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ABSTRACT Numerous methods for style transfer have been developed using unsupervised learning and
gained impressive results. However, optimal style transfer cannot be conducted from a global fashion in
certain style domains, mainly when a single target-style domain contains semantic objects that have their own
distinct and unique styles, e.g., those objects in the anime-style domain. Previous methods are incongruent
because the unsupervised learning can not provide the semantic mappings between the multi-style objects
according to their unique styles. Thus, in this paper, we propose a pseudo-supervised learning framework
for the semantic multi-style transfer (SMST), which consists of (i) a pseudo ground truth (pGT) generation
phase and (ii) a SMST learning phase. In the pGT generation phase, multiple semantic objects of the photo
images are separately transferred to the target-domain object styles in an object-oriented fashion. Then the
transferred objects are composed back to an image, which is the pGT. In the SMST learning phase, a SMST
network (SMSTnet) is trained with the pairs of the photo images and its respective pGT in a supervised
manner. From this, our framework can provide the semantic mappings of multi-style objects. Moreover,
to embrace the multi-styles of various objects into a single generator, we design the SMSTnet with channel
attentions in conjunction with a discriminator dedicated to our pseudo-supervised learning. Our method has
been applied and intensively tested for anime-style transfer learning. The experimental results demonstrate
the effectiveness of our method and show its superiority compared to the state-of-the-art methods.

INDEX TERMS Style transfer, image-to-image translation, generative adversarial networks.

I. INTRODUCTION
For the task of stylizing images from one domain to another,
unsupervised learning is often used to train the networks
toward generating the images of target-domain styles. Previ-
ous unsupervised learning methods [1], [3]–[6] mostly using
Generative Adversarial Networks (GAN) [7], achieved suc-
cessful performances in style transfer problems where the
target style domains often have common global features. For
example with photo to art painting transfer, unsupervised
learning networks are trained to learn the common global
features (brush stroke texture) of the target style domain (art
painting) from a large image set (e.g., Vincent van Gogh’s
paintings). Since objects in paintings all share a common
brush stroke texture, the unsupervised learning framework
is able to learn the global brush stroke texture successfully.
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However, it often fails when the target style domain contains
semantic objects that have their own distinct and unique
styles, e.g., the anime style domain. We refer to the style
transfer problem where the target style domain contains mul-
tiple style objects as the ‘object-to-object multi-style transfer’
problem. The object-to-object multi-style transfer problem
has not been considered in the previous style transfer stud-
ies where the objects in the target style domain are often
assumed to have coherent style characteristics. To the best
of our knowledge, our work is the first to define the ‘object-
to-object multi-style transfer problem’ where various objects
in a target style domain have their respective unique style
characteristics. Fig. 1 shows the results of style transfer
learning for various methods. As shown in Fig. 1, the pre-
vious unsupervised learning methods [1], [2] generate poorly
style-transferred results for the anime style domain. This is
due to the fact that unsupervised learning can not provide
the semantic mappings for the multi-style objects from real
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FIGURE 1. (a) Real-world input photo and patches of semantic objects. Results of (b) CycleGAN [1], (c) CartoonGAN [2], and (d) our method. (e) A
sample image from the anime “Non Non Biyori the movie: Vacation”, which is the target anime style. As shown in the four patches, various objects in
anime have their own unique style.

photo domain to anime-style domain. The rough and global
learning of the unsupervised learning frameworkmixes up the
different object styles in the feature space. Also, the archi-
tectures of their generators are insufficient in embracing the
multiple object styles within their single networks. In order
to overcome these limitations, we propose a new learning
framework, called pseudo-supervised learning, that provides
the semantic connections between the objects of the two style
domain in the image space. Also, we propose a new generator
network and a new discriminator learning method that can
embrace the multiple object styles within a single network.
It is noted in Fig. 1-(d) that our semantic multi-style transfer
network can faithfully generate stylized objects accordingly
for anime-style domain. The contributions of our work are
summarized as follows:
• Our proposed pseudo-supervised learning framework is

the first work that can elaborately handle the object-
to-object multi-style transfer problem. A novel idea of
utilizing pseudo ground truths is used to provide the
semantic mappings of the multiple styles that are con-
tained in one target-style domain. Also, three loss func-
tions are carefully balanced to achieve optimal stylized
results.

• We propose a generator network called semantic
multi-style transfer network (SMSTnet), which can
embrace various styles of distinct characteristics for
different objects in the target style domain. The SMST-
net is a U-Net [8] based generator incorporating three
effective processing blocks: densely-connected channel
attention block (DCCAB), down-scaling channel atten-
tion block (DSCAB), and up-scaling channel attention
block (USCAB). The DCCAB is placed in each spatial
resolution level of the U-Net, while the DSCAB and
USCAB substitute the max-pooling and the transpose

convolution layers. These channel attentions benefit in
generating fine details of various object styles.

• Inspired by [9], we propose a new training method for
the discriminator in our proposed pseudo-supervised
learning framework. When training the discriminator,
we utilize not only the pairs of the whole pseudo ground
truths and real photo images but also the images with
mixed real photo object regions and the pGT object
regions. This helps the discriminator locally discern styl-
ized and non-stylized image regions, leading the SMST-
net to generate more locally faithful target object styles.

II. RELATED WORK
A. STYLE TRANSFER
Style transfer methods can be divided into two groups, neural
style transfer, and GAN-based style transfer. Neural style
transfer methods [10]–[16] require a single reference style
image where the network transfers the content image similar
to the reference image while preserving the original con-
text. GAN-based style transfer methods [1], [2], [17]–[21]
learn the overall domain characteristics and transfer the input
image to that domain without a particular reference style
image. Since it is time-consuming to find a reference style
image for every input image, GAN-based style transfer meth-
ods are often preferred when there is a specific target-style
domain that the model wants to learn. Since there is no
paired data for this problem, the previous works all use an
unsupervised learning framework.

B. SEMANTIC MULTI-STYLE TRANSFER
An example domain of the object-to-object multi-style trans-
fer is the anime style domain. Objects in anime have their
own unique styles, as shown in Fig. 1-(e). Chen et al. [2]
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first proposed a GAN-based anime-style transfer model with
a dedicated loss function for anime. However, despite the
dedicated loss function, Fig. 1-(c) shows that the unsuper-
vised learning framework and the simple network architec-
ture are insufficient in learning the multiple styles of anime
objects.

Works that focused on semantic-wise style transfers
[22]–[28] aim to stylize multiple image regions to com-
pletely different target style domains, that is, the number
of target style domains are more than one. Moreover, these
works require a segmentation mask in inference time, where
they simply transfer different styles to different regions
by masking them with the segmentation mask. However,
generating precise segmentation maps for every inference
image is very time consuming and may lead to unnatu-
ral seams, limiting the performance of the models. On the
other hand, our proposed pseudo-supervised learning frame-
work does not require segmentation maps in inference time,
and the generator can successfully transfer the real-world
objects to the corresponding semantic anime object styles
in an end-to-end manner. That is, our network internally
learns the semantic-wise style transfers without any external
information.

C. NETWORK ARCHITECTURE
Most style transfer networks adopt the encoder-decoder
architecture of the U-Net [8] as their generator architecture.
The generator of the CartoonGAN [2] adopts the U-Net [8]
architecture except for skip connections and adds 8 residual
blocks between the encoder part and the decoder part. The
discriminator of the CartoonGAN adopts the basic idea of
the PatchGAN [29]. Reference [30] proposed RCA-U-Net
(Residual Channel Attention U-Net), which is a U-Net where
a single residual channel attention (RCA) block is placed
between the spatial resolution transfer stages. For the object-
to-object multi-style transfer problem, channel attention can
give attention to the specific channels that are responsible for
the stylization of the corresponding object style, benefiting
the stylization results.

D. LEARNING FRAMEWORK
Note that the motivation of our proposed pseudo-supervised
learning is conceptually different from the weakly supervised
learning methods [31]–[35]. Weakly supervised learning
methods are mostly used in object detection where manually
annotated labels are heavily required and costly. These works
substitute one of the manually annotated labels (object class
labeling or segmentation mask) with a module-generated
pseudo label to reduce the cost of full annotation. On the
other hand, in style transfer, the problem is that the training
datasets are unorganized so that labels do not exist. This leads
to unsatisfying results where unique style characteristics are
mixed and are thus lost. To provide semantic mappings
to the entangled feature space with no label, we propose
pseudo-supervised learning.

III. PSEUDO-SUPERVISED LEARNING FRAMEWORK
The object-to-object multi-style transfer problem aims to
stylize various semantic objects of their own distinct styles.
However, unsupervised learning is only capable of learning
the global features of the target style domain. Thus, the unique
styles of various semantic objects in the target style domain
are entangled in the feature space.

The main idea of our approach is to incorporate the mul-
tiple object styles in a mutually exclusive manner. That is,
we aim to disentangle the multiple object styles and guide the
network to properly map the corresponding semantic objects
between two different style domains. For this, our proposed
pseudo-supervised learning framework utilizes the pseudo
ground truth to provide the pixel-wise mapping between the
semantic objects in the image space. Thus, the generator
internally learns the semantic style information without any
external data, such as a segmentation map, in inference time.
Moreover, the generator architectures of the previous GAN
models [2], [29] are insufficient in embracing the details of
the multiple object styles. Our proposed pseudo-supervised
learning framework incorporates three loss terms to provide
the semantic mapping between the objects of different style
domain with a new generator network (SMSTnet) and a new
trainingmethod for the discriminator so that the SMSTnet can
embrace the multiple styles of the target style domain objects.

A. FRAMEWORK
Fig. 2 shows the overall pipeline of our proposed
pseudo-supervised learning framework. It consists of
pseudo ground truth (pGT) generation phase and semantic
multi-style transfer learning phase.

In the pGT generation phase, pseudo ground truths (pGTs)
are generated to constitute the pairs of ground truths and real
photo images. The pGT for a real photo image is a stylized
image whose objects are separately stylized by their corre-
sponding unsupervised single-style transfer module (Cycle-
GAN [1] etc.). The number of single-styled transfer modules
is the same as the number of semantics. For our experiment,
we divided the semantics into 5 classes according to distinct
style characteristics as an example. The 5 classes are sky, tree,
grass, water, and the remaining miscellaneous anime objects
(MAO). The photo and animation images are segmented
manually according to the 5 semantic classes. We used a
total of 5 networks where each network corresponds to a
dedicated semantic. It should be noted that such five objects
are known to be representative objects that have unique style
in anime. So, we considered the five object semantics as an
example to show the effectiveness of our proposed object-
to-object multi-style transfer framework. Note that the seg-
mentation maps are only required in the pGT generation
phase, where each style transfer module is delicately trained
with its corresponding objects for the target style learning.
The style of the anime sky segments and the anime grass
segments are stylized via the CycleGAN [1] architecture.
We experimentally found that for the anime tree segments
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FIGURE 2. The conceptual pipeline of our proposed pseudo-supervised learning. (a) pGT generation phase, where the pseudo ground truths are
generated. (b) SMST learning phase, where the SMSTnet is trained with the pseudo ground truths. (c) In inference time, the SMSTnet stylizes the input
image in an end-to-end manner. No segmentation maps are required.

and the water segments, the CartoonGAN [2] architecture
produces better stylized results. The MAO class includes
all the remaining objects except the sky, tree, grass, and
water. These objects share common characteristics, which
are often (i) smooth texture, (ii) bright color, and (iii) highly
saturated color. We model these three characteristics by the
MAO module that consists of the three sequent processors:
(i) an image smoothing processor, (ii) a brightness scaler,
and (iii) a saturation booster of the smoothed image. That is,
the MAO module is not a trainable network but a predefined
processing module. Note that the single style transfer mod-
ules can be implemented using any advanced style transfer
network. The designs chosen in this paper is an example to
verify our object-to-object multi-style transfer framework for
a single target style domain. The style-transferred objects for
a real photo image are composed into a pGT in a divide-
and-conquer manner. By doing so, the pGTs contain very
well stylized objects since the unsupervised style transfer
method performs very well in style transfer for a single
dedicated style, as mentioned in Section I. However, due
to the divide-and-conquer strategy which incorporates seg-
mentation maps, there are inevitable artifacts like unnatural
seams along the object boundaries and minor object deletion
in the pseudo ground truth images. This is why the generated
pairs are called ‘pseudo’ ground truths. Moreover, the divide-
and-conquer strategy is very naive and time-consuming. Our
objective of the semantic multi-style transfer (SMST) learn-
ing phase is to distill the knowledge of individual small net-
works for different style objects by designing an end-to-end
trainable generator, which is the SMSTnet.

In the semantic multi-style transfer (SMST) learning
phase, the SMSTnet is trained in a supervisedmanner with the
pseudo ground truths generated in the pGT generation phase.
Note that this is different from the Pix2pix [29] algorithm,
where they train a conditional GAN to regress a ground truth
target. Since ‘pseudo’ ground truths contain inevitable arti-
facts, we incorporate three simple but effective loss functions:
an adversarial loss, a pixel loss, and a content loss.

Let Sx be the set of the real-world photos and Sd be the
set of images that are used to train the discriminator D.
The specific training method for the discriminator will be
explained in Section III-C. The pseudo ground truth pi is
generated for the corresponding input photo xi. G(xi) refers
to the output of our SMSTnet G. di refers to an image from
the set of images that are used to train the discriminator D.
Firstly, the adversarial loss Ladv is defined as:

Ladv(G,D) = Edi∼Sd [logD(di)]
+Exi∼Sx [log(1− D(G(xi)))] (1)

The adversarial loss trains the generator to learn the global
features of the target style domain. To provide the supervision
to local details of the multiple object styles, the pixel loss
Lpixel is computed between the output G(xi) and its pseudo
ground truth pair pi and is defined as:

Lpixel(G) = Exi∼Sx [(G(xi)− pi)
2] (2)

As shown in Fig. 2, the red boxes indicate patches from
different semantic objects which have their own unique style.
That is, by using the pseudo ground truths as pixel-wise

VOLUME 9, 2021 7933



S. Kim et al.: Pseudo-Supervised Learning for SMST

FIGURE 3. Network architectures of our generator and discriminator.

regression targets, our SMSTnet can directly learn the con-
nection between real-world objects and their corresponding
anime object styles in the image space. However, as we
mentioned above, the pseudo ground truths contain inevitable
artifacts due to the recombining of individual segments in the
pGT generation phase. The main two artifacts are unnatural
seams and minor object deletion. With only the pixel loss,
the SMSTnet will learn the artifacts as it is and generates
them in the results. Thus, we use the content loss [2] Lcon to
somewhat restrict the SMSTNet from distorting the original
context of the input photo. The content loss is defined as:

Lcon(G) = Exi∼S(x)[‖VGGl(G(xi))− VGGl(xi)‖1] (3)

where VGGl refers to the pre-trained VGG-19 [39] feature
maps in the layer l = (conv4_4). Note that we adopt the
L1 sparse regularization of VGG feature maps, which is

known to focus on preserving the high-level structures of the
original image and relatively ignoring the low-level differ-
ences [2].

As a result, the total loss is defined as:

L = Ladv + λLpixel + ωLcon (4)

where the hyperparameters are empirically set to λ = 10 and
ω = 5. A good balance leads to an optimal point where
the Lcon prevents the SMSTnet from generating artifacts
from the pseudo ground truths, while the Ladv and Lpixel
stylizes the real-world objects to their corresponding target
object style where the different object styles are disentan-
gled in the feature space. In summary, the objective of the
semantic multi-style transfer learning phase of our proposed
pseudo-supervised learning is to train a single generator net-
work that can fully transfer the multiple anime object styles
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FIGURE 4. (a) Input photo. Results of (b) CycleGAN [1], (c) DiscoGAN [21], (d) DualGAN [20], (e) MUNIT [36], (f) CartoonGAN [2], (g) U-GAT-IT [37],
(h) GANILLA [38], and (i) our method. (j) Real anime sample from the target anime for visual comparison.

with precise detail, while avoiding the inevitable artifacts of
the pseudo ground truths.

B. SMSTnet ARCHITECTURE
We propose a new generator network called semantic
multi-style transfer network (SMSTnet), as shown in Fig. 3.
The SMSTnet is based on the RCA-U-Net [30] architec-
ture, where we implement our proposed three modules,
Densely-Connected Channel Attention Block (DCCAB),
Down-Scaling Channel Attention Block (DSCAB), and
Up-Scaling Channel Attention Block (USCAB). The con-
volution kernels of the generator are trained to learn the
mappings between each patch feature and its corresponding
target style. Since every convolution kernel slides through the
entire input image, the different semantic features of different
objects will be stored in the channels of the feature maps.

Therefore, the channel attentions in the SMSTnet benefit in
generating fine details of various object styles.

The DCCAB is a module where two Residual Channel
Attention Blocks (RCAB) [30] are densely connected. The
DCCAB is placed on every level of the SMSTnet. The
DSCAB and the USCAB substitute the max pooling and
the transpose convolution of the RCA-U-Net architecture,
respectively. That is, the two blocks perform channel atten-
tion when reducing and enlarging the spatial resolution of
the features. From this, the dense features of each level can
be adequately processed during the feature resolution change
and sent to the next DCCAB block.

C. DISCRIMINATOR TRAINING
Inspired by [9], we propose a new training method for
the discriminator, which is dedicated to our proposed
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FIGURE 5. (a) Input photo. Results of (b) CycleGAN [1], (c) DiscoGAN [21], (d) DualGAN [20], (e) MUNIT [36], (f) CartoonGAN [2], (g) U-GAT-IT [37],
(h) GANILLA [38], and (i) our method. (j) Real anime sample from the target anime for visual comparison.

pseudo-supervised learning framework by utilizing the
pseudo ground truth pairs created in the pGT generation
phase. The discriminator is trainedwith three types of images.
The pseudo ground truths, the output of the generator, and
images that are created by randomly substituting some of
the segments in the real-world photo to the corresponding
segments taken from the pseudo ground truth pair, e.g.,
an image containing real-world photo sky and anime-stylized
trees (Fig. 3). For the mixed-segment images, a segmentation
mask that indicates the photo regions and anime regions
are given as supervision. Thus, the discriminator performs
semantic segmentation in which it discriminates regions that
are properly stylized enough as real and the regions that are
not yet stylized enough as fake, instead of only discriminating
the entire input image to real or fake. From this, the SMST-
net is adversarially trained to be aware of local false-styled
segments and generate locally precise anime-styled images.
We adopt the first 10 layers of the VGG-19 [39] architecture.
Note that the discriminator is not responsible for preventing
inevitable artifacts, whereas the content loss handles this
point. It is known that the discriminator helps the generator
generate more detailed low-level features of the target style
(mostly color) [29]. Thus, the discriminator does not have to
see a natural boundary.

IV. EXPERIMENTS
A. IMPLEMENTATION DETAILS
To perform style transfer for a specific target anime style,
a set of real-world photos and a set of anime images drawn
by a certain artist is required. We used the anime object
styles in the animation series ‘‘Non Non Biyori’’ drawn by
the artist ‘‘Atto’’ as the target style and manually selected
1,434 screen-shot images. We augmented the data by crop-
ping into four sub-images, resulting in 7,170 anime images
for our anime dataset. We used a total of 9,646 images from
the ADE20K dataset [40], as the real-world photo dataset,
where the segmentation map is provided. The animation
images are also segmented manually according to the same
semantic classes of the photo images. The previous mod-
els [1], [2], [20], [21], [36]–[38] were retrained with these
datasets for fair comparisons. All images were resized to
256× 256 for training.
The time taken in training is as follows. For our method,

the GANs in the pGT generation phase each take 12000 sec
(= 200 epochs × 60 sec/epoch), totaling 48,000 sec
(= 12000 sec × 4 GAN). SMST learning phase takes
7,400 sec (= 5 epochs × 1480 sec/epoch). So, the total
training time is 55,400 sec. The CartoonGAN [2] takes
188,000 sec (= 200 epochs × 940 sec/epoch). The number
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FIGURE 6. (a) Input photo. Results of (b) CycleGAN [1], (c) DiscoGAN [21], (d) DualGAN [20], (e) MUNIT [36], (f) CartoonGAN [2], (g) U-GAT-IT [37],
(h) GANILLA [38], and (i) our method. (j) Real anime sample from the target anime for visual comparison.

of parameters of the SMSTnet (11M) is close to the
number of parameters of the CartoonGAN (11M). As a
consequence, our SMSTnet takes less training time
than the CartoonGAN that takes about 3 times longer
time.

B. QUALITATIVE RESULTS
Fig. 4 through Fig. 7 compares the qualitative results of
our method with the CycleGAN [1], DiscoGAN [21], Dual-
GAN [20], MUNIT [36], CartoonGAN [2], U-GAT-IT [37],
and GANILLA [38]. It can be seen by comparing the results
object-by-object that our method produces the best results
with the fine details of the target anime object styles. For
example, as shown in Fig. 4, the specific texture of the tree
in the target style is finely generated in the stylized result,
while the previous methods failed to transfer the texture of

the tree in the original photo to the target domain style. Also,
our method faithfully generates the colors of the sky and
grass in the stylized images that highly resemble those in
the target style domain. However, the sky and grass in the
stylized images of the previous methods lack in the color
saturation of the sky and grass of the target style domain and
often contain dirty color in various objects. One of the main
reasons for this poor performance is that the unsupervised
learning framework entangles the distinct styles of multiple
objects in the target style domain. Since their generators are
not capable of transferring various semantic objects accord-
ing to their own distinct styles, the various features of the
semantic objects are mixed in the feature space, resulting
in dirty colors. Also, because the generators of the previous
methods fail to learn the dedicated mapping between the tree
in the real photo images and that in the target style images,
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FIGURE 7. (a) Input photo. Results of (b) CycleGAN [1], (c) DiscoGAN [21], (d) DualGAN [20], (e) MUNIT [36], (f) CartoonGAN [2], (g) U-GAT-IT [37],
(h) GANILLA [38], and (i) our method. (j) Real anime sample from the target anime for visual comparison.

the unique texture of the tree in the target style domain is
lost in the resulting outputs. The qualitative results show
that our proposed pseudo-supervised learning framework can
allow for learning the dedicated mapping through which the
style details of various semantic objects can be effectively
generated.

C. QUANTITATIVE EVALUATION
We perform user studies with 8 anime experts (employ-
ees who work in the anime industry) and 126 ordi-
nary viewers. We give the experimenters five groups of
images. Each group consists of a real-world photo and the
anime-styled images generated by the CycleGAN [1], Car-
toonGAN [2], and our method. The test is based on the DSIS
(Double-Stimulus Impairment Scale) test, which is one of
the standard subjective evaluation methods recommended by

ITU-R BT.500 [41]. Under the DSIS test, the subjects are
supposed to rate the scores between 1 and 5 (1 and 10 in
our case) on the impaired image (an anime-stylized image
in our case) in comparison with a presented original image
(a real anime scene in our case). The highest score (10 in
our case) means ‘no visual difference’ between them. In our
case, the subjects are asked to rate how much similar the
anime-stylized images are to the real anime drawn by the
artist ‘‘Atto’’.

We also compute the user preference score by counting the
number of times the model got the highest quality score for a
group (including joint first place). The quality scores and the
user preference scores are averaged and shown in Table 1.
We can see that our method outperforms the previous meth-
ods in quality score and is highly preferred for both experts
and non-experts.
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FIGURE 8. Ablation studies. (a) Real-world input photo. (b) Ablation study for the generator. Results using the generator architecture of the
CartoonGAN [2]. (c) Ablation study for the content loss. Results without the content loss. (d) Ablation study for the discriminator. Results without using
the mixed-component images when training the discriminator. (e) Results of our method.

TABLE 1. User studies for different methods by anime experts and
non-experts. The quality score is ranged from 1 to 10. The preference
score is computed by counting the number of times the model got the
highest quality score for a group.

We compare the quantitative computation complexities
of different generator networks in Table 2. It can be seen
in Table 2 that our network achieves significant performance
improvements with a similar number of parameters compared
to other methods. The time taken when processing one image
of size 512×512 is slightly larger than U-GAT-IT [37] which

TABLE 2. Computational complexity comparison for generator networks
from different methods. The time taken in inference is measured as the
amount of time taken when the generator processes one image of
size 512 × 512.

also utilizes attention modules. However, at the expense of
the slightly longer inference time, the novel channel attention
blocks of our method have brought a significant performance
superiority in subjective visual comparison over the attention
module in U-GAT-IT [37].
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FIGURE 9. Generator ablation studies. (a) A sample image from the target anime for visual comparison. (b) Input photo. (c) With DSCAB, USCAB, DCCAB.
This refers to the SMSTnet. (d) The generator with only DCCAB, where (USCAB) DSCAB is replaced by simple (transposed) convolution layers of stride 2.
Artifacts are generated on the trees. (e) The generator where the dense connections between RCABs are removed. Details are slightly lost and the
saturation decreased. (f) The generator without both modules. Fails to generate the abundant anime tree texture. Poor saturation.

D. ABLATION STUDY
Fig. 8 shows the results of the ablation studies. We perform
ablation studies for the generator and the new trainingmethod
of the discriminator and the necessity of the content loss.
Fig. 8-(b) shows the results generated via the generator net-
work architecture of the CartoonGAN [2] on our proposed
pseudo-supervised learning framework, instead of our SMST-
net. Since our proposed framework provides the semantic
mapping, the dirty colors of the stylized objects were dimin-
ished compared to Fig. 5-(f). However, the result lack degree
of stylization. Thus, it can be seen that the generator network
architecture of the CartoonGAN fails to embrace the multiple
styles of the target style domain.

Fig. 8-(d) shows the results performed without our
proposed discriminator training method. That is, the mixed-
component images are not used when training the discrim-
inator. Only images of the pseudo ground truths and the
output of the generator were used, which is identical to the
discriminator of the previous methods. The main difference
between this result and the results of our method is the color.
This shows that, due to the mixed-component images, the net-
work of our method can be more sensitive to local low-level
features.

Finally, Fig. 8-(c) shows the results performed without the
content loss. As expected, the inevitable artifacts (unnatural
seams and minor object deletion) are shown in the results as
well. By comparing these results to the results of our method,
we can see that the content loss prevents the generator from
generating the artifacts and only filter the details of the object
styles from the pseudo ground truths.

Fig. 9 shows additional ablation studies for the SMSTnet.
Fig. 9-(c) is the result of the SMSTnet with all three blocks.
The SMSTnet generates the abundant anime tree textures,
which resemble the tree textures in the real anime sample
image. However, as shown in Fig. 9-(d), without the DSCAB
and USCAB modules, the generator produces rough artifacts
which are mostly in the tree regions. On the other hand,

without the DCCAB module, the result slightly loses the
texture detail of the tree. Also, the saturation of the tree and
sky decreases. Without both of the modules, the saturation
decreases even more and fails to learn the texture of anime
trees. Thus, we can conclude that the DCCAB has the ability
to generate fine details of the anime objects by the dense con-
nection of channel attention blocks, but incorporates artifacts
as well. The DSCAB and the USCAB effectively process
the dense feature maps of the DCCAB while reducing and
enlarging them, alleviating the artifacts.

V. CONCLUSION
In this paper, we first propose a pseudo-supervised learn-
ing framework for semantic-wise object-to-object multi-style
transfer. Previous methods rely on unsupervised learning
frameworks, so they can not guide the networks to learn
the semantic mappings for various objects with their dis-
tinct styles. This causes the unique features of the seman-
tic object styles to be mixed in the feature space without
any distinction, thus leading to unpleasant stylized results.
Also, the architectures of the previous networks are insuf-
ficient in learning the multiple object styles of the target
domain. Our pseudo-supervised learning framework solves
these limitations by utilizing pseudo ground truths to learn the
semantic mappings. Moreover, we propose a new generator
network called SMSTnet, incorporating channel attentions to
embrace the multiple object styles. Finally, for the discrim-
inator, we utilize the images with mixed real photo object
regions and the pGT object regions. Thus, the discriminator
can locally discern true and false image regions, leading
the SMSTnet to generate more locally faithful target object
styles. Our method is shown to be very effective qualitatively
and quantitatively from the intensive experiments, outper-
forming the state-of-the-art methods, while our framework is
a very genetic scheme by which any style transfer learning
for the objects of distinct characteristics can be easily realized
with high fidelity of style transformation.
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