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Structured style enhancement learning for multimodal

guided dress image generation
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Abstract: Objective Multimodal image generation aims to produce high-quality images by jointly encoding and condition-
ally controlling diverse modalities such as text, sketches, and reference style images, while ensuring semantic consis-
tency. With the digital transformation of the fashion industry, applications such as virtual try-on, digital garments, and
online shopping are placing higher demands on the realism and controllability of generated images. Different clothing cat-

egories vary considerably in their structural characteristics and visual attributes. Among clothing categories, dresses, as a

W #s B #A:2025-07-25; 18 [ B #1:2025-09-09; Wi EN 7% B #7:2025-09-16

* BEIEE X9 ieall@kust.edu.cn

E&TH : HE HARA IS TH (62262036, 62362043 ) ; MAELTEA IR H (KKXY202203008) ; & BHE 1115 H (2025034 4080013,
202502AD080003)

Supported by : National Natural Science Foundation of China (62262036, 62362043 ) ; Xingdian Talent Support Project (KKXY202203008) ; Yun-
nan Provincial Science and Technology Support Project(202503AA080013,202502AD080003 )



$31% /5% 34] /2026 £ 3 A

DEk, X9, FEEE, FE,

22

SR SEEEGEMRK SR L RARIEEF S

key category in the fashion industry, present greater challenges due to their coverage of both upper and lower body regions
and their wide variety of styles, increasing complexity in structure modeling, texture synthesis, and cross-region style tran-
sition. Currently, existing approaches for dress image generation can be broadly classified into three categories : generative
adversarial network (GAN) methods, autoregressive models, and diffusion methods. Early works predominantly rely on
GANs, which leverage adversarial training between generators and discriminators to capture local textures and structural
details. However, these models often suffer from training instability and mode collapse. Autoregressive models first dis-
cretize multimodal inputs into token sequences and progressively generate image regions within a latent token space. This
approach enables effective fusion of multimodal conditions. However, their strictly sequential generation process makes it
difficult to model long-range dependencies, leading to limited information flow and reduced scalability in complex image
synthesis tasks. More recently, diffusion models have emerged as a new paradigm due to their stepwise denoising process,
which enables stable training and stronger conditional control. These models iteratively reconstruct clean images from noisy
representations, making them well suited for incorporating complex multimodal guidance. Despite recent progress in
semantic consistency and style generation, dress image synthesis remains a challenging task due to its rich attribute varia-
tions and stylistic diversity. First, multi-angle textual annotations of dresses often contain redundancy and conflict and lack
contextual coherence, making it difficult to provide deep semantic guidance for visual synthesis. Second, although
sketches offer explicit structural cues, they fall short in conveying consistent cross-region styles, leading to local-global
style mismatches. Moreover, effective dress generation requires fine-grained coordination between semantics and style, yet
current guidance mechanisms lack a unified and efficient control strategy. In this paper, we propose a structured style
enhancement learning method for dress image generation. Method First, a dynamic attribute template generation strategy
is designed on the basis of the structural and stylistic characteristics of dresses. It enables the intelligent extraction and
reconstruction of seven key dress attributes, thereby constructing structured textual prompts that mitigate redundancy and
semantic conflicts in multiview descriptions. Second, a semantic inversion fusion mechanism is proposed, wherein visual
features of dress images are projected into pseudo-token embeddings through a text-inversion process and subsequently
fused with the structured prompts to form semantically enriched textual representations. Third, a cross-domain image fea-
ture alignment module is developed, in which a skip-cross attention mechanism is introduced to selectively integrate sketch
structures and style references, facilitating consistent style transfer across spatial regions. Finally, a dual-branch condi-
tional fusion framework is constructed, wherein the enhanced textual and style representations are hierarchically injected
into a latent diffusion model. This feature enables fine-grained control over semantic content and visual style during the
dress image generation process. Result Comparative experiments were conducted on the dress subset of the DressCode Mul-
timodal dataset against five state-of-the-art approaches to evaluate the effectiveness of the proposed method. Quantitative
results show that, compared with the second-best method, the proposed method achieves improvements of 2. 131 in Fréchet
inception distance and 0. 193 in learned perceptual image patch similarity, indicating that the introduced structured style-
enhanced learning mechanism provides clearer, richer, and more consistent multimodal guidance during training. The
Contrastive Language-Image Pre-training score is improved by 17. 57%, demonstrating that the unified semantic template
focusing on attribute information effectively eliminates ambiguity and redundancy in natural language descriptions,
enhances semantic coherence, and provides the model with clearer generation targets. The integration of visual features fur-
ther enriches the textual semantics, resulting in better alignment between the generated dress images and their textual
descriptions. An 8.29% increase in texture score indicates the model’ s strong ability to maintain style consistency and
detailed fidelity even under complex sketch structures by effectively sharing and transferring style information across
regions. The sketch distance score remains within a low and comparable range to existing methods, reflecting stable genera-
tion performance. Qualitative experimental results demonstrate that the proposed method is highly capable of recognizing
and reconstructing key dress attributes, particularly color, material, and pattern. Furthermore, it achieves satisfactory per-
formance in style transfer across regions, overall style consistency, image quality, and visual realism. These outcomes
effectively fulfill the dual constraints of semantics and style required for high-quality dress image generation. The results of
user studies further demonstrate that the proposed method achieved the highest preference rates across three evaluation

dimensions: overall visual quality of the generated dress images, consistency between the images and the input text, and
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cross-domain style consistency within the generated results. This finding indicates that the proposed approach can effec-

tively enhance the perceptual quality of dress image generation. Moreover, compared with the relatively close performance

reflected by automatic evaluation metrics, user preferences reveal more pronounced differences among competing methods

in terms of generation quality and style fidelity. These findings highlight the necessity of subjective evaluation in

perception-driven tasks such as dress image generation, as it provides valuable insights into the perceptual differences that

may not be fully captured by objective metrics. Conclusion To address the challenges in multimodal-guided dress image

generation, including redundant and conflicting multiview textual annotations, limited cross-region style transfer capabil-

ity, and the difficulty of fine-grained coordination between semantics and style, this paper proposes a structured style

enhancement learning method. The method effectively captures the deep correlations between semantic content and struc-

tural style, ensuring multimodal consistency while achieving high-quality dress image generation.

Key words: dress image generation; structured text prompt; text inversion semantic fusion; cross-domain image feature

alignment ; diffusion model
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Fig. 1 The method framework of structured style enhancement learning for multimodal guided dress image generation
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Table 2 Quantitative comparison between proposed method and other methods

TR A FID | LPIPS| CLIPScore!? SD| TS1
Stable Diffusion( Rombach %,2022) BN 13.095 0.737 30.850  0.810 0.674
ControlNet(Zhang % ,2023a) A + BE 11.937 0.397 27.902  0.194 0.656
HieraFashDiff( Xie 25, 2025) A + FLIE] 11.056  0.398 27.955  0.173 0.639
ControlNet(Zhang % ,2023a) + IP-Adapter(Ye %£,2023)  3CA + 85K + KUAG &R 13.749  0.197 29.908  0.164 0.676
IMAGGarment-1(Shen %,2025) A + B[R+ KU ISR 22,577 0.342 27.893  0.544 0.604
A SO + B+ WS 8.925  0.205 32.874  0.176 0.692
TE L R RIZR TR 53 3 2R 2 B e e IRARZE S T 7R |7 43 S 3 (R g e (BRI AT
R3 AXFESHEMTENHEERR T
Table 3 Inference time comparison between proposed method and other methods
el LITIAN i P ST ] /s

Stable Diffusion(Rombach % ,2022) AR 1.79
ControlNet(Zhang % ,2023a) SCA + FL[E] 8.22
HieraFashDiff( Xie 45, 2025) SCAS + BRI 6.96
ControlNet(Zhang 4% ,2023a) + IP-Adapter( Ye 45 ,2023) SCA + FLE + KUk S 2.75
IMAGGarment-1(Shen %% ,2025) SCAS + L] + UK [EIR 6.72

A3 WA + B + KUK S 777

T L R RIZe AR 27 Bl A2 2R
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black short-sleeve fit
flare dress, black ponte
fit flare dress, black
ponte a-line dress

blue cobalt lace dress,
blue sleeveless lace
dress, blue lace fit flare
dress

black floral flounce

hem skirt, black reza
asymmetric printed skirt,
multicolor women’s
floral asymmetric
layered skirt

black asymmetrical
cady midi skirt, black
sydney asymmetric
handkerchief hem skirt,
black sydney
asymmetric-hem skirt

red printed tank dress,
orange embroidered slip
dress, red sleeveless
printed dress

NSO R PAVHIEEES

& 2

ARSCT7 5 HABTT I TS,

Stable Diffusion HieraFashDiff ControlNet +

[P-Adapter
ARXT L

Fig. 2 The visual results of proposed method compared with other methods

blue chambray classic
ex-boyfriend shirt, blue
denim boyfriend shirt,
blue margaux denim
shirt

long sleeve red sweater,
long sleeved army type
sweater, red colored and
dark graphic print

white classic wide-leg
trousers, white
menswear pants, white
wide-leg high-rise
trousers

7 all mankind ethereal
blue contour mid, blue
women’s denim boot-
cut trousers, flare leg
jeans

NSRS

HZERLE

I Bl %
K3 ARSI LA A2 b A i R

Fig. 3 The results of proposed method on other categories
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11. 056 % %5 10. 083 ) , & B A& 1l Pl A5 17 5 14k ot 1t 15
D EUE . X EEIHNT DATIHER TR SCA
W SO TR BRI T B 5 15 5.
CLIPScore #£ 7+ T 7. 6% ( M\ 27. 955 £ 7+ % 30. 072) ,

TG — BIBEHAR 2L T 5 A SO it P 2 il
R Pl SO BT, W ST T AR AR S SO Y — 3L

PEo TSHETET 2. 4% (M 0. 639 $£ T+ % 0. 654) , DAT
3 3 O 1 () B IO RO AR T 6 A Hh G B
AR B AR , ol 45 A 5 R i X A ok — S B S 1 15 31
T e FRIL . SDIRFEAAE , R W] DAT AR5 i
IR GEF Fe R ka E . LPIPS F8An i A BT+ (A
0. 398 F+ 2 0. 406) , iX 42 K &y DAT i ffi 452 44 B G 1
S VR 8 B IR AE SR SRR h A U N
SCAHAG I YA, DI 55 S0 4 2 (G =z T g S 2
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SEHEMVES | AR SCE SR B M S S 3
YEFERE, Bk DAT B AE Ab B SCAR Ry A7 J 475 T
AL Bl e rh IS mr (56 147) , 2 A B SOR
B AFAE “cream” F1 “white” L JZ “black” Fl “purple”
FEWA KL BRI, Base A 45 FL B0 F A AL
W0 B 3265 . DAT JE T LLM A SR g 5 4 2
PPN S BUOAE RA RU#  T B R Y
WTEWSE . TEM B AL B E (55 247) , SUA b

J“lace” | “demin” 544 BT i iR , i T Base it = X #4
JA5 B s Ak, AR B RS G A TR RS 5 5T 8 i 2k
DAT B HORE b4 5700 oy G Bl {5 8 8 =0l A B 7
e, S 1AL A0 (R RE T, SE I SRS A
I B ERIE . FEM BRI R R (55 347) , “floral”
TE 22 f B SO AR AE o BEARHEE | Base 5785 H3 21
28 5 SCAS IR AN AT RN AR JE 25 0] 8, 5] A DAT A
e, il i AR 58— 1 S, s AR 24 R
WAL R B RIS AR B R T 51 L
—EME SR R R R R, DL SR A R R
Sl A JE MR A B I 2 B TR ke R A
X SCA JB PR FRIREE ST R AR (0 vh 58 A o v
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x4 HERUEREREMIRBEES T

Table 4 Quantitative results of the ablation study on dynamic attribute template generation

LY FID | LPIPS | CLIPScore T SD | TS 1
Base 11.056 0.398 27.955 0.173 0.639
Base + DAT 10.083 0.406 30.072 0.173 0.654

T RIS R A N R R 1 7RI |7 a3 S 3 (L e B (LA

NG AN
cream dress, sleeveless white
dress, white fit-and-flare dress

This is a sleeveless, white fit-
and-flare dress.

lace midi skirt, multicolor
dark red lace panel pencil skirt,
multicolor wine lace column
skirt

This is a midi dark red pencil
skirt, made of lace.

pink floral print scuba sheath
dress, pink print ponte sheath
dress, pink dream floral sheath
dress

This is a pink sheath dress,
made of scuba, featuring a
floral pattern.

JSUESOAR BEASOR HiEERIAl Base

black faille fit-and-flare gown,
dark colored dress, purple
sleeveless a-line gown

This is a sleeveless, black fit-
and-flare gown, made of faille.

blue dark denim skirt, blue
women’s denim pleated skirt,
line denim skirt

This is a blue women’s
pleated skirt, made of denim.

ih
i

black abstract floral skirt,
black asymetric large floral
midi skirt, black graphic print
asymmetric skirt

This is a midi black
asymmetric skirt, featuring an
abstract floral pattern.

Base + DAT

JFHOR HEMASOR AR Base  Base + DAT

P4 BhaS TR PSR A I Rl Se 5 45 R 70

Fig. 4 The visual results of the ablation study on dynamic attribute template generation

RGBSR PERR AR R AT X HR 2 51T, 18 5
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TR 1. 247) , B T HAESS 2 R R A
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8 RO A% T HERA S OCHETR SC, 523908 Bt 1 14
G B X T N 25 (55 3.447) , 7 “beige” | “white” Zil

O JE PEAATE th IS I, DAT BEHATE IR RE % A7 R0k Bt 31
@0 5B E o T AR 7 2 A 1)
SERPERT RS B B AR IK 1R “pull-on” (TCHTBE
ZEML) | “high-rise” (=5 1) | “cropped trousers” ( JL4)
HE) LA “button” (R A1) AF , 54 LUK b1 BRI
Wity ERRA T AR . I, RESES R
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This is a long
sleeve blue denim
shirt.

denim shirt, long sleeve blue
jean shirt, mixed wash
denim shirt blue

This is a sleeveless
black overlay tank,
made of lace.

black lace overlay tank,
black lace peplum top,
sleeveless and lace detail

This is a white
straight leg
skimmer shorts.

beige pull-on skimmer
shorts, white shorts, white
straight leg

beige straight fit trousers,
natural high-rise straight-leg
cropped trousers, natural

This is a natural m
beige straight-leg
high-waist button trousers fitrousess:
HANSTA WA ook AR
S I P 8 T Y ¢ S W 1B B N g
Fig. 5 The applicability of dynamic attribute template

generation on other categories
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Table 5 Quantitative results of the ablation study on

text inversion semantic fusion

T FID| LPIPS| CLIPScore? SD| TS?

Base 11.056  0.398 27.955 0.173 0.639

Base + TSF 9.231 0.284 30.174 0.172 0.681
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Fig. 6 The visual results of the ablation study on

text inversion semantic fusion
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Table 6 The results of different number of
pseudo-token embedding

CLIP-

sl A% FID | LPIPS | sbl T1S1

Score 1
=1 10.599 0399  27.580 0.159 0.628
=4 11.118 0417  27.660 0.165 0.632
I=16 9.934 0.342  28.072 0.150 0.635
=32 10.029 0350  27.661 0.157 0.636
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Table 7 The performance of different number of

pseudo-token embedding

Dhilite A% SR RS ]/
1=1 56.4 7.32
1=4 68.2 7.35
1=16 115.4 7.51
=32 178.3 7.81
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Table 8 Quantitative results of the ablation study on

cross-domain image feature alignment
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Score T
Base 11.056  0.398 27.955  0.173 0.639
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Fig. 7 The visual results of the ablation study on cross-domain image feature alignment
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Fig. 8 The results of user study
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