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Abstract001

In real-world video question answering scenar-002
ios, videos often provide only localized visual003
cues, while verifiable answers are distributed004
across the open web; models therefore need005
to jointly perform cross-frame clue extraction,006
iterative retrieval, and multi-hop reasoning-007
based verification. To bridge this gap, we008
construct the first video deep research bench-009
mark, VideoDR. VideoDR centers on video-010
conditioned open-domain video QA, requiring011
cross-frame visual anchor extraction, interac-012
tive web retrieval, and multi-hop reasoning over013
joint video–web evidence; through rigorous hu-014
man annotation and quality control, we obtain015
high-quality video deep research samples span-016
ning six semantic domains. We evaluate multi-017
ple closed-source and open-source MLLMs un-018
der both the Workflow and Agentic paradigms,019
and the results show that Agentic is not consis-020
tently superior to Workflow: its gains depend021
on a model’s ability to maintain the initial video022
anchors over long retrieval chains. Further anal-023
ysis indicates that goal drift and long-horizon024
consistency are the core bottlenecks. In sum,025
VideoDR provides a systematic benchmark for026
studying video agents in open-web settings and027
reveals the key challenges for next-generation028
video deep research agents.029

1 Introduction030

In existing multimodal evaluations, video remains031

a significant weakness (Li et al., 2024a; Fang et al.,032

2024; Wu et al., 2024; Jang et al., 2024). On the one033

hand, video reasoning inherently requires cross-034

temporal cue tracking and spatiotemporal model-035

ing (Wu et al., 2024; Yang et al., 2025b; Chen et al.,036

2025a); on the other hand, most existing evalua-037

tions adopt a closed-evidence setting, where mod-038

els typically only need to answer questions within039

the given video, without interacting with evidence040

on the open web (Fu et al., 2025; Zhou et al., 2025;041

Wang et al., 2025a; Yang et al., 2025a). As a re-042

sult, the capability of using videos as clues and043
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Figure 1: An example of the VideoDR task: identifying
a museum via video visual cues, then using multi-hop
search to find the closest "don’t miss" exhibit to the
entrance and outputting its accession number WB.67.

completing fact verification and reasoning synthe- 044

sis on open webpages has not been systematically 045

characterized. 046

Meanwhile, deep research agents are pushing 047

question answering from static contexts toward ac- 048

tive evidence exploration on the open web: instead 049

of answering directly from a given context, systems 050

must conduct multiple rounds of search, filtering, 051

and cross-checking in real web environments, ul- 052

timately producing conclusions grounded in evi- 053

dence (Chen et al., 2025b; Zheng et al., 2025). A 054

large number of deep research benchmarks have 055

emerged around this capability (Li et al., 2025a; 056

Jin et al., 2025). However, overall, these bench- 057

marks still mostly start from textual queries (Wei 058

et al., 2025; Wu et al., 2025; Li et al., 2025b); even 059

when multimodal information is introduced, visual 060

content is often treated as static auxiliary informa- 061

tion rather than key evidence that must be precisely 062

tracked and propagated (Jiang et al., 2024). 063

However, in real use, videos often carry decisive 064

clues. User questions about videos are typically 065
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open-domain factoid questions: the knowledge to066

be verified does not directly appear in the video or067

its title, but is distributed across large and dynam-068

ically changing web corpora; meanwhile, the key069

clues relevant to the question lie along the video070

timeline and must be extracted through cross-frame071

association. In this research pattern, videos provide072

localized visual cues, and webpages provide ver-073

ifiable answers—yet it is not directly covered by074

existing deep research benchmarks that take text as075

input (Wei et al., 2025), nor by video benchmarks076

that assume evidence is closed within the video (Li077

et al., 2024a; Fang et al., 2024; Zhou et al., 2025).078

Based on these gaps, we propose VideoDR, the079

first open-domain benchmark that systematically080

evaluates video deep research. As shown in Fig-081

ure 1, we extend deep research to an open-domain082

factoid question answering setting conditioned on083

video: models must extract and compose visual084

anchors from multiple frames (Yang et al., 2025b;085

Chen et al., 2025a; Zhang et al., 2025), use browser-086

based search to locate candidate evidence on the087

open web (Wei et al., 2025; Wu et al., 2025; Li et al.,088

2025b; Chen et al., 2025b; Zheng et al., 2025), and089

perform multi-hop reasoning in the joint evidence090

space of videos and webpages to output a unique091

and verifiable answer (Liang et al., 2025). To sup-092

port this setting, we explicitly incorporate an inter-093

active web search process into the task definition094

and adopt annotation and strict quality control over095

diverse real-world scenarios to systematically re-096

move samples that can be answered by the video097

alone or by webpages alone, making the combined098

capability of video understanding, web search, and099

evidence-based reasoning the core evaluation tar-100

get (Yao et al., 2022; Gao et al., 2023). Based on101

VideoDR, we evaluate mainstream models under102

both the Workflow and Agentic paradigms (Liu103

et al., 2025), including closed-source models GPT-104

4o (Hurst et al., 2024) and Gemini-3-pro-preview105

(Team et al., 2023), as well as open-source models106

MiniCPM-V 4.5 (Yu et al., 2025b), Qwen3-Omni-107

30B-A3B (Xu et al., 2025), and InternVL3.5-14B108

(Wang et al., 2025b), and conduct comprehensive109

performance and error analyses along three dimen-110

sions: difficulty, video duration, and semantic do-111

main.112

Our main contributions are as follows:113

❶ Video Deep Research Task: We first define114

the Video Deep Research task, shifting video115

understanding from closed-context perception116

to active, multi-hop search and reasoning on the 117

open web anchored by video cues. 118

❷ VideoDR Benchmark: We construct a high- 119

quality VideoDR benchmark through rigor- 120

ous human annotation and quality control. 121

VideoDR benchmark ensures that the multi-step 122

evidence gathering process maintains a strong 123

dependency on multi-frame visual cues within 124

the video. 125

❸ Agent Capability Boundaries: By benchmark- 126

ing leading MLLMs across Workflow and Agen- 127

tic paradigms, we delimit the capability bound- 128

aries of these two agentic approaches. Leverag- 129

ing the diverse distribution of VideoDR across 130

semantic domains, question lengths, and video 131

durations, we systematically analyze the per- 132

formance and error patterns under different 133

paradigms. Our findings reveal that Goal Drift 134

and Long-horizon Consistency are the core bot- 135

tlenecks constraining the development of next- 136

generation video deep research agents. 137

2 Related Work 138

Deep Research Benchmarks. Existing deep re- 139

search evaluations typically assess search, reason- 140

ing, and tool use as a unified process (Wei et al., 141

2025; Wu et al., 2025; Li et al., 2025b; Zheng et al., 142

2025): one line of work tests multi-step query plan- 143

ning and information localization in live web envi- 144

ronments (Wei et al., 2025; Wu et al., 2025), while 145

another studies more controllable settings to im- 146

prove reliability and stability (Xue et al., 2025; 147

Chen et al., 2025b; Jin et al., 2025; Li et al., 2025a). 148

Overall, however, most benchmarks still start from 149

textual queries (Wei et al., 2025; Wu et al., 2025), 150

and visual content is often downplayed as static 151

auxiliary information rather than first-class evi- 152

dence in the retrieval and verification loop (Jiang 153

et al., 2024; Liang et al., 2025; Liu et al., 2025). 154

Video Reasoning Benchmarks. Existing video 155

reasoning evaluations are conducted under a closed- 156

evidence setting, where questions are designed to 157

be answerable using only the video itself, and they 158

primarily stress long-video temporal understand- 159

ing and long-context reasoning (Fu et al., 2025; Li 160

et al., 2024a; Wu et al., 2024; Zhou et al., 2025; 161

Wang et al., 2025a; Fang et al., 2024; Yang et al., 162

2025a; Li et al., 2024b; Nagrani et al., 2024; Yu 163

et al., 2025a). Recent agentic video efforts also 164
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Figure 2: Overview of the VideoDR construction pipeline.

explore multi-round interaction and tool calling165

within the video-understanding loop (Zhang et al.,166

2025; Yang et al., 2025b; Chen et al., 2025a). In167

summary, systematic evaluations of multi-step ev-168

idence gathering and reasoning integration on the169

open web anchored to video cues remain relatively170

scarce.171

3 Video Deep Research172

3.1 Task Definition173

We propose Video Deep Research (VideoDR): an174

open-domain factoid question answering bench-175

mark conditioned on a given video, designed to176

evaluate a model’s ability to perform complex rea-177

soning anchored in the video while leveraging the178

open web. Given a video V and a natural lan-179

guage question Q, the model can interactively call180

a browser search tool S, iteratively searching be-181

tween video cues and web-page evidence, and fi-182

nally output a factual answer A. Each VideoDR183

sample is constructed such that the model must184

exploit multi-frame cues from the video to locate185

candidate evidence on the open web, and then per-186

form multi-hop reasoning over the joint evidence187

space of the video and the open web in order to188

obtain a unique answer. Formally, the VideoDR189

task can be expressed as:190

f : (V,Q;S) → A.191

3.2 Data Annotation Process 192

In the data construction stage, we recruited three 193

annotators with experience in video understand- 194

ing and web search to create questions and anno- 195

tate answers. Each annotator must actively locate 196

several multi-frame visual cues in the video and 197

design corresponding multi-hop questions and an- 198

swers around these cues. To ensure annotation 199

consistency, we provided unified annotation guide- 200

lines and examples before the annotation phase. As 201

shown in Figure 2, the overall annotation pipeline 202

consists of three steps. 203

Candidate Video Pool. Annotators first select 204

videos from different platforms and then perform 205

stratified sampling along three dimensions: source, 206

domain, and duration, to cover diverse real-world 207

scenarios. To ensure data quality, we apply a strict 208

negative filtering strategy to remove the following 209

three types of videos: ❶ single-scene clips with 210

highly redundant visual semantics; ❷ popular top- 211

ics whose information is overly explicit and can be 212

obtained via text search without watching the video; 213

❸ isolated content on the open web for which no 214

verifiable chain of evidence can be found. 215

Initial Filtering. At the initial screening stage, 216

we manually remove clips that lack prominent vi- 217

sual anchors. We only retain videos that exhibit 218

coherent visual cues at multiple time points and 219

are suitable for cross-frame association, as candi- 220

dates for subsequent annotation. For longer videos, 221
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annotators are allowed to extract multiple seman-222

tically focused segments from the same video and223

construct separate questions for each segment.224

Question Design. As shown in Figure 1, in225

this stage, annotators are required to design high-226

complexity questions for the retained video seg-227

ments, under two strict constraints: ❶ Multi-frame228

reasoning: Each question must be grounded in229

video cues spanning multiple frames; it should be230

impossible to answer the question from a single-231

frame screenshot. ❷ Multi-hop reasoning: Each232

question must implicitly admit a decomposable233

multi-step reasoning path, forcing the model to per-234

form at least one round of information exchange235

between video perception and external search. To236

ensure verifiability, we archived the web pages con-237

taining the key evidence supporting each answer.238

3.3 Quality Control239

To ensure that VideoDR is rigorous and unambigu-240

ous, we apply a two-stage quality verification pro-241

cedure to the annotated samples.242

3.3.1 Video & Web Dependency Testing243

To verify that the annotated samples simultaneously244

depend on both the video and search, we design two245

ablation settings and conduct tests on all samples.246

Only samples that fail under both of the following247

conditions are retained as valid:248

Web-only Test. The annotator is only given the249

textual question Q and can conduct the web search.250

If a unique and unambiguous answer can be ob-251

tained purely through web search, the question is252

deemed to lack dependence on visual anchors and253

is discarded.254

Video-only Test. The annotator answers the ques-255

tion by watching only the video V . If the answer256

can be directly obtained from the video information257

alone, the question degenerates into a pure video258

understanding task and is discarded.259

3.3.2 Human Testing260

To verify the correctness of annotated questions261

and characterize their difficulty, we adopt a human262

evaluation protocol with five independent partici-263

pants solving the tasks in a blind manner. For each264

sample i, five subjects independently produce an-265

swers under the condition that they can only access266

the annotated video and the textual question, with-267

out being given any reference answers, forming the268

answer set {ai1, . . . , ai5}. Subjects are required to269

(b) Human Performance (a) Difficulty Distribution

Figure 3: Human solvability across benchmark difficulty
levels.

complete the task in a browser environment and 270

must, for each question, submit a final answer ob- 271

tained via video browsing and autonomous web 272

search. This process serves two purposes: ❶ to 273

validate the solvability of the questions and the cor- 274

rectness of the annotations under conditions close 275

to real-world usage; and ❷ to provide empirical 276

evidence for subsequent difficulty stratification and 277

estimation of the human upper bound. 278

Difficulty. To quantify question difficulty at the 279

sample level, we define the difficulty score of sam- 280

ple i based on the human success rate from the 281

five-subject blind evaluation: 282

si =
1

5

5∑
j=1

1[aij ≡ Ai], 283

where aij denotes the answer provided by the j-th 284

subject for sample i, Ai is the gold answer for that 285

sample, and 1[·] is the indicator function (1 if the 286

prediction is semantically equivalent to the gold an- 287

swer, and 0 otherwise). We treat the distribution of 288

{si} as a proxy for question difficulty and stratify 289

samples by the number of correct human answers: 290

if only 0–1 out of 5 subjects answer correctly, the 291

sample is labeled High; if 2–3 subjects answer cor- 292

rectly, it is labeled Mid; and if 4–5 subjects answer 293

correctly, it is labeled Low. This difficulty parti- 294

tion is used in subsequent experiments to analyze 295

how different models perform across human diffi- 296

culty levels. Figure 3(a) shows the distribution of 297

samples across three difficulty levels. 298

Human performance. Under the above setting, 299

we estimate the human upper bound by the average 300

accuracy of the 5 subjects over all samples: 301

s̄ =
1

N

N∑
i=1

si. 302

Figure 3(b) shows the human test results. Across 303

all 100 samples, the mean sample-level success rate 304
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Figure 4: Data statistics of VideoDR, including (a) video category, (b) question length, and (c)video duration.

is s̄ = 0.504 with a standard deviation of 0.346.305

When results are stratified by difficulty, the mean306

si is 0.900 ± 0.190 for Low, 0.506 ± 0.101 for307

Mid, and 0.106± 0.101 for High. Overall, human308

participants can reliably solve the majority of sam-309

ples, and we do not observe a systematic pattern of310

universal failure, which indirectly supports the con-311

sistency of the annotated answers. In addition, dur-312

ing dataset construction, we manually re-examine313

samples with clear disagreement or samples where314

multiple mutually inconsistent yet seemingly rea-315

sonable answers are provided; if ambiguity remains316

after multiple rounds of verification, the sample is317

discarded. The final retained dataset ensures that318

each question corresponds to a unique and veri-319

fiable gold answer, given the available evidence,320

thereby reducing evaluation noise.321

3.4 Data Statistics322

Finally, we construct 100 VideoDR samples. To323

characterize the benchmark’s structural properties,324

and to provide a basis for stratified analyses in sub-325

sequent experiments, we summarize the dataset326

from three perspectives: ❶ video category distribu-327

tion, ❷ question length distribution, and ❸ video328

duration distribution.329

Video category Distribution. As shown in Fig-330

ure 4(a), VideoDR spans six semantic domains:331

Daily Life, Economics, Technology, Culture, His-332

tory, and Geography. The distribution is relatively333

balanced: Daily Life accounts for 33%, Economics334

16%, Technology and Culture 15% each, History335

11%, and Geography 10%. This distribution en-336

sures broad coverage of diverse content types in337

open-domain settings.338

Question Length. As shown in Figure 4(b),339

we compute the token-length distribution of the340

natural-language questions. The average question341

length is 25.54 tokens, and the lengths are con- 342

centrated: the 95th percentile is 54 tokens. This 343

indicates that most questions are compact in phras- 344

ing, maintaining concise language while preserv- 345

ing necessary constraints. As a result, evaluation 346

can focus more on the core process of starting from 347

video cues and combining web evidence to perform 348

multi-hop reasoning, rather than on extra compre- 349

hension burden induced by overly long inputs. 350

Video duration. As shown in Figure 4(c), on 351

the video side, durations exhibit a clear long-tailed 352

pattern: most videos cluster in a short-duration 353

range, while a small number of videos longer than 354

10 minutes form the tail. This duration structure 355

covers both rapid cue capture in short-video sce- 356

narios and cross-segment association in long-video 357

scenarios, enabling a more comprehensive test of 358

models’ cross-frame understanding and evidence 359

localization across different time scales. 360

4 Experiments 361

4.1 Setting 362

Baselines. We compare two common paradigms: 363

Workflow and Agentic. Workflow adopts a two- 364

stage design: a multimodal model first extracts 365

question-relevant cross-frame visual cues from the 366

video and produces a structured intermediate text, 367

which is then provided together with the question 368

as input for subsequent reasoning. Without further 369

access to the original video, the system uses the 370

search tool to retrieve candidate evidence from the 371

open web, and uses the think tool to reflect on and 372

filter evidence and to generate the next-round query, 373

finally aggregating multi-round search results to 374

produce an answer. In contrast, Agentic adopts a 375

stronger end-to-end setting: it feeds the raw video 376

and the question directly into a single multimodal 377

agent, which performs video understanding, query 378
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Table 1: Performance comparison across difficulty lev-
els under the Workflow and the Agentic settings.

Model Setting Difficulty (%)
Low Mid High Ave.

#Samples 32 36 32 100

Qwen3-Omni-30B-A3B Workflow 59.38 30.56 21.88 37.00
Agentic 65.62 27.78 18.75 37.00

InternVL3.5-14B Workflow 37.50 22.22 21.88 27.00
Agentic 46.88 22.22 21.88 30.00

MiniCPM-V 4.5 Workflow 50.00 13.89 12.50 25.00
Agentic 18.75 19.44 9.38 16.00

Gemini-3-pro-preview Workflow 90.62 61.11 56.25 69.00
Agentic 93.75 69.44 65.62 76.00

GPT-4o Workflow 50.00 30.56 46.88 42.00
Agentic 62.50 38.89 28.12 43.00

Human 90.00 50.56 10.63 50.40

generation, web retrieval, and evidence integration379

within the same execution loop. The agent likewise380

uses only the think tool and the search tool, and381

autonomously decides when to initiate search based382

on video cues, when to reflect, and how to organize383

multi-round evidence into the final conclusion.384

MLLMs. We select mainstream multimodal385

models spanning both closed-source and open-386

source families as the core research agents. Closed-387

source models include Gemini-3-pro-preview388

(Team et al., 2023) and GPT-4o (Hurst et al.,389

2024); open-source models include MiniCPM-V390

4.5 (Yu et al., 2025b), InternVL3.5-14B (Wang391

et al., 2025b), and Qwen3-Omni-30B-A3B (Xu392

et al., 2025) . All models are tested under both393

Workflow and Agentic paradigms to analyze their394

capability boundaries under different system orga-395

nizations.396

LLM as Judge. VideoDR is an open-domain397

factual question answering task. To avoid false398

mismatches, we adopt an LLM-as-judge protocol399

(Zheng et al., 2023) using DeepSeek-V3-0324 (Liu400

et al., 2024) to assess semantic equivalence be-401

tween the model prediction and the reference an-402

swer. The judge outputs a binary correctness label,403

which we use to compute overall Accuracy.404

4.2 Main Results405

From the overall averages, our VideoDR setting406

yields a clear capability stratification among ex-407

isting models: Gemini-3-pro-preview leads by a408

large margin under both paradigms (Workflow 69%409

/ Agentic 76%), GPT-4o consistently forms the sec-410

ond tier (42% / 43%), and the three open-source411

models are overall weaker (Qwen3-Omni-30B-412

Table 2: Performance comparison across different video
durations under the Workflow and the Agentic settings.

Model Setting Video Duration (%)

Short Medium Long Ave.

#Samples 52 38 10 100

Qwen3-Omni-30B-A3B Workflow 34.62 36.84 50.00 37.00
Agentic 38.46 39.47 20.00 37.00

InternVL3.5-14B Workflow 36.54 15.79 20.00 27.00
Agentic 32.69 28.95 20.00 30.00

MiniCPM-V 4.5 Workflow 30.77 15.79 30.00 25.00
Agentic 17.31 15.79 10.00 16.00

Gemini-3-pro-preview Workflow 75.00 65.79 50.00 69.00
Agentic 71.15 84.21 70.00 76.00

GPT-4o Workflow 46.15 36.84 40.00 42.00
Agentic 51.92 31.58 40.00 43.00

Human 51.92 50.53 42.00 50.40

A3B 37% / 37%, InternVL3.5-14B 27% / 30%, 413

MiniCPM-V 4.5 25% / 16%). 414

Difficulty stratification reveals the essential dif- 415

ferences between the two paradigms. As shown 416

in Table 1, all evaluated models exhibit a highly 417

consistent decline in performance as the difficulty 418

level increases from Low to Mid and then to High. 419

Human performance decreases from 90.00% to 420

50.56% and then to 10.63%, and models also 421

generally degrade as difficulty increases, suggest- 422

ing that our difficulty definition based on human 423

success rate indeed corresponds to longer and 424

more fragile evidence chains. Gains from Agen- 425

tic mainly appear in models with stronger state 426

maintenance capabilities, and become more pro- 427

nounced toward Mid/High; conversely, mid-tier 428

models can suffer a clear backlash on High. For 429

example, Gemini-3-pro-preview continues to im- 430

prove on Mid/High from 61.11%→69.44% and 431

56.25%→65.62%; but while GPT-4o improves on 432

Low/Mid (50.00%→62.50%, 30.56%→38.89%), 433

it drops sharply on High (46.88%→28.12%). This 434

phenomenon is highly consistent with our imple- 435

mentation constraints: in Agentic, the model can- 436

not re-watch the video during research, so the sub- 437

sequent process must rely solely on cues obtained 438

from the initial viewing to guide multi-round search 439

and reasoning, lacking opportunities for online cor- 440

rection via revisiting the video. Once early visual 441

anchors drift, web noise can amplify the deviation 442

in later searches, making High-difficulty questions 443

more prone to goal drift; in contrast, Workflow ex- 444

ternalizes video cues into an intermediate textual 445

representation, effectively providing a repeatedly 446

accessible external memory that reduces drift risk 447

in long-horizon decision-making. 448
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Table 3: Performance comparison across different domains under the Workflow and the Agentic settings.

Model Setting Domain (%)

History Geography Culture Economy Technology Daily Life Ave.

#Samples 11 10 15 16 14 33 100

Qwen3-Omni-30B-A3B Workflow 36.36 30.00 26.67 43.75 50.00 36.36 37.00
Agentic 54.55 40.00 26.67 43.75 35.71 33.33 37.00

InternVL3.5-14B Workflow 9.09 50.00 20.00 25.00 21.43 30.30 27.00
Agentic 36.36 40.00 26.67 31.25 28.57 24.24 30.00

MiniCPM-V 4.5 Workflow 27.27 10.00 46.67 25.00 14.29 24.24 25.00
Agentic 9.09 10.00 26.67 12.50 14.29 18.18 16.00

Gemini-3-pro-preview Workflow 72.73 70.00 80.00 62.50 64.29 69.70 69.00
Agentic 81.82 50.00 86.67 68.75 85.71 78.79 76.00

GPT-4o Workflow 63.64 40.00 33.33 43.75 42.86 39.39 42.00
Agentic 63.64 20.00 53.33 50.00 35.71 39.39 43.00

Human 36.36 34.00 49.33 56.25 60.00 52.73 50.40

Video-duration stratification further reinforces449

this explanation: as videos get longer, cues450

become more dispersed, and the state space451

grows, so Agentic places higher demands on a452

model’s ability to retain and continuously lever-453

age initial video cues over the long run, lead-454

ing to strong polarization. As shown in Ta-455

ble 2, Gemini-3-pro-preview achieves substan-456

tial gains on Medium/Long (65.79%→84.21%,457

50.00%→70.00%), indicating that strong mod-458

els can preserve enough discriminative details459

from one viewing and keep using them in sub-460

sequent search; in contrast, Qwen3-Omni-30B-461

A3B and MiniCPM-V 4.5 drop markedly on Long462

(50.00%→20.00%, 30.00%→10.00%), suggesting463

that when a model struggles to stably preserve and464

continuously utilize key video anchors across mul-465

tiple rounds of search and reasoning, directly using466

the video does not translate into better search de-467

cisions and instead makes the system more likely468

to destabilize over long chains. In other words,469

long videos amplify the key trade-off between the470

two paradigms: Workflow may lose details but is471

more controllable, whereas Agentic preserves de-472

tails more faithfully but relies more on long-term473

consistency.474

Domain stratification highlights the respective475

advantages of the two paradigms across domains.476

As shown in Table 3, in Technology, Gemini-477

3-pro-preview shows the largest Agentic-over-478

Workflow improvement (64.29%→85.71%), indi-479

cating that such questions often require translating480

fine-grained visual cues into high-precision queries,481

and Workflow’s one-shot summary is more likely482

to miss crucial search triggers. However, in Geogra-483

phy, both Gemini-3-pro-preview (70.00%→50.00)484

Table 4: Tool-use statistics under the Workflow and
Agentic paradigms.

Model Paradigm think search time (s)

Qwen3-Omni-30B-A3B Workflow 1.82 0.95 222.86
Agentic 1.80 1.21 367.19

InternVL3.5-14B Workflow 1.58 1.48 214.28
Agentic 1.20 1.24 228.05

MiniCPM-V 4.5 Workflow 0.94 1.13 242.21
Agentic 1.97 2.07 139.07

Gemini-3-pro-preview Workflow 2.40 1.86 422.48
Agentic 2.89 2.52 449.44

GPT-4o Workflow 1.90 1.11 136.15
Agentic 1.31 1.17 181.87

and GPT-4o (40.00%→20.00) degrade noticeably, 485

suggesting that geographic search is more ambigu- 486

ous and therefore depends more on clear and consis- 487

tent visual anchors to keep the search target stable. 488

Across all three stratifications, we conclude that 489

under current mainstream model capabilities, Agen- 490

tic is not necessarily superior to Workflow: its ef- 491

fectiveness depends on whether the model can con- 492

tinually rely on initial video cues throughout multi- 493

round search and reasoning; meanwhile, Workflow 494

provides stable anchors for downstream search and 495

reasoning through an explicit intermediate text, 496

thereby more effectively reducing the risk that the 497

search process drifts away from the correct target. 498

4.3 Tool-use Analysis 499

As shown in Table 4, the number of tool calls is 500

not monotonically correlated with accuracy. What 501

determines performance is not using tools more, 502

but whether a model can turn a limited number 503

of search calls into a high-quality evidence chain. 504

Concretely, Gemini-3-pro-preview demonstrates 505

stronger tool-use effectiveness: under the Agen- 506
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Table 5: Error type distribution across different models under both the Workflow and the Agentic.

Model Setting Error Type Count

Categorical Incomplete Not Found Numerical Context Semantic Reasoning Others Total

Qwen3-Omni-30B-A3B Workflow 22 16 6 7 11 0 0 1 63
Agentic 16 20 11 11 3 1 1 0 63

InternVL3.5-14B Workflow 25 18 20 9 1 0 0 0 73
Agentic 29 17 15 7 0 1 1 0 70

MiniCPM-V 4.5 Workflow 25 23 13 10 2 1 1 0 75
Agentic 36 13 14 12 4 1 1 3 84

Gemini-3-pro-preview Workflow 5 10 4 9 0 2 0 1 31
Agentic 7 8 1 6 1 0 1 0 24

GPT-4o Workflow 22 11 8 10 2 2 0 3 58
Agentic 18 20 9 8 1 1 0 0 57

tic setting, it averages 2.89/2.52 think/search calls507

(449s runtime) and achieves the best overall score508

(76%), indicating that additional retrieval and re-509

flection are indeed converted into more reliable510

evidence integration. In contrast, Qwen3-Omni-511

30B-A3B’s extra search overhead does not yield512

corresponding performance gains: its think usage513

is nearly identical between Agentic and Workflow514

(1.80 vs. 1.82), but Agentic has higher search us-515

age and substantially longer runtime (1.21, 367s vs.516

0.95, 223s), while accuracy remains unchanged517

(both 37%), suggesting that the extra searches518

mostly fall into low-yield exploration or failed519

evidence filtering. An even sharper contrast is520

MiniCPM-V 4.5: under Agentic it uses tools more521

frequently (think/search 1.97/2.07) and runs faster522

(139s), yet accuracy drops from 25% (Workflow) to523

16%; combined with its across-the-board decline524

on High difficulty in Table 1 (12.50%→9.38%),525

this indicates that it provides a stable reference for526

downstream research via an explicit intermediate527

text representation, making search and reasoning528

more focused on relevant evidence and thus less529

likely to drift.530

4.4 Error Analysis531

To obtain a more fine-grained understanding of532

MLLMs’ behaviors under different paradigms, we533

conduct a detailed analysis of their error trajectories534

across all experiments. We further break down the535

errors into eight categories, as shown in Table 5.536

Perception Grounding Limitation. Table 5 in-537

dicates that Reasoning Error is nearly absent under538

both paradigms, with counts ranging from 0 to 1 in539

Workflow and likewise 0 to 1 in Agentic. In con-540

trast, Categorical Error remains the dominant fail-541

ure mode across all models, spanning 5–25 cases542

in Workflow and 7–36 cases in Agentic, and it in-543

creases for some models when switching to Agen-544

tic (MiniCPM-V 4.5 rises from 25 to 36). This 545

pattern is closely tied to our setting: once the re- 546

search phase cannot revisit the video, downstream 547

retrieval and reasoning depend entirely on the vi- 548

sual anchors extracted from the first pass. When 549

early perception deviates, there is no mechanism 550

to re-localize key frames and correct the anchor, 551

making error propagation along the evidence chain 552

more likely. 553

Numerical Error Bottleneck. Table 5 shows 554

that Gemini’s overall error count is substantially 555

lower in the Agentic setting (24 total errors, com- 556

pared with 57 for GPT-4o), yet this advantage does 557

not carry over to Numerical Error. Under Work- 558

flow, Gemini-3-pro-preview has 9 numerical errors, 559

while Qwen3-Omni-30B-A3B, InternVL3.5-14B, 560

MiniCPM-V 4.5, and GPT-4o have 7, 9, 10, and 561

10, respectively. Under Agentic, Gemini-3-pro- 562

preview records 6 numerical errors, compared with 563

11, 7, 12, and 8 for the same four models. The 564

numerical-error counts, therefore, remain tightly 565

clustered across models, suggesting that numeri- 566

cal reliability constitutes a distinct and persistent 567

weakness for current MLLMs. 568

5 Conclusion 569

We introduce VideoDR, a video deep research 570

benchmark for evaluating multimodal deep re- 571

search on the open web. It requires models to ex- 572

tract multi-frame visual anchors, turn them into 573

searchable queries, retrieve open-web evidence, 574

and perform multi-hop reasoning to produce verifi- 575

able factual answers. We benchmark mainstream 576

multimodal models under Workflow and Agentic 577

paradigms, with stratified analyses by difficulty, 578

video duration, and semantic domain to character- 579

ize capability boundaries on video deep search. 580
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6 Limitations581

During the annotation process, while we enforced582

a strict quality control protocol and verified the583

uniqueness of final answers, the intermediate584

search queries and reasoning paths were derived585

from the subjective search behaviors of our expert586

annotators. In real-world scenarios, different users587

might employ diverse keywords or browsing strate-588

gies to locate the same evidence. Although this589

does not affect the objective verifiability of the590

VideoDR samples, the current benchmark primar-591

ily reflects a specific set of high-efficiency research592

trajectories. Future work could involve collecting a593

wider variety of human search logs to better model594

the diversity of user-agent interactions.595
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