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LOTS of Fashion: Task Description

In fashion design, designers need to express their abstract inspirations 

through forms that are natural to humans, e.g., sketches or natural language.
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LOTS of Fashion: Task Description

Multiple sketch-text pair is essential in describing a complete 

fashion design.

Each description pair specifies a localized part of the design,

in terms of silhouette shapes, materials, and textual details,

allowing fine-grained localized control over the generation.
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LOTS of Fashion: Task Description

local sketch global & local text+
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LOTS of Fashion: Task Description

It seems like ControlNet already provided a complete process on Multi-

Conditioning for Image Generation. However, prior works mainly focus on global

control rather than localized controlling via various forms of information.

blue flower. green leaves. white background.blue flower.
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LOTS of Fashion: Task Description

By using localized sketch-text pairing input, generate

overall harmonious and detailed fashion images.
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Background

In order to achieve Multi-Conditioning for Image Generation via Sketch-Text

Pairing, we need:

1. Text-to-Image Generation

2. Sketch-to-Image Generation

3. Controllable diffusion-based generation
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Background: GAN based Sketch-to-Image Generation

Phillip Isola, Junyan Zhu et al., Image-to-Image Translation with Conditional Adversarial Networks, CVPR 2017
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Background: Attention Mechanism

Calculate similarity in 𝑄𝐾𝑇, and weight sum using 𝑉.
• Long-range dependency and dynamic weight
• Global information capturing

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑄, 𝐾, 𝑉 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

𝑑𝑘
) 𝑉
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Background: Cross Attention

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑄, 𝐾, 𝑉 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

𝑑𝑘
) 𝑉

𝑄 ∈ ℝ𝑚×𝑑𝑘 , 𝐾 ∈ ℝ𝑛×𝑑𝑘 , 𝑉 ∈ ℝ𝑛×𝑑𝑣

Q comes from the image, while K and V come from the conditional control.

Q : Specifies the image’s structure and layout

K : Compact representation of the generated image

V : Injects detailed appearance information into the output

Yuval Alaluf, Daniel Garibi, Or Patashnik, Hadar AverbuchElor, and Daniel Cohen-Or. Cross-image attention for zeroshot appearance transfer. In ACM SIGGRAPH, 2024.

Mingdeng Cao. Masactrl: Tuning-free mutual self-attention control for consistent image synthesis and editing. In IEEE International Conference on Computer Vision (ICCV), 2023.
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Background: ControlNet

Adding Conditional Control to Text-to-Image Diffusion Models

• Original model is frozen to preserve pretrained abilities

• Conditions are injected from different scale

Lvmin Zhang, Anyi Rao, Maneesh Agrawala. Adding Conditional Control to Text-to-Image Diffusion Models. In International Conference on Computer Vision (ICCV), 2023.
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Background: ControlNet

Adding Conditional Control to Text-to-Image Diffusion Models

• Original model is frozen to preserve pretrained abilities

• Conditions are injected from different scale

Lvmin Zhang, Anyi Rao, Maneesh Agrawala. Adding Conditional Control to Text-to-Image Diffusion Models. In International Conference on Computer Vision (ICCV), 2023.
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Background: ControlNet

Due to the zero convolutions, ControlNet always predicts high-quality images during the entire training.

At a certain step in the training process, the model suddenly learns to follow the input condition.
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LOTS Method
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LOTS Method: Modularized Pair-Centric Representation

Step 1: Pairing Step 2: Encoding Step 3: PairFormer
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LOTS Method: Modularized Pair-Centric Representation

Step 1: Pairing

Use Sketch-Image Pairs 𝐂𝐢 = 𝐒𝐢 𝐓𝐢  as input.

𝑆𝑖 is a binary sketch array, sharing same size with the target output image.

𝑇𝑖 is a text description in natural language such as “a shirt with flower pattern”.
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LOTS Method: Modularized Pair-Centric Representation

Step 2: Encoding

For each Sketch-Text Pair 𝐶𝑖 :

Image Encoder 𝒇𝑺 :

DINOv2 is employed to processes the sketch 𝑆𝑖 into ℎ𝑖
𝑠.

Text encoder 𝒇𝑻 :

Use encoder of CLIP to process the text description 𝑇𝑖 into ℎ𝑖
𝑇.

Encoders are followed by a trainable FC layer .
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LOTS Method: Modularized Pair-Centric Representation

Step 3: PairFormer

Put sequence 𝐶𝑖 into the self-attention layer of a Transformer. By doing so, the self-

attention mechanism enables each token to focus on all other tokens in the sequence.

𝑧 ∈ 𝑅𝑘×𝑑

Self-attention

Vector 𝑝𝑖 with dense information from 𝐶𝑖 = 𝑆𝑖 𝑇𝑖

ℎ𝑖
𝑠

𝑪𝒊 feature

ℎ𝑖
T
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LOTS Method: Modularized Pair-Centric Representation

Step 3: Self-Attn

The output of the self-attention layer is a sequence of the same length as the input sequence. We only take

the first k tokens (that is, the part corresponding to the initial learnable token 𝑧) as the final fused

representation of this pair 𝑝𝑖.

Vector 𝑝𝑖 with dense information from 𝐶𝑖 = 𝑆𝑖 𝑇𝑖

𝑘
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LOTS Method
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LOTS Method: Diffusion Pair Guidance

Fundamental Flaws in Traditional Methods:

• Attribute Confusion

• Premature condition merging

blue flower. green leaves. white background.
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LOTS Method: Diffusion Pair Guidance

Traditional global text control on UNet via CrossAttn 𝑤(𝑥, ℎ𝑔
𝑇)
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LOTS Method: Diffusion Pair Guidance

U-Net Modification in LOTS:

Local pair conditioning with a separate CrossAttn ෝ𝑤(𝑥, 𝑃)
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LOTS Method: Diffusion Pair Guidance

Striped jacket Plain pants

𝑝𝑗𝑎𝑐𝑘𝑒𝑡 𝑝𝑝𝑎𝑛𝑡𝑠

Total Feature 𝑃 Image 𝑥

𝑄𝑥𝑝𝑎𝑛𝑡𝑠𝐾𝑝𝑎𝑛𝑡𝑠𝐾𝑗𝑎𝑐𝑘𝑒𝑡
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LOTS Method: Diffusion Pair Guidance

Striped jacket Plain pants

𝑝𝑗𝑎𝑐𝑘𝑒𝑡 𝑝𝑝𝑎𝑛𝑡𝑠

𝑄𝑥𝑝𝑎𝑛𝑡𝑠𝐾𝑝𝑎𝑛𝑡𝑠 ෝ𝑤(𝑥, 𝑃)

𝑉𝑃

𝐾𝑗𝑎𝑐𝑘𝑒𝑡

Total Feature 𝑃 Image 𝑥
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LOTS Method: Diffusion Pair Guidance

ෝ𝑤(𝑥, 𝑃)

𝑤(𝑥, 𝑃) Global information (text)

Localized details (text & sketch)
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LOTS Method: Diffusion Pair Guidance

U-Net Modification in LOTS:

Base Formula:

𝑥′ = 𝑤(𝑥, ℎ𝑔
𝑇) + 𝛼 · ෝ𝑤(𝑥, 𝑃)

Detailed Expansion:

𝑤(𝑥, ℎ𝑔
𝑇) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(

𝑄𝑥 · 𝐾ℎ𝑔𝑇
𝑇

𝑑
) · 𝑉ℎ𝑔𝑇

ෝ𝑤(𝑥, 𝑃) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝑥 · 𝐾𝑃

𝑇

𝑑
) · 𝑉𝑃

Where:

𝑄𝑥 = 𝑥 · 𝑊𝑄 (Image feature query)

𝐾𝑃 = 𝑃 · 𝑊𝐾 (Pair feature key) 

𝑉𝑃 = 𝑃 · 𝑊𝑉 (Pair feature value)
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LOTS of Fashion: The Sketchy dataset

Sketchy Dataset

- Based on Fasionpedia, with 47000+ images and 79000 annotions.

- 14 higher level categories(shirt, skirt, pants, etc.) & 21 lower level categories(sleeve, pocket, etc.)

- Generate clothing sketch from image via Photo-Sketching

- Apply LLaMMA-3.1-8B to generate descriptions on sketches with a average length of 16 words
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LOTS of Fashion: Results
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LOTS of Fashion: Results
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LOTS of Fashion: Results
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LOTS of Fashion: Results
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LOTS of Fashion: Conclusion

- Novel Method: Proposes LOTS, a new approach for fine-grained image generation using localized 
sketch-text pairs.

- Technical Innovation: Introduces a "delayed fusion" mechanism that processes conditions during 
diffusion, solving attribute confusion.

- New Dataset: Creates Sketchy, the first fashion dataset with localized sketch-text annotations.

- SOTA Results: Demonstrates superior performance in both image quality and attribute localization.
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