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Abstract

Transfer learning addresses the problem of how to leverage acquired knowledge
from a source domain to improve the learning efficiency and accuracy of the
target domain that has insufficient labeled data. Instead of one source domain,
multiple domains could be the source domains that are available for knowledge
transfer in practice. However, there are large differences between the source and
target domains, how to extract the useful knowledge from these different source
domains remains a problem. To solve this problem, we propose a source-target
pairwise segment method for multi-source transfer regression (STPS-MTR). The
STPS-MTR method adaptively segments the different source domains and the
target domain into different similar parts, and it extracts the most similar part
in different source domains as the transfer knowledge. The STPS-MTR method
can effectively extract the transfer knowledge from different source domains
even when the source domain and the target domain have relatively low similar-
ity, and it can avoid the negative influence between different source domains to
ensure the transfer performance. Experimental results using synthetic dataset-
s and real-world datasets demonstrate that the proposed method has better
performance than existing methods, particularly when there are significant dif-

ferences between different source domains and the target domain.
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1. Introduction

Transfer learning methods use the source domain to help train the target
domain [19) 27, [15] [7, 13} B2]. The existing transfer learning methods require
that the feature space or the distribution of the source domain and the target
domain should have a certain similarity, and the similarity should be within a
certain range. If the similarity is relatively low, the negative transfer may occur
[21]. In the real-world datasets, one source domain may have limited knowledge
to help target domain train a good model, and more than one source domain can
be used to help train the target domain [24], 9, 291 [3, [34]. Thus, the multi-source
domain transfer learning methods have been developed.

Multi-source domain transfer learning methods use different source domains
to help train the target domain when the transfer performance with the single
source domain is still not good. The main challenge of the multi-source domain
transfer learning is how to describe the different similarities between the source
domains and the target domain and how to solve the negative influence between
different source domains. Many multi-source domain transfer learning methods
theoretically analyze that the target domain can be expressed as the convex
combination of the multiple source domains, and they demonstrate from the
real-world applications that the different combination rules of the multi-source
domain can improve the transfer performance [6l 28] 23] 26]. However, much of
the research on transfer learning concerns classification problems, the problem
of regression has been much less studied. Unlike classification problems, where
the outcome variables are discrete values, the ones in regression problems are
continuous.

In this paper, we focus on the multi-source domain transfer learning method
for the regression problem. In previous studies, some researchers theoretically

analyze that the target domain can be expressed as a convex combination of
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multiple source domains [I7, [I8, 12]. Different algorithms such as the fuzzy
rule or Gaussian process are used to describe the different similarities between
the source and target domains, and the combination rules are established to
extract knowledge from different source domains [I6, 25]. And according to the
different similarities between the source domains and the target domain, the
highest similarity source domain is selected to help train the target domain [35].
Although these proposed methods have good theoretical analysis and transfer
performance, they did not consider that when the similarity between the source
domain and the target domain is relatively low, how to extract the knowledge
to do the transfer without the negative transfer, or when the distributions of the
different source domains are very different, how to avoid the negative influence
between different source domains.

To solve the abovementioned problem, we propose the source-target pairwise
segment method for multi-source transfer regression (STPS-MTR). The STPS-
MTR method adaptively segments the different source domains and the target
domain into different similar parts, each similar part can satisfy the condition
that the distributions of the source domain and the target domain have an
approximately linear relationship, and the STPS-MTR method extracts the
most similar part in different source domains as the knowledge transfer. The
main contribution of this paper is that the STPS-MTR, method can effectively
extract the transfer knowledge from different source domains even when the
source domain and the target domain have relatively low similarity, and it can
avoid the negative influence between different source domains to ensure the
transfer performance.

The remainder of this paper is structured as follows. Section 2 presents
related work. Section 3 sets out preliminary knowledge. Section 4 describes the
proposed STPS-MTR method. The experiments and results used to analyze
and verify the method are presented in Section 5. The final section concludes

the paper and outlines future work.
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2. Related work

This section reviews the existing multi-source domain transfer learning meth-
ods, and the pairwise similarity transfer learning methods.

The main challenge of the multi-source domain transfer learning methods is
to establish a combination rule for the source domains and the target domain.
Yao et al. [30] use two different methods to solve the multiple source domains
transfer learning problems. One is to get the useful knowledge of the target do-
main by summarizing all the multiple source domains, the other one is to find
the mapping knowledge between each source domain and the target domain.
Duan et al. [8] modify the least-squares SVM model by using the smoothness
assumption, it adds the dependent regularization to enforce the target domain
and source domains to share similar decision values. Chattopadhyay et al. [4]
consider the conditional probability of the multi-source domain adaptation, and
it proposes a two-stage weighting framework for multi-source domain adapta-
tion. One is the marginal probability difference of the reweighted source domain,
and the other is the conditional probability difference of the reweighted source
domain. Zhao et al. [33] propose a new error bound for multiple source domain
adaptation. The method does not need to know the target distribution and the
combination rule of the multiple source domains, and it can automatically find
the relationship between the source domains and the target domain using the
adversarial network. Although these methods have a good performance, these
methods only consider the situation that the distributions of the different source
domains and the target domain have high similarity.

To solve the problem that the distributions of the different source domains
and the target domain are quite different. Gress and Davidson [11] propose
the pairwise similarity regularization transfer method, a flexible graph-based
regularization framework that can incorporate this modeling assumption into
standard supervised learning algorithms. Domain knowledge is encoded into
the regularizer in the form of spatial continuity and pairwise ”similarity con-

straints”, and the method is extended to large data sets using Nystrom approxi-
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mation. Long et al. [T14] use the joint distribution adaptation (JDA) to describe
the gap between the source domain and the target domain. When the marginal
and conditional distribution of source domain and target domain are different,
the maximum mean discrepancy (MMD) and generalized rayleigh quotient are
used to optimize the objective function. JDA jointly adapts the marginal dis-
tribution and conditional distribution in a principled dimensionality reduction
procedure, and it constructs new effective and robust feature representations to
cope with large distribution differences. Courty et al. [5] propose the unsuper-
vised domain adaptation method. The method assumes that the target domain
can be represented as a nonlinear function with the source domain. It uses
the separation ideal to recover the objective function when some parts of the
source domain and some parts of the target domain have similar distributions.
Through the joint estimation of the source domain data, the target function
can be optimized. Shao and Wu [22] propose an information-based criterion for
determining the number of clusters in the problem of regression clustering. The
method shows that in the population of a probabilistic structure, the criterion
selects a real number of regression hyperplanes with a probability of one in all
class-growing classification sequences when the observed value of the population
increases to infinity. However, these methods do not focus on the multi-source
domain transfer learning problem.

In this work, we propose the source-target pairwise segment method which
adaptively segments the source domain and the target domain into different
similar parts, and we build the combination rule to extract the most useful

knowledge for multiple source domains.

3. Preliminary Knowledge

In this section, we introduce the problem statement and the adaptive transfer

learning method based on Gaussian process (AT-GP).
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3.1. Problem Statement

In this paper, we consider the multi-source domain transfer learning for
regression problem, particularly when there are significant differences between
different source domains and the target domain.

We denote the source domains S = {S,...,Sn}, where N is the number

of source domains, S; = {(xgsj)7y§sj)), . (xff;;z),yi‘?g?))}, xESj) is the data in-

stance and yisj ) is the corresponding label, n(%) is the number of data in S;.

Similarly, the target domain T = {(ng), ygT))7 sy (xf%,yff%)}, where xET) is

) (T) is the number of

the input data and yz(T is the corresponding output data, n
data in target domain. The marginal probability distributions of the source and
target domains are P(xz(-sj )) and P(xl(-T)), the conditional probability distribu-
tions of the source and target domains are P(ygsj) \xz(-sj)) and P(ygT)|zET)).
The source domains have a large amount of labeled data, but the target
(S5)

domain has very few labeled data, n(5/) > n(T). The dimensions of z;”"’ and

o)

.,/ are the same, and the dimensions of y(sj ) and yZ(T) are 1. Additionally, the

distributions of the different source domains and the target domain can be very
different, P(z{™)) # P(«{")) and Py [2{*) # P(y{"2{7).

Our objective is to extract useful knowledge from different source domains to
help train the target domain and to avoid the negative influence between differ-

ent source domains, particularly when there are significant differences between

different source domains and the target domain.

3.2. The AT-GP method

In a regression problem, a Gaussian process (GP) [20] is used as the prior
for Bayesian inference. The AT-GP method performs well when the distribu-
tions of the source domain and the target domain have an approximately linear
relationship [2].

AT-GP method uses the Gamma distribution to describe the similarity be-

tween the source domain and the target domain, instead of using a point esti-
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mation, the proposed transfer kernel is

(Q(ﬁ)b - 1)K($mxm)» C(xnvwm) =1,

K(xpn, zm), otherwise.

Kpm = (1)

Where K (2, x,,) is the covariance function of z,, and z,,, ((zn,2m) =0,
if z,, and x,,, come from the same domain, otherwise, ((zn,%m,) =1, and b > 0,
p = 0.

The conditional distribution of the outputs y®) and y(*) conditions on cor-
responding inputs (%) and z(7) as the posterior distribution for the target test

data, and it can be written in a Gaussian form as follows,

(S, 20 25 0 N (g, Cp), 2)
where

pr = Koy (K1y + o81) 'y, (3)

COr = (Ko + 02.1) — Ko1 (K11 + 031) ' K1, (4)

and Kll = K(J?(S),.T(S)), K12 = )\K(l‘(s),$(T)), K21 = )\K(l‘(T),JZ(S)), K22 =
K™ 2™y X = Z(ﬁ)b —1,b>0, u >0, og and op are the noise items of
the source domain and the target domain.

The log likelihood function is

1 1 _ n
log p(y™10) = —5log|Cr| — (Y — ur) O (™) — pr) — Slog(2m), (5)
2 2 2

where 6 are the covariance parameters, n is the number of the training data. The
values for 6 result from maximizing the log likelihood function, and it normally
assumes that the model belongs to the zero-mean Gaussian.

Wei et al. [25] extend the AT-GP method to a multi-source domain trans-
fer learning method (T'CyssStack), the TChrgStack method uses the stacking
strategy to describe the different similarities between the different source do-
mains and the target domain. However, the performance of TC)y;gStack will be
affected when there are significant differences between the different source do-
mains and the target domain. And the AT-GP method also has the constraint
that when the similarity between the source domain and the target domain is

relatively low, the negative transfer may occur.



170

175

180

185

190

4. The source-target pairwise segment for multiple source transfer

regression method

In this paper, we mainly research two problems in the multi-source domain
transfer learning regression method. The first is how to extract the knowledge
to do the transfer without the negative transfer when the similarity between the
source domain and the target domain is relatively low, and the second is how
to avoid the negative influence when the distributions of the different source

domains are very different. This section presents our STPS-MTR method.

4.1. Problem Setting and Motivation

Since the AT-GP method performs well when the distribution of the source
domain and the target domain is approximately linear, and the AT-GP method
is based on the kernel, this linear relationship also includes the linear relation-
ship of the function in the kernel space. Therefore, we propose a source-target
pairwise segment method to solve the situation that the similarity between the
source domain and the target domain is relatively low. This method can adap-
tively divide the source and target domains into different similar parts so that
each similar part satisfies the distribution of the source domain and the target
domain in an approximately linear relationship, and we use the AT-GP method
to train these similar parts separately.

Although we segment the different source domains and target domain into
different similar parts, the positive and negative correlations of these similar
parts will occur the negative influence between different source domains. We
assume the distribution functions of the source domain and the target domain
are fg(z) and fr(x), and fr(xz) =~ Afs(x) where X is the correlation parameter
between the source domain and the target domain, if A > 0, we call it that the
source domain and the target domain have the positive correlation, similarity,
if A < 0, we call it that the source domain and the target domain have the
negative correlation. To avoid the negative influence, we should consider the

positive correlation and the negative correlation separately. However, when the
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distributions of the different source domains and the target domain are very
different, even if we build the independent combination rule for the positive or
negative correlation of these similar parts, it still occur unpredictable influence.
Thus, we propose a combination method that extracts the most similar part
in different source domains as the knowledge transfer to avoid the negative

influence.

4.2. The STPS-MTR method

The STPS-MTR method has two purposes. The first one is to divide the
different source domains and the target domain into different similar parts ac-
cording to the different similarities between the source domains and the target
domain. The second one is to build a combination rule to extract the jointly
similar parts between different source domains, and the most similar part is

selected in different source domains.

4.2.1. Ezxplanation and Definition

To achieve the first purpose, we need to segment each source domain and
the target domain into different pairwise parts. And these pairwise parts should
satisfy the condition that the discrepancy between each pairwise part has an
approximately linear relationship.

For the source domain S; and the target domain 7', we denote the source
function is fs,(z), (Sj) = fs,(x (-Sj)) the target function is fr(z), yi(T) =
fT( ) the dlbcrepancy function between the target domain 7" and the source

domain Sj is fpg, (a:),yl 2 = fps, (5‘% j)),wherez(DS = {z, (Ds;) ---71'(1()55 Ny

(Ds;)

are the input data of the discrepancy function, x include the input da-

ta of the source domain S; and the target domain T, 2 Psi) = {2(9) (T}
x(%5) = {xgsj) . (S )} ™ = {z(T),..., n<T>} n'Ps) is the number of
data in m(DSJ) (DS ) = p(S) + n™)] y( 5i) is the output data of the dis-
crepancy function7 and its value is the discrepancy between pairs of instances

(DS = fr(z; Sj)) — fs; (J;Z(.Dsj)), as shown in Figure 1(a).
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We get all the inflection points I = {I1,..., I, } of fps, (zP5:)) by calcu-
9fps, (a7%)

: = 0, where
8w(DSJ') ’

lating the partial derivatives value of stj (x(D SJ)),
n is the number of inflection points. According to these inflection points,
two adjacent inflection points become the segmented region. The source do-

main S; and the target domain 7" are segmented into different pairwise parts,

P,isj) = {(zip’“),ygp")), . (xffl’ii),ygﬁi))}, where xf-Pk) is data of 2(P%) which
(Px) (Px)

belongs to the segmented region, y,

;" is the corresponding output data of x

i y
and n(*) is the number of data in P,gsj ) In addition, we consider the noise

bound that using the approximate solution to solve the partial derivative e-
8stj (I(Dsj))

ar(Dsj)

quation, we get the solution of stj (x(Dsj))7 ~ 0, instead of the

(DPs)
prsj(m 557y

Bz(DSJ')

solution of fp, (2Psi)), = 0. As shown in Figure 1(b), each
pairwise part P,isj ) is described by different colors, and it can satisfy the con-
dition that the distributions of the source domain and target domain have an

approximately linear relationship.

10 10 T T T T
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—s, N
— AR

5 5 I I | |
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I I } } B
I I I I
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i i i i
0 0 YA
I I 4| I
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(a) (b)

Figure 1: The pairwise part. (a) The distributions of S1 and T, and the discrepancy between

S1 and T. (b) Five inflection points I and the segment result of six pairwise parts p(51),

To achieve the second purpose, we need to obtain the joint parts of the
different pairwise parts, and according to the different source domains, we re-
spectively train the prediction model for each joint part and select the part with

the minimum error in each joint part.

10
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Based on the different pairwise part P,gsj , we denote the joint part J; =

{(;vg‘]‘),yyl)),..., (xi{f,)l),yi‘{f,a))}, where zl(f]’) is the input data of P,ESj) which
(J1)

belongs to the jointly segmented region of all source domains, y,;”*’ is the corre-
sponding output data of a:l(-']"), and n(”") is the number of data in J;, as shown
in Figure 2(a), for each joint part J;, it can satisfy the condition that the distri-
butions of each source domain and target domain have an approximately linear
relationship. We classify J; according to different source domains and the target
domain, J; = {Rg‘]’), o RE\}I’)}, where RS = {(gch’”),y§R’”)), - (x;?,’z”w)myffgiz))},
(a:l(»R”L),ngm)) € {8;,T}, nlfm) is the number of data in RYY. and N is the
number of source domains. We respectively train the prediction model for each
R%’) by using AT-GP method, and select the minimum error part of Rg;{l) in
each J;. And we combine all these minimum error part as the final prediction

model, the selected parts are described by the solid line as shown in Figure 2(b).

Figure 2: The joint part. (a) Seven joint parts of the source domain S1, the source domain
S2 and the target domain T', and the classified joint parts Rg'l) and Ré‘”. (b) The minimum

error part of R,{{ in each J;.

4.2.2. The STPS-MTR method description

We theoretically analyze the STPS-MTR method, however, in the real-word
application, when the dimension of the input data is relatively high, it is difficult
to find all the inflection points of the partial derivative equation. If we segment

the source domains and the target domain into too many different pairwise parts,

11
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it will occur overfitting problem. Thus, we separately consider each dimension
data of the input data and combine the segmented result of each dimension data
to obtain the approximate solution of the partial derivative function with the
noise bound. Table 1 summarizes frequently-used notations in STPS-MTR and

the detail of the STPS-MTR method as follows.

Table 1: Notations and descriptions

Notations Descriptions Notations Descriptions

S; The source domain (‘S ), yfé 2 The input and output data of S;
N The number of source domains n(‘s’) The number of data in S

T The target domain ng), yz(T) The input and output data of 7"
n) The number of data in T’ D, The discrepancy between S; and T'
xEDS“), y;DS]) The input and output data of Dy, n(Ps;) The number of data in Dg;

d,(;n) The py, dimension data of z( 53) n(@ The dimension number of $EDS’)
E, The pyp, dimension data of Dg; d(E”) <E” The input and output data of E,
n(E») The number of data in £, M The source-target segment matrix
I The inflection points n@ The number of inflection points

Ji The joint part of different source domains l‘EJl), nyl) The input and output data of .J;
n(0) The number of data in J; P,f_sj) The pairwise part

xEP”., yEPk') The input and output data of P,ES’) n(Px) The number of data in P,ES’)

Rsy{l) The classified joint part xgn’"), yfn’”) The input and output data of R(”)
n(Bm) The number of data in Rsr{l)

Step 1: Initialize the discrepancy between the source domain and the target
domain.

For the source domain S; and the target domain 7', we select the Eu-
clidean distance and cluster the inputs data z(5) of S; into n™) groups G =

{G,...,G,m } by using the inputs data zT) of T as the clustering center, where

SRR

and the other clustering source domain data. In each clustering group Gy,

nT) is the number of groups, G, includes one target domain data (z

we select the source domain data which is the nearest one to the target do-

main data, the selected source domain data and the target domain data as

the pairwise data, {(z; (55 ), Yo, )), (me), Y )} For the discrepancy between S;
D
and T, Dg, = {(z i 5 ),yi SJ))7...,(x((ss)),y((is)))}, where the input data

(ng)

(Ds;) (1) (Ds;) _ y(T) (55) is the number

i =z, ', the output data y; i —Yg, andn

of data in Dg;.

12
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To avoid the overfitting problem, we separately consider each dimension

Ds. . . .
data of xi ) [dgzl),...,dg;))], where dz()z’) is the p;;, dimension data of
:z:iDSj) and n(? is the dimension number of xEDSJ), and we add the noise

bound B = fmaz d¥) — min 45

/o, where « is the positive integer, o €
2, %n(DSJ')], mazx d,(,xi) is the maximum value of d,(fi) in Dg,, and min d,(,mi) is

(Ds;)

the minimum value of déw"') in Dg;. For each dimension data of x; , we de-

note the py;, dimension data of Dg; is Ej, = {(dgE”), ygE’))), ey (di’fgb,;,ffgi»},

Ds;)  (Ep)

where dng) is the ps, dimension data of xf Ly, is the corresponding out-

Ds,
put data of xi SJ), and nF») is the number of data in E,. We sort E, by

dz(-E”) and get the adjacent data (dflEp),yl(lEp)) and (dl()E”),ylSE")) of E,, and if
|d,(1E”) — dl()E”)\ < B, these two adjacent data of E), combine into one new data
dUEP) L g Ep)  (Bp) | (Ep)

o N Ya 4y,

2 ) 2

Step 2: Calculate the inflection points.

To get the inflection points I of E,, we denote the source-target segment
matrix M. According to the sort order of E,, we generate the upper triangular
matrix M, each index (7,7) of the matrix M means from the iy, data of E,
to the jy, data of E,, and each element of the matrix is the value of the R?
statistic for the regression fitting using the data from the i, data of E, to the
Jjin data of E,. We replace all the elements in M that are equal to 1 with 0,
and search the inflection points 1.

Start searching from i, row and (i 4+ 1)y, row respectively, and find the
first time appear the value a of M(i,j) less than the value b of M (i + 1,k)
and |a — b| < 4, where 4 is the noise item, § € (0,0.1). Compare the index j
and k, if j # k, the 4, inflection point I; is the iy, data of E,, the (i + 1)y,
inflection point ;11 is the jy, data of E,, and if j = k, compare the value
of M(i,j) and M (i + 1,7), if M(i,5) < M(i + 1,j), the result is the same, if
M{(i,j) > M(i +1,7), the iy, inflection point I; is the (i + 1), data of E,, the
(¢ + 1)4, inflection point I; 4 is the ji, data of E,,.

Step 3: Obtain the pairwise parts.

The inflection points of E, are used to segment E,. The adjacent inflection

points become the segmented region, £, is segmented into different parts, each

13
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part H( ) {(d(H ,yl Ha) )y e (d(H

n(Hq)7

n(Hq)>} where d( ) js the data of

(Hq)

d( ») which belongs to the segmented region, y; is the corresponding output

data of dg "), and n(4) is the number of data in H(EEP). E, is the p;, dimension
data of Dy, after getting the segmented results of all the dimension data of Dy,
all the segmented results are combined to get the pairwise parts of Dg;.

We extract the intersection part C' of all HSE”), C= H(gEl) N--N H;E"(d>).

If C has more than 3 intersection data, it means that Dg; has the same inflection

Ds;)

points from different dimension of xf and the distributions of the source do-

main and target domain have an approximate linear relationship in this segment-
(5;) P P P Py)

= {@™, ™), e @)y
(Pe) ;

K2

ed region, we obtain the pairwise part P,

(Pr)

where z;” *’ is the input data of intersection data, y;” *’ is the corresponding out-

put data of .135 ) , and nF¥) is the number of data in P,S 7. And if C has less
than 3 data, it means that Dg, does not have the same inflection points from

Ds,
s;) and the distributions of the source domain and tar-

different dimension of xf
get domain cannot have an approximate linear relationship in this segmented
region, so we abandon this intersection part C to prevent overfitting problem.

Step 4: Get the joint parts of different source domains.

We separately obtain the the pairwise part Plgsj) of different source do-
mains, and we get the joint part by combine all the pairwise parts, J; =
PN NPEY.

To avoid the overfitting problem, if J; = () or the number of the data of .J; less
(31) _ P]gSN)_

than 3, we use the except set to replace the intersect set, J; =

The joint part is J; = {(z; (J1) 7y§‘71))7 o (z ;{l,)L),yT(L‘(]f,)l))}, where x§ Y is the data of
2P

yZ(J’) is the corresponding output data of ac

in Jl.

which belongs to the jointly segmented region for different source domains,

o) , and n{/D) is the number of data

Step 5: Build the prediction model.
To avoid the negative influence problem, we classify J; according to dif-
ferent source domains and the target domain, J;, = {RE‘]’), . (]’ }, where

Ry, Ry, Ry Ry R
y§ ))a"'v( ;(Rrjﬁyy(l(myz))}a (x( )7y( )) € {Sj>T}7 n(RM)

3 K2

Ry = {(a{™

)

14
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is the number of data in R%{l).
We respectively train the classified joint part R%‘{l) by using AT-GP method,

and get prediction function f*(z). And we select the minimum error part of

RS in each J;, min Eé»v:l(yj(-T)

ng), we calculate the distance between the target labeled data .I§-T) and the

target unlabeled test data xq(JT), and get the nearest one data :z:gl)n, x(uT) and

T

- f*(x§T)))2. For the target unlabeled test data

belong to the same joint part. In this joint part, we use the minimum
error prediction function to predict the output value ngT).

The pseudo-code of the STPS-MTR method is given in Algorithm 1, the
STPS-MTR method includes a segmented process and a training process, the
time complexity of the segmented process is O(n?), and we use the AT-GP
method to train the model, the time complexity is O(n3). The STPS-MTR
method can adaptively segment the different source domains and the target
domain into different similar parts, and it can extract the most similar part in
different source domains as the knowledge transfer. The STPS-MTR method
effectively extracts the transfer knowledge even when the similarity between
different source and target domains is relatively low, and it avoids the negative
influence between different source domains. The proposed STPS-MTR method
has better transfer performance than existing methods, particularly when the

distributions of the different source domains and the target domain are very

different. The results are shown in the experiments.

5. Experiments and results analysis

To evaluate the proposed STPS-MTR method, we develop synthetic datasets
and select four real-world public datasets to test scenarios when the distributions
of the source domains and the target domain are significantly different. The

details are described in the following subsections.

5.1. The experiments with Synthetic datasets
The experiments with synthetic data are designed to evaluate the perfor-

mance of the proposed STPS-MTR. To best illustrate the characteristics of the
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Algorithm 1: The pseudo-code of STPS-MTR method

Input: The source domain data S; and the target domain 7', the number
of the source domain N, the dimension number of n(?), and the

unlabeled target domain data $,ST).

Output: The predict value ngT) for ng).
for j + 1 to N do
1 Initialize the discrepancy between S; and T’
for p + 1 to n(d do
Get the p;j, dimension data F, of DSj
Generate the inflection points I of K
Combine each dimension segment results to get the pairwise part Plgsj )
Get the joint parts for all source domains J;
Obtain the classified joint part ng{l)

57{1)

Get the minimum error part of R, in each J;

o I O oA W N

Determine the prediction model minZ?’zl(y(ﬂ —f* (achT)))2

J
Return nyT)

segment process using STPS-MTR, we select one-dimensional input data and

two-dimensional input data as two case studies. The details of the task follow.

5.1.1. One-dimensional input data

The four source domains are y; = 2z — 8, yo = —(x — 5)? + 12, y3 =
—10sin?(z) + 3sin(z) + 2, y4 = 10cos®(z + 2) — 3cos(x) — 5, the target domain
is y = 10sin(x). We generate 100 points, the spacing between the points is
0.11, z € [0,10], and 11 points are selected as the target domain training data,
the spacing between the points is 1, the others as the target testing data. The
segment process as follow.

Step 1: for the first source domain y; = 2z — 8, according to the 11 target
training points, the source domain and the target domain are clustered into 11
groups G, e.g. G = {(ng),ygT)),(zgsl),ygsl)),...,(zisl),yisl))}, there are 4
source domain points and one target domain point.

Step 2: we initialize the discrepancy between the source domain and the

target domain, Dg, = {(x(lel),yiDsl)),...,(zg?sl),yi?sl))}, where zEDsl) =
xz(-T), yEDsl) = yET) - yésl), yésl) is the output data of the source domain
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405

data which is the nearest one to the target domain data in G, min{||a:(151) -

T s T s s s s
217 s s 255 = 27}, 28 = 2™, and g = ™.
Step 3: we generate the source-target segment matrix M is

0.73 0.07 053 0.74 0.76 0.55 0.38 0.42 0.55

0 0 099 098 0.82 0.40 0.17 0.21 0.39
0 096 0.64 0.07 0.01 0.01 0.18
0 0 010 036 0.61 0.28 0.02
0 0 0 0 086 0.05 0.26
0 0 0 0 0 057 081
0 0 0 0 0 0 0 0 098
And W_e get 3 inflection points, I; = (méDsl) yéDSl)), I, = (xéD;1)7yéDsl)),

I3 = (méDsl), yéDSl)).

0
0
0
0

o O O O

, Ds.) (Ds,
Step 4: we get pairwise part PIESJ) and define {i} as {(ajg SJ),yE SJ))}. The

segment result of the first source domain is {1, 2}, {3, 4, 5}, {6, 7, 8}, {9, 10,
11}; The segment result of the second source domain is {1, 2, 3}, {4, 5}, {6,
7, 8, 9}, {10, 11}; The segment result of the third source domain is {1, 2, 3},
{4, 5, 6}, {7, 8, 9}, {10, 11}; The segment result of the fourth source domain is
{1, 2, 3}, {4, 5, 6}, {7, 8}, {9, 10, 11}. The result of the multi-source domains
segment is {1: 3,2: 1, 3: 3,4: 4,5: 4,6: 4,7: 4,8: 4,9: 3,10: 2, 11: 2}, where
{1: 3} means the {(argDS?’) ygDS3))} chooses the third source domain S5 as the
final prediction model.

The segment result as shown in Figure 3, the different colors and different
shapes describe the different pairwise parts, as we can see, from Figure 3(a) to
Figure 3(d), the four source domains and the target domain are respectively
segmented into 4 different pairwise parts. We use the AT-GP method to train
these pairwise parts separately and select the most similar part, Figure 3(e)
shows the target domain selects the most similar parts of the four source domains
as the training model, each selected part is described by the solid line, and the
same color and shape mean that the target domain selects the same source
domain. The prediction error MAE (mean absolute error) and MSE (mean

square error) of these four source domains are shown in Table 2.
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(e)

Figure 3: The segment results of the four source domains and the target domain. (a) S1 and
T are segmented into 4 pairwise parts. (b) Se and T are segmented into 4 pairwise parts. (c)
Sz and T are segmented into 4 pairwise parts. (d) S4 and T are segmented into 4 pairwise

parts. (e) Target domain selects the most similar parts of the four source domains.
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Table 2: The prediction result of 4 source domains

Source 1in 2¢h, 3¢n 441, All
MAE 4.87 4.70 4.41 5.46 2.48
MSE 33.60 32.11 24.53 39.52 11.83

5.1.2. Two-dimensional input data

The three source domains are y; = 0.1(z24+2%)—30, yo = 290%6_(0‘01’”%“‘0'01’”3)—
30, y3 = —15(sin(F)+cos(%)), the target domain is y = 15(sin (3 )+cos(%¢)).
We generate 121 points, the spacing between the points is w, x1, o € [—5m, 57|
and 25 points are selected as the target domain training data, the spacing be-
tween the points is 2.5, the others as the target testing data.

For the first source domain y; = 0.1(z% + 2%) — 30, the input data have two
dimensions x; and z3, the dimension z; is segmented into two pairwise parts,
we also define {1} as the {(ar:gDsl)7 yiDSl))}, the first pairwise part is {1, 2, 3, 4,
5,6,7,8,9,10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20}, the second pairwise part is
{16, 17, 18, 19, 20, 21, 22, 23, 24, 25}. Similarity, the dimension zs is segmented
into two pairwise parts, {1} as the {(ngsl), yiDsl))}, the first pairwise part is
{1, 2, 3,6, 7, 8, 11, 12, 13, 16, 17, 18, 21, 22, 23}, the second pairwise part is
{3, 4,5, 8,9, 10, 13, 14, 15, 18, 19, 20, 23, 24, 25}. After combining these two
dimension segment results, we get four joint parts, Jy is {1, 2, 3, 6, 7, 8, 11, 12,
13, 16, 17, 18}, Jo is {3, 4, 5, 8, 9, 10, 13, 14, 15, 18, 19, 20}, J; is {16, 17, 18,
21, 22, 23}, Jy is {18, 19, 20, 23, 24, 25}.

The other segment result as shown in Figure 4. Figure 4(a) to Figure 4(d)
describes the function distributions of the source domains and the target do-
main. Figure 4(e) to Figure 4(g) describes the segment results of the source
domains and the target domain, the different colors mean the different segment
area of the input data, as we can see, 3 source domains and the target domain
are respectively segmented into 4, 6, 9 pairwise parts. Figure 4(h) describes

that the target domain selects the most similar parts of three source domains,

the same color means these groups belong to the same source domain. Figure
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4(i) to Figure 4(1) describes the function distributions of the segment results,
the color of the different groups corresponding to the color from Figure 4(e)
to Figure 4(h). And the prediction error MAE and MSE of these four source

domains are shown in Table 3.

Figure 4: The segment results of the three source domains and the target domain. (a) The
distributions of S1 and T. (b) The distributions of Sz and T. (c¢) The distributions of S3
and T. (d) The distributions of all source domains and target domain. (e) Si and T are
segmented into 4 pairwise parts. (f) Sz and T are segmented into 6 pairwise parts. (g) S3
and T are segmented into 9 pairwise parts. (h) Target domain selects the most similar parts
of the three source domains. (i) The segment result of S; and T'. (j) The segment result of
Sz and T'. (k) The segment result of Sz and T'. (1) The segment result of all source domains

and target domain.
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Table 3: The prediction of 3 source domain

Source 14n 2¢h 3ih All
MAE 10.65 7.68 6.04 3.09
MSE 200.47 91.92 64.83 17.97

5.1.3. Discussion

The experiment results show that the proposed STPS-MTR, method can
adaptively segment the source domains and the target domain into different
pairwise parts, and each pairwise part can satisfy the condition that the dis-
tributions of the source domain and the target domain have an approximately
linear relationship. For the multi-source domain transfer learning problem, from
Figure 3(e) and Figure 4(1), as we can see, the target domain selects the most
similar part of different source domains as the training model to avoid the neg-
ative influence between different source domains. The STPS-MTR method has
better transfer performance when the number of the different source domains

getting larger, the results are shown in Tables 2 and 3.

5.2. The experiments with Real-world datasets

We use the public GP dataset SARCOS, the public UCI dataset UJIIndoor-
Loc, the public Amazon reviews dataset, and the public SemEval-2014 dataset
to evaluate the performance of the proposed STPS-MTR method.

5.2.1. SARCOS Dataset

This dataset relates to an inverse dynamics problem for a seven degrees-
of-freedom SARCOS anthropomorphic robot arm. The task requires to map
from a 21-dimensional input space (7 joint positions, 7 joint velocities, 7 joint
accelerations) to the corresponding 7 joint torques. This dataset is used to
test the multi-source domain transfer learning problem that there are large
differences in the similarities between the different source domains and the target
domain. We consider the seven degrees as seven domains, the first degree as the

target domain, and the others as six source domains.
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5.2.2. UJIIndoorLoc Dataset

This dataset describes the WiFi Fingerprinting indoor location, it covers
three buildings of Universitat Jaume I with 4 floors. The 520 WiFi fingerprint
attributes are used as the input data, the location represented by the latitude
and longitude is taken as the output data. The latitude is almost the same
in the same building, and the longitude is almost the same on the same floor.
To test the multi-source domain transfer learning problem that there are large
differences in the similarities between the different source domains and the target
domain, we choose the same building and the different floor as the domain, the
building 1 and the 1 floor as the target domain, the building 1 and the 2, 3, 4

floors as the source domains, the longitude as the output data.

5.2.8. Amazon reviews Dataset

This dataset contains product review text and rating labels taken from A-
mazon. We select four different categories of products as four domains, clothing
(clothing, shoes, and jewelry), grocery (grocery and gourmet food), office (of-
fice products), and movies (movies and TV). A vocabulary of 2000 words is
defined that occur at least five times at the intersection of the four domains.
These words are used to define input data, where every feature is encoded by
the number of occurrences of each word. The clothing domain as the target

domain, the others as the source domains.

5.2.4. SemFEwval-2014 Dataset

This dataset contains customer reviews with human-authored annotations
identifying the mentioned aspects of the target entities and provides the sen-
timent polarity of each aspect. We select four different categories of products
as four domains, laptops, restaurants, food, and price. A vocabulary of 1000
words is defined that occur at least five times at the intersection of the four
domains. These words are used to define input data, where every feature is
encoded by the number of occurrences of each word. The laptops domain as the

target domain, the others as the source domains.

22



490

495

500

505

510

515

5.2.5. FExperiment Settings

Like other GP models, we assume the mean value of the model to be 0.
Therefore, in our experiments, we subtract the mean value of the output fea-
ture for both the source domain and the target domain. For each source domain
has 500 instances uniformly at random as the training data, likewise, the target
domain has 25 instances as the training data and 1000 instances as the testing
data. To evaluate the results, we use the standard indicators of MAE and MSE.
For the two domains transfer problem, STPS-MTR is compared to GP for re-
gression which is not a transfer learning method [20], TwoStageTrAdaBoostR2
(TS-TR) [1], WDC [31], and AT-GP [2]; for the multi-source domain trans-
fer problem, STPS-MTR is compared to WDC [31], MultiSourceTrAdaBoost
(MST) [30] and T'CprsStack [25]. The proposed STPS-MTR method is based
on the AT-GP method, thus, in the experiments, we mainly compare the STPS-
MTR with T'CyssStack which is also based on the AT-GP method.

For TS-TR and MST, we use the decision tree regression method as the
base learner and run all the datasets more than 30 times, and the minimum
prediction error values are used as the result. For WDC, we use the source
domain to pre-train the model and use the target domain to fine-tune the model.
For STPS-MTR, AT-GP, and T'Cy;sStack, we use the Gaussian kernel as the
learner, again running all datasets more than 30 times. Here, the minimum
value of the optimization function is used as the result. The objective of this
overall set of experiments is only to compare the MAE and MSE for different
methods. Therefore, the variance of the GP method is not used as a comparison
as the above transfer learning methods do not consider a variance when solving
prediction tasks.

When the similarity between the source domain and the target domain is
relatively low, the source domain and the target domain may be segmented too
many pairwise parts. To avoid the overfitting problem, we set the noise bound
parameter « € [2,20] and the noise item 6 = 0.03, the number of data in each

pairwise part should be more than 5, otherwise, we will abandon this pairwise
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part.

5.2.6. Results

Table 4 shows the results of these experiments. For the SARCOS dataset,
it has six source domains and one target domain. According to the number of
source domains, we build 6 experimental groups, the number of source domains
ranges from 1 to 6, each experimental group consists of the permutation and
combination of these 6 source domains, the number of each experimental group
is 6, 15, 20, 15, 6, and 1 respectively. Figure 5(a) and Figure 5(b) show the
MAE and MSE of STPS-MTR, for these experimental groups. And Table 4
shows the average MAE and MSE for 6 experimental groups. In terms of MAE
and MSE, STPS-MTR has the best result. When the number of the source is 1,
TS-TR and WDC show the negative transfer problem that the prediction error
is worse than GP, where GP is not a transfer learning method and it only uses
the target domain to train the model. According to the order of MST, WDC,
TCyrsStack, and STPS-MTR, the best result of these 6 experimental groups is
4, 5, 6, and 5 respectively. But the general trend is that the results get better
as the number of different source domains increasing.

For the UJIIndoorLoc dataset, the STPS-MTR also shows the best result of
MAE and MSE. And except for STPS-MTR, all the methods suffer the negative
transfer problem that the prediction error is worse than GP. According to the
order of MST, WDC, T'Cy;sStack, and STPS-MTR, the best result of these 7
experimental groups respectively is F2, F2,3.4, F4, and F2,3,4. WDC and STPS-
MTR have the trend that the results get better as the number of different source
domains increasing. The STPS-MTR has better transfer performance when
the distributions of the source domains and the target domain are significantly
different.

For the Amazon reviews dataset, the STPS-MTR still shows the best result
of MAE and MSE. And all the methods do not suffer the negative transfer
problem. According to the order of MST, WDC, TC\y;sStack, and STPS-
MTR, the best result of these 7 experimental groups respectively is O, G,0O,M,
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G,0, and G,0,M. WDC and STPS-MTR still have the trend that the results get
better as the number of different source domains increasing. The other methods
do not have this kind of characteristic.

For the SemEval-2014 dataset, the STPS-MTS also shows the best result of
MAE and MSE, WDC is the second best result of MAE and MSE. The other
methods still suffer the negative transfer problem that the prediction error is
worse than GP.

For these four datasets, the Friedman Test [10] is used to prove the statistical
significance of these results. The null hypothesis for the test is, HO: there is
no significant difference in the prediction results of these comparison methods,
H1: there is a significant difference in the prediction results of these comparison
methods. The test statistic values of four datasets are 40.47, 47.79, 51.43, and
42.17, respectively. The p-value of the test, returned as a scalar value in the
range [0,1], which is the probability of observing a test statistic as extreme as, or
more extreme than, the observed value under the null hypothesis. The p-values
of these test are 3.46e-08, 9.70e-10, 4.53e-11, and 1.53e-08, respectively, and
their values are smaller than 0.01, so the null hypothesis of the test is rejected.
The results show that the prediction results of these comparison methods are

significantly different.

20 500

5
0 1 2 3 4

56 3 4
The number of source domains The number of source domains

MAE

(a) (b)

Figure 5: The results of STPS-MTR for the SARCOS. (a) The MAE of STPS-MTR for the
SARCOS, (b)The MSE of STPS-MTR for the SARCOS.
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Table 4: The

comparative of four datasets

SARCOS GP TS-TR / MST WDC AT-GP / TCysStack  STPS-MTR
MAE MSE MAE MSE MAE MSE MAE MSE MAE  MSE
1 17.96 487.32 2437 913.50 22.86 821.92 16.81 427.70 14.68 345.44
2 17.96 487.32 1840 552.09 16.35 603.24 14.78 422.71 12.63 263.85
Numher of Sonrce 3 17.96 487.32 1540 353.60 14.82 434.65 13.18 311.59 11.62 215.29
4 17.96  487.32 1536 346.89 13.34 32091 1257 279.63 10.71 183.34
5 17.96 487.32 1548 345.06 12.96 283.43 11.95 272,02 9.87 162.38
6 17.96 487.32 1642 378.60 14.07 41578 1155 286.46 1017 155.97
S GP TS-TR / MST WDC AT-GP / TCygStack  STPS-MTR
MAE MSE MAE MSE MAE MSE MAE MSE MAE  MSE
F2 18.21 599.37 2052 658.69 20.35 634.28 18.25 600.29 12.79  379.92
F3 18.21 599.37 2357 105951 24.22 930.57 18.75 641.70 13.77 427.53
F4 1821 599.37 2073 899.87 10.55 602.06 16.34 1499.37 12.80  390.42
Source F2.3 18.21 599.37 2246 73584 21.25 716.04 20.46 644.00 11.25 343.55
F2.4 18.21 599.37 22.32 73755 18.75 55747 19.35 601.41 11.81 360.41
F34 18.21 599.37 27.15 122067 21.05 702.63 18.27 601.22 12.45 386.53
F2,34 18.21 599.37 2436 840.65 18.35 533.94 17.74 559.00 11.13  332.25
J— GP TS-TR / MST WDC AT-GP / TCygStack  STPS-MTR
MAE MSE MAE MSE MAE MSE MAE MSE MAE  MSE
Grocery(G) 094 147 088 123 065 084 093 1.40 0.65 0.82
Office(O) 094 147 086 119 074 098  0.90 1.35 071  0.95
Movies(M) 094 147 087 123 078 112 0.90 1.34 0.76  1.04
Source G,0 094 147 086 120 058 076 085 1.22 0.55  0.70
GM 094 147 08 124 061 081 088 1.27 0.57  0.71
oM 094 147 087 121 068 088  0.89 1.21 0.65  0.86
G.OM 094 147 088 122 056 070  0.89 1.21 0.53  0.66
SemEval 2014 GP TS-TR / MST WDC AT-GP / TCygStack  STPS-MTR
MAE MSE MAE MSE MAE MSE MAE MSE MAE  MSE
Restaurants(R) ~ 6.08 6145 636  68.64  6.05 6L71 6.15 62.78 6.02  60.83
Food(F) 608 6145 630 67.64 573 5804  6.10 61.67 5.71  57.50
Price(p) 6.08 6145 624 6639 598 6125  6.27 63.61 5.92  60.00
Source RF 608 6145 616 6322 582 5976 591 60.56 4.95  44.44
R,P 608 6145 573 5680 535 5192  5.46 51.67 4.99  45.56
FP 608 6145 586 6025 548 5583  5.66 53.33 5.47  55.00
RFP 6.08 6145 563 5244 513 4737 529 48.06 475  42.50

5.2.7. Discussion

570

From the above results,

for the two domain transfer learning problems, the

STPS-MTR method has smaller prediction error than other methods, it can

be adapted to the situation that the distributions of the source domains and

the target domain are significantly different, even if the source domain may not

be suitable for the transfer that the AT-GP method and the other method-

575

s occur the negative transfer problem when the similarity between the source

domain and the target domain is relatively low. For the multiple source do-
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mains transfer learning problems, the STPS-MTR method also has the best
transfer performance, the TCy;gStack and other methods suffer the negative
influence problem that the transfer performance becomes worse as the number of
source domains increases, but the transfer performance of STPS-MTR still has
the improvement tend as the number of different source domains increases. The
WDC and STPS-MTR methods have the trend that the results get better as the
number of different source domains increasing, but the WDC method is main-
ly concerned with text datasets, the transfer performance on Amazon Review
and SemEval-2014 datasets is better than other datasets, and the STPS-MTR
method can work well on these four datasets. We conclude that the STPS-MTR
method can effectively extract the transfer knowledge even when the similarity
between the source domain and the target domain is relatively low and it can
avoid the negative influence when the distributions of different source domains
and the target domain are significantly different.

Table 5 shows the best result for each number of the source domains of Figure
5. For the multi-source domain transfer problem, although the STPS-MTR
method has the trend that the results get better as the number of source domains
increases and the transfer performance with the multiple source domains is
better than the transfer performance with the single source domain, from the
Table 5 we can see, the best result is the number of 3 source domains when
we select the 2,4,7 degree as the source domains. We can conclude that the
STPS-MTR method can improve the transfer performance when the number of
source domains increases and it can make sure the transfer performance with
the multiple source domains is better than the transfer performance with the
single source domain, but it still depends on the source domain selection, if we
select the source domain is not suit for transfer, it also will affect the transfer

performance.
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Table 5: The best result of the STPS-MTR for SARCOS

Source 2 2,7 2,4,7 2,3,4,7 2,45,6,7 2,3,4,5,6,7
MAE 10.71 9.31 8.93 9.12 8.94 10.17
MSE 158.31 139.42 138.30 145.26 138.62 155.97

6. Conclusions and further study

In this paper, we focus on the multi-source domain transfer regression prob-
lem when the transfer performance with the single source domain is still not
good and there are significant differences in the similarities between the differ-
ent source domains and the target domain. As demonstrated through a series
of experiments, the proposed STPS-MTR method has two advantages. The
first is the STPS-MTR method effectively extracts the transfer knowledge when
the similarity between the source domain and the target domain is relatively
low. The second is the STPS-MTR method overcomes the negative influence
between different source domains. And a comparison between the STPS-MTR
method and the other existing methods such as TS-TR, AT-GP, MST, WDC,
and T'CprgStack also shows that the proposed STPS-MTR method can bet-
ter estimate the prediction values in the target domain and has better transfer
learning performance, particularly when there are significant differences in the
similarities between the different source domains and the target domain and
all the similarities between the different source domains and the target domain
are not relatively high. Although the STPS-MTR method also has better per-
formance than other existing methods when the number of the different source
domains getting larger, the transfer performance of STPS-MTR still depends on
similarities between the different source domains and the target domain rather
than the number of the different source domains getting larger.

This study concerns on transfer learning on homogenous domains, that is,
the source domains and the target domain share the same feature space, and the
proposed STPS-MTR method is based on the AT-GP method. In future studies,

we will focus on more general source-target segment modeling which can apply
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to any transfer learning method, and we will consider the transfer learning on
heterogeneous domains, where the source domains and the target domain have
different feature space. We will further develop new feature mapping methods
to capture the similarity between different source domains and the target do-
main. In addition, real-world applications of the proposed multi-source transfer

learning methods will be developed.
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