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Therefore, developing a compiler involves tuning a number of heuristics to find values that achieve good performance on average, without
significant performance degradations.
Today’s virtual machines (VMs) perform sophisticated online
feedback-directed optimizations, where profile information is gathered during the execution of the program and immediately used during the same run to bias optimization decisions toward frequently
executing sections of the program. For example, many VMs capture
basic block counts during the initial executions of a method and later
use this information to bias optimizations such as code layout, register allocation, inlining, method splitting, and alignment of branch targets [6]. Although these techniques are widely used in today’s highperformance VMs [42, 50, 1, 33, 25], their speculative nature further
increases the possibility that an optimization may degrade performance if the profile data was incorrect or if the program behavior
changes during execution.
The empirical search community [9, 22, 55, 43, 31, 38, 52, 17,
37, 53] takes a different approach toward optimization. Rather than
tuning the compiler to find the best “compromise setting” to be used
for all programs, they acknowledge that it is unlikely any such setting exists. Instead, the performance of various optimization settings,
such as loop unroll factor, are measured on a particular program, input, and environment, with the goal of finding the best optimization
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 tuning a program’s optimizations to its running environment is critical
for high performance.
The majority of the empirical search has been performed offline.
With the rich runtime environment provided by a VM, it becomes
possible to perform fully automatic empirical search online as a
program executes. Such a system could compile multiple versions
of each method, compare their performance, and select the winner.
Examples of such an online system are the Dynamic Feedback [21]
and ADAPT [54] systems, and the work by Fursin et al. [24].
The most significant challenge to such an approach is that an online system does not have the ability to run the program (or method,
etc.) multiple times with the exact same program state. Traditional
empirical search, and optimization evaluation in general, is performed by holding as many variables constant as possible, including: 1) the program, 2) the program’s inputs, and 3) the underlying
environment (operating system, architecture, etc.). In an online system, 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 version of the method with the exact same parameters and program
state, meaningful performance comparisons seem impossible. Previous online systems [21, 54, 24] do not provide a solution for general
optimizations to address the issue of changing inputs or workloads

As hardware complexity increases and virtualization is added at more
layers of the execution stack, predicting the performance impact of
optimizations becomes increasingly difficult. Production compilers
and virtual machines invest substantial development effort in performance tuning to achieve good performance for a range of benchmarks. Although optimizations typically perform well on average,
they often have unpredictable impact on running time, sometimes
degrading performance significantly. Today’s VMs perform sophisticated feedback-directed optimizations, but these techniques do not
address performance degradations, and they actually make the situation worse by making the system more unpredictable.
This paper presents an online framework for evaluating the effectiveness of optimizations, enabling an online system to automatically identify and correct performance anomalies that occur at runtime. This work opens the door for a fundamental shift in the way
optimizations are developed and tuned for online systems, and may
allow the body of work in offline empirical optimization search to
be applied automatically at runtime. We present our implementation
and evaluation of this system in a product Java VM.
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Introduction

The goal of a compiler optimization is to improve program performance. Ideally, an optimization would improve performance for all
programs, but some optimizations can also degrade performance for
some programs. Thus, it is sometimes acceptable for an optimization
to improve performance on average over a set of programs, even if a
small performance degradation is seen for some of these programs.
This often leaves aggressive optimizations, which can produce substantial performance gains and degradations, turned off by default in
production compilers because it is difficult to know when to choose
these optimizations, and the penalty for a wrong decision is high.

c ACM, (2006). This is the author’s version of the work. It is
posted here by permission of ACM for your personal use. Not for
Redistribution. The definitive version was published in Conference
on Programming Language Design and Implementation.
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that ensure methods larger than a certain size are never inlined; this
simple rule can be considered an implicit performance model that
predicts a lack of benefit (or potential performance decline) from inlining large methods.
Most optimizations that use profiling information (often referred
to as feedback-directed optimization, or FDO) still employ a model,
whether explicit or implicit. Although feedback-directed optimizations observe dynamic information, they generally do not measure
program performance directly (wall clock time, etc.), but instead
measure a dynamic metric, such as basic block frequencies or method
invocation frequencies.1 These dynamic metrics are then used as input to the optimization’s model (usually an implicit model) to predict performance. For example, it is widely assumed that placing
frequently-executed basic blocks close to each other will improve instruction cache performance, which will improve bottom-line performance. Optimizations are designed to assume that branch predictors
will predict forward and backward branches in a certain way.
Although performance models are often effective, they do not always correlate with bottom-line performance. This results in performance degradations, which are common in a compiler’s highest optimization levels. Section 2.2 provides empirical examples. Heuristics are often tuned extensively to avoid performance degradations,
resulting in compromise settings that are not the best in any one configuration.
One way to address the shortcomings of performance models is
to refine the models to more accurately predict performance, but we
believe this is an impossible, never-ending task. All aspects of the
execution stack must be correctly modeled, including the operating
system, the hardware architecture and implementation, and even the
compiler itself, as one optimization may interfere with another downstream optimization. With the current trend of adding more levels of
complexity and virtualization to all levels of the execution stack, the
problem will only become more difficult as true performance continues to diverge from the predictions of any model. Ten years ago
it was not such a daunting task to model the performance impact of
instruction scheduling; on today’s hardware it is nearly impossible.
We advocate empirical search: to acknowledge that performance
will be hard to model and predict, and to develop mechanisms that
more directly detect performance mispredictions and react appropriately.

during the comparison. Because of this challenge, today’s VMs make
no attempt to apply any form of empirical search at runtime.
In this paper we present a technique that overcomes the challenge
of evaluating the performance of multiple versions of an optimized
method online in a production VM. The contributions of this work
are
• a framework for a low-overhead completely automatic online

system that evaluates the effectiveness of optimizations, dealing
with changing program state;
• an offline feasibility study demonstrating the robustness of the

statistical technique used in the framework;
• an online implementation of the framework in a production Java

VM and an evaluation of its effectiveness in an online setting; and
• a sample client that demonstrates the potential performance im-

provements of using the framework.
Our techniques allow for online empirical optimization, greatly
improving the ability of runtime systems to increase performance
and prevent degradations.
The paper is organized as follows. Section 2 provides background
and additional motivation for this work. Section 3 introduces our
approach to online performance evaluation. After describing our
methodology in Section 4, Section 5 presents an offline feasibility
study that demonstrates the potential efficacy of this work. Section 6
describes our online implementation and evaluates it using a simple
client. Section 7 discusses lessons learned from this work. Section 8
describes how this work compares to related work and Section 9
concludes this paper.

2.

Background

This section presents further motivation and background for this
work. Section 2.1 discusses two different approaches to performance
tuning of optimizations: modeling and measuring. Section 2.2 provides empirical evidence to motivate why online performance evaluation is important.
2.1

Why Modeling Is Not Enough

In a traditional optimizing compiler, every transformation (or optimization) is fundamentally a performance prediction. For example,
redundant load elimination makes the seemingly obvious prediction
that removing load instructions will reduce execution time. Often,
performance predictions are based on an abstract metric, with the assumption that there is a correlation between the metric and bottomline performance. As another example, compilers often attempt to
minimize the number of instructions executed along the critical path,
relying on the assumption that fewer instructions results in faster execution.
Some of the compiler’s performance predictions are made explicit
through the use of a performance model. Examples of compiler optimization that have used explicit models are inlining, instruction selection, instruction scheduling, and register allocation. Inlining models the cost of an inlining decision (code growth, resulting in instruction cache pressure) weighed against its benefits (reduced call overhead and increased analysis scope); instruction selection models the
cost of choosing various instructions; instruction scheduling models
the instruction pipeline, the latency of instructions, and architectural
hazards; and register allocation models the cost of spilling a register.
Implicit models are more prevalent than explicit models. The
dozens of transformations and heuristics used throughout a compiler
make performance predictions based on an implicit model. The compiler writer may not have explicitly formulated, or even fully understood the model, but it is still inherently hard-coded into the optimization. For example, many compilers contain an inlining heuristic

2.2

Examples to Motivate Searching the Optimization Space

This section provides evidence that demonstrates the difficulty of
modeling the performance impact of optimizations. The first example
looks at the effectiveness of optimization levels of a JIT compiler,
and the second example looks at the effects of changing inlining
heuristics.
Experimental Setup To motivate our work, we modified IBM’s J9
JIT compiler to read the hardware cycle counter on entry and exit
of selected program methods to measure the total number of cycles
spent in a given method (further details on this methodology are described in Section 4). This infrastructure allows us to evaluate the
impact of optimizations on individual methods in the application. To
evaluate the quality of the code produced by the compiler, these experiments measure steady-state performance, which is a configuration of the benchmark that excludes the early execution of a program
when all (dynamic) compilation would occur.
For the remainder of the paper, we focus on what we will refer
to as the hot methods of the benchmarks (further details about the
benchmark suite and our selection of hot methods are presented later
in Section 4). In our 20 benchmarks, there are 101 hot methods.
1 Notable

exceptions include the work of Adl-Tabatabai et al. [2], where
information from hardware performance monitors is used to trigger dynamic
optimizations.
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Figure 1. Per-method performance impact of moving from optimization level 4 to level 5.
Optimization Levels Most compilers group optimizations into levels, where higher levels provide better performance at the cost of
higher compilation time. In a JIT setting, a particular level is chosen
whenever a method is compiled.2 The J9 JIT has five such levels,
which we will refer to as O1–O5.
We used our timing infrastructure to compare the performance
of the two highest levels: O4 and O5. On average, across the entire benchmark suite, level O5 improves performance by 1.5% over
level O4 with a maximum improvement of 12.5%, and does not significantly degrade performance for any benchmark. However, when
measuring performance of O4 versus O5 for individual methods, the
results vary substantially.
Figure 1 compares the performance of O4 and O5 for each of
the 101 hot methods. Each bar represents a method, and the y-axis
reports the percentage speedup of O5 over O4 (higher means that
O5 is faster). As is typical in compiler optimizations, the highest
level (O5) offers substantial speedups for a small number of methods
(more than 10% speedups for the 5 rightmost methods), with modest
effects on most of the methods.
However, level O5 actually degrades performances 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 JIT
compiler; J9 performs competitively with industry leading JVMs and
substantial time and effort has gone into tuning its optimization levels
to maximize performance. The results are an inevitable byproduct
of tuning compiler heuristics for the average case, and evaluating
performance at the program level. We expect that this result can be
reproduced with any optimizing compiler.

threshold that limits the size of a callee that can be considered for
inlining; thus the new heuristics allow inlining to be performed for
substantially larger callees. Figure 2 shows the performance of the
new threshold relative to the original inlining thresholds, for the hot
methods in our benchmarks. As in Figure 1, each bar represents a
method, and the y-axis reports the percentage speedup with expanded
inlining thresholds. As in Figure 1, the impact of expanded inlining
varies greatly among methods. On the right side of Figure 2, we see 7
methods that improve by over 10%, 4 of which are over 20%. On the
left side of the figure, there are 5 methods that degrade by over 10%,
with 2 larger than 20%. Reducing the inlining thresholds produced
similar, inconsistent performance across the set of hot methods.
These large variations are a compiler writer’s nightmare, because
the higher threshold offers great promise, but also runs a significant
risk of performance degradation. However, the variations illustrate
the potential for a technique that can automatically find the tuning
values that give performance improvements, while avoiding those
values that degrade performance.

3.

The Performance Auditor

This section introduces the Performance Auditor, a framework that
enables online performance evaluation. The framework tracks the
bottom-line performance of multiple implementations of a region of
code to determine which one is fastest. The analysis is performed
online: as the application executes, performance evaluations are done
and the results are immediately available. No offline training runs or
hardware support are required.
As further described in Section 6, this work uses method boundaries to delimit code regions (as is common in virtual machines) and
focuses on comparing only two versions of each method at a time;
however, the ideas presented are not limited to these design choices.
We refer to the process of identifying the faster method variant as
a performance bakeoff. The component that requests and uses the
bakeoff results is called the client.
A client of our framework is responsible for 1) providing the alternative optimized implementations of the code region to be compared
and 2) deciding what action to take with the outcome of the bakeoff. One example client of this framework is to evaluate aggressive
optimizations that significantly improve performance for some code
regions, but degrade performance for others. By using our framework, one can identify the performance degradations and revert to
the original implementation. Another example client could empirically search the tuning space for important optimization parameters,
such as the inlining thresholds described in Section 2.2, and choose
the parameter that gives the best performance.

Method Inlining Our second study looks at a specific optimization,
method inlining. Conceptually, method inlining has a fairly clear
cost-benefit model. The potential benefit of inlining is the performance gained by removing call overhead, and optimizing the callee
in the context of the caller. The potential cost of inlining is a decrease in instruction cache locality, and increasing the pressure on
downstream optimizations such as register allocation. These performance effects are nearly impossible to predict accurately, so the inlining component in optimizing compilers typically contains dozens of
heuristics and ad-hoc tuning knobs. These heuristics are often tuned
on large benchmarks suites to find values that work well, on average
for these benchmarks.
To demonstrate the difficult task of predicting the performance
of method inlining, we expanded one of the heuristics substantially,
and evaluated the impact. For this experiment we quadrupled the
2 Because

of Java’s dynamic nature, traditional static interprocedural analysis
is not performed because the complete call graph for the program’s execution
is not known until the program terminates [27].
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Figure 3. Performance Auditor Overview
Our solution has two components: 1) a technique to collect execution times of an implementation of a code region, and 2) a statistical
mechanism to determine which set of timings is fastest.
Figure 3 presents a high-level view of our approach. The client
provides N optimized versions of the code region to evaluate. The
key idea is to randomly select one of these implementations whenever the code region is entered, and record the amount of time spent.
As the program executes, timings for each implementation are collected for later analysis.
The second component of our framework analyzes the collected
timings to determine which is fastest. The biggest challenge is that
the executions most likely occur with different program state (parameters and/or memory values). This implies that the different implementations of this code region could have taken different paths
and operated on different data during their executions. For example,
a particular execution of version A of the code region may run for
less time than version B of the code region, not because A has a
better implementation, but because an argument to the method had
a value that resulted in A doing less work. For example, if the code
region is a sorting algorithm, version A may have been invoked with
a list of 10 elements, while version B was invoked with a list of size
1,000.
We overcome this challenge by leveraging the law of large numbers. Specifically, as the framework accumulates more timing samples for versions A and B, variations in timings will be evenly distributed to the two versions if the versions are selected randomly to
avoid any correlation with the program’s natural behavior. Given the
timing data, the framework performs a statistical analysis and concludes which version is faster, with some degree of confidence.
Our system decides which version (A or B) is faster by averaging
the timing samples for each version. By comparing the averages, the
system can determine which version is faster, but the comparison is
meaningful only if there are enough timing samples. To check if there
are enough samples, we define a confidence metric that calculates the
probability that the actual performance difference between versions
A and B is consistent with the observed performance difference in
the timing samples from versions A and B.
To calculate our confidence metric, the mean and variance is computed for each set of timings. Then the absolute difference between
the means |mean(A) − mean(B)|, and the variance of the differ+ variance(B)
is computed.
ence between the means variance(A)
sizeof (A)
sizeof (B)
This computed mean and variance define a normal probability distribution, and our confidence value is computed by integrating this
distribution from 0 to ∞. We use the absolute difference between the
means, which is always positive, so this confidence value is the probability that the difference between the means for the entire dataset is
consistent with the difference between the means for our samples.
The number of samples needed before a confident conclusion can
be made is directly correlated with the variance in the amount of

Methods
Executed
1702
1063
770
2108
782
1416
828
746
1467
1197
1140
1777
866
853
450
2030
946
2061
2108
521

Bytecodes
Exe (KB)
228
105
66
171
67
147
61
56
133
115
86
186
78
76
31
128
75
235
171
36

Hot
Methods
2
7
2
6
3
8
6
3
3
8
4
15
4
4
2
4
3
4
5
8

Table 1. Benchmark suite
work performed by the code region. If the code region performs
a constant amount of work on each invocation, a small number of
samples will be needed to conclude that the performance difference is
statistically significant. As the variance of the code region’s running
time increases, so does the number of samples needed before a
confident conclusion can be made.
For this approach to succeed, we must ensure that our timings do
not correlate with program behavior, because correlations can bias
the timings for one version of the code region. If there are no correlations, we should be able to identify the performance differences
among the versions after enough samples are collected.
Sections 5 and 6 explore this concept in more detail. Section 5
investigates the feasibility of our hypothesis through an offline study,
and Section 6 describes the online system.

4.

Methodology

The experiments in this paper were performed using a development
version of IBM’s J9 VM and its high-performance optimizing JIT
compiler [25]. The VM was run on a Pentium 4 3.0 GHz machine
with 2 processors and 1 GB RAM running Linux. We use a suite of
20 benchmarks composed of the complete SPECjvm98 benchmark
suite [48], the SPECjbb2000 benchmark [47], and several other Java
applications, including seven of the DaCapo benchmark suite [51]3 .
Table 1 reports the number of methods executed,4 as well as the
total size (in KB) of all bytecodes executed for each benchmark.
These numbers report dynamic metrics, i.e., they are based on what
is executed, not what could be executed.
The last column gives the number of “hot” methods for each
benchmark. We define the hot methods as methods that consume
enough cycles to be selected by J9 for aggressive feedback-directed
optimizations. For these methods, J9 first performs an additional
compilation to instrument the method for profiling, then optimizes
the method at one of the two highest optimization levels (O4 or O5).
To collect timing samples for a compilation of a method, we use
the Pentium 4’s Read Time-Stamp Counter (RDTSC) instruction.
The RDTSC instruction reads the processor’s 64-bit cycle counter
3 The

development version of the VM that we used did not run the remaining
three benchmarks from the DaCapo suite.
4 Number of methods executed includes all Java methods (including library
methods) executed by the JVM while loading and executing the application.

4

and stores its value in a register. Method entry is instrumented to
read the cycle counter and store the cycle count in the method’s stack
frame. Method exit is instrumented to read the cycle counter again,
subtract the current cycle count from the cycle count on the stack,
and store the difference in a circular buffer.
This methodology measures the total time that the method was
active on the stack to ensure fair comparisons in the presence of
changing inlining decisions. Measuring only time spent in the instrumented method (excluding callees) would produce incorrect results
in the presence of method inlining.
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Figure 4. Misprediction rate for a simple sampling approach in
which a fixed number of method invocation (entry+exit) timings are
collected, for various amounts of introduced speedup.

Figure 4 shows that a large number of samples must be collected
to detect small speedups, and fewer samples are needed to detect
larger speedups. For example, to reliably detect a 2% speedup, we
need at least 10,000 samples, but 1,000 samples are adequate to
detect a 10% speedup. The results show that we can detect both large
and small speedups if we always collect 10,000 samples, but we need
to only collect that many samples to detect small speedups — 1,000
samples can detect a 10% speedup in an order of magnitude less time,
with only 0.4% additional mispredictions. This motivates a statistical
approach that can efficiently detect both large and small speedups by
collecting only as many samples as needed, which we examine next.

Experimental Setup

Our goal is to determine how many samples are needed to accurately detect a performance difference between two compilations of
a method. To quantify this, we time each invocation of each hot
method. We use these timings to represent two hypothetical implementations of the hot method. For a hot method, half of the samples
are randomly assigned to set A, and the other half to set B, and each
sample in set B has an artificial speedup of X% applied to each of
its samples. A and B then represent two potential implementations
of that method: A is the baseline, and B is an optimized version that
runs exactly X% faster. We can then determine how many samples
are needed to recognize that B is faster than A.
For this analysis, we gather method timing samples for the hot
methods in each benchmark. For these experiments we stop gathering samples for a method if the method has run for 2 minutes of CPU
time. After collecting a set of method invocation timings, we sort the
timings and eliminate the highest 10%. This filters out noise introduced by garbage collection or context switches. Next, we randomly
divide our pool of timing data into two disjoint sets (A and B), each
containing half of the timings collected, and we artificially decrease
each cycle count in set B by X%.
5.2

25%

5%

This section presents an offline feasibility study that demonstrates
the potential efficacy of this work. Section 5.1 describes how timing
samples are collected and used to evaluate our approach. Section 5.2
considers using a fixed number of samples, and shows that thousands
of samples are needed to accurately detect speedups during a bakeoff.
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.
5.1

10 samples
100 samples
1000 samples
10000 samples

30%

5.3

Statistical Approach

We now evaluate our confidence-based technique described in Section 3 to predict if B is faster than A. We start by establishing sets A
and B, as described above.
To determine the number of samples necessary to confidently
predict a performance difference between A and B, we first set a
confidence threshold Z% (80% and 99.99% in this study). We run
our experiment by adding samples to A0 from A, and to B 0 from B
until we are Z% confident in our performance prediction, based on
the formulas in Section 3.
We start with 100 samples each in A0 and B 0 , and perform the
confidence evaluation. If the confidence is not above our threshold,
we add 100 more samples to both A0 and B 0 , and repeat. We continue increasing the size of the subsets until the confidence is above
our threshold. When we perform these experiments, we may run out
of samples before we reach our confidence threshold. When this happens, we report that the method did not converge, and we cannot
make a performance prediction. We repeat each convergence experiment 100 times with different random seeds and average the results.
When we are confident that we can predict a performance difference, we report the time to converge, which is the sum of the cycle
counts in subsets A0 and B 0 . For these confident predictions, if we
(incorrectly) predict that A is faster than B, we report a misprediction. If we run out of samples before we reach our confidence threshold, we report that the experiment did not converge.
Figure 5 shows the percentage of experiments that converged
when an artificial speedup is introduced in B. The y-axis shows the
percentage of hot methods for which we generated predictions for
the two confidence levels examined. The entry+exit results use the
per method timing, and the yieldpoints results will be described
shortly. These results show that it is more difficult to detect smaller
speedups in 2 minutes of CPU time for our hot methods, if high
confidence is desired.

Fixed Number of Samples

Prior online systems that performed a bakeoff between different compiler optimizations took either one [21, 54] or two [24] timing samples for each optimized version of the code. These systems determined which version was faster based on that sample. In our more
general setting, we found that thousands of samples are needed to
accurately determine which version is better with our workloads.
To show this, we experiment with a simple approach that takes
a fixed number of samples and decides which is faster. We use the
sets A and B as described above, and we randomly select a fixedsize subset A0 of A, and a equally sized random subset B 0 of B.
We then compute the means of the times in subsets A0 and B 0 , and
if the mean for B 0 is less than the mean for A0 we report a correct
prediction. If not, we report a misprediction. To reduce noise due to
our use of randomness, we repeat each experiment 100 times with
different random seeds and average the results.
Figure 4 shows the number of mispredictions when 10, 100, 1000,
and 10000 samples are used for A0 and B 0 . The x-axis shows the
speedup introduced in set B, and the y-axis shows the percentage of
experiments in which we incorrectly predict that A is faster than B.
For this graph, we use method invocation timings, as described in the
prior section.
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Figure 6. Incorrect predictions. This plot shows the percentage of
hot methods in which we (incorrectly) predict that A is faster than
B. Results are averaged over converged methods.
Figure 6 shows the percentage of experiments in which we incorrectly predicted that A was faster than B. The results in this figure
and figure 5 show the tradeoff between the number of accurate predictions and the number of confident predictions. As expected, incorrect predictions occur more frequently when speedups are small.
Figure 7 shows the number of cycles needed to detect a performance difference. The y-axis shows the total amount of time needed
to make a confident performance prediction. For experiments that
did not converge, we use the total time spent before giving up. In
other words, this graph includes experiments that did not converge,
and for those experiments, it shows a lower bound on the convergence time. The results show that it takes significantly longer to detect small speedups than large speedups. The results also show that
by adjusting our confidence threshold, convergence time can be further reduced by sacrificing accuracy.
5.3.1
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pended to perform a virtual machine service, such as garbage collection. The compiler inserts yield points on loop back-edges, so this
approach approximates collecting timing samples for each loop iteration. If a hot method is infrequently invoked, that method is most
likely spending a lot of time in loops, which we can measure by timing between yield points.
Figures 5, 6, and 7 show results with yield-point timings. These
results suggest that collecting many timings per method invocation
by instrumenting yield points reduces false positives as well as the
time to converge, making it an attractive option. However, this offline
study was conducted with simulated speedups applied to method timings. Collecting yieldpoint timings when comparing differently optimized versions of code is more challenging, as it requires keeping the
yieldpoint placement consistent in both optimized versions. For example, if inlining occurs in the method being timed, it may inline additional yieldpoints into the method, resulting in more frequent samples. If any instructions can be identified uniformly in both optimized
version of the code, they would be candidates for timing instrumentation. A second problem is that instrumenting frequently executed
instructions, such as loop branches, can introduce more overhead in
an online system. Careful engineering can be used to reduce this effect, such as timing groups of N yieldpoints, instead of timing each
temporally adjacent pair of yieldpoints.
For the remainder of the paper we use method invocation timings
with method entry and exit instrumentation, even though more time
is needed to make a prediction. Collecting timing samples between
yield points is a promising approach with challenges that we leave to
future work.
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Figure 7. Time to converge. This plot shows the number of cycles
needed to make a prediction. This graph includes experiments that
did not converge, and for those experiments, it shows the amount
of time spent in the experiment before giving up, which is a lower
bound on the convergence time.

Figure 5. Convergence rate for our statistical approach. This plot
shows the percentage of hot methods for which we generated confident predictions, given our sampling limit of 2 minutes of CPU time
for each method.
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6.

Online Performance Auditor

This section describes the implementation of the online system. Before describing the system, we summarize some relevant background
on adaptive optimization in virtual machines. We then present our
implementation, which is composed of two parts: 1) a dispatch mechanism to select which version of code to run, and 2) a background
thread to process and analyze the timing data collected. This is followed by an empirical evaluation of our online technique with a sample client.

Using Yield Points for Timing

We also consider collecting timing samples at every loop branch.
Collecting one timing sample from each method invocation works
well for methods that are invoked frequently, but infrequently invoked methods may pose a problem because they generate timing
samples more slowly, which means it will take longer to detect a performance difference. To address infrequently invoked methods, we
consider a scheme in which we collect many timings from a single
method invocation by collecting timing samples between temporally
adjacent pairs of yield points. A yield point is a compiler-inserted
statement that checks if the application needs to be temporarily sus-

6.1

Adaptive Optimization in Virtual Machines

All high-performance VMs use a selective optimization strategy,
where methods are initially executed using an interpreter or a nonoptimizing compiler. A coarse-grained profiling mechanism, such as
method counters or timer-based call-stack sampling, is used to find
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METHOD ENTRY:
sampleCountdown --;
if (sampleCountdown < 0) goto BOTTOM;

Invocation of
Method M

... body of method M ...
BOTTOM:
if (sampleCountdown < (BURST_LENGTH * -1)) {
// Burst completed. Toggle and reset count
toggle = !toggle;
sampleCountdown = SAMPLE_COUNT_RESET;
}
if (toggle)
return invokeVersionA();
else
return invokeVersionB();

Start
timer
Dispatcher
Version

Version
A

Version
B
Stop
timer

Figure 8. Architecture for the dispatcher, to select method invocations for timing.

Figure 9. Dispatch logic

hot methods. These methods are then dynamically compiled using
the JIT compiler.
VMs use the JIT compiler’s multiple optimization levels to tradeoff the cost of high-level optimizations with their benefit; when a
method continues to consume cycles, higher levels of optimization
are employed. Some VMs, like J9 [39], will compile the hottest methods twice: once to insert instrumentation [7] to gather detailed profile
information about the method, and then a second time to take advantage of the profile information after the method has run for some
duration. Thus, in modern VMs a particular method may be compiled many times (with different optimization strategies) during a
program’s execution. Overhead is kept low by performing such compilations on only a small subset of the executing methods, and often
by compiling concurrently using a background compilation thread.
6.2

letting the sample counter go negative) the sample counter is reset.
A toggle flag is maintained to toggle between optimization versions
A and B. If more than two versions are being compared, this toggle
can easily be replaced by a switch statement. All of the counters are
thread-specific to avoid race conditions and ensure scalable access
for multi-threaded applications.
If a pure counter-based sampling mechanism is used, it could
correlate with program behavior, and even a slight correlation could
skew the timing results. One solution would be to randomly set the
toggle flag on each invocation. Instead we vary the sampleCounter
and burst length by periodically adding a randomly selected epsilon.
In our system we use the VM sampling thread to update these quantities every 10ms, the fastest interval available in a default Linux kernel, and this is sufficient to avoid deterministic correlations.

Method Dispatcher
6.3

As mentioned in Section 3 we use methods as code regions for each
performance bakeoff. Thus, we must intercept the method dispatch
for the method being timed (M ) so that execution can jump to an
implementation at random. There are a number of ways this could be
implemented in a VM. We chose to implement the dispatch as shown
in Figure 8, where a full method body is compiled to act as the dispatcher. The dispatcher method is not timed, but contains a conditional test to decide whether a timed method should be executed, and
if so, to invoke the correct one.
Compiling a full method body for the dispatcher is not necessary,
but doing so makes it easy to reduce the overhead of the timing
instrumentation, because only a subset of the calls to M jump to one
of the instrumented versions. In situations where compiling a third
version of the method is not feasible, alternative implementations
could exclude the method body from the dispatcher so it always
selects one of the timed methods. The dispatch logic could also be
placed at the beginning of one of the timed methods, or inlined at the
method’s call sites.
Figure 9 shows the dispatch method logic. The prologue checks
a sampling condition to determine if any timed version should be
executed. We use a count-down sampling mechanism, similar to
Arnold and Ryder [7]. This makes the fast-path of the dispatcher
method reasonably efficient, containing only a decrement and check.
Once the sample counter reaches zero, it jumps to the bottom of the
code to determine which timed version should be executed. This
code is on the slow path and can afford to execute slightly more
complicated logic.
To minimize timing errors caused by caching effects from jumping to a cold method, the dispatcher invokes the timed methods in
consecutive bursts. Once the burst threshold (BU RST LEN GT H)
number of invocations of the timed method has occurred (tracked by

Data processing

As the method timings are collected, they are written into a circular
buffer (one per thread). This data is processed by a background
thread that wakes up periodically and scans through each thread’s
buffer every 10ms. The processing thread starts from the position
in the buffer where it left off last time, and scans the buffer until it
catches up with the producer. No synchronization is used, so race
conditions are possible, but dropping a sample occasionally is not
a concern. The system is designed so that races cannot corrupt the
data structures; slots in the buffer are zeroed after being read to avoid
reading a buffer twice if the consumer skips past the producer.
While processing the buffer, there are two primary tasks: 1) discard outliers, and 2) maintain a running average and standard deviation. Outliers cannot be identified by collecting and sorting the entire dataset because this would require too much space and time for
an online system. Instead, the system processes the data in smaller
chunks of N samples, discarding outliers from this smaller set of
times. The outliers are identified as the slowest M times in the chunk.
Maintaining the running average and standard deviation is trivial by
keeping a running total of the times, as well as the sum of the squares.
Our system also requires that a minimum number of samples are
collected (10,000) before confidence analysis is performed, to ensure
that a small initial bias in the program sampling does not lead to
incorrect conclusions. Once the sufficient number of data points are
collected, the confidence function described in Section 3 is invoked
periodically to determine if the difference between the means is
statistically meaningful. If a confident conclusion is reached, the
bakeoff ends and the winner is declared; otherwise, the bakeoff
continues. To ensure that a bakeoff does not run indefinitely, the
system can also end the bakeoff after a fixed amount of wall clock
time, or execution time, has expired.
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Figure 12. Performance of the online system using our technique to
guide inlining heuristic selection.
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Inlining Client: Full Online Optimization

This section describes our instantiation of a fully automatic online
system that uses our framework to improve performance. As described in Section 6.1, the J9 VM already performs an additional
compilation of the hottest methods to insert profiling instrumentation. We modified the recompilation logic to perform a bakeoff for
these hot methods after they have been instrumented. When the bakeoff 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.
The current system performs only one bakeoff at a time, in the
order 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
with this strategy.

Figure 11. Per-method overhead of the Performance Auditor when
sampling 1 of 20 executions. Overhead includes recording and processing the timing samples.

6.4

Unaudited Expanded Inlining
Audited Expanded Inlining
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Figure 10. Per-method overhead of the dispatcher fast-path. No
timing samples are being taken.
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Overhead

There are three primary sources of overhead for our technique: 1)
executing the sampling condition on the fast path of the dispatcher,
2) reading and storing the processor’s cycle counter at method entry
and exit, and 3) processing the timing samples with the background
thread. This overhead is for the infrastructure itself, and is independent of the optimizations being compared.
To quantify the overhead, the online system was configured so
that it constantly performs a bakeoff. Our online system will perform
one bakeoff at a time, so we evaluate the overhead for each of the hot
methods in our data set (as described in Section 4) independently.
Figure 10 presents the overhead incurred when a large sample
interval is used so that effectively no samples are taken. This data
primarily represents the overhead of the fast-path sampling check in
the dispatcher. This overhead is quite low, averaging 0.4%, with all
but three methods less than 2%. This result is important because it
shows that the overall overhead of the auditor can be reduced to this
value by lowering the sample rate. Negative overhead is most likely
noise, which is expected when measuring overhead in the range of
1%.
Figure 11 presents the overhead when the dispatcher samples 1
out of 20 invocations of the instrumented method. This sample rate
is fairly aggressive to allow quick convergence. It is the sample rate
used in our full online system. The overhead increases when samples
are taken, with an average of 1.5%, with some methods up to 5%.
This amount of overhead is likely to be acceptable as it is incurred
only during the bakeoff period. If lower overhead is desired, the
sample rate can be reduced and the bakeoff can be performed over a
longer period of time.

Performance Figure 12 presents the steady-state performance
achieved by our system. The x-axis presents the benchmarks, and
the y-axis represents performance improvement relative to the default J9 VM. The black bar shows the performance when using the
expanded inlining heuristic for all hot methods; the white bar shows
the performance of the performance auditing system that runs bakeoffs to choose the default or expanded inlining heuristics.
Using the expanded heuristics without auditing resulted in performance improvements between 5–10% for three of the benchmarks in
our suite (ipsixql, phase, and xalan), but large degradations for two
benchmarks (compress and mtrt). When using auditing, our system
was able to achieve most of the performance wins of the expanded
heuristics, while avoiding the significant degradations.
The primary contribution of our work is not the speedup produced
by this particular optimization client, but the performance auditor’s
success in identifying the better-performing version. The most important aspect of this performance result is that the system did not
degrade performance measurably for any of the benchmarks in our
suite, which demonstrates the viability of this technique to exploit
high-risk/high-reward optimizations.
The left group of 8 benchmarks in Figure 12 are from the Standard
Performance Evaluation Corporation (SPEC); these benchmarks are
used widely within the industry for performance benchmarking, and
most commercial JVMs have been tuned heavily for these benchmarks. It is therefore not surprising that our simple inlining heuristic
adjustment did not improve their performance. However, when executing new benchmarks, such as the 12 benchmarks on the right,
some substantial performance opportunities were discovered. We do
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Figure 13. Accuracy of the online system using our technique to guide inlining heuristic selection.
not believe this to be an anomaly, but another example of the fundamental issue addressed by this work: predicting performance for unseen programs is difficult, and there is tremendous opportunity available if systems can automatically identify and correct performance
anomalies.
Our auditing system has little impact on initial program startup
behavior, because the performance auditing system only operates
on methods that reach the highest levels of optimization. When a
bakeoff is performed, the method is compiled 3 times, then once
again after the bakeoff completes. Our current prototype makes no
effort to distribute these compilations over time to avoid overhead,
and thus, may introduce overhead relative to the original system
before reaching steady state. This source of overhead can be avoided
fairly easily by using known techniques, such as distributing the
compilations over time using a low priority background compilation
thread, or moving compilation to an additional processor if available.
However, the primary goal of this work is to evaluate the potential
of performance auditing by evaluating the accuracy of the bakeoff
mechanism, and its potential impact on steady state performance.

The performance of the excluded methods is small enough that
a) the accuracy of the decision is irrelevant to overall performance,
and b) the accuracy breakdown was not visibly discernible from the
figure.
The most important aspect of our system is how accurate it is on
the methods for which the expanded heuristics have a large impact,
either positive or negative. Of the methods that show greater than
10% speedup from the expanded heuristics (rightmost bars), our
online system makes the correct decision for around half of these
methods (5/11) almost every time; the remaining 6 methods result in
a timeout on every bakeoff. The system makes no wrong decisions
for these methods.
Similarly, for the methods that expanded heuristics result in
degradation of 10% or more (leftmost bars), our system often makes
correct decisions for 5 of the 11 methods, and consistently times out
on the remaining methods. For one method, the wrong decision was
made in 2 of the 10 bakeoffs.
The most important point from this data is that the incorrect
decision was avoided in almost all cases for the methods with the
biggest potential gains or loses from the optimization. As shown
by the performance results earlier in this section, making correct
conclusions on a subset of the hot methods can result in substantial
performance improvements at the program level.
The large number of timeouts is because of the time-to-convergence
problems described in more detail in Section 7. Recall that the system
collects only one timing sample each time the profiled method is invoked, 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
optimization opportunity. However, because our system uses the default optimization strategy in these cases, the resulting steady state
performance will be the same as if no bakeoff was performed.

Accuracy To evaluate the accuracy of our technique, the bakeoff
decisions from the online auditing system were compared to the
performance results from offline measurements. When an online
bakeoff is performed, there are three possible outcomes:
1. Timeout: The bakeoff was terminated because it executed for too
long without reaching a conclusion.
2. Incorrect: The system made a conclusion that was inconsistent
with the offline measurements.
3. Correct: The system made a conclusion that was consistent with
the offline measurements.
There are many sources of potential nondeterminism in our auditing mechanism, as well as in the underlying VM itself, so we ran the
online auditing system 10 times for each benchmark, and the results
for all bakeoffs were recorded.
Figure 13 presents the accuracy of the decisions made by the online system. The graph is the same format as Figure 2; each bar represents a hot method from our benchmark suite, and the total height
of the bar represents the performance improvement (or degradation)
caused by the expanded inlining heuristics for that method reported
by our offline measurements.
Each bar is broken down by shades of gray to show the results of
the online bakeoffs for that method. A solid black bar means that the
correct conclusion was reached every time a bakeoff was performed.
A bar that is 50% white means that 50% of the time the bakeoff
ran too long and timed out. Methods where expanded inlining impacted performance by less than 1% were excluded from the graph
to focus on the remaining methods. Bakeoffs were conducted for 152
methods; 73 methods impacted performance by less than 1%, and the
remaining 79 are presented in Figure 13.

7.

Discussion

The approach taken by this paper — comparing the performance
of multiple versions of a region of code without attempting to hold
inputs and program state constant — is often initially dismissed as
infeasible. Our experiences with this project lead us to believe that
the technique is in fact feasible, but it has different challenges than
originally thought.
The biggest challenge is time to convergence, i.e., the number of
data points that must be collected before making an accurate conclusion. Regions of code with high timing variance will eventually
converge if the variance is finite, but the number of samples required
may be impractical. Terminating the bakeoff early due to a timeout
is not a serious problem in our system because the default optimization can be used; however, this means the resources used to perform
the bakeoff were wasted, and an optimization opportunity may have
been lost. Reducing convergence time is an important area of future
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ing FDO in the presence of program phases remains an open research
area.
Finally, an open question regarding the future use of our work is
how to manage the exponential optimization search space. Not only
are there dozens of tuning knobs and heuristics that could potentially
be applied at runtime, but some of these heuristics have hundreds
of potential values; testing all combinations is clearly intractable.
However, this exponential space is not created by our work; it already
exists, and is essentially ignored by today’s systems; a large space
does not imply that it is not worth searching, or that substantial
performance improvements cannot be attained. Just as there has
been a large amount of work exploring the search space with offline
empirical search, our framework enables a similar line of online
research. We believe that the large search space can be best managed
by using a combination of offline and online techniques. Extensive
offline tuning can be performed to identify the most problematic
optimizations and heuristics, and these can become the focus of the
online system.

work, and we believe the approach of timing at a finer granularity
(such as timing paths instead of method invocations) is a promising
direction.
One technical challenge was engineering the system to ensure
that the collection and processing of data did not skew the results.
Whenever possible, our system randomizes the order in which data
is collected and processed (e.g., which version of the code is timed
first, which buffer is processed first, etc.). Adopting this approach
whenever possible had an impact on the accuracy of the decisions
made by the online system.
Removing outliers from the timing sets was also a key to timely
convergence. A VM environment has many sources of timing noise,
and removing outliers from the timings was an effective solution. Removing outliers is not strictly necessary, because the noise would be
evenly distributed across all optimized versions; however, removing
the outliers improves convergence time substantially. Unfortunately,
removing outliers also has a downside; some data points labeled as
“outliers” could have been a legitimate effect of the optimization being 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 reduce
the noise in the timing mechanism itself. One source of noise is
when timings are polluted by VM activity, such as JIT compilation
or garbage collection; these timing can be identified and eliminated
fairly easily. Another source of potential noise is that the cycle
counter available on our platform provides wall clock time, rather
than CPU time, so if the operating system switches out the VM
process to run another process, the other process’s time is included
in our method timings. Operating system support to provide threadspecific measurements of CPU time would help reduce these outliers.
The overhead caused by compiling multiple versions of a method
for the bakeoff cannot be completely ignored, but can be managed,
and the additional overhead is defensible if the technique results in
legitimate speedups. As described in Section 6.1, some production
VMs already perform additional compilation of hot methods to perform instrumentation for feedback-directed optimization. The overhead introduced by these additional compilations is reduced by performing compilation in the background, and using a spare processor
if available. Hardware trends, such as multi-core systems, are likely
to help in this regard, especially if the additional parallel cycles provided by the hardware are not fully exploited by the application.
These cycles can easily be used by the VM to perform additional
optimizations and other runtime services.
Differences in code layout can introduce performance variations,
which are not exploited by our current implementation. On many architectures, the position of code in memory can have a significant
performance impact. Our current system does not try to place the
code for the bakeoff in a good location. In addition, it recompiles
each method after the bakeoff completes, which may place the final
code in a non-optimal location. However, it is possible to use the performance auditor to help find a good code layout: after the bakeoff
completes, the optimized version can be patched to remove the timing code (instead of recompiling). Doing so ensures that any benefits
from code positioning identified during the bakeoff are not lost.
Program phase shifts provide both an opportunity and a challenge
for any online system. Performing optimizations online allows for
the detection of phase shifts, and optimization can be targeted to
maximize performance during each phase, which exposes potential
performance gains not visible to a less adaptive system. However,
a program phase shift can also reduce performance if the system
does not re-evaluate optimization decisions when program behavior
changes. Online performance auditing, like all feedback-directed optimizations, is susceptible to the potential benefits and degradations
due to program phases. Managing the performance risks of perform-

8.

Related Work

Prior related work in online empirical evaluations includes work in
adaptive compilation and dynamic optimization systems. Prior work
in offline empirical search includes work in optimizing libraries,
compiler phase orderings, and optimization level usage.
8.1

Adaptive Compilation with Empirical Search

Diniz and Rinard [21] proposed a Dynamic Feedback approach that
generates code for several different optimization strategies for important sections of a program. They examine different synchronization
strategies for a program’s parallel code sections. During execution
of these parallel sections, execution alternates between training and
production periods for fixed time intervals set in the compiler. The
system measures the amount of overhead relative to the performance
of the alternative implementations during this training period. It then
chooses the implementation with the lowest overhead for the corresponding production period. To choose between implementations,
they measure the overhead from one execution of the parallel section of the code. By overhead they measure all of the stalls that occur
during execution (e.g., stalls due to locking). This approach is only
feasible 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
the input being run.
Similarly, Voss and Eigenmann [54] perform dynamic optimization on hot spots through empirical search. They use a domainspecific language to specify how to search the optimization space for
a specific optimization. As an example, for loop unrolling, a hot spot
will be optimized for each level of unrolling. Each of these compiled
versions of the hot spot will be run and timed, and the fastest overall
time will be kept and used for the hot spot. They time each compiled
version only once to decide if it should be used. They deal with varying inputs by partitioning the timings into different bins based on
the loop bounds, which relies on loop bound values characterizing
varying inputs/workloads.
Both of the above techniques examine the performance of the alternatives only once to choose the better performing one. They argue that performing the timing once for an alternative is sufficient,
since the granularity of a single sample can account for a significant
amount of execution for the program’s they examined. In comparison, for general purpose applications that are run on a JVM it is
much harder to create a single large sample that represents the same
code being executed. We showed in Section 5 that for our workload
that it is difficult to correctly choose which alternative has the best
performance with a small number of samples for hot methods in a
production Java Virtual Machine. Therefore our approach, based on
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The above studies have shown that offline search of the optimization space, guided by performance data, can lead to speedups. Recent
results [53] show that this search can be done quickly with intelligent
decision trees to guide the search. Our work parallels this work: our
goal is to achieve similar results with an online search, which explores different optimizations as the program executes.

statistical analysis and randomization, determines how many samples
are needed to make a confident decision.
Fursin et al. [24] explore online empirical search for scientific
programs. Prior to the program’s execution, a set of optimization
strategies are created to be explored during execution. Their system
uses phase detection to identify periods of stable, repetitive behavior.
During a stable phase of program execution, each optimized version
is run once and timed, and the best performing version is chosen. This
approach exploits the repetitive behavior of scientific applications.
General purpose Java applications have a much higher variance in
invocation timings, which motivated our approach of taking a large
number of samples.
8.2

8.4

The previous subsection described approaches to improve code quality by performing offline experiments based on measuring execution
time. Another approach is to use machine learning to create a model
that correlates method properties with effective optimization decisions as measured by execution time [10, 49, 3]. The result is a predictive model that can be used to determine optimization decisions at
runtime for any program. This approach has less overhead than performance auditing because performance predictions are generated by
simply consulting the predictive model instead of performing multiple compilations and executing the resulting methods; however, its
effectiveness is susceptible to the deficiencies of a model as described
in Section 2.1.
Another approach is to determine the effectiveness of an optimization based on an evaluation of the quality of the generated code.
For example, Dean and Chambers [19] monitor the effectiveness of
inlining decisions in the Self system based on how many optimization opportunities are created by subsequent optimization phases.
This information is used when considering future decisions to inline a method during the same or subsequent executions. Nethercote
et al. [41] also evaluate code quality and use it to possibly reconsider
optimization decisions for a method by re-executing earlier optimization phases with different settings to produce better generated code.
Compared to performance auditing, this approach also has less runtime overhead; all decisions are made during compilation, no runtime
bakeoff occurs. However, because this approach examines the quality
of the generated code, it does use an implicit model, and thus, may
also be less robust in the presence of varying machine environments.
Our approach, performance auditing, does not use an explicit or
implicit model, but instead measures execution time during an online
bakeoff to guide optimization decisions.
One can view these four approaches: offline empirical search, offline machine learning, compile-time evaluation, and performance
auditing, as complementary approaches on a continuum. As one
moves along the continuum from offline empirical search to performance auditing, the cost of the technique increases (such as number
of compilations or runtime experiments) as well as the robustness
(likelihood for being correct in face of changing inputs and environments). Combining these techniques is both possible and attractive.
For example, one could use machine learning or compile-time evaluation to create a small subset of optimization strategies, which could
then be explored online by performance auditing.

Dynamic Optimization Using Heuristics and Feedback
Directed Profiling

There is also a large collection of online optimizations that have
built-in mechanisms to adapt their strategy based on past program behavior. Such techniques include inlining [19], garbage collection [4],
virtual method dispatch [28], object models [8], object layout [34,
44, 30]. and prefetching [12, 45, 14]. The techniques used are specific to each optimization and adapt their strategies based on program
behavior rather than execution time. More general purpose systems
for continuous optimization [35, 13] have also been proposed.
None of these techniques time and compare multiple optimizations at once to find the best. They instead use profiling information
to heuristically guide what to try next, for the specific optimization
being examined. In comparison, our goal is to provide an accurate
and general method to dynamically measure the exact performance
seen when evaluating different optimizations for a hot method.
8.3

Other Techniques for Improving Optimization Decisions

Offline Empirical Search

The performance impacts of optimizations can be used to guide performance tuning in libraries and kernels. For example, ATLAS [55],
PHiPAC [9], and SPARSITY [32] provide highly-tuned libraries for
matrix multiplication and linear algebra kernels, and SPIRAL [43]
and FFTW [23] provide digital signal processing solutions. There are
even proposals for finding the best-performing sorting routine [38].
STAPL [52] presents a general framework for representing and
searching the algorithm space for these types of optimizations.
These techniques work by exploring the algorithm and optimization spaces to tailor the library to the machine it will run on, and
even to the application and the inputs the library will be used with.
This can result in 50% to an order of magnitude speedups. The bestperforming algorithm is found by timing differently compiled versions on test inputs, and this search can take an hour to tens of hours.
To reduce the time overheads, recent techniques [57, 11] consider
using a model-based approach for searching the optimization space.
Another form of empirical optimization search is offline search
of optimization phase orderings and optimization levels. Cooper
et al. [17, 16] examined reordering phases with adaptive random
sampling and genetic algorithms. These techniques compile a version
of the program under different phase orderings and optimization
levels, and then time the execution of the resulting program with a
representative input to determine which is better.
Kulkarni et al. [37] used genetic algorithms combined with memoization to reduce their search space. They were able to achieve 4%
speedups on average by searching the compilation space for 3 hours
for embedded applications on an ARM processor. Recently they examined probabilistic pruning of the search space to reduce this search
time to 1/3 of their previous approach [36]. Triantafyllis et al. [53]
built a decision tree to decide which optimizations to apply, and in
what order. The tree guides the search, starting with the most important optimizations. They achieved 5% speedups on average compared
to -O2 compilation for the Itanium, while doubling the baseline compilation time.

9.

Conclusions

There have been three waves of optimization strategies in virtual machines [5]. The first wave used a JIT compiler on all executed methods, as done in the ParcPlace Smalltalk-80 system [20]. The second
wave, pioneered by the Adaptive FORTRAN [26] and Self-93 systems [29], employs selective optimization to focus dynamic compilation resources on the most important methods. The third wave uses
profile information gathered during the program’s execution to impact optimization decisions.
We believe the fourth wave of optimization strategies will involve
virtual machines becoming aware of the performance attained in the
current execution environment, and adapting accordingly. Our work
is a step in this direction, allowing a virtual machine to determine
whether a particular optimization improved, or degraded, bottomline performance. The technique can be used to tune optimization
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decisions at both the macro level (whether to perform an optimization) as well as the micro level (what tuning values to use for an
optimization) in a completely automatic online system.
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