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ABSTRACT

The advancement of Chain-of-Thought (CoT) reasoning has significantly en-
hanced the capabilities of large language models (LLMs) and large vision-
language models (LVLMs). However, a rigorous evaluation framework for video
CoT reasoning remains absent. Current video benchmarks fail to adequately as-
sess the reasoning process and expose whether failures stem from deficiencies
in perception or reasoning capabilities. Therefore, we introduce VCR-Bench, a
novel benchmark designed to comprehensively evaluate LVLMs’ Video Chain-
of-Thought Reasoning capabilities. VCR-Bench comprises 859 videos spanning
a variety of video content and durations, along with 1,034 high-quality question-
answer pairs. Each pair is manually annotated with a stepwise CoT rationale,
where every step is tagged to indicate its association with the perception or rea-
soning capabilities. Furthermore, we design seven distinct task dimensions and
propose the CoT score to assess the entire CoT process based on the stepwise
tagged CoT rationals. Extensive experiments on VCR-Bench highlight substantial
limitations in current LVLMs. Even the top-performing model, o1, only achieves
a62.8% CoT score and an 56.7% accuracy, while most models score below 40%.
Experiments show most models score lower on perception than reasoning steps,
revealing LVLMs’ key bottleneck in temporal-spatial information processing for
complex video reasoning. A robust positive correlation between the CoT score
and accuracy confirms the validity of our evaluation framework and underscores
the critical role of CoT reasoning in solving complex video reasoning tasks. We
hope VCR-Bench to serve as a standardized evaluation framework and expose the
actual drawbacks in complex video reasoning task.

1 INTRODUCTION

The emergence of Chain-of-Thought (CoT) reasoning (Wei et al.l 2022)) has significantly enhanced
the reasoning capability of large language models (LLMs), as evidenced by the recent breakthroughs
of DeepSeek-R1 (Guo et al [2025a) and OpenAl ol (OpenAl, |2024a). By generating human-like,
interpretable reasoning steps, these reasoning models have demonstrated remarkable advantages in
solving complex visual tasks. Recently, large vision-language models (LVLMs) (OpenAl, 2024b;
Chen et al., [2024azbic) have achieved groundbreaking progress in multiple visual fields, especially
in research on CoT reasoning for video data.

However, video understanding field still lacks a scientifically effective evaluation suit for CoT rea-
soning, with existing benchmarks primarily suffering from the following two shortcomings: First,
current video benchmarks (Xu et al., 2017 [Liu et al.| 2024} [Zhou et al.| 2024} |[Zhao et al., |2025b)
often lack comprehensive annotations of CoT steps, focusing only on the accuracy of final answers
during model evaluation while neglecting the quality of the reasoning process. This evaluation ap-
proach makes it difficult to comprehensively evaluate model’s actual drawbacks during the CoT
reasoning process. As shown in Figure [1| the model captures one piece of erroneous information
while missing one correct piece during its reasoning process, yet ultimately arrives at the correct
final answer. Second, existing video understanding benchmarks (Li et al., 2023} |Fu et al., [2024)
fail to effectively distinguish performance differences in perception and reasoning capabilities. The
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Question: How many news anchors appeared in the video in total?
A.0 B.1 c.2 Quen25-VL-728 D.3

§5. cOT Annotation: %7 Qwen2.5-VL-72B Response:
1. At the beginning of the video, 1. The video starts with
infroduced the situation of , which is typical for a news anchor.

EnableUtah company, mentioning that a fire 2. The scene then transitions to a warehouse
occurred at the shredding facility six weeks setting where a man in a blue suit and ftie is

ago. This is the first news anchor. speaking, which could be another news anchor

2. Subsequently, a series of individuals appear reporting live from the field.

in the video, either journalists or 3. There are no other scenes that show a person

interviewees, none of whom are news anchors. who appears to be a news anchor. Based on this

3. Until around 2:10, the camera switches to analysis, we can conclude that there are two

the broadcasting room, where distinct individuals who appear to be news anchors
, making ) in the video.

Figure 1: Failure case of accuracy-based evaluation. The video contains two news anchors, but
the model missed one while misclassify a non-anchor as an anchor, yet reached the correct answer.
This suggests that relying solely on accuracy is insufficient for appropriately evaluating a model’s
performance under video CoT reasoning.

absence of an effective evaluation suit has become a significant bottleneck that hinders the in-depth
development of complex reasoning research in the field of video understanding.

To fill this gap, we propose VCR-Bench, a benchmark specifically designed to evaluate the Video
Chain-of-Thought Reasoning capabilities of LVLMs. We have constructed a multi-dimensional
evaluation framework, defining seven distinct task dimensions that comprehensively cover a diverse
range of video types and durations. For each data sample, in addition to providing a standard answer,
we have meticulously curated detailed and accurate reference stepwise rationals as CoT annotation.
All samples underwent rigorous manual annotation and quality control, ultimately resulting in the
creation of VCR-Bench, which includes 859 videos and 1,034 high-quality question-answer pairs.
We draw on existing work in the field of image understanding (Jiang et al., 2025} |Chen et al., 2024d;
Thawakar et al. 2025) to innovatively design an evaluation framework specifically for assessing
generated CoT reasoning steps. This framework first categorizes the CoT steps into visual percep-
tion steps and logical reasoning steps, then systematically evaluates the CoT steps across multiple
dimensions including recall rate and precision rate to derive the CoT score, thereby providing a basis
for comprehensively measuring models’ reasoning capabilities.

We thoroughly evaluated multiple models on VCR-Bench. Results reveal significant limitations:
even the top model, ol (OpenAl, |2024a), achieves only 62.8% CoT score and 56.7% accuracy,
while most models score below 40%. The gap highlights LVLMs’ shortcomings in video reasoning
and the need for improvement. Lower perception scores compared to reasoning scores indicate
that temporal-spatial understanding remains the main bottleneck. Further analysis shows a strong
positive correlation between CoT scores and accuracy, validating the reliability of our evaluation
framework.

In a nutshell, our core contributions are as follows:

* To our knowledge, VCR-Bench is the first benchmark specifically designed for video CoT
reasoning. Through rigorous manual annotation, we provide detailed reasoning steps for
each sample, ensuring data accuracy and reliability while offering the research community
a high-quality video reasoning evaluation benchmark.
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Table 1: Key Statistics of VCR-Bench.
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Figure 2: Video source and categories.

* We have successfully introduced the CoT evaluation framework into the field of video rea-
soning, assessing the entire reasoning process based on step-by-step annotated CoT ratio-
nales, thereby providing an effective approach to measure the video reasoning performance
of LVLMs.

» Through extensive evaluation experiments, we have validated the effectiveness of our as-
sessment methods and data, while also demonstrating that current LVLMs still exhibit sig-
nificant limitations in video reasoning, especially in the extraction of temporal-spatial in-
formation. Furthermore, our experiments demonstrate a strong correlation between CoT
step quality and final answer accuracy.

2 VCR-BENCH

2.1 DATASET CURATION

As shown in Figure 2] to ensure diverse video data and rich sample information, we curated VCR-
Bench by integrating multiple existing benchmarks. These include datasets for video perception
and comprehension (e.g., Perception Test (Patraucean et al., 2024), NExTVideo (Xiao et al., 2021},
TVbench (Cores et al., [2024), MLVU (Zhou et al.| [2024)), VCGBench-Diverse (Maaz et al., [2024),
COIN (Tang et al., 2019)); subject knowledge understanding and reasoning (vidleoMMMU (Hu
et al.,[2025), MMVU (Zhao et al., 2025a))); long-form video understanding (Video-MME (Fu et al.,
2024), LongVideoBench (Wu et al., 2024)); temporal localization and analysis (ActivityNet Cap-
tions (Krishna et al.,2017), ReVOS Videos (Yan et al., 2024))); and video scene reasoning (VideoE-

spresso (Han et al., [2024))), among others.

2.1.1 TASK DEFINITION

To comprehensively evaluate the differences in LVLMs’ capabilities for video Chain-of-Thought
(CoT) reasoning from multiple perspectives, we define seven distinct dimensions of task categories.
These dimensions encompass various aspects such as spatiotemporal perception, logical reasoning,
and knowledge-based analysis. The specific task types are as follows, the specific examples for each

dimension can be found in the appendix

e Fundamental Temporal Reasoning (FTR): FTR task represents a basic temporal reasoning
problem, requiring the model to understand temporal order and analyze the sequence of events.

e Video Temporal Counting (VTC): VTC task requires the model to calculate the frequency of
events or actions and perceive the number of occurrences of specific objects.
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o Video Temporal Grounding (VTG): VTG task requires the model to locate the specific moment
or time interval corresponding to a given action or event.

o Video Knowledge Reasoning (VKR): VKR task requires the model to extract knowledge-related
information from the video and apply domain-specific reasoning to solve targeted problems.

e Temporal Spatial Reasoning (TSR): TSR task focuses on the spatial position changes of char-
acters, including their movement trajectories and specific locations.

e Video Plot Analysis (VPA): VPA task requires the model to understand the narrative logic of the
video and explain specific events within the plot.

e Temporal Spatial Grounding (TSG): TSG task requires the model to locate the spatial position
of a corresponding object within a specified temporal sequence.

2.1.2 DATA ANNOTATION AND REVIEW

To enable CoT evaluation, we provide questions, answers, and CoT annotations (reference reason-
ing steps) for all data. These reference steps represent the essential reasoning path to derive correct
answers. Our annotation pipeline combines automated generation (using Gemini 2.0 (Pichai et al.
2024)) followed by human verification. This ensures both diversity and accuracy. Each sample’s rea-
soning steps form an ordered set R = {ry,r2, ...,y } of N atomic sub-steps, designed to facilitate
granular evaluation.

2.1.3 DATA ANALYSIS

After data annotation and verification, we have ultimately constructed a dataset comprising 859
videos and 1034 question-answer pairs. As shown in Table |1} our video dataset encompasses a
wide range of different scenarios, including indoor daily life, sports competitions, outdoor nature,
and urban architecture. It covers multiple categories such as personal photography, documentaries,
films and television, educational videos, and news reports. The duration of the videos ranges from
less than one minute to over 30 minutes, ensuring rich diversity in content and high density of
informational cues. Meanwhile, our question-answer pair data achieves a rough balance across
seven different dimensions, ensuring the richness and balance of the benchmark tasks.

2.2 CoOT EVALUATION STRATEGY

Current video understanding benchmarks primarily evaluate the correctness of models’ final answers
while neglecting intermediate CoT reasoning steps. This evaluation approach fails to provide a
comprehensive assessment of models’ reasoning capabilities. When addressing complex problems,
models must perform multiple cognitive operations including perception and reasoning - evaluating
only the final answers cannot reveal their actual shortcomings. As shown in Figure 3] to address this
limitation, our proposed VCR-Bench incorporates two additional evaluation components alongside
conventional final-answer assessment: CoT Reasoning Deconstruction and CoT Quality Evaluation.

2.2.1 CoOT REASONING DECONSTRUCTION

The reasoning process of LVLMs involves multiple distinct operations, reflecting diverse capabil-
ities. To systematically evaluate model performance across these competencies, we propose CoT
Reasoning Deconstruction, which breaks down the process into two core dimensions:

Visual Perception assesses the model’s ability to extract spatiotemporal information (e.g., actions,
object locations) from videos—the foundational skill for vision tasks.

Logical Reasoning evaluates the model’s capacity to derive conclusions from perceived informa-
tion, critical for complex problem-solving.

Formally, we represent reference reasoning steps as: R = R, U R, where the R, and R, denote
perception and reasoning subprocesses, respectively.
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Figure 3: Overview of VCR-Bench. For each sample, we provide detailed CoT annotations. During
evaluation, we decompose model responses into reasoning steps and match them with reference CoT
to compute recall/precision. Final answers are extracted and compared against ground-truth.

2.2.2 COT QUALITY EVALUATION

As described in Section the question-answer pairs in the VCR-Bench provide accurate and
concise reference reasoning steps R. The core of evaluating the model’s reasoning content is to
establish a matching relationship between the model’s reasoning steps S and the reference reasoning
steps R, to determine the correctness of the model’s reasoning. To this end, we use GPT4o0 (OpenAl
to decompose the model’s reasoning content into /K independent and structurally similar
sub-steps, and categorize them into two sub-processes, as shown in Eq. [T}

S:SPUST:{81,32783,...,81{} (1)

Then, we evaluate the reasoning process of the model under test based on the following metrics:

Recall. For each sub-step r; in R, we prompt GPT4o to evaluate whether the corresponding content
of r; also appears in S. If the same content appears in S and is entirely correct — including accu-
rate temporal localization, correct entity recognition, and consistent logical reasoning — then r; is
considered matched and denoted as r?"“mh. The set of all matched sub-steps is denoted as Rmatch
and RMeh — Rmach  R1h, The Recall can be calculated as shown in the following Eq.

| match ‘ match | malch’
Recall, = ﬁ, Recall, = |7T27|,Recall = R )
D T

The Recall metric comprehensively evaluates the reasoning process by comparing the model’s out-
put with the reference solution’s key reasoning steps. This metric not only verifies answer correct-
ness but also rigorously examines the logical robustness of the reasoning, effectively eliminating
random guessing scenarios, thereby enabling in-depth assessment of the model’s reasoning capabil-
ities.
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Precision. For each sub-step s; in S, we prompt GPT4o to evaluate based on the content of R
whether s; is accurate. If s; matches and is correct according to the content in R, it is considered a
correct step, denoted as 55‘”‘“‘. If s; does not match or contradicts the content in R, such as errors in
the temporal localization of key events, or mistakes in causal reasoning, it is considered an incorrect
step, denoted as s'"°"™. If s; does not appear in R, or it is impossible to determine whether s;
is correct based on the content in R, it is considered an irrelevant reasoning step in solving the
problem, denoted as si]-“ele"am. The set of correct steps and incorrect steps are denoted as S and

Sineorreet - Similarly, both St and St can be further decomposed into the form as shown in

Bl

Scorrect — S;OITCCT U 8:01’1‘60[7 SITICOITGC[ — S;)TICOITCC[ U S;DCOITeCt (3)

Accordingly, the Precision can be calculated as shown in the following Eq. f] and Eq. [5]

| Scorrect| | Scorrect‘
Precision, = P Precision, = T ()
p | Sgorrect ] Szi)ncorrect’ ’ r | Sﬁorrect U 8;ncorrect|
| Scorrect'
Precision = (5)

|Scorrect U Sincorrect|

The Precision metrics evaluate the model’s output reasoning steps, assessing whether each step is
truly reliable and closely related to the answer. By combining Precision and Recall metrics, we
can calculate the model’s output F score as shown in Equation [6] to serve as the final CoT score,
thereby enabling more reliable and comprehensive evaluation of the model’s CoT response quality.

Precision - Recall
F,=2. 6
! Precision + Recall ©)

2.3 ACCURACY EVALUATION STRATEGY

For accuracy evaluation of the models’ final results, we first used GPT40 (OpenAl |2024b) to extract
the final answer from the CoT steps. For general QA tasks, GPT4o0 evaluated correctness against
human-annotated reference answers. For specialized tasks like VTG and TSG, we computed the
Intersection over Union (IoU) between the extracted and reference answers, considering samples
correct if IoU exceeded a threshold (0.7 for VTG, 0.5 for TSG).

3 EXPERIMENTS

3.1 EXPERIMENT SETUP

Evaluation Models. To thoroughly evaluate the effectiveness of VCR-Bench, we conducted as-
sessments on multiple models. These include mainstream and powerful closed-source models such
as Gemini (1.5 Pro, 2.0 Flash, 2.5 Pro) (Team et al.l [2024; |Pichai et al., 2024; |Comanici et al.,
2025), GPT-5 (OpenAl, 2025)), GPT-40 (OpenAl, [2024b), o1 (OpenAl| [2024a)), 03 (OpenAll 2025)
and Claude (3.5, 4.0) (Anthropicl [2024; 2025)), as well as commonly used open-source models like
InternVL2.5 (8B, 78B) (Chen et al.} [2024¢g:fle), VideoLLaMA3 (7B) (Zhang et al., 2025), LLaVA-
OneVision (7B, 72B) (Li et al.} |2024a), mPLUG-OwI3 (7B) (Ye et al.| 2024), MiniCPM-02.6 (7B)
(Yao et al., 2024), Llama-3.2-Vision (11B) (Al@Meta, 2024), Qwen3-VL (8B) (Bai et al.| [2025),
Qwen2.5-VL (7B, 72B) (Bai et al. 2025)), LLaVA-Video (7B, 72B) (Zhang et al/, [2024b), Aria
(25B) (Li et al., [2024b), and InternVideo2.5 (8B) (Wang et al.,[2025). This essentially covers all the
mainstream LVLMs currently available. We also provide the evaluation results of human testers for
reference.

Implementation Details. For models supporting direct video input (e.g., Gemini (Team et al.,[2024;
Pichai et al.| [2024))), videos were processed directly. For models without native video support (e.g.,
GPT-40 (OpenAlL 2024b))), we extracted 64 frames per video with timestamps and used multi-image
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Table 2: CoT Evaluation Results for Different Models in VCR-Bench. The best results are bold
and the second-best are underlined. The F} represents the final CoT score.

Model \ Perception \ Reasoning \ Avg

| Rec Pre Fi | Rec Pre Fi | Rec Pre I

Human Performance | 962 98.6 974 | 843 867 855|913 934 923
Closed-Source Models

Gemini-2.5-Pro 74.6 625 68.0 | 704 67.1 68.7 | 71.7 63.7 67.5
Gemini-2.0-Flash 52.1 66.6 585 | 574 646 608 | 540 62.1 577
Gemini-1.5-Pro 47.1 57.8 519 | 548 543 545 | 494 543 517
03 66.5 538 595|569 597 583|673 554 60.8
ol 524 700 599 | 66.6 714 689 | 569 701 62.8
GPT-5 713 572 635 | 599 676 635|652 593 62.1
GPT-40 514 61.0 558 | 553 524 538 | 527 569 547
Claude 4 Sonnet 58.1 46.0 513 | 51.0 53.0 520 |60.1 46.0 52.1
Claude 3.5 Sonnet 4777 58.1 524 | 49.1 475 483 | 476 536 504
Open-Source Models

InternVL2.5-8B 16.1 526 246 | 33.0 369 348 | 221 382 28.0
InternVL2.5-78B 187 741 299 | 352 539 426 | 239 568 33.7
VideoLLaMA3-7B 20.2 522 29.1 | 391 399 395 | 266 40.1 320

LLaVA-OneVision-7B 10.1 923 183 | 287 512 36.8 | 16,7 551 25.6
LLaVA-OneVision-72B | 14.1 947 245 | 355 583 44.1 | 208 61.5 31.1

mPLUG-Owl3-7B 6.0 86.5 11.1 | 20.7 43.7 281 | 104 454 170
MiniCPM-02.6-8B 275 494 353 | 346 350 348 | 299 387 338
Llama-3.2-11B-Vision 2.1 864 4.2 6.8 525 12.0 | 3.6 525 638

Qwen3-VL-8B 62.5 41.1 496 | 504 446 473 | 61.0 41.8 49.6
Qwen2.5-VL-7B 317 534 398 | 347 374 360 | 334 446 382
Qwen2.5-VL-72B 462 602 523 | 474 46.1 46.7 | 475 538 505
LLaVA-Video-7B 1.1 957 199 | 33.1 520 404 | 181 564 273
LLaVA-Video-72B 156 953 269 | 398 57.1 469 | 232 60.6 33.6
Aria-25B 185 686 29.1 | 362 523 428 | 239 56.0 335
InternVideo2.5-8B 6.9 984 129 | 26.1 613 366 | 126 660 21.2

input for evaluation. All other parameters followed official specifications. During inference, models
answered questions step-by-step using our CoT prompt: ”Please provide a step-by-step solution to
the given question.” All other prompts used during evaluation are provided in the Appendix

3.2 CoOT EVALUATION RESULTS

We first evaluated the output CoT steps of each model, all prompts used during evaluation are pro-
vided in the Appendix [E] and the experimental results are shown in Table[2] From the results, it can
be observed that the quality of output CoT varies significantly across different models, and the over-
all CoT scores are not particularly high. Among them, the Gemini 2.5 Pro (Comanici et al., 2025)
model, known for its strong reasoning capabilities, achieved a comprehensive CoT score of 67.5,
ranking first among all models. Further analysis of the results leads us to the following conclusions:

Closed-source models and large-scale parameter models possess stronger reasoning capabili-
ties. As shown in the results of Table 2] the CoT evaluation CoT scores of common closed-source
models are generally higher than those of open-source models. Additionally, for the same open-
source model with different parameter sizes, such as Qwen2.5-VL 7B and 72B (Bai et al., [2025)), the
model with larger parameters achieves a higher CoT score. This reflects that video CoT reasoning
places high demands on the overall performance of LVLMs, and only models with larger parameters
can ensure better step-by-step analysis and reasoning capabilities.

A more common issue that models encounter during multi-step reasoning is omission rather
than inaccuracy. Experimental results show that most models achieve higher precision than re-
call. Models with weaker CoT ability (e.g., LLaVA-Video-7B (Zhang et al.l 2024b)) often generate
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Table 3: Accuracy Evaluation Results for Different Models in VCR-Bench. The best results are
bold and the second-best are underlined.

Model \ FTR VTC VTG VKR TSR VPA TSG Avg
Human Performance \ 90.2 956 900 602 952 963 803 86.8
Closed-Source Models

Gemini-2.5-Pro 56.1 564 627 759 565 622 00 54.6
Gemini-2.0-Flash 66.2 512 620 644 541 58.1 42 517
Gemini-1.5-Pro 55.1 453 529 620 450 456 0.7 440
03 52.8 453 490 618 444 532 49 448
ol 66.7 522 569 743 61.0 602 00 56.7
GPT-5 547 6377 537 565 659 549 159 514
GPT-40 547 49.1 448 686 489 576 28 469
Claude 4 Sonnet 509 46.6 483 599 474 489 63 443
Claude 3.5 Sonnet 453 463 343 642 440 493 0.7 41.0
Open-Source Models

InternVL2.5-8B 327 298 119 333 259 309 0.7 239
InternVL2.5-78B 40.9 398 9.8 529 296 396 0.0 309
VideoLLaMA3-7B 447 36.6 245 431 363 396 0.7 325
LLaVA-OneVision-7B 358 348 245 399 378 41.0 00 307
LLaVA-OneVision-72B 478 422 259 523 459 38.1 0.0 364
mPLUG-Ow13-7B 132 6.2 2.8 5.9 156 7.2 0.0 7.3
MiniCPM-02.6-8B 314 304 126 438 304 381 00 269
Llama-3.2-11B-Vision 4.4 43 7.0 6.5 6.7 5.8 0.0 4.9
Qwen3-VL-8B 374 378 476 542 295 326 35 350
Qwen2.5-VL-7B 37.1 267 294 47.1 348 360 0.7 304
Qwen2.5-VL-72B 450 399 341 562 38.1 489 2.1 379
LLaVA-Video-7B 472 366 189 418 407 403 0.0 325
LLaVA-Video-72B 497 49.1 17,5 497 437 432 0.0 36.6
Aria-25B 453 450 33.6 562 437 388 2.8 382
InternVideo2.5-8B 409 435 140 412 481 417 0.0 33.0

only one or two steps, further widening the gap. This suggests that while most generated steps are
accurate, many critical reasoning steps are still omitted.

The logical reasoning performance of the models is generally stronger than their visual per-
ception performance. Models generally perform better in logical reasoning than visual percep-
tion. Quantitative analysis shows their average reasoning score (mean CoT 45.8) exceeds perception
(mean CoT 38.7), with open-source models showing larger gaps. This indicates that LVLMs’ main
bottleneck in complex video reasoning lies in visual perception and comprehension.

3.3 ACCURACY EVALUATION RESULTS

As shown in Table [3} we evaluated the final answer accuracy of all models across different dimen-
sions. Combined with the results from Table 2} we can draw the following conclusions:

The CoT evaluation results are highly positively correlated with the final answer evaluation
results. As shown in Figure 4] the experimental results demonstrate a strong positive correlation
(r=0.90) between models’ CoT reasoning quality and final answer accuracy. This robust relation-
ship confirms that effective CoT reasoning is critical for successful video question answering, with
higher-quality CoT steps consistently leading to more accurate final responses.

Models with stronger instruction-following capabilities can achieve relatively higher CoT
scores. A closer examination of Figure f] reveals that some models exhibit relatively high accuracy
but low CoT scores, such as LLaVA-Video-7B (Zhang et al., 2024b)) and LLaVA-OneVision-7B (Li
et al., 2024a). These models generally struggle to properly follow CoT instructions—even when
provided with CoT prompts, their outputs remain overly concise, and their reasoning processes are
insufficiently detailed, resulting in lower CoT scores. However, models like Qwen2.5-VL (Bai et al.,
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Table 4: Accuracy Evaluation Results for Dif-  Table 5: Accuracy Evaluation Results under

ferent Durations. Different Settings.

Model ‘ Short Med Long Avg Model Text 1 Direct CoT

Closed-Source Models oS o] Frame

Gemini-2.5-Pro 542 584 472 46 Gominin0Flash | 138 252 448 517

Gemini-2.0-Flash 442 003 335 517 GPT-4o 98 216 463 469

Gemini-1.5-Pro 374 499 487 440 Claude 3.5 Sonnet 9.1 113 396 410

03 415 471 484 443 Open-Source Models

ol 53.6 613 547 56.7 InternVL2.5-78B ‘ 7.2 18.7 354 309

GPT5 514 542 450 514 Qwen2.5-VL-72B 127 167 427 379

GPT-40 444 487 497 469

Claude 4 Sonnet 424 468 44.1 44.3 60 .

Claude 3.5 Sonnet 398 422 414 410 cenii23r0
Pearson r = 0.90 Gemini-2.0-Flash GPT-5

Open-Source Models 50 ((p<000D T4

InternVL2.5-8B 207 257 283 239 el G

InternVL2.5-78B 304 305 326 309 340 Lova-nevison728 | @ | Cowde 35 Somet

. o InternVideo2.5-88 LLaVA-Video-728 Qwen3-VL-88

VideoLLaMA3-7B 302 382 267 325 g Querz 51728

LLaVA-OneVision-7B 292 334 289 307 ﬁ 0 LLavA Onevision 78 m:f:;t:g‘”“ e

LLaVA-OneVision-72B 351 406 310 364 g e

mPLUG-Ow13-7B 61 99 48 73 E 2 PRI

MiniCPM-02.6-8B 275 260 267 269

Llama-3.2-11B-Vision 53 5.1 3.7 4.9

Qwen3-VL-8B 340 379 309 350 10 e taueon e Model Type

Qwen2.5-VL-7B 271 340 316 304 o oo

Qwen2.5-VL-72B 334 428 398 379 0 © 2 0 0 5 60 70

LLaVA-Video-7B 31.7 334 326 325 Average CoT Score

LLaVA-Video-72B 355 406 385 379

Aria-25B 364 399 396 382  Figure 4: Correlation between CoT Evaluation

InternVideo2.5-8B 315 350 326 330  Results and Accuracy Evaluation Results.

2025])), which demonstrate stronger instruction-following capabilities, produce more comprehensive
reasoning chains, thus achieving comparatively higher CoT scores.

The spatiotemporal grounding capabilities of the models are generally weak. The TSG task
proves exceptionally challenging, with even the top model (GPT-5 (OpenAl, [2025))) achieving
merely 15.9% accuracy, while many models fail completely. This stems from the task’s unique
demands: (1) combined spatiotemporal reasoning (temporal localization + coordinate output), and
(2) current models’ fundamental limitations in extracting precise spatial coordinates from video data.
For concrete examples, please refer to Figure[6]in the Appendix [

3.4 MORE EVALUATION RESULTS

Accuracy Evaluation Results for Different Durations. We also statistically analyzed the model’s
performance across videos of different durations, as shown in Table d The results indicate that the
model generally achieves better performance on medium-length videos. In comparison, long videos
contain more complex temporal information and richer content, which poses greater challenges for
the model’s comprehension. As for short videos, since our dataset is primarily based on manual an-
notations and corrections, human annotators tend to find them easier to understand and are thus able
to produce more in-depth and sophisticated annotations. Meanwhile, the model shows significant
deficiencies in the TSG dimension, which mainly consists of short videos. This partially contributes
to its weaker performance on short-form content.

Accuracy Evaluation Results under Different Settings. To further validate the rationality of VCR-
Bench, we conducted experiments under different settings, including: text-only input without video,
text plus a single frame extracted from video, and full text plus video with direct answering (without
CoT), compared with our standard setup of full text plus video with CoT answering. As shown in Ta-
ble[5] both the text-only and single-frame input settings lead to significant performance degradation,
indicating that our question-answer data highly depend on video content and temporal information.
Meanwhile, for stronger closed-source models, using CoT prompting results in higher accuracy than
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direct answering, whereas the opposite is true for weaker open-source models. This demonstrates
that effective CoT reasoning heavily relies on the model’s overall capability—only models with
sufficiently strong reasoning skills can fully benefit from CoT.

4 CONCLUSION

We introduce VCR-Bench, the first benchmark tailored to evaluate the Chain-of-Thought (CoT)
reasoning capabilities of LVLMs in video understanding tasks. It consists of a high-quality dataset
of 859 diverse videos and 1,034 QA pairs across seven task types, each annotated with detailed CoT
reasoning references. We propose a novel evaluation framework that assesses reasoning quality
through recall, precision, and the F; score. Comprehensive evaluations show that current LVLMs,
including top-performing models, have significant limitations, with the best model achieving only
a 67.5 CoT score and most open-source models scoring below 40. This highlights the need for
substantial improvement in video-grounded reasoning. Further experimental results also indicate
that the primary capability bottleneck for most current models in handling complex video questions
lies in the visual perception step. VCR-Bench provides a standardized framework to drive research
progress in this critical area.

5 ETHICS STATEMENT

This work adheres to ethical research standards in data collection, model training, and evaluation.
All datasets used in this study are publicly available research datasets, collected and released under
their respective licenses. No private or personally identifiable information (PII) was used.

6 REPRODUCIBILITY STATEMENT

We are committed to ensuring the reproducibility of our results. All prompts used during evaluation
are provided in the appendices. Additionally, all datasets and evaluation scripts will be made publicly
available.
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APPENDIX

A RELATED WORK

A.1 LVLMS FOR VIDEO UNDERSTANDING

The rapid advancement of image-based LVLMs (Chen et al., 2024c; [Lin et al., 2023} |Ye et al.
2024; Maaz et al.| |2023) has significantly boosted video understanding and question answering
capabilities, revitalizing Al research. Early attempts like VideoChat and Video-ChatGPT (Maaz
et al |2023) paved the way for recent advancements such as CogVLM?2-Video (Hong et al.| |[2024),
InternVL2 (Chen et al.l 2024gif), and LLaVA-Video (Zhang et al., 2024b), which process videos
as image sequences by leveraging powerful image comprehension. To address the computational
challenges of high frame rates and long videos, techniques like QFormer-based feature extraction in
InternVideo2 (Wang et al.}|2024b) and Video-LLaMA (Zhang et al., |2023)), and adaptive pooling in
PLLaVA (Xu et al.;, 2024) have been developed. With the enhancement of model capabilities and
the increasing complexity of tasks, the strong reasoning and thinking abilities of LVLMs in the field
of video understanding are receiving growing attention.

A.2 VIDEO UNDERSTANDING BENCHMARKS

Traditional video understanding benchmarks focus on evaluating specific model capabilities in par-
ticular scenarios. For example, MSRVTT-QA (Xu et al., 2017), ActivityNet-QA (Yu et al., |2019),
and NExT-QA (Xiao et al., [2021)) test basic action recognition and video question answering, while
MMBench (Xu et al., [2023), SEED-Bench (L1 et al., 2023)), and MVBench (L1 et al., [2024c) as-
sess short video clips. Benchmarks like LongVideoBench (Wu et al., [2024), Video-MME (Fu et al.,
2024)), and LVBench (Wang et al., 2024a) provide longer videos and more diverse tasks. Latest
work, such as V2P-Bench (Zhao et al.|[2025b), has constructed a set of data based on visual prompts
by simulating human-computer interactions. However, these tasks are generally simple and do not
require complex reasoning from models. Recently, there has been growing interest in video CoT
reasoning tasks. VideoEspresso (Han et al., 2024)) uses keyframe captions for complex scene reason-
ing, MMVU (Zhao et al.| 2025a)) introduces annotated educational video reasoning questions, and
VideoMMMU (Hu et al., 2025) focuses on knowledge reasoning from subject explanation videos.
While these efforts aim to measure video CoT reasoning, their scenarios are limited, and they pri-
marily evaluate final results rather than the reasoning process itself.

A.3 REASONING EVALUATION

In the multimodal domain, research on reasoning process evaluation is limited and mostly focused
on images. Early works, such as MathVista (Lu et al.| 2023)), MathVerse (Zhang et al., 2024a), and
OlympiadBench (He et al., |2024), targeted narrow scientific tasks. More recent benchmarks like
M3CoT (Chen et al., 2024d) and SciVerse (Guo et al., 2024)) extend to general image reasoning but
still lack comprehensive process evaluation. LlamaV-o1 (Thawakar et al., 2025) introduces a multi-
dimensional framework, and MME-CoT (Jiang et al., 2025)) evaluates image reasoning by aligning
model steps with annotations and computing F} scores. These methods can be adapted for video
reasoning.

B MORE EXPERIMENTAL RESULTS

Performance Analysis of Video Reasoning Models. Recent work has also introduced several RL-
based approaches specifically designed for video reasoning. We selected two representative models,
Video-R1-7B (Feng et al., 2025) and LongVILA-R1-7B [Chen et al.| (2025), and analyzed their per-
formance on VCR-Bench. The results are presented in Table [6] and Table [7] below. Video-R1-7B
(Feng et al., |2025) is built upon Qwen2.5-VL-7B (Bai et al., |2025) as the base model and further
trained via reinforcement learning. Experimental results show that, after targeted video reason-
ing training, Video-R1-7B achieves superior performance on VCR-Bench, particularly in reasoning
steps, compared to its base model.

15



Under review as a conference paper at ICLR 2026

Table 6: CoT Evaluation Results for Video Reasoning Models in VCR-Bench.

Model \ Perception \ Reasoning \ Avg

| Rec Pre Fi | Rec Pre Fi | Rec Pre I

31.7 534 398 | 347 374 360 | 334 446 382
350 203 253 | 504 597 547 | 386 413 399
39.8 18.6 254 | 50.7 284 364|399 206 27.1

Qwen2.5-VL-7B
Video-R1-7B
LongVILA-R1-7B

Table 7: Accuracy Evaluation Results for Video Reasoning Models in VCR-Bench.

Model ‘FTR VIC VTG VKR TSR VPA TSG Avg

Qwen2.5-VL-7B 37.1 267 294 471 348 360 0.7 304
Video-R1-7B 328 346 229 479 467 242 1.8 336
LongVILA-R1-7B 333 360 175 412 289 302 0.7 272

Comparison of model performance across different judges. In our VCR-Bench evaluation, we
use GPT-40 as the judge model. To further validate the robustness of our assess-
ment, we additionally select several other strong reasoning models (Comanici et al.,[2025}/Guo et al.}
2025D}; [OpenAll [2025) as judges to evaluate the model-generated reasoning outputs. As shown in
Table [8] the results indicate that different judge models lead to variations in the final evaluation
scores. However, the overall ranking remains largely consistent, demonstrating the relative reliabil-
ity of using a single judge model for evaluation.

Table 8: Comparison of performance using different models as judges.

Test Model ‘ Judge Model

| GPT-40 Gemini-2.5 03  doubao-1.5
Gemini-2.0-Flash 51.7 52.7 53.6 51.3
GPT-40 46.9 499 51.1 423
Qwen2.5-VL-7B 30.4 32.0 32.4 32.2
Qwen2.5-VL-72B 379 39.7 41.2 39.1

The impact of different input frame counts on model performance. During our evaluation, we
selected 64 frames as the input setting for most models. Here, we conduct a frame-number ablation
study based on Qwen2.5-VL-7B [2025), where inputs with varying numbers of frames
are sampled uniformly, and the resulting model performance is compared, as shown in Table[9] The
results indicate that with fewer frames, model performance drops significantly due to insufficient
information. Conversely, when the number of frames exceeds 64, the performance gains start to
diminish. Moreover, excessive frame inputs not only increase inference costs but also exceed the
input capacity of some models. Therefore, we ultimately chose 64 frames as our standard input.

C MORE DISCUSSION

Different Reasoning Traces. When dealing with complex reasoning problems, multiple valid rea-
soning paths may exist, which could introduce certain biases into the evaluation. We have carefully
considered this issue during the data annotation process and took measures to minimize the impact
of divergent reasoning routes. First, most samples in our evaluation set were intentionally designed
to have a fixed reasoning trajectory or to include unavoidable key clues that guide the reasoning
process. Compared with image data, video inherently provides a clear and unidirectional temporal
structure, making it easier to identify crucial moments and constrain the possible reasoning paths.
This property naturally reduces ambiguity arising from multiple potential reasoning routes. In ad-
dition, we filtered out samples with unclear or poorly defined reasoning processes to further ensure
the reliability and consistency of the evaluation.
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Table 9: Effect of different input frame counts on model performance.

Frames |16 32 64 128
Accuracy (%) ‘ 13.5 33.7 36.9 37.2

Table 10: Probability (%) of each model generating a fully correct CoT reasoning process condi-
tioned on producing the correct final answer.

Model Probability Model Probability
InternVideo2.5-8B 7.9 LLaVA-OneVision-72B 17.6
InternVL2.5-8B 22.2 LLaVA-OneVision-7B 11.0
Gemini-1.5-Pro 442 Gemini-2.0-Flash 56.6
VideoLLaMA3-7B 21.2 GPT-40 49.9
ol 58.0 Claude 3.5 Sonnet 52.4
mPLUG-Owl13-7B 5.3 InternVL2.5-78B 24.4
MiniCPM-02.6-8B 28.2 Qwen2.5-VL-7B 40.1
Llama-3.2-11B-Vision 2.0 Qwen2.5-VL-72B 534
Aria-25B 12.7 LLaVA-Video-72B 18.4
LLaVA-Video-7B 11.3 - -

Low Performance on TSG Task. Among the seven tasks included in our benchmark, the TSG
task is particularly challenging, as nearly all evaluated models perform poorly on this task. We
attribute this phenomenon to several potential reasons. First, the TSG task remains relatively new
in multimodal video reasoning, and current models may lack sufficient training data tailored to
this setting. Second, spatial perception itself is inherently difficult for multimodal models. Many
existing models struggle with spatial localization, as illustrated in the case studies in Appendix
Figure [l In our TSG formulation, the model is required not only to perform localization but also
to conduct additional reasoning to justify the localization process, which substantially increases
the task difficulty. Nevertheless, we argue that this task setting provides a rigorous assessment
of a model’s spatiotemporal perception capabilities and offers valuable insights for future model
development. As multimodal models continue to advance, the importance and necessity of the TSG
task will become increasingly evident.

Further analysis of the relationship between CoT score and accuracy. In Section[3.3] we demon-
strated the correlation between the CoT score and accuracy, confirming a strong relationship between
the two metrics. Here, we further provide statistics on the probability that each model achieves both
a correct accuracy prediction and a full CoT score, as shown in Table[T0] As the results indicate, con-
sistent with the patterns illustrated in Figure [T|and Figure[7] models may still exhibit issues in their
reasoning traces even when their final accuracy is correct. This further underscores the necessity of
incorporating CoT-based evaluation.

Annotation Details. Our dataset was constructed using a combination of model-generated con-
tent and human annotation. During the human annotation phase, we implemented several measures
to minimize labeling errors: all annotators are experienced practitioners in the VLM community,
with solid expertise in multimodal video understanding and reasoning tasks; we conducted unified
training to ensure consistent annotation standards; annotators were instructed to strictly follow the
objective content presented in the videos and to avoid introducing any subjective inference or judg-
ment; a cross-checking mechanism was employed, in which each annotation was reviewed by two
to three additional annotators; finally, to guarantee high-quality annotations, any samples that could
introduce ambiguity or disagreement were excluded.

Comparison with Existing Long Video Reasoning Benchmarks. Recent work has also begun
exploring video reasoning benchmarks, such as LongVideo-Reason-eval [2025). These
studies evaluate models from several capability dimensions and design corresponding question types
for each dimension. Although their evaluation sets include reasoning processes to some extent, the
assessment essentially remains result-oriented. In contrast, our VCR-Bench fundamentally differs
from these approaches. While also providing intermediate reasoning steps, its core contribution lies
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in introducing a step-by-step scoring mechanism for the reasoning process itself. This enables a
more comprehensive and fine-grained reflection of a model’s true reasoning capability.

D LIMITATION AND BROADER IMPACT

Limitation. Our evaluation methodology relies heavily on the assessment provided by GPT-4o.
Limited by the capabilities of GPT-4o itself, it cannot achieve true and complete objectivity, which
is a limitation of our evaluation system. We are also exploring ways to minimize the use of model-
based evaluation methods to make the evaluation system more objective and fair.

Broader Impact. The VCR-Bench constructs an innovative method for cot evaluation of video
question answering in the multimodal domain, which will be highly beneficial for more comprehen-
sively validating the reasoning capabilities of LVLMs, enhancing the performance of LVLMs in the
field of video understanding, and providing more possibilities for the practical applications of large
models (such as VR headsets and mobile assistants).

E PROMPT TEMPLATE

Recall Evaluation Prompt

You are an expert system for verifying solutions to video-based problems. Your task is to
match the ground truth middle steps with the provided solution.

INPUT FORMAT:

1. Problem: The original question/task

2. A Solution of a model

3. Ground Truth: Essential steps required for a correct answer

MATCHING PROCESS:
You need to match each ground truth middle step with the solution:

Match Criteria:

- The middle step should exactly match in the content or is directly entailed by a certain
content in the solution

- All the details must be matched, including the specific value and content

- You should judge all the middle steps for whether there is a match in the solution

Step Types:

1. Logical Inference Steps

- Contains exactly one logical deduction

- Must produce a new derived conclusion
- Cannot be just a summary or observation

2. Video Description Steps

- Pure visual observations

- Only includes directly visible elements
- No inferences or assumptions

- Contains event time

OUTPUT FORMAT:
JSON array of judgments:

[
{
"step": ground truth middle step,
"step_type": "Video Description Steps|
Logical Inference Steps",
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"jJudgment": "Matched" | "Unmatched"
}
]

ADDITIONAL RULES:
1. Only output the json array with no additional information.
2. Judge each ground truth middle step in order without omitting any step.

Here is the problem, answer, solution, and the ground truth middle steps:
[Problem]: {question}
[Answer]: {answer}
[Solution]: {solution}
\_ J

Precision Evaluation Prompt

Given a solution with multiple reasoning steps for a video-based problem, reformat it into
well-structured steps and evaluate their correctness.

Step 1: Reformatting the Solution

Convert the unstructured solution into distinct reasoning steps while:
- Preserving all original content and order

- Not adding new interpretations

- Not omitting any steps

Step Types
1. Logical Inference Steps

- Contains exactly one logical deduction
- Must produce a new derived conclusion
- Cannot be just a summary or observation

2. Video Description Steps

- Pure visual observations

- Only includes directly visible elements
- No inferences or assumptions

- Contains event time

3. Background Review Steps:
- Repetition or review of the problem
- Not directly related to solving the problem.

Step Requirements

- Each step must be atomic (one conclusion per step)

- No content duplication across steps

- Initial analysis counts as background information

- Final answer determination counts as logical inference

Step 2: Evaluating Correctness

Evaluate each step against:

Ground Truth Matching

For video descriptions:

- Key elements must match ground truth descriptions

For logical inferences:

- Conclusion must EXACTLY match or be DIRECTLY entailed by ground truth
For Background review:

- Without special circumstances are deemed to be redundant

Reasonableness Check (if no direct match)
\_ J
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If Step:

- Premises must not contradict any ground truth or correct answer
- Logic is valid

- Conclusion must not contradict any ground truth

- Conclusion must support or be neutral to correct answer

- Helpful in solving the problem, non-redundant steps

this Step be viewed as matched.

Judgement Categories

- ”"Match”: Aligns with ground truth

- ”Wrong”: Contradictory with ground truth

- "Redundant”: Redundant steps that do not help solve the problem

Output Requirements

1. The output format MUST be in valid JSON format without ANY other content.

2. For highly repetitive patterns, output it as a single step.

3. Output maximum 35 steps. Always include the final step that contains the answer.

Output Format
[
{
"step": "reformatted the solution step",
"step_type": "Video Description Steps|
Logical Inference Steps|
Background Review Steps",
"reasons_for_judgment": "The reason for judging...",
"jJudgment": "Matched|Wrong|Redundant"
}
1
Input Data

[Problem]: {question}
[Solution]: {solution}
[Ground Truth Information]: {gt_annotation}
\ J

Answer Extraction Prompt

You are an Al assistant who will help me to extract an answer of a question. You are
provided with a question and a response, and you need to find the final answer of the
question.

Extract Rule:

[Multiple choice question]

1. The answer could be answering the option letter or the value. You should directly output
the choice letter of the answer.

2. You should output a single uppercase character in A, B, C, D, E, F, G, H, I (if they are
valid options), and Z.

3. If the answer is about a certain time period, such as from 1 minute 30 seconds to 2 minutes
30 seconds, it should be given in the format [90, 150].

4. If the meaning of all options are significantly different from the final answer, output Z.

[Non Multiple choice question]

1. Output the final value of the answer. It could be hidden inside the last step of calculation
or inference. Pay attention to what the question is asking for to extract the value of the
answer.

2. The final answer could also be a short phrase or sentence.
\_ J
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3. If the response doesn’t give a final answer, output Z.

Output Format:
Directly output the extracted answer of the response

Example 1:

Question: What is the main object in image?
Options: A. teddy bear B. rabbit C. cat D. dog
Response: a cute teddy bear

Your output: A

Example 2:

Question: What is the main object in image?
Options: A. teddy bear B. rabbit C. cat D. dog
Answer: Spider

Your output: Z

Example 3:

Question:

On a flat playground, choose a Cartesian Oxy coordinate system (in units of meters). A child
running at a constant velocity V' = 1m/s around a heart-shaped path satisfies the following
order-6 algebraic equation:

(m2 + 9% — L2)3 — La?y> =0, L=10.

Response:
Given the radius of curvature r» &~ 10 m:
Using the radius of curvature:

B E ~ (Imsh)?

Qe = 2

= =0.1ms™
T 10m
The magnitude of the acceleration is the sum of tangential and centripetal components. Since
tangential acceleration is zero (constant speed):

Magnitude of acceleration = a, =

Your output: 0.1 ms~2

Example 4: Question: Given the sequence of images, please identify the image consistent
with the text description: Clean And Jerk.

A. jimagely,

B. jimage2;,

C. jimage3;,

D. jimage4,,

Response: Based on the temporal analysis, Answer: The second image

Your output: B

Example 5:

Question: Please specify the start and end time of the event *An intro screen appears with a
gray background and the red and white words that say PRO TRAINING.’

Response: The start and end time of the event *An intro screen appears with a gray back-
ground and the red and white words that say PRO TRAINING.” are as follows:

Step 1: Identify the start time of the event.

The video starts at 00:00. The intro screen is visible from the very beginning.

Start time: 00:00

Step 2: Identify the end time of the event.

The intro screen starts to disappear and transition to the next scene at 00:11. By 00:12, the

intro screen is completely gone. So, the intro screen is visible until 00:11. End time: 00:11
\_ J
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Therefore, the event ’An intro screen appears with a gray background and the red and white
words that say PRO TRAINING’ starts at 00:00 and ends at 00:11.
Your output: [0,11]

Example 6:

Question: In the diagram, OA = 15,0P = 9 and PB = 4. Determine the equation of the
line through A and B. Explain how you got your answer.

Response: The equation of the line through A and B is y = —%x + 12.

To find the equation of the line through A and B, we first need to find the slope of the line.
The slope of a line passing through two points (1, y1) and (22, y2) is given by the formula:

Y2 — Y1
T2 — T1

Slope =
Using the coordinates of points A(0, 15) and B(4,0), we can calculate the slope as follows:

Slope — 0-15 —15 15

PP=71-07 1 T 1
Now that we have the slope, we can use the point-slope form of a linear equation to find the
equation of the line. The point-slope form is given by:

y— 1y =m(x— 1)
where (x1,y1) is a point on the line and m is the slope. In this case, we can use point
A(0,15) and the slope —23:
15

Simplifying the equation, we get:

1
y—le—ZSw
15

Therefore, the equation of the line through A and B is y = —%x + 15.
Your output: y = —%x + 15

Example 7:

Question: jimage; jimage; jimage; jimage; jimage; jimage; jimage; jimage; jimage;In
the paper ‘An Object is Worth 64x64 Pixels: Generating 3D Object via Image Diffusion’,
what aspect of the proposed method does this figure aim to demonstrate?

Response: the potential of this 3D generation paradigm to generate objects with PBR mate-
rials

Your output: the potential of this 3D generation paradigm to generate objects with PBR
materials

[Question]: {question}
[Answer]: {response}
[Your output]:

Answer Scoring Prompt

You are an Al assistant who will help me to judge whether two answers are consistent.

Input Ilustration:
[Standard Answer] is the standard answer to the question
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[Model Answer] is the answer extracted from a model’s output to this question.

Task Ilustration: Determine whether [Standard Answer] and [Model Answer] are consis-
tent.

Consistent Criteria:

[Multiple-Choice questions]

1. If the [Model Answer] is the option letter, then it must completely matches the [Standard
Answer].

2. If the [Model Answer] is not an option letter, then the [Model Answer] must completely
match the option content of [Standard Answer].

[Nan-Multiple-Choice questions]

1. The [Model Answer] and [Standard Answer] should exactly match.

2. If the meaning is expressed in the same way, it is also considered consistent, for example,
0.5m and 50cm.

Output Format:

1. If they are consistent, output 1; if they are different, output 0.

2. DIRECTLY output 1 or 0 without any other content.

Example 1:

Question: What is the main object in image?
Options: A. teddy bear B. rabbit C. cat D. dog
[Model Answer]: a cute teddy bear

[Standard Answer]: A

Your output: 1

Example 2:

Question: Find the value of AB. Choices: A.1; B.5; C.9; D.10
[Model Answer]: 5

[Standard Answer]: B

Your output: 1

Example 3:

Question: Three of the following four slides are from the same presentation, but one is from
a different one. Please identify the outlier: jimage; jimage;, jimage; jimage;

[Model Answer]: the forth image

[Standard Answer]: the third image

Your output: 0

[Question]: {question}

[Model Answer]: {extract answer}
[Standard Answer]: {gt answer}
Your output:
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F ERROR ANALYSIS

Critical Visual Feature Omission

Question: Where did the umbrella, used as a weapon by the shop owner end up”
A: Taken by a masked person.
B: Fell to the ground

C: Put it back on the shelf

D: Stuck in the door

Answer: D: Stuck in the door

Cot annotation
0:28-0:33, after the shopkeeper fell, he picked up an
umbrella from the ground as a weapon to attack the
masked person.
. 0:33-0:36, during the fight, the umbrella in the shop
owner's hand was taken by the masked person.
. 0:36-0:38, the masked person threw the umbrella
in their hand outward, and it stuck in the door.
. Subsequently, the umbrella did not appear in the
footage again, so it can be inferred that the umbrella
was finally stuck on the door.

Step by step: 1. The shop owner grabs an
umbrella to use as a weapon. 2. He

attempts to strike the masked individual
with it. 3. During the ensuing fight, it is
knocked away from his grasp. 4. After
that, the umbrella is visibly out of his
hands and does not reappear in use.
Hence, the umbrella ends up on the
ground (Choice B).

ol

Excessive inference

Question: What are the reasons for the failure of feral dogs in hunting?
A: Preempted by other predators

B: Let the prey occupy the advantageous terrain

C: Running too slowly.

D: Disturbed by humans

Answer: B: Let the prey occupy the advantageous terrain

Step-by-step reqsonmg 1. From the scenes showing African wild dogs (also referred to in the subtitle
translation as "B/MFEFR" ), it's made clear they often operate in open grasslands where multiple predators

@ (such as hyenas or lions) may appear. These other predators can seize the opportunity to steal a kill or drive the
wild dogs away. This supports option A: “Preempted by other predators.” 2. In the video, certain prey (e.g.,

ol waterbuck) are shown seeking refuge in water or dense vegetation, terrains that give them a defensive
advantage (especially with sharp horns or hiding spots). The wild dogs often struggle with these less favorable
conditions. This corresponds to option B: “Let the prey occupy the advantageous terrain.” 3. There is no
indication that the wild dogs fail because they “run too slowly.” On the contrary, African wild dogs are known for
their stamina and speed, so option C does not fit what the footage and narration convey. 4. The footage does not
show or discuss human interference disturbing the hunting process, so option D is not supported. Therefore, the
primary reasons for failures in feral dog hunts, as per the video, are: * A (preempted by other predators) - B
(letting the prey occupy advantageous terrain).

Figure 5: Common error examples of the model. The top image shows reasoning failures from
missing critical visual features, while the bottom image demonstrates excessive inferences beyond
the video content, leading to incorrect answers.
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Incorrect Knowledge Inference
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Question: Which physical property of the substance is not demonstrated in the video?
A: Conductive

B: Insoluble in oil

C: Silver-white solid

D: Flammable

E: Soft texture

Answer: D: Flammable

analyze each option based on the observations from the video: A. **Conductive**: The video shows a
piece of the substance being tested with a conductivity probe, indicating that it conducts electricity.

Qwen2.5- B **Insoluble in oil**: The video does not show any interaction between the substance and oil. It only

vL-728 demonstrates the substance dissolving in water. C. **Silver-white solid**: The substance is shown to
be a silver-white solid when it is cut and placed on a plate. D. **Flammable**: The video shows the
substance reacting with water, producing hydrogen gas, which is then ignited using a candle,
demonstrating its flammability. E. **Soft texture**: The substance is cut with a knife, suggesting
that it has a soft texture. Given this analysis, the attribute that is not demonstrated in the video is:
**B. Insoluble in oil** Final Answer: B. Insoluble in oil

@ To determine which physical attribute of the substance is not demonstrated in the video, let's

Grounding Offset is Significant
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&
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Question: For the statement or question 'Which cat shows a slowdown in movement, possibly
indicating a loss of inferest in the cat toy?', what are the absolute coordinates of the object at 8.9s?
Format them as [x1, y1, x2, y2], where [x1, y1] represents the top-left corner and [x2, y2] represents
the bottom-right corner.

Answer:
The object at 8.9s is the white cat, which may be showing a
; ) N 3 Grouna Tun
\ slowdown in movement. To determine the absolute coordinates, A= Model Prediction
we need fo examine the frame at 00:00:08 (as 8.9s is very
Gemini- close to 8s and frame at 8s is representative of 8.9s).

2.0-Flash Based on visual inspection of the frame at timestamp 00:00:08,
we can manually annotate the bounding box for the white cat.
The top-left corner of the white cat appears to be
approximately at pixel coordinates [240, 595].
The bottom-right corner of the white cat appears to be
approximately at pixel coordinates [410, 750]. e
Therefore, the absolute coordinates of the white cat at 8.9s
are [240, 595, 410, 750].
Final Answer: The final answer is: [240, 595, 410, 750]

i

Figure 6: Common error examples of the model. The top example shows incorrect reasoning
due to the model’s lack of domain-specific knowledge, while the bottom one highlights significant
deviations caused by poor spatiotemporal localization capabilities.
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Correct Result, Wrong Process

Question: Where is the place where the cat in the video stays the longest?
A: On the carpet

B: In the cat's nest

C: On the stool

D: On the robot's thigh

Answer: D: On the robot's thigh

1. The video starts with two robots sitting on

- Cot annotation

w a couch. One of them is holding a cat. 2. The 0:00-0:18, the cat is lying on the stool.
cat is initially on the robot's thigh. 3. The cat 0:18-0:24, the cat is walking on the ground.

Qwen2. then jumps off the robot's thigh and walks 0: 24-0:25, the cat jumped onto the robot's

5-VL-  around the room. 4. The cat briefly stands on thigh, and from then until the end of the

728 astool. 5. The cat then returns to the

video (1:50), it remained on the robot's thigh.
Therefore, the cat in the video only stayed on
the stool and the ground for a short period
of time, and the place where it stayed the
longest was on the robot's lap.

robot's thigh and stays there for a while.
Based on this analysis, the cat spends the
most time on the robot's thigh. The correct
answer is: D. On the robot's thigh

Correct Result, Wrong Process

person on the ground person standing
(standing in or leaning

from the car)

Question: What is the relationship
between the person standing and the
person on the helicopter?

Answer: hostile relationship

@ Step by step, here's how we can see they are adversaries: 1. The person on the ground (standing
ol in or leaning from the car) is clearly firing up at the helicopter. 2. The helicopter's fuselage is
visibly hit by bullets, and the occupant inside responds with return fire directed down at the car.
3. That exchange of gunfire continues; each is actively trying to stop the other. From these
observations, it is clear they are enemies, working against each other.

Figure 7: Common error examples of the model (Correct result, wrong process). The top exam-
ple shows the model incorrectly located the initial position of the object (cat) to be identified, while
the bottom one shows the model mistakenly identified the person inside the car in the video as the
standing person mentioned in the question.

26



Under review as a conference paper at ICLR 2026

G MORE QUALITATIVE EXAMPLES

G.1 OVERVIEW OF EXAMPLES ACROSS DIFFERENT DIMENSIONS

Video Temporal Grounding

QA&A Annotation | CoT Annotation | o0

Please determine the start and end times of the 1. [00:00-00:15] A man wearing a chef's hat appears...

event 'A man wearing a chef's hat is seen speaking 2.[00:15-00:17] The screen transitions, showcasing the completed cakes...

to the camera and leads into a completed cake 3.[00:25-00:66] The screen switches again, showing...

made and various ingredients being poured into a 4. [00:66-02:47] The video continues to show... , not fall within the event...
L bowl.' Answer: [0, 66] seconds 5. Conclusion: Based on... Therefore, the time range of the event is [0, 66].

Fundamental Temporal Reasoning Video Temporal Counting

Q&A Annotation Q&A Annotation CoT Annotation =5
According to the order, 1. At the beginning... How many explosions 1. At 1: 17 seconds, an explosion
which fruit was placed last? | | 2. A mango is placed on the... occurred in the video? occurred at the construction site...

A: Apple  B: Banana 3. A banana is placed on the... A:0 B:1 C:2 D:3 2. At 7:29 seconds, the protagonist
C: Mango D: Peach 4. An apple is placed on the... blew up the gas canisters around him,
Answer: A 5. So the apple is placed last. Answer: C causing the second explosion.

Y

AL

Video Knowledge Reasoning Temporal Spatial Reasoning

Q&A Annotation CoT Annotation o0 Q&A Annotation CoT Annotation o0
If.., where will these 1. The video explains... ) What changes occurred in 1. [0:24-0:39] The man has
substituents appear in 2. The molecule in the first the spatial position of the not boarded the yacht yeft.
the Newman projection? example has a -Br group.. man in blue after..? 2. [0:40-2:38] The man is on the
Answer: Both groups will 3. these two groups will be Answer: From the stern yacht. Since...

(remain below the horizon...] | positioned below the horizon.. || | to the bow of the yacht. L 4. Therefore, the man..

Y

Video Plot Analysis

Temporal Spatial Grounding

Q&A Annotation CoT Annotation =0
After hunting a zebra, why 1. At 2:52, the lioness Kelly Give the absolute bbox of || 1. Observe the video, in
doesn't the lioness Kelly successfully captured a zebra. the cat lost interest in which there are two cats...
directly enjoy the prey? 2. From 3:10, the vulture... the cat teaser at 10.8s. 2. One cat (white) has..., while the
A: There are vultures... 3. At 3:23, hyenas appeared AT other (ginger) is facing...
B: .. around... § 3. ..refers to the white cat with...
L Answer: A | 4. At 3:28, Kelly tries to.. | [957.779.1249,1079] || 4. _is [957,779, 1249, 1079].
(. I\ J

Figure 8: Cases across dimensions. VCR-Bench encompasses seven distinct task dimensions

spanning multiple competency levels, including spatiotemporal perception, logical reasoning, and
knowledge-based analysis.
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G.2 SPECIFIC EVALUATION EXAMPLES

Fundamental Temporal Reasoning

COT Annotation:

1. 0:05 The first display of the running race, labeled

"February",
2. 0:08 The second display of the running race scene,
Question: In which month did the woman labeled "August”,
participate in the running competition for the 3. Therefore, the lady participated in the running
second time in the video? competition for the second time in August.

Answer: August

gemini-2.0-flash-thinking-exp :
Prediction:

Here are the steps to answer the question: Step 1. **Watch the video carefully** and pay attention
to the month labels that appear on the screen. Step 2. **Identify the scenes** where the woman is
participating in a running competition. Step 3. **Note the months** associated with each running
competition scene. Step 4.**Determine the month** of the *second* running competition scene.
Based on the video: - At [00:00:04], the month **February** is displayed, and a scene of women
running a race is shown. This is the first running competition scene. - At [00:00:07], the month
**August** is displayed, and a scene of women jumping hurdles in a race is shown. This is the second
running competition scene. Therefore, the woman participated in the running competition for the
second time in **August**. **Final Answer:** August

@ Precision Evaluation:

step_type: Background Review Steps
step: Watch the video carefully and pay attention to the month labels that appear on the

judgment: Redundant

step_type: Visual Perception Steps
step: At [00:00:04], the month February is displayed, and a scene of women running a race is

j_g_!l shown. This is the first running competition scene.
judgment: The description of the first running competition scene at 00:00:04 matches the
ground truth information.
step_type: Visual Perception Steps
> step: At [00:00:07], the month August is displayed, and a scene of women jumping hurdles in a
EE_!l race is shown. This is the second running competition scene.
Jjudgment: The description of the second running competition scene at 00:00:07 matches the
ground truth information.
step_type: Logical Reasoning Steps
5 step: Therefore, the woman participated in the running competition for the second time in
L:E!J August.

Jjudgment: The conclusion that the second participation was in August is directly entailed by
the video description steps and matches the ground truth.

Precision= 3/3

@ Recall Evaluation :

- 0:05 The first display of the running race, labeled "February",
j_?=_1 - 0:08 The second display of the running race scene, labeled "August",

2 - Therefore, the lady participated in the running competition for the second time in August.

Recall= 3/3

Figure 9: Examples of FTR.
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. R :
Video Temporal Counting
el — COT Annotation:
- TR 1 Ve -
ﬁ'@ 'ln'l iS/'/ ‘”r i ‘l 1. Video 1: 17 seconds, an explosion occurred
P T THT e m— at the construction site, which is the first
explosion appearing in the video.
Question: How many explosions occurred in the 2. At 7:29 in the video, the protagonist blew
video? up the gas canisters around him, causing the
second explosion in the video.
Choices: A:0 B:1 C:2 D:3 3. Therefore, there were two explosions in
total in the video.
Answer: C
.
ol:
Prediction:

Step-by-step reasoning: 1. Around 66 seconds, there is a large fiery blast behind some of the
characters, clearly visible as an explosion. 2. A few seconds later (around 75 seconds), a second,
separate fireball erupts as they continue running. 3. Much later in the video (around 452 seconds),
there is another distinct explosion that destroys part of a building. Consequently, there are three
clearly identifiable explosions. Answer: D (3).

&) Precision Evaluation:

step_type: Visual Perception Steps

step: Around 66 seconds, there is a large fiery blast behind some of the characters, clearly
visible as an explosion.

Judgment: The video event description time error is more than 3 seconds compared to the
ground truth, which states the first explosion occurs at 1:17,

step_type: Visual Perception Steps
© step: A few seconds later (around 75 seconds), a second, separate fireball erupts as they
continue running.

Judgment: This corresponds to the first explosion mentioned in the ground truth.

step_type: Visual Perception Steps

f@l  step: Much later in the video (around 452 seconds), there is another distinct explosion that
=l destroys part of a building.
judgment: This corresponds to the second explosion mentioned in the ground truth.
step_type: Logical Reasoning Steps
L!:J step: Consequently, there are three clearly identifiable explosions.

judgment: The conclusion of three explosions contradicts the ground truth, which only
identifies two explosions.

Precision= 2/4

@®  Recall Evaluation :

- Video 1: 17 seconds, an explosion occurred at the construction site, which is the first
explosion appearing in the video.

- At 7:29 in the video, the protagonist blew up the gas canisters around him, causing the second
explosion in the video.

- Therefore, there were two explosions in total in the video.

Recall= 2/3

Figure 10: Examples of VTC.
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Question: Given the statement or question ‘What
is the man afraid of being bitten by?', please
provide the absolute coordinates of the object
referred to at 1.7s in the format [x1, y1, x2, y2],
where [x1, y1] represents the top-left corner and
[x2, y2] represents the bottom-right corner.

Answer: [446, 125, 550, 359]

1

n

w

IS

Temporal Spatial 6rounding

COT Annotation:

. According to the question description "What is the

man afraid of being bitten by?", it can be determined
that the question focuses on what the "man" is afraid
of being bitten by.

. Watch the video, there is a man in the center position,

holding a stick-like object in his right hand, with a
snake in front of his left hand. The man's gaze is
directly facing the snake.

. Based on the problem description and the content of

the video, it can be inferred that the man is afraid
of being bitten by a snake. Therefore, "What is the
man afraid of being bitten by?" refers fo "snake."

. Therefore, the position of the snake at 1.7 seconds is

[446, 125, 550, 359].

gemini-2.0-flash-thinking-exp:

Prediction:

The object referred fo in the question 'What is the man afraid of being bitten by?' at 1.7s is the
snake being held by the man. To provide the absolute coordinates of the snake at 1.7s, we will use the
image at 00:00 as a reference since the scene is static and 1.7s falls within the timeframe of these
images. We need to identify the bounding box of the snake in the image. By visually inspecting the
image at 00:00, we can determine the top-left and bottom-right corners of the snake. The top-left
corner of the snake appears to be around the head of the snake, which is located towards the right
side and top of the snake figure. Let's estimate the coordinates for the top-left corner. x1:
Approximately 445 pixels from the left edge of the image. y1: Approximately 15 pixels from the top
edge of the image. The bottom-right corner of the snake appears to be around the fail of the snake,
which is located towards the right side and bottom of the snake figure. Let's estimate the
coordinates for the bottom-right corner. x2: Approximately 590 pixels from the left edge of the
image. y2: Approximately 290 pixels from the top edge of the image. Therefore, the absolute
coordinates of the snake are approximately [445, 15, 590, 290]. Final Answer: [445, 15, 590, 290].

Precision Evaluation:

step_type: Logical Reasoning Steps

step: The object referred to in the question ‘What is the man afraid of being bitten by?" at
1.7s is the snake being held by the man.

judgment: The step correctly identifies the object as the snake based on the question and the
video content. This matches the ground truth that the man is afraid of being bitten by a snake.

step_type: Visual Perception Steps

step: To provide the absolute coordinates of the snake at 1.7s, we will use the image at 00:00
as a reference since the scene is static and 1.7s falls within the timeframe of these images.
judgment: The step assumes that the scene is static and uses the image at 00:00 as a
reference for 1.7s. This is reasonable and does not contradict the ground truth.

a

step_type: Visual Perception Steps

step: The top-left corner of the snake appears to be around the head of the snake, which is
located towards the right side and top of the snake figure. Let's estimate the coordinates for
the top-left corner. x1: Approximately 445 pixels from the left edge of the image. y1:
Approximately 15 pixels from the top edge of the image.

Jjudgment: The estimated coordinates for the top-left corner (445, 15) do not match the
ground fruth coordinates (446, 125). Therefore, this step is incorrect.

step_type: Visual Perception Steps

step: The bottom-right corner of the snake appears to be around the tail of the snake, which
is located towards the right side and bottom of the snake figure. Let's estimate the
coordinates for the bottom-right corner. x2: Approximately 590 pixels from the left edge of
the image. y2: Approximately 290 pixels from the top edge of the image.

Jjudgment: The estimated coordinates for the bottom-right corner (590, 290) do not match
the ground fruth coordinates (550, 359). Therefore, this step is incorrect.

step_type: Logical Reasoning Steps

step: Final Answer: [445, 15, 590, 290]

Jjudgment: The final answer ([445, 15, 590, 290]) does not match the ground truth coordinates
([446, 125, 550, 359]), IOU=0.36. Therefore, this step is incorrect.

Precision = 2/5

Recall Evaluation

f@] - According fo the question description "What is the man afraid of being bitten by?", it can be

& determined that the question focuses on what the "man" is afraid of being bitten by.

@ - Watch the video, there is a man in the center position, holding a stick-like object in his right
== hand, with a snake in front of his left hand. The man's gaze is directly facing the snake.

f@], - Based on the problem description and the content of the video, it can be inferred that the
—=1 man is afraid of being bitten by a snake. Therefore, "What is the man afraid of being bitten

by?" refers to "snake."
j_’:_l - Therefore, the position of the snake at 1.7 seconds is [446, 125, 550, 359].

Recall = 2/4

Figure 11: Examples of TSG.
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(&

Question: How do rabbits defeat their enemies?

Video Plot Analysis
f5 coT Annotation:

1. 0:08-0:12, the rabbit is knocked to the ground by the
enemy, and the enemy raises a weapon to finish off
the rabbit.

0:13-0:19, suddenly a camera switch, the enemy is
knocked to the ground.

. 0:20-0:23, it shows another rabbit throwing a weapon

@

Choices: A: Received help from the robot in the distance.

>

B: Received help from a companion Therefore, it can be inferred that the reason the
C: Suddgnly awakened superpowers rabbit is able to defeat its enemies is because it
D: Suddenly acquired a new weapon received help from its companions.

Answer: B

Qwen2.5-VL-728B:

Prediction:

To determine how the rabbits defeat their enemies, let's analyze the sequence of events in the video:
1. The video starts with a rabbit character being attacked by a large robot. 2. The rabbit is then
shown running and dodging attacks. 3. The rabbit picks up a wooden stick and uses it as a weapon. 4.
The rabbit uses the stick to hit the robot, causing it to malfunction and fall apart. Based on this
sequence, the rabbit did not receive help from a robot or a companion, nor did it awaken superpowers.
Instead, the rabbit acquired a new weapon (the wooden stick) which it used to defeat the enemy.
Therefore, the correct answer is: D. Suddenly acquired a new weapon.

Precision Evaluation:

step_type: Visual Perception Steps

® step: The video starts with a rabbit character being attacked by a large robot.

=) Jjudgment: The step describes the initial scene of the video, but the ground truth indicates the
rabbit is knocked to the ground by the enemy, not specifically a robot.
step_type: Visual Perception Steps

@ step: The rabbit is then shown running and dodging attacks.

= judgment: The step describes the rabbit's actions, but there is no scene of running and
dodging in the video.
step_type: Visual Perception Steps

E:_l step: The rabbit picks up a wooden stick and uses it as a weapon.
judgment: The step describes the rabbit acquiring a weapon, but the ground truth does not
mention a wooden stick. The description does not match the ground truth.
step_type: Visual Perception Steps

® step: The rabbit uses the stick to hit the robot, causing it to malfunction and fall apart.

EZ] judgment: The step describes the rabbit using a stick to defeat the robot, but the ground
truth indicates the enemy is knocked down by another rabbit's action. The description does not
match the ground truth.
step_type: Logical Reasoning Steps
step: Based on this sequence, the rabbit did not receive help from a robot or a companion, nor

g did it awaken superpowers. Instead, the rabbit acquired a new weapon (the wooden stick) which

EZ] it used to defeat the enemy. Therefore, the correct answer is: D. Suddenly acquired a new

weapon.
Jjudgment: The conclusion is based on incorrect inferences and descriptions. The ground truth
indicates the correct answer is B. Received help from a companion.

Precision= 0/5

Recall Evaluation

18 -0:08-0:12, the rabbit is knocked to the ground by the enemy, and the enemy raises a weapon
B2 1o finish off the rabbit.

J_E}:J - 0:13-0:19, suddenly a camera switch, the enemy is knocked to the ground.
fﬂ - 0:20-0:23, it shows another rabbit throwing a weapon in the distance.

f® - Therefore, it can be inferred that the reason the rabbit is able to defeat its enemies is
B because it received help from its companions.

Recall= 0/4

Figure 12: Examples of VPA.
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Question: What is the position of the person in
the video at the waterfall shown at the beginning
of the video?

1

2

S W

Temporal Spatial Reasoning
§5)_ coT Annotation:

The video begins by showing a panoramic view of the
waterfall, with water cascading down from a height,
surrounded by rocks and vegetation.

. The video continuously shows a panoramic view of the

waterfall from 0:00 to 0:05.

. At 0:06, the perspective shifts to a man sitting on a

rock.

. From 0:07 to 0:15 in the video, the camera gradually

moves to the right until the full view of the waterfall

is shown again, with the man's location being lower
than the source of the waterfall.
. Therefore, it can be determined that it is

o

Answer: Downstream of the waterfall downstream of the waterfall.

Prediction:

Step by step: 1. From the start of the video (timestamps around 0-5s), we see sweeping shots of the
waterfall from below, but no person is visible at that time. 2. At about 5.2 s, the perspective shifts
to a high vantage point overlooking the waterfall. 3. There we can see a man in a blue shirt. He is
seated on the rock ledge right at the top of the waterfall, looking down into the pool below. Thus, the
person is positioned at the very top edge of the waterfall, sitting on the rock outcrop.

Precision Evaluation:

step_type: Visual Perception Steps
step: The video starts with sweeping shots of the waterfall from below, but no person is visible

{2l at that time (timestamps around 0-55s).

= Jjudgment: The description matches the ground truth, which states that the video begins with
a panoramic view of the waterfall from 0:00 to 0:05, and no person is mentioned as visible
during this time.
step_type: Visual Perception Steps

® step: At about 5.2 s, the perspective shifts to a high vantage point overlooking the waterfall.

]l judgment: The ground truth states that at 0:06, the perspective shifts to a man sitting on a
rock. However, the ground truth also specifies that the man's location is downstream of the
waterfall, not a high vantage point overlooking the waterfall.
step_type: Visual Perception Steps
step: There we can see a man in a blue shirt. He is seated on the rock ledge right at the top of

[®  the waterfall, looking down into the pool below.

= Jjudgment: The ground truth states that at 0:06, the perspective shifts to a man sitting on a
rock. However, the ground truth also specifies that the man's location is downstream of the
waterfall, not at the top edge. This step contradicts the ground truth.
step_type: Logical Reasoning Steps

@  step: Thus, the person is positioned at the very top edge of the waterfall, sitting on the rock

= outcrop.

Jjudgment: The conclusion contradicts the ground truth, which states that the man's location is
downstream of the waterfall, not at the top edge.

Precision= 1/4
Recall Evaluation

@_-l - The video begins by showing a panoramic view of the waterfall, with water cascading down
= from a height, surrounded by rocks and vegetation.
k=) - The video continuously shows a panoramic view of the waterfall from 0:00 to 0:05.
f% - At 0:06, the perspective shifts to a man sitting on a rock.
ol From 0:07 to 0:15 in the video, the camera gradually moves to the right until the full view of
5]  the waterfall is shown again, with the man's location being lower than the source of the
waterfall.

fz - Therefore, it can be determined that it is downstream of the waterfall.

Recall= 3/5

Figure 13: Examples of TSR.
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Question: Why do light bulbs glow differently when different
metal rods are inserted?

Video Knowledge Reasoning

__COT Annotation:

1

. From the sixth to the tenth second of the video, the
person holds the first metal rod and moves it inside
the coil. The light bulb shows no significant change in
brightness, and the text displayed above reads
"Copper Rod".

2. From the 20th to the 30th second, the second metal

rod is moved inside the coil, with the text above

showing "Iron Rod." After the iron rod enters the coil,

Choices: A: Different metal rods have different magnetic the light bulb goes out. When the rod is removed
permeabilities. Metal rods with high magnetic from the coil, the light bulb lights up again.
permeability make light bulbs brighter. 3. From the 35th to the 44th second, the fourth rod

B: Different metal rods have different resistances. made of nickel is demonstrated. When the nickel rod
Metal rods with lower resistance make the bulb enters the coil, the light bulb dims.
 brighter. X 4. From the 50th second to the 60th second, an
¢ D'”"i’?{.:“"mu"fﬁ h“‘é"' d'.frfhe[‘?":‘ m"Q""';fC aluminum rod is displayed, and there is no significant
Ez:::ﬂ%“'”; ‘r::l;z fﬁeiurgdjrmr 'gh magnetic chungz in the brightness of T.he light bull:_). o
D: Different metal rods have different magnetic field 5. The '“d‘!““"‘“" °fh°" energized 5"""""'bd.|'.5 d”’“'ﬂy
strengths. Metal rods with lower magnetic field proportional fo the magnetic permeability @7 e
strengths make the bulb dimmer. inserted metal rod. The higher the magnetic
permeability of the metal rod inserted, the greater
. the inductance, and the greater the resistance of the
Answer: C circuit the bulb is in, and the dimmer the bulb will be.
Therefore, the answer is C.
ol:
Prediction:

Step 1: Observe what is being changed in the video. From the timestamps, we see that the demonstrator is
substituting different **metal rods** into the same circuit with a light bulb. Each rod swaps in for the same part of
the circuit. Step 2: Notice the effect on the bulb. As each rod is changed, the **brightness** of the bulb changes.
Copper and Aluminum rods keep the bulb bright. Iron rod makes the light bulb go out. Step 3: Relate brightness to
resistance (Ohm's Law). When a rod has **lower resistance**, current is higher and the bulb glows **brighter**.
Conversely, higher resistance yields lower current and the bulb glows **dimmer**. Step 4: Compare with the answer
choices. Choices mentioning “magnetic permeability” or "magnetic field strength” do not match the explanation given
(the demonstration deals with how well each rod **conducts** electricity, not with its magnetizing effect). The
correct explanation is the difference in each rod's **resistance**: rods with **lower resistance** make the bulb
brighter and rods with **higher resistance** make it dimmer. Hence, the best matching choice is: (B) Different metal
rods have different resistances. Metal rods with lower resistance make the bulb brighter.

@ Precision Evaluation:

step_type: Visual Perception Steps

step: Observe what is being changed in the video. From the timestamps, we see that the demonstrator is
substituting different metal rods into the same circuit with a light bulb. Each rod swaps in for the same part of
the circuit.

Jjudgment: The step describes the visual observation of the demonstrator substituting metal rods into the
circuit. This matches the ground truth information about the demonstrator's actions and the rods being
swapped.

step_type: Visual Perception Steps

step: Notice the effect on the bulb. As each rod is changed, the brightness of the bulb changes. Copper and
Aluminum rods keep the bulb bright. Iron rod makes the light bulb go out.

Jjudgment: The step describes a relationship between the brightness of the different metal rods. This is
consistent with the ground truth, which states that the brightness changes depending on the properties of the
rods.

step_type: Logical Reasoning Steps

step: Relate brightness to resistance (Ohm's Law). When a rod has lower resistance, current is higher and the
bulb glows brighter. Conversely, higher resistance yields lower current and the bulb glows dimmer.

Jjudgment: The step logically connects brightness to resistance using Ohm's Law. This is consistent with the
ground truth, which mentions that resistance affects the brightness of the bulb.

step_type: Logical Reasoning Steps

step: Compare with the answer choices. Choices mentioning “magnetic permeability” or “magnetic field strength”
do not match the explanation given (the demonstration deals with how well each rod conducts electricity, not
with its magnetizing effect).

Judgment: The step eliminates incorrect answer choices based on the explanation provided. However, this
contradicts the ground truth, which states that magnetic permeability affects the bulb's brightness.
Therefore, this step is incorrect.

step_type: Logical Reasoning Steps

step: The correct explanation is the difference in each rod's resistance: rods with lower resistance make the
bulb brighter and rods with higher resistance make it dimmer. Hence, the best matching choice is: (B)
Jjudgment: The final answer is based on the incorrect reasoning that resistance is the determining factor for
brightness. The ground truth states that magnetic permeability is the correct explanation, making this step
incorrect.

Precision= 3/5

@ Recall Evaluation

- From the sixth to the tenth second of the video, the person holds the first metal rod and moves it inside the
coil. The light bulb shows no significant change in brightness, and the text displayed above reads "Copper Rod".

- From the 20th to the 30th second, the second metal rod is moved inside the coil, with the text above showing
"Iron Rod." After the iron rod enters the coil, the light bulb goes out. When the rod is removed from the coil,
the light bulb lights up again.

- From the 35th fo the 44th second, the fourth rod made of nickel is demonstrated. When the nickel rod
enters the coil, the light bulb dims

- From the 50th second to the 60th second, an aluminum rod is displayed, and there is no significant change in
the brightness of the light bulb.

- The inductance of an energized solenoid is directly proportional to the magnetic permeability of the inserted

metal rod. The higher the magnetic permeability of the metal rod inserted, the greater the inductance, and the
greater the resistance of the circuit the bulb is in, and the dimmer the bulb will be. Therefore, the answer is C.

Recall= 3/5

Figure 14: Examples of VKR.
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"

Video Temporal 6rounding

COT Annotation:
0 i - B R A 1. [00:00-00:13]At the beginning of the video, a man is dribbling on a basketball court,

practicing by maneuvering around cone-shaped markers. He is mainly working on
dribbling and crossover moves without faking any shots. During this time, the
footage focuses on showcasing his dribbling skill.

_ At 0015, the man moves under the basket, raises his hand to shoot, and the
basketbal goes through the net cleanly. He successfully scores a point. Then, he
retrieves the basketball and prepares for the next shot'

[00:22-00:28] The man shoots the ball again and successfully scares by putting the
ball into the basket at 00:22. He picks up the basketball again'.

{00:29-00:35] The man continued practicing shooting. At 00:29, he successfully
made his third shot. He repeated the action of picking up the ball"

. [00:36-00:43] The man takes another shot and successfully makes his fourth basket
at 00136, He retrieves the basketball again’

. [00:44-00:54] The man made his fifth shot, and at 0:54, successfully scored on his

fifth attempt’.

. [00:55-01:00] The video switches to a text screen with a black background and white

g Text at 0:55, displaying "KEYS" and listing the key steps of the exercise, such as

Answer: [13, 54] "SET UP CONES IN STAR PATTERN." indicating that the demonstration part of
the shooting practice has ended and the video begins explaining the practice
method'.

. Conclusion: Based on the above observations, the event "He shoots and makes a
basket several times." starts at [00:13] seconds and ends at [00:54] seconds in the
video. During this period, the man shoots multiple times and successfully scores,
which matches the description of the event. Therefore, the start and end times for-
the event "He shoots and makes a basket several times." are [13, 54] seconds’.

~

& w

Question: Please specify the start and end times
of the event 'He shoots and makes a basket
several fimes'.

N o o

®

(. Qwen2.5-VL-72B:

Prediction:

To determine the start and end times of the event where he shoots and makes a basket several times, let's analyze the video step by step: 1.
**Identify the shooting sequences**: Look for moments in the video where the player is seen shooting the basketball towards the hoop. 2.
**Determine successful shots**: Focus on the shots that result in the ball going through the hoop. 3. **Count the number of successful shots**:
Ensure there are multiple successful shots to confirm it is "several times." From the video description: - The player dribbles around cones and then
shoots the ball. - He successfully makes the basket multiple times. Based on the provided timestamps: - The player starts shooting around 0:25. -
He continues shooting and making baskets until approximately 0:45. Therefore, the event where he shoots and makes a basket several times
occurs from **0:25 to 0:45**.

Precision Evaluation:

step_type: Logical Reasoning Steps
,@ step: Identify the shooting sequences: Look for moments in the video where the player is seen shooting the basketball towards the hoop.
Judgment: This step involves identifying specific moments in the video where the player is shooting, which is a logical deduction based on
the task requirements.

step_type: Logical Reasoning Steps
step: Determine successful shots: Focus on the shots that result in the ball going through the hoop.
Jjudgment: This step involves determining which shots are successful, which is a logical deduction necessary for solving the problem.

step_type: Logical Reasoning Steps
step: Count the number of successful shots: Ensure there are multiple successful shots to confirm it is 'several times'.
Judgment: This step involves counting successful shots to confirm the event description, which is a logical deduction.

step_type: Visual Perception Steps

step: The player dribbles around cones and then shoots the ball.

Jjudgment: This step describes the player's actions in the video, specifically dribbling and shooting, which matches the ground truth
description.

step_type: Visual Perception Steps
step: He successfully makes the basket multiple times.
Judgment: This step describes the player successfully making multiple baskets, which matches the ground truth description.

step_type: Visual Perception Steps

step: The player starts shooting around 0:25.

Judgment: This step incorrectly identifies the start time of the event as 0:25, while the ground truth specifies the event starts at 0:13.
This contradicts the ground fruth.

step_type: Visual Perception Steps

step: He continues shooting and making baskets until approximately 0:45.

Jjudgment: This step incorrectly identifies the end time of the event as 0:45, while the ground truth specifies the event ends at 0:54. This
contradicts the ground truth.

step_type: Logical Reasoning Steps
step: Therefore, the event where he shoots and makes a basket several times occurs from 0:25 to 0:45.
Jjudgment: This step concludes the event timing based on incorrect start and end times, which contradicts the ground truth (0:13 to 0:54).

Precision= 5/8
Recall Evaluation
- [00:00-00:13]At the beginning of the video, a man is dribbling on a basketball court, practicing by maneuvering around cone-shaped

markers. He is mainly working on dribbling and crossover moves without taking any shots. During this time, the footage focuses on
showcasing his dribbling skills.

- At 00:15, the man moves under the basket, raises his hand to shoot, and the basketball goes through the net cleanly. He successfully
scores a point. Then, he retfrieves the basketball and prepares for the next shot'.

- [00:22-00:28] The man shoots the ball again and successfully scores by putting the ball into the basket at 00:22. He picks up the
basketball again’.

- [00:29-00:35] The man continued practicing shooting. At 00:29, he successfully made his third shot. He repeated the action of picking up
the ball'.

- [00:36-00:43] The man takes another shot and successfully makes his fourth basket at 00:36. He retrieves the basketball again'.

l’g - [00:44-00:54] The man made his fifth shot, and at 0:54, successfully scored on his fifth attempt'.

- [00:55-01:00] The video switches to a text screen with a black background and white text at 0:55, displaying "KEYS" and listing the key
steps of the exercise, such as "SET UP CONES IN STAR PATTERN," indicating that the demonstration part of the shooting practice has
ended and the video begins explaining the practice method'.

- Conclusion: Based on the above observations, the event "He shoots and makes a basket several times." starts at [00:13] seconds and ends
at [00:54] seconds in the video. During this period, the man shoots multiple times and successfully scores, which matches the description
of the event. Therefore, the start and end times for the event "He shoots and makes a basket several times." are [13, 54] seconds’.

Recall= 3/8

/
N

Figure 15: Examples of VTG.
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H USE OF LLMS

Yes. Large language models are used only to assist with language refinement and enhance readabil-
ity. All technical content, experiments, and analyses are performed entirely by the authors.
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