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Abstract

The rising demand for long-video understand-
ing presents significant challenges due to mas-
sive information and complex temporal depen-
dencies. Direct processing with Large Visual
Language Models (VLMs) incurs high compu-
tational costs and risks information loss due to
frame sampling. Meanwhile, existing agent-
based methods often struggle with fragmented
contexts and the high overhead of iterative pro-
cessing. Therefore, we propose VideoNav,
which introduces a new paradigm of index-
centric navigation, reformulating video under-
standing as cost-aware structured query pro-
cessing. VideoNav decouples heavy perception
from online reasoning, including offline index
construction and online adaptive navigation. In
the offline phase, we transform unstructured
video data into a structured, multi-granular in-
dex tree. During the online phase, the frame-
work executes a top—down, coarse-to-fine nav-
igating strategy. Leveraging the LLM agents,
it efficiently locates relevant information and
answers the query with navigating guidance,
multi-level navigation, dual-path routing and vi-
sual inspection. Crucially, this adaptive mecha-
nism enables early termination when high-level
information suffices, minimizing redundant
computation. Extensive experiments across dif-
ferent benchmarks demonstrate the effective-
ness of our framework. VideoNav achieves
decent accuracy while delivering 2.5x-5.7 x
cost savings and a 2.9x-5.8 x speedup.

1 Introduction

Video content has become a prevalent information
medium (Tang et al., 2025), driving demand for au-
tomated video understanding in surveillance, con-
tent management, and interactive platforms. Long
videos, with their complex temporal dependencies
and massive information volume, pose significant
challenges (Wang et al., 2024a; Zhou et al., 2025;
Wang et al., 2025a).

Despite the impressive capabilities of recent
Large Visual Language Models (LVLMs or
VLMs) (Comanici et al., 2025; Bai et al., 2025;
Guo et al., 2025), deploying them directly for long
video processing poses several limitations (Fig-
ure 1). Directly inputting plenty of video frames
into a VLM incurs significant computational costs.
Furthermore, the context constraints of VLMs of-
ten force frame down-sampling, risking the loss of
critical visual details and decreased accuracy (Yang
et al., 2025b; Wang et al., 2025b).

To address these, agent-based frameworks have
emerged as a promising approach (Wang et al.,
2024a; Zuo et al., 2025; Zhang et al., 2025b).
They leverage Large Language Models (LLMs)
and VLMs to inspect frames, analyze informa-
tion, reflect processing and select next frame se-
quence (Figure 1). However, existing agent-based
approaches face two critical hurdles. First, many
frameworks execute analysis based on fragmented
frames, failing to capture the temporal relation-
ships, which are essential to understand causality
and global progression (Ren et al., 2025; Luo et al.,
2024). Second, these frameworks typically rely on
heavy online processing (e.g., iterative reflection or
complex tool-use loops) for each incoming query,
and the complexity of these operations often neces-
sitates the use of expensive leading LLMs (Zhang
et al., 2025b; Pang and Wang, 2025; Wang et al.,
2025¢). This combination leads to excessive la-
tency and token costs, ill-suited for frequent on-
line user queries. This motivates an efficient frame-
work, that can comprehensively capture video con-
tent and maintain an acceptable computational cost
for online deployment.

To this end, we propose a new paradigm that
reformulates video understanding as index-centric
query processing. The key idea is to decou-
ple heavy perception from adaptive reasoning
and structure the voluminous information. We
structure the video into a comprehensive index
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Figure 1: Comparison of video understanding
paradigms. Standard VLM inference processes a down-
sampled massive frame sequence. Agent frameworks
involve fragmented, costly loops. VideoNav introduces
index-centric navigation with multi-granular indexing
and adaptive navigation.

offline, via a one-time multi-modal perception
pass, encapsulating both global progression and
specific details. Then the online queries only re-
quire lightweight language-based reasoning and
navigation. This fundamentally differs from prior
agent methods that repeatedly invoke expensive
VLM perception online, where costs surge with a
large number of incoming queries. Guided by this
paradigm, we introduce VideoNav, a cost-aware
framework with two stages: offline index construc-
tion and online adaptive navigation.

In the offline stage, we construct a multi-granular
hierarchical index, capturing information at differ-
ent granularity (Figure 2). This four-level structure
retains raw frames at the base (L4), generates clip-
level textual descriptions (L3), aggregates clips into
semantic blocks (L2), and produces a global sum-
mary (L1). In the online stage, the framework
performs coarse-to-fine adaptive navigation. Upon
receiving a query, it first examines high-level infor-
mation. If specific details are needed, it locates rel-
evant clips via dual-path routing (time-range zoom-
ing and semantic matching), and invokes visual
inspection only when necessary. Critically, this
navigation process will adopt early termination, if
the information at higher levels suffices to answer
the user query.

Besides, to further enhance the reliability of the
index and improve the efficacy of navigation, we
introduce several optimization components, such
as context-aware construction, adjacent clustering,
and navigation guidance (more details in Section
3). Our experiments across multiple benchmarks

demonstrate that VideoNav achieves great accu-
racy while delivering 2.5x-5.7 x cost savings and
a2.9x-5.8x speedup.

In summary, we make the following contribu-
tions:

* We propose an index-centric paradigm that de-
couples offline multi-modal perception from on-
line language reasoning.

* We design and implement the VideoNav frame-
work, featuring hierarchical indexing and adap-
tive navigation, capable of handling diverse user
queries efficiently.

* We provide comprehensive experiments, demon-
strating that VideoNav advances the feasibility
of long-video understanding in practical settings.

2 Preliminary

Given a video V and a user query (), a video un-
derstanding framework should derive an accurate
answer A, covering tasks such as temporal ground-
ing, event understanding and summarization. A
video is always represented as a frame sequence
V ={f1,..., fr}. For long videos (30 minutes to
several hours), the massive volume of visual data
poses substantial challenges to VLMs.

Let K, denote the visual tokens per frame. Tak-
ing Qwen3-VL (Bai et al., 2025) as an example: a 2-
hour video at 2 FPS would yield T'=14400 frames,
each frame requiring K,=380 tokens and totaling
5.4M tokens, which far exceeds most VLMs’ con-
text limits. Even aggressive down-sampling to 384
frames still costs ~146k tokens per query, with
inevitable loss of critical visual details. This mo-
tivates our index-centric approach that balances
accuracy and cost.

3 Method

We present VideoNav, a flexible framework for effi-
cient long-video understanding. We first provide an
overview, then detail the offline index construction
(§3.2) and online adaptive navigation (§3.3).

3.1 Overview

Figure 2 illustrates the processing pipeline of
VideoNav. We reformulate the video understand-
ing as an index-centric query processing problem,
which consists of two decoupled phases: offline hi-
erarchical indexing and online adaptive navigation.
The hierarchical index tree serves as the bridge
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Figure 2: Overview of the VideoNav framework. Offline building forms a hierarchical index tree to represent video
content. In the online phase, VideoNav executes adaptive index navigation to efficiently resolve queries. More

detailed examples are shown in Fig 5 and Fig 6.

between these phases, allowing comprehensive per-
ception to be pre-computed while keeping the on-
line process lightweight and effective.

Offline Phase: Index Construction. Given
a long video, VideoNav transforms the unstruc-
tured data into a structured, multi-granular index
tree. Starting at the foundation, VideoNav retains
raw video frames (L4) and segments the video into
clips. It then leverages the VLM and ASR (au-
tomatic speech recognition) model to processes
visual and audio information, generating textual
descriptions and incorporating timestamp meta-
data, forming the clip level details (L3). To ensure
holistic understanding, VideoNav first synthesizes
a Global Summary (L) directly from these clip
details. After that, clips are clustered and sum-
marized into semantic blocks (L2). Crucially, this
block-level summarization is context-aware, utiliz-
ing the global summary as the context to ensure
alignment with the overall narrative. Finally, this
multi-granular structure, spanning from raw frames
to the global summary, serves as a tree-based index
that facilitates organized online information access.

Online Phase: Adaptive Navigation. The
online phase mirrors a human-like cognitive pro-
cess, adaptively executing a top-down, coarse-to-
fine navigation strategy governed by LLM agents.
Upon receiving a user query, a navigation guider
first analyzes the query with global summary to
formulate a high-level guidance. The high-level
navigator then analyzes block-level contents to de-
termine whether the current information is suffi-
cient to answer the query; if so, it terminates early

to save costs. If finer details are required, the LLM
navigator would output a zoomed time-range, pin-
pointing the potential location of relevant infor-
mation. VideoNav then invokes a dual-path rout-
ing mechanism, combining this target time-range
with semantic matching, to retrieve specific clip
details. After the detail navigator, if precise visual
evidence is required, the framework will trigger Vi-
sual Inspection, invoking the VLM to examine raw
frames. By dynamically proceeding the navigation,
VideoNav ensures comprehensive understanding
while reducing unnecessary computation.

3.2 Hierarchical Index Construction

VideoNav constructs a structured, four-layer hierar-
chical index offline, transforming unstructured data
into semantically organized textual representations
at varying granularities ({ L4, L3, Lo, L1}).

3.2.1 Clip-Level Multi-modal Description

At the foundational level, we segment the video
V into a sequence of fixed-duration clips C =
{c1,¢2,...,en}. For each clip ¢;, we perform
multi-modal alignment to generate a comprehen-
sive textual description. Specifically, we first em-
ploy an Automatic Speech Recognition (ASR)
model to extract the audio transcript 7;““‘1. To
enhance the semantic consistency, the visual de-
scription is generated by a VLM, conditioned on
both the visual frames f;, , fi,,. .., fi, and the cor-
responding audio context:

7?”'5 - VLM(fhafiw s 7fit ‘ 7;aud)
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This allows the VLM to ground visual entities with
cross-modal audio context. The final clip represen-
tation D; concatenates the audio transcript, visual
caption, and timestamp metadata.

We store clip details in a Key-Value store in-
dexed by timestamp ranges for temporal access,
and encode visual descriptions into vectors e; =
Enc(7;°*) in a vector database for semantic match-
ing.

3.2.2 Global Summarization

Prior to constructing the intermediate block level,
we first synthesize a global overview directly from
the foundational clip-level details. This top-level
context is essential for capturing the overall nar-
rative and serves as contextual guidance for the
subsequent block construction. Specifically, we
aggregate the textual descriptions of all clips D =
{D1,Ds, ..., Dy} and employ the LLM to gener-
ate the Global Summary S9':

§9% = LLM(Concat(D1, Da,...,Dy)) (1)

This summary functions as the root node (L),
encapsulating the video’s core themes and main
events, providing a global prior for both block con-
struction and online navigation.

3.2.3 Coherent Block Construction

Clip-level details are too voluminous to feed into
the LLM entirely, while purely retrieving top-k sim-
ilar clips disrupts temporal continuity. We therefore
construct a higher-level layer of Blocks by cluster-
ing semantically coherent and temporally adjacent
clips.

The clustering must satisfy: (1) Temporal Conti-
nuity: clips remain adjacent to preserve narrative
flow; (2) Information Balance: cluster count and
sizes should be balanced. However, LLM-based
clustering is expensive, and traditional methods
(e.g., K-Means) ignore these constraints.

Therefore, we propose an iterative adjacent
merging algorithm. We first determine the cluster
granularity: given N clips, we define the maximum
cluster capacity k and target cluster count M:

k=[VN]; M:ﬁﬂ, B=1) @

where (3 is a relaxation factor (empirically set to

1.2). Starting with each clip as its own cluster, we

iteratively merge adjacent pairs (B, Bj11) with

maximal cosine similarity, subject to capacity < k:
|Bj| " €B; + |Bj+1| "B

— 3
B, + 1By )

Enew

Merging stops when M clusters remain.

After that, we generate a summary for each clus-
ter, forming the block content. Instead of inde-
pendent processing, we leverage the pre-computed
Global Summary S9' as a context prior. This en-
sures the Context-Aware Construction, where
the block summary Sjl-’lk could be aligned with the
global narrative flow, reducing information bias:

Stk = LLM <{Di}iij | Sglb) @

This produces the mid-level context (Ls) that cap-
tures key entities and event progression while main-
taining global consistency.

3.3 Adaptive Cognitive Navigation

During the online phase, VideoNav resolves
queries through adaptive index navigation, employ-
ing an agent-based, coarse-to-fine strategy that tra-
verses the hierarchical index from root to leaves.

Formally, given the index tree with levels
{L1,...,L4} and a query (), navigation is a se-
quential decision process: at step ¢, the agent ob-
serves a state s; (comprising the query, the navi-
gation hint, and the index content accessed so far),
and then decides an action a; (e.g., seeking more in-
formation, inspecting the raw frames, or producing
the answer).

3.3.1 Query Guidance and High-Level
Navigation

Upon receiving a query (), VideoNav first in-
vokes a Navigation Guider that analyzes the query
intent using the Global Summary S9"*: H =
LLMyiqe (@, S9°).

This hint serves as a directive for subsequent nav-
igation agents. For example, given “where did they
go after swimming?”, the hint might be: “Locate
the swimming scene and inspect subsequent ac-
tions.” This guidance helps prioritize task-relevant
features and reduces decision errors when navigat-
ing massive data.

The framework then proceeds to High-Level
Navigation, where the LLM agent analyzes the
block-level summaries SYF = {S¥k . gUk}
with query @ and hint H, deciding the action
ahigh € {ANSWER, SEEK }.

If sufficient evidence exists (e.g., for event recog-
nition), the agent terminates early with answer A.
Otherwise, it predicts a focused temporal range
Riime (or () if ambiguous):
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(ANSWER, A), if info is sufficient
Output = ¢ (SEEK, Ryime), if time inferred
(SEEK, 0), otherwise
(&)
3.3.2 Dual-Path Retrieval and Detail
Navigation
For queries requiring fine-grained details,

VideoNav retrieves clip-level information via a

Dual-Path Retrieval mechanism:

* Path A: Time Range Zooming. Using the pre-
dicted Rime from high-level navigation, this
path selects corresponding clips Ciime, preserving
temporal order and causality that pure semantic
matching would lose.

» Path B: Semantic Matching. An LLM rewrites
the query into a retrieval-optimized form ¢/, then
retrieves top-k clips from the vector database.
This excels at identifying specific visual ele-
ments (e.g., “an old lady in a white shirt”).

* Candidate Merging. We select top-/N/2 clips
from each path, de-duplicate, and sort by times-
tamp. If Rime = 0, the full budget goes to
semantic matching.

With the retrieved clips, Detail Navigation an-
alyzes clip descriptions D; and determines to an-
swer or seek. If textual evidence suffices, the an-
swer is generated; otherwise, specific timestamps
(Tstart, Tend) are identified for visual inspection.

3.3.3 Frame-Level Inference

For identified timestamps, VideoNav retrieves raw
frames fr,,,,,:r.,, and invokes the VLM for Visual
Inspection:

A - VLM(Q7 fTstaT‘t:Tend7 I) (6)

where [ provides contextual information (times-
tamp and global summary). Thanks to the preced-
ing adaptive navigation, many queries are resolved
before this stage, and the VLM only processes a
small subset of task-relevant frames when needed.

As a fallback, if hierarchical navigation fails to
produce a confident answer, the system reverts to
standard VLM inference on a broader frame set,
ensuring robust performance.

4 Evaluation

4.1 Experimental Setups

Datasets and Metrics. We conduct experiments
on three video understanding benchmarks. LV-

Bench (Wang et al.,, 2025a) targets hour-long
videos with temporal grounding, key informa-
tion retrieval, and summarization tasks. Video-
MME (Fu et al., 2025) covers real-world scenar-
ios with short, medium, and long videos (1 min
to 1 hour). MLVU (Zhou et al., 2025) provides
diverse tasks on 3-minute to 2-hour videos. For
consistent evaluation, these benchmarks have for-
mulated their understanding tasks as multi-choice
questions. Following prior work (Luo et al., 2024;
Wang et al., 2025c¢; Pang and Wang, 2025; Zuo
et al., 2025; Wang et al., 2025b), we report accu-
racy.

Baselines. We compare our method against
two categories: (1) VLM inference methods, in-
cluding general-purpose models (GPT-40 (Hurst
et al., 2024), Gemini-2.5 (Comanici et al., 2025),
Seed-1.5VL (Guo et al., 2025), Qwen3-VL (Bai
et al., 2025)) and specialized Video-VLMs (ViL-
AMP (Cheng et al., 2025), Oryx (Liu et al., 2024));
(2) Agent-based frameworks, including RAG-
style methods (Video-RAG (Luo et al., 2024),
MemVid-RAG (Yuan et al., 2025)) and iterative
multi-agent systems (Video-Agent (Wang et al.,
2024a), VCA (Yang et al., 2025b)).

Implementation. VideoNav uses lightweight
open-source models: Qwen3-VL-8B (Bai et al.,
2025) as the VLM, Qwen3-30B-A3B (Yang et al.,
2025a) as the LLM, bge-large-en-v1.5 (Xiao
et al, 2023) for embeddings, and
faster-whisper-large-v3 (Radford et al.,
2023) for ASR. We use 1-minute clips at 1 FPS and
a retrieval budget of 16 clips. For baselines, given
the expensive cost associated with long-video
evaluation, we follow common practice in plenty
of prior works (Yuan et al., 2025; Chen et al.,
2025; Wang et al., 2025¢; Pang and Wang, 2025;
Yang et al., 2025b), primarily citing the results
from official leaderboards or corresponding papers.
To establish a critical reference, we explicitly
re-evaluate the performance of the standalone
Qwen3-VL-8B (128k context, 768 frames). More
details are shown in the Appendix B.1.

4.2 Accuracy Results

Tables 1 and 2 present accuracy on three bench-
marks; and Table 3 separately shows the results
of recent agentic systems with much higher cost.
VideoNav consistently outperforms standard in-
ference with comparable or larger VLMs (e.g.,
GLM-4V-Plus, LLaVA-OneVis-72B). Despite us-
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Table 1: Accuracy performance on LV-Bench. Results
are reported for overall performance and six tasks: En-
tity Recognition (ER), Event Understanding (EU), Key
Information Retrieval (KIR), Temporal Grounding (TG),

Reasoning, and Summarization.

LV-Bench

ER  EU KIR TG Rea Sum

Overall

Processed by Leading VLMs
GPT-40 (Hurst et al., 2024) 489 495 481 409 503 500 489
Gemini-2.5-Flash (Comanici et al., 2025) - - - - - 62.2
Seed-1.5-VL-200B-A20 (Guo et al., 2025) 654 634 68.0 53.6 63.7 46.6 64.6

GLM-4V-Plus (GLM et al., 2024) 462 478 541 427 465 379 487
Qwen3-VL-8B (Bai et al., 2025) 576 544 659 509 51.7 379 570
InternVL2.5-78B (Chen et al., 2024) 438 420 421 368 51.0 379 436
VILAMP-7B (Cheng et al., 2025) - - - - - - 46.3
VideoLLaMA3-7B (Zhang et al., 2023) 458 424 478 359 458 362 453
Agent-Based Video Framework

Video-Agent (Wang et al., 2024a) 280 303 28.0 293 280 364 293
Video-Tree (Wang et al., 2025b) 303 251 265 27.7 319 255 288
VCA (Yang et al., 2025b) 437 40.7 378 38.0 462 273 413
MemVid-RAG (Yuan et al., 2025) 534 406 463 349 432 281 444
MR. Video (Gemini) (Pang and Wang, 2025) 59.8 574 714 588 57.7 50.0 60.8
Video-Nav (Ours) 60.6 589 66.7 53.6 557 43.1 60.5

Table 2: Accuracy performance on Video-MME and
MLVU. Video-MME results are reported across differ-
ent video durations. By default, Video-MME results in-
corporate subtitle assistance; approaches marked with
asterisks * do not use subtitles.

Video-MME

MLVU

Short Medium Long Overall
Processed by Leading VLMs
GPT-40 (Hurst et al., 2024) 82.8 76.6 72.1 772 64.6
Gemini-2.5-Flash (Comanici et al., 2025) - - - - 778
MiniCPM-02.6-8B (Yao et al., 2024) 78.3 69.1 56.3 67.9 -
Qwen3-VL-8B (Bai et al., 2025) 79.4 72.1 62.7 714 73.7
LLaVA-OneVis-72B (Li et al., 2024a) 79.3 66.9 62.4 69.6 68.0
VideoLLaMA3-7B (Zhang et al., 2023) 80.2 69.6 61.0 70.3 73.0
Oryx-1.5-32B (Liu et al., 2024) - - - - 723
Long-VITA-14B (Shen et al., 2025) 77.0 73.0 66.0 72.0
Agent-Based Video Framework
Video-Agent* (Wang et al., 2024a) - - 46.4 - -
Video-Tree* (Wang et al., 2025b) 67.8 59.9 54.2 60.6 60.4
VCA* (Yang et al., 2025b) - - 56.3 - -
Video-RAG (Luo et al., 2024) 67.1 60.4 60.1 62.6 724
MemVid-RAG (Yuan et al., 2025) 754 64.6 57.1 65.7 58.1
MR. Video*(Gemini) (Pang and Wang, 2025) - - 61.8 - -
Video-Nav (Ours) 78.9 739 678 735 739

Table 3: Comparison with recent frontier agentic sys-
tems. These systems operate at much higher accuracy-
cost operating points, relying on frontier proprietary or
very large models. (*: evaluated without subtitles; 7:
long-video split only.)

Table 4: Efficiency performance across various bench-
marks. Input token counts are reported in thousands (k).
Latency values represent the average per query. Costs
are calculated using official model prices and include
output tokens; costs are normalized per benchmark.

Method Models (LLM + VLM) LVBench Video-MME MLVU
VideoLucy (Zuo et al., 2025) ~ DeepSeek-R1 + Qwen2.5-VL-7B 58.8 72.5% 76.1
VideoARM (Yin et al., 2026b) OpenAl 03 + GPT-4.1 79.7 80.1% 81.2
HAVEN (Yin et al., 2026a) OpenAl 03 + GPT-4.1 84.1 82.8t

VideoNav (Ours) Qwen3-30B-A3B + Qw3-VL-8B 60.5 735 739

ing lightweight open-source models, our frame-
work achieves competitive results with other ex-
pensive leading models (e.g., Gemini-2.5-Flash),
demonstrating the effectiveness of coarse-to-fine
index design.

Compared to lightweight agentic approaches in
Tables 1 and 2, VideoNav achieves the great over-
all accuracy, surpassing Video-Agent, Video-Tree,
VCA and MemVid-RAG. Also, it performs on par
with MR.Video (Pang and Wang, 2025), which
relies on the proprietary Gemini-2.0-Flash for iter-
ative reasoning and GPT-4o for visual inspection.

Table 3 further positions VideoNav against re-
cent frontier systems. The higher accuracy of
VideoARM (Yin et al., 2026b) and HAVEN (Yin
et al., 2026a) comes at a much more expensive op-
erating point: both rely on proprietary OpenAl 03
and GPT-4.1 with iterative loops, versus VideoNav
using one-pass navigation with lightweight open-
source models. Under comparable open-source
configurations, VideoNav performs on par with
VideoLucy (Zuo et al., 2025) using a much lighter
LLM (30B-A3B vs. 671B). VideoNav thus strikes

Method Model Used In Tok. $Cost Latency Acc
LV-BENCH
MR. Video Gem-2.0-Flash + GPT-40  109.5k  120x - 60.8
AVP Gemini-2.5-Flash ~130k - - 63.8
VLM Inference Qwen3-8B-VL 116.8k  2.8x 377s  57.0
VideoNav Qw3-8B-VL +30B-A3B  38.4k 1x 13.2s  60.5
VIDEO-MME
VLM Inference Qwen3-8B-VL 98.7k 5.7x 30.4s 71.4
VideoNav Qw3-8B-VL +30B-A3B  13.8k 1x 52s 735
MLVU
VLM Inference Qwen3-8B-VL 100.1k  2.5x 29.8s 73.7
VideoNav Qw3-8B-VL +30B-A3B  36.6k 1x 9.5s 73.9

a favorable balance on the accuracy-cost trade-off,
targeting high-frequency online serving rather than
purely peak accuracy.

4.3 Efficiency Performance

Token Efficiency. Table 4 presents the online cost
results. We emphasize two separate comparisons.
(1) Same-backbone comparison: against standard
VLM inference with the same Qwen3-VL-8B back-
bone, VideoNav consumes only 13.9%-36.6% of
input tokens with 2.5x-5.7x cost savings, while
achieving superior accuracy. This directly demon-
strates the efficiency of our navigation paradigm
itself.! (2) Cross-model comparison: complex
agent frameworks like Mr. Video (Pang and Wang,

!Table 6 provides detailed VLM & LLM token break-
downs.
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Table 5: Ablation study results on a subset of LV-Bench.

Variant ACC (%) Input Token
VideoNav 60.9 33.6K
Ablation on Navigation Granularity
w/o High-Level 57.4 48.3K
w/o Clip-Level 55.6 46.7K
w/o Frame-Level 47.6 12.1K
Basic RAG 34.6 8.9K
Ablation on Design Components
w/o Context-Aware 57.8 36.4K
w/o Clustering 58.9 36.1K
w/o Navigation Guider 58.4 37.5K
w/o Time Zooming 579 39.2K
w/o Semantic Matching 57.0 43.4K

2025) and AVP (Wang et al., 2025¢) rely on expen-
sive proprietary models (e.g., Gemini) for iterative
reasoning. VideoNav achieves comparable perfor-
mance using only small open-source models with
29.5%-34.9% of their input tokens, demonstrating
a practical deployment path. This efficiency stems
from our adaptive navigation with early termina-
tion, reducing expensive processing. Meanwhile,
the hierarchical index preserves both global context
and fine-grained details, enabling accuracy.

Latency Performance. For a fair comparison,
we adopt a standardized model API deployment.
We deploy Qwen3-8B-VL and Qwen3-30B-A3B
models respectively, both with the vLLM engine
on an NVIDIA H200 GPU (141GB memory). As
shown in Table 4, VideoNav achieves a 2.9 x-5.8 x
speedup compared to standard VLM inference,
with better accuracy.

Offline Overhead. Index construction inevitably
introduces a one-time offline cost. For a 1-hour
video, this consumes ~500k input tokens. How-
ever, standard VLM inference consumes ~ 120k
tokens for each online query. So the index con-
struction cost is equivalently amortized after just
~4 queries, with greater accuracy and latency per-
formance. Besides, once built, the index serves all
subsequent queries at low marginal cost and can
also be reused for other downstream tasks (e.g.,
video search). The design of VideoNav also scales
to growing video collections: indices are built per
video independently (and in parallel), cost only
~1MB storage per video-hour; the online retrieval
is also confined within each video, so its individual
latency does not grow with the collection size.
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Figure 3: Navigation stages and token consumption
across different tasks, evaluated on LVBench.

4.4 Ablation Study

We conduct ablation studies on a randomly sam-
pled subset of LV-Bench, given its high complex-
ity and comprehensive coverage (comprising 30
videos and 455 questions).

Effectiveness of Hierarchical Navigation. As
shown in Table 5, the full framework achieves the
best accuracy with good cost-efficiency. Removing
high-level or clip-level navigation degrades both
accuracy and token usage, as the system misses
contextual information from early stages. Remov-
ing frame-level inference causes a large accuracy
drop, confirming that textual descriptions alone are
insufficient for fine-grained visual tasks. A basic
RAG baseline that directly retrieves clips for LLM
answering performs poorly, highlighting the neces-
sity of structured hierarchical navigation.

Design Components. We further evaluate the
contribution of specific design components. For of-
fline construction, removing context-aware summa-
rization (“‘w/o context-aware”) or semantic cluster-
ing (“w/o clustering”) hurts accuracy by breaking
narrative coherence. For online navigation, the nav-
igation guider, time-range zooming, and semantic
matching each contribute. These results confirm
that each component boosts overall robustness and
efficiency.

4.5 Further Analysis of Navigation

We further analyze the navigation efficiency across
different tasks on LVBench. The processing spans
three stages: high-level navigation, detail naviga-
tion (clip-level) and frame-level inference.

Cost Efficiency across Tasks. Figure 3 shows
the average navigation stages and token usage per
task type. Summarization (Sum) exhibits the shal-
lowest navigation depth (1.6 stages) and lowest
VLM token usage, as high-level content captures
the core narrative and many queries terminate early.
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Figure 4: Cumulative query resolution rates across navi-
gation stages, evaluated on LVBench.

Conversely, Temporal Grounding (TG) and Entity
Recognition (ER) require deeper navigation and
higher costs, since these tasks demand specific vi-
sual details and more frequent visual inspection.
Furthermore, due to the complexity of temporal
dynamics in TG tasks, the agent may resort to the
fallback inference, which also increases the token
consumption.

Effectiveness of Early Termination. Figure 4
shows the adaptive behavior via the cumulative
query resolution across stages. For summariza-
tion, over 60% of queries are answered solely
by high-level information, while some local-event
summarization tasks demand subsequent process-
ing. In contrast, the resolution curves for Temporal
Grounding (TG) and Entity Recognition (ER) rise
slowly, indicating reliance on clip-level details and
frame inspection. Overall, about 40% of queries
are resolved at the high-level stage, and clip details
account for roughly 20% of resolutions, validating
the efficiency of our adaptive navigation design.

Fallback Rate. The fallback mechanism (i.e., stan-
dard VLM inference) is triggered at low frequency:
19.1% on LV-Bench, 7.9% on Video-MME, and
12.5% on MLVU. It mostly happens on temporal-
grounding queries that require precise event bound-
aries the textual index cannot certify. This indicates
that adaptive navigation resolves the large majority
of queries without reverting to the basic approach.

4.6 Impact of Different Model Backbones

We analyze the impact of different backbone mod-
els using the Qwen3 series on the LVBench subset
(same as §4.4), with results in Table 6.

First, a stronger LLM (Qwen3-Next-80B-A3B)
yields higher accuracy than Qwen3-8B. This per-
formance gap underscores the importance and com-
plexity of online navigation, where reliable analysis
is essential for precise decision-making. Notably,

Table 6: Accuracy and efficiency across different model
backbones, evaluated on a sampled subset of LVBench.
The token usage aggregates input and output tokens
(4 x weight for output). Normalized financial costs are
calculated using official prices.

Model Used Acc  $Cost VLM Tok LLM Tok

VLM Inference Baselines

Qwen3-VL-8B 57.8 3.3x 116.5k None

Qwen3-VL-4B 54.4 2x 116.5k None
VideoNav

Qw3-VL-8B + Qw3-Next-80B-A3B  64.3  1.6x 29.3k 12.9k

Qw3-VL-8B + Qw3-30B-A3B 60.9 1.1x 21.9k 12.9k

Qw3-VL-8B + Qw3-8B 527  1.6x 41.8k 13.9k

Qw3-VL-4B + Qw3-30B-A3B 59.3 1x 29.1k 13.1k

although the Qwen3-Next imposes a 2x unit infer-
ence cost, the total expenditure remains identical
to the 8B version, because its superior capability
achieves more accurate navigation and effective
early termination. Compared to the 8B version,
Qwen3-Next yields an 11.6% accuracy improve-
ment with no additional cost, and Qwen3-30B-A3B
(our default setting) achieves an 8.2% accuracy
gain, with only 69% of the cost.

Regarding the VLM backbone, VideoNav main-
tains relative robustness when replacing Qwen3-
VL-8B with the lightweight 4B variant. This stems
from our hierarchical index construction, decom-
posing complex long-video modeling into manage-
able clip descriptions, where smaller VLMs can
also achieve decent performance. These highlight
the effectiveness and generalization of our design.

5 Related Work

5.1 VLM for Long Video Understanding

Recent VLMs have advanced video understand-
ing (Li et al., 2024a, 2025b; Tang et al., 2025; Bai
et al., 2025; Guo et al., 2025), but applying them
to long-form videos remains challenging due to the
volume of visual information and context window
constraints (Wang et al., 2025a; Zhou et al., 2025;
Chen et al., 2025). Two main directions address
this: context extension and inference optimiza-
tion (Team et al., 2024; Wang et al., 2024b; Zhang
et al., 2024; Shen et al., 2025; Xiao et al., 2024; Li
et al., 2026b), which optimize long-context capa-
bility but still incur high computational cost from
massive inputs; and visual compression (Li et al.,
2025a, 2024b; Song et al., 2024; Cheng et al.,
2025), which reduces input size but risks losing
fine-grained details.
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5.2 Agent-based Frameworks

Recent studies have proposed agent-based frame-
works as a promising paradigm (Zuo et al., 2025;
Fan et al., 2024; Wang et al., 2024a; Ma et al.,
2025; Pang and Wang, 2025). Typically, they
decompose the task and iteratively perform plan-
ning, reasoning and information localization (Yang
et al., 2025b; Zuo et al., 2025; Zhang et al., 2025b;
Wang et al., 2025c; Zhang et al., 2025a; Hui et al.,
2026; Li et al., 2026a). For long videos, the agent-
based approaches alleviate the length constraint
and improve understanding performance (Pang and
Wang, 2025; Chen et al., 2025; Wang et al., 2025¢).
For instance, VCA (Yang et al., 2025b) continu-
ously retrieves video clips, computes their rele-
vance via a reward model, and selects useful con-
tent into a memory buffer until the task is solvable.
AVP (Wang et al., 2025¢c) adopts an iterative plan-
observe-reflect pipeline. At each step, the planner
determines what, where, and how to interact with
the video; and the observer executes the plan to
extract query-related evidence; the reflector then
evaluates the evidence to guide the next decision.
However, most of these methods share two limi-
tations: (1) they reason over fragmented frames
without global temporal context, and (2) their it-
erative online loops incur heavy computation that
scales with each query.

Among recent systems, VideoTree (Wang et al.,
2025b) and HiCrew (Zhu et al., 2026) build query-
conditioned indices, whose perception cost can-
not be amortized offline, while HAVEN (Yin
et al., 2026a) builds an offline index but pur-
sues an accuracy-only target with frontier propri-
etary models and loops. Other iterative or back-
tracking approaches (e.g., VideoLucy (Zuo et al.,
2025), VideoARM (Yin et al., 2026b)) also oper-
ate with higher latency and token cost. In contrast,
VideoNav builds a query-agnostic index once and
serves queries through cost-aware one-pass nav-
igation, which suits high-frequency online serv-
ing. Besides, VideoMind (Liu et al., 2026) follows
a training-based direction with substantial tuning
cost, orthogonal to our training-free setting.

6 Conclusion

We introduce VideoNav, a framework that refor-
mulates long-video understanding as index-centric
query processing. By decoupling offline multi-
modal perception from online language reasoning,
VideoNav constructs a multi-granular hierarchical

index once and serves queries through adaptive
coarse-to-fine navigation. Experiments across three
benchmarks show that VideoNav achieves decent
accuracy while significantly reducing token usage
and latency, highlighting the potential of structured
indexing and adaptive navigation for scalable, cost-
effective video understanding.

Limitations

While VideoNav demonstrates significant effective-
ness in long video understanding, we acknowledge
its limitations. First, VideoNav relies on a multi-
stage pipeline, so errors at early stages (e.g., inac-
curate clip descriptions) may inevitably propagate
and affect downstream results; we provide a de-
tailed failure analysis and the built-in mitigation
mechanisms in Appendix A.2. Second, while we
demonstrate that the offline index construction cost
is amortized over ~4 queries, applications with
very few queries per video may not benefit from
our design trade-offs. Third, our evaluation fol-
lows the multi-choice Q& A protocol of established
benchmarks; although VideoNav internally gen-
erates free-form answers, open-ended generation
poses different situations, which we leave to future
work.
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A Qualitative Case Study of VideoNav
A.1 Examples of the Navigating Process

To provide a concrete demonstration of VideoNav’s
mechanism, we present two qualitative examples il-
lustrating how the framework handles queries with
varying granularity.

Query: Which country has the same number of players as the USA? |

High-Level Nav:

The blocks list all eight competitors in the Women’s Floor Exercise,
each representing the country. Australia has one player, and ...
Therefore, the answer is Italy.

Action: Answer; Content: Italy

Figure 5: Example of high-level early termination.

As shown in Figure 5, the user asks: Which coun-
try has the same number of players as the USA, over
a long gymnastics competition video. This query
requires aggregating information scattered across
the video, as player nationalities typically appear
on-screen only before or after their individual per-
formances. During the offline phase, VideoNav’s
hierarchical index successfully captures these de-
tails within the Block-Level content. Therefore,
during the online phase, the High-Level Naviga-
tion can extract the answer directly from this tex-
tual content. The process triggers early termina-
tion, avoiding the consequent processing. This
case demonstrates VideoNav’s capability to cap-
ture global information and its cost-efficiency with
adaptive navigation.

Query: What did the vlogger do, right before going to sleep? I

High-Level Nav:

The blocks do not explicitly describe the actions immediately
before sleeping ... I should seek ...

Action: Seek; Content: [00:24:00 - 00:29:00]

Detail Nav:

The clips mention several activities ... but it’s not sure about the
exactly pre-sleep action ...

Action: Seek; Content: [00:27:00 - 00:29:00]

Visual Inspection:

The video shows the vlogger ..., directly followed by the scenes of
sleeping ...

Answer: He attended a party

Figure 6: Example of adaptive top-down navigation.

Figure 6 illustrates a query involving temporal
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dependencies and scene recognition: What did the
viogger do right before going to sleep. Unlike
the first case, the high-level navigation finds the
block summaries insufficient to identify the action,
and provides the target time-range containing the
pre-sleep event. The framework then proceeds to
detail navigation. Since the textual description of
the clips is still not enough to decide the exact
behavior, the agent triggers visual inspection. By
invoking the VLM to process the raw frames within
the focused time range, the system accurately iden-
tifies the action. This highlights the effectiveness
of VideoNav’s adaptive, coarse-to-fine strategy in
resolving multi-granular tasks.

A.2 Failure Discussion

Similar to most other agent systems, VideoNav’s
performance is affected by the quality of LLM
and VLM processing. We primarily observe fail-
ures stemming from two sources: perception errors
and reasoning errors. First, during the offline de-
scription or online visual inspection, the VLM may
sometimes hallucinate visual content (e.g., misiden-
tifying a medicine bottle as a water cup) or overlook
some details. These inaccuracies inevitably lead
to erroneous scene localization and incorrect in-
formation understanding. Second, the LLM agent
may exhibit reasoning failures during online navi-
gation, such as errors in calculating global statistics
or sometimes wrongly predicting the target time
ranges.

Beyond these failure modes, VideoNav incorpo-
rates several mechanisms that bound error propa-
gation in practice. First, raw frames are retained
at L,: visual inspection re-perceives the original
frames and can correct inaccurate textual seman-
tics, and removing frame-level inference causes a
large accuracy drop (Table 5). Second, the dual-
path retrieval is redundant by design: when the
reasoning-predicted time range is wrong, seman-
tic matching can still recover the evidence, and
vice versa. Third, context-aware block construction
dampens summarization drift, improving accuracy
over independent summarization (Table 5), and our
offline prompts explicitly instruct the models to
omit uncertain content (Appendix D.1). Finally, the
fallback mechanism bounds the worst case: when
navigation cannot produce a confident answer, the
system reverts to standard VLM inference, guar-
anteeing the baseline behavior. We will explore
additional optimization strategies to mitigate the
failures and errors in future work.

B More Details

B.1 Implementation

We implement VideoNav leveraging the
Qwen3 (Yang et al.,, 2025a; Bai et al., 2025)
series of open-source models, specifically utilizing
the instruct-tuned versions. For our primary experi-
ments, we employ Qwen3-30B-A3B-Instruct-2507
as the LLM backbone.

We prioritize a balance between accuracy and
computational overhead. Consequently, we access
the model of instruct mode rather than the intensive
deep thinking (reasoning) mode, which may gen-
erate redundant reasoning traces. During the nav-
igation, to maintain accuracy within this efficient
setting, we prompt the LLM to output a concise
preliminary analysis before generating the final de-
cision (see complete prompts in Appendix D.2).
Following extensive prior works, we conduct ex-
periments with a single run, due to the significant
computational cost of VLMs for long video pro-
cessing.

Regarding data management, we implemented a
lightweight Key-Value (KV) storage system to man-
age offline textual descriptions, while vector em-
beddings are stored and retrieved using NanoVec-
torDB (Team, 2025). During the online stage,
specifically for dual-path retrieval, we set the max-
imum clip budget of 16. This setting retains es-
sential evidence while reducing irrelevant noise
and redundant information. The seek windows are
bounded to at most 15 minutes for high-level nav-
igation and 2 minutes for detail navigation, and
visual inspection is triggered whenever the preced-
ing agent decision does not yield a final answer.

B.2 Datasets

In our experiments, we utilize three publicly avail-
able long-video understanding benchmarks: LV-
Bench (Wang et al., 2025a), Video-MME (Fu et al.,
2025) and MLVU (Zhou et al., 2025), adhering
to their established configurations. LV-Bench and
MLVU are released under the CC-BY-NC-SA-4.0
license, while Video-MME is intended solely for
academic research. Our utilization is confined to
non-commercial academic research, which aligns
with their designated purposes and original access
conditions. These widely-recognized public bench-
marks are curated for video understanding research
and do not contain offensive content. They cover
diverse real-world domains (e.g., movies, docu-
mentaries, sports, vlogs). We rely on the content-
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filtering procedures applied by the original dataset
providers and perform no additional identity ex-
traction. For the main experiments, we evaluate on
the full question set of each benchmark. For the
ablation studies, due to the high evaluation cost, we
use the most challenging benchmark, LV-Bench,
and randomly sample a subset of 30 videos with
455 questions.

C The Use of AI Assistants

This paper utilized LLMs only for language polish-
ing in parts of the text.

D LLM and VLM Prompts

D.1 Prompts for Offline Construction

This section presents the prompts for offline index
construction. These include the VLM prompt for
clip description, as well as the LLM prompts for
global summary and block construction.

You are an expert video assistant. You will
be provided with a video segment. Your
task is to describe its content in details.
Please focus on scenes, objects & persons,
key text information, and central events.
Also, there is an audio transcript of this clip.
You can refer to it for more context (e.g.
get entity names), but please focus on the
actual video content and don’t repeat the
audio content too much.

### More instructions:

1. Preserve the sequence flow.

2. Identify well-known entities or persons,
if you are certain of their identity.

3. Be concrete. Don’t use vague adjec-
tives; instead, provide direct descriptions
(e.g., use "snow-capped mountains” instead
of "magnificent scenery").

4. Directly describe the observed visual con-
tent and text, don’t interpret their implicit
meanings.

5.  Only rely on the provided con-
tent. Do not add guesses or extra conclu-
sions/comments.

6. Output the natural language description,
without special structure or formatting.
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You are an expert video content summarizer.
You are given ordered video segments with
timestamps, audio texts and visual descrip-
tions. Please summarize the main content
of the whole video in 5-10 sentences.

### Your instructions:

- Please rely more on the visual captions and
use audio text for context.

- Preserve the sequence flow. Please main-
tain key information such as overall scenes,
core objects, main person names and main
events.

- Focus on the main context, and avoid being
distracted by minor details.

- Since the segment descriptions may have
small errors, please do not include confus-
ing or uncertain information.

- Your summary should only rely on the pro-
vided content, without any guess or assump-
tion.

You are an expert content summarizer. You
will be provided with a set of ordered video
segments, each accompanied by times-
tamps, summarized audio text, and visual
descriptions. Your task is to summarize the
content of these segments with about 5-10
sentences.

A full-video abstract is also provided for
contextual reference, and the segments are
only a part of the entire video.

### Your instructions:

- Please rely more on the visual captions
and use audio text for context.

- Do not use vague adjectives like "beau-
tiful" or "magnificent". Please describe
directly (e.g., instead of "magnificent
view," say "snow-capped mountains").

- Do not repeat common information that is
already covered in the full-video abstract.

- Maintain important information such as
scenes, main objects, main person names
and key events.

- Since the segment descriptions may have
small errors, do not include confusing or
uncertain information.



- If the same entities or persons appear
in consecutive segments (e.g., wearing
the same clothes and having continuous
actions), you should identify them as a
single person in your summary.
- Please preserve the time flow.

D.2 Prompts for Online Navigation

This section presents the prompts for online adap-
tive navigation. It mainly covers three processing
stages: high-level navigation, detail navigation, and
vision inspection. Notably, the prompts for high-
level and detail-level navigation are similar. In
addition, we also provide the LLM prompts for the
navigation guider and the prompts for basic VLM
evaluation (standard VLM inference).

You are an expert video analyst. You will be
provided with a user question, a full-video
summary, and a list of video blocks (each
with timestamps and descriptions).

Your task is to first output your brief anal-
ysis, and then execute one and only one of
the two actions (answer or seek):

1) Answer: Use this if the current summary
and video blocks are sufficient to provide
an answer.

2) Seek: Use this if the current content is
missing key information, or if the question
refers to a specific moment not fully de-
scribed.

Instructions for Seek:

- Time Window: Output a specific time win-
dow (e.g., [00:09:00 - 00:13:00]) to zoom
in on relevant events.

- Flexible Range: This time range does not
require strict alignment with block bound-
aries. For example, if the question is "who
did Bob meet at 10:05", since this event
is related to a narrow time window, you
can seek around that specific time (e.g.,
00:09:00-00:11:00). This range may be
shorter than a full block or span across dif-
ferent block boundaries.

- Other Cases: If the specific time range can-
not be decided, output No Range.

39360

- You can also output two time windows
if really necessary, separated by commas
(e.g., [00:02:00 - 00:05:00], [00:15:00 -
00:19:00]).

- Duration Limit: The total time range
should not exceed 15 minutes.

- Time Format: Use mm:ss or hh:mm:ss for
timestamps.

Note:

- Individual video blocks may contain minor
inaccuracies. If there is conflicting informa-
tion, you can rely on the overall context.

- Some questions may target at the specific
time points or detailed scenes. Since the
video blocks just contain high-level infor-
mation, you may need to seek for these nar-
row questions.

- There’s also a Query Hint to help you on
the thought and action.

Output Examples and Format:
### Thought:

< your brief analysis here >

### Action:

Answer

### Answer:

< your answer >

### Thought:

< your brief analysis here >
### Action:

Seek

### Seek:

[00:20:00 - 00:25:00]

You are an expert video analyst. You will be
provided with a user question, a full-video
summary, and a list of video segments (each
with timestamps, ASR audio transcripts,
and visual captions).

Your task is to first perform brief analysis,
and then execute one and only one of the
two actions (answer or seek): 1) Answer:
Use this if the current summary and video
segments can provide an answer.

2) Seek: Use this if the current content is
missing key information, or if the question



refers to a specific moment not fully de-
scribed.

Instructions for Seek:

- Time Window: Output a specific time win-
dow (e.g., [00:09:30 - 00:10:30]) to zoom
in on relevant events.

- Flexible Range: This time range does
not require strict alignment with segment
boundaries, it may be shorter than a full
segment or span across different segment
boundaries. For example, if the question
is "what happened during 10:05 to 10:32",
since this time is specific, you can seek di-
rectly (i.e., 00:10:05-00:10:32).

- Other Cases: If the time range cannot be
decided (e.g., no related segment or no spe-
cific time point), output No Range.

- Duration Limit: The total time range
should not exceed 2 minutes.

- Time Format: Use ‘mm:ss‘ or ‘hh:mm:ss*
for timestamps.

Note: There’s also a Query Hint to help you
on the thought and action.

Output Examples and Format:

You are an expert video analyst. You will be
provided with a user question, a full-video
summary, and a partial video segment.
Your task is to answer the user’s question
based on the provided content.

Your Instructions

- Before the answer, please output a brief
analysis.

- Note that the video segment is only a small
part of the full video, and it starts at a spe-
cific timestamp (given in the segment info).
- If the provided content is insufficient to
answer the question, you should output "No
answer".

Output Format

### Thought:

< your brief analysis here>

### Answer:

No answer
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You are a query analyzer for a video under-
standing system. You will be provided with
a video-summary and a user question.
Your task is to analyze the user question and
generate a specific Search Hint to guide fur-
ther video segment retrieval or answering
processes.

Note:

- The video summary serves only as a brief
context. The hint is used to locate the infor-
mation among detailed video segments in
subsequent steps.

- Your hints should primarily follow the hint
examples below. Do not deviate too much
from the templates.

- Do not answer the user question directly.
Do not fabricate timestamps.

User questions may fall into several types.
You should classify the question type first,
then generate the corresponding hint.

Your Guidelines and Hint Templates

1. Sequence Logic

- Definition: Questions involving single se-
quential or ordinal information ("the first
performer”, "the second award").

- Question Example: "what is the third
singer wearing?"

- Hint Example: Identify the [third singer]
according to the sequence order, then an-
swer the question or decide the time range.
2. Visual Details

- Definition: Questions involving some vi-
sual scenes, events or actions.

- Question Example: "what does the cartoon
mouse use to hit the cartoon cat?"

- Hint Example: Locate the scene of [mouse
hitting cat], then answer the question or de-
cide its time range.

3. Explicit Time

- Definition: Questions specifying exact
time points for analysis.

- Question Example: "why is Nick sad at
10:107"

- Hint Example: The time is specific, you
should locate on the corresponding time
range directly.

4. Aggregation

- Definition: Questions requiring aggrega-



tion, counting, or event ordering, which may
involve multiple clips.

- Question Example: "How many singers
are singing with guitar?"

- Hint Example: If the content clearly
contains several information clips about
[singers singing with guitar], generate the
answer. Else, output the time range or No
Range.

5. Global

- Definition: Questions targeting the overall
content (e.g. summarization, topic, theme).
- Question Example: "what’s the main topic
of this video?"

- Hint Example: This is a global query;
please answer based on the overall context.

Format Examples:

### Video Summary:

... This video is a wildlife documentary ...
### Question:

Which animal does the protagonist en-
counter in the forest scene?

### Type:

Visual Details

### Hint:

Locate the scene where the protagonist
encounters the animal in the forest, then
answer the question or decide the time
range.

You are an expert video analyst. You will
be provided with a user question and a long
video.

Your task is to answer the user’s question
based on the provided video content (decide
the most accurate answer option).

Before the answer, please output a brief
analysis.

Output Format:

### Thought:

< your brief analysis here >

### Answer:

< your answer>
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