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Abstract

Cross-Video Reasoning (CVR) presents a significant chal-
lenge in video understanding, which requires simultaneous
understanding of multiple videos to aggregate and compare
information across groups of videos. Most existing video un-
derstanding benchmarks focus on single-video analysis, fail-
ing to assess the ability of multimodal large language mod-
els (MLLMs) to simultaneously reason over various videos.
Recent benchmarks evaluate MLLMs’ capabilities on multi-
view videos that capture different perspectives of the same
scene. However, their limited tasks hinder a thorough assess-
ment of MLLMs in diverse real-world CVR scenarios. To this
end, we introduce CrossVid, the first benchmark designed to
comprehensively evaluate MLLMs’ spatial-temporal reason-
ing ability in cross-video contexts. Firstly, CrossVid encom-
passes a wide spectrum of hierarchical tasks, comprising four
high-level dimensions and ten specific tasks, thereby closely
reflecting the complex and varied nature of real-world video
understanding. Secondly, CrossVid provides 5,331 videos,
along with 9,015 challenging question-answering pairs, span-
ning single-choice, multiple-choice, and open-ended question
formats. Through extensive experiments on various open-
source and closed-source MLLMs, we observe that Gemini-
2.5-Pro performs best on CrossVid, achieving an average ac-
curacy of 50.4%. Notably, our in-depth case study demon-
strates that most current MLLMs struggle with CVR tasks,
primarily due to their inability to integrate or compare evi-
dence distributed across multiple videos for reasoning. These
insights highlight the potential of CrossVid to guide future
advancements in enhancing MLLMs’ CVR capabilities.

Datasets — https://github.com/chuntianli666/CrossVid

Introduction
With the rapid development of multimodal large language
models (MLLMs) (Bai et al. 2025; Hurst et al. 2024; Co-
manici et al. 2025), video reasoning (Lin et al. 2023; Chen
et al. 2024; Shu et al. 2025; Zhang, Li, and Bing 2023)
emerges as an important testbed for evaluating the reasoning
capabilities of MLLMs. However, most existing benchmarks
(Fu et al. 2025; Xiao et al. 2021; Yu et al. 2019) for video
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Figure 1: Performance of MLLMs on CrossVid.

reasoning primarily focus on single-video analysis, severely
restricting the assessment of MLLMs’ reasoning capabilities
on more complex tasks that span multiple videos.

Cross-Video Reasoning (CVR) is a challenging yet essen-
tial task within the domain of video reasoning. Aiming to
aggregate and compare information across videos, CVR re-
quires to simultaneously understand multiple videos. A re-
cent research, All-Angles Bench (Yeh et al. 2025), evalu-
ates MLLMs’ performance on groups of multi-view videos,
where each video captures a different perspective of the
same scene. However, the task of All-Angles Bench is lim-
ited to multi-view videos showing the same scene, hindering
a thorough assessment of MLLMs’ CVR abilities across the
diverse and complex scenarios in the real world.

To this end, we propose CrossVid, the first video reason-
ing benchmark designed to advance from previous single-
query, single-video paradigms to single-query, multi-video
understanding, and to comprehensively evaluate MLLMs’
spatial-temporal reasoning ability for CVR. CrossVid fea-
tures a wide range of hierarchical tasks, reflecting the di-
versity of real-world video understanding scenarios. It con-
sists of 4 high-level dimensions, including comparative anal-
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Benchmarks #Videos #QA pairs Len. (s) #Tasks Anno. Closed-
ended

Open-
ended

Multi-
video

Multi-
view

TVQA (Lei et al. 2018) 2,179 15,253 11 3 M ✓ ✗ ✗ ✗
MVBench (Li et al. 2024b) 3,641 4,000 16 20 A ✓ ✗ ✗ ✗
ActivityNet-QA (Yu et al. 2019) 5,800 58,000 180 4 M ✗ ✓ ✗ ✗
NExT-QA (Xiao et al. 2021) 5,440 52,044 44 2 M ✓ ✓ ✗ ✗
LongVideoBench (Wu et al. 2024) 3,763 6,678 473 17 M ✓ ✗ ✗ ✗
MMVU (Zhao et al. 2025) 1,529 3,000 51 27 M ✓ ✓ ✗ ✗
Video-MME (Fu et al. 2025) 900 2,700 1,017 12 M ✓ ✗ ✗ ✗
MLVU (Zhou et al. 2024) 1,730 3,102 930 9 M+A ✓ ✓ ✗ ✗
Ego-Exo4D (Grauman et al. 2024) 5,035 - 156 4 M ✗ ✗ ✓ ✓
EgoExoLearn (Huang et al. 2024) 747 - - 4 M ✓ ✓ ✓ ✓
All-Angles Bench (Yeh et al. 2025) 90 scenes 2,132 - 6 M ✓ ✗ ✓ ✓
CrossVid (Ours) 5,331 9,015 215 10 M+A ✓ ✓ ✓ ✓

Table 1: Comparison of CrossVid with existing benchmarks, including #Videos (number of videos), #QA pairs (number of QA
pairs), Len. (average length of videos in seconds), #Tasks (number of distinct tasks), Anno. (annotation pipeline, M: manual, A:
automated), presence of Open-ended and Closed-ended tasks, presence of Multi-video reasoning and Multi-view reasoning.

ysis, temporal understanding, multi-view reasoning, and
free-form QA, encompassing a total of 10 specific tasks.
CrossVid consists of 5,331 videos and 9,015 challenging QA
pairs, covering single-choice, multiple-choice, and open-
ended question formats. On average, each query requires
MLLMs to comprehend approximately 770 seconds of video
content. To ensure precise annotation, we develop a semi-
automated annotation pipeline and employ 10 expert anno-
tators to facilitate the construction.

Extensive experiments on CrossVid are conducted on var-
ious representative closed-source (Hurst et al. 2024; Co-
manici et al. 2025) and open-source MLLMs (Bai et al.
2025; Zhu et al. 2025), ranging from 7B to 78B parameters
and diverse architectures. As shown in Figure 1, while cur-
rent MLLMs excel in single-video tasks, they still struggle
with CVR. Notably, Gemini-2.5-Pro achieves the best aver-
age accuracy of 50.4%. Furthermore, we provide multiple
key insights based on the experimental results, which fur-
ther verify that our proposed CrossVid establishes new path-
ways for MLLMs’ future advancements in video reasoning.
Our detailed case studies and ablation experiments confirm
that, despite ongoing advances, MLLMs still struggle to ag-
gregate and compare evidence distributed across videos—a
fundamental capability for real-world CVR.

In summary, our main contributions are:

• We propose CrossVid, the first benchmark to systemat-
ically evaluate MLLMs’ CVR capability. CrossVid in-
corporates hierarchical tasks spanning four high-level
dimensions and ten specific tasks. The dataset is con-
structed with a semi-automated annotation pipeline under
rigorous quality controls. It contains 9,015 high-quality
QA pairs and 5,331 videos, including both closed-ended
and open-ended question formats.

• We conduct extensive experiments on 22 representative
closed-source and open-source MLLMs. Our detailed
case analysis and ablation studies offer critical insights
into current limitations of MLLMs for CVR, paving the
way for improvements in future development in video
understanding for MLLMs.

Related Work
Video Understanding MLLMs
MLLMs have demonstrated remarkable advancements in
video understanding by integrating visual encoders with
large language models and fine-tuning on downstream
tasks (Zhang, Li, and Bing 2023; Lin et al. 2023; Zhang et al.
2024b). Previous works mainly focus on single-video un-
derstanding, utilizing key frame selection (Tang et al. 2025;
Gong et al. 2025) and token compression (Shu et al. 2025;
Song et al. 2024) to accomplish tasks such as video caption-
ing, action recognition, and long-video comprehension. No-
tably, models like Qwen2.5-VL (Bai et al. 2025) have shown
the ability to process hour-long videos with improved tem-
poral reasoning.

However, despite these advances, most existing open-
source MLLMs remain untrained for comprehensive CVR
(i.e., joint inference across multiple input videos). A few
recent works (Reilly et al. 2025) begin to explore cross-
perspective understanding, but do not generalize to broader
multi-video settings.

Video QA Benchmarks
Video Question Answering (VQA) benchmarks have mostly
focused on assessing models’ abilities to understand and rea-
son over single videos. Early works such as TVQA (Lei et al.
2018) and ActivityNet-QA (Yu et al. 2019) require under-
standing short or long video clips via closed- or open-ended
questions. To target spatial and temporal reasoning, datasets
like NExT-QA (Xiao et al. 2021) and LongVideoBench (Wu
et al. 2024) are introduced. Some recent efforts, such as
MVBench (Li et al. 2024b) and Video-MME (Fu et al.
2025), extend the diversity of covered tasks.

More recent works start to target multi-view reasoning.
For example, EgoExoLearn (Huang et al. 2024) evaluates
across exocentric and egocentric views, and All-Angles
Bench (Yeh et al. 2025) introduces multi-view video QAs.
However, their scale and task coverage are limited, and they
primarily focus on specific domains or perspectives.
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Behavioral Understanding

Q: Which behavior would most 
effectively avoid predators?

    (A) Video 1        (B) Video 2
    (C) Video 3        (D) Video 4

Narrative Comprehension

Q: Which character's actions are 
primarily driven by curiosity?

   (A) The boy      (B) The red car
    (C) The astronaut  (D) The mouse
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Culinary Comparison

Q: What distinguishes Video 1's tortilla 
preparation from others?

    (A) Oven toasting     (B) Sauce coating
    (C) Grill heating        (D) Deep frying

Procedural Error Analysis

Video 1 Video 2 Video 3

     Q: Which action is incorrect in two videos?
            (A) detach the door and the transport cabin
            (B) attach the roof and the cabin
        (C) detach the base and the chassis
            (D) attach the roof and the transport cabin

Comparative Analysis

Temporal Understanding

Plot Inference

Q: What is most likely to happen in the middle part?
           (A) The passengers sabotaged the separatists' ...
           (B) The captain organized a direct attack on the ...
           (C) A local villager provided a hidden escape route ...
           (D) The separatists captured additional hostages to ...
       (E) The captain negotiated using the rescue team . . .
           (F) The rescue team planted tracking devices during ...

?

Q: Which time range in Video 2 has the same functional 

purpose as 85-96s in Video1?     A: 116-123s

Functional Step Alignment

Q: What is the correct order?        
A: 4 → 1 → 3 → 2

Procedural Step Sequencing

Q: When obj1 is parallel to the white truck, 
where is obj2  relative to the white truck?

      (A) Behind and to the left   (B) Not visible 
         (C) Directly in front of it        (D) Beside it

Multi-view Spatial Reasoning Multi-view Object Counting

Q: How many crosswalks does obj1 pass?

(A) 0         (B) 3        (C) 6         (D) 8

Multi-view Reasoning Free-form QA

Q: How does pizza 
base prep. differ 
between the two 
videos?

A: Video 1 uses pre-
made Texas Toast 
fried in ..., while video 
2 creates dough ...

Video 1

Video 2

Comparative Culinary QA
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Figure 2: Overview of CrossVid. It evaluates MLLMs’ CVR capability on 4 dimensions: comparative analysis, temporal un-
derstanding, multi-view reasoning, and free-form QA. It contains 10 distinct tasks: behavioral understanding (BU), narrative
comprehension (NC), culinary comparison (CC), procedural error analysis (PEA), plot inference (PI), functional step align-
ment (FSA), procedural step sequencing (PSS), multi-view spatial reasoning (MSR), multi-view object counting (MOC) and
comparative culinary QA (CCQA).

To our knowledge, there is currently no large-scale bench-
mark for general CVR. CrossVid is the first to comprehen-
sively benchmark MLLMs on a diverse suite of CVR tasks,
providing an important resource to spur future advances.

CrossVid Benchmark
In this section, we first provide an overview of our CrossVid
and its data curation process. We then present our semi-
automated annotation pipeline used for its construction.

Overview
CrossVid is the first large-scale benchmark to systematically
evaluate MLLMs’ capabilities for CVR. This benchmark
specifically assesses models’ ability to integrate, compare,
and reason over information from a group of related videos.
Video curation CrossVid consists of 5,331 video clips cu-
rated from six diverse, publicly available datasets: Ani-

mal Kingdom (Ng et al. 2022), MovieChat-1K (Song et al.
2024), YouCook2 (Zhou, Xu, and Corso 2018), VisDrone
(Liu et al. 2023), Charades (Sigurdsson et al. 2016), and
Assembly101 (Sener et al. 2022). With the various sources,
CrossVid covers a wide range of video lengths and various
degrees of visual complexity. During video selection, we
emphasize scenario diversity, action complexity, and inter-
video correlation, ensuring that the resulting multi-video
groups are both challenging and appropriate for CVR tasks.

Hierarchical tasks Based on the curated video clips, we
further propose 9,015 high-quality QA pairs. Each piece in
CrossVid is composed of a group of semantically related
videos, a task-specific query targeting CVR, and a carefully
verified reference answer. As shown in Figure 2, all queries
in CrossVid form hierarchical tasks with 4 high-level dimen-
sions, including comparative analysis, temporal understand-
ing, multi-view reasoning, and free-form QA. These 4 high-

6246



(a) Types of dimensions and tasks. (b) Categories and genres of videos.
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(c) Video duration.

Figure 3: Statistical analysis of our CrossVid dataset. It consists of 4 high-level dimensions and 10 specific tasks, covering a
wide range of video durations and video sources of 7 primary categories and 32 genres.

level dimensions are further divided into 10 distinct tasks,
which are shown in Figure 3a.

Besides, CrossVid encompasses 32 various genres in Fig-
ure 3b, fully capturing representative CVR scenarios en-
countered in the real world. Furthermore, CrossVid features
a hierarchical distribution of video duration per query, rang-
ing from 1 minute to over 1 hour, which is presented in Fig-
ure 3c. More statistical analysis and details of the tasks in
CrossVid can be found in the Appendix.
Comparison with previous benchmarks Table 1 sum-
marizes the characteristics of existing VQA benchmarks.
Compared with previous single-video understanding bench-
marks, CrossVid innovatively introduces multi-video in-
put and cross-video understanding. Compared with current
multi-view benchmarks, CrossVid significantly extends the
types of tasks, the formats of questions, and the applica-
tion scenarios. Therefore, CrossVid is the first benchmark
comprehensively evaluating MLLMs’ CVR capability with
a wide coverage of tasks and question formats.

Data Annotation
We design a semi-automated multi-stage pipeline to con-
struct CrossVid. The overall process is shown in Figure 4.
Frame Caption We first densely extract frames from the
source video and leverage Qwen2.5-VL-72B (Bai et al.
2025) to generate concise captions for each extracted frame.
In order to enrich the contextual information for the caption,
we also incorporate metadata from the original datasets (e.g.,
plot summaries, scene descriptions, and action labels) during
the generation process.
QA Generation Firstly, we manually assign the most suit-
able videos to the predefined tasks. For example, cook-
ing videos inherently comprise multiple sequential steps,
making them appropriate for temporal understanding tasks.
More details about the assignment process can be found in

the Appendix. Subsequently, for each task, videos are clus-
tered into different sets based on their labels in the original
datasets. Videos sharing the same labels (e.g. , the same film
genre in MovieChat-1K or the same recipe in YouCook2) are
grouped together. We then randomly sample from the same
set the number of videos required for each question, and pro-
vide their frame-level captions to DeepSeek-R1 (Guo et al.
2025b) for automatic QA generation. We strictly retrieve
videos from the same set to ensure strong semantic relevance
and comparability across videos. For each task, we design
a customized prompt comprising three key components: 1)
The prompt explicitly instructs DeepSeek-R1 to analyze the
relationships among all given videos. 2) The prompt guides
DeepSeek-R1 to generate QA pairs that are closely aligned
with the specific requirements of the task (e.g., behavioral
understanding tasks may prioritize comparison of action pat-
terns and aims). 3) The prompt requires DeepSeek-R1 to
provide a detailed explanation to support the correctness of
its answer. Such prompts reduce DeepSeek-R1’s hallucina-
tions during the QA generation process and enhance the reli-
ability of the generated QA pairs. Furthermore, this ensures
that the generated QA pairs are challenging and require per-
forming integrative reasoning across multiple videos.
Data Filtration To ensure data quality, we conduct a rig-
orous manual review with ten expert annotators. During
this coarse filtering stage, we sequentially eliminate unsuit-
able QA pairs through three steps. First, we filter out ques-
tions unrelated to video understanding. Then, we exclude
questions referencing only specific queried videos (e.g., “In
video three, what color is the car?”). Finally, we discard sub-
jective or overly complex questions, such as those requiring
philosophical reasoning or domain-specific expertise.
QA Refinement The retained QA pairs then undergo re-
finement consisting of three steps: 1) Annotators revise the
questions to eliminate ambiguities. 2) Each annotator then
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QA 
Refinement 

QA
Generation

A man holding 
a young girl in 
his arms ... 

A woman with 
long hair is ...

Frame
Caption

Video Pool

Narrative Comprehension     Functional Step Alignment 
Procedural Error Analysis      Behavioral Understanding

···

. . .

Ta
sk

Po
ol

Caption Pool

···

Question: In which 
video is a vehicle's role 
least critical to the main 
conflict?

Options: 
  A. Video 1
  B. Video 2
  C. Video 3
  D. Video 4

Answer: D
Rationale: Video1’s man 
uses gun threats, while 
Video2’s captain faces ...

Paired-QA Pool

···

Data
Filtration

Filtered Paired-QA Pool

Q: In video 3, what color is the car?

Q: Which shows free will of animals?

Refined Paired-QA Pool
    Ambiguity check

Curated Paired-QA Pool

Quality
Control

Q: What is crucial to make salad? 
non-video

partial reference

subjective

Q: Which is common in all videos? 
A: Foraging. verified

   Answer refinement

   Sequence realignment

Video Assignment

Figure 4: Illustration of the CrossVid annotation pipeline. The process consists of the following main stages: (1) Frames are
extracted from videos and captioned by Qwen2.5-VL-72B; (2) Deepseek-R1 generates QA pairs using task-specific prompts;
(3) The QA pairs undergo rigorous human quality review, including data filtering, refinement, and quality control.

answers questions without consulting DeepSeek R1’s out-
puts or explanations. 3) Based on the annotators’ responses,
task-specific refinements are further conducted. Specifically,
for single- and multi-choice questions, both ground truths
and other false options are refined to ensure unique cor-
rectness. For the functional step sequencing task in tem-
poral understanding, we address potential shortcut learning
(reliance on camera angle continuity) by temporal realign-
ment, i.e., each preceding clip is advanced by 1-5 seconds
while equivalent offsets delay subsequent clips. Such a strat-
egy creates intentional discontinuity in visual features across
clip boundaries, forcing models to infer temporal relation-
ships through semantic content rather than low-level consis-
tency. For open-ended questions, annotators check whether
the scoring points align with the generated standard answer
and cover all key information related to the question.

Quality Control At the quality control step, an indepen-
dent group of experts further assesses the refined paired QA
pool and forms the curated pool. These processes are con-
ducted via our designed interface, shown in the Appendix.

Through this semi-automated pipeline, a large number
of high-quality QA pairs are generated. More importantly,
our curation process ensures that each QA pair is built on
meaningful inter-video relationships and requires integrative
CVR. This meets the objectives of our CrossVid.

Experiments and Analysis
We conduct a comprehensive evaluation of existing MLLMs
on CrossVid. In this section, we first describe experimental
settings, followed by a detailed analysis of model perfor-
mance. We then present ablation studies and key findings.

Experimental Settings
We evaluate 22 MLLMs on CrossVid, including both closed-
source models (e.g., GPT-4.1 and Gemini-2.5-Pro) and a
wide range of open-source models (e.g., Qwen2.5-VL, In-
ternVL3) with parameter sizes spanning from 7B to 78B.
Other architectures, like Mixture of Experts (MoE), are also

included. For video pre-processing, we evenly distribute the
total number of frames across all input videos and uniformly
sample frames within each video. For each QA pair, the
frames of all videos and the question prompt are simulta-
neously input into the MLLM in one turn. We adopt a zero-
shot strategy and require the MLLMs to give their answers
directly. Inference on open-source models is conducted ac-
cording to their official implementations, whereas closed-
source models are accessed via their official APIs. We report
accuracy as our evaluation metric. More details of the imple-
mentation and evaluation can be found in the Appendix.

Main Results
We present the performance of MLLMs on CrossVid, in-
cluding the accuracy for each task, the average accuracy of
each dimension, and the overall average on all tasks, in Ta-
ble 2. Based on these, we highlight three main observations:
1) CVR is challenging for existing MLLMs. The average
performance of all MLLMs is notably lower than the human
performance of 89.2%. Even the best-performing MLLM,
Gemini-2.5-Pro, only achieves an overall average accuracy
of 50.4%. Notably, MLLMs perform worse than humans
on multi-view reasoning, a task focusing on spatial reason-
ing. Specifically, the leading MLLM, InternVL3-8B, only
achieves an average accuracy of 40.7%, while humans reach
93.7%. The gap between MLLM and humans becomes even
larger in temporal understanding. For example, on the step
alignment task, Gemini-2.5-Pro with the highest accuracy
achieves only 13.4% versus 85.2% for humans. These re-
veal critical limitations in existing MLLMs’ capability for
both temporal and spatial understanding in CVR.
2) Closed-source MLLMs substantially outperform
open-source counterparts. All closed-source MLLMs ob-
tain higher overall average accuracies than open-source
MLLMs, and the advantage of closed-source MLLMs is
much more prominent on several crucial tasks. Notably, for
temporal understanding, closed-source MLLMs consistently
outperform open-source MLLMs. The closed-source GPT-
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Models O.Avg Comparative Analysis Temporal Understanding Multi-view Reasoning Free-form

BU NC CC PEA C.Avg PI FSA PSS T.Avg MSR MOC M.Avg CCQA

Human 89.2 85.6 92.3 90.7 83.9 88.1 91.6 85.2 89.9 88.9 93.2 94.2 93.7 85.2

Closed-Source Models
GPT-4.1 (2025) 45.2 46.2 34.6 58.5 51.2 47.6 70.9 8.6 60.5 46.7 38.6 38.2 38.4 44.6
GPT-4o (2024) 36.8 38.2 34.3 50.7 49.1 43.1 57.8 9.1 39.7 35.5 15.3 39.4 27.4 34.2
Doubao-1.5-VL-pro (2025a) 44.3 51.2 58.1 69.5 36.4 53.8 66.9 4.6 36.8 36.1 37.4 32.0 34.7 50.1
Gemini-2.5-Pro (2025) 50.4 54.2 51.8 68.7 44.1 54.7 76.5 13.4 78.2 56.0 32.0 25.3 28.7 59.8

Open-Source Models ∼ MoE
Kimi-VL-A3B-Thinking (2025) 28.2 29.4 33.3 36.8 34.0 33.4 40.6 3.8 9.2 17.9 28.4 36.9 32.7 29.2
ERNIE-4.5-VL-A3B (2025) 24.8 12.6 28.2 24.2 36.4 25.4 52.6 4.0 2.4 19.7 29.6 35.3 32.5 22.5

Open-Source Models <10B
Qwen2.5-VL-7B (2025) 18.3 19.6 19.0 23.4 15.0 19.3 58.6 1.2 0.3 20.0 11.8 21.7 16.8 12.0
InternVL3-8B (2025) 25.6 15.2 22.8 24.3 42.1 26.1 56.2 3.2 1.5 20.3 34.0 47.3 40.7 9.7
LongVA-7B-DPO (2024a) 18.0 16.2 20.6 18.2 39.0 23.5 18.7 2.1 1.8 7.5 24.2 28.4 26.3 10.7
VideoLLaMA3-7B (2025) 15.3 14.7 19.5 22.2 26.6 20.8 11.6 5.1 3.5 6.7 18.7 20.8 19.8 9.8
Qwen2.5-Omni-7B (2025) 24.6 27.5 26.0 32.7 20.4 26.7 60.2 0.4 4.1 21.6 23.2 36.0 29.6 15.3
Phi-3.5-vision (2024) 21.5 18.3 22.0 21.8 41.5 25.9 46.2 1.2 4.1 17.2 28.4 26.7 27.6 4.3
MiniCPM-O 2.6 (2024) 25.6 20.3 21.8 20.1 42.6 26.2 72.1 2.9 4.1 26.4 27.1 35.7 31.4 9.0
MiMo-7B (2025) 28.3 22.3 30.6 39.2 32.8 31.2 54.6 2.8 11.6 23.0 25.8 41.3 33.6 22.0
Video-R1-7B (2025) 21.6 14.7 23.0 19.9 16.3 18.5 77.3 1.9 1.5 26.9 19.4 34.4 26.9 8.0
GLM-4.1V-9B-Thinking (2025) 35.1 49.8 39.9 50.6 38.6 44.7 50.2 5.1 14.1 23.1 36.7 38.9 37.8 26.9

Open-Source Models ∼30B
Qwen2.5-VL-32B (2025) 33.7 31.4 39.5 48.6 33.7 38.3 65.7 5.1 8.7 26.5 23.7 39.6 31.7 41.2
InternVL3-38B (2025) 23.5 15.9 33.7 33.6 27.9 27.8 24.3 4.5 1.5 10.1 40.4 36.8 38.6 16.2

Open-Source Models ∼70B
Qwen2.5-VL-72B (2025) 34.4 37.7 38.5 52.6 39.6 42.1 61.8 5.9 20.0 29.2 20.9 26.0 23.5 41.2
InternVL3-78B (2025) 25.8 27.1 29.4 33.1 42.7 33.1 37.5 4.9 4.4 15.6 22.9 33.2 28.1 23.2
LLaVA-Video-72B (2024b) 27.5 26.5 26.5 34.0 48.7 33.9 51.8 3.2 11.1 22.0 26.8 29.0 27.9 17.8
LLaVA-OV-72B (2024a) 27.5 22.1 23.3 29.2 37.0 27.9 74.1 8.8 5.0 29.3 25.9 35.0 30.5 14.6

Table 2: Performance of 22 evaluated MLLMs on CrossVid. O.Avg: the average accuracy of ten tasks. C.Avg: the average
accuracy of comparative analysis; T.Avg: the average accuracy of temporal understanding; M.Avg: the average accuracy of
multi-view reasoning. The top result in each task is highlighted in bold.

4o with the lowest score achieves an average accuracy of
35.5%, which is still 6.2% higher than the leading open-
source model LLaVA-OV.
3) “Thinking” -enabled models demonstrate perfor-
mance gains. Among closed-source models, those featuring
explicit reasoning modules (e.g., Gemini-2.5-Pro) consis-
tently achieve the highest overall and per-task accuracies. In
the 10B parameter group, the top two models are thinking-
enabled GLM-4.1V-9B-Thinking (35.1%) and MiMo-7B
(28.3%), which outperform the third best by margins of
9.5% and 2.7%, respectively. Therefore, internal “think-
ing” mechanism allows models to better structure multi-step
reasoning processes, which contributes to enhanced perfor-
mance on complex cross-video tasks.

Ablation Study
We conduct ablations to better understand MLLMs’ perfor-
mance on CVR and present more insights.

Impact of frame number
The number of input frames determines the amount of visual
information available to the model for reasoning. To assess

its impact, we evaluate Qwen2.5-VL-72B on CrossVid using
32, 64, 128, and 256 total input frames. For settings with
fewer than 256 frames, frames are uniformly sampled from
the full set of 256 frames. Results are reported in Table 3.

It can be observed that increasing the number of in-
put frames generally improves model performance. The im-
provements are most pronounced in tasks that require com-
prehensive context, such as comparative analysis and free-
form QA. For Qwen2.5-VL-72B, the overall accuracy in-
creases by 5.7% (from 33.8% to 39.5%) as frame count
rises from 32 to 256, with even larger improvements (up to
15.1%) observed on the open-ended CCQA task.

With more frames, the model can access richer visual in-
formation, which is crucial for answering cross-video ques-
tions requiring precise details. For instance, when answer-
ing an open-ended question to tell the difference between
cooking methods in two videos, the model can only iden-
tify superficial actions at 32 frames. When increasing the
frame count to 64, the model is able to distinguish specific
core techniques. At 256 frames, its analysis became granular
enough to recognize secondary ingredients.

However, excessive irrelevant frames may introduce
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noise, which leads to information redundancy and distracts
the model with irrelevant content. For example, when solv-
ing a plot inference problem with the beginning and ending
of a war film, the model correctly identifies the key events
(e.g., a troop convoy and a negotiation scene) with lower
frame counts like 32 and 64. However, as more frames are
provided, irrelevant atmospheric information (e.g., generic
shots of injured soldiers) distracts the model from the pri-
mary causal chain, leading to the incorrect answer based on
broad military planning associations.

These findings provide guidance for future advancements
on CVR. On one hand, expanding the model’s context win-
dow allows it to perceive more information; On the other
hand, key frame selection helps to filter out irrelevant clues
and make models concentrate on core information.

#Frames O.Avg C.Avg T.Avg M.Avg CCQA

32 33.8 37.0 33.8 35.1 18.9
64 36.9 39.8 37.4 35.9 25.9

128 39.1 45.7 34.5 36.4 32.0
256 39.5 47.5 33.9 34.9 34.0

Table 3: Comparison results of performance under different
numbers of input frames.

Effectiveness of CoT prompts
Previous results show that internally thinking-enabled
MLLMs outperform their counterparts. To assess the ef-
fectiveness of Chain-of-Thought (CoT) on non-thinking
MLLMs, we design prompts to explicitly require a three-
stage process: 1) comprehend the question, 2) analyze the
frames for each input video, and 3) aggregate information
from all videos before answering. Details of prompts can be
found in the Appendix. MLLMs are required to output each
step of their reasoning process. We conduct experiments on
GPT-4.1 and three other open-source MLLMs in different
parameter size groups. We keep the frames for each MLLM
the same as the previous direct answering strategy.

Table 4 shows the performance comparison with and
without CoT prompting. For most MLLMs, CoT brings per-
formance gains on temporal understanding and multi-view
reasoning tasks. This indicates that CoT facilitates more sys-
tematic reasoning across videos on both temporal and spa-
tial understanding tasks. Notably, CoT prompting does not
consistently improve accuracy on each task, whereas open-
source MLLMs with more parameters exhibit larger over-
all performance gains. This suggests that larger MLLMs are
more capable of benefiting from prompt-based optimization.

Error Analysis
To further examine the CVR capabilities of current MLLMs
and better understand their limitations, we manually analyze
the errors in their reasoning steps and identify four primary
error types. The percentage and detailed examples for each
error are presented in the Appendix.

(a) Key frame loss: Compared with previous single-
video understanding, our tasks require multiple videos to be

Method O.Avg C.Avg T.Avg M.Avg CCQA

GPT-4.1
w/o CoT 45.2 47.6 46.7 38.4 44.6
w/ CoT 44.9 46.7 48.2 40.4 36.7

MiniCPM-o 2.6
w/o CoT 25.6 26.2 26.4 31.4 9.0
w/ CoT 23.7 26.7 18.7 33.3 7.2

InternVL3-38B
w/o CoT 23.5 27.8 10.1 38.6 16.2
w/ CoT 24.4 26.3 16.7 35.2 18.0

Qwen2.5-VL-72B
w/o CoT 34.4 42.1 29.2 23.5 41.2
w/ CoT 39.5 47.5 33.9 34.9 34.0

Table 4: Comparison of performances with and without CoT
prompting.

input simultaneously, which reduces the number of frames
for each video. This may result in the loss of core informa-
tion. As a result, MLLMs may fail to obtain the necessary
information to answer the question and thus provide incor-
rect answers.

(b) Video understanding error: In this type of error,
although MLLMs capture the key information from each
video, they still might fall short in cross-video understand-
ing. Since their analysis of individual videos might be insuf-
ficient due to the requirement of simultaneously processing
multiple videos, the failure to understand any single video
leads to errors in multi-video understanding as a whole.

(c) Cross-video comparison error: Although MLLMs
are capable of correctly understanding each individual
video, they may still struggle with cross-video comparison.

For example, when the MLLM is asked to identify the
hug in which film represents the crisis resolution, the MLLM
successfully identifies the hugs in all videos in the group but
fails to reason and compare their meanings in the context.

(d) Format error: CrossVid contains tasks requiring spe-
cific output formats, e.g., a time interval with both beginning
and ending timestamps in the functional step alignment task.
However, some MLLMs might fail to accurately follow the
specific instructions or constraints described in the prompt,
resulting in the failure of answer extraction.

Conclusion
We present CrossVid, the first comprehensive benchmark
for evaluating MLLMs on CVR. CrossVid is constructed
through a semi-automated pipeline and strict multi-stage
quality control, resulting in 10 diverse tasks spanning 4
key reasoning dimensions. Our experimental evaluation of
22 frontier MLLMs reveals significant challenges in CVR,
with the best model (Gemini-2.5-Pro) achieving only mod-
erate performance far below human levels. Extensive abla-
tion studies and error analyses provide deep insights into the
limitations of current models. We hope CrossVid will serve
as a valuable resource to drive advances in multi-video un-
derstanding and robust, generalizable visual reasoning.
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