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From Big to Small:
Adaptive Learning to Partial-Set Domains

Zhangjie Cao, Kaichao You, Ziyang Zhang, Jianmin Wang, and Mingsheng Long (=)

Abstract—Domain adaptation targets at knowledge acquisition and dissemination from a labeled source domain to an unlabeled target
domain under distribution shift. Still, the common requirement of identical class space shared across domains hinders applications of
domain adaptation to partial-set domains. Recent advances show that deep pre-trained models of large scale endow rich knowledge to
tackle diverse downstream tasks of small scale. Thus, there is a strong incentive to adapt models from large-scale domains to small-scale
domains. This paper introduces Partial Domain Adaptation (PDA), a learning paradigm that relaxes the identical class space assumption
to that the source class space subsumes the target class space. First, we present a theoretical analysis of partial domain adaptation,
which uncovers the importance of estimating the transferable probability of each class and each instance across domains. Then, we
propose Selective Adversarial Network (SAN and SAN++) with a bi-level selection strategy and an adversarial adaptation mechanism.
The bi-level selection strategy up-weighs each class and each instance simultaneously for source supervised training, target self-training,
and source-target adversarial adaptation through the transferable probability estimated alternately by the model. Experiments on standard
partial-set datasets and more challenging tasks with superclasses show that SAN++ outperforms several domain adaptation methods.

Index Terms—Deep transfer learning, partial domain adaptation, selective adversarial network, theoretical analysis
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EEP learning has made tremendous progress in solving
D cognitive tasks and data-intensive tasks [39], while the
impressive performance gains rely on large-scale annotated
data [20]. Collecting sufficient data for diverse applications
is costly and unrealistic. Domain adaptation reduces the
annotation cost of the domain of interest (the target domain)
by adapting knowledge learned from labeled data available
in a related domain (the source domain) [58, 76]. The main
technical challenge of domain adaptation is the distribution
shift between the source and target domains [61, 78], which
violates the independent and identically distributed (ii.d.) as-
sumption of standard statistical learning [4, 81]. Learning
domain-invariant representations is a feasible solution to
the distribution shift problem, through which the source
classifier can be applied to the target domain [18, 46].

Existing domain adaptation methods usually assume
that the source and target domains share an identical class
space [19, 47, 48]. The assumption is easily violated in practi-
cal applications since it is unrealistic to verify the identical
class space assumption with unlabeled target data. With the
emergence of deep models trained on large-scale datasets,
transferring knowledge from large datasets to solve down-
stream tasks has become more realistic and useful. Motivated
by this, we relax the identical class space assumption to that
the source class space subsumes the target class space. For
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example, the source domain can be a large-scale dataset, e.g.,
ImageNet-1K [64] and Openlmage [38] with comprehensive
classes, while the target domain can be a small-scale dataset
with specific classes. Domain adaptation under this relaxed
assumption is coined Partial Domain Adaptation (PDA).

Partial domain adaptation facilitates a more practical
“from big to small” scenario, i.e., transferring knowledge from
big domains with broad classes to small domains with
narrow classes. This is in parallel with the remarkable success
in deep learning, that deep pre-trained models of large-scale
endow rich knowledge to tackle diverse downstream tasks of
small-scale [6, 12]. For example, a self-driving company may
collect a large-scale traffic sign dataset in many countries
with rich diversity, and transfer the learned model to a new
country where traffic signs are not very diverse but it is
cumbersome to collect and annotate data [1, 73].

As illustrated in Fig. 1, partial domain adaptation (PDA)
faces the negative-positive transfer dilemma. (1) Forcing knowl-
edge transfer from the whole source domain to the target
domain is at the risk of negative transfer on the target domain,
since the extra source knowledge is not relevant to the
target task. To avoid negative transfer, we should avoid
transferring any source-specific class knowledge to the target
domain. For example, in Fig. 1, we should eliminate the
source class ‘hexagon’ during knowledge transfer. (2) To
promote positive transfer, we not only need to uncover the
domain-shared class space, but also need to further explore
the class-conditional information to enhance the alignment
of multimodal distributions in the shared class space. For
example, in Fig. 1, we need to transfer knowledge from the
source classes ‘circle’, ‘square” and ‘triangle’ (in solid shapes)
to corresponding target classes ‘circle’, ‘square’ and ‘triangle’
(in hollow shapes).

The key idea to address partial domain adaptation
(PDA) is to recognize which part of the source class space
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Fig. 1: The challenge and solution of partial domain adaptation (PDA). The solid shapes show the data in the source domain
and the hollow shapes show the data in the target domain. Each shape represents a class. The main assumption is that the
source class space subsumes the target class space. (a) The challenge is caused by the source-specific outlier class (hexagon)
that is absent from the target domain, as well as the source-target distribution shift on the shared classes (circle, square, and
triangle) shown by the different decision boundaries (solid lines) for the source and target domains. (b) We propose a bi-level
selection strategy to eliminate the influence of source-specific outlier examples so as to promote discriminative learning and

distribution alignment in the shared class space.

can be shared with the target class space. Intuitively, the
contribution of each source class to the target domain can
be characterized by the transferable probability over all source
classes, i.e., source classes with higher transferable probability
are more likely to be shared with the target class space. In
this paper, we theoretically analyze the PDA problem and
provide a bound on the estimation error of the transferable
probability for each source class, which sheds a theoretical
light on the algorithm design.

Based on the theoretical analysis, we propose Selective
Adversarial Network (SAN) to address the PDA problem.
We develop a bi-level selection strategy consisting of class
selection and instance selection. In class selection, we estimate
the transferable probability of each source class from source
labeled data and target unlabeled data, which ensures
that source supervised training, target self-training and
source-target adversarial adaptation are confined within the
shared class space. This avoids negative transfer caused by
the source-specific outlier classes when transferring “from
big to small”. In instance selection, we utilize a multi-task
discriminator with each task enabling distribution alignment
conditioned on a source class and estimating the transferable
probability of each target instance to ensure that target
instances are assigned to the correct alignment task. This
promotes positive transfer by aligning the class-conditioned
feature distributions in the shared class space. We perform
extensive empirical studies on several benchmarks for both
standard domain adaptation and partial domain adaptation
settings. The results show that the proposed SAN approach
outperforms previous works significantly.

This journal paper extends our conference paper [7] in a
number of important perspectives:

o We provide a theoretical analysis on the PDA problem

and unveil the importance of estimating the trans-
ferable probability of each class and each instance
across domains in the journal version. This provides a
theoretical foundation for our algorithm design of the
bi-level selection strategy in the adversarial adaptation
framework.

o For the method design, our conference version, coined
as SAN, proposes multiple discriminators and ap-
plies the instance selection and class selection to
the discriminators, which confines only the adaptation
procedure into the shared class space. The journal
version, coined as SAN++, further proposes a self-
training loss to enhance the target prediction and
enables class selection on all training losses including
source supervised training, target self-training and
source-target adversarial adaptation. This strategy
confines the whole learning procedure into the shared
class space which further promotes positive transfer
and aviods negative transfer.

e The proposed SAN and SAN++ are extensively tested
on common datasets for partial domain adaptation.
SAN++ achieves state-of-the-art performances on all
these datasets. Furthermore, when partial domain
adaptation becomes more challenging with target
classes being subclasses of source classes, many
PDA methods fail but SAN++ still has a decent
performance, demonstrating the generality of SAN++.

2 RELATED WORK

In this section, we review the relevant literature on domain
adaptation with and without labeled data in the target
domain. When target labeled data are available, the problem
is typically solved by pre-training the model with the source
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TABLE 1: Comparison of different domain adaptation set-
tings based on their assumptions. Cs and C; denote the source
class space and target class space respectively.

Problem Setting | Assumption
Closed-Set Domain Adaptation (DA) [46] Ci =Cs
Open-Set Domain Adaptation (OSDA) [59] Ct DCs
Partial Domain Adaptation (PDA) [7, 92] Ci CCs
Universal Domain Adaptation (UniDA) [85] C:NCs#0D

labeled data and then fine-tuning the model on the target
labeled data, which is called “transfer learning”. Prior works
on this transfer learning paradigm either improve the quality
of the pre-trained model such as pre-training on large-
scale datasets [14, 26] or self-supervised learning [12, 16], or
develop advanced algorithms to enable fine-tuning [37, 87].
Transfer learning with few labeled data is addressed by
semi-supervised methods [29, 35, 53, 79, 84]. In this paper,
we focus on transfer learning without any target labeled data,
i.e. domain adaptation, which has been studied by various
methods prior to deep learning [57, 66, 85, 93]. However,
their empirical success is now surpassed by deep domain
adaptation methods. We refer readers to Pan & Yang [58] for
a survey of methods before the era of deep learning.

We focus on the class space relationship between the
source domain and the target domain in this paper. The
specific applications of domain adaptation such as detec-
tion [63], de-stylization [72] and domain selection [91] are
not the focus of the paper. Table 1 shows different domain
adaptation settings based on the relationship between the
source and target class spaces. We review the methods of
each setting below.

2.1

Closed-set domain adaptation addresses the fundamental
technical challenge of distribution shift under the assumption
that source and target domains share an identical class space.

Minimizing a well-defined statistical discrepancy between
feature distributions across domains is the mainstream
unsupervised domain adaptation approach. Deep adaptation
network (DAN) [45, 46] learns transferable features across
domains by maximizing the test power of the statistical
distance, i.e., multi-kernel maximum mean discrepancy (MK-
MMD), and minimizing the feature distance to generate
domain-invariant representations. Residual transfer network
(RTN) [49] further introduces a shortcut path and adopts
entropy minimization criterion to utilize the inductive
bias of the cluster assumption. Joint adaptation network
(JAN) [50] closes the domain gap of the joint distribution of
features and predictions. CORAL [74] aligns the covariance
of features between domains. CMD [90] defines Central
Moment Discrepancy to quantify the discrepancy across do-
mains via multiple orders of moments. Associative Domain
Adaptation [25] constructs a bipartite graph to estimate the
associative similarity between each data pair, which avoids
mismatching features across classes. Maximum Classifier
Discrepancy (MCD) [68] maximizes the disagreement of
two target classifiers and optimizes the feature extractor
to minimize the disagreement in a min-max optimization
framework. The min-max game is also used by Herath et al.
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[28] to obtain state-of-the-art performance in both domain
adaptation and zero-shot learning.

Matching distributions across domains by adversarial
learning is another cornerstone approach to unsupervised
domain adaptation. The min-max framework in Generative
Adversarial Networks (GAN) [21] adopts a discriminator
and a generator with opposite goals, which finally reaches
a dynamic equilibrium. GAN and its fancy variants [34, 62]
have shown significant success in generating realistic images.
Such adversarial learning paradigm has been applied to do-
main adaptation to align the source and target distributions,
where a domain discriminator distinguishes between features
from the source domain and the target domain, and a feature
extractor aims to confuse the domain discriminator in an
adversarial training paradigm [18, 19, 80]. LEL [51] enhances
adversarial discriminative domain adaptation by restricting
the representation of each target example to be similar to a
few source data points using entropy minimization. Volpi et
al. [83] proposed feature augmentation to use GAN to directly
generate domain-invariant features and show promising
results in cross-modal object recognition.

Another branch of closed-set domain adaptation is pixel-
level domain adaptation, which generates labeled images
similar to the target domain. There are various approaches
to generating images from deep features. Hu and Sankara-
narayanan et al. [32, 70] generate source and target domain
images from features of intermediate network layers with
GAN, and employ an AC-GAN [56] domain discriminator
for adaptation. Their auxiliary domain discriminator can
both preserve the class information of images and adapt fea-
tures across domains. DupGAN [32] provides an additional
domain code to the generator to guide the source-target
and target-source translation process. GTA [70] transforms
source features to source-like images and requires target
features to be close to source features. CDRD [44] focuses on
disentangling cross-domain features. A recent line of research
focuses on generating target images from images rather than
features. PixelDA [5] generates images conditioned on source
domain images but requires the images to be similar to the
target domain. Inspired by CycleGAN [94], which shows
impressive results in unpaired image-to-image translation,
cycle-consistency-based domain adaptation methods [30, 65]
have been developed. The cycle-consistency loss requires
that the generated target images can be transformed back to
the original source images. These methods further enforce
class consistency to preserve class information in the source-
target-source transformation loop. Murez et al. [54] proposed
a loss function to unify classification loss, domain adversarial
loss, reconstruction loss, translation adversarial loss, cycle
consistent loss and class preserving loss.

Both feature-level and pixel-level domain adaptation
methods require the same class space between the source
domain and the target domain, which are not applicable in
the partial domain adaptation setting studied in this paper.

2.2 Open-Set Domain Adaptation

Open-set domain adaptation generalizes open-set recogni-
tion [71] to the domain adaptation setup. It relaxes the
identical class space assumption of closed-set domain adap-
tation to that there are test data belonging to none of the
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source classes. The key to open-set domain adaptation is to
eliminate the open classes in the target class space. Busto and
Gall [59] proposed a cluster-based ATI algorithm for open-
set domain adaptation. ATI requires that the shared classes
between domains are known, therefore, limiting its practical
significance. Saito et al. [69] studied a variant of open-set
domain adaptation, where the target class space subsumes
source categories. The classifier is extended with an open
class which is trained adversarially. The adversarial training
requires a prior of the open classes. Liu et al. [43] improved
the solution with a ranking mechanism in each mini-batch
to cancel the necessity of a manual threshold. You et al. [88]
further studied the case where no assumption about the class
space relationship is imposed, which is dubbed universal
domain adaptation. They combined both class and domain
information to distinguish the open classes and promote the
adaptation between the shared class space. Baktashmotlagh et
al. [2] exploited subspace learning to discover the shared
structure of both domains so that target private data can be
detected. Fang et al. [17] derived a generalization bound for
open-set domain adaptation.

Contrary to our setting, open-set domain adaptation
allows novel classes in the target class space and corresponds
to a “from small to big” problem. Research efforts in open-set
domain adaptation lay a foundation for relaxing the identical
class space assumption in domain adaptation.

2.3 Partial Domain Adaptation

Closed-set domain adaptation methods provide fundamental
mathematical tools for learning from different domains,
but the assumption of an identical class space cannot be
verified due to the absence of target labels, which restricts
their applications. Tas and Koniusz [77] studied domain
adaptation across two domains with different class spaces
when a few target labels are available. The problem with
an unlabeled target domain is significantly more difficult.
Motivated by the release of large-scale datasets (such as
ImageNet-1K [64]), partial domain adaptation is introduced
in our conference version [7], by relaxing the identical class
space assumption to that the target class space is a subset
of the source class space. Most partial domain adaptation
methods design weighting schemes to re-weight source
examples during domain alignment. INAN [92] develops a
domain discriminator to produce the probability of an input
belonging to the shared class space and uses the probability
to re-weight data in adversarial domain alignment. PADA [8]
further applies the class-level weight on the source classifier.
ETN [9] leverages an auxiliary classifier to achieve state-
of-the-art performance. DRCN [41] replaces the adversarial
alignment with MMD-based alignment and uses a residual
corrector [49] to enable asymmetric feature mapping for
both domains. BA®US [42] combines balanced adversarial
alignment with adaptive uncertainty suppression, thereby
providing an alternative weighting scheme.

Besides the weighting scheme, there emerge some hard
selection methods to tackle partial domain adaptation: once
an example or a class is treated as an outlier, it is discarded
and never used again. Fariba et al. [95] select a subset of
classes in the source domain by L jnf norm penalization of
the weight matrix. Chen et al. [13] incorporate reinforcement
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learning [75] to select useful examples by rewarding data
with low reconstruction error. Hu et al. [31] try to separate
source positive distribution and source negative distribution
besides hard selection. Chen et al. [11] incorporate deep Q-
learning [52] into domain adversarial learning and design
a reward function depending on the relevance between the
selected source instances and target data. Hard selection can
be useful but may suffer from high variance. Once a wrong
decision is made and a useful source example is discarded,
it is impossible to bring it back to the training.

3 PARTIAL DOMAIN ADAPTATION

Given a labeled source domain Dy = {(x,y)} with class
space C, and an unlabeled target domain D, = {(x)} with
class space C;, partial domain adaptation aims to improve the
performance of the task in the target domain by leveraging
the labeled data in the source domain, where the source and
target class spaces satisfying C; C Cs.

Notations. The shared class space C between the source and
target domains is defined as C = {yly € Cs,y € C;} = CsNCy,
i.e., the intersection of source class space and target class
space. Since we assume C; C C,, then C = C;. For simplicity,
we denote the outlier source class space that is irrelevant
to the target class space as C; = C,\C. Then the source
subdomain in the shared class space C is

D¢ £ {(x,y) € Dily € C}.

Under such notations, D¢+ will represent the source subdo-
main in the outlier source class space. It is important to note
that the target class space Cy is unknown and thus C is unknown
throughout training. It is left for the algorithm developers to
discover the shared class space as well as the subdomains in
partial domain adaptation.

Challenges. From the viewpoint of statistical learning, the
source and target domains are sampled from different
distributions p and ¢, p # ¢. PDA is to build a deep model
that learns a transferable feature extractor f = F' (x) and an
adaptive classifier § = G (f) to reduce the distribution shift,
such that the risk Ex ,)~q [G (F(x)) # y] is minimized by
leveraging the source domain supervision.

In domain adaptation, a main challenge is that the source
classifier cannot be directly applied to the target domain
due to the distribution shift. In partial domain adaptation
(PDA), with different class spaces between the source and
target domains, a new challenge is to discover which part of
the source class space is sharable with the unknown target
class space C. The challenges lead to two technical tasks. On
the one hand, matching the whole distributions p and ¢ as
in standard domain adaptation will cause negative transfer
since a part of target class space C; will be forcefully matched
to the source outlier class space C,. Thus, how to decrease
the influence of the outlier source labeled data is crucial to
partial domain adaptation. On the other hand, there is still
a distribution shift between source and target domains in
the shared class space, i.e., pc # g, where p¢ denotes the
distribution of the source domain associated with the shared
class space C. Reducing the distribution discrepancy between
pc and g is still important to promoting positive transfer of
the source knowledge to the target domain.
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4 THEORETICAL ANALYSIS

Intuitively, if C is known, the PDA problem can be readily
converted to a standard domain adaptation problem with
D¢ = {(x,9) € Di|y € C} as the new source domain.
We first define the |C;|-dimensional one-hot label y for
each target example. Then the transferable probability over
source classes for the target data can be estimated by
W = E(x,y)~qY € RIC!, which well reflects the information
of the shared class space: Vc € C;, Pr(c € C) = w,.. However,
due to the unsupervised nature of the PDA problem, the
target domain label y is unknown. Thus, we instead estimate
the transferable probability of source classes by the prediction
y of target data, which is w = E(4 ,)~q¥- A natural question
now is how to bound the estimation error of w, which is
answered in Theorem 1.

Theorem 1. Let Al be a |C,|-dimensional probability simplex
Al = fy e R0 <y < 10 <0 < [C) ATy =
1}, h : x + Al be a classifier that aims to classify source
and target data with the correct label, ¢(y) = argmaxy be
the arg max operator over the prediction y = h(x), he be the
classifier confined within C, £,(h) = E(x y)~p 1(P(h(X)) # y)
be the expected error of classifier h with respect to the distribution
P, E1(h) = Exy)~ng L(@(y) ¢ C) be the expected error of
classifying a target data point as a category in outlier source class
space, 6(y) = 1 — maxy be the compliment of the classifier
confidence value, and & = E(x y)~q0(¥) be the expected value of §
over the target distribution q, then the approximation error of the
transferable probability in Ly norm can be bounded as follows,

W — wlli < 26 + 21 (h) + 2&p, (he) + 2duan(pe, q)- (1)
Proof. The inequality can be derived as follows,

HW - W”l = ”E(x,y)rvqy - E(x,y)quHl
= ||E(x,y)~q -9l
use a) < E(x y)Nq”y — S’||1

use b) = E(x )~q 1(O(¥) = o(¥))Ily — 311
+ E(x,y)~g LO(Y) # 03Iy — Y11
use ¢) < By )~qg 20(7)1(0(¥) = ¢(¥))
+ E(xy)~g 21(B(Y) # 0(F))
use d) < 20 + 2E(x )~q L(O(¥) # 6(¥))
use b) = 26 + 2E (x y)~q L(&(¥) ¢ C)
+ 2E(x,y)~q 1(0(Y) €

C,o(y) # o(y))
=26 +2&1(h) + 28, (he)
use e) < 20 + 2E7(h) + 2Ep. (he) + 2dyan (pe, q)

where a/b/c/d/e refers to the following facts:

a) The expectation inequality |Ex||; < E||z]1.

b) The identity of the indicator function Ex = E1(b)z +
E1(—b)xz, where b is a boolean expression and —b is its
negation. The identity is frequently used in the analysis
of martingale [15] (a category of stochastic process rooted
in fair games).

c) The property of the probability simplex: for any one-hot
label y and a prediction y € AlC:| | their difference is

o {2, 6 = (3)
¥ Y1{m4mm<z¢®¢mw
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d) For a positive random variable = and a boolean expression
b defined over z, E1(b)z < Ex.

e) Lemma 3 from theory [3]: the error of a classifier over a
distribution ¢ can be bounded by its performance over
another distribution p and the distribution divergence:
Eq(h) < Ep(h) + duan(p, q)-

O

Explanation of the upper bound. Theorem 1 is intuitively
easy to understand. We explain the practical meaning of each
term in the upper bound:

o 0 =E(xy)~q0(y) is the expectation of the compliment
of classifier confidence. This term sheds a light on the
practice of reducing target uncertainty.

o &1(h) = Exy)ng L(@(¥) ¢ C) is the probability of
the classifier predicting a category that is not in the
shared class space C. The error of a classifier on the
target data can be divided into two parts: Type I error,
the prediction is not in C (thus it is sure to be wrong);
Type II error, the prediction is in C but the predicted
label is wrong. The term &7 (h) exactly quantifies the
degree of the Type I error. This motivates us to confine
the classifier in the shared class space in Section 5.2.

o Epo(he) is the performance of the classifier in the
source domain within the shared class space C. This
term is usually small because the classifier is trained
on source labeled data supervisedly.

e dyan(pe,q) measures the distribution discrepancy
between the source and target domains in C. The
discrepancy can be reduced by adversarial domain
alignment with instance selection in Section 5.1.

— lw=wl —— Eelhe)
5 dyan(pe q)
&i(h) —— Right Side

0.0

0 50 1 (D(i ] 5[) 200 250
ing Ite

(b) Value of terms in the bound

(a) Data of toy experiment

Fig. 2: (a) shows the data in the toy experiment. The source
domain data are shown by the marker "-" and the target
domain data are shown by the marker "x’. Different colors
indicate the samples of different classes. There are five classes
in the source domain and three classes in the target domain,
where the source class space subsumes the target class space.
The black dashed lines show the optimal decision boundary
for the source domain. (b) The change of the value of each
term in the bound during the training process, and the sum
of the right side in Eqn. (1).

The tightness of the upper bound. Overall, the proposed
SAN++ in Section 5 can efficiently reduce all the terms in
the upper bound. We simulate the change of the value of
each term in Eqn. (1) in the training process. We collect a
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dataset consisting of 2D points, where the source domain
has 5 classes and the target domain has 3 classes (included
in the 5 classes). The distribution of the data is shown in
Fig. 2(a). We train SAN++ on this dataset with a two-layer
fully-connected network for feature extraction, one fully-
connected layer as the classifier and one-layer discriminator
for each source class. The values of all the terms are shown
in Fig. 2(b). We can observe that the estimation error of the
transferable probability on the left side decreases with the
decrease of all the terms in the upper bound on the right
side. This justifies that tightening the terms on the right side
of the bound can substantially reduce the estimation error of
the transferable probability on the left side of the bound.

5 SELECTIVE ADVERSARIAL NETWORK

Motivated by the theoretical analysis, we present Selec-
tive Adversarial Network (SAN) and its improved version
(SAN++) with the bi-level selection mechanism. Their archi-
tectures are shown in Fig. 3.

5.1 Instance Selection for Positive Transfer

Multitask Discriminator. We enable distribution alignment
in light of the conditional domain adversarial network [48].
Because of the class space mismatch, only one domain
discriminator to match the whole source and target domains
as prior works may cause negative transfer. As shown in
Fig. 3, we instead design a multi-task discriminator with
shared bottom layers and |C;| heads on the top. We use
D* k =1,...,|C,| to denote a network chaining the shared
layers and the k-th head. D* enables a conditional alignment
of the source and target data associated with the k-th source
class. Our conference version [7] uses completely separate
discriminators for different classes, which is not parameter-
efficient for source dataset of large-scale class space and easy
to over-fit since the data in each class are much less than
the whole dataset. We empirically show the efficiency of
the multitask discriminator with shared bottom layers in
Table 11.

Instance Selection. With the multitask discriminator, the
main difficulty now is how to assign each target example to
the correct domain alignment task, because the target domain
is totally unlabeled. As demonstrated by prior works [67], the
predicted probability distribution over the source class space
¥ = G(F(x)) well characterizes the probability of assigning
x to each of the |C;| source classes. Thus, it is natural to use
¥ as the transferable probability to assign each target instance
x to the |C| alignment tasks. We embed this transferable
probability as instance weight on the distribution alignment
loss to enable instance selection as follows,

ICs|

Z ExEDSUDt [ykgce(Dk (F (X))v d)} )
k=1

@)

where (.. is the cross-entropy loss, d is the domain label of x
(0 for target data and 1 for source data), and y¥ is the k-th
entry of the prediction for x.

If we had perfect label for each instance, then Eqn. (2)
will accurately align the feature distributions in a class-
correspondence way, and dya (pe, ) will be reduced for

6

any class ¢ € C including the term dy a7 (pe, ¢) in Theorem 1.
This promotes positive transfer across the source and target
domains in the shared class space. The quality of the instance
transferable probability can be improved during the training
process since the classifier will be made more transferable
due to the class-conditional domain alignment.

5.2 Class Selection against Negative Transfer

As shown in Section 4, the transferable probability over
source classes is derived as w = E(x 4)~q¥, which reflects
the probability that a source class is in the shared class space
C. We use this transferable probability to select the classes
within the shared class space. Since we have no labels for the
target data, we can estimate the transferable probability for
each class by the prediction of target data:

W = EXEDty = ]EXGDt [G(F(X))] : (3)

The error of this estimation can be bounded as Eqn. (1), and
the improved SAN++, as introduced below, can substantially
minimize this upper bound. Thus, w is an accurate estimate
of the true class transferable probability w.

Source Supervised Training. To reduce the upper bound
of the estimation error of w in Eqn. (1), we first consider
the term £;(h) = E(x y)~q 1(#(y) & C), which reflects the
probability of predicting a label in the outlier source class
space Cs, ie., the Type I error. To decrease this term, we
propose to confine the classifier in the shared class space C to
decrease the training difficulty on source classes in Cs. This
further reduces the probability of predicting a data point into
Cs. Specifically, we incorporate the transferable probability
w into the source classifier G and derive a new selective
classification loss as follows,

LSUP = E(x’y)EDs [Wy hd KCQ (G (F (X))a y)] ) (4)

where w,, is the y-th entry of w, indicating the probability
of a label y falling into the shared class space C. The class
selection on the source classifier enforces the model to focus
on the source data from C, which is well-motivated from our
theoretical results to substantially reduce the estimation error
of the class transferable probability.

Target Self-training. To reduce the term § = Ex ,)q0(¥),
we need to reduce the uncertainty of target predictions. Self-
training is a learning technique to reduce the prediction
uncertainty, which iteratively assigns pseudo-labels to unla-
beled data and re-trains the model with both labeled data
and pseudo-labeled data. Self-training [86] is demonstrated
to have fewer hyperparameters and easier to tune than
other widely-used techniques to reduce uncertainty such
as entropy minimization [7, 22, 49, 92]. Therefore, instead of
using the entropy minimization as in our conference ver-
sion [7], we utilize self-training to regularize the predictions
of the target domain. Different from prior self-training works,
we firstly incorporate class selection into self-training and
confine self-training into the shared class space C with the
class transferable probability. This is because applying self-
training on all the target data suffers from the Type I error
introduced above. Specifically, after the convergence of the
training on source labeled data, we assign soft pseudo-labels
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Fig. 3: The architecture of Selective Adversarial Network (SAN++) for partial domain adaptation. F' is the feature extractor
and f is the feature. G is the classifier and ¥ is the predicted label. Dk”f;'l is the multi-task discriminator with shared bottom

layers and |C,| top heads, and d* |LC:S|1

are the predicted domain labels. L, and Leey, Lfdv|‘,f:“|1

are the source supervised

training loss, the target self-training loss and the distribution alignment loss respectively. w denotes the class transferable
probability. Solid arrows show data flow. Dashed arrows show instance selection and dotted arrows show class selection.

Jself to the target unlabeled data x with the classifier G(F(e))
and then incorporate them into training;:

Lself = EXEDt [wgsclf d ECE (G (F (X))7 gself)] . (5)
With a fixed number of epochs (1 in all of our experiments),
we repeat the pseudo-labeling and self-training process to
use the better SAN++ model to assign more accurate pseudo-
labels. Self-training improves the prediction confidence
and generates more accurate pseudo-labels without any
hyperparameters, e.g. confidence threshold, which makes
& smaller and lowers the upper bound in Theorem 1.

Source-Target Adversarial Adaptation. Section 5.1 intro-
duces the instance selection with a multi-task discriminator
to reduce the distribution discrepancy, which reduces the
term dya(pe,q). However, only applying the instance
selection will train all the distribution alignment tasks, unde-
sirably including the tasks for source classes in C;. However,
for an outlier class k € Cs, the corresponding discriminator
D¥ just receives positive examples (source examples) and
provides useless signals for the partial domain adaptation
task. Such learning signals also update the feature extractor
F, which may worsen the performance of the alignment tasks
in the shared class space C. Thus, we use class transferable
probability w to alleviate the outlier influence. Similar to
CDAN [48], we prioritize the discriminator on those easy-to-
transfer examples with certain predictions by reweighting
each training example of the conditional domain discrimina-
tor by an entropy-aware weight w, (x) = 1 + e~ #(G(F(x),
where H is the entropy function. Thus, the final loss for
source-target adversarial adaptation is defined as follows:

ICs|
Loty = 3 Bxem,om, [Wi 0 we(x)5* (e D* (G (x)) )]

k=1

(6)
Applying the class transferable probability on the distribu-
tion alignment losses of different tasks can make the model
focus on the distribution alignment tasks of classes in the
shared class space C. This correctly promotes the positive
transfer and decreases or even removes the influence of the
tasks responsible for outlier source class space Cs.

5.3 Selective Adversarial Partial Domain Adaptation

We use 0 to denote the parameters of the feature extractor
F, 0 to denote the parameters of the label predictor G, p
to denote all the parameters of the multitask discriminator
including the shared bottom layers and the multiple top
heads. Integrating all modules and losses, the objective of
the Selective Adversarial Network (SAN++) is

0 (er aGa 9D) = Lsup + Lself - Ladv- (7)

The optimization problem is a min-max game to find the
optimal parameters 0, 0 and 0p that satisfy

(ép, ég) =argminO (0p,0a,0p),

e ®)
(éD) = argmaxO (GF, 0@, 9D) .
Op

SAN++ is developed for partial domain adaptation with
theoretical guarantees, which jointly circumvents negative
transfer by ignoring the outlier source class space C and its
affiliated data, and promotes positive transfer by condition-
ally matching data distributions pc and ¢ in the shared class
space C. SAN++ empowers a positive interplay between the
estimation of the transferable probability and the learning of
the partial domain adaptation model.

6 EXPERIMENTS ON PDA

We conduct extensive experiments on seven datasets to fully
evaluate our approach for a variety of partial domain adap-
tation problems. All codes and datasets are available online
at https:/ /github.com/thuml/Transfer-Learning-Library.

6.1

Six datasets are used in this paper. Table 2 shows details
about tasks and the target class space for each dataset.

Datasets and Settings

Office-31 [66] consists of 4,652 images in 31 categories from
three domains: Amazon (A), Webcam (W) and DSLR (D). This
dataset represents the performance on the setting where both
source and target domains have a small class space.

Office-Home [82] consists of 4 different domains: Artistic
images (Ar), Clipart images (Cl), Product images (Pr) and
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TABLE 2: Details of the datasets, the tasks, and the target
class space for all PDA experiments. For each dataset, we
use all classes as the source class space.

Dataset Tasks Target Class Space
A—-W,D—->W, . .
Office-31 WD ASD, 10 categories shared with

DoAWoA Caltech-256
Ar — Cl, Ar — Pr,
Ar — Rw, Cl — Ar,
Cl — Pr, Cl — Rw,
Pr — Ar, Pr — Cl,
Pr — Rw, Rw — Ar,
Rw — Cl, Rw — Pr

the first 25 categories

Office-Home in alphabetic order

84 categories shared by

ImageNet-Caltech I+ C, C—1I ImageNet-1K and Caltech-256
VisDA-2017 VisDA-2017 the first 6 categories
in alphabetic order
OpenMIC OpenMIC 'Clk’, "Clv’, 'Gls’, "Hon’, 'Nat’
SVHN — MNIST,
Digits MNIST — USPS, 0,/1,2,3

USPS — MNIST

Real-World images (Rw) in from 65 categories. The dataset
represents domains with different visual artifacts.

ImageNet-Caltech is constructed from ImageNet-1K [64] and
Caltech-256 [24], which share 84 common categories. Because
pre-trained models are pre-trained on ImageNet training set,
we adopt the validation set when ImageNet is used as the
target domain and adopt the training set when ImageNet is
used as the source domain. This setting represents partial
domain adaptation with large-scale source class space.

VisDA-2017 [60] has two domains: one consists of synthetic
2D renderings of 3D models and the other consists of real
images associated with 12 categories. This dataset aims to
encourage the use of easily-accessible computer-generated
data to improve performance with less labeling cost.

Open MIC [36] dataset contains photos of exhibits captured
in 10 distinct exhibition spaces of several museums. The
source photos are taken in a controlled fashion while the
target photos are taken by wearable cameras in an egocentric
setup. We use the official 5 target splits of train, validation
and test and report the average performance. The dataset
exhibits a more challenging classification task with a larger
domain shift including motion blur, occlusions, varying
viewpoints, color inconstancy, etc.

Digits dataset is composed of three standard digit classifica-
tion datasets: MNIST [40], USPS [33] and SVHN [55]. Each
dataset contains 10 categories, ranging from 0 to 9. MNIST
and USPS include grayscale handwritten digits captured
under constrained conditions. SVHN dataset was constructed
by cropping house numbers in RGB Google Street View
images, which has more diversity.

6.2

To demonstrate the effectiveness of our approach, we com-
pare it with the source-only baseline ResNet [27], deep
domain adaptation methods: Residual Transfer Network

Implementation Details
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(RTN) [49], Joint Adaptation Network (JAN) [50], Central
Moment Discrepancy (CMD) [90], Domain Adversarial
Neural Network (DANN) [18], Adversarial Discrimina-
tive Domain Adaptation (ADDA) [80], and partial do-
main adaptation methods: Importance Weighted Adversarial
Nets (IWAN) [92], Partial Adversarial Domain Adaptation
(PADA) [8], Deep Residual Correction Network (DRCN) [41]
and Example Transfer Network (ETN) [9]. We also compare
with our conference version (SAN) [7], and use SAN++ to
refer to our journal version of SAN.

We implement all deep methods based on PyTorch, and
fine-tune from ResNet-50 [27] pre-trained on ImageNet. We
add a bottleneck layer before the classifier layer as DANN
[18] except for the task I-C because the task can fully exploit
the advantage of the original feature and classifier layers in
the ImageNet pre-trained model. We fine-tune all the feature
layers and train the bottleneck layer, the classifier layer and
the multitask discriminator. Since the new layers are trained
from scratch, we set their learning rate to be 10 times of
the pre-trained layers. We use mini-batch stochastic gradient
descent (SGD) with momentum of 0.9 and the learning rate
annealing strategy of the following formula: 1, = (HnTOp)“ as
DANN, where p is the training progress linearly changing
from 0 to 1, 1 is the initial learning rate, « = 10 and § =
0.75. The penalty of adversarial learning is increased from 0
to 1 gradually as DANN. Initial learning rates are selected by
Deep Embedded Validation [89]. For MMD-based methods
(RTN and JAN), we use Gaussian kernel with bandwidth set
to median pairwise squared distances on training data, i.e.
median heuristic [23].

6.3 Results

This section shows experimental results on closed-set domain
adaptation and partial domain adaptation. Although our
methods (SAN/SAN++) are designed for partial domain
adaptation, they can also deal with closed-set domain adap-
tation, which is a special case of partial domain adaptation.

TABLE 3: Accuracy (%) of the closed-set domain adaptation
tasks on Office-31 (ResNet-50).

Method Office-31
A-WD—-WW-=DA—-DD—=AW— A Avg
ResNet [27] 68.43 96.75 99.36 6895 6254 60.72 76.14
RTN [49] 8456 96.85 9948 77.59 66.26 64.88 81.67
JAN [50] 8545 9746 99.84 8477 68.63 70.05 84.35
CMD [90] 84.03 9824 9926 86.62 72.81 70.31 85.21
DANN [18] 82.03 9695 99.14 79.76 6825 67.47 82.25
ADDA [80] 86.22 96.21 9849 77.84 69.52 6896 8294
CDAN [48] 9413 98.62 100.00 9294 70.99 69.28 87.71
SAN++w/ DANN 9294 9856 100.00 92.78 7192 70.65 87.81
SAN++w/ CDAN 95.23 98.79 100.00 94.01 7245 71.87 88.73

6.3.1

We first show that SAN++ performs comparably to prior
works for closed-set domain adaptation. We conduct the
experiment on Office-31. We use both DANN [18] and
CDAN [48] to perform distribution alignment for SAN++ in
this experiment and we conduct experiments on the Office-31
dataset. Since the other partial domain adaptation methods

Closed-Set Domain Adaptation
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TABLE 4: Accuracy (%) of partial domain adaptation tasks on Office-Home (ResNet-50).

Method Office-Home

Ar—Cl Ar—Pr Ar—Rw Cl—=Ar Cl—Pr Cl-Rw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr Avg
ResNet [27] 46.33 67.51 75.87 59.14 59.94 62.73 58.22 41.79 74.88 67.40 48.18 7417 61.35
RTN [49] 49.31 57.70 80.07 63.54 63.47 73.38 65.11 41.73 75.32 63.18 43.57 80.50 63.07
JAN [50] 47.61  58.66 67.84 50.81 53.06 61.33 53.11 44.87  68.56 61.00 51.79 69.53 57.35
DANN [18] 43.76 67.90 7747 63.73 58.99 67.59 56.84 37.07 76.37 69.15 44.30 7748 61.72
IWAN [92] 53.94 54.45 78.12 61.31 47.95 63.32 5417  52.02 81.28 76.46 56.75 8290 63.56
DRCN [41] 51.60  75.80 82.00 6290 6510 7290 67.40 50.00 81.00 76.40 57.70 79.30  68.50
ETN [9] 59.24 77.03 79.54 62.92 65.73 75.01 68.29 55.37 84.37 75.72 57.66 8454 70.45
SAN [7] 44.42 68.68 74.60 67.49 64.99 77.80 59.78 44.72 80.07 72.18 50.21 78.66  65.30
SAN++ 61.25 81.57 88.57 72.82 76.41 81.94 74.47 57.73 87.24 79.71 63.76 86.05 75.96

usually focus on the problem of outlier source class space,
we do not compare with them in this experiment.

As shown in Table 3, we can observe that in closed-set
domain adaptation, SAN++ with DANN and with CDAN
both perform comparably to the corresponding domain
adaptation methods that use a similar distribution alignment
module. The results demonstrate that the mechanism to
filter out outlier source samples in SAN++ does not hurt its
performance for closed-set domain adaptation.

TABLE 5: Accuracy (%) of partial domain adaptation tasks
on Office-31 (ResNet-50).

Method Office-31
A-WD—-WW-DA—-DD—-AW-—=A Avg
ResNet [27] 7559 9627 98.09 8344 8392 8497 87.05
RTN [49] 7898 9322 8535 77.07 8925 89.46 85.56
JAN [50] 80.32 9455 8923 8456 90.74 90.23 8827
CMD [90] 7912 9398 90.12 8143 87.65 89.01 86.89
DANN [18] 7356 9627 9873 8153 8278 86.12 86.50
ADDA [80] 75.67 9538 99.85 8341 83.62 8425 87.03
IWAN [92] 89.15 9932 9936 9045 95.62 9426 94.69
PADA[8] 86,54 9932 100.00 8217 92.69 9541 92.69
DRCN [41] 90.80 100.00 100.00 9430 9520 94.80 95.90
ETN [9] 9452 100.00 100.00 95.03 96.21 9464 96.73
SAN [7] 9390 9932 9936 9427 9415 8873 94.96
SAN++ 99.66 100.00 100.00 98.09 94.05 95.51 97.89

TABLE 6: Accuracy (%) of partial domain adaptation tasks
on VisDA-2017, ImageNet-Caltech and OpenMIC (ResNet-50).

Method VisDA2017 ImageNet-Caltech Open
MIC
I—-C C—1I

ResNet [27] 45.26 69.69 71.29 71.45
RTN [49] 50.04 75.50 66.21 61.34
JAN [50] 50.38 72.16 62.47 63.91
DANN [18] 51.01 70.80 67.71 57.01
IWAN [92] 48.62 78.06 73.33 71.70
PADA [8] 53.53 75.03 70.48 64.56
DRCN [41] 58.20 75.30 78.90 74.67
ETN [9] 57.86 83.23 74.93 75.54
SAN [7] 49.92 77.75 75.26 73.49
SAN++ 63.06 83.34 81.07 77.56

6.3.2 Partial Domain Adaptation

We then compare the performance of different methods for
partial domain adaptation. Prior works show that more

advanced distribution alignment method, CDAN, performs
worse than DANN on partial domain adaptation tasks [42],
so we only use DANN as the distribution alignment module
in this experiment. We conduct experiments on a wide range
of datasets with different kinds of domain shifts. We show
the classification accuracy on Office-Home in Table 4, Office-
31 in Table 5 and VisDA /ImageNet-Caltech/OpenMIC in
Table 6. We can observe that SAN++ consistently outperforms
all the domain adaptation and partial domain adaptation
methods on nearly all the datasets. In particular, SAN++
outperforms the state-of-the-art partial domain adaptation
methods: DRCN and ETN, which justifies that SAN++
maximally downweights the outlier-class examples and
upweights the shared-class examples. By introducing the
class selection on all training losses of source supervised
training, target self-training and source-target adversarial
adaptation, SAN++ significantly outperforms SAN.

In addition, we find that some closed-set domain adapta-
tion methods perform even worse than ResNet trained solely
on source data. This is because they all assume identical
class space and match the whole source distribution with
the target distribution. The assumption does not hold in
partial domain adaptation and negative transfer degrades
their performance.

TABLE 7: Accuracy (%) of SAN++, SAN and pixel-level
domain adaptation method on Digits.

Method USPS — MNIST MNIST — USPS SVHN — MNIST

GTA [70] 50.47 33.72 56.71
SAN [7] 91.28 94.56 66.84
SAN++ 94.65 99,23 68.47

We further compare SAN++ with GTA [70], the state-of-
the-art pixel-level domain adaptation method, on the Digits
dataset in Table 7. Although GTA is strong on closed-set
domain adaptation tasks especially on the Digits dataset,
SAN++ outperforms GTA on all the three partial domain
adaptation tasks by a large margin. This confirms that GTA
cannot mitigate the negative transfer difficulty.

The statistical significance that SAN++ outperforms SAN
and ETN are shown in Fig. 4 and Fig. 5 respectively. The red
line indicates the p-value 0.05, where the values above this
line are statistically significant. We observe that SAN++ sig-
nificantly outperforms SAN on most tasks. Comparing with
the state-of-the-art ETN, SAN++ still achieves statistically
significant improvement on half of the tasks.
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Fig. 4: The negative natural logarithm of p-value that SAN++
outperforms SAN. The red line is — log(0.05) indicating the
bar of statistical significance.
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Fig. 5: The negative natural logarithm of p-value that SAN++
outperforms ETN. The red line is — log(0.05) indicating the
bar of statistical significance.

6.4 Analyses

The previous section shows that SAN++ is a very effective
algorithm for partial domain adaptation. Now we present
additional experiments to delve into the effectiveness of the
proposed SAN++ algorithm from several perspectives.
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Fig. 6: (a) Accuracy by varying the size of target class space
on A—W; (b) The estimated class transferable probability w
for the task A—W.

6.4.1 Target Class Space

We investigate a wider spectrum of partial domain adap-
tation problems by varying the size of target class space
on task A — W. Fig. 6(a) shows that when the target class
space size decreases, the performance of DANN degrades,
meaning that negative transfer becomes severer when the
gap between source and target class spaces are enlarged.
The performance of SAN++ degenerates when the target
class space size decreases from 31 to 23, where the negative

10

transfer problem arises but the transfer problem itself is
still hard. The performance of SAN++ increases when the
target class space size decreases from 23 to 10, where the
transfer problem itself becomes easier (the estimation of the
class transferable probability becomes easier if the target
class space is smaller). The margin that SAN++ outperforms
DANN becomes larger when the target class space size
decreases. SAN++ also outperforms DANN in the standard
domain adaptation setting when the number of target class
space contains all 31 categories.
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Fig. 7: The class transferable probability w evolves and
improves throughout training. The shared classes in C are
upweighted while the outlier source classes in C are filtered
out progressively.

6.4.2 Class Transferable Probability

We show the class transferable probability w in Fig. 6(b) on
the task of A—W of Office-31. We observe that SAN++ can
assign higher transferable probability for the classes in the
shared class space C and filter out outlier classes in Cs with
lower transferable probability.

We calculate the class transferable probability w on task
A —W of Office-31 during training and plot it in Fig 7.
In the beginning, the transferable probability is distributed
uniformly among all source classes since the classifier is
randomly initialized. As the training process proceeds, the
transferable probability of the classes in C increases and
those in C, decreases and finally vanishes to 0. In the end, all
classes in C are assigned with large transferable probability
while classes in Cs are ignored. In particular, the transferable
probability of the class “ruler” (row 25) in C; increases
moderately at iterations 0 ~ 4000, but vanishes finally. This
phenomenon may be caused by the similarity between this
class and the class “bookcase” (row 11) in C due to the similar
rectangle shape. However, our method successfully identifies
it and reduces its transferable probability. This shows that
SAN++ is robust to small errors in the beginning and is
able to make self-corrections through selective adversarial
training as shown in Section 5.3.

6.4.3 Confusion Matrix

To investigate the influence of negative transfer, we calculate
the confusion matrix on VisDA-2017 task for ResNet, RTN,
IWAN and SAN++ (see Fig. 8). We observe that RTN suffers
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TABLE 8: Comparison with BA3US on Office-Home (ResNet-50).

Office-Home

Method
Ar—Cl Ar—Pr Ar—Rw Cl—Ar Cl—-Pr Cl-Rw Pr—Ar Pr—Cl Pr-Rw Rw—Ar Rw—Cl Rw—Pr Avg
BA3US [42] 60.62  83.16 88.39 7175 7279 83.40 7545 61.59 86.53 79.25 62.80 86.05 7598
SAN++ 6125  81.57 88.57 72.82 7641 81.94 7447  57.73 87.24 79.71 63.76 86.05 75.96
SAN++w/ COT 6149 82.07 88.74 73.00 78.04 84.59 74.84  63.40 87.96 81.73 64.72 87.84 77.37
aemmane 000 001 001 000 002 005 000 000 001 012 002 TABLE 9: Comparison with BASUS on VisDA-201 7, ImageNet-
%7 bicycle{ 001 031 000 001 001 001 043 001 007 001 01l 002 Caltech and OpenMIC (ResNet—50).
4 bus{ 000 000 WM 012 001 000 001 001 000 000 021 003
car{ 001 000 004 001 001 005 002 002 002 009 011 Method VisDA2017 ImageNet-Caltech Open
08 MIC
horse{ 001 000 000 o001 KM 001 017 003 005 000 003 001 I—-C C—1
knife] 013 000 001 001 004 009 002 000 012 “ 005 0.01 BA3US [42] 46.39 84.00 83.35 76.95
aeroplane 010 0.00 003 002 002 002 002 003 010 014 0.05 SAN++ 63.06 83.34 81.07 7756
~  bicycle{ 004 023 000 004 005 015 020 004 011 000 008 005 SAN++ w/ COT 76.94 85.15 84.76 78.88
i~ bus{ 002 0.00 004 00l 001 001 004 009 000 020 008
0.6
car{ 007 001 002 041 003 002 002 008 019 001 005 010 TABLE 10: Comparison with BASUS on OfﬁCB-31 (ResNet-SO).
horse | 003 001 000 0.00 013 004 005 008 000 004 001
knife] 026 004 000 000 000 003 001 037 018 008 00l 001 Method Office-31
aeroplane TGl 000 000 000 000 00l 006 000 000 000 010 001 A>WDSWWoDA-DD—AW—A Avg
Z  bicycle{ 000 000 000 000 003 024 002 007 001 006 001 N BASUS
2 1000 000 037 002 000 00l 002 00l 000 000 0.03 [42] 98.98  100.00  98.73 99.36  94.82 94.99 9781
- bus SAN++ 99.66 100.00 100.00 98.09 94.05 9551 97.89
car{ 000 000 001 030 000 006 0235 003 002 001 010 025 SAN++w/ COT 9932 100.00 100.00 9872 9495 96.14 98.18
horse{ 000 000 0.00  0.00 002 005 008 004 000 002 0.00
knife 001 000 000 000 000 016 003 001 002 0.03 001
;e:i'::l:’ - - Zzz EZ ZZ Zzz z:j Zzz ZZZ ZZT ZZ: ZZZ 02 method and we also show SAN++ with COT. As showzr; in
& bus{ 000 000 022 001 001 000 000 000 000 015 001 Tables 8, 10 and 9, SAN++ performs comparably to BA°US
card 000 000 000 001 008 001 001 000 002 004 001 on most of the tasks in Office-31, Office-Home, ImageNet-
horse{ 0:00 000 0.00 0.01 002 001 000 000 000 001 000 Caltech and Open MIC datasets, but on the VisDA2017 tasks
knife{ 000 000 000 o001 o002 [NUGA 000 000 000 039 001 0.?0 L1, SAN++ significantly outperforms B A3US. We further show
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Fig. 8: Confusion matrix of prediction results of ResNet, RTN,
IWAN and SAN++ on VisDA-2017 dataset.

from negative transfer in all the classes since it aligns the
whole source domain with the target domain, resulting in
more predictions of classes into Cs. Confusion matrices of
SAN++ and IWAN, however, are more“diagonal"”, which
show better performance than ResNet in most classes. This
indicates that SAN++ and IWAN introduce less negative
transfer and assign less predictions into C;. Fig. 8 also shows
that SAN++ is superior to IWAN. Note that VisDA2017
dataset is not balanced w.r.t. the classes. The class “car”
has almost twice the number of images compared with
other classes. SAN++ performs well on the “car” class and
thus shows promising results in Table 6. The accuracy of
quite a few classes is still not satisfying. But this is mainly
due to some similar categories like bicycle/motorcycle,
bus/car/train, knife/skateboard (both are elongated). This
is a widely-known open problem in unsupervised domain
adaptation and is not the focus of this paper.

6.4.4 Complement Entropy

We compare with the state-of-the-art distribution alignment
based partial domain adaptation method BA3US [42]. BA3US
adopts the complement entropy (COT) loss [10] to regularize
the prediction, which is a general technique to expect uniform
and low prediction scores for incorrect classes for labeled
source samples. COT can be naturally embedded into our

that when combining SAN++ with COT, the performance
can be improved to be higher than both SAN++ and BA3US.
The results demonstrate that SAN++ is complementary to
COT [10], and the two methods can be combined to produce
much higher performance in practical applications.

TABLE 11: Memory and Time usage of SAN++ and SAN++
w/o bottom layer sharing (one iteration per image on I—=C).

Method Peak GPU Memory/MB ~ Time/s
SAN++ 569.5 0.148
SAN++ w/o shared 5551.0 1.601

6.4.5 Model Ablations

In terms of whether to use shared bottom layers for the
multitask discriminator, we can observe that using shared
bottom layers performs comparably to using entirely separate
discriminators. As shown in Table 11, using shared layers can
decrease the memory and computational cost significantly.

To go deeper with the efficacy of all SAN++ components:
the instance selection (instance), the class selection (class),
the self-training regularization (self-training), the entropy
minimization used in our conference version but replaced by
self-training in this journal version (entropy), and whether to
share bottom layers for the multi-task discriminator (sharing).
We perform the ablation study by using or removing these
components.

Based on ablation study in Table 12, we can make the
following observations. (1) Self-training is a more effective
regularization technique for partial domain adaptation, and
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TABLE 12: Accuracy (%) of SAN++ and its variants on Office-31 with ResNet-50 backbone.
instance class self-training  entropy  shared | Office-31

|A->W D—-W WD A—-D D—-A WA Avg
X X X X X 75.59 96.27 98.09 83.44 83.92 8497  87.05
4 X X X v 85.47 98.22 99.07 87.24 87.89 88.43 91.05
v v/ X X v/ 90.11 99.19 99.59 89.01 90.69 90.87  93.24
v v X v v 95.01 99.69 99.69 91.77 92.66 93.10  95.32
v v v X X 97.89 99.88 99.69 95.03 93.12 96.48  97.02
4 4 v X v | 99.66 100.00 100.00 98.09 94.05 95.51 97.89

can be used to replace the widely-used entropy minimization.
(2) Self-training enhanced by the proposed class transferable
probability can substantially improve the performance of
partial domain adaptation. (3) Class selection can improve
the performance by confining the training within the shared
class space to mitigate negative transfer. (4) Instance selection
enables a more powerful distribution alignment in a class-
correspondence way to promote positive transfer.

7 TowARDS MORE CHALLENGING PDA

This paper mainly studies partial domain adaptation where
the source class space subsumes the target class space. This
PDA setting is straightforward and easy to understand.
However, due to practical issues like synonyms or fine-grain
species in class labels, it is difficult to find a source domain
whose class space exactly contains the target class space.

For example, the source domain may have a “Dog” class,
which consists of samples from fine-grained species like “Col-
lie”, “Golden Retriever”, etc. All these samples are labeled
as “Dog” since fine-grained labels are unavailable. Typically,
the target domain is smaller than the source domain and
requires fine-grained labels like “Golden Retriever”. The
big source domain contains samples of “Golden Retriever”
among samples of “Dog”, which should help discriminating
“Golden Retriever” in the target domain.

This scenario seems to violate the PDA setting since
“Golden Retriever” € C; and “Golden Retriever” ¢ C;, —>
C: ¢ Cs. However, “Dog” is a superclass of “Golden
Retriever” and “Dog” € Cs N C;. From the perspective of
superclass, this scenario can be regarded as PDA because
source classes subsume superclasses of target classes, i.e., the
class space inclusion assumption C; C C; is satisfied at the
level of superclass.

In manually curated datasets, the assumption that the
source label space C; exactly subsumes the target label space
C; can easily hold. In practice, however, people may find that
the label space inclusion assumption cannot hold exactly, but
it may hold at the level of superclass like the above example.
This scenario is more challenging, since PDA learning cannot
directly yield a classifier to organize target data into fine-
grained target labels (such as “Golden Retriever”), but it can
only produce a transferable feature extractor F', which can
be useful for learning a target classifier from a few examples
indicative of the target classes.

To explore the challenging PDA setting, we construct
new classes as superclasses (Table 13) and use the original
classes in VisDA-2017 as subclasses. The setting is called
“VisDA-Sub”, with 12 tasks having different subclasses in

TABLE 13: Superclasses in the VisDA-Sub setting.

superclass subclass

cycling transportation bicycle, motorcycle

wheel transportation bus, car, truck

others knife, skateboard

other transportation aeroplane, train

organism horse, plant

person person

the target domain, where 8 tasks with prefix “Sub” have
subclasses from different superclasses in the target domain
while 4 tasks with prefix “Sub-Same” have subclasses from
the same superclass in the target domain. The details of the
target domain subclasses are shown in Table 14.

For the VisDA-Sub setting, since the target class space is
unknown during training, for SAN++ and all the compared
methods, we can at most learn a transferable feature extractor.
To enable fine-grained recognition (subclasses) in the target
domain, we randomly select only one labeled example from
each class in the target class space as the prototype. We
predict the label of each target example as the label of the
nearest prototype. We repeat the experiment 10 times with
different target prototypes and report the average accuracy.

Results on the more challenging PDA tasks are shown
in Table 15. Note that whether the target classes belong to
different superclasses or belong to the same superclasses,
SAN++ outperforms all the baseline methods.

When different target classes belong to different super-
classes (“Sub-2-1”/“Sub-2-2”/“Sub-3-1"/“Sub-3-2" /“Sub-
4-1” /"”Sub-4-2" /“Sub-5-1" /“Sub-5-2"), it is similar to the
common PDA setting since no subclasse belong to the same
superclass and the class boundary of the superclasses can
also be used for separating the subclasses. However, the
semantic shift between the superclass and the subclass still
makes the task more difficult than common PDA tasks. In
these tasks, all the PDA methods outperform ResNet and
SAN++ achieves the best performance.

When there are target classes belonging to the same super-
classes (“Sub-Same-1”/“Sub-Same-2"”/“Sub-Same-3"/“Sub-
Same-4"), it is much more difficult than common PDA
tasks due to the need to separate subclasses in the same
superclass. Even some advanced PDA methods such as
PADA and DRCN perform worse than ResNet (source
only). This is because PDA methods can only discriminate
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TABLE 14: The details of the target classes and the corresponding superclasses for each task in VisDA-Sub.
superclass | cycling transportation | wheel transportation | others | other transportation |  organism | Person
subclass | bicycle  motorcycle | bus car  truck | knife  skateboard | aeroplane  train | horse  plant | person
Sub-2-1 |  V/ | v | | | |
Sub-2-2 | v | oo | | |
Sub-3-1 | V | v | v | | |
Sub-3-2 | v | v oo v | | |
Sub-4-1 | | v | v | v | |
Sub-4-2 | v | oo v | oo |
Sub-51 | V/ | v | v | v | v |
Sub-5-2 | v | v oo v | v oo v o
Sub-Same-1 | v v | | | | |
Sub-Same-2 | vV v | v v oo | | |
Sub-Same-3 | Vv v | v v N v | | |
Sub-Same-4 | Vv v | v v/ N v | v oo |
TABLE 15: Accuracy (%) of partial domain adaptation tasks on VisDA-Sub (ResNet-50).
Method VisDA-Sub
Sub-2-1 Sub-2-2 Sub-3-1 Sub-3-2 Sub-4-1 Sub-4-2 Sub-5-1 Sub-5-2 Sub-Same-1 Sub-Same-2 Sub-Same-3 Sub-Same-4 Avg
ResNet [27] 71.74 73.21 70.61 66.84 75.34 74.25 76.20 74.55 55.74 37.63 38.67 38.29 62.76
DANN [18] 71.79 68.88 59.92 51.32 68.71 66.52 71.51 73.90 57.02 31.67 26.28 32.88 56.45
ADDA [80] 7245 67.32 61.56 53.21 61.87 6413 71.21 70.80 55.33 34.15 28.19 29.99 55.60
IWAN [92]  77.49 69.54 62.12 63.12 71.23 65.66 70.44 73.11 57.55 38.31 31.45 35.02 59.59
PADA [8] 78.56 70.39 63.12 64.35 70.84 66.19 72.32 75.49 58.38 39.12 32.01 35.11 60.49
DRCN [41]  79.15 71.43 63.31 63.41 71.35 70.41 73.12 74.88 58.76 40.46 34.32 36.12 61.39
ETN [9] 80.34 7213 66.67  66.18 75.97 76.49 75.12 76.39 59.46 40.94 40.58 37.21 63.96
BA3US [42] 85.84 73.53 69.61 56.50 77.24 67.71 78.52 77.39 60.01 42.09 41.96 38.49 64.07
SAN [7] 77.27 71.56 62.46 64.11 73.67 78.14 73.84 81.56 57.88 38.59 31.02 34.96 62.09
SAN++ 88.51 80.60 79.72 76.71 77.28 86.15 78.27 89.07 62.87 45.88 43.44 41.62 71.84
superclasses, ignoring more detailed separation of target REFERENCES

subclasses. SAN++ could learn a feature space where samples
of different subclasses are more clearly separated.

8 CONCLUSION

In this paper, we introduce the partial domain adaptation
(PDA) problem, where the source class space subsumes the
target class space. We theoretically analyze the problem
and show the importance of estimating the transferable
probability of each class and each instance across domains.
Based on the theoretical guidelines, we propose the Selective
Adversarial Networks (SAN and SAN++) to promote posi-
tive transfer in the shared class space by instance selection,
and to alleviate negative transfer of outlier source class
space by class selection. Both theoretical and empirical
results demonstrate that our approach successfully tackles
the partial domain adaptation problem, even when the PDA
task becomes more challenging with superclasses.
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