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Optical character recognition (OCR) has evolved from line-level transcription to structured
document parsing, requiring models to recover long-form sequences containing layout, tables,
and formulas. Despite recent advances in vision-language models, most existing systems rely
on autoregressive decoding, which introduces sequential latency and amplifies error propaga-
tion in long documents. In this work, we revisit document OCR from an inverse rendering
perspective, arguing that left-to-right causal generation is an artifact of serialization rather than
an intrinsic property of the task. Motivated by this insight, we propose MinerU-Diffusion,
a unified diffusion-based framework that replaces autoregressive sequential decoding with
parallel diffusion denoising under visual conditioning. MinerU-Diffusion employs a block-
wise diffusion decoder and an uncertainty-driven curriculum learning strategy to enable
stable training and efficient long-sequence inference. Extensive experiments demonstrate
that MinerU-Diffusion consistently improves robustness while achieving up to 3.2x faster
decoding compared to autoregressive baselines. Evaluations on the proposed Semantic Shuffle
benchmark further confirm its reduced dependence on linguistic priors and stronger visual
OCR capability.
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Figure 4: Performance and efficiency scaling of MEMI1 (trained on 2-objective QA) with the number of objectives in multi-objective
tasks. MEM1 outperforms the other models and baselines while having an almost constant scaling in memory usage. Note that at
16-objective, the context of baseline models does not increase anymore since their model performance has degraded (some collapsed).
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Figure 1: (a) The confidence threshold controls decoding parallelism in MinerU-Diffusion. Compared
to MinerU2.5, our method achieves up to 3.26x speedup. (b) MinerU-Diffusion maintains a strong
accuracy—efficiency trade-off, achieving 2.12x speedup with 99.9% and 3.01x speedup with 98.8%
relative accuracy. (c) Diffusion decoding progressively reconstructs structured text from masked
tokens under visual conditioning: black tokens are confirmed, red tokens are being updated, and
yellow tokens remain masked, enabling parallel generation with global consistency, in contrast to
autoregressive left-to-right decoding.

1 Introduction

In recent years, Vision-Language Models (VLMs) [1, 6, 44, 59, 11, 15, 56, 55, 28] have become the
dominant paradigm for document Optical Character Recognition (OCR) [29, 17, 16, 47, 7]. These
models encode textual images into visual representations and generate structured text through left-
to-right autoregressive decoding [41], achieving strong performance across benchmarks [32, 9, 42].
Despite architectural unification and scaling, the decoding process remains strictly sequential. This
design introduces efficiency and reliability bottlenecks when parsing long documents and complex
layouts, particularly in highly structured scenarios such as tables and formulas [32].

From the perspective of task formulation, a high-quality OCR system should primarily depend on
authentic visual evidence to perform character-level recognition, rather than relying on semantic
completion from a language model. However, autoregressive formulations implicitly cast OCR as
language-conditioned reconstruction, where textual outputs are generated under strong linguistic
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priors. When visual signals are weak or semantic constraints are disrupted, models tend to over-
rely on these priors, leading to semantic hallucinations and cumulative errors. Experiments on the
Semantic Shuffle benchmark confirm that disrupting semantic structure causes substantial performance
degradation in AR-based OCR systems. This fragility stems not merely from data or training strategy,
but from the causal factorization inherent in autoregressive decoding.

In contrast, Diffusion Language Models (DLMs) [14, 10, 37, 27, 52], based on discrete diffusion pro-
cesses, provide a modeling paradigm better aligned with the structural characteristics of document
OCR tasks. Masked diffusion models assume conditional independence among tokens given partially
observed sequences and visual inputs [53], which is reasonable in OCR scenarios where the mapping
between image content and text is largely deterministic with limited semantic ambiguity. This property
allows models to exploit the local consistency of visual signals and perform parallel decoding of long
textual segments while maintaining global coherence and accuracy. Compared with autoregressive
generation for open-ended text tasks [19], diffusion decoding naturally matches the deterministic
nature of document OCR [32]. Moreover, DLMs support parallel multi-token updates, significantly
improving inference efficiency for long-document parsing. Although current diffusion-based VLMs
[5, 53, 20, 50] still encounter issues such as instability in long sequences, repetition, and hallucination
in high-resolution settings, these limitations can be progressively alleviated through improved model
design and training strategies, making masked diffusion a promising and principled alternative for
accurate and efficient document OCR modeling.

Motivated by these observations, we formulate document OCR explicitly as an inverse rendering
problem under visual conditioning, shifting from autoregressive causal decoding to diffusion-based
decoding. We propose MinerU-Diffusion, a unified diffusion-based parsing framework tailored for
document OCR. Centered on block-wise diffusion decoding [2, 4, 46] and coupled with an uncertainty-
driven curriculum learning strategy, MinerU-Diffusion enables global parallel reconstruction for docu-
ment OCR. While maintaining high recognition accuracy, MinerU-Diffusion significantly improves
long-sequence inference efficiency and effectively mitigates semantic hallucination and cumulative
error propagation observed in autoregressive decoding. Extensive experiments demonstrate that
MinerU-Diffusion achieves performance on par with state-of-the-art approaches across multiple chal-
lenging document parsing benchmarks and semantic perturbation settings, while attaining a more
favorable balance among recognition accuracy, robustness, and decoding efficiency. More examples
are provided in Appendix D.

2 Related Works

Vision-Language Models for Document OCR. Driven by large-scale pre-training, document OCR
has evolved from traditional modular pipelines [7, 22, 33, 43] toward end-to-end Vision-Language
Models (VLMs) that generate structured text directly from pixels [17, 16, 34, 25, 6, 1, 11, 47]. Rep-
resentative systems such as MinerU2.5 [29] and PaddleOCR-VL [7] formulate document OCR as
sequence generation and rely on autoregressive (AR) decoders to produce text token by token. While
this unified paradigm simplifies traditional pipelines and improves cross-domain generalization, it
inherits structural limitations from causal left-to-right decoding. Inference latency scales linearly
with output length, limiting efficiency in long-document scenarios. Moreover, the strong coupling
between generation order and linguistic context encourages reliance on language priors, which may
compromise robustness when visual evidence is ambiguous or semantic structure is disrupted. These
limitations motivate alternative decoding paradigms that enable global dependency modeling and
reduce dependence on unidirectional factorization.

Masked Diffusion Language Models. Diffusion Language Models (DLMs) [14, 10, 37, 27, 52] offer a
non-autoregressive generative framework based on discrete diffusion processes. In masked diffusion,
tokens in a clean sequence x are progressively replaced by mask tokens [MASK] under a continuous
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corruption schedule t € [0, 1], yielding a noised sequence x;. The forward process is defined as:
n .
q(xt | x) =] [ Cat (xlt,' (1- t)éxé + t(S[MASK]> . (1)
i=1

The corresponding training objective can be derived from maximum likelihood estimation [36, 35, 57,
31], resulting in an evidence lower bound (ELBO) on log py(x):

1 1 ]
Tran(x0,Q, 0) = / HT|]E‘I(M|XO) L, logpelxo |, Q) dt, ?

where Q denotes the prompt and |xg| is the sequence length.

To enhance scalability, block diffusion models [2, 3, 48, 46] introduce block-wise attention mechanisms
that balance the optimization stability of autoregressive (AR) training with the parallel sampling
efficiency of diffusion-based generation. Their structured attention patterns naturally enable KV-cache
reuse, alleviating the inference latency commonly observed in full-attention DLMs [12, 21, 23, 2, 54, 49].

Masked diffusion models are structurally well aligned with the characteristics of document OCR tasks.
In document OCR, the target text typically exhibits a near-deterministic mapping to the textual content
present in the image, with limited semantic ambiguity. Under this setting, the conditional independence
assumption underlying masked diffusion—that each token can be predicted independently given
the input and partially observed sequence, as illustrated in Figure 2—becomes considerably more
reasonable than in open-ended language generation [24, 58, 27]. This alignment allows the model to
decode long-range text spans in parallel without sacrificing consistency.

Therefore, diffusion-based decoding is not merely an efficiency-oriented alternative to autoregressive
methods. Instead, it constitutes a modeling paradigm that is inherently better matched to the structural
properties of OCR, offering both theoretical justification and practical advantages for large-scale text
recognition.

3 Method

3.1 Problem Formulation: Inverse Rendering via Diffusion

We model document OCR [32] as the inverse rendering of a unified structured token sequence:
y=(yW,... D) eV, ®)

where V is a shared vocabulary encompassing text symbols, layout markers, table delimiters, and
mathematical operators. This unified representation enables the encoding of heterogeneous docu-
ment elements—such as paragraphs, tables, formulas, and reading order—within a single sequential
interface.

Although serialized as a one-dimensional sequence, y corresponds to an underlying two-dimensional
document structure. The statistical dependencies between tokens arise primarily from spatial arrange-
ment, layout regularities, and formatting constraints, rather than from an intrinsic causal generation
order. Therefore, the serialization order should be viewed as an implementation artifact introduced for
representation convenience, rather than a fundamental property of the document generation process.
In this sense, OCR output is more naturally modeled as a spatially coupled discrete random field,
rather than a strictly directional sequence.
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Figure 2: Overview of the document OCR inverse rendering process via different decoding methods..
The model maps a 2D document image to a 1D token sequence for decoding through autoregressive
and diffusion-based methods.

Document OCR can be framed as posterior inference over a latent structured token sequence, where the
input document x serves as partial and noisy evidence, constraining both token identities and spatial
positioning. Traditional OCR systems typically parameterize the posterior through autoregressive
decompositions [29, 7, 47, 16], which impose a fixed causal order and limit the ability to model
document structure globally. In contrast, as illustrated in Figure 2, diffusion-based decoding methods
[2, 27] introduce a discrete diffusion process that avoids a fixed causal ordering, enabling global
iterative refinement under visual conditioning, which naturally aligns with the structural properties of
OCR tasks. The conditional independence assumption inherent in masked diffusion models [27] —i.e.,
each token can be independently predicted given the input and partially observed sequence—becomes
particularly reasonable in OCR, where the target text has a one-to-one correspondence with the text in
the image. Through multiple denoising iterations, diffusion models jointly update all tokens across
the entire sequence, circumventing the single-pass update limitation of autoregressive decoding, and
providing a more structurally aligned approximation to the posterior distribution p(y | x).

3.2 MinerU-Diffusion: Unified Diffusion Architecture for OCR

A straightforward implementation of discrete diffusion for OCR is to apply a full-attention dLM [27, 52,
54] over the entire token sequence at each denoising step. However, when scaling to long structured
documents, such a design suffers from fundamental structural and computational limitations [49].

Full self-attention incurs quadratic complexity O(L?) with respect to sequence length L, making it
computationally expensive for long structured documents with thousands of tokens. Moreover, full-
attention diffusion operates globally, which introduces positional instability as early denoising errors
can propagate across the sequence. Unlike autoregressive decoding [1], global diffusion lacks structural
anchoring and is prone to long-range drift. Additionally, document structures exhibit strong locality,
with high intra-region consistency and weak long-range dependencies. Full-attention unnecessarily
couples independent regions, conflicting with the spatially constrained posterior structure of document
OCR.

These observations suggest that purely full-attention diffusion is not structurally aligned with OCR.
To address these limitations, we introduce MinerU-Diffusion, a block-attention [2, 4] dVLM that
incorporates structural locality into posterior refinement, as illustrated in Figure 3. The output
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Figure 3: Training of MinerU-Diffusion. Left: the target token sequence is randomly masked to form a
partially observed input, and the model predicts only the masked positions under visual and prompt
conditioning. Right: the structured block-attention mask used during training, where tokens attend
bidirectionally within each block and causally to all preceding blocks, enabling parallel diffusion
refinement within blocks while preserving coarse autoregressive structure across blocks.

sequence is partitioned into B contiguous blocks:

Rather than modeling the entire sequence as a monolithic denoising problem, we factorize the condi-
tional posterior:

B
po(y | x) = TTpe(y® | y=",2), (5)
b=1
where y(<?) denotes all preceding blocks. Within each block, diffusion operates locally:

po () 1y, y <9, x). (6)

This hybrid factorization introduces coarse-grained autoregressive structure across blocks and parallel
diffusion refinement within blocks. Block boundaries serve as structural anchors, preventing long-
range alignment drift, while preserving parallel efficiency inside each block.

At each denoising step, a structured attention mask is applied. Tokens can attend fully to tokens within
the same block, causally to tokens in preceding blocks, and not to tokens in future blocks, as shown in
Figure 3. Formally, the attention mask M;; is defined as:

, ifb(i) = b()),
, 1fb(j) <b(i), (7)

0, otherwise.

—_

Mi]' =

—_

where b(i) denotes the block index of token i. This structured masking reduces unnecessary global
coupling, stabilizes positional alignment, and ensures that decoding errors remain locally bounded.

MinerU-Diffusion conditions the diffusion process on native-scale visual features [29, 30, 44, 8],
ensuring that posterior refinement remains grounded in visual evidence. Compared to full-attention
diffusion, block-attention reduces complexity from O(L?) to O(BL'?). The causal structure across
blocks enables efficient KV-caching during inference, while maintaining parallel decoding within each
block. Overall, MinerU-Diffusion provides a structurally grounded and computationally scalable
diffusion architecture tailored for document OCR.
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3.3 Two-Stage Curriculum Learning with Uncertainty-Driven Refinement

To fully leverage large-scale heterogeneous data and alleviate the performance bottleneck caused by
noisy labels, we propose a two-stage curriculum learning framework to train the MinerU-Diffusion.
Compared with autoregressive (AR) models that generate tokens in a fixed order, diffusion models can
decode tokens in any order, introducing more intricate inter-token dependencies that make training
less stable and more sensitive to noise—often requiring larger datasets and more carefully tuned
training strategies [37, 26]. Furthermore, random masking modeling typically achieves lower data
utilization efficiency compared to AR models at the same data scale. This is because AR models
make predictions based on the complete prefix information at each step, while random masking
disperses the supervisory signal, reducing the density of effective conditional information. To address
this, we divide the dataset D into two subsets: Dy s, which is easier to train, and Dy,.q, which is
more challenging. We first train on Dy, to establish the foundational structure understanding, then
fine-tune on Dy,,q to improve the model’s robustness to noisy labels and boundary precision. This
framework effectively resolves the optimization complexity and low data utilization efficiency faced
by diffusion models in any-order modeling.

3.3.1 Stage I: Diversity-Driven Foundational Learning

In the first stage, our goal is to establish robust foundational representations and general parsing
abilities across multiple document understanding tasks. To this end, we construct a large-scale, diverse,
and balanced dataset Dy, through data curation and automated annotation refinement.

This dataset satisfies:
Dbase ~ pdin(x)r (8)

where p4;, (x) denotes a high-entropy data distribution covering diverse layouts, languages, document
types, and visual styles.

This stage emphasizes broad visual-semantic alignment, stable feature learning, and robust cross-
domain generalization. Although Dy, contains moderate annotation noise, its large scale and diversity
enable effective representation learning. From an optimization perspective, training on Dy, yields a
relatively smooth loss landscape, facilitating stable convergence.

3.3.2 Stage II: Uncertainty-Driven Boundary Refinement

After Stage I convergence, the model acquires strong general capabilities. However, performance
is constrained by noisy supervision and limited exposure to complex edge cases. To overcome this
limitation, we introduce an uncertainty-driven curriculum refinement stage.

Hard Case Mining via Inference Consistency. For each unlabeled or weakly labeled sample x, we
perform T stochastic inference passes:

WY = {folx &)}y, 9)

where (; represents stochastic factors such as sampling temperature or dropout.

We define a task-specific consistency metric S(-, -): (1) PageloU for layout, (2) CDM for formula, (3)
TEDS for tables.

The mean consistency score is computed as:

2

— 7@ 50)
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Low values of C(x) indicate high prediction uncertainty.

We select hard samples as:
Dpara = {x | C(x) <1}, (11)

where 7 is a task-dependent threshold.

Expert Refinement and Dataset Construction. Samples in Dy, are processed through an Al-assisted
human annotation pipeline to produce high-precision labels:

Dhara = {xi Git 1. (12)
The final fine-tuning dataset is constructed as:

Dser = Dhara U & Dygna, (13)

where D,,,,; is a randomly sampled subset of Dy, and a controls the regularization ratio.

The Stage II optimization objective is defined as:
Ehard(e) = IE’(X,y)NDSFT [w(x) g(f(?(x)/y)] 4 (14)

where the sample weight is:
w(x) =14 p(1—-C(x)), (15)

with B controlling the emphasis on hard samples.

This adaptive weighting further encourages the model to focus on decision-boundary regions. The pro-
gressive curriculum mitigates optimization instability and performance ceilings caused by diffusion’s
any-order modeling by organizing data from broad to difficult, enabling MinerU-Diffusion to overcome
annotation noise and long-tail complexity for superior real-world document OCR performance.

4 Experiments

In this section, we present a comprehensive quantitative evaluation of MinerU-Diffusion to demon-
strate its effectiveness in document OCR tasks. More ablation studies and qualitative examples are
provided in Appendix C and Appendix D.

4.1 Experimental Setups
411 Data

All meta training data are derived from the MinerU2.5 dataset [29], with a total volume of approxi-
mately 7.5M samples. The dataset primarily focuses on Chinese and English document parsing tasks.
Therefore, no dedicated evaluation was conducted for low-resource languages.

4.1.2 Models and Optimization

Our experiments adopt a block-wise attention dVLM architecture. Specifically, we employ the SDAR-
1.7B-Chat-b32 [4] with a block size of 32. The remaining components follow the MinerU2.5 architecture,
except that M-RoPE [44, 38] is removed. We first fine-tune the MinerU-Diffusion on the LLaVA-NeXT
dataset [19] for visual question answering (VQA) tasks. Based on this initialization, we further conduct
specialized training for document optical character recognition (OCR). Additional optimization details
are provided in Appendix A.
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Type Methods Params. | Overall T Text| Formula® TablergpsT Tablergpss T Reading Order | ‘ GT Layout
Piveline Mineru2-pipeline [43] - 75.51 0.209 76.55 70.90 79.11 0.225 X
P PP-StructureV3 [7] - 86.73 0.073 85.79 81.68 89.48 0.073 X
Qwen2.5-VL-72B [40] 72B 87.02 0.094 88.27 82.15 86.22 0.102 X
Gemini-2.5 Pro [6] - 88.03 0.075 85.82 85.71 90.29 0.097 X
MinerU2-VLM [43] 0.9B 85.56 0.078 80.95 83.54 87.66 0.086 X
Nanonets-OCR-s [25] 3B 85.59 0.093 85.90 80.14 85.57 0.108 X
AR MonkeyOCR-pro-1.2B [17] 1.9B 86.96 0.084 85.02 84.24 89.02 0.130 X
MonkeyOCR-pro-3B [17] 3.7B 88.85 0.075 87.25 86.78 90.63 0.128 X
dots.ocr [16] 3B 88.41 0.048 83.22 86.78 90.62 0.053 X
MinerU2.5 [29] 1.2B 90.67 0.047 88.46 88.22 92.38 0.044 X
PaddleOCR-VL [7] 0.9B 92.56 0.035 91.43 89.76 93.52 0.043 X
dLM MinerU-Diffusion 2.5B ‘ 88.94 0.061 86.41 86.50 90.29 0.059 ‘ X
AR MinerU2.5 [29] 1.2B 93.44 0.025 91.98 90.84 95.10 v
PaddleOCR-VL [7] 0.9B 93.91 0.021 92.13 91.70 95.42 v
dLM MinerU-Diffusion 2.5B ‘ 93.37 0.028 91.92 91.00 94.86 - ‘ v

Table 1: Comprehensive evaluation of document parsing on OmniDocBench v1.5. 1 denotes higher is
better, | denotes lower is better.

4.1.3 Evaluation

All experiments are conducted with a block size of 32 and a dynamic decoding strategy. The decoding
threshold is set to T = 0.95, with top-k = 0, temperature = 1.0, and top-p = 1.0.

For full document parsing and layout analysis, we evaluate our models on OmniDocBench v1.5 [32].
Table recognition is assessed using CC-OCR [51] and OCRBench v2 [9], while formula recognition is
evaluated on UniMER-Test [42]. The inference prompts for these tasks are summarized in Appendix B.

Unless otherwise stated, all OmniDocBench results use the same inference setting as above and follow
the latest evaluation protocol on 1,355 pages with hybrid matching. On OmniDocBench, text is
evaluated by edit distance ({), formulas by CDM (7), and tables by TEDS / TEDS-S (). The Overall
score is computed from the three core parsing metrics:

(1 — Text®dt) % 100 + Formula®® -+ TableTEDS

11 =
Overa 3

Therefore, Reading Order and Tablerrps.g are auxiliary metrics and are not included in Overall.
Reading Order is only reported under the w/o GT Layout setting, where the model must jointly predict
layout and content from the full page. In contrast, under w/ GT Layout, oracle layout regions are
provided, so the evaluation mainly isolates recognition quality after removing layout detection errors.

4.2 Full-Document Parsing Task Results

As shown in Table 1, under the fully automatic setting without GT Layout, MinerU-Diffusion achieves
an Overall score of 88.94, outperforming most AR-based models and demonstrating strong end-to-end
parsing capability without relying on oracle layout information. When evaluated with GT Layout,
MinerU-Diffusion further improves to 93.37 Overall, reaching a score that is close to top-tier AR-based
systems and indicating high competitiveness in overall parsing performance. Meanwhile, the sizable
gap between the two settings suggests that layout understanding remains a key bottleneck: MinerU-
Diffusion can leverage accurate layout signals effectively, and its remaining weaknesses are primarily
attributed to layout analysis, leaving clear room for improvement in layout prediction to further close
the gap in fully automatic parsing.

To complement the aggregate results in Table 1, Table 2 further breaks down the text edit distance over
the nine OmniDocBench page types. Lower values indicate better page-level parsing quality.

10
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. Academic Exam . Financial | GT
Type Methods Slides Papers Book Textbook Papers Magazine Newspaper Notes Report | Layout

Pipeline MinerU2-pipeline [43] 04244  0.0230 02628 0.1224  0.0822  0.3950 0.0736 0.2603  0.0411 X
P PP-StructureV3 [7] 0.0794  0.0236  0.0415 0.1107  0.0945  0.0722 0.0617 0.1236  0.0181 X
Qwen2.5-VL-72B [40] 0.0422  0.0801 0.0586 0.1146  0.0681  0.0964 0.2380 0.1232  0.0264 X
Gemini-2.5 Pro [6] 0.0326  0.0182  0.0694 0.1618 0.0937  0.0161 0.1347 0.1169  0.0169 X
MinerU2-VLM [43] 0.0745  0.0104  0.0357 0.1276  0.0698  0.0652 0.1831 0.0803  0.0236 X
Nanonets-OCR-s [25] 0.0551  0.0578  0.0606 0.0931  0.0834  0.0917 0.1965 0.1606  0.0395 X

AR MonkeyOCR-pro-1.2B [17] | 0.0961  0.0354  0.0530  0.1110  0.0887  0.0494 0.0995 0.1686  0.0198 X
MonkeyOCR-pro-3B [17] | 0.0879  0.0459  0.0517  0.1067  0.0726  0.0482 0.0937 0.1141  0.0211 X

dots.ocr [16] 0.0290  0.0231  0.0433 0.0788  0.0467  0.0221 0.0667 0.1116  0.0076 X
MinerU2.5 [29] 0.0304  0.0213  0.0322 0.0590 0.0501  0.0388 0.0570 0.1036  0.0071 X
PaddleOCR-VL [7] 0.0260  0.0168  0.0320 0.0691  0.0447  0.0194 0.0357 0.0593  0.0079 X

dLM MinerU-Diffusion ‘ 0.0440  0.0244 0.0444 0.0677 0.0580  0.0474 0.0863 0.1618  0.0104 ‘ X
AR MinerU2.5 [29] 0.0164  0.0184 0.0144 0.0259  0.0273  0.0126 0.0288 0.0559  0.0045 v
PaddleOCR-VL [7] 0.0173  0.0224 0.0145 0.0349  0.0292  0.0129 0.0311 0.0455  0.0177 v

dLM MinerU-Diffusion | 00253  0.0226 0.0306 0.0316 0.0281  0.0181 0.0336 00528 00053 |

Table 2: Breakdown of document parsing on OmniDocBench v1.5 by page type, reported in text edit
distance ().

4.3 Element-Specific Parsing Task Results
4.3.1 Table Recognition

We evaluate MinerU-Diffusion ’s table recognition performance on the table subsets of CC-OCR [51]
and OCRBench v2 [9], as shown in Table 3. MinerU-Diffusion is competitive with other AR-based
models on both table subsets. It achieves 81.18/88.66 (TEDS/TEDS-S) on OCRBench v2 and 73.77/82.06
on CC-OCR, matching or surpassing several strong AR baselines in the same evaluation setting and
remaining close to the top group. In particular, the strong TEDS-S scores indicate that MinerU-Diffusion
can reliably preserve table structure during diffusive decoding, demonstrating solid end-to-end table
parsing capability and overall competitiveness among AR approaches.

4.3.2 Formula Recognition

We evaluate formula recognition on UniMER-Test [42], with results summarized in Table 3. MinerU-
Diffusion achieves 91.6/91.6/92.0/96.8 on CPE/HWE/SCE/SPE, consistently demonstrating strong
performance across complex, handwritten, and printed settings. Compared with other autoregressive
(AR) baselines, MinerU-Diffusion is clearly competitive, substantially outperforming general-purpose
models such as GPT-4o [13], and reaching similar ranges to strong AR systems on multiple subsets.
The remaining gap to the best specialized pipeline (e.g., MinerU2.5 [29]) is most visible on harder
categories like CPE, suggesting future improvements should focus on more precise symbol-level
modeling and structure-aware decoding for complex printed expressions.

4.4 Ablation Study
44.1 Confidence Threshold vs. Decoding Parallelism

We systematically analyze the impact of dynamic confidence thresholds on decoding parallelism and
inference efficiency. As shown in Figure 4, as the threshold increases from 0.5 to 0.99, both Tokens
Per Forward (TPF) and Throughput Per Second (TPS) decrease monotonically: lower thresholds
relax confirmation constraints, enabling greater parallel decoding and higher throughput, whereas
thresholds above 0.95 cause decoding to approach near token-by-token generation, leading to a marked
efficiency drop. The threshold thus serves as a controllable system-level knob that enables a continuous
and predictable trade-off between efficiency and conservativeness. Compared with MinerU2.5 at
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CC-OCR OCRBench v2 UniMER-Test
TEDST TEDS-S1 | TEDST TEDS-ST | CPET HWE?T SCET SPE?T

InternVL3.5-241B [45] | 62.87 69.52 79.50 85.81 91.7 932 951 978
Qwen2.5-VL-72B [40] | 81.22 86.48 81.33 86.58 88.9 918 955 96.2

Type Method

AR GPT-4o[13] 66.98 7904 | 7051 7955 | 827 859 878 967
dots.ocr [16] 7542 8165 | 8204 8627 | 868 905 947 975
MinerU2.5 [29] 79.76 8516 | 8713  90.62 | 96.6 944 964 984

dLM MinerU-Diffusion | 7377 8206 | 81.18 8866 | 916 916 920 96.8

Table 3: Comprehensive recognition results on CC-OCR [51], OCRBench v2 [9], and UniMER-Test [42].
1 denotes higher is better.

TPF vs Threshold TPS vs Threshold Accuracy vs TPS
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Figure 4: Threshold sensitivity analysis of TPF, TPS, and accuracy. TPF denotes tokens per forward,
and TPS refers to throughput measured on an NVIDIA H200 GPU with a batch size of 1.

matched accuracy (fixed at ~52 TPS), our method achieves 108.9 TPS at 93%+ accuracy (thr = 0.95),
corresponding to a 2.1x speedup, and reaches 164.8 TPS while maintaining over 90% accuracy (thr =
0.6), yielding a peak acceleration of approximately 3.2 x, thereby unlocking substantial parallelism
without sacrificing quality.

4.4.2 Decoding Parallelism vs Accuracy

This experiment analyzes the impact of decoding parallelism on model accuracy by varying the
dynamic confidence threshold (0.5-0.99) under the w/ GT Layout setting. As shown in Figure 5, as
the threshold increases, performance first improves, then saturates, and slightly declines: the Overall
score rises from 87.61 (thr=0.5) to 93.37 (thr=0.95), indicating that moderately reducing parallelism
mitigates low-confidence error propagation and enhances accuracy. However, further increasing the
threshold to 0.99 leads to a slight drop, suggesting that overly conservative decoding weakens the
benefits of parallel information interaction. At the task level, higher thresholds consistently improve
structural consistency, benefiting text, table, and formula recognition (e.g., Table TEDS improves
from 81.10 to 90.99), as reduced parallelism alleviates structural error accumulation. Combined with
the throughput analysis in Figure 4, these results reveal a clear accuracy—efficiency trade-off: lower
thresholds favor speed, while higher thresholds improve stability at the cost of efficiency. Notably,
at thr=0.95, MinerU-Diffusion achieves an Overall score of 93.37, comparable to MinerU2.5 while
retaining superior decoding efficiency, making it an effective balance point between accuracy and
efficiency.
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Figure 5: Visualizing the accuracy-throughput trade-off of different models across different OCR tasks
under the w/ GT Layout setting.

Tvpe Method Inference Score (w/ GT Layout) Score (w/o GT Layout)
yP TPF TPS | Overallt Text| Formulat Tablergps?T Tablergpsgt |Overallt Reading Order.
Static (step=6) 533 9156| 8831 0.064 8552 85.81 9120 82.73 0.077
dLM Dynamic (t = 0.97) |5.18 98.32| 93.34 0.028 91.65 91.17 94.92 89.04 0.057

Static (step=32) 1.00 21.86| 93.02 0.030 91.10 90.95 94.73 89.76 0.060
AR MinerU2.5 [29] 1.00 5146| 9344 0.025 91.98 90.84 95.10 90.67 0.044
PaddleOCR-VL [7] |1.00 40.77| 9391 0.021 92.13 91.70 95.42 92.79 0.043

Table 4: Comparison of different inference strategies and model types in terms of efficiency (TPF, TPS)
and document parsing performance.

4.4.3 Decoding Strategy Comparisons

We compare static decoding with dynamic scheduling on OmniDocBench v1.5 [32], as summarized in
Table 4. Increasing the total decoding steps from 6 to 32 improves overall performance from 88.31 to
93.02, indicating that decoding fewer tokens per step reduces error accumulation, albeit at the cost
of requiring more rounds of inference and thus lower throughput (21.86 TPS). In contrast, dynamic
scheduling outperforms static step=6 in both overall and sub-task metrics (93.34 vs. 88.31) while
achieving higher throughput (98.32 vs. 91.56 TPS), indicating that confidence-based adaptive token
selection effectively reduces premature low-confidence commitments and balances efficiency with
accuracy. As further shown in Table 4, compared with strong AR baselines such as MinerU2.5 [29]
and PaddleOCR-VL [7], our approach achieves competitive parsing performance while maintaining
high throughput, highlighting the potential of parallel generation strategies for complex document
understanding.

4.4.4 Full-Attn vs Block-Attn

To analyze the impact of attention mechanisms on efficiency and stability, we conducted ablation
experiments on Full-Attn and Block-Attn Diffusion using LLaDA-MoE-7B-A1B-Instruct [58], trained on
an OCR task. The main difference lies in the amount of attention computed per forward step. Full-Attn
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Figure 6: Comparison of training dynamics across different curriculum strategies. The two-stage
framework achieves smoother optimization and higher final accuracy compared to single-stage base-
lines.

Settin Score (w/ GT Layout) Score (w/o GT Layout)

8 Overallt Text| Formulat Tablergpg? Tablergpss? | Overallt Reading Order)
Stage 1 92.89 0.032 91.58 90.28 94.93 86.13 0.056
Stage 2 89.33 0.038 88.50 83.29 88.93 35.71 0.472
Stage 1 + Stage 2 93.37 0.028 91.92 91.00 94.86 88.94 0.059

Table 5: Comparison of different training stages under GT and non-GT layout settings.

computes roughly L x L attention, leading to quadratic growth in memory and computational costs
with longer sequences, which slows inference and can induce repetitive decoding in OCR. In contrast,
Block-Attn computes roughly B x L attention per forward step, using a “self-regressive across blocks,
diffusion within blocks” design, achieving near-linear scalability while maintaining bidirectional
context modeling. Experimental results show Block-Attn reduces memory and latency significantly
and better mitigates repetition in OCR generation, yielding stronger scalability and stability. A more
detailed discussion of these ablation results is provided in Appendix C.

4.4.5 Two-Stage Curriculum Learning

To validate the proposed two-stage curriculum learning framework, we conduct systematic ablations
on OmniDocBench v1.5, comparing Stage 1 only, Stage 2 only, and the full two-stage strategy. As
shown in Figure 6, training dynamics (Accuracy, Loss, and Grad Norm) reveal that Stage 2 alone
exhibits rapid early loss reduction but low accuracy and significant gradient oscillation, indicating high-
variance optimization caused by emphasizing high-uncertainty samples without stable representation
initialization. In contrast, Stage 1 achieves smooth and stable convergence with accuracy improving
to around 85%, yet performance saturates due to limited boundary refinement. The full two-stage
strategy integrates both advantages: Stage 1 establishes low-variance global representations under
diverse data, while Stage 2 performs uncertainty-driven boundary refinement, enabling continued
improvement beyond the Stage 1 plateau and achieving over 89% accuracy. As shown in Table 5, under
the challenging w/o gt_layout setting, Stage 2 alone largely fails (35.712), whereas the full framework
reaches 88.937, confirming that the progressive curriculum effectively mitigates optimization instability
and performance ceilings induced by diffusion’s any-order modeling.

4.5 Semantic Shuffle Analysis

Most modern VLM-based OCR systems [29, 7, 16, 47] follow a “vision encoder + autoregressive (AR)
language decoder” pipeline: the image is converted into visual tokens, and an LM-style decoder [39]
generates the transcription token by token. Although this paradigm achieves strong OCR scores, it is
often unclear whether these gains come from faithful visual reading or from the decoder’s ability to

14



MinerU-Diffusion: Rethinking Document OCR as Inverse Rendering via Diffusion Decoding

BLEU METEOR F-Measure
09 gy &y = = . = . 091 « e, =
N —a—=
N 099 N
0.8 . 08 '\ .
N A} 0.8 &
go7 \h 07 \ \\_
] - \ -a
- S 06 - N
06 . \ 0.7 N
~ N .\
N
05 - ; N 05 A N ~o o
—-:— m!nerﬂ-zD;ffuslon ‘__.__“ T *_'_* 0.6 \._.\\.
: . il N ~e- ---
o iner - | 04 -, hiineh)
go g g g gb g gb o e do g b g S g g g gb g o o g do de g o S g0 go g go do g do g0 do Jo o e
DR O S L S S S SR R S S S S S SR R S SIS R S S S
Precision Recall 1 - Edit Distance
0.95 [ | e N —a—8—a | il —t "
0.9 \
0901 N N 09 i
0.85 e S ~
\ 08 N A Y
© 0.80 \ \ 0.8 AN
H A - -
© 075 - 07 S .
0 \ . . 0.7 .
0.70 o Y ~e
~
0.65 A S 0.6 ANE AN
\\".‘\ - . 0.6 —_e Y
- ~e- b i
0.60 - oo -~ iy
o o o o O o P g0 b do o o o do oo g0 o g0 do o o o do b o op o o g o g0 o 0 g0 o do b o op
Q" 9 @ ,:3 ’LQ ,»Q »© ,,)0 "OQ /\0 Q,Q QQ \’QQ Q" 9 S \f) ’LQ ,50 © ,70 QQ «0 %Q qﬁ &b Q" 9 @ \") ’LQ ,5Q »© ,,)Q b% «0 Q,Q QQ \QQ
Distort Level Distort Level Distort Level

Figure 7: Semantic Shuffle benchmark results across distortion levels.

“fill in” plausible text using linguistic priors and global context.

To better isolate true visual decoding ability, and to validate our hypothesis, we construct Semantic
Shulffle, a benchmark that removes semantic coherence while keeping the visual presentation com-
parable. Starting from 112 English document images in the FOX dataset [18], we shuffle a controlled
proportion of words and re-render the resulting text into new document images with consistent
formatting.

As shown in Figure 7, experiments reveal a clear contrast between decoding paradigms. As the
distortion level increases, the performance of AR decoders degrades sharply and consistently, in-
dicating a heavy reliance on linguistic plausibility. In contrast, a diffusion-style decoder remains
robust, maintaining nearly constant performance across distortion levels. These results suggest that
AR decoders tend to reconstruct text using global language regularities when semantics are disrupted,
whereas diffusion-based decoding aligns more directly with the visual signal under semantically
invalid inputs.

5 Conclusion

In this paper, we propose MinerU-Diffusion, a 2.5B-parameter diffusion-based framework for doc-
ument OCR, replacing autoregressive decoding with block-level parallel diffusion decoding and
confidence-guided scheduling to improve efficiency and scalability. A two-stage curriculum learning
strategy stabilizes training and enhances boundary precision and robustness. Experiments across
document, table, formula, and Semantic Shuffle benchmarks show competitive performance against
AR baselines and stronger resilience to disrupted semantics, highlighting diffusion-based parallel
decoding as a promising alternative for document ocr. We hope our work inspires future research on
efficient and reliable diffusion-based decoding for document OCR.
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Appendix

A Training Details

MinerU-Diffusion uses a vision encoder initialized from Qwen2-VL-7B, a diffusion decoder initialized
from SDAR-1.7B-Chat-b32, and an abstractor initialized from random parameters, and is trained in
three phases summarized in Table 6: Stage-0 initializes multimodal alignment on generic image-text
data, Stage-1 performs large-scale OCR adaptation on the easier subset Dy,se, and Stage-2 further
fine-tunes the model on the harder subset Dy, ,;4-

Stage-0 Stage-1 Stage-2
‘ a b
5 Max Resolution 2048 x 28 x 28 4096 x 28 x 28 2048 x 28 x 28 2048 x 28 x 28
£ #Tokens per Image 4~ 2048 4 ~ 4096 4~ 2048 4~ 2048
= Dataset LLaVA-Pretrain LLaVA-NeXT-Data Layout&OCR Layout&OCR
Q #Samples 550K 739K 6.9M 630K
~ Trainable MLP Adaptor All All All
§ Sequence Length 4096 8192 12288 16384
Data Augmentation No No Yes Yes
& Batch Size 256 64 256 256
£ LR 1x1072 4x107° 4 x107° 2 x107°
= Warmup Ratio 0.03 0.03 0.03 0.1
Epoch 1 1 9 4

Table 6: Training setup and hyperparameters in three training stages.

A.1 Stage-0: Modality Alignment

Stage-0 provides the initialization used before document-specific supervision is introduced. In Stage-
0a, LLaVA-Pretrain is used to optimize only the MLP adaptor, while the remaining modules are
frozen. This step aligns visual features with the language model input space and stabilizes subsequent
OCR training. In Stage-Ob, training is continued on LLaVA-NeXT-Data with all parameters unfrozen,
improving multimodal instruction following and adaptation to longer visual contexts.

As shown in Table 6, this phase uses shorter sequences and no document augmentation. Its primary
role is to provide a stable initialization for later large-scale OCR optimization.

A.2 Stage-1: Large-Scale OCR Adaptation

Stage-1 constitutes the main OCR training phase and corresponds to the easier split Dy, in Section 3.3.
Training is conducted on the Layout&OCR mixture, which jointly covers page-level layout detection
and element-level recognition for text, formulas, and tables. Layout samples use full-page images with
relative coordinates, whereas recognition samples use cropped regions to preserve local detail without
incurring the full-page token cost.

The objective of this phase is to establish reliable OCR performance on standard document samples
before emphasizing more difficult cases. Because masked diffusion is trained from partially observed
targets rather than a fixed left-to-right prefix, optimization is more sensitive to label noise and hetero-
geneous data quality. Stage-1 therefore relies on scale, task diversity, and document augmentation to
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improve training stability. All parameters are updated in this phase. The sequence length is 12288, the
batch size is 256, the learning rate is 4 x 107>, and training lasts for 9 epochs.

A.3 Stage-2: Hard-Case Specialization

Stage-2 starts from the Stage-1 checkpoint and shifts the sampling distribution toward the harder subset
Dhard- This subset contains samples on which the model remains comparatively unstable, including
crowded layouts, ambiguous crop boundaries, structurally complex tables, and noisy supervision.
Hard samples are mixed with a smaller replay portion drawn from the broader Stage-1 distribution so
that baseline OCR coverage is preserved while failure cases are further reduced.

This phase is intended to improve performance on the samples that dominate the residual error after
Stage-1. Accordingly, the sequence length is increased to 16384 and the learning rate is reduced to
2 x 107>, while the batch size is kept at 256 and the warmup ratio is increased to 0.1. All parameters
remain trainable, and fine-tuning lasts for 4 epochs.

A.4 Training Dynamics

As shown in Figure 8, the loss and gradient norm remain stable throughout Stage 0Oa, Stage Ob, Stage 1,
and Stage 2. Stage 0a and Stage Ob converge rapidly during multimodal initialization, Stage 1 exhibits
smooth long-horizon optimization on Dy, and Stage 2 remains stable after introducing hard-case
refinement. These dynamics are consistent with the curriculum design: a stable base solution is
first established on broad OCR data, after which hard-case refinement improves performance while
preserving optimization stability.

A.5 Data Augmentation

Document-specific augmentation is enabled in both Stage-1 and Stage-2. Following the same aug-
mentation taxonomy used in MinerU2.5, we inject four types of perturbations during OCR training:
geometric changes, background disturbances, color shifts, and image degradation. In practice, this
includes scaling, grid distortion, and rotation; background effects such as texture overlays, weather-like
artifacts, watermarking, scanlines, and shadows; photometric changes such as brightness/contrast
adjustment, illumination variation, and RGB shift; and degradation operators including PSF blur,
motion-like blur, Gaussian blur, and light morphological corruption such as erosion or dilation.

These transformations target common OCR noise. We mainly simulate uneven lighting, compression
artifacts, scan traces, and cluttered backgrounds. As in MinerU2.5, spatial augmentation is not applied
to layout detection samples, since it can alter the geometric supervision itself. Augmentation strength
and sampling probability are instead tuned by task type, so that the model gains robustness without
drifting too far from valid OCR targets.

A.6 Practical Notes

For Stage-1 and Stage-2, the visual token budget is limited to 2048 tokens per image, and inputs are
resized only when this budget is exceeded. Page-level layout detection and crop-level recognition are
trained separately within the same unified model. This design aligns training with downstream usage:
global structure is learned from full pages, whereas precise transcription and structure recovery are
learned from native-content regions.
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Figure 8: Training dynamics across the four stages in our training recipe: Stage Oa, Stage Ob, Stage 1,
and Stage 2. For each stage, we report both the loss and the gradient norm.

B Prompt Templates

This section summarizes the prompts used by MinerU-Diffusion at inference time. All OCR tasks

share the same system prompt:

System: You are a helpful assistant.
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B.1 Layout Detection

Layout detection uses the following prompt call:

System: You are a helpful assistant.
User: Layout Detection:

The input page image is resized to 1036 x 1036 before decoding. The returned sequence lists document
elements in reading order. Each entry serializes the relative box coordinates, the semantic category,
and the orientation tag, so that the page layout can be reconstructed directly from the decoded string.
A representative prediction is shown below:

<|box_start|>130 071 368 102<|box_end|><|ref_start|>title<|ref_end|><|rotate_up]|>

<|box_start|>275 068 320 072<|box_end|><|ref_start|>text<|ref_end|><|rotate_up|>
<|box_start|>015 300 496 524<|box_end|><|ref_start|>image<|ref_end|><|rotate_up]|>

B.2 Text Recognition

Text recognition uses the following prompt call:

System: You are a helpful assistant.
User: Text Recognition:

The image is processed at its original resolution whenever possible, with the visual token budget
constrained to 4-2048 tokens. If this limit is exceeded, the image is resized accordingly. The model
returns a plain text transcription without additional structural markers. A representative prediction is
shown below:

We believe that LLMs can be trained to identify proof issues without reference solutions.

B.3 Formula Recognition

Formula recognition uses the following prompt call:

System: You are a helpful assistant.
User: Formula Recognition:

The image remains at native resolution unless the visual token count exceeds the range of 4-2048
tokens, in which case resizing is applied. The decoded result is a LaTeX string representing the target
expression. A representative prediction is shown below:

\[

\begin{aligned}

\frac{d\mathbf{u}}{dt} &= \mathbf{P} " {-1}\mathbf{A}\mathbf{P}\mathbf{u} \\

\alpha &= \mathrm{tr}(\mathbf{A}) = \lambda_{1} + \lambda_{2} \\

\beta &= [\mathbf{A}| = \lambda_{1}\1lambda_{2}

\end{aligned?}

\]

B.4 Table Recognition

Table recognition uses the following prompt call:

System: You are a helpful assistant.
User: Table Recognition:

The original image resolution is preserved when the visual token count remains within 4-2048;
otherwise, the image is proportionally rescaled. The model outputs the table in OTSL (Open Table
Structure Language), which can be parsed into a structured table representation. A representative
prediction is shown below:
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<fcel>Team<fcel>Main Score<fcel>SROCC<fcel>PLCC<nl>
<fcel>TB-VQA(ours)<fcel>0.8576<fcel>0.8493<fcel>0.8659<nl>
<fcel>2nd<fcel>0.8396<fcel>0.8408<fcel>0.8383<nl>
<fcel>3rd<fcel>0.8289<fcel>0.8261<fcel>0.8317<nl>
<fcel>4th<fcel>0.8199<fcel>0.8163<fcel>0.8236<nl>
<fcel>5th<fcel>0.7994<fcel>0.7962<fcel>0.8026<nl>

C

Full-Attn vs Block-Attn

This section expands Section 4.4.4 and explains why Block-Attn is consistently preferable to Full-Attn
for document OCR diffusion decoding.

Ca1

Why Full-Attn Is Inferior

We summarize the main disadvantages of Full-Attn in three aspects:

C.2

0.8

0.7 4

0.6 4

Loss

0.34

0.2

0.1+

0.0

0.5+

0.49

Lower speed in both training and inference. With output length L and block size B, Full-Attn
computes global pairwise attention over the entire target sequence, leading to quadratic attention
cost per denoising step, whereas Block-Attn reduces this cost to a near-linear form in practice.
During training, the effective context updated at each step also differs substantially. Following
our implementation, Full-Attn processes roughly L?/B token interactions per step, whereas
Block-Attn only needs about 2L, which makes Block-Attn noticeably faster to train under the
same block size.

Fixed-length mismatch wastes computation. Full-Attn must predefine a global decoding length
L, which is hard to match across documents with very different output lengths. When L is much
larger than the actual target length, many decoding positions are allocated but never needed.
When L is too small, the preset budget is exhausted before the target is completed. In both cases,
the mismatch leads to inefficient use of computation.

Fixed-length mismatch also harms generation quality. Empirically, Full-Attn works best when
the preset length L is close to the actual target length N. When L < N, the model may stop early
or become unstable near the tail. When L 2 N, generation is relatively stable. When L > N, the
model often fails to stop cleanly and keeps producing repeated rows or empty cells.

Generation Quality under Length Mismatch

Loss Grad Norm
0.5
0.4
E
]
2 03
k-]
I
B
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Figure 9: Training curves on a table-only subset.
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We next focus on the generation-quality issue caused by fixed-length mismatch in Full-Attn. As a
reference, Figure 9 shows the training curves of Full-Attn on a table-only subset; its training loss
exhibits a trend consistent with Block-Attn.

We then provide three qualitative cases beyond the summary discussion in Section 4.4.4. We select
three tables with different lengths, namely a short table, a medium-length table, and a long table. For
each case, we compare Full-Attn with preset lengths L = 256, 512, and 1024, together with Block-Attn
at L = 1024.

For readability, green text denotes normal content and red text denotes wrong content. The notation
“...” denotes omitted intermediate content, “...<repeat for x times>” denotes repeated content, and
“<missing>" marks missing tail content.

For the short table in Figure 10, all tested Full-Attn lengths are already over-provisioned: L = 256
and L = 512 produce repeated empty rows, while L = 1024 repeats much more severely. For the
medium-length table in Figure 11, both L = 256 and L = 512 generate normally, whereas L = 1024
introduces repeated rows after the valid content. For the long table in Figure 12, L = 256 and L = 512
are both truncated, while L = 1024 reaches the tail but still repeats the final record.

CharXiv ChartQAPro

Visual CoT  65.0 61.04

Ours 68.1 65.56
Full-Attn (L = 256) Full-Attn (L = 512)
<ecel><fcel>CharXiv<fcel>ChartQAPro<nl> <ecel><fcel>CharXiv<fcel>ChartQAPro<nl>
<fcel>Visual CoT<fcel>65.0<fcel>61.04<nl> <fcel>Visual CoT<fcel>65.0<fcel>61.04<nl>
<fcel>Ours<fcel>68.1<fcel>65.56<nl> <fcel>Ours<fcel>68.1<fcel>65.56<nl>
<ecel><ecel><ecel><nl> <ecel><ecel><ecel><nl>
...<repeat for 13 times> ...<repeat for 33 times>
<ecel><ecel><ecel><nl> <ecel><ecel><ecel><nl>
Full-Attn (L = 1024) Block-Attn (L = 1024)
<ecel><fcel>CharXiv<fcel>ChartQAPro<nl> <ecel><fcel>CharXiv<fcel>ChartQAPro<nl>
<fcel>Visual CoT<fcel>65.0<fcel>61.04<nl> <fcel>Visual CoT<fcel>65.0<fcel>61.04<nl>
<fcel>Ours<fcel>68.1<fcel>65.56<nl> <fcel>Ours<fcel>68.1<fcel>65.56<nl>

<ecel><ecel><ecel><nl>
...<repeat for 72 times>
<ecel><ecel><ecel><nl>

Figure 10: A very short table where over-provisioned Full-Attn repeats empty rows.
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Cluster ID  Cluster Size

Tool Definition (examples)

Summary Tools

0 148

draw.vertical guide._line

draw-horizontal guide_line

mark_threshold

Adding Auxiliary Lines

highlight_subfigure
crop-_subfigure
isolate_subplot

Subfigure Cropping

highlight_series mask

highlight mp_curve

Masking Data with Legend

highlight._data_points

magnify region.around-x

crop-and-magnify_region

crop_region

Region Magnification

Others 27

find peaks_in.data

highlight max point

crop-betavs_time_panel

Useless tools

highlight_intersection point
draw_spectral_type_guides

Full-Attn (L = 256)

<fcel>Cluster ID<fcel>Cluster Size...<nl>
<fcel>0<fcel>148...Adding Auxiliary Lines<nl>

<fcel>3<fcel>64...Region Magnification<nl>
<fcel>Others<fcel>27...Useless tools<nl>

Full-Attn (L = 1024)

<fcel>Cluster ID<fcel>Cluster Size...<nl>

<fcel>0<fcel>148<fcel>draw_vertical_guide_line..

<fcel>Others<fcel>27...Useless tools<nl>

.<nl>

Full-Attn (L = 512)

<fcel>Cluster ID<fcel>Cluster Size...<nl>
<fcel>0<fcel>148...Adding Auxiliary Lines<nl>

<fcel>3<fcel>64...Region Magnification<nl>
<fcel>Others<fcel>27...Useless tools<nl>

Block-Attn (L = 1024)

<fcel>Cluster ID<fcel>Cluster Size...<nl>
<fcel>0<fcel>148...Adding Auxiliary Lines<nl>

<fcel>Others<fcel>27...Useless tools<nl>

<ucel><ecel><ucel><nl>
...<repeat for 47 times>
<ucel><ecel><ucel><nl>

Figure 11: A medium-length table where matched Full-Attn remains stable but over-provisioned
Full-Attn repeats.

L2 (m) | Collision (%) |

Method 1s 2s 3s  Avg. 1s 2s 3s Avg.
NMP (Zeng et al., 2019) - - 2.31 - - - 1.92 -

SA-NMP (Zeng et al., 2019) - - 2.05 - - - 1.59 -

FF (Hu et al., 2021) 055 120 254 143 | 0.06 017 107 043
EO (Khurana et al., 2022) 067 136 278 1.60 | 004 0.09 088 0.33
ST-P3 (Hu et al., 2022b) 133 211 290 211 | 023 062 127 071
UniAD (Hu et al., 2022¢) 048 096 165 103 | 005 017 071 031
VAD (Jiang et al., 2023) 041 070 105 072 | 0.07 017 041 022
BEV-Planner (Li et al., 2024b) | 0.30 0.52 0.83 0.55 | 0.10f 0.37f 1.30f 0.59%f
LAW (perception-free) 026 057 1.01 061 | 014 021 054 030
LAW (perception-based) 024 046 076 049 | 0.08 010 039 0.19

Full-Attn (L = 256)

<fcel>Method<fcel>L2 (m) ...<nl>
<fcel>NMP (Zeng et al., 2019)...<nl>
<fcel>SA-NMP (Zeng et al., 2019)...<nl>

Full-Attn (L = 512)

<fcel>Method<fcel>L2 (m) ...<nl>

<fcel>ST-P3 (Hu et al., 2022b)...<nl>

<fcel>FF (Hu et al., 2021)<fcel>0.55...<nl> <fcel>UniAD (Hu et al., 2022c)...<nl>
<missing> <missing>

Full-Attn (L = 1024) Block-Attn (L = 1024)
<fcel>Method<fcel>L2 (m) ...<nl> <fcel>Method<fcel>1s<fcel>L2 (m) ...<nl>

<fcel>VAD (Jiang et al., 2023)...<nl>
<fcel>BEV-Planner Li et al., 2024b)...<nl>
<fcel>LAW (perception-free)...<nl>
<fcel>LAW (perception-based)...<nl>

<fcel>LAW (perception-free)...<nl>
<fcel>LAW (perception-based)...<nl>
<fcel>LAW (perception-based)...<nl>
<fcel>LAW total...<nl>

Figure 12: A long table where short Full-Attn truncates and long Full-Attn repeats tail rows.
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D Qualitative Examples

This section presents qualitative examples illustrating the behavior of MinerU-Diffusion on representa-
tive document pages and diffusion decoding tasks. This section is structured as follows: Figures 13
and 14 show complete recognition examples from OmniDocBench, covering the full pipeline from
the input page to layout prediction and rendered parsed output. Figures 15 to 18 visualize diffusion
decoding for layout, text, table, and formula generation.

D.1 Complete Recognition Examples

Examples demonstrating end-to-end parsing performance on diverse page types are provided in
Figures 13 and 14, including academic literature, presentation slides, colorful report pages, newspapers,
formula-dense exam solutions, and illustrated instructional pages. These examples show that MinerU-
Diffusion can preserve complex academic elements such as tables, figures, captions, and equations,
remain robust to watermark interference, maintain reading order on dense multi-column pages,
and recover mixed text-image layouts with fine-grained blocks. Each case is shown in a consistent
three-column format with the original page image, the predicted layout, and the rendered parsed
output.

D.2 Diffusion Decoding Examples

The diffusion decoding process on four representative tasks is illustrated in Figures 15 to 18. These
examples show how the model progressively refines page structure, text content, table organization,
and formula symbols during decoding. Each figure groups two samples from the same category
to make the visual patterns directly comparable, with the raw cropped input shown above and the
corresponding diffusion decoding visualization shown below.
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Case 1. Academic literature

Page 1 Page2

ERHRASR

Case 3. Colorful report page
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Figure 13: Complete recognition examples. Left: original page image. Middle: predicted layout. Right:
rendered parsed output.
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Case 4. Newspaper page

Case 5. Formula-dense exam solution

Page 1 Page 2

Case 6. Illustrated recipe page
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Figure 14: Additional complete recognition examples in the same format.
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Layout Decoding

Example 1

‘Dovaloaddty [Uivesity of o] 51828 Febewry 217

MinerU-Diffusion
Generated Text

Layout Analysis:

0/155 masks decoded
Diffusion 0/155 + Remaining: 155 + Step: 0 (+0)

MinerU-Diffusion
Generated Text

Layout Analysis: <|box_start|>378 050 816 869<|box_end|><|ref_start|>header<|ref_end|>
<|rotate_up|>

<|box_start|>835 050 876 868<|box_end |><| ref_start|>page_number<|ref_end|><| rotate_up|>
<[box_start|>001 253 036 751<|box_end |><|ref_start|>aside_text<|ref_end

Slrotate lefe]>

<[box_start|>1 8 a1 <|box_end |>
Slref_start/text<iref end\><\r0(a(e up|>

<[box_start|>1

88/155 masks decoded

Diffusion 86/155  Remaining: 67 » Step: 21 (424)

MinerU-Diffusion

Generated Text

Layout Analysis: <|box_start|>378 050 816 069<|box_end|><|ref_start|>header<|ref_end|>
<|rotate_up

Clbostart 7835 050 676 oss<box_cnd[><rer_start [~page_nunbers ref_end <] rotate_upl>
<[box_start|>801 253 036 751<|box_end |><|ref_start|>aside_text<|ref_end|>
<|rotate_left|>

Slboxstare|>122 070 677 a1l<box_end]><|ref start|>text<|ref_end><|rotate_up|>
<[box_start|>122 41 box_end|><| ref_start |>text<|ref_end|>
<|rotate_up|>

<[box_start|>1 78 8 85

119/155 masks decoded

Diffusion eom—————— _ 119/155 * Remaining: 3 + Step: 30 (+23)

MinerU-Diffusion

Generated Text

Layout Analysis: <|box_start|>378 050 816 869<|box_end |><|ref_start|>header<|ref_end|>
rotate_up|>

box_start|>835 050 876 868<|box_end |><| ref_start |>page_number<|ref_end|><| rotate_up|>

box_start|>001 253 036 751<|box_end |><| ref_start|>aside_text<|ref_end|>

rotate_left|>

box_start|>122 079 877 411<|box_end |><| ref_start|>text<|ref_end|><|rotate_up|>

box_start|>122 412 877 763<|box_end |><| ref_start |>text<|ref_end |><| rotate_up|>

box_start|>16@ 782 877 856<|box_end|><| ref_start |>text<| ref_end|><|rotate_up|>

box_start[>1 87 91 <|box_end |>

ref_start|>text<|ref_end |><|rotate_i up\>

NAANAAAAAA

149/155 masks decoded

Diffusion 149/155 + Remaining: 6 + Step: 40 (+21)

MinerU-Diffusion

Generated Text

yout Analysis: <|box_start|>378 050 816 069<|box_end |><|ref_start|>header<|ref_end|>
rotate_up|>

box_start|>835 050 876 068<|box_end|><| ref_start |>page_nunber<| ref_end |><|rotate_up|>
box_start|>001 253 036 751<|box_end|><| ref_start |>aside_text<|ref_end|>

rotate_left|>

box_start|>122 079 877 411<|box_end|><| ref_start |>text<|ref_end|><| rotate_up|>
box_start|>122 412 877 763<|box_end|><| ref_start |>text<|ref_end|><| rotate_up|>
box_start|>160 782 877 856<|box_end|><|ref_start|>text<|ref_end|><|rotate_up|>
box_start|>120 874 877 913<|box_end|><| ref_start |>text<|ref_end|><| rotate_up|>

AAAAANANAC

155/155 masks decoded

Diffusion 155/155 + Resaining: 0 o Step: 46 (+1)

Example 2

Lwee |
RER

Ta- iﬁ‘?ﬁ%ﬂiﬂﬁﬁg

-, TREREM
TH=. EEAIRRE
THM, REREER

MinerU-Diffusion
Generated Text

Layout Analysis:

0/153 masks decoded — )

Diffusion 0/153 + Remaining: 153  Step: 0 (+0)

MinerU-Diffusion
Generated Text

Layout Analysis: <|box_start|>027 822 145 061<|box_end|><|ref_start|>header<|ref_end|>
<|rotate_up|>

<[box_start|>278 131 650 275<|box_end|><|ref_start|>title<|ref_end|><|rotate_up|>
<[boxCstart|>699 162 880 363<|box end|><|ref_start|>inage|ref_end|><|ratate_up|>

<[box_start|>0 3 5 <[box_end|>
<[ref_start|> <|ref_end|><|rotate_up|>
<[box_start|>1 4

83/153 masks decoded — )

Diffusion 83/153 + Remaining: 70 o Step: 30 (+19)

MinerU-Diffusion

Generated Text

Layout Analysis: <|box_start|>027 822 145 061<|box_end |><|ref_start|>header<|ref_end|>
<|rotate_up|>
<|box_start|>278 131 650 275<|box_end|><|ref_start|>title<|ref_end|><|rotate_up|>
<|box_start|>699 102 880 363<|box_end |><| ref_start|>image<|ref_end|><| rotate_up|>
<lboxCstart>087 352 540 421<|box_end ><| ref start|>title<| ref_end|><|ratate_up|>
<|box_start|>177 468 6 <|box_end|><|ref_start|>
<[ref_end|><|rotate_up|>
<|box_start|> 7

<|box_end |><| ref_start|>

112/153 masks decoded

Diffusion 112/153 + Resaining: 41 + Step: 43 (+16)

MinerU-Diffusion

Generated Text
Layout Analysis: <|box_start|>027 022 145 061<|box_end|><|ref_start|>header<|ref_end|>
<|rotate_u

<|box_start|>278 131 650 275<|box_end|><|ref_start|>title<|ref_end|><|rotate_up|>
<|box_start|>699 102 880 363<|box_end |><| ref_start|>image<|ref_end|><| rotate_up|>
<|box_start|>087 352 540 421<|box_end|><|ref_start|>title<|ref_end|><|rotate_up|>
<[box_start|>177 468 628 537<|box_end |><| ref_start|>title<|ref_end|><|rotate_up|>
<|box_start|>268 577 718 647<|box_end |><| ref_start|> <[ref_ End\)(\rutate wpl>
<[box_start|>3 69 8 7 box_end >
<|ref_start|> <|ref_end|><|rotate_up|>

144/153 masks decoded — )

Diffusion 144/153 » Remaining: 9 o Step: 58 (+16)

MinerU-Diffusion

Generated Text

Layout Analysis: <|box_start|>027 822 145 061<|box_end|><|ref_start|>header<|ref_end|>
>

u
<|box_start|>278 131 650 275<|box_end|><|ref_start|>title<|ref_end|><|rotate_up|>
<|box_start|>699 102 880 363<|box_end |><| ref_start|>image<|ref_end|><| rotate_up|>
<|box_start|>087 352 540 421<|box_end |><|ref_start|>title<|ref_end|><|rotate_up|>
<|box_start|>177 468 628 537<|box_end |><| ref_start|>title<|ref_end|><| rotate_up|>
<|box_start|>268 577 718 647<|box_end |><| ref_start|>title<|ref_end|><|rotate_up|>
<|box_start|>358 693 811 760<|box_end |><| ref_start|>title<|ref_end|><|rotate_up|>

153/153 masks decoded — )

Diffusion 153/153 + Resaining: 0 o Step: 67 (+1)

Figure 15: Diffusion decoding examples for layout generation.
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Text Decoding

Example 1

Figure 4: Performance and efficiency scaling of MEM1 (trained on 2-objective QA) with the number
of objectives in multi-objective tasks. MEM1 outperforms the other models and baselines while
having an almost constant scaling in memory usage. Note that at 16-objective, the context of baseline

models does not increase anymore since their model per has ded (some

Example 2

MinerU-Diffusion

Generated Text

Text Recognition:

0/81 masks decoded
Diffusion 0/81 = Remaining: 81 = Step: 0 (+0)

Autoregressive language models (ARLMs) dominate open-ended text generation, but DLMs
offer complementary benefits such as parallel decoding and iterative refinement. Prior
work has explored AR-to-diffusion conversion to bootstrap ARLM training artifacts into

MinerU-Diffusion

Generated Text

Text Recognition:

0/49 masks decoded
Diffusion 0/49 » Remaining: 49 e Step: 0 (+0)

MinerU-Diffusion

Generated Text

Text Recognition: Figure 4: Performance and efficiency scaling of MEM1 (trained on 2
—objective QA) with the number of ives in multi-objective tasks.

31/81 masks decoded
Diffusion 31/81 + Remaining: 50 » Step: 2 (+16)

MinerU-Diffusion

Generated Text

Text Recognition: Autoregressive language models (AR ) dominate open-ended
text generation, but LM offer benefits as decoding
and iterative refinement.

24/49 masks decoded
Diffusion 24/49 + Remaining: 25 + Step: 2 (+18)

MinerU-Diffusion

Generated Text

Text Recognition: Figure 4: Performance and efficiency scaling of MEM1 (trained on 2
—objective QA) with the number of objectives in multi-objective tasks. MEMI outperforms
the other models and bas an constant scaling in

usage Note 1 —objective the context

54/81 masks decoded
Diffusion 54/81 o Remaining: 27 o Step: 4 (+22)

MinerU-Diffusion
Generated Text
Text Recognition: Autoregressive language models (AR ) dominate open-ended
text generation, but DLMs offer complementary benefits such as parallel decoding and
iterative refinement. Prior

30/49 masks decoded
Diffusion 30/49 + Remaining: 19  Step: 3 (+6)

MinerU-Diffusion

MinerU-Diffusion

Generated Text
Text Recognition: Figure 4: Performance and efficiency scaling of MEM1 (trained on 2
—objective QA) with the number of objectives in multi-objective tasks. MEM1 outperforms
the other models and baselines while having an almost constant scaling in memory usage.
Note that at 16-objective, the context

64/81 masks decoded
Diffusion 64/81 + Remaining: 17 » Step: 5 (+10)

MinerU-Diffusion
Generated Text

Text Recognition: Figure 4: Performance and efficiency scaling of MEM1 (trained on 2
—objective QA) with the number of objectives in multi-objective tasks. MEM1 outperforms
the other models and baselines while having an almost constant scaling in memory usage.
Note that at 16-objective, the context of baseline models does not increase anymore
since their model performance has degraded (some collapsed).

81/81 masks decoded
Diffusion 81/81 » Remaining: 0 » Step: 6 (+17)

Generated Text

Text Recognition: Autoregressive language models (ARLMs) dominate open-ended text

generation, but DLMs offer complementary benefits such as parallel decoding and

iterative refinement. Prior work has explored AR-to-diffusion conversion to bootstrap
artifacts

44/49 masks decoded
Diffusion 44/49 + Remaining: 5 « Step: 6 (+12)

MinerU-Diffusion

Generated Text

Text Recognition: Autoregressive language models (ARLMs) dominate open-ended text
generation, but DLMs offer complementary benefits such as parallel decoding and
iterative refinement. Prior work has explored AR—to-diffusion conversion to bootstrap A
RLM training artifacts into

49/49 masks decoded
Diffusion 49/49 o Renmainin

0« Step: 7 (+5)

Figure 16: Diffusion decoding examples for text recognition.
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Table Decoding

Example 2

Logistic parameter 9-year-olds  16-year-olds  t(40) p  Cohen'sd

M SD M SD

Maximum asymptote, proportion 843 135 877 .082 0951 .347 0.302

Example 1

Crossover, in ms 759 87 694 42 2877 .006 0.840

Slope, as change in proportion perms .001 .0002 .002 .0002 2635 .012 2.078

CharXiv ChartQAPro

Visual CoT  65.0 61.04
Ours 68.1 65.56

MinerU-Diffusion

MinerU-Diffusion

Generated Text

Table Recognition:

Diffusion e om0 . . + Step: 0 (+0)

WMinerU-Diffusion
0/44 masks decoded .

Diffusion 9/44 + Remaining: 44 » Step: 6.(+8) Table Recognition: <fcelsLogistic p: —year- —olds
<leel><fcel>t (40)<fcel>p<feel>Cohen's denl>
——— - <ucel>
MinerU-Diffusion <fcel>Maximum asymptote, proportion<fcel>.843<fcel>.135<fcel>.877<fcel>.082<fcel>0.951
Generated Text <fcel>.347<fcel>0. 302<n >
<fcel>Crossover
Table Recognition: <ecel><fcel>CharXiv<fcel>ChartQA
8/44 masks decoded J
Diffusion 8/44 + Remaining: 36 o Step: 2 (+1)
Diffusion  em— >« Resa + step: 8 o2
MinerU-Diffusion

Generated Text WinerU-Diffusion

Table Recognition: <ecel><fcel>CharXiv<fcel>ChartQAPro<nl> Table Recognition: <feelLogistic cetoet. olds
<fcel>Visual T<fcel>6 L0<fcel>61. 4<n1> <leelo<feelot (40)<fcel>pefcelsCohen’s denl>
<fcel>0 <ucel>

<fcel>Maxinun asymptote, proportion<fcel>.843<fcel>.135<fcel>.877<fcel>,082<fcel>0,951
<fcel>.347<fcel>0.302<n1>

<fcel>Crossover, in ms<fcel>759<fcel>87<fcel>60:

B<nl>

el>a2<fcel>2.877<fcel>,

06<fce

8

- 27/44 masks decoded
Diffusion 27/48 + Remaining: 17 = Step: 3 (+19)

MinerU-Diffusion
- Generated Text
Table Recognition: <ecel><fcel>CharXiv<fcel>ChartQAPro<nl>
<fcel>Visual CoT<fcel>65.0<fcel>61.04<n1>
<fcel>0urs<fcel>

Diffusion emm— - Resa « step: 10 (s32)

MinerU-Diffusion

32/44 masks decoded Table Recognition: <fcel>Logistic cela<f olds
Diffusion 32/48 + Remsining: 12 » Step: 4 (+5) Sleel<fcelot40)<fcelopecel-Conen's dent>

<fcel>Maxinun asymptote, proportion<fcel>.B43<fcel>.135<fcel>.877<fcel>,082<fcel>0,951
<fcel>.347<fcel>0.302<n1>
<fcel>Crossover, in ms 877<fcel>,006<fcel>0.84

MinerU-Diffusion

Generated Text

) as change in proportion <feel> 001<fcel>.0002
Table Recognition: <ecel><fcel>CharXiv<fcel>ChartQAPro<nl> 0002

<fcel>Visual CoT<fcel>65.0<fcel>61.04<nl>
<fcel>0urs<fcel>68.1<fcel>65.56<n1> _—

Diffusion em—— « Rena o steps 11 (s27)

44/44 masks decoded MinerU-Diffusion
Diffusion 44/44 o+ Renaining: 0 o Step: 5 (+12) gind Tos
Table Recognition: <fcel>Logistic p: 1 —olds
<lcel><fcel>t (40)<fcel>p<fcel>Cohen's denl>
<ucel><feeloMetcel>sD<f celotcf cel>SD<ucel><ucel><ucel><nl>

<fcel>Maxinun asymptote, proportion<fcel>.B43<fcel>,135<fcel>,877<fcel>, 082<fcel>0,951
<fcel>,347<fcel>0.302<n 1>

<fcel>Crossover, in ms: 87<fcel>694<f .877<fcel>.006<fcel>0.84
B<nl>

<fcel>Slope, as change in proportion per ms<fcel>.001<fcel>,0002<fcel>,802<fcel>.0002

<fcel>2.635<fcel>.012<f cel>2.078<n1>

Diffusion  em—— . ng: 0+ Step: 13 (+19)

Figure 17: Diffusion decoding examples for table recognition.
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Formula Decoding

E lel
xamp’e Example 2

1
YR = a’lnﬁ exp [ (\ + £

) IRl G ) Tilgna] = (167G ()" [ doyG{-R(9)+ 22 (0} + Syl

MinerU-Diffusion

Generated Text

Fornula Recognition:

MinerU-Diffusion

Generated Text

Formula Recognition:

/112 masks decoded

Diffusion 0/112 + Remaining: 112 + Step: 0 (+0)
MinerU-Diffusion 0/106 masks decoded
Generated Text Diffusion 0/106 + Remaining: 106 + Step: 0 (+0)
Formula Recognition: \psi_ {R} = a ~ {- / 2} \frac {1}{\sqrt 1A _ _ _
exp \ MinerU-Diffusion

Generated Text

Formula Recognition: \Gamma_ {k} \left[ g, \bar {g} \rlght] = \left(1 6 \pi G \left(k\
right)\right) ~ {- 1} \int d ~ {4} x \sqrt

26/112 masks decoded

Diffusion 26/112 * Remaining: 86 e Step: 2 (+20) 55/106 masks decoded

Diffusion 55/106 + Renaining: 51+ Steps 7 (+23)
WinerU-Diffusion
Generated Text MinerU-Diffusion

Formula Recognition: \psi_ {R} = a ~ {- 1 / 2} \frac {1}{\sqrt {2}} \exp \left[ i \left Generated Text

(\chi + \frac {\ e H n \ Formula Recognition: \Gamma_ {k} \left[ g, \bar {g} \right] = \left(1 6 \pi G \left(k\
right)\right) ~ {- 1} \int d ~ (4} x \sqrt {g} \1eft\(— R \left(g\right) + 2 \bar {\
lambda} \left \right 1o+ q

83/106 masks decoded

45/112 masks decoded o §
Diffusion 83/106 o Remaining: 23 + Step: 12 (+19)

Diffusion 45/112 « Remaining: 67 » Step: 4 (+13)

MinerU-Diffusion MinerU-Diffusion

Generated Text

Generated Text

N F la Re: t 1 \Gi 3 left 1+ \b ht] = \left(1 6 G \left(k’

Formuls Recognition: \pst_ ) = o 1/ 2) \frac ({\sare (2)) et \leftl 4 \lefe gt~ 1y VInE d ~ 1% sark {03 LGN R et gt 2 \bar B\
hi' s frad T\tiide TNcRi3) 2J\right) \right] \ausd  \dudd \per . )

} \frac {1}{\sqrt {2}} \exp \left[ - i \left(\chi - lambda} \left(k\right) \right\} + S _ {\mathrm {g f}} \left[

96/106 masks decoded
Diffusion 96/106 + Remaining: 10 s Step: 13 (+13)

96/112 masks decoded
Diffusion 96/112 + Renaining: 16  Step: 9 (+32)

MinerU-Diffusion

MinerU-Diffusion
Generated Text

Formula Recognition: \Gamma_ {k} \left[ g, \bar {g} \right] = \left(1 6 \pi G \left(k\

Generated Text

Formula Recognition: \psi_ {R} =a " {~ 1/ 2} \frac {1}{\sqrt {21} \exp “e“[ 1 \left right)\right) ~ {- 1} \int d ~ {4} x \sqrt {g} \left\{- R \left(g\right) + 2 \bar {\
(\ehi + \frac {\tilde {\chi}}{2}\right) \right] \quad , \quad \psi_{L} = a = {- 1/ 2 Tambda} \left(k\right) \right\} + S _ {\mathrm {g f}} \left[ g, \bar {g} \right]
} \Frac {13{0sart {273 \exp \TeFt[ o 5 \Tefe(\ehi o \Frac (vtil0e Trehi}I I right) \
right] 106/106 masks decoded
Diffusion 106/106 e Remaining: 0 e Step: 14 (+10)

112/112 masks decoded

Diffusion 112/112 + Remaining: 0  Step: 10 (+16)

Figure 18: Diffusion decoding examples for formula recognition.
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