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Abstract of heap-based data as it is changed through program mod-
ifications. For smaller programs this allows for the con-
Analysis of dynamic data structure usage is useful for struction of data structure snapshots and animations, vi-
both program understanding and for improving the accu- sually illustrating evolution of program data, and also en-
racy of other program analyses. Static analysis technigues coding a variety of properties of interest, including shape
however, suffer from reduced accuracy in complex situa- age of data, node types, connectivity, and so on. For large
tions, and do not necessarily give a clear picture of run- benchmarks the results of analyses run at each data struc-
time heap activity. We have designed and implementediure change are graphed to summarize overall behaviour.
a dynamic heap analysis system that allows one to exam-This permits larger scale investigations of data struatigre
ine and analyze how Java programs build and modify data age, and using a selection of standard Java benchmarks we
structures. Using a complete execution trace from a pro- demonstrate the extraction and analysis of various data tha
filed run of the program, we build an internal represen- can extend detailed, runtime heap analysis to reasonably
tation that mirrors the evolving runtime data structures. sized programs.
The resulting series of representations can then be andlyze  Data on number and size of data structures, their gen-
and visualized, and we show how to use our approach toeral shape, connectedness and entrypoints, all supply use-
help understand how programs use data structures, the pre-ful information on how programs use dynamic data struc-
cise effect of garbage collection, and to establish limits o tures, and we show how analysis of such data can provide
static data structure analysis. A deep understanding of dy-insights into program behaviour. This includes aspects of
namic data structures is particularly important for modern data reachability—by analyzing which heap objects are ac-
object-oriented languages that make extensive use of heaptually reachable from program variables we can easily in-
based data structures. spect the extent of and variation in unreachable, garbage
data carried through program execution (@@g [22]). A
complete tracking of heap data also allows us to determine
1 Introduction upper limits on the potential accuracy of a more traditional
static, conservative tree/dag/cycle data structure arsly
under different assumptions of available alias analy$s-in
mation. Most programs in our study are surprisingly simple
with respect to heap usage and our results show that static
approaches can be quite accurate, at least for common in-
dustry benchmarks.
Specific contributions of our work include:

Data structure, heap astiapeanalysis techniques sum-
marize dynamic data connectivity, with the goal of improv-
ing alias analysis [9], automatic parallelization [11]tiep
mizing garbage collection [23], debugging, or as part of
a general understanding of program behaviour. Investiga-
tion of data structure shape and usage is particularly impor . i )
tant for programs which make extensive use of heap data,® The design and implementation of a framework for cap-
such as in Java and other object-oriented languages. Static tUring the complete dynamic evolution of data structures
approaches to data structure analysis, however, potgntial N Java programs. Our system includes a wide variety of

suffer from overly-conservative approximations, easily i analysgs that expose interesting and useful benchmark
duced by temporary data structure inconsistencies during Properties.
updates and modifications. e We compare accurate runtime data structure analysis

In this paper we investigate heap data analysis from the data with that achievable by both optimal and simple
perspective of dynamic analysis. Using complete traces of static approaches. This establishes limits on accuracy
Java program executions, we reconstruct the entire history for static heap analyses.



e We give and discuss experimental results on the ac- generate abstract shape information; this is a similarmgéne
tual data structure usage of a number of benchmark approach to ours, although they concentrate on identifying
programs, including non-trivial programs in the SPEC recursive structures, and derive their information from-lo
JVM98 [24] and JOlden [3] suites. level, binary analysis.

While most work done on shape analysis has been done

In the nex ion we di kground and rel . .
the next section we discuss background and eatedstat|cally on C code, Bogda and Singh have done some ex-

work on data structure and dynamic analysis. In Section 3 loratory work on shae analvsis for Java code at run-time
we describe the general design of our analyzer and the kind yw P ys| v un-t

of analyses and information we can gather. Section 4 dis- 1). They analyze the dyngmlc .caII graph to help identify
. tgwead local and shared objects in order to perform synchro-

nization removal. This technique focuses on the optimiza-
tion property more than shape per se, but does illustrate an
application of heap connectivity information.

2 Related Work Our own wgrk here also includes .aspects of da_lta struc-
ture visualization. Visually representing the heap is an ex
isting concern for debuggers [26], heap analysis tools,[19]

Our approach combines two main techniques, dynamlcand visualizing profilers in general [21]. Most shape analy-

analysis and shape analysis. These have historically been. . )
) . . sis studies, however, concentrate on the analysis more than
relatively orthogonal pursuits, and so we discuss them sep-

depicting the analysis results, although there is recenk wo
arately below. S ; . .
on defining structural shape properties suitable for visual

ization [13].

from more detailed and larger benchmarks. Finally, we dis-
cuss future work and conclude in Section 6.

2.1 Shape Analysis

Shape analysis techniques vary from implementing a2,2 Dynamic Analysis
whole new language for identifying data structures to sum-
marizing them using specialized graphs. ] ) ]

A frequent, and early approach to identifying data struc- _ Dynamic program analysis can be performed online, or
tures is to allow the programmer to provide high-level in- of_fllne through the analysis of program executl_on trace.files
formation through program annotations. Hummel et al., for Given the large resource demands of our precise shape anal-
instance, define static annotations to data structureslgror  YSiS We have focused on the latter technique; inroads have
to help the compiler identify opportunities for parallétig been made to the former [1], however.
transformations [12]. A similar approach is described by ~ Trace extraction from Java programs often relies on the
Fradet and Le Mitayer, who define a new language annota- Use of the Java’s built-in Virtual Machine Profiling Inter-
tion that integrates the notion of shapes into the C languageface (JVMPI), or its new replacement JVMTI (Tracing In-
[8]. terface). Brown et al. describe a framework, STEP, for pro-

Many have tried identifying data structure shape with- filer developers to encode general program trace data in a
out modifying the source code. Ghiya and Hendren show flexible and compact format [2]. JVMPI is also used by
how the conceptually simple categorization of data struc- Dufour et al. in the implementation of *J [5], a tool for
tures intotree, DAG, or cycle can be sufficient for com- ~ dynamic analysis of Java programs used to generate Java
piler optimization [9]. More detailed approaches atteropt t Program metrics [6]. Our work here builds on the *J frame-
model data using various kinds of graph abstractions. Klar- work.
lund and Schwartzbachégaph typeduild a representation The Daikon project from MIT [18] and the Dynamo
as a grammar describing data structures having a backboneyroject from Indiana University [7] both provide online
such as doubly-linked lists [14]. Wilhelm et al. [25] define forms of dynamic analysis, differing mostly in usage. Both
shape graphgo represent structural properties of data struc- projects are based on observing runtime values and invari-
tures. Three valued logihas also been applied to express ants to perform diverse analyses and optimizations. The
and prove shape properties [15]. Corbera et al. combinesDaikon project uses the information to report properties th
static shape graphs with abstract storage graphs to give avere true over the observed period, which can then be used
more precise shape analysis [4]; their techniques were im-for testing and verification for example. Dynamo is a com-
proved by Navarro et al. by approximating the data struc- piler architecture that uses the information to do runtime
tures in a graph combining memory locations having sim- optimizations. The challenges of efficient online dynamic
ilar patterns [17]. Recently, Hackett and Rugina described analysis are quite different from our exhaustive approach t
a way of breaking down the entire shape abstraction intotrace analysis, but the invariant-based approach may be a
smaller component and analyzing them separately [10]. Ra-useful basis for determining specific data structure proper
man and August [20] examine complete dynamic traces toties.



tions executed, and unique identifiers for all objects. We
are thus able to reconstruct heap connectivity by tracking
which object identifiers are subject and target of reference
field writes; this includes reference arrays. The *J shape
analyzer reads events from the generated trace file and pro-
cesses them one by one. For each event processed a corre-
sponding update is applied to an internal structure that mir
rors the program’s heap nodes and their connectivity. This
includes the removal of nodes due to GC. At each of these
Summary modification points, analyses are then run to determine the
evolving properties of the data structure.

In order to construct an internal data structure that mir-
rors the program’s heap nodes and their connectivity, we
model the complete execution of each thread and method
by interpreting bytecode events. The system is built follow
ing the Java Virtual Machine Specification [16]. Overall, it
3 Design can be seen as mimicking the behaviour of a JVM in terms

of object passing.

We begin with an overview of our design, followed by We must note that the amount of data that can be ac-
a description of the properties we can represent in the out-quired through the JVMPI interface in *J is limited. Early
put, and the ana|yses that we can perform_ Fu||y accurateevents in the virtual machine startup are not available (oc-
dynamic data structure analysis implies significant regear curring before JVMPI is initialized), and data from native
challenges in handling and representing large amounts offnethod executions is not reliably delivered. In our investi
information; this is discussed further in section 4.1. gations we have restricted our analyses to application,code

The overall flow for our shape analysis system is shown not startup in order to ensure we have a complete event
in Figure 1. The first part of the process is data gathering. trace.

Java programs are executed in the JVM (Java Virtual Ma-

chine), and an attached *J agent produces execution tracd.2 Data Properties

files of the running program. Trace files are then fed into

the *J shape analyzer. Here the input event trace is used From the mirrored representation of the program data
to reconstruct the program data structures and their eVo-grctures we are able to find and show a variety of
lution over time. The *J shape analyzer may apply vari- interesting and useful properties. Certainly type, or pthe
ous analyses such as tree/DAG/cycle analysis, topologicahgde information can be easily included in most visual
shape analysis, etc. The last part of the process is thetoutpepresentations.  We can further determine and encode
representation of the analysis data. Results can be commugomplex, historical node properties such as relative age of
nicated as literal snapshot or animated representations ofis component nodes, and the data structure can also be

graph structures, or in the case of larger outputs in moreeyamined more abstractly, e.g., in terms of reachability.
abstract and aggregated forms.

...1001011010001

110101101000101
- 010100101010100
Trace File 1001011010001...

putfield *J Analyzer
aload_3

.dot Output

Figure 1. Design overview.

3.2.1 Node Information. An example of representing
3.1 *J Shape Analyzer useful node information is shown in Figure 2. Here we
display type data textually, and also through colour, which
The *J shape analyzer is built on top of *J, a tool for dy- we use to distinguish application from library objects.
namic analysis of Java programs [6, 5]. *J comes in two These kinds of properties and visualizations are straight-
parts: the first part is the *J agent, which produces traceforward to extend; Figure 2 also shows naalge through
files containing events obtained from the JVM through the colour: as an object ages, meaning that it lives longer
JVMPI (Java Virtual Machine Profiling Interface). The sec- within the program, its colour becomes darker (in Figure
ond part is the *J analyzer, a framework for reading trace 2 this is applied only to application objects, not library
files and performing different analyses on that data. The *J objects). Observing age and type can be a useful way of
shape analyzer extends the basic analysis facilities of *J.  understanding how a structure is constructed; in Figure 2,
For a complete and accurate analysis of runtime datafor example, it is evident that the data structure is mostly
structures we need complete data on heap objects and refbuilt bottom-up, with application nodes near the tree root
erences, and all values which may be stored in referenceyounger than nodes deeper in the structure.
fields. *J provides both a complete trace of all instruc-



teference: 1147517816, teference: 1147619112
= java lang Stiing[] = javalang Integer

tefetence: 1147517472
= BinayNode

3.3 Analyses

teference: 1147618928
= BinayNcde

teference: 1147618848,
= Binarylode
teference: 1147618768,
= BinaryNode

As well as basic node and connectivity information, the
*J shape analyzer has all necessary information to support
the implementation of various analyses, including différe
summary and shape graph approaches, topological shape
analysis, etc. We have implemented a basic tree/DAG/cycle
analysis as a proof of principle, and also to investigate the
quality and utility of this simple data structure categariz
tion.

Teference: 1147618912,
= Java lan g Intege
Teference: 1147618888,
= BinaryNode

Teference: 1147615008,
= BinaryNode

veference: 1147618992,
= java lang nteger

Teference: 1147618812,
= java.lang Integer

Teference: 1147618872,
= java.lang Integer

reteience: 147618752,
= java lang nteger

Teference: 1147618792,
= java lang rteger

teference: 1147618672,
= java.lang.Integer

3.3.1 Tree/DAG/Cycle. Dynamically, a tree/DAG/cycle
categorization is quite trivial to compute. From each en-
try point we simply do a depth-first search to determine
Figure 2. A data structure showing the aging property. whether the nodes reachable from that entry point repre-
Nodes are coloured according to their age (and type); all  sent a tree, a DAG or a cyclic graph. This process has one
leaf nodes here are library objects, and all internal nodes  important practical caveat: single, unconnected nodes are
application objects. The rectangular and pentagonal nodes  considered trees. While this is true in a technical sense,
are entry points. many programs make extensive use of single node objects,
and this obfuscates any understanding of more realisgc tre

reference: 1147618712
= java lang Integer

reference: 1147618592,
= jva lang Integer

reference: 1147618760,  reference: 1147618776, i
=> SplayTree => java.lang.Integer => java.lang.Integer => java.lang.String(] usage_ For this reason we actua”y make use of a 4_Way
categorization, with single nodes distinct from trees.
i e e Note that a given data structure may appear differently

' from different perspectives: it is common to think of data

e Angmeger structures as connected graphs, but analysis information
can be distinct for each entry point (reference variable),

or generic to the entire connected data structure. Figure 2
S{RERIg shows examples of distinct tree and DAG entry points into

the same connected structure. In most of our work we use
entry point information as fine grain data; connected data
structure information, however, is also determined.

Figure 3. Showing garbage nodes in the data structure.
Here unreachable nodes are drawn in dotted lines.

3.2.2 Graph Information. Non-local properties of data

structures can also calculated; graph reachability, fer in
stance, is easily determined in our system. By tracking all
object references we also know the set of all root objects,
or entry points to the structure. Root objects include stati pefinition Let “C” be a partial order on data structure
variables, live local variables, and live method paranseter shapes: e.g., tree DAG C cycle. If the shape computed

Thus by comparing the transitive closure of references with ;o 4 particular reference at each heap change forms a
the set of all allocated but currently uncollected objeats w sequences, ss, . .. , s, wheres; € {tree DAG, cycle} and

can determine the set of dead objects, notreachable fromthe, is the total number of heap changes observable from
root set. This mformatlc_)n. can be wsqa_llzed, showing the {henr is pureif s; C s;.1 foralli = 0.
exact amount and (remaining) connectivity of dead, garbage
objects the heap contains. Figure 3 shows a visualization Data structure purity is meant to capture the relative abil-
of a data structure containing garbage data. Here dead obity of a static shape analysis to accurately determine shape
jects are drawn with dotted lines, and we can easily see howlf despite any changes the data structure is perceived ® hav
many there are and exactly how they are connected to eachhe same, constant shape then static analysis may be able
other and to the rest of the structure. Understanding howto give an accurate shape designation. If, however, the data
much data is carried in this way can be useful for garbage structure shape changes then any static shape result & nece
collector optimization [22]. sarily an approximation. Of course data structures are buil
incrementally—all data structures evolve from trees (gng|
nodes). To avoid considering nearly all DAGs and cycle
references as impure we categorimenotonicreferences,
ones that never progress downward in shape order, as pure.

3.3.2 Purity. Lastly, in order to measure the potential accu-
racy of a static analysis of the same program, we also define
apurity metric on all data structure references.

n—1.



Purity thus over-approximates the accuracy of a static ap-coded data structures, it is not feasible as a general agiproa
proach. to most benchmarks. The large data sets that must be ma-

Based on the above, we compute two measurements omipulated in the context of the analyzer impose strong con-
our runtime data. The entry point purity determines purity straints on the style of presentation, and also on the kind of
for each runtime reference. This provides a rough upperdata that can be gathered.

bound for static approaches, corresponding to the presence Tiny, test programs modify data structures only a rel-
of perfect alias (points-to) information. Less than petfec atively small number of times. More realistic programs,
alias information implies a need to merge information for nowever, can perform a very large number of updates; the
multiple entry points, necessarily reducing, or at least no jess benchmark from SPECjvm98, for instance, performs
Improving accuracy. more than 48 million heap modifications. Examining all
In the absence of good alias information, a static shapethese snapshots is physically unrealistic for humans, and
analysis can minimally separate references accordingeto th can generate significant analysis costs as well. Instead of
static class type. To see how well even such a simple ap-generating snapshots for each modification we therefore
proach can determine data structure shape we compute gnjy generate a snapshot everih changes, for different
type-based purity metric; here, shape data for runtimesfield |, gepending on the scale of investigation required. This

then determined from changes in the merged entity. the computational cost of the analysis.

) ) Unfortunately, many programs also produce large
4 Literal Representations data structures, whether or not they are modified fre-
quently. Even a simple program such as BiSort from the
We have two main ways to represent the data gatheredJOlden benchmark suite generates more than 120 thousand
The most obvious and direct representation of data struc-objects—far too many objects for a drawing tool to handle,
ture evolution is as series of literal snapshots of the en-or to meaningfully show on a screen or in an animation.
coded data structures, as in Figures 2 and 3. In this modelnteractive visualization techniques can improve thigasit
the information from various analyses is encoded in the vi- tion, but it is clear that animations, and even represemtati
sual output, as described above for age and reachabilitysnapshots are appropriate for only very small programs. For
Shape (tree/DAG/cycle) categorization is also encoded: ifthe non-trivial benchmarks we analyze in the subsequent
the reachable nodes form a tree then the entry point is drawrsection we have thus concentrated on alternative repieesent
as a rectangle, if the structure is a DAG then the entry pointtions that draw only reduced, aggregate information on data
is drawn as a “house shape” (pentagon), and for cyclic struc-structure properties, and not the data structures thegselv
tures a hexagon entry point is used.
By performing our analyses at each structure modifica-
tion we obtain an evolving view of the data, appropriate for 5 Experiments
animation. Snapshot animation itself, however, is sufpris
ingly difficult, even with external tools. In order to have a
nice animation of the snapshots, we need to be able to incre- We have analyzed a number of benchmarks from the
mentally add/subtract nodes and edges to an existing drawSPECjvm98 and JOlden benchmark suites. Below we de-
ing while ensuring existing nodes and edges do not move.scribe the programs analyzed, and present analysis exam-
This preserves the location of nodes between snapshotsples based on the various data gathered using our frame-
making node identity trivially obvious as frames change. work. These discussions demonstrate both the kind of data
Current open source and commercial tools for graph lay-we can collect, and also how it relates to relevant program
out, however, focus on optimal, static representationd, an features and behaviour.
do not in general attempt to locate nodes in the same place The JOlden programs illustrate our analysis on non-
between drawings. This results in animation frames wheretrivial, but small and easily verified programs, whereas the
graphs in successive frames may bear little visual relation SPECjvm98 benchmarks represent larger programs with
to each other, and thus are not useful as a visual replay ofmore complex heap usage. For space reasons we cannot
data structure behaviour. Improvements to this situatien a show results for the entirety of both benchmarks suites, or

part of our future work. for all defined analyses. Here we discuss BiSort, Barnes-
Hut, and TSP (Travelling Salesman Problem) from JOIden,
4.1 Scaling Concerns and Jess, MpegAudio, and Compress from SPECjvm98.

All benchmarks are run in Sun’s 1.4.0 JVM, server mode
While it is quite natural, if not trivial, to represent data (128M heap); the SPEC benchmarks are run at size 10 for
structure evolution as series of literal snapshots of the en Compress and MpegAudio, and size 100 for Jess.



5.1 Data and Analyses 20 ;

Tree
Single node —<—

Non-trivial benchmarks are not amenable to literal data r i

structure representations, and so we present aggregased da
from the analyses run in the shape analyzer at each data
structure modification. We use data from three main anal-
yses: a tree/DAG/cycle shape classification, reachability
analysis, and purity. . ‘ P et
Shape classification data is based on the number of en- 0 ser07 1ev08 bytetf;;?:iun[ 26108 25608 3ev08
try points that reach single-node, tree, DAG, and cycle type 14
data structures, plotted over time. For portability of tesu Ll e
time is measured abstractly, as either bytecodes exearted,
in terms of number of data structure modifications. To com-
press the visual representation our graphed data is some-
times a sampled subset; sample periods vary up to every
100K updates, and are indicated in the individual descrip-
tions. 2r P 7
Reachability is given both in terms of the number of live oy T e ke
versus dead objects, and in terms of humber of connected bytecode count
structures. The former makes it easy to see general trends
in volume of data and garbage, and for a limited visual in- ~ Figure 4. BiSort analysis results by bytecode for ev-
spection of GC drag. The latter gives a better impression of €7y 10k updates. The top figure shows single nodes and
the number of connected data structures (of size at least 2) [rées over bytecodes executed, and the bottom figure shows
actually used in the program. DAGs. There are no cycles in BiSort.

Purity data is used in two forms, entry point purity and

K\, A
10 ‘~ \
\
X

‘ e

number of entry points

10 +

number of entry points

type-based purity, as described in section 3.2. z | i / ‘ 'data structure —— |
é 7+ »“ \ \ i

5.1.1 BiSort. BiSort performs two bitonic sorts, one for- Y v 1
ward and one backward. It works in two phases. The first g 5 \ ]
phase is the tree construction, and the second phase is the % ; ﬁ L\ |
sorting. g 2 f \ﬂﬁ T K Rt b

In Figure 4, we can easily see the first phase, wherethe = ;| W WMW_A/M MHLMW ,
tree is being constructed. A number of single nodes are al- 0 : : ‘ * *

. 0 5e+07 1le+08 1.5e+08 2e+08 2.5e+08 3e+08

located, and then consumed by construction of the base tree. bytecode count
At about 1/3 of the way through execution the program en- 20 — o Apew———
ters its second phase; here many changes are performed on ©r ‘ /Timpure ety poins ]
the tree, and the number of tree structures becomes quite £ 13 | [ & T “wf“‘/i R w*ﬁ.&ﬁ* [ ]
variable. As the tree is modified the data types fluctuate be- = 12} *Th ﬁ‘f\“ A P 1y M ]
tween DAG types and tree types in a complementary fash- & ©F | U ! ! | M ]
ion: nodes are being rearranged, and not copied or deleted. % o A dl “‘ ‘\ 7
Note that there are not in fact as many disjoint structuresas 2 4 ‘1/ ! J\ ]
the number of trees and DAGs would indicate; call chains 2 .
allow for the stack to contain multiple entry points to the °% Ser07 1008 15008 20408 2.5;+os; 3e+08
same structure, magnifying the apparent number of struc- bytecode count

tures. This is more evident in the top graph of Figure 5—in
the second phase there is only ever 1 or 2 connected struc-
tures.

The bottom graph of Figure 5 gives an indication of
how well a static analyslls could do n |dgnt|fy|ng .the data DAGs. Less optimal alias information may spread this
structure shape, assuming perfect alias information. Most - o

- conservative approximation.
references are pure, but the second phase of execution con-
tains several impure variables due to the tree modifications
Statically these references would have to be considereds.1.2 Barnes-Hut. Barnes-Hut solves the classic N-body

Figure 5. BiSort analysis showing the number of con-
nected data structures (top) and the number of pure vs. im-
pure entry points (bottom) for every 10k updates.



gravitational attraction problem. Barnes-Hut also works 30000 e

in two phases; first tree construction, where a quad-tree is 25000 |- GC Obiect ,
built, and second a force computation, where the treeistra- 5 . |
versed. From the graphs in Figure 6 it is evident that this ™, ,

program is quite dynamic in behaviour, including either fre g > ' BT ]
quent data structure changes or allocations. As with BiSort ~ § 10000 i -
there are no cyclic data structures at all. This is unsurgis 5000 |- ,
for tree-based programs, but is also informative: it imglie o o ‘

for instance, that the quadtree does not make use of parent %0 10108 20408 32408 42408 5408 60408 Te+0B Ber0B 90+08

bytecode count

pointers in child nodes.

The phases are not obvious in the shape information, Figure 7. Barnes-Hut GC results by bytecode for every

but are clearly shown in the GC results graph of Figure 1 ypdates, showing the number of live and dead objects
7. The large spikes in number of dead objects indicate a  over bytecodes executed.

rapid accumulation of garbage data, and the short-lived

nature of the spikes suggests this is temporary data, quickl cyclic data structures. There are also a very large number
collected. The frequent variation in number of tree and of tree data structures, orders of magnitude more than sin-
DAG entry points is in this case mainly due to the use of gle nodes, DAGS, or cycles. In fact the algorithm mainly

allocated, intermediate data; purity data (not shown) in pyjigs trees, and the few cycles can be attributed to a deuble

terms of both entry points and types shows all referencesinked threading of trees forming partial solutions to the i
pure, further supporting the conclusion that the shapes ofpyt problem.

existing data structures are not generally altered. TSP, relative to Barnes-Hut, generates minimal garbage,
although references are also uniformly pure. This suggests
% Mree | a mainly static heap structure; however, since the number

of entry points in different shape categories does fluctuate
the data structures clearly do change. In this program the
5 ] use of heap data at different stages in the computation
is well-separated—entry points used in processing and
generating the tree structures are disjoint from those used
5r ] for DAGs and for cyclic structures.

20 B

number of entry points

0 0 1e+08 2e+08 3e+08 4e+08 5e+08 6e+08 7e+08 8e+08 9e+08 514 \]eSS. JeSS prOduceS a |0t Of structures. MOSt Of

bytecode count

them, however, are single node objects, as shown in Fig-
ure 9. There are no cycles, and there is a rhythmic pattern
of tree/DAG construction. This behaviour roughly corre-
g sponds with the algorithm and input, which does repeated,
) AN O S H tree-based searches to solve a given combinatorial problem
“ i Memory usage in Jess is more complicated than in the

number of entry points

’ > JOIden programs. From Figure 10 we can see that a large
tr 1 number of objects are dead, usually many more than are
O o Toe 00 00 Toee D8 Tor0s Boce Bos0s live at any one time. Moreover, while the live set is overall
bytecode count stable, the number of dead nodes seems to have a general
upward slant, increasing over time.
Figure 6. Barnes-Hut analysis results by bytecode for ev- We believe this to be an artifact of heap adaptation. Jess

ery 1k updates. On the top is shown the number of tree entry  gjjocates a lot of temporary objects (single nodes), some of
points over time (bytecodes executed), and on the bottom \hich have non-trivial lifetimes. The heap pressure due to
the number of DAGs. Again, there are no cyclic structures. the use of temporary object allocations results in the heap
being expanded to accommodate the perceived memory
5.1.3 Travelling Salesman Problem. TSP computes an  requirements. However, the core, necessary and retained
estimate of the best Hamiltonian circuit for the Travelling data is not increasing, and a |arger heap mere|y provides
Salesman Problem. There are two clear phases evident ifnore room for garbage to accumulate. In this situation the
both graphs of Figure 8: a short initial phase constructing amount of drag increases as the heap increases, suggesting
the problem, and a longer phase of analysis. that more aggressive GC rather than increasing heap size
TSP is our first presented benchmark to actually include may result in more efficient execution.
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Figure 9. Jess analysis results by bytecode for every 100k
updates. The top graph shows single nodes, the bottom
shows trees and DAGS. There are no cycles.

5.1.5 Compress. Most of the benchmarks produce ex-
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Figure 10. Jess GC results by bytecode for every 100k
updates.

Compress shows this is not always the case. In the bottom
graph of Figure 11 the number of tree and DAG entry points
are plotted against total number of data structure updates.
The results show quite regular behaviour, with three obvi-
ous phases of execution, each consisting of two sub-phases.
This correlates nicely with the known behaviour of Com-
press under our input parameters, which is to compress and
decompress three files.

The top graph shows the same data plotted with respect
to bytecodes executed. Here the phases are considerably
less evident—the time spent compressing and decom-
pressing each file is clearly uneven. Regularity of changes
is a useful property for adaptive program optimization;
Compress is quite deterministic in the sequence of actions
executed, but duration of program phases, a large part of
predicting behaviour, is here an input property.

5.1.6 MpegAudio. MpegAudio demonstrates the poten-
tially large effect of good alias analysis on a static shape
analysis. The top graph of Figure 12 shows that while there
are a large number of entry points, they are entirely pure.
However, a shape analysis that relies on less precise alias
information may not be as successful as this suggests—the
bottom graph of Figure 12 shows that when minimal alias
data is available there are proportionally many impure ref-
erences.

5.2 Overall

Dynamic data structure analysis can illustrate a variety
of program behaviours. Most obviously execution phases
are clearly visible in most of our graphs—programs, espe-
cially industry benchmarks, tend to behave in relativety re
ular ways, and data-centric algorithms show a correspond-
ing regularity in data manipulations. Regularity is alserse
in the kind of data used: the composition of trees, dags and
cycles shows that while most of our benchmarks do perform

tremely similar graphs whether the time axis is formed of numerous data structure modifications, they do not gener-
bytecode executions, or expressed in terms of data strucally tend to be complex in their usage—there are surpris-
ture modifications: data structure updates are quite regula ingly few cyclic structures found in our suite. In fact, ther
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merged over all objects of the same class type. Updates are
used as a time axis in this case to emphasize the two phases.

are surprisingly few actual connected structures (as @zpos
to entry points) in most programs. This lack of complexity
in data structure usage is further supported by our purity

data—certainly some entry points in some benchmarks do
vary in the shape found, but most entry points are in fact
pure, with many of our programs even having 100% of en-
try points pure. This is less well reflected in type-based
purity, indicating the importance of alias informationt ks

still quite encouraging for static approaches.

Of course data structure analysis does not reveal all be-
haviours, not will it be equally effective on all programs.
Scaling concerns require program data be summarized, and
this is necessarily a lossy process; interesting events may
be missed due to sampling interval size or selection. This
is evident in several of our GC graphs, where a reduction
in the number of live objects is not always matched by an
equal rise in garbage objects. Scientific and other programs
that make little use of dynamic data structures will obvi-
ously not show phases or other program behaviour through
a heap analysis. Java programs in general are quite heap in-
tensive, but this is at least partially evident in, for exdenp
our results from Compress (Figure 11), where the heap is
not altered for quite large portions of execution time. la th
case of Compress the lack of heap activity is still a useful
observation, but in less heap-intensive programs most or al
of a program execution may not discernible.

6 Future Work & Conclusions

Dynamic data structure analysis has the ability to show
detailed information on various aspects of program be-
haviour. This can help identify program characteristics,
heap usage, and provide general understanding of any cal-
culable static or evolving dynamic data structure property
advancing various optimization, understanding, and analy
sis goals. By comparing our runtime data with that achiev-
able through static means we have been able to verify that
static approaches have potential to be quite accurategsit le
for many of our example programs. This suggests that
despite the potential complexity of heap activity statie in
terpretations may be generally sufficient for understamdin
how heap data is organized.

Our framework design and experience demonstrates the
feasibility of this technique, and also highlights the ersé
challenges involved. Extracting and reconstructing data
structure changes is itself a non-trivial effort, with fust
complexity provided by the need for appropriate, scalable
representations. Literal representations are naturapesd
vide maximal information, but are not practical for real pro
gram investigations. More abstract analysis data frorelarg
programs, however, can still provide useful and intergstin
information on program behaviour, while maintaining much
of the accuracy provided by a dynamic, runtime analysis.

There are a great many potential future directions for
this work. More, and larger benchmark programs would
of course be useful, as would an examination of bench-



marks under different inputs. Our results here suggest data [6] B. Dufour, K. Driesen, L. Hendren, and C. Verbrugge.
structure usage is often quite simple; further experimenta
evidence is needed, however, to make strong, general con-
clusions. Other languages and environments would also be
interesting to consider. We have primarily focused on Java
programs, due to the relative simplicity of using JVMPI to
trace program execution. With appropriate tracing faesit

we could extend our approach to other languages and envi-
ronments. We are also interested in evaluating the efficacy [8]
and accuracy of more detailed shape analysis techniques,
such as those based on compact graph abstractions [17], or
shape types [25].

Visualization improvements are many of course. We
have been most recently working on improving animation
quality by adapting existing tools to support incremental,
if perhaps sub-optimal, graph drawing. Integration of good
animation with interactive visualization techniques calph
alleviate some of the scaling concerns with literal repnese
tations, and can also be the basis for useful educational and

debugging tools.
pactly summarize graph properties are also important, and

Further, novel visualizations that com-

a combined approach that allows inspection of both literal
and more abstract representations of heap activity would
greatly assist the understanding of how programs use data
structures.
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