
VFDR-Bench: A Multi-Lingual, Multi-Domain

Benchmark for Visually Faithful Document Reconstruction

Anonymous Submission

Abstract

PDF-to-HTML conversion improves accessibility but often compromises layout fidelity, as existing
systems prioritize text accuracy over visual structure, typography, and spatial organization. We intro-
duce VFDR-Bench, a benchmark for Visually Faithful Document Reconstruction (VFDR) that
assesses both structural and stylistic preservation in document-to-HTML generation. The bench-
mark consists of 5000 multilingual documents across 22 languages and diverse layouts. We also
introduce REPLICA, a layout-aware conversion engine that produces Fid-HTML - a semantically
enriched HTML format unifying content, style, and geometry - further refined with human correc-
tions to ensure high-quality ground truth. VFDR-Bench evaluates systems along four dimensions:
text extraction, logical structure, physical structure, and visual fidelity. To support this, we intro-
duce four new metrics - Logical Structure Score (LSS), Global Position Score (GPS), Local Position
Score (LPS), and Visual Fidelity Score (VFS), in addition to standard existing metrics. Benchmark-
ing 17 diverse methods shows that even advanced VLMs such as GPT-5 and Gemini 2.5 Pro reach
only ∼50–60% fidelity, underscoring the difficulty of VFDR. VFDR-Bench provides the first unified
evaluation suite for layout-aware document rendering, establishing a foundation for visually grounded
document understanding and web-native document representation.
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1 Introduction

Portable Document Format (PDF) files are
designed to preserve the visual integrity of docu-
ments through precise control over layout, typog-
raphy, and styling. However, this fidelity often
deteriorates when such documents are adapted for
the web. Conventional optical character recogni-
tion (OCR) engines [4–6] recover textual content
but discard spatial and stylistic information such
as layout hierarchy, alignment, or font empha-
sis. Other workflows, including PDF-to-Markdown
conversion [7, 8] or parser-based extraction [9–11],
provide lightweight markup yet fail to capture the

document’s visual organization. As a result, these
pipelines yield flattened or visually distorted rep-
resentations that lack the semantic and aesthetic
richness of the source.

PDF-to-HTML conversion remains a cor-
nerstone in web publishing, digital archiv-
ing, and accessibility workflows. Tools such as
pdf2htmlEX [12] produce minimal HTML that
retains basic positioning but sacrifices typo-
graphic nuance. Features that convey mean-
ing—font weight, size, color, and alignment—are
often reduced to coarse approximations or omit-
ted entirely. Consequently, the converted HTML
maintains a logical skeleton of the document but
not its intended visual semantics or reading expe-
rience.

Recent advances in vision–language models
(VLMs) [13–16] and document-specific architec-
tures have introduced the possibility of generating
structured outputs directly from page images. Yet,
despite promising results, these systems remain
constrained by limited layout diversity, incomplete
script coverage, and a tendency to prioritize tex-
tual extraction over visual fidelity. This gap moti-
vates the need to systematically study Visually
Faithful Document Reconstruction (VFDR).
Our key contributions are as follows:

• Fid-HTML: a standardized, web-native doc-
ument format in high-fidelity HTML that
is both semantically enriched and visually
faithful, preserving fine-grained spatial and
stylistic cues.

• REPLICA: a layout-aware rendering engine
that segments, localizes, and hierarchically
assembles document elements to gener-
ate Fid-HTML as high-fidelity ground-
truth HTML, which are subsequently refined
through human annotations.

• VFDR-Bench: a multilingual, multi-
domain benchmark comprising 5000
documents spanning over 22 languages and
17 domains, designed to evaluate document-
to-web conversion fidelity, robustness, and
cross-lingual generalization.

• Evaluation suite: a novel set of met-
rics—Logical Structure Score (LSS), Global
Position Score (GPS), Local Position
Score (LPS), and Visual Fidelity Score
(VFS)—introduced to jointly quantify log-
ical structure, physical layout alignment,
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Fig. 1: A Comparing representative document reconstruction methods. The VFDR-
Benchbenchmark includes open-source Vision-Language Models (e.g., Qwen3-VL-30B [1]), commercial
systems (e.g., Gemini-2.5 Pro [2]), and pipeline-based approaches (e.g., Marker [3]). The benchmark helps
measure fine-grained differences in visual fidelity, such as preservation of font attributes (bold, italics),
font size, text color, paragraph indentation, and column structure. B Quantitative radar plot illus-
trating comparative performance across key evaluation dimensions—TE (Text Extraction), PS (Physical
Structure), LS (Logical Structure), and VF (Visual Fidelity). These results demonstrate the challenge
and comprehensiveness of VFDR-Bench, motivating progress in visually faithful document reconstruc-
tion. Additional examples are provided in fig. 2, fig. 17, Supplementary

and visual fidelity in document-to-HTML
reconstruction.

Using VFDR-Bench, we evaluate 17 methods
spanning multiple categories—including pipeline-
based tools, expert VLMs, general-purpose VLMs
(both open- and closed-source), and Screen-
shot2HTML models. Beyond overall performance,
we conduct fine-grained analyses across languages,
domains, column layouts, and document condi-
tions, providing a comprehensive characterization
of model behavior under diverse real-world set-
tings.

By formalizing the VFDR task and intro-
ducing a reproducible benchmark with standard-
ized metrics, VFDR-Bench establishes a uni-
fied framework for visually grounded document
understanding—bridging text-centric reconstruc-
tion and layout-aware rendering. This framework
extends the utility of enriched HTML outputs
beyond readability, enabling accessibility, digi-
tal archiving, style-preserving content reuse, and
high-quality translation - see examples in fig. 2.
The inclusion of semantic tags, preserved reading
order, and enriched figure alt-text in Fid-HTML
creates possibilities for seamless screen-reader
compatibility and web accessibility.

3



In-Browser Translation

 Document PreservationA

B

Fig. 2: Downstream applications with high
fidelity preservation enabled by VFDR: A Doc-
ument Preservation, B In-browser translation
(English to Chinese).

2 Related Work

Document reconstruction can be broadly cat-
egorized into two complementary goals: logical
reconstruction, which recovers semantic and hier-
archical structure, and physical reconstruction,
which restores layout geometry and visual styling.
Most prior systems emphasize one aspect at the
expense of the other. VFDR-Bench unifies these
perspectives by enabling quantitative evaluation
of both through the lens of Visually Faithful Doc-
ument Reconstruction (VFDR). Refer table 2 for
more details.

2.1 Logical Reconstruction

Pipeline Parsing: Modular systems decompose
the task into layout analysis, reading-order predic-
tion, OCR, math/table parsing, etc., assembling
outputs via rules or learned glue [30–37]. Open
tools such as Marker and MinerU integrate state-
of-the-art detectors and parsers to convert PDFs
to Markdown/JSON/HTML with strong coverage
of content and hierarchy [3, 26, 38]. While effective
at logical structure, these pipelines typically lin-
earize layouts (e.g., single-column Markdown) and
under-specify style and exact positions, making
high-fidelity rendering difficult.
End-to-End VLMs: Generalist VLMs (e.g.,
GPT-4V/Claude/Gemini, Qwen-VL, MiniCPM,
InternVL, DeepSeek-VL2) demonstrate zero-shot
document understanding and can emit free-
form descriptions or lightweight HTML/JSON
[2, 39–47]. However, they often miss fine lay-
out/style details, yielding outputs that preserve
logical structure but diverge from the original
appearance. Specialist models—Donut/Nougat,
LayoutLM-series, GOT, SPTS, UReader,
mPLUG-DocOwl, MonkeyOCR/TextMonkey,
etc.—are trained on document-centric corpora to
emit structured markup with better hierarchy,
tables, and formulas [27, 48–65]. Recent variants
(e.g., Qwen2.5-VL, olmOCR) produce HTML-like
outputs and are finetuned for structured conver-
sion [14, 43, 66]. Despite clear gains in semantics
and reading order, most still under-deliver
on visual fidelity (fonts/spacing/multi-column
placement).

2.2 Physical Reconstruction

Approaches for Document Images: Meth-
ods such as PDFMathTranslate and image-to-
markup/LaTeX regeneration focus on scientific
documents, preserving math, tables, and two-
column layouts [67–70]. Beyond literal reassembly,
recent systems like DREAM emphasize high-
fidelity digital reconstruction and autoregressively
encode both content and layout, recovering ele-
ment positions [71].
Approaches for UI Screenshots: Screenshot-
to-HTML approaches primarily target UI-centric,
text-light layouts. Prior works have explored
diverse approaches to screenshot-to-HTML gen-
eration [29, 72–84]. Many systems refine outputs

4



Table 1: Comparison of recent document parsing benchmarks. VFDR-Bench offers the broad-
est and most diverse coverage with 22 languages and 17 domains, and uniquely provides high-fidelity
FID-HTML annotations. It is also the only document benchmark that captures both physical structure
(PS) and visual fidelity (VF)—the two most critical components for VFDR.

Benchmark Images Languages # Domains Output Format TE LS PS VF

OmniAI OCR Benchmark [17] 1000 1 NA md ✓ ✓ × ×
OmniDocBench [18] 981 3 9 txt ✓ × × ×
CC-OCR [19] 800 10 6 txt ✓ × × ×
olmOCR-Bench [14] 1403 1 NA md ✓ ✓ × ×
OCRBench-v2 [20] 10000 2 26 md ✓ ✓ × ×
READoc [21] 3576 27 6 md ✓ ✓ × ×
dp-bench [22] 200 1 4 md ✓ ✓ × ×
KITAB-Bench [23] 917 1 9 md ✓ ✓ × ×
Image2Struct [24] 2100 1 3 LaTeX, HTML × ✓ × ×
VFDR-Bench (Ours) 5000 22 17 FID-HTML ✓ ✓ ✓ ✓

Table 2: Comparison of representative document-to-HTML approaches. ’Semantic Tags’ (ST)
indicates whether semantic HTML tags are preserved; ’Absolute Position’ (AP) denotes support for
absolute layout rendering; ’Languages’ (Lang) represents the number of supported languages; ’Font
Size’ (FS) and ’Font Attributes’ (FA) measure fidelity in maintaining size, style (bold, italics, under-
line), and color; ’Visual Stitching’ (VS) evaluates retention of non-textual visual elements. ’P’ indicates

partial support. Methods are grouped into: Pipeline Tools , Specialized VLMs , General VLMs , and

Screenshot2HTML categories.

Method HTML CSS ST AP Lang FS FA VS

MineruPDF [25] – – – – 1 – – –
Marker [3] ✓ – – – 90 – P ✓
Docling [26] ✓ P – – 1 – – –

GOTOCR [27] ✓ P – – 2 – P –
SmolDocling [13] ✓ P ✓ – 1 – P –
MonkeyOCR [15] ✓ – – – 2 – – –

Qwen-3-VL-30B [1] ✓ ✓ – P 29 – ✓ –
Gemma-3-27B-it [28] ✓ ✓ – – 100+ – P –
Gemini 2.5 Pro [2] ✓ ✓ ✓ – 100+ – P –

Waffle VLM Websight [29] ✓ ✓ – – 1 – – –

iteratively via rendered feedback through reflec-
tion [81, 82, 85], and auxiliary work explores GUI
detection [86, 87] and natural language-driven
refinement [88]. However, these methods struggle
to generalize to complex, text-heavy documents
due to distribution shifts.

2.3 Benchmarks

Document Parsing Benchmarks. Recent doc-
ument parsing benchmarks [14, 17–24] typically
evaluate models through document-to-text or
document-to-Markdown generation, emphasizing
text extraction (TE) and, to a limited extent, log-
ical structure (LS). However, these benchmarks

do not explicitly assess physical structure (PS) or
visual fidelity (VF), both of which are essential
for Visually Faithful Document Reconstruction
(VFDR). Our benchmark addresses this gap by
jointly evaluating TE, LS, PS, and VF, offering
a more holistic assessment of document-to-HTML
systems. Refer to table 1
Screenshot-to-HTML Benchmarks. Several
benchmarks target screenshot-to-HTML gener-
ation [89–94]. Some of these efforts explicitly
evaluate visual fidelity, but their inputs are
predominantly web or mobile UI screenshots.
Consequently, they do not address the chal-
lenges posed by visually rich documents—such
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as dense layouts, complex reading orders, mul-
tilingual content, and heterogeneous typographic
structures—which require fundamentally different
modeling and evaluation strategies. Our bench-
mark fills this gap by focusing on visually faith-
ful reconstruction of real-world document layouts
rather than UI screenshots.

3 VFDR Requirements

VFDR-Bench aims to evaluate the capability
of models to achieve Visually Faithful Docu-
ment Reconstruction, i.e., to reproduce both log-
ical hierarchy and physical layout in web-native
HTML. A good reconstruction must exhibit four
key properties: (1) accurate text extraction (TE)
across diverse layouts and languages; (2) faithful
preservation of logical structure (LS), including
section headers, captions, and nested lists; (3)
precise maintenance of physical layout (PS), cap-
turing spatial positioning, indentation, and place-
ment of figures and tables; and (4) overall visual
fidelity and stylistic consistency (VF), preserving
fonts, colors, and emphasis. With these properties
in mind, we introduce a standardized HTML-
based format Fid-HTML which can represent
fine-grained semantic, spatial and stylistic prop-
erties of the original document. We describe this
format next.

4 Fid-HTML: A High-Fidelity
Document Representation.

Fid-HTML is a high-fidelity, semantically
enriched HTML representation produced by the
REPLICA framework. It is designed to capture
both the semantic structure and the visual pre-
sentation of a document, enabling downstream
tasks that require faithful reconstruction as well
as machine-readable semantics.
Core Representation. Fid-HTML encodes
document content along multiple dimensions: (1)
Textual content, where full text is extracted and
preserved at both word and block level; (2) Hier-
archical structure, represented with nested <div>

elements that capture document hierarchy such
as sections and subsections; (3) Semantic tags,
including <li> for lists, <table>, <tr>, <td> for
tables, and semantic class names for <div>s, pro-
viding rich semantic grounding; (4) Positional

information, with global placement encoded via
absolute positioning and local alignment through
relative positioning, where textual segments are
wrapped in <p> tags inside higher-level <div> con-
tainers; (5) Styling metadata, retaining font size,
color, and text attributes such as bold, italics,
underline, and strikethrough as inline CSS for
high-fidelity style preservation; and (6) Figures
and backgrounds, where images, figures, and page
backgrounds are layered into the HTML, and
alt-text for figures is automatically generated by
VLMs to improve accessibility. Refer fig. 3 for
more details.
Advantages: Unlike traditional parsers that dis-
card layout, style, and semantics, Fid-HTML
retains the full spectrum of document signals.
Semantic tags and logical grouping benefit down-
stream LLM/VLM tasks such as understanding,
summarization, and retrieval; absolute and rel-
ative positioning preserve layout fidelity; styling
metadata ensures faithful rendering; and VLM-
generated alt-text improves accessibility for screen
readers—capabilities often absent in conventional
systems.

5 REPLICA: High-Fidelity
Conversion Engine

Existing approaches for document-to-html con-
version fail to produce Fid-HTMLor its equiva-
lent representational aspects (table 2). Therefore,
we build REPLICA, a high-fidelity layout-aware
document-to-html conversion engine to generate
Fid-HTML.

The pipeline adopts a modular, multi-stage
architecture that integrates layout segmentation,
OCR, and vision–language prompting across four
key stages (fig. 17): Segment ( 1 ), Localize ( 2 ),
Assemble ( 3 ), and Refine ( 4 ).

5.1 Segment: Robust Layout
Detection ( 1 )

Effective document-to-HTML conversion begins
with identifying the most logical way to divide a
document: its layout structure. Also, real-world
documents are inherently nested (e.g., a title
within a header, a footnote within a footer), unlike
traditional methods that assume flat classes. To
capture this, we construct a nested layout tree
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Fig. 3: Fid-HTML: High-Fidelity Document Representation. Fid-HTML is the enriched output
format of REPLICA, designed to preserve both the semantic structure and visual presentation of a docu-
ment. The representation encodes: (1) Textual content, where extracted text is preserved with line breaks
and indents; (2) Hierarchical structure, maintaining global and relative positions with nested containers;
(3) Semantic tags, which impart semantic information to each html tag(4) Positional information, cap-
tured with inline CSS for absolute and relative placement; (5) Styling metadata, including font size, color,
and attributes (bold, italics, underline, strikethrough); and (6) Figures and backgrounds, where images
and page backgrounds are integrated with alt-text for accessibility.

( 1c in fig. 17), where parent–child relationships
follow spatial containment. Because no single lay-
out detection model generalizes across diverse
documents and scripts, we employ an ensemble
of complementary detectors: flat layout models
( 1a ) and hierarchical text segmentation models to
maximize text coverage, combined with hierarchi-

cal layout detectors ( 1b ) to merge semantically
related regions and provide nesting cues. This
ensemble yields robust boundary detection, accu-
rate element nesting, and well-structured layout
trees - crucial for faithful reconstruction.

5.2 Localize: Layout-Aware HTML
Generation ( 2 )

Full-document HTML generation often fails on
long, complex layouts. Hence, we use the nested
layout tree from previous stage and generate
local sub-HTMLs for each of the nodes via a
two-stage, layout-aware prompting process:

Stage 1 – Raw sub-HTML generation ( 2a ):
We apply Set-of-Mark (SoM) Prompting [95],
where the layout crop image is overlaid with
indexed paragraph bounding boxes. This compos-
ite input, together with a text prompt, is provided

to a VLM, which then generates a flat sub-HTML.
The output ensures OCR coverage while preserv-
ing the document’s physical structure through
explicit bounding box retention.

Stage 2 - Refining sub-HTMLs ( 2b ): We
provide the layout crop, the raw sub-HTML, and
a text prompt to a VLM, which produces a
refined sub-HTML enriched with semantic tags,
improved OCR, and styling such as color and
font attributes (bold, italics, underline) through
dynamic CSS. Auxiliary context is provided in
the prompt through OCR ensembles and attribute
recognizers to boost fidelity.

5.3 Assemble: Position- and
Reading-Aware Merge ( 3 )

We adopt a position- and reading-aware merge
strategy, directly assembling sub-HTMLs from
the localization stage into the final HTML. Each
sub-HTML is placed using its absolute bound-
ing box while aligned with the predicted read-
ing order, and visual elements (e.g., images) are
stitched back at their positions. This ensures
the merged output preserves layout semantics,
structural organization, and natural textual flow.
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Fig. 4: Overview of REPLICA, our four-stage framework for high-fidelity document-to-
HTML conversion.( 1 Segment) Build a nested layout tree using an ensemble of flat, hierarchical, and
text-segmentation models to capture both fine-grained and structural regions. ( 2 Localize) Generate
region-level sub-HTMLs via two-stage layout-aware Set-of-Mark prompting, enriched with OCR and
fine-grained attributes, enabling parallel and semantically rich generation. ( 3 Assemble) Merge sub-
HTMLs by aligning absolute bounding boxes with predicted reading order, preserving layout fidelity and
document flow. ( 4 Refine) Enhance visual quality via font-size fixing, background restoration, color
correction, and an iterative VLM reflection loop for progressive alignment with the source document.
Refer supplementary for more details.
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5.4 Refine: Visual Fidelity
Enhancements ( 4 )

Font size encodes both visual and semantic
cues—larger fonts often signal headings or empha-
sis. Preserving accurate sizing ( 4a ) is thus essen-
tial for faithful rendering and interpretation. To
ensure fidelity, font sizes are fixed at the leaf level
within each sub-HTML: a binary search selects
the maximum size that fits within the layout
crop, preventing overflow and clutter while keep-
ing text well-aligned. Visual quality is further
improved through background restoration ( 4c ),
which reconstructs graphic elements and recovers
global tints and shades. Finally, a vision–language

model (VLM) drives a reflection loop ( 4b ), com-
paring rendered HTML snapshots with the source
image, identifying discrepancies, and iteratively
refining the HTML until visual alignment is
achieved.

Through this multi-stage design, REPLICA
guarantees reproducible, layout-consistent, and
visually faithful HTML reconstructions—forming
the foundation for high-quality benchmark super-
vision and reliable evaluation. Refer to supplemen-
tary for more details on the design choices.

5.5 Implementation Details

Segment: We ensemble Doclayout-YOLO-
v10 [96] (flat layouts), IndicDLP-YOLO-v10 [97]
(hierarchical layouts), and Hi-SAM [98] (text seg-
mentation). Doclayout-YOLO and Hi-SAM yield
precise region boundaries, while IndicDLP-YOLO
merges semantically related zones for coherent
sub-HTMLs.
Localize: A two-stage Set-of-Mark prompting
pipeline employs Hi-SAM paragraph- and line-
level boxes, color-indexed for grounding. The
VLM backbone is Gemini 2.5 Pro [2], aug-
mented with Google OCR [99], DocTr [100] for
word localization, and TexTAR [101] for font-style
attributes. Robustness is ensured through auto-
mated retries and schema-level type validation.
Assemble: Sub-HTMLs are merged in reading
order using absolute coordinates, with all visual
elements re-stitched at original positions to pre-
serve layout semantics.
Refine: Font sizes are optimized per para-
graph via a binary search in textFit.js [102]
using Hi-SAM boxes. Backgrounds are restored

by OpenCV inpainting over region masks, and
a VLM-driven reflection loop (Gemini 2.5 Pro,
max iterations=6) iteratively aligns rendered
and source layouts for final visual fidelity.

Additional implementation details and ratio-
nale behind design choices can be found in the
supplementary.

6 Benchmark Construction

The benchmark comprises 5000 multilingual
documents sourced from both web-scraped
data and samples drawn from multiple
public datasets—IndicDLP [97], RVL-
CDIP [103], PubLayNet [104], DocLayNet [105],
M6Doc [106], IDL [107], PRImA [108],
D4LA [109], SROIE [110], FUNSD [111], and
OJ4OCRMT [112] and CCpdf [105]. Collec-
tively, these sources span 22 languages and over
20 distinct layout categories. This composition
balances breadth and reproducibility, ensuring
fair comparison across models. The distribution
of documents across languages and domains is
shown in fig. 5, and representative samples illus-
trating the diversity of VFDR-Bench appear
in fig. 6. Each document in the benchmark is
first processed through our REPLICA pipeline
to produce a high-fidelity reference HTML. The
automatically generated outputs were largely
accurate, requiring only light human verification.
These were manually refined by trained anno-
tators to guarantee accurate alignment between
the rendered HTML and the source, with par-
ticular care for complex layouts and fine-grained
details in standard documents. The strong syn-
thetic supervision from REPLICA dramatically
reduced manual editing compared to zero-shot
Gemini 2.5 Pro, enabling scalable high-quality
ground truth creation. Supplementary material
includes the REPLICA baseline and qualitative
examples of initial synthetic outputs and their
refinements.

7 Evaluation Metrics

We evaluate Visually Faithful Document Recon-
struction VFDR across four dimensions using a
comprehensive suite of metrics. Refer to fig. 7
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(a) Distribution Across Column Layout

(b) Distribution Across Languages

(c) Distribution Across Domains

(d) Distribution Across Document Condition

Fig. 5: Distribution of the VFDR-Bench dataset across four dimensions: (a)column layout
(single- vs. multi-column), (b) languages (including code-mixed content), (c) document domains such as
Government Regulatory Documents (GR), Financial Documents (FD), Research Papers (RP), Business
Documents (BD), Textbooks (TB), Novels (NV), Assignments and Question Papers / Answer Keys (AQ),
and Others (OT), and (d) document condition (scanned vs. born-digital). These charts summarize the
structural, linguistic, and semantic diversity of VFDR-Bench.

Text Extraction (TE): Predicted HTML text
is compared using Word Recognition Rate (WRR)
and Character Recognition Rate (CRR).

Logical Structure (LS): For Normalized Tree
Edit Distance (NTED), both ground truth and
predicted HTMLs are parsed into Document
Object Model (DOM) trees and standardized

10



Fig. 6: Few samples from the VFDR-Bench showcasing the diversity of the benchmark set.
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Fig. 7: Metrics for the VFDR Task. Overview
of the evaluation suite used in VFDR-Bench:
Text Extraction (TE) measured via WRR and
CRR; Logical Structure (LS) via NTED and the
newly introduced LSS*; Physical Structure (PS)
via the newly introduced GPS* and LPS*; and
Visual Fidelity (VF) via the newly introduced
VFS*. Metrics marked with * are proposed in this
work.

for comparison. In the process, each HTML ele-
ment is represented as a node with hierarchical
parent–child relationships. This standardization
ensures consistent computation of structural sim-
ilarity. We measure structural preservation using
Normalized Tree Edit Distance (NTED) [113]
between the standardized representations.

Logical Structure Score (LSS): While the Nor-
malized Tree Edit Distance (NTED) remains a
widely used measure for structural similarity,
its direct application to HTML-based document
representations is limited. HTML is inherently
flexible—multiple valid HTML representations
can describe the same logical hierarchy—causing
NTED to over-penalize semantically equivalent
yet syntactically divergent structures. Moreover,
since each method produces HTMLs in different
formats and tag conventions, strict tree matching
becomes unreliable. To address this, we introduce
the Logical Structure Score (LSS), a VLM-as-
a-judge metric that compares the DOM trees
of predicted and reference HTMLs. LSS jointly
evaluates (1) the hierarchical nesting of docu-
ment sections, subsections, and elements, and (2)
the correctness of semantic tags assigned to each
node (e.g., section, table, caption). This allows
robust, model-agnostic assessment of structural

fidelity without requiring exact syntactic align-
ment. Refer to fig. 8 for more details. The prompt
can be found in the supplementary.

For Tables, we use the standard Tr. ee Edit
Distance Similarity (TEDS) [114]. For Formu-
lae, we use Character Detection Matching (CDM)
[115]. For Lists, we introduce List Structure
Penalty (LSP). This penalizes models that hard-
code bullets as text instead of using proper <li>

tags:

Penalty = 1− #LIpred
#LIgt

,

where #LIpred and #LIgt denote list items in pre-
dicted and ground-truth HTML. Lower penalty
indicates better structural correctness.

Physical Structure (PS): For physical struc-
ture (PS), we introduce two new metrics: Global
Position Score (GPS), which measures overlap
between layout regions in the source document
and the rendered HTML, and Local Position Score
(LPS), which extends this to line-level alignment
and indentation.

Global Position Score (GPS). The ground
truth (GT) is obtained by running layout models
on the original document image, while predic-
tions are produced by running the same models on
the rendered HTML output. The ground truth is
subsequently refined through manual corrections.
This yields layout-level bounding boxes (e.g.,
headers, tables, figures, paragraph blocks) for both
the ground truth and predicted renderings. GPS
measures structural alignment at the layout/block
level. For each ground truth prediction bounding
box pair (Bgt, Bpred), we compute

GPS(Bgt, Bpred) =
|Bgt ∩Bpred|
|Bgt|

,

where |B| denotes the area of box B. The final
GPS is the average across all detected layout
blocks, with higher values indicating stronger
preservation of global layout. Refer to fig. 9 for
more details.

Local Position Score (LPS). The ground truth
(GT) is obtained by applying Hi-SAM [98] to the
original document image, while predictions are
extracted by applying Hi-SAM to the rendered
HTML, yielding line-level bounding boxes within
each paragraph region. The ground truth is subse-
quently refined through manual corrections. LPS
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Fig. 8: Logical Structure Score (LSS). We illustrate the ground-truth DOM tree derived from Fid-

HTML in A . Examples B and B2 represent alternative but semantically correct HTML structures;

although both preserve the intended hierarchy, NTED penalizes B2 for deviating too far from the ref-
erence Fid-HTML. In contrast, LSS which uses VLM-as-a-judge does not penalize such valid structural
variations, focusing instead on semantic and logical correctness. Example C demonstrates a clearly incor-
rect structure, and both NTED and LSS appropriately penalize it.

measures fine-grained structural alignment at the
paragraph level. For each ground truth predic-
tion line-level bounding box pair (Bgt, Bpred), we
compute

LPS(Bgt, Bpred) =
|Bgt ∩Bpred|
|Bgt|

,

and report the average across all detected lines.
Higher LPS reflects more faithful preservation of
local alignment, indentation, and intra-paragraph
structure. Refer to fig. 10 for more details.

Visual Fidelity (VF): Visual Fidelity Score
(VFS) is computed using Gemini 2.5 Pro as a
VLM-as-a-judge. The model is prompted (refer to
supplementary for the prompt) with paired ren-
derings of the prediction and the ground truth
and instructed to score them across multiple
dimensions of visual fidelity, including layout con-
sistency, font attributes, styling, image placement,
and overall appearance. This approach captures
semantic and stylistic alignment beyond pixel-
level similarity, ensuring that fidelity reflects per-
ceptual quality rather than raw image overlap.
Refer to fig. 11 for more details.
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Fig. 9: Global Position Score (GPS). Ground-truth layout bounding boxes are overlaid on text
regions in A . Example B is correctly aligned and therefore receives a high GPS, whereas in C most
bounding boxes are misplaced due to text linearization, resulting in a low score.

Fig. 10: Local Position Score (LPS). Ground-truth line-level bounding boxes are overlaid on text
regions in A . Example B is correctly aligned and therefore receives a higher LPS, however, it is still
penalized for missing indentation and alignment. Whereas in C most bounding boxes are misplaced due
to text linearization, resulting in a low score.

8 Results

We evaluate a diverse set of document-to-HTML
systems on VFDR-Bench to establish reference
performance and to characterize the challenges

of achieving visually faithful document rendering.
All models are assessed using our unified met-
ric suite spanning four fidelity dimensions: Text
Extraction (TE), Logical Structure (LS), Physical
Structure (PS), and Visual Fidelity (VF).
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Fig. 11: Visual Fidelity Score (VFS). Visual fidelity is assessed using VLM-as-a-judge. Example
B preserves text attributes, color, and visual elements, yielding a high score. In contrast, C contains
overlaps and poorly reconstructed regions, leading to reduced fidelity.

Beyond overall scores, we introduce a fine-
grained evaluation protocol that leverages bench-
mark metadata to surface deeper insights. For
TE, we analyze performance across languages,
reflecting the strong language dependence of text
extraction quality. For LS, we examine results
across document domains, since semantic struc-
ture varies significantly across categories. For PS,
we highlight the impact of column layout, which
distinguishes between naive linearization and true
spatial preservation. Finally, for VF, we contrast
born-digital and scanned documents to determine
how rendering fidelity varies across these two
modes.
Overall Performance. The overall score of
the best performing method being mere 60%
highlights the complexity of VFDR task and
the gap in the existing methods (table 3).
Traditional parsers and pipeline-based convert-
ers, while strong in text extraction, perform
poorly in preserving physical layout. Open-source
VLMs achieve better stylistic fidelity but still
struggle with accurate positioning. Closed-source
VLMs show more consistent strength across
fidelity dimensions, yet they also remain far
from reliably capturing full document structure.
Screenshot2HTML-style models, despite promis-
ing results on web-oriented data, generalize poorly
to complex document settings. The closed-source

VLMs perform better at generating fine-grained
semantic structures for logical reconstruction.
Expert VLMs—such as logics-parsing trained to
generate Qwen-HTML—do retain spatial relation-
ships to some extent, but their robustness is still
limited. Refer fig. 12a for more details.
Performance across languages (TE). We
evaluate text extraction quality across all lan-
guages represented in the benchmark (table 14).
Marker and Gemini 2.5 Pro exhibit strong and
stable performance across the multilingual spec-
trum. Specialist VLMs—such as logics-parsing
or olmOCR—excel in English and often outper-
form general-purpose VLMs on English content,
but their performance drops sharply on other
languages. In Chinese, the Qwen family leads,
with Qwen2.5-VL and logics-parsing achieving the
highest scores. Screenshot2HTML-style systems
offer limited multilingual support and perform
poorly beyond English. Notably, both Marker and
GPT-5 remain robust even under significant code-
mixing within documents. Refer fig. 12b for more
details.
Performance across Domains (LS). GPT-
5, logics-parsing, and Marker demonstrate strong
and stable performance on logical structure across
most document domains (table 13). Marker ben-
efits from its pipeline design—extracting layout
elements first—which helps it anchor its structural
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Table 3: Overall comparison of document-to-HTML methods across four evaluation dimen-
sions. Text Extraction (TE: Word recognition rate (WRR), Character recognition rate (CRR)), Logical
Structure (LS: Normalized Tree Edit Distance (NTED)), Physical Structure (PS: Global Position Score
(GPS), Local Position Score (LPS)), and Visual Fidelity (VF: Visual Fidelity Score (VFS) via VLM-as-
a-judge) are reported. The details about overall score computation can be found in the supplementary.

Baseline methods are grouped into four categories: Pipeline Tools , Expert VLMs , General VLMs ,

and Screenshot2HTML

Method TE LS PS VF Overall

WRR (↑) CRR (↑) NTED (↓) LSS (↑) LPS (↑) GPS (↑) VFS (↑) OS (↑)

Marker [3] 0.65 0.80 0.80 0.68 0.25 0.35 0.76 0.62
Docling [26] 0.38 0.47 0.86 0.63 0.12 0.26 0.48 0.43

RolmOCR [116] 0.54 0.70 0.95 0.23 0.26 0.07 0.47 0.37
smolDocling [13] 0.34 0.40 0.90 0.42 0.13 0.24 0.45 0.36
olmOCR-7B [66] 0.54 0.67 0.93 0.26 0.28 0.10 0.28 0.34
Nanonets-OCR-s [117] 0.41 0.54 0.95 0.20 0.25 0.10 0.48 0.33
GOT-OCR-2.0 [27] 0.42 0.48 0.93 0.21 0.17 0.25 0.60 0.37
OCRFlux-3B [118] 0.45 0.57 0.88 0.51 0.25 0.25 0.37 0.41
Logics-Parsing [119] 0.64 0.77 0.84 0.57 0.32 0.42 0.65 0.57

Qwen2.5-VL-7B-Instruct [43] 0.50 0.61 0.80 0.60 0.14 0.24 0.37 0.43
Qwen3-VL-30B-A3B-Instruct [1] 0.47 0.54 0.78 0.44 0.15 0.33 0.29 0.37
gemma-3-27b-it [28] 0.57 0.62 0.85 0.59 0.16 0.25 0.32 0.43
InternVL3-14B [46] 0.28 0.46 0.83 0.67 0.22 0.29 0.27 0.39
Gemini-2.5-Pro [120] 0.63 0.69 0.81 0.67 0.19 0.31 0.44 0.50
GPT-5 [121] 0.64 0.77 0.80 0.68 0.26 0.44 0.73 0.62

WebCoder-1.3B [79] 0.33 0.42 0.82 0.40 0.20 0.27 0.34 0.34
WebSight-VLM-7B [29] 0.14 0.42 0.85 0.57 0.19 0.29 0.16 0.31

Table 4: Text Extraction (TE): Comparison of language-wise scores (CRR, WRR) across
methods. The table shows model performance across languages. Baseline methods are grouped into four
categories: Pipeline Tools , Expert VLMs , General VLMs , and Screenshot2HTML . Languages are
abbreviated as: en = English, hi = Hindi, bn = Bengali, ta = Tamil, mr = Marathi, zh = Chinese, ru
= Russian, mixed = Code Mixed, oth = Others. Certain values are excluded when error rates become
excessively large, typically arising from languages unfamiliar to the model.

Model en hi bn ta mr zh mixed oth

Docling [26] 0.58 0.03 0.01 0.02 0.01 0.01 0.30 0.09
Marker [3] 0.82 0.81 0.64 0.79 0.78 0.21 0.65 0.73

Nanonets-OCR-s [117] 0.66 0.31 0.30 – 0.18 0.37 0.27 0.14
RolmOCR [116] 0.77 0.66 0.49 – 0.47 0.34 0.48 0.34
olmOCR-7B [66] 0.77 0.71 0.29 – 0.63 0.33 0.45 0.20
smolDocling [13] 0.55 0.00 0.00 0.00 – – 0.22 0.19
OCRFlux-3B [118] 0.69 – 0.33 – 0.64 0.31 0.35 0.11
GOT-OCR-2.0 [27] 0.69 – – 0.03 – – 0.31 –
Logics-Parsing [119] 0.82 0.60 0.37 0.15 0.66 0.50 0.61 0.35

Gemini-2.5-Pro [120] 0.74 0.88 0.53 0.84 0.82 0.31 0.58 0.68
GPT-5 [121] 0.84 0.47 0.19 0.12 0.57 0.28 0.61 0.61
Gemma-3-27b-it [28] 0.68 0.56 0.27 0.14 0.72 0.23 0.53 0.55
Qwen2.5-VL-7B-Instruct [43] 0.67 0.66 0.42 0.38 0.65 0.55 0.42 0.25
InternVL3-14B [46] 0.48 – – – – 0.41 0.33 –
Qwen3-VL-30B-A3B-Instruct [1] 0.63 0.57 0.26 0.34 0.30 0.49 0.36 0.26

WebCoder-1.3B [79] 0.44 – – – – – 0.18 –
WebSight-VLM-7B [29] 0.43 – – – – – 0.20 –

predictions to the underlying layout analysis. In
contrast, GPT-5 and logics-parsing, being more
flexible VLM-based generators, produce detailed

and semantically rich HTML structures directly.
Across all methods, however, certain categories
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Table 5: Logical Structure (LS): Comparison of domain-wise scores (LSS) across methods.

Baseline methods are grouped into four categories: Pipeline Tools , Expert VLMs , General VLMs ,

and Screenshot2HTML . Document categories are abbreviated as: GR = Government Regulatory, FD =
Financial, BD = Business, HC = Healthcare, NV = Novels, LG = Legal, AQ = Assignments/Question
Papers, TB = Textbooks, RP = Research Papers, MN = Manuals, BR = Brochures, FM = Forms, RS =
Resumes, RI = Receipts/Invoices, ID = ID Documents/Certificates, LN = Lecture Notes, OT = Others

Model GR FD BD HC NV LG AQ TB RP MN BR FM OT RS RI ID LN

Marker [3] 0.72 0.66 0.70 0.72 0.72 0.69 0.61 0.60 0.67 0.62 0.77 0.57 0.71 0.60 0.65 0.50 0.80
Docling [26] 0.61 0.65 0.69 0.68 0.61 0.73 0.52 0.58 0.63 0.61 0.53 0.56 0.65 0.68 0.65 0.50 0.68

RolmOCR [116] 0.28 0.28 0.28 0.08 0.29 0.19 0.24 0.11 0.13 0.18 0.33 0.31 0.26 0.28 0.65 0.37 0.12
smolDocling [13] 0.37 0.31 0.46 0.37 0.58 0.51 0.31 0.40 0.46 0.50 0.42 0.33 0.53 0.33 0.50 0.43 0.52
olmOCR-7B [66] 0.26 0.36 0.28 0.13 0.22 0.23 0.34 0.28 0.17 0.22 0.48 0.28 0.45 0.28 0.10 0.18 0.50
Nanonets-OCR-s [117] 0.27 0.26 0.20 0.13 0.25 0.12 0.17 0.15 0.14 0.11 0.26 0.32 0.21 0.10 0.10 0.05 0.12
OCRFlux-3B [118] 0.51 0.51 0.55 0.52 0.46 0.39 0.54 0.45 0.48 0.59 0.52 0.52 0.52 0.68 0.25 0.25 0.72
Logics-Parsing [119] 0.57 0.62 0.57 0.46 0.69 0.52 0.50 0.46 0.55 0.54 0.66 0.62 0.62 0.40 0.50 0.50 0.62
GOT-OCR-2.0 [27] 0.20 0.18 0.19 0.20 0.30 0.21 0.19 0.21 0.21 0.18 0.22 0.20 0.33 0.22 0.25 0.20 0.20

Qwen2.5-VL-7B-Instruct [43] 0.57 0.53 0.57 0.61 0.67 0.64 0.63 0.64 0.65 0.55 0.68 0.55 0.65 0.77 0.85 0.65 0.75
Qwen3-VL-30B-A3B-Instruct [1] 0.41 0.34 0.43 0.36 0.56 0.52 0.42 0.49 0.51 0.39 0.46 0.35 0.56 0.27 0.30 0.25 0.70
gemma-3-27b-it [28] 0.57 0.60 0.60 0.67 0.61 0.53 0.61 0.62 0.59 0.58 0.62 0.42 0.59 0.58 0.65 0.65 0.45
InternVL3-14B [46] 0.65 0.71 0.67 0.55 0.71 0.61 0.69 0.68 0.67 0.66 0.66 0.68 0.71 0.68 0.65 0.45 0.75
Gemini-2.5-Pro [120] 0.69 0.68 0.66 0.69 0.68 0.62 0.63 0.69 0.64 0.65 0.63 0.76 0.67 0.55 0.65 0.42 0.60
GPT-5 [121] 0.68 0.73 0.69 0.70 0.72 0.68 0.67 0.72 0.66 0.67 0.64 0.49 0.67 0.58 0.50 0.68 0.58

WebCoder-1.3B [79] 0.16 0.15 0.15 0.04 0.21 0.11 0.15 0.09 0.09 0.07 0.18 0.18 0.20 0.09 0.07 0.03 0.12
WebSight-VLM-7B [29] 0.17 0.14 0.17 0.09 0.19 0.12 0.19 0.14 0.11 0.04 0.15 0.16 0.17 0.13 0.09 0.00 0.07

Table 6: Physical Structure (PS):
Comparison of column-layout wise
scores (GPS, LPS) across meth-
ods. Baseline methods are grouped
into four categories: Pipeline Tools ,

Expert VLMs , General VLMs , and

Screenshot2HTML . Document con-
ditions are abbreviated as: SC =
Single-column, MC = Multi-column

Model SC MC

Marker [3] 0.29 0.25
Docling [26] 0.20 0.17

RolmOCR [116] 0.15 0.12
smolDocling [13] 0.19 0.19
olmOCR-7B [66] 0.17 0.14
Nanonets-OCR-s [117] 0.16 0.13
OCRFlux-3B [118] 0.17 0.11
Logics-Parsing [119] 0.37 0.34
GOT-OCR-2.0 [27] 0.21 0.21

Qwen2.5-VL-7B-Instruct [43] 0.32 0.28
Qwen3-VL-30B-A3B-Instruct [1] 0.34 0.31
gemma-3-27b-it [28] 0.21 0.18
InternVL3-14B [46] 0.26 0.24
Gemini-2.5-Pro [120] 0.24 0.27
GPT-5 [121] 0.36 0.39

WebCoder-1.3B [79] 0.07 0.11
WebSight-VLM-7B [29] 0.10 0.13

consistently remain challenging: Forms, ID Docu-
ments, and Receipts/Invoices yield notably lower

Table 7: Visual Fidelity (VF): Com-
parision of document condition
wise scores (VFS) across meth-
ods. Baseline methods are grouped
into four categories: Pipeline Tools ,

Expert VLMs , General VLMs , and

Screenshot2HTML . Document condi-
tions are abbreviated as: SC = Scanned,
BD = Born Digital

Model SC BD

Marker [3] 0.76 0.75
Docling [26] 0.46 0.68

RolmOCR [116] 0.47 0.46
smolDocling [13] 0.44 0.54
olmOCR-7B [66] 0.27 0.39
Nanonets-OCR-s [117] 0.48 0.47
OCRFlux-3B [118] 0.36 0.48
Logics-Parsing [119] 0.65 0.61
GOT-OCR-2.0 [27] 0.58 0.75

Qwen2.5-VL-7B-Instruct [43] 0.35 0.50
Qwen3-VL-30B-A3B-Instruct [1] 0.27 0.43
gemma-3-27b-it [28] 0.31 0.39
InternVL3-14B [46] 0.25 0.48
Gemini-2.5-Pro [120] 0.42 0.55
GPT-5 [121] 0.72 0.75

WebCoder-1.3B [79] 0.22 0.38
WebSight-VLM-7B [29] 0.24 0.40

scores due to their dense, irregular, and highly
structured layouts. Refer fig. 12c for more details.
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(c) Performance across document domains.

Fig. 12: Comprehensive comparison of model performance. Radar plots provide complementary
evaluation perspectives: (a) overall performance across 4 crucial dimensions of VFDR, (b) text extrac-
tion robustness across multiple languages, (c) logical structure generalization across diverse document
domains.

Performance across Column Layouts (PS).
All methods show noticeable difficulty with abso-
lute positioning (table 15). The position score is

generally higher on single-column documents than
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on multi-column layouts. The Qwen family stands
out slightly in multi-column settings, aided by
its position-aware Qwen-HTML output format,
with logics-parsing achieving the strongest results
among them. GPT-5 being closed-source, demon-
strates strong visual understanding and is able to
reconstruct multi-column layouts with reasonable
reliability. It is also important to note that the
metrics in this setting are particularly strict, as
they expect near-perfect reconstruction and the
Hi-SAM bounding boxes used as reference are
typically very tight around the text.
Performance across document conditions
(VF). Across all methods, fidelity is consistently
higher on born-digital documents than on scanned
ones (table 16). Since the evaluation compares
the original document to the rendered output,
the lack of background restoration in current sys-
tems naturally reduces visual fidelity for scanned
inputs. GOT2.0 and Docling perform particu-
larly well on born-digital documents but show
a substantial drop of roughly 20% when applied
to scanned material. For visual fidelity, Marker
achieves the highest score (76%) due to its visual-
stitching pipeline. GPT-5 follows closely—within
4%—despite not relying on any stitching mecha-
nism, underscoring its strong visual understanding
and style-consistent generation.

9 Discussion

VLM sensitivity to prompts and adapta-
tions. VLMs are sensitive to prompts and our
standardized text prompts may impact model
evaluations. Beyond zero-shot prompting, there
exist a variety of adaptation methods—specific
procedures for invoking a model—such as chain-
of-thoughts [122] or auto-prompt [123] that can
enhance the performance of the models. We leave
measuring the performance of VLMs under other
adaptations as future work.
Why HTML for VFDR? Achieving strong per-
formance on VFDR-Bench requires VLMs to
reason not only over visual content but also over
formal markup languages (e.g., HTML or LaTeX).
While LaTeX could, in principle, serve as an inter-
mediate rendering format for VFDR, we adopt
HTML due to its web-native nature and its sub-
stantially stronger support within modern LLM
ecosystems. Consequently, HTML provides better

compatibility, richer tooling, and greater down-
stream utility for high-fidelity document recon-
struction.

10 Limitations

Although VFDR-Bench offers a unified frame-
work for visually faithful document rendering,
it has inherent limitations. The current release
focuses on single-page documents, and thus does
not evaluate cross-page consistency or long-
range layout dependencies. Future versions will
extend to multi-page corpora to capture inter-
page continuity. Reference HTMLs, generated by
REPLICA, emphasize layout and visual accuracy
over precise font classification, leaving fine-grained
typographic recognition as an open research chal-
lenge. While the benchmark spans 22 languages,
it remains skewed toward Latin and high-resource
scripts, reflecting biases in publicly available cor-
pora. Finally, the reliance on vision–language
models for LSS and VFS introduces potential per-
ceptual bias; subsequent iterations will integrate
human preference studies to mitigate this.

11 Conclusion

VFDR-Bench establishes a foundation for the
study of Visually Faithful Document Reconstruc-
tion (VFDR) by introducing a large-scale bench-
mark, a standardized metric suite, and a repro-
ducible evaluation framework. By unifying tex-
tual, structural, spatial, and perceptual dimen-
sions, it exposes limitations in existing OCR and
document-generation pipelines, providing action-
able insights for the development of more holistic
document understanding models.

While modern vision–language models demon-
strate strong semantic reconstruction, maintain-
ing coherent layout and style across multilingual
and visually rich documents remains a signif-
icant challenge. VFDR-Bench is intended to
catalyze progress toward this goal by encouraging
layout-aware, multilingual, and visually grounded
document modeling. Beyond its research scope,
visually faithful rendering is central to acces-
sibility, digital preservation, and open educa-
tional resources. By fostering accurate, inclusive,
and style-preserving digital representations, the
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benchmark advances equitable access to informa-
tion and contributes to a more representative and
inclusive digital ecosystem.
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12 REPLICA Implementation Details

REPLICA adopts a modular, layout-aware approach that emphasizes both precision and flexibility.
Instead of processing the document in a single-shot, it employs a divide-and-conquer strategy centered
on four key questions:

1. How to divide the document into meaningful components? (Segment) 1

2. How to convert each component into equivalent HTML? (Localize) 2

3. How to assemble components into a coherent structure? (Assemble) 3

4. How to refine structure for visual and structural fidelity? (Refine) 4

12.1 Segment

12.1.1 Canonical Layout Classes

Layout Classes after Segment

text, list, title, header, sub-header, picture, table, formula, footer,

page-number

Layout Classes after Semantic Tagging from Localize Stage 2

header, sub-header, table-of-contents, references, contact-info,

placeholder-text, footer, sidebar, title, heading, paragraph, caption,

page-number, dateline, table, form, ordered-list, unordered-list, figure,

picture, logo, chart, formula, code-block, handwriting, signature, form,

question, options

12.1.2 Hybrid Layout Prediction

Document layout models: These can be divided into (1) atomic layout predictors, which classify
coarse regions (text, table, figure, title), and (2) hierarchical layout predictors, which identify finer struc-
tures (headers, footers, lists, placeholder text). Each has complementary strengths for VLM-based HTML
generation. Atomic models such as DocLayout-YOLO [96] operate with fewer classes, yielding higher
confidence and stronger text coverage, but they lack semantic grouping, leading to flat HTML. Hierarchi-
cal models such as IndicDLP-DocLayoutYOLO [97] enable richer clustering of related blocks, producing
more semantically meaningful HTML, but their larger class space increases the risk of misclassification
or missing text.
Ensemble strategy: To leverage both, we ensemble DocLayout-YOLO and IndicDLP-
DocLayoutYOLO—where the former provides high-confidence atomic predictions for coverage and
the latter contributes higher-level grouping for semantics. We further augment this ensemble with
Hi-SAM [98] text detections, which improve overall text coverage.

12.2 Localize

12.2.1 Stage 1: Raw sub-HTML generation

Goal. The goal of this stage is to ensure accurate positioning and text recovery. Achieving reliable posi-
tional grounding is challenging: heuristic OCR matching or passing bounding boxes directly as prompts
to VLMs are fragile. Instead, we adapt the Set-of-Mark (SoM) prompting technique [124], which assigns
unique marks to image regions to guide grounding.
Color-coded SoM Prompting for Document Reconstruction. Standard SoM with alphanumeric
overlays fails on text-rich documents, as indices leak into generated HTML. We address this by assigning
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Fig. 13: Hybrid Layout Prediction via Model Ensembling. Flat layout detectors (e.g., DocLayout-
YOLO) provide dense paragraph-level boxes with strong text coverage but limited semantics. Hierarchical
layout detectors (e.g., IndicDLP-DocLayoutYOLO) produce broader semantic classes such as Header
and Footer, enabling structured grouping but with higher risk of missed detections. By ensembling both
predictions and augmenting with Hi-SAM [98] paragraph detections, we obtain a complementary represen-
tation: flat predictions ensure coverage, hierarchical predictions supply semantic hierarchy, and IoU-based
alignment integrates them into a final nested layout tree.

Fig. 14: Localize Stage: 1 Parent and child layout regions are localized and annotated with distinct
color-coded bounding boxes on the cropped image. These color–coordinate mappings are passed to the
VLM, which generates sub-HTMLs in parallel while preserving structural hierarchy and positional align-
ment. (An intermediate full-page view is provided to illustrate the output from this stage)
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each bounding box a distinct color (absent from the source document) and providing a color–coordinate
mapping in the prompt. This forces the VLM to ground text regions by matching colors to coordinates,
leading to accurate bounding-box assignments and faithful OCR integration into HTML. Our color-coded
SoM adaptation provides precise grounding for document-to-HTML conversion while avoiding textual
interference from index overlays, making it a key enabler for accurate localization.

Stage 1 Prompt

Task:

Convert the given image into HTML.

The generated HTML must:

1. Preserve structure of the original document.

2. Precisely position each content block according to its bounding box

coordinates.

3. Group related text segments that belong to the same logical point into a

single <p> tag, and insert <br> tags wherever the OCR text contains \n to

preserve line breaks.

4. Strictly use the OCR text as given, without corrections or modifications.

Bounding Box Format

All bounding boxes are provided in the format:

x1, y1, x2, y2

where:

• (x1, y1) = top-left corner of the block
• (x2, y2) = bottom-right corner of the block

HTML Tagging Rules

1. Text Paragraphs

<p data-bbox=‘‘x1 y1 x2 y2’’>...</p>

• Use data-bbox with the exact bounding box values.
• Keep all OCR text exactly as extracted (no corrections).
• Preserve line breaks with <br>.
• Maintain alignment (left, right, center).

2. Images (including signatures, logos, figures, etc.)

<img data-bbox=‘‘x1 y1 x2 y2’’/>

• Do not put text inside <img>.
• Do not wrap <img> in other tags.

Mappings Provided
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• Image size: {{image_size}}
• Page Layout: {{parent_layout}}
• Child Picture Layout Bounding Boxes (format : (R,G,B):[x1,y1,x2,y2]) :

{{child_layout_picture}}
• Text Bounding Boxes (format : (R,G,B):[x1,y1,x2,y2]):

{{JSON}}

Extracted OCR Text

{{OCR}}

Your output must be correct HTML with correct data-bbox values.

Do not generate text that was not present in OCR.

12.2.2 Stage 2: Semantic sub-HTML generation

Goal. The goal of this stage is to recover richer HTML semantics by assigning appropriate tags and
capturing hierarchical logical structure. Beyond plain text, this includes inserting semantic tags (e.g.,
headings, lists, tables), recovering text attributes (bold, italics, underline, strikethrough), preserving font
colors and background colors, and refining overall HTML semantics for faithful document representation.
Color Detection. Preserving textual attributes such as color, bold, italic, and underline is critical for
both semantics and visual fidelity. We implement a heuristic pipeline to detect word-level colors from
Hi-SAM [98] polygons. Each word is processed in three steps: (1) polygon masking and cropping, (2) fore-
ground stroke isolation via grayscale conversion and Otsu thresholding, and (3) extraction of text pixels
with median RGB estimation. To ensure consistency, near-black artifacts are removed and remaining col-
ors are clustered with K-Means (cluster count via elbow method). The resulting representative colors are
appended as auxiliary hints (Prompt 12.2.2) to the Stage-2 prompt.

Extra Instructions - Color

Colour Information

The document has words with unique RGB colors (format: [[R,G,B]...]):

{color_information}

Instructions:

• Match each word to its RGB value.
• Apply inline style=‘‘color:rgb(r,g,b)’’ for words.
• If a line has multiple colors, wrap words in <span> with their color.

Font Attributes. To capture bold, italic, underline, strikeout, and their combinations, we use Tex-
TAR—a multi-task, context-aware Transformer trained on MMTAD with DocTr for OCR. Predictions
are post-processed to retain only useful word-level attributes and OCR text. This information is then
provided as structured hints (Prompt 12.2.2) for Stage-2, enabling faithful reconstruction of semantic and
stylistic cues.
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Fig. 15: Localize Stage: 2 This stage enriches raw sub-HTMLs by adding semantic tags, textual
attributes, and stylistic details. Word-level Hi-SAM [98] polygons provide fine-grained text crops, which
are analyzed for font attributes (via TexTAR) and color cues (via heuristic color detection with K-Means
clustering). These attributes are incorporated into layout-aware prompts that guide the VLM to insert
correct inline styles (bold, italics, underline, strikethrough, and color) and semantic tags (e.g., headings,
lists, tables, equations, figures). An intermediate full-page view is also shown to illustrate the results of
this stage and highlight the improvements compared to Stage-1.

Extra Instructions - Other Font Attributes

Text Attribute Information

Here are the font attributes for each word, provided as a list of dictionaries

mapping OCR text to its attributes: {attr_information}

Instructions:

• Map the correct text to its correct text attribute.
• Use inline CSS styles to represent these attributes.
• If words within a line have different attributes, wrap each word in a <span>

with its corresponding style.

Layout-aware prompting. Rather than relying on a single generic prompt for all regions, REPLICA
employs layout-aware prompts during Stage 2 of Localize. Each sub-HTML fragment is generated with
crop-specific instructions tailored to the layout elements identified in the Segment stage. This approach
optimizes token usage by focusing the VLM’s attention on the structural requirements of the detected
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Algorithm 1 Unique Text Color Detection

Require: Cropped region size D, OCR text file T , maximum clusters Kmax

Ensure: Set of representative unique colors C
1: Load OCR polygons and image from T
2: Filter polygons within crop dimension D
3: for each word polygon p do
4: cp ← GetWordColor(p, image)
5: Store (p, cp)
6: end for
7: Remove background/near-black colors
8: Collect all remaining word colors into set W
9: if W is empty then

10: return ∅
11: end if
12: Determine optimal cluster count k ≤ Kmax using elbow method
13: Apply K-Means on W with k clusters
14: Let C be the cluster centers (representative unique colors)
15: return C

16: function GetWordColor(p, I)
17: Create mask for polygon p in I
18: Crop region inside bounding box of p
19: Apply mask to keep only pixels within p
20: Convert to grayscale and threshold to isolate text
21: Extract text pixels
22: if no text pixels found then
23: return (0, 0, 0)
24: else
25: Compute median RGB of text pixels
26: return median color
27: end if
28: end function

element. For example, list regions receive explicit instructions to use ordered or unordered list tags (<ol>,
<ul>, <li>); table crops are prompted to follow correct row–cell hierarchies (<tr>, <td>); mathemati-
cal regions are instructed to output MathML for equations and formulas; and figure or image crops are
directed to generate <img> tags with alt-text metadata. Similarly, headings are emphasized with the
appropriate <h> hierarchy to reflect document semantics. By aligning the prompt design with detected
layout types, layout-aware prompting ensures that the generated HTML not only preserves visual fidelity
but also encodes semantic correctness, reducing hallucinations and improving structural consistency
compared to generic prompting.

“ ”

Layout Aware Prompt - Formulas (must use MathML)

Example:

<div data-bbox=‘‘x1 y1 x2 y2’’ class=‘‘formula’’>

<math xmlns=‘‘http://www.w3.org/1998/Math/MathML’’>

<msup>
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<mi>E</mi>

<mn>2</mn>

</msup>

<mo>=</mo>

<mi>mc</mi>

<msup>

<mi>c</mi>

<mn>2</mn>

</msup>

</math>

</div>

Layout Aware Prompt - Headings

Example:

<h1 data-bbox=‘‘x1 y1 x2 y2’’ class=‘‘heading’’>...</h1>

...

<h6 data-bbox=‘‘x1 y1 x2 y2’’ class=‘‘heading’’>...</h6>

Notes:

• Style for font size, weight, and color.
• Use appropriate heading level (<h1> to <h6>) based on hierarchy.

Layout Aware Prompt - Images

Example:

<img data-bbox=‘‘x1 y1 x2 y2’’ class=‘‘(semantic rich name)’’/>

Notes:

• Do not wrap <img> in unnecessary containers.
• Ensure no text is generated within images.

Layout Aware Prompt - Lists (Ordered and Unordered)

Example:

<ol class=‘‘ordered-list’’>

<li data-bbox=‘‘x1 y1 x2 y2’’>...</li>

</ol>

<ul class=‘‘unordered-list’’>

<li data-bbox=‘‘x1 y1 x2 y2’’>...</li>
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</ul>

Notes:

• Style for indentation and marker formatting.
• Do not hardcode numbering or bullet symbols.
• Combine multiline list items into a single <li>.

Layout Aware Prompt - Tables

Example:

<table class=‘‘table’’>

<tr>

<th data-bbox=‘‘x1 y1 x2 y2’’>..</th>

</tr>

<tr>

<td data-bbox=‘‘x1 y1 x2 y2’’>..</td>

</tr>

</table>

Notes:

• Style for borders, padding, and alignment.
• Use colspan and rowspan where applicable.
• Combine multiline cells into a single <td> with merged bbox.

Stage 2 Prompt

Objective: Refine the provided Qwen-HTML to visually and semantically match the

source image.

Your Task:

Given an image and its corresponding Qwen-HTML (Input HTML), you must improve

the HTML by applying CSS styling and semantic structure.

Strict Instructions:

1. Use only the bounding boxes provided in the HTML exactly as they are. Do

not modify, resize, or adjust them in any way.

2. Visual Styling: Add CSS to replicate the source image’s visual appearance.

This includes, but is not limited to, fonts weight, borders, and shading.

Do not give font size and font family, background color.

3. Semantic Grouping: Identify semantically related elements in the Qwen-HTML.

Merge them into a single parent <div> tag.

4. Class Assignment: Assign a single, appropriate semantic class to each new

parent <div>.
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5. Strictly preserve the given text. Do NOT generate new text or alter the

existing alignment. Ensure all <br> tags are retained.

6. Output format: The final output must contain only the refined HTML and CSS

code. Do not include explanations, markdown, or extra commentary.

7. Crucially, retain original text colors, background colors, and text

attributes (bold, italic, underline, etc.) for all text elements, and

preserve center, left, or right alignment where present.

HTML Tag Usage and Styling Guidelines

1. Text Paragraphs

<p data-bbox=‘‘x1 y1 x2 y2’’ class=‘‘(semantic rich name)’’>...</p>

Must ensure every paragraph includes a data-bbox attribute.

{{heading_prompt}}

{{images_prompt}}

{{List_prompt}}

{{tables_prompt}}

{{formula_prompt}}

Input HTML:

{{HTML}}

Approved Class List:

Use the most fitting class from this list for each semantic group.

header

sub-header

table-of-contents

references

contact-info

placeholder-text

footer

sidebar

title

heading

paragraph

caption
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page-number

dateline

table

form

ordered-list

unordered-list

figure

picture

logo

chart

formula

code-block

handwriting

signature

form

question

options

12.3 Assemble

12.3.1 Reading Order-Aware Merging

Fig. 16: Stage 3: Reading Order–Aware Merging. After the two-stage Localize step, each document
region has been converted into a styled sub-HTML fragment. In this stage, the fragments are merged
into a page-level HTML by aligning their absolute coordinates for visual fidelity and arranging them into
the correct logical sequence. REPLICA’s algorithm integrates spatial alignment with logical sequencing,
ensuring that the final HTML is both visually accurate and semantically coherent. The figure illustrates
how initially jumbled sub-HTMLs are reordered through layout-driven reading order detection to produce
structured, accessible HTML.

After the 2-stage Localize step, each document region is refined into a styled sub-HTML fragment.
These fragments are merged into a page-level HTML by aligning them with absolute coordinates for
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visual fidelity and arranging them in the correct reading sequence for semantic coherence. Reading order
here goes beyond simple left-to-right or top-to-bottom traversal, capturing the intended logical flow of
text, images, figures, and tables. This ordering is critical for accessibility (e.g., screen readers), down-
stream tasks (indexing, search, translation), and faithful conversions to formats like LaTeX or Markdown.
REPLICA’s reading order algorithm integrates spatial alignment with logical sequencing to produce
HTML that is both visually accurate and structurally coherent (Algorithm 2).

Algorithm 2 Reading Order–Aware Merging of sub-HTMLs

Require: Set of sub-HTMLs {H1, H2, . . . ,Hn} with positional styles
Ensure: Full HTML document Hfull with correct reading order
1:

2: Initialize empty list B ▷ stores body elements with coordinates
3: for each sub-HTML Hi do
4: Parse Hi with HTML parser
5: Extract absolutely positioned divs from Hi.body
6: for each div d in Hi.body do
7: Convert inline CSS style style(d) to coordinates [x1, y1, x2, y2]
8: Store tuple (d, [x1, y1, x2, y2]) in list B
9: end for

10: end for
11:

12: Let C = {[x1, y1, x2, y2] | (d, [x1, y1, x2, y2]) ∈ B}
13: Csorted ← GetReadingOrder(C)
14:

15: Initialize new HTML document Hfull

16: for each bbox b in Csorted do
17: Find div d in B such that d has coordinates b
18: Append d to Hfull.body
19: end for
20:

21: return Hfull

22:

23: function GetReadingOrder(C)
24: Sort C by x1 (left coordinate) to get Cx

25: Compute mean width µ = 1
|Cx|

∑
b∈Cx

(b.x2 − b.x1)

26: Initialize empty list of vertical lines V
27: Initialize temporary line L← [ ]
28: Set current baseline xcur ← Cx[0].x1

29: for each bbox b in Cx do
30: if b.x1 ≥ xcur + µ then
31: Append L to V
32: Reset L← [b]
33: Update xcur ← b.x1

34: else
35: Append b to L
36: end if
37: end for
38: Append last L to V
39: for each vertical line L ∈ V do
40: Sort L by y1 (top coordinate) ▷ top-down order
41: end for
42: Flatten all lines V into a single ordered list Csorted

43: return Csorted

44: end function
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12.4 Refine

12.4.1 Font Size Fixing Algorithm

Fig. 17: Stage 4.1: Font Size Fixing. Following the segmentation, localization, and assembly stages,
the HTML font sizes are adjusted to faithfully reproduce the visual appearance of the source document.
Tight bounding boxes from the flat layouts obtained in the segmentation stage act as stencils, defining
the container dimensions for each text element. Font sizes are then optimized via a binary search between
minimum and maximum thresholds: starting from the midpoint, candidate sizes are iteratively tested for
overflow until the largest fitting value is identified. The figure illustrates this stencil-based fitting process,
the iterative adjustment loop, and the final full-page HTML view after font size correction.

The Font Size algorithm (Algorithm 3) dynamically adjusts text size to fit within fixed container
dimensions. Each element’s text is wrapped in a span, container width/height are measured, and align-
ment or multiline options applied. A binary search between minimum and maximum font sizes iteratively
tests fit, converging on the largest size that avoids overflow. The final value is assigned to the span,
maximizing readability while respecting spatial constraints.

32



Algorithm 3 Fit Text to Container Element

1: procedure ProcessItem(el, Settings) ▷ Initial setup and validation
2: if not IsElement(el) or (el is already processed and not Settings.reProcess) then
3: return
4: end if
5: containerWidth ← inner width of el
6: containerHeight ← inner height of el
7: if containerWidth = 0 or (containerHeight = 0 and not Settings.widthOnly) then
8: throw Error(“Container requires set dimensions.”)
9: end if

10: innerSpan ← wrap content of el in a new <span>

11: ApplyPreliminaryStyles(el, innerSpan, Settings) ▷ Handles text-align, multi-line, etc.
12: ▷ Binary search for the optimal font size
13: low ← Settings.minFontSize
14: high ← Settings.maxFontSize
15: optimalSize ← low
16: while low < high do
17: mid ← ⌊(low + high)/2⌋
18: Set font size of innerSpan to mid pixels
19: currentWidth ← measured width of innerSpan
20: currentHeight ← measured height of innerSpan
21: if currentWidth ≤ containerWidth and (Settings.widthOnly or currentHeight ≤ container-

Height) then
22: optimalSize ← mid ▷ This size fits, save it
23: low ← mid + 1 ▷ Try for an even larger size
24: else
25: high ← mid − 1 ▷ This size is too large, try smaller
26: end if
27: end while
28: Set final font size of innerSpan to optimalSize pixels
29: if Settings.alignVert then
30: ApplyVerticalAlignmentStyles(el, innerSpan)
31: end if
32: end procedure

12.4.2 Reflection

Reflection-based Iterative Refinement. The reflection stage introduces a review loop where a Vision-
Language Model (VLM) inspects the rendered HTML alongside the original document image and its
HTML source. The VLM identifies discrepancies—such as misaligned elements, missing or incorrect
attributes, and structural inconsistencies—and proposes corrections. This process repeats iteratively until
no further errors are detected or a maximum iteration limit is reached.
Reflection Loop. We implement an iterative refinement cycle using state-of-the-art reasoning VLMs
(e.g., Gemini 2.5 Pro [2], Qwen QVQ-72B [125]) with max iterations=6. At each step, the VLM generates
a structured list of errors in the current HTML and revises the markup accordingly. The loop progressively
improves fidelity by correcting issues such as text indentation, line breaks, color mismatches, and subtle
positional misalignments.
Reasoning vs. Non-Reasoning VLMs. Reasoning-oriented VLMs demonstrate superior performance
in reflection. They converge to error-free HTML in fewer iterations compared to non-reasoning counter-
parts, owing to their stronger multi-step reasoning and correction capabilities. This makes them more
effective at refining fine-grained details and achieving consistent alignment between the rendered HTML
and the original document.
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12.4.3 Background Restoration

Importance of Background preservation. Backgrounds in documents—such as decorative elements,
highlights, or subtle aging artifacts—carry stylistic and contextual information critical for visual fidelity.
Preserving them ensures authenticity in HTML reconstructions.
Pipeline. We implement a two-stage adaptive inpainting pipeline using OpenCV. Unlike traditional
use in photo restoration [126–129], inpainting is repurposed here for controlled erasure: text and layout
elements (tables, figures) are removed to reconstruct the underlying background.
Mask generation. Line-level polygons from Hi-SAM [98] and layout boxes from the Segment stage are
used to create binary masks. These are expanded with adaptive morphological dilation (cv2.dilate),
where kernel size and iterations scale with bounding box dimensions. Dilation ensures anti-aliased strokes
and scan artifacts are included, preventing residuals while avoiding over-expansion into background areas.
Inpainting. We apply cv2.inpaint with Telea’s Fast Marching Method [126] (INPAINT TELEA), which
is efficient and produces smooth fills for text-sized regions. The Navier–Stokes method [127], suited
for thin cracks and scratches, was avoided as it introduced streaking artifacts on large text regions.
Restored backgrounds are saved and integrated seamlessly into the HTML rendering pipeline. Figure 18
demonstrates the importance of background in maintaining visual fidelity.

13 Design choices behind REPLICA

13.1 Module-specific Metrics

For the Segment stage, we propose two new metrics - Text Coverage (TC) and Visual Coverage (VC)
- which emphasize completeness by measuring whether all textual and visual elements in the source
are detected as some class. Unlike raw mAP, which may be high despite missing elements, TC and VC
prioritize coverage since misclassified regions can still be retagged in Localize Stage 2 via VLMs, whereas
undetected elements are irrecoverable. For the Localize stage, we introduce the List Structure Penalty
(LSP) to assess proper list formatting, while established metrics such as Tree Edit Distance Similarity
(TEDS) [130] for tables and Character Detection Matching (CDM) [131] for formulas are also employed.
Full metric definitions and fine-grained evaluations are provided in the supplementary material.

13.2 Ablations

Effect of layout ensembles: Ensembling flat and hierarchical layout detectors yields the strongest
performance (table 8a), reducing the variance of single models and improving robustness across document
types. Adding a hierarchical segmentation model such as Hi-SAM provides the largest boost, substantially
increasing element coverage.
Effect of 2-stage layout-aware Set-of-Mark (SoM) VLM prompts: We observe consistent gains
across all design choices (table 9a). Moving from single-stage to two-stage prompting improves both struc-
tural accuracy and position retention. Using layout-aware prompting instead of generic prompts further
boosts performance, with particularly large benefits on complex multi-column layouts such as newspapers.
Finally, SoM prompts outperform traditional OCR-enriched bounding-box prompts, delivering higher
structural and positional fidelity while also reducing hallucinations. Overall, the two-stage, layout-aware
SoM design consistently yields the best results. Refer supplementary for additional ablations.
Effect of font-size fixing: Retaining font size improves both readability and semantics, as failing to
do so often leads to overlapping text and reduced visual fidelity (table 8c). Our method significantly
enhances fidelity by explicitly fixing font sizes, whereas closed-source VLMs attempt to infer them but
remain noticeably less accurate.
Effect of SoM Prompting for Position Injection into HTML. While models such as Qwen-2.5-
VL support native document grounding, they are inconsistent in reliably giving positional information
through bounding boxes. Hi-SAM [98] provides accurate text bounding boxes, but the way this infor-
mation is conveyed to the VLM is critical. Directly providing bounding box coordinates often leads to
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Fig. 18: Demonstration of the role of background in preserving visual fidelity.
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Table 8: Framework Ablations. Default settings are marked in gray . See the Supplementary for
additional ablations.

(a) Segment Module Ablations. Text Coverage (TC), Visual Coverage (VC),
and mean Average Precision (mAP) for layout models and ensembles. DLN:
DocLayout-YOLO [96], IDLP-DLN: IndicDLP-trained DocLayout [97], HS:
Hi-SAM [98].

Layout Model TC (↑) VC (↑) mAP (↑)

DLN 0.87 0.88 0.27
IDLP-DLN 0.96 0.96 0.89
DLN + IDLP-DLN 0.97 0.99 0.99
DLN + IDLP-DLN + HS 0.99 0.99 0.99

(b) Localize Module Ablations. Effect of
two-stage sub-HTML generation, layout-aware
prompting (LA), and Set of Mark (SoM)
prompting on Overall Score (OS) [95].

Method OS (↑)

Stage 1, w/o SoM 0.55
Stage 2, w/o LA, w/o SoM 0.72
Stage 2, w/ LA, w/o SoM 0.75
Stage 2, w/o LA, w/ SoM 0.78
Stage 2, w/ LA, w/ SoM 0.86

(c) Refine Module Ablations. Effect of Stage
2 with Set of Mark (SoM) and layout-aware
prompting (LA) (Base), font size fixing (fs), and
background stitching (bg) on Visual Fidelity
Score (VFS).

Method VFS (↑)

Base 0.84
Base, w/ bg 0.85
Base, w/ fs 0.87
Base, w/ fs, w/ bg 0.90
Base, w/ fs, w/ bg, w/ reflection 0.93

hallucinations, and conventional Set-of-Mark (SoM) prompting with numeric indices introduces another
issue—numbers are mistakenly carried over into the final HTML. To address this, we adapt SoM by using
colors as indices, supplying the VLM with a color-to-bounding box mapping. This color-coded strategy
avoids numerical leakage and enables robust injection of positional information into the generated HTML
(Table 9a).
Effect of choice of VLM in localize: Among the models evaluated, GPT-5 consistently outperforms
all alternatives, achieving the strongest localization accuracy and position retention. Within the open-
source space, Qwen-2.5-VL-72B emerges as the most competitive option (Table 9b), surpassing other
large open-source VLMs such as Gemma 3 and InternVL. This highlights that while GPT-5 remains the
most reliable choice overall, Qwen-2.5-VL-72B offers the best trade-off for open-source deployments.
Effect of Using Auxiliary Information. As shown in Table 9c, each auxiliary signal incrementally
improves reconstruction quality. OCR establishes a strong base, with color and text attributes adding
semantic and stylistic fidelity. Font size and background restoration further enhance visual consistency.
Iterative reflection proves most impactful, correcting residual errors and consolidating earlier gains into
the highest-quality HTML.
Effect of Choice of VLM for Reflection. Open-source VLMs provide limited benefits in reflection,
often producing inconsistent results. Improvements, when present, emerge only after many iterations and
plateau quickly. In contrast, reasoning-oriented VLMs such as Gemini-2.5-Pro and GPT-5 yield substan-
tial gains in visual fidelity within a few iterations (Table 9d), while open-source reasoning models like
Qwen QVQ-72B also contribute positively but with more gradual improvements. These trends highlight
the importance of strong reasoning capabilities for effective reflection-based refinement.
Effect of Number of Reflection Iterations. For general open-source models, iterative reflection
shows diminishing returns—improvements are inconsistent, often marginal, and can even degrade with
more iterations. In contrast, reasoning-capable models benefit clearly from additional iterations, with
GPT-5 delivering the most stable and effective gains (Table 9e). Qwen QVQ-72B provides moderate
improvements among open-source reasoning models, though the gains are more gradual compared to
closed-source counterparts.
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Table 9: Additional Framework Ablations. Best settings are marked in gray . OS denotes Overall
Score, VFS denotes Visual Fidelity Score, and GPS denotes Global Position Score. For, Auxiliary
features such as text attributes (e.g., bold, underline), color, font size (fs), background (bg), and reflection
are incorporated. These attributes enhance visual fidelity by improving the clarity and distinctiveness of
the visual elements, with reflection providing additional visual refinement. Also, n is number of iterations
of the reflection loop.

(a) Effect of SoM Prompting for Posi-
tion Injection into HTML

Method GPS (↑)
Qwen-HTML, w/o SoM 0.55
Hi-SAM bboxes in prompt
[98]

0.72

SoM (number indexing) 0.68
SoM (colour indexing) 0.77

(b) Effect of choice of VLM in localize

Model OS (↑)
Intern-S1 [132] 0.24
InternVL3.5 [46] 0.21
gemma-3-27b-it [28] 0.25
Qwen2.5-VL-32B-Instruct[43] 0.51
Qwen2.5-VL-72B-Instruct[43] 0.86
Gemini-2.5-Pro [120] 0.91
GPT-5[121] 0.97

(c) Effect of Using Auxiliary Information.

Method VFS (↑)
Base w/o OCR 0.54
Base w/ OCR 0.59
Base w/ OCR, w/ Color 0.60
Base w/ OCR, w/ Text Attr, w/
Color

0.75

Base w/ OCR, w/ Text Attr, w/
Color, w/ fs

0.87

Base w/ OCR, w/ Text Attr, w/
Color, w/ fs, w/ bg

0.90

Base w/ OCR, w/ Text Attr,
w/ Color, w/ fs, w/ bg w/
reflection

0.93

(d) Effect of Choice of VLM for Reflection

Model VFS (↑)
Intern-S1 [132] 0.79
InternVL3.5 [46] 0.78
gemma-3-27b-it [28] 0.73
Qwen2.5-VL-32B-Instruct[43] 0.80
Qwen2.5-VL-72B-Instruct[43] 0.83
Qwen QVQ-72B [125] 0.86
Gemini-2.5-Pro [120] 0.91
GPT-5[121] 0.97

(e) Effect of Number of Reflection Iterations

Method n = 1 n = 6 n = 10 n = 15

Intern-S1 [132] 0.79 0.75 0.76 0.75
InternVL3.5 [46] 0.78 0.77 0.75 0.74
gemma-3-27b-it [28] 0.73 0.71 0.69 0.66
Qwen2.5-VL-32B-Instruct [43] 0.80 0.77 0.75 0.75
Qwen2.5-VL-72B-Instruct [43] 0.83 0.81 0.80 0.80
Qwen QVQ-72B [125] 0.86 0.88 0.89 0.89
Gemini-2.5-Pro [120] 0.89 0.91 0.92 0.93
GPT-5 [121] 0.91 0.93 0.94 0.97

13.3 REPLICA helps annotation

Due to the carefully designed choices, the REPLICA framework substantially streamlines the annotation
process for the VFDR task in the Fid-HTML format. As illustrated in fig. 19, the number of manual
edits required after generation with REPLICA (using Gemini 2.5 Pro) is markedly lower compared to
directly using Gemini 2.5 Pro. A similar trend is observed for Qwen3-VL, highlighting the generality
of our approach. A key advantage of the modular pipeline is that the absolute positioning of document
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Fig. 19: Comparison of annotation difficulty across systems. Replica-based pipelines require substantially
less human correction than VLM-only baselines. The relative ease-of-annotation follows: REPLICA
+ Gemini-2.5-Pro + human annotation > REPLICA + Gemini-2.5-Pro > REPLICA + Qwen3-VL-
30B > Gemini-2.5-Pro > Qwen3-VL-30B, highlighting REPLICA’s advantage for producing stable and
verifiable annotations.

substructures is handled automatically. This is particularly important for preserving visual coherence:
without such control, models like Qwen3-VL and Gemini 2.5 Pro often produce overlaid or intersecting
elements, resulting in visually inconsistent renderings. Furthermore, REPLICA reliably manages font
size, a critical factor in perceived visual fidelity. Other challenging aspects—such as color, indentation, and
font attributes—are also largely preserved, with only minor corrections needed during annotation. Overall,
REPLICA provides strong synthetic supervision that significantly accelerates high-fidelity ground-truth
construction, reducing annotation burden while improving consistency and visual alignment.

To quantify the reduction in manual post-editing enabled by our pipeline, we sampled 100 documents
and asked a group of 7 trained annotators to correct the generated HTML. For each document, we
recorded the number of atomic edits—OCR fixes, positional adjustments, style corrections, and HTML
hierarchy repairs—and report the average edits per document aggregated across annotators. REPLICA
+ Gemini 2.5 Pro requires the fewest corrections, followed by REPLICA + Qwen3VL, whereas using
the base VLMs alone leads to substantially higher editing effort. This monotonic trend underscores the
effectiveness of REPLICA’s layout-aware generation in reducing annotation cost, while also highlighting
the benefits of coupling VLMs with a constrained HTML rendering pipeline. Refer to table 10 for more
details.
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Table 10: Average number of manual edits per docu-
ment across 100 sampled documents, aggregated over
7 annotators. Lower is better. Each edit corresponds
to an OCR, positional, styling, or HTML hierarchy
correction.

Method Avg. Edits / Document

REPLICA + Gemini 2.5 Pro 2.24
REPLICA + Qwen3VL 2.81
Gemini 2.5 Pro 4.32
Qwen3VL 7.11

Table 11: Overall comparison of document-to-HTML methods across four evaluation dimen-
sions. Text Extraction (TE: Word recognition rate (WRR), Character recognition rate (CRR)), Logical
Structure (LS: Normalized Tree Edit Distance (NTED)), Physical Structure (PS: Global Position Score
(GPS), Local Position Score (LPS)), and Visual Fidelity (VF: Visual Fidelity Score (VFS) via VLM-as-
a-judge) are reported. The details about overall score computation can be found in the supplementary.

Baseline methods are grouped into four categories: Pipeline Tools , Expert VLMs , General VLMs ,

and Screenshot2HTML with REPLICA representing our method.

Method TE LS PS VF Overall

WRR (↑) CRR (↑) NTED (↓) LSS (↑) LPS (↑) GPS (↑) VFS (↑) OS (↑)

Marker [3] 0.65 0.80 0.80 0.68 0.25 0.35 0.76 0.62
Docling [26] 0.38 0.47 0.86 0.63 0.12 0.26 0.48 0.43

RolmOCR [116] 0.54 0.70 0.95 0.23 0.26 0.07 0.47 0.37
smolDocling [13] 0.34 0.40 0.90 0.42 0.13 0.24 0.45 0.36
olmOCR-7B [66] 0.54 0.67 0.93 0.26 0.28 0.10 0.28 0.34
Nanonets-OCR-s [117] 0.41 0.54 0.95 0.20 0.25 0.10 0.48 0.33
GOT-OCR-2.0 [27] 0.42 0.48 0.93 0.21 0.17 0.25 0.60 0.37
OCRFlux-3B [118] 0.45 0.57 0.88 0.51 0.25 0.25 0.37 0.41
Logics-Parsing [119] 0.64 0.77 0.84 0.57 0.32 0.42 0.65 0.57

Qwen2.5-VL-7B-
Instruct [43]

0.50 0.61 0.80 0.60 0.14 0.24 0.37 0.43

Qwen3-VL-30B-A3B-
Instruct [1]

0.47 0.54 0.78 0.44 0.15 0.33 0.29 0.37

gemma-3-27b-it [28] 0.57 0.62 0.85 0.59 0.16 0.25 0.32 0.43
InternVL3-14B [46] 0.28 0.46 0.83 0.67 0.22 0.29 0.27 0.39
Gemini-2.5-Pro [120] 0.63 0.69 0.81 0.67 0.19 0.31 0.44 0.50
GPT-5 [121] 0.64 0.77 0.80 0.68 0.26 0.44 0.73 0.62

WebCoder-1.3B [79] 0.33 0.42 0.82 0.40 0.20 0.27 0.34 0.34
WebSight-VLM-7B [29] 0.14 0.42 0.85 0.57 0.19 0.29 0.16 0.31

REPLICA
(+Qwen3-VL) (Ours)

0.86 0.90 0.24 0.71 0.73 0.86 0.90 0.83

REPLICA (+Gemini
2.5 Pro) (Ours)

0.88 0.93 0.20 0.74 0.73 0.86 0.93 0.86

14 REPLICA as a baseline for VFDR

REPLICA achieves substantial gains over all zero-shot baselines across method categories. Its modu-
lar pipeline—combining SoM-style prompting, Hi-SAM–based region refinement, and dedicated modules
for font-size normalization, color and font-attribute correction, and image stitching—leads to markedly
improved absolute positioning and consistently high visual fidelity. Comprehensive results are provided
in table 11.
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Table 12: Pearson correlation between human rankings (over five model
outputs) and our VFDR metrics. All metrics show strong correlation (>
0.8).

Human Annotators (7) LSS VFS GPS LPS Overall

Annotator-1 0.84 0.87 0.82 0.85 0.88

Annotator-2 0.81 0.86 0.80 0.84 0.86

Annotator-3 0.83 0.88 0.83 0.86 0.89

Annotator-4 0.85 0.90 0.84 0.87 0.91

Annotator-5 0.82 0.85 0.81 0.83 0.86

Annotator-6 0.86 0.89 0.85 0.88 0.92

Annotator-7 0.84 0.87 0.82 0.85 0.88

Average 0.83 0.87 0.82 0.85 0.89

15 Evaluations

15.1 Human-centric Evaluations

To evaluate the reliability of our evaluation metrics, we perform a human–metric correlation study involv-
ing seven experts with backgrounds in document design and layout analysis. We randomly select 100
documents from VFDR-Bench and ask each expert to rank the HTML reconstructions produced by five
representative models (anonymized as M1–M5). For each annotator, this yields a 5-way ranking vector.

Our metrics - Logical Structure Score (LSS), Visual Fidelity Score (VFS), Global Position Score
(GPS), and Local Position Score (LPS)—produce their own corresponding 5-way ranking vectors for the
same set of models. We compute the Pearson correlation between each annotator’s ranking and each
metric’s ranking. Since correlation is computed over model rankings, the effect of multiple models is
already incorporated into each coefficient; thus, the table reports per-annotator correlations rather than
per-model values. As shown in table 12, all four metrics exhibit strong correlation with human judgment
(correlation > 0.8). Furthermore, the aggregated Overall Score (mean of LSS, VFS, GPS, and LPS)
correlates even more strongly with human preference, indicating that jointly evaluating logical, visual,
and spatial fidelity provides a more faithful proxy for human assessment.

15.2 Prompts used for evaluations of methods

Refer to fig. 20 for details about the prompts used for evaluations. For QwenVL family of models -
Qwen2.5-VL [43], Qwen3-VL [1] and logics-parsing [119], we get the output in Qwen HTML. For Smoldo-
cling [13], we use the model to convert to docling format, and postprocess it into a HTML. For all other
models, we use a standard prompt.

15.3 Prompts used for VLM-as-a-judge metrics

The prompts used for Visual Fidelity Score (VFS) can be found in fig. 22 and Logical Structure Score
(LSS) in fig. 21. All VLM-as-a-judge evaluations are conducted using Gemini 2.5 Pro.

15.4 Overall Score Calculation

We report an Overall Score that aggregates all four evaluation dimensions—Text Extraction (TE), Logical
Structure (LS), Physical Structure (PS), and Visual Fidelity (VF)—using a simple and interpretable
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Qwen HTML Prompt

Models:

1. Qwen3-VL-30B-A3B-Instruct

2. Qwen2.5-VL-7B-Instruct

3. Logics-Parsing

Prompt: For the given document, give its Qwen HTML.

Plain HTML Prompt

Prompt: For the given document, give its HTML. Make sure to include the accurate text,

nested hierarchical structure, styling and positions of the boxes. (Return clean,

well-indented, semantic HTML, retaining style, color, and position.)

SmolDocling Prompt

Prompt: Convert this page to docling.

Fig. 20: Prompt used for different models for HTML generation.

formulation:

Overall =
TE + LS + PS + VF

4
, TE =

CRR + WRR

2
, PS =

GPS + LPS

2
.

Because VFDR-Bench is multilingual and includes scripts with highly variable OCR difficulty,
extremely poor model outputs can yield CER/WER > 1, resulting in negative CRR/WRR values. To
prevent such extreme failures from disproportionately influencing the final score, we apply a lower bound
of −1 to CRR, WRR for each sample, and consequently to TE for the aggregate. This clipping ensures
that the Overall Score remains stable and comparable across languages and models, while still penalizing
severe errors appropriately. By limiting the impact of pathological cases, the aggregated score provides a
fair, robust summary of model performance across all VFDR dimensions.

16 Additional Results

These results mirror those reported in the main paper. The overall score exhibits trends similar to the
individual metrics because the same methods that perform well on each evaluation axis also achieve
strong aggregate performance across all four axes. Additional details can be found in table 14, table 13,
table 15 and table 16.

17 Qualitative Samples of REPLICA conversions

Sample conversions across diverse datasets, covering multiple languages and document types, are provided
in figs. 23 to 40. These examples have source image in the left, and where both the rendered output in
corresponding Fid-HTML representations are available.
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Logical Structure Score: VLM-as-a-Judge Prompt

You are an HTML evaluation assistant.

You will be given two HTML documents:

• Ground-Truth HTML (GT) | the reference HTML

• Predicted HTML (PRED) | the model-generated HTML

Your task is to output two numeric scores in valid JSON:

{

‘‘structure_score’’: <float>,

‘‘semantic_score’’: <float>

}

1. structure score (0.0 to 1.0)

Quantifies similarity of the document’s overall hierarchy and layout organization.

Focus on the arrangement, nesting, and hierarchy of major elements, while remaining

tolerant to minor structural variations such as extra wrappers, flattened hierarchies, or

slight reordering. Penalize only when the logical organization is clearly disrupted.

Score Guidelines:

1.0 → nearly identical structures

0.8 to 0.9 → same high-level structure with few differences

0.5 to 0.7 → generally similar, partial hierarchy loss

0.2 to 0.4 → weak structural resemblance

0.0 to 0.1 → unrelated or unrecognizable structure

2. semantic score (0.0 to 1.0)

Evaluates preservation of semantic meaning and tag usage.

Check for the correct use of key tags such as <p>, <h1>, <ul>, and <table>, while

remaining lenient toward minor tag substitutions like <div> vs. <section> when the intent

is preserved. Ignore whitespace, attributes, and other trivial stylistic variations.

Score Guidelines:

1.0 → all key semantics correct

0.8 to 0.9 → most tags/roles correct, few errors

0.5 to 0.7 → about half of key meanings preserved

0.2 to 0.4 → weak semantic resemblance

0.0 to 0.1 → major semantic loss or mismatch

Important: Always output strictly valid JSON in the format:

{

‘‘structure_score’’: <float>,

‘‘semantic_score’’: <float>

}

Fig. 21: Prompt used for computing the Logical Structure Score (LSS) via a VLM-as-a-Judge evaluation
of structural and semantic fidelity.
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Visual Fidelity Score: VLM-as-a-Judge Prompt

You are an expert in document rendering evaluation.

You will be given two images:

• Image A = Predicted rendering (model output) (First Image)
• Image B = Ground truth rendering (reference) (Second Image)

Your task is to evaluate how visually faithful Image A is compared to Image B.

---

Instructions

1. Compare Image A and Image B across all aspects:
• Positioning accuracy (High priority)
• Color schemes and visual styling (High priority)
• Graphics and image elements
• Text content and typography fidelity
• Table structures and list formatting
• General visual appearance and presentation

2. Based on the overall comparison, provide:
• A single final fidelity score (0.0 to 1.0)

- 1.0 = perfect match

- 0.0 = complete mismatch

- Intermediate values proportionally reflect quality.

• A list of reasons describing mismatches and differences, grouped by aspect.

---

Output Format (Strict)

Final Fidelity Score: <score between 0.0 and 1.0>

Reasons:

- <reason 1>

- <reason 2>

- <reason 3>

...

Fig. 22: Prompt used for computing the Visual Fidelity Score (VFS) via a VLM-as-a-Judge evaluation
of visual fidelity.
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Table 13: Domain-wise Overall Scores (OS) across different document categories. Baseline

methods are grouped into four categories: Pipeline Tools , Expert VLMs , General VLMs , and

Screenshot2HTML . Document categories are abbreviated as: GR = Government Regulatory, FD =
Financial, BD = Business, HC = Healthcare, NV = Novels, LG = Legal, AQ = Assignments/Question
Papers, TB = Textbooks, RP = Research Papers, MN = Manuals, BR = Brochures, FM = Forms, RS =
Resumes, RI = Receipts/Invoices, ID = ID Documents/Certificates, LN = Lecture Notes, OT = Others.

Model GR FD BD HC NV LG AQ TB RP MN BR FM RS RI ID LN OT

Marker [3] 0.62 0.61 0.64 0.65 0.61 0.68 0.62 0.60 0.57 0.66 0.65 0.58 0.68 0.50 0.54 0.67 0.62
Docling [26] 0.36 0.50 0.50 0.51 0.29 0.49 0.35 0.40 0.49 0.50 0.40 0.44 0.58 0.28 0.19 0.54 0.41

RolmOCR [116] 0.33 0.34 0.42 0.38 0.41 0.41 0.39 0.34 0.39 0.36 0.36 0.29 0.49 0.44 0.29 0.52 0.40
smolDocling [13] 0.31 0.30 0.40 0.36 0.32 0.45 0.21 0.33 0.44 0.55 0.40 0.20 0.48 0.32 0.24 0.40 0.37
olmOCR-7B [66] 0.29 0.34 0.38 0.25 0.29 0.40 0.41 0.35 0.31 0.40 0.48 0.24 0.26 0.03 0.28 0.52 0.43
Nanonets-OCR-s [117] 0.27 0.35 0.39 0.26 0.35 0.45 0.38 0.31 0.36 0.36 0.22 0.25 0.34 0.03 0.01 0.52 0.37
OCRFlux-3B [118] 0.34 0.43 0.46 0.39 0.34 0.48 0.49 0.40 0.43 0.45 0.38 0.38 0.65 0.07 0.09 0.63 0.44
Logics-Parsing [119] 0.54 0.59 0.62 0.54 0.61 0.64 0.58 0.56 0.52 0.64 0.60 0.58 0.65 0.51 0.33 0.60 0.58
GOT-OCR-2.0 [27] 0.29 0.31 0.45 0.40 0.32 0.50 0.39 0.34 0.42 0.45 0.40 0.09 0.48 0.12 0.35 0.53 0.36

Qwen2.5-VL-7B-
Instruct [43]

0.38 0.37 0.43 0.44 0.49 0.45 0.46 0.44 0.45 0.42 0.57 0.47 0.60 0.47 0.41 0.49 0.47

Qwen3-VL-30B-A3B-
Instruct [1]

0.29 0.27 0.40 0.29 0.40 0.54 0.35 0.46 0.43 0.36 0.42 0.26 0.40 0.08 0.12 0.61 0.45

gemma-3-27b-it [28] 0.40 0.40 0.44 0.50 0.44 0.53 0.47 0.43 0.40 0.40 0.48 0.33 0.60 0.37 0.36 0.38 0.53
InternVL3-14B [46] 0.36 0.41 0.43 0.34 0.32 0.43 0.49 0.46 0.34 0.47 0.45 0.37 0.49 0.38 0.27 0.23 0.41
Gemini-2.5-Pro [120] 0.50 0.51 0.54 0.47 0.48 0.56 0.57 0.54 0.43 0.53 0.46 0.61 0.63 0.46 0.35 0.51 0.56
GPT-5 [121] 0.60 0.63 0.65 0.64 0.58 0.67 0.65 0.63 0.55 0.69 0.65 0.57 0.72 0.48 0.67 0.65 0.62

WebCoder-1.3B [79] 0.25 0.25 0.36 0.20 0.24 0.38 0.17 0.30 0.26 0.35 0.18 0.05 0.23 0.00 — 0.22 0.35
WebSight-VLM-7B [29] 0.26 0.29 0.37 0.24 0.29 0.39 0.16 0.25 0.25 0.36 0.15 0.07 0.24 — — 0.21 0.30

Table 14: Language-wise Overall Scores across models. The table shows model performance
across languages. Baseline methods are grouped into four categories: Pipeline Tools , Expert VLMs ,

General VLMs , and Screenshot2HTML . Languages are abbreviated as: en = English, hi = Hindi, bn
= Bengali, ta = Tamil, mr = Marathi, zh = Chinese, ru = Russian, mixed = Code Mixed, oth = Others.

Model en hi bn ta mr zh mixed oth

Docling [26] 0.52 0.15 0.23 0.16 0.22 0.16 0.38 0.24
Marker [3] 0.64 0.70 0.60 0.61 0.55 0.46 0.60 0.63

Nanonets-OCR-s [117] 0.39 0.43 0.35 0.03 0.24 0.30 0.26 0.24
RolmOCR [116] 0.42 0.43 0.36 0.11 0.29 0.29 0.32 0.28
olmOCR-7B [66] 0.39 0.28 0.25 - 0.42 0.30 0.29 0.17
smolDocling [13] 0.44 0.27 0.27 0.18 0.13 0.11 0.27 0.35
OCRFlux-3B [118] 0.48 0.13 0.29 0.06 0.41 0.30 0.35 0.30
GOT-OCR-2.0 [27] 0.46 0.04 0.09 0.05 - 0.18 0.30 0.13
Logics-Parsing [119] 0.61 0.62 0.47 0.41 0.55 0.49 0.54 0.48

Gemini-2.5-Pro [120] 0.52 0.61 0.46 0.69 0.57 0.44 0.47 0.51
GPT-5 [121] 0.66 0.53 0.38 0.46 0.58 0.49 0.58 0.58
Gemma-3-27b-it [28] 0.46 0.30 0.23 0.16 0.47 0.28 0.42 0.42
Qwen2.5-VL-7B-Instruct [43] 0.46 0.48 0.39 0.55 0.46 0.46 0.38 0.38
InternVL3-14B [46] 0.43 0.22 0.06 0.06 0.05 0.43 0.37 0.26
Qwen3-VL-30B-A3B-
Instruct [1]

0.43 0.40 0.21 0.28 0.21 0.30 0.31 0.26

WebCoder-1.3B [79] 0.36 0.01 0.03 - - 0.06 0.21 0.09
WebSight-VLM-7B [29] 0.40 - 0.06 - - 0.11 0.26 0.13
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Table 15: Comparision of Overall Score (OS)
on single-column and multi-column document
sets. Models are grouped into four categories:
Pipeline Tools , Expert VLMs , General VLMs ,

and Screenshot2HTML .

Model SC MC

Marker [3] 0.62 0.61
Docling [26] 0.45 0.36

RolmOCR [116] 0.39 0.31
smolDocling [13] 0.37 0.32
olmOCR-7B [66] 0.35 0.29
Nanonets-OCR-s [117] 0.35 0.26
OCRFlux-3B [118] 0.42 0.36
Logics-Parsing [119] 0.59 0.49
GOT-OCR-2.0 [27] 0.39 0.27

Qwen2.5-VL-7B-Instruct [43] 0.44 0.37
Qwen3-VL-30B-A3B-Instruct [1] 0.39 0.28
gemma-3-27b-it [28] 0.45 0.34
InternVL3-14B [46] 0.40 0.37
Gemini-2.5-Pro [120] 0.51 0.47
GPT-5 [121] 0.63 0.55

WebCoder-1.3B [79] 0.32 0.22
WebSight-VLM-7B [29] 0.31 0.23

Table 16: Comparison of Overall Score
(OS) on Scanned and Born-Digital document
sets. Models are grouped into four categories:
Pipeline Tools , Expert VLMs , General VLMs ,

and Screenshot2HTML .

Model SC BD

Marker [3] 0.61 0.64
Docling [26] 0.41 0.61

RolmOCR [116] 0.37 0.42
smolDocling [13] 0.35 0.43
olmOCR-7B [66] 0.32 0.45
Nanonets-OCR-s [117] 0.33 0.37
OCRFlux-3B [118] 0.40 0.51
Logics-Parsing [119] 0.57 0.59
GOT-OCR-2.0 [27] 0.35 0.48

Qwen2.5-VL-7B-Instruct [43] 0.41 0.53
Qwen3-VL-30B-A3B-Instruct [1] 0.35 0.51
gemma-3-27b-it [28] 0.42 0.46
InternVL3-14B [46] 0.37 0.51
Gemini-2.5-Pro [120] 0.50 0.54
GPT-5 [121] 0.61 0.66

WebCoder-1.3B [79] 0.29 0.36
WebSight-VLM-7B [29] 0.27 0.41
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Fig. 23: Samples from DocLayNet dataset
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Fig. 24: Samples from DocLayNet dataset
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Fig. 25: Samples from FUNSD dataset
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Fig. 26: Samples from Industry Document Library dataset
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Fig. 27: Samples from IndicDLP dataset
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Fig. 28: Samples from IndicDLP dataset
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Fig. 29: Samples from IndicDLP dataset
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Fig. 30: Samples from LoRaLay dataset [133]
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Fig. 31: Samples from LoRaLay dataset [133]
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Fig. 32: Samples from M6Doc dataset
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Fig. 33: Samples from OJ4OCRMT dataset
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Fig. 34: Samples from OJ4OCRMT dataset
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Fig. 35: Samples from Prima dataset
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Fig. 36: Samples from Prima dataset
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Fig. 37: Samples from PubLayNet dataset
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Fig. 38: Samples from RVLCDIP dataset
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Fig. 39: Samples from RVLCDIP dataset
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Fig. 40: Samples from SROIE dataset
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E., Odell, J., Watson, M., Cesare, D., Lippe, P., Lockhart, D., Verma, S., Chen, H., Sun, S., Zhuo,
L., Shah, A., Gupta, P., Muzio, A., Niu, N., Zait, A., Singh, A., Gaba, M., Ye, F., Ramachandran,
P., Saleh, M., Popa, R.A., Dubey, A., Liu, F., Javanmardi, S., Epstein, M., Hemsley, R., Green,
R., Ranka, N., Cohen, E., Fu, C.K., Ghemawat, S., Borovik, J., Martens, J., Chen, A., Shyam, P.,
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