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A Generative Adversarial Network (GAN) can learn the relationship between two image domains and achieve
unpaired image-to-image translation. One of the breakthroughs was Cycle-consistent Generative Adversarial
Networks (CycleGAN), which is a popular method to transfer the content representations from the source
domain to the target domain. Existing studies have gradually improved the performance of CycleGAN models
by modifying the network structure or loss function of CycleGAN. However, these methods tend to suffer from
training instability and the generators lack the ability to acquire the most discriminating features between the
source and target domains, thus making the generated images of low fidelity and few texture details. To
overcome these issues, this paper proposes a new method that combines Evolutionary Algorithms (EAs) and
Attention Mechanisms to train GANs. Specifically, from an initial CycleGAN, binary vectors indicating the
activation of the weights of the generators are progressively improved upon by means of an EA. At the end of
this process, the best-performing configurations of generators can be retained for image generation. In ad-
dition, to address the issues of low fidelity and lack of texture details on generated images, we make use of the
channel attention mechanism. The latter component allows the candidate generators to learn important
features of real images and thus generate images with higher quality. The experiments demonstrate quali-
tatively and quantitatively that the proposed method, namely, Attention evolutionary GAN (AevoGAN)
alleviates the training instability problems of CycleGAN training. In the test results, the proposed method can
generate higher quality images and obtain better results than the CycleGAN training methods present in the
literature, in terms of Inception Score (IS), Fréchet Inception Distance (FID) and Kernel Inception Distance
(KID).

Keywords: Generative adversarial networks; channel attention mechanism; image-to-image translation;
evolutionary computation.

1. Introduction in Deep Learning.' '' GANs were originally developed
The Generative Adversarial Network (GAN) is one as a powerful generative model that learns the distri-
of the most important unsupervised learning models bution of real data and learns to generate realistic
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data. In general, the models learn to play off each other
through (at least) two modules in the framework: the
generator and the discriminator. The generator aims
to generate high-quality samples to fool the discrimi-
nator, and the discriminator aims to distinguish
whether the data are real or generated. Since the first
proposal by Goodfellow et al.,'” numerous GAN var-
iants have been applied to various data types, such as
speech,'”® images'? and videos,'® etc. Whereby, image-
related variants of GANs have made great progress in
many subtasks, such as image generation,'® image

. . . 1 . 1 1¢C <
inpainting,'” super-resolution,'®'? 20

21,22

segmentation,
image-to-image translation, etc.
Image-to-image translation, i.e. the task of taking
images from one domain and transforming them into
images that have the style of images from another
domain, is the focus of this work. With the subtask
set of image-to-image translation, one of the most
widely known GAN variants is Cycle-consistent
GAN (CycleGAN).”* CycleGAN architecture con-
sists of two GANSs in a loop and is associated with a
loss function that measures how much the trans-
formed image is similar to the original image but
with new features. Unfortunately, this translation
process is usually unstable and often leads to some
unsuccessful cases. Therefore, several studies on
CycleGAN targeted the enhancement of the stability
of the translations. For example, Zhang et al.>* ap-
plied smooth regularization on its overall objective
function to enforce smoothness—consistency between
the source and target domains, halving the mean-
squared error. In Geometry-consistent GAN
(GcGAN),? their strategy solved the problem of
failed geometric transformation of the target do-
main. Victor Schmidt et al.?® used auxiliary tasks,
i.e. rotation prediction, and generative colorization,
to improve the visual performance. Xu et al.’” in-
troduce two adversarial training components for
learning the spatial perturbation function to obtain
the alignment of the distribution between the source
and target domain. In addition, structure consis-
tency constraint (SCC)** has been proposed to re-
duce the randomness of color transformation in the
translation process. In terms of the limitation of
intra-domain or deterministic inter-domain transla-
tion in image-to-image many approaches, Mao
et al.?” introduce a unified attribute space to enhance
the visual quality of continuous translation results.
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Although these methods improve upon the qual-
ity of the generated images they often generate either
images with overly saturated colors compared to the
input images or still have obvious visual deficiencies,
such as incomplete translation, missing details and
low fidelity. To overcome this difficulty, some
researchers incorporated attention mechanisms® (a
pre-processing algorithm to identify the important
parts of the input) as a way to improve the quality of
generated images. For example, Zhang et al.*! placed
the self-attention mechanism as a condition on the
generators and showed its validity of extracting the
key information on objective images. A number of
studies®?* have also applied attention mechanisms
to alleviate the above image-quality problems with
limited datasets and for specific tasks.

Furthermore, these methods often suffer from
training instability, that the fluctuation of loss
function during the network training. The latter is a
well-known issue in GANSs’ training, see e.g. Ref. 34.
A popular way to mitigate this issue is to introduce
redundancies by processing multiple candidate net-
works within the same training framework. Inspired
by Evolutionary Computation (EC), Wang et al.*
evolve a population of generators to play the ad-
versarial game with the discriminator. Shu et al.*°
devised a mask-encoding on generators and applied
an Evolutionary Algorithm (EA) to obtain gen-
erators with smaller model sizes and better genera-
tive results, their research focuses more on model
compression. These approaches successfully address
the problem of training instability. However, the
problem of image quality tends to persist for these
methods.

This paper proposes an approach, namely, At-
tention evolutionary GAN (AevoGAN), that com-

C36 and attention

bines the advantages of E
mechanisms to simultaneously overcome the pro-
blems of training instability and the deficiencies of
the generated images. The following are the main

contributions of this paper:

e An EA is applied to identify promising generators
by compressing an initial CycleGAN structure.
The EA compresses a CycleGAN structure by
evolving a population of binary vectors whose 0
and 1 indicate active and inactive weights of the
initial CycleGAN. Furthermore, this study pro-
poses a novel loss function for the EA to search for
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a compressed CycleGAN which also has a better
performance than the initial one.

e The channel attention (CA) mechanism is used to
assist the generators to find and enhance the in-
fluential features of input images.

The remainder of this paper is organized in the fol-
lowing sections. Section 2 briefly introduces some
related works about EAs and attention models
combined with GANSs. Section 3 describes the pro-
posed AevoGAN in detail. Section 4 provides the
experimental setup and shows the results of the
experiments carried out in this study. Section 5
provides the conclusion to this work.

2. Related Work

Several studies have been performed in the past years
to improve upon the performance of GANs.*™3 In this
section, we review relevant work closely related to this
work, mainly in the areas of evolutionary GANs, un-
supervised image-to-image translation, and attention-
based GANs.

2.1. FEwolutionary GANs

Many methods combining EC and GANs have been
proposed and are here referred to as evolutionary
GANSs. Early studies on evolutionary GANs can be
roughly divided into two categories: (1) variants based
on loss functions; (2) variants based on network
structure. The first category includes E-GAN,?*’ which
applies three variation operations to generator losses
to evolve generators and subsequent work®® modified
the E-GAN framework to enhance its performance.
Regarding the second category, Shu et al.*® developed
mask coding on generators using an EA to obtain
generators with smaller model sizes and better gener-
ative results. Costa et al.”® remove the randomly se-
lected layers on the generator and discriminator, their
work achieves a lower FID score while Mehta et al.”®
applied different mutation options to neural networks
to generate images with better resolution.

In recent years evolutionary GANs embedded
multi-objective problem formulations and neural
architecture search (NAS) to offer attractive GANs.
He et al.°" proposed a multi-objective EA driven by
GANs to improve the performance of various ma-
chine-learning models under the condition of limited
training data. EAGAN’® uses a two-stage EA based
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on a NAS framework to design GANSs, and it uses
multiple objectives to store nondominating archi-
tectures. Lin et al.”® use different objective functions
in the
generator, leading to more stabilized and better-

to train various candidate architectures

performing GANs.

2.2. Unsupervised image-to-image
translation

Image-to-image translation involves converting
images from one domain into a new image that
represents the original image but has the style (or
characteristics) of images from another domain. For
image-to-image
transform photos into paintings according to a pre-
determined pictorial style. The unsupervised image-
to-image translation is the task of performing
image-to-image translation without ground truth
image-to-image pairing. Recent studies of unsuper-
vised image-to-image translation modify the network
structure and loss function to improve performance.
For example, GANILLAS’ proposes a new generator
that uses additive connections between low and high-
level features, including skip connections. NICE-
GAN®!' changed the role of its discriminator by

embedding the encoder into the discriminator. Zhao
1.62

example, an translation can

et a
sarial consistency loss to optimize the whole model
and Park et al.%® proposed patch-wise contrastive loss

replaced the cycle-consistent loss with adver-

on mutual features to improve the performance of
translation.

2.3. Attention-based GANs

Model networks often add attention mechanisms®*—%°

to automatically learn and adjust the contribution of
features in the input data. Zhang et al.*' introduced
the use of the attention mechanism in GANs. It is
shown that the attention model helps the generator
to generate more detailed images. Due to the effec-
tiveness of the attention mechanism and its flexibil-
ity, it is portable on most models, Yang et al.%"
devised bidirectional attention GANs to effectively
obtain the spatial characteristics of traffic flow.
Moreover, the self-attention module has been applied
on GANs to extract the internal damage of input
data.’> MA-GAN?*? combines multi-scaled convolu-
tion and CA to automatically learn and adjust the
scale of residuals for better representation.
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Besides the CA mechanism, the spatial attention
(SA) mechanism, that is a module isolating impor-
tant parts of an image using the inter-spatial rela-
tionship of features, has been proposed.®® The SA
mechanism has recently been applied, with success,

to GANs for image translation.®” "

2.4. CycleGAN loss function

CycleGAN consists of two GANs that have the same
network structures. Each of them is composed of a
generator G, G4, respectively, and a discriminator
Dy, D,, respectively. Let us consider the source
images from two different styles X = {z{,z,,...,2,}
and Y ={y1,ys,---,Un}, €8 a set of images of
horses and a set of zebras, assuming that horses and
zebras look alike except for their color patterns. In
the following, when we write G, G5, D; and D, we
refer to the parameters of the corresponding net-
work. Let us consider for the time being the GAN
identified by G; and D;. We may think about G; and
D, as the following functions:

Gi(z): X -V,
Di(y): Y — (0,1].

This means that G transforms an image (which can
be noise) into a new fake image while D, processes the
fake image assigning a score to it. A score nearing 0
means that the image is likely to be fake while a score
nearing 1 means that the image is assessed to be genuine.

The training of the Lgan(G1, D;) can then be
formulated as the optimization of the following loss
function'?:

Laan(Gy, Dy)

= E,[log D (y)] + B, [log(1 — D1(G1(x)))], (1)

where E, and E, represent the expectation that fake
and genuine images have been correctly detected.
The loss function in Eq. (1) has to be minimized for
G, and maximized for D;.

Since CycleGAN contains two generators and
discriminators, the training objective function for
CycleGAN is*

Leyaecan = Lean(Gr, Dy) + Lean(Ga, Dy)
+ )‘cyc ‘Ccyc(Gla G2>7 (2)

where Ay is a hyper-parameter and L.y, is a func-
tion called cycle-consistency loss whose minimization

2350026-4

ensures that the generated images G;(x), Go(y) are
as similar as possible to the source images x, y. The
mathematical formulation of cycle-consistency loss is
given by

Leye(Gr, Ga) = Eq[[|G(G1(2)) — 2]|1]
+E[IGL(G2() = ylh],  (3)

where the 1-norm operator || - ||; indicates the sum of
the absolute values. The cycle-consistency loss cal-
culates the differences between each image input to
(4, i.e. z and the corresponding image output by G,
and analogously for the inputs to G,. By following
the classical example of CycleGAN, if we convert a
zebra image to a horse image and then back to a
zebra image, we may expect to have the original
zebra image. If this is the case, then the cycle-con-
sistency loss is zero. More details about the Cycle-
GAN loss function are available in Ref. 23.

3. AevoGAN: Attention Evolutionary
Generative Adversarial Network

This section describes the proposed AevoGAN in-
cluding its encoding, the evolutionary framework
and the use of the attention model.

3.1. Encoding of CycleGAN

For simplicity of notation, we indicate with G either
the generators (either G| or G5) and D either the
discriminators (either D; or D,) and refer to them as
generator and discriminator, respectively. This sim-
plification is done only because the mathematical
description for (G4, D;) and (G, D,) are analogous.

Let us assume that the generator G contains L
convolution layers and let us denote its filter weights
with {W&}E, where W¢ indicates the three-di-
mensional (3D) tensor containing the weights’ ma-
trices of the generator G at the convolution layer <.

The generator G is encoded by means of the bi-
nary data structure’’ of the same dimensions of
{WEE | and indicated by S¢ = {S¢}£ | where S¢
contains the activation information of the weights
within the ¢th convolution layer 0 means that the
weight is not active (it is OFF) while 1 means that
the weight is active (it is ON). Thus, obtaining
sparse weights is directed to cancel the filters in the
channels (red, green and blue, respectively). For each
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convolution layer, the weights of G are updated
according to the formula

=S{ o WY, (4)

where © indicates the element-by-element product,
WZG is 3D tensor containing the updated weights of
the generator G at the layer 7.

The binary data structure S¢ is arranged as a (long)
binary vector representing the active and inactive
weights of one of the CycleGAN generators, which, for
the sake of simplicity, we will also indicate with S&.

3.2. FEwolutionary framework to design the
compressed generators

For a given CycleGAN with its two generators, G,
and G, the following procedure has been applied to
generate a new compressed CycleGAN with its two
generators G1 and G2 The two generators G1 and G2
are processed separately by two optimization runs.

At the beginning of the optimization process, a
population of K binary vectors of the type S are
randomly sampled From each S¢, the corresponding
generator Gl (or GQ) is calculated by applying Eq.
(4). For each element of the population, the sparse-
weight network corresponding to it is trained on a set
of training images sampled from the entire data set,
and the fitness on the validation set is used as the
evaluation criterion. To assess their quality, the cor-
respondlng sparse-weight (compressed) CycleGAN
(Gl, Dy, GQ, D,) is trained on a subset of the training
images.

For the compressed generator é\h the following
function is calculated

Fa = [% i [D1(G1 () —

while for the generator (/¥\2 the following function is
calculated

m@@»)ﬂ%] , (5)

Fpe [% Zn: 1Do(Ga () — Da@(yi))llil :
(6)

where the 2-norm ||| is the square root of the
squares of the elements of the vector therein. The
functions F,; and Fg measure the deviation in
performance of the candidate (compressed) gen-
erators G1 and G2 with respect to the original
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generators G; and G,. Similar performance results
into high values of F,; and Fg. Since the perfor-
mance in F; and Fg, is assessed by means of the
discriminators we refer to it as “discriminators’
fitness” and we indicate this fact with the subscript d.

In addition, the cycle-consistency modified from
Eq. (4) is also taken into consideration. For G, and

G, the following functions are calculated, respec-

tively,
-1
Feyel = Acye [ Z G, (G 33;”%] , (1)
-1
-7:cy02 cyc[ Z ”Gl G2 yz y’b||%‘| . (8)
The functions Fy and F o in Egs. (7) and (8)
signify how successful the generators are to trans-
form an image and return back to the original one.
As for Fy and F g, high performance of the candi-
date solutions correspond to high values of F ., and
Feyea-
The overall fitness functions to evaluate each in-

dividual S¢ in the corresponding population and to
maximize are

flzfd1+f0y01 (9)
and

Fo=Far+ Feyer- (10)

In the case of é\l, the fitness F; (or F, in the case of
6\2) is calculated for all K candidate solutions and
used to apply the fitness proportionate selection.”
The kth individual of the population is associated
with the probability p#:

Fk:
k 1
b1 = ) (11)
S FL
where ]—' is the ﬁtness of the kth candldate solution.
Analogously for GQ, the probabilities p5 = %
k=1 2

are calculated.

The parents are then selected according to the
probabilities in Eq. (11) and undergo crossover and
mutation to generate K offspring individuals. In this
phase, we made use of binary encoding to effectively
explore the search space with simple operators. We
used the two-point crossover and a flip mutation
(0 -1 or1—0) applied to two randomly selected
genes (binary bits).”” We use the thresholds t., and



Int. J. Neur. Syst. Downloaded from www.worldscientific.com
by HEFEI UNIVERSITY OF TECHNOLOGY on 04/20/23. Re-use and distribution is strictly not permitted, except for Open Access articles.

Y. Xue, Y. Zhang € F. Neri

taue tO apply crossover to a pair of parents and
generate two offspring solutions or to apply mutation
to one individual of the population, see Algorithm 1
for details. We chose this logic, on the basis of our
preliminary results, to directly control the exploita-
tion and exploration of the algorithm. We have ob-
served that the logic outlined in Algorithm 1 is in this
case more effective than that of a standard EA that

Algorithm 1. Evolutionary algorithm of AevoGAN
to produce an optimized Gj.

Require: Pre-trained generator G;. Pre-defined
hyper-parameters K, T, crossover threshold .,
and mutation threshold ¢,us.
1: Initialize K individuals of the type S, each of
them containing the information of G 13

2: for t=1to T do

3. Calculate the fitness of each individual in Gy by
B (9) 71 (GF) — £ + 7O,

4: Assign selection probabilities to all individuals
by (Eq. (11));

5: Update the best individual (elite) if the best in-
dividual of the population has a higher perfor-
mance than the historical best: égt) — (Algt_l);
if k=1 to K then
Sample a random seed r € [0, 1];
if r <t. then
According to the selection probabilities, select an
individual to remain in the next generation;

10: k=k+1;

11: else if t., <7 <ty then

12: According to the selection probabilities, select
two individuals and apply the crossover opera-

tor on the selected parents;

13: k=k+2;

14: else

15: According to the selection probabilities, select an
individual and apply the mutation operator (flips
two bits) on it;

16: k =k +1;

17: end if

18: end if

19: Replace the population with the offspring popu-
lation for the subsequent generation;

20: end for

Output: Best generator (A}'gT).
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applies mutation to the newly generated offspring. It
must be remarked that similar implementations of
EAs for GAN have also been recently proposed in the
literature.*%*Y

An elitism of size 1 is used to preserve at each
generation the best individual. Although this indi-
vidual does not participate in the generation we
chose to store in memory the best results to not lose
them. The newly generated offspring solutions re-
place the population and are processed in the sub-
sequent generation. This loop is repeated for T
generations.

Algorithm 1 displays the pseudo-code of the
evolutionary framework for é\l where we use the
generation index t. The pseudocode for é\Q would be
analogous.

Figure 1 depicts the evolutionary process for
identifying an optimized C/}\l The evolutionary pro-
cess for 6\2 is analogous.

3.3. Training of the CycleGAN with
compressed generators

The CycleGAN is then built with the best generators
CAv'l and GQ produced by the EA in Algorithm 1 and
the original discriminators D; and D,. This newly
designed CycleGAN undergoes adversarial training
to modify the values of the active weights of él
and GQ. This training is performed by using the
original Lcygegan shown in Eq. (2). In addition, we
propose the introduction of the following identity
loss function:

Ao 1 & A
Ligen(G1,G2) = P Z |Gi(z) = Gi(2)]
i=1

m
F 3 [Goly) ~ 6o W) (12)
i=1
The meaning of the L4, function is the distance
between the original generator and its sparse version.
The training of the resulting CycleGAN is performed
by optimizing in adversarial training, i.e. minimizing
for generator and maximizing for discriminator, with
Adam,™ the function

['ACVOGAN = £CycchAN + >‘idcn£idcn(é1a G?)v (13)

where A4, is a pre-defined hyper-parameter.



Int. J. Neur. Syst. Downloaded from www.worldscientific.com
by HEFEI UNIVERSITY OF TECHNOLOGY on 04/20/23. Re-use and distribution is strictly not permitted, except for Open Access articles.

sparse-weight G

Glfy‘>£:>~~>F,*’ ¢ b =
e
s ®
/
/
| @
\
offspring population
afibis 4o >
"/ ) ~ - /
FI>F> > 5 ~—--7

EAs and Channel Attention for CycleGAN

generated images

D real
-
fake

Fig. 1. The evolutionary process to identify the generator é\l Multiple generators é\l are tested to replace G;. The evolution
over T' generations is schematically represented as a single cycle producing a new generator. This cycle is composed of three
sections: (1) from G, a population of sparse-weight G is generated according to Eq. (4); (2) evolutionary operators are applied
to produce candidate offspring solutions; (3) the most promising solutions are selected over the generations.

3.4. Channel attention-based generators

In deep neural networks,'®"™* ! many channels are

usually generated by convolution operation, but
some feature information in some channels has little
influence. CA mechanism has emerged as an effective
tool to capture the key features from a large feature
space.”” Leveraging this insight, we apply the CA
mechanism® on the intermediate channels of the
generators. In practice, we add the CA layer after the
residual block that has the largest number of fea-
tures. Then we perform max-pooling and average-
pooling operations on these features to enhance the
extracted features with significant effect in the
channels. The effective feature extraction and en-
hancement process by CA is illustrated in Fig. 2.
For an input image data F € RC*#*W  the max
pooling and average pooling layers change the fea-
ture map size from C' x H * W to 1 * 1 * C. Then the

two feature maps are put into a shared Multi-layer
Perceptron (MLP) module and ReLU activation
function. Finally, the output result of CA (i.e. F.) is
given as

F, = o|[MLP(avg_pool(F)) + MLP (max_pool(F))]
= 0[MLP(f,ys) + MLP(fryax)]
= O'[(.UQ (wl(favg)) + w?(wl (fmax))]

favg + fmax7 (14)

where f,,, and f,,, are average and max pooling on
input image F, respectively. MLP is a multi-layer
perceptron, w; contains the weights between the
input layer and hidden layer of MLP, and w, is the
weights between the hidden layer and output layer, o
is the sigmoid activation function. By multiplying
the output of CA with the input image F', we can get
the feature map with the same size as the input

F,
F Avg_pooling F
C C
O
o — — | 0O —
! 7 H
w Max_pooling W
Shared MLP 1x1xC

© : element-wise multiplication

Fig. 2. The extraction and enhancement process of input feature.
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feature C'« H « W, i.e.

F=F.0F, (15)
where ® denotes element-wise multiplication.

With the implementation of CA above, gen-
erators are able to generate images that retain more
critical details, thus enhancing the overall visual
performance. It is worth noting that the CA in the
generator is not involved in the evolutionary process
in our strategy, in case the key features from CA
weights be substituted in the evolutionary process.

4. Experiments

To evaluate the proposed AevoGAN, we conduct
experiments on the horse2zebra dataset® for image
translation. In order to explore the potential effect of
the SA mechanism on the proposed framework, we
display the results of AevoGAN with and without
SA. In this section, we compare CycleGAN, Aevo-
GAN+ SA, and AevoGAN and perform an ablation
study to evaluate the stability and performance of
AevoGAN. The code is available at https://github.
com/lizzhang-spec/ AevoGAN.

4.1. Implementation details

We evaluate AevoGAN on horse2zebra dataset,
which consists of 1187 horse and 1474 zebra images.
Among these images, 10% of them are used as a test
set. To guarantee a fair comparison, we used the
network architecture of the original CycleGAN di-
rectly. To obtain better performance on generating
256 x 256 color images (thus each image is the
composition of three 256 x 256 images in rgb), the
CA mechanism is added to the layer with the largest
number of channels in the generator convolution
operation. The details of the generator are listed in
Table 1. As for the discriminator, we also adopted
the design in CycleGAN, which consists of five con-
volution layers and a fully connected network (FCN)
layer. The output of the discriminator is a proba-
bility between 0 and 1 to indicate if the image is real
or fake. It should be noted that the CA layer in the
generator is not part of the evolutionary process so
the important weights are not replaced during the
evolution. In the evolutionary process of AevoGAN,
the size of each individual in the number of bits is 640,

2350026-8

Table 1. The detailed design of generator.

Generator network

Input: Real images of horses or zebras, (3 x 256 x 256)

Operator Number
Conv (7 x 7, stride 1) x1
Conv (3 x 3, stride 2) X2
Residual Block x9
*Channel Attention x1
Transposed Conv (3 x 3, stride 2) X2
Conv (7 x 7, stride 1) x1

Output: Generated images, (3 x 256 x 256)

the population size K is set to 32, and the maximum
number of generations 7' is 100. The crossover
threshold ¢, has been set equal to 0.2, mutation
threshold ¢, is 0.9. With reference to Egs. (2)
and (13), Aye and Age, are set equal to 10 and 5,
respectively.

We conducted further experiments based on
AevoGAN with the addition of the SA mechanism.
Specifically, SA was used in the layer immediately
after CA, it takes the output of CA with the same
pooling operations (i.e. max-pooling and average-
pooling) as CA to compress the channel dimension
while fixing the spatial dimension. The resulting al-
gorithm is indicated here as AevoGAN+SA.

4.2. Ezxperimental results and analysis

Ablation Study. With the purpose of demon-
strating the role of each novel component of Aevo-
GAN, we have studied the performance of the
method after the removal CA and the evolutionary
process (Evo) separately. The generated images
obtained by the methods in this ablation study are
shown in Fig. 3. It can be easily observed that the
generated results of AevoGAN without CA (Aevo-
GAN-CA) and AevoGAN without evolutionary
process (AvoGAN-Evo) are suffering from more
defects. It can be observed that the head features of
the animals in the four lower right images are in-
complete or blurred, and the backgrounds in the
upper right four images are replaced, or the animal’s
back or tail features are missing.
Hyperparameters. The cycle-consistency term
Acye 18 set as 10 as in the case of the original
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Input

Fig. 3.

AevoGAN

AevoGAN-CA

EAs and Channel Attention for CycleGAN

AevoGAN-Evo

Generated images of ablation study on horse2zebra datasets. The red rectangles emphasize the differences in image

transformation quality, e.g. in terms of resolution and the presence/absence of details.

Table 2.

Impact of Ajge, on horse2zebra datasets (FID comparison).

/\iden 0.1

1

5 10

82.85 £ 0.82
148.81 £1.5

Horse — Zebra
Zebra — Horse

117.33 £0.64
153.15 £0.91

62.11 +£0.55
134.37£1.12

243.72 £ 0.76
244.48 £1.27

CycleGAN. In addition, we investigate the impact of
the identity loss term Ay, in Eq. (13). We observe
the proposed approach achieves the best FID result
when Agen =5 (Table 2). The population size
K =32, crossover threshold ¢, = 0.2, mutation
threshold ¢,,,, = 0.9, and max generation 7' = 100 are
selected.
Experiments
Figure 4 shows the comparison of the images gener-
ated by CycleGAN, AevoGAN+SA and the proposed
AevoGAN. Clearly, the results of CycleGAN, and

on Horse2zebra Datasets.

2350026-9

AevoGAN+SA show more defects in the areas
highlighted by a red rectangle. It must be observed
that the head features of the horse/zebra in the gen-
erated images are clearer on the AevoGAN method.
Furthermore, in images with extensive objectives such
as trees, walls, and other animals, AevoGAN shows
superior performance.

Moreover, following the experiments on horse2-
zebra images, we adopted quantitative evaluation
metrics to verify the validity of the proposed method.
Specifically, Inception Score (IS)** and Fréchet
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Zebra to Horse

CycleGAN AevoGAN+SA

Horse to Zebra

Fig. 4. (Color online) The results of experiments on horse2zebra datasets. The generated images by methods CycleGAN,
AevoGAN + SA, and AevoGAN are presented sequentially from left to right. The red boxes highlight some details of their
difference. The images generated by AevoGAN displayed in the last column appear of better quality than the others.

Table 3. Results of IS and FID on CycleGAN,
AevoGAN+SA, AevoGAN. IS is a measure of the clarity
and diversity of the generated images. A higher value is
better. For FID metric, it reflects the distance between the
generated image and the real image. A lower value is
better.

Method Horse — Zebra (IS) Zebra — Horse (IS)
CycleGAN 1.26 £0.12 3.15+0.04
CycleGAN 1.51+0.03 3.11+0.13
+identity_loss
AevoGAN + SA 1.37+£0.05 3.03 £0.06
AevoGAN 1.67+0.09 3.37+0.11
Method Horse — Zebra Zebra — Horse
(FID) (FID)
CycleGAN 65.15 £+ 0.62 139.56 £+ 0.91
CycleGAN 787+£15 137.83 £0.78

+identity_loss
AevoGAN + SA 75.60 = 0.82
AevoGAN 62.11 £0.55

14237+ 1.21
134.37£1.12

inception distance (FID)* are employed to evaluate
the images generated by CycleGAN, AevoGAN, and
AevoGAN+SA. For the sake of completeness, we report
the quantitative results for both the CycleGAN versions
presented in Ref. 23, that is the standard CycleGAN
and its modified version which also uses an identity loss
during training. The latter version is here indicated as
CycleGAN + identity_loss. The quantitative results are
listed in Table 3 and clearly show that the proposed
AevoGAN consistently achieves the best results.

To present the performance of the proposed
AevoGAN against modern image translation meth-
ods representing the state-of-the-art, we have used
Kernel Inception Distance (KID).*° The latter is by
far the most popular index for assessing the quality
of image translations. Table 4 lists the KID results
for AevoGAN, AevoGAN+SA, CycleGAN and five
GAN-based algorithms recently proposed in the lit-
erature. We observe that the proposed AevoGAN
outperforms the seven competitors included in this

2350026-10
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Table 4. The result of KID x100 + std. x100 on
different methods. KID controls the distance be-
tween the generated and input image, for this metric,
a lower value is better.

Method Horse — Zebra  Zebra — Horse
UVCGAN®’ 4.72 +£0.29 6.52 4 0.34
UAIT®® 6.93 +0.27 8.87+0.26
U-GAT-IT* 7.06 £0.8 747 +£0.71
CycleGAN?? 10.25 4+ 0.25 11.44 £0.38
UNIT? 11.2240.24 13.63 +£0.34
DiscoGAN?* 13.68 + 0.28 16.60 4 0.50
AevoGAN + SA 8.63+0.13 10.26 £ 0.32
AevoGAN 3.03+0.64 5.48 + 0.42
9
8
7
6

3 4 Ligen
3 Lean
2 Leye
1
0

1 51 101 151 201
Epoch

Fig. 5. The variations of the loss function during adver-
sarial learning, see Egs. (2) and (12), on AevoGAN.

study for both translations Horse — Zebra and
Zebra — Horse. Thus, we can conclude that Aevo-
GAN can help generate more satisfactory images.

Experimental Analysis. As introduced in
Sec. 3, we used a binary data structure to encode the
filters of the generator network, so as to retain the
promising features and set unimportant filters to 0.
Then we applied the GA only to the generators. The
role of GA is to preserve the best generator in each
domain according to their fitness. The role of the
residual blocks in the generators is to embed features
while the role of transposed convolution blocks is to
generate the target domain images from the em-
bedded features. Without this evolutionary process,
the generated images show inferior performance as
illustrated in Fig. 3.

To illustrate that the proposed method can sta-
bilize the GAN training, we show the variation of the
total loss function Lj.oqan, Which includes the
convergence loss of Lijen, Lgan, Leyes Fig. 5 displays

EAs and Channel Attention for CycleGAN

the three trends separately. We observe that the
proposed method ensures a stable convergence
around the 50th epoch of adversarial learning.

In addition, a CA mechanism is also added to the
generator network. The location of attention
mechanisms added in the network model has been a
question worthy of study. In this paper, we added the
CA mechanism to the previous layer of the transposed
convolution layer because we can enhance more fea-
tures by CA on the layer with the highest number of
features. As for the additional implementation of SA
based on our method, we noticed that the feature
enhancement on spatial dimension is kind of coun-
terproductive to generate better images, as the results
showed in Fig. 4. According to the experiments in
Ref. 68, the combination of CA and SA mechanism is
more suitable for the object detection task.

Runtime. The proposed method uses a binary
data structure to encode active and active weights of
the generator and then applies an evolutionary ap-
proach to preserve the most promising configura-
tions. The whole training time of the evolutionary
process costs 4 GPU days while the runtime of ad-
versarial training between generators and dis-
criminators is about 1 GPU day, taking a total of 5
GPU days. The original CycleGAN takes 3 GPU
days to train. These figures refer to an RTX2080Ti.
It must be remarked that the algorithm can be easily
parallelized on standard multi-core machines, thus
resulting in an actual calculation time of a few hours.

5. Conclusion and Future Work

A new evolutionary generative adversarial network
(AevoGAN) for unpaired image-to-image translation
is presented in this paper. To improve the generative
performance, we used a binary data structure to
encode the filters of generators and then applied an
EA to evolve a population of generators by initiali-
zation, selection, evaluation, and variation, so as to
preserve the best-performing generator in each
translation domain. Experiments show that the im-
plementation of the proposed approach stabilizes the
adversarial training between generators and dis-
criminators, and thus the preserved generators can
generate images with higher quality. At the same
time, to obtain important features on the real ima-
ges, the generator networks in AevoGAN have a

2350026-11
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built-in CA mechanism, which is an auxiliary im-
plementation to improve the model’s performance.
Then the evolutionary process and channel mecha-
nism layers are combined to generate the target
images. Experiments showed that the proposed
AevoGAN outperforms CycleGAN and other mod-
ern algorithms in horse2zebra translation tasks.
However, since our method is relatively time-con-
suming, future work will focus on mechanisms to
reduce training time.
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