Towards Real-World Document Parsing via Realistic Scene Synthesis and
Document-Aware Training

Supplementary Material

1. Data Source

1.1. Document Element Sources

To construct a comprehensive element library for document
parsing, we consolidate and utilize a variety of publicly
available datasets across formulas, tables, and paragraphs.
The detailed data sources are summarized in Table 1.

To enrich the diversity and generalization ability of our
dataset, we conduct systematic data augmentation using the
Qwen2.5-72B large language model (LLM). An overview
of the augmentation pipeline is illustrated in Fig. 1. The
augmentation procedures are tailored to the unique struc-
ture of each document element type and are described as
follows:

Table Template Augmentation We perform table aug-

mentation by modifying both content and layout structure:

* Content Modification: Table cell content is replaced
with mathematical formulas or multilingual text corpora
to increase linguistic and semantic diversity.

e Structural Transformation: Cells are randomly
merged, split, or duplicated to generate novel table tem-
plates.

After augmentation, we apply rule-based post-processing to

remove structurally invalid or semantically inconsistent ta-

bles. Final table-image and text-pair samples are synthe-
sized using table rendering tools.

Formula Template Augmentation We augment LaTeX-

formatted formulas by manipulating token sequences:

* Symbol and Lexical Variation: Symbols and word
stems within formulas are systematically altered to in-
crease symbolic diversity.

* Structural Variation: The spatial and logical composi-
tion of sub-formulas is reorganized to create new formula
structures.

Invalid LaTeX expressions (e.g., non-compilable or syntac-

tically incorrect) are filtered out. Valid formulas are ren-

dered into isolated images using LaTeX rendering engines.

Paragraph-Level Data Augmentation We generate
paragraph-level data with embedded formulas through two
approaches:

* Formula-Text Fusion: Generated LaTeX formulas are
inserted into natural language paragraphs, which are then
rendered to create image-text pairs that simulate real-
world academic content.

* Semantic Paragraph Synthesis: The LLM is used
to generate semantically coherent multi-paragraph text
blocks, which are rendered as full-page document im-
ages. The corresponding text corpus is preserved for fur-
ther alignment and downstream synthesis tasks.

e Multilingual Data Augmentation: To enhance cross-
lingual document understanding, we employ LLM-based
translation to convert corpora into multiple languages,
thereby enriching the dataset with a diverse set of mul-
tilingual samples.

This hierarchical augmentation pipeline ensures a high
degree of variability and realism across multiple document
modalities, forming a robust foundation for document anal-
ysis and understanding. In total, we consolidate both the
original and augmented data, resulting in a unified corpus
comprising 3.1 million table instances, 3.3 million formula
samples, and 3 million paragraph-level documents.

1.2. Layout Sources

Our layout templates are primarily derived from three
sources to ensure both structural diversity and annotation
consistency.

1) Public Benchmarks We curate a set of publicly avail-
able layout datasets[7, 17, 27] that provide reading order
annotations. These datasets serve as the foundation of our
layout template library. To address inconsistencies in anno-
tation schemas, we normalize all category labels to a unified
taxonomy, reducing ambiguity across datasets. For each
document, we extract structured layout information, includ-
ing the original image dimensions and the bounding box
coordinates of each layout element. These data points are
recorded as digital layout templates.

2) High-Confidence Model Inference To further enrich
our layout template diversity, we apply a pre-trained lay-
out analysis model to a set of structured documents. Infer-
ence results with high confidence scores and minimal inter-
region overlap are retained. This filtering ensures the struc-
tural integrity of the layout while augmenting the dataset
with additional real-world layout variations.

3) Composite Layout Construction To simulate dense
layout scenarios found in newspapers and book pages,
we further construct composite templates by concatenat-
ing multiple single-page layouts into unified multi-section



Table 1. Document element datasets and corresponding formats.

Element Type Datasets Format
Table Parsing FinTabNet [20], PubTabNet [30], TalTabNet [5] HTML
Formula Parsing UniMER [21], CROHMEI14 [12], CROHMEI6 [13], CROHMEI19 [10], HME [26] LaTeX
Paragraph Parsing FOX [9], GOT [24] Text

Table Template Augmentation Formula Template Augmentation
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Figure 1. Element-Aware Augmentation Pipeline. Qwen2.5-72B drives content- and structure-level edits for tables, formulas, and
paragraphs, followed by rule-based validation and LaTeX rendering to produce image—annotation pairs.

documents. To preserve rendering quality and visual coher-
ence, we constrain the number of merged layout modules to
a maximum of 50 per composite document.

By combining curated benchmarks with reliable model-
generated samples, we construct a robust and diverse layout
template corpus for downstream layout-aware tasks.

2. Supplementary Experiments

2.1. Sub-element Parsing Evaluation

To evaluate DocHumming’s effectiveness on fine-grained
document understanding tasks, we conduct a series of
benchmarking experiments on sub-element parsing. Our
model is compared against both specialized open-source
methods and widely used commercial APIs across multiple
public datasets.

2.1.1. Mathematical Formula Recognition.

Handwritten setting. We first evaluate handwritten for-
mula recognition on HME100K [26] and CROHME [10,
12, 13], reporting Expression Recognition Rate (ExpRate)
and Character Deletion Metric (CDM) [22]; results are
summarized in Table 2. We also assess cross-domain
robustness on UniMER [21], with results in Table 3.
DocHumming improves HME ExpRate by 8.72% and
surpasses state-of-the-art methods across CROHME edi-
tions, while maintaining strong generalization on UniMER
(printed/handwritten, syntactic/semantic variants), which

we attribute to instruction-tuned pretraining and structure-

aware optimization.

Digital/scanned setting. To measure formula parsing on
typeset documents, we further evaluate the Formula-Block
subset of OmniDocBench (scanned/digital) [15]. Results in
Table 4 (CDMY) show that DocHumming reaches a CDM
of 0.9741, outperforming strong modular and end-to-end
baselines; it yields a +2.88 point absolute gain over the best
prior system. These results indicate that our unified training
recipe and realistic synthesis not only benefit handwritten
formulas but also deliver state-of-the-art accuracy on clean

typeset pages.

Table 2.

Performance comparison on CROHME and HME
datasets for mathematical formula recognition.

Dataset Method  ExpRate <1 <2 <3
CROHME 14 [121 1t 7048 $1.54 8691 90,16
CROHME 16 [13] pociuii 756 82,04 $9.27 92,15
CROHME 19 10] poci 5 G530 82,95 $5.24 91.24

HMES)  ocHumming 7778 8977 93.49 95.13




Table 3. Performance comparison on the UniMER benchmark for
mathematical formula recognition.

SPE CPE HWE SCE

Method
CDMt CDMt CDM?t CDM?
Pix2tex [2] 96.19 64.89 24.53 67.62
Texify [16] 98.52 70.41 52.69 79.32

Mathpix [11] 97.29 96.71 93.18 92.38
UniMERNet [21]  99.14 95.95 94.00 93.73

DocHumming 98.91 96.61 96.85 94.91

Table 4. Results on OmniDocBench—Formula-Block (CDM1).
Best in bold, second best underlined.

Method CDM?
dots.ocr [18] 0.4641
MinerU2-VLM [23] 0.8286
MonkeyOCR-pro-1.2B [8] 0.8531
MonkeyOCR-3B [8] 0.8621
Qwen2.5-VL-72B [1] 0.8747
MinerU2.5 [14] 0.9187
PaddleOCR-VL [3] 0.9453
DocHumming (Ours) 0.9741

2.1.2. End-to-End Table Parsing

We evaluate end-to-end table parsing on FinTabNet [28] and
PubTabNet [29], employing TEDS and TEDS-S as struc-
tural and semantic evaluation metrics, and the experimental
results are presented in Table 5.

Our model achieves superior performance in table pars-
ing tasks, outperforming OmniParser V2 [25] by 5.4% on
FinTabNet and 6.5% on PubTabNet in Structure-TEDS.
When incorporating text into evaluation, DocHumming ex-
hibits even greater improvements, outperforming Omni-
Parser V2 by 7.6 % on FinTabNet and 7.1% on PubTabNet.

Table 5. Performance comparison on FinTabNet and PubTabNet
benchmarks for end-to-end table parsing.

FinTabNet PubTabNet
Method
S-TEDST TEDStT S-TEDST TEDS?T
Donut [6] 30.6 29.1 25.2 22.7
EDD [31] 90.6 - 89.9 88.3
OmniParser V2 [25] 93.2 90.5 90.5 88.9
DocHumming 98.6 98.1 97.0 96.0

OmniDocBench-Table-block. We further test cropped-
table parsing on OmniDocBench-Table-block. DocHum-
ming attains 0.9421 TEDS and 0.9693 Structural TEDS,
outperforming strong modular and E2E baselines.

DocHumming improves over the best baseline

Table 6. Results on OmniDocBench-Table-block (cropped tables).

Method Overall TEDST  Structural TEDS?{
MinerU2-VLM [23] 0.9002 0.9369
Seed1.6 [19] 0.9079 0.9489
dots.ocr [18] 0.8194 0.8442
MinerU2.5 [14] 0.9005 0.9539
PaddleOCR-VL [3] 0.9195 0.9543
DocHumming 0.9421 0.9693

(PaddleOCR-VL) by +2.26 TEDS and +1.50 Struc-
tural TEDS, confirming strong structural fidelity on real
printed layouts.

2.2. Effect of Structural Loss Weight A\

To evaluate the impact of structural supervision, we conduct
an ablation study on the structural loss weight A, which bal-
ances the contribution of structure-aware loss during train-
ing. The results across various A settings are presented in
Table 7, based on the OmniDocBench benchmark.

Table 7. Impact of structural loss weight A on OmniDocBench
performance and redundancy rate.

# OmniDocBench
Overall Repeat (%)
A=1 88.74 4.6
A=2 92.81 34
A=4 9375 2.1
A=6 93.60 2.1

As shown in Table 7, increasing A consistently reduces
the repeat rate, indicating that structural guidance helps mit-
igate output redundancy. This improvement is attributed to
breaking the uniform treatment of tokens in autoregressive
decoding by introducing stronger structure-aware optimiza-
tion.

However, when A becomes too large (e.g., 6), we observe
a slight degradation in performance despite the stable repeat
rate. This suggests an overemphasis on structure-dominated
samples during training, which leads to suboptimal balance
across other element types and table elements.

Our results suggest that setting A = 4 offers the best
trade-off between structured accuracy and generation coher-
ence.

3. DocMix Visualization

To help better illustrate the annotation schema and over-
all data quality of the DocMix dataset, we provide a set of
representative samples as part of the supplementary materi-
als. These examples are intended to support a deeper under-



standing of the document parsing rules adopted in DocMix
and the variety of content types included in the dataset.

4. Wild-OmniDocBench Visualization

We additionally include a small set of Wild-OmniDocBench
examples in the supplementary package. Image filenames
are exactly aligned with the original OmniDocBench im-
ages, so users can directly cross-reference the official Om-
niDocBench annotations for label alignment.

5. Test Case Analysis

To further demonstrate the robustness and adaptability of
DocHumming in diverse real-world scenarios, we supple-
ment our evaluation with test cases collected from various
web-sourced document images. These additional samples
cover a wide range of formats and layouts beyond the orig-
inal training distribution.

We visualize several representative parsing results in
Figs. 2 and 3. These examples highlight DocHumming’s
ability to handle noisy inputs and uncommon layout struc-
tures, reflecting its strong generalization capabilities across
domains.

6. Error Case Analysis

We conduct an error analysis on web-scraped document im-
ages by running DocHumming inference and selecting cases
whose outputs (i) hit the maximum output length (8,192 to-
kens) and (ii) exhibit repetitive decoding. We categorize the
failures into four major types (see Fig. 4 for examples):

« Ultra-high-resolution pages. Very large pages require
downsampling or tiling, which can trigger repeated or
missing content in dense regions.

e Irregular, interleaved layouts. Non-standard pages
(e.g., interwoven/nested blocks in newspapers or posters)
blur structural boundaries and reading order.

* Oversized structured tables. Long tables with many
rows/columns magnify exposure bias and increase repe-
tition near structural delimiters.

* Extreme aspect ratios. Very tall or wide images reduce
effective resolution for fine details and destabilize long-
context decoding.

These observations suggest targeted improvements on
both axes: model—enhanced layout-aware perception for
irregular structures, resolution-adaptive processing for ul-
tra—large pages with cross-tile consistency, and more sta-
ble long-context decoding; data—augment Realistic Scene
Synthesis with page-level content that emphasizes seman-
tic consistency and logical coherence across elements, plus
dedicated stress tests for extreme sizes and aspect ratios.
Representative failure cases and visualizations are provided
in Fig. 4.
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Figure 2. Representative parsing results (I).
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Figure 3. Representative parsing results (II).



(a) Ultra—high-resolution pages (d) Extreme aspect ratios
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Figure 4. Error Case Taxonomy and Examples. Web-sourced documents where DocHumming reaches the 8,192-token cap and exhibits
repetition: (a) ultra-high-resolution pages, (b) irregular/interleaved layouts, (c) oversized structured tables, and (d) extreme aspect ratios.
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