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M O T I VAT I O N

• Fashion design needs fine-grained control (silhouette, fabric, fit, 

embellishments, accessories).

• General text-to-image models often miss subtle styling details in sketch-style 

outputs.

• A key bottleneck: lack of curated sketch–text datasets with professional fashion 

vocabulary.

• Limited ability of models to adapt non-linearity.



W h a t  Pa p e r  Co n t r i b u t es

FLORA Dataset

• 4,330 curated sketch–text pairs

• Descriptions use industry jargon 

(materials, construction, fit)

• Designed for text→fashion sketch 

generation

NeRA Adapter

• Nonlinear low-rank PEFT using KAN-

style basis functions

• Improves fidelity + semantic 

alignment vs LoRA/LoKR/DoRA/LoHA



F L O R A  D a t a s e t5

Scale

4,330
curated sketch–text pairs

Language

Industry Specific
domain jargon & styling details

• 9 semantic categories cover garment type, materials, 

detailing, and finishing.

• Descriptions include model pose + outfit details + colors + 

accessories.

Fig. 1 (left)

Selected classes from each 
of the 9 categories in FLORA 

dataset.
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H o w  F L O R A  w a s  b u i l t  ?

From web-scraped sketches → clean training data

• Web-scrape: 10,042 candidate sketch images 

• Prompt filter (VLM use): filter single outfit + sketch-only images

• Watermark removal: use of OCR mask + diffusion inpainting

• Background cleanup to remove unwanted objects (potential 

noise)

• manual deduplication removal

• Generate rich descriptions (GPT-4o) → final pairs

Visual comparison of 

original and 

processed images.
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S a m p l e  I m a g e - Te x t  Pa i r

f r o m  F LO R A
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N e R A :  N o n l i n e a r  L o w - r a n k  E x p r e s s i v e  

R e p r e s e n t a t i o n  A d a p t e r

• Standard PEFT Limitations

• Current adapters (LoRA, DoRA) use MLPs 

(Multi-Layer Perceptrons).

• Issue: MLPs are often too linear/shallow to 

capture the finegrained, non-linear details. 

(Like one present in fashion text e.g. lace 

texture, complex folds names etc)

• NeRA uses Uses learnable spline-based activations 

(B-splines/RBFs) instead of fixed activation 

functions.

• This allows the model to "bend" more to fit 

complex data patterns.

MLP Layer

Input (X)

Down 
Projection

Up 
Projection

+

Pre-trained 
Model

NeRA



F i x e d  a c t i v a t i o n s  c a n ’ t  b e n d  e n o u g h ,  f u l l y  
l e a r n a b l e  a c t i v a t i o n s  c a n  b e n d  t o o  f a r  -  

N e R A  k e e p s  t h e  M L P  f i x e d  a n d  l e a r n s  
t r a i n a b l e  s p l i n e  a c t i v a t i o n s  o n l y  i n  t h e  
a d a p t e r  t o  g e t  c o n t r o l l e d ,  h i g h - p o w e r  

a d a p t a t i o n .



Q u a n t i t a t i v e  R e s u l t s

Methods
Zero Shot 

FID(↓)

Zero Shot 

CLIPSIM(↑

)

LoHA 

FID(↓)

LoHA 

CLIPSIM(↑

)

DoRA 

FID(↓)

DoRA 

CLIPSIM(↑

)

LoKR 

FID(↓)

LoKR 

CLIPSIM(↑

)

LoRA 

FID(↓)

LoRA 

CLIPSIM(↑

)

NeRA 

FID(↓)

NeRA 

CLIPSIM(↑

)

FLUX 09.09 0.3112 09.34 0.3001 09.01 0.3131 08.33 0.3223 07.88 0.2987 06.05 0.3412

SD 19.25 0.0623 20.01 0.0630 19.02 0.0720 19.33 0.0751 17.32 0.0910 16.51 0.1112

SD-XL 16.37 0.1539 14.47 0.1667 15.89 0.1523 14.02 0.1782 15.32 0.1522 13.33 0.1897

SD-3 13.28 0.2118 13.62 0.2337 13.19 0.2279 13.01 0.2555 09.37 0.2119 08.07 0.2503

Pixart-

Sigma
14.11 0.2666 13.88 0.2424 13.88 0.2707 12.92 0.2992 09.89 0.2542 08.28 0.2991

LoHA, DoRA, LoKR, LoRA and NeRA are finetuned on FLORA dataset.
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E f f i c i e n c y  a n d  C o n v e r g e n c e

Faster fine-tuning with modest overhead
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Q u a l i t a t i v e  R e s u l t s …
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Q u a l i t a t i v e  R e s u l t s



C O N C LU S I O N

Bridging the Gap

Addressed the “Design Gap” in Fashion AI by moving beyond photorealism to 
conceptual sketching

Built the first robust pipeline to translate industry-specific jargon into high-
fidelity visual designs

Core Contributions

FLORA Dataset: Curated 4,330 sketch–text pairs, enabling models to learn 
nuanced design elements (e.g., fabric textures, cuts)

NeRA Adapter: Novel architecture using Kolmogorov–Arnold Networks (KANs); 
replaces static MLPs with learnable splines, delivering stronger non-linear 

adaptability than LoRA



THANK 
YOU…..! S c a n  t o  a c c e s s  c o d e  

a n d  d a t a s e t .
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