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ABSTRACT

Neural network-based models have recently shown excellent performance in various kinds of tasks. How-
ever, a large amount of labeled data is required to train deep networks, and the cost of gathering la-
beled training data for every kind of domain is prohibitively expensive. Domain adaptation tries to solve
this problem by transferring knowledge from labeled source domain data to unlabeled target domain
data. Previous research tried to learn domain-invariant features of source and target domains to address
this problem, and this approach has been used as a key concept in various methods. However, domain-
invariant features do not mean that a classifier trained on source data can be directly applied to target
data because it does not guarantee that data distribution of the same classes will be aligned across two
domains. In this paper, we present novel generalization upper bounds for domain adaptation that mo-
tivates the need for class-conditional domain invariant learning. Based on this theoretical framework,
we then propose a class-conditional domain invariant learning method that can learn a feature space
in which features in the same class are expected to be mapped nearby. We empirically experimented
that our model showed state-of-the-art performance on standard datasets and showed effectiveness by
visualization of latent space.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

Recently deep learning-based artificial intelligence has demon-
strated excellent performance in computer vision, natural language
processing, and a variety of other applications. State-of-the-art
models in classification, regression, unsupervised learning, and re-
inforcement learning sometimes show performance even better
than that of humans. However, deep learning-based artificial intel-
ligence models require large-scale datasets for training the model,
and the cost of gathering labeled data for training is an obstacle
for the real-world application of deep learning.

Machine learning assumes that training data and test data are
from equal distributions so that we can train a model on train-
ing data and implement a real-world application on unlabeled test
data. In the real world, however, it is difficult to generate enough
labeled data similar to unlabeled real-world test data.

In contrast to machine learning models, humans can trans-
fer knowledge across different tasks, generalize their knowledge
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among different domains, and learn from a few examples. Inspired
by human abilities, transfer learning uses knowledge of labeled
training data to improve performance on other data [1].

Domain adaptation is an aspect of transfer learning which at-
tempts to learn a model by using massively available labeled
source domain which performs well on target data. Domain adap-
tation assumes that the two domains are defined for the same task
and that the source and target domains are similar but in different
distributions.

There have been various approaches related to domain adapta-
tion [2-10]. There was a theoretical analysis that the risk of the
target domain can be bounded by the risk of source data and
the discrepancy between two domains [2]. Based on this theory,
some attempted to learn a transferable representation by reduc-
ing the Maximum Mean Discrepancy (MMD) between the source
and target domains [4-7]. Another approach assigned an impor-
tance weight to each instance of target data [3,9].

Recent trends in domain adaptation, inspired by the genera-
tive adversarial network (GAN), are attempting to learn transfer-
able representations that are indistinguishable from the features of
the source and target domains using minimax games [11-13]. By
using this approach, we can learn a representation that cannot be
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distinguished by the domain it came from. Then, by using a clas-
sifier trained on source data features, we can apply the classifier
directly on a hidden representation of target data.

However, a domain invariant representation-based approach
does not take into account the class label information of the source
and target domains, focusing only on their indistinguishable global
distribution. Therefore, there is no guarantee that embedded fea-
tures of source and target domains with the same label, will be
distributed similarly in an indistinguishable representation. If so,
there will be large discrepancies in the decision boundaries of
the ground truth classifiers of the source and target domains, so
a classifier optimized for the source domain sample may not fit
well with the target sample. Therefore, if we can learn a class-
conditional representation that true classifiers (ground-truth classi-
fiers) of the source and target samples can be similar to each other,
the source domain-based classifier will perform better in the target
domain.

Some of the existing methods focused on this issue of learning
class-conditional distribution, i.e. joint alignment. Most of these
methods [4,14-18] use pseudo label induced by label classifier
and minimized the difference between data means between source
and target data. This means the matching based approach showed
prominent performance in class conditional domain adaptation
problems.

Fig. 1 motivates the need for compact class-conditional do-
main invariant representations. An example of a hidden repre-
sentation when a non-domain adaptation method is applied di-
rectly to target data is shown in Fig. 1a. Because the two do-
mains are embedded separately in the latent space, the model
degrades in the target domain. Comparatively, domain invariant
representation-based methods [10-13] make the classifier work
better in the target domain, as shown in Fig. 1b. However, we
still can see that domain invariant learning is not enough to tailor
the classifier to the target, because it does not take into account
the class conditional distribution of the source and target domains.
Fig. 1c shows that learning a compact class-conditional distribu-
tion on both source and target domains can help an optimized
classifier in the source domain to generalize well in the target
domains.

However, previous pseudo label induced mean matching meth-
ods heavily depends on label classifier to learn class conditional
distribution. If the label classifier does not provide an appropri-
ate decision boundary for target samples, it may have the problem
of false pseudo labels and lead to incorrect class conditional learn-
ing. In addition, there was not much theoretical background on the
need for class conditional learning.

To this end, this paper presents a novel generalization bound
for domain adaptation that supports the need for the class-
conditional compact representation. Based on this theoretical
framework, we develop a novel domain adaptation algorithm to
learn a compact distribution of class-conditional domain invariant
representation. The method introduces a new loss function that
makes embedded features of source and target domains with the
same label be similarly distributed in an indistinguishable repre-
sentation and avoids the difficulty of using the class-conditional
distribution information of the target domain. The soft assignment
of each target sample in latent space is calculated using similar-
ity with the center of the labeled source domain and it is inter-
preted as the probability of belonging to each label. We then opti-
mize the encoder to enhance prediction, so that each sample can
be included more compactly in the closest centroid as shown in
Fig. 1c.

Compared to previous class conditional learning methods, our
method has two advantages. First, our method does not rely on la-
bel classifier, since it only considers the distribution of each sample
in latent space. Second, while previous methods focus on match-
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ing the mean of the source samples and the pseudo labeled target
samples, our method focuses on every individual sample to learn
class-conditional distribution.

We can find the advantage of our method over the previous
pseudo labeling base method in Fig. 2. In this example, the goal
of class conditional learning is to distribute the red sample near
the red center and the blue sample to the blue center. The cen-
tral part of each figure highlights the advantage of our model. In
the center of the left figure, in the case when the classifier mis-
classifies target samples (blue samples in the red area), the previ-
ous methods make the examples with false pseudo label moves to
the opposite center which is a completely wrong direction. How-
ever, in the right figure, since our method relies on the distribution
of each sample, we can find that samples in the area in the cor-
rect direction. Moreover, while the previous method assigns equal
gradients to the samples that are in the same decision area, our
method treated each sample differently considering their distri-
butions. Based on this advantage, our suggested method can suc-
cessfully learn a class conditional distribution and achieve supe-
rior results. Detailed settings of these examples and analysis are in
Section 5.1.

To evaluate the proposed model, we first perform various image
classification tasks for digit recognition (MNIST, MNIST-M, USPS,
and SVHN. Then we use Amazon review data for sentimental clas-
sification. In classical domain adaptation experiments, our pro-
posed model showed superior performance compared to the pre-
vious domain invariant models. The visualization of the hidden
representation also showed that the model actually learns a com-
pact representation that the source domain-based classifier can
be better applied to the target domain. Experiments with large
data sets such as Office, Office-home, Office-Caltech, and VISDA
show that our method outperforms any previous state-of-the-art
model.

In summary, we list the key contributions of this paper as fol-
lows:

1. We propose a novel domain adaptation method called compact
class-conditional domain invariant learning. Compared to the
previous domain-invariant methods, our method aligns class-
conditional distribution across two domains. Our method is
simple and easy to apply to previous domain adaptation models
to enhance class conditional alignment.

2. We provide a theoretical framework to support class-
conditional invariant learning by presenting a new gener-
alization upper bound for domain adaptation.

3. Experimental results on classical and large dataset show that
the proposed method performs state-of-the-art classification re-
sults. In addition, feature visualization shows that our method
forces compact conditional distribution alignment between two
distributions.

2. Related work

There are two main approaches to solving the problems of
domain adaptation: the instance based approach and the feature
based approach. The first approach focuses on training a classifier
that can consider the difference between the two domains. This
approach tries to revise the training of the classifier by domain
adaptation terms in the loss function of the classifier. Sugiyama
et al. [3] used importance weighing p; = x!/x{ considering the dis-
tribution of source and target domains. However, since recent stud-
ies in machine learning are mainly based on representation learn-
ing and it handles unstructured data such as images or text data,
recent researches focus on feature based domain adaptation meth-
ods.
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Fig. 1. Comparison of previous methods and proposed domain adaptation method in toy example where alphabet A,B, and C refer to each labels and colors represent
domains. Fig. 1a: Distribution of hidden representation when there is with no domain adaptation methods. Fig. 1b: Previous domain invariant methods. Fig. 1c: Hidden
feature of our proposed method that attempts to learn class-conditional distribution. It has compact distribution conditional to the labels.
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Fig. 2. Comparison previous mean matching methods and our methods in toy example. x refers to center (u) of source samples and - means each target samples (x'),
while red and blue colors denote their true labels (y). Black line represents classification boundary, so the red and blue areas denote the pseudo labels, y =0 and j =1,
respectively. Black arrow represents gradient of each samples induced by class conditional loss function. (For interpretation of the references to color in this figure legend,

the reader is referred to the web version of this article.)

Feature based domain adaptation tries to find a transferable
feature in source and target domains. A transferable feature makes
the data from the source and target domains transferable in fea-
ture space Z so that a task specific classifier can be applied to
both source and target domains. Prior approaches tried to match
the distribution means in the reproducing kernel Hilbert space
[4]. In sentimental applications of domain adaptation, Blitzer et al.
[19] suggested structural correspondence learning which considers
mutual information of words for domain adaptation. There was an
approach that used batch normalization for matching the features
[20] and group sparse representation [21].

Recent trends of domain adaptation use deep learning based
approaches for transferable feature extraction. Glorot et al
[22] trained a deep auto-encoder to extract common features in
both source and target domains. Then trained a classifier with the
features on the labeled source domain and applied the classifier on
the unlabeled target data. Chen et al. [23] extended this approach
to marginalized denoising auto-encoders. Recently, there have been
approaches that used the idea of memory network [24] and graph
convolutional network [25] on domain adaptation problems.

Based on the idea of GAN, Ganin et al. [11] suggested Domain
Adversarial Neural Networks (DANN). This model tries to extract
a common feature that minimizes #-divergence derived by Ben-
David et al. [2]. Minimizing #-divergence makes data points of
source and target domain in feature space Z indistinguishable.

DANN uses a gradient reversal layer in a neural network to build
an indistinguishable representation function.

Recently many researches have focused on finding an indis-
tinguishable feature by using neural networks. Bousmalis et al.
[12] suggested Domain Separation Networks (DSN) which ex-
tract domain invariant feature as well as domain specific fea-
ture. DSN used a private auto-encoder and a shared auto-encoder
to source and target domains, and used similarity and difference
losses to extract common features between two domains. Tzeng
et al. [13] proposed Adversarial Discriminative Domain Adaptation
(ADDA) which uses different mapping functions for source and tar-
get domains and GAN loss for learning indistinguishable features.
Recently, Wu et al. [25] proposed a new model with a graph con-
volutional network (GCN) to reveal the geometric information of
two different domains. Through GCN, they extracted the source
and target feature and reduced domain distribution matching loss
with the kernel method.

However, unsupervised learning for extracting transferable fea-
tures [11-13,25] only enforces global domain statistics without us-
ing the information of conditional distribution on class labels. Re-
cently, there was a research that theoretically analyzed why learn-
ing invariant representation is not sufficient in domain adaptation
problems [26]. This paper showed a counterexample where do-
main invariant features lead to increasing error on the source and
target domains. Moreover suggested a new information-theoretic
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lower bound that shows there exists a trade-off between invariant
representation and small joint error.

Recent approaches to domain adaptation have focused mostly
on aligning the joint distributions of source and target domains.
Long et al. [4] tries to deal with this by aligning the class con-
ditional representation by the pseudo label in the target data by
using MMD and pseudo labels Zhang et al. [15] also used a sim-
ilar approach with [4], by learning two coupled projections with
source and target domains. There were also researches that tried
to matching both marginal and conditional distributions [14] and
balancing between those two terms [16,18]. These pseudo labels
and MMD based approaches have shown great success in learning
class conditional distributions. However, since these methods need
to solve the eigenvalue decomposition problem, it requires a high
computational cost. In addition, it has the problem of false pseudo-
labels, which can negatively impact performance. PACET [27] pro-
poses using a local triplet-wise instance-to-center margin to align
the joint distribution of both domains. Concurrent work by Wang
and Breckon [28] used iterative learning with selective pseudo la-
beling to deviate from the problem of false pseudo labels during
the beginning of the training. This is similar to our work in the
sense that it assigns a pseudo label by using the distance between
target samples and the class prototypes. However, while our meth-
ods use the probability of assignment, [28] takes only the maxi-
mum value and assigns a pseudo label for each target sample. In
this respect, [28] did not consider the distribution of each sample
in the latent space. In addition, similar to other MMD based meth-
ods [4,14,15], Wang and Breckon [28] require to solve the eigen-
value decomposition problem These approaches are not a deep
learning-based model, making it difficult to construct an end-to-
end model on large data sets and requires an add-on feature ex-
tractors such as SURF of DeCAF6 [29].

There are also deep learning based methods for aligning the
joint distribution of the two domains. JAN(Joint Adaptation Net-
work) tried to reduce moment matching between the feature of
source and target data by using kernel and tensor Product [30].
In particular, they consider the joint distribution of data by merg-
ing the output of the middle layers with the features of the last
layer. However, they did not use the label information to calculate
the J]MMD, which can be considered a lack of alignment. Unlike
other methods that focus on additional constraints on adversar-
ial training, Long et al. [31] proposed CDAN (Conditional Domain
Adaptation Network) that uses multiplicative interactions between
features and predictions in adversarial training and changes the
adversarial training by adding prediction information. Saito et al.
[32] proposed to consider task-specific decision boundaries for do-
main adaptation issues. They attempted to adjust decision bound-
aries by maximizing and minimizing discrepancies between two
separate classifiers. However, this system requires additional classi-
fiers, and optimization requires three steps to learn the appropriate
decision boundaries. Xie et al. [17] used pseudo labels and aligned
the centroid of each category between the two domains. To over-
come the problem of false pseudo-labels, they suggested moving
average semantic transfer loss (MSTN). Similarly, to alleviate the
false pseudo-labels problem, Chen et al. [33] proposed a method
that sequentially trains a model from easy target images, which
are similar to the source images, to hard target images, which are
different from the source images, considering intra-class variation
in the target domain. Another approaches to produce a similar rep-
resentation encoder with the joint distribution is considering joint
labels. Even if the inputs have the same label, if they belong to
different domains, they are considered as different labels. For in-
stance, Cicek and Soatto [34] constructed a joint classifier which
outputs domain-class label, e.g., source dog, source cat, target dog,
and target cat, to extract domain invariant features.
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To push further along these unsupervised domain adaptations
via joint alignment methods [17,31,32,35], we suggest a novel de-
sign of class-conditional invariant learning. While [31,32,35] re-
quire specific network structures, such as multiplicative interac-
tions or two separate classifiers or two feature translators, our
method does not require any additional networks or specific struc-
ture so that it can be applied to any previous domain invariant
learning structure. Similar to Xie et al. [17], our method attempts
to align the target sample to the centroid of the source domain,
taking into account class conditional distribution. However, unlike
[17], which matches the centers between the two domains, our
method aligns each sample to the source centroid so that it has
a much compact distribution near each centroid.

To extract label information for unlabeled target domains, pre-
vious studies [17,31,35] used classifier prediction. However, using a
classifier prediction as a pseudo label may not be accurate enough
because it does not guarantee that the classifier in early epochs
works well with the target data. They used entropy condition,
moving average, and truly domain invariant features to solve this
problem. We suggest using soft assignment of each sample directly
in the latent space, instead of using classifier prediction for the
pseudo label. In this way, we can focus on learning the proper rep-
resentation of the latent space without resorting to classifiers.

3. Theoretical framework
3.1. Domain adaptation setting

We introduce an unsupervised learning algorithm that transfers
information from a large labeled source domain to an unlabeled
target domain. We consider classification tasks where ' is an input
space and ) is an output space. In the domain adaptation settings,
we have two distinct distributions over & called source domain DS
and target domain D' where S = {(,¥))eD*xY:i=1,.,Ns}
represents a labeled source data of Ny samples, distributed accord-
ing to a source density ps(X,y), and {x3 eD!, j=1,.., N} indi-
cates an unlabeled target data of N; samples, distributed accord-
ing to a target density p:(x) with unobserved labels distributed
according to p:(y|x). As usual, we assume that the source and the
target domains satisfy the covariate shift condition, i.e. ps(y|X) =
pe(y[x).

Following the notations of Ben-David et al. [36], given a true
target concept or labeling function c: X — [0, 1], and given a hy-
pothesis set # = {h: X — {0, 1}}, the generalization error (or risk)
of a hypothesis h € # in a domain D° are defined by

€ps (h, €) = Ex-ps[|N(X) — c(X)[] = Prx-ps[h(X) # c(X)]

For more simplified notation, we use e€ps(h) =é€ps(h,c’) and
€pt (h) = €p¢ (h, ct) where ¢t and ¢® denote true target functions of
source and target domain, respectively. If we let D5, and D!, are
samples of size m each independently drawn according to the dis-
tribution DS and Df, respectively, then the empirical error of h € H
in a domain DS is defined by

€p,, (h.0) = % > Thoxyecn
X;€D},

To give a rigorous model of domain adaptation, Ben-David et al.
[2] defined the set of disagreement between two hypothesis in
# by the symmetric difference hypothesis space HAH = {h : X —
{0, 1}A(X) = h(x) ® I (X), h,h’ € H} where @ is the XOR function.
The HAH divergence measures discrepancy between two different
domains and is defined by

dyan (D, D') = 2 sup |Prxp:[h(X) # h'(X)]
hhen

—Prype[A(X) # I X)]| (1)



W. Lee, H. Kim and J. Lee

=2 sup |eps(h, W) — epc (h, )] (2)
hhen

They suggested using proxy distance to easily approximate

dyay (D5, DY) by the following empirical HAH divergence between

samples of size m each given by

A A |1 1
dyan (D5, DY) =2<1 — _min {m > Tigy—o + 7 > 1,;@)_1]),

henan x;eD5, x;eDt,
(3)

which train a classifier h(x) =h(x)® h’(x) that discriminates
points between source and target domains where h is labelled with
h(x;) = 0 if x; is from a source domain and 1 if x; is from a target
domain. It is easy to show that if we let err(h) denotes empirical
error of classifier i on the task of discriminating points between
source and target domain, then the empirical #A#H divergence be-
comes

dyan(Dyy. D) =2 (1 - zggl-[iAnH err(g)) (4)

Utilizing these concepts and the PAC learning framework in
Mohri et al. [37], Ben-David et al. [2] derived the following gen-
eralization error bound on the target risk as: For any § > 0 with
probability at least 1 —§, for every h € A,

1 PN
€pe(h) = €p:(h) + 5dyar (Dp. D) + 47

(5)

4\'/ZVCdim(?-l) log(2m) + log 2
+ m
where VCdim(#) is the VC dimension of # and

A" = inf[eps (h) + €p (h)] (6)
heH

denotes the combined error of the ideal joint hypothesis h* that
minimizes the combined source and target errors. The first term
in the bound is the source error, the second term measures the
distance between unlabeled samples of source and target domain,
and the third term refers that the bound depends on the A* which
is the optimal joint risk.

Since minimizing the second term of (5) lowers the generaliza-
tion bound risk of the target domain in domain adaptation, various
researches focused on learning invariant features by using unsuper-
vised learning [11,12,22]. Since labeling function f: Z — Y works
on feature space Z, previous algorithms tried to find a feature
transformation g: X — Z such that the induced source (D%) and
target distributions (D% ) are close. At the same time, these meth-
ods also tried to learn a classifier on the feature space Z that min-
imizes the first term, i.e. empirical error on the labeled source do-
main.

3.2. New generalization upper bounds

The generalization error bound of (5) is in general not sufficient
to minimize the expected target domain error for domain adapta-
tion problems, since learning the indistinguishable representation
of the source and the target domains do not guarantee that label
conditional distribution between two domains are similar. There-
fore a classifier that was supervised trained by labeled source do-
main may not show the same performance in the target domain,
especially when the true labeling functions f: Z — Y that work
for induced source and target distributions are different. Also, it is
in practice hard to compute the optimal error A* in Eq. (6). As in-
tractable term A* exists in the error bound, minimizing only the
first two terms is not sufficient for domain adaptation.
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In this paper, we extend the theoretical upper bound for binary
classification to multi-classification case (with K-classes) and will
provide a new generalization upper bound for domain adaptation
that does not contain intractable term A.

Given a true target concept or labeling function c: X — Yy
where Vg = {1,2,...,K} (mono-label case) or YV = {0, 1}¥ (multi-
label case), and given a hypothesis set # = {h : X — Y}, the gen-
eralization error (or risk) of a K-class hypothesis h € # in a domain
DS are defined by

€ps(h) = €ps (h, ©) = Ex-ps[|h(X) — c(X) [|x]

where || - || is the Hamming distance that measures the num-
ber of different components in two vectors. €y (h) = €p: (h, ¢t) are
similarly defined. We define the symmetric difference hypothesis
space on H by HAH ={g: X — Y¢lg(X) = h(x) @ W' (X), h,h’ € H}
and the #A%H divergence measures discrepancy between two dif-
ferent domains by
Ay (D°, D) = 2 sup |eps(h, ) — e (h, )| (7
hWeH

Let Z refer to a hidden feature space that is shared between
both the source and the target domains and is induced from the
input space X by using a representation function ge G ={g: ¥ —
Z} where g(x) =z for any random variables x e X and z e Z. If
we denote f e F={f:Z — )} a labelling function that operates
in the induced feature space Z, then hypotheses he H ={fog:

feF, geg} are formed by the process X gz EA Yk where h =
fog= f(g(-)). We assume that the true labeling functions in the
induced feature space of the source and target domains are f5 and
ft, respectively where ¢ = ffog and ' = f o g for some ge G.

The following theorem gives a new generalization upper bound
on hypothesis space Hg = {f o g: f € F} stratified for g using com-
bined source and target training data.

Theorem 1. Let (D, = fiog) and (D', c' = f{og) be the source
and target domains, respectively, and let DS, and DY be induced
two distributions over Z by a representation function g: X — Z €G.
For any hypothesis h e Hg = {fog: f € F}, the following inequality
holds:

e ([o8) < ep (f08) + iy, (D%, D)
+min{Ezp: [ (@) = fo @) Ik Epepe [ f5 (@) — fe@ lIk]} (8)
Proof. See Appendix. O

As a result, the upper bound of empirical expected target er-
ror can be decomposed into three parts: The first term comes
from empirical source error. The second term is the Hg-divergence
between source and target domain stratified for a representation
function g. The third term corresponds to difference of true label-
ing functions between source and target domain in feature space
Z.

We next present empirical generalization bounds in the multi-
class domain adaptation setting. Following the notations and def-
initions of Mohri et al. [37], we first give the definition of the
Rademacher complexity that measures the capacity of a hypothesis
space by its ability to fit random data.

Definition 1 (Rademacher complexity). For a real-valued function
class # : X — [a,b] and a sample D5 = {X, ..., X} generated by a
distribution DS, the empirical Rademacher complexity of # with
respect to S is the random variable

. 1 &
R (H) = Eo| sup o Y aih(x) (9)

i=1

where o ={07,...,0n} are independent uniform {#1}-valued
Rademacher random variables. The Rademacher complexity of H is
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the expectation of the empirical Rademacher complexity over all
samples of size m:

PR (H) = Bos[Fips (H)] = Esg | sup — 3 o3 (x) (10)
hen M i—1

We define Ag(F) for a representation function g € G by
Ag(F) ={X—1,_pux : ¥ €k, feF}L

The label associated to point X is f o g(x) which is the one result-
ing in the largest score 1,_.g(x).

Let S={(x},y}) eD*xYy:i=1,..,Ns} represent a labeled
source data of Ny samples, and {XS' e D!, j=1,.. N} indicates an
unlabeled target data of N; samples. The empirical error loss for
multi-class classification is defined by

R 1«
éps(fog) = m Z Ty, fogxi)
i1

Now we are ready to present the following empirical risk bound
for multi-class domain adaptation for a mono-label Yy in the PAC
(Probably Approximately Correct) learning framework.

Theorem 2 (Empirical Risk bound for multi-class domain adapta-
tion). Let (D5, ¢ = f§ o g) and (D', c' = f o g) be the source and tar-
get domains, respectively, and let D5, and D%, be induced two distri-
butions over Z by a representation function g: X — Z € G. Then, for
any & > 0, with probability at least 1 — 4§, the following multi-class
classification generalization bound holds for all hypothesis h € Hg =

{fog:feF)

ep(fo2) < éps(fog) +4Khm(Ag(F)) +/ Bk + 2\/%

dlog 5%
m

+%dﬂgm{g(ﬁ§1, ﬁrtn) +4
+min{Ezps [[| f§(2) — fE@ k], Epope [ 5 (2) — fg @) Ik}

(11)

where d = VCdim(Hg). Furthermore, if a representation function g :

X — Z e G is chosen in such a way to make its induced two distri-

butions over Z, D%, and DY, be identically distributed (or similar to

each other), i.e. D5, ~ DY, then, for any § > 0, with probability at
least 1 -6,

en(fog) < ém(fog) + 4Koim(Ag(F))
+2/ 18 4 15 fs(z) — fiz) k]

Proof. See Appendix. O

log § (12)
2m

+2

In summary, the generalization bounds of Theorems 1 and 2 ex-
tend the existing bounds to multi-class domain adaptation prob-
lems and overcomes limitations of the previous approaches as
follows. Firstly, the second term in the margin upper bound of
(11) provides a tighter upper bound than that of the theorem
9.2 of [37], since Rm(Ag(F)) < Rm ([T (X)) where ITy (H) := {xX
h(x,y) : y € Yk, h € H}. Secondly, the last term in the upper bound
of (11) or (12) explicitly motivates the need for the supervised
class-invariance on the feature space Z induced from the input
space X by using any domain invariant representation function
candidate g.

4. Proposed method
4.1. Proposed model
4.1.1. Motivation

In the empirical risk bound for multi-class domain adaptation
n (11) of Theorem 2, the first risk bound (the first to the fourth
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terms) is the empirical source error which can be minimized by
reducing the supervised loss of labeled source data. The second
risk bound (the fifth and the sixth terms) is the empirical H-
divergence which can be minimized by building a domain invariant
representation. There were approaches using the gradient reverse
layer [11] or GAN loss [13]. However, the third risk bound (the last
term) is hard to minimize since we don’t have labeled target data.
With only unlabeled target data, we cannot in general expect how
does the true labeling function f* look like. We observe, however,
finding a feature space Z that makes true labeling functions f* and
ft similar can minimize this risk bound.

To find the representation space where true labeling functions
of source and target domain are similar, we propose a class-
conditional domain invariant method to learn a representation
function g: X — Z that tries the true labeling function of target
samples, ff, work similarly to that of source samples, f*, on the
induced feature space Z. To this end, we build an appropriate fea-
ture space Z in which data points with the same label are dis-
tributed compactly in either source and target domain in such a
way to make target labeling function f* work well on source data.

Fig. 1 shows a toy example with hidden representations. Fig. 1b
shows a domain invariant method where the global distribution of
source (blue) and target (red) domain samples are indistinguish-
able. In contrast, our proposed class-conditional model embeds the
distribution of source and target samples of the same class nearby
as shown in Fig. 1c. Moreover, since the sample distributions of
different classes are separated from each other, the true labeling
function f5 and f* can be similar to each other.

4.1.2. Class-conditional loss function

However, since there is no information about neither f* or la-
bels of samples of the target domain, the class-conditional distri-
bution of the target domain is intractable. To overcome this obsta-
cle, we used the concept of soft assignment in feature space Z as
in the t-distributed stochastic neighbor embedding which embeds
similar objects onto nearby points and dissimilar objects onto dis-
tant points. To obtain the information of labels in the target do-
main, we alternatively used distance-based soft assignment ¢;; in
representation space as an auxiliary label. We calculated the fol-
lowing g;; for each data i to measure the similarity between em-
bedded point z; and centroid u;:

e—ellzi—;l?

Y, e-olla-md? (13)

qij =
where g;; is the probability of assigning sample i to j and wu; is
centroid of source domain samples on each classes in feature space
Z.

N;
= z/N;
i=1

where N; is the number of source data whose true label is j.
Since we are calculating [? distance ||z; — ;|| on high dimen-
sional data, we set o as the hyper parameter to prevent overflow
problems in empirical experiments.

In our model z; are the data points of source and target do-
mains in feature space Z and p; is the centroid of data points of
the source domain of each label j. Therefore g;; can be interpreted
as an alternative auxiliary label of unlabeled data xf based on simi-
larity measure. Since domain adaptation assumes source and target
domains are from different but similar distribution, we assumed
that soft assignment based on similarity measure reflects real la-
bels of target data.

We expected that if we calculate soft assignment g;; in the ideal
jointly aligned representation, the values of g;; would have high
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Fig. 3. Illustration of mechanism of our method. Left figure shows initial embedding of single unlabeled target sample marked as U and right figure shows change of sample

embedding after optimization.

confidence of assigning the sample to one centroid, i.e., the prob-
ability should be skewed to a single class. It is because the dis-
tance between the closest centroid should be much closer than
the others. Therefore, we thought if we could learn an embedding
that strengthens the prediction of soft assignment, then we can
learn a compact representation that similar instances are embed-
ded closely.

To strengthen the prediction, we want to assign unlabeled tar-
get data points xlF closer to labeled centroid (4}, so that data points
of source data Xs = (x{,y; =L;) and target data X; = (x{,yf =L;)
with the same labels L; are distributed more compactly. We used
the concept of auxiliary target distribution p;;:

pii = (qi)"/ > (qip)"
@i/ i (ga)n

where n is the hyper parameter which strengthens the auxiliary
target distribution suggested by Xie et al. [38]. We define similar-
ity loss Ls which minimizes KL divergence loss between g;; and
p;j- Notice that minimizing KL-divergence in Eq. (14) can be in-
terpreted as self-training as mentioned by Xie et al. [38]. This loss
function gives unlabeled target data higher confidence predictions
based on its distance as follows.

Lecpr = KL(P||Q) = Z Zpij log
i j

(14)

Py (15)
qij

We refer our suggested loss function as CCDI (Compact Class-
conditional Domain Invariant) loss function.

Fig. 3 shows how our CCDI loss function works. As shown in the
left figure, the embedding of the target sample z; is not distributed
close to any centroid w;. However, by optimizing the encoder in
the direction of strengthening the assignment prediction, the em-
bedding of the target sample should be located close to its nearest
centroid as the right figure. We can find in the figure that as soft
assignment ¢;; has higher confidence in the prediction, the embed-
ding of the sample converges to the nearest centroid. In this paper,
we tried to achieve this by minimizing (15).

4.2. Model architecture

The architecture of our suggested model is illustrated in Fig. 4.
Our model is composed of one feature encoder Eg(X; 6;) parame-
terized by 6; which maps source and target data X; and X; into
hidden representation z; and z;. Then there is a label classifier
Cy(z; 05) parameterized by 6 that predicts task specific label y; of
each x;. There is one more classifier C;(z; 6;) parameterized by 6,
that distinguishes what kind of domain z is from.

Our model is trained by minimizing the following loss function
with respect to parameters 6g, 67, and 6.

L =Lt + ApLp + AcepiLecnr (16)

The first loss function L7 is supervised loss function that is applied
to labeled source samples. This loss function is related to first to
fourth terms of the (12) which implies empirical source error. It is
optimized by follows:

Ns
lgllel'l Lr (Xs, Eg, Cf) = - ny . logj?f
o i=1

Minimizing loss function L trains feature encoder Eg(X;6;) and
label classifier Cf(z; 8y). It forces hidden representation z to better
distinguish source data by label. It also trains the label classifier to
predict the labels of source data.

The loss function £p refers to the loss function suggested
by previous domain invariant methods. It reduces empirical H-
divergence that is corresponding to the fifth and the sixth term
in (12). While any deep learning based domain invariant learning
term can be used as £p, we applied the most widely used adver-
sarial training based methods (DANN [11], CDAN [31]) in our ex-
periment. The minimax optimization of adversarial domain invari-

ant training [11] is as follows:
Ns+N¢

max min Lp(Xs. X;. Eg. Cg) = — 3" dilogd; + (1 - d;)log(1 — dj)
g d i=1

where d; is domain label for sample i.

Lccpr is our suggested loss function introduced in (15). This loss
function forces the model to learn more compact class-conditional
distribution by strengthening the soft assignment g;;. We expect,
by learning the compact class-conditional distribution, the true la-
beling function f5 and f* can be similar to each other and reduces
the seventh term in the suggested empirical risk bound for domain
adaptation.

Dij

min Lecpi(Xs. Xe. Eg) = 3 ) pijlog o
g i i )

The detailed procedure of the proposed method is presented in
Algorithm 1.

5. Experiments

We evaluate our model on three different classification tasks.
First, we test the proposed framework on digit classification which
is representative of the simplest tasks. Simultaneously, we show
how our theoretical insight contributes to the improvement of
classification performance. Next, we expand our experiment with
more complicated image recognition datasets. Finally, to generalize
our framework, we apply our algorithm to the sentimental classi-
fication. In each task, we compare the results of our model and
several state-of-the-art methods with detailed analysis. The exper-
iments are implemented in the PyTorch.

In order to minimize Lp in Eq. (16), we basically adopt DANN
[11] as a domain invariant method. We call this method as CCDI in
the experiment section. Further, we propose CCDI* that follows the
domain invariant paradigm of CDAN [31]. In each method, we also
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Fig. 4. An overview of our proposed method. We introduce CCDI training framework that could train the encoder E; to have more compact representation considering label

information.

Algorithm 1: Compact Class-conditional Domain Invariant
(CCDI.
Input : source images and labels X; = {x], ...,xj\,s},
Ys ={y3. ...,y,‘vs}, target images X; = {x, ...,x}vt}.
Output: encoder Eg, label classifier Cy, domain classifier Cg.
for 1....,#epochs do
z={257'} = Eg({x%, x'})
for j =1, ..., #classes do
| it = Yiex 2/IK| where K = {K|y; = j}
end
|| Task Loss
7 =C(2°)
Lr =—3;y; - log¥;|| Domain Invariant Loss
d=G@
Lp=-Y;d; log&i + (1 —d;)log(1 - &i)// Class conditional
invariant Loss 5
gij = e~ llz=15l1° 5, e-elizimull?
pij = {(@)"/ i@/ ki)™ / 2i Qi) "™}
Leepr = X2 22 Pij10g(pij/4i;) || Update model weights with
some optimizer, e.g. SGD
L =Lt +ApLp + AcepiLeepr
0=0-VyL
end

use same settings from Ganin et al. [11] and Long et al. [31] for Ap.
In addition, the performance did not vary greatly depending on the
Mcepr, the detailed analysis of the hyperparameters are in Fig. 7.

5.1. Toy example

5.1.1. Experimental settings

First of all, to verify the effect of our method, we do a sim-
ple experiment with MNIST and MNIST-M [11]. MNIST-M is a col-
orized version of MNIST using background patches from the Berke-
ley Segmentation Data Set (BSD500). To handle two datasets si-
multaneously, we stacked the images of MNIST to three channels,
e.g., 28 x 28 x 3, unless otherwise stated. The encoder consists of
two convolution layers and two fully-connected layers. It maps

28 x 28 x 3 images to two-dimensional feature vectors. The reason
why we set the feature dimension as two is to visualize the de-
cision boundary. Although we limit the dimension of feature vec-
tors, the final accuracy of two digits (0 and 1) from MNIST achieves
99.5% with the classifier of two fully-connected layers.

The result is shown in Fig. 1. With the model trained on only
two digits (0 and 1) from MNIST, we scatter examples of MNIST-
M(target) on the feature dimension marked as a circle. Each color
indicates 1(red) and O(blue). In addition, we plot the decision
boundary of the classifier and the center of MNIST(source) exam-
ples. The goal of this experiment is to distribute the red sample
near the red center and the blue sample to the blue center. The
arrow in each figure shows the gradient of loss of the previous
class-conditional method [17] (left) and our method (right) on the
same model and examples.

5.1.2. Analysis

The most widely used approach of learning class conditional
distribution in domain adaptation is to use a label classifier to
calculate the pseudo label of the target sample, and then mini-
mize the distance between the sample means of source and target
data conditional to their labels. There have been studies that used
kernel mapping [4,14-16,18], or deep learning [17] based on this
approach. Fig. 2a shows the gradient of each sample induced by
the mean matching loss function. In this figure, we followed mean
matching settings as [17]. The right figure shows the same results
done by our method.

As in Fig. 2, compared to previous mean matching based meth-
ods, our proposed method has two different points. First, the mean
matching methods rely on the decision boundary of the source
classifier (black line), whereas our method focuses on the distance
between each sample and two centers. However, since the decision
boundary between source and target domain is different in domain
adaptation settings, it has the problem of false pseudo labels. In
the center of Fig. 2a, in the case when the classifier misclassifies
target samples (blue samples in the red area), the previous meth-
ods make the examples with false pseudo label moves to the op-
posite center which is a completely wrong direction. However, in
Fig. 2b, we can find that our method better indicates the correct
gradient direction.
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Table 1
Classification accuracy (%) on digit datasets for domain adaptation.

Methods MNIST-MNIST-M ~ MNIST-USPS  SVHN—MNIST  Avg
Source Only 49.9 75.2 69.6 64.9
DANN [11] 76.7 77.7 71.4 75.2
DSN [12] 83.2 - 82.8 83.0
ADDA [13] - 90.1 76.0 83.1
CCDI (Ours) 93.6 98.8 82.1 91.5

Second, while mean matching methods take into account the
overall mean of samples of a pseudo class, our method considers
each sample to learn a class conditional distribution. This can be
found in the left figure that the samples in the same boundary
have identical gradients, regardless of the location of each sample.
Therefore, in this case, it may enforce a large negative effect on the
model if there exists a false pseudo label. This phenomenon can
lead to unstable learning of the whole model, especially in the ini-
tial periods of training. On the other hand, our method reasonably
assigns different sizes of the gradient to the examples in inverse
proportion to the distance to the source center by considering the
distribution as shown in the right figure.

5.2. Digit classification

5.2.1. Setup

In this experiment, we use four different digit datasets: MNIST,
MNIST-M, USPS, and SVHN. All of these datasets have 10 dig-
its (0~9) as labels. USPS comprises handwritten address data in
grayscale 16 x 16 pixel images. SVHN consists of house number
signs from Google Street View in three channels 32 x 32 pixel im-
ages.

We test our method on three transfer tasks : MNIST — MNIST-
M, MNIST — USPS and SVHN — MNIST. The first task MNIST
— MNIST-M can be interpreted as a real world application of a
grayscale image to a color image. The second task MNIST — USPS
tests how our suggested algorithm can handle different sizes of
data. At last, SVHN — MNIST evaluates transferring knowledge be-
tween complicated datasets and simple datasets in real world ap-
plications.

We compare our method with four different methods: (i)
Source Only: the model used only labeled source data for training
without domain adaptation, (ii) DANN: Domain Adversarial Neu-
ral Networks [11], (iii) DSN: Domain Separation Networks [12], (iv)
ADDA: Adversarial Discriminative Domain Adaptation [13].

For digit classification experiments, we use a custom design
network. The encoder consists of two convolution layers and two
fully-connected layers. After each of the convolution layers, we add
the batch-norm layer, max-pool layer, and ReLU as an activation
function. The label classifier and domain classifiers use only fully-
connected layers with ReLU.

In addition, we use Adam as an optimizer with (B4, 82) =
(0.9,0.999). The learning rate initially set to 0.001 and decreases
5% for every epoch. We set « in Eq. (13) as 0.1 and batch size is
fixed as 200. Again, all images are rescaled to 28 x 28 x 3.

5.2.2. Results

Classification performance. The results of accuracy on the test
data are shown in Table 1. Our suggested model achieves the best
results on tasks MNIST — MNIST-M and MNIST — USPS except for
SVHN — MNIST. Especially, in the first two tasks, our model out-
performed others with over 90% accuracy. In the case of SVHN —
MNIST, although DSN shows the highest accuracy, the performance
of the proposed model is similar to DSN. We carefully speculate
that it's because of the characteristic of SVHN that contains several
numbers in one image. In addition to these results, the total aver-
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age of the three tasks is 21.7% increased from DANN. Thus we can
conclude that our class-conditional loss function has conspicuously
increased the performance of domain adaptation.

Embedding Visualization. The purpose of our suggested model
is to learn a representation in which features in the same class in
two domains are expected to be mapped nearby so that the clas-
sifier trained on source data can be applied well on target data. To
verify our suggested model has been well trained as we intended,
we visualize the hidden embedding of source and target data.

Fig. 5 illustrates feature space Z in three experiments. We vi-
sualize hidden representation of source domain hg and target do-
main h¢ by using t-SNE. Samples from the source domain are rep-
resented by x, from the target domain by o and from the centroid
(j by &. Labels of each sample are illustrated in different colors.
Each row represents visualization results of MNIST — MNIST-M,
MNIST — USPS and SVHN — MNIST from top to bottom. Each col-
umn represents results of Source Only, DANN, and the proposed
model from left to right.

In the task of MNIST — MNIST-M, we can easily see that vi-
sualization results of Source Only separately embedded source and
target samples. The embedding of source samples and target sam-
ples are separately located. In this case, the classifier is unable to
classify target samples with a classifier trained on source samples.
In fact, this is already reflected in Table 1. Source Only shows 49.9%
of accuracy on the task MNIST — MNIST-M.

In the case of DANN, the global distribution of source and tar-
get domain samples is more mixed than before. However, as this
model does not consider compact class-conditional alignment, the
joint distribution (a distribution with the same colors) is not com-
pactly embedded.

In contrast, our model shows a compact class-conditional visu-
alization of source and target representations. We can easily find
out that samples from different labels (colors) are distributed sep-
arately, while samples from the same labels are compactly embed-
ded near each centroid. In this embedding space, the classifier is
able to fit both source and target domain samples, which leads to
the best performance of 93.6%.

The results of other tasks show a similar tendency to MNIST —
MNIST-M. In the task MNIST — USPS, Source Only shows better
distribution than MNIST — MNIST-M. This can be interpreted as
the evidence of this MNIST — USPS is an easier task than MNIST
— MNIST-M and Source Only actually shows the high accuracy of
76.7%.

Spectral Analysis of Embedding Vectors. In the previous sec-
tion, we visually verify that our suggested model makes a compact
representation where data points are converged into each centroid
M. As shown in Eq. (15), we tried to make embedding z; close to
the nearest centroid w;. In this way, we can learn a compact rep-
resentation that source and target data in label j are mapped close
to centroid p;.

Now, in this section, we quantitatively show that our method
encourages an encoder to map in the same class nearby. First, we
try to compare distributions whether each data is actually located
near to its labeled centroid .

Let ql?j denotes g;; of the source data and qlfj denotes g;; of the
target data. As shown before, the value of g;; indicates the proba-
bility of assigning sample z; to centroid j based on similarity mea-
sures. If a sample z; is closely embedded to one centroid j;, then
the value of g;; will be close to one and other g;;; will be close to
zero. When a sample z; is not embedded near any of the centroids,
then every value of the g;; will be equally distributed to 1/L where
L is the number of classification labels.

We illustrate a Histogram to visualize the distribution of the
values in soft assignment g;; in Fig. 6. In this figure, we use a dis-
tribution of g;; in a single batch which is 200 samples and used
frequency as a log scale. As it shows in the bottom row which
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Fig. 5. t-SNE visualization of hidden representation of source domain hs and target domain h¢. Sample from source domain is represented in x, target domain in o and
centroid p; is in &. Label of each samples is illustrated as different colors. Each row represents visualization results of MNIST — MNIST-M, MNIST — USPS, and SVHN —
MNIST from top to bottom. Each column represents Fig. 5a: Source Only, Fig. 5b : DANN, and Fig. 5¢: our suggested model.

is our method, the values of g;; from our model are concentrated
around zero and one compared to Source Only and DANN. These
results show that each embedding vector is distributed near the
center of the corresponding label. These results also correspond
with the result of MNIST — USPS. As we can see in Fig. 5, all three
methods successfully learned class-conditional distribution in this
experiment settings. As a result, the Histogram of all three differ-
ent methods are similar (g;; values are concentrated on zero and
one).

Furthermore, to quantitatively show that the value of our prob-
ability soft assignment ¢;; is more concentrated on zeros and ones,
we calculate information entropy of each embedding vectors as fol-
lows.

Entropy(q) = ) _ —q;;log(qij)

Entropy is the negative logarithm of the probability mass func-
tion for the value. It can be a measure of the unpredictability of
the state. If the probability distribution is deterministic, entropy
would be low, and it gets high when the distribution is uniform.
In this case, when the entropy of the g;; is low, it indicates the

10

soft assignment is more deterministic. In other words, embedding
sample z; is closely mapped into single centroid f;.

In Table 2, entropy values of three experiments are summa-
rized. Our suggested model showed the lowest value in all ex-
periments except for source data q,?j in MNIST — USPS. Again,
MNIST — USPS is the easiest task so that Source Only is enough
to reach the ideal mapping without any additional methods. This
result shows the same conclusion with the above visualization re-
sults that each embedding vector is distributed near to the center
of the corresponding label.

Table 2
Entropy of embedding vectors for each model.

MNIST — MNIST-M  MNIST — USPS SVHN — MNIST

Entropy

aj; aij aij qij aj; aij
Source Only ~ 0.0758  0.1577  0.0024 00112 00543  0.0478
DANN [11] 01035 0.1861 00112 00072 00710  0.0279
CCDI (Ours) ~ 0.0126  0.0207  0.0044 0.0049 0.0096  0.0028
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Fig. 6. Histogram of embedding vectors g;; in three digit classification experiments. We used distribution of g;; in a single batch which is 128 data samples and used
frequency as log scale. g; and g, refers to g;; in source and target data respectively. The top row shows the result of Source Only, the second row is DANN, and the bottom
is our model. The left two column are the results on MNIST — MNIST-M, the middle two column are the results on MNIST — USPS and the right two column are the results
on SVHN — MNIST. The caption of each column (a)-(f) indicates target dataset on each task and g;; of source or target.

5.3. Image classification

5.3.1. Setup

Among widely used image datasets, we choose Office-31, Office-
Home, Office-Caltech, and VisDA-2017. Office-31 contains 31 classes
from three domains: Amazon (A), Webcam (W), and DSLR (D). Ama-
zon images are gathered from amazon.com, Webcam and DSLR are
taken by a camera. On the other hand, Office-Home consists of
more difficult images from four domains: Art images (A), Clip Art
(C), Product images (P), and Real-World images (R). Office-Caltech
contains 10 common categories between the Office-31, and Cal-
tech256, i.e., Amazon (A), Webcam (W), DSLR (D) and Caltech (C).
VisDA-2017 is a little different dataset from the previous two. For
each of the 12 classes, there are two distinct domains: synthetic
and real images. Synthetic images are gathered from 3D models
and real images are a collection of real world dashcam images.

In this experiment, we test all possible transfer tasks except
Vidsa-2017. For Office-31, there are six tasks A->W, A—D, W—A,
W-D, D—A D—W. Similarly, 12 tasks are considered in Office-
Home and Office-Caltech in total. In the case of Vidsa-2017, we use
synthetic images to train models and test them with real images
across 12 classes.

We use different sets of methods for a thorough comparison
with state-of-the-art methods in each dataset that shared the same
experimental setting as ours (ResNet-50 and ResNet-101). Follow-
ing methods are compared: DAN [5], RTN [39], DANN [11], ADDA
[13], JAN [30], GTA [40], CDAN [31], 3CATN [35], BSP [41], PACET
[27], and SPL [28].

PACET and SPL had a slightly different experimental setting as
ours. These methods are not end-to-end deep learning methods,
so they used an additional feature extractor (fine-tuned ResNet 50)

1

for dimension reduction. Nevertheless, we have added the results
to Table 3 and 4 for thorough method.

We adopt ResNet-50 for Office datasets and ResNet-101 for
Visda-2017 as an encoder. We optimized the network by using SGD
with momentum 0.9 and weight decay 0.0005. « in Eq. (13) is set
to 100 and batch size is fixed as 36. The results in image classifica-
tion of our methods are reported as an average over 10 runs with
random initialization.

While we have compared our method with deep learning based
domain adaptation methods on large image dataset Office-31,
Office-Home, and VISDA, we also compared our method with ker-
nel mapping based methods on Office-Caltech dataset. For Office-
Caltech, we use 4096 dimensional DeCAF6 [29] features. We com-
pared with five previous kernel mapping methods: DAN [5], LSC
[14], JGSA [15], MEDA [16], DLA-DA [42], SPL [28], and GKE [25].

5.3.2. Results

Classification performance

The experimental results on Office datasets are shown in
Tables 3, 4. Compared to the other methods, our method (CCDI*)
shows the best performance in overall Office-31 tasks as shown in
Table 3. Our method achieves the highest accuracy on four tasks.
Focusing more on our model, we can see the proposed method in-
creases average classification accuracy 5.4%p (82.2% to 87.6%) and
3.4%p (86.6% to 90.0%) over DANN and CDAN respectively. Here, su-
perscript * is given to the data if the result of our method is signif-
icantly better than baseline methods (DANN and CDAN) supervised
by Wilcoxon signed rank test with the level of the significance o
is 0.05. The great aspect of our method is that performance im-
provements have been significantly observed for all tasks. Among
them, on the task A—D, our method contributes tremendously to
improve DANN as much as 14.6%.
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Classification accuracy (%) on Office-31(ResNet-50). Here, superscript 7 is given to the methods that use pre-

processed features.

Methods A->W D->W W-D A—D D—A W-A Avg
Source Only 68.4+0.2 96.7+0.1 99.34+0.1 68.940.2 62.54+0.3 60.74+0.3 76.1
DAN [5] 80.5+0.4 97.1+£0.2 99.6+0.1 78.6+0.2 63.6+0.3 62.8+0.2 80.4
RTN [39] 84.5+0.2 96.8+0.1 99.440.1 77.5+0.3 66.24+0.2 64.84+0.3 81.6
DANN [11] 82.0+0.4 96.9+0.2 99.14+0.1 79.7+0.4 68.24+0.4 67.440.5 82.2
ADDA [13] 86.2+0.5 96.2+0.3 98.4+0.3 77.8+0.3 69.5+0.4 68.9+0.5 82.9
JAN [30] 85.4+0.3 97.4+0.2 99.84+0.2 84.74+0.3 68.6+0.3 70.0+0.4 84.3
GTA [40] 89.5+0.5 97.9+0.3 99.84+0.4 87.7+0.5 72.840.3 71.4+0.4 86.5
CDAN [31] 93.1+0.2 98.2+0.2 100.0+0.0 89.84+0.3 70.1+0.4 68.0+0.4 86.6
CDAN+E [31]  94.1+0.1 98.6+0.1 100.0+0.0 92.9+0.2 71.0+£0.3 69.3+0.3 87.7
3CATN [35] 95.3+0.2 99.3+0.5 100.0+0.0 94.1+0.3 73.1+0.2 71.54+0.6 88.9
BSP [41] 93.3+0.2 98.2+0.2 100.0+0.0 93.0+0.2 73.6+0.3 72.64+0.3 88.5
PACET' [27] 89.1 97.6 99.8 90.8 73.5 73.6 87.4
SPLT [28] 92.7 98.7 99.8 93.0 76.4 76.8 89.6
CCDI 93.5+0.3*  98.4+0.2*  100.0+0.0*  91.9+0.5* 72.4+0.4* 69.8+0.5*  87.6
CCDI* 95.3+£0.3*  98.5+0.2*  100.0+0.0 95.240.1* 76.6+0.2* 74.5+0.2*  90.0

Table 4
Classification accuracy (%) on Office-Home. Here, superscript T is given to the method that uses pre-processed features.
Methods A-C A-P A-R C->A C-P C—R P—A P—C P—R R—A R-C R—P Avg
Source Only 349 50.0 58.0 374 41.9 46.2 38.5 31.2 60.4 53.9 41.2 59.9 46.1
DAN [5] 43.6 57.0 67.9 45.8 56.5 60.4 44.0 43.6 67.7 63.1 51.5 74.3 56.3
DANN [11] 45.6 59.3 70.1 47.0 58.5 60.9 46.1 43.7 68.5 63.2 51.8 76.8 57.6
JAN [30] 45.9 61.2 68.9 50.4 59.7 61.0 45.8 434 70.3 63.9 52.4 76.8 58.3
CDAN [31] 49.0 69.3 74.5 54.4 66.0 68.4 55.6 48.3 75.9 68.4 55.4 80.5 63.8
CDAN+E [31]  50.7 70.6 76.0 57.6 70.0 70.0 57.4 50.9 77.3 70.9 56.7 81.6 65.8
BSP [41] 52.0 68.6 76.1 58.0 70.3 70.2 58.6 50.2 77.6 72.2 59.3 81.9 66.3
SPLT [28] 54.5 77.8 81.9 65.1 78.0 81.1 66.0 53.1 82.8 69.9 55.3 86.0 71.0
CCDI 49.8* 66.9* 747+  52.1*  64.2* 64.2* 54.6* 493" 73.9*  68.6* 55.6* 79.4*  62.8
CCDI* 55.2¢ 736 78.8*  63.5* 72.6* 734* 639 538 793* 745 60.6* 83.6* 694
Table 5
Classification accuracy (%) on Office-Caltech.
Methods C-A D-A W-A A-C D-C W-C A-D C-D W=D A-W C-W D->W Avg
Source only 91.9 87.1 83.8 83.0 79.0 73.0 874 87.1 100.0 79.5 93.7 97.7 86.9
DAN [5] 92.0 90.0 92.1 84.1 80.3 81.2 91.7 89.3 100.0 91.8 90.6 98.5 90.1
LSC [14] 94.3 92.4 93.3 87.9 86.2 88.0 95.0 95.3 100.0 88.8 91.2 99.3 92.6
JGSA [15] 914 92.0 90.7 84.9 86.2 85.0 88.5 93.6 100.0 81.0 86.8 99.7 90.0
MEDA [16] 934 93.2 99.4 87.4 87.5 93.2 88.1 91.1 99.4 88.1 95.6 97.6 92.8
FSDA [6] 92.8 89.3 87.6 88.3 80.0 80.1 88.0 91.1 99.4 82.7 88.8 98.0 88.8
DLA-DA [42] 939 91.5 92.6 88.1 84.8 85.8 89.8 87.9 100.0 89.8 91.2 100.0 91.3
GKE [25] 93.5 93.5 944 88.4 83.8 88.9 99.7 94.3 100.0 97.6 98.3 99.7 94.3
SPL [28] 92.7 93.0 92.0 87.4 88.6 87.0 89.2 98.7 100.0 95.3 93.2 98.6 93.0
CCDI* 94.7 94.0 93.7 88.7 87.7 88.5 97.8 95.7 100.0 95.7 94.8 100.0 94.3

In Table 4, our proposed method also shows performance im-
provement of about 4%p compared to DANN and CDAN. In this ex-
periment, SLP shows slightly better performance (1.6%) compared
to ours. However, as mentioned above, considering SPL has dif-
ferent experimental settings with ours, it is difficult to say that
the performance difference is significant. Nevertheless, among the
deep learning based methods, our method outperformed other
methods in all 12 experiments.

Similarly, in Office-Caltech, our proposed method shows the
best results on 10 tasks out of 12 as shown in Table 5. GKE shows
the same average performance compared to the proposed method.
However, we note that there is a critical difference between GKE
and others. To train GCN, GKE must use all target images to pre-
dict their labels in the training session. In this respect, GKE might
produce better feature embedding, but it has a disadvantage in
predicting the labels of new inputs on the target domain since it
needs to reconstruct the graph of the target samples.

12

The results of Visda-2017 are shown In Tables 6 and 7.
Table 6 shows the accuracy of each class and increased perfor-
mance by adopting our method. Similar to Office datasets, we can
see the proposed method improves the performance of each do-
main invariant methods on almost all data. Even though our model
has greatly reduced accuracy for certain data, we can see that
the average accuracy has improved from Table 7. In addition, we
can see the feasibility of the proposed model in the fact that the
average of the performance has been increased from based do-
main invariant methods close to the highest performance that BSP
showed.

Additional analysis We have done sensitivity analysis for hy-
perparameters Accp; and n in Eqgs. (16) and (14), respectively
(Fig. 7). In Fig. 7a, we can find that model performance did not
vary greatly depending on value of Accp; in range of 107> ~ 102,
However, if the hyperparameter exceeds 102, the model perfor-
mance degrades significantly. Fig. 7b depicts the results on differ-
ent values of n. The performance of our model is not sensitive on
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Classification accuracy (%) and performance change (%p) on Visda-2017. Numbers in
bold indicates positive changes.

Tasks DANN [11] ~ CDDI A CDAN [31]  cCDI* A
Plane 86.3 88.2 1.9 83.5 89.2 5.7
Beycl 63.1 67.3 4.2 66.3 69.9 3.6
Bus 71.5 73.8 23 79.8 79.5 -0.3
Car 43.5 55.1 11.6 61.3 57.4 -39
Horse 84.9 88.8 3.9 83.1 88.2 5.1
Knife 245 39.0 145 48.5 68.9 204
Mcycl 83.3 86.5 3.2 89.1 89.2 0.1
Person 72.8 76.3 35 73.0 73.9 0.9
Plant 85.4 88.0 2.6 88.3 86.4 -1.9
Sktbrd 64.4 43.7 —20.7 56.6 72.7 16.1
Train 75.0 80.0 5.0 74.5 82.8 8.3
Truck 39.2 40.0 0.8 38.6 33.8 —-4.38
Avg 66.2 68.9 2.7 70.2 74.3 41
Table 7
Classification accuracy (%) on Visda-2017.
Methods  Source Only DAN[5] DANN [11] MCD [32] CDAN [31] BSP[41] CCDI  CCDI*
Avg 52.4 61.1 66.2 71.9 70.2 75.9 68.9 74.3
Table 8
Classification accuracy (%) on Amazon review dataset.
Methods B—D B—E B—K D—B D—E D—K E—B E—D E—K K—B K—D K—E Avg
Source Only 76.0 70.0 74.0 73.6 70.9 73.2 67.9 69.2 82.4 67.8 70.2 81.6 73.1
SCL [19] 79.4 76.8 80.1 77.3 78.1 80.3 71.5 74.5 84.8 73.0 76.3 84.0 78.0
DANN [11] 78.4 73.3 77.9 72.3 75.4 78.3 71.3 73.8 854 70.9 74.0 84.3 76.3
CCDI 80.6+0.2* 78.6+0.3* 78.0+0.3 80.0+ 0.2* 78.7+04* 78.2+0.3 78.7+0.2* 74.6+0.1* 85.24+04 74.4+0.2* 73.7+0.5 84.5+0.3 78.8
Tables shows better performance than baseline methods without sacrific-
CPU running time(s) per epochs on Office 31 data. ing computational time.
DANN CDAN CCDI CCDI*
- 5.4. Sentimental classification
time(s)  0.475 0.477 0466 049

the value of n. We used grid search to select the hyperparameters.
The sensitive analysis on Ap is illustrated in Fig. 7c. We can find
that our model shows best performance when the value of the Ap
is between 10° and 10,

We have also measured the running time of our method in the
task A — D on the Office 31 data. It is summarized in Table 9.
The experiments were conducted on Xeon Gold 6126 CPU 2.60GHz
with 256 GB of RAM. The running time per epoch of our model
CCDI was 0.477 seconds. It was also the same as the running time
of DANN which was 0.475 seconds. Results of CCDI* and CDAN
were 0.490 and 0.466 seconds, respectively. Since our computa-
tional complexity of the proposed loss function is O(n), it did
not increase the running time. We can conclude that our method

10

5.4.1. Setup

Among various categories, four categories that are mainly used
in domain adaptation experiments are selected from the Ama-
zon review dataset: Book(B), DVD(D), Kitchen(K), and Electron-
ics(E). Based on these categories, all possible tasks are gen-
erated. Thus, a total of twelve tasks are considered in this
experiment.

From the original review data, we first split sentences by words
and make numerical vectors with Bag Of Words. Then, we use TF-
IDF and Truncated SVD for generating non-sparse inputs. Through
this process, we can get 200 dimensional vectors. For the test set,
we apply the same pre-processing method with trained Bag Of
Words, TF-IDF, and truncated SVD.

To simplify the tasks, we transform review scores between 1
and 5 to 0 and 1. This new sentiment labels, regarding scores of 1

100

Accuracy(%)
3
Accuracy(%)

Accuracy(%)
8 3

8

7 3 3

(a) Results w.r.t. different A\ccpr

(b) Results w.r.t. different n

13 5 7 102 10 10 100 10

(c) Results w.r.t. different Ap

Fig. 7. Sensitivity of the parameters Accp;, n and Ap on tasks on Office-31.
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and 2 as a negative sentiment(0) and scores of 4 and 5 as a posi-
tive sentiment(1). Scores of 3 are truncated. Then, we compare our
method with three different methods: Source Only, SCL [19], and
DANN [11]. An encoder in this experiment we construct two fully
connected layers with ReLU and Adam with a learning rate 0.001
is used without any decay. We set o =1 in Eq. (13).

5.4.2. Results

Classification performance. Table 8 shows the results of sen-
timental classification. We calculate the classification accuracy of
twelve domain adaptation experiments in the Amazon review
dataset. Our method shows the best performance in eight domain
adaptation experiments. However, in B—K, D—K, E=K, and K—D,
SCL and DANN achieve better results.

Embedding visualization. We visualize feature spaces of source
and target domain after applying t-SNE. Fig. 8 shows the visual-
ization results. The blue cross corresponds to a positive source,
the blue circle corresponds to a negative source, and the target
domain is colored red. The support regions of the source and
target domains are separated in the visualization results of our
method. Compared to DANN, we can find that our suggested class-
conditional training loss function learns a data distribution where
the same classes are aligned across two different domains. There-
fore, we presumed that the performance degradation in three ex-
periments in Table 8 is caused by other factors such as limitations
in the pre-processing of review sentences rather than the malfunc-
tion of the proposed framework.

6. Conclusion & future works

In this paper, we proposed a class-conditional domain invariant
learning for domain adaptation. We presented a new generaliza-
tion upper bound for domain adaptation the motivates the need
for class-conditional domain invariant learning. Then we suggested
a novel algorithm that can learn class-conditional domain invari-
ant representation without using the information of target domain
labels.
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Visualization of the Amazon review dataset. In each dataset, the top row is the result of DANN and the bottom is ours.

Our method is straightforward in that it does not require any
specific complex network structure. It can be easily applied to any
previous deep learning based domain-invariant methods and forces
the model to learn class-conditional alignment. Besides, since clas-
sifiers in early epochs do not guarantee that it will provide ap-
propriate pseudo labels for target samples, our method deviates
from the problem of false pseudo labels by using soft assignment
of each sample as label information of target data. Moreover, be-
yond the joint alignment of the distribution, the proposed method
allows the encoder to form a compact distribution near each cen-
troid. The experimental result on the toy dataset shows the advan-
tage of our proposed method on learning class conditional distri-
bution over previous mean matching methods.

We experimented our algorithm on various classification tasks:
digit classification (MNIST, USPS, MNIST-M, and SVHN), object clas-
sification (Office 31, Office-Home, Office-Caltech, and VISDA), and
sentimental classification (Amazon review). Classification results
show that our method outperforms previous state-of-the-art meth-
ods. Moreover, feature visualization results and spectral analysis
show that our model mapped features of source and target domain
similar to the centroid of their corresponding labels than that ob-
tained from previous methods.

While our method focuses on standard domain adaptation
problems, there exists a variant of domain adaptation called het-
erogeneous domain adaptation [43,44]. It addresses the problem
where data in different domains are sampled from not only differ-
ent data distributions but also different types of features with in-
dependent dimensionalities [45]. For example, the source domain
is image data, whereas the target domain is text data. Hence, be-
cause the underlying assumptions about the data space are differ-
ent, the problem to be solved is also different; Our problem seeks
a transferable model while Qi et al. [43] seek a suitable distance
metric. Our method can be extended to heterogeneous problems
when the generalization bound for heterogeneous space is avail-
able, which leaves as future work.
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Appendix A

Al. Proof of Theorem 1

Proof.

ep(fog) =€n(fog fro8) =e€p(fog fzo8)
+epi(fog fyo8) —€p:(fog fzo08)
<eps(fog fgt 08+ %ngAHg(DSy DY)
= Exps[|| f 0 8(X) — ff 0 8(X) [Ik] + 3, a2, (DS, DY)
= Ex-ps[[| f o 8(X) = f3 0 8(X) + f3 0 8(X) — fg 0 8(X)I]
+3dy,an, (D5, D')
< Ex-ps[[| f o g(X) — f 0 g(X) llx]
+Exps [ || f§ 0 8(X) — f§ 0 80 lIk] + 3 dryan, (D5, DY)
<eép(fog f308) +ep(f308 fz08)
+3dy,an, (D°, DY)
=ep:(fog) + 3dy,an, (D°. D)
+Ex-ps [ f3 0 8(X) — f 0 g(X) llx]
=ep(fog) + %ngAHg (D*, DY)
+E-ps [ f3(2) = fz(2)Ik]

since D%, and DY, are two distributions over Z induced by the rep-
resentation function g: ¥ - Ze ¢ and ffog=c" and fiog=c.
Similarly, we have

ep(fog) =€en(fog fyo8) =Expilllfog(x)— fiog(X)llk]
=Expe[[| fog(X) = f3 0 8(X) + f3 0 8(X) — fg 08X Ik]
< Exope[|R(X) = f3 0 g(x)]]
+Expi[[ f5 0 8(X) = f5 0 8(X)|]
=ep(fog f08) +ep(fo08 fyo8)
=e€p(fog fzo8) +ep(fog f308)
—€ps(fog f3o8) +ep(f508 feo8)
<é€p(fog fiog+ 3y a9, (DS, D)
+epi(f08 fz08)
=eps(fog) + %ngAHg(DS» DY)
+Expe [ || f3 0 8(X) — fz 0 8(X)lIx]
=ep(fog) + 3dy,an, (D°. D)
+Ep [ f3(2) — fe(@)Ik]

O

A2. Proof of Theorem 2

Proof. We first define the margin p;(x, y) at a source labeled ex-
ample (x, y) by

01

prx, ) = {_1 iy = /o8

otherwise

Thus, fog misclassifies (x, y) iff ps(x, y) <0. For any 0 < p <
1, we define the empirical margin loss for multi-class classification
by

&sp(Fo) = 3 Wplos (5. 1)
i=1
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1
= m Z lﬂf(xi. y=p = €Ds (fo8)
i=1

where &, is the margin loss function defined by

0 ifp<x
V,x)=11-x/p if0O<x=<p
1 ifx<0

This upper bound is the fraction of the source data points that
have been misclassified by or correctly classified with confidence
less than or equal to p.

To derive an empirical risk bound of €ps(fog), we observe
that

pf,+(xv .V) = 1y=fog(x) - max(ly’=fog(x) - Zply’:y)
y'edk
_ {min{Zp, 1} ify=fogx)

-1 otherwise

We have pf (X, ¥) < pf(X, y) and so E[]pf(x, pl =< E[]pf_+(x, »l
Also we have W, (py, (X;, ¥i)) =V, (0p(X;, yi)) by the definition
of Wy

Now let 7, = {(x, y) — p; (X.y): f e F}. By theorem 3.3 in
[37], for any § > 0, with probability at least 1 —§, for all f € F:

B, (r ()] = D Wy oy (5 Y0) + 200 (¥y 0 7))

i=1

The slope of the function W, defining the margin loss is at
most 1/p, thus W, is 1/p-Lipschitz and so %y (¥, o F)) <
%mm(ﬁp) by Talagrand’s lemma. Since 1,.0 < W,(u) for all ue
R, €ps(fog) :E[1pf(x, y)] = IE[‘l,()f.Jr(x, y)] = E[\pp(pf,Jr(x»Y))]y and
Vo (o5 4+Xi, ¥1)) =Yy (05(X;, ¥1)), we have for any ¢ > 0, with
probability at least 1 —§, for all f € F:

1 2 .
eps(fog) = 3 Wolpr(xi y))+ 50im(Fo)
i=1
log
2m -’

o=

+

Next to derive an upper bound of %, (F,), we observe the follow-
ing, similarly to the proof of theorem 9.2 in [37]:

S T .
R (Fp) = Eso SfUPZUin.+(Xi,Yi):|
eF i=1
,1 B m
= —FE S i(1,_ y —max(1y_foex) — 20 1y=y.
e f‘:}e;al( yi=Fog(x;) yeykx( y=fogx) = 201y=y,))
,1 B m
< —Eso | SUp ) 0ily_regx))
m _fef; Yi=fog(x

»1 m
o Eso |:sfug .o ry‘g,l(x(ly:fog(xi) - Zply—yf)i|
€7 =1
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The first term in the right hand side of the above inequality is
upper-bounded as follows:

]Ea [Supfe}" Yol yi=fog(xi) ]
miEo [SUpjer Y1 Yyey, Oily—pogmny Iy yx]J

| /\

;1 Y yen Eo [SUPser 2oitq 01y fogex) ly=y,
21,0, -1
L ZyeyK Es Supfef Zﬁl Oily—fog(xi) (% + %):I
0 ZyeyK Eq[supfer Yoi%; Oi€i 1y fogx)]
+2m ZyeyK Eo [supfer 3L 0ily-fogx,)] R
= Y yene mEo[SUPfer Yoty 0ily—fogiy | < Xyey, Roe (Ag(F))

where € :=2-1y_, —1e{-1, +1} and o; and oj¢; admit the
same distribution. Therefore we have

L Bso [SUprer Y0 0ilyfegip | < K9 (Ag(F))

The second term in the right hand side of the above inequality
is upper-bounded as follows. Observing that —o; and o; are dis-
tributed in the same way and using the sub-additivity of sup and
lemma 9.1 in Mohri et al. [37] leads to

s [SUPfef Yoty oimaxyey, (1y_fogx) — 201y, )]
< Yoy mEso [SUPfer Y0 0i(1yfogx) — 201y=y) |
=Yoo mBso [SUPrer (X1 0i(1y_fogx) — 20 i1 Gily—y, ]
=Y ey mBso [Sque}' Yt Ui1y=fog(xi):| < K%m(Ag(F))

since o; have zero mean. Therefore we have the following general
margin bound of €ps(f o g)

N
eps(fog) <&,(fo g)-f-?K‘Rm(Ag(]-'))-q- ‘;fns

By letting p — 1, we have the first empirical risk bound on €ps (f o
g) as:

. log 1
e (f08) < & (f 08) +4Kn(Ag(F)) +/ oo
Next we derive a generalization upper bound for

ngAHg(DS,Dt) as follows: By theorem 3.3 in [37], for any
8 > 0, with probability at least 1—-§/2 for all fe F (for all
g=(fo2) ® (f 08) € HgAHy):

%ngAHg (DS’ 251311)

SUPf ey, [€ps(fog [ og) —ép (fog fog)l

= SUPgey, A, |Eps[1g] — Eﬁ%“g”

log 3
208ps (HgAMg) ++/ 5

Also similarly we have, for any § > 0, with probability at least 1 —
§/2 for all f e F:

IA

A log 2
Ty an, (D' DY) < 2% (HgAHg) + 1/ St

Utilizing the triangle inequality and symmetry property of
dyan, (-, -), we have, for any § > 0, with probability at least 1§
for all f e F:

33, an, (D5, DY) < Ydyy py, (D, D5) + 3diyy, a9, (D5, DL
+%ngAHg (DL, DY)
< Sy, an, (D5, D) + 2%8ps (Hg AHy)

2% (HgAHyg) +2

Observe that VCdim(HgAHg) < 2VCdim(#g) as in Anthony and
Bartlett [46] since any g € HgAHg can be represented as a linear
threshold network of depth 2 with 2 hidden units. Note also that
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2g(x) — 1 e {-1,1} since g(x) € {0, 1}. Therefore this result com-
bined with Corollary 3.9 of [37] leads to

4dlog &
1,/%, and  Rp (HgAHg)
- 1 [4dlog &5

2 m

where d = VCdim(Hy).

Finally, let a representation function g: X — Z € G be chosen in
such a way to make its induced two distributions over Z, D% and
DY, be identically distributed (or similar to each other), i.e. D% ~
D, then,

min{E-ps [|1f () = fg@ I, Boope [1f5(2) = fe @)1}
= B3 [ f3(2) — fz(@)Ik]

Therefore, using theorem 3.3 again in [37], for any § > 0, with
probability at least 1 — §, we have

Erps (3@ ~ fE@Ik] < 5 T3 (@)

Rps (HgAHg) <

\]

— fe@) k] + 2%m (F*)

log 1
+y
where 7° = {z — || f5(z) — ff@) |k : z € Z}. Since

R (F*) = EsEo [ 3 Y11 0ill f(2) = fi@) k] =0

the result follows. O
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