Online Performance Auditing:
Using Hot Optimizations Without Getting Burned

Jeremy Lau Matthew Arnold Brad Calder
University of California, San Diego Michael Hind University of California, San Diego
IBM T.J. Watson Research Center IBM T.J. Watson Research Center calder@cs.ucsd.edu
jI@cs.ucsd.edu {marnold,hindm}@us.ibm.com
Abstract Therefore, developing a compiler involves tuning a number of heuris-

6%? to find values that achieve good performance on average, without
%'gnificant performance degradations.
Today's virtual machines (VMs) perform sophisticated online

As hardware complexity increases and virtualization is added at m
layers of the execution stack, predicting the performance impact
optimizations becomes increasingly difficult. Production compiler, . LY S o
and virtual machines invest substantial development effort in perf&%—edback'd'recmd optimizations, where profile information is gath-
mance tuning to achieve good performance for a range of ben@ﬁ?d during the execution of the program and immediately used dur-

marks. Although optimizations typically perform well on average!'d thé same run to bias optimization decisions toward frequently
they often have unpredictable impact on running time, sometimg&ecuting sections of the program. For example, many VMs capture
degrading performance significantly. Today's VMs perform sophi asic block counts during the initial executions of a method and later
ticated feedback-directed optimizations, but these techniques do 1ot t”h's m_formalt_lo_n to b'ai o([j)tm}l_zatlons fjuclh as codefl?)yout,hregls-
address performance degradations, and they actually make the sitgh@/ocation, inlining, method splitting, and alignment of branch tar-
tion worse by making the system more unpredictable. gets [6]. Although these techniques are \_Nldely use_d in today’s high-
This paper presents an online framework for evaluating the df€rformance VMs [42, 50, 1, 33, 25], their speculative nature further
fectiveness of optimizations, enabling an online system to automircreases the possibility that an optimization may degrade perfor-

ically identify and correct performance anomalies that occur at ru%‘%nncgeeisf éﬁﬁn‘gfﬂscﬂﬁganwas incorrect or if the program behavior
time. Thi k th fi f tal shift in th o : .
'me is work opens the door for a fundamental shift in the wa The empirical search community [9, 22, 55, 43, 31, 38, 52, 17,

optimizations are developed and tuned for online systems, and . N
allow the body of work in offline empirical optimization search t '.53] takes a (_jlfferen_t approach Eoward optimization. "Rather than
ing the compiler to find the best “compromise setting” to be used

be applied automatically at runtime. We present our implementati#;lH1 - .
and evaluation of this system in a product Java VM or all programs, they acknowledge that it is unlikely any such set-
' ting exists. Instead, the performance of various optimization settings,

Categories and Subject DescriptoreD.3.4 [Programming Lan- such as loop unroll factor, are measured on a particular program, in-
guage¥ Processors—Optimization, Run-time environments, Conput, and environment, with the goal of finding the best optimization
pilers, Code generation strategy for that program and environment. This approach has been
very successful, especially for numerical applications. Architectures
and environments vary greatly, especially for Java programs, and tun-
Keywords Virtual machines, Feedback-directed optmizations, Jawag a program’s optimizations to its running environment is critical
for high performance.
1. Introduction The majority of the empirical search has been perforoffithe

. oo ) With the rich runtime environment provided by a VM, it becomes
The goal of a compiler optimization is to improve program perfolyossiple to perform fully automatic empirical searshline as a
mance. Ideally, an optimization would improve performancealor rogram executes. Such a system could compile multiple versions
programs, but some optimizations can also degrade performancedpgach method, compare their performance, and select the winner.
some programs. Thus, it is sometimes acceptable for an Opt'm'?at%mples of such an online system are the Dynamic Feedback [21]
to improve performancen averagepver a set of programs, even if agnq ADAPT [54] systems, and the work by Fursin et al. [24].
small performance degradation is seen for some of these programshe most significant challenge to such an approach is that an on-
This often leaves aggressive optimizations, which can produce syRg system does not have the ability to run the program (or method,
stantial performance gains and degradations, turned off by defaul%_) multiple times with the exact same program state. Traditional
production compilers because it is difficult to know when to choosgypirical search, and optimization evaluation in general, is per-
these optimizations, and the penalty for a wrong decision is higlymed by holding as many variables constant as possible, includ-
ing: 1) the program, 2) the program’s inputs, and 3) the underlying
environment (operating system, architecture, etc.). In an online sys-
tem, the program state is continually changing; each invocation of
a method may have different parameter values and different global
program state. Without the ability to re-execute each optimized ver-
© ACM, (2006). This is the author's version of the work. It ission of the method with the exact same parameters and program
posted here by permission of ACM for your personal use. Not fetate, meaningful performance comparisons seem impossible. Previ-
Redistribution. The definitive version was published in Conferenggys online systems [21, 54, 24] do not provide a solution for general
on Programming Language Design and Implementation. optimizations to address the issue of changing inputs or workloads
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during the comparison. Because of this challenge, today’s VMs matkeit ensure methods larger than a certain size are never inlined; this
no attempt to apply any form of empirical search at runtime. simple rule can be considered an implicit performance model that
In this paper we present a technique that overcomes the challepgedicts a lack of benefit (or potential performance decline) from in-
of evaluating the performance of multiple versions of an optimizdihing large methods.
method online in a production VM. The contributions of this work Most optimizations that use profiling information (often referred
are to as feedback-directed optimization, or FDO) still employ a model,
. _ whether explicit or implicit. Although feedback-directed optimiza-
* a framework for a low-overhead completely automatic onlingons observe dynamic information, they generally do not measure
system that evaluates the effectiveness of optimizations, dea'ﬁ\%gram performance directly (wall clock time, etc.), but instead

with changing program state; measure a dynamic metric, such as basic block frequencies or method
» an offline feasibility study demonstrating the robustness of thavocation frequenciesThese dynamic metrics are then used as in-
statistical technique used in the framework; put to the optimization’s model (usually an implicit model) to pre-

¢ an online implementation of the framework in a production Ja ; L .
: : . : : S quently-executed basic blocks close to each other will improve in-
VMand an evaluation ofits effectiveness in an online setting; a struction cache performance, which will improve bottom-line perfor-
» a sample client that demonstrates the potential performance imance. Optimizations are designed to assume that branch predictors
provements of using the framework. will predict forward and backward branches in a certain way.
. . . N Although performance models are often effective, they do not al-
__Our techniques allow for online empirical optimization, greatly, ,. ¢ correlate with bottom-line performance. This results in perfor-
improving the ability of runtime systems facrease performance oo degradations, which are common in a compiler's highest op-
andprevent degradations _ . timization levels. Section 2.2 provides empirical examples. Heuris-
The paper is organized as follows. Section 2 provides backgroufit »re often tuned extensively to avoid performance degradations,
and additional motivation for this work. Section 3 introduces oYl ting in compromise settings that are not the best in any one con-
approach to online performance evaluation. After describing Oﬂ;}uration.

methodology in Section 4, Section 5 presents an offline feasibility’ one \yay o address the shortcomings of performance models is
study that demonstrates the potential efficacy of this work. Section $efine the models to more accurately predict performance, but we

describes our online implementation and evaluates it using a sSimBlQiave this is an impossible, never-ending task.aspects of the
client. Section 7 discusses lessons learned from this work. Sectiog cution stack must be corr’ectly modeled inclljding the operating
describes how this work compares to related work and Sectionyggiem ‘the hardware architecture and implementation, and even the

concludes this paper. compiler itself, as one optimization may interfere with another down-
stream optimization. With the current trend of adding more levels of
2. Background complexity and virtualization to all levels of the execution stack, the

This section presents further motivation and background for tHioPlem will only become more difficult as true performance con-
work. Section 2.1 discusses two different approaches to performatif&les to diverge from the predictions of any model. Ten years ago
tuning of optimizations: modeling and measuring. Section 2.2 pri-Was not such a daunting task to model the performance impact of

vides empirical evidence to motivate why online performance evallistruction scheduling; on today's hardware it is nearly impossible.
ation is important. We advocate empirical search: to acknowledge that performance

will be hard to model and predict, and to develop mechanisms that
2.1 Why Modeling Is Not Enough more directly detect performance mispredictions and react appropri-

In a traditional optimizing compiler, every transformation (or optifﬂely'

mization) is fundamentally a performance prediction. For examplg,» Examples to Motivate Searching the Optimization Space

redundant load elimination makes the seemingly obvious predictiorl]l_ . . . -
that removing load instructions will reduce execution time. Ofter] NiS Section provides evidence that demonstrates the difficulty of

performance predictions are based on an abstract metric, with the#@deling the performance impact of optimizations. The first example
sumption that there is a correlation between the metric and bottolfoks at the effectiveness of optimization levels of a JIT compiler,
line performance. As another example, compilers often attempt39d the second example looks at the effects of changing inlining

minimize the number of instructions executed along the critical patA€Uristics.

relying on the assumption that fewer instructions results in faster &sperimental Setup To motivate our work, we modified IBM’s J9
ecution. ) o JIT compiler to read the hardware cycle counter on entry and exit
Some of the compiler’s performance predictions are que expligit selected program methods to measure the total number of cycles
through the use of performance modeExamples of compiler op- spent in a given method (further details on this methodology are de-
timization that have used explicit models are inlining, instruction s€gribed in Section 4). This infrastructure allows us to evaluate the
lection, instruction scheduling, and register allocation. Inlining moq’mpact of optimizations on individual methods in the application. To
els the cost of an inlining decision (code growth, resulting in instrugyajuate the quality of the code produced by the compiler, these ex-
tion cache pressure) weighed against its benefits (reduced call O¥ffriments measurgteady-state@erformance, which is a configura-
head and increased analysis scope); instruction selection modelsiik\ of the benchmark that excludes the early execution of a program
cost of choosing various instructions; instruction scheduling modegls,en all (dynamic) compilation would occur.
the instruction pipeline, the latency of instructions, and architectural gqor the remainder of the paper, we focus on what we will refer
hazards; and register allocation models the cost of spilling a regisigf.as thehot methods of the benchmarks (further details about the
Implicit modelsare more prevalent than explicit models. Theyenchmark suite and our selection of hot methods are presented later
dozens of transformations and heuristics used throughout a compjlegection 4). In our 20 benchmarks, there are 101 hot methods.
make performance predictions based on an implicit model. The com-
piler writer may not have explicitly formulated, or even fully under notable exceptions include the work of Adl-Tabatabai et al. [2], where
stood the model, but it is still inherently hard-coded into the optinformation from hardware performance monitors is used to trigger dynamic
mization. For example, many compilers contain an inlining heuristiptimizations.

\Ag‘ict performance. For example, it is widely assumed that placing
i
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Figure 1. Per-method performance impact of moving from optiFigure 2. Per-method performance impact of expanded inlining
mization level 4 to level 5. heuristic.

Optimization Levels Most compilers group optimizations intev-
els where higher levels provide better performance at the cost thireshold that limits the size of a callee that can be considered for
higher compilation time. In a JIT setting, a particular level is chosénlining; thus the new heuristics allow inlining to be performed for
whenever a method is compilédThe J9 JIT has five such levels,substantially larger callees. Figure 2 shows the performance of the
which we will refer to as O1-05. new threshold relative to the original inlining thresholds, for the hot
We used our timing infrastructure to compare the performanoeethods in our benchmarks. As in Figure 1, each bar represents a
of the two highest levels: O4 and O5. On average, across the emethod, and thg-axis reports the percentage speedup with expanded
tire benchmark suite, level O5 improves performance by 1.5% oviatining thresholds. As in Figure 1, the impact of expanded inlining
level O4 with a maximum improvement of 12.5%, and does not sigaries greatly among methods. On the right side of Figure 2, we see 7
nificantly degrade performance for any benchmark. However, wherethods that improve by over 10%, 4 of which are over 20%. On the
measuring performance of O4 versus O5 for individual methods, thedt side of the figure, there are 5 methods that degrade by over 10%,

results vary substantially. with 2 larger than 20%. Reducing the inlining thresholds produced
Figure 1 compares the performance of O4 and O5 for each sifmilar, inconsistent performance across the set of hot methods.
the 101 hot methods. Each bar represents a method, andakis These large variations are a compiler writer's nightmare, because

reports the percentage speedup of O5 over O4 (higher means thathigher threshold offers great promise, but also runs a significant
O5 is faster). As is typical in compiler optimizations, the highesisk of performance degradation. However, the variations illustrate
level (O5) offers substantial speedups for a small number of methatie potential for a technique that can automatically find the tuning
(more than 10% speedups for the 5 rightmost methods), with modeatues that give performance improvements, while avoiding those
effects on most of the methods. values that degrade performance.

However, level O5 actuallgegradegperformances relative to O4
for about a third of the methods, and the leftmost method is degraded
by 21%. This result is not a byproduct of a poor performing JIB. The Performance Auditor
compiler; J9 performs competitively with industry leading JVMs and o )
substantial time and effort has gone into tuning its optimization leveldVis section introduces thieerformance Auditgra framework that

to maximize performance. The results are an inevitable byprodigtables online performance evaluation. The framework tracks the
of tuning compiler heuristics for thaveragecase, and evaluating Pottom-line performance of multiple implementations of a region of

performance at the program level. We expect that this result can¢¢le to determine which one is fastest. The analysis is performed
reproduced with any optimizing compiler. online: as the application executes, performance evaluations are done

and the results are immediately available. No offline training runs or

Method Inlining  Our second study looks at a specific optimizatiorhardware support are required.
method inlining. Conceptually, method inlining has a fairly clear As further described in Section 6, this work uses method bound-
cost-benefit model. The potential benefit of inlining is the perforries to delimit code regions (as is common in virtual machines) and
mance gained by removing call overhead, and optimizing the callEeuses on comparing only two versions of each method at a time;
in the context of the caller. The potential cost of inlining is a dehowever, the ideas presented are not limited to these design choices.
crease in instruction cache locality, and increasing the pressureWa refer to the process of identifying the faster method variant as
downstream optimizations such as register allocation. These perfarperformancéakeoff The component that requests and uses the
mance effects are nearly impossible to predict accurately, so the inlioakeoff results is called thaient
ing component in optimizing compilers typically contains dozens of A client of our framework is responsible for 1) providing the alter-
heuristics and ad-hoc tuning knobs. These heuristics are often tumedive optimized implementations of the code region to be compared
on large benchmarks suites to find values that work well, on averagred 2) deciding what action to take with the outcome of the bake-
for these benchmarks. off. One example client of this framework is to evaluate aggressive

To demonstrate the difficult task of predicting the performanagptimizations that significantly improve performance for some code
of method inlining, we expanded one of the heuristics substantialtggions, but degrade performance for others. By using our frame-
and evaluated the impact. For this experiment we quadrupled therk, one can identify the performance degradations and revert to

the original implementation. Another example client could empiri-

2Because of Java’s dynamic nature, traditional static interprocedural analy@@ly search the tuning space for important optimization parameters,
is not performed because the complete call graph for the program’s executistch as the inlining thresholds described in Section 2.2, and choose
is not known until the program terminates [27]. the parameter that gives the best performance.
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Figure 3. Performance Auditor Overview mtrt [48] 853 76 4

phase [40] 450 31 2

pmd [51] 2030 128 4

Our solution has two components: 1) a technique to collect execu- ps [51] 946 75 3

tion times of an implementation of a code region, and 2) a statistical soot [46] 2061 235 4

mechanism to determine which set of timings is fastest. xalan [51] 2108 171 5

Figure 3 presents a high-level view of our approach. The client xerces [S6] 521 36 8

providesN optimized versions of the code region to evaluate. The

key idea is to randomly select one of these implementations when- Table 1. Benchmark suite

ever the code region is entered, and record the amount of time spent.

As the program executes, timings for each implementation are col- . .
lected for later analysis. work performed by the code region. If the code region performs

The second component of our framework analyzes the collect@gonstant amount of work on each invocation, a small number of
timings to determine which is fastest. The biggest challenge is trRgMPles will be needed to conclude that the performance qlﬁeren_ce Is
the executions most likely occur with different program state (pg__tatlspcally significant. As the variance of the code region’s running
rameters and/or memory values). This implies that the different i{l€ increases, so does the number of samples needed before a
plementations of this code region could have taken different patR@nfident conclusion can be made. o
and operated on different data during their executions. For example, " this approach to succeed, we must ensure that our timings do
a particular execution of versioA of the code region may run for not c_or_relate with program behavior, becau_se correlations can bias
less time than versiof of the code region, not becausehas a the timings for one version of the che region. If there are no cor-
better implementation, but because an argument to the method F@lgtions, we should be able to identify the performance differences
a value that resulted irl doing less work. For example, if the code2MOng the versions after enough samples are collected. .
region is a sorting algorithm, versioh may have been invoked with . S€ctions 5 and 6 explore this concept in more detail. Section 5
a list of 10 elements, while versiaB was invoked with a list of size Investigates the feasibility of our hypothesis through an offline study,
1,000. and Section 6 describes the online system.

We overcome this challenge by leveraging the law of large num-
bers. Specifically, as the framework accumulates more timing safh- Methodology

ples for versionsd and B, variations in timings will be evenly dis- the experiments in this paper were performed using a development
tributed to the two versions if the versions are selected randomly\}@;sion of IBM’s J9 VM and its high-performance optimizing JIT
avoid any correlation with the program’s natural behavior. Given th&)mpiler [25]. The VM was run on a Pentium 4 3.0 GHz machine
timing data, the framework performs a statistical analysis and cqgi 2 processors and 1 GB RAM running Linux. We use a suite of
cludes which version is faster, with some degree of confidence. >4 henchmarks composed of the complete SPECjvm98 benchmark
Our system decides which versia# ¢r B) is faster by averaging ¢ite [48], the SPECjbb2000 benchmark [47], and several other Java
the timing samples for each version. By comparing the averages, lications, including seven of the DaCapo benchmark suité.[51]
system can determine which version is faster, but the compariso le 1 reports the number of methods execdtag. well as the
meaningful only if there are enough timing samples. To check if thefg .| ize (in KB) of all bytecodes executed for eéch benchmark.

are enough samples, we define a confidence metric that calculate e numbers report dynamic metrics, i.e., they are based on what
probability that the actual performance difference between versio@s,,«cuted. not what could be executed.

A and B is consistent with the observed performance difference In The last column gives the number of “hot’ methods for each

the timing samples from versionsand 3. benchmark. We define the hot methods as methods that consume

To calculate our confidence metric, the mean and variance is cogy . -
- ' ; ough cycles to be selected by J9 for aggressive feedback-directed
puted for each set of timings. Then the absolute difference betw: ugh cy y 99 v ,

h A B d th ) f the diff e(?ﬂimizations. For these methods, J9 first performs an additional
the meangmean(A) — mean(B)], and the variance of the differ- . iation to instrument the method for profiling, then optimizes

ence between the meaﬁ@% + %ﬁff’ is computed. the method at one of the two highest optimization levels (04 or O5).
This computed mean and variance define a normal probability dis- To collect timing samples for a compilation of a method, we use
tribution, and our confidence value is computed by integrating thife Pentium 4's Read Time-Stamp Counter (RDTSC) instruction.
distribution from 0 tacc. We use the absolute difference between thghe RDTSC instruction reads the processor’s 64-bit cycle counter
means, which is always positive, so this confidence value is the prob-
ability that the difference between the means for the entire dataset e development version of the VM that we used did not run the remaining
consistent with the difference between the means for our samplesthree benchmarks from the DaCapo suite.

The number of samples needed before a confident conclusion éaumber of methods executed includes all Java methods (including library
be made is directly correlated with the variance in the amount oiethods) executed by the JVM while loading and executing the application.




and stores its value in a register. Method entry is instrumented to 359

o 4

read the cycle counter and store the cycle count in the method’s stack 10 samples —+—
frame. Method exit is instrumented to read the cycle counter again, 30% ¥ ~ 100 samples -
1000 samples -3

subtract the current cycle count from the cycle count on the stacks o5, 10000 samples =&k 1
>

and store the difference in a circular buffer. 2
This methodology measures the total time that the method wag 20% ¥. Sy o

active on the stack to ensure fair comparisons in the presence & 15% } ez

changing inlining decisions. Measuring only time spent in the instru-g

mented method (excluding callees) would produce incorrect results 10%

in the presence of method inlining. 5% fei

5. Offline Convergence Study 1% 2% 3% 4% 5% 6% 7% 8% 9% 10%
This section presents an offline feasibility study that demonstrates Speedup introduced

the potential efficacy of this work. Section 5.1 describes how timi
samples are collected and used to evaluate our approach. Sectio
considers using a fixed number of samples, and shows that thous
of samples are needed to accurately detect speedups during a bakeoft.
Section 5.3 then shows that our confidence analysis can be used
to correctly detect a performance difference between two different

compilations of the same method. Figure 4 shows that a large number of samples must be collected
5.1 Experimental Setup to detect small speedups, and fewer_ samples are needed to detect
] ) larger speedups. For example, to reliably detect a 2% speedup, we
Our goal is to determine how many samples are needed to acded at least 10,000 samples, but 1,000 samples are adequate to
rately detect a performance difference between two compilations @tect a 10% speedup. The results show that we can detect both large
a method. To quantify this, we time each invocation of each hghq small speedups if we always collect 10,000 samples, but we need
method. We use these timings to represent two hypothetical impig-only collect that many samples to detect small speedups — 1,000
mentations of the hot method. For a hot method, half of the samplegmples can detect a 10% speedup in an order of magnitude less time,
are randomly assigned to séfand the other half to sé¢, and each \yith only 0.4% additional mispredictions. This motivates a statistical
sample in sef3 has an artificial speedup of % applied to each of 5pproach that can efficiently detect both large and small speedups by

its samplesA and B then represent two potential implementationgglecting only as many samples as needed, which we examine next.
of that methodA is the baseline, an®® is an optimized version that

runs exactlyX % faster. We can then determine how many sampless .
are needed to recognize thatis faster tham. -3 Statistical Approach
For this analysis, we gather method timing samples for the h@fe now evaluate our confidence-based technique described in Sec-
methods in each benchmark. For these experiments we stop gattien 3 to predict if B is faster thand. We start by establishing sets
ing samples for a method if the method has run for 2 minutes of CRind B, as described above.
time. After collecting a set of method invocation timings, we sortthe To determine the number of samples necessary to confidently
timings and eliminate the highest 10%. This filters out noise intr@redict a performance difference betwedrand B, we first set a
duced by garbage collection or context switches. Next, we randondynfidence threshol& % (80% and 99.99% in this study). We run
divide our pool of timing data into two disjoint setd @nd B), each our experiment by adding samplesAé from A, and toB’ from B
containing half of the timings collected, and we artificially decreaamtil we areZ% confident in our performance prediction, based on
each cycle count in sé® by X %. the formulas in Section 3.
. We start with 100 samples each itf and B’, and perform the
5.2 Fixed Number of Samples confidence evaluation. If the confidence is not above our threshold,
Prior online systems that performed a bakeoff between different come add 100 more samples to botth and B’, and repeat. We con-
piler optimizations took either one [21, 54] or two [24] timing samiinue increasing the size of the subsets until the confidence is above
ples for each optimized version of the code. These systems detaur threshold. When we perform these experiments, we may run out
mined which version was faster based on that sample. In our mafesamples before we reach our confidence threshold. When this hap-
general setting, we found that thousands of samples are needegens, we report that the method did not converge, and we cannot
accurately determine which version is better with our workloads. make a performance prediction. We repeat each convergence experi-
To show this, we experiment with a simple approach that takesent 100 times with different random seeds and average the results.
a fixed number of samples and decides which is faster. We use theWhen we are confident that we can predict a performance differ-
setsA and B as described above, and we randomly select a fixednce, we report the time to converge, which is the sum of the cycle
size subsetd’ of A, and a equally sized random subggtof B. counts in subsetd’ and B’. For these confident predictions, if we
We then compute the means of the times in subdétand B’, and (incorrectly) predict thatd is faster than3, we report a mispredic-
if the mean forB’ is less than the mean fot’ we report a correct tion. If we run out of samples before we reach our confidence thresh-
prediction. If not, we report a misprediction. To reduce noise due tdd, we report that the experiment did not converge.
our use of randomness, we repeat each experiment 100 times withFigure 5 shows the percentage of experiments that converged
different random seeds and average the results. when an artificial speedup is introducedih The y-axis shows the
Figure 4 shows the number of mispredictions when 10, 100, 10Qi&rcentage of hot methods for which we generated predictions for
and 10000 samples are used f&t and B’. The z-axis shows the the two confidence levels examined. Thery+exit results use the
speedup introduced in s&, and they-axis shows the percentage ofper method timing, and thgieldpoints results will be described
experiments in which we incorrectly predict thatis faster thanB.  shortly. These results show that it is more difficult to detect smaller
For this graph, we use method invocation timings, as described in $§geedups in 2 minutes of CPU time for our hot methods, if high
prior section. confidence is desired.

N I%re 4. Misprediction rate for a simple sampling approach in
ith a fixed number of method invocation (entry+exit) timings are
cted, for various amounts of introduced speedup.
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Figure 5. Convergence rate for our statistical approach. This pl&tigure 7. Time to converge. This plot shows the number of cycles

shows the percentage of hot methods for which we generated confeded to make a prediction. This graph includes experiments that

dent predictions, given our sampling limit of 2 minutes of CPU timéid not converge, and for those experiments, it shows the amount

for each method. of time spent in the experiment before giving up, which is a lower
bound on the convergence time.

0.6% entr)’+e'><!t 9999% conf —+— pended to perform a virtual machine service, such as garbage collec-
0.5% entry+exit+yi2k§[)"(;'iﬁtxs't gg-ggoﬁ ggﬂlf ff_fi';jfff 1 tion. The compiler inserts yield points on loop back-edges, so this
8 o entry+exit+yieldpoints, 80.00% conf &1 approach approximates collecting timing samples for each loop iter-
2 04% ation. If a hot method is infrequently invoked, that method is most
é 0.3% F likely spending a lot of time in loops, which we can measure by tim-
s K ing between yield points.
o 0.2% Figures 5, 6, and 7 show results with yield-point timings. These
. results suggest that collecting many timings per method invocation
0.1% by instrumenting yield points reduces false positives as well as the
0% Ky i ) S ™ S ) time to converge, making it an attractive option. However, this offline

1% 2% 8% 4% 5% 6% 7% 8% 9% 10% studywas conducted with simulated speedups applied to method tim-
Speedup introduced ings. Collecting yieldpoint timings when comparing differently opti-
- — - mized versions of code is more challenging, as it requires keeping the
Figure 6. Incorrect predictions. This plot shows the percentage §feldpoint placement consistent in both optimized versions. For ex-
hot methods in which we (incorrectly) predict thatis faster than ample, if inlining occurs in the method being timed, it may inline ad-
B. Resullts are averaged over converged methods. ditional yieldpoints into the method, resulting in more frequent sam-
ples. If any instructions can be identified uniformly in both optimized
. . ) . . version of the code, they would be candidates for timing instrumen-
Figure 6 shows the percentage of experiments in which we inCktion. A second problem is that instrumenting frequently executed
rectly predicted thatl was faster tharB. The results in this figure jhsiryctions, such as loop branches, can introduce more overhead in
and figure 5 show the tradeoff between the number of accurate pig-qonjine system. Careful engineering can be used to reduce this ef-
dictions and the number of confident predictions. As expected, iNC@Eet, such as timing groups ¥ yieldpoints, instead of timing each
rect predictions occur more frequently when speedups are small. temporally adjacent pair of yieldpoints.
Figure 7 shows the number of cycles needed to detect a perfor-gor the remainder of the paper we use method invocation timings
mance difference. Thg-axis shows the total amount of time needegith method entry and exit instrumentation, even though more time
to make a confident performance prediction. For experiments thatheeded to make a prediction. Collecting timing samples between

did not converge, we use the total time spent before giving up. {fjs|q points is a promising approach with challenges that we leave to
other words, this graph includes experiments that did not convergey re work.

and for those experiments, it shows a lower bound on the conver-

gence time. The results show that it takes significantly longer to dg- . .

tect small speedups than large speedups. The results also show that Online Performance Auditor

by adjusting our confidence threshold, convergence time can be flihis section describes the implementation of the online system. Be-

ther reduced by sacrificing accuracy. fore describing the system, we summarize some relevant background
) ) ] o on adaptive optimization in virtual machines. We then present our
5.3.1 Using Yield Points for Timing implementation, which is composed of two parts: 1) a dispatch mech-

We also consider collecting timing samples at every loop branciism to select which version of code to run, and 2) a background
Collecting one timing sample from each method invocation workgread to process and analyze the timing data collected. This is fol-
well for methods that are invoked frequently, but infrequently inlowed by an empirical evaluation of our online technique with a sam-
voked methods may pose a problem because they generate tinRigjclient.

samples more slowly, which means it will take longer to detect a per- . L .

formgnce difference)f To address infrequently inv%ked methodsi,:)‘\:};\ge1 Adaptive Optimization in Virtual Machines

consider a scheme in which we collect many timings from a singhdl high-performance VMs use a selective optimization strategy,

method invocation by collecting timing samples between temporallyhere methods are initially executed using an interpreter or a non-
adjacent pairs of yield points. A yield point is a compiler-insertedptimizing compiler. A coarse-grained profiling mechanism, such as
statement that checks if the application needs to be temporarily sosethod counters or timer-based call-stack sampling, is used to find



METHOD ENTRY:

Invocation of sampleCountdown --;
Method M if (sampleCountdown < 0) goto BOTTOM;
l ... body of method M ...
S e St BOTTOM:
timer if (sampleCountdown < (BURST_LENGTH * -1)) {
. // Burst completed. Toggle and reset count
Dispatcher . . - .
Vp ) Version Version toggle = !toggle;
ersion A B sampleCountdown = SAMPLE_COUNT_RESET;
}
1 RS SRR § Stop if (toggle)
timer return invokeVersionA();
else

return invokeVersionB();

Figure 8. Architecture for thedispatcher to select method invoca-
tions for timing. Figure 9. Dispatch logic

hot methods. These methods are then dynamically compiled us

ing. . .
the JIT compiler. |eﬁ|ng the sample counter go negative) the sample counter is reset.

VMs use the JIT compiler's multiple optimization levels to trade?! t099l€ flag is maintained to toggle between optimization versions
off the cost of high-level optimizations with their benefit; when &' @ndB. If more than two versions are being compared, this toggle
gn easily be replaced by a switch statement. All of the counters are

method continues to consume cycles, higher levels of optimizati&h q . id diti d labl
are employed. Some VMs, like J9 [39], will compile the hottestmetri- read-specific to avoid race conditions and ensure scalable access

ods twice: once to insert instrumentation [7] to gather detailed profilg" rfnulti-threaded appk))licatgms. i hanism | di i
information about the method, and then a second time to take advan-f & Puré counter-based sampling mechanism is used, it cou

tage of the profile information after the method has run for sonf'relate with program behavior, and even a slight correlation could
duration. Thus, in modern VMs a particular method may be conskew the timing results. One solution would be to randomly set the

piled many times (with different optimization strategies) during {99!€ flag on each invocation. Instead we vary the sampleCounter
program’s execution. Overhead is kept low by performing such co nd burst length by periodically adding a randomly selected epsilon.

pilations on only a small subset of the executing methods, and oft°ur System we use the VM sampling thread to update these quan-

by compiling concurrently using a background compilation thread tities every 10ms, the fastest interval available in a default Linux ker-
nel, and this is sufficient to avoid deterministic correlations.

6.2 Method Dispatcher

As mentioned in Section 3 we use methods as code regions for e8ch Data processing
performance bakeoff. Thus, we must intercept the method dispatks the method timings are collected, they are written into a circular
for the method being timed\{) so that execution can jump to anbuffer (one per thread). This data is processed by a background
implementation at random. There are a number of ways this couldtheead that wakes up periodically and scans through each thread’s
implemented in a VM. We chose to implement the dispatch as showuffer every 10ms. The processing thread starts from the position
in Figure 8, where a full method body is compiled to act as the dig the buffer where it left off last time, and scans the buffer until it
patcher. The dispatcher method is not timed, but contains a concliiches up with the producer. No synchronization is used, so race
tional test to decide whether a timed method should be executed, aodditions are possible, but dropping a sample occasionally is not
if so, to invoke the correct one. a concern. The system is designed so that races cannot corrupt the
Compiling a full method body for the dispatcher is not necessamjata structures; slots in the buffer are zeroed after being read to avoid
but doing so makes it easy to reduce the overhead of the timirgnding a buffer twice if the consumer skips past the producer.
instrumentation, because only a subset of the calld fump to one While processing the buffer, there are two primary tasks: 1) dis-
of the instrumented versions. In situations where compiling a thimhrd outliers, and 2) maintain a running average and standard devi-
version of the method is not feasible, alternative implementatioation. Outliers cannot be identified by collecting and sorting the en-
could exclude the method body from the dispatcher so it alwagise dataset because this would require too much space and time for
selects one of the timed methods. The dispatch logic could also d® online system. Instead, the system processes the data in smaller
placed at the beginning of one of the timed methods, or inlined at tbbunks of N samples, discarding outliers from this smaller set of
method’s call sites. times. The outliers are identified as the slowkstimes in the chunk.
Figure 9 shows the dispatch method logic. The prologue chediiaintaining the running average and standard deviation is trivial by
a sampling condition to determine if any timed version should Heeeping a running total of the times, as well as the sum of the squares.
executed. We use a count-down sampling mechanism, similar to Our system also requires that a minimum number of samples are
Arnold and Ryder [7]. This makes the fast-path of the dispatcheollected (10,000) before confidence analysis is performed, to ensure
method reasonably efficient, containing only a decrement and chettiat a small initial bias in the program sampling does not lead to
Once the sample counter reaches zero, it jumps to the bottom of theorrect conclusions. Once the sufficient number of data points are
code to determine which timed version should be executed. Thisllected, the confidence function described in Section 3 is invoked
code is on the slow path and can afford to execute slightly moperiodically to determine if the difference between the means is
complicated logic. statistically meaningful. If a confident conclusion is reached, the
To minimize timing errors caused by caching effects from jumpbakeoff ends and the winner is declared; otherwise, the bakeoff
ing to a cold method, the dispatcher invokes the timed methodsdantinues. To ensure that a bakeoff does not run indefinitely, the
consecutive bursts. Once the burstthreshBBRST_LENGTH) system can also end the bakeoff after a fixed amount of wall clock
number of invocations of the timed method has occurred (tracked tiye, or execution time, has expired.
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Figure 10. Per-method overhead of the dispatcher fast-path. No
timing samples are being taken. Figure 12. Performance of the online system using our technique to
guide inlining heuristic selection.

8% 6.5 Inlining Client: Full Online Optimization

7% This section describes our instantiation of a fully automatic online
6% system that uses our framework to improve performance. As de-
5% scribed in Section 6.1, the J9 VM already performs an additional
4% l compilation of the hottest methods to insert profiling instrumenta-

3%
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these hot methods after they have been instrumented. When the bake-
off has completed, if a winner is confidently identified, the winner’s
optimization parameters are used for the final compilation of the
method; otherwise, the VM'’s default behavior is used. We used the
inlining example presented in Section 2.2 as an optimization client,
comparing 1) the original inlining heuristics, and 2) the inliner with
the size thresholds quadrupled.
€N The current system performs only one bakeoff at a time, in the
PBder that methods are selected for instrumentation by J9. If a method
is selected for a bakeoff while another bakeoff is already in process,
it is added to a queue of pending bakeoffs. Multiple bakeoffs could
potentially be performed simultaneously, but we did not experiment
6.4 Overhead with this strategy.

There are three primary sources of overhead for our technique:PBrformance Figure 12 presents the steady-state performance
executing the sampling condition on the fast path of the dispatchachieved by our system. Theaxis presents the benchmarks, and
2) reading and storing the processor’s cycle counter at method erttrg y-axis represents performance improvement relative to the de-
and exit, and 3) processing the timing samples with the backgroufadilt J9 VM. The black bar shows the performance when using the
thread. This overhead is for the infrastructure itself, and is indepesxpanded inlining heuristic fall hot methods; the white bar shows
dent of the optimizations being compared. the performance of the performance auditing system that runs bake-
To quantify the overhead, the online system was configured efis to choose the default or expanded inlining heuristics.
that it constantly performs a bakeoff. Our online system will perform Using the expanded heuristics without auditing resulted in perfor-
one bakeoff at a time, so we evaluate the overhead for each of the Imaince improvements between 5-10% for three of the benchmarks in
methods in our data set (as described in Section 4) independentlyour suite (ipsixgl, phase, and xalan), but large degradations for two
Figure 10 presents the overhead incurred when a large samipbmchmarks (compress and mtrt). When using auditing, our system
interval is used so that effectively no samples are taken. This datas able to achieve most of the performance wins of the expanded
primarily represents the overhead of the fast-path sampling checkhieuristics, while avoiding the significant degradations.
the dispatcher. This overhead is quite low, averaging 0.4%, with all The primary contribution of our work is not the speedup produced
but three methods less than 2%. This result is important becausbyitthis particular optimization client, but the performance auditor’s
shows that the overall overhead of the auditor can be reduced to thigcess in identifying the better-performing version. The most im-
value by lowering the sample rate. Negative overhead is most likgdprtant aspect of this performance result is that the systematid
noise, which is expected when measuring overhead in the rangadefjrade performance measurably for any of the benchmarks in our
1%. suite, which demonstrates the viability of this technique to exploit
Figure 11 presents the overhead when the dispatcher sampldsgh-risk/high-reward optimizations.
out of 20 invocations of the instrumented method. This sample rate The left group of 8 benchmarks in Figure 12 are from the Standard
is fairly aggressive to allow quick convergence. It is the sample raBerformance Evaluation Corporation (SPEC); these benchmarks are
used in our full online system. The overhead increases when samplesd widely within the industry for performance benchmarking, and
are taken, with an average of 1.5%, with some methods up to 5ftost commercial JVMs have been tuned heavily for these bench-
This amount of overhead is likely to be acceptable as it is incurredarks. It is therefore not surprising that our simple inlining heuristic
only during the bakeoff period. If lower overhead is desired, thedjustment did not improve their performance. However, when ex-
sample rate can be reduced and the bakeoff can be performed ovecating new benchmarks, such as the 12 benchmarks on the right,
longer period of time. some substantial performance opportunities were discovered. We do

Overhead

1 AM‘ tion. We modified the recompilation logic to perform a bakeoff for
.WL,, |

Figure 11. Per-method overhead of the Performance Auditor wh
sampling 1 of 20 executions. Overhead includes recording and
cessing the timing samples.
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Figure 13. Accuracy of the online system using our technique to guide inlining heuristic selection.

Speedup

not believe this to be an anomaly, but another example of the funda- The performance of the excluded methods is small enough that
mental issue addressed by this work: predicting performance for w)-the accuracy of the decision is irrelevant to overall performance,
seen programs is difficult, and there is tremendous opportunity avaihd b) the accuracy breakdown was not visibly discernible from the
able if systems can automatically identify and correct performanéigure.
anomalies. The most important aspect of our system is how accurate it is on
Our auditing system has little impact on initial program startuthe methods for which the expanded heuristics have a large impact,
behavior, because the performance auditing system only operatgker positive or negative. Of the methods that show greater than
on methods that reach the highest levels of optimization. Whenl@% speedup from the expanded heuristics (rightmost bars), our
bakeoff is performed, the method is compiled 3 times, then onoaline system makes the correct decision for around half of these
again after the bakeoff completes. Our current prototype makes methods (5/11) almost every time; the remaining 6 methods result in
effort to distribute these compilations over time to avoid overhead,timeout on every bakeoff. The system makes no wrong decisions
and thus, may introduce overhead relative to the original systdor these methods.
before reaching steady state. This source of overhead can be avoide&imilarly, for the methods that expanded heuristics result in
fairly easily by using known techniques, such as distributing theegradation of 10% or more (leftmost bars), our system often makes
compilations over time using a low priority background compilatiocorrect decisions for 5 of the 11 methods, and consistently times out
thread, or moving compilation to an additional processor if availablen the remaining methods. For one method, the wrong decision was
However, the primary goal of this work is to evaluate the potentiahade in 2 of the 10 bakeoffs.
of performance auditing by evaluating the accuracy of the bakeoff The most important point from this data is that the incorrect
mechanism, and its potential impact on steady state performancedecision was avoided in almost all cases for the methods with the
jggest potential gains or loses from the optimization. As shown
(g{g the performance results earlier in this section, making correct
ﬁ%nclusions on a subset of the hot methods can result in substantial
pérformance improvements at the program level.
The large number of timeouts is because of the time-to-convergence
1. Timeout: The bakeoff was terminated because it executed for tgwoblems described in more detail in Section 7. Recall that the system
long without reaching a conclusion. collects only one timing sample each time the profiled method is in-
eyﬂked, so many methods do not generate timing samples fast enough
to make a confident performance prediction before the bakeoff times
out. These methods (approximately 50% of the bakeoffs) are a lost
3. Correct: The system made a conclusion that was consistent wigptimization opportunity. However, because our system uses the de-
the offline measurements. fault optimization strategy in these cases, the resulting steady state

There are many sources of potential nondeterminism in our audi€'formance will be the same as if no bakeoff was performed.

ing mechanism, as well as in the underlying VM itself, so we ran the
online auditing system 10 times for each benchmark, and the resuljts . .
for all bakeoffs were recorded. Ly Discussion

Figure 13 presents the accuracy of the decisions made by the ®he approach taken by this paper — comparing the performance
line system. The graph is the same format as Figure 2; each bar repmultiple versions of a region of codeithout attempting to hold
resents a hot method from our benchmark suite, and the total heigtguts and program state constant — is often initially dismissed as
of the bar represents the performance improvement (or degradatioigasible. Our experiences with this project lead us to believe that
caused by the expanded inlining heuristics for that metkpdrted the technique is in fact feasible, but it has different challenges than
by our offline measurements originally thought.

Each bar is broken down by shades of gray to show the results of The biggest challenge is time to convergence, i.e., the number of
the online bakeoffs for that method. A solid black bar means that thata points that must be collected before making an accurate con-
correct conclusion was reached every time a bakeoff was performellision. Regions of code with high timing variance will eventually
A bar that is 50% white means that 50% of the time the bakedafbnverge if the variance is finite, but the number of samples required
ran too long and timed out. Methods where expanded inlining inmay be impractical. Terminating the bakeoff early due to a timeout
pacted performance by less than 1% were excluded from the grapimot a serious problem in our system because the default optimiza-
to focus on the remaining methods. Bakeoffs were conducted for 1@ can be used; however, this means the resources used to perform
methods; 73 methods impacted performance by less than 1%, andttieebakeoff were wasted, and an optimization opportunity may have
remaining 79 are presented in Figure 13. been lost. Reducing convergence time is an important area of future

Accuracy To evaluate the accuracy of our technique, the bake
decisions from the online auditing system were compared to t
performance results from offline measurements. When an onli
bakeoff is performed, there are three possible outcomes:

2. Incorrect: The system made a conclusion that was inconsist
with the offline measurements.



work, and we believe the approach of timing at a finer granularitpg FDO in the presence of program phases remains an open research
(such as timing paths instead of method invocations) is a promisiagea.
direction. Finally, an open question regarding the future use of our work is
One technical challenge was engineering the system to enshosv to manage the exponential optimization search space. Not only
that the collection and processing of data did not skew the resultse there dozens of tuning knobs and heuristics that could potentially
Whenever possible, our system randomizes the order in which dagapplied at runtime, but some of these heuristics have hundreds
is collected and processed (e.g., which version of the code is timefdpotential values; testing all combinations is clearly intractable.
first, which buffer is processed first, etc.). Adopting this approadhowever, this exponential space is not created by our work; it already
whenever possible had an impact on the accuracy of the decisienssts, and is essentially ignored by today’s systems; a large space
made by the online system. does not imply that it is not worth searching, or that substantial
Removing outliers from the timing sets was also a key to timelgerformance improvements cannot be attained. Just as there has
convergence. A VM environment has many sources of timing noidegen a large amount of work exploring the search space with offline
and removing outliers from the timings was an effective solution. Rempirical search, our framework enables a similar line of online
moving outliers is not strictly necessary, because the noise wouldresearch. We believe that the large search space can be best managed
evenly distributed across all optimized versions; however, removihy using a combination of offlinand online techniques. Extensive
the outliers improves convergence time substantially. Unfortunatebffline tuning can be performed to identify the most problematic
removing outliers also has a downside; some data points labelecbptimizations and heuristics, and these can become the focus of the
“outliers” could have been a legitimate effect of the optimization benline system.
ing evaluated. For example, an optimization that increases the cost of
a rare path might not be detected if too many outliers are discarded.
A key to reducing the number of discarded outliers is to redu Related Work
the noise in the timing mechanism itself. One source of noise Mior related work in online empirical evaluations includes work in
when timings are polluted by VM activity, such as JIT compilatiomdaptive compilation and dynamic optimization systems. Prior work
or garbage collection; these timing can be identified and eliminatgd offline empirical search includes work in optimizing libraries,
fairly easily. Another source of potential noise is that the cycleompiler phase orderings, and optimization level usage.
counter available on our platform provides wall clock time, rather
than CPU time, so if the operating system switches out the VBl1 Adaptive Compilation with Empirical Search
process to run another process, the other process’s time is inclu%ed_ ) .
in our method timings. Operating system support to provide thread!1 and Rinard [21] proposed a Dynamic Feedback approach that
specific measurements of CPU time would help reduce these outligjgnerates code for several different optimization strategies for_lmp_or-
The overhead caused by compiling multiple versions of a meth%t sections of a program. They examine different synchronization

for the bakeoff cannot be completely ignored, but can be manag ategies for a program’s parallel code sections. During execution

and the additional overhead is defensible if the technique resultsOhtnese parallel sections, execution alternates between training and
Hductlon periods for fixed time intervals set in the compiler. The

legitimate speedups. As described in Section 6.1, some productﬁf X

VMs already perform additional compilation of hot methods to perYStem measures the amount of overhead relative to the performance
form instrumentation for feedback-directed optimization. The ove?—f the alternat_we |mp|eme_ntat|o_ns during this training period. It then
head introduced by these additional compilations is reduced by ptél')_oose; the |mdplementat|pndw_||_th tﬁe IOWSSt overheadl for the cor-
forming compilation in the background, and using a spare proces%‘a?pon ing production period. To choose between implementations,

if available. Hardware trends, such as multi-core systems, are likef\{Y rfn(;asurg thgverheidfr(()jmhone executior;l 0; tl:'e palrlalltlaql sec-
to help in this regard, especially if the additional parallel cycles prdlOn Of the code. By overhead they measure all of the stalls that occur
’jiurlng execution (e.g., stalls due to locking). This approach is only

vided by the hardware are not fully exploited by the applicatior), .9 =
These gycles can easily be used b{/ thg VM to )éerformpgdditio sible if (a) all of the overhead can be measured, and (b) the amount
of stalls seen relative to the overall execution time is independent of

optimizations and other runtime services. . !
ntge input being run.

Differences in code layout can introduce performance variatio A . . -
which are not exploited by our current implementation. On many at- Similarly, Voss and E'ge“ma'?r.‘ [54] perform dynamic optimiza-
chitectures, the position of code in memory can have a significafi? On hot spots through empirical search. They use a domain-
performance impact. Our current system does not try to place %emflclzllangqage to specify how to search the optimization space for

a specific optimization. As an example, for loop unrolling, a hot spot

code for the bakeoff in a good location. In addition, it recompile! b imized f h level of lina. Each of th led
each method after the bakeoff completes, which may place the fiﬁ‘é“ e optimized for each level of unrolling. Each of these compile

code in a non-optimal location. However, it is possible to use the pErsions of the hot spot will be run and timed, and the fastest overall
formance auditor to help find a good code layout: after the bake lﬁ”e.w'” be kept and use_d fo_r_the hot spot. They time each c_omplled
completes, the optimized version can be patched to remove the tififSion only once to decide if it should be used. They deal with vary-
ing code (instead of recompiling). Doing so ensures that any benemg inputs by partitioning the timings into different bins based_o_n

from code positioning identified during the bakeoff are not lost. 1€ 100p bounds, which relies on loop bound values characterizing

. X . ing inputs/workloads.
Program phase shifts provide both an opportunity and a challenf&¥Y'n9 InPu , _
for any online system. Performing optimizations online allows for Both of the above techniques examine the performance of the al-

the detection of phase shifts, and optimization can be talrgetedt?finat“’es only once to chopse the better performlr_lg one. T.h?y ar-
maximize performance during each phase, which exposes poter@df that performing the timing once for an alternative is sufficient,

performance gains not visible to a less adaptive system. Howevap € the granular_lty of a single sample can account for a significant
a program phase shift can also reduce performance if the systaiount of execution for the program's they examined. In compar-

does not re-evaluate optimization decisions when program behaVit": for general purpose applications that are run on a JVM it is
changes. Online performance auditing, like all feedback-directed dBUCh harder to create a single large sample that represents the same

timizations, is susceptible to the potential benefits and degradati e being executed. We showed in Section 5 that for our workload

; ; t it is difficult to correctly choose which alternative has the best
due to program phases. Managing the performance risks of perforni= ; )
prog P ging P P performance with a small number of samples for hot methods in a

production Java Virtual Machine. Therefore our approach, based on

10



statistical analysis and randomization, determines how many samplesThe above studies have shown that offline search of the optimiza-
are needed to make a confident decision. tion space, guided by performance data, can lead to speedups. Recent
Fursin et al. [24] explore online empirical search for scientificesults [53] show that this search can be done quickly with intelligent
programs. Prior to the program’s execution, a set of optimizatiatecision trees to guide the search. Our work parallels this work: our
strategies are created to be explored during execution. Their sys@mal is to achieve similar results with an online search, which ex-
uses phase detection to identify periods of stable, repetitive behavjgores different optimizations as the program executes.
During a stable phase of program execution, each optimized version . . L .
is run%nce and t?med, andpthg best performing versioﬁ is chosen. Thig Other Techniques for Improving Optimization Decisions
approach exploits the repetitive behavior of scientific application$he previous subsection described approaches to improve code qual-
General purpose Java applications have a much higher variancétyrby performing offline experiments based on measuring execution
invocation timings, which motivated our approach of taking a largéme. Another approach is to use machine learning to create a model

number of samples. that correlates method properties with effective optimization deci-
sions as measured by execution time [10, 49, 3]. The result is a pre-
8.2 Dynamic Optimization Using Heuristics and Feedback dictive model that can be used to determine optimization decisions at
Directed Profiling runtime for any program. This approach has less overhead than per-

There is also a large collection of online optimizations that haj8rmance auditing because performance predictions are generated by
built-in mechanisms to adapt their strategy based on past program$gply consulting the predictive model instead of performing mul-
havior. Such techniques include inlining [19], garbage collection [4]ip!e compilations and executing the resulting methods; however, its
virtual method dispatch [28], object models [8], object layout [3£ffectivenessis susceptible to the deficiencies of a model as described
44, 30]. and prefetching [12, 45, 14]. The techniques used are sfieSection 2.1. . . . .
cific to each optimization and adapt their strategies based on programAnother approach is to determine the effectiveness of an opti-
behavior rather than execution time. More general purpose systefigation based on an evaluation of the quality of the generated code.
for continuous optimization [35, 13] have also been proposed.  For example, Dean and Chambers [19] monitor the effectiveness of
None of these techniques time and compare multiple optimizi&lining decisions in the Self system based on how many optimiza-
tions at once to find the best. They instead use profiling informati¢§n opportunities are created by subsequent optimization phases.
to heuristically guide what to try next, for the specific optimizatior] Nis information is used when considering future decisions to in-
being examined. In comparison, our goal is to provide an accurdfé® & method during the same or subsequent executions. Nethercote
and general method to dynamically measure the exact performaféél- [41] also evaluate code quality and use it to possibly reconsider

seen when evaluating different optimizations for a hot method. o_ptimization dgcisi_ons fora mt_athod by re-executing earlier optimiza-
tion phases with different settings to produce better generated code.

8.3 Offline Empirical Search Compared to performance auditing, this approach also has less run-
time overhead; all decisions are made during compilation, no runtime

formance tuning in libraries and kemels. For example, ATLAS [55 Skeoff occurs. However, because this approach examines the quality

h . - i A f the generated code, it does use an implicit model, and thus, may
PH'RAC [9]: apd .SPARSIT.Y [32] provide highly-tuned libraries fo;ﬁﬂso be less robust in the presence of varying machine environments.
matrix multiplication and linear algebra kernels, and SPIRAL [43] "o\ 5r0ach, performance auditing, does not use an explicit or
and FFTW [23] provme Q|g|tal signal processing solqtlons. T.here plicit model, but instead measures execution time during an online
even proposals for finding the best-performing sorting routine [3 é\keoff to guide optimization decisions
STAP#. [5%31 pr(lesenttﬁ a gene;al tflzame\t/vork fofr retprgsintlng and one can view these four approaches: offline empirical search, of-
searching the algorithm space for thése types of Opimizations.  gine machine learning, compile-time evaluation, and performance
. These techmques WOI’K by exploring the a]gor;thm and Opt'm'za;uditing, as complementary approaches on a continuum. As one
tion spaces to tr_:ulor_ the library to the mac_hlne it W'" run on, anfl, e along the continuum from offline empirical search to perfor-
even to the apphcané)n and the inputs the .I|brary will be used W'ﬂfln nce auditing, the cost of the technique increases (such as number
This can resultin 50% to an order of magnitude speedups. The begte . oiations or runtime experiments) as well as the robustness
performing algorithm is found by timing differently compiled ver- |

. test inout d thi h tak hour to t h ikelihood for being correct in face of changing inputs and environ-
SIons on test Inputs, and this search can take an hour to tens ol NOW <) “combining these techniques is both possible and attractive.
To reduce the time overheads, recent techniques [57, 11] consi

using a model-based approach for searching the optimization spa of example, one could use machine leaming or compile-time evalu-
Another form of empirical optimization search is offline searc fion to create asma_lll subset of optimization strategies, which could
L . SET en be explored online by performance auditing.
of optimization phase orderings and optimization levels. Cooper
et al. [17, 16] examined reordering phases with adaptive rand .
sampling and genetic algorithms. These techniques compile a verston Conclusions
of the program under different phase orderings and optimizatidinere have been three waves of optimization strategies in virtual ma-
levels, and then time the execution of the resulting program withchines [5]. The first wave used a JIT compiler on all executed meth-
representative input to determine which is better. ods, as done in the ParcPlace Smalltalk-80 system [20]. The second
Kulkarni et al. [37] used genetic algorithms combined with memwave, pioneered by the Adaptive FORTRAN [26] and Self-93 sys-
oization to reduce their search space. They were able to achieve #%hs [29], employs selective optimization to focus dynamic compi-
speedups on average by searching the compilation space for 3 hdation resources on the most important methods. The third wave uses
for embedded applications on an ARM processor. Recently they gxrofile information gathered during the program’s execution to im-
amined probabilistic pruning of the search space to reduce this segpelst optimization decisions.
time to 1/3 of their previous approach [36]. Triantafyllis et al. [53] We believe the fourth wave of optimization strategies will involve
built a decision tree to decide which optimizations to apply, and wirtual machines becoming aware of the performance attained in the
what order. The tree guides the search, starting with the most impourrent execution environment, and adapting accordingly. Our work
tant optimizations. They achieved 5% speedups on average compasea step in this direction, allowing a virtual machine to determine
to -O2 compilation for the Itanium, while doubling the baseline comwhether a particular optimization improved, or degraded, bottom-
pilation time. line performance. The technique can be used to tune optimization

The performance impacts of optimizations can be used to guide
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