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Abstract001

Visual Language Models (VLMs) have become002
a robust foundation for document question an-003
swering. Processing long documents remains004
challenging due to limited context windows and005
computational budgets. Existing page-level re-006
trieval methods offer a practical solution, typi-007
cally encoding pages and queries into vectors008
and ranking them via cosine similarity. How-009
ever, such embedding-based methods (i) lack010
query–page interaction before similarity scor-011
ing and (ii) usually require large-scale dataset012
to align visual and textual embeddings. In this013
paper, we observe that the cross-modal atten-014
tion maps of well-trained VLMs are able to015
highlight semantically relevant regions. Build-016
ing on this insight, we present CAPS (Cross-017
modal Attention as Page Selector), a retrieval018
framework that utilizes attention mechanisms019
inside VLMs for page selection. Specifically,020
CAPS first enhances attention-based retrieval021
capability with a small amount of contrastive022
data, then identifies the most effective atten-023
tion head through expert head selection, and024
finally employs an adaptive filtering mecha-025
nism to obtain an appropriate number of rele-026
vant page candidates. Extensive experiments027
on four long-document benchmarks demon-028
strate that CAPS outperforms state-of-the-art029
embedding-based methods in both retrieval pre-030
cision and downstream DocQA accuracy. No-031
tably, CAPS achieves these gains using less032
than 10% of the training data required by com-033
peting baselines, highlighting the data effi-034
ciency of attention-based page retrieval.035

1 Introduction036

Document Question Answering (DocQA) serves037

as a critical benchmark for evaluating docu-038

ment understanding capability (Ding et al., 2022;039

Zhang et al., 2025a; Suri et al., 2025; Ma et al.,040

2024a). Traditional Retrieval-Augmented Genera-041

tion (RAG) (Lewis et al., 2020) pipelines rely on042

OCR (Wang et al., 2024; Wei et al., 2024, 2025)043
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Figure 1: Comparison of page retrieval methods. (a)
Embedding-based retrieval matches pages via cosine
similarity in a shared vector space. However, similarity
is determined by global embedding alignment, without
explicit interaction between query and visual cues. (b)
Attention-based retrieval utilizes internal attention sig-
nals within the VLM for retrieval, enabling fine-grained
interactions between query and relevant regions (e.g.,
locating the axes in figure).

to linearize documents into text. While effective 044

for plain-text documents, these methods may dis- 045

card vital visual cues that many DocQA questions 046

hinge on, including complex layouts, charts, and 047

formatting. Recent Visual Language Models of- 048

fer a promising alternative by directly processing 049

document images (Duan et al., 2025; Hu et al., 050

2025). However, current VLMs remain constrained 051

by context length and computational cost, making 052

the processing of long documents impractical. 053

Recent works (Chen et al., 2025a; Huang et al., 054

2025) adopt page retrieval as a preliminary step 055

for DocQA: given a user query, the retrieval step 056

selects a handful of relevant pages from a docu- 057

ment before answering. Prevailing approaches typ- 058

ically rely on embedding-based retrieval. Meth- 059

ods such as ColPali (Faysse et al., 2025) employ 060

VLMs as encoders to embed pages and queries into 061

a shared vector space and compute relevance via 062

cosine similarity (Cho et al., 2024). Building on 063
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this, works such as MDocAgent (Han et al., 2025)064

and MoLoRAG (Wu et al., 2025) have introduced065

more precise matching mechanisms. Despite their066

widespread application, these embedding-based ap-067

proaches employ dual-encoders to compress user068

query and multimodal pages into vectors for com-069

parison, limiting their ability to model fine-grained070

interactions. Furthermore, they rely on large-scale071

contrastive training datasets to align visual and tex-072

tual embeddings.073

In this work, we revisit the page retrieval pro-074

cess for DocQA: does a well-trained VLM already075

know how to retrieve? Cross-modal attention is ex-076

plicitly designed to align textual tokens with visual077

evidence, and recent analyses suggest that attention078

patterns can expose fine-grained semantic corre-079

spondences (Chen et al., 2024; Kaduri et al., 2025).080

This aligns with human cognitive patterns: when081

answering a question based on a document, one nat-082

urally locates relevant regions before formulating083

an answer. With a systematic analysis of the zero-084

shot retrieval capability encoded in VLM attention085

patterns, we observe that the retrieval signal is al-086

ready encoded in the cross-modal attention maps.087

Inspired by this insight, we propose CAPS088

(Cross-modal Attention as Page Selector), an089

attention-based framework that unlocks the latent090

retrieval capability inside VLMs for document page091

selection. CAPS first enhances the attention-based092

retrieval capability through contrastive learning,093

where the model demonstrates substantial improve-094

ment in attention-based retrieval capability using095

only a small amount of contrastive data. Since096

head-wise analysis reveals that retrieval compe-097

tence is not uniform across attention heads, we098

identify the top-performing attention head as the099

designated retrieval expert head. Finally, we apply100

an adaptive filtering strategy to select an appro-101

priate number of pages for each query, enabling102

dynamic page selection.103

Specifically, CAPS employs a lightweight VLM104

(e.g., Qwen2.5-VL-3B (Bai et al., 2025)) as the105

page retriever for long documents to ensure effi-106

ciency. Extensive experiments on four challenging107

benchmarks, including MMLongBench-Doc (Ma108

et al., 2024b), LongDocURL (Deng et al., 2025),109

PaperTab, and FetaTab (Hui et al., 2024), demon-110

strate that CAPS consistently outperforms existing111

state-of-the-art methods in both retrieval precision112

and DocQA accuracy, while requiring less than113

10% of training data. In summary, our contribu-114

tions are as follows:115

• We observe that VLM intrinsic cross-modal 116

attention signals can be directly exploited for 117

document page retrieval, offering an alterna- 118

tive to existing approaches. 119

• We introduce CAPS, a framework that utilizes 120

cross-modal attention in VLMs for document 121

page selection. CAPS enhances the model’s 122

attention-based retrieval capability through 123

contrastive learning, and subsequently utilizes 124

the identified expert head, combined with an 125

adaptive filtering strategy, to achieve dynamic 126

page selection. 127

• Extensive experiments demonstrate that 128

CAPS achieves superior retrieval precision 129

and DocQA accuracy on four challenging 130

long-document benchmarks, outperforming 131

a wide range of existing methods. 132

2 Related Works 133

Document Question Answering. The landscape 134

of DocQA has evolved from processing single- 135

page, plain-text documents (Mathew et al., 2021, 136

2022) to analyzing multi-page, visually-rich con- 137

texts (Tito et al., 2023; Ma et al., 2024b; Deng et al., 138

2025). While Large Language Models (LLMs) tra- 139

ditionally dominated this field, their reliance on 140

OCR introduces significant information loss and 141

error propagation, especially in complex layouts 142

(Kim et al., 2022; Lee et al., 2023). To mitigate this, 143

Vision-Language Models (VLMs) have emerged as 144

a robust, OCR-free paradigm (Ye et al., 2023; Hu 145

et al., 2025). However, despite their superior visual 146

understanding, standard VLMs struggle with the 147

computational burden of long-context documents. 148

Our work addresses this limitation by equipping 149

VLMs with efficient page selection capabilities. 150

Visual Document Retrieval. RAG enhances gen- 151

eration by integrating external knowledge (Lewis 152

et al., 2020). In the visual domain, traditional CLIP- 153

based methods (Radford et al., 2021) often fail 154

to capture fine-grained document semantics due 155

to vector compression. To address this, pioneer- 156

ing works like ColPali (Faysse et al., 2025) lever- 157

age VLMs to implement late-interaction mecha- 158

nisms, preserving multi-vector representations for 159

finer matching. Building upon this paradigm, sub- 160

sequent studies have tailored it to specific chal- 161

lenges: M3DocRAG (Cho et al., 2024) extended 162

the approach to comprehensive page-level retrieval 163
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benchmarks; MDocAgent (Han et al., 2025) inte-164

grated it into an agentic framework for informa-165

tion filtering combined with text matching; and166

MoLoRAG (Wu et al., 2025) utilized graph struc-167

tures to further optimize page selection strategies.168

However, these methods fundamentally rely on de-169

coupled encoding schemes that typically necessi-170

tate massive contrastive training data. In contrast,171

our approach leverages the VLM’s intrinsic cross-172

modal attention for retrieval, avoiding parameter-173

heavy external modules.174

Attention-based Semantic Relevance. The at-175

tention mechanism in transformer-based VLMs176

computes pairwise compatibility scores between all177

token positions, enabling flexible information rout-178

ing across the sequence. The correlation between179

attention weights and semantic relevance in trans-180

formers is well-established. Studies, such as FastV181

(Chen et al., 2024) and PyramidDrop (Xing et al.,182

2025), leverage intrinsic attention for tasks like183

token pruning and visual grounding, demonstrat-184

ing that attention mechanisms naturally gravitate185

towards informative regions (Zhang et al., 2025b;186

Wen et al., 2025). Further analysis of VLMs reveals187

that intermediate layers typically exhibit stronger188

semantic alignment between modalities (Kaduri189

et al., 2025; Jiang et al., 2025; Zhang et al., 2025c).190

Recent approaches have also successfully utilized191

attention patterns for retrieval tasks within the tex-192

tual domain (Ye et al., 2025; Fang et al., 2025).193

In this work, we systematically apply cross-modal194

attention for visual document retrieval and further195

enhance its effectiveness through training.196

3 Method197

We present CAPS that unlocks the cross-modal at-198

tention in vision-language models for document199

page selection. Figure 2 provides an overview of200

our framework. This section first formalizes the in-201

terpretation of attention weights as relevance scores202

to probe the intrinsic retrieval capability of mod-203

els, then proposes a contrastive training strategy to204

enhance the page retrieval capability of attention205

at specific architectural locations, and finally intro-206

duces an adaptive filtering mechanism to tailor the207

context size for answer generation.208

3.1 Problem Formulation and209

Attention-based Relevance Scoring210

Task Definition. Given a multi-page document211

D = {p1, p2, . . . , pm} and a natural language212

query q, our objective is to identify the subset of 213

pages Pret ⊆ D that contain evidence necessary for 214

answering the query. This retrieved subset subse- 215

quently serves as the visual context for a vision- 216

language model to generate the response. There- 217

fore, the size of Pret must be constrained within a 218

reasonable range to accommodate the model input 219

capacity. To achieve this, we introduce a quanti- 220

tative metric, the relevance score, to evaluate the 221

alignment between the query and each document 222

page, which subsequently serves as the core crite- 223

rion for our retrieval process. 224

Relevance Score Formulation. To quantify the 225

relevance, we propose a scoring mechanism based 226

on the attention weights within transformer-based 227

VLMs (Vaswani et al., 2017). Formally, consider 228

a VLM processing a multimodal input token se- 229

quence T = {t1, t2, . . . , tN} derived from the con- 230

catenation of a document page image p and a tex- 231

tual query q. Here, N denotes the total sequence 232

length, and each index i (1 ≤ i ≤ N ) represents 233

a distinct position in the sequence, corresponding 234

to either a visual patch or a textual token. In au- 235

toregressive architectures, the token at the final 236

position tN aggregates information from the entire 237

preceding context to parameterize the next-token 238

distribution, making it a natural proxy for holistic 239

query understanding. Consequently, the distribu- 240

tion of its attention weights over the visual tokens 241

reflects the model’s implicit assessment of page 242

relevance (Chen et al., 2024; Endo et al., 2025). 243

At layer l and attention head h, let q(l,h)
final ∈ Rd 244

denote the query vector at the final position and 245

k
(l,h)
i ∈ Rd the key vector at position i. The at- 246

tention weight from the final token to the token at 247

position i is computed as: 248

A
(l,h)
final→i =

exp

(
q
(l,h)
final ·(k(l,h)

i )⊤√
d

)
∑N

j=1 exp

(
q
(l,h)
final ·(k(l,h)

j )⊤
√
d

) . (1) 249

Based on these attention weights, we define the 250

head-level relevance score by aggregating the at- 251

tention weights assigned to visual tokens: 252

s
(l,h)
head (p, q) =

∑
i∈Vp

A
(l,h)
final→i, (2) 253

where Vp is the index set of visual tokens corre- 254

sponding to page p. This score quantifies the pro- 255

portion of attention mass allocated to the page, serv- 256

ing as our retrieval signal. Furthermore, we define 257
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Figure 2: Overview of the CAPS method. (a) Attention-based Relevance Score: we extract the cross-modal attention
weights from the final token to visual tokens within the selected layer to quantify page-query relevance. (b) Training
& Head Selection: the model is trained via contrastive learning using layer-level relevance scores, and the best head
h∗ is subsequently selected. (c) Page Selection for Generation: we utilize head-level relevance scores to evaluate all
pages, followed by adaptive filtering to obtain the retrieved pages, providing context for generation.
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Figure 3: Quantitative analysis of attention-based re-
trieval capability in Qwen2.5-VL-3B, including layer-
wise performance and head-wise performance within
the best-performing layer (before and after training).

the layer-level relevance score:258

s
(l)
layer(p, q) =

1

H

H∑
h=1

s
(l,h)
head (p, q), (3)259

where H is the number of attention heads per layer.260

This score reflects the retrieval capability of a spe-261

cific layer by averaging the head-level relevance262

scores across all heads.263

3.2 Probing Intrinsic Retrieval Capability264

Before introducing our training procedure, we con-265

duct a systematic analysis to characterize the zero-266

shot retrieval capability encoded in VLM attention267

patterns. This investigation serves dual purposes:268

validating our core hypothesis that attention en-269

codes retrieval-relevant information, and identify- 270

ing architectural locations where this capability is 271

most pronounced. 272

Evaluation Protocol. We evaluate retrieval per- 273

formance using Recall@K, measuring the fraction 274

of ground-truth evidence pages recovered within 275

the top-K ranked candidates: 276

Recall@K =
|Ptop-K ∩ Pgt|

|Pgt|
, (4) 277

where Ptop-K denotes pages ranked in the top-K 278

positions by relevance score and Pgt represents 279

ground-truth evidence pages. 280

Layer-wise Heterogeneity. We first examine 281

how retrieval capability varies across transformer 282

depth using layer-level relevance scores on a valida- 283

tion set. Figure 3 (a) reports layer-wise Recall@K 284

for Qwen2.5-VL-3B (Bai et al., 2025), revealing 285

layer-to-layer heterogeneity. While some layers 286

contribute little to recall, others demonstrate sub- 287

stantially stronger retrieval capability, indicating 288

selective encoding across the architecture. Exam- 289

ining the overall trend, almost all early layers ex- 290

hibit negligible retrieval capability, consistent with 291

their role in encoding low-level visual and textual 292

features. Performance increases substantially in 293

middle layers and peaks at layer 27, which we hy- 294
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pothesize corresponds to the depth at which cross-295

modal semantic alignment is maximally developed.296

We designate this peak layer as l∗ for subsequent297

analysis. Deeper layers show modest degradation,298

possibly due to increased task-specificity that di-299

minishes general retrieval utility.300

Head-wise Heterogeneity. We further analyze301

individual attention heads within the optimal layer302

l∗. As shown in Figure 3 (b), head-level perfor-303

mance exhibits substantial variance even within a304

single layer. Certain heads demonstrate markedly305

superior retrieval capability compared to the layer306

average, suggesting functional specialization. This307

finding carries important implications: naive ag-308

gregation across heads may dilute signals from309

high-performing heads with noise from less dis-310

criminative ones.311

3.3 Contrastive Training for Retrieval312

Enhancement313

Building on the preceding analysis, we propose a314

contrastive training procedure designed to enhance315

the discriminative capability of attention-based re-316

trieval. The objective is to sharpen the model’s317

ability to distinguish evidence pages from distrac-318

tors by maximizing the score differential between319

positive and negative samples.320

Training Data Construction. We construct train-321

ing instances as triplets (q, p+, p−), where q is a322

query, p+ is an evidence page containing informa-323

tion necessary to answer the query, and p− is a324

hard negative page sampled from the same docu-325

ment. Sampling high-scoring non-evidence pages326

from the same document as hard negatives proves327

more effective than traditional in-batch negative328

sampling strategies. Further details can be found329

in Appendix A.2.330

Optimization Objective. We employ a margin-331

based contrastive loss operating on layer-level332

relevance scores. Let s+layer = s
(l∗)
layer(p

+, q) and333

s−layer = s
(l∗)
layer(p

−, q) denote the relevance scores334

for positive and negative pages. The loss is defined335

as:336

L = log

(
1 + exp

(
s−layer − s+layer

τ

))
, (5)337

where τ is a temperature hyperparameter control-338

ling the sharpness of the optimization landscape.339

Training is conducted on the optimal layer l∗, en-340

abling efficient adaptation by leveraging the best341

intrinsic zero-shot retrieval capability. Through 342

this supervision signal, we apply full fine-tuning to 343

all upstream parameters. 344

Expert Head Selection. Contrastive training 345

yields significant improvements in performance. 346

As illustrated in Figure 3 (b), the layer-level rele- 347

vance score recall improves substantially, but indi- 348

vidual heads exhibit widely varying improvements, 349

indicating that different heads possess distinct train- 350

ing potentials for retrieval and suggesting that the 351

training process activates latent retrieval specializa- 352

tion. We designate the head achieving maximum 353

post-training recall as the retrieval expert head, de- 354

noted h∗. During inference, we deploy exclusively 355

this head for relevance scoring: 356

sinf(p, q) = s
(l∗,h∗)
head (p, q). (6) 357

This deployment eliminates signal dilution from 358

less discriminative heads while fully leveraging the 359

retrieval capability of the trained model. 360

3.4 Adaptive Page Selection for Answer 361

Generation 362

The final component of our framework addresses 363

the integration of attention-based retrieval into a 364

document question-answering pipeline. A critical 365

challenge lies in determining the appropriate num- 366

ber of pages to include in the context: too few may 367

omit essential evidence, while too many may intro- 368

duce distractors and computational burden. While 369

conventional top-K retrieval is widely adopted, this 370

approach is suboptimal for document QA, where 371

the number of relevant pages varies substantially 372

across queries. For example, single-page evidence 373

queries are contaminated by K − 1 distractors. 374

Adaptive Filtering. We propose an adaptive fil- 375

tering mechanism that adjusts context size to the 376

score distribution. Let smax = maxp∈D sinf(p, q) 377

denote the maximum relevance score. We intro- 378

duce a relative threshold θ ∈ (0, 1) and define the 379

retrieved page set as: 380

Pret={p ∈ top-K(D) |sinf(p, q)≥θ · smax} (7) 381

This formulation combines the computational pre- 382

dictability of top-K selection with adaptive prun- 383

ing based on relative confidence. When the score 384

distribution is sharply peaked, indicating high con- 385

fidence in a single page, the threshold aggressively 386

filters low-scoring candidates. When scores are 387

more uniformly distributed, suggesting multi-page 388

relevance, the threshold preserves broader context. 389
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Table 1: Retrieval performance comparison (in %) under the top-K setting. The “Data Scale” indicates the volume
of training data used for the base model of each method. Some baseline results are adopted from Wu et al. (2025).

MMLongBench LongDocURLTop-K Method Base Model Data Scale Recall Precision Recall Precision

3

M3DocRAG ColPali (3B) 118k samples 64.17 31.62 67.00 33.78
MDocAgent (Text) ColBertv2 (110M) 800k samples 43.21 20.77 58.53 29.33

MDocAgent (Image) ColPali (3B) 118k samples 64.74 31.97 66.67 33.62
MoLoRAG+ ColPali + Qwen2.5-VL 118k + 5k samples 68.87 48.67 68.92 47.53

CAPS InternVL2.5-2B 6k samples 71.08 45.47 69.34 41.76
CAPS Qwen2.5-VL-3B 6k samples 72.86 50.51 70.92 49.82

5

M3DocRAG ColPali (3B) 118k samples 72.00 22.58 74.32 23.34
MDocAgent (Text) ColBertv2 (110M) 800k samples 50.60 15.48 65.41 20.41

MDocAgent (Image) ColPali (3B) 118k samples 71.45 22.37 74.60 23.50
MoLoRAG+ ColPali+Qwen2.5-VL 118k + 5k samples 72.37 45.34 73.69 42.47

CAPS InternVL2.5-2B 6k samples 77.14 39.59 75.37 34.77
CAPS Qwen2.5-VL-3B 6k samples 78.89 45.61 75.76 44.31

Answer Generation. The retrieved pages are390

concatenated with the query and provided to the391

VLM for response generation:392

y = VLM(Pret, q) (8)393

This design effectively achieves query-adaptive394

context selection without requiring explicit super-395

vision for context size, thereby enabling the system396

to automatically balance precision and coverage397

based on retrieval confidence.398

4 Experiments399

4.1 Experimental Setup400

Models. We employ Qwen2.5-VL-3B (Bai et al.,401

2025) and InternVL2.5-2B (Chen et al., 2025b) for402

retrieval, assessing downstream QA generalization403

on LLaVA-NeXT-7B (Li et al., 2024), DeepSeek-404

VL-16B (Lu et al., 2024), and the Qwen2.5-VL.405

Benchmarks. Evaluations cover four bench-406

marks: (1) MMLongBench-Doc (Ma et al., 2024b),407

which requires multi-page reasoning with high in-408

formation density; (2) LongDocURL (Deng et al.,409

2025), featuring extensive lengths but lower den-410

sity; (3) PaperTab and (4) FetaTab (Hui et al.,411

2024), involving complex reasoning but fewer to-412

tal pages. We report generalized accuracy for the413

former two and binary accuracy for the latter.414

Baselines. We compare our approach against415

three categories of baselines: (1) Text RAG: Tradi-416

tional pipelines using OCR for text extraction fol-417

lowed by text-based retrieval and generation. We418

also include the recent DeepSeek-OCR (Wei et al.,419

2025) as a stronger text-based baseline, which is ca-420

pable of preserving visual information such as lay-421

out. Further details can be found in Appendix A.1.422

(2) VLMs Direct: Direct input of full documents 423

into the model without prior retrieval. (3) Retrieval- 424

based VLMs: Representative recent vision-based 425

retrieval methods. These approaches are all based 426

on vector similarity retrieval. 427

Implementation Details. The scoring VLM is 428

trained using the AdamW optimizer with a learn- 429

ing rate of 3 × 10−6 and a batch size of 32. The 430

temperature τ in the contrastive loss is set to 0.1. 431

During inference, we set the relative threshold θ 432

for adaptive page filtering to 0.3. 433

4.2 Main Results 434

Retrieval Performance. Table 1 compares the 435

page retrieval performance of retrieval-based VLM 436

methods. We report results on MMLongBench and 437

LongDocURL, as these datasets provide ground- 438

truth evidence page labels. The results demonstrate 439

that CAPS outperforms state-of-the-art methods 440

in Recall and Precision. Specifically, CAPS with 441

Qwen2.5-VL-3B as base model achieves 78.89% 442

on MMLongBench-Doc in terms of Recall@5, 443

outperforming the best baseline by 6 percentage 444

points, despite the baseline also utilizing the same 445

Qwen2.5-VL-3B to enhance its retrieval capabil- 446

ity. This indicates that our method more effectively 447

unlocks and leverages the latent retrieval capabil- 448

ity of the VLM backbone compared to previous 449

implementation strategies. Moreover, our train- 450

ing method is data-efficient, allowing for low-cost 451

method transfer as VLMs evolve. 452

Document Question-Answering Performance. 453

Table 2 reports downstream DocQA results using 454

top-3 retrieved pages, a setting balancing perfor- 455

mance and efficiency. CAPS utilizes Qwen2.5-VL- 456

3B as the base model. We highlight the following 457
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Table 2: Document Question-Answering Performance Comparison (in %) under the retrieved top-3 setting. Some
baseline results are adopted from Wu et al. (2025).

DocQA Model Method MMLongBench LongDocURL PaperTab FetaTab Avg.

Text-based

Qwen2.5-7B Text RAG 25.52 27.93 12.72 40.06 26.56
DSOCR Text RAG 30.67 30.87 17.05 45.57 31.04

DeepSeek-V3 Text RAG 29.82 34.73 17.05 52.36 33.49
DSOCR Text RAG 32.81 35.66 22.65 52.76 35.97

Vision-based

LLaVA-NeXT-7B

Direct 7.15 10.78 3.05 11.61 8.15
M3DocRAG 10.10 13.85 5.34 13.98 10.82
MoLoRAG+ 9.47 13.58 5.60 13.48 10.53

CAPS (Ours) 16.08 20.22 6.62 15.35 14.57

DeepSeek-VL-16B

Direct 8.40 14.72 6.11 16.14 11.34
M3DocRAG 18.12 29.60 7.89 27.07 20.67
MoLoRAG+ 25.47 37.21 10.94 41.54 28.79

CAPS (Ours) 25.59 40.27 12.21 49.31 31.85

Qwen2.5-VL-3B

Direct 26.65 24.89 25.19 51.57 32.08
M3DocRAG 29.11 44.40 24.68 53.25 37.86
MoLoRAG+ 32.47 45.27 27.23 58.76 40.93

CAPS (Ours) 34.86 45.60 25.45 62.60 42.13

Qwen2.5-VL-7B

Direct 32.77 26.38 29.77 64.07 38.25
M3DocRAG 36.18 49.03 28.50 63.78 44.37
MoLoRAG+ 41.01 51.85 31.04 69.19 48.27

CAPS (Ours) 44.69 53.78 36.13 71.36 51.49

Mixed

MDocAgent(LLaMA3.1-8B+Qwen2.5-VL-7B) 38.53 46.91 30.03 66.34 45.45

Query: In the demonstration 
of how to use a Knuckle to 
Take a Scrolling Screenshot, 
what buildings appear in 
the first picture?

Answer: Eiffel Tower

(a) Input image(b) mean of heads
before training

(c) head ℎ∗ 
before training

(d) mean of heads 
after training

(e) head ℎ∗ 
after training

Figure 4: Visualization of attention heatmaps from
Qwen2.5-VL-3B. The comparison between the expert
head h∗ and the layer mean highlights the focusing ef-
fect. Comparing before and after training states demon-
strates that noise is significantly suppressed and the
focus becomes more distinct after training.

three observations:458

(1) Vision-based retrieval surpasses text-based459

RAG. While DeepSeek-OCR improves upon tra-460

ditional text RAG by converting layouts to text, it461

cannot losslessly encode all visual elements. Con-462

sequently, even large-scale models like DeepSeek-463

V3 (DeepSeek-AI et al., 2025) lag behind VLMs 464

due to this inherent modality gap. 465

(2) Retrieval is critical for long contexts. 466

Retrieval-based methods consistently outperform 467

direct inference. This is crucial for benchmarks 468

like MMLongBench and LongDocURL where doc- 469

uments often exceed context windows, but it also 470

benefits shorter tasks (PaperTab/FetaTab) by effec- 471

tively filtering out noise to focus on valid evidence. 472

(3) CAPS achieves superior generalization ca- 473

pabilities. High-quality retrieval by CAPS con- 474

sistently boosts DocQA accuracy across LLaVA, 475

DeepSeek, and Qwen series. Notably, combining 476

CAPS with Qwen2.5-VL-7B yields the most ro- 477

bust performance, ultimately surpassing even the 478

strongest baseline by an average of 3%. 479

Attention Visual Analysis. We visualize cross- 480

modal attention in Figure 4 to further analyze the 481

attention-based retrieval capability. We observe 482

two phenomena: (1) Expert head effect: In evi- 483

dence pages, compared to the layer mean, the ex- 484

pert head focuses significantly more sharply on the 485

relevant region (the Eiffel Tower in the figure). (2) 486

Training effect: In evidence pages, contrastive train- 487

ing effectively suppresses background noise, con- 488

centrating attention primarily on evidence regions. 489
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Table 3: Ablation study on the page filtering threshold θ.
Experiments are conducted on the MMLongBench-Doc
using Qwen2.5-VL-3B for retrieval and Qwen2.5-VL-
7B for DocQA, with the top-K set to 3.

θ Recall Precision Avg. Pages Acc

without threshold

- 73.64 36.57 3.00 43.85

relative threshold

0.10 73.64 37.82 2.95 43.64
0.30 72.86 50.51 2.49 44.69
0.50 69.94 58.27 2.13 43.26

absolute threshold

0.05 73.41 37.14 2.97 43.82
0.10 69.16 42.90 2.45 42.85
0.15 62.74 48.63 1.87 42.05

Table 4: Ablation study on training objectives
using Qwen2.5-VL-3B. Results are reported on
MMLongBench-Doc without adaptive filtering.

Score in
Training

Score in
Inference Recall@3 Recall@5

training-free

- s
(l∗,6)
head 60.44 70.92

s
(l∗,10)
head 52.67 63.01

training with layer-level relevance score

s
(l∗)
layer

s
(l∗,6)
head 71.25 76.74

s
(l∗,10)
head 73.64 80.50

training with head-level relevance score

s
(l∗,6)
head s

(l∗,6)
head 71.14 76.79

s
(l∗,10)
head s

(l∗,10)
head 73.88 80.97

This validates the effectiveness of our method from490

another perspective. Further analysis can be found491

in Appendix B.3.492

4.3 Ablation Study493

Impact of threshold θ. We compare relative494

(s ≥ θ · smax) and absolute (s ≥ θ) thresholding495

on MMLongBench-Doc. Table 3 shows that thresh-496

olding significantly boosts Precision and reduces497

the average number of pages input to the model for498

QA with marginal Recall degradation. The relative499

threshold outperforms the absolute one by better500

adapting to case difficulty, providing a superior501

Recall-Precision trade-off.502

Impact of supervision signals. In Table 4, we503

analyze the effectiveness of different supervision504

signals, specifically modifying the relevance score505

within the loss function. The results demonstrate506

0 50 100 150 200

Training Steps

50

55

60

65

70

75

R
ec

al
l@
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)

= 1
= 0.1
= 0.01

Figure 5: Ablation study on the hyperparameter τ using
Qwen2.5-VL-3B for retrieval. The training curves of
Recall@3 on MMLongBench-Doc are shown for differ-
ent τ values, evaluated without adaptive filtering.

that supervising the layer-level relevance score ef- 507

fectively activates the retrieval potential of attention 508

heads. The performance achieved via layer-level 509

training is nearly identical to the upper bound estab- 510

lished by directly supervising specific head-level 511

scores (e.g., 73.64% vs. 73.88% for head 10). Cru- 512

cially, identifying the optimal retrieval head prior 513

to training is challenging, as the relative capability 514

of heads may shift during optimization. Layer-level 515

supervision addresses this uncertainty by allowing 516

the most capable head to emerge naturally. 517

Impact of hyperparameter τ in loss function. 518

We investigate the effect of the hyperparameter τ 519

on training using the MMLongBench-Doc bench- 520

mark. As shown in Figure 5, the choice of τ signif- 521

icantly impacts training stability. A large τ leads to 522

unstable training. Conversely, a small τ results in 523

sluggish convergence and suboptimal performance. 524

This hyperparameter facilitates smoother and more 525

stable training. 526

5 Conclusion 527

In this paper, we propose CAPS, a framework 528

that unlocks the cross-modal attention in vision- 529

language models for document page selection. By 530

performing contrastive training, identifying an ex- 531

pert head to compute relevance scores, and em- 532

ploying an adaptive filtering strategy, our method 533

applies attention-based page retrieval capability to 534

document understanding. Extensive experiments 535

demonstrate that CAPS achieves SOTA perfor- 536

mance among page retrieval methods across four 537

long-document benchmarks while demonstrating 538

high training data efficiency. This highlights the 539

superiority of intrinsic attention as a retrieval signal 540

for long-document understanding. 541
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Limitations542

The effectiveness of our attention-based retrieval543

is inherently contingent upon the visual under-544

standing capabilities of the VLM backbone. Ear-545

lier VLM architectures with fixed-resolution en-546

coders may struggle to resolve fine-grained text547

or dense charts in high-resolution documents, po-548

tentially limiting the performance of our method.549

However, recent VLMs are increasingly equipped550

with mechanisms to handle high-resolution inputs,551

which significantly mitigates this issue. Further-552

more, our current approach operates at the page553

level, aligning with current document retrieval and554

question-answering benchmarks. While this granu-555

larity effectively filters out irrelevant contexts, fu-556

ture applications might benefit from finer-grained557

retrieval, such as selecting specific document re-558

gions or patches. We acknowledge that region-level559

retrieval offers higher precision but introduces sig-560

nificant challenges regarding context fragmentation561

and methodological complexity. Effectively ad-562

dressing these complexities within current pipeline563

designs remains challenging and represents an open564

problem for the broader community.565
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A Implementation Details827

A.1 Baseline Implementations828

Text RAG Based on DeepSeek-OCR. We ac-829

knowledge the potential impact of the recently re-830

leased DeepSeek-OCR on the field of document831

understanding. Consequently, we adopt it as a su-832

perior alternative to traditional OCR engines, es-833

tablishing a stronger baseline for Text RAG, de-834

noted as DSOCR Text RAG. DeepSeek-OCR of-835

fers capabilities beyond standard character recog-836

nition, specifically in layout preservation and vi-837

sual element parsing. We primarily utilize the838

prompt “<image>\n<|grounding|>Convert the839

document to markdown.”. This mode effectively840

retains the document’s layout structure and extracts841

embedded images (crops), thereby generating a842

textual representation that maximally preserves vi-843

sual information. Furthermore, to ensure a pure-844

text input for the RAG pipeline, we employ the845

“<image>\nParse the figure.” prompt for846

visual elements. This mode converts structured847

graphics (e.g., tables, line charts) into formal tex-848

tual representations and provides natural language849

descriptions for natural images. We substitute the850

image placeholders in the generated markdown851

with these detailed textual descriptions to form the852

final corpus. Additionally, to handle rare instances853

where layout-aware processing fails, we implement854

a fallback mechanism using the “<image>\nFree855

OCR.” prompt. This corresponds to a traditional856

OCR mode that extracts text without preserving857

layout or parsing figures. The resulting text is858

then processed using the standard retrieval pipeline,859

consistent with other text-based baselines. This860

comprehensive approach significantly enhances the861

baseline’s ability to address queries related to doc-862

ument layout and charts.863

Other Baseline Implementations. Regarding864

other baselines, we largely follow the implemen-865

tation methods provided in Wu et al. (2025). For866

single-image VLMs such as LLaVA-NeXT-7B, we867

horizontally concatenate multiple page images into868

a single input to simulate multi-page processing.869

For VLMs that support arbitrary input resolutions,870

such as the Qwen series, we restrict the maximum871

number of visual tokens to 2048 per image, con-872

sidering the high-resolution nature of document873

images. For the “Direct” inference baseline (pro-874

cessing full documents without retrieval), we set a875

maximum input capacity of 30 pages due to context876

window constraints. 877

A.2 Training Data Construction 878

Data Source. Our training dataset is constructed 879

by aggregating high-quality supervision signals 880

from two distinct sources. First, we utilize the 881

dataset meticulously annotated in the MoLoRAG 882

task, which provides fine-grained query-page rel- 883

evance scores ranging from 1 to 5. From this set, 884

we select pages with relevance scores of 4 and 5 as 885

positive evidence samples. Given the limited scale 886

of this manually annotated dataset, we supplement 887

it with data from the MP-DocVQA benchmark, 888

which also provides ground-truth evidence page 889

labels. In total, we construct a dataset of 6,400 890

samples. It is worth noting that we initially ex- 891

plored scaling the training data to approximately 892

10k samples and extending the training duration to 893

multiple epochs. However, empirical monitoring of 894

intermediate checkpoints revealed that the retrieval 895

performance saturated rapidly. Specifically, we ob- 896

served negligible gains beyond approximately 200 897

training steps (with a batch size of 32). Conse- 898

quently, we finalized the dataset at 6.4k samples, 899

confirming that a compact, high-quality dataset is 900

sufficient to effectively activate the model’s latent 901

retrieval capabilities without the need for extensive 902

data scaling or prolonged training. 903

Hard Negative Mining. Regarding negative sam- 904

pling, we diverge from standard contrastive learn- 905

ing approaches that typically rely on in-batch nega- 906

tives. We argue that distinguishing between pages 907

within the same document context is significantly 908

more challenging and beneficial than distinguish- 909

ing between random documents. Therefore, we 910

implement a model-guided hard negative mining 911

strategy. Specifically, for each query, we compute 912

the relevance scores of all pages within the tar- 913

get document using the model zero-shot capability 914

(prior to training). We then identify the page with 915

the highest relevance score that is not labeled as 916

a ground-truth evidence page to serve as the hard 917

negative. This approach forces the model to dis- 918

criminate between semantically or visually similar 919

pages within the same document, thereby facili- 920

tating the learning of more fine-grained retrieval 921

capabilities. 922

A.3 Other Details 923

All experiments were conducted on NVIDIA A800 924

GPUs. The training process is computationally 925
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Figure 7: Ablation study on the selection layer. We
compare the Recall@3 performance on MMLongBench-
Doc and LongDocURL when training on different layers
of Qwen2.5-VL-3B, evaluated without the adaptive fil-
tering.

efficient; a single experimental run requires ap-926

proximately 5 hours on one GPU. For optimization,927

we employ the AdamW optimizer with a global928

batch size of 32 and a learning rate of 3 × 10−6.929

Regarding the specific hyperparameters introduced930

in our method, the contrastive loss temperature τ931

is set to 0.1, and the adaptive filtering threshold932

θ is set to 0.3. During the inference and evalua-933

tion phase, standard evaluation protocols across the934

utilized benchmarks involve an answer extraction935

step to normalize model outputs. We utilize the936

qwen3-max API as the extractor for this purpose to937

ensure accurate answer parsing.938

B Additional Experimental Results939

B.1 Analysis on InternVL940

To evaluate the generalization capability of our941

proposed framework, we conduct identical experi-942

ments using the InternVL2.5-2B architecture, em-943

ploying the same training and evaluation hyper-944

parameters. Figure 6 illustrates the quantitative945

analysis of layer-wise and head-wise retrieval per-946

formance on the validation set. Our observations947

confirm that the findings reported for Qwen2.5-948

VL are generalizable across different VLM archi-949

Table 5: Ablation study on the percentage of visual
tokens used for relevance scoring. Experiments are
conducted on MMLongBench-Doc using Qwen2.5-VL-
3B in the training-free setting without adaptive filter-
ing. The ratio r denotes the ratio of top-scoring tokens
summed to calculate the relevance score, where “100%”
represents our standard method of aggregating all visual
tokens.

Score in
Inference Ratio r Recall@3 Recall@5

s
(l∗)
layer

1% 27.33 36.17
10% 38.02 48.86
100% 42.25 53.37

s
(l∗,6)
head

1% 58.97 69.28
10% 60.72 70.45
100% 60.44 70.92

s
(l∗,10)
head

1% 50.03 59.32
10% 54.39 62.28
100% 52.67 63.01

tectures. For InternVL2.5-2B, which consists of 950

a 25-layer Transformer, we observe that the in- 951

trinsic retrieval capability peaks at the 17th layer 952

(l∗ = 17). Subsequent contrastive training yields 953

a substantial improvement in attention-based re- 954

trieval performance. We identify the 11th attention 955

head (h∗ = 11) within this layer as the expert head 956

for final evaluation. 957

The retrieval results on the MMLongBench-Doc 958

and LongDocURL benchmarks are presented in 959

Table 1. Although the absolute performance is 960

slightly lower than that of Qwen2.5-VL-3B, the 961

method still achieves highly competitive results. 962

This demonstrates the robust generalization of our 963

approach. Furthermore, given the low computa- 964

tional cost of training, our framework can be effi- 965

ciently transferred to more advanced VLMs as they 966

evolve. We anticipate that applying our method 967

to stronger backbones will yield even superior 968

retrieval performance, benefitting from their en- 969

hanced intrinsic visual understanding capabilities. 970

B.2 Additional Ablation Study 971

Effectiveness of Layer Selection. To validate 972

the rationale behind selecting the optimal layer l∗ 973

based on zero-shot performance, we investigate the 974

impact of applying contrastive training to layers at 975

various depths, rather than exclusively targeting the 976

layer with the highest initial score. As shown in Fig- 977

ure 7, we track the post-training performance of the 978

best head within each selected layer of Qwen2.5- 979

VL-3B. The results demonstrate a strong consis- 980

tency: the layer that exhibits the highest capabil- 981

13



ity in the training-free setting remains the optimal982

choice after training. Specifically, early layers yield983

poor results due to insufficient semantic interaction,984

while performance peaks at the deeper layers be-985

fore declining in the final layers. This observation986

confirms that the intrinsic retrieval capability is987

a reliable indicator of training potential, thereby988

justifying the effectiveness of our layer selection989

strategy.990

Effectiveness of Token Aggregation Ratio r.991

Recall that in the main text, the relevance score992

is defined by aggregating attention weights over993

the complete set of visual tokens Vp (Eq. 2). In this994

ablation study, we introduce a ratio hyperparame-995

ter r to investigate whether the retrieval signal is996

dominated by sparse salient regions. We define a997

subset V(r)
p ⊂ Vp consisting of the top-r percent of998

tokens ranked by attention weight, and restrict the999

summation range in Eq. 2 from the full set Vp to1000

this subset V(r)
p .1001

As shown in Table 5, narrowing the summa-1002

tion scope to strictly high-confidence tokens (e.g.,1003

r = 1% or 10%) does not yield significant per-1004

formance gains. This indicates that valid retrieval1005

signals typically involve contributions from every1006

token, rather than being concentrated on a few ex-1007

treme pixels; the varying magnitudes of improve-1008

ment merely result in highlighted regions during1009

visualization. Furthermore, from an optimization1010

perspective, dynamically selecting V(r)
p necessi-1011

tates a hard sorting operation, which is inherently1012

non-differentiable and hinders gradient propaga-1013

tion. Although potential solutions exist, we can1014

entirely circumvent this issue. Therefore, we retain1015

the summation over the full set Vp as our standard1016

configuration, ensuring both superior performance1017

and training stability.1018

B.3 Visualization and Analysis1019

We visualize additional examples of cross-modal1020

attention in Figure 8. We observe three key phe-1021

nomena: (1) Expert head effect: In evidence pages,1022

compared to the layer mean, the expert head fo-1023

cuses significantly more sharply on the relevant1024

region in most cases, whereas the layer mean atten-1025

tion is dispersed as it aggregates highlights from1026

all heads. (2) Training effect: Compared to the pre-1027

training stage, post-training results demonstrate1028

effective suppression of background noise in evi-1029

dence pages, concentrating attention on evidence1030

regions. This indicates that training enhances the1031

Table 6: Quantitative comparison of recall on
MMLongBench-Doc before and after training, based on
Equation 9 using the attention weights of head h∗.

Setting Recall@3 Recall@5

Before Training 52.67 63.01
After Training 67.44 75.11

model’s discriminative capability, preventing ex- 1032

cessive attention allocation to non-evidence areas. 1033

(3) Attention sink: All irrelevant pages exhibit a 1034

static attention sink pattern, focusing primarily on 1035

initial tokens or boundary tokens due to the lack 1036

of semantic alignment. This resembles the inher- 1037

ent attention sink phenomenon in LLMs, which 1038

we visualize here within the context of document 1039

pages. 1040

To quantitatively validate these visual observa- 1041

tions, we leverage the distinct "attention sink" pat- 1042

terns found in irrelevant pages. Let Pi denote the 1043

flattened attention weight vector from the final to- 1044

ken to all visual tokens for the i-th page (refer to 1045

Eq.1), and let P̄ be the mean attention vector com- 1046

puted across all pages. Here, P̄ approximates the 1047

static, query-agnostic background bias (i.e., the at- 1048

tention sink). We define a variance-based score, 1049

svar, to quantify the deviation from this static pat- 1050

tern: 1051

svar = Var(Pi − P̄) (9) 1052

Intuitively, a higher svar indicates that the page 1053

exhibits unique, query-specific focal points that 1054

significantly diverge from the background noise, 1055

whereas a low score suggests the page is dominated 1056

by the static attention sink. We utilize this metric 1057

to rank pages for retrieval. As presented in Table 6, 1058

the substantial improvement in Recall after train- 1059

ing confirms our visual findings: the contrastive 1060

training effectively enhances the signal-to-noise 1061

ratio, allowing the expert head to suppress static bi- 1062

ases and concentrate sharply on relevant evidence. 1063

However, it is important to note that this is primar- 1064

ily a verification experiment for our visualization 1065

analysis. For the actual retrieval task, simply ag- 1066

gregating all visual attention weights (as proposed 1067

in our main method) yields superior performance 1068

compared to this variance-based metric. 1069

B.4 Comprehensive Retrieval Performance 1070

In Table 7, we present a comprehensive evaluation 1071

of the retrieval performance using an extended set 1072

of metrics: Recall, Precision, NDCG, and MRR. 1073
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Query: What are the 
horizontal and vertical axis 
of Figure 3 respectively?
Answer: Context Length, 
F1

(a) Input image (b) mean of heads
before training

(c) head ℎ∗ 
before training

(d) mean of heads 
after training

(e) head ℎ∗ 
after training

Query: From the paper, 
which temperature gives 
ChatGPT the highest 
alignment score?
Answer: 0.1

Query: What percentage of 
land area was rezoned in 
the Bronx from 2003-2007?
Answer: 18.40%

Figure 8: Visualization of additional attention heatmap cases from Qwen2.5-VL-3B. For each case, the top row
displays an evidence page, while the bottom row shows an irrelevant page. We provide zoomed-in views of the
evidence regions within the evidence pages. We visualize the layer mean and expert head attention heatmaps both
before and after training. For the evidence page, compared to the layer mean (cols. b, d), the expert head h∗ (cols. c,
e) focuses more sharply on the answer region; after training (col. e), noise is suppressed compared to before training
(col. c). Conversely, the irrelevant pages below exhibit a static attention sink pattern, with high-attention regions
tending to be distributed along the page edges.
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The results reported for our method are based on1074

the Qwen2.5-VL-3B backbone. As demonstrated1075

in the table, our approach consistently outperforms1076

comparative baselines across all metrics, validating1077

the robustness and ranking quality of the trained1078

attention signal. To facilitate interpretation, we pro-1079

vide detailed definitions of the evaluation metrics1080

used.1081

(1) Recall quantifies the coverage capability of1082

the retrieval system. It measures the proportion of1083

actual ground-truth evidence pages that the model1084

successfully captures within its retrieved set.1085

Recall =
|Pret ∩ Pgt|

|Pgt|
(10)1086

A high recall indicates that the system effectively1087

minimizes information loss, ensuring that critical1088

evidence required for downstream reasoning is not1089

omitted.1090

(2) Precision evaluates the purity of the retrieved1091

candidates. It represents the signal-to-noise ratio1092

within the model’s output by calculating the frac-1093

tion of retrieved pages that are truly relevant.1094

Precision =
|Pret ∩ Pgt|

|Pret|
(11)1095

This metric reflects the model’s efficiency in filter-1096

ing out distractors. High precision implies that the1097

downstream generation model receives a concise1098

context with minimal irrelevant noise.1099

(3) NDCG (Normalized Discounted Cumulative1100

Gain) assesses the quality of the ranking order. Un-1101

like binary metrics that treat all positions equally,1102

NDCG incorporates position bias, acknowledging1103

that evidence appearing earlier in the list is more1104

valuable. It rewards algorithms that prioritize rele-1105

vant pages by placing them at the top of the ranking1106

list, aligning with the preference for immediate in-1107

formation access.1108

(4) MRR (Mean Reciprocal Rank) measures the1109

efficiency of identifying the first piece of valid ev-1110

idence. It is determined by the reciprocal rank of1111

the first correct match in the sorted list:1112

MRR =
1

rankfirst
(12)1113

This metric serves as an indicator of system respon-1114

siveness, reflecting how deep into the candidate list1115

a user or model must search to encounter the first1116

correct evidence page.1117

B.5 Fine-grained Performance Analysis 1118

To thoroughly investigate the model’s capabilities 1119

across different scenarios, we conducted a detailed 1120

analysis on the MMLongBench-Doc and Long- 1121

DocURL benchmarks using the Top-3 retrieval set- 1122

ting. The results are presented in Table 8 and Table 1123

9. 1124

We categorize queries into two dimensions to 1125

evaluate distinct aspects of the model. First, the Ev- 1126

idence Source dimension classifies queries based 1127

on the visual modality required for the answer, in- 1128

cluding text (TXT), layout (LAY), charts (CHA), ta- 1129

bles (TAB), and figures (FIG). This helps us assess 1130

the model’s versatility in handling diverse multi- 1131

modal elements. Second, the Evidence Page dimen- 1132

sion defines the scope of information needed, distin- 1133

guishing between single-page (SIN) and multi-page 1134

(MUL) reasoning. We also include an "unanswer- 1135

able" (UNA) category for MMLongBench-Doc, 1136

which involves negative samples where the doc- 1137

ument contains no valid answer. This category 1138

specifically tests the model’s ability to avoid hal- 1139

lucinations by correctly identifying the absence of 1140

information. We report both Accuracy (Acc) for se- 1141

mantic similarity and Exact Match (EM) for strict 1142

correctness. As shown in the tables, our method 1143

maintains robust performance across these diverse 1144

reasoning scopes and visual modalities. 1145

B.6 Extended Analysis on Retrieval Settings 1146

We further extend our evaluation to include Top-1 1147

and Top-5 retrieval settings to analyze how context 1148

size impacts downstream QA performance. The 1149

detailed comparisons are provided in Table 10 (Top- 1150

1) and Table 11 (Top-5). 1151

Our findings highlight an interesting trade-off 1152

between retrieval precision and context length, 1153

which varies by model architecture. For advanced 1154

VLMs capable of handling multi-image inputs (e.g., 1155

Qwen2.5-VL), the Top-3 setting generally offers 1156

the optimal balance, providing sufficient context 1157

for multi-page reasoning without introducing exces- 1158

sive noise. Conversely, for models that are less op- 1159

timized for multi-page inputs or require image con- 1160

catenation (e.g., LLaVA-NeXT-7B and DeepSeek- 1161

VL-16B), the Top-1 setting often yields superior 1162

results by minimizing distraction from irrelevant 1163

pages. Regardless of the specific K value (Top-1, 1164

Top-3, or Top-5), our method consistently outper- 1165

forms baselines, demonstrating the robustness of 1166

our attention-based retrieval mechanism. 1167
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Table 7: Comprehensive retrieval performance comparison (in %) on MMLongBench-Doc and LongDocURL. Our
method uses Qwen2.5-VL-3B as the backbone. Some baseline results are adopted from Wu et al. (2025).

MMLongBench LongDocURLTop-K Method Recall Precision NDCG MRR Recall Precision NDCG MRR

1

M3DocRAG 43.31 56.67 56.67 56.67 46.84 64.66 64.66 64.66
MDocAgent (Text) 29.30 38.99 38.99 38.99 42.03 58.37 58.37 58.37

MDocAgent (Image) 43.79 57.49 57.49 57.49 46.80 64.57 64.57 64.57
MoLoRAG+ 51.32 66.86 66.86 66.86 50.82 70.08 70.08 70.08

CAPS (Ours) 53.41 69.20 69.20 69.20 51.35 70.12 70.12 70.12

3

M3DocRAG 64.17 31.62 54.13 65.36 67.00 33.78 58.23 72.51
MDocAgent(Text) 43.21 20.77 37.13 45.26 58.53 29.33 54.12 65.28

MDocAgent(Image) 64.74 31.97 54.75 66.12 66.67 33.62 58.26 72.47
MoLoRAG+ 68.87 48.67 64.49 73.50 68.92 47.53 64.90 77.14

CAPS (Ours) 72.86 50.51 67.07 76.27 70.92 49.82 65.92 78.22

5

M3DocRAG 72.00 22.58 54.06 66.92 74.32 23.34 58.05 73.83
MDocAgent(Text) 50.60 15.48 37.19 46.98 65.41 20.41 53.97 66.55

MDocAgent(Image) 71.45 22.37 54.58 67.53 74.60 23.50 58.06 73.90
MoLoRAG+ 72.37 45.34 64.36 73.97 73.69 42.47 64.74 77.89

CAPS (Ours) 78.89 45.61 66.98 77.25 75.76 44.31 65.78 79.03

Table 8: Fine-grained performance analysis on MMLongBench-Doc under the retrieved top-3 setting. Some baseline
results are adopted from Wu et al. (2025).

Evidence Source Evidence PageDocQA Model Method TXT LAY CHA TAB FIG SIN MUL UNA Acc EM

Text-based

Qwen2.5-7B Text RAG 17.96 10.69 10.35 15.42 9.58 17.72 9.34 70.40 25.52 23.29
DSOCR Text RAG 24.36 17.99 20.07 25.34 11.28 28.26 9.64 72.65 30.67 27.26

DeepSeek-V3 Text RAG 25.37 4.38 19.60 22.23 13.34 24.85 13.03 69.06 29.82 26.62
DSOCR Text RAG 26.77 17.85 22.47 29.44 14.39 32.56 11.62 68.61 32.81 29.21

Vision-based

LLaVA-NeXT-7B

Direct 6.54 4.38 2.12 1.53 7.38 4.17 5.07 16.59 7.15 5.73
M3DocRAG 8.74 8.54 1.87 6.59 11.72 7.27 8.55 17.49 10.10 8.23
MoLoRAG+ 7.49 8.08 2.89 2.49 11.24 7.86 6.25 16.59 9.41 7.30

CAPS (Ours) 14.39 15.46 8.98 7.59 21.17 18.98 11.57 16.14 16.08 12.20

DeepSeek-VL-16B

Direct 8.86 13.63 5.23 6.57 13.39 9.86 9.36 3.14 8.40 6.01
M3DocRAG 19.75 25.02 18.38 14.31 27.55 25.91 15.84 3.59 18.12 13.49
MoLoRAG+ 27.58 32.67 21.56 23.33 34.45 39.40 18.74 4.04 25.47 19.59

CAPS (Ours) 28.86 32.80 22.32 26.01 33.85 39.68 19.68 3.14 25.59 19.96

Qwen2.5-VL-3B

Direct 34.11 29.56 24.72 23.37 33.75 36.30 23.42 9.87 26.65 20.98
M3DocRAG 35.11 28.06 24.04 25.58 32.23 39.62 20.62 18.83 29.11 23.66
MoLoRAG+ 38.29 33.53 26.48 29.39 35.34 45.12 23.17 19.28 32.47 26.52

CAPS (Ours) 41.56 30.91 29.95 37.79 37.73 48.77 26.53 18.39 34.86 28.37

Qwen2.5-VL-7B

Direct 37.14 27.26 28.00 25.52 31.95 40.21 23.88 30.94 32.77 27.36
M3DocRAG 38.83 36.56 30.46 36.24 35.83 46.85 25.29 28.70 36.18 30.96
MoLoRAG+ 42.69 38.79 33.26 38.53 40.73 52.90 27.59 35.87 41.01 34.94

CAPS (Ours) 44.51 35.55 37.97 42.76 44.09 57.20 28.67 42.15 44.69 38.35

Mixed

MDocAgent(LLaMA3.1-8B+Qwen2.5-VL-7B) 43.14 31.17 32.55 38.72 37.90 53.45 23.82 28.25 38.53 33.27
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Table 9: Fine-grained performance analysis on LongDocURL under the retrieved top-3 setting. Some baseline
results are adopted from Wu et al. (2025).

Evidence Source Evidence PageDocQA Model Method TXT LAY TAB FIG SIN MUL Acc EM

Text-based

Qwen2.5-7B Text RAG 36.41 23.77 20.55 25.94 26.75 28.73 27.93 21.94
DSOCR Text RAG 41.14 25.66 24.93 30.08 31.58 30.00 30.87 24.43

DeepSeek-V3 Text RAG 41.89 28.15 30.84 35.49 35.77 33.67 34.73 26.84
DSOCR Text RAG 46.03 29.32 29.49 35.46 36.60 33.78 35.18 27.74

Vision-based

LLaVA-NeXT-7B

Direct 16.79 7.39 5.28 12.12 7.87 13.43 10.78 9.29
M3DocRAG 20.64 10.75 7.17 16.16 11.12 16.20 13.85 10.62
MoLoRAG+ 19.94 10.64 7.32 17.11 11.17 15.73 13.58 10.49

CAPS (Ours) 28.75 19.26 11.79 22.58 18.68 21.72 20.22 14.19

DeepSeek-VL-16B

Direct 19.98 13.65 8.26 13.81 11.18 17.87 14.72 11.35
M3DocRAG 40.61 30.78 16.19 27.56 25.54 33.31 29.60 21.29
MoLoRAG+ 44.28 32.84 29.89 37.81 39.19 35.58 37.21 27.74

CAPS (Ours) 51.05 36.35 30.44 35.86 42.13 38.64 40.27 30.32

Qwen2.5-VL-3B

Direct 31.98 22.86 17.43 23.50 21.60 27.77 24.89 18.67
M3DocRAG 54.07 36.97 37.97 42.07 46.39 42.64 44.40 34.97
MoLoRAG+ 54.24 36.62 39.03 41.13 47.49 43.31 45.27 35.53

CAPS (Ours) 56.12 38.89 38.08 41.63 47.04 44.26 45.60 35.87

Qwen2.5-VL-7B

Direct 32.37 23.25 19.88 27.09 24.20 28.15 26.38 19.74
M3DocRAG 58.16 41.24 43.75 46.04 53.35 45.13 49.03 38.88
MoLoRAG+ 61.43 42.56 45.98 49.01 55.01 49.01 51.85 40.13

CAPS (Ours) 64.33 43.30 47.96 52.35 57.80 50.09 53.78 42.71

Mixed

MDocAgent(LLaMA3.1-8B+Qwen2.5-VL-7B) 56.81 35.48 42.25 44.07 49.46 44.51 46.91 37.63
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Table 10: Document Question-Answering Performance Comparison (in %) under the retrieved top-1 setting. Some
baseline results are adopted from Wu et al. (2025).

DocQA Model Method MMLongBench LongDocURL PaperTab FetaTab Avg.

Text-based

Qwen2.5-7B Text RAG 22.11 20.75 5.34 22.64 17.71
DSOCR Text RAG 25.34 22.92 7.63 29.13 21.26

DeepSeek-V3 Text RAG 25.94 24.32 10.18 34.55 23.75
DSOCR Text RAG 26.02 25.87 10.18 34.74 24.20

Vision-based

LLaVA-NeXT-7B

Direct 7.15 10.78 3.05 11.61 8.15
M3DocRAG 16.32 25.25 6.62 15.26 15.86
MoLoRAG+ 17.15 27.00 6.36 17.52 17.01

CAPS (Ours) 18.56 26.85 5.85 17.91 17.29

DeepSeek-VL-16B

Direct 8.40 14.72 6.11 16.14 11.34
M3DocRAG 26.23 42.21 16.54 48.43 33.35
MoLoRAG+ 28.98 45.17 21.88 58.27 38.58

CAPS (Ours) 29.52 45.55 18.32 59.45 38.21

Qwen2.5-VL-3B

Direct 26.65 24.89 25.19 51.57 32.08
M3DocRAG 26.77 39.82 19.85 45.77 33.05
MoLoRAG+ 30.03 43.17 23.16 55.41 37.94

CAPS (Ours) 31.70 43.29 20.36 57.68 38.26

Qwen2.5-VL-7B

Direct 32.77 26.38 29.77 64.07 38.25
M3DocRAG 32.29 43.32 19.34 50.98 36.48
MoLoRAG+ 36.37 47.86 27.48 62.50 43.55

CAPS (Ours) 41.28 48.77 23.16 64.27 44.37

Mixed

MDocAgent(LLaMA3.1-8B+Qwen2.5-VL-7B) 31.73 44.42 21.63 57.78 38.89

Table 11: Document Question-Answering Performance Comparison (in %) under the retrieved top-5 setting. Some
baseline results are adopted from Wu et al. (2025).

DocQA Model Method MMLongBench LongDocURL PaperTab FetaTab Avg.

Text-based

Qwen2.5-7B Text RAG 26.09 31.36 16.79 49.21 30.86
DSOCR Text RAG 32.21 33.13 18.32 51.08 33.69

DeepSeek-V3 Text RAG 31.23 39.04 23.92 62.01 39.05
DSOCR Text RAG 34.23 38.84 27.48 59.84 40.10

Vision-based

LLaVA-NeXT-7B

Direct 7.15 10.78 3.05 11.61 8.15
M3DocRAG 10.43 12.65 4.58 12.80 10.12
MoLoRAG+ 9.19 13.59 4.33 13.09 10.05

CAPS (Ours) 16.07 19.07 4.33 14.17 13.41

DeepSeek-VL-16B

Direct 8.40 14.72 6.11 16.14 11.34
M3DocRAG 18.87 29.27 8.14 27.26 20.89
MoLoRAG+ 24.86 38.02 9.67 41.44 28.50

CAPS (Ours) 27.00 39.60 10.94 48.03 31.39

Qwen2.5-VL-3B

Direct 26.65 24.89 25.19 51.57 32.08
M3DocRAG 28.38 44.67 27.48 55.22 38.94
MoLoRAG+ 32.41 45.13 27.48 58.07 40.77

CAPS (Ours) 33.25 46.41 23.16 59.94 40.69

Qwen2.5-VL-7B

Direct 32.77 26.38 29.77 64.07 38.25
M3DocRAG 37.19 50.33 30.53 64.37 45.61
MoLoRAG+ 40.47 52.33 31.55 69.39 48.44

CAPS (Ours) 42.72 55.20 35.11 72.05 51.27

Mixed

MDocAgent(LLaMA3.1-8B+Qwen2.5-VL-7B) 38.34 48.07 29.77 63.78 44.99
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