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Abstract

Large Vision-Language Models (LVLMs) have
made significant progress in the field of video
understanding recently. However, current
benchmarks uniformly lean on text prompts for
evaluation, which often necessitate complex
referential language and fail to provide precise
spatial and temporal references. This limita-
tion diminishes the experience and efficiency of
human-model interaction. To address this lim-
itation, we propose the Video Visual Prompt
Benchmark (V2P-Bench), a comprehensive
benchmark specifically designed to evaluate
LVLMs’ video understanding capabilities in
multimodal human-model interaction scenar-
ios. V2P-Bench includes 980 unique videos
and 1,172 QA pairs, covering 5 main tasks and
12 dimensions, facilitating instance-level fine-
grained understanding aligned with human cog-
nition. Benchmarking results reveal that even
the most powerful models perform poorly on
V2P-Bench (65.4% for GPT-40 and 67.9% for
Gemini-1.5-Pro), significantly lower than the
human experts’ 88.3%, highlighting the cur-
rent shortcomings of LVLMs in understanding
video visual prompts. We hope V2P-Bench will
serve as a foundation for advancing multimodal
human-model interaction and video understand-
ing evaluation.

1 Introduction

In recent years, Large Vision-Language Models
(LVLMs) have made significant progress in the
field of video understanding, demonstrating pow-
erful capabilities video captioning and question
answering tasks, exemplified by recent Gemini-1.5-
Pro (Team et al., 2024) and LLaVA-Video (Zhang
et al., 2024). Correspondingly, numerous bench-
marks have emerged to evaluate these models, cov-
ering a diverse range of videos and tasks (Li et al.,
2024c; Mangalam et al., 2023; Fu et al., 2024),
thereby providing robust support for the assessment
of LVLMs from various perspectives.

However, most benchmarks utilize text prompts
for human-model interaction, which inevitably in-
troduces certain inherent limitations. As shown in
Figure 1, text prompts usually fail to provide pre-
cise spatial and temporal references, resulting in
difficulties when assessing the ability of LVLMs
to understand specific areas or moments in videos,
particularly in complex multi-object scenarios. For
users, a significant amount of referential language
is required to specify targets, which reduces the
efficiency of human-model interaction. For the
model, it first needs to comprehend the user’s ref-
erential language, making it prone to confusion at
this initial step.

In contrast, as a frontier approach to multimodal
human-model interaction, visual prompts offer a
simpler and more precise way, facilitating model
understanding and aligning more closely with hu-
man intuitive cognition. Some previous efforts
(Cai et al., 2024; Yang et al., 2023; Lin et al.,
2024) conduct initial explorations in image visual
prompt areas, demonstrating the superiority of vi-
sual prompts over texts. However, existing stud-
ies lack research on video modality, limiting the
further development of multimodal human-model
interaction.

To bridge this gap, we propose V2P-Bench, a
comprehensive benchmark specifically designed
to evaluate the video understanding capabilities of
LVLMs in human-model interaction scenarios. As
illustrated in Figure 2, V2P-Bench encompasses
5 main tasks, 12 categories, 20 video types and
various types of visual prompts. Each query in-
cludes at least one visual prompt annotation, fo-
cusing on fine-grained spatial and temporal under-
standing consistent with human cognition, aiming
to comprehensively assess the video understanding
abilities of LVLMs. Furthermore, V2P-Bench con-
sists of 980 videos and 1,172 question-answer(QA)
pairs, with video durations ranging from 5 seconds
to 2 hours. All videos are meticulously curated by
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(c) Example of V2P-Bench

This video is from the 2023 Nobel Prize Ceremony.
The award received by the person outlined was the
__to be presented among all the awards. Select
the best option that accurately addresses the
question and give only your option letter.

(A) The prize was the first fo be awarded.

(B) The prize was the second to be awarded.

(€) The prize was the third to be awarded.

(D) The prize was the fourth to be awarded.

(a) Conversation with Pure Text (b) Conversation with Visual Prompt

What is the

eft in the

What is the person outlined doing?

Easy to refer using visual prompt @

The person outlined in red is
wearing a long black gown with a
simple yet elegant design. She
stands upright with good posture,
possibly preparing for the formal
photo session.

The seventh person from
the first row on stage is
ole
shirt

standing straight and...

® GPT Fails to understand ®) GPT responds correctly

Figure 1: (a)(b) shows the comparisons of pure text prompting and visual prompting for video understanding. Simply
overlaying visual prompts on video frames can enhance the user experience in Human-Model Interaction(HMI)
while simultaneously reducing the difficulty for LVLMs to understand user intentions, particularly in complex

environments where referential ambiguity is prevalent. (c¢) shows an example of V2P-Bench. The ground-truth

answer is highlighted in green. Full video could be found at youtu.be/IDIA7cfNkSA.

human annotators to ensure high-quality QA pairs
and accurate visual prompts.

In our experiments, we first execute the blind-
ing answering evaluation on V2P-Bench to demon-
strate that our benchmark avoids extensive prior
knowledge of modern LVLMs. Subsequently, we
conduct a comprehensive evaluation on 16 LVLMs,
including 4 closed-source models and 12 open-
source models. Additionally, our assessment in-
corporates scores from human experts. The eval-
uation results indicate that even the advanced
closed-source models perform poorly on our bench-
mark (65.4% for GPT-4o0 (Hurst et al., 2024) and
67.9% for Gemini-1.5-Pro (Team et al., 2024), sig-
nificantly lower than the human experts’ score
of 88.3%, revealing the current shortcomings of
LVLMs in understanding video visual prompts. In
a nutshell, our contributions are as follows:

* V2P-Bench has been meticulously designed,
comprising 12 categories covering a wide
range of video types and diverse visual
prompts. Collection and annotation process
undergoes rigorous human validation, aiming
to provide the community with a high-quality
benchmark for multi-model human-model in-
teraction.

* We conduct extensive experiments and sum-
marize our observations and insights, which
demonstrate the current models’ shortcomings
in understanding video visual prompts and in-
teracting with human.

* V2P-Bench pioneeringly applies visual
prompts in video understanding evaluation
for multimodal human-model interaction,
addressing critical limitations in existing
text-based evaluation frameworks. Through
V2P-Bench, We seek to advance the field
of video understanding evaluation and
establish a foundation for more intuitive
human-computer interaction.

2 Related Work

2.1 LVLMs for Video Understanding

The rapid development of image-based LVLMs
(Liu et al., 2024b, 2023, 2024a; Li et al., 2024a;
Chen et al., 2024a,e; Bai et al., 2023) has sig-
nificantly enhanced the potential of video under-
standing and question answering tasks, injecting
new vitality into the field of artificial intelligence.
VideoChat (Li et al., 2023b) and Video-ChatGPT
(Maaz et al., 2023) are preliminary attempts in
the realm of video understanding. Notable re-
cent works include CogVLM2-Video (Hong et al.,
2024), InternVL2 (Chen et al., 2024¢) and LLaVA-
Video (Zhang et al., 2024), which treat videos as
sequences of images and leverage the powerful im-
age comprehension capabilities to process video
modality. Furthermore, the high computational and
memory demands required for handling high frame
rates and long videos have spurred advancements in
video compression technologies. For instance, In-
ternVideo2 (Wang et al., 2024¢) and Video-LLaMA
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Figure 2: (Left) Datasets and categories. Our dataset is derived from 12 datasets and contains 20 restructured
categories. (Right) Performance radar chart. We report the performance of different models on V2P-Bench by

dimension. SOTA for each dimension is given.

(Zhang et al., 2023) utilize QFormer (Li et al.,
2023a) for efficient video feature extraction, while
PLLaVA (Xu et al., 2024) reduces computational
load through adaptive pooling. Despite promising
results, current video LLMs primarily rely on text
prompts and still face challenges in fine-grained
spatial and temporal understanding when given vi-
sual prompts as input.

2.2 Video Understanding Benchmarks

Traditional video understanding benchmarks, such
as MSRVTT-QA (Xu et al., 2017), ActivityNet-
QA (Yu et al., 2019), and NEXT-QA (Xiao et al.,
2021), focus on basic action recognition and video
question answering, lack of sufficient detail and
narrative to perform a fine-grained evaluation on
LVLMs. Recently, more benchmarks have been
proposed. MMBench (Liu et al., 2024c), SEED-
Bench (Li et al., 2024b), and MVBench (Li et al.,
2024c) mainly concentrate on short video clips for
evaluation. EgoSchema (Mangalam et al., 2023)
and MovieQA (Tapaswi et al., 2016) provide in-
sights into narrative and thematic understanding.
LongVideoBench (Wu et al., 2024), Video-MME
(Fu et al., 2024), and LVBench (Wang et al., 2024b)
offer longer videos and a broader variety of tasks.
Additionally, recent works like INST-IT (Peng
et al., 2024) and VideoRefer (Yuan et al., 2024)
have introduced instance-level video question an-
swering benchmarks. However, constrained by in-
sufficiently robust and comprehensive, they still fail
to adequately simulate real-world interactions. To

address this limitation, we introduce V2P-Bench,
allowing for a comprehensive evaluation of LVLMs
that simulates multimodal human-model interac-
tion in realistic settings.

2.3 Visual Prompt as a User-Friendly Solution

Compared to text prompts, visual prompts offer a
simple and effective means of facilitating interac-
tion between users and models. Visual prompts
have been widely utilized in image understanding.
ViP-LLaVA (Cai et al., 2024) enhances the abil-
ity of LVLMs to comprehend local image regions
by overlaying arbitrary visual prompts on images.
Draw-and-Understand (Lin et al., 2024) employs
a two-stage training approach to improve perfor-
mance in pixel-level tasks. Set-of-Mark (Yang
et al., 2023) introduces a novel visual prompting
method to enhance the performance of LVLMs in
visual localization tasks. However, research on
visual prompts in the context of video remains lim-
ited. INST-IT (Peng et al., 2024) introduces instruc-
tion tuning with visual prompts to enhance instance-
level understanding in LVLMs. VideoRefer Suite
(Yuan et al., 2024) creates a large instance-level
video instruction dataset to assist LVLMs in under-
standing spatiotemporal information in videos.

3 V2P Bench

Table 1 compares the key difference of V2P-Bench
with previous benchmarks. The first two blocks list
traditional pure text video understanding bench-
marks, which primarily understand videos at a
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Figure 3: Distribution of QA dimensions and video
durations. V2P-Bench encompasses 5 main tasks, 12
dimensions and covers a wide range of video lengths,
enabling an comprehensive assessment of LVLMs.

Figure 4: Various visual prompt types. We don’t con-
sider mask as it would significantly obscure the features
of the target, even with a small alpha value (e.g. 0.2).

holistic level and lack instance-level comprehen-
sion. Instance-level understanding is crucial as it
focuses on the specific elements of greatest interest
to us, requiring a more nuanced understanding and
consistency.

As shown in the third block, although INST-IT
Bench (Peng et al., 2024) and VideoRefer Bench®
(Yuan et al., 2024) use visual prompts for question-
answering, their benchmarks are completely de-
rived from VIS datasets (Yang et al., 2019; Pont-
Tuset et al., 2017; Ding et al., 2023), which is in-
sufficiently robust and comprehensive, resulting in:
1) Shorter video durations( 14.2s and 13.8s); 2)
Single continuous shots; 3) Limited video sources,
primarily comprising natural scenes; 4) Objects of
interest may not be suitable for question-answering.
To address this limitation, we propose V2P-Bench,
a comprehensive benchmark specifically designed
to evaluate the video understanding capabilities of
LVLMs in human-model interaction scenarios.

3.1 Task Definition

To facilitate fine-grained evaluation of LVLMs
from various perspectives, we categorize the ques-
tions according to dimensions. Our dimension de-
sign strives to ensure both comprehensiveness and
orthogonality, and ultimately includes five main
tasks and 12 dimensions. Definitions for tasks and
dimensions are as follows:

e Perception is a fundamental task that tests
whether a model can understand visual prompts.
This task includes: /) Object Attribute (OA); 2)
Human Attribute (HA); 3) Object Direction (OD);
4) Feature Mapping (FM).

o Temporal focuses on understanding and pro-
cessing the chronological order of events in the
video. This task includes: /) Forward Temporal
(FT); 2) Reverse Temporal (RT); 3) Action Se-
quence (AS).

e Reasoning is an extension of the percep-
tion task, requiring logical inference and judgment
based on given information to derive new conclu-
sions or answers. This task includes: /) Causal
Relationship (CR); 2) Plot Understanding (PU); 3)
Counterfactual Inference (CI).

e Spatial focuses on the spatial relationships of
the visual prompt targets. Using visual prompts to
indicate spatial positions directly avoids the ambi-
guity and referential difficulties often encountered
with text-based prompts, making interactions be-
tween users and models more intuitive. This task
includes Spatial Relationship (SR).

e Counting focuses on the model’s accurate
identification and counting of the number of objects
or events in the video. The model’s objective is
to perform effective quantity assessment based on
the given visual prompt target. This task includes
General Counting (GC).

Detailed elaborations and examples of each di-
mension are provided in Appendix A and B.

3.2 Dataset Construction

The construction process consists of three steps:
video collection, QA and visual prompt annotation,
post processing. Details of each step are as follows.

3.2.1 Video Collection

To create our dataset, we start from existing video
benchmarks, as they already have a wide distribu-
tion of durations and diverse video types. We care-
fully select 12 benchmarks to construct our dataset.
We follow Video-MME (Fu et al., 2024) and cate-
gorize the video durations into short, medium, and



Table 1: Comparison of different datasets. Answer Type indicates whether the QA pair is open-ended(OE) or
multiple-choice(MC). Multi Level represents whether the videos cover multiple duration levels. Open Domain
indicates whether the video source is diversified. Visual Prompt represents whether the video contains visual

prompt annotations.

Benchmarks Videos Samples Tasks Avgduration Annotation Answer Type Multi Level Open Domain Visual Prompt
MSVD-QA(Xu et al., 2017) 504 13157 1 9.8s Auto OE X X X
MSRVTT-QA(Xu et al., 2017) 2990 72821 1 15.2s Auto OE X X X
ActivityNet-QA(Yu et al., 2019) 800 8000 3 111.4s Manual OE X X X
NExT-QA(Xiao et al., 2021) 1000 8564 3 39.5s Manual MC X X X
Perception Test(Patraucean et al., 2024) 11600 44000 4 23.0s Auto&Manual MC X X X
MLVU(Zhou et al., 2024) 1334 2593 9 “12min Auto&Manual OE&MC 4 v X
VCGBench-Diverse(Maaz et al., 2024) 877 4354 6 217.0s Auto&Manual OE X v X
MVBench(Li et al., 2024c) 3641 4000 20 16.0s Auto MC X v X
HourVideo(Chandrasegaran et al., 2024) 500 12976 18 45.7min Auto&Manual MC X X X
LVBench(Wang et al., 2024b) 103 1549 6 68.4min Manual MC X v X
EgoSchema(Mangalam et al., 2023) 5063 5063 1 180.0s Auto MC X X X
Video-MME(Fu et al., 2024) 900 2700 12 17.0min Manual MC v v X
INST-IT Bench(Peng et al., 2024) 206 1000 1 14.2s Auto&Manual OE&MC X X v
VideoRefer Bench®(Yuan et al., 2024) 198 1000 5 13.8s Manual MC X X v
V2P-Bench(ours) 980 1172 12 19.0min Manual MC v v v

long videos. Additionally, we reclassify all the
videos, resulting in 20 video categories, as shown
in Figure 2(left). Our final dataset covers multiple
video domains while maintaining a relative balance
in video lengths.

3.2.2 QA and Visual Prompt Annotation

After completing the collection process, we con-
duct the annotation of QA pairs and visual prompts
to evaluate the capabilities of LVLMs in video un-
derstanding with visual prompts. The annotation
work is carried out by researchers proficient in En-
glish. To ensure data quality, we provide thorough
training for the annotators and conduct pilot anno-
tations to assess their annotation capabilities.

While annotating the QA pairs, annotators are
also required to perform visual prompt annotations.
To align with real-world distributions, we adopt
a fully manual approach for annotating the video
frames. We follow ViP-LLaVA (Cai et al., 2024)
and predefined various types of visual prompts as
follows: rectangle, mask contour, ellipse, triangle,
scribble, point, arrow and SoM, just as shown in
Figure 4. Additionally, annotators are allowed to
exercise their creativity by using any type of vi-
sual prompts, not limited to the predefined types
mentioned earlier.

3.2.3 Post Processing

To ensure the quality of the dataset, we conduct a
rigorous review of the annotated data after comple-
tion, including both rule-based and manual review
processes.

Blind LLMs Filtering. Inspired by MMStar (Chen
et al., 2024b), we perform plain text filtering on
the QA pairs to ensure that questions could only be

answered correctly by viewing the videos. Specif-
ically, we provide only the pure text QA pairs to
the most powerful closed-source models GPT-40
(Hurst et al., 2024) and Gemini-1.5-pro (Team et al.,
2024). We set the sampling temperature to 0.2
and conduct two rounds of inference, then exclude
samples for which both rounds provided correct
answers.

Visual Prompt Filtering. Secondly, we conduct
visual prompt filtering on the QA pairs to exclude
those questions that could be answered correctly
without viewing the visual prompts. Specifically,
we provide averaged 8 frames sampled from the
video and the QA pairs to GPT-40 (Hurst et al.,
2024), without visual prompt frames. We maintain
the sampling temperature at 0.2 and perform two
rounds of inference, excluding samples for which
both rounds yielded correct answers.

Manual and Rule-based Review. After the pre-
vious two steps, we perform a rule-based check
and manual review of the remaining data. We ex-
clude samples where the length disparity between
different options was too significant. Addition-
ally, we shuffle the order of multiple-choice op-
tions to ensure a uniform distribution of answer
choices, thereby eliminating potential biases of dif-
ferent models toward specific options. The final
balanced proportions of the four options are 28.0%,
23.9%, 25.0% and 23.1%. Through this rigorous
dataset construction process, we strive to provide
a high-quality, diverse, and balanced dataset that
will benefit researchers in the field of multimodal
human-model interaction.



3.3 Benchmark Statistics

In Table 1, we have already presented the main
characteristics of V2P-Bench. Overall, the pro-
posed V2P-Bench defines 5 main tasks and 12 di-
mensions, encompassing 980 unique videos and
1,172 QA pairs sourced from 12 existing video
datasets, covering 20 video categories. The aver-
age duration of the videos is 19.0 minutes, which
represents a wide range of video lengths, differing
from most benchmarks. The format of the QA pairs
is multiple-choice with 4 options. Below we intro-
duce a more detailed analysis of our benchmark:

e Wide distribution of durations. Figure
3(down) shows the detailed duration distributions
on V2P-Bench. We follow Video-MME (Fu et al.,
2024) in categorizing video lengths into short (< 3
minutes), medium (3-30 minutes), and long videos
(30-120 minutes), with respective proportions of
46.8%, 22.0%, and 31.2%.

e Diverse video types and comprehensive
tasks. Figure 2(left) shows various datasets and
categories on V2P-Bench. We select videos from
12 existing video benchmarks, resulting in a total
of 20 reorganized categories. Figure 3(up) shows
the detailed distribution of each dimension.

o Diverse Targets and Visual Prompts. Figure
4 shows various targets and visual prompts on V2P-
Bench, benefiting from diverse video sources.

o Comprehensive Shot Types. V2P-Bench
includes both continuous and transition videos, the
latter of which significantly increases the difficulty
of reference, implying that the model must perform
temporal and spatial grounding in different scenes.

4 Experiments

4.1 Experiment Setup

Evaluation Models. We evaluate the performance
of 12 open-source models that support multi-image
or video input. The model list is shown in the
third block of Table 2. We sample a fixed num-
ber of frames from the original videos at regular
intervals to accommodate the context length of
the models. Specifically, we sample 16 frames
for LLaVA-NeXT (Liu et al., 2024a), PLLaVA
(Xu et al., 2024), ShareGPT4Video (Chen et al.,
2024c¢), MiniCPM-V 2.6 (Yao et al., 2024), In-
ternVL2 (Chen et al., 2024e), InternVL2.5 (Chen
et al., 2024d) and Qwen2-VL (Wang et al., 2024a),
32 frames for VideoLLaMA?2 (Cheng et al., 2024),
64 frames for LLaVA-OneVision (Li et al., 2024a),
mPLUG-OwI3 (Ye et al., 2024), LLaVA-Video

(Zhang et al., 2024) and LLaVA-NeXT-INST-IT
(Peng et al., 2024). All models are evaluated on
8 V100 GPUs. Additionally, we conduct exten-
sive evaluations on 4 closed-source models: GPT-
40 (Hurst et al., 2024), GPT-40-mini (Hurst et al.,
2024), Gemini-1.5-Pro (Team et al., 2024), and
Gemini-1.5-Flash (Team et al., 2024). For GPT
models, we average 64 frames from the original
videos; for Gemini-1.5 models, the raw videos were
uploaded directly.

Human and Blind Answering. For human eval-
uations, we divide all the questions equally and
assign them to three human experts. To prevent
any data leakage, we ensure that the human experts
participating in the test have never been involved
in the annotation process. Furthermore, consider-
ing that LLMs possess extensive prior knowledge,
enabling them to answer certain questions without
analyzing the video, We report the performance of
4 models: GPT-40 (Hurst et al., 2024), Gemini-1.5-
Pro (Team et al., 2024), Qwen2-VL (Wang et al.,
2024a), and InternVL2.5 (Chen et al., 2024d) on
the blind answering task.

4.2 Results on V2P-Bench

Overall Results. Table 2 and Table 3 presents
the evaluation results on V2P-Bench across dimen-
sions and durations, including human performance,
blind answering task and 16 models, illustrating
the performance of LVLMs in understanding video
visual prompts.

As shown in the top of Table 2, human experts
reach 88.3%, reporting the upper limit of human
performance on V2P-Bench. For the blind an-
swering task, results are shown in the first block
of Figure 2. GPT-40 and Gemini-1.5-Pro reach
20.7% and 13.7%, respectively, as they decline to
answer 38.9% and 66.7% of the questions,which
indicates that our benchmark necessitates access to
video content for effective performance. Qwen2-
VL and InternVL2.5, adhere strictly to the instruc-
tions, even though they could not answer the ques-
tions solely through pure text. Consequently, they
achieve 30.8% and 27.9%, respectively.

During the evaluation process, we observe that
certain models (Cheng et al., 2024; Chen et al.,
2024c) cannot generate only options, even when
provided with carefully designed prompts. Vide-
oLLaMAZ2 tends to repeat the entire set of options,
while ShareGPT4Video consistently begins with
"Answer:". We specifically account for these out-
put characteristics in our analysis of these models.



Table 2: Evaluation results on V2P-Bench across dimensions. We report results for 12 open-source models, 4
closed-source models, 4 blind LLMs and human performance on V2P-Bench across dimensions. Gemini-1.5-Pro
achieve optimal performance at 67.9%, remaining a significant gap to human performance. The best results are

bold and the second-best are underlined.

Method Size| OA° HA OD FM CR PU CI FT RT AS SR GC Avg
Human Performance - 922 91.7 848 89.5 857 832 919 874 841 754 92.0 958 883
Pure Text as Input

GPT-40(Hurst et al., 2024) - 202 194 174 140 179 321 216 235 159 193 160 179 20.7
Gemini-1.5-pro(Team et al., 2024) - 10.1 146 22 35 241 139 297 160 205 123 140 53 137
Qwen2-VL(Wang et al., 2024a) 7B | 264 31.8 31.5 281 339 329 284 336 398 246 250 274 308
InternVL2.5(Chen et al., 2024d) 8B | 302 269 21.7 21.1 304 329 27.0 294 272 228 240 274 279
Closed-source Models

GPT-40(Hurst et al., 2024) - 76.6 689 413 608 670 733 67.6 68.1 70.5 50.0 540 484 654
GPT-40-Mini(Hurst et al., 2024) - 688 61.0 304 490 651 636 324 483 568 41.1 620 453 563
Gemini-1.5-Pro(Team et al., 2024) - 709 748 348 58.8 80.7 76.8 486 704 705 464 70.0 51.6 67.9
Gemini-1.5-Flash(Team et al., 2024) - 612 644 283 526 723 642 378 580 545 351 56.0 521 573
General Open-source Models

LLaVA-NeXT(Liu et al., 2024a) 7B | 56.6 55.6 34.8 525 430 48.6 31.6 42.6 422 28.1 42.0 305 46.0
LLaVA-NeXT-INST-IT(Peng et al., 2024) 7B | 57.4 584 26.1 424 43.0 492 31.6 492 422 263 420 274 463
PLLaVA(Xu et al., 2024) 7B | 457 482 21.7 456 393 549 243 471 455 28.1 400 284 43.0
LLaVA-OV(Li et al., 2024a) 7B | 59.7 545 326 368 464 59.0 351 538 59.1 368 50.0 326 499
VideoLLaMA2(Cheng et al., 2024) 7B | 473 458 26.1 456 41.1 520 35.1 445 500 298 440 32,6 434
ShareGPT4Video(Chen et al., 2024c) 8B | 40.3 43.1 21.7 456 402 457 514 437 409 246 460 305 406
mPLUG-OwI3(Ye et al., 2024) 7B | 574 597 39.1 439 60.7 584 27.0 613 750 386 500 379 543
LLaVA-Video(Zhang et al., 2024) 7B | 643 549 326 56.1 500 59.5 486 479 545 49.1 52.0 368 52.6
MiniCPM-V 2.6(Yao et al., 2024) 8B | 504 51.8 174 49.1 536 61.8 37.8 49.6 50.0 31.6 48.0 274 480
InternVL2(Chen et al., 2024e) 8B | 48.1 47.8 239 351 429 514 595 420 364 281 460 242 427
InternVL2.5(Chen et al., 2024d) 8B | 504 482 26.1 579 375 474 514 403 38.6 368 300 31.6 432
Qwen2-VL(Wang et al., 2024a) 7B | 49.6 549 326 474 580 572 703 546 523 28.1 48.0 32.6 50.7

Table 3: Evaluation results on V2P-Bench across
durations. The best results are bold and the second-
best are underlined.

Method Size | Short Medium Long  Avg
Human Performance | 91.6 87.3 84.0 88.3
Pure Text as Input

GPT-4o(Hurst et al., 2024) - 182 31.6 18.1  20.7
Gemini-1.5-pro(Team et al., 2024) - 12.0 19.6 12.7 13.7
Qwen2-VL(Wang et al., 2024a) 7B 31.5 38.6 247 308
InternVL2.5(Chen et al., 2024d) 8B 26.0 35.6 262 279
Closed Models

GPT-4o(Hurst et al., 2024) - 67.3 70.8 593 654
GPT-40-mini(Hurst et al., 2024) - 56.2 65.3 51.1 563
Gemini-1.5-pro(Team et al., 2024) - 653 82.3 641 679
Gemini-1.5-Flash(Team et al., 2024) - 55.1 69.8 524 573
General Open Models

LLaVA-NeXT(Liu et al., 2024a) 7B 47.0 47.1 43.8  46.0
LLaVA-NeXT-INST-IT(Peng et al., 2024) 7B 48.6 51.1 39.5 463
PLLaVA(Xu et al., 2024) 7B 43.8 48.9 38.1  43.0
LLaVA-OV(Li et al., 2024a) 7B 51.6 57.3 427 499
VideoLLaMA2(Cheng et al., 2024) 7B 46.8 48.9 348 434
ShareGPT4Video(Chen et al., 2024c) 8B 45.4 41.8 324 406
mPLUG-Owl3(Ye et al., 2024) 7B 56.1 65.8 443 543
LLaVA-Video(Zhang et al., 2024) 7B 575 59.1 408 52,6
MiniCPM-V 2.6(Yao et al., 2024) 8B 47.5 56.9 435 48.0
InternVL2(Chen et al., 2024e) 8B 44.0 50.2 362 427
InternVL2.5(Chen et al., 2024d) 8B 46.2 43.1 384 432
Qwen2-VL(Wang et al., 2024a) 7B 533 54.6 440 50.7

Below we summarize our key findings as follows:

Expert models demonstrate mediocre perfor-
mance. LLaVA-NeXT-INST-IT fine-tunes on a
visual prompt dataset derived from LLaVA-NeXT.
However, it achieves only a marginal improvement
of 0.3% over LLaVA-NeXT’s 46.0%, suggesting
that the fine-tuning process is nearly ineffective.
We attribute this to the model’s inadequate robust-
ness and comprehensiveness in video sources, as
well as its reliance on a single type of visual prompt
(SoM only), which constrains the model’s general-
ization capabilities.

Even the most powerful closed-source models
perform poorly on our benchmark. In the evalua-
tion results, closed-source models GPT-40 (Hurst
etal., 2024) and Gemini-1.5-Pro (Team et al., 2024)
achieve only 65.4% and 67.0%, respectively, re-
maining a significant gap compared to human ex-
perts, which stand at 88.3%.

Some powerful LVLMs struggle on our bench-
mark. Some of the state-of-the-art LVLMs, such
as the InternVL series, perform poorly on our V2P-
Bench, with InternVL2 (Chen et al., 2024¢) and
InternVL2.5 (Chen et al., 2024d) achieving only
42.7% and 43.2%, respectively. We speculate that
this may be due to the InternVL series not being
trained on datasets relevant to visual prompts or
their inability to adapt to the data organization for-
mat that grounds temporal and spatial cues from
visual prompt frames to the original video.

General models can comprehend visual
prompts without prior training. Excluding closed-
source models, all open-source models, except
for LLaVA-NeXT-INST-IT, have not undergone
specialized training for visual prompts. How-
ever, experimental results indicate that they per-
form reasonably well on V2P-Bench, suggest-
ing that general video understanding capabili-
ties can be partially transferred to understanding
video visual prompts. The strongest open-source



model mPLUG-OwI3 achieves 54.3%, slightly be-
hind GPT-40-Mini and Gemini-1.5-Flash; while
the weakest model ShareGPT4Video also attains
40.6%, which is 15.6% higher than the baseline of
random guessing.

Some dimensions are quite challenging. V2P-
Bench requires models to not only understand
visual prompts but to make reasoned judgments
based on the video and accompanying questions.
The results indicate that models underperform
in specific areas, such as Object Direction, Gen-
eral Counting, and Action Sequence, with optimal
scores of only 41.3%, 52.1%, and 50.0%, respec-
tively. These tasks are relatively abstract and place
high demands on the models. Additionally, sev-
eral open-source models achieve performance lev-
els that approach or even surpass those of closed-
source models, highlighting the considerable po-
tential of open-source approaches.

Performance on short videos is unexpectedly
poor. In Table 3, we categorize all videos into
short, medium, and long durations and report the
models’ performance across different lengths. We
observe that all closed-source models and some
open-source models perform worse on short than
on medium-length videos. This can be attributed to
the fact that over half of the videos in short videos
originates from Perception Test (Patraucean et al.,
2024), MVBench (Li et al., 2024c), and TVBench
(Cores et al., 2024), which feature numerous chal-
lenging abstract questions related to sequences and
frequencies. Long videos generally exhibit a con-
sistent trend, with all models showing lower perfor-
mance on long videos compared to both short and
medium-length videos.

4.3 Extra Findings

Due to the specificity of visual prompt frames, we
conduct an extra experiment on different data for-
mats, as there is currently no research on it. Based
on the different positions of the visual prompt
frames, data can be organized as Retrieval and
Needle. Retrieval refers to the sequential input of
the original video, questions, and visual prompt
frames; while Needle refers to embedding the vi-
sual prompt frames into the video. We annotate
265 timestamped data entries, and replace the vi-
sual prompt frames with their nearest neighbor-
ing frames based on the timestamps during pre-
processing process, thus ensuring the presence of
the visual prompt frames.

We conduct evaluations on GPT-40 and Gemini-

Performance of GPT-40 in two data formats
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Figure 5: Results on two data formats. Retrieval refers
to the sequential input of the original video, questions,
and visual prompt frames; Needle refers to embedding
the visual prompt frames into the video.

1.5-Pro. As shown in Figure 5, both models exhibit
slightly better performance in the Retrieval format
compared to Needle format. Considering model
performance and convenience of dataset release
process, we opt for Retrieval format to construct
V2P-Bench.

5 Conclusion

In this study, we introduce V2P-Bench, a com-
prehensive benchmark to evaluate the video un-
derstanding capabilities of LVLMs utilizing vi-
sual prompts in human-model interaction scenarios.
Our dataset defines 5 main tasks and 12 dimen-
sions, contains 980 unique videos, 1172 QA pairs,
covering 20 video categories and a diverse range of
videos. We conduct extensive experiments on V2P-
Bench with 16 models, including 4 closed-source
models and 12 open-source models. The experi-
mental results indicate that even the most power-
ful model Gemini-1.5-Pro achieves only 67.9%, in
stark contrast to the 88.3% demonstrated by human
experts, highlighting a significant disparity. We aim
to establish the V2P-Bench to advance the develop-
ment of LVLMs in the field of video understanding
and multimodal human-model interaction.



Limitations

Although our V2P-Bench comprehensively evalu-
ates the capabilities of LVLMs in video-language
understanding with visual prompts for multimodal
human-model interaction, it only focuses on vi-
sual and textual inputs, lacking audio input, and
supports evaluations only on offline videos, which
leaves a gap compared to the ultimate form of
multimodal human-model interaction in real world.
We plan to develop a fully multimodal real-time
human-model interaction benchmark in the future.
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A Elaboration on Dimensions

Table 4 presents detailed information on the five
main tasks and twelve dimensions of V2P-Bench.

B Examples of V2P-Bench

We show some examples of V2P-Bench from Fig-
ure 6 to Figure 12. The ground-truth answer is
highlighted in green.



Table 4: Our proposed 5 main tasks and 12 dimensions with explanation.

Perception

Object Attribute

This dimension evaluates the model’s ability to perceive the visual and motion attributes
of objects indicated by visual prompts, such as color, shape, position, and movement.

Human Attribute

This dimension evaluates the model’s ability to recognize the actions and attributes
of individuals indicated by visual prompts, such as their activities, clothing, and
appearance.

Object Direction

This dimension examines the model’s ability to perceive and interpret the motion
trajectory of objects pointed by visual prompts, with a particular focus on movement
direction.

Feature Mapping

This dimension examines the model’s capability to extract distinctive features of objects
indicated by visual prompts and consistently track them across the entire video.

Reasoning

Causal Relationship

This dimension assesses the model’s ability to perceive the causal relationships between
actions and events, identifying the underlying intentions of actions and the causes of
subsequent events. The visual prompt points to the action executor.

Plot Understanding

This dimension examines the model’s ability to analyze narrative progression and
logically infer subsequent developments based on the given plot. The visual prompt
executes the protagonist of the plot.

Counterfactual Inference

This dimension evaluates the model’s ability to reason under hypothetical scenarios
that deviate from the actual video content, with visual prompts guiding the deviation,
assessing its capacity to infer potential outcomes based on counterfactual assumptions.

Temporal

Forward Temporal

This dimension assesses the model’s ability to accurately locate the visual prompt and
track subsequent events that follow the natural chronological order of the video.

Reverse Temporal

This dimension evaluates the model’s capacity to comprehend the temporal structure
of the video by identifying events that precede the visual prompt, demonstrating an
understanding of temporal precedence.

Action Sequence

This dimension evaluates the model’s ability to grasp the overall temporal flow of the
video, particularly in understanding and reasoning about the temporal dynamics of
multiple action sequences of individuals or objects, as indicated by visual prompts.

Spatial

Spatial Relationship

This dimension assesses the model’s ability to discern and comprehend the spatial
relationships between instances highlighted by visual prompts within the video scene.

Counting

General Counting

This dimension evaluates the model’s ability to perceive and accurately count repeated
actions or objects within the video, as indicated by visual prompts, testing its capacity
for detailed content understanding and comprehensive scene analysis.
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What letter is inside
the rectangle?

What is the target
with red mask outline?

(A) Cheese, (A) Matches.
(B) Bread. (B) Poker.
(C) Cucumber. (C) Fire.

(D) Ketchup. (D) Stop.

Figure 6: Examples of V2P-Bench in Object Attribute dimension.

HA | MLVU | Movie HA | MLVV | Animation

0:25

; ; What is a cartoon
nv.:/;:..izg 'gyftﬁew;ﬂzcjv . A | chgr‘ac'rgr with a red dot
dot conjure up? doing Iymg.on the bed?
A: Flame. (A) Watching TV.

B: Flower. (B) Chatting.
C: Wine. B S AN (C) Playing games.
D: Food. (D) Sleeping.

Figure 7: Examples of V2P-Bench in Human Attribute dimension.

OD | MSRVTT-QA | Variety Show OD | TVBench | Scripted
0:04

0:01

What direction do the Which direction does the
circled people walk in? object in the red box move

A) Spinning in circles. in the video?
) Spimning (A) Up and to the right.

(5) f;“g "‘::‘ (B) Up and to the left.
(€) Go back. (€) Down and to the left,
L el e, (D) Down and to the right.

Figure 8: Examples of V2P-Bench in Object Direction dimension.

FM | MVBench | Scripted FM | MSRVTT-QA | Fashion
0:07

0:01

How many items in the
video have the same shape
as the circled object?

Which person is the
one standing in the
front at the beginning?

(A)0 (A)1
(B)1 (B2
(W) Pkl o o ©3
(D)3 (D)4

Figure 9: Examples of V2P-Bench in Feature Mapping dimension.
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CR | Perception_Test | Scripted CR | LVBench | Sports
0:14 15:06

Why is the person highlighted
with the arrow so sad?
(A) His team is goaled in by

What purpose does the
object inside the box serve

in the video?

(A) Providing hot water. Germfln. .

(B) Providing sugar-. (B) His header doesn't result
(C) Providing tea leaves. ina 9°<{|—

(D) Has no effect. (C) He is fouled by others.

(D) He fouls.

Figure 10: Examples of V2P-Bench in Causal Relationship dimension.

PU | EgoSchema | Egocentric
0:36

Considering the interactions between
Why are the two people marked in } cameraer and the woman in the box, how
red boxes surrounded by armed men? ” T & would you describe the overall dynamics
(A) Because they hadia fight between them throughout the video?
(B) Because Theg killed sogmez;ne (A) Cameraer and the woman are arguing.

i« (B) Cameraer and the woman are giving each
(C) Because they triggered the alarm § other directions.
device.

(C) Cameraer and the woman are flirting.
(D) Because they robbed. (D) Cameraer and the woman are having a
friendly conversation.

Figure 11: Examples of V2P-Bench in Plot Understanding dimension.

CI | MVBench | Scripted CI | NExT-QA | Life
0:15

0:02

Which of the following will happen if the
object in the red box is removed?
(A) The cyan rubber object and the blue

What might happen if you take
away the white object that the

cube collide. arrow is pointing to?

(B) The brown cube collides with the (A) The girl won't be able to eat.
metal cube. (B) The girl will get their clothes
(C) The cyan rubber object and the metal dirty.

c;b?rﬁonlde. Cber cube calides with (€) This girl will lose her balance.
(D) The cyan rubber cube collides wi (D) Will make girls cry.

the sphere.

Figure 12: Examples of V2P-Bench in Counterfactual Inference dimension.

FT | Video-MME | VLOG FT | LVBench | Music

What did the person in the
video do after picking up the

* " object pointed by the arrow?
o

What happens after the person
highlighted by the scribble
performs?

Open and eaft, . .
(B) Separ'ch for information on (A) The blocked judge lies down.
= his phone. (B) Justina lies down.

= = (C) Throw it on the ground. (C) The blocked j‘udge s'fands up.
(D) Put it in the refrigerator. (D) The blocked judge sits down.

Figure 13: Examples of V2P-Bench in Forward Temporal dimension.
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RT | NExT-QA | Life RT | MLVU | Animation

1:48

What did the cartoon character
marked in the yellow box do
before giving the speech?

(A) Squatted down.

(B) Took a deep breath.

(C) Went for a walk.

(D) Cleared its throat.

What did the selected person
do before the performance?
(A) talk to the crowd.

(B) run.

(€) slide down.

(D) move closely to the camera.

Figure 14: Examples of V2P-Bench in Reverse Temporal dimension.

AS | VCGBench® | Cooking AS | Perception_Test | Scripted
. :02

There are three different In the sequence of actions,
ingredients marked with contour what position is the event of

lines on the plate. What is the icking up the object in the
. ) P g up J
order in which they were cut? red box?

i (A)Pink, yellow, blue. (A) L.
© (B) Yellow, pink, blue. . (B) 3.
(C) Blue, pink, yellow. (€) 5.

(D) Blue, yellow, pink. D)7.

Figure 15: Examples of V2P-Bench in Action Sequence dimension.

SR | MSRVTT-QA | Variety Show SR | Video-MME | Egocentric
0:03

30:04

How many people are
sitting on the left side
of the person in the

What is inside the object
marked with a red dot?

detection frame? (A) Pottery.
(A) 1. (B) Books.
8z (€) Food.

©) 3. (D) Cell phones.

(D) 4.
Figure 16: Examples of V2P-Bench in Spatial Relationship dimension.

G6C | NExT-QA | Life GC | Video-MME | Sports
0:14

8:11

How many balls does the
woman marked with a
blue doodle pitch?

(A) 5.

(B) 4.

(©) 3.

(D) She is just sitting
and does not pitch a ball.

In the video, how many
\/| arrows did the woman in
the detection box shoot?
g (A) L

" (B) 3.

(€) 5.
) 7.

Figure 17: Examples of V2P-Bench in General Counting dimension.
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