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Abstract001

Reading order detection is the foundation of002
document understanding. Most existing meth-003
ods rely on uniform supervision, implicitly as-004
suming a constant difficulty distribution across005
layout regions. In this work, we challenge this006
assumption by revealing a critical flaw: Posi-007
tional Disparity, a phenomenon where mod-008
els demonstrate mastery over the determinis-009
tic start and end regions but suffer a perfor-010
mance collapse in the complex intermediate011
sections. This degradation arises because stan-012
dard training allows the massive volume of013
easy patterns to drown out the learning signals014
from difficult layouts. To address this, we pro-015
pose FocalOrder, a framework driven by Fo-016
cal Preference Optimization (FPO). Specif-017
ically, FocalOrder employs adaptive difficulty018
discovery with exponential moving average019
mechanism to dynamically pinpoint hard-to-020
learn transitions, while introducing a difficulty-021
calibrated pairwise ranking objective to enforce022
global logical consistency. Extensive experi-023
ments demonstrate that FocalOrder establishes024
new state-of-the-art results on OmniDocBench025
v1.0 and Comp-HRDoc. Our compact model026
not only outperforms competitive specialized027
baselines but also significantly surpasses large-028
scale general VLMs. These results demonstrate029
that aligning the optimization with intrinsic030
structural ambiguity of documents is critical031
for mastering complex document structures.032

1 Introduction033

Recently, document intelligence has evolved from034

simple optical character recognition to complex035

semantic and structural understanding (Cui et al.,036

2021; Ke et al., 2025). Reading order detection037

serializes spatially scattered regions into a coherent038

logical flow (Giovannini and Marinai, 2025). It039

serves as the cognitive backbone for downstream040

applications, ranging from Retrieval-Augmented041

Generation (RAG) (Zhang et al., 2025) to complex042

logical reasoning (Mathew et al., 2021).043
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Figure 1: Illustration of Positional Disparity. While
representative models demonstrate mastery over deter-
ministic regions (start/end), they suffer from significant
performance degradation in the document body. This
reveals a misalignment between the uniform supervision
used in training and the non-uniform structural complex-
ity of real-world documents.

Recent advancements have transitioned from tra- 044

ditional discriminative models (Meunier, 2005) to 045

end-to-end generative pipelines (Wang et al., 2021; 046

Niu et al., 2025). However, a fundamental gap re- 047

mains between how documents are structured and 048

how models are optimized. 049

Standard approaches predominantly rely on uni- 050

form supervision, such as standard Cross-Entropy. 051

This method implicitly assumes that the difficulty 052

of predicting the next layout element is constant 053

throughout the document. By conducting a rigor- 054

ous empirical analysis across diverse architectures 055

(Section 3), we uncover a systematic bias called Po- 056

sitional Disparity. As illustrated in Figure 1, mod- 057

els achieve near-perfect accuracy in low-entropy 058

regions like titles and references that follow rigid 059

templates. In contrast, they suffer a catastrophic 060

performance drop in the intermediate sections of 061

the document body. This suggests that current op- 062

timization objectives are dominated by the mas- 063

sive volume of trivial and deterministic transitions, 064

which drowns out the learning signals for complex 065

regions. As a result, the model effectively “memo- 066

rizes” the templates at the boundaries while failing 067

to learn the robust spatial reasoning required for 068

the ambiguous layouts in the middle. 069

To bridge this optimization gap, we propose 070

FocalOrder, a framework that shifts from uniform 071
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sequence modeling to an adaptive, curriculum-style072

optimization. To realize this strategy, we intro-073

duce Focal Preference Optimization (FPO), a074

mechanism designed to dynamically align super-075

vision intensity with layout ambiguity. Instead of076

treating all layout transitions equally, FocalOrder077

acknowledges that not all transitions are created078

equal. Our approach consists of two complemen-079

tary mechanisms designed to realize this focal strat-080

egy. First, we introduce Adaptive Difficulty Dis-081

covery. This mechanism uses an Exponential Mov-082

ing Average (EMA) to track historical error rates.083

It autonomously identifies structural bottlenecks084

where the model struggles, thereby determining085

where the model needs to focus. Second, we pro-086

pose a Difficulty-Calibrated Pairwise Ranking087

objective. Unlike standard contrastive losses, this088

module constructs preference pairs weighted by089

the discovered topological complexity. It explicitly090

amplifies the learning signals from hard samples091

and forces the model to prioritize global logical092

coherence over local pattern matching.093

We validate FocalOrder on comprehensive094

benchmarks, including the OmniDocBench (v1.0095

and v1.5) (Ouyang et al., 2025) and Comp-096

HRDoc (Wang et al., 2024). Without introducing097

additional training data or scaling up parameters,098

FocalOrder establishes new state-of-the-art results099

on OmniDocBench v1.0 and Comp-HRDoc. It ef-100

fectively flattens the “Inverted-U” error curve. Our101

findings demonstrate that the key to mastering com-102

plex layouts lies not just in larger architectures. It103

lies in aligning the optimization landscape with the104

intrinsic entropy distribution of documents.105

Our contributions are summarized as follows:106

• We identify and formalize Positional Dispar-107

ity. We reveal that standard uniform optimiza-108

tion fails to capture the varying complexity of109

document layouts.110

• We propose FocalOrder, a novel framework111

incorporating Adaptive Difficulty Discovery112

and Difficulty-Calibrated Pairwise Ranking.113

This framework dynamically aligns the learn-114

ing focus with structural ambiguity.115

• Extensive experiments show that FocalOrder116

significantly reduces sorting errors in complex117

intermediate regions. It establishes new state-118

of-the-art performance on OmniDocBench119

v1.0 and Comp-HRDoc.120

2 Related Work 121

Local Discriminative Models. Early research pri- 122

marily treats reading order detection as a local 123

classification problem. These methods focused on 124

predicting the relationship between pairs of text 125

segments. For instance, Wu et al. (2008) employ 126

SVMs to determine if one segment should precede 127

another. Later, graph neural networks (GNNs) (Li 128

et al., 2020) are introduced to model the connec- 129

tivity between neighboring regions. While these 130

approaches capture local geometric cues effectively, 131

they often lack a global view of the document struc- 132

ture, requiring complex heuristics to assemble pre- 133

dictions. To mitigate this limitation, recent work 134

like MLARP (Qiao et al., 2024) introduces global 135

graph constraints to regularize binary relation pre- 136

dictions. However, constructing a sequence from 137

discrete relations remains a multi-stage process. 138

Generative Sequence Models. To achieve 139

global coherence, the field has shifted towards end- 140

to-end sequence generation. LayoutReader (Wang 141

et al., 2021) pioneers this direction by formulating 142

the task as a sequence-to-sequence problem, using 143

attention mechanisms to predict the order of all 144

regions globally. Similarly, MonkeyOCR (Li et al., 145

2025b) adopts this methodology for reading order. 146

Building on this, PaddleOCR-VL (Cui et al., 2025) 147

incorporates pointer networks. This architecture 148

separates the sorting process from content recogni- 149

tion, improving stability. More recently, systems 150

like MinerU 2.5 (Niu et al., 2025) and dots.ocr (Li 151

et al., 2025a) have adopted decoupled pipelines, 152

explicitly predicting the reading order before text 153

recognition to handle high-resolution documents 154

better. These generative methods have become the 155

mainstream choice because they learn global de- 156

pendencies directly from data. 157

Limitations and The Optimization Gap. De- 158

spite the architectural advancements from local to 159

global models, a fundamental limitation remains 160

in how these models are optimized. Almost all ex- 161

isting approaches, including the SOTA generative 162

models, rely on uniform supervision (e.g., standard 163

cross-entropy loss). This training objective treats 164

every step in the sequence as equally difficult. It pe- 165

nalizes a mistake in a simple header just as heavily 166

as a mistake in a complex nested table. Although 167

some recent studies like Infinity-Parser (Wang et al., 168

2025a) and DeepSeek-OCR (Wei et al., 2025) have 169

attempted to use Reinforcement Learning (RL) to 170

enforce structural constraints, they often suffer 171
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Figure 2: Error rates of representative models across nor-
malized document positions. The consistent “Inverted-
U” curve across datasets (solid lines: OmniDocBench,
dashed lines: Comp-HRDoc) reveals a systematic bias,
i.e., models struggle to serialize the complex document
body compared to the rigid start and end templates.

from training instability and sparse rewards. In172

contrast to existing approaches, we argue that the173

core problem lies in the mismatch between uniform174

supervision and the uneven difficulty of document175

layouts. Therefore, our work proposes a focal op-176

timization framework. Instead of treating all data177

equally, we dynamically identify and prioritize the178

ambiguous transitions in the document body, en-179

suring the model focuses on the most challenging180

parts of the structure.181

3 Analysis of Positional Disparity182

Does the model predict equally well at all posi-183

tions? To investigate the reliability of uniform184

supervision, we conduct a systematic empirical185

analysis on OmniDocBench and Comp-HRDoc.186

To ensure the universality of our findings, we187

evaluate multiple representative models, including188

LayoutReader (Wang et al., 2021), PaddleOCR-189

VL (Cui et al., 2025), and MinerU 2.5 (Niu et al.,190

2025). We quantify the prediction error rate relative191

to the normalized document position. We map the192

sequence index t of a document with length T to a193

relative position p = t/T ∈ [0, 1] and calculate the194

average error rate for each percentile bin.195

As shown in Figure 2, all evaluated models ex-196

hibit a systematic bias termed Positional Dispar-197

ity, characterized by a distinct “Inverted-U” error198

curve:199

• Robust Start and End: The initial and fi-200

nal segments of documents typically follow201

deterministic formatting templates, such as202

headers or references. Consequently, all mod-203

els demonstrate robust mastery in these low-204

entropy regions.205

Figure 3: Spatial-Logical Mismatch Analysis. Distribu-
tion of spatial-logical mismatches across relative posi-
tions on OmniDocBench v1.0 and Comp-HRDoc.

• Degradation in the Intermediate Sections: 206

In contrast, a pronounced increase in error 207

rate is consistently observed within the doc- 208

ument body (relative positions 20%–80%). 209

We hypothesize that this degradation stems 210

from Structural Ambiguity, where the logical 211

reading order deviates from simple geometric 212

proximity. This pattern is most prevalent in 213

the dense content of the document body. 214

To quantitatively verify the existence of Struc- 215

tural Ambiguity, we introduce a geometric proxy 216

metric: the Spatial-Logical Mismatch. Specifically, 217

we quantify the density of such mismatches, de- 218

fined as transitions where the ground-truth next re- 219

gion deviates from the geometrically nearest neigh- 220

bor. To ensure reproducibility, we explicitly define 221

the nearest neighbor based on the Euclidean dis- 222

tance between the center points of the respective 223

bounding boxes. We conduct a geometric analysis 224

on OmniDocBench v1.0 and Comp-HRDoc. As 225

shown in Figure 3, the distribution of these mis- 226

matches peaks significantly within the intermediate 227

sections (20%–80%), exhibiting a strong correla- 228

tion with the error curve. 229

This correlation exposes a fundamental mis- 230

match between the task’s intrinsic complexity and 231

the standard optimization formulation. Formally, 232

regardless of the architecture, existing methods pre- 233

dominantly optimize the conditional probability 234

of the sequence Y via the standard Cross-Entropy 235

(CE) loss: 236

LCE = − 1

N

N∑
t=1

logP (yt | y<t,O, I). (1) 237

The limitation of this formulation lies in its 238

implicit assumption of uniformity. As seen in 239

Eq. 1, the standard objective applies a static weight 240
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A. The Problem: Positional Disparity & Uniform Supervision
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Figure 4: Overview of the FocalOrder framework. The architecture integrates two components: Adaptive Difficulty
Discovery, which leverages an EMA-based tracker to dynamically identify and up-weight (wt) structurally ambigu-
ous transitions; and Difficulty-Calibrated Pairwise Ranking, which implements contrastive optimization using a
difficulty-aware advantage function and adaptive margins to prioritize complex layout patterns over trivial ones.

( 1
N ) to every transition step t. It treats a trivial241

intra-paragraph connection identically to a com-242

plex cross-column jump.243

This assumption of uniformity fundamentally244

misaligns with the inherent structure of documents.245

As supported by insights from GraphDoc (Chen246

et al., 2025), complex logical relations are signifi-247

cantly sparser than simple spatial neighborhoods.248

Our analysis further reveals that these critical tran-249

sitions appear with higher frequency in the inter-250

mediate sections. Consequently, under uniform su-251

pervision, the optimization landscape is dominated252

by the massive volume of trivial patterns found at253

the start and end. This leads to gradient dilution,254

where the learning signals from high-ambiguity255

transitions are overwhelmed by the gradients from256

easy samples. This causes the model to overfit to257

simple heuristics and fail at the decision boundaries258

required to resolve structural ambiguity.259

4 Method 260

4.1 Overview 261

As illustrated in Figure 4, the FocalOrder frame- 262

work is designed to bridge the optimization gap 263

caused by uniform supervision. The workflow 264

begins by encoding layout elements (including 265

Bounding Boxes and Text Labels) into a unified rep- 266

resentation via the backbone encoder. To explicitly 267

address structural ambiguity, the optimization pro- 268

cess is decomposed into two synergistic pathways 269

that map directly to our mathematical formulation: 270

Intra-Sequence Adaptation (Eq. 2–3): The 271

Adaptive Difficulty Discovery module functions as a 272

dynamic monitor. It tracks the historical error rates 273

of different layout transitions to compute a position- 274

aware difficulty weight wt. This weight is then 275

applied to the token-level supervision, ensuring that 276

the model focuses more on complex regions (e.g., 277

the document body) rather than trivial start/end 278
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tokens. Inter-Sequence Alignment (Eq. 5–279

6): The Difficulty-Calibrated Pairwise Ranking280

module introduces a global contrastive objective.281

By calculating a difficulty-aware advantage Ai, it282

constructs preference pairs and enforces a ranking283

loss with adaptive margins mij . This ensures that284

the model not only predicts local tokens correctly285

but also maintains global logical coherence.286

Finally, these two components are unified in the287

total objective function (Eq. 8), jointly penalizing288

local sorting errors and global structural inconsis-289

tencies.290

4.2 Adaptive Difficulty Discovery291

To mitigate the gradient dilution stemming from the292

dominance of easy samples, we introduce the Adap-293

tive Difficulty Discovery mechanism. We posit that294

transition difficulty is inherently dynamic rather295

than static. To capture this, we partition the se-296

quence into K discrete bins and maintain a global297

difficulty vector D ∈ RK . This vector tracks the298

historical loss and is updated via Exponential Mov-299

ing Average (EMA) to ensure stability:300

L̄(iter)
k = γ · L̄(iter−1)

k + (1− γ) · L(k)

batch. (2)301

Here, γ ∈ [0, 1) serves as a momentum coeffi-302

cient. Crucially, we employ a relatively large γ303

to act as a low-pass filter against batch-wise vari-304

ance. Since document layouts exhibit high diver-305

sity, the instantaneous loss within a single batch306

may fluctuate violently due to data sampling rather307

than actual learning progress. A high momen-308

tum ensures that L̄k captures the persistent struc-309

tural difficulty (i.e., the stable “Inverted-U” dis-310

parity profile observed in the dataset) rather than311

transient noise. This allows the difficulty weights312

wt to evolve smoothly, providing a stable calibra-313

tion signal that aligns with the global optimization314

landscape. Based on this estimation, the dynamic315

weight wt for step t is derived proportional to the316

relative difficulty of its corresponding bin:317

wt = Clip
(
L̄k

µD
, wmin, wmax

)
. (3)318

Here, µD denotes the mean value of the difficulty319

vector D, acting as a normalization factor to center320

the weights. The terms wmin and wmax are clipping321

thresholds. This formulation effectively constructs322

a position-aware focal mechanism, automatically323

amplifying gradients from structurally ambiguous324

regions without requiring manual annotations.325

4.3 Difficulty-Calibrated Pairwise Ranking 326

While weighted supervision improves local con- 327

straints, it lacks a global perspective. To enforce 328

structural consistency, we introduce the Difficulty- 329

Calibrated Pairwise Ranking (DCPR) objective. 330

Reward Function Definition. We evaluate the 331

generated sequence Ŷ against the ground truth Y ∗ 332

using a normalized metric based on the inverted 333

Levenshtein Edit Distance: 334

R(Ŷ , Y ∗) = 1− Lev(Ŷ , Y ∗)

max(|Ŷ |, |Y ∗|)
. (4) 335

Difficulty-Calibrated Advantage. We define 336

the advantage Ai for the i-th sample by integrating 337

a difficulty bonus into the reward. This allows the 338

model to differentiate between simple and complex 339

successes: 340

Ai = R(Ŷi, Y
∗
i ) + β · L̃(i)

CE. (5) 341

In this formulation, L̃(i)CE serves as a normalized 342

proxy for the inherent instance difficulty. Conse- 343

quently, achieving high rewards on difficult sam- 344

ples yields the maximum advantage, thereby pri- 345

oritizing the optimization of complex structural 346

patterns. 347

Batch-wise Relative Ranking Loss. Adopting a 348

contrastive perspective, we construct training pairs 349

P from the top and bottom ρ% of samples sorted 350

by advantage. We minimize the ranking loss to 351

maximize the likelihood gap: 352

LRank =
1

|P|
∑

(i,j)∈P

[
S(Ŷj)− S(Ŷi) +mij

]
+
, (6) 353

where S(·) represents the sequence log-probability 354

score, and [·]+ = max(0, ·) denotes the hinge func- 355

tion. Crucially, we employ a topology-aware adap- 356

tive margin mij derived from the difficulty weights 357

in Section 4.2: 358

mij = α ·max(w̄(i), w̄(j)). (7) 359

Here, α is a base margin scaling factor, and w̄(i) 360

represents the structural complexity score of se- 361

quence i, computed as the mean of its token-level 362

difficulty weights. This novel formulation ensures 363

that pairs involving complex layouts necessitate a 364

larger probability margin, effectively focusing the 365

alignment process on hard samples. 366

4.4 Total Objective Function 367

The final training objective synergistically com- 368

bines the difficulty-weighted supervision and the 369
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Methods Text Region REDS Graphical Region REDS
DOC-R18 93.2 86.4
UniHDSA-R18 96.4 90.6
UniHDSA-R50 96.7 91.0
FocalOrder (Ours) 97.1 91.1

Table 1: Performance comparison on the Comp-HRDoc.
Metric: Reading Edit Distance Score (REDS), where
higher is better. Bold indicates the best.

ranking constraint:370

Ltotal =
N∑
t=1

wt · L(t)

CE + λRank · LRank, (8)371

where N denotes the total number of tokens in the372

batch, L(t)CE is the standard cross-entropy loss at373

step t, and λRank is a hyperparameter balancing the374

ranking constraint. This hybrid objective allows375

FocalOrder to leverage the stability of supervised376

learning while capturing global dependencies via377

preference ranking.378

5 Experiments379

5.1 Datasets and Evaluation Metrics380

To rigorously evaluate our model’s capability in381

handling complex layouts, we conduct experiments382

on two challenging benchmarks. We first utilize383

OmniDocBench (Ouyang et al., 2025), covering384

both the foundational v1.0 (981 pages) and the385

extended v1.5 (1,355 pages). These datasets are386

characterized by extreme element density. Notably,387

v1.5 triples the volume of inline formulas, posing388

significant challenges for local sorting. Following389

standard protocols, we report the Edit Distance390

to measure the deviation between the predicted391

sequence and the ground truth. Additionally, we392

evaluate on Comp-HRDoc (Wang et al., 2024), a393

large-scale dataset consisting of 1,500 documents394

and nearly 1 million annotated elements. For this395

benchmark, we employ the Reading Edit Distance396

Score (REDS) as the primary metric, reporting397

performance on both text and graphical regions.398

5.2 Implementation Details399

For a fair and rigorous comparison, we employ the400

pre-trained LayoutLMv3-large (Huang et al., 2022)401

as the unified backbone encoder for all our exper-402

iments and ablation studies. During the training403

phase, the initial learning rate is set to 3 × 10−5404

with a linear warmup for the first 5% of steps, fol-405

lowed by cosine decay. The momentum coefficient406

γ for the EMA-based difficulty discovery is set to407

0.99. The model is trained for 50 epochs with a408

batch size of 24 on NVIDIA RTX 4090 GPUs. All409

Model Type Methods Edit (↓)
EN ZH

Pipeline
Tools

MinerU 0.079 0.292
Marker 0.114 0.340
Mathpix 0.108 0.304
Docling 0.313 0.837
Pix2Text 0.281 0.499
Unstructured 0.145 0.387
OpenParse 0.595 0.641
PP-StructureV3 0.069 0.091

General
VLMs

GPT-4o 0.128 0.251
Qwen2-VL-72B 0.119 0.193
Qwen2.5-VL-72B 0.106 0.168
Gemini-1.5 Pro 0.049 0.121
Doubao-1.5-pro 0.058 0.094
InternVL2-76B 0.317 0.228
InternVL3-78B 0.095 0.161

Expert
VLMs

GOT-OCR 0.141 0.280
Nougat 0.382 0.954
Mistral OCR 0.083 0.284
OLMOCR-sglang 0.145 0.277
SmolDocling-256M 0.227 0.522
Dolphin 0.091 0.162
MinerU 2.0 0.069 0.118
OCRFlux 0.086 0.187
MonkeyOCR-pro-3B 0.100 0.185
dots.ocr 0.040 0.067
PaddleOCR-VL 0.045 0.063
MinerU 2.5 0.045 0.068

Ours FocalOrder 0.038 0.055

Table 2: Performance comparison of reading order de-
tection on the OmniDocBench v1.0. Bold indicates the
best, and underline indicates the second best.

baseline results are reproduced using their official 410

codebases or directly cited from respective papers. 411

5.3 Comparison with Existing Approaches 412

Results on Comp-HRDoc The results on the 413

Comp-HRDoc, shown in Table 1, further demon- 414

strate the efficacy of our method in handling topo- 415

logical complexity. FocalOrder achieves the high- 416

est scores in both categories: 97.1% REDS on 417

Text Regions and 91.1% REDS on Graphical Re- 418

gions. It is worth noting that the improvement 419

is consistent across both text flows and graphi- 420

cal elements. While previous methods like Uni- 421

HDSA (Wang et al., 2025b) show strong per- 422

formance, our FocalOrder framework effectively 423

mines hard samples, which are often found in 424

graphical regions or complex tables. This leads 425

to a 0.5% improvement in graphical region seri- 426

alization over the previous best method. These 427

results empirically support our claim that the point- 428

wise supervision used in baselines is insufficient 429

for structure-defining transitions. 430

Results on OmniDocBench Table 2 presents 431

the quantitative comparison on OmniDocBench 432
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Model Type Methods Size Edit (↓)
Pipeline
Tools

PP-StructureV3 - 0.073
Mineru2-pipeline - 0.225
Marker-1.8.2 - 0.250

General
VLMs

Qwen3-VL-Instruct 235B 0.068
Gemini-2.5 Pro - 0.097
Qwen2.5-VL 72B 0.102
InternVL3.5 241B 0.125
GPT-4o - 0.148

Expert
VLMs

MonkeyOCR-pro-3B 3B 0.128
dots.ocr 3B 0.053
DeepSeek-OCR 3B 0.086
Nanonets-OCR-s 3B 0.108
MinerU2-VLM 0.9B 0.086
olmOCR 7B 0.121
Dolphin-1.5 0.3B 0.080
POINTS-Reader 3B 0.145
Mistral OCR - 0.144
OCRFlux 3B 0.202
PaddleOCR-VL 0.9B 0.043
MinerU 2.5 1.2B 0.044

Ours FocalOrder 0.4B 0.044

Table 3: Performance comparison on the Om-
niDocBench v1.5. Bold indicates the best, and
underline indicates the second best.

v1.0. Our FocalOrder achieves state-of-the-art per-433

formance, recording an Edit Distance of 0.038 on434

English documents and 0.055 on Chinese docu-435

ments. Notably, FocalOrder significantly outper-436

forms General VLMs. For instance, compared to437

GPT-4o (0.128 on EN) and Gemini-1.5 Pro (0.049438

on EN), our specialized structural optimization439

yields a substantial margin. This highlights that440

while LLMs possess strong semantic understand-441

ing, they still struggle with the precise serialization442

of spatial coordinates in 2D layouts. Compared443

to expert models like MinerU 2.5 (0.045 on EN)444

and PaddleOCR-VL (0.045 on EN), our method445

achieves a further reduction in error rates. This im-446

provement is attributed to the Difficulty-Calibrated447

Pairwise Ranking, which prevents the model from448

being satisfied with “mostly correct” sequences and449

forces it to resolve subtle ordering ambiguities.450

Table 3 extends the evaluation to the larger Om-451

niDocBench v1.5. Despite the increased dataset452

scale and variety, FocalOrder maintains high per-453

formance with an Edit Distance of 0.044. It re-454

mains competitive against large-scale models such455

as Qwen3-VL-Instruct (0.068) and equals the per-456

formance of strong baselines like MinerU 2.5, vali-457

dating the robustness of our approach across differ-458

ent data distributions.459

5.4 Visualization of Learned Weights460

To validate the efficacy of Adaptive Difficulty Dis-461

covery, we visualize the distribution of learned462

Relative Position Weight (wt) Intensity
0-10% 0.32 Low
10-20% 0.92 Medium
20-30% 1.11 High
30-40% 1.41 Very High
40-50% 1.61 Peak
50-60% 1.42 Very High
60-70% 1.61 Peak
70-80% 0.98 Medium
80-90% 0.73 Low

90-100% 0.39 Low

Table 4: Visualization of learned difficulty weights.

Method Configuration Size Latency Edit (↓)
(B) (ms) EN ZH

Base Model 0.4 12.1 0.246 0.252
+ Fine-tuning 0.4 12.1 0.119 0.168
+ Category Token Embedding 0.4 12.3 0.078 0.096
+ Preference Optimization (Standard) 0.4 12.3 0.040 0.068
+ Preference (EMA Fine-grained Loss) 0.4 12.4 0.045 0.058
+ Preference (Group Contrastive + EMA) 0.4 12.3 0.038 0.055

Table 5: Ablation study on OmniDocBench v1.0. We
progressively integrate components of our framework
into the base model. Bold indicates the best.

weights wt on the OmniDocBench v1.0, as shown 463

in Table 4. The resulting weight distribution ex- 464

hibits an “Inverted-U” pattern that mirrors the er- 465

ror curve discussed in Section 3. Specifically, the 466

model autonomously attenuates weights in the de- 467

terministic start and end regions (dropping to 0.32) 468

while amplifying supervision signals in the ambigu- 469

ous intermediate sections (peaking at 1.61). This 470

confirms that FocalOrder successfully prioritizes 471

critical structural boundaries over trivial templates 472

without relying on manual heuristics. 473

5.5 Ablation Study 474

To verify the contribution of each component in our 475

FocalOrder framework, we conduct a progressive 476

ablation study on OmniDocBench v1.0. The results 477

are summarized in Table 5. 478

Effectiveness of Preference Optimization. 479

Starting from the naive LayoutReader baseline 480

(Row 1), adding fine-tuning and category embed- 481

dings (Row 3) brings the Edit Distance down to 482

0.078 (EN). Introducing a standard PO objective, 483

which uses a standard reward without difficulty 484

calibration (Row 4), significantly improves perfor- 485

mance to 0.040. This confirms that sequence-level 486

preference alignment mitigates exposure bias. 487

Impact of Adaptive Difficulty Discovery. Re- 488

placing the standard PO loss with our EMA-based 489

Fine-grained Loss (Row 5) slightly degrades per- 490

formance compared to the best standard setting 491

in English but notably improves stability in Chi- 492
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Figure 5: Comparison of error distributions on Om-
niDocBench v1.0. Unlike the baseline, which suffers
from the “Inverted-U” degradation, FocalOrder (green
line) effectively flattens the curve, maintaining robust
performance even in the complex intermediate sections.

nese (0.058). This suggests that while re-weighting493

helps, local point-wise weighting alone is insuffi-494

cient to fully capture global coherence.495

Impact of Difficulty-Calibrated Pairwise496

Ranking. The full FocalOrder framework (Row 6),497

which integrates the Adaptive Difficulty Discov-498

ery with the Group Contrastive Pairwise Ranking,499

achieves the best performance (0.038 EN / 0.055500

ZH). This indicates that the synergy between iden-501

tifying hard samples (via EMA) and forcing the502

model to rank better relative to those difficulties503

(via Pairwise Ranking) is crucial. The combina-504

tion effectively shifts the optimization focus from505

dominant easy transitions to the critical structural506

boundaries that define layout logic.507

Inference Efficiency Analysis. As indicated in508

the “Size” and “Latency” columns of Table 5, our509

FocalOrder introduces negligible computational510

overhead during inference. Since the Difficulty511

Discovery and Pairwise Ranking modules operate512

during training, the model structure at test time re-513

mains consistent with the base LayoutLMv3 back-514

bone. The marginal increase in latency (from 12.1515

ms to 12.3 ms) is primarily attributed to the intro-516

duction of additional category token embeddings.517

This confirms that FocalOrder achieves structural518

optimization without sacrificing the efficiency re-519

quired for industrial applications.520

Mitigating Positional Disparity. As visual-521

ized in Figure 5, the baseline model suffers from522

a severe “Inverted-U” degradation, peaking at523

30.61% error in the 50%–60% interval. In con-524

trast, FocalOrder effectively flattens this curve by525

handling structural ambiguity. Specifically, in the526

intermediate regions (20%–80%), our method re-527

duces the average error from 25.99% to 10.28%,528

achieving a 60.4% relative improvement. This con-529

Bins (K) 1 5 10 20 50
Edit (EN) (↓) 0.045 0.040 0.038 0.039 0.041
Edit (ZH) (↓) 0.058 0.058 0.055 0.055 0.056

Table 6: Sensitivity analysis on OmniDocBench v1.0.
Bold indicates the best.

firms that our Difficulty-Aware mechanism forces 530

the model to master critical decision boundaries 531

rather than overfitting to trivial templates. Con- 532

sequently, this yields consistent serialization per- 533

formance across the entire document, effectively 534

eliminating positional bias. 535

Sensitivity Analysis We investigate the impact 536

of the number of difficulty bins K in the Adap- 537

tive Difficulty Discovery module. Table 6 shows 538

the Edit Distance on OmniDocBench v1.0 with 539

varying K. The model is robust to K. K = 1 540

degrades to static weighting, yielding suboptimal 541

results. Performance peaks at K = 10, aligning 542

with the intuition that separating the sequence into 543

deciles effectively captures the rhythm of docu- 544

ment layouts, such as differentiating headers, body 545

text, and footers. Excessive granularity (K = 50) 546

introduces noise, slightly reducing performance. 547

6 Conclusion 548

In this work, we introduce FocalOrder to enhance 549

the reliability of reading order detection in complex 550

document layouts. Rather than relying on standard 551

uniform supervision, which implicitly treats all lay- 552

out transitions as equally learnable, FocalOrder re- 553

frames the problem as a difficulty-aware optimiza- 554

tion task, leveraging Adaptive Difficulty Discovery 555

to dynamically prioritize structurally ambiguous 556

regions. Additionally, we propose a Difficulty- 557

Calibrated Pairwise Ranking objective, which ad- 558

justs learning margins based on historical error 559

rates to enforce global logical consistency against 560

local noise. Extensive experiments across Om- 561

niDocBench V1.0 and Comp-HRDoc demonstrate 562

that FocalOrder effectively flattens the “Inverted-U” 563

error curve while establishing new state-of-the-art 564

performance. Notably, our method demonstrates 565

exceptional parameter efficiency for the specific 566

task of layout serialization, achieving superior per- 567

formance with significantly fewer parameters than 568

massive counterparts. Furthermore, the underlying 569

principle of FocalOrder offers a scalable paradigm 570

for the broader field; future work will explore inte- 571

grating this difficulty-aware preference mechanism 572

into more general multimodal learning frameworks 573

to further advance visual document understanding. 574
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Limitations575

This work is presented in light of several limita-576

tions regarding the scope and dependencies of our577

approach.578

Notably, FocalOrder operates as a downstream579

serialization module contingent upon the granular-580

ity of upstream Document Layout Analysis (DLA).581

Consequently, the model cannot rectify topolog-582

ical errors where layout elements are missed or583

inaccurately segmented by the preceding detection584

stage.585

Regarding generalizability, our implementa-586

tion incorporates semantic category embeddings587

aligned with the specific ontology of our training588

benchmarks (English and Chinese). This design589

choice implies that direct zero-shot application to590

documents with significantly different semantic591

schemas or scripts may be constrained, likely neces-592

sitating the re-alignment of the embedding space.593

We also acknowledge that the definition of a594

“correct” reading order in highly unstructured or595

artistic layouts retains a degree of subjectivity.596

Thus, our difficulty-aware formulation may not597

fully cover all edge cases where the reading path is598

ambiguous or non-canonical.599

Finally, due to the introduction of the pair-600

wise ranking objective, the training phase incurs a601

marginal computational overhead compared to stan-602

dard cross-entropy optimization, though inference603

latency remains unaffected.604

Ethical Considerations605

We utilize publicly available benchmarks (Om-606

niDocBench and Comp-HRDoc) to conduct the607

experiments in this study. We adhere to the usage608

licenses of these datasets and do not anticipate pri-609

vacy risks, as the data consists of public domain610

documents.611

Since reading order detection is a fundamental612

capability for automated document understanding,613

there are dual-use implications. On one hand, pre-614

cise serialization is pivotal for the reliability of615

downstream knowledge extraction systems. It en-616

sures that content from complex layouts is fed into617

RAG pipelines with its original logical coherence618

preserved, thereby reducing hallucinations caused619

by disjointed context. On the other hand, improved620

document parsing capabilities could theoretically621

be employed by commercial or state actors to fa-622

cilitate the automated scraping and surveillance of623

private documents at scale. We do not condone624

the use of this technology for malicious data min- 625

ing or privacy infringement. The primary goal of 626

this research is to advance the interpretability and 627

utility of document intelligence systems for public 628

benefit. 629
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A Mathematical Formalization and 732

Definitions 733

In this section, we provide precise definitions and 734

formalizations to ensure reproducibility and clarify 735

the metric calculation protocols used in our analy- 736

sis. 737

A.1 Definition of Batch-wise Bin Loss (Eq. 2) 738

In Eq. (2), L(k)batch represents the average cross- 739

entropy loss for all tokens falling into the k-th 740

position bin within the current batch. Let B de- 741

note the current batch. For a sequence of length T , 742

the relative position of the t-th token is pt = t/T . 743

The index of the bin is determined by k = ⌊pt ·K⌋. 744

The term is calculated as: 745

L(k)batch =

∑
(x,y)∈B

∑T
t=1 I(kt = k) · ℓCE(yt, y<t)∑

(x,y)∈B
∑T

t=1 I(kt = k) + ϵ
,

(9) 746

where I(·) is the indicator function, ℓCE is the token- 747

level cross-entropy loss, and ϵ is a small constant 748

for numerical stability. 749

A.2 Clipping Mechanism (Eq. 3) 750

To prevent gradient explosion, weights are clipped 751

dynamically: 752

wt = Clip
(
L̄k
µD

, 1− δ, 1 + δ

)
, (10) 753

where µD = 1
K

∑K
k=1 L̄k. We set δ = 0.8, yield- 754

ing an effective range of [0.2, 1.8]. 755

A.3 Difficulty-Calibrated Advantage (Eq. 5) 756

The advantage function balances sequence quality 757

and instance difficulty: 758

Ai = R(Ŷi, Y
∗
i ) + β · L̃(i)CE, (11) 759

where R(·) is the edit-distance-based reward. L̃(i)CE 760

is the length-normalized sequence loss, further nor- 761

malized by the global running average loss to en- 762

sure scale consistency. We set β = 0.05. We 763

analyze the potential interaction between reward 764

and loss: the reward term R ∈ [0, 1] typically dom- 765

inates the advantage score. The term β · L̃(i)CE acts as 766

a tie-breaker to boost hard samples. Purely wrong 767

predictions (low R), even with high loss, will still 768

be ranked lower than correct predictions, ensuring 769

optimization stability. 770
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A.4 Ranking Score (Eq. 6)771

The ranking score S(Ŷ ) is the length-normalized772

log-probability:773

S(Ŷ ) =
1

|Ŷ |

|Ŷ |∑
t=1

logP (yt|y<t), (12)774

Normalization prevents bias towards shorter se-775

quences, as unnormalized log-probabilities strictly776

decrease with sequence length.777

A.5 Definition of Position-wise Error Rate778

(For Fig. 2)779

To rigorously quantify the “Positional Disparity,”780

we define the error rate based on the optimal align-781

ment between the predicted sequence Ŷ and the782

ground truth Y ∗. 1. We compute the Levenshtein783

distance between Ŷ and Y ∗. 2. During the back-784

trace of the dynamic programming matrix, we iden-785

tify alignment operations (Match, Substitution, In-786

sertion, Deletion). 3. For each position index t in787

the ground truth Y ∗, if the operation is a “Match”,788

the error is 0; for “Substitution” or “Deletion”, the789

error is 1. (Insertions are attributed to the preceding790

ground truth index). 4. These binary error flags791

are then aggregated into K = 10 bins based on792

their relative position t/|Y ∗|. This method ensures793

that the error rate reflects the model’s inability to794

recall the correct element at the specific relative795

topological position.796

B Implementation Details797

B.1 FocalOrder Algorithm Pseudocode798

Algorithm 1 summarizes the training flow, elucidat-799

ing the interaction between EMA updates, weight800

calculation, and the ranking objective.801

B.2 Details on Inputs and Category802

Embeddings803

To ensure a fair comparison, all experiments (in-804

cluding baselines and FocalOrder) utilize the same805

input features. Category Inputs: The “Category806

Token Embeddings” refer to the semantic class of807

the layout element (e.g., “Text”, “Title”, “Figure”,808

“Table”). These category labels are provided as809

part of the input sequence. Fairness: We do not810

use Ground Truth categories during inference if811

they are not available to the baselines. The cate-812

gory inputs are assumed to be obtained from the813

upstream layout analysis model (e.g., a detection814

model). Since the same input setting is applied815

Algorithm 1 FocalOrder Training Step

Require: Batch B, EMA Difficulty Vector D, Mo-
mentum γ

1: Forward Pass:
2: Compute token logits and ℓCE for all samples

in B.
3: Adaptive Difficulty Discovery:
4: for k = 1 to K do
5: Calculate batch-wise bin loss L(k)batch (Eq.

A.1).
6: Update global difficulty: Dk ← γDk +

(1− γ)L(k)batch.
7: end for
8: Compute weights wt for each token based on
D (Eq. A.2).

9: LWeighted_CE =
∑

wt · ℓCE.
10: Difficulty-Calibrated Pairwise Ranking:
11: Calculate Advantage Ai = Ri + βL̃(i).
12: Sort B by Ai.
13: Select Ppos (top ρ%) and Pneg (bottom ρ%).
14: Sample pairs (i, j) from Ppos × Pneg.
15: Calculate margin mij = α ·max(w̄(i), w̄(j)).
16: LRank = 1

|pairs|
∑

max(0, Sj − Si +mij).
17: Update:
18: Ltotal = LWeighted_CE + λRankLRank.
19: Backward pass and optimizer step.

to all compare methods (Baseline, Fine-tuning, 816

FocalOrder), the performance gains reported in Ta- 817

ble 5 are strictly due to the proposed optimization 818

strategy. 819

B.3 Data Availability and Reproducibility. 820

Due to the upload size limitations of the submission 821

system, we have included only a representative 822

subset of the training data in the supplementary 823

materials. 824

C Extended Analysis and Robustness 825

C.1 Comparison with Simple Baselines 826

To investigate whether the performance improve- 827

ment stems from the dynamic EMA mechanism 828

or simply from any non-uniform weighting, we 829

compared FocalOrder against a “Static Inverted- 830

U” baseline, where weights are manually fixed to 831

follow a Gaussian-like curve (low at ends, high in 832

middle). 833

As shown in Table 7, while Static Weighting 834

offers a slight improvement over the uniform base- 835

line, it underperforms compared to FocalOrder. 836
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Method Edit Distance (↓)
Uniform Supervision (Baseline) 0.045
Static Inverted-U Weighting 0.042
Token-level EMA Weighting 0.043
FocalOrder (Bin-level EMA) 0.038

Table 7: Comparison with alternative weighting strate-
gies.

This limitation arises because static heuristics (e.g.,837

a fixed Gaussian curve) impose a rigid prior that838

may not perfectly align with the actual error dis-839

tribution of the data. In contrast, our EMA-based840

approach is data-driven, allowing the optimization841

landscape to adaptively fit the intrinsic difficulty842

profile of the dataset.843

Furthermore, “Token-level EMA”, where diffi-844

culty is tracked per-token without spatial binning,845

yields suboptimal results (0.043). We attribute this846

to the fact that point-wise error signals are highly847

susceptible to label noise and the inherent subjec-848

tivity of reading order (e.g., ambiguous floating849

figures). In this context, Binning (K = 10) acts850

as a critical regularizer. By aggregating statistics851

over spatial regions, it filters out instance-specific852

outliers and forces the model to focus on robust853

regional structural ambiguity rather than overfit-854

ting to noisy annotations.855

C.2 Hyperparameter Sensitivity Analysis856

We analyze the sensitivity of FocalOrder to key857

hyperparameters on OmniDocBench v1.0 (EN).858

Sensitivity to β (Advantage Weight): The pa-859

rameter β controls the contribution of difficulty to860

the advantage score.861

β 0.0 0.01 0.05 0.1 0.2
Edit (↓) 0.040 0.039 0.038 0.039 0.042

Table 8: Sensitivity analysis of the advantage weight β.

Setting β = 0 reduces the method to standard862

reward-based ranking. A moderate β = 0.05 yields863

the best results. Large β (0.2) leads to performance864

degradation. This indicates that while incorporat-865

ing difficulty improves learning, the reward signal866

(sequence correctness) must remain the dominant867

factor in the advantage function. However, the868

method remains stable within the range [0.01, 0.1].869

Sensitivity to ρ (Pair Selection Ratio):870

ρ 10% 20% 30%
Edit (↓) 0.039 0.038 0.040

Table 9: Sensitivity analysis of the pair selection ratio
ρ.

A ratio of ρ = 20% provides a balanced set of 871

hard positives and negatives. 872

D Qualitative Visualization 873

To intuitively demonstrate the efficacy of 874

FocalOrder, we provide a detailed visual com- 875

parison on the OmniDocBench dataset. The 876

visualization includes the original image, as well 877

as predictions from our method, PaddleOCR-VL, 878

and MinerU 2.5. 879

As illustrated in Figures 6–10, facing reading 880

order prediction under complex layout samples, 881

our method significantly outperforms PaddleOCR- 882

VL, which utilizes pointer networks. Furthermore, 883

FocalOrder demonstrates comparable performance 884

to MinerU 2.5, which employs a multi-stage VLM 885

pipeline, with both methods showing competitive 886

results on challenging cases. These observations 887

empirically validate the feasibility and robustness 888

of our proposed approach. 889

E AI Usage Declaration 890

We acknowledge the use of AI assistants for gram- 891

matical polishing to ensure linguistic clarity. We 892

strictly adhered to the ACL 2026 policies regarding 893

AI assistance: 894

• The AI tool was used solely for improving the 895

readability, flow, and grammatical correctness 896

of the text. 897

• No scientific claims, experimental results, or 898

core ideas were generated by the AI. 899

• All outputs from the model were manually 900

verified and revised by the authors to ensure 901

accuracy. 902

The authors accept full responsibility for the con- 903

tent of this paper. 904
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Origin Mineru2.5

PaddleocrVL Ours
Figure 6: Qualitative comparison of reading order detection on a newspaper layout.

13



Origin Mineru2.5

PaddleocrVL Ours

Figure 7: Qualitative comparison of reading order detection on an irregular magazine layout.
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Origin Mineru2.5

PaddleocrVL Ours

Figure 8: Qualitative comparison of reading order detection on a courseware slide.
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Origin Mineru2.5

PaddleocrVL Ours
Figure 9: Qualitative comparison of reading order detection on a scientific document with equations.

16



Origin Mineru2.5

PaddleocrVL Ours

Figure 10: Qualitative comparison of reading order detection on a textbook page with text wrapping.
17
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