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Figure 1: We propose DocPO, which leverages domain-
specific preference optimization to surpass SFT and
Edit-Distance GRPO on OmniDocBench.

Abstract001

Despite its success in Large Language Models,002
Reinforcement Learning (RL) remains under-003
utilized in document because generic rewards004
fail to effectively evaluate various document005
elements such as formulas and tables. Exist-006
ing metrics (e.g., Edit Distance) often fail to007
capture the semantic validity of structures like008
LaTeX formulas or nested tables, while training009
dedicated Reward Models requires expensive010
human annotation. To bridge this gap, we in-011
troduce DocPO, a novel policy optimization012
framework featuring Tailored Step-Aware Re-013
wards. Unlike generic approaches, DocPO con-014
structs domain-specific reward functions with-015
out preference data: it integrates LLM-based016
semantic verification with syntactic constraints017
for formulas, utilizes structure-weighted TEDS018
for tables, and employs continuous distance019
metrics for text to mitigate sparsity. Addi-020
tionally, we propose Step-Aware Annealing021
to dynamically modulate reward discriminabil-022
ity for distinguishing hard samples. Experi-023
ments show DocPO boosts parsing precision024
across elements, establishing an annotation-025
free paradigm for document understanding.026

f(x) = \frac{1}{\sigma\sqrt{2\pi}} e^{-
\frac{1}{2}\left(\frac{x-
\mu}{\sigma}\right)^2}

f(x) = {1 \over \sigma\sqrt{2\pi}} e^{-
{1 \over 2}\left({x-\mu \over
\sigma}\right)^2}
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Figure 2: Limitations of Edit Distance as a reward.
False Negative (Top): Visually correct formulas are pe-
nalized for synonymous LaTeX variations. False Pos-
itive (Bottom): Broken tables are rewarded for high
lexical overlap. This misalignment motivates the need
for a structure-aware objective.

1 Introduction 027

Document parsing serves as a foundational task in 028

both Vision Language Models (VLMs) and Docu- 029

ment AI (Cui et al., 2021). Its core objective is to 030

precisely decode heterogeneous elements arranged 031

in 2D document layouts, such as text, formula, and 032

table, into sequential 1D sequences. Crucially, this 033

task transcends vanilla Optical Character Recogni- 034

tion (OCR) by necessitating a deep understanding 035

of element-specific characteristics. Specifically, ac- 036

curately resolving details such as varied formula 037

expressions and tables with nested cells places strin- 038

gent demands on models’ fine-grained perception 039

and sequence generation capabilities. 040

While VLMs have made remarkable progress 041

in this field, current mainstream approaches still 042

predominantly rely on the Supervised Fine-Tuning 043

(SFT) paradigm (Kim et al., 2021; Blecher et al., 044

2023). Although SFT has achieved significant suc- 045

cess driven by massive training data, it is inher- 046

ently constrained by the Teacher Forcing training 047

mode, which inevitably leads to Exposure Bias and 048

overfitting (Zhang et al., 2025). In response to 049
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Model Methods Metric & Strategy Reward Type Granularity
Monkey v1.5 RM BT Model Continuous Table
INFINITY Parser RLVR Edit Distance Continuous Page
HunyuanOCR RLVR Edit Distance Continuous Page
olm-OCR2 RLVR Ensemble Binary Page
DocPO (ours) RLVR Task-specific Continuous Text / Formula / Table

Table 1: Comparison of existing paradigms and our method. This motivates our design of a structure-respecting
reward mechanism without costly human annotation.

these challenges, researchers have begun exploring050

Reinforcement Learning (RL), seeking improve-051

ments via sequence-level optimization. Yet, in052

stark contrast to its success in standard Large Lan-053

guage Models (LLMs) (Hurst et al., 2024; Kumar054

et al., 2024; Guo et al., 2025), RL’s gains in OCR055

tasks remain relatively scarce. In our view, this dis-056

crepancy stems primarily from the misalignment057

between generic RL methods and the intrinsic char-058

acteristics of document elements.059

Existing RL methods applied to document pars-060

ing (Zhang et al., 2025; Poznanski et al., 2025;061

Team et al., 2025; Wang et al., 2025) can be cate-062

gorized into two main streams, both of which face063

specific limitations. The first stream relies on edit064

distance (Team et al., 2025; Wang et al., 2025), us-065

ing character-level metrics as rewards. However,066

this rigid character-level matching often misaligns067

with actual parsing quality. As detailed in Figure 2,068

this metric suffers from a dual failure: it generates069

false negatives for formulas by penalizing valid syn-070

onymous LaTeX variations (Top), while simultane-071

ously yielding false positives for tables by reward-072

ing high lexical overlap despite structural corrup-073

tion (Bottom). This creates a severe gap between074

the reward signal and human visual perception. The075

second stream involves Human-annotated Reward076

Models (Zhang et al., 2025). However, construct-077

ing high-quality preference datasets is prohibitively078

expensive and hard to scale. Therefore, the pivotal079

question becomes: How can we design an efficient080

reward that aligns with the rendered visual quality081

without relying on expensive annotation?082

We introduce DocPO, a domain-aware reward083

framework. As demonstrated in Figure 1, it de-084

livers plug-and-play improvements for all docu-085

ment elements. Distinct from existing approaches,086

we formulate our reward based on the intrinsic087

properties of document elements, directly map-088

ping domain priors to continuous feedback signals.089

We summarize the characteristics and limitations090

of these approaches in Table 1. Specifically, we de- 091

sign tailored rewards for heterogeneous elements: 092

an LLM-based evaluative reward for formulas (Sec- 093

tion 3.1), a structure-weighted TEDS for tables 094

(Section 3.2), and a continuous reward for text (Sec- 095

tion 3.3). Crucially, our results demonstrate that 096

DocPO surpasses generic rewards like NED, of- 097

fering a scalable solution for document scenarios 098

without the need for large-scale preference data. 099

We list our main contributions as follows: 100

• Preference-Free RL: We introduce a plug- 101

and-play, domain-aware reward framework 102

that operates independently of human prefer- 103

ence data. By leveraging intrinsic rule-based 104

rewards, our method enables scalable perfor- 105

mance without preference annotation. 106

• Tailored Reward Formulation: We design 107

fine-grained rewards for heterogeneous sub- 108

tasks, such as tables and formulas. These 109

mechanisms bridge the gap between rigid 110

character-level metrics and visual perception. 111

• Fine-Grained Element Benchmark: We 112

construct a new benchmark for fine-grained 113

element parsing that addresses existing limita- 114

tions on complex structures, enabling a holis- 115

tic assessment of capabilities. 116

2 Related Work 117

2.1 Document Parsing Paradigms 118

Existing methodologies in document parsing can 119

be broadly categorized into three paradigms: 120

Pipelines, End-to-End VLMs, and Modular VLMs. 121

Pipelines: Traditional pipeline approaches, such 122

as PaddleOCR (Cui et al., 2025), MinerU (Wang 123

et al., 2024), and MonkeyOCR (Li et al., 2025), 124

typically involve a sequential workflow: detecting 125

layout regions, extracting content via OCR, and lin- 126

earizing the results based on spatial layout (Wang 127
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Figure 3: Pipeline of DocPO.

et al., 2021; Ha et al., 1995). The primary advan-128

tages of this paradigm are its efficiency and flexi-129

bility, often achieving the best trade-off between130

performance and precision in specific scenarios.131

End-to-End VLMs: In contrast, End-to-End132

VLMs employ a single model to directly tran-133

scribe all document content into a linear se-134

quence, as exemplified by Nougat (Blecher et al.,135

2023), Kosmos-2.5 (Lv et al., 2023), Qwen-VL136

(Bai et al., 2025), olmOCR (Poznanski et al.,137

2025), DeepseekOCR (Wei et al., 2025), and Hun-138

yuanOCR (Team et al., 2025). Characterized by its139

simplicity, this approach requires only one single140

module to complete the task. It demonstrates supe-141

rior adaptability across diverse scenarios, achiev-142

ing robust generalization (e.g., camera-captured143

images). However, due to the inherent limitations144

of autoregressive architectures, End-to-End VLMs145

often struggle with inference latency when process-146

ing long documents or dense text.147

Modular VLMs: To address the limitations of148

the aforementioned paradigms, recent works like149

Dolphin (Feng et al., 2025) and MinerU2.5 (Niu150

et al., 2025) have introduced the Modular paradigm.151

This approach utilizes distinct functional mod-152

ules within a single model framework, typically153

adopting a crop-then-parse strategy. By enabling154

element-level parallel decoding, it achieves a bal-155

ance between usability and efficiency.156

2.2 Reinforcement Learning in Document157

Despite the architectural diversity of the aforemen-158

tioned paradigms, their training predominantly re-159

lies on SFT. Consequently, RL for document pars-160

ing remains in its nascent stages. We compare the161

few existing methodologies in Table 1, with spe-162

cific limitations detailed below.163

Learned Reward Models: Targeting complex164

table recognition, MonkeyOCR v1.5 (Zhang et al., 165

2025) introduces a solution that eliminates the re- 166

liance on human-annotated HTML ground truth. It 167

adopts a render-and-compare strategy, where gen- 168

erated HTML is rendered into an image and evalu- 169

ated against the original document via a specifically 170

trained Reward Model (RM). While this mecha- 171

nism prioritizes structural visual consistency over 172

absolute character matching, it depends heavily on 173

data-intensive RM training and is narrowly con- 174

fined to table optimization, overlooking other criti- 175

cal modalities such as text and formulas. 176

Edit Distance Rewards: Within End-to-End 177

VLMs, HunyuanOCR (Team et al., 2025) integrates 178

the RLVR framework with the GRPO algorithm to 179

circumvent the overhead of a large Critic model. 180

Its reward design relies on Normalized Edit Dis- 181

tance (NED), enforced by strict formatting con- 182

straints where syntactic errors yield zero reward. 183

However, as noted in the introduction, a signifi- 184

cant discrepancy persists between edit distance and 185

human visual perception. For instance, a missing 186

LaTeX symbol may cause negligible edit distance 187

but severe rendering failure. 188

Binary Rule-Based Rewards: Diverging from 189

continuous metrics, olm-OCR2 (Poznanski et al., 190

2025) employs binary unit tests as rewards. By 191

leveraging massive synthetic data combined with a 192

sparse binary reward signal, it has demonstrated the 193

efficacy of this method on Qwen2.5-VL-7b. How- 194

ever, its robustness and generalizability to complex, 195

real-world distributions remain to be verified. 196

3 Reward Design 197

As illustrated in Figure 3, we first detail tailored 198

rewards for formula, table, and text, followed by 199

the step-aware annealing to enhance stability. 200
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2. Semantic Consistency

1. Syntax Validity

Image: 
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GT: 

Pred: 

\|x	+	y\|^2	=	\langle	x	+	y

\gamma	=	\frac{\alpha}{\beta}	|\sigma_1	+	\sigma_2|
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Figure 4: Examples of challenges in evaluating LaTeX
generation. The top case demonstrates a Syntax Valid-
ity failure where the generated sequence is incomplete.
The bottom case highlights the need for Semantic Con-
sistency, where the model predicts a valid alternative
syntax (\over) that differs lexically from the ground
truth (\frac) but remains mathematically correct.

3.1 Reward Design for Formula Recognition201

As illustrated in Figure 4, LaTeX formula recogni-202

tion faces a dual challenge regarding representation203

diversity and generation validity. While standard204

metrics struggle with the one-to-many mapping of205

equivalent strings, RL exploration is prone to pro-206

ducing syntactically invalid sequences. To resolve207

this, we propose a hierarchical reward mechanism208

that prioritizes syntax validity before jointly evalu-209

ating semantic and structural precision.210

Syntax Validity Gating: We first implement a211

hard syntax filter to eliminate invalid noise. Let212

y be the generated formula. We define a validity213

indicator vsyn ∈ {0, 1}, where vsyn = 1 if y can214

be successfully compiled by a LaTeX engine, and215

0 otherwise. Invalid samples are immediately as-216

signed a zero reward, ensuring the model focuses217

optimization solely on executable expressions.218

Semantic and Structural Reward: For syntac-219

tically valid formulas, we compute a hybrid score:220

• Semantic Consistency (rsem): To handle for-221

mat variations (e.g., \frac{\alpha}{\beta}222

vs. \alpha\over\beta), we employ an LLM223

as a semantic judge. The LLM performs a bi-224

nary classification to determine if the rendered225

image of y is mathematically equivalent to226

the ground truth y∗, outputting rsem ∈ {0, 1}.227

• Structural Consistency (rstruct): We com-228

plement the semantic score with Normalized229

Edit Distance (NED) to capture subtle ty-230

pos overlooked by LLMs, defining rstruct =231

1−NED(y, y∗) to provide dense gradients.232

Normal rename
cost: 1

Structural rename
cost: 1.2

Insert
cost: 1.2

Ground Truth

Prediction

Row

Row

Cell

Cell

Content

Content

tr

td1 td2

"A" span:1

tr

td1 td2 td3

"AB" span:2

Figure 5: Illustration of the weighted tree edit distance-
based similarity calculation. Distinct costs are assigned
to operations like structural renaming and insertion to
jointly evaluate structural and content consistency.

Unified Reward Formulation: The final reward 233

Rformula is formulated as a gated weighted sum: 234

Rformula = vsyn · (α · rsem + β · rstruct) (1) 235

where α and β are hyperparameters balancing se- 236

mantic correctness and character-level accuracy. 237

Empirically, we set α > β (e.g., α = 0.8, β = 0.2) 238

to prioritize mathematical meaning while maintain- 239

ing structural supervision. 240

3.2 Reward Design for Table Recognition 241

For table recognition, we leverage the Tree Edit 242

Distance-based Similarity (TEDS) based on the 243

APTED algorithm (Pawlik and Augsten, 2016, 244

2015) to evaluate the topological similarity of 245

HTML trees. 246

In contrast to standard TEDS, which typically as- 247

signs uniform costs to all edit operations, we intro- 248

duce a weighted cost scheme to enforce structural 249

integrity, as illustrated in Figure 5. Specifically, 250

we assign a higher penalty (e.g., 1.2) to structural 251

discrepancies, such as span attribute modifications 252

and node insertions, relative to simple content er- 253

rors (1.0). This weighting strategy incentivizes the 254

model to prioritize topological accuracy, ensuring 255

that layout correctness is not compromised for the 256

sake of minor textual matching. 257
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Figure 6: Comparison of reward rescaling functions
with curvature factors (γ). Non-linear scaling (e.g., γ =
8) amplifies the reward difference (∆R) in the high-
score region, providing sharper optimization signals for
fine-grained improvements.

We define the reward Rtable as the complement258

of the weighted tree edit distance-based similarity:259

Rtable = TEDSweighted(y, y
∗) (2)260

where y is the predicted HTML sequence, y∗ is261

the ground truth, and TEDSweighted ∈ [0, 1] is the262

normalized tree edit distance-based similarity using263

adjusted weights.264

3.3 Reward Design for Text Recognition265

For text recognition tasks, we adopt the Normalized266

Edit Distance (NED), defined as a lightweight met-267

ric in the range [0, 1] where smaller values indicate268

higher similarity to the ground truth.269

This continuous nature offers two advantages.270

First, it provides fine-grained gradient guidance,271

enabling the model to distinguish between minor272

typos (e.g., 0.1) and severe hallucinations (e.g.,273

0.9), preventing optimization stagnation. Second,274

it enhances noise robustness. Unlike binary la-275

bels, NED mitigates the impact of incorrect labels276

through soft error quantification.277

Formally, to align with the objective of reward278

maximization, we define the text recognition re-279

ward Rtext as the complement of the distance:280

Rtext = 1−NED(y, y∗) (3)281

where y is the predicted text, y∗ is the ground truth,282

and NED ∈ [0, 1] denotes the normalized edit dis-283

tance, ensuring rewards scale with similarity.284
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Figure 7: Comparison of advantage distributions for
γ = 1 (linear) and γ = 8 (skewed). The higher γ value
sharpens the signal, creating a "winner-takes-all" effect
that amplifies gradients for top-performing samples.

3.4 Step-Aware Annealing 285

To address the challenge of distinguishing hard 286

samples during training, we propose a Step-Aware 287

Annealing Mechanism. This mechanism dynami- 288

cally modulates the reward disparity between sam- 289

ples as training progresses. In this section, we de- 290

tail the non-linear reward shaping and the adaptive 291

scheduling of γ. 292

Non-Linear Reward Shaping: At the core of 293

our method lies a dynamic scaling reward func- 294

tion, which adjusts the magnitude of sample dif- 295

ferentiation. We define the reward as a power-law 296

transformation of the base metric (see Figure 6): 297

Reward(τ) = Mγ (4) 298

where M ∈ {Rformula, Rtable, Rtext} represents the 299

base reward. γ is the curvature factor; a higher γ 300

amplifies the reward difference in high-score re- 301

gions, providing sharper optimization signals. 302

Crucially, γ represents the dynamic scaling fac- 303

tor, which controls the amplification of reward dis- 304

parity at different training steps. Its value is adap- 305

tively updated throughout the training process. 306
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Adaptive Scheduling of γ: To balance training307

stability with the sharpened discrimination power308

illustrated in Figure 7, γ is not fixed but adaptively309

updated based on runtime statistics. The update310

rule is defined as:311

γ = γinit +∆γ ·
[
1− exp

(
− s

τadaptive

)]
(5)312

Here, γinit sets the baseline amplification, ∆γ313

controls the maximum adjustment range, and s314

denotes the current training step.315

To ensure training stability, the update rate is316

modulated by an adaptive time scale τadaptive, which317

incorporates the Coefficient of Variation (CV) to318

prevent reward oscillation:319

τadaptive =

τ, if s < swindow

τ

1 + CVwindow
, if s ≥ swindow

(6)320

where swindow is the backtracking window size321

(set to 3). The term CVwindow = σ
µ+ϵ measures322

the dispersion of reward values within the window.323

This piecewise design ensures robustness: in the324

early phase (s < swindow), a fixed τ prevents abnor-325

mal scaling due to limited data; in later phases, τ is326

normalized by reward volatility, ensuring smooth327

transitions even when performance fluctuates.328

4 Comparative Analysis329

We first elaborate on the RL Data Strategy for high-330

value sample filtering, followed by the detailed331

Experimental Settings. Subsequently, we report the332

Main Results on both public and self-constructed333

benchmarks. We conclude with an Ablation Study334

to validate the effectiveness of key components,335

such as task-specific and step-aware rewards.336

4.1 RL Data Strategy337

During the RL training phase, sample efficiency is338

critical. Samples typically exhibit varying degrees339

of learning utility: fully correct samples (which340

have already achieved optimality) provide negligi-341

ble gradient signals, whereas fully incorrect sam-342

ples may initially seem useless but can gain value343

if they show signs of improvement. To maximize344

training efficiency, we introduce a dynamic data345

filtering mechanism that retains only samples with346

demonstrable improvement potential.347

Specifically, we track the performance history of348

each sample i and retain it only if the variance in349

its score indicates learning progress. The filtering 350

criterion is formally defined as: 351

D =
{
i | max

t
Scorei(t)−min

t
Scorei(t) > 0

}
(7) 352

where t represents the training step. This strategy 353

is grounded in the following rationale: 354

• Fully correct samples are discarded because 355

their scores remain constant (max equals min), 356

offering no new optimization information. 357

• Improvable hard samples (initially incor- 358

rect) are retained if their scores rise during 359

training (e.g., from 0.1 to 0.3), as this positive 360

difference signals that the model is beginning 361

to learn the pattern. 362

• Partially correct samples inherently exhibit 363

score variance and are retained to provide fine- 364

grained gradient guidance. 365

By filtering for positive score differences, this 366

design prioritizes ’hard but learnable’ samples. It 367

ensures capacity is not wasted on trivial cases 368

or intractable noise, establishing a data-efficient 369

paradigm for fine-grained document parsing tasks. 370

4.2 Experimental Settings 371

In this subsection, we detail the experimental con- 372

figuration, covering the construction of hierarchi- 373

cal datasets for both SFT and RL stages. We also 374

specify the baseline model architecture, training 375

hyperparameters, and the evaluation protocols used 376

to benchmark performance. 377

Datasets: We constructed two distinct datasets 378

to enhance parsing performance across different 379

granularities. For the initial SFT stage, we uti- 380

lize 490k full-page document samples with coarse- 381

grained Mathpix annotations. For the subsequent 382

RL fine-grained optimization, we curated a high- 383

precision dataset comprising 600k element patches. 384

This RL set spans three structural categories: (1) 385

RL-Tables (206k samples), combining 86k man- 386

ually annotated high-quality entries with filtered 387

synthetic data; (2) RL-Formulas (196k samples), 388

sourced from open datasets and LaTeX rendering; 389

and (3) RL-Text Blocks (210k samples), incorporat- 390

ing open-source data and hard-case examples. 391

Baseline Model: The base model adopts 392

Qwen2.5-VL-3B, with the SFT parameters set as 393

follows: maximum sequence length of 12k, global 394

batch size of 512, constant learning rate of 3e-5, 395

and training epochs of 1. 396

6



Table 2: Performance Comparison on OmniDocBench and DocElemHard

Task Type Method OmniDocBench DocElemHard

Text (Edit-Distance) ↓
Baseline (w/o RL) 0.0358 0.091
Edit-Dist Reward 0.0238 0.033
Edit-Dist + Step-Aware Annealing 0.0125 0.022

Formula (CDM) ↑

Baseline (w/o RL) 92.61 85.58
Edit-Dist Reward 92.86 85.18
LLM Semantic Score 93.93 86.30
LLM Semantic + Step-Aware Annealing 94.38 86.55

Table (TEDS) ↑

Baseline (w/o RL) 89.30 83.20
Edit-Dist Reward 92.05 90.01
APTED Reward 92.11 90.21
APTED + Step-Aware Annealing 93.09 90.60

Note: The symbols ↑ and ↓ indicate that higher and lower scores are better, respectively. Bold denotes the best performance
achieved in each task category.

RL Settings: RL is performed on the baseline397

model with the following training parameters: in-398

put sequence length of 4k, output sequence length399

of 8k, global batch size of 256, constant learning400

rate of 1e-6, rollout number of 8, no KL divergence401

constraint (prioritizing structural alignment perfor-402

mance over policy conservatism), and the training403

stops when the test set performance stabilizes.404

Evaluation: Evaluation is performed on the Om-405

niDocBench dataset (Ouyang et al., 2025), which406

contains 1,355 pages, and our self-constructed Do-407

cElemHard benchmark, comprising a total of 9,400408

images. We employ three normalized metrics (rang-409

ing from 0 to 1, where higher is better) to assess410

specific parsing modalities: Normalized Edit Dis-411

tance (NED) for text, Character Detection Match-412

ing (CDM) for formulas, and Tree Edit Distance-413

based Similarity (TEDS) for tables. To provide a414

unified performance assessment, we calculate an415

overall metric defined as:416

Overall =
(1− ED)× 100 + TEDS + CDM

3
(8)417

4.3 Ablation Study418

We conduct an ablation study to validate our frame-419

work across three dimensions: First, we compare420

RL against the SFT baseline to demonstrate explo-421

ration benefits. Second, we contrast generic Edit422

Distance with Task-Aware rewards to highlight423

domain-specific signals. Finally, we show Step-424

Aware rewards outperform Step-Constant baselines425

by providing denser supervision.426

Impact of RL Training (RL vs. SFT): Ta-427

ble 2 presents a quantitative comparison between428

the SFT baseline and our RL framework. The re- 429

sults demonstrate that introducing RL consistently 430

boosts performance across all task types, break- 431

ing the performance ceiling of supervised learning. 432

As shown in the Baseline (w/o RL) rows, the SFT 433

model achieves a text error rate of 0.0358 and a 434

formula score of 92.61 on OmniDocBench. How- 435

ever, simply applying a basic RL method (Edit-Dist 436

Reward) immediately improves these metrics to 437

0.0238 and 92.86, respectively. A similar trend is 438

observed in the Table task, where the RL-based ap- 439

proach surpasses the baseline by a significant mar- 440

gin (e.g., improving from 89.30 to 92.05 on Om- 441

niDocBench). This confirms that the exploration 442

capability of RL effectively refines the model’s pol- 443

icy beyond the limits of static supervised data. 444

Effectiveness of Task-Specific Signals (Edit 445

Distance vs. Task-Aware): We further investigate 446

the impact of reward design by comparing general- 447

purpose metrics (Edit-Dist Reward) with domain- 448

specific signals (Task-Aware Reward). While Edit 449

Distance provides a reasonable proxy for surface- 450

level quality, it lacks the nuance required for com- 451

plex structures. In the Formula task, the LLM Se- 452

mantic Score (93.93) outperforms the Edit-Dist 453

Reward (92.86) on OmniDocBench, indicating 454

that semantic-level feedback guides the model bet- 455

ter than character-level matching. Similarly, for 456

the Table task, the APTED Reward—which cal- 457

culates tree-edit distance to capture structural ac- 458

curacy—achieves superior results compared to the 459

standard edit distance (92.11 vs. 92.05). These 460

findings suggest that aligning the reward function 461

with the intrinsic properties of the data (e.g., math- 462

ematical semantics or tabular tree structures) is 463

crucial for high-precision generation. 464
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Table 3: End-to-End Evaluation on OmniDocBench.

Model Type Model Post-proc. Size OmniDocBench
overall↑ text↓ formula↑ table↑

General
VLMs

Gemni-2.5-pro No - 88.03 0.075 85.92 85.71
Qwen3-VL-235B No 235B 89.15 0.069 88.14 86.21

Specialized
VLMs
(End2End)

Deepseek-OCR Yes 3B 87.01 0.073 83.37 84.97
dots.ocr Yes 3B 88.41 0.048 83.22 86.78
HunyuanOCR Yes 1B 94.10 0.042 94.73 91.81

Specialized
VLMs
(Modular)

MonkeyOCR-pro Yes 3B 88.85 0.075 87.50 86.78
MinerU2.5 Yes 1.2B 90.67 0.047 88.46 88.22
PaddleOCR-VL Yes 0.9B 92.86 0.035 91.22 90.89
Ours No 3B 92.13 0.038 88.90 91.31

Table 4: Element Evaluation on DocElemHard and OmniDocBench.

Model Type Model Post-proc. Size DocElemHard OmniDocBench
overall↑ text↓ formula↑ table↑ overall↑ text↓ formula↑ table↑

General
VLMs

Qwen2.5-VL-72B No 72B 85.03 0.034 78.21 80.27 89.95 0.0424 87.47 86.64
Qwen2.5-VL-3B No 3B 81.72 0.096 76.86 77.90 88.05 0.0792 87.27 84.85

Specialized
VLMs

dots.ocr Yes 3B 87.50 0.037 85.39 80.8 89.6 0.034 90.4 81.9
HunyuanOCR Yes 1B 90.11 0.024 88.94 83.8 95.9 0.0285 94.8 95.7
PaddleOCR-VL Yes 0.9B 91.50 0.033 90.90 86.9 94.87 0.0142 94.1 91.95
Ours No 3B 91.65 0.022 86.55 90.6 95.38 0.0125 94.38 93.01

Superiority of Dense Supervision (Step-Aware465

vs. Step-Constant): Finally, we analyze the gran-466

ularity of feedback by comparing Step-Constant467

rewards (sparse feedback at the end of generation)468

against our proposed Step-Aware mechanism. The469

results indicate that dense, step-wise supervision470

yields the best performance across all categories.471

For the Text task, the Step-Aware Reward drasti-472

cally reduces the error rate to 0.0125, representing473

a nearly 47% relative reduction compared to the474

generic reward (0.0238). In the Table task, combin-475

ing task-aware metrics with step-aware feedback476

leads to state-of-the-art results, reaching 93.09 on477

OmniDocBench and 90.60 on DocElemHard. This478

validates that providing intermediate feedback dur-479

ing the decoding process helps the model correct480

errors earlier and converge to a more optimal policy481

than sparse, sentence-level rewards.482

4.4 Evaluation Results on OmniDocBench483

and DocElemHard484

Superior Performance without Post-Processing:485

Tables 3 and 4 compare our model against leading486

General and Specialized VLMs. Crucially, unlike487

competitors (e.g., HunyuanOCR) relying on com-488

plex post-processing, our results derive directly489

from raw outputs. Despite this simpler setup, our490

3B model demonstrates exceptional efficiency. In491

Table 3, we achieve an overall score of 92.13, out-492

performing massive models like Qwen3-VL-235B493

(89.15) and Gemini-2.5-pro (88.03), validating the494

effectiveness of our granular reward modeling.495

State-of-the-Art on Complex Layouts: The 496

advantages of our approach are most pronounced 497

in fine-grained element evaluation on challenging 498

datasets. As shown in Table 4, our model achieves 499

the lowest text edit distance on OmniDocBench 500

(0.0125), surpassing all baselines including post- 501

processed ones. Furthermore, on the challeng- 502

ing DocElemHard benchmark, we secure the best 503

Overall performance (91.65), outperforming spe- 504

cialized engines like PaddleOCR-VL (91.50) and 505

HunyuanOCR (90.11). This superiority is evident 506

in the demanding Table recognition task, where 507

we score 90.6, surpassing the nearest competitor 508

(PaddleOCR-VL) by a substantial margin (+3.7). 509

This demonstrates that our end-to-end method gen- 510

eralizes effectively to complex layouts where rule- 511

based post-processing often struggles. 512

4.5 Conclusion 513

In this work, we introduced DocPO, a reinforce- 514

ment learning framework utilizing Tailored Step- 515

Aware Rewards to align optimization with the 516

structural complexity of document parsing. By 517

integrating semantic verification and continuous 518

feedback, our method optimizes formulas, tables, 519

and text without relying on expensive human prefer- 520

ence data. Experiments on OmniDocBench and Do- 521

cElemHard demonstrate that DocPO significantly 522

outperforms generic baselines, establishing a scal- 523

able paradigm for high-precision document under- 524

standing and paving the way for future research 525

into advanced document parsing. 526
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Limitations527

Despite the promising results, DocPO presents cer-528

tain limitations. First, the RL training phase incurs529

higher computational overhead compared to SFT,530

primarily due to the generation of multiple rollouts531

and the calculation of complex structural rewards532

(e.g., TEDS), although inference latency remains533

unaffected. Second, the framework relies on proxy534

rewards—such as LLM judges and rule-based met-535

rics—which, while effective, are not infallible and536

carry a risk of reward hacking if the proxies fail537

to capture subtle semantic nuances. Finally, our538

current scope is restricted to text, formulas, and539

tables; extending this step-aware optimization to540

broader modalities like charts and geometric dia-541

grams remains a direction for future research.542
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This appendix provides supplementary imple-655

mentation details to facilitate reproducibility and656

offers a deeper statistical analysis of the evaluation657

benchmarks. We first present the specific prompts658

used for multi-modal parsing and semantic verifi-659

cation. Subsequently, we detail the composition of660

the DocElemHard dataset, highlighting its struc-661

tural complexity compared to existing benchmarks.662

A Prompts for Document Element663

Parsing664

To ensure consistent output formats across different665

modalities, we employ specific instructions for text,666

formula, and table generation. The exact prompts667

used during the inference stage are detailed below:668

[Text Parsing]

Parse the text block without using any $$...$$.

[Formula Parsing]

Parse the formula with latex format.

[Table Parsing]

Please convert this cropped image directly
into html format of table.

669

B Prompt for Formula Semantic670

Verification671

Beyond standard generation, assessing mathemati-672

cal accuracy requires distinguishing between stylis-673

tic variations and semantic errors. We utilize the674

following prompt to instruct the verifier to check675

for semantic equivalence between the predicted676

formula and the ground truth:677

Please determine whether [Formula 1] and
[Formula 2] are semantically consistent.
Ignore variations in representation (e.g.,
spacing or LaTeX command synonyms) and focus
solely on semantic equivalence.

The evaluation must be strict, including
identical variable names. If [Formula 2]
contains abnormal repetitions, it should be
deemed Inconsistent.

[Input Format]

[Formula 1] = """{gt}"""

[Formula 2] = """{pred}"""

[Output]

Respond only with Consistent or Inconsistent.
678

C Dataset Statistics and Comparisons679

Finally, we provide a statistical breakdown of the680

DocElemHard dataset. As shown in Table 5, the681

dataset covers three core element categories. More 682

importantly, Table 6 highlights the structural com- 683

plexity of our dataset compared to OmniDocBench, 684

specifically the significantly higher proportion of 685

tables containing embedded equations (61.0%) and 686

spanning cells (71.5%). 687

Table 5: Overall distribution of document elements in
the proposed DocElemHard dataset (N = 9, 579).

Element Category Instance Count

Text Block 8,101
Formula 480
Table 998

D Training Reward 688

Visualized reward trajectories for text, formula, and 689

table converge rapidly, validating our granular re- 690

ward modeling. 691

Figure 8: Text Reward during DocPO training.

Figure 9: Text Reward during DocPO training.

Figure 10: Table Reward during DocPO training.
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Table 6: Structural and linguistic comparison between DocElemHardtable and OmniDocBenchtable.

Dimension Attribute DocElemHardtable (Ours) OmniDocBenchtable

Scale Total Samples 998 512

Language
English 998 (100%) 196 (38.2%)
Chinese (Simp.) - 295 (57.7%)
Mixed - 21 (4.1%)

Equation With Embedded Equation 609 (61.0%) 87 (17.0%)
Text-only Content 389 (39.0%) 424 (83.0%)

Complexity With Spanning Cells (Span) 714 (71.5%) 158 (30.9%)
Regular Layout 284 (28.5%) 353 (69.1%)
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