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Abstract 
 

The paper proposes a code-clone detection method that gives the highest possible precision 
and recall, without giving much attention to efficiency and scalability. The goal is to 
automatically create a reliable reference corpus that can be used as a basis for evaluating the 
precision and recall of clone detection tools. The algorithm takes an abstract-syntax-tree 
representation of source code and thoroughly examines every possible pair of all duplicate tree 
patterns in the tree, while avoiding unnecessary and duplicated comparisons wherever 
possible. The largest possible duplicate patterns are then collected in the set of pattern clusters 
that are used to identify code clones. The method is implemented and evaluated for a standard 
set of open-source Java applications. The experimental result shows very high precision and 
recall. False-negative clones missed by our method are all non-contiguous clones. Finally, the 
concept of neighbor patterns, which can be used to improve recall by detecting non-contiguous 
clones and intertwined clones, is proposed. 
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1. Introduction 

Code clones are a set of code fragments that are identical or similar to one another. 
Identifying clones in source code is known to be very important in software maintenance. 
Because the inspection of code clones with naked eyes can be time-consuming and 
inconsistent, the use of automatic means is preferred. However, the clone-detection problem is 
computationally expensive to solve, and thus in practice settles for approximate solutions, 
inevitably including false positives (due to lack of precision) and false negatives (due to lack 
of recall) [1,2,3,4]. This paper proposes a code-clone detection method that gives the highest 
possible precision and recall, without giving much attention to efficiency and scalability. The 
goal is to automatically create a reliable reference corpus that can be used as a basis for 
evaluating the precision and recall of clone detection tools. 

Tree-based clone detection naturally gives better precision than its token-based counterpart 
because it possesses extra structural information [6,7]. However, when it uses complete 
subtree as comparison unit, it is probable that two almost identical trees are not detected as 
clones, resulting in false negatives and thus suffering loss of recall. For example, consider two 
small Java code fragments shown in Fig. 1(1) picked up from an open-source real-world Java 
application. A tree-based tool, CloneDR® [6], only detects subtrees of  if-statements (framed 
by solid lines in Fig. 1(2)) as clones1. However, if you look closely at either codes or trees, you 
obviously want to insist that the two entire for-loops be bigger clones. Except small subtree 
pairs of①'s, ②'s and ③'s circled by dotted lines in Fig. 1(2), the two trees are indeed entirely 
identical. Thus the two code fragments in Fig. 1(1) should be detected as clones. 

 
 

Fig. 1. Example: false-negative clones 
 

Some tree-based clone detection tools employ the method of partially abstracting away 
syntactic structural information in favor of improving efficiency and scalability. When a clone 
detection tool compares the abstracted representations of trees, it is possible that two 
completely different trees are detected as clones, resulting in false positives and thus suffering 
loss of precision. For examples, DECKARD compares characteristic-vector representations of 

1 Note that we ignore clones with the number of nodes less than 10. 
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trees and is thus fast and scalable [5]. The characteristic vector captures a tree structure as a 
one-dimensional vector of natural numbers, abstracting away some structural information. Fig. 
2 shows an example of a false-positive clone accidentally detected. Their characteristic vectors 
are identical, but the two code fragments are completely different. 

 
 

Fig. 2. Example: false-positive clone 
 

The best way to avoid false positives is to keep the trees intact, bearing the computational 
overhead. To remove false negatives, Evans-Fraser-Ma first suggested finding duplicate tree 
patterns rather than duplicate complete subtrees [8]. A tree pattern is essentially a tree except 
that its leaf may be a hole, a special node that can be replaced by the root of any tree with no 
hole. Fig. 3 shows the duplicate tree patterns (framed in a solid line) of two ASTs of code 
fragments in Fig. 1(1). In each duplicate tree pattern, there are three holes. 

This paper introduces a tree-pattern-based code clone detection that shows very high 
precision and recall. Program trees (i.e., abstract syntax trees) are compared intact in order to 
keep precision as high as possible. The comparison unit is a tree pattern – a tree with holes and 
gaps – rather than a complete subtree in order to keep recall as high as possible. For each 
subtree pair, the algorithm traverses both trees top-down and in breadth-first manner, and 
collects the biggest possible tree patterns. The algorithm is designed in such a way that the 
same comparison is never repeated. 

 

 
 

Fig. 3. Duplicate tree patterns 
 

The contributions of this paper are as follows: 
• We developed a top-down algorithm for detecting duplicate tree patterns in two given 

program trees based on anti-unification. The comparisons are exhaustive, but 
redundancy free. False positives occur less since trees are compared intact. False 
negatives occur less since tree patterns are compared. 

• We implemented the tree-pattern-based clone detector, CCR(Code Clone Detector), 
and showed that the tool has very high precision and recall through experiments using 
standard open-source Java applications. The manually created Bellon’s reference 
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corpus is used to carry out the evaluation of recall. Clone pairs of type 1 and 2 in the 
reference corpus are completely detected, and those of type 3 are all detected except 
non-contiguous clones. Compared to Evans-Fraser-Ma’s bottom-up algorithm, ours 
shows twice as much better recall than theirs. Moreover, flaws presented in Fig. 1 and 
Fig. 2 are all remedied. 

• We proposed the concept of neighbor patterns to improve recall that would help detect 
non-contiguous clones and interwined clones. 

The remainder of the paper is organized as follows. Section 2 discusses the terminologies 
used in the paper. Section 3 describes an algorithm for detecting duplicate tree pattern clusters 
based on anti-unification and clustering. Section 4 discusses in detail the implementation of 
CCR and evaluates its precision and recall. Section 5 proposes how to detect non-contiguous 
clones and intertwined clones by explaining the concept of neighbor patterns. Section 6 
surveys the existing techniques of automatic clone detection. Finally, section 7 concludes with 
possible future research. 

2. Preliminaries 
A ranked alphabet is a tuple  where S is a finite set of symbols, α is a mapping from each 
symbol in S to its arity represented by a natural number greater than or equal to 0. That is, the 
arity of a symbol s S  is α(s). The set of symbols of arity k is denoted by Sk. That is, S0 is the 
set of constant symbols, S1 is the set of unary symbols, . . . , Sk is the set of k-ary symbols. We 
assume that S contains at least one constant. 

A tree is represented as a term in a ranked alphabet defined as follows: the set  of 
trees over the ranked alphabet S is the smallest set inductively defined by: 

1) S0  T(S) 
2) For k  1, if s Sk and ti : 1 i k T(S), then s(t1, …, tk) T(S) 

If a tree t has the form of s(t1, …, tk), we say that the function symbol s is a root node of t , and 
t1, …, tk are immediate sub-trees of t. The size of a tree is the number of symbols (in fact, nodes) 
in the tree. 

The most specific generalization (MSG) of two trees is the largest connected common 
component of two trees, sharing their root. For example, suppose we have two trees, 
=(a,+(a,6)) and =(a,+(a,*(b,1))). The MSG of the two is: =(a,+(a,#)), where a 
special character '#' (called hole) replaces uncommon sub-trees, 6 and *(b,1), in each of 
the original trees. We assume that '#' is not in the original set of symbols. Note that the MSG 
of two trees with different root symbols is '#' and that of two identical trees has no hole. 
Generally speaking, the MSG of two trees becomes a tree pattern that is a tree having zero or 
more holes as some of its leaf nodes. 

A program tree, which is the abstract-syntax tree (AST) representation of a program, is a 
labeled tree in which each node is decorated with a unique label that represents its 
corresponding program point in the source program text, as shown in Fig. 4(a). A program tree 
with no label is called a skeleton. A duplicate pattern is the MSG of two program trees that can 
be obtained by constructing the MSG of their skeletons and decorating each node with a pair of 
labels from its corresponding original node, as shown in Fig. 4(b). 

Duplicate patterns of identical skeletons can be merged to become a pattern cluster. Each 
node of a pattern cluster is decorated with a list of labels. When a duplicate pattern is merged 
into a pattern cluster, the label pair of each node in the duplicate pattern is appended to the 



1936                                                                Lee et al.: Tree-Pattern-Based Clone Detection 

label list of the corresponding node in the pattern cluster. The label that is already in the label 
list is not appended. Note that the length of each label list in a pattern cluster is always 
identical because every label in the list is unique. Fig. 5 shows how a duplicate pattern is 
merged into a pattern cluster. 

 
Fig. 4. Example: the duplicate pattern of two program trees 

 

 
Fig. 5. Example: a duplicate pattern is merged into a pattern cluster 

3. Algorithm 
In this section, we present an algorithm that, given two program trees, finds all pattern clusters 
by comparing every pair of sub-trees in the two trees. The algorithm is designed in such a way 
that only the most general (the largest possible) duplicate pattern is kept.  The main algorithm 
is shown in Fig. 6 [9]. 

First, all the largest possible duplicate patterns are searched and collected. The goal is to 
exhaustively compare every pair of sub-trees, achieving high precision and recall, while 
avoiding the repetition of same comparisons, reducing its computational cost as much as 
possible. To avoid the repetition, a two-dimensional array, work-table, is maintained to record 
which pair of nodes were already compared. A pair of sub-trees is compared starting from the 
roots in breadth-first order, and a duplicate pattern is constructed in top-down fashion from its 
root. If two nodes compared are identical, then the duplicate pattern grows downwards with 
the node decorated with a pair of labels taken from the two original nodes. Otherwise, the 
duplicate pattern construction stops by replacing the node with a special leaf node, named hole. 
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This process continues until every leaf in the pattern is either the copy of a leaf from original 
sub-trees or a hole. An already compared pair of nodes is marked as such in work-table. Once 
marked, two sub-trees whose root nodes are such a pair need not be compared again, and thus 
removed from the list of sub-trees to compare. Identified patterns are collected into a map 
indexed by its root node. This process specified as anti-unify function in Fig. 7 resembles the 
anti-unification algorithm first developed by Plotkin [10] and Reynolds [11] in the early 
1970s. 

 

 
Fig. 6. Algorithm: Duplicate Pattern Collection 

 
Next, once all duplicate patterns are collected, they are clustered into a pattern cluster by 
clustering function described in Fig. 8. Duplicated patterns with identical skeleton are all 
clustered into a pattern cluster.  
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Fig. 7. Anti-unification 

 

 
Fig. 8. Pattern Clustering 

 
Each node in a pattern cluster has the list of labels representing its corresponding program 

points in original program. In addition, every hole in a pattern cluster records the size of each 
sub-tree originally hanged on the hole. We call this value hole mass that is to be used as a 
reference value when deciding the enclosing pattern cluster is indeed counted as a clone. For 
example, Fig. 9 shows how this information is kept in the hole. The hole # in Fig. 4(b) has its 
program points, l5 and l10, and its hole masses, 1 and 3, representing the sizes of two sub-trees 
6 and *(b,1), respectively. 
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Fig. 9. Example: hole mass in duplicate pattern 

 
Each pattern cluster possesses the following information: the number of tokens excluding 

holes, the number of holes, a list of hole masses for each hole, and a label list representing 
program points for each node. 

Let us now analyze the asymptotic time complexity of our main algorithm in Fig. 6. Let n1 
be the number of nodes in tree t1, and n2 be the number of nodes in tree t2. Then the number of 
all subtree pairs to be compared is n1 × n2 that represents the number of comparisons made at 
line 24 in Fig. 6. Function anti-unify is invoked only when function symbols in the root node 
of t1’ and t2’ are identical. In that case, at least once or at most min(m1,m2) comparisons are 
additionally made where m1 is the number of nodes in tree t1’ and m2 is the number of nodes in 
tree t2’. Note here that m1 and m2 are always smaller than n1 and n2. Then in lines 27 and 28 in 
Fig. 6, function clustering is invoked once for each function symbol. Letting k be the size of 
the input pattern set, the condition in line 13 in Fig. 8 is executed k2 times in the worst case 
when input patterns are all in different shape.   

4. Evaluation 

The algorithm presented in the previous section is implemented in Objective Caml 3.09 and 
Python 2.5.1, and named CCR, the acronym for Code Clone Ransacker. CCR is basically able 
to handle the AST representation of programs in any programming language. However, we 
choose four open-source Java applications listed in Table 1 for the evaluation of CCR. They 
are the same applications used by Bellon-Koschke-Krinke-Merlo[12] and Roy-Cordy[13] for 
their experiments. Joust 0.82, a Java parser written in Objective Caml, is modified to parse 
Java sources and produce abstract syntax trees. 
 

Table 1. Open-source Java Applications used in Experiment 

 

 

 

2 http://www.cs.cmu.edu/~ecc/joust.tar.gz 
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4.1 Experiment Set-up 
A pattern cluster might represent a set of exact clones (type 1) if there is no hole. Otherwise, it 
might represent a set of clones of type 2 or 33. However, not all pattern clusters represent 
useful code clones. Some pattern clusters with any of the following properties might not 
represent useful code clones: 

• The number of nodes in a pattern cluster is too small. 
• The number of holes in a pattern cluster is too high. 
• The hole mass of some hole in a pattern cluster is too big. 

Hence, the following three parameters are given to the tool in order to throw away pattern 
clusters that are less likely to be useful clones. 

• MinNode: the minimum number of nodes allowed in a pattern cluster. 
• MaxHole: the maximum number of holes allowed in a pattern cluster. 
• HoleMassLimit: the largest hole mass allowed in a hole. 

That is, CCR ignores pattern clusters with the number of nodes less than MinNode as well as 
those with the number of holes greater than MaxHole. CCR also throws away pattern clusters 
where there is at least one hole whose mass is greater than HoleMassLimit. CCR’s default 
parameter values are set to: MinNode = 20, MaxHole = 15, HoleMassLimit = 5. A pattern 
cluster with 20 nodes corresponds to, on the average, about two to three lines of code. This 
parameter value equals to the number employed by Evans and Frazer [10]. If the MaxHole 
value is set to 0, CCR only finds exact clones. The MaxHole value should be increased if one 
wants to find clones of type 2 and 3, and is set to 15 that should be big enough for a default 
value. HoleMassLimit has to be set to at least greater than or equal to 5 because the value 
less than 5 turns out to be too small to be useful. 

The experiment is carried out with 3 more sets of parameter values in addition to the default 
values, while the value of MinNode is fixed to 20 all the time. For each of four combinations of 
parameter values, the number of clustered patterns found by CCR for each application is listed 
in Table 2. 
 

Table 2. The Number of Pattern Clusters Found by CCR 

 
 
The experiment has been done on MacPro at Xeon 2*2.8 Quad Core processor and 8GB RAM 
running Mac OX X Server 10.5.8. Table 3 shows the execution time of each run for each 
application. 
 
 
 
 

3 Type 1, 2, and 3 are according to Koschke’s categorization [14]. 
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Table 3. Execution Time 

 
 
 

4.2 Precision 
Precision is defined as the ratio of actual clones to the candidates identified by the tool. Each 
pattern cluster contains line and column numbers in source code where the pattern originates. 
Hence, the collection of marked blocks corresponding to a pattern cluster in source code can 
be examined to see if the pattern cluster can be classified as an actual clone. A good portion of 
output is closely examined with naked eyes in order to identify actual clones. Table 4 shows 
the number and ratio of pattern clusters classified as false positives. The enormous number of 
pattern clusters detected for eclipse-jdtcore and j2sdk1.4.0-javax-swing in the cases of 
combinations of no.3 and no.4 prevents us from examining the results. All in all, false 
positives tend to be increased with parameter values increased.  
 

Table 4. The Number of False-positives 

 
 
 

We are able to categorize the types of false positives according to the classification of Roy, 
Cordy and Koschke[14] as follows: 

• Category 1: Successive very simple method declarations 
• Category 2: Successive method with similar program structure except identifier 
• Category 3: Successive try-catch statements, case entries, and if-statements 
• Category 4: Successive variable declarations 

The number of false positives for each category is shown in Table 5. 
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Table 5. The Number of False-positives for Each Category 

 
 

The most frequent false positives are in category 2. As shown in Fig. 10, false positives in 
this category share the following common pattern: the program structure is very similar, but 
types and identifiers are all different. 

 

 
Fig. 10. False-positive Case: Successive Methods with Similar Program Structure Except Identifier 

 
 

A typical false positive of category 1 is shown in Fig. 11. The example is a simple list of 
abstract method declarations that has similar structure, which cannot be considered as clones. 
False positives of categories 3 and 4 show the similar patterns to category 1. 
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Fig. 11. False-positive Case: Successive Very Simple Method Declarations 

 

4.3 Recall 
The Bellon’s reference corpus [12] is used in evaluating CCR’s Recall4. The numbers of clone 
pairs collected by Bellon for selected Java applications are listed in Table 6. That is, for each 
clone pair in the reference corpus, patterns detected by CCR are examined to see if any of them 
has good-value > 0.7. The examination is straightforward since the exact locations of patterns 
and clone pairs in the corpus are both available. For two huge reference corpora, a subset (5%) 
was carefully chosen in such a way that clones of type 1, 2 and 3 are proportionally distributed. 
The number of reference clone pairs actually used for evaluation is listed in Table 6 for each 
clone type. 
 

Table 6. The Number of Clone Pairs in the Bellon’s Reference Corpus 

 
 

4 Details of the experimental data can be found at http://plasse.hanyang.ac.kr/ccr 
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The goal is to see how many clone pairs CCR finds among the reference corpus. The result 

of experiment is shown in Table 7.  
 

 
Table 7. Recall of CCR 

 
 
 

The experiment started with default parameter values. With default parameter values 
(combination no.1), CCR finds all clone pairs of type 1, but missed six of type 2 and 
twenty-two of type 3. Hence, we can see that the default parameter values are good enough for 
detecting clones of type 1. For parameter combination no.2, with only the HoleMassLimit 
value increased to 10, CCR finds one more clone pair of type 2 (Ref. No. 520) – a hole 
corresponding to a big expression – and another pair of type 3 (Ref. No. 7223) – a hole 
corresponding to a complete assignment statement. For parameter combination no.3, with the 
MaxHole value additionally increased to 25, CCR finds the rest of clone pairs of type 2 (Ref. 
No.’s 502, 5725, 886, 2216, and 6276), which implies that the parameter values, MaxHole = 
25 and HoleMassLimit = 10 , might be good enough for detecting clones of type 1 and 2. But 
no more clone pairs of type 3 was found. For parameter combination no.4, with the 
HoleMassLimit value further increased to 25, CCR is able to find three more clone pairs of 
type 3 (Ref. No.’s 580, 588, and 7298), still missing many. Among the newly found clone 
pairs, the first two clone pairs have a hole corresponding to two statements of two lines, and 
the other clone pair has a hole corresponding to if-statement of two lines. 

Up to this point, CCR has missed 18 clones pairs in the selected reference corpus. Among 
them, one clone pair, Bellon’s Ref. No. 2414 (type 3), would have been detected if the 
HoleMassLimit value were set to a bigger number. This particular clone pair creates a hole 
mass greater than 25 in the middle, and thus is not selected. The other seventeen clone pairs are 
all classified as non-contiguous (gapped) clones, and would not be detected even if the 
parameter values are increased further. 

Compared to a similar tree-pattern-based tool, Evans-Fraser-Ma’s Asta [8], CCR finds far 
more clone pairs in the Bellon’s reference corpus and thus shows far better recall. Table 8 
shows the comparison between Asta’s recall as in their paper and CCR with parameter 
combination no.1. The difference might be partially due to the fact that CCR uses the 
top-down approach (as opposed to Asta’s bottom-up one) to collect identical tree patterns, 
which allows overlapped clones to be detected, while Asta might miss them. 
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Table 8. Comparison of OK-found and Good-found between CCR and Asta 
(OK-value > 0.7 and Good-value > 0.7) 

 
 

Bulychev-Minea’s CloneDigger claims to have about 46.7% recall on the average for the same 
set of applications [15]. 

5. Towards Better Recall 
Every exact clone (type 1) has a corresponding ‘no-hole’ pattern, and every clone of type 2 has 
a corresponding pattern when the MaxHole is set to a large enough value. On the other hand, a 
clone of type 3 might not have a corresponding pattern when it is either non-contiguous or 
intertwined. Seventeen out of eighteen false negatives found in our experiment are 
non-contiguous clones. In this section, we propose how to effectively find non-contiguous 
clones and intertwined clones. 

In a program tree, two patterns are called neighbors if they share a common node, are 
adjacent, or are not too far apart in a predictive manner. Suppose that given two program trees 
t1 and t2, two duplicate patterns p1 and p2 are all found distinctively in both t1 and t2, and the 
continuous program fragment corresponding to pi in tj is cij. If p1 and p2 are neighbors, the 
continuous program fragment comprising both c1k and c2k may be combined to become a 
program fragment ck for each k {1, 2}. Then c1 and c2 are also clones. 

One typical type of neighbor patterns is that two patterns are on the same spine in a 
program tree. Consider the following two programs5: 
       (a)                    (b) 
       String str = "clone";  String str = "clone"; 
       out.println(str);      str = str.concat("s"); 
                              str = str.toUpperCase(); 
                              out.println(str); 
The corresponding program trees showing two patterns are: 
 

 
 

5 These two programs are too short to be a useful clone, but they are selected on purpose just to make the 
presentation simple. 
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These two patterns can be regarded as neighbors because they are not contiguous but on the 
same spine of SEQ nodes. This type of pattern neighbor is found in sequentially noncontiguous 
clones. In fact, fourteen clone pairs missed by CCR in our experiment, - Bellon’s Ref. No.’s 
581, 589, 5849, 5866, 6061, 6248, 6444, 6615, 6616, 7382, 7392, 7396, 7408, and 7429 - can 
be classified as this type. 

Two patterns, where one resides down below to the spine from another, could be 
considered as neighbors if they are separated in a predictive manner. For example, consider the 
following two programs: 
        (a)                   (b) 
        String str = "clone"; String str = "clone"; 
        out.println(str);     if (str.endsWith("clone")) 
                                  out.println(str); 
                              out.println("!"); 
The corresponding program trees showing two patterns are: 
 

 
 

These two patterns can be regarded as neighbors because they are not contiguous but nested 
inside an IF statement tree. This type of pattern neighbor is found in non-contiguous clones in 
which a pattern resides inside a block tree. Two clone pairs missed by the tool in our 
experiment, Bellon’s Ref. No.’s 6089 and 590, can be classified as this type. 

A leftover false-negative clone, Ref. No. 579, contains both types discussed above. No 
intertwined clone is observed in our experiment, but can also be detected by applying the same 
idea of combining neighbor patterns. 

All these findings have been performed manually with pencil and paper. We are currently 
developing a method of identifying neighbor patterns algorithmically, hoping to detect 
non-contiguous clones and intertwined clones mechanically. 

6. Related Works 
Techniques for automatic clone detection are usually classified into seven categories as in 
Table 9. Each technique has pros and cons. Tree-based technique is known to be more 
accurate than string-based and token-based ones due to its use of structural information. 
PDG-based and metric-based techniques are very effective in some cases, but may result in 
false positives because different code fragments may have the same graph and metric, 
respectively. String-based technique is sensitive in white space insertion and identifier change, 
and thus may have many unwanted false negatives. Token-based technique is less sensitive 
than string-based one because it ignores white spaces and comments, but still has room for 
false negatives due to its lack of grammatical information. Tree-based technique takes 



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 12, NO. 5, May 2018                                   1947 

grammatical structure into account and has potential for better results. 
 

Table 9. Taxonomy of clone detection tools 
Classification Comparison unit Available tools 
String-based Character diff in UNIX 
Token-based Token Baker’s Dup [1], CP-Miner [4], CCFinder 

[3], Iclone [15] 
Tree-based AST 

(abstract syntax tree) 
Yang’s [7], Baxter et al.’s CloneDR® [6], 
Jiang et al’s DECKARD [5], Evans et al.’s 

Asta [8], Bulychev et al.’s CloneDigger 
[16], Lee and Doh’s [9] 

Metric-based Metric values Mayrand et al. [17], Patenaude et al. [18] 
PDG-based Program dependency 

graph 
PDG-DUP [19], GPLAG [20] 

Hybrid Some combination of 
the above 

Leitao[21] (mixes syntactic and semantic 
approaches), Li et al. [22, 23] (mixes 

syntactic and textual approaches) 
 

Yang [7] proposed an approximation algorithm to find the syntactic differences between 
two versions of the same programs through the tree editing distance. Baxter et al.’s 
CloneDR®[6, 29] is the representative work among tree-based techniques. CloneDR® 
generates an annotated parse tree and compares its sub-trees by characterization metrics based 
on a hash function through tree matching [13]. Jiang et al.’s DECKARD[5] is a tool for 
detecting code clones and copy-and-paste bugs on large code bases. Characteristic vectors of 
the binary tree representation of a program are computed to approximate the structural 
information in the Euclidean space. Its clever characterization of a tree makes it scalable, but 
may result in false positives due to the loss of some structural information. Milea et al.[30] also 
makes use of characteristic-vectors to encode code changes for refactorings and detects both 
refactoring opportunities and historical refactorings in large code bases. Wahler et al. [31] uses 
the frequent item-set technique for clone detection to detect exact and parameterized clones in 
the XML representation of AST. Koschke et al. [32] and Tairas et al. [33] introduced 
linear-time clone-detection algorithms based on suffix tree. Corazza et al. [34] proposes a Tree 
Kernel to compare abstract syntax trees that are a class of functions for computing similarity 
among information arranged. 

Evans et al.’s Asta [8] proposes to compare ASTs to find clones in the form of tree patters 
with gaps, which are essentially identical to tree-patterns in CCR. One notable difference is 
that Asta uses bottom-up approach of dynamic programming, while CCR uses top-down 
approach by maintaining a memo table to avoid repeated comparison. Asta may fail to report 
overlapping clones, while CCR does not due to its adoption of a top-down approach. Bulychev 
et al.’s CloneDigger [16] proposes a method of detecting duplicate codes using 
anti-unification. The fundamental difference form CCR is the unit of a tree pattern. 
CloneDigger’s clone unit is restricted to be a statement or a statement sequence, but CCR has 
no restriction. Li et al. proposes to compare pre-processed suffix trees and examine clone 
candidates using anti-unification for reducing false positives [22,23]. 
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7. Conclusion and Future Work 
We designed and implemented CCR, a tree-pattern-based code clone detector. We carried out 
experiments for standard open-source Java applications, showing that CCR finds clones of 
type 1 and 2 well, and has very high precision and recall. We also discussed how 
noncontiguous clones (and even intertwined clones) missed by CCR can be detected using the 
concept of neighbor patterns. 

We are currently exploring how to algorithmically find neighbor patterns, which will 
eventually make it possible to detect more complicated clones such as non-contiguous clones 
and intertwined clones automatically. What will follow is to build a reliable and compact 
reference corpus that can be used to evaluate clone detection tools. 
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