Check for
updates

R DIGITAL associnicn
acm il e RIS et

@m open)

{8 Latest updates: https://dl.acm.org/doi/10.1145/3656048

RESEARCH-ARTICLE
Multi-Domain Image-to-lmage Translation with Cross-
Granularity Contrastive Learning

HUIYUAN FU, Beijing University of Posts and Telecommunications,
Beijing, Beijing, China

JIN LIU, Beijing University of Posts and Telecommunications, Beijing,
Beijing, China

TING YU, Beijing University of Posts and Telecommunications, Beijing,
Beijing, China

XIN WANG, Stony Brook University, Stony Brook, NY, United States
HUADONG MA, Beijing University of Posts and Telecommunications,
Beijing, Beijing, China

Open Access Support provided by:

Beijing University of Posts and Telecommunications

Stony Brook University

PDF Download
}3 3656048.pdf
. 08 January 2026

Total Citations: 4
Total Downloads: 611

Published: 16 May 2024
Online AM: 04 April 2024
Accepted: 20 March 2024
Revised: 19 February 2024
Received: 09 December 2023

Citation in BibTeX format

ACM Transactions on Multimedia Computing, Communications and Applications, Volume 20, Issue 7 (July 2024)

https://doi.org/10.1145/3656048
EISSN: 1551-6865


https://dl.acm.org
https://www.acm.org
https://libraries.acm.org/acmopen
https://dl.acm.org/doi/10.1145/3656048
https://dl.acm.org/doi/10.1145/3656048
https://dl.acm.org/doi/10.1145/contrib-81496678440
https://dl.acm.org/doi/10.1145/institution-60016930
https://dl.acm.org/doi/10.1145/institution-60016930
https://dl.acm.org/doi/10.1145/contrib-99661211480
https://dl.acm.org/doi/10.1145/institution-60016930
https://dl.acm.org/doi/10.1145/institution-60016930
https://dl.acm.org/doi/10.1145/contrib-99659585671
https://dl.acm.org/doi/10.1145/institution-60016930
https://dl.acm.org/doi/10.1145/institution-60016930
https://dl.acm.org/doi/10.1145/contrib-81408592207
https://dl.acm.org/doi/10.1145/institution-60026415
https://dl.acm.org/doi/10.1145/contrib-81100447464
https://dl.acm.org/doi/10.1145/institution-60016930
https://dl.acm.org/doi/10.1145/institution-60016930
https://libraries.acm.org/acmopen
https://dl.acm.org/doi/10.1145/institution-60016930
https://dl.acm.org/doi/10.1145/institution-60026415
https://dl.acm.org/action/exportCiteProcCitation?dois=10.1145%2F3656048&targetFile=custom-bibtex&format=bibtex
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3656048&domain=pdf&date_stamp=2024-05-16
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The objective of multi-domain image-to-image translation is to learn the mapping from a source domain to
a target domain in multiple image domains while preserving the content representation of the source do-
main. Despite the importance and recent efforts, most previous studies disregard the large style discrepancy
between images and instances in various domains, or fail to capture instance details and boundaries prop-
erly, resulting in poor translation results for rich scenes. To address these problems, we present an effective
architecture for multi-domain image-to-image translation that only requires one generator. Specifically, we
provide detailed procedures for capturing the features of instances throughout the learning process, as well
as learning the relationship between the style of the global image and that of a local instance in the image by
enforcing the cross-granularity consistency. In order to capture local details within the content space, we em-
ploy a dual contrastive learning strategy that operates at both the instance and patch levels. Extensive studies
on different multi-domain image-to-image translation datasets reveal that our proposed method outperforms
state-of-the-art approaches.
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1 INTRODUCTION

Image-to-Image (I2I) translation has been exploited to transfer external styles while preserving
the internal contents of images and has drawn lots of attention in recent years. I2I [17, 19, 24, 30,
40, 41, 45, 60, 61, 64, 65] is commonly used in image inpainting, image/video colorization, image
dehazing, style transfer, super-resolution, and so on. Meanwhile, as an effective data augmentation
form, I2I brings convenience to downstream intelligent monitoring scene tasks [35-38].

Initial 12] translation methods concentrate on two domains using paired training data. Bicycle-
GAN [69] and Pix2Pix [21] are two well-known unified approaches that adopt the generative
adversarial networks (GAN) [14] for image generation, while it is hard to find paired images
in practical applications. As a consequence, unpaired 12I translation approaches [12, 39, 66, 68]
are gaining attraction and showing promise. For example, CycleGAN [68] is designed to train
two-domain translations using cycle-consistency losses and produces impressive results. When
dealing with multi-domain translation, these two-domain image translation methods are limited
in scalability and robustness. Several recent studies [3, 10, 57] make remarkable progress in
tackling these challenges. For instance, StarGAN [10] generates images by using a single model
to train multi-domain datasets and referencing images from various domains. However, these
methods primarily carry out the global style transfer for the whole input image, neglecting the
translation of critical instance (or object) features in the image.

Due to the relevance of spatial texture in the image or the singleness of instance, methods that
concentrate on transferring styles or attributes of the entire image work well in content-simple
scenarios, but the absence of instance-level translation makes them suffer in content-rich cases
(e.g., car, pedestrian, and traffic light in the road traffic scene). On the other hand, compared to
the extraction of global scene texture, the content details of local instance objects are difficult to
preserve, and the style of an instance is close to but not identical to the general style of the entire
image. Several methods [2, 51] learn the relationship between the image style and instance style.
In the instance-aware image-to-image translation approach (INIT) [51], the input image is treated
as a disentangled representation of shared content space and domain-specific style space, and the
fine-grained objects are incorporated into all steps of training to translate both the overall image
and specific instances realistically. However, INIT requires training a generator for each pair of
domains and then employs cyclic reconstruction loss by integrating the content and style codes of
the global image or instance, which results in network and storage space redundancy.

To solve the aforementioned problems, as shown in Figure 1, we propose a cross-granularity
learning strategy that effectively captures the features of both the image and the corresponding
instance (or object). Besides incorporating the instance features into all steps of training, we
specifically learn the relationship between the image style and instance style by enforcing cross-
granularity consistency so that both the specific instances and the overall image are realistically
translated. Simultaneously, we introduce a dual contrastive learning module that preserves the lo-
cal content details of global images at the instance and patch levels. Our method trains an encoder
to capture the useful representation by learning the relationship between different granularities
of positive and negative pairs. Therefore, the generator learns the fine-grained domain-irrelevant
contents (e.g., the shape of a car or the texture of the license plate of a car) to produce sharper and
more distinct instances. Meanwhile, our multi-domain 121 translation framework just requires one
generator to perform the instance-aware mapping. This not only simplifies our model structure
but also allows instances and global images to share certain common features so that it is easier
to incorporate the generated instances into the translated image.

We extend our previous work [13] from the following three aspects: First, we design a con-
trastive learning module that preserves the rich content from multiple instances while accurately
generating the instances in the target domain at instance and patch levels. Second, we introduce
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Multi-Domain Image-to-Image Translation with Cross-Granularity Contrastive Learning 228:3

Style Space ‘ Content Space

Fig. 1. lllustration of the motivation of our cross-granularity contrastive learning method for multi-domain
121 translation. Various colors signify corresponding image or instance styles. In the style space, the style
of instance is related to but not identical to the equivalent global style. For more precise style transferring,
both the global style feature and the local instance content are sent to the instance generator. Images and in-
stances in the content space include a wealth of structured semantics. For retaining local details, a generated
instance or patch of the output Z should attract its corresponding input instance or patch Z* while repelling
the others Z™. During training, we apply cross-granularity contrastive learning to model the relationship
among multi-domain image-level, instance-level, and patch-level objectives.

multilayer dual contrastive loss to encourage content preservation in unpaired I12I translation.
Third, we validate extensive methods for both qualitative and quantitative evaluations. Moreover,
we provide further insight into the trained models via subjective results, such as visualization.

In general, the main contributions of this work are summarized as follows:

— We propose a cross-granularity contrastive learning framework to perform high-quality
multi-domain image-to-image translation.

— We introduce specific procedures for incorporating the instance features into the learning
and enforcing cross-granularity consistency in order to guide the learning of the relationship
between instance style and image style.

— We design a multilayer instance-level and patch-level contrastive learning module for pre-
serving local details of the original images or instances.

— Extensive qualitative and quantitative experiments demonstrate the superiority of our pro-
posed approach on standard benchmarks.

The remainder of this paper is organized as follows: Section 2 gives a brief overview of the
related work. In Section 3, we present our proposed multi-domain I2I translation framework with
cross-granularity contrastive learning in detail. Section 4 describes the experimental setup, results,
ablation studies, and analysis, respectively, which is followed by a conclusion in Section 5.

2 RELATED WORK
2.1 Generative Adversarial Network

Generative adversarial networks (GAN) [14] have achieved outstanding results and are being
employed in a variety of computer vision applications [63, 64] recently. GAN is presented as
a framework for learning a data distribution in an unconditional or conditional manner using
a generator and a discriminator. The generator attempts to generate fake but plausible images,
while the discriminator tries to distinguish if the generated image is true or false. The GAN
training process can be considered a two-player, zero-sum game. In this game process, the ability
of the generator to forge real samples will become stronger, and the judgment of the discriminator
will be more accurate as well. A Nash equilibrium solution is eventually found between the two
players.
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Various derivative models [1, 16, 34] based on GAN are proposed to improve the model
structure, and enormous progress has been made in the theoretical research and application of
GAN. For instance, the Wasserstein GAN (WGAN) [1] replaces the Jensen-Shannon divergence
loss function with the Wasserstein distance, also known as the Earth Mover distance, to solve
the gradient vanishing and mode collapse problems, and WGAN-GP [16] proposes a gradient
penalty to enforce the Lipschitz constraint in WGAN. The Perceptual GAN [34] aims to achieve
high-resolution generation of tiny objects by repeatedly updating the generator and discriminator.
Deep convolutional GAN (DCGAN) [48] refers to a set of fully convolutional architecture
guidelines for GAN, such as stride convolutions and batch normalization to obtain more stable
training and better performance. Besides, GAN is widely used in the field of image generation
tasks [1, 48]. In [50], the authors improve the training process of GAN for representation learning.
In [67], the authors apply GAN in image manipulation to constrain the edited images to stay
close to the manifold of real images. In [34], the authors propose Perceptual GAN to improve the
quality of small object detection by updating the generator network and discriminator network
repeatedly to achieve the super-resolution of small objects.

2.2 Image-to-lmage Translation

Image-to-image translation can be considered an image generation task [9, 10, 21, 39, 55, 68, 69].
Abstractly, it is a mapping problem between different visual domains. I2I translation studies can be
divided into two categories: unsupervised and supervised. Since it is difficult to obtain paired data
in a specific scene, we focus on the challenge of unsupervised 121 translation with unpaired data.
In recent years, numerous methods have been proposed based on deep learning technology, with
a lot of applications in image processing, computer vision, and graphics [11, 21, 53]. Specifically,
CycleGAN [68], DualGAN [58] and DiscoGAN [26] are proposed to train the deterministic
one-to-one mapping models with cycle-consistency constraints. However, these methods are
limited to two-domain mapping translation. Recently great efforts have been made to explore
deeper into multi-domain translation. For example, StarGANs [9, 10] learn a mapping between
different visual domains while satisfying the diversity of generated images and the scalability
across multiple domains. Nevertheless, they only apply to situations involving face attribute
translation in structured single occurrences. MUNIT [20] and INIT [51] are two typical methods
closely related to our research. MUNIT trains diverse image translation maps by disentangled
domain-invariant content spaces and domain-specific style codes. INIT introduces bounding
boxes to achieve instance-aware, disentangled representations. TSIT [23] presents a two-stream
framework based on multi-scale feature normalization from coarse to fine that adapts to various
tasks and achieves compelling results. Wang et al. [54] propose a shared knowledge module to
learn the common information among multi-domain pairs.

Our model achieves outstanding translation performance and succinct network architecture in
multi-instance traffic scenarios with large semantic discrepancies. Compared to the above models,
the primary differences are as follows: 1) We introduce cross-granularity learning to specifically
learn the relationship of image style and instance style rather than only learning global disentan-
gled representations; 2) We allow the instances and images to share common features by applying
only one generator rather than achieving multiple mappings via redundant models.

2.3 Contrastive Learning

Self-supervised learning methods [42, 43] have sprung up in recent years. Contrastive learn-
ing [5, 6, 15] is an effective self-supervised learning method commonly used in discriminative tasks.
In general, it is formulated by simultaneously maximizing the consistency between multiple trans-
formed views of the same image (e.g., clipping, flipping, color transformation) while minimizing
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it between transformed views of different images in feature space. The encoder learns image-level
representation rather than pixel-level generation via contrastive training. For I2I translation tasks,
CUT [46] is the first work that utilizes patch-wise contrastive estimation on unpaired translation
tasks by learning the relationship between an input image and the corresponding generated im-
age. Jeong et al. [22] introduce a set of key-value storage structures with read/update operations to
record the style changes of categories while enhancing the discrimination ability of memory with
the proposed feature contrastive loss. Nevertheless, CUT only applies the global style to the whole
image without considering the style differences between individual instances and the background
or within an instance. [22] can be computationally expensive to update the representations in the
memory bank as the representations get outdated quickly in a few passes.

We further carry forward the idea of contrastive learning under multi-instance traffic scenarios
with complex semantics in this work. Specifically, we conduct contrastive learning at both the com-
plex instance-level and the fine patch-level within the instance. We make our contrastive training
process extensive by considering the content differences between and within individual instances
simultaneously.

3 THE PROPOSED METHOD

In this section, we first introduce the basic components and functions of our cross-granularity
contrastive learning approach, and then describe our detailed designs, along with a comprehensive
loss function that considers different types of loss to ensure high image translation quality in an
end-to-end manner. Our framework attempts to strike a good trade-off between model efficiency
and image translation quality.

For the convenience of presentation, we use the words object and instance interchangeably. Fur-
thermore, let g and o denote the global image and object regions, respectively.

3.1 Extraction of Features for Image Content and Image Style from Multiple Domains

When referring to the 121 translation task for N domains, we need to learn N-(N — 1) mappings
simultaneously. We choose to employ simply one generator and one discriminator instead. We
exploit a random pair-wise training scheme for multi-domain translation.

During the training process, the Encoder first extracts features from the input global image
and local instances respectively. The extracted features include content and style codes. Given
n domains {N;}i—1-n, we sample two images {x!),x)} randomly selected from two domains
{i,j} € N that are called source domain and target domain, respectively, and their corresponding
(gi), zg)}. We also select a pair of random instances {0, o)}
from the random images of two domains, and their corresponding domain labels are {sz) , zgj) }.
The encoder E, first extracts the input image to form a content latent code ¢, and a style code s,
where Eg = (Eg, Eg), ¢g = Eg(img), sg = Ej(img, zg). img denotes the input source image, and z is
the domain label corresponding to img. Then the decoder G utilizes the above content latent code
cg and style code sy to generate the fake target image img eventually, where img” = Gy(cg, sg, 2;)-
sg denotes the style code from the given image or the prior distribution q(sy) ~ N(0,1),
and z, denotes the target domain label. The process for the local instance is similar to the

g
above.

domain labels are represented as {z

3.2 Multilayer Dual Contrastive Learning

As shown in Figure 3, we deploy a multilayer dual contrastive learning strategy to facilitate the
efficiency of the training process. We draw instances or patches internally from the input image as
negatives and the corresponding generated image as positives, rather than externally from other
images in the dataset.
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Fig. 2. Proposed cross-granularity learning framework. (a) Generating an image according to the input style
or generating multi-modal images following the random style codes sampled from a known distribution.
(b) Applying the adversarial loss and cross-cycle consistency loss of the global image during the training.
(c) Applying the adversarial loss and cross-cycle consistency loss of the instance in an image during the
training. (d) Applying the cross-granularity loss during the training to capture the multi-domain global and
instance relationships. The global images and instances cropped from the global images using the object
coordinates are randomly selected during training.

Taking global images as examples, we name the instance in the generated image as query, and
the instance in the corresponding original input image as key. If the spatial locations of k-q pairs
are the same, the key is considered as positives, otherwise as negatives. Our goal is to maximize the
mutual information between query and positives while minimizing it between query and negatives
[44]. We deal with it as a (M + 1)-way binary classification problem, where M negative instances
are sampled from the same input image at different locations. Firstly, we feed the input and output
image pairs {x(?), )} into the encoder Eg to obtain the {c(l) O)} of the content latent space. Then
we map them to the K-dimensional Vector space through the fully connected network H, to obtain
{q. k}. Finally, we calculate the contrastive loss of the embeddings by using the following noise
contrastive estimation function [44]:

exp(sim(q, k*)/7) (1)

LNCE (g k* k) = -1
(q ) o8 exp(sim(q, k*)/T + Z?;Il exp(sim(q,k™)/t)
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Fig. 3. Training with instance-level and patch-level contrastive learning schemes. The content encoders ex-
tract contents C;;,Cg from the input image X(? and object OY) individually. Multilayer(1...L) residual struc-
ture of the content encoder outputs {(C}, C(I,), ..., (CE, Cg)}. The multi-instance contents of output and input
images pair {X’, X/} are mapped into key-query items {(q;, k;), ey (qé,ké)} by Hy where the red k repre-
sents a positive item while the other blue ones represent the negative items of the red q. And vice versa
for the patches of the instances pair {0, 0/}. The network aims to project the specific instances or patches
of the output and input pairs to a shared embedding space.

where g, k*, k™ denote the embeddings of query, positives and negatives, respectively, which can
be formulated as g = Hg(E;(xU))), k= Hg(E;(x(i))). The cosine similarity sim(q, k) is represented
as sim(¢q,k) = g7 - k/||qll||k||. The temperature coefficient  is a hyperparameter and set to 0.07 by
default.

3.3 Multi-domain Image-to-image Translation

To guarantee a superior learning process and multi-domain I2I translation quality, our loss metric
is designed to comprehensively contain the original adversarial loss, domain classification loss,
reconstruction loss, cycle consistency loss, and our novel cross-granularity consistency loss and
dual contrastive loss.

Adversarial and Domain classification Losses. To ensure that the generated images and
instances are similar in distribution to the training samples from the target domain, the adversarial
loss £99% and domain classification loss £¢* are adopted in our I2I translation situation. Our
generators require three inputs: input images, random or reference style codes, and target domain
labels to generate the images of the desired domains. An image could contain several instances,
and allowing users to input the instances of interest will help improve the subjective quality of the
image translated. The above losses are formulated as:

£94 =E, [log Dyye(x)] + By, 1t [1og (1 — Do (G (Ec(x), s, zgj))))] : @)

-[,;L:ls =Ex,22 [_ log D5 (Z(gi) I x)] >

5 o (D10 )] ’
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where Ds,. and D, ;s discriminate real or synthetic images and perform domain classification, re-
spectively. The generator G tries to minimize this objective, while the discriminator D tries to max-
imize it. The objective functions of image generators and discriminators are independent. £ is
used to optimize D for real images, and .[:Jils is used to optimize G for fake images.

Reconstruction and Cross-cycle Consistency Losses. We utilize reconstruction and cycle
consistency losses within a domain and between domains to facilitate the training that the recon-
structed images or instances are consistent with the origin inputs [32]. We adopt the £; norm to
regularize the losses as follows:

L7 = Ejpo Ik = KL,
L5 = By a2 = x [ + 59 = 20|, @
L6 =By o167 = oDy + 169 = o],

The reconstruction loss encourages reconstructing images, objects, contents, and style codes.
i and j represent source and target domains, respectively; k can be img,6,¢ or §, that comes
from the reconstruction process of k — G(k,z')) — G(G(k,z"),z(V) — k, and p(k) de-
notes the distribution of data k. ) comes from the cycle translation process of x() —
G(EC(x), E3(xD, 20, 20y — u) — G(E¢(yD)), E*(yV), 29)), zD) — (). The same can be ob-
tained for 69, and u") is the generated image from the source domain to the target domain.

Cross-Granularity Consistency Loss (CGC). We introduce a novel cross-granularity consis-
tency loss in order to prevent the features between the global image style and the local instance
style from being disturbed. We apply this loss to effectively capture the relationship of the style
between the global and local, which ensures the generated image is more realistic. As illustrated
in Figure 2(d), we first encode a pair of global image and instance {x?), o)} as input and encode
them into {cg, x( >} and {cJ, s j>} The global style s3 " and instance content are assembled to

the object generator to produce the generated instance o(’) in the forward translation. We further

0()

perform the backward translation by encoding 6 into {c%,s¢" }, then input the original global

image content c; with the style of 69 called s(‘;’(i) to the global generator while feeding the con-

tent of 6') called c? with the original instance style sg(i) into the object generator, and obtain the
reconstructed {#(!), 6/} finally. We express the cross-granularity consistency loss as:

£99 = B g o 159 = x Ol + 1169 = 00, ®

where x(z) =G ( 5, g(l)’ (l)) A(z) _ o(c 0(1) g))

For different granularities, both global images and local instances can achieve translation tasks
independently. The only difference is the input size. For cross-granularity, based on the content
features of the instance, we hope to achieve better translation results with the help of global style
features that are richer than the instance style. It can be regarded as a data (style feature) augmenta-
tion behavior to make the generator with stronger generalization and adaptive performance. More
specifically, the global style vector with richer information is integrated into the instance content
features through general adaptive instance normalization (AdaIN), making the instance trans-
lation results better.

Multilayer Dual Contrastive Loss (MDC). Our model aims at key and complex instances (e.g.,
car, pedestrian) within the image and patches (e.g., license plate, lighting) within the instance in
the content space. We apply the contrastive learning strategy to the immediate latent contents of
the multilayer residual structure (see Figure 4),] € {1, 2, ..., L} in the generator. It encourages the
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Output X0

Fig. 4. The details of multilayer residual structure.

generated global images or instances to better preserve the content details of the original input.
The formula is expressed as follows:

L s P
L7 =By x00 lz LY (gu kT ks + 3 L3 (ap k- kﬁ\p)l - ©

=1 | s=1 p=1

where g5 = H é(E;(xU))) and q, = H!(ES(0Y))) denote the s-th query embedding of instance and
the p-th query embedding of patch, respectively. Similarly, k{ = H (Eg(x'")) and k; = Hy(ES(0'"))
denote the s-th positive embedding of instance and the p-th positive embedding of patch. kg\s and
k;\p are negative embeddings and formulated similarly to the above. We set the number of layers
Lto 4, and S = 256, P = 64 by default.

Contrastive learning has been an effective tool in unsupervised visual representation learning.
Image-to-image translation is a typical unsupervised task, and we hope to explore the potential of
contrastive learning. We find it pertinent to use it in a multilayer, patchwise fashion. Specifically,
as I(X,Y) = H(X) — H(X]Y), cycle consistency is substantiated to be the upper bound of condi-
tional entropy H(X|Y) [33]. Therefore, the conditional entropy should be minimized. The output is
encouraged to be more dependent on the input. As entropy H(X) is a constant that is independent
of the generator, the objective is maximizing mutual information I(X, Y). Meanwhile, inspired by
InfoGAN [4], we use NCE loss to achieve contrastive learning on high-dimensional image spaces.
In addition, drawing negative patches internally from within the input image, rather than exter-
nally from other images in the dataset, makes it challenging to distinguish and forces the patches
to preserve the content of the input better.

The objective function of our full-size model for multi-domain 12 translation is:

Lo =a(-£ 4 £57),

(7)
L6 =a (Ladv_'_l:]ccls) +/1Lmdc+ﬂ(£]2c+.£;c+£gc+£cgc),

where «a, §, 1 are the hyper-parameters for balancing the corresponding loss terms. We aim to

optimize our model by minimizing £p and Lg, respectively.

4 EXPERIMENTS

4.1 Implementation Details

In order to stabilize the training process and achieve better performance, we replace the vanilla
GAN in Equation (2) with Wasserstein GAN [1] with the gradient penalty [16] added into the
objective function:

Ladv = Ex[DsrL‘(x)] - Ex,s,z[Dsrc(G(Ec(x)’ S, Z))] - Angﬁ[(||VﬁDsrc(£)||2 - 1)2]’ (8)

where x is sampled along straight lines between the real and generated image distribution, s and
z denote the style code and the target domain label, respectively. We adopt an adaptive weighting
scheme for gradient penalty to facilitate the training process [8]. Ay, is initially set to 10. The
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Table 1. Quantitative Evaluation on INIT Dataset (a) and BDD100K Dataset (b) We Measure FID, IS and
LPIPS Performances for Different Methods

(a) INIT Dataset
Method FID (1 Mean 15 Mean LPIPS (T) Mean
night cloudy rainy night cloudy rainy night cloudy rainy

MUNIT [20] 101.1 30.76 62.26 6470 1.03 146 126 125 025 021 0.14 0.20
DRIT++ [32] 1129 2575 5430 64.32 1.15 126 134 1.25 006 005 0.05 0.05
INIT [51]  91.87 49.20 59.10 66.72 135 129 144 136 028 027 0.12 0.22
HGAN [7] 1114 60.09 98.61 90.02 1.07 1.06 1.06 1.06 0.9 0.9 0.10 0.09
StarGAN v2 [10] 71.97 19.47 52.90 48.11 139 148 110 132 020 0.04 005 0.10
CoMoGAN [47] 86.31 21.12 4597 51.13 1.66 157 159 161 024 020 0.14 0.19
Kim et al. [25] 82.64 2545 54.85 5431 1.61 133 157 150 0.28 0.28 020 0.25
Xieetal [56] 121.6 47.22 68.91 79.24 156 155 132 148 0.05 0.07 0.0 0.07
Ours (w/o MDC) 76.34 14.26 47.43 4601 170 1.65 152 1.62 031 0.19 0.18 0.23

Ours (w/ MDC) 60.04 14.08 44.73 39.62 1.76 1.62 1.89 1.76 0.32 025 0.21 0.26

(b) BDD100K Dataset
Method FID (1) Mean 5 Mean LPIPS (1) Mean
night cloudy rainy night cloudy rainy night cloudy rainy

MUNIT[20]  59.98 48.93 81.56 63.49 1.22 134 112 123 030 0.19 0.28 0.26
DRIT++[32] 103.2 4860 5031 67.37 1.14 114 1.14 1.14 006 005 0.05 0.05
INIT[51]  43.63 119.2 52.84 71.89 116 127 120 121 025 0.27 0.13 021
HGAN[7]  123.6 65.99 7691 8883 1.01 1.01 101 1.01 0.18 021 0.27 0.22
StarGAN v2[10] 30.30 3857 43.61 37.49 153 144 190 1.62 0.17 008 015 0.13
CoMoGAN[47] 4435 5039 62.75 5250 141 156 144 147 0.14 019 0.15 0.16
Kim et al. [25] 57.30 51.07 4550 51.29 147 139 140 142 0.19 022 015 0.19
Xie etal [56] 1285 41.64 81.00 88.71 144 125 138 136 0.08 0.1 0.12 0.10
Ours (w/o MDC) 40.14 3453 34.05 36.24 150 132 126 136 026 023 022 024

Ours (w/ MDC) 30.26 32.77 34.52 34.11 1.67 1.65 171 1.68 0.26 0.26 0.25 0.26

We perform multi-domain translation for each domain pair. In each case, the best performance indices are highlighted
in boldface fonts, and the second-best ones are highlighted in underlined fonts. Our results attain the best results.

model performs gradient regularization and accumulation every 50 iterations, and 4,4, is updated
once according to the gradient value with a double increase or half decrease.

Our model includes content encoder E°, style encoder E°, multilayer perceptron M, generator
G and discriminator D. The discriminator is adapted from PatchGAN which is composed of 6
convolutional layers with 4 X 4 filters and stride 2 and followed by the last two convolutional layers
that calculate the adversarial loss and classification loss respectively. We make use of Instance
Normalization (IN) to the content encoder E¢ and Adaptive Instance Normalization (AdaIN) [20]
to the residual blocks of generator G. We apply ReLU activations in the generator and Leaky ReLU
with slope 0.2 in the discriminator D. Furthermore, we apply H, a two-layer MLP with 256 units
behind the multiple residual layers of the generator to map the content to the contrastive feature
space. Inspired by CUT [46], we set the number of negative instances M with 64 for global (image)
level and 16 for local (instance) level.

In the experiment, the weights of Encoders and Decoders use Kaiming uniform distribution,
while the Discriminator sets Gaussian distribution in the initialization. We optimize the model
using Adam [27] with the batch size 2 and the initial learning rate is set to 0.0001 and decreased
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Input

Xieetal  Kimetal CoMoGAN  SarGANv2 HomOmer® INIT DRIT++

Ours (wo/ MDC)

Ours

Fig.5. Qualitative comparison of existing 12l translation methods on INIT datasets. For each baseline method,
we present multi-domain outputs for the same input. Our results preserve instance details well and look
realistic.

by half for every 100,000 iterations. We refer to the conference paper [13] to set &, , A to 1,10, 1
respectively.

4.2 Datasets

We conduct experiments on two standard datasets for instance-aware 121, INIT dataset [51] and
BDD100K dataset [59], to verify the generality of our method. The datasets provide object bound-
ing box annotations to achieve instance acquisition. All of the images are resized to 256 X 256 in
the experiments.

— INIT Dataset [51] is a large-scale street scene centric dataset with object bounding box an-
notations for car, person, and traffic sign. It consists of two types of resolution images, 1,208
% 1,920 and 3,000 X 4,000. We take 1,208 X 1,920 resolution ones to form a set of 38,836 images
for training and 7,434 for testing. We further divide the dataset into four domains according
to the weather style sunny, night, cloudy and rainy (overcast weather with wet roads).
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Ours (wo/ MDC) ~ Xie et al. Kimetal. CoMoGAN  StarGAN v2 H"‘g‘;};‘e‘p INIT DRIT++ MUNIT

Ours

Fig. 6. Qualitative comparison of existing 12I translation methods on BDD100K datasets. For each baseline
method, we present multi-domain outputs for the same input. Our results preserve instance details well and
look realistic.

—BDD100K Dataset [59] is an open driving dataset based on urban streets and consists of
100K images with labels. The resolution of all images in this dataset is 1,208 X 1,920. There
are many kinds of weather domains including sunny, cloudy, rainy, snowy and foggy in
different hours. We further divide the dataset into four domains, including the weather style
sunny, night, cloudy and rainy. Our rebuilt dataset is composed of 35,548 images for training
and 6,570 images for testing with the bounding box annotations for ten object classes.

4.3 Metrics

We introduce the following three metrics to quantitatively evaluate the synthesized images by our
proposed method.

— Frechet Inception Distance (FID) [18]. FID considers the distance between the distribu-
tion of the real image and the generated image. This measurement respectively extracts
the 2,048-dim feature vectors of real images and the generated images from the pre-trained

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 20, No. 7, Article 228. Publication date: May 2024.



Multi-Domain Image-to-Image Translation with Cross-Granularity Contrastive Learning 228:13

Day-Night

Day-Cloudy

Fig. 7. Results of multi-modal image translation on INIT dataset and BDD100K dataset. For the given input
sunny images (first from left), we use randomly sampled style codes to generate night images.

Inception-V3 [52] network that removes the classifier in the last layer. A lower score denotes
a better quality of generated images. We calculate the FID scores between real test images
and generated images.

— Inception Scores (IS) [50]. We use the IS to evaluate the diversity of generated images
and follow the settings in our original paper. Specifically, we first fine-tune the Inception-V3
model on four domain category labels of our INIT dataset and BDD100K dataset, then utilize
100 input images to generate 100 samples per input to calculate Inception Scores. A higher
Inception Score indicates a higher generated diversity.

— Learned Perceptual Image Patch Similarity (LPIPS) [62]. LPIPS is demonstrated to cor-
relate well with a human perceptual similarity. It measures the average LPIPS distance be-
tween the pair of randomly translated samples from the same input. In the experiments, we
select 100 images from the test set and generate 19 pairs of translated images via different
random style codes for each image, to obtain 1,900 pairs of images [20]. Then the gener-
ated images are mapped into feature spaces by the pre-trained AlexNet [28] to calculate the
distance. The higher the LPIPS score, the better the diversity and authenticity of generated
images.

We conduct experiments on six baseline approaches for multi-domain I2I translation task, in-
cluding MUNIT [20], DRIT++ [32], INIT [51], HGAN [7], StarGAN v2 [10], ComoGAN [47], Kim et
al. [25] and Xie et al. [56], to perform qualitative and quantitative comparison with our proposed
method. Note that “Ours (wo/ MDC)” means our conference paper’s method.

4.4 Baselines

To apply MUNIT and INIT for image translation over N domains, we train these two models for ev-
ery pair of domains. Specifically, MUNIT decomposes image representation into domain-invariant
content codes and domain-specific style codes. It performs unpaired multi-modal image trans-
lation by combining random/reference style codes and target content codes. INIT proposes an
instance-aware I2I translation method that takes into account both the global images and local
instances to improve the translation quality. Furthermore, it collects a large-scale benchmark and
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Table 2. Quantitative Results on Average for Ablation Studies

Method | INIT BDD100K
FID ({) IS (1) LPIPS (1) FID ({) IS (1) LPIPS (1)
Baseline 54.91 135 0.29 54.26 1.25 0.27
w/ CGC 46.01 1.62 0.23 36.24 1.36 0.24
w/ MDC 43.86 1.47 0.31 49.63 1.59 0.27
Ours 39.62 1.76 0.26 34.11 1.68 0.26

Baseline means our method without cross-granularity contrastive learning strategy.
= Qus MUNIT INIT StarGAN v2 Kim et al.

Style Relevance

Content Relevance

Most preferred

0% 20% 40% 60% 80% 100%

Fig. 8. User preference results. Our method is most preferred for overall quality, semantic consistency and
style relevance, compared to MUNIT [69], INIT [51], StarGAN [10], and Kim et al. [25].

we adopt the dataset in the experiments. We also compare our model with multi-domain trans-
lation methods StarGAN v2, HGAN, DRIT++. As a multi-domain version of DRIT [31], DRIT++
generates diverse images via disentangled representations with cross-cycle consistency loss. It
employs domain labels for multi-domain training. The discriminator perform domain classifica-
tion, in addition to determining the generated image is real or fake. HGAN generates intermediate
images between the two domains by proper homomorphic latent space interpolation and applies to
multi-modal translation. StarGAN v2 as an improved version that only requires a single model and
reference/random domain style codes to perform the image translation tasks. CoOMoGAN learns
continuous translations under the guidance of naive physics-inspired models. Kim et al. introduce
to learn a style-specific representation and the prototype by combining a style encoder and a dis-
criminator, as well as a data augmentation strategy for the style space. Xie et al. propose a simple
way to encourage the network to find the shortest path between two domains.

4.5 Qualitative Evaluation

We compare our method with all the baselines one by one to verify the performance. The
corresponding results on diverse datasets are shown in Figure 5 and Figure 6. All the methods
compare the effects of the generated images of three different styles one by one using the same
input. It can be seen that the texture quality of the global images generated by MUNIT [20],
Kim et al. [25] and INIT [51] are generally good, but the generated local instances from both are
blurry and far inferior to ours. For the DIRT++ [32] and HGAN [7], there is a common mode
collapse phenomenon that the generated images are similar and difficult to distinguish. The style
migration of StarGAN v2 [10] makes no obvious change in the details such as the color of the
sky, the shape of clouds, or the humidity of the road. To conclude, most of the aforementioned
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Fig. 9. Visual quality results of our method in the real-world scenarios. Our method shows the naturally
overall quality and style relevance.

baselines may bring small artifacts around the object area or fail to change the style of instances
since ignoring the relationship of the global image style and local instance style. Our method
generally presents realistic details and high-quality images, both in terms of textures and colors.

We visualize the multi-modal results by using randomly sampled style codes on sunny—night
translation task in Figure 7, our model can better learn the critical features to generate images for
different styles flexibly. It shows that our model is capable of generalization.

4.6 Quantitative Evaluation

Table 1 shows the quantitative evaluation results of several I2I translation methods adopted on
INIT dataset and BDD100K dataset. “w/ MDC” and “w/o MDC” denote that we train our model
with and without considering the multilayer dual contrastive loss, respectively. We implement
the tasks with StarGAN v2 [10], MUNIT [20] based on their released code while re-implementing
with others based on their papers. For each baseline, we report the scores of three metrics for every
domain mapping. The best performance items of each metric are shown in bold, and the second
best ones are highlighted in underlined fonts. It is worth mentioning that MUNIT and INIT train
one model for every pair of domains, which are not affected by each other.

Among them, the average FID scores of the three image translation tasks of our method are
13.89% and 5.88% lower than our method without dual contrastive learning scheme, and 17.65%
and 8.87% lower than the baselines with the optimal FID averages of the two datasets, respectively.
It proves that the image styles generated by our model are more similar to those in the target
domain. For Inception scores, our performance is improved by 8.64% and 19.12%, which indicates
more diversity and photorealism. It can be seen that the diversity improvement brought by our
method is not obvious from the LPIPS. On average our method outperforms the baseline by quite
a margin. Table 3 shows that the model sizes of different methods and our method surpasses all
baselines since our network architecture takes advantage of MUNIT and DRIT++ and only uses
one generator and one discriminator.

4.7 User Preference

We conducted a user study to evaluate the visual quality of synthesized images on mixed INIT [51]
and BDD100K [59] datasets. Ten subjects were shown with 40 different samples generated by our
model or baselines. The experiments are carried out with the following questions: “Which do you
think has better image quality in overall/similar content to source domain/relevant style to target
domain?", summarized in Figure 8. Our method ranks the first in each case, especially on style
relevance and overall preference.
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Table 3. Model Size of Baselines and our Method

Method MUNIT [20] DRIT++ [32] INIT [51] HGAN [7] StarGAN v2 [10]
Model Size (MB) 179 X 4 620 179 X 4 220 236
Method CoMoGAN [47] Kim et al. [25] Xie et al. [56] Ours
Model Size (MB) 741 924 57 % 4 125

(a) Input (b) wo/CGC & wo/MDC (¢) w/CGC & wo/MDC (d) wo/CGC & w/MDC (e) w/CGC & w/MDC

Fig. 10. Qualitative ablation study on different settings. “wo/w" means “without/with". (a) Input, (b) The
method without CGC and MDC generates unpleasant artifacts and loses local details, (c) The method with
CGC generates inauthentic local information, (d) The method with MDC generates unreasonable style on
cars, (e) Ours. We show the results for sunny—rainy in the first column and sunny—night in the second
column.

4.8 Ablation Studies

We evaluate the performance of our method from different perspectives. First, we present the
results of three metrics obtained with the proposed cross-granularity consistency loss and the
multilayer dual contrastive loss in Table 2 and Table 1. The average FID scores are improved by
27.8% on INIT dataset and 37.1% on BDD100K dataset, and the inception scores increase 30.4% and
34.4%. Nevertheless, a minor drop in LPIPS scores shows that cross-granularity learning brings the
improvement of image quality at the expense of reducing the diversity of generated images due to
the restrictive consistency.

Second, for the qualitative evaluations in the last two lines of Figure 10, unlike the results gener-
ated by the method w/ CGC or w/ MDC with unreasonable artifacts or styles, our current method
yields more realistic global images as well as distinctive and natural instances. More importantly,
the examples generated by our method are clearer and retain relatively complete semantic infor-
mation. In summary, the network structure and cross-granularity contrastive strategy effectively
strengthen the representation ability of the network by ensuring style and content consistency.

4.9 Analysis

4.9.1 Results in Real-world Scenarios. To verify the generalization of the proposed method, we
create a dataset of 20 high-resolution and moderately bright images. We download images from the
Internet. The visual results are shown in Figure 9 and the proposed method achieves considerable
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(a) Baseline (b) Ours

Fig. 11. t-SNE [29] visualization for the global and instance style features. The same colored points indicate
the style features addressed to the same domains. The first (second) row are the style codes extracted by our
model on INIT (BDD100K) dataset. (a) is from our baseline method (wo/ CGC and MDC) while (b) is from
our method with cross-granularity contrastive learning scheme.

Fig. 12. Visualization of discriminator for domain classification. We use grad class activation mapping (Grad-
CAM) in [49]. Best viewed in color.

visual quality in the listed examples which can synthesis accurate stylized images and instances
while keeping texture and structure details.

4.9.2  Disentangle the Global and Instance Style. We project the embedded style codes from the
images into two-dimensional space by t-SNE tools [29]. Specifically, we randomly sample 500 im-
ages and instances in the test set of each domain and visualize global (cross) and instance (dot)
style codes in multiple domains. As shown in Figure 11, there are remarkable margins (In this pa-
per, the margin refers to the distance between the local and global features) between global and
instance style codes extracted from the same domain images and instances. It demonstrates the
effectiveness of our model.

4.9.3 Visualize Results with CAM. In this part, we provide in-depth analyses for our model
besides performance. we deploy the technique of Grad Class Activation Mapping (Grad-
CAM) [49] to understand what the discriminator has learnt for multi-domain image translation
tasks. Grad-CAM helps to visualize the predicted domain class scores on the global images, high-
lighting the discriminative instance parts. As shown in Figure 12, our model pays attention to the
areas with prominent styles in the image, e.g., traffic signs at night, clouds in the sky in cloudy
weather, and wet roads on rainy days. These observations qualitatively show that our method has
remarkable performance for multi-domain image translation tasks.
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5 CONCLUSION

In this paper, we propose an effective multi-domain I2I translation model with cross-granularity
contrastive learning. We first present the cross-granularity consistency to guide the learning of
the relationship between the image style and the instance style. Additionally, we propose a dual
contrastive learning module for preserving local details of the original images or instances. A mul-
tilayer contrastive loss is proposed to encourage content preservation in unpaired 121 translations.
Finally, we conduct extensive experiments on multi-domain I2] translation datasets to demonstrate
the superiority of our proposed framework compared with state-of-the-art approaches.
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