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Abstract

Recently, agentic video reasoning methods
have demonstrated significant potential by in-
centivizing tool-thinking capabilities through
Reinforcement Learning (RL). However, exist-
ing agentic approaches struggle with Instance-
level Long-form Video Reasoning (ILVR),
which demands extensive cross-frame evidence
aggregation, due to the scaling of reasoning
chains and tool-thinking trajectories. To ad-
dress these challenges, we introduce ILVR-
Agent, a multi-agent framework powered by
Chain-of-Agent Thinking (CoAT), which
modularizes complex reasoning chains and fa-
cilitates modular tool-thinking with specialized
agents. Specifically, we systematically develop
ILVR-Agent across three perspectives: dataset,
method, and benchmark. First, we design an
end-to-end multi-agent engine to meticulously
curate ILVR-Instruction, a large-scale, high-
quality instruction dataset tailored for ILVR.
Additionally, the ILVR-Agent method orches-
trates a collaborative reasoning pipeline by
modularizing intricate reasoning chains into:
retrieval, planning and execution, subsequently
invoking specialized agents with task-specific
tool-thinking. Furthermore, to enhance tool-
thinking efficiency, we propose PA-GRPO, an
RL framework that incorporates process-aware
supervision via LLM-as-Judge, explicitly vali-
dating each tool invocation throughout the rea-
soning trajectory. Finally, we establish ILVR-
Bench, a comprehensive benchmark for eval-
uating the ILVR capabilities of Video-LLMs.
Extensive experiments and analyses demon-
strate that our ILVR-Agent method achieves
promising performance on both instance-level
and general long-form video reasoning.

1 Introduction

Instance-level Long-form Video Reasoning (ILVR)
refers to instance-centric reasoning within long-
form video content, which is foundational to au-
tonomous robotic navigation (Pore et al., 2023),
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Figure 1: Comparison between existing agentic video
reasoning methods and ILVR-Agent. (a) Extremely
long Chain-of-Tool-Thought (CoTT) in existing agen-
tic methods undermines long-range logical consistency
and leads to reasoning drift. (b) ILVR-Agent facili-
tates Chain-of-Agent Thinking (CoAT) by modularizing
complex reasoning chains and enabling specialized tool-
thinking with task-specific agents.

human-computer interaction (Kosch et al., 2023),
and autonomous driving (Chib and Singh, 2023).
However, ILVR remains a challenging task, as it
requires not only fine-grained spatio-temporal per-
ception but also the capability to localize and ag-
gregate cross-frame evidence for complex instance
interactions.

To address these challenges, recent advance-
ments in Video-LLMs (Wei and Chen, 2025; Liu
et al., 2025) and Reinforcement Learning (RL)
strategies (Shao et al., 2024) have substantially ex-
panded models’ context windows and enhanced
their reasoning capabilities, respectively. However,
despite extended context capacities, comprehend-
ing the information density of hour-level videos and



facilitating long-chain reasoning within a single in-
ference pass remains intractable. Motivated by the
human cognitive process for long-form video rea-
soning, recent approaches (Fan et al., 2024; Kugo
et al., 2025) introduce agent-based frameworks that
integrate the reasoning and decision-making capa-
bilities of Large Language Models (LLMs) with
the visual perception abilities of Vision-Language
Models (VLMs), thereby enabling interactive and
iterative video reasoning through multi-turn infer-
ence. However, such video agent systems primarily
rely on predefined reasoning chains, limiting their
adaptability to open-ended reasoning tasks in real-
world scenarios.

To explore adaptive reasoning in video agents,
recent works (Dong et al., 2025; Fei et al., 2024)
introduce Agentic RL, endowing agents with tool-
thinking capabilities. Such agentic methods fa-
cilitate adaptive tool invocation based on interac-
tive environmental feedback, iteratively refining
the evidence aggregation process. E.g., VideoEx-
plorer (Yuan et al., 2025) designs a training pipeline
comprising supervised trajectory initialization with
trajectory-level preference optimization, thereby
reinforcing step-by-step tool invocations based on
real-time feedback. However, existing agentic ap-
proaches struggle with ILVR due to the scaling of
reasoning chains and tool-thinking trajectories. As
shown in Fig. 1(a), when video duration scales to
hour-level, the elongated reasoning chains involv-
ing multi-turn interactions inevitably accumulate
overwhelming contextual noise. This interference
disrupts the ongoing tool-thinking process, ulti-
mately undermining long-range logical consistency
and inducing reasoning drift.

To address these challenges, we introduce ILVR-
Agent, a multi-agent framework powered by
Chain-of-Agent Thinking (CoAT), as depicted in
Fig. 1(b). Unlike existing agentic video reasoning
approaches that rely on a single agent to central-
ize diverse tool-thinking paradigms, ILVR-Agent
modularizes complex reasoning chains and facili-
tates specialized tool-thinking through task-specific
agents: a Planning Agent for task decomposition
and evidence sufficiency assessment, a Retrieval
Agent for temporal grounding and information ex-
traction, and an Executor Agent for sub-task reso-
Iution. Specifically, we systematically develop the
ILVR-Agent ecosystem across three perspectives:
dataset, method, and benchmark.

Dataset. To mitigate the scarcity of high-quality
ILVR data, we design an end-to-end multi-agent

data curation pipeline, by synergizing four special-
ized modules: Multi-granularity Captioner, QA
Generator, Instance Annotator, and Multimodal
Reviewer. We curate ILVR-Instruction, the first
large-scale instruction-following dataset dedicated
to instance-level reasoning, which comprises 76K
samples for Supervised Fine-Tuning (SFT) and
12K samples for Reinforcement Learning (RL).
Method. ILVR-Agent orchestrates a collabora-
tive reasoning pipeline through CoAT, which struc-
tures reasoning as an iterative agent coordination
loop. The Planning Agent dynamically decom-
poses queries and dispatches sub-tasks to special-
ized agents, while the Retrieval Agent performs
temporal grounding via retrieval tool-thinking and
the Executor Agent handles inference-oriented sub-
tasks via executor tool-thinking. Furthermore,
to enhance tool-thinking efficiency, we propose
PA-GRPO (Process-Aware GRPO), an RL frame-
work that incorporates process-level supervision
via LLM-as-Judge, explicitly validating each tool
invocation throughout the reasoning trajectory.
Benchmark. To facilitate comprehensive evalu-
ation of ILVR capabilities, we introduce ILVR-
Bench, a benchmark encompassing two comple-
mentary evaluation protocols: ILVR-Bench-QA for
multiple-choice QA, and ILVR-Bench-QAR that
additionally requires explicit rationale generation.
The benchmark comprises 1,000 high-quality sam-
ples spanning 10 task types across four temporal
granularities (1-, 10-, 30-, and 100-minute).

Our contributions are summarized as follows:

* We design an end-to-end multi-agent data
curation pipeline and construct ILVR-
Instruction, the first large-scale instruction-
tuning dataset dedicated to ILVR.

* We propose ILVR-Agent, a multi-agent
framework that introduces Chain-of-Agent
Thinking (CoAT), effectively modularizing
complex reasoning chains through specialized
Planning, Retrieval, and Executor agents.

* We introduce PA-GRPO, a process-aware re-
inforcement learning framework leveraging
LLM-as-Judge to provide step-wise supervi-
sion, significantly improving the efficiency of
tool-thinking in long-range video reasoning.

* We establish ILVR-Bench, featuring two eval-
uation protocols across 10 task types that rig-
orously assess capabilities spanning from fine-
grained perception to temporal reasoning.



2 Related Work

2.1 Agent-based Video Reasoning

Inspired by the human cognitive process for long-
form video reasoning, recent methods (Fan et al.,
2025; Yang et al., 2025c; Shi et al., 2025) introduce
agent-based frameworks. Specifically, these frame-
works decouple the reasoning task into a cognitive-
perceptual pipeline: where LLMs function as
the "brain" for high-level planning and decision-
making, whereas VLMs serve as the "eyes" for vi-
sual perception. Early explorations in this domain,
such as ViperGPT (Suris et al., 2023), pioneered
modular orchestration by leveraging LLMs as high-
level planners to synthesize executable programs
that invoke specialized vision modules. Building
upon this modularity, VideoAgent (Wang et al.,
2024) further refined the iterative reasoning work-
flow. Unlike traditional single-pass architectures,
VideoAgent emphasizes a human-like evidence
compilation process, employing an LLM-based
controller to dynamically localize task-relevant
temporal segments and progressively aggregate in-
formation to resolve complex, long-horizon queries.
However, such video agent systems primarily rely
on predefined reasoning chains, which limits the
adaptability to open-ended reasoning tasks in real-
world scenarios.

2.2 Agentic Video Reasoning

To explore adaptive reasoning in video agents, re-
cent works (Li et al., 2025; Xu et al., 2025; Ruther-
ford et al., 2024; Zhang et al., 2023) introduce
Agentic RL, a post-training strategy that reinforces
iterative tool-thinking and the refinement of rea-
soning trajectories based on environmental feed-
back. The core motivation is to enable agents to au-
tonomously learn optimal tool-invocation strategies
rather than relying solely on zero-shot prompting.
E.g., VideoExplorer (Yuan et al., 2025) advocates
for the "thinking with video" principle, which seam-
lessly intertwines planning, temporal grounding,
and scalable perception into a coherent reasoning
process. It achieves task-oriented video understand-
ing by iteratively formulating sub-questions and
locating relevant moments within the video. Fur-
thermore, Ego-R1 (Tian et al., 2025) establishes
a structured Chain-of-Tool-Thought (CoTT) pro-
cess by leveraging a DeepSeek-R1-style (Guo et al.,
2025) training paradigm (i.e., cold-start and GRPO
phases), enabling step-by-step and interactive tool
invocations based on real-time feedback. Despite
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Figure 2: A multi-agent data engine for the construction
of ILVR Dataset.

these advances, existing agentic approaches strug-
gle with Instance-level Long-form Video Reason-
ing (ILVR), which demands extensive cross-frame
evidence aggregation. This difficulty stems from
the complexity bottleneck when scaling reasoning
chains and tool-thinking trajectories within a single
agent.

3 Method

3.1 Preliminary

ILVR Task Formulation. ILVR entails the ca-
pability to parse and respond to instance-centric
queries involving multiple target instances and their
complex interactions. Specifically, given a query
such as ‘How do <instancei> and <instancey>
interact with each other throughout the video?”,
where <instance;> denotes an instance prompt,
the model must reason over intricate instance rela-
tionships and long-horizon temporal dependencies.
To this end, we present a unified formulation for
ILVR. Formally, let V' denote the input video and
P ={P, P,,...,P,} be aset of n user-specified
instance prompts. Each prompt P; can be instan-
tiated through one or more modalities: textual de-
scriptions, visual exemplars, or spatial regions (i.e.,
bounding boxes). The learning objective is to max-
imize the conditional log-likelihood of generating
the ground-truth response y, given the video V,
instance prompts P, and query g¢:

L= > logPy|V,P,...
(V.P,q.y)

3.2 Multi-Agent Engine for ILVR Dataset

To mitigate the scarcity of high-quality ILVR data,
we design an end-to-end multi-agent data curation
pipeline to construct ILVR-Instruction, the first
large-scale instruction-following dataset tailored
for instance-level reasoning. The resulting dataset
comprises 76K samples for supervised fine-tuning
(SFT) and 12K samples for reinforcement learn-
ing (RL). As illustrated in Fig. 2, our pipeline is

, Poyq). (D)



structured into four modular components, each or-
chestrated by specialized expert models.
Multi-granularity Captioner. To capture the com-
plex dynamics of long-form videos, we employ
Owen3-VL-235B (Bai et al., 2025a) to establish a
multi-granularity captioning framework spanning
three temporal scales (second-, minute-, and hour-
levels), enabling the synthesis of instruction data
with diverse temporal distributions.

QA Generator. Building upon multi-granularity
captions, the QA Generator (GPT-5) synthesizes
instruction-following pairs across four temporal
horizons (1-, 10-, 30-, and 100-minute). Reflecting
the inherent complexities of ILVR, the generated
QA data is structured along two dimensions: Per-
ception and Reasoning, further decomposed into
four fine-grained sub-types: Object, Action, Spa-
tial, and Temporal.

Instance Annotator. To enable precise instance-
level prompting, the Instance Annotator (Qwen3-
VL-235B) synthesizes multimodal prompts for each
target instance, comprising: (i) textual descriptions
capturing semantic details; (ii) visual exemplars
providing appearance cues; and (iii) spatial regions
establishing spatial grounding. Such multimodal
prompts effectively mitigate semantic ambiguity
inherent in purely linguistic references.
Multimodal Reviewer. We implement a two-stage
verification process to ensure data integrity. First,
Gemini-2.5-Pro (Comanici et al., 2025) audits the
spatio-temporal alignment and semantic accuracy
of instance prompts. Subsequently, DeepSeek-
V3 (Liu et al., 2024) performs logical verifica-
tion by generating step-by-step reasoning trajecto-
ries, where visual evidence is encapsulated within
<caption> tags and analytical reasoning within
<think> tags.

3.3 ILVR-Agent with PA-GRPO

Unlike existing agentic video reasoning ap-
proaches (Tian et al., 2025; Yuan et al., 2025) that
rely on a single agent to centralize diverse tool-
thinking for different tasks, we introduce ILVR-
Agent, a multi-agent framework powered by chain-
of-agent thinking, modularizing complex reason-
ing chains and facilitates modular tool-thinking
with specialized agents. We first describe the over-
all architecture and the Chain-of-Agent Thinking
paradigm (§3.3.1), followed by the Retrieval Agent
(§3.3.3), the Planning Agent (§3.3.2), the Executor
Agent (§3.3.4) and the PA-GRPO (§3.3.5).

3.3.1 Overall Architecture

As depicted in Fig. 3, ILVR-Agent comprises three
specialized agents: a Planning Agent Apjan for
task decomposition and evidence sufficiency assess-
ment, a Retrieval Agent Ay for temporal ground-
ing and information extraction, and an Executor
Agent Aexe for sub-task resolution. This mod-
ular design decouples the monolithic reasoning
chain prevalent in single-agent systems into dis-
crete, manageable components.

Chain-of-Agent Thinking (CoAT). Central to
our framework is the Chain-of-Agent Thinking
paradigm, which addresses contextual noise ac-
cumulation in long-form video reasoning. Given
a query ¢ and instance prompts P over video V,
CoAT structures reasoning as an iterative agent
coordination loop:

St = Aplan(Qz P7 H<t)7 (2)
Ty = A*(c%), -A* S {Areta -Aexe}> (3)
Hy = Her U{(5t,71)}, “4)

where s; denotes the sub-task dispatched at step
t, r¢ is the returned result from specialized agent
A, and H; denotes the interaction history. The
planner A, dynamically orchestrates sub-task
decomposition conditioned on prior feedback until
convergence:

y = Aptan(q, P, Hr) s.t. SUFFICIENT = true.
&)
Unlike single-agent approaches with ever-growing
context, CoAT isolates task-specific reasoning
within specialized agents and enables adaptive re-
planning, thereby preserving long-range logical
consistency.

3.3.2 Planning Agent

The Planning Agent A4, serves as the central co-
ordinator, orchestrating multi-agent collaboration
through two core functions: hierarchical task de-
composition and evidence sufficiency assessment
using planning tool-thinking.

Task Decomposition. Given query ¢, instance
prompts P, and interaction history H ¢, Apjan de-
composes the problem into atomic sub-tasks:

sy = DECOMPOSE(q, P, H ). 6)

Each sub-task s; is classified and dispatched ac-
cordingly:

-Aret )
-Aexe )

if St G Sre[

. , (D
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Figure 3: The overall architecture of ILVR-Agent, containing three specialized agents: Planning Agent Apjan,
Retrieval Agent Ay and Executor Agent Aq.. The framework performs chain-of-agent thinking, modularizing
complex reasoning chains and facilitates modular tool-thinking with specialized agents.

where S;er and Sexe denote retrieval and executable
task spaces, respectively.

Evidence Sufficiency Assessment. Upon receiv-
ing result 7; from specialized agents, Apjan evalu-
ates whether H; provides sufficient evidence:

SUFFICIENT(H,, q) — {true, false}.

®)

If satisfied, the agent synthesizes the final response
via y = AGGREGATE(Hr, q); otherwise, it initi-
ates another decomposition-dispatch cycle. This
iterative mechanism enables adaptive reasoning
depth based on query complexity.

3.3.3 Retrieval Agent

The Retrieval Agent Ay, localizes relevant tempo-
ral segments and extracts associated information
from long-form videos via retrieval tool-thinking.
This mechanism enables A, to iteratively invoke
specialized tools, progressively narrowing down to
compact yet informative video intervals. To inter-
pret multimodal instance prompts comprehensively,
we equip Ay with three complementary tools:
Caption-based Retrieval. We construct a hierar-
chical caption index at two temporal granularities:
fine-grained (C;, 1-min) and coarse-grained (Cy,
10-min). Given textual cues in s;, we employ an
LLM to perform semantic retrieval:

Teand = LLM-RET(s¢,Cq U Cyp), )

where Tcang contains candidate temporal segments.
This coarse-to-fine strategy enables efficient navi-
gation of hour-level content.

Visual Grounding. For visual cues in s; (e.g.,, vi-
sual exemplars or bounding boxes), Ay leverages
a VLM to ground these references:

¢y = VLM-GROUND(s;), (10)

where ¢, denotes the detected visual instance clues.
Video-based Verification. To refine 7;,,q and miti-
gate false positives, we introduce a verification step
using a Video-LLM:

T',K = VIDLLM-VERI(Teand, 8¢, ¢v),  (11)

which outputs refined temporal boundaries 7" and
verified knowledge KC. The final result is then for-
mulated as r, = (77, K).

3.3.4 Executor Agent

The Executor Agent Aee handles inference-
oriented sub-tasks via executor tool-thinking, dy-
namically selecting appropriate reasoning tools.
Given $; € Sexe, Aexe routes it based on input
modality:

Tt = f*(5t3H<t)7 Fi € {J—"llma]:vlm;fvid}>

(12)
where JFj, handles text-based reasoning, iy, ad-
dresses image-level understanding (e.g.,, object
recognition, spatial reasoning), and F;q performs
temporal reasoning over video segments. The result
¢ is subsequently aggregated into H; for evidence
accumulation.

3.3.5 PA-GRPO

While GRPO (Guo et al., 2025) has demonstrated
effectiveness in text-based reasoning, it fundamen-
tally relies on outcome-level rewards. In tool-
thinking scenarios, where reasoning trajectories
encompass multiple intermediate tool invocations,
outcome-level supervision fails to capture the va-
lidity of individual reasoning steps. To address
this limitation, we propose Process-Aware Group
Relative Policy Optimization (PA-GRPO), an RL
framework that incorporates process-level supervi-
sion to explicitly validate tool invocations through-
out the reasoning trajectory.



The key insight of PA-GRPO is to leverage an
LLM-as-Judge paradigm to evaluate individual rea-
soning steps within tool-thinking trajectories, sub-
sequently aggregating these step-wise assessments
into trajectory-level process rewards. In contrast to
training a dedicated Process Reward Model (Khal-
ifa et al., 2025) requiring costly step-level annota-
tions, our approach harnesses a capable LLM with
structured evaluation prompts to assess whether
each tool invocation is well-formatted and contex-
tually appropriate.

Step-wise Process Reward. Given query ¢, we
sample a group of G reasoning trajectories {0; }$_;
from policy 7. Each trajectory o; comprises 7;
reasoning steps: 0; = (s},...,s."), where each s’
encapsulates a tool invocation with its accompany-
ing rationale. For each step, we employ an LLM
judge M guided by evaluation rubric P:

raep(si) = M(s; | ¢, 57", P),

7

13)

where sft denotes preceding context. The rubric
‘P directs the judge to score: (1) tool invoca-
tion appropriateness, and (2) format compliance.
The trajectory-level process reward is obtained via
mean pooling:

T;

o) = 3 ruenls)):

t=1

(14)

<.

Reward Formulation. The composite reward
R; integrates outcome-level accuracy and process-
level quality:

R =r4(0i) + X -1p(04), (15)

where r4(0;) € {0,1} denotes the binary correct-
ness indicator, and ) is a balancing coefficient.
Optimization Objective. Following the group rel-
ative paradigm, we compute advantages via intra-
group normalization:

o R; — H({Rj}jG:1)
' c({Rj}5)
where 1(+) and o(-) denote mean and standard de-

viation, respectively. The policy optimization ob-
jective is:

(16)

G
1
TO) =By | 5 ; Li(9)] (17)
- 5DKL(7T¢9H7rref)a (18)

where p; = mg(0; | q)/ma,,(0; | q) is the impor-
tance ratio, € controls the clipping range, and /3
governs the KL penalty against reference policy

Tref-

3.4 ILVR-Bench

To comprehensively evaluate model capabilities
in ILVR, we introduce ILVR-Bench, a benchmark
encompassing two complementary evaluation pro-
tocols: (1) ILVR-Bench-QA, a multiple-choice
question-answering task, and (2) ILVR-Bench-
QAR, an extension that requires models to provide
explicit rationales alongside predictions. Visual
examples and detailed statistics are provided in the
Appendix.

3.4.1 ILVR-Bench-QA

We curate a dataset of 42 hour-level videos span-
ning four domains: Film & Television, Life Record,
Knowledge, and Documentary, sourced and re-
curated from established public benchmarks (Song
et al., 2024; Yang et al., 2025a,b; He et al., 2024).
Through a multi-agent pre-annotation pipeline with
rigorous human verification, we construct 1,000
high-quality multiple-choice questions covering 10
task types, including object recognition, spatial
perception, and temporal reasoning. To enable a
comprehensive assessment of long-horizon video
reasoning, the temporal spans of QA pairs are strat-
ified into four granularity levels (1-, 10-, 30-, and
100-minute intervals), facilitating systematic as-
sessment across varying temporal horizons.

3.4.2 ILVR-Bench-QAR

To further probe the reasoning capabilities of agen-
tic frameworks, ILVR-Bench-QAR mandates struc-
tured rationale generation alongside answer pre-
diction. Each sample in ILVR-Bench-QAR com-
prises an additional <caption> module providing
task-relevant visual evidence and <think> mod-
ule articulating the step-by-step reasoning chain.
The incorporation of reasoning process mitigates
shortcut-based guessing and enables fine-grained
evaluation of reasoning interpretability in ILVR
systems.

4 Experiments

4.1 Experiment Setup

Training pipeline. Inspired by the DeepSeek-R1
RL paradigm, we train ILVR-Agent (comprising
Planning and Retrieval Agents) via a two-stage
strategy. In the first stage, we perform supervised



Method Size GLVR ILVR
MME LVB QA QAR

MLLMs

Qwen2.5-VL 72B 62.2 47.3 42.5 36.1

(Bai et al., 2025b)

GPT-40 - 653 489 451 385

(Hurst et al., 2024)
Gemini-1.5-Pro -
(Team et al., 2024)

Video Agent

VideoAgent 7B 50.8 36.1 34.7 25.2
(Wang et al., 2024)

LLaVA-OV+T™ 7B 463 37.2 35.1 26.5
(Ye et al., 2025)

Agentic Methods

VideoExplorer 3B 62.1 43.1 395 324
(Yuan et al., 2025)

Ego-R1 3B 649 443 42.6 342
(Tian et al., 2025)

674 33.1 464 39.1

ILVR-Agent 3B 674 49.5 50.6 44.2
ILVR-Agent* 3B 674 49.5 56.2 49.1

Table 1: Performance comparison on GLVR (MME:
VideoMME-I, LVB: LVBench) and ILVR (QA: ILVR-
Bench-QA, QAR: ILVR-Bench-QAR) benchmarks. To
ensure a fair comparison with existing baselines that
exclusively utilize textual prompts, ILVR-Agent is eval-
uated using text-based instance prompts, whereas ILVR-
Agent* incorporates multimodal prompts.

fine-tuning (SFT) on a pretrained language model
using our synthetic tool-thinking dataset. In the
second stage, we apply PA-GRPO to the SFT-
initialized models to further enhance the multi-turn
tool-thinking capabilities.

Benchmarks. We evaluate the performance of
the ILVR-Agent on two General Long-form Video
Reasoning (GLVR) benchmarks: Video-MME-I (Fu
et al., 2025) (long-version without subtitles) and
LVBench (Wang et al., 2025). To further evalu-
ate the capability of ILVR, we introduce ILVR-
Bench-QA and ILVR-Bench-QAR. Additional de-
tails about experiment setup are provided in Ap-
pendix. All results are reported as the mean of 3
independent runs with different random seeds.

4.2 Main Results

Results on GLVR. As shown in Table 1, ILVR-
Agent achieves 67.4% on VideoMME-1 and 49.5%
on LVBench, establishing SOTA performance on
General Long-form Video Reasoning (GLVR).
Compared to Video Agent methods, ILVR-Agent
outperforms VideoAgent by +16.6% (32.7% rel-
ative improvement) on VideoMME-1 and +13.4%
(37.1%) on LVBench. Against Agentic Methods

Strategy VideoMME-l ILVR-QAR
CoTT 64.9 34.2
CoAT(Ours) 66.5 45.8

Table 2: Ablation study of Chain-of-Agent Thinking
(CoAT).

with comparable model capacity, ILVR-Agent sur-
passes the strongest baseline Ego-R1 by +2.5%
and +5.2% on the two benchmarks, respectively.
Notably, with only 3B parameters, ILVR-Agent
matches Gemini-1.5-Pro on VideoMME-1 while
exceeding it by +16.4% on LVBench. We attribute
these gains to the CoAT paradigm, which delegates
sub-tasks to specialized agents equipped with task-
specific tool-thinking capabilities. This modular
design enhances both tool invocation accuracy and
reasoning efficiency, yielding more coherent rea-
soning chains than single-agent counterparts that
suffer from cross-task interference.

Results on ILVR. The advantages of ILVR-Agent
become more salient on instance-level reason-
ing tasks, which demand longer reasoning chains
and finer-grained temporal grounding. On ILVR-
Bench-QA, ILVR-Agent achieves 50.6%, surpass-
ing VideoAgent and Ego-R1 by +15.9% and +8.0%,
respectively. The performance gap widens con-
siderably on ILVR-Bench-QAR, where explicit
rationale generation is required: ILVR-Agent at-
tains 44.2%, outperforming VideoAgent by +19.0%
(75.4% relative gain) and Ego-R1 by +10.0%. The
amplified improvements on QAR over QA (75.4%
vs. 45.8% against VideoAgent; 29.2% vs. 18.8%
against Ego-R1) underscore that ILVR-Agent pro-
duces substantially more faithful reasoning traces.
We ascribe this to the task-based decoupling mech-
anism in CoAT, which effectively mitigates con-
textual noise accumulation, a critical bottleneck
when reasoning chains scale with instance-level
complexity. By compartmentalizing retrieval, plan-
ning, and execution within dedicated agents, ILVR-
Agent preserves logical consistency across ex-
tended multi-turn interactions, whereas monolithic
single-agent architectures exhibit pronounced rea-
soning drift under comparable settings. Addition-
ally, ILVR-Agent*, which leverages multimodal
prompts, demonstrates substantial improvements
over its text-only counterpart (e.g., 56.2 vs. 50.6 on
QA), highlighting the effectiveness of multimodal
prompt understanding.

Effectiveness of CoAT. Table 2 compares Chain-



RL Strategy VideoMME-1 ILVR-QAR
GRPO 66.5 45.8
PA-GRPO (Ours) 67.4 49.1

Table 3: Ablation study of reinforcement learning (RL)
strategies.

of-Agent Thinking (CoAT) with the single-agent
Chain-of-Tool-Thought (CoTT) (Tian et al., 2025).
While both achieve comparable performance on
VideoMME-1 (66.5% vs.64.9%), CoAT outper-
forms CoTT by +11.6% on ILVR-QAR. This dis-
parity stems from the inherent complexity of ILVR
tasks, which require extensive cross-frame evi-
dence aggregation and prolonged reasoning trajec-
tories. CoTT suffers from contextual noise accu-
mulation within a single agent, whereas CoAT miti-
gates this bottleneck through task-based decoupling
and specialized agent collaboration. These results
validate that modularizing tool-thinking across ex-
pert agents yields superior reasoning consistency
for long-chain video understanding.
Effectiveness of PA-GRPO. Table 3 presents
ablations comparing PA-GRPO against vanilla
GRPO. PA-GRPO achieves consistent improve-
ments: +1.8% on Video-MME-1 and +4.0% on
ILVR-Bench-QAR. The amplified gains on QAR
can be attributed to its longer reasoning trajecto-
ries with more frequent tool invocations, where
outcome-level rewards in vanilla GRPO provide
sparse supervision that fails to discriminate be-
tween valid and spurious intermediate steps. In con-
trast, PA-GRPO introduces step-wise process re-
wards that explicitly evaluate tool invocation appro-
priateness and format compliance, enabling more
precise credit assignment for intermediate actions.
The substantial improvement gap (8.9% vs.2.7%)
empirically validates that process-level supervision
becomes increasingly critical as reasoning com-
plexity scales. Notably, by leveraging an LLM-
as-Judge, PA-GRPO achieves these gains without
the annotation overhead typically associated with
training dedicated process reward models.
Statistics of Tool Calling Counts. Table 4 com-
pares reasoning efficiency between ILVR-Agent
and Ego-R1. ILVR-Agent consistently achieves
higher accuracy with fewer tool calls: on Video-
MME, +2.5% with 13.5% fewer calls (7.4 — 6.4);
on ILVR-QAR, +14.9% with 15.7% fewer calls
(10.2 — 8.6). This dual improvement arises from
fundamental architectural differences. Ego-R1’s

Method Video-MME-1 ILVR-QAR

Acc. T #Call| Acc. T #Call |

Ego-R1 (Tian et al., 2025) 64.9 7.4 34.2 10.2
ILVR-Agent 67.4 6.4 49.1 8.6

Table 4: Efficiency and accuracy comparison. ILVR-
Agent achieves higher accuracy with fewer tool calls
across benchmarks.

monolithic CoTT paradigm centralizes all opera-
tions within a single agent, incurring redundant tool
calls to compensate for accumulated contextual
noise as reasoning complexity scales. Conversely,
ILVR-Agent’s CoAT paradigm decomposes reason-
ing into task-specific workflows, where each spe-
cialized agent maintains a focused context window
and enables precise tool selection. The amplified
gains on ILVR-QAR (43.6% vs.3.9% relative im-
provement) demonstrate that modular multi-agent
architectures scale more favorably than single-
agent counterparts for complex reasoning chains.

5 Conclusion

In this paper, we systematically develop ILVR-
Agent across: dataset, method, and benchmark.
First, we design an end-to-end multi-agent engine
to curate ILVR-Instruction, a large-scale, high-
quality instruction dataset tailored for ILVR. Addi-
tionally, we introduce ILVR-Agent, a multi-agent
framework with Chain-of-Agent Thinking (CoAT)
by modularizing intricate reasoning chains, sub-
sequently invoking specialized agents with task-
specific tool-thinking. Furthermore, we propose
PA-GRPO that incorporates process-aware supervi-
sion via LLM-as-Judge, explicitly validating tool
invocations throughout the reasoning trajectory.
Finally, we establish ILVR-Bench, a comprehen-
sive benchmark for evaluating ILVR. Experiments
demonstrate that ILVR-Agent achieves promising
performance on both GLVR and ILVR.

6 Limitations

While our multi-agent pipeline ensures high-quality
annotations, the source videos predominantly rep-
resent mainstream categories, which may not fully
capture the tail distributions of complex visual
scenes. The robustness of ILVR-Agent against
significant domain shifts requires more compre-
hensive empirical investigation. Addressing this
gap through large-scale, open-domain data scaling
is a priority for our subsequent research.
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A Implementation Details

A.1 Training Data.

Our training corpus is constructed through the
multi-agent data engine described in Sec. 3.2, com-
prising 76K SFT samples and 12K RL samples.
We detail the data formulation for each agent be-
low. And all tools within agents are powered by
the Qwen3-LM and Qwen3-VL models.
Retrieval Agent. For SFT, we construct 42K re-
trieval tool-thinking trajectories that decompose
the temporal localization process into interpretable
reasoning steps. Specifically, each trajectory se-
quentially invokes three specialized tools: Caption-
based Retrieval for coarse-to-fine semantic match-
ing, Visual Grounding for visual instance clue ex-
traction, and Video-based Verification for candidate
refinement (in Sec. 3.3.3). This structured decom-
position enables the agent to learn systematic re-
trieval strategies rather than end-to-end shortcuts.
For RL, we collect 6K samples, each consisting
of a video paired with multimodal retrieval clues
(textual descriptions, visual exemplars and patial
regions) as input, with the ground-truth temporal
segments serving as the reward signal.

Planning Agent. For SFT, we curate 34K plan-
ning tool-thinking trajectories that capture the hier-
archical task decomposition process and iterative
agent coordination loop. Each trajectory demon-
strates how to parse complex queries into atomic
sub-tasks and appropriately dispatch them to ei-
ther the Retrieval Agent Ay or the Executor Agent
Aexe, thereby teaching the model effective orches-
tration strategies. For RL, we leverage 6K Instance-
level Long-form Video Reasoning (ILVR) multiple-
choice questions, where the agent receives reward
signals based on final answer correctness, encour-
aging holistic optimization of the planning policy.

A2

Both the Retrieval Agent and Planning Agent are
optimized through a unified two-stage training
paradigm: SFT on specialized tool-thinking tra-
jectories, followed by reinforcement learning via
PA-GRPO (Sec. 3.3.5). While the training frame-
work remains consistent, the reward formulations
are tailored to each agent’s task-specific objectives.
Retrieval Agent. In the RL stage, we train Ay
using samples with ground-truth temporal seg-
ments. Given predicted temporal interval T =
[ts,.] and ground-truth interval 7* = [t¥, ], the
outcome-level accuracy is computed via temporal

Two-stage Training
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Intersection-over-Union (tloU):

max (0, min(t,, t}) — max(ts,t%))

tloU(7, T*) =

max(te, t*) — min(f, t¥)

19)
The composite reward integrates localization accu-
racy with process-level quality:

R = I[tloU(T;, T%) > 7] + X - mp(0),  (20)
where 7 is the ToU threshold, I[-] denotes the indi-
cator function, and 7,(0;) represents the process
reward aggregated from step-wise evaluations.
Planning Agent. For Aj,,, we leverage ILVR
multiple-choice questions during RL training.
Given predicted answer a and ground-truth answer
a*, the outcome-level accuracy is defined as exact
match:

EM(a,a*) = I[a = a”]. (21)
The composite reward formulation follows:
RP™™ = EM(ay,a*) + A -1p(0;),  (22)

where the process reward r,(0;) assesses the va-
lidity of task decomposition and agent dispatching
decisions throughout the planning trajectory. A is
setto 1.

B ILVR-Bench

B.0.1 Statistics and Characteristics

Task Distribution. As illustrated in Figure 4(a),
ILVR-Bench encompasses a diverse array of
10 task categories, which can be systematically
grouped into two complementary dimensions: per-
ception and reasoning. The perception-oriented
tasks comprise Temporal Perception (13.6%), Spa-
tial Perception (12.9%), Object Perception (9.5%),
Attribute Perception (7.2%), and Action Percep-
tion (6.8%), collectively accounting for approxi-
mately 50% of the benchmark. Correspondingly,
the reasoning-oriented tasks include Temporal Rea-
soning (12.7%), Causal Reasoning (12.1%), Spa-
tial Reasoning (9.7%), Action Reasoning (8.4%),
and Object Reasoning (7.1%). This balanced dis-
tribution ensures comprehensive coverage of both
low-level perceptual understanding and high-level
cognitive reasoning capabilities, thereby enabling
a holistic evaluation of ILVR systems.

Temporal Span Distribution. Figure 4(b) presents
the distribution of query durations across four tem-
poral granularity levels. Notably, the 10-minute
interval constitutes the largest proportion (34%),
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Figure 4: Data characteristics of ILVR-Bench.

followed by 30-minute (26%), 60-minute (22%),
and 1-minute (18%) spans. This stratified design
deliberately emphasizes medium- to long-range
temporal dependencies, with over 80% of queries
requiring reasoning across intervals exceeding one
minute. Such a distribution reflects real-world sce-
narios where understanding hour-level videos ne-
cessitates the integration of contextual information
dispersed across extended temporal horizons, rather
than relying solely on localized frame-level percep-
tion.

B.1 Evaluation Metric: QAR-Score

To rigorously quantify model performance on
ILVR-Bench-QAR, we introduce the QAR-Score,
a composite metric designed to assess the align-
ment between predicted answers and their underly-
ing rationales. Formally, the score .S; for the i-th
sample is defined as a gated objective:

Si =1 =) [a-G(C:) +B-G(Ti)], (23)

where [(-) denotes the indicator function that re-
turns 1 if and only if the predicted answer ;
matches the ground-truth label y;, and 0 otherwise.
This gating mechanism enforces a necessary con-
dition: reasoning quality is evaluated exclusively
when the prediction is correct, thereby penalizing
models that generate plausible-sounding but ulti-
mately erroneous rationales.

For correctly answered instances, G(-) € [0, 1]
represents an LLM-based automated evaluator that
performs multi-dimensional assessment along two
axes: (1) the perceptual fidelity of the visual evi-
dence C;, measuring whether the extracted visual
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cues are accurate and task-relevant; and (2) the
inferential soundness of the reasoning chain 7,
evaluating logical coherence and evidence utiliza-
tion. The weighting coefficients are empirically set
to « = 0.4 and 8 = 0.6, prioritizing the reasoning
component to reflect the inherent complexity of
multi-step logical deduction in long-horizon video
understanding.

B.2 Visual Exemplar

Figure 5 illustrates representative samples from
ILVR-Bench-QA and ILVR-Bench-QAR. In ILVR-
Bench-QA, each instance comprises a multiple-
choice question paired with an instance prompt,
which provides essential contextual information
to disambiguate entity references within the query.
Specifically, the instance prompt integrates visual
exemplars with spatially localized regions (e.g.,
bounding boxes) and corresponding textual descrip-
tions, thereby grounding abstract entity mentions
to concrete visual referents.

Building upon this foundation, ILVR-Bench-
QAR augments each sample with two structured
annotation modules. The <caption> module fur-
nishes temporally-anchored visual evidence, ex-
plicitly specifying the relevant time intervals and
describing the observed scene content that substan-
tiates the answer. The <think> module decom-
poses the reasoning process into a sequence of logi-
cally coherent steps, each articulating intermediate
inferences that bridge perceptual observations to
the final conclusion. This hierarchical annotation
schema not only facilitates answer verification but
also enables systematic evaluation of multi-step
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Figure 5: Visual Exemplar of ILVR-Bench.

reasoning capabilities in long-form video under-
standing.

C Qualitative Results

C.1 CoTT vs. CoAT

We present a representative example to illustrate
the distinctions between Chain-of-Tool Think-
ing (CoTT) and our Chain-of-Agent Think-
ing (CoAT), as shown in Fig. 6. The task requires
identifying that the character is dreaming of a body
journey based on visual cues including a yellow
submarine, fleshy tunnels, and X-ray imagery.
CoTT Limitations. As depicted in Fig. 6(a), con-
ventional CoTT employs a single agent that se-
quentially invokes retrieval and Video-LLM tools.
Despite multiple iterations, this approach fails to
detect the critical “dreaming” context due to: (i) ev-
idence fragmentation—processing retrieved seg-
ments in isolation without semantic integration,
and (i) contextual noise accumulation—irrelevant
intermediate outputs diluting the reasoning focus,
ultimately leading to an incorrect answer.

CoAT Advantages. In contrast, our ILVR-Agent
with CoAT (Fig. 6(b)) decomposes the task across
specialized agents. The Planning Agent formulates
retrieval strategies explicitly targeting “George
sleeping or dreaming”. The Retrieval Agent then
identifies additional segments (20:00-23:00) con-
taining dream sequence evidence overlooked by
CoTT. Finally, the Executor Agent verifies the “fan-
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tastical, dreamlike” characteristics, enabling cor-
rect answer derivation. This modular design effec-
tively mitigates reasoning chain saturation while
enhancing evidence discovery through task-specific
specialization.

C.2 Case Study of ILVR-Agent

To illustrate the effectiveness of CoAT in ILVR-
Agent, we present two representative cases in
Fig. 7.

In the first case, the Planning Agent initially
formulates abstract emotional labels (e.g., “Sad”,
“Funny”) as retrieval clues. Upon receiving null re-
sults from the Retrieval Agent, the Planning Agent
adaptively refines its strategy by replacing vague
semantic descriptors with concrete perceptual cues
(e.g., “beautiful weather”), thereby enabling suc-
cessful evidence retrieval. This demonstrates the
self-reflective refinement capability of our frame-
work.

The second case further highlights the cross-
agent collaborative reasoning mechanism. When
the Executor Agent fails to verify the initial hypoth-
esis regarding the necklace’s function within the
specified temporal segment, the Planning Agent re-
evaluates the evidence sufficiency and re-invokes
the Retrieval Agent with reformulated queries. This
iterative loop ensures comprehensive evidence col-
lection before final answer derivation.

These cases collectively validate two core advan-
tages of ILVR-Agent: (1) adaptive query reformu-
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Figure 6: Visual comparison between Chain-of-Tool Thinking (CoTT) and Chain-of-Agent Thinking (CoAT) on
an ILVR example. CoTT (top) operates as a single-agent pipeline, where tool invocations (caption retrieval and
Video-LLM) are applied sequentially but often fail to preserve cross-frame consistency, leading to incorrect reasoning.
CoAT (bottom) decomposes the reasoning task into specialized agents—Retrieval, Action, and Verification—which
collaboratively ground temporal evidence (e.g., “George sleeping or dreaming”) and converge on the correct answer

(B).

lation through inter-agent feedback propagation,
which mitigates retrieval failures caused by seman-
tic ambiguity; and (2) dynamic evidence accumu-
lation via multi-round agent collaboration, which
addresses the inherent uncertainty in long-form
video understanding. Such mechanisms substan-
tially enhance the robustness and interpretability of
the reasoning process.

D Verification Details

To ensure the reliability of the 1,000 multiple-
choice questions generated by our multi-agent
pipeline, we conducted rigorous human verification.
Annotators were provided with a standardized in-
terface displaying the video clip, system-generated
question, candidate options, and multimodal in-
stance prompt. Each instance was evaluated ac-
cording to the following criteria:

* Video-Grounded Answerability: The question
must be answerable solely based on visual and
temporal information in the video, without re-
quiring external knowledge that contradicts the
depicted content.
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* Answer Uniqueness: Exactly one unambiguous
correct answer must exist among the four options.
Ambiguous instances were flagged for revision.

* Task Type Alignment: Each question must cor-
rectly correspond to one of the 10 pre-defined
task types (e.g., object recognition, temporal rea-
soning).

* Temporal Granularity Consistency: The tem-
poral distribution of questions must align with
the four stratified granularity levels (1-, 10-, 30-,
and 100-minute intervals).

* Multimodal Prompt Validity: Accurate tempo-
ral localization and coherent alignment between
visual content and textual queries were verified.

* Linguistic Clarity: Questions and options were
examined for grammatical correctness and free-
dom from ambiguity.

Ethical Considerations. All datasets used in this
work are publicly available for research purposes.
The human verification was conducted internally
by the authors to ensure annotation quality and



What is the impression of the video?
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1 In line with the video evidence, what is the function of the necklace that the girl stole from the museum? :

: A. Generate fire B. Make people invisible C. Generate electricity D. Seize superpowers from others 1
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Figure 7: Case Study of ILVR-Agent.

consistency. No personally identifiable information
was collected during the verification process.
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