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Abstract001

While Vision–language models (VLMs) inter-002
pret text-rich images effectively, they struggle003
with reasoning across long, multi-page docu-004
ments. We present Active Long-DocumEnt005
Navigation (ALDEN), a multi-turn reinforce-006
ment learning framework that fine-tunes VLMs007
as interactive agents capable of actively nav-008
igating long, visually rich documents rather009
than passive readers. ALDEN features a novel010
fetch action that allows direct page indexing,011
complementing the classic search action and012
better exploiting document structure. To ensure013
training efficiency and stability, we introduce a014
rule-based cross-level reward for dense super-015
vision and a visual-semantic anchoring mech-016
anism utilizing dual-path KL-divergence con-017
straints. We train ALDEN on a curated corpus018
built from open-source datasets where trivial019
samples are filtered, and queries are rewritten020
to incentivize multi-turn navigation and fetch021
usage. Empirically, ALDEN achieves state-of-022
the-art results on five long-document bench-023
marks, offering a more accurate and efficient024
path for long-document understanding.025

1 Introduction026

Visually rich documents (VRDs) are fundamental027

to real-world knowledge storage, as they combine028

text, tables, and figures within complex, semanti-029

cally structured layouts. Unlike plain text, under-030

standing VRDs requires joint reasoning over both031

textual and visual content and structural organi-032

zation. This has given rise to the task of visually033

rich document understanding (VRDU) (Wang et al.,034

2023; Ding et al., 2022) which aims to automate035

analysis and question answering across these multi-036

modal formats, underpinning critical tasks such as037

scientific multi-modal question answering (Liang038

et al., 2024) and key information extraction from039

business documents (Rombach and Fettke, 2024).040

While vision-language models (VLMs) excel on041

single-page or short documents analysis (Xie et al.,042

2024; Lv et al., 2023; Hu et al., 2024), they struggle 043

with long documents where full-context processing 044

is computationally prohibitive and noisy (Cho et al., 045

2024). Current solutions typically adopt Retrieval- 046

Augmented Generation (RAG) pipelines (Cho et al., 047

2024; Chen et al., 2025a), utilizing retrievers to se- 048

lect query-relevant pages (Faysse et al., 2025) and 049

prompting VLMs to perform fixed subtasks like 050

query reformulation, retrieved content summariza- 051

tion, or final answer synthesis (Han et al., 2025; 052

Wang et al., 2025b). While effective, these systems 053

rely on static reasoning patterns and rigid work- 054

flows, limiting their ability to generalize or adapt 055

strategies to diverse user queries. This motivates a 056

shift toward the Agentic VRDU (A-VRDU) task, 057

which requires the model to act as an agent that can 058

actively navigate and reason over long documents 059

to deliver accurate and adaptive question answering 060

beyond fixed RAG pipelines. 061

Recent studies (Chen et al., 2025b; Jin et al., 062

2025; Song et al., 2025) show that modeling search 063

as an action and optimizing the workflow with 064

outcome-based reinforcement learning (RL) yields 065

more generalizable agents capable of active infor- 066

mation gathering. While promising for A-VRDU, 067

adapting this framework to VLMs presents unique 068

challenges. Standard semantic retrieval lacks the 069

precision for queries referencing specific pages 070

or requiring reasoning across consecutive pages. 071

Moreover, document-level information gathering 072

typically demands multi-turn interaction, where 073

sparse and delayed outcome-based rewards fail to 074

reinforce helpful intermediate steps or discourage 075

redundant actions (Li et al.). A further challenge 076

arises from the high-dimensional visual inputs. We 077

empirically observe that fully masking the visual to- 078

kens when computing the policy gradient, as done 079

in existing approaches (Jin et al., 2025; Song et al., 080

2025), leads to unstable training dynamics and can 081

even cause collapse. 082

These limitations motivate our framework, 083
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Figure 1: Overview of the rollout process. At each turn: (1) the VLM generates a response conditioned on the
dialogue history; (2) the response is parsed into an action (search, fetch, or answer); (3) the action is executed,
where search or fetch collect document pages and answer terminates the process; and (4) the cross-level reward
function assigns rewards based on execution outcomes and parsing results. ⊕ denotes the concatenation operation.

Active Long-DocumEnt Navigation (ALDEN), a084

multi-turn RL framework that trains VLMs as inter-085

active agents for navigation in long, visually-rich086

documents. The overall reasoning-action rollout087

of ALDEN is illustrated in Fig. 1. We expand the088

action space with the fetch action, enabling direct089

page access to complement search-based retrieval090

and efficiently handle diverse queries. To overcome091

sparse rewards, we incorporate a cross-level reward092

function, which integrates rule-based turn-level su-093

pervision with a token-level repetition penalty to094

provide fine-grained process supervision, encourag-095

ing informative evidence collection while discour-096

aging redundant action invoking. Finally, we in-097

corporate a visual semantic anchoring mechanism,098

which constrains the hidden states of generated and099

visual tokens separately during training to preserve100

the grounding of visual-token representations and101

improve overall training robustness.102

To train ALDEN, we curate a corpus of 30k103

samples from DUDE (Van Landeghem et al.,104

2023), MPDocVQA (Tito et al., 2023a), and Slide-105

VQA (Tanaka et al., 2023a), where we filter trivial106

documents and rewrite the user queries through107

LLMs to incentivize multi-turn navigation and108

the use of fetch actions. Experimental results109

across five benchmarks demonstrate that ALDEN110

achieves state-of-the-art performance, significantly111

outperforming strong baselines. Overall, A-VRDU112

marks a departure from passive processing toward113

autonomous navigation, and ALDEN ’s perfor-114

mance validates this scalable framework for robust115

document understanding.116

Overall, our main contribution can be summa-117

rized as follows: 118

• We propose the agentic visually-rich document 119

understanding (A-VRDU) task that aims to de- 120

velop agents that can actively navigate and reason 121

over long visually rich documents. 122

• To perform the A-VRDU task, we introduce 123

ALDEN, a multi-turn RL framework with three 124

key components: an expanded action space fea- 125

turing a novel fetch action, a cross-level reward 126

function, and a visual semantic anchoring mech- 127

anism, which together enable efficient and robust 128

training. 129

• We construct a training corpus for training the 130

A-VRDU agent and conduct extensive experi- 131

ments on five commonly used VRDU bench- 132

marks, showing that ALDEN significantly out- 133

performs the strongest baseline, improving the 134

answer accuracy by 9.14% on average. 135

2 Related Work 136

2.1 Visually-rich documents understanding 137

Existing VLMs (Hu et al., 2024; Xie et al., 2024; 138

Feng et al., 2024; Liu et al., 2024b) achieve high 139

performance on single-page documents (Mathew 140

et al., 2021; Masry et al., 2022) but face scalability 141

issues with long, multi-page contexts (Deng et al., 142

2024; Ma et al., 2024b). While semantic retrieval 143

mitigates the computational cost of full-context 144

processing (Tito et al., 2023a; Hu et al., 2024), 145

current methods are limited to passive, prompting- 146

based workflows (Han et al., 2025; Wang et al., 147

2025b). We advance this paradigm by treating 148
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VRDU as an agentic task (A-VRDU), employing149

RL to train agents that actively navigate and reason150

over document structures rather than relying on151

static retrieval pipelines.152

2.2 RL Training for LLMs/VLMs153

The success of RLHF (Ziegler et al., 2019; Ouyang154

et al., 2022) based on the Proximal Policy Opti-155

mization (PPO) algorithm (Schulman et al., 2017)156

and RL with Verifiable Rewards (RLVR) (Shao157

et al., 2024) based on the Group Relative Policy158

Optimization (GRPO) algorithm has inspired a new159

class of "active" RAG agents that optimize retrieval160

workflows via reinforcement learning (Jin et al.,161

2025; Song et al., 2025). While concurrent work162

VRAG-RL (Wang et al., 2025c) applies RL to en-163

hance visual RAG, it focuses on intra-image percep-164

tion via cropping and zooming. Consequently, fine-165

tuning VLMs for A-VRDU remains largely unex-166

plored. Unlike open-domain retrieval, A-VRDU re-167

quires exploiting explicit document structure (e.g.,168

page indices), denser supervision to guide multi-169

turn navigation, and stability against the large num-170

ber of unconstrained visual tokens introduced by171

high-resolution document pages, which motivates172

the development of new RL frameworks tailored173

for this task.174

3 Preliminaries175

3.1 Problem Formulation176

We define A-VRDU as an interactive task where an177

agent answers a query qu by navigating a document178

D = (p1, p2, · · · , p|D|), composed of a sequence179

of pages pi. Since direct access to the full docu-180

ment is restricted, the agent must plan a trajectory181

of navigational or answering steps to generate a182

final answer y′. We model this as a Hierarchical183

Markov Decision Process (MDP) to handle the dual184

granularity of the task. A High-Level MDP man-185

ages the discrete action choices at each turn, while186

a low-level MDP handles the token-by-token real-187

ization of those actions. Formally, the high-level188

MDP operates at the turn level: given a state st en-189

capsulating the interaction history, the agent selects190

a textual action at, receives pages as an observation191

ot, and a reward rt. The transition is a deterministic192

concatenation: st+1 = [st, at, ot]. The generation193

of at is handled by the Low-Level MDP. Here, the194

state sit = (st, a
1:i−1
t ) includes the high-level con-195

text and tokens generated so far. The agent selects196

a token ait from the vocabulary V , receives a reward197

rit and transitions to si+1
t = [sit, a

i
t]. 198

3.2 Joint Policy Optimization 199

The previously defined hierarchical MDP reduces 200

to a standard RLHF formulation when the horizon 201

is collapsed to a single turn. In this setting, the dis- 202

tinction between high-level planning and low-level 203

generation dissolves, and a unified policy πθ gener- 204

ates the complete token sequence directly from the 205

initial state. This policy is typically optimized us- 206

ing PPO algorithm, which maximizes the expected 207

reward via a clipped surrogate objective: 208

LPPO = Ei

[
min

(
ρiA

i
1, clip(ρi, 1− ϵ, 1 + ϵ)Ai

1

)]
(1) 209

where ρi is the probability ratio between the cur- 210

rent and old policies. To balance bias and vari- 211

ance in credit assignment, the advantage term Ai
1 212

is computed using Generalized Advantage Estima- 213

tion (GAE) (Schulman et al., 2015). This involves 214

estimating the temporal-difference (TD) error δi = 215

ri1+γtokenVϕ(s
i+1
1 )−Vϕ(s

i
1) using a learned value 216

function Vϕ, and aggregating these errors over 217

the trajectory: Ai
1 =

∑L−i−1
k=0 (γtokenλtoken)

kδi+k, 218

where γtoken is the discount factor, λtoken controls 219

the trade-off between bias and variance and L de- 220

notes the length of the response. To extend this 221

optimization paradigm from single-turn generation 222

to the multi-turn interaction required for A-VRDU, 223

we propose the ALDEN framework, which is de- 224

tailed in the following section 225

4 Methodology 226

We present Active Long-DocumEnt Navigation 227

(ALDEN), a framework for training interactive 228

VLM agents to navigate VRDs via a multi-turn 229

reasoning–action loop. To this end, ALDEN intro- 230

duces three key components. (i) Expanded action 231

space: the agent is equipped with both a seman- 232

tic search action for retrieving pages and a novel 233

fetch action for direct page access, enabling flexi- 234

ble exploitation of document structure (§4.1). (ii) 235

Cross-level reward function: supervision is pro- 236

vided jointly at the turn level and the token level, 237

guiding the agent toward effective evidence collec- 238

tion and accurate answer generation (§4.2). (iii) Vi- 239

sual semantic anchoring: to stabilize RL training, 240

ALDEN constrains the hidden-state evolution of 241

generated and visual tokens separately, mitigating 242

drift and preserving semantic grounding during op- 243

timization (§4.3). The overall RL training pipeline 244

of ALDEN is illustrated in Fig. 2 and Alg. 1. 245
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Figure 2: Overview of RL training in ALDEN. The policy model generates multi-turn trajectories, which are scored
by a cross-level reward function and a value model. Turn-level GAE integrates future rewards to update the
cross-level reward, and token-level GAE produces advantages for policy updates. A reference model supplies
logits for both generated and visual tokens, which the visual semantic anchoring mechanism uses to constrain
hidden-state evolution during optimization.

4.1 Expanded Action Space246

In A-VRDU, agents must navigate using both se-247

mantic and structural cues. Standard semantic re-248

trieval struggles with structural dependencies, such249

as specific page indices (e.g., “see page 12”) or250

sequential reading. ALDEN bridges this gap by251

introducing a fetch action for direct page access,252

complementing the classic search operation. The253

action space thus consists of three options, each254

expressed in a structured format that combines255

free-form reasoning with executable commands256

as shown in Fig. 1:257

• Search. The agent generates a reasoning trace258

within <think> tags, followed by a semantic259

query enclosed in <search> tags. An external re-260

trieval module then returns a ranked list of pages261

based on semantic similarity.262

• Fetch. Distinct from search, the agent specifies263

a target page index within <fetch> tags to access264

a page directly, bypassing semantic matching.265

• Answer. The agent outputs a reasoning trace266

followed by the final response within <answer>267

tags. This action terminates the rollout and pro-268

vides the final output for the user query.269

Once the action is parsed, the document returns270

the corresponding page images enclosed within the271

<result> tag. For the search action, the associ-272

ated page numbers are also returned to provide cues273

of document structure.274

4.2 Cross-level Reward Modeling275

Since sparse outcome rewards are insufficient for276

guiding complex navigation, ALDEN introduces a277

cross-level reward function to provide dense pro-278

cess supervision. This mechanism operates on two279

levels: turn-level rewards for assessing the strate- 280

gic utility of actions, and token-level rewards for 281

shaping local generation dynamics. 282

Turn-level Reward. The immediate turn-level 283

reward rt is defined as rt = ft + ut, comprising 284

a format constraint ft and a utility score ut. The 285

format reward ft is given by: 286

ft =

{
0, if the format is correct

−1, otherwise
(2) 287

Thus, only well-formed responses avoid penalty, 288

enforcing structural validity. The utility reward 289

ut evaluates the action outcome. LetHt−1 denote 290

the history of visited pages, G denote the ground- 291

truth evidence pages. For a fetch action targeting 292

page pi, the current page set is Ct = {pi}. For a 293

search action, the current page set is defined as 294

the collection of the top-K retrieved pages, i.e., 295

Ct = {p1, . . . , pK}. The reward is defined as: 296

ut =


α · F1(y, y′) if at = answer

fprox(pi,G)− ·frep(Ct,Ht−1) if at = fetch

|(Ct ∩ G) \ Ht−1| if at = search

(3) 297

where fprox(p,G) = exp
(
− 1

|G|
∑

g∈G |p− g|
)

298

rewards the geometric proximity of page pi to the 299

evidence set G, the character-level F1 score eval- 300

uates the character-level overlap between the gen- 301

erated answer and the ground-truth answer. The 302

fetch action is subject to a repetition penalty 303

frep = |Ct∩R|
|Ct| , penalizing the re-acquisition of 304

known information. We scale the reward of answer 305

action by α > 1 to ensure answer quality domi- 306

nates the cumulative intermediate rewards. 307

While standard RLHF assigns rewards to the 308

final token of a single response, this approach is 309
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insufficient for multi-turn tasks where actions have310

delayed consequences. We therefore replace rt311

with a value estimate V̂t derived via GAE (Wang312

et al., 2025a). We first define the turn-level TD313

error as δk = rk + γturnVϕ(s
L
k+1) − Vϕ(s

L
k ). The314

effective reward signal is then computed as: V̂t =315

Vϕ(s
L
t ) +

∑T−1−t
k=0 (γturnλturn)

kδt+k, where T de-316

notes the total number of turns. By replacing rt317

with V̂t, we inject long-horizon strategic informa-318

tion into the token-level optimization.319

Token-level Reward. Unlike the atomic fetch320

argument (a single page index), the search action321

generates a multi-token query. Coarse turn-level322

penalties often fail to identify specific redundant323

phrases within these queries, leading to inefficient324

loops. To address this, we introduce a token-level325

repetition penalty applied specifically to the search326

query span. For any search action after the first,327

we quantify redundancy by computing the maxi-328

mum Jaccard similarity between the n-grams of the329

current query qt and those of all historical queries330

{qj}j<t:331

overlapt = max
j<t

|Qn(qt) ∩Qn(qj)|
|Qn(qt) ∪Qn(qj)|

(4)332

where Qn(q) denotes the set of n-grams in query333

q. We distribute this penalty to individual tokens334

to precisely penalize repeated segments. For each335

token u in the query span a
query
t , we assign a weight336

wu = cu∑
v∈a

query
t

cv
, where cu counts the number of337

overlapping n-grams that contain token u.338

Finally, the reward rit assigned to each generated339

token ait within turn t is defined by combining turn-340

level and token-level signals:341

rit =


V̂t if i = L

−wi · overlapt if t > 1 ∧ at = search

∧ ai
t ∈ aquery

t

0 otherwise

(5)342

This yields a unified cross-level signal that penal-343

izes local redundancy without disrupting global344

credit assignment. Advantages are subsequently345

derived by applying token-level GAE to this re-346

ward stream.347

4.3 Visual Semantic Anchoring348

While existing studies generally mask observation349

tokens to isolate the generative action space (Jin350

et al., 2025; Song et al., 2025), this approach351

proves insufficient for A-VRDU. Document pages352

introduce a massive volume of visual tokens, cre- 353

ating a fundamental vulnerability, i.e., an under- 354

constrained visual manifold. Since the mapping 355

from the visual latent space to the textual action 356

space is non-injective, relying solely on action- 357

space KL divergence leaves a high-dimensional 358

null space in the optimization landscape (verified 359

formally in Appx. B). Consequently, aggressive 360

reward-driven gradients can distort visual represen- 361

tations without triggering the trust region penalty, 362

leading to severe training instability and rapid en- 363

tropy collapse (see Fig. 3). 364

To remedy this, we propose Visual Semantic An- 365

choring, a stabilization mechanism that introduces 366

dual-path KL regularization. Beyond the stan- 367

dard textual constraint, we impose a secondary KL 368

penalty on the visual hidden states. This enforces a 369

smoothness constraint on the visual encoder, pre- 370

serving Lipschitz continuity and maintaining the 371

robustness of pre-trained features against drastic 372

policy updates. Formally, we define: 373

Lpolicy = Et[Ei[min
[
ρitA

i
t, clip

(
ρit, 1− ϵ, 1 + ϵ

)
Ai

t

]
+βgenKL(πθ(a

i
t|sit)||πref(a

i
t|sit))]

+Ej [βobsKL(πθ(o
j
t |o

<j
t , at, st)||πref(o

j
t |o

<j
t , at, st))]]

(6) 374

where βgen and βobs are independent coefficients. 375

In practice, we set βobs > βgen to tightly regularize 376

the much larger observation-token set while allow- 377

ing more flexibility for generated tokens to adapt 378

to the task. 379

5 Experiments 380

We conduct experiments on long VRDU bench- 381

marks to (i) compare ALDEN with strong baselines 382

and (ii) assess the contribution of its key compo- 383

nents, including expanded action space, cross-level 384

reward, and visual semantic anchoring, to naviga- 385

tion accuracy, answer quality, and training stability. 386

We first outline datasets, baselines, implementation 387

details, and evaluation metrics (§5.1), then present 388

main results (§5.2), followed by ablations (§5.3) 389

and detailed component analyses (§5.4). 390

5.1 Experimental Setup 391

Datasets. We build a challenging training cor- 392

pus by filtering DUDE (Van Landeghem et al., 393

2023), MPDocVQA (Tito et al., 2023b), and Slide- 394

VQA (Tanaka et al., 2023b) for documents ex- 395

ceeding 3 pages. To enrich query diversity, we 396

use GPT-4o (Hurst et al., 2024) to rewrite part of 397
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MPDocVQA, increasing the proportion of page-398

index–referenced queries in the final training cor-399

pus. The evaluation is conducted mainly on the fol-400

lowing VRDU benchmarks: MMLongBench (Ma401

et al., 2024b), LongDocURL (Deng et al., 2024),402

PaperTab (Hui et al., 2024), PaperText (Hui et al.,403

2024), and FetaTab (Hui et al., 2024). To validate404

the fetch mechanism, we introduce DUDE-sub, a405

balanced validation set comprising 960 queries that406

contain both general and structure-dependent ques-407

tions (e.g., sequential cues). More details about the408

dataset can be seen in Appx. A.409

Baselines. To validate ALDEN’s effectiveness,410

we compare it with three categories of baselines.411

(1) Full-Document Input: SoTA VLMs prompted412

with the entire document as context to answer user413

queries. (2) Visual RAG: methods that retrieve414

the most relevant document pages using the user415

query, including M3DocRAG (Cho et al., 2024),416

and an ALDEN variant trained with GRPO adapted417

from a fully textual method ReSearch (Chen et al.,418

2025b). (3) Hybrid RAG: approaches that aug-419

ment page images with OCR-extracted text for re-420

trieval and reasoning, including MDocAgent (Han421

et al., 2025), VidoRAG (Wang et al., 2025b). More422

details are presented in Appx. C.423

Implementation Details. Both the policy424

and value models are initialized from Qwen2.5-425

VL-7B-Instruct (Bai et al., 2025), and all Visual426

RAG and Hybrid RAG baselines use the same427

backbone for fairness. During training, we adopt428

the single-vector retriever vdr-2b-v1 (Ma et al.,429

2024a) for images and e5-large-v2 (Wang et al.,430

2022) for text. For evaluation, we also report re-431

sults with the multi-vector retrievers ColQwen2-432

v1.0 (ColQwen) (Faysse et al., 2025) for images433

and ColBERT-v2.0 (ColBERT) (Santhanam et al.,434

2021) for text. Unless otherwise noted, each435

search action retrieves the top-1 candidate page,436

with a maximum of T = 6 reasoning–action turns.437

On average, ALDEN collects 1.87 unique pages438

per query; hence, single-turn RAG baselines are439

set to retrieve the top-2 pages for a fair compari-440

son. Further implementation details are provided441

in Appx. D.442

Evaluation Metrics. The primary evaluation443

metric is GPT-4o–judged answer accuracy (Acc)444

on each benchmark. For finer-grained analysis of445

ALDEN’s components, we further assess naviga-446

tion quality using trajectory-level retrieval recall447

(Rec), precision (Pre), F1-score (F1), and the num-448

ber of unique collected pages (#UP). Detailed defi-449

nitions of these metrics are provided in Appx. E. 450

5.2 Main Results 451

Table 1 reports answer accuracy across all base- 452

lines. Directly prompting large VLMs with the en- 453

tire document performs poorly (Acc < 0.30), con- 454

firming the difficulty of long-document reasoning 455

where irrelevant content overwhelms true evidence. 456

Retrieval-based methods achieve substantially bet- 457

ter results. Among Visual RAG approaches, 458

ALDEN with ColQwen attains the highest aver- 459

age accuracy (0.410), surpassing M3DocRAG by 460

3.2 points. In Hybrid RAG, baselines such as Vi- 461

DoRAG and MDocAgent benefit from textual sig- 462

nals but are limited by fixed reasoning pipelines. 463

ALDEN with hybrid retrievers achieves the best 464

overall performance, exceeding the strongest hy- 465

brid baseline by +7.47% relative improvement. 466

These results highlight ALDEN ’s ability to gen- 467

eralize across benchmarks by actively collecting 468

and reasoning over evidence, though modest perfor- 469

mance on scientific-paper datasets (PaperText, Pa- 470

perTab) suggests domain knowledge remains a lim- 471

iting factor. The notably larger gain over GRPO un- 472

derscores the limitations the limitation of outcome- 473

based rewards for training multimodal agents in 474

multi-turn, long-horizon settings from base VLMs, 475

which is one of the key motivations for this work. 476

Moreover, ALDEN achieves higher accuracy with 477

a multi-vector retriever at inference despite being 478

trained with a single-vector retriever, indicating 479

that strategies learned with a weaker retriever gen- 480

eralize to stronger ones and suggesting a path to 481

more efficient training. A case study demonstrating 482

learned action patterns is provided in Appx. F. 483

5.3 Ablation Study 484

To understand the contribution of each component 485

in ALDEN, we further conduct ablation studies on 486

the five benchmarks. Table 2 reports the Acc met- 487

ric results for the full model and three variants: (i) 488

w/o Fetch, which removes the index-based fetch 489

action and relies solely on semantic retrieval; (ii) 490

w/o Cross-level Reward, which uses only outcome- 491

level supervision without our designed turn- and 492

token-level reward shaping; and (iii) w/o Visual 493

Semantic Anchoring, which omits the constraint 494

on visual hidden states during optimization. Re- 495

moving any component consistently lowers accu- 496

racy, with the largest drop from omitting fetch, 497

underscoring the value of direct page-index access. 498

Excluding the cross-level reward also substantially 499
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Table 1: Answer accuracy comparison on five VRDU benchmarks. † indicates the strongest non-ALDEN baseline
used to compute the relative improvement (%). Bold indicates the best result per dataset.

Method MMLongBench LongDocUrl PaperTab PaperText FetaTab Avg

Full Document Input

SmolVLM-Instruct (Marafioti et al.) 0.072 0.165 0.065 0.142 0.148 0.118
Phi-3.5-Vision-Instruct (Abdin et al.) 0.141 0.285 0.068 0.174 0.232 0.180
mPLUG-DocOwl2 (Hu et al.) 0.159 0.273 0.072 0.162 0.288 0.191
Qwen2-VL-7B-Instruct (Wang et al.) 0.177 0.280 0.077 0.146 0.339 0.203
LEOPARD (Jia et al.) 0.196 0.313 0.112 0.189 0.341 0.230
Qwen2.5-VL-7B-Instruct (Bai et al.) 0.221 0.375 0.131 0.265 0.336 0.265
InternVL3.5-8B-Instruct (Wang et al.) 0.219 0.381 0.130 0.271 0.348 0.270

Visual RAG methods

GRPO (ColQwen) 0.274 0.384 0.150 0.295 0.406 0.302
M3DocRAG (ColQwen)† 0.330 0.464 0.201 0.350 0.547 0.378
ALDEN (vdr-2b-v1) 0.335 0.513 0.201 0.342 0.542 0.386
ALDEN (ColQwen) 0.367 0.526 0.211 0.345 0.603 0.410

Relative Improvement (%) 11.21 13.36 4.98 -1.43 10.23 10.81

Hybrid RAG methods

ViDoRAG (ColQwen + ColBERT) 0.215 0.323 0.158 0.264 0.358 0.264
MDocAgent (ColQwen + ColBERT)† 0.347 0.494 0.221 0.408 0.607 0.415
ALDEN (vdr-2b-v1 + e5-large-v2) 0.385 0.542 0.228 0.416 0.611 0.436
ALDEN (ColQwen + ColBERT) 0.392 0.551 0.245 0.421 0.623 0.446

Relative Improvement (%) 12.97 11.54 10.86 3.18 2.63 7.47

Table 2: Answer accuracy for different ablations of ALDEN on five VRDU benchmarks. Bold indicates the best result per
dataset.

Method MMLongBench LongDocUrl PaperTab PaperText FetaTab Avg

Full ALDEN 0.335 0.513 0.201 0.342 0.542 0.386
w/o Fetch 0.301 0.469 0.140 0.258 0.443 0.322
w/o Cross-level Reward 0.329 0.483 0.148 0.301 0.518 0.356
w/o Visual Semantic Anchoring 0.326 0.502 0.181 0.328 0.529 0.373

hurts performance, confirming the importance of500

fine-grained reward shaping. In contrast, remov-501

ing visual-semantic anchoring causes milder yet502

consistent degradation. Building on these results,503

we next provide a detailed component analysis to504

understand the specific roles of each key design505

choice in ALDEN.506

5.4 Component Analysis507

Fetch vs. Search To assess the effect of the pro-508

posed fetch action, we compare the full ALDEN509

agent with a search-only variant that disables direct510

page-index access and relies solely on semantic511

retrieval. Evaluation on the DUDE-sub dataset,512

which contains explicit page references and struc-513

tured navigation queries, shows clear benefits of514

fetch (Table 3). Acc improves from 0.545 to 0.653515

and Rec from 0.471 to 0.598, while Pre and F1516

also increase, indicating more accurate evidence517

retrieval. The number of unique pages rises from518

1.03 to 1.19, reflecting broader coverage. These519

results confirm that combining index-based fetch520

with semantic search enables more flexible and521

efficient navigation, especially for queries that ref-522

Table 3: Comparison between search-only and full
ALDEN on the DUDE-sub dataset.

Method Acc Rec Pre F1 #UP

Search-only 0.545 0.471 0.841 0.531 1.03
Full ALDEN 0.653 0.598 0.874 0.628 1.19

Table 4: Effect of reward design of outcome-based, turn-
level and outcome-based, and full ALDEN on Long-
DocURL.

Method Acc Rec Pre F1 #UP

Outcome-based Only 0.483 0.483 0.612 0.520 1.27
Turn-level + Outcome 0.509 0.497 0.608 0.522 1.22
Full ALDEN 0.513 0.506 0.612 0.526 1.39

erence specific pages or require traversal across 523

consecutive pages. 524

Effect of Reward Design. We evaluate how 525

different reward schemes affect ALDEN ’s retrieval 526

and reasoning (Table 4). (i) Outcome-based Only 527

assigns a single scalar reward for final answer cor- 528

rectness. (ii) Turn-level + Outcome adds rule-based 529

turn-level supervision, improving Acc from 0.483 530

to 0.509 and Rec from 0.483 to 0.497, showing that 531

denser feedback aids evidence localization. (iii) 532
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Figure 3: Training dynamics of ALDEN with and without Visual Semantic Anchoring (VSA). Panel (a) shows
the turn-level reward of the answer action, panel (b) shows token-level entropy, panels (c) and (d) plot the KL
divergence of visual tokens and generated tokens, respectively.
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Figure 4: Efficiency and accuracy comparison between
ALDEN and the MDocAgent baseline.

Full ALDEN further introduces token-level shap-533

ing, yielding a smaller but consistent gain (Acc534

0.513, Rec 0.506) and increasing unique pages535

from 1.22 to 1.39, indicating reduced query rep-536

etition and broader exploration. Overall, the cross-537

level reward design fosters richer query reformu-538

lation and more thorough evidence gathering, en-539

hancing both navigation and answer quality.540

Effect of Visual Semantic Anchoring. We541

evaluate the effect of Visual Semantic Anchoring542

(VSA) on training stability and representation drift,543

as shown in Figure 3. With a larger batch size544

(512) than in the main experiments (128), the VSA-545

enabled model achieves steadily increasing answer546

rewards, while the non-VSA variant fluctuates and547

collapses (a). VSA also maintains higher policy en-548

tropy, supporting healthier exploration (b). Besides,549

KL divergence of visual tokens grows unchecked550

without VSA, indicating hidden-state drift, whereas551

VSA constrains these values while allowing mod-552

erate growth for action tokens (c,d). Overall, VSA553

achieves stabilizing RL training and preventing554

drift in visual representations.555

5.5 Efficiency Analysis556

We investigate the token efficiency of ALDEN on557

the LongDocURL dataset. Specifically, ALDEN558

is trained using the top-3 retrieved results as obser-559

vations. During evaluation, we broaden the scope560

to compare ALDEN against the strongest baseline, 561

MDocAgent, across top-1, 3, and 5 retrieval set- 562

tings. For a fair comparison, both methods uti- 563

lize only query-image retrieval. As illustrated in 564

Fig. 4, the baseline relies on expanding the retrieval 565

scope to Top-5 for performance gains, incurring a 566

linear cost penalty. In contrast, ALDEN reaches 567

saturation at Top-3 by effectively identifying sig- 568

nals within noisy contexts. This results in a Pareto 569

improvement, surpassing the baseline’s best con- 570

figuration (+3.2% accuracy) with an approximate 571

3× reduction in token usage. This confirms that 572

equipping the model with agentic reasoning is a 573

fundamentally more efficient strategy than the pas- 574

sive reading, even when the latter is enhanced by 575

multi-agent mechanisms. 576

6 Conclusions 577

We introduced the Agentic VRDU task and pro- 578

posed ALDEN, a reinforcement-learning frame- 579

work that trains VLMs as autonomous agents capa- 580

ble of multi-turn navigation and evidence gathering. 581

The framework integrates a fetch action for direct 582

page access, a cross-level reward for fine-grained 583

reward modeling, and a visual semantic anchor- 584

ing mechanism for stable training. Extensive ex- 585

periments on multiple long-document benchmarks 586

demonstrate that ALDEN achieves state-of-the-art 587

accuracy while maintaining significantly lower to- 588

ken consumption. Furthermore, ablation studies 589

validate the critical role of the fetch action in evi- 590

dence localization and the effectiveness of visual se- 591

mantic anchoring in stabilizing the training process, 592

offering broader insights for multi-turn RL in mul- 593

timodal agents. Ultimately, the A-VRDU paradigm 594

marks a fundamental shift from passive document 595

reading to autonomous navigation across vast in- 596

formation landscapes. The robust performance of 597

ALDEN highlights the potential of such agents to 598

deliver scalable, adaptive, and accurate understand- 599

ing of complex, visually rich documents. 600
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Limitations601

Despite the promising results, ALDEN has several602

limitations. First, the agent still faces challenges in603

optimally balancing exploration and exploitation604

within large document spaces; it may occasionally605

terminate the search prematurely or navigate re-606

dundantly when the target information is buried607

deep in the document. Second, identifying true608

evidence pages remains non-trivial, as the agent609

can sometimes be misled by pages that are visually610

or semantically similar to the target but lack the611

precise answer.612

Future work could address these issues by con-613

structing larger-scale datasets with high-quality tra-614

jectory annotations to improve sample efficiency.615

Additionally, we plan to leverage trajectories from616

stronger, closed-source models to guide training,617

integrating validation and reflection mechanisms to618

reduce hallucinations. Finally, adopting curriculum619

learning—starting from shorter documents and pro-620

gressively moving to complex ones—could help621

the agent better generalize across tasks of varying622

difficulty.623

LLM Usage Statement624

Large Language Models (LLMs) were used as625

general-purpose writing and editing aids. Specifi-626

cally, OpenAI’s ChatGPT (GPT-5) assisted in pol-627

ishing grammar, improving clarity, and suggesting628

alternative phrasings. All research ideas, exper-629

imental design, data processing, model develop-630

ment, and analysis were conceived and executed631

solely by the authors. The LLM provided no novel632

research insights or substantive scientific contribu-633

tions.634

Reproducibility Statement635

We are committed to ensuring the reproducibility636

of our results. To this end, we will release:637

• All source code for training, evaluation,638

and data preprocessing, including scripts for639

dataset construction, reward computation, and640

reinforcement-learning training with ALDEN.641

• The processed training corpus derived from642

DUDE, MPDocVQA, and SlideVQA, along with643

instructions to regenerate it from the original pub-644

lic datasets.645

• Detailed configuration files specifying model hy-646

perparameters, random seeds, and hardware set-647

tings. 648

• Checkpoints for both the policy and value mod- 649

els, and prompts used for GPT-4o evaluation. 650

Our experiments were run on NVIDIA A100 GPUs 651

(80GB) with PyTorch 2.4 and HuggingFace Trans- 652

formers 4.49; exact package versions will be pro- 653

vided in the released code. These resources will 654

allow other researchers to fully reproduce our train- 655

ing, evaluation, and analysis results. 656
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Table 5: Statistics of the training dataset. #GQ and
#PQ denote the numbers of general user queries and page-
index–referenced queries, respectively.

Sub-dataset DUDE SlideVQA MPDocVQA
#GQ 6,943 10,615 7,992
#PQ 1,011 2 4,165
Sum 7,954 10,617 12,157

available multi-page document understanding927

datasets: DUDE (Van Landeghem et al., 2023),928

MPDocVQA (Tito et al., 2023b), and Slide-929

VQA (Tanaka et al., 2023b). These datasets provide930

diverse document layouts and question-answering931

formats, making them well-suited for training mod-932

els on complex multi-turn document question an-933

swering tasks.934

DUDE is a large-scale benchmark designed for935

multi-page, visually rich document understanding.936

It covers diverse domains such as scientific arti-937

cles, financial and legal reports, technical manuals,938

and presentations. Each example consists of a full939

PDF document rendered into page images, paired940

with a natural-language query and a free-form tex-941

tual answer, along with page-level ground-truth942

evidence annotations. SlideVQA contains ques-943

tions grounded in slide decks, where understand-944

ing layout and inter-slide referencing is crucial. It945

contains slide decks from diverse topics such as946

education, business, and research talks, requiring947

models to reason across sequential pages that mix948

text, charts, and images. Each example provides949

a slide deck rendered as ordered page images, a950

natural-language question, and a free-form textual951

answer, with annotations of relevant slides for evi-952

dence grounding. MPDocVQA extends the tradi-953

tional single-page VQA setting (originally based954

on DocVQA) by concatenating additional pages to955

the original single-page input, while retaining the956

same set of user questions. However, since many957

of these questions were authored under the assump-958

tion that only one page is visible (e.g., “What is959

the date?" or “Who is the author?"), they often960

lack sufficient context to guide document retrieval961

or navigation. To address this, we first use GPT-962

4o (Hurst et al., 2024) to automatically identify this963

kind of samples. Then we integrate the index of964

referred pages into the questions to get page-index-965

referenced questions, e.g., “In page 5, what is the966

date?". The prompt we used is shown below:967

Prompt for Filtering Queries

You are given a question from a multi-page
document VQA dataset. Some questions
are not suitable for training an agent to au-
tonomously locate the target page, because
they assume the agent already knows which
page is relevant. These questions are often
vague, layout-based, or refer to elements
only visible on a known page (e.g., "What
is the PVR no given in the approval sheet?",
or "What is written at the top right?"). Your
task is to assign a label to each question:
- 1 if the question belongs to this kind of
problem, i.e., it assumes the correct page is
known and cannot be answered without it.
- 0 if the question does not belong to this
kind of problem, i.e., it can be answered
after locating the page based on content in
the question.
Respond with a JSON object containing
only the field "label". Examples:
Question: What is the PVR no given in the
approval sheet? Answer: { "label": 1 }
Question: What is the project name men-
tioned in the title block? Answer: { "label":
0 }
Question: What is the symposium orga-
nized by Division of Agricultural and Food
Chemistry? Answer: { "label": 0 }
Question: What is written on the top right
corner? Answer: { "label": 1 }
Question: What is the page number? An-
swer: { "label": 1 }
Question: What is the Date? Answer: {
"label": 1 }
Now, label the following question:
Question: {question}

968

To ensure that our model is consistently exposed 969

to multi-page reasoning scenarios, we additionally 970

discard any documents with fewer than 10 pages 971

from all three datasets. This helps avoid biasing the 972

model toward short-context behavior and ensures a 973

consistent level of document complexity. 974

After merging and filtering, we obtain a training 975

set consisting of 30,728 samples, each compris- 976

ing a user query and its corresponding multi-page 977

document context, answer and the index of evi- 978

dence pages. Finally, we proportionally sample 979

1,024 samples from the validation set of these three 980

datasets as our validation set. 981
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A.2 Benchmarks982

We evaluate our method on a diverse set of bench-983

marks: MMLongBench (Ma et al., 2024b), Long-984

DocURL (Deng et al., 2024), PaperTab (Hui985

et al., 2024), PaperText (Hui et al., 2024), and Fe-986

taTab (Hui et al., 2024). These datasets span a wide987

range of scenarios, including both open-domain988

and closed-domain tasks, and include textual as989

well as visual content. The documents also vary990

in length and structure, ranging from short forms991

to complex, multi-page documents. This diversity992

ensures a comprehensive and fair evaluation of our993

model’s performance across real-world document994

understanding tasks.995

• MMLongBench-Doc is a large-scale benchmark996

designed to evaluate how multimodal large lan-997

guage models handle long, visually rich doc-998

uments. It contains over a thousand expert-999

annotated questions drawn from lengthy PDFs1000

(averaging 50 pages and 20k tokens) that mix1001

text, tables, charts, and images. Tasks require1002

single-page, cross-page, and sometimes unan-1003

swerable reasoning, testing a model’s ability to1004

retrieve and integrate evidence across multiple1005

modalities and extended contexts.1006

• LongDocURL is a benchmark for evaluating1007

large vision-language models on long, multi-1008

modal documents by combining three core task1009

types: understanding, numerical reasoning, and1010

element locating. It includes 2,325 high-quality1011

question-answer pairs over 396 documents total-1012

ing over 33,000 pages, with an average of 85.61013

pages per document. Tasks vary in their evidence1014

requirements: some require single-page evidence,1015

others multi-page, and many involve locating ev-1016

idence across different layout elements (text, ta-1017

bles, figures, and layout).1018

• PaperText is a subset in the UDA benchmark1019

made up of academic papers (in PDF form) used1020

for retrieval-augmented generation / document1021

question answering tasks. Each document comes1022

with multiple question-answer pairs drawn from1023

“Qasper” (an academic paper reading compre-1024

hension dataset), where questions may be extrac-1025

tive, yes/no, or free-form. The dataset preserves1026

full documents to allow answering from context,1027

rather than just small passages.1028

• PaperTab is another subset in UDA also based1029

on academic papers, but the focus is on Q&A1030

pairs where evidence comes from or interacts 1031

with tables inside papers. Like PaperText, it re- 1032

tains full PDF documents so that models must 1033

locate and reason over tabular content, as well 1034

as textual content. The questions are similarly 1035

diverse (extractive, yes/no, free-form), and the 1036

average size is modest ( 10–11 pages per docu- 1037

ment). 1038

• FetaTab is a subset of the UDA (Unstructured 1039

Document Analysis) benchmark that focuses on 1040

free-form question answering over Wikipedia ta- 1041

bles in both HTML and PDF formats. It com- 1042

prises 878 documents and 1,023 QA pairs, av- 1043

eraging about 14.9 pages per document. The 1044

questions are “free-form” (i.e. natural language 1045

answers, not limited to extractive spans or simple 1046

yes/no), which requires models to understand ta- 1047

ble content, context, and sometimes cross-format 1048

layout. 1049

B Derivation about the Visual Semantic 1050

Anchoring 1051

Let the input to the VLMs head be a concatenation 1052

of visual tokens Zv ∈ RNv×d and textual tokens 1053

Zt ∈ RNt×d. The policy output (logits) is a func- 1054

tion f : R(Nv+Nt)×d → RV . We examine the 1055

update of the visual encoder parameters ϕ, which 1056

solely influence Zv. 1057

Our verification starts with the Block-Jacobian
Decomposition. The linearization of the change
in logits ∆y with respect to the input features is
given by the total derivative. Since the input is
concatenated X = [Zv, Zt], the Jacobian Jf can
be decomposed into two block matrices:

Jf =

[
∂f

∂Zv

∣∣∣ ∂f

∂Zt

]
= [Jv | Jt]

where Jv ∈ RV×(Nv ·d) is the Partial Jacobian with 1058

respect to visual features. 1059

During the PPO update, we are concerned with 1060

the gradients flowing into the visual encoder param- 1061

eters ϕ. These parameters only affect Zv. The tex- 1062

tual tokens Zt are either fixed (from history) or up- 1063

dated by separate parameters (LLM weights). Thus, 1064

relative to the visual encoder update, ∆Zt = 0. 1065

The constraint imposed by the text-only KL diver- 1066

gence (||∆y|| < ϵ) simplifies to: 1067

∆y ≈ Jv · vec(∆Zv) + Jt · 0
≈ Jv · vec(∆Zv)

(7) 1068
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The "freedom" available to the visual encoder
to drift without triggering the KL penalty is de-
termined solely by the null space of the Partial
Jacobian Jv.The dimensionality of this subspace
is:

dim(null(Jv)) = (Nv · d)− rank(Jv)

Even with the presence of Zt, the rank of Jv is
still upper-bounded by the bottleneck dimension of
the model (or vocabulary size V ). It does not gain
rank from the text tokens. Thus the available "drift
space" scales linearly with the number of visual
tokens:

dim(null(Jv)) ∝ Nv

The Null Space represents the "freedom" the visual1069

encoder has to change its weights (∆Z) without1070

violating the text-KL constraint. As the number of1071

visual tokens N increases, the dimensionality of1072

this unconstrained subspace grows. Consequently,1073

the optimizer has significantly more degrees of free-1074

dom to introduce aggressive, potentially destructive1075

updates to the visual representations that satisfy the1076

short-term reward while remaining "invisible" to1077

the text-only KL penalty. This confirms that VLMs1078

with higher visual token counts are mathematically1079

more susceptible to representation drift when lack-1080

ing visual-semantic anchoring.1081

C Baselines1082

To evaluate the effectiveness of ALDEN, we com-1083

pare it against three categories of methods:1084

• Base VLMs supporting multi-image input.1085

These models directly take the entire multi-page1086

document as context without retrieval, lever-1087

aging their built-in multi-page visual process-1088

ing capabilities. For fairness, we select open-1089

source VLMs of similar scale to Qwen2.5-1090

VL-7B, including LLaVA-v1.6-Mistral-7B (Liu1091

et al., 2024a), Phi-3.5-Vision-Instruct (Abdin1092

et al., 2024), LLaVA-One-Vision-7B (Li et al.,1093

2024), SmolVLM-Instruct (Marafioti et al.,1094

2025), mPLUG-DocOwl2 (Hu et al., 2024),1095

LEOPARD (Jia et al., 2024), InternVL3.5-8B-1096

Instruct (Wang et al., 2025d).1097

• Visual RAG methods. These methods use the1098

user query to retrieve the most relevant document1099

pages and feed them into the model as context.1100

We include M3DocRAG (Cho et al., 2024) as a1101

strong baseline, as well as our proposed ALDEN.1102

To isolate the impact of our reward function 1103

design, we additionally evaluate a variant that 1104

trains the same backbone with GRPO using only 1105

outcome-based rewards (no turn-level shaping), 1106

mirroring common text-only RLHF setups as in 1107

ReSearch (Chen et al., 2025b). Specifically, 1108

– M3DocRAG is a multi-modal document un- 1109

derstanding framework designed for multi- 1110

page and multi-document question answer- 1111

ing. It first encodes each page into joint 1112

visual-text embeddings using a multi-modal 1113

encoder, then retrieves the top-K relevant 1114

pages via a MaxSim-based retrieval mech- 1115

anism, optionally accelerated with FAISS 1116

for large-scale documents. Finally, a multi- 1117

modal language model processes the re- 1118

trieved pages to generate precise answers, 1119

effectively handling complex queries that re- 1120

quire reasoning over both textual and visual 1121

content. 1122

– ReSearch introduces a framework that trains 1123

large language models to integrate reason- 1124

ing and search in a unified process. The 1125

model learns, via reinforcement learning, 1126

when and how to perform search actions 1127

during multi-step reasoning, using search 1128

results to guide subsequent reasoning steps. 1129

By treating search as part of the reason- 1130

ing chain, ReSearch enables LLMs to solve 1131

complex multi-hop tasks, demonstrate self- 1132

correction and reflection, and generalize 1133

effectively across benchmarks, achieving 1134

significant performance gains over baseline 1135

models. 1136

• Hybrid RAG methods. These approaches com- 1137

bine visual and textual retrieval by first applying 1138

an OCR tool to extract all text from the docu- 1139

ment. The query is then used to retrieve both the 1140

most relevant page image and the most relevant 1141

OCR-extracted text, which are jointly fed into 1142

the model. We evaluate MDocAgent (Han et al., 1143

2025) and VidoRAG (Wang et al., 2025b) as a 1144

representative method in this category. 1145

– MDocAgent is a multi-modal, multi-agent 1146

framework for document understanding that 1147

combines Retrieval-Augmented Generation 1148

(RAG) with specialized agents to handle 1149

complex documents. The system employs 1150

a General Agent for multi-modal context 1151

retrieval, a Critical Agent for identifying 1152
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key information, a Text Agent for analyzing1153

textual content, an Image Agent for inter-1154

preting visual elements, and a Summariz-1155

ing Agent to synthesize results. By coor-1156

dinating these agents, MDocAgent effec-1157

tively integrates textual and visual reason-1158

ing, achieving significant improvements in1159

accuracy and error reduction compared to1160

existing large vision-language models and1161

RAG-based methods. For all five agents in1162

this framework, we consistently use the orig-1163

inal LLaMA3.1-8B as the LLM for the text1164

agent, while employing a consistent VLMs,1165

i.e., Qwen2.5-VL-7B, for remaining agents.1166

– ViDoRAG is a multi-agent framework de-1167

signed to enhance the understanding of vi-1168

sually rich documents. It employs a Gaus-1169

sian Mixture Model (GMM)-based hybrid1170

retrieval strategy to effectively handle multi-1171

modal retrieval, integrating both textual and1172

visual information. The framework incor-1173

porates a dynamic iterative reasoning pro-1174

cess, utilizing agents such as Seeker, In-1175

spector, and Answer to iteratively refine the1176

understanding and generation of responses.1177

This approach addresses challenges in tra-1178

ditional Retrieval-Augmented Generation1179

(RAG) methods by improving retrieval accu-1180

racy and enabling complex reasoning over1181

visual documents. We use Qwen2.5-VL-7B1182

as backbone for all agents in this methods.1183

D Implementation Details1184

Our implementation is based on the EasyR11 frame-1185

work. We adopt the default optimization hyperpa-1186

rameters from the EasyR1 framework, specifically1187

the learning rates and KL coefficients, to ensure1188

training stability. Both the policy model and the1189

value function are initialized from Qwen2.5-VL-1190

7B-Instruct (Bai et al., 2025). We use a batch size1191

of 128, with fixed learning rates of 1 × 10−6 for1192

the policy model and 1× 10−5 for the value func-1193

tion. The maximum number of interaction turns1194

is set to T = 6. For visual inputs, we constrain1195

the number of image pixels to lie between 261,0701196

and 2,508,800. Based on these settings, we set the1197

maximum number of tokens in the trajectory as1198

19000. The KL coefficients for generated tokens1199

and observation tokens are set to βgen = 0.001 and1200

βobs = 0.01, respectively. For the search actions,1201

1https://github.com/hiyouga/EasyR1

we used only the top-1 retrieved pages. Besides, 1202

we set the scale coefficient α = 5. The weight of 1203

repetition penalty is set as η = 0.5. For the calcu- 1204

lation of GAE, we set γtoken = 1.0, γturn = 0.9 and 1205

λtoken = λturn = 1.0. During training, we adopt the 1206

single-vector retriever vdr-2b-v1 (Ma et al., 2024a) 1207

for images and e5-large-v2 (Wang et al., 2022) 1208

for text for training efficiency. For evaluation, we 1209

also report results with the multi-vector retrievers 1210

ColQwen2-v1.0 (ColQwen) (Faysse et al., 2025) 1211

for images and ColBERT-v2.0 (ColBERT) (San- 1212

thanam et al., 2021) for text. All experiments are 1213

conducted on 16 NVIDIA A100-80Gb GPUs. 1214

The system prompt that we used during train- 1215

ing of Visual RAG variant of ALDEN is shown in 1216

Fig. 5. 1217

The system prompt that we used during training 1218

of Hybrid RAG variant of ALDEN is shown in 1219

Fig. 5. 1220

E Evaluation Metrics 1221

We evaluate models using both answer quality and 1222

intermediate navigation metrics. 1223

Model-based Accuracy (Acc). Answer quality 1224

is assessed with an LLM-as-judge protocol. Given 1225

a predicted answer and the ground-truth reference, 1226

GPT-4o is prompted to classify the prediction as 1227

Correct, Incorrect, or Tie/Unclear. We compute 1228

accuracy for each benchmark as the percentage of 1229

responses judged Correct over all responses: 1230

Acc =
#Correct

N
, (8) 1231

where N is the number of test instances. 1232

Trajectory-level Recall (Rec). Let G denote 1233

the set of ground-truth evidence pages for a given 1234

query, and let T denote the set of pages collected 1235

by the agent along a trajectory. The trajectory-level 1236

recall is defined as: 1237

Rec =
|T ∩ G|
|G|

. (9) 1238

This metric measures the fraction of ground- 1239

truth pages successfully retrieved by the agent over 1240

the course of a trajectory, providing an indicator of 1241

how effectively the agent gathers relevant informa- 1242

tion. 1243

Trajectory-level Prevision (Pre). Let G denote 1244

the set of ground-truth evidence pages for a given 1245

query, and let T denote the set of pages collected 1246

by the agent along a trajectory. The trajectory-level 1247

precision is defined as: 1248
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System prompt of ALDEN with Visual RAG

You are a helpful assistant designed to answer user questions based on a user-provided multi-page
document. The document can not be input directly with the question, you must reason step by
step to determine how to obtain evidence document pages by optimally utilizing tools and analyze
the relevant content in the obtained document pages to precisely answer user’s question. Your
reasoning process MUST BE enclosed within <think> </think> tags. Your answer MUST
BE enclosed within <answer> </answer> tags. In the last part of the answer, the final exact
answer is enclosed within \boxed{{}} with latex format. The available tool is a **search tool**.
After reasoning, you can invoke the search tool by generating <search> your search query here
</search> to retrieve document pages most relevant to your search query. For example, your
response could be in the format of ’<think> your reasoning process </think> <search> search
query </search>’, or ’<think> your reasoning process </think> <answer> your answer here.
The final answer is \[ \boxed{{answer here}} \] </answer>’. After invoking a tool, the user will
return obtained document pages inside <result> </result> tags to you. Besides, the user will
additionally provide the page number of the obtained page.
**Important constraints**:
- Only if you get all the potential evidence pages and find that the there is no evidenced answer or the
document content is irrelevant to the user query, you can respond with ’<think> your reasoning
process </think> <answer> The final answer is \[ \boxedThe problem is not answerable \]
</answer>’.
- If multiple valid answers are found, return them separated by semicolons.
- You may not get the true evidence page in one-shot, carefully check whether the obtained pages
are the true evidence page. If not, try different rewritings of your query or try different tool usage
strategy several times.

Figure 5: System prompt of ALDEN with Visual RAG

Pre =
|T ∩ G|
|T |

. (10)1249

This metric measures the fraction of pages col-1250

lected by the agent that are actually relevant, pro-1251

viding an indicator of how accurately the agent1252

identifies evidence pages during a trajectory.1253

F1 Score (F1). Based on the trajectory-level1254

precision and recall, the trajectory-level F1 score1255

is defined as the harmonic mean of the two:1256

F1 = 2 · Pre · Rec
Prec + Rec

. (11)1257

This metric provides a balanced measure of the1258

agent’s performance, accounting for both its ability1259

to collect relevant pages (recall) and to avoid col-1260

lecting irrelevant ones (precision) over a trajectory.1261

Number of uniquely collected pages (#UP).1262

F Case Study1263

In this section, we present typical examples from1264

the LongDocURL benchmark to analyze the be-1265

havior of the ALDEN model. As illustrated in the1266

successful cases in Tab. 6 and Tab. 7, the agent ef- 1267

fectively learns to combine the search and fetch 1268

actions to gather evidence and correctly answer the 1269

question. In particular, the example in Tab. 7 shows 1270

the agent using fetch to complement search when 1271

the latter fails to retrieve the true evidence page in 1272

a single step, highlighting the benefit of ALDEN ’s 1273

expanded action space. Alongside these successes, 1274

we also present failure cases in Tab. 8 and Tab. 9. 1275

These examples reveal that the model still struggles 1276

to verify evidence pages and explore sufficiently 1277

when the search action returns results far from 1278

the ground-truth pages—a challenge we leave for 1279

future work. 1280
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User Question What’s name of the figure at the page which contains a table whose name is
"Table 18: Quality control related uses by type of use"?

Ground-truth
Pages

40

Generated Trajec-
tory

assistant
<think> The question asks for the name of the figure at the page that contains a
table with the name "Table 18: Quality control related uses by type of use". To
answer this, I should use the search tool to look for the table with the specified
name in the document. The fetch tool can be used to obtain the specific page
where this table is located. </think> <search> name of the figure at the page
which contains a table whose name is "Table 18: Quality control related uses
by type of use" </search>
user
<result> Page 39: Image tokens </result>
assistant
<think> The table mentioned in the search query is not found on the provided
page. The table in the document is "Table 17: Regulatory uses by main types of
uses". The search query asks for the figure at the page which contains the table
"Table 18: Quality control related uses by type of use". I should use the fetch
tool to obtain the page with the table "Table 18: Quality control related uses by
type of use". </think> <fetch> 40 </fetch>
user
<result> Image tokens </result>
assistant
<think> The table mentioned in the search query is found on the provided page.
The table in the document is "Table 18: Quality control related uses by type of
use". The search query asks for the figure at the page which contains the table
"Table 18: Quality control related uses by type of use". The figure mentioned in
the document is "Figure 20: Evolution of total numbers of uses of animals for
pyrogenicity testing between 2015 and 2018". The figure name is "Figure 20".
</think> <answer> The final answer is \[ \boxe{{Figure 20}} \]</answer>

Table 6: Example of a generated case showing the user question and ALDEN’s full reasoning–action trajectory.
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System prompt of ALDEN with Hybrid RAG

You are a helpful assistant designed to answer user questions based on a user-provided multi-page
document. Each page exists in two modalities: the original image and an OCR text extraction.
You cannot access the full document directly; instead, you must reason step by step to determine
how to obtain evidence document pages by optimally utilizing tools and analyze the relevant
content in the obtained document pages to precisely answer user’s question. Your reasoning
process MUST BE enclosed within <think> </think> tags. Your answer MUST BE enclosed
within <answer> </answer> tags. In the last part of the answer, the final exact answer should be
enclosed within \boxed{{}} with latex format. The available tools include a **search tool** and a
**fetch tool**. After reasoning, you can invoke either the search tool by generating <search>
your search query here </search> to retrieve relevant document pages in both modalities or the
fetch tool by generating <fetch> modal, page number </fetch> to obtain a specific document
page in the specified modal, where the modal should be ’image’ or ’text’ and the page number
should be a integrity number chosen from the user specified page number range. For example, your
response could be in the format of ’<think> your reasoning process </think> <search> search
query </search>’, or ’<think> your reasoning process </think> <fetch> image, page number
</fetch>’, or ’<think> your reasoning process </think> <fetch> text, page number </fetch>’,
or ’<think> your reasoning process </think> <answer> your answer here. The final answer
is \[ \boxed{{answer here}} \] </answer>’. After invoking a tool, the user will return obtained
document pages inside <result> </result> tags to you. For the search tool, the user will return
both the relevant image pages and the relevant OCR text pages and attach them with corresponding
page numbers. For the fetch tool, the user will only return either the image page or the OCR text
page according to your input arguments.
**Important constraints**:
- Only if you get all the potential evidence pages and find that the there is no evidenced answer or
the document content is irrelevant to the user query, you can respond with ’<think> your reasoning
process </think> <answer> The final answer is \[ \boxedThe problem is not answerable \]
</answer>’.
- If multiple valid answers are found, return them separated by semicolons.
- Only one page can be fetched at a time using the fetch tool.
- You may not get the true evidence page in one-shot, carefully check whether the obtained pages
are the true evidence page. If not, try different rewritings of your query or try different tool usage
strategy several times.
- Page numbers shown in the document pages may not be consistent with user specified page
number range. In case of any discrepancy, the user defined parge number range shall prevail.
- You need to invoke the tools at least once and can invoke up to 5 times. When you output the
answer, the interaction stops.

Figure 6: System prompt of ALDEN with Hybrid RAG.
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User Question What is the percentage decrease in hospitalizations between May 14 and May
20, 2020? (A). -6.5(B). +6.5(C). -65(D). +65Choose the letter name in front of
the right option from A, B, C, D.

Ground-truth
Pages

21

Generated Trajec-
tory

assistant
<think> The question asks for the percentage decrease in hospitalizations
between May 14 and May 20, 2020. To answer this, I need to find information
in the document that discusses hospitalizations for these specific dates and the
percentage change between them. I will use the search tool to look for the
relevant information in the document. </think> <search> percentage decrease
in hospitalizations between May 14 and May 20, 2020 </search>
user
<result>Page 21: Image tokens </result>
assistant
<think> The image contains the information needed to answer the question.
According to the document, there has been a -6.5% decrease in hospitalized pa-
tients between May 14 and May 20, 2020. The correct answer is (A). </think>
<answer> The final answer is \[ \boxed{{A}} \]</answer>

Table 7: Example of a generated case showing the user question and ALDEN’s full reasoning–action trajectory.

User Question What is the interval between specific lunar/solar events in days?

Ground-truth
Pages

46, 47, 48, 55, 57, 58

Generated Trajec-
tory

assistant
<think> The question asks for the interval between specific lunar/solar events
in days. To answer this, I should look for information in the document that
discusses lunar and solar events and their intervals. The search tool seems the
best option to find this information. I will use the search tool first. </think>
<search> interval between lunar/solar events in days </search>
user
<result>Page 25: Image tokens </result>
assistant
<think> The image contains the information needed to answer the question.
The document states that the interval between the lunar eclipse on April 15,
2014, and the lunar eclipse on September 28, 2015, is exactly 266 days. This
matches the information in the question. The interval between specific lu-
nar/solar events in days is 266 days. The final answer is \[ \boxed{266}
\]</think> <answer> The final answer is \[ \boxed{266} \]</answer>

Table 8: Example of a generated case showing the user question and ALDEN’s full reasoning–action trajectory.
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User Question What penalties are specified for possession of category l or category 2 items?

Ground-truth
Pages

21

Generated Trajec-
tory

assistant
<think> The question asks for the penalties specified for possession of category
1 or category 2 items. To answer this, I should look for information in the
document that discusses the penalties for these categories. The search tool
seems the best option to start with as it can help locate the relevant information
in the document. I will use the search tool first. </think> <search> penalties
for possession of category 1 or category 2 items </search>
user
<result>Page 21: Image tokens </result>
assistant
<think> The image contains the information needed to answer the question.
According to the document, the penalties for possession of a category 1 item
or a category 2 item are specified in the Misuse of Drugs Act 1981. For a
simple offence, the penalty is $12,000 or imprisonment for 3 years or both.
The relevant information is found in the document. The final answer is \[
\boxed{{$12,000 or imprisonment for 3 years or both}} \]</think> <answer>
The final answer is \[ \boxed{{$12,000 or imprisonment for 3 years or both}}
\]</answer>

Table 9: Example of a generated case showing the user question and ALDEN’s full reasoning–action trajectory.
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Algorithm 1 PPO with Dual KL Regularization for
Multi-Turn VRDU Agents

Require: Actor πθ, Critic Vϕ, Reference model
πref, KL weights βgen, βobs, discount factors
γtoken, γturn, GAE parameters λtoken, λturn, re-
play buffer B

1: Initialize replay buffer B
2: for iteration = 1, 2, . . . do
3: Sample |B| queries from the dataset
4: for each query do
5: Reset: query q, empty retrieval history,

t← 1
6: while t < T and at−1 ̸= answer do
7: πθ generates a token sequence at ∼

πθ(·|st)
8: Parse the discrete action (search,

fetch, or answer) from at
9: Execute action→ obtain new state

st+1 and turn reward rt
10: Store {at, st+1, rt} in B
11: t← t+ 1

12: Turn-level value estimation:
13: for each episode in B do
14: Estimate Vϕ(st) at final token of each

turn
15: Compute target turn value V̂t via turn-

level GAE
16: Assign token-level reward r̃t ← V̂t

17: Dual KL penalty computation:
18: for each token in B do
19: if token is generated then
20: Compute Ai

t via token-level GAE
using r̃t

21: Compute KL(πθ(·|s) ∥πref(·|s))
with weight βgen

22: else if token is observation then
23: Compute KL(πθ(·|s) ∥πref(·|s))

with weight βobs

24: PPO update:
25: Update θ by maximizing policy loss Lpolicy
26: Update ϕ by minimizing value loss Lvalue
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