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Abstract

Modern programming environments provide extensive sugfpor
inspecting, analyzing, and testing programs based on tjoeithl-
mic structure of a program. Unfortunately, support for esng
and understanding runtime data structures during exetidityp-
ically much more limited. This paper provides a general paep
technique for abstracting and summarizing entire runtiesgpk. It
shows how to take advantage of such heap abstractions évaat
tive debugging, visualization, and memory profiling.
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runs, or from multiple program points in order to get an eveman
general view of the heap configurations that occur duringznm
execution.

As we show in this paper, the abstract heap graphs we compute
are both small enough to visualize and navigate, and at thne sa
time precise enough to capture essential information ugefa-
teractive debugging and memory profiling scenarios.

Overview. This paper addresses the problem of turning large con-

We describe the abstract heap model and the associated algocrete runtime heaps into compact abstract heaps whileniegai

rithms for transforming a concrete heap dump into the cpoed-

ing abstract model as well as algorithms for merging, compar
ing, and computing changes between abstract models. Thraetbs
model is designed to emphasize high-level concepts abap-he
based data structures, such as shape and size, as welltamrela
ships between heap structures, such as sharing and catityecti
The focus on high-level heap properties produces an akisimac
that is useful for a range of applications.

We demonstrate the utility and computational tractabdityhe
abstract heap model by building a memory profiler. We then use
this tool to check for, pinpoint, and correct sources of mgmo
bloat from a test suite including programs from SPEC JVM98 an
DaCapo. This evaluation shows that the tool is useful fohbot
finding previously unknown memory problems and in providing
additional context for understanding previously repoissdies.

Categories and Subject Descriptors D.2.5 [Software Engineer-
ing]: Testing and Debugging; F.3.L¢§gics and Meanings of Pro-
gramg: Specifying and Verifying and Reasoning about Programs

General Terms Languages, Performance

Keywords Data Structure Visualization, Abstraction, Program
Understanding

1. Introduction

Modern programming environments provide excellent supfoor
visualizing and debugging code, but inspecting and unaedsg
the high-level structure of the data manipulated at runtiysaid
code is typically not well supported. Visualizing entirentime
heap graphs is a non-trivial problem, as the number of nodds a
edges is typically so large that displaying these graphescthi—
even with excellent graph layouts—results in useless jembff
nodes and edges. As a result, little of interest can be giefrom
such visualizations.

many interesting properties of the original heap in theralbtibn.
Our abstraction is safe in the sense that properties statdteab-
stract heap graph hold true in the corresponding concreteshd@o
achieve this abstraction safety, we adopt the theory fodéisegyn of
abstract domains developedabstract interpretatiori7, 27]. The
theory of abstract interpretation provides a general fraonk for
1) defining an abstract domain and relating it to possibleczn
program states and 2) a method for taking an abstract domdin a
computing an over-approximation of the collecting sentanfor a
given program as a static analysis. The static analysis coer of
the abstract interpretation framework is not relevant heseve are
interested in abstracting runtime heaps. However, the dvaork
for constructing the abstract domains, as well as the ptiegeof
operations for comparing) and merging (i) abstract domain el-
ements, allows us to formally describe the relationshipwof ab-
stract heap graphs to their concrete counterparts, andamatafe
operations for comparing and summarizing heaps from differ
program points or different program runs in a semanticalbam
ingful way. These guarantees provide confidence that a&iémices
made by examining the abstract model are valid.

Our abstract heap domain encodes a fixed set of heap prapertie
identified in previous work on static heap analysis [10, 22], 2
that are fundamental properties of heaps and can be computed
efficiently. These properties include the summarizatioreotirsive
and composite data structures, the assignment of shapeiation
to these structures (Tree, Dag), and injectivity of fieldsgg two
distinct objects does the field in each object point to a distinct
target). The abstraction is also able to provide infornmatia the
number and types of objects in the various data structuseset
as definite non-nullness information for fields and containe

Our focus on a fixed set of heap properties (as opposed to user
defined properties) is what enables our abstraction to beotad
efficiently in timeO((Ob+ Pt) xlog(Oby)), whereObis the number
of objects andPt is the number of pointers in the concrete heap.
This amounts to a few seconds for concrete heaps contairgfig w

In this paper, we propose an abstract domain for runtime heap over 100K objects. All merge and comparison operations frake

graphs that captures many fundamental properties of dattstes
on the heap, such as shape, connectivity, and sharing, stiaets
away other often less useful details. Abstract heaps carobe ¢
puted efficiently from a single concrete heap and furtherraam
rized/compared with other abstract heap graphs. This suirana
tion allows computing an abstract heap graph for a set ofrarog

tions of a second. The resulting abstraction is still geraugpose
as the captured heap properties allow us to answer a widetyari
of interesting questions on actual client applications.

Sec. 2 defines the precise semantics of our abstraction. $ecs
and 4 outline the algorithms for efficiently computing abstrheap
graphs and for implementing the abstract merge and congparis
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operations. Sec. 5 describes further visual compressaimigues
that help exploring large graphs. In Sec. 6, we present astadg

of debugging memory inefficiencies on a well known benchmark
raytracer from SPEC JVM98 [34]. This section also descrthes
design of a specialized memory profiling tool, the resultsisihg

it find poor memory usage in our benchmarks (including progra
from the DaCapo Suite [3]), and a brief report on early indakt
experience with the visualization/profiler.

Example. Fig. 1(a) shows a heap snapshot of a simple pro-
gram that manipulates expression trees. An expressionctnee
sists of binary nodes fokdd, Sub, andMul t , and leaf nodes for
Const ant s andVar i abl es. The local variablexp (rectangu-

lar box) points to an expression tree consisting of 4 intdsinary
expression objects, %ar, and 2Const objects. Local variable
env points to an array representing an environmenfaf objects
that are shared with the expression tree.

exp

Figure 1(a). A Concrete Heap.
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Figure 1(b). Corresponding Abstract Heap.

Fig. 1(b) shows the abstract heap produced by our tools from
this concrete heap with the default visualization mbdene ab-
straction summarizes the concrete objects into threendissum-
mary nodes in the abstract heap graph: 1) an abstract node rep
senting all interior recursive objects in the expressi@e tAdd,

1 Additional information can be obtained by hovering over tiogles/edges
or by restyling for a specific task, as in our case studies i Ge

Mul t , Sub), 2) an abstract node representing the Wao objects,
and 3) an abstract node representing the @@ast objects. Spe-
cific details about the order and branching structure of esgion
nodes are absent in the abstraction, but other more genermp
ties are still present. For example, the fact that there ishawing
or cycles among the interior expression nodes is apparetitein
abstract graph by looking at the self-edge representingpdiir-
ers between objects in the interior of the expression trhe.label
tree{l, r } on the self-edge expresses that pointers stored in the
| andr fields of the objects in this region form a tree structure,(i.e
no sharing and no cycles).

The abstract graph maintains another useful property of the
expression tree, namely that @onst object is referenced from
multiple expression objects. On the other hand, severakssjpn
objects might point to the samar object. The abstract graph
shows possible sharing using wide orange colored edgesl(f ¢
is available), whereas normal edges indicate non-shaongeps.
Finally, the abstract graph shows that all pointers, baside ones
in the environment array, are definitely non-null as indédatising
full vs. dashed lines.

Rudimentary information on the number of objects represknt
by each node is encoded in the shading. Nodes that alwaysetbst
a single object are given a white background while nodes hwhic
represent multiple objects are shaded (silver if color milatle).
Size information of arrays and other containers is encogeanb
notating the type label with the container six&af [ 3] to indicate
an array is of length 3).

2. Abstract Heap Graph

We begin by formalizing concrete program heaps and theastev
properties of concrete heaps that will be captured by theabs
tion. Later, we define the abstract heap graph and formaliteae
the abstraction to its concrete heap counterparts ustiogeretiza-
tion (y) function from the framework of abstract interpretation.

2.1 Concrete Heaps

For the purposes of this paper, we model the runtime state of a
program as an environment, mapping variables to values,aand
store, mapping addresses to values. We refer to an instdrae o
environment together with a store agancrete heapFormally,

a concrete heap is a labeled directed grépbt,null, Ob, Pt, Ty),
where the nodes are formed by the set of heap obj€uts &nd

the edgesRt) correspond to pointers. We assume a distinguished
heap objectroot € Ob whose fields are the variables from the
environment. This representation avoids dealing withimtistsets

of variable locations and makes the formalization more arnit

We also assume a distinguished objeatl amongOb to model

null pointers. The set of pointeRt C Ob x Ob x Label connect

a source object to a target object with a pointer label fitarbel.
These labels are either a variable name (if the source abjexsit),

a field name (if the source object is a heap object), or an andx

(if the source object is an array). Finallly: Ob — Type is a map
that assigns a concrete program type to each object. We aghem
concrete set of types ifiype contains at least object types and array
types. We use the notatian LN 0 to indicate that objead; refers

to 0, via pointer labelp.

A region of memoryC C Ob\ {null,root} is a subset of the
concrete heap objects, not containing thet node ornull. It is
handy to define the set of pointd?éC;,Cy) crossing from a region
C, to aregiorC; as:

P(C1,C) = {0]_ E) 0y € Pt|o; €Cy,00 € Cg}
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2.2 Concrete Heap Properties

We now formalize the set of concrete properties of objecis)tp
ers, and entire regions of the heap that we later use to ciieate
abstract heap graph.

Type. The set of types associated with a regwf the heap is
the union of all types of the objects in the regidiy(o) | o € C}.

Cardinality. The cardinality of a regiorC of the heap is the
number of objects in the regid@|.

Nullity. A pointero; — 07 is a definite null pointer iby = null.
It is a non-null pointer i, # null.

Injectivity. Given two regionsC; and C,, we say that pointers
labeledp from C; to C, areinjective writteninj(Cy,Cp, p), if for
all pairs of pointerso; L t1 and oy L to drawn fromP(Cy1,Cp),
01 # 02 = t1 #tp. Inwords, the pointers labelgzfrom twodistinct
objectso; ando, point todistinctobjectst; andt,.

Shape. We characterize regions of memo@ by shape using

standard graph theoretic notions of trees and directedliacy

graphs (dags). The set of graphs that are trees is a subde of t

set of graphs that are dags, and dags are a subset of geragrias gr
For additional precision, we consider the shape of subgraph

formed fromC, and P(C,C){, i.e., the subgraph consisting of

objects fromC and pointers with labels € L only. This way, we

can describe, for example, that a tree structure with pg@inters

is still a tree if we only consider the left and right pointdoat not

the parent pointers.

¢ The predicateny(C,L) is simply true for any graph. We use
it only to clarify shapes in visualizations that don'’t sgtiany
more restrictive property.

¢ The predicatedag(C,L) holds, if the subgraphP(C,C){. is
acyclic.

¢ The predicataree(C,L) holds, ifdag(C,L) holds and the sub-

graphP(C,C)J. contains no two edges, ™ t ando, 2 t
with the same target but distinct origins or pointer labels.

As is apparent from this definitiomree(C, L) impliesdag(C, L),
anddag(C,L) implies any(C,L). Also note that ifL; C L,, then
tree(C, L) impliestree(C,L1) and similarly fordag.

2.3 Heap Graph Abstraction

An abstract heap graph is an instance of storage shape d&phs
More precisely, the abstract heap graphs used in this paper a
tuples:

(root, null,Ob*, Pt Ty*, Cd”, 1j# SH)

where Ob” is a set of abstract nodes (each of which abstracts a
region of the concrete heap), aRtf C Ob* x Ob* x Label” is a set

of graph edges, each of which abstracts a set of pointeredatg
annotated with labels fromabel”, a set ofabstract labelgvariable
names, field labels, or the special laB&l The label concretization

is defined as follows and generalizes to label sets in thealatiay.

yL(I):{ H?],[l],m} if |==]

ot herw se

The special labe]] abstracts the indices of all array elements. An
abstract label represents the given field or varialble

As in concrete heap graphs, we distinguistvat node inOb*
for modeling the variable environment as fieldsront. Another
distinguished nodeull is used to represent the null pointer.

The remaining parts of an abstract héag’, Cd, Ij# SH) cap-
ture abstract properties of the heap grapH.: Ob* — 27YPe maps

abstract nodes to the set of types of the concrete nodesespeel
by the abstractionCd* : Ob* — Interval represents the cardinality
of each abstracted regioBd? maps each abstract nodéo an ab-
stract numerical intervdl, u] € Interval, where the lowerbounblis

a natural number, andlis a natural number @p.

The abstract injectivityj” : Pt — bool expresses whether the
set of pointers represented by an abstract edge is inje€&iinally,
the abstract shapif’ is a set of tuplegn, L,s) € Ol x 2Label”
{tree,dag} indicating the shapsof a region represented Ioywith
edges restricted tb.

2.4 Abstraction Relation
We are now ready to formally relate the abstract heap graph to
its concrete counterparts by specifying which heaps arehén t
concretization of an abstract heap:
(root, null,Ob, Pt, Ty) € y(root, null,Ob”, Pt* Ty# Cd, 1j# SH’)
& 3u. Embed(u,Ob, Pt,Ob*, Pt¥)

A Typing(, Ob, Ty, Ob", Ty")

A Counting(u,Ob,Ob#,Cd#)

A Injective(u, Pt, Pt* 1j#)

A Shape(u, Pt, Pt#7SH#)
A concrete heap is an instance of an abstract heap, if thets ex
embeddingu : Ob — Ob* satisfying the graph embedding, typing,
counting, injectivity, and shape relation between the lasaThe
auxiliary predicates are defined as follows.

Embed(u,Ob, Pt,Ob*, Pt*) <

HU(root) =root A  p(null) =null A

vor 2 0p € Pt. 3l p(oy) 5 (o) e PEFAPE w ()

The embed predicate makes sure that all edges of the concrete
graph are present in the abstract graph, connecting comdsp
abstract nodes, and that the edge label in the abstract grajoim-
passes the concrete edge label. The embedding mappmgst

also map the special objeatsot and null to their exact abstract
counterparts. The mapping ofill guarantees that the nullity/non-
nullity property is preserved by the embedding: if a corepatinter

is null, its abstract edge must target the abstradt node. Simi-

larly, if there is no edge from a particular abstract sourcgenand

label to thenull node, then that pointer is guaranteed to be non-null.

Typing(u, Ob, Ty, 0b* Ty¥) < Vo € Ob. Ty(0) € Ty*(u(0))

The typing relation guarantees that the tyjygo) for every con-
crete objecb is in the set of type3y#(u(0)) of the abstract node
u(o) of o.

Counting(u,0b,0b*, Cd*) < vne Ob* . |u~1(n)| e Cd¥(n)

The counting relation guarantees that for each abstrae matie
set of concrete nodgs—1(n) abstracted by has a cardinality in
the numeric intervaCd*(n).

Injective(, Pt, Pt 1j%) & V(ng,np,1) € PE*.

lj#(n,ng,1) = Vpe w(1).inj(u~t(ne), 1t (n2), p)

The injectivity relation guarantees that every pointer rserked
as injective corresponds to injective pointers betweerctimerete
source and target regions of the heap.

Shape(u, Pt, Pt#7SW) &
v(n,L,dag) € SH.dag(u~*(n), n.(L))
AY(n,L,tree) € SH .tree(u~1(n), y (L))
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Finally, the shape relation guarantees that for every atisthape
tuple (n,L,s), the concrete subgraph—(n) abstracted by node

n restricted to label4 satisfies the corresponding concrete shape
predicates (eithertree or dag).

2.5 Visual Representation of Abstract Heap Graphs

In the iconography for our abstract graph visualizatiohs,gcreen
shots in Fig. 1(a), Fig. 1(b), and Sec. 6, we leverage a numiber
conventions to convey information.

An edge(root, 0, p) whose source is theoot node represents
the content of variabl@. Instead of drawing a root node with such
edges, we simply draw a variable nodeand an unlabeled edge to
0. Thus, theroot node is never drawn, as it does not appear as the
target of any edge in concrete or abstract graphs.

The set of abstract types of an abstract node is represested a
the label of the abstract node. Shape information is reptedeas
labels on the recursive self edges of abstract nodes. Amaabst
node with cardinality 1 is represented by a white backgro@iter
cardinalities are represented with shaded abstract nodes.

We do not draw explicit edges which only point tall. If
an edge is associated with a label that contains both peiter
null and pointers to other heap objects we fold the possibility in
the edge by using a dashed edge instead of a full edge. Finally
injective edges are represented with normal thin edgesreske
non-injective edges are represented by wide edges (andbif iso
available are also highlighted with the color orange).

3. Computing the Abstraction

This section describes the computation of the abstracthgiram

a given concrete heap. The transformation is performed rieeth
phases. 1) recursive data structures are identified anepseid
based on identifying cycles in the type definitions, 2) notfes
represent objects in the same logical heap region baseduiv eq
alent edges originating the same abstract node are mengedi; a
nally 3) abstract properties like cardinality, injectiyiand shape
are computed for the abstract edges and nodes.

Initially, we associate with each concrete objectan abstract
partition n; representing an equivalence using a Tarjan union-find
structure. The mapping from concrete objects to abstract parti-
tions is given at any point in time byi(0;) = ecr(n;), i.e., by the
equivalence class of the original associated witlo;. The union-
find structure maintains the reverse mapping' providing the set
of concrete objects abstracted by a node. The abstract tgpayh
can be maintained efficiently in the union-find structure af.w

Fig. 2 shows the initial state of these equivalence panitio
for our example from Fig. 1(a) (one partition per object,spthe
roots, and a special partition for null). Each node is ladbelih its
partition id and the types of the objects in that partition.

3.1 Recursive Data Structure ldentification

The first abstraction identifies parts of the heap graph #paesent
unbounded depth recursive data structures. The basic agpro
consists of examining the type information in the progrard te
heap connectivity properties [2, 9, 20, 21].

We identify the parts of a recursive data structure via tipe ty
definitions in the program. We define a binary relation on fipet
definitions wherery > 15, if:

¢ 11 has a field with typey, or
¢ 71 is a container, which holds elements of typeor
e 71 is a supertype ofy.
DEFINITION 1 (Same Data Structure Type§ypesry, T are types

in the same data structure, written ~ 1> iff there exists a sequence
1p,...,T1 Where:

Figure 2. Initial Partition of Concrete Heap

e forall 1, Tj11 T > Tjr1, and

e there exists aj in the sequence such thgt has a field of type
Ts Of Tj is a container of elements tygg, andV typesr in the
sequencers is a supertype of.

DEFINITION 2 (Same Data Structure Object3wo distinct ob-
jects @, 0, are part of the same data structuféhere is a reference

01 LN 0, in the heap and the types of the two objects are in the same
data structure Tgoy) ~ Ty(02).

This definition differs from a classic formulation ofcursive
typesin that it attempts to distinguish between recursive tyde de
nitions that are intended to represenboundediata structures and
those that are intended to represkatindeddepth structures (e.g.,
a linked list vs. a simple parent pointer). In our experirsetie
above definition seems to perform this distinction well.

The recursive components are thus identified by visitindheac
pointero; — oj in the heap and ibj ando; are in the same data
structure according to Def. 2, then we union the correspandi
abstract nodes; andn;.

Fig. 3 shows the result of mergiriame Data Structure Nodes
on the initial partitions shown in Fig. 2. The algorithm idi¢ied
objects 12, 4,5 (theAdd, Sub, andMul t objects from the interior
of the expression tree) as being part of the recursive datatste
and replaced them with a single representative summary. node

3.2 Grouping on Abstract Predecessors

Next we group objects based on predecessor partitions. The m
tivation for this abstraction can be seen in Fig. 3 whéag ob-
jects in partitions and8 represent “variables in the environment”.
There’s no need to distinguish them as they are both refedenc
from the environment array. Similarly, the two constankais ref-
erenced from the recursive component both represent ‘aotssin
the expression tree”.

We use the following predicate for determining if two obgect
are equivalent based on where the pointers to them are stored

DerFINITION 3 (Equivalent on Abstract PredecessofS)ven two

pointers @ IR o2 and ¢ r, 0, wherep(01) = pu(0;), we say that
their target nodes arequivalentwhenever:

e The labels agree# I, and the target nodes have some types in
common, i.e., B{u(02)) N Ty#(u(0})) # 0.

2011/7/10



Figure 3. After Merging orbame Data Structure

The algorithm for grouping equivalent objects on abstraetipces-
sors is based on a worklist, as merging two partitions mastera
new opportunity for merging. The worklist consists of crpssti-
tion pointers that may havequivalenttarget objects, per Def. 3.
When processing a cross partition pointer from the worlkiist
check if the pointer label and target object satisfiesetpaivalent
abstract predecessorslation with any other cross partition pointer
originating from the same partition. If there is such a pairiand
the target objects are in different partitions) then thesétons are
merged and all pointers incident to the merged partitioesadded
to the worklist. Due to the properties of the Tarjan uniordfitigo-
rithm, each cross partition pointer set can enter the wetlatimost
log(N) times, whereN is the number of abstract partitions that can
be merged, an& is the number of pointers. Thus the complexity
of this step IiO(E xlog(N)).

Fig. 4 shows the result of performing the required merge-oper
ations on the partitions from Fig. 3. The algorithm has meriipe
two Var regions into a new summary region (since the objects rep-
resented by partitions 7 and 8 in Fig. 3 are both referredamfr
the same array). Similarly the tw@onst partitions from Fig. 3

abstraction being a multi-graph, our visualization agglimn col-
lapses all multi-edges as they frequently lead to poor glaabuts
and only rarely provide useful extra information to the deper.

Also, note that we still have explicit referencesnidl and that
these were not merged according to Def. 3, since we assomate
types with the abstraeiull object.

3.3 Computation of Abstract Properties

After the merging of nodes and edges is complete, the alisinac
process finally computes the values of all abstract grapbepties.

Type, Cardinality, and Nullity. The abstract type mapy* has
already been computed as part of the union-find operatiorben a
stract nodes. Similarly, the union-find operation compthesxact
cardinality, which results in a precise interval valiig] if a node
abstracts exactlyobjects. The nullity information is represented as
explicit edges to thaull abstract object.

Injectivity. Thelnjectivityinformation for an abstract edge IR

n, is computed by iterating over all pointers from objegtsepre-
sented by, to objectso; represented b, with label p compatible
with |. We determine if every concrete target object is referemated
most once, in which case the abstract edgajective Otherwise,
the edge isot injective

Shape. The fundamental observation that enables interesting
shape predicates to be produced for the abstract graphatithth
shape properties are restricted to the subgraphs repeeseyntan
abstract node. In addition, we allow the examination of aetar

of further subgraphs by restricting the set of labels carsid in

the subgraph. Restricting the label set allows e.g., tadte that

the {I ,r } edges in a tree actually form a tree, even though there
are also parent pointegs, which if included would allow no in-
teresting shape property to be determined. Selecting ttieylar
subsets of edge labels to consider in the subgraph seléstiased

on heuristics. We can start with all labels to get an ovetadipe
and use that computation to guess which labels to throw alitrgin
again. For small sets of labels, all combinations can bd.trie

3.3.1 Abstract Properties of Running Example
After partitioning the heap as shown in Fig. 4 the final maptifier

have been merged as they are both stored in the same recursivebjects is:

data structure (the expression tree).

(s Add, Sub, Mult ]

Figure 4. Merged Equivalent Predecessors.

Fig. 4 differs from the original abstract graph shown in High)

:{01,00,04,05}
:{03,06}
:{o7,08}

:{og}

Thus, for Fig. 1(b) we determine the abstract edge repriesent
the cross partition pointer se IR ny is not injective since it

abstracts the two concrete pointeas'—> 07 andos '—> 07 both refer
to the sam&/ar objecto;. On the other hand, since the t@onst
objectsos, og are distinct, the algorithm will determine that edge
representing the cross partition pointerlsgtr—> n3 is injective

The Shapeof nodes for partitions 3, 7, and 9 is straightforward
to compute as there are no edges internal to the regions. The
shapecomputation for the node representing partition 1 requires
a traversal of the four objects. As there are no cross or bdgks
the layout for thisig ree{l , r }.

4. Merge and Comparison Operations

Many program analysis and understanding tasks requirebiliya
to 1) accumulate abstract graphs, and 2) compare abstiguhgr

where there is only one edge between the expression tree nodgboth from the same program execution and across execlutlems

and the variables node. The reason is that, despite the lyimder

example, to support computing differences in the heap dtaiag
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profiling activities. So we cannot simply track object idéas and
use them to control the merge and compare operations. This, t
definitions must be entirely based on the abstract grapbtete:

4.1 Compare

Formally, the order between two abstract grapghs- g> can be
defined via our abstraction relation from Sec. 2.4 as

GEgeVhhey(g) =heyg)

However, this is not directly computable. Instead, we impgat
an approximation of this relation that first determines tinecsural
equality of the abstract graphs by computing an isomorphist
lowed by an implication check that all abstract edge and podp-
erties ing, cover the equivalent node and edge propertieg of
To efficiently compute the subgraph isomorphism betwgen

we define safe upper approximations of all the graph pragserti

Vi = U Tmu U T
nengt(n) npen,(n)
Cdi(n) = > Cdf(n)u > Cdj(ny)
men; 1 (n) mpen; H(n)

li%(e) = (In72(e) = [{n2 | . = ma € Ny (@)})
ANz el = {n2 | m 5 np € nyl(e)})
AN dlife)a A lib(e)
eren;*(e) ecn, (e)

The set of types associated with the result is just the union o
all types abstracted by the node in both graphs. The caitinal
is more complicated to compute. It computes the abstractssum
over intervals from all nodes abstracted from the input kysap

and g, we use a property of the abstract graphs established by separately, and then joins the resulting interval (or ddjmenon

Def. 3. From this definition we know that every pair of out esige
from a node either differ in théabel or have the samkabel but
non-overlapping sets df/pesin the nodes they refer to. Thus, to

the application widens as defined in [7]). Injectivity is tlogical
conjunction of the injectivity of all the source edges, pded
that all the edges in the respective graphs that are merggd ha

compute an isomorphism between two graphs we can simplty star different target nodes (the equality of the edge and targes).s

pairing the local and global roots and then from each paichmap
edges based on thdabel andtypesets, leading to new pairings.
This either results in an isomorphism map, or it results iia pf
nodes reachable from the roots along the same path that have i
compatible edges. Any such edge differences can then beteepo

With the subgraph isomorphisg we define the ordering relation:

01 Ly <
vn e OB} Ty{(n) C Ty5(¢(n))
A Vn € Ob.Cdi(n) C Cdi(e(n))

AYo(e) € PEIE(p(e) = lif(e)
AY(@(n),La,sp) € SH.I(nL1,51) e SKL,CLiASIC S

Note how abstract shape predicates are contra-varianeifatiel
setL. In other words, if a shape property holds for the subgraph
based orlL1, then it holds for the smaller subgraph based on the
smaller set.,.

4.2 Merge

The merge operation takes two abstract graphs and produnss a
abstract graph that is an over approximation of all the cetedneap
states that are represented by the two input graphs. Indahdaatd
abstract interpretation formulation this is typically thast element
that is an over approximation of both models. However, tqosim
the computation we do not enforce this property (formally we
define anupper approximatiorninstead of goin). Our approach is
to leverage the existing definitions from the abstractiorcfion in
the following steps.

Given two abstract heap graptg, and g, of the formg; =
(rootj, nulli, OB, P&, Ty, Cd?, 1j#, SH') we can define the graph,
g3, that is the result of their merge as follows. First we praduc

When merging two injective edges from the same graph caimot,
the case that they target the same node, guarantee thasthignige
set of edges is injective, and if we encounter this we comasiesly
assume the result edgerist injective

For computing the resultinghapepredicates we need to take
into account not only the shape properties of the originaphs,
but also the connectivity among the input nodes that mapedo th
same merged node in the joined graph. Defiag, (n,L, 1,9) and

treey (n,L, u,9):
dagy (n,L, 1,0) < Pl 1n) . is acyclic
AV € p7H(n). 3L D L(n, L, dag) € SH
treey (n,L, 4,9) < dag,(n,L,11,0)
A PGl | =0
AV € pt(n). 3L D L( L tree) € SH
where Pl@ui,l(n)_’,_ is the subgraph oPtj made up of nodes that

map ton under u and non-sef edges incident to them and re-
stricted to labeld.. Note thattree can only be inferred, if the set

of joined nodes from a single graph are not connected in thego
subgraph. Now, the abstract shapes for the merged graphecan b
computed as follows:

(n,L,dag) € SH & dagy(n,L) Adaga(n.L)
(n,L,tree) € SH < treep(n,L) Atreea(n,L)

5. Additional Reduced and Interactive Views

While the abstract heap graph presented thus far producds mo
els that scale in size with the number of logical regions ia th
program— independently of heap size and loosely correlatdd
the number of types used in the program—the graphs are dftien s
too large to visualize and explore effectively. A secondigspar-
ticularly in a debugger scenario, is that after identifyengegion of

the union of the two graphs by simply adding all nodes and®dge interest the developer wants to zoom into a more detailes oie
from both graphs. Once we have taken the union of the two input the objects that make up the region.

graphs we merge all the variable/static roots that have ahees While the DGML viewer [11] we use is quite effective at zoom-
names. Then we use Def. 2/3 to zip down thfe graph.merglr)g nodesing, slicing, and navigating though large graphs we canctlife
and edges until no more changes are occurring. During thginger  address the above two issues by providing additional sagpor
steps we build up two mapping® : g1 — g3 andnz : g2 — g3
from nodes (edges) in the original graplys,andg, respectively, 2 Self-edges need not be considered as they are already &eddanin the
to the nodes (edges) in the merged graph. Using these mapping shape.
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zooming between abstraction levels: the developer can zocne-
mentally from a very high level view based dominatorsin the
abstract heap graph, defined in Sec. 2.3, all the way dowrdie in
vidual objects in the concrete heap without losing trackeflarger
global context of the heap structdre

Dominator Reduced Graph Given an abstract heap graph we
can computelominatorinformation in a fairly standard way [26].
We deviate slightly since we want to ensure timi¢restingnodes
which are directly pointed to by variables, and nodes thatimr
mediate neighbors of these nodes remain expanded. In oariexp
ence this heuristic seems to strike a nice balance betwédkapso
ing large portions of the graph, to aid in quickly getting agel
overview of the heap, while preserving structure aroundllgari-
ables, which are frequently of particular interest and watvestra
detail on. This can be done by simply asserting that all ohthaes

viewer in Visual Studio 2010. This graph format and viewepsurt
conditional style macros to control changes between theldev
of abstraction described in this paper, and to perform Hetec
highlighting of nodes/edges with given properties. In jgatar we
can highlight edges that represemin-injectivepointers, or we
can apply aheat-colormap to the nodes based on the amount of
memory the objects they represent are using.

In order to evaluate the utility of the abstraction in thepestion
and understanding of heap related problems (and in theitisok)
we implemented a memory profiler tool. This profiler rewrites
given .Net assembly with sampling code to monitor memory use
and to compute heap snapshots, along with the associated@bs
tions, at points where memory use is at a high point in thewgi@t
profile. The rewriter is based on the Common Compiler Infrast
ture (CCI) [4] framework. As performing full heap abstracts at
each method call would be impractical we use a per-method ran

we want to keep expanded do not have any non-self dominators yomized approach with an exponential backoff based on tiaé to

(equivalently ignoring all in-edges to these nodes duriogitha-
tor computation). Using our modified dominator computatios
can replace every node(which has not been markedteresting
and all of the nodesy ... nd thatn dominatesvith a singlereduced
node This simple transformation results in a substantial rédoc
in the size of the graph while preserving much of the largéesca
heap structure and, since we can track the set of abstragh gra
nodes that eacteduced nod&orresponds to, we can move easily
between the two views of the heap. Furthermore, since thiemot
of dominationandownership[6] are closely related, this reduction
has a natural relation with the developer’s concept of ogipren-
capsulation of heap structures. This view is conceptuattyiar to
the approach taken in [23, 24], although the dominator coost
tion is on the abstract graph, where data structures hagadir
been identified and grouped, instead of on the concrete haah.g

Individual Object Zoom When looking at a graph that represents
an abstraction of a single heap state (e.g., in an inteead@ébug-
ger) it is very useful to be able to zoom down from the level of
individual regions to examine the individual objects thatke up

a region. One approach for this is to simply expand a nodedn th
abstract graph into the concrete object graph it represelus-
ever, for large structures (e.qg., a list with 2000 entribi) tan pro-
duce an intractably large graph. An alternative is to madividual
objects asnterestingand then implement the abstraction function
such that these objects are always represented as digiges fi.e.,
never merged). Then as the user drills down into a data stejct
similar to what is done in existing debuggers, we can recdaenpu
the abstraction for the data structure that is being exglonark-
ing the appropriate nodes aerestingso they can be individually
inspected.

6. Implementation and Evaluation

One goal of the present work is to build a general purposefewol
understanding the heap structures that a program is bgilkaiial

manipulating. To evaluate the utility of our abstractiom® @xamine
1) the cost of computing abstract heaps from realisticatheds

heaps of real programs, 2) the feasibility of visualizing &stract
graphs directly, and 3) whether the abstract graphs pradace
precise enough for understanding the program’s behavidrtan
identify various types of defects and properties.

6.1 Profiler Implementation and Benchmarks

We implemented the algorithms for computing and manipogati
abstract heap graphs in C#. In order to visualize the resylti

graphs we use the DGML [11] graph format and the associated

3In a way that is similar to theemantic zoorof [8].

reachable heap size (as reported by the GC). If we detecthtbat
program may have entered a new phase of computation, thie-reac
able heap size grows or shrinks by a factor &4 from the pre-
vious threshold, then we begin actively taking and abstrgdteap
shapshots. A snapshot of the heap is the portion reachaiofetfre
parameters of a single method call and from static rootsir\gie-
pending on the size of the snapshot relative to the totahadze
heap size, we either save the snapshot as likely capturing §o
teresting heap state or, if it is very small, discard it anctéase
the random backoff for the method that produced it. This Use o
random backoff sampling based on GC reported memory use and
snapshot size results in a program that outputs between 2G@nd
snapshots from a program execution and execution is arodrd 2
to 100x slower than the uninsturmented program. We compared
the results obtained by sampling uniformly at random andhdou
that, in addition to having a much larger overhead, the umfo
sampling approach produced results that were no more useful
memory debugging then the backoff sampling approach.

In order to help the developer quickly identify structurééne
terest in the abstract heap we have implemented a numbeanef si
ple post-processing operations on the abstract graphdwalimwv
the DGML viewer to flag nodes (regions) of the heap that displa
common types of poor memory utilization [25]. The propestige
support are percentage of memory usadall objecidentification,
sparse containeor small containers and over-factored classes
The memory percentage property uses a heat map, coloring any
nodes that contain more than 5%, 15%, or 25% of the heap respec
tively. The small object property highlights any nodes vehtire
object overheads (assumed to be 8 bytes per object) are thege
the actual data stored in the objects. The poor collectitization
property highlights nodes that represent regions whicltanéain-
ers and all of them are either all very small (contain 3 or fewe
elements) or are more than half empty (over half the entnies a
null pointers). While the first three properties are faidgrelard,
the final property, over-factored classes, is a less welhknissue.
We consider a structure overfactored if (1) there existsenahat
consists of small objects and (Rhas a single incoming edge that
is injective(i.e., each object represented by the nadg uniquely
owned by another object). These two features appear corgmonl
when the objects represented by the nodmuld be merged with
the objects that have the unique pointers to them (i.e e thier class
definitions which can be merged) or when the objects repteden
by n could be better implemented @slue typegi.e.,st ruct s in
C#). TheFace[] andPoi nt objects in theaytracer case study
in Sec. 6.2 are an example of this.

From the viewpoint of a userspace tool handling the types pro
vided by the base class or system libraries, e.g., the BaassCl
Library (BCL) for .Net or thej ava. * in Java, are an impor-
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tant consideration. For user space applications the ialtestnuc-
ture of say,Fi | eSt reamor Stri ngBui | der is not interest-
ing, We identify these objects by simply examining the ngmaes

of the type and treat them as single opaque objects. Howaweie
classes in these libraries have features that are relevasttspace
code even though the details of the internal representatiemot

of particular interest. Examples of these types larst <T> or

Di cti onary<K, V>, which we treat as ideal algebraic data struc-
tures, showing the links to the contained elements buttetditing
the internal implementations as opaque.

For this paper we converted two benchmarks from SPEC
JVM98 [34] and six programs from DaCapo suite [3] to .Net byte
code using the ikvmcompiler [14] We also took the code for
the CCI framework, used to implement the rewriter compomént
the heap profiler. This set of benchmarks has well-studiexp he
structures and memory use patterns. As a result, we werga@ble
examine how well our abstraction results matched the egdect
structures. As the DaCapo suite contains a number of larde an
complex programs these results also provide informatiomawa
the extraction and comparison operations perform on laggph

Implementations of the algorithms in this paper are avilab
online [12]. In addition a simplified implementation usabiem a
web browser is accessible at RiSE4Fun [32].

6.2 Raytracer: Extended Case Study

In this section we study theytracer program from SPEC JVM98.
The program implements a simple single threaded raytrabahw
renders a user provided scene. Using this example, werdbast
how the heap visualization looks for a well know program, and
how this information can be used in a debugging type scenario
investigate memory use.

Running this program in the heap profiler, we obtain as one of
the snapshots an abstract heap from the entry o ttede. This
resulting abstract heap represents68K objects (a total of-4MB
of memory). Applying the heap graph abstraction followedhoy
dominator reduction produces the visualization shown i Bi
This figure shows thentire user visible heap structure for the pro-
gram while preserving most structural features of interksthis
heap we see the root nodési s, tree, andeyeRay repre-
senting the argument variables to the method and the stalit fi
Scene. sceneli nes. Thet hi s variable refers to acene ob-
ject. This object has a fieldct r ee that represents a space de-
composition tree structure which is also referred to bytthee
argument variable. The larger nodes with tievronaredomina-
tor reducednodes that represent multiple dominated regions and
can be expanded to inspect the internal structure in moegl det

The raytracer octree space decomposition structure i+epr
sented by the dominator reduced node labef@®. It is di-
rectly noticeable that there are pointers from this datacstr
ture to Cbj Node objects, represented by nod&. The shape
tree{nextLink} of node#7 indicates that this is a list (a tree
with out-degree 1). The list in turn contains shap@sher ebj ,

Tri angl eObj, ...) that are in the associated quadrants of the
space decomposition structure. This list is used to easiynerate

all the shapes that appear in a given quadrant. There aresditso
ences from objects in the space decomposition tree steuttitthe
dominator reduced nodgL9, which contains more information on
the composite structure &ace objects.

Memory Use. Memory usage is an important concern for many
applications. There are many reasons why an applicationusay
more memory than is really required. Common problems inatbje
oriented, garbage collected languagesi@a&s[16], where unused

4Unfortunately, ikvm is not able to process the remaining Babench-
marks.

objects are still reachable, abtbat [25], where encapsulation and
layering has added an excessive overhead.

Ideally, upon debugging, a programmer would like to see what
types are using the most memory and where these objectsiage be
used. Our visualization uses the conditional styling supipothe
DGML renderer to color nodes based on the percentage of total
used live memory. It also includes the number of objects ajden
into its label. In the running example two nodes are highégt1
and#19.

Node #1 represents a set of strings stored in a static array
(Scene. sceneli nes). This is a common problem in GC lan-
guages: if a static field is used to cache objects, then thgsete
are reachable from the viewpoint of the collector. Thestcsialds
may be defined and used in a very distant part of the source code
and then it is not clear for the programmer when the objeear
longer needed.

Hovering the mouse over nodd displays additional informa-
tion about the memory consumed by the objects in the region (i
this case 0.5MB or~12% of the memory in use). Based on the
graph we can easily determine that the only reference tosttis
of objects comes from the static fieBtene. scenelLi nes. A
quick inspection of the source code associated with thtgdtald
shows that the strings represent the contents of the tangder file.
The file is read at program start and the strings are usedtialiré
the scene. After that, the strings are never used again asdéep-
resent a memory leak. Clearing the static field after in##dion is
sufficient to free the otherwise wasted memory.

Node#19 is more interesting. This node represents much more
memory,~107K objects using 2.2MB of memory, which accounts
for 55% of the total live heap. By expanding the néde& we zoom
to the abstract graph (Fig. 6) representing the internattire of
the dominator reduced node. This graph reveals n8d8), ab-
stracting a region 0f18K Face objects, node$%23), abstracting
a region of~18K Poi nt [ ] , and node$49), abstracting a region
of ~72K Poi nt objects. Theaytracer program is known to have
poor memory healtfj25], in the sense that it exhibits a high rate
of object overhead associated with a large number of venlisma
objects. ThéPoi nt objects here are a major factor in that.

At first glance it may not be clear how to reduce the overhead
of thesePoi nt objects. However, turning on thever-factored
highlighting or inspecting thenjectivity information in Fig. 6,
provides additional guidance. The edge from n&&38 to node
$49—representing all the pointers stored in the arrays—is show
as a normal edge and not shaded and wide. Therefore, the set of
pointers abstracted by the edgerigctiveand each index of each
array points to a uniquBoi nt object. Given this likely ownership
relation and the fact that all of the arrays are of length &érmss
that flattening theé~ace data structure would reduce memory use
substantially (i.e., this satisfies our conditions for lgeam over
factoredstructure and would be flagged as such if we turned on the
highlighting for the property).

By studying the source code for tRace class we can see that
these ownership and length properties do in fact hold usalit
Thus, we can flatten eadPoi nt [ 4] and associateBoi nt ob-
jects into af | oat [ 12] . This transformation eliminates one ob-
ject header pePoi nt object (at 8 bytes each) and the 4 point-
ers stored in thé®oi nt [ 4] (at 4 bytes per pointer). Given that
we have~72K Poi nt objects and~18K Poi nt [ ], this change
works out to~0.86MB of savings or-21% of the total live heap.
Using similar reasoning we could further flatten tHeoat [ 12]
arrays into theFace implementations for another0.22MB of
savings, or another5% of the live heap.

After these refactorings, the live memory consumption is re
duced by a total 0f~1.58MB which is around 39% of the memory
that was used by the baseline implementation.
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Figure 6. Memory Bloat

This case study shows how the multi-level abstraction allthe
developer to navigate around the heap at the desired ledettai,
zoom-in and out of specific areas of interest, all while maiitihg
the larger context. This ability to put the problem in contard
interactively explore the heap is critical to aiding the eleper
in quickly identifying the source of a problem, understamgdthe
larger context, and thus being confident in formulating agéyn

6.3 Evaluation With Profiler

by the profiler tools and the total time to inspect the gragéntify

the relevant structures, inspect the associated soures and de-
termine if the memory use was generally appropriate ranged f

5 minutes to 10 minutes. Also, as we had not previously worked
with the code, sometimes we needed to spend additional tme t
understand more about the intent of the classes and thag- str
ture in order to fully determine if the code could be sucagisf
refactored and how. This was particularly important wheritimu
ple classes/subclasses were used to build recursive dattuses.
However, this inspection never required more than an awiditil5

to 20 minutes.

Antlr.  For theAntlr benchmark, the tool reports one of the larger
heaps being reachable from a method inthgaCodeGener at or
class. We inspected this heap with our visualization tymin the
memory use heat map, we were able to quickly identify one dom-
inator node as containing around 72% of the reachable memory
This region was dominated by a set Rfil eSynbol s each of
which stores information representing various aspectseoparser.
Further inspection did not reveal any obvious memory usé-pro
lems or obvious areas where data structures could be reddcto
to substantially improve memory utilization. These findimgatch
those of previous studies of the benchmark which is not kntmwvn
have any reported memory leaks and is reported to have good ut
lization of memory. In particular [25] reports a gobéalthscore

for this benchmark.

Chart. For theChart benchmark our tool reports the largest heaps
being reachable from a method in thér eeChar t class. The col-

A number of recent papers have identified and explored memory oring highlights a region that is dominated by a seK¥Ber i es
use issues in the DaCapo benchmark suite. Hence, we dedded t objects. If we zoom into this region we see the structure show
evaluate the effectiveness of the abstraction technigeswridhed in

this paper by using our profiling tool to analyze several prots

in Fig. 7. The memory heat map coloring highlights the region
containing theXYDat al t emand theDoubl e objects they own.

from the DaCapo suite and our CCI based rewriter for memory By hovering over these we see that they consume about 3MB of

utilization issues.

heap space. The actual data contained in these objectsrfic-pa

After running the profiler we inspected the output abstract ular theDoubl e objects) is small compared to the object over-

graphs to find nodes (regions) that contained potentiallpnab

and then to determine what (if anything) could be done tolveso
the issues or if the memory use appeared appropriate. This wa edges are injective, i.e. not shaded and wide). This inescthiat we
done via manual inspection of the graph, the use of the heap in may be able to inline these structures to save space. Andtispe

spection and highlighting tools in the profiler, and inspegthe

head and since there is an ownership relation between each of
the XYDat al t emobjects and the Double objects it points to (the

of the XYDat al t emclass shows that it declares tkey fields as

associated source code. In all cases at most 7 nodes weredcolo Numnber types to allow for some level of polymorphism. So we
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Figure 7. Chart Memory Use

need to subclass our new flattened classes to allow for gtboth
integer and floating point,y pairs. This minor refactoring results
in a savings of around 1MB, which is around 25% of the tota liv
memory. Further savings are possible if more aggressiaetat

various names are accessed. However, if only a few names from
a DLL are used these arrays can be quite sparse. For theupartic
case under study one DLL that is loaded contains 25,090esrfoi
methods but only 7 methods are referenced (thus there isstasub

ing is done. To the best of our knowledge this memory issue has tial space overhead for this case). Additional investaatindicated

not been reported in previous work. This scenario showsdyai
the additional context around the memory use problem stp e
identification and implementation of a solution.

FOP. For thefop benchmark the tool reports the largest heap
being reachable from a method in thage class. The highlighted
region consists of a large number of objects that containsus
parts of the document to render, for example, \tibe dAr ea and
Tabl eAr ea objects. After a some inspection of the source code
we concluded that the data structure was not particularkgreaile

to refactoring. As reported in [16], we note that the datacitre

is needed later in the computation and thus is not a leak.

PMD. For thepmd program, our tool reports one of the larger
heaps in thelavaPar ser class. The section highlighted by the
memory utilization coloring is a summary node. This nodesuse
over 10MB of memory and consists of a data structure which is a
tree via thechi | dr en field and container offsets, along with a
parent back pointer on thgar ent field. This data structure rep-
resents the AST of the program that is being analyzed. Hogeri
over the node reports that it represents more than 50 typéls (w
names likeASTExpr essi on and ASTPri mi ti veType) that

all inherit from theSi nmpl eNode class. On inspection we see that
this base class has many data fields (line numberstihé¢ dr en
array, thepar ent field, etc.) which the subclasses add to with
additional AST specific information. Given this structure wid

not see any obviously poor memory use or memory leaks. This ap
pears to contradict [25] which reports a high rate of objeztder
overhead in this benchmark. However, we note that in thig cas
the overhead is actually encoding important structuradrimftion
about the AST thatis being processed. Thus, this case samgmt
strates how the visualization can be used to augment themafo
tion provided by existing analysis tools (and in this case e
useful in improving the quality of their reports by givingditional
structural and contextual information).

CCl. For theccl based rewriter program our tool showed that
in general the code is well balanced in terms of memory used
in various parts of the heap and the data structures are well d
signed. However, by turning on the highlighting for sparsays

we quickly found one possible location for improvement. Astp

of reading a DLL, aPEFi | eToObj ect Mbdel object is created
which initializes an array oet hodDef i ni t i on entries based

on the number of declared methods in the DLL (and similarty fo
fields, types, etc.). These arrays are then filled on demarideas

10

that the developer was aware of the potential space costsiatesi
with this choice but had decided that, in this case, the @aaitin
memory usage was an acceptable cost to pay in order to have a
simple and time efficient implementation. Further experitagon
would be needed to determine if this space overhead is ¢entis
high (e.g. the overhead is dependent on the number of mettuads
tually accessed). However, this example shows how everethe r
tively simple metrics supplied by the profiler when combimath
the ability to directly visualize the overall heap struetwallows
the rapid identification of memory use issues. As, in thiecas
the span of 5 minutes we, having no previous experience Wih t
internals of CCI, were able to identify this (good) candel&br
reducing memory use in the program.

6.4

We have a small number of industrial users who have beenavalu
ing the tools described in this paper on large productiorebades.
The initial feedback mirrors our experiences. Users haperted
that while the time to run the profiler (and associated abstnas)

is non-trivial it is not a major issue in using the tools. Sanito
our case studies they have identified and fixed an range of iyemo
inefficiency issues. They have also reported that they faunse-
ful to manually explore the graph to see what the data strestin
the programs look like and if this matches their intuitiom.chses
where there was a mismatch it was often due to unintentidwaat s
ing which had not yet appeared as a bug (e.g., partial copykuy
both the memory inefficiencies and the reachability itenesutbers
indicate that they felt the issues would have been significamre
difficult to find and fix without a tool along like the one presesh

in this paper. In particular the general view is that theiphib see
the global context of the memory state and the natural gnoupf
objects into data structures was very useful.

Industrial Experience

6.5 Computational Costs

In this section, we evaluate the cost of extracting and coimpab-
stract heap graphs during the execution of the debuggerrafitep
tools. We report the maximum times and sizes in the resulis. T
timings were obtained on a 2.4GHz Intel Core2 series process
(single threaded) with 2GB of memory.

Fig. 8 contains the sizes of the largest abstract represmmta
produced during the runs of the profiler tool. The first coluiats
the benchmark and the second column the number of objedis in t
largest concrete heap snapshot that was encountered. Tdvarfig
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Bench Objects || AbsNode | Reduced
db ~153K 12 10
raytracer | ~168K 48 21
antlr ~12K 606 201
chart ~189K 198 110
fop ~120K 531 150
luindex ~2K 87 36
pmd ~178K 146 28
xalan ~40K 451 127
cciwriter | ~53K 923 112

Figure 8. Max graph sizes.

Bench Objects || AbsTime | CmpTime
db ~153K 1.37s 0.01s
raytracer | ~168K 2.79s 0.04s
antlr ~12K 0.41s 0.03s
chart ~189K 3.22s 0.09s
fop ~120K 2.67s 0.11s
luindex ~2K 0.50s 0.01s
pmd ~178K 4.11s 0.09s
xalan ~40K 2.42s 0.07s
cciwriter | ~53K 2.20s 0.09s

Figure 9. Max times for operations.

columns are the size of the largest abstract heap graphqeddar
any heap snapshofAbsNodg and the size of the corresponding
dominator reduced representation from SecR&ducell Some

7. Related Work

Developing debugger support for the program heap is an aggoi
active research area. The work in [36] outlines many of thecha
issues that arise when attempting to visualize concretgrano
heaps and [29] presents some abstractions to help alladate

of these issues. There is a large body of work on techniques to
improve the efficiency and effectiveness of debugging [B3,1B,

28, 31, 35]. Work in [1] takes the same general approach dssn t
work but focuses on the interactive aspects of visualizirghteap,

in particular on how to allow the developer to inspect indial
objects as part of a larger structure.

Work by Mitchell et. al. [23, 24] has a number of similarities
to the work in this paper. Both approaches use a set of grgupin
heuristics to partition structures in the heap and theraektnfor-
mation about the partitions, but the partitioning stratagy infor-
mation extracted differ substantially. Our work uses rsimarstruc-
tures and predecessor ownership to identify equivalerasseb of
objects/data while [23, 24] focus on dominator relationsMeen
objects. We note that this results in the same asymptotit as
the work in this paper. Given this difference of grouping fiieu
tics there is also a natural difference in the focus on whae tyf
information is extracted. In particular, the abstractiarthis pa-
per is designed to aid programmer understanding of thetateic
and connectivity of various heap structures and so it eitigliex-
tracts information on shape, edge injectivity, pointerityjlcon-
tainer sizes, in addition to information on the sizes of masi data
structures. While some of these properties can, in someschse
reconstructed usinfanout and object count information, the ma-
jority of the information computed in [23, 24] focuses thesific
task of identifying memory inefficiencies in large Java peogs.

There is a substantial amount of work on the development of

of these sizes seem to be at (or beyond) the upper end of whatheap models for use in static program analysis [2, 10, 17, 33]

can be conveniently visualized. However, our experiendé wi
Sec. 6.2 shows the combination of the conditional graplestyhe
ability to zoom between levels of detail, and the navigatldnols
provided by the DGML viewer made inspecting and understandi
the relevant parts of the graphs quite easy.

Whereas program analysis is concerned with computabitidlyodo-
taining enough precision at reasonable cost, the mainesigdlin
abstracting runtime heaps is to obtain very small modelsdha
be visualized, while retaining many useful properties @f dhigi-
nal heap. We believe though that insights in static heagyaisatan

The next issue we wanted to evaluate was the Computationa| inform the abstractions of runtime heaps and vice versa.ekor

costs of performing the abstractions and comparison dpesat

ample, it would be interesting to provide programmers witbren

The first two columns in Fig. 9 list the benchmark and size of control over the abstractions produced via instrumemapiedi-

the largest concrete heap encountered (excluding objextsthe
System * orj ava. * namespace). Th&bsTimecolumn shows

cates [2, 33].
The approach in [17] uses a less descriptive model than the on

the maximum time taken to abstract a concrete heap during thePresented in this paper for example, it does not considerrird-

profiler run while theCmpTimecolumn shows the maximum time
taken to compare an abstract heap to a previous version.

To enable easy experimentation and implementation thewurr
abstraction implementation creates a complete shadow afajne
concrete heap during abstraction. Despite this large anhsime
overhead, the cost of computing the abstractions is quitgeable.
The running time scales very closely to the asymptotic cexip
of O(E xlog(N)) from Sec. 3. The current implementation com-
putes the abstraction inside the process that is instredesb
it was not possible to precisely measure the exact memory ove
head of the abstraction operations. However, using therdifice

tion such as injectivity or shape. Work in [15, 30] use a etdtiea
of taking a concrete heap from a C/C++ or Java program and infe
ring the types [30] or basic shapes [15] of heap structures.

8. Conclusion

This paper introduces a new runtime technique for progradern
standing, analysis and debugging. The abstraction of hegghg
presented attempts to construct a very small represemtafithe
runtime heap in order to allow effective visualization araviga-
tion, while retaining crucial high-level properties of thbstracted

in the total memory consumed by the process as reported by theheap, such as edge relations and shape of various subgfdhs.

system monitor indicates a factor of ax4Oncrease in memory
use (never exceeding 800MB). For our applications, incigdhe
calculation of the shadow heap creation, this overheadite qa-
ceptable. However, in other applications where the undeglijeap

construction of the abstraction ensures that the abstraphgs a
saferepresentation of the concrete heap, allowing the progmimm
(or other tools) to confidently reason about the state of tamary
by looking at the abstract representation. Furthermoesysie of an

may be hundreds of MB this overhead may not be acceptable. Weabstract domain enables the stable comparison and merfaig o

note that the algorithm in Sec. 3 can be restructured to ctanpu
the equivalence classes online during the heap walk, thmsneit-
ing the need to create a full shadow heap or even create aiciexpl
equivalence class entry for each object in the heap. Thawittgn
will be evaluated in future research.
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stract heap graphs obtained at different program pointéfereht
program runs. Our benchmarks and case studies demonsiaate t
abstract heap graphs can be efficiently computed, contegrest-
ing information on the heap structure, and provide valuaifier-
mation for identifying and correcting memory use relatetedes.
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Given the utility of the abstraction in this task we belielrere are a
number of other applications including thread races, tefaw for
parallelism, or interactive debugging, where this typelsfteaction
and understanding would be useful.
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