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Abstract— Domain adaptation aims to leverage knowledge
acquired from a related domain (called a source domain) to
improve the efficiency of completing a prediction task
(classification or regression) in the current domain (called the
target domain), which has a different probability distribution
from the source domain. Although domain adaptation has been
widely studied, most existing research has focused on
homogeneous domain adaptation, where both domains have
identical feature spaces. A new challenge, proposed in recent years
in this area, is heterogeneous domain adaptation, in which both the
probability distributions and the feature spaces are different.
Moreover, in both homogeneous and heterogeneous domain
adaptation, the greatest efforts and the major achievements have
been made with classification tasks, while successful solutions for
tackling regression problems are limited. This paper presents two
innovative fuzzy rule-based methods to deal with regression
problems. The first method, called FHoDA, handles homogeneous
spaces, and the second method, called FHeDA, handles
heterogeneous spaces. Fuzzy rules are first generated from the
source domain through a learning process; these rules, also known
as knowledge, are then transferred to the target domain by
establishing a latent feature space to minimize the gap between the
feature spaces of the two domains. Through experiments on
synthetic datasets, we demonstrate the effectiveness of both
methods and discuss the impact of some of the significant
parameters that affect performance. Experiments on real-world
datasets also show that the proposed methods improve the
performance of the target model over an existing source model or
a model built using a small amount of target data.

Index Terms—Domain adaptation, fuzzy rules,
learning, transfer learning, regression

machine

1. INTRODUCTION

IGH volume, high velocity, and high variety (the three Vs)

are the key features of big data. The rapid evolution of data
has left traditional machine learning methods far behind.
Rapidly changing data can lead to the failure of a learning
model if the distribution of the current data differs too greatly
from the training data. However, simply discarding the existing
model is wasteful and training a new model from scratch is both
time-consuming and labor-intensive. Moreover, learning a new
model requires a massive amount of data with responses, which
may not always be available, especially if the subject area is
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As a possible solution to a lack of enough data with
responses, transfer learning [ 1] aims to construct new predictive
models much more quickly and effectively by exploiting the
knowledge accumulated in an auxiliary domain. Some
examples include: using already-categorized French documents
to help classify English documents [2]; building recognition
models capable of identifying novel visual categories [3]; and
detecting a user’s current location given previously collected
WiFi data [4].

Transfer learning sits within the machine learning research
area; hence, its methods use many notable machine learning
techniques as basic training models, such as SVM [5, 6], neural
networks [7, 8], naive Bayes [9, 10], and case-based models
[11, 12]. For more information, we refer the reader to several
survey papers that provide reviews and summaries of the
various transfer learning methods and categories [13-15].

The methods proposed in this paper aim to solve two types
of transfer learning problems that fall within the category of
homogeneous and heterogeneous domain adaptation. Within
the homogeneous domain adaptation methods, the
representative methods include transfer component analysis
(TCA) [4], the geodesic flow kernel (GFK) approach [16],
information-theoretical learning (ITL) [17], sampling geodesic
flow (SGF) [18], transfer deep network (TDN) [8], feature-level
domain adaptation (FLDA) [19], and scatter component
analysis (SCA) [20]. Within the heterogeneous domain
adaptation methods, the typical methods are heterogeneous
spectral mapping (HeMap) [21], alignment-based models (MA)
[22], semi-supervised kernel matching for domain adaptation
(SSKMDA) [2], the DASH-N model [23], and kernel canonical
correlation analysis (KCCA) [24].

These methods have had some success in handling domain
adaptation issues but ignore the inherent phenomenon of
uncertainty — a crucial factor during the knowledge transfer
process. There is a clear co-dependency between the level of
certainty in learning a task and the amount of information that
is available; problems with too little information have a high
degree of uncertainty. If there are too few data with responses
in the target domain, only a finite amount of information can be
extracted, and this leads to a high degree of uncertainty.
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However, the introduction of fuzzy systems has shown
promising results in overcoming this problem.

Behbood et al. [25, 26] proposed a fuzzy-based transductive
transfer learning approach to long-term bank failure prediction
models with differing data distributions in the source and target
domains. They first applied a fuzzy neural network to predict
the initial labels for data in the target domain, then used fuzzy
similarity measures to refine the labels. To improve
performance, they simultaneously took similarity and
dissimilarity into account during the refinement process. Using
fuzzy techniques to measure the similarity, the authors revealed
the advantage of fuzzy logic in knowledge transfer when the
target domain lacks critical information, is vague, and involves
uncertainty. Deng et al. [27-30] proposed a series of transfer
learning methods based on a Mamdani-Larsen-type fuzzy
system and a Takagi-Sugeno-Kang TSK fuzzy model to deal
with the insufficient data scenarios by integrating with the
corresponding knowledge-leverage mechanism. Further, their
methods were applied to recognize the electroencephalogram
signals in a data shortage environment.

Most existing transfer learning methods are intended for
classification tasks, yet only a few concentrate on regression
problems. Some of our previous work looked at solving
regression tasks in homogeneous domain adaptation problems
based on fuzzy rule models. In [31, 32], we proposed a granular
fuzzy regression domain adaptation method for transfer
learning in regression tasks. It contains three algorithms, each
designed to solve a different domain adaptation case: 1) where
the fuzzy rule conditions differ; 2) where the fuzzy rule
conclusions differ; and 3) where both differ. In case 1,
Algorithm 1 changes the input space by constructing a mapping
for each input variable using a network with sigmoid functions.
In case 2, Algorithm 2 modifies the output space with the
mappings built in the same way as the input space. In case 3,
Algorithm 3 changes both the input and the output spaces. All
the work in these papers have two limitations: 1) they have an
assumption that both domains had the same number of fuzzy
rules. 2) they only deal with homogeneous domain adaptation.

Obviously, the assumption of an identical number of fuzzy
rules in two domains is too rigid in practice, and existing
methodologies for homogeneous settings cannot be directly
applied to heterogeneous settings.

To solve these two limitations, we first develop a method to
deal with the homogeneous domain adaptation where the
number of fuzzy rules in the source domain and target domain
do not need to be the same. The fuzzy rules of the source
domain are used and modified to fit the target data, and target
data without responses are applied to improve the performance
of the target model. Further, we consider a more challenging
problem — heterogeneous domain adaptation. The fuzzy rules
acquired from the source domain are transferred to the target
domain by extracting a latent feature space to minimize the gap
between the feature spaces of the two domains.

The main contributions of this paper are twofold. First, we
propose a fuzzy homogeneous domain adaptation (FHoDA)
method that performs transfer learning in homogeneous spaces
where, although the feature space is the same in both domains,

the probability distributions of the input variables are different.
Second, we present a fuzzy heterogeneous domain adaptation
(FHeDA) method that handles knowledge transfer in
heterogeneous spaces, where both the feature space and the
probability distributions are different in the source and target
domains. To the best of our knowledge, this is the first paper to
deal with heterogeneous domain adaptation problems in a fuzzy
rule-based system.

The remainder of this paper is structured as follows. Section
II provides the preliminaries used in this paper, including some
important definitions in transfer learning and the basic fuzzy
rule-based model applied in our method — the Takagi-Sugeno
fuzzy model. Section III illustrates the domain adaptation
problems we aim to solve in this work from a fuzzy rule-based
model perspective. Section IV details the domain adaptation
methods and related algorithms for homogeneous spaces,
followed by the heterogeneous spaces. In Sections V and VI,
synthetic and real-world datasets are used to validate the
proposed methods. The final section concludes the paper and
outlines future work.

II. PRELIMINARIES

The definitions of transfer learning, homogeneous domain
adaptation, and heterogeneous domain adaptation, are given in
this section, followed by a description of the Takagi-Sugeno
fuzzy model.

A. Definitions

Definition 1 (Domain) [1]: A domain is denoted by D =
{F,P(X)}, where F is a feature space, and P(X), X =
{xq, -+, x,}, are the probability distributions of the instances.
Definition 2 (Task) [1]: A task is denoted by T = {Y, f(-)},
where Y € R is the response, and f () is an objective predictive
function.

Definition 3 (Transfer Learning) [1]: Given a source domain
Dy, a learning task Ty, a target domain D, , and a learning task
T;, transfer learning aims to improve learning of the target
predictive function f;(+) in D, using the knowledge in D and
T where Dg # D, or Tg # Ty.

Transfer learning addresses the problem of how to leverage

previously acquired knowledge (a source domain) to improve
the efficiency of learning in a new domain (the target domain).
Definition 4 (Homogeneous Domain Adaptation) [33]:
Homogeneous domain adaptation is a category of transfer
learning in which the feature space is the same F, = F;, but the
corresponding probability distributions are different P, (X) #
P (X).
Definition 5 (Heterogeneous Domain Adaptation) [33]:
Heterogeneous domain adaptation is a category of transfer
learning in which the feature spaces are different F;, # F;, and
the corresponding probability distributions are different
P,(X) # P,(X).

B. Takagi-Sugeno Fuzzy Model

The basic model applied in this paper is the Takagi-Sugeno
fuzzy model [34, 35]. It is composed of ¢ fuzzy rules with the
following representation:
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Ifxis A;(x,v;), then y is L;(x, a;) i=1,..,c )
v; are the porotypes, and a; are the coefficients of the linear
functions.
The output of the Takagi-Sugeno fuzzy model is calculated
by

¢ Axw)
LR Ay

y= ‘Li(x, a;) 2

This fuzzy rule-based model is built using a set of instances
{(x1,y1), ., (xn,Yn)} using a sequence of two procedures
[36]:

Step 1: Build the condition parts of the rules using a fuzzy
clustering algorithm.

The conditions of the fuzzy rules 4,, ..., A, are constructed
using the fuzzy C-means (FCM) algorithm [37]. This clustering
algorithm is applied to divide the input data x4, ..., Xy into ¢
clusters, and obtain the centers of the clusters v, ..., v.. Each
cluster defines a fuzzy set. The corresponding membership
functions of the fuzzy sets are

2

A(x,v) = 1/2521(”""’”')m i=1..c 3)

llx= vl

where m (m > 1) is a fuzzification coefficient that affects both
the shape and overlap of the resulting membership functions.
(3) defines the membership degree of instance x belonging to
the i-th fuzzy set (cluster).

Step 2: Construct the linear functions in the conclusions of the
rules.

The vector of parameters a of the linear functions can be
derived and optimized using a set of data with responses. For a
given input, the Takagi-Sugeno fuzzy model’s output is
parameter a’s linear function, and the optimal a can be
calculated analytically [31]:

a= (F'F)"'F'y 4
where a = [a; - a.]T, F = [f(x)7 - flx)™]7, fx )T =
Al(xkvvl) Ac(xk'vc)
, k=1, ,N, and y =
Ay (X, V1) Xy Ac (X, V)X ey
[yy - J’N]T~

Based on steps 1 and 2, the conditions and conclusions of the

fuzzy rules are formed, and a Takagi-Sugeno fuzzy model is
built.

III. PROBLEM STATEMENT

The dataset in the source domain is denoted by D =
{(x, yf),---,(vas, y,f,s)}, where xj, E R, k =1,--+,N; is
the ng-dimensional input variable, the response y; € R is the
continuous output variable, and N indicates the number of
data. Since the amount of source data with responses is massive,

a well-performing regression model for the source domain — the
Takagi-Sugeno fuzzy model Mg — can be learned.

model M;

ifx®is A;(x%,v), then y* is L;(x%,af) i=1,,¢s (5

The dataset in the target domain contains two subsets: one
with responses and one without responses H = {H;,H;} =
{{(xitl' ylt)! T (x;\/tli ylﬁltl)}' {vat1+1’ T x;\/t}} , Wwhere xi €
R™,k = 1,--+, N, is the n,-dimensional input variable, y; € R,
k=1,-+,N, is the continuous output variable. H; includes
the instances with responses, and H;; contains the data without
responses. The number of data in H; and H; are Ny, and N, —
N, respectively, and satisfy Ny; < Ng, Ny < Ns.

Suppose the ideal model for the target domain is M;.
model M,
if xt is 4;(xt, v}), then y' is L;(xt, a}) i=1,,¢c, (6)

Building a well-performing Takagi-Sugeno fuzzy model
needs a large amount of data with responses, and inadequate
data in H; cannot guarantee the constructed model in the target
domain will perform well. Furthermore, discrepancies between
the source and target data mean that using the source model to
solve target tasks is impossible.

Clarifying the divergence between the source and target data
plays a crucial role in conducting knowledge transfers from the
source domain to the target domain. Since the proposed
methods aim to adapt the domains using fuzzy rule-based
models, we differentiate the source domain and target domain
using the feature space and fuzzy rules. In general, the
difference between the source and target domains is
summarized by the four cases shown in Fig. 1.

Nng=mn; NgFMNy

>

& :
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< _:
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L)m i

Fig. 1. Four cases distinguishing the source and target domains

(1) Case 1: ng =ny, and ¢; = ¢;. The input spaces (feature
spaces) in the source and target domains have the same
dimensionality with different distributions, and the number of
constructed fuzzy rules is also equal in both domains.

(2) Case 2: ng =n;, and ¢ # ¢;. The input spaces in both
domains have the same dimension with different distributions,
but the number of fuzzy rules is different.

(3) Case 3: ng # n;, and ¢ = c;. Discrepancies in the input
data in both domains occur in dimensionality and in
distribution. However, there are an equal number of fuzzy rules
in both domains.
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(4) Case 4: ng # n; and ¢ # c;. This is the most complicated
case. The input space, in dimensionality and in distribution, and
the number of fuzzy rules are both different in the source and
target domains.

Based on the definition of domain adaptation, Case 1 and
Case 2 belong to homogeneous domain adaptation, and Case 3
and Case 4 fall into the scope of heterogeneous domain
adaptation.

IV. Fuzzy DOMAIN ADAPTATION IN HOMOGENEOUS AND
HETEROGENEOUS SPACES

This section presents the fuzzy rule-based methods and
corresponding algorithms for domain adaptation completed in
homogeneous and heterogeneous spaces.

A. Homogeneous Domain Adaptation

Case 1, typical homogeneous domain adaptation problems
were addressed in our previous paper [32]. We considered three
different situations and proposed corresponding algorithms to
deal with each of them.

This section concentrates on Case 2, homogeneous domain
adaptation problems where the two domains have a different
number of fuzzy rules. Both situations are addressed: where the
number of fuzzy rules in the source domain is greater than in
the target domain, and vice versa.

When the source domain has a greater number of fuzzy rules,
the source model can still be used and modified to fit the target
data because Takagi-Sugeno fuzzy models weight some linear
functions in a nonlinear way when fitting to a curve. Each linear
function represents a fuzzy rule, and all the fuzzy rules form a
fuzzy partition of the output space. The greater the number of
fuzzy rules, the more precise the partition of the space is. It is,
therefore, reasonable to consider that a Takagi-Sugeno fuzzy
model can approximate any curve as long as there are an
adequate number of fuzzy rules. And, if there are a greater
number of fuzzy rules in the source domain than in the target
domain, then it is reasonable to revise the fuzzy rules in the
source domain to fit the target data.

When the target domain has a greater number of fuzzy rules,
the fuzzy rules in the source domain must be reconstructed to a
number that is no less than the target domain. Then, the rebuilt
fuzzy rules are modified and applied to fit the target data.

Further, in addition to target data with responses, target data
without responses are also used to improve the performance of
the target model. We assume that instances that are close to each
other in the input space will have similar responses. The closer
the instances, the more similar their responses.

Our fuzzy homogeneous domain adaptation (FHoDA)
method to deal with knowledge transfer with fuzzy rule-based
models follows. The FHoDA method contains two main steps.
Step 1: Train the source model.

A source model Mg is built based on the source dataset D.
model M,

if x5 is A;(x%,v}), then y* is L;(x°, a}) i=1-,c ()

where ¢ = max(c,, ¢;).

¢ = max(cs, c;) ensures that the number of trained fuzzy
rules are sufficient to fit the target data later. So, in the first
situation, ¢ is simply equal to c,. But in the second situation, ¢
is equal to c¢;, which means that the source model is
reconstructed with the same number of fuzzy rules as the target
domain. This can facilitate modification and transfer of the
fuzzy rules between domains.

Step 2: Modify the existing fuzzy rules to construct the target
model.

There can be two possible differences between the fuzzy
rules in the source and target domains: their conditions and/or
their conclusions. However, because the number of fuzzy rules
is not equal, it is hard to tell exactly where the differences are —
the conditions or the conclusions. To guarantee the best results,
we modify the existing model using the three algorithms
proposed in our previous paper [32] and select the one with the
best performance as the target model, i.e., we change the input
space, change the output space, and change both spaces.

The corresponding target models are:
model M, (changes of input space)

if xt is A;(@(x"), @(v7)), then y* is L;(D(xt), ai)
i=1-c (8)

model M;, (changes of output space)

if xt is A;(x¢, V), then y* is W;(L;(x*, af))
i=1-,c )

model M,; (changes of input and output space)

if xt is A;(P(x"), @(v7)), then y* is W;(L;(®(x*), af))
i=1,-,c (10)
where @ = [@; - P,], n=ng=n,, and ¥ =[¥; - ¥,]
are the transformation mappings for the input space and output
space.

The final target model M; is chosen from the best among
models M;;, My, and M,3, i.e.,

My = My, it My = M, i,j =123 (11
where My; = M,; means the performance of M; on the target
data Hy, is no worse than that of My ;.

The construction of mappings @ and W is the key element in
the FHoDA method. The nonlinear functions are used to build
the mappings. The nonlinear function is constructed through a
network that is composed of P nodes in the hidden layer and a
single node in the output layer. The transformation of the jth
input variable of data x, is shown in Fig. 2 as an example of the
nonlinear mapping for each input variable.
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Fig. 2. Nonlinear mapping structure

The active functions of the nodes in the hidden layer are
sigmoid functions, which are dominated by two parameters.
Therefore, as shown in Fig. 2, the graphical representation of
the transformed jth input variable of data x%, is:

(12)

t — P t
®;(xf; ) = Th-1wjp * 2iy

where wj,, indicates the weights of the pth node’s contribution

1

to the output, and zj; = ,J=1L.,n,p=

Lo~ %p @B jp)
1,..,P,a; >0.

The mappings for the output space are constructed in the
same way. The output of each rule is modified by a nonlinear
function with the structure shown in Fig. 2, and finally the entire
output space is changed.

The parameters of the mappings ® and W are obtained
through an optimization procedure, but the cost functions are
different when optimizing @ and ¥ to get models M;;, M;, and
M.

When training model M,,, i.e., applying the algorithm that
changes the input space, the cost function is

S1
L KT T
- \/Ntl Zk:l (Zi=1 Z§=1Aj(¢>(x§),<b(vf) ) Li(®(xi), ap) =y

1 Nt h i
+ A1JW zk=1zl=1()’15 —ye(D)? * exp(—llxt — xt DI + ?2 wiw
(13)

(o(xt s
where yE(D) = X5, 2((xi ) ©))) )Li(d)(xli(l))' a;).

¢ 4j( (k)o@

The first term in the cost function (13) trains the model based
on the target data with responses, which aims to minimize the
gap between the output of the constructed model and the target
data’s real response. The second term operates on the
assumption that data with less distance in the input space will
have a similar response. Therefore, for each target data x%, in
H,, the h-nearest data {x% (1) ---x%(h)} in H, are found, and
the outputs of {x% (1) --- xt (h)} are expected to be close to the
response of x%. exp(—||xt — x% (1) determines that the data
that are closer to the center xi,, will have an output more
approximate to the response of x%. The third term is a structural
risk of the cost function, and parameter A, indicates a trade-off

between the quality of an approximation and the complexity of
the approximation function. w is the vector of all the optimized
parameters.

When training model M;,, i.e., applying the algorithm that
changes the output space, the cost function is

Ai(xf )

2
— | yVa e _AY) W (at aS)) — vt A T
52_\],\&1 k=1< i=12§=1AJ_(X§(,V§)Wz(Lz(xkfal)) Yk> +Z7ww (14)

The cost function for training the mappings for the output
space contains two terms. Both are the same as the first and
third term in S1 — one trains the model with the target data with
responses, the other restrains the complexity of the
approximation function. But here, we do not use target data
without responses to train the target model. This is because x}
needs to find the h -nearest data based on distance in the input
space to best use data without responses in the target domain.
However, the algorithm that changes the output space focuses
on modifying the output variables; therefore, using the data
without responses here may have a negative impact on the
model’s construction.

When training model M,3, i.e., applying the algorithm that
changes the input and output spaces, the cost function is

2
— | yNu c EHCICARICH)) (T, t SY) _ 4t
53 - \/Nn k=1 ( i=1 2;=1Aj(®(x§{)’¢(v§))LPL(LL(CD(xk): ai )) yk +

2
Zwlw
2

15)

Similarly, only the target data with responses are applied to
train the mappings for the input and output spaces
simultaneously. And a structural risk is added to the cost
function to control the complexity of the approximation
function.

The overall algorithm for the FHoDA method described
above is provided in Algorithm 1.

Algorithm 1. Homogeneous Domain Adaptation Procedure

Input: D, H,
Output: Y, for H,

1. Train source model M based on D
2. Modify the fuzzy rules in Mg

2.1 Change input space, and get model M;,

2.2 Change output space, and get model M,

2.3 Change both input and output spaces, and get model
My
3. Compare M;;, M;,, and M,5, and choose the best one as
M,
4. Use M, to predict the response Y, for Hy

B. Heterogeneous Domain Adaptation

The greatest challenge in heterogeneous domain adaptation
is the different dimensions of the input spaces in both domains.
This means that the distributions of the input variables are not
only different but also the number of the input variables. To
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eliminate the gap caused by the mismatch of the feature spaces,
many studies in heterogeneous domain adaptation employ a
method that extracts a latent feature space that is shared
between both domains. This space can then be used to facilitate
knowledge exploration and transfer between the domains. After
projecting the input data of the two domains into the latent
feature space, the heterogeneous domain adaptation problem is
converted to a homogeneous domain adaptation problem. In our
method, we also use an extraction approach.

As discussed in Section III, Cases 3 and 4 both belong to the
category of heterogeneous domain adaptation. The distinction
between them is the number of the fuzzy rules in the two
domains. In Case 3, the number of fuzzy rules is equal; in Case
4, they are not. After transforming the data from the original
feature space to the latent feature space, some information will
be lost, and we cannot guarantee the number of fuzzy rules will
remain unchanged in the latent feature space. However, the
relation is not limited by the number of fuzzy rules in the
domains. As long as there are a sufficient number of constructed
fuzzy rules in the latent feature space of the source domain, they
can be modified and used for tasks in the target domain.

Therefore, the proposed fuzzy heterogeneous domain
adaptation (FHeDA) method for solving Cases 3 and 4 follows
with no discrimination. The FHeDA method contains three
steps for transferring knowledge from the source domain to the
target domain.

Step 1: Extract the latent feature space and map all the input
data to it.

Since the primary factor impeding knowledge transfer across
the domains is a mismatched feature space, the first step is to
map the source and target data into a uniform feature space,
where common features can benefit from the discovery and
transfer of the knowledge. This minimizes the gap between the
distributions of the input variables for both domains.
Approximating the input data distributions across both domains
has two benefits:

a. The conditions of the fuzzy rules are dominated by the
center of the clusters, which are derived from the input data
using a clustering algorithm. In turn, the relative location of the
center of the clusters greatly influences the construction of the
fuzzy rules. Converting the input data into a common latent
feature space forces the data distribution in each domain to
approximate the other, which reduces the difference between
the relative location of the center of the clusters in both
domains.

b. Projecting to the latent feature space also facilitates
knowledge transfer of the fuzzy rule conclusions, which are
represented as the linear functions of input variables. Similar
distributions restrict the input variables in approximate ranges
and reduce disagreement in the input data in both domains.

In this paper, the canonical correlation analysis (CCA)
algorithm [36] has been used to derive the latent feature space.
The latent feature space is extracted by learning a mapping
between the original feature space and the latent feature space.
Based on the input data {x3,---,x% } and {xi,--,x},}, two
mappings Us and U, are learned simultaneously to convert the

input data from the original feature spaces of two domains to
the latent feature space.

Under the mappings U, and U, the input data in two domains
will have a new representation as follows:

Us(xp) = x5, k=1,-,Ng
Ut(xfc) = 7};, k=1, ,N;

(16)
a7

Therefore, the input data {x{, ---,vas} and {xi, ---,x,tvt} in
two domains becomes {§,--, %y } and {X},--,%5,} in the
latent feature space, and the dimension of the latent feature
space is 1 = min(ng, n;).

Step 2: Build a Takagi-Sugeno fuzzy model for the source
domain in the latent feature space.

The dataset D in the source domain has become D =
{3, y9), -, (Y,SVS, y,f,s)}, and a Takagi-Sugeno fuzzy model
M, is built for the source domain in the latent feature space.
model M,
if X is 4;(x°,9)), then y® is L;(¥°,af) i=1,---,¢ (18)
where ¢ is the critical parameter that determines the amount of
fuzzy rules in the source domain and in the target domain. This
parameter is so pivotal, Section V presents a set of experiments
designed to explore the impact of ¢ on the model’s
construction.

Although the discrepancy between the input data’s
distributions in the two domains has been reduced in the latent
feature space, a gap still exists and cannot be completely
eliminated. Moreover, different linear functions (the
conclusions of the fuzzy rules) are another factor that
distinguish the source and target domains, so model M in the
source domain cannot be directly used to solve regression tasks
in the target domain.

Step 3: Modify the existing fuzzy rules in model M to make
them suitable for the target data.

In the latent feature space, it is difficult to detect which parts
of the two domains’ fuzzy rules are different. Using the same
strategy as in homogeneous domain adaptation, we modify the
source model in three different ways and choose the one with
the best performance on the target data.
model M, (changes of the input space)

it % is A, (D), DY), then yt is L(d(F), @)
i=1-,¢

19)
model M,, (changes of the output space)

it Xt is 4; (%, 75), then y* is W;(L; (X", @)

i=1,-,¢ (20)

model M,;(changes of input and the output space)

it Xt is 4;(@(x"), @(T7)), then yt is W;(L;(@(xY), @f))
i=1,¢

2
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where & =[P Pz] , and ¥ =[¥; W] are the
transformation mappings for the input space and output space.

The final target model M, is chosen from the best among the
models My, M, and M3, i.e.,

My = My, if My = My ,i,j = 1,2,3 (22)
where My; = M,; means the performance of M;; on the target
data Hy is no worse than M.

The construction of the mappings for the input and output
spaces is the same as for homogeneous domain adaptation, i.e.,
using a network to modify each input or output variable. The
parameters of the mappings are derived by minimizing the
following cost functions.

When changing the input space to get model M, the cost
function below is minimized

e e A@EOE) o ey —oy i
wi= JNM L Qi 5 s wap oy (P8 =0 +

—ww
2

(23)

The cost function includes two terms: one aims to decrease
the gap between the output of the constructed target model and
the data’s real responses, and the other is a structural risk term
to control the complexity of the built model. Here, only the
target data with responses are applied to modify the existing
model. The reason target data without responses is not used is
that the transformation from the original feature space to the
latent feature space may change the manifold of the input space.
The data that is close in distance in the latent feature space may
be far from each other in the original feature space. So using
neighboring target data without responses in the latent feature
space to improve the result is risky, and negatively impact the
performance of the constructed model. This is checked
experimentally in Section VI, A.

When changing the output space, the cost function W2 is
minimized

c Ai(xTE =t = A
. J— S (B g s W (L (R @) — ¥ + ZwTw (24)
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Similarly, when changing the input and output space
simultaneously, the cost function W3 is minimized
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The overall algorithm corresponding to the FHeDA method is
provided in Algorithm 2.

Algorithm 2. Heterogeneous Domain Adaptation Procedure

Input: D, H,
Output: Y, for Hy

1. Use CCA to learn U and U,
2. Map x;, to X5, and map x%, to x5,
3. Train model M using D
4. Modify the fuzzy rules in M,
4.1 Change input space to get M,
4.2 Change output space to get M,
4.3 Change both input and output spaces to get M5
5. Compare M., M,,, and M5, and choose the best one as
M,
6. Use M, to predict the output Y, for Hy,

V. EXPERIMENTS IN HOMOGENEOUS DOMAIN ADAPTATION

The experiments reported in this section focus on
homogeneous domain adaptation. Both synthetic and real-
world datasets were used to validate the proposed method and
explore the properties related to the method’s performance.

A. Synthetic Datasets

The experiments on the synthetic datasets comprise three
sections. The first section introduces the synthetic datasets and
the experimental settings. The second section validates the
effectiveness of the proposed FHoDA method. The final section
analyzes the sensitivity of some critical parameters.

1) Datasets and Experimental Settings

Four synthetic datasets were generated with different
numbers of fuzzy rules to simulate various cases of
homogeneous domain adaptation. As shown in Table I, 500
instances were generated for each rule, so dataset 2r contained

1000 instances, dataset 3r contained 1500, and so on.
TABLEI
FOUR DATASETS WITH A DIFFERENT NUMBER OF FUZZY RULES

number of fuzzy number of
rules instances
dataset 2r 2 1000
dataset 3r 3 1500
dataset 4r 4 2000
dataset 5r 5 2500

In each experiment, two of the four datasets were chosen as
the source and the target domain respectively. All the data in
the source domain had responses, but only 5% of the data in the
target domain had responses. The remaining responses were
only available during the testing procedure. In total, 12
experiments simulating homogeneous domain adaptation with
the fuzzy rule-based models were executed.

The FHoDA method generates the target model through an
optimization process. In this work, a differential evolution (DE)
optimization algorithm was used to optimize the parameters of
the constructed mappings. DE is a computational method that
determines an optimal solution by iteratively navigating a
population of solutions to minimize a certain predetermined
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TABLEII
COMPARISON RESULTS OF DIFFERENT TRANSFER LEARNING METHODS
RMSE of models
Source to
target Baseline 1 Baseline 2 Baseline 3 TCA SA GFK TSK-method FHoDA
Srto 4r 5.23£0.00 5.0740.00 101.854+21599.44 7.8840.00 7.5840.00 7.6040.00 0.91£0.01 0.68%0.01
Srto 3r 3.6740.00 3.6210.00 14.854+900.34 4.6610.00 4.6510.00 5.16%0.00 1.1840.07 1.1440.05
Srto 2r 6.81£0.00 6.7410.00 3.45+£54.25 4.8240.00 4.80%0.00 5.15£0.00 1.13£0.03 0.62£0.01
4rto 3r 0.97£0.00 0.9610.00 17.90+828.50 2.19£0.00 2.37£0.00 2.61£0.00 0.70£0.00 0.65+0.00
4rto 2r 3.1140.00 3.06%0.00 3.45+£54.25 2.11£0.00 2.22+0.00 2.47£0.00 1.03£0.01 0.85%0.01
3rto2r 3.8140.00 3.7440.00 3.45+54.25 3.28%0.00 3.23£0.00 3.19£0.00 0.98+0.05 0.50£0.04
2rto 3r 4.07+0.00 3.961+0.00 4.82430.58 1.1740.00 1.1440.00 1.2140.00 1.2440.02 1.0340.00
2r to 4r 3.4540.00 3.26+0.00 43.2946502.94 4.4540.00 4.2340.00 4.7240.00 1.0840.04 0.73£0.00
2r to 5r 7.65+0.00 6.50%0.03 47.83+£10791.78 3.61£0.00 3.9040.01 3.8740.03 2.4440.26 2.04£0.00
3rto 4r 0.94+0.00 0.9440.00 30.124+2643.94 6.10£0.01 6.36+0.00 6.0940.00 0.79£0.01 0.72£0.01
3rto 5r 4.1620.00 3.8740.00 500.06+979947.30 3.25£0.00 3.21£0.00 3.05£0.00 1.91£0.04 1.574£0.00
4r to 5r 4.674£0.00 4.4340.02 47.73+10746.32 5.91£0.02 5.4540.01 5.8610.01 1.5540.00 1.3940.01
objective function. Such algorithms are commonly known as
metaheuristics, as they make few, or no, assumptions about the
problem being optimized and are able to search very large Friedman's ANOVA Table
populations of candidate solutions. Beyond DE algorithms, &t B3 hiteql Brobachizaq A
particle swarm optimization (PSO) algorithms were also 708 7 48.1012 -10
frequently used. However, based on the experimental results Woge NR
from our previous studies [31], their performance and stability
on this class of problems is inferior, so we chose a DE algorithm v
. . . Test for column effects after row effects are removed
to optimize the parameters of the transformation mappings and . .
. c oy Fig. 3. Results of Friedman test
construct the target model. Five-fold cross validation was used
for the construction, so all results are shown in the form TABLE I1I
“meanztvariance”. PAIRWISE COMPARISON RESULTS
p-values
2) Regression Results Baseline 1 0.0000
As  described . above, . 12 .experlments simulating Bascline 2 0.0000
homogeneous domain adaptation with fuzzy rule-base models -
were conducted. The results are shown in Table II. Bascline 3 0-0000
The left column in Table II indicates the source and target TCA FHoDA 0.0000
domains. For example, ‘5r to 4r’ indicates that the source SA 0.0000
domain is ‘dataset 5r’, and the target domain is ‘dataset 4r’. The GFK 0.0000
second to the fourth columns are the three baselines of the
TSK-method 0.0110

transfer learning problem: 1) the root mean square error
(RMSE) of the source model on the target data without
responses Hy; 2) the RMSE of the model trained using source
and target data on H;; 3) the RMSE of the model trained using
only target data on Hy;. The fifth to the seventh columns show
the RMSE’s of three famous transfer learning approaches
(TCA, SA, and GFK) on Hy, respectively. The results in the
eighth column show the RMSE of a TSK-based fuzzy method
on Hy. And the final column shows the RMSE of our proposed
method on Hy;.

First, a Friedman test was conducted on the RMSE of all the
methods shown in Table II. The results shown in Fig.3 indicate
that the performance of different transfer learning methods was
statistically significant. Further, a pairwise comparison using a
multiple comparison test was performed, and the results are
shown in Table III.

In Table I1I, the first two columns indicate the compared two
methods, and the last column shows the p-value for a
hypothesis test where the corresponding mean difference is
equal to zero. From the statistical analysis results, there is a
significant difference between our method, the three baselines,
the three state-of-the-art transfer learning methods, and the
TSK-method.

Therefore, we can conclude that the performance of our
method exceeds the three baselines, and is superior to the
existing state-of-the-art non-fuzzy transfer learning approaches.

Moreover, since target data without responses H; are used
to improve model M;,’s performance, Table IV compares the
RMSE of model M;; when built with and without target data
that had no responses. Lower values are shown in bold.




TFS-2017-0633

TABLE IV
M, BUILT USING/NOT USING HU — MODEL COMPARISON
Source to RMSE of the models
target datasets mol?seillg[;;u(;l ot model II.ZS(USIHg
Srto 4r 1.0781% 1.0756+
0.0004 0.0004
S t0 3r 0.9352+ 0.8962+
0.0057 0.0083
Srt0 21 0.5602+ 0.5573+
0.0016 0.0005
4rto 3r 2.1269+ 2.0996+
0.2059 0.1718
4rto2r 1.5981+ 1.5711%
0.0310 0.0108
3rto 21 0.5882+ 0.5772+
0.0016 0.0005
oo 3r 0.8080+ 0.8074+
0.0093 0.0044
1 to 4r 1.2522+ 1.2947+
0.0009 0.0039
2rto 5r 3.6904+ 3.7228+
0.0012 0.0002
3rto 4r 0.8876+ 0.8457+
0.0009 0.0005
3rto 5r 2.5273+ 2.5397+
0.0007 0.0014
4rto 5r 3.0755%+ 3.0614+
0.0110 0.0037

The results show that using target data H, for training was
better in ten of the twelve experiments — a clear performance
improvement for M;;. However, in two experiments, using
target data without responses had a negative impact. The cause
may lie in the model’s construction. If some of the target data
with responses were located at the junction of two clusters
(fuzzy rules), the utilization of Hy, finding the h-nearest data
without responses for each target data with response, will result
in an inappropriately constructed model.

3) Parameter Sensitivity Analysis

Within FHoDA’s optimization procedure, some parameters
play an important role in model construction in the target
domain. The three groups of experiments, shown in Figs. 4-6,
were designed to explore the impact of these parameters. Fig. 4
depicts the effect of parameter p (the number of nodes used to
construct mappings for the input space) on model M, ’s
performance. Fig. 5 shows model M;,’s performance with a
varying q (the number of nodes used when building the
mappings for the output space). Fig. 6 charts model My, ’s
performance with different values for h (the number of target
data without responses selected for each target data with
response). Only the results for the experiments St to 4r’, “5r to
3r’ and ‘5t to 2r’ have been included in the figures to illustrate
the impact of the parameters on the performance of the model.

Observing the results shown in Fig. 4, the parameter p had a
slight impact on model construction in experiment ‘5r to 2r’.
The variations in the model’s performance as p varied were
almost the same in experiments “5r to 4r’ and “5r to 3r’. When
p was changed from 2 to 4, the RMSE increased, then decreased
with a p of 5, and peaked at a p of 6.

Sensitivity Analysis for p
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Fig. 4. Sensitivity analysis of parameter p in three experiments

5 Sensitivity Analysis for q
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Fig. 5. Sensitivity analysis of parameter q in three experiments

Sensitivity Analysis for h
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Fig. 6. Sensitivity analysis of parameter h in three experiments

The results in Fig. 5 show no obvious changes to model
construction with different values of q in the ‘Sr to 4r
experiment. In ‘5r to 3r’, the RMSE shows a rising trend at q
values greater than 4, and, in ‘5t to 2r’, the RMSE fluctuates as
the q values change.

Fig. 6 shows fluctuations in all three experiments. The
model’s best performance appears when h=8 in “5r to 4r’, h
=10 in ‘5r to 3r’, and h =8 in ‘5r to 2r’. Notice that the
performance of the model does not always develop an
increasing trend. When more data without responses around the
target data with responses are selected to improve model
construction, data at greater distances are found. It is
unreasonable to suppose that data at large distances will have
similar responses, so a growing number of selected target data
without responses will eventually lead to a negative impact on
the model’s optimization.
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B. Real-world Datasets

Since the studies on regression problems of adapting a
domain are scarce, there are no public datasets in these
scenarios. In this work, therefore, the real-world datasets from
UCI Machine Learning Repository are used and modified to
simulate the regression domain adaptation problems and verify
the proposed FHoDA method. The way of modifying the
datasets is crucial, so a detailed description to these datasets is
provided.

The “Physicochemical Properties of Protein Tertiary
Structure” dataset contains nine features to predict the RMSD-
size of the residue. The first 30,000 instances were chosen as
the source domain, and the last 10,000 instances were used to
form the target domain. To increase the level of discrepancy
between the source and target data, features in the source data,
“non-polar exposed area”, “fractional area of exposed non-
polar residue”, and “molecular mass-weighted exposed area”
were perturbed with random numbers using the normal
distribution N(0.1,0.1). These three features in the target data,
were perturbed with random numbers using the normal
distributions N(7,1), N(5,1), and N(8,1), respectively. All the
data in the source domain had responses, but only 100 data in
the target domain had responses.

The “Housing” dataset aims to predict the “MEDV” (Median
value of owner-occupied homes in $1000's) using six input
attributes. The data was normalized and split into two datasets
using the attribute “TAX”, which represents the full-value
property-tax rate per $10,000. Instances of “TAX” smaller than
0.5 were used to form the source dataset, and instances of
“TAX” larger than 0.5 were used as the target dataset. The
attributes “RM”, “AGE”, and “B” in the source data were
perturbed by random numbers from N(0.1,0.1), while those
attributes in the target data were perturbed by normal random
numbers using the distributions N(7,1), N(5,1), and N(8,1),
respectively. There were 360 instances with responses in the
source domain and 130 instances in the target domain; 15 had
responses.

Although a target domain may only contain a small amount
of data with responses, it can still be used to train a model.
However, we assert that a model trained solely on a small
amount of data with responses will not perform well. And, to
support this assertion, we trained a target model M, using target
data with responses and tested its performance.

Since it is hard to get the information needed to indicate the
number of fuzzy rules in real-world datasets, we used a brute-
force approach of trying every number in a given range and
selecting the one with the best performance. The RMSE of
models Mg, M,, and M, for the target data H are shown in
Table V.

From the results in Table V, we can conclude that the source
model does not fit the target data. The high mean value and
RMSE variance of model M, verifies our assumption that a
model trained with little data shows poor performance. Model
M, performed much better than the source model M, and M,,
which was trained with less data.
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TABLEV
EXPERIMENTAL RESULTS FOR FHODA ON REAL-WORLD DATA
Protein tertiary structure Housing

c M M, M, c M M, M,
3 50.88+ 18.36+ | 6.00+ 5 1.40+ | 031+ | 0.19+

27.15 21.07 0.01 0.71 0.03 0.00
9 48.90+ 1492+ | 593+ 6 3.11+ | 0.65+ | 0.22+

37.85 3.34 0.01 041 0.18 0.01
10 4332+ 17.86+ | 6.10+ 7 241+ | 034+ | 0.15+

87.07 5.32 0.01 0.21 0.05 0.00
1 36.84+ 2696+ | 5.90+ 8 251+ | 020+ | 0.15%

23.49 37.27 0.01 0.25 0.00 0.01
12 54.41+ 16.50+ | 598+ 9 1.60+ | 021+ | 0.15%

15.00 20.65 0.00 1.14 0.01 0.00

VI. EXPERIMENTS IN HETEROGENEOUS DOMAIN ADAPTATION

This section describes the experiments in heterogeneous
domain adaptation. The synthetic datasets were designed to
analyze the proposed FHeDA method in a controlled
environment. Real-world datasets were then used to validate the
practicability of the proposed method.

A. Experiments on Synthetic Datasets

As with homogeneous domain adaptation, this section
comprises three subsections. Information about the synthetic
datasets and the experimental settings is provided, followed by
the experimental results. The second subsection validates the
effectiveness of the FHeDA method, and the third subsection
discusses the impact of a critical parameter on the model’s
construction.

1) Datasets and Experimental Settings

Four datasets of different dimensions were generated
according to different numbers of fuzzy rules to simulate
various source and target domains in heterogeneous spaces.
Information about the generated datasets is provided in Table
VI. For example, ‘dataset 2’ contains 3-dimensional data, which
was generated according to 4 fuzzy rules.

TABLE VI
HETEROGENEOUS DOMAIN ADAPTATION DATASETS
dimension number of fuzzy rules
dataset 1 3 3
dataset 2 3 4
dataset 3 4 3
dataset 4 4 4
TABLE VII
SETTINGS FOR THE EXPERIMENTS IN HETEROGENEOUS DOMAIN
ADAPTATION
Source Target dimension(S) vs rules(S) vs
domain domain dimension(T) rules (T)
Exp 1 dataset 1 dataset 3 3vs3
Exp 2 dataset 1 dataset 4 3vs4 3vs4
Exp 3 dataset 2 dataset 3 4vs3
Exp 4 dataset 3 dataset 1 3vs3
Exp 5 dataset 3 dataset 2 4vs3 3vs4
Exp 6 dataset 4 dataset 1 4vs3
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The datasets in Table V were assembled to simulate six cases
for experimentation in heterogeneous domain adaptation as
outlined in Table VII. The second and third columns indicate
the origin of the source data and target data. The fourth column
shows the dimensionality of the source data and target data,
while the last columns show the number of fuzzy rules present
in each domain.

2) Regression Results
The RMSE of the models on the target data H; for the six
experiments are shown in Table VIII.
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experiments and provide those results in Table IX. The results
in columns with “W” represent models that were constructed
with the help of target data H ;. These results indicate that using
target data without responses has a negative function in model
construction, especially in the methods that change the output
space and change both the input and output space. Lower values
are shown in bold.

3) Parameter Sensitivity Analysis

In the FHeDA method, the number of fuzzy rules used to
construct the model in the latent feature space for the source
domain is a significant parameter, because this also determines
the number of fuzzy rules for the target domain. We also
conducted the six experiments described in the last subsection
with a varying ¢. Table X shows the impact of ¢ on model M4,
as an example.

TABLE VIII
RESULTS OF THE EXPERIMENTS IN HETEROGENEOUS DOMAIN
ADAPTATION
SO:II‘CS RMSE of the models
0
target _ _ _ _ _
datasets M; Mey M, M3 M,
Exp 1 9.5862+ 3.3168+ 2.9422+ 3.1510+ 2.9422+
0.0002 0.0021 0.0359 0.2120 0.0359
Exp 2 9.8785+ 7.0799+ 5.0758+ 47611+ 47611+
0.0003 0.0375 0.4040 0.0445 0.0445
Exp 3 8.2935+ 3.9622+ 3.2467+ 2.6774+ 2.6774+
0.0008 0.0333 0.1174 0.0090 0.0090
Exp 4 9.2541+ 2.9019+ 2.9033+ 2.5138+ 2.5138+
0.0009 0.3178 0.2476 1.0901 1.0901
Exp 5 9.6183+ 8.8253+ 3.9799+ 4.6508+ 3.9799+
0.0002 18.5659 1.8011 1.8893 1.8011
Exp 6 9.6353+ 2.6874+ 2.5636+ 2.5900+ 2.5636+
0.0001 0.1060 0.0141 0.0040 0.0141

From the results in Table VIII, we can conclude that the
models M, M,,, and M5 are all superior to the existing source
model M. In the six experiments, model M., showed the best
performance in half the experiments, with model M,
performing the best in the other half. Although model M, did
not surpass the other two models, we intend to retain it as an
alternative model. As mentioned in Section V, A2, the three
models show vast differences in performance on different
datasets, and the availability of different options for modifying
an existing model enhance the probability of our method to
successfully fit the data to the target domain.

TABLE X
RESULTS OF THE SENSITIVITY ANALYSIS FOR ¢
~ RMSE of the experiments
c
Exp 1 Exp 2 Exp 3 Exp 4 Exp 5 Exp 6
4 3.3001+ | 6.9353+ | 3.1835+ | 3.1793+ | 5.0963+ | 2.8555+
0.0110 0.0141 0.0019 0.1117 1.6004 0.0290
5 3.2807+ | 6.9348+ | 3.1703+ | 3.7702+ | 5.8903+ | 2.7982+
0.0079 0.0130 0.0022 3.1078 5.2418 0.0124
6 3.2774+ | 6.9372+ | 3.1649%+ | 3.0173+ | 53352+ | 2.8711%
0.0064 0.0134 0.0193 0.0524 5.4235 0.0438
7 3.2842+ | 6.9370+ | 3.1738%+ | 4.2752+ | 4.5622+ | 2.7861+
0.0090 0.0129 0.0252 6.1490 0.3267 0.0172
3 3.2806+ | 6.9346+ | 3.2164+ | 3.7475+ | 5.5040+ | 2.8241+
0.0084 0.0129 0.0030 3.3048 8.9666 0.0095

TABLE IX
USING/NOT USING Hy; — COMPARATIVE EXPERIMENTS
RMSE of the models

My, My (W) M, M2 (W) My M3 (W)
Ex | 3.3168% | 3.3153+ | 2.9422+ | 2.9487+ | 3.1510+ | 3.1020+
pl 0.0021 0.0020 0.0359 0.0380 0.2120 0.1001
Ex | 7.0799%+ | 7.0860+ | 5.0758%+ | 5.1412+ | 4.7611+ | 4.9762+
p2 0.0375 0.0405 0.4040 0.4184 0.0445 0.0084
Ex | 3.9622+ | 3.9518% | 3.2467+ | 3.2265% | 2.6774% | 2.7944%
p3 0.0333 0.0121 0.1174 0.1688 0.0090 0.0505
Ex | 2.9019%+ | 3.2590+ | 2.9033+ | 3.0016% | 2.5138%+ | 2.9480+
p4 0.3178 0.5608 0.2476 0.2099 1.0901 0.5821
Ex | 8.8253+ | 8.6197+ | 3.9799+ | 3.4271% | 4.6508t | 4.1819%
p5 | 18.5659 16.5161 1.8011 0.3989 1.8893 0.1494
Ex | 2.6874% | 2.5686% | 2.5636+ | 2.5778% | 2.5900+ | 2.7160%
p6 0.1060 0.0532 0.0141 0.0167 0.0040 0.0332

Further, to verify the claim in Section IV, B that using target
data without responses is risky, we conducted comparative

From the results, we can see that model M,,’s performance
was slightly different when ¢ was assigned with different
values. The RMSE variance as ¢ changes is small in “Exp 1,
2,3, and 6”. But when ¢ is assigned with 5, 7, and 8, the RMSE
variances are large in a few cases in “Exp 4” and in almost all
cases in “Exp 5”. We attribute this to too little target data with
responses — so little data with responses, there isn’t enough to
represent the characteristics of the entire target dataset. The
results in Table VII for “Exp 5 also verify this.

B. Real-world Datasets

Three real-world datasets from the UCI Machine Learning
Repository were used to validate the FHeDA method in
heterogeneous domain adaptation. Like the experiments in the
homogeneous domain adaptation, the datasets from the
machine leaning area are modified to simulate the scenarios of
heterogeneous domain adaptation problems. The detailed
description of these datasets are given.

The “Concrete Compressive Strength” dataset aims to
predict the concrete compressive strength based on eight
features, such as cement content, blast furnace slag, and fly ash.
This dataset is dedicated to general regression tasks, so it
needed to be revised in several respects to simulate a
heterogeneous domain adaptation problem. First, the dataset
was split into a source domain and a target domain using the
“age” feature; instances with an age of less than 100 were
treated as data in the target domain, the remainder fell into the
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source domain. To exacerbate the gap between the source and
target domains, the features “blast furnace slag”, “fly ash” and
“superplasticizer” were perturbed with random numbers
following the normal distributions N(0.1,0.1) and N(5,1) for
source data and target data, respectively. The feature “age” in
the source domain was then removed creating heterogeneous
spaces across the two domains. Ultimately, we arrived at two
datasets: one 7-dimensional source domain containing 110 data
with responses, and one 8-dimensional target domain including
30 with responses and 80 without responses.

In the “Istanbul stock exchange”, two attributes “stock
exchange returns” and the “Istanbul stock exchange national
100 index” were used to predict the “MSCI emerging marks
index”. The first 200 instances fell into the source domain, and
the last 200 instances were used as the target data. The two
features were perturbed with random numbers following
normal distribution N (0.1, 0.1) for the source data and N(5,1)
for the target data. Further, the first feature in the source domain
was discarded. Again, we arrived at the two datasets: one 1-
dimensional source domain containing 200 data with responses,
and one 2-dimensional target domain including 30 with
responses and 170 data without responses.

In the last dataset, “air quality”, the features “temperature”
and “relative humidity” were chosen as the input data, and
absolute humidity* was chosen as the output. The dataset was
split based on the “relative humidity” value. Data with a
“relative humidity” of greater than 0.5 formed the source
domain, the remaining data was used for the target domain. The
second feature in the target domain was discarded. Both
features in the source domain were perturbed with random
numbers following the normal distributions N(0.1,0.1) and
N(7,1), respectively. The input data of the target domain was
changed with random numbers following normal distributions
N(0.1,0.1). The final two datasets were: one 2-dimensional
source domain containing 1200 data with responses, and one 1-
dimensional target domain including 30 with responses and
1170 without responses.

To further prove our assertion that a model will not perform
as well when trained only using a small amount of target data
with responses in heterogeneous domain adaptation settings, we
constructed and compared four models. The first was built
using source data in a latent feature space M. The second was
constructed using insufficient target data with responses in the
original feature space M,,. The third was built using target data
with responses in a latent feature space M,,. And the fourth was
built using the proposed FHeDA method.

The experimental results of these three real-world datasets
are shown in Table XI.

From the results presented in Table XI, we can see that the
performance of models M,, and M,, on the target data was
poor, confirming our assumption that a model does not perform
as well when being trained on less data. The target model M,
built using our method was superior to both the existing source
model, and the model constructed using only a small amount of
target data with responses.
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TABLE XI
THE EXPERIMENTAL RESULTS FOR FHEDA ON REAL-WORLD DATA
RMSE of the models
Datasets — — — =
MS Mtl MtZ ML’
Co(f;’“g:;fve 7470014 | 131444558+ | 17.8540+ | 2.0976+
P 3968.0679 | 8.0011e+08 36.3314 0.8587
strength
Istanbul stock | 0.1749+ 102.9022+ | 1352.4233+ | 0.1409+
exchange 0.0000 7314.5177 | 2.0321e+06 | 0.0000
Air aualit 0.1501+ 0.1401+ 186.0764+ | 0.1365+
quatity 0.0000 0.0000 1.7286e+05 |  0.0000

VII. CONCLUSIONS AND FUTURE WORK

This study presented two methods for solving regression
problems using fuzzy rule-based models in situations that
require domain adaptation. The FHoDA method handles
homogeneous spaces, and the FHeDA method handles
heterogeneous spaces. In homogeneous domain adaptation,
FHoDA solves mismatching fuzzy rules between the source and
target domains and searches the h-nearest target data without
responses around each target data with responses to improve the
target model’s performance. In heterogeneous domain
adaptation, a latent feature space is extracted to minimize the
gap between the feature spaces of the two domains.
Heterogeneous domain adaptation is converted into
homogeneous domain adaptation after mapping all the input
data from both domains into the new latent feature space.
Experiments completed on synthetic and real-world datasets
verify that the proposed methods greatly improve the
performance of existing models when solving regression tasks
in the target domain in both homogeneous and heterogeneous
domain adaptation settings.

The presented methods offer three avenues for modifying the
existing source model: changing the input space, changing the
output space, or changing both. The model with the best
performance is subsequently selected as the target model.
Future studies will explore an algorithm that can recognize the
differences between the fuzzy rules in the two domains in
advance, so we can intentionally adopt a specific algorithm to
modify an existing model.
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