inherit strong
language priors before acquiring robust visual grounding. Increasing visual capacity through higher-resolution inputs or
denser sampling does not resolve this: image-token representations stabilize early and remain accurate under aggressive
visual truncation (Ghosh et al., 2026), pointing to a utilization rather than capacity bottleneck. Mechanistic studies confirm
this view: visual influence emerges only after a late integration point (Long et al., 2026), and language priors can dominate
predictions even when visual attributes are encoded (Nooralahzadeh et al., 2026).

Shortcut Learning, Modality Collapse, and Benchmark Auditing. Shortcut learning (Geirhos et al., 2020) in VQA
motivated bias-controlled datasets (Goyal et al., 2017; Agrawal et al., 2018) and was later extended to joint image-question
correlations (Dancette et al., 2021). In multimodal systems this manifests as modality collapse, where language dominates
prediction regardless of visual input (Sim et al., 2025; Deng et al., 2025). In traffic accident VideoQA, DriveBench (Xie
et al., 2025) confirms this by showing comparable performance under text-only and full-input conditions. Existing auditing
approaches either apply binary filtering by removing questions a blind model answers correctly (Asadi et al., 2026; Zhang
et al., 2026) , or introduce dataset-level metrics to quantify visual contribution (Chen et al., 2024a; Zafar et al., 2026; Brown
et al., 2025; Lee et al., 2025). Binary filtering discards visually ambiguous but grounded questions; dataset-level metrics
cannot identify which individual questions are shortcut-prone. Our Shortcut Score addresses both limitations by assigning
each question a continuous value that combines confidence-weighted text-only evidence with a visual necessity signal, and
we provide the first such audit across traffic accident VideoQA benchmarks.

B. Experimental Extension
B.1. Benchmarks Under Study
We select four publicly available traffic accident VideoQA benchmarks, and the summary is provided in Table 3.

MM-AU (Fang et al., 2024) covers 58 accident categories in ego-view dashcam footage. Every question asks the same
causal query:“What is the cause of the accident?”, with distractors drawn from other accident categories. This homogeneous
question distribution makes it particularly susceptible to language-prior exploitation.

VRU-Accident (Kim et al., 2025) focuses on accidents involving pedestrians and cyclists across six question categories.
Distractors are generated by GPT-40 conditioned on the correct answer and video context, producing semantically plausible
options. The large answer pool, 712 unique prevention methods and 437 unique accident reasons, limits frequency-based
shortcuts.
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Figure 4. Threshold sweep on T', —V, and S for MM-AU and VRU-Accident. Blue and orange curves show Blind Gap and Visual Gain
on the filtered subset; dashed lines mark the full-dataset values. The gray dotted curve shows the number of remaining samples on the
right axis.

SUTD-TrafficQA (Xu et al., 2021) provides human-annotated QA pairs across six reasoning types. Answer candidates are
sampled to reduce repetition, and the authors report text-only baselines as a diagnostic reference. The counterfactual and
reverse reasoning splits are especially relevant for visual grounding, as they concern outcomes unlikely to be resolved from
language priors alone.

AccidentBench (Gu et al., 2025) targets temporal, spatial, and intent reasoning with a tiered answer set that modulates
difficulty. Videos can reach approximately 16 minutes, posing a practical challenge for models under a fixed frame budget.
We use only the Land domain subset.

B.2. Evaluation Protocol

We evaluate four vision-language models at the 7-8B parameter scale: Qwen2.5-VL-7B, InternVL2.5-8B, InternVL3.5-8B,
and LLaVA-OneVision. To isolate the contribution of linguistic patterns, we include three text-only LLM baselines that
receive no visual input: Llama 3.1-8B, Mistral-7B v0.1, and Qwen 2.5-14B.

All models are evaluated in two settings: blind (question and answer options only, no video) and video (full multimodal
input with 16 uniformly sampled frames). Accuracy is the primary metric. Random chance baselines are dataset-specific:
25% for 4-option questions (VRU-Accident, TrafficQA), 20% for 5-option questions (MM-AU), and 25.24% on average for
AccidentBench.

Shortcut Score. Instance-level scores are computed using two VLMs, Qwen2.5-VL-7B and InternVL3.5-8B, evaluated in
both blind and video mode to compute V' (g), and three text-only LLMs, Qwen 2.5-14B, Llama 3.1-8B, and Mistral 7B vO0.1,
evaluated in blind mode to compute T'(q). These models are a subset of the evaluation panel. Answer option probabilities
are obtained via log-likelihood scoring: each answer option is scored independently by computing the log-likelihood of
the option text given the question context, and the resulting scores are normalized across options to produce a probability
distribution.

Baseline filtering methods. LLaVA-OneVision-8B is held out from all filtering pipelines and used only for evaluation.
LLM-Inspector is adapted using four text-only LLMs: Qwen 2.5 14B, Llama 3.1 8B, Mistral 7B v0.1, and DeepSeek-LLM-
7B-Chat. A question is discarded if more than one model answers it correctly, following the majority-based filtering criterion
of the original method. B-Clean uses InternVL3.5-8B and Qwen2.5-VL-7B evaluated in blind mode, and a question is
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Table 4. Blind and video accuracy on general VideoQA benchmarks. BG is computed relative to random chance: 21.12% for
LongVideoBench, 25% for VideoMME and MLVU.

LongVideoBench VideoMME MLVU
Model Accg  Acey BGl VGt Aceg Acecy BGl VGE1 Aceg Acey BG| VG?T

InternVL 2.58B  42.86 5797 21.74 15.11 4270 64.00 1770 2130 4228 65.69 17.28 2341
InternVL 3.58B  43.53 59.84 2241 1631 4377 6452 1877 2075 41.77 68.06 16.77 26.29
Qwen25VL7B 3934 5303 1822 13.69 39.07 5359 1407 1452 4296 5452 1796 11.56

Table 5. Blind accuracy, video accuracy, Blind Gap, and Visual Gain before and after filtering for MM-AU and VRU-Accident.

MM-AU VRU-Accident
Original (2453 samples) Filtered (G) (836 samples) Original (6000 samples) Filtered (G) (4088 samples)
Model Accg  Accy BGl VG?1T Acecg Accy BGl VG1T Aceg Acey BG|L VGt Aceg  Acey BG| VG?T

InternVL2.5 52.14 5035 3214 -1.79 33.13 3828 13.13 5.14  50.18 63.62 2518 1343 4325 6881 1825 25.56
InternVL3.5 60.33  50.88 4033 -946 3923 4199 19.23 275 4295 6285 1795 1990 3591 71.65 1091 3574
LLaVA-OV 4570 4545 2570 -0.24 3038 37.80 1038 742 50.10 63.03 2510 1293 4376 69.25 18.76 25.49
Qwen2.5-VL 5483 47.86 3483 -697 3935 4581 1935 6.46 4440 6092 1940 1652 3721 67.39 1221  30.19

Llama3.1-8B  46.60 - 26.60 - 19.50 - -0.50 - 42.77 - 17.77 - 37.92 - 12.92 -
Mistral-7B 33.92 - 13.92 - 11.60 - -8.40 - 31.18 - 6.18 - 20.40 - -4.60 -
Qwen2.5-14B  51.45 - 31.45 - 18.66 - -1.34 - 44.55 - 19.55 - 30.94 - 5.94

discarded if either model answers it correctly under this condition.

All experiments are run on NVIDIA GH200 GPUs. Models are prompted with a standardized template instructing them to
respond with a single option letter. Output probabilities over option tokens are extracted to compute normalized entropy and
probability gain for the instance-level scores.

B.3. General VideoQA Benchmarks

Table 4 shows that this is not a problem specific to traffic datasets. On LongVideoBench (Wu et al., 2024), VidleoMME,
(Fu et al., 2025) and MLVU (Zhou et al., 2025), which are widely used benchmarks for video understanding, Blind Gap
ranges from roughly 14 to 22 points, comparable to VRU-Accident. A substantial share of what these benchmarks measure
is answerable without any video. Visual Gain is positive across all models, which confirms that the visual signal contributes,
but that contribution is measured on top of an inflated baseline. The consequence is that raw multimodal accuracy conflates
two distinct effects: what the model learns from the video, and what it would have predicted from text alone. Without
decomposing these, benchmark scores cannot be interpreted as a reliable measure of visual reasoning ability.

B.4. Threshold Selection and Filtering Results

Figure 4 shows the full sweep across all three signals for both datasets. On MM-AU, T filtering cannot recover positive
VG at any threshold, the shortcut structure is too pervasive. The —V sweep improves VG sharply but only at the cost of
collapsing the sample count, and increasing BG. The .S sweep is the only signal that simultaneously reduces BG and brings
VG above zero, with 7 = 0.1 falling in a stable region before sample size becomes unreliable. The pattern on VRU-Accident
is similar: 7" suppresses both BG and VG together, —V overcorrects on VG while raising BG, and .S provides the cleanest
trade-off.

Table 5 reports the full per-model results before and after filtering. On MM-AU, BG drops from the 25-40 range to 10-19
across all VLMs, VG turns positive for every model, and all three text-only LLM:s fall to near or below random chance. On
VRU-Accident, BG is roughly halved and VG nearly doubles.

B.5. Training Evaluation

We fine-tune Qwen2.5-VL-7B with supervised fine-tuning on traffic accident data (T-SFT) and add a DPO stage (T-SFT-
DPO), evaluating on traffic accident and general VideoQA benchmarks. Results are in Tables 6 and 7.

On MM-AU, training improves video accuracy but BG stays flat and VG remains negative. On the grounded subset, SFT
worsens the grounding profile by raising blind performance alongside video accuracy; DPO largely recovers the base-model
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Table 6. Performance of Qwen2.5-VL-7B across different model configurations in (%), reported as video accuracy (Accy ), Blind Gap
(BG), and Visual Gain (VG). Standard and Grounded variants of MM-AU and VRU-Accident are shown side by side.

MM-AU VRU-Accident TrafficQA AccidentBench
Model Standard Grounded Standard Grounded
Accy  BGlL VGt Aceyv BGl] VGt Acev BGl VGt Acey BGl VGt  Acey BGl VGT  Acey BG) VGt
Base 47.86 34.83 —6.97 4581 19.35 6.46 60.92 19.40 16.52 67.39 12.21 30.18 43.53 6.52 12.01 35.18 5.26 4.68
T-SFT 50.92 34.87 —3.95 47.37 24.02 3.35 67.17 20.28 21.89 72.63 20.28 27.35 47.60 4.53 18.07 3578 6.92 3.62

T-SFT-DPO  51.16 34.59 —3.43 46.41 1947 6.94 67.28 20.67 21.61 67.61 12.52 30.09 47.64 4.78 17.86 35.61 6.53 3.84

Table 7. Performance of Qwen2.5-VL-7B across different model configurations in (%), reported as blind accuracy (Accp), video accuracy
(Accy), Blind Gap (BG), and Visual Gain (VG). The lowest Blind Gap and highest Visual Gain per dataset are underlined and bold.

Model LongVideoBench VideoMME MLVU

Aceg Accy BGl VGt Aceg Acey BG|l VGT  Aceg Acey BGlL  VGT
Base 39.34 53.03 18.22 13.69 39.07 53.59 14.07 14.52 4296 54.52 17.96 11.56
T-SFT 38.37 53.25 17.25 14.88 34.07 53.56 9.07 19.49 41.36 46.75 16.36 5.39

T-SFI-DPO  38.52 54.15 17.04 15.63 33.70 53.48 870 19.78 41.15 46.50 16.15 5.35

grounding on both subsets, suggesting it partially suppresses the shortcuts introduced by SFT. VRU-Accident follows the
same pattern on the grounded subset, while the standard subset shows genuine VG improvement with minimal BG change.
TrafficQA shows consistent improvement across all three metrics, which is expected given the domain match with the
training data. AccidentBench shows negligible changes throughout.

On general VideoQA, VideoMME shows improved BG and VG after training, an unexpected result suggesting that fine-
tuning on traffic data did not narrow visual utilization to the traffic domain. MLVU shows degraded video accuracy and
VG, while LongVideoBench remains largely unaffected. Overall, these results show that accuracy gains do not necessarily
correspond to improved visual grounding, and that BG and VG provide a more complete picture of how training affects
model behavior.

C. Limitations

Dataset scope. Our audit covers four traffic accident VideoQA benchmarks. While the findings are consistent across datasets
and corroborated by general VideoQA results, the degree of modality collapse may differ in other domains or question
formats, and the conclusions should not be generalized beyond the evaluated benchmarks without further verification.
Additionally, T'(q) and V (¢) rely on a fixed candidate set and do not extend directly to open-ended generation tasks, where
correctness cannot be measured via option probabilities.

Threshold selection. The threshold 7 = 0.1 is selected by sweeping BG and VG on the target datasets and using TrafficQA
as a grounding reference. This process is dataset-specific and not guaranteed to generalize; a different reference benchmark
or a different model panel may yield a different operating point.

Frame sampling and prompting. All evaluations use 16 uniformly sampled frames and a fixed prompt format. Option
ordering, instruction phrasing, and the presence or absence of chain-of-thought prompting can affect output distributions in
ways that interact with the shortcut detection methodology.

Dependence on model probabilities. Both T(q) and V(q) rely on output probability distributions, which vary across model
architectures and calibration. The Shortcut Score is therefore model-panel dependent: a different set of LLMs or VLMs may
assign different scores to the same question. We partially mitigate this by using architecturally diverse panels and evaluating
on a held-out model, but the scores are not architecture-agnostic. Cross-family validation with larger-scale models, or human
annotations of which questions genuinely require visual input, would provide a stronger model-independent reference.

Risk of filtering for model weaknesses. Retaining questions where video shifts model behavior toward the correct answer
means that the grounding signal is tied to the current panel’s visual capabilities. A question may score as visually necessary
because the panel responds to its visual content, not necessarily because it requires visual reasoning in principle. Future
work with human grounding annotations could provide a model-independent reference.
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