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Abstract. This paper introduces a novel technique for identifyingdady re-
lated sections of the heap such as recursive data structinjests that are part of
the same multi-component structure, and related group$jetts stored in the
same collection/array. When combined with the lifetimegemies of these struc-
tures, this information can be used to drive a range of progrgtimizations in-
cluding pool allocation, object co-location, static dealition, and region-based
garbage collection. The technique outlined in this papso ahproves the effi-
ciency of the static analysis by providing a normal form foe fibstract models
(speeding the convergence of the static analysis).

We focus on two techniques for grouping parts of the heap.fifsieis a tech-
nique for precisely identifying recursive data structuire®bject-oriented pro-
grams based on the types declared in the program. The seeohdidue is a
novel method for grouping objects that make up the same csitepstructure
and that allows us to partition the objects stored in a cbbletarray into groups
based on aimilarity relation. We provide a parametric component inghmilar-
ity relation in order to support specific analysis applicatish as a numeric
analysis which would need to partition the objects baseduomaric properties of
the fields). Using th8arnes-Hutbenchmark from the JOIden suite we show how
these grouping methods can be used to identify various tyfdegical structures
allowing the application of many region-based programrojaations.

1 Introduction

Identifying and grouping logically related parts of the gram heap in an abstract pro-
gram model is useful both to client optimization applicaiqwhich can use the in-
formation to perform pool allocation, object co-locatistatic deallocation, etc.) and
in improving the performance of the static data flow anal{gisviding a normal form
which speeds the convergence of the analysis). This papsepts a novel technique for
identifying and grouping these regions in a manner thatstpa wide range of client
applications and that can be used in practice to producefiareaf static analysis.
Research on object allocation and memory layout has useatbtiens of logically
related structures to improve the spatial locality of otgesith similar temporal ac-
cesses via techniques such as pool allocation [16, 3] anecbbp-location [11, 7].
Other work which uses logically related sections of the Heggpfocused on improving
the efficiency of garbage collection. The most obvious aailon is static deallocation
of regions or data structures [4,12]. There has also beek {idi] on using region
information to reduce the pause times of garbage colledtioonly performing the



collection on portions of heap that are likely to contain sndaad objects. Similar ap-
proaches (when combined with heap based read/write intimmacan also be used to
support parallel garbage collection by statically ideyiti§ which parts of the heap can
be safely collected without concern for the mutator.

The techniques listed above use a variety of techniquesléattifying the region
information that is later used in the optimizations phadee Techniques range from
simple grouping via the points-to partitions computed gsirSteensgaard style analy-
sis [22,13] to more complex and specialized approachesrasidd16, 12]. However,
the technique in this paper offers a significantly higherrdegf precision than these
approaches and thus the method for identifying regionseptes in this paper can be
used directly to improve the effectiveness of these opttiins.

In addition to being useful for a range of optimization teiciues the region identi-
fication technique we present in this paper can be used tamiweghe performance of
various static analysis techniques. This is achieved hygusie region identification to
define a normal form for the abstract models, reducing thgttieif the abstract lattice.
This use of a normal form can be seen as a pseudo-wideningtapeused to transform
a domain of infinite height (e.g, linked lists of sizel0. . ») into a finite height lattice
(e.qg, linked lists that are of size D 2, or some unknown lengttv). While this idea is
not novel to this paper —symbolic access paths in [6], nozatbn/mergein [2,5, 17],
and the append left/right rules in [1, 23] or similar rulesif@uctive synthesis in [10]—
the approach we present here is significantly more generphiticular the formaliza-
tion applies to any type of recursive data structures (a®sghto just lists in [1] or
trees [10]), it can precisely model many types of cyclic gumves (which are merged
in[17,6]), and it is supports more precise grouping of theteots of collections (arrays
or collections fronjava.util ) than is possible with the methods described in [2, 20]
(and which are left out in most other approaches).

We begin with a brief introduction of the parametric labettdrage shape graph
(Issg model, Section 2, that we use to illustrate the main coutidms of this paper.
These contributions as described in Sections 3 and 4 are:

— A method for identifying and grouping recursive data stuues.

— A method for identifying groups of objects that form multiject composite struc-
tures.

— A parametric approach to grouping the contents of arrallsftmns.

Finally, in Section 6 we use the well knoarnes-Hubenchmark from the JOlden
suite to illustrate the results of the region analysis and this information can be used
to support some of the optimizations mentioned above.

2 Concrete Heap and Labeled Storage Shape Graph

We begin by reviewing the abstract graph model that we builohdhis work (although
the concepts presented in this paper can be easily applietién approaches such as
those that rely on separation logic [1, 10, 23]). In previeusk [17-20] this model
is used to precisely perform shape and sharing analysis angerof Java 1.4 pro-
grams. While the properties discussed therein are criticptecisely analyzing these



programs, we do not need all of this information in order tdfqren region identifica-
tion and grouping. Thus, to simplify the discussion and twufon the novel concepts
in this paper we present a simplified version of the model.

2.1 Concrete Semantics

The semantics of memory are defined in the usual way, usingr@noeament map-
ping variables into values, and a store mapping addresgesgafues. We refer to the
environment and the store together as the concrete heagh vehireated as a labeled,
directed multi-grapkV, O,R) where eaclv € V is a variable, eacb € O is an object on
the heap and eache Ris a reference (either a variable reference or a pointerdsiw
objects). The set of referencRs (V UO) x O x L wherelL is the set of storage location
identifiers (a variable name in the environment, a field idienfor references stored in
objects, or an integer offset for references stored in afcajlections). For a reference
(a,b,p) € R, we use the notatioa - b to indicate that the object (or variablayefers
to b via the field name (or variable identifiep)

A regionof memory = (C,P,Rin, Rout) consists of a subsé€t C O of the objects
in the heap, all the pointeB= {(a,b,p) e R|a,be Cnrab b} that connect them, the
references that enter the regiBp = {(a,b,r) e R|ac (OUV)\CAbeCAa- b}
and references exiting the regiBs, = {(a,b,r) e RlacCAbe O\CAa- b}.

2.2 Storage Shape Graph Abstraction

Our abstract heap domain is based ongtwage shape grapf2] approach. Anab-
stract storage graplis a tuple of the form{V,N, E), whereV is a set of abstract nodes
representing the variablel,is a set of abstract nodes (each of which abstracts a region
O of the heap), ané C (VUN) x N x L are the graph edges, each of which abstracts
a set of pointers, and is a set of abstract storagéfsets(variable names, field offsets

or the special offse? for references stored in arrays/collections). We extersddéfini-

tion with a set of additional relationt$ that further restrict the set of concrete heaps that
each shape graph abstracts. Tateeled storage shape graphs (Issghich we refer to
simply asabstract graphgare tuples of the fornivV, N, E, U).

Definition 1 (Valid Concretization of a Issg. A given concrete heap h isvalid con-
cretizationof alabeled storage shape grapff there are functionsgly, Mo, Iy such that
the following hold:

—My:V—V,Mo: 0 N andfl; : R E are functions (andl, is 1-1).
— h, Iy, My, and [T, satisfy all the relations itJ.
— h, Iy, My, and T, are connectively consistentith g.

Where hrly, Mo, [1; are connectively consistentith g if:

— V01,00 € 0s.t.(01,02,p) €R,Je€ Este= Iy ((01,02,p)), € starts atl1y(01),
ends atlly(02), and eoffset= p.

- VYveV,0e0s.t(v0,v) €R,FecE st e=M((v,0,v)), e starts atly(v), ends
at [1y(0), and eoffset=v.



To check if a given concrete hedpand mapdly, Iy, 1, satisfy a given relation
in U we need to look at the pre-images of the nodes and edges ibstraet graphy
under the map§ly, o, I1;. We use the notatioh |4 e to indicate the set of references
in the concrete heapthat are in the pre—image efunder the maps. Similarly, we use
h ]g n, to indicate the region of the heap that is the image whder the maps.

2.3 Label Relations (inU)

Type.For thetyperelation, we add a relatiofn, {11,...,%}) (we use the shorthand
n.type= {11,...,7}) to U for each node irN, wherert; are types in the program
and sayh, Iy, o, [, satisfies(n,{11,...,1}) iff {typeof (0)|objectoeh|gn} C
(T, T},

Linearity. The linearity relation is used to track the number of objects in the region
abstracted by a given node or the number of references afestrby a given edge.
Thelinearity property has 2 values: 1 indicating a cardinalitf@fl] or w indicating a
cardinality of[0, »). Given a node whereh | n= (C,P,Rin, Rout) then:

c| [0,1] if nlinearity=1
[0,00) if n.linearity = w

Similarly for an edgee whereh |ge={ry,...,rj} then:

. [0,1] if elinearity=1
H{ra,....rjtl € { [0,) if elinearity = w

Abstract Layout.To approximate the shape of the structures present in thenrdat a
node abstracts, the analysis uabstract layouproperties{(S)ingleton (L)ist, (T)ree
(M)ultiPath, and (C)ycle}. The (S)ingletonproperty states that there are no pointers
between any of the objects abstracted by the node, given amadhereh [gn =
(C,P,Rin, Rout) thenP = 0. The other properties correspond to the standard defisiti
for list, tree, DAG, and cyclic structures in the literat(®e18, 17, 1].

2.4 Sample Heap and Abstract Graph Model.

Figure 1 shows a linked list of length 3 or more (left) and thpresentation of this list
in the abstract domain with the objects that represent ijged into regions (right). In
the abstract domain each edge is labeled with a unique fdgntn abstract storage
offset and alinearity label. The nodes are labeled with a unique identifiegypalabel,
alinearity label and dayoutlabel.

In Figure 1(b) we see that the variabhleefers to node 1 which represents a single
(linearity is 1) ListNode [N) object at the head of the linked list. There is a single edge
(edge 2) out of the node representing the single (alya@arity 1) (n)ext pointer,
which ends at node 2. This node represents the tail of thihistselfn edge andL)ist
layou) which may contain many objectbr(earity is w).

Partitioning the list into these two nodes captures sewenabrtant attributes. First
we have kept the head of the list (which may be modified thohglvariabld ) distinct,



(a) Concrete List, Length 3 or More (b) Abstraction with Regions Identified

Fig. 1. A Linked List and Desired Abstraction with Regions Identifie

giving more opportunities to the analysis for precisely elod) the effects of later

program statements. Next, the grouping has produced a aimgpaesentation for the
list structure which has a substantial impact on the effayesf the analysis. Finally,

we have grouped all of the objects that make up the list intbriades (the head and
the tail, nodes 1 and 2) and as we will see later if there arerathrelated lists in

the program the abstraction will generate separate node=afth of these lists. Thus,
the information needed by the various optimization techegjwe are interested in is
preserved (objects in the same structures are groupedrgehile disjoint structures

in the concrete heap are kept separate in the abstract model)

3 Recursive Components

The first contribution in this paper is a generalized methtarddentifying parts of the
abstract heap graph that may represent a single recurs&eiacture and how these
parts should be grouped together (e.g. using multiple ntmespresent the head and
tail sections of the linked list). While the basic approaztdentifying potentially recur-
sive structures is a straightforward examination of theipfiormation and connectivity
properties of the program based on the symbolic access paffsthere are a num-
ber of subtle but important modifications that are neededhtam the desired level of
precision in the results, which we describe in Subsectian 3.

3.1 Statically Recursive Types

We can identify the types in a program that may be recursiviobling at the type
graph for the program. Thistatic program type graphas a node for each type that is
declared and for each pair of typest’ there is an edge fromto 1’ if T has a field of
type (or supertype)’. From this construction we can identify types that are reiger
(based on the static type information) as follows:

Definition 2 (Statically Recursive Types)For a given program and types 7’:

1. 1,7 are statically recursivéff in the static program type graplt # 7/ A 7,7’ are
in the same strongly connected componenty = 1’ and there is a self edge).
2. tis astatically recursiveype iff31’ s.t. T, T’ are statically recursive



3.2 Recursive Structure ldentification Refinements

In much of the past work on region identification [17, 16, €,d], this static type infor-
mation has been used (in various ways) to determine if tweatbjare part of the same
recursive data structure. However, this can result in g\agsproximate region identifi-
cation in three important classes of heap structures. Belewescribe these and how
we can modify our concept of recursive structures to chareet them.

Safe Nodesln order to accurately simulate the effects of various progstatements
it is critical to precisely model the targets of variableereinces. Consider removing
an element from a linked list where we have multiple varialgeinting into the same
list structure. In order to preserve the listness propdter éhe removal we must keep
track of the relative positions of the variable referencgs the list structure and the
effects of the assignment statements on the objects rdftorey the variables. Thus,
even though all of these objects make up the same recursivd@tiicture, we want to
use multiple nodes to represent it (one node for each latatiohe list that is being
modified in a addition to nodes representing the list tailtheosegments).

To identify these important objects which need to be modeiddpendently we
introduce the notion ofafe nodesWe say a node is safe if it represents an interesting
point in a recursive data structure (a point where the pragsaaccessing a specific
node in the data structure though a variable reference, tieiabove example, or a
non-recursive data structure pointing into specific laaiin the recursive structure)
and we keep these nodes distinct from any other recursivgponents.

If we have a recursive data structure and we store referdndagportant points
in it via another data structure we want to be able to maintaénrelations between
these specific points in a data structure for when they aresaed later in the program.
This is a generalization of maintaining the precise logwtiof variable referencesinto a
recursive data structure. This is important to analyzitigesions of the form: a method
returns aPair object containing twd.istNode objects and we want to remove all
the elements in the list between thisst  andsecond entries of thePair . If the
analysis does not maintain the order relation between tiyets of thefirst  and
second reference fields in the list structure we cannot accuratedgdehthe effects
of the remove operation (e.g., we would conservatively mssthat the target of the
second field could come before the target of thiest  field in the list).

Definition 3 (Safe Node)A node n isafeif it is a node oflinearity 1and either of the
following hold:

1. Jvariable v that refers to n.
2. J edge e s.t. e starts at a node whereV1s € ns.type T € n.type, 7s, T are not
statically recursive

Connectivity AwarenesgConsider a program with the object typRsT,, 73 which are
mutually recursive on tha field. If we have the abstract heap graph in Figure 2 we
can see that the"? and 3% nodes in the list are statically recursive according to the
definitions above but that there is no complete recursivesire presentin the program
(no type appears multiple times in the same structure). @dmsoccur frequently with



pre 1.5 Java collections as their contents are untyped (tiegy contain any type of
object) and are thus statically recursive with all otheetyp

Fig. 2. Recursive Types But No Complete Structure

To avoid this problem we perform a connectivity aware dévecof the recursive
structures which takes into account the connectivity imfation of the heap and en-
sures that we only consider two nodes as being recursiveyfdhe part of &omplete
recursive structureWhich ensures only nodes that are in repeating and ungtiege
parts of a recursive data structure are grouped into a siaglen.

Definition 4 (Complete Recursive Structure).Two nodes m’ are part of acomplete
recursive structurd:

3 edge e from n to’n3an; and a path from hto n; s.t. none of M, n; or the nodes on
the path aresafe and ntypenn;.type# 0.

Recursive vs. Back Pointerdlany programs use back pointers causing the above def-
inition to identify any cyclic structure as recursive, Srtavially every node can reach
itself and thus every type appears multiple times. This esudise grouping of cycles

in the graph into single nodes with tteyout (C)ycle which can lead to substantial
imprecision. Figure 3 shows an example of such a heap. Weezathat even though
the heap structure is finite, the back edge will cause oursa@icomponent definition

to group the 24 and 3% nodes into the same recursive component.

[4,n,1]

Fig. 3. Recursive Cycle

To address this problem (and other similar problems thaeanihen identifying
unbounded recursive structures when cyclic structurepm@gent) we modify the re-
cursive definition to ignore back edges when determiningdf hodes are recursive.



3.3 Recursive Node Definition

Given the above scenarios and the proposed solutions fallihgrthem we get the
following final definition for determining if two nodes arectasive.

Definition 5 (Recursive Nodes)Given the functiordepthwhich returns the depth of
a node in the graph, nodes 1, (where n# ') are recursiveif:

J edge e from n to’'nneither of nn’ are safeand3n; s.t. there is a (possibly empty) path
e ((n3,ng) ... (n¢,ng)) from rl to ny s.t.V(n?, nf) € Yr,depthn?) < depth(n®) (where
depthis the depth of the node in the grapk),n®,n?), neither 1§ or nf is safe and,
n.typenn;.type# 0.

4 Composite Components and Array/Collection Grouping

The second contribution of this paper is a method to idetiyposite structures and
equivalence classes of the objects stored in arrays ormtioltes. This is done by defin-
ing a parametric predicate for determining if two nodesespniequivalentegions of
the heap. The method presented in this section is effeaiivihé application of iden-
tifying heap regions based on simple connectivity infoiioratand is sufficient for our
optimization applications) but the parametric compondaote for the predicate to be
tailored to support other applications as well (for examplee are using a humeric
domain we can extend it to keep objects in an array with noo-zalues in a given
field distinct from objects that must have a zero in this fidld]).

We introduce a notion ogquivalenceof two nodes that captures our intuition of
when two nodes,n’ abstract similar regions of the concrete heap. Sincesthév-
alencepredicate is used to determine the maximum number of outsedgeh node
may have, we can improve efficiency by minimizing the numberuivalence classes
created by this relation. The tradeoff between precisiaharformance that we have
found to be acceptable is determined by the following comwit (1) are all the types
represented by the nodes non-recursive (or may both nogessent recursive types)
and (2) what variables can access the objects in the regimtsated by the nodes?

Recursive Similarity.Two nodes areecursive similarif they both abstract all non-
recursive types or they both may abstract an object witharsae type. An example of
why this is important is the common construction of k-angfresing arrays/collections
to hold either a recursive subtree or a non-recursive lejgicob

Definition 6 (Recursive Similarity). Given nodes m’ and thestatically recursivéype
information, nn’ are recursive similaiff either of the following holds:

1. (At e n.type 1 is statically recursivep (31’ € n'.type 1’ is statically recursive)
2. (A1 e ntype 1 is statically recursivep (AT’ € n'.type T’ is statically recursive)

An example of this situation is in thgh program discussed in Section 6. This pro-
gram performs a n-body gravitational simulation on a seBodly objects using the



fast-multipoleapproach. This technique builds a space decompositiomrtegke up of
Cell objects each of which has a reference Wegtor containing references to other
Cell objectsinthe space decomposition tree or toBbdy objects. Using good OOP
style theCell andBody objects both inherit from an abstradtde class. Thus, if we
did not distinguish between the recursi®ell objects which make up the tree struc-
ture and the leaBody objects the analysis would end up grouping the tree (with the
Cell objects) and the leaf objects (tBedy objects) into the same region. However,
by distinguishing regions based on thescursive similaritywe can avoid this and en-
sure that the tree structure and the leaf objects are granfmedifferent regions.

Reference Similaritylf we have two noden, n’ and the objects abstracted in the region
by n are all stored in an arraf and all the objects in the region abstractednbyare
stored in arrayA and a second arrd/then it is reasonable to assume that the program-
mer has partitioned these objects differently for somemeabhus, we want to preserve
this information by keeping the nodes distinct, we show éitisation in Figure 4. We
can ensure that the information on which collections anéhbées refer to which sets

of objects is maintained by using the following definitiorreference similarity

Definition 7 (Reference Similarity). We say two nodes,n are reference similar if
given the set of in edges to npE- {€] ... €}, the set of in edges td,iE/, = {€] ... €'},
and the set of variables that can reach node =] ... \{'}, the set of variables that
can reach node’nV/ = {\{ ...\'}, the following holds:

({e.offset| ec Ein} = {€.offset| & c E[ . }) A (Vi =V/)

Fig. 4. Nodes 2, 3 Not Reference Similar (based on variable readyabi

This definition ensures that if two nodes are treated diffgyewith respect to the
types of objects they are stored in or the variables thatrézem then they are kept
separate. In Figure 4 nodes 2 and 3 arerafrence similaisince node 2 is reachable
from variableA while node 3 is reachable from both variabfeandB.

Parametric Node Equivalencén addition to using the structural information provided
by therecursive similarandreference similarelations we can also provide a parametric
component to the grouping operation to support the needsooé specific types of
analysis. In some of our related work [18] we have used exastpht involve tracking
the numeric field values of objects stored in each regiontderao achieve the required



level of precision it is important to avoid grouping regiomih differing field values
even if the objects they represent are stored in the same @imas our definition allows
parametric similarity properties to support specializedlgses.

Definition 8 (Equivalent Nodes/Edges)Given the above definitions we defiedge
equivalenceGiven a node n and two out edge&'evhich start at node n and end at
nodes g and rny respectively we say, € are equivalenif:

eoffset= € .offset

e, Ny are recursive similar

ne, Ny are reference similar

ne, Ng are equivalent for all parametric similarity relations

Ea o

5 Region Identification and Grouping

Using the above definitions for identifying recursive stares, composite structures
and grouping the contents of collections/arrays we defiaartathod for constructing

the logically related regions. Once we have identified a §eiodes that represent a
logically related region, based on our region predicatesnged to replace them with a
single node thasafelyapproximates the properties of the nodes in the set.

Component SummarizatiorBefore we present the complete region identification/nor-
malization algorithm we describe how the summary nodes amgated. To simplify
the computation we perform the summarization in a pairwiaemer. When summariz-
ing two nodesn andn’, there are three possibilities. The first is that there aredges
between the nodes, there are only edges in one directiorebataodes (fromton’ or

n’ to n, but not both) and when there are edges frotnn’ and fromn' to n.

If there are no edges between the nodes we usmérgeNoEdgenethod to com-
pute the summary representation. This method is a simplg@ponant-wise operation
where the updatetypelabel is the union of the twoypesets, thdinearity value isw
and thelayoutis the max (the most general) of the thayoutlabels. The case where
there are edges fromto n’ and fromn’ to n (mergeBothWayis similar except we
always assume thHayoutof the summary node &€)ycle

The mergeEdgeOneWapperation (Algorithm 1) on a pair of nodes that have con-
necting edges is more complicated. In particular we needdount for the fact that the
edge(s) connecting nodasandn’ will affect thelayoutof the new summary node.

Algorithm 1: mergeOneWay

input : graphg, n,n’ nodesebt set of edges from to n’
n.types«— n.typesu n'.types;

n.linearity — w;

n.layout« combineLayoutq.layout, ' .layout,ebt);
remap all edges incident ¥ to be incident tan,
deleteNodeg, 1');




The algorithmcombineLayout,|’, ebf), is based on a case analysis of thgout
that results from the possible combinations of ldyutsfor n, n’ along with the total
number of pointers represented &yt We enumerate the possible combinations of the
ebtedges and thiayoutlabels and then for each case we use the semantics of the edge
andlayout properties to determine the most gendagouttype that may result from
this particular case. For example if we have t{8)ingletonnodes connected by an
edge oflinearity 1 then the most genertayoutfor a node that summarizes these nodes
and the edge is @.)ist.

To merge two arbitrary nodesn’ we use Algorithm 2 which selects the appropriate
method for merging two nodes based on the existence of edgesén them.

Algorithm 2 : mergeNode

input : noden,n’, graphg

if 3 edges from n to’rand i to nthen
mergeBothWayg, n, n');

else if3 edges from n to’rthen
mergeOneWayy, n, ', {e| efromnton'});

else if3 edges from hto nthen
mergeOneWayy, ', n, {e| efrom ' to n});

else
mergeNoEdgey, 1, n);

Region Identification/Normalization AlgorithmOnce we have the above methods for
computing summary nodes for a pair of nodes in the graph wedeéine the final
region identification algorithm. The resulting region goed model is also a convenient
normal form ensuring that the static analysis terminatethasnfinite set oflabeled
storage shape graphis a finite set under the normal form (recursive structures ar
represented by a bounded number of nodes and each node haskedaumber of out
edges, for space we omit a formal proof).

The algorithm is a straightforward iterative identificatiof pairs of nodes/edges
that should be grouped and the replacement of these stesdiyra summary repre-
sentation until a fixpoint is reached. After this method tevates the abstract graph
model will have all the logically related regions identifiaad grouped according to the
characterizations in Sections 3 and 4.

6 Case Study and Experimental Evaluation

Barnes-Hut Case StudyOur version of thevh program performs a gravitational inter-
action simulation on a set of bodies (fBedy objects) using &ast-multipoleechnique
with a space decomposition tree. The tree is representad Ggill objects each of
which has a/ector containing references to oth€ell objects or references to the
Body objects. The program also keeps tjgwa.util.Vector objects for access-
ing the bodieshodyTab andbodyTabRev . The positionsos), velocities yel )



Algorithm 3: groupRegions
input : graphg
while g is changingdo
while 3 node n with edges, € s.t. e#£ € A e € are equivalent edgedo
mergeNode(target &, target ofe/, g);
elinearity — w;
deleteEdgey, €);
while 3 nodes nn' that are recursivalo
mergeNodeg, n, 1');

and acceleratioragc ) values of the bodies are represented with composite anest
consisting of aMathVector object and alouble[]

Figure 5 shows the abstract heap model built and used stépSystem  method
of the benchmark (the listing below), where the space decsitipn tree is recom-
puted (themakeTree method), the body-body interactions are computed (the loop
with thehackGravity = method), and the new acceleration information is propabjate
(thevprop method).

public void stepSystem(){
this.makeTree(nstep);

Iterator bi = this.bodyTabRev. iterator ();
while (bi.hasNext())
((Body) bi.next()).hackGravity(rsize, root);

vprop (this .bodyTabRev, nstep);

[0, root, 1]

[{?, subp}] 0,BTree, 1, S

[19, root, 1] [12, bodyTabReyv, 1]

‘]/ v [14, bodyTab, 1]

17, {Cell Vector}, w, C 18, Vector, 1, S
11, Vector, 1, S

3,7, w]

[16, pos, w]

15, MathVector, w, S [18, 2, w] A 21, 2, w]
14, Body, w, S
[17, data, w] [9, newAcc, w] [8, pos, w]
w [10, acc, w] [11, vel, w]

T Ve 9, MathVect S

16, Doublel], w, S 7, MathVector, w, S . MathVector, w,
[5, data, w] [5, MathVector, w, S] [3, MathVector, w, s] [4, data, w]

\ Y
8 Double[], w, § | 7~ data vl 16, data, w] 10, Doublel], w, S
A

[6, Doublel[], w, S] [4, Doublel], w, S]

Fig. 5. Abstract Heap irBH



As we can see in Figure 5 the region identification algoritsrable to correctly
identify and group all the major components in the overadiphstructure. The space
decomposition tree is grouped into the region represenyedolle 17 (although the
analysis has overly conservatively assumed the structasetrave aC)yclic layout)
while the leafBody objects are represented separately by node 14. The anhbsis
also grouped the compositdathVector /double[]  structures and has maintained
the separation of these structures when they abstraaaistructures and are stored
in different types or in different fields.

Thebh program has many opportunities to apply the optimizatiossu$sed in the
introduction [16,11, 7,12, 14]. In particular the infornaat computed by the analysis
in this paper enables opportunities that could not be ptesiycexploited due to a lack of
sufficiently precise region identification. For example vam determine that the space
decomposition tree (node 17) and tBedy objects (node 14) are good candidates for
pool allocation [16] (and collection) while thélathVector /double[]]  structures
are good candidates for co-location [11, 7]. In examininguprop method, which
updates the new position and velocity information for e@oty , we can use the region
information to determine that tidathVector objects stored in the different fields of
the Body objects can be effectively region allocated and collecied].[If we include
sharinginformation as described in [19] we can determine precigélgn these objects
are dead and immediately reclaim them instead of waitinghfercollector [12].

These transformations allow for the efficient collectioy ¢bllecting individual ob-
jects or entire pools) of all the dead objects created duthirsgmain computation por-
tion and for the location of temporally related objects iotmtiguous parts of memory.
Thus, this benchmark demonstrates how the precision oftiem analysis presented
in this paper enables the application of a number of powgnfogram optimizations
that reduce the memory requirements, reduce garbage tiofi@osts, and to improve
the performance of the program.

Experimental Evaluation.We have implemented a shape analyzer based on the region
identification methods and instrumentation propertiesgméed in this paper and evalu-
ated the effectiveness and efficiency of the analysis onrpmg from SPECjvm98 [21]

and a version of the JOIden [15] suite. The JOlden suite amfaointer-intensive
kernels that make use of recursive procedures, inheritamze virtual methods. We
modified the suite to use modern Java programming idioms b&hehmarksaytrace
(modified to be single threaded) adil are taken from SPECjvm98.

The analysis algorithm was written in C++ and compiled usitgVvVC 8.0. The
analysis was run on a 2.6 GHz Intel quad-core machine with 4GRAM (although
memory consumption never exceeded 120 MB).

For each of the benchmarks we provide a brief descriptioroofesof the major
structures/features that are in the program. We mentiomtijer data structures used
(Trees, Lists of Lists, Cycles, etc.) and if the program liganodifies the data struc-
tures (w/ Mod). Some of the benchmarks have slightly morenoed structures —mst
andvoronoi which build globally cyclic structures that have signifitéocal structure,
bh which has a complex space-decomposition tree and shaiatipres, andaytrace
which builds a large multi-component structure which hadicystructures, tree struc-



Benchmark OC|Description Analysis TimeRegion Corregt
bisort 560 |Tree w/ Mod 0.265 Yes
mst 668 |Cycle w/ Struct. 0.125 Yes
tsp 910 (Tree to Cycle 0.159 Yes
em3d 1103Bipartite Graph 0.315 Yes
perimeter (1114 Tree w/ Parent Ptr 0.915 Yes
health 1269 Tree w/ Mod 1.259 Yes
voronoi  |1324Cycle w/ Struct 1.80g Yes
power 1752 Lists of Lists 0.369 Yes
bh 2304 N-Body Sim w/ Mod 1.84g Yes
db 1985 Shared/Mod Arrays 1.425 Yes
raytrace |5809Shared/Cycle/Tree 37.093 Yes

Fig. 6.LOC is for the normalized program representation includibgary stubs required by the
analysis. Analysis Time is the analysis time for the analyrsiseconds.

tures, and substantial sharing throughout. We also notesfnandvoronoi begin with
tree structures and process them building up a final cyelictire during the program.
These benchmarks thus exercise a wide range of features emtiysis based on the
types of structures built, modification of these structusbsring of the structures, use
of multi-component structures, and the use of arrays/ctidies?!

To assess the accuracy of the analysis, we report, ifRéfggon Correctcolumn
of Table 6, the results of the region identification presémtethis paper. In all of the
programs we examined the analysis was able to identify aacigaly group the heap
into logically related regions (as with tivé case study).

Region analysis in the context of shape analysis is a relgtimnstudied problem.
Most work on region analysis has been based on points-tcachaedbility based analy-
ses [12,16, 7,8, 13, 14]. Other notable work includes [5]olvhises a graph based ap-
proach (similar to this paper) but has a much less generghauise grouping method,
and the related work on separation logic based analysiepi&strictions on the types
of structures built [1, 23] (only allow linked lists) or ondimethod of construction [10]
(limits the how recursive structures can be built). Thuspynaf these benchmarks can-
not be precisely analyzed with other existing methodsuiicigbh, em3d, voronoi, and
raytrace, which all have substantial opportunities for the applaabf various region
based optimization (similar to theh case study).

Our experiments demonstrate that the proposed regionifidation method can
be used to precisely identify and group logically relategioas of the heap (recursive
data structures, composite structures composed of nailtipjects and the contents
of arrays/collections). Further this information can benpoited efficiently. In fact the
normal form that results from this grouping greatly impreytke performance of the
analysis by restricting the size of the abstract graph dorgvaiich speeds the conver-
gence of the analysis) . Based on these results we believéhtharoposed approach
presents a basis for a heap analysis that can be used ircprectirovide detailed heap

1 Seewww.cs.unm.edu/ ~marron/software/software.html for benchmark code,
examples of the analysis results, and an executable asalgsio.



information for a range of optimization applications theliyron region information and
we are currently working on improving the practicality okthnalysis by developing
on techniques to scale it to larger programs.
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