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Abstract

Recovering design patterns applied in a system can
help refactoring the system. Machine learning algorithms
have been successfully applied in mining data patterns.
However, one of the main obstacles of applying them for
design pattern detection is the difficulty of collecting
training examples. Unlike other applications, a design
pattern instance typically includes a group of classes
with certain relationships. Thus, the possible combina-
tions of the group of classes can be enormous which
results in huge training sets making the application of
machine learning algorithms impracticable. In this paper,
we propose an innovative method using matrix transfor-
mations to cluster the training examples. Our method can
significantly reduce the size of training examples, thus
making it possible to be efficiently applied in machine
learning algorithm.

KEYWORDS: design pattern, machine learning, deci-
sion tree, training example, detection

1. Introduction

Each design pattern typically includes a group of
classes relating to each other in some structure and be-
havior in certain ways. Pattern-related information is
manifested by the role each class plays in the pattern.
However, such role information is normally lost when a
design pattern is applied in a system. Recovering pattern-
related information from system design or source code
has several benefits. First, it may help to understand
software systems based on the patterns. Second, it can
assist the refactoring of the systems. Third, new design
patterns may be discovered. Different approaches have
been proposed to recover design patterns from software
systems. However, there lack approaches based on ma-
chine learning techniques.

As a popular inductive machine learning agorithm,
decision tree learning algorithm [8,9,11] has been suc-
cessfully applied to many applications, such as pattern
matching, weather forecast and virus classification. Deci-
sion tree algorithm extracts useful rules and pattern in-
formation from the training examples that must be pre-
classified by an expert (or a supervisor). It is normally
easy to collect the training examples by recording the
related attribute values as one single record. For example,
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whether a person will play tennis is decided by the out-
look, temperature, humidity, and wind of aday. Thus, the
outlook, temperature, humidity and wind attribute values
can be collected together as one entry. Based on the clas-
sification of these collected entries, a decision tree pre-
diction model can be constructed by applying the deci-
sion tree algorithms. However the learning problem of
design pattern detection is more complicated which in-
volves a group of classes with relationships. Each class
corresponds to a record. The potential relationships
among the group of classes (records) of a pattern can be a
large number. Nevertheless, only one set of relationships
istypically valid for the pattern. In other words, the train-
ing example for decision tree algorithm here is a combi-
nation of training records (classes) connected by some
relationships/links, instead of a single record (class). This
is a compound records learning problem involving multi-
ple training records. It is not easy to classify all the po-
tential combinations within a set of classes, especialy
when considering the roles of different relationship.

In this paper, we propose an innovative data preproc-
essing method to tackle the compound record learning
problems. We simplify the compound records learning to
some basic models by clustering the training records with
the same attribute/relationship sequences. In this way, a
decision tree can be built based on the clustered training
examples. The computation complexity of training ex-
ample classification is dramatically reduced.

The rest of this paper is organized as follows: Section
2 and 3 present our learning module architecture and the
detail pre-processing algorithms. An example of design
pattern detection is provided in Section 4. The last two
sections cover related work and conclusions.

2. Learning Architecture

Our main goal is to apply decision tree algorithms to
the compound records learning problem for design pat-
tern detection by learning the classification rule for com-
posite training examples from a set of collected records
efficiently. Different from typical problems solved by
decision tree agorithm, there are some characteristics of
the problem of design pattern detection: first, there are
vast varieties of implementations for each design pattern;
second, pattern features are encoded in the entities
(class/interface/object) and the relationships among these



entities; third, the relationships among the entities form a
complicate graph while each entity may only has a few
attributes to characterize a specific pattern in the graph.
While the decision tree scheme is a good approach to
generalize the rules, it is hard to apply to pattern detec-
tion problem directly. Most design pattern information is
encoded in the graph including both entity and relation-
ship information, while the collected training records are
usualy the individual entity and the corresponding rela-
tionship information to others entities. We propose a
learning architecture shown in Figure 1. Taking the origi-
nal data set as input, our preprocessing algorithm clusters
the training examples with the same set of attributes into
a compound record and computes the number of its oc-
currences, which can be fed into any decision tree algo-
rithms for concept learning. In this way, the decision tree
algorithm can be applied for design pattern detection.

Original Decision
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Figure 1 Structured data pattern lear ning ar chitecture

3. Preprocessing Algorithm

One of the main obstacles of applying decision tree
algorithm for design pattern detection is that the training
examples include multiple records with some specific
relationships. In this section, we propose a preprocessing
algorithm, called compound record algorithm, which
encodes the records and their relationships into matrix.
Through matrix transformation, our approach can signifi-
cantly reduce the size of atraining set.

Section 3.1 introduces the base case of our algorithm
that includes only a single attribute and single relation-
ship in the training set. In this case, we assume each
training record has only one attribute/feature and relates
to other records via only a single relationship. Section
3.2.1 extends our algorithm to multiple-attribute case.
Each record can have one or more attributes while each
record still relates to other records via a single relation-
ship. Section 3.2.2 takes one step further to consider
multiple relationships, i.e, each record may relate to
other records through more than one relationship. Thisis
the case that can be applied to design pattern detection.

3.1. Basic algorithm

The training set of the decision tree learning algo-
rithm may include attributes and their relationships. Let
us first consider the basic case where there is only a sin-
gle attribute and single relationship in each record of the
training set. In this case, each record relates to other
records via a single relationship. There is only one kind

of relationship. A pattern is a sequence of records, each
of which with a specific attribute value, connected to
each other by the relationship. The diagram in Table 1
shows an example which includes 7 records, each of
which connects to each other by a relation. Consider the
7 records as 7 classes and the relationship as the associa-
tion relationship in a class diagram. Each class has only
one attribute specifying whether it is an abstract class or
concrete class. For instance, Table 1 specifies that Class
1lisaconcrete class and Class 2 is an abstract class. We
only consider one kind of relationship, association, in this
example. Thus, Class 1 associates with Classes 3, 4, 5.

Class | Attrib- Association Diagram
No. ute Relationship

1 C 3,4,5

1,4,6,7

2,4,6

57

2,3,6,7

1,4,7

~N| o g A ow| N
> O O > > >

1,3

Table 1 Single Attribute and Single Relationship

Suppose the expert can classify a training set that in-
cludes any 3 classes related by the association relation-
ship. In other words, for each directed path with three
classes in the diagram of Table 1, the expert can classify
it with either “Positive” or “Negative’ value which is the
basis for building a decision tree. However, it is hard to
know how many such paths exist in an application, such
as that in Table 1. If there are m classes, each of which
associates to k classes in average, then the size of a n-
class combination (path) is omxkxkx....xk) =0O(mk™?).

Consider the extreme case that every class associates
with al other classes, then the complexity is
O(mx (M=1)x (M-1) x.....x (m—1)) ~ O(m") . Thus, the size
of the classification can be very large.

We observe that the expert classification of training
set only consider the combinations of attributes of the
records, rather than the exact sequence order of the re-
cords. If we know the occurrence of a specific combina-
tion (such as “ACA” that represents 3 classes whose
attributes are “Abstract” “Concrete” “Abstract”, respec-
tively), together with its classification result (such as
“Positive’ or “Negative’), we have enough information
to build the decision tree. In this case, there are a maxi-
mal of 2% =8 such kind of combinations. Thus, the com-
putation complexity is dramatically reduced. One as-
sumption is that the expert always classifies each specific
combination with the same value no matter how many
times it occurs. The key issue is how to get the occur-




rence of each combination when building the decision
tree.

Definition 1 (Occurrence): V, is the starting state
vector for state i , where V;; isthe number of occurrence

for classj in state i. While at the initial state, every class
is qualified to be placed on state 1. Thus, the value is 1
for everyclass,ie,v,=@0 1 . . . 1).

Definition 2 (Filter Matrix): The filter matrix F for
state i is a diagonal matrix where (F;) ; =1means thej
record remainsin the transition on statei. If only the first

record remains in the transition, then
10 . .0 10 . . O
00 0 1

S Joand gy | . |f
0 0 0 1

all recordsremain.

Definition 3 (Filtered Vector): Vi' is the filtered vec-
tor for state i , where V, =V,xF, . If F =1, then
Vi =Vixl =V,

Definition 4 (Transition

Matrix): M isthetransition
matrix where M value

means the record j can

connect (transit) torecord Kk .
For instance, the transition
matrix of the example in
Tablelis: 1 0000
Based on the previous definitions, we introduce the
following algorithm that isillustrated by two examples.
Algorithm:
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Input:
- nis the record size of target combination (which is 3 for
our example)
- Transition Matrix M
- the target combination (such as“ACA”")
Output:
- the occurrence of the target combination.
Procedure:
initi =1;
initv,=@1 1. .. 1);
repeat until i > n
if(i>1) V, =V, xM;
find F  based on the attribute value of target com-
bination in statei;
V. =V, xF;
i=i+1

Example 1: Calculate the occurrence of three-class
combinations with “ACA” value. “ACA” means the first
and the third classes are abstract classes and the second
classisaconcrete class.

Following our algorithm, we start with state 1.

e State 1, i=1: v;=(1 1 1 1 1 1 1) represents
that every class can be considered as a candidate
of the first class (state) in the three-class combina-
tion at the initial state. Since classes 2,3,4,7 are
abstract class (“A”) and classes 1,5,6 are concrete
class (“C"), thefilter matrix is as follows

00 . . 0 10 . . 0
01 00
1 0
F=FR= 1 F,= 0
0 1
0 1
0 1 0 0

Therefore, the filtered vector is
V,; =V;xF=(0 111 0 0 1) which shows
that only classes 2,3,4,7 can be the first class be-
cause the first class in three-class combination is
an abstract class (“A”). Starting from classes
2,3,4,7, the following classes in state 2 can be
reached through the association relationship:
V,=V,;xM=(2 112 1 2 2), where there
are two class 1, one class 2, one class 3, two class
4, one class 5, two class 6 and two class 7.

e State 2 and State 3
Continuing with the agorithm, we can calculate
the occurrence of “ACA” cluster as:
V, =V, xFy =V, xM xF, =V, x F, x M x F,
=(0 13 400 3
Occurrenc§ ACA) =V, x(1 1 1 1 1 1 1)) =11

No First Second Third Occur- Classification
Class Class Class rence
1 A A A 8 Positive
2 A A C 7 Negative
3 A C A 11 Negative
4 A C C 5 Positive
5 C A A 10 Positive
6 C A C 8 Negative
7 C C A 7 Negative
8 C C C 3 Negative

occurrence=V, x(1 1 . . 1)

Table 2 Classification of Clustered Training Examples

Example 2: Calculate the tota number of occur-
rences of al three-class combinations.

In this case, all classes remain in the transition. The
filter matrixis | .

Vo =Vyx I xM x| xMxl=V,xM?=(9 5 9 11 7 7 11)
Thus, thetotal numberisv, x(1 1 1 1 1 1 27 =59.




Based on our algorithm, we can easily get the list of
all non-zero occurrences of the combinations of classes
with the same set of attributes. The expert can classify
based on these combinations (training examples). A deci-
sion tree can be built straightforwardly.

3.2. Extended Algorithm

In section 3.1, we presented the basic case of our algo-
rithm. In this section, we study the more complicated
cases involving multiple attributes and relationships.

Class No. Abstract Static Association

1 C N 3,4,5

2 A N 1,4,6,7

3 A S 2,4,6

4 A S 5,7

5 C N 2,3,6,7

6 C N 1,4,7

7 A N 1,3

Table 3 Multipleattributestraining data.

3.2.1. Multiple Attributes

In the basic case of our agorithm, each class (training
record) only has one attribute, e.g., “Abstract”. Our algo-
rithm can be easily extended to multiple attributes per
training record. Assume each class has a second attribute
to specify whether it is a static class, where “S’ stands
for “ Static Class’ and “N” indicatesit is not a static class.
In this section, we investigate how the additiona attrib-
utes of a class affect the classification. Table 3 shows the
training data with both the “ Abstract” and “ Static” attrib-
utes information collected for each class.

We can till directly apply the basic algorithm for the
multiple-attribute case. The only difference is that the
multiple attributes need to be considered together when
deciding the filter matrix. For example, to compute the
occurrence of pattern 00 .
“ANASCN”, we use “AN”", 01
“AS’, and “CN” to decide the 0
filter matrix F, F,, andF3, F- 0
respectively. In this example, 0
since both class 2 and class 7 0
have the “AN”" value, then the 0 1
filter matrix for state 1 is

After applying the basic algorithm, our algorithm gen-
erates 25 non-zero occurrence combinations. A decision
tree can be easily built based on these 25 combination
patterns from expertise.

3.2.2. Multiple Relationships

When multiple relationships exist between the training
records (classes in our example), we need to consider not
only the attribute combinations, but also different rela
tionships between these records in a combination. Let us
extend the example in Section 3.1 with a new type of

0

relationship, delegation. When class A delegates to class
B, one method of class A invokes another method in
class B. Table 4 displays an example of the training set
with one attribute and two relationships (association and
delegation). When classifying the training set, the expert
needs to consider both the attribute values of the classes
and the specific relationships between the classes. In the
final clustered training example combination, the attrib-
utes set should have “FirstClassAbstract”, “Second-
ClassAbstract”, “ThirdClassAbstract” and “Relation-
shipSequence”, where “RelationshipSequence” repre-
sents a unique relationship order to construct the target
attribute combination.

Let the association and delegation relationships be
represented by symbols r; and r, , respectively. There

can be 22 = 4 relationships between any two classes A
and B: 0 means no relationship; r, means A has r, rela-
tionship with B; r, means A has r, relationship with B;
and r;r, means A has both r,and r, relationships to B.
Let R denotes the four possible relationships between
two classes, then a relationship sequence R, ® R, repre-
sents the relationships between three classes A, B, C
where A connect to B via R, and B connect to Cvia R, .
We only consider the forward relationship sequences in
relationship combinations. The relationships sequence
“rn,®r,” isdifferent from “r, ®r;"and “r, ®nr,”, and
thus may be classified differently by an expert.

ClassNo. | Abstract | Association I, | Delegation I,
1 N 3,45 2,3

2 Y 1,4,6,7 13

3 Y 2,4,6 12

4 Y 57 6

5 N 2,3,6,7 7

6 N 1,4,7 4

7 Y 1,3 5

Table 4 Training data of multiple-relationship

Now the key issue is how to cluster the attribute com-
binations including relationship sequence. We need to
make a little change to the basic agorithm. Originaly,
the value of M;; is either 0 or 1 in the transition matrix M
where 1 means the relationship exists and 0 stands for not
existing because we only consider one kind of relation-
ship at that time. With multiple kinds of relationships, the
value of M;; should be able to represent al kinds of rela-
tionships between record i

and record j. For the ex- r(: :; rfz E g ? :’
ample in Table 4, the 12 2 1 11
value of M;; between i and L wm, 0O 0 r O
j shoud be one of M=|0 0 0 0 n % w
{ 0,r,,1,,1r, }. Thus, the 0O nn 00 1
transition matrix turns into n0 0 0 0y

n 05 01 00




Let us use the same “ACA” example in Section 3.1.
We already know the filter matrix as:

00 . . 0 10 . . 0
01 00
.1 . 0
Fi=Fy=|. 1 F, = 0
0 1
0 1
0 1 0 0

Following the algorithm, we can get:
V, =V;xF,=(0 1110 0 1
V, :Vl' x M :(rlr2 Fro 40 Tl To+fp 21 T+, 26 +1, 2r1),
V, =V, xFp=(nry+r,+1, 0 0 0 r+r, 2n+r, 0)
0
M+ +R)®L+(h+6)®n
(M + T+ 1) ®nh+(r+1,)®1
(V) = (Vax Fa) = (Vo xM x F3) =| (1ry + Lo + 1) © 11 + (20,4 1,) @ 1y
0
0
(R+r)®nn+(2r+r1,)®n
Therefore, the total number of relationships for combina-
tion“ACA” is
Vix(l 11111 0 =(nr®n)+(,®n)+(nor,)
+5(r, ®1y) +4(r, ®1p) + (rafp ®14r5) +3(r, @ryr,)
+A(r, ®1yry) + (r, ®1)
each R ®R, item is a valid instance of the “ACA”.

Thus, the total number of the “ACA” is 21. The detail of
the “ACA” with the relationships is shown in Table 5,
which can be used for classification purpose.

where

No. | Attribute Relationship Relationship Occu-

Pettern First-Second (Ry) Second-Third( R, ) | frence
1 ACA Assoc + Delegation Delegation 1
2 ACA Delegation Delegation 1
3 ACA Association Delegation 1
4 ACA Association Association 5
5 ACA Delegation Association 4
6 ACA Assoc + Delegation Assoc + Delegation 1
7 ACA Delegation Assoc + Delegation 3
8 ACA Association Assoc + Delegation 4
9 ACA Assoc + Delegation Association 1

Table5 Training Example for Multiple-Rélationship

4 Experiment results

Design pattern is a recurring solution to a standard
software problem. Each design pattern typically includes
several classes structured with multiple relationships.
Each class in the pattern may have multiple attributes.
Thus, it corresponds to the multiple-attribute and multi-
ple-relationship case of our algorithm for preprocessing
the training examples.

Consider a software system with 1000 classes. The
maximum size of training set of three-class combination
could be 1000° =1x10° . By partitioning the training
examples into the compound record combination groups,
the training set size can be reduced greatly because it is
not related to the size of the software anymore. When

more class attributes/rel ationships are considered, never-
theless, the pattern combination size is also increased,
which may make the calculation of compound record
algorithm less practical. For example, if taking two class
attributes and five relationships into consideration, the
total combination size could be (2x2)%x2%x2° ~ 65536,

which is not a small effort athough improved from
1x10°. Most of these pattern groups have zero or only a
few instances because some relationships cannot coexist.
For instance, the association and generalization relation-
ships cannot co-exist between two classes.

One way to get the training set more sufficiently is to
apply a sampling approach on the top of compound re-
cord algorithm. We may consider only a small number of
the critical class/relationships attributes to partition all
training examples. For example, we can only take the
“hasChildren” and “association” relationships into ac-
count if we feel these two relationships may contribute to
the final design pattern detection. Totaly it will be
4x4=16 pattern groups for any connected three-class
set. In addition, we can calculate the occurrence of each
group based on the compound record agorithm. For each
group, it may contain both the positive and negative
instances, so we cannot label the whole group as one
pattern candidate. Instead we take samples based on the
occurrence of each group to represent that group in the
whole training population. There are totally 41717 con-
nected three-classes set found in the AWT [13], and we
can take approximately 1000 training examples as the
fina training set. We randomly pick up proportional
number of instances in each group to build up the final
training set. There are exceptions for the low occurrence
groups, since their proportional sample number is close
to O while their group may hold critical training examples.
Because it won't cause too much effort for classification
due to its small size, we can either increase the sampling
rate, or just take the whole group into the final training
Set.

Software Test Set [False True Correct
systems Size positive | negative | rate

AWT 1066 5 2 99.3%
Junit 1052 4 0 99.6%
JHotDraw | 995 8 1 99.1%

Table 6 Experimental results

After finalizing the training set, we retrieve the full
classrelationships information for each instance in the
fina training set to feed into the decision tree algorithm.
The size of training set is reduced significantly compared
with the effort to classify any random three-class training
examples from the software without losing too much
generality for pattern distribution. Table 6 shows the test
result for AWT, JUnit [15] and JHotdraw [14] based on



the decision tree model build from AWT final training set
for detecting the Strategy pattern.

5 Reated Work

A comprehensive review of different design pattern
detection approaches has been presented in [5]. Machine
learning algorithms, such as decision tree and neural
network, have been applied to classify the potential de-
sign pattern candidates in [6,7]. Neither approach can be
fully automated. Manual collection of some features and
human intervention are required. In addition, the training
set was obtained by another design pattern detection tool
in [6], which used machine learning agorithm to fine-
tune their results from that tool. The main goa of their
application of machine learning techniquesis to eliminate
potential false positive results from their other tool, rather
than to detect design patterns. Thus, their training exam-
ple set is limited by their tool, which may miss some true
pattern cases (true-negative). On the other hand, our
approach presents a novel way to cluster the training
examples that include all possible cases. We are able to
present an approach to design pattern detection purely
based on machine learning techniques.

Matrices have been used as intermediate representa-
tions in some approaches in design pattern detection
[2,3,12], where both pattern information and system
information are encoded into matrixes. Both [3] and [12]
compare the similarity between the pattern matrix and
potential candidate from the system. While a graph simi-
larity theory is used to calculate the similarity between
two classes in [12], a template matching method for the
similarity comparison of two matrixesis appliedin [3]. In
contrast, we presented a new approach using machine
learning techniques for design pattern detection.

6 Conclusionsand Future Work

In this paper, we present a new compound records pre-
processing algorithm for decision tree learning algorithm.
It enables clustering the training records with the same
attributes, which help the creation of fina decision tree
for design pattern detection. Our approach helps effi-
ciently generate the training examples from software
system designs. Three cases have been introduced to
cover the single attribute single relationship, the multiple
attributes single relationship and the multiple attributes
multiple relationships scenarios. The possibility of the
occurrences of the training examples with the same set of
attributes can be efficiently calculated for decision tree
construction purpose. An example of the detection of the
Strategy pattern is presented. Our approach can detect
design pattern instances from software system by learn-
ing from the training examples.

In the future, we plan to extend our research to cover
more complicated scenarios and provide a large case
study of design pattern detection. More different kinds of

relationships (not necessarily sequential connected) will
be considered. In addition, other learning schemes, such
as neural network and dynamic Bayesian network, could
be applied. Numerical analysis and comparison will be
implemented based on those theoretical models so that
fully automatic design pattern learning cases will be
addressed. The detection results can be visualized by our
visualization techniques [4].
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