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Abstract

Object transfiguration is a subtask of the image-to-image translation, which translates two independent image sets and has a wide
range of applications. Recently, some studies based on Generative Adversarial Network (GAN) have achieved impressive results
in the image-to-image translation. However, the object transfiguration task only translates regions containing target objects
instead of whole images; most of the existing methods never consider this issue, which results in mistranslation on the back-
grounds of images. To address this problem, we present a novel pipeline called Deep Attention Unit Generative Adversarial
Networks (DAU-GAN). During the translating process, the DAU computes attention masks that point out where the target
objects are. DAU makes GAN concentrate on translating target objects while ignoring meaningless backgrounds. Additionally,
we construct an attention-consistent loss and a background-consistent loss to compel our model to translate intently target objects
and preserve backgrounds further effectively. We have comparison experiments on three popular related datasets, demonstrating
that the DAU-GAN achieves superior performance to the state-of-the-art. We also export attention masks in different stages to
confirm its effect during the object transfiguration task. The proposed DAU-GAN can translate object effectively as well as
preserve backgrounds information at the same time. In our model, DAU learns to focus on the most important information by
producing attention masks. These masks compel DAU-GAN to effectively distinguish target objects and backgrounds during the
translation process and to achieve impressive translation results in two subsets of ImageNet and CelebA. Moreover, the results
show that we cannot only investigate the model from the image itself but also research from other modal information.

Keywords Multi-modalities - Object transfiguration - Image-to-image translation - Generative Adversarial Networks (GANSs) -
Attention mechanism - Deep learning

Introduction which paired training examples are available [1-4].

However, because it is difficult and expensive to obtain paired

Object transfiguration, which is a subtask of image translation,
aims to transform a selected kind of object to another in a
given image, for example, translating an orange to an apple
as shown in Fig. 1. The task relates to image translation [1-4],
object-related learning [5—7], and target detection [8—14], and
most translation models are trained in supervised setting in
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examples, people use alternative ways to get training exam-
ples, for example, as researchers use Photoshop to synthetize
training samples in the task of de-rain [15]. Also, some
methods use only a few training samples [16] or even one
single sample [17] to ease training. Recently, unsupervised
image translation [18-22] based on Convolutional Neural
Network (CNN) [23] became popular because they can easily
translate images by matching image features extracted from
CNN between two input images [19]. Specially, methods
based on dual-structure Generative Adversarial Network
(GAN) [20-22] achieve great performance. The “dual
structure” means a cycle consisting of two translating direc-
tions (such as horse — zebra and zebra — horse). In such
structures, the cycle-consistent loss is used to provide a mea-
surement of image changes in this cycle.

However, most of the existing unsupervised approaches
fail to distinguish target objects and backgrounds clearly.
These methods tend to damage backgrounds (such as
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deformation, discoloration). As shown in Fig. 1 a, the words
on the billboard are blurred when being translated by
CycleGAN. In Fig. 1 b, although green apples and bananas
are not target objects, CycleGAN purples the green apples and
makes the bananas red. To address this problem, in this paper,
we propose an adversarial object transfiguration model by
constructing the novel Deep Attention Unit (DAU) to preserve
backgrounds of translated image. Our approach is inspired by
the attention mechanism [24—26] which tries to select the most
important information from a large amount of data. DAU
computes attention masks that point out where the target ob-
jects are and then our GAN translates images under the guid-
ance of these masks. In addition, we also construct a
background-consistent loss and an attention-consistent loss
to train the DAU-GAN. We evaluate our model on two subsets
of ImageNet (apple—orange and horse—zebra) and CelebA.
The results show that the proposed DAU-GAN keeps images’
backgrounds and translates the target object effectively too.
For example, in Fig. 1 a, the billboard translated by our model
is clearer than the other translated by CycleGAN in Fig. 1 b,
and our model successfully preserves other fruits’ color.

Our main contributions are threefold: (1) introducing the
attention mechanism into GAN to improve target cognitive
ability; (2) proposing a novel framework called DAU-GAN,
which can preserve backgrounds of translated images by the
assistance of attention masks in object transfiguration task; (3)
constructing a background-consistent loss and an attention-
consistent loss to enhance the effectiveness of translation by
multi-modal information.

Related Works
Generative Adversarial Network

GAN [27] was developed to solve many problems, like image
generation [4, 28], image editing [29], image classification [30],
and object recognition [31]. The key of GAN’s success is by
leading a generator and a discriminator to reciprocally compete.

Fig. 1 Yellow rectangles
represent the regions obviously
damaged by CycleGAN during
translating. For example, in a, the
words on the billboard are
exceedingly blurred; in b, green
apples are purpled and bananas
reddened

CycleGAN

(a) orange — apple
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DAU-GAN Input

The generator generates data indistinguishable with real image,
and the discriminator distinguishes between the generated im-
age and real image. Isola et al. [2] studied the potential of GAN
in image translation. After that, a cycle-consistent loss [21, 22]
was proposed for unsupervised image translation. It assumes
that, after an image is translated, it can be translated back to the
original image, e.g., horse — zebra — horse.

Multi-Modal Deep Learning

Deep learning in single-modal tasks has been studied widely,
and researchers gradually explore the influence of deep learn-
ing on multi-modal tasks. For example, Reed et al. [32]
learned to map from images to captions and Zhang et al. [4]
learned how to draw a painting with text prior. Multi-modal
learning also exists between different kinds of image. Huang
et al. [33] decomposed an image representation into a content
code and a style code, and translated an image from one do-
main into many other domains. Inspired by this, we construct
a model to simultaneously learn a translation modality and
another special modality—the attention modality.

Attention Mechanism

We take the attention [33, 34] in image as a special modality,
which can instruct the model to distinguish target objects and
backgrounds during the learning process. The concept of at-
tention originates in human physiology [11, 33, 35, 36] and
was introduced to deep learning fields later [24, 26]. The es-
sence of attention is a learned soft distribution to make the
model only care about interesting parts and ignore meaning-
less parts. Some GAN-based models apply attention mecha-
nism, e.g., DA-GAN [37], to predict attention frame and crop
framed parts in image, then encode these parts. We also inte-
grate the attention mechanism into GAN, but our approach
extracts attention masks from feature maps, which is much
different from DA-GAN. Additionally, we refer to some struc-
ture of residual networks [38—40] to decrease the impact of
vanishing gradient.

CycleGAN
(b) apple — orange

DAU-GAN
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DAU-GAN
Proposed Architecture

The goal of object transfiguration is to transform a specific
object in a given image to another different type. It is often
considered as a domain-transforming problem: G: X — Y,
where G is the learned mapping function, X is the source
domain, and Y is the target domain.

Our overall architecture is shown in Fig. 2. The upper part
shows an overall framework for object transfiguration and the
lower part shows the details of the generator. Our model is
based on a dual structure, which consists of two generators, G
and F, and two discriminators, Dy and Dy. To ensure the gen-
erated images G(x) =y and F(y)=x are in the corresponding
domains, we employ two discriminators Dy and Dy to distin-
guish the real images from synthetic ones. Dx or Dy takes an
image as input and outputs a likelihood that the input is a
natural image from domain X or Y.

Our model accepts (x,y) €(X,Y) as inputs. For the
translation G : X — Y, it outputs an image G(x) in domain Y
that preserves the background B(x) of x and translates objects

in the images. For the translation F : Y — X, the output is F(y)
in domain X, preserving the background B(y) during the
translation.

Deep Attention Unit

We propose a novel DAU on the top of dual learning inspired
by the dramatic success of the attention mechanism [41, 42].
DAU helps the model filter out backgrounds and objects from
an image to preserve backgrounds. In CNN, the feature maps
from each convolutional layer can be divided into many re-
gions. DAU can be attached to any convolutional layer, and
compute attention masks for the corresponding feature maps.
In other words, the DAU forces the model to focus the trans-
lation process on the specific objects for the attention mask
which will highlight the translated objects.

In CNN, feature maps from each convolutional layer can be
divided into many regions. DAU, which is attached to any
convolutional layer, effectively computes the attention masks
for the corresponding feature maps. In other words, DAU can
force the model to focus the translation process on the specific

Outline of DAU-GAN
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Fig. 2 Architecture of DAU-GAN: the upper part is the outline of our model, and the lower part is the generator in detail
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Fig. 3 Structures of different types of DAU. DAUL,, for the encode stage, DAU, for the decode stage, and DAUjg,, for the output stage

objects. The main reason is that the attention mask can sepa-
rate objects and backgrounds, and highlight translated objects.

In this paper, we construct three types of DAU,
i.e., DAU,,, DAUg.,and DAUjp,, for the encode stage, decode
stage, and output stage respectively. For DAU,, and DAU.,
we set the shapes equal to the corresponding feature map, while
for DAUj;,,1, we shrink the depth to 1 for the convenience of
visualization.

We regard the feature map from the nth convolutional layer
as f". As shown in Fig. 3, DAU extracts the mask M,, from {"~
! ie, M" = DAU{™ ). Specifically, following the dual ad-
versarial learning architecture, we divide the DAU into two
main categories for encoder (DAU,,) and decoder (DAUg.).
For the encoder, f* ! firstly passes through two convolutional
layers with the ReLU [43] activation function (ReLU(x)=
max(0, x)), and then is sent to one deconvolutional layer with

the Sigmoid activation function (Sigmoid(x) = =5 ). The
process is denoted as follows:

DAU? (x) = Conv™' (Conv(Conv(x))), (1)
M" = DAUY, (). (2)

We define T as the untreated (n)th feature map. With the
mask M", we obtain the enhancive feature map by the
elements-wise product: H(M", ?n). In addition, we take a re-
sidual architecture [38—40] that adds a shortcut to depress the

Objects

Output

Input Attention Mask Background

Fig. 4 Object(s) and background can be separated by DAU (horse — zebra)
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impact of vanishing gradient. After these operations, the
enhancive (n)th feature map is computed by:

r=T +u(wT). (3)

In the decoder, the DAU is inverse. In other words, the
feature map firstly passes through two deconvolutional layers
and then go by one convolutional layer. The DAU of the
decoder can be represented as follows:

DAU, (x) = Conv(Conv ™' (Conv' (x))). 4)

In the output layer, the translated image y = G(x) and
the corresponding attention mask Mg, would simulta-
neously be exported. As shown in Fig. 4, because the cle-
ments of mask represent the probabilities that the object is
in the corresponding position, we get the background of
input image x from the equation: B(x, Mg)) =H(x, 1 -
Mgx)). We integrate DAU in each layer of the generator
to enhance related features, even though we use only the
last attention mask to compute L, and Ly,.

Attention-Consistent Loss
and Background-Consistent Loss

The attention mask Mg, of G(x) should be the same
with the attention mask Mg ) of the translated image

Objects
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B st ; i i - *“ & e e v e A Tk e
Input CycleGA VAT DAU-GAN Input CycleGAN VAT DAU-GAN
(c) Horse to zebra (d) Zebra to horse

Fig. 5 Experimental results on two subsets of ImageNet

F(G(x)). For instance, in the translated process G, a  Mgx) = Mgy Considering that the position of objects
horse is transformed into a zebra, while in the translated  during translating is invariable, we construct an
process F, the zebra is transformed back to a horse. The  attention-consistent loss to improve the performance of
regions of the horse and zebra should be the same, i.e.  predicting attention masks:

Input  CycleGAN VAT  DAU-GAN  Input  CycleGAN VAT  DAU-GAN
(a) Glass to noglass (b) Noglass to glass

Fig. 6 Experimental results on CelebA
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Attention Mask

Fig. 7 Attention masks after different training steps (horse — zebra)

Lau(x, G, F) = o*||Mg—MrG ||,

+ B (Mg(x) + M) (5)

where the second term is a regularization, which prevents the
overfitting problem. When DAU predicts an overweight at-
tention mask, e.g., a mask that every element’s value is 1, the

Input

20000 steps 30000 steps

Fig. 8 Attention masks after different training steps (horse — zebra)
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Background

Objects

value of this attention-consistent loss is too big. We add the
term to encourage our model to focus on some special parts of
an image instead of a whole image.

With an attention mask M, DAU-GAN can distinguish
objects and backgrounds. Similar to regions of target objects,
backgrounds should also be invariable. Thus, we construct a
background-consistent loss to preserve backgrounds:

40000 steps 50000 steps
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B = 0.200 B =0.325 B = 0.650
y =50 y =50 ¥y =50
B = 0.200 B =0.325 B = 0.650 B =0.975
y =100 y =100 y =100 y =100
(a) Input (b) Attention mask
Fig. 9 Attention masks with different 2 and =l
Lug(x.G) = v*[[B(x. Mo =B(G(x). Maw) | . (6)  Laxe(G. F) = [F(GO) ], + [GF(y) vl (9)

Experimental results have verified that our model effective-
ly preserves backgrounds during a successful translation
process.

Full Objective

From [27], the standard adversarial losses are:

Loan(X. Y, G, Dy) = log(Dy(y)) +log (1-Dy(v) ). (7)
Loan(Y, X, F,Dx) = log(Dx(x)) + 10g<17DX (x)) . (8)

Then, because we adopt the dual structure, we also construct
a cycle-consistent loss to improve the performance of our mod-
el. The cycle-consistent loss assumes that, for each image x in
domain X, our model is able to be able to translate y' =G(x) to
the original image. It is formulated as: F (y') =F(G(x)) = x.
Similarly, for each image y in domain Y, the assumption is:
G(x)=G(F(x)) = y. The cycle-consistent loss is as follows:

Our full objective is given:

L(G, F,Dx,Dy)| = Lgan(X, Y, G, Dy) 4+ Lgan(Y, X, F,Dx)
| + Latt(x> Ga F) + Laﬁ(Y7 F> G)
| + ng(xv G) + ng(Yv F) + Lcyc(G> F)'
(10)

Therefore, we solve the optimizing problem:

G, F = argn&ipgz’zgiL(G, F,Dx,Dy). (11)

We alternately optimize our generators and our discrimina-
tors. For every round of optimization, first discriminators’
parameters are updated at one time while generators’ param-
eters are fixed. Then, generators’ parameters are modified at
one time while discriminators’ parameters are fixed. At the
time that discriminators’ accuracy is the highest and discrim-
inators cannot distinguish real images from fake images pro-
duced by generators, our model is optimal.

Table 1 The average change loss for pixels of each translated image’s background
Model Translation
Apple — Orange — Horse — Zebra — Noglass — Glass —
orange apple zebra horse glass noglass
VAT 75.79 154.03 107.79 46.53 69.21 138.10
CycleGAN 189.52 333.84 309.92 140.22 159.54 236.23
DAU-GAN 40.27 51.56 67.18 34.75 4491 74.28
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Experimental Results
Datasets and Setting

We first experiment our model on two subsets (apple—orange
and horse-zebra) of ImageNet [44], which is a large-scale
labeled image dataset for computer vision. The numbers of
training images of apple, orange, horse, and zebra are 995,
1019, 1067, and 1334 respectively. We also experiment on
CelebA that includes 10,177 face images. Each image has
been labeled as different characteristics. We select 1800 im-
ages, half of them with glasses while the others are without.
Then, we use these images in the translation: w/ glasses <> w/
o glasses.

We run our code on one GeForce GTX 1080 GPU card.
More specifically, we adapt the architecture [1] as the back-
bone of our generators, which includes six blocks for 128 x
128 training images, and nine blocks for 256 x 256 or higher
resolution training images. Our discriminators are constructed
by using 70 x 70 PatchGAN [2]. For ImageNet, we respec-
tively set a, 3, and v on Egs. (5) and (6) to 1, 0.325, and 50.
For CelebA, (s set as 0.240. We use the Adam solver with a
batch size of 1 and a learning rate of 0.0002 to optimize the
model.

Performance Comparison

Figures 5 and 6 show the experimental results on ImageNet
and CelebA, respectively. Obviously, the impact of back-
grounds in those images translated by CycleGAN and VAT
is very remarkable. For example, in the second column in
Fig. 5 a and b, leaves are discolored from green to gray. As
shown in Fig. 6, the translation of VAT completely fails.
Although CycleGAN successfully removes the glasses in
Fig. 6 b, the human skin is whitened. In contrast, our approach
effectively preserves backgrounds besides successfully trans-
lating objects that we want to translate. For example, in Fig. 5
¢, zebras produced by our approach have more natural streaks
besides preserved backgrounds, and in Fig. 6 b, people are
with glasses by our approach, although the people’s eyes seem
different after removal of glasses. It might be because our
model missed pixel-level information in the convolutional
process. We will try to use U-net structure [45] to preserve
pixel-level information in the future.

Attention Masks Analysis

Moreover, we visualize attention masks in Fig. 7 to confirm
DAU?’s effectiveness, where the regions in black and white
represent backgrounds and objects, respectively. We can see
that DAU can correctly predict those regions where objects
occur. In addition, we export attention masks in different train-
ing steps in Fig. 8. The results show that high value gradually

@ Springer

concentrates on where the object is. It verifies that DAU does
help our model learn to distinguish backgrounds and objects
expected to be translated.

To explore the effect of hyperparameter for attention masks,
we export attention masks in different 3 and y. The results are
shown in Fig. 9. For each raw of Fig. 9 b, y is fixed but (3 gets
higher. And the contrast of attention masks is improved when 3
gets higher. It means that our model obtains more concentrated
attention. Besides comparing the attention masks that have the
same 3 but different y, we find that the contrast of attention
masks is improved when y gets lower. We find that with a
higher ratio of 3 to y, there is more concentrated attention.

Quantitative Evaluation

At present, researchers have proposed some metrics to measure
quantitatively the models’ performances [46, 47]. To accurately
demonstrate our approach, we use the average pixel difference
of translated images to measure quantitatively our model’s ef-
fect on test sets. For every translated image, we sum the average
pixel difference of backgrounds in every channel. The result is
shown in Table 1. Although, sometimes, the difference of VAT
is less than CycleGAN’s, the translation results are dissatisfied.
Not only does our model accomplish translation task in Fig. 7,
but it also has the minimum difference in backgrounds for all
kinds of translation as shown in Table 1. It is a strong evidence
that indicates that our model preserves the background during
the object transfiguration task.

Conclusions

In this paper, we propose Deep Attention Unit (DAU) and
construct the DAU-GAN for task of object transfiguration.
DAU helps our model focus on the most significant informa-
tion by predicting attention masks, which instructs DAU-
GAN to effectively distinguish specific objects and back-
grounds during the translation process and achieve impressive
translation results in two datasets. Moreover, the results show
that our model can learn from the image, and can also learn
from other modal information. In the future, we plan to design
more robust DAU structures to make model train easier.
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