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Abstract

Document understanding requires modeling
both structural and semantic relationships be-
tween the layout elements within the document,
with human-perceived reading order (RO) play-
ing a crucial yet often neglected role compared
to heuristic OCR sequences used by most ex-
isting models. Previous approaches depend on
costly, inconsistent human annotations, limit-
ing scalability and generalization. To bridge the
gap, we propose a cost-effective paradigm that
leverages large language models (LLMs) to in-
fer global RO and inter-element layout relations
without human supervision. By explicitly incor-
porating RO as structural guidance, our method
captures hierarchical, document-level depen-
dencies beyond local adjacency. Experiments
on Semantic Entity Recognition, Entity Link-
ing, and Document Question Answering show
consistent improvements over baseline meth-
ods. Notably, LLM-inferred RO, even when dif-
fering from ground-truth adjacency, provides
richer global structural priors and yields supe-
rior downstream performance. These results
and findings demonstrate the scalability and
significance of RO-aware modeling, advancing
both LLMs and lightweight layout-aware mod-
els for robust document understanding. Code,
data, and more details will be made publicly
available after corporate review, in accordance
with SAP’s corporate open-source policy.

1 Introduction

Understanding document layouts is essential for
modern document intelligence systems, power-
ing applications such as Semantic Entity Recog-
nition (Perot et al., 2024; Lamott et al., 2024,
Mao et al., 2024), Entity Linking (Fan et al., 2024;
Huang et al., 2021; Yao et al., 2019; Zhou et al.,
2021), and Document Question Answering (Wang
et al., 2023b; Mathew et al., 2021). While recent
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Figure 1: Comparison of three paradigms for modeling
reading order. Our end-to-end, unsupervised approach
(iii) eliminates costly human supervision while deliver-
ing stronger, structure-aware performance.

efforts have been dedicated to incorporating doc-
ument layout structures, including explicitly en-
coding spatial information through bounding box
coordinates (Lu et al., 2024; Perot et al., 2024; Kim
et al., 2023) and implicitly modeling positions of
layout elements (Wang et al., 2024; Luo et al., 2024;
Liao et al., 2024), most models still rely on OCR-
based token sequences (Gu et al., 2022). These
sequences often reflect engine-specific or heuris-
tic ordering rather than the natural reading flow
perceived by humans.

Despite advances in layout-aware modeling, a
key aspect of human document comprehension re-
mains underexplored: the reading order (RO). RO
reflects the natural sequence in which textual el-
ements are processed, serving as a crucial bridge
between spatial layout and semantic understanding.
By encoding document flow and structural hierar-
chy, RO plays a vital role in capturing inter-element
semantic relationships (Zhang et al., 2023; Wang
et al., 2025). However, existing methods typically

4110

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 1: Long Papers, pages 4110-4130
March 24-29, 2026 ©2026 Association for Computational Linguistics



treat the OCR-based token sequence as fixed in-
put and rarely reason about global RO relations,
limiting their ability to model document-level de-
pendencies that humans naturally perceive.

Recent efforts have attempted to explicitly
model RO by introducing human-annotated super-
vision (Zhang et al., 2024a). As shown in Fig-
ure 1 (ii), these annotations are commonly used to
construct or prune document RO relations for de-
veloping downstream RO-aware language models.
While this two-stage paradigm has demonstrated
strong in-domain performance, it suffers from prac-
tical limitations. Human annotations are costly
and time-consuming to produce, often exhibit in-
consistency, and fail to generalize across diverse
layouts and tasks (Sylolypavan et al., 2023; Wu
et al., 2024). Our analysis in Section 5 further re-
veals that human-annotated RO relations are often
biased toward local adjacency, neglecting broader
document-level semantics. These limitations high-
light the need for a more scalable and generalizable
solution to RO modeling.

To address these limitations, we propose a novel
paradigm that integrates RO as a natural struc-
tural prior directly into layout-aware document
models (Figure 1, iii). Rather than relying on
manual annotations or positional heuristics, we
leverage large language models (LLMs) to in-
fer global RO and inter-element layout relations.
These inferred RO signals are incorporated into
strong document understanding backbones, such
as LayoutLMv3 (Huang et al., 2022) and GeoLay-
outLM (Luo et al., 2023), via a lightweight RO-
aware attention—requiring no architectural modifi-
cations. This approach enables a model-agnostic,
scalable, and cost-effective solution: inferring RO
relations for 6,000 pages requires only 0.7 GPU-
hours (replacing 25 hours of human annotation)
and adds less than 0.5 ms per instance after caching,
with under 1% parameter overhead.

Comprehensive evaluation across Semantic En-
tity Recognition (SER), Entity Linking (EL), and
generative document Question Answering (QA)
tasks demonstrates the effectiveness of our ap-
proach. LLM-inferred RO relations significantly
enhance EL performance and yield consistent gains
on SER tasks across diverse types of documents.
Notably, our method outperforms models trained
on ground-truth RO signals, which are constrained
by adjacency-based annotations. Although LLM-
inferred RO aligns less closely with these ground-
truth labels, it captures richer, document-level struc-

tural relationships that lead to superior downstream
results. This counterintuitive finding exposes a key
limitation of current evaluation metrics: optimizing
for local adjacency does not necessarily improve
document understanding. Our results underscore
the importance of modeling global dependencies
for robust and generalizable document analysis.
For generative QA tasks, integration of RO rela-
tions into prompts enables GPT-40 to achieve im-
proved results on DocVQA and InfoVQA bench-
marks, further highlighting the value of global RO-
awareness. Our main contributions are:

* We identify fundamental limitations in exist-
ing document structure modeling approaches
and introduce reading order as an explicit sig-
nal to better capture document organization.

* We leverage LLMs to infer global reading or-
der without supervision, developing a simple
yet effective RO-aware attention module that
integrates this information into both LLM-
based or lightweight layout-aware models.

* We conduct extensive experiments across di-
verse document understanding tasks, demon-
strating significant improvements over base-
lines for both LLMs and lightweight models.

2 Related Work

Layout-aware Document Understanding has
increasingly focused on incorporating layout in-
formation to capture the spatial structure. Early
methods (Xu et al., 2021; Katti et al., 2018) embed
2D positional coordinates alongside text to model
spatial relationships. More recent methods (Huang
et al., 2022; Yu et al., 2023) further enable OCR-
free document understanding (Tang et al., 2023)
by incorporating visual features using masked lan-
guage modeling across image and text. To model
inter-entity structure, relation-aware methods con-
struct layout graphs with tokens or fields as nodes.
BROs (Hong et al., 2022) encodes pairwise box re-
lations with relation heads, while DHFormer (Xing
et al., 2024) introduces hierarchical decoding to
fuse local and global layout dependencies. Zhang
et al. (2023) extends this by using supervised read-
ing order graphs as generation priors. However,
these methods rely on manually labeled layout rela-
tions, which can be expensive and domain-specific,
thereby limiting scalability.

LLM-based Document Understanding has
increasingly been framed as a generative or
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instruction-following problem. DocLLM (Wang
et al., 2024), UniDoc (Feng et al., 2023), and
LMDX (Perot et al., 2024) demonstrate that LLMs
can extract entities, classify documents, and answer
questions via prompt-based supervision. These
approaches typically serialize documents as flat
text using coordinate-sorted reading order (Wang
et al., 2023b), often losing spatial nuances. To
remedy this, layout-aware LLM prompting tech-
niques have emerged, including CoT-style reason-
ing with spatial indicators (Lamott et al., 2024;
Liao et al., 2024), and box-token augmentation (Lu
et al., 2024). Nonetheless, these prompt-only meth-
ods suffer from long sequence lengths and require
significant prompt engineering. Unified models
like InstructDoc (Tanaka et al., 2024) and Lay-
TextLLM (Lu et al., 2024) embed spatial-textual
signals into hidden states, bridging layout and se-
mantics more effectively. In this work, we exploit
LLMs for inferring relational RO priors and seam-
lessly integrate them into diverse architectures, en-
abling comprehensive document comprehension.

3 Approach

Image

Gock vt

] RO-aware
LM
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Figure 2: Illustration of our end-to-end proposed
paradigm. Given a document image, OCR text, and their
bounding boxes, it then uses an LLM to infer global RO
relations. The inferred RO is integrated into a layout-
aware model to enhance document understanding.

We propose a unified framework that explicitly
models document reading order as a structural prior
to enhance general document understanding. As il-
lustrated in Figure 2, our approach first employs an
LLM-based reading order prediction (ROP) model
to extract global-aware RO relations. Then, an RO-
aware model integrates these RO relations for en-
hanced document comprehension, supporting both
LLM-based and lightweight backbone models.

We detail our approach in the following sec-
tion, beginning with the formal ROP task definition

in Section 3.1, followed by our ROP models in Sec-
tion 3.2, and discussing our RO-aware document
understanding framework in Section 3.3.

3.1 Task Formulation

LetD = {D;,Dy,...,D,} be a set of documents
that includes the modalities of image and Optical
Character Recognition (OCR). For each document
D;, it associates with a collection of layout ele-
ments D; = {(d;, bboxj)}‘jzi{, where d; denotes
the j-th layout element and bbox j represents its cor-
responding bounding box. Specifically, bbox; =
(9,49, ], y; ), where the coordinates («, ) and
(x}, y]l) indicate the bottom-left and top-right ver-
tices of d;’s bounding box, respectively. And the
j-th layout element d; = {ocr;, p;}, where ocr;
indicates the textual information extracted by an
OCR engine and p; = (d;, di;) denotes the direct
relationship link from d; to d;, V j < k < |D;].
Formally, layout modeling is defined as a docu-
ment reading order prediction to recognize all the
reading order relation pairs within the document.

3.2 Reading Order Prediction (ROP)

Baseline ROP Models. We adapt a neural global
pointer (Su et al., 2022) as a baseline method,
which is widely used in relation extraction tasks in
NLP (Wang et al., 2022). For a document D with
N layout elements D = {(d;, bboz;)}I¥.,, let L be
the ground truth label of reading order relation,
where (d;, d;) € L indicates that the j-th layout el-
ement is an immediate successor of the i-th layout
element. The tokenized OCR within layout el-

ements Tp = (H,..., 67, . th, .. %)
and corresponding bounding box Bp =
(bboxl, ..., bbox}t,. .. bboxl, ... bbox M)

are then fed to a transformer-based (Vaswani et al.,
2017) encoder fy to obtain the layout-aware text
embeddings with average pooling:

h%,...,h?[N = fo(Tp;Bp) )
h; = AveragePool(h}, ..., k")

where h; is the representation of the i-th layout
element. Then the layout embedding h; are fed
into the global pointer network for relation extrac-
tion (Zhang et al., 2024a):

qi = thz + bq
kj = Wih; +by 2)
sij = ai k

where W, ;. and b, ;. are learnable parameters; s;;
is the predicted score of (7, j) € £. Model weights
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---Task Start---
You are an experienced documentation analyst, please follow a set of
specified instructions for a specific documentation:

Task |

! —Instructions Start--- I
1 (1) Carefully review the extracted layout elements from the given document :
: (2) Rethink the ordering and relationship among these layout elements 1
| ~=-Instructions End--- :
: ---Document Layout Element Start--- |
1 {layout_elements} :

1

|| Instruction

[---Document Layout Element End---

:Summarize the most important reading relation for the given document :
:elements, give numerical index only. The output format is a closed list of |
| [[parent layout element index number, child layout element index :
1
1

Action

! number],...] without repetition, which contains no repeated pairs. Please
|__|ino comment and limit the number of pairs to be less than 256 pairs.

Figure 3: Example of our text-only prompt that is fed
into LLMs to generate reading relations of a given docu-
ment, denoted as LLM-text prompt. While the document
image is attached to further improve the contextual rep-
resentation, namely LLM-multimodal prompt.

are optimized by a class-imbalance loss (Su et al.,
2022). During inference, the model identifies read-
ing order relation pairs by filtering the predictions
with a threshold:

L= {(i,j)|sij > 0} 3)

where £ is the set of predicted reading order re-
lation pairs. The baseline approach demonstrates
its efficacy in recognizing the reading order of in-
domain documents. However, documents always
comprise rich and diverse reading patterns, which
significantly impair the performance of the ROP
models. Furthermore, existing ROP models over-
rely on human-annotated features of reading orders
rather than identifying semantic correlations be-
tween layout elements (Wang et al., 2023a; Xing
et al., 2024), leading to suboptimal generalization
capabilities to out-of-domain examples.

LLM-based ROP Model. Since recent advanced
LLM:s are often pre-trained with multimodal knowl-
edge, and fine-tuned to follow natural instructions,
these models can understand unseen document lay-
outs (Hu et al., 2024; Hegde et al., 2023). There-
fore, to bridge the limitations of conventional ROP
methods, we propose to condition an LLM gy to
extract a set of RO relation pairs L4, on the given
document D:

‘ng = 3go (Da 73) (4)

where P is the instruction prompt. As illustrated
in Figure 3, we first index the layout element within
the document. Each prompt specifies the textual
content of the layout elements with their corre-
sponding boxes. For multimodal LLM, we explic-
itly introduce the visual information from the docu-
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Figure 4: Illustration of RO matrices. The local RO ma-
trix (green) captures direct succession between adjacent
layout elements, while the global RO matrix (purple)
models document-level RO awareness. We integrate
both into RO-aware attention to enhance lightweight
models for document understanding (see Section 3.3).

ment image. Compared to conventional ROP mod-
els that depend on annotated RO labels, our method
leverages LLMSs’ instruction-following ability to in-
fer RO relations conditioned on layout content and
spatial context. This enables zero-shot generaliza-
tion to unseen layouts while reducing dependence
on handcrafted features.

3.3 RO-aware Document Understanding

While conventional ROP models excel at captur-
ing local, adjacent layout relationships, they often
overlook semantic connections that span across
distant document layout elements. These global-
aware RO relationships, such as the logical con-
nections between questions and their correspond-
ing answers across multiple document regions, or
the semantic alignment between headers and their
associated content blocks distributed throughout
the document, are fundamental to comprehensive
document understanding yet remain largely unad-
dressed by current approaches. Our detailed case
studies presented in Section A.4 highlight that an
exclusive focus on local RO relations often leads to
suboptimal document comprehension capabilities.

To address these limitations, we propose an end-
to-end RO-aware framework that integrates our
LLM-based ROP model to generate enhanced RO
relations, enabling the capture of both local spatial
layout patterns and broader document-wide seman-
tic relations, thereby providing a robust foundation
for accurate document comprehension.

RO-aware Attention for Lightweight Models.
As illustrated in Figure 4, we represent local and
global RO signals as binary matrices « and /3, re-
spectively. We introduce a lightweight RO-aware
attention mechanism that incorporates these matri-
ces directly into the attention computation. Specifi-
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cally, we modify the attention weights as follows:

Tixa+(1-x
attn = softmax (<QK + \/dik(l )ﬁ> A\
(5)

where Q, K, V are the query, key, and value vectors,
respectively; dy; is the dimension of the query and
key vectors; A is a learnable scalar as the weight of
RO relation matrix .

RO-aware Instruction for LLM. To enable
LLMs to effectively utilize document structure,
we explicitly inject RO relations into instruction
prompts. Concretely, our method begins by pro-
cessing a set of indexed layout elements within
the document through our LLM-based ROP model,
which generates directional reading links £, be-
tween layout elements. These RO relations are
then serialized into the prompt as concise natu-
ral language tuples (e.g., “Element 3 is followed
by Element 77), and strategically positioned be-
fore the main task instruction in the prompt. For
multimodal LLMs, we maintain spatial context by
incorporating both the document image and precise
bounding box coordinates.

Extensive experimental results demonstrate that
our paradigm improves downstream document un-
derstanding tasks by a huge margin, showing re-
markable performance gains as well as robustness
in both lightweight and LLM-based RO-aware doc-
ument understanding.

4 Experimental Setup

4.1 Dataset

In this paper, we mainly focus on document under-
standing tasks, including Semantic Entity Recog-
nition (SER), Entity Linking (EL), and generative
document Question Answering (QA). We choose
ROOR (Zhang et al., 2024a) to train a baseline ROP
model, containing 10,967 expert-level annotated
RO linking pairs. For SER, we choose ROOR, EC-
FUNSD (Zhang et al., 2024b) and CORD (Park
et al., 2019) for evaluation, which are widely used
SER benchmarks. For EL task, we have employed
ROOR and EC-FUNSD for evaluation. For QA
task, we leverage the test sets of DocVQA (Mathew
et al., 2021) and InfoVQA (Mathew et al., 2022)
for evaluation, which are two challenging and pop-
ular document QA benchmarks. The details of all
datasets are shown in Section A.1.

4.2 Baselines and Implementation Details

We evaluate our method on two categories with
different model sizes and capabilities. For foun-
dational LLMs, as discussed in Section 3.2, we
leverage open-weights and closed-sources pro-
prietary LLMs, including Gemma-2-9B-Instruct
and Gemma-2-27B-Instruct (Riviere et al., 2024),
Mistral-Nemo-Instruct!, Mistral-Large-Instruct?,
Gemini-1.0 (Anil et al.,, 2023), Gemini-1.5:
Google GCP VertexAl gemini-1.5-pro (v1) (Anil
et al., 2023), Claude-3.5-Sonnet: AWS Bedrock
anthropic—claude-3.5-sonnet (v1 )3, GPT-40: Ope-
nAl gpt-40-2024-05-13 (Hurst et al., 2024) and
GPT-4V (Zhao et al., 2024), where they are
prompted to extract RO information from a given
document. Specifically, we use GPT-40 for eval-
uating QA tasks. To ensure a fair comparison,
all LLMs were configured with identical decod-
ing parameters, including a maximum token limit
of 4,096. We maintained deterministic outputs by
setting the temperature to 0 and utilizing a consis-
tent seed across both the LLMs and the lightweight
models.

For lightweight RO-aware Models, as discussed
in Section 3.3, we consider LayoutLMv3 (Huang
et al., 2022) and GeoLayoutLLM (Luo et al., 2023)
for SER and EL tasks via direct fine-tuning. The
implementation details can be found in Section A.2.

4.3 Evaluation Metrics

To evaluate the performance of various models for
the task of SER, ROP, and EL, we apply F1 score
as our primary evaluation metric, following the
methodology of ROOR (Zhang et al., 2024a). Fol-
lowing the common practice, we use the Average
Normalized Levenshtein Similarity (ANLS) and
Exact Match (EM) accuracy for QA tasks (Biten
etal., 2019; Mathew et al., 2021). ANLS is a looser
metric to evaluate the closeness of a generated an-
swer to the expected answer, while EM is a stricter
metric requiring the prediction to be identical to
the ground truth.

S Experimental Results and Analysis

5.1 Results on Information Extraction

We first evaluate the accuracy of various ROP
models in capturing reading order structures. As
shown in Table 1, the baseline LayoutLMv3 shows

"https://mistral.ai/news/mistral-nem
*https://mistral.ai/news/mistral-large
3https://www.anthropic.com/news/claude-3-3-sonnet
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Method Word-level Segment-level
LR (Wang et al., 2021) - 9.44
TPP (Zhang et al., 2023) - 42.96
LayoutLMv3-baset 88.77 67.97
LayoutLMv3-larget 94.14 80.49
GPT-40-text 80.85 30.25
GPT-40-multimodal 79.23 27.47
Human (Zhang et al., 2024a) - 99.28

Table 1: F1 results on RO relation prediction. Human
performance indicates the annotation consistency be-
tween two annotators. 1 denotes our reproduced results.

Method Avg. RO-D # Avg. RO-L
Document Document Element

GT 11.84 55.11 1.09
ROP-prediction (RORE) 11.90 51.51 1.11
GPT-4o-text 14.66 42.55 6.14
GPT-40-multimodal 15.14 45.29 4.45
Gemini-1.5-pro-multimodal 13.88 35.75 5.65
Calude-3.5-sonnet-multimodal 13.90 36.07 2.60

Table 2: Statistics of RO distances (RO-D) and link den-
sity (RO-L). The average distance between connected
layout elements (Avg. RO-D) was calculated at the doc-
ument level. For RO links (# Avg. RO-L), we evaluate
two scales: the document-level, representing the total
RO links per document; and the element-level, repre-
senting the average number of links originating from an
individual layout element. Full RO statics are provided
in Table 9.

strong performance in modeling local, immediate-
succession RO relations. GPT-40 achieves an im-
pressive F1 score of 80.85% at the word level using
only textual layout information, validating its capa-
bility in capturing localized RO links. However, at
the segment level, its F1 score drops to 30.25%,
suggesting a distinct global reading preference.
While deviating from human annotations, it reflects
a more comprehensive capture of document-wide
semantic flow rather than simple adjacency-based
ordering, which provides meaningful implications
for downstream document understanding tasks. Ta-
ble 2 indicates that LLM-inferred ROs prioritize
global structural relationships.

To thoroughly assess the downstream impact
of these RO representations, we conduct exten-
sive experiments comparing four configurations:
1) Base, with no RO supervision; 2) RORE, which
uses RO relations predicted by a fine-tuned Lay-
outLMv3 model; 3) RO(GT), which leverages
ground-truth RO annotations; and 4) RO(GPT),
which uses RO relations inferred by GPT-40. Our
results, illustrated in Figure 5, demonstrate that
RO(GPT) significantly outperforms other config-

LayoutLMv3 Variants GeolLayoutLM Variants
85.0 .00 88.0

85.
84.5 84.75 87.5
84.50
_. 84.0 1 — 87.0
g g 84.25 s
o 8351 3 o 84.00 | 86.5 —
0 3 & 83.75 @
" g3.0 " 83 I 86.0
3 83.50
82.5 1 | 83.25 | 85.5
82.0 - L 83.00 L 85.0
825¢ RORE, o(GTY (P 8252 RORE, (6T} (6P

Figure 5: Performance comparison on the ROOR
dataset. SER is shown as bars, and EL as lines. Each
subplot corresponds to a model backbone (LayoutLMv3
or GeoLayoutLM), with enhanced variants demonstrat-
ing consistent improvements across both tasks.

Method EC-FUNSD CORD
SER EL SER
LayoutLMv3-large 82.88 78.66  96.82
+ RORE 83.46 7870  96.79
+ RO(GT) 84.08 78.94 -
+ RO(GPT) 84.33 79.72  97.04
GeoLayoutLM 83.14 8551 9645
+ RORE 83.68 86.45  96.89
+ RO(GT) 83.46 86.71 -
+ RO(GPT) 83.72 8745 97.34

Table 3: Document understanding results on EC-
FUNSD and CORD. RO supervision improves both
SER and EL performance, with GPT-4o-inferred RO
achieving the best overall F1 results across models.

urations with the highest F1 scores, particularly
in the EL task, where it surpasses RO(GT) by a
substantial margin—highlighting the effectiveness
of LLM-inferred RO priors. While RO(GT) shows
occasional performance degradation in SER tasks,
likely due to annotation inconsistencies or overfit-
ting to adjacency-based RO relations. In contrast,
RO(GPT) implies consistent improvements across
both LayoutLMv3 and GeoLayoutLLM backbones.

Further evaluations on EC-FUNSD and CORD
are presented in Table 3, revealing robust gener-
alization capabilities of our approach in diverse
document domains. Incorporating GPT-4o-inferred
RO relations into lightweight models via RO-aware
attention consistently improves document under-
standing performance, achieving their best results.
These results confirm that modeling global RO rela-
tions significantly enhances document understand-
ing capabilities across diverse domains.

5.2 Results on Generative Document QA

To comprehensively evaluate the effectiveness of
our LLM-based RO-aware document understand-
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Method DocVQA InfoVQA
LayoutLMv3-baset (Zhang et al., 2024a) 69.13 22.62
RORE-LayoutLMv3-base (Zhang et al., 2024a) 73.53 29.20
LayoutLMv2-base (Xu et al., 2021) 78.08 -
LayoutLMv3-base (Huang et al., 2022) 78.76 -
LayoutLMv3-large (Huang et al., 2022) 83.37 45.10
LayoutLMv2-large (Xu et al., 2021) 83.48 -
TILT-large* (Powalski et al., 2021) 87.05 61.20
UDOP* (Tang et al., 2023) 87.80 63.00
DocFormerv2-large* (Appalaraju et al., 2024) 87.84 48.80
PaLI-3* (Chen et al., 2023) 88.60 62.40
GPT-4o-text 80.35 50.83
+ RORE 81.36 52.70
+ RO(GPT-40) 81.68 53.27
GPT-40-multimodal 91.89 76.30
+RORE 92.53 76.61
+ RO(GPT-40) 92.77 77.15
Human (Mathew et al., 2021) 98.10 -

Table 4: Evaluation ANLS results on the test set of
DocVQA and InfoVQA, * indicates training with ad-
ditional VQA data. Baseline results are obtained from
their original paper, where LayoutLMv3-baset is the
reproduced result by Zhang et al. (2024a).

ing paradigm, we extend our experiments to en-
compass a broader range of generative document
QA tasks. The results are presented in Table 4,
demonstrating the versatility and robustness of our
approach. Specifically, our methodology incor-
porates generated RO relations directly into the
prompt (refer Section A.3 for more details), in-
structing GPT-40 to synthesize answers for both
DocVQA and InfoVQA tasks in an end-to-end man-
ner. From the table, we can conclude that our
proposed paradigm demonstrates exceptional ef-
fectiveness in enhancing generative document QA
tasks, achieving enhanced generative document QA
performance against baseline approaches. The in-
tegration of RO relations serves as an informative
auxiliary feature, enabling our LLM-based back-
bones to assess global-aware reading patterns, bet-
ter capture document-level context and relation-
ships, and generate more accurate and contextually
relevant answers. The results suggest a novel and
promising direction towards achieving human-level
document understanding capabilities, bridging the
gap between machine and human comprehension
of complex documents.

Ablation Study. To rigorously validate the con-
tribution of each component in our system, we
conducted a comprehensive ablation study, shown
in Table 5. The study systematically examines three
key components: 1) RO information integration; 2)
textual document layout information incorporation;
3) visual document information utilization. Our ab-

SORPETITIVE ACTINITIES K PROMOTIONS I
REEGRTED &r: Kiein, Reglonal Sales Hanager, Cleveland, O]
:smret: [ myvgian Clgarette Co., Mentor, on |

BAKUF ACTURERS « [ o

J. REYNOLDS AND PHILIP MORRIS |

.« Achev

- Blacaia
. Rvam

- Bachlian

. Harrow

(a)

CERPETITIVE ALTINITIES ANG PROROTIONS

PECTAL FROWOTIONE ON NARLBORD AND

TRREATDGE CLCARETTE

B\, Jomes

B, Buffala

s, € R Harros

(b)

Figure 6: (a): human annotated RO (ground-truth label),
capturing local RO dependency between adjacent layout
elements. (b): LLM-inferred RO, capturing global RO
relations across layout elements.

lation analysis reveals several insights. The optimal
configuration is consistently achieved when com-
bining all three components. The results demon-
strate that these components work synergistically,
with each component contributing uniquely to the
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Method DocVQA InfoVQA
ANLS EM ANLS EM
GPT-40+RO 92.77 79.64 77.15 43.63
w/o RO 92.53 7844 76.61 42.56
w/o RO, text 91.89 7395 76.30 39.98
w/o RO, image  80.35 62.59 50.83 23.89

Table 5: Ablation results of document generative VQA.

overall performance. All experimental results and
findings collectively validate that our proposed un-
supervised end-to-end LL.M-based paradigm is a
simple yet effective method for enhancing docu-
ment understanding capabilities, particularly in a
challenging context of generative QA tasks. The
results demonstrate the practical applicability of
our proposed paradigm in real-world document
processing scenarios, with self-generated RO re-
lations.

Case Study. We provide a detailed case study to
demonstrate the advantage of our proposed LLM-
inferred RO relations compared to the human-
annotated RO signals in Figure 6. It demon-
strates the practical benefits and real-world impli-
cations of our proposed approach, revealing im-
proved capability in recognizing document RO re-
lations in global layout comprehension. For de-
tailed examples and additional analysis, please re-
fer to Section A.4, which provides comprehensive
evidence of our model’s enhanced capabilities in
handling challenging generative document VQA
tasks through improved global layout awareness.

5.3 Further Analysis

Effectiveness of RO-aware Attention. To ex-
amine how RO information contributes to docu-
ment modeling at the architectural level, we inves-
tigate two attention variants for integrating local
and global RO relations into lightweight models.
As shown in Table 6, the combined use of local
and global RO signals yields the best performance,
confirming their complementary roles in enhancing
layout-sensitive attention mechanisms.

LLM-based RO Generation Analysis. We eval-
uate the quality of the RO predictions in vari-
ous LL.Ms, ranging from open-weights to closed-
sources proprietary LLMs, under both text-only
and multimodal configurations. As evidenced
in Table 7, the predicted RO relationships of
GPT-40 consistently demonstrate superior perfor-
mance in downstream SER and EL tasks across

all three backbone models (LayoutLMv3-base,
LayoutLMv3-large, GeoLayoutLLM-large), validat-
ing its robust capability to infer semantically cor-
related and layout-aware reading order structures
without task-specific fine-tuning. Notably, we ob-
serve that GPT-40’s text-only variant achieves re-
markable results, suggesting that LLMs can ef-
fectively generalize beyond human heuristics to
provide more consistent and semantically aligned
reading paths than traditional ground truth annota-
tions. While GPT-40’s multimodal variant further
strengthens these findings, demonstrating that the
integration of visual and textual cues significantly
enhances reading order prediction quality, particu-
larly in documents with complex structural layouts.

RO-aware Document Representation. To eval-
uate the impact of RO information on document
representations, we reformulate DocVQA and In-
foVQA as retrieval tasks, measuring the relevance
between document-question pairs. We leverage
GPT-40 to generate RO pairs for both tasks, with a
LayoutLMv3-base trained ROP model serving as a
baseline for comparison. The evaluation method-
ology involves reordering document tokens ac-
cording to the predicted RO and processing them
through OpenAlI text-embedding-3-small 4 to ob-
tain unified document embeddings, while question
embeddings are generated through the same model.
This approach allows us to quantitatively assess
the effectiveness of different RO strategies through
average cosine similarity scores between document
and question embeddings, providing a direct mea-
sure of semantic alignment.

The experimental results, presented in Table 8,
demonstrate the superior performance of our GPT-
4o0-based RO approach in enhancing document-
question alignment. Specifically, our method
achieves significant improvements in average co-
sine similarity scores, showing increases of 0.60%
on DocVQA and 2.73% on InfoVQA compared
to baseline RO relations. These improvements are
particularly pronounced in text-extraction-focused
tasks like DocVQA, where accurate RO is crucial
for comprehension. In contrast, InfoVQA shows a
slight decrease in average cosine similarity (47.74%
— 46.53%), this observation aligns with the task’s
inherent characteristics, as InfoVQA heavily em-
phasizes reasoning (22%) and counting capabilities

*https://platform.openai.com/docs/models/text-
embedding-3-small
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Relation Order Generation Method LayoutLMv3-base

LayoutLMv3-large

GeoLayoutLM-large

Local Attn Local+Global Attn Local Attn Local+Global Attn Local Attn Local+Global Attn

Human Annotation 64.34 63.54v
ROP-prediction (RORE) 63.78 63.96A
Gemma-2-27b-text 62.86 63.32A
Mistral-large-instruct-text 63.15 65.22A
GPT-4o-text 63.61 65.33A
Gemini-1.5-pro-text 63.28 64.21A
GPT-40-multimodal 63.74 65.21A
Gemini-1.5-pro-multimodal 62.12 63.16A

78.94 77.49v 83.71 86.71A
71.97 78.70A 85.45 86.45A
78.09 76.12v 87.12 85.99v
78.45 78.44v 86.11 84.87v
76.08 77.89A 85.44 86.61A
76.53 78.31A 84.86 86.35A
76.62 79.72A 86.77 87.45A
76.16 78.11A 86.57 86.46V

Table 6: Attention ablation studies on EC-FUNSD EL task. Blue A indicates Global Attn improves over Local Attn;

red V indicates a drop of F1 score. Full results available in Table 10.

Relation Order Generation Method

LayoutL.Mv3-base

LayoutLMv3-large

GeoLayoutLM-large

SER EL SER EL SER EL
No-layout 81.47 61.11 82.88 78.66 83.14 85.51
Human Annotation 81.55 64.34 84.08 78.94 83.46 86.71
Gemma-2-9b-text¥ 81.13 64.61 84.13 79.77 83.61 86.23
Gemma-2-27b-textf 81.38 63.32 83.62 78.09 83.24 87.12
Mistral-nemo-instruct-textt 81.27 62.04 83.17 78.44 83.33 85.94
Mistral-large-instruct-texty 81.47 65.22 83.29 78.45 83.66 86.11
GPT-4o-text* 81.34 65.33 84.33 77.89 83.64 86.61
GPT-4v-text* 80.92 61.90 82.65 78.30 82.79 86.89
Gemini-1.0-pro-text* 80.87 63.86 83.96 80.04 83.19 86.38
Gemini-1.5-pro-text* 81.22 64.21 83.08 78.31 82.63 86.35
Claude-3.5-sonnet-text* 81.82 64.08 84.08 78.44 83.04 86.63
GPT-40-multimodal* 81.56 65.21 83.84 79.72 83.72 87.45
GPT-4v-multimodal* 81.20 63.93 83.50 77.68 83.49 86.26
Gemini-1.5-flash-multimodal* 81.32 63.48 83.72 77.34 83.61 86.26
Gemini-1.5-pro-multimodal* 81.55 63.16 83.31 78.11 82.96 86.57
Claude-3.5-sonnet-multimodal* 81.56 62.93 83.04 78.72 83.22 87.21

Table 7: EC-FUNSD - SERT / ELT. Best F1 scores per column are bolded. { indicates open-weights models, *
indicates closed-sources proprietary models. Multimodal models are shaded.

Cosine Similarity

Method

DocVQA InfoVQA
Original 35.84 47.74
Baseline ROP 35.66 43.80
GPT-40 36.26 46.53

Table 8: Results on zero-shot question-to-document co-
sine similarity. Baseline ROP represents the augmented
document by following the reading order relations gen-
erated by the baseline ROP model. GPT-40 indicates
the reordered document by following the reading order
relations generated by the GPT-40 model.

(33%) (Zhang, 2024), depending less on RO. This
nuanced performance across different task types
validates the effectiveness of our approach and pro-
vides valuable insights into the role of RO in vari-
ous document understanding scenarios.

6 Conclusion

In this paper, we propose a novel paradigm for doc-
ument understanding that revises how structural
information is incorporated by explicitly leverag-
ing reading order (RO) as a structural prior. By
utilizing LL.Ms to infer document-wide RO rela-
tions without manual annotation, our dual-pathway
framework—combining lightweight RO-aware at-
tention for compact backbones and RO-prompting
for LLMs—enables end-to-end, scalable RO mod-
eling. Extensive experiments on semantic entity
recognition, entity linking, and document question
answering demonstrate consistent and significant
improvements over strong baselines, surpassing
even models trained with human-annotated RO su-
pervision. Our comprehensive analysis shows that
LLMe-inferred RO substantially enhances structural
alignment and generalization, especially for com-
plex or out-of-domain documents.
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Limitations

Although we evaluate our approach across three
representative document understanding tasks (Se-
mantic Entity Recognition, Entity Linking, and
Question Answering), the effectiveness of our
method can be impacted by underlying data qual-
ity issues, particularly OCR errors in the origi-
nal datasets that disproportionately affect text-only
LLM document understanding performance. Fur-
thermore, while we pioneer the investigation of
LLM-based reading order relations, the computa-
tional resources required by our approach currently
constrains its application to documents with exten-
sive long-range context or multi-page scenarios—a
limitation that becomes particularly relevant when
scaling to more complex document understanding
tasks. These limitations not only highlight opportu-
nities for future optimization but also underscore
the need for more efficient approaches to handle
increasingly complex document structures.

Ethics Statement

Our work complies with the ACL Ethics Policy. In
this work, we use LLMs to generate reading order
relations using publicly available document under-
standing benchmarks, which are widely used to
evaluate the document understanding performance.
We provide detailed procedures to generate reading
order relations and provide proper citations to their
source benchmarks. We will publicly release our
generated reading order information.
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A Appendix

A.1 Dataset

We follow ROOR (Zhang et al., 2024a) to manage
the document layout elements in metadata, trans-
forming all benchmarks to a unified format.

ROOR contains 199 samples, including 10,662
segments, 31,297 words, and 10,967 expert-level
annotated reading order linking pairs. We lever-
age the reading order linking pairs to develop and
evaluate the baseline ROP model.

EC-FUNSD (Zhang et al.,, 2024b) contains
word and segment-level layout annotations with
expert-level entity and relation annotations, com-
prising 10,662 segments, 31,297 words, 8,398 enti-
ties, 3,912 linking relations. We evaluate SER and
EL on the EC-FUNSD dataset

CORD (Park et al., 2019) is a receipt OCR pars-
ing dataset, including both box-level text and pars-
ing class annotations. It has 1,000 samples with 30
entity classes, supporting our SER evaluation.

DocVQA (Mathew et al., 2021) is a popular
large-scale industry document VQA dataset, includ-
ing 12, 767 documents and 50, 000 questions and
answers. Each document contains diverse textual,
graphical, and structural elements.

InfoVQA (Mathew et al., 2022) is a famous
dataset comprising a diverse collection of info-
graphics, natural language questions, and answers
annotations. The collected questions require meth-
ods to jointly reason over the document layout,
textual content, graphical elements, and data visu-
alizations. It has around 5,400 images and 30,000
QA pairs.

A.2 Implementation Details

All of our experiments that require supervised fine-
tuning are conducted on a single NVIDIA A100-
80GB GPU. The implementation is based on the
deep learning framework PyTorch >.

Baseline ROP Model. We employ LayoutL.Mv3-
base (Huang et al., 2022) as our backbone ROP
model. The maximum sequence length of textual
tokens for both of them is 2048. The maximum lay-
out elements is 512 for the word-level ROP and 256
for the segment-level ROP. We fine-tune the ROP
model on the ROOR dataset for 500 epochs with a

>https://pytorch.org/

patience of 50 for early stopping. The dimension
of query and key vectors are set to 128. We use
an AdamW optimizer with 10% linear warming-up
steps, a 0.1 dropout rate, and a 1e-5 weight decay,
together with a cosine scheduler. The learning rate
is set to 2e-5 with a batch size of 16.

Lightweight RO-aware Model. For SER and EL
tasks, we follow the implementation of Zhang et al.
(2024a), with all experiments using the learning
rate of le-5, batch size of 16, number of fine-tuning
epoches of 500 and early stopping patience of 50.
The initial value for A is 10 in all layers, and the
learning rate of the )\ are searched between the
original learning rate and le-2, where the latter is
for faster convergence. We use the RO information
in the first 4 layers, and their A values are set to 0.1
initially.

Foundational LLLMs. We use their official API
to invoke the foundational LLMs. As illustrated
in Figure 3, we instruct LLMs to generate RO pairs.
We then incorporate the generated RO relations di-
rectly into the instruction prompt, which comprises
OCR text, bounding box, image, and generated RO
information. The details could be found in Sec-
tion A.3.

A.3 Generative Document QA Prompts

Our prompt design encompasses multiple modality
variants tailored to specific document understand-
ing scenarios. The complete prompt templates are
illustrated in Figure 7:

Visual-based Document QA. Figure 7a demon-
strates our base prompt design for image-based
visual document QA tasks. This template is the
foundation for handling purely visual document
understanding scenarios without integrating RO
relations.

Text-Based Document QA. Figure 7b presents
our specialized RO-aware prompt designed for text-
based document QA settings. This template is opti-
mized for scenarios where document OCR textual
content and structure are the primary focus.

Multimodal Document QA. We consider both
the document image and OCR textual content, at-
taching the document image to Figure 7b to form
the multimodal RO-aware model for improved doc-
ument comprehension and question answering per-
formance.
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---Task Start---

Task

specific documentation:

! -—Instructions Start---
1 (2) Answer the question

| ===Instructions End---
| ---Question Start---

I {question}

| -—-Question End---

Instruction

Act

| sentence, just provide a value.

---Task Start---

Task

specific documentation:

| =-Instructions Start---
I (2) Answer the question

-==Instructions End---

---Document Layout Element Start---
| {document_elements}
| ==Document Layout Element End---
| =--Reading Order Relations Start---

Instruction

| number],...]

I {reading_order_relations}
I .~.Reading Order Relations End-—
I —.question Start---

{question}

I
-—Question End---

Act

I prowde a value.

, (1) Based on the document image, analyze the context

1 (3) If the value is unclear, guess it given an input document image

| Your task is to answer the question based on the given document image, do not write a full [

(a) Image QA prompt.

I (1) Based on the document image, analyze the context

! (3) If the value is unclear, guess it given an input document image

| The format is a closed list of [[parent layout element index number, child layout element index

Your task is to answer the question based on the given document, do not write a full sentence, just

You are an experienced documentation analyst, please follow a set of specified instructions for a

You are an experienced documentation analyst, please follow a set of specified instructions for a

(b) Text QA prompt.

Figure 7: Generative VQA prompts illustration

A.4 Case Study

We systematically analyzed the performance of
our proposed paradigm across different document
types and question categories to provide a com-
prehensive understanding of its capabilities. Our
approach shows robust performance across diverse
real-world document types, as shown in Figure 9.
Our method demonstrates advanced strength in
handling industry text-intensive documents with
complex layout structures. Meanwhile, Figure 10
shows our proposed method could effectively han-
dle visual-intensive documents, capturing compli-
cated spatial relationships.

This case study implies that our approach
achieves robust performance across diverse real-
world document types and complexities. And the
improvements in global layout awareness suggest
better scalability to address more complex docu-
ment understanding tasks, where the consistent per-
formance across different document types indicates
strong generalization capabilities

A.5 More Experimental Results
RO statistics.

Effectiveness of RO-aware Attention. To ex-
amine how RO information contributes to docu-
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---Document Layout Element End---

(a) Layout element example of EC-FUNSD.
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» BEYNOLDS AND PHILIP HORRIS I

YFE OF PROMTTTow

- Achev
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(b) Human annotated reading order ground truth, capturing local reading order dependency
between adjacent layout elements, especially for the carbon copy recipients.

ment modeling at the architectural level, we investi-  present the full evaluation results in Table 10.
gate two attention variants for integrating local and
global RO relations into lightweight models. We
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(c) LLM-based ROP model generated reading order relations, capturing global reading order
relations across layout elements

Figure 8: An example of EC-FUNSD. The human-annotated ground truth is suboptimal, where
GPT-40 can capture the document-level RO relations. LLM-inferred RO relations provide
appropriate RO information and dependency, leading to enhanced downstream document under-
standing performance.

A.6 Usage of AI Assistant

We use Al assistants or tools such as ChatGPT and
Grammarly to correct grammar errors and refine
the content.
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(a) Layout element example of DocVQA.
— o~

5

BEUDGET REQUEST

iewis F. Batch 2=5pl; I300]

(b) Baseline ROP model generated reading order relations, leading to the wrong answer.
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(c) LLM-based ROP model generated reading order relations, leading to the correct answer.

Figure 9: An example of DocVQA, with the question of “What is the total amount?”. LLM-based
reading order relations benefit the model for enhanced document understanding capabilities to
generate the correct answer 14,650.

Avg. RO-D # Avg. RO-L # Max. RO-L

Method
Document Document Element Document

GT 11.84 55.11 1.09 1.74
ROP-prediction (RORE) 11.90 51.51 1.11 1.96
Gemma-2-9b-text 16.54 43.88 14.31 24.11
Gemma-2-27b-text 13.82 45.60 10.57 20.67
Mistral-nemo-instruct-text 20.11 55.39 22.83 33.05
Mistral-large-instruct-text 14.38 60.58 11.17 23.23
GPT-40-text 14.66 42.55 6.14 12.51
GPT-4v-text 14.49 42.06 7.71 13.89
Gemini-1.0-pro-text 18.30 51.33 19.41 27.78
Gemini-1.5-pro-text 19.15 38.67 5.26 14.52
Calude-3.5-sonnet-text 13.62 33.58 2.30 8.42
GPT-40-multimodal 15.14 45.29 4.45 11.28
GPT-4v-multimodal 14.69 40.55 2.49 9.19
Gemini-1.5-flash-multimodal 14.81 44.37 5.12 15.28
Gemini-1.5-pro-multimodal 13.88 35.75 5.65 14.43
Calude-3.5-sonnet-multimodal 13.90 36.07 2.60 9.51

Table 9: Statistics of RO distances (RO-D) and link density (RO-L). The average distance between connected
layout elements (Avg. RO-D) was calculated at the document level. For RO links (# Avg. RO-L), we evaluate two
scales: the document-level, representing the total RO links per document; and the element-level, representing the
average number of links originating from an individual layout element. For RO links (# Max. RO-L), we analyze
the maximum number of links originating from an individual layout element.
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16: don I working<bbox>[0.03, 0.4, 0.27, 0.47]

17: together<bbox>[0.05, 0.45, 0.18, 0.5]

18: 63 co 6% like make - co Congress business<bbex>[0.32, 0.3%, 0.9%91, 0.5]
19: ever day<bbox>[0.06, 0.5, 0.15, 0.53]

20: -<bbox>[0.32, 0.5, 0.34, 0.51]

---Document Layout Element End---

(a) Layout element example of InfoVQA.
COMMON RUNNING INJURIES |

Stress Fracture

(b) Baseline ROP model generated reading order relations, leading to the wrong answer.
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[ COMMON RUNNING INJURIES |

(c) LLM-based ROP model generated reading order relations, leading to the correct answer.

Figure 10: An example of InfoVQA, with the question of “What percentage of common running
injuries include stress fracture?”. LLM-based reading order relations benefit the model for
enhanced document understanding capabilities to generate the correct answer 9%.

Relation Order Generation Method LayoutLMv3-base LayoutLMv3-large GeoLayoutLM-large
Local Attn Global Attn Local Attn Global Attn Local Attn  Global Attn
Human Annotation 64.34 63.54v 78.94 77.49v 83.71 86.71A
ROP-prediction (RORE) 63.78 63.96A 77.97 78.70A 85.45 86.45A
Gemma-2-9b-text 64.30 64.61 A 77.98 79.77 A 85.74 86.23A
Gemma-2-27b-text 62.86 63.32A 78.09 76.12v 87.12 85.99v
Mistral-nemo-instruct-text 61.55 62.04A 78.44 77.43v 85.94 85.89v
Mistral-large-instruct-text 63.15 65.22A 78.45 78.44v 86.11 84.87v
GPT-4o-text 63.61 65.33A 76.08 77.89A 85.44 86.61A
GPT-4v-text 60.95 61.90A 78.30 77.44v 86.89 85.96v
Gemini-1.0-pro-text 63.86 61.50v 77.75 80.04A 85.99 86.38A
Gemini-1.5-pro-text 63.28 64.21A 76.53 78.314A 84.86 86.35A
Calude-3.5-sonnet-text 64.08 62.27Vv 77.60 78.44 A 86.63 86.29v
GPT-40-multimodal 63.74 65.214A 76.62 79.72A 86.77 87.45A
GPT-4v-multimodal 63.83 63.93A 75.66 77.68A 86.26 85.53v
Gemini-1.5-flash-multimodal 63.48 61.39v 76.27 77.34A 85.41 86.26A
Gemini-1.5-pro-multimodal 62.12 63.16A 76.16 78.11A 86.57 86.46V
Calude-3.5-sonnet-multimodal 62.93 62.75v 78.72 78.17v 87.21 86.64V

Table 10: Attention ablation studies on EC-FUNSD EL task. Blue A indicates Global Attn improves over Local
Attn; red V¥ indicates a drop of F1 score.
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