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ABSTRACT
Image translation across diverse domains has attracted more
and more attention. Existing multi-domain image-to-image
translation algorithms only learn the features of the com-
plete image without considering specific features of local in-
stances. To ensure the important instance to be more re-
alistically translated, we propose a cross-granularity learn-
ing model for multi-domain image-to-image translation. We
provide detailed procedures to capture the features of in-
stances during the learning process, and specifically learn
the relationship between style of the global image and the
style of an instance on the image through the enforcing
of the cross-granularity consistency. In our design, we on-
ly need one generator to perform the instance-aware multi-
domain image translation. Our extensive experiments on sev-
eral multi-domain image-to-image translation datasets show
that our proposed method can achieve superior performance
compared with the state-of-the-art approaches.

CCS CONCEPTS
∙ Computing methodologies → Machine learning al-
gorithms.

KEYWORDS
GAN; Image Translation; Image Generation
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1 INTRODUCTION
Image-to-image (I2I) translation aims at transferring an im-
age from a source domain to a target one by learning a map-
ping between them, where the major representations of the
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Figure 1: Illustration of the motivation of our cross-
granularity learning method. The domain labels of im-

ages are Night, Cloudy, Sunny and Rainy in clockwise. D-

ifferent colored arrows denote different global style codes.
For multi-domain image-to-image translation, a wealth of

relevant semantic information is contained between glob-

al and instance images. The style of instance images is
associated with the global style but is not identical. Our

method focuses on modeling the relationship between

multi-domain global and instance images. Each pair of
arrows is used to show that both the global style feature

and the local instance content are sent to the instance
generator to perform cross-granularity learning during

training time.

source image is maintained. It has received significant atten-
tion in the computer vision field, because many vision and
graphics issues can be formulated as I2I translation problems.
Some example applications are image synthesis, image seg-
mentation, image super-resolution, and image colorization.

Initial I2I translation is made between two domains. Bicy-
cleGAN [33] and Pix2Pix [13] are popular unified approach-
es that adopt the generative adversarial networks (GAN) [9]
for image generation. It relies on the pairing of training data
from two domains, which is often unavailable in the practi-
cal applications. As a result, unpaired I2I translation [18, 32]
obtains increasing attentions and promising results. For ex-
ample, CycleGAN [32] can translate an input image from
the source domain to the target domain with the unpaired
data by using the cycle consistency loss.

The two-domain image translation methods are limited in
their scalability and robustness when handling more than t-
wo domains. Several recent efforts [3, 7, 27] have been made,
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with StarGAN [7] as an example. They can perform I2I trans-
lation among multiple domains using only a single model,
with the simultaneous training using multiple datasets from
different domains. However, all existing multi-domain image
translation approaches are based on the global learning of
the entire input images, without considering the features of
key objects (or instances) in the image to translate.

To increase the quality of multi-domain translation, we pro-
pose a cross-granularity multi-domain I2I translation frame-
work that effectively capture the features of both the image
to translate and the instances on the image, which allows the
instance (or object) to be more accurately generated in the
target domain. Besides incorporating the object features in
all steps of training, we specifically learn the relationship of
the image style and instance style, so that both the specific
instances and the overall image are more realistically trans-
lated. The examples in Fig. 1 show the motivation of our
cross-granularity learning method. A pair of arrows is used in
each case to show that both the global style feature and the
local instance content are sent to the instance generator to
perform cross-granularity learning during the training time,
while different colored arrows denote different global style
codes.

We apply only one generator in our multi-domain I2I
translation framework to perform instance-aware mapping
in multi-domain translation. This will not only simplify our
model structure, but also allow the instances and images
to share some common features, so the translated instances
can be more easily merged into the translated image. This
simplify our model only need one model during inference
time. To effectively capture the features of an important
instance in the image to translate, we propose to enforce
cross-granularity consistency during the training, that the
relationship between the global style and object style can
be effectively captured to ensure the translated image to be
more realistic.

Our contributions of this paper can be summarized as
follows:

∙ We propose a cross granularity framework for high
quality multi-domain image-to-image translation.

∙ We provide detailed procedures to incorporate the
instance features into the learning, and enforce the
cross-granularity consistency to guide the learning of
relationship between instance style and image style.

∙ We evaluate the proposed approach with extensive qual-
itative and quantitative experiments to demonstrate
that images generated by our model are more realistic.

Extensive experimental analyses show the competing re-
sults compared with state-of-the-art approaches.

The remainder of this paper is organized as follows: Section
2 gives a brief overview of the related works. In Section 3,
we introduce our proposed Multi-domain image-to-image
translation framework in details. Section 4 and Section 5
describe our the experimental setup and experimental results
respectively, followed by a conclusion in Section 6.

2 RELATED WORK

Generative adversarial network. Generative adversar-
ial networks(GAN) [9] was introduced as a framework for
learning a data distribution with an unsupervised manner.
The GAN is composed of two parts: a generator and a dis-
criminator. The generator is used to map random noise to the
images and the discriminator is used to determine that the
input produced by the generator is real or fake. The training

of GAN always involves a two-player minmax game. The
forgery technology of the generator will become more and
more powerful after this game between them, and the identifi-
cation technology of the discriminator will become more and
more effective, too. Various derivative models based on GAN
are proposed for model structure improvement. This will
further expand the theory and application of GANs. In order
to solve the problem of training gradient disappearing, the
Wasserstein GAN (WGAN) [2] is presented. The InfoGAN [6]
is proposed by combining the information theory and GAN.
It brings the concept of mutual information to represent their
correlation degree. Besides, GAN is widely used in the field
of image generation tasks [1, 22, 30]. In [23], the authors
improve the training process of GAN for representation learn-
ing. In [31], the authors apply GAN in image manipulation
to constrain the edited images to stay close to the manifold
of real images. In [17], 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.

Image-to-Image Translation. Image-to-image transla-
tion can be considered as an image generation task [7, 13, 18,
32, 33]. Abstractly, it is a mapping problem between different
visual domains. These problems are usually solved by specific
methods, and there is no general approach. In recent years,
numerous methods have been proposed for image-to-image
translation task based on deep learning technology, with
a lot of applications in image processing, computer vision,
and graphics [8, 13, 26]. With GANs, some studies have
achieved significant progress. Specifically, CycleGAN [32]
proposes a cycle-consistency constraint to tackle unpaired
image-to-image translation. StarGAN [7] solves multi-domain
image-to-image translation with a single model only. INIT [24]
proposes to use bounding box based on disentangle represen-
tation methods. MUNIT [12] and DRIT [15] learn diverse
image translation maps by disentangling images into content
and style codes. DRIT++ [16] presents a multi-domain multi-
modality image translation method base on DRIT. HomoInt-
erpGAN [4] presents homomorphic latent space interpolation
to solve the multidisciplinary multimodal image translation
problems. HomoInterpGAN [4] presents homomorphic latent
space interpolation to solve the multidisciplinary multimodal
image translation problems.

3 FRAMEWORK
We propose to concurrently exploit the translation at the glob-
al image level and the local instance level for more accurate
multi-domain image-to-image translation. In our framework,
we apply only one generator to perform instance-aware map-
ping in multi-domain translation. This will not only simplify
our model structure but also allow the instances and images
share some common features, so the translated instances can
be more easily merged into the translated image. For the
convenience of presentation, we use the words object and
instance interchangeably.

In this section, we first introduce our basic learning frame-
work, and then the detailed designs to take into account
different factors. Let 𝑔 and 𝑜 denote the global image and
object regions respectively, our translation model consists of
two encoders 𝐸𝑔 and 𝐸𝑜, two decoders 𝐺𝑔 and 𝐺𝑜, and two
discriminators 𝐷𝑔 and 𝐷𝑜.

Fig. 2 shows both the training and testing processes. In
the testing step of Fig. 2(a) and Fig. 2(b), we only need
one decoder and one encoder to translate the image, either
with the style given or with the style to translate randomly
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Figure 2: Proposed cross-granularity learning framework: (a) Generating an image according to the input style; (b)

Generating multi-modal images following the random style codes sampled from a known distribution; (c) Applying the

adversarial loss and cross-cycle consistency loss of the global image during the training; (d) Applying the adversarial
loss and cross-cycle consistency loss of the instance in an image during the training; (e) Applying the cross-granularity

loss during the training to capture the multi-domain global and instance relationship. The global images and instances

cropped from the global images using the object coordinates are randomly selected during training.

generated. In Fig. 2(c) and Fig. 2(d), we show how the
adversarial loss and cross-cycle consistency loss are considered
in the training of global images and instance images. Fig. 2(e)
applies the cross-granularity loss to regulate the learning of
relationship between instance style and global image style.

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

In our framework, features are first extracted from the input
global images and local instances and put into the content
space and the style space respectively. Different from image
translation between two domains, with only one generator,
a special training scheme is needed for multi-domain trans-
lation. We exploit a random pair-wise training scheme. Giv-
en 𝑛 domains{𝑁𝑖}𝑖=1∼𝑛, we randomly select two domains

{𝑖, 𝑗} ∈ 𝑁 , and sample two images {𝑥(𝑖), 𝑥(𝑗)} with their

domain labels represented as {𝑧(𝑖)𝑑 , 𝑧
(𝑗)
𝑑 }. We also select pair

of instances {𝑜(𝑖), 𝑜(𝑗)} from the images of the two domains,

and their domain labels are {𝑧(𝑖)𝑑 , 𝑧
(𝑗)
𝑑 }.

For a global image, each encoder 𝐸𝑔 can extract the in-
put to form a content code 𝑐𝑔 and a style code 𝑠𝑔, where
𝐸𝑔 = (𝐸𝑐

𝑔, 𝐸
𝑠
𝑔), 𝑐𝑔 = 𝐸𝑐

𝑔(𝐼𝑚𝑔), 𝑠𝑔 = 𝐸𝑠
𝑔(𝐼𝑚𝑔, 𝑧𝑑). 𝐼𝑚𝑔

denotes the input image, 𝑐𝑔 and 𝑠𝑔 are content and style
features extracted from the global image, and 𝑧𝑑 is the label
of the domain. The process of extracting content and style
for instances is similar to that for the images.

3.2 Multi-domain Image-to-image
Translation

Given 𝑁 -domain images, a straight-forward learning of map-
ping between every two domains will incur the complexity
𝑁(𝑁 − 1), which is very high when 𝑁 is large. We choose
to use only one generator and one discriminator instead. To
ensure better learning and translation quality, we compre-
hensively consider loss components: adversarial loss, domain
classification loss, reconstruction loss, cross cycle consistency
loss and cross-granularity cycle consistency loss.

Adversarial Loss. The GAN loss is applied to enforce
that the generated images and instances look to be realistic.
We adopt the adversarial loss ℒ𝑎𝑑𝑣, where the discriminators
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𝐷𝑔 and 𝐷𝑜 attempt to discriminate between real and syn-
thetic images/instances in multiple domains. Our generators
need three inputs: input images, random or reference style
codes and target domain and instance 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 increase the subjective quality of the image
translated.

The discriminator consists of two parts, 𝐷𝑠𝑟𝑐 to discrim-
inate the input is real or fake and 𝐷𝑐𝑙𝑠 to determine the
domain label of the input. The adversarial loss is:

ℒ𝑎𝑑𝑣 = E𝑥[log𝐷𝑠𝑟𝑐(𝑥)] +

E𝑥,𝑠,𝑧𝑡
𝑑
[log(1−𝐷𝑠𝑟𝑐(𝐺(𝐸𝑐(𝑥), 𝑠, 𝑧

𝑡
𝑑)))]

(1)

where 𝑥 is the input global image or instance image, 𝑧𝑡𝑑 is the
target domain label, 𝑠 is the style latent code. The generator
G tries to minimize this objective, while the discriminator D
tries to maximize it.

Domain Classification Loss. Our discriminators not
only attempt to discriminate between real and synthetic
images for global images and instance images(𝐷𝑠𝑟𝑐), but also
perform domain classification (𝐷𝑐𝑙𝑠). To achieve this goal, the
objective functions of image generators and discriminators
are independent. ℒ𝑟

𝑐𝑙𝑠 is used to optimize D for real images

and ℒ𝑓
𝑐𝑙𝑠 is used to optimize G for fake images. The domain

classification loss is:

ℒ𝑟
𝑐𝑙𝑠 = E𝑥,𝑧𝑠

𝑑
[− log𝐷𝑐𝑙𝑠(𝑧

𝑠
𝑑|𝑥)]

ℒ𝑓
𝑐𝑙𝑠 = E𝑥,𝑧𝑡

𝑑
[− log𝐷𝑐𝑙𝑠(𝑧

𝑡
𝑑|𝐺(𝐸𝑐(𝑥), 𝑠, 𝑧

𝑡
𝑑)]

(2)

where 𝑧𝑠𝑑 is the source domain label and 𝑧𝑡𝑑 is the target
domain label.

Reconstruction Loss. Given an image following a data
distribution, the reconstruction loss encourages to reconstruct
the image after encoding and decoding.

^𝐼𝑚𝑔 = 𝐺𝑔(𝐸
𝑐
𝑔(𝐼𝑚𝑔), 𝐸𝑠

𝑔(𝐼𝑚𝑔, 𝑧𝐼𝑚𝑔
𝑑 ), 𝑧𝐼𝑚𝑔

𝑑 )

𝑜 = 𝐺𝑜(𝐸
𝑐
𝑜(𝑜), 𝐸

𝑠
𝑜(𝑜, 𝑧

𝑜
𝑑), 𝑧

𝑜
𝑑)

(3)

where 𝐼𝑚𝑔 are global images and 𝑜 are objects in the images,

𝑧𝐼𝑑𝑚𝑔 and 𝑧𝑜𝑑 are global domain and instance domain labels.
Given a latent code sampled from the latent distribution
for images or instances, we can also reconstruct the content
and style codes of the object or image after encoding the
corresponding generated ones. Following show the example
of reconstructing the object codes:

𝑐𝑜 = 𝐸𝑐
𝑜(𝐺𝑜(𝑐𝑜, 𝑠𝑔, 𝑧

𝑔
𝑑))

𝑠𝑜 = 𝐸𝑠
𝑜(𝐺𝑜(𝑐𝑜, 𝑠𝑔, 𝑧

𝑔
𝑑), 𝑧

𝑜
𝑑)

(4)

where 𝑐𝑜 and 𝑠𝑔 are instance content and global image style
features, 𝑧𝑜𝑑 and 𝑧𝑔𝑑 are labels for the instance and global
image. 𝑠𝑜 represents the reconstructed instance-level style
features. We formulate the reconstruction loss as:

ℒ𝑘
𝑟𝑒𝑐𝑜𝑛 = E𝑘∼𝑝(𝑘)

[︁⃦⃦⃦
𝑘 − 𝑘

⃦⃦⃦
1

]︁
(5)

where 𝑘 can be 𝐼𝑚𝑔, 𝑜, 𝑐 or 𝑠. 𝑝(𝑘) denotes the distribution
of data k.

Cross-cycle consistency loss. We adjust the cross-cycle
consistency loss [15] to enforce that the translated images or
instances are consistent with the input.

As shown in Fig. 2 (c), given a pair of images {𝑥(𝑖), 𝑥(𝑗)}
from two domains 𝑖 and 𝑗, we would like to check if we could
reconstruct the images by using the features from their trans-

lated images. We first encode the two images into {𝑐𝑥
(𝑖)

𝑔 , 𝑠𝑥
(𝑖)

𝑔 }
and {𝑐𝑥

(𝑗)

𝑔 , 𝑠𝑥
(𝑗)

𝑔 }, and then perform forward and backward
translations, with the styles swapped in each translation. In

the first translation, we generate {𝑢(𝑖), 𝑢(𝑗)} and the second

generates {𝑥̂(𝑖), 𝑥̂(𝑗)}, where 𝑢(𝑖) and 𝑥̂(𝑖) belong to domain

𝑖, and 𝑢(𝑗) and 𝑥̂(𝑗) belong to domain 𝑗. The translation on
the instance branch shown in Fig. 2 (d) is similar to that of
the global branch. After forward and backward translation,

we should reconstruct the original global images {𝑥̂(𝑖), 𝑥̂(𝑗)}
and instance images {𝑜(𝑖), 𝑜(𝑗)} and enforce the cross-cycle
consistency through the loss constraint:

ℒ𝑐𝑐
𝑔 = E𝑥(𝑖),𝑥(𝑗)

[︁⃦⃦⃦
𝑥̂(𝑖) − 𝑥(𝑖)

⃦⃦⃦
1
+
⃦⃦⃦
𝑥̂(𝑗) − 𝑥(𝑗)

⃦⃦⃦
1

]︁
ℒ𝑐𝑐
𝑜 = E𝑜(𝑖),𝑜(𝑗)

[︁⃦⃦⃦
𝑜(𝑖) − 𝑜(𝑖)

⃦⃦⃦
1
+
⃦⃦⃦
𝑜(𝑗) − 𝑜(𝑗)

⃦⃦⃦
1

]︁ (6)

where the forward translation gets 𝑢(𝑖) = 𝐺𝑔(𝑐
𝑥(𝑗)

𝑔 , 𝑠𝑥
(𝑖)

𝑔 , 𝑧
(𝑖)
𝑑 ),

and 𝑣(𝑖) = 𝐺𝑜(𝑐
𝑜(𝑗)
𝑜 , 𝑠𝑜

(𝑖)

𝑜 , 𝑧
(𝑖)
𝑑 ). In the backward translation,

we have 𝑥̂(𝑖) = 𝐺𝑔(𝑐
𝑢(𝑗)

𝑔 , 𝑠𝑢
(𝑖)

𝑔 , 𝑧
(𝑖)
𝑑 ), 𝑜(𝑖) = 𝐺𝑜(𝑐

𝑣(𝑗)

𝑜 , 𝑠𝑣
(𝑖)

𝑜 , 𝑧
(𝑖)
𝑑 ).

Among these, {𝑢(𝑖), 𝑢(𝑗)} and {𝑣(𝑖), 𝑣(𝑗)} are images generat-
ed from the forward translation of the global image and the

local instance respectively. {𝑥̂(𝑗), 𝑜(𝑗)} is generated similar to

{𝑥̂(𝑖), 𝑜(𝑖)} and {𝑢(𝑗), 𝑣(𝑗)} is generated similar to {𝑢(𝑖), 𝑣(𝑖)}.
Cross-granularity consistency loss(CGC). To effec-
tively capture the features of an important instance in the
image to translate, we propose a novel cross-granularity con-
sistency loss to guide the cross-granularity learning. As the
style of the image has an impact on the object style, this loss
is applied to regularize the training, that is the relationship
between the global style and object style can be effectively
captured to ensure the translated image to be more realistic.

The process of finding the cross-granularity consistency
loss is illustrated in Fig. 2(e). Given a pair of global image and

instance image {𝑥(𝑘), 𝑜(𝑙)}, we encode them into {𝑐𝑥
(𝑘)

𝑔 , 𝑠𝑥
(𝑘)

𝑔 }
and {𝑐𝑜

(𝑙)

𝑜 , 𝑠𝑜
(𝑗)

𝑜 }. We feed the object content and the global
style into the global generator to produce the instance image

𝑜(𝑘) with the global style in the forward translation. We
further perform the backward translation by feeding the

original global image content with the style of 𝑜(𝑘) into the
global generator and feeding the original instance image style

with the content of 𝑜(𝑘) into the object generator, so we can

compare the regenerated 𝑥̂′(𝑘) and 𝑜′(𝑙) with the inputs 𝑥(𝑘)

and 𝑜(𝑙). We formulate the cross-granularity consistency loss
as follows:

ℒ𝑐𝑔𝑐
𝑔 = E𝑥(𝑘)

[︁⃦⃦⃦
𝑥̂′(𝑘) − 𝑥(𝑘)

⃦⃦⃦
1

]︁
ℒ𝑐𝑔𝑐
𝑜 = E𝑜(𝑙)

[︁⃦⃦⃦
𝑜′(𝑙) − 𝑜(𝑙)

⃦⃦⃦
1

]︁ (7)

where 𝑥̂′(𝑘) = 𝐺𝑔(𝑐
𝑥(𝑘)

𝑔 , 𝑠𝑜
(𝑘)

𝑜 , 𝑧
(𝑘)
𝑑 ), 𝑜′(𝑙) = 𝐺𝑜(𝑐

𝑜(𝑘)

𝑜 , 𝑠𝑜
(𝑙)

𝑜 , 𝑧
(𝑙)
𝑑 ),

𝑜(𝑘) is the generated instance after the forward translation.
Reconstructing the global image and all instances using

forward translation and backward translation would be time
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consuming and difficult, as an image may include a lot of
instances. We choose to randomly select an image and in-
stance pair from the global image set and the instance set
instead of a global image with all its instances. During the
training, 𝑘 and 𝑙 are each randomly select from the domains
night, cloud, sunny or rainy.
The full objective function of our framework is:

ℒ𝐷 = −𝛼ℒ𝑎𝑑𝑣 + 𝛽ℒ𝑟
𝑐𝑙𝑠

ℒ𝐺 = 𝛼ℒ𝑎𝑑𝑣 + 𝛽ℒ𝑓
𝑐𝑙𝑠 + 𝜆𝑟𝑒𝑐

(︁
ℒ𝐼𝑚𝑔
𝑟𝑒𝑐 + ℒ𝑜

𝑟𝑒𝑐

+ℒ𝑐𝑐
𝑔 + ℒ𝑐𝑔𝑐

𝑔 + ℒ𝑐𝑐
𝑜 + ℒ𝑐𝑔𝑐

𝑜

)︁
+ ℒ𝑠

𝑟𝑒𝑐 + ℒ𝑐
𝑟𝑒𝑐

(8)

where 𝛼, 𝛽 and 𝜆𝑟𝑒𝑐 are the hyper-parameters. Our goal is to
optimize 𝐺 and 𝐷 by minimizing ℒ𝐷 and ℒ𝐺 respectively.

4 EXPERIMENTAL SETUP
We implement our proposed learning framework with the
following considerations.

Improving the GAN Training. The training process of
generative adversarial network is generally difficult. In order
to stabilize the training process and generate higher quality
images, we replace Eq. (1) with Wasserstein GAN objective
with the gradient penalty [1, 10] defined as:

ℒ𝑎𝑑𝑣 =E𝑥[𝐷𝑠𝑟𝑐(𝑥)]− E𝑥,𝑠,𝑧 [𝐷𝑠𝑟𝑐(𝐺(𝐸𝑐(𝑥), 𝑠, 𝑧))]

− 𝜆𝑔𝑝 E𝑥̂[(‖▽𝑥̂𝐷𝑠𝑟𝑐(𝑥̂)‖2 − 1)2]
(9)

where 𝑥̂ is point sampled along straight lines between points in
the faked image distribution and the real image distribution,
𝑠 is the style code and 𝑧 is the target domain label. The
training process of WGAN-GP relies on hyper-parameters
𝜆𝑔𝑝 heavily, we adopt an adaptive weighting scheme [5] for
WGAN-GP to facilitate the training process.

Training setting. Our model consists of content encoder
𝐸𝑐, style encoder 𝐸𝑠, multilayer perceptron 𝑀 , generator
𝐺 and discriminator 𝐷. The content encoder 𝐸𝑐contains 3
convolutional layers and 4 residual blocks. Each convolutional
layer uses 4 × 4 filters with stride 2, except that the first
convolutional layer uses 7 × 7 filters with stride 1. Each
residual block includes two convolution layers with 3×3 filters
and stride 1. The style encoder consists of 5 convolutional
layers, a global pooling layer and a fully connected layer with
8 units. Except that the first convolutional layer uses 7× 7
filters with stride 1, the rest of convolutional layers use 4× 4
filters with stride 2. M consists of three fully connected layers
with 256, 256 and 4096 units. The generator is composed of
4 residual blocks and two 2× 2 nearest-neighbor upsampling
layers followed by a 5 × 5 convolutional layer and stride 1.
Each residual block includes two convolution layers with
3× 3 filters and stride 1. The discriminator is adapted from
PatchGAN [12] which includes 6 convolutional layers with
4 × 4 filters and stride 2, a convolutional layer with 1x1
filters and stride 1 and a convolutional layer with 4 × 4
filters and stride 1. The last two convolutional layers are
used to calculate the adversarial loss and classification loss
respectively. We apply Instance Normalization (IN) [12] to
the content encoder and Adaptive Instance Normalization
(AdaIN) [12] to the generator. We use ReLU activations
in the generator and Leaky ReLU with slope 0.2 in the
discriminator.

We implement our model with PyTorch [21]. We initial-
ize the weights of Encoders and Decoders according to the
Kaiming normal distribution, and initialize the weights of

Table 1: Grouped Domain of BDD100K. We divide the

datatset into four domains according to the weather style

sunny, night, cloudy and rainy. We also count the number
and labels of each domain.

Dim Weather Style Total Domain Labels
1 Night 22884 Clear weather, Night time
2 Sunny 12451 Clear weather, Day time
3 Cloudy 4262 Cloudy weather, Day time
4 Rainy 2521 Rainy weather, Day time

Table 2: Inception Score(IS) (higher, better) on INIT

Dataset.

Method Night Cloudy Rainy Average

MUNIT 1.03 1.46 1.26 1.25
DRIT++ 1.15 1.26 1.34 1.25
INIT 1.35 1.29 1.44 1.36

HomoInterpGAN 1.07 1.06 1.06 1.06
StarGAN 1.66 1.29 1.44 1.47

Ours w/ ℒ𝑐𝑔𝑐 1.70 1.65 1.52 1.62
Ours w/o ℒ𝑐𝑔𝑐 1.62 1.26 1.16 1.35

discriminator with a Gaussian distribution. We optimize the
model using Adam [20] with batch size 2 for both INIT and
BDD100k datasets. The learning rate is set to 0.0001, and
is decreased by a half for each 100,000 iterations. In all the
experiments, we use the following hyper-parameters: 𝛼 = 1,
𝛽 = 1, 𝜆𝑟𝑒𝑐 = 10.

4.1 Datasets
We take INIT dataset to evaluate our models. In order to
verify the generality of our method, we rebuild BDD100K
dataset to perform image-to-image translation tasks.

INIT Dataset [24]. It contains two resolutions, 1280×
1920 and 3000×4000. Due to the limitations of GPU memory
and the long running time, we only use 1280×1920 resolution
ones to form a set of 38836 images for training and 7434 for
testing. The weather domains include sunny, night, cloudy
and rainy (overcast weather with wet road). we further divide
the datatset into four domains according to the weather
style sunny, night, cloudy and rainy. Our rebuilt dataset is
composed of 35548 images for training and 6570 images for
testing.

BDD100K Dataset [28]. It consists of 100K images with
labels. As shown in Table 1, we further divide the datatset
into four domains according to the weather style sunny, night,
cloudy and rainy. Our rebuilt dataset is composed of 35548
images for training and 6570 images for testing. we further
divide the datatset into four domains according to the weather
style sunny, night, cloudy and rainy. Our rebuilt dataset is
composed of 35548 images for training and 6570 images for
testing. We further divide the datatset into four domains
according to the weather style sunny, night, cloudy and rainy.

4.2 Evaluation Metrics
To validate our approach, we consider the following three
metrics.

Inception Scors (IS).We use the Inception Score (IS) [23]
to evaluate the diversity of generated images. A higher incep-
tion score means the generated images have higher diversity.
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Table 3: FID (lower, better) on INIT Dataset.

Method Night Cloudy Rainy Average

MUNIT 101.09 30.76 62.26 64.70
DRIT++ 112.92 25.75 54.30 64.32
INIT 91.87 49.20 59.10 66.72

HomoInterpGAN 111.37 60.09 98.61 90.02
StarGAN 100.71 15.81 52.66 56.39

Ours w/ ℒ𝑐𝑔𝑐 76.34 14.26 47.43 46.01
Ours w/o ℒ𝑐𝑔𝑐 93.87 18.10 52.75 54.91

Table 4: Inception Score(IS) (higher, better) on BD-
D100K Dataset.

Method Night Cloudy Rainy Average

MUNIT 1.22 1.34 1.12 1.23
DRIT++ 1.14 1.14 1.14 1.14
INIT 1.16 1.27 1.20 1.21

HomoInterpGAN 1.01 1.01 1.01 1.01
StarGAN 1.17 1.15 1.25 1.19

Ours w/ ℒ𝑐𝑔𝑐 1.50 1.32 1.26 1.36
Ours w/o ℒ𝑐𝑔𝑐 1.43 1.22 1.11 1.25

Table 5: FID (lower, better) on BDD100K Dataset.

Method Night Cloudy Rainy Average

MUNIT 59.98 48.93 81.56 63.49
DRIT++ 103.19 48.60 50.31 67.37
INIT 43.63 119.20 52.84 71.89

HomoInterpGAN 123.58 65.99 76.91 88.83
StarGAN 73.90 41.19 54.52 56.54

Ours w/ ℒ𝑐𝑔𝑐 40.14 34.53 34.05 36.24
Ours w/o ℒ𝑐𝑔𝑐 48.89 44.95 68.93 54.26

We fine-tune our Inception-V3 model on four domain labels
of our INIT dataset and BDD100K dataset, and follow MU-
NIT using 100 input images and 100 samples per input to
calculate inception scores.

Learned Perceptual Image Patch Similarity (LPIP-
S). In order to measure the diversity of translation, we calcu-
late the Learned Perceptual Image Patch Similarity (LPIP-
S) [29], which has been demonstrated to correlate well with
human perceptual similarity. In our setting, we randomly
select 19 pairs of translation outputs via different random
style codes from 100 input images of our test set, which
amounts to 1900 pairs in total according to [12]. We also use
the ImageNet-pretrained AlexNet [14] to extract features. If
the generator has more diversity, the LPIPS value will be
large.

The Frechet Inception Distance (FID). The Frechet
Inception Distance (FID) [11] has become an important met-
ric to evaluate the quality of images translated with the
generative adversarial models. The real image dataset and
generated image dataset are mapped into a feature space
by the pre-trained InceptionV3 [25] model to calculate the
distance at the feature level.

Table 6: Model size of baselines and our method on INIT

and BDD100K dataset.

Method Model Size

MUNIT 179MB × 4
DRIT++ 620MB
INIT 179MB × 4

HomoInterpGAN 220MB
StarGAN 205MB

Ours 119MB

5 EXPERIMENTAL RESULTS
First, we introduce several baseline approaches for image-
to-image translation task. Then, we evaluate the model on
INIT and BDD100K datasets. Finally, we compare our model
with baselines case by case. In addition, we also analyze
the performance of image translation on the instance level
and verify our model’s ability to disentangle global style and
instance style codes.

5.1 Baselines
We adopt MUNIT [12] and INIT [24], two recent methods
proposed for image translation between two domains, as
our baseline models. To apply them for image translation
over 𝑁 domains, we train these two models for every pair
of domains. We also compare our model with multi-domain
translation methods StarGAN [7], HomoInterpGAN [4] and
DRIT++ [16].

MUNIT [12]. This method disentangles image represen-
tation into content codes and style codes. It combines random
style codes sampled from style codes with content codes to
perform unpaired multimodal image translation. MUNIT also
swaps content-style pairs to perform latent reconstruction.

INIT [24]. INIT performs image translation between t-
wo domains by transferring styles of global images and its
corresponding instance area. INIT requires an encoder and
decoder for each domain and uses cyclic reconstruction by
associating the style codes of pairs of instances and global
images.

StarGAN [7]. For multi-domain translation, StarGAN
only needs a single model and target domain labels to perform
𝑁−domains𝑁 ≥ 2 image translation task. StarGAN can also
perform multiple datasets with different domains by using
mask vectors.

HomoInterpGAN [4]. HomoInterpGAN performs un-
paired multi-domain multi-modal image translation by ho-
momorphic latent space interpolation. It can generate inter-
mediate images between two domains by selecting the paths
properly.

DRIT++ [16]. DRIT++ is a multi-domain version of
DRIT. The main idea of DRIT is to divide the latent space
into content codes and attribute codes which is similar to
MUNIT. DRIT++ uses domain labels for multi-domain train-
ing. The discriminator will perform domain classification, in
addition to determining the generated image is real or fake.

5.2 Results

Qualitative evaluation. Fig. 3 shows the weather transfer
results on INIT dataset and BDD100K dataset. As shown in
Fig. 3, the generated cloudy image of StarGAN is almost the
same with the input. Paying special attention to instances
in the images, our model can better learn the important
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Figure 3: Multi-domain Image-to-Image translation re-

sults of our method compared with StarGAN. The gen-

erated images of StarGAN suffer from only transferring
global style, while ours overcome this problem and make

the generated images more natural and indistinguishable

from the real images.

Figure 4: The multi-modal results of our method on

INIT dataset. The top-left is the input image and oth-
ers are the generated output images by using randomly

sampled style codes.

features to flexibly generate images for different style transla-
tion. Fig. 4 shows the multi-modal results on sunny to night
translation task.

Quantitative evaluation. The quantitative evaluation
results of INIT dataset are in Table 2, Table 3 and Table 7,
and the results of BDD100K dataset are in Table 4, Table 5
and Table 8, respectively. “w/ ℒ𝑐𝑔𝑐” and “w/o ℒ𝑐𝑔𝑐” denote
that we train our model with and without considering the
cross-granularity consistency loss respectively. For IS, our
method achieve higher average scores for three different tasks
on both datasets, which proves that the generated images
of our method are more diverse and photorealism. For FID
scores, our method is significantly lower than baselines on
both two datasets indicating that images generated by ours
are more similar to the real target domain images. For LPIPS,
our model without CGC loss surpasses others and model with
CGC loss is slightly lower than the best baseline method.
CGC loss makes FID scores higher and LPIPS lower which

Figure 5: Impact of considering the proposed cross-

granularity consistency loss. First row: input sunny im-
ages. Second and third rows: input images are translated

from sunny to the night images using our method with-

out and with considering the cross-granularity consisten-
cy loss respectively.

Figure 6: Qualitative results of our methods compared
with StarGAN on instance level Day to Night translation.

The first row is the input objecs. The second and third

rows is translated object images from StarGAN and ours
respectively.

indicates CGC loss improves the quality of generated images
at the cost of possibly resulting in a decrease in the diversity
of generated images. Table 6 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.

Ablation Studies. We perform ablation studies to assess
the effectiveness of the visual generation mechanism. We
evaluate the performance of our approach with and without
the proposed cross-granularity consistency loss. As shown in
Table 2 and Table 4, the average inception scores are improved
by 20.5% on INIT dataset and 8.5% on BDD100K dataset
thanks to our consideration of cross-granularity consistency
loss ℒ𝑐𝑔𝑐. Table 3 and Table 5 show the
cross-granularity consistency loss ℒ𝑐𝑔𝑐 brings our model FID
score improvement of 16.2% on INIT dataset and 33.2% on B-
DD100K dataset. In the qualitative evaluations of Fig. 5, both
the global night images and instance night images generated
by our model are more realistic and natural, which verifies the
effectiveness of incorporating our proposed cross-granularity
consistency loss.
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Table 7: LPIPS (higher, better) on INIT Dataset.

Method Night Cloudy Rainy Average

MUNIT 0.25 0.21 0.14 0.20
DRIT++ 0.06 0.05 0.05 0.05
INIT 0.28 0.27 0.12 0.22

HomoInterpGAN 0.09 0.09 0.10 0.09
StarGAN 0.07 0.02 0.04 0.04

Ours w/ ℒ𝑐𝑔𝑐 0.31 0.19 0.18 0.23
Ours w/o ℒ𝑐𝑔𝑐 0.39 0.26 0.23 0.29

Table 8: LPIPS (higher, better) on BDD100k Dataset.

Method Night Cloudy Rainy Average

MUNIT 0.30 0.19 0.28 0.26
DRIT++ 0.06 0.05 0.05 0.05
INIT 0.25 0.27 0.13 0.21

HomoInterpGAN 0.18 0.21 0.27 0.22
StarGAN 0.17 0.29 0.06 0.17

Ours w/ ℒ𝑐𝑔𝑐 0.26 0.23 0.22 0.24
Ours w/o ℒ𝑐𝑔𝑐 0.33 0.23 0.26 0.27

5.3 Analysis

Day→ Night Instance-level Comparison. We compare
our model with StarGAN on the instance-level in Fig. 6.
We find that our model can generate more diverse instance
and more details. It appears that StarGAN just changes the
lightness of instance and fails to change the style of instances.

Qualitative Comparison. We compare the results of
multi-domain image translation for the same input image
case by case using the BDD100K dataset as shown in Fig. 7.
Since the data distribution of BDD100K is very complex,
some baselines such as MUNIT, INIT will fail to perform
image translation. They may bring small artifacts around
the object area. The other multi-domain baselines such as
DRIT ++, HGAN and StarGAN may fall into mode collapse.
Obviously, our proposed method is more realistic.

Disentangle the global and instance style. We fol-
low [24] which randomly sample 100 images and instances
in the test set of each domain and use t-SNE tools [19] to
visualize global and instance style codes in multiple domains
to verify that the global and instance style are distinguish-
able enough to disentangle. The results are shown in Fig. 8.
There is a remarkable margin (In this paper, the margin
means the distance between the local and global features)
between global and instance style codes extracted from the
same domain images and instances, which demonstrates the
effectiveness of our model.

6 CONCLUSION
In this paper, we propose a cross-granularity learning model
that can enable more effective multi-domain image-to-image
translation. Besides, the detailed procedures to incorporate
the instance features into the learning have been provided.
To guide the learning of relationship between the image style
and the instance style, we present the cross-granularity consis-
tency. Extensive experimental analysis on some multi-domain
image-to-image translation datasets show the competing re-
sults compared with state-of-the-art approaches.
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Figure 7: Case-by-case multi-domain image translation
comparison on BDD100K dataset. For each method we

present multi-domain outputs for the same input.

Figure 8: T-SNE tools [19] are used to visualize global

and instance features in the two-dimensional space. Each
high-dimensional data point is given a location on a two-

dimensional map. (a) The style codes extracted by our
model on INIT dataset. (b) The style codes extracted by

our model on BDD100K dataset.
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