Journal of Artificial Intelligence and Data Mining (JAIDM), Vol. 14, No. 4, 2026, 609-620.

Journal of Artificial Intelligence and Data Mining (JAIDM)

Shahrood University of
Technology

SRSV

Journal homepage: http://jad.shahroodut.ac.ir

Research paper

HiSGAN: Image-to-Image Translation with Involution based Hybrid-
Scale Transformer and Contrastive learning

Farzane Maghsoudi Ghombavani, Mohammad Javad Fadaeieslam and Farzin Yaghmaee™

Electrical and Computer Engineering Department, Semnan University, Semnan, Iran.

Article Info

Abstract

Article History:
Received 24 October 2025
Revised 01 May 2026
Accepted 01 July 2026

DOI:10.22044/jadm.2026.16833.2815

Keywords:

Image-to-Image Translation, Fast
Fourier Convolution,
Transformers, Contrastive

Learning, Feature Extraction.

*Corresponding author:
f yaghmaee@semnan.ac.ir (F.
Yaghmaee).

Image-to-image translation is a highly challenging task, as it requires
an accurate understanding of image details and their consistent
transformation across domains. Notably, GANs have achieved
remarkable success in this field. In essence, convolutional layers are
the primary building blocks of these architectures. However, the
limited receptive field in shallow layers makes it difficult to capture
long-range spatial dependencies and non-local context. In this paper,
the HiSGAN architecture is proposed to address this limitation. It
combines deep representations with traditional techniques, such as
SVD and Fast Fourier Convolution (FFC), to effectively extract style-
related information and establish a global receptive field.
Furthermore, we introduce the HiS-Transformer block with an
involution operator in the bottleneck of the generator. This proposed
block utilizes hybrid-scale self-attention to adaptively preserve the
global receptive field and fine-grained information in salient regions
while maintaining low computational cost. HISGAN employs a new
loss function based on gradient contrastive learning to improve cross-
domain feature alignment. Quantitative and qualitative results on four
public datasets demonstrate the superiority of the proposed approach
over state-of-the-art methods. Importantly, these performance gains
are achieved while reducing the parameter count and accelerating
training. The code is available at https://github.com/OliverRensu/SG-
Former.

1. Introduction

Many problems in computer vision can be naturally
formulated as image-to-image translation, which
maps a source image to a target image while
preserving certain visual features of the original
image. Developing a unified framework to solve
such problems is its main purpose. Since a huge
amount of information received by humans is
conveyed through vision, this field of research is
important [1]. Generative adversarial network
(GAN) [2] is the most successful deep learning
method used in image-to-image translation (121) [3-
5, 6]. It consists of two modules, namely, generator
and discriminator. It establishes a zero-sum game
between them. Similar to other deep learning
approaches, convolution and pooling layers are the

basic building blocks of its architecture. In theory,
different channels of convolution layers have a
high ability to extract several different types of
features. However, some inter-channel redundancy
may occur inside convolution filters. Moreover,
convolution may face difficulty in conveying style.
A small receptive field poses challenges in
detecting long-range spatial features and non-local
contexts [7]. Some papers have tried to overcome
this shortcoming by combining features based on
linear algebra with those extracted from
convolution [3]. Another approach applied for this
purpose is the Transformer. However, it uses self-
attention, whose computational complexity is
quadratic in the input size. Instead of regular
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Transformer, Liu et al. employed Swin
Transformer with linear computational complexity
with respect to input size [8, 9]. Inspired by the
above approaches, we propose HiSGAN. The
objective of our method is to capture global
receptive fields while preserving long-range
dependencies and latent information, achieving a
favorable balance between training efficiency and
predictive accuracy. To enable the model to learn
more features, the encoder of its generator consists
of two modules: Singular Value Decomposition
(SVD) feature module and convolution feature
module. The SVD feature map has been utilized to
extract style features [3]. Fast Fourier Convolution
(FFC) blocks have been embedded in the
convolution module to achieve non-local receptive
fields [9, 10]. Similar to [6, 11], in order to obtain
a more compact network and reduce the
computational load, the encoder has been utilized
jointly in the generator and in the discriminator.
Inspired by SG-Former [7, 12], we introduce a HiS-
Transformer block for the bottleneck of the
generator. The block plays an important role in
preserving the global receptive field. It also
adaptively preserves fine-grained information in
salient regions while maintaining low
computational cost. To establish a better cross-
domain feature alignment, instead of cycle
consistency loss, some papers have introduced a
new loss based on contrastive learning [13, 14]. It
retains contents in unsupervised image translation
by maximizing the mutual information between the
patches of input and output images. The most
important contributions of this paper are as
follows:

e An end-to-end GAN-based method using
contrastive learning has been proposed for
an unpaired image-to-image translation
called HISGAN.

e Traditional feature extraction methods,
namely SVD and FFC, have been
embedded in the encoder module in order
to convey style features and better
maintain the global receptive field.

e A HiS-Transformer block has been
introduced for the bottleneck of the
generator. It plays an important role, with
low computational cost, in preserving the
global receptive field and fine-grained
information at salient regions adaptively.

The superiority of the proposed method over
existing methods has been demonstrated through
quantitative and qualitative experiments.
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2. Related Works

2.1. Image-to-Image Translation

The term image-to-image translation (I2I) has
gained popularity since the introduction of CGAN
[15]. It transfers images from a source domain to a
target one while keeping the content properties
unchanged. The methods presented in this context
deal with two types of datasets: paired [1] and
unpaired [3, 4, 16]. From this viewpoint, the
methods are divided into two categories:
supervised and unsupervised. A pioneering method
for paired datasets is Pix2pix [1], which uses
CGAN. Preparation of paired datasets is very
expensive and time-consuming, and in some cases
impossible. Therefore, most of the methods apply
unpaired datasets. One of them is CycleGAN [17],
which has two generators and two discriminators
trained with cycle-consistency loss. The loss is
good at training generators and discriminators from
unpaired datasets, but the accumulation of errors
that may occur during image reconstruction can
affect the quality of the generated images. To
address this issue, Wang et al. [16] introduced
long-short cycle-consistent loss. Due to the
limitations of convolutional feature extraction,
conventional unpaired image translation performs
poorly in generating suitable images. UNTF [3]
mixed deep learning with an SVD feature map, a
traditional feature extraction algorithm based on
linear algebra, to extract style features in a more
appropriate way. It transformed 1-D SVD feature
maps into 2-D features to learn the potential
connections between the various vectors. UNTF
can learn the image style well but there are some
color deviations in the results. RepairerGAN [18§]
utilizes CycleGAN framework to segment cracks
in images at the pixel-level. ConvNext and an
attention mechanism, two blocks in its undamaged-
image generator, separately generate an
undamaged image and a crack mask, respectively.
Using the mask, pixels of the crack area in the
original image are filled with synthesized image.
Similar to CycleGAN, another generator, namely
crack image generator, is trained to produce a crack
image from it and cycle-consistency loss is used for
training. This method greatly reduces the time
complexity of pixel-level labeling compared to
fully supervised segmentation methods. NiceGAN
[11] redesigned discriminator structure. In order to
reduce the computational load, the encoder was
jointly used in the generator and the discriminator.
Therefore, the discriminator was not discarded
after training. U-GAT-IT [19] was proposed by
Kim et al., which achieved good results by
introducing a new attention module and a new
learnable normalization function called AdaLIN.
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Deng et al. [20] in InvolutionGAN used the
involution operator and ResBlock to create a
lighter and more powerful bottleneck, and to
extract local and long-range spatial features of the
source images in a more appropriate way.
SARCUT [14] has been presented to translate SAR
images. A generator with a self-attention
mechanism and spectral normalization operation
was used in the model. Adversarial discriminant
loss has been applied in SARCUT to accelerate
model convergence and improve the accuracy of
generated images. ARDA-UNIT [6], based on the
new adaptive feature combination method and
recursive dense self-attention residual block, is
able to reduce computational load and time, handle
structural changes well, and achieve the desired
quality. Despite these advances, it seems that there
is a need for a method that overcomes the
shortcomings of others and produces better images
with more details and higher quality with at a low
computational cost.

2.2. Vision Transformer

Transformers [21] have made a major
breakthrough in Natural Language Processing
(NLP). Inspired by this, Dosovitskiy considered
their application in computer vision and overcame
the limitation of the local receptive field in
convolution by introducing the Vision Transformer
(ViT) [22]. Its self-attention module can detect
long-range dependencies between image patches.
Because self-attention is computed globally on the
entire image, its computational cost grows
quadratically with respect to the input size. To
apply self-attention as a general backbone to high-
resolution images, Liu et al. [23] proposed the
shifted window Transformer, called Swin
Transformer, which Dbuilds feature maps
hierarchically and computes self-attention only
within each local window. To this end, CSWin [10]
has also designed cross-shaped attention. However,
these methods result in coarse granularity. Ren et
al. proposed a model, namely SG-Former [12], that
adapts patch size with respect to the saliency map
extracted through hybrid-scale self-attention. It
tends toward global self-attention and reallocates
more patches to salient regions for fine-grained
information and fewer patches to background
regions. This idea decreases the computational cost
while at the same time retaining long-range
dependencies between image patches.
Sketch2Photo [9] is another image synthesis
approach that generates photo-realistic images
from weak or partial sketches. It captures long-
range global contexts using Swin Transformer
block (STB) units and uses a traditional feature
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extraction method—Fast Fourier Convolution
(FFC) residual blocks—to create global receptive
fields. Sketch2Photo is not a lightweight model and
has a large number of parameters. Torbunov et al.
developed UVCGAN [24] to handle long-range
spatial dependencies. They incorporated ViT [22]
into the CycleGAN generator. In an ablation study,
they showed that in addition to architectural
changes, gradient penalty and self-supervised pre-
training are also needed. In [25], a Transformer-
based SAR target image translation network,
named SAR-SMT NET, has been proposed to
bridge the gap between synthetic and measured
SAR target images. In the CSTGAN architecture
[8], the generator of CycleGAN has been
redesigned with a Swin Transformer block (STB)
and convolution layers. It improves the mapping
ability from the IR domain to the RGB image
domain by combining the advantages of
Transformers and convolution.

2.3. Contrastive Learning

Preparing labeled data is a time-consuming task
with high costs, while unlabeled data is abundant.
Contrastive learning is a powerful unsupervised
method that can leverage large amounts of data and
learn representations in which similar samples are
mapped closer together and dissimilar samples are
mapped further apart. Person re-identification, face
verification and identification, image retrieval, and
zero-shot learning are vision tasks where
contrastive learning has yielded good results. It has
recently found many applications in image
generation [4, 26]. Occasionally, there is a variety
of sample images in some source domains. Cao et
al. [4] used two conditional contrastive learning
loss functions to decompose the domain into
multiple classes. Therefore, they transformed
image-to-image translation into class-to-class
translation. They also applied a conditional
contrastive learning stage in their GAN
architecture. Mao et al. [26] proposed a visual style
metric using the distance between the Gram
matrices of deep features of source and reference
images. In the second stage, through triplet loss, the
real image and its corresponding translated image
are forced to be close to each other, and the nearest
sample from the source domain is pushed away
from them. Zhao et al. [27] applied contrastive
learning to deblurring, a pixel-level vision task.
They extracted contrastive features in the gradient
domain in the generator and introduced an
adversarial contrastive loss in the discriminator
module. Since their model receives unpaired sharp
and blurred images as input, its loss function has
been designed similarly to CycleGAN.
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Figure 1. a) The generator structure of HISGAN architecture. One stream has been shown from domain X to domain Y.
b) Fast Fourier convolution c¢) Gradient contrastive loss.

3. Method

3.1. HiSGAN Structure

In this paper, a new approach, called HiSGAN, is
proposed to enhance the global receptive field,
improve the quality of generated images and
alleviate computation cost. Figure 1(a) shows the
architecture of our proposed generator and its main

G, (G,)

blocks. The goal is to train function G, (G,
to map images from the source domain X (X , ) to

the target domain X t(X S) using unpaired

samples. Two generators (G) and two
discriminators (D) are trained, along with a feature
extractor to perform the 121 task. Applying FFC in
each layer of the feature extractor enables the
model to capture global features. The global
receptive field is important understanding image
structures and non-local features. However,
convolutions in low-level layers may cause G to
miss global information and ignore global features.
Furthermore, traditional algorithms can quickly
detect and preserve a large amount of precise
information [3]. Therefore, both traditional and
deep methods are employed to enhance the feature
extraction process. As a way to achieve a more
compact network, similar to NiceGAN [11], a joint
encoder has been introduced to preserve the
required information in the source domain for G,
and to extract features for classifying input images
in D.
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We have introduced a new block based on
Transformer, named HiS-Transformer, in the
bottleneck of the proposed generator. The block
utilizes a hybrid-scale strategy to reduce the
computational load and increase the quality of the
synthesized images. The hybrid-scale approach
tends to adapt the size of the patches to the amount
of information in them. In addition, gradient
contrastive loss based on contrastive learning has
been applied to improve the performance of the
model in real-world scenarios. In the following,

G

s>t

GELU activation function [28] and AdaLIN
normalization function [19] have been employed in

and D, are explained in more detail.

all layers of generators (G, ) and discriminators (

D). GELU has shown a good performance in

Natural Language Processing (NLP), especially in
Transformer based models and helps alleviate the
vanishing gradient problem [8, 29]. AdaLIN
enables G to adjust an appropriate ratio between IN
and LN during training time to control the amount
of change in shape and texture with respect to the
dataset.

3.2. Feature Extractor

Conventional image-to-image translation
frameworks discard D after training phase. Here,
inspired by NICE-GAN [11], a part of the
discriminator is distinguished and named as a
feature extractor. The part is also used to encode
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the images of the target domain. To produce high-
quality images, it is essential that G captures long-
range dependencies or non-local features. In
common generators, stacked convolutional layers
are usually responsible for extracting features from
the image. However, in the early layers of most
convolutional networks, convolution kernels are
usually small (e.g.3%3). Therefore, it is difficult
for them to capture long-range contextual
information [10]. As a result, G lacks a complete
global receptive field. The receptive field of FFC
can cover the entire image, so inspired by [9], we
embed the FFC blocks [9, 10] in the encoding
process to obtain a global receptive field (Figure
1(a (EncBlock))). Figure 1(b) shows the FFC block
in detail.

As mentioned in the related work section, Tu et al.
have also considered the use of traditional feature
extraction methods in their method [3]. They have
combined the outputs of the convolution layers
with SVD to better preserve boundaries and to
make the style transition clearer. SVD largely
preserves the full image information, but the
obtained features show high integrity and low
dimensionality. By adding them to the convolution
features, it is possible to prevent the network from
learning the relevant hidden information. So it is
beneficial to convert these 1D features to 2D to
help learn hidden features. Inspired by [3], as
shown in Figure 1(a), three color channels of the
input image are separated and each channel is
decomposed by SVD to obtain singular value
features. Then the top k eigenvalues are selected to
convert the feature map into 2D features. Similar to
[3], the three sets of kx k feature maps and one set

of kxkxk feature maps are obtained. Finally the
size of the feature map is k><k><(k+3). Kisa

hyper-parameter, if k is small, the network will lose
many features. On the other hand, if it is large, the
useless noise features will be added to the network
operation. Following [3], k is set to 64.

3.3. Generator

DecBlock is a part of the generator that performs
the upsampling operation (Figure 1(a)). Common
deconvolution methods carry out transposed
convolution. It utilizes padding which may cause
feature loss. Similar to [3], we replace it with
subpixel convolution. It increases the receptive
field of the network to provide richer feature
information for G and to improve the quality of
synthesized images. Also, we have used skip
connections between EncBlock and DecBlock in
order to allow information to flow more easily. The
details of G have been presented in Table 1.
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3.4. HiS_Transformer

Convolution blocks in low-level layers often fail to
capture global information [12]. Therefore, in
addition to embedding traditional features, we
rearrange the generator bottleneck to compensate
for this limitation. The proposed bottleneck, named
HiS-Transformer, is based on SG-former. Inspired
by [20], a lightweight involution operator is
embedded into the bottleneck [7] which enhances
the extraction of local features and long-range
dependencies  (Figure 2(a)). Transformers
introduce a self-attention mechanism. It identifies
relationships between different patches of the input
images. However, the size of patches in the initial
Transformer architecture is fixed which increases
computational complexity.

The SG-former Transformer [ 12] was proposed for
global feature awareness with adaptive patch size.
Based on a saliency map, it changes the size of the
patches. It assigns more patches to salient regions
to retain the details and assigns fewer patches to
unimportant regions in order to reduce time
complexity. Similar to SG-former, HiS-
Transformer consists of two blocks: Hybrid-Scale
Transformer Block (HSTB) and Self-Guided
Transformer Block (SGTB) (The details of SGTB
and HSTB can be found in [12]). We embed an
involution block between these blocks. The
internal structure of these two Transformers is the
same a standard Transformer with the difference
that SGTB uses the saliency map generated by
HSTB. In addition, hybrid-scale attention is
applied instead (Figure 2(b)). Table 1 shows the
implementation details of HiS-Transformer with
three blocks.

Significance Map Significance Map Significance Map
HiS_Transformer

A) HiS_Transformer Blocks.

ceeell

Split Heads

Concatenate

_______

Lo

B) Self-attention is hybrid-scale.

Figure 1. Details of the HiS-Transformer blocks.
Query (Q), Key (K) and Value (V).
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Table 1. Summary of the Encoder, bottleneck and the Decoder blocks of the generator and discriminator.

Part Input — Output size Layer Information
Encoder Layerl (3,256,256) —(64,256,256) Conv2d(3, 64, k=3, s=1, p=1), AdaLIN, GELU, FFC
Layer2 (64,256,256) —(128,128,128) Conv2d(64, 128, k=3, s=1, p=1), AdaLIN, GELU, FFC
Layer3 (128,128,128) —(256,64,64) Conv2d(128, 256, k=3, s=1, p=1), AdaLIN, GELU, FFC
Output (256,64,64) —(256,64,64) Conv2d(256, 192, k=3, s=1, p=1), concatenate by SVD
Bottleneck HiS-Trans (256,64,64) —(256,64,64) HSTB, involution, SGTB (s=8, r=(16, 8, 8, 4)), involution
Blocks ’ (256,64,64) —(256,64,64) HSTB, involution, SGTB (s=2, r=(8, 4, 4, 2)), involution
(256,64,64) —(256,64,64) HSTB, involution, SGTB (s=1, r=(2,1))
Decoder Up3 (256,64,64) —(256,64,64) Conv2d(256, 256, k =3, s =1, p=1), AdaLIN, GELU,
(256,64,64) —(512,64,64) Cat(layer3,up3), Conv2d(512, 512, k=3,s=1)
Up2 (512,64,64) —(128,128,128) Subpixel(2), ), AdaLIN, GELU
(128,128,128) —(256,128,128) Cat(layer2,up2), Conv2d(256, 256,k =3,s=1)
Upl (256,128,128) —(64,256,256) Subpixel(2), ), AdaLIN, GELU

(64,256,256) —(64,256,256)
(64,256,256) —(3,256,256)

Conv2d(64, 64, k=3,s=1)
Conv2d(64,3,k=7,s=1, p=1), Tanh

Figure 3 shows the discriminator architecture of the
proposed method. Similar to NiceGAN, the
discriminator utilizes part of the encoder block as a
feature extractor. In convolution layers, lower
layers capture local features and higher layers
extract global features. So, we use the outputs of
layers 1 and 3 as inputs to the discriminator to
encourage G, via D, to consider both local and
global features of the input image. Then, four
convolutional layers with different kernel sizes are
applied to each feature to further refine these local
and global representations and obtain better results.
Similar to [18], the learning rate of D is set to one-
tenth that of G to prevent D from dominating the

training process. The details of the discriminator
have been presented in Table 2.

Local

Conv
Conv
Conv
Conv

32x32

256x256%64 True/Fake

X

Domain

—— = | slobal

Conv
®
&

EncBlock (Festure extractor)

54x64x256

Figure 3. The structure of discriminator in detail.

Table 2. Details of the discriminator module.

Part Input — Output size Layer Information
Discriminator Global (64,256,256) —(64,128,128) Conv2d(64, 64,k =4,s=2, p=1), SN, GELU
(64,128,128) —(128,64,64) Conv2d(64, 128,k =4, s =2, p=1), SN, GELU
(128,64,64) —(256,32,32) Conv2d(128, 256, k =4, s =2, p=1), SN, GELU
(256,32,32) —(1,32,32) Conv2d(256, I, k=4,s=1,p=1), SN
Local (256,64,64) —(256,64,64) Conv2d(128, 128,k =4, s =2, p=1), SN, GELU

(256,64,64) —>(512,32,32)
(512,32,32) —(1024,16,16)
(1024,16,16) —(1,16,16)

Conv2d(128, 256,k =4, s=2, p=1), SN, GELU
Conv2d(256, 512, k=4, s=2, p=1), SN, GELU
Conv2d(512, I, k=4,s=1,p=1), SN

3.6. Loss Function

3.6.1. Gradient Contrastive Loss

The cycle consistency loss works well during the
training phase with unpaired datasets, but the
accumulation of reconstruction errors can affect the
quality of generated images [16]. To improve
image quality, we apply gradient contrastive loss
(Fig. 1(c)). In contrastive learning, given an anchor
sample, the network aims to learn a representation
to bring the anchor closer to positive samples in the
metric space and move the anchor away from
negative samples. The input image is considered as

the positive sample (¢"), the translated image in

the target domain as the negative sample (¢ ), and
the recovered image reconstructed from the
translated image as the anchor point ().
Contrastive learning consists of two modules: a

contrastive learning network and a contrastive loss
function. The contrastive learning network
includes an encoder. In this work, we use the output
of layers 1, 2, and 3 of the encoder in Figure 1(a).

Then ¢@" :Enc(X), Qo = Enc(Y') and
Q= Enc(X'). Similar to [27], the gradient

contrast loss function can be calculated through (1).
In this equation, ¢ represents the feature

representation. ¢, (=1, 2, and 3) is the I-th
extracted hidden feature. T is a temperature
parameter to scale the similarity andS (u,v)

represents the similarity function between two
normalized feature vectors in the gradient domain.
It is important to obtain representative features of
contrasting samples. Different methods use
different separating networks for this purpose [4,
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13, 27]. In contrast to these methods, we do not
only use the extracted features in the encoder. By
transforming the features into the gradient domain,
we can capture more image details and structures.

L. (Vo.Ve' Vo )= (M
—i1og(exp[s(v(p,v(p+)/r}/
I=1

(exp[S(Vgp,Vgo*)/r}+
exp[S(V(p,V(p’)/r}))

3.6.2. Other Losses
L.Y—)t

Isgan
cross entropy between the distribution of real and
generated images. Therefore, it penalizes larger
errors and in turn leads to large correction rather
than non-convergence. In (2), D tries to maximize
the whole equation and G tries to minimize

(1-D,(G.., (X))
LG D) =B, [ (D,(0)) ]

+Ey [(1-D, (G, (X))7]
LjaZnttity
the color distribution of input images and output
images are similar. This function leads to
maintaining more features, improving the quality
of produced images, stabilizing the training
process, and preventing mode-collapse ( (3)).

L;ertity (Gsﬁt ) = Ex X, Ux - Gsﬁt (X)|1:|
L"G?; [24]: Gradient Penalty loss is designed based

on WGAN [31] and introduced in [32]. It has little
sensitivity to the values of meta-parameters and
in the discriminator ((4)). The
v-centered GP regularization provides more stable

training and is less sensitive to the meta-parameter
selection.

[30]: Adversarial loss originates from the

2

[19]: Identity loss is provided to ensure that

(€))

—t
complements L,

sgan

(lv.2.07),-7)

Loy (D,)=E, @
Y
3.6.3. Overall Loss

The final objective functions for G and D are
presented in (5). The hyper-parameters 4,, 4, , and
A, control the contributions of the individual loss
terms. Each loss function, except for L, , is
defined as the sum of the forward and backward
directions, i.e., '~ + L7 [33].
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LG = mlGn Llsgan + //llLidentity + X‘ZLgc

x>y T yox

)
Llsgan + ABL GP

L,= D)inwlgL
4. Experimental Evaluation

4.1. Implementation Details

To evaluate the effectiveness of HiSGAN, the
following datasets were used: horse«—>zebra,
summer«<winter yosemite, vangogh<>photo, and
selfie»anime. These datasets are publicly
available and widely used in image-to-image
translation tasks [11, 17, 34].

In the proposed model, similar to NiceGAN [11]
and ARDA-UNIT [6], some parts of the encoder
are shared with the discriminator. Therefore, the
discriminator and the encoder are first trained
together, separately from the generator. In the next
step, only the generator parameters are fine-tuned.
All models are trained using the Adam optimizer
with Bl = 0.5 and B2 = 0.999. During
preprocessing, Images are horizontally flipped with
a probability of 0.5, resized to 286 x 286, and
randomly cropped to 256 x 256. The batch size is
set to one in all experiments. The method is
implemented in PyTorch and trained in the Google
Colab environment. Similar to [6], 10-fold cross-
validation is used to tune the loss-function

parameters (y =100, A4 =2, A,=5, and

2, =0.1).

4.2. Results and Analysis

Some experiments were arranged to evaluate the
proposed model quantitatively and qualitatively.
Table 3 shows the number of training parameters,
FLOPs, and inference time of different methods.
The quantitative evaluation results are reported in
Table 4. Three evaluation metrics, namely FID,
KID, and IS were applied for this end. The
specifications of these three criteria have been
given in [6]. As can be seen, HISGAN scores are
almost always better than other models. There are
some small limitations in vangogh«<photo and
summer<>winter_yosemite when compared to the
performance of Sketch2Photo. Considering that
Sketch2Photo is a state-of-the-art method in this
field, our method has achieved much stronger
results with fewer parameters and faster speed.
The first and second rows in Figure 4 show the
results of different methods on horse«<>zebra
dataset. In this collection, the overall style of the
image has not changed much. Except for Nice-
GAN, zebra stripes are visible in the rest of the
methods. In Nice-GAN, the result is associated
with distortion. The CycleGAN method produced
blurred images in column (b). The comparison of
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the results shows that HISGAN provided sharper
details, produced less changes in the background,
and made the overall style of the image natural. The
third and fourth rows show the results of working
on summer«<>winter_yosemite, which focuses on
the change of color. CycleGAN fails to capture
significant semantic transformations. Although
NiceGAN and InvolutionGAN are able to show the
seasonal transformation well, the mountain and
some details remained untouched. Sketch2Photo
and the proposed method not only have preserved
the background color well, but also applied the
necessary changes, resulting in natural images.
When the input image is related to summer, the
results of other methods are almost similar to each
other, except CycleGAN. The vangogh«<sphoto
dataset is also examined in rows 5 and 6. In this set,
image generation requires significant changes in
the color, texture, and styles of input images. All
the mentioned methods have the ability to make the

necessary changes, but there are many differences
in the resolution of the generated images.
CycleGAN and Nice-GAN struggle to capture
small features. Although InvolutionGAN and
Sketch2Photo achieved better results, HISGAN can
perform the structural transformation in a better
and clearer way due to more accurate feature
extraction. Rows 7 and 8 deal with the
selfie«»anime dataset, which includes female
faces. Since humans are very sensitive to facial
details, even small distortions are not ignored.
Therefore, translating styles and forms presents
significant  challenges in  this  dataset.
InvolutionGAN, NiceGAN and CycleGAN
methods could not apply geometric changes well
and could not lead to satisfactory results. The
translation results from Sketch2Photo were
favorable. But our proposed method can translate
the geometric features well and provides very
promising results, much closer to real images.

Table 3. Number of model parameters, FLOPs, and inference time.

Model GPara DPara AllPara FLOPs Inference time
CycleGAN [17] 22.7M 2.5M 28.2M 111G 5.07ms
NICE-GAN [11] 16.2M 93.7M 109.9M 79.6G 22.73ms
Sketch2Photo [9] 158.4M 28.61
InvolutionGAN [20] - - 21.6M - 3.82ms
HiSGAN (ours) 27M 26.27TM 53.27TM 117.783G 5.72ms

4.4. Ablation Study

Compared to the methods in the literature, the
proposed method reduces training time and the
number of parameters, and the experimental results
demonstrate its ability to translate structural
information and to synthesize realistic images. The
model utilizes four main components: FFC, SVD,
HiS-Transformer, and Involution. To analyze the
effectiveness of these blocks, several experiments
were conducted. As the FID, KID, and IS metrics,
as well as the qualitative results, indicate, the
selfie>anime dataset is more challenging than the
others. Therefore, we focus on this dataset to
evaluate these components separately. Table 5
reports these results quantitatively. The baseline
represents a model in which none of these
components is included, similar to U-Net. FFC,
SVD, HiS-Transformer with Convolution, and
HiS-Transformer with Involution are added one by
one from M1 to M4. As can be seen in Figure 5, all
of these blocks improve the performance of the
model. However, the effect of HiS-Transformer is
more significant than that of the other components.
Although this study employs three primary feature
extraction mechanisms, each approach captures
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distinct and complementary characteristics of the
input image. Accordingly, and as can be seen in
Table 5, integrating all three methods can be
advantageous, as it facilitates a more
comprehensive representation of image features
and enhances the overall model performance.
Figure 4 shows the effects of the components on
the quality of the generated images. As shown in
column (c), the global features have been well
transferred. In column (d), the style of the image
has been effectively conveyed. In columns (e) and
(f), the generated images exhibit very high quality,
which shows the power of the HiS-Transformer
block in maintaining the global receptive field and
long-range dependencies.

We conducted another set of experiments to
examine the effects of the loss functions. From
column M5 to M8 in Table 6, adversarial loss,
identity loss, gradient penalty loss, and gradient
contrastive loss were added one by one and, as a
result, the quality of the synthesized images
gradually improves. Figure 6 confirms these results
qualitatively.
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b) CycleGAN ¢) Nice-GAN d) InvolutionGAN e) Sketch2Photo

Figure 4. Examples of generated outputs of different methods. From top row to bottom: horse«zebra,
summer<«<winter_yosemite, vangogh<«<photo, selfie~anime.
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a) Input b) Baseline c) Ml e) M3

Figure 5. Generated images from Ablation study on different blocks.

Table 4. The FID, KID and IS for different models. A©B reports the mean between A—B and A<B.

horseozebra summer©winter_yosemite
Model FID{ KID*1004 1sT FID{ KID*1004 1sT
CycleGAN [17] 119.57 6.79 1.148 82.72 2.01 1.045
NICE-GAN [11] 89.01 5.42 1.239 79.51 1.04 1.235
Sketch2Photo [9] 70.12 3.67 1.548 67.32 0.87 1.654
InvolutionGAN [20] 88.58 4.98 - - - -
HiSGAN (ours) 69.36 3.38 1.659 61.93 0.71 1.594

vangogh—photo selfiecanime
Model FID{ KID*1004 1sT FID{ KID*1004 1sT
CycleGAN [17] 144.43 7.37 1.021 203.71 12.38 1.019
NICE-GAN [11] 131.91 5.69 1.212 156.48 7.41 1.264
Sketch2Photo [9] 112.08 4.49 1.328 131.49 6.57 1.381
InvolutionGAN [20] 127.54 542 - 194.04 7.39 -
HiSGAN (ours) 110.72 5.31 1.349 114.6 5.32 1.628

Table 5. The quantitative result of ablation study on blocks.

Method Baseline M1 M2 M3 M4
FFC x v v v v
SVD x x v v v
HiS-Transformer-Conv x x x 4 4
HiS-Transformer-Inv x x x x v
FIDJ 153.8 141.86 139.25 117.35 114.6
I 1.228 1.352 1.372 1.573 1.628

Table 6. The quantitative result of ablation study on the effects of different losses.

Method MS M6 M7 M8
Adpversarial loss v v v v
Identity loss x v v v
Gradient Penalty loss x x 4 v
Gradient Contrastive loss x x x v
FIDJ 253.15 209.37 183.24 114.6
I 0.625 0.781 0.896 1.628

|

a) Input ' a) M5 b)M6 oM ) d) M8
Figure 6. Generated images from Ablation study on different losses.
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5. Discussion and Conclusion

In this paper, a new image-to-image translation
method, named HiSGAN, is introduced. The model
utilizes an innovative combination of traditional
techniques, such as SVD and Fast Fourier
Convolution (FFC), to extract style-related features
and establish a global receptive field from lower-
level layers more effectively. We propose a HiS-
Transformer block with an involution operator for
the bottleneck of the generator. This block plays an
important role in preserving the global receptive
field and fine-grained information in salient
regions while maintaining low computational cost.
It employs a new contrastive-learning-based loss
function to improve cross-domain feature
alignment. The qualitative and quantitative results
demonstrate that the proposed method performs
significantly better than existing state-of-the-art
methods. However, the method is less effective at
preserving the details of small objects and is
slightly sensitive to domain gaps. In future work,
we will explore how to handle drastic structural
transformation alongside minor ones.
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