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Abstract: Generative adversarial networks (GANs) have demonstrated remarkable per-
formance in various fashion-related applications, including virtual try-ons, compatible
clothing recommendations, fashion editing, and the generation of fashion items. Despite
this progress, limited research has addressed the specific challenge of generating a compati-
ble fashion item with an ensemble consisting of distinct categories, such as tops, bottoms,
and shoes. In response to this gap, we propose a novel GANs framework, termed Deep
Fashion Designer Generative Adversarial Networks (DFDGAN), designed to address this
challenge. Our model accepts a series of source images representing different fashion
categories as inputs and generates a compatible fashion item, potentially from a different
category. The architecture of our model comprises several key components: an encoder, a
mapping network, a generator, and a discriminator. Through rigorous experimentation, we
benchmark our model against existing baselines, validating the effectiveness of each archi-
tectural choice. Furthermore, qualitative results indicate that our framework successfully
generates fashion items compatible with the input items, thereby advancing the field of
fashion item generation.

Keywords: generative adversarial networks; fashion image synthesis; fashion compatibility

1. Introduction
Developing a new fashion item without any initial guidance presents a significant

challenge for fashion experts, including stylists and designers. For a new design to be
marketable, it must complement existing fashion products. However, even for experienced
professionals, this task is challenging and requires a significant amount of time and effort.

To tackle this challenge, we introduce a novel framework called DFDGAN as illus-
trated in Figure 1. This framework synthesizes a new, compatible fashion item based on a
series of fashion items from different categories that constitute an outfit. Consequently, the
provided items are presumed to be compatible with one another.

Our framework holds potential for integration into intelligent recommendation sys-
tems within fashion e-commerce, assisting customers in finding garments that complete
a stylish outfit. Moreover, as the framework generates novel items rather than merely
retrieving existing products, it inspires fashion designers to create innovative designs.
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Figure 1. The overview of our framework. Four fashion images (shoes, suit pants, suit top, and a
muffler) are input into the encoder, which generates four corresponding latent vectors. These latent
vectors are then transformed into a single combined latent vector by the mapping network. The
generator uses this combined latent vector along with the category of a fashion item to produce a
synthetic image. Feature maps are extracted based on the synthetic and target images from VGG19 [1].
Finally, the discriminator evaluates the generated image and its associated category.

GANs have garnered considerable attention in machine learning research and have
been widely adopted [2]. Due to the success of GANs-based studies in image generation
and translation, the fashion industry has increasingly utilized GANs to address challenging
problems. Notable applications include virtual try-on networks [3–5], fashion image
editing [6–8], clothing out [9–11], fashion image translation [12,13], and fashion image
generation [14–18].

We propose a fashion image generation framework that addresses a unique chal-
lenge: given a set of compatible fashion items across multiple categories, what is the most
compatible fashion item to complement them?

Previous studies on fashion image generation primarily focus on generating a fashion
item from a single garment with text descriptions through compatibility learning [14–17];
however, a study by Moosaei et al. aligns with our approach, using multiple categories of
source items to synthesize a fashion item [18].

OutfitGAN [18] comprises a pre-trained fashion compatibility network, which is
essential for training the image generation components, along with multiple generators and
discriminators. The image generation framework is trained using a multi-stage learning
approach, and it produces images with a resolution of 128 × 128 pixels.

In contrast, our framework employs an end-to-end design, eliminating the need
for auxiliary networks to model fashion compatibility and the complexity of multi-stage
training. Additionally, it produces high-resolution images at 256 × 256 pixels. The proposed
fashion compatibility batch algorithm facilitates the generation of innumerable unsuitable
outfits, enabling them to learn fashion compatibility.

Our framework consists of four key components: an encoder, a mapping network, a
generator, and a discriminator, as presented in Figure 1. The encoder processes multiple
images to create a feature representation, which is then transformed by the mapping
network into a combined feature space. The generator uses this transformed feature with
the category of a fashion item to generate a synthetic image, while the discriminator
compares the synthetic image to the ground truth.



Electronics 2025, 14, 220 3 of 18

The contributions are recapped as follows:

• End-to-end manner: Our framework is trained through a fully end-to-end process,
eliminating the need for additional networks. This design simplifies the training pro-
cess and makes it less challenging compared to OutfitGAN, as it avoids the complexity
of multi-stage training.

• Fashion compatibility batch algorithm: The proposed algorithm enables the frame-
work to effectively learn fashion compatibility by leveraging numerous unsuitable
outfits, facilitating the generation of plausible fashion images even on unseen data.

• A large image resolution: The resolution of the generated images is significantly im-
proved, quadrupling that of OutfitGAN [18] from 128 × 128 pixels to 256 × 256 pixels.

The organization of the remaining paper is as follows: Related work, including studies
on GANs variants and fashion image generation, is reviewed in Section 2. The proposed
method, including problem definition, framework, and training algorithm, is detailed in
Section 3. Section 4 introduces the dataset, pre-processing, and implementation details.
Model evaluation metrics and experimental results are described in Section 5, followed by
an analysis of the trained model in Section 6. Section 7 discusses the limitations of existing
baselines, and, finally, Section 8 concludes with a summary of contributions.

2. Related Work
2.1. Generative Adversarial Networks

There are four primary types of GANs: noise to image, one-to-one image translation,
reference-based image translation, and many-to-one image translation. It is important
to emphasize that these methods are not mutually exclusive and may overlap in their
applications and characteristics.

Noise to image: The works cited in [2,19–22] fall under the category of noise-to-image
GANs. In this approach, images are generated from noise, specifically from a latent vector
sampled from a uniform or Gaussian distribution.

For instance, in [2,19], digits, bedrooms, and human faces are generated from noise.
In contrast, the StyleGAN, StyleGAN2, StyleGAN3 [20–22] extend this approach by learn-
ing styles from noise using a constant tensor, enabling the generation of high-resolution
human faces.

One-to-one image translation: In this category, both the input and output are images,
with attributes in the output image being modified from those in the input image.

For example, pix2pix [23] performs image-to-image translation by converting gray-
scale images into colorful ones and vice versa. CycleGAN [24] addresses the limitation
of pix2pix, which requires paired ground-truth and labeled images, by introducing cycle
consistency to enable unpaired image translation. DiscoGAN [25] expands on this con-
cept by translating images between two distinct domains, such as from bags to chairs.
StarGAN [26] further advances the field by enabling the simultaneous translation of multi-
ple facial attributes, including hairstyle, gender, and age, within a single person’s image.

Reference-based image translation: In this approach, a reference image is utilized to
extract specific attributes, which are then injected into the input image.

For example, StarGAN2 [27] extracts the hair attributes from the reference image and
incorporates them into the input image using a single generator. Similarly, the StyleGAN
series, StyleGAN, StyleGAN2, and StyleGAN3 [20–22] also belong to this category, where
a reference image is used to extract style features that are subsequently applied to the
input image.
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Many-to-one image translation: CharacterGAN [28], DCTON [29], and the work
by Gafni et al. [30] are examples of many-to-one image translation. These studies utilize
multiple input images to generate a single output image. The key distinction in these
approaches lies in the fact that the input images serve as components that directly contribute
to the composition of the generated image.

Our framework is inspired by the type of “noise to image” GANs’ approach. This type
of GANs maps a latent vector from a distribution with data. When the multiple images
are transformed together into a latent vector, training a model that learns the mapping
between a certain image and given several images is available. We applied this framework
to generate a suitable fashion image based on multiple categories of fashion images.

2.2. Fashion Item Generation

The studies discussed below propose methods for generating fashion items. These
methods focus on generating a compatible fashion item based on a given fashion item, either
with or without accompanying text descriptions, while considering overall compatibility.

MrCGAN Shih et al. [14] proposed a method involving projected compatibility
distance (PCD) and metric-regularized conditional generative adversarial networks (MrC-
GAN). The PCD function is employed to train multiple models, enabling the learning of
various embedding spaces through these multiple models.

FARM Lin et al. [15] proposed the Fashion Recommendation Machine (FRAM), a
neural co-supervision learning framework, which jointly trains both the generator and
the recommender. Their approach utilizes a variational transformer along with visual and
layer-to-layer matching, as well as description matching within the network, to generate a
suitable fashion item based on text descriptions.

MGCM Liu et al. [16] proposed a multi-modal generative compatibility modeling
(MGCM) framework that generates lower garments based on given upper garments and
accompanying text descriptions. Their approach incorporates a loss function designed
to ensure compatibility between items (item-to-item compatibility) as well as between
items and text (item-to-text compatibility), utilizing a text-based convolutional neural
network (CNN).

CMRGAN Liu et al. [17] presented a multi-modal model that integrates visual and
text descriptions using a U-Net architecture [31]. The model learns a compatibility space
based on a triplet structure, where the discriminator evaluates the compatibility between a
pair of ground-truth images and a pair of generated images.

OutfitGAN Moosaei et al. [18] introduced a novel framework that utilizes multiple
input images to generate a compatible output image. This framework comprises a multi-
stage generative adversarial network architecture. Training the framework requires a
pre-trained fashion compatibility module, which is derived from the dataset provided
by [32]. By conditioning on specific categories, the framework generates images that are
well suited to the given input images.

In summary, MrCGAN, FARM, MGCM, and CMRGAN [14–17] align with our research
in their focus on fashion image generation with compatibility considerations. However,
these methods operate within the scope of a one-to-one image translation framework, where
the goal is to generate a fashion image based on a single-input item, such as tops paired with
shoes or bottoms paired with hats. In contrast, both our framework and OutfitGAN [18]
adopt a many-to-one image translation framework, where the inputs consist of multiple
categories of fashion items, and the output is a cohesive and compatible fashion image.

Fashion compatibility: Fashion compatibility refers to the harmonious combination
of two or more fashion items within an outfit. Han et al. [32] explored this concept by
employing a Bi-LSTM model [33] and introduced the task of compatibility prediction to



Electronics 2025, 14, 220 5 of 18

evaluate the coherence of an outfit. Vasileva et al. [34] extended this approach by utilizing
conditional similarity networks (CSNs) [35] to achieve type-aware fashion compatibility.
Moosaei et al. [18] further advanced the field by obtaining fashion compatibility through
relation networks [36] using the Polyvore Dataset [32].

3. Methodology
3.1. Problem Definition

Let xgenerated represent a generated image, G is a generator, and f be an encoder and
mapping network. The latent vectors are represented by zi for i = 1, 2, . . . , N, and cat
denotes the category of the fashion item.

Equation (1) represents the fashion image generation process, where xgenerated is the
output image produced by the generator G. The generator takes as input a category of
fashion item, and a combined latent vector, f ([z1, z2, . . . , zN]), which is formed by the latent
vectors zi (for i = 1, 2, . . . , N) through an encoder and the mapping network f.

xgenerated = G( f ([z1, z2, . . . , zN ]), cat) (1)

To synthesize a suitable fashion item corresponding to a set of multiple categories,
such as bottoms, shoes, eyeglasses, and earrings, collectively termed source images, the
framework maps these items to the target category, for instance, tops. The proposed
framework comprises an encoder, a mapping network, a generator, and a discriminator.

The encoder performs a vital role in the generation process by producing latent vectors
that capture various aspects of fashion items, with the distribution of these latent vectors
denoted as p(zi). These latent vectors are concatenated and fed into the mapping network,
which generates a combined latent vector zcombined.

This combined latent vector is then input to the generator, G, which synthesizes a
suitable fashion image xgenerated, reflective of the learned fashion compatibility distribution.
Concurrently, the discriminator assesses the fashion compatibility and authenticity of the
generated images by comparing them to both real images and the source images from the
dataset, thereby introducing adversarial learning dynamics.

The process of constructing the input for Equation (1) and its training methodology is
detailed in Section 3.5.

3.2. Model Architecture

Encoder The encoder utilizes six residual blocks with instance normalization and
Leaky-ReLU activation with a scale of 0.01 integrated with a convolutional block attention
module (CBAM) [37], a global average pooling, and a convolutional layer.

Initially, the size of the image tensor is increased to 128 × 128 × 64 at the first layer.
As the tensor passes through each subsequent layer, its depth is doubled while its spatial
dimensions are halved. In the final layer, the depth of the tensor is reduced to 128. The
encoder generates four latent vectors, each with dimensions of 1 × 1 × 128, corresponding
to four different categories of fashion items. These four latent vectors are then concatenated
into a single vector with dimensions of 1 × 1 × 512.

Mapping Network: The mapping network comprises six fully connected layers, each
incorporating Leaky-ReLU activation with a negative slope of 0.01. The concatenated latent
vector is input into this network, which processes it to generate an integrated latent vector
of the same dimensions as the input vector.
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Generator: The generator employs transposed convolution blocks with instance
normalization and Leaky-ReLU activation, using a negative slope of 0.01. Initially, the
size of the latent vector is increased to 4 × 4 × 2048 in the first layer. As the vector passes
through each subsequent layer, its depth is halved while its spatial dimensions are doubled.
Ultimately, the generator produces fashion item images with dimensions of 256 × 256 × 3.

Discriminator: The discriminator employs two parallel streams, each composed of
five residual blocks with instance normalization and Leaky-ReLU activation, utilizing a
negative slope of 0.01. Both the generated (fake) images and the ground-truth images, along
with the given set of compatible fashion items, are input into the discriminator. The output
consists of compatibility features and classification logits. During training, the network
learns to understand the compatibility between different fashion items and their respective
categories.

3.3. Fashion Compatibility Batch Algorithm

The Polyvore Dataset for Fill In the Blank task [32] comprises only positive examples,
meaning that all outfits in the dataset are matched sets of fashion items. To enable the
model to learn from mismatched sets of fashion items, randomly generated outfits are
created on the fly and fed to the model during training. For these randomly generated
outfits, black images are used as the ground truth.

As demonstrated in Algorithm 1, fashion images featuring mismatched outfits are
sampled across all categories when the sample probability falls below the mismatch proba-
bility threshold; however, in [18], exclusively the mismatched outfits from the Polyvore
Dataset for Fashion Compatibility Classification task [32] are utilized to train the scoring
network in understanding fashion compatibility.

Algorithm 1 Pseudocode for fashion compatibility batch algorithm.

1: Input: H, W ← height and width of an image
2: Input: mismatch_probability← float from 0 to 1, hyper-parameter
3: Input: f ashion_image_list← list of fashion items
4: Input: out f it_data_list← list of suitable outfit list
5: prob← random.uniform(0.0, 1.0)
6: if prob < mismatch_probability then
7: target_image← torch.zeros(3, H, W)
8: source_image_list← random.sample( f ashion_image_list, 4)
9: else

10: idx ← randomly sampled index from out f it_data_list
11: target_image, source_image_list← out f it_data_list[idx]
12: end if
13: return target_image, source_image_list

3.4. Objectives

The λg_adv, λgt, and λperceptual are coefficients of loss functions, respectively. LGT and
Lperceptual are l1 loss function between target and fake images, and the perceptual loss
function mentioned in [38].

The λd_adv, λcls, and λgp correspond to the adversarial, classification, and gradient
penalty [39] coefficients of loss functions, respectively. The term CE is the cross-entropy
loss function. Dcls(x) and ytrue represent the logit for classification and the ground-truth
category, respectively.
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G and D denote the generator and discriminator, respectively. zcombined is the latent
vector obtained from the mapping network, while cat denotes the category of the fashion
item, as shown in Equation (2).

The variables x and xsource denote the target and source images, respectively. The term
x̂ represents a sample taken from between the target image x and the generated image
G(zcombined, cat), as shown in Equation (1). ∇x̂D(x̂, xsource) is a gradient of given input
x̂ and xsource. Gradient penalty [39] enforces Lipschitz continuity by penalizing gradient
norm deviations, stabilizing training and ensuring reliable convergence.

Section 3.5 provides a detailed explanation of the construction of Equations (2) and (3)
in the DFDGAN training algorithm, as well as the training processes of the generator and
discriminator. The model utilizes two primary loss functions, Equations (2) and (3), for the
generator and discriminator.

LG = λg_adv ·
1
2
Ez∼p(z)

[
(D(G(zcombined, cat), xsource)− a)2

]
+λgt · LGT + λperceptual · Lperceptual

+λcls ·Ez∼p(z)CE(Dcls(G(zcombined, cat)), ytrue)

(2)

LD = λd_adv ·Ex∼pdata(x)

[
(D(x, xsource)− b)2

]
+ λcls ·Ex∼pdata(x)CE(Dcls(x), ytrue)

+λd_adv ·Ez∼p(z)

[
(D(G(zcombined, cat), xsource)− c)2

]
+λgp ·Ex̂∼pinterp

[
(∥∇x̂D(x̂, xsource)∥2 − 1)2

] (3)

The generator loss function, LG, incorporates adversarial loss, ground-truth (GT) loss,
classification loss, and perceptual loss. The adversarial loss, based on LSGAN-GP [40],
guarantees that the generated images are indistinguishable from real ones. The GT loss
measures the L1 distance between the generated and target images. The classification
function ensures that the image generated is the same as the input category vector, while
the perceptual loss, as applied in style transfer [38], ensures high-level feature similarity.
The encoder and mapping network are integrated with the generator to produce a combined
latent vector for image generation.

The discriminator loss function, LD, comprises adversarial loss terms for distinguish-
ing between real and generated images, a classification loss using cross-entropy for catego-
rizing fashion items, and a gradient penalty term to enforce the Lipschitz constraint. These
components collectively improve the model’s capacity to generate realistic and contextually
accurate fashion images.

3.5. Training Algorithm

Algorithm 2 provides a detailed explanation of the training procedure for DFDGAN,
aligning with the process visually represented in Figure 1. Equation (1) is a generation
process of a synthesis image of given multiple categories of fashion images. Equations (2)
and (3) are loss functions for a generator and discriminator in our framework.
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Algorithm 2 DFDGAN training algorithm.

1: Input: E: Encoder, M: Mapping Network, G: Generator, D: Discriminator
2: Input: adv_loss: Adversarial loss function, cls_loss: Cross-entropy loss function
3: Input: gradient_penalty: Gradient penalty function from WGAN-GP
4: Input: λg_adv: Weight for adversarial loss for Generator
5: Input: λcls: Weight for classification loss
6: Input: λperceptual : Weight for perceptual loss
7: Input: λgt: Weight for ground truth loss
8: Input: λd_adv: Weight for adversarial loss for Discriminator
9: Input: λgp: Weight for gradient penalty

10: target_cat: category of target fashion image
11: for e in epochs do
12: for target_image, target_cat, source_image_list in data_loader do
13: latent_vector_list← []
14: for source_image in source_image_list do
15: latent_vector_z← E(source_image)
16: latent_vector_list.append(latent_vector_z)
17: end for
18:
19: latent_vector ← concat(latent_vector_list)
20: combined_latent_vector ← M(latent_vector)
21: f ake_image← G(combined_latent_vector, target_cat) ▷ Equation (1)
22:
23: target_ f eature, f ake_ f eature← VGG(target_image), VGG( f ake_image)
24: f ake_score, cls_logit← D( f ake_image, source_image_list)
25: g_loss_adv← λg_adv · adv_loss( f ake_score, torch.ones_like(fake_score))
26: g_loss_cls← λcls · cls_loss(cls_logit, target_cat)
27: g_loss_perceptual ← λperceptual · l1( f ake_ f eature, target_ f eature)
28: g_loss_gt← λgt · l1( f ake_image, target_image)
29: g_loss← g_loss_adv + g_loss_cls + g_loss_perceptual + g_loss_gt ▷

Equation (2)
30: Perform G backpropagation
31:
32: target_score, cls_logit← D(target_image, source_image_list)
33: f ake_score, _← D( f ake_image.detach(), source_image_list)
34: d_loss_real ← λd_adv · adv_loss(target_score, torch.ones_like(real_score))
35: d_loss_ f ake← λd_adv · adv_loss( f ake_score, torch.zeros_like(fake_score))
36: d_loss_adv← d_loss_real + d_loss_ f ake
37:
38: d_loss_cls← λcls · cls_loss(cls_logit, target_cat)
39: α← random.uniform(0.0, 1.0)
40: x_hat← α · target_image + (1− α) · f ake_image
41: gp_score, _← D(x_hat, source_image_list)
42: d_loss_gp← λgp · gradient_penalty(gp_score, x_hat)
43: d_loss← d_loss_adv + d_loss_cls + d_loss_gp ▷ Equation (3)
44: Perform D backpropagation
45: end for
46: end for

4. Experimental Evaluation
4.1. Dataset and Pre-Processing

The Polyvore Dataset, as described in [32] and the Apache-2.0 License, contains a
collection of fully assembled and well-matched fashion outfits. Each outfit includes upper
and lower garments, shoes, bags, accessories, and other fashion items.
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In the Polyvore Dataset, the outfit data often include images of non-fashion items or
individuals wearing fashion items. To refine the dataset, images featuring people are filtered
out using YOLO v3 [41], ensuring that only fashion items are displayed. Additionally,
outfits containing non-fashion items or images that are not wearable by a person are
removed, resulting in a dataset that clearly focuses on individual fashion items.

In the outfit data, the first five fashion items are treated as a complete outfit. For
each outfit, one fashion item is designated as the target item, while the remaining four are
considered source items. Consequently, each outfit is viewed as consisting of five distinct
fashion items. In each row, the first image on the left is the target image, and the four
images to the right are the source images, as illustrated in Figure 2.

The dataset comprises 3141 outfits, which are allocated into training, validation, and
test sets in an 8:1:1 ratio, resulting in 12,560, 1570, and 1575 outfit data in the training,
validation, and test sets, respectively.

Table 1 presents the statistics of the dataset. The tops category includes both outer and
inner garments, while the “bottoms” category comprises various types of skirts and pants.
The majority of the dataset consists of women’s outfits, primarily sourced from users in
Western cultures.

Figure 2. Polyvore Dataset example. Each row of five images represents a single batch. The leftmost
image depicts the ground truth, called a target, while the subsequent four images serve as input to
DFDGAN and are referred to as sources 1 to 4.

Table 1. Dataset statistics.

Outfits Tops Bottoms Dresses Shoes Bags Eyeglasses Earrings

train 2512 4146 2214 346 2515 2349 396 594
val 314 515 281 37 315 285 53 37
test 315 519 286 38 317 294 47 74

4.2. Implementation Details

In this study, a batch size of 16 is used, with the learning rates for the generator,
mapping network, and encoder set at 3× 10−5 , while the learning rate for the discriminator
is set at 1× 10−6. The Adam optimizer [42] is employed during training with β1: 0.5, β2:
0.999. No data augmentation is applied to the images. The fifth convolutional layer of
the VGG19 network [1] is utilized for the perceptual loss function. The generator and
discriminator are adversarially trained for 1000 epochs.

Training and evaluation were conducted on an NVIDIA(R), Santa Clara, CA, USA
A100-PCIE-80 GB GPU and an Intel(R), Santa Clara, CA, USA Xeon(TM) Processor (Cascade-
lake), using PyTorch v2.1.0, CUDA v11.8, CuDNN v8.7, and Python 3.9. The coefficients
λg_adv, λgt, λperceptual, λd_adv, λcls, and λgp are set to 1, 1, 50, 1, 1, and 10, respectively.
The parameters a, b, and c are 1, 1 and 0 in Equations (2) and (3) and Algorithm 2. The
mismatch_probability is 0.35 in Algorithm 1.
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5. Evaluation
5.1. Baseline and Metrics

As far as we are aware, OutfitGAN could serve as a baseline for this research. However,
the code, detailed configuration, and dataset are not publicly available, making a fair
comparison impossible. Therefore, a fair comparison cannot be conducted. To show the
achievement of this study, pix2pix [23] and CycleGAN [24] are selected as the baselines as
conducted in [13] in this study.

For the pix2pix [23] and CycleGAN [24], the input images are combined along the
channel dimension. The identity loss function is removed in CycleGAN because the target
and source images do not share identical shapes. Additionally, the two generators in
CycleGAN have been modified to accommodate the specific requirements of this task.

To evaluate this method, Inception Score (IS), Fréchet Inception Distance (FID), and
Learned Perceptual Image Patch Similarity (LPIPS) [43–45] are utilized. For calculating IS
and FID, an Inception-v3 [46] is trained to classify tops, bottoms, dresses, earrings, bags,
shoes, and eyeglasses using the original Polyvore Dataset [32].

5.2. Inception Score

IS is a popular metric to evaluate the quality and diversity of images generated by
generative models, particularly GANs. It relies on a pre-trained Inception network to
compute class probabilities for the generated images.

A higher IS represents that the generative model produces high-quality, diverse fashion
images. It reflects outputs that are distinct, visually coherent, and confidently recognized by
an Inception model. High IS also suggests that the model captures variations in style and
design across categories, generating a wide range of fashion items rather than memorizing
some fashion items.

Equation (4) describes the formula of IS. x is a generated image, pg is the distribution
of the generated images, E is the expectation operator averaging over the distribution of
generated images, KL(·∥·) is the Kullback–Leibler divergence, p(y|x) is the class probability
distribution for the generated image x, and p(y) is the marginal distribution of the class
probabilities over all generated images.

IS = exp
(
Ex∼pg [KL(p(y|x) ∥ p(y))]

)
(4)

5.3. Fréchet Inception Distance

FID is a metric to evaluate the quality and realism of images generated by a model by
comparing their statistical distribution to that of real images.

A lower FID indicates that the quality of the generated fashion images is closer to real
data in terms of both appearance and distribution. It compares the mean and covariance
of features from generated and real images, capturing realism and diversity. A low FID
suggests realistic outputs with minimal artifacts, effectively representing the variability of
input categories.

Equation (5) describes the formula of FID. µr and µg are the mean feature vectors
of the real and generated image distributions, respectively, Σr and Σg are the covariance
matrices of the real and generated image distributions, and ∥ · ∥2 represents the squared
Euclidean distance, while Tr(·) is the trace of the matrix.

FID = ∥µr − µg∥2 + Tr
(

Σr + Σg − 2
(
ΣrΣg

) 1
2

)
(5)
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5.4. Learned Perceptual Image Patch Similarity

LPIPS is a metric to assess the perceptual similarity between two images by comparing
their feature representations.

The formula computes the squared Euclidean distance between feature representations
extracted from a pre-trained network, with lower LPIPS values indicating greater perceptual
similarity. LPIPS better aligns with human perception than pixel-based metrics, making
it useful for evaluating image quality in generative models. A lower LPIPS for generated
fashion items suggests a higher visual similarity to real fashion images, reflecting improved
realism.

Equation (6) describes the formula of LPIPS. I and J are the two images being com-
pared, fl(I) and fl(J) are the feature representations of these images at layer l of a pre-
trained network, ∥ · ∥2

2 is the squared Euclidean distance between the feature vectors, αl

is the learned weight for each layer l, and the sum over all layers l captures the total
perceptual difference between the two images.

LPIPS(I, J) = ∑
l

αl∥ fl(I)− fl(J)∥2
2 (6)

5.5. Comparison with the Baselines

Our framework surpasses the baseline models across all metrics. As shown in Table 2,
the architectures designed for one-to-one image translation are not applicable for this task,
a point that will be further discussed in Section 6.1. The IS for the ground-truth image is
4.49 ± 0.20.

Table 2. Method comparison with the baselines.

IS FID LPIPS

DFDGAN 3.87 ± 0.18 80.9 0.642
pix2pix 1.61 ± 0.04 226.9 0.74

CycleGAN 1.56 ± 0.14 361.8 0.83

5.6. Architecture Configuration Study

As demonstrated in Table 3, adopting a single encoder outperforms the use of multiple
encoders. The single encoder benefits from being trained on a larger set of images compared
to each of the four individual encoders, resulting in more robust feature extraction. When
four images are combined along the channel axis, the encoder tends to learn overlapping
areas across multiple categories of fashion items during feature extraction. This overlap
results in reduced performance, as demonstrated in Table 3. The perceptual loss leverages
high-level features from a VGG19 network with batch normalization [1,47], trained on the
Polyvore Dataset, to enhance image quality.

In Figure 3, the left and the right results show the latent vector visualization with
and without the mapping network, respectively, using t-SNE [48]. In the visualization
without the mapping network (right), data points for tops and shoes are dispersed across
the embedding space, with significant overlap between categories. In contrast, the visual-
ization with the mapping network (left) demonstrates a more disentangled and organized
embedding space.

Unlike the approach in [20], the mapping network in this study prevents the generator
from overfitting to specific categories within the concatenated latent vector. The mapping
network contributes not only to constructing a disentangled embedding space but also
improving performance, as shown in Table 3.
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Table 3 demonstrates that a latent vector dimension of 512 is optimal for the model,
balancing performance with resource usage, including training time and memory. Using
the fifth convolutional layer of VGG19 with batch normalization, and weights pre-trained
on the Polyvore Dataset [32], enhances image quality. However, employing more deeper
layers results in a decline in performance.

Table 3. Architecture configuration study of DFDGAN models. DFDGAN is our final model.
DFDGANmulti uses four encoders instead of a single encoder. DFDGANconcat uses a single en-
coder, but four images are concatenated along the channel axis. DFDGANw/o_Mapping does not
use the mapping network. DFDGANvanila_env uses a vanilla encoder consisting only of 2D con-
volution blocks with the same normalization and non-linearity function. DFDGANlayer_number

indicates the VGG convolution layer number for perceptual loss. DFDGANGT does not use percep-
tual loss. DFDGAN128, 256, 1024, 2048 represents the dimension of the latent vector for the generator.
DFDGANwgan-gp uses the WGAN-GP loss for training. DFDGANmulti_D uses a multi-discriminator
that uses only a single image with a classification layer.

IS FID LPIPS IS FID LPIPS

DFDGAN 3.87 ± 0.18 80.9 0.642 DFDGAN128 2.03 ± 0.07 189.8 0.71
DFDGANmulti 3.57 ± 0.20 93.9 0.687 DFDGAN256 3.29 ± 0.09 116.3 0.700
DFDGANconcat 3.55 ± 0.06 100.0 0.700 DFDGAN1024 3.39 ± 0.07 98.3 0.689

DFDGANGT 3.37 ± 0.12 132.2 0.699 DFDGAN2048 3.78 ± 0.11 82.8 0.676
DFDGANw/o_Mapping 3.38 ± 0.11 119.3 0.660 DFDGANwgan-gp 3.37 ± 0.15 96.8 0.682

DFDGANvanila_env 3.35 ± 0.12 107.6 0.680 DFDGANmulti_D 3.57 ± 0.09 96.7 0.6557
DFDGANlayer_9 3.20 ± 0.06 124.7 0.711 DFDGANlayer_13 2.63 ± 0.11 154.4 0.770

DFDGANlayer_5,9 3.41 ± 0.12 96.3 0.696 DFDGANlayer_5,9,13 3.39 ± 0.08 96.5 0.698

Figure 3. TSNE visualization; the left one is from the method with the mapping network and the
right one is from the method without the mapping network.

5.7. Quantitative Result

DFDGAN generates suitable fashion items, including upper and lower garments,
shoes, bags, and accessories, based on given source items, effectively capturing the harmony
between the generated image and the source items by considering the style and attributes
of the source items, as illustrated in Figure 4.
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Figure 4. DFDGAN image generation result. Sources 1 to 4 represent the order of fashion items of
multiple categories that are inputs to the model. DFDGAN represents the images generated by our
framework.

6. Method Analysis
6.1. Architectural Difference with the Baselines

As illustrated in Figure 5, pix2pix [23] fails to translate source items into a coherent
target item. CycleGAN [24] is unsuccessful in generating fashion items across all cases. The
source items are merely overlaid onto the generated image by CycleGAN, likely due to the
requirement that the target item be mapped to the source items under cycle-consistency.
As indicated in Table 2, the architectures of pix2pix and CycleGAN [23,24] are unsuitable
for this particular task.

Figure 5. Image generation comparison. Sources 1 to 4 indicate the sequence of fashion items from
multiple categories fed into the models. DFDGAN, pix2pix, and CycleGAN represent the images
generated by each respective model.

6.2. Outfit Space Exploration

Latent space exploration, also known as latent space walking [19], is a technique used
to assess the effectiveness of a GAN’s training. In this study, the outfit space is explored
using new source items obtained through an unsupervised clustering algorithm and deep
features. To obtain new source items, all fashion items are clustered using the BiT and
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FINCH algorithms [49,50]. For each dataset entry, one of the source items is replaced with
a different item from the same category within the cluster.

If the training is successful, the generated image from the new source items will exhibit
different styles and details while remaining as plausible as the image generated from the
original source items. In the embedding space, the new data points should be situated near
the original data points.

As shown in Figure 6, the eyeglasses and bags are generated from several source items
obtained by above approach. For the left side of Figure 6, three shoes on source 3 are all
different, and one top on source 1 is different. The generated eyeglasses have different
colors and styles. For the right side of Figure 6, three bottom clothes on source 2 are all
different. The generated bags have different colors and styles. The result in Figure 6 means
that DFDGAN understands the harmony of multiple fashion items, recognizes each fashion
item, and produces a plausible fashion item with various colors and shapes.

Figure 6. Outfit walking. Sources 1 to 4 represent the order of fashion items of multiple categories
that are input into the model. DFDGAN represents the generated images.

7. Discussion
The failure of the architectures in pix2pix [23] and CycleGAN [24] to generate plausible

fashion images can be attributed to the first transposed convolution layer, which halves
depth while its spatial dimensions are doubled, and a residual path is identical to the input
feature in the residual block.

The first transposed convolution of our generator increases the number of channels
from 512 to 2048 and expands the spatial dimensions from 1 × 1 to 4 × 4 by a factor of
four squared. This substantial increase in transformation capacity is intended to map the
relationship between the target image and the latent vector.

The identical residual path is not utilized as it disturbs the transformation from a
combined feature vector to a target image. Given that the features input to each convolution
module of the generator are distinct from the images to be generated, it is essential that the
visual features from previous layers do not persist through the convolutional modules. If
the identical residual path is used, learning based solely on residuals would be insufficient
to achieve meaningful visual transformations.

DFDGAN operates effectively only when using Instance Normalization [51]. Batch
Normalization [47] does not contribute to successful network training due to the high
variance observed along the batch axis. Each fashion item exhibits unique shapes, styles,
colors, and sizes, making them visually dissimilar. As a result, when batch normalization
was applied to our framework, it led to a significant increase in variance, which in turn
caused learning instability and gradient divergence.

The advantage of our framework is that training difficulty is low compared to [18]
because the framework is the end-to-end manner which has only a single generator and
discriminator, and a prerequisite network is not required to obtain fashion compatibility.
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The fashion compatibility batch algorithm in this study provides diverse mismatched
outfits, but the fashion compatibility network in [18] is only trained with the Polyvore
Dataset [32] with 3000 compatible outfits and 4000 incompatible outfits.

The limitations of our framework are that the generated images tend to be blurred,
and four images are required to get a compatible fashion image. The findings from this
study offer valuable insights into the structural design of many-to-one image generation
models, with a particular focus on fashion compatibility and normalization.

8. Conclusions
This study introduces a many-to-one image-translation-based fashion item generation

framework that utilizes complementary fashion item images from multiple categories,
moving beyond previous one-to-one image translation approaches that rely on a single
image from a single category, to better reflect real-world fashion scenarios.

Experimental results indicate that the novel architecture exceeds the baseline network
architectures with respect to image quality and evaluation metrics. DFDGAN demonstrates
superior performance compared to pix2pix [23] and CycleGAN [24] across all evaluation
metrics. It achieves a significantly higher IS (3.87 ± 0.18 vs. 1.61 ± 0.04 and 1.56 ± 0.14),
a markedly lower FID (80.9 vs. 226.9 and 361.8), and an improved LPIPS score (0.642 vs.
0.74 and 0.83), indicating enhanced image quality and perceptual similarity. These findings
underscore the efficacy of DFDGAN’s network architecture, specifically designed to excel
in many-to-one image translation tasks.

DFDGAN produces images at a resolution of 256 × 256 pixels, which is four times
larger in pixel count than the 128 × 128 images produced by OutfitGAN [18].

Training OutfitGAN requires a separate fashion compatibility-aware network, along
with the simultaneous training of three generators and three discriminators. Alternatively,
DFDGAN eliminates the need for an auxiliary network and simplifies the process by
training a single generator and discriminator.

The fashion-compatibility-aware network in OutfitGAN is trained with a limited
dataset of 7000 outfits, consisting of 4000 incompatible and 3000 compatible outfits. In
contrast, DFDGAN leverages the fashion compatibility batch algorithm, which provides
the model with an unlimited number of unsuitable outfits. This capability allows DFDGAN
to achieve superior performance in learning and handling fashion compatibility compared
to OutfitGAN.

Our future research will aim to enhance image quality further. The introduction of a
novel residual convolutional block is expected to enhance sharpness, and texture fidelity,
and reduce artifacts in fashion images. A refinement network will be incorporated to
effectively eliminate noise, correct artifacts, and refine misgenerated parts of the image.
To achieve a more disentangled outfit representation, a new feature concatenating ap-
proach will be applied to the mapping network, facilitating more accurate and meaningful
feature space.
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