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Abstract

Early Long-context Document Visual Ques-
tion Answering (DocVQA) methods strug-
gle with preserving visual semantics or han-
dling finite context windows. Conversely, re-
cent RAG-based approaches suffer from “se-
mantic gaps” and “structural disconnections”
due to passive retrieval mechanisms that ig-
nore logical dependencies. To address these
challenges, we introduce TRACE (Traversal
Retrieval-Augmented Chain of Evidence). By
navigating a Bi-Layered Graph that encodes
both physical adjacency and semantic rele-
vance, TRACE transforms retrieval from static
matching into adaptive evidence chain construc-
tion. Furthermore, we propose M5BookVQA,
a benchmark designed to assess deep, multi-
hop reasoning in books, addressing the lim-
itations of existing datasets. Extensive ex-
periments show that TRACE achieves an av-
erage accuracy improvement of 14.07% on
M5BookVQA and exhibits robust generaliza-
tion with a 13.38% gain across four established
benchmarks. Our source code is available at
https://github.com/shimurenhlq/TRACE.

1 Introduction

Document understanding serves as a foundational
capability in Artificial Intelligence, enabling the
processing of massive, unstructured information
in real-world scenarios (Li et al., 2024). Within
this domain, Long-context Document Visual Ques-
tion Answering (DocVQA) has emerged as a
cornerstone task for evaluating document intelli-
gence. Unlike simple information extraction, real-
world DocVQA requires synthesizing evidence dis-
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Q: Given professor's sport, which heart chamber 
bears the highest demand?

Semantic Trap

Pulmonary support for soccer ...

Chain of Evidence

It pumps oxygenated bl-ood 
to the entire body to support 
sustained athle-tic activity.

1. Ignore the metaphorical "soccer team"
2. Identify subject's sport as "long-distance running" (Page 9)
3. Link the sport to "Systemic Circulation" (Page 14)
 4. Left ventricle pumps blood to the "Entire Body"

Figure 1: An illustrative example from the
M5BookVQA benchmark. Traditional RAG-based
methods (red) fall into a semantic trap, incorrectly
identifying the metaphorical “soccer” as the subject’s
sport due to semantic gaps. In contrast, TRACE (green)
constructs a robust chain of evidence: it correctly
discerns “long-distance running” from the dialogue,
links it to “systemic circulation,” and visually grounds
the answer to the “left ventricle” which pumps blood to
the entire body.

tributed across multiple pages and embedded in het-
erogeneous modalities, including text, charts, and
complex layouts. This multi-modal, long-context
nature presents significant challenges for precise
retrieval and deep reasoning.

Prevalent approaches to this task generally
fall into two categories: Large Language Model
(LLM)-based pipelines (Grattafiori et al., 2024; Cai
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et al., 2024; Li et al., 2025; Team, 2025) and Vi-
sion Language Model (VLM)-based pipelines (Liu
et al., 2024; Bai et al., 2025; Wang et al., 2025).
Early LLM-based methods typically rely on Op-
tical Character Recognition (OCR) (Mishra et al.,
2019; Memon et al., 2020; Li et al., 2023; Wei
et al., 2024) to extract text for processing. These
pipelines often discard critical visual semantics,
rendering them ineffective when questions hinge
on visual elements like charts or layout structures.
Conversely, VLM-based methods enable end-to-
end processing of page snapshots, preserving vi-
sual information; however, they are fundamentally
constrained by finite context windows, making it
infeasible to process long-context documents (e.g.,
books or reports) in a single pass.

To mitigate these context constraints, recent re-
search has adopted Retrieval-Augmented Genera-
tion (RAG) strategies (Gao et al., 2023; Zhao et al.,
2024). Methods such as M3DocRAG (Cho et al.,
2024) embed page snapshots into semantic vectors
for similarity-based retrieval, while MDocAgent
(Han et al., 2025) employs a multi-agent system
to coordinate text and image retrieval. More re-
cently, MoloRAG (Wu et al., 2025) structures page
vectors into graphs to enhance connectivity. De-
spite these advancements, current RAG methods
predominantly rely on passive matching mecha-
nisms, which suffer from two critical failures: (1)
Semantic Gaps, where retrieved content is lexically
relevant but semantically misleading; and (2) Struc-
tural Disconnections, where the retrieval process
ignores logical dependencies between pages.

To overcome these challenges, we present
TRACE (Traversal Retrieval-Augmented Chain
of Evidence). Unlike passive approaches, TRACE
leverages fine-grained question decomposition and
a Bi-Layered Graph—which encodes both seman-
tic relevance and physical adjacency of pages.
TRACE functions as an adaptive tracker: it dynam-
ically navigates the document page graph, trans-
forming retrieval from a static matching task into
adaptive evidence chain construction. This allows
TRACE to bypass semantic gaps and reconstruct
the complete chain of evidence to the answer. As
illustrated in Figure 1, passive retrieval often leads
to “Semantic Traps.” A standard passive matching
method incorrectly matches the keyword “soccer”
(a metaphor used by the speaker) to the question
about the professor’s sport. The retriever fails to
recognize the deeper logical context, severing the
chain of evidence required to answer the multi-hop

question about heart chambers.
Furthermore, the advancement of DocVQA is

currently hindered by the limitations of existing
benchmarks (Mathew et al., 2020; Dong et al.,
2025). Datasets such as MMLongBench-Doc (Ma
et al., 2024) predominantly focus on shallow re-
trieval and single-step reasoning (e.g., “What is
the title of the page with a screenshot?”), failing
to simulate the deep logic required for real-world
problem solving. To rigorously evaluate complex
reasoning capabilities, we propose M5BookVQA
(Multi-modal, Multi-document, Multi-hop, Multi-
lingual, and Multi-domain Book Visual Question
Answering). Comprising 2,054 carefully designed
questions derived from 16,790 pages of non-fiction
books, this benchmark is annotated with reasoning
rationales and hop counts.

Extensive evaluations demonstrate that while
prior state-of-the-art methods struggle with the
complex reasoning in M5BookVQA, TRACE
achieves substantial performance gains on this new
benchmark while consistently improving upon four
established datasets. In summary, our contributions
are: (1) M5BookVQA Benchmark: We intro-
duce a benchmark specifically designed to address
the scarcity of deep, multi-hop reasoning scenar-
ios. (2) TRACE Framework: We propose an
adaptive approach that resolves semantic gaps by
navigating a bi-layered graph to construct chains
of evidence. (3) Empirical Validation: Extensive
experiments demonstrate the effectiveness of our
method in complex document multi-hop reasoning.

2 Related Work

2.1 Multi-page DocVQA Benchmarks

DocVQA (Mathew et al., 2020; Tanaka et al., 2023;
Chia et al., 2025) has evolved into a critical bench-
mark for evaluating the visual understanding of
VLMs. While foundational benchmarks primar-
ily focused on single-page contexts (Mathew et al.,
2020, 2022; Lee et al., 2023), they fail to adequately
assess a model’s ability to synthesize information
dispersed across multiple pages. Consequently, re-
cent studies have introduced benchmarks designed
for cross-page retrieval (Tito et al., 2023; Ma et al.,
2024; Dong et al., 2025). Despite these advance-
ments, these datasets are often constrained by sim-
plistic question generation pipelines and the use
of short or loosely structured documents. As a re-
sult, they predominantly evaluate basic recognition
and shallow retrieval capabilities rather than deep
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(a) Corpus Collection
(d) Chain of Evidence

& Hop Annotation

Non-fiction Books

Multiple Languages

Diverse Domains
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(b) Question Generation
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(c) Human Verification 
& Refinement

Evidence relevance 
Answer uniqueness

Metadata-Free Retrieval 
Bias-Free Distractor Design

Annotated corpus

Final Benchmark

R
ationale

Figure 2: The data construction pipeline of M5BookVQA.

reasoning.
To bridge this gap between shallow retrieval and

deep reasoning, we introduce M5BookVQA. Lever-
aging the extensive context and rigorous logical
structure inherent to books, we design multiple-
choice questions that necessitate complex, multi-
hop reasoning over cross-page evidence. Unlike au-
tomated pipelines, each question in M5BookVQA
undergoes strict manual verification and rewriting
to ensure logical depth.

2.2 Long-context DocVQA Frameworks

Early DocVQA approaches predominantly relied
on OCR to extract text (Wu et al., 2022), a pro-
cess that often severs visual semantics from textual
content. While the emergence of VLMs has en-
abled the end-to-end processing of document page
snapshots, their application is fundamentally re-
stricted by finite context windows (Liu et al., 2024).
This limitation renders the simultaneous analysis
of long-context documents infeasible.

To address context constraints, recent research
has shifted towards RAG paradigms. Frameworks
such as M3DocRAG (Cho et al., 2024), MDocA-
gent (Han et al., 2025), and MoLoRAG (Wu et al.,
2025) utilize vector similarity or graph-based re-
trieval to select a subset of relevant pages. How-
ever, these methods suffer from two critical lim-
itations. First, Semantic Gaps arise when direct
vector matching prioritizes superficial lexical simi-
larity over the deep semantic sufficiency required
to answer complex questions. Second, Structural
Disconnections occur as the retrieval process iso-
lates pages from their original context, severing
the logical dependencies essential for forming a
complete evidence chain.

In contrast, we propose TRACE, which trans-
forms retrieval from a passive matching task into
an adaptive navigation process over a Bi-Layered
Graph, dynamically constructing a coherent chain
of evidence to resolve these limitations.

3 M5BookVQA Benchmark

Recent DocVQA benchmarks remain predomi-
nantly confined to shallow retrieval tasks cou-
pled with single-step reasoning. Crucially, un-
like the Natural Image VQA (Lu et al., 2022;
Chen et al., 2024) domain where Chain-of-Thought
(CoT) (Wei et al., 2022) reasoning is standard, ex-
isting DocVQA benchmarks lack explicit annota-
tions for reasoning rationales, limiting the commu-
nity’s ability to diagnose model failures in com-
plex reasoning. To bridge this gap, we introduce
M5BookVQA, the first benchmark tailored for as-
sessing cross-page, multi-hop reasoning within the
rigorous context of books. As characterized in Ta-
ble 1, M5BookVQA distinguishes itself through
five dimensions: Multi-modal, Multi-document,
Multi-hop, Multi-lingual, and Multi-domain, of-
fering significantly greater reasoning depth com-
pared to existing datasets. To construct high-quality
evaluation samples, we established a rigorous four-
stage pipeline. As illustrated in Figure 2, the pro-
cess evolves from corpus collection to the final
rationale annotation, ensuring both the depth and
validity of the benchmark. Detailed statistical anal-
yses of the dataset are provided in Appendix A.

3.1 Corpus Construction
A distinguishing feature of M5BookVQA is its ex-
clusive reliance on books as the knowledge source.
Unlike commercial reports or loose document col-
lections used in prior works (Cho et al., 2024; Ma
et al., 2024), books possess Holistic Contextual In-
tegrity—a rigorous internal logic where concepts
are progressively developed across chapters. This
characteristic makes books an ideal testbed for com-
plex, long-context reasoning.

Our corpus collection adheres to three criteria:
(1) strictly selecting non-fiction titles to guarantee
factual correctness; (2) prioritizing genres with in-
trinsic multi-modal coupling (e.g., textbooks); and
(3) covering 19 domains and 6 languages to ensure
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Benchmark Domain Content Type Language Reasoning Depth Metric
Hop Counts Rationale Ret. Ans.

MP-DocVQA (Tito et al., 2023) Industrial T, Tab, I English ✗ ✗ ✗ ✓

SlideVQA (Tanaka et al., 2023) Slides T, I English ✗ ✓ ✓ ✓

MMLongBench-Doc (Ma et al., 2024) Multi-domain T, Tab, C, I English ✗ ✗ ✓ ✓

M3DocVQA (Cho et al., 2024) Wikipedia T, I English ✗ ✗ ✓ ✓

M-Longdoc (Chia et al., 2025) Multi-domain T English ✗ ✗ ✓ ✓

MMDocIR (Dong et al., 2025) Multi-domain T, I English ✗ ✗ ✓ ✗

M5BookVQA (Ours) Multi-domain T, Tab, C, I Multilingual ✓ ✓ ✓ ✓

Table 1: Comparison between M5BookVQA and existing multi-page DocVQA benchmarks. Content Type:
T=Text, Tab=Table, C=Chart, I=Image. Rationale: Indicates whether the dataset provides explicit reasoning process
(evidence grounding + step-by-step logic). Ret.: Supports retrieval (evidence location) evaluation.

broad knowledge distribution.

3.2 Annotation Pipeline and Quality Control
Question Generation and Constraint. In the de-
sign stage, we employ human annotators to man-
ually craft candidate questions derived from spe-
cific book content. To ensure the validity of these
questions, we leveraged advanced VLMs (Team
et al., 2023; Achiam et al., 2023) to perform an “in-
ternal knowledge check.” Specifically, the VLMs
were tasked with answering the questions without
the provided documents; questions that could be
correctly answered based solely on generic back-
ground knowledge were filtered out, ensuring that
the final dataset necessitates genuine document re-
trieval and comprehension.
Human Verification and Refinement. The sub-
sequent verification stage focused on increasing
task difficulty through Metadata-Free Retrieval
and Bias-Free Distractor Design. Unlike previ-
ous benchmarks that simplify retrieval by explicitly
mentioning page numbers, we strictly prohibit such
metadata references. Questions must be resolved
by tracing semantic cues, forcing models to per-
form genuine content-based retrieval. Furthermore,
we engineered distractors to share similar syntactic
structures and lengths with the correct answer to
mitigate the exploitation of superficial patterns. To
guarantee high-quality ground truth, we implement
a human-centric double verification process. Every
candidate sample undergoes a rigorous secondary
manual review.

3.3 Reasoning Annotation
A critical innovation of M5BookVQA is the ex-
plicit annotation of Hop Counts and Rationales.
Unlike prior works, we formally define a “hop” as
a discrete cognitive operation (e.g., cross-page syn-
thesis, deduction). We utilized VLMs to generate

structured chains of evidence connecting questions
to answers, assigning specific hop counts to quan-
tify complexity (see Appendix B). This enables
granular evaluation to distinguish between simple
retrieval failures and deficits in multi-hop logic.

These annotations emphasize the benchmark’s
focus on deep, multi-hop reasoning, necessitating
the synthesis of information across disjoint docu-
ment pages. To provide a concrete perspective on
these characteristics, we provide a qualitative anal-
ysis of representative case studies from different
domains in Appendix H.

4 Methodology

In this section, we present TRACE. As illustrated in
Figure 3, TRACE comprises three synergistic mod-
ules: Bi-Layered Graph Construction, Query De-
composition, and the Adaptive Topology Tracker.

4.1 Problem Formulation

Let D = {p1, p2, . . . , pN} denote a document con-
taining an ordered sequence of N pages. Given
a user question Q, the objective of DocVQA is
to generate a natural language answer A. Tradi-
tional RAG-based approaches treat pages as inde-
pendent vectors, retrieving a fixed set Ptopk ⊂ D
based on cosine similarity. In contrast, TRACE
aims to construct an ordered Chain of Evidence
C = [(pt1 , r1), (pt2 , r2), . . . ], where each tuple
represents a retrieved evidence page ptk and its
corresponding reasoning analysis rk. This chain
preserves the trace trajectory required to derive A,
bridging the gap between retrieval and reasoning.

4.2 Bi-Layered Graph Construction

To restore the structural integrity of fragmented
pages, we model the document as a Bi-Layered
Graph, denoted as G = (V, Ephy ∪ Esem).
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Question q: Using the rice paddy analogy 
presented in the lesson, what would be …?
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Book
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role in fluid
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Figure 3: Overview of the TRACE framework.

Nodes (V): Each node vi ∈ V corresponds to a
page pi. We utilize ColPali (Faysse et al., 2024), a
vision-language retriever, to map each page snap-
shot into a multi-vector embedding Ei ∈ Rnv×d.

Physical Adjacency Layer (Ephy): This layer en-
codes the sequential narrative flow of documents.
As shown in the Figure 3, directed edges are
established between logically consecutive pages:
(vi, vi+1) ∈ Ephy. This enables the tracker to “turn
the page,” locating context that is physically adja-
cent and may be semantically implicit.

Semantic Relevance Layer (Esem): This layer cre-
ates “shortcuts” between logically related content
scattered across disjoint pages. We compute the
token-wise similarity between page embeddings
using the MaxSim operator. An edge (vi, vj) is
established in Esem if their similarity score exceeds
a threshold τ :

S(vi, vj) =
∑

t∈Ei

max
z∈Ej

(t⊤z) > τ (1)

This dual-structure graph empowers the tracker to
perform both local sequential reading (via Ephy)
and global semantic jumping (via Esem). We em-
ploy a hierarchical optimization strategy to en-
sure computational feasibility, as detailed in Ap-
pendix C.

4.3 Query Decomposition and Alignment

Complex questions in M5BookVQA often encom-
pass multiple sub-topics that a single vector query
cannot capture. Direct retrieval based on Q may
fail to locate pages containing only partial evidence.
To address this granularity mismatch, we employ a
Query Decomposition Engine (QDE). Given Q, an
LLM decomposes it into a sequence of atomic,
semantic-level queries Q∗ = {q1, q2, . . . , qK}.
Each qk serves as a specific navigational instruc-
tion, guiding the tracker to locate a distinct segment
of the evidence chain (e.g., “Query 1: Interstitial
fluid and blood” in Figure 3).

4.4 Adaptive Topology Tracker

The core of TRACE is the Adaptive Topology
Tracker, a mechanism that actively navigates the
Bi-Layered Graph G. Unlike one-shot retrieval,
the tracker maintains a persistent state to avoid lo-
cal optima and redundant searching. The detailed
pseudocode and hyperparameters are provided in
Algorithm 1 in Appendix D. We define a global
WhitelistW to store accepted evidence pages and a
global MemoryM to record reasoning trajectories.

For each atomic query qk ∈ Q∗, the tracker
initiates a search session. It maintains a Candidate
Stack Sk (initialized with the top-m pages most
similar to qk) and a query-specific Blacklist Bk to
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Chapter Scope Book Scope Global ScopeMethod Acc R@10 P@10 NDCG Acc R@10 P@10 NDCG Acc R@10 P@10 NDCG

Direct VLM Inference
InternVL-3.5-8B 52.00 - - - - - - - - - - -
Qwen3-VL-8B 69.62 - - - - - - - - - - -

RAG Baselines
M3DocRAG (Text) 66.02 78.00 20.28 69.68 60.52 55.50 13.84 50.97 43.87 33.71 8.64 31.62
M3DocRAG (Image) 49.12 39.21 10.20 24.59 28.82 6.27 1.43 3.79 15.73 0.87 0.19 0.46
MDocAgent 30.52 42.78 11.01 27.19 27.31 7.61 1.74 4.63 28.09 1.16 0.30 0.68
MoLoRAG 75.27 80.53 21.04 72.08 67.38 61.96 14.34 34.34 57.64 51.05 11.01 29.85
TRACE (Ours) 84.57 82.68 21.55 76.01 80.09 63.46 14.93 59.96 77.85 57.07 12.77 50.60

Table 2: Main Results on M5BookVQA. We compare TRACE against methods across three retrieval scopes:
Chapter, Book, and Global. Accuracy denotes QA Accuracy, while Recall@10, Precision@10, and NDCG measure
retrieval quality. TRACE demonstrates superior resilience as the search space expands.

prune irrelevant paths. The navigation proceeds
iteratively:

pcurr ← Pop(Sk) (2)

If pcurr ∈ Bk ∪W , it is discarded to prevent loops.
Otherwise, a VLM acts as a judge to evaluate the
utility of pcurr given qk:

State, ranalysis = VLMjudge(pcurr, qk) (3)

The tracker determines the next step based on the
state. If the state is Irrelevant, the page is added to
Bk, and the tracker backtracks by popping the next
candidate. Conversely, if the state is Relevant, the
page and analysis are recorded inW andM. To
mimic human browsing, we expand the frontier by
pushing neighbors onto Sk in reverse priority order,
ensuring physical neighbors are processed first:

Sk ← Push(TopK(Nsem(pcurr)))

Sk ← Push(Nphy(pcurr))
(4)

4.5 Reasoning with Chain of Evidence
After processing all queries, the global memory
M contains a curated sequence of analyses, form-
ing the “Trace Trajectory.” This trajectory, along
with the visual content of pages inW , is fed into
the reasoning VLM (e.g. Qwen-VL-Max). By ex-
plicitly conditioning the answer generation on this
constructed chain of evidence, TRACE mitigates
hallucination and ensures that the final answer A is
grounded in retrieved evidence.

5 Experiments

We evaluate TRACE primarily on M5BookVQA
for multi-hop reasoning, while extending to four
long-context datasets to demonstrate generalization.
To ensure a fair comparison, we utilized identical
backbone models for both TRACE and the base-
lines across all experiments.

5.1 Performance on M5BookVQA

5.1.1 Evaluation Metrics and Baselines
To rigorously assess both retrieval quality and rea-
soning accuracy, we employ a diverse set of met-
rics. QA performance is measured by Accuracy
(Acc). Retrieval performance is evaluated using
three standard metrics: Recall@k (R@k) to assess
evidence coverage, Precision@k (P@k) to mea-
sure relevance density, and NDCG to evaluate the
ranking quality of the evidence chain. Detailed
mathematical definitions and calculation formulas
for these metrics are provided in Appendix E.

We compare TRACE against three distinct cat-
egories of baselines: (1) Direct VLM Inference
(without retrieval); (2) Text-based RAG (OCR +
Retrieval); and (3) Visual RAG (End-to-end Vi-
sual Embeddings). Table 2 summarizes the results
across three hierarchical scopes: Chapter, Book,
and Global.

5.1.2 Analysis of Direct VLM Inference
The first two rows of Table 2 present the perfor-
mance of advanced VLMs (Qwen3-VL (Team,
2025) and InternVL-3.5 (Wang et al., 2025)) taking
all pages as input directly. Context Constraint.
It is crucial to note that these models were only
evaluated at the Chapter Scope. We excluded them
from the Book and Global scopes because the aver-
age book length in our dataset reaches 452.8 pages.
Even with aggressive image compression, feeding
entire books exceeds the feasible context windows
of current models. Retrieval Loss. Interestingly,
direct VLM inference outperforms several passive
RAG methods. This highlights the retrieval bottle-
neck in traditional RAG: failure to identify correct
evidence strictly caps the upper bound of QA accu-
racy.
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Type Model Method MMLongBench LongDocURL PaperTab FetaTab Avg.

LLM-based

Mistral-7B Text RAG 24.47 25.06 11.45 41.14 25.53
Qwen2.5-7B Text RAG 25.52 27.93 12.72 40.06 26.56

LLaMA3.1-8B Text RAG 22.56 29.80 13.49 45.96 27.95
GPT-4o Text RAG 27.23 32.74 14.25 50.20 31.11

DeepSeek-V3 Text RAG 29.82 34.73 17.05 52.36 33.49

LVLM-based Qwen2.5-VL-7B

Direct 32.77 26.38 29.77 64.07 38.25
M3DocRAG 36.18 49.03 28.50 63.78 44.37
MoLoRAG 39.28 51.71 32.32 69.09 48.10

TRACE 49.06 52.04 56.49 88.36 61.48

Multi-agent MDocAgent 38.53 46.91 30.03 66.34 45.45

Table 3: Generalization Performance on Established Benchmarks. We report Question Answering accuracy
under a Top-3 retrieval setting. Avg. denotes the average performance across four datasets.

MMLongBench LongDocURLTop-K Method Recall Precision NDCG Recall Precision NDCG

3

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

MDocAgent (Image) 64.74 31.97 54.75 66.67 33.62 58.26
MoLoRAG 67.22 40.81 57.34 70.04 36.41 61.56

TRACE 69.22 44.49 62.93 69.58 37.01 61.95

Table 4: Retrieval Quality on Established Benchmarks. We evaluate the evidence grounding capability using
Recall, Precision, and NDCG under a Top-3 setting.

5.1.3 Analysis of Text-based Retrieval

For the text-based baseline, we implemented a
pipeline using Hunyuan OCR (Team et al., 2025b)
for full-text extraction, followed by ColBERT re-
trieval (Khattab and Zaharia, 2020). A counter-
intuitive observation in Table 2 is that the text-
based M3DocRAG significantly outperforms its
image-based counterpart (66.02% vs. 49.12% Acc).
This reveals a critical insight: simple visual embed-
dings (page snapshots) often fail to capture fine-
grained semantic details required for complex rea-
soning in M5BookVQA. In contrast, high-quality
OCR ensures that textual entities are explicitly in-
dexed. This suggests that “naive” visual retrieval
struggles with the Semantic Gap, where visual sim-
ilarity does not equate to reasoning utility.

5.1.4 Analysis of Visual Retrieval and TRACE

Among visual RAG methods, TRACE achieves
SOTA performance. Its robustness is highlighted as
the scope expands: while MoLoRAG drops ∼17%
in accuracy from Chapter to Global, TRACE de-
clines only ∼7%. This superiority over graph-
based baselines validates that our efficacy stems
from the Adaptive Topology Tracker and Chain
of Evidence rather than simple graph structuring.
By actively pruning to avoid local optima, TRACE

locates semantically distant but logically connected
evidence. See Appendix F for cost-benefit analysis.
For a more granular characterization of the perfor-
mance, we provide a detailed dataset-specific break-
down analysis across languages, domains, and rea-
soning complexities in Appendix I.

5.1.5 Analysis of Navigation Trajectories

To analyze TRACE’s actual behavior during infer-
ence, we examine the Adaptive Topology Tracker’s
navigation trajectories across Chapter, Book, and
Global scopes in Table 5. We measure the reliance
on the Physical Adjacency Layer (Ephy) and Seman-
tic Relevance Layer (Esem), alongside their Switch-
ing Frequency. Results show that reliance on Esem
grows from 53.59% to 63.51% as the scope ex-
pands, validating the necessity of “semantic jump-
ing” for distant evidence. The Chapter scope ex-
hibits the highest switching frequency (60.96%),
indicating active alternation for fine-grained verifi-
cation. Crucially, TRACE maintains a consistent
∼36% reliance on Ephy even in Global settings,
proving it reconstructs coherent evidence chains by
integrating global shortcuts with the document’s
inherent narrative structure.
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Scope Ephy Dep. (%) Esem Dep. (%) SW Freq. (%)

Chapter 46.41 53.59 60.96
Book 39.16 60.84 30.65
Global 36.49 63.51 31.35

Table 5: Quantitative Analysis of Inference Trajec-
tories. We report the reliance on different graph layers
and the frequency of transitions between them across
varying document scales on M5BookVQA. Dep. stands
for Dependence; SW Freq. for Switching Frequency.

5.2 Evaluation on Established Benchmarks

To verify the robustness of TRACE beyond our
proposed dataset, we extended our evaluation to
four established benchmarks: PaperTab, FeTaTab
(Hui et al., 2024), MMLongBench-Doc (Ma et al.,
2024), and LongDocURL (Deng et al., 2025).

5.2.1 Question Answering Performance
Table 3 presents the comparative results on QA
tasks. For MMLongBench-Doc and LongDocURL,
we report Generalized Accuracy (Acc), which em-
ploys rule-based evaluation to handle diverse an-
swer formats. For PaperTab and FetaTab, we follow
MDocAgent and MoLoRAG to employ GPT-4o as
an evaluator. This evaluator assesses Binary Cor-
rectness, determining whether the model’s response
semantically aligns with the ground truth (assign-
ing a score of 1 for a match and 0 otherwise).

TRACE achieves state-of-the-art performance
across all four benchmarks, surpassing the strong
baseline MoLoRAG by an average of 13.38%. This
consistency verifies that our adaptively navigation
mechanism is equally effective in diverse document
formats, from scientific papers to long web reports.
See Appendix G for a detailed comparison with
other graph-based methods.

Notably, multi-agent frameworks like MDocA-
gent, despite their great reasoning capabilities, un-
derperform compared to retrieval-centric methods
(45.45% vs. 61.48% Avg). This suggests that in
long-document VQA, the bottleneck lies in evi-
dence acquisition rather than evidence processing.
If the retrieval stage fails to locate the critical page
(“Garbage In”), even the most advanced agents
cannot derive the correct answer (“Garbage Out”).

To further investigate the source of our perfor-
mance gains, we evaluated retrieval metrics on
datasets with ground truth page annotations (Ta-
ble 4). TRACE achieves consistent improvements
across the majority of retrieval metrics, validating
the robustness of our fine-grained retrieval mecha-

Variant Acc R@10 P@10 NDCG

Component Ablation
w/o Query Decomposition 78.04 69.33 19.77 65.48
w/o Physical Adjacency 74.50 76.39 20.15 48.07
w/o Semantic Relevance 73.66 72.47 19.91 52.19
w/o Chain of Evidence 76.83 82.68 21.55 76.01

QDE Backbone
w/ QDE: GLM-4.7 84.18 81.76 21.17 74.11

Tracker Backbone
w/ Tracker: GPT5-mini 85.49 83.06 21.63 76.30

Reasoner Backbone
w/ Reasoner: GLM-4.6V 79.64 82.68 21.55 76.01
w/ Reasoner: GPT-5 85.20 82.68 21.55 76.01

TRACE (Default) 84.57 82.68 21.55 76.01

Table 6: Ablation Studies on M5BookVQA (Chapter
Scope). We analyze the contribution of core architec-
tural components and the impact of varying backbone
models for the Tracker and Reasoner. Default settings
are marked in green .

nism across diverse domains. Notably, incremental
improvements in retrieval metrics translate into sig-
nificant gains in QA Accuracy. We attribute this
amplification to the global memory, which con-
structs a textual Chain of Evidence during navi-
gation. By explicitly recording key insights for
fine-grained queries, it mitigates hallucinations and
visual information loss often caused by fragmented
raw pages, effectively bridging the gap between
retrieval and reasoning.

5.3 Ablation Studies

To validate the contribution of each component
in TRACE, we conducted ablation studies on the
M5BookVQA dataset under the Chapter Scope.
Results are summarized in Table 6.

5.3.1 Impact of Architectural Components
Significance of Query Decomposition. Removing
the QDE leads to a significant performance drop,
with Accuracy falling by 6.53% and Recall@10
by 13.35%. Without QDE, the model relies on a
single coarse-grained query vector, which fails to
capture the multi-faceted nature of complex ques-
tions. This confirms that decomposing questions
into atomic, semantic-level quires is essential for
mitigating the granularity mismatch between ques-
tions and evidence pages.
Criticality of Physical Adjacency. The removal of
the Physical Adjacency Layer results in the most se-
vere degradation in reasoning quality. Notably, the
NDCG score plummets from 76.01% to 48.07%.
This sharp decline in NDCG indicates that without
physical adjacency, the tracker loses the ability to
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“turn the page” and reconstruct the logical order of
events. Although it retrieves semantically relevant
pages, it fails to form a coherent chain of evidence,
thereby breaking the trace trajectory required for
multi-hop reasoning.
Essentiality of Semantic Relevance. The removal
of the Semantic Relevance Layer leads to a signifi-
cant performance drop, with Accuracy and NDCG
falling by 10.91% and 23.82% respectively. This
decline indicates that without semantic edges, the
tracker’s navigation mechanism is restricted to
purely sequential traversal, losing the ability to per-
form global “logical jumps” across non-contiguous
pages to bridge semantically related but physically
distant evidence.
Necessity of Chain of Evidence. Removing the
Chain of Evidence causes a sharp 7.74% drop in
Accuracy. This dissociation confirms that high-
quality retrieval alone is insufficient for deep rea-
soning. The Chain of Evidence acts as a vital “se-
mantic bridge,” aggregating intermediate insights
to guide the reasoner through disjointed raw pages,
thereby preventing information loss and hallucina-
tion.

5.3.2 Impact of Backbone Scalability

QDE Backbone. To evaluate the stability of query
decomposition, we replaced the default backbone
with GLM-4.7 (Team et al., 2025a). The results
remain highly robust, with only a marginal per-
formance variance. This minimal discrepancy in-
dicates the strong compatibility of the query de-
composition module within the TRACE framework
across different models.
Tracker Backbone. Upgrading the tracker to GPT-
5-mini boosts Accuracy to 85.49% and NDCG
to 76.30%. This confirms that superior vi-
sual semantic understanding enhances navigation
precision—better distinguishing valid cues from
noise—thereby constructing a higher-quality chain
of evidence that directly benefits the downstream
reasoner.
Reasoner Backbone. We analyzed the impact of
the final reasoning model. Substituting the default
model with GLM-4.6V (Team et al., 2025c) results
in a slight performance dip, while upgrading to
GPT-5 boosts Accuracy to 85.20%. Our frame-
work provides a high-quality, structured chain of
evidence that allows stronger VLMs to fully un-
leash their reasoning potential, translating better
logic into higher accuracy.

6 Conclusion

This work tackles the bottlenecks of long-
context DocVQA by proposing TRACE and the
M5BookVQA benchmark. We show that passive
matching mechanisms are insufficient for deep
document understanding. Instead, TRACE’s ap-
proach—constructing adaptive chain of evidence
via a Bi-Layered Graph—proves to be a superior
strategy for multi-hop reasoning. Empirical results
across five benchmarks confirm that TRACE es-
tablishes a strong baseline for the field, offering
consistent and significant improvements over exist-
ing LLM and VLM pipelines. Our contributions
provide both a powerful tool and a rigorous test-
ing ground for the next generation of document
intelligence systems.

Limitations

Although TRACE significantly reduces reasoning
errors, it may still encounter challenges in scenarios
involving highly ambiguous visual cues or contra-
dictory evidence chains where even human anno-
tators might struggle. In such cases, the adaptive
chain of evidence might occasionally retrieve struc-
turally relevant but semantically misleading nodes.
Furthermore, our current approach assumes a static
document set; extending TRACE to handle dy-
namic or streaming document updates in real-time
remains a promising avenue for future research.

Ethical Considerations

Data Compliance and Intellectual Property Pro-
tection The M5BookVQA benchmark is con-
structed based on commercially available non-
fiction books and educational manga. We strictly
adhere to copyright laws and the principles of Fair
Use for academic research. To fully respect the
intellectual property of content creators and pub-
lishers, we do not distribute the raw PDF files or
full-page images of the books. The released dataset
comprises only the metadata (Book IDs), question-
answer pairs, reasoning rationales, and chain of
evidence. We provide a preprocessing method that
allows researchers to align their own legally pur-
chased digital copies of the books with our anno-
tations. This mechanism ensures that users must
possess legitimate access to the source material,
while facilitating reproducible research.

Annotation Process and Labor Ethics The an-
notation of rationales, hop counts, and QA pairs
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was conducted entirely by the authors of this pa-
per to ensure high-quality reasoning chains. No
crowd-sourced platforms or external contractors
were involved in the data creation process. Conse-
quently, this study adheres to fair labor standards
and entails no issues regarding underpaid labor or
the exploitation of crowd workers. All annotators
were fully aware of the data’s intended usage and
the open-source nature of the annotations.

Privacy, Bias, and Content Safety We have
manually screened the dataset to ensure it does not
contain sensitive Personally Identifiable Informa-
tion (PII) of private individuals. Since the corpus
consists of published non-fiction books, the content
generally reflects established knowledge. However,
we acknowledge that book contents may inherently
carry historical or cultural biases present in the
source material. During the selection process, we
actively excluded books containing hate speech,
violence, or sexually explicit content. We advise
users of M5BookVQA to remain aware of potential
implicit biases when analyzing model outputs.
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A Detailed Dataset Statistics

To provide a comprehensive understanding of the
complexity and diversity of M5BookVQA, we
present detailed statistical analyses across four key
dimensions: evidence page counts, reasoning hops,
language distribution, and domain coverage.

A.1 Distribution of Evidence Page Counts

Unlike traditional benchmarks where answers are
often located on a single page, M5BookVQA em-
phasizes cross-page information synthesis. As illus-
trated in Figure 4, the distribution of evidence page
counts exhibits a long-tailed pattern. The major-
ity of questions require integrating evidence from
2 pages (728 samples) or 3 pages (406 samples),
with some complex queries necessitating informa-
tion spanning up to 10 pages. This distribution
validates the benchmark’s capability to evaluate
long-context modeling and cross-page retrieval.

Distribution of Evidence Page Counts

C
ou

nt
s

Number of Pages

Figure 4: Distribution of evidence page counts per ques-
tion in M5BookVQA. The dataset is characterized by a
high proportion of multi-hop reasoning samples.

A.2 Distribution of Reasoning Hops

A core contribution of M5BookVQA is its focus on
deep reasoning. Figure 5 depicts the distribution of
reasoning hop counts annotated for each question.
The data reveals a rigorous logic depth, with the
mode centered at 3 hops (849 samples), followed
closely by 4 hops (493 samples). Notably, the
dataset includes highly complex questions requir-
ing up to 13 reasoning steps. This contrasts sharply
with existing datasets dominated by single-step (1-
hop) retrieval tasks, ensuring a more challenging
testbed for chain-of-evidence construction.

Distribution of Reasoning Hops
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Figure 5: Distribution of reasoning hops. The bench-
mark predominantly features questions requiring 3 to 4
steps of deductive reasoning.

A.3 Language Diversity

To assess the multilingual capabilities of MLLMs,
M5BookVQA incorporates books in six major lan-
guages. As shown in Figure 6, while English
(50.2%) and Chinese (36.4%) constitute the pri-
mary corpus, the dataset also includes signifi-
cant representation from Russian (5.3%), Japanese
(4.7%), French (2.2%), and German (1.2%). This
linguistic diversity allows for the evaluation of mod-
els in both high-resource and mid-to-low-resource
language scenarios.

English, 50.2%

Chinese, 36.4%

Russian, 5.3%

Japanese, 4.7%

French, 2.2%
German, 1.2%

Figure 6: Language distribution of the M5BookVQA
corpus, covering six major languages.

A.4 Domain Coverage

Real-world document understanding requires han-
dling diverse knowledge domains. Figure 7
presents the hierarchical domain distribution of our
corpus. The dataset spans four broad categories:
Humanities & Art, Natural Sciences, Engineering,
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and Social Sciences. Within these categories, it
covers 19 specific sub-domains ranging from his-
tory and philosophy to physics, medicine, and com-
puter science. This broad coverage ensures that
the benchmark evaluates a model’s generalizability
across specialized terminologies and varied docu-
ment formats.

Humanities & Art

Natural 
Sciences

Social Sciences

Engineeringmath

ch
em

ist
ry

biology
medicine

astronomy

ph
ys

ics
ph

ys
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lo
gy

economic
s

education
politics

geography

graphics

computer

language

history
literaturemusic

art

philosophy

Figure 7: Hierarchical domain distribution of
M5BookVQA, spanning 19 distinct sub-domains across
arts, sciences, and engineering.

B Automated Rationale and Hop Count
Annotation

To maintain consistency and scalability in annotat-
ing reasoning chains, we employed a VLM-based
automated annotation pipeline. Figure 8 illustrates
the specific system prompt designed for this task.

Unlike standard QA tasks where the model pre-
dicts the answer, our annotation stage provides the
ground-truth answer to the VLM. The model is in-
structed to perform a “Reverse Engineering” anal-
ysis. This ensures that the generated rationales
are factually aligned with the correct answer rather
than hallucinated. As defined in the prompt, the
process involves three distinct steps:

1. Grounding: Explicitly locating the visual
or textual evidence within the provided page
snapshots.

2. Rationalization: Constructing a coherent log-
ical chain that explains why the answer is de-
rived from the evidence.

3. Hop Counting: Quantifying the reasoning
complexity using a defined metric.

You are an expert interdisciplinary researcher and 
logical analyst.

Task Definition:
Perform a "Reverse Engineering" analysis. Since the 
answer is known, you must:
1. Grounding: Locate evidence in the provided images.
2.  Rational izat ion:  Construct  a  logical  chain 
explaining *why* the answer is correct.
3. Hop Counting: Calculate the "Reasoning Hops" 
required.

Hop Counting Rules (Strict):
- 0 Hops: Explicitly stated in a single location.
- +1 Hop (Cross-Page): Synthesized from different 
pages.
- +1 Hop (Cross-Modal): Combining text and visual 
elements within the same page.
- +1 Hop (Deduction): Requires logical inference 
(A>B, B>C -> A>C).

Rationale Annotation Prompt

Figure 8: Structured Prompt for Rationale Annotation.
We utilize a "Reverse Engineering" approach where the
model, given the ground-truth answer, is tasked with
locating evidence (Grounding), constructing the logical
chain (Rationalization), and quantifying the cognitive
load (Hop Counting) based on strict rules.

Strict Hop Counting Rules. To standardize the
difficulty assessment, we enforce a rigorous set of
rules for calculating “Reasoning Hops,” as detailed
in the bottom half of Figure 8:

• 0 Hops: Assigned when information is explic-
itly stated in a single location.

• +1 Hop (Syntactic/Structural): Incurred
when information must be synthesized across
different pages (Cross-Page) or combined
from text and visual elements (Cross-Modal).

• +1 Hop (Logical): Incurred when logical in-
ference (e.g., deduction A → B → C) is
required to bridge the gap between evidence
and answer.

C Scalable Graph Construction Strategy

Constructing a fully connected semantic layer re-
quires computing pairwise similarities between all
pages. To address the computational bottleneck in
large-scale documents, we propose an Adaptive
Granularity Strategy that adjusts the interaction
mechanism based on the document scope.
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Fine-grained Interaction (Micro-Scope). For
local graphs within a single chapter (Nsmall), we
employ full Token-wise MaxSim over the multi-
vector embeddings. Denoting T as the number of
visual tokens per page and D as the dimension,
the complexity is O(N2

small · T 2 ·D). This retains
rich, token-level nuances essential for distinguish-
ing closely related pages (e.g., two consecutive
pages discussing similar topics), with negligible
latency due to the limited scale of Nsmall.

Coarse-to-Fine Interaction (Macro-Scope).
For book-level or global retrieval (Nlarge), the
quadratic complexity of MaxSim is compu-
tationally prohibitive. We therefore adopt a
coarse-to-fine two-stage strategy:

1. Chapter Localization (Coarse-grained):
We first condense each page into a single vec-
tor vi ∈ RD using global mean pooling. We
perform efficient dense retrieval to identify the
top-k candidate pages based on cosine similar-
ity. Critically, we do not treat these pages as
final results but as chapter anchors. We map
these candidates to their respective chapters
and aggregate them to form a concise set of
Candidate Chapters, effectively filtering out
irrelevant sections of the book.

2. Page Refinement (Fine-grained): Within
the identified Candidate Chapters, we revert
to Token-wise MaxSim using the full multi-
vector embeddings. This allows us to pinpoint
the precise evidence pages with high semantic
fidelity.

This hierarchical approach effectively addresses
the Efficiency-Effectiveness Trade-off. It utilizes ef-
ficient dense approximations to narrow the search
space from the entire book to a few relevant
chapters (reducing complexity from O(N2T 2) to
O(N2)), while reserving expensive high-precision
computations for the final localization.

D Algorithm Details

We provide the detailed pseudocode for the Adap-
tive Topology Tracker in Algorithm 1. This algo-
rithm outlines the iterative process of navigating
the Bi-Layered Graph for a single atomic query.
Specifically, we set the semantic relevance thresh-
old τ = 0.7 for graph construction. Furthermore,
the upper bound of accepted pages for each query
round is dynamically determined as ⌊Ntotal/Nsub⌋,

Algorithm 1 Adaptive Topology Tracking for
Query qk

Require: Query qk, Graph G, Global WhitelistW ,
Global MemoryM

Ensure: UpdatedW,M ▷ Output: Updated
states

1: Initialize: Stack Sk ← TopSim(qk,V), Black-
list Bk ← ∅

2: while Sk ̸= ∅ and |W| < Limit do
3: pcurr ← Sk.pop()
4: if pcurr ∈ W ∪ Bk then
5: continue
6: end if
7: state, ranalysis ← VLMjudge(pcurr, qk)
8: if state == RELEVANT then
9: W.add(pcurr)

10: M.append({qk, pcurr, ranalysis})
11: Nphy ← GetPhyNbrs(pcurr)
12: Nsem ← GetSemNbrs(pcurr)
13: Sk.push(TopK(Nsem))
14: Sk.push(Nphy)
15: else
16: Bk.add(pcurr) ▷ Prune irrelevant path
17: end if
18: end while
19: returnW,M

where Ntotal represents the total page budget and
Nsub denotes the number of decomposed atomic
queries.

E Evaluation Metrics Details

In this section, we provide the formal definitions
of the retrieval metrics used in our evaluation. Let
Prel denote the set of ground-truth relevant pages
for a given query, and Pk

ret denote the sequence of
the top-k retrieved pages.
Recall@k (R@k) measures the proportion of rele-
vant pages successfully retrieved within the top-k
results:

R@k =
|Prel ∩ Pk

ret|
|Prel|

(5)

Precision@k (P@k) measures the proportion of
retrieved pages that are actually relevant:

P@k =
|Prel ∩ Pk

ret|
k

(6)

NDCG@k (Normalized Discounted Cumulative
Gain) evaluates the ranking quality, rewarding al-
gorithms that place relevant pages higher in the list.
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Method Relative Latency Relative API Calls

MoLoRAG 1.0× 1.0×
TRACE ≈ 4.0× ≈ 10.0×

Table 7: Comparison of average latency and API usage
per question (N = 30 samples). Values are normalized
relative to MoLoRAG.

It is defined as:

NDCG@k =
DCG@k

IDCG@k
(7)

where DCG (Discounted Cumulative Gain) and
IDCG (Ideal DCG) are calculated as:

DCG@k =
k∑

i=1

reli
log2(i+ 1)

(8)

IDCG@k =

min(k,|Prel|)∑

i=1

1

log2(i+ 1)
(9)

Here, reli ∈ {0, 1} represents the binary relevance
of the page at rank i (1 if relevant, 0 otherwise).

F Latency and Computational Cost
Analysis

To explicitly evaluate the computational over-
head of TRACE compared to the strong baseline
MoLoRAG, we conducted a comparative analy-
sis using 30 randomly sampled queries from the
M5BookVQA dataset.

F.1 Quantitative Comparison

As summarized in Table 7, TRACE exhibits higher
latency and API consumption. On average, the
inference latency of TRACE is approximately 4×
that of MoLoRAG, and the number of VLM API
calls is roughly 10× higher.

F.2 Mechanism Analysis and Justification

The disparity in computational cost stems from the
fundamental difference in the retrieval paradigms
of the two methods:

• MoLoRAG (Static Scoring): It relies on
a “VLM Score” mechanism that processes
a fixed, pre-determined number of candidates
(Top-K). The computational graph is static,
meaning the number of VLM inference steps
is explicitly bounded and constant, resulting
in lower and more predictable latency.

• TRACE (Adaptive Navigation): Our method
employs an “Agentic VLM Navigation” via
the Adaptive Topology Tracker. Unlike static
reranking, the tracker is adaptive: it dynam-
ically decides whether to expand to physi-
cal/semantic neighbors or prune the current
branch based on real-time feedback. This
process mimics human browsing, where the
agent may perform multiple rounds of “look-
ahead” and “backtracking” to uncover hidden
evidence chains, naturally incurring higher
VLM interaction costs.

The Efficiency-Effectiveness Trade-off. While
TRACE is computationally more intensive, we ar-
gue that this “slowness” is a worthy trade-off for
the substantial reliability gains in complex long-
context reasoning. As demonstrated in the main ex-
periments, TRACE achieves a significant 14.07%
improvement in Accuracy on M5BookVQA. In
high-stakes domains targeted by our benchmark
(e.g., extracting medical or legal advice from
books), the cost of “hallucination” or “missed ev-
idence” far outweighs the cost of additional GPU
seconds. TRACE prioritizes precision over speed,
ensuring that the answer is derived from a logically
complete Chain of Evidence rather than a hurried
guess.

Method Accuracy (%)

Naive RAG (Lewis et al., 2020) 26.20
GraphRAG (Guo et al., 2024) 28.10
MMGraphRAG (Wan and Yu, 2025) 38.80
RAG-Anything (Guo et al., 2025) 42.80

TRACE (Ours) 49.06

Table 8: Comparison with Graph-based RAG Meth-
ods on MMLongBench-Doc. TRACE significantly
outperforms entity-centric graph methods without re-
quiring complex entity extraction.

G Comparison with Entity-Centric
GraphRAG Methods

Table 8 presents a comparative analysis of TRACE
against recent graph-based retrieval methods on
the MMLongBench-Doc benchmark. As shown,
TRACE achieves an accuracy of 49.06%, signif-
icantly outperforming the standard GraphRAG
(28.1%) and the robust RAG-Anything baseline
(42.8%).

Structural Divergence. The performance gap
stems from a fundamental difference in graph
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topology construction. Traditional methods like
GraphRAG and MMGraphRAG adopt an entity-
centric approach, where nodes represent fine-
grained extracted entities (e.g., specific terms, ob-
jects) and edges represent extracted relationships.
While effective for knowledge graphs, this ap-
proach suffers in document understanding tasks
due to the high risk of extraction errors and the
fragmentation of continuous narrative contexts.

Logical vs. Entity Navigation. In contrast,
TRACE employs a page-centric logical graph. In-
stead of relying on fragile entity extraction, our
Bi-Layered Graph models the document’s inher-
ent structure—connecting pages via physical ad-
jacency and semantic continuity. This allows the
tracker to navigate the "macro-logic" of the docu-
ment rather than getting lost in the "micro-details"
of isolated entities.

Efficiency Advantage. Furthermore, TRACE
eliminates the computationally expensive prepro-
cessing pipeline required by entity-centric meth-
ods, such as Named Entity Recognition (NER),
relation extraction, and complex document chunk-
ing. By treating the page as the atomic unit of
retrieval, TRACE achieves superior performance
with a streamlined and more scalable architecture.

H Case Study for M5BookVQA

To explicitly demonstrate the complexity of the
M5BookVQA benchmark, we present a detailed
analysis of two representative samples. These
cases highlight the necessity for Cross-Page Re-
trieval and Multi-Hop Reasoning, distinguishing
our dataset from traditional single-page VQA tasks.

H.1 Cross-Page Logic in Business Domain
Figure 9 presents a question derived from a Busi-
ness textbook.

• The Challenge: The question stems from a
"Role Play" activity located on Page 155, ask-
ing which sales method is NOT typical for
a "clicks-and-mortar" company. The explicit
definition of "clicks-and-mortar" (describing
the integration of physical stores and online
presence) is provided in the main text on Page
149.

• Reasoning Chain: To answer correctly, the
model must:

1. Navigate: Identify the keyword "clicks-
and-mortar" from the question on Page

155 and retrieve the defining evidence
from Page 149.

2. Synthesize: Comprehend that "clicks-
and-mortar" implies both physical and
digital presence.

3. Deduce (Negation): Evaluate the op-
tions to find the one that contradicts the
synthesized definition (i.e., identifying
that "Online sales only" is incorrect for
this business model).

This example validates the model’s ability to
maintain context over a long document span
and perform logical negation based on re-
trieved evidence.

H.2 Multi-Modal Synthesis in Art Domain
Figure 10 illustrates a fine-grained visual under-
standing task from an Art textbook regarding "Card-
board Creativity."

• The Challenge: The question asks to iden-
tify the incorrect pairing of an artwork and
its crafting technique (e.g., "Swan - Assem-
bly and pasting"). The evidence is scattered:
the visual examples are shown on Page 27,
while the specific categorization of techniques
(e.g., "Paper Relief" vs. "Comprehensive Ap-
plication") requires cross-referencing text and
captions.

• Reasoning Chain: The model needs to per-
form a multi-step verification:

1. Visual Grounding: Recognize the spe-
cific visual objects (Lion, Swan, Pavil-
ion) mentioned in the options.

2. Evidence Alignment: Trace each object
to its corresponding technique section in
the book. For instance, the model must
confirm that the "Swan" is visually de-
picted in the "Paper Relief" section, not
the "Assembly" section.

3. Conflict Detection: Compare the re-
trieved ground truth ("Swan"→ "Paper
Relief") against Option E ("Swan" →
"Assembly") to detect the factual mis-
match.

This case exemplifies the benchmark’s de-
mand for precise visual-textual alignment and
the ability to verify multiple assertions within
a single query.
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Question: In the Role Play activity at the end of the "Technology and Business" chapter, referring to the 
third objective in the Evaluation section, if a student is playing an employee of a clicks-and-mortar 
company, which of the following methods of sale, as defined on a preceding page, is NOT one that this 
type of company typically uses?

Options:
A. Only through e-commerce                       B. Through a brick-and-mortar physical store
C. Through a company website                    D. Through online sales only
E. Both B and C                                            F. Both A and D

Answer: F

step 1: Found definition stating clicks-and-mortar companies use both physical stores and the Internet.
step 2: Noted visual organizer separating e-tail (online only) from clicks-and-mortar.
step 3: Matched the role-play evaluation asking how customers buy with the definitions.
step 4: Determined that online-only methods (A and D) are NOT typical for clicks-and-mortar, so F.

Domain: Economics

Figure 9: M5BookVQA Sample Case 1 (Economics). This sample illustrates a cross-page reasoning task where
the model must link the "Role Play" instructions with the definition of "Clicks-and-Mortar" to identify the exclusion
criteria.
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问题: “纸板的创想——成型方法”一课中展示了多种纸艺范例。下列哪一选项将范例作品与其
所属的具体技法分类错误地配对了？
Question: In the lesson 'Cardboard Creativity—Forming Methods,' various paper art examples are shown. 
Which option incorrectly matches a work with its specific technique?

Options:
A. 鹰，剪、折纸的方法 (Eagle, Cutting and folding)      
B. 马，纸的组合粘贴方法 (Horse, Assembly and pasting)
C. 亭子，综合应用 (Pavilion, Comprehensive application)
D. 狮子，纸浮雕造型 (Lion, Paper relief)
E. 天鹅，纸的组合粘贴方法 (Swan, Assembly and pasting)                           
F. 草莓，纸浮雕造型 (Strawberry, Paper relief)

Answer: F Domain: Art

step 1: 定位到“纸浮雕造型”标题与配图，确认“狮子”和“天鹅”均在此板块中。(Locate 
the "Paper relief" section; confirm both "Lion" and "Swan" appear there.)
step 2: 定位到“3. 综合应用——亭子”段落与配图，确认亭子属于综合应用。(Locate 
"Comprehensive application — Pavilion" to confirm its classification.)
step 3: 得出天鹅为纸浮雕造型，从而判断选项E（天鹅→纸的组合粘贴方法）与教材不符。
(Identify "Swan" as paper relief , making Option E (Assembly/Pasting) incorrect.)
step 4: 验证其他配对（亭子→综合应用）为正确，从而支持E为唯一错误配对。(Verify 
"Pavilion" is correct , confirming E is the mismatched pair.)

Figure 10: M5BookVQA Sample Case 2 (Art). This sample demonstrates a multi-modal verification task. The
model is required to navigate across multiple pages to align visual instances (e.g., "Swan") with their specific textual
crafting techniques, identifying the mismatched pair among the options.
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Scope English Chinese Russian Japanese French German

Chapter 89.53 80.48 83.33 67.71 80.43 79.17
Book 88.08 71.79 75.00 63.54 78.26 87.50
Global 88.18 67.51 63.89 60.42 76.09 91.67

Table 9: Accuracy Breakdown by Language. Performance of TRACE across different scopes and linguistic
subsets of M5BookVQA.

Scope Humanities & Art Natural Sciences Engineering Social Sciences

Chapter 77.84 87.60 87.83 92.12
Book 69.05 87.44 82.61 89.93
Global 64.71 86.65 80.00 89.72

Table 10: Accuracy Breakdown by Domain. Comparative analysis across the four major hierarchical categories
defined in Figure 7.

I Dataset-Specific Breakdown Analysis

To provide deeper insights into M5BookVQA and
TRACE’s performance, we conduct breakdown
analyses across language, domain, and complexity.
The experimental settings remain consistent with
Table 2.

Table 9 presents the accuracy breakdown by lan-
guage. We observe that performance trends across
languages are inconsistent as the scope expands,
which is primarily attributed to the inherent differ-
ences in document selections for each linguistic
subset. In contrast, the domain-wise analysis in
Table 10 reveals a consistent decline in Accuracy
across all subjects as the retrieval scope increases
from Chapter to Global. Finally, results in Table 11
underscore the significant challenge of precisely
locating complex evidence distributions within ex-
pansive search spaces, particularly for multi-hop
tasks requiring 5–10 pages.

Scope 1-2 Pages 3-4 Pages 5-10 Pages

Chapter 86.95 82.31 80.56
Book 82.57 76.79 77.44
Global 81.05 73.70 74.61

Table 11: Accuracy Breakdown by Evidence Page
Count. Evaluation of TRACE’s resilience as reason-
ing complexity (number of required evidence pages)
increases.
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