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ABSTRACT

In modern society, clothing has gradually become an important beauty-enhancing product, playing an important role in human's social life. Nevertheless, each outfit is 
composed of items of many different types (e.g. top, bottom, shoes) that share some complicated relationship with one another, how to make a suitable outfit has 
become a daily headache for many people, especially those who do not have much sense of aesthetics. In recent years, the booming fashion sector and its huge 
potential benefits have attracted tremendous attention from many research communities. Moreover, deep learning has garnered considerable recognition by 
researchers in many research fields such as computer vision and natural language processing, owing not only to stellar performance but also the attractive property of 
learning feature representations from scratch. The influence of deep learning is also pervasive, recently demonstrating its effectiveness when applied to information 
retrieval and outfit recommender systems research. In the light of this, many research efforts have been dedicated to the task of complementary clothing matching and 
have achieved great success relying on the advanced data-driven neural networks. However, finding suitable architectures, the selection and extraction of clothing 
features is a challenge for researchers. This article aims to provide a comprehensive review of recent research efforts on deep learning based clothing matching. More 
concretely, we first review the research on the clothing matching system and categorized deep learning-based clothing matching methods into two categories, namely 
collaborative method and content-based method. We then carry out a detailed introduction to this relevant research on deep learning based clothing matching. 
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1. INTRODUCTION:
With the influence of fashion magazines and fashion industries going online, 
clothing fashions are attracting more and more attention. According to the Fash-
ion United, the global fashion and apparel industry is valued of three trillion dol-
lars, making up two percent of the world's gross domestic product. The blossom 
of the fashion market demonstrates people's great demand of clothing. Clothing 
matching refers to coordinating complementary fashion items such as the tops 
and bottoms in styles and colors to achieve a decent and generous effect on the 
whole. In fact, clothing matching has become an indispensable part of people's 
daily life, since a properly coordinated outfit can improve one's appearance 
greatly. 

Clothing Matching, however, is a complex task that depends on subjective 
notions of style, context, and trend – all properties that may vary from one indi-
vidual to another and evolve over time. Obviously, clothes matching is a subjec-
tive issue rather than objective. so, it is impossible to simply and directly calcu-
late the degree of compatibility. In addition, there are various kinds of factors 
involving style, color, material and other factors, and the relationship among 
these factors is quite complicated. Therefore，the clothing matching system 
needs not only to follow personal preferences and appropriate dress codes, but 
also be creative when balancing factors such as color and style.

1.1 Background:
Fashion is a rapidly growing industry, which has motivated various research top-

[56,57,58] [54,53,55]ics in the fashion domain, such as recommendation , retrieval , 
[13,59,60] [61,62,63,64,65]fashionability prediction , and clothing parsing , etc. In this sec-

tion, we will provide a historical overview of the clothing matching system 
research. Although the research on clothing matching based on deep learning has 
become popular in recent years, many researchers have been involved in cloth-
ing matching in the early research. For example, as early as 2012, Si Liu et al. 

[1](2012)  developed a latent Support Vector Machine (SVM) based recommen-
dation system, magic closet. Given the user-specified reference clothing (upper-
body or lower-body) and a user-specified occasion, e.g., sporting or shopping, 
the magic closet system automatically recommends the most suitable clothing 
from online shops by considering the wearing properly and wearing aestheti-
cally principles. Compared with clothing matching, the research of clothing rec-

[2]ommendation is more extensive. Dandan Sha et al. (2016)  proposed a clothing 
recommendation method designed for shopping websites. In this method, a vari-
ety of features are extracted from the image and several attribute classifiers are 
trained to analyze the content of each feature under different attributes, so as to 
recommend clothing. Moreover, the research on personalized fashion recom-

[3,4,5]mendation has also aroused the interest of many researchers . For example, 
[3]Qiang Liu et al. (2017)  proposes a DeepStyle method for learning the style char-

acteristics of items and preferences of users. Based on the learned style features 
and the BPR framework, personalized recommendation can be performed.

Deep learning enjoys a massive hype at the moment. The past few decades have 
witnessed the tremendous success of the deep learning (DL) in many application 
domains such as computer vision and speech recognition. The academia and 
industry have been in a race to apply deep learning to a wider range of applica-

tions due to its capability in solving many complex tasks while providing start-
[6]of-the-art results . Recently, deep learning has been improving the performance 

of the clothing matching system dramatically. Recent advances in deep learning 
based clothing matching systems have gained significant attention by overcom-
ing obstacles of conventional models and achieving high quality clothing match-
ing. Deep learning is able to effectively capture various features of clothing, and 
enable the codification of more complex abstractions as data representations in 
the higher layers. Furthermore, it catches the intricate relationships within the 
data itself, from abundant accessible data sources such as contextual, textual and 

[7] [8]visual information . Vignesh Jagadeesh et al. (2014)  applied a data-driven 
approach to fashion recommendations for the first time and confirmed that the 
power of data-driven analysis is over perceptually driven models. data-driven 
Models can learn intuitive domain insights directly from the data, without 
requiring human in the loop. 

The development of deep learning has greatly increased the demand for clothing 
matching datasets and their labeling. But manual tagging is extremely difficult: 
on one hand, a fashion concept is often subtle and subjective, and it is nontrivial 
to get consensus from ordinary labelers if they are not fashion experts. On the 
other hand, there may be a large number of attributes for describing fashion, for 

[13]
which it is very difficult to obtain exhaustive labels . So, several pioneering 
researchers have turned to other sources, where rich data can be harvested auto-

[14]matically. For example, Hu et al. (2015)  investigated the problem of personal-
ized outfit recommendation with a dataset collected from Polyvore. McAuley et 

[9]al. (2015)  proposed a general framework to model the human visual preference 
for a given pair of objects based on the Amazon real-world co-purchase dataset.

1.2 Overview of Clothing Matching Systems and Deep Learning:
Before we dive into the details of this survey, we start with an introduction to the 
basic terminology and concepts regarding clothing matching system and deep 
learning techniques.

a)  Clothing Matching Systems: 
 Clothing matching refers to coordinating complementary fashion items 

such as the tops and bottoms in styles and colors to achieve a decent and 
generous effect on the whole. Clothing matching is a new research 
branch. The earliest research on clothing collocation was done by Iwata 

[15]et al.  in 2011, a topic model was proposed to recommend tops for bot-
toms with a small dataset collected from magazines. 

 In recent years, with the development of deep learning, more and more 
research efforts dedicated to the study of clothing matching, which can 

[22] [34,35,36]be roughly organized into two groups : collaborative methods  
[1,9,14]and content-based methods . The former one recommends fashion 

items that people with similar tastes and preferences liked based on 
[37] [34]their historical behaviors , such as the users' purchase behaviors , 
[35] [36]users' textual descriptions  and the behaviors of other users . The lat-

ter one tackles the problem by modeling the human preferences 
[1,9,14]between fashion items based on their visual compatibility .
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b) Deep Learning: 
 Convolutional Neural Network (CNN): A CNN is a multi-layer network 

having convolutional layers. Each layer consists of a number of filters. 
A filter is applied to the various local sub-regions of the image giving 
rise to a feature map. A CNN requires fewer parameters as the features 
are directly extracted from content such as product image or product 
review text. In a deep multi-layer CNN, the different layers learn differ-

[9]ent image features . A common technique is to extract features from an 
[10]image of a product using a pre-trained CNN .

 Recurrent Neural Network (RNN): RNNs model sequential data, cap-
ture memory of the past and can be trained by unfolding and doing back 
propagation through time. However, simple RNNs often fail to capture 
long distance temporal dependencies. Long Short Term Memory net-
work (LSTM) and Gated Recurrent Unit (GRU) have been proposed to 

[6]address this issue and have performed very well . They enable recom-
mender systems to model content sequences or temporal dynamics. 
RNNs have been used for session-based recommendations. Chaoyuan 

[20]Wu et al. (2017)  uses LSTMs to capture temporal dependencies of 
[10]users and items .

 [27] Graph Neural Networks (GNN) : The research on GNNs is closely 
related to graph embedding or network embedding, another topic which 
attracts increasing attention from both the data mining and machine 

[28], [29], [30], [31]learning communities . GNNs are deep learning models aim-
ing at addressing graph-related tasks in an end-to-end manner. Many 
GNNs explicitly extract high-level representations. The main distinc-
tion between GNNs and network embedding is that GNNs are a group 
of neural network models which are designed for various tasks while 
network embedding covers various kinds of methods targeting the 
same task. Therefore, GNNs can address the network embedding prob-

[25]lem through a graph autoencoder framework .

2 . METHODS: STATE-OF-THE-ART:
In recent years, numerous new clothing matching methods have been proposed, 
with a growing emphasis on neural network-based approaches. In this survey, we 
will focus on the study of clothing matching by using clothing content to learn 

[1,9,14,16,20,25]clothing compatibility , as is most commonly studied. Another case is 
[34,35,36]collaborative methods .

2.1 Content-based Clothing Matching:
In the fashion domain, discovering items that are functionally complementary or 

9,45]visually compatible is important. Previous work [  on the problem of fashion 
compatibility prediction uses models that mainly perform pair-wise compari-

[42]sons between items based on item information such as image, category, tittle , . 
[25,26,42]. . , etc. There are many methods, such as graph neural networks , Bayesian 

[19-24] [16,17,18]Personalized Ranking (BPR) , image embedding strategy , etc. In the 
following chapter, we will introduce these clothing matching methods respec-
tively.

a)  Bayesian Personalized Ranking (BPR): 
 BPR was proposed to solve the ranking task between items. BPR is a 

ranking algorithm, which is an algorithm framework that can be applied 
to various existing recommendation algorithms. The modeling objec-
tive of this algorithm framework is to optimize the order between items 
and solve the ranking task between recommended items. Another mod-
eling objective is to solve the problem that the implicit feedback data 

[19]cannot show the user preference .

 [24] In 2017, Xuemeng Song et al.  proposed a content-based neural 
scheme to model the compatibility between fashion items based on the 
Bayesian Personalized Ranking (BPR) framework, which can jointly 
model the coherent relationship between different modalities of fashion 
items and their implicit preference, as shown in Figure 1. Then, many 
researchers have proposed many new fashion clothes matching and rec-
ommendation scheme based on improving the method of Neural Com-

[20,21,22 23,24,41] [20]patibility Modeling , . Such as , unlike the most basic 
convolutional neural network trained on ImageNet to extract visual fea-
tures, Guangyu Gao et al. (2019) chose to represent such a similarity 
function for feature extraction in terms of a deep convolutional neural 

[32,33] [24]of Siamese Network . Meanwhile, Song et al.  constructed the 
[20]FashionVC Dataset, Guangyu Gao et al.  constructed a more unsuper-

vised dataset, named MbFashion, from a huge amount number of fash-
ion items from MicroBlog.
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Figure 1: Neural Compatibility Modeling. A dual autoencoder network was employed to learn the latent compatibility space, where they jointly model the 
coherent relationship between visual and contextual modalities and the implicit preference among items via the Bayesian Personalized Ranking. C: category, T: 
title. “->” indicates the category hierarchy [24].

 Different from the above studies, to help designer, brands and consum-
ers to comprehend importance of different attributes in an outfit compo-
sition, an increasing number of researches related to deep learning 
based interpretable fashion matching emerged. Xianjing Han et al. 

[38](2019)  proposed a prototype-guided attribute-wise interpretable 

compatibility modeling (PAICM) scheme. By combining neural net-
work with matrix factorization, they solved three problems, namely, 
matching of complementary clothing, identification of discordant fac-
tors, and retrieval of replacement clothing. The overall framework of 
the model is shown in Figure 2 below:



Figure 2: Illustration of PAICM. They obtain the semantic attribute representations via the pre-trained attribute classification network, based on which they model 
the compatibility of complementary clothing by MLP to judge whether it was compatible or not. At the same time, they employ the NMF to explore the latent 
compatible and incompatible attribute interaction prototypes. Ultimately, the authors jointly regularize the latent prototype learning and compatibility modeling with 

[38]the BPR framework .
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 Specifically, to solve the latter two problems, the author uses the latent 
attribute-based compatible prototypes learned by the above model as 
templates to identify the discordant attributes in incompatible outfits. 
Then, the semantic representation of the incompatible outfit is modified 
based on the found discordant attributes, and the new item is retrieved 
based on the modified semantic representation. Firstly, the author find 
the most similar compatible prototype P   with the incompatible outfit l*

ɡ  by calculating the Euclidean distance, and calculates the attribute-ik

wise distance of ɡ and P   , so as to identify the most discordant attrib-ik l*

ute that causes the incompatibility as follows:

                                                                      
                                                                      (1)

                                                           (2)

 Where de (i,k,l*,z) and Mz denotes the attribute difference between (ti,bk 
) (top ti  and bottom bk ) and Pl* regarding the z-th attribute and the num-
ber of possible values for the z-th attribute, respectively. Based on the 
semantic attribute representation of the new outfit, the items that can be 
replaced can be retrieved by Euclidian distance, thus the task of cloth-
ing matching is fully completed.

[39] To the same end, Xun Yang et al. (2019)  proposed a solution named 
Attribute-based Interpretable Compatibility (AIC) method, and con-
structed a Lookastic dataset with fashion attributes available. Similar to 
[38], given a corpus of matching pairs, they first learn the interpretable 
matching patterns that lead to good matches. Specifically, the author 

first automatically extracted decision rules on matching prediction by 
using a decision tree method. Then, they designed an embedding mod-
ule to explicitly learn the vector representation for each rule by preserv-
ing the semantics of attributes in the rule. They further proposed a joint 
modeling module that unifies the visual embedding and attribute-based 
rule embedding to predict the matching score. To enhance the 
interpretability, they designed an attention network to select the most 
informative matching patterns, making the overall prediction process 

[39]easy-to-interpret .

b)  Graph Neural Networks:
 Extending neural networks to work with graph structured data was first 

 [43] [44]proposed by Gori et al.  and Scarselli et al. . The interest in this topic 
resurged recently, with the proposal of spectral graph neural networks 
[45] [46, 47] and its improvements . In fact, graph neural networks have been 
applied to product recommendation, which is similar to product com-

 [42]patibility prediction .

[42] Recently, Guillem Cucurull et al. (2019)  address the compatibility 
prediction problem using a graph neural network that learns to generate 
product embeddings conditioned on their context. Specifically, the 

[49]author used the graph auto-encoder framework , which defines an 
encoder that computes node embeddings and a decoder that is applied 
on the embedding of each product. They represented clothing items and 
their pairwise compatibility as a graph, where vertices are the fashion 
items and edges connect pairs of items that are compatible; they then 
used a graph neural network based model to learn to predict edges. The 
network structure is as shown in Figure 3.

Figure 3: The network consists of an encoder, which computes new embeddings for each product depending on their connections, and a decoder that predicts the 
compatibility score of two items.  Given the nodes x   and x    they want to compute their compatibility.  The encoder computes the embeddings of the nodes by 1 2(a) (b)
using L graph convolutional layers that merge information from their neighbours.  The decoder computes the compatibility score using the embeddings computed (c)

[42]with the encoder .
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2.2  Collaborative Methods:
 The clothing matching is a rather subjective issue, as different people 

may have different tastes in clothing matching. Moreover, the aesthetic 
tastes of consumers also change with time, either in short term, or in 
long term. Unlike content-based research, the collaborative method for 
clothing matching focuses on recommending fashion items that are pop-
ular with people with similar tastes and preferences.

[50] Wenhui Yu et al. (2018)  proposed to introduce the aesthetic informa-
tion, which is highly relevant with user preference, into clothing recom-
mender systems. To capture the diversity of the aesthetic preference 
among consumers and over time, they proposed a Dynamic Collabora-
tive Filtering (DCF) model trained with coupled matrices to mitigate 

[51]the sparsity problem . The author then combined it with the additional 
image features (concatenated aesthetic and CNN features) and termed 
the method as Dynamic Collaborative Filtering model with Aesthetic 

[50] [21]Features (called DCFA) . Xuemeng Song et al. (2019)  presented a 
personalized compatibility modeling scheme GP-BPR, which mea-
sures the compatibility between fashion items from not only the general 
aesthetics but also the personal preference perspectives. In particular, 
they integrated the visual and contextual data of fashion items into the 
personal preference modeling. Moreover, they created a large-scale 
real-world dataset, IQON3000. Specifically, incorporating a content-
based approach, GP-BPR consists of two essential components: gen-
eral compatibility modeling and personal preference modeling. The 
content-based general compatibility modeling works on learning the 
latent compatibility space shared by complementary items to character-
ize the item-item interactions towards clothing matching. Meanwhile, 
the personal preference modeling focuses on exploiting the latent pref-
erence factor based on the multi-modal data of fashion items and hence 

[21]captures the user-item interactions comprehensively .

3. CONCLUSIONS:
In this article, we provided an extensive review of the historical research of 
clothing matching system and the most notable works to date on deep learning 
based clothing matching systems. We introduced related research work accord-
ing to the classification of clothing matching research methods, and highlighted 
a bunch of influential research methods. Both deep learning and recommender 
systems are ongoing hot research topics in the recent decades. We hope this sur-
vey will enable readers to have a deeper understanding of this field, and hope 
more and more good works will emerge.
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