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Abstract

Domain adaptation attempts to boost the performance
on a target domain by borrowing knowledge from a well
established source domain. To handle the distribution gap
between two domains, the prominent approaches endeav-
or to extract domain-invariant features. It is known that
after a perfect domain alignment the domain-invariant rep-
resentations of two domains should share the same char-
acteristics from perspective of the overview and also any
local piece. Inspired by this, we propose a novel method
called Hierarchical Gradient Synchronization to model the
synchronization relationship among the local distribution
pieces and global distribution, aiming for more precise
domain-invariant features. Specifically, the hierarchical
domain alignments including class-wise alignment, group-
wise alignment and global alignment are first constructed.
Then, these three types of alignment are constrained to be
consistent to ensure better structure preservation. As a re-
sult, the obtained features are domain invariant and intrin-
sically structure preserved. As evaluated on extensive do-
main adaptation tasks, our proposed method achieves state-
of-the-art classification performance on both vanilla unsu-
pervised domain adaptation and partial domain adaptation.

1. Introduction

The general hypothesis of machine learning is that the
training and testing data share similar distribution, which
makes the model trained on a large scale labeled data per-
form well on the test data. However, in many real world
applications, we usually only have access to limited amount
of labeled training data sharing similar distribution with the
testing data, which is insufficient for training a good enough
model. Domain adaptation has shown promising effect on
such a challenge by borrowing knowledge from a sophisti-
cated set (i.e., source domain) which has a large number of
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labeled data but lies in a different distribution with the test
data (i.e., target domain).

According to the scale of labeled data in target do-
main, domain adaptation can be categorized into super-
vised, semi-supervised and unsupervised domain adapta-
tion. This paper mainly concentrates on the unsupervised
domain adaptation where there is only unlabeled data in
target domain. Most existing works deal with the domain
adaptation problem by alleviating marginal distribution dis-
crepancy (i.e., the distribution of data X) or conditional
distribution discrepancy (i.e., distribution of data X given
classes labeled with Y'). Besides, there are also some works
attempting to tackle both the marginal and conditional dis-
tribution simultaneously.

In the early days, most methods endeavor to align the
marginal distribution of source and target domains by us-
ing instance re-weighting, such as sample selection bias
[45, 7, 19] and co-variate shift [39, 1]. These approaches
are suitable for those scenarios where the source and target
domains share the same support, thus they cannot achieve
satisfactory performance in the wild scenarios.

For better handling the complicated scenarios, the com-
mon subspace methods focusing on extracting domain in-
variant representation came up [14, 13, 37, 12, 38]. These
methods mainly attempt to minimize the gap between
marginal distributions of two domains. In the approach of
Geodesic Flow Kernel (GFK) [13], an infinite number of
the subspaces is integrated to model domain shift between
source and target domain. In [12], a set of landmarks, i.e.,
a subset of labeled data from the source domain that have
the most similar distribution as the target domain, are un-
covered to bridge the source and target domain. The meth-
ods proposed in [24] and [28] embed deep features into Re-
producing Kernel Hilbert spaces (RKHS) and minimize the
maximum mean discrepancy (MMD) of the features for dis-
tribution adaptation. JGSA [46] and PUnDA [11] mitigate
the geometrical structure gap and distribution shift jointly.
The method in [48] handles the domain shift by aligning the
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Figure 1. Illustration of (a) local misalignment in methods only with global distribution alignment, and (b) expected alignment on both

global domain and local classes. Best viewed in color.

RKHS covariance matrix across domains.

In these conventional approaches, the distribution dis-
crepancy is usually measured by the metrics like MMD, K-
L divergence and Bregman divergence. Recently, the adver-
sarial loss as a more powerful metric has caught a lot of at-
tentions. The works in [9, 10, 41] handle the domain shift by
augmenting a gradient reversal layer or employing adversar-
ial objective on target domain features. As a result, the fea-
tures confusing the domain classifier are generally domain
invariant. Afterwards, many methods based on domain
transformation via adversarial learning [40, 23, 22, 49, 35]
attain quite promising performance on distribution align-
ment and domain invariant feature extraction.

The above methods only consider the gap between
marginal distributions of two domains. In other words,
these methods only align the two domains globally, but
without considering whether the alignment of local piece
is correct or not. As a result, there may happen that two do-
mains are well aligned, but the local pieces (e.g., categories)
of two domains are mismatched as shown in Figure 1(a).

In recent years, a few methods attempt to minimize the
gap between conditional distributions (i.e., class-wise dis-
tribution) of two domains, for better alignment of the cate-
gories between two domains. Specifically, in WDAN [44],
class-specific auxiliary weight for each class is introduced
into the original MMD metric for utilizing the class prior
on source and target domains. MADA [31] exploits multi-
ple adversarial learning, one for each class, gaining much
more performance improvement on target domain. Further,
based on this multiple adversarial framework, CDAN [25]
novelly designs multi-linear conditioning, i.e., conducting
adversarial learning on the covariance between feature rep-
resentations and classifier predictions, to implicitly align the
conditional distribution of source and target domains, which

handles the domain distribution alignment more elaborately.
Similarly, the methods specialized for partial domain adap-
tation including SAN [2] and PADA [3] also show the ad-
vantages of considering class-wise distribution alignment.

There are some other methods [26, 17, 36, 33, 5, 18, 30,
47] directly predict the category labels of unlabeled samples
in target domain as pseudo labels during training process as
pseudo-labels. With the pseudo category labels of target
domain samples and those known true labels of source do-
main samples, the samples from distinct domains but the
same category are implicitly pulled close to share the same
distribution. In the proposed SymNets in [47], the domain
discrimination and confusion are stacked upon the concate-
nated classifiers of source and target domains, thus facilitat-
ing the domain-level and category-level feature distribution
confusion. MCDDA [34] and CAN [21] are both approach-
es concentrating on explicitly calibrating the category-level
distribution of both domains. MCDDA [34] plays the min-
max game between feature encoder and two different clas-
sifiers to optimize the decision boundary and then allevi-
ate the intra-class domain discrepancy. CAN [21] explicitly
minimizes the intra-class discrepancy and simultaneously
maximizes the inter-class discrepancy between domains ac-
cording to the labels of source and predicted labels of target
domain.

Generally, these recently proposed methods consider the
alignment of both global distribution (domain-level) dis-
crepancy and local distribution (category-level) discrepan-
cy, thus achieving promising performance. However, in
these methods the global alignment and local alignmen-
t are implemented in a separate manner, e.g., minimizing
weighted sum of domain-level and category-level discrep-
ancy [6, 31, 25]. As a result, the obtained results are only a
trade-off of the global and local distribution alignment, and
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inconsistent distribution alignment still exists.

As observed from Figure 1(b), in a perfect domain align-
ment, the calibration of local category and the global do-
main distribution are consistent, i.e. the calibration direc-
tion are roughly the same. To elaborately consider the in-
trinsic relation between local and global distribution align-
ment, in this work we propose a new method that can con-
sistently align the local and global distribution by constrain-
ing the gradient of local and global alignment to be syn-
chronous, referred to as Domain Adaptation with Hierar-
chical Gradient Synchronization (GSDA).

Briefly, the contributions of this work are in two folds:
(1) we propose a novel method that considers consistency of
the global and local distribution alignment, to preserve the
intrinsic structures of both domain distributions for better
domain adaptation. To the best of our knowledge, it is the
first work to explicitly model the intrinsic relation between
global and local distribution alignment. (2) The consisten-
cy of the global and local distribution alignment is achieved
by a newly designed a hierarchical gradient synchroniza-
tion module. (3) This method achieves state-of-the-art clas-
sification accuracy in unsupervised domain adaptation and
partial domain adaptation scenarios experimentally.

2. Method

For clear description, we first give some definitions.
The labeled source domain images and the unlabeled tar-
get domain images are denoted as X*® = {(x?,y?)}?_; and
Xt= {:LE L1, respectively. In unsupervised domain adap-
tation, the source and target domains, i.e., X° and X t gen-
erally follow different distributions but share the same cat-
egories. The samples in source domain are labeled, with
category label denoted as y{ € C* = {1,2,--- ,r}, while
the samples in the target domain are unlabeled. In the unsu-
pervised domain adaptation the source and target domains
share exactly the same categories, i.e., C* = C*, where C*
and C* are r classes in target and source domains. There
is also a special scenario where the C? is a subset of C?,
i.e., C* C C%, called as partial unsupervised domain adap-
tation. Our method is applicable for both unsupervised do-
main adaptation and partial unsupervised domain adapta-
tion. For easier understanding we introduce the formulation
in the scenario of unsupervised domain adaptation, while
evaluate both tasks in the experiments section. Unless oth-
erwise specified, the symbols s and ¢ used in the superscript
or subscript denote the source domain and target domain,
respectively.

The whole framework of our method is shown in Fig-
ure 2, which is equipped with a feature extractor £, an ob-
ject classifier C and three types of adversarial discriminators
D = {Ddom DIP DelsY. Here, D™ denotes the adver-
sarial discriminator for globally domain distribution align-
ment, namely, the domain-level alignment. Dels denotes

adversarial discriminators for locally class-wise distribution
alignment. And D9"P represents adversarial discriminators
for group-wise alignment where each group is composed of
several classes. The feature extractor £ is fed with both the
source and target domain data and outputs the features f
which are expected to be domain invariant. Afterwards, the
features are fed into the classifier C for classification and
also into the adversarial discriminators D for domain shift
reduction. The feature extractor £ and the discriminators
D play a two-player min-max game to make the features
from £ domain invariant. In other words, the features from
£ should be domain invariant if they successfully fool the
domain discriminators D.

2.1. Feature Extraction and Classification

The feature extractor £ encodes the input source or target
samples x° and 2 into a common feature space as follows:

fP=E@%), [ = &(ah), (1)

where £ can be any kind of network architecture such as
several successive convolutional layers. Then f € {f*, f}
is fed into the classifier C to ensure feature f to be discrimi-
native. The parameter of feature extractor £ and classifier C
are denoted as f¢ and ¢, respectively. The output of object
classifier C is denoted as below:

p; =C(f).p5 =C(f}), )

where p; is the softmax output of C with z; as input, and
pz» is the softmax output of C with :c; as input. Considering
that true category labels are available for source domain,
the cross entropy loss of classification is directly applied
and formulated as below:

L= Y H(e@EE).u). 3)

$feXS

where H (-, -) represents the cross entropy loss.

For target domain samples, the category labels are un-
available, and thus conventional cross entropy loss is inap-
plicable. Therefore, following [15], the conditional entropy
loss is exploited to enhance the certainty of prediction, i.e.,
force only one element in p§- to be dominant while the rest
suppressed. Formally, the conditional entropy loss L! for
unlabeled target domain samples is as below:

L=y f(cE@))). @

o t
LjEX

where H(-) is the conditional entropy loss with H (h) =
— > k1 Ph(K) log pfi(k). The k* element p’ (k) in p’ indi-
cates the probability of = being assigned to the k' class.
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Figure 2. Illustration of the overall framework of our GSDA method. An input sample x; from source or target domain is firstly encoded
by the common feature extractor £. Based on the extracted feature, the classifier C is designed for object classification, and the adversarial
discriminators including D4°™, DI and D' are designed for distribution alignment from perspective of domain-level, group-level and
category-level respectively. Furthermore, a hierarchical gradient synchronization between the three types of adversarial discriminators is
constructed to constrain the consistency between global and local alignment for better structure preservation. Best viewed in color.

Overall, the object classification loss of both domains is
obtained as below:

L¢ =L +all, )

constraining the common feature f to be discriminative,
benefitting the classification task.

2.2. Domain Distribution Alignment

Besides the categorial discriminability, the feature f
from & should be also domain invariant to potentiate knowl-
edge transfer from source domain to target domain. In a
perfect domain-invariant feature space, not only the glob-
al structure of both domains but also any local piece such
as every group or even every class should be well aligned.
Aiming for this goal, three types of adversarial discrimina-
tors are introduced for domain-level, group-level, and class-
level distribution alignment respectively. Furthermore, the
consistency of the three types of alignment are constrained
by a novel hierarchical gradient synchronization module.
This synchronization module ensures the alignment of any
local piece is consistent with the global alignment structure,
leading to a more informative domain alignment.

Global Adversarial Discriminator The global adver-
sarial discriminator, i.e., domain-level adversarial discrim-
inator D9™ is designed to distinguish the source domain
from target domain with cross entropy loss as follows:

L= )" H(D™(E(x)),di), with

;e XsUXt
{1, if z e X®, ©)
d; =
0,

if z,€X t,
where d; represents the domain label of each sample z;.
By playing min-max adversarial optimization between £
and this discriminator D9’ whose parameter is denoted as
Opaom , the whole distributions of two domains from £ will
become nonseparable globally.

Local Adversarial Discriminators Even if the global
distribution is well aligned, the distribution of each class in
two domains may be misaligned as shown in Figure 1(a),
e.g., the i*" category of source domain may be aligned to
kth(i # k) category of target domain although the two do-
mains are globally well aligned. This is because that the
global domain migration constraint merely considers the w-
hole domain discrepancy but not the discrepancy in any lo-
cal piece. Therefore, the local adversarial discriminators are
established to deal with the distribution discrepancy in local
regions of source and target domains, which consist of two
kinds of local adversarial discriminators: class-wise ones
and group-wise ones.

Firstly and straightforwardly, class-wise adversarial dis-
criminators are constructed to tackle the discrepancy within
each category between the source and target domain, i.e.,
the i*" category of source domain should be aligned to the
it" category of target domain rather than other categories
in target domain. Formally, the class-wise adversarial dis-
criminator for the k' category is denoted as D§'* and its
domain discrimination loss is formulated as follows:

L= Y pr(D,ng (E(xi)),di), with

T, EXSUX?

if =z eX® ™

L,
d; =
0, if x; €X',

where d; is the domain label, similar with that in global ad-
versarial discriminator, k € {1,2,--- | r} denotes the index
of k" class-wise adversarial discriminator and p¥ is the loss
weight of sample z; representing its probability of belong-
ing to k'" class, i.e., the k*" dimension output of p; and
pﬁ in Equation (2). Note that if ; € X* and it belongs to
the k' class, p¥ = 1 and p!|j 2 = 0 because the label of
x; € X*° is definite. While for z; € X?, as its label is un-
available, the corresponding p¥ is the predicted probability
of x; € X* to be classified into the k** class by classifier C
in Equation (2).

Likewise, by playing min-max adversarial optimization
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with the objective above, the distribution of two domains
is well aligned for each category. The parameter of each
class-wise local discriminator D¢’ is denoted as Opets.

Besides each class, any local group consisting of sever-
al classes should be also well aligned in a perfect domain
alignment. Thus, the local alignment can be reinforced by
establishing group-level adversarial discriminators. Similar
as the class-wise adversarial discriminators, the group-wise
adversarial discriminators DJ"? for the q*" group with do-
main discrimination loss is formulated as follows:

Lyv = " plH(DYP(E), d; ) with

T, €XsUX?
d 1, if xz; € X°
‘o, if oz e X

where ¢ € {1,2,---,b} denotes the index of ¢*" group-
wise adversarial discriminator, the pg denotes the proba-
bility of ; belonging to the ¢'* group. The groups here
are simply achieved as random divisions of all classes that
are defined in Equation (7). Correspondingly, the catego-
ry grouping probability of the ¢ group p! can be easily
obtained as p! =Y, cq pf. Generally, the classes in differ-
ent groups are allowed to overlap with each other, while in
this work all groups are simply randomly divided without
overlap. What is worth mentioning is that, when the num-
ber of classes is large, these groups could be hierarchically
structured groups rather than flat structured ones.

Similarly, by playing min-max adversarial optimization
with the objective above, the distribution of two domains is
well aligned locally in each group. The parameter of each
group-wise local discriminator DY" is denoted as GDZH.
The parameter of each group-wise local discriminator DJ"?
is denoted as Qqu

Then the overall parameters of all discriminators are de-
noted as Op = {0paom, Opeis, Opgr» }. By summing up all
the local adversarial discriminators, the objective for local
distribution alignment is obtained as:

Z LgP + Z Ly, ©)

where b stands for the number of groups and r represents
the number of classes.

Overall, the three types of distribution alignment includ-
ing domain-level, group-wise, and class-wise domain dis-
tribution alignment form a hierarchical aligning structure,
aiming for better alignment between source and target do-
mains globally as well as locally.

®)

2.3. Hierarchical Gradient Synchronization

The preceding global and local adversarial discrimina-
tors deal with the distribution alignment between domains
from global and local perspective, but in an independen-
t manner. This may cause inconsistency among the global

@ g, Cradient Synchronization

sla &la

Figure 3. Illustration of the hierarchical distribution alignments
and hierarchical gradient synchronization among them.

and local alignments, which would compromise the align-
ing direction of global and local alignment leading to inac-
curate distribution alignment.

Actually, in a perfect global alignment, any local piece
should be also well aligned, or vice versa: a perfect align-
ment of each local piece also forms an optimal global align-
ment. Specifically, the aligning direction and magnitude of
each local piece should be consistent with that of the whole
domain. So intuitively the consistency between the global
and local domain alignment could be used to verify if two
domains are well aligned or not. In return, it would benefit
the domain alignment if this consistency is formulated into
the process of distribution alignment. With this in mind, a
novel constraint on the gradient is designed as the Hierar-
chical Gradient Synchronization term, which is presented in
Figure 3 and specifically formulated in Equations (10) and
(11) below.

Specifically, Hierarchical Gradient Synchronization con-
sists of gradient synchronization among the three levels of
adversarial discriminators, i.e., domain-level, group-level,
and class-level discriminators, forming a hierarchical man-
ner. The gradient synchronization between class-wise align-
ment and group-wise alignment is designed as below:

ol s zua”“

sy

qrp~cls

X*UX!
(10)

The gradient synchronization objective in the above E-
quation (10) attempts to make the magnitude of the align-
ing direction of each group to be consistent with the sum
of that of each class within this group. Here, the first term
denotes the gradient magnitude of discriminator for the ¢'"
group, and the second term denotes the gradients magnitude
of discriminators for each class in ¢ group in the domain.
Note that here we only use constraint on magnitude as it
can affect both the direction and magnitude, while the sum
of gradients direction will neutralize the difference. Note
that in the second term, x; € X*® U X still means the sam-
ples from the k*" class because the sampling probability is
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included in L{*.

Similarly, the gradient synchronization between group-
wise and the whole domain alignment is formulated as fol-
lows:

oLy
syn
oo | et

Xsuxt

8L917

-3 Tl

X® uXt

1D
where the first term denotes the gradients magnitude of dis-
criminator for the whole domain, and the second term de-
notes the gradients magnitude of discriminators for each
group. Note that in the second term, z; € X% U X? still
means the samples from the ¢** group because the sampling
probability is included in L§"?.

Note that although Equations (10) and (11) are the losses
with regard to the gradients, they are first-order derivatives
optimization rather than second-order ones which is effi-
cient. This is because that the gradients in Equations (10)
and (11) are with regard to the input features, but not with
regard to the network parameters.

Afterwards, piling all the layers together, the overall 3-
layer hierarchical gradient synchronization constraint is nat-
urally obtained as below

LSyn — 2 : syn 5y
- Lgrp~cls dom~grp' (12)

With this constraint, the directions and magnitude of gra-
dient descent for both global and local alignment are ex-
pected to be kept in synchronization with each other. As a
result, the distributions of two domains can be aligned more
accurately.

With the global alignment, local alignment, and gradient
synchronization defined in Equations (6), (9) and (12), the
overall objective function of the discriminators D is finally
formulated as follows:

Lt =19+ L'+ BL*". (13)

With the objective in above Equation (13), the source and
target domain are aligned globally and locally, with consis-
tency between the global and local distribution alignment.
As as result, the two domains are well aligned and also the
discriminative structure are well preserved.

2.4. Overall Objective and Optimization

The overall objective function is optimized by alterna-
tively optimizing {€,C} and D following the adversarial
learning mechanism, which are detailed in the following.

Given {&,C}, the adversarial discriminators D are opti-
mized to distinguish the source domain from target domain
by minimizing the domain discrimination loss:

min LY=L+ L+ BLY", (14)

0pg,0p1

with the parameters updated as below:
O(LY + BLY™)

Opa < Opa—

D9 < Up D0 s s
0 0 8(Ll+ﬁLSy") ( )
pL <~ Upl— D0

where 7 is the learning rate.

Given D, the feature extractor £ and classifier C are op-
timized to make the features from &£ are discriminative and
domain invariant. This is achieved by minimizing the object
classification loss and confusing the adversarial discrimina-
tors by the min-max game as follows:

: c syn g l
er(rjl’ler; (L + 6L (L9+L ))7 (16)
with the parameters updated as:
Oc+0c— oL*
( C 77%,
OL¢ 00c OL®Y™ 8(L9+Ll) 899
0 Og— | ==—x=—H —
€< ve ”(aocxaag b =565 80p  90¢
a7

3. Experiments

We evaluate the proposed method and other related
works on both unsupervised domain adaptation (source and
target domains share the same categories) and partial do-
main adaptation (the categories of target domain is a subset
of that of source domain) benchmarks of object classifica-
tion, of which the partial domain adaptation results will be
given in supplementary materials. Besides, ablation study
is carefully done for analysing the contributions of each part
of the proposed method.

3.1. Datasets and Experimental Setting

Three standard benchmarks for unsupervised domain
adaptation and one for partial domain adaptation, respec-
tively, are employed for the evaluation.

Office-31-DA Office-31 [20] is a classical and widely
used benchmark for domain adaptation with 31 categories,
consisting of 3 different domains including Amazon (A)
with 2817 images, Webcam (W) with 795 images, and D-
SLR (D) with 498 images. Following the commonly used
protocol defined in [13, 26, 28, 31], all 31 categories from
the three domains are used for evaluation of unsupervised
domain adaptation, forming 6 transfer tasks.

Office-Home [42] Office-Home is another classical
dataset with 65 categories, consisting of 4 different domains
including Artistic images (Ar), Clip Art images (Cl), Prod-
uct images (Pr) and Real-World images (Rw). Following
the commonly utilized protocol defined in [13, 26, 28, 31],
all 65 categories from the four domains are used for evalua-
tion of unsupervised domain adaptation, forming 12 transfer
tasks.
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Table 1. Ablation study of our GSDA for domain adaptation on Office-31 (ResNet50).

Glb | Cls | Grp | Grad Sync || A=W | D-W | W=D | A—=D | DA | W—A | Avg
v 87.9 98.2 100.0 85.5 66.4 64.1 83.7
v v 91.7 98.4 100.0 87.1 68.9 67.2 | 85.6
v v v 93.1 99.0 100.0 914 71.5 67.0 | 87.0
v v v v 95.7 99.1 100.0 94.8 73.5 749 | 89.7

VisDA-2017 VisDA-2017 [32] is a more challenging
simulation-to-real task, with two distinct domains: synthet-
ic object images rendered from 3D models and real object
images. It contains 152397 training images and 55388 vali-
dation images across 12 classes. Following the training and
testing protocol in [34, 25], the model is trained on labeled
training and unlabeled validation set and tested on the vali-
dation set in unsupervised domain adaptation.

Office-31-PDA Recently, a new protocol for partial do-
main adaptation is built on Office-31 [20]. As defined in
[2, 3], the same three domains as that for the standard un-
supervised domain adaptation are used but with different
categories for source and target domains: all 31 categories
from the three domains are used as source domains, denoted
as A3l, D31, and W31, respectively, while the 10 common
categories shared between Office-31 and Caltech-256 are
used as target domains, denoted as A10 (958 images), W10
(295 images) and D10 (157 images), respectively.

Implementation Details For fair comparison, on each
setting we use the same network architecture as the com-
pared methods. Specifically, we use ResNet50 as the back-
bone in all the experiments. In Office-31-DA and Office-
Home, the hyper-parameter « in Equation (5) and 3 in E-
quation (13) is set as 0.02, and 1.0. In VisDA-2017 and
Office-31-PDA, « and 3 are set as 0.2 and 10.0, respec-
tively. In Office-31-DA and Office-31-PDA, classes are di-
vided into 6 groups. In Office-Home, they are divided in-
to 13 groups. And in VisDA-2017, they are divided into
4 groups. For clearer explanation of hyper-parameter se-
lection, the sensitivity analysis about hyper-parameters is
presented in supplementary materials. For stable training of
GSDA, those categories with fewer samples are augment-
ed by randomly re-sampling images to make all categories
have roughly the same number of images to avoid the da-
ta imbalance problem stated in [50]. For target domain,
the class labels are unavailable, so only those samples with
highly confident pseudo labels are used as training samples.

3.2. Ablation Study

The ablation study is conducted on unsupervised domain
adaptation setting (Office-31-DA) to investigate the neces-
sity of each component in GSDA. Briefly, our GSDA con-
sist of three parts, global alignment, local alignment, and
the hierarchical gradient synchronization between them. As
shown in Table 1, the method with only global domain
alignment (GIb) performs worse than that added with class-
wise alignment (Cls), showing that the local alignment is

Table 2. Object classification accuracy on Office-31-DA
(ResNet50). All methods follow the same settings, so most results
are directly from the original works except MCDDA which is
tuned using the released codes.

A D w A D w
Method 1 1 1 1 1 1 Avg

w W D D A A
ResNet50 [16] | 68.4 | 96.7 | 99.3 | 68.9 | 62.5 | 60.7 | 76.1
TCA [29] 72.7 1 96.7 | 99.6 | 74.1 | 61.7 | 60.9 | 77.6
GFK [13] 72.8 | 95.0 | 982 | 745 | 634 | 61.0 | 77.5
DAN [24] 80.5 | 97.1 | 99.6 | 78.6 | 63.6 | 62.8 | 80.4
RTN [28] 8451968 | 994 | 775 | 66.2 | 64.8 | 81.6
JAN [27] 854 1974 | 99.8 | 84.7 | 68.6 | 70.0 | 84.3
DANN [10] 82.0 | 969 | 99.1 | 79.7 | 68.2 | 674 | 82.2
ADDA [41] 86.2 | 96.2 | 984 | 77.8 | 69.5 | 68.9 | 82.9
MCDDA [34] | 82.6 | 989 | 99.8 | 84.3 | 66.2 | 66.3 | 83.0
MADA [31] | 90.0 | 974 | 99.6 | 87.8 | 70.3 | 66.4 | 85.2
CDAN [25] 94.1 | 98.6 | 100.0 | 929 | 71.0 | 69.3 | 87.7
SymNets [47] | 90.8 | 98.8 | 100.0 | 939 | 74.6 | 72.5 | 88.4
SAFN [43] 90.3 | 98.7 | 100.0 | 92.1 | 734 | 71.2 | 87.6
BSP [4] 93.3 | 98.2 | 100.0 | 93.0 | 73.6 | 72.6 | 88.5
GSDA (Ours) | 95.7 | 99.1 | 100.0 | 94.8 | 73.5 | 74.9 | 89.7

important for keeping discriminative structure during adap-
tation. Then constructed with group-wise alignment (Grp),
the model has further improvement because the discrimi-
native structure is captured more elaborately by random-
ly combining several classes as a group. Furthermore, by
considering hierarchical gradient synchronization between
global alignment and local alignment, our GSDA (with gra-
dient synchronization denoted as Grad Sync) achieves sig-
nificant improvement indicating its effectivenesswhich al-
so illustrates the necessity of consistency between global
and local distribution alignment. Clearly, our main contri-
butions, i.e., group-wise alignment and hierarchical align-
ment synchronization, shows promising benefit for domain
adaptation.

3.3. Unsupervised Domain Adaptation

Unsupervised domain adaptation is the most typical set-
ting for domain adaptation, and there are many related
works such as the conventional methods TCA [29] and GFK
[13], the deep adaptation works based on MMD criterion
like DAN [24], RTN [28] and JAN [27], and the adversari-
al learning based approaches including DANN [10], ADDA
[41], MADA [31], CDAN [25] and SymNets [47]. All these
methods are compared with our method on Office-31-DA,
Office-Home and VisDA-2017 introduced in Section 3.1.
The experiment results are shown in Tables 2, 3 and 4.

As can be seen, the baseline without adaptation and the
conventional non-deep methods perform the worst, while
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Table 3. Object classification accuracy on Office-Home dataset (ResNet50). All methods follow the same settings, so all the results are

directly copied from the original works.

Ar Ar Ar Cl Cl Cl Pr Pr Pr Rw Rw Rw
Method s 4 { 4 { 4 4 4 4 1 1 4 Avg
Cl Pr Rw Ar Pr Rw Ar Cl Rw Ar Cl Pr
ResNet50 [16] | 349 | 50.0 | 580 | 374 | 419 | 462 | 385 | 312 | 604 | 539 | 41.2 | 59.9 | 46.1
DAN [24] 436 | 57.0 | 679 | 458 | 565 | 604 | 44.0 | 43.6 | 67.7 | 63.1 | 51.5 | 743 | 56.3
DANN [10] 456 | 593 | 70.1 | 47.0 | 585 | 60.9 | 46.1 | 4377 | 685 | 632 | 51.8 | 76.8 | 57.6
JAN [27] 459 | 61.2 | 689 | 504 | 59.7 | 61.0 | 458 | 434 | 703 | 639 | 524 | 76.8 | 58.3
CDAN [25] 50.7 | 70.6 | 76.0 | 57.6 | 70.0 | 70.0 | 574 | 509 | 77.3 | 70.9 | 56.7 | 81.6 | 65.8
SymNets[47] 477 | 729 | 785 | 642 | 71.3 | 742 | 642 | 488 | 795 | 745 | 526 | 82.7 | 67.6
SAFN[43] 544 | 733 | 779 | 652 | 71.5 | 73.2 | 63.6 | 52.6 | 782 | 72.3 | 58.0 | 82.1 | 68.5
GSDA (Ours) | 61.3 | 76.1 | 794 | 654 | 733 | 743 | 65.0 | 53.2 | 80.0 | 72.2 | 60.6 | 83.1 | 70.3

Table 4. Object classification accuracy on VisDA-2017 task (ResNet50). All methods follow the same settings and encoder architecture
except the methods marked with t using ResNet101. The results are directly copied from the original works. The underlined results mean
the highest accuracies of the four marked methods with deeper networks or multiple data augmentations (S-En).

Method plane | bcycl | bus car | horse | knife | mcycl | person | plant | sktbrd | train | truck | Avg
ResNet50 [16] | 70.6 | 51.8 | 55.8 | 689 | 779 | 7.6 93.3 345 81.1 | 279 | 88.6 | 56 | 553
DAN][24] 61.7 | 548 | 77.7 | 322 | 75.0 | 80.8 | 783 469 | 669 | 345 | 79.6 | 29.1 | 59.8
DANN[10] 759 | 705 | 653 | 17.3 | 72.8 | 38.6 | 58.0 772 | 725 | 404 | 704 | 447 | 58.6
MCDDA {[34] | 87.0 | 60.9 | 83.7 | 64.0 | 889 | 79.6 | 847 769 | 88.6 | 403 | 83.0 | 258 | 71.9
TPN [30] 93.7 | 851 | 692 | 81.6 | 935 | 619 | 893 814 | 935 | 81.6 | 845 | 499 | 804
S-En* [8] 96.3 | 879 | 84.7 | 55.7 | 959 | 952 | 88.6 774 | 933 | 928 | 875 | 382 | 82.8
BSP 1[4] 924 | 61.0 | 81.0 | 575 | 89.0 | 80.6 | 90.1 77.0 | 842 | 779 | 82.1 | 384 | 759
SAFN7 [43] 936 | 61.3 | 84.1 | 70.6 | 94.1 | 79.0 | 91.8 79.6 | 89.9 | 55.6 | 89.0 | 244 | 76.1
GSDA (Ours) | 93.1 | 67.8 | 83.1 | 834 | 94.7 | 934 | 934 79.5 | 93.0 | 88.8 | 834 | 36.7 | 81.5

the deep methods with MMD criterion such as DAN [24]
and JAN [27] perform much better benefited from the fa-
vorable non-linearity of the deep networks. Furthermore,
the adversarial learning based methods including DANN
[10], ADDA [41], MADA [31] and ours perform even bet-
ter than those MMD based deep methods attributing to the
more powerful capability of adversarial learning for reduc-
ing distribution discrepancy.

Among the adversarial-based methods, DANN [10] and
ADDA [41] are early ones only concentrating on global
distribution alignment which outperform the MMD-based
methods but with limited improvement. MADA [31], C-
DAN [25] and SymNets [47] further consider class-level
alignment achieving more promising adaptation. However,
they do not consider the intrinsic relation between local and
global alignment, so some misalignment may still appear.
Go a further step, our proposed method GSDA considers
not only global and local (i.e., class-wise and group-wise)
alignment, but also the hierarchical gradient synchroniza-
tion relation between them, leading to better adaptation.

Moreover, BSP [4] and SAFN [43] are recently proposed
methods with different perspectives from feature distribu-
tion alignment. BSP penalizes the largest singular values
of feature eigenvectors to enhance the discriminality and
SAFN improves the transferablity by magnifying norm of
features. Compared with these two novel methods, our
method still achieves the best performance, demonstrating

the advantage and necessity of considering the relation be-
tween the global and local distribution alignment.

4. Conclusion and Future Work

Aiming for better unsupervised domain adaption, we
propose a novel method named GSDA aligning the distribu-
tion of two different domains globally and locally as well,
with gradient synchronization between them. The hierarchi-
cal gradient synchronization module is established to ensure
the consistency between global and local distribution align-
ment for better structure preservation. The extensive exper-
iments verify the superiority of our method.

The gradient synchronization between global and local
domain alignment has achieved promising improvement in
this work, and this also implies that the relation between
global and local distribution alignment deserves deeper
analysis and exploration in future.
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