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I need to find abnormal 
events related to the 
man and then link their 
relationships...

Active Seeking Chain-of-clues Final Deduction

I think that A, B, and D 
are supported by evidence. 
The man's nosebleed might 
due to a chronic disease, 
which could lead to death. The 
man's boss giving him a heavy 
workload might result in death 
from overwork. The other 
options lack clear evidence to 
support them. However, 
Option A and B overlook the 
key event highlighted in the 
video: sneezing may trigger 
time jumps. Due to the man's 
frequent use of this super 
power, it could have negative 
effects, causing a time jump 
to much later (when the man 
is old and dies), leading to the 
final tragedy. In conclusion, I 
think the most likely reason is: 

A. Chronic disease
B. Overwork for a long time
C. The file was poisoned by the boss
D. Side effects of superpowers
E. Sudden illness
F. Violent injury

Overwork risk: receive too many documents

Sneeze triggers file completion (time-jump?)

Frequent sneeze may lead to body harm 

Final time-jump to his old age and death 
D: Side effects of superpowers

Q: What caused the man's death?

00:05-00:30

00:45-01:19

01:25-01:57

02:10-02:40

Fig. 1: An example of Video-Holmes. Models are required to actively locate and con-
nect multiple relevant visual clues scattered across video clips to render the final answer.

Abstract. Recent advances in Chain-of-Thought reasoning have been
reported to enhance video reasoning capabilities of multimodal large lan-
guage models (MLLMs). This progress naturally raises a question: Can
these models perform complex video reasoning in a manner comparable to
human experts? However, existing video benchmarks primarily evaluate
visual perception and grounding, with questions that can be answered
based on explicit prompts or isolated visual cues (e.g., “What is the
woman wearing?”). Such benchmarks do not fully capture the intricacies
of real-world reasoning, where humans must actively search for, integrate,
and analyze multiple clues before reaching a conclusion. To address this,
we introduce Video-Holmes, a benchmark inspired by the reasoning
process of Sherlock Holmes, designed to evaluate the complex video rea-
soning capabilities of MLLMs. Video-Holmes consists of 1,837 questions
derived from 270 manually annotated suspense short films, spanning
seven carefully designed tasks. Each task is constructed by first identify-
ing key events and causal relationships within films, and then designing
questions that require models to actively locate and connect multiple
relevant visual clues scattered across video clips. Evaluation of state-of-
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the-art MLLMs reveals that while these models generally excel at vi-
sual perception, they encounter difficulties with integrating information
and often miss critical clues. For example, the best-performing model,
Gemini-3.0-Pro, achieves an accuracy of only 49.6%, with most models
scoring below 40%. We aim for Video-Holmes to serve as a “Holmes-test”
for multimodal reasoning, motivating models to reason more like humans
and emphasizing the ongoing challenges in this field.

Keywords: Video Reasoning Benchmark · Complex Reasoning

1 Introduction

The development of chain-of-thought (CoT) reasoning [44] and reinforcement
learning (RL) post-training strategies [37] has contributed to significant improve-
ments in the reasoning abilities of LLMs [18, 31, 33]. By generating human-like
reasoning steps, these models have shown strong performance in addressing com-
plex reasoning tasks. Furthermore, these advancements have been successfully
adapted to MLLMs for video reasoning [5,11,14,24,34,43,51,55,56]. This progress
naturally raises a question: Can these models perform complex video reasoning
in a manner comparable to human experts?
However, most existing evaluation benchmarks for video reasoning [8, 9, 19, 21,
23, 25, 27, 28, 36, 52, 59] are limited by their predominant focus on assessing the
visual perception and grounding capabilities of models, where questions can be
answered based on explicit prompts or isolated visual cues (e.g., “What is the
woman wearing?”). Such benchmarks do not fully capture the intricacies of real-
world reasoning, where humans must actively search for, integrate, and analyze
multiple clues before reaching a conclusion. Empirical results show that even
models with advanced thinking abilities [14] achieve only marginal gains (e.g.,
from 68.3% to 69.4% on Video-MME [12]), which raises doubts about the extent
to which these tasks require genuine reasoning.
To address this issue, we introduce Video-Holmes, a benchmark inspired by the
reasoning process of Sherlock Holmes. It is designed to assess the complex video
reasoning abilities of MLLMs and analyze the underlying factors that drive both
their success and failure cases. As demonstrated in Table 1, Video-Holmes differs
from existing benchmarks in several key aspects: (1) We utilize suspense short
films as the video sources with detailed manual annotations. These videos are
characterized by rich elements of suspense, reasoning, and supernatural themes,
making them particularly challenging for models to comprehend. (2) The ques-
tions in Video-Holmes require models to actively locate and connect multiple
relevant visual clues scattered across different video segments to infer the final
answer. As illustrated in Figure 1, models first need to identify the abnormal
scene involving the man and then progressively integrate the extracted visual
clues to deduce the cause of the man’s death, just like the reasoning process
of Sherlock Holmes. (3) We provide detailed analysis of models’ reasoning pro-
cesses, examining the factors that lead to both correct and incorrect answers.
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Table 1: Comparison between Video-Holmes and existing video reasoning benchmarks
across several key aspects: the video source domain (Domain), annotation methodol-
ogy (Anno.), the number of reasoning QA pairs (RQA Pairs), necessity for models to
actively seek out clues (Active Seeking), necessity for models to link multiple clues
(Chain-of-Clues), whether provide reasoning process analysis (RPA), and whether
provide audio information (Aud.).

Benchmarks Domain Anno. RQA Pairs Active Seeking Chain-of-Clues RPA Aud.

VSI-Bench [52] Indoor scenes A&M 5,130 ✗ ✗ ✗ ✗

MVBench [23] Open A 4,000 ✗ ✗ ✗ ✗

TempCompass [27] Open A&M 7,540 ✗ ✗ ✗ ✗

Video-MMMU [21] Academic M 900 ✗ ✗ ✗ ✓
MMVU [59] Science M 3,000 ✗ ✗ ✗ ✓
Video-MME [12] Open M 1,944 ✗ ✗ ✗ ✓
VCR-Bench [36] Open A&M 1,034 ✗ ✗ ✓ ✗

Video-Holmes (Ours) Suspense short films A&M 1,837 ✓ ✓ ✓ ✓

Our comprehensive evaluation of state-of-the-art (SOTA) MLLMs reveals that,
while these models generally excel at visual perception, they encounter diffi-
culties with integrating information and often miss critical clues. For example,
the best-performing model, Gemini-3.0-Pro, achieves an accuracy of only 49.6%,
with most models scoring below 40%.
To demonstrate the intrinsic utility and transferability of our high-reasoning-
demand data, we provide an additional training set of 233 short films (1,551
questions). While sourced from suspense movies, our data offers a high “reasoning
density” that goes beyond its specific domain. Results show that RL post-training
on this training set yields cross-domain gains on general video understanding
benchmarks (e.g., +2.3% on Video-MME), proving its value as a potent engine
for enhancing generalized video understanding in broader scenarios.
We make the following contributions in this work:

– We present Video-Holmes, a benchmark for complex video reasoning. Video-
Holmes comprises 270 manually annotated suspense short films, along with
1,837 challenging questions, which require models to actively locate and link
multiple relevant visual clues, offering the community a high-quality and
challenging video reasoning benchmark.

– We conduct extensive experiments on Video-Holmes to evaluate existing
SOTA MLLMs. We diagnose the reasoning processes of these models and
observe that while they perform well in visual perception, they face signif-
icant challenges in integrating clues and frequently overlook critical clues.
These observations provide valuable insights for future research.

– We craft an auxiliary training set to validate the potential of models trained
on high-reasoning-demand data to generalize effectively to broader scenarios.



4 Junhao Cheng et al.

2 Related Work

MLLMs for Video Understanding and Reasoning. The advancements
in MLLMs for image understanding and reasoning [4, 13, 60, 61] have enabled
their extension to video-based tasks. Methods such as VideoChat [22], Video-
ChatGPT [29], CogVLM2Video [20], InternVL [7, 62], LLaVA-Video [58], and
Qwen-VL [41, 50] treat videos as sequences of images, allowing large language
models (LLMs) to perform video understanding and reasoning. CoT reason-
ing and RL post-training strategies have been shown to enhance the reason-
ing capabilities of LLMs [18, 31], and recent works extend these techniques to
MLLMs for multimodal reasoning tasks involving images [10, 26, 38–40, 49] or
videos [5, 11, 24, 42, 57]. For instance, Video-R1 [11] and VideoChat-R1 [24]
employ supervised fine-tuning (SFT) followed by reinforcement learning post-
training using Group Relative Policy Optimization (GRPO) [37] based on Qwen-
VL-2.5 [2]. These methods achieve higher performance compared to vanilla
Qwen-VL-2.5 across diverse reasoning tasks.
Video Reasoning Benchmarks. Early video understanding benchmarks
primarily assess model capabilities within specific scenarios. For instance,
MSRVTT-QA [48], ActivityNet-QA [53], and NExT-QA [46] focus on funda-
mental tasks such as action recognition and video question answering. Recently,
benchmarks like MMBench [47], TempCompass [27], and MVBench [23] evaluate
reasoning over short video clips, while LongVideoBench [45] and Video-MME [12]
extend evaluations to longer video sequences. However, these tasks are gener-
ally straightforward and do not require complex reasoning. With the success of
chain-of-thought (CoT) reasoning, there is increasing interest in advancing video
reasoning in more challenging scenarios. Benchmarks such as MMVU [59] and
Video-MMMU [19] evaluate reasoning in academic and scientific domains, while
VSI-Bench [52] focuses on indoor environments. The recent VCR-Bench [36]
introduces a benchmark specifically designed to assess CoT reasoning in video
tasks. Despite these developments, such benchmarks [9,25,28] primarily evaluate
visual perception and grounding abilities, with questions that can be answered
based on explicit prompts or isolated visual cues and do not fully capture the
intricacies of real-world reasoning. In contrast, Video-Holmes requires models to
actively locate and link multiple relevant visual clues, engaging them in a more
complex and demanding reasoning scenario.

3 Video-Holmes

As shown in Figure 2, the construction pipeline of Video-Holmes involves three
main steps: video collection and annotation, task definition, and question-
answer-explanation generation.
Video Collection and Annotation. Suspense short films serve as an ideal
source for evaluating the complex video reasoning capabilities of MLLMs, as
they are characterized by compact narratives enriched with hints, plot twists, and
supernatural elements. We utilize the keyword “suspense short films” to search
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Human Annotation Question/Answer/Explanation Generation Model Evaluation Reason Process Analysis

Segmented Plot Descriptions

Key Character Relationships

Reasoning Shots

Supernatural Elements

Core Theme

[00:00-00:15]: The man in the black hat is 
staking out the house, preparing to break in 
and commit a robbery……

[Combination]: Man in the black hat-Man in a suit
[Relation]: Burglar and homeowner
[Reason]: The man in the black waited for the man 
in the suit to drive away before entering his house to 
steal items.

None

The cycle of karma. 

[Time]: 01:43
[Clues]: The man in the suit pats his pocket, the 
next shot shows the thief taking the phone from 
the table.
[Conclusion]: The man forgot to bring his phone.

Temporal Causal Inference

[Question]: Why the man in suit turn back 
halfway?
[Options]:
A. Check if the wallet is lost 
B. Forgot to bring phone
C. Forgot to bring wallet ……
[Explanation]: The action of the man patting 
his pocket is directly linked to the shot of the 
phone being stolen inside the room, and the 
forgotten phone triggers a return action.

Social Reasoning

Physical Anomaly Reasoning

Multimodal Hint Reasoning

Intention & Motive Chaining

Timeline Analysis

Core Theme Inference

Reasoning
Let's break down the situation. The man in the 
suit is seen touching his pocket and then 
frowning. This action suggests a sense of 
urgency or concern. First, let's consider the 
options: A: Check if the wallet is lost. - This is a 
plausible option because touching the pocket 
could indicate a search for something, and the 
frown might suggest disappointment if he finds 
nothing. B: Realize that you forgot to bring your 
mobile phone. - This is less likely because 
there's no indication of a mobile phone in the 
scene, and the focus is on the pocket…... Given 
this, the most likely intention is that the man is 
checking if his wallet is lost. The frown suggests 
disappointment, which aligns with the idea 
that he found nothing in his pocket. Therefore, 
the most reasonable answer is A. 

Answer
A

Reason

The model failed to correctly associate 
the scene where the man in the suit 
touches his pocket with the 
subsequent theft of the phone by the 
thief during the inference process. The 
analysis clearly indicates that the 
camera switch implies the man in the 
suit realizes his phone is missing, but 
the model mistakenly attributes the 
action to the loss of a wallet, 
overlooking the crucial information of 
the phone being stolen in the video, 
which is considered a vision omission 
error.

Type

Vision Omission Error

Fig. 2: Construction and evaluation pipeline of Video-Holmes. We first collect and
manually annotate suspense short films from YouTube. Next, we design 7 challenging
tasks and employ DeepSeek [18] to generate question-answer-explanation triplets. Fi-
nally, we benchmark SOTA MLLMs and leverage DeepSeek to analyze their responses.

videos from YouTube with durations between 1 and 5 minutes. We incorporate
eight sub-keywords3 (e.g., “Supernatural”) in this process to ensure diversity.
From the initial pool of over 2,500 retrieved videos, we performed full manual
annotation on the candidates, during which videos were discarded if they: (1)
featured overly simplistic plots with low reasoning demand, (2) contained too few
visual clues to support deduction, or (3) were of poor production quality. This
rigorous pipeline resulted in a final collection of 270 videos for the Video-Holmes
test set, and 233 videos reserved as the auxiliary training set. Each video is
annotated following a structured template that considers the following aspects:

– Segmented Plot Descriptions: Annotators are asked to divide the video
into segments based on the storyline, and provide detailed descriptions for
each segment.

– Key Character Relationships: Annotators are asked to present the re-
lationships between key characters in the video, along with evidence that
supports the identification.

– Reasoning Shots: Annotators are asked to identify reasoning shots in the
video, providing timestamps, visual clues, and the inferred conclusions.

– Supernatural Elements: Annotators are asked to specify any supernatural
elements present in the videos and the implications they introduce, whether
positive or negative.

– Core Theme: Annotators are asked to summarize the core themes of the
videos based on their overall content.

During the annotation process, we implemented a multi-stage workflow to ensure
high-quality video annotations. The procedure consists of the following steps:

3 Details are provided in Appendix D
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1. Primary Annotation: Carried out by trained annotators, all of whom hold
at least an undergraduate degree.

2. Quality Verification: A random sample of 20% of the annotations was re-
viewed by senior staff. A full rejection policy was enforced: if any annotation
was found to be too brief or contained logical flaws, the corresponding anno-
tator was required to resubmit all their assignments until every annotation
met our strict standards.

This combination of diverse short films featuring complex reasoning chains, along
with high-quality and consistently formatted manual annotations, ensures the
reliability and quality of Video-Holmes.
Task Definition. To comprehensively evaluate the differences in MLLMs’ capa-
bilities for complex video reasoning from multiple perspectives, we define seven
distinct reasoning tasks for Video-Holmes. As illustrated in Figure 3, different
from existing benchmarks that are primarily designed around clue-given ques-
tions, Video-Holmes focuses on tasks that require models to actively locate and
link multiple relevant visual clues scattered across different video segments:

– Social Reasoning (SR): Identifying relationships between characters. This
includes identifying identity associations across time (e.g., the same man in
youth and old age).

– Physical Anomaly Reasoning (PAR): Identifying scenes in the video
that deviate from real-world norms and reasoning about their underlying
rules or implicit meanings.

– Multimodal Hint Reasoning (MHR): Decoding cues from multimodal
hints, such as semantic implications of camera movements or gradual changes
in object positions.

– Intention & Motive Chaining (IMC): Observing characters’ actions or
environmental cues to disentangle surface behaviors from underlying behav-
ioral intentions.

– Temporal Causal Inference (TCI): Inferring causal mechanisms between
events across time and space using cinematic language and multimodal clues.

– Timeline Analysis (TA): Integrating and reconstructing the narrative
storyline of the film.

– Core Theme Inference (CTI): Extracting the core theme or deeper mean-
ing of the video by analyzing its plot, dialogues, and symbolic elements.

Question-Answer Generation. We leverage DeepSeek-R1 [18] to automati-
cally generate questions based on structured manual annotations and predefined
task types. To ensure factuality, each question is derived strictly from the ground-
truth annotations. Additionally, the model generates detailed explanations for
each answer, which serve as references for analyzing MLLM reasoning processes.
Following the automated generation, we conduct a manual audit of the entire
dataset. During the initial review, approximately 1% (46 pairs) of the QA pairs
are found to be erroneous or contained ambiguous answers. These cases are sub-
sequently regenerated and rectified to ensure that all final questions are accurate
and yield unique, unambiguous answers. After this rigorous verification, we con-
struct the test set of 270 videos (1,837 QA pairs) and a training set of 233 videos
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00:20 00:42 01:36 01:13 01:47 02:07

Intention & Motive Chaining (IMC) Temporal Causal Inference (TCI)

00:10 00:16 00:43 01:03 02:32 02:59

Q: What is the relationship between the man 
in the white suit and the man in the red shirt?

Social Reasoning (SR)

A. colleague
B. superior and subordinate
C. brother

D. competitor
E. customer
F. stranger

Q: What are the rules of supernatural in 
the video?

Physical Anomaly Reasoning (PAR)

A. Sneezing triggers time jumps
B. Holding cups can make time pass faster
C. The man complete work very fast
D. The man can perform consciousness invasion
E. Sneezing triggers time reversal
F. There are no supernatural phenomena

Q: What do the apple and pencil symbolize 
in the video?

Multimodal Hint Reasoning (MHR)

A. Superpowers are limited to filling out forms
B. The man’s fruit allergy leads to tragedy
C. The man’s talent for drawing
D. Superpowers impact the objects themselves
E. Hint at the nature of the man’s job
F. The man is about to reach the top of his life

00:10 00:37 01:04 01:11 01:53 02:02

Core Theme Inference (CTI)Timeline Analysis (TA)

A. 4-5-1-3-2-6 
B. 5-4-3-1-2-6
C. 4-5-2-1-3-6

D. 5-1-3-4-2-6
E. 2-4-5-1-3-6
F. 1-2-3-4-5-6

Q: What was the intention of the man in white looking at the 
leader's office door at 01:36?

A. Prepare to report on work
B. Angry because of overtime work
C. Plan to steal property

D. Check if the door is locked for safe
E. Recall past experiences
F. Worry about the leader finding out

Q: What was the direct reason why the man in 
white was finally trapped in the safe?

A. Superpowers suddenly fail
B. The leader locked the door
C.The safe closes automatically

D. Black hole paper falls to the ground
E. Exhausted and unable to escape
F. Black holes devour space and expand

Q: The core theme of the video is closest to which of 
the following?

A. Human nature is inherently evil
B. Justice may be delayed but will prevail
C. The helplessness of low-level criminals
D. Continuation of childhood trauma
E. The cycle of karma
F. Malice between strangers

(1) The man in black discovers the basement (2) The man in the suit turns back
(3) The man in black is attacked by a girl         (4) The man in the suit forgets his phone 
(5) The man in black steals a phone                   (6) A car accident occurs

Q: What is the correct sequence of the following events? 
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Q: How many bowls is on 

the table?

Object Counting

A. 0
B. 1
C. 2

D. 3
E. 4
F. 5

00:23

Q: Where is the red mup 
at 02:32?

Object Grounding

A. [14,0,323,52]
B. [14,0,100,52]
C. [14,0,32,235]

D. [14,0,100,12]
E. [72,0,143,32]
F. [32,5,323,52]

02:32

Q: What is the spatial relation 
between the toaster and the kettle?

Spatial Reasoning

A. on the Left
B. above
C. on the right

D. below
E. in front of
F. behind

01:59

Q: What will the woman do 
next at 00:16?

Temporal Reasoning

A. open the curtains
B. get off work
C. take a nap

D. play games
E. eat food
F. do cleaning

Answer with Given Clues (Existing Benchmarks)

Actively Seek Clues (Video-Holmes)

00:16

Fig. 3: Comparison of question types between Video-Holmes and existing benchmarks.
Existing benchmarks primarily involve clue-given questions, where models depend on
explicitly provided clues to derive answers. In contrast, Video-Holmes adopts an active
seeking paradigm, requiring models to actively locate and connect multiple relevant
visual clues scattered across different video segments.

(1,551 QA pairs) for Video-Holmes. Prompts for pipeline construction and key
statistics of Video-Holmes are provided in Appendix B and D, respectively.
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4 Experiments

4.1 Setup

Evaluation Models. We conduct an evaluation of several mainstream
MLLMs, including the open-source models: InternVL2.5 (8B) [6], InternVL3
(8B) [62], Qwen2.5-VL (7B, 32B) [2], Qwen2.5-Omni (7B) [50] and Qwen3-
Omni (30B) [51]. Additionally, we assess open-source models that incorporate
RL post-training based on Qwen2.5-VL (7B): GRPO-CARE [5], Video-R1 [11],
SpaceR [34], Video-RTS [43] and VideoChat-R1 [24]. We also include several
advanced closed-source models in our evaluation: Gemini-2.0-Flash [35], Gemini-
2.0-Flash-Thinking [14], Gemini-1.5-Pro [15], Gemini-2.5-Pro [16], Gemini-3.0-
Pro [17], GPT-4o [30], OpenAI o4-mini [32], Claude 3.5 & 3.7 Sonnet [1].
Implementation Details. For models with native video input support such
as Gemini, videos were processed directly without additional pre-processing.
For models lacking native video input capabilities (e.g., GPT-4o), frames were
uniformly extracted from the video along with corresponding timestamp, and
multi-image input was utilized for evaluation. To ensure a fair comparison, all
models were deployed following their official guidelines and using the officially
released checkpoints. During inference, models were required to first generate a
reasoning process before providing the final answer. Specifically, the models were
instructed to produce a step-by-step solution to the given question. For further
details regarding model implementation and evaluation prompts, please refer to
Appendix A and B.

4.2 Main Results

Table 2 presents the performance of each model on Video-Holmes. Most models
achieve an accuracy below 40%, with the best-performing model, Gemini-3.0-
Pro, reaching an overall accuracy of 49.6%. The widely-used open-source model,
Qwen2.5-VL (7B) achieves an overall accuracy of 27.8%, far worse than its per-
formance on other video reasoning benchmarks. This performance gap suggests
that Video-Holmes introduces unique challenges that are particularly demanding
for current MLLMs in video reasoning.
Models trained with thinking strategies exhibit notable improvements over their
vanilla version. For instance, Gemini-2.0-Flash-Thinking demonstrates a 12.5%
performance gain compared to Gemini-2.0-Flash. This observation indicates that
the Video-Holmes benchmark imposes substantial reasoning challenges and ef-
fectively distinguishes models’ reasoning abilities. In contrast, other benchmarks
do not reflect this pattern, as illustrated in Table 3.
Model performance across seven reasoning tasks in Video-Holmes remains rela-
tively even, with most models achieving accuracy below 40% for each task. This
highlights that each task in Video-Holmes poses substantial challenges, requiring
advanced reasoning capabilities from existing methods.
We also establish a human baseline by recruiting 5 evaluators and reporting
their average performance across the entire benchmark. The evaluation follows
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Table 2: Model performance on Video-Holmes, where SR stands for Social Reason-
ing; IMC stands for Intention & Motive Chaining; TCI stands for Temporal Causal
Inference; TA Timeline Analysis; MHR stands for Multimodal Hint Reasoning; PAR
stands for Physical Anomaly Reasoning; CTI stands for Core Theme Inference. Blue
represents the vanilla model, while Green represents its corresponding thinking ver-
sion with RL post-training.

Model Frames SR IMC TCI TA MHR PAR CTI Overall

Open Source Models
InternVL2.5-8B 32 28.0 32.2 21.5 07.7 25.7 23.8 22.6 23.8
InternVL3-8B 32 29.5 40.7 37.9 35.1 24.6 38.9 24.1 32.3
Qwen2.5-Omni-7B 32 27.1 19.9 13.9 7.5 14.8 14.9 13.7 16.4
Qwen3-Omni-30B-A3B 32 52.5 48.1 38.4 55.2 41.6 42.8 44.7 46.2
Qwen2.5-VL-32B 32 43.2 44.2 31.5 51.0 36.4 31.4 32.2 38.4
Qwen2.5-VL-7B 32 38.4 34.8 17.6 30.0 27.1 18.6 25.2 27.8
GRPO-CARE 32 42.8 35.1 25.6 40.5 29.2 29.9 32.6 33.5
VideoChat-R1 32 42.1 38.8 24.5 39.5 29.5 27.8 29.3 33.0
Video-R1 32 48.6 41.7 28.9 34.5 31.0 33.5 35.9 36.5
SpaceR 32 48.2 39.4 26.0 33.0 28.9 35.1 35.6 35.2
Video-RTS 32 51.0 44.6 33.3 43.0 37.1 35.6 38.2 40.0

Closed Source Models
GPT-4o 32 50.0 49.6 38.8 30.0 44.0 39.2 37.0 42.0
OpenAI o4-mini 32 36.3 31.2 20.5 34.0 30.1 30.9 27.4 29.9
Claude 3.5 Sonnet 20 48.6 43.5 30.8 41.0 39.8 36.6 33.7 39.3
Claude 3.7 Sonnet 20 45.9 48.2 33.7 39.5 40.7 39.7 38.1 41.0
Gemini-1.5-Pro - 52.1 48.2 34.4 26.0 39.2 46.4 38.9 41.2
Gemini-2.5-Pro - 46.6 49.3 46.9 53.0 40.1 44.3 37.4 45.0
Gemini-3.0-Pro - 53.2 51.8 48.5 54.0 43.5 49.8 46.4 49.6
Gemini-2.0-Flash - 41.8 33.7 23.1 20.5 30.1 26.8 33.7 30.6
Gemini-2.0-Flash-Thinking - 43.4 46.9 43.1 51.0 37.9 43.6 39.3 43.1

Human single-view 93.5 96.3 99.6 97.9 94.9 92.6 96.7 96.3

a strictly controlled single-view protocol: participants are instructed to read
the questions beforehand, watch the short film exactly once, and then provide
their answers. As shown in Table 2, humans achieve an impressive accuracy of
96.3%, significantly outperforming all SOTA MLLMs. Notably, the fact that hu-
mans do not achieve a perfect score under this single-view constraint—unlike
the annotation phase, which mandates repeated reviewing to capture all nu-
ances—underscores the profound complexity of the tasks. The result validates
both the reliability of our ground-truth annotations and the inherent difficulty
of Video-Holmes.
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Table 3: Performance gains of reasoning models across benchmarks.

Model MMVU Video-MME Video-MMMU MVBench VCR-Bench MORSE-500 Video-Holmes

Gemini-2.0-Flash 65.2 68.3 54.3 55.3 51.7 16.0 30.6
Gemini-2.0-Flash-Thinking 64.5 (-0.7) 69.4 (+0.9) 56.4 (+1.9) 57.4 (+2.1) 54.1 (+2.4) 19.2 (+3.2) 43.1 (+12.5)

Table 4: Reasoning process analysis results. Where VPE represents visual perception
error, VOE represents visual omission error, RE represents reasoning error, TRAW
represents think right answer wrong, TWAR represents think wrong answer right, and
TRAR represents think right answer right.

Model
Answer Wrong Answer Right

VPE VOE RE TRAW TRAR TWAR

Count Ratio Count Ratio Count Ratio Count Ratio Count Ratio Count Ratio

Open Source Models
InternVL2.5-8B 66 0.06 331 0.28 740 0.63 32 0.03 332 0.79 89 0.21
InternVL3-8B 32 0.03 248 0.22 810 0.73 22 0.02 419 0.76 135 0.24
Qwen2.5-Omni-7B 26 0.02 398 0.36 643 0.59 29 0.03 236 0.82 53 0.18
Qwen2.5-VL-32B 44 0.04 430 0.39 610 0.56 6 0.01 363 0.78 103 0.22
Qwen2.5-VL-7B 15 0.02 209 0.27 544 0.70 5 0.01 457 0.87 67 0.13
GRPO-CARE 32 0.03 325 0.30 688 0.63 54 0.05 543 0.80 133 0.20
VideoChat-R1 33 0.03 306 0.26 844 0.71 12 0.01 494 0.85 88 0.15
Video-R1 46 0.04 415 0.36 681 0.59 15 0.01 504 0.83 101 0.17

Closed Source Models
GPT-4o 17 0.02 250 0.24 745 0.73 13 0.01 720 0.94 43 0.06
o4-mini 36 0.03 354 0.29 840 0.68 11 0.01 513 0.94 34 0.06
Claude 3.5 Sonnet 18 0.02 318 0.31 695 0.67 11 0.01 687 0.92 59 0.08
Claude 3.7 Sonnet 9 0.01 470 0.44 584 0.54 10 0.01 612 0.86 103 0.14
Gemini-1.5-Pro 75 0.07 250 0.24 692 0.67 18 0.02 637 0.85 114 0.15
Gemini-2.5-Pro 31 0.03 210 0.22 718 0.75 4 0.01 725 0.88 98 0.12
Gemini-3.0-Pro 22 0.02 185 0.20 710 0.77 9 0.01 865 0.95 46 0.05
Gemini-2.0-Flash 33 0.03 242 0.20 893 0.76 13 0.01 542 0.89 65 0.11
Gemini-2.0-Flash-Thinking 31 0.03 210 0.22 718 0.75 4 0.01 774 0.94 49 0.06

4.3 Analytical Study

Reasoning Process Analysis. We diagnose the factors contributing to the
model’s answers by comparing its reasoning process with human-annotated de-
scriptions and answer explanations. Specifically, we categorize the main causes
of incorrect answers into the following four types:

– Visual Perception Error (VPE): The model extracts incorrect visual
information, leading to wrong answers.

– Visual Omission Error (VOE): The model omits critical visual informa-
tion (i.e., key objects or events), resulting in an incorrect answer.

– Reasoning Error (RE): The model makes errors during the reasoning
process, such as incorrectly associating multiple visual clues.

– Think Right Answer Wrong (TRAW): The model’s reasoning is largely
aligned with the ground-truth explanation, but it answers wrong.

For correctly answered questions, we define the following two categories:
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02:10-02:4000:05-00:30 00:45-01:04 01:25-01:57

The man enters the 
store, looks around, 
and touches the gun in 
his pocket, suggesting 
he intends to commit a 
robbery.

The man encounters 
an elderly woman. He 
casually takes her car 
keys, suggesting he 
decides to steal her car.

The man driving the car, 
followed by a shot 
revealing a baby inside. 
Based on previous 
clues, the baby likely 
belongs to the elderly 
woman. Then the man 
decides to turn back.

The man returns to the 
store, where the elderly 
woman is in the middle of 
a robbery. She exchanges 
the stolen goods with him 
for her car keys and the 
man returns the items to 
the shop owner. 

Q: What is the core theme of this video?
(CTI)

A. Crime will eventually be punished
B. The great power of maternal love
C. The crisis of trust between strangers
D. Morality overcome greed
E. Social impact of surveillance equipment
F. The harmfulness of impulsive behavior

Qwen-VL-2.5-7B

The video depicts a series of events that revolve around a man who appears to be in a state of distress or urgency. He is seen in a convenience 
store, driving a car, and interacting with another person in a car. The man's actions, such as driving quickly and the presence of another 
person in the car, imply a sense of urgency and potential danger. The options provided suggest different themes, but the most fitting one based on 
the visual cues and the actions depicted is that crime will eventually be punished. This is because the video seems to be setting up a scenario where 
the man's actions could lead to consequences, which is a typical narrative structure in crime films. So the answer is A.

VOE

The model failed to extract the key visual information of “the baby in the back seat” and the moral awakening it triggered in the man in black, 
as well as the old woman’s act of exchanging stolen goods for the baby. These elements are central to the theme of “morality overcoming greed,” 
but the model’s reasoning did not mention them, leading to an incorrect answer.

Model Response Thinking process analysis 

Video-R1

The video begins with a man in a convenience store, highlighting a setting for transactions and interactions among strangers. His actions suggest 
a conflict or misunderstanding, testing trust between strangers. The scene shifts to a car driving through a forest. The presence of a baby and a 
possible chase scene underscores themes of pursuit and confrontation, indicating that the film's core revolves around interactions and conflicts 
between strangers, especially where trust is fragile. Now, let's consider the options:
B: The crisis of trust between strangers. - This aligns well with the setting and the actions of the characters. 
D: Morality and kinship overcome greed. - There is no clear indication of kinship or morality overcoming greed in the video.
After analyzing the video and the options, the most fitting theme is B: the crisis of trust between strangers. 

RE

The model correctly identified some visual elements but failed to establish the logical connection between the baby and moral awakening, 
or the elderly woman's failure and family affection restraining greed. It completely overlooked the key plot point (the baby prompting the man in 
black to return the stolen items) and mistakenly concluded the theme as a crisis of trust.

Model Response Thinking process analysis 

VideoChat-R1

The video depicts a series of events that revolve around a man who appears to be in a state of distress or urgency. He is seen in a convenience 
store, driving a car, and interacting with a gas station attendant. The man's actions suggest a sense of urgency and possibly a need to leave quickly. 
The presence of a tattooed man and a woman in the video adds to the complexity of the situation, but the overall tone of the video seems to be one 
of tension and potential conflict. The core theme of the film, therefore, seems to be the crisis of trust between strangers, as the man's actions and the 
presence of the tattooed man and the woman suggest a potential conflict or a situation where trust is being tested. So the answer is B

VPE

The process of model thinking was disrupted by incorrectly extracted visual information "interact with gas station attendant" (which was not 
part of the scenario), leading to a mistaken judgment that the theme was a crisis of trust.

Model Response Thinking process analysis 

Intern-VL3-8B

Let's figure this out step by step. The video shows a man with his kid in a shopping bag, which seems to be a sign of kidnapping. The store owner 
calls the police and follows the man. It feels like a story of a thief taking someone else's's kid, leading to the police trying to catch them. Now, looking 
at the options: A. Crime punished - There’s mention od crime, but it's not really the heart of the story. How the situation is resolved is more 
important… F. Morality/kinship over greed - This could fit, as the person stealing is risking being caught for potential gain, and the mom and 
police are trying to restore what's right, which involves moral values about family. So, putting it all together, it seems the core of the story 
revolves around the tension and conflict arising from the theft, followed by the actions taken by the mom to rescue her kid. This points towards 
themes of morality. Therefore, my answer is D: Morality and kinship overcome greed.

TWAR

The model exhibits significant errors in comprehension during reasoning, such as incorrectly inferring a "child kidnapping" and "mother 
rescuing child" scenario. While the model reasonably associates the presence of the infant with familial bonds, its core reasoning path deviates 
substantially from the actual storyline. Nonetheless, the model's final conclusion aligns with the correct answer.

Model Response Thinking process analysis 

Fig. 4: Example of model reasoning process analysis. VideoChat-R1 misinterprets vi-
sual information, incorrectly perceiving a tattooed man, Qwen2.5-VL overlooks critical
visual clues (the baby), Video-R1 fails to establish logical connections between the vi-
sual clues, and Intern-VL3 guesses the right option with a wrong reasoning process.

– Think Wrong Answer Right (TWAR): The model’s reasoning process
deviates significantly from the ground-truth explanation, yet it arrives at the
correct answer.
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Table 5: Analyze experiment results on Video-Holmes. HA stands for human anno-
tation; FLC stands for frame-level caption; VLC stands for video-level caption.

(a) Number of input frames

Model Frames Acc

Qwen2.5-VL-7B 64 30.2 (+2.4)
Qwen2.5-VL-7B 80 33.0 (+5.2)
Qwen2.5-VL-7B fps=1 42.5 (+14.9)
Qwen2.5-Omni-7B fps=1 43.9 (+21.6)

Video-R1 64 37.4 (+0.9)
Video-R1 80 38.5 (+2.0)
Video-R1 fps=1 40.1 (+3.6)

(b) Audio input

Model Audio SR Overall

Qwen2.5-Omni-7B ✗ 27.1 16.4
Qwen2.5-Omni-7B ✓ 38.4 24.4

Gemini-2.5-Pro ✗ 46.6 45.0
Gemini-2.5-Pro ✓ 54.8 51.3
Gemini-1.5-Pro ✗ 52.1 41.2
Gemini-1.5-Pro ✓ 59.6 45.7

(c) Reasoning or not

Model Frames Reasoning Acc

Qwen2.5-VL-7B 32 ✓ 27.8
Qwen2.5-VL-7B 32 ✗ 29.4
Video-R1 32 ✓ 36.5
Video-R1 32 ✗ 28.2

Gemini-2.0-Flash - ✓ 30.6
Gemini-2.0-Flash - ✗ 28.5

(d) Text-only input

Model Input Acc

DeepSeek-R1 FLC 31.2
DeepSeek-R1 VLC 64.6
DeepSeek-R1 HA 92.0
OpenAI o3 FLC 25.4
OpenAI o3 VLC 61.3
OpenAI o3 HA 89.7

– Think Right Answer Right (TRAR): The model’s reasoning process is
largely aligned with the ground-truth explanation and answers right.

We provide the human annotations, questions, models’ reasoning outputs (if
validated), and the type definitions as inputs to DeepSeek, prompting4 it to
perform the analysis.
The results in Table 4 and Figure 4 show that both open-source and closed-source
models generally demonstrate the ability to accurately extract visual information
and provide answers consistent with their reasoning processes. Approximately
35% of errors are attributed to the omission of critical visual information, while a
larger proportion (around 60%) stems from challenges in logical comprehension
of multiple visual clues (Reasoning Errors).
For correctly answered questions, the proportion of responses based on valid
reasoning (TRAR) exceeds 80% across most models. This highlights the difficulty
of the Video-Holmes benchmark, where models struggle to infer correct answers
through inconsistent reasoning.
Number of Input Frames. In main experiments, we adopt a 32-frame input
to align with standard practices [12,21] and ensure a fair comparison, as models
have varying pre-training constraints. For example, Video-R1 is trained on 16-
32 frames, which constrains its performance with larger inputs. As shown in
Table 5(a), increasing the input frames for Video-R1 from 32 to 1 fps only
yields a marginal performance improvement of 3.6%. In contrast, Qwen2.5-VL,
which is trained with more frames, achieves a much higher gain of 14.9% under
the same conditions. Given that Video-Holmes features dense clues, it stands
to benefit from longer sequences. To verify this, we conduct experiments using

4 Detailed in Appendix B
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inputs with more frames at 1 fps on Qwen2.5-VL and Qwen2.5-Omni. The results
in Table 5(a) confirm that this setup leads to substantial performance gains.
Audio Input. We evaluate the performance of several models with audio input
as an additional modality. Table 5(b) demonstrates that integrating audio input
enhances model performance, especially in social reasoning tasks where conver-
sational cues offer essential insights into interpersonal dynamics. These results
underscore the importance of audio information in multimodal reasoning.
Reasoning or Not. We conduct experiments where models directly generate
answers without using CoT prompts. The results in Table 5(c) demonstrate
that for stronger closed-source models, CoT prompting leads to higher accuracy
compared to directly answering. In contrast, weaker open-source models exhibit
the opposite trend. This suggests that the effectiveness of reasoning is contingent
on the model’s overall capability—only models with sufficiently strong reasoning
abilities can fully benefit from CoT prompts. Conversely, weaker models may
amplify errors during CoT.
Text-only Input. We conduct experiments using three types of text-only in-
puts for advanced reasoning models [18, 33]: (1) human-annotated movie plots,
(2) frame-level captions generated by Qwen2.5-VL , and (3) video-level captions
generated by Gemini-2.5-Pro. As shown in Table 5(d), models achieve around
90% accuracy with human annotations, whereas performance drops significantly
with auto-generated captions. This gap arises because human annotations ex-
plicitly provide logical connections between critical visual clues. In contrast,
frame-level captions often provide redundant and fragmented descriptions of
static visuals, missing essential temporal dynamics. Although video-level cap-
tions outperform frame-level ones by better capturing event continuity, they fall
short of human annotations due to the captioning model’s own reasoning limi-
tations. The results highlight the challenge of Video-Holmes in requiring models
to jointly perceive and reason about logical relationships among visual clues.
Training & Generalization. We further investigate whether the complex
reasoning required by Video-Holmes can enhance general video understanding.
Through RL post-training of Qwen2.5-VL-7B on our auxiliary training set (233
videos, 1,551 questions) following the standard protocol from [5], we observe
notable performance gains across different domains. As shown in Table 6, the
model not only achieves a significant 12.9% improvement on Video-Holmes, but
also demonstrates consistent boosts across established general video benchmarks,
ranging from 1.8% on TempCompass to 4.8% on MVBench. This evidence con-
firms that our high-reasoning-demand data fosters transferable skills rather than
merely overfitting to domain-specific artifacts, making it both highly challenging
and valid for evaluating MLLMs’ core reasoning capacities.

4.4 Human Studies

Justification of Reasoning Analysis. To verify the reliability of the auto-
mated reasoning analysis, we conduct a human study on 100 randomly sampled
model responses. 10 human evaluators manually categorized these responses into
the defined error and success types. As shown in Table 7, DeepSeek-R1 achieves a
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Table 6: Performance on general video benchmarks. * denotes model post-trained on
the training set of Video-Holmes via [5].

Model Video-Holmes Video-MME TempCompass Video-MMMU MVBench
Qwen2.5-VL-7B 27.8 56.6 72.6 48.1 59.0
Qwen2.5-VL-7B* 40.7 (+12.9) 58.9 (+2.3) 74.2 (+1.8) 50.2 (+2.1) 63.8 (+4.8)

Table 7: Human-DeepSeek agreement across different reasoning analysis types.

Category Answer Wrong Avg. (W) Answer Right Avg. (R) Total Avg.
Type VPE VOE RE TRAW TWAR TRAR

Agreement (%) 94.1 91.5 90.2 93.3 94.0 96.0 96.0 96.0 95.0
Cohen’s Kappa (κ) 0.89 0.86 0.82 0.88 0.88 0.91 0.94 0.92 0.90

Table 8: Human evaluation of different benchmarks. Active Seeking denotes the
percentage of questions requiring models to actively search for visual evidence rather
than relying on predefined text clues. Chain-of-Clues denotes the percentage of ques-
tions requiring multi-step logical connections. Difficulty is rated on a scale of 1 to 5.

Benchmark Active Seeking (%) Chain-of-Clues (%) Difficulty (1-5)

Video-MME 6.0 18.0 1.2
VCR-Bench 24.0 46.0 3.2
Video-Holmes 98.0 96.0 4.6

high agreement rate of 94.0% for incorrect answers and 96.0% for correct answers,
with an overall Cohen’s Kappa of 0.90. This high consistency stems from the rich
context provided in our prompts (e.g., complete human-annotated video plot, the
question, and the detailed answer rationale), which effectively transforms this
reasoning evaluation into a straightforward information-matching task.
Evaluation of Benchmark Difficulty. We conduct a human study to further
validate the challenge of our benchmark. We randomly select 100 questions each
from Video-Holmes, VCR-Bench, and Video-MME. 10 human evaluators are
asked to assess these questions based on three criteria: (1) whether solving the
question requires Active Seeking of visual evidence or merely relies on Predefined
Clues; (2) whether it requires a Chain-of-Clues reasoning process; and (3) the
overall difficulty on a scale from 1 to 5.
As shown in Table 8, Video-Holmes surpasses other benchmarks across all com-
plexity metrics. Specifically, 98.0% of the questions in Video-Holmes require ac-
tive seeking, compared to 24.0% in VCR-Bench and only 6.0% in Video-MME.
Furthermore, Video-Holmes achieves the highest overall difficulty score of 4.6.
This analysis confirms that Video-Holmes successfully forces models to actively
search for and logically connect multiple pieces of evidence, making it a demand-
ing and more realistic testbed.
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5 Conclusion and Copyright

Conclusion. We present Video-Holmes, a benchmark designed to evaluate the
complex video reasoning capabilities of MLLMs. Video-Holmes consists of 1,837
questions derived from 270 manually annotated suspense short films, spanning
seven carefully designed tasks that require models to actively locate and link mul-
tiple relevant visual clues scattered across different video segments. We conduct
a detailed analysis of model reasoning processes, examining the factors that lead
to both correct and incorrect answers. Our evaluation of SOTA MLLMs reveals
that, while these models excel at visual perception, they encounter substantial
difficulties with reasoning and often miss critical clues. We aim for Video-Holmes
to serve as a “Holmes-test” for multimodal reasoning, motivating models to rea-
son more like humans and emphasizing the ongoing challenges in this field.
Copyright. Video-Holmes uses YouTube videos for academic research only. In
accordance with fair use principles and following established practices such as
ActivityNet [3] and YT-Temporal [54], all videos remain the property of their
original creators. Our benchmark is licensed under Apache-2.0 and affirm that
our institution claims no ownership over the video content.
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