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ABSTRACT

Namesofsourcecodeelementsprovideusefulcontextualinformationaboutthecodeand

developmenttasks. Priorstudiesleveragethesimilaritybetweenthenamesofarguments

andmethodparameterstodetectbugsthatarecausedbyaccidentallyswappingarguments

whilecalling methods. Thisrequiresestablishingthe mappingbetween methodcallsand

theirdeinitions. However,itisachallengingtasktoestablishthe mappingbecauseofthe

complexityinvolvedwiththeprocess(e.g., missingexternallibraries). Thisthesisaimsto

understandtheperformanceofname-basedargument-relatedbugdetectiontechniquesin

Python,apopulargeneral-purpose,staticallytypedprogramminglanguage.

Towardsthisdirection,thisthesisconductsastudythatirstinvestigatesthesimilarity

betweenargumentsandtheir methodparametersinPythoncode. Theabovestepfol-

lowsbyestablishingthe mappingof methodcallstotheirdeinitionsandevaluatingthe

performanceofexistingname-basedtechniquestodetectswappingargument-relatedbugs

inPython. Finally,atechniquehasbeendevelopedthatusesargumentusagepatterns

andexpressiontypesinsourcecodewithname-basedsimilarity matchingtoimprovethe

performanceofdetectingargument-relatedbugs. Evaluationoftheproposedtechnique

withalargecollectionofopen-sourcePythonprojectsshowsthatthetechniquecandetect

argument-relatedbugswithhighaccuracyevenwhenthe methoddeinitionsare missing.

Onepotentialsolutiontopreventargument-relatedbugsfromoccurringistousecodecom-

pletion. Anargumentrecommendationsystemsuggests methodargumentsasadeveloper

typesthecode. Thus,thesecondpartofthethesisfocusesoncompletingargumentsof

methodcalls.Inparticular,thisthesisinvestigatestheeicacyoflargelanguage modelsin

recommendingargumentsforAPI(ApplicationProgrammingInterface) methodcalls.
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Chapter1

Introduction

Thischapterprovidesabriefintroductiontothethesisandexplainsthesigniicanceof

thework. Section1.1describesthe motivationforthisthesis. Theproblemstatementof

thisthesisisdelineatedinSection1.2.Section1.3explainsthecontributionsofthethesis.

Finally,Section1.4providesanoutlineoftheremainingchapters.

1.1 Motivation

Name-basedsourcecodeanalysisliesinhowefectivelythesemantic meaningofidentiier

names,suchasvariables,functions,classes,etc.,canbeusedfordiferentsoftwareengi-

neeringtasks,suchasthesemanticrepresentationofsourcecode,bugdetection,andtype

prediction.Identiiernamesprovideusefulinformationaboutthepatternofasourcecode.

Theseidentiiernamesaredeclaredbythedevelopers, whichprojectstheunderstanding

andincreasesthereadabilityofsourcecode[1]. Asanexample,consideracodefrag-

mentcontainingthefollowingivediferenttokens:“sum”,“x”,“y”,“return”and“count”.

Therefore,theappearanceofthesenamesinacodefragmentastokenswilldeinethefact

thatthesourcecodemayreturnavaluethatcansummatetwovariables.Thenamesofiden-

Figure1.1:EquallyTypedParameters

tiiersarestaticproperties. Therefore,popularstatictoolsarewidelyusedbasedonsource

codecontext. Thisname-basedapproachcandetectbugsindynamicallytypedlanguages
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likeJavaScript[2].Fortheequallytypedvariables,thisname-basedanalysisprovidesextra

informationaboutthevariables.Asanexample,inFigure1.1,themethodcall“myFunc-

tion”hastwoparameters,“height”,“width”andbothofthemhavethesametype. Asa

result,itishardtodetectanyargument-relatedbugsfromtheirtypeinformation.However,

thename-basedanalysiscanprovideextrainformationabouttheparameters. Therefore,

thename-basedapproachcanbeusedfordynamicallytypedlanguageslikePythonandR.

Figure1.2:SwappingArgumentRelatedBugs

ThisthesisfocusesonPython,themostpopularprogramminglanguage,whichisused

massivelytobuildnewsoftwaresystems[3].Pythonisadynamicprogramminglanguage

withimperative,logical,functional,andobject-orientedfeatures[4]. Name-basestring

similarityandneuralnetwork-basedembeddingsofidentiiersaremostlyusedtodetermine

thesimilaritybetweenthenamesofidentiiers,whichgeneratesagroupofwordsofthe

same meaning—convertingthewordtoasimilarvectorspacetopreservethe meaning

and mappingtotheidentiierswhichhaveanalmostsimilar meaning. Besides,name-

basedanalysisiscommonlyusedtoixfaultsbygatheringinformationfromthenaming

conventionoftheidentiiers.Itprovidesasubtleunderstandingofhowthenameofan

identiierprovidesanimportantaspectofcodestructurethathelpsaprogrammerdebug

thecode. Otherthanthat,aprogrammercanusethename-basedanalysistogenerate

lexicalsimilarity[5],whichwilladdcontext-basedinformationbasedontheusageofan

identiier. Withthenameofanidentiier,programmerscanadddiferentproperties,such

astypeinformation,thebehavioroftheidentiier,thelocationofthedeclaration,usageof

anidentiier,theoriginalmeaningoftheidentiier,andhowitisusedinthesourcecode

canbeusedinnamebasedanalysis.
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Passingthecorrectargumenttoa methodcallis mandatorytoexecuteaprogram

andgeneratetheexpectedoutput. Callinga method multipletimesiscommoninsource

codedevelopment. Thebugsrelatedtoa methodcallare mainlytwotypes-incorrect

namingofthe methodcallandincorrectpassingofargumentstothe method

call. Thenameofthe methodcallanddeclaration mustfollowthesamename while

callingthe method. Asthe methodcallisalwaysrelatedtoa methoddeinition,thereis

aslightchanceof missingor misspellingthenameofthe methodcallatthetimeofcall.

Ouranalysisof methodcall mappingshowedthatprogrammersarelesslikelyto misspell

thenameofa method. Thesecondconcernforacorrect APIcallisthebugrelatedto

the methodarguments. Theargument-relatedbugsare-passingwrongarguments,passing

argumentsinthewrongsequence,andpassing moreargumentsthanrequiredwhilecalling

amethod. Apriorstudyontheargument-relatedbugfocusedonincorrectlyswappingtwo

adjacentargumentsdrewourinterestinstudyingtheswappingargument-relatedbugsin

Python. Fordynamicallytypedprogramminglanguages,itisdiiculttodeterminethe

exactvariabletype,and whilepassingthevariableasanargument,programmers may

selectthevariablecorrectlybutinthewrongsequence.InFigure1.2,atline12wefound

a methodcall,“studentmark check”whichwillexpecttheirstargument,“df”whichis

apandasDataframeandthesecondargumentis“101”whichisaninteger. Theincorrect

sequenceis(101,df,“Alice”). TheIDE(Integrated DevelopmentEnvironment)didnot

showanyerrororwarningwhilewritingthecode. However,theIDEshowedthefollowing

error:“TypeError:“int”objectisnotsubscriptable”whileexecutingthecode. Therefore,

whilecallingamethod,thecompilersarenotgettingthetypeinformationforthevariables,

andiftheyareaccidentallyswapped,theycannotwarntheprogrammers. Theextracted

namecontextsaretreatedaspatterns. Theexistingname-basedanalysisonlyconsidered

theidentiiernamesandtheirlocalcontext(seesection-4.2). Therefore,thiscontextofa

particulartokensuferedfromtheinconsistencyofnameandvalueasthelocalcontextdoes

notcontainalltheinformationforatoken. Thisinconsistentdataleadstofalseprediction

ofadeeplearningmodel.Theswappingargument-relatedbugdetectiontechniquesusedthe

typeofargumentstodetecttheswappingargument-relatedbugs.Thoughthemodelworked

efectivelyforstaticallytypedlanguages,suchasC,C++,andJava,thereneededtobe

evidenceofperformancefordynamicallytypedlanguages,suchasPythonandJavaScript.

ThestudyofPradeletal.[2]usedthestatictypeinformationfromsourcecodetobuilda

bugdetectorforJavaScriptknownasDeepBugs,whichused30%typeinformationofthe

variablesfromexistingJavaScriptsourcecode. Meanwhile,inPython,theratioofstatic

typeislessthan10%foralargeproject(whichcontains10k methodcalls). Therefore,

theexistingswappingbugdetectionapproachwillnotbeefectivefordetectingargument-

swapping-relatedbugsforprojectswith morelibrary methodcallsanddeinitions. Again,

thedeinitionsofmethodcallscanbelocatedindiferentilesorexternallibraries.Existing
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approacheshaveyettotrytobringthe methoddeinitioninformationfromthird-party

libraries.InFigure1.3,the“join”methoddoesnothaveamethoddeinitioninthesame

ile. Therefore,tosolvethe methodcall mappingissues, weproposedanalgorithmthat

successfully mapped80%ofthe methodcallsfrombothlibraryandproject methodcalls.

Fortypedetectionofvariables,therewere40%callexpressionsofvalue. Thismappingwill

bringthe methodbody,andthevariabletypewillbedetectedfromthereturnstatement.

Therefore,bodyanalysisand method mappingsolvethedynamictypeallocation.

Figure1.3:Library Mappingof MethodCall

Wefoundafewstudiesonswappingargument-relatedbugsinPythonfromtheabove-

mentionedissues. Typedetectionforavariablefacescomplexityduetothe maximum

detectedvalueofvariablesbeing methodcalls,andasPythonisalibrary-basedprogram-

minglanguage,deinitionsof methodcallscanbefoundanywhereintheenvironment. A

mappingalgorithmcanresolvethose methodcallsandbringoutexacttypesfrom method

deinitions. Thisprovidesadditionalcontextinformationforvariablesandsupportsthe

modelfordetectingswappingargument-relatedbugsinPython. Whenastudyshowed

that70%ofthe methodcallswerefromexternallibrariesorbuilt-in methods,weworked

withusagecontext-basedanalysis. Wefoundthatthe methodargumentisdeclaredbefore

itisusedforthedynamicprogramminglanguage,regardlessofthechangeofavariable.
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Therefore,thepattern-basedstudyshowedthatifthesourcecode matchesothersource

codes,itmustfollowapattern. Therefore,wegotmotivatedtoextractthename-basedin-

formationandmergeitwiththelocalcontexttoprovideextendedinformation. Ourmodel

performed10% moreaccuratelythantheexisting model[2](seethe modeldescriptionfor

Pythonat-4.1). Again,thismodelfacedlargevocabularyissuesandtokenusageambiguity.

Similartotheembeddingtypeinformationwiththename-basedanalysis,weembeddedthe

expressiontypeinformation,whichperformedbetterthanall models.

Whiletheirststudyofthisthesisfocusesondetectingbugscausedbyincorrectly

ordered methodarguments,thesecondstudyfocusesonunderstandingtheeicacyofpre-

trainedmodelsinrecommendingmethodarguments. Mostpre-trainedmodelsaredesigned

tounderstandthecontextofsourcecodeandgeneratesourcecode. Thoughthose models

generatedcodesegmentsfromagivencontext,ourstudyveriieswhetherthesemodelscan

generateargumentscorrectlyornot.

1.2 Researchobjectivesandsigniicance

ThemostrelevantstudytothisthesiswasdonebyPradeletal.[2][6]forJavaScript. They

proposedatechnique,calledDeepBugs,thatusesamachinelearningmodelfordetectingin-

correctlyorderedargument-relatedbugsleveragingnamesinsourcecode.Insteadofrelying

onmanualcoding,itusesasemanticrepresentationtoacquirebugdetectorsautonomously.

Thebugdetectionprocessiscastasabinaryclassiicationproblem,whereaclassiieris

trainedtodiferentiatebetweencorrectandincorrectcode. Toaddressthediicultyofac-

quiringdiverseexamplesofcorrectandincorrectcodeforoptimallearning,incorrectcode

instancesaregeneratedbyapplyingbasictransformationstoanexistingcodecorpus. A

signiicantdiscoveryfromthisworkisthatbugdetectorstrainedonartiiciallyintroduced

bugsdemonstrateefectivenessindetectingreal-worldbugs.

Thepreliminaryobjectiveofthisthesisistochecktheperformanceofthesameprocess

foranotherdynamicprogramminglanguage,Python. Whileapplyingthesameapproach

tothePythondataset,thelackof methoddeinitionsforthecorresponding methodcalls

andlackofinformationonargumenttypesarefacedduetotheseverelydynamicnature

of Python. Therefore,ourirstapproachistoresolvethe mappingof methodcallsto

theirdeinitionsandgatheras muchinformationaspossibleforthedeep-learning model.

However,the mappingalgorithmbringsoutapproximately30%to35% moreexamples

thantheoriginalDeepBugs Model(onJavaScript),andthe maximumnumberof method

callsstillneedstobeexplored. Tomitigatethisproblem,thisthesisproposedanapproach

todetectargument-swapping-relatedbugsforPythonbyanalyzingtheargumentusage

pattern,whichisefectivewhenthe methoddeinitionsare missing.

Therefore,thisthesisfocuseson mapping methodcallstotheircorresponding method
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deinitions,providingawarningifthesequenceofthemethodargumentsisincorrect. While

studyingtheapproach,weobservetheimportanceofvectorgenerationfromagivencontext.

Therefore,thisthesisconductsanempiricalstudyofhowlargelanguage modelsperform

inthecaseofgeneratingcorrectargumentsforPython. Weusedthreepopularpre-trained

largelanguagemodelstogeneratetheargumentsbasedonsourcecodecontext. Westudied

manuallybycollectingrandomsamplingsfromthose methodcalls. Thestudyshowsevi-

denceofthehigheiciencyofalargelanguage modelforsomeoftheargumentexpression

types. Thesepre-trained modelsarewell-trainedbyalargecodecorpustounderstandthe

contextualembeddingoftokenswithlong-rangedependencies. Thisprovidessupportfor

generating modelstodetectbugs[7]orgeneratinganewsegment[8].In mostcases,the

pre-trained modelperformsbetterthanotherdeepneuralnetworks,forexample-Recur-

rent Neural Network(RNN)andBiLSTM-based methods. Oursecondstudyfocusedon

theperformanceofthreepre-trainedmodelsforgeneratingargumentsfromagivencontext.

Codecompletionisasoftwaredevelopmentprocessthatsigniicantlyenhancesdeveloper

productivitybyautomatingthetaskofpredictingcodesequencesasdeveloperswritecode.

Programmersusepre-trained modelstoreducetrainingtime. Thoughusingapre-trained

modelmakesasystemfaster,wecheckedtheperformanceofargumentgenerationaccuracy.

Thisempiricalstudyalsoprovidesevidenceonthoseexpressiontypeswherethemodelfailed

togeneratetheargument.

Resultsfromthestudyshowedthatargumentusagecontextconsistsofbettersemantic

informationasitperformedbetterthanother models. Even when weaddedthestruc-

turalinformation(inourstudy,expressiontypeoftokens),itimprovedtheperformance

ofthe modelandprovidedabetterunderstandingofhowthecontextinformationafects

theperformance. Addingstructuralinformationhelpedtoboosttheperformance-AUC

valueincreasesfrom87.87%to96.94%. Theresultfromoursecondanalysisshowedthat

researchersshouldworkwiththepoorlyperformedexpressiontypes.

1.3 Contributionsofthe Thesis

Thecontributionsofthethesisareoutlinedasfollows:

•Reimplementthe DeepBugsapproachforanotherdynamicprogramminglanguage:

Python.

•EvaluatetheperformanceofDeepBugsforPython.

•Investigatetheimpactofthepresenceofmethoddeinitionspairedwithmethodcalls.

Anoiseinjectiontechniqueisusedtoevaluateperformanceforallthe methodcalls

wheretheperformanceisreduceddrastically.
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•Developatechniquetodetectswappingargument-relatedbugsforPythonevenifthe

methoddeinitionsare missing.

•Developatechniquetoretrieveinformationon methoddeinitionsfromthesource

codefortheircorresponding methodcalls. Thisprovidesadditionalinformationfor

codecompletiontasksandswappingargument-relatedbugdetection.

•Investigatetheimportanceofdiferentcontextinformationsourcesfordetectingswap-

pingargument-relatedbugs.

•Conductanempiricalstudyusingfourpre-trainedlargelanguagemodelsforcomplet-

ingaugmentsfromagivencodecontextandanalyzetheirperformance.

1.4 Outlineofthe Thesis

•Chapter2describespriorstudiesrelatedtothisthesis.

•Chapter3explainstheprocessof mapping methodcallstotheirdeinitions.

•Chapter4providesadetaileddescriptionofname-basedbugdetectioninPython.

•Chapter5describesanempiricalstudyonthecomparisonofthreelanguage models

forgeneratingargumentsequencesforPython.

•Chapter6concludesthethesisbyprovidingthesigniicanceofourworkandoutlining

futureresearchdirections.
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Chapter2

Related Work

Thischapterdescribespriorstudiesthatsupportthisthesis.Thisthesisisentirelybasedon

thename-basedanalysisoftheargumentanditscontext. Therefore,thisthesisisentirely

ondiferentmethodologiesorapproachesthatworkwiththerelationbetweenargumentand

parameter,detectingargumentandparameter-relatedbugs,andtheimportantfeatures(i.e.,

Usagepattern-basedcontextcollection, mappingof methodcalland methoddeinition),

usageofDeepLearningApproachinsoftwarebugdetection,andusageoflargelanguage

modelsinsoftwaredevelopment. Thefollowingsectionspresentacomprehensivesummary

ofrelatedworksfromwhichtheproblemstatement, motivation,andproposedapproachin

thethesisengenders.

2.1 Name-Based Bug DetectionforJavaScript

Pradeletal.[2]treatedthesourcecodeinJAVAscriptasabunchofnaturallanguage

extracted methodcallsandtheirdeinitionsfromthesameilesand mappedthem. There-

fore,theybuiltabugdetectorusingtheline’slocalcontext,invokedthe methodcall,and

declaredthelinecontextofthe methoddeinition. Theytried makingapatternusing

word2vec, whereasimpleneuralnetworktrainsthecorrectandbuggycodepatternsto

detectswappingargument-relatedbugs. Theygeneralizedthetokensbyremovingunneces-

sarytokensandreplacingfrequentlyusedtokens. Thoughtheir modelworksperfectlyfor

JAVAscript,it maynotperformsimilarlyforotherlanguages. Therefore,weirstchoose

Python,the mostpopularlanguagefromthelistoftheTIOBEindex[9]. Pythonisady-

namiclanguage,andweusedthesameapproachasDeepBugstoevaluatetheperformanceof

theirmodelforanotherdynamiclanguage. WefoundtheaccuracyofDeepBugsforPython

was61%. Therefore,theapproachisstructureandlanguage-dependent. Consequently,we

proposedourtechniquetoovercometheissuesofDeepBugs.
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2.2 Name-BasedSource Code Analysisand Bug Detectors

Thename-basedanalysis[10]isapracticalapproachtoconsideringthesourcecodeasapool

ofinformation. Aname-basedanalysisforequallytypedargumentswasdescribed,where

thedetectionofbugsisdonebyinducingsemanticinformationfromthecodecontext. When

itcomestoequallytypedarguments,thereareissuesincorrectnesswithwrongordersand

program maintainabilityforusingunusualargumentsinbadorder. Another minorissue

ispoorunderstandabilitywhileusingequallytypedargumentsinthesame methodcall.

Theseissuesgotextremeastheusageofequallytypedargumentsisnotdescribedinthe

codesnippets. Theiranomalydetectionapproachisastaticanalysisthatgathersonlythe

namesextractedfromagivenJAVAorCprogramminglanguage. This moduleextracted

asetofarguments, whichwerename-basedinformation. Therefore,acorrectpatternof

argumentusageisgatheredfromthereal wordsourceexamples, whichimpliesthatthe

positionisixedforthatargumentinthe methodcallanddeinitionpair. Asitisan

equallytypedargument,thedetectorwilldiferentiatebetweentwoargumentsbygathering

theirnameinformationfromthelinecontext. Thesenamesofargumentsareconvertedto

theiruniquenumericidentitiesbytheTFIDFapproach. Thoughthis methodisalmost

accurateforstaticlanguages,itdidnotproposeanyinformationonhowtwoargumentsare

equallytypedifthetypeinformationneedstobeincluded. Ontheotherhand,itwasnot

describedifthemethodcallhasthesametypedargumentsandthesamename.Itleadsto

anendwhilethisapproachhasanequalnameandunknowntype.

Programmersareprovidinginformationaboutascriptintheircommentsandidentiiers

[4]. Theircommentscaneasilyhelpusunderstandthedescriptionofaprogram. DeepFix

was[3]anefective methodfordetectingseveralbugsinastaticallytypedlanguagewhere

weneedtotrainthe modelwithaneuralnetworkandnumerousfaultycodesandcorrect

codes. Weare motivatedbytheirapproachinthisanglethatapattern mustbefollowed

bothinabuggycodeandacorrectcode,whichleadsustodevelopthewrongpatternfrom

acodesegmentsynthetically. Astudyby[4]wasconductedon100computerscientiststo

givethreenamesfromagivencodesegment. Theyprovidedalgorithmsandsnippetsfor

theiranalysis. TheycreatedthreevariantsofeachfunctionbychangingtheEnglishentire

wordtoadiferentname,asingle-letterednametoadiferentletter,andtheabbreviations

toacommonword. Therefore,whenaprogrammerchoosesanameforavariable,he must

followthecategories mentionedabove. Thosethreevariantsarenotconsiderederrorsor

bugsandprojectthesigniicanceofindividualvariablesinaprogram. Thoughtheirstudy

isbasedonJAVA,C,andC++,itiscommonforallstaticanalysiseventsfordynamically

typedlanguages. Thisapproachisefective,whileaself-supervisedlearningalgorithmwill

learnfromthecodecontextandgenerate moredataforrecommendation. Patraetal.

workedwiththeName-ValueInconsistenciesinJupyterNotebooksintheirstudy[6].Their
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proposedtechniqueprovedthatthenameofavariableisalmostsimilartoitsassignedvalue.

Theyembedded500kreal-lifename-valuepairsfromthePythonsourcecodeandgenerated

apatterntodetectName-ValueInconsistencies. Thereforetheassignedvalueandtheline

informationcanbeusedfordeterminingandvariableanditstypewhichcanbeusedfortype

informationforanydynamicprogramminglanguagelikePython.Our modelcollectedthe

assignmentofthosevariablesandgeneratedembeddingtodetecttheiruniqueinformation

fromthesourcecode,Anothername-basedlearningapproach[11]wasimplementedtodetect

bugsinJAVAScrpitprojects. Theydescribedtheproblemsofautomaticbugdetection

modelsbasedonbuggyandcorrectcodeexamples. Theycollectedinformationfromcode

snippetstobuildcorrectandincorrectpatternsforbugdetectorsofswappedarguments,

wrongassignments,wrongbinaryoperators,andwrongbinaryoperands. Thesepatterns

areusedasaninputofanembeddinggeneratortorepresenttheminnumericformat.

Therefore,theuniquerepresentationofeverytokenpreservesthesemanticrepresentations.

Their model worked wellifdataextraction was AST-based, whichprovidedinformation

relatedtothenodeandwaspreferableforperformanceboosting. Torecoverthe meaning

ofvariablesthatcanbeusedasanargument,semanticinformationisgatheredfrommining

thefeaturesfromcode. Thoughitisastaticanalysis,itprovides meaningfulfeaturesfor

bugdetection. Therefore,usingdescriptivenamesorabbreviationsisequallyvitalintheir

model.

Theefectofnametranslationforgeneralprogramsisefective,andwhileitisauser-

deinedcodestructure,itperformsbetter. Theyconvertedthename-basedapproach[4]

toananalysis-basedapproach. Thenameofakeywordorelementinaprogramcanbe

diferentfromtheactualname. Therefore,thestructuralrelationshipbetweentheelements

canprovideaccurateinformationforthatdetection. Theyanalyzediveopen-sourceappli-

cationsinJAVAandcollectedalltherelationsforclass, methodcalls,andinnerclasses.

TherelationshipgraphisintroducedforalltheinstancesofFigureEditors, MobileMedia,

JFtp,JHotDraw,andHealth Watcherandcollectsthedataaccidentally.

Away[12]torepresentthesourcecodeto makeinformationretrievaleasierwasintro-

ducedbyreachingeveryentityinasourcecode,anovelapproachtoparsingthesourcecode

andgeneratinganabstractsyntaxtree.Theirapproachistodetectthecodecloneandclas-

sifythesourcecodebygrabbingdatafromAST.Theycollectedstatisticalknowledgeand

naturalinformationfromacodethatcaptureslexicalandstatement-levelfeatures. This

approachsupportsthedetectionofcodeclonesandcodeclassiication. Whentheyuseda

treetoconnectthetokensfromtheabstractsyntaxtree,theycapturedmostoftherequired

datatodetectthetypeofsourcecode. Therefore,itisanefectiveideatograbinformation

fromanASTtopreservelexicalcontext.

AnotherpromisingapproachtoJavascriptprogramstodetectprogrammingerrorsbya

staticanalysiswasperformedbyBerkayetal[13].Theirapproachistogenerateatemplate,
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whichisactuallyatextualrepresentationofcode,error,anderrorixes. Theseerrorixes

arecollectedfromthe GitHubcommitsandtheircorrectcodes. Toine-tunethedataset,

they manuallyanalyzedatechniquetogathercorrectandrelevantbugstoreducefalse

positiveresults. Asthis modelwasdevelopedwithreal-timebugexamplesanditsixes,it

performsbetterthanotherstaticanalyzers,althoughthebugixeswerenotrelatedtodata

lowinJAVAscript.

A machinelearningapproach wastrainedfromalarge-scale,real-lifebuggydataset.

Miltiadisetal. algorithm wasnamed BUGLAB[14], whichhastwo models:thebug

detector modelwithanadditionalbugrepairtoolandanapproachtogeneratebugsfrom

existingbuggyiles. TheycollecteddatafromthecodesegmentsbyanAST-basedanalysis

tobuildabugdetector. Their modelgathersthevariable misuse,argumentswapping,

wrongoperator,andwrongliteralsforPythonprograms. Fortheirtraining model,they

useda3.4kPyPIdatasetand600randomPyPItestpackagesforevaluation. Theyuseda

GNNandGREATtransformermodeltotrainthemodel[15]withreal-worldbugexamples.

Byprocessingandfeatureextracting,theyaugmentedthetrainingexamplesandtrained

anothersimilar modeltoreachnewpossibilities. Thistraining modelhelpstogenerate

warningsanddetectbugsfortheir model. Toaddanotheraspect,theylocalizedabug

fromacodesnippet. Theyconcludedthatrepairingbugsratherthandetectingthemis

hard. Thereasonbehindthisisanomaliesinaprogrambugcandetectthebug,andthe

possiblerepairedcodesareendless. Therefore,understandingthecontextofthedetected

bugis mandatorytoselecttherepaircategories. Thisreducedtheiraccuracyto63

Detectionofanykeywordinasourcecodeischallengingwhentheyholdalmostthesame

meaningbuthavediferentspellings—atechnique[16]tocollecttheinformationfortwodif-

ferentkeywordswiththesamemeaning.Forexample,programmerscanusegetvalue()and

getval()inthesamecontext. Thoughtheyarelexicallydiferent,theycanbeusedinthe

samecontextorfunctionalities.Therefore,theyproposedatechniquetoindtheincorrectly

matchedidentiiersbyanalyzingtheirlexicalsimilarityandsemanticsinformation. There-

fore,tocollectdatafortheirrecommendationsystem,theygatheredsurveyreportsfrom

thedevelopers,illedinthecodeblanksfromtheprogrammers,andgatheredacandidate

listofsimilarparametersfromthesourcecodewheretheyusedtheJAVAscriptiles. This

listofcandidatesisbasedontheircontext,thelengthofinformation,andwordcontext

fromivelines. Theiranalysisshowsthatthe model“IdBench.”performedwellwhenthe

identiierswerefromthesameprojects. Anotheraspectoftheirstudyisthatnoneofthe

modelsperformedwellforargumentsimilarity-basedstudiesexceptthose modelsbasedon

trainingbytheneuralnetwork.Thoughitdoesnotperformwellfordynamicallytypedlan-

guages,withitsstaticanalysis,theembeddingcandetectprogramanomaliesandprovides

anewaspecttogenerateembeddingforname-basedanalysis.
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2.3 Parameter-Argument-Related Bug Detectors

Theauthorsin[17]workedwiththelexicalsimilarityoftheargumentandparameterin

Javaprograms. Anargument withhighsimilaritycanbesuggestedinthesamecalling

scope,whichdetectsprogramanomaliesandrecommendscorrectargumentsfromasimilar

argumentpool. Theypredictedthattheparametersandargumentsofthesamenameare

relatedandfollowthesameproperties. Theirempiricalstudiesshowedhowthenames

aresimilartoeachothertobuildapoolofargumentswithsimilarnames. Theycollected

thelengthofeachparameterandargumenttodeterminethelengthdistributionofthe

argumentsandparameters. Aftergettingthenamesimilarityandtheirlength,theiranalysis

showsthatthosepairshavelesslexicalsimilarityandfewercharacters. Itimpliesthat

thenamewasrandomlydeclared,andthereisnointentionofusingasimilarparameter

name whilecallingthe method. Therefore,theirexperimenthasinformationaboutall

mappedparametersandtheirargumentinJAVAreal-worldprograms. Theirhypothesis

isentirelybasedonlexicalsimilarity. A methodcallhastwodependencies. Firstly,those

featuresfroma methoddeinitionofthecorresponding methodcall,andsecondly,the

surroundingcontextofthelocationofthe methodcall. Anydiscordofthe methodcall

maycauseananomaly,andwhilerecommendingtheargumentofamethodcall,thislexical

similaritysolvesmostofthechallenges. Whenamethodiscalled,theprogrammerwillget

suggestionsoftheirargumentsfromtheargumentusingtheir methodologies. pool. This

recommendationfor methodargumentisbasedonthreecases. Whena methodcallis

insidethelocalscope,alternativeargumentsareonlysearchedinsidethesimilarargument

poolsfromthesameieldaccess.Iftheargumentisinamethodcallwithareceiverobject,

thealternativearguments willbefromsimilarargumentsfromthesameobject’sscope.

Theirstudyshowsthatabouthalfoftheargumentsdonothaveanyalternatives. They

proposedtwoapplicationsoftheirapproachesandfoundsigniicantlygoodresults. For

anomalydetectiontoolsintheEclipseplug-in,theauthorchoseathresholdtoilteroutthe

argumentsfromthesimilarargumentpoolto maketherecommendationaccurately. This

willshowawarningwhentheargumentsimilarityislowandthediferencebetweenthe

currentandpotentialsetsexceedsthethreshold.

Intheirsecondapplicationofargumentrecommendation[17],theargumentslotthat

mustbeilledisidentiied. Amethoddeinitionwillcorrespondtothemethodcall,andthey

suggestsimilarargumentsbasedonthemethodparameter.Secondly,consideringthescope

ofavariable,the modelwillcalculatecandidateargumentsandsuggestanargumentwith

thehighestsimilarityvaluesfromtheargumentpoolfromthesameieldscope. Though

theapproachhashigheraccuracy,ithassomerestrictionsinmining.Theiranalysisstrictly

showedthatabouthalfofthemethodargumentsdonothaveanyalternatives,whichimplies

thatifa methodcallordeinitionisentirelynew,itwillnotrecommendanyargumentor
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detectanyanomaliesinthesameproject. Ontheotherhand,thesimilarityvaluesare

calculatedbothusingthemethodparametersandtheargument.Therefore,itismandatory

togetamappingofthemethodcallwiththeirmethoddeinitionsandgetinformationabout

theparameters. Thus,ifthereisno mapping,wrong mapping,andany missinglibraryfor

a methodcall,itwillignoretheanomaliesandnotrecommendanything. Finally,itwill

recommendnothingforthose methodcallsiftheyarediferentthantheparameters,even

thoughitiscorrect. Therefore,analyzingthecodecontextandtheusageofargumentsfor

recommendationswilladdanewilterfortherecommendationsystem. Anothersimilar

approachfordetectinganomaliesandcodecompletionbyparameterandargumentname

similaritiesisanalyzedin[17]forJAVAandCprogramming. Theycollectedthe method

parametersandargumentsfromasetof mapped methodcallsanddeinitionstocalculate

thelexicalsimilarity. Theirconceptistoindtheappearanceofasimilarargumentinthe

peripheralofsimilarmethodparameters. Thelengthofanargumentisanessentialfeature

tobematchedwiththecorrespondingparameters.Itwasshownthattheparameterwitha

longlengthispronetobemuchmatchedwiththeargumentswithalonglength. Although,

sometimes,programmersusetheabbreviatedformofparametersandarguments,whichwill

show morelengthinconsistenciesandfewersimilarities. Thisleadstoalawindetecting

anomaliesandrecommendation-by-namesimilarity-basedanalysis.

Selection[11]ofthecorrectargumentisalwayschallengingforlongcodesasitisim-

possibletotrackdownallvaluesandtypesofvariableseasily. Alarge-scaleanalysisof

theargumentselectionapproach wasstudiedtodetectthedefectsinthecorrectnessof

argumentselection. Thispaperdescribestheimportanceofargumentselectiondefectsand

theresultofwrongargumentselection. Theirapproachstartedwithindingtheargument

andparameternamesimilaritiesdescribedin[17]. Theargumentiscontrolledbyusing

identiiers,thescope[18]ofthosevariables,themethod’sname,andtheclassconstructors.

Theyrevisedthehistoryandfoundtheargumentandparameter-matchingareinconsistent

inseveral methodcallsanddeinitionpairs. Underdiferentthresholdvalues,theyveriied

the model,andtheirresultshowedthattheambiguityrelatedtotheargumentnameand

parameterissolvedbyconsideringtheieldscopeoftheir methodargument. Thoughthe

methodcallandparameteraredeterminedbyusingonlyname-basedsimilarity,forsimi-

larcodecontextswherediferentvariablesareusedforthesame method,callscannotbe

discriminatedagainstanddetectedasanerror.

Theworksmentionedabovehaverelatedinconsistencies,solvedbyintroducingprogram

analysisandlanguage modelsinapriorstudy[19]. Thisautomaticrecommendationofar-

gumentcollectsthesyntactictypeinformationandprogramminglanguage-wiseconstraints

togathercorrectvariables. Their mainconcernisdetectingtheargumentsusingtheex-

pressiontypesandtheirinducedvalues. TheycollectedthedatafromGitHubilteringby

stars,folks,andcommitsofrepositories. Analyzingeachproject’ssyntax,theycollected
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thetypeandieldaccessibility.Thecollectedargumentsandtheparametersareinthevalid

candidatelist. Althoughalltheargumentsarecandidates,theyintroducedailterusing

alanguage modelandparametersimilarity. TheapproachisefectiveasJAVAisastatic

programminglanguagewheretypeinformationiscollectedbystaticanalysis.Itwillnot

showsimilaroutputfordynamicallytypedlanguages,i.e.,PythonandJavascript.

Swappingtwoadjacentarguments[20]isacommon mistakewhenprogrammersbuild

large models. AstaticcheckerSWAPDwasusedtodetectargumentsswappinginCand

C++code.Togeneratethewarningreport,theyintroducedthreecheckingsystems(cover-

basedchecker,sciaticavetting,andstatisticalchecking). Similarto DeepBugs,theyex-

tractednamesfromCandC++codes. Thefunctionnamesandargumentpositionsare

collectedtodevelopthestatisticaldatabase. Thetermmorphemewasintroducedtodeine

thecommontermsintwoargumentsandparameters. Thestatisticaldatabaseworkson

topofthecover-basedcheckerandprovidesinformationaboutargumentsatthecallsite.

Therefore,astatisticalcheckerwilldouble-checkthepositionandargumentpronetobe

swapped. Theyhaveananalysisbasedonnamegeneralization,andtobalancetherecall

andprecision,theyhavecombinedfourstagesofchecking.Lateron,foranalyzingthecode

sequence,theyusedthesamecodeanalysisasDeepBugs. However,theirprocesswasbased

onthestatictypedlanguage. Staticbugdetectors[21]arebecomingpopularbecauseof

theirconsistentdatatypesandusage. AndrewHabibetal.studiedanextendedversion

ofDefects4JDatasetonJAVAprograms. TheDefects4Jdatasethasreal-worldbugs,and

thedataiswidelyusedinallthebugdetectorsworldwide. Finally,thisdatasethasthe

bugixeswiththeircorrespondingbugs. Theycomparedtheir modelwithErrorProne,

Infer,andSpotBugstoevaluatetheiranalysis. Theyusedthecodethathasthebugand

theafter-bug-ixedcode;thewarningreportedtotheprogrammerbeforethebugledto

anerrorforthatcode. Then,inthelaststep,they manuallyinvestigatethecandidates

generatingbugs.Therefore,forabugdetector,theychosethecandidatesanddiferentiated

betweenbugandwarning messages. Their mainintentionwastoidentifyhow manyofthe

594bugscouldbedetectedperfectlybyline-based,automatic,and manualvalidation. To

detectthemaximumnumberofbugs,userscanuseacombinationofthesethreeapproaches,

whichreducesfalsepositivebugsfromthedataset. Theyworkedonstaticbugsbutdidnot

provideanyevidenceofwhythebugswereprovidingfalsepositiveresults.

Theauthorsworkedwiththose methodcalls,whichhave multipleargumentsbuthave

thesametypesinanotherstudy[22]. Usingthesemanticinformationfromthecompilers,

theyextractedthe meaningofidentiierstoreduceargumentselectiondefects. Thoughit

performswellforCandC++,itwillsuferfromtype-relatedambiguitiesfordynamically

typedlanguages.
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2.4 UsagePattern-BasedSource Code Analysis

Usagepatternscanbeconsideredcontexttodetermineanytokeninasourcecode. A

study[23]introducedaprocessthatanalyzedthecontextofacodeandgeneratedvectors

fromtheusagepatternofthevariablename. Bycapturingthesemanticinformationfrom

thetokens,theauthorsofthatstudyaddedthemeaningofavariablewiththeirtraditional

vectors. Theirapproachperformswelleventhoughthevariablenamesarepoorlydeclared.

FromthelargeJAVAScrpitcodefromonline,theygeneratedvectorsusingasimpleRNN

model,whichcanbeusedforbugdetection,malwaredetection,ixingsyntacticerrors,and

codeclonedetection. Theycollecteddatafromalargedatasettodeterminethenameof

theirusage. Thisstaticanalyzertoolisfullyautomatedandprovidestheefectivenessof

namingfunctionsandvariablesfromtheirusagecontext. Theycomparedtheirworkwith

JSNiceandJSNaughty. Theyalsoanalyzedwhethertheresultwasscalableornot. Using

third-partylibrariesisquitecommonnowadays. Therefore,itischallengingtoidentify

therightusageofalibraryinlargesoftwaresystems. MohamedAymenetal.[24]worked

onthedetectionoflibrariesbyanalyzingtheusagepatternsofthoselibraries. Though

theyhavecollectedusagepatternsfromtheusersorclientsfromtheGitHublibrary,they

foundthat mostlibrarieshaveconsistentusagepatternsin mostprojects. Aftercollecting

theusagepatternfrom6000librariesfromGithuband Mavenprojects,theyanalyzedthe

maxEpsilonvalues,determiningthepatternusagecohesion metrics. Therefore,the mined

patternfromallthelibrarieswithathresholdvalueprovidesabettersystemtodetectthe

correctlibrary. Thoughtheselibrarieschangedynamicallydaily,theauthorconsidereda

universalstructurethatwillbeconstantforeverysystem. Thisapproachefectivelybuilds

usagepatternsrelatedtodetectiontoolsandcondecompletioncontexts. Anotherstudywas

conductedtoincreasethesemanticinformationfromthecodeandsupportcodesuggestions

by miningtheusagecontext,an-gramtopic modelwithitsassociatedelementsfromthe

samecode. Fromthesemanticinformation,anyonecanunderstandtheexact meaningof

thecode. Therefore,itisefectiveforabugdetectortoidentifythepatternofelements

forcodecompletionandsourcecoderepair. Theycollectedsemanticcodetokensdirectly

associatedwithanID,roles,datatype,andespeciallydatadependencies.Inaddition,they

collectedthefunctionalityofthetokenforthetoken. Ontheotherhand,topreservea

variable’scodecontextand meaning,theycollectedallthesemanticinformationfromthe

codeforaparticulartokenbyconsideringthevariable’sscopeortoken. Thisscopewill

showhowtheseelementsareusedintheirparticularlocationonly. Therefore,thislocal

contextfromthesameileshowedthatthegeneratedvectorcontainsuniqueinformation,

whichshowedhigheraccuracyinreal-lifeprojectswhileworkingwithtokens.

Wearehighlymotivatedbytheworksmentionedaboveandformulatedourworkbased

onname-basedanalysis,bugdetectors,swappingargument-relatedbugdetection,natural
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languageprocessingforsourcecodeanalysis,andinally,contextcollectionbasedonus-

agepatterns. WetreatedanysourcecodeinPythonasasourceofnaturalinformation

engenderedbyprogrammers. Therefore,irst,weconsiderthatthenameofanidentiier

oranargumentcontainsvaluableinformationforrepresentingasourcecode. Wepreferred

toanalyzeanddetectthebugsbyaccidentallyswappingtwoadjacentarguments. Previ-

ousstate-of-the-artworkwithJavaScriptandproposedatechniquetogeneratedatafrom

existingsourcecodesynthetically. Ourapproachworkedwith manyexampleswithallthe

Python methodcalls.Incontrast,theirapproachwaslimitedtoconsidering methodcalls

onlyfromthesameilewithaccurately mapped methodcalls. Whenwecollectedcontext

fromthelines,anargumentwasfound;wecouldnotgrabenoughinformationfromthelocal

context. Then,webroughtuptheusagecontextoftheargumentasadeterminingfactor.

Ourcontributionisthatwithoutknowingtheinformationofa methoddeclarationfora

corresponding methodcall,howcanwedetectthisswappingargument-relatedbugsfora

methodcall? Wefoundthatanargumentisdeterminedfromthebeforelinesoftheirin-

vokedlines,andwecollectedthemtotrainourmodelwiththeusagepattern. AsPythonis

ahighlydynamicallytypedlanguage,wehavecollectedtheexpressiontypeofanargument

fortrainingthe model withtheinformationthatthis methodtookanexpressionprevi-

ously;now,itmighttakeasimilarpatternorsimilarexpressionsforthesamemethodcall.

Anotherpattern-basedstudyforgeneratingthesubsequent APIswasintroducedin[25].

TheycollectedalltherelatedAPIsfromasourcecodeandgeneratedthegraph-basedoc-

currencelowforallofthem. Miningtheusagecasescenariosandthespeciicationsofan

APIprovidedthemodelinformationaboutwhichAPIcanbecalledafterwhichAPI.These

usecasesdrovethe modeltogeneratefrequentlyusedAPIs. Theyuseda modelchecker,

whichconsistofdata-low-intensitive. When miningAPIs,theysubtlycollectedthatAPI

usagesequencewherethesupportvalue(determinatorofchoiceoftracesofAPIsequence)

ishigher. Thoughtheir modelisentirelybasedonstaticsourcecodeanalysis,itshows

howtheusagecasescenariohelpstheAPIrecommendation. Parameterscontainpromis-

inginformation,whichwasusedinanotherargumentrecommendationsystem[26]. Their

approachwastobuildageneralizeddatabaseofargumentusagepatterns. Therefore,they

collectedaone-to-one mappingofparameterusagesfora methodcall. Astheapproachis

basedonJAVAsourcecode,itfollowsaone-to-onevariableandtypesinformationdata.

Thisinformationreducestheambiguityofaugmentselection.Still,itisaprominentideato

usethecontextthatappearsforamethodargumentandmethodcall,whichwillbealmost

thesameforasimilar methodcall. As mentionedabove,thesestudiesworkedwithAPI

callsandtheirsequence.Incontrast,anotherstudy[27][28][29]focusedonallthevariables

byrunningtheprogramandrecordingthechangesintheirvalues. Daikon’soutputisused

forthegenerationoftestcases,predictionofincompatibilitiesincomponentintegration,

automationoftheoremproving,repairofinconsistentdatastructures,andvalidationof
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datastreamintegritybasedonthevariables’usagefromasourcecode.

2.5 DeepLearningfor Bug Detection

Inaproject,abugcanbegeneratedatanytimeforseveralreasons,suchasdataincon-

sistency, wrongusageofvariables,impropercontrolstatements,etc. However,itisan

idealapproachtostudythegeneratederrorsbysolvingthem manuallywithhumaninter-

action,whichhastheissueoftimecomplexityandisstrenuous. Therefore,deep-learning

techniquesareusedtobuildautomatedmodelsfromthesourcecode.Thename-basedanal-

ysis[10][4][11]gaveusleveragetotreatthesourcecodeasanaturallanguageexample.

Therefore,thisinformationfromthesourcecodecanbeusedbyextractingdatatoken-wise,

andbyusingmachinelearninganddeeplearningorpre-trainedmodels,anautomatedbug

detectorcanbebuilt. Apriorstudy[30]introducedhowadeeplearning modelcandetect

bugsfromstaticsourcecodeinformation.Thesurroundingcontextofatokenwascollected,

andbyword2vec,theytransferredthecodecontexttoavectorspace.Thistransformednu-

mericdatawasusedforadeep-learningmodelthatcanbeusedforbugdetection.Besides,

thetokensofasourcecodeneedtofollowacertainsequence. Changingthesequenceof

thesetokenswillgeneratebugsorwarningsduringexecution.Therefore,thisstudywasde-

signedtocollectstaticinformationfromasourcecodeandgenerateawarningwhenitinds

thewrongsequenceoftokensinthatcodesnippet. Thestudyshowedpromisingresults

forSwappedarguments, Wrongassignments, Wrongbinaryoperators,and Wrongbinary

operands.Itimpliesthatname-basedcontextinformationcandetectbugsorwarningsby

astaticanalysis. Again,thelocalizationofbugsbyinformationretrievalwasdescribedin

astudy[31]. Thestaticinformationfromthesourcecodeandthetextualsimilaritywith

thisinfractionandbugreportwerecollectedasafeaturetotrainadeeplearning model.

Therefore,coderetrievalisusedtoextractthefeaturefromasourcecode,whichisusedto

detectbugs.

Anotherauthor,intheirwork[32],proposedatechniquetotokenizethesourcecode

andcollecttherequiredtokensasafeature. ARecurrentNeuralNetwork(RNN)converts

thesetokensintovectors. Thesevectorsarecalledembeddings. Whentheyrepresentthe

sourcecodeasAST,CFGrepresentation,itiseasiertoaccesstherequiredfragmentsfrom

thesourcecode.Therefore,theserepresentationsareusedtonormalizethesourcecodeand

tofeeddeep-leaning models.

Theseworksarerelatedtoinconsistencyandanomalydetectionofmethodcallsandtheir

arguments. Therefore,weproposedatechniquebasedontheabovementionedapproaches

andprovedthatausagepatternofanargumentasavariableisadequatefordetecting

swappingargument-relatedbugsinPython. Ourproposedtechniqueperformswellevenif

the methoddeinitionisunavailable. Ontheotherhand,ourtechniqueisgoodenoughfor
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anylarge-scalestudies.

Afterdetectinganomaliesregardingthemethodcallanditsargument,weareskeptical

abouthowtogeneratetheargumentsofa methodcall. Fordynamicallytypedlanguages,

mostofthecompilers(i.g. VisualStudioCode,PyCharm,JupyterNotebooks)followthe

pre-trainedmodelsandprocessingforsuggestingcodesegments(especially-APIsuggestion

APIargumentcompetition). Therefore, weintendtoinvestigatetheaccuracyoflarge-

language modelsandcheck manuallywhetherthese modelscangeneratetheargumentlist

ideallyornot.

2.6 UsageofLargeLanguage Models

Inarecentstudy[33],theauthorscollectedthepartialcodesfromJavaandalltheex-

pressionsusedinthearguments[34].Byilteringtheargumentandthescopeofvariables,

their modelreinedthelistofpossibleargumentsandgeneratedalistofcandidates. This

modeltakesaninputsequenceofpartialcade,andthemethodtherequestedpositionofthe

argumentandgeneratestheinputqueryforanargumentrequest. Theirapproachoutper-

formedthe GPT-2,CODET5,andSLP.Ouranalysischeckedwhetherthelargelanguage

modelperformsthesameforthePython methodcalls. Codecompletionshouldbe more

accuratewhentheused modelhasenoughinformationtodetectthepattern. Thisargu-

mentrecommendationisalsoaspeciictypeofcodecompletion.Intheirstudy,another

authorusedthelargelanguage modeltochecktheperformanceofgeneratingcodechunks

fromagivenpartialcode[35]. Transformer-basedneuralarchitecturewasusedtoine-tune

the modelandcreateasegmentforagiven methodcall. This methodofbodycompletion

isatoken-levelcompletion, whichperformed wellforJava,astaticallytypedlanguage.

Therefore,largelanguagemodelscangeneratetokensfordynamicallytypedlanguages.For

predictingthesubsequenttokens[36]fromthegivencodecontext,astudy[35]conducteda

large-scalestudycomparingtheperformanceofDeepLearning modelsandLargelanguage

models,forexample-BERT.Thegeneratedtokenswerecomparedwiththeoriginaltokens

byconsideringtheBLEUscoreandLevenshteindistance. Theyconductedthisanalysisfor

anAndroiddataset[37]andaJAVAdataset. TheycomparedtheRoBERTa modelwith

thetypicaltn-gram modelandfoundthattheRoBERTageneratedbetterresultsforboth

singleand multi-tokens. Therefore,wearehighly motivatedtochecktheperformanceof

RoBERTaforthePythondataset.Itwaschallengingtogeneratethewholelineofcode

sequenceforPython. Astudy[38]wasconductedtocreateanentirelinefromagivencon-

textbyneurallanguage models. TheirindingsindicatethatTransformerlanguage models

consistentlyoutperform RNN-based modelsacrossbothdatasets,aligning withpriorre-

searchinlanguage modeling. Thewholelinewasgeneratedusing GRUandTransformer

(GPTandGPT-2)[39]. TheycollectedtokensfromcodesegmentsandSyntax-basedcon-
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textsfromAST,whichareusedasinputfortheGRU+Tokenmodel,GRU+Syntaxmodel,

TransformerLM+Tokenmodel,TransformerLM+Syntaxmodel,andaccordingtotheireval-

uation, Transformerlanguage modelsaregeneratingbetterresultsthantheothers. The

modelmusthavethetokenstogeneratetokensfromagivencodecontext.Itisimpossibleto

generateanameofanargumentthatisnoteveninthegivencontext.Thisstudy[40][41]was

designedtogeneratetokensusinganLSTM modelbutprovidingallthelocalandglobal

variablescandidatesforarequestedAPI.Itis mandatorytogettheargumentprediction;

theargument mustbeinthecontext,andarule-baseddatalowofvariablesisneededto

collectthecontextfromthesourcecode. Besides,astudyintroducedthreetypesofquery

proceduresoflanguage models. Left-to-rightlanguage Models, MaskedLanguage Models,

andEncoder-decoder Modelsareusedtogeneratetokens. Astheyarepre-trained models,

theauthorshaveusedthemandbuiltanothermodel,PolyCoder,todevelopontopofGPT-

2. Thus,largelanguage modelscanbeused Marceletal.[42]describedhowcontextor

tokensareusedforacoderecommendationsystem. Theyproposedatechniquetoimprove

thecodecompletionsystembycollectingthefrequencyofthetokens,usingtheassociation

miningruletocollectthosetokensthatappeartogether. Astheirmodelsusedthesetokens

forcodecompletion,wehavecollectedthosecontextsforourlargelanguage models,which

arehighlyfrequentandassociated with methodargument.Inacode-completionstudy,

Matteoetal.[43]usedtheRoBERTamodelfortrainingandgeneratingcodetokens. They

used maskedtokenstogeneratecodetokens,theBLEUscore,andLevenshteindistanceto

evaluatethepredictions. TheirstudyshowedthatforPythonprogramminglanguage,their

performanceishigherthanthatofothern-grammodels. Therefore,weusedtheRoBERTa

modelfortokengenerationandcomparedthegeneratedtokesbycalculatingtheBLEU

scoreandLevenshteindistancewithdevelopedargumentsandoriginalarguments.

2.7 Conclusion

OurthesisistoanalyzethemethodcallsandtheirargumentsinPython. Mostprogrammers

needtobe madeawareofanargument’sdatatypesandexpressiontypes. Therefore,we

proposedourtechniquetoverifythevariablesfromthesourcecodecontextandgenerate

a warningifthereisaswappingargument-relatedissue. Thoughretrievingthe method

deinitioniseasy,itischallengingto mapthe methodcalltoitsactualdeinition. Our

approachalsocollectedthemethoddeinitionandmappedtoitsmethodcall.Thisincreases

thedomainofouranalysisandprovidesthe modelwithextrainformation. Ourproposed

techniquedynamicallycollectstheusageinformationofvariablesfromthesourcecode.

Itprovesthatusagepatternstudyisoneofthepromisingapproachestobuildingabug

detectorandanomalydetection. Ourstudy wasusedtosupportourlaterchapterson

argumentgenerationfromcodecontextandcalculatetheperformanceofalargelanguage
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modelforargumentgenerationinPythonbyanalyzingthescopedvariablelistsfromthe

sourcecode. Wealsoproposedatechniquetoverifywherethelargelanguagemodelsfail.To

thebestofourknowledge,thisistheirstcontext-basedbugdetectionandempiricalstudy

ofargumentinPython. Pradelimplementedthisname-basedlearningapproachtodetect

bugsinJAVAScrpitprojects. Theydescribedtheproblemsofautomaticbugdetection

modelsbasedonbuggyandcorrectcodeexamples. Theycollectedinformationfromcode

snippetstobuildcorrectandincorrectpatternsforbugdetectorsofswappedarguments,

wrongassignments,wrongbinaryoperators,andwrongbinaryoperands. Thesepatterns

areusedasaninputofanembeddinggeneratortorepresenttheminnumericformat.

Therefore,theuniquerepresentationofeverytokenpreservesthesemanticrepresentations.

Their model worked wellifthere wasdataextraction with AST-based, whichprovided

informationrelatedtothenodeandwaspreferableforperformanceboosting. Torecover

themeaningofvariablesthatcanbeusedasanargument,semanticinformationisgathered

from miningthefeaturesfromcode. Thoughitisastaticanalysis,itprovides meaningful

featuresforbugdetection. Therefore,usingdescriptivenamesorabbreviationsisgiven

equalimportanceintheir model.
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Chapter3

Linking Method Callstotheir

Deinitions

3.1 Introduction

Programmersdeclarevariablesandusefunctionsveryrepeatedly. Thecorrectnessofa

programgenerallydependsontheassignmentofthevariabletypeandpassingacorrect

typedvariableasanargumenttoamethodcall.Therefore,weanalyzedtheinducedtypeof

avariableandproposedatechniquetodetectthetypefromthesourcecodecontext. While

investigatingthetypefromanassignmentoperation,wefoundprogrammersareassigning

a methodcallasavalueforavariable,andthis methodcallpointsthedeinitiontoget

thereturnedvalue. Therefore,weproposedanotherapproachthatwillbringthe method

deinitiontoits methodcall.

3.2 Dynamic TypeSolvingof VariablesinPython

Weareworkingondynamicallytypedlanguage.InPython,wedeclareavariablewithout

declaringitstype. Thistypeisassignedaccordingtothedataprovidedtothevariableat

runtime. Forexample,inFigure3.1,inthefollowingcodesnippets, wehaveavariable

METADATA FILE,deinedatlineno.3,usingtheassignmentoperation. Todetectthe

variabletype, weneedtoanalyzethevalueassignedtothevariable withitslocalield

access. Thevariablecangetvaluesanytimeintheprogramandcanbechangedanytime,

anywhereinthecodescript.Inthecodesnippetatsegment1inFigure3.1,thevariable

METADATA FILEgotavalueandwasusedinthefunctioncall“io.open”. Therefore,the

methodcallexpectsthestringtypeorthepathtypeastheirstargumentandthestring

typeasthesecondargument(here,itis‘r’).Inthecodesnippetinsegment2atFigure

3.1,thevariable METADATAFILEisassignedthreetimesandusedinthefunctionat
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Figure3.1:ExampleofDynamicType

lineno.11. Therefore,thevariablewaschangedto3types.IntheexampleinFigure3.1,

whentheprogrammersanalyzethecodesnippets,theywillunderstandthecodepattern

andtheassignmentsof METADATAFILE.Inline8atsegment1inFigure3.1,thevalue

isassignedtothevariableasaninteger,andinthenextline(9),itimmediatelychanges

toadiferentexpression(a methodcall). Asthisexpressionisa methodcall,thevalue

for METADATAFILEwillbethe methodcall’sreturnvalue. Therefore,theinalvalue

fromtheusagepatternisthelatestusageoftheargument’sassignedvalue. Wedivided

ourapproachintothreesteps. First,wehaveextractedalltheassignmentvariables. We

havealsodiferentiatedthevariablesbasedonthelocalandglobalvariables.Insegment3

inFigure3.1,the METADATAFILEisavariableintheglobalscopeofthevariablesand

hasa methoddeinitionandhasaparameter METADATAFILE,whichhasscopeunder

the methoddeinition“methodmetadata fetch”. Wehavedeterminedthescopeofthe

variablesanddiferentiatedthemtogeneratetheargumentusagepatternaccurately. On

theotherhand,insegment4inFigure3.1,“datapath”isalocalvariablewithscopeonly

fromlineno.20tolineno23. Anotherexampleisinsegment1inFigure3.2,whereavalue

isassignedtoSum,whereitistheBinaryoperation.Inthesecondline,Student1marks

isareturnedvaluefrom“getmarks”andcanbeanytype.

Whilegeneratingtheaugmentrecentusagepatternanddeterminingtheargumenttype,

wefound24expressiontypes(seeTable3.3)frequentlyusedinPython. However,these

expressionscarrydiferentvalues,whicharethetype-deiningfactors. Wedividedourtype

informationintotwocategories. Theyarebasictypes,secondarytypes,orinferredtypes.
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Figure3.2:ExampleofDynamicType(contd.)

• BasicTypes: Thistypeofinformationisvisibleandcanbeextractedbyanalyzing

thesourcecode. Thesearealsoknownasstatictypes. Thesevariablesareindepen-

dent,andtheinferredtypesaredependentontheseindependenttypes. Wefoundthat

11expressionsexactlyfollowedthedatatypeofthevariable. String,List,Integer,

Dictionary,boolean, None,Tuple,loat,Lambda,bytes,andSet(seeTable3.3)are

treatedasbasictypesinPythonprogramminglanguage.InFigure3.1,atlineno10,

thevariable“METADATAFILE”hastakenthestringasavalueofthevariable.For

example,astring mustbeenclosedwithaninvertedcomma.Ifitisabytetype,it

muststartwith“b”. However,thisapproachisextendedandusedtodetectthetype

ofbinaryoperation.Inthatcase,generally,wetraversethewholevalueoftheassign-

mentto matchanypattern(String,List,Integer, Dictionary,boolean, None,Tuple,

loat,Lambda,bytes,Set)thatisavailableornot.Ifanyofthepatternsarematched,

wedirectlyassignthetypeofthe matchedpatterntotheassignedvariableorkeepit

unknown.

• SecondaryTypes:Someoftheexpressiontypes-Attribute,Call,BinOp,Starred,

Compare, UnaryOp,Lambda(seeTable3.3)-areconsideredSecondarytypes. Due

tothecomplexexpressiontypesandtheinternaloperationsinthoseexpressionsof

variables,thetypeofthoseassignmentsdependsonthoseoperations. Forexample,

weprovidedexamplesoftheirsolvingprocessinthetable.

Wecollectedtheinformationasfollowsin Table3.2. Foracollectionofthistype, we

generatedaknowledgebase,whichwillbeupdatedeveryphasewithnewexamples. The

processisasfollows-
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Table3.1: DescriptionofUpdatingtheKnowledgeBaseforTypeDetection

Knowledge Base Description

(BT) DatabasewithonlyBasicTypes

(BT+NT) DatabasewithBasicTypesandNameTypes

(BT+NT+AT)
DatabasewithBasicTypes,NameTypes
andAttributeTypes

(BT+NT+AT+ST)
DatabasewithBasicTypes,NameTypes
AttributeTypesandSubscriptTypes

(BT+NT+AT+ST+CT)
DatabasewithBasicTypes,NameTypes
AttributeTypesSubscriptTypesandCallTypes

1. First,we madeadatabase(BT)3.1withallassignmentswiththebasictypeontheir

rightsideasthevalueoftheassignment.

2. Wetookalltheassignments withthe“Name”typeexpressionsasvalues. After

extraction,wecheckedtheright-sidenamestotheleftsideoftheassignmentdatabase,

wherewesavedthebasictypes.Ifwefoundadirect match,weaddedthemtothe

previousdatabase(BT+NT)3.1.

3. Thenwepickedallthealltheassignmentswiththe“Attribute”typeexpressionsas

values.Then,wecheckedtheclassinstancesandtheupdateddatabase(BT+NT+AT)3.1.

4. Wepickedallthealltheassignmentswiththe“Subscript”typeexpressionsasvalues.

Then,wecheckedtheusageofthenameofthesubscriptandtheupdateddatabase

(BT+NT+AT+ST)3.1.

5. Now, weusedthe mapping moduletoindoutthe methoddeinitionsandtheir

mapped methodcalls. Wealsocollectedthesegmentofa methoddeinitionblock

andtrackeditdownfromtoptobottomtogettheactualvalueofareturnblockof

a methoddeinition. Weusedthetechniqueofautomaticreturntypedetection1to

gatherallthereturntypesofthe methoddeinitions. Then,weilteredoutallthe

methodcallsusedasavalueoftheassignment. Typically,these methodcallswere

alreadymappedbyouralgorithmdescribedinthesection3.3.1andcollectedthetype

ofa methoddeinitionbyfollowingtheprocessfrom2. Thus,wegatheredthetype

of maximumnumberof mapped methodcallsfromexamples. Then,weupdatedthe

databaseas(BT+NT+AT+ST+CT)3.1.

6. Therefore,ourdatabase(BT+NT+AT+ST+CT)3.1gainedthepossibletypesof60%

oftheassignmentfromallprojectexamples. Then, weusedthedatabasetosolve

1https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4088424
2https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4088424

https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4088424
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4088424
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thebinaryoperationsasitcombines multipleexpressiontypes. Thecombinationof

expressiontypescanbeanyofthetypeexpressionswiththebinaryoperation. We

simpliiedtheprocessbytwostepsfromtheequation3.1.

TypeofBinOP =






BasicType, ifBasictypewithotherExpression

Check

Dataset

forType

oftheExpression, AnyExpressionwithAnyExpression.

(3.1)

Table3.2: TypeCollectionfromFigure3.2

Segment
no
from
Figure
3.2

Variablename
Assigned
value

Assignedvalue
(Expression Type)

Probablevalue
Type

1
Sum 5+6 Binaryoperation int

Student1 marks
getmarks
(subject,
marks)

MethodCall

Havetoind
thereturn
valueofthe
methodcall
theget marks

2

name None NoneType NoneType
axislist [1,2] List List

axislistporcessed
[1,2]+
otherarg

List+Name
(mustbe
alist)

scope
whoosh.ields.
STORED

Attribute
Dependingonthe
sourcecode

3.3 Linking Method Callstotheir Deinitions

Thissectiondescribestheprocessoflinking methodcallstotheirdeinitions. Thisis

requiredtosupporttheimplementationof DeepBugs,astate-of-the-artname-basedbug

detectiontechnique. DeepBugsusesasemanticvectorrepresentationofmethodarguments

or methodparameters. WeimplementDeepBugsforthePythonprogramminglanguages

tocomparewithourproposedtechnique.

Signiicance:

■ Thisapproachwillmapthemethodcalltoitsactualdeinitiontogenerateasequence
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Table3.3: ClassiicationofExpressionTypeExtraction

Variable
Type

Variable
Name

Assignedvalue
(Real)

Assignedvalue
(Expression Type)

Detected
Type

Primary
Types

i 1 i=1 integer
stname “Harry” stname=“Harry” String

greeting b“Hello,world!”
greeting=
b“Hello,world!”

byte

arrval arrc[3] arrval=arrc[3]
Subscript
checkcode
lines

ipseq (1,2) ipseq=(1,2) Tuple
trigger True trigger=True Dictionary

Secondary
Types

schema
whoosh.ields.
STORED

schema=
whoosh.ields.STORED

Checkclass
orobjects
fromcode
lines

typedata msg typedata= msg
NameExpr
checkcode
lines

stmarks=
percentage
calculator(80,700)

stmarks=
percentagecalculator(80,700)

constant
dependingon
returntypeof
methodcall

contentstring contents %unit
contentstring=
contents %unit

dependingon
theleftandright
partofbinary
operator

ofparametersandarguments.

■ Thisapproachwillsupportsolvingthetypeofthoseassignedvalues,whicharecalled

expressiontypes.

3.3.1 Method DeinitionPattern

Methoddeinitionscanbedividedintotwocategories.Itcanbeuser-deined, whichis

project-speciicanddeclaredbyusers,andthepre-deinedorlibraryfunctionsusedby

importingthelibrariesinaile. Whenwecalla method,theIDE mapsthe methodcall

withitscorresponding methoddeinitionstousetheargumentsthatcanbepassedtothe

methoddeinitionasparameters. Therefore,itischallengingto mapthe methodcallwith

thedeinitionofthecorresponding method.

Besides,themethoddeinitioncanbedeclaredinthesameileordiferentilesinthesame

oranotherproject.Bythe“import”keyword,weenhancethescopeofamethoddeinition
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Figure3.3:DiferentTypesofMethodCalls

(fromanotherile)totheimportedile.Ourthesisproposedarule-basedheuristicapproach

tolinkthemethoddeinitions(deinedinthesameileandthesameproject)withtheir

methodcalls.Itimpliesthatthemethoddeclarationcanbeinthesameilewherethe

methodiscalledinthediferentilesinthesamelibrary. Weaimtomapthedeinitions

deinedinaprojectlocallywiththeircorrespondingmethodcallsandbuildthecorrect

binderforthecorrectcodepattern. Weparsedthesourcecodeforeachproject,andour

codeextractor modulegeneratedtwoiles(Collectionof methodcallsandcollectionof

methoddeinition). Wehaveanothertwomodulesthatwillcollecttheclassinformation

andcollect“connectediles”ofanyilesgivenailepathbyitsimportstatements. We

categorizedthecallsbasedonthelocationofthedeinitionandmethodcall.Itimpliesthat

themethoddeclarationcanbeinthesameilewherethemethodiscalledinthediferent

ilesinthesamelibrary.

3.3.2 MethodCallPatterns

InFigure3.4,averymethodcalled“lxml.html.fromstring(page)”isshowninline141.The

purposeofthemethodcallistoparsetheHTMLcontentprovidedinthe“page”variable

andreturnanElementobjectthatservesastherootoftheHTMLelementtree.Thistree

canthenbenavigatedandmanipulatedusingvariousmethodsprovidedbythelxml.html

module.Ifwecarefullylookintothemethodcall,wefoundthepattenofamethodcallcan

beasequentialcallofpythonlibraryname.submodulename(orclassname).functionname.

Thisimpliesthatthesearchstringforamethoddentitionforamethodcallwillusethe

sequenceofthemethodcallfollowedbytheimportstatement. Therefore,eachcallmust

berelatedto:

■Onlythemethodcallsequence(SameFileMethodCallMapping)

■Bothanimportstatementandmethodcallsequence(OutsidethesameileMethod

CallMapping)
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Ourproposedheuristicsearchingalgorithmgoesthroughbothconceptsandbringsthe

methoddeinitionwithitscall.

Figure3.4: MethodCallPattern

3.3.3 Analysis1: MethodCalland MethodDeinitionsintheSameFile

Weaimtomapthedeinitionsdeinedinaprojectlocallywiththeircorrespondingmethod

callsandbuildthecorrectbinderforthecorrectcodepatterns. Themethoddeinition

canbedeclareddirectlyinamoduleorclass.First,themethodcallsanddeinitionswere

collectedfromailewiththeirparametersandarguments.Then,wematchedthenameof

themethodcalltothenameofthemethoddeinition.Ifthemethoddeinitionisdeined

inaclass,thenwematchthenameoftheclassnamewiththeattributename.

Amethodcallcanbecalledfromafunctiondeinition,aclassmethod,oraninheritance

ofaclass.InFigure3.3,theirstsegmentshowsthefunctioncallanditsdeclaration. We

denoteditasadirectfunctioncall. Thesecondsegmentprojectedaclassdeclarationat

lineno.1,whichhasamethoddeclaration“calculateage.”Toaccessthemethodfrom
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theclass“Student,”wehavetocreateanobjectof“Student”oruseitdirectlybycalling

“Student.calculateage()”. ThethirdsegmentofFigure3.3showedtheclassinheritance

procedurewhereaclass“LoginView”inheritedtheinstancesfromanotherclass“Redirec-

tURLMixin,”whichimpliedthatforthecasescenarioofinheritances,wehavetolookup

theinheritedclassfordeterminingthescopeofamethoddeclaration.Ifamethoddeinition

islocatedinsideaclass,wealsocollectedthenameoftheassociatedclass. Givenamethod

callwithoutanyreceiverexpression,welookedfora methoddeinitionoutsideclassesin

Figure3.5: MethodcallanditsCorrespondingDeinitionintheSameile

thesameilebycomparingtheirnameandnumberofparameters.Ifthemethodcallhasa

receiverexpression,wedeterminewhetherthereceiverexpression matchestheclassname

locatedinthesameile.Ifweindanexact match, welookfora methoddeinitionlo-

catedintheclasswhosenameandnumberofparameters matchthenameandnumberof

argumentsofthe methodcall.

InthisFigure3.5,line1containstheclassdeclaration“BinarySearch”,andline6

containsthe methoddeclaration“search”. A methodcallwasfoundatline20,“Binary-

Search.search()”inthesameile. Weirst mappedwiththeilenameandthenchecked

ifanyinstancewasusedinthe methodcall. Thisbroughtupthe methoddeinitionand

methodcallforthecurrentile. After matchingtheilenames, weperformaheuristic

mappingwiththenameofthe methoddeinitionandthenameofthe methodcalls. We

havecollectedallthename-matchedmethoddeinitionsforthatmethodcall.Thismapping

generatedone methodcall mappedwithoneor many methoddeinitions. Were-mapped

the mapped methodcallsandtheirdeinitionstoremovethisdilemmaby matchingthe

attributenameofa methodcallwiththeclassnameoftheircorresponding methoddeini-

tions. AsanexamplefromtheFigure3.5,theirst“search”keywordis matcheddirectly
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withthedeinitioninthesameileandthencomparestheattributeof“search”(inthiscase,

“BinarySearch”isthemethodattributename)withtheclassnameof“search”(inthiscase

“BinarySearch”istheclassname). Therefore,wecollected mappingdatainthesameile.

Wefoundthat methodcallsandtheir mappingsareonly5-7%ofthetotal methodcalls.

Thedeinitionsoftheunmapped methodcallarespreadindiferentilesandlibraries. We

studiedandretrievedthe methoddeinitionsfromdiferentilesinthesameproject.

Ifthereceiverofa methodcallis“self”,the methoddeinitionandthe methodcall

arelocatedinsidethesameclassscope. Forexample,considertheigure3.6, methodcall:

self.bool(). The methodbool()andthecorrespondingdeinition mustbelocatedinside

Figure3.6:ExampleofselfasaReceiverofA MethodCall

thesameclassoranyinheritedclassofthesameclass. Weestablishthe mappingby

searchingclassmethodsinthecurrentscope.Iftheheuristicapproachofsearchingmethod

declarationfails,wefurthercheckedtheinheritanceoftheclassforclassmethoddeclaration.

Ourapproachisbasedonthefactthattheinheritedclass mustbetreatedinthesame

scopeastheobjectofthechildclass. Therefore,inthethirdsegmentofFigure3.3,any

objectorinstanceofclass“LoginView” musthavetherighttousethe methodsofclass

“RedirectURLMixin”.

Toresolvethisclassinheritance,wehaveirstcheckedthesameclassforthe method

callandthesuperclassesinthedeclarationofaclass method. Thisextendsthescopeof

aclass.InthethirdsegmentofFigure3.3,Theclass“LoginView”isinheritedfromthe

class“RedirectURLMixin.”Therefore,formappingofthemethod,call“getsuccessurl”at

lineno.81willirstcheckthe methoddeinitioninsidetheclass“LoginView”andcannot

indthedeinition,andthenitdirectlysearchestheinheritedclass“RedirectURLMixin”

and“FormView”. Atlineno. 40,theclass“RedirectURLMixin”hastheclass method

“getsuccessurl,”whichwas mappedtothe methodcallatlineno.81.
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3.3.4 Analysis2:Bothanimportstatementand methodcallsequence

(Outsidethesameile MethodCall Mapping)

Ifthemethoddeinitionisnotpresentinthecurrentile,weimportthemfromotherilesin

Python.Theseimportscanbeiles,classes,adirectory,oraparticularmethod.Therefore,

whenaileincludesanyimportstatement,itimportsthosemodules,iles,andtheclass,and

theymustbeconsideredapartofthesameileeventhoughtheyarefromdiferentlocations.

Whenwegetalltheilesconnectedtoaile,wefollowthesameapproachdescribedat ??

directory file_nameimportfrom

file_name classimportfrom

file_name moduleimportfrom

directory directoryimportfrom

file_name

directory

import

import

Generated File Path

Search for __init__.py
file in the directory

Merged File list
All

Files are 
Collected?

Connected File List
(where to search
method definitions)

File Path

Input
File

Import Statement Analyzer

no

yes

Output

.

Figure3.7:ImportStatementAnalyzer

First,weparsedaile,collectedalltheimportstatements,andgatheredalltheiles

relatedtotheimportstatements.Iftheilesareinthescopeoftheproject,wementionthem

asconnectediles. AnothermajorfeatureofPythonisthatPythonhasthe“init

Method Calls 
List

Import Statement
Analyzer

File Path Get All the Connected
File List and Add

to the scope of the file

Search in the Collected 
Method Definition Database

Binder GenerationMapped Method Calls

.py”.

WheninaPythonscriptthereisanimportstatementpointingtoaproject’sdirectory,irst

Figure3.8:UsageofImportStatementAnalyzertoGenerateBinderforDeepBugs

wehavetosearchtheexistenceofthedirectoryandsecondly,inthedirectory,theexistence

ofthe“init.py”ile.InFigure3.7,themoduleImportStatementAnalyzertookaile

asaninputandgeneratedalistofconnectediles. ThisAnalyzerwasusedtogenerate

bindersfortheDeepBugsmodelinPython(3.8).Ifthe“init.py”ileisavailable,we

needtoparsetheilecollecttherelatedImports,andaddthemtoalltheilesinthesame
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directory.Itisafunctionalityorworklowrelatedtoalltheilesinacertainiledirectory.

Aftercollectingtheilesconnectedwiththeparticulariles,wetreatedthemasapartof

thesameileandcheckedthe modulenameandthentheclassnamebyfollowingthe??

andcollectedthe mapped methodcalls. AsinPython,wefound morethan60%-70%of

methodcallsarelibraryimports,whichwehave mentionedasglobalimports,andtherest

ofthe30%-40%of methodcallsareuser-deinedorlocal methodcalls. Wegotthecorrect

mappingof80%ofmethodcallsoutofallthelocalmethodcalls,whichareourcorrectcode

examples. Thebindergenerationprocessfromthemethodcallisdescribedinthefollowing

section.

3.4 Exampleof Resolving Method Call

Wesolvedourcollected methodcallsbyusingourabove-mentionedapproachinsection

3.3.3andsection3.3.4.

Method Call Mapping Rule-1: IntheirstsegmentofFigure3.3,thereare3 method

callsatlines5,8,and8. Themethodscall“print”and“factorial”areused.For“factorial”

wecheckedtheilefor methoddeinition. As“factorial”doesnothaveanyPythonlibrary

oranysub-modulewithitsblock,itisadirectmappingtoitsmethoddeinition.Therefore,

wefollowedthesteps-

•Matchtheoutsideclassmethoddeinitionsbytheirnamesandmakealistofmatched

methodlists.

•Checkthenumberofargumentsofmethodcallsandthenumberofparametersofthe

matcheddeinition.

•checkthenumberofdefaultvariablesfor methoddeinitionsandignorethelistof

defaultvariablesfor methodcallasitispassedautomatically whena methodis

called.

Result: Wegotaone-to-onemappingwith“factorial”atline8tothedeinitionatline13.3

Method Call Mapping Rule-2: InFigure3.5,wefoundacallatline29. Accordingto

thepatternof methodcallat3.4,the methodcall“BinarySearch.search(targetnumber)”

hastwoparts. Theirstpart,“BinarySearch,”istheclassorsub-module,andthesecond,

“search,”isthefunction. Therefore,wefollowthefollowingsteps-

•Matchtheinsideclassmethoddeinitionsbytheirnamesandlistthematchedmethod

listswiththeirclassname.Ifitisanexact match,thengetthelist.

•Checkthenumberofargumentsofmethodcallsandthenumberofparametersofthe

matcheddeinitions.
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Figure3.9:Exampleof Mappinga methodcallto methoddeinitionfromanotherile

•checkthenumberofdefaultvariablesfor methoddeinitionsandignorethelistof

defaultvariablesfor methodcallasitispassedautomatically whena methodis

called.

Result: Wegotaone-to-one mappingwith“search”atline6tothedeinitionatline

13.5fromtheclassatlineno1.

Method Call Mapping- Rule-3: InFigure3.4, wehavea methodcallatline141,

andthereisnodeinitionorclass methodthatfollowsthecallpattern“lxml.html.from

string(page)”. Therefore,itisnecessarytosearchthroughtheimportstatementwherewe

found“importlxml.html”andwhenweusedourimportstatementanalyzerfrom3.3.4,we

foundasetoflistofconnectediles. As“importlxml.html”isadirectory,ithasbrought

the“init.py”ilefromthedirectorylxmlhtmlandandparsedtheile.Therefore,itcame

underthescopeofthecurrentile“scrapping.py”. Then,wefollowthesameapproachto

matchthe methodcallnamewithitsdeinitions.
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Result: wefoundthe methodcall“lxml.html.fromstring(page)”is mappedwiththedei-

nitionintheile“ init.py”inthedirectory“\\Lib\\site-packages\\lxml\\html”.

Method Call Mapping- Rule-4: InFigure3.9,atline198a methodcallisfound

“datetime.datetime.strptime(value,self.dateformat)”. Asthe methoddeinitionwasnot

foundinthesameile,weusedtheimportstatementanalyzertooltoindtheimportedile

listandfoundthatdatetime.pyisinthescopeofthecurrentile.

Result: Wefollowedthemethodcallpatternandfoundthe“datetime”asalibrary.Inthe

library,thedatetime.pyilecontainstheclass“datetime”where“strptime”isthefunction.

Therefore,wefoundadirect matchusingourapproach.

3.5 Resultof Type Detection:

Ourtypedetectionprocessusedthe mapping moduletobringthetypeof methodcalls

withareturnvaluefromtheirdeinitionblock. Wehavechosen5Pythonprojectsthat

have8,664assignmentoperations,whichweredescribedinFigure3.4. Wefound mostof

Table3.4:ExpressionTypeofValueofAssignment

Expression Type
of Valueof Assignment

Count
Expression Type
of Valueof Assignment

Count

Call 3639 UnaryOp 72

Constant 1721 ListComp 50

BinOp 719 BoolOp 35

Name 664 JoinedStr 24

Subscript 585 IfExp 13

List 439 Compare 9

Attribute 297 DictComp 9

Dict 239 Lambda 4

Tuple 142 GeneratorExp 2

SetComp 1

themethodcalls,whichare42%ofthetotalvaluetypeinthesubjectsystem. However,we

solvedthebasictypesdescribedinthesection3.2. Ourapproachsuccessfullydetectsthe

typeofallConstant,Tuple,Dict,List,JoinedStr,BoolOp,SetComp,DictComp,Subscript,

andListCompperfectly,leadingto3,204. Then,our mappingsolvedtheissueof3,639

methodcalls. Ourmappingalgorithmmapped2,263(62%)methodcallsandgeneratedthe

typeofthatassignmentoperation. Ontheotherhand,wefound394Nameexpressionsout

of664numbersofNames,whichis59%ofthetotalNameexpression.Besides,forattribute,

wefound77%typeinformation,andforBinOp,wefound56%accuratevalues. Therefore,
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our modelachievedagenerationoftypesfor70%oftheassignments.

3.6 EvaluationProcedure:

Inthissection, we willevaluatetheefectivenessofour mappingalgorithmintermsof

accuracy(exactmatchofthemethodcalltoitsdeinition)bymanualstudy. Ourevaluation

ofthe mappingalgorithmdiscoveredthefollowingresearchquestion-

•RQ1: Howefectiveisourmappingalgorithmforrandomexamplesfromfourdiferent

projects?

3.6.1 ExperimentalSetup

Inourdataset, wehave2678sourceilesthathavetheextension“.py”or“.pyi”. We

usedPythonAST(seefordetailA.3)forextractionof methodcalland methoddeinition.

Afterextraction, wefound146k methodcalls,andbyrandomselection, weselected250

methodcalls. Beforeusingthe mappingalgorithm,weusedfourindividualenvironments

andinstalledalltherequiredlibraries.

3.6.2 Evaluation Metrics

Weusedthemanualanalysistoinvestigatetheaccuracyofourmapping. On146kmethod

calls,weusedour mappingalgorithmandfoundthat,onaverage,3%ofcallshad multiple

mapping. Weconsideredthemasa missedexample. Therefore, weonlyconsideredthe

exact mappingofthe methodcallsandtheirdeinitions.

Accuracy=
NumberofExact Matched

TotalNumberofExample
(3.2)

3.7 Resultof Mapping Algorithm

WetookfourPythonprojectsforourstudy. Weconsideredtheseastheyarepopularli-

brariesandhad“requirement.txtile”, with morethana500-starcount, morethantwo

commitors,andaworkingdurationof morethanoneyear-“pandas”3,“numpy”4,“scikit-

image”5,“GitPython”6. Weinstalledalltherequiredlibraries mentionedinthe“require-

ment.txtile”. Whenweinstalledtheselibraries,wecollectedalltheenvironmentpaths.

Asfor mapping,weneedtherequiredpathstoindthe methoddeinitions. Whileanalyz-

ingthepathvariables,diferentpathvaluesfor multiplecreatedenvironmentswereused.

3https://github.com/pandas-dev/pandas
4https://github.com/numpy/numpy
5https://github.com/scikit-image/scikit-image
6https://github.com/gitpython-developers/GitPython

https://github.com/pandas-dev/pandas
https://github.com/numpy/numpy
https://github.com/scikit-image/scikit-image
https://github.com/gitpython-developers/GitPython
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Therefore,weconiguredtheenvironmentforeachlibraryandusedourapproachtocheck

theperformanceofthemappingalgorithm. Wefoundthemethodcallsarerelatedtoseven

diferentpathvariables.

•Built-in methoddeinitionsandclass methodsfoundin-\python_stubs\1995209621\

builtins.pywhichcontainsbuilt-inclassesandfunctionssuchas-“len”,“min”,

“open”,“print”.ItcomeswiththebasicinstallationofPython.

•Exceptionand Error Handling Wefoundsomeofthe methodcallsareclass

objects,whichare“Error”,“Exception”,“write”and“read”.

•InstalledLibrary Path:Restofthe methoddeinitionsarefoundintheinstalled

library. Whenweinstallalibraryvia“pip3”itisaddedtoacertaindirectoryknown

as\Lib\site-packages. Weusedour mappingalgorithmtosearchforthe method

deinitioninthispathbasedonthelibrary’snameanditscalls.

Table3.5: ManualInvestigationReportof Mappingof MethodCallsandtheirDeinitions
(250examplesforeachproject)

Project Name Accuracy(%)

pandas 83

numpy 81

scikit-image 85

GitPython 83

Wecollected146kmethodcallsandusedourmappingalgorithm. Toindtheeiciency

ofouralgorithm, wepickedthe250 methodcallstoformeachproject. Weveriiedthe

performanceofour modelby manuallycheckingthe mappingof1000examples. First,

weopenedupeachexampleandcheckedthe methoddeinitionsbroughtwiththe method

calls. Weconsideredthose methodcallswithasingle mappingof methoddeinitions. The

accuracyisshownin Table3.5. Wefoundouralgorithmhadanaccurate mappingof

81%-85%casesonaverage.

3.8 Conclusion

Ourimportstatementanalyzerandmappingprocesssolvedtwomajorissues. Theycanbe

describedinshort-

•Theprocessbringsthe methoddentitionto makethebinderfor methodcalls.

•Fortypesolvingofavariable,42%ofthevaluesofassignmentsarefrom method

calls,andthetypesaresolelydependentonthereturnvalueofa methoddeinition.
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Therefore,ourapproachprovides,onaverage,80%correct mappingofthe method

callsandtheirdeinitions.

Inchapter4, wereplicatedastudycalled DeepBugs, where weneededto makeatuple

of methodcallsandtheirdeinitions. Ourstudyshowedthat70%of methodcallsare

connectedwiththelibraryorany methoddeinitionsinthesameprojectbutindiferent

iles. Therefore,itis mandatorytoindthosedeinitions. Ontheotherhand, wefound

approximately42%ofthevaluesofassignments werefrom methodcalls. Therefore,to

replicatethe DeepBugsandindthetypeof methodcallsofassignments, weusedour

approach,whichincreasedthe mappednumberofexamplesonaverage15% morethanthe

DeepBugs.



38

Chapter4

Exploring Name-based Bug

DetectioninPython

4.1 Introduction

Thenamesofidentiiers(i.e.,variablesandmethods)provideinformationabouttheseman-

ticsofprograms. Descriptiveand meaningfulidentiiernamesnotonlyassistinprogram

comprehensionbutcanprovideadditionalsourcesofinformationtosupportsoftwaredevel-

opmenttaskssuchascompletingcode,suggestingidentiiernames,anddetectingincorrectly

orderedargumentsofthesametype.Forstaticallytypedlanguages(likeC,C++,andJava),

thetypeinformationofvariablesisembeddedinthesourcecodeitself,whichcanhelptode-

tectincorrectlyorderedargumentsofdiferenttypes. However,todetectincorrectlyordered

argumentsofthesametype,weneedtorelyonotherinformationfromthesourcecode.The

problemisexacerbatedindynamicallytypedlanguageswheretypeinformationisnoteven

available.Thesimilaritybetweenargumentandmethodparametersandtheusagepatterns

ofargumentscanbeleveragedtodetectbugscausedbyincorrectlyorderedarguments. A

priorstudybyPradeletal.[2]showedthatwecanleveragetheidentiiernamestodevelop

alearning-basedapproachcalledDeepBugsthatcandetectargumentselectiondefects.The

approachdifersfromothername-basedbugdetectiontechniquesbecauseitdoesnotrequire

manuallycraftedrulestosetargumentvalues. Theapproachwasevaluatedusingthe150K

JavaScriptdataset. However,wefoundagapinhowtheyperformedtheiranalysis.Firstly,

thetechniquewasevaluatedusingsourcecodewritteninJavaScript.Itisnotclearwhether

theperformanceofthetechniquecanbegeneralizedtootherprogramminglanguages. Our

selectionofPythonisbasedonthefactthatitisdynamicallytypedandthe mostpopular

languageintheTIOBEindex. Secondly,thestudyonlyconsidersthe methodcallsand

theirdeinitionsinthesameile. DuringourstudyonthePythondataset,wefoundthat

thedeinitionsof morethan70%ofall methodcallsthathave morethanoneargument
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Figure4.1: MethodCallandits MappedDeinition

arelocatedindiferentiles.Itwasnotclearhowthatcouldafecttheperformanceofthe

technique. Thirdlyand mostimportantly,therearealargenumberoflibrary methodcalls

whosedeinitionsarenotpresentinthesourcecode.Forexample,forourPythondataset,

86%of methodcallsarerelatedtolibraries,and14%ofthosecallshave morethanone

argument. DeepBugsdidnotconsiderthose methodcallsintheirstudyasthedeinitions

ofthosecallsarenotlocatedinthesamerepositorywherethe methodcallsarelocated.

This motivatedustoinvestigatetheproblemfurther,focusonidentifyingtheperformance

ofDeepBugsforotherprogramminglanguages,andinvestigatetheimportanceof method

deinitionsfordetectingbugscausedbyincorrectlyorderedarguments. Amethodcallmay

have multiplenumberofarguments. Thevalueoftheargumentscomesfromthevariables

assignedinthesourcecodebeforethelineitusedbycallingamethodorusinganobjectof

aclass. ThevariationsofexpressionofanargumentaredescribedinTable4.1. However,

theparameterandthe methoddeinitionbodydecidewhichtypeofargumentcanbeused

forthe methodcall. Weproposeda modeltocollectalltheusagecontextoftheargument

andusedthemtotrainadeeplearning model. Our modeldidnotusethe methoddei-

nitionasthe methoddeinition maynotbeavailableintheenvironment. Therefore,our
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modeldetectsanargumentswapbyconsideringthenameofa methodcallandtheusage

contextofanargument. Besides,fromour model,theprogrammerwillunderstandhow

towritedowna methodbodytoconsiderthecorrectsequenceofarguments. Thisusage

patternofthemethodargumentsiscategorizedintofourtypesdescribedinthesection4.2.

Thischapterproposedaname-basedbugdetectiontoolusingtheargumentusagecontext

fromagivensourcecode. Wereplicatedthestudyofanexistingapproach,DeepBugs,for

PythonandcomparedDeepBugswithourproposed model. Weused150kPythonilesfor

ourstudyandaPythonASTparserfordataextraction. Theextracteddatawasusedfor

mapping methodcallswiththeir methoddeinitions,contextcollection,generatingcorrect

andwrongcodesequences,andtypedetection. Aftercollectingtheinformation,wetrained

modelsandevaluatedourmodelbycomparingtheperformance(accuracy,recall,precision)

withDeepBugsonPython. Next,wecheckedtheperformanceof mappedandunmapped

methodcallsforboth models. Thisshowedtheimportanceof mappingargument-related

bugdetection. Aftercomparingour modelwithDeepBugs,weconcludedthatour model

performedbetterthanDeepBugs Model. Thisrequiredanempiricalstudytoindtherea-

sonforgettinghighaccuracy. Thisledustoconductaqualitativestudytodiscoverthe

reasonforbetterperformance. Wecombineddiferentcontext-based modelsandshowed

howthecontextinformationledtoabetterresult. Thetrained modelwithonly mapped

methodcallsandthe modeltrainedwithall methodcallsperformedalmostthesame,and

theproposedapproachcanbeusedforanylarge-scalestudy. Moreover, wecheckedthe

overallandexpressiontype-wiseperformancetoascertainthereasonbehindthevariation

oftheresult. Ourstudyalsocomparedtheimportanceofcontextforthedetectionofar-

gumentswappingbycomparingour modelwithanexistingpre-trained model(CodeBert).

Ourmodeloutperformedthemodel(trainedfromthevectorsgeneratedbyCodeBert). We

evaluatedour modelwiththedataextractedfrom150kPythoniles. Our modelhasan

accuracyof90.79%withan88%precisionscore. Thecontributionsofthischapterareas

follows:

•Replicatingtheexistingbugdetector modelforPythonandComparingitwithour

proposed model. Both modelsconsideredthesemanticinformationoftokensfrom

sourcecodetodeterminetheargument-relatedbugsfordynamicallytypedlanguage.

•Showingtheimportanceofdiferentsourceinformationfortrainingthe model.

•Comparing witha modeltrainedfromapre-trained modelandourdeeplearning

model.

•Introducingvariableandargumentusagecontextforbugdetection.

Thus,westructuredthechapterasfollows.



41

•section4.2describedtheterminologieswehaveusedandthebackgroundofourstudy.

•section4.3containsthedescriptionofourdataset.

•Wedescribedthestudyprocedure,experimentalSetup,evaluationprocedureand

resultsofourresearchquestionsinSections4.4,4.5and4.6.

•Wediscussedthreatstothevalidityofthisstudyinsection4.7.

•Finally,Section4.8concludesthethesisandfutureresearchdirections.

4.2 Background

Thissectiondeinestheusefultermsandcontextdeinitiontounderstandthemethodology

easily.

•Swapping ArgumentIssuesin Python: A methodcallcantake multipleargu-

mentsfortheir methoddeinitions.Inthis method,argumentsare mostlydeinedor

assignedbeforetheyareusedasarguments. Thisargumentshouldpassinthecorrect

orderorsequencetoproperlyuseitscorresponding methoddeinition. Therefore,

annotatingthe methodargumentis mandatoryforallprogramminglanguages. To

describeourintentionoftheresearch,wetookawell-knownlibraryproject,“gensim,”

wherethe“phrases.py”ilehasamethodcallatline602“utils.prunevocab”withits

twoarguments“vocab”and“minreduce”.InFigure4.1,themethodcallisdeinedin

the“utils.py”ileatline1724. Aftergettingthemappingwiththemethodcallandits

deinition,thisdynamicallytypedlanguagewillnotshowanyerrororwarningeven

ifweswaptheorderoftheargumentsfromutils.prunevocab(vocab, minreduce)to

utils.prunevocab(minreduce,vocab)atthecompiletime.Whenweruntheprogram,

itwillgenerateanerrorshowinganerrororwarningthat“datatypeinconsistentor

valueerror”. Therefore,theuserandtheprogrammerareunawarethattheyhave

alreadyswappedtheargument, which maycauseanerror. Weaimtocollectthe

staticinformationandbuilda modeltoidentifythiserrorduringcodewriting.

•Method Global Mapping: A methodcall mustbe mappedwithitscorresponding

methoddeinitions. Thoughthismappingmethodischallengingforallcompilers,we

proposedanalternative methodtoovercomethisissue.InFigure4.1,the method

call“utils.prunevocab(vocab, minreduce)”hasitsdeinitioninadiferentile.In

theDeepBugs model,they mappedthose methodcallswitha methoddeinitionthat

isonlyinthesameile. However,Pythonhasaconventionofcalling methodsfrom

otherilesthroughimportstatements. Theseimportstatementscanimport method

deinitionsfromthesameprojectsorthepredeinedlibrarydeinitions.Followingthe
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DeepBugsapproach, we missed maximum methodcallsanddeinitions. Therefore,

weanalyzedtheimportstatementsofeachileandbroughtinter-project method

declarationsinthatilescope. TheexampleinFigure1willbemissedasthemethod

declarationsarein“utils.py”andthemethodcallsin“phrases.py”areintwodiferent

iles.

•Local Context(LC):Wecollectedthemethodcallanditslocalcontexts. Amethod

callanditssurroundingtentokensafterandbeforeareconsideredaslocalcontext.

Therefore,alocalcontextconsistsofatotalnumberoftwenty-onetokens. When

wegeneratevectorsforthenameofa methodcallanditsargument, weconsider

thislocalcontextas webelievesimilarsourcecodeelements willappearinasim-

ilarcontext[2]. Therefore,the methodcallanditsargument willfollowasimi-

larcontext. FromFigure4.1,thelocalcontextfortheargument“vocab”from

“utils.prunevocab(vocab, minreduce)”willbe[‘minreduce’,‘minreduce’,‘logger’,

‘info’,‘len’,‘vocab’,‘totalwords’,‘sentenceno’,‘utils’,‘prunevocab’,‘minreduce’,

‘vocab’,‘return’,‘minreduce’,‘vocab’,‘totalwords’,‘def’,‘addvocab’‘self’‘sen-

tences’](afterremovalofunnecessarytokens).

•Argument Usage Context(AUC): Touseanargumentina methodcall,the

programmerneedstodeclareitbeforethelineit willuse. Therecentusageof

the methodargumentasavariableoranyassignmentiscalledtheusagecontext.

InFigure4.1,the methodcall“utils.prunevocab(vocab, minreduce)”hasanar-

gumentfor“vocab” whichhasusageatlines601,596,592,and581.Inline581,

ithasanexpressionasadictionarydeinition;atlines592and596,it wasused

asanaccesstothedictionary;atline601,“vocab”isusedasanargumentofa

methodcall. Wehavecollectedalltheusagedata,thoughweignoredtheusageout-

sidethe methoddeinition. Asthevariable“vocab”hasscopeinsidethe method

deinition“learnvocab”atlinenumber579, wedidnotcollectthecontextfor

“vocab”outsidethe methoddeinition. Therefore,forthe word“vocab,”thecol-

lectedcontextwillbetheusageintheieldscopeandthelineofthe methoddef-

inition. Thusthecontextwillbe[[‘def’‘learnvocab’‘sentences’‘maxvocabsize’

‘delimiter’’connectorwords’‘progressper’],[‘vocab’],[‘vocab’‘word’‘vocab’‘get’,

‘word’],[‘vocab’‘joinedphrasetoken’‘vocab’‘get’‘joinedphrasetoken’],[‘if’’len’

‘vocab’‘maxvocabsize’]].

•Line Context: Weusedtheusagecontextofargumentsasfeaturesforour model.

Thelinecontextimpliesallthetokensofaparticularline. Asanexampleoflinecon-

textatlineno.581inFigure4.1is[“vocab”,“word”,“vocab”,“get”,“word”,“0”,“1”].
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Table4.1: GeneralizationofExtractedArgumentNames

Real TimeExampleof Arguments
Extracted
Name

Expression
Type

make pymodulepath(ilename) make pymodulepath Call

args.command command Attribute

name name Name

[variables[i][k]forkinli[j]] constant ListComp

[“–username=bob”,“–password=bar”] constant List

entry[“author”] entry Subscript

lambdax,y: map(lambdaz:z/y,x),
inv,l)

Lambda Lambda

* matchers matchers Starred

(f”{versionilesource}export-subst\n”) constant JoinedStr

(“Admin”,“admin@localhost.local”) constant Tuple

- maxabs maxabs UnaryOp

tinselectedtypesfortin(sorttoopts
(sorter.type),0)

GeneratorExp GeneratorExp

{key:(valifisinstance(val,list)elseval
.split())forkey,valinqueues.items()}

dictComp DictComp

{“secondaryuomqty”:2,“secondary
uomid”:self.secondaryunitbox5.id}

dict Dictionary

“Attemptedtodecodecorruptednumber” constant constant

pcnameinset(settings.get(’installed
packages’,[])

pcname Compare

2,e2:=int( math.log2(base) NamedExpr NamedExpr

( messageor”(no message)”)
”messageor
(no message)”

BoolOp

self.assertEqual(self.storage.ilepath
(x=0,y=1,z=2,hashed=0xdeadbeef)

BinOp BinOp

awaitget(context.querytree()) await Await

{str} constant Set

{ieldname.split(“”,1)[0]forield
nameinself.allieldnames}

constant SetComp

yieldfromresp.read() YieldFrom YieldFrom

•ParentContext:(PC)Amethodcallcanbeinthescopeofamethoddeinition,class

deinition,conditionalstatements,oranyloopstatement. Asaparentblockcontext,

wecollectedthelinecontextofaparentblockandaddedittotheargument’srecent

usagecontext.InFigure4.1,thelatestusageoftheargument“minreduce”isfoundat

lineno.580,anditisundertheparentblockatlineno579.thereforetheparentcontext

willbe[“def”,“learnvocab”,“sentences”,“maxvocabsize”,“delimiter”,“connec-

torwords“,“progressper”]and[“sentenceno”,“totalwords”,“minreduce”,“1”,“0”,“1”].

Thesecontextswereusedtotrainthevector modeltobuildtheactualusagepattern
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ofthe methodargument.

•Context Pre-processing: Thesourcecodecomprisedalltypesoftokens. Though

thetokensareimportantforexecutingthesourcecode,forembeddinggeneration,

thesetokensarenotimportant. Thesetokensgeneratedataredundancyandambigu-

ityinthecodesequence. Therefore,weusedacontextpre-processortoremovesome

unnecessarytokensfromthesourcecode.InFigure4.1,weconsideredthesegment

fromlineno601to603andcollectedthecontextas-[“utf8”,“if”,“len”,“(”,“vocab”,“

)”,“>”,“maxvocabsize”,“:”,“ utils.prunevocab(vocab,minreduce)”,“”,“utils”,“

.”,“prunevocab”,“(”,“minreduce”,“,”,“,“vocab”,“)”,“minreduce”,“+=”,“1”].

Thesetokensarereinedto[“if”,“len”,“vocab”,“maxvocabsize”,“utils”,“prune

vocab”,“vocab”,“minreduce”,“minreduce”,“1”].

4.3 Data Collection

Forthisstudy,weconsideracollectionofPythonilescollectedfromopen-sourceGitHub

repositories. Ourselectionofthedatasetisbasedonthefactthatitispubliclyavailable1,

consistsof150K Pythonilesfrom5958repositoriescoveringdiferentdomains,andis

usedbypriorstudies[44]. Ourdataset maycontainduplicatesourceiles. Apriorstudy

Figure4.2: NumberofExamplesCoveredbyArgumentCount1,2,3

by Allaminsetal.[45]showedthatcodeduplicationnegativelyimpactstheperformance

of machinelearning modelsonsourcecode. Weremoveduplicateilesfromourdataset

tocompare machinelearning models moreaccurately. Weusedacode-deduplicationtool

calledCD4PytodetectnearandexactduplicatePythonsourceiles2. Duplicateilesare

detectedasclusters,andeachclusterrepresentsduplicatediles.CD4Pykeepsoneilefrom

eachclusterandremovestheothers. Weremoved24,504(19.58%)sourceilesbyapplying

1http://files.srl.inf.ethz.ch/data/py150.tar.gz
2https://github.com/saltudelft/CD4Py

http://files.srl.inf.ethz.ch/data/py150.tar.gz
https://github.com/saltudelft/CD4Py
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thede-duplicationtool. Ourde-duplicateddatasetconsistsof125,496sourceiles. Weused

thePythonstandardASTparser(seesectionA.3)toparseandcollectourrequiredfeatures

fromthesourcecode.

4.4 Methodologies

4.4.1 DataExtractionand Generalization

ToanalyzeandextractfeaturesfromPythonsourcecode, weusedPython ASTparser3

andfollowedtheprocessdescribedatsection A.3. WeconsideredeachPythonileasa

singlesourceofinformationandpasseditdirectlytothePythonASTtogenerateanAST

representationofthesourcecode.ThisASTparsergeneratedanode,acollectionofobjects

ofexpressiontypes. Weextractedtwofeatures(notedasobjectsinthenode)fromeach

AST:i) MethodDeinitionandii) MethodCall.

Forthe methoddeinition,wecollectedthe methodname,thelistofparameters,the

linenumber,theclassinformation,andtheilename(wherethe methoddeinition

isdeclared). Wealsosavedthewholenodeforfurtherinformationforthefunctionnode

body.For methodcalls,wecollectedthemethodcallname,thelinenumber,theile

namewhereitwascalled,thelistofarguments,andthemethodcall’sparentblock

information.Inaddition,wecollectedthelocalcontextbytentokensafterandbeforethe

position[2]oftheargumentinthe methodcall.

Then,wecollectedtheusagepatternoftheargumentsbyextractingthelatestappear-

anceofthoseargumentsinthesamescopeinthecurrentile. Anargumentmustbedeined

beforeitisused;therefore,ithasavalidationofusageinthesamescopeitwasdeclared.

Forthisstep,weusedtheparentblockinformationtocollectthecontextbythelocaland

globalusagepatterns.Tocollectthisusagepatternandappearance,wetokenizedthewhole

ileandanalyzedthemwithaname-basedapproach[26][36]. Tocollectalltheabovein-

formation,weirsttokenizedthesourcecodeilesandthenusedaname-basedapproachto

locatethecode’sdeinitions, methodcalls,andtokensoftheirfeature.

When wedugdeeperintothescript, wefoundthattheargumentsofa methodcall

are mostlyavariable,a methodcall,oranyexpressiontype(seeTable4.1tounderstand

diferentexpressiontypes).Totrackdownthevariable’svaluewhereassigned,weextracted

alltheassignmentsrelatedtothatvariableinsidetheprojectiles. Besides,to mapthe

methodcallswiththeirrespective methoddeclarationsinthesourcecode,weparsedthe

importstatementsofeachPythonscript. Theseimportstatementsimpliedhowsource

codeswereconnectedandhowtheircontentscouldbereusedinanothersourcecode. We

discussedearlierinsection3.3.4aboutthepatternofimportstatements.

3https://docs.python.org/3/library/ast.html

https://docs.python.org/3/library/ast.html
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Wecollectedalltheexpressiontypesforthemethodarguments.AtDeepBugs-[2],they

collectedlimitedexpressiontypes,whereaswehandledalltheexpressiontypesdescribedat

thePythonAST4. Wecollectedandgeneralizedthetokenswhileworkingonname-based

analysis. Table4.1showshowwehavecollectedtheinformationfromeachargument.

Therefore,thegeneralizedsegmentwastreatedastheactualnameoftheidentiier,and

thesewereconsideredasthenamesofthefeatures. Weusedthoseargumentsthathad

argumentsmorethan1.InFigure4.2,weplottedthecoverageofexamplesbytheircount

ofargumentsperexampleandfoundalmost91%ofexampleswerecoveredbyexamplesthat

hadmanyargumentslessthan4.Thereforeweconductedourstudyonswapping

argumentsofirsttwoadjunctarguments.

4.4.2 Linking MethodCallstoitsDeinitions

Linkingmethodcallstotheirdeinitionsarerequiredtosupporttheimplementationof

DeepBugs,astate-of-the-artname-basedbugdetectiontechnique. DeepBugsutilizesse-

manticvectorrepresentationofargumentsofamethodcallandtheformalparametersof

thecalledmethod. WeimplementDeepBugsforthePythonprogramminglanguageto

comparewithourproposedtechnique. Wefollowedthestepsfromthesection3.3.Though

oursection3.3consideredallofthemethoddeinitionsfromallthelibrariesandbuilt-in

functions,weconsideredmappingofmethodcallsfromthesameprojectforourstudy.To

comparewiththeexistingapproach(DeepBugs),weneededonlythosemethodcallsthat

hadamappinginthesameile.Therefore,wecollectedthemappedmethodcallsonlyfor

thesameproject.Afterusingtheapproachdescribedinsection3.3,wefoundthat1,76,743

methodcallsweremappedsuccessfullywithinthesameproject.Theseexampleswereused

totraintheDeepBugsmodeltoevaluatetheperformanceofPythonLanguage.

4.4.3 BinderGeneration

Afterthemethodcallanditsdeinitioncollection,wechangedthewordstotheirvectors

byusingthegensimword2vec5model. The Word2vecmodelwillgothroughthecontext

andgeneratevectorsfromthecodecontext.Thebinderisthecollectionofcalland

deinitionfeaturesthatwillbeusedtodetectswappingargument-relatedbugs.

4.4.3.1 BinderGenerationforCorrectCodePattern

Wehavefourdiferentbindersforfourdiferentmodels. Thisbinderconsistsofthefea-

turesusedinthemodel. Additionally,thisbinderindicateshowthemodelshouldlearn

thecorrectandwrongsequence.OurirstmodelistheoriginalDeepBugsmodelwiththe

4https://docs.python.org/3/library/ast.html
5https://radimrehurek.com/gensim/models/word2vec.html

https://docs.python.org/3/library/ast.html
https://radimrehurek.com/gensim/models/word2vec.html
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Table4.2: BinderInformationfor DeepBugs Model(DBM)and API UsageBased Model
(AUM)

Notation Description
Context
Notaion

Collected Context

MCN MethodCallName MCN LC

[“inbetween”,“append”,“word”,“totalwords”,
“1”,“if”,“len”,“vocab”,“maxvocabsize“,
“utils“,“prunevocab”,“vocab”,“minreduce”,
“minreduce”,“1”,“logger”,“info”,“len“,
“vocab”,“totalwords”,“sentenceno”

MDN
MethodDeinition
Name

MDN “def”,“prunevocab”,“vocab”,“minreduce”,
“trimrule”,“None”,“result”,“0”,“oldlen”,“len”,
“vocab”MDP1

Parameter1of
MethodDeinition

MDP1

MDP2

Parameter2of
MethodDeinition

MDP2

MCA1

Argument1of
MethodCall

MCA1 LC

[“append”,“word”,“totalwords”,“1”,“if”,“len”,
“vocab”,“maxvocabsize“,“utils”,
“prunevocab”,“vocab”,“minreduce”,
“minreduce”,“1”,“logger”,“info”,“len”,
“vocab”,“totalwords”,“sentenceno”,“1”]

MCA2

Argument2of
MethodCall

MCA2 LC

[“word”,“totalwords”,“1”,“if”,“len”,“vocab”
,“maxvocabsize”,“utils”,“prunevocab”,
“vocab”,“minreduce”,“minreduce”,“1”,
“logger”,“info”,“len”,“vocab”,“totalwords“,
“sentenceno”,“1”,“return”]

MCA1 Type
TypeofArgument1
of MethodCall

MCA1 Type Name

MCA2 Type
TypeofArgument2
of MethodCall

MCA2 Type Name

followingfeaturesinthebinder:

Binder GenerationFor DeepBugs Modelfor Python(DBM): Acorrectcodepat-

tern wasgainedbyparsingthesourcecodeilesandcollectingthefeaturesfor method

deinitionsandcalls. After mappingthe methodcallwiththe methoddeinition,acorrect

codepatternwasgeneratedbycombiningthefeaturesdenotedatTable4.1inacertain

sequence.(seeTable4.2for Abbreviationofthenotations). Therefore,thecorrectcode

patternfortheDeepBugs Modelisaddressedintheequation4.1.

CorrectCodePattern(DBM)=(MDN,MCN,MCA1,

MCA2,MCA1 Type,MCA2 Type,MDP1,MDP2)
(4.1)
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IntheexampleinFigure4.1thebinderformationis[“prunevocab”,“prunevocab”,“vocab”,

“minreduce”,“Name”,“Name”,“vocab”,“minreduce”]forthe methodcall

“utils.prunevocab(vocab,minreduce)”

Binder Generationfor Argument Usage Pattern with ParentInformationand

Expression TypeInformation: Ourstudyisbasedontheusagecontextoftheargu-

ment. Weproposedasolutiontodetecttheargument-swapping-relatedbugsevenifthe

methodcallinformationis missing. Therefore,wegeneratedthree morebindersforthree

modelswherewedidnotconsiderthe methoddeinition. Theyaredescribedbelow-

•Binder Generationfor API Usage-Context: Webuiltabinderforthe API

Usage-Context Model(AUM)fortheirstusage-based model.Inthis model,wecon-

sideredonlyAPIfeatures. OurgoalwastochecktheperformanceoftheDeepBugs

Modeltoseeiftherewas missinginformationonthe methodDeinition. Therefore,

forthis model,thecorrectcodebinderwithnotation(seeTable4.2forAbbreviation

ofthenotations)wasshownbytheequation4.2.

CorrectCodePattern(AUM)=(MCN,MCA1,MCA2,MCA1 Type,MCA2 Type)

(4.2)

Table4.3: BinderInformationforAUCM Model

Notation Description

MCN MethodCallName

MCA1 LC LocalContextofArgument1of MethodCall

MCA2 LC LocalContextofArgument2of MethodCall

MCA1 Type TypeofArgument1of MethodCall

MCA2 Type TypeofArgument2of MethodCall

MCA1 PCLU ParentBlockandlatestusageofArg1of MethodCall

MCA2 PCLU ParentBlockandlatestusageofArg2of MethodCall

MCA1 AUC AllusageContextofArg1of MethodCall

MCA2 AUC AllusageContextofArg2of MethodCall

IntheexampleinFigure4.1,forthemethodcall“utils.prunevocab(vocab,minreduce)”,

thebinderformationis[“prunevocab”,“vocab”,“minreduce”,“Name”,“Name”].

This modelonlyconsideredthe methodcallnameanditsargument. Whencollect-

ingthecontextforthisbinder,wecollectedthelocalcontextof methodcallandits

argument.

•Binder Generationfor Argument UsagePattern withParentInformation:
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Table4.4: CollectedContextforAUCM Model

Binder
Features

Token
Name

Line
No.

Context
Remark

Collected Context

MCN LC prunevocab 602
Local
Context

[“inbetween”,“append”,“word”,
“totalwords”,“1”,“if”,“len”,“vocab”,
“maxvocabsize,““utils“,“prunevocab”,
“vocab”,“minreduce”,“minreduce”,“1”,
“logger”,“info”,“len,““vocab”,“totalwords”,
“sentenceno”]

MCA1 LC vocab 602
Local
Context

[“append”,“word”,“totalwords”,“1”,“if”,“len”,
“vocab”,“maxvocabsize“,“utils”,“prunevocab”,
“vocab”,“minreduce”,“minreduce”,“1”,
“logger”,“info”,“len”,“vocab”,“totalwords”,
“sentenceno”,“1”]

MCA1 LC min reduce 602
Local
Context

[“word”,“totalwords”,“1”,“if”,“len”,“vocab”,
“maxvocabsize”,“utils”,“prunevocab”,“vocab”,
“minreduce”,“minreduce”
,“1”,“logger”,“info”,“len”,“vocab”,“totalwords“,
“sentenceno”,“1”,“return”]

MCA1 Type vocab 602 Name

MCA2 Type min reduce 602 Name

MCA1 PCLU vocab 583
Parent
Line
Context

[“for”,“sentenceno”,“sentence”,“in”,“enumerate”,
“sentences”]

601
Line
Context

[“if”,“len”,“vocab”,“maxvocabsize”]

MCA2 PCLU min reduce 579
Parent
Line
Context

[“def”,“learnvocab”,“sentences”,
“maxvocabsize”,“delimiter”,“connectorwords“,
“progressper”]

580
Line
Context

[“sentenceno”,“totalwords”,“minreduce”,
“1”,“0”,“1”]

MCA1 AUC vocab 581
Line
Context

[“vocab”,“word”,“vocab”,“get”,“word”,“0”,“1”]

592
Line
Context

[“vocab”,“word”,“vocab”,“get”,“word”,“0”,“1”]

596
Line
Context

[“vocab”,“joinedphrasetoken”
,“vocab”,“get”,“joinedphrasetoken”,“0”,“1”]

601
Line
Context

[“if”,“len”,“vocab”,“maxvocabsize”]

MCA2 AUC min reduce 580
Line
Context

[“sentenceno”,“totalwords”,
“minreduce”,“1”,“0”,“1”]
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Weextractedcontextbasedontheargumentusage(ArgumentUsageContext-Based

Model(AUCM))totrainthe model withabettercontext. Theinformationofan

argumentofamethodcallisembeddedinthecontextoftheusageofthatargument.

Whenwecollectedthelatestusageoftheargument, wecollectedtheparentblock

informationandthelatestusageofthename. Thecontextoftheparentblockwill

determinetheargument’susagebasedontheirtokenizedinformation. Besides, we

havecollectedthelocalcontextbyextractingtheinformationfrom10tokensafter

andtentokensbeforetheargumentinthe methodcall. Next,weaddedthescope

ofthevariableinformationtotheusagecontexttouniquelyidentifythelocaland

globalvariables. Therefore,thecorrectcodebinderfortheargumentusagecontext

ofthe methodcallwillbeinthesection4.3(seeTable4.3for Abbreviationofthe

notations)-

CorrectCodePattern(AUCM)=(MCN,MCA1 LC,MCA2 LC,MCA1 Type,

MCA2 Type,MCA1 PCLU,MCA2 PCLU,MCA1 AUC,MCA2 AUC)
(4.3)

•Binder Generationfor Argument Usage Pattern with ParentInformation

andExpression TypeInformation(AUCMET):BasedontheArgumentUsage

PatternwithParentInformation,oursecond modelsuferedfromtheambiguityof

tokensanduncontrolledvocabularylength. Therefore,weintroducedtheexpression

type-basedadditionalcontextfortheArgument Usage Context Model with

Expression Type(AUCMET).Thisexpressiontypewasconsideredstructuralin-

formation.Byaddingtheexpressiontypeinformation,weaddedtheactualgrammar

ofaprogramminglanguage. The modeltrainedfromthisfeaturegotenoughinfor-

mationaboutthecorrectsequenceofeverytoken. Atthetimeofcontextcollection,

weprogrammaticallyandimplicitlyaddedtheexpressiontypeofeachtokentoiden-

tifythetokensuniquelyofidenticalnames. Thisexpression-typeinformation was

collectedbyparsingeverysourcecodenodeandindividuallyaddingbyconsidering

atoken’scolumnofset. Therefore,our modelgotadditionalinformationforabet-

terunderstandingoftheusageoftokensandcorrectusagepatternsfromthecode

segmenttocapturetheargumentswapping.

Forour modelbasedonArgumentUsagePatternwithParentInformationandEx-

pressionTypeInformation,ourbinderformationisdescirbedin4.4(seeTable4.5for

Abbreviationofthenotations)

CorrectCodePattern(AUCMET)=(MCN LCET,MCA1 LCET,

MCA2 LCET,MCA1 Type,MCA2 Type,MCA1 PCLUET,

MCA2 PCLUET,MCA1 AUC ET,MCA2 AUC ET)

(4.4)
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Table4.5: CollectedContextforAUCMET

Binder
Features

Token
Name

Line
No.

Context
Remark

Collected Context

MCN LCET prunevocab 602
Local
Context

[“inbetween#call”,“append#call”,“word#arg”,
“totalwords#assign”,“1#constant”,“if#IfExpr”,
“len#call”,“vocab#arg”,“maxvocabsize#un
known”,“utils#call”,“prunevocab#call”
,“vocab#arg”,“minreduce#arg”,“minreduce#
assign”,“1#constant”,“logger#call”,“info#call”,
“len#call”,“vocab#arg”,“totalwords#arg”,
“sentenceno#arg”]

MCA1 LCET vocab 602
Local
Context

[“append#call”,“word#arg”,“totalwords#ass
ign”,“1#constant”,“if#IfExpr”,“len#call”
,“vocab#arg”,“maxvocabsize#unknown”,
“utils#call”,“prunevocab#call”,“vocab#arg”,
“minreduce#arg”,“minreduce#assign”,
“1#constant”,“logger#call”,“info#call”,
“len#call”,
“vocab#arg”,“totalwords#arg”,
“sentenceno#arg”,“1#constant”]

MCA2 LCET min reduce 602
Local
Context

[’word#arg”,“totalwords#assign”,“1#constant”,
“if#IfExpr”,“len#call”,“vocab#arg”,
“maxvocabsize#unknown”,“utils#call”,
“prunevocab#call”,“vocab#arg”,“minreduce#
arg”,“minreduce#assign”,“1#constant”,
“logger#call”,“info#call”,“len#call”,
“vocab#arg”,
“totalwords#arg”,“sentenceno#arg”,
“1#constant”,“return#return’]

MCA1 Type vocab 602 Name

MCA2 Type min reduce 602 Name
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Table4.6: CollectedContextforLatestandParentBlockUsageContextwithExpression
typeinformation(Contd.)

Binder
Features

Token
Name

Line
No

Context
Remark

Collected Context

MCA1 PCLUET vocab
583

Parent
Line
Context

[“for#For”,“sentenceno#
unknown”,“sentence#unknown,“
keyword”,’enumerate#call”,“sentences#arg’]

601
Line
Context

[“if#IfExp”,“len#call”,
“vocab#arg”,“maxvocab
size#Name”]

MCA2 PCLUET min reduce
579

Parent
Line
Context

[’def#FuncDef”,“learnvocab#
FuncDef”,“sentences#par”,“max
vocabsize#par”,“delimiter#par”,
“connectorwords#par”,“progress
per#par”]

580
Line
Context

[“sentenceno#assign”,“totalwords
#assign”,“minreduce#assign”,
“1#constant”,“0#constant”,
“1#constant”]

MCA1 AUCET vocab

581
Line
Context

“vocab”#assign

592
Line
Context

[“vocab#subscript”,“word#unknown”,
“vocab#call”,“get#call”,“word#arg”,
“0#arg”,“1#arg’]

596
Line
Context

[“vocab#subscript”,“joinedphrase
token#unknown”,“vocab#call”,
“get#call”,“joinedphrasetoken
#arg”,“0#arg”,“1##constant’]

601
Line
Context

[“if#IfExpr”,“len#call”,“vocab
#arg”,“maxvocabsize#unknown’]

MCA2 AUCET min reduce 5802
Line
Context

[“sentenceno#assign”,“totalwords#
##assign”,“minreduce#assign”,
“1#constant”,“0#constant”,
“1#constant”]
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4.4.3.2 SwappingArgumentSequencefor WrongCodePattern

ABuggycodepatterncannotbedirectlycollectedfromtherepository. Therefore,we

generatedthewrongcodepatternprogrammatically.AccordingtoDeepBugs[2],program-

mersarepronetoerrorsformixingupthearguments’sequencewhilecallingthemodule.

Besides,correctargumentpassingismainlybasedonthenumberofargumentsandthe

valuespassedatthetimeofthecall. Wehaveswappedthesequenceoftheactualargument

andgeneratedthebuggycodesequence,andwefollowedthesamecontextcollectedand

describedatTable4.2. ThegeneratedwrongbinderforDeepBugs Modelisdescribedin

equation4.5.

BuggyCodePattern(DBMW)=(MDN,MCN,MCA2,MCA1,

MCA2Type,MCA1Type,MDP1,MDP2)
(4.5)

Thereforethebuggycodebinderforthemethodcall“utils.prunevocab(vocab,minreduce)”

inFigure4.1willbe[“prunevocab”,“prunevocab”,“minreduce”,“vocab”,“Nam

e”,“Name”,“vocab”,“minreduce”].

Similarly,wegeneratedabuggycodesequencefortheAPIUsage-Contextmodel(AUM)by

swappingtwoarguments,asdescribedintheequation4.6.

BuggyCodePattern(AUMW)=(MCN,MCA2,MCA1,MCA2Type,MCA1Type) (4.6)

FortheAUCMModel,wefollowedasimilarapproachtogeneratethebuggysequence,and

theformation(equation4.7)oftheAUCMisasfollows:

BuggyCodePattern(AUCMW)=(MCN,MCA2LC,MCA1LC,MCA2Type,

MCA1Type,MCA2PCLU,MCA1PCLU,MCA2AUC,MCA1AUC)
(4.7)

Forourproposedmodel,wehaveusedthebinderformationatsection4.8,whichcon-

sideredtheextendedinformationbyaugmentingExpressiontypeinformationwithtokens.

BuggyCodePattern(AUCMETW)=(MCN,MCA2LCET,MCA1LCET,MCA2Type,

MCA1Type,MCA2PCLUET,MCA1PCLUET,MCA2AUCET,MCA1AUCET)

(4.8)

4.4.4 ContextCollectionfor Word2vec Model

WecollectedcontextandtokenizedthemusingaPythontokenizer[46]. Weconsideredten

tokensafterandbeforetheparticularwordandallthetokensfromalinewhencollecting
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thetokens. Wedescribedfourtypesofcontextinformationinsection4.2.Now,according

totherequirementsofbindersfordiferentmodels(describedinsection4.4.3).Therefore,

ourprocesseddatasetwasgeneratedforfourdiferentmodels.

Table4.7:EncodingofTokensforAUCMET

Example
Expression
Type

Encoding

deflearnvocab FunctionDef
learnvocab#
FunctionDef

deflearnvocab(sentences) para sentences#para

vocab={} Assign vocab#Assign

count=1 Constant 1#Constant

vocab[word] Subscript vocab#Subscript

info call info#call

ifwordnotin
connectorwords

IfExpr if#IfExpr

unigram+bigrams binop unigram#binop

ifwordnotin
connectorwords

compare word#compare

c={1,2} Dict {1,2}#Dict

classstudent: ClassDef class#ClassDef

classstudent ClassDef student#ClassDef

unittest.test() Attribute unittest#Attribute

unittest.test() call test#call

deflearnvocab
(*sentences)

stared sentences#stared

i=true boolean true#boolean

anyothertokens unknown tokname#unknown

4.4.4.1 ContextCollectionforDeepBugs Model(DBM)

DeepBugsModelrequiredeightfeatures,andTable4.2showedthecollectedcontextforthe

model. Wefollowedtheequation4.1and4.5,andthecollectedcontextwasdenotedhere

inTable4.2. Wecollectedonlythosetokensafterthe“def”tokenformethoddeinition.

Programmerscandeclareafunctionatanylocationofasourcecode. Therefore,itis

notmandatorytocollectlocalcontext.Therefore,weonlycollectedtheinformationfrom

themethoddeinitionbody.Thesecontextsweretrainedindividuallytoaword2vecmodel.

Therefore,wetrainedanewword2vecmodelforeverynewexampleandcollectedthevector

fromthemodel. Weusedtheword2vecmodeleighttimesforeachexampletotrainand

collectvectorsforeachfeature. WewantedtocompareDeepBugsandtheAUCMETwith

allmethodcallsandonlythemappedmethodcalls;weusedaconstantvectorofidentical
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lengthandilledinthoseexampleswheremethoddeinitionsweremissing.Thishelpedus

consideralltheexamplesandchecktheperformanceofDeepBugs.

4.4.4.2 ContextCollectionforAPIUsage-Context Mode(AUM)

TheirmdiferencebetweentheDBMmodelandtheAUM Modelistheremovalofthe

methoddeinition.Therefore,weusedthesamecontextoftheDBMModelafterremoving

featuresfromthedeinitionofthe method. Wefollowedtheequation4.2and4.6for

collectingthecontextsasperthedescriptioninsection4.2. Thecollectedcontextswere

atTable4.2. Thus,wegeneratedthevectorfortheDeepBugs Modelandremovedthe

deinitionvectortogeneratedatafortheAUMmodel.

4.4.4.3 ContextCollectionforArgumentUsagePatternwithParentInforma-

tion Model(AUCM Model)

ForallMethodcalls,wecollectedadditionalinformation,andthesefeaturesweredescribed

inTable4.3.ThecollectedcontextwasdescribedinTable4.4.Anargumentmusthaveto

bedeclaredandassignedbeforeitisused.Therefore,thismodelwasbuiltontopofhow

anargumentwasusedbeforealineofmethodcall.Aswedidnotprovideanyinformation

aboutthemethoddeinition,thismodelissuitableevenifthemethoddeinitionismissing.

FortheArgumentUsagePatternwiththeParentInformationModel,wecombinefour

diferentfeaturesforeachargument.First,wecollectedthelinecontextofeachargument.

Then,wecheckedwhichparentblockthemethodcallissituated.Fromthecodesegmentin

Figure4.1,fortheirstargument“vocab”ofthemethodcall“prunevocab,”theargument

usagecontextfoundatlinesno.581,592,596,601andthe“minreduce”(atlinesno.582)

beforeline602. Ouranalysisdeterminedthecorrectpositionofargumentbasedontheir

usagepattern.Fortheargument’slatestusagecontextwithitsparentblockinformation,

fortheirstargument,“vocab”ofthemethodcall“prunevocab”,wecollectedcontextfrom

linenumber583asparentblockinformationandcontextfromlineno601asargumentlatest

usagecontext. Wecollectedthetypeofeachargumentbyusingtheapproachdescribedin

section3.2;therefore,fortheirstargument,“vocab,”theexpressiontypeis“Name.”

4.4.4.4 ContextCollectionforArgumentUsagePatternwithParentInforma-

tionandExpressionTypeInformation(AUCMET)

Similarly,weaugmentedtheexpressiontypeexpressionwithContextofArgumentUsage

PatternwithParentInformationtocollecttheadditionalinformationforourmodel.Table

4.5showedthecollectedcontextfortheArgumentUsagePatternwithParentInformation

andExpressionTypeInformation Model. Ourtokenizationprocessgeneratedthetoken,
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Figure4.3:EncodingofA WordBasedonDiferentExpressionType

andtheASTparserprovidedtheexpressiontypeinformationforthetoken. Table4.7in-

cludedtheembeddingprocessofexpressiontype. Weconsideredonlythosetokensrelated

tothe methodcall,theirdeinitions,andtheirfeatures. Asargumentswererelatedtothe

assignmentexpression,weconsideredtheassignmentexpression,too. Thedatalowofa

sourcecodewasrelatedtocontrolandconditionalstatements,suchas“if”,“for”,“elif”

whichwerealsoconsideredintheembedding. Ontheotherhand,asanargumentis most

likelytobeaname,constant,attributeexamples(seeTable5.2forargumentexpression

typefrequency),weconsideredalltheembeddingofanameanditsusageperfectly. There-

fore,thesamenamecanbeembeddedintoanargument,name,call,orconstantbythe

placeused.

Exampleof Encodingfora Token“vocab”: Thetoken“vocab”wasfoundinline

no.581,587,592,596,601,and603intheFigure4.3. Therefore,ourencodinggenerator

builtfourencodingtypesforthetoken“vocab”. Thishelpedour modeltolearnaspeciic

patternbasedontheexpressiontypeofatoken. Atthetimeoftrainingthecontextto

theword2vec model,theword2vec modellearnedfourdiferentusagecontextsof“vocab”-

“vocab”asanassignment,“vocab”asanargument,“vocab”asasubscript,“vocab”asan

attribute. Therefore,theirstargumentofthe methodcallsatlineno. 602. Adding

Encodingfor Other ProgrammingLanguage: InthegivenexampleinFigure4.4,
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Figure4.4:ComparisonofEncodingForOtherProgrammingLanguage

segment-(a)showsasimplePythonprogram,andsegment-(b)showsasimpleJavapro-

gram,whichimpliesthesameasaprogramatsegment-(a). Atline1inthesegment-

(a),theencodingofdeinitionis[“def#Functiondef,”“factorial#Functiondef,”“n#arg”],

whichimpliesthatthemethoddeinitionpatternshouldbe(Functiondef,Functiondef,arg).

Ontheotherhand,inline8inthesegment-(b),wefoundtheencodingcouldbe[“pub-

lic#accessmodiier”,“static#methodmodiier”,“int#type”,“fatorial#methoddef”,“int

#type”,“n#arg”]. Atline13forthesegment-(a),“factorial”wasencodedas“facto-

rial#methodcall”andatline1itwas“factorial#Functiondef”.Atline5forthesegment-

(b),“factorial”wasencodedas“factorial#methodcall”andatline1,itwas“factorial#method

def”;therefore,forthesamename“factorial”wecanencodetheexpressiontypewhichpro-

videsauniquerepresentationofeachtoken,andwebelievethatthiswillperformsameas

Pythontoanotherlanguage.

4.5 ExperimentalSetup

Ourdatasetconsistsof125,496sourceiles.Intotal,thedatasetcontains24.63millionlines

ofcode. WeusetheASTmodule6ofPythontoparsesourceilesandcollecttherequired

information. Whilethedatasetcontains4.18millionmethodcalls,thereare288kunique

methodcallsinthem.21.78%ofmethodcallsdonothaveanyarguments,47.27%ofmethod

callshaveonlyoneargument,and30.94%ofmethodcallshavemorethanoneargument.

Forourstudy,weconsideronlythosemethodcallsthathavemorethanoneargument.

Weuse96,623ilesfortrainingand28,873ilesfortesting. WeuseGensim Word2Vec

implementationtodetectembeddings7.Forbuildingtheclassiiers,weusemachinelearning

6https://docs.python.org/3/library/ast.html
7https://radimrehurek.com/gensim/models/word2vec.html

https://docs.python.org/3/library/ast.html
https://radimrehurek.com/gensim/models/word2vec.html
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Figure4.5: WorkFlowDiagram

modelsfromtheScikit-learn8library.Allexperimentsareconductedusingamachinewith

anAMDRyzen95900Xprocessor,135GBofmemory,andaGeforceGTX1660TiGPU.

4.6 EvaluationProcedure

Inthissection,wewillcompareAUCMETwithDeepBugsanddescribeourapproach’s

evaluationprocess. Wealsoconductedanempiricalstudytounderstandtheargument

expressiontypeanditssigniicance. Thisresearchworkprojectsthefollowingresearch

questions:

•RQ1: HowdoprogrammersuseargumentandparameterinPython?

•RQ2: Howefectiveisourproposedtechnique(AUCMET)indetectingargument-

relatedbugscomparedtoDeepBugs?

•RQ3: Whatistheimpactofdiferentsourcesofinformation?

•RQ4: Canweusepre-trainedwordembeddingindetectingargument-relatedbugs?

8https://scikit-learn.org/stable/

https://scikit-learn.org/stable/
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•RQ5: Isourproposedtechniqueeicientenoughtobeusedinpractice?

Thedataandcodeexamplesrelatedtothestudyareavailableonline(onrequest)tosupport

anyfuturereplications.

4.6.1 Evaluation Metrics

Weformulatetheproblemasabinaryclassiicationtask. Toevaluatetheperformance

ofthetechniquesindistinguishingcorrectcodefromincorrectone(i.e.,bugscreatedby

incorrectlyswappingarguments), weconsiderprecision,recall,andF1score. Precision

referstothepercentageofcorrectpredictionsamongallpredictions. Recallreferstothe

percentageofcorrectpredictionsamongalltestcases.F1-scorereferstotheharmonicmean

ofprecisionandrecall. Thisiscalculatedasfollows.

F1score= 2∗precision∗recall
precision+recall

Thegoaloftheclassiierisnotonlytoidentifyincorrectcodesbutalsotodetectthose

codesthatarecorrect. Thus,wereportedprecision,recall,andF1scoreforbothclassesfor

both mapped methodcallsandall methodcalls.

Figure4.6:LexicalSimilaritybetweenArgumentanditscorrespondingParameter

4.6.2 RQ1: HowdoprogrammersuseargumentandparameterinPython?

Weconductedanempiricalstudyonthename-basedanalysisofargumentsandparameters

toverifytheefectofargumentandparameternames. Thisanalysisexposedthesimilarity

betweentheargumentandparameternames,thesizeoftheargument,andtheparameter

andexpressiontype. Ourstudyisbasedonthefollowinganalysis-
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•Whatisthedistributionoflexicalsimilaritybetweenaparameteranditsarguments

inPython?

•WhatisthelengthofargumentsandparametersinPython?

•Whatarethereasonsforthedissimilarityofmethodargumentsandtheircorrespond-

ingparameters?

•Canweilterouttheargumentsthathavelowersimilarityvalueswiththeirarguments?

4.6.2.1 DistributionofLexicalSimilaritybetweenaParameteranditsArgu-

mentsinPython?

Motivation:

Arguments:

Thedeclarationstatementencapsulatesessentialinformationaboutthemethod,includ-

ingitsnameandparameters.Notably,theparametersandtheirtypesarevitalinguiding

howthemethodshouldbecalled.Thislinkagebetweenamethodcallanddeinitionises-

peciallyprevalentinmodularprogrammingparadigmslikePython.Ifmostofthemethod

parametersandargumentsliewithinahighsimilarityrange,wecanconcludethatprogram-

mersareawareofusingthecorrectargumentsandparameters.Asanexample,inFigure

4.1,theirstargumentwas“vocab,”andtheirstparameterwasalso“vocab,”whichim-

pliedthatthedeveloperalreadyknewaboutthemethodanditsfunctionality.Therefore,

wecheckedallmappedmethodcallsandtheirmethodparametertocheckhowtheyusethe

arguments.

Figure4.7:LengthofArgumentNamebyCharacters
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Figure4.8:LengthofParameterNamebyCharacters

Thesimilaritiesbetweenargumentsandparameterspreservethecorrectnessofthepro-

gramstructure. Therefore,weintendtodetectthename-basedsimilaritiessothatwecan

reduceanomaliesandgetanoverviewof methodcallinginPython.

Study Procedure: Wecollectedthose methodcallsfromthe150kPythonileswith

methoddeinitions. Thus,wehadapairofargumentsandtheircorrespondingparameters.

Atthetimeofargumentandparameterextraction,wefollowedtherulestogeneralizethe

arguments.(seeTable4.1)

Wesimpliiedthecomplexexpressionsfromourextracteddataascomplexexpressions

areindependentofname-basedanalysisforunpredictableusageofnames. Weusedtheterm

similarityconcepttodeterminethelexicalsimilarityofargumentsandparameters. Using

capitallettersandunderscores,wetoredownthenamesof methodcallsandparameters.

Finally, wecalculatedthelexicalsimilaritybetweenanargumentandaparameterusing

thefollowingformula4.9.

First,tocalculatethelexicalsimilarity,wesumupthecommontermsbetweenargu-

mentandparameterandparameterandargument. Then,wedeterminedthetotaltermsin

theargumentandparameter. Afterthat,weestimatedthelexicalsimilarityafterdividing

thesummationofcommontermswiththetotaltermsofargumentandparameter. For

illustration,

Termlexisimi(arg,par)=
|comterms(arg,par)|+|comterms(par,arg)|

|terms(arg)|+|terms(par)|
(4.9)

Termlexisimi(“count”,“totalCount”) =(1+1)/(1+2) =0.67. Anotherexampleis
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lexicalSimilarity(“totalCount”,“totalCount”)=(2+2)/(2+2)=1.Here,thevalueoflexical

similarityvariesfrom0to1,where1indicatesthehighestsimilaritybetweenargumentand

parameter.

Figure4.9:LengthofParameterNamebyTerms

Result: OuranalysisshowedinFigure4.6thatapproximately30%ofparameters

andargumentshadanexactmatchattheirname;ontheotherhand,morethan60%of

argumentsandparametershadasimilarityrangeof0to0.1.Toindthereasonforthelow

similarity,weanalyzedthelengthofthenamesofargumentsandparameters.

Ourgoalwastoindanyrelationbetweenthelengthoftheargumentandparameters

andtheirsimilarity.Thisanalysisshowedthatprogrammersarenotcarefulaboutchoosing

thesamenameforargumentsandparameters.Therefore,adirectapproachtocreatinga

modelwithsimplename-basedmappingisinefectiveforargumentrecommendationorbug

detection.

4.6.2.2 WhatistheLengthofArgumentsandParametersinPython?

Motivation: Upondiscoveringaconsistentdistributionofsimilaritiesbetweenarguments

andparameters,wefocusonunderstandingtheunderlyingreasonsforthesesimilarities.

Ouranalysisdelvedintocharacterandwordmatcheswithineachword.Theprimarydeter-

minantofsimilarityliesincomparingthelengthsofindividualargumentsandparameters.

Ourmotivationisrootedinexploringtherelationshipbetweenlengthandsimilarity.This

investigationaimstouncoverusagepatternsandcharacteristicsofmethodargumentsand

parametersbyexamininghowtheirlengthscorrelatewiththeobservedsimilarities.

StudyProcedure:Forourstudy,weusedonlythemappedmethodcallsfrom150k
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Figure4.10:LengthofArgumentNamebyTerms

Pythoniles. Thislengthofanargumentandparameterdepictshowdescriptivethenames

are. Asanexample,a methodcall“sum(x,y)”hasargumentsxandy. Ausercannot

understandtheseargumentsastheyaresinglecharacters.Iftheargumentisdescriptive,

forexample,“sum(mark1, mark2)”,theusercaneasilyunderstandthatthe methodcall

sumwilladdtwo marks. Anotheraspectofcollectingthe methodargumentsandparam-

eterlengthistoshowthatthelexicalsimilarityofparametersislowwhilethelengthis

small. Wecalculatedthesimilarityforalltheargumentandparameter-mapped method

callsforouranalysis. We madeaclusterofargumentsandparametersbytheirlengthand

generatedaveragesimilarityvalues. Whileconsideringthetermofarguments,Figure4.10

showedthat50%argumentnamesareonlyoneterm, whichimpliesthatthenamesare

descriptive,thoughFigure4.9showedthe methodparameternamesare mostlyoneterm

(80%). Therefore,wecandecidethatwhilechoosingthenameofanargument,thepro-

grammersarenotcheckingtheparameternamesatall,ratherthanprovidingdescriptive

namesconsideringtheirprogrammingcontextandskillforarguments.

Result: Ourstudyshowsthatthelengthoftheparameterandargumenthavechances

ofhighsimilarity.Incontrast,thelengthislonger,andprogrammersshouldusedescriptive

namestoreduceerrorsrelatedtoargumentselection. Theprogrammersdonotprovide

descriptivenamesforarguments,andfromFigure4.7,almost50%namesofthearguments

arenotdescriptive(lessthan11characters). Ontheotherhand,morethan80%parameter

namesarelessthan11characters.Therefore,theprogrammersareverypreciseinproviding

anamefor methoddeinitions.
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Parameters:

Figure4.11:ArgumentAverageSimilaritybyCharactersandTerms

Figure4.12:ParameterAverageSimilaritybyCharactersandTerms

4.6.2.3 Whatarethereasonsforthedissimilarityof methodargumentsand

theircorrespondingparameters?

Motivation: Ourstudyshowsthattheargumentsofamethodcallcanbelexicallydif-

ferentthanitsparameters. Thosedissimilarargumentsengenderanalogiesinasoftware

system. Therefore,investigatingthereasonfordissimilaritywillprovidetheprogrammer

withknowledgeaboutchoosingthenamesofargumentsaccordingtothemethodparame-

ters.Therefore,studyingthereasonforthisdissimilarityisimportant.

StudyProcedure:Weilteredoutallthedissimilarargumentsandcalculatedthe

averagesimilaritytodeterminethereason. Wefoundthatmostoftheargumentshave

singlecharacters. Theigureshowsthatthesimilarityvalueisinverselyproportionalto

thelengthoftheargumentandparameterpair.Thediscrepancybetweenargumentsand

parametersisfurtherexacerbatedbytheuseofgenericparameternamesinmethodsof

collectionclasses.Approximately39.6%oftheargumentsaremappedtoparameterswith

genericnameslikeindex,item,key,orvalue. Thesenamesarecommonlyemployedin
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methodsdesignedtomanipulatedatacollections. Despitethemeaningfulnatureofthese

parameternames,thecorrespondingargumentsoftendifersigniicantly,astheytypically

representconcretevaluesorindexes.

Result:Wefoundapproximately75,335parametershaveashortername,andtheypos-

sessalowsimilarity. Thisisthereasonforthemismatchofparametersandargument

usage.InPython,methodsaredevelopedandusedbyothers,whichindicatesthatthere

isnocontroloverthenamingofanargument.Thoughitisunpredictable,itisdetermined

bythelengthofanargumentanditsparameters.

4.6.2.4 Canweilterouttheargumentsthathavelowersimilarityvalueswith

theirarguments?

Motivation:Todevelopanargumentrecommendationsystemforagivenscript,thepro-

grammershouldtrainasysteminsuchawaythatthemodellearnsfromtheexactnames

ofthearguments.Thiswillbepossiblewhenwegetsimilarargumentpatternsformultiple

methodcalls.Therefore,tobuildarecommendationsystem,weirstneedtocollectallof

theusageofthoseaugmentsandusetheminamodelfortraining.Forthistrainingprocess,

weneedtouseailterthatiltersoutweakanddissimilarargumentsfromourcandidatelist.

Forrecommendation,wecollecteddataandtreatedthemasnaturallanguagesources.It

willbeeicientwhentrainedwithalistofilteredargumentswithhighersimilarityvalues.

StudyProcedure:Wecollectedlexicalsimilarityofalltheparametersandarguments

from150kPythoniles. Wesetathresholdvalue,whichis0.5. Wekeptthosevaluesthat

havesimilarityvaluesmorethanthethresholdvalue.Thesearethecandidatearguments

thatcanbeusedintheargumentrecommendation.Therefore,wehaveapoolofarguments

foreachmethodcallintheprojectthataprogrammercanuseformethodcallcompletion.

Result: Thoughwecanilterouttheargumentswithlowsimilarity,wecan

notbuildarecommendationsystemfromtheilteroutcandidate.InFigure4.11

and4.12,almost90%argumentandparametershadanaveragesimilarityoflessthan0.5.

Whileusingtheilter,itremovedalmost85%ofthecandidatearguments.Therefore,using

name-basedsimilaritywillnotbeenoughtoilteroutargumentsinvolvinglowsimilarity.

4.6.3 RQ2:EfectivenessoftheProposedTechnique

Motivation:

WeaimtoinvestigatethePerformanceoftheDeepBugsapproachandtheAUCMETfor

PythonLanguage. WearealsointerestedinindingtheperformanceoftheAUCMETand

DeepBugsapproachformappedandunmappedmethodcalls.IftheAUCMETperforms

wellforallmethodcalls,itwillbeveriiedthatswappingargument-relatedbugscanbe

detectedevenifthemethoddeinitionismissing.
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Approach: Wedividedourdatasetintotwocategories- mapped methodcallandun-

mappedmethodcall(seethesection3.3). TheDeepBugs Modeldependedonbothmethod

callsand methoddeinitions. Wefoundthat1,76,743 methodcallshavea mappingwith

theirmethoddeinition,whichimpliesthat4.2%oftotalmethodcallscanbemappedwith

theexactproject methoddeinition. Amongthem,ifweconsider methodcallswithonly

deinitionsinthesameile,weget67,930 methodcallswithaprecise mappinginthesame

ile. Wehavecollectedandonlymappedthemethodcallsthathavedeinitionsinthesame

projectandgeneratedour modeltoevaluatetheperformanceof DeepBugsforPython.

Then,weilledthe missing methoddeinitionfeaturewithaconstantvaluetouseallthe

methodcallsforcomparisonwithourproposedtechnique. Therefore,irst,wecompared

ourtechniquewiththeDeepBugstechniqueforthosemethodcallsthathadexactmapping

withtheir methoddeinitions.Secondly,wecomparedtheperformanceofour modelwith

theDeepBugsapproachforallthe methodcallsfromourdataset. Thereforewehavebuilt

twodataset: Only Mapped MethodCallandAll Methodcall.

Result: AUCMETperformedbetterthan DeepBugs Model. DeepBugshasa

claimfortheaccuracyoftheir model(theswappingargument-relatedbugdetectors)for

JavaScriptSourceCode,whichispresentedindemonstratingarangefrom89.06%[2]to

94.70%, whereasforthePyhtondataset,thesameapproachhasanaccuracyof70.51%.

TheperformanceofDeepBugsandour modelonPythonisshowninTable4.8. Whenwe

usedtheAUCMET Modelforthosemethodcalls,whichhadexactmapping,theaccuracy

was89%withanAUCscoreof96.80%. Therefore,our modelperformedbetterthanthe

DeepBugs Model.IntheAUCMET,wedidnotconsiderthemethoddeinitionofamethod

callandcollectedcodecontextfromthepreviouslyusedcodetoken, whichimpliesthat

itispossibletogenerateargument-swappingrelatedbugsfromthecodecontext. Forthe

secondcomparisonofourproposedtechnique(AUCMET)withthe DeepBugsApproach,

wetrainedbothofthe modelswithallthe methodcalls,andtheperformanceisincluded

inTable4.9.Besides,inTable4.8,itwasshownthatforthepredictionofcorrectsequence

ofarguments,DeepBugsshowedupwithpoorperformanceof68%precision,whereasour

Table4.8:PerformanceComparisonwithDeepBugsApproachandAUCMETFor Mapped
MethodCalls

Performance
Metrics

DeepBugs model AUCMET

Class Wrong Correct Wrong Correct

Accuracy 70.51 89

precision 77 68 85 94

recall 62 82 95 83

f1-score 69 75 89 88

AUC 81.59 96.80
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Table4.9: Performance Comparison with DeepBugs Approachand AUCMET For All
MethodCalls

Performance
Metrics

DeepBugs model AUCMET

Class Wrong Correct Wrong Correct

Accuracy 69.8 90.79

precision 69 73 94 88

recall 76 65 87 95

f1-score 72 69 91 91

AUC 79.73 97

Figure4.13:PerformanceofBothDeepBugs ModelandAUCMET

proposedtechniqueshowedaprecisionof94%.Forallthemethodcalls,ourdatasetsizeis

19,51,736,whichis11timeslargerthanthedatasetof mappedmethodcalls. Ontheother

hand,forallofthemethodcallsinourdataset,theDeepBugsapproachforPythonlostits

accuracyduetoalackofmethoddeinitioninformation.Besides,inFigure4.13,weshowed

wheretheAUCMETperformedbetterthantheDeepBugs Modelandsuccessfullyidentiied

47,497cases,whichisthreetimesmorethanthecorrectpredictionoftheDeepBugs Model.

Surprisingly,ourmodelperformedalmostsimilarlyeventhoughwetrainedourmodelwith

copiousamountsofvocabularyortokens. Table4.9showedtheefectivenessofourap-

proach,coveredthelackofmethoddeinitionsandissuesofdynamictypebindingofmethod

arguments,andsupportedthelarge-scalestudyofsourcecodecontext.

4.6.4 RQ3:Impactof DiferentSourceofInformation

Motivation: Ourproposedtechniqueconsideredthreefeaturesofa methodcallandits

arguments. Weconsidereddiferentcombinationsofthesefeaturestoindtheimpactof

thesourceoffeatures.Sourcesofinformationimpliedthesourceofthecontextofafeature
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Table4.10: CombinationOfDiferentSourceInformationOfAUCMET

Model ModelConiguration

1 MCA1 LC+MCA2 LC

2 MCN LC+MCA1 LC+MCA2 LC

3 MCN LC+MCA1 LC+MCA2 LC+MCA1 Type+MCA2 Type

4 MCN LC+MCA1 AUC+MCA2 AUC+MCA1 Type+MCA2 Type

5 MCN LC+MCA1 PCLU+MCA2 PCLU+MCA1 Type+MCA2 Type

6
MCN LC+MCA1 LC+MCA2 LC+MCA1 AUC+MCA2 AUC
+MCA1 PCLU+MCA2 PCLU+ MCA1 Type+MCA2 Type

7 MCN LCET+MCA1 LCET+MCA2 LCET+MCA1 Type+MCA2 Type

8 MCN LCET+MCA1 AUCET+MCA2 AUCET+MCA1 Type+MCA2 Type

9 MCN LCET+MCA1 PCLUET+MCA2 PCLUET+MCA1 Type+MCA2 Type

10
MCN LCET+MCA1 LCET+MCA2 LCET+MCA1 AUCET
+MCA2 AUCET+ MCA1 Type+MCA2 Type

11
MCN LCET+MCA1 LCET+MCA2 LCET+MCA1 AUCET+
MCA1 PCLUET+MCA2 PCLUET+MCA2 AUCET

12
MCN LCET+MCA1 LCET+MCA2 LCET+MCA1 AUCET+
MCA1 PCLUET+MCA2 PCLUET+MCA2 AUCET+ MCA1 Type+MCA2 Type

(asanexample-linenumber,tokensfromthatline). Ourgoalistoindtheimpactofthe

contextofthesefeatures. Wecollectedcontextsforthefeatures(describedinthesection

4.2). Therefore,wehadlocalContext,ParentContext,ArgumentUsagecontextforArgu-

ment,and Methodcall. Wechecked12diferentcombinationsof modelstoinvestigatethe

performanceoftheAUCMET.Table4.10showedthe modeldescription(forabbreviation

ofnotationatTable4.10andseetheTables4.4,Table4.5forcontextinformation). We

trained12diferent modelswiththesametrainingexamplesandtestedwiththesametest

examples.

Study Procedure:Ourirst modelcombinedtheLocalContextofirstArgumentofthe

MethodCallandtheLocalContextofsecondArgumentofthe MethodCall. This model

showedanaccuracy4.11of62%witharecallof80%(forwrongsequence)and44%(for

correctsequence). This modelgainedinformationfromthename-basedargumentlocal

context. However,fromthis model, wecanonlyunderstandhowtheargumentsshould

besequenced,though wedidnotgetanyidea with which methodthearguments were

associated.

Inoursecond modelweadded methodcallinformationwiththeirst model,andwe

intendedtotake methodcallinformation(localcontextof methodcall)totrainthe model

about which methodargument wasrelatedto which methodcall. Theaccuracyofthis

modelwasnotincreasedsigniicantlywheretherecallwas77%(forwrongsequence)and

50%(forcorrectsequence)4.11. Therefore,the modelstartedtolearnthecorrectpattern

moreaccuratelythantheirst model.
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Table4.11: AnalysisofDiferentSourcesofInformation

Performance Metrics

Model Class Accuracy precision recall f1-score AUC

1
Wrong

62
59 80 68

69.08
Correct 69 44 54

2
Wrong

64
61 77 68

71.4
Correct 68 50 58

3
Wrong

70.42
67 81 73

79.67
Correct 76 60 67

4
Wrong

68
74 56 64

76.43
Correct 65 80 71

5
Wrong

67
65 74 69

74.61
Correct 70 59 64

6
Wrong

77.94
75 84 79

87.87
Correct 82 71 76

7
Wrong

74
82 60 70

74.61
Correct 69 87 77

8
Wrong

85
90 80 85

94
Correct 82 91 86

9
Wrong

78
86 67 75

86.98
Correct 66 54 59

10
Wrong

81
75 93 83

91.85
Correct 90 70 79

11
Wrong

89.19
89 90 89

89
Correct 90 89 89

12
Wrong

90
87 94 90

96.94
Correct 94 85 89

Inourthirdmodel,weintroducedthetypeofinformationfromthelocalcontextofthe

methodarguments;thisinformationisimportantbecause,foraposition,aspeciictypeof

methodargumentshouldbeused. Therefore,the modelcoulddistinguishthepatternof

anargumentbyitstype.InTable4.11,thethird modelhadanaccuracyof70.42%,and

therecallvalueincreasedfrom77%to81%forwrongargumentsequenceandfrom50%to

60%forcorrectargumentsequence. Therefore,this modelstartedperformingbetterwhen

theargumentwasuniquelydeinedbyitsargumenttype.

Wedidnotusethelocalcontextforthefourthandifth models.Instead,wetriedonly

argumentusagecontext. Wecollectedtwodiferentusagecontexts:ParentUsageContext

(PC)andArgumentUsageContext(AUC)(seesection4.2). Thefourth modelconsidered

onlyAUCwiththetypeoftheargument,andtheaccuracydroppedto68%,andbothrecall

andprecisionforbothclasseswentdowncomparedtothepreviousmodels.Theifthmodel

consideredthePC,whichalsoshowedacomparativelylowerrangeperformance.Therefore,

whilethe model missedthelocalcontext,itsperformancedecreased. Thisisbecausean
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argumentcanbechangedonanylineinthesourcecode,andforacertainname,it may

getthecontextmultipletimes. Therefore,themodelwasnotlearningperfectlywhenitdid

notgetthelocalcontext.

Learningfromtheresultoftheirstive models,wetrainedournew model(Model6)

withallthecontextfromthefeatures. Thus, model6irstlearnedfromthelocalcontext

toidentifytheusageatthelocationitused;thenitlookeduphowitwasusedpreviously

fromtheAUC(seesection4.2)information,andasthelastcontext,weaddedtheparent

information,whichlimitedthescopeoftheusageoftheargument.FromTable4.11, Model

6performedbetterthanothersfortheabovereasons. Theaccuracyfortheunseendataset

was77.94%,andrecallwas84%forthewrongsequenceand71%forthecorrectsequences.

Therefore,thiscouldbeourproposedtechniquewithanAUCvalueof87.87%.

Whenwewentthroughexampleafterexample,wefoundour modelperformedwellfor

thoseuniqueexamples,andtheusagepatternsdifered. Forexample,atokenwasused

inivetimesinasourcecodebeforeusingitinasanargument method. Thoughthe

usagecontextscouldbediferent,they werenotalwaysobvious. Therefore,theabove-

mentionedmodelsfaceambiguityissueswiththesamenameandcontext. Oursourcecode

wasencodedwiththeirexpressiontypeinformationandgeneratedthelastsix modelsat

Table4.10. The model7at Table4.10 wastheextendedversionofthe model3,and

theaccuracyincreasedfrom70.42%to74%. Thereason,hiddenbehindtheincrementof

accuracy,wasthattheextendedversionofcontextcarriedthestructuralinformation,which

taughtthe modelabouttheuniquenessofeachtoken.Similarly, model8and model9are

theextendedversions(addedexpressiontype)of model4and model5,respectively. This

modelimprovedtheiraccuracyforbothclassesandworkedperfectlyine. Webuiltanother

modelwiththelocalcontextandtheArgumentusagecontextwiththetypeinformation

ofthe methodcallsandtheirarguments. This model wasdenotedas model10,andit

performedbetterthanothermodelswitha93%recallvalueforwrongsequenceanda93%

recallvalueforcorrectsequenceandshowed81%accuracy(seeTable5.4).

Finally, wecheckedtheperformanceoftwo models withallthecontext withtheir

extended-expressioninformation. Wealsocheckedwhethertheargumenttypehadanim-

pactontheperformanceornot. Our model11wasbuiltonthesameconceptas model6

exceptforthetypeinformation,andtheinal modelusedallthecontextwithexpression

typeembeddedwiththecontext. Table5.4showedtheperformanceofthosetwo models.

The model11showedanaccuracyof89.19%whereasthe model12showedanaccuracyof

90%.Ifweconsidertherecallformodel12forthewrongsequencewas94%whereasmodel

11showed90%. Therefore, model12isourinal modelandisnamedtheAUCMET.

Result:The AUCMETand model11performedbetterfordetectingcorrect

and wrongsequence.
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4.6.5 RQ4:PerformanceComparisonOfAUCMET WithPre-TrainedCode-

Bert

Motivation: Pre-trained modelsaretrained withhugeanddiversedatasets,andthey

canbereused multipletimesfor machinelearninganddeeplearningworks. Apre-trained

modelisalreadybalancedwithweightandbias, whichcanhandleanysimilarreal-time

data.CodeBertisamaskedlanguagemodelthatcangenerateatokenfromagivencontext.

Therefore,theycanbeusedtogenerateavector,whichcanbeusedtotrainanotherdeep-

learning model. Thissupportsbimodal(whichconsiderstherelationbetweendocument

andcode)andunimodal(whichconsiderseithercodeordocumentation).

Table4.12:PerformanceComparisonofDeepBugs,AUCMET,Pre-trainedLargeLanguage
Model-BERT

Performance
Metrics

DeepBugs
model

AUCMET
Model

Pre-trained
LargeLanguage

Model-BERT

Class Wrong Correct Wrong Correct Wrong Correct

Accuracy 69.8 90.79 71

precision 69 73 94 88 72 70

recall 76 65 87 95 69 73

f1-score 72 69 91 91 71 71

AUC 79.73 97 80.74

Thechosenhyper-parametersforCodeBerttrainingincludedabatchsizeof2,048and

alearningrateof0.0005. ParameterupdateswereperformedusingtheAdamoptimizer,

withthenumberofwarmupstepssetto10,000.Themaximumsequencelengthwascapped

at512,andthetrainingwasdesignedtorunforamaximumof100,000steps.Itperformed

betterthanotherpretrainedmodelbecauseacombinationofcarefullychosenhyperparam-

eters,theuseofadvancedoptimizationtechniquesliketheAdamoptimizer,andstrategic

decisionsregardingthelearningrate,batchsize,anddatasetconiguration. Ourgoalwas

tocompareourAUCMETandpre-trained Model-CodeBert. Wewantedtochecktheim-

portanceofourcollectedcontext.IfourAUCMETperformedbetterthanthe modelthat

consideredtheinformationtrainedfromanunknownsourcecodecontext,itwouldbever-

iiedthatthelocalcontextfromacertainprojectisbetterthantheunknownsourcecode

context. Ontheotherhand,themodelperformsfasterthanordinaryword2vec. Therefore,

iftheaccuracyofthegeneratedmodelfromthepre-trainedvectorishigherthanourmodel,

ourvectorgenerationfromthecodecontextwillbepointless.

Study Procedure: Weusedthesameextracteddataforthisanalysis. However,we

generatedanewvectorfromalargelanguagemodel. WeusedtheCodeBERTmodel[47][48]

togeneratethisvector.TheCodeBERTmodelprovidesavectorfromthecontextittrained
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fromfora word. Therefore, weusedthesameprocesstobuildcorrectand wrongcode

examplesandthesamemodelfortrainingandtesting. Theaccuracyforthetrainedmodel

fromgeneratingvectorbythePre-trainedmodel9isincludedhereinTable4.12.Forcontext

collection,weusedthebinderinformationfromTable4.2,butweusedonlythenameasa

queryofthePre-Trained Model. Aftergettingthevectorfromthepre-trained Model,we

usedthesamesequencegeneratortogeneratethewrongexamplesforournew model.

Result: Whencomparingthethree models,the AUCMEToutperformsthe

othertwoacrossall metrics.Ithasthehighestaccuracy,whichindicatesoverallefec-

tivenessinclassiication,andthehighestprecisionandrecall. TheAUCMETisexcellent

atidentifyingtruepositiveswhileminimizingfalsepositivesandnegatives. TheAUCMET

hasan AUCvalueof97, whichsupportstheabilitytodistinguishbetweenclassesefec-

tivelyacrossvariousthresholdsettings. Ontheotherhand,wefounda20%incrementin

performanceforeach metricoftheAUCMETtothepre-trained-embedding-based Model.

ThePre-trained Model-CodeBERTandtheDeepBugs Modelhavesimilarperformance

levels,withBERThavingaslightedgeinprecisionandAUCbutlowerrecallthanDeep-

Bugs. However,botharesigniicantlylessefectivethantheAUCMET.

4.6.6 RQ5: EiciencyoftheProposed Technique

Ourapproachinvolvesextractingfeatures, mappingthe methodcallanditsdeinitions,

contextcollectionandcontextpreprocessing,vectorgenerationoffeatures,training,and

testingoffourdiferent models. Our mosttime-consuming moduleisvectorgeneration,as

wehavegeneratedvectorsfor9diferentfeaturesforourproposedmodelforeachexample,

andittook5.9daystogeneratevectorsforourneuralmodel.Foreachexample,thefeatures

Extractiontook13 ms,andthe mappingofthe methodcallanditsdeinitionsoccupied

15-20 msonaverage(basedonthenumberofilesinaproject). Contextcollectionand

contextpreprocessingconsumed13 msperexample,whichiscomparativelyfasteraswe

haveusedone-timetokenizationoftheproject. Within97 minutes,trainingwastakenon

our machine,whichiscomparativelyfaster. Testingofour modeltook3 minsintotalfor

497projectsof1,76,302examples. Therefore,ourproposed modelcangenerateawarning

ofswappingargumentwithin1.1 ms.

4.6.7 Additional Analysis ToEvaluate ThePerformanceof AUCMET

OurAUCMETperformedbetterthanother models. Wecheckedtheperformanceofthe

AUCMETfromthefollowingthreeperspectivesandshowedwhereandwhytheAUCMET

failedtoperformbetterthantheDeepBugs Model.

9https://huggingface.co/docs/transformers/en/model_doc/bert

https://huggingface.co/docs/transformers/en/model_doc/bert
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Figure4.14:AccuracyofExpressionType-basedAnalysis(20<=Frequency)

4.6.7.1 PerformanceofDeepBugsonPythonandAUCMETbasedonExpres-

sionType:

BothDeepBugsonPythonandtheAUCMETconsideredtwosubsequentarguments. We

found326combinations. Amongthem,50typesarethemostcommon(morethan100

frequencies,forexample).IntheFigure4.14intheirstigure,forallofthecategories,

theperformanceofDeepBugsislessthanourAUCMET,andinthesecondigure,only

“call+lambda”whichhasonly32examplesof“Dictionary+List”with36examples,

“Name+boolean”with24examplesand“BinOp+UnaryOp”with26examplesper-

formedbetterthanourmodel. Again,inFigure4.15,“Name+IfExpr”,“Call+Boolop”

,“Call+ListComp”,“List+UnaryOp”,and“unknown+Dictionary”performedslightly



74

Figure4.15:AccuracyofExpressionType-basedAnalysis(20<=Frequency)

higherthanourmodel. Amongthe1,96,368examples,192ofourAUCMETperformed

slightlylowerthanDeepBugs.Ontheotherhand,for1,96,176methodcalls,theAUCMET

performedonaverage20%higherthantheDeepBugsmodel. These0.09%examplesare

uniqueandnegligibleinthiscontext.

4.6.7.2 PerformanceofDeepBugsonPythonandAUCMETbasedonContext

Length

Motivation: TochecktheperformanceoftheAUCMETandDeepBugsbythecontext,

wecheckedtheperformanceofcasesinbothmodelsthatcouldsuccessfullycatchandput

theaveragecontextlengthwiththat.Therefore,weaimtocheckwhetherthelongcontext

isneededforbettertraining.

StudyProcedure: Weusedourinalmodel,discussedat4.9,andtooktheresult

forthosetestcases.Then,wecollectedallthecontextlengthswithrespecttoindividual
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Figure4.16:EfectofContextLengthonPerformanceForDeepBugsandAUCMET

accuracy. We wantedtoconcludetherangeofaveragelengthfor whichtheresult was

better.

Result: InFigure4.16,weplottedaccuracyagainsttheaveragecontextlength. We

foundthataccuracywashighforthelowercontextlength. TheAUCMETperformedwell

whenthecontextlengthwasbelow400tokens. However,wefoundanaccurateperformance

for781.17averagetokens. Wecheckedthenumberofexamplesforthosetestcases,which

was37882. Ontheotherhand,forthe DeepBugs model,theaveragecontextlengthwas

lessthan150tokens.Ifwecomparetheaccuracyrangewithour modelandtheDeepBugs

modelfrom50%to100%,theaveragecontextlengthwillbelessthan400forTheAUCMET

andlessthan100fortheDeepBugs model.Therefore,asound-longcontextof400

tokensthatarerelatedtothe methodcallanditsargument willperformbetter

forswappingargument-relatedbugs.
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Figure4.17:AverageMethodCallFrequencyinTrainingSetCase

4.6.7.3 PerformanceofDeepBugsonPythonandAUCMETbasedon Method

CallAppearanceinTrainingExamples

Motivation: WewantedtochecktheperformanceoftheAUCMETandDeepBugsModel

withrespecttotheappearanceofmethodcallsinthetrainingsegment.Allofthemethod

callsinthetrainingsetarecontextuallyunique;ourgoalistocheckwhetherthemethod

call’sappearancecontrolsourmodel’sperformance.

StudyProcedure:Wecollectedthenumberofuniquemethodcallsfromthetraining

setandcollectedthefrequencyofeachmethodcall.Ourgoalistoindtheappearanceof

examplesinthetrainingandtestcasesandcheckifthereisanyimpactontheaccuracy

ofthefrequencyofmethodcallsinthetrainingset. Wecollectedalltheuniquemethod

callsfromthetrainingandtestexamples.Then,wematchedthemethodcallnamefrom

thetestcasesandmatcheditwiththeexamples. Aftergettingthematchedexamples,

wedividedthedatasetintotwoparts-theaccuracyoftheAUCMETwiththeappearance

ofthemethodcallandtheaccuracyoftheDeepBugs Modelwiththeappearanceofthe

methodcall.Then,weplottedthegraphbyusingtheaveragecountofappearanceofthe

method,whichcallsforaccuracyandaccuracy.Iftheaccuracyis95%wecollectedall

theappearancecountsofthatmethodcall,whichareshowing95%accuracy. Wefollowed

thesameapproachtocollecttheaveragecountofAppearanceinthetrainingsetforthe

DeepBugsModel.

Result:Figure4.17showstheperformancebasedontheaverageapproachesofmethod

calintheTrainingexample.Forbothofthemodels,theaccuracyispoorforboththose

methodcallsthatappearedlessthan3000. Ontheotherhand,itshowsthatithas80%

accuracyevenifithaslessappearanceofmethodcallinthetrainingset.Therefore,the

appearancefrequencydidnothaveanyimpactontheaccuracy.Thecontextof
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a methodcallcarriessigniicantimportanceforbugdetection.

4.7 Threatsto Validity

Thissectiondiscussesthreatstothevalidityofthisstudy. Eventhoughwecoveredthe

researchgapoflarge-scalestudyandlanguagedependencies,toremovethecomplexityof

methodcallargument-relatedbugdetection,wesimpliiedtheargumentsinwhichexpres-

sionsarearbitraryandcomplex.

First,weconsideradatasetconsistingof150,000sourcecodeileswritteninPython

language. Onecanarguethattheresultsweobtain maynotgeneralizetootherPython

projectsorprojectswritteninotherlanguages. However,wewouldliketopointtothefact

thatweconsideralargenumberofPythonilesthatwerecollectedfromalargenumberof

projects. Thus,ourresultsshouldlargelycarryforward.

Second,forthepurposeofthisstudy,wemapmethodcallstotheirdeinitions. Method

calls,andtheirdeinitionsarenotnecessarilyinthesameile.Incorrectmappingcanintro-

ducebiasinourindings. Weinvestigatedforasigniicanttimetoensurethecorrectness

oftheprogram. A manualinvestigationofrandomlysampled8000 methodcallsandtheir

deinitionsshowedthatourimplementationcanaccurately map85%of methodcalls. For

theremainingmethodcalls,wereceivedmultiplemappingtomethoddeinitions. Thus,we

ignorethose methodcallsfromouranalysis.

Theperformanceofourtechniquedependsonthewordembeddingtechniqueandthe

settingusedtorunthealgorithminthisstudy. Tosimplifytheimplementation,wecon-

siderthe Word2Vec model,apopularwordembeddingtechniqueusedin manyotherprior

studies. Onecanarguethatthe model(s)performancecanbeafectedbytheselection

ofthealgorithm. Wedidnotfocusinthisdirectionbecauseourgoalistoevaluatethe

efectivenessofconsideringargumentusagepatterns.Thus,wedidnotconsiderthatinthis

study.Futureresearchshouldfocusinthisdirection.

Third,weonlyconsiderthelinesbeforethetarget methodcalltocollectthecontext

oftheargumentusage. However,itisalsopossibletoconsiderthebottomlines. However,

thelongcodedependencyonatokeninaprogramwasnotconsideredhere;thisremainsa

workinthefuture.

4.8 Conclusion

Ourstudyinvestigatestheefectivenessofthe DeepBugsapproachforPython. Onthe

otherhand,itshowsiftheapproachcanbeusedforanydynamicprogramminglanguage.

Ourstudyshowedthatthisapproachcanbereplicatedforotherprogramminglanguages,

butthestructuralchangesfromprogramminglanguagetolanguagechangedtheresult.
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Therefore,wecollectedourfeaturestocoveralltheimplicationsforPythonandshowed

thatusagecontext-basedanalysisofanytokenisefectiveforbugdetectionoranomaly

detectioninPython. Ourproposeddatasetcontainsthe mappinginformationusingour

nappingalgorithm,whichimprovesdatacollection. Besides,wesolvedtheprogramming

vocabularyambiguity,whichshowsa10%betterresultthanpreviousapproaches.Therefore

wecanconcludedthatitisnot mandatoryto mapthe methodcalltoitsdeinitions,the

usagepatternofavariablecanbeusedtodeterminecorrectlocationofvariableusageand

forverylargescalestudycontextlengthdecreasedtheaccuracyofbugdetectors which

wassolvedbyinducingstructuralinformation. Thisincreasedtheaccuracyfrom69.8%

to90.79%. TheperformanceofAUCMETwasthesameforboth mappedandunmapped

methodcalls. Therefore,forthesmallerdataset(mappedmethodcalls,whichis10%ofthe

wholedataset),theAUCMETmodelshowedanaccuracyof89%,andforallmethodcalls,

itshowed90.89%,whichremovestheissueofalarge-scalestudy.
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Chapter5

AnEmpiricalStudyof Argument

RecommendationbyLLMin

Python

5.1 Introduction

Argumentrecommendationisoneofthe mostimportantfeaturesofautomaticcodecom-

pletioninIntegratedDevelopmentEnvironments(IDEs),whichisapartofCodecomple-

tion[34][49][50][51].Thisfeaturecanhelpthedevelopergeneratethenextargumentfrom

thecodecontext. These Argumentrecommendationtechniquesare mostlybasedonthe

contextorpreviouslywrittenlinesofcodewheretheargumentsaredeclaredorused,which

isconsideredastaticpropertyinthesourcecode.Thishasalreadybeenusedforsourcecode

modeling[34][52][49],codesummarization[53][54],codeclonedetection[55][56][33],and

programrepair.LargelanguagemodelslikeGPT-4,T5,LLAMA2,andsoonarebecoming

verypopularforsolvingsoftwareengineering-relatedproblemssuchascodecompletionor

codesummarization. Tothebestofourknowledge,thecapabilityofthispre-trained

LLM modelstocompletetheargumentlistwithanAPIcallbasedonthecurrentcode

contexthasnotyetbeenevaluated.

Inthisstudy, weaimtoevaluatetheeicacyofLargeLanguage Models(LLMs)in

suggestingappropriateargumentsforAPIcallsduringsoftwaredevelopment. Thesepre-

trainedtransformermodelsaretrainedwithlarge-scalesourcecodeinfractionsandbalanced

withlearnedbiasesand weights. Therefore,thesemodelsshouldbeabletorecommend

argument/sforan APIcallbasedonthegivencontext. Training withourdataset will

consumetime(seesection4.6.6)forgeneratingcodetokens,andbalancingthoseweights

andbiasesischallenging. Therefore,ourstudyaimstoinvestigatetheperformanceofthree

popularPre-trained models,CodeBERTandCodeLlama,forargumentrecommendation
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inPython.

5.2 Background

5.2.1 StatisticalLanguage Models

Largelanguage models[52]aregenerallyusedtogenerateasequencethatdependson

anothersequence. Asourcecodetokenisdirectlyrelatedtotheothersequencesinthe

samesourcecode.Therefore,theprobabilityofgeneratingtokensfromagivensourcecode

isastatisticalmachinetranslationorsourcecodegenerationtask.Therefore,tokenswith

possiblecandidatescanperformbetterinthiscontextfromagivensequenceandsource

code. Alanguagemodelcomparesatokensequencewithitsexistingtokensequence(the

processedtokensusedfortrainingtheModel)togeneratethenearestpossibletokens.Given

asequenceofSt,aStatisticallanguagemodelforsourcecodewillprovideapossiblelist,

P(St)whichisdeterminedby5.1.

P(St)=
n

k=1

P(swk|swk−1

Code Completion Example for Visual Studio IDE Code Completion Example for PyCharm IDE

) (5.1)

Intheequation5.1,theswimpliesthetokensequence,andnisthenumberoftokes. As

thepredictedtokendependsontheexistingprevioustoken,thestatisticalmodelcalculates

theprobabilityoftheappearanceofthenexttokenfromtheprevioustokens.

Figure5.1:AnExampleofCodeCompletioninVisualStudioCodeandPyCharmIDE
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5.2.2 Code CompletioninPython

AutomaticcodecompletionbecameacommonfeatureinmodernIDEs.Itisalsointegrated

into mostofthetexteditors. Forthegenerationofthecodecompletion model,alarge

numberofinformation mustbeusedfortraining. Trainingisrequiredtolearn multiple

tokensequencesandprogrammingpatterns. Whencompletinganypartialcodesegment,

IDEusuallysuggeststhenameofvariables,APIname,Importstatements,oranyassociated

codesegments.InFigure5.1,weshowedasimplecodecompletiontechniqueintegratedinto

VisualStudioCodeandPyCharm. Atthebackendofthose,IDEuseslargelanguagemodels,

andforPyCharm,the modelinvolvedforcodecompletionwastrainedwith100 million

parametersandacontextlengthof1,536tokens1,whichissigniicantlylarge. Therefore,

codecompletiontaskscanbedonewiththehelpofaLargelanguage model. Thecode

completioncanbedonebyafrequency-basedapproachoranalphabeticalapproach. We

arehighlymotivatedtoinvestigatetheperformanceofalargelanguagemodelforargument

completionfromagivencontext.

5.2.3 Argument Recommendation

Acorrectargumentpassingsupportsthecorrectnessofaprogram.Forcontext-awarecode

completiontechniques,itiscommontoillupthesequencefromagivensequence. For

argumentrecommendationforamethodcall,IDEwilllistpossiblecandidatesofargument

fromthelistofvariables. Therecanbe multiplesuggestionsforillinguptheargument. A

rule-basedilterisusedtoreducethecandidatelist,asthisilterwilleliminateunnecessary

variablesfromthelist. Asimilarity-basedapproach[17],statistical model-basedapproach

[52],anddeterminationoflocalnessofAPIarguments[57]arethetraditionalapproaches

forargumentrecognition. CodeLlamaprovidesa modelforgeneratingPythonsequences

andprovidesfourdiferent modelswith7B,13B,34B,and70Bparametersassourcecode

isalongcontext-sensitivesourceofnaturallanguage.Itwastrainedwithalongoperating

sequenceofcontext(upto16384tokens)andusedaquadraticcomplexityofattentionfor

balancingtheshorttolongcontexts.ThiscodeLLAMAcanbeusedtogenerateasequence

fromagivensequencethatcanbeusedforargumentlistgeneration.

5.2.4 UsageofLargeLanguage Model

Existingpopularlanguage modelsareCodeT5, CodeBERT,andCodeLlama, whichare

usedtogeneratecodesequences. CodeT5isanencoder-decoder modelbasedontheT5

architecture[58]. This modelcansuggestidentiiernameswithcodeandcommentsgen-

erationsimultaneously. Wesuggestanewwaytotrain modelsthatconsideridentiiers,

1https://blog.jetbrains.com/blog/2024/04/04/full-line-code-completion-
in-jetbrains-ides-all-you-need-to-know/

https://blog.jetbrains.com/blog/
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aimingtoimprovethealignmentbetweennaturallanguagedescriptionsandprogramming

languagecode. Weintroduceadual-generationtaskthatsimultaneouslygeneratescode

andcomments. Our modelcanhandlebothunderstandingandgeneratingcode,support-

ing multi-tasklearning. CodeBERTisabidirectionalTransformer modelthatistrained

usinga multilayerTransformer model. Thepurposeofthe modelistolearnbetterfroma

largenumberofunimodalcodesandgeneratecodesequencesfromanewcontext.Python

isoneofthesixprogramminglanguages,andthetrainedmodelcanbeine-tunedtoanew

context. This modelcanbeusedforcodesearchandcode-to-textgenerationtasks;weare

Figure5.2: AnExampleofSourceCodeforContextCollection

highly motivatedtoaddthis modeltoourstudytocheckargumentgeneration. Therefore,

togenerateasequenceofarguments,wehavetocollectacodecontextandausagecontext

ofthevariableofasourcecode.

5.3 ResearchSigniicance

Firstly,Ourresearchwastochecktheoverallperformanceofthosethreemodelsandshowed

whetherthe modelshaveenoughinformationorcontexttorecommendanyargumentsfor

agiven methodcall;secondly,byidentifyingthecategorieswherethe modelsperformed

theworsttodiscoverthedevelopmentgapandproposearesearchieldtoimprovethese

Pre-trained models. Thirdly,ourapproachalsocheckedtheperformanceofthosethree
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modelsfromtheexpression-typeperspectiveandtheprecedence-basedperspective.

5.4 Dataset

WecollectedPythonprojectsfromGitHubrepositoriesbasedonspeciiccriteria. Anoble

approachintroducedalistofprojectsthatareconsideredengineeringprojects[59].

Topursueourstudy,wecollectedourprojectsfromGitHub(see-A.4tounderstandthe

GitHubprojectdownloadprocess)inascrutinizedway. Weonlyconsideredprojectswith

certainfeatures,suchasproperdocumentation,updatedtestcases,andastructuredproject

managementtool. Toensurethesefeatures,wecollectedourprojectsfromthecollection

ofEngineeringprojects[59]. Researchersintheseprojectscollectedandcategorizedthe

softwarerepositoriesfrom GitHubusingthefollowingcategories:belongtoacommunity,

havecontinuousintegration,documentation,history,issues,starcount,license,unittesting,

andsoon. Theprojectlistconsistsof1,857,423GitHubprojectsindiferentprogramming

languages.

Ontopoftheirpublishedlistsofprojects,weirstilteredoutthoseprojectswithPython

astheirprimarylanguage. AsweworkedwithargumentrecommendationsinthePython

programminglanguage, weilteredouttheprojectsdevelopedinPython. Thisresulted

in3,31,883projects. Next, wecheckedwhethertheprojectswereforkedprojectsornot

and whetherthoseprojects weredeletedornot. Thisstepilteredout37,339projects.

Afterthis,wetriedtoselecttheactiveprojectsfromtherestoftheprojects. Toperform

this,wecollectedonlythoseprojectswithatleastonecommitmentsincelastyear. This

stepresultedin14,437projects.Inadditiontothat,weconsideredathird metric:Listof

Contributors. Weonlyselectedthoseprojectsthathadatleasttwocontributors. Thisstep

gaveus10,717projectsintotal.Finally,wehaveilteredouttheprojectsbycheckingthe

numberofcommits,whichis morethan50. Thisresultedin9181projects.

Aftersortingthembystarcount,wetookthetop5000projectswiththemaximumstar

count. Theselectedprojectlistissharedwiththecommunitytosupportfutureresearch

andstudy,whichisinthefollowinglink.

5.5 Approach

Therawsourcecodecannotbeusedtoconductourstudy. Thissourcecodeneedstobe

extractedtocollectfeatures. Then,wemustcollectcontextfromthosefeaturestogenerate

asourcecodesegmentfromthelanguage models. Aftercollectingthecodesegment,we

havetocollecttheactualargumenttocomparewiththereal-timearguments. Wefollowed

thestepstoconductourstudyasfollows:

•DataExtraction
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•ContextCollection

•ModelDescriptionandUseforArgumentGeneration.

•SimilarityComparison

5.5.1 DataExtractionandPreprocessing

Weusedthedatasetmentionedinthesection5.4forourstudy. Weextractedthemethod

callanditsargumentsforourexperiment.Then,weusedthemethodcallanditscontextto

generateanargumentandpre-trainedmodelsforargumentgeneration.Forinputgeneration

ofthepre-trainedmodel,wefollowedthefollowingsteps:

•MethodCallExtraction

•GlobalVariableExtraction

•Determinethescopeofthemethodcall

Wemustextractthemethodcallanditsrelevantinformationfromasourcecodefor

ouranalysis.

5.5.1.1 MethodCallExtraction

WeusedthePythonASTParser[60]andfollowedtheprocessdescribedinsectionA.3for

methodcallextractionbasedonPythonversion3.12.First,weparsedtheentireileand

generatedanASTtoaccessthenodeforcollectingmethodcalls. Foramethodcall,we

collectedthelineof methodinvocation,nameoftheile,numberofarguments,

andthelistofarguments.Forthemethodcall“isinstance”atline205intheFigure

5.2,theargumentlistis[“receiver”,“WEAKREFTYPES”],thenumberofargumentsis

twoandtheilenameis“dispatcher.py”. Wecollectedthemethodcallednodeforfurther

studyasthenodeisanobjectthatcontainsalltheinformationencapsulated(see-A.2fora

patternofanode)inaspeciicclass.

5.5.1.2 GlobalVariableExtraction

Wecollectedalltheglobalvariablesfromeachile.Theseglobalvariableshavetheirscope

everywhereintheile.Itcanbeusedinsideanymethoddeinition.

Therefore,weextractedandaddedalltheglobalvariablestothemethodcallcontext.As

anexamplefromFigure5.2,forthemethodcall“isinstance”,weaddedlineno.3wherethe

contextis“WEAKREFTYPES=(weakref.ReferenceType,saferef.BoundMethodWeakref)”

asanadditionalcontext.tocollectinformationabouttheglobalvariableofasourceile,we
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parsed2andvisitedthosenodesclassiiedasAssignmentnodes.Thisgeneratedalistofall

thevariableassignmentsinaile. Wegeneratedalistoffunctionsandclassmethodranges.

InFigure5.2,whenwecollectedalltheassignments,theassignmentoperationsatlines5,

31,33,and34wereextractedinthesourcecontext.Asthescopeofassignmentoperations

at31,33,and34isonlyinsidelinesno.24to34foroutsideoftheclassmethod“init,”

thevariablecannotbeused.Therefore,weremovedthosefromthelistofallvariables,and

theretainedlistofvariableswastreatedasglobalvariables.

5.5.1.3 DetermineTheScopeOfThe MethodCall

Wecollectedthosecontextsforeachmethodcallonlyinthesamescope.InFigure5.2,

forthemethodcallsatlineno205,wehadamethodcalled“isinstance,”andithadtwo

arguments,“receiver”and“WEAKREFTYPES”.Inthecontextofthatmethodcall,we

collectedthelinesfrom193to205. Therefore,forargumentrecommendation,weused

tokensonlyinthescopeofthemethoddeinition.Itismandatorytoconsiderthescope

ofavariableastheusageofthevariableoutsidethescopeengenderssoftwarebugs[61].

Therefore,weconsideredtheassignmentoperationsinthesamescopeandthevariable’s

globalscope(see5.5.1.2forvariableinglobalscope).

5.5.2 ContextCollection

Weconsideredthosetokensasthecontextofamethodcall,whichwasonlyinthescope

ofthedeinitions. Thisisknownasavalidcontext. Forthemethodcall“isinstance”

andrecommendingtheirstargument,thecollectedcontextwillbeallofthetokens,the

linesfrom193to205untilthetoken“receiver”. Wecollectedthesametokensforthe

secondargumentbutupto“WEAKREFTYPES”.Forbothcontexts,wehaveaddedline

3asthereisavariableintheilethatcanbeusedeverywhere. Wehaveremovedallthe

commentsfromthecontexttoremovetheredundancy. Thesecommentscanbediferent

fromprogramtoprogramandcreateambiguity. Ourstudyhasthreeanalyses,andthey

requiretwodiferentcontexts. Webuilttheirstdataset,whichcollectseachargument,and

thecontextisjustbeforetheargument.Table5.1showedhowmuchcontextwecollected

foreachargumentforthegivenmethodcall“isinstance”atFigure5.2. Theprocessof

argumentcontextgenerationwasdescribedinFigure5.3.

Weusedthecontextforargumentexpression-wiseanalysisforourthirdstudyand

generatedtheirstargument. Thisirstargumentwasaddedtotheinitialcontextto

generateanewcontextforthefollowingargument. Therefore,theoutputfromthethree

modelsgeneratedthreediferentargumentsforaninitialpositionandthenrepeatedlyadded

totheinitialcontexttogeneratethenextargument.ThismethodiscalledtheArgument

2https://docs.python.org/3/library/ast.html

https://docs.python.org/3/library/ast.html
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Table5.1: CollectedContextforExpression-basedAnalysisandOverallPerformaceAnal-
ysis

Feature
Token
Name

Expre
ssion
Type

Method
Call
Line
No

Context
Remark

Line
No

Collected Context

First
Argument

receiver Name 205
Variable
Usage

3,
8-17

[‘WEAKREFTYPES’,
‘weakref’,‘ReferenceType’,
‘saferef’,
‘BoundMethodWeakref’],
[‘class’,‘Signal’,‘object’,
‘debugging’,‘False’]

Local
Context

205

[‘def’,‘livereceivers’,‘self’,
‘senderkey’,‘nonesenderkey’,
‘make id’,‘None’,‘receivers’,
‘for’,‘receiverkey’,‘rsenderkey’,
‘receiver’,‘in’,‘self’,
‘receivers’,‘if’,‘rsenderkey’,
‘nonesenderkey’,‘or’,
‘rsenderkey’,‘senderkey’,
‘if’,‘isinstance’]

Second
Argument

WEAK
REFTYP
ES

Name 205
Variable
Usage

3,
8-17

[’WEAKREFTYPES’,
‘weakref’,‘ReferenceType’,
‘saferef’,‘BoundMethod
Weakref’],[‘class’,‘Signal’,
‘object’,‘debugging’,‘False’]

Local
Context

205

[‘def’,‘livereceivers’,
‘self’,‘senderkey’,
‘nonesenderkey’,‘make
id’,‘None’,‘receivers’,

‘for’,‘receiverkey’,‘rsende
rkey’,‘receiver’,‘in’,‘self’,
‘receivers’,‘if’,‘rsenderkey’,
‘nonesenderkey’,‘or’,
‘rsenderkey’,‘senderkey’,‘if’,
‘isinstance’,]
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Figure5.3:InputContextGenerationforArgumentGenerationBasedStudywithCode-
Bert,CodeLlama,CodeT5

PrecedenceapproachwhichisshowninFigure5.4.

5.5.3 ModelDescriptionAndUsingForArgumentGeneration

•CodeT5:Thisencoder-decodermodelwasbuiltoncopiouscodedataextractedfrom

open-sourceGitHubrepositories. Thisbimodalconigurationtakesacodesegment

andgeneratesrelationshipsbetweeneachword. Forcasualtextgenerationtasks,

itusesText-CodeContrastiveLearning(usingaself-attentionlayerforacontinuous

bidirectionalapproach)[62],atext-codeMatching(calculatingthesemanticsinforma-

tionfromsimilarcodesnippets),andanencoder-decoderforcasualLargeLanguage

modeloperation. Thismodelistrainedwithadatasetcomprisingmillionsoffunc-

tionsacross multipleprogramminglanguages,includingPython,Java,JavaScript,

Go,PHP,andRuby,andcancatchsubtlediferencesindiferentprogrammingsyntax

andsemantics.ThismodelisusedforCodeSummarization,CodeGeneration,Code

Translation,andCodeDefectDetection.

Weprovidedthecontextforgeneratinganargumentfromagivencontextuptothe

argumentwewantedtogenerate.First,weusedtheRobertaTokenizertokenizerfrom

thecode5-basetotokenizethesourcecodeandcollectedthecodecontextwithout

comments.Aftercollectingthecontexts,weinsertedthesecontextsasaqueryforthe
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Table5.2:ExpressionTypes WithTheirExamplesInPython

Nameof
Expres
sion

Frequ
encies

ExampleofExpression Argument

Name 8658988
discoveryresponder
( msg,fromaddr)

msg

Constant 7372512
respmsg.decode(“UTF-8”)
==expectedresponse #

“UTF-8”

Attribute 2892357
sock= mock.createautospec
(socket.socket,instance=True)

socket.socket

Call 2338055
returnst.tuples(st.just
(ConvertChildrenToText
(“StatusChange”)),

st.just(ConvertChildrenToText
(“StatusChange”)

BinOp 840814

assert(util. MetaInfo.
frommeta info
( metainfo[“MetaInfo”]+
“—extra”)
==expected

( metainfo[“MetaInfo”]+
“—extra”)

Subscript 751429
util.signalstrengthtodbm
(signalstrength
[“SignalStrength”])

signalstrength[“SignalStrength”]

List 611626

subprocess.checkcall([“sudo”,
“-E”,“-u”,realuser,sys.
executable,sys.argv[0],
“build”])

[“sudo”,“-E”,“-u”,
realuser,sys.
executable,sys.argv
[0],“build”]

Tuple 311092 sendqueue.put(( msg,addr)) ( msg,addr)

Dict 285683
self.recordstats({”runs”:
renderedplaceholders})

{“runs”:renderedplaceholders}

JoinedStr 117070

exceptProviderNot
FoundException:
self.stderr. write(f“*No
OEmbedproviderfound
for’{url}’!\n”)
exceptProviderExceptionase:

f“*NoOEmbedprovider
foundfor’{url}’!\n”

Starred 108792
defwrapper(*args,**kwargs):
returnfunction(*args,**kwargs)
returnwrapper

*args

Compare 89360

x=cls(nu,h=hstart,N=int
(np.pi/hstart)).xlastk=np
. where(f(x/np. max(K))
==0)[0]iflen(lastk)>1:

f(x/np. max(K)

UnaryOp 88796

@unittest.skipIf
(notINTERNET,
’nointernet’)deftest
manpage build
withoutwarning(self):

notINTERNET
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Table5.3:ExpressionTypeswiththeirexamplesinPython(contd.)

Nameof
Expres
sion

Frequ
encies

ExampleofExpression Argument

Genera
torExp

64175

continueelements.extend
((child,value)
forvalueinvalueorlist)
ifisinstance(name,
ConvertChildrenToText):

((child,value)forvalue
invalueorlist)

ListComp 58402
ys=np.array([lsq.update(x)
[0]forxinxs])

[lsq.update(x)[0]forxinxs]

Lambda 49090

irstname=factory.faker.
Faker(“irstname’)
email=factory.Sequence
(lambdan:“c%d@foo.com’ %n)

(lambdan:’c%d@foo.com’ %n)

BoolOp 17173

styleile=urlbasepath=
os.path.abspath
(self.basepathoros.curdir)
ifnotos.path.isabs(styleile):

self.basepathoros.curdir

IfExp 12192
)settings.loadproile(“ci”ifos.
getenv(“CI”)else“default”)

“ci”ifos.getenv(“CI”)
else“default”

Set 8240 setattrmodule({3,4,5,6}) {3,4,5,6}

DictComp 2592
comparedvalue({num:num**2for
numinnumbersifnum %2==0})

{num:num**2fornumin
numbersifnum %2==0}

SetComp 1388
getdatauser
({num**2fornuminnumbers})

{num**2fornuminnumbers}

Await 829 totaldelay(awaitasyncio.sleep(2)) awaitasyncio.sleep(2)

Yield 223 userIPINFO(yieldipaddress) yieldipaddress

YieldFrom 11 pr(yieldfromsubgenerator()) yieldfromsubgenerator()
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Figure5.4:InputContextGenerationforArgumentPrecedenceBasedStudywithCode-
Bert,CodeLlama,CodeT5

CodeT5.

•CodeBERT:CodeBERTisatransformer-basedmodelwithabimodalarchitecture.

ThesameasCodeT5,itcanbeusedforcodesummarization,CodeGeneration,Code

Translation,andCodeDefectDetection. Weusedthesamecontextextractedinthe

previoussectionfortheinputofCodeBERT[48]. AstheCodeBERTisbasedon

thecontextualrepresentationofeachtokenandsequence,weusedthecontextto

generatetheargumentsequence.Thismodelgeneratesn-numbersofcandidates,and

anyofthemcanbetheargument. OntopofBERTmodel[47]andtheRoberta

[63],forsourcecodegeneration,CodeBERTperformswithamulti-layerbidirectional
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Transformermodel(thesameRoBERTa-basearchitecturewith125Mparameters).

•CodeLlama:TheCodeLlamamodelscomeinvarioussizes,withparametercounts

rangingfrom7billion(7B)to34billion(34B)andevenalargervariantwith70

billion(70B)parameters.Thesemodelsaredesignedtohandleawiderangeofcode-

relatedtasks,includingcodegeneration,codecompletion,andunderstandingnatural

languageinstructionsrelatedtocode. Thearchitecture’scapacitytosupportlarge

inputcontextsisparticularlynoteworthy,withthemodelsbeingtrainedonsequences

of16,000tokensanddemonstratingimprovementsoninputswithupto100,000tokens.

Thiscapabilityiscrucialforprocessingcomplexcodebasesandprovidingrelevantcode

generationsorcompletionsbasedonextensivecontext.

Weusedthepre-trainedandine-tunedmodelfromthehuggingfacelibrary3. We

usedthepre-trainedmodelfromthreepre-trainedmodels,thebaseversionwith13B

parametersmodel[64]. Weusedthesamecontextfromtheprevioussection5.5.2.

Thismodeldoescodeinilling,whichisusedforcodemissingpartgenerationfrom

thesurroundingcontext,andlongcontextine-tuning,whichgeneratesthetokens

fromalongsequence.Therefore,ourcollectedcontextisusedtocreatethesequence

efectively.

5.5.3.1 InputGenerationfor ModelsforEvaluation:

Earlierinourapproach,wecollectedthecodecontextbyaddingtheusagecontextavailable

andtheblockinformationasinputforourmodel. Weusedthreediferentapproachesto

generatetheargumentsforthreediferentmodels.

Fortheirstmodel,wegeneratedtheinputtoken-wise.FromtheFigure5.2,togenerate

theirstargumentof“isinstance”,wecollectedthetokensbeforetheargument“receiver”

withalltheglobalvariables(asexample-WEAKREFTYPES).Forthegenerationofthe

secondargument,weusedthetokensbefore“WEAKREFTYPES”withalltheglobal

variables(forexample-“WEAKREFTYPES”).Therefore,thesethreemodelsgetcontext

fromonetokenafteranothertoken.Figure5.4showshowwecollectedandpassedcontext

forthreediferentmodels.

Oursecondresearchquestionwastoindthemodel’sperformanceforindividualexpres-

siontypes.Ouranalysisshowedthatwehad26commonlyusedargumentexpressions.For

yourstudies,wecollected200uniqueexamplesfromeachexpressiontype. Therefore,we

had2600uniquecallswiththeirexpressions. Weusedthesameapproachdescribedinthe

previoussection,thoughwesampledthemfortheirexpressiontypes.Someexpressions,

suchasName,constant,andCall,areimportantandrelativelystraightforwardtogenerate.

Ontheotherhand,someoftheexpressionsareunpredictable,andwecannotgenerate

3https://huggingface.co/codellama/CodeLlama-13b-hf

https://huggingface.co/codellama/CodeLlama-13b-hf


92

themfromagivencodecontext.IntheexampleinTable5.2andTable5.3,weshowed

diferentexpressiontypeswiththeirexamples. Therefore,weconsideredthe24categories

offrequentlyusedargumentsfromthe5000Pythonprojects. Therefore,weconsidered200

examplesfromeachcategoryandgeneratedadatasetforargumentgeneration. Weused

thesamecontextandgeneratedthearguments.

Forourthirdanalysis,wecheckedtheperformanceofthesethreemodelsforaprecedence-

basedresult. Weaimtocheckthatthesethree modelscangeneratethecompletelistof

argumentsforagiven methodcall. Forthisevaluation,weusedarecursivegenerationof

contextandcheckedtheperformanceofthese models. Wetook5000examplesandused

themtogenerateoneafteranotherargument.

5.6 EvaluationProcedure

Ourevaluationprocedureisbasedonthreeperformanceanalysesofthethree-language

models.

•RQ1: Canweproposeataxonomybasedontheexpressiontype?

•RQ2: CanLargelanguage Modelsperfectlyrecommendargumentsfromagivencon-

textforPythonProgramming? Whatistheperformanceofpre-trainedlargelanguage

modelsforgeneratinganyargumentforany methodcallsinPython?–Comparisonof

CodeT5,CodeBERT,andCodeLlama models.

•RQ3: Whatistheaccuracyofthepre-trained modelforgeneratingargumentsindi-

viduallyforeachexpressiontype?

•RQ4: Howaccuratearetheselanguagemodels’performanceingeneratingthelistof

augmentsforthat methodcalls?

5.6.1 Evaluation Metrics

Weusedstringsimilarity matricestochecktheexact matchoftheactualandgenerated

argumentlists.Ifthesimilarityisgreaterthan0.5, weconsideritacorrect match. To

checkthematchforexpressiontypebaseanalysis,weconsideredmanualanalysis,wherewe

followedthreerulestocheckthe matchofgeneratedarguments.Firstly,wecheckedtosee

ifitmatchestheactuallistofarguments.Secondly,wecheckedthegeneratedargumentlist

withtheglobalargumentlist. Thirdly,wecheckedtheargumentlistwiththelocalvariable

list.
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5.6.2 PerformanceComparisonofCodeT5,CodeBERT,CodeLlama Mod-

els

Motivation: CodeT5, CodeBERT,and CodeLlamacangeneratetokensfromagiven

codesequence. Weaimtouseourcollectedcontextandcheckwhetherthese modelscan

generatetokensfromthem.Ifwegettokensfromeachmodel,wecomparethetokensafter

identifyingtheargumentlist. Wegeneratedargumentsforamethodcallregardlessoftheir

positionandexpressiontypes.Inanyproject,theusageoftheexpressionisindeinite.

Therefore,ourirstaim wastoinvestigatetheperformanceofoverall methodcallsand

theirarguments. Foragivencontext,CodeBERTgeneratedasingleargument;codeT5+

generatedtwodiferentargumentrecommendations. CodeLlamageneratedasequenceof

tokens.

Study Procedure:Weusedthetokenspassedtothethree modelsandcollectedthe

generatedtokensforeachmodel. Weusedthestringsimilaritytocheckthematchbetween

thegeneratedtokensandactualarguments. For CodeBERTandcodeT5+, wedidnot

processthegeneratedtokensastheyweretherequiredtokens. Ontheotherhand,weused

anASTparsertogettheargumentsegmentfromthegeneratedtokenCodeLlama.

Similarity Comparison:Investigatingwhetherthearguments matchtheoriginalar-

gumentistime-consumingandcomplex. Toovercomethiscomplexity,weusedLevenshtein

Distanceandcosinesimilarity,Jensen-Shannon Divergence(JSD),andJaccardsimilarity

analyzerstocomparethesimilaritiesbetweengroundtruthandgeneratedarguments.For

theLevenshteindistance,weconsideredtwoofthewordsfromthecontextasinputandcal-

culatedthetotalnumberofsinglecharacterstochangeonewordtoanother.Thismetricwas

especiallyvaluableinscenariosrequiringthedetectionandcorrectionofspellingvariations,

liketexteditors,searchengines,anddataentryvalidationsystems. TheJensen-Shannon

Divergence(JSD)isatechniqueforquantifyingthelikenessbetweentwoprobabilitydistri-

butions.It’sasmoothedandsymmetrizedadaptationofthe Kullback-Leiblerdivergence

(KLdivergence),whichgaugesthediferencebetweenoneprobabilitydistributionandan

anticipatedone.JSDiscomputedastheaverageKLdivergencesbetweenthetwodistribu-

tionsandtheir mean.Intheequation5.2,where M=(1/2)(P+Q).

JSD(PQ)=
1

2
∗[KL(PM)+KL(QM)] (5.2)

TheJaccardsimilarity,orJaccardindex,isastatistical measureusedtoassessthe

similaritybetweentwosets. Itiscalculatedasthesizeoftheintersectionofthesets

dividedbythesizeoftheunionofthesets. Mathematically,giventwosetsoforgarg

andtokens,theJaccardsimilarityJD(orgarg,tokens)isdeinedintheequation5.3. Here,

|orgarg∩tokens|impliedthatthenumberofelementscommontobothsets(theintersection
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)and|orgarg∪tokens|representedthenumberofdistinctelementsinbothsets(theunion).

JD(orgarg,tokens)=|orgarg∩tokens|/|orgarg∪tokens| (5.3)

Wesetathresholdvalueof0.5andconsidereditacorrectpredictionifitismorethan0.5.

Tocheckthesimilarity,thisfollowedthreesteps(see5.6.1).Cosinesimilaritywasamethod

for measuringthesimilaritybetweentwonon-zerovectorsinaninnerproductspace.It

computesthecosineoftheanglebetweenthevectors,yieldingavaluebetween-1and1.

Acosinesimilarityof1indicatesthatthevectorsareidentical,0signiiesorthogonality

(perpendicularity),and-1suggeststhatthevectorsareinoppositedirections(seeequation

5.4).Intheequation5.4,(orgarg·tokens)isthedotproductofthetwovectors,theL2

norm(Euclideanlength)ofavectororgargistypicallydenotedas||orgarg||,andsimilarly,

theL2normofavectortokensisdenotedas||tokens||. Wecalculatedthesimilarityvalues

byconsideringtheequationsandusedathresholdvaluegreaterthan0.5todeterminea

correctprediction.

cosinesimilarity(orgarg,tokens)=(orgarg·tokens)/(||orgarg||∗||tokens||) (5.4)

Table5.4: OverAll ModelPerformace ModelPerformance

Model Performance

SimilarityEvaluation
Matrices

CodeT5 CodeBERT CodeLlama

LevenshteinDistance[65] 45 46 59

Cosinesimilarity[66] 41 43 58

Jensen-ShannonDivergence(JSD)[67] 53 58 66

Jaccardsimilarity[68] 48 52 57

Result: Allofthe modelsperformedpoorly. The modelCodeLamaperformed

morethanothermodels. Theresultwascheckedmanuallyafterdatageneration,andifthe

generatedtokenwasfoundinthecontextandifitwasthenameofavariable,weputthat

ina match. Table5.4showstheresultofeach modeltotheirsimilarity matrices.

5.6.3 Expression-wisePerformance Comparisonof CodeT5, CodeBERT,

CodeLlama Models

Motivation: Toinvestigatetheperformanceofeachexpressiontype, wecalculatedthe

accuracyforeachtypeby manuallyvalidating4800examples. Ourgoalwastoprovidean

ideatonotifythedeveloperswhyandwhichtypeofexpressiontypeishardtogenerateor
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recommend.

StudyProcedure:Inthesection5.5.3.1,thecollectedresultsweresplitintoexpression-

wise.Then,wecheckwhichexpressionscanbedetectedbytheLargelanguagemodelTable

Table5.5:Expressionwise- ModelPerformance

Model Performance

Expression
Type

CodeBERT CodeLlama CodeT5

Name 62 89 70

Starred 64 88 48

Subscript 42 87 39

Compare 51 83 48

Attribute 53 83 53

Call 42 80 56

Tuple 52 77 40

UnaryOp 46 46 26

List 25 45 22

Dict 25 44 25

Constant 15 43 22

BinOp 16 19 8

GeneratorExp 5 5 5

ListComp 0 0 0

DictComp 0 0 0

Await 0 0 0

BoolOp 0 0 0

Set 0 0 0

SetComp 0 0 0

IfExp 0 0 0

JoinedStr 0 0 0

Yield 0 0 0

Lambda 0 0 0

5.5showedtheperformanceoftheLargeLanguagemodelexpression-wise. Ourthreemodels

performedwellforName,constant,andattributetypes. However,theresultissigniicantly

lowerforcomplexexpressionssuchasLambda,BoolOp,IfExp,Set,DictComp,Yield,Set-

CompAwait,Yield,NamedExpr,andYieldFrom.

Result: The Table5.5showedtheperformanceofeach modelfortheirexpression

types. Thetableshowedthatfortheirst13expressiontype,theresultwaspromisingly

good,whereaswefound‘BinOp’,‘GeneratorExp’,‘ListComp’,‘NamedExpr’,‘DictComp’,

‘Await’,‘BoolOp’,‘Set’,‘SetComp’,‘IfExp’,‘JoinedStr’,‘Yield’,‘Lambda’showedlessthan

30%accuracy. Wetriedourbestto matchthecontentoftheglobalvariableandgenerate

thesequence.
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ReasonofLowaccuracy:

•“GeneratorExp”,“ListComp”,“SetComp”,and“DictComp”impliedthatalistcom-

prehensionreturnsalist,Set,anddictionary. The mainadvantageofagenerator

expressionisthatitwillnotsavethelistinthe memory. Therefore,thisisauser-

deinedandarbitrarylistgeneratorthatdependsontheusagecontextofasourcecode.

Wemanuallyinvestigatedtendiferentgeneratorexpressions,“DictComparison”and

“ListComparison”whichdonotfollowanypattern.

•The“await”keywordisusedtopausetheexecution,andusageofthiskeywordentirely

dependsontheuseritself. Therefore,theusageofawaitsasanargumentisalso

unpredictable.Similarly,the“yield”statementisusedinsideafunctiontoreturna

generator,whichcanbeiteratedtoproduceasequenceofvalues. Therefore,thiscan

bereplacedbyanyloopstatement. Thus,thiscannotbeunderstoodbytheLarge

language modelasthose modelscannotcatchthecontextofasourcecode.

•“Lambda”Expressionsareinlinepreciseformsofcomplexexpressions. Whenalarge

language modelgeneratesasequencefromacontext,itisunpredictablethatthis

complexexpressionmustbekeptshort.Therefore,ourexistingLargelanguagemodel

failedtogeneratethesetokens.Similarly,“BoolOp”cannotbeexpandedtomultiple

linesandcanbeusedarbitrarily.

5.6.4 ArgumentPrecedencebasedPerformance Comparisonof CodeT5,

CodeBERT, CodeLlama Models

Motivation: Therecanbemultipleargumentsinamethodcall.Foracorrectmethodcall,

itis mandatorytopasstheargumentscorrectly. Therefore,ourthirdanalysischecksthe

performanceofthemodelsforprecedence-basedpredictionanalysis. Weaimedtoinvestigate

theperformanceofthree modelstodetectall methodargumentscorrectly. Ourstudyalso

checked whetherdiferentgeneratedargumentschangedthefollowingargument. Inthe

givenexample,theirstargumentis“receiver”.Ifthe modeldetectstheirstargument,it

willtypicallysuggestthenextonebasedonthecontextandpatternsitlearned. However,if

theirstargumentisincorrect,themodelmightstillattempttosuggestthenextargument,

butit mightnotbeaccurateduetotheincorrectstartingpoint.

Studyprocedure: Weuseda modelforeachexamplennumberoftimes. Here,nis

thenumberofargumentsina methodcall.Itisarecurrentcombinationoflargelanguage

modelsthatgenerateandaddanargumentwiththepreviouscontext.First,wecollectedthe

contextfortheirstargumentbytheabove-mentionedprocess. Then,weitthatcontext,

whichgeneratedtheirstargument. Aftergeneratingtheirstargument,weprocessedthe

generatedtexttoremoveunnecessarytokensandaddedthepredictedactualargument
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Table5.6: ModelPerformance-Precedence-wiseResult

Model Performance

SimilarityEvaluation
Matrices

CodeT5 CodeBERT CodeLlama

LevenshteinDistance 43 41 53

Cosinesimilarity 40 41 52

Jensen-ShannonDivergence(JSD) 51 52 61

Jaccardsimilarity 43 51 55

withtheirstcontext. Thisnewcontextwasusedasaninputtogeneratethefollowing

argument. Thisapproachgeneratedasequenceofarguments withthesamenumberof

methodargumentsintheactual methodcall. Ourstudythenusedthesamesimilarity-

basedapproachwitha manualstudytochecktheperformance.

5.7 Result

Table5.6showstheperformanceofthosethree models. WefoundthatCodeLlamapro-

ducedthe mostcorrectpredictionamongthethree models. Comparedtothetable5.4,

theperformanceoftheprecedence-based modelislessduetothedependencyofthenext

argumentonthebeforeargument.Ifthebeforeargumentisincorrectsequentially,thenext

argumentmayleadtoawrongprediction.Besides,thissequencegenerationshowedamong

the4800examples,2%oftheresultswereinthewrongsequenceofargument,whichleads

toswappingargument-relatedbugs. Thereasonbehindlowaccuracyisthecombination

ofdiferentexpressions,accordingtothecombinationofdiferentexpressiontypesat4.6.5,

whichargument willbepassed whenand whereisunpredictable. Therefore, Table5.6

showedtheperformanceofthethree modelsisverypoor,andacombinationofthoseex-

pressiontypeswillproducepoorresults.Basedontheresult,webuiltaclassiiedtaxonomy

foundat5.5. Wecategorizedtheexamplesbasedonthepatternofexpressiontypes.

5.8 Taxonomyof Argument TypesForFuture Research

Wecategorizedalloftheexpressionsintoive majorcategories. Thesecategoriesare-

•Variables

•Operations

•Sub-Functions

•Key-ValuePairs



Compare Variables

ListComp

Operations

UnaryOp

Tuple

Starred

Dict

BoolOp

Subscript

List

GeneratorExp

SetComp

Name

Yield

Set

Comparing

SubFunctions

Python Expressions 
of Arguments

BinOp

Attribute

(Key, Value) 
pair variables

DictComp

Lambda

Call

IfExp

Constant

98

Figure5.5:CategorizationofExpressionType

•Comparing

AccordingtoTable5.5,wefoundthecategoriesVariablesandoperationsare more

predictableandcanbegeneratedfromacontext.Thelargelanguagemodelsgeneratecall

expressionsasthecallsareassociatedwithcodecontext.Themodelsaretrainedbasedon

call-to-calldependencies.Allofthemodelsperformedverypoorlyforcompareoperations.

FromTable5.3,wefoundexamplesofSetComp,ListComp,andDictCompwherethe

programmersareunsureofthelogictheyshoulduse.Futuremodelsshouldbetrainedwith

thatcontext,minedfromthedocumentationandsourcecodecontexttosolvethisissue.

Therefore,futureresearchcanbecarriedouttopredicttheargumentlambdastatements,

SetComp,ListComp,andDictComp.

5.9 Conclusion

Largelanguagemodelsaretrainedwiththeircontextinformation. Thiscontextisquite

unknowntotheuser.Therefore,whenweusethemodels,thereisahighchanceofpassing
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thewrongcontextsequencetogenerateanargument. Evenifwepassedthecontextcor-

rectly,howandwhattheparametersusedtobalancetheweightofLLMareunknownto

thedeveloper.Forbetterperformance,the modelexpectsasimilarcontext.Itistoughto

predictwhentheargumentsarehighlycomplexanduser-deined. Ontheotherhand,the

frequencyofcomplexargumentexpressionsreducestheperformanceofthe models. How-

ever,itperformedbetterforcall,name,andattributesasthese methods’argumentsare

associatedwithcontextandfollowacommonusagepattern. Ourstudyshowedwhichpat-

ternsareintricatetodetermine,andthisstudycanbeextendedbyproposingextrafeature

collectionforthoseexpressionssothattheycanbeidentiiedquickly. Ourfutureworkwill

indthepatternandcollectextendedcontextasafeatureforexpressionswithlowaccuracy.

Anotheraspectofourstudyisefectivelyusingalargelanguage modelwhenvariablesor

tokensarecommonlyused. Fine-tuningtheselargelanguage modelsisnotquickerthan

otherdeeplearningtechniques.
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Chapter6

Conclusion

Thischapterdiscussesthesummaryofthestudiespresentedinthepreviouschaptersalong

withfutureresearchdirections.

6.1 Summary

Exploringname-basedbugdetectionshowswecantreatasourcecodeasaregulartextual

block. Whenweconsideronlythewordsofasourcecode,theperformancedropsasthe

deeplearningmodelcannotdiscriminatethenuanceamongthetokens.Therefore,extended

featuresorcontextmustbeintroducedtoidentifythecodetokensuniquely. Ourthesisirst

provedthatanapproachisnotalwaysefectiveforalltheprogramminglanguagesfor

variationofstructuralinformationandgrammaticalpatterns. Thus,thisapproach was

improvedbyaddingandverifyingextendedfeaturesofthevariable(usagecontext). This

introducedtheimportanceofprogrammingcontextandshowedthatbettername-based

informationcouldbehiddenthroughatoken. Thoughourapproachdidnotconsider

the methoddeinitioninformation,itfollowedthename-basedapproachfordetectingthe

swappingargument-relatedbugsbyconsideringthename-basedusagecontextinformation

fromasourcecode.Besides,atokenmayhavemultipleuses,andtodiscriminatethename

information, weaddedthestructuralinformationtothetokenstoidentifythosetokens

uniquely. Wedeterminedthediferencebetweenthevariablesforthesamevariablename

fromtheusagecontext. Finally,ourthesisshowedtheimportanceofdiferentsourcesof

informationrelatedtothefeaturesofthe methodcallandinvestigatedtheperformanceof

various modelsbasedonsourceinformation. Thisthesisalsoshowedtheperformanceof

modelsbasedontheexpressiontypeofargumentsandbroughtupthatourmodelperforms

foranyexpressiontype. Ourthesisalsoconductedanempiricalstudytoshow which

expressiontypesarehardtodetect.

Atirst,ourthesissolvedandproposedatechniquetodetecttheswappingargument-
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relatedbugsinPythonandreducethecomplexityofdynamicallytypedprogramminglan-

guage(typedependencyatrun-type).Secondly,thisthesischeckstheperformanceofthe

existinglargelanguage modelsingeneratingarguments. Weimplementedthreediferent

techniquestotesttheperformanceoflargelanguage modelsfromthreeaspectsandalso

showedthereasonforthepoorperformancebasedonexpressiontypes.Fromthisanalysis,

wepositthatalltheexpressiontypesdonotfollowaspeciicpattern.

6.2 Future Work

Thisthesisnotonlyproposedatechniqueforswappingargument-relatedbugdetectionin

Pythonbutalsoopenedsomeoftheresearchieldsfordynamicallytypedprogramming

languages. Fromourstudies, wefoundseveralresearchgapsindynamicprogramming

languages. Excitingopportunitiesforfurtheradvancementandreinementinthisieldof

studyoferpromisingprospectsforfutureresearch. Basedonoursearch,thefollowing

enhancementscanbedone:

•Exploring OtherProgrammingLanguages: ThesameasPython,thisapproach

canbeusedinanotherprogramminglanguage-R,Ruby,Perl. Asthestructureof

Pythonis mostlikelytobeRubyandR,ournextanalysisistoindtheperformance

ofthoseprogramminglanguages.

•DatasetScalability: OurDatawastrainedon2millionPythonexamples.Shortly,

wewillproposeourdataset,wherewewillchecktheperformanceoftheAUCMET

Modelfor10millionPythonexamples.Ifalargerdatasetprovidesthesameaccuracy,

itcanbederivedthatalarge-scalestudycanbedonewithextrastructuralinforma-

tion. Failingtoreproducetheaccuracyonalargescale mayleadustoexplorenew

featuresanddetecttheexpressionwheretheprocessperformsbadly.

•Proposing Usage Pattern-Based Studyfor Dynamic Programming Lan-

guage:Ourthesisistheirstapproachtoconsiderthevariableandargumentusage

patterntodetectthebug,whichcanenhanceusagepattern-basedanomalyandbug

detectioninanyprogramminglanguage.

•Comparing withLLM Models: ComparingtheAUCMET Modelwithtrending

largelanguage modelsisnotperformedhere;therefore,comparingthe AUCMET

ModelwithLLMmodelswillallowtheresearchertoenhanceLLMinthenearfuture.

•VocabularySizeScalability: The moretrainingExamples,the morevocabulary

andvariationswillbefound.Ifthelargedatasetgeneratesanyissueinperformance,

oneofthereasonscanbethelargescaleofvocabulary, whichcanbehandledby
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consideringathresholdvalueofahighlyfrequentlistofvocabulary. Therefore,the

performanceoftheAUCMET Modelcanbetunedtothevocabularysize.

•Tool Paper(ArgPatt): A warning-generatingtoolfor Pythoncanbebuiltas

ourtrained modelperformedverywellforunseendatasets. Therefore,itcanbea

lightweightenhancementofanyPythonIDE,generatingawarningwhenanargument

iscalledinthewrongsequence.

•Argument Recommendation With LLM: OurSecondworkperformedanem-

piricalstudyandshowedthattheperformanceispoorforsomeexpressiontypes.

Therefore,itcanbeapartofanewanalysisofhowtoenhancethecodesequence

generatingforthearbitrarypatternsinPython.



103

Appendix A

Installationof Modulesand

EnvironmentSetup

A.1 Installationand Update Ubuntu

Update Ubuntu Usingthe CommandLine

Forserverenvironmentsorthosewhopreferusingtheterminal,weusedtoupdateUbuntu

byfollowingthesesteps:

1. Openyourterminal.

2. First,updatethepackagelisttoinformyoursystemaboutthelatestversionsof

packagesandtheirdependenciesbyrunning:

sudo apt update

3. Then,upgradealltheinstalledpackagestotheirlatestavailableversionswith:

sudo apt upgrade

A.2 Required Modules

Weusedthefollowing modulesforourresearch-

•AbstractSyntaxTreesAST1

Installation Command:pip3 install AST

1https://docs.python.org/3/library/ast.html#module-ast

https://docs.python.org/3/library/ast.html##module-ast
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•Astor–ASTobserve/rewrite2

Installation Command:pip3 install Astor

•Gitclone3

Installation Command:sudo apt update

sudo apt install git

•seaborn4

Installation Command:pip install seaborn

•Matplotlib 5

Installation Command:python -m pip install -U matplotlib

•tokenize6

Installation Command: This is a built-in Python Module which is

integrated with Python>=3.8

•tqdm7

Installation Command:pip install tqdm

•pandas8

Installation Command:pip install pandas

•numpy9

Installation Command:pip install numpy

•scikit-learn10

Installation Command:pip install -U scikit-learn

•keras11

Installation Command:pip install --upgrade keras

•gensim12

Installation Command:pip install gensim

pip install --upgrade gensim

2https://astor.readthedocs.io/en/latest/
3https://www.digitalocean.com/community/tutorials/how-to-install-git-on-ubuntu
4https://seaborn.pydata.org/
5https://matplotlib.org/
6https://docs.python.org/3/library/tokenize.html
7https://pypi.org/project/tqdm/
8https://pandas.pydata.org/
9https://numpy.org/

10https://scikit-learn.org/stable/index.html
11https://keras.io/api/layers/regularization_layers/dropout/
12https://radimrehurek.com/gensim/models/word2vec.html

https://astor.readthedocs.io/en/latest/
https://www.digitalocean.com/community/tutorials/how-to-install-git-on-ubuntu
https://seaborn.pydata.org/
https://matplotlib.org/
https://docs.python.org/3/library/tokenize.html
https://pypi.org/project/tqdm/
https://pandas.pydata.org/
https://numpy.org/
https://scikit-learn.org/stable/index.html
https://keras.io/api/layers/regularization_layers/dropout/
https://radimrehurek.com/gensim/models/word2vec.html
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•tensorlow13

Installation Command:pip install tensorflow

•CodeT5-base14

Commandfor Downloading Model:

tokenizer = RobertaTokenizer.from_pretrained(’Salesforce/codet5-

base-multi-sum’)

model = T5ForConditionalGeneration.from_pretrained(’Salesforce/codet5-

base-multi-sum’)

•CodeBERT15

Commandfor Downloading Model:

model = RobertaForMaskedLM.from_pretrained(’microsoft/codebert-

base-mlm’)

tokenizer = RobertaTokenizer.from_pretrained(’microsoft/codebert-

base-mlm’)

•codellama16

Commandfor Downloading Model:

model = AutoModelForCausalLM.from_pretrained("codellama/CodeLlama-

7b-hf")

model = accelerator.prepare("codellama/CodeLlama-7b-hf")

•Accelerate17

Installation Command:pip3 install accelerate

A.3 Parsing WithPython AST

Everylanguagehassomepredeinedrules. Theserulesare mandatorytousealanguage

perfectly.Let’sthinkaboutlanguageslikeEnglish,Bengali,orFrench. Weneedtogenerate

verbalspeechusingaruleknownasgrammar. Similarly,intheprogrammingield,the

programmersfollowspeciicrulessothatboththeprogrammerandcompilerunderstand

thewrittenscript. Now,howwillthegrammaranalyzethecodescript?Let’sthinkabout

a methodcallinPython.

greet("John")

Buthowdoesthecompilerdecodethisline“greet(”John”)”? Thecompilerwillreadthe

13https://www.tensorflow.org/install/pip
14https://huggingface.co/Salesforce/codet5-base-multi-sum
15https://huggingface.co/microsoft/codebert-base-mlm
16https://huggingface.co/blog/codellama
17https://huggingface.co/docs/accelerate/en/index

https://www.tensorflow.org/install/pip
https://huggingface.co/Salesforce/codet5-base-multi-sum
https://huggingface.co/microsoft/codebert-base-mlm
https://huggingface.co/blog/codellama
https://huggingface.co/docs/accelerate/en/index
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word“greet”asaname,andthenafterthatname,ifitindsparentheses,itwillexpect

alistofargumentsandaclosingparenthesis. Thereadingpatternofacompilerwillbe

funcname(OPENPARENarglist?CLOSE

greet("John") LEXER greet  (    "  John  "   )
 
  

 
  

1 2 3 4

greet  (    "  John  "   )
 
  

 
  

1 2 3 4 AST
PARSER

Call

func args

Name Name

greet             " John "  

PAREN)

FigureA.1:Parsing WithPythonAST

Therefore,atypicalparserconsistsoftwocomponents:alexerandaparser. The

functionalityofalexeristoanalyzethecodescriptandtokenizethatwithrespecttothe

keywordsandtoken.Then,itgoesthroughthetokensequencewithrespecttoitsgrammar.

Intheparser,theSyntacticandSemanticanalyzerdeterminethemeaningandthepattern.

Duringthisparsingphase,theinput’ssyntacticstructureisexaminedusingadatastructure

knownasaparsetreeorderivationtree.Asyntaxanalyzerutilizestokenstobuildaparse

tree,mergingthepredeterminedgrammaroftheprogramminglanguagewiththetokens

fromtheinputstring.Ifthereareanysyntacticerrors,thesyntaxanalyzerwilllagthem

andreportthemassuch.Semanticanalysisinvolvesvalidatingtheparsetreeagainsta

symboltabletoensuresemanticcoherence.Thisstepisalsoreferredtoascontext-sensitive

analysis.Itencompassestaskslikecheckingdatatypes,verifyinglabels,andvalidatinglow

control.

ExtractingFeaturesFromScripts:Wetreatthescriptasnaturallanguage.Therefore,

wegeneratedanAbstractSyntaxtreetotraversetheindividualtokensandcollectdata.

WeusedthePython“ast”librarytocollecttherequiredinformationfromthecode.AST

modulehasamethodparse(),whichwillcompileaileandparseaftercheckinglexical,

syntactic,andsemanticalerrors.Theparsingprovidesaclass-wisetokenclassiication.As

Example: WewanttogenerateanASTforaPythonscript. Wewillcollecttheilepath

toopentheile.

Thepatch.pyilehasthecontentasfollows.

Intheaboveexample,theileisopenedintheirstline,andthentheileisreadbythe

read()method,whichtakesthewholeileasatextile.Butweneedtogothroughthecode

asacollectionofclasses.Todothat,wehaveusedtheast.parse(),whichgoesthroughthe



107

FigureA.2:ShowingInstancesofaNode

textandcollectstheinformationbyirsttokenizingthecodebythelexicalanalyzerand

latercollectingtheinformationofthecodebybuildinganabstractsyntaxtree. Typically,

Pythonhas19classes. AllthePythonclassesarepartofthe moduleasaformofparsed

tree,whichreferstothePythonsourcecodeorthecurrentile.Ifweprintthe“node,”we

willseeanASTclasswiththeinformationofthecertainilebutasaparsedtree. Let’s

gothroughwhatisinsidetheast.Module. Nodoubt!Itwillcarryalltheinformationin

theileasaparsedtree. Toprinttheinformationintheast.Module. Wetakehelpfrom

anotherlibraryknownas“astor”andthe“actor.dumptree()”

import astor

print(astor.dump_tree(node))

ThiswillgiveavisualoutputoftheASTtreeasfollows.Let’smatchtheASTwiththe

codesnippets.Inthecodesnippet,thereisan“if”statementinthebodyofthe module,

andwhenthecodeisparsed,theASTisgeneratedinsuchasequencethatwhichnodeis

insidewhichnodecanbedepicted. Thus,thesnippetsareasfollows. Acallnode⊂ an

Expressionnode⊂thebodyofIfExpression⊂Bodyof module⊂Module.

Therefore,ifwewanttoaccessanynode,wemustvisitthenodesbytheircertainclass.
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Traversingorvisitinga Node: IntheASTlibrary,wehaveaclassknownasclass

ast.NodeVisitor. It walksthegenerated ASTandinvokesapredeinedvisitorfunction

fornodes. Forexample,ifwewanttovisitanodewitha methodcall,we mustcallthe

visitCall(self, node). Thus,wecanadddiferentvisitorsaccordingtoourneeds

andjumptocertaintypesofnodestogatherinformation.

Randomvisit: generic_visit(node)

Thiscertainvisitwalksallthenodes,especiallythechildrennodes,andreachestheleaf

node. Thisvisitorcallsvisit()onallchildrenofthenode. Traversingthroughthenodewill

beimplementedasfollows.

•Deineaclassandextendtheclass“classname”bytheast.NodeVisitor(will

allowany modiicationofnodes).

•Deinethevisit() methodintheclass(classname). Asexample

FigureA.3: VisitingAParsedNode

•Deineavariabletocollecttherequireddatafromeachiterationandsavethem. As

example

FigureA.4: VisitingAParsedNodebyClass method

•Bygettingalltherequirednodesfromaile,wewillfollowtheabstractgrammarto

learnthepossiblenodesfoundwiththeparentnodeandcollectthedata. Asexample:

Ifweuseastor.dumptree,wecanseethenodedatainsidethecurtaincallasfollows:

•Nowweknowfromtheabstractgrammarwehaveafunctionandanargs(thear-

gumentlist). Tosplitthem,wehaveournodeanalyzerfunction,whichreturnsthe

informationbasedontherequirement. Therefore,ifwerunthecallnodeanalyzer
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FigureA.5: ResultofParser

function,itwillreturnthenameofthefunctionas“requiresetting”andtheargu-

mentvalueas[“static urlpreix”].

•Wecangetthelocationorlinenumberofthemethodcallbyusingnode object.lineno

fromtheast.Callobject.

A.4 DownloadingProjectsfrom GitHub

Weusedthegitlibraryandgitclonecommandtodownloadtheprojectsfrom GitHub.

FigureA.6showsthesourcecodeofhowwecandownloadprojectstothelocal machine.

A.5 ReproducingthestudyExploring Name-based Bug De-

tectioninPython

WehaveuploadedthedatasetandthesourcecodetothefolderGoogleDrive“Exploring

Name-basedBugDetectioninPython”18. Theexecutionworklowisgivenbelow-

18https://drive.google.com/drive/folders/1J7YMyvUyoebd7PFUQny6I6cLAII_pzPy?usp=drive_link

https://drive.google.com/drive/folders/1J7YMyvUyoebd7PFUQny6I6cLAII_pzPy?usp=drive_link


https://github.com/pandas-dev/pandas.git

https://github.com/numpy/numpy.git
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FigureA.6:ProcessofGitRepositoryClone

A.6 Reproducingthestudy EmpiricalStudyof Argument

RecommendationbyLLMinPython

WehaveuploadedthedatasetandthesourcecodetothefolderGoogleDrive“Empirical

StudyofArgumentRecommendationbyLLMinPython”19.

19https://drive.google.com/drive/folders/1lbSjKUKa7titY3GP9j7Z1kDl0oXt0-hM?usp=drive_link

https://drive.google.com/drive/folders/1lbSjKUKa7titY3GP9j7Z1kDl0oXt0-hM?usp=drive_link
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