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Abstract001

Recently, agentic video reasoning methods002
have demonstrated significant potential by in-003
centivizing tool-thinking capabilities through004
Reinforcement Learning (RL). However, exist-005
ing agentic approaches struggle with Instance-006
level Long-form Video Reasoning (ILVR),007
which demands extensive cross-frame evidence008
aggregation, due to the scaling of reasoning009
chains and tool-thinking trajectories. To ad-010
dress these challenges, we introduce ILVR-011
Agent, a multi-agent framework powered by012
Chain-of-Agent Thinking (CoAT), which013
modularizes complex reasoning chains and fa-014
cilitates modular tool-thinking with specialized015
agents. Specifically, we systematically develop016
ILVR-Agent across three perspectives: dataset,017
method, and benchmark. First, we design an018
end-to-end multi-agent engine to meticulously019
curate ILVR-Instruction, a large-scale, high-020
quality instruction dataset tailored for ILVR.021
Additionally, the ILVR-Agent method orches-022
trates a collaborative reasoning pipeline by023
modularizing intricate reasoning chains into:024
retrieval, planning and execution, subsequently025
invoking specialized agents with task-specific026
tool-thinking. Furthermore, to enhance tool-027
thinking efficiency, we propose PA-GRPO, an028
RL framework that incorporates process-aware029
supervision via LLM-as-Judge, explicitly vali-030
dating each tool invocation throughout the rea-031
soning trajectory. Finally, we establish ILVR-032
Bench, a comprehensive benchmark for eval-033
uating the ILVR capabilities of Video-LLMs.034
Extensive experiments and analyses demon-035
strate that our ILVR-Agent method achieves036
promising performance on both instance-level037
and general long-form video reasoning.038

1 Introduction039

Instance-level Long-form Video Reasoning (ILVR)040

refers to instance-centric reasoning within long-041

form video content, which is foundational to au-042

tonomous robotic navigation (Pore et al., 2023),043

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), 044

and autonomous driving (Chib and Singh, 2023). 045

However, ILVR remains a challenging task, as it 046

requires not only fine-grained spatio-temporal per- 047

ception but also the capability to localize and ag- 048

gregate cross-frame evidence for complex instance 049

interactions. 050

To address these challenges, recent advance- 051

ments in Video-LLMs (Wei and Chen, 2025; Liu 052

et al., 2025) and Reinforcement Learning (RL) 053

strategies (Shao et al., 2024) have substantially ex- 054

panded models’ context windows and enhanced 055

their reasoning capabilities, respectively. However, 056

despite extended context capacities, comprehend- 057

ing the information density of hour-level videos and 058
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facilitating long-chain reasoning within a single in-059

ference pass remains intractable. Motivated by the060

human cognitive process for long-form video rea-061

soning, recent approaches (Fan et al., 2024; Kugo062

et al., 2025) introduce agent-based frameworks that063

integrate the reasoning and decision-making capa-064

bilities of Large Language Models (LLMs) with065

the visual perception abilities of Vision-Language066

Models (VLMs), thereby enabling interactive and067

iterative video reasoning through multi-turn infer-068

ence. However, such video agent systems primarily069

rely on predefined reasoning chains, limiting their070

adaptability to open-ended reasoning tasks in real-071

world scenarios.072

To explore adaptive reasoning in video agents,073

recent works (Dong et al., 2025; Fei et al., 2024)074

introduce Agentic RL, endowing agents with tool-075

thinking capabilities. Such agentic methods fa-076

cilitate adaptive tool invocation based on interac-077

tive environmental feedback, iteratively refining078

the evidence aggregation process. E.g., VideoEx-079

plorer (Yuan et al., 2025) designs a training pipeline080

comprising supervised trajectory initialization with081

trajectory-level preference optimization, thereby082

reinforcing step-by-step tool invocations based on083

real-time feedback. However, existing agentic ap-084

proaches struggle with ILVR due to the scaling of085

reasoning chains and tool-thinking trajectories. As086

shown in Fig. 1(a), when video duration scales to087

hour-level, the elongated reasoning chains involv-088

ing multi-turn interactions inevitably accumulate089

overwhelming contextual noise. This interference090

disrupts the ongoing tool-thinking process, ulti-091

mately undermining long-range logical consistency092

and inducing reasoning drift.093

To address these challenges, we introduce ILVR-094

Agent, a multi-agent framework powered by095

Chain-of-Agent Thinking (CoAT), as depicted in096

Fig. 1(b). Unlike existing agentic video reasoning097

approaches that rely on a single agent to central-098

ize diverse tool-thinking paradigms, ILVR-Agent099

modularizes complex reasoning chains and facili-100

tates specialized tool-thinking through task-specific101

agents: a Planning Agent for task decomposition102

and evidence sufficiency assessment, a Retrieval103

Agent for temporal grounding and information ex-104

traction, and an Executor Agent for sub-task reso-105

lution. Specifically, we systematically develop the106

ILVR-Agent ecosystem across three perspectives:107

dataset, method, and benchmark.108

Dataset. To mitigate the scarcity of high-quality109

ILVR data, we design an end-to-end multi-agent110

data curation pipeline, by synergizing four special- 111

ized modules: Multi-granularity Captioner, QA 112

Generator, Instance Annotator, and Multimodal 113

Reviewer. We curate ILVR-Instruction, the first 114

large-scale instruction-following dataset dedicated 115

to instance-level reasoning, which comprises 76K 116

samples for Supervised Fine-Tuning (SFT) and 117

12K samples for Reinforcement Learning (RL). 118

Method. ILVR-Agent orchestrates a collabora- 119

tive reasoning pipeline through CoAT, which struc- 120

tures reasoning as an iterative agent coordination 121

loop. The Planning Agent dynamically decom- 122

poses queries and dispatches sub-tasks to special- 123

ized agents, while the Retrieval Agent performs 124

temporal grounding via retrieval tool-thinking and 125

the Executor Agent handles inference-oriented sub- 126

tasks via executor tool-thinking. Furthermore, 127

to enhance tool-thinking efficiency, we propose 128

PA-GRPO (Process-Aware GRPO), an RL frame- 129

work that incorporates process-level supervision 130

via LLM-as-Judge, explicitly validating each tool 131

invocation throughout the reasoning trajectory. 132

Benchmark. To facilitate comprehensive evalu- 133

ation of ILVR capabilities, we introduce ILVR- 134

Bench, a benchmark encompassing two comple- 135

mentary evaluation protocols: ILVR-Bench-QA for 136

multiple-choice QA, and ILVR-Bench-QAR that 137

additionally requires explicit rationale generation. 138

The benchmark comprises 1,000 high-quality sam- 139

ples spanning 10 task types across four temporal 140

granularities (1-, 10-, 30-, and 100-minute). 141

Our contributions are summarized as follows: 142

• We design an end-to-end multi-agent data 143

curation pipeline and construct ILVR- 144

Instruction, the first large-scale instruction- 145

tuning dataset dedicated to ILVR. 146

• We propose ILVR-Agent, a multi-agent 147

framework that introduces Chain-of-Agent 148

Thinking (CoAT), effectively modularizing 149

complex reasoning chains through specialized 150

Planning, Retrieval, and Executor agents. 151

• We introduce PA-GRPO, a process-aware re- 152

inforcement learning framework leveraging 153

LLM-as-Judge to provide step-wise supervi- 154

sion, significantly improving the efficiency of 155

tool-thinking in long-range video reasoning. 156

• We establish ILVR-Bench, featuring two eval- 157

uation protocols across 10 task types that rig- 158

orously assess capabilities spanning from fine- 159

grained perception to temporal reasoning. 160
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2 Related Work161

2.1 Agent-based Video Reasoning162

Inspired by the human cognitive process for long-163

form video reasoning, recent methods (Fan et al.,164

2025; Yang et al., 2025c; Shi et al., 2025) introduce165

agent-based frameworks. Specifically, these frame-166

works decouple the reasoning task into a cognitive-167

perceptual pipeline: where LLMs function as168

the "brain" for high-level planning and decision-169

making, whereas VLMs serve as the "eyes" for vi-170

sual perception. Early explorations in this domain,171

such as ViperGPT (Surís et al., 2023), pioneered172

modular orchestration by leveraging LLMs as high-173

level planners to synthesize executable programs174

that invoke specialized vision modules. Building175

upon this modularity, VideoAgent (Wang et al.,176

2024) further refined the iterative reasoning work-177

flow. Unlike traditional single-pass architectures,178

VideoAgent emphasizes a human-like evidence179

compilation process, employing an LLM-based180

controller to dynamically localize task-relevant181

temporal segments and progressively aggregate in-182

formation to resolve complex, long-horizon queries.183

However, such video agent systems primarily rely184

on predefined reasoning chains, which limits the185

adaptability to open-ended reasoning tasks in real-186

world scenarios.187

2.2 Agentic Video Reasoning188

To explore adaptive reasoning in video agents, re-189

cent works (Li et al., 2025; Xu et al., 2025; Ruther-190

ford et al., 2024; Zhang et al., 2023) introduce191

Agentic RL, a post-training strategy that reinforces192

iterative tool-thinking and the refinement of rea-193

soning trajectories based on environmental feed-194

back. The core motivation is to enable agents to au-195

tonomously learn optimal tool-invocation strategies196

rather than relying solely on zero-shot prompting.197

E.g., VideoExplorer (Yuan et al., 2025) advocates198

for the "thinking with video" principle, which seam-199

lessly intertwines planning, temporal grounding,200

and scalable perception into a coherent reasoning201

process. It achieves task-oriented video understand-202

ing by iteratively formulating sub-questions and203

locating relevant moments within the video. Fur-204

thermore, Ego-R1 (Tian et al., 2025) establishes205

a structured Chain-of-Tool-Thought (CoTT) pro-206

cess by leveraging a DeepSeek-R1-style (Guo et al.,207

2025) training paradigm (i.e., cold-start and GRPO208

phases), enabling step-by-step and interactive tool209

invocations based on real-time feedback. Despite210

Figure 2: A multi-agent data engine for the construction
of ILVR Dataset.

these advances, existing agentic approaches strug- 211

gle with Instance-level Long-form Video Reason- 212

ing (ILVR), which demands extensive cross-frame 213

evidence aggregation. This difficulty stems from 214

the complexity bottleneck when scaling reasoning 215

chains and tool-thinking trajectories within a single 216

agent. 217

3 Method 218

3.1 Preliminary 219

ILVR Task Formulation. ILVR entails the ca- 220

pability to parse and respond to instance-centric 221

queries involving multiple target instances and their 222

complex interactions. Specifically, given a query 223

such as ‘How do <instance1> and <instance2> 224

interact with each other throughout the video?”, 225

where <instancei> denotes an instance prompt, 226

the model must reason over intricate instance rela- 227

tionships and long-horizon temporal dependencies. 228

To this end, we present a unified formulation for 229

ILVR. Formally, let V denote the input video and 230

P = {P1, P2, . . . , Pn} be a set of n user-specified 231

instance prompts. Each prompt Pi can be instan- 232

tiated through one or more modalities: textual de- 233

scriptions, visual exemplars, or spatial regions (i.e., 234

bounding boxes). The learning objective is to max- 235

imize the conditional log-likelihood of generating 236

the ground-truth response y, given the video V , 237

instance prompts P, and query q: 238

L =
∑

(V,P,q,y)

logP (y | V, P1, . . . , Pn, q). (1) 239

3.2 Multi-Agent Engine for ILVR Dataset 240

To mitigate the scarcity of high-quality ILVR data, 241

we design an end-to-end multi-agent data curation 242

pipeline to construct ILVR-Instruction, the first 243

large-scale instruction-following dataset tailored 244

for instance-level reasoning. The resulting dataset 245

comprises 76K samples for supervised fine-tuning 246

(SFT) and 12K samples for reinforcement learn- 247

ing (RL). As illustrated in Fig. 2, our pipeline is 248

3



structured into four modular components, each or-249

chestrated by specialized expert models.250

Multi-granularity Captioner. To capture the com-251

plex dynamics of long-form videos, we employ252

Qwen3-VL-235B (Bai et al., 2025a) to establish a253

multi-granularity captioning framework spanning254

three temporal scales (second-, minute-, and hour-255

levels), enabling the synthesis of instruction data256

with diverse temporal distributions.257

QA Generator. Building upon multi-granularity258

captions, the QA Generator (GPT-5) synthesizes259

instruction-following pairs across four temporal260

horizons (1-, 10-, 30-, and 100-minute). Reflecting261

the inherent complexities of ILVR, the generated262

QA data is structured along two dimensions: Per-263

ception and Reasoning, further decomposed into264

four fine-grained sub-types: Object, Action, Spa-265

tial, and Temporal.266

Instance Annotator. To enable precise instance-267

level prompting, the Instance Annotator (Qwen3-268

VL-235B) synthesizes multimodal prompts for each269

target instance, comprising: (i) textual descriptions270

capturing semantic details; (ii) visual exemplars271

providing appearance cues; and (iii) spatial regions272

establishing spatial grounding. Such multimodal273

prompts effectively mitigate semantic ambiguity274

inherent in purely linguistic references.275

Multimodal Reviewer. We implement a two-stage276

verification process to ensure data integrity. First,277

Gemini-2.5-Pro (Comanici et al., 2025) audits the278

spatio-temporal alignment and semantic accuracy279

of instance prompts. Subsequently, DeepSeek-280

V3 (Liu et al., 2024) performs logical verifica-281

tion by generating step-by-step reasoning trajecto-282

ries, where visual evidence is encapsulated within283

<caption> tags and analytical reasoning within284

<think> tags.285

3.3 ILVR-Agent with PA-GRPO286

Unlike existing agentic video reasoning ap-287

proaches (Tian et al., 2025; Yuan et al., 2025) that288

rely on a single agent to centralize diverse tool-289

thinking for different tasks, we introduce ILVR-290

Agent, a multi-agent framework powered by chain-291

of-agent thinking, modularizing complex reason-292

ing chains and facilitates modular tool-thinking293

with specialized agents. We first describe the over-294

all architecture and the Chain-of-Agent Thinking295

paradigm (§3.3.1), followed by the Retrieval Agent296

(§3.3.3), the Planning Agent (§3.3.2), the Executor297

Agent (§3.3.4) and the PA-GRPO (§3.3.5).298

3.3.1 Overall Architecture 299

As depicted in Fig. 3, ILVR-Agent comprises three 300

specialized agents: a Planning Agent Aplan for 301

task decomposition and evidence sufficiency assess- 302

ment, a Retrieval Agent Aret for temporal ground- 303

ing and information extraction, and an Executor 304

Agent Aexe for sub-task resolution. This mod- 305

ular design decouples the monolithic reasoning 306

chain prevalent in single-agent systems into dis- 307

crete, manageable components. 308

Chain-of-Agent Thinking (CoAT). Central to 309

our framework is the Chain-of-Agent Thinking 310

paradigm, which addresses contextual noise ac- 311

cumulation in long-form video reasoning. Given 312

a query q and instance prompts P over video V , 313

CoAT structures reasoning as an iterative agent 314

coordination loop: 315

st = Aplan(q,P,H<t), (2) 316

rt = A∗(st), A∗ ∈ {Aret,Aexe}, (3) 317

Ht = H<t ∪ {(st, rt)}, (4) 318

where st denotes the sub-task dispatched at step 319

t, rt is the returned result from specialized agent 320

A∗, and Ht denotes the interaction history. The 321

planner Aplan dynamically orchestrates sub-task 322

decomposition conditioned on prior feedback until 323

convergence: 324

y = Aplan(q,P,HT ) s.t. SUFFICIENT = true.
(5) 325

Unlike single-agent approaches with ever-growing 326

context, CoAT isolates task-specific reasoning 327

within specialized agents and enables adaptive re- 328

planning, thereby preserving long-range logical 329

consistency. 330

3.3.2 Planning Agent 331

The Planning Agent Aplan serves as the central co- 332

ordinator, orchestrating multi-agent collaboration 333

through two core functions: hierarchical task de- 334

composition and evidence sufficiency assessment 335

using planning tool-thinking. 336

Task Decomposition. Given query q, instance 337

prompts P, and interaction history H<t, Aplan de- 338

composes the problem into atomic sub-tasks: 339

st = DECOMPOSE(q,P,H<t). (6) 340

Each sub-task st is classified and dispatched ac- 341

cordingly: 342

DISPATCH(st)→

{
Aret, if st ∈ Sret

Aexe, if st ∈ Sexe
, (7) 343
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Figure 3: The overall architecture of ILVR-Agent, containing three specialized agents: Planning Agent Aplan,
Retrieval Agent Aret and Executor Agent Aexe. The framework performs chain-of-agent thinking, modularizing
complex reasoning chains and facilitates modular tool-thinking with specialized agents.

where Sret and Sexe denote retrieval and executable344

task spaces, respectively.345

Evidence Sufficiency Assessment. Upon receiv-346

ing result rt from specialized agents, Aplan evalu-347

ates whether Ht provides sufficient evidence:348

SUFFICIENT(Ht, q) → {true, false}. (8)349

If satisfied, the agent synthesizes the final response350

via y = AGGREGATE(HT , q); otherwise, it initi-351

ates another decomposition-dispatch cycle. This352

iterative mechanism enables adaptive reasoning353

depth based on query complexity.354

3.3.3 Retrieval Agent355

The Retrieval Agent Aret localizes relevant tempo-356

ral segments and extracts associated information357

from long-form videos via retrieval tool-thinking.358

This mechanism enables Aret to iteratively invoke359

specialized tools, progressively narrowing down to360

compact yet informative video intervals. To inter-361

pret multimodal instance prompts comprehensively,362

we equip Aret with three complementary tools:363

Caption-based Retrieval. We construct a hierar-364

chical caption index at two temporal granularities:365

fine-grained (C1, 1-min) and coarse-grained (C10,366

10-min). Given textual cues in st, we employ an367

LLM to perform semantic retrieval:368

Tcand = LLM-RET(st, C1 ∪ C10), (9)369

where Tcand contains candidate temporal segments.370

This coarse-to-fine strategy enables efficient navi-371

gation of hour-level content.372

Visual Grounding. For visual cues in st (e.g.„ vi-373

sual exemplars or bounding boxes), Aret leverages374

a VLM to ground these references:375

cv = VLM-GROUND(st), (10)376

where cv denotes the detected visual instance clues. 377

Video-based Verification. To refine Tcand and miti- 378

gate false positives, we introduce a verification step 379

using a Video-LLM: 380

T ′,K = VIDLLM-VERI(Tcand, st, cv), (11) 381

which outputs refined temporal boundaries T ′ and 382

verified knowledge K. The final result is then for- 383

mulated as rt = (T ′,K). 384

3.3.4 Executor Agent 385

The Executor Agent Aexe handles inference- 386

oriented sub-tasks via executor tool-thinking, dy- 387

namically selecting appropriate reasoning tools. 388

Given st ∈ Sexe, Aexe routes it based on input 389

modality: 390

rt = F∗(st,H<t), F∗ ∈ {Fllm,Fvlm,Fvid},
(12) 391

where Fllm handles text-based reasoning, Fvlm ad- 392

dresses image-level understanding (e.g.„ object 393

recognition, spatial reasoning), and Fvid performs 394

temporal reasoning over video segments. The result 395

rt is subsequently aggregated into Ht for evidence 396

accumulation. 397

3.3.5 PA-GRPO 398

While GRPO (Guo et al., 2025) has demonstrated 399

effectiveness in text-based reasoning, it fundamen- 400

tally relies on outcome-level rewards. In tool- 401

thinking scenarios, where reasoning trajectories 402

encompass multiple intermediate tool invocations, 403

outcome-level supervision fails to capture the va- 404

lidity of individual reasoning steps. To address 405

this limitation, we propose Process-Aware Group 406

Relative Policy Optimization (PA-GRPO), an RL 407

framework that incorporates process-level supervi- 408

sion to explicitly validate tool invocations through- 409

out the reasoning trajectory. 410
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The key insight of PA-GRPO is to leverage an411

LLM-as-Judge paradigm to evaluate individual rea-412

soning steps within tool-thinking trajectories, sub-413

sequently aggregating these step-wise assessments414

into trajectory-level process rewards. In contrast to415

training a dedicated Process Reward Model (Khal-416

ifa et al., 2025) requiring costly step-level annota-417

tions, our approach harnesses a capable LLM with418

structured evaluation prompts to assess whether419

each tool invocation is well-formatted and contex-420

tually appropriate.421

Step-wise Process Reward. Given query q, we422

sample a group of G reasoning trajectories {oi}Gi=1423

from policy πθ. Each trajectory oi comprises Ti424

reasoning steps: oi = (s1i , . . . , s
Ti
i ), where each sti425

encapsulates a tool invocation with its accompany-426

ing rationale. For each step, we employ an LLM427

judge M guided by evaluation rubric P:428

rstep(s
t
i) = M(sti | q, s<t

i ,P), (13)429

where s<t
i denotes preceding context. The rubric430

P directs the judge to score: (1) tool invoca-431

tion appropriateness, and (2) format compliance.432

The trajectory-level process reward is obtained via433

mean pooling:434

rp(oi) =
1

Ti

Ti∑
t=1

rstep(s
t
i). (14)435

Reward Formulation. The composite reward436

Ri integrates outcome-level accuracy and process-437

level quality:438

Ri = ra(oi) + λ · rp(oi), (15)439

where ra(oi) ∈ {0, 1} denotes the binary correct-440

ness indicator, and λ is a balancing coefficient.441

Optimization Objective. Following the group rel-442

ative paradigm, we compute advantages via intra-443

group normalization:444

Ai =
Ri − µ({Rj}Gj=1)

σ({Rj}Gj=1)
, (16)445

where µ(·) and σ(·) denote mean and standard de-446

viation, respectively. The policy optimization ob-447

jective is:448

J (θ) = Eq,{oi}

[
1

G

G∑
i=1

Li(θ)

]
, (17)449

Li(θ) = min
(
ρiAi, clip(ρi, 1±ϵ)Ai

)
450

− β DKL(πθ∥πref), (18)451

where ρi = πθ(oi | q)/πθold(oi | q) is the impor- 452

tance ratio, ϵ controls the clipping range, and β 453

governs the KL penalty against reference policy 454

πref. 455

3.4 ILVR-Bench 456

To comprehensively evaluate model capabilities 457

in ILVR, we introduce ILVR-Bench, a benchmark 458

encompassing two complementary evaluation pro- 459

tocols: (1) ILVR-Bench-QA, a multiple-choice 460

question-answering task, and (2) ILVR-Bench- 461

QAR, an extension that requires models to provide 462

explicit rationales alongside predictions. Visual 463

examples and detailed statistics are provided in the 464

Appendix. 465

3.4.1 ILVR-Bench-QA 466

We curate a dataset of 42 hour-level videos span- 467

ning four domains: Film & Television, Life Record, 468

Knowledge, and Documentary, sourced and re- 469

curated from established public benchmarks (Song 470

et al., 2024; Yang et al., 2025a,b; He et al., 2024). 471

Through a multi-agent pre-annotation pipeline with 472

rigorous human verification, we construct 1,000 473

high-quality multiple-choice questions covering 10 474

task types, including object recognition, spatial 475

perception, and temporal reasoning. To enable a 476

comprehensive assessment of long-horizon video 477

reasoning, the temporal spans of QA pairs are strat- 478

ified into four granularity levels (1-, 10-, 30-, and 479

100-minute intervals), facilitating systematic as- 480

sessment across varying temporal horizons. 481

3.4.2 ILVR-Bench-QAR 482

To further probe the reasoning capabilities of agen- 483

tic frameworks, ILVR-Bench-QAR mandates struc- 484

tured rationale generation alongside answer pre- 485

diction. Each sample in ILVR-Bench-QAR com- 486

prises an additional <caption> module providing 487

task-relevant visual evidence and <think> mod- 488

ule articulating the step-by-step reasoning chain. 489

The incorporation of reasoning process mitigates 490

shortcut-based guessing and enables fine-grained 491

evaluation of reasoning interpretability in ILVR 492

systems. 493

4 Experiments 494

4.1 Experiment Setup 495

Training pipeline. Inspired by the DeepSeek-R1 496

RL paradigm, we train ILVR-Agent (comprising 497

Planning and Retrieval Agents) via a two-stage 498

strategy. In the first stage, we perform supervised 499
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Method Size GLVR ILVR

MME LVB QA QAR

MLLMs
Qwen2.5-VL
(Bai et al., 2025b)

72B 62.2 47.3 42.5 36.1

GPT-4o
(Hurst et al., 2024)

- 65.3 48.9 45.1 38.5

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

- 67.4 33.1 46.4 39.1

Video Agent
VideoAgent
(Wang et al., 2024)

7B 50.8 36.1 34.7 25.2

LLaVA-OV+T ∗

(Ye et al., 2025)
7B 46.3 37.2 35.1 26.5

Agentic Methods
VideoExplorer
(Yuan et al., 2025)

3B 62.1 43.1 39.5 32.4

Ego-R1
(Tian et al., 2025)

3B 64.9 44.3 42.6 34.2

ILVR-Agent 3B 67.4 49.5 50.6 44.2
ILVR-Agent∗ 3B 67.4 49.5 56.2 49.1

Table 1: Performance comparison on GLVR (MME:
VideoMME-l, 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 model500

using our synthetic tool-thinking dataset. In the501

second stage, we apply PA-GRPO to the SFT-502

initialized models to further enhance the multi-turn503

tool-thinking capabilities.504

Benchmarks. We evaluate the performance of505

the ILVR-Agent on two General Long-form Video506

Reasoning (GLVR) benchmarks: Video-MME-l (Fu507

et al., 2025) (long-version without subtitles) and508

LVBench (Wang et al., 2025). To further evalu-509

ate the capability of ILVR, we introduce ILVR-510

Bench-QA and ILVR-Bench-QAR. Additional de-511

tails about experiment setup are provided in Ap-512

pendix. All results are reported as the mean of 3513

independent runs with different random seeds.514

4.2 Main Results515

Results on GLVR. As shown in Table 1, ILVR-516

Agent achieves 67.4% on VideoMME-l and 49.5%517

on LVBench, establishing SOTA performance on518

General Long-form Video Reasoning (GLVR).519

Compared to Video Agent methods, ILVR-Agent520

outperforms VideoAgent by +16.6% (32.7% rel-521

ative improvement) on VideoMME-l and +13.4%522

(37.1%) on LVBench. Against Agentic Methods523

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- 524

passes the strongest baseline Ego-R1 by +2.5% 525

and +5.2% on the two benchmarks, respectively. 526

Notably, with only 3B parameters, ILVR-Agent 527

matches Gemini-1.5-Pro on VideoMME-l while 528

exceeding it by +16.4% on LVBench. We attribute 529

these gains to the CoAT paradigm, which delegates 530

sub-tasks to specialized agents equipped with task- 531

specific tool-thinking capabilities. This modular 532

design enhances both tool invocation accuracy and 533

reasoning efficiency, yielding more coherent rea- 534

soning chains than single-agent counterparts that 535

suffer from cross-task interference. 536

Results on ILVR. The advantages of ILVR-Agent 537

become more salient on instance-level reason- 538

ing tasks, which demand longer reasoning chains 539

and finer-grained temporal grounding. On ILVR- 540

Bench-QA, ILVR-Agent achieves 50.6%, surpass- 541

ing VideoAgent and Ego-R1 by +15.9% and +8.0%, 542

respectively. The performance gap widens con- 543

siderably on ILVR-Bench-QAR, where explicit 544

rationale generation is required: ILVR-Agent at- 545

tains 44.2%, outperforming VideoAgent by +19.0% 546

(75.4% relative gain) and Ego-R1 by +10.0%. The 547

amplified improvements on QAR over QA (75.4% 548

vs. 45.8% against VideoAgent; 29.2% vs. 18.8% 549

against Ego-R1) underscore that ILVR-Agent pro- 550

duces substantially more faithful reasoning traces. 551

We ascribe this to the task-based decoupling mech- 552

anism in CoAT, which effectively mitigates con- 553

textual noise accumulation, a critical bottleneck 554

when reasoning chains scale with instance-level 555

complexity. By compartmentalizing retrieval, plan- 556

ning, and execution within dedicated agents, ILVR- 557

Agent preserves logical consistency across ex- 558

tended multi-turn interactions, whereas monolithic 559

single-agent architectures exhibit pronounced rea- 560

soning drift under comparable settings. Addition- 561

ally, ILVR-Agent∗, which leverages multimodal 562

prompts, demonstrates substantial improvements 563

over its text-only counterpart (e.g., 56.2 vs. 50.6 on 564

QA), highlighting the effectiveness of multimodal 565

prompt understanding. 566

Effectiveness of CoAT. Table 2 compares Chain- 567
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RL Strategy VideoMME-l 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-agent568

Chain-of-Tool-Thought (CoTT) (Tian et al., 2025).569

While both achieve comparable performance on570

VideoMME-l (66.5% vs.64.9%), CoAT outper-571

forms CoTT by +11.6% on ILVR-QAR. This dis-572

parity stems from the inherent complexity of ILVR573

tasks, which require extensive cross-frame evi-574

dence aggregation and prolonged reasoning trajec-575

tories. CoTT suffers from contextual noise accu-576

mulation within a single agent, whereas CoAT miti-577

gates this bottleneck through task-based decoupling578

and specialized agent collaboration. These results579

validate that modularizing tool-thinking across ex-580

pert agents yields superior reasoning consistency581

for long-chain video understanding.582

Effectiveness of PA-GRPO. Table 3 presents583

ablations comparing PA-GRPO against vanilla584

GRPO. PA-GRPO achieves consistent improve-585

ments: +1.8% on Video-MME-l and +4.0% on586

ILVR-Bench-QAR. The amplified gains on QAR587

can be attributed to its longer reasoning trajecto-588

ries with more frequent tool invocations, where589

outcome-level rewards in vanilla GRPO provide590

sparse supervision that fails to discriminate be-591

tween valid and spurious intermediate steps. In con-592

trast, PA-GRPO introduces step-wise process re-593

wards that explicitly evaluate tool invocation appro-594

priateness and format compliance, enabling more595

precise credit assignment for intermediate actions.596

The substantial improvement gap (8.9% vs.2.7%)597

empirically validates that process-level supervision598

becomes increasingly critical as reasoning com-599

plexity scales. Notably, by leveraging an LLM-600

as-Judge, PA-GRPO achieves these gains without601

the annotation overhead typically associated with602

training dedicated process reward models.603

Statistics of Tool Calling Counts. Table 4 com-604

pares reasoning efficiency between ILVR-Agent605

and Ego-R1. ILVR-Agent consistently achieves606

higher accuracy with fewer tool calls: on Video-607

MME, +2.5% with 13.5% fewer calls (7.4 → 6.4);608

on ILVR-QAR, +14.9% with 15.7% fewer calls609

(10.2 → 8.6). This dual improvement arises from610

fundamental architectural differences. Ego-R1’s611

Method Video-MME-l ILVR-QAR

Acc. ↑ # Call ↓ Acc. ↑ # 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- 612

tions within a single agent, incurring redundant tool 613

calls to compensate for accumulated contextual 614

noise as reasoning complexity scales. Conversely, 615

ILVR-Agent’s CoAT paradigm decomposes reason- 616

ing into task-specific workflows, where each spe- 617

cialized agent maintains a focused context window 618

and enables precise tool selection. The amplified 619

gains on ILVR-QAR (43.6% vs.3.9% relative im- 620

provement) demonstrate that modular multi-agent 621

architectures scale more favorably than single- 622

agent counterparts for complex reasoning chains. 623

5 Conclusion 624

In this paper, we systematically develop ILVR- 625

Agent across: dataset, method, and benchmark. 626

First, we design an end-to-end multi-agent engine 627

to curate ILVR-Instruction, a large-scale, high- 628

quality instruction dataset tailored for ILVR. Addi- 629

tionally, we introduce ILVR-Agent, a multi-agent 630

framework with Chain-of-Agent Thinking (CoAT) 631

by modularizing intricate reasoning chains, sub- 632

sequently invoking specialized agents with task- 633

specific tool-thinking. Furthermore, we propose 634

PA-GRPO that incorporates process-aware supervi- 635

sion via LLM-as-Judge, explicitly validating tool 636

invocations throughout the reasoning trajectory. 637

Finally, we establish ILVR-Bench, a comprehen- 638

sive benchmark for evaluating ILVR. Experiments 639

demonstrate that ILVR-Agent achieves promising 640

performance on both GLVR and ILVR. 641

6 Limitations 642

While our multi-agent pipeline ensures high-quality 643

annotations, the source videos predominantly rep- 644

resent mainstream categories, which may not fully 645

capture the tail distributions of complex visual 646

scenes. The robustness of ILVR-Agent against 647

significant domain shifts requires more compre- 648

hensive empirical investigation. Addressing this 649

gap through large-scale, open-domain data scaling 650

is a priority for our subsequent research. 651
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A Implementation Details854

A.1 Training Data.855

Our training corpus is constructed through the856

multi-agent data engine described in Sec. 3.2, com-857

prising 76K SFT samples and 12K RL samples.858

We detail the data formulation for each agent be-859

low. And all tools within agents are powered by860

the Qwen3-LM and Qwen3-VL models.861

Retrieval Agent. For SFT, we construct 42K re-862

trieval tool-thinking trajectories that decompose863

the temporal localization process into interpretable864

reasoning steps. Specifically, each trajectory se-865

quentially invokes three specialized tools: Caption-866

based Retrieval for coarse-to-fine semantic match-867

ing, Visual Grounding for visual instance clue ex-868

traction, and Video-based Verification for candidate869

refinement (in Sec. 3.3.3). This structured decom-870

position enables the agent to learn systematic re-871

trieval strategies rather than end-to-end shortcuts.872

For RL, we collect 6K samples, each consisting873

of a video paired with multimodal retrieval clues874

(textual descriptions, visual exemplars and patial875

regions) as input, with the ground-truth temporal876

segments serving as the reward signal.877

Planning Agent. For SFT, we curate 34K plan-878

ning tool-thinking trajectories that capture the hier-879

archical task decomposition process and iterative880

agent coordination loop. Each trajectory demon-881

strates how to parse complex queries into atomic882

sub-tasks and appropriately dispatch them to ei-883

ther the Retrieval Agent Aret or the Executor Agent884

Aexe, thereby teaching the model effective orches-885

tration strategies. For RL, we leverage 6K Instance-886

level Long-form Video Reasoning (ILVR) multiple-887

choice questions, where the agent receives reward888

signals based on final answer correctness, encour-889

aging holistic optimization of the planning policy.890

A.2 Two-stage Training891

Both the Retrieval Agent and Planning Agent are892

optimized through a unified two-stage training893

paradigm: SFT on specialized tool-thinking tra-894

jectories, followed by reinforcement learning via895

PA-GRPO (Sec. 3.3.5). While the training frame-896

work remains consistent, the reward formulations897

are tailored to each agent’s task-specific objectives.898

Retrieval Agent. In the RL stage, we train Aret899

using samples with ground-truth temporal seg-900

ments. Given predicted temporal interval T̂ =901

[t̂s, t̂e] and ground-truth interval T ∗ = [t∗s, t
∗
e], the902

outcome-level accuracy is computed via temporal903

Intersection-over-Union (tIoU): 904

tIoU(T̂ , T ∗) =
max(0,min(t̂e, t

∗
e)−max(t̂s, t

∗
s))

max(t̂e, t∗e)−min(t̂s, t∗s)
.

(19) 905

The composite reward integrates localization accu- 906

racy with process-level quality: 907

Rret
i = I[tIoU(T̂i, T ∗) ≥ τ ] + λ · rp(oi), (20) 908

where τ is the IoU threshold, I[·] denotes the indi- 909

cator function, and rp(oi) represents the process 910

reward aggregated from step-wise evaluations. 911

Planning Agent. For Aplan, we leverage ILVR 912

multiple-choice questions during RL training. 913

Given predicted answer â and ground-truth answer 914

a∗, the outcome-level accuracy is defined as exact 915

match: 916

EM(â, a∗) = I[â = a∗]. (21) 917

The composite reward formulation follows: 918

R
plan
i = EM(âi, a

∗) + λ · rp(oi), (22) 919

where the process reward rp(oi) assesses the va- 920

lidity of task decomposition and agent dispatching 921

decisions throughout the planning trajectory. λ is 922

set to 1. 923

B ILVR-Bench 924

B.0.1 Statistics and Characteristics 925

Task Distribution. As illustrated in Figure 4(a), 926

ILVR-Bench encompasses a diverse array of 927

10 task categories, which can be systematically 928

grouped into two complementary dimensions: per- 929

ception and reasoning. The perception-oriented 930

tasks comprise Temporal Perception (13.6%), Spa- 931

tial Perception (12.9%), Object Perception (9.5%), 932

Attribute Perception (7.2%), and Action Percep- 933

tion (6.8%), collectively accounting for approxi- 934

mately 50% of the benchmark. Correspondingly, 935

the reasoning-oriented tasks include Temporal Rea- 936

soning (12.7%), Causal Reasoning (12.1%), Spa- 937

tial Reasoning (9.7%), Action Reasoning (8.4%), 938

and Object Reasoning (7.1%). This balanced dis- 939

tribution ensures comprehensive coverage of both 940

low-level perceptual understanding and high-level 941

cognitive reasoning capabilities, thereby enabling 942

a holistic evaluation of ILVR systems. 943

Temporal Span Distribution. Figure 4(b) presents 944

the distribution of query durations across four tem- 945

poral granularity levels. Notably, the 10-minute 946

interval constitutes the largest proportion (34%), 947
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Figure 4: Data characteristics of ILVR-Bench.

followed by 30-minute (26%), 60-minute (22%),948

and 1-minute (18%) spans. This stratified design949

deliberately emphasizes medium- to long-range950

temporal dependencies, with over 80% of queries951

requiring reasoning across intervals exceeding one952

minute. Such a distribution reflects real-world sce-953

narios where understanding hour-level videos ne-954

cessitates the integration of contextual information955

dispersed across extended temporal horizons, rather956

than relying solely on localized frame-level percep-957

tion.958

B.1 Evaluation Metric: QAR-Score959

To rigorously quantify model performance on960

ILVR-Bench-QAR, we introduce the QAR-Score,961

a composite metric designed to assess the align-962

ment between predicted answers and their underly-963

ing rationales. Formally, the score Si for the i-th964

sample is defined as a gated objective:965

Si = I(ŷi = yi) · [α · G(Ci) + β · G(Ti)] , (23)966

where I(·) denotes the indicator function that re-967

turns 1 if and only if the predicted answer ŷi968

matches the ground-truth label yi, and 0 otherwise.969

This gating mechanism enforces a necessary con-970

dition: reasoning quality is evaluated exclusively971

when the prediction is correct, thereby penalizing972

models that generate plausible-sounding but ulti-973

mately erroneous rationales.974

For correctly answered instances, G(·) ∈ [0, 1]975

represents an LLM-based automated evaluator that976

performs multi-dimensional assessment along two977

axes: (1) the perceptual fidelity of the visual evi-978

dence Ci, measuring whether the extracted visual979

cues are accurate and task-relevant; and (2) the 980

inferential soundness of the reasoning chain Ti, 981

evaluating logical coherence and evidence utiliza- 982

tion. The weighting coefficients are empirically set 983

to α = 0.4 and β = 0.6, prioritizing the reasoning 984

component to reflect the inherent complexity of 985

multi-step logical deduction in long-horizon video 986

understanding. 987

B.2 Visual Exemplar 988

Figure 5 illustrates representative samples from 989

ILVR-Bench-QA and ILVR-Bench-QAR. In ILVR- 990

Bench-QA, each instance comprises a multiple- 991

choice question paired with an instance prompt, 992

which provides essential contextual information 993

to disambiguate entity references within the query. 994

Specifically, the instance prompt integrates visual 995

exemplars with spatially localized regions (e.g., 996

bounding boxes) and corresponding textual descrip- 997

tions, thereby grounding abstract entity mentions 998

to concrete visual referents. 999

Building upon this foundation, ILVR-Bench- 1000

QAR augments each sample with two structured 1001

annotation modules. The <caption> module fur- 1002

nishes temporally-anchored visual evidence, ex- 1003

plicitly specifying the relevant time intervals and 1004

describing the observed scene content that substan- 1005

tiates the answer. The <think> module decom- 1006

poses the reasoning process into a sequence of logi- 1007

cally coherent steps, each articulating intermediate 1008

inferences that bridge perceptual observations to 1009

the final conclusion. This hierarchical annotation 1010

schema not only facilitates answer verification but 1011

also enables systematic evaluation of multi-step 1012
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Figure 5: Visual Exemplar of ILVR-Bench.

reasoning capabilities in long-form video under-1013

standing.1014

C Qualitative Results1015

C.1 CoTT vs. CoAT1016

We present a representative example to illustrate1017

the distinctions between Chain-of-Tool Think-1018

ing (CoTT) and our Chain-of-Agent Think-1019

ing (CoAT), as shown in Fig. 6. The task requires1020

identifying that the character is dreaming of a body1021

journey based on visual cues including a yellow1022

submarine, fleshy tunnels, and X-ray imagery.1023

CoTT Limitations. As depicted in Fig. 6(a), con-1024

ventional CoTT employs a single agent that se-1025

quentially invokes retrieval and Video-LLM tools.1026

Despite multiple iterations, this approach fails to1027

detect the critical “dreaming” context due to: (i) ev-1028

idence fragmentation—processing retrieved seg-1029

ments in isolation without semantic integration,1030

and (ii) contextual noise accumulation—irrelevant1031

intermediate outputs diluting the reasoning focus,1032

ultimately leading to an incorrect answer.1033

CoAT Advantages. In contrast, our ILVR-Agent1034

with CoAT (Fig. 6(b)) decomposes the task across1035

specialized agents. The Planning Agent formulates1036

retrieval strategies explicitly targeting “George1037

sleeping or dreaming”. The Retrieval Agent then1038

identifies additional segments (20:00-23:00) con-1039

taining dream sequence evidence overlooked by1040

CoTT. Finally, the Executor Agent verifies the “fan-1041

tastical, dreamlike” characteristics, enabling cor- 1042

rect answer derivation. This modular design effec- 1043

tively mitigates reasoning chain saturation while 1044

enhancing evidence discovery through task-specific 1045

specialization. 1046

C.2 Case Study of ILVR-Agent 1047

To illustrate the effectiveness of CoAT in ILVR- 1048

Agent, we present two representative cases in 1049

Fig. 7. 1050

In the first case, the Planning Agent initially 1051

formulates abstract emotional labels (e.g., “Sad”, 1052

“Funny”) as retrieval clues. Upon receiving null re- 1053

sults from the Retrieval Agent, the Planning Agent 1054

adaptively refines its strategy by replacing vague 1055

semantic descriptors with concrete perceptual cues 1056

(e.g., “beautiful weather”), thereby enabling suc- 1057

cessful evidence retrieval. This demonstrates the 1058

self-reflective refinement capability of our frame- 1059

work. 1060

The second case further highlights the cross- 1061

agent collaborative reasoning mechanism. When 1062

the Executor Agent fails to verify the initial hypoth- 1063

esis regarding the necklace’s function within the 1064

specified temporal segment, the Planning Agent re- 1065

evaluates the evidence sufficiency and re-invokes 1066

the Retrieval Agent with reformulated queries. This 1067

iterative loop ensures comprehensive evidence col- 1068

lection before final answer derivation. 1069

These cases collectively validate two core advan- 1070

tages of ILVR-Agent: (1) adaptive query reformu- 1071
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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,1072

which mitigates retrieval failures caused by seman-1073

tic ambiguity; and (2) dynamic evidence accumu-1074

lation via multi-round agent collaboration, which1075

addresses the inherent uncertainty in long-form1076

video understanding. Such mechanisms substan-1077

tially enhance the robustness and interpretability of1078

the reasoning process.1079

D Verification Details1080

To ensure the reliability of the 1,000 multiple-1081

choice questions generated by our multi-agent1082

pipeline, we conducted rigorous human verification.1083

Annotators were provided with a standardized in-1084

terface displaying the video clip, system-generated1085

question, candidate options, and multimodal in-1086

stance prompt. Each instance was evaluated ac-1087

cording to the following criteria:1088

• Video-Grounded Answerability: The question1089

must be answerable solely based on visual and1090

temporal information in the video, without re-1091

quiring external knowledge that contradicts the1092

depicted content.1093

• Answer Uniqueness: Exactly one unambiguous 1094

correct answer must exist among the four options. 1095

Ambiguous instances were flagged for revision. 1096

• Task Type Alignment: Each question must cor- 1097

rectly correspond to one of the 10 pre-defined 1098

task types (e.g., object recognition, temporal rea- 1099

soning). 1100

• Temporal Granularity Consistency: The tem- 1101

poral distribution of questions must align with 1102

the four stratified granularity levels (1-, 10-, 30-, 1103

and 100-minute intervals). 1104

• Multimodal Prompt Validity: Accurate tempo- 1105

ral localization and coherent alignment between 1106

visual content and textual queries were verified. 1107

• Linguistic Clarity: Questions and options were 1108

examined for grammatical correctness and free- 1109

dom from ambiguity. 1110

Ethical Considerations. All datasets used in this 1111

work are publicly available for research purposes. 1112

The human verification was conducted internally 1113

by the authors to ensure annotation quality and 1114
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Figure 7: Case Study of ILVR-Agent.

consistency. No personally identifiable information1115

was collected during the verification process.1116
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