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Abstract

Fashion recommendation is the task of suggesting a fash-

ion item that fits well with a given item. In this work, we

propose to automatically synthesis new items for recom-

mendation. We jointly consider the two key issues for the

task, i.e., compatibility and personalization. We propose

a personalized fashion design framework with the help of

generative adversarial training. A convolutional network is

first used to map the query image into a latent vector repre-

sentation. This latent representation, together with another

vector which characterizes user’s style preference, are taken

as the input to the generator network to generate the target

item image. Two discriminator networks are built to guide

the generation process. One is the classic real/fake discrim-

inator. The other is a matching network which simultane-

ously models the compatibility between fashion items and

learns users’ preference representations. The performance

of the proposed method is evaluated on thousands of outfits

composited by online users. The experiments show that the

items generated by our model are quite realistic. They have

better visual quality and higher matching degree than those

generated by alternative methods.

1. Introduction

With the rapid evolution of the fashion industry toward

an online business, fashion related computer vision prob-

lems have attracted increasing attention nowadays. One

task that is of particular interest is fashion recommenda-

tion [4,7,9,10,16,21,35–37], which suggests clothing items

that fit well with a given item. The key to fashion rec-

ommendation is to model the compatibility between fash-

ion items. Various methods such as distance metric learn-

ing [7,25,36], Siamese networks [37] and Recurrent Neural

Networks [4, 16] have been explored. Despite of their suc-

cess in predicting the compatibility, there are still problems
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Figure 1. Example outfits our model designs. In the upper case,

we design bottoms (items in red box) to go with the given tops,

and in the lower case, we design tops (items in red box) to go with

the given bottoms. All these designs are user specific.

when applying them in real world scenarios. Note that these

methods only measure the compatibility between existing

items. When the given inventory is small or limited, it is

possible that there is no item good enough to complement

the query. On the other hand, when the inventory is large,

generating the recommendation may face some efficiency

problem since one needs to compute the compatibility for

each item, which is computational expensive due to the us-

age of deep neural networks by most methods.

In this work, instead of suggesting existing items, we

synthesize images of new items that are compatible to a

given one. This solves the deficit problem for small inven-

tory. For large inventory, when targeting real items is neces-

sary, we can just search items that are similar with the syn-

thesized one. This is more efficient than exhaustive com-

patibility evaluation since similarity search can be very fast
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with techniques like hashing. The ability to generate new

items for outfit composition also facilitates fashion design

and manufacture. It helps producers to create and iterate

their designs more quickly.

Besides general compatibility, we also consider the per-

sonal issue when synthesizing the complement item. Per-

sonalization is an important trend in fashion industry. Given

the same query item, different persons may prefer different

items to complement it. While personalized recommenda-

tion has been prevalent in areas like movie and music rec-

ommendation, most recommendations for fashion are still

not user specific. Among the few works that explored per-

sonalization, Hu [10] showed that their personalized model

is more capable of picking out outfits that suit users’ taste

than unpersonalized methods. Kang [13] presented a model

to generate new item images of some category for a user.

Although their recommendation was personalized, since no

query item was provided in their setting, they did not con-

sider the compatibility between items. Our method synthe-

sizes new fashion items that go together with a given item

according to the style preference of a user.

In this paper, we build our personalized fashion designer

using the generative adversarial training framework. Gener-

ative Adversarial Networks (GANs) [3] have achieved great

success in synthesizing realistic images for different appli-

cations. Here we apply it for personalized fashion design.

We first use an encoder network to map the query image into

a latent vector representation. This latent representation, to-

gether with another vector which characterizes user’s style

preference, are taken as the input to the generator network,

which generates the target item image. Two discriminator

networks are build to guide the generation process. One

is the classic discriminator which learns to classify real and

fake images. The other is a matching network which models

the compatibility between fashion items. This network also

learns users’ preference representations, which contribute

to both compatibility measure and item generation.

We evaluate the performance of our method on thou-

sands of outfits created by online users. We show that

modeling users’ style preferences and using the compatibil-

ity discriminator are important for producing good designs.

The images generated by our model are realistic and full of

details. They have better visual quality and higher matching

degree than those generated by the baseline methods.

2. Related Work

Many studies have been conducted on fashion related

vision problems. Exemplary research includes clothing

parsing [17, 40], clothing recognition [19, 38], fashion re-

trieval [18, 42], fashion trend prediction [1, 6], etc.

Compatibility and recommendation Prior works ex-

plore various ways to model the compatibility between

fashion items [4, 9, 32, 36, 37]. Veit et al. [37] used a

Siamese CNN architecture to learn compatibility between

co-purchased items. Han et al. [4] trained a bidirectional

LSTM model to sequentially predict the next item condi-

tioned on previous ones. Vasileva et al. [36] proposed to

learn type-aware embedding for compatibility prediction.

All these prior works focused on modeling the compati-

bility between existing fashion items. Our method, on the

other hand, synthesizes garment photos that complement

the given items. We use compatibility to guide the gener-

ating process. The work most similar to us is [32], which

introduced a projected compatibility distance to measure

compatibility and a metric-regularized conditional GAN to

visualize the learned compatible prototypes. However, they

did not consider the personalization issue as our model.

Fashion synthesis Due to the high demand for real-

life applications, fashion synthesis has gained increasing

popularity recently. Given an image of a person and a

piece of texture description, Zhu et al. [43] proposed a

two-stage GAN approach for generating new clothing on

the person. Han et al. [5] presented an image-based vir-

tual try-on network to transfer a clothing item onto a per-

son. Yoo [41] generated product photos of clothings from

images of dressed persons. In [29], a SwapNet that inter-

changed garments between images of two people was pre-

sented. There were also many interests in synthesizing im-

ages of people in arbitrary poses while keeping their cloth-

ing unchanged [22, 28, 33]. In most of these synthesis, the

fashion items were kept the same. Only their appearances or

modalities were changed after the translation. In our case,

the output is different from the input even in categories.

They are linked through the underlying coordinating rela-

tionships.

Conditional GANs GANs have been vigorously studied

in the conditional setting, which learn a conditional gen-

erative model of data. Previous works have conditioned

GANs on discrete labels [26], text [30], as well as im-

ages [2, 15, 20, 24]. Isola et al. [11] proposed a generic

solution for different image-to-image translation problems.

Promising results were obtained for a variety of mappings

like labels to street scene, edges to photo, etc. Kim et

al. [14] designed a model to learn bidirectional mapping be-

tween two unpaired image domains. Note that the semantic

structure of the images were mostly kept the same during

the translations in these works. Our work differs in that the

semantic layouts of the images generated are different from

those of their corresponding inputs.

3. Our Approach

The task of personalized fashion design is to produce a

fashion item for a specific user given an input query item.

There are two general requirements for the design: (1) re-

alness requirement, which means that the designed item

should look realistic; (2) compatibility requirement, i.e. the
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M <latexit sha1_base64="xKpZTpyswJI08PhHcuv1Htnsh5k=">AAAB6HicbZDLSgMxFIbPeK31VnXpJlgEV2VGBN1ZcONGaMFeoB1KJj3TxmYyQ5IRytAncONCke7Et/A13Pk2ppeFtv4Q+Pj/c8g5J0gE18Z1v52V1bX1jc3cVn57Z3dvv3BwWNdxqhjWWCxi1QyoRsEl1gw3ApuJQhoFAhvB4GaSNx5RaR7LezNM0I9oT/KQM2qsVb3rFIpuyZ2KLIM3h+L153j8DgCVTuGr3Y1ZGqE0TFCtW56bGD+jynAmcJRvpxoTyga0hy2Lkkao/Ww66IicWqdLwljZJw2Zur87MhppPYwCWxlR09eL2cT8L2ulJrzyMy6T1KBks4/CVBATk8nWpMsVMiOGFihT3M5KWJ8qyoy9Td4ewVtceRnq5yXPLXlVr1i+gJlycAwncAYeXEIZbqECNWCA8AQv8Oo8OM/OmzOela44854j+CPn4wdkhY+K</latexit><latexit sha1_base64="M/zeMB9SCDtztjIJIJLN0zAMTHQ=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeCFy9CC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53CxubW9k5xt7S3f3B4VD4+aes4VQxbLBax6gZUo+ASW4Ybgd1EIY0CgZ1gcjv3O0+oNI/lg5km6Ed0JHnIGTVWat4PyhW36i5A1omXkwrkaAzKX/1hzNIIpWGCat3z3MT4GVWGM4GzUj/VmFA2oSPsWSpphNrPFofOyIVVhiSMlS1pyEL9PZHRSOtpFNjOiJqxXvXm4n9eLzXhjZ9xmaQGJVsuClNBTEzmX5MhV8iMmFpCmeL2VsLGVFFmbDYlG4K3+vI6aV9VPbfqNb1K/TqPowhncA6X4EEN6nAHDWgBA4RneIU359F5cd6dj2VrwclnTuEPnM8fn+eMwA==</latexit>M <latexit sha1_base64="xKpZTpyswJI08PhHcuv1Htnsh5k=">AAAB6HicbZDLSgMxFIbPeK31VnXpJlgEV2VGBN1ZcONGaMFeoB1KJj3TxmYyQ5IRytAncONCke7Et/A13Pk2ppeFtv4Q+Pj/c8g5J0gE18Z1v52V1bX1jc3cVn57Z3dvv3BwWNdxqhjWWCxi1QyoRsEl1gw3ApuJQhoFAhvB4GaSNx5RaR7LezNM0I9oT/KQM2qsVb3rFIpuyZ2KLIM3h+L153j8DgCVTuGr3Y1ZGqE0TFCtW56bGD+jynAmcJRvpxoTyga0hy2Lkkao/Ww66IicWqdLwljZJw2Zur87MhppPYwCWxlR09eL2cT8L2ulJrzyMy6T1KBks4/CVBATk8nWpMsVMiOGFihT3M5KWJ8qyoy9Td4ewVtceRnq5yXPLXlVr1i+gJlycAwncAYeXEIZbqECNWCA8AQv8Oo8OM/OmzOela44854j+CPn4wdkhY+K</latexit><latexit sha1_base64="M/zeMB9SCDtztjIJIJLN0zAMTHQ=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeCFy9CC/YD2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53CxubW9k5xt7S3f3B4VD4+aes4VQxbLBax6gZUo+ASW4Ybgd1EIY0CgZ1gcjv3O0+oNI/lg5km6Ed0JHnIGTVWat4PyhW36i5A1omXkwrkaAzKX/1hzNIIpWGCat3z3MT4GVWGM4GzUj/VmFA2oSPsWSpphNrPFofOyIVVhiSMlS1pyEL9PZHRSOtpFNjOiJqxXvXm4n9eLzXhjZ9xmaQGJVsuClNBTEzmX5MhV8iMmFpCmeL2VsLGVFFmbDYlG4K3+vI6aV9VPbfqNb1K/TqPowhncA6X4EEN6nAHDWgBA4RneIU359F5cd6dj2VrwclnTuEPnM8fn+eMwA==</latexit>

Neg.

DataSet

!
<latexit sha1_base64="p7iMFSHLOWhGl1CeOUI+Azeok78=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvgqSRe9GbBi8cKphXaUDabTbt0sxt2J0IJ/Q1ePCji1R/kzT/i2U3bg7Y+GHi8N8PMvCgT3KDnfTmVtfWNza3qdm1nd2//oH541DEq15QFVAmlHyJimOCSBchRsIdMM5JGgnWj8U3pdx+ZNlzJe5xkLEzJUPKEU4JWCvoqVjioN7ymN4O7SvwFaVx/v0OJ9qD+2Y8VzVMmkQpiTM/3MgwLopFTwaa1fm5YRuiYDFnPUklSZsJiduzUPbNK7CZK25LoztTfEwVJjZmkke1MCY7MsleK/3m9HJOrsOAyy5FJOl+U5MJF5ZafuzHXjKKYWEKo5vZWl46IJhRtPjUbgr/88irpXDR9r+nf+Y2WB3NU4QRO4Rx8uIQW3EIbAqDA4Qle4NWRzrPz5syDg4qzmDmGP3A+fgBceZB7</latexit><latexit sha1_base64="XLlPTfhZWseVCr3MTdi7zUlRfQ0=">AAAB7HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5stAzYWEbwEiE5wt7eXrJkb/fYnRNCyG+wsVDE1h9k579xk1yhiQ8GHu/NMDMvzqWw6PvfXmVjc2t7p7pb29s/ODyqH590rC4M4yHTUpvHmFouheIhCpT8MTecZrHk3Xh8O/e7T9xYodUDTnIeZXSoRCoYRSeFfZ1oHNQbftNfgKyToCQNKNEe1L/6iWZFxhUySa3tBX6O0ZQaFEzyWa1fWJ5TNqZD3nNU0YzbaLo4dkYunJKQVBtXCslC/T0xpZm1kyx2nRnFkV315uJ/Xq/A9CaaCpUXyBVbLkoLSVCT+eckEYYzlBNHKDPC3UrYiBrK0OVTcyEEqy+vk85VM/CbwX3QaPllHFU4g3O4hACuoQV30IYQGAh4hld485T34r17H8vWilfOnMIfeJ8/5QSOqQ==</latexit>

!
<latexit sha1_base64="p7iMFSHLOWhGl1CeOUI+Azeok78=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvgqSRe9GbBi8cKphXaUDabTbt0sxt2J0IJ/Q1ePCji1R/kzT/i2U3bg7Y+GHi8N8PMvCgT3KDnfTmVtfWNza3qdm1nd2//oH541DEq15QFVAmlHyJimOCSBchRsIdMM5JGgnWj8U3pdx+ZNlzJe5xkLEzJUPKEU4JWCvoqVjioN7ymN4O7SvwFaVx/v0OJ9qD+2Y8VzVMmkQpiTM/3MgwLopFTwaa1fm5YRuiYDFnPUklSZsJiduzUPbNK7CZK25LoztTfEwVJjZmkke1MCY7MsleK/3m9HJOrsOAyy5FJOl+U5MJF5ZafuzHXjKKYWEKo5vZWl46IJhRtPjUbgr/88irpXDR9r+nf+Y2WB3NU4QRO4Rx8uIQW3EIbAqDA4Qle4NWRzrPz5syDg4qzmDmGP3A+fgBceZB7</latexit><latexit sha1_base64="XLlPTfhZWseVCr3MTdi7zUlRfQ0=">AAAB7HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5stAzYWEbwEiE5wt7eXrJkb/fYnRNCyG+wsVDE1h9k579xk1yhiQ8GHu/NMDMvzqWw6PvfXmVjc2t7p7pb29s/ODyqH590rC4M4yHTUpvHmFouheIhCpT8MTecZrHk3Xh8O/e7T9xYodUDTnIeZXSoRCoYRSeFfZ1oHNQbftNfgKyToCQNKNEe1L/6iWZFxhUySa3tBX6O0ZQaFEzyWa1fWJ5TNqZD3nNU0YzbaLo4dkYunJKQVBtXCslC/T0xpZm1kyx2nRnFkV315uJ/Xq/A9CaaCpUXyBVbLkoLSVCT+eckEYYzlBNHKDPC3UrYiBrK0OVTcyEEqy+vk85VM/CbwX3QaPllHFU4g3O4hACuoQV30IYQGAh4hld485T34r17H8vWilfOnMIfeJ8/5QSOqQ==</latexit>Score

…

User n

…

…

…

Pos.

!
<latexit sha1_base64="p7iMFSHLOWhGl1CeOUI+Azeok78=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvgqSRe9GbBi8cKphXaUDabTbt0sxt2J0IJ/Q1ePCji1R/kzT/i2U3bg7Y+GHi8N8PMvCgT3KDnfTmVtfWNza3qdm1nd2//oH541DEq15QFVAmlHyJimOCSBchRsIdMM5JGgnWj8U3pdx+ZNlzJe5xkLEzJUPKEU4JWCvoqVjioN7ymN4O7SvwFaVx/v0OJ9qD+2Y8VzVMmkQpiTM/3MgwLopFTwaa1fm5YRuiYDFnPUklSZsJiduzUPbNK7CZK25LoztTfEwVJjZmkke1MCY7MsleK/3m9HJOrsOAyy5FJOl+U5MJF5ZafuzHXjKKYWEKo5vZWl46IJhRtPjUbgr/88irpXDR9r+nf+Y2WB3NU4QRO4Rx8uIQW3EIbAqDA4Qle4NWRzrPz5syDg4qzmDmGP3A+fgBceZB7</latexit><latexit sha1_base64="XLlPTfhZWseVCr3MTdi7zUlRfQ0=">AAAB7HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5stAzYWEbwEiE5wt7eXrJkb/fYnRNCyG+wsVDE1h9k579xk1yhiQ8GHu/NMDMvzqWw6PvfXmVjc2t7p7pb29s/ODyqH590rC4M4yHTUpvHmFouheIhCpT8MTecZrHk3Xh8O/e7T9xYodUDTnIeZXSoRCoYRSeFfZ1oHNQbftNfgKyToCQNKNEe1L/6iWZFxhUySa3tBX6O0ZQaFEzyWa1fWJ5TNqZD3nNU0YzbaLo4dkYunJKQVBtXCslC/T0xpZm1kyx2nRnFkV315uJ/Xq/A9CaaCpUXyBVbLkoLSVCT+eckEYYzlBNHKDPC3UrYiBrK0OVTcyEEqy+vk85VM/CbwX3QaPllHFU4g3O4hACuoQV30IYQGAh4hld485T34r17H8vWilfOnMIfeJ8/5QSOqQ==</latexit>

!
<latexit sha1_base64="p7iMFSHLOWhGl1CeOUI+Azeok78=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvgqSRe9GbBi8cKphXaUDabTbt0sxt2J0IJ/Q1ePCji1R/kzT/i2U3bg7Y+GHi8N8PMvCgT3KDnfTmVtfWNza3qdm1nd2//oH541DEq15QFVAmlHyJimOCSBchRsIdMM5JGgnWj8U3pdx+ZNlzJe5xkLEzJUPKEU4JWCvoqVjioN7ymN4O7SvwFaVx/v0OJ9qD+2Y8VzVMmkQpiTM/3MgwLopFTwaa1fm5YRuiYDFnPUklSZsJiduzUPbNK7CZK25LoztTfEwVJjZmkke1MCY7MsleK/3m9HJOrsOAyy5FJOl+U5MJF5ZafuzHXjKKYWEKo5vZWl46IJhRtPjUbgr/88irpXDR9r+nf+Y2WB3NU4QRO4Rx8uIQW3EIbAqDA4Qle4NWRzrPz5syDg4qzmDmGP3A+fgBceZB7</latexit><latexit sha1_base64="XLlPTfhZWseVCr3MTdi7zUlRfQ0=">AAAB7HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5stAzYWEbwEiE5wt7eXrJkb/fYnRNCyG+wsVDE1h9k579xk1yhiQ8GHu/NMDMvzqWw6PvfXmVjc2t7p7pb29s/ODyqH590rC4M4yHTUpvHmFouheIhCpT8MTecZrHk3Xh8O/e7T9xYodUDTnIeZXSoRCoYRSeFfZ1oHNQbftNfgKyToCQNKNEe1L/6iWZFxhUySa3tBX6O0ZQaFEzyWa1fWJ5TNqZD3nNU0YzbaLo4dkYunJKQVBtXCslC/T0xpZm1kyx2nRnFkV315uJ/Xq/A9CaaCpUXyBVbLkoLSVCT+eckEYYzlBNHKDPC3UrYiBrK0OVTcyEEqy+vk85VM/CbwX3QaPllHFU4g3O4hACuoQV30IYQGAh4hld485T34r17H8vWilfOnMIfeJ8/5QSOqQ==</latexit>

User u<latexit sha1_base64="PZbQq2uFHOsWLXi27R9h64x+F68=">AAAB63icbZDLSgMxFIbP1Fsdb1WXboJFcFVmutGNWHDjsoLTFtqhZNJMG5pkhiQjlKHgE7hxoYhbn8H3cOfLqOlloa0/BD7+/xxyzolSzrTxvE+nsLK6tr5R3HS3tnd290r7Bw2dZIrQgCQ8Ua0Ia8qZpIFhhtNWqigWEafNaHg1yZt3VGmWyFszSmkocF+ymBFsrBVB9vXdLZW9ijcVWgZ/DuXLd/fiHgDq3dJHp5eQTFBpCMdat30vNWGOlWGE07HbyTRNMRniPm1blFhQHebTWcfoxDo9FCfKPmnQ1P3dkWOh9UhEtlJgM9CL2cT8L2tnJj4PcybTzFBJZh/FGUcmQZPFUY8pSgwfWcBEMTsrIgOsMDH2PK49gr+48jI0qhXfq/g3frlWhZmKcATHcAo+nEENrqEOARAYwAM8wbMjnEfnxXmdlRacec8h/JHz9gO/L5DM</latexit><latexit sha1_base64="70313ErJFNy/NyhvIa0hW0Lb2jI=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBmwsYxgPiAJYW+zlyzZ3Tt254Rw5C/YWChi6x+y88+om+QKTXww8Hhvhpl5YSKFRd//9Aobm1vbO8Xd0t7+weFR+fikZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB1ObuZ++4EbK2J9j9OE9xUdaREJRtFJIaRf34Nyxa/6C5B1EuSkAjkag/JHbxizVHGNTFJru4GfYD+jBgWTfFbqpZYnlE3oiHcd1VRx288Wt87IhVOGJIqNK41kof6eyKiydqpC16koju2qNxf/87opRtf9TOgkRa7ZclGUSoIxmT9OhsJwhnLqCGVGuFsJG1NDGbp4Si6EYPXlddKqVQO/GtwFlXotj6MIZ3AOlxDAFdThFhrQBAZjeIRnePGU9+S9em/L1oKXz5zCH3jvP2Wnjw8=</latexit>u<latexit sha1_base64="PZbQq2uFHOsWLXi27R9h64x+F68=">AAAB63icbZDLSgMxFIbP1Fsdb1WXboJFcFVmutGNWHDjsoLTFtqhZNJMG5pkhiQjlKHgE7hxoYhbn8H3cOfLqOlloa0/BD7+/xxyzolSzrTxvE+nsLK6tr5R3HS3tnd290r7Bw2dZIrQgCQ8Ua0Ia8qZpIFhhtNWqigWEafNaHg1yZt3VGmWyFszSmkocF+ymBFsrBVB9vXdLZW9ijcVWgZ/DuXLd/fiHgDq3dJHp5eQTFBpCMdat30vNWGOlWGE07HbyTRNMRniPm1blFhQHebTWcfoxDo9FCfKPmnQ1P3dkWOh9UhEtlJgM9CL2cT8L2tnJj4PcybTzFBJZh/FGUcmQZPFUY8pSgwfWcBEMTsrIgOsMDH2PK49gr+48jI0qhXfq/g3frlWhZmKcATHcAo+nEENrqEOARAYwAM8wbMjnEfnxXmdlRacec8h/JHz9gO/L5DM</latexit><latexit sha1_base64="70313ErJFNy/NyhvIa0hW0Lb2jI=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBmwsYxgPiAJYW+zlyzZ3Tt254Rw5C/YWChi6x+y88+om+QKTXww8Hhvhpl5YSKFRd//9Aobm1vbO8Xd0t7+weFR+fikZePUMN5ksYxNJ6SWS6F5EwVK3kkMpyqUvB1ObuZ++4EbK2J9j9OE9xUdaREJRtFJIaRf34Nyxa/6C5B1EuSkAjkag/JHbxizVHGNTFJru4GfYD+jBgWTfFbqpZYnlE3oiHcd1VRx288Wt87IhVOGJIqNK41kof6eyKiydqpC16koju2qNxf/87opRtf9TOgkRa7ZclGUSoIxmT9OhsJwhnLqCGVGuFsJG1NDGbp4Si6EYPXlddKqVQO/GtwFlXotj6MIZ3AOlxDAFdThFhrQBAZjeIRnePGU9+S9em/L1oKXz5zCH3jvP2Wnjw8=</latexit>  

Gen.

…

Preference Matrix

Real/fake Discriminator

Compatibility Discriminator

Generator

xq
<latexit sha1_base64="Ee2Y8qoPxz1jCFTPeILauSkPSu4=">AAAB73icbZDLSgMxFIbP1Futt6pLN8EiuCoTN7pwUXDjRqhoL9AOJZNm2tAkM00yYhn6Em5cKOLW13HnzkcxvSy09YfAx/+fQ845YSK4sb7/5eVWVtfWN/Kbha3tnd294v5B3cSppqxGYxHrZkgME1yxmuVWsGaiGZGhYI1wcDXJGw9MGx6reztKWCBJT/GIU2Kd1WyHMnscd4adYskv+1OhZcBzKFXQzd03AFQ7xc92N6apZMpSQYxpYT+xQUa05VSwcaGdGpYQOiA91nKoiGQmyKbzjtGJc7ooirV7yqKp+7sjI9KYkQxdpSS2bxaziflf1kptdBFkXCWpZYrOPopSgWyMJsujLteMWjFyQKjmblZE+0QTat2JCu4IeHHlZaiflbFfxre4VLmEmfJwBMdwChjOoQLXUIUaUBDwBC/w6g29Z+/Ne5+V5rx5zyH8kffxA/GQkgw=</latexit><latexit sha1_base64="DcgjP4gsI0Fsiqllvb+MoA9KyhE=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswp2NFhYBG8sI5gOSEPY2e8mS3b3L7pwYjvwJGwtFbP07dv4bN8kVmvhg4PHeDDPzwkQKi77/7a2tb2xubRd2irt7+weHpaPjho1Tw3idxTI2rZBaLoXmdRQoeSsxnKpQ8mY4up35zUdurIj1A04S3lV0oEUkGEUntTqhyp6mvXGvVPYr/hxklQQ5KUOOWq/01enHLFVcI5PU2nbgJ9jNqEHBJJ8WO6nlCWUjOuBtRzVV3Haz+b1Tcu6UPoli40ojmau/JzKqrJ2o0HUqikO77M3E/7x2itF1NxM6SZFrtlgUpZJgTGbPk74wnKGcOEKZEe5WwobUUIYuoqILIVh+eZU0LiuBXwnug3L1Jo+jAKdwBhcQwBVU4Q5qUAcGEp7hFd68sffivXsfi9Y1L585gT/wPn8AaiWQLA==</latexit>

xq
<latexit sha1_base64="Ee2Y8qoPxz1jCFTPeILauSkPSu4=">AAAB73icbZDLSgMxFIbP1Futt6pLN8EiuCoTN7pwUXDjRqhoL9AOJZNm2tAkM00yYhn6Em5cKOLW13HnzkcxvSy09YfAx/+fQ845YSK4sb7/5eVWVtfWN/Kbha3tnd294v5B3cSppqxGYxHrZkgME1yxmuVWsGaiGZGhYI1wcDXJGw9MGx6reztKWCBJT/GIU2Kd1WyHMnscd4adYskv+1OhZcBzKFXQzd03AFQ7xc92N6apZMpSQYxpYT+xQUa05VSwcaGdGpYQOiA91nKoiGQmyKbzjtGJc7ooirV7yqKp+7sjI9KYkQxdpSS2bxaziflf1kptdBFkXCWpZYrOPopSgWyMJsujLteMWjFyQKjmblZE+0QTat2JCu4IeHHlZaiflbFfxre4VLmEmfJwBMdwChjOoQLXUIUaUBDwBC/w6g29Z+/Ne5+V5rx5zyH8kffxA/GQkgw=</latexit><latexit sha1_base64="DcgjP4gsI0Fsiqllvb+MoA9KyhE=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswp2NFhYBG8sI5gOSEPY2e8mS3b3L7pwYjvwJGwtFbP07dv4bN8kVmvhg4PHeDDPzwkQKi77/7a2tb2xubRd2irt7+weHpaPjho1Tw3idxTI2rZBaLoXmdRQoeSsxnKpQ8mY4up35zUdurIj1A04S3lV0oEUkGEUntTqhyp6mvXGvVPYr/hxklQQ5KUOOWq/01enHLFVcI5PU2nbgJ9jNqEHBJJ8WO6nlCWUjOuBtRzVV3Haz+b1Tcu6UPoli40ojmau/JzKqrJ2o0HUqikO77M3E/7x2itF1NxM6SZFrtlgUpZJgTGbPk74wnKGcOEKZEe5WwobUUIYuoqILIVh+eZU0LiuBXwnug3L1Jo+jAKdwBhcQwBVU4Q5qUAcGEp7hFd68sffivXsfi9Y1L585gT/wPn8AaiWQLA==</latexit>

zq
<latexit sha1_base64="RBuLoW0oVaLxPZ/Hp1hjjhnr+Zs=">AAAB73icbZDLSgMxFIbP1Futt6pLN8EiuCoTN7pwUXDjRqhoL9AOJZNm2tAkM00yQh36Em5cKOLW13HnzkcxvSy09YfAx/+fQ845YSK4sb7/5eVWVtfWN/Kbha3tnd294v5B3cSppqxGYxHrZkgME1yxmuVWsGaiGZGhYI1wcDXJGw9MGx6reztKWCBJT/GIU2Kd1WyHMnscd4adYskv+1OhZcBzKFXQzd03AFQ7xc92N6apZMpSQYxpYT+xQUa05VSwcaGdGpYQOiA91nKoiGQmyKbzjtGJc7ooirV7yqKp+7sjI9KYkQxdpSS2bxaziflf1kptdBFkXCWpZYrOPopSgWyMJsujLteMWjFyQKjmblZE+0QTat2JCu4IeHHlZaiflbFfxre4VLmEmfJwBMdwChjOoQLXUIUaUBDwBC/w6g29Z+/Ne5+V5rx5zyH8kffxA/Sekg4=</latexit><latexit sha1_base64="BdTGVEHjTSLvLQST0ul4B/irt7A=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswp2NFhYBG8sI5gOSEPY2c8mS3b3L7p4Qj/wJGwtFbP07dv4bN8kVmvhg4PHeDDPzwkRwY33/21tb39jc2i7sFHf39g8OS0fHDROnmmGdxSLWrZAaFFxh3XIrsJVopDIU2AxHtzO/+Yja8Fg92EmCXUkHikecUeukVieU2dO0N+6Vyn7Fn4OskiAnZchR65W+Ov2YpRKVZYIa0w78xHYzqi1nAqfFTmowoWxEB9h2VFGJppvN752Sc6f0SRRrV8qSufp7IqPSmIkMXaekdmiWvZn4n9dObXTdzbhKUouKLRZFqSA2JrPnSZ9rZFZMHKFMc3crYUOqKbMuoqILIVh+eZU0LiuBXwnug3L1Jo+jAKdwBhcQwBVU4Q5qUAcGAp7hFd68sffivXsfi9Y1L585gT/wPn8AbTOQLg==</latexit>

zq
<latexit sha1_base64="RBuLoW0oVaLxPZ/Hp1hjjhnr+Zs=">AAAB73icbZDLSgMxFIbP1Futt6pLN8EiuCoTN7pwUXDjRqhoL9AOJZNm2tAkM00yQh36Em5cKOLW13HnzkcxvSy09YfAx/+fQ845YSK4sb7/5eVWVtfWN/Kbha3tnd294v5B3cSppqxGYxHrZkgME1yxmuVWsGaiGZGhYI1wcDXJGw9MGx6reztKWCBJT/GIU2Kd1WyHMnscd4adYskv+1OhZcBzKFXQzd03AFQ7xc92N6apZMpSQYxpYT+xQUa05VSwcaGdGpYQOiA91nKoiGQmyKbzjtGJc7ooirV7yqKp+7sjI9KYkQxdpSS2bxaziflf1kptdBFkXCWpZYrOPopSgWyMJsujLteMWjFyQKjmblZE+0QTat2JCu4IeHHlZaiflbFfxre4VLmEmfJwBMdwChjOoQLXUIUaUBDwBC/w6g29Z+/Ne5+V5rx5zyH8kffxA/Sekg4=</latexit><latexit sha1_base64="BdTGVEHjTSLvLQST0ul4B/irt7A=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswp2NFhYBG8sI5gOSEPY2c8mS3b3L7p4Qj/wJGwtFbP07dv4bN8kVmvhg4PHeDDPzwkRwY33/21tb39jc2i7sFHf39g8OS0fHDROnmmGdxSLWrZAaFFxh3XIrsJVopDIU2AxHtzO/+Yja8Fg92EmCXUkHikecUeukVieU2dO0N+6Vyn7Fn4OskiAnZchR65W+Ov2YpRKVZYIa0w78xHYzqi1nAqfFTmowoWxEB9h2VFGJppvN752Sc6f0SRRrV8qSufp7IqPSmIkMXaekdmiWvZn4n9dObXTdzbhKUouKLRZFqSA2JrPnSZ9rZFZMHKFMc3crYUOqKbMuoqILIVh+eZU0LiuBXwnug3L1Jo+jAKdwBhcQwBVU4Q5qUAcGAp7hFd68sffivXsfi9Y1L585gT/wPn8AbTOQLg==</latexit>

θu
<latexit sha1_base64="Y3B+WKU2sM8SAf9rZnx4BZuZZKs=">AAAB9HicbVA9SwNBEJ3zM8avRMs0h0GwCnc2WlgEbCwjmA/IHWFvs5cs2d07d+cC4cjvsLFQxNYfY2fnT3HzUWjig4HHezPMzItSwQ163pezsbm1vbNb2CvuHxweHZfKJy2TZJqyJk1EojsRMUxwxZrIUbBOqhmRkWDtaHQ789tjpg1P1ANOUhZKMlA85pSglcIgknmAQ4Zk2st6papX8+Zw14m/JNV6Oah8A0CjV/oM+gnNJFNIBTGm63sphjnRyKlg02KQGZYSOiID1rVUEclMmM+PnrrnVum7caJtKXTn6u+JnEhjJjKynZLg0Kx6M/E/r5thfB3mXKUZMkUXi+JMuJi4swTcPteMophYQqjm9laXDokmFG1ORRuCv/ryOmld1nyv5t/71foNLFCACpzBBfhwBXW4gwY0gcIjPMELvDpj59l5c94XrRvOcuYU/sD5+AF4SZQE</latexit><latexit sha1_base64="Ukep+o20fGixBQ+B45mNM9Ir6/A=">AAAB9HicbVA9SwNBEN2LXzF+RS1tFoNgFe5stLAI2FhGMB+QO8LeZi5Zsnt37s4FwpHfYWOhiK0/xs5/4ya5QhMfDDzem2FmXphKYdB1v53SxubW9k55t7K3f3B4VD0+aZsk0xxaPJGJ7obMgBQxtFCghG6qgalQQicc3839zgS0EUn8iNMUAsWGsYgEZ2ilwA9V7uMIkM36Wb9ac+vuAnSdeAWpkQLNfvXLHyQ8UxAjl8yYnuemGORMo+ASZhU/M5AyPmZD6FkaMwUmyBdHz+iFVQY0SrStGOlC/T2RM2XMVIW2UzEcmVVvLv7n9TKMboJcxGmGEPPloiiTFBM6T4AOhAaOcmoJ41rYWykfMc042pwqNgRv9eV10r6qe27de/BqjdsijjI5I+fkknjkmjTIPWmSFuHkiTyTV/LmTJwX5935WLaWnGLmlPyB8/kDPGWSXA==</latexit>

θu
<latexit sha1_base64="Y3B+WKU2sM8SAf9rZnx4BZuZZKs=">AAAB9HicbVA9SwNBEJ3zM8avRMs0h0GwCnc2WlgEbCwjmA/IHWFvs5cs2d07d+cC4cjvsLFQxNYfY2fnT3HzUWjig4HHezPMzItSwQ163pezsbm1vbNb2CvuHxweHZfKJy2TZJqyJk1EojsRMUxwxZrIUbBOqhmRkWDtaHQ789tjpg1P1ANOUhZKMlA85pSglcIgknmAQ4Zk2st6papX8+Zw14m/JNV6Oah8A0CjV/oM+gnNJFNIBTGm63sphjnRyKlg02KQGZYSOiID1rVUEclMmM+PnrrnVum7caJtKXTn6u+JnEhjJjKynZLg0Kx6M/E/r5thfB3mXKUZMkUXi+JMuJi4swTcPteMophYQqjm9laXDokmFG1ORRuCv/ryOmld1nyv5t/71foNLFCACpzBBfhwBXW4gwY0gcIjPMELvDpj59l5c94XrRvOcuYU/sD5+AF4SZQE</latexit><latexit sha1_base64="Ukep+o20fGixBQ+B45mNM9Ir6/A=">AAAB9HicbVA9SwNBEN2LXzF+RS1tFoNgFe5stLAI2FhGMB+QO8LeZi5Zsnt37s4FwpHfYWOhiK0/xs5/4ya5QhMfDDzem2FmXphKYdB1v53SxubW9k55t7K3f3B4VD0+aZsk0xxaPJGJ7obMgBQxtFCghG6qgalQQicc3839zgS0EUn8iNMUAsWGsYgEZ2ilwA9V7uMIkM36Wb9ac+vuAnSdeAWpkQLNfvXLHyQ8UxAjl8yYnuemGORMo+ASZhU/M5AyPmZD6FkaMwUmyBdHz+iFVQY0SrStGOlC/T2RM2XMVIW2UzEcmVVvLv7n9TKMboJcxGmGEPPloiiTFBM6T4AOhAaOcmoJ41rYWykfMc042pwqNgRv9eV10r6qe27de/BqjdsijjI5I+fkknjkmjTIPWmSFuHkiTyTV/LmTJwX5935WLaWnGLmlPyB8/kDPGWSXA==</latexit>

zq
<latexit sha1_base64="RBuLoW0oVaLxPZ/Hp1hjjhnr+Zs=">AAAB73icbZDLSgMxFIbP1Futt6pLN8EiuCoTN7pwUXDjRqhoL9AOJZNm2tAkM00yQh36Em5cKOLW13HnzkcxvSy09YfAx/+fQ845YSK4sb7/5eVWVtfWN/Kbha3tnd294v5B3cSppqxGYxHrZkgME1yxmuVWsGaiGZGhYI1wcDXJGw9MGx6reztKWCBJT/GIU2Kd1WyHMnscd4adYskv+1OhZcBzKFXQzd03AFQ7xc92N6apZMpSQYxpYT+xQUa05VSwcaGdGpYQOiA91nKoiGQmyKbzjtGJc7ooirV7yqKp+7sjI9KYkQxdpSS2bxaziflf1kptdBFkXCWpZYrOPopSgWyMJsujLteMWjFyQKjmblZE+0QTat2JCu4IeHHlZaiflbFfxre4VLmEmfJwBMdwChjOoQLXUIUaUBDwBC/w6g29Z+/Ne5+V5rx5zyH8kffxA/Sekg4=</latexit><latexit sha1_base64="BdTGVEHjTSLvLQST0ul4B/irt7A=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswp2NFhYBG8sI5gOSEPY2c8mS3b3L7p4Qj/wJGwtFbP07dv4bN8kVmvhg4PHeDDPzwkRwY33/21tb39jc2i7sFHf39g8OS0fHDROnmmGdxSLWrZAaFFxh3XIrsJVopDIU2AxHtzO/+Yja8Fg92EmCXUkHikecUeukVieU2dO0N+6Vyn7Fn4OskiAnZchR65W+Ov2YpRKVZYIa0w78xHYzqi1nAqfFTmowoWxEB9h2VFGJppvN752Sc6f0SRRrV8qSufp7IqPSmIkMXaekdmiWvZn4n9dObXTdzbhKUouKLRZFqSA2JrPnSZ9rZFZMHKFMc3crYUOqKbMuoqILIVh+eZU0LiuBXwnug3L1Jo+jAKdwBhcQwBVU4Q5qUAcGAp7hFd68sffivXsfi9Y1L585gT/wPn8AbTOQLg==</latexit>

zq
<latexit sha1_base64="RBuLoW0oVaLxPZ/Hp1hjjhnr+Zs=">AAAB73icbZDLSgMxFIbP1Futt6pLN8EiuCoTN7pwUXDjRqhoL9AOJZNm2tAkM00yQh36Em5cKOLW13HnzkcxvSy09YfAx/+fQ845YSK4sb7/5eVWVtfWN/Kbha3tnd294v5B3cSppqxGYxHrZkgME1yxmuVWsGaiGZGhYI1wcDXJGw9MGx6reztKWCBJT/GIU2Kd1WyHMnscd4adYskv+1OhZcBzKFXQzd03AFQ7xc92N6apZMpSQYxpYT+xQUa05VSwcaGdGpYQOiA91nKoiGQmyKbzjtGJc7ooirV7yqKp+7sjI9KYkQxdpSS2bxaziflf1kptdBFkXCWpZYrOPopSgWyMJsujLteMWjFyQKjmblZE+0QTat2JCu4IeHHlZaiflbFfxre4VLmEmfJwBMdwChjOoQLXUIUaUBDwBC/w6g29Z+/Ne5+V5rx5zyH8kffxA/Sekg4=</latexit><latexit sha1_base64="BdTGVEHjTSLvLQST0ul4B/irt7A=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswp2NFhYBG8sI5gOSEPY2c8mS3b3L7p4Qj/wJGwtFbP07dv4bN8kVmvhg4PHeDDPzwkRwY33/21tb39jc2i7sFHf39g8OS0fHDROnmmGdxSLWrZAaFFxh3XIrsJVopDIU2AxHtzO/+Yja8Fg92EmCXUkHikecUeukVieU2dO0N+6Vyn7Fn4OskiAnZchR65W+Ov2YpRKVZYIa0w78xHYzqi1nAqfFTmowoWxEB9h2VFGJppvN752Sc6f0SRRrV8qSufp7IqPSmIkMXaekdmiWvZn4n9dObXTdzbhKUouKLRZFqSA2JrPnSZ9rZFZMHKFMc3crYUOqKbMuoqILIVh+eZU0LiuBXwnug3L1Jo+jAKdwBhcQwBVU4Q5qUAcGAp7hFd68sffivXsfi9Y1L585gT/wPn8AbTOQLg==</latexit>

zc
<latexit sha1_base64="d9a6eXhgV0h8g9cct5G5HkYS/EM=">AAAB73icbZC7SgNBFIbPeo3xlmiZZjAIVmHXRguLgI1lBHOB7BJmJ7PJkLmsM7NCXPISNhaK2Po6dnY+ipNLoYk/DHz8/znMOSdOOTPW97+8tfWNza3twk5xd2//4LBUPmoZlWlCm0RxpTsxNpQzSZuWWU47qaZYxJy249H1NG8/UG2Yknd2nNJI4IFkCSPYOqsTxiJ/nPRIr1T1a/5MaBWCBVTr5bDyDQCNXukz7CuSCSot4diYbuCnNsqxtoxwOimGmaEpJiM8oF2HEgtqonw27wSdOqePEqXdkxbN3N8dORbGjEXsKgW2Q7OcTc3/sm5mk8soZzLNLJVk/lGScWQVmi6P+kxTYvnYASaauVkRGWKNiXUnKrojBMsrr0LrvBb4teA2qNavYK4CVOAEziCAC6jDDTSgCQQ4PMELvHr33rP35r3PS9e8Rc8x/JH38QOT35HI</latexit><latexit sha1_base64="X3DA61fbmH+205QHUU0m9Twh1w0=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe5stLAI2FhGMB+QhLC3mUuW7O6du3tCPPInbCwUsfXv2Plv3CRXaOKDgcd7M8zMCxPBjfX9b6+wtr6xuVXcLu3s7u0flA+PmiZONcMGi0Ws2yE1KLjChuVWYDvRSGUosBWOb2Z+6xG14bG6t5MEe5IOFY84o9ZJ7W4os6dpn/XLFb/qz0FWSZCTCuSo98tf3UHMUonKMkGN6QR+YnsZ1ZYzgdNSNzWYUDamQ+w4qqhE08vm907JmVMGJIq1K2XJXP09kVFpzESGrlNSOzLL3kz8z+ukNrrqZVwlqUXFFouiVBAbk9nzZMA1MismjlCmubuVsBHVlFkXUcmFECy/vEqaF9XArwZ3QaV2ncdRhBM4hXMI4BJqcAt1aAADAc/wCm/eg/fivXsfi9aCl88cwx94nz9X+5Ag</latexit>

zc
<latexit sha1_base64="d9a6eXhgV0h8g9cct5G5HkYS/EM=">AAAB73icbZC7SgNBFIbPeo3xlmiZZjAIVmHXRguLgI1lBHOB7BJmJ7PJkLmsM7NCXPISNhaK2Po6dnY+ipNLoYk/DHz8/znMOSdOOTPW97+8tfWNza3twk5xd2//4LBUPmoZlWlCm0RxpTsxNpQzSZuWWU47qaZYxJy249H1NG8/UG2Yknd2nNJI4IFkCSPYOqsTxiJ/nPRIr1T1a/5MaBWCBVTr5bDyDQCNXukz7CuSCSot4diYbuCnNsqxtoxwOimGmaEpJiM8oF2HEgtqonw27wSdOqePEqXdkxbN3N8dORbGjEXsKgW2Q7OcTc3/sm5mk8soZzLNLJVk/lGScWQVmi6P+kxTYvnYASaauVkRGWKNiXUnKrojBMsrr0LrvBb4teA2qNavYK4CVOAEziCAC6jDDTSgCQQ4PMELvHr33rP35r3PS9e8Rc8x/JH38QOT35HI</latexit><latexit sha1_base64="X3DA61fbmH+205QHUU0m9Twh1w0=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe5stLAI2FhGMB+QhLC3mUuW7O6du3tCPPInbCwUsfXv2Plv3CRXaOKDgcd7M8zMCxPBjfX9b6+wtr6xuVXcLu3s7u0flA+PmiZONcMGi0Ws2yE1KLjChuVWYDvRSGUosBWOb2Z+6xG14bG6t5MEe5IOFY84o9ZJ7W4os6dpn/XLFb/qz0FWSZCTCuSo98tf3UHMUonKMkGN6QR+YnsZ1ZYzgdNSNzWYUDamQ+w4qqhE08vm907JmVMGJIq1K2XJXP09kVFpzESGrlNSOzLL3kz8z+ukNrrqZVwlqUXFFouiVBAbk9nzZMA1MismjlCmubuVsBHVlFkXUcmFECy/vEqaF9XArwZ3QaV2ncdRhBM4hXMI4BJqcAt1aAADAc/wCm/eg/fivXsfi9aCl88cwx94nz9X+5Ag</latexit>

θu
<latexit sha1_base64="Y3B+WKU2sM8SAf9rZnx4BZuZZKs=">AAAB9HicbVA9SwNBEJ3zM8avRMs0h0GwCnc2WlgEbCwjmA/IHWFvs5cs2d07d+cC4cjvsLFQxNYfY2fnT3HzUWjig4HHezPMzItSwQ163pezsbm1vbNb2CvuHxweHZfKJy2TZJqyJk1EojsRMUxwxZrIUbBOqhmRkWDtaHQ789tjpg1P1ANOUhZKMlA85pSglcIgknmAQ4Zk2st6papX8+Zw14m/JNV6Oah8A0CjV/oM+gnNJFNIBTGm63sphjnRyKlg02KQGZYSOiID1rVUEclMmM+PnrrnVum7caJtKXTn6u+JnEhjJjKynZLg0Kx6M/E/r5thfB3mXKUZMkUXi+JMuJi4swTcPteMophYQqjm9laXDokmFG1ORRuCv/ryOmld1nyv5t/71foNLFCACpzBBfhwBXW4gwY0gcIjPMELvDpj59l5c94XrRvOcuYU/sD5+AF4SZQE</latexit><latexit sha1_base64="Ukep+o20fGixBQ+B45mNM9Ir6/A=">AAAB9HicbVA9SwNBEN2LXzF+RS1tFoNgFe5stLAI2FhGMB+QO8LeZi5Zsnt37s4FwpHfYWOhiK0/xs5/4ya5QhMfDDzem2FmXphKYdB1v53SxubW9k55t7K3f3B4VD0+aZsk0xxaPJGJ7obMgBQxtFCghG6qgalQQicc3839zgS0EUn8iNMUAsWGsYgEZ2ilwA9V7uMIkM36Wb9ac+vuAnSdeAWpkQLNfvXLHyQ8UxAjl8yYnuemGORMo+ASZhU/M5AyPmZD6FkaMwUmyBdHz+iFVQY0SrStGOlC/T2RM2XMVIW2UzEcmVVvLv7n9TKMboJcxGmGEPPloiiTFBM6T4AOhAaOcmoJ41rYWykfMc042pwqNgRv9eV10r6qe27de/BqjdsijjI5I+fkknjkmjTIPWmSFuHkiTyTV/LmTJwX5935WLaWnGLmlPyB8/kDPGWSXA==</latexit>

θu
<latexit sha1_base64="Y3B+WKU2sM8SAf9rZnx4BZuZZKs=">AAAB9HicbVA9SwNBEJ3zM8avRMs0h0GwCnc2WlgEbCwjmA/IHWFvs5cs2d07d+cC4cjvsLFQxNYfY2fnT3HzUWjig4HHezPMzItSwQ163pezsbm1vbNb2CvuHxweHZfKJy2TZJqyJk1EojsRMUxwxZrIUbBOqhmRkWDtaHQ789tjpg1P1ANOUhZKMlA85pSglcIgknmAQ4Zk2st6papX8+Zw14m/JNV6Oah8A0CjV/oM+gnNJFNIBTGm63sphjnRyKlg02KQGZYSOiID1rVUEclMmM+PnrrnVum7caJtKXTn6u+JnEhjJjKynZLg0Kx6M/E/r5thfB3mXKUZMkUXi+JMuJi4swTcPteMophYQqjm9laXDokmFG1ORRuCv/ryOmld1nyv5t/71foNLFCACpzBBfhwBXW4gwY0gcIjPMELvDpj59l5c94XrRvOcuYU/sD5+AF4SZQE</latexit><latexit sha1_base64="Ukep+o20fGixBQ+B45mNM9Ir6/A=">AAAB9HicbVA9SwNBEN2LXzF+RS1tFoNgFe5stLAI2FhGMB+QO8LeZi5Zsnt37s4FwpHfYWOhiK0/xs5/4ya5QhMfDDzem2FmXphKYdB1v53SxubW9k55t7K3f3B4VD0+aZsk0xxaPJGJ7obMgBQxtFCghG6qgalQQicc3839zgS0EUn8iNMUAsWGsYgEZ2ilwA9V7uMIkM36Wb9ac+vuAnSdeAWpkQLNfvXLHyQ8UxAjl8yYnuemGORMo+ASZhU/M5AyPmZD6FkaMwUmyBdHz+iFVQY0SrStGOlC/T2RM2XMVIW2UzEcmVVvLv7n9TKMboJcxGmGEPPloiiTFBM6T4AOhAaOcmoJ41rYWykfMc042pwqNgRv9eV10r6qe27de/BqjdsijjI5I+fkknjkmjTIPWmSFuHkiTyTV/LmTJwX5935WLaWnGLmlPyB8/kDPGWSXA==</latexit>

Figure 2. Network architecture for personalized fashion design. It contains one generator and two discriminators. The generator uses an

encoder-decoder architecture. One of the discriminators is for real/fake supervision. And the other one is for compatibility prediction.

designed item should be compatible with the query item.

As shown in Figure 2, we use an encoder-decoder archi-

tecture to synthesize the complementary item. The encoder

F progressively downsamples the query image until it is

compressed into a low dimensional latent space representa-

tion zq . The vector zq captures the semantic attributes, e.g.,

category, color, style, of the query item, and serves as the

basis for designing the target item. The encoder F used in

this paper is similar to the VGG16 network [34] except for

the last three fully connected layers, which have 1024, 512

and 64 channels respectively.

To achieve personalized design, one method is to take

user’s identification information as a discrete label to the

generator, just as many work do for conditional GANs. The

discrete labels, however, are not capable enough to describe

users’ style preferences. We therefore use a vector θu,

which is learned from historical data, to represent user u.

The latent vector zq and the user vector θu are concatenated

and then fed into the decoder G to generate the image of the

complementary item. The architecture of the decoder G is

illustrated in Figure 3. It is composed of several deconvolu-

tion layers, similar to the generator in [13].

To make sure that the designed item output by the de-

coder G meets the realness and compatibility requirements,

we train the decoder G using the generative adversarial

training framework with two discriminators, each of which

serve one requirement. We discuss them in detail in the fol-

lowing two subsections.

3.1. Real/fake Discriminator

The real/fake discriminator is utilized to train the de-

coder G such that the designed item images look realistic.

To overcome the problems of traditional GANs, [12] pro-

posed to use a “relativistic discriminator” which estimates

the probability that the given real data is more realistic than

fake data. Following this work and combining the idea of

LSGANs [23] , we use the following loss for the real/fake

discriminator:

LRaLSGAN
D =

1

2
Exr∼P

[

(D(xr)− Exf∼QD(xf )− 1)2
]

+
1

2
Exf∼Q

[

(D(xf )− Exr∼PD(xr) + 1)2
]

,

(1)
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<latexit sha1_base64="5b5lLki+lfykYsENaaj801gDAmQ=">AAAB73icbZC7SgNBFIbPxluMtxhLm8EgWIVdGy0DNpYRzAWSJcxOZpMhc9nMzApxSesD2FgoEktfx863cXIpNPGHgY//P4c550QJZ8b6/reX29jc2t7J7xb29g8Oj4rHpYZRqSa0ThRXuhVhQzmTtG6Z5bSVaIpFxGkzGt7M8uYD1YYpeW/HCQ0F7ksWM4Kts1qdSGSPk+6oWyz7FX8utA7BEsrV0sfTFABq3eJXp6dIKqi0hGNj2oGf2DDD2jLC6aTQSQ1NMBniPm07lFhQE2bzeSfo3Dk9FCvtnrRo7v7uyLAwZiwiVymwHZjVbGb+l7VTG1+HGZNJaqkki4/ilCOr0Gx51GOaEsvHDjDRzM2KyABrTKw7UcEdIVhdeR0al5XArwR3Qbnqw0J5OIUzuIAArqAKt1CDOhDg8Ayv8OaNvBfv3ZsuSnPesucE/sj7/AE+WpI7</latexit><latexit sha1_base64="XK7zLoUOIxwBE4j3mWATvER7k7c=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe5stAzYWEYwH5CEsLeZS5bs7l1294R45E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJoIb6/vfXmFjc2t7p7hb2ts/ODwqH580TZxqhg0Wi1i3Q2pQcIUNy63AdqKRylBgKxzfzv3WI2rDY/Vgpwn2JB0qHnFGrZPa3VBmT7P+pF+u+FV/AbJOgpxUIEe9X/7qDmKWSlSWCWpMJ/AT28uotpwJnJW6qcGEsjEdYsdRRSWaXra4d0YunDIgUaxdKUsW6u+JjEpjpjJ0nZLakVn15uJ/Xie10U0v4ypJLSq2XBSlgtiYzJ8nA66RWTF1hDLN3a2EjaimzLqISi6EYPXlddK8qgZ+NbgPKjU/j6MIZ3AOlxDANdTgDurQAAYCnuEV3ryJ9+K9ex/L1oKXz5zCH3ifP2mXkCI=</latexit>

zq
<latexit sha1_base64="5b5lLki+lfykYsENaaj801gDAmQ=">AAAB73icbZC7SgNBFIbPxluMtxhLm8EgWIVdGy0DNpYRzAWSJcxOZpMhc9nMzApxSesD2FgoEktfx863cXIpNPGHgY//P4c550QJZ8b6/reX29jc2t7J7xb29g8Oj4rHpYZRqSa0ThRXuhVhQzmTtG6Z5bSVaIpFxGkzGt7M8uYD1YYpeW/HCQ0F7ksWM4Kts1qdSGSPk+6oWyz7FX8utA7BEsrV0sfTFABq3eJXp6dIKqi0hGNj2oGf2DDD2jLC6aTQSQ1NMBniPm07lFhQE2bzeSfo3Dk9FCvtnrRo7v7uyLAwZiwiVymwHZjVbGb+l7VTG1+HGZNJaqkki4/ilCOr0Gx51GOaEsvHDjDRzM2KyABrTKw7UcEdIVhdeR0al5XArwR3Qbnqw0J5OIUzuIAArqAKt1CDOhDg8Ayv8OaNvBfv3ZsuSnPesucE/sj7/AE+WpI7</latexit><latexit sha1_base64="XK7zLoUOIxwBE4j3mWATvER7k7c=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe5stAzYWEYwH5CEsLeZS5bs7l1294R45E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJoIb6/vfXmFjc2t7p7hb2ts/ODwqH580TZxqhg0Wi1i3Q2pQcIUNy63AdqKRylBgKxzfzv3WI2rDY/Vgpwn2JB0qHnFGrZPa3VBmT7P+pF+u+FV/AbJOgpxUIEe9X/7qDmKWSlSWCWpMJ/AT28uotpwJnJW6qcGEsjEdYsdRRSWaXra4d0YunDIgUaxdKUsW6u+JjEpjpjJ0nZLakVn15uJ/Xie10U0v4ypJLSq2XBSlgtiYzJ8nA66RWTF1hDLN3a2EjaimzLqISi6EYPXlddK8qgZ+NbgPKjU/j6MIZ3AOlxDANdTgDurQAAYCnuEV3ryJ9+K9ex/L1oKXz5zCH3ifP2mXkCI=</latexit>

 , 64 θu
<latexit sha1_base64="nF0eINqXRcxwnTW166wQgSpiGzE=">AAAB9HicbVDLSgNBEOw1PmJ8RT16GQyCp7DrRY8BLx4jmAdklzA7mU2GzOyuM72BsOQ7vHhQxKvf4Dd4EPwanTwOmljQUFR1090VplIYdN0vZ62wvrG5Vdwu7ezu7R+UD4+aJsk04w2WyES3Q2q4FDFvoEDJ26nmVIWSt8Lh9dRvjbg2IonvcJzyQNF+LCLBKFop8EOV+zjgSCfdrFuuuFV3BrJKvAWp1Aqf3+8AUO+WP/xewjLFY2SSGtPx3BSDnGoUTPJJyc8MTykb0j7vWBpTxU2Qz46ekDOr9EiUaFsxkpn6eyKnypixCm2nojgwy95U/M/rZBhdBbmI0wx5zOaLokwSTMg0AdITmjOUY0so08LeStiAasrQ5lSyIXjLL6+S5kXVc6verVepuTBHEU7gFM7Bg0uowQ3UoQEM7uEBnuDZGTmPzovzOm9dcxYzx/AHztsPDvmVKA==</latexit><latexit sha1_base64="z0vPweK4x+lYEJh8uyaFM/s+HLA=">AAAB9HicbVDLSgNBEOz1GeMr6tHLYBA8hV0vegx48RjBPCC7hNnJbDJkZnad6Q2EJd/hxYMiXv0Yb/6Nk8dBEwsaiqpuurviTAqLvv/tbWxube/slvbK+weHR8eVk9OWTXPDeJOlMjWdmFouheZNFCh5JzOcqljydjy6m/ntMTdWpPoRJxmPFB1okQhG0UlRGKsixCFHOu3lvUrVr/lzkHUSLEkVlmj0Kl9hP2W54hqZpNZ2Az/DqKAGBZN8Wg5zyzPKRnTAu45qqriNivnRU3LplD5JUuNKI5mrvycKqqydqNh1KopDu+rNxP+8bo7JbVQIneXINVssSnJJMCWzBEhfGM5QThyhzAh3K2FDaihDl1PZhRCsvrxOWte1wK8FD0G17i/jKME5XMAVBHADdbiHBjSBwRM8wyu8eWPvxXv3PhatG95y5gz+wPv8ATjJklA=</latexit>

θu
<latexit sha1_base64="nF0eINqXRcxwnTW166wQgSpiGzE=">AAAB9HicbVDLSgNBEOw1PmJ8RT16GQyCp7DrRY8BLx4jmAdklzA7mU2GzOyuM72BsOQ7vHhQxKvf4Dd4EPwanTwOmljQUFR1090VplIYdN0vZ62wvrG5Vdwu7ezu7R+UD4+aJsk04w2WyES3Q2q4FDFvoEDJ26nmVIWSt8Lh9dRvjbg2IonvcJzyQNF+LCLBKFop8EOV+zjgSCfdrFuuuFV3BrJKvAWp1Aqf3+8AUO+WP/xewjLFY2SSGtPx3BSDnGoUTPJJyc8MTykb0j7vWBpTxU2Qz46ekDOr9EiUaFsxkpn6eyKnypixCm2nojgwy95U/M/rZBhdBbmI0wx5zOaLokwSTMg0AdITmjOUY0so08LeStiAasrQ5lSyIXjLL6+S5kXVc6verVepuTBHEU7gFM7Bg0uowQ3UoQEM7uEBnuDZGTmPzovzOm9dcxYzx/AHztsPDvmVKA==</latexit><latexit sha1_base64="z0vPweK4x+lYEJh8uyaFM/s+HLA=">AAAB9HicbVDLSgNBEOz1GeMr6tHLYBA8hV0vegx48RjBPCC7hNnJbDJkZnad6Q2EJd/hxYMiXv0Yb/6Nk8dBEwsaiqpuurviTAqLvv/tbWxube/slvbK+weHR8eVk9OWTXPDeJOlMjWdmFouheZNFCh5JzOcqljydjy6m/ntMTdWpPoRJxmPFB1okQhG0UlRGKsixCFHOu3lvUrVr/lzkHUSLEkVlmj0Kl9hP2W54hqZpNZ2Az/DqKAGBZN8Wg5zyzPKRnTAu45qqriNivnRU3LplD5JUuNKI5mrvycKqqydqNh1KopDu+rNxP+8bo7JbVQIneXINVssSnJJMCWzBEhfGM5QThyhzAh3K2FDaihDl1PZhRCsvrxOWte1wK8FD0G17i/jKME5XMAVBHADdbiHBjSBwRM8wyu8eWPvxXv3PhatG95y5gz+wPv8ATjJklA=</latexit>

 , 64

5x5 deconv, 256, stride=2, BN

5x5 deconv, 256, stride=1, BN

5x5 deconv, 256, stride=2, BN

5x5 deconv, 256, stride=1, BN

5x5 deconv, 128, stride=2, BN

5x5 deconv, 64, stride=2, BN

5x5 deconv, 3, stride=1

Decoder  G<latexit sha1_base64="q8JcZcJve+yoY0YLiPwKJR2IMM8=">AAAB6HicbZC7SgNBFIbPxluMt6ilzWAQrMKujXYGLLRMwFwgWcLs5GwyZnZ2mZkV4pInsLFQxNZn8EnsLH0TJ5dCE38Y+Pj/c5hzTpAIro3rfjm5ldW19Y38ZmFre2d3r7h/0NBxqhjWWSxi1QqoRsEl1g03AluJQhoFApvB8GqSN+9RaR7LWzNK0I9oX/KQM2qsVbvuFktu2Z2KLIM3h9Llx8N3BQCq3eJnpxezNEJpmKBatz03MX5GleFM4LjQSTUmlA1pH9sWJY1Q+9l00DE5sU6PhLGyTxoydX93ZDTSehQFtjKiZqAXs4n5X9ZOTXjhZ1wmqUHJZh+FqSAmJpOtSY8rZEaMLFCmuJ2VsAFVlBl7m4I9gre48jI0zsqeW/ZqXqniwkx5OIJjOAUPzqECN1CFOjBAeIRneHHunCfn1Xmbleacec8h/JHz/gMJlI9E</latexit><latexit sha1_base64="r7Cj+rh2r5r6MPyyou4eSWO11Ho=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0m86LHgQY8tmLbQhrLZTtq1m03Y3Qgl9Bd48aCIV3+SN/+N2zYHbX0w8Hhvhpl5YSq4Nq777ZQ2Nre2d8q7lb39g8Oj6vFJWyeZYuizRCSqG1KNgkv0DTcCu6lCGocCO+Hkdu53nlBpnsgHM00xiOlI8ogzaqzUuhtUa27dXYCsE68gNSjQHFS/+sOEZTFKwwTVuue5qQlyqgxnAmeVfqYxpWxCR9izVNIYdZAvDp2RC6sMSZQoW9KQhfp7Iqex1tM4tJ0xNWO96s3F/7xeZqKbIOcyzQxKtlwUZYKYhMy/JkOukBkxtYQyxe2thI2poszYbCo2BG/15XXSvqp7bt1rebWGW8RRhjM4h0vw4BoacA9N8IEBwjO8wpvz6Lw4787HsrXkFDOn8AfO5w+Vm4y2</latexit>G<latexit sha1_base64="q8JcZcJve+yoY0YLiPwKJR2IMM8=">AAAB6HicbZC7SgNBFIbPxluMt6ilzWAQrMKujXYGLLRMwFwgWcLs5GwyZnZ2mZkV4pInsLFQxNZn8EnsLH0TJ5dCE38Y+Pj/c5hzTpAIro3rfjm5ldW19Y38ZmFre2d3r7h/0NBxqhjWWSxi1QqoRsEl1g03AluJQhoFApvB8GqSN+9RaR7LWzNK0I9oX/KQM2qsVbvuFktu2Z2KLIM3h9Llx8N3BQCq3eJnpxezNEJpmKBatz03MX5GleFM4LjQSTUmlA1pH9sWJY1Q+9l00DE5sU6PhLGyTxoydX93ZDTSehQFtjKiZqAXs4n5X9ZOTXjhZ1wmqUHJZh+FqSAmJpOtSY8rZEaMLFCmuJ2VsAFVlBl7m4I9gre48jI0zsqeW/ZqXqniwkx5OIJjOAUPzqECN1CFOjBAeIRneHHunCfn1Xmbleacec8h/JHz/gMJlI9E</latexit><latexit sha1_base64="r7Cj+rh2r5r6MPyyou4eSWO11Ho=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0m86LHgQY8tmLbQhrLZTtq1m03Y3Qgl9Bd48aCIV3+SN/+N2zYHbX0w8Hhvhpl5YSq4Nq777ZQ2Nre2d8q7lb39g8Oj6vFJWyeZYuizRCSqG1KNgkv0DTcCu6lCGocCO+Hkdu53nlBpnsgHM00xiOlI8ogzaqzUuhtUa27dXYCsE68gNSjQHFS/+sOEZTFKwwTVuue5qQlyqgxnAmeVfqYxpWxCR9izVNIYdZAvDp2RC6sMSZQoW9KQhfp7Iqex1tM4tJ0xNWO96s3F/7xeZqKbIOcyzQxKtlwUZYKYhMy/JkOukBkxtYQyxe2thI2poszYbCo2BG/15XXSvqp7bt1rebWGW8RRhjM4h0vw4BoacA9N8IEBwjO8wpvz6Lw4787HsrXkFDOn8AfO5w+Vm4y2</latexit>

x
<latexit sha1_base64="A54RFv+E+4+cCe3ep86Y4Tb33nw=">AAAB7XicbZC7SgNBFIbPxluMt6ilzWAQrMKujekM2FhGMBdIljA7mU3GzGWZmRXjknewsVDE1hfwSewsfRMnl0ITfxj4+P9zmHNOlHBmrO9/ebmV1bX1jfxmYWt7Z3evuH/QMCrVhNaJ4kq3ImwoZ5LWLbOcthJNsYg4bUbDy0nevKPaMCVv7CihocB9yWJGsHVWoxOJ7H7cLZb8sj8VWoZgDqWLj4fvKgDUusXPTk+RVFBpCcfGtAM/sWGGtWWE03GhkxqaYDLEfdp2KLGgJsym047RiXN6KFbaPWnR1P3dkWFhzEhErlJgOzCL2cT8L2unNq6EGZNJaqkks4/ilCOr0GR11GOaEstHDjDRzM2KyABrTKw7UMEdIVhceRkaZ+XALwfXQanqw0x5OIJjOIUAzqEKV1CDOhC4hUd4hhdPeU/eq/c2K815855D+CPv/QdPsZHK</latexit><latexit sha1_base64="Lc1kwUR4kNnno/hIwzEkh51OecY=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hVkvegx48RjBPCBZwuxkNhkzj2VmVgxL/sGLB0W8+j/e/BsnyR40saChqOqmuytOBbcO4+9gbX1jc2u7tFPe3ds/OKwcHbeszgxlTaqFNp2YWCa4Yk3HnWCd1DAiY8Ha8fhm5rcfmbFcq3s3SVkkyVDxhFPivNTqxTJ/mvYrVVzDc6BVEhakCgUa/cpXb6BpJplyVBBruyFOXZQT4zgVbFruZZalhI7JkHU9VUQyG+Xza6fo3CsDlGjjSzk0V39P5ERaO5Gx75TEjeyyNxP/87qZS66jnKs0c0zRxaIkE8hpNHsdDbhh1ImJJ4Qa7m9FdEQMoc4HVPYhhMsvr5LWZS3EtfAurNZxEUcJTuEMLiCEK6jDLTSgCRQe4Ble4S3QwUvwHnwsWteCYuYE/iD4/AHbuI88</latexit>

x
<latexit sha1_base64="A54RFv+E+4+cCe3ep86Y4Tb33nw=">AAAB7XicbZC7SgNBFIbPxluMt6ilzWAQrMKujekM2FhGMBdIljA7mU3GzGWZmRXjknewsVDE1hfwSewsfRMnl0ITfxj4+P9zmHNOlHBmrO9/ebmV1bX1jfxmYWt7Z3evuH/QMCrVhNaJ4kq3ImwoZ5LWLbOcthJNsYg4bUbDy0nevKPaMCVv7CihocB9yWJGsHVWoxOJ7H7cLZb8sj8VWoZgDqWLj4fvKgDUusXPTk+RVFBpCcfGtAM/sWGGtWWE03GhkxqaYDLEfdp2KLGgJsym047RiXN6KFbaPWnR1P3dkWFhzEhErlJgOzCL2cT8L2unNq6EGZNJaqkks4/ilCOr0GR11GOaEstHDjDRzM2KyABrTKw7UMEdIVhceRkaZ+XALwfXQanqw0x5OIJjOIUAzqEKV1CDOhC4hUd4hhdPeU/eq/c2K815855D+CPv/QdPsZHK</latexit><latexit sha1_base64="Lc1kwUR4kNnno/hIwzEkh51OecY=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hVkvegx48RjBPCBZwuxkNhkzj2VmVgxL/sGLB0W8+j/e/BsnyR40saChqOqmuytOBbcO4+9gbX1jc2u7tFPe3ds/OKwcHbeszgxlTaqFNp2YWCa4Yk3HnWCd1DAiY8Ha8fhm5rcfmbFcq3s3SVkkyVDxhFPivNTqxTJ/mvYrVVzDc6BVEhakCgUa/cpXb6BpJplyVBBruyFOXZQT4zgVbFruZZalhI7JkHU9VUQyG+Xza6fo3CsDlGjjSzk0V39P5ERaO5Gx75TEjeyyNxP/87qZS66jnKs0c0zRxaIkE8hpNHsdDbhh1ImJJ4Qa7m9FdEQMoc4HVPYhhMsvr5LWZS3EtfAurNZxEUcJTuEMLiCEK6jDLTSgCRQe4Ble4S3QwUvwHnwsWteCYuYE/iD4/AHbuI88</latexit>  , 128x128x3

5x5 conv, 64, stride=2

5x5 conv, 128, stride=2, BN

5x5 conv, 256, stride=2, BN

5x5 conv, 512, stride=2, BN

fc, 1024

fc, 1

modified least squares loss

Discriminator  D<latexit sha1_base64="KM680RP1Gtyst56EB8ASyG84i0M=">AAAB6HicbZC7SgNBFIbPxluMt6ilzWAQrMKujXYGtLBMwFwgWcLs5GwyZnZ2mZkV4pInsLFQxNZn8EnsLH0TJ5dCE38Y+Pj/c5hzTpAIro3rfjm5ldW19Y38ZmFre2d3r7h/0NBxqhjWWSxi1QqoRsEl1g03AluJQhoFApvB8GqSN+9RaR7LWzNK0I9oX/KQM2qsVbvuFktu2Z2KLIM3h9Llx8N3BQCq3eJnpxezNEJpmKBatz03MX5GleFM4LjQSTUmlA1pH9sWJY1Q+9l00DE5sU6PhLGyTxoydX93ZDTSehQFtjKiZqAXs4n5X9ZOTXjhZ1wmqUHJZh+FqSAmJpOtSY8rZEaMLFCmuJ2VsAFVlBl7m4I9gre48jI0zsqeW/ZqXqniwkx5OIJjOAUPzqECN1CFOjBAeIRneHHunCfn1Xmbleacec8h/JHz/gMFCI9B</latexit><latexit sha1_base64="CKJGFBIyoHm5UUYPcrQvh4oG/7Y=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0m86LGgB48tmLbQhrLZTtq1m03Y3Qgl9Bd48aCIV3+SN/+N2zYHbX0w8Hhvhpl5YSq4Nq777ZQ2Nre2d8q7lb39g8Oj6vFJWyeZYuizRCSqG1KNgkv0DTcCu6lCGocCO+Hkdu53nlBpnsgHM00xiOlI8ogzaqzUuhtUa27dXYCsE68gNSjQHFS/+sOEZTFKwwTVuue5qQlyqgxnAmeVfqYxpWxCR9izVNIYdZAvDp2RC6sMSZQoW9KQhfp7Iqex1tM4tJ0xNWO96s3F/7xeZqKbIOcyzQxKtlwUZYKYhMy/JkOukBkxtYQyxe2thI2poszYbCo2BG/15XXSvqp7bt1rebWGW8RRhjM4h0vw4BoacA9N8IEBwjO8wpvz6Lw4787HsrXkFDOn8AfO5w+RD4yz</latexit>D<latexit sha1_base64="KM680RP1Gtyst56EB8ASyG84i0M=">AAAB6HicbZC7SgNBFIbPxluMt6ilzWAQrMKujXYGtLBMwFwgWcLs5GwyZnZ2mZkV4pInsLFQxNZn8EnsLH0TJ5dCE38Y+Pj/c5hzTpAIro3rfjm5ldW19Y38ZmFre2d3r7h/0NBxqhjWWSxi1QqoRsEl1g03AluJQhoFApvB8GqSN+9RaR7LWzNK0I9oX/KQM2qsVbvuFktu2Z2KLIM3h9Llx8N3BQCq3eJnpxezNEJpmKBatz03MX5GleFM4LjQSTUmlA1pH9sWJY1Q+9l00DE5sU6PhLGyTxoydX93ZDTSehQFtjKiZqAXs4n5X9ZOTXjhZ1wmqUHJZh+FqSAmJpOtSY8rZEaMLFCmuJ2VsAFVlBl7m4I9gre48jI0zsqeW/ZqXqniwkx5OIJjOAUPzqECN1CFOjBAeIRneHHunCfn1Xmbleacec8h/JHz/gMFCI9B</latexit><latexit sha1_base64="CKJGFBIyoHm5UUYPcrQvh4oG/7Y=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0m86LGgB48tmLbQhrLZTtq1m03Y3Qgl9Bd48aCIV3+SN/+N2zYHbX0w8Hhvhpl5YSq4Nq777ZQ2Nre2d8q7lb39g8Oj6vFJWyeZYuizRCSqG1KNgkv0DTcCu6lCGocCO+Hkdu53nlBpnsgHM00xiOlI8ogzaqzUuhtUa27dXYCsE68gNSjQHFS/+sOEZTFKwwTVuue5qQlyqgxnAmeVfqYxpWxCR9izVNIYdZAvDp2RC6sMSZQoW9KQhfp7Iqex1tM4tJ0xNWO96s3F/7xeZqKbIOcyzQxKtlwUZYKYhMy/JkOukBkxtYQyxe2thI2poszYbCo2BG/15XXSvqp7bt1rebWGW8RRhjM4h0vw4BoacA9N8IEBwjO8wpvz6Lw4787HsrXkFDOn8AfO5w+RD4yz</latexit>

Figure 3. Network structures of the decoder G and the real/fake

discriminator D. We use LeakyReLU activation with slope 0.2 in

both networks for all hidden layers, and use Tanh in the decoder

G for the output layer.

The discriminator distinguishes real and fake data by keep-

ing a margin between them. The generator is trained to

eliminate this gap by minimizing the following loss:

LRaLSGAN
G =

1

2
Exf∼Q

[

(D(xf )− Exr∼PD(xr))
2
]

+
1

2
Exr∼P

[

(D(xr)− Exf∼QD(xf ))
2
]

.

(2)

3.2. Compatibility Discriminator

The compatibility discriminator is utilized to model

users’ style preferences and guide the training of the genera-

tor so that the item designed is compatible to the query. This

discriminator consists of two parts. The first is a Siamese

network [37] that takes a pair of fashion images, i.e., the

query image xq and the complementary item image xc, as

input. Each image is passed through an encoder F that

transfers it into a latent representation:

zi = F (xi), i ∈ {q, c}. (3)

Note that this encoder shares parameters with the encoder

in the generator. In the second part, we link the two latent

representations to get a score that reflects how well the two

items are compatible. We first take element-wise product of

zq and zc to get a latent space representation of the outfit:

zo = zq ⊙ zc. (4)

To take personalization into consideration, for each user

u, we use a vector θu to characterize his/her fashion prefer-

ence. θu is part of the network parameters and is learned

during training. θu is combined with zo also through

element-wise product, which works better than vector con-

catenation in our initial experiments. The result is fed into

a metric network M , which consists of fully-connected lay-

ers, to get the final compatibility score, i.e.,

su,o = M(θu ⊙ zo). (5)

To train the compatibility discriminator, we split our

dataset into positive set O+ and negative set O−

O+ = {o+|o+ → (x+
q ,x

+
c |u)}, (6)

O− = {o−|o− → (x+
q ,x

−

c |u) or (x
−

q ,x
−

c |u)}, (7)

where o+ is an outfit that user u crafts online. We take it as

positive outfit for u; o− is a negative outfit, which is formed

by a query item x
+
q and a random item x

−
c from the com-

plementary category, or it is an outfit {x−
q ,x

−
c } created by

users other than u. The negative outfit {x+
q ,x

−
c |u} reflects

the general ‘incompatibility’ between the query x
+
q and the

random item x
−
c , while the negative outfit {x−

q ,x
−
c |u} de-

picts the mismatch between the outfit {x−
q ,x

−
c } and the

user u.

The designed item images can also compose a new

dataset O∗ with the input query images:

O∗ = {o∗|o∗ → (x+
q ,x

∗

c |u)}, (8)

where o∗ is the output outfit of our system, which contains

the query x
+
q and the designed item x

∗
c .

The compatibility discriminator should be able to dis-

tinguish positive outfits from negative outfits, i.e., assign

higher compatibility scores to positive outfits:

su,o+ > su,o− . (9)

To achieve this, the encoder F and the metric network M

should seek to reduce the loss

LFM = −Eo+∼O
+,

o−∼O
−

[lnσ(su,o+ − su,o−)] + λθFM
‖θFM‖2,

(10)

where σ(·) is the sigmoid function, θFM includes the pa-

rameters in the encoder F and the metric network M , and

λθFM
is a regularization parameter. θu is also learned dur-

ing this process.

To make sure that the designed item fits well with the

query item and the outfit they make satisfy the user’s pref-

erence, we let o∗ get similar compatibility score as the pos-

itive outfits o+. This is achieved by optimizing the parame-

ters of the decoder G so that the following loss is minimized

LFM
G =

1

2
Eo+∼O+ [(su,o+ − Eo∗∼O∗(su,o∗))

2]

+
1

2
Eo∗∼O∗ [(su,o∗ − Eo+∼O+(su,o+))

2].

(11)
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3.3. Adversarial Training

The overall objective of our approach is to minimize the

following loss function

L = LFM + λ1L
FM
G + λ2L

RaLSGAN
D + λ3L

RaLSGAN
G ,

(12)

where LFM is related to the encoder F , the metric network

M and the user preference vectors θu. LRaLSGAN
D is only

related to the real/fake discriminator D. Both LFM
G and

LRaLSGAN
G are related to the decoder G. λ1, λ2, λ3 are the

model tradeoff parameters. All these losses are complemen-

tary to each other, and ultimately enable our algorithm to

obtain pleasant results.

Given a batch of real images from the training set, we

first train the compatibility discriminator by reducing the

loss of Eq.(10). The real/fake discriminator is then trained

to reduce the loss of Eq.(1). After that, we keep the discrim-

inator parameters fixed, and optimize the parameters of the

decoder G by reducing the loss in Eq.(2) and Eq.(11). The

whole training procedure is summarized in Algorithm 1.

4. Experiments

In this section, we conduct experiments to evaluate the

proposed method. We compare it with several state-of-

the-art methods quantitatively and also through their visual

quality performance. We implement our method using Ten-

sorFlow and all experiments are run on a commodity work-

station with a single GTX-1080 graphics card.

Our dataset is crawled from the community-powered

fashion website Polyvore. In total, we collected 208,814

outfits crafted by 797 online users. For each user, 221

and 41 outfits are used for training and testing respectively.

Each outfit consists of two items, i.e., a top and a bottom.

We test on two tasks: given a top, designing a bottom item

to go with it; and given a bottom, designing a top item for

it. Some statistics of our dataset are given in Table 1.

Users Top Bottom Outfits

Training 797 102,217 76,245 176,137

Testing 797 26,899 23,642 32,677

Table 1. Statistics of our dataset.

We use Adam optimizer and the learning rate is 0.0002.

The model tradeoff parameters are set to λ1 = λ2 = λ3 =
1. We set the batch size to 64 and train the model for 25

epochs, 2750 iterations per step.

4.1. Baselines

To validate the effectiveness of our method, we compare

it with the following methods. The first two are general

Algorithm 1 Adversarial training algorithm for personal-

ized fashion design

Set: The number of iterations for the D network nD = 2,

the batch size m = 64, λθFM
= 10−6.

Initialize: Initialize the network parameters, i.e. θFM for F

and M , θG for G, θD for D, and the user preference vectors

θu.

1: while θG has not converged do

2: Sample a batch of o+ = {x+
q
,x+

c
|u} from the posi-

tive set

3: Sample a batch of o∗ = {x+
q
,x∗

c
|u} from the de-

signed set

4: Sample a batch of o− = {x+
q
,x−

c
|u} or o− =

{x−

q
,x−

c
|u} from the negative set

5: Update θFM with

6: θFM ← θFM − η∇θFM
LFM

7: for t = 1, . . . , nD do

8: Update θD with

9: θD ← θD − λ2η∇θDL
RaLSGAN
D

10: end for

11: Update θG with

12: θG ← θG − η∇θG(λ1L
FM
G + λ3L

RaLSGAN
G )

13: end while

frameworks for image-to-image translation problems and

the last two are designed specific for fashion problems.

Pix2pix [11] A U-Net architecture is used for the generator

and a single discriminator is learned to classify real and fake

tuples ({query, complementary item}).

DiscoGAN [14] It is a state-of-the-art method for discover-

ing relations between two domains. It consists of two gen-

erators for bilateral cross-domain generation and two dis-

criminators with one for each domain respectively.

Pixel-level transfer [41] It uses two discriminators to guide

the domain transfer. The source and target images are con-

catenated along the channels when input to the domain-

discriminator.

MrCGAN [32] It first obtains a compatible prototype using

a pre-learned projection function, then the prototype is used

to generate images of compatible items.

4.2. Ablation Study

Compared with previous methods, the main differences

of our model are: (1) We learn users’ style preferences from

historical data and incorporate them into the image genera-

tion process; (2) we design a compatibility discriminator to

ensure that the generated item fit well with the query. There-

fore, we conduct the following ablation studies to evaluate

the effect of these important components of our model.

Discrete user label As many vanilla conditional GANs do,
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Methods IS ↑ Opposite SSIM ↑ FID ↓

Baselines

Real 4.6372±.05 0.5500±.15 0.0000

Pix2pix [11] 3.0793±.04 0.4077±.12 43.5215

DiscoGAN [14] 4.3430±.05 0.5717±.14 51.8099

Pixel-level transfer [41] 3.8569±.03 0.5735±.16 57.0461

MrCGAN [32] 3.9078±.06 0.5576±.13 26.3591

Ablation Study

Ours (discrete user label) 3.9137±.04 0.5207±.14 45.4453

Ours (remove θu) 4.2375±.05 0.5447±.14 31.3604

Ours (remove LFM
G ) 4.3157±.06 0.5499±.07 22.3429

Ours (full) 4.2626±.05 0.5644±.13 18.1023

Table 2. Quantitative evaluation of the generated images by different methods. The values after ± are the standard deviations.

Figure 4. Survey results of the user study. The green bars indi-

cate votes got by our full model, and the orange bars are votes

of other methods. Panel (a, b, c, d) correspond to Pix2pix [11] ,

DiscoGAN [14], Pixel-level transfer [41] and MrCGAN [32] re-

spectively. Panel (e, f, g) are different versions of our model, i.e.

discrete user label, remove θu and remove L
FM

G .

instead of learning and using θu, we use a discrete label to

represent the users for the conditional generation.

User unaware design We only model the general compat-

ibility but unaware of the preferences of different users. In

this case, we omit θu in the network. The input of the de-

coder G is only the latent vector zq and the compatibility

score so = M(zq ⊙ zc).

Remove LFM
G The compatibility discriminator guarantees

that the items designed by the generator fit well with the

queries. To analyze the importance of this component, we

remove LFM
G while training the decoder G. Note that the

user preference vector θu is kept and still fed into the de-

coder as a condition.

4.3. Quantitative Evaluation

The designed item images are evaluated from the per-

spective of realness, diversity and compatibility. To mea-

sure the realness, the Inception Score [31] based on a stan-

dard pre-trained inception network is utilized. The higher

the score the better the quality. For diversity, similar to [27],

we calculate the visual similarity of pairs of generated im-

ages, which is measured by the structural similarity (SSIM)

[39]. Following [13], we report the Opposite Mean SSIM,

which is one minus the mean SSIM, to show diversity. A

higher value means better diversity. Furthermore, we also

compute the Fréchet Inception Distance (FID) [8] between

the sets of generated images and the ground truth images.

The smaller the value, the closer the two image distributions

are.

For compatibility, we conduct user surveys to see

whether our model could produce images that are perceived

as compatible to the query item. 20 subjects are involved in

the study. Each is assigned 300 randomly selected queries

(150 tops and 150 bottoms). We make pairwise comparison

between our method and the baselines. For each query im-

age, two complementary item images, one generated by our

full model and the other by a randomly selected baseline

method, are given. The users are asked to select the item

that is more compatible with the query. The total number

of votes got by each method are computed. We also pro-

vide pairwise comparison between our full model and the

models for ablation study.

The evaluation results are shown in Table 2 and Figure 4.

We can see that the proposed method performs better than

most other methods in IS and Opposite SSIM. As for FID,

our method outperforms other methods with a large margin.

Although DiscoGAN performs a little better in IS and Op-

posite SSIM. Its FID value is much worse than ours. It is

also less preferable to our method in the user study. Ac-

cording to the ablation study, our full model performs much
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Query

Positive

Ours (full)

Pix2pix

DiscoGAN

Pixel-level

transfer

MrCGAN

(a) Top to Bottom (b) Bottom to Top
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Figure 5. Qualitative comparison of different methods. Results of the top-to-bottom task are shown on the left and results of the bottom-

to-top task are shown on the right. For each task, the first row are the query images. From the 2nd to the 5th rows are the results of

pix2pix [11], DiscoGAN [14], pixel-level transfer [41] and MrCGAN [32] respectively. From the 6th to the 8th rows are results of our part

models. The last two rows are the items generated by our full model and the ground truth items selected by online users.

better than the alternative methods. Modeling users’ pref-

erence properly and using it to guide item design help the

generator better estimate the data distribution and improve

the results a lot. Using discrete labels as the user condition

is not capable enough to capture users’ style preferences and

it performs even worse than the unpersonalized model. By

using the compatibility discriminator, the matching degree

between the generated items and the queries is improved.

Therefore, both the personalized modeling and the compat-

ibility module are important for enhancing the performance.

4.4. Qualitative Evaluation

We also evaluate the visual quality of the designed items.

In Figure 5, we show some results of the two design tasks:

(a) top to bottom and (b) bottom to top. We can see that

compared with the baseline methods and our abbreviated

models, the items designed by our full model look more

realistic. They are good shaped and full of texture details.

They have fewer visual artifacts than the other methods and

are also more similar with the corresponding ground truth

items. The results demonstrate that our method is capable
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Figure 6. Generated images and their nearest neighbors in the real image dataset.

Figure 7. Designed items for different users given the same query.

of generating realistic and compatible items.

In Figure 6, we illustrate the 5 nearest neighbors of some

designed items in the real image dataset. From the figures,

we find that the designed items are very similar with the

real items, i.e., almost undistinguishable from the real ones.

For applications such as online shopping, where real items

are needed, we can use this design-and-retrieval method to

efficiently identify the targets.

Our framework can model users’ preferences on fash-

ion styles and make the designs personalized. Therefore for

the same query, the designs for different users are different.

This is validated in Figure 7. It shows that quite different

items are generated for different users. This is very desir-

able in practice.

4.5. Learning preferences for new users

When new users join after the model has been trained,

it would be un-affordable to retrain the whole model. With

our framework, we can keep all other parameters of the net-

work fixed and only learn θu for the newcomers. Note that

θu is only a 64 dimensional vector, which can be computed

efficiently with all other parameters fixed.

We have tested the performance with this setting. We

first use outfits from 700 users to train the whole network.

For the remaining 97 users, we learn their θu without updat-

ing other network parameters. We compare the images gen-

erated for these 97 users under this setting with our previous

setting where all 797 users were trained together. The quan-

titative comparison is showed in (Table 3). In general, we

find that the qualities of the images generated under these

two settings are similar.

IS ↑ Opposite SSIM ↑ FID ↓

Original setting 4.2899±.18 0.5922±.10 19.4098

New setting 4.1198±.13 0.5672±.11 21.6177

Table 3. Evaluation of the images generated for the 97 new users.

5. Conclusion

In this paper, we have proposed a personalized fashion

design framework with the help of generative adversarial

training. Our framework can automatically model user’s

fashion taste and design a fashion item that is compatible to

a given query item. It is composed of an encoder that maps

the query image into a latent vector representation, a de-

coder that generates the target item image, and two discrim-

inators which guide the generation process. Experiments

on thousands of outfits crafted by online users show that the

proposed method outperforms alternative methods in terms

of capturing users’ personal tastes, modeling the compati-

bility between items, and the visual quality of the designed

items.
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