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Figure 1: The designer-in-the-loop workflow used to create AI Song with FontCopilot. Starting with manually drawn seed char-
acters, the workflow engages the designer in an iterative interaction loop—Design→ Generate→ Refine→ Retrain—ultimately
producing a fully editable, vector-based font file.
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Abstract
Designing Chinese fonts is challenging due to the structural com-
plexity of ideographic characters and the scale of character sets
(e.g., over 80,000 characters in GB 18030). Existing font generation
methods often produce non-editable raster images or offer limited
stylistic control, which restricts their use in professional design
workflows.
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We present FontCopilot, an interactive designer-in-the-loop sys-
tem for Chinese vector font design. Through an exploratory inter-
view study with 10 professional designers, we identify Component
Assembly as a major production bottleneck. FontCopilot targets
this labor-intensive phase using a component-based affine transfor-
mation model that generates editable vector glyphs from few-shot
inputs. The workflow lets designers refine generated results and use
their corrections to update the model. These interactions provide
direct control over component layout and style.

We evaluate CAR through model ablations and a comparison
with a prior Chinese vector font generation method, study Font-
Copilot with 9 professional designers, and document a four-week
production case. FontCopilot received “Excellent” ratings on five of
six UEQ dimensions, and one designer used 300 seed characters to
produce 10,461 editable glyphs for AI Song. Together, these evalu-
ations show how editable component completion can carry local
structural decisions from a small seed set to a complete Chinese
typeface.

CCS Concepts
• Human-centered computing → Interactive systems and
tools; Empirical studies in HCI; • Computing methodologies
→ Computer vision.
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1 Introduction
Recent learning-based methods, including GAN- and diffusion-
based approaches, have advanced automated font synthesis from
limited style exemplars [5, 14, 28]. Yet most image-based approaches
produce rasterized outputs rather than editable vector glyphs, and
they can have difficulty preserving the topology required for profes-
sional font production [7, 12, 18]. Professional workflows require
glyphs that can be scaled, inspected, and repeatedly revised as
vector outlines. This gap is especially consequential in Chinese
typography, where a typeface must maintain structural accuracy
and stylistic consistency across thousands of complex characters.

Chinese font design faces three intertwined challenges. First, the
scale is large: the foundational GB 2312 standard contains 6,763
characters, while the modern GB 18030-2022 standard expands
this inventory to over 80,000 characters. Second, the structure is
complex: Chinese glyphs require precise arrangement of nested
components, so even small synthesis errors can break legibility
or visual consistency. Third, existing tools offer limited agency:
many methods operate as one-shot generators that return bitmaps
or rigid outputs [11, 14, 28, 29], leaving designers little room to
refine style, correct structure, or integrate results into industrial
workflows. Recent vector synthesis methods improve automation,

but they do not directly support the fine-grained correction and
iterative model updating required in the workflow studied here
[11, 13, 29, 34, 35].

To address this gap, we conducted an exploratory interview study
with 10 professional designers to examine real workflows and bot-
tlenecks. Our findings reveal that component assembly is the domi-
nant pain point: a repetitive and error-prone stage that consumes
substantial effort while contributing little to creative expression.
Based on these insights, we developed FontCopilot, a designer-in-
the-loop system that automates large-scale component assembly
through a component-based affine transformation pipeline, while
enabling designers to steer style and make fine-grained correc-
tions. FontCopilot’s Component Affine Transformation Regressor
(CAR) predicts resolution-independent transformations for reusable
components and applies them to Bézier control points, producing
editable vector glyphs. Designers begin with seed characters, review
the synthesized results, refine unsatisfactory component layouts,
and use their corrections to update the model. This design follows
Shneiderman’s “High Automation and High Control” principle [23],
combining automated component assembly with designer control
over refinement.

Our contributions are:

• We present FontCopilot1, a designer-in-the-loop system that
combines component-based completion with an iterative
workflow of seed design, synthesis, refinement, and model
updating. The system is supported by a structured inventory
of more than 90,000 Chinese characters.

• We introduce CAR, a component-based affine transforma-
tion regressor that predicts transformations for reusable
components and applies them to vector outlines, leaving the
synthesized glyphs editable.

• We evaluate FontCopilot through model ablations and a com-
parison with a prior Chinese vector font generation method,
a study with nine professional font designers, and a four-
week production case in which one designer used 300 seed
characters to produce the 10,461-character AI Song typeface.

2 Related Work
2.1 Chinese Vector Font Generation
Chinese font generation is inherently challenging due to the need
to cover tens of thousands of characters with complex internal
structures. Early systems relied on rule-based decomposition and
component reuse [8, 9, 33], but required extensive manual effort
and scaled poorly.

Learning-based approaches improve scalability by modeling
glyph structure and style. CVFont [11] introduces component de-
composition and layout prediction for large-scale synthesis from
limited exemplars. DeepVecFont [29] further bridges raster and
vector domains via dual-modality learning, enabling high-quality
vector glyph generation. DeepVecFont-v2 [30] replaces the recur-
rent sequence model with Transformers and introduces auxiliary-
point supervision and a self-refinement module for longer and more
complex outlines.

1Project repository: https://github.com/AnCoSONG/FontCopilot
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Subsequent work focuses on representation and fidelity: DualVec-
tor [13] models glyphs as positive/negative path pairs to improve
topology, VecFontSDF [34] adopts implicit signed distance func-
tions for geometric precision, and AutoStegaFont [35] leverages
differentiable rasterization for vector optimization. These methods
improve vector synthesis quality.

However, thesemethods primarily target automatedwhole-glyph
synthesis. Their outputs remain editable as vector paths, but the
systems do not directly support localized component refinement
or model updating from designer revisions. FontCopilot instead
focuses on component-level completion within an iterative profes-
sional workflow.

2.2 Interactive Creativity Support
HCI research on creativity support examines how computational
systems can assist creative work while preserving user control.
Shneiderman’s “High Automation and High Control” principle
[23] argues that effective systems should combine strong automa-
tion with user control. This balance matters in professional design,
where designers need to inspect, revise, or reject system outputs.

Prior work examines interactive systems that support explo-
ration and iteration [1, 4, 20, 24]. Systems such as DesignScape [17]
demonstrate how suggestions can expand the design space while
keeping users in control. More recent systems use tightly coupled
interaction loops that allow continuous user steering [25, 32].

These findings suggest that for complex design tasks such as
font design, synthesis quality alone is insufficient; designers also
need ways to inspect and revise system outputs.

2.3 Iterative Refinement and Model Updating
Interactive systems can incorporate user feedback through repeated
generation and refinement. Early approaches enable iterative op-
timization through feedback and selection [16, 26], while recent
systems support refinement, steering, andmodel updates in creative
workflows [3, 15, 17, 25].

In graphics and typography, such systems show that combin-
ing algorithmic generation with human judgment can improve
controllability. Interactive vector design tools allow users to guide
structure and style while delegating low-level geometry generation
[27, 31].

FontCopilot uses this interaction pattern to address the limita-
tions in Section 2.1. Rather than treating synthesis as a one-time
whole-glyph operation, it uses an iterative loop in which the system
assembles components, designers correct structure and style, and
the corrected glyphs are used to update the model. This workflow
combines automated component assembly with designer control
over refinement.

3 Exploratory Interview Study
3.1 Participants, Procedure, and Analysis
We recruited 10 experienced practitioners (P1–P10) in Chinese
font design through the authors’ professional networks and partic-
ipant referrals within the Chinese type-design community. Their
experience ranged from less than one year to more than ten years
(Appendix A). The first author conducted approximately 30-minute
semi-structured interviews in Chinese via Tencent Meeting. The

study received institutional ethics approval; participants provided
informed consent and received compensation. Sessions were audio-
recorded, automatically transcribed, and manually checked against
the recordings. The authors translated the reported quotations into
English.

We followed Braun and Clarke’s thematic analysis procedure [2].
The first author reviewed the transcripts, iteratively coded passages
about workflows, tools, production bottlenecks, and expectations
for technical support, and grouped related codes into candidate
themes. The first author checked the themes against the transcripts,
and the co-authors refined them through discussion until reaching
consensus. The interview protocol is provided in Appendix A.

3.2 Current Workflow of Chinese Font Design
Chinese font design follows a structured yet labor-intensive pipeline.
Designers begin with Design Conception, establishing the visual
principles of a typeface with representative characters. Four par-
ticipants (P1, P3, P5, P6) described using the “12-character rule”
(永意风国今警我然转随鹰酬), whose varied strokes and struc-
tures support early style testing. For example,永includes most of
the basic stroke types used in Chinese characters,风tests a semi-
enclosed structure, and酬shows how the style handles a character
with many vertical strokes. P10 extended the initial set to 20–30
characters for additional edge cases. During Seed Expansion, de-
signers create approximately 400–500 base glyphs to cover common
components and structural patterns (P1, P2).

The process then transitions to Component Assembly, where
thousands of characters are constructed by reusing and recombining
components (P2, P5, P7). This stage dominates production time and
often involves team-based or outsourced workflows. Participants
reported using Glyphs, Adobe Illustrator, and proprietary foundry
software to manage components and vector structures, but much
of the large-scale retrieval, assembly, and correction work remains
manual.

Finally, designers perform Optimization and Release, includ-
ing contour correction, stroke consistency adjustment, and struc-
tural normalization (P3, P4, P10). This stage often involves con-
verting parametric representations into static outlines to ensure
stability and compatibility.

3.3 Core Challenges in Practice
Challenge 1: Massive Scale and Repetitive Labor. The compo-
nent assembly stage is universally identified as the primary chal-
lenge. Participants described it as a high-intensity repetitive pro-
cess; for example, P2 noted that completing a standard Song-style
font typically requires a 2–3 person team collaborating for about
six months. Designers (P5, P7) characterized this stage as “boring
mechanical work,” while P8 highlighted its contribution to severe
occupational burnout. The scale of production amplifies both labor
cost and error propagation across thousands of glyphs.

Challenge 2: Vector-Native Topology Constraints. Existing
image-based synthesis tools did not meet the participants’ produc-
tion requirements. P7, P8, and P10 reported that tracing bitmap
outputs into vectors often produced messy nodes and imprecise
control points. P10’s “60-point standard” required correct struc-
ture with few control points left to adjust. Participants treated
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Table 1: Mapping from exploratory interview insights to system design goals. We mapped representative expert quotes and
extracted codes into core challenges, establishing the corresponding design goals for FontCopilot.

Representative Evidence & Code Core Challenge Design Goal (DG)

“Completing a standard Song-style font typically
requires a 2-3 person team collaborating for about
six months.” (P2)
Code: High-intensity repetitive labor.

Challenge 1:
Massive scale of the Chinese character
inventory (tens of thousands).

DG1: Automate Scalable Component Assembly.
Relieve designers from the mechanical assembly of complex
glyphs.

“These tools generate bitmaps. The bitmap-to-
vector quality is poor, the control-point placement
is imprecise, and I still have to trace the result my-
self.” (P7)
Code: Output format mismatch.

Challenge 2:
Preserving strict vector-native topology
and editability.

DG2: Preserve Vector-Native Editability.
Generate editable vector control points rather than rasterized
pixels.

P10 used documents and review meetings to di-
rect outsourced assembly; P8 wanted technical
support to handle production while designers re-
tained creative decisions.
Code: Separation of design and production.

Challenge 3:
The stylistic steering gap across design
and production.

DG3: Support Iterative Designer Steering.
Provide an interactive loop for designers to iteratively refine
and retrain.

editable vector structure as a prerequisite for further production
work, rather than judging outputs only by raster appearance.

Challenge 3: Lack of Stylistic Agency. The separation of
design and production can weaken designers’ direct control over
how their intent is carried into assembled glyphs. P10 used docu-
ments and review meetings to direct outsourced assembly, which
increased communication and review work. P8 wanted technical
support to take over production while leaving creative decisions
with the designer. These accounts motivated an iterative workflow
in which designers can inspect and correct assembled glyphs before
updating the model.

3.4 Design Goals
Based on these findings, we define three design goals (DG1–DG3):
scalable component assembly, vector-native editability, and iterative
designer steering (Table 1).

4 Method
4.1 Dataset
Existing image- and vector-based approaches for Chinese font
generation [5, 7, 12, 14, 18, 28] often fail to meet professional re-
quirements because (a) public or commercial glyph databases are
not always open or accessible, (b) open datasets lack consistent,
fine-grained component/topology annotations for complex nested
structures, and (c) many resources provide only Unicode mappings
without explicit visual–component correspondence essential for
structural supervision. To address DG1: Automate Scalable Com-
ponent Assembly and DG2: Preserve Vector-Native Editabil-
ity, we constructed a purpose-built decomposition dataset that
directly maps Unicode-encoded characters to component lists and
layout types; this mapping enables large-scale automated compo-
nent assembly while preserving vector fidelity.

Our collection comprises 92,560 Unicode-encoded characters (see
Appendix B for provenance and formatting). Each record contains:
the Unicode codepoint, an ordered list of constituent components,

and a layout label drawn from our six-class scheme (NL00–NL05).
Figure 2 illustrates these six layouts:NL00 Isolated,NL01 Left–Right,
NL02 Top–Bottom, NL03 Enclosed, NL04 Left–Middle–Right, and
NL05 Top–Middle–Bottom. Notably, NL03 subsumes eight tra-
ditional enclosure variants (e.g., full enclosure, upper enclosure,
left–lower enclosure). We merge these variants into one class be-
cause subtype frequencies are sparse and would impede neural
network convergence; our model can adaptively learn the enclosure-
specific geometry during training.

Figure 2: Six main layouts in our dataset. NL03 (Enclosed) cov-
ers eight traditional enclosure variants but is labeled as a single
class to ensure sufficient sample density and enable adaptive learn-
ing.

4.1.1 Crowdsourced Annotation and Quality Control. Due to the
massive scale of the dataset, we collaborated with a professional
crowdsourcing partner for component decomposition and layout
annotation. Workers were strictly selected based on their deep fa-
miliarity with Chinese glyph structures. Before annotation, they
received standardized training via online workshops that demon-
strated the full workflow and covered edge cases in detail.
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Quality control included: (1) periodic random audits during an-
notation, (2) automated sanity checks for component and layout
consistency, and (3) two rounds of expert review by 15 graduate
volunteers, each assigned different dataset partitions. Discrepancies
triggered targeted re-annotation or specific retraining sessions. This
rigorous process ensures reliable supervision suitable for scalable
assembly (DG1) and precise vector generation (DG2).

4.2 Model
Our model synthesizes Chinese characters by combining com-
ponent outlines using affine transformations. The core module,
CAR (Component Affine transformation Regressor), predicts a
resolution-independent affine matrix for each component. These
matrices are applied directly to the components’ Bézier control
points to produce high-fidelity, editable vector outputs, consistent
with DG2.

4.2.1 Model Architecture. For a character𝐶 with components𝑅1, 𝑅2, . . . ,
CAR generates a synthetic character 𝑆 by merging the transformed
components. The architecture, shown in Figure 3, comprises three
modules: a shared feature extractor, a feature fusion module,
and the regressor.

Feature extractor computes embeddings for each component.
Any pretrained image encoder can be used; in our experiments, we
use VGG19-bn pretrained on ImageNet. Weights are shared across
all components to maintain consistency.

Feature fusion module aggregates embeddings of all compo-
nents to provide context-aware inputs to the regressor. For example,
in a left–right layout, the right component’s stroke density can in-
form the scaling of the left component. Fusion strategies include
stacking, AdaIN, and cross-attention; performance varies slightly
across layouts. Details and layout-specific selection rules are in
Appendix C.5.

Regressor is an 𝑛-layer MLP that outputs affine matrices. The
final linear layer is initialized with zero weights and identity bias,
ensuring initial transformations are identity and gradually refined
during training. Predicted matrices are applied to component out-
lines, which are then assembled to form the final glyph.

4.2.2 Loss and Optimization. CAR is trained using a composite loss
that penalizes structural anomalies (e.g., component overlap or im-
balance) while encouraging visual fidelity. Training occurs in raster
space for efficiency; after convergence, the predicted affine parame-
ters are directly applied to the vector control points of the original
components without retraining. This design bridges raster-based
training efficiency and high-precision vector inference. Detailed
loss formulations, hyperparameters, and iterative layout strategies
are provided in Appendix C.1.

5 System Design
5.1 SystemWorkflow
FontCopilot implements DG3: Support Iterative Designer Steer-
ing through a three-stage designer-in-the-loop workflow: Design
Conception, Interactive Generation, and Optimization and Release
(Figure 4).

Design Conception. The designer begins by selecting a target
standard (e.g., GB 2312) and supplying a small set of seed characters.

Using the dataset mappings from each character to its layout and
components, FontCopilot counts how many target characters can
be assembled from each candidate’s components and ranks the
candidates by this compositional yield. As the designer copies or
completes suggested characters, the panel advances to the next
candidates. Changing the target prompts the system to recalculate
the ranking.

Interactive Generation. With a seed set in place, the designer
enters the following loop:

Design→ Generate→ Refine→ Retrain.
After the designed characters are uploaded, CAR (Section 4.2)

assembles components to synthesize new glyphs. The designer
reviews the results, downloads selected glyphs, adjusts problematic
component bounding boxes in Glyphs, and uploads the corrected
.glyphs file for incremental fine-tuning. Each round uses these
corrections to update component placement while preserving the
component outlines as editable vectors.

Optimization and Release. As the character inventory grows,
the designer may correct outputs after each round or consolidate
the corrections once coverage is sufficient. The system can produce
glyphs beyond the immediate target set, from which the designer
selects the characters required for the final font.

5.2 Interface Design
FontCopilot is implemented as a web dashboard using Vue and
FastAPI. It supports the upload and download of both .glyphs and
.ttf files. Downloaded .glyphs files retain component and layer
information for further editing in Glyphs.

As shown in Figure 5, the interface uses a three-column dash-
board.

Left Sidebar (Smart Suggestion): The designer selects a target
standard, such as GB 2312 or GB 18030, and views the ranked
character suggestions. Each item provides “Copy” (Unicode) and
“Check” actions. Marking a character as complete removes it from
the current list and displays the next suggestion.

Central Workspace (Core Interaction Loop): The designer
switches between “Generate & Expand” and “FinetuneModel”modes
and uploads a .glyphs or .ttf file. Generated glyphs appear in a
preview grid; the designer can inspect a larger preview and down-
load a .glyphs file for correction in Glyphs or a .ttf file for font
output.

Right Sidebar (Model Control & History): The designer can
select one or more base models (Model 0–Model 6) and compare
their outputs in the central workspace. The “Recent Activity” time-
line records generation and fine-tuning operations.

6 Evaluation
We evaluate FontCopilot from four complementary perspectives:
(1) model-level performance validation through ablation analysis
(Section 6.1), (2) a quantitative comparison against prior Chinese
vector font generation methods (Section 6.2), (3) user experience in
interactive workflows (Section 6.3), and (4) real-world applicability
via a production case study (Section 6.4).
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Figure 3: Overall model architecture: feature extractor→ fusion module→ CAR regressor.

Figure 4: FontCopilot’s designer-in-the-loop workflow, con-
sisting of Design Conception, Interactive Generation, and
Optimization and Release.

6.1 Ablation Study
6.1.1 Experimental Settings. To validate the effectiveness of our al-
gorithmic design choices, we conduct experiments on seven widely-
used Chinese fonts (e.g., SourceHanSans, BabelStone), covering
diverse structural styles. Each dataset is split into 80% training and
20% validation with fixed random seeds to ensure reproducibility.

We train all variants under a unified setting, rendering character
and component images at a 256 × 256 resolution, where glyphs are
decomposed and reassembled through the proposed component
assembly paradigm. Standard reconstruction and perceptual metrics

are adopted, including MAE, RMSE, LPIPS [36], and FID [6], to
evaluate both pixel-level fidelity and holistic perceptual quality.

Detailed hyperparameter configurations (e.g., optimizers, learn-
ing rates, and specific loss weights) alongside the full quantitative
results are provided in Appendix C.

6.1.2 Results. Effect of Structural Constraints. Figure 6 high-
lights the impact of each loss on structural fidelity. Removing the
proposed structural constraints leads to noticeable artifacts in com-
ponent assembly, including misalignment, distortion, and broken
stroke continuity. In contrast, the introduction of the centroid loss
aligns the centroids and corrects severe misalignments. The inertia
loss helps stabilize affine transformations, preventing excessive geo-
metric deviation and preserving consistent stroke placement across
characters. The overlap loss further reduces invalid component in-
tersections, ensuring cleaner spatial composition. Quantitatively,
Table 2 confirms this progression on Source Han Sans NL03. Com-
pared to the pixel-loss baseline, centroid loss yields a large reduction
in reconstruction and perceptual error (FID: 81.88 → 49.51; LPIPS:
0.380 → 0.315). Inertia loss further lowers FID and LPIPS, although
MAE and RMSE rise very slightly. With overlap loss enabled, all
four metrics reach their lowest values.

Effect of Architectural Design. We further evaluate three
architectural choices beyond the loss design (Tables 3, 4, and 5).
Table 3 shows that feature fusion consistently improves perfor-
mance across multiple layouts. Without fusion, the regressor tends
to predict near-constant affine transformations for individual com-
ponents. On NL02, enabling the switcher module to adapt a pre-
trained NL01 model outperforms training from scratch (Table 4,
MAE: 0.1683 → 0.1562). For data-limited three-component layouts,
Table 5 shows that iterative invocation of the two-component CAR
also reduces error on NL04 and NL05 compared to a dedicated
three-component model (e.g., NL05 MAE: 0.2217 → 0.1836).

Implications for the Design Workflow. Beyond pixel-level
improvements, these loss and architectural designs play a criti-
cal role in supporting the interactive font-design workflow. When
structural losses and architectural modules work together, gener-
ated glyphs exhibit more consistent spatial relationships between
components, allowing designers to refine proportion and spacing
through bounding-box adjustments rather than repairing gross
misassembly. This directly supports downstream refinement in the
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Figure 5: The FontCopilot interface: (a) the “Smart Suggestion” character-recommendation panel; (b) controls for “Generate &
Expand” and “Finetune Model”; (c) the file-upload area; (d) the glyph preview and download area; (e) base-model selection; and
(f) the Recent Activity timeline.

interactive workflow, where designers rely on stable and predictable
component structures for efficient component-layout refinement.

Base Model

+ Centroid

+ Inertia

+ Overlap

Figure 6: The ablation study of our losses. From left to right,
the images represent component 1, component 2, synthetic charac-
ter, ground truth, and the difference between synthetic character
and ground truth, respectively. The color overlay indicates regions
present only in the ground truth (blue), only in the synthesis (yel-
low), or in both (white).

A comprehensive analysis of all ablation variants is provided
in Appendix D. Additional successful and failure cases across the
primary two-component layouts are provided in Appendix E.

Model Setting MAE↓ RMSE↓ FID↓ LPIPS↓
Base Model 0.2064 0.4499 81.8785 0.3799
+ Centroid 0.1912 0.4309 49.5050 0.3150
+ Inertia 0.1936 0.4316 35.8110 0.2757
+ Overlap 0.1891 0.4264 33.4290 0.2709

Table 2: The quantitative ablation study of losses, evaluated
on SourceHanSans (NL03).

Layout Fusion MAE↓ RMSE↓ FID↓ LPIPS↓
NL01 ✓ 0.1312 0.3540 12.7156 0.2019
NL01 × 0.1676 0.4022 13.6127 0.2332
NL02 ✓ 0.1562 0.3880 13.0982 0.2210
NL02 × 0.2630 0.5079 17.8102 0.3234
NL03-0,1 ✓ 0.1891 0.4264 33.4290 0.2709
NL03-0,1 × 0.2687 0.5113 59.3721 0.4039

Table 3: The evaluation results of the feature fusion, evalu-
ated on SourceHanSans. NL03-0,1 denote the models are trained
on the data of the first and second variations of NL03.

Switcher MAE↓ RMSE↓ FID↓ LPIPS↓
× 0.1683 0.4035 13.2593 0.2341
✓ 0.1562 0.3880 13.0982 0.2210

Table 4: The ablation results for the Switcher on NL02.
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Model Layout MAE↓ RMSE↓ FID↓ LPIPS↓
NL01 I.I. NL04 0.2270 0.4683 67.0076 0.3407
NL04 NL04 0.2474 0.4913 97.0602 0.3782
NL02 I.I. NL05 0.1836 0.4212 33.0506 0.3209
NL05 NL05 0.2217 0.4648 54.8968 0.3815

Table 5: The ablation study of iterative invocation strategy.
I.I. represents iterative invocation.

绋涌嫖颥嘤镊鲠缇撷绒级椋语
诎裨剔驶椰绠频柃揍擢螭埭墚
津外保谨伐沙俅幌驴缦骒豉低
讹鞫胨俑胧蛀钫褛诰蚴哂削狃

Figure 7: The 52 FZSYJ characters used for evaluation.

6.2 Comparison with Prior Chinese Vector Font
Generation Methods

CAR is designed to fit practical font production pipelines, gen-
erating Chinese vector glyphs by composing designer-authored
components. Prior methods, by contrast, are predominantly style-
reference-based. Despite this formulation mismatch, we still com-
pare against DeepVecFont-v2 (DVF-v2) [30]—themost suitable avail-
able baseline—to more comprehensively assess synthesis quality.
Other methods are excluded because of the lack of an accessible
implementation (e.g., CVFont [11]), a Latin-only design (e.g., Du-
alVector [13], VecFontSDF [34]), or failure to converge in our re-
production (e.g., DeepVecFont [29]).

6.2.1 Experimental Protocol. To rigorously evaluate generative
performance in real-world scenarios, we compare our method CAR
against DVF-v2 on complex Chinese vector character generation.
We follow DVF-v2’s official training procedure and the fonts re-
leased in its repository; Table 6 summarizes both configurations.
Because DVF-v2 requires the target character set to be fixed be-
fore training, we randomly sample 52 evaluation characters from
FangZhengShuiYunJian (FZSYJ), as shown in Figure 7. DVF-v2
is trained on these characters across 210 fonts for 750 epochs,
whereas CAR is trained for 42 epochs on the FZSYJ NL01 split
(2,833 characters) and never observes the 52 held-out glyphs. We
set max_seq_len=231 as complex Chinese characters require sub-
stantially longer sequence lengths than the default configuration
(71) provided in the official repository. Both models are evaluated
on the same 52 glyphs.

6.2.2 Results. In this experiment, CAR outperforms DVF-v2 both
quantitatively and qualitatively. As shown in Table 7, CAR obtains
lower values on all metrics, with the largest gains in FID (283.34 →
48.21) and LPIPS (0.4671 → 0.2446); as shown in Figure 8, CAR
also produces visibly more faithful glyphs. This is consistent with
the mechanism of the two approaches: DVF-v2 directly generates
every control point of glyphs and degrades in quality as stroke
count and path length grow, whereas CAR inherits stroke geometry

DeepVecFont-v2 CAR (Ours)
Train on 210 fonts × 52 chars FZSYJ (2,833 chars)
Test on FZSYJ (52 chars) FZSYJ (52 chars)
Epochs 750 42
ref_nshot 8 N/A
max_seq_len 231 No limitation
Learning rate 1×10−4 2×10−3

Table 6: Training configuration of both models in the com-
parison with DeepVecFont-v2.

Method MAE↓ RMSE↓ FID↓ LPIPS↓
DeepVecFont-v2 [30] 0.3777 0.6042 283.34 0.4671
CAR (Ours) 0.1713 0.4068 48.21 0.2446

Table 7: Comparison with DeepVecFont-v2 on the 52 FZSYJ
test characters, under DVF-v2’s official protocol. All metrics
are lower-is-better.

Comp.1 Comp.2 CAR DVF-v2 G.T. Comp.1 Comp.2 CAR DVF-v2 G.T.

Figure 8: Qualitative comparison with DeepVecFont-v2 on
the 52 FZSYJ test characters.Within each of the two groups, from
left to right: component 1, component 2, the glyph synthesized by
CAR, the glyph synthesized by DVF-v2, and the ground truth.

directly from designer-authored components and casts complex
Chinese vector font generation as regressing component affine
transformation matrices, thereby synthesizing complex Chinese
characters at much higher quality.

This FZSYJ comparison and the ablations in Section 6.1 follow
different protocols (training fonts, character splits, and test subsets),
so their metrics should not be compared across tables.

6.3 User Study
6.3.1 Participants. To ensure continuity with the exploratory in-
terview study (Section 3), we invited the same group of professional
designers to evaluate the system. Nine participants (P1–P9) took
part in this study, while P10 was unavailable due to scheduling
constraints. All participants are experienced practitioners in Chi-
nese font design, and their demographic details are provided in
Appendix A. Each participant received compensation for their time.

6.3.2 Experimental Settings. The study was conducted remotely
via Tencent Meeting, with each session lasting approximately two
hours. All participants provided informed consent prior to the
experiment.

We designed a task-driven evaluation to simulate realistic font
production. Figure 9 illustrates the interactive workflow through
the specific case of P3. First, designers created 7 predetermined seed
characters using Glyphs. Unlike the traditional “12-character rule,”
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these 7 seeds were selected by our auto-recommendation algorithm
(Section 5.1) to maximize the combinatorial yield of components.

Participants then uploaded the initial 7 seeds to FontCopilot
to generate a first batch of 36 characters. After previewing the
generated outputs across different base models, they downloaded a
selected candidate set. They then refined these 36 results in Glyphs
by adjusting the bounding boxes of the components, and fed the
corrected .glyphs file back into the system for retraining. In the
subsequent iteration, the fine-tuned model expanded the character
set to 101 glyphs.

Figure 9: The iterative designer-in-the-loop process illus-
trated through the case of P3. Starting from 7 algorithmically
recommended seeds, the designer selects a base model, re-
fines the structural layout in Glyphs, and retrains the system
to expand the character set to 101 glyphs.

6.3.3 Data Collection and Analysis. Following the task, partici-
pants completed the User Experience Questionnaire (UEQ) [10]. In
our analysis, we focus particularly on Efficiency and Dependability,
as they relate directly to whether designers could work efficiently
and maintain control while iteratively refining generated glyphs.
The official UEQ benchmark dataset [22] provides a reference dis-
tribution for contextualizing the scores rather than a comparison
with a competing product.

Additionally, we conducted semi-structured interviews to cap-
ture expert reflections on workflow integration and controllability.
Interview data from P1–P9 were transcribed and analyzed using

Table 8: UEQ Analysis Results. (Scale: -3 to +3)

Scale Mean SD Benchmark† Result

Attractiveness 2.37 0.56 ≥ 1.75 Excellent
Perspicuity 1.89 0.72 ≥ 1.90 Good
Efficiency 2.06 0.43 ≥ 1.78 Excellent
Dependability 2.03 0.76 ≥ 1.65 Excellent
Stimulation 2.28 0.69 ≥ 1.55 Excellent
Novelty 2.06 0.62 ≥ 1.40 Excellent
†Threshold for “Excellent” category in the official dataset.

thematic analysis [2], focusing on how the system addresses core
professional pain points.

6.3.4 Results. We report UEQ scores against the established bench-
mark and interpret them alongside participants’ reflections on Font-
Copilot relative to their usual workflows.

Quantitative Assessment (UEQ). As shown in Table 8, partici-
pants rated FontCopilot “Excellent” in five out of six dimensions,
including Efficiency (2.06) and Dependability (2.03). These scores
place it within the top 10% tier of the UEQ benchmark.

System Strengths. Participants consistently reported efficiency
benefits, particularly from automating scalable component assem-
bly. As P7 noted, the system “omits the tedious mechanical assembly
process,” while P5 described the workflow as “much lighter.”

Equally important is the preservation of vector-native editability.
Designers emphasized that generated results remain editable within
standard tools. P2 highlighted that outputs are “directly adjustable
on the generated results,” and P7 noted that components can be
“freely decomposed and refined” without suffering from rasteriza-
tion. This allowed designers to continue refinement in their usual
vector-font editor.

Participants also described how their corrections influenced later
outputs. P4 described the feedback process as “transparent and pre-
dictable,” noting that local bounding-box adjustments were reflected
in subsequent generations.

SystemLimitations and FutureDirections.Despite these strengths,
participants identified limitations in fine-grained stroke modeling.
At the stroke level, pure affine transformations can introduce rigid-
ity; P2 noted “stroke weight inconsistency” under extreme geomet-
ric compression. At the structural level, P8 pointed out the lack of
a global preview panel, which sometimes caused a “blind” feeling
when assessing overall stylistic consistency across the font family.

Participants suggested parametric stroke-weight compensation,
more component-aware modeling, and global adjustment mecha-
nisms. These suggestions define concrete extensions to the current
affine assembly approach.

6.4 Case Study: AI Song
To examine FontCopilot in a realistic production setting, we con-
ducted a four-week, author-supported collaboration with an expert
type designer to develop a complete Chinese font titledAI Song. This
case study documents sustained use of the designer-in-the-loop
workflow across end-to-end font production.
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Figure 10: The design conception of AI Song. The designer
sketched a poetic phrase to establish the intended Song-style
appearance before expanding the component inventory.

Over the course of the project, the designer manually created
300 seed characters, from which FontCopilot synthesized 10,461
glyphs covering the GB 2312 standard and thousands of extended
characters. The case records how component assembly and vector-
native generation supported expansion from a curated seed set to
the target font inventory.

DesignConception.The designer began by sketching the phrase
“榕城花下那江南” to define a feminine and elegant Song-style
aesthetic (Figure 10). After this stylistic anchor was formed, the
designer selected GB 2312 as the target character set and used Font-
Copilot’s recommendation pipeline to progressively expand the
component inventory.

Interactive Generation. Following the system’s generation
sequence, the designer first completed a set of fundamental compo-
nents (e.g., “氵,口,艹”) and uploaded them to the system. FontCopi-
lot then generated candidate outputs across multiple base models.
The designer visually inspected these in the web interface, selected
the candidate closest to the intended style, and downloaded it to per-
form structural refinements within Glyphs by adjusting component
bounding boxes.

The designer completed two rounds of interaction. After each
round, the adjusted structural layouts were uploaded to the pipeline
for fine-tuning, updating component placements in later outputs.
This process let the designer steer glyph proportions through lo-
calized bounding-box edits rather than redrawing complex vector
outlines.

Through this iterative loop, 300 manually designed characters
supported the synthesis of the full 10,461-character inventory. The
designer completed the production work over four weeks on a part-
time basis. For context, P2 estimated in Section 3.3 that a 2–3 person
team typically spends about six months producing a standard Song-
style font.

Optimization and Release. To document the output produced
directly by the iterative workflow, we exported all 10,461 glyphs

Figure 11: Raw specimens of the AI Song font generated by
FontCopilot after two rounds of interaction. The final out-
puts were exported without per-glyph post-correction.

without comprehensive per-glyph post-editing. The resulting .ttf
retained editable vector structures across the target inventory, giv-
ing the designer a complete font-scale output for final review and
refinement (Figure 11).

Together, the four-week process provides sustained-use evidence
that FontCopilot can support end-to-end production at this scale.
This evidence comes from one author-supported case with a single
designer, which defines its scope. The final AI Song font is included
in the supplementary materials as a .ttf file.

7 Discussion
7.1 Predictable Automation through Editable

Components
Chinese font production turns a local design decision into a prob-
lem of scale: a component must remain structurally and stylistically
coherent when reused across thousands of characters. FontCopilot
makes designer-created components the unit of both completion
and correction. CAR preserves vector structure during affine compo-
sition, leaving generated glyphs inspectable and revisable in Glyphs.
Its predictability makes errors traceable to identifiable components
and correctable through local edits, while its constraint to existing
geometry defines the method’s scope.

The iterative loop makes these corrections cumulative. The sys-
tem handles component reuse and placement, while designers cre-
ate seed glyphs, select candidates, adjust bounding boxes, and use
corrected glyphs to update the model. Each edit corrects the cur-
rent glyph and informs component placement in later outputs. This
combines high automation with high control [23] and follows an
interactive machine learning pattern [1]. The user study’s Efficiency
and Dependability ratings, together with descriptions of the process
as transparent and predictable, indicate that participants valued
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both reduced assembly work and continued control over refine-
ment.

7.2 From Local Corrections to Font-Scale
Production

The evaluation follows this progression across three scales. The
ablations and comparison with a prior Chinese vector font genera-
tion method examine CAR’s synthesis quality under the reported
experimental settings. In the approximately two-hour user study,
nine designers began with 7 seed characters, corrected the first 36
outputs in Glyphs, and retrained the system to expand the set to
101 glyphs. The AI Song case followed the same workflow over four
weeks, expanding 300 seed characters into 10,461 glyphs. These
stages connect local transformation, interactive correction, and
production-scale expansion within one workflow.

Across the studies, participants described mechanical assembly
as tedious and the FontCopilot workflow as lighter; P4 described the
correction process as transparent and predictable. These accounts
suggest that repeated construction and verification can shift to
the system while design judgment remains active, consistent with
cognitive offloading [21]. In AI Song, the designer established the
intended style through a poetic phrase and seed components, then
used two rounds of bounding-box correction and fine-tuning. At
font scale, the loop carries designer corrections forward alongside
glyph generation.

7.3 Limitations and Future Work
CAR is constrained by the geometry of the available components.
It cannot create new stroke shapes, and extreme compression can
cause stroke-weight inconsistency or structural rigidity. The ap-
proach may therefore be less suitable for highly calligraphic or
decorative styles that require non-affine deformation. Future work
could investigate parametric component representations, stroke-
weight compensation, and collision-aware constraints while retain-
ing editable vector outputs. Representative failure cases and further
discussion are provided in Appendix E.

The current workflow also requires designers to download gener-
ated .glyphs files, correct them in Glyphs, and upload the revisions
for fine-tuning. This preserves compatibility with an established
font editor but introduces context switching. In addition, P8 re-
ported that the lack of a global preview could make it difficult to
judge consistency across the font family. Integrating multi-glyph
previews and global adjustment tools could support these assess-
ments earlier in the workflow.

The user study involved nine experienced practitioners complet-
ing an approximately two-hour task, and its UEQ scores situate
their reported experience within the UEQ reference distribution.
The AI Song case complements this short-session evaluation with
four weeks of sustained use by one designer in an author-supported
production process. Longer-term deployments with additional de-
signers could examine learning, correction effort, style coverage,
and the quality of fonts after final designer review.

8 Conclusion
Chinese vector font design is a problem of scale: a component deci-
sion made in one glyph must remain structurally and stylistically

coherent across thousands of others. We presented FontCopilot, a
designer-in-the-loop system that addresses this problem through
editable component completion. CAR predicts affine transforma-
tions for designer-authored vector components, while designers
inspect the synthesized glyphs, adjust component layouts, and use
the revised glyphs to update later outputs. We derived the work-
flow requirements from an exploratory interview study with 10
professional designers and evaluated the system through model
ablations, a comparison with a prior Chinese vector font generation
method, a studywith nine professional designers, and the four-week
AI Song production case. Participants reported efficiency benefits,
valued the editable outputs, and described the workflow as trans-
parent and predictable. In AI Song, 300 seed characters supported
the production of 10,461 glyphs. FontCopilot makes local structural
decisions scalable: editable component-level choices accumulate
into a complete Chinese typeface.
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A Exploratory Interview Study Details
This appendix reports the participant demographics for the ex-
ploratory interview study (Table 9) and the semi-structured in-
terview protocol used to examine current workflows, production
bottlenecks, and expectations for technical support.

A.1 Interview Protocol
The interviews were guided by the following questions, with open-
ended follow-ups based on each participant’s responses:

(1) Professional Background: How long have you worked
in font design? Do you have cross-disciplinary experience,
such as moving from graphic design to type design or from
designing other writing systems to Chinese?

(2) Current Workflow: What is your typical workflow for
Chinese font creation?
• Which professional software or tools do you use?
• Which characters do you usually design first?
• Have you assembled a complete character set? If so, how
long did it take?

• Which stages would you most like technology to support?
(3) Prior Tool Experience and Expectations: Have you used

AI-assisted creation tools, particularly for font design? What
capabilities would you expect from an assisted font-design
tool?

B Dataset
B.1 Radical and Component
Most Chinese characters can be decomposed into components. To
clarify this term, we first distinguish components from Chinese
character radicals. According to the Table of Indexing Chinese Char-
acter Components 2, there are 301 standard radicals.

Figure 12 shows characters containing the radical "女". Radicals
are primarily used for character lookup and identify only one part
of a character. For example, "夭", the right-hand part of "妖", is not
a radical. We therefore use component to refer to each separable
part of a character: both "女" and "夭" are components of "妖".

The dataset contains approximately 11,000 components, exclud-
ing nested definitions.

As shown in Figure 13, each record contains an ID, the character
itself, its Unicode codepoint, radical information, a layout label, and
the decomposed components.

B.2 Accessibility
We release a public subset of the dataset through the project repos-
itory.3 Access to the complete dataset is available upon request and
subject to authorization.

C Technical and Implementation Details
This section details the mathematical definitions of the loss func-
tions, network hyperparameters, and the specific layout strategies
utilized in the Component Affine transformation Regressor (CAR).

2https://en.wikipedia.org/wiki/Table_of_Indexing_Chinese_Character_Components
3https://github.com/AnCoSONG/FontCopilot

Figure 12: Chinese characters containing the radical "女",
grouped by the stroke count of the remaining component.

Figure 13: Dataset records. Each sample contains an ID, Hanzi,
Unicode codepoint, radical, layout, and decomposed components.

C.1 Loss Functions
First, the regular pixel-wise loss is computed to measure the differ-
ence between the synthesized character 𝑆 and ground truth 𝐶 :

𝐿𝑝𝑖𝑥𝑒𝑙 = D(𝑆,𝐶) (1)

where D represents any distance function. In our case, we simply
use the L1 distance.

The affine transformation matrix is initialized with an identity
matrix such that the components may have a large overlap at the
beginning of the training loop. Therefore, the pixel loss 𝐿𝑝𝑖𝑥𝑒𝑙 con-
tributes significantly at the beginning. However, as the network
converges, the overlap region becomes smaller, and so does the
pixel loss. As a consequence, the network stops pushing the two
components away from each other. To solve this issue and make
each component move in the correct direction, we added the overlap
loss:

𝐿𝑜𝑣𝑒𝑟𝑙𝑎𝑝 =

∑
𝑥,𝑦 min(max(𝑆 (𝑥,𝑦)−1, 0), 1)∑

𝑥,𝑦 𝑆 (𝑥,𝑦)
(2)

https://en.wikipedia.org/wiki/Table_of_Indexing_Chinese_Character_Components
https://github.com/AnCoSONG/FontCopilot
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Table 9: Demographic information and prior tool experience of the exploratory interview participants.

ID Gender Age Group Occupation Experience Software Prior AI-Tool Exp.

P1 Male 18∼25 Full-time Type Designer 4–6 years Glyphs Yes

P2 Female 31∼40 Full-time Type Designer > 10 years Glyphs, In-house Software Yes

P3 Female 31∼40 Full-time Type Designer 7–10 years Glyphs, In-house Software No

P4 Female 31∼40 Part-time Type Designer < 1 year Glyphs No

P5 Male 18∼25 Student 1–3 years Glyphs, Adobe Illustrator No

P6 Male 18∼25 Full-time Type Designer 1–3 years Glyphs No

P7 Female 26∼30 Full-time Type Designer 4–6 years Glyphs, Adobe Illustrator No

P8 Undisclosed 26∼30 Full-time Type Designer 4–6 years Glyphs Yes

P9 Male 31∼40 Other Designer < 1 year Adobe Illustrator No

P10 Male 31∼40 Full-time Type Designer > 10 years Glyphs Yes

where 𝑆 (𝑥,𝑦) denotes the pixel value of 𝑆 . In the two-component
synthesis case, a pixel value greater than 1 means two components
overlap there.

Besides, the centroid is another important attribute of Chinese
font characters. A reasonable synthesized character 𝑆 should share
the same centroid position as the ground truth 𝐶 to guarantee the
balance of the synthesized character. Therefore, we also introduced
a centroid loss:

𝐿𝑐𝑒𝑛𝑡 .=
1
2
D(Φ(𝑆, 1, 0)

Φ(𝑆, 0, 0) ,
Φ(𝐶, 1, 0)
Φ(𝐶, 0, 0) )+D(Φ(𝑆, 0, 1)

Φ(𝑆, 0, 0) ,
Φ(𝐶, 0, 1)
Φ(𝐶, 0, 0) ) (3)

where Φ represents raw moments:

Φ(𝐼 , 𝑖, 𝑗) =
∑︁
𝑥,𝑦

𝐼 (𝑥,𝑦)𝑥𝑖𝑦 𝑗 (4)

To make sure that every pixel of the synthesized character 𝑆
has the same distance to the centroid as the ground truth 𝐶 , we
introduced the second-order central moment, i.e., inertia loss:

𝐿𝑖𝑛𝑒𝑟𝑡𝑖𝑎 = D(Ψ(𝑆),Ψ(𝐶)) (5)

where Ψ represents the inertia that is calculated as follows:

Ψ(𝐼 ) = Φ(𝐼 , 2, 0)−Φ(𝐼 , 1, 0)2
Φ(𝐼 , 0, 0) +Φ(𝐼 , 0, 2)−

Φ(𝐼 , 0, 1)2
Φ(𝐼 , 0, 0) (6)

In practice, the inertia loss regulates the shape and bounding box
of the synthesized character.

The final loss function is then defined as:

L = 𝛼𝐿𝑝𝑖𝑥𝑒𝑙 + 𝛽𝐿𝑜𝑣𝑒𝑟𝑙𝑎𝑝 + 𝛾𝐿𝑐𝑒𝑛𝑡 . + 𝜃𝐿𝑖𝑛𝑒𝑟𝑡𝑖𝑎 (7)

The lowercase Greek characters represent the weight of each
loss term. The weights used in all experiments are listed in Table 10.
Note that we tested the selection of each loss weight for at least 5
times to obtain the final configurations.

Layout 𝛼𝐿𝑝𝑖𝑥𝑒𝑙 𝛽𝐿𝑜𝑣𝑒𝑟𝑙𝑎𝑝 𝛾𝐿𝑐𝑒𝑛𝑡 . 𝜃𝐿𝑖𝑛𝑒𝑟𝑡𝑖𝑎

NL01 1 0 or 1 0 0
NL02 1 0 or 1 0 0
NL03 1 1 5𝑒 − 2 1𝑒 − 8

Table 10: Loss weights used in the experiments.

C.2 Training and Implementation
Hyperparameters

For data preprocessing, character and component images were
rendered using PIL.ImageFont and centered within a 256 × 256
resolution. For each sample, the target character and its component
images are horizontally stacked into one raster image; only the
component images are fed to CAR, while the target character serves
solely as the supervision signal for the loss functions above.

During the training phase, all models were optimized using Sto-
chastic Gradient Descent (SGD) with an initial learning rate of
2 × 10−3 and a momentum of 0.9. A StepLR scheduler was adopted
to decay the learning rate by half every six epochs, and all models
were trained for a total of 42 epochs.

To address the geometric variance across different structural
layouts, the weights of the loss terms were dynamically adjusted.
For stable, non-nested layouts (e.g., NL01 and NL02), only the pixel
reconstruction loss and the overlap loss were enabled. For highly
complex and enclosed layouts (e.g., NL03), all loss terms—including
centroid and inertia constraints—were activated to strictly guide
the stable convergence of the affine transformations.

C.3 Implementation Details for Different
Layouts

As illustrated in the main text, we divide Chinese fonts into six lay-
outs. For all layouts, we centralize the component images, randomly
flip them, and feed them into the CAR for training.
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(1) For NL01 (Left-Right), the CAR is trained from scratch, but
the feature extractor is initialized with the pretrained param-
eters.

(2) For NL02 (Top-Bottom), we first attempted to train the CAR
from scratch. To improve performance, an intuitive idea is to
use the parameters of NL01 pre-trained models. Since NL01
characters are quite different from NL02’s, the affine trans-
formation regressor trained on NL01 is not directly suitable
for NL02. To overcome this, we introduced a switcher mod-
ule that is a 6 × 6 matrix with all positions set to 0 except
for (0,4), (4,0), (2,5), and (5,2), which have values of 1. This
module swaps the parameters affecting the horizontal and
vertical axes in the affine transformation, allowing the NL01
affine transformation matrices to adapt to NL02 characters.
With the pretrained parameters, the CAR of NL02 converges
faster and gains better performance.

(3) For NL03 (Enclosed), the base CAR failed easily. To solve this,
we increased the weight of the centroid and inertia losses to
make the CAR converge.

(4) For NL04 (Left-Middle-Right) andNL05 (Top-Middle-Bottom),
we adjusted ourmodel architecture to fit this three-component
font synthesis task. However, the performance of these mod-
els is far from satisfactory. To address this, we proposed an
iterative invocation strategy where we used the pretrained
NL01/NL02 CAR to perform the NL04/NL05 synthesis task.
For example, for an NL04 character, we first invoked the
NL01 pretrained CAR to synthesize the intermediate charac-
ter based on the first two components. We then invoked the
NL01 pretrained CAR again to synthesize the final character
based on the intermediate character and the last component.
Evaluation results demonstrate the effectiveness of this de-
sign.

C.4 Training Visualization
We show the training process of our model in Figure 14. As the
training progresses, our method exhibits an increasingly refined
synthesis of characters, approaching a higher level of fidelity to the
ground truth.

C.5 Fusion Strategies
We implemented three types of fusion methods, namely Stack,
AdaIN, and Cross Attention. As for Stack, we simply concatenate
them together in the channel dimension. As for AdaIN, we compute
the feature using the equation below:

ˆ𝑓𝑅1 = 𝜎 (𝑓𝑅2)
𝑓𝑅1 − 𝜇 (𝑓𝑅1)
𝜎 (𝑓𝑅1)

+ 𝜇 (𝑓𝑅2) (8)

where 𝑓𝑥 refers to the fused feature, 𝑓𝑥 represents the feature of
component 𝑥 , and 𝜇 and 𝜎 represent the mean and std of the fea-
ture, respectively. For cross attention fusion, the fused feature is
calculated using the following equation:

ˆ𝑓𝑅1 = 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥 (
𝑄 (𝑓𝑅1)𝐾 (𝑓𝑅2)𝑇√

𝑑
)𝑉 (𝑓𝑅2) (9)

where 𝑄 , 𝐾 , and 𝑉 represent the linear layers which output query,
key, and value vectors for attention, respectively.

Epoch 1

Epoch 6

Epoch 12

Epoch 18

Epoch 24

Epoch 30

Epoch 36

Epoch 42

Figure 14: The visualization of the training process. For each
row, from left to right, there are component 1, component 2, gener-
ated character, ground truth, and the difference between generated
character and ground truth, respectively.

We additionally tested the performance of our proposed CAR
using SPADE [19] as a feature fusion method. The affine parameters
of SPADE are learned from the feature of another component.

As shown in Table 11, Stack performs best in all situations, espe-
cially with limited data (NL03). Cross attention performs relatively
worse.

C.6 Iterative Invocation V.S. Three-Components
CAR

We present some samples generated by the two-component CAR
with the iterative invocation strategy and the three-component CAR
to further illustrate the effectiveness of the approach, as shown in
Figure 15.

Compared with the three-component CAR, the iterative invoca-
tion strategy achieved better results. However, the performance of
CAR on NL04 and NL05 still requires further structural refinement
in future work.

D Extended Ablation Study Analysis
This appendix provides additional qualitative observations for the
ablation study and lists the licenses of the seven training fonts.
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Layout Fusion MAE↓ RMSE↓ FID↓ LPIPS↓
NL01 Stack 0.1312 0.3540 12.7156 0.2019
NL01 AdaIN 0.1385 0.3641 12.6574 0.2085
NL01 Attention 0.1426 0.3699 13.0480 0.2126
NL01 SPADE 0.1361 0.3607 12.7894 0.2063
NL01 None 0.1676 0.4022 13.6127 0.2332
NL02 Stack 0.1562 0.3880 13.0982 0.2210
NL02 AdaIN 0.1654 0.3998 13.0116 0.2311
NL02 Attention 0.1658 0.4004 13.0685 0.2335
NL02 SPADE 0.1611 0.3943 13.2121 0.2263
NL02 None 0.2630 0.5079 17.8102 0.3234
NL03* Stack 0.1891 0.4264 33.4290 0.2709
NL03* AdaIN 0.2040 0.4437 33.7215 0.2880
NL03* Attention 0.2113 0.4518 33.9402 0.2965
NL03* SPADE 0.2182 0.4598 36.1949 0.3300
NL03* None 0.2687 0.5113 59.3721 0.4039
NL03** Stack 0.1446 0.3714 35.3016 0.2140
NL03** AdaIN 0.1475 0.3758 55.1334 0.2409
NL03** Attention 0.1668 0.4000 38.1286 0.2382
NL03** SPADE 0.1687 0.4023 42.2689 0.2403
NL03** None 0.1619 0.3947 56.1288 0.2563

Table 11: The quantitative results of different fusionmethods.
NL03* denotes NL03-0,1 and NL03** denotes NL03-2,3,4,5.

D.1 Extended Analysis of Losses
As summarized in Table 2 and Figure 6 of the main text, adding
the centroid, inertia, and overlap losses reduces the reported recon-
struction and perceptual errors. In the qualitative examples, the
model trained only with pixel loss often shows uneven component
placement. The overlap loss reduces component crowding and in-
tersections, while the inertia and centroid losses improve spatial
balance and bounding-box alignment.

D.2 Extended Analysis of Feature Fusion
Table 3 shows that models without feature fusion sometimes predict
nearly constant affine transformations for specific components and
do not account for contextual scaling. Feature fusion allows the
regressor to use the spatial relationship and relative scale between
adjacent components when predicting the transformation matrices.

D.3 Adaptation for NL02 Layouts
For Top-Bottom (NL02) layouts (Table 4), training the model from
scratch converges more slowly and yields higher reconstruction
errors. Introducing the switcher module transfers parameters from
the pretrained Left-Right (NL01) model; the resulting model con-
verges faster and obtains lower reconstruction errors, indicating
that parameters learned for NL01 can support NL02 training.

D.4 Stability of Iterative Invocation
For Left-Middle-Right (NL04) and Top-Middle-Bottom (NL05) lay-
outs (Table 5), directly regressing three components produces higher
errors in the reported setting. The iterative invocation strategy

(a) NL04

(b) NL05

Figure 15: The NL04(15a) and NL05(15b) samples are gen-
erated by the two-component CAR with iterative invoca-
tion and the three-component CAR. For each row, there are
component 1, component 2, component 3, samples generated by
two-component CAR with iterative invocation strategy, three-
component CAR, and ground truth, respectively. Ground truth
displaying a ".notdef" character means the character is not sup-
ported by the font.

reuses the two-component CAR step by step and obtains lower er-
rors than the three-component CARwithout requiring an additional
three-component architecture.

D.5 Training-Font Selection and Licenses
The seven fonts used in our experiments were distributed under
licenses permitting the reported research use. SourceHanSans, Smi-
leySans, YouAiYuanTi, and WenDingKaiTi are licensed under the
SIL Open Font License (OFL) 1.1; BabelStone is released under the
Arphic Public License; and AlibabaPuHuiTi and OPPOSansR are
provided under their respective corporate free-to-use licenses.

E Representative Success and Failure Cases
Successful Cases. Figure 16a shows representative successful re-
sults for the three two-component layouts. Across enclosed, left–
right, and top–bottom structures, CAR places and scales the input
components to closely match the target glyphs. In the overlays,
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most stroke regions coincide, while the remaining differences are
confined to narrow contour boundaries.

(a) Successful cases.

(b) Failure cases.

Figure 16: Representative CAR results. (a) Successful cases
across NL03, NL01, and NL02, with white overlay regions indicating
agreement. (b) Failure cases showing residual stroke overlap, local
stroke-weight inconsistency, and mismatched radical shape; orange
circles mark the affected regions.

FailureCases. Figure 16b presents failure cases inwhich component-
wise affine transformation does not fully reproduce the intended
glyph geometry. Non-uniform scaling may introduce local differ-
ences in stroke weight, while transforming a radical as a whole

cannot always capture the fine-grained shape adjustments required
by a particular character. Our overlap loss substantially reduces
implausible intersections between components; however, residual
stroke overlaps or imperfect junctions may still occur under large
transformations or in densely structured glyphs. Despite these resid-
ual geometric discrepancies, CAR preserves component structure
and vector contours, enabling designers to correct the generated
glyphs through component repositioning, rescaling, or fine-grained
contour editing.
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