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Abstract

Real-world documents are visually rich and
structurally organized, with text, tables, fig-
ures, and captions interleaved across pages. Al-
though retrieval-augmented generation (RAG)
is widely used for document question answer-
ing, existing pipelines often treat such docu-
ments as fixed page- or chunk-level collections.
This document-agnostic construction either di-
lutes evidence in dense pages or fragments se-
mantically related layout elements. Moreover,
cross-page questions often require iterative ev-
idence exploration, but existing systems typ-
ically follow fixed retrieval paths that do not
adapt to the evidence already found.

We propose DAMG-RAG, a Document-Aware
Multi-Granularity RAG framework for visu-
ally rich document understanding. During in-
gestion, DAMG-RAG constructs layout-aware
atomic retrieval units and links them to page-
and section-level nodes, forming a multi-
granularity document tree. During inference,
a state-aware agentic workflow maintains ex-
plored regions and validated evidence, dynami-
cally selecting exploration and navigation tools
over this tree. On MMLongBench, DAMG-
RAG obtains 64.7% accuracy with Claude Son-
net 4.6, yielding a 3.6-point gain over the best-
performing agentic baseline in our experiments
while using 18.8% of its token budget.

1 Introduction

Large language models (LLMs) have made natural-
language interaction with complex documents in-
creasingly practical (Yue, 2025). Many real-world
workflows, such as financial analysis (Li et al.,
2023b), legal review (Chalkidis et al., 2020), sci-
entific research (Wang et al., 2024c), and enter-
prise knowledge management, require question an-
swering over visually rich documents. As shown
in Figure 1, visually rich documents interleave
text, tables, figures, captions, and layout struc-
tures across pages, with evidence organized differ-
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Figure 1: Examples of heterogeneous visually rich lay-
outs with distinct text, table, and figure organization
patterns.

ently across layout patterns. Although multimodal
LLMs such as GPT-4o (Hurst et al., 2024) can
directly process visual inputs, their performance
degrades on long documents because relevant ev-
idence is diluted by large amounts of irrelevant
content (Sharma et al., 2024). Retrieval-augmented
generation (RAG) (Lewis et al., 2020) therefore
remains a practical strategy for grounding long-
document question answering in targeted evidence.

However, applying RAG to such documents is
nontrivial. In visually rich documents, relevant
evidence is often embedded in the interactions
among text, tables, figures, captions, and layout
structures, rather than occurring in isolation (Ueda
et al., 2026; Bhattacharyya et al., 2025). Effective
retrieval therefore requires constructing evidence
units that are semantically coherent across modali-
ties and aligned with the document’s structural and
layout hierarchy (Shin et al., 2025). Furthermore,
the retrieval process must be capable of leveraging
diverse structural cues to guide targeted evidence
collection (Sourati et al., 2025). Prior RAG sys-
tems often fall short in both aspects, giving rise to
two major limitations.

1. Document-agnostic retrieval units. Stan-
dard RAG pipelines usually index documents
at a fixed granularity, such as pages (Faysse
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et al., 2024) or text chunks. Page-level units
preserve visual context but dilute evidence in
text-dense documents, while chunk-level units
improve lexical specificity but may separate
captions from figures, table cells from headers,
or OCR (Smith, 2007) fragments from their
surrounding layout. As a result, the indexed
units often fail to match the semantic units
needed for visually rich document QA.

2. State-agnostic evidence exploration. Many
questions require following structural cues
across pages, such as section hierarchy, ta-
ble or figure references, and page-level visual
signals (Wang et al., 2025; Sun et al., 2025).
Existing RAG systems often use predefined re-
trieval paths and do not condition subsequent
searches on the evidence collected so far (Du
et al., 2026). This makes it difficult to decide
when to expand local context, inspect a related
section, follow a reference, or stop searching.

To address these limitations, we propose DAMG-
RAG, a document-aware multi-granularity RAG
framework for long visually rich document QA. It
constructs document-adaptive retrieval units and
uses LLM agents to perform state-aware evidence
exploration across multiple document granularities.

Our design is motivated by the complementary
strengths of retrieval tools and human document
reading. Retrieval tools can efficiently localize can-
didate regions. Human readers, by contrast, are
effective at making state-dependent reading deci-
sions. DAMG-RAG combines these strengths by
using retrieval tools to quickly locate candidate re-
gions, while allowing LLM agents to decide how to
further explore evidence within a document-aware
structure.

This idea is implemented in two stages. Dur-
ing ingestion, the framework determines suitable
atomic retrieval units based on the document’s lay-
out characteristics. It then extracts a hierarchical
outline, aligns atomic units with pages and sec-
tions, and enriches them with concise contextual
semantics. The resulting document tree preserves
semantically coherent atomic units while connect-
ing them to higher-level document structure, pro-
viding the basis for multi-granularity retrieval and
navigation.

At inference time, DAMG-RAG conducts state-
aware evidence exploration over the document tree
through a multi-agent workflow. It maintains a

persistent memory of explored regions and vali-
dated evidence as a global search state (Park et al.,
2023). Conditioned on this state, the workflow de-
termines the appropriate retrieval granularity and
invokes the corresponding tools (Yao et al., 2023)
to explore the document tree, and refines retrieved
candidates through staged filtering and verifica-
tion. As a result, retrieval is formulated as an adap-
tive, multi-granularity evidence exploration process
rather than a fixed-path matching procedure.

Our contributions can be summarized as follows:

• We propose a document-aware ingestion strat-
egy that constructs layout-aware atomic units
and links them to page- and section-level
nodes, yielding a multi-granularity document
tree for visually rich documents.

• We introduce a state-aware evidence explo-
ration workflow that maintains explored re-
gions and validated evidence, enabling the
system to choose among retrieval, context ex-
pansion, and structure-guided navigation tools
during inference.

• We evaluate DAMG-RAG on MMLongBench
and show that it outperforms strong agentic
baselines by 3.5 and 3.6 accuracy points with
GPT-4o and Claude Sonnet 4.6 (Anthropic,
2026), respectively, while using only 18.8%
of the token budget.

2 Related Work

2.1 RAG for Visually Rich Documents
Traditional RAG methods (Lewis et al., 2020;
Karpukhin et al., 2020) for document question
answering primarily operate over textual chunks,
which limits their ability to exploit visual and lay-
out information in visually rich documents. To in-
corporate visual evidence, recent methods (Faysse
et al., 2024) have introduced page-level visual re-
trieval models, where document pages are encoded
as images and retrieved according to their visual
relevance to the query. These methods improve
access to visual information, but they often treat
an entire page as the retrieval unit, which can be
too coarse for text-dense or structurally complex
documents.

Another line of work (Wan and Yu, 2025; Du
et al., 2026) relies on OCR or document parsing
tools (PyMuPDF Developers, 2026) to decompose
pages into fine-grained textual or visual elements,
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Figure 2: Overview of DAMG-RAG. Document structuring builds a multi-granularity document tree from outline
and atomic retrieval units, while multi-agent retrieval uses a global search state to guide tool-based evidence
exploration.

which are then indexed as retrieval chunks. These
methods offer localized access, but their predefined
units still provide only a single structural view,
making it difficult to capture evidence spanning
local semantic blocks and higher-level document
structure.

2.2 Multi-Agent Systems for Document
Understanding

Multi-agent systems have shown promise in com-
plex reasoning tasks by assigning specialized roles
to different agents and coordinating their inter-
actions (Hong et al., 2024; Li et al., 2023a; Wu
et al., 2024). In document understanding area, re-
cent methods typically instantiate agents accord-
ing to either modality or functional role. Some
systems (Han et al., 2025) use modality-specific
agents to process textual and visual evidence sep-
arately before answer aggregation, while others
adopt iterative seeker-reviewer workflows (Sun
et al., 2025; Wang et al., 2025), where a seeker
agent retrieves candidate evidence and a reviewer
agent verifies answer-evidence consistency and de-
termines whether additional retrieval is needed.

Although these designs improve multimodal pro-
cessing and introduce deliberation before retrieval,
they often rely on limited tools and operate within a
single document granularity. They therefore strug-
gle to explore different document regions in a tar-

geted way and lack an explicit global search state
over explored regions and accumulated evidence.

3 Method

Given a visually rich document and a question,
DAMG-RAG operates in two stages, as illustrated
in Figure 2. First, Document Structuring constructs
atomic units according to layout and content char-
acteristics, aligns them with page and section nodes,
and forms a multi-granularity document tree (Sec-
tion 3.1). Second, Multi-Agent Retrieval main-
tains a global search state and iteratively selects
exploration or navigation tools to collect, filter,
and verify evidence before answer generation (Sec-
tion 3.2).

3.1 Document Structuring

Document-Aware Atomic Unit Construction.
DAMG-RAG first routes each document to an ap-
propriate atomic-unit construction strategy. This
routing step is motivated by the observation that
OCR chunks can directly serve as reliable units in
well-structured documents, but may become frag-
mented or semantically misaligned in visually com-
plex layouts.

Given the initial OCR-derived chunks, we com-
pute a lightweight page-level visual-complexity
score based on image-chunk ratio and chunk den-
sity. The top-K pages are then converted into lay-
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out visualizations, where chunk bounding boxes
are rendered with distinct colors. A VLM-based
router assesses whether these pages are best repre-
sented by parser chunks, whole pages, or visually
grouped blocks, and assigns the document to the
corresponding construction mode:

τ = Router(P layout
K ), τ ∈ {τchunk, τpage, τgroup}.

Here, P layout
K denotes the selected top-K layout

pages, and τ selects one of three construction strate-
gies:
(1) Chunk-based strategy (τchunk): Atomic units
are constructed from the original chunks when tex-
tual content is dominant and the initial layout is
already sufficiently regular. Following the stan-
dard RAG setting, text is segmented into fixed-size
overlapping chunks, while images are preserved as
independent visual chunks.
(2) Page-based strategy (τpage): Atomic units are
constructed from entire pages when each page nat-
urally forms a coherent semantic boundary. This
strategy is suitable for slide-like documents, where
the page layout typically organizes content into
complete topical units.
(3) VLM-grouping strategy (τgroup): This strat-
egy is used when the original chunks are frag-
mented or poorly aligned with semantic bound-
aries. Instead of treating each chunk independently,
we ask a VLM to identify groups of chunks that
should form coherent atomic units. Given the lay-
out visualization P layout and the original chunk set
X = {xi}Ni=1, the VLM predicts a set of chunk
groups:

G = {gj}Mj=1 = VLMgroup(X ,P layout), gj ⊆ X .

Each group gj contains chunks that are spatially ad-
jacent and semantically related. We then merge the
bounding boxes of chunks in gj and crop the corre-
sponding page region to construct one multimodal
atomic unit.

Atomic Unit Representation. After construc-
tion, each atomic unit is represented as a retrieval
node. To support both semantic and lexical re-
trieval, DAMG-RAG annotates each node with a
compact semantic description and a set of salient
keywords generated by the VLM. The semantic
description is used for dense retrieval, while the
keywords support explicit lexical lookup in the
multi-agent retrieval stage.

Multi-Granularity Document Tree Construc-
tion. After constructing and annotating atomic
units, DAMG-RAG organizes them into a docu-
ment tree that connects atomic units with their page
and section-level context. In our implementation,
we obtain the document outline from the struc-
tured output of Adobe PDF Extract API (Adobe),
and align each outline node with its corresponding
pages. Atomic units are then attached to the page
nodes from which they are constructed. The out-
line source is replaceable: any OCR-derived text
hierarchy can also be used as the outline.

Formally, the resulting document tree is defined
as

T = (V,L), V = Vsec ∪ Vpage ∪ Vatom.

Here, Vsec, Vpage, and Vatom denote section units,
page units, and atomic units, respectively. The link
set L is induced by natural containment relations.
This tree provides a unified multi-granularity struc-
ture for evidence retrieval and navigation.

3.2 Multi-Agent Retrieval

Global Search State. During inference, DAMG-
RAG maintains an explicit global search state over
the document tree T = (V,L), tracking explored
nodes, accumulated evidence and previous actions.
Before step t, the state is defined as

St =
(
Vexp
t , Et, {Ai}t−1

i=1

)
.

Here, Vexp
t ⊆ V denotes the set of nodes explored

before step t, which is used to avoid redundant
retrieval. Et stores the accumulated evidence ex-
tracted from verified useful nodes, while {Ai}t−1

i=1

records previous retrieval actions. This state pro-
vides the global context for subsequent agent plan-
ning.

State-Guided Search Planning. To enable struc-
tured planning over the document tree, we define a
compact toolset U as the agent action space:

U = Uexp ∪ Unav.

Exploration tools Uexp introduce new evidence can-
didates by searching over atomic units outside the
current retrieval trajectory. Specifically, SEMAN-
TIC SEARCH retrieves units using dense similar-
ity over semantic descriptions, while KEYWORD

SEARCH performs lexical lookup over salient key-
words.
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Navigation tools Unav instead use accumulated
evidence or structural cues to move within the doc-
ument tree. FETCH IDENTITY fetches referenced
figures, tables, or other identified elements; FETCH

PAGE retrieves page-level context; and FETCH

SECTION expands retrieval to section-level con-
text. Detailed tool implementations are provided in
Appendix A.2.

Within the multi-agent workflow, the analyzer
performs state-guided search planning over the
toolset U . At step t, it takes the question q, the
global search state St, and the toolset U as input:

dt,At = Analyzer(q, St,U).
The analyzer assesses the current evidence cover-
age, identifies missing information, and outputs
a planning decision dt together with a set of ex-
ecutable tool actions At. Each action specifies a
selected tool ut ∈ U and its input arguments. If the
accumulated evidence is sufficient, dt indicates ter-
mination and Et is passed to the answer generation
stage.

Candidate Filtering and Evidence Verification.
Given the planned tool actions At, DAMG-RAG
retrieves a candidate set Ct from the document
tree. The candidates first undergo state-aware filter-
ing, which removes units already recorded in the
explored-node set Vexp

t . The remaining candidates
are then passed to an evidence verifier, which identi-
fies units that directly support the current question
or retrieval goal and extracts grounded evidence
snippets from them.

After verification, all candidates retrieved in the
current step are marked as explored, and the ex-
tracted evidence is merged into the evidence mem-
ory:

Vexp
t+1 = Vexp

t ∪ Ct, Et+1 = Et ∪∆Et.
The updated state St+1 is then returned to the ana-
lyzer for subsequent search planning.

Answer Generation. When the analyzer termi-
nates or the maximum round budget is reached, the
answer generator receives the question and the ac-
cumulated evidence memory Et. It produces the
final answer using only the verified evidence snip-
pets.

4 Experiments

4.1 Experimental Setup
Datasets. We evaluate on MMLongBench (Ma
et al., 2024) and LongDocURL (Deng et al., 2025),

Dataset MMLongBench LongDocURL

Questions 1082 2325
Documents 135 396
Avg. Pages 47.5 85.6
Avg. Tokens 21214 43623

Table 1: Dataset statistics for MMLongBench and Long-
DocURL.

two long-document QA benchmarks requiring ev-
idence localization over lengthy PDFs. Their pre-
dominantly short factual answers further support
reliable automatic evaluation. Table 1 summarizes
the dataset statistics used in our experiments.

Baselines. We compare DAMG-RAG against
two categories of baselines. (i) Evidence-page or-
acle, where the ground-truth evidence pages are
directly provided to a large vision-language model
(LVLM) for answer generation. (ii) Agentic multi-
modal RAG baselines, including ViDoRAG (Wang
et al., 2025), DocAgent (Sun et al., 2025), and
MDocAgent (Han et al., 2025). ViDoRAG adopts
an iterative seek-and-review framework over can-
didate images. DocAgent conducts iterative docu-
ment exploration through keyword- and section-
based operations. MDocAgent retrieves both
textual and visual candidates, delegates them to
modality-specific agents, and aggregates the result-
ing answers. For fair comparison, all baselines
are implemented with the same LVLM backbone
and evaluated under the same evaluation protocol.
Their token consumption is further analyzed in Sec-
tion 4.4. Further implementation details of all base-
lines are provided in Appendix A.3.

Evaluation Metrics. We report end-to-end ac-
curacy based on an LLM-as-a-judge evaluation
protocol, following recent work that uses strong
LLMs as scalable evaluators (Zheng et al., 2023;
Liu et al., 2023). We use GPT-4o as the evaluator
to judge whether each model prediction is semanti-
cally equivalent to the corresponding ground-truth
answer. Details of the evaluator prompt and its
agreement with human evaluation are provided in
Appendix B.1.

Implementation Details. Key implementation
settings are as follows. MinerU (Wang et al.,
2024a) is employed for OCR and multimodal doc-
ument parsing during the document pre-building
stage. Dense retrieval is implemented with
text-embedding-3-small (OpenAI, 2026). In
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Method MMLongBench LongDocURL

Academic Brochure Guidebook Industry Report Tutorial Average Average

GPT-4o

Oracle 45.0 57.0 56.4 66.2 54.0 76.1 57.1 64.5
ViDoRAG 28.4 35.0 52.9 45.6 40.4 56.5 43.2 60.4
MDocAgent 38.7 40.0 49.0 44.4 45.9 55.0 46.8 61.0
DocAgent 43.7 35.0 47.0 51.8 46.5 51.4 48.2 59.8
DAMG-RAG 39.7 43.0 55.5 48.1 51.0 58.7 51.7 61.7

Claude Sonnet 4.6

Oracle 62.6 63.0 65.7 74.3 67.1 82.9 68.7 68.3
ViDoRAG 53.2 51.0 59.3 60.5 56.2 64.4 57.5 65.7
MDocAgent 51.3 53.0 52.3 50.6 48.6 58.7 52.2 64.5
DocAgent 57.8 54.0 57.4 60.9 61.3 60.2 61.1 62.9
DAMG-RAG 60.5 62.0 62.1 64.0 63.1 70.3 64.7 66.6

Table 2: End-to-end QA accuracy on MMLongBench and LongDocURL.

the multi-agent retrieval stage, we report DAMG-
RAG with two backbone settings, where all agents
are instantiated with GPT-4o or Claude Sonnet 4.6,
respectively. The maximum number of agent inter-
action cycles is set to Tmax = 3. All prompts used
in our framework are provided in Appendix A.1.

4.2 Main Results
Table 2 summarizes end-to-end QA accuracy on
MMLongBench and LongDocURL under two
backbone settings. The results highlight both the
effectiveness of DAMG-RAG over retrieval-based
baselines and its remaining gap to gold-evidence
reasoning.

Overall Comparison with Agentic RAG Base-
lines. DAMG-RAG achieves the best average per-
formance among agentic multimodal RAG base-
lines under both backbone settings. With GPT-
4o, it obtains 51.7% average accuracy on MM-
LongBench, outperforming the strongest baseline
DocAgent by 3.5 points. With Claude Sonnet
4.6, DAMG-RAG reaches 64.7%, exceeding DocA-
gent by 3.6 points and MDocAgent by 12.5 points.
On LongDocURL, DAMG-RAG also achieves the
strongest retrieval-based performance under both
backbones. The smaller gains on LongDocURL
suggest that broad aggregation over very long doc-
uments remains challenging.

Comparison with the Evidence-Page Oracle.
The evidence-page oracle removes the retrieval bot-
tleneck by directly providing gold evidence pages
to the LVLM. With Claude Sonnet 4.6, DAMG-
RAG reaches 64.7% on MMLongBench and 66.6%
on LongDocURL, approaching the oracle scores of
68.7% and 68.3%, respectively. The oracle scores

Setting Aca. Bro. Gui. Ind. Rep. Tut. All

DAMG-RAG 60.5 62.0 62.1 64.0 63.1 70.3 64.7
w/o Exp. 58.7 63.0 60.1 63.2 58.9 68.1 62.5
w/o Nav. 54.0 62.0 56.0 53.8 58.3 65.2 59.2
w/o C.E. 59.4 57.0 59.0 61.2 56.6 67.2 60.4
w/o T.H. 54.8 54.0 57.1 56.3 59.4 63.8 57.9

Table 3: Ablation study of retrieval tools and the global
state on MMLongBench with Claude Sonnet 4.6. Exp.,
Nav., C.E., and T.H. denote exploration tools, navigation
tools, collected evidence, and tool history, respectively.

remain far from saturated, showing that evidence-
grounded reasoning over long, visually rich docu-
ments is still challenging.

4.3 Ablation Studies

We conduct ablation studies on MMLongBench to
assess the contribution of two key components in
DAMG-RAG: the retrieval toolset and the adaptive
atomic unit construction strategy. All ablations use
Claude Sonnet 4.6 as the backbone model. Table 3
reports the tool ablation results, while Table 4 com-
pares different atomic unit construction strategies.

Effect of Retrieval Tools and State Components.
As shown in Table 3, removing any component de-
grades performance, confirming the contribution of
both the retrieval tools and the search state. Remov-
ing exploration tools reduces accuracy from 64.7%
to 62.5%, while removing navigation tools causes a
larger drop to 59.2%, highlighting the importance
of combining evidence discovery with structure-
aware document navigation. The state components
are also critical: removing collected evidence low-
ers accuracy to 60.4%, and removing tool history
leads to the largest drop to 57.9%. These results
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Figure 3: Effect of agent interaction cycles on DAMG-
RAG. Left: accuracy under different maximum cycle
budgets. Right: termination distribution under the de-
fault setting of Tmax = 3.

suggest that DAMG-RAG relies not only on di-
verse retrieval operations, but also on an explicit
search state that records verified evidence and pre-
vious tool usage to support evidence-conditioned
retrieval across rounds.

Setting Aca. Bro. Gui. Ind. Rep. Tut. All

Adaptive 60.5 62.0 62.1 64.0 63.1 70.3 64.7
Chunk-only 61.7 51.0 57.5 64.7 59.3 66.7 61.7
Page-only 56.9 58.0 60.7 60.5 59.9 70.1 61.8

Table 4: Ablation study of atomic unit construction
strategies on MMLongBench with Claude Sonnet 4.6.

Effect of Atomic Unit Construction. We further
evaluate the impact of adaptive atomic unit con-
struction. As shown in Table 4, the adaptive strat-
egy achieves the best overall accuracy of 64.7%,
outperforming both chunk-only (61.7%) and page-
only (61.8%) construction. This confirms that a
fixed construction strategy is suboptimal across
heterogeneous document structures.

The subset results further explain this trend.
Chunk-only construction performs competitively
on text-dominant subsets such as Academic and
Industry, where fine-grained textual semantics are
crucial. In contrast, visually complex subsets such
as Brochure benefit more from adaptive construc-
tion, since the router can invoke VLM-based group-
ing to recover clearer semantic boundaries from
fragmented layouts.

4.4 Analysis

Effect of Agent Interaction Cycles. Figure 3(a)
shows the effect of the maximum interaction-cycle
budget. Accuracy improves substantially from
50.2% with one cycle to 63.2% with two cycles,
indicating that DAMG-RAG can use the initial re-
trieval state to plan effective follow-up searches.
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Figure 4: Accuracy and average token consumption of
DAMG-RAG and agentic baselines under the Claude
Sonnet 4.6 setting.

The gain becomes marginal beyond three cycles, in-
creasing from 64.7% to only 64.9% when the bud-
get is raised to four cycles, suggesting that three cy-
cles are sufficient for most cases requiring targeted
evidence expansion. Figure 3(b) reports the ter-
mination distribution under the default maximum
budget of three cycles. 60.8%, 15.8%, and 23.4%
of questions terminate after the first, second, and
third cycles, respectively. This distribution shows
that DAMG-RAG invokes additional retrieval se-
lectively: simple questions stop once sufficient evi-
dence is collected, while harder questions continue
when the memory state remains incomplete.

Accuracy-Token Trade-off. Figure 4 compares
DAMG-RAG with representative agentic baselines
in terms of answer accuracy and average token con-
sumption. Token consumption includes all agent
prompts, retrieved evidence contexts, intermedi-
ate reasoning outputs, and final answer genera-
tion. DAMG-RAG achieves the strongest accuracy–
efficiency trade-off, reaching 64.7% accuracy with
only 15.4K tokens on average. Compared with
DocAgent, which obtains 61.1% accuracy with
81.8K tokens, DAMG-RAG uses only 18.8% of its
token budget while achieving higher accuracy. This
demonstrates that DAMG-RAG improves long-
document QA through more selective and state-
guided evidence organization, rather than by ex-
panding the context size, which is consistent with
prior findings that long-context models do not al-
ways reliably use relevant information from long
inputs (Liu et al., 2024).

Failure Mode Analysis. Following prior RAG
evaluation work that separates retrieval quality
from generation faithfulness (Es et al., 2024), we
manually inspect 100 failed cases for each back-
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Figure 5: Failure mode analysis of DAMG-RAG under
different backbone models.
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Figure 6: Case study of DAMG-RAG using accumu-
lated evidence to guide cross-table retrieval.

bone and classify them by comparing the retrieved
evidence with the gold evidence pages. We con-
sider three error types: generation errors, where
sufficient evidence is retrieved but the final answer
is incorrect; evidence rejection, where relevant can-
didates are retrieved but not retained by the evi-
dence verifier; and retrieval insufficiency, where
the retrieved evidence does not cover the informa-
tion required by the question.

As shown in Figure 5, Claude Sonnet 4.6 pro-
duces fewer retrieval-side errors, whereas GPT-4o
exhibits a higher proportion of evidence rejection
errors. This suggests that stronger backbones im-
prove not only answer generation, but also the reli-
ability of evidence verification in the multi-agent
retrieval workflow.

4.5 Case Study

Figure 6 shows a cross-table question requiring
CS–Math comparison. After retrieving a Business-
domain table, DAMG-RAG infers that the evidence

is organized by subject and triggers section-level
retrieval to locate related tables. In the subsequent
round, it retrieves the Tech & Engineering and
Science tables, obtains the Computer Science and
Math scores, and finally completes the comparison.
This case illustrates how the global search state
enables targeted evidence expansion beyond the
initial retrieval result.

5 Conclusion

We presented DAMG-RAG, a document-aware
multi-granularity RAG framework for visually rich
document understanding. DAMG-RAG constructs
layout-aware atomic retrieval units and organizes
them into a document tree that connects atomic,
page, and section-level structures. During infer-
ence, a state-aware multi-agent workflow maintains
explored regions and verified evidence, and dy-
namically selects exploration and navigation tools
for targeted evidence collection. DAMG-RAG
achieves consistent improvements on MMLong-
Bench and competitive-to-stronger results on Long-
DocURL, while using substantially fewer tokens.
Further ablation and analysis demonstrate the im-
portance of both adaptive atomic-unit construction
and state-guided evidence exploration.

Limitations

DAMG-RAG depends on the quality of document
parsing in the structuring stage. OCR errors, inac-
curate layout analysis, missing visual elements, or
incorrect outline extraction may lead to suboptimal
atomic units and document-tree links. Although
the framework is parser-agnostic, reliable parsing
remains necessary for robust retrieval.

The multi-agent workflow is also sensitive to
the capability of the underlying LVLM. Weaker
backbones may reject relevant evidence, overlook
missing information, or derive incorrect answers
from retrieved evidence. The different failure pat-
terns across backbones suggest that evidence veri-
fication and state-guided planning remain model-
dependent.

DAMG-RAG focuses on targeted evidence ex-
ploration rather than exhaustive document-level
aggregation. For very long documents or questions
requiring broad synthesis across distant regions, the
current toolset and interaction budget may be in-
sufficient. Future work could incorporate stronger
global aggregation mechanisms and more adaptive
budget allocation.
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A Implementation Details

A.1 Prompt Templates
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agent module to support reproducibility. These
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main agent modules.
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A.2 Details of Tools
Table 5 summarizes the retrieval tools used by
DAMG-RAG, including their types, target levels,
and descriptions. We provide implementation de-
tails for each tool below.

Keyword Search. The keyword search tool takes
a set of query keywords, each optionally associated
with a priority level. We assign each keyword qi a
confidence weight wi, where higher-priority key-
words receive larger weights. To reduce the effect
of overly common terms, we further compute an
inverse-frequency factor over the candidate atomic
units:

γi = 1 + α log
N + 1

df(qi) + 1
,

where N is the number of candidate units, df(qi)
is the number of units containing qi, and α controls
the strength of the frequency correction. The final
term weight is given by

w̃i = wi · γi.
For each candidate unit d, the keyword score com-
bines weighted unique matches and weighted total
occurrences:

skw(d) =
∑

qi∈M(d)

w̃i + λ
∑

i

c(qi, d)w̃i,

where M(d) denotes the set of matched keywords
in d, c(qi, d) is the occurrence count of qi, and λ is a
small coefficient for repeated matches. This design
prioritizes candidates that cover more distinct high-
confidence query terms while still giving a minor
preference to repeated evidence mentions.

Semantic Search. The semantic search tool re-
trieves atomic units using dense embedding simi-
larity. Given a query embedding eq and a candidate
unit embedding ed, the relevance score is computed
by cosine similarity:

ssem(q, d) =
e⊤q ed

∥eq∥2∥ed∥2
.

This tool is used for exploratory retrieval when
the analyzer needs to discover semantically related
evidence beyond exact lexical matches.

Fetch Identity. The identity fetching tool takes
an entity name or identity string as input and
matches it against the identity annotations of
atomic units. Matched units are ranked by
weighted identity overlap, making the tool suitable
for entity-centric evidence retrieval.

Fetch Page. The page fetching tool takes a page
range as input and returns the corresponding page-
level content. It provides broader visual and tex-
tual context when the analyzer needs to inspect
neighboring pages or verify evidence within a page
region.

Fetch Section. The section fetching tool takes a
section ID as input and returns the pages aligned
with that section. It supports structure-aware nav-
igation from a partial clue to the corresponding
section-level context.

A.3 Baseline Reproduction Details

We reproduce representative agentic multimodal
RAG baselines under the same backbone model
and evaluation protocol. For adapted baselines, we
describe the modifications below.

MDocAgent. We use ColPali (Faysse et al.,
2024) for image-based semantic matching and
text-embedding-3-small for text-based seman-
tic retrieval. The top-k value for each modality is
set to 3.

ViDoRAG. The original ViDoRAG setting is
designed for open-domain document collections.
We adapt it to the single-document QA setting
used in our experiments. We use ColQwen2, a
ColPali-style visual retriever based on Qwen2-
VL (Faysse et al., 2024; Wang et al., 2024b; Hug-
ging Face), for image-based semantic matching,
and text-embedding-3-small for text-based se-
mantic retrieval, consistent with the retrieval back-
ends used in DAMG-RAG.

Evidence-page Oracle. We use an oracle
evidence-page setting, where the golden evidence
pages are directly provided to the backbone model
for answer generation. This setting removes re-
trieval errors and serves as an oracle reference.

A.4 Artifact Licenses and Terms

We use publicly available datasets, models, tools,
and APIs for research and evaluation purposes, fol-
lowing their respective licenses, terms of use, and
intended access conditions, and cite their original
sources throughout the paper.

B Evaluation Details

B.1 LLM-as-a-Judge Evaluation Protocol

The benchmarks used in our experiments mainly
contain objective short-answer questions, where

1551



Tool Type Target Level Description

Semantic Search Exploration Atomic unit Dense retrieval for concept-level evidence needs.
Keyword Search Exploration Atomic unit Lexical retrieval for salient entities, terms, values, or

domain keywords.
Fetch Identity Navigation Atomic unit Direct access to identified elements such as figures,

tables, charts.
Fetch Page Navigation Page Page-level access when evidence is localized by page

number or nearby context is needed.
Fetch Section Navigation Section Section-level access either to search within a target

outline node or to expand retrieval toward a broader
section suggested by accumulated evidence.

Table 5: Retrieval tool space used by DAMG-RAG. Each tool is characterized by its retrieval type, target document
level, and role in evidence exploration.
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Figure 7: Reliability of LLM-based evaluation against
human verification. The two confusion matrices report
agreement on MMLongBench and LongDocURL, re-
spectively.

answers are fixed entities, numbers, dates, or short
phrases. The official evaluation follows an extract-
then-match procedure: it extracts the final answer
from the prediction and compares it with the refer-
ence answer using string-based matching. While
this setting is suitable for objective answers, exact
string matching can be too sensitive to aliases, for-
matting differences, or harmless explanatory text.

We therefore keep the same extract-then-
compare principle but replace string-based match-
ing with an LLM-as-a-judge equivalence check.
The evaluator first normalizes both the prediction
and the reference answer into concise final answers,
and then judges whether they are factually equiv-
alent. This criterion is still strict: it is intended
to approximate exact-match evaluation at the se-
mantic level rather than reward partially correct or
overclaimed answers.

We further compare the evaluator’s judgments
with human annotations; the matrix is shown in
Figure 7. The full evaluator prompt is provided in
Figure 17.

0 5 10 15 20 25 30 35
Usage Rate (%)
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Fetch Section

Semantic Search

Fetch Page
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322 (29.8%)

332 (30.7%)

Tool Usage Frequency

Figure 8: Tool usage frequency in our retrieval process.
The figure reports the proportion of retrieval steps that
invoke each tool.

C Additional Experimental Analysis

C.1 Tool Usage Analysis

Figure 8 summarizes the tool usage frequency of
DAMG-RAG on MMLongBench. All five tools
are invoked during evaluation, indicating that the
analyzer does not collapse to a single preferred
retrieval operation. Keyword Search, Semantic
Search, and Fetch Page are the most frequently
selected tools. This pattern supports our design
motivation: effective evidence exploration requires
both open-ended search over candidate units and
structure-aware navigation within the document
tree.

C.2 Atomic Construction Strategy
Distribution

This section reports the distribution of chunk-
based, page-based, and VLM-grouping construc-
tion strategies across different document types.
As shown in Figure 9, the selected strategies dif-
fer substantially between the two benchmarks.
MMLongBench-Doc contains a larger proportion
of chunk-based cases (48.9%), suggesting that
many documents are relatively text-centered and
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Figure 9: Distribution of atomic-unit construction
strategies on MMLongBench and LongDocURL. The
three strategies correspond to chunk-based construction,
VLM-based grouping, and page-based construction, re-
spectively.

can be represented by fine-grained textual units.
In contrast, LongDocURL is dominated by VLM-
grouped blocks (60.9%), indicating that more doc-
uments require visually grounded grouping to pre-
serve coherent evidence regions. The low usage of
page-based construction on LongDocURL (10.4%)
further suggests that whole-page units are often too
coarse for such documents. Overall, these results
support the need for adaptive atomic unit construc-
tion rather than applying a fixed granularity to all
documents.

D Example

Figures 10–12 show an example of DAMG-RAG
answering the question: “How many quizzes are
there in the entire course?” The answer is not
contained in a single location, but must be aggre-
gated from quiz mentions across different course
sections.

In Round 1, the system identifies initial evidence
about several quizzes. More importantly, the ana-
lyzer observes that the document consistently refers
to quizzes with the surface form “Quiz #”, such as
“Quiz #1” and “Quiz #3”. It therefore adapts the
next retrieval step by searching for the same string
pattern with later quiz numbers, rather than using
only the original question as the query.

This evidence-conditioned strategy retrieves ad-
ditional quiz mentions in Round 2. The verifier
accepts chunks containing Quiz #5, Quiz #6, and
Quiz #7, and these findings are added to the mem-
ory pool. After this round, the verified evidence
covers Quiz #1 through Quiz #7. The analyzer then
performs a final check for uncovered Quarter 4
content and possible later quizzes.

In Round 3, the retrieved chunks are judged ir-
relevant to the quiz-counting question. Since no
new valid quiz evidence is found and the maximum
number of rounds is reached, DAMG-RAG stops
retrieval and answers based on the verified memory
pool.

This example highlights the central behavior of
DAMG-RAG: retrieval decisions are not fixed be-
fore search, but are progressively conditioned on
verified evidence and document-specific regular-
ities discovered during exploration. The system
first infers the document-specific naming pattern
“Quiz #”, uses it to conduct targeted searches, and
then verifies whether later-course content adds new
quiz evidence.
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! +)%&('#"* How many quizzes are there in the entire course;

Round 1 : Verifier

 (Chunk 1)  (Chunk 2)  (Chunk 3)

Quiz #3- Comprehension of Twenty 
Core Concepts from Unit 5 & 6 c
Ureparing for Tomorrow's Torkplace 
Skills: Self Reflection (1 paragraph 
per question suLmitted into Google c
Classroom) o Question 1: Tould you 
Le a good manager; Do a self-
assessment that includes your current 
technical, human relations, and 
conceptual skills. That skills do you 
already possess, and which do you 
need to add; There do your strengths 
lie; Based on this eAercise, develop a 
description of an effective manager. 
(Resources, Information)  ....

Round 1 : Evidence Memory

Evidence 1  (Chunk3）

"SUMMARY OF ALL KEY ASSIGNMENTS — QUARTER 1: Quiz #1: Twenty core concepts 
from Unit 1 & 2; Quiz #2: Twenty Core Concepts on Unit 3 & 4. QUARTER 2: Quiz #3- 
Comprehension of Twenty Core Concepts from Unit 5 & 6; Unit 8 Key Assignments: Quiz #4- 
Comprehension of Twenty Core Concepts from Unit 7 & 8.",

Evidence 2  (Chunk1）
"Quiz #3- Comprehension of Twenty Core Concepts from Unit 5 & 6 (listed under UNIT 7: 
Designing Organizational Structures section, Quarter 2 content)."

Round 1 : Analyzer

Thought
The current evidence from page 3 lists Quiz #1 through Quiz #4 in a 'Summary of All Key 
Assignments' covering Quarter 1 and Quarter 2. However, this summary may only cover Semester 1. 
The course has Semester 2 (Quarters 3 & 4) as well, per the TOC. I need to check if there are 
additional quizzes in Semester 2 content. TOC nodes '8' (SEMESTER 2: QUARTER 3) and '13' 
(SEMESTER 2: QUARTER 4) are the relevant sections. I'll use get_toc_scope_pages to pull those 
sections, and also run a keyword search for 'quiz' to catch any quiz references across the full 
document."

Action
(1)  Fetch_Section ("8","13"�
(2)  Keyword_Search ("Quiz#5","Quiz#6","quiz")

Figure 10: Round 1: Initial evidence discovery and identification of the document-specific quiz naming pattern.
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Figure 11: Round 2: Targeted retrieval using the inferred “Quiz #” pattern to collect additional quiz evidence.
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Round 3 : Verifier

 (Chunk 9)  (Chunk 10)

Round 3 : Evidence Memory

Evidence 1  (Chunk3)

"SUMMARY OF ALL KEY ASSIGNMENTS — QUARTER 1: Quiz #1: Twenty core concepts 
from Unit 1 & 2; Quiz #2: Twenty Core Concepts on Unit 3 & 4. QUARTER 2: Quiz #3- 
Comprehension of Twenty Core Concepts from Unit 5 & 6; Unit 8 Key Assignments: Quiz #4- 
Comprehension of Twenty Core Concepts from Unit 7 & 8.",

Evidence 2  (Chunk1)

Evidence 3  (Chunk5)

"Quiz #3- Comprehension of Twenty Core Concepts from Unit 5 & 6 (listed under UNIT 7: 
Designing Organizational Structures section, Quarter 2 content)."

"Quiz #7- Comprehension of Twenty Core Concepts from Unit 13 & 14."

Evidence 4  (Chunk7)

"Unit 10 Key Assignments: Quiz #5: Comprehension of Twenty Core Concepts from Unit 9 & 10. 
Unit 12 Key Assignments: Quiz #6- Comprehension of Twenty Core Concepts from Unit 11 & 
12. These are listed under Semester 2 Quarter 3 content."

Round 3 : Answer

"There are at least 7 quizzes in the entire course: Quiz #1 (Units 1 & 2), Quiz 
#2 (Units 3 & 4), Quiz #3 (Units 5 & 6), Quiz #4 (Units 7 & 8), Quiz #5 
(Units 9 & 10), Quiz #6 (Units 11 & 12) and Quiz #7 (Units 13 & 14).",

Figure 12: Round 3: Final verification for remaining course sections before termination.
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You are the analyzer agent in a document-aware retrieval system.
Given the current retrieval state, decide whether the accumulated evidence is
sufficient to answer the query. If not, define the next atomic retrieval goal
and select suitable retrieval tools.

Input:
- query: the user question.
- evidence: accumulated evidence collected from previous rounds.
- tool_history: previous tool calls and their arguments.
- doc_metadata: global document information, such as filename and page count.
- toc_tree: section nodes with id, text, level, and page_count.
- round_information: the current retrieval round.

Decision procedure:
1. Assess whether the accumulated evidence is sufficient to answer the query.

If it is sufficient, set stop=true and do not issue new tool calls.

2. If more evidence is needed, define a focused round_goal. For complex or
multi-hop questions, the round_goal should target the next missing piece of
information rather than the full query.

3. Select one retrieval mode:
- Navigation mode: use this mode when the round_goal involves a concrete

document target, such as a figure, table, page range, slide, or TOC
section. Navigation tools can also be used to identify structurally
related nodes or coarser-grained units, such as pages or sections, for
further inspection.

- Exploration mode: use this mode when the round_goal requires semantic or
lexical discovery across the document.

4. Avoid repeating previous tool calls with identical arguments.

Output JSON:
{
"round_goal": "Focused retrieval objective for this round",
"stop": false,
"rationale": "Brief explanation of the selected mode and tools",
"mode": "navigation | exploration",
"tool_calls": [
{"method": "tool_name", "args": {"arg1": "..."}}

]
}

Figure 13: Prompt template for the analyzer agent.
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You are an evidence verifier. Given the user query, the current round goal,
and retrieved document chunks, select chunks that directly support the goal
and extract grounded evidence.

Input:
- user_query: the original user question.
- round_goal: the focused retrieval objective for the current round.
- retrieved_chunks: text or image chunks with ids and page information.

Instructions:
1. Mark each chunk as useful or useless.
2. A useful chunk must contain explicit information needed for the round_goal.
3. Extract atomic evidence from useful chunks, preserving key facts, numbers,

labels, units, captions, and visual details.
4. For image chunks, rely on visible information such as titles, legends,

axes, table headers, annotations, and values.
5. Every output id must come from the current retrieved_chunks. Each evidence

item must be supported by its own chunk id.

Output JSON:
{
"useless_ids": ["..."],
"useful_ids": ["..."],
"evidence": [
{

"id": "...",
"evidence_content": "...",
"goal_support": "..."

}
]

}

Figure 14: Prompt template for the verifier.

You are a document layout router.
Given representative page layout visualizations, assign the document to one
atomic-unit construction mode.

Modes:
- Mode A: Linear text. The document is text-heavy and follows a mostly linear
reading order, such as academic reports.

- Mode B: Visual fragments. The document is information-dense but organized
through icons, badges, small boxes, or non-linear visual components, such as
brochures.

- Mode C: Sparse pages. The document has low information density, large
whitespace, decorative backgrounds, or minimal text, such as slides.

Decision procedure:
1. Check visual density. If most representative pages are sparse, decorative,

or contain very little text, assign Mode C.
2. Otherwise, distinguish linear text from visual fragments:

- Assign Mode A if the main information carrier is paragraphs, tables, or
structured text with a clear reading order.

- Assign Mode B if the main information carrier is fragmented visual
components, such as icons, badges, callout boxes, or non-linear layouts.

Output JSON:
{
"mode": "A | B | C",
"reason": "Brief explanation based on visual density and layout type."

}

Figure 15: Prompt template for the document router.
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You are a layout-aware visual grouping agent for document reconstruction.
Given a page image with numbered local elements, group the element ids into
semantic blocks.

Input:
- page image with numbered local elements.
- visible_local_ids: ids visible on the page.

Grouping criteria:
1. Figure or table units: merge a figure or table with its caption, legend,

labels, annotations, or footnotes.
2. Textual units: merge headings with their immediate body text, and merge

lines that form the same paragraph or list.
3. Component blocks: merge elements inside the same border, shaded region,

aligned column, card, or visually distinct block.
4. Captions and annotations: merge small nearby text with the visual element it

describes.

Constraints:
- Every id in visible_local_ids must appear in exactly one group.
- Use only ids from visible_local_ids.
- If an element does not belong with others, keep it as a single-element group.
- If the whole page forms one semantic block, return {"groups": "all"}.
- If no valid local ids are visible, return {"groups": []}.
- Return JSON only.

Output JSON:
{
"groups": [[1, 2, 3], [4], [5, 6]]

}

Figure 16: Prompt template for VLM-based visual grouping.
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You are an answer correctness evaluator.

Input:
- question: the user question.
- answer_gt: the ground-truth answer.
- answer_pred: the model prediction.

Task:
First, extract a normalized answer from answer_pred. The normalized answer
should be either a concise concrete answer or "Not answerable" if the
prediction explicitly states that the question cannot be answered.

Apply the same normalization procedure to answer_gt. Ignore rationales,
citations, hedging, and meta commentary. If a prediction contains both an
unanswerability statement and a concrete answer or guess, treat it as a
concrete answer.

Correctness criteria:
1. If the normalized ground truth is "Not answerable", the prediction is

correct only when the normalized prediction is also "Not answerable".
2. If the normalized ground truth is a concrete answer, the prediction is

correct only when the normalized prediction is factually equivalent to it.
3. For list answers, the number of items must match exactly, and all key

elements must be present. Order does not matter.
4. For numerical answers, reasonable rounding or precision differences are

allowed.
5. When equivalence is uncertain, mark the prediction as incorrect.

Output JSON:
{
"correct": true or false,
"reason": "Brief explanation mentioning the normalized ground truth and prediction."

}

Figure 17: Prompt template for answer correctness evaluation.
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