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Abstract001

Answering questions in natural language based002
on a given video is commonly referred to as003
the VideoQA task. When videos are long and004
questions are complex, multi-step reasoning is005
often required to integrate visual evidence dis-006
tributed throughout the video. Efficiently sam-007
pling relevant visual evidence from long videos008
under limited computational budgets remains a009
key challenge. In this paper, we use visual to-010
kens as a measure of sampling cost and propose011
ROVER (Reasoning Over Video with Efficient012
Retrieval). ROVER is a tool-augmented frame-013
work that first retrieves low-resolution frames014
containing fewer visual tokens to locate rele-015
vant events, and then selectively zooms in by016
retrieving high-resolution frames with richer017
visual details. ROVER is trained using a018
SFT-then-RL recipe, enabling dynamic coor-019
dination of low- and high-resolution frame020
retrieval under a question-dependent visual-021
token budget. ROVER achieves state-of-the-022
art performance on 3 out of 4 video reason-023
ing benchmarks, while remaining competitive024
on four general VideoQA benchmarks. Exten-025
sive experiments also empirically show a strong026
accuracy–efficiency balance.027

1 Introduction028

Reasoning over long videos is a form of VideoQA029

that requires models to identify sparse yet critical030

visual evidence distributed across extended videos.031

This task is constrained by both context length032

and computational cost. A common approach uni-033

formly samples video frames to construct the visual034

context; however, this strategy (Feng et al., 2025;035

Li et al., 2025; Chen et al., 2025a,b) exposes a fun-036

damental trade-off: encoding dense frames quickly037

exhausts token budget, while sparse sampling often038

misses evidence required for accurate reasoning.039

To address this challenge, tool-augmented, agen-040

tic pipelines—such as iterative video search and041

zoom-in—have recently emerged as a promising042

alternative. These tool-augmented video agents 043

(TAVAs; He et al. (2025); Ouyang et al. (2025); 044

Zhang et al. (2025a); Fu et al. (2025b)) enable 045

models to acquire visual observations over multi- 046

ple turns rather than processing the entire video 047

in a single pass. As illustrated in Figure 1, a typi- 048

cal TAVA begins with a fixed number of uniformly 049

sampled video frames, where the number of initial 050

frames is empirically determined based on video 051

length. In subsequent turns, the agent selectively 052

retrieves additional frames from specific temporal 053

segments to refine its understanding. 054

Despite this flexibility, existing TAVAs remain 055

limited in both efficiency and adaptability. First, 056

they incur a relatively large initial visual context 057

by ingesting a substantial portion of the video be- 058

fore any question-specific reasoning begins, even 059

for simple queries such as “Who is the man at 060

05:43?”. Second, they enforce a hard, fixed bud- 061

get on subsequent tool interactions, typically in 062

the form of a predefined maximum number of tool 063

calls. Such a fixed interaction budget restricts itera- 064

tive skimming, localization, and refinement, even 065

when broader exploration is required, as in ques- 066

tions like “What sequence of evidence leads to the 067

conflict/problem that occurs near the end?”. 068

These limitations stem from how modern vi- 069

sion–language models (VLMs; Liu et al. (2023); 070

Bai et al. (2025); Wang et al. (2025b)) consume 071

computation. Specifically, each video frame is 072

partitioned into patches and encoded by a vision 073

backbone into visual tokens. The number of vi- 074

sual tokens, together with text tokens, typically 075

determines the computational cost. A large ini- 076

tial visual context therefore leads a high number 077

of tokens consumed during computation, leaving 078

limited capacity for subsequent interactions. As 079

a result, imposing a hard cap on the number of 080

interactions becomes a natural, but restrictive, en- 081

gineering choice. 082

Motivated by these observations, we aim to build 083
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Figure 1: Budget mismatch of visual tokens in existing agentic long-video pipelines. Top: fixed-budget pipelines
use a large question-agnostic initial visual context and a hard cap on tool calls, causing overhead on easy queries
and rigidity on hard ones. Bottom: ROVER uses minimal initial inputs and a soft, adaptive budget, interleaving
low-cost LOOKUP_EVENT with targeted high-resolution ZOOM_IN.

an agent that (i) starts from a minimal initial visual084

context and relies on active exploration to acquire085

evidence, and (ii) avoids hard-capping exploration086

by softly regulating evidence acquisition through087

reward design. A key enabler is a unified visual088

interface that supports both (i) inexpensive, low-089

resolution temporal skimming for broad coverage090

and (ii) targeted high-resolution zoom-in for fine-091

grained visual details. This unification allows the092

agent to interleave inexpensive skim actions with093

selective zoom actions across multiple turns, adap-094

tively allocating visual tokens based on question095

requirements (Figure 1, bottom).096

To this end, we propose the Reasoning Over097

Video with Efficient Retrieval (ROVER), a tool-098

augmented video agent under the philosophy of099

“explore it yourself.” ROVER learns to reason by100

spending visual-token budget efficiently for evi-101

dence acquisition via a three-stage training pipeline.102

(1) Cold-start SFT initializes tool usage via super-103

vised learning on synthesized tool-calling trajecto-104

ries. (2) Tool-Augmented RL stabilizes tool us-105

age and encourages proactive evidence gathering,106

shaping a high-recall agent that answers conser-107

vatively only after sufficient evidence is collected.108

(3) Budget-Efficient RL prunes unnecessary evi-109

dence acquisition without sacrificing accuracy by110

optimizing a question-dependent budget objective.111

Concretely, we maintain a per-question buffer that112

tracks the average visual tokens used by previ-113

ously successful trajectories, termed the visual-114

token baseline. The policy is then encouraged to115

solve each question using fewer visual tokens rel-116

ative to this baseline, rather than under a global117

penalty, allowing easy questions to consume less 118

budget while preserving capacity for harder ones. 119

Contributions. We make three contributions: 120

• We formulate long-video reasoning as a budgeted 121

evidence acquisition problem and advocate visual 122

tokens as a unified measure of sampling cost. 123

• We develop a unified visual interface that sup- 124

ports interleaved interaction for low-resolution 125

temporal skimming and high-resolution zoom-in. 126

• We design a stable post-training recipe with a 127

question-wise visual-token baseline. We further 128

introduce gated budget shaping to control evi- 129

dence acquisition. Together, these techniques 130

yield improved accuracy–efficiency trade-offs 131

across diverse long-video reasoning benchmarks, 132

as demonstrated through extensive ablations. 133

2 Related Work 134

2.1 RL-based Multimodal Reasoning in Video 135

Modern VLMs (Bai et al., 2025; Liu et al., 136

2023; Wang et al., 2025b) motivate extensions to 137

video (Lin et al., 2024; Cheng et al., 2024; Leng 138

et al., 2025), while RL post-training strengthens 139

multi-step reasoning (DeepSeek-AI, 2025; Shao 140

et al., 2024; Liu et al., 2025; Yuan et al., 2025). 141

In video, reasoning-oriented post-training also im- 142

proves long-video QA and temporal reasoning, 143

e.g., Video-R1 (Feng et al., 2025), VideoChat- 144

R1 (Li et al., 2025), and LongVILA-R1 (Chen 145

et al., 2025a). However, most approaches assume 146

a pre-specified observation budget (fixed sampled 147

frames/clips), facing a coverage–fidelity trade-off 148

in long videos: dense high-resolution inputs ex- 149

2



haust the context, while sparse sampling may miss150

crucial evidence.151

2.2 Tool-augmented Agentic VLMs152

Tool-augmented agentic VLMs replace passive uni-153

form sampling with iterative evidence gathering,154

often following the ReAct/tool-use paradigm (Yao155

et al., 2023; Schick et al., 2023; Yang et al., 2023).156

In long-video understanding, a representative line157

learns adaptive temporal evidence acquisition poli-158

cies via multi-turn interaction, including Frame-159

Thinker for frame spotlighting, FrameMind (Ge160

et al., 2025) with frame-interleaved RL reason-161

ing, and LongVT for native tool calling in long162

videos (He et al., 2025; Yang et al., 2025). Com-163

plementary to temporal selection, multi-scale evi-164

dence tools enable targeted high-resolution inspec-165

tion when fine-grained recognition is required, ex-166

emplified by LOVE-R1’s adaptive zoom-in and167

Conan’s progressive multi-scale reasoning over ac-168

cumulated clues (Fu et al., 2025b; Ouyang et al.,169

2025). ReWatch-R1 improves complex video rea-170

soning through agentic data synthesis, producing171

trajectories that better align intermediate reason-172

ing with retrieved evidence (Zhang et al., 2025a).173

A closely related direction combines tools with174

RL for video QA and grounding; e.g., VITAL still175

largely budgets in frames (Zhang et al., 2025b).176

Overall, prior methods often constrain evidence177

acquisition via fixed frame budgets or explicit178

turn/context caps (Zhang et al., 2025a; Yang et al.,179

2025; Ge et al., 2025), making it hard to adapt180

budget across easy versus hard questions under181

patch-token compute.182

3 ROVER Framework183

Given a video V and a question q, we consider a184

token-budgeted reasoning process where an agent185

iteratively acquires visual evidence from V before186

producing an answer to q. Specifically, at step187

k, conditioned on the interaction history hk =188

(q, t1:k−1, u1:k−1, o1:k−1), the policy πθ outputs an189

internal thinking process tk and an acquisition ac-190

tion uk ∈ U . Executing uk returns an observation191

ok. The overall trajectory can be represented as:192

τ = (q, (t1, u1, o1), . . . , (tK , uK , oK)), (1)193

where K is the number of tool-calling steps before194

termination, and a valid trajectory must end with195

an uK of OUTPUT_ANSWER. The final answer a is196

parsed from the argument of uK .197

Available Tools. We consider four tools in our 198

framework, which would be candidate for each uK : 199

• LOOKUP_EVENT: a low-resolution temporal sam- 200

pler that retrieves a set of frames, each termed as 201

I , covering a broad temporal span at low res- 202

olution, providing inexpensive global context. 203

Specifically, given a time window, it returns the 204

observation ok = {I(rl)ij
}nj=1, i.e., n uniformly 205

sampled frames downsampled to resolution rl. 206

The visual-token evidence is ek = Enc(ok), and 207

the induced cost is cost(ek) = |ek|. 208

• ZOOM_IN: a high-resolution zoom-in tool that se- 209

lectively fetches a specific frame. Given a frame 210

index i, it returns the observation ok = I
(rh)
i 211

at resolution rh, with ek = Enc(ok) and cost 212

cost(ek) = |ek|. 213

• GET_FRAME_INDEX computes the frame index 214

given a timestamp; it returns a short text response 215

(e.g., “the frame index of 05:30 is 420”). 216

We set ek = ok and incur zero visual-token cost, 217

i.e., cost(ek) = 0. 218

• OUTPUT_ANSWER terminates evidence acquisition 219

and outputs the final answer with citations; it 220

returns no observation (we set ek = ∅) and incurs 221

zero visual-token cost, i.e., cost(ek) = 0. 222

For patch-based visual encoders, cost(ek) can be 223

written explicitly as a function of resolution: if 224

an r×r frame is tokenized into non-overlapping 225

p×p patches, then a single frame yields L(r) = 226

(r/p)2 visual tokens (up to rounding). There- 227

fore, LOOKUP_EVENT incurs approximately n ·L(rl) 228

tokens and ZOOM_IN incurs L(rh) tokens, while 229

GET_FRAME_INDEX has cost(ek) = 0. These tools 230

jointly enable mixed-granularity visual interface 231

for evidence acquisition and precise indexing. We 232

define the visual-token cost of a trajectory as: 233

C(τ) =
K∑
k=1

cost(ek). (2) 234

4 Training Strategy 235

In this section, we describe the training strategy 236

for instantiating the ROVER framework (Figure 2). 237

We first conduct Cold-start SFT to initiate the tool- 238

calling behavior of the base model, followed by 239

Tool-Augmented RL to consolidate tool-augmented 240

evidence acquisition behavior, and finally introduce 241

verification-gated and budget-disciplined rewards 242

into Budget-Efficient RL. 243
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Figure 2: Training pipeline of ROVER. We train with a three-stage recipe: Cold-start SFT→ Tool-Augmented RL
→ Budget-Efficient RL, progressively stabilizing tool use and encouraging accuracy-preserving efficiency via a
question-wise visual-token baseline. Invalid tool calls terminate the rollout with zero reward.

4.1 Cold-start Supervised Fine-Tuning244

A key challenge in adapting a base VLM to the245

ROVER framework lies in equipping it with robust246

multi-step, tool-augmented reasoning capabilities.247

Though the base model can perform multi-step rea-248

soning to some extent, this behavior may degrade249

during RL without sufficient supervised fine-tuning250

on tool-augmented data. Therefore, it is crucial to251

construct high-quality supervised fine-tuning data252

that covers diverse evidence acquisition strategies253

and reasoning paths. We empirically show that254

Cold-start SFT is a crucial prerequisite for effec-255

tive reinforcement learning (Section 5).256

Cold-start Data Curation. We deploy a high-257

capacity teacher VLM to generate multi-step rea-258

soning trajectories under our tool-augmented agen-259

tic framework described in Section 3. We synthe-260

size tool-calling trajectories on a diverse mixture261

of VideoQA and video reasoning datasets (using262

only question–answer pairs), and then filter and263

balance them to obtain high-quality SFT data. Ap-264

pendix A.2.1 provides dataset, synthesis, and filter-265

ing details.266

Filtering Strategy. To ensure the data quality,267

we apply the following filtering criteria:268

1. Format Check: We retain only those trajecto-269

ries that strictly adhere to the required format-270

ting specifications, including valid thinking271

blocks and tool-call formats.272

2. Logical Continuity: Each GET_FRAME_INDEX273

call must be immediately followed by a corre-274

sponding ZOOM_IN or LOOKUP_EVENT call cen-275

tered on the retrieved frame index.276

3. Answer Correctness: Only trajectories that277

produce a correct final answer are retained.278

4. Tool Calling Deduplication: We remove sam-279

ples with identical tool invocations, such as 280

repeated event lookups or zoom-in with the 281

same parameters, within the same trajectory 282

to avoid redundant steps. 283

After filtering, we construct a high-quality cold- 284

start dataset comprising diverse and valid evidence- 285

acquisition trajectories. We then fine-tune the base 286

VLM on this dataset to instill the desired tool- 287

augmented reasoning behavior. Detailed imple- 288

mentation settings are provided in Appendix A.1. 289

4.2 Tool-Augmented RL 290

After the cold-start stage, the model can adapt to 291

the ROVER framework and produce valid evidence- 292

acquisition trajectories. Nevertheless, its roll- 293

out behavior remains unstable: small deviations 294

from the supervised data can result in invalid tool 295

calls or malformed outputs. Therefore, we fur- 296

ther consolidate the model’s behavior through Tool- 297

Augmented RL. We construct the RL training set 298

by filtering the cold-start data, as detailed in Ap- 299

pendix A.2.2. At this stage, we employ Group 300

Relative Policy Optimization (GRPO; Shao et al. 301

(2024)) to optimize the policy. Following the stan- 302

dard GRPO practice, we disable the KL divergence 303

term to promote exploration and maintain high 304

learning efficiency. The objective is defined as: 305

JGRPO(θ) = Eτi∼πθold

[
1

G

G∑
i=1

min
(
riAi, Ai,clip

)]
,

Ai,clip = clip(ri, 1− ϵ, 1 + ϵ)Ai.

306

307

where ri =
πθ(τi | q)

πθold(τi | q)
,

Ai =
Ri −mean({R1, . . . , RG})
std({R1, . . . , RG}) + δ

.

308

We employ a sophisticated reward design that 309

encourages valid tool-calling behavior and accu- 310
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rate question answering. Specifically, the reward311

consists of three components:312

Format Reward Rformat. A binary reward indi-313

cating whether the trajectory follows the correct314

format, specifically the presence of a valid thinking315

block, a tool-call format, and an evidence block.316

Accuracy Reward Raccuracy. A binary reward317

that reflects the correctness of the final answer; the318

reward is set to 0 if the answer is not parsable.319

Tool Reward Rtool. A shaping reward that en-320

courages evidence acquisition through diverse tool321

utilization, comprising a discounted tool-calling322

term and a tool-diversity term.323

The tool-calling term is defined as:324

Rtool-call =
K−1∑
k=1

γk · I(uk ∈ {LE, ZI}), (3)325

where k indexes the tool-calling step in Equa-326

tion (1), γ ∈ (0, 1) is a discount factor, and LE327

and ZI denote LOOKUP_EVENT and ZOOM_IN, respec-328

tively. We deliberately design this bounded reward329

to encourage the model to acquire sufficient evi-330

dence but avoid excessive tool calls. Equation (3)331

corresponds to a decay tool reward; in our abla-332

tions, we additionally consider (i) a binary vari-333

ant Rbin
tool-call = I

(∑K−1
k=1 I(uk ∈ {LE, ZI}) > 0

)
,334

and (ii) a linear-proportional variant Rlin
tool-call =335 ∑K−1

k=1 I(uk ∈ {LE, ZI}). These functional forms336

are analogous to the binary and token-delta (lin-337

ear) shaping choices used in budget rewards (Equa-338

tion (11)).339

The tool-diversity term is defined as the number340

of distinct tools used during evidence acquisition:341

Rtool-div =
∣∣∣{uk}K−1

k=1

∣∣∣, (4)342

where we exclude the terminal OUTPUT_ANSWER ac-343

tion, since it is always required for a valid trajec-344

tory.345

We then combine them into a single tool reward:346

Rtool = µtoolRtool-call + λtool-divRtool-div, (5)347

where µtool and λtool-div are set to balance the tool-348

calling and tool-diversity terms, respectively.349

The final reward at this stage is defined as:350

Rtotal = Raccuracy ·
(
Rformat +Rtool

)
. (6)351

All rewards are gated by answer correctness. Be-352

cause Raccuracy = 0 for incorrect or unparseable353

answers, trajectories receive no reward unless they 354

ultimately produce a correct response, regardless of 355

the number or diversity of tool calls. Consequently, 356

Rtool functions as an accuracy-gated shaping sig- 357

nal: it stabilizes tool use and promotes proactive 358

evidence acquisition while preventing reward hack- 359

ing on incorrect rollouts. 360

4.3 Budget-Efficient RL 361

We now describe the final stage, Budget-Efficient 362

RL, which softly regulates visual evidence acqui- 363

sition without imposing a hard budget. While the 364

earlier stages establish basic tool use and multi-turn 365

interaction behaviors, optimizing task reward alone 366

tends to promote conservative over-acquisition: the 367

model can safely improve success by collecting 368

additional, often redundant, observations. Introduc- 369

ing a global cost penalty offers only a coarse solu- 370

tion and risks prematurely limiting exploration for 371

queries that intrinsically require richer evidence. 372

Accordingly, we propose a question-adaptive, 373

budget-efficient shaping reward that promotes ef- 374

ficiency without sacrificing correctness, while pre- 375

serving flexibility for more challenging questions. 376

Question-wise visual-token baseline. Let C(τ) 377

denote the visual-token cost of a trajectory, as de- 378

fined in Equation (2). In GRPO, each question i 379

is associated with a group of rollouts {τg}Gg=1. We 380

maintain a question-wise visual-token baseline bi, 381

intended to capture the typical cost of successful 382

solutions for question i. To offer a better estimate 383

of sample-wise visual token costs, we compute the 384

mean cost over correct trajectories within the group. 385

Let G+i = {g | correct(τg)} and define 386

C̄+
i =

1

|G+i |
∑
g∈G+

i

C(τg). (7) 387

We use bi from the previous iteration to compute 388

the budget-efficient rewards for the current group, 389

and then update bi using an EMA: 390

bi ← (1− α) bi + α C̄+
i , (8) 391

when |G+i | > 0, leaving bi unchanged otherwise. 392

This baseline naturally adapts to intrinsic difficulty: 393

questions that consistently require more evidence 394

converge to higher baselines. 395

Gated budget-efficient reward. We incorporate 396

budget awareness as a positive shaping signal rather 397
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than an explicit penalty. For each rollout τg of ques-398

tion i, we augment the task reward with an addi-399

tional budget reward that is activated only when400

τg is correct and improves upon the (pre-update)401

question baseline:402

R(τg) = Rtask(τg) + λRbud(τg; bi), (9)403

404
Rbud(τg; bi) = Ig,bud · g(C(τg), bi) ,

Ig,bud = 1[correct(τg)] · 1[C(τg) < bi].
(10)405

where g(·) quantifies the degree of budget improve-406

ment. We consider several simple choices for407

g(C, b):408

gbin(C, b) = 1,

gtok(C, b) = b− C,

gratio(C, b) =
b− C

b+ ϵ
,

(11)409

Unless otherwise specified, we use Ratio delta as410

the default shaping function. Importantly, rollouts411

that exceed the baseline are not explicitly penalized412

for efficiency; they simply receive no additional413

budget reward. This avoids bluntly compressing all414

questions toward a uniform budget and preserves415

the ability to spend more when additional observa-416

tion is consistently required for correctness.417

Optimization with GRPO. We optimize the418

policy using a GRPO-style objective. For each419

question, we sample a group of rollouts, compute420

shaped returns using the pre-update baseline bi,421

update the policy to favor higher-return rollouts422

relative to the group, and finally update bi using423

the mean cost of correct rollouts in the group. Al-424

gorithm 1 summarizes the procedure.425

5 Experiments426

5.1 Experimental Setup427

Benchmarks To evaluate ROVER, we conduct428

experiments on the widely adopted benchmarks429

spanning both reasoning-centric and general video430

understanding tasks. For the reasoning-oriented431

assessment, we evaluate on Video-Holmes (Cheng432

et al., 2025a), MMR-V (Zhu et al., 2025), Video-433

MathQA (Rasheed et al., 2025), and LongVideo-434

Reason (Chen et al., 2025a) in Table 1. For the435

general VideoQA, we evaluate on VideoMME (Fu436

et al., 2025a), VideoMMMU (Cheng et al.,437

2025b), LongVideoBench (Wu et al., 2024), and438

MLVU (Zhou et al., 2025) in Table 2. Unless oth-439

erwise specified, we follow the official evaluation440

Algorithm 1 Budget-Efficient RL with gated
question-wise baselines
1: for each question i do
2: Sample a group of rollouts {τg}Gg=1 with current pol-

icy ▷
G = rollout.n

3: S ← 0; M ← 0 ▷ S: sum of costs over correct
rollouts; M : count

4: for each rollout τg do
5: Compute task reward Rtask(τg) and cost C(τg)
6: if τg is correct then
7: S ← S + C(τg); M ←M + 1
8: end if
9: if τg is correct and C(τg) < bi then ▷ use

pre-update bi
10: Rbud(τg)← g(C(τg), bi)
11: else
12: Rbud(τg)← 0
13: end if
14: R(τg)← Rtask(τg) + λRbud(τg)
15: end for
16: Update policy with GRPO using {R(τg)}Gg=1

17: if M > 0 then
18: C̄+

i ← S/M
19: Update baseline bi ← (1− α)bi + αC̄+

i

20: end if
21: end for

protocols of each benchmark and report the corre- 441

sponding accuracy or overall score, where higher 442

values indicate better performance. 443

Baselines. We compare ROVER with a set of 444

representative baselines spanning closed-source 445

frontier VLMs, strong open-source video VLMs, 446

and recent tool-augmented long-video agents in 447

Tables 1 and 2. For closed-source VLMs, we 448

include GPT-4o (Hurst et al., 2024) and Gemini- 449

series models, namely Gemini 1.5 Pro (Reid et al., 450

2024), 2.0 Flash, 2.5 Flash, and 2.5 Pro (Team, 451

2025), as high-performing references when re- 452

sults are available. For open-source VLMs, we 453

use Qwen2.5-VL-7B-Instruct (Bai et al., 2025) as 454

our base model, and compare against reasoning- 455

oriented post-training methods and long-video 456

models, including Video-R1 (Feng et al., 2025), 457

VideoChat-R1 (Li et al., 2025), VideoRFT (Wang 458

et al., 2025a), Video-MTR (Xie et al., 2025), 459

LongVILA (Chen et al., 2025b), and LongVILA- 460

R1 (Chen et al., 2025a), as well as widely used 461

VideoQA baselines such as VideoLLaVA (Lin 462

et al., 2024), ShareGPT4V (Chen et al., 2024), and 463

Video-XL (Shu et al., 2025). For tool-augmented 464

agents, we compare against FrameThinker (He 465

et al., 2025), ReWatch-R1 (Zhang et al., 2025a), 466

and Conan (Ouyang et al., 2025), which explicitly 467

perform multi-turn evidence acquisition. 468

For benchmarks where a method does not report 469
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Model Holmes ↑ MMR-V ↑ MathQA ↑ LVR ↑ Avg ↑

Closed-source VLMs

GPT-4o 42.0 44.0 – – –
Gemini 1.5 Pro 41.2 – – 69.3 –
Gemini 2.0 Flash 30.6 42.6 – – –
Gemini 2.5 Flash – 51.2 – – –
Gemini 2.5 Pro 45.0 – – – –

Open-source VLMs

Qwen2.5-VL-7B-Instruct 27.8 30.1 24.8 64.1 36.7
Video-R1 36.5 36.3 26.0 68.1 41.7
VideoChat-R1 33.0 36.1 22.6 67.2 39.7
VideoRFT 41.4 – 25.0 67.9 –
Video-MTR 35.7 36.5 – 57.3 –

Tool-augmented Agent

FrameThinker 46.8 45.3 – 76.1 –
ReWatch-R1 37.8 – 30.7 70.5 –
Conan 44.6 42.7 – 72.8 –
ROVER 49.2 46.3 31.4 74.3 50.3

Table 1: Main results on four video reasoning bench-
marks (higher is better), along with their average (Avg)
when all four benchmark scores are available. Bold and
underline denote the best and second-best results in each
column; “–” indicates that results are not available.

results or is not directly comparable, we mark the470

entry as unavailable, denoted by “–”, rather than471

introducing additional evaluation assumptions.472

Abbreviations. For compactness, we abbrevi-473

ate Video-Holmes as Holmes, VideoMathQA as474

MathQA, and LongVideoReason as LVR when475

reporting per-benchmark results. In ablation stud-476

ies, we use SFT to denote cold-start supervised477

fine-tuning, TA-RL to denote tool-augmented RL,478

and BE-RL to denote budget-efficient RL.479

Implementation Details. See Appendix A.1.480

5.2 Main Results481

Accuracy on video reasoning benchmarks. Ta-482

ble 1 compares ROVER with representative closed-483

source VLMs, open-source VLMs, and recent484

tool-augmented agents across four challenging485

video reasoning benchmarks. ROVER achieves the486

best performance among tool-augmented agents487

on Holmes, MMR-V, and MathQA, and achieves488

the second-best performance on LVR with 74.3.489

Compared with our base model Qwen2.5-VL-7B-490

Instruct, ROVER yields consistent gains, improv-491

ing by +21.4, +16.2, +6.6, and +10.2 points on492

Holmes, MMR-V, MathQA, and LVR, respec-493

tively, indicating that our mixed-granularity vi-494

sual interface together with the three-stage train-495

ing pipeline effectively strengthens long-horizon496

video reasoning. On LVR, ROVER reaches 74.3497

and remains competitive with the strongest tool-498

Model VideoMME(O/L) ↑ VideoMMMU ↑ LongVideoBench ↑ MLVU ↑ Avg ↑

Open-source VLMs

VideoLLaVA 40.4 / 38.1 – 39.1 30.7 –
ShareGPT4V 43.6 / 37.9 – 39.7 33.8 –
Video-XL 52.3 / 48.9 – 50.7 45.6 –
Video-R1 59.3 / 50.2 50.3 – 62.5 –
VideoChat-R1 56.9 / – 46.4 – 60.5 –
VideoRFT 64.8 / – 49.9 – – –
Video-MTR 59.3 / – – – 59.7 –
Qwen2.5-VL-7B-Instruct 53.6 / 44.7 49.7 48.9 48.4 49.0

Tool-augmented Agent

FrameThinker – / 47.6 – 52.9 59.1 –
ReWatch-R1 64.9 / – 52.2 50.5 55.2 –
ROVER 64.3 / 52.5 51.8 54.3 56.4 55.2

Table 2: Main results on four long-video understanding
/ VideoQA benchmarks (higher is better), along with
their average (Avg) when all four benchmark scores
are available. Bold and underline denote the best and
second-best results in each column; “–” indicates that
results are not available or not reported.

Variant #VTokens ↓ Holmes ↑ MMR-V ↑ MathQA ↑ LVR ↑ Avg ↑

Base Model 2.9K 27.8 30.1 24.8 64.1 36.7
SFT 3.6K 41.3 38.4 27.3 70.1 44.3
SFT + BE-RL 3.2K 43.1 46.9 29.4 75.2 48.7
SFT + TA-RL 8.8K 39.1 41.2 25.4 71.2 44.0
ROVER 4.2K 49.2 46.3 31.4 74.3 50.3

Table 3: Stage-level ablations on four video reasoning
benchmarks (higher is better) with average visual token
usage (lower is better).

augmented baseline, FrameThinker at 76.1, sug- 499

gesting that ROVER can scale to long-context, 500

multi-step reasoning while maintaining robust per- 501

formance. 502

Accuracy on long-video understanding bench- 503

marks. We further include results on long-video 504

understanding / VideoQA benchmarks in Ta- 505

ble 2. ROVER consistently improves over the 506

Qwen2.5-VL-7B-Instruct base model across all 507

four benchmarks, with especially large gains on 508

VideoMME and MLVU. Compared with recent 509

tool-augmented agents, ROVER remains compet- 510

itive on LongVideoBench with 54.3, as well as 511

VideoMME, VideoMMMU, and MLVU. 512

5.3 Ablation Studies 513

We summarize stage-level ablations in Table 3 and 514

use Figures 3 and 4 to illustrate training dynamics. 515

We also ablate tool reward designs during TA-RL 516

in Appendix A.3 (Figure 6), and summarize budget 517

shaping choices in Table 4. 518

Stage-level ablations. Table 3 reports both accu- 519

racy and average visual-token usage (#VTokens), 520

computed as the average trajectory cost E[C(τ)] 521

(Equation (2)); only LOOKUP_EVENT and ZOOM_IN 522

contribute nonzero visual tokens, while text-only 523

tools incur zero cost. Cold-start SFT is necessary 524
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Figure 3: Tool calling behavior in TA-RL: base model
vs. cold-start (SFT) model. The base model’s tool call-
ing collapses over training, while the cold-start model
sustains and increases tool usage.

for strong tool-augmented reasoning, improving525

the average score by +7.6 points over the base526

model. Directly applying BE-RL after SFT further527

improves accuracy with comparable token usage,528

while TA-RL increases token usage by encouraging529

exploration and evidence acquisition. Our ROVER530

achieves the highest average accuracy while keep-531

ing token usage moderate, indicating that BE-RL532

can prune redundant evidence on top of the explo-533

ration behavior learned in TA-RL.534

Impact of cold-start SFT on Tool-Calling. Fig-535

ure 3 compares the average number of tool calls536

during TA-RL when starting from the base vision–537

language model versus a model that has undergone538

cold-start SFT. The base model occasionally trig-539

gers tool calls at the beginning, but its tool call-540

ing decays steadily and collapses to nearly zero as541

training proceeds. In contrast, the cold-start model542

begins with substantially higher tool usage and con-543

tinues to increase tool calling, suggesting that su-544

pervised initialization is important for maintaining545

stable tool-augmented behavior under reinforce-546

ment learning.547

Impact of TA-RL on Tool-Calling. Figure 4 re-548

ports the average visual token usage over the course549

of BE-RL, comparing policies trained with and550

without the TA-RL stage. Higher visual token us-551

age indicates stronger exploration and evidence552

acquisition (though higher token usage is not nec-553

essarily better under a budget objective). When554

skipping TA-RL, exploration is brief during the555

first epoch, where BE-RL primarily establishes per-556

question baselines and the budget shaping signal557

is effectively inactive, and then the budget reward558

quickly compresses token usage from the second559

epoch onward. This premature budget contrac-560
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Figure 4: Visual token usage during BE-RL with vs.
without TA-RL. TA-RL pretraining prevents premature
budget contraction and enables more gradual pruning
for efficiency.

Budget Shaping #VTokens ↓ Holmes ↑ MMR-V ↑ MathQA ↑ LVR ↑ Avg ↑

Before BE-RL 8.8K 39.1 41.2 25.4 71.2 44.2

Ratio Delta (ROVER) 4.2K 49.2 46.3 31.4 74.3 50.3
Token Delta 4.1K 47.3 44.2 31.6 72.1 48.8
Binary Delta 5.9K 46.1 40.4 28.1 69.3 46.0

Table 4: Ablation of budget shaping choices in BE-RL.

tion can reduce exploration headroom and limit 561

further evidence acquisition in later epochs. In 562

contrast, TA-RL establishes stronger exploration 563

capacity and following BE-RL can prune redundant 564

evidence more gradually. 565

Budget shaping choices. Our BE-RL objective 566

uses a baseline-relative shaping term g(C, b) as 567

described in Section 4. Table 4 compares shap- 568

ing choices for g(C, b) in Equation (11) and in- 569

cludes the model before BE-RL as a reference 570

baseline. In our setting, the ratio form gratio offers 571

the most effective shaping, achieving the highest 572

average score while substantially reducing visual 573

token usage relative to the pre-BE-RL policy. Com- 574

pared with token-delta shaping, ratio-delta shaping 575

yields higher accuracy at similar token usage, while 576

binary-delta shaping tends to spend more tokens 577

with lower overall accuracy. 578

6 Conclusion 579

We introduced ROVER, a tool-augmented long- 580

video reasoning framework that allocates visual- 581

token budget adaptively via a mixed-granularity 582

interface for temporal skimming and targeted zoom- 583

in. A three-stage post-training recipe stabilizes tool 584

use and encourages budget-efficient evidence acqui- 585

sition through a budget baseline mechanism. Exper- 586

iments show that ROVER substantially improves 587

long-video reasoning performance, suggesting that 588

adaptive budget allocation with mixed-granularity 589

evidence acquisition is an effective and scalable 590

approach for long-context, multi-step reasoning. 591
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7 Limitation592

We use visual-token budget as a controllable,593

hardware-agnostic proxy for efficiency; however,594

it does not fully capture end-to-end serving cost595

under different stacks (e.g., decoding overhead,596

batching, I/O, and kernel-level performance). A597

strictly apple-to-apple comparison of visual token598

cost against all contemporary baselines is also chal-599

lenging, since visual-token cost depends on input600

configurations such as frame sampling and effec-601

tive resolution that are not uniformly reported, and602

would otherwise require additional assumptions;603

we therefore emphasize controlled ablations under604

matched settings to isolate the efficiency gains of605

our design. Finally, we instantiate the framework606

with a core set of evidence-acquisition tools and a607

fixed training recipe; extending to richer toolsets608

may require additional interface engineering and609

re-tuning of the reward/budget schedule.610
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A.1 Implementation Details850

Training setup. We adopt Qwen2.5-VL-7B-851

Instruct as the base model for its competitive852

performance in image and video understanding.853

Cold-start SFT is performed using LLaMAFac-854

tory (Zheng et al., 2024) on 32 H100 GPUs with855

a global batch size of 128 for 3 epochs, using a856

learning rate of 1e-5 with a cosine decay sched-857

ule and 0.1 warm-up ratio. Tool-augmented RL is858

conducted on 64 H100s with a global batch size859

of 64 and a constant learning rate of 5e-6. Both860

the tool-augmented and budget-efficient RL stages861

are trained for 3 epochs and are implemented in862

VeRL (Sheng et al., 2024). To support progres-863

sively longer video inputs, we employ multimodal864

sequence parallelism (Chen et al., 2025a,b) with a865

sequence parallel size of 4.866

A.2 Dataset Construction867

A.2.1 SFT Data Construction868

We combine data from 7 existing VideoQA and869

video reasoning datasets. Specifically, we ran-870

domly sample 15K data points from LongVide-871

oReason (Chen et al., 2025a), all 1.7K data points872

from VideoHolmes (Cheng et al., 2025a), and 30K873

data points from NExT-QA, STAR, CLEVRER,874

PerceptionTest, and LLaVA-Video-178K.875

Trajectory Synthesis. We deploy the strongest876

open-source VLM Qwen3-VL-235B-A22B-877

Instruct (Bai et al., 2025) as our base model to878

generate synthetic tool-calling trajectories for879

supervised fine-tuning (SFT). We follow the same880

multi-turn protocol as described in Section 3.881

For each question, we rollout 8 trajectories with882

temperature 1.0, and conduct filtering described 883

below to select high-quality ones. 884

Trajectory Filtering. We apply a combination of 885

criteria to filter out low-quality trajectories. First, 886

we only keep trajectories that lead to the correct 887

final answer. Second, we filter out trajectories that 888

contain redundant tool calls. Specifically, if two 889

consecutive tool calls retrieve video segments with 890

more than 80% temporal overlap, we consider the 891

latter one as redundant and remove the entire trajec- 892

tory. Additionally, we rebalanced the filtered trajec- 893

tories according to their length. For each question, 894

we only keep 1 trajectory if multiple ones pass the 895

filtering. In total, we keep 31.5K high-quality tra- 896

jectories for SFT training. The data statistics are 897

summarized in the left pie chart in Figure 5. 898

A.2.2 RL Data Construction 899

For the Tool-Augmented RL (TA-RL) and Budget- 900

Aware RL (BE-RL) stages, we further filter the 901

SFT data by running Qwen2.5-VL-7B-Instruct (Bai 902

et al., 2025) to answer each question with 8 re- 903

peated trials and temperature 1.0. We filter out 904

questions that are overly easy or hard for the base 905

model. Specifically, only questions that are cor- 906

rectly answered in 3 to 6 out of 8 trials are kept for 907

RL training. We further downsampled the filtered 908

data according to their source datasets to balance 909

the mixture, resulting in 9.5K questions for RL 910

training. The data statistics are summarized in the 911

right pie chart in Figure 5. 912

A.3 Impact of Tool Reward Design 913

Figure 6 ablates tool reward designs during TA-RL 914

and tracks the resulting average visual token us- 915
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Figure 6: Visual token usage during TA-RL under differ-
ent tool rewards. Denser shaping (linear/decay) sustains
higher exploration than binary or no tool reward.

age. The decay form corresponds to Equation (3);916

the binary and linear forms correspond to an all-917

or-nothing indicator and a reward linearly propor-918

tional to the number of evidence tool calls, analo-919

gous to the binary and token-delta (linear) shaping920

choices in budget rewards (Equation (11)). Higher921

visual token usage here indicates stronger explo-922

ration and evidence acquisition. Without the tool923

reward, the policy stays at a low and nearly flat924

token level, reflecting weak evidence acquisition.925

Adding a binary tool reward increases token usage926

to a moderate level but quickly plateaus, suggesting927

that sparse, all-or-nothing shaping is insufficient928

to sustain exploration. In contrast, more graded929

tool rewards (linear or decay) lead to substantially930

stronger and steadily increasing evidence acquisi-931

tion over training, indicating that denser shaping932

better supports intermediate tool decisions under933

correctness-gated reinforcement learning. Notably,934

linear and decay rewards achieve similar explo-935

ration strength in terms of visual token usage; how-936

ever, we observe that the decay reward yields a937

lower sequence clip ratio during training, so we use938

the decay reward by default.939

A.4 Qualitative Examples940

We show two representative tool-calling conver-941

sations for the same multiple-choice question to942

highlight how RL stages shape interaction length.943

Short (BE-RL; Figure 7). The policy makes a944

straight-cut decision from the provided key frames945

(notably frame 852) and outputs the answer directly946

without any extra tool calls, reflecting budget con-947

trol that favors earlier termination once sufficient948

evidence is deemed available.949

Long (TA-RL; Figure 8). The policy first950

zooms in on frame 852 to identify the coach/team,951

then performs additional verification by trying to952

sample a very narrow frame range (which even trig-953

gers a tool error), and finally zooms in on frame954

system

You are an expert AI assistant that answers questions about a video by iteratively analyzing it.
Your task is to output your reasoning within a

tag, followed by a specific action within an

tag.
Possible actions are:
1. choose frames between START_FRAME and END_FRAME: Request a more detailed view of a specific video segment. You MUST choose
frames from 0 to 2983.
2. get frame number at time MM:SS: Get the exact frame number for a specific time. Convert hours to minutes if needed (e.g., for 1 hour, 2
minutes, and 30 seconds, use 62:30).
3. zoom in frame FRAME_INDEX: Zoom in on a specific frame and return the high-resolution image. The frame index must be an integer that
appears in previous conversations. You MUST choose frames from 0 to 2983.
4. output answer: OPTION: Provide the final answer (e.g., A, B, C...) when you are confident.

user

Based on the video segments, which team's coach is most likely discussing strategies to counter the opposing team's aggressive offense after
conceding a goal?
A. The shot was blocked, leading to the Canadiens' celebration.
B. The shot scored, prompting the opposing team's coach to strategize.
C. The shot was blocked, leading to the opposing team's celebration.
D. The shot missed, causing the Canadiens to regroup.

frame 0 frame 426 frame 852 frame 1278 frame 1704 frame 2130 frame 2556 frame 2983

assistant

Think
The question asks which team's coach is most likely discussing strategies to counter the opposing team's aggressive offense after conceding a
goal. From the frames provided, frame 852 shows a coach standing behind players in red jerseys (Chicago Blackhawks), which suggests this
team may have conceded a goal and is regrouping. The coach’s posture and expression imply he might be strategizing or preparing the team for
the next play, which aligns with the context of reacting to conceded goals. The other frames show celebrations (Canadiens, Kings, Boston Bruins)
or a goalie, which are less likely to show strategizing after conceding.

Therefore, the most logical inference is that the coach of the team shown in frame 852 (Chicago Blackhawks) is discussing strategies after
conceding a goal.

The video segments do not explicitly clarify the “shot” outcomes mentioned in the options, but since the question is about strategizing after
conceding, and frame 852 depicts a coach actively involved with players who appear to be reacting to a setback, this is the best available
evidence.

Answer: B.

assistant

Action
output answer: B

Figure 7: A short, budget-controlled tool-calling exam-
ple after BE-RL.

1704 to confirm the scoring celebration before an- 955

swering. This is a typical post TA-RL pattern with 956

redundant tool usage and backtracking (two zooms 957

+ one failed tool call) even when an early hypothe- 958

sis is already available. 959

13



system

You are an expert AI assistant that answers questions about a video by iteratively analyzing it.
Your task is to output your reasoning within a

tag, followed by a specific action within an

tag.
Possible actions are:
1. choose frames between START_FRAME and END_FRAME: Request a more detailed view of a specific video segment. You MUST choose
frames from 0 to 2983.
2. get frame number at time MM:SS: Get the exact frame number for a specific time. Convert hours to minutes if needed (e.g., for 1 hour, 2
minutes, and 30 seconds, use 62:30).
3. zoom in frame FRAME_INDEX: Zoom in on a specific frame and return the high-resolution image. The frame index must be an integer that
appears in previous conversations. You MUST choose frames from 0 to 2983.
4. output answer: OPTION: Provide the final answer (e.g., A, B, C...) when you are confident.

user

Based on the video segments, which team's coach is most likely discussing strategies to counter the opposing team's aggressive offense after
conceding a goal?
A. The shot was blocked, leading to the Canadiens' celebration.
B. The shot scored, prompting the opposing team's coach to strategize.
C. The shot was blocked, leading to the opposing team's celebration.
D. The shot missed, causing the Canadiens to regroup.

frame 0 frame 426 frame 852 frame 1278 frame 1704 frame 2130 frame 2556 frame 2983

assistant

Think
The question asks which team's coach is most likely discussing strategies to counter the opposing team's aggressive offense after conceding a
goal. The video frames include multiple teams (Canadiens, Blackhawks, Kings, Sharks, Capitals, Bruins), celebrations, and a coach (frame 852)
observing his team. To identify the correct answer, I need to find contextual evidence such as a coach's reaction after conceding a goal or a team
regrouping. Frame 852 shows a coach with his team sitting on the bench, which may imply a reaction after conceding. To get a clearer
understanding, I should zoom in on frame 852 to examine the coach's expression and context more closely.

Action: zoom in frame 852

Action
zoom in frame 852

user

frame 852

assistant

Think
In frame 852, I can see a coach standing behind his players on the bench. The players are wearing red jerseys with the Chicago Blackhawks
logo. The coach appears to be observing the game intently, and the players seem focused or possibly frustrated, which could suggest they have
recently conceded a goal and are regrouping. This aligns with the scenario in the question about a coach discussing strategies after conceding a
goal.

Now, I need to determine which option best fits this context. Option D mentions "The shot missed, causing the Canadiens to regroup," but the
team in frame 852 is the Blackhawks, not the Canadiens. Option A and C mention the Canadiens, which does not match the team shown. Option
B refers to the opposing team's coach strategizing after a goal is scored, which could potentially fit if the Blackhawks conceded a goal. Since the
coach appears to be reacting to a negative situation, I need to confirm if a goal was scored against them.

To verify if the Blackhawks conceded a goal, I should look at frames that show potential scoring moments or celebrations. I will examine frame
1704, which shows the Kings celebrating, suggesting they may have scored. If the Kings scored, the Blackhawks likely conceded, making their
coach’s reaction in frame 852 relevant.

Action: choose frames between 1700 and 1708

Action
choose frames between 1700 and 1708

user

Error: Frame range [1700, 1708) too small for sampling 8 frames.

assistant

Think
The frame range I requested was too small, so I need to adjust my approach. Instead of trying to sample a narrow range, I will directly examine
frame 1704, which likely shows the Kings celebrating a goal. This will help confirm whether the Blackhawks conceded a goal, which is crucial for
determining if their coach is strategizing after conceding.

Action
zoom in frame 1704

user

frame 1704

assistant

Think
In frame 1704, the Los Angeles Kings players are celebrating a goal, as evidenced by their huddling and expressions of joy. This suggests that
the Kings scored, and since the coach in frame 852 is with the Chicago Blackhawks, it is likely that the Blackhawks conceded this goal. Following
a conceded goal, it is common for a coach to discuss strategies to counter the opposing team's aggressive offense. Therefore, the coach in frame
852 is most likely strategizing after conceding a goal to the Kings.

Now, I need to match this context to one of the given options. Option B states: "The shot scored, prompting the opposing team's coach to
strategize." This fits the scenario, as the Kings scored (opposing team), and the Blackhawks' coach (opposing team's coach from the Kings'
perspective) is likely strategizing after conceding.

Action
output answer: B

Figure 8: A long tool-calling example after TA-RL.
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