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Abstract

Visual Language Models (VLMs) have become
a robust foundation for document question an-
swering. Processing long documents remains
challenging due to limited context windows and
computational budgets. Existing page-level re-
trieval methods offer a practical solution, typi-
cally encoding pages and queries into vectors
and ranking them via cosine similarity. How-
ever, such embedding-based methods (i) lack
query—page interaction before similarity scor-
ing and (ii) usually require a large-scale dataset
to align visual and textual embeddings. In this
paper, we observe that the cross-modal atten-
tion maps of well-trained VLMs are able to
highlight semantically relevant regions. Build-
ing on this insight, we present CAPS (Cross-
modal Attention as Page Selector), a retrieval
framework that utilizes attention mechanisms
inside VLMs for page selection. Specifically,
CAPS first enhances attention-based retrieval
capability with a small amount of contrastive
data, then identifies the most effective atten-
tion head through expert head selection, and
finally employs an adaptive filtering mecha-
nism to obtain an appropriate number of rele-
vant page candidates. Extensive experiments
on four long-document benchmarks demon-
strate that CAPS outperforms state-of-the-art
embedding-based methods in both retrieval pre-
cision and downstream DocQA accuracy. No-
tably, CAPS achieves these gains using less
than 10% of the training data required by com-
peting baselines, highlighting the data effi-
ciency of attention-based page retrieval.

1 Introduction

Document Question Answering (DocQA) serves
as a critical benchmark for evaluating docu-
ment understanding capability (Ding et al., 2022;
Zhang et al., 2025a; Suri et al., 2025; Ma et al.,
2024a). Traditional Retrieval-Augmented Genera-
tion (RAG) (Lewis et al., 2020) pipelines rely on
OCR (Wang et al., 2024; Wei et al., 2024, 2025)
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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
for plain-text documents, these methods may dis-
card vital visual cues that many DocQA questions
hinge on, including complex layouts, charts, and
formatting. Recent Visual Language Models of-
fer a promising alternative by directly processing
document images (Duan et al., 2025; Hu et al.,
2025). However, current VLMs remain constrained
by context length and computational cost, making
the processing of long documents impractical.
Recent works (Chen et al., 2025a; Huang et al.,
2025) adopt page retrieval as a preliminary step
for DocQA: given a user query, the retrieval step
selects a handful of relevant pages from a docu-
ment before answering. Prevailing approaches typ-
ically rely on embedding-based retrieval. Meth-
ods such as ColPali (Faysse et al., 2025) employ
VLMs as encoders to embed pages and queries into
a shared vector space and compute relevance via
cosine similarity (Cho et al., 2024). Building on
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this, works such as MDocAgent (Han et al., 2025)
and MoLoRAG (Wu et al., 2025) have introduced
more precise matching mechanisms. Despite their
widespread application, these embedding-based ap-
proaches employ dual-encoders to compress user
query and multimodal pages into vectors for com-
parison, limiting their ability to model fine-grained
interactions. Furthermore, they rely on large-scale
contrastive training datasets to align visual and tex-
tual embeddings.

In this work, we revisit the page retrieval pro-
cess for DocQA: does a well-trained VLM already
know how to retrieve? Cross-modal attention is ex-
plicitly designed to align textual tokens with visual
evidence, and recent analyses suggest that attention
patterns can expose fine-grained semantic corre-
spondences (Chen et al., 2024; Kaduri et al., 2025).
This aligns with human cognitive patterns: when
answering a question based on a document, one nat-
urally locates relevant regions before formulating
an answer. Through a zero-shot retrieval analysis
of VLM attention patterns, we observe that the re-
trieval signal is already encoded in the cross-modal
attention maps.

Inspired by this insight, we propose CAPS
(Cross-modal Attention as Page Selector), an
attention-based framework that unlocks the latent
retrieval capability inside VLMs for document page
selection. CAPS first enhances the attention-based
retrieval capability through contrastive learning,
where the model demonstrates substantial improve-
ment in attention-based retrieval capability using
only a small amount of contrastive data. Given
the non-uniform retrieval capability across atten-
tion heads revealed by our head-wise analysis, we
identify the top-performing attention head as the
designated retrieval expert head. Finally, we apply
an adaptive filtering strategy to select an appro-
priate number of pages for each query, enabling
dynamic page selection.

Specifically, CAPS employs a lightweight VLM
(e.g., Qwen2.5-VL-3B (Bai et al., 2025)) as the
page retriever for long documents to ensure effi-
ciency. Extensive experiments on four challenging
benchmarks, including MMLongBench-Doc (Ma
et al., 2024b), LongDocURL (Deng et al., 2025),
PaperTab, and FetaTab (Hui et al., 2024), demon-
strate that CAPS consistently outperforms existing
state-of-the-art methods in both retrieval precision
and DocQA accuracy, while requiring less than
10% of training data. In summary, our contribu-
tions are as follows:

* We observe that VLM intrinsic cross-modal
attention signals can be directly exploited for
document page retrieval, offering an alterna-
tive to existing approaches.

e We introduce CAPS, a framework that utilizes
cross-modal attention in VLMs for document
page selection. CAPS enhances the model’s
attention-based retrieval capability through
contrastive learning, and subsequently utilizes
the identified expert head, combined with an
adaptive filtering strategy, to achieve dynamic
page selection.

* Extensive experiments demonstrate that
CAPS achieves superior retrieval precision
and DocQA accuracy on four challenging
long-document benchmarks, outperforming
a wide range of existing methods.

2 Related Works

Document Question Answering. The landscape
of DocQA has evolved from processing single-
page, plain-text documents (Mathew et al., 2021,
2022) to analyzing multi-page, visually-rich con-
texts (Tito et al., 2023; Ma et al., 2024b; Deng et al.,
2025). While Large Language Models (LLMs) tra-
ditionally dominated this field, their reliance on
OCR introduces significant information loss and
error propagation, especially in complex layouts
(Kim et al., 2022; Lee et al., 2023). To mitigate this,
Vision-Language Models (VLMs) have emerged as
a robust, OCR-free paradigm (Ye et al., 2023; Hu
et al., 2025). However, despite their superior visual
understanding, standard VLMs struggle with the
computational burden of long-context documents.
Our work addresses this limitation by equipping
VLMs with efficient page selection capabilities.

Visual Document Retrieval. RAG enhances gen-
eration by integrating external knowledge (Lewis
etal., 2020). In the visual domain, traditional CLIP-
based methods (Radford et al., 2021) often fail
to capture fine-grained document semantics due
to vector compression. To address this, pioneer-
ing works like ColPali (Faysse et al., 2025) lever-
age VLMs to implement late-interaction mecha-
nisms, preserving multi-vector representations for
finer matching. Building upon this paradigm, sub-
sequent studies have tailored it to specific chal-
lenges: M3DocRAG (Cho et al., 2024) extended
the approach to comprehensive page-level retrieval
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benchmarks; MDocAgent (Han et al., 2025) inte-
grated it into an agentic framework for informa-
tion filtering combined with text matching; and
MoLoRAG (Wu et al., 2025) utilized graph struc-
tures to further optimize page selection strategies.
However, these methods fundamentally rely on de-
coupled encoding schemes that typically necessi-
tate massive contrastive training data. In contrast,
our approach leverages the VLM’s intrinsic cross-
modal attention for retrieval, avoiding parameter-
heavy external modules.

Attention-based Semantic Relevance. The at-
tention mechanism in transformer-based VLMs
computes pairwise compatibility scores between all
token positions, enabling flexible information rout-
ing across the sequence. The correlation between
attention weights and semantic relevance in trans-
formers is well-established. Studies, such as FastV
(Chen et al., 2024) and PyramidDrop (Xing et al.,
2025), leverage intrinsic attention for tasks like
token pruning and visual grounding, demonstrat-
ing that attention mechanisms naturally gravitate
towards informative regions (Zhang et al., 2025b;
Wen et al., 2025). Further analysis of VLMs reveals
that intermediate layers typically exhibit stronger
semantic alignment between modalities (Kaduri
et al., 2025; Jiang et al., 2025; Zhang et al., 2025¢).
Beyond general semantic alignment, interpretabil-
ity research has identified the emergence of special-
ized attention heads dedicated to specific tasks (Wu
et al., 2024; Kang et al., 2025). For instance, inves-
tigations into “OCR heads” have revealed distinc-
tive attention patterns specifically responsible for
locating and recognizing textual information within
images (Baek et al., 2025). Recent approaches have
successfully utilized attention patterns for retrieval
tasks within the textual domain (Ye et al., 2025;
Fang et al., 2025). In this work, we systematically
apply cross-modal attention for visual document
retrieval by leveraging the intrinsic retrieval capa-
bilities of specialized attention heads, and further
enhance its effectiveness through training.

3 Method

We present CAPS that unlocks the cross-modal at-
tention in vision-language models for document
page selection. Figure 2 provides an overview of
our framework. This section first formalizes the in-
terpretation of attention weights as relevance scores
to probe the intrinsic retrieval capability of mod-
els, then proposes a contrastive training strategy to

enhance the page retrieval capability of attention
at specific architectural locations, and finally intro-
duces an adaptive filtering mechanism to tailor the
context size for answer generation.

3.1 Problem Formulation and
Attention-based Relevance Scoring

Task Definition. Given a multi-page document
D = {pi,p2,...,pm} and a natural language
query g, our objective is to identify the subset of
pages Pt C D that contain evidence necessary for
answering the query. This retrieved subset subse-
quently serves as the visual context for a vision-
language model to generate the response. There-
fore, the size of P, must be constrained within a
reasonable range to accommodate the model input
capacity. To achieve this, we introduce a quanti-
tative metric, the relevance score, to evaluate the
alignment between the query and each document
page, which subsequently serves as the core crite-
rion for our retrieval process.

Relevance Score Formulation. To quantify the
relevance, we propose a scoring mechanism based
on the attention weights within transformer-based
VLMs (Vaswani et al., 2017). Formally, consider
a VLM processing a multimodal input token se-
quence T' = {t1,to,...,tN} derived from the con-
catenation of a document page image p and a tex-
tual query ¢q. Here, IV denotes the total sequence
length, and each index ¢ (1 < ¢ < N) represents
a distinct position in the sequence, corresponding
to either a visual patch or a textual token. In au-
toregressive architectures, the token at the final
position  aggregates information from the entire
preceding context to parameterize the next-token
distribution, making it a natural proxy for holistic
query understanding. Consequently, the distribu-
tion of its attention weights over the visual tokens
reflects the model’s implicit assessment of page
relevance (Chen et al., 2024; Endo et al., 2025).

At layer [ and attention head h, let qf(ilr;gl) € Rd
denote the query vector at the final position and
kz(l’h) € R? the key vector at position 7. The at-
tention weight from the final token to the token at
position ¢ is computed as:

(h) 1 (LR)NT
Yfinal (kz )
eXp ( Vd )

final—¢ — ih Lh :
= ZN ex qén'a])'(k; ))T
j=1 %P Vd

Based on these attention weights, we define the

ey
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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).

head-level relevance score by aggregating the at-
tention weights assigned to visual tokens:

(Lh Lh
Shead) (p7 Q) = Z Ai(inal)—>i7 (2)
i€Vp

where V), is the index set of visual tokens corre-
sponding to page p. This score quantifies the pro-
portion of attention mass allocated to the page, serv-
ing as our retrieval signal. Furthermore, we define
the layer-level relevance score:

H
! 1 Lh
Sl(azler(p’ q) = ﬁ Z Sl(lead) (p? q)? (3)
h=1

where H is the number of attention heads per layer.
This score reflects the retrieval capability of a spe-

cific layer by averaging the head-level relevance
scores across all heads.

3.2 Probing Intrinsic Retrieval Capability

Before introducing our training procedure, we con-
duct a systematic analysis to characterize the zero-
shot retrieval capability encoded in VLM attention
patterns. This investigation serves dual purposes:
validating our core hypothesis that attention en-
codes retrieval-relevant information, and identify-
ing architectural locations where this capability is
most pronounced.

Evaluation Protocol. We evaluate retrieval per-
formance using Recall@ K, measuring the fraction
of ground-truth evidence pages recovered within
the top- K ranked candidates:

‘Pto -K ﬂP t‘
P gl

Recall@ K = ,
|Patl

“)

where Pyop.x denotes the top-K pages ranked by
relevance score and Py represents ground-truth
evidence pages.

Layer-wise Heterogeneity. We first examine
how retrieval capability varies across transformer
depth using layer-level relevance scores on a valida-
tion set. Figure 3 (a) reports layer-wise Recall@ K'
for Qwen2.5-VL-3B (Bai et al., 2025), revealing
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layer-to-layer heterogeneity. While some layers
contribute little to recall, others demonstrate sub-
stantially stronger retrieval capability, indicating
selective encoding across the architecture. Exam-
ining the overall trend, almost all early layers ex-
hibit negligible retrieval capability, consistent with
their role in encoding low-level visual and textual
features. Performance increases substantially in
middle layers and peaks at layer 27, which we hy-
pothesize corresponds to the depth at which cross-
modal semantic alignment is maximally developed.
We designate this peak layer as [* for subsequent
analysis. Deeper layers show modest degradation,
possibly due to increased task-specificity that di-
minishes general retrieval utility.

Head-wise Heterogeneity. We further analyze
individual attention heads within the optimal layer
I*. As shown in Figure 3 (b), head-level perfor-
mance exhibits substantial variance even within a
single layer. Certain heads demonstrate markedly
superior retrieval capability compared to the layer
average, suggesting functional specialization. This
finding carries important implications: naive ag-
gregation across heads may dilute signals from
high-performing heads with noise from less dis-
criminative ones.

3.3 Contrastive Training for Retrieval
Enhancement

Building on the preceding analysis, we propose a
contrastive training procedure designed to enhance
the discriminative capability of attention-based re-
trieval. The objective is to sharpen the model’s
ability to distinguish evidence pages from distrac-
tors by maximizing the score differential between
positive and negative samples.

Training Data Construction. We construct train-
ing instances as triplets (¢, p™,p~), where ¢ is a
query, p™ is an evidence page containing informa-
tion necessary to answer the query, and p~ is a
hard negative page sampled from the same docu-
ment. Specifically, we compile a compact, high-
quality dataset of 6.4k samples utilizing ground-
truth evidence pages from the MoLoRAG (Wu
et al., 2025) and MP-DocVQA (Tito et al., 2023)
benchmarks. For negative sampling, rather than
relying on traditional in-batch negatives, we em-
ploy a model-guided hard negative mining strategy.
We utilize the model’s zero-shot capability to cal-
culate the attention-based relevance scores for all
pages within the target document and select the

highest-scoring non-evidence page as p—. This ap-
proach forces the model to discriminate between
semantically similar pages within the same context.
Further details can be found in Appendix A.2.

We define a contrastive

+
layer —

Optimization Objective.
loss over the layer-level relevance scores s

I* _ Y, .
sl(aygr(p+, q) and s, . = sl(aygr(p ,q) for positive

and negative pages respectively:

Sl; er Sl—g er
L=log|1+exp| 2% , 5
T

where 7 is a temperature hyperparameter control-
ling the sharpness of the optimization landscape.
Training is conducted on the optimal layer [*, en-
abling efficient adaptation by leveraging the best
intrinsic zero-shot retrieval capability. Through
this supervision signal, we apply full fine-tuning to
all upstream parameters.

Expert Head Selection. Contrastive training
yields significant improvements in performance.
As illustrated in Figure 3 (b), the layer-level rele-
vance score recall improves substantially, but indi-
vidual heads exhibit widely varying improvements,
indicating that different heads possess distinct train-
ing potentials for retrieval and suggesting that the
training process activates latent retrieval specializa-
tion. We designate the head achieving maximum
post-training recall as the retrieval expert head, de-
noted A*. During inference, we deploy exclusively
this head for relevance scoring:

(I*,h*)

Sinf(pa Q) = Shea (pa Q)' (6)

This deployment eliminates signal dilution from
less discriminative heads while fully leveraging the
retrieval capability of the trained model.

3.4 Adaptive Page Selection for Answer
Generation

The final component of our framework addresses
the integration of attention-based retrieval into a
document question-answering pipeline. A critical
challenge lies in determining the appropriate num-
ber of pages to include in the context: too few may
omit essential evidence, while too many may intro-
duce distractors and computational burden. While
conventional top- K retrieval is widely adopted, this
approach is suboptimal for document QA, where
the number of relevant pages varies substantially
across queries. For example, single-page evidence
queries are contaminated by K — 1 distractors.
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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 LongDocURL
Top-K Method Base Model Data Scale Recall Precision | Recall Precision
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
3 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
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
5 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 4247
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
Adaptive Filtering. We propose an adaptive fil- Benchmarks. Evaluations cover four bench-

tering mechanism that adjusts context size to the
score distribution. Let spyax = maxyep Sinf(p, q)
denote the maximum relevance score. We intro-
duce a relative threshold 6 € (0, 1) and define the
retrieved page set as:

Pret= {p S tOP'K(D) | Sinf(p7 Q) >0- Smax} )

This formulation combines the computational pre-
dictability of top-K selection with adaptive prun-
ing based on relative confidence. When the score
distribution is sharply peaked, indicating high con-
fidence in a single page, the threshold aggressively
filters low-scoring candidates. When scores are
more uniformly distributed, suggesting multi-page
relevance, the threshold preserves broader context.

Answer Generation. The retrieved pages are
concatenated with the query and provided to the
VLM for response generation:

y = VLM(PreU Q) (8)
This design effectively achieves query-adaptive
context selection without requiring explicit super-
vision for context size, thereby enabling the system
to automatically balance precision and coverage
based on retrieval confidence.

4 Experiments

4.1 Experimental Setup

Models. We employ Qwen2.5-VL-3B (Bai et al.,
2025) and InternVL2.5-2B (Chen et al., 2025b) for
retrieval, assessing downstream QA generalization
on LLaVA-NeXT-7B (Li et al., 2024), DeepSeek-
VL-16B (Lu et al., 2024), and the Qwen2.5-VL.

marks: (1) MMLongBench-Doc (Ma et al., 2024b),
which requires multi-page reasoning with high in-
formation density; (2) LongDocURL (Deng et al.,
2025), featuring extensive lengths but lower den-
sity; (3) PaperTab and (4) FetaTab (Hui et al.,
2024), involving complex reasoning but fewer to-
tal pages. We report generalized accuracy for the
former two and binary accuracy for the latter.

Baselines. We compare our approach against
three categories of baselines: (1) Text RAG: Tradi-
tional pipelines using OCR for text extraction fol-
lowed by text-based retrieval and generation. We
also include the recent DeepSeek-OCR (Wei et al.,
2025) as a stronger text-based baseline, which is ca-
pable of preserving visual information such as lay-
out. Further details can be found in Appendix A.1.
(2) VLMs Direct: Direct input of full documents
into the model without prior retrieval. (3) Retrieval-
based VLMs: Representative recent vision-based
retrieval methods. These approaches are all based
on vector similarity retrieval.

Implementation Details. The scoring VLM is
trained using the AdamW optimizer with a learn-
ing rate of 3 x 1079 and a batch size of 32. The
temperature 7 in the contrastive loss is set to 0.1.
During inference, we set the relative threshold
for adaptive page filtering to 0.3.

4.2 Main Results

Retrieval Performance. Table 1 compares the
page retrieval performance of retrieval-based VLM
methods. We report results on MMLongBench and
LongDocURL, as these datasets provide ground-
truth evidence page labels. The results demonstrate
that CAPS outperforms state-of-the-art methods
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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
Ower2.5-7B Text RAG 25.52 27.93 12.72 4006 | 26.56
: DSOCR Text RAG 30.67 30.87 17.05 4557 | 31.04
DeenSeek-V3 Text RAG 29.82 34.73 17.05 5236 | 33.49
P DSOCR Text RAG 32.81 35.66 22.65 5276 | 3597
Vision-based
Direct 7.15 10.78 3.05 1161 | 815
M3DocRAG 10.10 13.85 534 13.98 | 10.82
LLaVA-NeXT-7B MoLoRAG+ 9.47 13.58 5.60 1348 | 10.53
CAPS (Ours) 16.08 20.22 6.62 1535 | 14.57
Direct 8.40 14.72 6.11 1614 | 11.34
M3DocRAG 18.12 29.60 7.89 27.07 | 20.67
DeepSeek-VL-16B MoLoRAG+ 25.47 37.21 10.94 4154 | 28.79
CAPS (Ours) 25.59 40.27 1221 4931 | 3185
Direct 26.65 24.89 25.19 5157 | 32.08
M3DocRAG 29.11 44.40 24.68 5325 | 37.86
Qwen2.5-VL-3B MoLoRAG+ 3247 4527 27.23 5876 | 40.93
CAPS (Ours) 34.86 45.60 25.45 62.60 | 4213
Direct 3277 26.38 29.77 64.07 | 3825
M3DocRAG 36.18 49.03 28.50 6378 | 44.37
Qwen2.5-VL-7B MoLoRAG+ 41.01 51.85 31.04 69.19 | 4827
CAPS (Ours) 44.69 5378 36.13 71.36 | 51.49
Mixed
MDocAgent(LLaMA3.1-8B+Qwen2.5-VL-7B) | 38.53 46.91 30.03 6634 | 45.45

(b) mean of heads (c) head

a) Input image .. ..
(a) Inp e before training before training
1@ -

(c) head
after trainin,

(d) mean of heads
after trainin,

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

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.

in Recall and Precision. Specifically, CAPS with
Qwen2.5-VL-3B as base model achieves 78.89%
on MMLongBench-Doc in terms of Recall@5,
outperforming the best baseline by 6 percentage
points, despite the baseline also utilizing the same
Qwen2.5-VL-3B to enhance its retrieval capabil-

ity. This indicates that our method more effectively
unlocks and leverages the latent retrieval capabil-
ity of the VLM backbone compared to previous
implementation strategies. Moreover, our train-
ing method is data-efficient, allowing for low-cost
method transfer as VLMs evolve.

Document Question-Answering Performance.
Table 2 reports downstream DocQA results using
top-3 retrieved pages, a setting balancing perfor-
mance and efficiency. CAPS utilizes Qwen2.5-VL-
3B as the base model. We highlight the following
three observations:

(1) Vision-based retrieval surpasses text-based
RAG. While DeepSeek-OCR improves upon tra-
ditional text RAG by converting layouts to text, it
cannot losslessly encode all visual elements. Con-
sequently, even large-scale models like DeepSeek-
V3 (DeepSeek-Al et al., 2025) lag behind VLMs
due to this inherent modality gap.

(2) Retrieval is critical for long contexts.
Retrieval-based methods consistently outperform
direct inference. This is crucial for benchmarks
like MMLongBench and LongDocURL where doc-
uments often exceed context windows, but it also
benefits shorter tasks (PaperTab/FetaTab) by effec-
tively filtering out noise to focus on valid evidence.
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Table 3: Two-stage retrieval-reranking strategy perfor-
mance on MMLongBench-Doc. Time denotes the re-
trieval time.

Method Time (s) Recall@3 Recall@5
M3DocRAG 0.84 64.17 72.00
MoLoRAG+ 5.56 68.87 72.37
M3DocRAG + CAPS 3.19 71.20 77.53
MoLoRAG + CAPS 6.98 72.12 77.49
CAPS (Ours) 11.25 72.86 78.89

(3) CAPS achieves superior generalization ca-
pabilities. High-quality retrieval by CAPS con-
sistently boosts DocQA accuracy across LLaVA,
DeepSeek, and Qwen series. Notably, combining
CAPS with Qwen2.5-VL-7B yields the most ro-
bust performance, ultimately surpassing even the
strongest baseline by an average of 3%.

Attention Visual Analysis. We visualize cross-
modal attention in Figure 4 to further analyze the
attention-based retrieval capability. We observe
two phenomena: (1) Expert head effect: In evi-
dence pages, compared to the layer mean, the ex-
pert head focuses significantly more sharply on the
relevant region (the Eiffel Tower in the figure). (2)
Training effect: In evidence pages, contrastive train-
ing effectively suppresses background noise, con-
centrating attention primarily on evidence regions.
This validates the effectiveness of our method from
another perspective. Further analysis can be found
in Appendix C.3.

4.3 Efficiency Analysis

We analyze the inference efficiency of the proposed
CAPS framework to assess its practical applicabil-
ity in real-world long-document QA settings. Since
embedding-based approaches require offline page
vector precomputation, their relative efficiency de-
pends heavily on the query scenario. In the single-
query scenario, each document is queried only once
(e.g., temporary search or frequently updated cor-
pora). CAPS achieves comparable inference effi-
ciency to state-of-the-art embedding-based base-
lines (i.e., M3DocRAG and MoLoRAG). How-
ever, in the multi-query scenario, embedding-based
methods achieve lower retrieval latency by leverag-
ing cached page representations. Detailed latency
and FLOPs comparisons for both scenarios are pro-
vided in Appendix B.

Two-Stage Retrieval-reranking Strategy. To ef-
fectively mitigate the computational costs of CAPS

Table 4: Ablation study on the page filtering threshold 6.
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.

0 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 6274 48.63 1.87 42.05

in multi-query scenarios while preserving its su-
perior precision, we introduce a practical retrieve-
then-rerank two-stage strategy. In this hybrid ap-
proach, we first utilize an efficient embedding-
based retriever (e.g., M3DocRAG or MoLoRAG+)
to fetch the Top-10 candidate pages. Subsequently,
we apply CAPS to rerank these candidates and fi-
nalize the context selection. As demonstrated in
Table 3, MoLoRAG + CAPS improves Recall@5
from 72.37 to 77.49 with 6.98s retrieval time (5.56s
for MoLoRAG). These results suggest that the pro-
posed two-stage strategy consistently outperforms
standalone embedding-based retrievers in terms of
recall while simultaneously maintaining practical
retrieval latency for actual real-world deployment.

4.4 Ablation Study

Impact of threshold 6. We compare relative
(s > 0 - smax) and absolute (s > 6) thresholding
on MMLongBench-Doc. Table 4 shows that thresh-
olding significantly boosts Precision and reduces
the average number of pages fed into the model for
QA with marginal Recall degradation. The relative
threshold outperforms the absolute one by better
adapting to case difficulty, providing a superior
Recall-Precision trade-off.

Impact of supervision signals. In Table 5, we
analyze the effectiveness of different supervision
signals, specifically modifying the relevance score
within the loss function. The results demonstrate
that supervising the layer-level relevance score ef-
fectively activates the retrieval potential of attention
heads. The performance achieved via layer-level
training is nearly identical to the upper bound estab-
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Table 5: Ablation study on training objectives
using Qwen2.5-VL-3B. Results are reported on
MMLongBench-Doc without adaptive filtering.

Tsf".r ein - Scorein  p..1@3 Recall@s
aining Inference
training-free
Shead 60.44 70.92
s 10 52.67 63.01

training with layer-level relevance score

) Shead 71.25 76.74
Slaycr (1*,10)

Spead 73.64 80.50
training with head-level relevance score
(@.6) si0 71.14 76.79
(17:10) gl 10) 73.88 80.97

75 72.76 72.79 73.38 73.64
. .
o -

N
70 7245 67.17
:

64.35
.

.
62.41

/ =1

7=0.1
7=0.01

Recall@3 (%)

0 50 100 150 200
Training Steps

Figure 5: Ablation study on the hyperparameter 7 using
Qwen2.5-VL-3B for retrieval. The training curves of
Recall@3 on MMLongBench-Doc are shown for differ-
ent 7 values, evaluated without adaptive filtering.

lished by directly supervising specific head-level
scores (e.g., 73.64% vs. 73.88% for head 10). Cru-
cially, identifying the optimal retrieval head prior
to training is challenging, as the relative capability
of heads may shift during optimization. Layer-level
supervision addresses this uncertainty by allowing
the most capable head to emerge naturally.

Impact of hyperparameter 7 in loss function.
We investigate the effect of the hyperparameter 7
on training using the MMLongBench-Doc bench-
mark. As shown in Figure 5, the choice of 7 signif-
icantly impacts training stability. A large 7 leads to
unstable training. Conversely, a small 7 results in
sluggish convergence and suboptimal performance.
This hyperparameter facilitates smoother and more
stable training.

5 Conclusion

In this paper, we propose CAPS, a framework
that unlocks the cross-modal attention in vision-

language models for document page selection. By
performing contrastive training, identifying an ex-
pert head to compute relevance scores, and em-
ploying an adaptive filtering strategy, our method
applies attention-based page retrieval capability to
document understanding. Extensive experiments
demonstrate that CAPS achieves SOTA perfor-
mance among page retrieval methods across four
long-document benchmarks while demonstrating
high training data efficiency. This highlights the
superiority of intrinsic attention as a retrieval signal
for long-document understanding.

Limitations

The effectiveness of our attention-based retrieval is
inherently contingent upon the visual understand-
ing capabilities of the VLM backbone. Earlier
VLM architectures with fixed-resolution encoders
may struggle to resolve fine-grained text or dense
charts in high-resolution documents, potentially
limiting the performance of our method. However,
recent VLMs are increasingly equipped with mech-
anisms to handle high-resolution inputs, which sig-
nificantly mitigates this issue. Furthermore, our
current approach primarily operates at the page
level, which is the mainstream paradigm aligning
with the majority of current document retrieval and
question-answering benchmarks. While this granu-
larity effectively filters out irrelevant contexts, fu-
ture applications might benefit from finer-grained
retrieval, such as selecting specific document re-
gions or patches. We acknowledge that region-level
retrieval offers higher precision but introduces sig-
nificant challenges regarding context fragmentation
and methodological complexity. Effectively ad-
dressing these complexities within current pipeline
designs remains challenging and represents an open
problem for the broader community.
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A Implementation Details

A.1 Baseline Implementations

Text RAG Based on DeepSeek-OCR. We ac-
knowledge the potential impact of the recently re-
leased DeepSeek-OCR on the field of document
understanding. Consequently, we adopt it as a su-
perior alternative to traditional OCR engines, es-
tablishing a stronger baseline for Text RAG, de-
noted as DSOCR Text RAG. DeepSeek-OCR of-
fers capabilities beyond standard character recog-
nition, specifically in layout preservation and vi-
sual element parsing. We primarily utilize the
prompt “<image>\n<|grounding|>Convert the
document to markdown.”. This mode effectively
retains the document’s layout structure and extracts
embedded images (crops), thereby generating a
textual representation that maximally preserves vi-
sual information. Furthermore, to ensure a pure-
text input for the RAG pipeline, we employ the
“<image>\nParse the figure.” prompt for
visual elements. This mode converts structured
graphics (e.g., tables, line charts) into formal tex-
tual representations and provides natural language
descriptions for natural images. We substitute the
image placeholders in the generated markdown
with these detailed textual descriptions to form the
final corpus. Additionally, to handle rare instances
where layout-aware processing fails, we implement
a fallback mechanism using the “<image>\nFree
OCR.” prompt. This corresponds to a traditional
OCR mode that extracts text without preserving
layout or parsing figures. The resulting text is
then processed using the standard retrieval pipeline,
consistent with other text-based baselines. This
comprehensive approach significantly enhances the
baseline’s ability to address queries related to doc-
ument layout and charts.

Other Baseline Implementations. Regarding
other baselines, we largely follow the implemen-
tation methods provided in Wu et al. (2025). For
single-image VLMs such as LLaVA-NeXT-7B, we
horizontally concatenate multiple page images into
a single input to simulate multi-page processing.
For VLMs that support arbitrary input resolutions,
such as the Qwen series, we restrict the maximum
number of visual tokens to 2048 per image, con-
sidering the high-resolution nature of document
images. For the “Direct” inference baseline (pro-
cessing full documents without retrieval), we set a
maximum input capacity of 30 pages due to context

window constraints.

A.2 Training Data Construction

Data Source. Our training dataset is constructed
by aggregating high-quality supervision signals
from two distinct sources. First, we utilize the
dataset meticulously annotated in the MoLoRAG
task, which provides fine-grained query-page rel-
evance scores ranging from 1 to 5. From this set,
we select pages with relevance scores of 4 and 5 as
positive evidence samples. Given the limited scale
of this manually annotated dataset, we supplement
it with data from the MP-DocVQA benchmark,
which also provides ground-truth evidence page
labels. In total, we construct a dataset of 6,400
samples. It is worth noting that we initially ex-
plored scaling the training data to approximately
10k samples and extending the training duration to
multiple epochs. However, empirical monitoring of
intermediate checkpoints revealed that the retrieval
performance saturated rapidly. Specifically, we ob-
served negligible gains beyond approximately 200
training steps (with a batch size of 32). Conse-
quently, we finalized the dataset at 6.4k samples,
confirming that a compact, high-quality dataset is
sufficient to effectively activate the model’s latent
retrieval capabilities without the need for extensive
data scaling or prolonged training.

Hard Negative Mining. Regarding negative sam-
pling, we diverge from standard contrastive learn-
ing approaches that typically rely on in-batch nega-
tives. We argue that distinguishing between pages
within the same document context is significantly
more challenging and beneficial than distinguish-
ing between random documents. Therefore, we
implement a model-guided hard negative mining
strategy. Specifically, for each query, we compute
the relevance scores of all pages within the tar-
get document using the model zero-shot capability
(prior to training). We then identify the page with
the highest relevance score that is not labeled as
a ground-truth evidence page to serve as the hard
negative. This approach forces the model to dis-
criminate between semantically or visually similar
pages within the same document, thereby facili-
tating the learning of more fine-grained retrieval
capabilities.

A.3 Other Details

All experiments were conducted on NVIDIA A800
GPUs. The training process is computationally

24356



(b) Head-wise (in layer [ *)

b fuyer-tevel: 76%)

(a) Layer-wise

4
%

o
>

I
=

™ \ Mayer-level: 37%)

M\

0 5 10 15 20 0 3
Layer Index

Recall@3

I
o

~— Before Training

—=— After Training

5
o

6 9 215
Head Index

Figure 6: Quantitative analysis of attention-based re-
trieval capability in InternVL2.5-2B, including layer-
wise performance and head-wise performance within
the best-performing layer (before and after training).
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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-
proximately 5 hours on one GPU. For optimization,
we employ the AdamW optimizer with a global
batch size of 32 and a learning rate of 3 x 1075,
Regarding the specific hyperparameters introduced
in our method, the contrastive loss temperature 7
is set to 0.1, and the adaptive filtering threshold
0 is set to 0.3. During the inference and evalua-
tion phase, standard evaluation protocols across the
utilized benchmarks involve an answer extraction
step to normalize model outputs. We utilize the
gwen3-max API as the extractor for this purpose to
ensure accurate answer parsing.

B Detailed Efficiency Analysis

We provide detailed inference costs of CAPS
against other baselines. All experiments were con-
ducted on a single NVIDIA A800 GPU, and we
report the average latency and FLOPs per query.
Table 7 details the computational costs in
the single-query scenario, where one question
is selected for each of the 135 documents in
MMLongBench-Doc. CAPS achieves a total la-
tency in the same order of magnitude as the base-
line methods. The higher FLOPs observed in CAPS
compared to M3DocRAG are mainly due to the

Table 6: 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

Ratior Recall@3 Recall@5
Inference

i 1% 27.33 36.17
S 10% 38.02 48.86
100% 42.25 53.37
. 1% 58.97 69.28
sl 0 10% 60.72 70.45
100% 60.44 70.92
. 1% 50.03 59.32
(°,10) 10% 54.39 62.28
100% 52.67 63.01

larger number of visual tokens generated by differ-
ent image encoders.

Table 8 presents the costs in the multi-query sce-
nario, evaluated on the full 1,082 queries across 135
documents of MMLongBench-Doc (averaging ap-
proximately 8 queries per document). While CAPS
incurs a higher retrieval latency (11.25s) compared
to embedding-based methods that leverage caching,
this computational overhead trades off for signif-
icantly higher retrieval precision (Recall@5 of
78.89%, compared to 72.00% and 72.37% for the
baselines).

C Additional Experimental Results
C.1 Analysis on InternVL

To evaluate the generalization capability of our
proposed framework, we conduct identical experi-
ments using the InternVL2.5-2B architecture, em-
ploying the same training and evaluation hyper-
parameters. Figure 6 illustrates the quantitative
analysis of layer-wise and head-wise retrieval per-
formance on the validation set. Our observations
confirm that the findings reported for Qwen2.5-
VL are generalizable across different VLM archi-
tectures. For InternVL2.5-2B, which consists of
a 25-layer Transformer, we observe that the in-
trinsic retrieval capability peaks at the 17th layer
(I* = 17). Subsequent contrastive training yields
a substantial improvement in attention-based re-
trieval performance. We identify the 11th attention
head (h* = 11) within this layer as the expert head
for final evaluation.
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Table 7: Comparison of single-query costs in terms of average latency and computational cost per query.

Method Retrieval Time (s) Retrieval FLOPs (T) QA Time (s) QA FLOPs (T) Total Time (s) Total FLOPs (T)
M3DocRAG 7.42 306.42 2.37 107.45 9.79 413.87
MoLoRAG+ 11.73 498.61 2.29 96.88 14.02 595.49
CAPS (Ours) 11.27 606.67 2.20 91.43 13.47 698.10

Table 8: Comparison of multi-query costs in terms of average latency and computational cost per query.

Method Retrieval Time (s) Retrieval FLOPs (T) QA Time (s) QA FLOPs (T) Total Time (s) Total FLOPs (T)
M3DocRAG 0.84 37.01 2.35 107.24 3.19 144.25
MoLoRAG+ 5.56 229.01 2.31 97.05 7.87 326.06
CAPS (Ours) 11.25 607.17 2.21 91.63 13.46 698.80

The retrieval results on the MMLongBench-Doc
and LongDocURL benchmarks are presented in
Table 1. Although the absolute performance is
slightly lower than that of Qwen2.5-VL-3B, the
method still achieves highly competitive results.
This demonstrates the robust generalization of our
approach. Furthermore, given the low computa-
tional cost of training, our framework can be effi-
ciently transferred to more advanced VLMs as they
evolve. We anticipate that applying our method
to stronger backbones will yield even superior
retrieval performance, benefitting from their en-
hanced intrinsic visual understanding capabilities.

C.2 Additional Ablation Study

Effectiveness of Layer Selection. To validate
the rationale behind selecting the optimal layer [*
based on zero-shot performance, we investigate the
impact of applying contrastive training to layers at
various depths, rather than exclusively targeting the
layer with the highest initial score. As shown in Fig-
ure 7, we track the post-training performance of the
best head within each selected layer of Qwen2.5-
VL-3B. The results demonstrate a strong consis-
tency: the layer that exhibits the highest capabil-
ity in the training-free setting remains the optimal
choice after training. Specifically, early layers yield
poor results due to insufficient semantic interaction,
while performance peaks at the deeper layers be-
fore declining in the final layers. This observation
confirms that the intrinsic retrieval capability is
a reliable indicator of training potential, thereby
justifying the effectiveness of our layer selection
strategy.

Effectiveness of Token Aggregation Ratio r.
Recall that in the main text, the relevance score
is defined by aggregating attention weights over
the complete set of visual tokens V), (Eq. 2). In this

ablation study, we introduce a ratio hyperparame-
ter r to investigate whether the retrieval signal is
dominated by sparse salient regions. We define a
subset V}S” C V) consisting of the top-r percent of
tokens ranked by attention weight, and restrict the
summation range in Eq. 2 from the full set V), to

this subset VIS”.

As shown in Table 6, narrowing the summa-
tion scope to strictly high-confidence tokens (e.g.,
r = 1% or 10%) does not yield significant per-
formance gains. This indicates that valid retrieval
signals typically involve contributions from every
token, rather than being concentrated on a few ex-
treme pixels; the varying magnitudes of improve-
ment merely result in highlighted regions during
visualization. Furthermore, from an optimization
perspective, dynamically selecting V]gr) necessi-
tates a hard sorting operation, which is inherently
non-differentiable and hinders gradient propaga-
tion. Although potential solutions exist, we can
entirely circumvent this issue. Therefore, we retain
the summation over the full set V), as our standard
configuration, ensuring both superior performance
and training stability.

C.3 Visualization and Analysis

We visualize additional examples of cross-modal
attention in Figure 8. We observe three key phe-
nomena: (1) Expert head effect: In evidence pages,
compared to the layer mean, the expert head fo-
cuses significantly more sharply on the relevant
region in most cases, whereas the layer mean atten-
tion is dispersed as it aggregates highlights from
all heads. (2) Training effect: Compared to the pre-
training stage, post-training results demonstrate
effective suppression of background noise in evi-
dence pages, concentrating attention on evidence
regions. This indicates that training enhances the
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Table 9: 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-
cessive attention allocation to non-evidence areas.
(3) Attention sink: All irrelevant pages exhibit a
static attention sink pattern, focusing primarily on
initial tokens or boundary tokens due to the lack
of semantic alignment. This resembles the inher-
ent attention sink phenomenon in LL.Ms, which
we visualize here within the context of document
pages.

To quantitatively validate these visual observa-
tions, we leverage the distinct "attention sink" pat-
terns found in irrelevant pages. Let P; denote the
flattened attention weight vector from the final to-
ken to all visual tokens for the i-th page (refer to
Eq.1), and let P be the mean attention vector com-
puted across all pages. Here, P approximates the
static, query-agnostic background bias (i.e., the at-
tention sink). We define a variance-based score,
Svar, to quantify the deviation from this static pat-
tern:

Syar = Var(P; — P) )

Intuitively, a higher sy, indicates that the page
exhibits unique, query-specific focal points that
significantly diverge from the background noise,
whereas a low score suggests the page is dominated
by the static attention sink. We utilize this metric
to rank pages for retrieval. As presented in Table 9,
the substantial improvement in Recall after train-
ing confirms our visual findings: the contrastive
training effectively enhances the signal-to-noise
ratio, allowing the expert head to suppress static bi-
ases and concentrate sharply on relevant evidence.
However, it is important to note that this is primar-
ily a verification experiment for our visualization
analysis. For the actual retrieval task, simply ag-
gregating all visual attention weights (as proposed
in our main method) yields superior performance
compared to this variance-based metric.

C.4 Robustness of Expert Head Selection

To verify the robustness of the expert head selec-
tion in CAPS, we conducted comprehensive exper-
iments on the MMLongBench-Doc dataset. Specif-

Table 10: Robustness analysis of expert head selection
across prompt formats, document types, and evidence
sources on the MMLongBench-Doc dataset.

Type Top-5 Head Index (Recall@3)
Prompt Formats
Simple #10 (74%) #6 (71%) #1 (70%) #0 (70%)  #4 (69%)
Instruction #10 (73%) #6 (T1%) #4 (70%) #3 (69%)  #1 (69%)
Role-play #10 (74%) #6 (73%) #1 (710%) #0 (70%)  #4 (69%)
Document Types
Research report #6 (72%)  #10 (72%) #4 (69%) #7 (68%)  #1 (68%)
Tutorial/Workshop ~ #6 (71%)  #10 (70%) #7 (69%) #4 (68%)  #0 (68%)
Academic paper #10 (81%) #4 (77%) #3 (16%) #0 (15%)  #1 (74%)
Guidebook #10 (74%) #6 (67%) #0 (66%) #1 (66%)  #4 (66%)
Brochure #10 (76%)  #6 (716%) #3 (13%) #4 (73%) #11 (72%)
Admin/Industry file  #6 (79%) #10 (78%) #0 (78%) #1 (78%)  #4 (78%)
Financial report #10 (65%) #14 (63%) #6(61%) #3(57%)  #4 (56%)
Evidence Sources
Pure-text #10 (72%)  #6 (68%) #3 (67%) #1 (66%)  #4 (66%)
Generalized-text #10 (71%)  #6 (71%) #4 (69%) #3 (68%)  #0 (67%)
Chart #6 (76%)  #10 (76%) #3 (74%) #0 (74%)  #4 (13%)
Table #10 (71%)  #6 (66%) #4 (65%) #11(65%) #3 (64%)
Figure #10 (74%)  #6 (72%) #4 (710%) #3 (10%)  #1 (68%)

ically, we evaluated the stability of the selected
expert head across three key dimensions: prompt
formats, document types, and evidence sources.
For prompt formats, we designed three variations
to evaluate if the attention patterns heavily rely on
specific textual instructions:

* Simple: <image>\n Question: {Question}

* Instruction: <image>\n Based on the image
above, answer the following question: {Ques-
tion}

* Role-play: You are a helpful assistant for doc-
ument question answering. You need to find
the answer from the document page.\n Doc-
ument Page: <image>\n User query: {Ques-
tion}

As shown in Table 10, we report the Top-5 per-
forming attention heads ranked by Recall@3. The
results confirm that while minor variations exist
across different settings, the expert head selection
remains highly stable within the document retrieval
domain. Specifically, head 10 consistently emerges
as the most generalizable and strongest performer
across almost all scenarios. Even in the few scenar-
ios where it ranks second (e.g., specific document
types like research reports), the performance gap
with the top performer is marginal. This demon-
strates that the retrieval capability of the selected
expert head is an intrinsic feature of cross-modal
alignment, rather than an artifact of overfitting to
specific formats or domains.
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Figure 3: Comparison of querying methods.

Query: What are the
horizontal and vertical axis
of Figure 3 respectively?

Answer: Context Length,
F1

Model Align. Corr.

GPT4(05) | 920015 | 976001
ChatGPT (0.1) | 85.9(25) | 96.1(0.4)
ChatGPT (0.5) | 84.5(1.1) | 94.8(0.2)
ChatGPT (0.9) | 84.1(05) | 9420.4)
Alpaca-7B 3690.9) | 789(0.)
LLaMA-7B | 47.8(05) | 70.2(92)
LLaMA-13B | 62.1(9.4) | 71.710)
Vicuna-13B | 66.9(0.1) | 59.000.)

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

Answer: 0.1

(a) Input image

(b) mean of heads

before trainin

(c) head (d) mean of heads (e) head

before training after tralmnI after tra1n1n|

The Bromx 980,000,000 wax
Brookiyn 1,606.000.000 %
Manhattan 146,000,000 %
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Query: What percentage of
land area was rezoned in
the Bronx from 2003-2007?

Answer: 18.40%

BT

How Have Recent
Rezonings Affected the
¢ ? )

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 ~* (cols. c,
e) focuses more sharply on the answer region; after training (col. e), noise is suppressed compared to before training
(col. ¢). 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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Table 11: Comparison with the single-tower baseline
on the MMLongBench-Doc dataset without adaptive
filtering.

Method Base Model Recall@3 Recall@5
M3DocRAG  ColPali 64.17 72.00
MoLoRAG+  ColPali + QwenVL 68.87 72.37
Single-tower Qwen2.5-VL-3B 66.93 74.40
CAPS (Ours) Qwen2.5-VL-3B 73.64 80.50

C.5 Comparison with Single-Tower Baseline

To further validate the design of our attention-based
scoring mechanism, we implemented a conven-
tional single-tower reranking baseline for compari-
son. For this baseline, we appended a linear classifi-
cation head to the final hidden states of the VLM to
extract query-page relevance scores. Crucially, this
baseline enables a strictly fair comparison regard-
ing both training and inference costs. By training
this single-tower model via contrastive learning
using the same training data, hyperparameter set-
tings, and base model as CAPS, we can evaluate
the effectiveness of our approach under identical
computational budgets.

The comparative results on the MMLongBench-
Doc dataset are presented in Table 11. CAPS sig-
nificantly outperforms the single-tower baseline,
achieving an absolute improvement of 6.71% in
Recall@3 (73.64% vs. 66.93%). This substantial
performance gap demonstrates the effectiveness
of explicitly leveraging the intrinsic cross-modal
attention mechanisms for page retrieval. In con-
trast, the single-tower baseline, which relies solely
on the hidden states of the final layer, struggles to
fully utilize the VLM’s cross-modal understanding
capabilities.

C.6 Comprehensive Retrieval Performance

In Table 12, we present a comprehensive evaluation
of the retrieval performance using an extended set
of metrics: Recall, Precision, NDCG, and MRR.
The results reported for our method are based on
the Qwen2.5-VL-3B backbone. As demonstrated
in the table, our approach consistently outperforms
comparative baselines across all metrics, validating
the robustness and ranking quality of the trained
attention signal. To facilitate interpretation, we pro-
vide detailed definitions of the evaluation metrics
used.

(1) Recall quantifies the coverage capability of
the retrieval system. It measures the proportion of
actual ground-truth evidence pages that the model

successfully captures within its retrieved set.

| Pret N Pt

Recall =
| Pt

(10)

A high recall indicates that the system effectively
minimizes information loss, ensuring that critical
evidence required for downstream reasoning is not
omitted.

(2) Precision evaluates the purity of the retrieved
candidates. It represents the signal-to-noise ratio
within the model’s output by calculating the frac-
tion of retrieved pages that are truly relevant.

’Pret N 7)gt |

11
Prad (11

Precision =

This metric reflects the model’s efficiency in filter-
ing out distractors. High precision implies that the
downstream generation model receives a concise
context with minimal irrelevant noise.

(3) NDCG (Normalized Discounted Cumulative
Gain) assesses the quality of the ranking order. Un-
like binary metrics that treat all positions equally,
NDCG incorporates position bias, acknowledging
that evidence appearing earlier in the list is more
valuable. It rewards algorithms that prioritize rele-
vant pages by placing them at the top of the ranking
list, aligning with the preference for immediate in-
formation access.

(4) MRR (Mean Reciprocal Rank) measures the
efficiency of identifying the first piece of valid ev-
idence. It is determined by the reciprocal rank of
the first correct match in the sorted list:

MRR = (12)

rank g
This metric serves as an indicator of system respon-
siveness, reflecting how deep into the candidate list

a user or model must search to encounter the first
correct evidence page.

C.7 Fine-grained Performance Analysis

To thoroughly investigate the model’s capabilities
across different scenarios, we conducted a detailed
analysis on the MMLongBench-Doc and Long-
DocURL benchmarks using the Top-3 retrieval set-
ting. The results are presented in Table 13 and
Table 14.

We categorize queries into two dimensions to
evaluate distinct aspects of the model. First, the Ev-
idence Source dimension classifies queries based
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on the visual modality required for the answer, in-
cluding text (TXT), layout (LAY), charts (CHA), ta-
bles (TAB), and figures (FIG). This helps us assess
the model’s versatility in handling diverse multi-
modal elements. Second, the Evidence Page dimen-
sion defines the scope of information needed, distin-
guishing between single-page (SIN) and multi-page
(MUL) reasoning. We also include an "unanswer-
able" (UNA) category for MMLongBench-Doc,
which involves negative samples where the doc-
ument contains no valid answer. This category
specifically tests the model’s ability to avoid hal-
lucinations by correctly identifying the absence of
information. We report both Accuracy (Acc) for se-
mantic similarity and Exact Match (EM) for strict
correctness. As shown in the tables, our method
maintains robust performance across these diverse
reasoning scopes and visual modalities.

C.8 Extended Analysis on Retrieval Settings

We further extend our evaluation to include Top-1
and Top-5 retrieval settings to analyze how context
size impacts downstream QA performance. The
detailed comparisons are provided in Table 15 (Top-
1) and Table 16 (Top-5).

Our findings highlight an interesting trade-off
between retrieval precision and context length,
which varies by model architecture. For advanced
VLMs capable of handling multi-image inputs (e.g.,
Qwen2.5-VL), the Top-3 setting generally offers
the optimal balance, providing sufficient context
for multi-page reasoning without introducing exces-
sive noise. Conversely, for models that are less op-
timized for multi-page inputs or require image con-
catenation (e.g., LLaVA-NeXT-7B and DeepSeek-
VL-16B), the Top-1 setting often yields superior
results by minimizing distraction from irrelevant
pages. Regardless of the specific K value (Top-1,
Top-3, or Top-5), our method consistently outper-
forms baselines, demonstrating the robustness of
our attention-based retrieval mechanism.
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Table 12: 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 LongDocURL
Top-K Method Recall Precision NDCG MRR | Recall Precision NDCG MRR
M3DocRAG 4331 56.67 56.67  56.67 | 46.84  64.66 64.66  64.66

MDocAgent (Text) 29.30 38.99 38.99 3899 | 42.03 58.37 58.37  58.37
1 MDocAgent (Image) | 43.79 57.49 5749 5749 | 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
M3DocRAG 64.17 31.62 5413 65.36 | 67.00 33.78 5823 7251

MDocAgent(Text) 43.21 20.77 37.13 4526 | 58.53 29.33 5412 65.28
3 MDocAgent(Image) | 64.74 31.97 5475  66.12 | 66.67 33.62 5826  72.47

MoLoRAG+ 68.87 48.67 6449  73.50 | 68.92 47.53 6490 77.14
CAPS (Ours) 72.86 50.51 67.07 7627 | 70.92 49.82 65.92  78.22
M3DocRAG 72.00 22.58 54.06 6692 | 74.32 23.34 58.05  73.83

MDocAgent(Text) 50.60 15.48 37.19 4698 | 6541 20.41 5397  66.55

5 MDocAgent(Image) | 71.45 22.37 54.58  67.53 | 74.60 23.50 58.06  73.90
MoLoRAG+ 72.37 45.34 6436  73.97 | 73.69 42.47 64.74  77.89

CAPS (Ours) 78.89 45.61 6698  77.25 | 75.76 44.31 65.78  79.03

Table 13: 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 Page
DocQA Model Method TXT LAY CHA TAB FIG | SIN MUL UNA | Ac EM
Text-based
Owen2.5-7B Text RAG 1796 1069 1035 1542 958 | 17.72 934 7040 | 2552 23.29
wenz. DSOCR Text RAG | 2436 17.99 20.07 2534 11.28 | 2826 9.64 172.65 | 30.67 27.26
DeenSeek V3 Text RAG 2537 438 19.60 2223 1334 | 2485 13.03 69.06 | 29.82 26.62
p DSOCR Text RAG | 2677 17.85 2247 2944 1439 | 3256 1162 68.61 | 32.81 29.21
Vision-based
Direct 654 438 212 153 738 | 417 507 1659 | 7.15 573
M3DocRAG 874 854 187 659 1172 | 727 855 1749 | 1010 823
LLaVA-NeXT-7B MoLoRAG+ 749 808 2890 249 1124 | 786 625 1659 | 941 730
CAPS (Ours) 1439 1546 898 7.59 21.17 | 1898 1157 1614 | 16.08 1220
Direct 886 13.63 523 657 1339 | 986 936 3.14 | 840 6.0l
DeenSeek VL 168 M3DocRAG 1975 2502 1838 1431 2755 | 2591 1584 3.59 | 18.12 1349
p MoLoRAG+ 2758 32.67 2156 2333 3445 | 3940 1874 4.04 | 2547 19.59
CAPS (Ours) 28.86 32.80 2232 2601 33.85 | 39.68 19.68 3.14 | 2559 19.96
Direct 3411 2956 2472 2337 3375 | 3630 2342 987 | 2665 2098
Owen2.5-VL-3B M3DocRAG 3511 2806 2404 2558 3223 | 39.62 2062 1883 | 20.11 23.66
: MoLoRAG+ 3820 33.53 2648 2939 3534 | 45.12 23.17 19.28 | 3247 2652
CAPS (Ours) 4156 3091 2995 3779 3773 | 4877 2653 1839 | 34.86 2837
Direct 37.14 2726 2800 2552 3195 | 4021 23.88 3094 | 3277 2736
Owen2.5-VL7B M3DocRAG 38.83 3656 3046 3624 3583 | 4685 2529 2870 | 36.18 30.96
: MoLoRAG+ 4269 3879 3326 3853 4073 | 5290 27.59 3587 | 41.01 34.94
CAPS (Ours) 4451 3555 3797 4276 44.09 | 5720 28.67 42.15 | 44.69 3835
Mixed

MDocAgent(LLaMA3.1-8B+Qwen2.5-VL-7B) | 43.14 31.17 3255 3872 3790 | 5345 2382 2825 | 3853 33.27
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Table 14: 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 Page
DocQA Model Method TXT LAY TAB FIG SIN MUL Acc EM
Text-based
Qwen2.5-7B Text RAG 3641 2377 20.55 2594 | 26.75 28.73 | 27.93 21.94
’ DSOCR Text RAG 41.14 25.66 2493 30.08 | 31.58 30.00 | 30.87 24.43
DeepSeek-V3 Text RAG 41.89 28.15 30.84 3549 | 3577 33.67 | 3473 26.84
P DSOCR Text RAG 46.03 29.32 2949 3546 | 36.60 33.78 | 35.18 27.74
Vision-based

Direct 16.79  7.39 528 1212 | 7.87 13.43 | 10.78 9.29

M3DocRAG 20.64 1075 7.17 16.16 | 11.12 1620 | 13.85 10.62

LLaVA-NeXT-7B MoLoRAG+ 1994 1064 7.32 17.11 | 11.17 1573 | 13.58 10.49
CAPS (Ours) 28.75 19.26 11.79 22.58 | 18.68 21.72 | 20.22 14.19

Direct 1998 1365 826 13.81 | 11.18 17.87 | 1472 11.35

DeepSeek-VI-16B M3DocRAG 40.61 30.78 16.19 27.56 | 2554 3331 | 29.60 21.29
P MoLoRAG+ 4428 32.84 29.89 37.81 | 39.19 3558 | 37.21 27.74
CAPS (Ours) 51.05 3635 3044 3586 | 42.13 38.64 | 40.27 30.32

Direct 31.98 22.86 17.43 2350 | 21.60 27.77 | 24.89 18.67

Qwen2.5-VL-3B M3DocRAG 54.07 3697 3797 42.07 | 4639 42.64 | 4440 3497
’ MoLoRAG+ 5424 36.62 39.03 41.13 | 4749 4331 | 4527 3553
CAPS (Ours) 56.12 38.89 38.08 41.63 | 47.04 44.26 | 45.60 35.87
Direct 3237 2325 19.88 27.09 | 2420 28.15 | 2638 19.74

Qwen2.5-VL-7B M3DocRAG 58.16 4124 43775 46.04 | 53.35 45.13 | 49.03 38.88
’ MoLoRAG+ 61.43 4256 4598 49.01 | 55.01 49.01 | 51.85 40.13

CAPS (Ours) 64.33 4330 4796 5235 | 57.80 50.09 | 53.78 42.71

Mixed

MDocAgent(LLaMA3.1-8B+Qwen2.5-VL-7B) | 56.81 3548 4225 44.07 | 49.46 4451 | 4691 37.63
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Table 15: 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
- Text RAG 211 2075 534 264 | 1771
. DSOCR Text RAG 25.34 22.92 7.63 2913 | 21.26
DeenSeckV3 Text RAG 25.94 24.32 10.18 3455 | 2375
cepsee DSOCR Text RAG 26.02 25.87 10.18 3474 | 24.20
Vision-based
Direct 7.15 10.78 3.05 11.61 | 815
M3DocRAG 16.32 25.25 6.62 1526 | 15.86
LLaVA-NeXT-7B MoLoRAG+ 17.15 27.00 6.36 1752 | 17.01
CAPS (Ours) 18.56 26.85 5.85 1791 | 17.29
Direct 8.40 14.72 6.11 16.14 | 11.34
M3DocRAG 26.23 4221 16.54 4843 | 3335
DeepSeck-VL-16B MoLoRAG+ 28.98 45.17 21.88 5827 | 38.58
CAPS (Ours) 29.52 45.55 18.32 5945 | 3821
Direct 26.65 24.89 25.19 5157 | 32.08
M3DocRAG 26.77 39.82 19.85 4577 | 33.05
Qwen2.5-VL-3B MoLoRAG+ 30.03 43.17 23.16 5541 | 37.94
CAPS (Ours) 31.70 43.29 2036 57.68 | 38.26
Direct 3277 26.38 29.77 64.07 | 38.25
M3DocRAG 32.29 43.32 19.34 5098 | 36.48
Qwen2.5-VL-7B MoLoRAG+ 3637 47.86 2748 6250 | 43.55
CAPS (Ours) 41.28 48.77 23.16 6427 | 44.37
Mixed
MDocAgent(LLaMA3.1-8B+Qwen2.5-VL-7B) | 31.73 44.42 21.63 57.78 | 38.89

Table 16: 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
OwenZ.5-7B Text RAG 26.09 31.36 16.79 4921 | 30.86
: DSOCR Text RAG 3221 33.13 18.32 51.08 | 33.69
DeenSeek V3 Text RAG 31.23 39.04 23.92 62.01 | 39.05
P DSOCR Text RAG 34.23 38.84 27.48 59.84 | 40.10
Vision-based
Direct 7.15 10.78 3.05 11.61 | 815
M3DocRAG 10.43 12.65 4.58 12.80 | 10.12
LLaVA-NeXT-7B MoLoRAG+ 9.19 13.59 433 13.09 | 10.05
CAPS (Ours) 16.07 19.07 433 14.17 | 1341
Direct 8.40 14.72 6.11 16.14 | 11.34
M3DocRAG 18.87 29.27 8.14 2726 | 20.89
DeepSeck-VL-16B MoLoRAG+ 24.86 38.02 9.67 4144 | 28.50
CAPS (Ours) 27.00 39.60 10.94 48.03 | 31.39
Direct 26.65 24.89 25.19 51.57 | 32.08
M3DocRAG 28.38 44.67 27.48 5520 | 38.94
Qwen2.5-VL-3B MoLoRAG+ 32.41 45.13 27.48 58.07 | 40.77
CAPS (Ours) 33.25 46.41 23.16 59.94 | 40.69
Direct 3277 26.38 29.77 64.07 | 3825
M3DocRAG 37.19 50.33 30.53 64.37 | 45.61
Qwen2.5-VL-7B MoLoRAG+ 40.47 5233 3155 6939 | 48.44
CAPS (Ours) 42.72 55.20 35.11 7205 | 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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