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Abstract001

Conventional Retrieval-Augmented Genera-002
tion (RAG) systems often struggle with com-003
plex multi-hop queries over long documents004
due to their single-pass retrieval. We intro-005
duce MM-Doc-R1, a novel framework that006
employs an agentic, vision-aware workflow007
to address long document visual question an-008
swering through iterative information discov-009
ery and synthesis. To incentivize the informa-010
tion seeking capabilities of our agents, we pro-011
pose Similarity-based Policy Optimization012
(SPO), addressing baseline estimation bias013
in existing multi-turn reinforcement learning014
(RL) algorithms like GRPO. Our core insight015
is that in multi-turn RL, the more semantically016
similar two trajectories are, the more accu-017
rate their shared baseline estimation becomes.018
Leveraging this, SPO calculates a more pre-019
cise baseline by similarity-weighted averaging020
of rewards across multiple trajectories, unlike021
GRPO which inappropriately applies the ini-022
tial state’s baseline to all intermediate states.023
This provides a more stable and accurate learn-024
ing signal for our agents, leading to superior025
training performance that surpasses GRPO.026
Our experiments on the MMLongbench-Doc027
benchmark show that MM-Doc-R1 outper-028
forms previous baselines by 10.4%. Fur-029
thermore, SPO demonstrates superior perfor-030
mance over GRPO, boosting results by 5.0%031
with Qwen3-8B and 6.1% with Qwen3-4B.032
These results highlight the effectiveness of our033
integrated framework and novel training algo-034
rithm in advancing the state-of-the-art for com-035
plex, long-document visual question answer-036
ing.037

1 Introduction038

Long document visual question answering039

presents a challenging yet highly practical re-040

search problem, primarily due to the difficulty041

of effectively identifying and extracting salient042

information from lengthy, multi-page docu-043

ments (Van Landeghem et al., 2023; Appalaraju044
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Figure 1: Introduction to MM-Doc-R1. MM-Doc-
R1 employs a seeker for iterative key information re-
trieval within documents, leveraging a VLM (Visual
Language Model) as a reading tool to ensure accurate
processing of visual elements.

et al., 2021; Ma et al., 2024). Existing work is 045

always based on Retrieval-Augmented Generation 046

(RAG), where textual or visual content is encoded 047

into embeddings, and relevance is determined 048

by similarity scores with respect to the original 049

query (Peng et al., 2024; Lewis et al., 2020; 050

Han et al., 2025). These approaches typically 051

rely solely on the initial user query for retrieval, 052

which limits their effectiveness in handling multi- 053

hop questions that require iterative information 054

gathering across multiple document segments. 055

To address the limitations of existing models in 056

multi-turn information retrieval from documents, 057

we propose MM-Doc-R1, a novel framework that 058

integrates a vision-aware long document question 059

answering workflow with an end-to-end multi-turn 060

reinforcement learning algorithm. As illustrated 061

in Figure 1, our workflow comprises three spe- 062

cialized agents. First, a planner generates an ini- 063

tial information-seeking plan by parsing the docu- 064

ment’s table of contents. Following this, a seeker 065

acts as a tool-driven agent, performing multi-turn 066

information retrieval through iterative interactions 067

with the document to gather relevant evidence. 068

The seeker utilizes a “search” tool for text-based 069
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retrieval and a “read” tool, powered by a vision-070

language model (VLM), to extract visual details071

from specific pages. This iterative decomposition072

of sub-questions and strategic tool invocation en-073

ables the seeker to precisely access relevant pages074

and retrieve accurate information. Finally, the col-075

lated relevant information is fed into an answer076

agent to generate the ultimate response. To en-077

hance the agents’ information-seeking capabilities078

and refine their decision-making throughout this079

iterative workflow, we employ Multi-turn Rein-080

forcement Learning to train our agents.081

In multi-turn reinforcement learning,082

GRPO (Song et al., 2025a,b) is commonly083

employed. It operates by first generating a084

complete trajectory through rollout and then com-085

puting the advantage as the difference between086

the total accumulated reward and a baseline.087

However, GRPO estimates this baseline only088

from the initial state’s rollout, which is then in-089

appropriately applied to intermediate states. This090

introduces significant estimation bias in those091

intermediate steps. To tackle this problem, we are092

introducing SPO, a new multi-turn RL algorithm093

built on GRPO. Our core idea is this: the more094

semantically similar two trajectories are, the095

greater their overlap in intermediate states. This096

increased overlap directly leads to a more accurate097

baseline estimation. SPO capitalizes on this by098

weighting rewards based on trajectory similarity,099

yielding a more accurate and consistent baseline100

estimation. This enhanced baseline effectively101

reduces variance and guides the learning process102

toward more precise convergence, thereby signif-103

icantly boosting the agent’s information-seeking104

ability in multi-turn RL training.105

Extensive experiments on the MMLongbench-106

doc benchmark demonstrate that our method,107

MM-Doc-R1, outperforms previous RAG base-108

lines by 10.4%. Furthermore, our proposed SPO109

approach delivers substantial improvements over110

GRPO, yielding a 6.1% performance increase111

with Qwen3-4B and a 5.0% performance increase112

with Qwen3-8B. These results collectively under-113

score the superior capability of MM-Doc-R1 in114

handling complex long-document and visually-115

rich question answering tasks. Our key contribu-116

tions are summarized as follows:117

• We propose MM-Doc-R1, a novel end-to-118

end framework for long document visual119

question answering that integrates a vision-120

aware workflow with multi-turn reinforce- 121

ment learning. Our framework empowers 122

agents with iterative information discovery 123

and synthesis, which significantly boosts re- 124

trieval accuracy and ultimately improves an- 125

swering precision in complex document un- 126

derstanding. 127

• We introduce Similarity-based Policy Opti- 128

mization (SPO), a new reinforcement learn- 129

ing algorithm specifically developed to en- 130

hance agents’ information-seeking capabili- 131

ties within our framework. This approach 132

provides more stable and accurate baseline 133

estimates for agents in multi-turn settings, 134

thereby enabling faster learning convergence 135

and improved overall performance. 136

• We validate the effectiveness of MM-Doc- 137

R1 through extensive experiments. Our 138

approach consistently improves the perfor- 139

mance of Qwen3 models with 4B and 140

8B parameters across various subsets of 141

MMLongBench-Doc, achieving overall supe- 142

rior results compared to existing baselines. 143

2 Related Work 144

2.1 DocVQA Task 145

The Document Visual Question Answering 146

(DocVQA) task needs models to answer questions 147

by jointly reasoning over both textual and visual 148

information present in documents (Mishra et al., 149

2019; Suri et al., 2024; Gao et al., 2023). Vari- 150

ous approaches extract visual information from 151

figures as a means to process different modali- 152

ties (Memon et al., 2020; Wu et al., 2024). Early 153

research primarily concentrated on extracting 154

concise answers from single, short documents 155

(Mathew et al., 2021). However, with the ad- 156

vent of large language models, addressing QA 157

tasks involving multiple or lengthy documents 158

has become a significant challenge (Yu et al., 159

2024; Tanaka et al., 2025). Some benchmarks 160

like MMLongbench-Doc (Ma et al., 2024) and 161

LongDocURL (Deng et al., 2024) focus on the 162

long document question answering. One ap- 163

proach to tackle this involves employing Optical 164

Character Recognition (OCR) and text-based 165

retrieval to identify the most relevant document 166

chunks (Khattab and Zaharia, 2020; Zhang et al., 167

2024). Another method utilizes visual encoders 168
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Figure 2: Detailed framework of MM-Doc-R1. The framework operates in three sequential stages. First, the
planner module formulates a reasoning plan based on the preprocessed document TOC and the user query. Sub-
sequently, the information seeker executes a multi-turn retrieval and reading process, leveraging the “search" and
“read" tools to gather relevant information. Finally, the collected knowledge is integrated by the answer agent ,
which generates a coherent and contextually accurate response.

to obtain visual embeddings, which are then used169

for retrieval based on a query’s embedding; a170

recent example of this is ColPALI (Faysse et al.,171

2024). The embedding retrieval method proves172

to be a highly valuable tool, finding application173

in multi-agent systems. Consequently, several174

agentic approaches, such as M3docrag (Cho175

et al., 2024) and MDocagent (Han et al., 2025),176

have leveraged multi-agent systems to solve the177

DocVQA problem. These systems integrate text178

embedding-based RAG (Retrieval Augmented179

Generation) and image embedding-based RAG180

through different agents. By fostering cooperation181

between Vision-Language Models (VLMs) and182

Large Language Models (LLMs), these systems183

aim to achieve superior results in the DocVQA184

task.These methods primarily address single-hop185

questions. However, multi-hop questions neces-186

sitate a multi-turn approach and the generation187

of concise sub-queries. Our proposed method188

focuses on resolving this particular challenge.189

2.2 Retrieval-Augmented Generation190

RAG (Retrieval Augmented Generation) frame-191

works significantly enhance Large Language Mod-192

els (LLMs) by integrating external knowledge re- 193

trieval (Zhao et al., 2024; Jiang et al., 2023), 194

thereby enabling the generation of more factually 195

grounded responses (Han et al., 2023). While 196

traditional retrieval methods, such as BM25 and 197

dense retrievers like BGE-M3 (Chen et al., 2024), 198

excel at lexical or semantic matching, they of- 199

ten encounter limitations when tackling complex 200

multi-hop queries (Gao et al., 2023). Recent ad- 201

vancements have led to multi-modal extensions, 202

exemplified by models like ColQwen2.5, which 203

builds upon ColPALI (Faysse et al., 2024), that 204

incorporate visual features to enrich the retrieval 205

process. However, these models still face chal- 206

lenges in terms of iterative refinement for com- 207

plex question answering. Furthermore, some web 208

search retrieval methods, such as Search-R1 (Jin 209

et al., 2025) and Deepreasearcher (Zheng et al., 210

2025), employ multiple retrieval steps to address 211

long-context QA problems. Yet, these methods 212

primarily focus on the text modality and rely on 213

generic web search tools. In contrast, our pro- 214

posed method distinguishes itself by combining 215

both visual and text modalities through the inte- 216

gration of a specialized “visually-read" tool. This 217
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unique multimodal approach enables our method218

to address a broader range of problems within the219

visually-rich Question Answering (VQA) domain.220

2.3 Reinforcement Learning Algorithm221

The earliest and most widely adopted Rein-222

forcement Learning method for training Large223

Language Models is Proximal Policy Optimiza-224

tion (Schulman et al., 2017). PPO utilizes a225

critic model to estimate the baseline, which rep-226

resents the average reward of all possible actions227

in a given state. Recently, with the development228

of models like DeepSeek-R1 (Guo et al., 2025),229

Group Regularized Policy Optimization (GRPO,230

Shao et al. (2024)) is gaining increasing traction231

for training LLMs. Compared to PPO, GRPO es-232

timates the baseline using a group mean reward,233

thereby eliminating the need for a separate critic234

model. This can lead to significant savings in235

computational resources and memory. Other meth-236

ods, such as REINFORCE++ (Hu, 2025), also pro-237

pose alternative baseline estimations, like using238

the batch mean reward. This trend highlights on-239

going research into more efficient and stable RL240

algorithms for LLM alignment.241

3 Method242

In this section, we present the core components of243

our proposed MM-Doc-R1 framework. First, we244

design an autonomous, structured agentic work-245

flow to flexibly process multi-page documents.246

This workflow consists of three key agents: a plan-247

ner, a seeker, and an answer agent. This design248

allows our agents to iteratively search for crucial249

information within documents. Secondly, we in-250

troduce an innovative reinforcement learning algo-251

rithm called Similarity-based Policy Optimization252

(SPO). We use SPO to train our agents from253

scratch, and this training method significantly en-254

hances our agents’ information-seeking capabili-255

ties, empowering them to efficiently locate key in-256

formation in documents. Our workflow is illus-257

trated in Figure 2.258

3.1 Agentic Workflow259

To accurately and comprehensively respond to260

complex questions that necessitate integrating in-261

formation from diverse sources or performing262

multi-step reasoning, our agent adheres to a metic-263

ulously structured workflow. This sequential yet264

iterative process not only mimics human cognitive265

approaches to problem-solving but also endows266

the model with dynamic planning and essential 267

self-correction capabilities. The entire workflow 268

unfolds across five distinct, interconnected phases. 269

3.1.1 Document Parsing 270

When a document is received, we first use the 271

OCR tool Doc2X1 to parse it, extracting tables, 272

figures, and text into Markdown format. After we 273

get the OCR output, we create a table of contents 274

(TOC) by the markdown text, providing a main ab- 275

stract of the document. Subsequently, the docu- 276

ment is chunked by pages. This process generates 277

both a TOC and a list of chunks. Each chunk is 278

derived from an OCR result and includes a corre- 279

sponding image, which is a screenshot of the rele- 280

vant page. 281

3.1.2 Initial Planning 282

Following document parsing, a planning agent is 283

employed to formulate a global strategy. Its in- 284

puts include the TOC and detected figures’ cap- 285

tion. The planner is responsible for breaking down 286

the initial query into granular sub-queries and or- 287

chestrating the selection of necessary tools. This 288

global perspective, integrated into the seeker’s 289

history, critically informs and guides the agent’s 290

decision-making process. 291

3.1.3 Toolbox 292

Our agent is equipped with two specialized tools 293

to handle multi-modal documents. The “read" tool 294

takes a page ID and a sub-query, using a Vision- 295

Language Model (VLM) to extract and interpret 296

relevant text, charts, and images from the speci- 297

fied page. This enhances our framework’s ability 298

to process visual information, enabling more ac- 299

curate understanding and reasoning of multimodal 300

content within documents. The “search" tool uses 301

BM25 with a sub-query to perform fast, keyword- 302

based retrieval across the document, returning the 303

Top-K most relevant text snippets. BM25 is cho- 304

sen for its efficiency and effectiveness in rapid in- 305

formation lookup. 306

3.1.4 Self-Refine & Information Seeking 307

This phase forms the core iterative loop of MM- 308

Doc-R1. The agent dynamically decomposes 309

the complex question into executable sub-queries 310

and, in each iteration, selects and invokes appro- 311

priate Tools (read or search) to retrieve needed 312

information. It generates a sub-query, chooses a 313

1https://github.com/NoEdgeAI/pdfdeal
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Figure 3: SPO and GRPO’s advantage estimation, bottom is the baseline computation of SPO and GRPO

tool, executes it with parameters, and analyzes the314

output. If the sub-query remains unresolved, the315

agent refines its plan and iterates. This process316

enables adaptive, step-by-step reasoning through317

complex document queries.318

3.1.5 Answer Generation319

After gathering sufficient information, the agent320

enters the answer generation phase. It synthe-321

sizes all retrieved contextincluding tool outputs322

and OCR textenabling the LLM to reason over the323

evidence and produce a final, accurate, and coher-324

ent answer that fully addresses the original query.325

3.2 Training Method: Similarity-based326

Policy Optimization (SPO)327

To enable our agent to learn optimal strate-328

gies for tool invocation, sub-query decomposi-329

tion, and overall workflow navigation, we propose330

a novel reinforcement learning algorithm called331

Similarity-based Policy Optimization (SPO). SPO332

serves as a significant enhancement to existing pol-333

icy optimization techniques, particularly improv-334

ing upon the GRPO algorithm by providing a335

more precise and stable learning signal for agen-336

tic decision-making. Figure 3 shows the different337

between spo and grpo.338

3.2.1 Group Relative Policy Optimization339

GRPO is an popular algorithm proposed by340

deepseek, it is an improve of ppo, the loss func-341

tion of grpo is342

JGRPO(θ) = Eq,o1:G

[
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

min
(
rt(θ)Âi,t,

clip(rt(θ), 1− ε, 1 + ε)Âi,t

)
− βDKL[πθ∥πref]

]
(1) 343

where rt(θ) =
πθ(oi,t|q,oi,<t)
πθold (oi,t|q,oi,<t)

is the importance 344

sampling ratio, Âi,t is the advantage estimate, ε 345

is the clipping threshold, and β controls the KL 346

regularization strength. 347

In multi-turn RL, GRPO calculates the advan- 348

tage by comparing the reward of the current gen- 349

erated policy (Ti) with the average reward of all 350

policies within the batch. The advantage function 351

for GRPO is given by: 352

AGRPO(Ti) = R(Ti)−
1

N

N∑
j=1

R(Tj) (2) 353

Here, R(Ti) represents the reward obtained for 354

the current trajectory Ti, and N is the total number 355

of trajectory in the current group. Note that in a 356

multi-turn reinforcement learning training process, 357

the entire response in the same trajectory receives 358

the same reward. 359

In traditional single-turn or fixed-environment 360

RL settings, it’s typically assumed that all re- 361

sponses within a group share the same initial con- 362
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ditions, often referred to as the “prompt". How-363

ever, this fundamental assumption becomes prob-364

lematic in multi-turn RL training. As training365

progresses across multiple interaction rounds, the366

diversity among individual trajectories rapidly in-367

creases. This divergence means that even within368

the same group, two trajectories can evolve under369

significantly different intermediate states or con-370

texts. Consequently, one cannot directly assume371

that the rewards derived from these disparate tra-372

jectories are directly comparable, as their underly-373

ing conditions are no longer uniform.374

3.2.2 Similarity-based Policy Optimization375

In multi-turn reinforcement learning, a trajectory376

is typically modeled as a sequence of states and377

actions:378

s0 → a0 → s1 → a1 → · · · → sT → aT , (3)379

where st denotes the state (eg. prompt and the en-380

vironment feedback) at step t, and at is the agent’s381

response. In GRPO, n trajectories are sampled382

in parallel from the same initial state s0, and a383

shared baseline V (s0) is used for advantage esti-384

mation. While computationally efficient, this ap-385

proach assumes that all trajectories remain seman-386

tically aligned throughout the interaction, which387

is an assumption that quickly breaks down as re-388

sponses diverge over turns.389

As dialogue progresses, even trajectories start-390

ing from the same prompt can evolve into signifi-391

cantly different contexts due to stochastic genera-392

tion and feedback dynamics. Consequently, their393

value estimates V (st) become increasingly hetero-394

geneous. Using a single baseline derived from s0395

introduces high bias in advantage estimation, es-396

pecially for later turns, leading to unstable policy397

updates.398

To address this, we propose Similarity-based399

Policy Optimization (SPO), which replaces the400

uniform baseline with a semantically weighted av-401

erage over rewards in the batch. The key insight is402

that trajectories with similar semantic content are403

more likely to share underlying value structures404

and thus should serve as better baselines for one405

another.406

The advantage in SPO is defined as:407

wij =
similarity(emb(Ti), emb(Tj))∑N
k=1 similarity(emb(Ti), emb(Tk))

, (4)408

Here, emb(T ) denotes the dense vector representa-409

tion of trajectory T , computed using the BGE-M3410

model (Chen et al., 2024), which is frozen during 411

training. The similarity function computes the co- 412

sine similarity between embeddings. 413

By constructing a dynamic, content-aware base- 414

line, SPO reduces estimation variance and miti- 415

gates bias caused by trajectory divergence. It ef- 416

fectively prioritizes comparisons within semanti- 417

cally coherent groups, yielding more accurate ad- 418

vantages and stabler learning, particularly in long- 419

horizon, multi-turn settings where traditional base- 420

lines fail. 421

3.2.3 Reward Function Design 422

We employ a comprehensive set of metrics to eval- 423

uate the performance of all models, reflecting both 424

answer accuracy and the ability to correctly iden- 425

tify unanswerable questions. Our primary reward 426

signal for reinforcement learning is the Final Re- 427

ward, calculated by summing the read page Re- 428

call and a Correctness Score for the final answer. 429

The Final Reward is defined as: 430

Final Reward = Recall + Correctness Score 431

The read page Recall measures how effectively the 432

system directs the agent to relevant pages contain- 433

ing the answer, defined as: 434

Recall =
|set(read pages) ∩ set(evidence pages)|

|set(evidence pages)|
435

The Correctness Score for the final answer is deter- 436

mined by following the answer judgment method- 437

ology from MMlongbench-doc (Ma et al., 2024), 438

specifically, we leverage Qwen2.5-72B-Instruct 439

to extract a precise answer, and then perform a 440

matching calculation against the ground-truth an- 441

swer to derive this score. 442

4 Experiments 443

This section details the experimental setup, evalu- 444

ation metrics, and comprehensive results demon- 445

strating the efficacy of our proposed MM-Doc-R1 446

framework, particularly highlighting the perfor- 447

mance gains achieved through our RL algorithm 448

SPO. 449

4.1 Experimental Setup 450

The MMLongbench-Doc dataset serves as our pri- 451

mary benchmark for evaluating multi-modal long 452

document question answering. This dataset fea- 453

tures complex documents requiring multi-step rea- 454

soning and spans various content types. For RL 455
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Evidence Modality Evidence Count Overall
Method Text Layout Chart Table Figure Single Multi Unans. ACC F1

Human Performance

Human — — — — — — — — 65.8 66.0

Upper Bounds (Ground-Truth Evidence)

Qwen2.5-VL-7B 33.8 38.7 31.8 32.3 34.1 46.6 20.5 92.8 46.8 41.7
Qwen3-8B 44.3 37.7 25.7 59.3 22.8 42.7 35.7 89.2 49.6 46.9

RAG Baselines

BM25 30.9 23.4 22.3 28.5 9.2 30.7 14.1 88.3 36.4 31.0
BGE-M3 32.0 20.8 21.7 40.3 14.7 35.4 18.5 84.3 39.3 34.8
Colqwen 27.8 25.0 16.5 22.4 23.7 33.9 13.7 82.5 36.5 31.2
Mdoc agent 33.1 29.3 25.8 32.6 30.0 43.7 18.4 43.4 35.0 33.3
M3doc RAG 39.2 26.7 29.8 39.0 32.0 50.3 21.2 40.7 38.4 36.7

Ours: MM-Doc-R1

Qwen3-4B 28.9 23.8 23.1 35.3 22.4 37.1 18.6 72.2 37.7 32.2
+GRPO 36.3 35.2 29.5 40.2 27.1 44.5 22.5 58.7 39.9 36.3
+SPO 41.1 37.2 35.6 47.2 30.5 50.5 27.5 68.0 46.0 41.2

Qwen3-8B 39.6 37.6 37.8 45.6 27.3 47.3 27.5 73.9 45.7 41.5
+GRPO 40.9 36.8 35.7 49.9 28.3 48.5 30.2 60.5 44.7 41.9
+SPO 46.2 38.1 40.8 52.8 35.9 56.0 31.2 68.2 49.7 46.1

Table 1: Performance comparison on the MMLongBench-Doc dataset (1082 questions). The evaluation includes
text-based RAG methods (BM25, BGE-M3), multi-modal RAG (ColQwen2.5-7B-multilingual), and agent-based
systems (Mdoc Agent, M3doc RAG). Text-based methods use the top-4 retrieved pages and Qwen3-8B for answer
generation. Multi-modal RAG uses the top-4 retrieved image pages and Qwen2.5-VL-7B. Agent-based methods
operate over the top-5 retrieved pages, we use Qwen2.5-VL-7B as the VLM and Qwen3-8B as the LLM. Metrics
include overall Accuracy (ACC) and F1, as well as performance on sub-categories by evidence modality (Text,
Layout, Chart, Table, Figure), number of required evidences (Single, Multi), and unanswerable questions. Best
scores among baselines and our methods are marked in bold, second-best in underline, considering only “RAG
Baselines", and “Ours MM-Doc-R1" sections.

training, we use a subset of 300 samples from456

LongDocURL as the validation set, and the re-457

maining data as the training set.458

4.2 Results and Discussion459

Our experimental results, summarized in Table 1,460

clearly demonstrate the superior performance of461

MM-Doc-R1, particularly when trained with SPO,462

across various dimensions of the MMLongBench-463

Doc benchmark. As shown in the table, even464

in its untrained form, MM-Doc-R1 with Qwen3-465

8B achieves an overall Accuracy (ACC) that466

surpasses the current state-of-the-art baseline by467

10.4%. In single-evidence questionswhere the468

answer can be derived from a single retrieved469

pageour method outperforms the best existing470

approach by 5.7%. More notably, on multi-471

evidence questions that require information inte-472

gration across multiple pages and often involve473

multi-hop reasoning, MM-Doc-R1 achieves a gain474

of 10.0%, highlighting its strong capability in han-475

dling complex, long-context reasoning tasks. Fur-476

thermore, our framework consistently achieves top477

performance across all evidence modalities, in-478

cluding Text, Layout, Chart, Table, and Figure, 479

demonstrating its robustness and effectiveness in 480

processing heterogeneous multi-modal document 481

content. 482

In terms of reinforcement learning, SPO ex- 483

hibits clear advantages over GRPO. When applied 484

to the Qwen3-4B model, SPO improves overall ac- 485

curacy by 6.1% compared to GRPO; on Qwen3- 486

8B, the improvement reaches 5.0%. This con- 487

sistent gain confirms the effectiveness of our se- 488

mantic similarity-based advantage estimation in 489

mitigating the bias introduced by trajectory diver- 490

gence in multi-turn dialogue settings. As illus- 491

trated in Figure 4, SPO not only achieves higher 492

final performance but also demonstrates more sta- 493

ble and faster convergence during training. These 494

results validate our hypothesis that leveraging se- 495

mantically aligned trajectories as dynamic base- 496

lines leads to more accurate policy updates, es- 497

pecially in long-horizon, multi-step reasoning sce- 498

narios. 499
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Figure 4: Comparison of SPO and GRPO in Training, the base model in this figure is qwen3-8B.

Table 2: Ablation study of MM-Doc-R1 components
on MMLongBench-Doc, using Qwen3-8B. All metrics
are in %.

Model ACC F1 Unanswerable

MM-Doc-R1 (Qwen3-8B) 45.7 41.5 73.9

w/o TOC 44.3 39.9 73.5
w/o Read pages OCR 43.4 38.7 74.7
w/o VLM Read 42.1 37.3 81.6

4.3 Comparison of RL Training methods500

Figure 4 compares the performance of GRPO and501

SPO during reinforcement learning (RL) training.502

SPO consistently outperforms GRPO in both read503

reward and total reward, demonstrating a higher504

performance ceiling due to its more precise base-505

line estimation. Furthermore, SPO exhibits a506

faster decrease in entropy loss, indicating quicker507

convergence. Importantly, SPO also maintains a508

higher average number of interaction rounds (i.e.,509

multi-turn rollouts) with the environment, which510

is a desirable characteristic for effective multi-511

turn RL training, promoting more comprehensive512

agent-environment interaction.513

4.4 Ablation study514

In order to assess the individual contributions515

of each component within MM-Doc-R1, we con-516

ducted an ablation study, summarized in Table 2.517

The removal of any component consistently led to518

a degradation in performance, underscoring the vi-519

tal role of the table of contents (TOC), page OCR520

reading, and VLM reading modules in enhancing521

the model’s overall efficacy. These findings collec-522

tively emphasize the synergistic effectiveness of523

all components within MM-Doc-R1.524

4.5 Recall Analysis525

Table 3 presents the Recall performance of various526

models. Our MM-Doc-R1 framework achieves a527

recall of 66.3% when just read 3.35 pages, signif- 528

icantly outperforming traditional BM25 (42.0%), 529

embedding-based BGE-M3 (51.3%), and multi- 530

modal Colqwen-2.5-VL-7B (65.4%). Notably, 531

MM-Doc-R1 achieves this highest recall while re- 532

quiring an average of just 3.35 pages read, under- 533

scoring the effectiveness of its integrated agentic 534

framework. This superior recall ensures the agent 535

accesses more relevant evidence, crucial for accu- 536

rate question answering in multi-modal contexts.

Table 3: Recall Performance

Model average pages Recall

BM25 5 42.0
BGE-M3 5 51.3
Colqwen-2.5-VL-7B 5 65.4

MM-Doc-R1(SPO) 3.35 66.3

537

5 Conclusion 538

We presented MM-Doc-R1, addressing the limi- 539

tations of single-pass RAG in long-document vi- 540

sual QA through an iterative, agentic workflow. 541

Central to our framework is Similarity-based Pol- 542

icy Optimization (SPO), which mitigates base- 543

line estimation bias in multi-turn RL by leveraging 544

semantic trajectory similarity for precise reward 545

averaging. Our experiments on MMLongbench- 546

Doc demonstrate that MM-Doc-R1 outperforms 547

prior baselines by 10.4%, with SPO significantly 548

surpassing standard GRPO across multiple model 549

scales. These results validate that integrating 550

vision-aware reasoning with trajectory-informed 551

RL effectively advances the state-of-the-art for 552

complex, multimodal information discovery. 553
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6 Limitations554

While MM-Doc-R1 and the SPO algorithm555

demonstrate substantial improvements in long-556

document visual reasoning, several inherent limi-557

tations should be noted.558

First, the effectiveness of our framework is par-559

tially dependent on the quality of initial docu-560

ment parsing. Although MM-Doc-R1 employs a561

robust seeker to navigate content, its planning and562

retrieval efficiency still rely on the fidelity of the563

structural metadata (such as the Table of Contents)564

and the OCR accuracy of the ingestion engine. In565

scenarios where documents are severely degraded566

or lack standard hierarchical formatting, the per-567

formance may be constrained by the noise intro-568

duced during the pre-processing stage.569

Second, our current study primarily focuses on570

understanding static documents. The proposed571

multi-turn workflow and reinforcement learning572

strategy are optimized for fixed document formats573

like PDFs and high-resolution images. However,574

real-world digital documents can be dynamic or575

semi-structured (e.g., interactive reports or web-576

based content). The adaptation of the agentic577

seeker to environments where document content578

or layouts might dynamically evolve during inter-579

action remains an area for future exploration.580

Finally, while SPO effectively reduces base-581

line estimation bias, its current validation is cen-582

tered on English-centric benchmarks. The cross-583

lingual robustness and generalizability of the584

seeker across diverse linguistic structures have yet585

to be extensively investigated.586
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A Appendix756

A.1 Evaluation Metrics757

We adopt the exact same evaluation protocol as758

MMLongBench-Doc (Ma et al., 2024). We re-759

port the overall F1 score (F1) and the overall760

accuracy (ACC). To assess modality-specific per-761

formance, we break down accuracy by content762

type —-Text, Layout, Chart, Table, and Figure —763

-reflecting the diverse modalities present in long764

documents. Questions are further categorized by765

the number of evidences required: Single Evi-766

dence and Multi Evidence, to evaluate reason-767

ing capabilities in simple versus complex scenar-768

ios. Additionally, we measure Unanswerable Ac-769

curacy, i.e., the percentage of questions correctly770

identified as unanswerable, which is crucial for771

assessing the robustness of QA systems in real-772

world settings.773

A.2 Baselines774

To rigorously evaluate MM-Doc-R1, we compare775

it against a comprehensive set of state-of-the-art776

RAG and agent-based baselines across different777

paradigms. All text-based methods use Qwen3-8B778

to generate answer, and multi-modal methods use779

Qwen2.5-VL-7B.780

For text-based RAG methods, we include BM25781

and BGE-M3. BM25 is a classical sparse retrieval782

approach using keyword matching. BGE-M3 is a783

dense retrieval method that leverages semantic em-784

beddings for document retrieval. Since the origi-785

nal PDFs are image-based, we apply Doc2X for786

high-fidelity OCR to extract textual content before787

indexing. The top-4 retrieved pages are used as ev-788

idence for answer generation.789

For multi-modal RAG, we evaluate790

ColQwen2.5-7b-multilingual, which retrieves791

relevant document pages using vision-language792

understanding and performs end-to-end answer793

generation from images. This method uses794

the top-4 retrieved pages as input to maximize795

coverage of visual and structural content.796

We also compare against recent agent-based797

document QA systems: Mdoc Agent (Han et al.,798

2025) and M3doc RAG (Cho et al., 2024). Both799

systems operate over the top-5 retrieved pages to800

ensure consistent input scope.801

All methods use the same candidate evidence802

pool and are evaluated under consistent metrics to803

ensure fair comparison.804

A.3 Implementation Details 805

Our framework is implemented using the Qwen3- 806

8B and Qwen3-4B Large Language Models as the 807

core agent orchestrator. The read tool incorpo- 808

rates Qwen2.5-7B-VL, a Vision-Language Model 809

(VLM) designed for multi-modal content extrac- 810

tion, which is employed in a zero-shot manner 811

(i.e., without additional training). The search tool 812

utilizes the BM25 algorithm for text retrieval, re- 813

turning the top 10 most relevant pages for each 814

query. The final input to the answer model con- 815

sists of a short snippet from the search result and 816

the detailed context from the read result, where the 817

search content occupies only a minimal portion of 818

the overall context and is not fed in full. For rein- 819

forcement learning training, we specifically eval- 820

uate two policy optimization algorithms: GRPO 821

and our proposed SPO. Both GRPO and SPO are 822

trained under the same settings, except for the ad- 823

vantage estimation method. 824

We employ the verl framework as our reinforce- 825

ment learning (RL) backbone. Within this frame- 826

work, we apply a custom patch to the advantage 827

computation function to accommodate our pro- 828

posed algorithmic enhancements. 829

For training infrastructure, we utilize a dis- 830

tributed setup powered by 8 NVIDIA H100 831

GPUs. The system leverages a hybrid of data and 832

model parallelism to support the efficient training 833

of large-scale policy models (e.g., Transformer- 834

based architectures). All computations are accel- 835

erated via CUDA, and Automatic Mixed Precision 836

(AMP) is employed to significantly enhance train- 837

ing throughput while maintaining numerical stabil- 838

ity. 839

Our implementation is built upon the GRPO al- 840

gorithm, with key modifications to the advantage 841

computation and update dynamics. The primary 842

hyperparameters are configured as follows: 843

- Rollout length: Set to 4, meaning 4 steps 844

of environment interaction are collected per pol- 845

icy sampling cycle before performing value esti- 846

mation and policy update. This balances training 847

stability with timely feedback. 848

- Batch size: Set to 4, indicating the number 849

of complete rollout trajectories used in each pol- 850

icy update. Given that each rollout contains multi- 851

ple time steps, the effective number of state-action 852

pairs per update is 4× 4 = 16. 853

- Temperature: Set to 0.8, which controls 854

the level of exploration in the policy distribu- 855
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tion. A lower temperature encourages more deter-856

ministic outputs, promoting convergence on high-857

confidence actions while preserving moderate ex-858

ploration.859

- Learning rate: The policy network is trained860

with a learning rate of 5e-7 (5 × 10−7), using the861

Adam optimizer. This conservative learning rate is862

chosen to accommodate the high-dimensional pa-863

rameter space and high-precision gradient compu-864

tation enabled by the H100 GPUs, helping to pre-865

vent policy collapse.866

- KL coefficient: Set to 0.005, serving as a reg-867

ularization term to constrain the KullbackLeibler868

(KL) divergence between the old and new poli-869

cies during updates. This prevents excessive pol-870

icy shifts and enhances training robustness.871

A.4 BM25 Topk choose872

Figure 5: Performance with BM25 topk

Figure 5 presents the impact of varying the873

top-k parameter on the performance of MM-Doc-874

R1.Performance across all metrics generally im-875

proves with increasing values of parameter k.876

However, substantial gains are primarily observed877

when k < 10. For k > 10, the rate of improve-878

ment slows, and performance may even decline,879

attributable to the increased context length poten-880

tially diluting relevant information. Consequently,881

k = 10 was selected as our experimental setting.882

A.5 Prompt883

Listing 1: Prompt for Planner
884

You are an expert in **long document analysis**885
and **information retrieval planning**,886
capable of designing systematic and887
efficient exploration strategies using888
multiple types of clues.889

890
Your task:891
Based on the user's query, the document's table892

of contents (TOC) and the document's list of893
figures, create an **initial research plan894

** that is goal-oriented and progresses step 895
by step, helping downstream modules 896
efficiently understand and extract 897
information from the document. 898

899
You may use the following tools in your planning: 900

901
(1) Search Tool: Input keywords to search for 902

relevant content in the document. It returns 903
page IDs that contain those keywords. You 904
can search multiple keywords at once. 905

(2) Read Page: Read up to 5 pages of the 906
document and prepare the content for 907
analysis. 908

909
Notes: 910
- Your plan should not exceed 10 steps. Keep the 911

logic clear and progressive. 912
913
914

Please output the initial plan in the following 915
format: 916

<output_format> 917
Here is my proposed initial plan. 918
(1) ... 919
(2) ... 920
(3) ... 921
(4) ... 922
(5) ... 923
(6) ... 924
... 925
</output_format> 926

927
{example} 928

929
<input> 930
- Query: {query} 931
- document'd table of contents: 932
<document_toc> 933
{document_toc} 934
</document_toc> 935
<list_of_figures> 936
{list_of_figures} 937
</list_of_figures> 938
</input> 939940

Listing 2: Prompt for Seeker
941

You are performing a step-by-step task of 942
information extraction and understanding. 943
Based on the current query goal and the 944
steps already taken (plan_done), you need to 945
: 946

947
(1) First, explain your reasoning process, 948

including: 949
- What information is still missing or unclear? 950
- What is the next key issue or sub-goal to 951

address? 952
- Which tools can help fill in this gap? Do you 953

need a combination of text and visual 954
content? 955

956
(2) Then, based on the above analysis, decide on 957

the next tool invocation(s). 958
959

You can use the following tools. In each step, 960
you may choose a reasonable number of 961
queries: 962

963
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---964
965

**(1) Search Tool**: Search whether certain966
keywords or topics appear in the document.967
Returns brief summaries of the pages where968
matches are found.969

Format:970
```tool_code971
<search>["keyword1", "keyword2"]</search>972
````973

974
**(2) Read Page**: Read the content of specified975

pages. Returns a summary relevant to your976
query.977

You may read up to 3 pages at a time. Clearly978
state your intent for using this tool.979

Format:980
981

```tool_code982
<read>983
[{{984

"page_ids": [4, 5, 8],985
"query": "sub_query1"986

}}, {{987
"page_ids": [13, 19, 20],988
"query": "sub_query2"989

}}]990
</read>991
```992

993
**(3) Termination Marker**: When you determine994

that enough information has been gathered995
and the task can end, return:996

997
```tool_code998
<FINISH>999
```1000

1001
Special Notes:1002

1003
* Each step must be concise, strategic, and1004

limited to one tool only.1005
* You are encouraged to demonstrate **structured,1006

progressive strategic thinking**.1007
1008

{example}1009
1010

Query:1011
{query}1012

1013
Steps already taken:1014
{plan_done}1015

1016
Your reasoning and next-step plan:10171018

Listing 3: Prompt for reader
1019

You are a professional page summary expert. Your1020
task is to extract key information about1021

the origin query and sub query from given1022
pages.1023

1024
Your input consists of:1025
1. An origin query1026
2. A sub query1027

1028
#### Instructions1029
1. First, extract all visual elements:1030

- Tables1031
- Figures1032

- Charts 1033
- Images 1034
- Text content 1035

1036
2. Then, identify information relevant to: 1037

- Origin Query 1038
- Sub Query 1039

1040
3. Format your output as: 1041

- Visual Elements Summary 1042
- Query-Relevant Information (text and visual 1043

elements) 1044
- Key Findings 1045

1046
#### Important Notes 1047
- Base your analysis strictly on the provided 1048

images 1049
- Do not make assumptions or add information 1050

beyond what is shown 1051
- If required information is missing, clearly 1052

state: "Cannot answer due to insufficient 1053
data" 1054

- The sub query is the most recent and relevant 1055
query, while the origin query is the earlier 1056
context query 1057

1058
Input: 1059

1060
Origin Query: 1061
{origin_query} 1062

1063
Sub Query: 1064
{sub_query} 1065

1066
Image of Pages: 10671068

Listing 4: Prompt for answer
1069

Please answer the question using only the 1070
available information. Do not fabricate or 1071
assume any details beyond what has been 1072
provided. 1073

If the necessary information is not available, 1074
clearly state that you cannot answer the 1075
question due to lack of relevant data. 1076

question:{origin_query} 1077
Related Information:{past_information} 10781079

A.6 Use of AI 1080

We utilized generative AI tools, specifically [Tool 1081

Name, e.g., Gemini], to assist in refining the 1082

manuscript’s language and optimizing the struc- 1083

ture of our source code. We used these tools to im- 1084

prove clarity and coding efficiency; however, we 1085

reviewed and edited all outputs to ensure technical 1086

accuracy. We take full responsibility for the final 1087

content of the manuscript and the integrity of the 1088

implemented code. 1089
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