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e 
ode 
opy and modi�
ation is often usedby programmers as an easy means for fun
tionalityreuse. Nevertheless, su
h pra
ti
e produ
es dupli
atedpie
es of 
ode or 
lones whose 
onsistent maintenan
emight be diÆ
ult to a
hieve. It also 
reates impli
itlinks between 
lasses sharing a fun
tionality. Clonesare therefore good 
andidates for system redesign.This paper presents a novel approa
h for 
omputer-aided 
lone-based obje
t-oriented system refa
toring.The approa
h is based on an advan
ed 
lone analysiswhi
h fo
uses on the extra
tion of 
lone di�eren
es andtheir interpretation in terms of programming languageentities. It also fo
uses on the study of 
ontextual de-penden
ies of 
loned methods. The 
lone analysis hasbeen applied to JDK 1.1.5, a large s
ale system of 150KLOC.KeywordsClone analysis, refa
toring, redesign, maintenan
e1 Introdu
tionSour
e 
ode reuse in obje
t-oriented systems is madepossible through di�erent me
hanisms su
h as inheri-tan
e, shared libraries, obje
t 
omposition, and so on.Nevertheless programmers often need to reuse 
ompo-nents whi
h haven't been designed for this purpose.This may happen when software systems go throughthe expansion phase and new requirements have to beperiodi
ally satis�ed [8℄.When su
h a situation arises, ideally, the modules in-volved should be restru
tured and the 
omponent prop-erly reused. Even better, the whole system 
ould be re-organized, 
lasses 
ould be refa
tored into general 
om-ponents and their interfa
es rationalized. Su
h a pro
essis known as 
onsolidation and allows a system to be
omemore 
exible and easier to expand [8℄. Often, the pro-


ess used instead is a manual "
opy-and-paste". Thisother approa
h produ
es what we 
all 
loned pie
es of
ode, or 
lones whi
h will undergo independent su

es-sive maintenan
e [12℄.The goal of our resear
h is to investigate the use of 
loneinformation as a basis for obje
t-oriented system refa
-toring. Clones are good 
andidates for redesign as theyrepresent dupli
ated 
ode whose 
onsistent maintenan
emight be diÆ
ult to a
hieve. They also form impli
-it links between 
omponents that share a fun
tionality.Dete
tion of 
lones in large software systems has beeninvestigated in the past by [2, 7, 9, 10, 13℄ while 
lone e-limination or redu
tion has been investigated by [3, 4, 5℄.In [3℄ we have investigated the problem of 
lassifying
lones a

ording to their types and a

ording to theopportunities of further reengineering a
tions. In [4℄an automati
 approa
h whi
h allows the fa
torizationof 
ommon parts of 
lones, hen
e removing dupli
ationswhile preserving the unique behavior of ea
h 
lone, hasbeen proposed. Su
h an approa
h was limited to thosereengineering a
tions whi
h ended up in a \strategy-based" design pattern.The approa
hes presented in [3, 4℄ 
ould be advanta-geously enhan
ed by targeted user intera
tions. Su
h in-tera
tions 
ould alleviate the 
omplexity of analysis ne
-essary in an automati
 approa
h and would give more
exibility to the user. Furthermore additional \designpatterns" (more than \strategy" only) and reengineer-ing a
tions should be investigated.In this paper, we therefore propose a new approa
h ori-ented towards 
omputer-assisted 
lone refa
toring. Themain goal is to signi�
antly support refa
toring de
i-sions by providing detailed and relevant information on
lones but letting the programmer de
ide on the a
tualrefa
toring to be performed, i.e., on the 
hoi
e of 
andi-dates for refa
toring, on the appropriate type of redesignand on the a
tual redesign a
tions. Those a
tions 
ouldthen be performed with spe
ialized tools su
h as theRefa
toring Browser [6℄. Su
h a 
omputer-aided refa
-toring must be based on a powerful 
lone analysis. Al-so, a new redesign s
heme based on \template" design-pattern is presented and dis
ussed.1



Most 
lone analysis approa
hes [2, 7, 9, 12℄ provide theuser only with information on the amount, lo
ation andsize of 
lones in a system. Some approa
hes [5, 10, 13℄also provide a 
ertain information on the degree of sim-ilarity of 
lones. Those information are nevertheless in-suÆ
ient to support refa
toring a
tivities as they don'tprovide any insight on possible refa
toring a
tions. Touse 
lones as a basis for obje
t-oriented system redesign,programmers need to know the exa
t di�eren
es be-tween 
loned methods and those di�eren
es must bemeaningful in terms of 
orresponding programming lan-guage entities. Indeed, di�eren
es determine refa
toringa
tions. Programmers also need to know the 
ouplingbetween 
loned methods and their 
ontexts of use assu
h 
oupling will determine the overhead of transfer-ring 
ode fragments between 
lasses.This paper proposes an innovative and more advan
ed
lone analysis whi
h 
an be helpful in obje
t-orientedsystem refa
toring. This analysis determines detailedinformation on di�eren
es between 
loned methods andtheir 
ontextual dependen
ies. Se
tions 2 and 3 presentthose two aspe
ts of the advan
e 
lone analysis; Se
-tion 2 presents the analysis of di�eren
es between
lones, whereas Se
tion 3 details the analysis of 
ontextdependent operations found in 
loned methods. Se
-tion 4 presents the results of the appli
ation of thoseanalyses to JDK 1.1.5. Finally, Se
tion 5 dis
usses theuse of the information provided by the advan
e 
loneanalysis for obje
t-oriented system refa
toring. Se
-tion 6 presents related work on 
lones.2 Di�eren
e analysisDuring 
lone based refa
toring, programmers need toknow the di�eren
es between 
lones, and those di�er-en
es must be available to them in a readily understand-able format. This knowledge will determine the exa
trefa
toring a
tions that will have to be performed.This se
tion des
ribes the di�eren
e analysis aspe
t ofthe novel 
lone analysis. The algorithm that allows theextra
tion of di�eren
es is �rst des
ribed, followed bythe approa
h that allows the interpretation of those dif-feren
es as programming language entities. The gener-alization of the approa
h to more than two 
ode frag-ments is then presented. Finally, the analysis of kindsof di�eren
es and the 
omputation of more synthesizeddi�eren
e information are presented and their use forrefa
toring is emphasized.Mat
hing 
ode fragmentsThe extra
tion of 
lone di�eren
es is performed usingthe algorithm brie
y presented in this se
tion. For adetailed dis
ussion of the algorithm please refer to [3℄.The 
omparison algorithm used is based on Kontogian-nis et al.'s Dynami
 Pattern Mat
hing algorithm [11℄ inwhi
h a fundamental 
hange has been performed: rather

1 fun
tion mat
h(
: Grid; v1,v2: Sequen
e) => (
ost: Integer)2 for ( i  1 to size(v1) )3 for ( j  1 to size(v2))4 tempCost  
omputeCost(v1[i℄,v2[j℄)5 
[i℄[j℄.
ost  min 8><>:
[i� 1℄[j℄:
ost + 1;
[i℄[j � 1℄:
ost+ 1;
[i� 1℄[j � 1℄:
ost+ tempCost6 
[i,j℄.previous  8>>><>>>:
[i� 1℄[j℄;
[i℄[j � 1℄;
[i� 1℄[j � 1℄ depending onthe minimal 
ost7 return 
[size(v1)℄[size(v2)℄Figure 1: Core method of the mat
hing algorithm.
than aligning synta
ti
ally stru
tured entities like state-ments as is often suggested in the literature [5, 11℄, thenew algorithm aligns synta
ti
ally unstru
tured entitieslike tokens. The 
omparison is hen
e performed at thelexi
al level with a reasonable 
omplexity of �(n � m)(where n and m are the sizes of the 
ode fragments)that 
ould even be de
reased with a beam sear
h opti-mization. Moreover, the algorithm provides a very �negrained mat
h. The optimal mat
h or distan
e betweentwo 
ode fragments is de�ned as the minimal amount oftokens that have to be inserted or deleted to transformone 
ode fragment into the other.The dynami
 mat
hing is hen
e performed on ve
tors
orresponding to sequen
es of tokens forming the 
odefragments 
ompared. A 
ost grid is used to 
omputeand hold the detailed results of the mat
h.The 
ore of the algorithm whi
h is de�ned in fun
tionmat
h is presented in Figure 1. Fun
tion mat
h iter-ates over all the elements of the grid and 
omputes thedistan
e for 
onse
utive sequen
es using previously 
om-puted distan
es between shorter sequen
es as well as the
ost of mat
hing the 
urrent tokens. This latter 
ost isdetermined by 
omputeCost.Fun
tion 
omputeCost 
ompares two tokens by testingfor equality of types and values. Two nodes mat
h per-fe
tly if they belong to the same type, ex
ept if they'reliterals or identi�ers. Then they must also have thesame value. The fun
tion returns 0 if the tokens areequal and 
an be mat
hed. Otherwise, it returns 2 (theequivalent of the 
ost of removing one token and thenadding the other instead).The result is then represented as a set of sequen
es oftokens that 
orrespond, or that have to be inserted ordeleted (
onse
utive insertions and deletions 
orrespond2



to substitutions):Mat
h = < (s1v1; s1v2; a
tion1); (s2v1; s2v2; a
tion2);:::; (skv1; skv2; a
tionk) > (1)Where, 8i 2 [1::k℄:� siv1 � v1 and s1v1 _ s2v1 _ ::: _ skv1 = v1where _ is the 
on
atenation operator.� siv2 � v2 and s1v2 _ s2v2 _ ::: _ skv2 = v2� a
tioni 2 fmat
h; addition; deletion; substitutiongProje
ting di�eren
esOn
e the optimal mat
h has been obtained, the 
or-responden
e between the sequen
es of tokens and theentities of the programming language has to be made.It will provide programmers with information at the ap-propriate level of abstra
tion to serve as a basis for refa
-toring. To a
hieve the 
orresponden
e, the sour
e 
odemust �rst be represented in a higher level of abstra
-tion. We have 
hosen the program's annotated abstra
tsyntax tree (AST) as a program representation s
hemeas it 
an, among others, be easily analyzed to extra
tprogramming language entities 
orresponding to di�er-en
es found during the 
omparison.On
e the sour
e 
ode has been represented in this higherlevel of abstra
tion, the tokens forming the di�eren
esare linked to the 
orresponding AST elements. Ea
htoken 
orresponds to exa
tly one node in the AST and istherefore linked to that node. When 
onse
utive tokensbelong to a single di�eren
e, the �rst an
estor of thenodes 
orresponding to those tokens is found.This approa
h of �rst aligning tokens and then proje
t-ing them onto the AST rather than dire
tly 
omparingASTs, as is often suggested in the literature [5, 11℄ al-lows to get a very detailed mat
h with a low 
omputa-tion 
omplexity.From the AST, the 
orresponding programming lan-guage entities are determined. The set of di�eren
esis �nally obtained as:Differen
es = P(Trees1 � Trees2) (2)Where P(s) denotes the power set of s whereas Trees1and Trees2 are the sets of all subtrees of the ASTs ofthe 
ode fragments.Comparing more than two 
ode fragmentsThe approa
h des
ribed above gives the set of di�er-en
es when exa
tly two 
ode fragments are 
ompared.Often, 
lusters of 
lones 
ontain more than two 
lonedmethods. To determine the exa
t set of di�eren
es be-tween more than two 
ode fragments, the following ap-proa
h is taken.

� Let Clones = fC1; C2; :::; Cng be the set of 
lonesin the 
luster.� C1 is arbitrarily 
hosen as the referen
e 
ode frag-ment.� The optimal mat
hes Mat
h(C1; Ci) are 
omputedfor all the values of i in [2..n℄.� For ea
h Mat
h(C1; Ci), the sequen
es sjv1 of thereferen
e ve
tor for whi
h a
tionj 6= mat
h, i.e.,sequen
es 
orresponding to di�eren
es (insertions,deletions or substitutions) are propagated to all theother mat
hes de�ned by: fMat
h(C1; Cm) j 8m 2[2::n℄ with m 6= ig.� The propagation of di�eren
es may produ
e adja-
ent sequen
es 
orresponding to di�eren
es. Su
hsequen
es are merged.� After the propagation of the di�eren
es, sequen
essjv1 of the referen
e ve
tor be
ome identi
al in allMat
h(C1; Ci). The union of all di�eren
es is thenstraightforward.� The di�eren
es found in ea
h ve
tor of tokens arethen proje
ted onto the 
orresponding ASTs.The set of di�eren
es is �nally obtained as:Diff = P(Trees1 � Trees2 � ::: � Treesn) (3)Where Treesi denotes the set of all subtrees of the ASTof Ci. In the following se
tions, for ea
h di�eren
e d :Diff , d[i℄ will refer to the i th. subtree involved in thatdi�eren
e.Dis
riminating kinds of di�eren
esOn
e 
ode fragments have been mat
hed and their dif-feren
es have been proje
ted onto the AST, a very de-tailed and useful knowledge of 
lones has been gained.Textual di�eren
es between 
ode fragments have beeninterpreted as programming language entities meaning-ful to the programmer.Providing the programmer with the set of di�eren
esand their exa
t meaning is an already very useful infor-mation, espe
ially in latter phases of refa
toring whenspe
i�
 reengineering a
tions are being performed. Thedi�eren
e analysis moves the interpretation one step fur-ther, though. It provides di�eren
e information in amore synthesized manner, helpful in less advan
ed phas-es of refa
toring. The di�eren
es are grouped, based ontheir role in refa
toring.From previous resear
h on automati
 refa
toring [3, 4℄,we have determined that all di�eren
es don't a�e
trefa
toring in the same manner. More pre
isely, thedistinguished between the following kinds of di�eren
esis useful:3



1 fun
tion groupDi�s()2 RV = N = M = TE = TypeDi�s = Other = ?2 8 d 2 Di�3 Type = 
hoseSet(d)4 Type = Type [ fdg5 Other = Di� n ( RV [ N [ M [ TE [ TypeDi�s )Figure 2: Di�eren
e information synthesis algorithm.� Super�
ial di�eren
es su
h as names of parametersor names of lo
al variables don't a�e
t the behaviorof methods nor their outputs. They're thereforedis
arded at this phase of the analysis.� Di�eren
es a�e
ting the signature of methods: re-turn value, modi�ers (stati
, publi
, and so on),names or list of thrown ex
eptions have to be
arefully treated during redesign even though theydon't dire
tly a�e
t 
ommon 
ode fragments.� Di�eren
es a�e
ting the types of parameters or lo-
al variables or types are expli
itly manipulated intype
asts or instan
eof expressions make the trans-formation of 
lones into a general 
omponent more
omplex, espe
ially in languages su
h as Java, thatdon't allow parameterizable types.� All the other di�eren
es.The dis
rimination between kinds of di�eren
es givesa more synthesized perspe
tive as it groups di�eren
esalong their role in refa
toring. Programmers are thenable to make informed de
isions based on distributionsof kinds of di�eren
es. Those de
isions might in
ludethe 
hoi
e of 
andidates for parti
ular refa
toring ap-proa
hes or the evaluation of the e�ort involved in therefa
toring of parti
ular 
lones.The dis
rimination is performed with the algorithm pre-sented in �gure 2 where RV;N;M and TE are de�nedas the sets of di�eren
es a�e
ting the signature of meth-ods (return value, name, modi�ers, thrown ex
eption-s). Those sets will 
ontain at most one element ea
h.TypeDiffs is the set of di�eren
es a�e
ting types andOther = Diff n (RV [N [M [ TE [ TypeDiffs) isthe set of all the other di�eren
es. Method 
hoseSet re-turns the set of di�eren
es (RV;N;M; TE; TypeDiffsor Other) 
orresponding to the type of a di�eren
e re-
eived in parameter.Additional information for refa
toringAfter analyzing the di�eren
es, several additional infor-mation are 
omputed for ea
h 
luster of 
lones. Thoseinformation provide a broader perspe
tive that 
an beused to assess and 
ompare 
loning throughout the sys-tem. Let 
loneSize : Clones �! N be the size of ea
h


loned method. Also 
loneSizei = 
loneSize(Ci). Theadditional information 
an then be expressed as:� The amount of di�eren
es between 
ode fragmentsgiven by: nbDifferen
es = 
ard(Diff) (4)� Quantitative aspe
ts of di�eren
es: the size of ea
h
ode fragment involved in a di�eren
e, the min-imum, maximum and average 
ode fragments in-volved in a di�eren
e. Those sizes are expressedboth in lines of 
ode and for a �ner measure, intokens:size : d[i℄ �! N 8i 2 [1::n℄ (5)minsize = min(8d : Diff 8i 2 [1::n℄ size(d[i℄))(6)maxsize = max(8d : Diff 8i 2 [1::n℄ size(d[i℄))(7)avgsize = P8d:Diff 8i2[1::n℄ size(d[i℄)nbDifferen
es � n (8)(9)� The total amount of lines of 
ode or tokens involvedin di�eren
es for ea
h 
loned method:8i 2 [1::n℄ totalDiffi = ( X8d:Diff size(d[i℄)) (10)� The average proportion of di�eren
es 
ompared tothe size of the 
ode fragments:8i 2 [1::n℄ pDiffi = totalDiffi
loneSizei (11)avgPDiff = (P8i2[1::n℄ pDiffi)n (12)� The quantity of di�eren
es that a�e
t types:nbTypeDiffs= 
ard(TypeDiffs) (13)� The quantity of ordinary di�eren
es:nbOtherDiffs = 
ard(Other) (14)� The proportion of di�eren
es a�e
ting types:pTypeDiffs = nbTypeDiffsnbTypeDiffs+ nbOtherDiffs(15)Those information will serve in the evaluation of the
loning phenomenon throughout the system and the
omparison of 
lusters of 
lones from a refa
toring per-spe
tive. Indeed, they will show the probable e�ort4



needed in refa
toring. The use of that information willbe dis
ussed in more detail in se
tion 5.The di�eren
e analysis, that has been presented in thisse
tion, provides detailed information on di�eren
es be-tween 
loned methods. The meaning of ea
h synta
-ti
 di�eren
e is expressed in terms of a programminglanguage entity, easily interpretable by a programmer.Su
h detailed information may fa
ilitate refa
toring de-
isions at the detailed level of the 
luster. To gain abroader perspe
tive, di�eren
e information is synthe-sized in two manners. First, di�eren
es are groupeda

ording to their impa
t on possible redesigns. Sev-en types of di�eren
es are distinguished in the analysisbut other 
ategories 
ould also be developed. Se
ond,quantitative information on the distributions of di�er-en
es in 
lones are 
omputed. Su
h information allowthe analysis of the 
loning phenomenon throughout thesystem and may serve in the sele
tion of 
andidates forrefa
toring as well as refa
toring approa
hes to apply.3 Context analysisSome refa
toring approa
hes involve the transfer of 
odefragments between 
lasses thus a�e
ting 
ontextual de-penden
ies. We de�ne the latter as all uses of identi�ers(methods or variables) that are neither stati
 nor lo
allyde�ned in a 
ode fragment and depend therefore on the
lass 
ontaining the method.In this se
tion, the analysis of 
ontextual dependen
iesof 
lones is presented. More pre
isely, in this se
ondpart of the advan
ed 
lone analysis, two aspe
ts of 
on-text dependent operations are analyzed. First, the listof 
ontext dependent operations is 
omputed separatelyfor ea
h 
lone. This result gives the list and exa
t num-ber of 
ontextual dependen
ies in all 
lones belongingto a 
luster.The 
ontextual dependen
ies present in the 
ommonparts of 
lones (de�ned as those not belonging to di�er-en
es) are then extra
ted. This measure is interestingas it may in
uen
e the 
hoi
e of refa
toring approa
h bydetermining the di�eren
es in the 
osts of transferring
ommon 
ode, parti
ular 
ode (the 
ode of the di�er-en
es) or all the 
ode, between 
lasses. The measure isa 
onservative estimate of the 
ommon 
ontext depen-den
ies. Some 
ommon sour
e 
ode might indeed bemerged with a proximate di�eren
e during refa
toringand hen
e diminish the amount of 
ommon dependen-
ies.In this analysis, the list of 
ontext dependent operationsis 
omputed for ea
h 
loned method as follows:

ContextDep = f8i 2 [1::n℄ 8id 2 fCalls [ Usedg jid 62 Lo
als(Ci) ^ (9
l : Classes j 
l = DefiningClass(Ci)^ id 2 fAttributes(
l) [DefinedMethods(
l)) �Ci �! idg (16)Where:� Classes;Methods and V ariables are respe
tivelyde�ned as the sets of all 
lasses, methods and vari-ables de�ned in the system.� DefiningClass : Methods �! Classes asso
iatesto ea
h method its de�ning 
lass.� Lo
als : Methods �! P(V ariables) asso
iates toea
h method its lo
ally de�ned variables.� DefinedMethods : Classes �! P(Methods) isde�ned as the set of methods de�ned in a 
lass.� Attributes : Classes �! P(V ariables) is de�nedas the set of attributes of a 
lass.� Calls :Methods �! P(Methods) is de�ned as theset of methods 
alled from within the body of amethod.� Used :Methods �! P(V ariables) is de�ned as theset of variables used within the body of a method.� ContextDep : Methods �! P(Calls [ Used) as-so
iates to ea
h method a set of identi�ers 
orre-sponding to 
ontext dependent operations.� ComContextDep : Clones �! P(Calls [ Used)asso
iates to ea
h 
luster of 
lones a set of iden-ti�ers 
orresponding to 
ontext dependent opera-tions 
ommon to all 
lones in the 
luster.The list of 
ontext dependent operations 
ommon to all
lones in a 
luster is 
omputed with:ComContextDep = f8i 2 [1::n℄ 8id 2 ContextDep(Ci) j(�d : Diff j 9i 2 [1::n℄ j id 2 d[i℄) � Clones �! idg(17)This se
ond aspe
t of the analysis provides a very nov-el perspe
tive on 
lones. It determines the 
ouplingstrength between shared fun
tionalities and their 
on-texts of use. If the 
oupling is low (few 
ontext depen-dent operations exist) the transformation of the fun
-tionality into a reusable 
omponent may be possiblewithout signi�
ant overhead. If the 
oupling is high, but5



resides in the di�eren
es between 
lones, then en
apsu-lating those di�eren
es and de
oupling them from theshared 
ode might be the appropriate approa
h. Finallyif high 
ontext dependen
e resides in the 
ommon partsof 
lones, maybe the fun
tionality should be rewrittento de
ouple the 
ontext from the shared behavior. In allsituations, the advan
ed analysis provides most usefulinput for 
arrying su
h redesign de
isions.4 ExperimentThe advan
ed 
lone analyses presented in the previousse
tions has been implemented in Java, using JDK 1.1.7.To get the ASTs of the sour
e �les, a Java parser gener-ated with Java

 version 0.8 (�rst pre-release) has beenused.The 
lones of JDK 1.1.5 [15℄, a development kit fromSun Mi
rosystems with 145 000 lines of 
ode have beenanalyzed. The experiment was 
ondu
ted on a PentiumII 350MHz with 128MB RAM running Linux.The pro
ess used for the experiment is depi
ted in Fig-ure 3. We have �rst applied Patenaude et al.'s ap-proa
h [14℄ to �nd 
lusters of similar methods usingmetri
s. 244 
lusters have been found and used as inputto the pro
ess.All the information presented in the previous se
tionshas been 
omputed:� The list of di�eren
es between all 
ode fragments.� The �ne-grained di�eren
e information: measuresof di�eren
es 
onsidered at the token level. (Equa-tions 4 through 12)� The detailed di�eren
e information 
omprising thequantitative aspe
ts of di�eren
es when 
onsideredas lines of 
ode as well as the detailed informationon the di�erent types of di�eren
es. (Equations 4through 15)� Finally, 
ontextual dependen
ies parti
ular to ea
h
lone and 
ommon to all 
lones. (Equations 16and 17)Figure 4 shows the distribution of average sizes of 
lonedmethods in the 
lusters used as input. The amount of
lusters de
reases with the size of 
lones (Figure 4) assmaller methods resemble others more easily. Methodshaving 6 lines of 
ode and less have been removed from
lone analysis as for su
h small methods, 
lone dete
tionte
hniques produ
e an important amount of false pos-itives. Even though some 
lusters 
ontain parti
ularlylong methods, most methods have less than 40 lines.A �rst interesting result is presented in Figure 5 wherethe quantity of 
lusters of 
lones is shown for differentper
entages of method bodies 
overed by di�eren
es.
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Metrics
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difference
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Context

analysis

Differences as
AST subtrees

Projection

Context

informationFigure 3: Experimental pro
ess.Table 1: Clusters of 
lones with di�eren
es in the sig-nature of 
loned methodsType of di�eren
e Number of 
lustersReturn value 20Method name 56Modi�ers 46Thrown ex
eptions 125The graph shows an in
rease in the quantity of 
lusterswith the per
ent of the method 
overed by di�eren
esuntil 70 per
ent after whi
h a 
onsiderable drop o

urs.This drop 
orresponds to thresholds used during 
lus-tering. If we had used smaller thresholds, fewer 
lusterswould have been produ
ed but they would have beenmore similar. On the other hand, higher 
uto� pointswould have allowed for more 
lusters with more di�er-en
es.Although the 
lone analysis te
hnique allows the dete
-tion of similar 
ode fragments within a given threshold,the amount of 
lusters 
ontaining almost identi
al 
lonesis high. As many as 22, almost 10% of all 
lusters, 
on-tain methods 
overed with di�eren
es at less than 10%of their size.The analysis of di�eren
es types (Figure 6 and Table 1)shows that many 
loned methods (half of the 
lusters)6



Average size of 
loned methods (LOC)Numberof
lu
sters

50+40-4930-3920-297-19
250200150100500Figure 4: Distribution of average sizes (lines of 
ode) ofmethods in 
lusters of 
lones.

Proportion of di�eren
esNumberof
lu
sters

70+60-6950-5940-4930-3920-2910-190-9
250200150100500Figure 5: Proportion of 
lones 
overed by di�eren
es(tokens).di�er in the list of thrown ex
eptions. Many 
lones al-so di�er in their name and their modi�ers but less intheir return values. Most 
lusters don't 
ontain any dif-feren
es involving types. Those who do, usually 
ontainseveral of them, mostly around 20 to 30%Figure 7 shows the distribution of the quantity of 
on-text dependent operations. Most 
lusters 
ontain fewsu
h operations. If a 
onservative estimate of the oper-ations belonging to 
ommon parts of 
lones is taken, twoextremes are obtained (
.f. Figure 8). In most 
luster-s, less than 10 per
ent of 
ontext dependent operationsbelong to shared sour
e 
ode. In an other importantpart of the 
lusters, more than half of 
ontext depen-dent operations are in the 
ommon parts of 
lones.5 Dis
ussionThe experiment on the analysis of 
lones in JDK 1.1.5shows the appli
ability of our approa
h to large softwaresystems. 244 
lusters of 
lones 
orresponding to a littleless than 800 methods have been analyzed in less thanhalf an hour.

Proportion of di�eren
es involving typesNumberof
lu
sters

50+40-4930-3920-2910-191-90
250200150100500Figure 6: Proportion of di�eren
es involving types.

Amount of 
ontext dependant operationsNumberof
lu
sters

25+20-2415-1910-146-90-5
250200150100500Figure 7: Distribution of the quantity of 
ontext depen-dent operations.Clone analysis in JDKFrom the results of the 
lone analysis applied to JDK,several refa
toring de
isions 
an be taken. The propor-tion of di�eren
es involving types (Figure 6) shows thatin JDK, 
lone based refa
toring 
ould be divided intotwo phases: one fo
using on 
lusters 
ontaining only or-dinary di�eren
es and the other aimed spe
i�
ally at
lones di�ering in the types of the data they manipu-late. Over 50 
lusters of 
lones 
ontain between 10 and40 per
ent of di�eren
es expli
itly a�e
ting types. Thisalso shows that the division of di�eren
es along theirtypes provides a pre
ise refa
toring oriented 
ompari-son basis for 
loned methods. Su
h 
omparisons maybe helpful in the 
hoi
e of refa
toring 
andidates andthe refa
toring a
tions appli
able to them.From the point of view of the 
oupling between shared
ode fragments and their 
ontexts of use, Figure 7 showsthat in JDK, most 
lones 
ontain only few of su
h de-penden
ies. Clusters may then be divided into twogroups for the appli
ation of spe
i�
 refa
toring a
tions.One group with 
lones 
ontaining less than 5 
ontext de-pendent operations and the other with those 
ontaining7



Proportion of 
ommon 
ontext dependen
iesNumberof
lu
sters

50+40-4930-3920-2910-190-9
250200150100500Figure 8: Per
ent of 
ontext dependent operations be-longing to the 
ommon parts of 
lones.more. Refa
toring a
tions involving the transfer of allthe 
ode (
ommon and parti
ular) between 
lasses 
ouldthen be applied to the �rst group without signi�
antoverhead. Refa
toring a
tions keeping as mu
h 
ode aspossible in ea
h original 
lass would be preferable forthe other group of 
lones.Context dependen
e 
ould guide JDK refa
toring de-
isions even more pre
isely. Figure 8 shows that themajority of 
ontext dependent operations reside in thedi�eren
es between 
lones. Therefore, in this system,
loning seems to reuse some fun
tionality and add 
on-text dependen
e to it. The refa
toring 
ould then ex-tra
t the 
ommon, loosely 
ouple 
ode fragments, andmerge them into a new 
omponent while leaving the dif-feren
es in the original 
lasses. For other systems, otherapproa
hes might be more appropriate.From the results of advan
ed 
lone analysis applied toJDK, it 
an be seen that this analysis is valuable tosupport refa
toring de
isions. It 
an indeed help in the
hoi
e of 
andidates for redesign and their grouping a-long the refa
toring a
tions that best apply. The de-tailed lists of 
ontextual dependen
ies and di�eren
es
an then be used to guide the a
tions themselves. Thenext se
tion dis
usses the general use of the analysis forrefa
toring.Use of 
lone analysis for refa
toringThe �rst de
ision while refa
toring a system using 
loneinformation is the 
hoi
e of appropriate 
andidates. In-deed, some 
lones might belong to sensitive parts of asystem and shouldn't be tou
hed, while others might be-long to 
omponents with a high failure rate, thus moreimportant to redesign. Other 
hara
teristi
s su
h as ef-fort in refa
toring or required refa
toring approa
h mayalso determine the 
hoi
e of 
andidates. The advan
ed
lone analysis presented in this paper is able to guidesu
h de
isions by providing detailed information on thedegree of similarity of 
lones. As Figure 5 shows, some


lones 
ontain a lot of di�eren
es while others are verysimilar. The degree of similarity is an important infor-mation as it 
orresponds to di�eren
es and may hen
ebe proportional to the refa
toring e�ort.The knowledge of types of di�eren
es (
.f. Figure 6 andTable 1) might also in
uen
e the 
hoi
e of 
andidates.Candidates 
ontaining only ordinary di�eren
es mightbe preferred as their transformation should present lessdiÆ
ulties. If a parti
ular refa
toring approa
h is readi-ly available (automated tool, previous experien
es, et
.)
lones that �t the approa
h at hand 
an also be isolated.On
e the 
andidates have been 
hosen, an appropriaterefa
toring pro
ess has to be sele
ted. The 
lone anal-ysis proposed here is also helpful during this phase ofredesign. The types of di�eren
es as well as the amountof 
ontext dependent operations and mostly the per-
ent of those operations belonging to 
ommon parts of
ode will partly determine the most appropriate refa
-toring. If many 
ontext dependent operations belong todi�eren
es between 
lones, it might be best to use anapproa
h that will keep those di�eren
es in the original
lasses, hen
e allowing to keep the 
ontext 
oupled withthe method. If most 
lones 
ontain di�eren
es expli
itlya�e
ting types, then an approa
h allowing the 
reationof a parent to those types might be most suitable.The 
lone analysis proposed 
an also be used to deter-mine the e�ort ne
essary to refa
tor a 
luster of 
lones.Indeed, an exhaustive list of all di�eren
es with theirtypes 
an be produ
ed. A similar list of 
ontextual de-penden
ies 
an also be obtained. Not only do thoselists present the e�ort ne
essary for refa
toring, theyalso 
orrespond to a
tions that will a
tually have to beperformed.Computer-aided refa
toring pro
essFrom the dis
ussion above, it 
an be seen that the ad-van
ed 
lone analysis provides information useful at dif-ferent stages of a refa
toring pro
ess. It 
ould thereforebe a good basis for 
omputer-aided obje
t-oriented sys-tem refa
toring. The analysis 
ould be in
orporated insu
h a pro
ess as follows:� The analysis 
ould �rst provide general informationfor the 
hoi
e of 
andidates for refa
toring.� After the sele
tion of 
andidates, it 
ould determineand list appli
able redesign approa
hes, using the
hara
teristi
s of the sele
ted 
lusters of 
lones.� On
e the pre
ise refa
toring and the set of 
andi-dates would be known, the list of a
tions to per-form 
ould be determined by the tool and providedto the user.� The programmer 
ould then perform the refa
tor-ing using his own judgment to take into 
onsidera-tion any relevant parti
ularity.8



Automati
 refa
toringWe have implemented an automati
 refa
toring pro-
ess in CloRT (Clone Reengineering Tool). The pro-
ess transforms 
lones along one of two design patterns,Strategy [4℄ and Template method. The pro
ess fa
tors
ommon parts of 
lones, parameterizes their di�eren
esand de
ouples their 
ontext while produ
ing a 
on�g-urable and reusable 
omponent.Figures 9 and 10 present the UML diagrams of bothapproa
hes. In those diagrams OriginalClass1 and Ori-ginalClass2 represent two 
lasses originally 
ontaining
loned methods. CloneHandler is a new 
lass 
ontainingthe general 
ode resulting from the fa
torization of 
lone
ommonalities and the fa
torization of their di�eren
es.Classes Con
reteDi�Strategy1 and Con
reteDi�Strate-gy2 of Figure 9 
ontain the en
apsulated di�eren
es forea
h original 
lone. In a similar manner, 
lasses Param-CloneHandler1 and ParamCloneHandler2 of Figure 10
ontain the di�eren
es of ea
h 
lone. Interfa
es IdStrat-egy and its des
endants 
ontain the signatures of all 
on-text dependent operations, implemented in the original
lasses.The tool, developed with JDK 1.1.7, has been appliedto JDK 1.1.5 for the partial redesign of 26 
lusters of
lones showing that automati
 
lone based refa
toringis possible.From the experiment we have 
on
luded that an auto-mati
 approa
h 
ould advantageously be enhan
ed bytargeted user intera
tions. Indeed, the user 
ould bet-ter exploit 
lone parti
ularities for their refa
toring and
ould help alleviate the 
omplex analysis required byan automati
 en
apsulation of di�eren
es. A 
omputer-assisted refa
toring approa
h as des
ribed previously al-lows the user to gain that 
exibility while still bene�tingfrom the support of a detailed 
lone analysis.6 Related workPrevious resear
h has studied the dete
tion of 
lones insoftware systems. Several te
hniques have been investi-gated. Some are based on a full text view of the sour
e
ode. Johnson [9℄ has developed a method for the iden-
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Figure 10: Clone refa
toring based on the Templatemethod design pattern.ti�
ation of exa
t dupli
ations of substrings in sour
e
ode using �ngerprints whereas Baker's tool, "Dup" [2℄,reports both identi
al se
tions of 
ode and se
tions thatdi�er only in the systemati
 substitution of one set ofvariable names and 
onstants for the other. Du
asseet al. [7℄ use an exa
t string mat
hing approa
h alongwith visualization for a semi-automati
 dete
tion of ex-a
t 
opies of 
ode.Other approa
hes, su
h as those pursued by Mayrandet al. [13℄ and Kontogiannis et al. [11℄, fo
us on wholesequen
es of instru
tions (BEGIN-END blo
ks or fun
-tions) and allow the dete
tion of similar blo
ks usingmetri
s. Those metri
s relate to aspe
ts of sequen
es ofinstru
tions su
h as their layout, the expressions insidethem, their 
ontrol 
ow, the variables used, the vari-ables de�ned, et
.In [11℄, Kontogiannis et al. also dete
t 
lones using t-wo other pattern mat
hing te
hniques, namely dynami
programming mat
hing, whi
h �nds the best alignmentbetween two 
ode fragments, and statisti
al mat
hingbetween abstra
t 
ode des
riptions patterns and sour
e
ode.Yet another 
lone dete
tion te
hnique relies on the 
om-parison of subtrees from the AST of a system. Baxteret al. [5℄ have investigated this te
hnique.Several appli
ations of 
lone dete
tion have also been in-vestigated, Johnson [9℄ visualizes redundant substringsto ease the task of 
omprehending large lega
y systems.Mayrand et al. [13℄ as well as Lag�ue et al. [12℄ do
umentthe 
loning phenomenon for the purpose of evaluatingthe quality of software systems. Lag�ue et al. [12℄ havealso evaluated the bene�ts in terms of maintenan
e ofthe dete
tion of 
loned methods.Merging the 
ommon parts of 
loned pie
es of 
ode hasalso been investigated. In [5℄, Baxter et al. use ma
rosto eliminate redundan
ies and thus redu
e the quantity9



of sour
e 
ode in a system. Although ma
ros are ap-pli
able to all dete
ted 
lones, sin
e the semanti
s ofdi�eren
es is ignored, their use presents several draw-ba
ks. It is restri
ted to languages that support ma
ros,but more importantly, when lexi
al 
hanges are intro-du
ed to the ma
ro, a manual veri�
ation is ne
essaryto ensure that the intended semanti
 
hange 
orre
tlypropagates to all the 
ontexts of use of the ma
ro.Even though those 
lone analysis studies provide use-ful information on the 
loning phenomenon in softwaresystems, none is oriented towards providing informationdetailed enough for 
lone based refa
toring.7 Con
lusions and future workThis paper has presented an advan
ed 
lone analysisuseful to system refa
toring. Clones are good 
andidatesfor refa
toring as they 
orrespond to dupli
ated 
odeand impli
it links between 
omponents.The novel analysis fo
uses on two aspe
ts of 
lones: themeaning of their di�eren
es from a programmers per-spe
tive and their 
ontext dependen
e. Di�eren
es in-terpretation in terms of pre
ise programming languageentities is useful for refa
toring as it 
an guide the 
hoi
eof 
andidate 
lusters and guide reengineering a
tionsperformed during redesign. For this aspe
t of the anal-ysis, a novel 
lone 
omparison algorithm has been intro-du
ed along with a novel di�eren
e interpretation and
lassi�
ation. The se
ond aspe
t of the analysis, 
ontextdependen
e, provides useful input on the 
ost of trans-ferring 
ommon or parti
ular 
ode fragments betweentheir original 
lasses and other 
lasses. It 
an thereforeguide the 
hoi
e of refa
toring approa
hes to apply tospe
i�
 
lusters of 
lones.The novel 
lone analysis provides a solid basis for the de-velopment of 
omputer-aided refa
toring environments.Completely automati
 approa
hes are also possible butthey are 
ostly and provide little 
exibility to the user.Manual refa
toring on the other hand, 
an be 
umber-some as hundreds of 
lusters are present in a system.Assisted refa
toring 
ombines the strengths of both ap-proa
hes by 
omputing all the information ne
essary forrefa
toring and allowing the user to 
on
entrate on therefa
toring de
isions.The next step of the resear
h is to develop more intera
-tive approa
hes and investigate their e�e
tiveness in in-dustrial refa
toring proje
ts. The re�nement in metri
sfor 
lone analysis 
ould also be investigated for refa
-toring performan
e.8 A
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