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Abstract

Long video understanding poses unique challenges due
to their temporal complexity and low information den-
sity. Recent works address this task by sampling numer-
ous frames or incorporating auxiliary tools using LLMs,
both of which result in high computational costs. In this
work, we introduce a curiosity-driven video agent with
self-exploration capability, dubbed as “VCA”. Built upon
VLMs, VCA autonomously navigates video segments and
efficiently builds a comprehensive understanding of com-
plex video sequences. Instead of directly sampling frames,
VCA employs a tree-search structure to explore video seg-
ments and collect frames. Rather than relying on external
feedback or reward, VCA leverages VLM’s self-generated
intrinsic reward to guide its exploration, enabling it to cap-
ture the most crucial information for reasoning. Experimen-
tal results on multiple long video benchmarks demonstrate
our approach’s superior effectiveness and efficiency.

1. Introduction

There is a growing demand for developing long-form video
understanding techniques [48, 69] capable of extracting
valuable information from extended visual narratives, such
as surveillance footage, documentaries, and instructional
videos. Analyzing these videos [53, 71], which can range
from minutes to hours, requires models that can process
multimodal data and perform reasoning over extremely long
sequences [4, 31, 60].

Previous works commonly utilize two-stream networks
to capture spatial and temporal information [18, 19] or in-
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Figure 1. Accuracy v.s. Computation Cost and Number of
Observed Frames. Compared to baselines, our agent demon-
strates superior performance with higher efficiency (observing
fewer frames and incurring comparable or lower computational
cost) on EgoSchema, using both GPT-40 and Qwen2-VL-72B.

troduce 3D operations [8, 57]. Recent approach [32, 75]
leverages the long-sequence reasoning capabilities of Large
Language Models (LLMs) [ 1, 64] for long-form video ques-
tion answering, often by converting videos into densely
and uniformly sampled frames [33, 38, 55]. However, this
approach is usually inefficient due to the inherent imbal-
ance and varying information density across video seg-
ments [61, 78]. Some segments are rich in critical details
necessary for answering questions, while others contain
only trivial information [66]. Uniform sampling [49, 60],
which might focus on redundant frames that increase the
computational burden and may overlook frames with essen-
tial information, often fails to efficiently utilize the video’s
dynamic structure for question answering [17, 62].

To address this limitation, recent approaches [29, 34, 36,
68] employ complex architectures [63, 85] or specialized
preprocessing techniques [44, 65] to improve the efficiency
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of long video content processing. These methods [62, 66]
often convert videos into text by captioning densely sam-
pled frames or incorporating memory modules [5, 17, 39]
to store essential information. However, these approaches
still incur significant computational costs. For example,
captioning an hour-long video with Qwen2-VL-72B at just
1 fps requires over 3 hours on a single H100. Addition-
ally, these methods [12] identify key frames based on image
similarity rather than a holistic understanding of the video
content, which can result in missing relevant video features.
This necessitates the need for an efficient and scalable solu-
tion for long-form video understanding.

In this work, we introduce VCA, a curiosity-driven agent
inspired by how humans tackle the long video understand-
ing task. Given a question, human is usually intrinsically
motivated to identify relevant information in the video with-
out external knowledge. In practise, human tends to build
a global understanding of the video, then curiously zoom
in to explore specific sections in greater detail. Motivated
by this process, we propose a novel video agent framework,
dubbed as “VCA”, to emulate such behavior. VCA treats
the video as an environment to explore, actively navigat-
ing its contents and identifying segments that merit deeper
analysis. VCA incorporates three essential techniques:
(1) Tree-search Exploration: Rather than selecting specific
frames [62], VCA uses a tree-search structure to adaptively
explore the video segments in a structured way. (2) Reward
Model: VCA leverages an intrinsic reward scoring mech-
anism to guide exploration toward the segments most rele-
vant to the query. (3) Memory Management: VCA employs
a fixed memory buffer to store key information and discard
irrelevant frames, effectively reducing computational costs
and avoiding memory overflow. The key difference between
VCA and prior works is outlined in Fig. 2. Extensive ex-
periments and superior performance across multiple bench-
marks demonstrate that our proposed VCA framework sig-
nificantly improves an agent’s effectiveness and efficiency
in reasoning over extended video content. More concretely,
our contributions are threefold,

* VCA is a long video understanding agent that can self-
explore the most informative video segments based on its
intrinsic reward, without relying on any auxiliary tools.

* VCA is easy to implement, training-free, and is flexible
to integrate with any vision-language model.

* As highlighted in Fig. I, VCA outperforms existing base-
lines while observing fewer frames and incurring com-
parable or lower computational cost, demonstrating both
effectiveness and efficiency.
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Figure 2. Comparison of VCA with prior works. Difference-1:
When answering a query, VCA uniformly samples (a few) frames,
whereas previous methods (e.g., VideoTree) require captioning
each frame for subsequent image retrieval, which can be com-
putationally expensive for long videos. Difference-2: previous
methods rely on image similarity to locate key frames, potentially
losing important video features. In contrast, VCA uses segment-
level exploration to identify the most informative segments.

2. Related Work

2.1. Long-context Multi-modal Agents

Large multi-modal models (LMMs) [2, 6, 9, 35, 54] have
demonstrated promising performance in addressing com-
plex multimodal tasks [20, 45, 49, 81]. However, these
LMMs typically lack self-directed exploration capabilities
required for handling more tricky tasks [24, 74]. To bridge
this gap, multimodal agents are designed to enhance LMMs
with the ability to autonomously make decisions and ex-
ecute tasks within specific environments [15, 73], such as
interpreting visual cues and text prompts to make real-time
decisions within websites [28, 76].

A key feature of multimodal agents is their long-context
capability [84], i.e., the ability to process and utilize in-
formation across extended periods to make informed deci-
sions [26]. An example of this is vision-language model
(VLM) agents for video understanding tasks. Despite their
advancements, even sophisticated VLM agents struggle to
extract crucial information and perform effective reasoning
over lengthy inputs [62, 79]. Therefore, efficiently extract-
ing essential information and making informed decisions
remains a primary challenge. This work aims to address
this challenge by enabling agents to self-explore the envi-
ronment and self-gather the most relevant information to
efficiently solve video-understanding tasks.

2.2. Long Video Understanding

Early deep learning models for video understanding pri-
marily followed two main approaches [52]. One uses two-
stream networks [18, 19, 42, 58] to integrate spatial and mo-
tion information, while the second focuses on 3D CNNs [8,
57, 72] for spatial-temporal feature extraction. Vision
Transformers [14] then introduce self-attention mechanisms
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Figure 3. Pipeline of VCA Framework. First, the reward model predicts the relevance scores of each segment. Next, the memory buffer
is updated by adding new frames and discarding irrelevant ones. Finally, emulating human reasoning, the agent actively selects segments

to explore until the correct answer is found.

to handle temporal modeling more effectively [3, 7, 16].
Methods with self-supervised pre-training [50, 56, 86] ex-
hibit transferability across different tasks and achieve more
robust video understanding performance.

Multimodal LLM [22, 59, 83] shows strong capabili-
ties in video understanding tasks, but efficiently process-
ing information within a prolonged video environment is
the key challenge. Recent approaches often use frame sam-
pling [32, 46, 63, 75, 77] and feature extraction [27, 49, 51,
70] to reduce computational costs. Frame sampling selects
a subset of frames, which risks missing essential context in
lengthy videos, where transitions and subtle cues may be
easily neglected. Additionally, processing entire video se-
quences as tokens presents significant memory and compu-
tational challenges [11, 43, 64, 80].

Recent work has explored auxiliary techniques and mod-
ules to improve efficiency, such as pre-extracted content like
captions [44, 62], multimodal summaries [40, 65], and com-
binations of various auxiliary tools [17, 30]. However, these
tools introduce additional computational and memory costs.
Moreover, some approaches still require traversing the en-
tire video content [17]. Notably, VideoTree [66] requires
captioning every frame in the video, making it prohibitively
expensive. In contrast, our VCA can solve the task using a
single VLM, without relying on any supplementary tools.
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3. Method

Inspired by human reasoning, we introduce a self-
exploration agent that adaptively navigates video environ-
ments. Unlike approaches that depend on dense frame
sampling or captioning [62], which require VLMs to pro-
cess numerous frames, our agent analyzes videos iteratively
within a limited context window in a process we call self-
exploration. This approach allows essential information to
be extracted from long videos in a coarse-to-fine manner.

Specifically, we propose a segment-based tree-search ex-
ploration structure. Given a video v and a user query ¢, the
agent 7 begins by randomly sampling N frames { f};}il
to obtain an initial overview of the content in each video
segment v; € {vz}f\gl The agent then decides whether
additional exploration is needed to answer the query. If fur-
ther investigation is necessary, the agent selects a specific
segment s* € {vl}f\gl for deeper exploration until suffi-
cient information is gathered to respond to the query.

Nevertheless, a one-hour movie typically contains ap-
proximately 86,400 frames, posing a challenge for current
VLM-based agents to efficiently identify the most relevant
segment [17, 62, 66]. Moreover, even with a small N, con-
ducting multiple rounds of exploration accumulates a sub-
stantial number of frames, leading to high computational
costs. To address these issues, we introduce a reward model
R to guide the agent’s exploration and propose a memory



buffer M to reduce storage and inference costs.

In this section, we first explain how the reward model as-
sists the agent throughout the exploration process (Sec. 3.1).
Then we introduce our memory management strategy in
Sec. 3.2. Finally, we explain how VCA adaptively explores
the video using a segment-based tree structure (Sec. 3.3).

3.1. Reward Model

With the segment-based tree-search exploration, the agent
is required to select the most informative video segment for
exploration at each step. However, we observe that current
VLM-based agents struggle to independently identify opti-
mal exploration paths (see Sec. 4.3). To this end, inspired by
the selective attention mechanism in human cognition [13],
we incorporate a reward model R to guide the agent’s se-
lection process, i.e., the agent will gain a higher reward if it
plans to take the action to explore more relevant segment.
Specifically, during the exploration of a current selected
segment s*, the reward model observes a set of frames

{fi }ivzl sampled from s*. These frames { fi. }]\;1 then

7
form finer sub-segments {s} = [l;*,l:fl]}j\:;l,
and [“T! represent the indices of the beginning and end
frame of the sub-segment, respectively. The reward model
aims to generate a reward score for each sub-segment
{s; }f\gl based on its relevance to the user query q. We
utilize chain-of-thoughts [67] technique to let the reward
model provide a verbal explanation of each segment and
then generate a relevant score, i.e., {ts;s;rsz}f\:;l. Ad-
ditionally, to maintain consistency across different explo-
ration steps, we incorporate the reward history H, from
previous steps alongside the new segments during evalua-
tion. A simplified prompt template for the reward model is

presented here, with detailed prompts in Appendix ??.

Reward Model Prompt (Simplified)

Given:
H,., reward score history in previous steps.

where [°.

{ fi }i]il, newly sampled frames from current seg-
ment s*.

Please first explain each sub-segment {s:‘}i\:{l and
then assign a relevance score of each sub-segment
to the user query q.

In practice, rather than training a separate specialized
model, we utilize a same VLM-based agent to function as
the reward model. While the reward model R and explo-
ration agent 7 serve distinct purposes, both can be imple-
mented using the same model. In this work, we employ a
single VLM-based agent for both roles across different set-
tings, providing a neat and efficient agent framework that
is guided by its self-generated intrinsic reward and without

relying on auxiliary models or tools.

3.2. Memory Management

As exploration proceeds over multiple rounds, the accumu-
lation of frames can lead to significant computational costs
for long videos, even when NN is small. However, as il-
lustrated in Fig. 2, they tend to gradually disregard irrel-
evant frames, especially from earlier steps, retaining only
the most crucial information in their working memory for
later analysis. Inspired by this, we introduce a fixed-size
memory buffer M that stores only the most relevant frames
throughout exploration.

Specifically, when the agent 7 explores a video seg-

ment s*, the associated frames { fL. }f\il are added to the
memory buffer. If the total number of frames exceeds the
buffer limit, irrelevant frames are removed based on rele-
vance scores 7's: defined in Sec. 3.1. We discard the frames
with the lowest scores and only retain the most relevant
ones. While these less relevant frames are removed, their
visual information is extracted and encoded as text descrip-
tions {ts; }fil within the exploration history H,., allow-
ing the reward model to utilize. This memory manage-
ment strategy enables the agent to conduct reasoning within
a fixed resource limit, regardless of the exploration trajec-
tory’s length, thereby preventing excessive memory usage.

3.3. Tree-Search Exploration

Inspired by humans adaptively focusing on different video
segments during exploration rather than targeting specific
frames directly, our proposed agent VCA treats the video as
an unexplored environment, where each segment represents
a node on an exploration tree. Given the entire video as the
root node, the agent’s goal is to efficiently identify an opti-
mal short path leading to a leaf node (segment) containing
the most informative content needed to answer the query.

At each step, the agent 7 receives both textual and visual
guidance: a set of candidate segments .S, which includes a
collection of segments with associated reward scores, and a
memory buffer M containing multiple frames. If the agent
has gathered sufficient information to answer the user’s
query ¢, it directly generates a response a. Otherwise, it
continues exploring by selecting a specific segment s* € S
to expand the tree based on reward scores.

However, due to the limited capacity of current foun-
dational models, these reward scores are not always accu-
rate (see further analysis in Sec. 5.3). Selecting segments
based on reward scores in a purely greedy manner can po-
tentially lead to a suboptimal solution. Instead, we use the
reward scores as guidance for agent 7, allowing it to make
the final segment selection independently. In this case, the
agent is not forced to select the segment with the highest
reward, balancing the exploitation and exploration. More
importantly, the candidate set .S includes both unexplored
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coarse segments from prior steps and fine-grained segments
from the current step, enabling the agent to backtrack and
select earlier segments if it detects that the current explo-
ration path may be suboptimal. Below are the simplified
prompts. The full prompt is provided in Appendix ??.

Exploration Agent Prompt (Simplified)

Given:

Candidate segments set: S

Frames in Memory buffer: M

Please choose one segment to explore based on the
query g. Output answer if you have gathered suffi-
cient information.

The overall framework of our proposed method is sum-
marized in Algo. 1. Leveraging a tree-search exploration
technique boosted with a reward model and a memory
buffer, our self-exploration agent adaptively and efficiently
explores the video like a human. Empirical results in
Sec. 4.3 further validate the effectiveness of our tree-search
exploration over naive frame selection methods.

4. Experiments

4.1. Experimental Settings

Benchmark. We mainly evaluate VCA on two long-term
video question-answering benchmarks. EgoSchema [41]
is an egocentric video dataset sourced from Ego4D [21],
with a duration of 180 seconds. Here we use the validation
set of 500 QA pairs. LVBench [61] covers about 1,500
samples for evaluation of reasoning abilities from high-
quality videos over 30 minutes in length. We also conduct
experiments on other relevant benchmark datasets in Ap-
pendix ??.

Baselines. We compare with most relevant baselines to
our work, including state-of-the-art open-source Video-
LLMs [10, 23, 37,47, 59, 82], the close-source model GPT-
4o [25], and agent-based systems [44, 62, 66]. For video
models, we report the results obtained with uniform sam-
pling frames, while for the agent-based systems, we follow
their official implementation with GPT-40 [25], consistent
with VCA'’s setup to ensure a fair comparison.

Implementation Details. In this work, we use the same
model for the exploration agent and the reward model. Un-
less otherwise stated, all experiments were performed us-
ing the August 2024 version of gpt -4 o as the base model,
leveraging the OpenAl LLM API service' with a temper-
ature of 0.5. We set memory buffer sizes set to 8 and 16
frames for EgoSchema and LVBench, respectively. Further
implementation details are provided in Appendix 2?.

Algorithm 1 VCA: Video Curious Agent

Require: Video environment v, question g, agent 7, reward
model R, memory buffer M, candidate segments set .9,
reward score history H,, sampling frame number V.

Ensure: Answer a

1: Initialize selected segment s* <— v

2: Initialize candidate segments set S < ()
3: Initialize memory buffer M < ()
4: Initialize reward score history H,. < ()
5. continue ¢« true
6: while continue do
7: # Sampling frames & form segments
- iAWY 1s N o UniformSample(s*
8: {fs*}izl,{si };-; ¢ UniformSample(s*)
9: # Scoring each segment
. N+1 N+1 | VN
10: {tsf ’ rSf }i:1 — R<{S:}z’=1 4, {f;* }1'21 7H7‘)
11: # Update candidate segment set
N N+1
122 S« SU {si Ty }izl
13: # Update history with thoughts
N+1
14 H.+ H.U {ts;;rs; }Z:;
15: # Update memory with frames
YN
16: M « UpdateMemory(M, { fi.}._,;5)
17: # Output answer or select segment
18 a,s + 7(q,S; M)
19: ifa = () then
20: # Continue exploration
21: s¥ <+ s
22:  else
23 continue <« false
24:  end if

25: end while
26: return a

4.2. Experimental Results

The experimental results on LVBench and EgoSchema are
presented in Tab. 2 and Tab. 1, respectively. By adaptively
focusing on critical segments rather than scanning the entire
video, our agent not only achieves stronger performance but
also incurs less computational cost. With less than 30% of
the frames, VCA achieves substantial improvements over
directly feeding uniformly sampled frames into GPT-4o.
Specifically, we observe performance gains of 3.2% on the
EgoSchema subset and 6.6% on LVBench. Significant in-
creases in the Event Understanding and Temporal Ground-
ing domains further underscore our effectiveness in identi-
fying crucial segments within long videos.

Furthermore, we compare our framework with recently
proposed SOTA video agent systems, VideoAgent [62] and
VideoTree [66]. For a fair comparison, we re-implement
both frameworks using GPT-40 for all reasoning compo-
nents, consistent with our setup. However, captioning all

Ihtt ps://platform.openai.com/docs/models
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Method Frames ER EU KIR TG Rea Sum Avg.
TimeChat™* [47] > 96 219 217 259 227 250 241 223
LLaVA-NeXT* [83] 32 30.1 312 341 314 350 27.6 322
InternVL2-40B™ [10] 16 374 397 434 314 425 414 398
GLM4V-Plus* [23] 20 399 358 348 377 40.0 328 383
GPT-40* [25] 64 359 30.8 355 283 335 345 347
VideoAgent! [62] Avg.255 280 303 28.0 293 280 364 293
VideoTree' [66] Avg. 1032 303 251 265 277 319 255 288
VCA (ours) Avg.20.0 43.7 40.7 378 38.0 462 273 413

Table 1. Experimental Results on LVBench. Results of methods marked with * are sourced from LVBench [61]. Methods marked with
T indicate implementations where GPT-4o serves as the main component. Our agent’s memory buffer size is set to 16 frames. We report
the average number of observed frames for agent-based methods, with the best performance highlighted in bold.

Method Frames Subset
8 69.0
~ 2

GPT-4o [25] 32 70.4
Avg. 8.1 63.2

VideoAgent' [62] Avg. 10.7 60.8
VideoTree [66]  Avg. 69.5 67.0
LVNet' [44] 12 68.2
VCA (ours) Avg. 7.2 73.6

Table 2. Experimental Results on EgoSchema. Methods marked
with T indicate implementations where GPT-4o is the main com-
ponent. The results of LVNet are from [44]. Our agent’s memory
buffer size is set to 8 frames. We report the average number of
observed frames, with the best performance highlighted in bold.

frames with GPT-4o is prohibitively expensive. Hence, fol-
lowing the baseline implementations, we use open-source
VLMs for captioning. A comparison using the same
model for all components is provided in Sec. 5.1. As
shown in Tab. 1, VCA outperforms all baselines over 5%
on EgoSchema, while requiring processing fewer frames.
These results suggest the limitations of dense captioning for
video preprocessing tasks, which can incur more computa-
tional costs while introducing more redundant information.
In contrast, our proposed memory management strategy ef-
fectively improves efficiency by only retaining the most
crucial information for reasoning. Similar insights can be
drawn from results on LVBench in Tab. 2. Additional re-
sults are provided in Appendix ??.

Moreover, we observe that VCA explores approximately
three times more frames on LVBench than on EgoSchema.
Recall that EgoSchema videos have an average duration of
180 seconds, while videos in LVBench extend to at least 30
minutes. This phenomenon suggests that our proposed tree-
search exploration technique actively explores the video
to locate the most relevant information and adaptively in-

EgoSchema LVBench
Method Frames Acc. Frames Acc.
VCA (ours) 7.2 73.6 20.0 41.3
- w/o Reward 7.5 72.6 22.2 39.5
- w/o Tree Search 10.2 69.8 39.9 36.2

Table 3. Ablation Study on EgoSchema and LVBench. Both the
tree-search exploration and reward model contribute significantly
to improvements in performance and efficiency. Detailed ablation
study results on LVBench are included in Appendix ??.

Buffer Size 8 16 32
Acc. 389 413 43.2

Table 4. Ablation Study of Buffer Size on LVBench. Increasing
the buffer size allows the model to observe more frames during
reasoning, leading to improved performance.

creases the exploration budget based on task complexity.
For example, VCA exhibits both exploitation and explo-
ration: when the agent determines that the current explo-
ration path is suboptimal, it backtracks to previous segments
to explore a new path (see Sec. 5.2). These empirical obser-
vations further validate the robustness and scalability of our
approach, especially in diverse long-video contexts.

4.3. Ablation Study

In this section, we conduct an ablation study to evaluate
the components of our agent. Results across both bench-
marks are presented in Tab. 3. As illustrated in the table,
performance consistently declines when the reward model
is removed, highlighting that the agent’s inherent reason-
ing ability alone is insufficient for accurately identifying the
most informative segments. This finding emphasizes the ef-
fectiveness of incorporating an intrinsic reward to guide the
agent’s segment selection process. A detailed analysis of
our reward model’s performance is provided in Sec. 5.3.
Additionally, we observe a significant performance drop
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Why does the mice run away?

(C) Because their boss is injured

(A) Because the black cat sheriff calls the police (B) Because they meet more powerful mice
(D) Because the owner of the house is back

oAl .

— —
0.7

Reward Model

Segment1: Thought: The segment shows a black cat with a gun, possibly
indicating a threat. This could suggest that the mice might run away due to the
presence of the cat, which aligns with option (A). Score: 0.7

gegmenﬂ: Thought: The segment features the black cat with a communication
device, possibly calling for help or backup. This aligns with option (A), suggesting
the mice might run because the cat is calling the police. Score: 0.8 . N

Agent ]

G -
Re=(-
07 0.3 0.4

Reward Model

Segment4.1: Thought: The segment shows a close-up of a document with red
text and exclamation marks, indicating urgency or importance. this could imply a <5
critical message or alert being communicated. Score: 0.7

Agent
Choice: {: 1

L

Reward Model

Segment1.2: Thought: The segment features mice characters in mid-air,
possibly fleeing or being thrown. this suggests a direct reaction to a threat,
supporting the idea that they are running away from the cat. Score: 0.8

Agent
Choice: {segment: 1.3}

Agent: Answer: A ]

Figure 4. Exploration Trajectory Example. The agent generally tends to select video segments with higher reward scores for exploration,
yet it can adaptively redirect to earlier segments, effectively balancing exploitation and exploration.

when the tree-search exploration technique is ablated,
i.e., the agent directly selects frame indices without the
segment-based tree structure. Interestingly, this modifica-
tion also results in a substantial increase in the average num-
ber of frames acquired, especially on LVBench. This indi-
cates that the agent struggles to locate the most crucial infor-
mation and consequently produces a longer but redundant
trajectory. These ablation study results validate the effec-
tiveness of the tree-search exploration framework assisted
by the reward model. Additionally, this underscores VCA
’s potential to achieve greater efficiency and improved per-
formance with more advanced VLMs and reward models.
Moreover, as shown in Tab. 4, increasing the memory
buffer size yields consistently improved performance for
VCA, demonstrating that our framework benefits from a
broader reasoning window while maintaining effectiveness
with fewer frames. Due to limited computation resources,
we only tested up to 32 frames; however, the upward trend
indicates the potential for gains with additional frames.

5. Analysis
5.1. Can VCA generalize to Open-source Models?

While VCA demonstrates strong performance using GPT-
40 as the base model, we also analyze whether these pos-
itive results can be extrapolated to open-source models.
We implement the VCA framework with Qwen2-VL-72B-
Instruct-GPTQ-Int4 [59] as both the exploration agent and
reward model, as well as the captioner for baselines. The
results in Tab. 5 reveal that, compared to directly feed-
ing uniformly sampled frames into Qwen2-VL, our frame-
work achieves higher accuracy on the EgoSchema bench-
mark despite using only about 60% of the frames. In con-
trast, VideoAgent performs significantly worse. Further-
more, our approach outperforms VideoTree with far fewer
frames. Notably, VideoTree employs clustering to build a
caption similarity-based tree structure for frame selection,
requiring caption generation for each frame. This process is
computationally expensive, demanding over 60 GPU hours
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Method Frames Subset

8 70.2
Qwen2-VL 32 74.2
VideoAgent Avg. 8.6 65.2
VideoTree Avg. 85.4 71.0
VCA (ours) Avg. 16.9 75.2

- w/ Image Reward Avg. 20.9 74.0

Table 5. Performance of Using Open-source Model on
EgoSchema. Our approach achieves higher accuracy with fewer
observed frames, showing consistency improvements over base-
line methods. Memory buffer size is set to 16 frames.

on a single H100, as shown in Fig. 1. These results further
underscore the robustness of VCA.

5.2. What’s the Exploration Behavior of VCA?

Here we present a real exploration trajectory from LVBench
to illustrate our agent’s decision-making process. As shown
in Fig. 4, given a user query, the reward model initially eval-
uates each segment’s relevance based on uniformly sampled
frames, and the agent selects the fourth segment, which has
the highest relevance score. However, upon further investi-
gation of segment 4, both the reward model and the agent
find it relatively irrelevant to the query. Rather than contin-
uing with it, the agent redirects its exploration to segment
1 in the last round. After selecting segment 1, the agent
chooses to investigate the third segment, despite the second
segment having the highest reward score. This behavior re-
flects VCA s ability to adaptively adjust its exploration tra-
jectory based on visual context rather than purely following
the reward score, resulting in a more robust system.

We also examine the limitations of VCA by analyz-
ing its failure cases, which fall into the following scenar-
ios: The most common failure occurs when the agent over-
looks subtle clues, resulting in an inaccurate response to the
user query even after prolonged exploration, particularly for
queries requiring specific visual details. Other failure cases
include instances where the agent is misled by inaccurate
reward scores or fails to provide the correct answer despite
observing key frames. Detailed cases and further discussion
are provided in the Appendix ??.

In addition, unlike previous methods, VCA employs a
segment-level exploration strategy instead of direct image
similarity to select key frames. To further investigate this
difference, we evaluate the performance of selecting the
segment whose start and end images have the highest vi-
sual relevance. As shown in Tab. 5, relying solely on image
relevance instead of inferring segment semantics results in
a performance drop on EgoSchema, confirming the effec-
tiveness of our segment-level exploration.
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Figure 5. Segment Selection Accuracy on LVBench. The y-axis
shows segment distance from ground truth; x-axis shows count
ratio. Red curves are fitted normal distributions. The reward-
guided agent selects segments closer to ground truth than the re-
ward model.

5.3. How Reliable is the Reward Model?

To further assess the capability of our reward model, we
visualize the matching accuracy between segments with the
highest reward scores and ground truth time references from
LVBench. The results are shown at the bottom of Fig. 5.
We observe that segment distances follow an approximately
normal distribution with a mean of 1.28, indicating that the
segment with the highest reward score often closely aligns
with the ground truth segment. This validates the reward
model’s effectiveness in providing meaningful guidance.
Additionally, as discussed in Sec 3.3, we encourage
the agent to make independent decisions when selecting
segments rather than blindly following reward scores in a
purely greedy manner. The benefit of this design choice
is demonstrated at the top of Fig. 5, where we present the
matching accuracy of the agent’s choices. Compared to the
greedy approach, the agent’s selections result in a sharper
distribution of segment distances, with an average distance
gap of —0.60, indicating closer alignment with the ground
truth. In summary, our reward model assigns reliable rel-
evance scores to segments, while the agent further refines
these choices to achieve even more accurate selections.

6. Conclusion

In this work, we propose a curiosity-driven video agent
framework for long video understanding tasks with self-
exploration capability. =~ VCA achieves state-of-the-art
performance and efficiency without relying on auxiliary
tools. Appendix ?? shows that improved reward guidance
could further boost results, highlighting the potential of syn-
thetic data and specialized reward models for future work.
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