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Fig. 1: Examples of style transfer of structured images (charts). Col 1: content charts.
Cols 2 - 7: content charts rendered into different styles. Style charts are shown in the
red boxes in the bottom row. Within the same row, content is the same. All images in
Cols 2-7 are produced by our ReChart model: we faithfully preserve the content data
and effectively transfer color scheme, typography, etc, from the style chart into the
content chart.

Abstract. Given an input image, style transfer aims to recast it into the
style of a reference image while preserving its content. While this prob-
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lem is well addressed for natural images, we find that structured images
such as charts, diagrams and tables demand capabilities fundamentally
distinct from natural image stylization, i.e. visual elements encode data
through geometry (bar heights, arc angles, point positions), and dense
text must be preserved exactly. We term this structured style transfer
as changing appearance while keeping strict element-level fidelity. Even
frontier models like GPT-Image-1.5 and Nano-Banana-Pro often struggle
here, producing inconsistent transfer, structural distortion, and content
leakage. The obvious fix, training on data that restyles a content chart to-
ward a reference, inherits these failures: it distorts the content and leaks
the reference into the target. We introduce ChartForge, a data pipeline
that instead builds triplets in reverse: starting from a style image, it
produces a target of similar style but different content, then a match-
ing content chart. Because the content is derived from the target, the
two stay structurally are disentangled from the start, avoiding forward-
pipeline leakage. With style-space resampling and multi-dimensional fil-
tering, ChartForge yields CHARTSTYLE-100K, over 100K triplets across
36 chart types and 3 visualization families. For evaluation, we further
build CHARTSTYLE-BENCH, a benchmark of 300 content-style pairs with
6 metrics. Using CHARTSTYLE-100K, Training ReChart by progressively
fine-tuning Qwen-Image-Edit on CHARTSTYLE-100K achieves the best
overall performance across all baselines, including GPT-Image-1.5 and
Nano-Banana-Pro.

Keywords: Structured Visualizations - Style Transfer - Image Editing
- Dataset and Benchmark

1 Introduction

Structured visualizations, including charts |25}26}60}/62,/63},65], diagrams [5}28|
32,66], flowcharts [131/45,/67], and tables [52]/68|, serve as essential tools for effec-
tive data communication, converting quantitative and relational information into
intuitive visuals. These visualizations are widely used across news media, busi-
ness, and education, making complex data comprehensible to broad audiences.
Beyond content accuracy, the right visual style transforms a plain chart from
merely readable to unmistakably professional, thus shaping how information is
perceived, trusted, and retained. However, producing expressive and stylistically
coherent visualizations at scale remains labor-intensive, requiring specialized de-
sign expertise and domain knowledge.

Motivated by recent breakthroughs in diffusion-based image generation and
editing |1}231/38L/40L|441/50,/51L[53./64], we investigate whether these models can be
directly applied to structured visualization style transfer. Despite strong perfor-
mance on natural images, our evaluation reveals systematic failure patterns even
in leading commercial models such as GPT-Image-1.5 |39] and Nano-Banana-
Pro |10], as shown in Fig. [2l We attribute these failures to three challenges in-
herent to structured visualization stylization. First, Compositional Style. Chart
style is not a single attribute but a compositional ensemble spanning color
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Fig. 2: llustrating representative failures of latest image editing systems on chart style
transfer. Highlighted regions show three error types: style inconsistency, structural
distortions that compromise data-encoding geometry, and content leakage.

palettes, typography, mark geometries, annotation layouts, and decorative el-
ements. Faithful transfer thus requires fine-grained control over individual at-
tributes. Second, Data-encoding Geometry. Unlike natural images, structured
visualizations encode data directly through geometry: bar heights map to val-
ues, arc angles to proportions, and point positions to bivariate relationships. Any
distortion silently corrupts the data, imposing a zero-tolerance fidelity constraint
that perceptually-optimized editors routinely violate. Third, Style-Content En-
tanglement. Style and content share the same visual vocabulary, as I and I. both
consist of charts. This overlap makes it hard to separate transferable style from
protected content, so layouts, text, or data marks from I leak into the output.

Overcoming these challenges requires samples that map a content chart and
a style reference to a correctly styled target. Such data does not exist at scale
and should be synthesized. However, the natural approach, forward synthesis
(restyling a content chart toward a reference), is exactly where existing models
fail, yielding unreliable supervision. We therefore build the data in reverse: we
first synthesize a stylized target and then derive a structure-aligned content
image from it. Since the content is built to match the target, structural fidelity
and style-content separation come from the construction rather than the model.
This avoids the leakage inherent in forward synthesis.

Building on this idea, we make three contributions. First, we realize it as
ChartForge, a reverse-generation data pipeline, further equipped with style-
space resampling and multi-stage LLM+OCR filtering for diversity and qual-
ity. Second, we curate CHARTSTYLE-100K, a training set of over 100K triplets
across 36 chart types and 3 visualization families, together with CHARTSTYLE-
BENCH, a 300-pair evaluation benchmark with 6 metrics covering structural fi-
delity, style consistency, and content integrity. Third, we progressively fine-tune
Qwen-Image-Edit using CHARTSTYLE-100K to obtain ReChart, which performs
fine-grained, element-aware transfer and achieves the best overall performance
among all baselines, including GPT-Image-1.5 and Nano-Banana-Pro ,
while reducing content leakage.

2 Related Work

Chart synthesis and editing. Chart synthesis and editing constitute funda-
mental tasks within chart understanding . Recent research on chart



4 Y. Yang et al.

synthesis has explored generating large-scale chart datasets |14}18}21}[35L[58}(62]
65| for model training or customized charts [20}25,/63] for better visualization
by leveraging the programmability of libraries such as matplotlib (e.g., Chart-
Mimic [60]) or D3.js (e.g., ChartGalaxy [26]). These synthetic corpora enable the
training of models on diverse chart types, but typically focus on content fidelity
for visual understanding, while offering limited stylistic control. Chart editing
methods [12,[59L[61)69] further address color, type, text, and layout adjustments,
yet remain constrained by predefined code-level heuristics that limit more so-
phisticated pixel-level edits, such as intricate textures and complex patterns.
Beyond charts, similar synthesis and editing paradigms have been extended to
other structured visual domains, including diagrams [528./66], flowcharts [13l45],
and tables [68]. In addition to these studies, some recent works have explored
pixel-space approaches [48](70], such as employing diffusion-based models like
Qwen-Image-Edit [53] and FLUX.1 [1] for editing structured visuals. However,
these efforts primarily focus on content modification, while the interplay between
structure preservation and stylistic variation remains an unresolved challenge for
style transfer. This paper tackles these challenges by constructing image triplets
that better balance structure preservation and style transfer.

Visual style transfer. Visual style transfer aims to apply the style of a reference
image to a target content image or prompt. Early optimization-based methods 3|
used Gram matrices to balance content and style losses, later extended by adap-
tive instance normalization (AdaIN) for universal style transfer [19]. With the
advent of large text-to-image (T2I) and image-to-image (I12I) diffusion models,
research has shifted toward arbitrary style transfer with minimal tuning. IP-
Adapter [64] enables image-conditioned control via lightweight adapters, while
InstantStyle [50,/51] achieves style transfer without fine-tuning by decoupling
style and content features. Style consistency has been explored through shared-
attention mechanisms [16] and Q-Former-based disentanglement in DEADiff [40].
Unified frameworks such as CSGO [57] and StyleStudio [24] expand capabilities
to both T2I and I21 settings. However, existing methods primarily target natural
image generation and struggle with style transfer for structured visualizations,
where maintaining strict structural fidelity while adapting abstract stylistic at-
tributes remains particularly challenging. Our work addresses these challenges
by learning structured-visualization style transfer from large-scale paired data.

Image generation and editing model. High-fidelity text-to-image gener-
ation lies at the core of modern generative AI, catalyzed by diffusion mod-
els [7./17,/29,31},41}H43.|46]. Recent advances in Flow Matching [29] and Rectified
Flow [31] underpin systems such as Stable Diffusion 3 [47], FLUX.2 [23], and
commercial models including GPT-Image-1.5 [39], Nano-Banana-Pro [10], and
Seedream [44]. Early editing methods improved controllability through guided
denoising in SDEdit [34], training-free text control in Prompt-to-Prompt [15],
real-image inversion in Null-Text Inversion [36], and instruction-based condi-
tional diffusion in InstructPix2Pix |2|. FlowEdit [22] then extended editing to
flow models with inversion-free ODE paths, and recent editors such as BAGEL [6)],
Step1X-Edit [30], FLUX.2 [23], and Qwen-Image-Edit [53] are built natively on
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Fig. 3: ChartForge framework. The generation pipeline consists of four stages: (I)
Reference-driven target generation, (II) Restyle-based content generation, (III) Style-
space resampling, and (IV) Multi-dimensional quality assessment and filtering. These
stages jointly produce diverse, structure-consistent, and high-quality image triplets
(style I, content I., target I;), which are then used to train ReChart.

flow matching. Building on these editors, we develop a model closing the gap
between general-purpose editing and the content-preservation demands of struc-
tured visualization style transfer.

3 Method

3.1 Task Definition

Given a style reference I, and a content image I. with geometry G, and text
Te, chart style transfer produces a target Iy = &(I;, I..) that preserves the struc-
ture of I. while adopting the appearance of I;. Formally, the task seeks I; that
minimizes:

EZ £comp(It7[s) + )\s'cstruct<ltalc) + Aeﬁentgl(ltalsalc) )

compositional style geometry preservation  style-content entanglement

where Leomp encourages adopting the compositional style of I, (color, typogra-
phy, and graphical marks), Lstruet enforces ||G(I;) — G.|| — 0 and OCR(I}) = T,
and Lentel penalizes content from I leaking into I;. Here, Ay and ). are weight-
ing coeflicients that balance the three terms. Since diffusion models treat all to-
kens uniformly, optimizing Lcomp inevitably perturbs the other two, so the three
terms cannot be satisfied by a generic editor alone. We therefore address these
challenges at the data level through three complementary principles: controlled
restyling encourages the separation of content from style via explicit style-family
reassignment; reverse generation synthesizes the target first to better preserve
structural alignment; and multi-stage quality control combines LLM-based scor-
ing with OCR verification to suppress leakage at scale. We instantiate these prin-
ciples in the four-stage pipeline described below, then train our model ReChart
to balance all three objectives.
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Table 1: Dataset statistics of CHARTSTYLE-100K. The dataset spans diverse style
sources, subject domains, and style families for restyling, together with large-scale
synthesis and quality-controlled filtering that define its final coverage.

CHARTSTYLE-100K: Dataset Summary

Style sources

Real infographic charts (from ChartGalaxy) 54,065
Professional designs (from Canva platform) 4,096
Total style references 58,161
Coverage
Visualization families Charts / Flowcharts / Diagrams / Tables
Chart types 36
Subject domains 26
Style families (Restyling) 90
Synthesis scale
Stage I targets (Charts / FDT) 66,309 / 9,978
Stage II triplets (Charts / FDT) 208,463 / 19,953
Stage III additional triplets 79,993
Candidates before filtering 308,409
Filtering & final set
Quality signals qu24/R§,qz4, Ree>3, Rse>3, Roer>0.8
Final triplets 100,744

3.2 CHARTSTYLE-100K: Dataset Construction

We construct CHARTSTYLE-100K with ChartForge, a data synthesis pipeline
built on the reverse-generation principle and organized into two phases. In the
generation phase, given a style exemplar I and a set of randomly sampled con-
tent parameters (visualization type, subject, layout, and density), we synthesize
a target I; that matches the appearance of I, and then restyle it under a differ-

ent visual family to obtain its content counterpart I.: I generate 1; restyle I..
The training phase then learns the reverse mapping @: (I, I.) — I;. All synthesis
steps use GPT-Image-1 [38] with carefully designed prompts; it serves only as
a generator for these subtasks, not as an end-task teacher, so our final model is
trained on the resulting triplets rather than distilled from any single model. The
pipeline comprises four stages, as illustrated in Fig. [3]

Reference-driven target generation (Stage I). Following the reverse gen-
eration principle, we generate the stylized target before any content image, so
Stage I needs only a single style exemplar Ig: we synthesize a target I; whose
visual appearance closely follows I, while its underlying content is sampled
independently rather than taken from any existing chart. Content parameters
(visualization type, subject domain, layout, and information density) are drawn
from a set of curated pools to ensure broad and balanced coverage (see Tab. .
Restyle-based content generation (Stage II). With I; in hand, we need
a structurally identical counterpart rendered in a different style to serve as I..
Directly stripping style from I is ill-defined; instead, we prompt the generator
to reproduce its content under a new visual family, sampled from 90 curated aes-
thetics (e.g., data journalism, minimalist, retro, 3D-like). The prompt explicitly
instructs the model to alter only palette, tone, typography, and texture while
keeping geometry, text, and layout intact. When multiple variants are generated
(IIc] > 1), one is forced to adopt a plain baseline style (matplotlib or hand-drawn
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sketch) to anchor the distribution toward common use cases. The result is a clean
triplet (I, I, I;) in which content and style are explicitly disentangled.
Style-space resampling (Stage III). Real-world style exemplars are domi-
nated by flat-design infographics, leaving artistic and domain-specific aesthetics
(e.g., painterly, pixel art, editorial illustration) severely under-represented. To
correct this distributional gap, we bootstrap: restyled variants from Stage II are
recycled as new style references I, and the full Stages I-II pipeline is repeated.
This self-augmentation expands the effective style space well beyond the original
exemplar pool, without requiring additional real-world data collection.
Multi-dimensional quality assessment and filtering (Stage IV). Not all
synthesized triplets meet the fidelity requirements for training. We therefore
score every triplet (I, I.,I;) along four complementary dimensions and retain
only those that pass all thresholds:

— Visual quality R,q € [1,5]. An LLM-based single-image evaluator scores I,
and I; independently (Ry,, Rf,q) on text legibility, contrast, layout discipline,
and rendering artifacts.

— Content consistency Re. € [1,5]. The judge jointly evaluates I. and I; for
semantic alignment: chart structure, axis titles, series correspondence, and
textual fidelity.

— Stylistic consistency Rs.€[1,5]. It compares I; and I; on visual style factors
only: color palette, typography, and graphical marks.

— OCR F1 Ryer € [0,1]. PaddleOCR [4] extracts text from I. and I; the
token-level F'1 quantifies character-level content preservation.

We use GPT-4o [37] as the LLM judge for all quality assessments. The final
CHARTSTYLE-100K retains triplets satisfying R, > 4, R, > 4, R.. > 3,
Rsc > 3, and R, > 0.8, yielding 100,744 high-quality triplets from approx-
imately 308K candidates. We provide the threshold sensitivity analysis in the
supplementary material. Example triplets are shown in Fig. [

3.3 CHARTSTYLE-BENCH: Evaluation Benchmark

To systematically evaluate chart style transfer, we construct CHARTSTYLE-
BENCH, a benchmark of 300 content—style image pairs.

Content images. We curate 300 content images from three sources: 100 real-
world infographic charts from Visual Capitalist, 50 programmatically synthesized
charts from ChartGalaxy [26] and ChartMimic [60], and 150 structural visuals
(flowcharts, diagrams, tables) collected from Google Images.

Style references. We select 100 style references from Visual Capitalist [49]
(disjoint from content images), 100 from InfographicVQA [33|, and generate 100
additional structured visuals with diverse styles following Stage II of Sec. [3:2}
Pairing and quality control. Each content image is randomly paired with a
style reference, yielding 300 content—style pairs. All images are excluded from
CHARTSTYLE-100K to prevent test leakage. To ensure high benchmark quality,
all images undergo multi-round manual inspection. We verify structural validity,
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Fig. 4: Illustrative examples of CHARTSTYLE-100K Dataset. Each sample (each col-
umn) contains a triplet of reference style chart, content chart to be edited, and a target
chart used as the ground-truth for training. From left to right, the examples focus on
various transfer dimensions, including color scheme transfer, 3D rendering transfer,
layout template transfer, typography transfer, and graphical element transfer.

text legibility, and visual clarity, and remove samples with rendering artifacts
or ambiguous layouts. We further ensure that content and style images are se-
mantically distinct to avoid trivial transfers. Together, CHARTSTYLE-BENCH
covers diverse chart types, style families, and structural complexities, providing
a reliable and comprehensive testbed for evaluating chart style transfer methods.

3.4 ReChart: Progressive Fine-Tuning Framework

Although CHARTSTYLE-100K enables direct fine-tuning of Qwen-Image-Edit, a
single-stage approach is suboptimal, as the base model has limited exposure to
both general style transfer and chart understanding. We therefore adopt pro-
gressive fine-tuning through a two-stage curriculum: (i) a first stage on general-
domain style transfer data to establish control over fundamental visual elements,
followed by (ii) a second stage on CHARTSTYLE-100K for chart-specific special-
ization. While the first stage substantially improves general style transfer, it
leaves performance gaps on charts that the second stage addresses. This pro-
gressive strategy yields ReChart, enabling robust performance on both general
and chart-specific style transfer.

3.5 Structured Transfer Analysis

To better understand and validate the structured transfer behavior learned by
ReChart, we analyze exemplar-based chart restyling from two complementary
views: global token-level influence and local element-level intervention. For the
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Fig. 5: Global influence analysis. For each case, the top row shows the style chart, the
content chart, and ReChart’s target, and the bottom row shows the style—target and
content—target influence maps. Style influence concentrates on appearance-sensitive
regions, while content influence concentrates on structure-defining regions.

global analysis, we compute each target token’s attention mass to style and
content tokens and aggregate it over double-stream MMDiIT attention blocks
and denoising steps, yielding normalized target-side influence maps:

. 1 b, , 1 b,
AS(Z) = 7 Ang,t Z az('—)t} ) Ac(l) = 7 Ang,t Z CV,E_:]? )
% %

jEStyle j€Content

where ¢ is a target token, agbj} denotes attention from target token ¢ to source

token j at block b and step ¢, and Z; is a per-token normalization term computed
over style and content tokens. For the local analysis, we use an element-level
intervention to examine the influence of an individual style element. We select
an element region R in the style image, defined by a bounding box (e.g., title
or legend), remove it, and regenerate the target by ReChart. Both the original
and intervened targets are generated under an identical setting (same content
image, random seed, denoising schedule, and inference hyperparameters), and

the per-pixel difference between them, Ar = |I; — It\R|, highlights which target
regions are most affected by removing R.

Global influence evidence. Fig. [f] shows complementary global roles: style-
to-target activation is concentrated on appearance-sensitive regions (texture,
tone, rendering pattern), whereas content-to-target activation is concentrated
on structure-defining regions (layout and major elements).

Local correspondence. Fig. [f] examines a finer granularity: we remove a single
element region (e.g., title or legend) from the style image and regenerate the
target image, considering two cases where the corresponding element is either
spatially aligned or displaced between the style and target. In both cases, the
change in the target tends to appear at regions of the same element type rather
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Fig. 6: Local element-level intervention. For each case (left to right: content chart, style
chart, target chart), we separately remove individual element regions (e.g., title, legend,
or a chart region) from the style chart and overlay the resulting per-pixel changes in
ReChart’s target. The two cases cover elements that are spatially aligned and spatially
displaced between the style and target.

than merely the same spatial location, which may suggest a degree of component-
wise sensitivity in the transfer.

Overall observation. The visual evidence above provides qualitative support
for addressing the three challenges introduced in Sec. [I} First, for composi-
tional style, style influence is concentrated on appearance-sensitive components,
indicating component-aware style injection rather than uniform global styliza-
tion. Second, for data-encoding geometry, content influence remains focused on
structure-defining regions (layout, major chart elements), consistent with pre-
serving data-carrying geometry during transfer. Third, for style-content entan-
glement, removing a style element tends to affect target regions of the same
element type, suggesting component-wise sensitivity in the transfer.

4 Experiments

4.1 Evaluation Protocols

Metrics. We design a comprehensive set of metrics to evaluate the quality of
generated charts across multiple dimensions. For the LLM-as-a-judge evaluation,
we employ GPT-4o |37] to assess the following aspects:

— Content Consistency measures how well the generated chart preserves the
original content of the input chart, rated on a scale of 1 to 5.

— Style Similarity assesses how closely the generated chart adheres to the
visual style of the reference chart, rated on a scale of 1 to 5.

— Content Leakage assesses whether unintended visual elements from the
reference chart appear in the generated chart. This metric outputs 1 if con-
tent leakage occurs and 0 otherwise.

— Overall Score provides a holistic assessment of the generated chart by com-
puting the harmonic mean of content consistency score and style similarity
score, where style similarity score is set to 1 if content leakage is detectedﬂ

! In the case of content leakage, the reference chart is leaked into the generated chart,
making the style score less meaningful.
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Table 2: Quantitative comparisons on CHARTSTYLE-BENCH. 1 / |: higher / lower is
better. *Severe leakage makes style and fidelity metrics unreliable for models. All exist-
ing methods struggle in various aspects. Traditional style transfer methods CSGO [57]
and StyleStudio |24] produce significant artifacts. General editing model such as Qwen-
Image-Edit [53| has difficulty in fully understanding the instruction, leading to severe
leakage. Our ReChart achieves competitive performance even against state-of-the-art
commercial models including GPT-Image-1.5 [39] and Nano-Banana-Pro |10].

Model LLM Evaluation* Others*
Content? StyleT Leakage| Overallt|Semantict FidelityT OCRScoret

StyleStudio |24] 1.00 1.67 0.06 1.17 0.58 0.47 0.01
CSGO |57] ‘ 1.00 1.97 0.02 1.25 ‘ 0.55 0.46 0.01
OmniGen2 |54] 1.11 2.66 0.57 1.14 0.54 0.53 0.04
FLUX.2-dev 23] 1.75 3.80 0.80 1.29 0.59 0.73 0.26
Edit-R1 27| 1.85 3.25 0.63 1.35 0.65 0.66 0.28
Seedream 4.0 [44] 2.39 3.70 0.51 2.00 0.74 0.56 0.50
GPT-Image-1 |38| 2.31 2.96 0.05 2.30 0.77 0.46 0.54
GPT-Image-1.5 39| 3.30 3.04 0.06 2.82 0.80 0.48 0.73
Nano-Banana |3] 3.57 2.66 0.20 2.44 0.87 0.50 0.77
Nano-Banana-2 |11] 3.48 3.75 0.48 2.59 0.76 0.54 0.71
Nano-Banana-Pro |10] 3.79 3.58 0.32 2.84 0.77 0.54 0.72
Qwen-Image-Edit |53| 2.75 2.73 0.51 1.58 0.76 0.62 0.54
ReChart (Ours) 3.96 2.90 0.05 3.03 0.89 0.49 0.76

We complement the LLM-based judgments with automated perceptual met-
rics that provide fast, repeatable signals on stylistic and content fidelity. Specif-
ically, we measure the following aspects for every generated chart:

— Semantic Consistency compares CLIP embeddings of the content input
and generated chart to ensure the semantic structure of the original visual-
ization is preserved despite the style transfer.

— CLIP Stylistic Fidelity projects the style reference and generated chart
through a CLIP encoder and reports their cosine similarity, capturing high-
level alignment in texture, palette, and mark rendering.

— OCRScore applies PaddleOCR [4] to both the content and generated charts,
computes word-level F1 overlap, and quantifies how faithfully textual anno-
tations and labels are retained.

Baseline Methods. Since structured style transfer takes both a style exem-
plar and content chart as input, the model must process multi-image inputs.
We compare our end-to-end model ReChart against: 1) traditional style transfer
methods represented by CSGO [57] and StyleStudio [24]; 2) state-of-the-art open-
source models including OmniGen2 [54], FLUX.2-dev |23|, Edit-R1 [27], See-
dream 4.0 |44], Qwen-Image-Edit [53](v2509); and 3) commercial models includ-
ing GPT-Image-1 [38], Nano-Banana [3|, GPT-Image-1.5 [39], Nano-Banana-
2 [11] and Nano-Banana-Pro [10].
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4.2 Quantitative Results

We present the quantitative results in Tab. 2] The findings reveal that exist-
ing image editing models struggle with our complex structured visualization
style transfer task. Traditional style transfer methods, such as CSGO [57] and
StyleStudio [24], address content leakage by adopting IP-adapter [64], but pro-
duce significant artifacts, resulting in poor content fidelity, style adherence,
and OCR performance. In contrast, recent open-source editing models, such
as FLUX.2-dev [23], Edit-R1 [27], and Qwen-Image-Edit [53], improve content
preservation and text rendering due to their increased model capacity. Yet these
gains do not resolve the core difficulty. Notably, their style scores are often
inflated by copying elements from the style reference. Over half of Qwen-Image-
Edit’s samples exhibit content leakage, and FLUX.2-dev leaks severely: its out-
puts closely resemble the style images, artificially inflating style similarity while
degrading overall performance. Even state-of-the-art commercial models, such as
GPT-Image-1.5 [39] and Nano-Banana-Pro [10], struggle to fully eliminate con-
tent leakage or accurately replicate styles. A detailed per-model leakage analysis
is provided in the supplementary material. Our model ReChart achieves the best
overall performance, leading in content preservation and semantic consistency,
while maintaining low content leakage and competitive stylistic fidelity.

4.3 Qualitative Results

We present qualitative results in Fig. [7] Overall, baseline methods often exhibit
content leakage and unintended visual artifacts, whereas our approach signifi-
cantly mitigates these issues while better preserving structural and textual fi-
delity. We highlight three key observations:

Structural integrity. Preserving the structural integrity of the underlying
chart (e.g., precise geometry of the bar) remains a challenge. In our evalua-
tion, GPT-Image-1.5 often perturbs the chart’s global layout—such as altering
bar heights/widths or axis spacing—thereby misrepresenting the encoded values
(Fig. 7} Row 3, GPT-Image-1.5 changes the overall structure).

Component style adaptation. Complex chart styles (e.g., pixel art) often
require substantial visual transformations beyond superficial changes in color or
typography. Different elements within a chart (such as icons and background
regions) demand distinct stylistic treatments to preserve both readability and
structural coherence. Our model effectively performs such differential style adap-
tation (Fig. m Rows 2 and 3, our model changed the style of the man and coins),
whereas most baseline models apply a single global transformation.

Text fidelity. Text preservation in current models is scale-dependent. Top-
performing methods, including ours and Nano-Banana-Pro, maintain high fi-
delity for large text but still struggle to preserve the legibility of small-scale
annotations. This failure demonstrates that robust, multi-scale text replication
remains a significant and open challenge for all editing methods.
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Fig. 7: Qualitative comparisons of state-of-the-art models on CHARTSTYLE-BENCH.
Existing methods face problems including style misalignment, content inconsistency,
text distortion, and content leakage. ReChart yields the best overall visual results.

4.4 Ablations

Impact of two-stage training. We ablate the progressive training strategy
in Tab. [3l The base Qwen-Image-Edit suffers from severe leakage (0.51). The
model trained on general style transfer data reduces leakage to 0.13 and improves
content consistency by establishing multi-image alignment. Training solely on
chart-specific data further suppresses leakage to 0.03 and improves style un-
derstanding, but content consistency drops, indicating that chart data alone is
insufficient for fine-grained content preservation. Combining both stages yields
the best balance between content preservation and style transfer.

Impact of style-space resampling. Stage III reuses restyled variants as new
style references to expand stylistic coverage. Removing it consistently reduces
style similarity and overall score (Tab. E[), confirming that real-world exemplars
alone under-represent artistic aesthetics and that style-space bootstrapping is
necessary for robust generalization.
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Table 3: Ablation on the two-stage training, evaluated on CHARTSTYLE-BENCH. Com-
bining both stages yields the best overall performance.

Model LLM Evaluation Others
Content? Stylet Leakage] Overallt | Semantict Fidelity? OCRScoret
Qwen-Image-Edit [53] 2.75 2.73 0.51 1.58 0.76 0.62 0.54
+ stage 1 3.13 2.92 0.13 2.45 0.80 0.52 0.59
+ stage 2 2.45 3.15 0.03 2.53 0.84 0.48 0.54
+ stage 1 + stage 2 3.96 2.90 0.05 3.03 0.89 0.49 0.76

Table 4: Ablation on style-space resampling in data construction, evaluated on
CHARTSTYLE-BENCH. Removing it lowers style adherence and overall performance.

Model LLM Evaluation Others

Content? Style? Leakagel Overallt | Semantict Fidelity? OCRT
ReChart 3.96 2.90 0.05 3.03 0.89 0.49 0.76
w/o style-space resampling 3.57 2.75 0.09 2.71 0.88 0.48 0.73

Table 5: OCR F1 by text size on CHARTSTYLE-BENCH.

Model <12 px 12-14 px 14-18 px 18-24 px 24-32 px >32 px
ReChart 0.56 0.56 0.66 0.72 0.75 0.78
GPT-Image-1.5 39| 0.52 0.58 0.62 0.70 0.70 0.69
Nano-Banana-Pro |[10]  0.50 0.60 0.68 0.74 0.71 0.72

Text fidelity across scales. We further analyze text fidelity at different text
sizes by grouping text regions by bounding-box height and reporting OCR F1
at each scale (Tab. [f). ReChart’s OCR F1 stays stable above 14px (F1 > 0.66)
but drops sharply below it. Strong baselines such as GPT-Image-1.5 and Nano-
Banana-Pro show the same trend, confirming that legible small-scale text ren-
dering remains an open challenge for all current models.

Code-based vs. pixel-based style transfer. Structured visualizations are
inherently programmatic, and style editing can also be performed through code
manipulation in principle. We compare a code-based pipeline with our pixel-
based ReChart for style transfer. Specifically, we apply an image-to-code model
(i.e., Gemini-3-Pro [9]) to convert both the content and style charts into editable
code, and then use the same Gemini-3-Pro to modify the content chart’s code
to adopt the target font types and visual styles. Fig. [§] presents the resulting
visual outputs. Compared to the pixel-based method, the code-based approach
struggles to faithfully reproduce complex chart appearances and often introduces
rendering artifacts, highlighting the advantages of direct pixel-level editing. We
further analyze the trade-offs between pixel- and code-space stylization in the
supplementary material.

Reliability of LLM-based evaluation. We use GPT-40 as our primary judge
and additionally report Gemini-3-Pro [9] in Tab. 6] Both agree well with humans:
across b experts and 400 outputs (100 each from Qwen-Image-Edit, GPT-Image-
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Table 6: Comparison of different LLM-as-judge methods on CHARTSTYLE-BENCH.

LLM Evaluation (GPT-40 / Gemini-3-Pro)

Model Contentt Stylet Leakage] Overallt

Qwen-Image-Edit 2.75 / 2.57 2.73 / 2.32 0.51 / 0.57 1.58 / 1.35
GPT-Image-1 2.31 / 2.12 2.96 / 2.78 0.05 / 0.12 2.30 / 2.07
Nano-Banana 3.57 / 3.21 2.66 / 2.22 0.20 / 0.29 2.44 / 2.00
GPT-Image-1.5 3.30 / 2.55 3.04 / 2.83 0.06 / 0.21 2.82 / 2.28
Nano-Banana-Pro 3.79 / 3.38 3.58 / 3.58 0.32 /0.44 2.84 / 2.46
ReChart 3.96 / 3.30 2.90 / 2.71 0.05 / 0.15 3.03 / 2.56

1.5, Nano-Banana-Pro, and ReChart), GPT-40 and Gemini-3-Pro reach 76.2%
/ 75.5% pairwise agreement and Spearman p = 0.63/0.74 (median), 0.52/0.55
(mean). ReChart ranks first under both, confirming that our evaluation tracks
human judgment and is robust to evaluator choice.

User study. We conduct a user study with 23 participants (10 professional de-
signers, 5 Al researchers, and 8 master’s/PhD students). Each performs double-
blind, randomized-order A/B comparisons of ReChart against GPT-Image-1.5
and Nano-Banana-Pro, yielding 920 pairwise comparisons per baseline. ReChart
achieves a 71.9% / 61.1% non-loss rate against GPT-Image-1.5 / Nano-Banana-
Pro (53.0% / 43.8% wins), with high per-sample rater agreement (80.2% /
77.8%). These results reflect a clear and consistent human preference for ReChart.

5 Conclusion

We study style transfer for structured visualizations and make three contribu-
tions. First, ChartForge, a reverse-generation pipeline that disentangles style
from content at the data level. Second, CHARTSTYLE-100K, a dataset of over
100K quality-filtered triplets across 36 chart types and 3 visualization fami-
lies, together with CHARTSTYLE-BENCH for standardized evaluation. Third,
ReChart, an image editing model that achieves the best overall performance
while substantially reducing content leakage. Our experiments also reveal limi-
tations common to all current methods, particularly in multi-scale text render-
ing, indicating that further advances in fine-grained structural control remain
an important direction.
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