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Multi-conditional Diffusion for Controllable Zero-shot Artistic Font Generation

Li Xiang, Meng Lei, Wu Lei, Meng Xiangxu
School of Software , Shandong University, Jinan 250100, China

Abstract: Objective Zero-shot artistic font generation synthesizes target artistic font images from independent reference
samples and supports graphic design and multimedia content creation. The task requires a model to identify, disentangle,
and recombine three heterogeneous attributes: character identity, glyph structure, and visual text effect. Character identity
determines semantic correctness and topology, glyph structure controls strokes and connectivity, and visual text effect

defines texture, shading, color; and background. Because these attributes correspond to discrete semantics, topological
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structure, and high-frequency visual patterns, they differ substantially in representation and can interfere with one another
during unified generation. Existing methods often model artistic font style as a single holistic factor, depend on adversarial
training or attribute-wise supervision, or rely on static masks and predefined templates. Although such methods may per-
form well on familiar pairings observed during training, they tend to produce missing strokes, structural drift, texture leak=
age, color contamination, and style deviation when characters, glyphs, and effects are recombined in unseen ways. To
address these problems, a multi-condition diffusion method is proposed for controllable zero-shot artistic font generation.
The objective is to model character, glyph, and effect information as independent but coordinated conditions for unseen
attribute combinations. Method A compositional multi-condition diffusion framework, is developed with three condition-
specific encoders and a conditional U-Net backbone. Independent character, glyph, and visual-effect reference images are
encoded into multi-scale latent features and injected into the denoising process as separate guidance signals. This design
allows semantic identity, structural design, and appearance style to jointly control the reverse diffusion trajectory without
being compressed into a unified style code. The framework contains three major components. First, a cross-domain feature
aggregation module uses character features as structural anchors and introduces channel recalibration to preserve global
topology after repeated downsampling. It further applies perpendicular-component attention to remove redundant or interfer-
ing components from the joint glyph-effect feature space. This operation reduces the propagation of irrelevant textures from
glyph references and unwanted structural patterns from effect references. Second, adaptive instance normalization-based
skip connections transfer multi-scale structural features and style statistics from the encoder to the decoder. Means and
standard deviations extracted from fused glyph and effect features are used to modulate normalized content features at corre-
sponding decoding stages, enabling the model to retain clear stroke boundaries while reconstructing target colors, textures,
and backgrounds. Third, compositional contrastive learning is introduced to improve sensitivity to attribute mismatch.
Character, glyph, and effect are treated as separately alignable dimensions. For each target sample, matched combinations
are used as positive references, while three negative groups are generated by replacing one attribute at a time. An InfoNCE-
based objective pulls generated representations toward the correct composition and pushes them away from combinations
containing an incorrect character, glyph, or effect. The final training objective combines denoising loss, perceptual loss,
and compositional contrastive loss. To address the limited attribute diversity, structural complexity, bilingual coverage,
and combination completeness of existing datasets, the SSAFv2 dataset is constructed for systematic evaluation of unseen
combinations. It contains 921, 600 artistic font images, 1,024 Chinese and English characters, 30 glyph styles, and 30
visual effects, forming 900 complete glyph-effect categories. The glyph library includes standard printing, creative print-
ing, handwritten styles, and calligraphic styles, while the effect library covers fine textures inspired by natural and indus-
trial materials. SSAFv2 is divided into unseen-character/seen-style, seen-character/unseen-style, and unseen-character/
unseen-style subsets to evaluate semantic generalization, compositional style generalization, and their joint difficulty.
Result Experiments are conducted on the SSAFv2, TE141K-EN, and Fonts datasets under a unified evaluation protocol.
Performance is measured using L1 loss, Fréchet Inception Distance, and structural similarity, supplemented by qualitative
comparison, ablation studies, latent-feature analysis, contrastive-score visualization, and a user study. On the unseen-
character/seen-style, seen-character/unseen-style, and unseen-character/unseen-style subsets of SSAFv2, ArtFontDiff
obtains L1 losses of 0. 1754, 0. 1417, and 0. 1759; Fréchet Inception Distance scores of 34. 58, 30. 19, and 52. 73; and
structural similarity scores of 0. 6351, 0. 8600, and 0. 4870, respectively. These results are overall superior to those of the
compared zero-shot artistic font synthesis, image-to-image translation, and diffusion-based font generation methods. On
Fonts, TE141K-EN, and SSAFv2-EN, the proposed framework achieves L1 losses of 0.1030, 0.0753, and 0.0380;
Fréchet Inception Distance scores of 11.37, 24.21, and 62. 27; and structural similarity scores of 0. 8897, 0.9194, and
0.9101. Qualitative comparisons show that the proposed model produces clearer structural alignment and more accurate
local appearance details than the baselines, particularly for complex unseen Chinese characters, creative glyphs, calli-
graphic forms, and difficult glyph-effect pairings. Ablation experiments further verify the contribution of each component.
Removing channel recalibration causes stroke loss and structural deformation ; removing perpendicular-component attention
allows irrelevant reference patterns to contaminate the output; removing adaptive instance normalization-based skip connec-

tions introduces artifacts and weakens texture fidelity; and removing compositional contrastive learning leads to structural
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drift and inconsistent rendering. The complete model achieves an L1 loss of 0. 1409, a Fréchet Inception Distance of
62. 01, and a structural similarity score of 0. 6855 in the ablation setting, outperforming all reduced variants. Latent-space
analyses show that compositional contrastive learning produces more compact effect clusters, clearer glyph separation, and
more consistent organization by character identity. In the user study, the proposed model receives the highest average
scores for both Chinese and English samples. The scores range from 4. 36 to 4. 50 across the four evaluation dimensions for
Chinese results and from 4. 66 to 4. 78 for English results, confirming improvements in character correctness, glyph simi-
larity, effect similarity, and overall visual quality. Conclusion The results support the central argument that controllable
zero-shot artistic font generation benefits from independently modeling character identity, glyph structure, and visual effect
while coordinating them through cross-domain feature aggregation, multi-scale style modulation, and compositional supervi-
sion. This design alleviates feature interference and erroneous coupling among heterogeneous attributes, strengthens the
model’ s sensitivity to attribute differences and composition relationships, and improves structural fidelity and style consis-
tency for unseen combinations. The source code and ssafv2 dataset of this paper are publicly available on Science Data
Bank athttps://doi. org/10. 57760/sciencedb. 013hec.

Key words: font generation; diffusion models; artistic font dataset; zero-shot generation; compositional contrastive learn-
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5 Z @ PESR A Z R X SRR
exp(f - f17) (7)

n
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i=1
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K VGG, () T LvE JLART 41 N 4% (Visual Geometry
Group, VGG) (Simonyan il Zisserman, 2014 ) 55 1 J2 4§
fiE, Lo EE R R A A e R th 45 5B A
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BEAVTE WA © AT 2R F UG 4 TE141K(Yang
25 2021) Fl Fonts (Ge %5, 2020) F# A7 PEAG , I 5 47
¥4 38 SSAFV2, DL B 78 43 Hb 56 0 oK UL 41 & 19 5 B RE
Jo LG T XEEIRE MG HLE

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

®1 HAZRFHIELLER

Table 1 Comparison of existing artistic font datasets

Bl te ESRET S QI = G FRORE TG N HE
ZHe
Fonts(Ge %5,2020) 520k 52 128x128 JEA SP SEAL EN
AGIS-Net(Gao %:,2019) 1.571M 639 64x64 i SP; CP; HW; CG o CN
TE141K-CN(Yang %,2021) 50k 775 320%320 BT SP ¥ CN
TE141K-EN(Yang%¢,2021) 66k 52 320x320 BT Sp SEAE EN
SSAFv1(Li%E,2022) 102k 1,024 320%320 JENAR + 35 3 U Sp SEAk EN, CN
SSAFv2 921k 1,024 320%320 B SP; CP; HW; CG SERk EN, CN
o FmEEIRlEGR) BIRERRIE (OP)
% | -1
______ WEFHEC  FEE @0
=

(a) sow;ﬁziﬁﬂﬁ%

&2

. s = Coml(c, g, €)

(b) ZFILBIFH () ZRFHFH. FHMFERAEX

SSAFV2 Bl A T TR & S R

Fig. 2 Overview of glyph, effect, and combination relationships in SSAFv2
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Fig. 37 Qualitative comparison of Chinese artistic font generation on SSAFv2
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Fig. 4 Qualitative comparison of English artistic font generation
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Fig. 5 Qualitative comparison of ablation experiments
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Table 2 Quantitative comparison of Chinese artistic font generation on SSAFv2

Wik SSAFv2 F4 L1 loss | FID | SSIM 1

ucss 0.1905 72.11 0.5446

DSE-Net(Li%#,2022) SCUS 0.2389 37.58 0.7749
UCUS 0.2580 96.93 0.4509

ucss 0.2628 99.58 0.6093

CAFS-GAN(Li%,2023) SCUS 0.2926 198.24 0.4025
UCUS 0.2910 193.69 0.4111

ucss 0.3135 61.46 0.3277

GZS-Net(Ge%5,2020) SCUS 0.2027 32.88 0.8574
UCuUs 0.3064 110.29 0.3444

ucss 0.2643 172.79 0.3197

CIA (Alaluf%5,2024) SCUS 0.2782 69.27 0.3071

UCUs 0.2849 188.45 0.3159

ucss 0.2069 169.74 0.4077

CoCoDiff(Nie %5 ,2026) SCUS 0.2359 145.60 0.2314
UCUS 0.2715 199.69 0.2667

ucss 0.1794 79.09 0.2488

Diff-Font(He 25,2024 ) SCUS 0.1955 94.07 0.2520
UCUS 0.3203 80.89 0.1752

ucss 0.1815 71.37 0.6032

FontDiffuser(Yang 25,2024 ) SCUS 0.1710 63.72 0.4003
ucus 0.3284 63.08 0.3487

uCss 0.2597 209.49 0.4904

DA-Font(Chen%,2025) SCUS 0.2889 153.16 0.4523
UCUS 0.2684 188.61 0.3986

ucss 0.1754 34.58 0.6351

Ours SCUS 0.1417 30.19 0.8600
UCUS 0.1759 52.73 0.4870

T MR R e L fE
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H LA AR S ™ D i, E SCIEREAS 4 (A )
FICFNFRO) A ARLZE CRH IF) R E A [ 98 ) Al
T OR ) FRAEA 5 ) o AT AR Ss R o,

MR TR ZAR T AR s wlo CCL R M
HHREDRERE 7320, 1758 BRIk — 2P 39 58 T 7 RURFIE
N B

XF TR AIE , CCLIRI R RIS 1 2 W] Fh 4544
A0S o SR DA ARG T I BRAE AR IR ewlo
CCL AN 9 74 RS A T A Ak, AN T3] B2 T 45 4
PANECR G 5 J5 H CCLJR B AU e B — B F SL5
FEE Oy L AVRAE . SC8e U] CCLAT By T2 it i LA B
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Table 3 Quantitative comparison of English artistic font generation

Irik Byt L1 loss | FID | SSIM 1

Fonts 0.1266 42.75 0.7645

DSE-Net(Li%F,2022) TE141K-EN 0.1537 56.10 0.6457
SSAFv2-EN 0.1867 127.88 0.6054

Fonts 0.2525 45.09 0.8380

CAFS-GAN(Li%,2023) TE141K-EN 0.0994 44.71 0.7671
SSAFv2-EN 0.2724 111.08 0.5718

Fonts 0.1569 69.22 0.7859

GZS-Net(Ge%5,2020) TE141K-EN 0.1224 78.14 0.7234
SSAFv2-EN 0.1545 154.48 0.6360

Fonts 0.1319 110.08 0.6871

CIA (Alaluf%5,2024) TE141K-EN 0.1882 116.09 0.6267
SSAFvV2-EN 0.1911 157.12 0.7015

Fonts 0.1030 11.37 0.8897

Ours TE141K=EN 0.0753 24.21 0.9194
SSAFV2-EN 0.0380 62.27 0.9101

T MR R L fE

R4 HEXEEEILE BRI N LR E

Table 4 Quantitative comparison of ablation experiments E— 38 15k 6 AR Ak 22 )@ PR N , 15 F [

Tk L1 loss | FID | SSIM 1 — i USRS R EAEAR TR A TR

w/o SE 0.1578 63.07 0.6750 IR Z B B A Z AR . FARE XS AR A A &l 7

wlo PC 0.1664 64.59 0.6533 (a) 7R , 2R T G L T A 45 1 0 8 R R T A Xof

wlo ASC 0.1653 64.14 0.6652 Fb A3 0B =7, IEREACSE A A 2T HE DX SR ARLBE f5e /5, T

wlo CCL 0.1511 63.38 0.6752 T AL AR, RS AH 22 8K, X Lb 0 BRI 5

Ours 0.1409 62.01 0.6855 FIHFAS K 7 (h) A1 (c) o 5 3045
VE oML R R B

5.6 AP#MR
x5 AEANEZEI AR HIBERD T ST A R 2R G S LR el 3

Table 5 Ablation analysis of compositional contrastive

— LI P RE BADRE rh AR D7 i
LERWBEHT R E A R 2082 5% . 25

learning components

ik Lloss | FID | SSIM 1 . o

A B MU AR 2 50 19 10 4 ASREAE FDE
+CL 0.1514 62.86 0.6543 o R, .
-, 01524 o a6 06295 FEHE U B BB TR~ T BB G
T ’ ’ ' TR 510 AR RIBEFTL s BT 2 5 35 12

wloL*, 0.1532 64.79 0.6416 - NS
‘ BPYSCFE . B HHEEN~5 7 WA LRI
whoL* 0.1570 66.44 0.6232 User-C (245 1F M ) User-T (52 5B B A 028 )
Ours 01409 6201 0683 User-E (P ROMBLE ) Fl User-Q CEE AR [R5 51 7 5 &=
AR AR WOLSE T ) o 36 TR, TETIBE T, Ant-
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Table 6 User study results

FraC H3C F3C

£25'8 Yo User— He W User— #e ¥ User— 9 3 User—

Tk User-C  User-E  User-T  User-Q C E T Q
DSE-Net(Li%¥,2022) 3.84 3.16 3.22 3.42 3.98 3.78 4.16 3.52
GZS-Net(Ge 4,2020) 3.10 2.76 3.36 2.62 3.16 3.10 3.04 3.10

CAFS-GAN(Li4§,2023) 3.50 3.16 3.22 3.44 3.44 2.24 3.16 3.24
CIA(Alaluf%,2024) 3.44 3.44 3.02 3.32 3.50 3.44 2.68 3.38
Diff-Font(He 4% ,2024) 2.70 3.88 3.38 3.78 — — — —
FontDiffuser( Yang 4 2024) 3.96 3.98 3.70 4.24 — — — —
Ours 442 4.48 4.50 4.36 4.78 4.78 4.75 4.66
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Fig. 6  Effect of compositional contrastive learning on multidimensional artistic-font features
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Fig. 7 Multidimensional attribute scores of compositional con-

trastive learning
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