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Abstract. This paperpresentsan inter-proceduralheapanalysisthat computes
informationabouthow programsaccessregionswithin recursive datastructures,
suchassublistswithin listsor subtreeswithin trees.Theanalysisis ableto accu-
ratelycomputeheapaccessinformationfor statementsandproceduresin recur-
siveprogramswith destructiveupdates.Weformulateouralgorithmasadata�ow
analysiswhich computesshapeinformationandheapaccessinformationat each
programpoint.We useanabstractionof theheapbasedon shapegraphs,whose
nodesrepresentheapregionsandwhoseedgesencodethe reachabilitybetween
theseregions.Ouranalysisis ableto summarizetheeffectsof procedures:it com-
putesthe heapregionsbeingaccessedby eachprocedurein termsof the heap
abstractionat the entry of the procedure.We usenodelabelsto expressthe re-
gionsat programpoints insideproceduresin termsof the regionsat procedure
entrypoints.The inter-proceduralanalysisusesa �xpoint algorithmto compute
theheapregionsaccessedby thewholeexecutionof eachprocedure,includingall
of theproceduresit invokes.We demonstratehow our analysiscomputesprecise
heapregion accessinformationfor a recursive quicksortprogramthatsortsa list
in-place,usingdestructive updates.

1 Intr oduction

Programsoftenbuild andmanipulatedynamicstructuressuchastreesor lists.To check
or enforcethe correctconstructionandmanipulationof dynamicheapstructures,the
compilermustautomaticallydiscoverinvariantsthatcharacterizethestructure(orshape)
of theheapin all of thepossibleexecutionsof theprogram;suchalgorithmsareusually
referredto asshapeanalysisalgorithms.In thepastdecades,researchershavedeveloped
a numberof shapeanalysisalgorithmsthat identify variouspropertiesof theheap,in-
cludingaliasing,sharing,cyclicity, or reachability[23]. Suchpropertiesallow thecom-
piler to distinguishbetweenheapstructuressuchastreesandcyclic graphs.However,
noneof the existing shapeanalysisalgorithmsaim at characterizingthe heapregions
beingaccessed(i.e., reador written)by statementsandproceduresin theprogram.

Therehasbeenrecentresearchto provide languagesupportfor dynamicallocation
of heapregions[5,6,9], or to providealgorithmsfor regioninference[22,10,16].How-
ever, theseapproachestypically allocateall of theelementsof arecursivedatastructure,
suchasalist or atree,in asingleheapregion.They arenotableto modelregionswithin
recursivedatastructures,suchassublistswithin listsor subtreeswithin trees.



Thispaperpresentsacontext-sensitive inter-proceduralanalysisthatextractsinfor-
mationabouthow theprogramaccesses(i.e.,readsor writes)heapregionswithin recur-
sivedatastructures,for languageswith destructiveupdates.To accuratelycomputehow
programsaccesstheheap,our analysiscomputes:1) preciseshapeinformation, using
anabstractionwhich modelsheapregionsandcharacterizescyclicity andreachability
propertiesfor theseregions;and2) region accessinformation, which describeswhich
regionsarebeingreador writtenby statementsandproceduresin theprogram.For each
procedure,theanalysissummarizestheregionsbeingaccessedby thewholeexecution
of thatprocedure,includingall of theproceduresit invokes.

The shapeanalysisalgorithmusesa �nite abstractionof the heapbasedon shape
graphs.The nodesin a shapegrapharesummarynodes,representingconnectedheap
regions,andtheedgesdescribethereachabilitybetweenregions.To computeaccurate
shapeinformation,theanalysiskeepstrackof potentialcyclesin eachregion.Theanal-
ysisalsousesthematerializationandsummarizationtechniquesproposedin [20]; andit
identi�es heapregionsbasedonreachabilityfrom stackvariables,similarly to theshape
analysespresentedin [23,3]. But unliketheheapabstractionsin theseanalyses,ourab-
stractionexclusively usessummarynodes.This leadsto asmallershapeabstractionfor
certainprograms,suchaslist traversalsusingmultiple traversingpointers.

Thedif�culty of characterizingaccessedheapregionsstronglydependson theab-
stractionthat theanalysisuses.It is straightforwardto determinetheaccessedregions
whenthe abstractionusesa global partitioningof the heap,with onesummarynode
per allocationsite. Suchabstractionshave beenusedin someshapeanalyses[1] and
pointeranalyses[24,19]. The fact that makesit easyto characterizeheapaccessesin
this caseis thateachsummarynoderepresentsthesamesetof concreteheaplocations
throughoutthe program.However, heapabstractionsbasedon allocationsitesarenot
accuratein the presenceof destructive updates.More preciseheapabstractionsusea
per programpoint partitioningof theheap,accordingto the referencingrelationships
or reachabilityfrom stackpointersat eachpoint in the program[20,23,3]; our algo-
rithm usessuchanabstraction.In this case,a summarynodemaymodeldifferentsets
of locationsat differentprogrampoints,becausethereferencingandreachabilityrela-
tionshipsof heaplocationswith resprectto stackpointersmay change.This makesit
dif�cult to summarizeheapaccessesatdifferentprogrampoints;in particular, it makes
it dif�cult to summarizetheheapaccessesfor thewholeexecutionof eachprocedure.

We solve this problemusingnodelabelsin theshapeabstraction.Theanalysisas-
signsa freshnew labelto eachregionat thebeginningof aprocedure.Then,duringthe
analysisof theprocedure,it computesa setof labelsfor eachsummarynode.This set
describestheoriginsof thenode'slocationswith respectto theregionsat theprocedure
entry. Using thecomputedlabels,theanalysiscansummarizeall of theheapaccesses
in eachprocedurein termsof theregionsat thebeginningof theprocedure.

Theanalysisusesa context-sensitive interproceduralalgorithmto analyzefunction
calls.At eachcall site,theanalysismapstheshapeandaccessregioninformationbefore
thecall into theanalysisdomainof thecallee,analyzestheinvokedprocedure,andthen
unmapstheresultbackinto thecaller'sdomainto determinetheinformationright after
the call. The analysishandlesrecursive proceduresusinga standarditerative �xpoint
algorithm.



Thispapermakesthefollowing contributions:

– AnalysisProblem. It identi�es anew analysisproblem,thatof computingtheheap
regionsthatstatementsandproceduresin theprogrammayaccess,in thepresence
of destructiveupdates;

– Heap Abstraction. It presentsa new heapabstraction,wheresummarynodesrep-
resentconnectedheapregionsandedgesmodelreachabilitybetweenregions.The
abstractionfurtherusesnodelabelsto expresstheconcretelocationsof summary
nodesin termsof theregionsat thebeginningof theprocedure;

– ShapeAnalysis. It presentsadata�ow analysiswhichcomputesshapeinformation
usingthis abstraction.It givesaprecise,formalde�nition of thealgorithm;

– Theoretical Properties. It givesformal resultsshowing thattheanalysisalgorithm
is soundandis guaranteedto terminate.

The remainderof the paperis organizedas follows. Section2 presentsan exam-
ple. Section3 presentsthe shapeanalysisalgorithmandthe computationof accessed
regions.Finally, Section5 discussesrelatedwork.

2 Example

Figure 1 presentsan exampleof a programthat our analysisis designedto handle.
This is aquicksortprogramwhichrecursively sortsa list region(i.e.asublist)in-place,
usingdestructive updates.For this programwe want to automaticallycheckthat the
two recursive calls accessdisjoint sublistswithin the samelist. We �rst describethe
executionof this programand then we discussthe analysisinformation requiredto
checkthis property.

2.1 Program Execution

At eachinvocation,the function ���������
	���
�� sortsa sublist,consistingof all the list
elementsbetween�
��

	�� and ����	�� , exclusively (i.e., not including �
��
�	�� and ����	�� ).
At theendof theinvocation,�
��

	�� -> ������� will point to the�rst elementin thesorted
sublist,andthe ������� �eld of the lastelementin thesortedsublistwill point to ����	�� .
Whenthe function is �rst invoked, ����

	�� mustbenot ������� , differentthan ����	�� , and
theelementpointedto by ����	�� mustbereachablefrom ����

	�� .

The function �rst looks for the basecasesof the computation,wherethe sublist
hasat mostoneelement,in which caseit immediatelyreturns(lines11 and14). If the
argumentsublisthasat leasttwo elements,the function sortsthe sublistaccordingto
thestandardquicksortalgorithm.Thevariable����� representsthepivot andis initialized
(line 10)to point to thenext elementafter ����

	�� . To partitionthesublistwith respectto
thepivot'svalue,theprogramtraversesthelist with two pointers, !
"��# and ��
�� , using
theloopbetweenlines16and27.Duringthepartitioning,thelist regionbetween�
��

	��

and����� containstheelementslessthanor equalto thepivot,andthelist regionbetween
�$��� and ��
�� containstheelementsgreaterthanthepivot. Note that theprogramuses
destructiveupdatesto moveelementsinto the“lessthan”partition(lines22-24).

Finally, theprogramrecursively sortsthetwo partitions(lines29,30);eachof these
callssortsits partitionin-place.



1 typedef struct cell {
2 int val;
3 struct cell *next;
4 } list;
5
6
7 void quicksort(list *first, list *last) {
8 list *mid, *crt, *prev;
9
10 mid = prev = first->next;
11 if (mid == last) return;
12
13 crt = prev->next;
14 if (crt == last) return;
15
16 while(crt != last) {
17 if (crt->val > mid->val) {
18 /* append to "greater than" part */
19 prev = crt;
20 } else {
21 /* prepend to "less than" part */
22 prev->next = crt->next;
23 crt->next = first->next;
24 first->next = crt;
25 }
26 crt = prev->next;
27 }
28
29 quicksort(first, mid);
30 quicksort(mid, last);
31 }

Fig.1. Quicksorton lists

2.2 RequiredAnalysis Inf ormation

To determinethat the recursive calls to ���������
	���
�� accessdisjoint regionsof the list,
theanalysismustextractthefollowing key piecesof information:

1. Regions. Theanalysismustuseanabstractionthatdistinguishesbetweendifferent
list regions.For instance,the analysismustdistinguishbetweenthe sublist from

�
� 

	�� to ����� , from ����� to  �
"��# , andfrom ��
�� to ����	�� . Theabstractionmustthus
usedifferentsummarynodesfor eachof theseregions.

2. Cyclicity Information. The analysismust accuratelydeterminethat the program
preserveslistness.That is, it mustestablishthat the sortingfunction producesan
acyclic list whenever it startswith an acyclic list. In particular, it mustdetermine
thatthedestructiveupdatesthatmoveelementsinto the“lessthan”partition(lines
22-24)preservethelistnessproperty.
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Fig.2. Abstractshapegraphsat selectedprogrampointsfor example

3. Reachability Information. Theanalysismustpreciselydeterminewhichsublistsare
reachablefrom whichothersublists.

4. AccessInformation. Theanalysismustdeterminewhatsublistseachinvocationof
��� �����
	���
�� accesses.It mustgive a precisecharacterizationof theaccessedheap
locations,with respectto theregionsat thebeginningof thefunction.

Figure2 shows theabstractionthatour analysiscomputesat severalkey pointsin
theprogram.Thisabstractionpreciselycapturestheabovepiecesof information.None
of the nodesin the graphsarecyclic. The solid edgesaremustedgesandthe dashed
edgesaremayedges.

Thegraphuwv showstheabstractshapegraphatthebeginningof thefunction,which
representsthe portion of the heapreachablefrom the function arguments,����

	�� and

����	�� . Theabstractionconsistsof two summarynodes,denotingtwo list regions.The
summarynodepointedto by �
��

	�� representsthesublistbetween�
��

	�� , inclusively,
and ����	�� , exclusively. Thesummarynodepointedto by ����	�� representsthetail of the
list. Eachof thesesublistsis a connected,single-entryheapregion, whoseentrypoint
is directly accessiblefrom the stack.Thesesummarynodesrepresentdisjoint regions
within thesamelist structure.

Thegoalof theanalysisis to computetheregionsthat ���������
	���
�� accesses,with re-
spectto theheapstateat thebeginningof thefunction(i.e. u

v ). Therefore,theanalysis



assignsdifferentfreshnew labels,� and
�

, to thesummarynodesin u v . Theselabels
modeltheregionsthat thesenodesrepresentat thebeginningof thefunction. Then,at
eachpoint in the function body, the analysisexpressesthe concretelocationsof each
summarynodein termsof theregions � and

�

.
The graph u�� shows the abstractinformationat line 12 , after the assignmentsat

line 10 andthe testat line 11. The assignmentstraversethe ������� selectorof the ele-
mentpointedto by �
� 

	�� andassignthe resultingvalueto ����� and  !
"��# . Sincethe
summarynodepointedto by ����

	�� hastwo outgoingedges,the analysismustcon-
sidertraversingeachof them.In the�rst case,theanalysistraversestheedgebetween
the two nodes,which makes ����� ,  !
"��# and ����	�� bealiased.Theanalysisthenelimi-
natesthis possibilitybecauseof thetestconditionat line 11,which requiresthat ����	��

and  !
"��# mustbeunaliased.In thesecondcase,theanalysistraversestheself edgeof
����

	�� , performingmaterializationandcreatinganew node.As partof thematerializa-
tion process,theanalysisassignslabel � to thenewly creatednode,becauseit modelsa
subsetof theregionthatthematerializednodemodels.Notethatduringmaterialization,
the analysistransformsthemay self edgeof �
� 

	�� into a mustedgebetween�
��

	��

and � ����� , !
!��#�� . Thealgorithmsimilarly analyzesthestatementsat lines13and14,to
producethegraph u�� at line 15.

Figure2 alsoshows the �x ed-pointinformationthat the analysiscomputesat the
beginningof theloop,at line 17.This �x ed-pointsolutionconsistsof two shapegraphs,

u	� and u�
 , which representthe two possibleheapcon�gurationsat this point: u��

showsthecasewhere����� and !
"��# arealiased,thatis,whenthe“greaterthan”partition
is empty;and u


 describesthecasewherethis partitioncontainsat leastoneelement,
andthus ����� and  !
"��# point to differentsublists.Similarly, theanalysiscomputestwo
possibleshapegraphs,u�
 and u�� , right aftertheloopandbeforethe�rst recursivecall.
In all of thesegraphs,thesummarynodespointedto by ����

	�� , ����� , and  !
"��# all have
the label � . This indicatesthat eachof thesesummarynodesmodelsa subsetof the
locationsthattheregion � representsin u

v .
Note that the previous shapeanalyses[3,23] would producea larger numberof

possiblecon�gurationsfor this program,becausethey distinguishbetweenlocations
pointedto by stackpointersandlocationspointedto only from theheap.Thenumberof
possibleshapegraphsthat thoseanalyseswould produceis exponentialin thenumber
of traversingpointerswith self edges:� graphsinsteadof u�� and ��� graphsinsteadof

u�
 . Thoseshapegraphswouldalsohavealargernumbersof nodes,upto 9 nodeseach.

2.3 Computing HeapAccessRegions

Theanalysiscannow usethecomputedshapeandlabel informationto determinethat
the two recursive calls accessdisjoint regionsof the list. First, the analysisinspects
every statementwhich accessesthe heapusing the pointers ����

	�� , ����� ,  �
"��# , and

��
�� . For eachof theseheapaccesses,it examinestheshapegraphsat thecorresponding
accesspointsand looks up the nodeswherethesepointersarepointing to. Sinceall
thesenodesarelabeledwith � , theanalysisestablishesthatall thesestatementsaccess
locationsfrom region � . Theinterproceduralanalysisof thetwo recursivecallsfurther
determinesthatthewholeexecutionof ���������
	���
�� , includingtherecursiveinvocations,
only accesseslocationsin � .



The analysiscanthenusethe computedaccessregion for the whole executionof
���������
	���
�� to determinethatthetwo recursivecallsaccessdisjointsublists.A compiler
could usethis information to automaticallyparallelizethis programand executethe
recursivecallsconcurrently.

2.4 DetectingPotential Bugs

The analysisis able to help in the detectionof potentialbugs. Supposethe second
recursive call (line 30) is incorrectlyinvokedwith ���������
	���
���� ������� ����	�� -> �"������� . In
thatcase,theinputshapegraphsat eachprogrampointwouldbeunchanged.However,
theanalysiswould detectthattheaccessregion for thewholeexecutionof ���������
	���
��

is � ���

�

� . Usingthis informationat therecursivecalls,theanalysiswill determinethat
bothcalls mayaccessthe tail of the list. Thus,it canno longerconcludethat the two
recursivecallsaccessdisjoint list regions.

Alternatively, considerif theprogrammerincorrectlywritestheloop testcondition
at line 16 as  �
"��#���	 ����	�� . As a result,the analysiswill computetwo morepossi-
ble shapegraphsat the beginning of loop body; in eachof these, ��
�� points to the
summarynodelabelledwith

�

. Therefore,whenthe analysisinspectstheassignment
��
�� -> �"�����
	 �
��
�	�� -> ������� , it will determinethatthisstatementwritesaheaploca-
tion representedby

�

. As aresult,theanalysiswill computeanaccessregion � ���

�

� for
quicksortandwill reportthatthetwo recursivecallsmayaccessthesamelist elements.

Althoughboth of theabove situationsarebugs,in generalsuchmessagesmay be
falsepositives,becausethe analysisis conservative. Nonetheless,when the analysis
computesaccessregion informationdifferentthana givenspeci�cation,theprogram-
mercantreatit asanindicationof apotentialbug in theprogram.

3 Algorithm

Thissectionpresentstheanalysisalgorithmin detail.Althoughthealgorithmcomputes
shapegraphs,label information,and accessedregions at the sametime, we discuss
them separatelyfor clarity in presentation.We �rst show the basic intra-procedural
algorithm which computesshapegraphs.We then presenthow the algorithm keeps
trackof labelsandhow it computestheaccessedheapregions.Finally, wedescribethe
inter-proceduralanalysisalgorithm.

3.1 ShapeAnalysis.

We formulateour shapeanalysisalgorithmasa data�ow analysiswhich computesa
shapegraphat eachprogrampoint. This sectionde�nes thedata�ow information,the
meetoperator, andthetransferfunctionsfor statements.

We assumethatthattheprogramis preprocessedto a form whereeachstatementis
of oneof the following six forms: ��	 ������� , �
	�� , �
	 �
�!����������� , � -> �
	 ������� ,

� -> ��	�� , or ��	�� -> � . Without lossof generality, we assumethat eachvariable
update��	������ is precededby a statement��	 ���"��� and that eachselectorupdate



� -> � 	 � is precededby � -> � 	 ������� . We assumethat � is theuniqueselectorname
in theprogram.

Our algorithm expressesthe shapeinformation using predicatesin three-valued
logic [21], whichconsistsof truth values0 (false),1 (true),and1/2 (unknown).We use
thestandardthree-valuedorderandoperators:theconjunction

���

�

���

	��	��
 �

�

�

���

� ; the
disjunction

�
�

�

���

	��	��� �

�

�

���

� ; thepartialorder
���

�

���

for
�

	

���

or
���

	 ����� ; and
themeet

���

�

���

equalto
�

if
�

	

���

and1/2 otherwise.We explicitly usesubscript3
whenwereferthree-valuedoperators,andwedon't useany subscriptsfor thestandard,
two-valuedoperators.

Concrete Heaps. Concreteheapsrepresentthe staticallyunboundedsetof concrete
heaplocationsandthepoints-torelationsbetweenthem.We formalizeconcreteheaps
as follows. Let ��� be the setof stackvariablesin the program.A concreteheapis a
triple ���! �#"$� �%"& � consistingof:

– A set �! of heaplocations;
– A set "&�&'(���&)	�! +* �-, � � � of edgesfrom stackvariablesto heaplocations;
– A set "& .'��/ .)(�/ 
* �-, ��� � of edgesfrom heaplocationsto heaplocations;

For edges,a value1 indicatesthepresenceof theedgein theconcreteheap;a value0
indicatesits absence.We thenconsidertwo predicateswhich characterizethepathsin
this graph: 0 �21��%3�� indicatesif thereis a pathin theconcreteheapbetweenthevariable

14'5�
� andtheconcretelocation 36'��

 ; and 7 ��1 �#3

�

�%3�� indicatesthatthereis a pathin
theconcreteheapbetweenvariable 1�'8�

� andlocation 3�'9�
 which doesn't contain

thelocation 3

�

'��/ .
For eachsetof stackvariables:<;=�

� , :?> 	A@ , we de�ne the heaproot 3�B

C as
theheaplocationpointedto exactly by thevariablesin : : "D� �2� �%3EB

C

�GFH�I'I: . We
alsode�ne theset 
JB

C of nodesownedby : astheconcretelocationsthatcanonly be
reachedfrom 3KB

C , andonly onpathsthatdon't traverseotherroots:




B

C

	 �L3NMPO��('(:��Q0 �2� �#3 �

�

OSR�> '(:��UT67 �2R �%3

B

C

�%3�� �

Finally, for : 	V@ we de�ne theset 
JB W of all heaplocationsreachablefrom thestack,
but not ownedby any set : of variables.Theseareheaplocationsreachablefrom the
stackthroughdifferentroots.Weemphasizethatall of thesets


B

C representdisjointsets
of concreteheaplocations.Also,eachof thesets
XB

C , :Y> 	Z@ areconnected,single-entry
subgraphsof theconcreteheap,with entrynode 3[B

C ; however, 
JB W is not a single-entry
subgraph,andis not connectedeither.

Data�o w Inf ormation. Let �!\ 	 �$


C

MU:];^��� � bea setof abstractheapnodes,
whereeachnode


C modelstheconcreteheaplocationsin 
NB

C . Thedata�ow informa-
tion of ouranalysisis anabstractshapegraph u 	 �E_ �%" �a` � , where:

– _b;I�!\ is thesetof nodes;
– "dc�_e)	_f* ��, �����U� � � � is thesetof edgeswith reachabilityinformation.
– `gc�_=* �-, � ��������� � , thecyclicity informationonnodes.



The above predicateshave the following meaning.If " ��
 ��� ��	 � , the edgebe-
tween 
 and � is de�nitely reachable(i.e., the locationsin � arede�nitely reachable
from the locationsin 
 ); if " �2
 �%� � 	 �Q�U� , theedgeis possiblyreachable;otherwise,
it doesn't exist. Thecyclic predicatè ��
 � is 1 if therede�nitely is a cycle in thecon-
creteheapstructuremodeledby 
 ; it is 1/2 if theremaybea cycle; andit is 0 if there
de�nitely isn't any cycle. The predicatè refersto internalcyclesconsistingonly of
locationsmodeledby 
 . We denoteby � thesetof all abstractshapegraphs.

We graphicallyrepresentnodes
 with ` �2
 �9> 	 , with doublecircles;de�nitely
reachableedgeswith solid lines; andpossiblyreachableedgeswith dashedlines.Fi-
nally, we omit 


W if it hasno incomingor outgoingedgesto otherabstractnodes.The
shapegraphsfrom Figure2 usethis graphicalrepresentation.

The abstraction function � characterizesthe relationbetweenconcreteheapsand
abstractshapegraphs.Given a concreteheap �E�L �%"&� �%"$ � , we de�ne its abstraction

��_ �#" �#` ��	������! ��#"$� �%"& � asfollows:
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v

� � � � �%3�� '	
 B

C

�Q"$ ��3����%3
v

�

���

�L"$ �E3	� �#3	���
v
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, otherwise

The node 


W modelsa subgraphof the heapwhich is not connectedand may have
multiple entries.Intuitively, 


W containsimpreciseshapeinformationandtheanalysis
usesit asa fallbackmechanismto conservatively handlethecaseof sharedstructures.

Merge Operation. The data�ow analysismergesshapegraphsat eachcontrol-�ow
point in the program.The merge operationis non-trivial in our abstraction,because
it mustaccountfor the following scenario.Considertwo abstractgraphsu v and u��

that we want to merge. Also considerthat one of thesegraphscontainsa de�nitely
reachableedge ��
 ��� � , but the othergraphscontainsonly the target node � . In this
case,� is not reachablefrom 
 in the secondgraph,so the analysismustconclude
that ��
 ��� � is possiblyreachablein themergedgraph.Thefollowing mergeoperation
preciselycapturesthis behavior. If u

v
	 �E_

v
�%"

v
�#`

v
� and u

�
	 �E_

�
�%"

�
�#`

�
� , the

mergedgraphis u
v

�

u
�
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_ �
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�

� >'	_ � �

�
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�
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 >'(_ v

�

� >'	_ v��

�

� 
 >'	_ �

�

� >'�_�� �

���U� otherwise

In generalwe may have abstractshapegraphscontainingnodes


C and 

� such

that : and " eachincludea stackvariable ��'^�S� . Clearly, in no executionof the
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for simplecases

programcantherecoexist a concreteheaplocationfrom 
NB

C with onefrom 
JB

�

. We
saythata graph u is incompatibleif it containstwo nodes


C and 
�� suchthat : >	

"

�

:
 

" >	Z@ . Givenashapegraphu , wesaythat u

�

is apossiblecon�gurationif it
is a maximalcompatiblesubgraphof u . We usetheterm“maximal subgraph”relative
to thepartial orderrelationinducedby themergeoperatorde�ned above. Finally, we
denoteby Confs(G) thesetof all possiblecon�gurationsof a graphu .

Transfer Functions. For eachstatement^ in theprogram,wede�ne atransferfunction
_ _

^a` ` c �A* � , which describeshow the statementmodi�es the input abstractshape
graph.Theanalysis�rst splits theinput graph u into all of thepossiblecon�gurations
in Confs(G). It thenanalyzeseachcon�guration separately. At theend,it mergesthe
resultfor eachcon�guration.Therefore,weexpressthetransferfunctionasfollows:

_ _

^b` ` � u � 	 c

dUe�f Confs g

dUh

_ _

^a` ` conf � u

�

�

where
_ _

^a` ` conf is a transferfunctionde�ned to operateonly on compatiblegraphs.Fig-
ures3, 4, and5 presentthefull de�nition of thetransferfunctions

_ _

^a` ` conf thatthealgo-
rithm usesto analyzeeachcon�guration.

Figure3 shows thetransferfunctionfor statements� 	 � �!�����"� ��� , � 	 � , � -> � 	

������� , � -> � 	�� , and ��	 ������� when 
/i)jlkI> ' _ . Theseequationsusetwo helper
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functions
�

and
 , whichareinvertiblebecausetheinputgraphu is compatible.Hence,
���

v and 


�

v arewell-de�ned.
Thematerializationandsummarizationof nodesis signi�cantly morecomplex. Fig-

ure 4 presentsthe equationsfor the summarizationof nodes,which takesplacefor a
statement� = ������� , when 
/i j]kG'(_ . Let 
 � beanodewith anedgeto 
/i j]k . Theanaly-
siscanpreciselysummarizethenode
Ti j]k into 
 � only if thereasingleincomingedge
to 
 i j]k , andthatedgeis de�nitely reachable.Figure6(a)shows this case.If thereare
multiple incomingedgesto 
Ti)jlk , andtwo or morearede�nitely reachableedges,then
theanalysissummarizes
/i j]k into 


W . Finally, if therearemultiple incomingedgesto

 i)jlk , andatmostoneis ade�nitely reachableedges,thentheanalysismustsummarize

 i)jlk bothinto 


W andinto thenodesthatpoint to 
/i j]k usingde�nitely reachableedges.
Figure6(b)showsacaseof imprecisesummarization.

Figure5 presentsthetransferfunctionsfor anassignment� 	�� -> � . Considerthat



� is a nodesuchthat � ' " . If 

� hasmultiple outgoingedge,thevariable � may

traverseany of themduringtheexecutionof thisstatement.Thealgorithmanalyzeseach
of thesesituationsseparatelyandthenmergesthe resultstogether. Whentraversinga
selfedgeof 


� , theanalysisperformsamaterialization:it “extracts”onelocationfrom



� andcreatesthe abstractnode 
Ti j]k to model the remaininglocations.If the node



� mayhavecycles,theanalysisperformsanimprecisematerializationandaddsback
edgesto 


� . Otherwise,the analysisperformsa precisematerializationanddoesn't
createspuriousbackedges.

3.2 Formal Results

We summarizesthemaintheoreticalresultsfor our abstractionandandour analysisin
the following theorems.We show that themeetoperationis well-de�ned, the transfer
functionsaremonotonic,andtheanalysisis sound.We use

_ _

^b` `

B

to denotetheconcrete
semanticsof ^ . Becausethe analysislattice has�nite height,the monotonicityof the
transferfunctionsimpliesthattheanalysisis guaranteedto terminate.

Theorem1. Themergeoperation
�

is idempotent,commutative, andassociative.

Theorem2. For all statementŝ, thetransferfunction
_ _

^b` ` is monotonic.

Theorem3 (Soundness).If �

B

is a concreteheap,thenfor all statementŝ wehave
���

_ _

^a` `

B

���

B

� �

�

_ _

^a` ` � �����

B

� � , where � is theabstractionfunctionde�nedin Section3.1.



3.3 NodeLabels

Thissectionpresentsthealgorithmfor computingaccessedheapregionsfor statements
andproceduresin theprogram.Themaindif�culty whencomputingtheaccessedheap
regionsin our abstractionis that thesamenodemayrepresentdifferentconcreteheap
locationsin shapegraphsat differentprogrampoints.This makesit dif�cult to sum-
marizeheapaccessesat differentprogrampoints.In particular, it makesit dif�cult to
summarizetheheapaccessesfor eachprocedurein theprogram.

Our algorithm overcomesthis dif�culty using nodelabels to recordinformation
abouttheconcreteheaplocationsthateachabstractnoderepresents.At thebeginning
of eachprocedure,the analysisassignsfresh labelsto eachnodein the shapegraph.
Eachlabelrepresentsthesetof concretelocationsthatthecorrespondingnodemodels
in the initial shapegraph.During the analysisof individual statements,the algorithm
computes,for eachnodeandat eachprogrampoint, thesetof labelsthatdescribethe
concretelocationsthatthenodecurrentlymodels.Finally, for eachstatementthatreads
or writesa heaplocation,thealgorithmrecordsthe labelsof thenodebeingaccessed
by thestatement.Theanalysiscanthereforesummarizetheheaplocationsaccessedby
thewholeexecutionof eachprocedureasa setof labels.

For allocationstatements,theanalysisusesonelabelperallocationsiteto modelall
of theheapcellsallocatedatthissitein thecurrentexecutionof theenclosingprocedure.
For anallocationsite ^ , we denoteby �6� the label for this site.We denoteby Lab the
setof all labelsin theanalysis.Thissetconsistsof allocationsitelabelsandfreshlabels
at thebeginningof procedures.Within eachprocedure,differentlabelsmodeldisjoint
setsof concreteheaplocations.

Our analysisalgorithm computesshapegraphs,node labels,and accessregions
simultaneously. It usesan extendedheapabstractionwhich incorporatesinformation
aboutlabelsandaccessedregions.An extendedshapegraphis atuple ��_ �#" �#` �#� ������� � ,
where _ , " , and ` are the sameas before, � cG_ *�� � Lab� representsthe la-
bel informationfor nodes,and ����� ; Lab characterizetheheaplocationsthathave
beenreadandwritten from the beginning of the enclosingprocedure.The mergeop-
eration is the pointwiseunion for labelsand readand write sets.That is, if u

v
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v

�#`
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�%�
v

���
v

���
v

� and u
�

	 ��_
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�#"
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�%�
�

���
�

���
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� , thenthemergedgraph
is u

v

�

u
�

	 �E_ �%" �#` �%� ������� � , where_ , " , and ` arecomputedasbefore,and:
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Figure7 shows how the analysiscomputesthe labelsfor eachstatement.For an
allocationstatement̂ , the analysisassignsthe label �

� of that allocationsite to the
newly creatednode.During summarizationtheanalysisaddsthelabelsof thesumma-
rized nodeto the setof labelsof the nodewhich getssummarizedinto. During ma-
terialization,the newly creatednodeinherits the labelsfrom the nodeon which the
materializationhasbeenperformed.
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, and
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de�ned in Figures3, 4, and5.

Finally, the analysiscomputesthe locationsbeingreadandwritten by eachstate-
mentin a straightforwardmanner. For eachheapupdate� -> � 	 ������� or � -> � 	 � ,
the analysisaugmentsthe set of written locationswith the labelsof all the nodes�

pointsto: �

�

	 � ���

j

f C

� �2


C

� . Similarly, for eachassignment� 	 � -> � , the
analysisaugmentsthesetof readlocationswith thelabelsof all thenodes� pointsto:

�

�

	 ���
���

f

�

� �2
�� � . In all of theothercases,thesetsof locationsbeingreador
written remainunchanged.

3.4 Inter proceduralAnalysis

Ouralgorithmperformsacontext-sensitiveinter-proceduralanalysisto accuratelycom-
puteshapeinformationfor procedurecalls. At eachcall site, the algorithmmapsthe
currentanalysisinformation into the namespaceof the invoked procedure,analyzes
the procedure,then unmapsthe resultsback into the namespaceof the caller. This
generalmechanismis similar to existing inter-proceduralpointeranalyses[4,24,19].
However, our mappingandunmappingprocessesaredifferentthanin pointeranalysis
becausethey operateonadifferentabstraction.In particular, ouranalysismapsandun-
mapsshapegraphs,nodelabels,andreadandwrite sets.Likeexistingcontext-sensitive
pointeranalyses,ouralgorithmcachestheanalysisresultsevery time it analyzesa pro-
cedure.At eachcall site,theanalysissetsup thecalling context andlooksthis context
up in thecacheto determineif an analysisresult is availablefor this context. If so, it
usesthe resultsof the previous analysisof the procedure.Otherwise,it analyzesthe
callerin thenew context.

Mapping and Unmapping. The mappingprocesssetsup the calling context for the
invoked procedure.Considera call statement� � �	� � � � � � ��
 � which invokesprocedure
f . Without lossof generality, we assumethateachof theactualarguments�	� � � � � � ��


are local variablesin the caller's environment.Let  �� � � � � �  

 be the formal parame-
ters of the invoked proceduref . If the analysisinformation at the call site is u 	

��_ �#" �#` �#� ������� � , the mappingprocessbuilds the input context u � for the invoked
procedure� asfollows:

– It �rst partitionsthenodes_ of u into two sets:_�� , representingthenodesreach-
able from the actualparameters�

�
� � � � � �


 at the call site, and _�� 	b_
�

_�� ,



representingthenodesunreachablefrom theactualparameters.Let u�� bethesub-
graphof u restrictedto thenodesin _�� , and u � betheunreachablesubgraphof u ,
restrictedto thenodesin _�� . Theanalysisproceedswith u�� to setup thecalling
context; it recoverstheunreachablesubgraphu � later, duringtheunmapping.

– It then removesall of the local variables,except for the actualarguments,from
theshapegraph u � andproducesa new graph u

�

�

. For this, theanalysisperforms
assignments��	 ������� for eachvariable� whichis notanactualparameter. During
the removal of local variables,the analysisconstructsa nodemap � cD_

�

�

*

� ��_ � � thatrecords,for eachnodein u

�

�

, whichnodesof u � it represents.
– Theanalysisre-labelseachnodein u

�

�

with afreshlabelandproducesanew graph
u

� �

�

. It recordsthere-labelinginformationusinga function 3Xc Lab * _

�

�

suchthat
3 � �

�

� representsthenodeof _

�

�

whichhasbeenre-labeledwith �

�

.
– Finally, theanalysisreplaceseachactualparameter� � in u

� �

�

with thecorresponding
formal parameter� � , andproducesthegraph u ��	 ��_ � �%" � �#` � �%� � �#@ �#@ � , which is
thecallingcontext for theinvokedprocedure� .

Next, theanalysisusestheconstructedcalling context u � to determinetheoutput
graph u�� 	 ��_�� �%"�� �#`�� �#��� ���	� ���
� � . Theanalysiscomputesu�� eitherby re-usinga
previousanalysisfor this context from thecache,or by analyzingtheinvokedfunction

� . Further, the analysisunmapsthe output graph u�� and computesthe graph u

�

in
thecaller's analysisdomain,at theprogrampoint right after thecall. The unmapping
processconsistsof thefollowing steps:

– Theanalysisreplaceseachformal parameter � with thecorrespondingactualpa-
rameter�

� at thecall site,andproducesa graph u

�

�

	 ��_

�

�

�%"

�

�

�#`

�

�

�#�

�

�

���
�

���
�

� .
Herewe assumethat the formal parametersarenever modi�ed in the procedure
body. Hence,they point to thesamelocationthroughouttheprocedure.Onecanre-
lax thisconditionusingtemporaryvariablesandassignmentswhichcopy theinitial
valuesof theformalparametersinto thesetemporaryvariables.

– Next, theanalysisreplacenodesin u

�

�

with nodesfrom thereachablesubgraphu��

beforethe call; it producesa new graph u

� �

�

	��E_

� �

�

�#"

� �

�

�a`

� �

�

�#�

� �

�

���

� �

�

���

� �

�

� . Intu-
itively, theanalysisrecoversthecaller's local information,whichhasbeenremoved
duringthemappingprocess.
The algorithmcomputesthe shapeinformation _

� �

�

, "

� �

�

, `

� �

�

, and �

� �

�

asfollows.
For eachnode


�

'�_

�

�

, it examinesthefollowing possibilities:
� if �

�

�

�2


�

� 	 � �

�

� and �

�

>'
�
�

� �
� : theregion �

�

wasneitherreadnorwritten
by theexecutionof � . It meansthattheinternalstructureof this regionhasnot
beenmodi�ed by thecall, andnopointersinto themiddleof thisstructurehave
beencreated.It is thereforesafeto replacethenodelabeledwith �

�

in u

�

�

with
its correspondingsubgraphfrom u

� , consistingof all thenodesin � ��3 � �

�

� � .
� if �

�
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�2
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�

, M � ��3 � �

�

� � � M 	 � :
theheapstructurerepresentedby theregion �

�

mayhavebeenreador written,
but it representsexactly onenodein both u�� and u

�

�

. Theanalysiscansafely
replacethenode


�

with theuniquenode
 of �
�E3 � �

�

� � .
� Otherwise,the heapstructurerepresentedby region node 


�

may have been
modi�ed or representsmultiple nodesin u�� . The analysisconservatively re-
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Fig.8. Computedshapegraphsduringmappingandunmappingfor quicksortexample

places


�

with all of the nodesin � �-�
�E3 � �

�

� �
M �

�

'��

�

�

��


�

� � , addsedges
betweenany two of thesenodes,andmakesall of thenodescyclic.

Theanalysiscomputestheaccessregion information �

� �

�

and �

� �

�

asfollows:

�

� �

�

		� �

U

�-� � �2
 �!M 
8'	�
�E3 � �

�

� �

�

�

�

' �	� �

�

� �

�

	 � �

U

�-� � �2
 �!M 
 '	�
�E3 � �

�

� �

�

�

�

' �
� �

where� � is thelabelmapof subgraphu � .
– Finally, theanalysisaddsbacktheunreachablesubgraphu

� into u

� �

�

. Theresulting
graphu

�

representstheshapegraphat theprogrampoint afterthecall.

Althoughthemappingandunmappingprocessis conservative,it maybeimprecise
for regionsmodi�ed by the callee.In particular, the unmappingprocessimprecisely
restoresthelocalvariablesof thecallerwhenthesevariablesbelongto regionsmodi�ed
by the invoked procedure.To reducethis kind of imprecision,our analysisperforms
early nulli�cation : it runsa deadvariableanalysis,identi�es theearliestpointswhere
local variablesareguaranteedto be dead,andinsertsnullifying statements� 	 �������

for suchvariablesat theseprogrampoints.This techniquereducestheamountof local
informationandimprovestheef�ciency andtheprecisionof ouralgorithm.

Figure8 showstheshapegraphsthattheanalysisconstructsduringmapingandun-
mappingfor the�rst recursivecall sitein thequicksortexamplefrom Section2. Using
early nulli�cation, the analysisinsertsthe statements !
"��# 	 ������� and ��
���	 �������

beforethe�rst call. Thesestatementsyield thegraphu in Figure8 at thecall site.Dur-
ing themappingprocess,theanalysisderivesthe labelmap 3Lc � �
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During theunmappingprocess,theanalysisstartswith theoutput u � , whoseheapac-
cessinformation indicatesthat only the �rst nodehasbeenreadandwritten: ��� 	

� �

�

����� � 	 � �

�

� . Theanalysiscanaccuratelyreplacethenode 
Ti��

���

k of u � with the
subgraphof u � consistingof nodes
/i��
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k and 
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[
\

k , becausethelabel
�

�

in u

�

�

de-
notesa region thathasn't beenreador written by theinvokedprocedure.Theresulting
graphu

� �

�

	 u

�

representstheinformationafterthecall.

Recursive Procedures. For theanalysisof recursiveprocedures,our algorithmusesa
standard�x ed-pointapproach[19]. For eachcallingcontext u � , theanalysismaintains
a bestanalysisresult u�� for thatcontext. Theanalysisinitializes thebestresult u � to
thebottomelementin theanalysisdomain,which is agraphwith anemptysetof nodes
andemptysetsof readandwritten locations.During theanalysisof theprogram,the
algorithmcreatesastackof analysiscontextsthatmodelsthecall stackin theexecution
of the program.Whenever the analysisencountersan invoked procedurealreadyon
thestack,with thesamecalling context, it usesits currentbestanalysisresultfor that
context. Whenthealgorithm�nishes theanalysisof a procedureandcomputesa new
analysisresult,it mergesthis resultwith thecurrentbestanalysisresultfor thatcalling
context. If thecurrentbestresultchanges,thealgorithmre-analyzesall of thedependent
analyses.Theprocesscontinuesuntil it reachesa �x edpoint.

4 Extensions

In this sectionwe discussthreeextensionsto the algorithm presentedso far. These
extensionsimprovetheprecision,theef�ciency, andthefunctionalityof ouralgorithm.

4.1 Con�gurations VersusMergedGraphs

During theanalysisof eachindividualstatement,ouralgorithmsplitsthecurrentshape
graphinto possiblecon�gurations,analyzeseachcon�gurationseparately, thenmerges
theresultstogether, aspresentedin Section3.1.However, themergeoperationmaylose
precisionbecausethe analysismay not be able to accuratelyrecover the component
con�gurationsfrom themergedgraph.

We canavoid this kind of imprecisionusinga moreprecisedata�ow information
consistingof setsof compatiblegraphs.In this case,the algorithmcomputesa setof
shapegraphsateachprogrampoint.Thedrawbackof thisapproachis thatthedata�ow
informationmay consistsof a largenumberof graphsat eachprogrampoint, making
the analysismore expensive. With this extension,the algorithmtradesef�ciency for
precision.

A possibletrade-off is to have a singlegraphat join pointsin thecontrol �o w, but
keepmultiple graphsduringtheanalysisof eachbasicblock. In thatcase,theanalysis
splits the shapegraphinto con�gurationsat the beginning at eachbasicblock, then
mergesthecon�gurationsbackinto onesingleshapegraphat theendof theblock.



4.2 Re�ning the ��� node

In ouralgorithm,the 


W nodemodelsall concreteheaplocationsthatarereachablefrom
at leasttwo stackvariableson a paththatdoesnot go throughany otherroot locations
(i.e., locationspointedto directly from stackvariables).Essentially, theselocationsare
shared,beingreachablefrom multiplevariables.Mergingall of theselocationsinto one
singleabstractnodeis imprecise— suchanabstractioncannotaccuratelydescribethe
shapeof theheapstructurerepresentedby theselocations.

We canextendour algorithmwith a morepreciseheapabstractionwhich re�nes
the 


W node.More precisely, we canreplacethe 


W nodewith several shared nodes
^

C , where: is a non-emptysetof stackpointers.Eachsharednode ^

C representsall
of the locationsreachableexactly from the variablesin : , throughat leasttwo root
nodes.This approachis similar to theabstractionsusedin previousshapeanalyses[3,
23], which distinguishbetweennodesbasedon thesetof variablesthey arereachable
from.

4.3 Multiple Selectors

Our currentalgorithmassumesonesingleselectorname.This restrictsthedatastruc-
turesthat this algorithmcananalyzeto linkedlists. We brie�y describehow to extend
our algorithmto supportmultiple selectornames,allowing it to handlemorecomplex
structuressuchasbinarytrees.

We �rst extendour abstractionwith informationaboutselectornames.If Selrepre-
sentsthesetof all selectornamesin theprogram,a shapegraphfor multiple selectors
is a tuple u 	 ��_ �#" �#` ��� � , where:

– _ is thesetof nodes.
– "H'd_ ) _ * � � Sel�+) �-, ��������� � � is the set of edges.Eachedgecontains

informationaboutthesetof selectornamesit represents.
– `g' _A)�� � Sel��* ��, � �Q�U� � � � describesthecyclicity informationfor self-edges.

A self-edgeonanode
 is cyclic onasetof selectors�

�

v
� � � �

���

� if thereis acycle
over someconcretelocationsmodeledby 
 , andthat cycle usesonly selectorsin
theset �

�

v
� � � �

���

� .
– � 'I_ ) � ���	��3 �&* ��, �����U� � � � describesthesharedinformationfor self-edges.

A node 
 is sharedfor a setof selectors�

�

v � � � �

��


� if it modelsa concreteheap
locationwhichbepointedto by multipleheaplocations,thoughselectorsin theset

�

�

v
� � � �

�



� .

This extensiontracksthe predicates̀ and � for eachsubsetof �	��3 separately. It
allowstheanalysisto accuratelycapturetheshapeof structureswith multipleselectors.
For instance,considera binary tree with selectors������� and 
 ����
!� , with all of the
leaves connectedin a (non-cyclic) linked list with selector������� . For this structure,
thesharedpredicate� for ��������� � �"����� � and � 
 ����
!� � ������� � is non-zero;however, the
sharedpredicatefor ��������� � 
 ����
!� � of � ������� � is zero,thusallowsusto deducethatthe
selectors������� and 
 ����
!� de�ne a treestructure,andtheselector������� de�nesa list.

Thematerializationandsummarizationoperationsaregeneralizationsof thecorre-
spondingoperationsfor a singleselector. Theanalysispeformsprecisesummarization



for a statement��	�� -> 	��!� on a self edgeif thenodebeingsummarizedis not cyclic
on any setwhich includestheselectorname 	��!� , usedto traversethestructure.Simi-
larly, theanalysisperformsprecisematerializationfor astatement� 	 ������� if thenode
that � pointsto is preciselyreachablefrom exactlyoneothernode.

Trackingboththecyclic andsharedpredicatesallowsusto distinguishcertaintypes
of graphsrepresentedby agivenabstractnode
 , basedonpossiblecombinationsof the
predicates,asshown in thefollowing table:


 is not cyclic 
 is cyclic

 is not shared tree largecycle


 is shared DAG arbitrarygraph

In this table,a largecycle representsa cycle which includeof all of the locationsthat
node
 models.

5 RelatedWork

Earlyapproachesto shapeanalysis[14,1] proposegraphabstractionsof theheapbased
on allocationsites:eachsummarynodein the shapegraphrepresentsall of the heap
locationsallocatedatacertainsite.Becauseof theabstractionbasedonallocationsites,
thesealgorithmsareimprecisein thepresenceof destructiveupdates.

A numberof approachesto shapeanalyseshave usedaccesspathsin the form of
regular expressionsto describereachabilityof heaplocationsfrom the stack.Larus
andHil�nger presenta data�ow analysisalgorithmwhich computesaccesspaths[15].
Other approachesusematricesof accesspathsto describethe reachabilityinforma-
tion [13,12]. They proposealgorithmsthatusethecomputedaccesspathsto determine
whetherstructurespointedto by differentstacklocationsalwaysaccessdifferentheap
locations,andusethis informationto parallelizeapplicationsthatmanipulaterecursive
heapstructures.Researchershave alsoproposedlanguagesupportfor heapstructures:
in theAbstractDescriptionof DataStructures(ADDS) [11], programmerscanspecify
propertiessuchasdisjointnessor backwardpointers,andthecompilerthenusesanaly-
sistechniquesbasedonaccesspathmatricesto checktheseproperties.Deutsch[2] pro-
posesa shapeanalysiswhich expressesaliasingusingpairsof symbolicaccesspaths.
The analysiscan parameterizethe computedsymbolic alias pairs,and show, for in-
stance,that a list copy programproducesa list whoseelementsare aliasedwith the
correspondingelementsof theoriginal list.

Similarapproachesusematricesof booleansto expressreachabilityinformation[7,
8]. For instance,theinterferencematrix indicateswhethertheremaybeheaplocations
reachablefrom differentstacklocations;andthedirectionmatrix indicatesif theheap
locationpointedto by astackvariablemaybereachablefrom theheaplocationpointed
to by anothervariable.Theanalysisusesthereachabilityinformationin thesematrices
to distinguishbetweentrees,DAGs,andarbitrarygraphs.

A moresophisticatedanalysisproposesashapegraphabstractionof theheapwhich
distinguishesbetweenheaplocationsdependingon the stackvariablesthat point to
them [20]. This approachkeepstrack of the sharednessof summarynodesto iden-
tify acyclic lists or treestructures.The algorithmalsointroducestwo key techniques



thatallow theanalysisto computeaccurateheapinformation:summarizationinto and
materializationfrom summarynodes.Using thesetechniques,the analysisis able to
determinethatan in-placelist reversalprogrampreserveslistness.Lateranalyses[23,
3] extendthis algorithmwith reachabilityinformationandthusareableto distinguish
betweensub-regionsof thesameheapstructure.However, noneof thesealgorithmsis
ableto summarizeheapaccessinformationfor thewholeexecutionof eachprocedure
in theprogram.

More recently, researchershave proposedthe useof threevaluedlogic to express
heapproperties[21]. They proposea generalframework which allows to expressthe
heapabstractionusingthreevaluedlogic formulasandshow thatexisting analysesare
instancesof this framework. Subsequentwork shows how to apply this framework to
checkthecorrectnessof aninsertionsortalgorithm[17], andhow to extendthis frame-
work for interproceduralanalysis[18].

6 Conclusion

We have presentedan inter-proceduralanalysiswhich is ableto computeinformation
abouttheprogramaccessesheapregionswithin recursivedatastructures,suchassub-
lists within lists.Theanalysisis designedto handlerecursiveprogramswhich destruc-
tively updateheapstructures.We usea shapegraphabstractionwhoseedgesrecord
reachabilityinformationandnodesrecordcyclicity information,andwe formulateour
algorithmasa data�ow analysiswhich computesshapeandregion informationat each
programpoint. As part of the analysisalgorithm,we summarizethe heapregionsac-
cessedby eachprocedurein termsof theregionsat thebeginningof theprocedure.For
this,weuselabelsonthenodesof theinitial shapegraph,to denotetheregionsasof the
procedureentrypoint. Our analysisis ableto accuratelyanalyzea recursive quicksort
programwhich sortsa list in-place,anddeterminethat the two recursive calls access
disjoint sublistswithin thelist.

References

1. D. Chase,M. Wegman,andF. Zadek. Analysisof pointersandstructures.In Proceedings
of the SIGPLAN'90 Conferenceon ProgrammingLanguage Designand Implementation,
WhitePlains,NY, June1990.

2. A. Deutsch.Interproceduralmay-aliasanalysisfor pointers:Beyondk-limiting. In Proceed-
ingsof theSIGPLAN'94 Conferenceon ProgrammingLanguage Designand Implementa-
tion, Orlando,FL, June1994.

3. N. Dor, M. Rodeh,andM. Sagiv. Checkingcleannessin linkedlists. In Proceedingsof the
8th InternationalStaticAnalysisSymposium, SantaBarbara,CA, July 2000.

4. M. Emami,R. Ghiya,andL. Hendren.Context-sensitive interproceduralpoints-toanalysis
in the presenceof function pointers. In Proceedingsof the SIGPLAN'94 Conferenceon
ProgrammingLanguage DesignandImplementation, Orlando,FL, June1994.

5. D. Gay andA. Aiken. Memory managementwith explicit regions. In Proceedingsof the
SIGPLAN'98 Conferenceon ProgrammingLanguage Designand Implementation, Mon-
treal,Canada,June1998.



6. D. GayandA. Aiken. Languagesupportfor regions. In Proceedingsof theSIGPLAN'01
Conferenceon ProgrammingLanguage Designand Implementation, Snowbird, UT, June
2001.

7. R. Ghiya andL. Hendren. Connectionanalysis:A practicalinterproceduralheapanalysis
for C. In Proceedingsof the Eighth Workshopon Languages and Compilers for Parallel
Computing, Columbus,OH, August1995.

8. R. GhiyaandL. Hendren.Is is a tree,a DAG or a cyclic graph?a shapeanalysisfor heap-
directedpointersin C. In Proceedingsof the23rd AnnualACM SymposiumonthePrinciples
of ProgrammingLanguages, St.Petersburg Beach,FL, January1996.

9. D. Grossman,G.Morrisett,T. Jim,M. Hicks,Y. Wang,andJ.Cheney. Region-basedmemory
managementin Cyclone.In Proceedingsof theSIGPLAN'02 Conferenceon Programming
Language DesignandImplementation, Berlin, Germany, June2002.

10. N. Hallenberg, M. Elsman,andM. Tofte. Combiningregion inferenceandgarbagecollec-
tion. In Proceedingsof the SIGPLAN'02 Conferenceon ProgrammingLanguage Design
andImplementation, Berlin, Germany, June2002.

11. L. Hendren,J. Hummel, and A. Nicolau. Abstractionsfor recursive pointer datastruc-
tures:Improving the analysisandtransformationof imperative programs. In Proceedings
of the SIGPLAN'92 Conferenceon ProgrammingLanguage Designand Implementation,
SanFrancisco,CA, June1992.

12. L. Hendren,J. Hummel, and A. Nicolau. A generaldatadependencetest for dynamic,
pointer-baseddatastructures.In Proceedingsof theSIGPLAN'94 Conferenceon Program-
mingLanguage DesignandImplementation, Orlando,FL, June1994.

13. L. HendrenandA. Nicolau. Parallelizingprogramswith recursive datastructures. IEEE
TransactionsonParallel andDistributedSystems, 1(1):35–47,January1990.

14. N. JonesandS. Muchnick. A �e xible approachto interproceduraldata�o w analysisand
programswith recursive datastructures.In ConferenceRecord of the9thAnnualACM Sym-
posiumon thePrinciplesof ProgrammingLanguages, Albuquerque,NM, January1982.

15. J. LarusandP. Hil�nger . Detectingcon�icts betweenstructureaccesses.In Proceedings
of the SIGPLAN'88 Conferenceon ProgrammingLanguage Designand Implementation,
Atlanta,GA, June1988.

16. C. LattnerandV. Adve. Automaticpool allocationfor disjoint datastructures.In Proceed-
ingsof theSIGPLAN'02 WorkshoponMemorySystemPerformance, Berlin, Germany, June
2002.

17. T. Lev-ami, T. Reps,M. Sagiv, andR. Wilhelm. Puttingstaticanalysisto work for veri�-
cation:A casestudy. In 2000InternationalSymposiumon Software Testingand Analysis,
August2000.

18. N. Rinetzky andM. Sagiv. Interproceduralshapeanalysisfor recursive programs.In Pro-
ceedingsof the 2001 International Conferenceon Compiler Construction, Genova, Italy,
April 2001.

19. R.RuginaandM. Rinard.Pointeranalysisfor multithreadedprograms.In Proceedingsof the
SIGPLAN'99 Conferenceon ProgrammingLanguage DesignandImplementation, Atlanta,
GA, May 1999.

20. M. Sagiv, T. Reps,andR. Wilhelm. Solving shape-analysisproblemsin languageswith
destructiveupdating.ACM TransactionsonProgrammingLanguagesandSystems, 20(1):1–
50,January1998.

21. M. Sagiv, T. Reps,andR. Wilhelm. Parametricshapeanalysisvia 3-valuedlogic. In Pro-
ceedingsof the26thAnnualACM SymposiumonthePrinciplesof ProgrammingLanguages,
SanAntonio,TX, January1999.

22. M. Tofte andJ.-P. Talpin. Implementationof thetypedcall-by-valuelambda-calculususing
a stackof regions. In Proceedingsof the21stAnnualACM Symposiumon thePrinciplesof
ProgrammingLanguages, Portland,OR,January1994.



23. R.Wilhelm,M. Sagiv, andT. Reps.Shapeanalysis.In Proceedingsof the2000International
Conferenceon CompilerConstruction, Berlin, Germany, April 2000.

24. R. Wilson and M. Lam. Ef�cient context-sensitive pointer analysisfor C programs. In
Proceedingsof theSIGPLAN'95 ConferenceonProgrammingLanguage DesignandImple-
mentation, La Jolla,CA, June1995.


