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Abstract001

Recent advances in DeepResearch-style agents002
have demonstrated strong capabilities in au-003
tonomous information acquisition and synthe-004
size from real-world web environments. How-005
ever, existing approaches remain fundamen-006
tally limited to text modality. Extending au-007
tonomous information-seeking agents to mul-008
timodal settings introduces critical challenges:009
the specialization-generalization trade-off that010
emerges when training models for multimodal011
tool-use at scale, and the severe scarcity of012
training data capturing complex, multi-step013
multimodal search trajectories. To address014
these challenges, we propose M3Searcher, a015
modular multimodal information-seeking agent016
that explicitly decouples information acqui-017
sition from answer derivation. M3Searcher018
is optimized with a retrieval-oriented multi-019
objective reward that jointly encourages fac-020
tual accuracy, reasoning soundness, and re-021
trieval fidelity. In addition, we develop MM-022
SearchVQA, a multimodal multi-hop dataset023
to support retrieval centric RL training. Exper-024
imental results demonstrate that M3Searcher025
outperforms existing approaches, exhibits026
strong transfer adaptability and effective rea-027
soning in complex multimodal tasks.028

1 Introduction029

DeepResearch-style agents have recently demon-030

strated striking proficiency in acquiring and syn-031

thesizing information from real-world web en-032

vironments, as exemplified by OpenAI DeepRe-033

search (OpenAI, 2025) and Gemini DeepResearch034

(Google, 2025). These advances have spurred a035

growing research effort to equip large language036

models (LLMs) with reasoning-intensive search037

capabilities (Shao et al., 2025). Most approaches038

leverages reinforcement learning (RL) to train mod-039

els to interact with web search engines (e.g. Google040
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Search), planning, gathering and synthesizing infor- 041

mation through multi-step deliberation (Jin et al., 042

2025; Zheng et al., 2025). However, these ap- 043

proaches remain confined to text modality, even 044

though real-world user information needs are inher- 045

ently multimodal (e.g. visual perception). 046

Extending autonomous information-seeking 047

agents to multimodal inputs is therefore an essential 048

step for building general intelligent systems. Never- 049

theless, this transition introduces several fundamen- 050

tal challenges: (i) Specialization-Generalization 051

Trade-off: Training models to internalize multi- 052

modal tool-use policies comes at the expense of 053

general reasoning capacity (Kalajdzievski, 2024; Li 054

et al., 2024a), yet the effectiveness of multimodal 055

RAG systems critically relies on a backbone model 056

whose core reasoning performance remains robust 057

and uncompromised. (ii) Training Data Scarcity: 058

Existing datasets that capture complex, multi-step 059

search trajectories are primarily designed for eval- 060

uation purposes (Wei et al., 2025), whereas large- 061

scale training corpora provide only shallow rea- 062

soning paths, such as InfoSeek (Chen et al., 2023). 063

This discrepancy hinders models from developing 064

long-horizon information-seeking strategies. 065

To resolve these challenge, and inspired by the 066

modular design of Jiang et al. (2025), we decou- 067

ple the information-seeking process from answer 068

derivation. Specifically, we introduce a lightweight 069

and trainable MLLM, termed M3Searcher, that 070

serves as a dedicated modular multimodal infor- 071

mation seeking agency. Its role is to execute a 072

mulitmodal reasoning-intensive information seek- 073

ing process (Shao et al., 2025). Specifically, it in- 074

terprets non-textual inputs (e.g. visual recognition, 075

OCR) and dynamically coordinating search strate- 076

gies across heterogeneous modalities to assemble 077

comprehensive and contextually relevant evidence. 078

The gathered information is subsequently provided 079

to a downstream answer generator, which performs 080

reasoning over the curated evidence and formulates 081
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Figure 1: The architecture of M3Searcher.

the final response to the user query. To effectively082

train M3Searcher, we further propose a decoupled083

reinforcement learning framework with the follow-084

ing contributions:085

1. Dataset Construction: We introduce MM-086

SearchVQA, a dataset demanding rigorous mul-087

timodal information seeking. Each instance en-088

forces answer uniqueness and is accompanied089

by automatically extracted supporting evidence.090

By encompassing a broad spectrum of domains,091

difficulty levels and search intensities, the dataset092

encourages the model to learn the distinct con-093

trol policies required for determining when to094

search, what to query, and how to integrate exter-095

nal knowledge.096

2. Decoupled Multimodal Information Seeking:097

M3Searcher focuses exclusively on optimizing098

heterogeneous search scheduling for maximizing099

information acquisition. To realize this, we in-100

troduce a specialized "expert answer generator"101

tool, which is triggered only once the context102

is deemed sufficient and well-grounded for the103

following reasoning process. This modularity al-104

lows the search strategies to remain highly adap-105

tive while maintaining the reasoning capacity106

of a robust backbone within the MRAG system.107

It also renders the generator modality-agnostic,108

accommodating both pure textual LRMs (e.g.,109

DeepSeek-R1) and MLLMs (e.g., GPT-4o).110

3. Retrieval-Oriented Multi-Objective Reward: 111

We employ a multi-objective reward modeling 112

framework that jointly optimizes answer accu- 113

racy, reasoning validity, and retrieval quality. To 114

ensure that the model genuinely grounds its infer- 115

ences in retrieved evidence rather than exploiting 116

spurious shortcuts, we incorporate a retrieval re- 117

ward that evaluates the completeness of textual 118

information gathering and the accuracy, and in- 119

terpretive soundness of visual reasoning. 120

We conduct comprehensive evaluations of 121

M3Searcher across real-world benchmarks to as- 122

sess its effectiveness. M3Searcher outperforms 123

both prompt-engineered agents and end-to-end 124

trained counterparts. Moreover, it exhibits strong 125

robustness and adaptability, as evidenced by sta- 126

ble performance under multiple transfer scenarios 127

involving variations in search engines and answer 128

generators. 129

2 M3Searcher 130

2.1 Task Formulation 131

We consider a multimodal query (v, q) where v is 132

the visual component and q is the textual compo- 133

nent, with its ground-truth answer a. A trainable 134

MLLM is formalized as an information-seeking 135

agent F , which engages in iterative interaction with 136

a multimodal tool set T . Through a sequence of 137

tool invocations and intermediate reasoning steps, 138
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the agent incrementally acquires task-relevant ev-139

idence and integrates the retrieved information to140

derive the final answer:141

F(q, v, T ) → a. (1)142

2.2 Decoupled Agentic MRAG143

Existing MRAG approaches either leverage a large-144

scale MLLM with elaborate prompt engineering,145

or train a smaller MLLM end-to-end (Geng et al.,146

2025; Wu et al., 2025b). This dichotomy introduces147

a fundamental dilemma. Large-scale MLLMs (e.g.148

GPT-4o) excel in emergent reasoning, but lack op-149

timization for real-world web integration. Con-150

versely, smaller models (e.g., Qwen2.5-VL-7B)151

optimized for web search exhibit a concurrent152

degradation in general reasoning, limiting their153

utility as a primary backbone for the overall sys-154

tem. To address this dilemma, and drawing in-155

spiration from modular architectures (Jiang et al.,156

2025), we introduce a decoupled MRAG architec-157

ture that separates the information-seeking process158

from the answer generation. As depicted in Figure159

2, M3Searcher is solely responsible for compre-160

hending multimodal queries, formulating iterative161

search strategies across heterogeneous search tools,162

and determining the optimal search termination163

point. The final evidential data is then passed to164

a dedicated answer generation for synthesis. This165

architectural decoupling offers two key advantages:166

it preserves the reasoning fidelity of the large-scale167

backbone while allowing for targeted optimization168

of information-seeking capabilities, and simultane-169

ously removes modality constraints, enabling the170

use of modality-agnostic generators (e.g., GPT-4o,171

DeepSeek-R1).172

2.3 Multimodal Tools Implementation173

We equip M3Searcher with three essential tools:174

an image search tool, a text search tool, and an175

answer generator tool. To enable effective RL, we176

developed a stable and high-concurrency tool en-177

vironment. For image search, we integrate the178

Serper API1 to perform reverse image retrieval.179

Given an input image, the API returns visually180

similar images, together with their corresponding181

website titles and URLs. Since the Serper API182

produces highly stable results, we incorporate a183

caching mechanism to reduce resource consump-184

tion and accelerate the search process. For text185

1https://serpapi.com/

search, we utilize the 2025 wikipedia dump2 as 186

knowledge source. A retrieval–reranking pipeline, 187

built upon the E5 models (Wang et al., 2022), is 188

used to retrieve semantically relevant document 189

chunks given a user query. Finally, the answer 190

expert tool employs a high-capacity LRM which 191

consumes the trajectory of information-seeking and 192

synthesizes a final response. 193

2.4 Decoupled Multi-turn Rollout 194

M3Searcher processes the query through three 195

core operational states. In the Think state, the 196

model conducts a fine-grained inspection of the 197

visual component v and performs contextual in- 198

ference across modalities, integrating visual and 199

textual cues to construct a coherent situational un- 200

derstanding. When additional information is re- 201

quired, M3Searcher transitions to the Tool_Call 202

state, dynamically invoking external tools to re- 203

trieve supplementary evidence from real-world 204

sources. The retrieved outputs are then encap- 205

sulated as Information, which re-enters the rea- 206

soning loop to refine and expand the model’s un- 207

derstanding M3Searcher operates iteratively upon 208

these three states, allowing for progressive refine- 209

ment of its understanding and retrieval strategy. 210

Formally, at each time step t, the M3Searcher ex- 211

ecution can be represented as a tuple (αt, Ct, It), 212

where αt represents the reasoning process, Ct is 213

the tool invocation, and It is the tool response. The 214

full rollout trajectory can thus be expressed as: 215

T = {O1, α1, C1, I1, . . . , Ot, αt, Ct, It}. (2) 216

Under the decoupled agentic design, the final tool 217

invocation of M3Searcher is required to invoke the 218

answer expert. Consequently, the terminal tool 219

response It provides the final answer to the user 220

query q: 221

It = F(q). (3) 222

The prompt governing the rollout procedure is de- 223

tailed in Appendix B. 224

2.5 Multi-Objective Rewrad Modeling 225

The goal of M3Searcher is to perform a multimodal, 226

reasoning-intensive information-seeking process. 227

It must progressively and comprehensively gather 228

relevant evidence across multiple hops to support 229

the downstream generator in generating accurate 230

2https://dumps.wikimedia.org/
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answers. To achieve this, we formulate a multi-231

objective, retrieval-oriented RL reward function232

that jointly optimize accuracy, completeness and233

relevance of the information acquisition process.234

Format Reward The format reward Rformat en-235

forces strict compliance with the syntactic and236

structural constraints specified in the prompt. For237

example, tool invocations are required to follow238

the correctly structured parsing format with valid239

parameterization; and the trajectory must termi-240

nate with a call to the answer generator tool. Any241

deviation from these requirements incurs a strong242

penalty of an absolute reward of -1.243

Answer Reward The answer reward, Ranswer,244

measures the semantic correctness of the final out-245

put It with respect to the reference solution. Rather246

than relying on brittle exact string matching, we em-247

ploy an LLM-as-Judge evaluation strategy, which248

confers both flexibility and robustness in cases249

where multiple equivalent phrasings or semanti-250

cally consistent answers are acceptable. The com-251

plete scoring prompt used for this evaluation is252

provided in the Appendix.253

Information Retrieval Reward The information254

retrieval reward is designed to assess the fidelity255

and completeness of the information acquired to256

solve a multi-hop user query, independent of the257

capabilities of the downstream answer generator.258

The evaluation of this information acquisition is259

divided by modality.260

For the visual modality, when processing re-261

trieved images or relying on internal knowledge262

within the model’s training cutoff, it may exhibit263

three distinct behaviors during the Think state: (1)264

correctly identifying the key visual elements, (2)265

demonstrating uncertainty and refraining from ex-266

plicit recognition while offering a descriptive in-267

terpretation, or (3) producing an incorrect recog-268

nition. To shape this behavior, we assign graded269

rewards RImgRetrieval of 0.5, 0.25, and 0, respec-270

tively. This reward structure encourages the model271

to adopt a more cautious and self-aware strategy272

when reasoning over visual inputs. For the textual273

modality, we assess the degree to which the infor-274

mation conveyed to the answer generator aligns275

with the reference evidence in MMSearchVQA.276

This metric quantifies whether M3Searcher identi-277

fies all necessary pieces of information required for278

solving the query, thereby enhancing information279

completeness and mitigating reasoning shortcuts280

that may yield correct answers without genuine 281

verification (e.g., a builder’s place of death is not 282

always the same as the building’s location). The 283

textual retrieval reward, denoted as RTextRetrieval, 284

is defined as a percentage score ranging from 0 285

to 0.5, representing the proportion of reasoning 286

hops successfully supported by retrieved evidence. 287

Specifically, we compare each reference evidence 288

against both the Information and Think states. 289

To ensure robust evaluation, we employ a LLM- 290

as-Judger method to assess both modality reward 291

score: 292

RImgRetrieval = LLM(αi), (4) 293

RTextRetrieval = LLM(αi, Ci). (5) 294

The detailed judging prompt is provided in the Ap- 295

pendix. The final reward is: 296

R = Rformat +Ranswer +RRetrieve, (6) 297

RRetrieve = RTextRetrieval +RImgRetrieval. (7) 298

2.6 RL Training 299

To enhance the model’s capability for information 300

seeking and web-environment interaction within 301

the MRAG framework, we adopt Group-Relative 302

Policy Optimization (GRPO) (Shao et al., 2024). 303

For each input multimodal question q, the cur- 304

rent policy πθ samples a group of trajectories 305

y1, . . . , yG}. Then the optimization objective of 306

GRPO is formulated as: 307

J (θ) = Ei,tmin

[
ρitA

i
t, clip(ρ

i
t, 1− ϵ, 1 + ϵ)Ai

t

]
− β DKL[πθ||πref],

(8) 308

where ρit represents the importance sampling ratio 309

between the updated and previous policies and Ai
t 310

is an estimator of the advantage at time step t: 311

Ai
t =

Ri −mean({Ri})
std({Ri})

. (9) 312

The hyperparameter β controls the KL divergence 313

penalty, constraining the deviation from the refer- 314

ence policy to ensure stable updates. The context 315

for policies includes both model-generated outputs 316

and tool responses. To prevent external knowl- 317

edge sources from biasing policy learning, we ap- 318

ply a loss mask over all tool-response tokens. This 319

ensures that policy gradients are computed exclu- 320

sively for LLM-generated tokens, enabling precise 321

4
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optimization of search planning and multimodal322

information-seeking capabilities within the MRAG323

system.324

3 MMSearchVQA Dataset325

Existing Visual Question Answering (VQA)326

datasets typically fall into two categories. Auto-327

matically constructed datasets (Chen et al., 2023;328

Cheng et al., 2025; Wu et al., 2025b; Fu et al.,329

2025), such as InfoSeek, involve shallow reasoning330

chains — often limited to two-hop queries solv-331

able through a simple sequence of image search332

followed by text search. In contrast, manually cu-333

rated datasets such as MM-BrowseComp (Li et al.,334

2025b) feature more complex, multi-step reasoning335

but are expensive and difficult to scale. To address336

this limitation, we introduce MMSearchVQA, a337

dataset designed to foster the development of mod-338

els for advanced information-seeking reasoning.339

MMSearchVQA not only requires deeper search340

and reasoning but also provides explicit supporting341

evidence that underpin the reasoning and answer-342

ing processes.343

As illustrated in Figure 2, our dataset is con-344

structed upon ReasonVQA (Tran et al., 2025),345

which is derived from the Wikidata. We first per-346

form a BFS traversal on the Wikidata graph, iden-347

tifying all potential reasoning chains associated 348

with each question. During this traversal, we dis- 349

card questions that yield multiple valid answers 350

to ensure answer uniqueness, and we retain only 351

those samples that require at least two reasoning 352

hops. Following the extraction of candidate rea- 353

soning paths, we conduct cross-validation against 354

Wikipedia using the DeepSeek models. Each rea- 355

soning hop, including the final answering, must 356

be consistently supported by evidence drawn from 357

relevant Wikipedia content to be both factually ac- 358

curate and temporally valid. Instances that fail to 359

meet these criteria are excluded. During this veri- 360

fication process, we also extract fine-grained sup- 361

porting evidence from the corresponding Wikipedia 362

passages for each reasoning step, thus enhancing 363

the interpretability and traceability of the reasoning 364

process. To further characterize the cognitive diffi- 365

culty of the resulting dataset, we employ DeepSeek- 366

V3 (Guo et al., 2025) to answer each question three 367

times and categorize questions into three levels: 368

easy (all correct), medium (partially correct), and 369

hard (all incorrect). This procedure yields a princi- 370

pled estimate of reasoning complexity across sam- 371

ples. To cultivate an information seeker capable of 372

performing deep and precise searches, we prioritize 373

training data that exhibit deeper information needs 374

and greater reasoning complexity. Accordingly, we 375

downsample easy questions to half the number of 376

hard examples, ensuring a balanced yet challenging 377

dataset. In total, the curated dataset contains 6,000 378

questions, with comprehensive statistics presented 379

in Figure 3. 380

4 Experiments 381

4.1 Experimental Setup 382

Datasets We adopt MMSearchVQA dataset as 383

the training corpus. We evaluate performance on 384
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Table 1: The overall performance of M3Searcher compared with baseline approaches. MMSearchVQA is in-domain
benchmark with wikipedia based search and other benchmarks are transferred to Google Search Engine. The best
performance is highlighted in bold, and the second-best performance is underlined.

Method Backbone In-Domian (Wiki Search) → Out-Domain (Google Search)

MMSearchVQA InfoSeek MMSearch MRAG-Bench

No Agency

Direct
Qwen3-VL-235B-A22B 40.42 40.16 28.23 9.22
Qwen2.5-VL-72B 43.12 35.22 15.29 14.12
Qwen2.5-VL-7B 31.12 23.50 11.69 8.57

RAG
Qwen3-VL-235B-A22B 29.79 31.75 30.83 33.67
Qwen2.5-VL-72B 40.37 33.26 46.15 20.08
Qwen2.5-VL-7B 30.00 31.75 38.09 15.68

Prompt Engineered Agents

OmniSearch Qwen2.5-VL-72B 45.65 40.60 15.00 27.07
Qwen2.5-VL-7B 22.91 25.17 22.22 23.96

CogPlanner Qwen2.5-VL-72B 48.37 41.72 39.77 29.12
Qwen2.5-VL-7B 22.12 26.22 27.48 28.23

End-to-End Agents

MMSearch-R1-7BRetrain 31.63 20.20 7.02 27.60
MMSearch-R1-7BRelease 20.50 37.06 12.28 19.20

Decoupled Agents w/o Training
Qwen3-30B-A3B 31.50 31.20 36.69 24.20
Qwen2.5-VL-7B 34.12 33.80 36.09 27.20

M3Searcher

Qwen3-30B-A3B 54.75 39.61 55.62 24.91
→ Transfer LRM Answer Generator

DeepSeek-V3 56.87 40.33 60.95 29.12
DeepSeek-R1 59.25 42.50 63.30 30.00

→ Transfer MLLM Answer Generator
Qwen2.5-VL-7B 57.00 39.44 61.54 19.95
Qwen2.5-VL-72B 59.50 40.20 59.17 27.20

both in-domain and out-of-domain benchmarks.385

The in-domain evaluation uses the MMSearchVQA386

test set, while out-of-domain evaluation is con-387

ducted on three publicly available VQA datasets:388

MMSearch (Jiang et al., 2024), Infoseek (Chen389

et al., 2023), and MRAG-Bench (Hu et al., 2024).390

Baselines and Metrics We compare M3Searcher391

against four categories of methodologies: (1) No-392

agency: We directly prompt MLLMs and use a393

fixed RAG pipeline comprising image retrieval,394

query rewriting, text retrieval, and answer gener-395

ation. (2) Prompt-engineered agents: We select396

OmniSearch (Li et al., 2024b) and CogPlanner (Yu397

et al., 2025), both of which coordinate multiple398

agents via hand-crafted prompts for multimodal399

reasoning and retrieval. (3) End-to-end agents: We400

include MMSearch-R1 (Wu et al., 2025b) as a rep-401

resentative method optimized through end-to-end402

RL training. (4) Decoupled agents without special-403

ized training: We employ a decoupled architecture404

in which Qwen2.5-VL-7B is used for information- 405

seeking operations, without any tuning. We adopt 406

LLM-as-Judge as the evaluation metric, which is 407

well-aligned with the answer accuracy reward. 408

Transfer Experiment Settings For M3Searcher, 409

we conduct two sets of transfer experiments: (1) 410

Search engine transfer: For the MMSearchVQA 411

benchmark, which is built on Wikipedia-based con- 412

tent, we employ our in-house text search tool (de- 413

scribed in Section 2.3) to retrieve the top 10 most 414

relevant text chunks. For other benchmarks based 415

on open-domain web data, we switch to Google 416

Search via the Serper API3 , also keeping the top 417

10 retrieved results. (2) Answer generator trans- 418

fer: We explore the transfer of answer generators 419

by incorporating models from both the DeepSeek 420

series (Guo et al., 2025; Liu et al., 2024) and the 421

Qwen-VL series (Bai et al., 2025). 422

3https://serper.dev/
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Figure 4: Ablation study.

Implementation Details For the baseline423

methodologies, we adopt Qwen3-VL-30B-A3B,424

Qwen2.5-VL-72B, and Qwen2.5-VL-7B as425

backbone models. Specifically, MMSearch-R1426

employs Qwen2.5-VL-7B for both end-to-end427

training and inference. For M3Searcher, we utilize428

Qwen2.5-VL-7B as the trainable planner and429

Qwen3-30B-A3B (Yang et al., 2025) as the answer430

generator during training. Verl (Sheng et al., 2024)431

is used for multi-turn RL training.432

5 Main Results433

The overall performance of M3Searcher across mul-434

tiple benchmarks is summarized in Table 1. Sev-435

eral insights can be drawn from these results: (1)436

Baseline methodologies exhibit unstable vari-437

ability in performance across benchmarks. In438

most cases, either fixed RAG pipelines or prompt-439

engineered agents attain the strongest results. This440

suggests that explicit, hand-crafted prompt engi-441

neering provides a competitive advantage that de-442

coupled, untrained agents fail to surpass. Agents443

with specialized training display inconsistent per-444

formance and unstable generalization: for example,445

MMSearch-R1 performs competitively on Infos-446

eek, but its performance drops sharply on out-of-447

distribution tasks. (2) M3Searcher demonstrates448

robust and strong performance across various449

generalization and transfer settings. It provides450

high-quality, correctly excavated evidence and both451

multimodal and purely textual backbones can reli-452

ably synthesize accurate answers, lifting the modal-453

ity constraints. Notably, DeepSeek-R1 answer gen-454

erator emerges as the top performer, underscoring455

the critical role of the inherent reasoning capabil-456

ity of the backbone model in the overall MRAG457

system effectiveness. M3Searcher also maintains458

stable performance under search-engine transfer,459

exhibiting no degradation when switching search460

tools. This robustness highlights its high robustness461

to variations in the underlying information source,462

and further indicates that a self-built textual search463

engine is fully sufficient for on-policy RL training 464

— particularly important given the prohibitive cost 465

of commercial search engines. 466

6 Analysis 467

Ablation study. We evaluate the contribution of 468

each core component in M3Searcher by removing 469

the Information Retrieval Reward, the image search 470

tool, the text search tool and the answer generator 471

tool. As shown in Figure 4, each component pro- 472

vides a measurable performance gain, underscoring 473

their collective importance to the overall system 474

effectiveness. 475
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Figure 5: Training dynamics of reward and rollout turn
counts with and without the information-retrieval re-
ward.
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Retrieval-oriented rewards enhance the breadth 476

and completeness of information seeking. To 477

rigorously evaluate the impact of retrieval-oriented 478

reward design, we analyze the training dynam- 479

ics presented in Figure 5. The results indicate 480

that incorporating an information retrieval reward 481

leads to consistently higher reward signals. Con- 482

sequently, M3Searcher engages in a greater num- 483

ber of information-seeking turns. This enables a 484

broader coverage of relevant information and yield- 485

ing final evidence that is both more complete and 486

reliable, as demonstrated in Figure 6. 487

RL enhances heterogeneous tool coordination 488

and improves the model’s ability to leverage the 489

7



2.1%

13.3%
45.3%

39.3%

CogPlanner
Qwen2.5-VL-72B

0.9%99.0%

CogPlanner
Qwen2.5-VL-7B

1.8%

72.9%

14.9%

10.4%

M3Searcher

No Search Mixed Search Text Search Image Search
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image-search tool We analyze tool usage pat-490

terns on the MMSearchVQA benchmark in Figure491

7. The results reveal a pronounced bias in the pre-492

trained Qwen2.5-VL-7B model as it overwhelm-493

ingly favors text search tool while almost never494

invoking the image search tool. After RL this im-495

balance is substantially mitigated. It invokes a more496

diverse mixture of search actions, with a notably497

increased reliance on the image-search tool, indi-498

cating that RL helps the model internalize when499

visual external information is necessary for suc-500

cessful reasoning.501
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Figure 8: Performance with varying numbers of re-
turned relevant images and associated webpage titles in
the image search tool.

The Design of Image Search Tools as a Core502

Factor in Agentic MRAG Performance Our503

empirical observations indicate that the design of504

image search tools constitutes a critical determi-505

nant of performance. Specifically, we analyzed the506

influence of the returned relevant images and their507

associated webpage titles. As depicted in Figure 8,508

increasing the number of returned images lead to509

performance degradation, potentially attributed to510

the redundancy or near-similarity of multiple im-511

age inputs, which may introduce noise or confusion512

into the model’s visual feature extraction process.513

Conversely, increasing the volume of textual re-514

turned information (webpage titles) demonstrates515

a positive correlation with performance since the516

webpage titles provide crucial context for interpret-517

ing the visual query. Based on this quantitative518

analysis, we adopt a design choice for the image519

search tool that returns the top-1 image along with520

the top-30 associated webpage titles, which bal- 521

ances informative context with minimal visual re- 522

dundancy. 523

7 Related Work 524

With the introduction of DeepResearch by lead- 525

ing AI organizations, including OpenAI (OpenAI, 526

2025), Google (Google, 2025), and Perplexity (Per- 527

plexity, 2025), these systems have demonstrated 528

strong potential in solving complex multi-step rea- 529

soning tasks. Recent advances highlight reinforce- 530

ment learning (RL) as a promising paradigm and 531

OpenAI’s technical report explicitly demonstrates 532

the effectiveness of employing RL to strengthen the 533

multi-step decision-making and retrieval abilities 534

(Jaech et al., 2024). Notable works such as Search- 535

R1 (Jin et al., 2025; Song et al., 2025) mark an early 536

milestone by incorporating web-search tool inter- 537

action into textual question-answering scenarios, 538

achieving substantial performance gains. Follow- 539

ing this, the Web Agents series developed by the 540

Qwen team (Li et al., 2025a; Wu et al., 2025a) 541

further optimizes information-seeking behaviors 542

in complex, non-linear reasoning tasks. However, 543

despite these advances, rare attention has been 544

given to the optimization of MRAG systems, where 545

reasoning must integrate and synthesize heteroge- 546

neous modalities. Exsiting work (Geng et al., 2025; 547

Wu et al., 2025b; Narayan et al., 2025) employ a 548

end-to-end RL paradigm for VQA tasks, which 549

inadvertently restrict the MRAG backbone to rela- 550

tively small models (e.g., Qwen2.5-VL-7B). This 551

constraint imposes a substantial performance ceil- 552

ing, limiting the practical effectiveness of these 553

systems in real-world deployments. 554

8 Conclusion 555

We present M3Searcher, a lightweight and train- 556

able multimodal information seeker that decouples 557

retrieval from answer generation in MRAG sys- 558

tems. By focusing on adaptive, reasoning-intensive 559

search over heterogeneous sources, M3Searcher 560

preserves the reasoning capacity of downstream 561

generators while efficiently aggregating contex- 562

tually relevant evidence. Experiments on MM- 563

SearchVQA and real-world benchmarks demon- 564

strate strong performance and robustness across 565

different search engines and generators. 566
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Limitations567

We discuss several limitations of M3Searcher as568

follows. First, although M3Searcher adopts a mod-569

ular architecture, its effectiveness is inherently con-570

strained by the scale and diversity of the available571

tool set. Extending the agent to operate over a572

broader and more heterogeneous collection of real-573

world tools would substantially enlarge the action574

space and increase planning complexity. Second,575

while MMSearchVQA facilitates retrieval-centric576

multimodal training, the constructed queries are577

predominantly characterized by relatively long rea-578

soning trajectories compared to those in existing579

training corpora. More complex scenarios that re-580

quire substantially deeper multi-step search and581

decision-making processes remain underexplored.582

Extending the dataset construction pipeline there-583

fore represents an important direction for future584

research.585
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A Implementation Details 743

A.1 RAG 744

For the RAG baseline, we adopt the prompt de- 745

sign and processing pipeline proposed in (Wu et al., 746

2025b). Specifically, we first perform image re- 747

trieval using the Serper API, followed by query 748

refinement based on the image search context. The 749

refined query is then used to conduct a subsequent 750

text search, and the final response is generated us- 751

ing the combined information. It is worth noting 752

that our implementation differs slightly from (Wu 753

et al., 2025b) in that we do not utilize the Jina API 754

to fetch the full webpage content. 755

A.2 OmniSearch 756

For the OmniSearch baseline, we leverage the 757

publicly available implementation4 and adapt the 758

search tool interface to match our experimental 759

setup. Apart from this minor adjustment, we retain 760

the original workflow and prompt design to ensure 761

a fair comparison. 762

A.3 CogPlanner 763

For CogPlanner, we develop a multi-agent plan- 764

ning framework built upon the llama-index li- 765

brary5. This implementation integrates dynamic 766

query reformulation and retrieval strategy selec- 767

tion to facilitate efficient multimodal information 768

synthesis. 769

A.4 MMSearch-R1 770

We adopt two implementation strategies. First, we 771

build upon the publicly available codes6 and sub- 772

stitute the original image and text search compo- 773

nents with our custom-built tools. However, under 774

4https://github.com/Alibaba-NLP/OmniSearch
5https://github.com/run-llama/llama_index
6https://github.com/EvolvingLMMs-Lab/

multimodal-search-r1
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this setting, the model’s tool invocation frequency775

rapidly diminishes to nearly zero. To ensure a fair776

and stable evaluation, we additionally employ the777

released model checkpoint7 for our experiments.778

B Prompts779

Multimodal RAG Rollout

You are an expert in information seeking and
reasoning. You will be given a question with
a image. You need to collect information for
the question step by step.
Follow these instructions carefully:
1. If you need external knowledge, call search
tools.
2. Enclose your entire reasoning process
within <think> ... </think> tags.
3. If you find no further external knowledge
needed, stop the search process and call the
answer model tool.

780

Answer Reward

You are an expert evaluator. You will be
given:
- A question
- Several correct (golden) answer candidates
- My provided answer

Your task:
Strictly judge whether my answer is correct
compared to the golden answers.

Judgement rules:
1. The meaning of my answer **must
match** one of the golden answer candi-
dates.
2. Reject or fail to answer is wrong answer.

Output format:
<reason> The reason of judgement. <Judge-
ment> Yes or No.

Question: {question}
Golden Answer: {cand_ans}
My Answer: {gen}

781

7https://huggingface.co/lmms-lab/
MMSearch-R1-7B
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