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Abstract

Existing video benchmarks often resemble
image-based benchmarks, with question types
like "What actions does the person perform
throughout the video?" or "What color is the
woman’s dress in the video?" For these, models
can often answer by scanning just a few key
frames, without deep temporal reasoning. This
limits our ability to assess whether large vision-
language models (LVLMs) can truly think with
videos rather than perform superficial frame-
level analysis. To address this, we introduce
GLIMPSE, a benchmark specifically designed
to evaluate whether LVLMs can genuinely
think with videos. Unlike prior benchmarks,
GLIMPSE emphasizes comprehensive video un-
derstanding beyond static image cues. It con-
sists of 3,269 videos and over 4,342 highly
visual-centric questions across 11 categories,
including Trajectory Analysis, Temporal Rea-
soning, and Forensics Detection. All questions
are carefully crafted by human annotators and
require watching the entire video and reasoning
over full video context—this is what we mean
by thinking with video. These questions can-
not be answered by scanning selected frames
or relying on text alone. In human evaluations,
GLIMPSE achieves 94.82% accuracy, but cur-
rent LVLMs face significant challenges. Even
the best-performing model, GPT-03, reaches
only 66.43%, highlighting that LVLMs still
struggle to move beyond surface-level reason-
ing to truly think with videos. We publicly
release our benchmark and code at https:
//github.com/aiming-1lab/GLIMPSE.

1 Introduction

The rapid advancement of large vision-language
models (LVLMs) has enabled sophisticated tasks
involving both visual and textual understand-
ing, such as image and video comprehension.
Models like GPT-40, 03 (OpenAl, 2024), Gem-
ini (Team et al., 2023), and several open-source
video LVLMs (Lin et al., 2023; Zhang et al., 2024;
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Figure 1: LVLMs without reasoning ability struggle
with complex video question answering.

Wang et al., 2024a; Zhang et al., 2023; Yang et al.,
2025; Xu et al., 2024) show strong performance
on video understanding and instruction-following
tasks. They also perform well on established video
benchmarks (Cai et al., 2024; Mangalam et al.,
2023; Yu et al., 2019; Xiao et al., 2021; Fu et al.,
2024; Yu et al., 2025; Patraucean et al., 2023;
Kesen et al., 2023; Li et al., 2024b; Saravanan
et al., 2025; Li et al., 2022). However, current
benchmarks have notable limitations: many include
image-level questions answerable from a single
frame (Cai et al., 2024; Li et al., 2024b; Saravanan
et al., 2025; Li et al., 2022), and they often lack
diversity in video content and types, limiting a com-
prehensive assessment of whether LVLMs can truly
think based on video. For example, in Figure 1, a
video where sequential actions occur (e.g., a person
skating around an ice rink, moving out of frame
and then back into frame), the model can often an-
swer questions like "What is the person doing?" by
identifying the general activity as "skating in cir-
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1: "A man first took out a paper box,
then put the phone back in his pocket.”
A)Yes  B)No

Q2: "Did a man put the phone back in his pocket Multi-
before taking out a paper box?,

A)Yes B)No

Q: "What did the robot do?"

A) Activate the magnetic field.

Object
Interaction

B) Walk away without doing anything.
C) Press its own side of the timer.
D) Tumn off itself.
Q: "From the perspective of the ground,
is the direction of movement and the
orientation of the camera always different
A in the horizontal direction?"
A) Yes, always.  B) No, not necessarily.
C) Unknowable. D) Sometimes.

Cinematic

Q: "How is the speed of the person
extracting liquid?"
A) Brisk pace. B) Rapidly.
) Slowly. D) High-speed.
I Q: "What suggests algorithmic influence in
"\ digital video of natural elements?"
>
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Q: "What's the initial action between robot and object?"

A) Pulled to target B) Pushed to target q: "as the bottle
C) Pushed away D) No interaction

A) Unrealistic matter movement B) Unnatural human motion
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continuously rotated more than 2 turns?" &
A) Yes, more than 2. B) No rotation at all
C) Yes, one turn. D) Less than 2 times.
Q: "Did the positions of the camera

and water/rocks change?"

A) Constant distance. B) Gradually tilted
C) Circled around rocks. D) Moving away.

Q: "Did the person wash or sanitize their
hands?"

A) Yes, washed hands.  B) No, did not wash.
C) Used hand sanitizer. D) Only wore gloves.

2 A) On a sunny day, despite considerable clouds.

B) It's a sunny day, with minimal cloud obstruction.
C) A sunny day, yet a thick layer of cloud casts a shadow.
D) The sky is dense with numerous cumulus clouds

A= 0: "How many times did the
person look at another person?
A) 2times.  B) 3 times

C) 1 time. D) 4 times.
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Figure 2: GLIMPSE categorizes visual-centric questions in video data into 11 distinct types, with representative
examples from each category illustrated in the figure. Human-annotated questions and answers are reformatted into
multiple-choice format for LVLMs. To reduce bias, yes/no questions are presented bidirectionally, requiring correct

answers in both directions to be considered accurate.

cles," but this fails to test true video understanding.
For instance, the model cannot determine whether
the person moves closer to or farther from the cam-
era first, which requires temporal reasoning across
multiple frames.

To address these limitations, this paper proposes
GLIMPSE (Figure 2), a new video benchmark de-
signed to evaluate the video understanding capabil-
ities of LVLMs. Compared to other video bench-
marks (Li et al., 2024a; Ning et al., 2023; Li et al.,
2023c; Liu et al., 2024c; Li et al., 2024b; Sara-
vanan et al., 2025; Li et al., 2022), it leverages
the temporal characteristics of 3,269 video data
and manually annotates 4,342 high-quality visual-
centric question pairs across 11 different scenarios.
Specifically, GLIMPSE challenges models to truly
think with videos rather than perform simple under-
standing, featuring the following characteristics:

Emphasis on deep reasoning content. Unlike
static images, videos contain dynamic information
across temporal and spatial dimensions. We man-
ually selected videos with multiple dynamic enti-
ties, diverse movements, and complex positional
changes that require comprehensive cross-frame
analysis. We then constructed questions demand-
ing deep, multi-faceted reasoning rather than super-
ficial pattern recognition. For example, as shown
in Figure 2, in the "Forensic Authenticity Analy-
sis" category, the question "What suggests algorith-
mic influence in digital video of natural elements?"
requires models to detect subtle inconsistencies

in frame transitions and identify artificial back-
grounds through detailed analysis. This challenges
models to truly think with videos by integrating
spatial relationships, temporal sequences, and con-
textual understanding to uncover complex visual
anomalies.

Finer-grained categorization. Our benchmark
spans 11 categories focused on video-specific vi-
sual tasks, including trajectory analysis, temporal
reasoning, quantitative estimation, event recogni-
tion, sequential ordering, and scene context aware-
ness. To enhance coverage, we also include ve-
locity estimation, cinematic dynamics, forensic
authenticity analysis, robotics action recognition,
and interaction analysis, ensuring GLIMPSE remains
comprehensive for evaluating text-to-video genera-
tion and embodied environments.

In addition to these major characteristics, to fur-
ther facilitate automated evaluation and reduce bi-
ases during the assessment process, we structured
the questions in a multiple-choice format. For
yes/no-type questions, we created paired questions
by reversing the order of actions or subjects. For
example, "Does the person in the video open the
cabinet before turning on the light? Answer: yes"
is paired with "Does the person in the video turn
on the light before opening the cabinet? Answer:
no". The model is considered correct only when it
answers both questions in the pair accurately.

Using GLIMPSE, we conducted a compre-
hensive evaluation of several state-of-the-art
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LVLMs, including GPT-40, 03 (OpenAl, 2024),
Gemini-1.5 (Team et al., 2024), along with
open sourece LVLMs like VideoLLaVA (Lin
et al., 2023), LLaVA-NeXT-Video (Zhang et al.,
2024), Video-LLaMA (Zhang et al., 2023),
Video-LLaMA?2 (Cheng et al., 2024),Chat-Uni Vi-
V1.5 (Jin et al., 2024) and Qwen2-vl (Wang et al.,
2024a). As a comparison, we also conducted
experiments on LVLMs (Liu et al., 2024a; Ye
et al., 2024; Bai et al., 2023) fine-tuned on image-
based instruction data to demonstrate that the tasks
in GLIMPSE cannot be effectively answered using
single-frame images. We found that the most ad-
vanced LVLMs, Gemini-1.5 pro (Team et al., 2024),
achieved an accuracy of only 56.98% on GLIMPSE,
significantly lower than the average score 94.82%
of human volunteers on a randomly sampled subset.
Among the open-source models fine-tuned on video
datasets, the best-performing model, Qwen2-VL,
also achieved only 52.47% accuracy. Furthermore,
the best-performing image-based LVLMs, LLAVA-
1.5, achieved an accuracy of 37.48%, indicating
that relying solely on single-frame or multi-frame
image data in a single modality is insufficient for
effectively utilizing and capturing the temporal in-
formation in video data. Additionally, we observed
that LVLMs perform worse on videos with longer
average lengths, highlighting that current LVLMs
struggle to handle long video sequences effectively.
The issues exposed by these findings provide guid-
ance for the subsequent optimization of the model.

2 Related Work

Large Vision Language Models. Large language
models (LLMs) (OpenAl, 2023; Touvron et al.,
2023; Taori et al., 2023; Chiang et al., 2023) have
demonstrated impressive text comprehension ca-
pabilities. With the integration of visual compo-
nents (Ye et al., 2024; Zhu et al., 2023; Liu et al.,
2023b; Qu et al.; Zhou et al., 2024; Wang et al.,
2024b), these text models have gained the ability
to understand multimodal data, allowing them to
interpret real-world images. Notable examples in-
clude commercial models like GPT-4V (OpenAl,
2023) and Gemini-1.5 (Team et al., 2024), as well
as open-source models such as LLaVA-1.5 (Liu
et al., 2024a), Qwen-VL (Bai et al., 2023), and
mPlug-Owl (Ye et al., 2023). The development of
LVLMs has expanded their capabilities from static
image understanding to complex video comprehen-
sion. Early work, such as VideoChat (Li et al.,
2023b) and Video-ChatGPT (Maaz et al., 2023),
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Figure 3: Distribution of categories in the GLIMPSE
benchmark. Our benchmark covers 4 key domains and
11 detailed visual-centric question types.

integrated visual encoders with language models,
laying the foundation for video-based multimodal
dialogue. Subsequent research introduced improve-
ments (Zhang et al., 2023; Jin et al., 2023; Ren
et al., 2024; Song et al., 2024; Liu et al., 2023a),
including the addition of audio modalities, joint
training on images and videos, and optimization of
feature alignment.

Video Understanding Benchmarks. Benchmark-
ing efforts have increasingly extended from static
images to the video domain, where temporal dy-
namics and content complexity demand new evalu-
ation approaches. Early work like SEED-Bench (Li
et al., 2023a) supports multimodal evaluation for
both image and video QA, including temporal mod-
eling dimensions. AutoEval-Video (Chen et al.,
2023) and Video-Bench (Ning et al., 2023) are
specifically designed for video scenarios and gen-
erate video QA data using LLLMs. MVBench (Li
et al., 2024a) introduces an innovative approach by
repurposing existing datasets for LVLMs evalua-
tion. ET-Bench (Liu et al., 2024b) targets com-
plex, multi-event, time-sensitive tasks to assess
temporal and contextual understanding. Despite
this progress, no existing benchmark specifically
targets high-quality, vision-centric video QA. To
address this gap, this paper introduces GLIMPSE, a
benchmark focused on evaluating LVLMs’ visual
perception and reasoning in video contexts.

3 The GLIMPSE Benchmark

3.1 Overview

In this section, we introduce GLIMPSE, a bench-
mark focused on visual-centric content. By "visual-

27844



1184

&

93

5

4
478
302
150 136
31
14
10 o .
4
Hw
Il

Figure 4: Video length distribution, with the horizontal
axis showing duration and the vertical axis indicating
the number of videos per range.

centric,” we refer to content where understanding
requires comprehensive analysis of dynamic vi-
sual elements across multiple frames, such as track-
ing object movements, analyzing complex inter-
actions, and interpreting evolving spatial arrange-
ments, rather than relying on superficial glimpses
or single-frame observations. This benchmark chal-
lenges models to truly think with videos through
sustained analytical engagement. As shown in
Figures 2 and 3, GLIMPSE comprises a total of
3,269 carefully selected video instances and 4,342
unique questions, all manually constructed. An-
swering each question requires a comprehensive
understanding of the video. Based on the tempo-
ral characteristics of video data, we categorize the
questions into 11 subcategories.

3.2 Dataset Curation

The data curation process of the GLIMPSE dataset
consists of three key steps: video collection,
question-answer annotation, and quality review.
Each step is designed to ensure comprehensive
coverage and high-quality representation across
various categories in our benchmark, while also
making certain that each question is visual-centric
and closely aligned with the benchmark’s theme.
We detail the process as follows:

Video Collection. To annotate visual-centric QA
pairs, we first select a comprehensive set of dy-
namic videos covering a wide range of types. We
began by identifying the visual content of interest
in each video, categorizing it into 11 key areas: (1)
Trajectory Analysis: This task focuses on ana-
lyzing the trajectory or path of objects within the
video, involving an understanding of movement
direction, displacement over time, and overall mo-
tion patterns. The model needs to comprehend the
video, identify the objects to be tracked, and make
integrated judgments based on the video’s context.
This helps evaluate the model’s fine-grained recog-
nition and temporal reasoning abilities. (2) Tempo-
ral Reasoning: Involves understanding the timing

and sequence of events. Although previous bench-
marks, such as (Fu et al., 2024; Li et al., 2024a;
Liu et al., 2024b; Ning et al., 2023), have explored
similar tasks, they mostly focus on locating a single
action, object, or event (e.g., asking when an object
appears). In contrast, GLIMPSE aims to provide a
more visually-centric evaluation by asking about
the temporal order of events, such as whether a spe-
cific event occurred before another. This approach
effectively assesses the model’s temporal reason-
ing ability. (3) Quantitative Estimation: This task
involves estimating quantities such as distances or
counts within the video, adapted from quantitative
tasks in image modalities. In GLIMPSE, we focus on
dynamic events—for example, counting how many
times a person performs a specific action or how
many times an animal appears and disappears. An
example question could be, "How many times did
the dog and the person clap hands in the video?"
This type of question emphasizes the model’s abil-
ity to understand and track dynamic information
in video content. (4) Event Recognition: This
task aims to determine whether events occur in the
video and their sequence relative to other events, as-
sessing the model’s understanding of video content
and temporal relationships, especially in scenarios
where multiple events happen sequentially. The
model must accurately identify events and the logi-
cal order between them. (5) Reverse Event Infer-
ence: Determines the correct sequence of events or
actions, reconstructing the event flow from partial
information. (6) Scene Context Awareness: Un-
derstands changes in the background of the scene
in the video (e.g., location or setting). This task
evaluates the model’s spatial understanding and
context recognition abilities. For example, "How
do the traffic lights change throughout the video?"
(7) Velocity Estimation: Calculates the relative
speed of moving objects, analyzing their displace-
ment over time. For example, "How does the speed
of the black and white horses change?" (8) Cine-
matic Dynamics: This task focuses on identify-
ing camera motion in video footage, presenting a
unique challenge. The model needs to fully un-
derstand both the foreground and background of
the video and analyze their movement in relation
to each other to determine the style of camera mo-
tion. For example, "How does the camera move
throughout the video?" (9) Forensic Authentic-
ity Analysis: By collecting and generating some
fake video data using text-to-video models (Podell
et al., 2023), we can then use this data for evalu-
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ation to test whether current models can identify
fake videos. This approach effectively verifies the
model’s ability in assessing video authenticity. (10)
Robotics Evaluation: Identifies actions performed
by robots, such as grasping, moving, and assem-
bling, to assess the stability, success, and effective-
ness of various robotic tasks. (11) Multi-Object
Interaction: Focuses on analyzing the interactions
between multiple objects or entities (such as robots,
people, animals, or specific items) within a given
scenario, including actions like physical contact,
collaboration, or conflict. For instance, "What did
the person do with the box when they approached
it in the final scene of the video?"

After defining the categories, we carefully se-
lected and collected high-quality video resources
that meet the specific requirements of each cate-
gory to ensure comprehensive coverage across the
benchmark. For event recognition, we extracted
and reconstructed data from ShareGPTVideo (Chen
et al., 2024a). Robotics action recognition in-
cluded videos sourced from the PushT dataset (Chi
et al., 2024) and Cable Routing (Luo et al., 2023).
For temporal reasoning, we chose videos from
Ego4D (Grauman et al., 2022) and Pexels'. Quan-
titative estimation and velocity estimation tasks
utilized selected videos from Panda-70m (Chen
et al., 2024b). The remaining videos were curated
from Pexels and PixabayZ. Additionally, to avoid
excessive complexity in the testing tasks and main-
tain reference value, we controlled the length of
the selected videos to be between 20 seconds and
2 minutes. The final dataset includes 3,269 videos
with a balanced distribution of video lengths, as
shown in Figure 4.

Question-answer Annotation. After collecting
the raw video data, we manually annotated high-
quality question-answer pairs to evaluate the abil-
ity of LVLMs in interpreting video content. To
facilitate the annotation process, we enlisted re-
searchers proficient in English to create open-ended
questions and answers. Specifically, the anno-
tators first watched the entire video and, by re-
watching as needed, generated 1-3 questions per
video. For easier testing, we then used GPT-40 API
to convert these open-ended question-answer anno-
tations into a multiple-choice format suitable for
automated evaluation. For yes/no-type questions,
such as those in the "temporal reasoning" category,

"https://www.pexels.com/
https://pixabay.com/

we aimed to reduce bias during evaluation (e.g.,
random guessing with a 50% accuracy rate). To
address this, we used the GPT API to construct
bidirectional question pairs, as exemplified in the
"temporal reasoning" samples shown in Figure 2.
For example, we initially manually annotated the
question-answer pair as: Q1: "A man first took
out a paper box, then put the phone back in his
pocket." A) Yes B) No. Then we used GPT-40 API
to modify it into a reverse question-answer pair:
Q2: "Did a man put the phone back in his pocket
before taking out a paper box?" A) Yes B) No. The
specific prompts used can be found in Appendix
A. Only when LVLMs answered both questions
correctly was the response considered accurate.
Quality Review. To ensure the quality of the
dataset and confirm that the manually constructed
questions and selected videos are indeed visual-
centric, we implemented a rigorous manual review
process. First, different annotators were assigned
to check each question-answer pair to ensure that
each question is well-defined and answerable based
on the video content. For example, questions like
"What is the approximate speed of the vehicle in the
video?" lack a clear answer and are removed during
screening. We also ensured that each question re-
quired understanding of the entire video rather than
a single frame. For example, questions like "What
is the weather in the video?" could be answered
with just one frame, so similar questions were fil-
tered out during the review process. Through an-
notation, manual selection and quality review, we
ultimately collected a total of 4342 high-quality
question-answer pairs. Detailed examples can be
found in Appendix B.

4 Experiment

GLIMPSE systematically evaluates the understand-
ing and perception capabilities of existing LVLMs
on video data. In this section, we aim to address the
following key questions: (1) Can current LVLMs
truly think with video content and answer questions
accurately? (2) How large is the gap between cur-
rent LVLMs and human performance in understand-
ing video content? (3) Do the evaluated LVLMs
show a preference for a certain field?

4.1 Experiment Setup

Baseline Models. We first tested (1) three com-
mercial LVLMs: GPT-40, 03 (OpenAl, 2024),
Gemini 1.5 Flash, and Gemini 1.5 Pro (Team
et al., 2024) on the GLIMPSE benchmark; (2) eval-
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Models | TA TR QE ER REI SCA VE CD FAA RE MOI Avg
Random | 2360 2540 23.92 2432 1639 2563 2518 2431 27.08 2353 2258 24.14
Open-source Image LVLMs: All models use a randomly sampled single frame as input.
mPLUG-OWL2 (7B) 39.25 2240 3690 31.80 34.00 37.30 28.60 3840 5270 33.50 28.34 34.12
Qwen-VL-Chat (7B) 38.24 11.60 3571 30.72 3279 36.18 2748 33.16 51.62 32.04 2742 30.73
LLAVA-1.5 (7B) 42.03 2847 30.02 4296 4553 2852 2948 4147 67.04 30.01 27.03 3748
Open-source Video LVLMs: All models use their default numbers of frames as inputs.
Video-LLaMA (7B) 4471 28.88 2330 4894 38.00 6046 1532 5330 6509 42.13 51.16 39.71
Video-LLaMA2 (7B) 47.06 3040 2453 51.52 40.00 63.64 16.13 56.10 68.52 65.19 53.85 42.60
Chat-UniVi-V1.5 (7B) 39.86 23.68 2236 54.10 42.00 66.82 1694 5891 7195 6845 5654 4147
LLAVA-NeXT-Video (7B) | 46.79 4233 19.55 57.68 4445 69.04 3448 53.03 7287 63.71 57.17 46.80
VideoLLaVA (7B) 4042 2256 21.86 52.60 4299 68.00 17.60 5648 71.39 6523 5495 40.74
Qwen2-VL (7B) 46.15 4444 2837 59.32 4342 67.84 33.18 5532 7344 6685 5882 5247
Closed-source LVLMs: All models use fixed interval sampling.
GPT-40 48.40 28.80 49.64 59.12 56.83 62.81 40.88 5292 65.18 70.11 57.10 53.80
GPT-03 5542 53.07 65.75 6151 6739 82.00 6290 5623 85.69 69.55 71.20 66.43
Gemini 1.5 Flash 5460 33.60 6490 62.68 54.10 69.00 44.14 5138 73.11 73.48 61.62 55.65
Gemini 1.5 Pro 61.02 4284 5132 64.10 56.86 72.12 4545 5397 7524 7795 62.64 5698
Human Performance
Human Expert | 9200 96.00 88.00 1000 9200 100.0 9400 96.0 91.00 96.00 98.00 94.82

Table 1: The overall performance of representative LVLMs on the GLIMPSE benchmark across various categories.
Here, we report accuracy for each specific category in terms of visual-centric question answering. Specifically, TA
denotes Trajectory Analysis, TR denotes Temporal Reasoning, QE denotes Quantitative Estimation, ER denotes
Event Recognition, REI denotes Reverse Event Inference, SCA denotes Scene Context Awareness, VE denotes
Velocity Estimation, CD denotes Cinematic Dynamics, FAA denotes Forensic Authenticity Analysis, RE denotes
Robotics Estimation, and MOI denotes Multi-Object Interaction. In each column, the best performance, excluding
human experts, is bolded, and the second-best is underlined.

uated representative video-based LVLMs, includ-
ing Video-LLaMA (Zhang et al., 2023), Video-
LLaMA2 (Cheng et al., 2024), LLaVA-NeXT-
Video (Zhang et al., 2024), VideoLLaVA (Lin et al.,
2023), Qwen2-VL (Wang et al., 2024a), and Chat-
UniVi-V1.5 (Jin et al., 2024); and (3) to examine
the differences between image LVLMs and video-
based LVLMs, we also tested representative mod-
els such as LLAVA 1.5 (Liu et al., 2024a), Qwen-
VL (Bai et al., 2023), and MPlug-Owl 2 (Ye et al.,
2024). For video-based models, we followed the
frame sampling methods provided by the respec-
tive authors during evaluation. For image-based
LVLMs, we randomly sampled a single frame as
input. For GPT-40, 03, Gemini-1.5 Flash and
Gemini-1.5 Pro, we used fixed interval sampling
with parameters set to sample_frequency = 50 and
max_frame_num = 16.

Evaluation Metrics. We use accuracy to evaluate
the performance of LVLMs on GLIMPSE, where for
Temporal Reasoning, questions are constructed in a
bidirectional format—meaning each video has two
related questions. Thus, when calculating the ac-
curacy for this category, we only count a response
as correct if the model answers both questions cor-
rectly for a given video.

Human Evaluation. For comparison, we ran-
domly selected 50 questions from each of the 11

classes in GLIMPSE, forming a 550-sample subset,
and invited five student volunteers to answer them.
Volunteers were instructed to watch each video
once without replay and answer immediately. They
also recorded the time spent per question (exclud-
ing video watching). The total time was 1327 sec-
onds, averaging 2.4 seconds per question.

4.2 Quantitative Results

This section presents the evaluation results on
GLIMPSE with detailed LVLM performance in Ta-
ble 1. To provide a comparison baseline, we in-
clude a "Random" row, illustrating task difficulty
and whether models perform above chance. "Ran-
dom" results are computed by generating equal
numbers of random A/B/C/D or Yes/No answers
based on total question count. Based on Table 1
and human performance, our key findings are:

Gap between video-based LVLMs and image-
based LVLMs. We found that image-finetuned
models like LLAVA-1.5, mPLUG-OWL2, and
Qwen-VL-Chat, while performing well on exist-
ing image benchmarks, showed weaker overall per-
formance on the GLIMPSE benchmark compared
to LVLMs fine-tuned on video data. This gap
is especially noticeable in tasks requiring video
context understanding, such as Trajectory Analy-
sis, Temporal Reasoning, Quantitative Estimation,
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and Sequential Ordering. For example, in the typi-
cally lowest-scoring task of Temporal Reasoning,
the best-performing model, GPT-03, scored 53.07,
while the top image LVLMs, LLAVA-1.5, only
achieved 28.47. Additionally, video LVLMs out-
performed image LVLMs in this task by an average
of 56.09% in accuracy. These findings indicate
that specialized training on high-quality video data
enhances model performance in tasks with high
temporal requirements. The results also indicate
that single-frame images lack sufficient informa-
tion to answer questions in GLIMPSE. Improving
visual components and developing methods to ex-
tract comprehensive and temporal video features
may be crucial for further advancing video-based
LVLMs performance.

Challenges of Current LVLMs in Temporal
Understanding and Fine-Grained Visual Tasks.
Based on the results in Table 4, it can be seen
that although GPT-03 performed the best on the
GLIMPSE benchmark, its overall average score was
only 66.43, significantly below human-level per-
formance. Specifically, in challenging tasks within
GLIMPSE such as Temporal Reasoning, Trajectory
Analysis, and Quantitative Estimation, the overall
performance of the tested models was generally
modest. For Temporal Reasoning, the top model,
GPT-03, achieved only 53.07 accuracy, while other
models were close to random performance levels.
In Quantitative Estimation, apart from GPT-03,
which achieved 65.75 accuracy, other models also
showed average performance. This indicates that
current LVLMs still face significant challenges in
understanding temporal information in videos and
in fine-grained visual-centric tasks.

Image Understanding Capabilities Are Equally
Important for Enhancing Video Understanding.
In open-source video LVLMs, most models outper-
form open-source image LVLMs overall, especially
in tasks requiring temporal information. However,
in tasks such as Quantitative Estimation and Ve-
locity Estimation, video LVLMs generally perform
worse than image LVLMs and closed-source com-
mercial LVLMs. This discrepancy may be due to
video LVLMs focusing more on temporal and dy-
namic features and lacking sufficient optimization
and fine-grained data to handle static quantitative
estimation and speed calculation tasks, impacting
their performance in these specific areas.
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4.3 Time-Related Performance Analysis

Due to the varying amounts of information covered
by videos of different lengths, we conducted an
in-depth exploration of the impact of video length
on model performance. We selected two categories
with relatively even distributions of video duration:
Temporal Reasoning and Scene Context Awareness,
and tested three models from different categories
in Table 4: GPT-40, Qwen2-VL, and LLAVA-1.5.
We divided the original questions into five sub-
sets based on 10-second intervals and tested these
models on each subset. The test settings were the
same as in Table 4. We calculated the accuracy of
these models for questions corresponding to videos
within each time interval, and the results are shown
in Figure 5. From the results, we can make the
following observations:

Video Length GPT-40 Qwen2-VL LLAVA-1.5

0-10s 42.33 34.67 30.00
10-20s 48.67 42.33 38.33
20-30s 55.00 48.00 45.00
30-40s 58.33 52.00 37.67
>40s 64.67 56.00 32.00

Table 2: The overall performance of models on different
video lengths across 12 categories.

More information helps improve performance.
For Scene Context Awareness tasks, the accuracy
of the model’s responses significantly improves
as video length increases. This is because longer
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Model Performance in
Quantitative Estimation QA Task
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Figure 6: Model performance on quantitative estimation
with varying frame counts.

videos provide more information, allowing the
model to capture richer background details and
environmental context. This additional contextual
information helps the model build a more com-
prehensive understanding of the scene, including
objects, spatial relationships, and the overall atmo-
sphere. With more time to "observe" and "learn"
the nuances within the video, the model can more
accurately grasp scene characteristics, making it
easier to generate responses that reflect the actual
context. This indicates that video length directly
impacts model performance in scene understand-
ing tasks, suggesting that long video understanding
will be an important area of research in the future.
Challenges Remain in Processing Long Videos.
For Temporal Reasoning tasks, model accuracy ini-
tially increases with video length but then declines.
Short videos have limited time spans, and fewer
frames are input, making it difficult for the model
to capture enough information for accurate reason-
ing. As the video length increases to between 20
and 30 seconds, the additional information helps
the model better understand temporal cues, thus
improving reasoning accuracy. However, Tempo-
ral Reasoning is inherently challenging; as video
length continues to exceed 30 seconds, the com-
plexity and time span of events increase, dispersing
the information. This makes it difficult for the
model to effectively process long videos, leading
to a drop in performance.

4.4 Effect of the Number of Input Frames

In this section, we analyze how frame count affects
model performance, focusing on the Quantitative
Estimation task. This task is especially sensitive
to the amount of visual information, making it
well-suited for examining the impact of varying
frame counts. Unlike tasks that rely on tempo-

Model Performance by Sampling Interval
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Figure 7: Model performance of Every N Frames sam-
pling.

ral or sequential understanding, Quantitative Es-
timation requires detailed snapshots of individual
frames, as these provide data points for counting
or assessing quantities. By analyzing model per-
formance on this task, we can more clearly ob-
serve how frame count affects the model’s ability
to interpret fine-grained visual information without
the added complexity of temporal dependencies.
We tested three models—GPT-40, Qwen2-VL, and
LLAVA-1.5—using 1, 2, 4, 8, and 16 frames as
input, and plotted their performance as frame count
increases. The experimental results are shown in
Figure 6. We observe that initially, increasing the
frame count improves the accuracy of all models;
however, once the frame count surpasses a certain
threshold, performance gains diminish and even
start to decline. This suggests that, in the Quantita-
tive Estimation task, a moderate number of frames
enhances model accuracy, as more frames capture
additional key details related to quantity. However,
further increasing the frame count leads to a drop in
performance, possibly because the model struggles
to process excessive frame information effectively,
resulting in redundancy and difficulty focusing on
relevant features.

5 Error Analysis

This section provides an in-depth error analysis,
focusing on two tasks with lower average accu-
racy: Temporal Reasoning and Quantitative Esti-
mation, which are easy for humans but error-prone
for models. Using GPT-40 and Gemini 1.5 Flash
as examples, we present case studies in Figure 8.

5.1 Temporal Reasoning

In our experiments, we found that the Temporal
Reasoning task had the highest error rate. For this
task, to reduce potential biases, we structured each
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Figure 8: The failure cases of GPT-40 in GLIMPSE. It can be observed that GPT-40 has difficulty accurately
understanding quantity-related questions in the video. Additionally, when answering temporal reasoning questions,

it makes mistakes when the question is reversed.

temporal reasoning question to include contrast-
ing statements, such as "Question: Does Event A
occur before Event B? Answer: yes" and "Ques-
tion: Does Event A occur after Event B? Answer:
no". Only when both answers in a question pair
were correct was the response considered accurate.
Here, we refer to questions with a "yes" answer
as positive questions. Under this setup, we found
that when evaluating GPT-4o, if we assessed its
accuracy on positive questions alone, it achieved
52.30%, but its accuracy on question pairs was only
28.80%. The primary source of errors in question
pairs was an inconsistent selection pattern, where
one answer was correct and the other incorrect. An
example of this is shown on the right side of Figure
8. This suggests that GPT-40 does not truly under-
stand and integrate the video content and question
context when answering, as it may struggle to es-
tablish the correct temporal sequence during video
encoding and frame extraction, thereby impacting
its understanding of event order and sequence. It
highlights that GLIMPSE can effectively reduce bias
in the evaluation process by constructing bidirec-
tional question-and-answer formats.

5.2 Quantitative Estimation

In the Quantitative Estimation task, there are two
main issues: quantity errors and bias toward cer-
tain options. Using Gemini-1.5 Flash as an exam-
ple, our investigation reveals that 62% of errors in
Quantitative Estimation task occur when the model
selects options like "None" or "No object", leading

to incorrect quantity estimation. For instance, as
shown in the example on the left of Figure 8, when
asked how many sculptures were present in the
video, the model responded with "None", despite
a stationary sculpture being visible throughout the
video. In addition, quantity errors are also signifi-
cant. For example, in a question about the number
of times a man looked at a woman in the video,
GPT-40 counted each instance of the man turn-
ing his head toward the woman and then back as
two separate actions, resulting in an inflated count.
This type of quantity error may also stem from
the model’s difficulty in accurately understanding
fine-grained, visually-centric information.

6 Conclusion

This paper presents GLIMPSE, a benchmark
dataset for evaluating large vision-language mod-
els (LVLMs) on vision-centric video understanding
and reasoning. GLIMPSE targets key skills such as
trajectory tracking, temporal reasoning, quantity
estimation, scene comprehension, and interaction
analysis. It features diverse video content and care-
fully designed question pairs to comprehensively
assess models’ perceptual and reasoning abilities,
as well as whether they can truly think based on
video. To ensure accurate and scalable evaluation,
GLIMPSE adopts multiple-choice and bidirectional
QA formats that mitigate assessment bias. Experi-
mental results reveal that even state-of-the-art mul-
timodal models lag far behind human performance
on GLIMPSE, underscoring the challenges and op-
portunities in deep video understanding.
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Limitations

While GLIMPSE advances the evaluation of LVLMs
in video understanding, it has several limitations.
First, the dataset’s focus on pre-selected video cate-
gories may underrepresent niche or unconventional
scenarios, limiting generalizability. Second, re-
stricting videos to 20 seconds—2 minutes overlooks
challenges in ultra-long or extremely short con-
texts. Additionally, the multiple-choice format sim-
plifies real-world open-ended reasoning, narrowing
the assessment of nuanced understanding. Human
annotation, though rigorous, introduces potential
biases in question design and answer validation.
Finally, benchmarked models may not fully encom-
pass emerging or specialized LVLM architectures.
Addressing these limitations could improve dataset
diversity, evaluation flexibility, and model inclusiv-
ity in future work.
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A Prompt for Data Format Conversion

* Do not change the correct answer.
In this section, we list the prompts used during [Output format]: Your response must be a
the data conversion process, where the entire data single line, formatted exactly as follows:
format transformation is performed using the GPT- “ ..(modified question), Choices:
40 APIL. We employed two types of conversions: A) xxx B) xxx C) xxx D) xxx"
(1) converting the original annotated data into a Only this format is allowed, and any devia-
multiple-choice question format, and (2) transform- tions from this format are strictly forbidden.
ing yes/no type questions into a bidirectional for-

mat. .
Prompt for yes/no type questions
Prompt for multiple-choice questions [Task]: Strictly follow the instructions.

Rewrite the following question by revers-
ing the temporal sequence and format it
as a multiple-choice question with the
following choices: A. Yes B. No.

[Task]: The task is to modify a question
to make it significantly harder and more
nuanced. The revised question should
focus on specific technical aspects, avoid
straightforward clues, and include plausible
distractors that are incorrect. Use the
correct answer as a subtle hint in the
question, while making the other options
appear equally viable.

[Guideline]:
Original question:
“{original_question}"

[Requirement]:

[Guideline]: * Reverse the temporal sequence of
Original question: the original question while keeping it
“{original_question}" grammatically correct.
Correct answer: “{correct_answer}"
Options: “{options}" * Format the rewritten question as a

multiple-choice question with the
[Requirement]: choices A. Yes and B. No.

Please rewrite this question by following

. L * Ensure the output strictly follows the
these strict guidelines:

specified format without deviations.

* Focus on a specific, less obvious as-
pect that indirectly hints at the correct
answer.

[Output format]: Your response must be a
single line, formatted exactly as follows:
“...(statement).Choices: A.Yes

* Add realistic but irrelevant details to B.No"

make the question look more complex.
Only this format is allowed, and any devia-

* Avoid directly mirroring the wording tions from this format are strictly forbidden.
of the correct answer, making the ques-
tion more ambiguous.

B Dataset Case

* Ensure the distractor options contain
minor technical errors or realistic de-
tails that seem logical but are incor-
rect.

In this subsection, we present the constructed ex-
amples for each category in GLIMPSE, as shown in
Figure 9 and Figure 10.

* Add only contextual details related to
the original question and correct an-
swer; avoid introducing unrelated in-
formation.
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Trajectory Analysis

Question

Is the position of the person on the screen in the horizontal
direction always unchanged?

A) Yes, the position is always unchanged.

B) No, the position can change.

C) The position may sometimes change.

D) The position often changes, but not always.

Answer
B

Quantitative Estimation

Question

How many notes are pasted on the upper surface except for
the titles?

A) There are 5 notes.
B) There are 3 notes.
C) There are 7 notes.
D) There are 9 notes.

Plote Heat Exchar

e—,

Answer
B

Reverse Event Inference

Question

Is the train [entering the platform] or [leaving the platform]?
A) The train is staying at the platform.

B) The train is leaving the platform.

C) The train is entering the platform.

D) The train is passing through the platform.

Answer
C

Temporal Reasoning

Question

The girl first took a picture of the left
side of the frame, then took a picture of
the right side of the frame.

A) Yes B) No

Did the girl take a picture of the right
side of the frame before taking a picture
of the left side of the frame?

A) Yes B) No

Answer
A B

Event Recognition

Question

Did the character in the game not change clothes the entire
time?

A) Yes, the character did not change clothes at any point.
B) No, they changed clothes once during the whole time.
C) They changed clothes multiple times during the game.
D) The character's clothes were constantly changing.

Answer
B

Scene Context Awareness

Question

Where the lady might be?

A) She is likely at the supermarket.
B) She might be at home.

C) She's probably in the park.

D) She could be at the work.

Answer
(o}

Figure 9: Dataset cases 1.
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Velocity Estimation Cinematic Dynamics

Question Question

How is the speed of the wind turbine in the video? With the ground as the reference, does the camera

A) The speed is high. continuously turn more than 90 degrees to the left in the
B) The speed is slow. horizontal direction?

C) The speed is moderate. A) The camera rotates to the right by 90 degrees.

D) The speed is not observable. B) The camera rotates to the left by 90 degrees.

C) The camera does not rotate at all.

w— — — w— D) The camera rotates to the left more than 90 degrees.
“ -" EAE! y ﬁ jr
Answer Answer
B D

Forensic Authenticity Analysis Robotics Evaluation
Question Question

Does the machine have the capability to
bend the wire?

A) No, the machine does not have the
ability to bend the wire.

B) Yes, through a rotating mechanism on
the machine.

Why do you think the video is generated by Al?

A) The characters in the video move too fluidly.

B) The color of the city in the video is oversaturated.
C) The video displays historical scenes not possible to
capture.

D) There are no humans present in the video. C) Yes, but only by utilizing an additional

machine attachment.
D) The machine can only cut the wire, it
does not have the capability to bend it.

Answer Answer
B B

Multi-Object Interaction
Question
Did the robot and human hands ultimately make contact?
A) Yes, the robot and human hands did make contact.
B) No, the robot and human hands did not make contact.

C) Sure, there was a contact between them.
D) Absolutely, they touched each other.

=" 2 A

Answer
B

Figure 10: Dataset cases 2.
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