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A bstract

Executionpatternsareanew m etaphorforvisualiz-
ing execution tracesofobject-oriented program s.
W e presentan execution pattern view thatletsa
program m er visualize and explore a program ’s
execution at varied levels of abstraction. The
view em ploysvisual,navigational,and analytical
techniquesthataccom m odatelengthy,real-w orld
traces.Byclassifyingrepetitivebehaviorautom at-
ically intohigh-orderexecution patterns,w edras-
ticallyreducetheinform ationaprogram m erm ust
assim ilate,w ith littlelossofinsight.

1 Introduction

The gap betw een a program ’sstaticspecification
and its dynam ic behavioris particularly large in
object-oriented program s. Experienced develop-
ersm igratingfrom proceduraltoobjecttechnology
often com plain thatthey can’tdiscern flow ofcon-
trolin object-oriented program s.Theircom plaints
grow louder w hen they dealw ith one or m ore
fram ew orks.Theinversion ofcontrolfrom w hich
a fram ew ork derivesitsleverage[22]nonetheless
gives developers feelings of insecurity, because
theirunderstanding ofaprogram isbound tightly
to know ledge ofcontrolflow. W hen they can’t
tracetheprogram ’slogic,they can’tpredictitsbe-
havior,and so they can’tchange w hatitdoes—
rendering thefram ew ork useless.
O bject-oriented program visualization system s

such asO vation [9,10]and Program Explorer[18]
havesoughtto bridgethisgap.Allw ork in m uch
thesam ew ay.Theyinstrum entthecodetobevisu-
alized so thatitproducesatraceasaside-effectof
itsexecution.Thetracecontainsfartoo m uch de-
tail(e.g.,every m ethod invocation)to understand
asis. Instead,the visualization system interprets
thetraceand generatesoneorm oreanim ated ren-
ditionsoftheprogram ’sexecution.Therenditions
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useavariety ofnotationsand cognitivedevicesto
convey inform ation succinctly and com prehensi-
bly.Thevisualizationcanhelphum ansm akesense
ofm illionsofm ethod invocationson hundredsof
thousandsofobjects.Butto beeffective,thevisu-
alizationsystem m ustconsolidateand presentjust
therightinform ationonthescreen,injusttheright
w ay.Therearem anyw aystoconsolidateinform a-
tion,and theireffectivenessvariestrem endously.

Tounderstand how topresentinform ationeffec-
tively,considerhow tracesbecom elargeinthefirst
place.O nereason issheercom plexity.A nontriv-
ialobject-oriented program m ay enlisthundreds
or even thousands ofclasses to do its job. O ne
w ould expectlargetracesfrom such program s.

Yetaprogram doesn’thavetobestaticallycom -
plex to yield large traces;even a sm allprogram
m ay produce them ifitexecutes the sam e code
m any tim es.Program m ing languagesletusspec-
ify repeated executionsof(alm ost)the sam e sce-
nario through recursion, functional decom posi-
tion,tem plate functions,and a variety ofcontrol
structures. These rem arkably com pactspecifica-
tionsproducepatternsofsim ilarifnotidenticalin-
structionsastheprogram executes,greatlylength-
ening thetracebutadding littleto itsinform ation
content. H ence even a sim pleprogram can yield
huge,incom prehensibletraces.

N evertheless,trace data can be com prehended
(1)ifitcan besum m arized into succinct,abstract
nuggetsthatlackextraneousdetail(detailsarepro-
vided on dem and,notunsolicited),and (2)ifsim -
ilarpatternsin the trace can be condensed into a
sm allernum berofm oregeneralpatternsthatrecur
atspecified frequencies.

To this end w e introduce a variation ofJacob-
son’sinteraction diagram s[16]forpresenting pat-
ternsofexecution— an execution pattern view —
thataccom plishestw oaim s:

1.Itletsa program m erobserve any partofthe
program ’sexecutionatvariouslevelsofdetail.
The program m eravoidsbeing overw helm ed
by execution inform ation through careful,se-



lectivecontrolofw hatisdivulged,w ithdetail
presented on dem and.

2.Itdetects and presents generalized patterns
ofexecution in w hich one pattern subsum es
m any partsofthetrace.

In the nextsection w e describe the elem entsof
the pattern view. W e use a scenario to m otivate
the m echanism s fornavigation and detailelabo-
ration.Then w ediscussgeneralizationsofexecu-
tion patterns. W e give criteria by w hich patterns
are autom atically considered sim ilarand explain
ourchoice ofcolorand shape to bestconvey the
inform ation. Finally,w e com pare ourexecution
pattern view torelated w orkand offerconcluding
rem arks.

2 Execution Pattern N otation

Jacobson’s interaction diagram s are popular be-
cause they depictdynam ic behavior clearly and
com pactly. Figure 1(a)show s a sim ple interac-
tion diagram .Verticallines,orrails,representob-
jects.Arrow headedlinesrepresentm essagesends:
thereisan arrow headed linebetw eenobjectA and
objectB foreach m essageA sendstoB,w ith lines
forlaterm essagesappearing below thoseforear-
lierones. Thus tim e progresses dow nw ard. All
m ethod invocationson an objectappearasrectan-
glessuperim posed on thecorresponding rail.
An interaction diagram ’slayoutem phasizesthe

program ’sthread ofexecution.Beforeinteraction
diagram sitw ascom m ontodepictthisinform ation
asdirectedgraphs,w ithnodesrepresentingobjects
and arcs representing m essage sends. The prob-
lem w asscalability.Itw asdifficultto depictm ore
than a few m essage sends betw een objectsw ith-
outclutter. By representing tim e explicitly— that
is,by m apping itto the verticalaxis— interaction
diagram s can depictm any m ore m essage sends
unam biguously.
W hile interaction diagram s are betterthan di-

rected graphsatdepicting nontrivialinteractions,
even thesediagram sdo notscaleto com pletepro-
gram executions. Space is consum ed quickly as
execution tim eand thenum berofobjectsincrease.
There are am biguitiesasw ell. The orderofrails
along the horizontalaxisisundefined;often itis
chosentom inim izelinelength,crossovers,orboth.
N orisiteasy to discern thelifetim esofrecursive
calls,sincetheyaresubsum edbyasinglerectangle.
Forexam ple,it’sunclearinFigure1(a)w hetherthe

m essagefrom A toD issentw ithin the recursive
callto A. O ne can m ake recursion m ore explicit
by superim posing rectangles,butthatapproach
quickly getsunw ieldy astherecursion deepens.
The execution pattern view addresses these

shortcom ings by unfolding the graph into tree
structuresliketheoneshow n in Figure 1(b).This
layoutem phasizestheprogression oftime,notthe
thread ofcontrol.You read thegraph leftto right
and top tobottom ,justasyou w ould printed Eng-
lish. Laterm essagesappearfurther to the right
on thesam eline orfurtherdow n the screen than
earlierones.
In addition to thesetopologicalim provem ents,

w eusecolortoindicatetheclassofobject.Figure2
show stheexecution patternview atanearly point
in aprogram ’sexecution.Thelegend in thelow er
leftindicates thatobjects ofclass AA are orange,
objectsofclassMM are yellow,and objectsofclass
QQ areblue.To theleftofan objectisthesenderof
them essageitreceived;to itsright,them essages
itsends.Each objectin theview isidentified w ith
a num ericalidentifier(“ID”)in the upperleftof
its colored box. M essages are show n as labeled
arrow headed lines,thelabelidentifying thenam e
ofthe m essage. In the figure,the m essage fA is
sentto an objectofclass AA (ID=2). The object
respondstothism essagebysendingam essagefM
totheMM object(ID=3)and thensendingam essage
fQ to theQQ object(ID=4).
A tree representation sim plifies things consid-

erably. Itsunidirectionality in both axesm akesit
easierto read than an interaction diagram (w here
m essages m ay bounce across m any rails in ei-
ther direction). Itscales better,too. H orizontal
space is m apped not to objects but to the call
sequence, w hich is uniquely defined and m ore
tightly bound— several objects m ay occupy the
sam e colum n. Verticalspace is used m ore effi-
ciently asw ell(com pareFigures1(a)and 1(b)).

3 M anipulation and N avigation

Theexecutionpatternview hasinteractivecapabil-
itiesthatcapitalizeon the treestructure’sproper-
ties.Supposew ew anttounderstandhow atypical
Bus-Observer objectin a program handles the
updatem essage.Theusercaninitiateasearchfor
execution patternson variouscriteria,such asthe
involvem entofa particularclass,object,orm es-
sage nam e. In thiscase,the program m erw ould
specify theclassBus-Observer and possiblythe
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Figure1:Sim pleinteraction diagram (a)and itscorresponding execution pattern (b)

Figure2:Sim pleexecution pattern

update m essage. Then he can brow se through
view s,like Figure 3,depicting the w aysdifferent
Bus-Observer objectshandled theupdate m es-
sage.
In this exam ple, an initial m essage update

is sent to the black Bus-Observer object
(ID=762). Itrespondsby sending a m essageno-
tify pending to the purple EClassModel ob-
ject(ID=761). N ext,the Bus-Observer objects
sendsa Phrase m essageto theorange Annobus
object(ID=758).Finally,itsendsanotherm essage
to thepurpleEClassModel object(ID=761).

3.1 CollapsingandExpandingSubtrees

N ow suppose the program m erw ants to explore
theresponseofthisupdate m essageto theBus-
Observer object(ID=762)in m oredetailthanFig-

ure3provides.Youcanseethatthedepictionofthe
Annobus object(ID=758)and thelow er(i.e.,later)
depiction of the EClassModel object (ID=761)
have a beveled border,m aking them look raised
as opposed to flat. A raised rectangle indicates
thattheobjectreacted to thestim ulusby sending
oneorm orem essages.
Clickingonaraisedobjectrevealsthem essage(s)

thatthisobjectsentalong w ith the object(s)that
received them essage(s).Afterclicking on subse-
quentraised objects,w egetaview liketheonein
Figure4.(N otetheself-invocationoftheEClass-
Model object.)Allobjectsappearflatnow,m ean-
ing thatno hidden m essagesrem ain. Ifw e don’t
w anttoseeapartoftheexecution,w ecan collapse
partoftheview byclickingonaflatobject,thereby
hiding itsresponses. The objectw illnow appear
beveled asbefore.
Thissim pletechniqueofexpandingand collaps-

ing isa helpfulnavigation tool.The program m er
can selectively drilldow n to any levelofdetail
w ithoutbeing flooded w ith inform ation. M ore-
over,them etaphorisrem iniscentofhow encapsu-
lation w orksin object-oriented program s:details
ofhow an objectperform sagiven taskarehidden
unlesssoughtexplicitly.

3.2 Changing Context

A program m erislikelytoasktw oquestionsatthis
point: “W ho sentthe initialm essage update to
Bus-Observer 762?” and “W hatw asthecontext
ofthatm essage?” The system can take us up a
levelto view thesenderofthisupdate m essage.



Figure3:M essageupdate sentto Bus-Observer object,and itsresponse

Figure4:M essageupdate sentto Bus-Observer objectand itsfully expanded response



Figure5:Revealingthesenderoftheupdatem es-
sage:an Annobus object

The resultis the view in Figure 5,w hich reveals
thatAnnobus object758senttheupdate m essage
to Bus-Observer 762. Annobus 758 also sent
m essagesto severalotherobjectsin responseto a
notify m essageitreceived.

3.3 Filtered Expansion

W hatiftheuserw antstoseeeverym essageaBus-
Observer receives,filteringoutasm anyotherin-
teractionsaspossible? That’sdone by expanding
only those nodes in the tree thatlead to a Bus-
Observer object,collapsing allsubtreesnotcon-
taining Bus-Observer. W e callthisfiltered ex-
pansion.
Filtered expansion can beusefulforidentifying

patterns thatentailobjectinstantiation. O bject-
oriented program sdo nothing ifthey don’tcreate

objects,and understandinghow theycreatethem is
oftenm oreim portantthan know ingwhen theydo.
To track dow n such patterns,w e can filteroutall
m essagesthatdo notultim ately lead to acreating
(and destroying)m essage.

3.4 Repetition

Figure5show sconsiderablerepetition in theexe-
cution pattern:a seriesoffourpatterns(initiated
by more,cur,update,and next)isrepeated six
tim es. Indeed,ifw e w ere to expand the black
and green colored objects,w ew ould find thatthe
collapsed portionsexhibitthe sam e pattern,too.
W hilethisexam plehasa repetition factorofonly
six,often repetition factorsarem uch higher.Visu-
alizationsofsuch repetitive sequencesrarely pull
theirw eight:they takea lotofscreen spacew ith-
outadding m uch inform ation.
Thesystem can autom atically detectrepetitions

in patterns;the resultisshow n in Figure 6. The
sequencethatw asrepeated sixtim esnow appears
raised,indicating therepetition factorin itslow er
left corner. This com pact representation corre-
spondstoaloop in thesourcecode.
Further,justas loops can be nested in source

code,the system detects and represents loops at
anylevelofnesting.Ifw enavigateup afew tim es,
w egeta view thatlookslikeFigure 7.Theinner-
m ostfram e indicates six repetitions,the m iddle
fram e tw o,and the outerm ostfram e 31. O bvi-
ously,thispattern w ould take a lotm ore space if
therepetitionsw ereexpanded.O bjectsw ithin the
raised fram e m ay be expanded and collapsed as
before:notehow som eobjectsin Figure 7 areflat
(expanded)and som eareraised (collapsed).
Thisexam pleshow sa repetition ofan iteration

sequence. Anotherim portantkind ofrepetition
isa recursion sequence. W hile iterative patterns
repeatin the verticaldirection,recursion show s
up as repetition in the horizontaldirection. W e
can apply thesam etechniquesto m akerecursion
m orecom pact.

3.5 Zoom ing and Panning

The system supports zoom ing and panning,
tw o traditional perspective-changing m echa-
nism s.Figure 8 show sa zoom ed-outview ofthe
highestleveloftheprogram .Although w eareus-
ing the sam e pattern view,zoom ing servesother
purposesthanthosew e’vediscussed.Atthism ag-



Figure6:Raised fram eindicatesrepetition (6X)ofthesequenceinside

Figure7:Threenested repetitions



nification levelit’sim possibleto discern individ-
ualm essagesorobjects. (In fact,the view om its
textand otherm inutiae w hen they are too sm all
to read.) W hatw e gethere is a generalidea of
the differentphases in the program . The dom i-
nantcolorsindicate the classesthatare prevalent
in each phase.N otealsothatthew idth ofthepat-
tern reflectsthe stack depth ata particularphase
oftheprogram .

3.6 Flattening and U nderlaying

Som etim eseven thestack depth getsoverw helm -
ing.In thatcaseyou m ighthaveto ignorecertain
objects,classes,m essages,orcom binationsthereof.
You m ightdecide to ignorelibrary classes,forex-
am ple,or private m ethods. Filtered expansion
(Section 3.3)doesn’thelp you here. A collapsed
nodeencapsulatestheentireresponsetoam essage
send.O ncecollapsed,noneofthedetailsarevisi-
ble.
Theexecution patternview letsanodeencapsu-

lateaspecificoutgoingm essagebycollapsingonly
thereceiverofthem essage.W ecallthisflattening
thereceiver. Both them essageand thereceiver’s
identity are hidden;how ever,the factthata re-
ceiverexistsand itstypearestilldiscernible.
Figure9illustratesdifferentflatteningcom bina-

tions.Ineachcaseonlyanindicationofthereceiver
rem ainsafterflattening— justenough to revealits
existence and color(class)butnotitslabel(iden-
tity)orthearrow headed line(m essage).
Another elision m echanism rem oves a node

from the graph even as ithighlights the node’s
encapsulation ofitschildren. Figure 10 show sa
nodeunderlayingthesubtreeitencapsulates.The
m essagessentby the underlaying node are hid-
den,thereby reducing visualclutter and saving
horizontalspace.
Collapsing,flattening,and underlayingdifferin

theirelision properties. Collapsing achieves the
greatestelision and hence the greatestspace sav-
ings,butitleaves no clues aboutthe patterns it
elides. Flattening retainstype inform ation in ex-
change for only slightly m ore realestate,butit
hidesobjectidentity. The space savingsare least
w ith underlaying,butitsim plifiesthe view w ith
m inim alinform ationloss:onlyafew m essagesare
hidden.
The execution pattern view lets you m ix and

m atch thesetechniquesto exploittheirstrengths.
Forexam ple,a nodeunderlaying a flattened sub-

Figure8:Zoom ed-outview oftheentireexecution
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treecan becollapsed.In addition,ausercan spec-
ify elisions for the system to use on a per-class
basis. (By default,the system autom atically flat-
tensassociative classes(Section 4.3.7),and itun-
derlaysm etaclassesin Sm alltalk and standard li-
brary classesin C++.)Userscan distinguish these
classesataglance,m aking thediagram seasierto
assim ilateand interpret.

3.7 ChartsasSubtrees

Collapsing and expanding subtrees lets the user
navigate the program execution step by step.
Clicking on raised rectangles one afterthe other
lets the user explore the execution in increasing
detail. Butw ithouta clear destination,the user
is unlikely to uncover specific behavior through
navigation alone.
Searching and filtering areinvaluablein thatre-

spect,butw ealsoprovidevisualguidancethrough
severalalternative renderings (orcharts)forcol-
lapsed subtrees. Forexam ple,a subtree m ay ap-
pearasaclasslegend(Figure11)show ingthekinds
ofobjectsin thatsubtree.W hen thisisinsufficient,
theusercan chooseam oredetailed chartshow ing
aclasscom m unicationgraph(Figure12).N otonly
can he tellthata particularclassofobjectspartic-
ipate in a given subtree,buthe also can see the
classesw ith w hich they interactin theim m ediate
context.
O therchartm etaphorsarepossible,ofcourse.A

m etershow ing accum ulative CPU tim e,an inter-
orintra-class callm atrix [9],and a histogram of
instances[9]areshow nschem aticallyin Figure13.

Theserevealsubtreeinform ationw ithvaryingem -
phasesand levelsofdetail. The pattern view ac-
com m odateschartsofany sizew ithoutsignificant
rearrangem ent: conventionalsubtrees need only
bedisplaced dow nw ards.

4 G eneralization

So farw e have described som e ofthe interactive
featuresoftheview thatlettheuserexpand,elide,
andextractexecutioninform ation.Theseareallvi-
sualm anipulation techniques;the view supports
nonvisualtechniques as w ell. The view can be
searched in severalw ays,and itcan detect,gener-
alize,andsaverecurring executionpatterns.These
capabilities w ork synergistically w ith the visual
m anipulation and navigation techniques,giving
the user pow erfultools for understanding pro-
gram execution.

4.1 W hy botherdetecting recurrences?

W e’vealready seen onekind ofrecurrence in Sec-
tion 3.4,nam ely iteration. Execution patterns of
iterativebehaviorrarelyjustifythespacetheycon-
sum e.Com biningthem producessm aller,easierto
understand view s— justcom pareFigures5 and 6.
In m ostcases,Figure5provideslittleinform ation
ofconsequence overFigure 6,yetFigure 6iscon-
siderably easier to assim ilate. N otonly does it
reduce clutter;itm akestheiteration expliciteven
asithighlightstherecurring com putation.
The execution patterns that result from itera-

tion and recursion aren’tm erely sim ilar;they are
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grouped together. Iterative execution patterns
stackvertically,w hilerecursiveexecution patterns
chain horizontally.Butrecurrence isn’tlim ited to
iterationand recursion.W idelyseparatedpatterns
m ay be sim ilaroridenticalasw ell(due to para-
m eterized types,forexam ple). The m ore w idely
separated theyare,them orelikelyauseristom iss
therecurrence.
Autom aticpattern detection isparticularly im -

portanthere.Thesystem can attractourattention
tofar-flungyetsim ilarpatterns.Lookingcloselyat
thezoom ed-outview ofFigure8,forexam ple,you
m ightnoticerecurring splotchesofcoloratdistant
intervals. A bird’s-eye view m akes itpossibleto
seethese distantrecurrences,butitdoesn’tm ake
doing soeasy oraccurate.
W henyouseeaninterestingpattern,you’llprob-

ably w anttofind sim ilaroccurrences.Conversely,
ifyou’ve seen a pattern and neverw antto see it
again (because you’re already fam iliarw ith it,or
itdoesnotconcern you),then you’d w antto hide
its recurrences. The techniques w e’ve described
forfiltered expansion (Section 3.3)filterperclass
orperm ethod.Filtering perpattern requiresauto-
m aticrecognition ofpattern recurrences.

4.2 W hy generalize?

M erelyspottingrecurrencesisoflim iteduseunless
patternsare also generalized— thatis,unlessw e
can identify inexactrecurrences am ong patterns.
Searching forrecurrences w ithoutgeneralization
islikesearching textw ithoutregularexpressions:
everym atchm ustbeexact.W efound thatourfirst
prototype,w hich did notgeneralize,didn’talw ays
com binepatternsasw ethoughtitshould,because
itdidn’trecognize a repetition ofsim ilarbutnot
identicalpatterns. O ften the differences am ong
such patternsareim m aterial;theyarethesam efor
theprogram m er’sintentsand purposes.
In fact, relatively few execution patterns in

a typicalprogram w illbe absolutely identical—
involving the sam e objects,m essages,and m es-
sageorder.H encestrictm atchingistoorestrictive.
Consideragain the pattern show n in Figure 5,in
w hichthesequencemore,cur,update,andnext
appearsto recursix tim es.These recurrences are
notreally identical,how ever,because each repe-
tition involvesa differentreceiverofthe update
m essage. W ithoutgeneralization,these patterns
w ould notbe identified as recurrent (as in Fig-
ure6).

Butgeneralizationprom isesm orethanjustabet-
terjob ofrecognizing loops.M easuring theaver-
ageperform anceofjustoneexecution pattern,for
exam ple,isprobablym eaninglessforoptim ization
purposes. N otm uch tim eorspace w illbe saved
by optim izing onepattern.Buttheopportunities
forim proving perform ance expand considerably
them orepatternsrecur.Generalization can iden-
tify potentially num erousrecurrencesthatw ould
otherw isebem issed.

4.3 W hen arepatternsthesam e?

To m ake generalization effective,w e studied the
situations in w hich tw o or m ore patterns m ight
bedeem ed equivalent.Thatled toalgorithm sthat
could betunedfordifferentpatternm atchingcrite-
ria.Asaresult,theusercan m odulategeneraliza-
tionofpatternsintohigher-orderpatterns,thereby
controlling the am ountofinform ation displayed.
Seem ingly com plicated interactions often reduce
to a handfulofhigher-order patterns,saving the
user the trouble ofexam ining m ultiple,trivially
differentiated interactions.
Thefollow ing arethegeneralization criteriaw e

found to m atterm ostto program m ers: identity,
class identity,m essage structure,depth-lim iting,
repetition,polym orphism ,associativity,and com -
m utativity.A usercan chooseoneorm orecriteria
w ith w hich tocom binepatternsautom atically.

4.3.1 Identity

Thesim plestdefinition ofsim ilarityconsiderstw o
execution patternsidenticaliftheirtopologiesare
identicaland ifthere isa perfectm atch forevery
objectand every m essage in both patterns. This
iseasy to check,butit’stoo strictin general— few
patternsm atch underthisdefinition.M atching on
identityism ostusefulforfinding exactm atches—
that is, w hen the program m er know s precisely
w hatto look for.

4.3.2 ClassIdentity

O ften,thesam epattern ofm essagesaffectsdiffer-
entsetsofobjects.Ifthesam em essagegetssentto
the sam e classofobject,the program m erw illin-
terpretthesendsasidenticalbehavior. Therefore
it’s usefulto consider m essagessentto different
objectsaspartofthesam epattern iftherestofthe
pattern is the sam e and the receiving objects are
ofthesam eclass.W eem phasizethesim ilarity of



such patternsvisually by associating colors w ith
class types. Tw o patterns m atch w ith respectto
class identity ifthey have the sam e graph struc-
tureand identicalcoloring.

Considerthe execution pattern associated w ith
instantiating an objectin Sm alltalk [11] by exe-
cuting Rectangular new.Thepattern involves
the class objectRectangular (ofthe m etaclass
Class)and anew lyallocated objectofclassRec-
tangular. Distinctinstantiationsdo notfollow
identicalpatternsbecauseeach involvesa particu-
larinstanceofRectangular.Buttotheprogram -
m er,these instantiationsare alm ostalw aysiden-
ticalconceptually.Thusit’susefulto characterize
allofthem w ith am oregeneralpattern,w hich w e
m ightcallthe“Rectangularinstantiation”pattern.

M ore precisely, if tw o patterns have isom or-
phicinvocationgraphs(w ithm essageslabelingthe
edgesand typeslabeling thenodes),then theycan
beconsidered instancesofthesam epattern.M ost
program m ersw illconsidersuch patternssim ilar
andw illprefertoseethegeneralizedpattern.N ev-
ertheless,w hen w epresenta generalized pattern,
w e stillallow the userto query the actualobject
identity by brow sing through differentinstances
ofthepattern in thetrace.

This technique is applied,for exam ple,in de-
picting repetitions.Ifyou look atFigure 6closely
you w illnotice thatthe green and black objects
nolongershow anobjectidentifier.That’sbecause
theyrepresentm ultipleinstances,asshow nin Fig-
ure5.

4.3.3 M essageStructure

In a w eakly typed language like Sm alltalk,the
typeofthem essagereceiverisnotalw aysknow n
a priori. W hiletheRectangularinstantiation pat-
ternm atchesinstantiationofdifferentRectangu-
lar objects,instantiation ofa Rectangular and
aCircle w ould notbeconsidered thesam e,even
though bothinvokethesam em ethod new defined
in the m etaclass Class. W e can generalize the
m atching by considering tw o patternsthesam eif
theirm essagestructure isidenticaland there isa
nontrivial1 colorsubstitution from one’scoloring
to theother.Thisresem blesthenotion ofalterna-
tionsin regularexpressions.

1A n exam pleofa “trivial”colorsubstitution w ould be one
that m aps allcolors to black,w hich has the sam e effect as
ignoring coloraltogether.

4.3.4 D epth-Lim iting

Encapsulation isa key conceptin object-oriented
program m ing.Itletsaprogram m erthinkin term s
ofw hatan objectdoes(i.e.,itsinterface),nothow it
doesit(itsim plem entation).Encapsulation w orks
atm ultiplelevels,especially in large,layered sys-
tem s.O bjectsin onelayercom m unicatew ith ob-
jectsin the layerbelow them exclusively through
theirinterfaces.
Suchlayeringprovidesanothercriterionforcon-

trolling m atches. Ifa program is designed w ith
good layering and encapsulation,patternsinvolv-
ing low er-levelobjectsshould be independentof
thoseinvolving higher-levelobjects.Thusw ecan
applydifferentm atchingcriteriatopatternsonthe
basis ofm essage depth. A sim ple approach ig-
noresm atchestopatternsbeyond agiven depth in
thetree.
Continuing ourSm alltalk exam ple,the Rectan-

gularinstantiation pattern beginsw ith a m essage
new received by the class objectRectangular.
Thisinvokesthem ethodnew defined inClass.In
response,Rectangularsendsitselfnew: toallo-
cateanew object,and thenitforw ardsthem essage
new to thenew object.Thatin turn invokesRec-
tangular>>new. O bjectcreation m ay therefore
span a deep execution graph during itsinitializa-
tion. By lim iting the depth ofthe instantiation
pattern,w e can m atch instantiationscom prising
varied initialization patterns.

4.3.5 Repetition

Supposeoneinvocation ofaloop executesit1000
tim es,and a differentinvocation executesitonly
999 tim es. (Thisbehaviorm ightbe characteristic
ofa search algorithm thatlooksfora w ord som e-
w here in a long string,forexam ple.) M ostpro-
gram m ersw ould considertheoverallbehaviorof
thetw o invocationsto bepretty sim ilar.Theloop
w ould appear as a repeated structure along the
verticaldim ension (characteristic ofiteration)in
theexecution pattern view.An exam pleofrepeti-
tioninthehorizontaldirection(recursion)could be
aninstantiationofobjectlists,w hereeachobjectin-
stantiatesitsneighbor.A listofsix objectsshould
reflectthe sam e instantiation pattern asw ould a
listofeightobjects.
The m atching algorithm can ignore the num -

ber ofrepetitions in a low er-levelpattern w hen
m atching ata higherlevel.H enceiftw o patterns
contain invocationsofthesearch algorithm on dif-



ferentw ords,they m ay beconsidered instancesof
am oregeneralpattern.Thisresem blesthenotion
ofrepetition in regularexpressions.

4.3.6 Polym orphism

Consideraprogram thatdraw saseriesofshapes,
such asrectanglesand circles. Thiscan show up
in an execution pattern asan iterationofpolym or-
phic draw m essages to different Shape objects.
Ratherthan show ing the classesofthese objects,
w e m atch allthese subclasses according to their
com m on baseclassShape.
Returning once m oreto theSm alltalk exam ple,

Circle new and Rectangular new generate
polym orphicinstantiationpatternsprovided both
aresubclassesofShape.O fcourse,m atching tw o
classesw hen theirbaseclassisthesam edoesnot
im ply thatw e w illm atch tw o different m ethod
nam es. This suggests a m ore generaldefinition
ofpolym orphicm atchingthatw illm atchm ethods
w ith overloaded nam esasw ell.

4.3.7 Associativity

W hatifthecolorsoftw o patternsm atch buttheir
structuresdon’t? Structuralequivalence can take
intoaccountpropertiessuch asassociativityofob-
jectsorm ethods.
Ifa m athem aticalfunction ' isassociative,then

nested invocationscan be flattened by effectively
rem oving theinnersetsofbraces:'(x; '(y; z)) =
'('(x; y); z) = '(x; y; z). M athem atica [23],for
exam ple,usesthisproperty to getfunctionsinto a
standard form beforem atching them topatterns.
N ested lists are a good illustration:

Flatten[ffC; fDgg; Eg]flattensoutthesublists
atalllevels,resulting in fC;D;Eg. In m atching
execution patterns,w e can treatan “associative”
classA in am anneranalogousto thebracesofthe
nested listabove.Considertheleftm ostpattern in
Figure14.Rem ovingtheinnercallsofA w ould al-
low ittom atchtherightm ostpatterninthatfigure,
w hereinthefirstcalltoA callsC,D,andE directly.
Thisw ould letyou ignoreallprivatem ethod calls
in classA,forexam ple,w hen A’sim plem entation
ofa publicservice isofno concern. Associativity
thushelpssuppresssuccessiveself-invocations.
W hen execution patternsare m atched w ith re-

spect to associativity of classes, m ethod labels
are ignored. Conversely, w e can choose to ig-
nore objecttype and/oridentity and m atch pat-
ternson associativity ofm ethodsexclusively.Ifa

m ethod isassociative,thenasequenceofrecursive
invocations— evenondifferentobjects— m atchesa
singlecall.
Recall(Section 3.6)thatthe execution pattern

view lettheuserchoose how a classisdisplayed
based on itsattributes. A naturalrendering (and
thesystem ’sdefault)forexpressingassociativityis
flattening,asshow n in Figure14.N otehow C,D,
and E are aligned vertically asa resultofflatten-
ing A.The depth ofthetreeno longerrepresents
physicalstack depth butrathera logicalone— one
thatignores self-invocations. This exam ple also
dem onstrateshow w ecarefully m atch theelision
technique— flattening in this case— to the need,
nam ely association.
Figure14also revealsadifficulty.H ad C andD

(orD andE,orboth)beenthesam eclass,flattening
A w ould m akethem m atch based on repetition.

4.3.8 Com m utativity

Com m utativitym eansthatapattern w herein A is
called firstand then B m atchesa pattern w herein
B iscalled firstand then A. To avoid com paring
every com bination ofcallsw henevera com m uta-
tive m atch is desired,objects acquire theircom -
m utative characteristics from their context: tw o
subtreesm atch on com m utativity ifthey involve
instances ofthe sam e setofclasses. This lim its
thepossiblem atchingstocom pletesubtrees.Thus
ifourvisualization displayssubtreesasorderless
listsofclassesasdepicted in Figure 11,then tw o
subtreesthatm atch based on com m utativity w ill
berendered identically.

5 Im plem entingG eneralization

A tracing tool collects “m ethod enter” and
“m ethod leave” events from the targetprogram
asitruns.Theresulting tracem aydrivevisualiza-
tionsin eitherreal-tim eorpost-m ortem .
From the inform ation in the trace, the view

buildsatreestructurerepresentingthesequenceof
m essagesand theobjectsthatreceivethem .Every
nodein thetreestructurem ayrepresentan execu-
tion pattern.To recognize,classify,and generalize
execution patterns,theview assignsa hash value
to every node in the tree structure. A setoftree
nodes reflecting a generalized pattern w illhave
identicalhash values.
A recursivehashfunctioncom putesahashvalue

foreach subtreein asinglepassoverthestructure.
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Figure14:Using flattening tovisualizeassociation

Thehashvalueofagivensubtreeisafunctionofits
children’shash valuesand one orm ore valuesin
thesubtree’sroot.W hich valuesareused depends
on them atching criterion.Ifw ew antto m atch on
m ethod nam es,thevaluesincludethem ethod and
classnam es.Ifw ew antto m atch on classnam es
only,then them ethod nam eisom itted.

Sim ilarly,ifw e w antto m atch on a particular
object,then thatobject’sID m ustbe included. If
w e’reinterested in know ing notthetotalnum ber
ofm ethodcallsbutjustthem ethodsthatgotcalled,
w ecan ignorenodesrepresenting redundantcalls
during recursion.Ifw edon’tcareabouttheorder
ofcalls,w ecan sortthenodesfirst.

Using a Universal2 class ofhash functions [6]
ensuresthatcom putingthehashvaluerecursively
w illproduce a good distribution. The chance of
tw o differentpatterns producing the sam e hash
valueisnom orethanthedepth ofthetreedivided
by the m axim um hash value. M osthash values
used in this com putation are too large to use as
an index into a table— typically around 232. So
each hash value ism asked dow n to a reasonable
num berofbitsforan index.

The m asked hash value is registered in a pat-
tern dictionary,w hich contains allthe hash val-
ues. Each entry in this dictionary corresponds
to a (perhapstrivially)generalized execution pat-
tern. W hen the system encounters a hash value
that’salreadyregistered,itincrem entsoneorm ore
fieldsassociated w ith thedictionary entry forthat
value— forexam ple,a frequency field recording
the totalnum ber of incidences of this pattern.
O thercum ulative inform ation such asCPU tim e
m aybestored tohelp furthercharacterizeand dif-
ferentiatetheprogram ’sexecution patterns.

For good perform ance, our prototype checks
only that hash values are identical to establish
equivalence. This can create false positives,but
thedistribution isgood enough to m akethisrare,
and perform ance is considerably im proved over
m oredetailed com parisons.

Som etim es it is im practical to show m ethod
nam es in graphs due to a lack ofspace,an un-
w orkably large num berofm ethods,orboth. W e
use tw o tricks to m itigate this problem : zoom -
ing and “flyover.” It’spossibleto zoom the view
w ithoutscalingthefonts,providingm oreroom for
m ethod nam esathigherm agnifications.W e also
identifythem ethod(and/orobject)directlyunder
them ousecursorin separatestatuspanels.W hen
spaceisataprem ium ,w eom itm ethodnam esand
otherlabeling and letthe userexam ine m ethods
selectively by “flying over”them w ith them ouse.

6 Related W ork

Ourw ork is a confluence oftw o research areas:
patternm atchingand program visualization.Both
have long histories,butthey have been indepen-
dentuntilrecently.

Treeand stringm atchingisoneofthem ostthor-
oughly docum ented areasofresearch in com puter
science [13,21,5,19,7,4,1]. The algorithm sare
m any,they are w ell-understood,and they have
been applied w idely— in interpretersfornonpro-
cedural languages; optim izing com pilers; alge-
braiccom putation;sorting,searching,and differ-
encing facilities ofalltypes;and autom atic the-
orem proving. W e have tailored a few ofthese
algorithm s to the needs ofourdom ain. Pattern
extraction hasin factbeenapplied toprogram sbe-
fore,butalm ostexclusively asastaticanalysis(as
in SCRUPLE [20],forexam ple).

W e can classify m ost object-oriented visual-
ization system s into tw o categories: macroscopic
and microscopic. M acroscopicsystem scollectand
presentcum ulative execution inform ation,w hile
m icroscopicsystem shelp you understand the se-
quence ofm essage sends betw een objects. O ur
earlier visualization w ork is characteristic ofthe
m acroscopic type [9,10];the m icroscopic variety
ism orecom m on [17,12,8,2].



Thisdichotom yreflectshow hard itistopresent
execution inform ation effectively. M acroscopic
system scondenseexecutioninform ationtom akeit
m ore m anageable,m uch like traditionalprofiling
toolsdo— and they discard m uch inform ation in
theprocess.O uroriginalvisualization system of-
fered severalview sofm essagesendsperclass,the
overallactivity ofobjects,and resource(CPU and
m em ory)consum ption. These cum ulative view s
could benavigatedtouncoverm oredetail— forex-
am ple,totalm essagetrafficatthem ethod (rather
than class)level. Still,this didn’tprovide m uch
insightinto how theprogram accom plishesapar-
ticulartask,such asinitializationorscreen update.
W e w ere discarding execution inform ation atthe
objectlevelin thenam eofscalability.

M icroscopicsystem sshow thesequenceofm es-
sages betw een objects,potentially yielding deep
insightsaboutsm allsectionsoftheprogram .But
m icroscopic system s have the opposite problem
from theirm acroscopiccounterparts:toom uchde-
taillim itsscalability. Show ing individualobjects
sending m essagesto each other(typically using a
nodes-and-arcsm otif)quickly getsunw orkableas
thenum berofobjectsincreases.N otonly isthere
a m ultitude ofindistinctobjects,buttheir com -
m unication isequally obscure.Them essagesand
m essaging pathsare lostin a jum ble oflinesand
bubbles.Any benefitsofvisualization arequickly
lost.

O nly recently have people tried to narrow
the gulf betw een these extrem es. Program Ex-
plorer[18]is a representative exam ple;itim ple-
m entsJacobson’sinteraction diagram snearly ver-
batim to visualize objectinteraction. The system
em ploysseveralfiltering techniquesto help m an-
agelarge num bersofobjects.Butsince every ob-
jectin the visualization occupies a colum n from
thetop to thebottom oftheview,scaling rem ains
aproblem .M oreover,theinteraction diagram be-
com esunw ieldy w hen objectscom m unicatew ith
othersthatw erecreated m uch later,again because
railsappearin theorderofobjectcreation.H ence
w hen thereiscom m unicationbetw eenobjectscre-
ated atdistantintervals,thescreen fillsw ith long
horizontallinesspanningpotentiallym anyscreen-
fuls.Thisproblem isnoteasily solved.Rearrang-
ing the verticallinesthatdenote objectsishighly
disruptive;grouping the objectsreintroduces the
shortcom ingsofm acroscopicsystem s.

O urexecution pattern view offersm any ofthe
advantages ofboth m icro- and m acroscopic ap-

proaches.Itcan providecum ulativeorglobalexe-
cution inform ation by collecting and generalizing
patterns throughoutthe execution trace. Italso
lets the userinspectthe program atany levelof
detailw ith itsnavigation (elision and expansion)
features.Itisnotperfect— accuratepattern gener-
alization being the m ostchallenging aspect— but
itdoes offer som e new choices on the m icro-to-
m acroscopicvisualization spectrum .

7 Conclusion

Executionpatternsenhanceobject-orientedvisual-
ization technology in threew ays.First,they offer
an intuitiveand scalablem etaphorforobjectcom -
m unication. O urexecution pattern view ’sstruc-
ture isbased on a naturalnotation,one thatcap-
turesobjectinteraction clearly and lendsitselfto
interactivem anipulation.O necan easily navigate
theexecutiontracetosurveytheinteractionsofob-
jects,classes,and m ethods.The pattern view dif-
fersfrom previousview sin thatitscalessm oothly
to m akeeven lengthy interactionsofobjectsintel-
ligible. Elision and expansion m echanism sm ake
the journey from the m acroscopic to the m icro-
scopiceasyforusers.
The second enhancem entcom es from general-

izing sim ilar execution patterns. Generalization
letsusabstractaw ayredundantbehaviorautom at-
ically,even w hen the redundancy isim precise or
non-periodic.
Third,execution patternsgiveusa foothold for

characterizing system com plexity. W hile the de-
finitive com plexity m etric for execution patterns
isfarfrom obvious,w e have found even sim ple-
m inded m etrics(e.g,.pattern redundancy)useful
forpinpointing notjustany program hotspotsbut
thosethatarem ostlikelytohaveasim plerem edy.
W e have im plem ented the execution pattern

view and integrated itinto Ovation [9,10],ourre-
search prototype forobject-oriented program vi-
sualization. The view s in thispaperw ere taken
from traces of O vation itself. The system can
visualize any C++ orJava program using traces
generated from the VisualAge developm enten-
vironm ent[14]. O vation also supportsvisualiza-
tion ofSm alltalkprogram s.To generateSm alltalk
traces, w e added instrum entation to the Little
Sm alltalk [3]and VisualAge Sm alltalk [15]envi-
ronm ents.
W e have experim ented w ith traces from m id-

size program s such as O vation itself and truly



largesystem ssuch asTaligent.W efound thatthe
view and m echanism sdescribed here w ere help-
fulin uncovering unexpected behavior,in under-
standing unfam iliarcode,and in im proving per-
form ance.
Currently w e are m aking the pattern m atch-

ing facility m ore flexible.W e areaugm enting the
m atching criteriaw ith apattern equivalentofreg-
ularexpressionsto provide a sem iform alw ay to
expresssim ilarity. W e are also exploring the po-
tentialofvisualgram m ars,especiallytheirsynergy
w iththecurrentvisualizations.Finally,w eplan to
reportqualitative resultsofexecution pattern vi-
sualizationasw elearn through userfeedback and
controlled experim ents.
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