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Fashion-on-demand is becoming an important concept for fashion industries. Many attempts have been 
made to leverage machine learning methods to generate fashion designs tailored to customers’ tastes. 
However, how to assemble items together (e.g., compatibility) is crucial in designing high-quality 
outfits for synthesis images. Here we propose a fashion generation model, named OutfitGAN, which 
contains two core modules: a Generative Adversarial Network and a Compatibility Network. The 
generative module is able to generate new realistic high quality fashion items from a specific category, 
while the compatibility network ensures reasonable compatibility among all items. The experimental 
results show the superiority of our OutfitGAN.

Abstract Experiments

Introduction

Loss function of the generator 𝐺!. 𝐺! has four goals: (1) to fool the discriminator 
(ℒ"#$%/'$(#), (2) to generate image belong to the conditioned category (ℒ)$*), (3) to generate 
image compatible with the rest of the outfit (ℒ)+,-), and (4) to have similar distribution with 
the original outfit (ℒ./).
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ℒ./ = 𝐾𝐿 𝜙4 𝐱𝟏, … , 𝐱9 ||𝜙4% 𝐱𝟏, … , 𝐱9:6, 𝐺! 𝜙4%:6, 𝑐
ℒ;% = 𝛼ℒ"#$%/'$(# + 𝛽ℒ)$* + 𝜆ℒ)+,- + 𝜔ℒ./

As the fashion designer Carolina Herrera said, ”Fashion has always been a repetition of 
ideas, but what makes it new is the way you put it together.”

In this work, we propose OutfitGAN that generates an unseen fashion item to match well 
with the present items in an outfit. We leverage relational networks to capture compatibility 
among items in fashion outfits [16]. In our design, we also condition the generator on 
generating items from a specified category. Our proposed architecture of OutfitGAN ensures 
that the generated designs match well with the given fashion items, and the resolution of the 
generated designs are high. The main contribution of this paper lies in the novelty of 
combining fashion compatibility and fashion design generation.

Fashion Item Compatibility Network

1. Item images are passed through a pre-trained CNN network with a trainable fully 
connected (FC) layer to obtain the features V. 

2. For each pair of items 𝑖, 𝑗 ∈ 𝑆, their features 𝐯!, 𝐯< are concatenated and passed 
through 𝑔 to generate relation embedding 𝐡 !,< = 𝑔 𝐯!, 𝐯< .

3. 𝐡 !,< vectors are then average together, to generate a compatibility embedding 𝜙4 for 
outfit 𝑆.

4. An outfit’s compatibility score is calculated as 𝑚4 = 𝑓 𝜙4 = 𝑓 6
9
=
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5. Given an outfit, the model’s objective is to predict whether it is a compatible outfit or 
not, which aims at minimizing a cross-entropy loss as:
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Compatible Item Generation Problem

OutfitGAN

Given a partial outfit, 𝑆: = 𝐱6, 𝐱=, … , 𝐱9:6 where 𝐱! denotes the representation of 𝑖-th, we 
aim to generate an item F𝐱 that is compatible with the items in 𝑆: and belongs to a specified 
category 𝑐. OutfitGAN aims to solve this problem by having three stages of generator-
discriminator pairs. 

Overview of OutfitGAN

OutfitGAN has three stages of generator-discriminator pairs. The training procedure of 
OutfitGAN is a min-max game following the objective function:
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;
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𝔼𝐱~-"#$# log𝐷 𝐱 + 𝔼𝐱~-! log 1 − 𝐷 𝐺 𝐳

Generator

Discriminator

Overall Process
1. Given an outfit with a set of items 𝑆A = 𝐱6, 𝐱=, … , 𝐱9 , we randomly remove one of 

the items from the set, then we replace the removed item with a noise vector 𝐳 and 
create a new set  𝑆6 = 𝐱6, 𝐱=, … , 𝐳 . 

2. Pass 𝑆6 to the pre-trained Compatibility Network and obtain an embedding vector 𝜙4&. 
3. For the first generator 𝐺6, we pass in 𝜙4&, along with a vector 𝑐 that indicates the 

category of item to generate. 𝐺6 then generates a 32×32 image F𝐱;& = 𝐺6 𝜙4& , 𝑐

F𝐱;% = 𝐺6 𝜙4% , 𝑐 , 𝜙4% = 𝐶B 𝑆! ,
𝑆! = 𝑥6, … , 𝑥9:6, F𝑥;!:6 = 𝑥6, … , 𝑥9:6, 𝐺!:6 𝐶 𝑆!:6 , 𝑐

Design of generator 𝐺!. Four up-sample blocks, with each using transposed convolution 
layer with 3×3 kernel, stride of 1 and padding of 1. 

The discriminator takes either a real image 𝐱 or a generated image F𝐱; along with a one-hot 
encoding vector 𝑐 indicating the target category for the generated image. 

Overall Process
1. Pass F𝐱;% through four convolution layers with kernel sizes of 5, with a leaky ReLU. 
2. The image is then flattened to become an image embedding. 
3. The image embedding is concatenated with the category vector c, to two separate fully 

connected layers to classify the image as real/fake and to predict its category. 

Loss function of the generator 𝐷!. The discriminator’s goal includes: (1) to correctly classify 
real and generated images (ℒ′"#$%/'$(#), and (2) to correctly classify the category of the 
generated image (ℒ′)$*). 

ℒ′"#$%/'$(# = 𝔼𝐱%~-"#$#,3~-"#$# log𝐷! 𝐱!, 𝑐 + 𝔼𝐳~-!,4~-"#$# log 1 − 𝐷! 𝐺! 𝜙4% , 𝑐 , 𝑐
ℒ?% = ℒ′"#$%/'$(# + ℒ′)$*

Dataset # of 
users

# of 
outfits

# of 
items

Polyvore 150 66,000 158,503

iFashion 3,569,112 127,169 4,463,302

Training

Training data: randomly split into 80% for training, 
10% for validation, and 10% for testing. 
Overall process.
1. Train the Compatibility Network
2. Use the trained Compatibility Network to train 

the OutfitGAN

Quality and Diversity

We measured the Inception Score (IS), 
Multi-Scale Structural Similarity Metric 
(MSSSIM), and the compatibility scores 
for the generated images for 100 
randomly chosen pairs of generated 
images.

Dataset Items Quality
(IS)

Diversity
(MS-SSIM)

Compatibility
(𝒎𝒔)

Polyvore Original 1.125 0.146 0.900

Generated 1.117 0.153 0.859

iFashion Original 1.128 0.151 0.910

Generated 1.119 0.180 0.863

Compatibility

• The generated items look realistic and all fall into the correct item categories
• Compatibility scores of the original and generated images are comparable

Figure 2. The architecture of our OutfitGAN.

Figure 1. The architecture of the Compatibility Network.

Table 1. Dataset statistics.

Table 2. Quality, diversity, and compatibility of
generated items.*

Figure 2. Designs generated by OutfitGAN given partial fashion outfits and specified fashion item
categories

* A higher Inception Score (IS) shows better quality and 
diversity. A lower MS-SSIM score shows better diversity

Conclusion

In this paper, we proposed OutfitGAN, a fashion design generation system that leverages AI 
to improve the concept of fashion-on-demand. OutfitGAN takes a partial outfit and generates 
new items that are compatible with it. OutfitGAN can be used for generating an entire new 
outfit or completing a partial one, leading to better fashion-on-demand.


