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Abstract This paper explores the use of information contained in
Java object type name strings for grouping objects that may
have common lifetime characteristics. It is extremely ukef
to be able to identify cheaply objects that have similar life
times, since this can improve garbage collection (GC) per-
formance dramatically [9, 10, 11].

Our new approach avoids the above disadvantages of nat-
ural language information by adopting the following strate
gies.

Object lifetime prediction can identify short-lived andhtp
lived objects at or before their heap-allocation point.sThi
prediction is an increasingly important technique to en-
able optimization of runtime decisions for high-perforroan
garbage collection. This paper shows that extracting infor
mation from object type names can give a reliable and effi-
cient way to make such object lifetime predictions. We use
this approach to optimize a generational garbage coll@ctor
the Jikes RVM system. 1. It never attempts to interpret the meaning of type name
identifiers. Instead it merely finds lexicographic simiari
1. Introduction ties between different type names.

It is well-known in the program comprehensioocommu-

nity that important semantic information is encoded in the
human-readable, pseudo-natural-language descriptias t
programmers use for variable identifiers and type names
[1, 2]. However thegprogram analysicommunity generally
disregards this information for several reasons. 1.1 Motivating Example

2. Italways uses ahead-of-time profiling to determine waieth
types with similar identifiers have common object life-
time characteristics. Optimization only occurs when the
profile information confirms that there are similarities in
object lifetimes.

1. Imprecision: The flexible and unstructured nature of nat- This section presents a simple example to motivate the idea
ural language causes problems for automated analysisof type name suffixas a basis for object lifetime predic-
techniques, due to issues like synonymy and homonymy tion. Throughout the paper, we defiseffixto be the last
[3, 4]. word in an identifier composed of multiple words, or the

only word in a one-word identifier. Section 3 gives a de-

tailed explanation for how we locate type name suffixes in

Java. For the following example, it is sufficient to realise

2. Inaccuracy: Since different software engineers modify
and maintain the source code over time, inconsistencies
or contradictions often arise in the naming conventions

[5, 6, 7] that StringBuffer, RecordBuffer and VertexBuffer
” . i ) _ all share the commoBuffer type name suffix.
3. Incomprehensibility: There is no widely available ontol Now consider a hypothetical databAsgrogram writ-

ogy for program variable names, which means that au- ten in Java. The program usesringBuffer objects to

tomated tools cannot easily infer semantic information ¢onstruct and manipulate alphanumeric data fields for each

from human-generated identifier names [8]. record. These objects are created for ephemeral use. Once
their data is transferred to immutat#ering objects, the
StringBuffer objects are no longer needed. The database
program also has &ecordBuffer type, which it uses
when processing database queries. Such objects are also
ephemeral, since they are created specifically for eactyquer

1ThestringBuffer andRecordBuffer classes occur together in several

open-source database systems, according t&thgle online source code
[Copyright notice will appear here once 'preprint’ option is removed.] search engine.
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and not needed after the query has completed. Neither2. Background
of these types is related by inheritance, other than at the, Garbage Collection
Object level. TheStringBuffer class belongs to the Java ] ) ]
standard library, whereas tecordBuffer class is spe-  Mismanagement of heap-allocated data is common in sys-
cific to the database application. Their object lifetimereha  ©€MS With explicit memory deallocation. Modern program-
acteristics in this database program are similar, sinca bot Ming languages such as Java and C# emplpage col-
StringBuffer and RecordBuffer objects are generally lection (GC) fo_r aUtom_atIC memory management within a
short-lived. Human programmers have encoded this infor- Managed runtime environment. The programmer allocates
mation in theBuffer type name suffix that is common to  ©Pj€cts on the heap. When heap memory usage crosses some
both classes. threshold, the garbage collector is invoked to identifyects
There are two scenarios in which a GC system may that are no Ionger_reacha_ble vi_a any chain of active pointers
be able to use this information. The first involves sharing Fr€€ heap space is reclaimed in this way.
lifetime information acrosgrogram phasesSuppose the .
database program has ar?)ini?ializagon phasep,pwhere it aI—2'2 Generational GC
locates a large number @tringBuffer objects. The GC  Although the widespread prevalence of GC is only a phe-
system observes that these objects are mostly short-livednomenon of the last decade [12], it has been a topic of re-
Then the database program enters a query phase, where @earch for fifty years [9]. Thus many GC algorithms have
starts to creat®ecordBuffer objects. Although the GC  been developed and refined. Ungar [13] makes a significant
system has not seen maRycordBuffer objects so far, it ~ Observation that ‘most objects die young.” This is known as
can make predictions about their lifetimes based on the ex-the weak generational hypothes@d has been confirmed
tensive information gathered abaitringBuf fer objects. for many programs, languages and systems by large empiri-
The second scenario involves sharing lifetime informa- cal studies. Only a small proportion of objects survive for a
tion acrosdifferent programsFor instance, say the system significant amount of time after their allocation. (In kG@I
has previous|y executed a'mnage editorprogram' and no- with most GC Iiterature, time is measured in overall num-
ticed that most objects of typeertexBuffer have short ber of allocated heap bytes, rather than executed processor
lifetimes. The GC system records this trend, and uses it to cycles.) From this observation, Ungar and others propose a
make lifetime predictions about ttRiffer classes of the  generationalGC scheme [13, 14, 15]. In the simplest case,

database program during a subsequent program execution the heap is subdivided into two regions which are known as
nurseryandmaturespaces, respectively. Objects are initially

allocated in the nursery space, which is collected fredyent
as it is generally small and fills up rapidly. Objects that sur
vive a threshold number of nursery collections premoted
1.2 Contributions to the mature space. Since the mature space fills up more
This paper makes four key contributions. slowly, it is collected less frequently. Objects in the nmatu
space are presumed to be long-lived, so the GC system does
not waste time unnecessarily scanning them at each collec-
1. ltuses semantic information encoded in human-generatedion. Nursery-only collections are known asinor collec-
identifiers to create ‘hints’ for garbage collection. To the tions. When the mature space is fulljrajor collection is
best of our knowledge, this is the first time that meaning- required. This scans the entire heap at once.
ful identifier information has been harnessed for memory ~ One problem with generational GC is that long-lived ob-
management. jects are always initially allocated in the nursery space, s

2. This novel approach enables object lifetime predictions they will inevitably be scanned and copied to the mature
to be made about a previously unseen type, if it shares SPace later. If the GC system can identify long-lived ob-

the same suffix as a previously seen type. jects ahead of allocation time, it caretenuresuch ob-

. i . jects by initially allocating them directly in the maturesse

3. Section 3 presents an extensive analysis of garbage col161 5o Jong as object lifetime predictions are accurate,
lection traces from the DaCapo benchmark suite, t0 con- s shoyid reduce nursery GC copying overhead. Pretenur-
firm that type name suffix is a good basis for object life- g s regarded as a good optimization opportunity for high-
time prediction. performance generational GC systems.

4. Section 4 reports on sample optimizations implemented  Another problem with generational GC is that short-lived
for a generational garbage collector in Jikes RVM. The objects are sometimes promoted to the mature space, where
new scheme uses object lifetime predictions provided by they remain alive until the next major collection even if
type name suffix information. We demonstrate significant they effectively die almost immediately after their promo-
performance improvements for the DaCapo benchmark tion. The situation is worse if such an object has pointers to
suite in Jikes RVM. other short-lived objects, since their lifetimes are alspait-
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urally extended [17]. This extra garbage in the mature spaceformat [21]2 An example type name ByteArrayBuffer.
will cause an increased number of mature space collections,This type is a conjunction of three words: byte, array and
which are expensive. A potential solution is to identifytho  buffer. The last word in a type name is known as shiffix
lived objects in the nursery and never promote these objectsWe identify the suffix by searching backward from the end of

to the mature space. the type name string, until we reach a capital letter charact
Therefore it seems that the key to effective generational or an alphanumeric character that is preceded by a separator
GC isaccurate object lifetime prediction character such as or $. The substring from this position
to the end of the string is its suffix. In the above example,
2.3 Object Lifetime Prediction the type name suffix iBuffer. Our hypothesis is thaype
An object lifetime predictor takes some allocation context name suffix is an indicator of object lifetimes for that type
(such as object type or allocation site identifier) as infiut. This section provides experimental support for the above

produces a lifetime prediction as output, which may be as hypothesis, based on the analysis of real-world GC traces.
specific as an integer value [18] or as general as a binaryWe obtain these traces from Jikes RVM v2.9.1 [22, 23],
short/long indicator [16]. which is instrumented to record nursery object allocation
A prediction scheme usually profiles some program exe- and promotion events in the defacknMS generational GC

cution, records object lifetime data, then extrapolatesifr ~ Scheme. Given this information, it is possible to track each
these profile results. The standard kinds of prediction are allocated object and whether it is short-lived (dies in the
based on objectype (cites) or allocationsite (cites). An nursery space) or long-lived (promoted to the mature space)
example type-based prediction is ‘all objects of class We execute six of the DaCapo benchmarks [24] using the
are short-lived.” An example site-based prediction is ¢t default size input sets. For each benchmark, we use a fixed
jects created by statemeft= new Foo() at line 42 in heap sized at twice the minimum heap size in which that
programp are long-lived.’ Site-based predictions are more benchmark will execute, including a fixed nursery sized at
fine-grained, since objects of the same type may have dif- one eighth of the total heap. We use the standard DaCapo
ferent lifetime behaviour at different allocation sites- A  test harness and take measurements on the fifth iteration for
though there is some correlation between object type and€ach benchmark. This should provide a steady-state view
lifetime, most pretenuring researchers have abandoned typ Of execution, without being overwhelmed by Jikes RVM

based prediction, since allocation site is a better indicat runtime compilation activity which is more prominent in
lifetime [19, 20]. However this paper shows tisatmetypes earlier iterations. _ _
may be extremely useful for indicating object lifetimes. We postprocess each GC trace to group object allocations

Type-based prediction has two clear advantages overaccording to type name suffix. From now on, we refer to
site-based prediction. First, type-based prediction bagf  Such groups asuffix groupsFor instance, recalling the ex-
cases to consider than site-based prediction since the numample database program from Section 1.1ptgf er suffix
ber of object types is in practice always much smaller than group would contain all allocations @kcordBuffer and
the number of allocation sites. This leads to a significant StringBuffer objects. We analyse the object allocations
efficiencysaving, particularly in terms of lookup table size, in each suffix group to determine the proportion of objects
which is an important consideration for runtime predictors ~ With each lifetime. From now on, we say that a suffix group

The second advantage generalization Object alloca- is skewedf more than 95% of object allocations in the group
tion sites are specific to a single program, and in some cased1ave the same age type (either young or old).
they may be specific to an individual program execution due ~ The rest of this section investigates the suffix groups
to different runtime optimization settings. In contragpes  for the DaCapo benchmarks, and addresses five important
are oftenre-usedacross different programs, particularly li- duestions about the properties of these suffix groups.
brary types and runtime system types. This paper considers ,
suffiil(e)s/ of type names. It shows that these generalize over3'1 Are Skewed Suffix Groups Important?
many programs, and that the object lifetime behaviour is We investigate how many object allocations arise from ob-
similar across these programs. This enables the use of objects belonging to skewed suffix groups. We present these
ject lifetime predictions generated from one run of program results as proportions of the total number of object alloca-
p to make predictions about object lifetimes in a run of an tions, for each benchmark. This enables us to assess the sig-
entirely different programg. This generalization is the most  nificance of allocations from skewed suffix groups. Skewed
attractive feature of the novel object lifetime predicttenh- suffix groups can only be a reasonable basis for optimiza-
nique proposed in this paper. tion if they are commonplace. Figure 1 shows that alloca-
tions from skewed suffix groups account for the majority of
object allocations in all benchmarks. Importantly many al-

3. Analysis of GC Traces ’ :
locations come from suffix groups that have more than one

The standard Java naming convention is to merge multiple
words into a single word, with each word in ‘initial caps’ 2also known as ‘Camel Case’.
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Figure 1. Proportion of all object allocations that are ob- Figure 2. How object allocations are divided between
jects belonging to skewed suffix groups young-skew and old-skew groups

class, which strengthens the case for type name suffix gen-
eralization. We refer to suffix groups with more than one
class ason-singletorsuffix groups. Note that singleton suf-

fix groups are a degenerate case. If they are responsible for
many object allocations then they are merely prolific types,
as already identified by Shuf et al [25]. However it is impor-
tant to remember that we can still exploit type name suffix
commonalities from singleton suffix groups across différen
programs. Shuf et al do not investigate this possibility.
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3.2 Which Skew Type is More Popular?
There are two different kinds of skewed suffix groups. The all suffixes £

first kind is skewed so that more than 95% of the allocations allnon-singleten gumggggilz‘gffg: ""

are short-lived young-skeyv The second kind is skewed

so that more than 95% of the allocations are long-lived Figure 3. How individual class object lifetime distributions
(old-skewy. A different optimization is appropriate for each relate to suffix group lifetime distributions

skew type. Figure 2 shows that young-skew suffix groups

are far more prevalent than old-skew suffix groups, for all

benchmarks. The graph measures the absolute number ofect allocations for each individual class have the samesske
object allocations for objects that belong to a skewed suffix (more than 95% short-lived or |0ng-|ived) as the whole suf-
group. It gives figures for young-skew and old-skew, both for fix group. Figure 3 presents the results of this analysist/Fir

all suffix groups and for non-singleton suffix groups. Note we give an idea of the limit since we report the number of
the logarithmic scale on thg-axis. Apart from hsqldb, all  a|l skewed suffix groups and all non-singleton skewed suffix
the benchmarks have around two orders of magnitude moregroups. (These are the leftmost two columns for each bench-
allocations from young-skew suffix groups than from old- mark.) Then we report the number of suffix groups where
skew suffix groups. This is clear confirmation of the weak 959 or more of the classes that comprise this group have
generational hypothesis, except for hsqldb. the same skew as the group itself (third column for each
benchmark). Finally we do the same for non-singleton suffix
groups (rightmost column for each benchmark.)

Given that a non-singleton suffix group contains object al-  The relative heights of columns 1 and 3 indicate the ho-
locations from several different classes, we must invattig = mogeneity of all suffix groups. It seems that around 85% of
whether it is fair to generalize the behaviour of the classes the suffix groups contain classes that mostly agree with the
That is to say, is the skew of the suffix group shared by overall suffix skew. Only a small minority of suffix groups
the skews of all the classes when considered separatelyZontain inter-class disagreement. Columns 2 and 4 present
For this analysis, we take each suffix group and calculate the situation when we eliminate single-class suffix groups.
its overall skew. Then for skewed suffix groups, we exam- Now around 60% of suffix groups contain classes that mostly
ine all the classes that make up the group and see if the ob-agree with the overall suffix skew.

hsqldb  jum—
luindex

3.3 How Homogeneous are Skewed Suffix Groups?
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Figure 4. How suffix groups are shared between different Figure 5. How skewed object allocations are shared be-
benchmarks in the DaCapo suite tween different source code bases

3.4 How General are Skewed Suffix Groups? library code base. In every case, object allocations from VM
C . code are also prevalent. Since Jikes RVM is written in Java, i
In order to strengthen the case for sharing lifetime predic- . . L . -

is straightforward to optimize allocation decisions foesk

tlon_s across d|fferent_ programs, it is necessary to show tha types. Blackburn et al [26, 27] demonstrate that significant
suffix groups generalize across the DaCapo benchmarks. For

this, we record the suffix name for each skewed suffix group optimization is possible by pretenuring VM objects with-

in each benchmark, then count how many times one of theseglrjatlr?;salysmg or modifying user source code or standard li-

names appears in a list of suffix names in another DaCapo
. However four of the benchmarks also have a reasonable
benchmark. We also record whether there is skew agree- . . . -
proportion of skewed object allocations arising from user

ment or disagreement between the suffix groups in different . . . .
. . code, which confirms our idea that type name suffix may
benchmarks. Note that the same suffix for benchnbaigk . ; ) . o .
provide a basis fogeneralizedbject lifetime prediction.

countedN times if it appears inV other benchmarks. For
example, suppose theoo suffix group appears in bench- . C
markspantlr, pb?oat and fop. In ar?tlr aF;ld Fl;FI)oat, theo suf- 4. Evaluation of GC Optimizations
fix group has the same young-skew, so this counts as +1This section describes how we use suffix-based object life-
for the young-skew agreement section in both these bench-time predictions to optimize GC performance. We evaluate
marks. However in fop, the suffix group is not skewed (i.e. our optimizations in a customized version of Jikes RVM.
between 5% and 95% of the objects are short-lived) so this  We study optimization of short-lived and long-lived ob-
counts as +1 for disagreement for antlr and bloat, and +2 jects separately. It seems that the programs we studied can
for disagreement in fop. Figure 4 shows this analysis. It is benefit from either one or the other optimization, but not
clear to see that agreement clearly outweighs disagreemenboth.
for all benchmarks. It is also clear that young-skew agree-
ment is much more common than old-skew agreement acros#-1  Infrastructure
the benchmarks. We conducted these experiments using an extended version
] ) of Jikes RVM v2.9.1, which is built from the same code base
3.5 WhatKind of Code Causes Skewed Suffix Groups?  hat we used to obtain the GC profiling statistics in Sec-
The previous study demonstrates that skewed suffix groupstion 3. We adapted the default MMTk generational garbage
are shared consistently across benchmarks. Now we endeaveollection scheme as follows. Our modified heap structure
our to establish the cause of this sharing. On one hand, theis split into two copying nursery semi-spaces, and a mark-
common suffixes could be due to shared code from Jikessweep mature space. This setup is reminiscent of Sun’s de-
RVM and the standard libraries. On the other hand, the fault HotSpot JVM heap configuration, without the initial
common suffixes could arise from entirely independent user Eden pre-nursery phase [28].
source code. Figure 5 shows how the object allocations from  An ahead-of-time profiling run identifies young- and old-
skewed suffix groups are divided between these various codeskew suffix groups for &raining benchmark set and records
sources. these type name suffixes. An automated script adds new Java
As may be expected, there is a large amount of library source code to thgM_Type class to recognise type names
code in skewed suffix groups. One of the strengths of the for skewed suffix groups at VM type resolution time, by
Java programming language is its extensive and easy-to-useimple string comparison @M_Atom character strings. Each
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Object Allocation requires minor changes to the GC tracing code. Blackburn

et al present a study to show that the performance impact

of write barriers and remembered sets is generally minimal
[31].

4.2 Result Reporting Rules

We use the production build of Jikes RVM, disabling all as-
sertions and extraneous logging. All timing results from ou

yourfg—skew objects

old-skew objects (pretenured) experiments are taken as the mean of 10 tests, together with
guoted confidence intervals for one standard deviatioeeith
Figure 6. Allocation of objects in our GC scheme side of the mean. The raw mutator and collector timings are

obtained from the DaCapo MMTk harness. All benchmarks

are supplied with theidefault input sets.
Nursery Collection As recommended by Georges et al [32] we take results
young=skew objects from a steady state iteration of the benchmark to min-

imise the overhead of adaptive compilation activity. We use
Mature Space

fixed size heaps and nursery spaces. All heap sizes are re-
Figure 7. Nursery Garbage Collection in our GC scheme

Nursery
SSO0

from ported as multiples of the minimum heap size in which each
particular benchmark would execute successfully with no
OutOfMemoryException messages. All nursery sizes are

reported as proportions of the current total heap size.

unknown objects

4.3 Optimizing Short-Lived Objects

Short-lived objects are much more common than long-lived

objects. This is the basis of the weak generational hypithes
type belonging to skewed suffix group is marked as such, by [13]. It is confirmed by our earlier studies, see particylarl
writing to a field in the correspondin@!_Type object. Figure 2. The default behaviour of a conventional genera-

We then build this specialised, profile-guided version of tional collector is to assume that all objects are shogdijv
Jikes RVM, and run it on @estingbenchmark set. Every  and therefore should be allocated in the nursery. At collec-
time the VM allocates an object at runtime, it checks the tion time, survivor objects are promoted to mature space.
type to determine whether it is designated as short- or long- However, some short-lived objects will have only just been
lived and therefore should be handled specially. Figure 6 il created and are likely to die imminently. They aeciden-
lustrates where different kinds of objects are initialljoal tally promoted since they were allocated too near to the be-
cated. All undesignated objects are allocated in the murser ginning of collection. Xian et al [33] refer to such objects
Long-lived objects are initially allocated in the maturaee. assurviving new objectsSuch objects waste mature space
Short-lived objects are allocated in the nursery, and have aand nepotistically drag other referents to mature spaten of
reserveduvenile object header bit set to indicate that they with implications for performance [17]. One potential solu
should remain in the nursery after collection. The GC copies tion is toretainsome objects in the nursery over a collection.
such juvenile objects to the other nursery semispace at col-As described in Section 4.1, these nursery-retained abject
lection time, whereas all non-juvenile objects are coped t should be explicitly marked asivenile at their allocation
the mature space. Figure 7 illustrates how different kirfds o point, then they are copied to the other nursery semi-space
nursery-allocated objects are moved at GC time. at collection time.

MMTk generational schemes use slot-based remembered This is the short-lived object optimization we will apply
sets to track inter-generational pointers [29, 30]. Thegiori  inthe following experiments (Sections 4.3.1 and 4.3.2}eNo
nal scheme required remset entries to be accumulated durthat in these sections, we only apply the short-lived object
ing mutator execution, when nursery references are written optimization. Wedo not pretenure any long-lived objects.
to non-nursery objects. This is a simple write barrier. The We aim to quantify the performance impact of the short-lived
remset is processed, with slots being updated, at each minoand long-lived optimizations iisolation
collection. The remset is flushed without processing at each o )
major collection. Either way, the remset is empty at the end 4-3-1  Self-Prediction Experiments
of a garbage collection phase. The simplest evaluation of GC optimizations is to profile

Our new scheme requires additional remset entries, sinceand test on the same benchmark with the same parame-
it retains juvenile objects in the nursery after collectio8o ters. In machine learning terms, this means using the same
slots containing references to such juvenile objects have t benchmark for the training set as for the testing set. Such
be in the remset at the end of a garbage collection phase. Thiself-prediction[34] should give an upper bound on the per-
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benchmark| skew threshold allocation threshold 20000

antlr 97% 3%

bloat 93% 3%

fop 93% 1% e

hsqldb 97% 1% g v

luindex 99% 1%

pmd 99% 3% e
Figure 8. Optimal parameters for short-lived object opti- i i
mization with self-prediction 2000 % E -

Iuindex

formance improvements possible from GC optimizations. Figure 9. Benchmarks for which juvenile optimizations re-
Blackburn et al generally use self-prediction in their pre- duce GC times
tenuring studies to give performance limits [26, 27].

In our self-prediction experiments, we identify young- 40000
skew suffix groups for a particular benchmark, then create
a Jikes RVM build specialised to optimize objects with these
suffixes. Finally we run the same benchmark in the modi-
fied VM and gather performance figures. We compare the
performance of the modified VM againstafaultVM that
has the same heap configuration but does not perform any
suffix-based optimization.

There are many parameters to vary in the experiments.
During the identification of young-skew suffix groups, we 26000
can change the percentage of young objects required to skew
the suffix group (known askew threshold In all our profil-
ing tests in Section 3 we set the skew threshold to 95%. We Figure 10. Benchmarks for which juvenile optimizations do
can also set a threshold on the number of object allocationsnot reduce GC times
in a suffix group before we consider it sufficiently prolific
to warrant optimization. We measure this as the proportion fault no-optimization time with the suffix-based prediction
of object allocations in a single suffix group compared to the optimizedime. For each of these benchmarks, the optimized
total number of object allocations throughout the benclkmar version gives a speedup in GC time, up to a maximum of
run (known asallocation threshol)l These two parameters 23% for luindex. In contrast, Figure 10 shows the GC times
affect how many suffixes are to be optimized by the modified for the two DaCapo benchmarks for which the optimization
Jikes RVM. does not cause improvement. We note that these are longer

When we evaluate the performance of the modified Jikes running benchmarks. The hsqldb program is a particularly
RVM, we can vary the heap size parameters to change thenotable exception to the weak generational hypothesis, as
stress levels of the GC subsystem. In small heaps with smallFigure 2 shows.
nurseries, there will be more frequent collections than in  While itis interesting to consider GC time improvements,
larger heaps with larger nurseries. When there are more col-the optimization is only significant if it also leads to ovéra
lections, the performance impact of any GC optimizations is execution time improvements. Figure 11 shows that for the
more strongly emphasized. same four benchmarks as above, there is a corresponding

Since we intend to use these self-prediction results to reduction in overall execution time. These speedups are due
show the upper bound on the potential of suffix-based objectto the reductions in GC time, since GC time is a large
lifetime prediction for GC optimization, then we conduct proportion of overall execution time in tight heaps (up to
a coarse-grained automated search of the parameter spac&8% in bloat, for instance). In contrast, Figure 12 shows the
outlined above. We found that we get greatest performancetwo benchmarks for which the optimization increases overal
gains for benchmarks running in their minimum heapsize, execution time. This degradation is largely since GC time is
with a fixed nursery size of 5% of the total heap (in practice, increased by the optimization.
rounded to nearest MB). Figure 8 shows the optimal param-  Next we study how the impact of this short-lived object
eters chosen (from our coarse-grained exploration) fon eac optimization varies as the heap size increases. Recall that
benchmark to generate best performance. in all the experiments reported above, each benchmark has

Given these optimal parameters, Figure 9 shows the GCexecuted in its minimum heap size. Figure 13 shows how
times for four of the DaCapo benchmarks, comparingigre the GC time changes for both default and optimized VMs

default
optimized

38000

36000

34000 E

GC time/ms

32000

30000

28000

pmd R

hsgldb
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48000 [t that the optimization should be enabled as adaptive runtime

aoooo |7 behaviour which can be triggered or disabled depending on

how effectively it works. The optimization is only really

20000 applicable in tight heaps. One problem in larger heaps ts tha
remembered sets grow quickly and contain many repeated

25000

total time/ms

entries, since collections are less frequent. We confirm thi
by extensive profiling. Significant GC time can be wasted

in processing these repeated remembered set entries. One of
our future objectives is to remove such repeated entries.

20000

15000

10000

fop [FRE—

5000

antlr &%

bloat
luindex

Figure 11. Benchmarks for which juvenile optimizations 4-3-2 True Prediction Experiments

reduce total execution times The most realistic evaluation of GC optimizations is to pro-
file and test on different benchmarks. In machine learning
00— : terms, this means using disjoint sets of benchmarks for the

44000 |.optimized

training and testing sets. Suttue-prediction[34] should
give a realistic idea of the likely performance improvensent
21000 from GC optimizations. We employ theave-one-out cross-
40000 validationmethodology (LOOCYV). Given a set &f bench-

35000 marks, LOOCYV trains otV — 1 benchmarks and tests on the
2000 i Nth. This can be repeatel times, rotating the test bench-
om0 mark each time.

35000 Given the levels of inter-benchmark suffix commonality
24000 we found in Section 3, we anticipate that true-prediction
should lead to performance optimizations for the bench-
marks in which self-prediction worked well. Recall from the
Figure 12. Benchmarks for which juvenile optimizations do  previous section that these benchmarks are antlr, blogt, fo
not reduce total execution times and luindex.

In our true-prediction experiments, we identify young-
as the heap size is increased in proportion to the minimum skew suffix groups for all except one of the four benchmarks,
heap size for each benchmark. First, itis clear to see that GCthen we build a Jikes RVM build specialised to optimize
time reduces significantly as the heap size increases.gSinc objects with these suffixes. Finally we run the last bench-
the nursery is still fixed at 5% of the total heap size, then mark in the modified VM and gather performance figures.
the nursery size is also increasing from left to right in each We compare the performance of the modified VM against an
graph.) Second, it seems that the impact of the short-lived equivalent VM that does not perform any suffix-based opti-
object optimization is reduced until it becomes negligible mization. We use the same thresholds and heap parameters

43000

42000

total time/ms

37000

hsgldb
pmd

as the heap size increases. for each benchmark as in Section 4.3.1.

DiscussionAt this point, it is appropriate to mention that Figure 14 shows the effects of juvenile object optimiza-
the standard deviation measurements (shown as confidencé&ions on the four benchmarks with LOOCYV at the minimum
intervals in all the graphs in this section) are relativagk. heapsize for each benchmark. The only benchmark to show

This could imply that our results would not hold under rigor- noticable improvement is antlr. The bloat and fop bench-
ous statistical analysis [32]. However we present two argu- marks have negligible improvements. The luindex bench-
ments in our defence. First, it is a common concession thatmark performance slightly degrades with the optimization.
GC measurements always contain significant noise levelsWhen we checked the suffix predictions, luindex has one
[35] since GC is inherently non-deterministic, especially  key suffix Match that is not included in the other three
an adaptive runtime environment like Jikes RVM. This noise benchmarks, so this accounts for its poor performance under
will always increase the variance of any set of GC time mea- LOOCYV. Figure 15 shows how the total benchmark execu-
surements. Second, we note that many exispioglished tion time changes for the same experiments. Now both antlr
GC optimizations demonstrate smaller performance gainsand bloat have improved execution times with the optimiza-
than our optimization, and do not even consider variance in tion. We attribute the antlr performance to the improved GC
their results reporting method. We advocate that our presen time. This is not the case for bloat. We surmise that the op-
tation must be ‘at least’ as convincing as this literature. timization, while not saving GC time, has had some second-

The results show that our optimization only works on order memory effect, such as better caching, that improves
four out of six DaCapo benchmarks. This leads us to suggestoverall execution time.
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Figure 13. How the impact of the juvenile optimization is reduced ashtbap size increases, for each benchmark
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Figure 14. Leave-one-out cross-validation of juvenile opti- Figure 15. Leave-one-out cross-validation of juvenile opti-
mization, GC times mization, total execution times

4.4 Optimizing Long-Lived Objects skew suffix groups, out of all of the DaCapo benchmarks we

As already noted, long-lived objects are much less frequentexamined. These are the only benchmarks for which we can
than short-lived objects. Figure 2 shows that the hsqldb andsignificantly improve GC performance by long-lived object
pmd benchmarks have the highest relative proportion of old- optimization, since they have high numbers of objects that
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can potentially be pretenured. Recall from Section 4.3 that 2500
hsgldb and pmd were the only benchmarks that we could
not improve by short-lived object optimization.

The standard optimization for long-lived objects is to
allocate them initially into the mature space, to save aogyi
time. This is called pretenuring [16]. In the experiments
below, we enable pretenuring based on suffix names in Jikes
RVM. We measure the performance impact of pretenuring in 500
isolation, so we do not optimize short-lived objects in thes
experiments.

default £
optimized

2000

1500

GC time/ms

1000

bloat [°FFF

antlr [#

fop [%
hsgldb
pmd

luindex [¥00F

4.4.1 Self-Prediction Experiments

We analyse the profile information to determine old-skew Figure 16. Effect of pretenuring optimizations on GC times
suffix groups for each benchmark. We use an allocation for the DaCapo benchmarks

threshold of 1% and a skew threshold of 58%ve build

a specialized Jikes RVM for each DaCapo benchmark, that - ‘
pretenures objects with old-skew suffixes. Then we re- optmasd S
execute each DaCapo benchmark and gather timing infor- - i
mation using the same results reporting rules as above. We 10000 E
compare the times of our optimizing Jikes RVM runs against
execution in a non-pretenuring version of Jikes RVM, using
exactly the same runtime settings and experimental sagplin

policy. We find that speedups are greater in large heaps, so o }
we fix all benchmark heap sizes to be four times the mini- 2000
mum heap size for that benchmark. We fix the nursery to be
12.5% of the total heap size.

Figure 16 shows the effects of pretenuring optimizations
on GC times. The hsgldb benchmark has the most dramaticFigure 17. Effect of pretenuring optimizations on total exe-
improvement, with a speedup in GC time of 90%. The pmd cution times for the DaCapo benchmarks
benchmark has a more modest GC time speedup of 14%.
The other four benchmarks do not show GC time improve-
ments. The other benchmark results are disappointing. This
is presumably due to the relatively small number of long-
lived objects in the heap. Since we have set an extremely
aggressive skew threshold of 50%, we are probably pretenur-
ing too many objects that are not genuinely long-lived. This
will cause noticable increases in GC time, as is the case for
bloat and fop. Ideally we should conduct a more disciplined
exploration of the threshold parameter space. . .

Figure 17 shows the effects of pretenuring optimizations 5. Manual Examination of Suffixes
on total execution times. The hsgldb performance is almost In this section, we open the ‘black-box’ and examine the
unchanged, since GC time is only a small proportion of over- type name suffixes that are representative of young- and
all execution time. The pmd benchmark does show an over-old-skew suffix groups, in Section 5.1. We also consider
all speedup of 7% from pretenuring optimizations. The antlr whether natural language analysis problems actually apply
benchmark shows some overall improvement too, perhapsin the programming language domain, in Section 5.2.
due to secondary effects like caching. The other benchmark
performances degrade, due to over-application of pretenur
ing optimizations on short-lived objects. In our opinion, the most useful application of this kind of
data mining in systems research is not the auto-generation
of heuristics, but rather thkindsightgained from manual
We did not perform any true-prediction experiments for post-processing of these heuristics.
long-lived object optimization. From the self-prediction Therefore, we attempt to select some example suffix
3We use this lower threshold, since most of the benchmarkspeRsgldb, name_s and explain Why. such objects ShQUId. be short- or
have few long-lived objects, therefore few old-skew suffieups, as we  10Ng-lived? Our explanations should seem intuitive to expe
noted in Section 3.2. rienced programmers.

8000

6000

total time/ms

o
fop [FXXEER

antir
bloat
hsgldb
luindex
pmd

study in Section 4.4.1 the only significant suffixes that have
any performance effect are in hsqgldb. These suffixes are
not found in other DaCapo benchmarks. Therefore true-
prediction experiments would not show any performance im-
provement. We require a much larger training set of bench-
marks with pretenuring potential to be able to show good
performance results from true-prediction.

5.1 Intuitive Explanations

4.4.2 True Prediction Experiments
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Short-lived objects: One of the most common suffix 10000 o
for short-lived objects iSuffer. It is present in each of R —
the LOOCYV true-prediction VMs in Section 4.3.2. The most e+
prolific class in this suffix group i$ava. lang . StringBuffer.

This is typically a short-lived object, since it is createxa f

some short-term character manipulation, then the data is
transferred to an immutab$ring object and th€tringBuffer
dies. Another suffix present in each true-prediction VM.is 100 i}
This indicates that anonymous inner class objects are also o kN -
generally short-lived, which is also intuitive. e . : .

Long-lived objects: The hsqldb program is the only
benchmark for which long-lived object optimization is ef- 10
fective. The two most common long-lived object suffixes in allocaion threshold percentage
this program ar®ow andTransaction. These both relate
to classes that comprise the internal structure of the SQL Figure 18. An upper bound on the number of synonyms for
database query system, which should live for the duration Suffixes in each DaCapo benchmark program
of the program execution. We could not discover any more
generic long-lived object suffixes from our small corpus of
benchmark programs. 1000

1000 4

number of synonyms

T
antlr ——
bloat

fop %~

5.2 Semantic Problems hsqldb

luindex
pmd

There are many difficulties with using natural language
information to drive program optimization, as outlined in
Section 1. Two of the biggest problems are synonymy and
homonymy. Sections 5.2.1 and 5.2.2 explore these respec-
tive problems to analyse how much they affect our analysis, o y —
and possible consequences for optimization. —

100

number of synonyms

5.2.1 Synonymy

Synonymy is the use of different words to mean the same 1

thing. For instance, a software engineer may consider that ° L et tveshotdperenage *

the words ‘code’ and ‘text’ refer to the same underlying con-

cept. A computing analogy is the memalasingproblem, Figure 19. Actual number of synonyms for suffixes in each
when multiple reference variables point to the same memory DaCapo benchmark program, as found throughout the set of
word. benchmarks

A common instances of synonymy, which we discovered
by manual inspection, is the use of abbreviated forms of long
nouns. Examples includénum for Enumeration andItr benchmark program. We investigate how the number of syn-
for Iterator. A more interesting case is the use of gen- onyms changes as we filter suffixes based on their allocation
uine synonyms to describe the same concept. One exampléhreshold for each particular benchmark. Figure 18 shows
pair from our data i9terator andTraverser. These suf- this upper bound.

fixes both clearly refer to objects that sequentially visitke Note that this upper bound is not realistic, since many of
element in a collection. Both suffix groups contain mostly the synonym words would rarely occur in a programming
short-lived objects, according to our analysis. context. For instance, whilontainer is a common suffix

In order to assess the extent of synonymy in our data, in our data, WordNet indicates that this noun is synonymous
we require an automated synonym detection system. We usawith bothBag (reasonable) andady (misogynist!).
WordNet3.0 [36] which is a lexical reference system de- Thus we undertake a second study. Now, for each syn-
signed according to psycholinguistic theory. Words are or- onym that WordNet suggests, we check to see whether this
ganized into synonym sets, with each set representing onesynonym occurs in the source code (of any of the programs,
underlying lexical concept. Various relations link the syn including the program in which the suffix originally oc-
onym sets. We use WordNet to provide an upper bound oncurred). Note that for the moment, we only count the syn-
the number of synonyms for each suffix, by treating each onym once even if it occurs in multiple programs. Figure 19
suffix as an English word and using it as a WordNet noun- shows the results of this study. Note that the number of syn-
synonym query. We measure the number of synonyms for onyms is much lower now. Also, the number of synonyms
each suffix, and sum this over all suffixes present in each drops considerably as the allocation threshold is raised.
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Implications for Optimization: If two suffixes are syn- 1000 —
onymous, then there are two possibilities. Either (a) they R —
have the same suffix skew and should be optimized in the s+
same way, or (b) they have different skews, so they should
be handled differently. If we fail to spot the synonyms in
case (a) then we have a missed optimization opportunity.

Now we examine the synonyms in our data, to see
whether they have the same suffix skew or not. For each
benchmark, we consider all the suffixes in that benchmark,

100 p

b

10 |

number of suffixes above threshold

at a given allocation threshold. For each suffix, we consider [ s e

all synonyms of that suffix. We see whether then synonyms

are present in the same benchmark, or in other benchmarks 1 : - . : .
in the set. We see whether the synonym skew (short, none allocaion threshold percentage

or long) agrees with the original suffix skew, and record this
information. Unlike the previous study, now if suffix A has Figure 21. Number of suffixes to consider at each allocation
synonym B, and B occurs in multiple benchmarks, then we threshold, for each benchmark

count B multiple times since sometimes it might agree with

As skew and sometimes it might disagree! Figure 20 shows " ‘
the agreements and disagreements between synonyms for R —
each benchmark. It is apparent that disagreement outweighs .L‘fnqjég
agreement, both within a single program and across multiple | pmd
programs. This disagreement becomes more likely at higher

allocation thresholds.

From this study, we could conclude that WordNet is gen-
erally ‘conservative’ and overestimate synonymy. At least
we can be fairly sure that synonymy is less likely in pro-
gramming language than in natural language on the evidence
above. Since disagreements are more likely than agreements
according to Figure 20, it seems that we have not missed
many optimization opportunities due to synonymy. 0 2 4 6 8 10

allocation threshold percentage

o

mean number of homonyms per suffix

5.2.2 Homonymy Figure 22. Mean number of homonyms per suffix at each

. . allocation threshold, for each benchmark
Homonymy is the use of the same word to mean differ-

ent things. For instance, a hardware engineer understands
‘RAM’ to be a lump of silicon, whereas a farmer generally for each benchmark, and how this number changes with the
expects a ‘ram’ to be a male sheep. A computing analogy is allocation threshold.
the false sharingproblem, where unrelated memory words It is helpful to compare these figures against homonym
may be located in the same cache line. We were unable tocounts for standard English text. We analyse the list of 400
find any example homonym suffixes from a simple manual common nouns in Ogden’s Basic English [37] and find that
inspection of the benchmark source code. the mean number of homonyms per noun is 5.74. The mean
We used WordNet to analyse the potential homonyms in value for suffix names in the benchmarks is mostly lower
the suffixes. As before, WordNet provides a conservative than this, so it seems that homonymy is less of a problem
overestimateof homonymy since it only gives polysemy in programming languages than in English natural language.
count i.e. it lists all the meanings for a word. When such (More investigation is required to confirm this.) Note in Fig
meanings are related then they are not true homonyms. Weure 22 that the mean number of homonyms increases as the
could guess that such objects should probably have similarallocation threshold increases. This is mostly due to tlie su
lifetime characteristics. This requires further inveatign fix String being most prolific, and having polysemy count
and confirmation. of 10 in WordNet. However these uses are related, there-
Figure 21 indicates the number of suffixes for each bench- fore they are not true homonyms. In computer programs,
mark, and how this number changes when we only considerString generally has a single meaning (character string).
suffixes above a certain allocation threshold. While thege ar It has been postulated that in natural language, when a word
a large number of suffixes in general, only a few prolific suf- is a homonym, one of the multiple meanings is much more
fixes need to be considered at higher allocation thresholds.likely than any of the others. This may also hold for pro-
Figure 22 shows the mean number of homonyms per suffix, gramming languages.
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Figure 20. Level of agreement between synonyms in various DaCapo besiiis

Implications for Optimization: The problem of homonymy 6. Related Work
is potentially_ much more §eri_ous than synonymy. Whereas 6.1 Object Lifetime Prediction
synonymy simply results imissedoptimization opportu- o o ] o o
nities, homonymy can cause some objects to be incorrectIyThe majorlty of existing object lifetime prediction schesne _
optimized and thus degrade performance. This scenario oc-2r€ Site-based [26, 27, 19, 38, 16]. The scheme presented in
curs if we see a word with one homonym meaning in the this paper is type-based. We review some other type-based

training phase, and with a different homonym meaning in Schemes [25, 39, 40] in detail below.
the testing phase. The only sensible work-around for this ~Huang etal [39] describe a dynamic type-based pretenur-

problem is to use runtime feedback mechanisms to enable o9 Scheme for Java programs implemented in Jikes RVM.
disable suffix-based optimizations adaptively. For each object type, the VM records awerage survival
ratio, computed from the numbers of nursery allocated ob-

jects and promoted objects of that type. This ratio is uptiate
at the end of each GC phase. When new objects are created,
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the VM checks whether the average survival ratio for this nificant performance improvements. Our type name suffix

type is above a threshold (heuristically set to 70%). If so, scheme should be an ideal framework for this optimization.

then the object is pretenured. They claim a maximum GC ) )

time reduction of 37%. However they only study a small set 6-2 Automated Information Extraction from

of benchmarks. They evaluate their scheme using the non- Identifiers

optimizing runtime compiler in Jikes RVM. This compila-

tion inefficiency may inflate their performance figures.
Shuf et al [25] introduce the notion gfrolific typesto

To the best of our knowledge, no existing GC algorithm uses
semantic information encoded in human-generated program-
ming language identifiers. As stated in Section 1, the system

characterize those relatively few object types that actoun
for a large proportion of heap allocation activity. Based on
offline analysis of object lifetime traces for an extensieé s

of benchmarks, they propose the prolific hypothesis: object

community appears reluctant to take advantage of this fuzzy
information.

The most active research areas for semantic information
extraction aresoftware maintenancandreverse engineer-

of prolific type die younger than objects of non-prolific type
They present &ype-based garbage collectisystem imple- sentative examples.
mented for Java programs in Jikes RVM. They segregate ob-  Biggerstaff et al [42] show how source code identifier
jects into two different spaces. The P-space is for prolific names can be used to build up a sghmfigram conceptthat
objects, the N-space is for non-prolific objects. No objects encapsulate high-level design issues in a system. Their con
are ever copied between spaces. The P-space is analogous tept assignment process is grounded in artificial intetlige
the nursery space in generational collectors, since itlis co techniques. Once identified, the concepts are useful for pro
lected more frequently than the N-space due to a higher allo-gram comprehension, documentation recovery, specifitatio
cation rate. Their aim is to improve GC performance by re- reverse engineering and refactoring.
ducing both the need for inter-space write barriers and also  Lawrie et al [43] analyse variable identifier names in
the likelihood of short-lived objects polluting the spade o large programs written in various imperative and object ori
long-lived objects. This type-based GC scheme gives an av-ented languages. They aim to measure consistency of vari-
erage reduction in GC time of 7%, compared to the standardable names (which is related to the problems of synonymy
generational setup. and homonymy outlined above). They also use the WordNet
Marion et al [40] have a hybrid approach that incorporates tool to aid semantic analysis. They also conclude that pro-
types and sites. Each allocation site belongsdowacetype, gramming languages have a more limited use of vocabulary
which is the class containing the method in which the allo- than natural languages.
cation occurs. Each allocation site creates an object with a  Anquetil and Lethbridge [44] evaluate the relevance of
destinatiortype, which is the concrete type of the newly cre- Pascal record identifier names in a legacy telecoms applica-
ated object. They associate a set of general-purposm- tion. They provide a framework to assess whether a program
patterns[41] with each class, based on its static properties. naming convention is reliable for use in program compre-
Thus they can match each allocation site with a set of micro- hension and reverse engineering tools.
patterns for the source and destination types at that diey T
profile a large number of standard Java benchmarks to build7, Conclusions
up an object lifetime knowledge base. Then they apply data
mining to create a set of rules that associate allocati@n sit
micro-pattern sets with object lifetime predictions, whawe ~ This paper has demonstrated the importance of type name
used for pretenuring optimizations. They demonstrate per- suffix information. Extraction of information from meaning
formance gains between 6-77% in GC time over a standardful identifiers is generally neglected in systems optimarat
generational copying collector in Jikes RVM. We have shown that it can be used for object lifetime predic-
The crucial advantage of our scheme is that we gener- tion within and across programs. We have presented exten-
alize object type names by processing the type name suf-Sive analysis to justify this claim, together with prelirany
fix only. We present offline analyses to show that this is OPtimization implementations for both short-lived andden
a valid assumption. It enables our scheme to operate on dived objects.
wider range of types, including those in previously unseen
programs. In addition, simple type name string comparisons
are cheaper to analyse at runtime than rules based on sets clavish reliance on human-generated identifier names has
micro-patterns. At present, we are only using the objeet lif limitations. There are often problems caused by inconsiste
time predictions to optimize allocation of long-lived objg ~ cies in naming conventions and coding styles. Sneed [45]
via pretenuring. The idea of retaining short-lived objénts  claims that many programmers use their girlfriends’ names
nursery is most appealing. Shuf et al [25] show that opti- as identifiers in COBOL programs. We hope this convention

mizing the allocation of short-lived objects also leadsige s IS not carried over to Java programs. An additional compli-
cation is that Java uses Unicode identifiers, so any natural

ing. These are large fields, so we only present a few repre-

7.1 Summary

7.2 Limitations
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language from Kurdish to Klingon is permissible. These is- [7] Kim, S., Pan, K., Whitehead Jr, E.: When functions change
sues may reduce the applicability of our new technique. Ob- their names: Automatic detection of origin relationships. In:
fuscated code also presents a problem, since identifiers may =~ WCRE. (2005) 143-152

be mangled. However, in all these cases type name identi- [8] Caprile, B., Tonella, P.: Nomen est omen: Analyzing the
fiers for VM and library types should be preserved, so these language of function identifiers. In: WCRE. (1999) 112-122

could still be optimized. [9] Jones, R., Lins, R.: Garbage Collection: Algorithms for

Automatic Dynamic Memory Management. Wiley (1996)

7.3 Future Work
So f h | imized . | . | [10] Blackburn, S., Jones, R., McKinley, K., Moss, J.: Beltway:
0 far we have only optimized a conventional generationa getting around garbage collection gridlock. In: PLDI. (2002)

collector. We aim to evaluate the potential of object lifeti 153-164
prediction in other age-based garbage collection schemes
such as oldest-first collection [46] for which the predintio aware. In: Implementation, Compilation, Optimization

of a range of obj_ect lifetimes Wi”_be _beneficif_il. of Object-Oriented Languages, Programs and Systems
Further work involves extracting information from other (ICOOOLPS'2006). (2006)

parts of type names, rather than just their suffixes. Most . . .

Java type names have the form (adjective)* (noun)+. So far [12] Jones, R.: Dynamic memory management: Challenges for
I Vi he | h e today and tomorrow. In: Proceedings of the International

all our analysis cqncentrates on the gst noun. There is no Lisp Conference. (2007) 115-124

sound basis for this, other than sheer intuition. It would be 13

useful to discover whether other parts of name correlate wit [13]

Ilrf]etlpe, o(rj.WIth oth;er predictable propetr)tlets]. l\/\?elfgelttha Proceedings of the First ACM SIGSOFT/SIGPLAN Software
the first adjective of a type name may be helpful in some Engineering Symposium on Practical Software Development
circumstances. This extended analysis may also be relevant  environments. (1984) 157-167

. t .
for other programming languages, such as C++, which have [14] Lieberman, H., Hewitt, C.: A real-time garbage collector

less rigorous namlng_ conventions than Java. . based on the lifetimes of objects. CACR6(6) (1983) 419—
It would be possible to data-mine large online open- 429

source code repositories for type name information. Extend [15] Baker, H.G.. Infant mortality and generational garbage
ing this idea, it would be appealing to have online reposito- ML ae ! 9
ries of GC traces for pretenuring research. In additionheac collection. ACM SIGPLAN Notice8(4) (.1993) °5-37 .
local JVM should maintain a continously updated, long-term [16] Cheng, P., Harper, R., Lee, P.: Generational stack collection

'[11] Jones, R., Ryder, C.: Garbage collection should be lifetime
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