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Abstract
supervised domain adaptation (UDA) aims to train an effec-

As an emerging machine learning paradigm, un-

tive model for unlabeled target domain by leveraging knowl-
edge from related but distribution-inconsistent source do-
main. Most of the existing UDA methods align class-wise
distributions resorting to target domain pseudo-labels, for
which hard labels may be misguided by misclassifications
while soft labels are confusing with trivial noises so that both
of them tend to cause frustrating performance. In this article,
we put forward a novel self-adaptive label filtering learning
(SALFL) framework to address this issue. Specifically, we
design a graph-based random walking strategy for SALFL to
predict pseudo-labels and then refine them via self-adaptive
label filtering mechanism. Further, we perform more gen-
eral joint distribution adaptation on the refined labels and ex-
tend this framework to the deep network architecture. Fi-
nally, we optimize the proposed SALFL objective by design-
ing an alternating algorithm, and demonstrate the superiority
of the proposed approach by extensive experiments on cross-
domain datasets.

Keywords unsupervised domain adaptation, self-adaptive
label filtering, random walking, general joint distribution

alignment

1 Introduction

In some machine learning applications, labeling data, e.g.
pathological images, is usually cost expensive and even infea-
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sible, thus it becomes advisable to train the required model on
unlabeled data together with other related labeled data. In this
setting, the performance of traditional machine learning mod-
els, however, likely tend to degenerate, since the assumption
that the training data and testing data are drawn from the same
distribution, cannot be satisfied. Fortunately, as an emerging
machine learning paradigm, domain adaptation (DA) [1] was
recently proposed to deal with this challenge by mitigating
the distribution inconsistency between the training and test-
ing data. As a significant branch of transfer learning [2], DA
has been widely applied to cross-domain image classification
[3, 4], object detection [5, 6] and natural language processing
[7, 8], etc.

In DA, the knowledge from the source domain is leveraged
to the target domain with limited or even none labeled data.
In terms of whether labeled data is involved in target domain,
the DA approaches can be categorized into semi-supervised
DA and unsupervised DA (UDA) [1]. In this article, we focus
on UDA which adapts knowledge from the source to the un-
supervised target domains, which has wide applications and
is more challenging.

The original foundation of UDA is to align the distribu-
], there-
fore the choice of distribution discrepancy metric is critical.

tions between the source and target domains [9—
In recent years, a variety of distance metrics [|2] have been
successively applied in UDA, such as Kullback-Leibler diver-
gence [ 13], Mahalanobis distance [14], Wasserstein distance
[15], etc. Among them, the Maximum Mean Discrepancy
(MMD) [

tiveness and simplicity. The MMD metric is a non-parametric

] has achieved wide success because of its effec-

distribution discrepancy measure which is typically modeled

in the reproducing kernel Hilbert space (RKHS) [17] with



solid theoretical foundation. It measures the marginal distri-
bution discrepancy [ 8] by minimizing the distribution mean
discrepancy between the source and target domains. Along
this line, the conditional MMD (CMMD) [9] was designed
to mitigate the class-wise mean discrepancy between the do-
mains. Subsequently, many studies were conducted to gen-
eralize MMD through various strategies, like balancing be-
tween MMD and CMMD [ 10], integrating MMD with other
losses [11], or increasing the discrimination of MMD [19].
In addition, in order to explore the natural structure infor-
mation contained in UDA, the geometric structure learning
[19—
formance, since the data in UDA is typically distributed with

] was introduced and widely achieved promising per-

neighbor-similarity relationships in some low-dimensional
manifold space. According to this, the geometric structure
knowledge from training data has been successfully exploited
to guide pseudo-label prediction for the target domain.

In the UDA methods aforementioned, the target domain is
usually assigned with pseudo-labels by a predictor trained on
the source domain. In this setting, the pseudo-labels can be
]. For the
hard type of labels, it assigns value 1 for the class to which

either encoded as hard labels [9] or soft labels [

an instance belongs, and O for the other classes. However,
this kind of label coding easily tend to incur severe negative
transfer if the encoded labels are wrong. In contrast, the kind
of soft labels assign a probability, between O and 1, for each
class to which the instance belongs.

Comparatively speaking, although the kind of soft labels
can alleviate the negative influence by scattering the proba-
bility distributions, it may misdirect knowledge transfer since
some unrelated classes may be assigned certain probabili-
ties. To overcome such drawbacks, as shown in Fig. 1, we
propose to achieve UDA by performing self-adaptive label
filtering learning (SALFL) from both the statistical and the
geometrical perspectives, which filters out the misclassified
pseudo-labels to reduce negative transfer. Specifically, the
proposed SALFL firstly predicts labels for the target domain
instances by graph-based random walking and then filters out
those noise labels by self-adaptive learning strategy. In addi-
tion, the proposed SALFL framework seeks a latent common
space to align the joint feature distributions of the domains
with more general form and is extended with deep network
architecture. Finally, we optimize the SALFL objective by
designing an alternating algorithm. In summary, the main
contributions of this work are fourfold as follows.

o A self-adaptive label filtering learning (SALFL) frame-
work is proposed for unsupervised domain adaptation
(UDA) by aligning the source and target domains from
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Fig. 1: Illustration of the proposed framework. The proba-
bility that a sample belongs to one class is represented by the
area occupied by its corresponding color. The more colors in
a sample, the more confusing that sample is.

both statistical and geometrical perspectives, which fil-
ters out the confusing probabilities by self-adaptive label
filtering.

o In the SALFL framework, more general joint distribu-
tion adaptation form is proposed with the refined cross-
domain labels and an efficient alternating optimization
algorithm is built, with time complexity analysis.

o To verify the generality of the SALFL framework, we
further extend it with the deep network architecture.

o Extensive evaluations and comparisons are conducted to
demonstrate the superiority of the proposed method.

The remainder of this article is organized as follows. Sec-
tion 2 reviews the related work. Section 3 elaborates the pro-
posed method. Section 4 presents the experiment settings and
result analysis. Finally, Section 5 concludes this work and
gives future research directions.

2 Related work

In this section, we review the UDA works that are most
relevant to our method.

2.1 UDA with feature space alignment

Feature-based statistical alignment methods [23, 24] have
been proven to be effective, which align the feature distribu-
tions through space transformation between the source and
target domains. For instance, the subspace disagreement was
adopted in GFK [
ity and then integrating the resulting cross-domain subspaces
to model domain shift statistically. Although GFK is ele-

gant and effective, it is inflexible on expansibility. Later, SA

] by measuring its optimal dimensional-

[24] was proposed to transform the source space to the target,
which has ignored the redundancy of target space in spite of
aligning the domain shift to a certain extent.
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Actually, most UDA methods [9, 10, 18, 25,
mitigate domain shift in a shared subspace. Along this line,
MMDE [
tent feature space by integrating MMD into MVU [
ditionally, TCA [
mains to a common space by minimizing their scatters with

] attempt to

] was designed in an aligned low-dimensional la-
]. Ad-
] was designed to directly project the do-

the MMD measure. Apart from the total distribution align-
ment, JDA [9] was proposed by incorporating the conditional
MMD with the marginal MMD to perform alignment be-
tween the domains. To address the issue of imbalanced tasks
in UDA, TIM [
domains together with joint feature matching. Later, BDA

] was built to reweigh the instances across

[10] achieved better results than TIM by introducing a bal-
ancing factor between the marginal and conditional distribu-
tion alignments. In order to make use of more discriminant
knowledge, JGSA [
the target domain, within-class and between-class scatters of

] modeled the distribution variance of

source domain as well as cross-domain distribution diver-
gence jointly in a unified objective. DICD [21] learned class
discriminative representations for UDA by measuring both
the intra-class similarity and inter-class dissimilarity.
Similarly, the idea of conditional distribution alignment is
also widely used in deep models thanks to its effectiveness.
MSTN [

pseudo-labeled target centroid of semantic representations

] attempted to align the labeled source centroid and

learned by the moving semantic transfer network. For exam-
ple, MADA [
tribution based on multiple domain discriminators. MRAN

] aimed at fine-grained alignment of data dis-

[30] extracted the multiple representations by a hybrid neural
structure to realize the conditional distribution discrepancy
minimization. Further, CDAN [
of multimodal distributions by conditioning the adversarial

] enabled the alignment

domain adaptation on discriminative information. Recently,
DSAN [4] proposed a transfer network to align the local max-
imum mean discrepancy of the domain-special layer across
different domains.

2.2 UDA with geometrical structure learning

Considering that the Geometrical structure learning [32]
can explore the data structures, it has been adopted in UDA
[19, 20, 33]. For instance, MEDA [
a domain-invariant UDA classifier by minimizing the data
structural risk on the Grassmann manifold. DGA-DA [19]
was built to perform UDA by inferring the target domain la-

] was designed to learn

bels through geometric structure learning. Nevertheless, the
geometrical structure learning is usually implemented in iter-
ative manner, such that the quality of the pseudo-labels gen-
erated in previous rounds is crucial to the subsequent rounds

and it is prone to bring about cumulative errors. Unfortu-
nately, such an issue is widely ignored in the methods dis-
cussed above.

2.3 UDA with label filtering learning

In UDA, the problem of unreliable pseudo-labels [34—36]
has received certain attention but has not been resolved well.
Specifically, CRST [
pseudo-labels via the confidence regularization which could

] encouraged the smoothness of soft

acquire more confident predictions but it is inconvenient to
optimize the embedded regularization loss and also hard to
transfer to other models. In addition, CAN [35] filtered the
points and classes far away from the cluster centers or contain
few target samples via zeroing them out. Though this method
could mitigate the interference of noise pseudo-labels, it suf-
fers from the problem of overconfidence pseudo-labels and
the SALFL we proposed aims at handling both problems si-
multaneously. PFAN [
Strategy (EHTS) to select easy samples progressively which

] utilized an Easy-to-Hard Transfer
were used to align domains. The local domain consisted
of selected samples has higher confidence and is easy to
align but the confidence of each sample remains the same.
Different from selecting samples iteratively and locally, our
method attempts to make each sample more reliable by the
self-adaptive label filtering learning strategy which works on
all target samples.

3 Self-adaptive label filtering learning

In this section, we first define notations to be used and for-
malize the research problem to be addressed. Then we elab-
orate the proposed self-adaptive label filer learning (SALFL)
frameowrk and present an optimization algorithm to solve it.
Additionally, we analyze the time complexity of the model.
Finally, we extend the model with deep network architecture.

3.1 Prelimination

In this article, matrices are written as boldface uppercase
letters and vectors as boldface lowercase letters. || X||r and
tr(X) denote the Frobenius norm and trace of the matrix X,
respectively. For convenience, notations involved in this arti-
cle are summarized in Table 1.

In UDA scenario, given a labeled source domain dataset
Ds : (X, Ys) = {xg,yg}?:l € {Xs,Ys), where x; € R? de-
notes the ith source domain instance and yg € RC represents
its corresponding label from totally C classes. UDA aims

to assign labels for unlabeled target instances Dy : {X7} =



Table 1: Summary of notation definitions involved in this
article.

Notation | Meaning \

the original feature dimension

the neighbor number

the regularization parameter

the number of classes

the total iterations

the number of source/target domain instances
the affinity matrix

the degree matrix

the path weight matrix

the MMD matrix

the discriminative loss matrix

the centering matrix

the projection matrix

Ys the source domain hard labels

Fg/Fr the source/target domain soft labels
Xs/Xr the source/target domain instance features

S NAQ~T
~
)
3

o

ST =E

>

{x’T}Z1 from the target domain X7, where x}. € R? indicates
the ith target domain instance. The source domain and tar-
get domain share same feature space Xs = X7 and label
space Y5 = Yr. In addition, both the domains have dif-
ferent marginal and conditional distributions, i.e. Ps (x5) #
Pr(x7) and Ps (ys | xs5) # Pr (yr | x7).

3.2 Graph-based random walking

Considering a label prediction algorithm in the manner of
a special random walking on the graph, which allows unla-
beled points (i.e., target domain data) walking randomly to
find label information from labeled points (i.e., source do-
main data) following the guidance of a neighborhood sim-
ilarity graph. The affinity matrix W e R of this graph
structure is constructed with elements:

W :z{é(xng), if i # j A x; € NN (x;) "

, otherwise

where 6(x[,x j) = e‘”x"‘)‘f”z/‘f2 measures the non-negative
similarity between x; and x;, o2 indicates the variance and
NN denotes the set of k nearest neighbors in domains. As
shown in Fig. 2, the transformation of each random walking
can be defined as

P=I;+1,P 2)

where P = D~'W indicates the weights of paths in the near-
est neighbors graph, the degree matrix D is a diagonal matrix
with entries d; = ¥, ; w;;. Additionally, diagonal matrix I, and
I is consisted of orientation coefficients @; and §; respec-
tively, if the ith point is unlabeled (target domain data), let
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a; = 1, B; = 0, which forces the point to walk around. And
if the point is labeled (source domain data), leta; = 0,8; = 1,
which constrains the point staying put.

x.‘ B,

Oi O/“
0‘/1 \Cl)

Fig. 2: Demonstration of graph-based random walking.

On the neighbors graph, each point walks randomly from
starting point based on the transformation matrix P until it
consecutively arrives any point twice. Let P = I,P and
G;; represent the ith point stopping walking at the jth point.
Then, the process of random walking can be described as fol-
lowing:

G=Ig+ Pl + PIy+-- + P+ - 3)

where (Pklﬁ)ij denotes the probability of the ith point stop-
ping at the jth point on the kth step. Further, the soft label

matrix F can be written as:

F =GY “

3.3 Self-adaptive label filtering learning

The predicted labels for the target domain by random
walking aforementioned is crucial to subsequent domain dis-
tribution alignment. The next step is to encode the labels with
hard or soft labels. However, the hard labels are so confident
that it easily tends to mislead the model, especially when en-
countered misclassifications. By comparison, the soft labels
may also confuse the model by those minuscule label com-
ponents. To overcome this problem, we put forward the self-
adaptive label filtering learning to filter out wrong or noisy
(pseudo) labels for the target domain.

Specifically, we denote respectively by Zg, Z7 the feature
representations for the source and target domains, (F7);. the
predicted pseudo-label coding vector of the ith instance in
target domain by the random walking, with (F7),. being the
probability of it belonging to the cth class. At first, we relabel
each instance for target domain as ¥; via the nearest centroid
classifier:

yi = argmin Dy (Z7); , cx) 5)

where Dy (-, -) measures the Euclidean distance between two
data points, ¢, stands for the kth class centroid of the source
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domain. Then, we update (refine) the pseudo-labels as fol-
lows:

~ (Fr)ic 8((FT)ic - (FT)iS'f)
ch:l (Fr)ij€ ((FT)[j - (FT)ijz,-)

(Fr);e (6)

where the unit step function &(x) = 1 when x > 0, and equals
to 0 otherwise. Let us define function nonzero (x) that returns
the number of nonzero values in vector x. As shown in Fig. 3,
for one refined label (Fr);, if nonzero (Fr):) = 1, we con-
sider it as confident label (Fig. 3(a)) which will benefit subse-
quent class-wise alignment. And if nonzero (Fr):) > 1, we
consider that it is an ambiguous label (Fig. 3(b)) which can
eliminate the interference of trivial label probability compo-
nents and thus mitigate possible negative transfer. We term
the filtering process as self-adaptive label filtering, for which
we use source domain distribution centroid to approximate
the target domain centroid and it is a target-domain unsuper-
vised manner. Actually, the label filtering learning process
can be considered as combination of soft and hard label en-
codings based on label selection. Confident labels use the
form of hard labels and ambiguous labels use the form of soft
labels which benefits filtering out confusing labels.

\ \/
O— Q/—V @ Q= — @
/ AG / 4/ \m

o \O o Y
@ mm((£), 2(F), )=1 @ nm((7;), 2(F,) ;) =3
@ | I 1
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(a) the confident label (b) the ambiguous label

Fig. 3: Demonstration of label filtering for the predicted
pseudo-labels.

3.4 General form of domain adaptation with filtered labels

Although the proposed SALFL framework can be com-
bined with most existing UDA methods, such as JDA [9],
JGSA [11], DGA-DA [19], we need to mitigate the distri-
butional shift based on filtered labels which could not be
performed as these methods directly. Therefore, we formu-
late more general domain adaptation form. To align both
the marginal and conditional distributions between the source
domain and target domain, we resort to the maximum mean
discrepancy (MMD) to measure their divergence. Mathemat-

ically, the marginal MMD between the domains is defined as:

Dist marginal

(Ds. D7)
1 1

=||— Z ATx;— — Z Alx; 7
ns xi€Xs nr x;€Xt F

=1tr (ATXMOXTA)

where A is the subspace projection matrix. Let us define vec-
tors es = (1/ng) 15*!, er = (—1/n7) 1"7%!, e = [es;er], the
MMD matrix M, = ee’. Differently, in order to combine the
filtered (refined) labels with conditional MMD measure ef-
fectively, we reformulate the conditional distribution distance
across domains as follows:

Dist conditional

(Ds,Dr)
C 1 1
=2l D FsneATxi—— > (Frea™x)| (8
o= || xi€Xs oy x;j€Xr F
=tr (ATXMCXTA)

where i1 = 3% (Fs), ity = X (Fr);, Fs and Fr are
labels of source and target domains obtained from the random
walking, respectively. The reformulated MMD matrices M,
are calculated as follows:

c  (Fs)i(Fs)je
=1 ﬁ%—ﬁ?j, x,»,xjeDS
C (Fs)ic(Fr) jc
Zc:l —Tgl, X; € Ds,Xj € Dr

ST
T ©))
c _( T)c(~ S)_/C’ X; € Dy,x; € Dg

c=1 asng

T
¢ (FpFr),
Iy —w xi,x; € Dy

Although the joint domain distribution alignment could of-
fer the model the discriminability on target domain, it merely
focuses on the data from the same category or domain, but ig-
nores the discriminability between different categories for the
same or different domains. To this end, we need to maximize
the discriminability between the category clusters in both do-
mains. Specifically, in the joint domain D = {Dg, Dy}, we
denote by D¢ the sub-domain of the cth category, and D~
the sub-domains of all categories except the cth. Then, we
formulate the between-category discriminative measure as:

Dist discriminative

:i %Z F,»CATx,-—% Z FJ'CATXJ‘
c=1

x;€D¢ x;eD¢

= tr (ATXMdXTA)

(10)

F

where M, stands for the discriminative matrix, defined as:

CFicF'c FicF‘—c
(Md)ijzz( ie (Fje— (Fie (F) j—o)

nenc nen—¢

c=1 (1 1 )
_ (F)i(—c) (F)]c " (F)i(—c) (F)J(—C)

ncn—c

n-cn—c



The maximization of (10) can effectively enlarge the dis-
tances between categories in both the source and target do-
mains, which further enhances the discrimination ability of
the proposed model.

3.5 Final objective formulation

By taking into account all the components above, we can
consequently formulate the final objective of the SALFL
method, as follows:

min

tr(ATX (Mo + M. — My) X" A) + A|AlI}
ATXHXT A=I

(12)

whose first term denotes the designed discriminative mod-
ule, while the second term limits the model complexity with
A being the tradeoff parameter. The marginal MMD matrix
M, = ee”, the reformulated MMD matrix M, and M/ are de-
fined as (9) and (11) respectively, both of them are computed
using the filtered pseudo-label matrix F calculated in (4). Ad-
ditionally, in order to avoid trivial solutions, we embed the
Principal Component Analysis (PCA) [37] criterion in the
final model as data variance preservation constraint, that is
ATXHXT A = I, and the centering matrix H = I — (%) 117,
where n = ng + nr.

3.6 Optimization

The optimization of objective (12) consists of two parts.
First is label prediction by graph-based random walking. In
(3), G (k);; denotes the ith point walk up to the jth point at kth
random walking. When all the data instances stop the process
of moving, according to the convergence criterion, we have:

F = klim GhY =(I-P'IY=(I-1,P)" kY (13)

In iterative optimization process of the model, the label ma-
trix Y is actually the F obtained in the previous round.

The second part that needs to be optimized is about the
label filtering-based discriminative domain adaptation. In-
tegrating the PCA constraint through the augmented La-

grangian method [38], (12) can be rewritten as

mintr (A" (X (Mo + M ~ Mg) X" + A1) A) "
+tr((I- A"XHX" A) D)

where © = diag (1;, - , 4) is the Lagrange multiplier. Tak-

ing the partial derivative of (13) with respect to projection

matrix A, we obtain:

(A" (X (Mo + M. - My) X" + AI) A) = XHX" A®  (15)

Finally, (15) can be solved by generalized eigenvalue de-
composition, the optimal projection matrix A is composed of
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the eigenvectors corresponding to the first smallest k eigen-
values. For clarity, we tabulate the complete process of
SALFL in Algorithm 1.

Algorithm 1: Optimization Algorithm for SALFL
Input : Source domain {X§, Fy}, target domain
{X7}, regularization parameter A,
maximum iteration number 7.
Output: Target domain labels F7.

1 Compute P by X;
2 repeat

3 Compute Fr based on (13);

4 Filter F7 as described in Section 3.3;
5 Compute My = ee’;

6 Compute M, based on (9);

7 Compute M, based on (11);

8 Compute A based on (15);

9 Obtain Z = ATX;

10 Compute P by Z;

11 until itzerations > T;

3.7 Time complexity analysis

We use the big O notation analyzing the time complex-
ity of Algorithm | which mainly lies in iterative updating
the variables. We denote T the number of iterations, n the
number of samples and d the feature dimension. In one it-
eration, the time complexity of label prediction is O(cnz),
the time complexity of label filtering is O (n), and com-
puting matrices My, M., M, and P costs a complexity
of O(Cn2 + n3). Finally, the singular-value decomposition
(SVD) takes 0(n3). Therefore, the total time complexity of
Algorithm 1 is O (Tn® + TCn?).

3.8 SALFL framework extension with the deep methods

The proposed SALFL framework is constructed by ran-
dom walking, label filtering and domain adaptation where
the part of domain adaptation can be replaced by other DA
methods. Therefore, to illustrate the efficacy of our proposed
SALFL with deep domain-invariant feature, we empower the
representative deep UDA methods by replacing their pseudo
label generators with our SALFL while keeping other settings
unchanged.

4 Experiment

In this section, we verify the effectiveness of proposed
SALFL model on seven real world cross-domain datasets.
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Firstly, we describe the datasets, the baseline methods which
the proposed SALFL is compared to and experimental setup.
Then, we discuss the experimental results with hypothesis
test. Finally, we analyze the construction effectiveness of the
SALFL via ablation study and the parameter sensibility.

4.1 Datasets

We evaluate the proposed SALFL method on seven pop-

ular standard benchmark cross-domain datasets: Office-10
[39], Caltech-10 [40], Office-Home [4 1], USPS [42], MNIST
[43], VOC-2007 [44], MSRC [45], Office-31 [39]. The sum-

mary of the details of these datasets is demonstrated in Table
2.

Table 2: Profiles of the used benchmark datasets.

Dataset Sample Feature(Dimension) Class
Amazon-10 958

Webcam-10 295

SURF(800) /DeCAFg (4096) 10

DSLR-10 157
Caltech-10 1123
Artistic 2427
Clipart 4365 ‘
Product 4439 ResNet-50(4096) 65
Real-World 4357
USPS 1800 )
MNIST 2000 gray-scale pixel(256) 10
VOC-2007 1530
MSRC 1269 Dense SIFT(128) 6
Amazon-31 2817
Webcam-31 795 image 31
DSLR-31 498

Office-10 + Caltech-10: Office-10 is a real world dataset
including three subdatasets. Amazon (A) images are pho-
tographs taken in a light-controlled studio environment.
DSLR (D) and Webcam (W) images are both captured in the
home with nature light and what is different is that the former
is high-resolution while the latter is low-resolution. Caltech-
10 contains standard object images collected from Google
Image. The four datasets consist of 2533 images from 10
categories with two representations: 800-dimension SURF
feature and 4096-dimension DeCAFg feature. Following the
previous work [11], we construct 12 pairs of domain combi-
nations for each feature representation, so we get 24 groups of
UDA tasks such as “Agyrr = Csurr"s “Apecars = Cbecar,
etal.

Office-Home: Office-Home is a more challenging DA
dataset with more than 15000 images from 65 categories con-
sisting of four subdatasets: Artistic images (Ar), Clipart im-
ages (Cl), Product images (Pr) and Real-World images. We
extract their 4096-dimension deep features by the standard
ResNet-50 model. Using a similar manner, we design 12
pairs of UDA tasks, for example “Ar — Pr".

MNIST + USPS: MNIST and USPS are classical hand-
written digit datasets. To construct UDA tasks, we choose
randomly 1800 images form USPS, 2000 images form
MNIST and reshape them to size 16x16 so that we could
obtain the 256-dimension features of gray-scale pixel values.
Finally, we get two cross-domain tasks: “MNIST — USPS"
and “USPS — MNIST".

VOC-2007 + MSRC: VOC-2007 images are digital pho-
tos from Flickr", and MSRC is a standard image dataset pro-
vided by Microsoft Research Cambridge. Following previous
work [45], we construct UDA tasks “VOC-2007 — MSRC"
and “MSRC — VOC-2007" by selecting six shared semantic
classes including 1269 images from MSRC and 1530 images
from VOC-2007 where 128-dimension Dense SIFT features
are used.

Office-31: Office-31 is an extension of Office-10, it con-
tains more than 4,000 images built in 31 categories. We
evaluate our method across 6 transfer tasks, such as "A —
W', which are commonly adopted in deep learning methods

[35, 46].

4.2 Baseline methods and setup

We compare our method with the state-of-the-art related

works: PCA [37], SA [24], GFK [23], TCA [18], TIM [26],
JDA [9], BDA [10], JGSA [11], MEDA [33], DICD [21],
DGA-DA [19]. The hyperparameters of these comparison

methods are the same as the settings in their article while for
settings not mentioned, we use grid search cross-validation to
obtain. For fair comparison, we uniformly use ten-fold cross-
vlidation. Additionally, to further demonstrate the superiority
of proposed SALFL with deep-learning-based UDA meth-
ods: DAN [47], DANN [48], JAN [49], CDAN [31], CAN
[35], DADA [46]. It could be unfair to compare with deep
UDA methods directly so that we apply ResNet-50 features
to evaluate.

For the aforementioned shallow methods involving sub-
space learning, we uniformly fix subspace dimension k& = 50
in datasets Office-10, Caltech-10, VOC-2007 and MSRC,
and £k = 100 in others.
volved in SALFL, we set the maximum iteration number
T = 20 and the only
one non-fixed hyperparameter A is searched in the range
of {le—4,1e-3,1e—2,1e—1,1e0, lel, 1e2} by ten-fold
cross-validation. Following the previous works [11, 19, 31],

As for other parameters in-

10, the neighbour number p =

the accuracy of the target domain pseudo-labels is used as the
evaluation measurement.

D https://www.flickr.com/
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Table 3: Recognition accuracy (%) on Office-10 + Caltech-10 with the SURF features.

C-A C->W C-D A-C A-W A-D W-C W-A W-D D-C D—-A D-W | Average
PCA 36.78 3198 37.54 3482 3593 2752 2634 3144 7787 2952 31.69 75.8 39.77
SA 41.34 41.00 46.81 3940 39.23 35.17 31.74 3407 86.26 3193 3544 83.99 45.53
GFK 4127 4128 39.00 4022 39.05 36.67 3098 2953 80.74 30.28 33.17 75.54 43.15
TCA 38.17 38.52 4131 3797 3796 3286 29.57 2994 8734 3194 3198 85.60 43.60
TIM 46.70  39.56 4446 3921 4195 4521 3036 29.66 88.71 31.28 3227 86.11 46.29
JDA 4528 41.89 4542 3926 37.88 39.04 31.65 3273 89.67 30.63 3327 89.59 46.36
BDA 51.00 4648 4459 3952 36.76 3695 32.04 40.27 88775 3221 32.08 91.97 47.72
JGSA 53.07 4821 48.60 41.66 4491 45.15 3347 40.87 88.69 3050 38.73 93.74 50.63
MEDA | 54.02 4875 4758 43.55 4028 4031 3539 4353 92.16 3510 3583 95.14 | 50.97
DICD 5196 47.68 4621 41.66 3849 38.65 33.68 41.20 91.17 34.08 33.87 93.76 49.37
DGA-DA | 52.15 47.34 4584 4136 3838 3834 3325 41.56 90.04 33.60 33.56 93.26 49.06
SALFL | 56.22 60.77 59.05 4595 5053 48.34 37.03 4233 93.79 33.67 37.35 94.14 54.93

Table 4: Recognition accuracy (%) on Office-10 + Caltech-10 with the DeCAFj features.

C-A C->W C-D A-C A-W A-D W-C WA W-D D-C D—A D-W | Average
PCA 8520 7039 7432 6997 5743 6532 6042 6287 99.07 5094 62.74 88.45 70.59
SA 86.71 7572 79.82 79.65 7790 81.69 68.71  75.50 100 7041 73.44  99.81 80.78
GFK 87.45 7630 83.38 80.61 77.26 81.06 67.77 74.72 100 69.35 7585 98.27 81.00
TCA 8540 8822 8591 8045 7573 84.05 8l.14 8494 100 81.06 87.42 94.06 85.70
TIM 87.87 72.01 7474 78.15 7528 8228 71.87 80.55 100 72.62 7834 98.32 81.00
JDA 89.57 84.28 8629 81.80 78.05 80.38 80.46 87.81 100 80.33 88.96 99.32 86.44
BDA 90.77 84.81 86.66 8198 78.10 8049 80.19 87.81 100 80.64 89.27 99.15 86.66
JGSA 9145 86.62 9384 84.84 80.81 88.68 8528 89.55 100 86.59 92.17 99.57 89.95
MEDA | 9271 9558 9049 86.92 87.31 8828 9321 99 9975 8732 92.87 9753 | 9258
DICD 91.19 9214 9131 84.67 8090 90.31 8597 89.88 100 8548 91.86 99.10 90.23
DGA-DA | 91.18 9349 91.89 8497 81.31 89.7 86.07 90.5 100 86.93 92.72 100 90.73
SALFL 95.1 96.71 96.57 88.85 85.98 92.8 89.08  93.59 100 90.78 96.33 100 93.81

4.3 Results and analysis

1) Results on Office-10 + Caltech-10 Datasets: The clas-
sification results on shallow and deep features of Office-10 vs
Caltech-10 are listed in Table 3 and Table 4 respectively (best
in bold, second-best underlined). As can be seen, the pro-
posed SALFL performs better than other comparison meth-
ods on the whole, where SALFL has the best average accu-
racy and achieves 3.96% improvement against the best base-
line MEDA on SUREF features. Compared with shallow fea-
tures, all the methods improve a lot on deep features, demon-
strating the power of the deep learning paradigm. In terms of
one list, PCA performs the worst, it makes clear that domains
alignment is crucial to boost the DA model. Besides, com-
pared with GFK and SA which align source and target do-
mains geometrically in subspaces, TCA, TIM, JDA and BDA
show better performance thanks to apply MMD to measure
distribution discrepancy statistically. JGSA combines joint
MMD with Fisher discrimination criterion on the source do-
main enhancing the classification accuracy effectively. How-
ever, an interesting phenomenon is that DICD uses Fisher
discrimination criterion on the target domain based on JGSA
while obtaining worse performance. As we all know that con-
ditional MMD and Fisher discrimination criterion on the tar-
get domain both rely on pseudo-labels of the target domain

so that the quality of predicted labels determines the perfor-
mance of models to a certain extent. DICD adds the target-
category-relevant loss but performs more awful than JGSA
due to this reason. And it also is the essential reason that
we put forward the self-adaptive label filtering mechanism to
enhance the quality of pseudo-labels.

2) Results on Office-Home Dataset: The results on
Office-Home with ResNet-50 features are shown in Table
5 where we compare the proposed SALFL with deep UDA
methods. Different from shallow UDA, deep UDA methods
construct the end-to-end models which integrate feature ex-
traction, knowledge transfer, labels prediction into a whole
network so that the deep models could boost the recogni-
tion accuracy effectively. It can be observed that in the
deep methods we compared, CDAN achieves 7.5% improve-
ment against the second one JAN due to make full use of
class-level conditional domain adversarial learning resorting
to pseudo-labels. However, the performance of proposed
SALFL improves further thanks to the high-quality pseudo-
labels which promote conditional alignment more precisely
obtained by the self-adaptive label filtering mechanism. The
results on Office-Home testified that the proposed SALFL
could achieve favorable results on large-scale datasets despite

our model is independent of feature extraction compared with
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deep methods.

Table 5: Recognition accuracy (%) on Office-Home with the
ResNet-50 features.

DAN DANN JAN CDAN | SALFL
Ar—Cl | 43.6 456 459  50.7 56.9
Ar—Pl | 57.0 593 612 70.6 75.2
Ar—Rw | 67.9 70.1 689  76.0 77.6
Cl-Ar | 458 470 504  57.6 58.6
Cl-Pr | 56.5 585 597  70.0 73.2
Cl-Rw | 60.4 609 61.0 70.0 71.3
Pr—Ar | 44.0 46.1 458 574 60.5
Pr—Cl | 43.6 437 434 509 52.6
Pr—Rw | 67.7 685 703 773 78.3
Rw—Ar | 63.1 632 639 709 69.1
Rw—Cl | 515 51.8 524 567 57.5
Rw—Pr | 743 76.8 768  81.6 81.6
Average | 56.3 57.6 583  65.8 67.7

3) Results on MNIST + USPS and VOC-2007 + MSRC
Datasets: We also conduct comparisons on MNIST + USPS
and MSRC + VOC-2007 datasets, the results are reported re-
spectively in Table 6 and Table 7. Similar observations can
be found as on the Office-10 + Caltech-10 datasets, the pro-
posed method generally achieves the best results. Addition-
ally, MEDA optimizes joint distribution alignment and the
classifier in a unified framework so that achieves the second-
best results in all the four UDA tasks. Compared with our
SALFL, the performance of MEDA is impacted by the qual-
ity of pseudo-labels, but unfortunately, we can hardly im-
prove it resort to the labels filtering mechanism also for the
reason that MEDA is an unified model.

4) Results of the SALFL framework with the deep
methods on Office-31 Datasets: We combine the proposed
SALFL framework with the deep methods to further testify
the efficacy of random walking and label filtering on deep DA
methods. For the sake of comparison, we follow the settings
of the deep methods respectively and conduct experiments
on Office-31 Datasets. As shown in Table 8, the method
"SALFL + CAN" achieves the best performance and all the
five methods combined with the SALFL framework have sig-
nificant improvement compared with original deep methods
which demonstrate that the SALFL with the deep domain-
invariant feature is effective. Additionally, a noteworthy phe-
nomenon is that our framework improves the shallow meth-
ods more obviously than the deep methods. The main reason
is that the pseudo labels obtained by the deep methods are
more confident which leads to higher classification accuracy,
so that making the performance improvement is quite diffi-
cult. As can also be seen from the results, on the one hand,
the improvement of the SALFL framework on DAN, DANN

and CDAN is significantly higher than that on DANA and
CAN. On the other hand, the improvements of deep meth-
ods with SALFL framework are significantly higher in tasks
with poor performance such as D — A and W — A than in
tasks with good performance such as D — W and W — D.
This also shows that our framework has better performance
for challenging tasks.

4.4 Hypothesis testing

In order to further evaluate the performance of proposed
SALFL, we conduct the hypothesis testing [50] on the results
from Table 3 to Table 7. The Friedman test (Hypothesis test-
ing) results of shallow and deep methods are shown in Fig.
4(a) and Fig. 4(b) respectively. We can observe that the pro-
posed SALFL has obvious superiority and enjoys a large cru-
cial distance to the secondly-ranked method (i.e. MEDA and
CDAN).

CD
—

1211109 8
|

SALFL
MEDA
JGSA

4.7042
M 5.0583 oo
SA 75333 : DGA-DA
JDA 13792 7225 BpDA

(a) Friedman Test of the compared shallow methods

1.1154 SALFL

1.8846 CDAN
3.3462 JAN

DAN
DANN

(b) Friedman Test of the compared deep methods

Fig. 4: Hypothesis test among the compared methods.

4.5 Ablation study

We conduct ablation study additionally to evaluate the ef-
fectiveness of the modules of the proposed SALFL. Specif-
ically, compared with other shallow models, the innovation
of our method is consisted of three main components: graph-
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Table 6: Recognition accuracy (%) on MNIST + USPS with the pixel features.

PCA SA  GFK TCA TM JDA BDA JGSA MEDA DICD DGA-DA SALFL

USPS—MNIST | 44.63 47.85 4698 5125 52.03 5948 5896 68.15 71.01 6522 65.35 72.32
MNIST—USPS | 66.75 6191 6744 5623 63.89 67.70 6932 8037 8153 77.55 79.15 85.89
Average 55.69 54.88 5721 5374 5796 6359 64.14 7426 7627 71.39 72.25 79.11

Table 7: Recognition accuracy (%) on VOC-2007 + MSRC with the pixel features.

PCA SA GFK TCA TIM JDA BDA JGSA MEDA DICD DGA-DA SALFL
MSRC—-VOC-2007 | 30.16 31.24 31.21 31.87 32.09 3142 33.11 3414 38.17 35.7 36.58 42.37
VOC-2007-MSRC | 41.86 47.73 45.17 46.17 4694 43.80 4385 49.52 59.9 58.47 58.20 61.95
Average 36.01 3949 38.19 39.02 3952 37.61 3848 4183 49.04 47.09 47.39 52.16

Table 8: Recognition accuracy (%) of SALFL framework with the deep methods on Office-31.

A-W D-W W-=D A—-D D—>A WA | Average
DAN 80.5 97.1 99.6 78.6 63.6 62.8 80.4
DANN 82.0 96.9 99.1 79.7 68.2 67.4 82.2
CDAN 93.1 98.2 100.0  89.8 70.1 68.0 86.6
DANA 923 99.2 100.0 939 74.4 74.2 89.0
CAN 94.5 99.1 99.8 95.0 78.0 77.0 90.6
SALFL + DAN 82.7 97.2 99.9 79.7 68.9 66.8 82.5
SALFL + DANN | 84.3 97.6 99.3 82.9 70.9 71.4 84.4
SALFL + CDAN | 93.1 99.2 100.0  90.2 73.2 70.2 87.7
SALFL + DANA | 93.2 99.6 100.0 949 76.2 75.7 89.9
SALFL + CAN 94.4 99.3 99.9 95.6 79.3 78.7 91.2

based random walking, self-adaptive label filtering mecha-
nism, and discriminative loss term. Therefore, we design
three comparison models get rid of the tree terms respec-
tively. Without loss of generality, we herein show the results
on Office-10 + Caltech-10 in Fig. 5. As we can see that,
each component of our method is significant, especially the

SALFL w/o random walking
SALFL w/o label filtering
SALFL w/o discriminative loss
SALFL

Accuracy (%)
@
3

IS
S

204

CoA CoW C»D A-C A>W A-SD W-C W-A W-D D-C D-A D-W Average

Fig. 5: Ablation study results on Office-10 + Caltech-10 with
the SURF feature.

graph-based random walking and self-adaptive label filtering
mechanism.

4.6 Parameter analysis

Finally, we analyze the sensitivity of the only one non-
fixed parameter A in SALFL. Due to space limitation, without
loss of generality, we only report the results on “A—C" with
SURF features, “A—C" with DeCAFy features, “Ar—Cl"
with ResNet-50 features, “MNIST — USPS" with gray-scale
pixel features and “VOC-2007 — MSRC" with Dense SIFT
features and do not show the other similar results. As shown
in Fig. 6, the performance of SALFL is sensitive to the regu-
larization parameter A and achieves better performance gen-
erally with A between 0.01 and 10, which provides a reference
in practice.

5 Conclusion

In this article, we proposed a self-adaptive label filtering
learning (SALFL) method for unsupervised domain adap-
tation. On the one hand, SALFL leverages knowledge to
learn an effective UDA model by combining geometrical
graph-based random walking and statistical distribution mea-
sure with class-wise discriminative term. On the other hand,
SALFL enhances the quality of pseudo-labels by the self-
adaptive label filtering mechanism which solves the issue that

hard labels may be overconfident and soft labels tend to be
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Fig. 6: Parameter sensitivity of A.

confusing. Comprehensive experiments demonstrate the per-
formance superiority of the proposed SALFL to state-of-the-
art UDA approaches.
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