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Domain Shift Preservation for Zero-Shot Domain
Adaptation

Jinghua Wang, Ming-Ming Cheng, and Jianmin Jiang*

Abstract—In learning-based image processing a model that is
learned in one domain often performs poorly in another since
the image samples originate from different sources and thus have
different distributions. Domain adaptation techniques alleviate
the problem of domain shift by learning transferable knowledge
from the source domain to the target domain. Zero-shot domain
adaptation (ZSDA) refers to a category of challenging tasks in
which no target-domain sample for the task of interest is acces-
sible for training. To address this challenge, we propose a simple
but effective method that is based on the strategy of domain shift
preservation across tasks. First, we learn the shift between the
source domain and the target domain from an irrelevant task for
which sufficient data samples from both domains are available.
Then, we transfer the domain shift to the task of interest under
the hypothesis that different tasks may share the domain shift
for a specified pair of domains. Via this strategy, we can learn
a model for the unseen target domain of the task of interest.
Our method uses two coupled generative adversarial networks
(CoGANSs) to capture the joint distribution of data samples in
dual-domains and another generative adversarial network (GAN)
to explicitly model the domain shift. The experimental results on
image classification and semantic segmentation demonstrate the
satisfactory performance of our method in transferring various
kinds of domain shifts across tasks.

Index Terms—Domain adaptation, zero-shot domain adapta-
tion, zero-shot learning, coupled generative adversarial networks,
adversarial learning

I. INTRODUCTION

OMAIN adaptation techniques alleviate the domain shift
problem by learning a transferable model from the source
domain to the target domain [1], [2]. While the source domain
typically has many labeled data samples, the target domain
often lacks labels or data samples. These techniques are
successfully applied in various applications, such as seman-
tic segmentation [3], [4], visual recognition [5], [6], action
recognition [7], [8], and person re-identification [9], [10].
Domain adaptation tasks can be classified into four cat-
egories based on the available information (including data
and labels) in the target domain, namely, supervised domain
adaptation [11], semi-supervised domain adaptation [12], un-
supervised domain adaptation [13], [14], and zero-shot domain
adaptation (ZSDA) [15]-[20], as presented in Tab. I. While the
target-domain data are available in the training procedure of
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TABLE I: Depending on whether labeled and unlabeled data
are available in the target domain (T-Domain), domain adap-
tation tasks can be classified into four categories: supervised,
semi-supervised, unsupervised and ZSDA.

T-Domain Superv. Semi-S. Unsuperv. ZSDA
Labeled v v X X
Unlabeled X v v X

the first three categories, the ZSDA tasks aim at learning a
model for the unseen target domain. ZSDA is also referred
to as domain generalization (DG) [17], [18], [21], [22]. A
typical ZSDA task is the personalization of a new portable
device, where we expect to learn a model before the user’s data
(the target-domain data) are provided. In this task, a domain
refers to the settings and preferences of a user. We may also
expect to learn a computer vision model for a new camera to
enable operation immediately after installation. This involves
a ZSDA task in which the target-domain data are the non-
available images that are captured by the new camera [17]
and the source-domain data are the images that are captured
by the original camera.

Due to the non-availability of the target-domain data, ZSDA
tasks are more challenging than the domain adaptation tasks
of the other three types. To address ZSDA tasks, researchers
either learn domain-invariant features [23]-[28] to minimize
the domain shift or train domain agnostic models based on
the common property among domains [29], [30]. However, the
application scope of these methods [23]-[30] is limited by a
common implicit assumption, namely, that the data samples
from multiple source domains are available in the training
stage. To learn a target-domain model with a single source
domain, Peng et al. [15] propose borrowing knowledge from
an irrelevant task for which data samples from both domains
are available. Inspired by [15], our method also involves two
tasks: the task of interest, namely, the relevant task (RT), and
an irrelevant task (IRT). While only source domain data are
available for the RT, data for both domains are available for
the IRT. The proposed method aims at learning a model for the
unseen target domain in the RT based on the source-domain
data in the RT and the dual-domain data in the IRT.

Fig. 1 illustrates an example in which ZSDA learns a model
for MNIST-M [1] from the data of MNIST [31], Fashion-
MNIST [32], and Fashion-MNIST-M. MNIST-M and Fashion-
MNIST-M are the color versions of MNIST and Fashion-
MNIST, respectively. While the source domain consists of
gray-scale images, the target domain consists of color images.
The RT and IRT classify digit images and fashion images,
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Fig. 1: Intuitive example of ZSDA (best viewed in color).
For digit image analysis (the RT), it is difficult to learn a
satisfactory model for the unseen MNIST-M based solely on
the available MNIST. Our method learns the domain shift
based on fashion analysis (i.e., the IRT) and transfers the
domain shift to the digit image analysis. Hence, the model
for MNIST-M is determined by the available MNIST and the
domain shift that is learned in the fashion analysis.
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respectively. In principle, the differences between the gray-
scale images and the color images in both tasks are induced by
the same colorization procedure [1]. Based on this observation,
we establish the following hypothesis: The domain shift,
which intrinsically characterizes the divergence between two
domains, is shared by both the RT and the IRT. Thus, we can
learn the domain shift from one task and transfer it to the
other.

To address the ZSDA problem effectively, we propose the
use of two coupled generative adversarial networks (CoGANs)
[33] to capture the correlation between a pair of domains and
one generative adversarial network (GAN) [34] to model the
domain shift. First, we train a CoGAN-IR for the IRT to model
both the domain-specific low-level details and the domain-
invariant high-level concepts. We realize two objectives with
this CoGAN-IR: (i) learn the joint distribution of dual-domain
samples based on the independent source samples and target
samples in the IRT; and (ii) provide a data foundation for
domain shift modeling by generating the paired samples. Two
samples are paired samples if they represent the same entity
in two domains, such as a color image and a depth image of
the same scene. The domain shift introduces the difference
between the paired samples. Thus, it is more effective to
analyze the domain shift with the paired samples. Second,
we use a GAN*"/* to model the domain shift. Specifically,
the GAN*"/t captures the distribution of the element-wise
difference between the paired samples in the representation
space. Via this strategy, we encode the domain shift with a
network structure and, hence, render it more convenient to
transfer. Finally, we transfer the domain shift across tasks by
enabling the CoGAN-R, which captures the joint distribution
of dual-domain samples of the RT, to carry the domain shift
that is encoded in GAN®Mft To realize this objective, we
propose a method for CoGAN-R training that is based on the
joint supervision of the source-domain data and the domain
shift, which can guide the learning of the high-level concepts
and the low-level details, respectively, for the unseen RT
target samples. With this CoGAN-R, we not only transfer the
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semantics from the source domain to the target domain but
also transfer the domain shift from the IRT to the RT.

In summary, our contributions are threefold:

o (i) We propose a simple but effective strategy for pre-
serving the domain shift across tasks by bridging the
two CoGANs with a GAN. While the CoGANs capture
the joint distributions of dual-domain samples, the GAN
models the domain shift. In the absence of the target-
domain data, we propose a new method for training the
CoGAN for the RT under the supervision of both the
source-domain data and the domain shift.

e (ii) We address the ZSDA problem without relying on
the correspondence between the data samples across two
domains in the IRT. Thus, our method has a broader
range of applications than that reported by Peng et al.
[15], which is applicable only when the correspondences
are available. In addition, by modeling the domain shift
explicitly with a GAN, our method can learn it from a
single IRT and transfer it to multiple RTs.

e (iii) In the semantic segmentation task, we propose a
method for learning a depth-based model from RGB
images via domain shift transfer from the synthetic data
to the real data. In our method, we train the network using
a greedy approach (from individual instances to the whole
scenes) and feed the CoGAN both the semantic label map
and the instance-level boundary map to facilitate training.

II. RELATED WORK

Zero-shot domain adaptation (ZSDA) [15] or domain gen-
eralization (DG) [22]-[24] refers to a group of domain adap-
tation tasks in which the target-domain data are not available
in the training stage. For example, we may expect to learn
a model for a camera even if the conditions of its working
environment (such as the captured views and the lighting con-
ditions) remain unknown. In this case, we can only access the
source-domain samples, which could be high-quality images
that were captured in an ideal environment. In contrast, the
target domain that is determined by the working environment
is not accessible. Fig. 2 summarizes the three strategies that
have been primarily utilized by researchers to solve the ZSDA
problem.

The first strategy learns domain-invariant features, which are
applicable in both the source domain and the target domain.
Muandet et al. [23] proposed domain-invariant component
analysis for minimizing the dissimilarity across domains.
Ghifary et al. [24] proposed a multi-task auto-encoder that
can transform data samples from one domain to the other
and, hence, learn features that are robust against the varia-
tion of domain labels. Ilse et al. [25] introduced a domain
invariant autoencoder that learns three types of independent
latent representations. Carlucci et al. [26] adopted a jigsaw
puzzle as the self-supervised task for representation learning.
Li et al. [27] trained a network in the episodic framework
by decomposing it into one feature extraction module and
one classifier module. Li er al. [28] extended adversarial
autoencoders to align domains and matched the distribution of
representations to a predefined distribution. Li et al. [35] pro-
posed a conditional invariant adversarial network for learning
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Fig. 2: Three strategies for addressing ZSDA tasks. (a) The first strategy learns a feature extraction procedure for producing

aligned features from multiple source domains ({ D1, D2, - -,

D,,}) and applies the same procedure on the non-available target

domain (D,,). (b) The second strategy decomposes each domain into a common factor and a domain-specific factor and applies
the common factor to the target domain. (c) The third strategy solves the ZSDA task with the assistance of an IRT, where both
the source domain (SD) and the target domain (TD) data are available. Typically, the domain correlation is learned from the

IRT and transferred to the RT.

domain-invariant representations and aligning the conditional
distributions across domains. Ding and Fu [36] introduced
low-rank constraints for aligning multiple domain-specific
neural networks. Qiao ef al. [22] minimized the Wasserstein
distance between the available source domain and various
augmented domains.

The second strategy identifies a common factor from mul-
tiple source domains and applies it to the unseen target
domain. Some methods [29], [30] assume that each domain
is determined jointly by a globally common factor and a
domain-specific factor. While the common factor generalizes
well for the unseen domains, the domain-specific factor can
be regarded as a bias for the associating domain. Khosla et
al. [29] exploited the visual world by eliminating the bias
from various training datasets and expected the learned model
to perform well on unseen datasets. Later, Li er al. [30]
utilized a similar strategy to design neural networks. Yang
and Hospedales [37] applied manifold-valued data regression
to estimate the unseen data and their labels. Kodirov et al.
[2] formulated the zero-shot learning problem as a ZSDA
task and correlated the source domain with the target domain
via a shared semantic embedding space. To conduct ZSDA
without relying on any semantic descriptors, Kumagai and
Iwata [38] proposed latent domain vectors for representation
learning and knowledge transfer across domains. Instead of
designing a model, Li et al. [17] proposed a model agnostic
training procedure that utilizes meta-learning approaches.

The third strategy realizes ZSDA with the assistance of an
irrelevant task (IRT) for which the data from both domains
are available. This strategy learns the correlation between
two domains based on the available dual-domain data in the
IRT and transfers the correlation to the task of interest. In
contrast to the first two strategies, which rely on the availability
of multiple source domains, this strategy involves only a
single source domain. ZDDA [15] learns domain-invariant
representations by minimizing the distance between the paired
samples. In this way, the target classifier is trainable based
on the source representations, namely, the approximations of

the target representations. However, the application scope of
ZDDA [15] is weakened by its reliance on a large set of
paired samples in IRT. To learn with independent source
samples and target samples in IRT, CoCoGAN [16] adopts a
conditional structure to realize global alignment across tasks
in both domains. However, it does not consider the category-
level alignment between domains, and one category in RT
may align with two different categories in IRT across the
two domains. As a result, CoCoGAN cannot guarantee that
the two tasks have a shared domain shift or that the target
representations in RT are discriminant. Our method overcomes
these two problems by explicitly defining the domain shift to
be the distribution of the representation difference between
the paired samples and transferring the domain shift across
tasks. In comparison with both ZDDA [15] and CoCoGAN
[16], the proposed method has the advantage that the domain
shift is directly transferable from one task to multiple tasks
whenever the same pair of domains are involved. A more
detailed analysis and comparisons in terms of the learning
logic between our proposed method and the state-of-the-art
approaches are presented in Section IV-D.

III. BACKGROUND
A. Generative Adversarial Networks (GANs)

A GAN [34] sets up a game between two competing net-
works: a generator (¢) and a discriminator (f). The generator
transforms a random vector z ~ p, into an image g(z) that is
expected to be indistinguishable from the real image x ~ p,.
The discriminator outputs a single scalar f(¢) € [0, 1] and uses
it to estimate the probability that its input ¢ is drawn from p,.
These two competing networks are trained jointly in a minmax
game by optimizing the following objective function:

maxmin V(f,g) = Ezpg, [~ log f(2)] + Benp. [~ log(l = f(g()]: (1)

where F denotes the expected value. While the discriminator f
minimizes V'(f, g) to distinguish the fake images from the real
images, the generator g maximizes V' (f, g) to generate images
that approximate the real images with increasing accuracy. It



is shown that Eq. (1) measures the Jensen-Shannon divergence
between the distribution of the real data and that of the
generated data [34]. The distribution of the generated image
g(z) converges to p., and the discriminator always produces
0.5; i.e., the generated images are indistinguishable from the
real images.

B. Coupled Generative Adversarial Networks (CoGANs)

While a GAN captures the distribution of the data samples
from a single domain, a CoGAN aims at capturing the joint
distribution of the images from two different domains [33].
Let 1 ~ pg, and z2 ~ p,, be images from two different
domains, where p,, and p,, are the marginal distributions.
The CoGAN [33] learns the joint distribution of the data
samples (p,, ,) based on samples that are drawn individually
from the two marginal distributions (i.e., p,, and p,,). The
CoGAN consists of a pair of GANs, namely, GAN; and
GAN3, each of which corresponds to a domain. Let g; be
the generator and f; be the discriminator in GAN;(i = 1,2).
The generators synthesize the paired samples (g1(z), g2(2)),
which are indistinguishable from the real samples, based on
the shared random vector z. The images (g1(z),g2(2)) are
expected to have a correspondence instead of merely the same
category label. Generally, two paired samples represent the
same entity, such as a color image and a depth image of the
same scene.

The CoGAN enforces a weight-sharing constraint in the
layers for high-level concept processing. Mathematically, it
solves the following optimization problem:

max min V(f1, f2,91,92) =
91,92 f1,f2

Eyynp,, [—log fi(z1)] + E.np. [~ log(1 — f1(g1(2)))]
+Eqynp,, [—108 f2(22)] + Eonp. [~ log(1 — f2(g2(2)))],
1<7<n,
0< k<nf.

s.t. Hg{ = 09%,
0 ik = 6f;2_k,
2
Here, we use {99; |1 < j < ng} to denote the shared
parameters of the n, € Zs> top layers in the two generators
and 6 it (0 <k <njy—1) to denote the shared parameters
of the n; € Zx( bottom layers in the two discriminators. Let
n;(i = 1,2) denote the number of layers in the discriminator
fi- These two constraints force the generators (or discrimi-
nators) to decode (or encode) the high-level semantics in the
same way so that the CoGAN can learn a joint distribution
of dual-domain images without any tuple of corresponding
images.

IV. PROPOSED METHOD
A. Problem Definition

Following [39], we define a domain as D = {X, P(X)},
where X denotes the sample space and P(X) denotes its
marginal probability distribution. A task 7' = {Y, P(Y|X)}
is composed of a label space Y and its conditional probability
distribution P(Y'|X) given the data samples X. We consider
two tasks 77 = {Y7, P(Y1|X1)} and Tp = {Y3, P(Y2]|X2)} to
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be the same if they share the label set. In other words, T} = T»
if and only if Y7 = Y5, whereas X; and X, may be samples
from different domains.

In RT, the label space is Y, the source domain is
D7 = {XI ,P(X!)}, and the target domain is D] =
{X7,P(X])}. As aresult, the RT can be described as T" =
{Y", PT(Y"|XD)} U{Y",P/(Y"|X/)}. Due to the domain
shift, P(X?) # P(X]) and P (Y"|XT) # P (Y"|X]).
Similarly, the IRT is T = {Y¥ Pr(Y"|X)} U
{Yr P (Y| X{")}, with the label space Y, the source
domain D" = {X!" P(X)}, and the target domain D" =
{X{r, P(X/")}. As both RT and IRT involve the same pair
of domains, the sample sets X7 and X" (X; and X;") are
different subsets of the same sample space. As shown in
Fig. 1, while both X} (i.e., MNIST) and X;”’ (i.e., Fashion-
MNIST) are gray images, both X[ (i.e., MNIST-M) and X"
(i.e., Fashion-MNIST-M) are color images.

In principle, our ZSDA aims at learning the conditional
probability distribution P;(Y"|X}) from the labeled source-
domain data (i.e., X) in RT and the labeled dual-domain
samples (i.e., X! and X!") in IRT. This is a challenging
problem since neither x; € X[ nor its label y; € Y" is
available for training.

B. Main Idea

In both RT and IRT of our ZSDA problem, a sample in
the source domain has a correspondence in the target domain.
For convenience of description, we refer to two corresponding
samples as paired samples. Typically, paired samples are
originate from the same object, examples of which include an
image and its edge version, and an RGB image and a depth
image of the same scene. With the network structure of Co-
GAN [33], our method does not rely on the correspondences
between the dual-domain samples in the training stage.

We define the domain shift as the distribution of the
element-wise representation difference between the paired
samples. Given a pair of domains, we assume that the do-
main shift is task-independent, namely, that the element-wise
representation difference between the paired samples follows
the same distribution across tasks. This enables us to learn the
domain shift based on the available dual-domain samples in
IRT and transfer it to RT. With the available source-domain
data in RT and the transferable domain shift that is learned
from IRT, we can synthesize the target-domain data of the RT
and solve the ZSDA problem. To realize the above, two key
issues are identified: (i) the learning and the explicit modeling
of the domain shift based on the non-corresponding dual-
domain samples in IRT; and (ii) the transfer of the domain
shift from IRT to RT for target-domain data generation in RT.

To resolve the first issue, we learn the domain shift from a
CoGAN and model the domain shift with a GAN. First, we
train a CoGAN-IR for the IRT to capture the joint distribution
of the available dual-domain samples. The CoGAN-IR corre-
lates the data samples from two domains with their common
high-level semantics. We use this CoGAN-IR to generate
a set of paired samples and extract their representations.
Then, we train a GAN"ift to capture the distribution of the
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element-wise difference between the representations of these
paired samples and characterize the domain shift with this
distribution.

To resolve the second issue, we train a CoGAN-R for the RT
and enforce it to carry the same domain shift as the CoGAN-IR
does for the IRT. In other words, we expect the element-wise
difference between representations (produced by the CoGAN5s)
of the paired samples to follow the same distribution in two
tasks. To realize this objective, we propose a training method
for CoGAN based on a strategy of domain shift preservation
across tasks.

C. Network Training and Testing

Let 27 € X (27 € X7) and 2" € X" (a7 € X]) be the
samples in IRT (RT). In our ZSDA problem, xy is not available
for training. For simplicity, we use R(x%"), R(x"), R(xi"), and
R(z}) to denote the representations of these samples, although
the representation extraction procedure R(-) varies with the
domain and the task.

Fig. 3 illustrates the network structure of our model,
which consists of COGAN-IR, GAN*"/* and CoGAN-IR. We
use CoGAN-IR to not only capture the joint distribution of
(2" 2i") in IRT but also lay a data foundation for domain
shift modeling by generating the paired samples. Based on
the observation that the domain shift introduces the difference
between the paired samples, we model the domain shift with
a GAN®MIt that captures the distribution of element-wise
difference 87" = R(z'") © R(xi") between the paired samples
(2%, i) in the representation space. In this way, we encode
the domain shift with a network structure and, hence, render
it more convenient to transfer. We transfer the domain shift
across tasks by enabling CoGAN-R, which captures the joint
distribution of dual-domain samples of RT, to carry the domain
shift that is encoded in GAN*"*/t, With this CoGAN-R, we
not only transfer the semantics from the source domain to
the target domain but also transfer the domain shift from IRT
to RT. To realize effective ZSDA, we propose a three-stage
training procedure and a four-stage testing procedure, both of
which are described in detail as pseudo-codes in Algorithm 1.

1) Training: The first stage trains CoGAN-IR to learn the
joint distribution of the paired samples in IRT by optimizing
the following objective function:

max min V(f1 ,fz a.‘h 792 ") =
giT gd" FIT LT
By ok S+ B, [~ lo(1 — £ G
FEyir g, (2108 137 @)+ Buar s, [log(1 = £37 (937 G,
“{

3
where ¢i" and gi" are generators and fi" and fi" are discrim-
inators. As CoGAN can learn joint distribution from marginal
distributions, this stage does not rely on the correspondences
between samples in two domains. Instead, the first training
stage uses only the samples that are individually drawn from
the source domain and those from the target domain. This
CoGAN-IR can generate a set of paired samples in IRT, which
have correspondences and share the same high-level concepts.
In other words, CoGAN-IR encodes the correlations between
the two domains.

W
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Fig. 3: Illustration of our proposed model structure, where
CoGAN-IR models the joint distribution of (z",zi") in IRT
and CoGAN-R models the joint distribution of (2}, x}) in RT.
GAN*®"ft learns the domain shift by capturing the distribution
of the element-wise representation difference §i" = R(z%") ©
R(z{") between the paired samples (", zi"). The domain
shift is transferred from IRT to RT by restricting CoGAN-R to
carry the domain shift that is learned by GAN*"*/t, namely,
psr = psir- The shared layers in each COGAN are marked by
vertical double-headed arrows.

The second stage trains GAN*"*/* to model the domain shift
by capturing the distribution of the element-wise difference
between the paired samples in the representation space. With
CoGAN-IR, we can easily generate a set of paired samples
(zir ") for IRT and obtain their element-wise representa-
tion difference as 0" = R(Z") © R(ii"). As the paired
samples have a correspondence, their representation difference
is primarily caused by the domain shift. Therefore, we use
GAN®"ft to capture the distribution of the representation
difference 4" and train it by optimizing the following objective
function:

. [=log £(32)]
—log(1 — f*(¢°(z°))].

. S5 8
14 =F
mex min (£7.9°) = Bgir o,

)
+E.s

~p, 5[
where 2% is a random variable, ¢° is the generator, and f° is
the discriminator.

The third stage trains the CoGAN-R to learn the joint
distribution of the paired samples in RT. The CoGAN-R
consists of a pair of GANs: GANT = {g7, f{'} for the source
domain and GANY = {g¢%, f5} for the target domain. Due
to the non-availability of X, we cannot train the CoGAN-
R via the classic method [33]. In this work, we exploit two
supervisory principles to train the two branches of the CoGAN-
R individually as follows:

e The source-domain branch GAN] captures the distribu-

tion of the available X7;

e Both the CoGAN-IR and the CoGAN-R carry the same

domain shift, i.e., psir = psr.



Algorithm 1 Proposed method

Training Procedure
Stage 1 Train CoGAN-IR to capture the joint distribu-
tion of (z%", xi") by optimizing Eq. (3).
Stage 2 Model the domain shift explicitly:
2.1 Generate a set of paired samples (T
CoGAN-IR,;
2.2 Extract the representations R(Z%") and R(Zi")
with CoGAN-IR and calculate their element-wise
difference as 0" = R(ZV") © R(z{");
2.3 Train GAN*"'/t to capture the distribution of §i"
by optimizing (4).
Stage 3. Train CoGAN-R to capture the joint distribu-
tion of (z%,x}):
3.1 Train GANY to capture the distribution of z7;
3.2 Initialize the parameters of the non-shared layers
in GAN} with their counterparts in GANY
3.3 Fix the shared layers in GANY, and train the non-
shared layers by optimizing Eq. (6).
Testing Procedure
Stage 1 Train the classifier hs(-) for X7 in the source
domain;
Stage 2 Generate a set of paired samples (%,
CoGAN-R;
Stage 3 Predict the label of 2] and assign it to Z; for
each sample pair (Z7, Z});
Stage 4 Train a classifier i (+) for Z with the constraint
ho(27) = h(&).

,Z4) with

#7) with

Correspondingly, first, we consider the source-domain
branch, i.e., GANT, as an independent GAN and train it to
well capture the distribution of the available X7 . Following
that, we fix the parameters of GAN] and adapt the parameters
of GANY, to preserve the domain shift by treating its shared
layers and non-shared layers differently. The target-domain
branch GANJ is an approximation of an independent GAN,
ie, GANJt = {g5*, f5*}, which optimizes the following
objective function:

Eorep, 7‘[ log f37 (x})]
Tt ®)
By, [log(l— (g5 ).

maxmin V(f1*, g5*) =

However, as X; is not available, Eq. (5) is not directly
solvable.

The shared layers are the layers that deal with the high-
level semantic concepts for both GAN] and GAN5. They are
the bottom layers in the generators and the top layers in
the discriminators. We mark the shared layers by vertically
double-headed arrows in Fig. 3. The parameters of these
shared layers in GANY are simply copied from GAN] to
guarantee that the two branches (i.e., GAN] and GAN3) deal
with the high-level semantics in the same way.

The non-shared layers in GANY deal with the low-level
features in the target domain. As both the samples z%" and x5
originate from the same domain, we expect to process their
low-level features similarly. Thus, we initialize the parameters
of the non-shared layers in GAN?, by the parameter values that
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were learned in GANY" (marked by dotted rectangles in Fig. 3).
These initialized parameters are further fine-tuned for domain
shift preservation across tasks. We adapt the parameters of the
non-shared layers and let CoGAN-R to produce 6, = R(Z})o
R(Z7), which is indistinguishable from 6:", where &7 and 7}
are the paired samples that are generated from the same noise
z". Mathematically, we fine-tune the parameters of the non-
shared layers based on the following objective function:

Pin V(g5 f5) = Berp.r [~ log(1 - £ ©)

In summary, while the shared layers in GAN}, are initialized
based on GAN7] and frozen for high-level concept consis-
tency, the non-shared layers in GANY are initialized based on
GANY" to mimic its low-level feature processing. The non-
shared layers of GANY are further fine-tuned for domain shift
preservation across tasks.

2) Testing: Considering the classification task as an exam-
ple, we evaluate our method and learn a model for the unseen
target domain in RT with the following four stages. The first
stage trains a classifier hs(-) for the source domain with the
available data X. The second stage generates a set of paired
samples (Z",%}) with CoGAN-R. The third stage predicts the
label of Z by hs(Z%) and assigns it to Z}. The fourth stage
trains a classifier i, (+) for the generated target-domain samples
Z} with the constraint hy(Z7) = h(Z}), which ensures that
the paired samples have the same high-level concepts.

IIRT: source @8 & target (] .‘

ST

% @%3 .:i;y\‘)

l RT: source ()[_]& target @ .‘

(a) ZDDA (b) CoCoGAN

Fig. 4: Ideal resulting representation spaces of three methods
(best viewed in color). (a) ZDDA: representation alignment
across domains in both tasks; (b) CoCoGAN: representation
alignment across tasks in both domains; (c) Ours: alignment
of element-wise differences (marked by solid lines for RT and
dotted lines for IRT) across tasks.

D. Discussion

To highlight the differences between our proposed model
and the state-of-the-art models, we conduct a theoretical
analysis in this section to compare our method with two
established methods, namely, ZDDA [15] and CoCoGAN [16].
Fig. 4 visualizes all the ideal result representation spaces
for these three compared methods, which clearly show that
the three compared methods address the problem of ZSDA
with different alignment schemes. While ZDDA [15] realizes
representation alignment across domains in both tasks and
CoCoGAN [16] realizes representation alignment across tasks
in both domains, our method learns to align the cross-domain
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difference (marked by solid lines for RT and dotted lines for
IRT in Fig. 4 (¢)) in the two tasks.

In principle, ZDDA [15] learns to approximate the target
representations by their correspondences in the source domain.
It achieves the approximation in IRT by minimizing the
representation difference between the paired samples. This
approximation is expected to hold in RT, too. The underlying
logic behind this method can be expressed as follows:

min : IR(zY) = R(ai")|* = R(aY) ~ R(ap), (D)

ir pir
(zir,a}

where (27, 2i") and (27, %) are paired samples in two tasks.
Fig. 4 (a) visualizes the ideal representation space of ZDDA, in
which every target sample is close to its corresponding source
sample for both tasks.

In a conditional network, CoCoGAN [16] establishes a
cross-task alignment in the source domain by maximizing the
overlap between the representations of two tasks (i.e., R(X")
and R(X7)), and this alignment is expected to hold in the
target domain, too. Its learning logic can be described as
follows:

max (R(XT)NR(XD) = R(zp) € RIXY), @)

where R(x}) € R(X]") denotes that the target representation
R(z}) in RT lies in the region that is spanned by the IRT
representations, i.e., R(X;"). Compared with ZDDA [15],
which learns to realize cross-domain approximation based on
corresponding samples in IRT, CoCoGAN learns based on
independent samples. While CoOCoGAN can align RT and IRT
globally in both domains, it does not consider the category-
level alignment and, thus, cannot ensure that the two tasks
have a shared domain shift. As a result, CoOCoGAN cannot
guarantee that the target representations are discriminative
in RT; an example is presented in Fig. 4 (b). The square
and the circle (two categories in RT) are indistinguishable
from each other in the target domain, which is due to the
asymmetric category-level alignments in two domains. The
square is aligned with different categories in two domains,
namely, a cylinder in the source domain and a cube in the
target domain.

In contrast, our proposed method enforces a shared domain
shift between the tasks, and the logic can be expressed as
follows:

GANMIE 51 = 67 ~ GAN®MTE, ©9)

where 0" = R(3") © R(zi") and 87 = R(2") © R(Z}) are
the element-wise differences between paired samples in the
representation space. In the resulting representation space, as
shown in Fig 4 (c), the differences between the paired samples
in RT (marked by dotted lines) are indistinguishable from
those in IRT (marked by solid lines). While both ZDDA and
CoCoGAN consider the relationship between representations
across tasks and domains, our method directly considers the
difference between the representations (i.e., domain shift),
thereby providing a better implementation of the original
approach of borrowing the domain shift from IRT.

V. EXPERIMENTS
A. Image Classification

1) Dataset: First, we conduct experiments on four datasets
of gray-scale images. Both MNIST (Dj,) [31] and Fashion-
MNIST (Dp) have 70K samples in 10 classes, which consist
of handwritten digit images and fashion images, respectively.
NIST (Dy) [40] and its extension EMNIST (Dg) [41] include
letter images. In Dy, we use both the lowercase letter images
and the uppercase letter images; thus, we consider 41 K images
from 52 classes. In Dy, we merge the uppercase and lowercase
letters to form a balanced 26-class dataset with 14K images.

These datasets are in the gray domain (G—dom). We create
three more domains from G—dom for adaptation. As reported
by Ganin et al. [1], a sample I, = |I — P| in the color domain
(C—dom) combines the grayscale image I € R™*" with a
patch P € R™*"X3 in each channel, where the patch P
is randomly cropped from a color image in BSDS500 [42].
For an image I, the canny detector transforms it to its edge
image I. in the edge domain (E—dom), and the operation
I,, = 255 — I derives the negative image I, in the negative
domain (N—dom). Fig. 5 presents 48 example images from
four domains.

MNIST T\;‘;T'SOT” NIST EMNIST
Image
Color
Edge
Negative

Fig. 5: Example images from 4 datasets and their counterparts
in 3 domains.

Second, we evaluate our method on two publicly available
datasets. Office-Home [43] consists of more than 15K images
from 65 categories. The images correspond to four domains,
namely, Art (Ar), Clipart (Cl), Product (Pr), and Real-world
(Rw). In total, we have 12 combinations of (source, target)
domain pairs. VisDA2017 [44] contains approximately 280K
images from 12 categories. This dataset explores the relation-
ship between the synthetic images and the real images. The
synthetic images are generated by rendering 3D models under
various lighting conditions and angles.

2) Implementation details: We use convolutional neural
networks to implement both GAN and CoGAN. CoGAN-
IR and CoGAN-R have the same network structure so that
the domain shift is transferable between them, and the two
branches inside each CoGAN also share the same structure.
For the first four datasets, the generators have seven transposed
convolutional layers with stride 2 for up-sampling, and the
discriminators have five convolutional layers with stride 2 for
down-sampling and two additional convolutional layers for
binary classification. For the last two challenging datasets,
we use DCGAN [45] as the backbone to construct the four
branches of the two CoGANs. We transform the output of the
last convolutional layer of the discriminator into a column
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TABLE II: The accuracy (%) on Djys, Dr, Dy and Dg (bold-red indicates the best and bold-black indicates the 2nd best).

— RT MNIST ( Dap) Fashion-MNIST (D) NIST (D) EMNIST (D)
(Source, Target) | —pr: Dr Dn - Dt Dn Ds Dt Dr Dt Dr
DIVA [25] 759128 863430 ST.IE14 | 525455 5I3EL1  624%46 | 441130 39548 | 724130 S07EL1
JiGen [26] 616425 7T84+41 731434 | 477426 496445 609421 | 302441 370417 | 589449 49.9+35
MATE [24] 786429 827465 897424 | 505434 546457 621452 | 435458 441422 | 757454 514470
Epi-FCR [27] 743455 866435 888435 | 574412 568454 590+47 | 38.6420 436437 | 717443 541443
(G-dom, C—dom)| MMD-AAE [28] | 58844.1 693419 696459 | 393430 425152 498437 | 362458 40.043.6 | 630436 440+54
CoCoGAN [16] | 78.1406 924+1.0 95.6-12 | 568413 567409 668+15 | 41.041.1 449417 | 750409 548+0.9
ZDDA+PD [15] | 734419 898424 035415 | 507400 439411 647+16 | 348428 403128 | 692430 56.7+3.7
ZDDA+DC [15] | 695414 839423 863427 | 457428 412420 59.642.1 | 293+15 374417 | 527426 408441
Ours 829413 944128 953114 | 591408 586422 631427 | 464129 465440 | 736420 583+16
DIVA [25] 81731 872171 805133 | 613530 584136 675543 | 440525 413E37 ] 758420 5471638
JiGen [26] 687424 T80L55 724472 | 594449 460458 591421 | 428424 326474 | 642436 546438
MATE [24] 768423 89.946.1 886443 | 624440 S63+15 67.642.6 | 473142 344426 | 694+7.1 564441
Epi-FCR [27] 747473 919425 87.6450 | 587458 565438 656440 | 483135 455139 | 732444  577+43
(G-dom, E-dom)| MMD-AAE [28] | 577433 725423 747438 | 527447 502443 594437 | 435432 366433 | 657441 473458
CoCoGAN [16] | 796412 949405 954407 | 61.541.1 575+14 7L0+08 | 480408 363+12 | 779413 58.6+14
ZDDA+PD [15] | 725448 O15+13 932427 | 541443 540459 658440 | 423+£18 284439 | 736419 60.7+3.9
ZDDA4DC [15] | 684+16 847120 864+13 | 477432 512419 577+13 | 412430 312421 | 664+27 532416
Ours 847424 939416 955421 | 648410 604+23 733118 | 502420 434114 | 792414 647426
DIVA 23] 760147 763120 882133 | 625552 553147 706540 | 468133 SI1L62 | 770551 634123
JiGen [26] 625441 729431 794452 | 547438 477447 589454 | 365170 415447 | 679444 551431
MATE [24] 76,1448 815451 851432 | 692437 532455 663439 | 489420 545464 | 759466 598453
Epi-FCR [27] 778458 843111 861438 | 680430 S48L38 677457 | 453479 555438 | 787456 61.0+38
(G-dom, N-dom)| MMD-AAE [28] | 83.1449 437449 644471 | 462455 208426 59247.1 | 438452 457485 | 694409 482+54
CoCoGAN [16] | 803+1.1 875407 931413 | 660+1.1 522408 693406 | 457405 538+10 | S8LILLI  565+1.1
ZDDA+PD [15] | 779448 882428 005408 | 614134 474424 627439 | 378425 467430 | 762428 534429
ZDDA+DC [15] | 672408 763429 842418 | 563416 477424 561437 | 326425 306416 | 621415 434+35
Ours 83.6+17 891116 942424 | 711413 580423 703119 | 49.6+3.0 574416 | 821425 652422
DIVA [25] 658145 891160 027E32 | 608L3.7 460L48 684L11 | 505144 3531553 | 783155 641543
JiGen [26] 560465 727440 800425 | 502423 322431 510439 | 371441 496425 | 688430 524462
MATE [24] 69.0+58 903122 865138 | 58.6433 555483 711164 | 451444 661416 | 647430 762422
Epi-FCR [27] 708461 862438 908449 | 62.6+54 528445 663117 | 487122 558438 | 830423 66.6+6.5
(C-dom, G-dom)| MMD-AAE [28] | 550468 739422 751443 | 400471 412456 639408 | 382443 381467 | 622454 63.8+4.7
CoCoGAN [16] | 732+13 896406 947404 | 611409 S507+12 702411 | 475411 577418 | 802417 674414
ZDDA+PD [15] | 674+42 857440 87.6447 | 551437 492425 595450 | 306434 237473 | 755417 520427
ZDDAADC [15] | 567+16 720420 764423 | 484421 452419 537+18 | 328417 206421 | 692426 47.6+1.6
Ours 762418 946409 952406 | 632412 543410 73.6+0.8 | 538+14 614+l | 843+12 TLSEL0

vector before feeding it into a sigmoid function. In both
architectures, the last two layers in the generators and the
first two layers in the discriminators are non-shared layers
for low-level feature processing in different domains. In all
datasets, the representation R(x) of the input z is defined
to be the feature map that is produced by the second-to-
last layer in the discriminators of CoGAN-IR. We construct
GAN*MIt with five transposed convolutional layers in the
generator and five convolutional layers in the discriminator.
We vary the input noise 2" to obtain A = {§i"|§ir =
R(z7(2"")) © R(z7(2'))),t = 1,2--- , N} and use them to
train GAN*"i/t,

For CoGAN-IR, we set the learning rate to 104, the
batch size to 32, and the weight decay to 0.005. We use
the ADAM algorithm to update the parameters with 30K
iterations. As reported in [33], the first momentum parameter
is 0.5, and the second momentum parameter is 0.999. For
GAN®"ft we initialize the parameters with a zero-centered
normal distribution and optimize them via stochastic gradient
descent (SGD). The batch size is 32, and the learning rate is
2 x 10~%. GAN*"/* is trained with 20K iterations. We train
GAN?’ in CoGAN-R with the same settings to train GANY".
After initializing the shared and non-shared layers of GANj
separately (as detailed in IV-C), we finetune its parameters
using SGD with 25K iterations. The learning rate is 1074,
and the batch size is 16.

3) Results: To the best of our knowledge, only two previ-
ously established methods rely on an IRT for deep learning-

based ZSDA from a single source domain, namely, ZDDA
[15] and CoCoGAN [16]. We denote the ZDDA model that
is trained with the paired data as the baseline ZDDA+PD.
To provide a wider evaluation of our proposed method, we
further introduce another baseline, namely, ZDDA+DC, by
replacing the Lo-loss of ZDDA [15] with a binary domain
classifier to render it applicable to datasets in which the paired
samples are not available. We also compare our method with
five established methods that learn from multiple (> 2) source
domains instead of relying on an IRT: DIVA [25], JiGen
[26], MATE [24], Epi-FCR [27], and MMD-AAE [28]. As
the training procedure of our method involves samples from
three sources (X", X", and X), we also learn the baselines
[24]-[28] based on samples from three sources for fair com-
parison. They are the three domains different from the target
domain in Office-Home and {X,rots, (X7),rote,(X])} in
the remaining five datasets, where rot,(-) (also adopted in
[24], [25], [28]) denotes the operation of rotating the sample
by an angle of .. In our experiments, we report the results with
a1 = ag = 45°, which can endow the source samples with
sufficient diversity. The conclusions remain the same when the
angle value is changed to 15°, 30°, or 60°.

With the first four datasets, we test the domain shift transfer
across three classification tasks on four (source domain, target
domain) pairs: (G,C), (G, E), (G,N), and (C,G). Given a
pair of domains, there are ten possible pairs of (IRT, RT) in
total. For increased similarity to real applications, our training
data do not include the paired samples. We partition the dataset
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Fig. 6: t-SNE visualization of the representations in two domains: “e” for G—dom and “[J” for C—dom (best viewed in color).

of the IRT into two non-overlapping halves, and the training
set consists of the source-domain samples in the first half and
the target-domain samples in the second half.

Tab. II summarizes the average classification accuracy over
ten runs. Our method performs the best on average and realizes
the highest accuracy in 31 of 40 settings. As a representative
method for extracting domain-invariant features from multiple
domains, MATE [24] is the second best model and performs
the best in four settings. According to the comparison between
[24]-[28] and our method, our new strategy of domain shift
transfer is promising for the task of ZSDA. In comparison with
ZDDA+PD [15], our method realizes higher accuracy with less
supervisory information (does not rely on the correspondences
between dual-domain samples in IRT). In the adaptation from
G—dom to C—dom with Dj; as RT, our method realizes the
accuracies of 94.4% with Dy as IRT and 95.3% with Dg
as IRT. These accuracies exceed those of three established
methods (including 86.7% in [46], 89.5% in [47], and 94.2%
in [48]) that rely on the availability of the target-domain data in
the training stage. With GAN*"*/* modeling the domain shift
explicitly, our method performs efficiently in applications with
many target domains as it can conduct shift transfer from one
IRT to multiple RTs. In contrast, the previously established
methods require a new round of training whenever either RT
or IRT changes. Fig. 6 illustrates a visualization of representa-
tions in both G—dom (marked by the solid dots) and C—dom
(marked by squares). For demonstration, we only visualize
the first five categories in each of the three datasets. The
discrepancy between these two domains is readily identifiable
for each dataset, and the representations are discriminative.

TABLE III: Average accuracy (%) on Office-Home

Target Ar Cl Pr Rw
Source Cl Pr Rw| Ar Pr Rw| Ar Cl Rw | Ar Cl Pr
DIVA [25] 68.4 61.4 69.7 74.1

JiGen [26] 64.0 58.5 76.5 78.1

MATE [24] 65.7 50.5 74.6 65.0
Epi-FCR [27] 72.1 62.6 76.8 72.8
MMD-AAE [28] 71.5 57.3 65.7 68.5
CoCoGAN [16] 66.7 57.6 69.2| 62.2 53.4 51.3| 69.5 74.0 65.8| 74.5 66.4 71.7
ZDDA+DC [15] 67.4 60.9 68.1| 53.2 40.6 43.4| 61.4 57.0 50.3| 68.8 68.4 62.4
Ours 72.6 74.5 73.4| 62.3 61.8 66.7| 73.8 75.9 82.7| 77.7 76.6 75.2
ours+voting 80.4 78.3 90.8 86.4

As it is difficult to identify homogeneous datasets for the
last two datasets, we transfer the domain shift across categories

TABLE IV: Average accuracy (%) on VisDA2017

Nq 4 5 6 7 8

DIVA [25] 69.8£2.5 683+1.6 63.7£3.3 59.0£3.8 57.0£4.5
JiGen [26] 732427 68.0+£52 659438 63.7+5.6 59.7+2.6
MATE [24] 68.5+4.0 68.7£3.2 61.4+£3.1 56.5£5.6 509+43
Epi-FCR [27] 728434 69.3+55 66.9+53 61.2+49 549+5.0
MMD-AAE [28] 685+58 604425 594433 534424 45.0+2.7
CoCoGAN [16] 713+£1.3  694+24 61.6+£23 609426 56.0+1.7
ZDDA+DC [15] 624425 59.7£10 614%+1.7 525+1.8 50.9+2.1
Ours 76.8+1.2 743+14 70.4+0.9 68.4+1.7 64.4+1.2

inside a dataset. The RT involves a subset of the categories
and the IRT involves the remaining categories for a specified
pair of domains. Let N, be the number of categories in the
RT. Tab. III presents the results with N, = 25 for all twelve
possible (source, target) domain pairs on Office-Home. The
baselines [24]-[28] use all the samples in their three source
domains for training, and their training sets are approximately
1.5 times as large as ours. In terms of average accuracy, our
method performs the best (72.77%), followed by Epic-FCR
[27] (71.08%) and JiGen [26] (69.28%). If we use a voting
method to combine the results from the three source domains,
the average accuracy that is realized by our method becomes
83.98%, which significantly exceeds those of all the baselines.
Tab. IV presents performance comparisons of all considered
methods on VisDA2017 in the adaptation from the synthetic
domain to the real domain, with the parameter N, taking the
values of 4, 5, 6, 7, and 8. Our method realizes the highest
accuracy and outperforms the baselines by > 3.5% in all
five cases. Baseline MATE [24] cannot perform well on these
two datasets (in comparison with the first four) since these
two datasets are more challenging. In the task of ZSDA from
multiple source domains, Epic-FCR [27] and JiGen [26] are
the best two choices for the last two challenging datasets, and
MATE [24] is the best choice for the first four easier datasets.

On Office-Home, we conduct an ablation study in which
we evaluate the contributions of our three key components by
replacing them with their alternatives. First, a task classifier
can replace GAN*"*f? to realize domain shift transfer (Xfer).
We can use a task classifier to identify the task label of the
representation difference between the paired samples, i.e., to
discriminate ¢}, from 6;7". Second, the operation between the
representations of the paired samples can be changed from
element-wise subtraction (i.e., ©) to concatenation for domain



TABLE V: Ablation study on Office-Home: “v'” indicates that
the component of our method is adopted and “ —” indicates
that the alternative is adopted.

Xfer Shift Init | Pr— Ar  Rw— Cl  Rw— Pr Ar — Rw | Awg.

- - = 489+3.7 403428 46.0+23 45.6£1.2 45.20
- - v 55.64+2.9 50.7£3.5 52.54£35 56.3£1.1 53.78
- v = 52.1£3.8  53.042.1 59.3£1.3 56.5£2.5 55.23
v - = 544429 49.5+1.8 63.3434 57.243.0 56.10
- v Vv 67.6+1.2 634429 739427 65.1+2.9 67.50
v - 714424  58.0+£2.6 69.1+3.7 70.5+2.7 67.25
v v = 70.0£1.2  60.94+2.5 76.4423 T1.7£2.1 69.75
v v v 74.542.5 66.7+1.3 82.74£2.2 77.743.8 75.40

shift modeling. Third, we can initialize (/nit) the non-shared
layers of GANY by a random method instead of copying them
from GANQT. Tab. V lists the results, where the notations “v’”
and “ — 7 indicate the adoption of our components and their
alternatives, respectively. These three components can improve
the performance complementarily, which justifies their inte-
gration into our method. In the extreme case in which we
replace all of these three components with their alternatives,
the average accuracy drops significantly by 30.2%.

|Reported The 2nd best (SGD, 16) (ADAM, 16) (SGD, 32) (ADAM,32)|
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Fig. 7: Robustness study: accuracy vs.learning rate under
various (optimization method and batch size) settings. We
divide the std by 4 for visualization.

Considering two (IRT, RT) pairs as examples, namely,
(Dpry Dp) and (Dp, Dys), we evaluate the robustness of
our method against the variations of the hyperparameters and
the optimization methods in the adaptation from G—dom to
C—-dom. Here, we train the model with the same optimization
method (ADAM or SGD), learning rate (5 x 107°,1074,2 x
104, or 5 x 10~%), and batch size (16 or 32) at all stages
and plot the accuracies in Fig. 7. This figure also shows the
reported accuracies that are realized under our default settings
(dashed red) and those of the second best model in Tab. II
(dashed blue). The second best model is MATE [24] in (a)
and Epic-FCR [27] in (b). Our method always outperforms
the second best model with a learning rate of either 10~
or 2 x 10~*. With these learning rates, our method can
realize even higher accuracies than the reported accuracies on
these two adaptation tasks. In comparison with SGD, ADAM
performs slightly better with our model when both the learning
rate and the batch size are fixed.

With CoGAN-R, we not only learn the models but also syn-
thesize data for the unseen target domain. Regarding G—dom
as the source domain, Fig. 8 visualizes the generated images in
the other three domains. The generated images are in the same
style as the real data in the corresponding datasets. Let (27, 1)
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Fig. 8: Synthesized images in three domains.
TABLE VI: Average overlap ratios between the generated

target-domain images and the images that are obtained via
the procedures that are detailed in Sec. V-Al.

Dy Dr Dy Dg
E—-domain 0.943 0.857 0.921 0.906
N—-domain 0.961 0.875 0.932 0.894

be the synthesized image pairs. We quantitatively evaluate
CoGAN-R in capturing the joint distribution of dual-domain
data by calculating the average ratio of the overlapped pixels
between Z} and T(z%), where T(Z") is the transformation
result of Z7 that is obtained using the method that is detailed
in Sec. V-Al. As presented in Tab. VI, the high overlap ratio
validates the correspondence between the generated sample
pairs and demonstrates the capability of our CoGAN-R in
capturing the joint distribution of samples in RT. The overlap
ratio of the C—dom data is meaningless due to the random
patch sampling procedure in its creation method.

We also compare GAN; with the independent network
GANJ™ in generating the digit images of C—dom, and we use
the Fréchet inception distance (FID) [49] as a metric to assess
the similarity between the real samples and the generated
samples. Both GANS and GAN; ™' are initialized via the
same approach. While GANJ is optimized based on Eq. (6)
for domain shift preservation, GAN, " is optimized with real
target-domain samples based on Eq. (5). After convergence,
the FID of our method is only 4.6 lower than that of GAN; ™"
(50.7 vs. 55.3). Hence, GAN} performs similarly to GAN; ™
in generating high-quality data samples.

B. Semantic Segmentation

Semantic segmentation is an important task that enables
autonomous systems to interact properly with their surround-
ings [50]. Most semantic segmentation methods receive RGB
images as input. Here, we explore the possibility of learning a
model for depth images when only RGB images are available.
Such a method can enable depth-based systems to provide
continuous services in a specified environment to collaborate
with or replace RGB-based systems. We realize this by trans-
ferring the domain shift between the RGB data and the depth
data from a synthetic-world domain to the real-world domain.

1) Datasets: SceneNetRGBD [57] is a large synthesized
dataset for indoor scene analysis. It has 5M frames from more
than 16 K room configurations in the training set and 300K
frames from 1K configurations. This dataset provides a triplet
of (RGB, depth, semantic label map) for each frame.

NYUv2 [58] and SUN RGB-D [59] are two popular real-
world datasets for indoor scene analysis, where the RGB
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TABLE VII: Results on two datasets. Liu [51]* uses unlabeled and Handa Superv. [52]F uses labeled real depth data.

g = | 5 % £ < 2 = H 3" s
(P ¢ 3 2 ¢ E & 5 % 3 ¢ % £|3% &

Handa Superv. [52]T | 70.8 762 [59.6] 959 623 500 [I80] 613 422 86.1 321 | 525 672
Handa ZS [52] 679 47 412 677 879 384 256 63 163 438 00 886 10 | 376 553
ERFNet [53] 514 35 226 313 632 97 218 46 157 164 57 370 57 | 220 287
NYUv2 AT/DT [54] 437 24 313 421 790 279 382 7.1 321 318 83 660 205 | 331 467
M&MNet [55] 514 57 255 406 838 17.6 451 40 135 175 194 450 106 | 292 389
pixel2pixel [56] 605 7.0 435 381 87.1 379 555 154 430 253 62 683 261 | 395 540
Oursw/oEM 478 48 285 336 603 300 476 78 144 259 125 399 131 | 281 373
Ours.; 426 27 349 276 765 155 405 184 385 330 11.1 528 204 | 319 409
Ours 703 105 533 64.6 895 462 499 243 549 479 228 863 274 | 498 63.5
Liu [51]F 541 220 475 504 811 366 248 307 462 492 178 702 39.0 | 438 603
Handa Superv. [52]T | 75.6 [135] 692 73.6 938 520 37.1 168 572 627 88.8 365 | 53.1 755
Handa ZS [52] 46.1 52 436 548 631 374 232 107 122 298 00 836 1.0 | 316 548
ERFNet [53] 185 40 141 221 315 92 59 105 53 149 33 278 57 | 133 219
SUNRGBD | AT/DT [54] 197 131 257 283 789 298 159 129 85 229 60 685 168 | 267 493
M&MNet [55] 278 21 243 394 445 359 267 226 157 168 62 538 84 | 249 382
pixel2pixel [56] 446 115 392 517 646 340 238 151 453 209 154 696 99 | 343 508
Oursw/oEM 232 20 178 297 486 218 9.0 129 191 134 65 352 117 | 193 306
Ours,; 357 92 455 350 409 285 149 116 280 311 189 778 159 | 302 456
Ours 664 139 571 554 754 503 257 273 367 337 248 842 200 | 439 618

images, the depth images, and the semantic label maps are
available. NYUv2 consists of 795 training frames and 654
testing frames. SUN RGB-D consists of 5, 285 training frames
and 5, 050 testing frames.

2) Implementation details: The IRT and the RT denote
the scene analyses in the synthetic world and the real world,
respectively. The source domain consists of the RGB images,
and the target domain consists of the depth images. We train
CoGAN-IR to capture the joint distribution of the available
synthetic (RGB, depth) pairs, and we train CoGAN-R to
predict the joint distribution of the real (RGB, depth) pairs
by transferring the domain shift.

In contrast to previously established CoGAN architectures
and inspired by [60], we alleviate the training difficulty by
feeding the CoGANs two inputs, namely, the semantic label
map and its instance-level boundary map, as illustrated in Fig.
9 (a). While the former provides the global structure, the latter
differentiates instances of the same label, which can have large
depth gaps. Our training procedure uses (label map, depth)
pairs in the synthetic domain and (label map, RGB) pairs in
both domains. However, we do not use the correspondences
between the depth and the RGB in IRT.

(b) Output: RGB and depth image

(a) Input: label and boundary map

Fig. 9: Inputs and outputs of the generators in CoGANs

We build the generators in both CoGANs based on the
network with skip connections in [61]. The two generators
in a CoGAN share the bottleneck layer and the layers before
it. To enable the application of our method to this challenging
task, we train the CoGAN-IR with three stages by feeding
the network semantic labels of (i) the patches that consist
of a single instance, (ii) the patches that consist of two
neighboring instances, and (iii) the whole image. In this
way, the network gradually learns how to capture the joint
distribution of the (RGB, depth) images from an individual

object to complicated scenes and gains the ability to deal with
a large depth divergence. GAN*"i/* and GANY are also trained
via this strategy. The hyperparameters are the same as those
that are defined in Section V-A for each stage. We feed the
trained CoGAN-R label maps (for both the whole image and
the patch image) to produce a set of depth images. Then, we
use these (label map, depth) pairs to fine-tune the ERFNet
[53], which is pretrained on the synthetic depth data.

3) Results: We compare our method with eight baselines
on semantic segmentation of depth images. In [52], Handa
Superv. denotes the method that uses both synthetic and
labeled real data, and Handa ZS denotes the method for zero-
shot learning, which does not rely on the target-domain data.
Liu et al. [51] assume the target domain is available and use
paired (depth, RGB) for training. Handa Superv. [52] and the
method of Liu [51] are not zero-shot learning methods. In
contrast, the benchmarks [53]-[56] and our method do not
use real depth data for training. ERFNet [53] directly uses the
synthetic data and the RGB images. AT/DT [54] derives the
unseen depth images and, thus, a segmentation model for depth
is learnable. In M&MNet [55], while the encoder-decoder for
the (RGB, depth) is trained with only the synthetic data, that
for (RGB, label map) is trained with both the synthetic data
and the real data for fair comparison. Baseline pixel2pixel
[56] learns an RGB—depth translator based on the synthetic
data and uses it to derive depth images from the real RGB
images. All the benchmarks [54]-[56] also fine-tune the pre-
trained ERFNet [53] with their derived depth images. For
an ablation study, we also consider Oursw/0EM and Ours,; ¢
as the benchmarks. While Oursw/0EM removes the boundary
map from the inputs of CoGANs, Ours,; s replaces GANp; 7+
with a binary task classifier for domain shift alignment.

For both real-world datasets, we segment the depth image
into 13 semantic classes and evaluate the performance at
320 x 240 resolution. Tab. VII lists the accuracy on each
class and two metrics for overall assessment, namely, the class
average accuracy (c-avg.) and the global pixel average accu-
racy (p-avg.). ERFNet [53] realizes the lowest accuracy, which
provides evidence of the domain shift. In comparison with
all the zero-shot learning techniques [54]-[56], our method



performs the best and realizes the highest accuracy in 10
classes on both datasets. In terms of pixel average accuracy,
our method outperforms Oursw/0oEM by a margin of 26.2%
on NYUV2 and 31.2% on SUN RGBD, thereby demonstrating
the effectiveness of the boundary map in guiding the network
training. Our method also realizes significant performance
gains compared with Ours.; . Hence, a GAN network is more
suitable than a task classifier for domain shift transfer across
tasks. On SUN RGBD, our method even realizes higher overall
evaluation metrics than Liu [51] which uses the un-labeled
real-data for training. In addition, our method outperforms
Handa Superv. [52] in four classes on NYUv2 and two classes
on SUN RGBD (Tab. VII).

VI. CONCLUSIONS AND FUTURE DIRECTIONS

This paper proposes a new method that provides an effective
alternative solution for ZSDA and is based on the hypothesis
that different tasks may share the same domain shift for a
specified source domain and target domain pair. We learn
the domain shift from one task and transfer it to another by
bridging two CoGANs with a GAN. Our method defines the
domain shift as the distribution of the representation difference
between the paired samples and models it with a GAN. In
comparison with the state-of-the-art methods, our method can
not only learn models for the unseen target domain but also
generate target-domain data samples. Extensive experiments
show that our proposed method is effective in transferring
knowledge in both image classification and semantic segmen-
tation in comparison with the state-of-the-art methods.

We identify two directions for further investigation. First, we
explore the possibility of transferring the domain shift from an
easier IRT to a more challenging RT. To learn a transferable
domain shift from an IRT to an RT, our method implicitly
assumes that the IRT is similar in difficulty to or more
challenging than the RT. However, in practical applications,
the RT could be more challenging than the IRT. To address
this problem, we will attempt to introduce a self-supervision
mechanism to render the IRT more challenging and, hence,
simultaneously enhance the transferability of the domain shift.
For example, we may rotate the IRT samples and predict both
their labels and their rotation angles. Alternatively, we may
use unsupervised learning techniques [62] to change the IRT.
Second, we will explore freeing our method from dependency
on the IRT-data. Our training procedure relies on not only the
source-domain samples in the RT but also the dual-domain
samples in the IRT. However, the data samples in the IRT could
be unavailable in various applications due to privacy concerns
in practice (e.g., biometric data). One possible solution is to
learn the transferable domain shift based on the pre-trained
IRT models instead of the IRT data.
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