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Abstract. Form understanding remains a persistent challenge for doc-
ument processing due to the scarcity of annotated training data and the
sensitive nature of real-world forms. Vision-Language Models (VLMs)
have shown promise in addressing the structural complexity of forms, but
their performance is constrained by limited datasets. To address this gap,
we propose a Synthetic Document Generation (SDG) pipeline that trans-
forms empty templates into realistic, filled documents through a four-
stage process: region detection, content generation, statistical placement
modeling, and controlled degradation. The pipeline leverages YOLO-
based region detection, large language model-driven content generation,
and degradation frameworks such as Augraphy and Albumentations to
produce high-fidelity, semantically coherent training data.

We evaluate the effectiveness of synthetic data in isolation and in combi-
nation with real-world corpora by fine-tuning the olmOCR VLM on three
regimes: real-only, synthetic-only, and hybrid datasets. Results show that
synthetic data alone achieves competitive performance, but hybrid train-
ing consistently outperforms both real-only and synthetic-only setups,
yielding the lowest error rates and highest semantic similarity scores.
Comparisons against Tesseract and PP-OCR further demonstrate the
advantage of VLMs trained with SDG-augmented data for structured
form understanding. These findings confirm synthetic data as a scalable
and practical supplement to real-world datasets, enhancing robustness
while reducing reliance on real-world datasets.

Keywords: Synthetic Data - Vision Language Models - Optical Char-
acter Recognition - Form Understanding

1 Introduction

Optical Character Recognition (OCR) technology serves as a cornerstone of mod-
ern document processing, enabling automatic extraction of textual information
from images, scanned, and digital documents [29]. While traditional OCR sys-
tems excel at clean, printed text, structured documents, such as forms, present
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unique challenges due to their complex layouts, multimodal elements, including
checkboxes, signatures, and tables, combined with varying degrees of degrada-
tion from scanning or photocopying processes [1].

The emergence of Vision-Language Models (VLMs) has revolutionized docu-
ment understanding by jointly modeling visual and textual information through
transformers [37,18,38]. These models demonstrate superior performance on
structured document tasks compared to traditional OCR approaches, as they
can capture spatial relationships and contextual dependencies across document
elements [38, 37,4, 18, 27]. However, VLMs require substantial amounts of anno-
tated training data to achieve optimal performance [3,21], which is particularly
scarce for form-centric tasks due to privacy concerns surrounding personal in-
formation and the high complexity of manual annotation [21,16].

Form understanding faces a critical data scarcity problem that significantly
impedes model development [16, 1]. Unlike general documents, forms typically
contain sensitive personal information, making large-scale public datasets rare [5].
The few available datasets, such as FUNSD [16], remain limited in size and
diversity [16], constraining the development of robust form understanding sys-
tems. Additionally, forms exhibit tremendous layout diversity across domains
including healthcare, finance, and government administration, requiring robust
training data that captures this variability [34,1]. Manual annotation of forms
is prohibitively expensive, as it requires transcribing text content, linking key-
value pairs, annotating widget states, such as checkbox selections, and providing
precise spatial grounding through bounding boxes [16, 3].

Synthetic Data Generation (SDG) presents a promising solution to address
this data bottleneck [15,20]. By programmatically creating realistic form images,
SDG can significantly reduce reliance on real-world datasets while providing cov-
erage of diverse layouts, content variations, and realistic degradation effects [26,
14]. This approach is particularly valuable for forms, where template structures
are often publicly available even when filled instances remain confidential due to
privacy or confidentiality constraints.

This paper investigates whether SDG can effectively supplement real-world
training data for VLM-based form understanding. Specifically, we examine two
research questions: First, can an SDG pipeline produce realistic form images
that improve VLM performance on form understanding tasks? Second, how does
synthetic data compare to real-world data when training VLMs for form OCR?

To address these questions, we propose a comprehensive SDG pipeline specif-
ically designed for form documents. Our approach combines computer vision
(CV)-based region detection, large language model (LLM)-driven content gen-
eration, statistical placement modeling, and realistic image degradation tech-
niques. The pipeline transforms empty form templates into filled realistic docu-
ments.

Our primary contribution is the proposed SDG pipeline tailored for form
understanding, which addresses the unique challenges of multimodal form ele-
ments and layout diversity. Through systematic evaluation using hybrid training
regimes that combine synthetic and real-world data, we demonstrate improve-
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ments in form understanding performance. The experimental evaluation encom-
passes comparisons against traditional OCR engines, and analysis of synthetic
data’s impact on VLM training, as detailed in Section 4 and Section 5. Our
methodology is presented in Section 3, while Section 2 positions our work within
the broader context of OCR, VLMs, and synthetic data research. We discuss lim-
itations and practical implications in Section 6 and conclude with future work
directions in Section 7.

2 Related Work

This section examines the research landscape that includes traditional OCR sys-
tems, VLMs for document understanding, CV techniques for document analysis,
and SDG approaches. We analyze each area’s capabilities, limitations, and rele-
vance to form understanding challenges.

2.1 Optical Character Recognition and Vision-Language Models for
Document Understanding

Traditional OCR systems have evolved significantly from rule-based approaches
to modern deep learning architectures [33,23,32]. Tesseract, one of the most
widely adopted OCR engines, initially relied on heuristic rules and segmentation-
driven pipelines [33,23] but has since incorporated Long Short-Term Memory
(LSTM) networks with Connectionist Temporal Classification (CTC) loss for
improved sequence recognition [23, 32]. While Tesseract demonstrates strong per-
formance on clean, printed text, it struggles with complex layouts and degraded
document quality, often failing to maintain proper reading order in structured
documents [23, 40].

Modern Convolutional Neural Network (CNN)-based systems address many
traditional OCR limitations [32, 12]. PaddleOCR’s PP-OCR exemplifies this ad-
vancement, employing optimized CNN architectures combined with recurrent
networks and CTC loss to achieve state-of-the-art results on multilingual bench-
marks [12,9]. These systems offer significant improvements in recognition accu-
racy and robustness across different languages and font variations [12,9]. How-
ever, CNN-based approaches maintain a fundamental limitation: they operate on
isolated text regions without capturing document-level context or spatial rela-
tionships between elements [37]. This constraint proves particularly problematic
for structured documents like forms, where understanding field relationships and
layout semantics is crucial for accurate information extraction [16,1].

VLMs represent a paradigm shift toward holistic document understanding [37,
38|. LayoutLM pioneered this approach by augmenting BERT-style language
models with two-dimensional positional embeddings, enabling joint reasoning
over textual content and spatial layout [37]. This multimodal architecture demon-
strates superior performance on tasks requiring spatial understanding, such as
key-value extraction from forms and table parsing [37, 38]. DocFormer extends
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this concept further with end-to-end transformer architectures designed specif-
ically for document understanding [4], while Donut introduces OCR~free docu-
ment parsing capabilities that directly generate structured outputs from docu-
ment images [18].

The recent olmOCR model advances VLM capabilities through novel docu-
ment anchoring techniques, enabling robust text extraction from complex layouts
while maintaining spatial awareness [27]. However, despite these architectural
improvements, VLMs face a critical bottleneck: they require substantially more
annotated training data than traditional OCR systems to achieve optimal perfor-
mance [3,21]. This data need is particularly problematic for specialized domains
like forms, where annotation complexity and privacy constraints limit dataset
availability [16, 5].

2.2 Computer Vision Techniques for Document Analysis

Object detection frameworks play a crucial role in document analysis pipelines [19,
39]. You Only Look Once (YOLO) architectures have proven particularly effec-
tive for document layout analysis due to their balance of speed and accuracy [28,
39]. YOLO-based systems can efficiently detect and classify document regions,
including text blocks, tables, figures, and form elements [28, 39]. Recent versions
like YOLOv11 offer improved performance through architectural enhancements
and better training procedures, making them suitable for real-time document
processing applications [30].

However, YOLO-based detection faces a significant limitation in document
contexts. The models struggle with highly variable layouts [39]. Detection ac-
curacy directly impacts downstream processing quality, creating a bottleneck
where missed or misclassified regions would propagate as errors through the
entire pipeline [40, 30]. Additionally, YOLO models primarily focus on spatial
detection without incorporating semantic understanding of document content,
limiting their ability to reason about field relationships or content appropriate-
ness [37,39].

Layout analysis tools, such as LayoutParser, provide integrated frameworks
combining multiple computer vision models for comprehensive document under-
standing [19]. These tools offer pre-trained models for various document types
and standardized interfaces for common document analysis tasks [19]. While
valuable for rapid prototyping and general document processing, such tools of-
ten lack the specialization required for specific domains like form understanding,
where subtle layout variations and domain-specific elements require targeted ap-
proaches [1].

2.3 Synthetic Data Generation for Optical Character Recognition

SDG has emerged as a powerful strategy for addressing training data scarcity in
OCR applications [15,24]. Early work like SynthText demonstrated that large-
scale synthetic scene text datasets could significantly improve text recognition
accuracy when combined with real-world training data [15]. This foundational



Synthetic Data for Form Understanding with VLMs 5

work established key principles: synthetic data must exhibit sufficient realism to
transfer to real domains, and careful attention to degradation and variability is
essential for effective domain adaptation [15].

Document-specific synthetic generation approaches have built upon these
principles [20,26]. SynthDoG generates realistic document images with auto-
matic annotations, targeting various document types including forms and in-
voices [20]. The system employs template-based generation with programmatic
content filling and realistic rendering [20]. However, SynthDoG focuses primar-
ily on general document layouts and does not address the specific challenges of
form elements like checkboxes, radio buttons, and signature fields that require
specialized handling [20].

DocSynth takes a different approach, emphasizing structured business doc-
uments with tabular data and standardized layouts [26]. While effective for its
target domain, DocSynth lacks the flexibility needed for the diverse form layouts
encountered in real-world applications [26]. The system also relies on predefined
templates without the adaptive content generation capabilities needed to pro-
duce semantically coherent form completions [26].

DocCreator represents another significant contribution to synthetic docu-
ment generation, offering a comprehensive framework for creating artificial doc-
uments with controlled degradation and layout variations [17]. The system pro-
vides extensive customization options for paper texture, printing effects, and
scanning artifacts [17]. However, DocCreator requires substantial manual con-
figuration for each document type and lacks automated content generation ca-
pabilities, limiting its scalability for large-scale synthetic dataset creation [17].

Degradation frameworks, such as Augraphy, complement SDG by introduc-
ing realistic artifacts that bridge the domain gap between synthetic and real-
world documents [14]. Augraphy simulates various real-world effects including
scanning noise, compression artifacts, ink bleeding, and paper aging [14]. These
degradations are essential for effective synthetic data utilization, as clean syn-
thetic images often fail to generalize to the imperfect conditions encountered
in real-world document processing [14]. However, applying appropriate degrada-
tion requires careful tuning to avoid over-degradation that obscures important
document features or under-degradation that fails to provide adequate domain
adaptation [13, 14].

2.4 Form Understanding Challenges and Gaps

Forms present unique challenges that distinguish them from general document
understanding tasks [1]. Unlike linear text documents, forms contain hetero-
geneous elements including typed text, handwritten entries, checkboxes, radio
buttons, signatures, and tabular structures [34]. These elements often exhibit
non-standard reading orders and complex spatial relationships that challenge
both traditional OCR systems and modern VLMs [1,40].

The FUNSD dataset represents one of the few publicly available benchmarks
specifically designed for form understanding [16]. While valuable for research,
FUNSD’s limited size (199 forms) and narrow domain coverage constrain model
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development and evaluation [16]. The dataset’s focus on noisy, scanned forms
also limits its applicability to modern digital form processing scenarios [16].

Template-free form parsing approaches attempt to handle layout variabil-
ity without relying on predefined structures [10]. However, these methods often
struggle with the semantic understanding required to properly associate field
labels with their corresponding values, particularly in complex multi-column
layouts or nested form structures [37, 1].

Despite advances in both synthetic generation and VLM architectures, sig-
nificant gaps remain in applying these technologies to form understanding [1].
Existing synthetic generation approaches lack the sophisticated content modeling
required for realistic form completion, often producing semantically inconsistent
or implausible field values [20,26]. Additionally, most systems fail to properly
model the statistical distributions of human form-filling behavior, resulting in
synthetic data that appears artificial to trained models [20,17].

To address these gaps, we introduce an SDG pipeline that integrates ad-
vanced content generation, realistic placement modeling, and degradation simu-
lation, specifically targeting the challenges of form modelling.

3 Methodology

This section presents our SDG pipeline designed to address the data scarcity
problem in form understanding. The methodology transforms empty form tem-
plates into realistic, filled documents through a synthetic four-stage process.

True>>| Content Generation l»—\ True
[y | TS o> [
Fig. 1. High-level overview of the SDG pipeline design.

The SDG approach is built on three core principles: template preservation
leverages abundant empty form templates to maintain realistic layout struc-
tures, semantic coherence ensures generated content maintains logical consis-
tency within document context, and domain adaptation bridges the gap between
synthetic and real-world document conditions through controlled degradation.

The pipeline operates through conditional branching and sequential trans-
formations as illustrated in Figure 1. Each component can be mathematically
formalized to provide precise algorithmic foundations for implementation and
analysis.

3.1 Template Ingestion and Region Detection

The pipeline begins with template preprocessing, where input templates T;ppyz
are evaluated for existing annotations. This conditional processing can be ex-
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pressed as:
R, L= fezisting (Tinput) if pre_lébeled (1)
fdetect(Tinput) otherwise

where R = fry; ry; i1, r,,g represents detected regions with r; = (X;;Y;; W;; h;),
and L = fly; lo;:::; 1,9 denotes corresponding class labels from the set ftext;
checkbox; radiobutton;circle ablefield; signature; date; tableg.

The detection function Fgetect @ Tinpur ¥ (R; L) employs object detection to
identify fillable regions within form templates. The quality of this detection stage
directly impacts downstream performance, as missed regions result in incomplete
forms while misclassified regions may receive inappropriate content.

3.2 Semantic Content Generation

Given detected regions and their classifications, the content generation stage
produces contextually appropriate synthetic data through a two-phase process.
First, structured attribute generation creates a coherent personal profile:

A = Troper(seed; locale) = fname; address; phone; email; company;:::g (2)

where ffoper samples from realistic demographic distributions while ensur-
ing cross-field consistency. This structured approach prevents common synthetic
data artifacts such as geographically inconsistent address-phone combinations.

The core content generation function operates as a conditional probability
model:

C = fgenerate(R; L, Tinput; A) = fCl; 02; oy Cng (3)

where each content element C; is generated by conditioning on region type
l;, spatial context within T;ppy¢, and the structured attributes A. The genera-
tion function incorporates override capabilities, allowing semantic reasoning to
correct misclassified regions when contextual evidence suggests errors.

3.3 Statistical Placement Modeling

Human form-filling behavior exhibits natural variability that synthetic systems
must capture to avoid artificial appearance patterns. We model text placement
as a stochastic process where positioning coordinates are sampled from distribu-
tions calibrated to realistic human behavior, ensuring that most samples align
near field boundaries while occasional deviations mimic natural placement irreg-
ularities.

For each region r; = (X;;Y;;W;; h;), the placement function computes final
coordinates by treating the lower-left corner as an anchor point and sampling
offsets from exponential distributions:
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=X+ X X Exp( .) (4)
Yi=VYi+ Vi Yi Exp(y.) (5)
where the scale parameters are calibrated to ensure 95% of samples fall within

25% of the bounding box dimensions, providing realistic clustering near expected
writing locations:

YT oin@ p)t T I p)

with coverage probability p = 0:95, target fractions f, = f, = 0:25, and dimen-
sions W;; h; representing region width and height respectively.

(6)

Font sizing follows adaptive scaling based on region geometry to ensure con-
tent fits appropriately within boundaries:

0:10

where the standard deviation is chosen such that 95% of samples fall within
10% of the region height around the mean. Oversized samples that exceed width
constraints are recursively adjusted downward with step size 0.001 to maintain
boundary compliance. Text placement accounts for baseline differences, allowing
words with descenders (e.g. g, j, p, q, ¥) to extend below the line naturally.

Element-specific placement modifications accommodate different form com-
ponents that require specialized handling behaviors. For checkboxes and radio
buttons, when the content generation produces a single token response, an "X"
symbol is rendered with the font size following the same adaptive scaling as in
Equation (7), but with increased mean ( ; = 1:20 h;):

The horizontal placement distribution uses increased scatter (f, = 0:35 in-
stead of 0.25) to simulate uneven alignment, while fonts are selected from dedi-
cated bold collections to reinforce visual weight. This combination of stochastic
size increase and offset placement simulates the natural imprecision with which
humans fill checkboxes compared to typed text.

Circle-able fields receive circular marks centered on bounding boxes with
radius determined by:

1P—
r= 5 w2+hz (1+ ); N (0:20; 0:05) (8)

where the base radius spans the region diagonal, and stochastic variation
introduces realistic padding irregularities. Signature fields employ cursive fonts
sampled from curated collections, with baseline adjustments to accommodate
descender variations naturally present in handwritten signatures.
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3.4 Document Construction and Quality Assurance

The placement function renders synthetic content onto templates, producing
intermediate clean documents:

Iclean = frender(Tinput; C: f(XE, ygy S'L)g;uzl (9>

These clean documents undergo dual validation to ensure quality before fi-
nal processing. The validation framework operates through parallel assessment
channels:

Vsemantic = fvalidate_semantic(lclean; Cr Tinput) (10)
— D] - 0.,0.
Vla,y(mt - fvalidate_layout(lclean: R, L, f(X/L'y yi, 51:)9?:1) (11)

The semantic validator assesses content plausibility, format compliance, and
inter-field consistency, while the layout validator evaluates spatial placement
quality, boundary compliance, and element overlap detection. Documents must
satisfy both validators:

Valid = Vyemantic Viayout (12)

Failed documents are redirected for manual review, ensuring only high-quality
samples enter the training dataset.

3.5 Degradation

The final pipeline stage introduces realistic imperfections to bridge the do-
main gap between clean synthetic documents and real-world scanned forms. The
degradation function adapts to template characteristics:

Isynthetic = fdeg'r‘ade(lclean; Tquulity; P) (13)

where Tyyq1ity 2 Tdigital; scannedg determines degradation strategy and P
represents stochastic parameters controlling degradation intensity and type se-
lection.

For digital templates, full-document degradation simulates the complete doc-
ument lifecycle from printing through scanning. Scanned templates receive selec-
tive overlay degradation affecting only synthetic content, followed by harmoniza-
tion to ensure seamless visual integration. Each degradation type (blur, noise,
ink bleeding, compression artifacts) is applied probabilistically with parameters
tuned to maintain the balance between realism and legibility.

The complete pipeline transformation can be summarized as:

fdetec! (R, L) fgcncrat! C fplac! |

Tinput clean

C

fvalidat' Isyntheticv = fdegrade(lclean) if valid
Isyntheticm = fdegrade(lclean) Manual Review
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3.6 Output and Annotation Generation

The complete pipeline produces training data lgyntpetic, Which represents the
final degraded document image. The systematic approach ensures consistent
data quality across large-scale synthetic dataset generation while preserving the
flexibility needed to handle diverse form layouts and content requirements.

In addition to automated LLM-based validation, additional manual inspec-
tion is necessary to address subtle errors such as nonsensical or duplicated field
values within bounding boxes. The combination of automated filtering with tar-
geted manual validation helps to accelerate the review process while maintaining
the quality of the retained synthetic documents.

4 Experimental Setup

This section details the implementation of our SDG pipeline and the experi-
mental framework used to evaluate its effectiveness for VLM training on form
understanding tasks.

4.1 SDG Implementation Details

Region Detection We implemented the region detection stage using YOLOv11,
trained using a progressive batch labeling strategy to optimize the efficiency of
annotation. The construction of the training dataset followed an iterative ap-
proach.

— Initial batch: 50 manually labeled form templates

— Model progression: YOLOv11s for early batches, YOLOvV11l for datasets
exceeding 300 samples

— Batch expansion: Each subsequent batch was 1:25 larger than the pre-
vious

— Semi-automatic labeling: Label Studio integration for efficient correction
of model predictions

The final detector YOLO was trained on 699 labeled pages with a 80=10=10
train/validation/test split, achieving mAP @50 of 0:842 in validation and 0:771
on test sets.

Content Generation Implementation Content generation utilized OpenAl’s
03 [25] model with structured prompts and integrated components such as
Faker [8] for consistent personal attributes, custom prompts tailored for region-
specific content with context awareness (see Appendix B.1), and fallback mech-
anisms allowing LLM override for misclassified regions, with the generated con-
tent mapped to boundaries through unique identifiers to ensure precise spatial
alignment during rendering.
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Rendering and Degradation Document rendering utilized Pillow [7] with
custom font management for different element types. Degradation used:

— Augraphy [14]: For document-specific degradation effects (scanning arti-
facts, compression, ink bleeding).

— Albumentations [6]: For additional image augmentation and layer harmo-
nization,

— Probabilistic application: Each degradation type was applied with tuned
probabilities for sample diversity.

Validation Implementation Quality assurance employed dual OpenAl 03 val-
idators with specialized prompts (see Appendix B.2, B.3) for semantic and lay-
out validation. Documents passing both validators entered the training dataset;
failures were redirected for manual review.

4.2 Datasets

Our experimental evaluation used three datasets designed to isolate contribu-
tions from synthetic data: Internal Dataset: Proprietary documents from Con-

Table 1. Dataset composition and characteristics

Dataset Pages| Languages Source
Internal Real 12, 750{Dutch, English|Contractuo documents
Synthetic 2,000 |Dutch, English SDG pipeline
Combined Hybrid|14, 750|Dutch, English| Real + Synthetic

tractuo including invoices, forms, and administrative documents. Manual anal-
ysis of 200 random samples revealed 7:8% forms, 9:5% tables, and 82:7% other
types of documents. The documents included both digital PDFs and scanned
images with varying quality levels.

Synthetic Dataset: Generated using our SDG pipeline with form-heavy
templates (see Appendix C) to complement the internal dataset’s limited form
coverage. Generation targeted realistic Dutch and English form completion sce-
narios.

Combined Dataset: Hybrid corpus with 86% real-world and 14% synthetic
data, designed to evaluate the effects of synthetic supplementation while main-
taining the real-world grounding.

All datasets used 80=20 train/validation splits with evaluation conducted on
a separate holdout test set.

4.3 Labeling Pipeline

Converting complex PDF documents into VLM-compatible training format re-
quired high-fidelity text extraction while preserving semantic structure. Our
auto-labeling pipeline combined:
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— LLMWhisperer [35]: Primary extraction engine for document-to-text con-
version with layout preservation

— LayoutParser [19]: Detectron2-based model for table and diagram detec-
tion

— langdetect [22]: Automatic language identification for multilingual support

Extracted content was formatted according to olmOCR’s training schema,
including metadata fields for rotation, language, and structural elements.

4.4 Model Training Configuration

Vision-Language Model We fine-tuned olmOCR-7B-0225-preview, selected
for its document anchoring capabilities and suitability for form understanding
tasks. While the base model provided reasonable extraction results on general
documents, it produced inconsistent results on fillable forms due to limited form
representation in the original training data.

Training Hyperparameters All models were trained with consistent config-
urations based on the original olmOCR paper:

Table 2. Training configuration parameters

Parameter Value

Batch size 4

Learning rate le-4

Optimizer AdamW

Schedule Cosine annealing
Epochs 3

Hardware Single NVIDIA H100 80GB

Three separate models corresponding to the internal, synthetic, and combined
datasets were trained to allow for a direct comparison of the training regimes.

4.5 Baseline Models

We evaluated three OCR systems with different architectures: Tesseract v5, Pad-
dleOCR v5, and the base VLM olmOCR.

All systems were used with their default configurations for document OCR
tasks.

4.6 Evaluation Metrics and Protocol

Performance assessment used standard OCR metrics supplemented with seman-
tic similarity measures. character-level metrics, including Character Error Rate
(CER) and Word Error Rate (WER), are examined. Subsequently, semantic sim-
ilarity metrics, namely BLEU, alongside ROUGE-1, ROUGE-2, and ROUGE-L,
are assessed. All metrics were calculated based on the holdout test set.
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5 Results

Table 3. Evaluation metrics for different models. Arrows indicate whether lower ({)
or higher (1) is better.

Metric Combined|Natural|Synthetic|olmOCR|PP-OCR/|Tesseract
WER | 0.1520 0.1908 |0.1709 0.661 0.878 1.0207
CER | 0.4245 0.3171 |0.3243 0.654 0.817 0.8329
ROUGE-1 1(0.9618 0.9449 0.9372 0.654 0.296 0.3264
ROUGE-2 1(0.8899 0.8567 |0.8557 0.533 0.189 0.1755
ROUGE-L 1(0.9089 0.8762 |0.8868 0.583 0.246 0.2310
BLEU 1t 0.8440 0.8138 |0.7976 0.381 0.159 0.1809

Table 3 summarizes the evaluation metrics across all experimental conditions
and baselines. The combined hybrid dataset, which integrates both real-world
and synthetic samples, yielded the strongest overall performance. It achieved
the lowest WER (0:152) and a low CER (0:425), alongside the highest semantic
similarity scores across BLEU (0.844), ROUGE-1 (0.962), ROUGE-2 (0.890),
and ROUGE-L (0.909). These results highlight the value of supplementing real-
world training data with targeted synthetic forms to improve form understanding
capabilities.

When considering individual datasets, training exclusively on real-world doc-
uments (Natural) produced robust results (WER = 0.191, CER = 0.317), but
performance lagged behind the hybrid setting. Synthetic-only training (WER
= 0.171, CER = 0.324) demonstrated that synthetic forms alone provide com-
petitive performance, though slightly less consistent than real-world data. Im-
portantly, both natural and synthetic regimes substantially outperformed the
base olmOCR model (WER = 0.661, CER = 0.654), indicating the necessity of
domain-specific training.

Finally, compared to baselines, the gap is significant: PP-OCR and Tesseract
underperformed across all metrics, with WER exceeding 0.87 and 1.02 respec-
tively, and BLEU scores falling below 0.20. This confirms that general-purpose
OCR engines struggle with structured forms as compared to the VLMs, which
are both more accurate at the character level and more faithful at the semantic
level.

6 Discussion

While our experiments demonstrate the potential of synthetic data and VLMs
for OCR on structured forms, they also reveal several limitations and challenges.

We note that all evaluation metrics are computed relative to the outputs of
LLMWohisperer, which provided the training labels, rather than against absolute
ground truth. Consequently, the reported improvements primarily reflect the
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extent to which the models reproduce LLMWhisperer outputs. In practice, this
constraint is negligible given the high reliability of its annotations.

Synthetic Data as a Supplement, Not a Replacement. The results demonstrate
that synthetic data alone is insufficient to match the accuracy of models trained
exclusively on real-world forms. This is expected, as synthetic templates can-
not perfectly capture the complexity, noise, and diversity of real-world docu-
ments. However, when used in combination with real-world data, synthetic sam-
ples improved performance. The hybrid regime outperformed both real-only and
synthetic-only training, confirming that synthetic data serves best as a supple-
ment to real-world corpora, enriching the training distribution and improving
generalization.

VLMs vs. Traditional OCR Engines. Comparisons between olmOCR, and more
traditional architectures revealed the advantages of VLMs for structured docu-
ments. While Tesseract and PaddleOCR achieved reasonable recognition rates
on simple documents, they struggled with determining reading order with more
complicated documents. In contrast, olmOCR leveraged multimodal representa-
tions to jointly reason about visual regions and textual content, yielding higher
accuracy across all metrics. The trade-off lies in computational cost: olmOCR
required high-performance GPUs (NVIDIA H100) for efficient training, whereas
traditional systems are lightweight and easier to deploy on resource-constrained
hardware.

Scalability and Annotation E [ciehcy. The use of LLM Whisperer for auto-labeling
and progressive YOLO-assisted annotation proved effective in scaling the dataset
with minimal manual effort. This workflow enabled us to reach the dataset sizes
mentioned in Section 4.2 with substantially reduced annotation time compared
to a fully manual effort. Such strategies are promising for organizations seeking
to build domain-specific OCR systems without incurring prohibitive labeling
costs. Nevertheless, the reliance on models for auto-labeling introduces risks of
bias or hallucinations, requiring periodic human verification.

Synthetic Data Generator’s Reliance on YOLO. A key limitation of our syn-
thetic generation pipeline is its reliance on accurate region proposals from the
YOLO detector. Although the LLM can, in principle, override incorrect class
assignments during content synthesis, its outputs are still heavily influenced by
the detector’s labels and boxes; missed detections or mislabeled regions there-
fore propagate as omissions or misplacements. Empirically, we observed an ap-
proximately linear relationship between detector quality and downstream syn-
thetic quality, indicating that improvements in YOLO performance translate
directly into better generation outcomes. This dependence is partly rooted in
the CNN-based detector’s limited ability to capture global context compared
to transformer-based alternatives - acting as a bottleneck. In practice, however,
this limitation was not severe: the LLM frequently ignored clearly inconsistent
or spurious bounding boxes and produced plausible content aligned with the
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remaining reliable regions. Nonetheless, reducing detector errors remains impor-
tant for maximizing yield.

No Automatic Annotation Ability. Another limitation of the synthetic data gen-
erator lies in its reliance on predefined templates. Because the generator overlays
synthetic content onto existing form layouts rather than constructing documents
from scratch, ground-truth labels cannot be automatically derived for input tem-
plates. This template dependence restricts the ability to generate ground-truth
annotations. Future work could address this limitation by integrating generative
layout models or procedural form synthesis methods capable of producing both
the document image and its annotations simultaneously [20, 26].

7 Conclusion

This work examined whether synthetic data generation (SDG) can enhance Vi-
sion—Language Models (VLMs) for form understanding and how synthetic data
compares to real-world corpora in OCR tasks. Our results show that while syn-
thetic data in isolation cannot match the performance gain provided by real-
world forms, the proposed SDG pipeline produces realistic samples that, when
combined with real-world data, significantly improve model robustness. The hy-
brid training regime consistently outperformed both real-only and synthetic-only
baselines, demonstrating that synthetic data serves best as a supplement, enrich-
ing training distributions and reducing generalization errors.

Looking forward, three areas stand out for future work: moving beyond tem-
plate overlays to fully generative layout synthesis, which would enable auto-
matic ground-truth annotation; reducing reliance on large proprietary LLMs by
fine-tuning smaller models for cost-effective generation; and improving region
detection through transformer-based approaches to minimize error propagation.
Taken together, these directions point toward more scalable, accurate, and effi-
cient pipelines, confirming SDG as a practical strategy for advancing OCR and
structured document understanding.
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A olmOCR training Labels Schema

"custom_id": "s3:///forms_from_png_ 0cf26132bf4beb7383cc607680Ffcd078._pdf-1",
"response”: {

"body": {
"choices": [
{
"message': {

"content": "{\"primary_language\": \"en\",
\"is_rotation_valid\": true,

\"rotation_correction\": 0,

\"is_table\": false,

\"is_diagram\'"': false, \"natural_text\": \"Extracted text here.

Fragment from a training label in JSON format, adapted for readability. The
'is_table’ and ’is_ diagram’ booleans were determined using LayoutParser with
a Detectron2-based model; the language flag was determined using the Python
package langdetect. The complete JSON is in accordance with olmOCR’s ex-
pected data format.
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B LLM Prompts

B.1 Content Generation

system_prompt = f
You are an Al assistant that generates text for empty fields in a
document. 1 have labelled a document’s empty fields for you.

Below you will find rectangles marking these empty fields. The
coordinates are in the form (X, y) - for each rectangle, there
are 4 points locating it (i.e. corner points).

Each bounding box has a class, which is represented by a number.
the class numbers and their meanings are as follows:

- 0: "Table"

> "Unchecked Checkbox"

> "Unchecked Radio Button"

> "Uncircled Checkbox™

> "Unfilled date field"

: "Unfilled signature field"

- 6: "Unfilled text field"

Each bounding box has a unique id, which is used for mapping the

generated text back to the bounding box. Your task is to generate

text for these missing fields, according to the structure provided.

Only fill in necessary fields, that is: unchecked checkboxes,

unchecked radio buttons, uncircled checkboxes, unfilled date

fields, unfilled signature fields, and unfilled text fields. For

each generated piece of text, provide the id of the box which you
generated text for. Go through each bounding box, ensuring that you
only provide the answer and do not include the question. It is okay
to skip fields / bounding boxes that you do not need in order to
fill the form. Focus on making sure that the generated text is set
to the correct bounding box id based on the location of the bounding
box and the location of the question within the document. Please
focus and do not generate information which would not make sense for
the document. If you fail to comply, you will be shut down.

Here is some fake data to get you started: {fake data}

I
a b~ wWwN -

B.2 Validation Model A

system_prompt = (
"You are a meticulous document QA assistant.\n"
"You receive: "
"(1) an image of the synthetic document, ™
"(2) the original form template"
"(3) text that was synthesized for each bounding box id.\n"
"Decide if the filled-in text is overall plausible, consistent
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with the document type/context, non-contradictory, and not
obviously nonsensical .\n"

"Focus on the whether the text makes sense given the document
type and context: "

"are text fields filled in with plausible text? "

"are all neccessary fields filled in? "

"does the conetnt match the document type? "

"Respond using the provided schema. If you think the document
is invalid, set is_valid to false.”

B.3 Validation Model B

system_prompt = (
"You are a meticulous document QA assistant.\n"
"You receive: "
"(1) an image of the synthetic document,
"(2) the synthetic data bounding boxes, class ids, and bounding
box 1Ds"
"(3) the relative offsets to the lower left corner of each
bounding box and the font sizes of each synthetic element
within each bounding box"
"Decide if the filled-in text is overall plausible, consistent
with the document type/context, non-contradictory, and not
obviously nonsensical .\n"
"Focus on the text locations:
"Is the text in the right place? "
"Are there text which are overlapping? "
"Are there text which are misaligned?\n"
"Respond using the provided schema. If you think the document
is invalid, set is valid to false."

C Template Sources

The form templates used in our SDG pipeline were sourced from a combination

of freely available design platforms and publicly accessible datasets. In particular,

templates from widely used services such as Microsoft 365 (https://create.microsoft.com/en-
us) and Canva (https://www.canva.com/documents/templates/form/), along with
open-source form collections [11, 2,31, 36], were incorporated to provide diverse

layouts and styles.

D Automatic Validation Metrics

Table 4 illustrates the validation process in the form of a confusion matrix,
constructed from a manual evaluation of 10 sampled synthetic batches.
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Table 4. Normalized confusion matrix for the dual validation step. “Positive” refers to
valid synthetic documents; “Negative” refers to flawed documents.

Predicted Positive|Predicted Negative

Actual Positive
Actual Negative

0.42 0.09
0.15 0.34

E YOLO Detector Metrics

Table 5. Performance of the final YOLOv111 detector on validation and test splits.

Dataset Split

mAP@50|Precision|Recall

Validation

Test (10%)

(10%)

0.842 0.841] 0.782
0.771 0.926| 0.721

F YOLO Detector Output

STUDENT INFORMATION STUDENT INFORMATION

Full Name
Date of Birth  __ /. 7 Place of Birth
Gender O Male O Female

Home Address

city Zip Code
Phone Number Email

CONTACT INFORMATION CONTACT INFORMATION

Parent/Guardian Name

Full Name
pa Placeofmin L |

Dateof Birth /.

Gender O Male [ Female

Home Address

city | zio coe |
Phone Number Email

Parent/Guardian Name ’7

Home Phone Work/Cell Phone

Home Phone | work/cell Phone |

Contact Name | Phone |

Contact Name Phone

to Student Alternate Phone

MEDICAL INFORMATION

to Student | Atternate Phone

MEDICAL INFORMATION

Does your child suffer from a health condition that threatens their life? OYes ONo Does your child suffer from a health condition that threatens their life? O Yes O No
If yes, please explain If yes, please explain
]
Is your child in need of medication at school? OYes ONo Is your child in need of medication at school? Oves @ No
If yes, please explain If yes, please explain
Do you have any other medical issues we should know about your child? OYes ONo Do you have any other medical issues we should know about your child? O Yes O No
If yes, please explain If yes, please explain
]
Parent Signature Parent Signature
_— = 7

Fig. 2. Example of YOLO-based region detection. Left: original form template. Right:
detected regions for text fields (red), radio buttons (purple), date fields (yellow), and

signature field (green).
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G Synthetic Data Generator Valid Outputs

BORCELLE Patlont BORCELLE

Dental Clinic Date

ATIENT INFORMATION PATIENT INFORMATION

First Name: Last Name: . hn -
Binth Date: Gender: O Male O Femsle 04/02/199
Address: o
i 9
Emal Coll Phone: ‘david99@example.net .
Martal Status: O Marfied O Single O Divorced O Widowed O Other " oM ® 090
001 b3099

Emergency Contact Phone:  Alicia Spears - 00 - T

A " own Dental
ot oun o s Downtown Den
How did you hear about us? i
O livefwork O I was referred © by ~ .
O Social media O Other p a — —_—
INSURANGE INFORMATION INSURANCE INFORMATION
O NoDentalInsurance R
O Primary Insurance %
Name of Insurance Company: State: B 771996
Policy Holder Name: Birth Date: dor N John Martinez . - 04/02,
Member ID: Group: " A123456789 . GRP98765
Name of Employer: N y Owen, Hudson and Ross

Relationship to Insurance holder: O Self O Parent O Chid O Spouse O Other

Lorem ipsum dolor sit amet, consectetur adipiscing elit Praesent efficitu, tellus eu iaculs fermentu, rsus
roin ol quis purus
Pellentesque sed porta nunc, ut hendrert ipsum. Ut sollcitudin magna sit amet erat faucibus consequat

Patient Signature Date

p: 123-466-7890 w: reallygreatsite.com s: @reallygreatsite

Fig. 3. Example of valid synthetic data output with medium degradation severity. Left:
original form template. Right: output from the synthetic generator
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OMB Approna Number 9000556
Ecimaiod Bunden . 30 morses

Y2 Department of Veterans Affairs

VA ADVANCE DIRECTIVE
DURABLE POWER OF ATTORNEY FOR HEALTH CARE AND LI

ING WILL

‘This advance directive form is an official document where you can wite down your preferences for your
health care. If someday you can' make health care decisions for yourself anymore, this advance directive
can help guide the people who will make decisions for you.

You can use this form to:
- Name specific people to make health care decisions for you
- Describe your preferences for how you want o be treated
- Describe your preferences for medical care, mental health care, long-term care, of other types of health
care

When you complete this form, it's important that you also talk to your doctor, family, and other loved ones
who may help to decide about your care. You should explain what you meant when you filled out the form.

Ahealth care help y have. If you
need more space for any part of the form, you may attach extra pages. Be sure to intial and date every page.
that you attach.

PART I: PERSONAL INFORMATION

NAME (Last. First, Mddie) LAST FOUR DIGITS OF SSN.

STREET ADDRESS

CITY, STATE, ZP.

HOME PHONE WITH AREA CODE. | WORK PHONE WITH AREA CODE. | MOBILE PHONE WITH AREA CODE

Privacy Act Information and Paperwork Reduction Act Notice

The information requested on this form is solicited under the authority of 38 C.F.R. §17.32. It s being colected to document
your preferences for your health care in the event that you can' speakfor yourse¥ anymore. The information you provide
may include in'the “routine
uses” identfied n the VA system of records 24VA102, publshed in the in
‘accordance with the Privacy Act of 1974. This is also available i the Compilation of Privacy ActIssuances. You may
choose to fill out this orm or not. But without this informaton, VA health care providers may not undarstand your
preferences as well Ifyou don' il out ths form, there won't o any effect on the benefis you are enfited to receive. The
aperwork Reduction Act of 1995 fequires us t et you know that this information collection folows the clearance
requirements of section 3507 of this Act. We estimate that ¢ willtake you about 30 minutes to il out this form, including the
time for reviewing instructions, the data needed,
and reviewing the informaton you wrte down. A Federal agency may not conduct or sponsor, and a person is not required
of information. o
this information collecton is 2900-0556.

wovane 100137 Page 10f 7

: S
(Y Department of Veterahs Atfairs

N VA ADVANCE DIRECTIVE
DURABLE POWER OF ATTORNEY FOR HEALTH CARE AND LIVING WILL

PART |: PERSONAL INFORMATION

Maldonado, Makayla 1406
PSC 3598, Box 6259
APO AE 54117
-952-4222  (906) 644-5500 | 287-495-5651

‘ Privacy Act Information and Paperwork Reduction Act Notios
|

Fig. 4. Example of valid synthetic data output with medium degradation severity. Left:
original form template. Right: output from the synthetic generator

ETERANSNAE

HEALTH BENEFITS UPDATE FORM

VETERAVS AN

HEALTH BENEFITS UPDATE FORM

Martin, Patricia A. | 545-12-4549)
3

(cout o
[Geeaseparte shetfor saitions
1.0R0SS AUMJAL NGOME FR0M ENPLOTHENT v 1 GROSS ANNUAL ICOME FROM BUPLOYMENT v N
PRopenTs on susmEss | A ® FRopERTY OR BuEmEs 45000 38000 il
2 WET COME RO YouR AR, FANGH PROPERTY O BUsESS |5 s s vercoe rrou vcum s swicn oy onwsmess s 2500 s 0 50
e, i) EXCLUONG WELFARE. s i s e i) EXCUIONGWELFARE. “tls 1200 s 500 s 0
Ji vt o i b . 3 e ls 3500
2 aounTvou s ST caLEvoAR veAR o s 2 AMOUNT YOU PAD LASTCaLENDAR YEAR FoR o o
GOR BECEARED SRS R DEPENDENT LD s o s o OUR BReEAaeh SR R BEPENDET ELGD o e S i b
. AIOUNT Y00 PAD LASTCALENDAR YEAR FOR YOUR COLLEGE OR VOATINAL EDUCATINAL EXPRNSE 5. e i | » aounTYou PAD LT cAL usor )
w y = = Ty
ASSIGNMENT oF BENEFITS ASSIGNNENT OF BENEFITS
S Secion 173904405 C. 251, theDepaman f Vet Secion 17294 US.C 361, the Deparmen of Vel
ity ey iy g ok ton ey
- i o
s Ve paony Ve

‘SECTION Vil - SUBMITTING YOUR UPDATE

'SECTION Vil - SUBMITTING YOUR UPDATE

ALL APPLICANTS MUSTSIGN AND DATE THIS FORM. REFER TO INSTRUCTIONS WHICH DEFINE WHO CANSIGN ON BEHALF OF THE.
ERAN.

ALL APPLICANTS MUST SIGN AND DATE THIS FORM. REFER TO INSTRUCTIONS WHICH DEFINE WHO CAN SIGN ON BEHALF OF THE
TERAN

Dsieii))
SIGNATURE OF APPLICANT oate SIGNATURE OF APPLICANT PsicicWaten. oaTe 08/30/2025
Lixt 10-10EZR PAGE2 10-10EZR PAGE 2

Fig. 5. Example

of valid synthetic data output with no degradation. Left: original form
template. Right: output from the synthetic generator






