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Abstract

Document Visual Question Answering
(DocVQA) aims to generate answers by
jointly understanding the textual, layout, and
visual elements within document images.
Although end-to-end vision-based generative
methods have reduced dependency on OCR,
they still struggle to achieve precise evidence
localization when page semantics are complex
and highly similar. However, existing research
lacks an in-depth theoretical analysis of
the question-driven semantic representation
space, failing to fundamentally address the
distinguishability problem among semantically
similar pages. To fill this theoretical gap,
we propose and prove that, given a specific
question, each page possesses a unique
semantic representation, and there exists a
bijective mapping between the page and its
unique semantics. Based on this theoretical
foundation, we introduce the Flow-Based
Page Unique Semantic Mapping Architecture
(FUMA), which reconstructs evidence
localization from similarity-based retrieval
into precise selection on unique semantics.
FUMA employs fine-grained cross-modal
attention to extract discriminative cues and
utilizes flow-based reversible transformations
with likelihood regularization to learn bijective
mappings, ensuring that each page obtains a
unique semantic representation. Moreover, a
multi-expert collaboration mechanism com-
plementarily models fine-grained multimodal
information within each page, achieving
robust answer generation.  Experimental
results demonstrate that FUMA significantly
outperforms existing methods in both evidence
localization and answer generation.

1 Introduction

Document Visual Question Answering (DocVQA)
is a cross-modal artificial intelligence task (Kafle
et al., 2018; Hudson and Manning, 2019) that aims
to generate answers by understanding and reason-
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Figure 1: Existing Methods vs. FUMA. Existing meth-
ods rely on coarse-grained similarity matching, caus-
ing confusion among semantically similar pages (over-
lapping representations). FUMA establishes bijective
mappings to unique page semantics via Flow-Based
transformation, transforming evidence localization from
similarity-based retrieval to precise selection over a
well-separated semantic space.

ing over the text, layout structure, and visual el-
ements in document images. As a key technique
for document understanding and vision—language
integration (Xu et al., 2020; Herzig et al., 2020),
DocVQA plays an important role in intelligent of-
fice applications (Lee et al., 2022), information re-
trieval (Mathew et al., 2021), and human—computer
interaction (Davis et al., 2023).

For the DocVQA task, early studies primarily
adopted OCR-based pipeline methods (Mathew
et al.,, 2021; Hu et al., 2020; Xu et al., 2020),
in which an OCR system is used to extract tex-
tual content and spatial layout information from
documents, followed by text-understanding mod-
els for evidence localization and answer genera-
tion. However, this paradigm has clear limitations.
First, model performance is strongly constrained
by OCR quality, and recognition errors propa-
gate through the pipeline and are amplified across



stages (Kim et al., 2022). Second, in scenarios
such as multi-page document retrieval, cross-page
reasoning, and understanding complex visual ele-
ments, these methods often suffer from evidence-
grounding errors, broken reasoning chains, and
limited generalization (Cho et al., 2025). To over-
come these limitations, recent research has shifted
toward end-to-end vision-to-text generation (Lee
et al., 2023), which weakens the explicit depen-
dence on OCR by directly generating text from
images and enables end-to-end modeling of visual
structures. Although this direction has achieved
substantial progress (Yu et al., 2025), it still faces
key challenges in long-document and multi-page
settings: because evidence-page localization relies
on coarse-grained question—page semantic similar-
ity matching, it is difficult to localize the correct
page when pages are highly semantically similar;
moreover, existing methods inadequately model
fine-grained cross-modal features within a page,
thereby limiting the accuracy and robustness of
answer generation.

Therefore, in DocVQ, the challenge arises not
only from the confusion among semantically simi-
lar pages, but also from a more fundamental issue:
question-driven evidence localization requires a se-
mantically separable representation space, where
each page conditioned on the question exhibits
both uniqueness and discriminability. If each page
corresponds to a unique, question-specific seman-
tics, different pages can be well separated in this
semantic space; consequently, evidence-page lo-
calization reduces to a precise selection problem
over unique semantics and provides stable, trace-
able grounding for subsequent answer generation.
Accordingly, we propose and prove the following
proposition: given a question, each document page
admits a unique semantics with respect to that ques-
tion, and there exists a bijection that maps docu-
ment pages to their unique semantics. To satisfy
semantic uniqueness and the invertibility implied
by the bijection, we adopt an inherently invertible
flow-based formulation to learn this mapping and
propose the Flow-Based Page Unique Semantic
Mapping Architecture (FUMA). On the one hand,
we employ an attention mechanism to select fine-
grained, question-relevant cross-modal cues within
each page, allowing the model to retain evidence-
discriminative details even among semantically
similar pages. On the other hand, we introduce
flow-based likelihood regularization to learn an
invertible transformation path, alleviating represen-

tation collapse where multiple pages are mapped
to similar semantics and ensuring that each page,
under the question, is assigned a distinct and iden-
tifiable unique semantics. Furthermore, for answer
generation grounded on the evidence page’s unique
semantics, we incorporate a collaborative mixture-
of-experts mechanism to complementarily model
and decode fine-grained multimodal information
within the evidence page, thereby improving both
the accuracy and robustness of generated answers.
Our contributions are summarized as follows:

1. We propose FUMA, an end-to-end DocVQA
framework that reconstructs evidence local-
ization from a similarity-based retrieval task
into a precise selection problem on unique se-
mantics, fundamentally addressing the core
challenge that semantically similar pages can-
not be reliably distinguished in conventional
representation spaces.

2. We theoretically prove the existence of
a bijection between document pages and
their question-conditioned unique semantics.
Building on this foundation, we design a Flow-
Based Unique Semantic Mapping module that
learns an invertible transformation path by
combining fine-grained cross-modal attention
with flow-based likelihood regularization, en-
suring that each page obtains an independent
and identifiable unique semantic representa-
tion.

3. Extensive experiments conducted on multiple
benchmark datasets demonstrate that FUMA
significantly outperforms existing methods in
both evidence page localization and answer
generation quality, while the ablation studies
further verify the effectiveness of the unique
semantic modeling.

2 Related Work

2.1 Document Visual Question Answering

Document visual question answering (DocVQA)
has evolved from traditional OCR-based pipelines
to end-to-end generative frameworks. Early ap-
proaches relied on OCR for text extraction fol-
lowed by BERT-based text understanding mod-
els (Mathew et al., 2021), which suffer from er-
ror propagation and limited visual understand-
ing. The LayoutLM family (Xu et al., 2020;
Huang et al., 2022) substantially improves perfor-
mance on structured documents via layout-aware



pretraining that jointly encodes text, spatial posi-
tions, and visual features. More recent end-to-end
methods, such as Donut (Kim et al., 2022) and
Pix2Struct (Lee et al., 2023), remove explicit OCR
dependence using vision—language Transformers,
while multimodal large language models (mPLUG-
DocOwl (Hu et al., 2024) and UReader (Ye et al.,
2023)) achieve strong zero-shot capability through
instruction tuning. Interpretability has become a
key research direction: DocVXQA (Souibgui et al.,
2025) provides visual attention heatmaps, and (Li
et al., 2025) generates multimodal explanations.
Multi-page benchmarks such as MMVQA (Ding
et al., 2024) and NiM-Benchmark (Thakkar et al.,
2025) have further advanced comprehensive doc-
ument intelligence, while provenance-based eval-
uation methods (Nourbakhsh et al., 2025) address
hallucination risks in real-world deployment.

2.2 Flow-Based Model

Flow-based models map a simple distribution to a
complex data distribution via invertible transforma-
tions, enabling explicit density estimation and exact
likelihood computation. Early architectures include
NICE (Dinh et al., 2015), which employs coupling
layers; RealNVP (Dinh et al., 2017), which uses
affine transformations; Glow (Kingma and Dhari-
wal, 2018), which introduces invertible 1 x 1 con-
volutions; and FFJORD (Grathwohl et al., 2019),
which realizes continuous normalizing flows via
ordinary differential equations (ODEs). More re-
cently, Flow Matching (Lipman et al., 2023) sys-
tematizes probability flow learning as a simulation-
free alternative to diffusion models. Subsequent ex-
tensions include Conditional Flow Matching (Tong
et al., 2023) for conditional generation, Rectified
Flow (Liu et al., 2023) for minimizing transport
curvature, and Local Flow Matching (Dey et al.,
2024) for stepwise factorization. Diff2Flow (Schus-
terbauer et al., 2025) facilitates knowledge trans-
fer from diffusion models, while Reflected Flow
Matching (Xie et al., 2024) addresses domain con-
straints. In structured generation, LayoutFlow (In-
oue et al., 2024) applies flow matching to layout
design and adopts a multimodal base distribution.
FlowVQA (Park et al., 2024) introduces a flowchart
reasoning benchmark, highlighting spatial-logical
understanding that is relevant to document VQA
scenarios.

3 Method

This chapter systematically presents the proposed
methodological framework. Section 3.1 first pro-
vides a theoretical analysis, demonstrating that un-
der the given problem conditions, there exists a
bijective relationship between a document page
and its unique semantics, and the answer is nec-
essarily contained within the unique semantics
of the evidence page. Based on this insight, we in-
troduce the Flow-based concept with an invertible
structure and propose the Flow-based Page Unique
Semantic Mapping Architecture (FUMA). The ar-
chitecture consists of three main components: (1)
a Pre-trained Encoder, which embeds document
images and questions into a shared vector space; (2)
the Flow-based Unique Semantic Mapping mod-
ule (Section 3.2), which learns a bijection between
each page and its unique semantics through mul-
tiple Flow-based blocks; and (3) a Multi-expert
Decoder (Section 3.3), which performs comple-
mentary modeling and decoding of multimodal
fine-grained information from the evidence page to
generate precise answers. The overall architecture
is illustrated in Figure 2.

Specifically, given an input document D =
{I; }é\le and a question (), we first employ a text
encoder f! . and an image encoder f,. to obtain
the question vector g and page vectors ¢;:

q= énc(Q)v ij = fénc(lj)’ ] = 17- ..,N
(D

Then, the Flow-Based Unique Semantic Mapping
JFu maps each page to its corresponding unique
semantics u;:

U=Fu{i;} i) ={u}}2, @

The evidence page I} is identified by computing
the similarity between ¢ and each u;. Based on
the unique semantics uy, of the evidence page, the
multi-expert decoder fy.. generates the final an-
swer A:

A= fdec(uImQ) 3

Furthermore, Section 3.4 elaborates on the train-
ing objectives of FUMA, which aim to enhance
both the localization ability for evidence pages and
the accuracy of answer generation. In addition,
flow-based likelihood regularization is employed
to learn an approximately bijective mapping from
page representations to their unique semantics.
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Figure 2: FUMA consists of three main components: (1) a pretrained image encoder and a pretrained text encoder,
which embed the input document images and the natural-language question into vector representations; (2) a
Flow-Based Unique Semantic Mapping module (introduced in 3.2), built by stacking Flow-Based Blocks, which
learns a bijection from each page to its page-wise unique semantics; and (3) a multi-expert decoder (introduced
in 3.3), which leverages a multi-expert collaboration mechanism to generate accurate answers conditioned on the

page-wise unique semantics.

3.1 Theoretical Analysis

In DocVQA, the core challenge lies not only in
the confusion caused by semantically similar pages
but, more fundamentally, in the requirement that
question-driven evidence localization depends on
a separable semantic space. Specifically, under
the given question conditions, each page should
possess a unique and distinguishable semantic rep-
resentation. In this way, different pages can be
clearly differentiated at the semantic level, trans-
forming evidence localization into the precise se-
lection of unique semantics and providing a stable
and traceable foundation for answer generation.

To verify this intuition and establish a solid the-
oretical foundation, we formally analyze three key
problems: (1) whether a unique semantic represen-
tation exists for each page under the given question
conditions; (2) whether the mapping from a page
to its unique semantics is bijective, ensuring in-
vertibility and lossless representation; and (3) the
relationship between the question’s answer and the
unique semantics of the evidence page. Based on
these analyses, we propose and prove the following
propositions.

Proposition 1. Given a question q and a document
D = {i; }jvzl there exists a semantic space S and
a mapping ¢4 : D — S such that, for any two
distinct pages i, € D (k # 1), their seman-
tic representations uy, = ¢q(i) and w; = ¢q(i;)
satisfy uy # wy:

Proposition 2. Given a question q and a document
D = {ij}évzl, let Up = {uj}éyzl denote the set
of unique semantic representations of the pages,

where uj = ¢4(i;). Then, the mapping

(ﬁq‘D:D—)L[D, ij'-)'LLj (4)

is bijective.

Proposition 3. Given a question q and a document
D = {i; };V:l, suppose the answer a is located in
the evidence page i* € D. Letu, = f!,.(a,q) €
S denote the semantic representation of the answer,
and u+ = ¢4(i*) denote the unique semantics of
the corresponding evidence page. Then,

Ug T ujx, (5

where the containment relation is defined as:

where 1(-;-) denotes the mutual information and
H(+) denotes the Shannon entropy.

The proofs of the above propositions are pro-
vided in Appendix A.2. Collectively, these three
propositions constitute the theoretical foundation
of our framework: Proposition 1 ensures that, given
a question ¢, each page possesses a unique and dis-
tinguishable semantic representation; Proposition 2
further guarantees the existence of an invertible
bijective relationship between each page and its
unique semantics, enabling lossless semantic map-
ping; and Proposition 3 demonstrates that the se-
mantic representation of the answer is entirely con-
tained within the unique semantics of the evidence

page.



3.2 Flow-Based Unique Semantic Mapping

According to Proposition 1 and Proposition 2, there
exists a bijective relationship between each doc-
ument page and its unique semantics under the
given question conditions. To realize this property
within the model, we introduce the concept of a
Flow-Based Model, which constructs the mapping
relationship through a composition of invertible
transformations. Specifically, we design a Flow-
Based Unique Semantic Mapping F;;, composed
of m stacked invertible Flow-Based Blocks. These
blocks progressively transform the page representa-
tions layer by layer, ultimately mapping each page
i; to its corresponding unique semantics u;:

uj = Fu({ishlna) = Fryo - o Fi({is}h e o).

(7

Each Flow-Based Block F;' adopts a dual-path
architecture based on the principle of parallel dis-
entanglement and fusion, which simultaneously
models the intrinsic semantics and contextual se-
mantics of a page to achieve a fine-grained char-
acterization of its unique semantics. As illustrated
in Figure 3, each block consists of three core com-
ponents: (1) Intrinsic Semantic Transformation
Sy, which extracts the intrinsic semantic features
s? of the page under question guidance, focusing
on question-relevant content; (2) Contextual Se-
mantic Transformation C}*, which captures the
global semantics c? induced by the interactions
among document pages; and (3) Unique Seman-
tic Fusion Transformation 7", which fuses the
two semantic streams under the given question to
generate a more discriminative unique semantic
representation ug’». This design enables the model
to jointly capture both local and global page proper-
ties, thereby enhancing the discriminability of the
unique semantics.

For the b-th Flow-Based Block (b > 1), the in-
put consists of the previous layer’s unique semantic

representation u?_l and contextual semantic rep-

resentation c?_l. Under a question-guided multi-
head attention mechanism, the block first performs
the intrinsic and contextual transformations in par-
allel and subsequently integrates them through a
cross-attention-based fusion. The mathematical
formulations of the three core components are as
follows.
Intrinsic Semantic Transformation S;':

32 = S;f(q,u?_l) - IN(M(Q7U?_1au?_1>) (8)

where M () denotes the multi-head attention mech-
anism and Fy(-) denotes a feed-forward neural
network. The detailed operations are described
in Appendix A.1. This transformation adaptively
reweights the page semantics under the guidance
of question ¢, ensuring that s? focuses on question-
relevant features while filtering out irrelevant or
redundant information.

Contextual Semantic Transformation C;':

& =Clg, i) = Fn(M(g, 1 i) ©)
This transformation models the relative positional
and semantic dependencies among document pages
from a global perspective, enabling cg’» to encode
the contextual semantics of each page within the
document.

Unique Semantic Fusion Transformation 7,":

uf = T,"(a. 55, ¢}) = Fn(M(q, 55,¢})

J’ Jr v

(10)

This fusion module integrates the intrinsic and
contextual semantics through a question-guided
cross-attention mechanism, producing the updated
unique semantics u?.

The entire Flow-Based Unique Semantic Map-
ping module Fy; consists of m stacked Flow-Based
Blocks, each following a progressive parallel dis-
entanglement—collaborative fusion pattern. As a
result, the final output w7 exhibits both uniqueness
and discriminability under the given question, pro-
viding a robust representation for evidence page
localization.

At the input stage (b = 1), a relative
representation-based initialization strategy is ap-
plied. First, the mean embedding of all page repre-
sentations is used as the global contextual initial-
ization:

N
12. ,
C-(]):N 1k, VJE{l,,N},
k=1

(11

which captures the document’s global semantic
baseline. Then, the unique semantics are initial-
ized by computing the deviation of each page from
the global context:

N
. . 1 .
u?:zj—c?:zj—ﬁg Tk, (12)
k=1

thereby achieving zero-centered representations
that facilitate stable bijective learning and invert-
ible transformations.



Through the layered semantic transformations,
JFu maps the page representations into a question-
conditioned unique semantic space, where {u; };VZI
fully capture inter-page distinctions and semantic
discriminability.

Unique Semantic Localization. After obtaining
the unique semantic representations of all pages
U = {u; }é-vzl, and according to Proposition 3, the
semantics of the answer are contained within the
unique semantics of the evidence page. To this end,
evidence localization is achieved by computing the
similarity between the question representation and
the unique semantics of each page:

zj = sim(q,u;), k= arg mjax 24, (13)
where sim(-, -) denotes the cosine similarity func-
tion.

As indicated by Proposition 2, the evidence page
I, and its corresponding unique semantics uy, are
bijectively related, ensuring information preserva-
tion. Consequently, this semantic-based localiza-
tion mechanism guarantees the traceability of the
identified evidence and provides a semantically
complete conditional representation for answer gen-
eration.

3.3 Multi-Expert Decoder

To fully exploit the multimodal fine-grained infor-
mation embedded in the evidence page, we design
a Multi-Expert Decoder that generates answers by
complementarily modeling the unique semantics
of the evidence page from multiple expert perspec-
tives.
The decoder consists of NV experts, denoted as
& = {FE,...,En}, where each expert is imple-
mented using a multi-head attention mechanism
followed by a feed-forward neural network:
hi = Ei(q,uk) :fN(M(q,uk,uk)). (14)
To improve computational efficiency and fo-
cus on the most relevant experts, a Top-K selec-
tion mechanism is introduced. A gating network
9(q,uy) computes the weights of all experts, af-
ter which the Top- K experts are selected and their
outputs are aggregated in a weighted manner to
generate the final answer:

K
A=y, - by, (15)
j=1
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Figure 3: Schematic illustration of the parallel-fusion
architecture of the Flow-Based Block. Each block con-
tains two parallel transformation modules—Intrinsic Se-
mantic Transformation and Contextual Semantic Trans-
formation that extract intrinsic semantics and contextual
semantics , respectively. These two semantic streams
are then integrated through the Unique Semantic Fusion
Transformation ,producing the updated unique seman-
tics . All transformations are guided by the question

where w;; denotes the normalized expert weights.
This mechanism enables the model to dynamically
select and integrate the most relevant expert knowl-
edge based on the characteristics of the question
and the evidence page, thereby enhancing answer
accuracy and robustness.

3.4 Training Objective

Given a training sample (D, Q, A, k*), where D =
{I; }jvzl denotes a document containing N pages,
@ is the question, A = (ay,...,ar) represents
the target answer sequence, and £* is the index
of the evidence page containing the answer. The
proposed FUMA is trained in an end-to-end manner
by jointly optimizing three objectives: (i) evidence
page localization; (ii) answer generation; and (iii)
bijective regularization.

Evidence Localization Loss As described in
Section 3.2, the matching score for each page is
computed as z; = sim(g,u;), and then normal-



Table 1: Performance comparison on four benchmark datasets. The best results are marked in bold.

Method NiM-Benchmark MMilongBench-Doc DUDE DocVQA

EM F1 ~ ANLS | EM F1 ~ ANLS | EM F1 ~ ANLS | EM F1  ANLS
HiVTS5 (Tito et al., 2022) 63.71 79.68 82.14 | 61.12 7226 65.17 | 60.97 69.58 73.51 | 49.87 7320 76.50
LayoutLMv3 (Huang et al., 2022) 81.55 88.64 92.57 | 87.52 89.63 92.89 | 71.54 79.58 83.41 | 54.68 84.92 86.71
DocFormer (Appalaraju et al., 2021) | 74.63 84.98 8743 | 77.45 8258 84.23 | 68.24 7435 76.77 | 5523 8397 87.84
GRAM (Blau et al., 2024) 7487 85.69 88.11 | 79.46 8235 83.97 | 68.57 77.52 79.67 | 53.97 83.74 85.96
MP-FIRE (Yu et al., 2025) 78.59 87.52 89.58 | 8548 89.14 90.74 | 69.52 7843 80.01 | 51.69 79.63 82.20
FUMA (Ours) 84.44 9435 96.72 | 89.11 94.42 95.03 | 73.72 87.86 91.13 | 56.44 84.34 88.96

ized using a softmax function to form a probability
distribution:

exp(z)
S, exp(z)

The localization loss adopts a cross-entropy form:

P(j|D,Q)= (16)

Lioe = —IOg P(k* ‘ D, Q) (17)

which encourages the model to assign the highest
probability to the true evidence page.

Answer Generation Loss The Multi-Expert De-
coder generates the answer conditioned on (ugx, q)
using a teacher-forcing strategy:

Eans

T
—ZlogP(at | act,up+,q)  (18)
t=1

directly optimizing the model’s ability to generate
accurate answers based on the unique semantics of
the evidence page.

Bijective Regularization Loss. To ensure
that F; learns an approximately bijective map-
ping, we introduce a flow-based regularization
term (Rezende and Mohamed, 2015; Dinh et al.,
2017). The negative log-likelihood of the unique
semantics under the base distribution py can be
expressed as:

= —Ei;p, [log pu(Fu iy, q))]

—Eijnp; [log pr(i;) + log |det J£, (i, q)|]
(19)

Eﬂow

where pr denotes the data distribution of page rep-

97y (5.0) i the Ja-

resentations and Jz,, (i, q) o,

cobian matrix of the transformation. Assuming a
standard Gaussian base distribution pyy = A(0, 1),
and noting that log pr(7;) is constant with respect
to the model parameters, the practical regulariza-

tion term becomes:

1 .
Liow = Eijij §H~FU(Zjaq>H%

— log |det J£, (ij,q)|| (20)

where the first term constrains the compactness of
the semantic space, and the second term promotes
local invertibility of the transformation. Together,
they ensure that different pages are mapped to dis-
tinguishable unique semantics while preserving in-
formation.

Joint Objective. The overall FUMA training
objective is defined as:

L= Eans + Eloc + ’Yﬁﬂow (21)

where v > 0 is a balancing hyperparameter. This
joint objective enables the model to simultaneously
learn evidence localization, answer generation, and
invertible mapping preservation, thereby achieving
precise evidence identification and accurate answer
generation across multi-page documents.

4 Experiments

4.1 Experimental Setup

We evaluate our proposed method on four bench-
mark datasets: (1) NiM-Benchmark (Thakkar
et al., 2025), (2) DUDE (Van Landeghem et al.,
2023), (3) MMlongBench-Doc (Ma et al., 2024),
and (4) DocVQA (Mathew et al., 2021). We
compare FUMA with the following state-of-the-
art methods: HiVTS5 (Tito et al., 2022), Lay-
outLMv3 (Huang et al., 2022), DocFormer (Ap-
palaraju et al., 2021), GRAM (Blau et al., 2024),
and MP-FIRE (Yu et al., 2025). We adopt three
standard evaluation metrics to assess model perfor-
mance: Exact Match (EM), F1 Score, and Aver-
age Normalized Levenshtein Similarity (ANLS).
Further experimental details are provided in Ap-
pendix A.3.

4.2 Main Results

Table 1 presents the performance comparison
across four benchmark datasets. FUMA achieves
the best results on all datasets and evaluation met-
rics, demonstrating its overall superiority and ro-
bustness. On the NiM-Benchmark dataset, FUMA
surpasses LayoutLMv3 by 2.89%, 5.71%, and



Table 2: Ablation results on NiM-Benchmark, MMlongBench-Doc, DUDE, and DocVQA.

Variant NiM-Benchmark MMlongBench-Doc DUDE DocVQA

EM F1  ANLS | EM F1  ANLS | EM F1 ANLS | EM F1  ANLS
w/o Intrinsic Semantic Transform 79.82 89.54 9233 | 8145 88.26 89.17 | 6891 8247 85.68 | 53.15 80.26 84.12
w/o Context-Semantic Transformation 7748 87.30 90.15 | 78.32 8543 87.24 | 66.73 79.85 83.28 | 52.34 78.67 82.58
w/o Unique-semantic Fusion Transform 69.15 78.63 8274 | 6542 7458 7735 | 5826 69.72 74.86 | 4832 7218 76.92
w/o Multi-Expert Collaboration 7426 83.92 87.58 | 73.58 81.24 83.67 | 6345 7538 79.42 | 50.87 7594 80.15
w/o Flow-Based Unique Semantic Mapping | 61.84 71.26 7543 | 57.36 68.94 71.58 | 52.47 63.15 6842 | 44.18 66.02 70.35
FUMA (Ours) 84.44 9435 96.72 | 89.11 9442 95.03 | 73.72 87.86 91.13 | 56.44 84.34 88.96

Table 3: Evidence-page localization accuracy (%) on
multi-page document datasets.

Method DUDE MMlongBench-Doc
HiVT5 65.32 58.91
LayoutLMv3 74.58 70.23
DocFormer 71.45 68.77
GRAM 76.89 72.14
MP-FIRE 82.71 77.25
FUMA (Ours) | 91.24 88.67

4.15% in EM, F1, and ANLS, respectively, verify-
ing the effectiveness of the proposed unique seman-
tic mapping in handling diverse document types.
On the long-document benchmark MMlongBench-
Doc, FUMA outperforms MP-FIRE by 3.63%
(EM), 5.28% (F1), and 4.29% (ANLS), where the
larger margin highlights its advantage in model-
ing complex multi-page semantics. The consistent
superiority on the DUDE dataset further indicates
that the flow-based bijective mapping effectively
maintains fine-grained discriminative capability
across documents with complex layouts. More-
over, the stable performance on DocVQA confirms
FUMA's strong generalization ability, showing that
the framework preserves single-page understand-
ing while enhancing multi-page reasoning perfor-
mance.

4.3 Ablation Study

To evaluate the effectiveness of each component,
we conducted ablation experiments as shown in Ta-
ble 2. Removing the Flow-Based Unique Semantic
Mapping leads to the most significant performance
drop (a 25.48% decrease in F1 on MMlongBench-
Doc), indicating that the bijective semantic map-
ping serves as the core foundation of the proposed
framework. Eliminating the unique semantic fu-
sion, contextual semantic transformation, or intrin-
sic semantic modeling modules all result in con-
sistent performance degradation, verifying their
complementary roles in fine-grained feature repre-
sentation. Additionally, removing the multi-expert

collaboration module causes an average F1 drop
of 10.43%, demonstrating that the collaborative
expert mechanism is crucial for enhancing multi-
modal discriminative capability.

4.4 Evidence-Page Localization Analysis

Table 3 reports the evidence page localization
accuracy on the DUDE and MMlongBench-Doc
datasets. FUMA achieves localization accu-
racies of 91.24% and 88.67% on DUDE and
MMlongBench-Doc, respectively, outperforming
the strongest baseline, MP-FIRE, by 8.53% and
11.42%. These substantial improvements clearly
demonstrate the superiority of our approach over
existing methods. More importantly, this gain di-
rectly validates the core contribution of this work:
by establishing a bijective mapping from docu-
ment pages to question-conditioned unique se-
mantics, FUMA transforms evidence localization
from a confusion-prone similarity retrieval problem
into an accurate selection process within a well-
separated semantic space. This bijective semantic
mapping effectively resolves the key challenge of
distinguishing semantically similar pages, provid-
ing a stable and reliable evidence foundation for
subsequent answer generation.

5 Conclusion

This paper addresses the challenge of evidence lo-
calization in multi-page DocVQA, where semantic
similarity among pages hinders accurate reasoning.
We theoretically prove the existence of a bijective
mapping between each page and its unique seman-
tics, and propose FUMA, which reformulates the
localization task as a process of unique semantic
selection. By incorporating flow-based bijective
transformations and a multi-expert collaborative
decoding mechanism, FUMA effectively enhances
both evidence localization and answer generation
performance. Extensive experimental results vali-
date the superiority and robustness of the proposed
approach.



Limitations

Although FUMA improves evidence-page local-
ization in DocVQA Although FUMA improves
evidence-page localization in DocVQA and in-
creases the accuracy of answer generation, it still
has several limitations. First, the invertible flow-
based mapping increases training complexity and
is sensitive to hyperparameter choices and regu-
larization schemes. Second, the method relies on
evidence-level supervision, and its performance
may degrade in weakly supervised settings or when
annotations are noisy. Future work will investigate
more stable and efficient objectives for invertible
learning, weakly/self-supervised evidence localiza-
tion strategies, and hierarchical retrieval mecha-
nisms to further improve training stability and scal-
ability to long-document scenarios.
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A Appendix

A.1 Notation and Supplementary Knowledge
A.1.1 Notation Table

The notations used in this paper are shown in Ta-
ble 4.

A.1.2 Multi-Head Attention Mechanism

The multi-head attention mechanism M(-) is a core
component in our Flow-Based Blocks and Multi-
Expert Decoder. Given a query @, key K, and
value V/, the multi-head attention operation is de-
fined as follows.

Single-Head Attention For a single attention
head, the scaled dot-product attention is computed
as:

Q T
Attention(Q, K, V') = softmax <

K>V

e
(22)

where dj, is the dimension of the key vectors, and
the scaling factor \ﬁ prevents the dot products
from growing too large in magnitude.

Multi-Head Attention To capture information
from different representation subspaces, the multi-
head attention mechanism employs H parallel at-
tention heads. Each head & has its own learned
linear projections:

head;, = Attention(QW 2, KWEK, VIvY) (23)

where WhQ c RdmodeIXdk, W]{( c Rdmodelxdk’ and
W,Y € Rmower*dv are the projection matrices for
the h-th head.

The outputs of all heads are concatenated and
linearly projected:

M(Q, K, V) = Concat(heads, . .., head )W ©
(24)
where WO e RHdv > dmosel js the output projection

matrix.

Question-Guided Attention In our framework,
the attention mechanism is guided by the question
q. For example, in the Intrinsic Semantic Transfor-
mation:

(25)

the question representation g serves as the query,

while the previous layer’s unique semantics us’-_l
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serves as both key and value. This allows the model
to selectively attend to question-relevant features
in the page representation.

Similarly, in the Unique Semantic Fusion Trans-
formation:

M(q,s%,ch) (26)

the question q acts as the query, while the intrin-
sic semantics s;’. and contextual semantics c;’- are
used as keys and values, enabling cross-attention

between the two semantic streams.

A.1.3 Feed-Forward Neural Network

The feed-forward neural network F () is applied
to each position separately and identically. It con-
sists of two linear transformations with a ReLU
activation in between:

fN(.’L‘) = RCLU(.’L‘Wl + bl)Wg + by 227)

where W, € Rmoaerxdsy p c Rirr Wy €
R *dmodel and by € R%motel are learnable parame-
ters.

Residual Connection and Layer Normalization
Both the multi-head attention and feed-forward
network are wrapped with residual connections and
layer normalization:

a2’ = LayerNorm(z + M(+))
" = LayerNorm(z' + Fn(z'))

(28)
(29)

This design is used to control training stability and
gradient flow through deep networks.

A.1.4 Shannon Entropy and Mutual
Information

Shannon entropy is a fundamental measure of un-

certainty or information content in information the-

ory. For a discrete random variable X with proba-

bility mass function p(x), the Shannon entropy is

defined as:
=D plx
reX

) log p(z 30)
Conditional Entropy The conditional entropy
H(X|Y) measures the expected uncertainty in X
given knowledge of Y:

HX|Y)==Y p) > _ plzly)logp(xly)
yey reX
(3D
This can also be written as:
HX|Y)=H(X,Y)—-H(Y) (32)

where H(X,Y) is the joint entropy of X and Y.



Mutual Information Mutual information (MI)
measures the amount of information shared be-
tween two random variables, quantifying the re-
duction in uncertainty about one variable given
knowledge of the other. For random variables X
and Y, the mutual information is defined as:

p(z,y)

p(z)p(y)

I(X;Y)=> > pla,y)log

zEX yey

(33)

where p(z,y) is the joint probability distribution,
and p(z), p(y) are the marginal distributions. Mu-
tual information can be equivalently expressed in
terms of entropy:

I[(X;Y) = H(X) - HX|Y) (34)
— H(Y) - HY|X) (35)
— H(X)+ H(Y) - H(X.Y) (36)

A.1.5 Cosine Similarity

The cosine similarity function sim(-, -) measures
the cosine of the angle between two non-zero vec-
tors. For vectors a and b, it is defined as:

a-b S agb;

~ lall2lblls \/Zd_l az\/Zd_l b?
(37)

sim(a, b)

where d is the dimension of the vectors. The cosine
similarity ranges from —1 to 1, with higher values
indicating greater similarity.
In the evidence localization stage (Section 3.2),
we compute:
zj = sim(q, u;) (38)
to measure the relevance between the question rep-
resentation ¢ and each page’s unique semantics ;.

A.1.6 Gating Network for Expert Selection

The gating network ¢(q, uy) in the Multi-Expert
Collaborative Decoder computes unnormalized im-
portance scores for all experts. It is implemented
as a simple feed-forward network:

9i = 9(q, ur)i = w; tanh(W|g; ug] + by)
(39)

where [q; uy| denotes the concatenation of ques-
tion and evidence page representations, W, €
R *2dmodel and by € R are shared parameters,
and w; € R% is the expert-specific weight vector.
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Top-K Selection and Normalization After com-
puting scores for all N experts, we select the Top-
K experts with the highest scores:

{ila"'aiK} :TOPK({glv’gN}vK)

The selected expert weights are then normalized
using softmax:

(40)

el
1 T K—7
’ El:l exp(giz)

Finally, the weighted aggregation produces the
answer representation:

K
A=y, - by
j=1

where hij = By (g, ug) is the output of the i;-th
expert.

j=1,....,K (41

(42)

A.1.7 Jacobian Determinant Computation

The Jacobian determinant det Jr,, (i;, ¢) in the bi-
jective regularization loss measures the local vol-
ume change induced by the transformation F;.

Jacobian Matrix For a transformation y
Fu(x,q) where x,y € RY, the Jacobian matrix
is:

Oy1 Oyr
J . an(Xv Q) o 35‘51 ovd
Fy (o, q) = 5L = | .
9yd Oyd
o0z oxg
(43)

Log-Determinant Computing the determinant
directly for high-dimensional matrices is computa-
tionally expensive. We leverage the chain rule for
composed transformations:

log |det Jr, | = Zlog|det Jry]
b=1

(44)

We adopt architectural constraints that ensure
tractable Jacobian computation while maintaining
expressiveness. To avoid numerical instability, we
work directly with the log-determinant:

1 _ .

Ctow = By | 17015 )13 = g det I, i
(45)

The first term encourages the transformed repre-
sentations to have small norms (fitting a standard

Gaussian), while the second term prevents the trans-
formation from collapsing dimensions.

q)|



Table 4: Notation Table

Notation Description

N Number of document pages (also number of experts in decoder)
1j Representation of the j-th page
I; The j-th page of the document

Iy, Evidence page

q Question representation

uj Unique semantics of the j-th page

U, Unique semantics of the evidence page

ug’ Unique semantics of the j-th page at the b-th block

ug Initial unique semantics of the j-th page

3? Intrinsic semantics of the j-th page at the b-th block

C?’ Contextual semantics of the j-th page at the b-th block
cg-) Initial contextual semantics of the j-th page

U Set of unique semantics of all pages, U = {u; };VZI

Fu Flow-Based Unique Semantic Mapping
Fy The b-th Flow-Based Block

m Number of stacked Flow-Based Blocks

Sy Intrinsic Semantic Transformation at the b-th block

cy Contextual Semantic Transformation at the b-th block

" Unique Semantic Fusion Transformation at the b-th block

M(-) Multi-head attention mechanism
Fn(-) Feed-forward neural network

sim(-,-)  Cosine similarity function

2j Similarity score between question and unique semantics of page j
k Index of the evidence page
& Set of experts in the decoder, £ = {E1,..., En}
E; The i-th expert in the decoder
h; Output of the i-th expert
hi; Output of the i;-th selected expert (Top-K)

K Number of top experts selected
9(q,ug)  Gating network for computing expert weights
Wi, Normalized weight of the 7;-th selected expert

A Generated answer
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A.2 Proof

A.2.1 Proof of Proposition 1

Proof. We define the semantic space S as the set
of all possible joint representations of a page and
the question. For a fixed question ¢ and any page
i € D, define the mapping ¢, : D — S as

¢q(i) = Encode(, q), (46)

where Encode(-,-) is a deterministic encoding
function that jointly encodes the page and the ques-
tion. It suffices to show that ¢, assigns distinct
semantic representations to distinct pages.

We proceed by contradiction. Suppose there
exist two distinct pages ix, i; € D (k # [) such that
their (question-conditioned) semantics coincide:

up = ¢q(in) = ¢q(ir) = .

Since i # 1, at least one of the following cases
must hold:

47

 Case 1: the page content differs. In particular,
there exists a content element ¢ such that ¢ €
13 but ¢ ¢ 15

» Case 2: the page layout or structure differs;

* Case 3: the position of the page in the docu-
ment differs.

Consider Case 1. Given the question ¢, the ele-
ment c acts as a distinguishing signal. Define the
indicator function
ifceq

) (48)
otherwise.

Then I.(ix) # I.(¢;). Under our basic assumption
that Encode(i, ¢) is information-preserving with
respect to page-specific signals relevant under g, it
cannot map two pages that differ on such a distin-
guishing signal to the same representation. Hence,

bq(ik) # dq(ir),

which contradicts the assumption ug = ;.

For Cases 2 and 3, an analogous argument ap-
plies: differences in layout/structure or in docu-
ment position also constitute distinguishing signals
that must be reflected by an information-preserving
joint encoder, again implying ¢q(ir) # ¢q(ir).
Therefore, the assumption u; = wu; is false, and
we conclude that for any i, # 14, it holds that
Uk 7# uy. O

(49)
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A.2.2 Proof of Proposition 2

Proof. We prove that the restricted mapping ¢4|p :
D — Up is bijective by showing injectivity and
surjectivity.

Injectivity. We need to show that for any
i, € D, if ¢q(lk) = qbq(il), then i, = ¢;. By
Proposition 1, for any two distinct pages we have

Vig # i1, ¢qlin) # ¢qlin)- (50)
Taking the contrapositive yields
Gq(in) = dq(it) = i =14,  (S1)

and thus ¢, p is injective.

Surjectivity. We need to show that for any v €
Up, there exists an ¢ € D such that ¢,(i) = u. By
definition,

Up = {Uj}j‘vﬂ = {¢q(ij)}§v:1-

Hence, for any v € Up, there exists some j €
{1,..., N} such that

(52)

U =1u; = ¢q<'L]) (53)
Let i = i; € D. Then ¢,(i) = u, proving surjec-
tivity.

Since ¢4 p is both injective and surjective, it is
bijective. O

A.2.3 Proof of Proposition 3

Proof. We aim to show that the answer semantics
ug, are contained in the evidence page’s unique
semantics u;«, i.e., I(ugq; uix) = H(ug).

Since the answer a appears on page ¢*, it can be
viewed as information extracted from ¢* under the
guidance of the question g. Formally, we model
the answer as a question-conditioned projection of
the page content:

a=my(i"), (54)
where 7, is an information extraction operator
guided by q.

Let Ug = énc(av Q) = énc(ﬂq(i*)7 Q) denote
the semantic representation of the answer, and
let up = ¢g(i*) Encode(:*, ¢) denote the
question-conditioned unique semantics of the evi-
dence page. By definition,

H(ug) + H(ui=) — H(ug, u).
(55)

I(ug; uix)



Because a = m,(i*) is a deterministic function
of (i*,q), we have

H(a |i*,q) =0. (56)

Moreover, under the assumption that the page se-

mantics u;+ are information-preserving with re-

spect to the answer-relevant signals (i.e., u;+ de-
terministically determines u,), it follows that

H(ug | ui+) = 0. (57)
Using the chain rule of entropy, we obtain
H(uq,ui») = H(u) + H(uq | ug+)

Substituting into the definition of mutual informa-
tion yields

Hug;up) = H(ug) + H(uix) — H(ug, wix)

H(ug) + H(uj+) — H(u;+)
= H(ug).

(59)

Therefore, by the definition of the containment re-
lation T, we conclude that

Ug & Ujx.

(60)

This completes the proof. O

A.3 Additional Experimental Details

A.3.1 Implementation Details

All experiments are conducted on six NVIDIA
GeForce RTX 4090 GPUs using PyTorch 2.7.1.
The detailed training configurations are as follows.

Optimization Settings. We employ the Adam
optimizer with parameters 5; = 0.9, 82 = 0.999,
and ¢ = 1078, The initial learning rate is set to
1.0 x 1074, and the weight decay is 1.0 x 107°. A
cosine annealing schedule is used to dynamically
adjust the learning rate, which decays according to:

1 t
(nmax - nmin) (1 -+ cos (T’ﬂ'>> ,

¢ = Mmin + 5
(61)

where npax = 1.0 x 1074, Nmin = 1.0 X 1076,
t denotes the current epoch, and 7' = 30 is the
total number of training epochs. Gradient clipping
with a maximum norm of 1.0 is applied to stabilize
training.
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Model Architecture. The FUMA architecture
consists of the following components:

* Image Encoder: We adopt the pre-trained
visual model from ColQwen3 (Jaafar et al.,
2025) to encode each document page, pro-
ducing representations of dimension dpode] =
4096.

* Text Encoder: We adopt the first 8 Trans-
former blocks from the language model of
ColQwen3 (Jaafar et al., 2025) to encode ques-
tions and answers, producing representations
of dimension diyodel = 4096.

* Flow-Based Blocks: The number of stacked
Flow-Based Blocks is set to m = 6. Each
block contains multi-head attention with H =
8 heads and feed-forward networks with inter-
mediate dimension d sy = 1024.

* Multi-Expert Decoder: The total number
of experts is set to N = 4, with each expert
having the same architecture as a single Flow-
Based Block. During inference, we select the
top-K = 2 experts based on gating scores.

Training Strategy. The batch size is set to 16
with gradient accumulation over 2 steps, result-
ing in an effective batch size of 32. The model is
trained for up to 30 epochs, and early stopping is
applied based on validation performance: training
is halted if the validation loss does not improve for
5 consecutive epochs. The bijective regularization
weight in the joint loss function is set to v = 0.1.

During training, we adopt mixed-precision com-
putation (BF16) to reduce memory usage and ac-
celerate training.

Hyperparameter Selection. Key hyperparame-
ters were selected through grid search on the val-
idation set. We conducted detailed ablation stud-
ies on the NiM-Benchmark validation set. The
results demonstrate that inappropriate hyperparam-
eter choices can significantly degrade model per-
formance, highlighting the critical importance of
hyperparameter tuning.

Selection of Flow-Based Block Number. Ta-
ble 5 shows the impact of different numbers of
Flow-Based Blocks on model performance. When
m = 4, the model achieves 79.24% EM, 88.53%
F1, and 91.67% ANLS, indicating that insuffi-
cient network depth limits the model’s capacity to
learn complex bijective mappings between pages



and their unique semantics; at m = 6, perfor-
mance reaches the optimal 83.57% EM, 92.79%
F1, and 95.44% ANLS, demonstrating that moder-
ate depth effectively captures fine-grained seman-
tic distinctions while maintaining stable gradient
flow; however, at m = 8, performance decreases
to 82.18% EM, 91.05% F1, and 93.82% ANLS
(drops of 1.39, 1.74, and 1.62 percentage points
respectively), while inference time increases by
35% (from 189ms to 255ms). This indicates that
excessively deep flow-based architectures not only
substantially increase computational cost but also
suffer from overfitting and gradient propagation is-
sues, which degrade the quality of unique semantic
representations. Therefore, we select m = 6 as the
optimal balance between representation capacity
and computational efficiency.

Selection of Expert Number and Top-K. Ta-
ble 6 shows the impact of different combinations
of total expert number N and Top-K selection
on model performance. For each expert number
N € {4,6,8}, we systematically tested all possi-
ble values from K = 1to K = N. The results
reveal clear patterns: (1) When N = 4, EM is only
78.42% for K = 1, reaches the optimal 83.57% at
K = 2 (improvement of 5.15 percentage points),
but declines as K continues to increase, dropping
to 81.29% for K = 3 and further to 79.63% for
K = 4 (using all experts); (2) When N = 6, EM
is 76.85% for K = 1, improves to 81.94% for
K = 2, reaches the peak of 82.47% at K = 3,
but decreases to 81.16% for K = 4 and contin-
ues to decline for K > 5, dropping to 79.15% at
K = 6; (3) When N = 8, performance gradually
improves from K = 1to K = 3 (from 75.32% to
81.83% EM), but continuously declines for K > 4
(dropping to 78.01% EM at K = 8), while infer-
ence time significantly increases (from 158ms to
268ms, a 70% increase). These results indicate
that: (i) using a single expert () = 1) cannot fully
exploit multimodal complementarity, resulting in
5-8 percentage point performance drops across dif-
ferent N values; (ii) more experts are not always
better—while larger expert pools (N = 6, 8) pro-
vide greater capacity, they also introduce training
instability and redundant representations; (iii) se-
lecting too many experts (/K close to or equal to V)
introduces noisy information and dilutes the contri-
bution of truly relevant experts, degrading answer
quality. Overall, the combination (N =4, K = 2)
achieves the best balance between performance
(83.57% EM, 92.79% F1, 95.44% ANLS) and ef-
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ficiency (155ms inference time), ensuring expert
diversity and complementarity while avoiding the
redundancy and computational overhead of exces-
sive experts.

Selection of Bijective Regularization Weight.
Table 7 shows the impact of different bijective reg-
ularization weights on model performance. When
~v = 0.01, the regularization effect is too weak to
enforce sufficient invertibility constraints, result-
ing in substantial performance degradation: EM
drops to 68.34%, F1 to 76.82%, and ANLS to
80.15% (losses of 15.23, 15.97, and 15.29 percent-
age points respectively compared to the optimum).
At this setting, the model tends to collapse into
traditional similarity-based matching, failing to es-
tablish well-separated unique semantic representa-
tions for different pages. At v = 0.1, performance
reaches the optimal 83.57% EM, 92.79% F1, and
95.44% ANLS, effectively balancing bijective in-
vertibility constraints with task-oriented discrimina-
tive learning. At~y = 0.5, performance decreases
to 71.48% EM, 80.26% F1, and 83.67% ANLS
(losses of 12.09, 12.53, and 11.77 percentage points
respectively), indicating that over-regularization be-
gins to constrain the model’s expressiveness. At
~v = 1.0, performance further plummets to 63.91%
EM, 72.15% F1, and 75.89% ANLS (losses of
19.66, 20.64, and 19.55 percentage points respec-
tively), demonstrating that excessive regularization
severely restricts the model’s capacity to learn dis-
criminative unique semantics, as the training pro-
cess becomes dominated by invertibility constraints
rather than evidence localization objectives. The
clear inverted-U pattern across all metrics confirms
that v = 0.1 represents the optimal operating point,
where bijective regularization effectively prevents
representation collapse while preserving sufficient
flexibility for task-specific semantic learning.

A.3.2 Dataset Details

We evaluate FUMA on four benchmark datasets
covering diverse document types and varying levels
of complexity.

(1) NiM-Benchmark This dataset consists of
2,970 document page images and 1,180 ques-
tion—answer pairs, spanning various document
types including academic papers, newspapers,
menus, and lecture slides. It is split into 70% for
training, 15% for validation, and 15% for testing.
Each document contains an average of 2.5 pages,
where questions require understanding both tex-



Table 5: Impact of the number of Flow-Based Blocks on model performance. Results on the NiM-Benchmark
validation set.

m EM (%) F1(%) ANLS (%) Inference Time (ms)

4 79.24 88.53 91.67 145
6 83.57 92.79 95.44 189
8 82.18 91.05 93.82 255

Table 6: Impact of different combinations of total expert number N and Top-K selection on model performance.
Results on the NiM-Benchmark validation set.

N K EM (%) F1(%) ANLS (%) Inference Time (ms)

4 1 78.42 87.16 90.28 142
4 2 83.57 92.79 95.44 155
4 3 81.29 90.45 93.17 172
4 4 79.63 88.82 91.56 185
6 1 76.85 85.73 88.94 152
6 2 81.94 90.68 93.51 165
6 3 82.47 91.23 94.05 189
6 4 81.16 89.91 92.68 218
6 5 80.28 89.04 91.82 241
6 6 79.15 87.95 90.73 258
8 1 75.32 84.28 87.56 158
8 2 80.71 89.45 92.18 178
8 3 81.83 90.52 93.34 230
8 4 81.45 90.12 92.89 250
8 5 80.67 89.38 92.15 262
8 6 79.82 88.54 91.28 265
8 7 78.94 87.69 90.42 267
& 8 78.01 86.82 89.54 268

Table 7: Impact of bijective regularization weight on model performance. Results on the NiM-Benchmark validation
set.

v EM (%) F1(%) ANLS (%)

001 68.34 76.82 80.15
0.1 83.57 92.79 95.44
0.5 71.48 80.26 83.67
1.0 63.91 72.15 75.89
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tual content and visual elements such as tables and
figures.

(2) DUDE The Document Understanding Dataset
(DUDE) comprises 25,747 question—answer pairs
from 2,311 documents across five domains: scien-
tific articles, financial reports, government tenders,
medical forms, and legal contracts. Each document
has an average of 11.2 pages (ranging from 1 to
146). Due to its domain diversity and the need
for cross-page information retrieval, DUDE poses
significant challenges. We follow the official split:
80% training, 10% validation, and 10% testing.

(3) MMLongBench-Doc This benchmark fo-
cuses on long documents with an average length of
49.4 pages. It includes 1,062 documents and 4,985
question—answer pairs, designed for documents
containing extensive text, complex charts, graphs,
and schematic illustrations. The documents are col-
lected from academic papers, technical reports, and
manuals. MMLongBench-Doc challenges models
to handle extremely long contexts and maintain
semantic consistency across distant pages. The
provided split is used: 70% for training, 15% for
validation, and 15% for testing.

(4) DocVQA The Document Visual Question An-
swering (DocVQA) dataset contains 12,767 docu-
ment images and 50,000 questions, sourced from
the UCSF Industry Document Library. It includes
real-world documents such as letters, forms, in-
voices, advertisements, and reports. Unlike multi-
page datasets, DocVQA focuses on single-page
understanding but requires fine-grained visual rea-
soning. We follow the standard split: 10,194 train-
ing images with 39,463 questions, 1,286 validation
images with 5,349 questions, and 1,287 test images
with 5,188 questions.

A.3.3 Baseline Methods

We compare FUMA with the following state-of-
the-art models:

* HiVTS: A hierarchical vision—text model that
processes documents in a coarse-to-fine man-
ner, first identifying relevant regions and then
extracting detailed information.

e LayoutLMv3: A pre-trained multimodal
Transformer for document understanding that
jointly models text, layout, and visual infor-
mation within a unified architecture.
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* DocFormer: An end-to-end Transformer
model for document analysis that integrates
spatial embeddings and multimodal fusion for
comprehensive understanding.

* GRAM: A graph-based reasoning model that
constructs document graphs to capture struc-
tural relationships and performs multi-hop rea-
soning for question answering.

* MP-FIRE: A recent multi-page document
VQA framework that leverages a retrieval-
augmented design and cross-page attention
mechanisms.

For fair comparison, all baseline methods are
trained under the same optimization settings on
each dataset.

A.3.4 Evaluation Metrics

We adopt three standard metrics to comprehen-
sively evaluate model performance.

Exact Match (EM). EM measures the percent-
age of predictions that exactly match the ground-
truth answers, defined as:

12

EM = é' > Tfpred, = gt], (62)
=1

where Q is the set of questions, pred; is the pre-
dicted answer, gt; is the ground truth, and I[-] de-
notes the indicator function. EM is a strict metric
that rewards only exact matches.

F1 Score. F1 computes the harmonic mean of
token-level precision and recall:

dN gt
Precision = M, (63)
|pred|
dN gt
Recall = M, (64)
|gt]
Fl 9 Precision - Recall 65)

" Precision + Recall’

where |-| denotes the number of tokens. F1 provides
a softer evaluation that rewards partial matches
between predictions and ground truths.

Average Normalized Levenshtein Similarity
(ANLS). ANLS evaluates similarity based on



edit distance and is more robust to minor varia-
tions:

L
NLS(s1, 59) = 1 — —=eV(s1:52) (66)
max(|s1], |s2])
| L@
ANLS = — max NLS(pred,, gt; ),
Q‘; : (pred;, gt; ;)
(67)

where Lev(-, -) denotes the Levenshtein distance.
When multiple reference answers are available, the
maximum similarity is taken. ANLS ranges from
0 to 1, with higher values indicating better perfor-
mance.
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