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Recent studies of virtual machine warm up have pointed out that even small deterministic microbenchmarks
executed in tightly controlled circumstances often do not reach a steady state of peak performance. This
impacts performance evaluation methodologies that focus on performance after warm up, because the lack of a
steady state may violate common assumptions made when computing metrics such as the average performance
or the confidence interval for that average.

Our work examines the reported lack of steady state in the context of comparatively larger virtual machine
workloads. We document and analyze similar lack of steady state and argue that it should be considered an
inherent property of these workloads rather than a fault. We introduce an updated performance evaluation
methodology for workloads whose execution exhibits segments of steady state performance separated by
sudden performance changes. Using the Renaissance benchmark suite for the Java Virtual Machine, we show
that the methodology can produce confidence intervals that miss the true performance over 20 % less often
than the existing methodologies.
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1 Introduction

Performance evaluation of modern virtual machines often relies on executing benchmarks, or
similar experimental workloads, whose performance characterizes the system under test. In an
idealized performance evaluation scenario, that performance would be repeatable — the benchmark
would exhibit the same performance when run repeatedly on the same platform in the same

Authors’ Contact Information: Jaromir Antoch, antoch@karlin.mff.cuni.cz, Charles University, Prague, Czechia; Walter
Binder, walter.binder@usi.ch, Universita della Svizzera italiana, Lugano, Switzerland; Lubomir Bulej, bulej@d3s.mff.cuni.cz,
Charles University, Prague, Czechia; Francois Farquet, francois.farquet@oracle.com, Oracle Labs, Zurich, Switzerland;
Vojtéch Horky, horky@d3s.mff.cuni.cz, Charles University, Prague, Czechia; Aleksandar Prokopec, aleksandar.prokopec@
oracle.com, Oracle Labs, Zurich, Switzerland; Andrea Rosa, andrea.rosa@usi.ch, Universita della Svizzera italiana, Lugano,
Switzerland; Petr Tuma, petr.tuma@d3s.mff.cuni.cz, Charles University, Prague, Czechia.

This work is licensed under a Creative Commons Attribution 4.0 International License.
© 2026 Copyright held by the owner/author(s).

ACM 2475-1421/2026/4-ART128

https://doi.org/10.1145/3798236

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA1, Article 128. Publication date: April 2026.


https://orcid.org/0002-5970-0306
https://orcid.org/0002-2477-2182
https://orcid.org/0002-4573-6084
https://orcid.org/0002-1337-8024
https://orcid.org/0003-2146-160X
https://orcid.org/0003-0260-2729
https://orcid.org/0002-6467-0113
https://orcid.org/0002-7035-2322
https://doi.org/10.1145/3798236
https://orcid.org/0002-5970-0306
https://orcid.org/0002-2477-2182
https://orcid.org/0002-2477-2182
https://orcid.org/0002-4573-6084
https://orcid.org/0002-1337-8024
https://orcid.org/0003-2146-160X
https://orcid.org/0003-0260-2729
https://orcid.org/0002-6467-0113
https://orcid.org/0002-7035-2322
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3798236

128:2 J. Antoch, W. Binder, L. Bulej, F. Farquet, V. Horky, A. Prokopec, A. Rosa, P. Tima

conditions. Prior work [3, 11, 14, 19, 23, 24, 32] shows that this idealized perspective does not hold
in practice. Multiple effects complicate matters and therefore must be understood and accounted
for to correctly execute and interpret the benchmark experiments.

One effect known to complicate measurements is warm up, which causes the initial benchmark
performance to differ from the performance sustained over continuous execution. In managed
environments, an obvious technical factor contributing to warm up is just-in-time compilation,
which trades the initial expense of loading, profiling and compiling the application code for
the ensuing benefit of executing optimized machine code. Another factor specific to managed
environments is garbage collection. It typically requires multiple collection cycles to gradually
tenure long lived objects and thus collect young objects more efficiently. Still other factors may
include demand loading (of data or code) or priming of various caches at the hardware, system or
application level.

To facilitate performance evaluation in the presence of warm up, benchmark workloads progress
past warm up while repeating the same computation multiple times. The performance of each
repetition is reported individually so that the measurements from the cold repetitions can be
discarded in an experiment that is to investigate sustained performance.

Another effect that complicates measurements is run variability. Some aspects of the benchmark
workload execution, such as the exact relative timing of concurrent operations, do not lend them-
selves to sufficient control to achieve entirely equivalent benchmark runs. Besides leading directly
to different performance of individual workload repetitions, execution differences can also influence
feedback-directed just-in-time compilation and therefore expand their impact to future workload
repetitions that use the compiled code. Other resource allocation decisions that happen only once
per run may have similar effect, impacting each run in a potentially different manner that mere
workload repetition in one run can not characterize.

An accepted solution to run variability is an experiment design with multiple runs, each with
fresh initialization, compilation and resource allocation decisions, and a corresponding statistical
evaluation. A procedure described by Georges et al. [11] advocates averaging over measurements
collected within each run and then computing a confidence interval over these averages. Kalibera
et al. [23] present a more complex procedure with confidence intervals that take into account both
variability of measurements within each run and variability between runs. The procedure is further
extended by Kalibera et al. [22, 24, 26] with better variance estimates and an arbitrary depth of
experiment structure. A similar procedure is used by Bakshy et al. [2] to compute standard error in
experiments structured into batches collected across multiple hosts.

Among the complications not yet addressed is the observation made by Barrett et al. [3] in their
detailed study of virtual machine warm-up behavior, which shows that even small deterministic
benchmark workloads may not exhibit steady performance after warm up. The authors note that
with such workloads, the widely used steady-state detection method from Georges et al. [11]
incorrectly identifies steady state in most workloads without one. Furthermore, the methodology
of Georges et al. [11] assumes a workload always reaches a steady state, even if it may take a very
long time, which is an assumption the work of Barrett et al. [3] potentially contradicts. The more
recent methodology by Kalibera et al. [24] accepts that a workload may not reach a steady state,
but then recommends using the same single sample from each run, which is not efficient and may
introduce bias.

In this paper, we argue that lack of steady performance may simply be a fact of life with workloads
on modern virtual machines. We develop a new methodology that accounts for this fact — rather
than evaluating performance under the common steady-state assumption, we model the workload

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA1, Article 128. Publication date: April 2026.



Experimental Evaluation Methodology for the Era of No Steady Performance 128:3

as a random process that transitions between segments of steady-state performance, and provide a
method for summarizing such performance using confidence intervals. Finally, we demonstrate
the benefits of the model in a realistic performance evaluation scenario. In specific terms, our
contributions are:

- We extend the experiment of Barrett et al. [3] to include significantly larger code base and
significantly longer run times, using the Renaissance benchmark suite [35] for the Java Virtual
Machine. Larger code and longer run times provide additional information on the lack of steady
performance beyond the scope of the original experiment.

We use a technical analysis of a selected performance change to illustrate why we believe that

achieving steady performance after warm up may not be a useful ambition, and propose an

updated evaluation methodology to reflect this situation.

- We use simulation based on realistic statistical distributions of performance to quantify the
difference in accuracy between the existing and updated evaluation methodologies, and to expose
the impact of warm up detection mechanisms on the optimum experiment dimensions. For
analytical computation, we show that the updated methodology produces confidence intervals
that miss the true performance up to 20 % (normal quantiles) or 23 % (studentized quantiles) less
often than the existing methodologies. For resampling, we show an improvement of up to 24 %,
with the confidence intervals on average only 5.6 % wider than the ground truth data.

We proceed by investigating the long term behavior in the context of the Renaissance benchmark
suite in Section 2, and delve into the technical reasons behind the observed behavior in Section 3.
We present our updated statistical model in Section 4 and evaluate the accuracy of the confidence
intervals based on the model in Section 5. Section 6 delves into the practical implications of warm up
detection on the experiment dimensions. After summarizing the methodological recommendations
in Section 7, we close the paper with a look at the threats to validity in Section 8, related work in
Section 9, and conclusion in Section 10. Our data and scripts are also available in a reproducibility
package online.

2 Analyzing Long Runs Performance of the Renaissance Suite

In order to avoid confounding the virtual machine behavior with workload idiosyncrasies, the
study of Barrett et al. [3] deliberately relied on simple workloads. The bulk of the work used
6 benchmark workloads implemented in multiple programming languages, originally from the
Computer Language Benchmarks Game project [13], with the Java variants (without harness)
totaling 1500 LOC with no dependencies outside the Java Class Library. It is conceivable that some
of the reported effects are more pronounced with smaller workloads, where the contribution of
individual execution mechanisms to the overall workload performance tends to be relatively larger,
we therefore reproduce the evaluation of Barrett et al. [3] with Renaissance. The Renaissance
workloads (without harness) total around 69 000 LOC with 420 MB of external dependencies.’

In their study, Barrett et al. [3] executed each workload with 2000 repetitions per run and 30 runs,
runs typically took 200 s to 2000 s (3 min to 30 min). To adjust these dimensions for Renaissance, we
refer to the continuous monitoring of the Graal compiler performance [7], where some workloads
take more than 5min to get past the initial burst of compilation activity. Furthermore, some
Renaissance workloads rely on frameworks that may schedule disruptive activities with periods
in tens of minutes, such as the 30 min interval for the Apache Spark Context Cleaner garbage

! Another popular benchmark suite for the Java Virtual Machine is DaCapo [6], however, at the time of collecting the initial
measurements, the suite was not updated for over a decade. We have considered adding DaCapo to this study after the recent
releases, however, our brief experiments, available in the reproducibility package, indicated the results would be similar to
Renaissance. Note that just the initial Renaissance measurements consumed around 3 years of bare metal hardware time.
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collection.? To make sure we collect enough measurements to cover such long durations, we
use 28 800 s to 30600 s (8 h to 8.5h) runs.®> We collect this and all subsequent measurements on
dedicated Intel Xeon machines running at fixed 3.5 GHz with 32 GB DDR4-2666 RAM running
Fedora Linux, Oracle Java 11 and Renaissance 0.14.1, with the usual precautions for measurement
stability. A detailed configuration information is in the reproducibility package online.

Table 1. Workload classification with categories from [3]. The Repetitions columns give the average repetitions
executed per run and the average repetition where steady state was reached. The (Not) Steady columns give
the share of runs classified into their respective categories.

Repetitions Steady Not

Benchmark |Runs | Total Steady | Flat W-Up S-Dn | Stdy Overall
akka-uct 78 | 4230 0| 96% 4% 0% | 0% | good inconsistent
als 75 8712 5861 0% 21% 71% | 8% | bad inconsistent
chi-square 78 | 32686 11502 | 0% 47%  53% | 0% | bad inconsistent
db-shootout 77 6724 0] 100% 0% 0% 0% | flat
dec-tree 77| 39222 7420 | 0% 62% 38% | 0% | bad inconsistent
dotty 78 | 24474 4811 0%  100% 0% 0% | warmup
finagle-chirper 75| 15310 3222 | 0% 99% 1% | 0% | bad inconsistent
finagle-http 77| 9794 3567 | 8% 39% 53%| 0% |bad inconsistent
fi-kmeans 80| 10231 1033 | 0% 70% 30% | 0% | bad inconsistent
future-genetic 76 | 13877 7950 | 0% 12%  88% | 0% | bad inconsistent
gauss-mix 79 | 24504 6276 | 0% 78% 19% | 3% | bad inconsistent
log-regression 74| 55912 14651 | 0% 84% 14% | 3% | bad inconsistent
mnemonics 78 | 8534 6059 | 0% 51% 31% | 18% | bad inconsistent
movie-lens 77| 4248 2508 | 5% 1% 88% | 5% | bad inconsistent
naive-bayes 77 | 10670 7033 | 0% 23% 68% | 9% | bad inconsistent
neo4j-analytics 77| 9352 4542 | 5% 44%  48% | 3% | bad inconsistent
page-rank 75| 5399 105 | 92% 8% 0% | 0% | good inconsistent
par-mnemonics 79| 8743 4302 | 0% 53% 43% | 4% | bad inconsistent
philosophers 78| 24914 15544 | 0% 19% 81% | 0% | bad inconsistent
reactors 78 3029 23| 95% 4% 1% | 0% | bad inconsistent
rx-scrabble 77 | 105792 9258 | 5% 44% 51% | 0% | bad inconsistent
scala-doku 76 | 5663 2794 | 0% 0% 97% | 3% | bad inconsistent
scala-kmeans 78 | 73562 31242 | 3% 45% 53% | 0% | bad inconsistent
scala-stm-bench7 78 | 33637 14210 | 0% 14% 81%| 5% | bad inconsistent
scrabble 75| 64287 0| 87% 13% 0% | 0% | good inconsistent

The results of the experiment are summarized in Table 1. For reader convenience, we recapitulate
the classification categories introduced by Barrett et al. [3] — a workload run is said to reach steady
state if there was no significant change in performance of the last 500 repetitions, that steady
state is further classified as flat if there was no significant change in performance before the
last 500 repetitions, warmup if performance in the last 500 repetitions is never worse than in the
preceding repetitions, and slowdown otherwise. Across multiple runs, a workload is said to behave

Zhttps://spark.apache.org/docs/latest/configuration.html
3Not using exactly 8 h prevents inadvertent synchronization with system services that may operate on daily basis.
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inconsistently if the classification among the runs differs, that inconsistency is denoted as good
inconsistency if all runs are either flat or warmup and bad inconsistency otherwise.

naive-bayes

[s]

repetition time

0.82
0.81
0.80

0.79

execution time [h]

Fig. 1. Ad hoc examples of workload performance. Colors distinguish individual runs, a random sample of
1000 points per run is shown to reduce clutter, the top measurement percentile is removed to improve scale.
Note how some runs exhibit sudden changes in performance hours into the run.

The interpretation of Table 1 requires some care, because some of the parameters of the automated
classification used by Barrett et al. [3] were tuned to different workloads. While most runs are
classified as eventually reaching steady state, the average repetition where steady state is reached
is often relatively high, suggesting that the steady state (defined as a period of stable performance
covering the last 500 repetitions) can sometimes represent only a relatively short and possibly
transient part of the run (this is also illustrated in Figure 1, where some runs exhibit long periods
of stability that nonetheless do not reach the end of the run). The overall classification indicates
that with most workloads, reaching the steady state does not mean reaching the peak performance.

Long Runs Summary

The observations by Barrett et al. [3], which show that simple workloads often do not reach
stable performance even after minutes of execution, also apply to hours of execution of the
more complex workloads from the Renaissance suite. In some workloads, the runs exhibit sudden
changes in performance hours into the run, including changes that regress from peak performance.

3 Investigating Disruptions to Stability

When a benchmark workload serves to assess performance, it is evidently desirable that performance
after warm up reaches steady state. In fact, this intent is reflected in the workload design, where
the individual repetitions typically perform the same computation on the same data, and measures
such as stable random generator seeds are employed to remove potential variability. From this
perspective, the behavior documented in Table 1 and Figure 1 can be considered faulty and warrant
investigation. Here, we detail such investigation for one particular change in performance, which
often appeared in our measurements at around 12 100 s (3.4 h) of execution. The change is illustrated
in Figure 2.
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Fig. 2. Performance of the chi-square workload with change in some runs at around 12 100 s (3.4 h) of execution.
Colors distinguish individual runs, a random sample of 1000 points per run is shown to reduce clutter, the top
measurement percentile is removed to improve scale. Vertical line highlights the performance change.
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Fig. 3. A selection of metrics associated with a single run of the chi-square workload with performance
change at around 12 200 s (3.4 h) of execution. Vertical lines indicate the start and the end of the disruptions
associated with the performance change.

Our investigation proceeds in steps as follows:

(1) We check whether the change is associated with the usual culprits such as dynamic compilation
(we record the count of compilation events and the processor time consumed by dynamic
compilation during each repetition) or garbage collection in response to memory shortage
(we record the count of garbage collection events during each repetition and force garbage
collection between repetitions). No extra dynamic compilation event and no extra garbage
collection cycle occurs regularly around the time of the change.

(2) Ruling out the usual culprits, we collect indicators to direct further investigation. Using a manual
variant of vertical profiling [16], we collect the values of multiple system metrics, including
the attributes exported by the standard JMX interfaces of the virtual machine and the available
hardware performance counters, and examine whether these metrics change together with
performance. Selected metrics are shown in Figure 3.
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(a) The hardware performance counters associated with static workload parameters, such as
the counts of various retired instruction types, exhibit no durable shift, but may show a
short burst of increased activity around the time of the performance change.

(b) The hardware performance counters associated with the efficiency of miscellaneous pro-
cessor optimization mechanisms, such as the count of last level cache misses, or the count
of store forwarding events with aliased addresses, exhibit a shift around the time of the
performance change. The magnitude and direction of the individual metric shifts does not
necessarily correspond to the magnitude and direction of the performance change, but the
aggregate effect of multiple shifts may.

(c) The JMX attribute associated with the total live heap size fluctuates with an approximately
regular period of around 25 s, and the average live heap size over the entire period exhibits
a consistent drop of about 834 kB (0.03 %) around the time of the performance change.

Together, the metrics indicate a situation where the same code exhibits different performance
after a change in data layout, similar to observations by Kalibera et al. [23] or Mytkowicz et
al. [32].

(3) Suspecting data layout changes, we examine heap-related activity in detail. An analysis of a
verbose garbage collection log shows that the change in the total live heap size is associated
with a change in the metaspace size, which shrinks by about 405 kB but is otherwise stable
across multiple workload repetitions. Metaspace is a special part of the virtual machine heap
used to store information related to loaded classes.

(4) Investigating classloading activity in the verbose classloading log shows that the change in
metaspace size is associated with unloading of multiple classes generated internally by the
virtual machine to accelerate reflection. These classes are generated in the initial stages of the
benchmark workload and are kept alive through soft references.

(5) Objects kept alive using soft references are cleared by the garbage collector during regular
garbage collection cycles using a platform-specific strategy. In our configuration, the default
behavior is to keep objects alive for certain time from the last use of the reference. That time is
computed from the maximum heap size, with 1 MB corresponding to 1 s. The measurements used
12 GB maximum heap size, which translates to a little bit over 12 100 s, the time of the observed
performance change. The causal relationship can be confirmed by changing the maximum heap
size, which duly shifts the time of the associated performance change.

The analysis offers several takeaways. Perhaps most notably, the performance change in question
is caused by a combination of factors ranging from relatively high level actions (such as the use
of reflection) through virtual machine implementation details (such as the internal logic of soft
reference handling) down to machine code behavior (such as the sensitivity of memory access
latencies to data-layout minutiae). This requires collecting and analyzing more than the usual
amount of information, which may be expensive (more runs may be needed to collect everything)
or even impossible (tools may not work or may change observed performance).

Hinging on a long sequence of causes, the performance change may also disappear (or appear)
with arguably non-essential workload or platform changes, making the analysis results singular
rather than general. A precise understanding of the underlying causes of one performance change
may only have a limited value when considering other performance changes, other workloads or
platforms.

Finally, the mechanisms that contributed to the performance change in our example are present
in common software systems. Although adjusting the workload or the platform to prevent certain
performance effects might be possible [4, 9, 12, 29, 34], this may make the observed performance
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less representative of such software systems and thus defeat the very purpose of evaluating the
benchmark workload performance.

Stability Disruptions Summary

Analyzing and (possibly) eliminating the individual performance changes that violate the steady
state may incur high expenses for low returns. Instead, the performance evaluation methodologies
methods should support analyzing the observed performance in presence of these performance
artifacts.

4 Statistical Model with Steady-State Shifts

The existing performance evaluation methodologies recommend reporting performance with
confidence intervals [11, 24], but the prescribed computation does not support systems that exhibit
performance artifacts illustrated in Figure 1. To facilitate evaluation of such systems, we first define
a statistical model of the benchmark workload performance, and then use the model to derive
and validate suitable confidence interval computation methods. In the model, we assume that the
system under test exhibits segments of steady state performance associated with specific execution
conditions. The segments are separated by moments when the execution conditions change, notably
at the start of each run and possibly at random times during each run, as illustrated in Figure 1.

More formally, we approximate the benchmark workload performance by a non-stationary
random process, where the baseline workload performance after warm up is modulated by the
impact of the execution-segment conditions, changing at independent random moments during
every run with a constant arrival rate, and the impact of the initial run conditions, changing once
at the start of every run. Both impacts are modeled as simple additive shifts of the baseline.

- We use indices r, s and m to denote runs, execution segments within a run, and measurements
within an execution segment, respectively.

- Let R, be iid (independent identically distributed) random variables that describe the impact of
the initial run conditions of run r — the run effect, with run variance Var(R) quantifying the
variability between different runs.

- Let Sy, be iid random variables that describe the impact of the execution-segment conditions
of segment s of run r — the segment effect, with segment variance Var(S) quantifying the
variability between segments within a single run.

- Let Byy(;) be iid random variables that describe the workload performance observed in measure-
ment m of segment s of run r — the baseline performance, with baseline variance Var(B)
quantifying the inherent variability between individual measurements within a single segment.

- We use A to denote the segment arrival rate.

Each measurement X, is then expressed as a sum of the baseline performance and the modulating
conditions:

Xosm = Ry + Ss(r) + Bm(rs) 1)

A measurement experiment performs Ny runs, with Ns(r) segments in run 7, and N, M(rs) easure-
ments in segment s of run r. The values of Ng,) and N, are controlled indirectly through run
duration and are related by the segment arrival rate 1. In this model, we compute the sample

grand mean X as an estimate of the average workload performance, using a shorthand notation for

Nty = Nmgrs) .

. N,
summations where erm = Zr _Rl o1 D= -
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Z Xrsm

- 1 - _ 1 _ _
X=— X X = — X X = —
NR zr: R(r) R(r) NS(r) Zs: S(rs) S(rs) NM(rs) -

%= 5 2 (5 2 (g 2=

= \Ns) 5 \ Nmrs)

@)

Without loss of generality, we assume the run and segment effects center around zero, E[R] =
E[S] = 0. We then have E[X] = E[B], in other words the grand mean intuitively estimates the
baseline performance.*

Using the basic properties of variance, we can also compute the variance of the grand mean
Var(X). The equation relies on the iid properties of R, S and B, and for simplicity assumes Ny
and Nj(s) to be the same in each run (Ngg) and segment (Nj;gg):

Var(R) N Var(S) N Var(B)

Var(X) =
Ng Ngr-Nsg  Ng-Nsg - Nysr

®3)
In principle, our statistical model composes the contributions of the run effects, the segment effects,
and the baseline performance in a manner similar to other hierarchical models applied in earlier
performance evaluation methodologies [11, 23, 24], and, also in a manner similar to the earlier work,
can be used to compute the asymptotic confidence interval for the grand mean. In our evaluation,
we therefore only focus on the particularities of our statistical model that were not present in
earlier work.

5 Evaluating Confidence Interval Accuracy

Central to our empirical evaluation is the question of confidence interval accuracy. Our statistical
model from Section 4 differs from the existing hierarchical models in considering the steady-state
shifts between the individual execution segments, we therefore look at whether the confidence
intervals derived using our model are more accurate than confidence intervals derived using the
existing models by Georges et al. [11] and Kalibera et al. [24], which use the sample mean to
characterize the performance of each run, and then use the variance of the sample means to derive
the confidence interval of the grand mean.

In principle, assessing the accuracy of the confidence intervals entails running a large number of
experiments with known baseline performance and checking the confidence intervals constructed
from measurements against this baseline. However, this is not possible in realistic experimental
conditions, where the baseline performance is not known and estimating it with sufficient accuracy
is likely to be prohibitively expensive — with the experiments we consider in the context of
Renaissance, we are talking about executing workloads in multiple runs of several hours in each of
many experiments.

To work around the experimental constraints, we base our evaluation on simulation, similar to
Bakshy et al. [2]. Prior to the evaluation, we use extensive measurements in realistic conditions to
collect the performance parameters of the individual benchmark workloads. In the evaluation, we
use these parameters to generate data for a large number of simulated measurement experiments.
Because we generate data using a stochastic process with known parameters, we can assess what

4The sample grand mean computation uses no weights, making all runs and all segments equally important. Statistically
efficient alternatives under standard independence assumptions include weighing by sample count or weighing by inverse
variance [33]. Equal weights are appropriate when the run and segment durations are incidental to the estimated performance.
When sample sizes are not independent of sample values, weighting can introduce bias - this can occur for example when
each run executes for the same amount of time and thus runs that observe higher sample values produce fewer samples.
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proportion of the confidence intervals covers the known baseline performance and thus evaluate
the confidence interval accuracy.

In the statistical model from Section 4, the benchmark workload performance is characterized by
distributions B (baseline), S (segment effect) and R (run effect), and the segment arrival rate A. To
recover these characteristics from the preparatory measurements, we perform the following steps:

Collecting measurements. We collect enough measurements to reasonably characterize the
benchmark workload performance on the system under test. Specifically, we want to capture
the B, S and R distributions with sufficient accuracy to preserve practically relevant features
such as modes, and aim to observe potential steady-state shifts with periods of up to hours. The
conservative bounds derived by Massart et al. [30] inform us that 66 observations are enough to
reconstruct a distribution function with at most 20 % error with 99 % probability. The exponential
distribution similarly suggests 4.6 h suffices to observe a random steady-state shift with an arrival
rate of 1h™! with 99 % probability. Combining both and adding some reserve, we settle at 25
days of measurements of each workload, split into 8 h runs (with less than 5% difference in
individual workloads due to assorted experiment interruptions).

Removing warm up data. We drop measurements from the first 60 min of each run. The step is
designed to move beyond typical warm up with a large margin, and avoid more complex warm
up detection mechanisms that could interact with other measurement properties and therefore
introduce confounding factors. Again, in practice, performance of a repeating workload should
be reasonably relevant after that much time.

Removing outliers. In a simple sliding window, we drop measurements that are below the 5%
quantile or above the 95 % quantile by more than 10 % of the inter-quantile range. The step is
designed to facilitate subsequent change detection, which is sensitive to outliers [3], the exact
parameters were chosen through visual inspection.

Checking trends. We check that there is no overall trend in the measured performance. We use
bootstrap [10] over runs to compute the 99 % confidence interval for the slope of a least squares
linear regression between the duration from the start of the run and the measured performance,
and check that the interval includes zero.

Identifying execution segments. We apply the PELT algorithm [27] to detect changes in mean
or variance, in a manner similar to that of [3], except for the choice of the penalty. The formula
for the penalty described by Barrett et al. [3] yielded penalty values that were, on our data, on
average about 3 times higher than penalties chosen through visual inspection. Unlike Barrett et
al. [3], who considered many different systems under test, we could afford to choose the penalties
through visual inspection for each individual workload (by identifying a point just after the knee
on the penalty-vs-segment count curve).

Approximating distributions. We construct the empirical distributions of baseline performance
B, segment effects Sand run effects R from the individual measurements, segment means and run
means, respectively. Finally, we apply the Gaussian kernel density smoothing with bandwidth
determined using UCV [36].

Figures 4 to 6 show examples of the B, S and R distributions constructed from the workload
measurements on Figure 1 (while that figure shows only some measurements to reduce clutter, all
measurements were used to construct the distributions).

With the parametrized statistical model for each benchmark workload, we generate artificial
data that approximate measurements in realistic conditions simply by drawing from the three
distributions, B, R and S, with the number of samples determined by the experiment dimensions
and the segment arrival rate A. An example of the generated artificial data for the three workloads
from Figure 1 are in Figure 7.
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Fig. 4. Empirical distributions of the baseline workload performance B for the workloads from Figure 1.
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Fig. 6. Empirical distributions of the run effects R for the workloads from Figure 1.

We conclude the evaluation by generating a large number of artificial measurements and using
several methods to compute a 99 % confidence interval for the grand mean across these measure-
ments. Then, we look at the average interval width and at how often the intervals miss the true
baseline performance, expressed as a miss rate.

Because the simulation is intended to assess the confidence interval accuracy in realistic ex-
periments, we generate measurements approximating three realistic experiment dimensions — a
short experiment, with a total duration of 1h and 2 min warm up, a medium experiment, with a
total duration of 8 h and 5 min warm up, or a long experiment, with a total duration of 24 h and
10 min warm up. Other generated experiment parameters — the benchmark workload and the run
and sample count — are then drawn from a uniform distribution to fit the dimension. Note that
the accuracy of the statistical estimates made by the respective confidence interval computation
methods usually depends on the amount of data available, the mix of experiment dimensions in the
generated measurements may therefore influence the overall standing of each method.
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Fig. 7. Artificial data generated by simulating the performance of workloads from Figure 1 using the statistical
model from Section 4 and the distributions from Figures 4 to 6. Colors distinguish individual runs, a random
sample of 1000 points per run is shown to reduce clutter.

5.1 Analytical Computation Methods

For analytical computation methods, we generate enough measurements to distinguish miss rate
changes of 1 %. to 2 %, which is around 250 000 simulated experiments per benchmark workload.
The evaluated methods are:

Analytical Computation with Runs Only. Following [11, 24], we estimate the baseline perfor-
mance using a two-stage average — we first average measurements within each run (ignoring
segments), and then average these run means across runs. We use the sample variance of the
run means to construct the confidence interval for the baseline performance estimate. For the
exact formulas, see Appendix A.1. We refer to this computation method as segment ignorant in
further text and with the Run acronym in formulas and tables.

Analytical Computation with Segments and Runs. Following Equation (2), we estimate the
baseline performance using a three-stage average — we first average measurements within each
segment, then average segment means within each run, and finally average run means across runs.
Following Equation (3), we estimate Var(B) from the pooled variance of individual measurements
around the segment means, Var(S) from the pooled variance of segment means around the run
means, and Var(R) from the variance of the run means. We then use the combined variance
from Equation (3) to construct the confidence interval for the baseline performance estimate.
For the exact formulas, see Appendix A.2. For brevity, we refer to this computation method as
segment aware in further text and with the Seg acronym in formulas and tables.

Normal and Studentized Quantiles. For the mean and variance estimates from both methods,

we compute the confidence interval for the mean performance at confidence level y as the 1%)/

and %’ quantiles of a normal distribution with the same mean and variance, and a corresponding

Student’s t distribution with Ny — 1 degrees of freedom.
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Table 2. Miss rates and confidence interval widths for 99 % confidence intervals computed using normal
quantiles with segment-ignorant and segment-aware methods. Bold deltas are statistically significant using
Wilson proportion test for rates and paired Mann-Whitney-Wilcoxon rank sum test for widths. Benchmarks
with notable results only, see Appendix B for a complete table.

Miss Rate %o Width %.
Benchmark Seg (99% CI) Run (99% CI) A Seg Run A
scala-doku 21.87 (21.1-22.6) 26.16 (25.4-27.0) x1.20 | 30.69 29.81 -0.88
akka-uct 19.79 (19.1-20.5)  22.04 (21.3-22.8)  x1.11| 16.82 16.28 -0.55
future-genetic | 20.1(19.4-20.8)  21.64 (20.9-22.4)  x1.08 | 20.48 20.26 -0.22
scrabble 20.24 (19.5-21.0) 21.27 (20.5-22.0) x1.05 | 47.71 47.47 -0.24
movie-lens | 36.73 (35.8-37.7) 37.6 (36.6-38.6)  x1.02 | 17.08 16.99 -0.09
reactors 23.33 (22.6-24.1) 23.77 (23.0-24.6) x1.02 | 18.45 18.32 -0.13
scala-kmeans | 187.4 (185.4-189.4) 187.38 (185.4-189.4) x1.00 | 91.32 91.33 +0.01
dotty 21.92 (21.2-22.7)  21.78 (21.0-22.5)  x0.99| 9.16 9.18 +0.01
log-regression | 17.06 (16.4-17.7) 16.91 (16.3-17.6) x0.99 | 27.01 27.03 +0.02
Table 3. A variant of Table 2 computed using studentized quantiles.
Miss Rate %, Width %.
Benchmark Seg (99% CI) Run (99% CI) A Seg Run A
scala-doku 10.09 (9.6-10.6) 12.38 (11.8-13.0)  x1.23 | 41.67 40.50 -1.17
akka-uct 8.53 (8.1-9.0) 9.76 (9.3-10.3)  x1.14 | 22.87 22.18 -0.69
future-genetic 9.3 (8.8-9.8) 10.08 (9.6-10.6)  x1.08 | 27.61 2732 -0.28
scrabble 9.08 (8.6-9.6) 9.63 (9.1-10.1) x1.06 | 64.00 63.67 -0.33
reactors 10.04 (9.5-10.6) 10.37 (9.9-10.9) x1.03| 25.18 25.03 -0.16
movie-lens 19.34 (18.7-20.1)  19.96 (19.3-20.7)  x1.03| 23.30 23.18 -0.11
db-shootout | 15.23 (14.6-15.9)  15.55(14.9-16.2)  x1.02| 78.83 77.88 -0.95
naive-bayes 1053 (10.0-11.1) 1073 (10.2-11.3)  x1.02| 93.08 93.04 -0.04
philosophers 10.26 (9.8-10.8) 10.42 (9.9-10.9) x1.02 | 41.67 41.73 +0.06
scala-kmeans | 167.51 (165.6-169.4) 167.43 (165.5-169.4) x1.00 | 116.47 116.48 +0.01
log-regression |  7.64 (7.2-8.1) 7.58 (7.1-8.0) x0.99 | 36.07 36.10 +0.03

The results of the simulation are shown in Tables 2 and 3. Overall, we can observe that the
segment-aware and segment-ignorant computations yield quite similar results in terms of miss
rate and interval width for most benchmarks, however, there are several notable observations:

Miss Rate with Normal vs Studentized Quantiles. The computations use a 99 % confidence
level, which should correspond to 1 % miss rate. Across our simulation, the average miss rate was
around 3.0 % when using normal quantiles and around 1.8 % when using studentized quantiles.
Informally, the use of Student’s t distribution in the confidence interval computation compensates
for inaccurate variance estimate with low run count. Although our simulated measurements are
not drawn from a normal distribution and the confidence interval construction therefore does
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not necessarily lead to the Student’s t distribution, we can still consider the difference between
the two miss rates to reflect the loss of accuracy in the Var(X) estimate due to low run count.

Segment Impact in Segment-Ignorant Computation. Although the segment-ignorant compu-
tation does not consider segments explicitly, they are still reflected in the Var(X) estimate. With
very short runs (Nyy(,y < 1/2), the start of most segments will coincide with the start of a run and
the segment effects S will be mostly indistinguishable from the run effects R. On the opposite end
of the spectrum, with very long runs (Nj(;) > 1/2), S will be similarly indistinguishable from
the baseline workload performance B. The sweet spot where the segment-aware computation
can differ substantially from the segment-ignorant computation are therefore experiments where
the runs are long enough to include multiple segments, but not so long that the impacts of the
segments entirely average each other out.

Workloads with High Segment Variance. The segment-ignorant computation gives significant-
ly worse miss rate for the akka-uct, future-genetic and scala-doku workloads than the segment-
aware computation, with 8 % to 23 % more misses. These three workloads have a high segment
variance Var(S) relative to the run variance Var(R), and a low segment arrival rate A, which
increases the relative importance of the segment variance component in the run mean variance
from Equation (3). In situations where the segment-ignorant computation underestimates the
run mean variance, the potentially more accurate pooled variance estimate of the segment-aware
computation may lead to a more accurate result for the run mean variance.

Bimodal Run Effects. Even with the studentized quantiles, both computation methods exhibit

high miss rate with low run count for the scala-kmeans workload, and to a smaller degree also
for the db-shootout, finagle-chirper, gauss-mix, movie-lens and page-rank workloads. These
workloads have a bimodal distribution of the run effects R and an accurate estimate of the run
variance Var(R) therefore requires a high run count.
On the flip side, the studentized quantiles give very low miss rates with low run count for the
log-regression, mnemonics and par-mnemonics workloads. For these workloads, the computation
overcompensates for inaccurate variance estimate with low run count, the effect is associated
with high kurtosis of mostly unimodal distribution of the run effects R.

Interpretation of Segment Weight. In the segment-aware computation, each segment contrib-
utes with equal weight to the run mean. In the segment-ignorant computation, the entire run
can be modeled with a mixture distribution where the segment contributition is determined by
the segment length. The variance of the run means Var(Xgun) depends on the relative segment
lengths and is generally higher than the variance of the run means computed from the seg-

ment means Var(X}“gEg ) unless the segments are of equal length. With random segment lengths,
the segment-aware computation therefore tends to produce more narrow and more centered
confidence intervals.

Impact of Segment Detection Accuracy. With generated measurements, we can also compare
the effect of using the ground truth information about segment boundaries vs using the segment
boundaries detected in the generated measurements. Perhaps somewhat counterintuitively, the
miss rate improvements of the segment-aware computation tend to be smaller when using the
ground truth information about segment boundaries. This can be explained by considering the
behavior of the segment detection algorithm — especially with long runs, the algorithm can
label outlying measurements as (short) segments, overestimating the segment arrival rate A and
therefore reducing the relative importance of the segment variance component in the run mean
variance from Equation (3).

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA1, Article 128. Publication date: April 2026.



Experimental Evaluation Methodology for the Era of No Steady Performance 128:15

Analytical Computation Summary

The segment-aware confidence interval computation delivers equal or better miss rate than the
segment-ignorant computation, with only very small impact on the average confidence interval
width, which makes it a suitable default method in the presence of segments. For workloads with
high segment variance, the method significantly reduces the miss rate. Regardless of the method,
workloads with bimodal run effects require high run counts for accurate confidence intervals. On
average, the methods typically achieve worse miss rate than what the confidence level of 99 %
would warrant even with the studentized quantiles.

5.2 Resampling Computation Methods

For resampling computation methods, which are more computationally expensive than the an-
alytical methods, we generate enough measurements to distinguish miss rate changes of 1% to
2%, which is around 11 000 simulated experiments per benchmark workload. We generate more
measurements for the akka-uct, future-genetic and scala-doku workloads, which yielded the largest
miss rate differences between the segment-ignorant and segment-aware analytical computations.
The evaluated methods are:

Resampling with Runs Only. We perform two-stage bootstrap by resampling runs, and then
measurements within each resampled run (ignoring segments). Specifically, our bootstrap sample

X* is an average of resampled run means XE(r*), and each resampled run mean Xl’;(r*) is an

average of resampled measurements X« ,;«. During resampling, r* is drawn uniformly with
replacement from 1... Ng, and (s*,m*) is drawn uniformly with replacement from {(s,m) :
s € 1... Ny, m € 1... Npj5)}. For brevity, we refer to this computation method as segment
ignorant in further text and with the Run acronym in formulas and tables.

Resampling with Segments and Runs. We perform three-stage bootstrap by resampling runs,
then resampling segments within each resampled run, and finally resampling measurements
within each resampled segment. Specifically, our bootstrap sample X* is an average of resampled
run means X';(r*), each resampled run mean X’l’;(r*) is an average of resampled segment means
X;(r*s*)’ and each resampled segment mean Xg‘(r*s*) is an average of resampled measurements
Xpe e During resampling, r* is drawn uniformly with replacement from 1... Ny, s* is drawn
uniformly with replacement from 1... Ng(+), and m* is drawn uniformly with replacement from
1... Npj(p+s+- For brevity, we refer to this computation method as segment aware in further text
and with the Seg acronym in formulas and tables.

In both methods, we use 33 000 replicas and compute the 99 % confidence interval for the grand
mean using the expanded percentile method from [18]. The results are shown in Table 4.

Overall, we can observe that the difference between the segment-aware and segment-ignorant
confidence intervals with the resampling computation methods is similar to that of the analytical
computation methods. In particular, the observations on the segment impact in segment-ignorant
computation, high segment variance, and bimodal run effects also apply for the results in Table 4.
Additionally:

Interval Location around Sample Mean. Unlike the analytical computations, the resampling
computation does not necessarily center the confidence intervals around the sample mean, and
thus provides more accurate interval location for workloads with skewed distribution of the
initial run conditions R. This is illustrated in Figure 8 on the scala-kmeans workload.

Hit Rates and Relative Widths. Comparing Tables 2 to 4 further reveals that on average, the
miss rate of the resampling computation (2.4 %) is between that of the analytical computations
with normal quantiles (3.0 %) and studentized quantiles (1.8 %). Similarly, the average relative
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Table 4. Miss rates and confidence interval widths for 99 % confidence intervals computed using normal
quantiles with segment-ignorant and segment-aware methods. Bold deltas are statistically significant using
Wilson proportion test for rates and paired Mann-Whitney-Wilcoxon rank sum test for widths. Benchmarks
with notable results only, see Appendix B for complete table.

Miss Rate %o Width %.
Benchmark Seg (99% CI) Run (99% CI) A Seg Run A
scala-doku 15.83 (15.0-16.7) 19.64 (18.7-20.6) x1.24 | 32.84 32.14 -0.70
akka-uct 12.79 (12.1-13.6) 1471 (13.9-15.5) x1.15 | 18.84 18.44 -0.40
future-genetic | 15.06 (14.1-16.1)  17.25(16.2-18.4)  x1.15 | 22.55 22.22 -0.33
dotty 17.82 (14.9-21.3) 20.05 (17.0-23.7) x1.12 | 996 9.90 -0.06
scrabble 15.14 (12.5-18.4)  16.95 (14.1-20.3)  x1.12 | 52.25 51.74 -0.51
( )

naive-bayes 17.58 (14.7-21.0

19.39 (16.4-23.0) x1.10 | 74.46 73.88 -0.58

scala-kmeans | 176.73 (167.8-186.0) 176.99 (168.1-186.3) x1.00 | 92.83 92.74 -0.08
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Fig. 8. Average confidence interval location for experiments with different run counts of the scala-kmeans
workload. Colors distinguish the computation method used to obtain the interval.

confidence interval width of the resampling computation (5.0 %) is between that of the analytical

computations with normal quantiles (4.7 %) and studentized quantiles (6.3 %).

For reference, we also perform simulated experiments to determine the empirical distribution
of the grand mean X. In the context of the resampling computation methods, this constitutes the
source of the ground truth for the confidence interval width. The results, shown in Table 5, indicate
that the segment-aware intervals are, on average, 5.6 % wider than this baseline.

Resampling Computation Summary

Similar to the analytical computation, the segment-aware confidence interval computation
delivers equal or better miss rate than the segment-ignorant computation, with only very small
impact on the average confidence interval width and significant reduction in the miss rate for
workloads with high segment variance. Regardless of the method, workloads with bimodal run
effects require high run counts for accurate confidence intervals. On average, the methods achieve
worse miss rate than what the confidence level of 99 % would warrant despite the intervals being
slightly wider than the empirical baseline.

6 Handling Warm Up

A typical benchmark experiment does not immediately exhibit peak performance. Instead, it initially
exhibits a period of an anomalous (often, but not always, reduced) performance, denoted as warm
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Table 5. Segment-aware 99 % confidence interval width relative to centered 99 % inter quantile interval of
the grand mean X. Differences in braces were not found statistically significant using paired Mann-Whit-
ney-Wilcoxon rank sum test. Sorted by relative interval width.

Relative Relative Relative
Benchmark Width Benchmark Width Benchmark Width
reactors x1.13 finagle-http  x1.06 dec-tree x1.05
akka-uct x1.10 movie-lens  x1.06 mnemonics x1.04
scala-doku x1.08 als x1.06 par-mnemonics  x1.03
scrabble x1.08 dotty x1.06 scala-stm-bench7 x1.03
fi-kmeans x1.07 gauss-mix x1.06 neo4j-analytics  (x1.03)

future-genetic  x1.07 philosophers x1.06 log-regression x1.03
db-shootout x1.07 chi-square x1.06 scala-kmeans (x0.96)
page-rank x1.07 naive-bayes  x1.05

finagle-chirper x1.06 rx-scrabble  x1.05

up. During warm up, one-off mechanisms such as priming of processor, system and application
caches, demand loading of code and data, just-in-time compilation, and stabilization of resource
allocation algorithms including power management and load balancing, take place and thus impact
performance.

While the warm up performance itself may be of practical interest (for example when considering
the reaction time of interactive applications, or when minimizing the response latency of newly
allocated service containers in the cloud), Renaissance and other benchmark suites are geared
towards workloads that should mostly execute past warm up in practice. This is reflected in the
benchmark harness design, which executes the same workload repeatedly to get past warm up,
and gives rise to the question of when warm up completes.

Earlier work such as [11], and benchmarks such as [6], equate warm up with performance
disruptions that increase sample variance, and thus detect end of warm up by waiting for sliding
window variance to shrink below a heuristic threshold. This approach, however, does not cope well
with the typical behavior of just-in-time compiled workloads, where isolated compilation bursts
yield periods of stable performance interleaved with sudden performance shifts, as illustrated in
Figure 9. Rather than focusing purely on performance variability, we therefore define warm up
more broadly as an initial execution phase where the system behavior is not relevant to the goals
of the particular performance evaluation experiment. We illustrate the methodological shift due to
our warm up definition on the observed compilation progress.
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Fig. 9. Ad hoc example of periods of stable performance interleaved with performance shifts in warm up of the
scala-stm-bench7 workload. Blue vertical lines denote repetitions where more than one method compilation
completed, the top measurement permille is removed to improve scale.
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6.1 Compilation Progress Based Warm Up

When the Renaissance benchmark suite is used to determine the performance of code produced by
just-in-time compilation, warm up must last long enough for the performance relevant code to be
compiled. Because the compilation prioritizes frequently executed code [15], waiting for warm up
to complete equates to waiting for compilation activity to subside (because just-in-time compilation
is requested for all frequently executed code, any left-over code is not frequently executed, and
therefore unlikely to be relevant to performance). This behavior is illustrated in Figure 10.

=i} 100 code type

§ 73 0 2 4 native
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2 25 1 3 unknown
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execution time [min]

Fig. 10. Ad hoc example of the code type evolution during warm up of the scala-stm-bench7 workload.
Color denotes code type, numerical levels correspond to the Open)DK compilation log (0 for JNI wrapper
code, 1 to 3 for C1 compiled code with different profiling levels, 4 for C2 compiled code), unknown denotes
dynamically installed code with no associated compilation record, native denotes code of the virtual machine
itself, parentheses indicate code that was not observed running in the last 1h of an 8 h execution.

In the execution profile in Figure 10, a significant share of the warm up happens in the first
minutes, where the share of the virtual machine code (which includes the workload executing
in the interpreter) decreases to around 12 % of the execution time, and the share of the code
produced by the C2 compiler grows to around 85 %. However, most of that code is replaced in
subsequent compilations and only around 27 % is used for the remaining workload execution. A
significant share of those subsequent compilations happens around 17 min, afterwards the share of
the code produced by the C2 compiler is around 86 % and around 92 % of that code is used for the
remaining workload execution. In this case, an experiment used to determine the performance of
code produced by the C2 compiler should therefore warm up for at least 2 min if both interim and
stable code is of interest, and at least 17 min if only stable code is relevant.

To highlight the difference between warm up criteria based on performance variability and on
compilation progress, we collect the same execution profiles as in Figure 10 for 10 8.5 h runs of each
Renaissance workload and compute the warm up time using three different criteria. In Table 6, the
CoV column shows the warm up time based on performance variability from [11], with a workload
considered warm if the coefficient of variation of 10 subsequent repetitions drops below 0.02. The
% Stable and % Last Tier columns show the warm up time based on compilation progress — both
compute shares of a specific code type across 1 min windows and consider the workload warm
when that share reaches 95 % of the maximum observed across the entire execution. The % Stable
column considers code that is not replaced in subsequent compilations, effectively defining warm
workload as workload whose code will no longer change due to compilation. The % Last Tier column
considers code that is produced by the C2 compiler, effectively defining warm workload as workload
whose code relies as much as possible on the C2 compiler.

Table 6 offers several observations:

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA1, Article 128. Publication date: April 2026.



Experimental Evaluation Methodology for the Era of No Steady Performance

128:19

Table 6. Warm up times computed using different criteria. Average times, with min-max interval in parenthe-

ses.

Warm Up [s] per Criteria

Benchmark CoV % Stable % Last Tier
akka-uct 123 (29-459) 120 (120-540) 120 (120-120)
als 43 (33-54) 120 (120-120) 180 (180-180)
chi-square 15 (13-22) 120 (60-120) 120 (120-120)
db-shootout 1446 (117-15587) 120 (120-120) 120 (120-120)
dec-tree 27 (23-44) 120 (120-120) 240 (240-240)
dotty 68 (59-72) 180 (180-240) 420 (300-480)
finagle-chirper 45 (42-50) 930 (420-3360) 120 (120-120)
finagle-http 21 (20-30) 390 (120-2100) 120 (120-120)
fi-kmeans 8 (5-9) 60 (60-60) 60 (60-60)
future-genetic 4 (3-6) 60 (60-120) 120 (120-120)
gauss-mix 17 (14-20) 60 (60-60) 180 (120-240)
log-regression 75 (39-102) 120 (120-120) 180 (180-240)
mnemonics 13 (11-16) 60 (60-60) 120 (120-180)
movie-lens 68 (65-124) 120 (120-2580) 180 (180-240)
naive-bayes 38 (30-47) 120 (120-120) 120 (120-180)
neodj-analytics 50 (49-58) 120 (120-120) 180 (120-180)
page-rank 37 (30-39) 2490 (2460-2580) 120 (120-120)
par-mnemonics 10 (10-10) 60 (60-60) 120 (120-120)
philosophers 9 (4-448) 120 (60-2460) 60 (60-60)
reactors 442 (43-1308) 2880 (780-24120) 150 (120-300)
rx-scrabble 4 (3-6) 60 (60-19980) 120 (120-120)
scala-doku 23 (22-23) 14100 (13920-14280) 6120 (240-12360)
scala-kmeans 1(1-2) 60 (60-60) 60 (60-120)
scala-stm-bench7 7 (4-32) 2130 (900-8460) 120 (120-180)
scrabble 62 (13-393) 60 (60-60) 60 (60-60)

Performance Stability Does Not Reflect Code Maturity. Most workloads are considered warm
using the performance variability criterion well before the compilation progress criterion, sug-
gesting that the former may not be a good choice for investigating code produced by just-in-time
compilation.

Tuning Required. Even when working with a single benchmark suite, heuristic thresholds in
warm up criteria may require workload-specific tuning. This is illustrated on the db-shootout
workload, whose repetition times form a multimodal distribution with a high coefficient of
variation. The warm up time based on performance variability therefore fluctuates even though
the warm up time based on compilation progress is stable.

Inherent Detection Overhead. Evaluating the warm up criteria requires data from a window of
multiple repetitions. A workload is considered warm only after the entire window meets the given
criteria, thus all repetitions within the window are warm and the size of the window represents
an inherent overhead in terms of extra repetitions performed beyond the warm up point. This
holds even for more complex methods [38, 39]. Some workloads exhibit a wide min-max range
of warm up times, indicating that using a conservative warm up time constant across multiple
workload runs, suggested by Kalibera et al. [24], entails similar overhead.
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6.2 Optimum Experiment Dimensions with Segments and Warm Up

In an experiment that performs Ny runs and collects a fixed number of measurements Nyp in
each run, the choice of Ni and Nz influences the variance of the grand mean X and therefore
the accuracy of the performance evaluation. Kalibera et al. [24] give a formula for the choice of
experiment dimensions that minimizes the variance of the grand mean:

[ \/ Cost,H Var(L;)

Cost; Var(LHl ) @)

In Equation (4), i ranges over the levels of hierarchy in the experiment - in our case, i = 1 refers
to measurements in a segment, i = 2 refers to segments in a run, and i = 3 refers to runs in an
experiment. The Var(L;) notation denotes the variance of the random variables that describe the
impact of the individual levels of hierarchy on the baseline workload performance — in our case, L;
corresponds to B, L, corresponds to S, and L3 corresponds to R from Section 4. Finally, Cost; refers
to the cost associated with measurements at level i.

Kalibera et al. [24] assume a model where the experiment dimensions can be controlled indepen-
dently. In our case, however, the number of segments in a run and the number of measurements
in a segment are controlled only indirectly through run duration and are related by the segment
arrival rate A, making it impossible to apply Equation (4) directly.

As a workaround, we can rely on our observation made with the segment-ignorant computation,
where, depending on the duration of the runs, the segment effects S are attributed partially to the
run effects R and partially to the baseline workload performance B. For the extremes of very short
and very long runs, we can substitute Var(L;) and Var(L,) in Equation (4) as follows:

- For very short runs (Nyr < 1/1), Var(L;) = Var(B) and Var(L,) = Var(R) + Var(S).
- For very long runs (Ny g > 1/1), Var(L{) = Var(B) + Var(S) and Var(L,) = Var(R).

To put these alternatives in perspective, we note that our workloads exhibit change rates A
around 1 x 1073 to 1 x 10~ and repetition times on the order of 0.1s to 10s. The point halfway
between the alternatives, where on average one segment arrival is observed in each run, is typically
reached with runs of a few hundred seconds (minimum 23 s for log-regression, maximum 25 min
for page-rank). Our experiment dimensions assume a total duration of 1h to 24 h and a warm up of
5min to 10 min, most simulated experiments will therefore fall into the short runs alternative and
the segment effects S will mostly fuse with the run effects R.

akka-uct fj-kmeans reactors scala-doku
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0.15 0.20
0.03 0.20

-
0.10 0.15 0.15
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0.10 0-10

0.05 e o -’ B
’ 0.05 0.05

interval width [s]

0.00 0.00 0.00 0.00
50 100 50 100 50 100 50 100
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Fig. 11. Ad hoc examples of the centered 99 % inter quantile interval width of the grand mean X for 24h
experiments with different run counts. Blue vertical lines denote the number of runs recommended by
Equation (4) for very short runs (right) and very long runs (left).

Figure 11 compares the results of Equation (4) with the true 99 % inter quantile interval width of
the grand mean X. The examples indicate that the recommended experiment dimensions fall into a
flat region of the interval width curve, where erring slightly in favor of fewer longer runs does not
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increase the interval width much. When substituting the short runs alternative to Equation (4), we
typically have the cost ratio in the order of hundreds and the variance ratio at most in the order
of ones, resulting in a recommendation to collect at most tens of measurements within each run.
Importantly, this is close to the inherent overhead of the warm up detection methods highlighted
in Section 6.1 — in practical scenarios, the number of measurements collected within each run may
therefore be driven by the warm up detection rather than the recommendation from Equation (4).

Handling Warm Up Summary

Merely reaching stable performance may not meet the purpose of the warm up, and the warm up
duration changes significantly depending on the purpose. For warm up criteria based on performance
variability and on compilation progress, the warm up duration is often not stable between runs,
representing a complication for experiments that determine a common warm up time for multiple
runs. The overhead of the warm up detection methods may represent a more significant factor
in dimensioning experiments than the variance contributed by the levels of hierarchy in the
experiment.

7 Practical Methodology

For reader convenience, we summarize the relevant steps of our work in the form of practical
methodology, akin to the recommendations of Georges et al. [11] and Kalibera et al. [24]. We consider
experiments that assess performance of repetitive mostly stable workloads, such as DaCapo [6],
Renaissance [35], or similar experimental workloads used in performance evaluation of modern
virtual machines.

To reflect the characteristics of the workloads, including warm up and steady state shifts, we
perform initial methodology calibration steps, which ensure we compute meaningful statistical
estimators to report performance. The calibration steps collect diagnostic measurements - in simple
scenarios, these measurements may suffice for subsequent evaluation, while in more complex ex-
periments, the same calibration can apply to reasonably similar experiment components that collect
additional measurements. We use italic for calibration examples that illustrate the quantitative
parameters in the context of our experiments from Section 5.

Define Warm Up.
Warm up must be defined prior to the initial methodology calibration, which assumes only warm
measurements are used. Section 6 illustrates how the warm up definition, and consequently
the warm up duration, is determined by performance experiment objectives. Use one of the
existing warm up detection methods based on steady state [5, 11, 38, 39] for experiments that
aim to characterize stable performance. Use warm up detection from Section 6.1 for experiments
specifically concerned with JIT compiled code.

Estimate Segment Variability.
Goal. Estimate the contribution of the segment variability to the overall measurement variability.
Procedure. Select the minimum steady state shift rate the experiment must have power to detect,

Amin- Collect measurements from a small number of runs NIJ;“ "% whose length is sufficient to
likely observe the steady state shifts.

The choice of Ny, is connected to the likelihood of failing to observe steady state shifts
even if the system can exhibit such behavior. With independent arrival assumptions from
Section 4, a run has at least 50 % chance of encountering a segment in [n(2)/A,,;,, measurements.
With ngong = 5 runs of such duration, or a single run of 5 times such duration for segment
detection, the probability of encountering a segment at least once already exceeds 96 %.
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As an example from our experiments, the median steady state shift rate was 2.2 x 1074,
suggesting a segment should be observed with 50 % chance over 3139 measurements.

Use the PELT algorithm [27] to identify segments as do Barrett et al. [3] and Traini et al. [38],
with the penalty value determined by the location of the knee on the penalty-vs-segment
count curve as done by Traini et al. [38] and in Section 5.

Output. Estimate of segment variance computed using Equation (6) from Appendix A.2, used
in subsequent decisions.

Estimate Run and Measurement Variability.
Goal. Estimate the contribution of the run and measurement variability to the overall measure-
ment variability.
Procedure. Collect measurements from a small number of runs N; gh‘m whose length exceeds
warm up by a small number of observations N ]‘thor ! to estimate run and measurement variability.

The choices of N}ghor fand N AS/IhO” are related to the accuracy of the variance estimates. With
normality assumptions, 30 observations are often cited as sufficient for a reasonably accurate
estimate [11], but the choice depends on the measurement distribution.

As an example from our experiments, which use realistic distributions, as few as ngh"” =25
runs typically achieved a relative error less than 5 %.

Output. Estimates of run and measurement variances computed using Equations (5) and (7)
from Appendix A.2, used in subsequent decisions.

Decide on Experiment Dimensions.

Goal. Select the number and length of runs to balance the individual components of performance
variability towards narrow confidence intervals.

Procedure. The purpose of the performance experiment may dictate some experiment dimen-
sions, such as including long runs to increase the likelihood of observing rare events. Use
Equation (4) for guidance on the ratio of experiment dimensions that balances the individual
components of the performance variability. Use Equation (3) together with analytical confi-
dence interval computation to estimate the confidence interval width for specific experiment
dimensions, and, conversely to estimate the dimensions needed for specific interval width.>®

Decide on Confidence Interval Computation Method.

Goal. Decide on segment-aware vs segment-ignorant and analytical vs resampling computation
for the confidence intervals to avoid complexity.

Procedure. Equation (3) determines whether segment-aware computation is beneficial. When
Var(R) >> Var(S)/Nsg, where Var(R) and Var(S) are the run and segment variance and
Nsp is the average number of segments in a run, the segment variability contribution is
negligible and segment-ignorant computation suffices. The segment-aware computation is
most beneficial when the ratio of segment variance to run variance is high. Section 5 indicates
the choice of segment-aware computation is a safe default.

As an example from our experiments, the akka-uct, future-genetic, scala-doku and scrabble
workloads, which benefit from segment-aware computation per Tables 2 and 3, also had the four

5Section 5 relied on very large experiment dimensions to make sure the accuracy evaluation is reliable, however, this is not
mandated by our methodology.

The recommendations of both Georges et al. [11] and Kalibera et al. [24] assume equal number of measurements in all
runs. The segment-aware computations from Appendix A.2 can handle runs of various lengths. Although such experiment
configurations will not minimize the variance of the average overall performance per Equation (4), Figure 11 suggests
complementing mostly short runs with several long runs can achieve reasonably narrow confidence intervals while also
capturing information on long term workload behavior that only long runs can provide.
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highest Var(S)/Var(R) ratios, respectively 36 %, 58 %, 367 % and 40 %, while the workloads that
did not benefit typically had the ratio below 10 %.

Use standard histogram plots of the measurements from the earlier steps (as in Figures 4
to 6) to decide on analytical vs resampling computation. Although more computationally
expensive, the resampling methods work better when dealing with asymmetric distributions
of the run and segment effects. The analytical computation is faster and conveniently handles

extreme confidence levels. Section 5 indicates the choice of resampling methods is a safe
default.

Collect Measurements.
Multiple runs involving virtual machine restarts, as well as other platform-specific precau-
tions [20], are needed to fully characterize the workload performance. The Randomized Multiple
Interleaved Trials methodology [1] helps avoid bias from time-varying experimental conditions.

Sanity Checks.
Use scatter plots (as in Figures 1, 7 and 9) to identify non-stationary performance artifacts, such
as trends, which render the goal of reporting the average overall performance meaningless.
Resource metrics such as memory consumption may reveal trends before they become visible in
the time measurements, this was the case with the reactors workload in our experiments due to
a leak that was since fixed in Renaissance.

8 Threats to Validity

Probably the most pertinent question concerning the validity of our results is how much our
statistical modeling assumptions match reality. As is common in the existing models [11, 24], we
treat measurement samples as independent identically distributed random variables. A sufficiently
complex system can violate this assumption with almost arbitrary implications, however, extreme
scenarios would often constitute behavior of limited practical relevance.

Also similar to existing models, we assume the run and segment effects can be modeled as
additive shifts of the baseline performance. Neither is generally guaranteed, however, a visual
examination of the measurements suggests mostly additive shifts are quite common. We also note
that the hierarchical nature of the evaluation uses the individual measurement samples as the
most averaged component of the observed performance, dampening the effect of other potential
distribution changes on the average performance.

In some computations, we assume averages will tend to normal distribution, with compensation
for small sample counts. Our experiments, however, do not rely on normality, and show the effect
of non-normal measurement distributions on the confidence interval accuracy.

Specific to our model is the assumption that execution-segment conditions change at independent
random moments with a constant arrival rate. Directly, we only use this assumption to derive the
expected number of segments in a run, however, it also has a more subtle implication, making the
arrivals, and therefore the segment lengths, independent of the segment shifts. This contradicts the
behavior of the PELT algorithm for identifying the execution segments, which is more likely to
detect shorter segments with larger shifts. In the extreme, the PELT algorithm may confuse short
bursts of outliers for execution segments, which may not match the intended meaning of segments.
Filtering outliers prior to identifying the execution segments reduces this concern, and was also
done in prior work that relied on the PELT algorithm [3, 38].

The very first execution segment of a run constitutes a special case, as it starts together with
the run, with (necessarily) independent segment shift. As a result, our model shows that for low
segment arrival rates relative to warm up, it is more efficient to initiate a new run early rather than
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wait for a new segment to arrive (because a new run will also initiate a new segment). For this
observation to extend to reality, the distribution of the segment shifts at the end of the warm up
would have to match the same distribution in later execution — unfortunately, this match is hard to
test even with our wealth of measurements, in part because the results of any such test very much
depend on the adopted distribution similarity metric, but also because there is an element of circular
reasoning involved - if the role of the warm up is to get past transitory workload performance,
then any difference between segment shifts at the end of the warm up and later execution is, by
definition, an indication of insufficient warm up. We believe that in practice, the fluid nature of the
warm up detection methods will prevent accurate enough comparisons between warm up time and
segment arrival rate, and longer measurements will still be needed anyway to examine the very
existence of execution segments — but the effect may explain why the lack of stability lamented by
Barrett et al. [3] does not attract more attention in measurement studies with enough runs.

The assumption of independent execution-segment conditions is also related to the notion of
the true performance estimated by measurement. Our work targets experiments whose goal is to
estimate the expected performance across runs and segments whose durations are incidental rather
than meaningful. When that is the case, the computation isolates the estimate of the potential
performance from the impact of run and segment duration. In settings where run or segment
durations are themselves meaningful and should be factored into the definition of true performance,
alternative weighted grand-mean estimators may be more appropriate. Such estimators exhibit
different finite-sample variance and therefore different confidence-interval coverage behavior.

Finally, the assumption of independent execution-segment conditions can be examined from the
perspective of mechanisms that cause the segments to appear. Some, such as dynamic compilation,
are likely to exhibit initially high arrival rate, which should gradually subside, and are best handled
as warm up. We note, however, that even dynamic compilation may cause performance changes after
long periods of repetitive execution, due to high invocation thresholds used to trigger compilation,
or even indefinitely repeating performance changes, for example in applications that generate code,
or due to artifacts such as deopt loops. Other mechanisms, such as the memory layout changes
described in Section 3, can also keep triggering performance changes indefinitely, simply because
execution will likely involve cycles of allocation and (potentially copying) garbage collection.
Additionally, mechanisms beyond the scope of our experiments, such as the scheduling algorithms
employed on heterogeneous multicore processors, can also interact with the benchmark workload
in complex ways leading to perpetual performance fluctuations.

Where external validity is concerned, the usual platform disclaimers apply — while our general
experience is that workloads of similar complexity on platforms with dynamic compilation and
garbage collection exhibit similar behavior, a definitive confirmation for a specific workload and
platform can only be given by additional experiments. For more arguments supporting our conclu-
sions, we note that dependency of workload performance on (transient) memory layout, which is
among the causes of performance changes we consider, has been reported repeatedly [9, 23, 32].
We also suggest that some parameters of our workloads, such as the segment lengths and shifts, are
perceived relative to the baseline performance and are therefore likely to retain their relative sizes
- for example, much shorter segments or much smaller shifts would become difficult to separate
from baseline sample variability, while much longer segments or much larger shifts would make
the baseline performance impractical to observe.

Our simulation uses a mixture of experiment dimensions chosen to resemble experiments
conducted on a time scale of several minutes to several hours. Some of our quantitative conclusions
depend on this mixture and may become more or less pronounced with other experiment dimensions.
Our reproducibility package includes a breakdown of the quantitative results that shows this
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dependency, with some obvious observations — for example, when the experiment dimensions
favor many very short runs, the difference between segment-aware and segment-ignorant methods
becomes negligible because there is not enough time for segments to arrive.

9 Related Work

This paper directly follows the methodology work in related literature [2, 11, 19, 24, 25], which has
helped establish the practice of designing experiments that collect multiple measurement samples
from multiple runs (and possibly multiple compilations, multiple deployments, and so on) to provide
complete information about system performance, and which has advocated the use of confidence
intervals, among other statistical tools, to report such information. In our work, we stay with this
practice, but extend it in the light of findings reported by Barrett et al. [3] and later Traini et al. [38],
which both point out that many benchmarks do not reach steady state within reasonable time.

Our observations on the relationship between warm up detection and experiment dimensions
are connected to the prior work [5, 17, 21, 28, 38—41], which documents the open issues in warm
up detection and the impact of experiment dimensions on result accuracy. Notably, the warm up
detection tends to focus on the stability of the collected performance metrics. Code maturity, which
we also use for warm up detection, was investigated in the context of profiling by Mueller et al. [31].

Finally, besides the studies pointing out the lack of steady state in existing benchmarks, our
point that we may need to give up on steady state is connected to work documenting issues with
benchmark quality, such as [8], and to studies that show how minute workload properties impact
performance [14, 32] and how complex it may be to do something about it [9, 12].

10 Conclusion

Our work extends the findings of Barrett et al. [3] and Traini et al. [38] on the lack of steady state
in deterministic microbenchmarks to larger workloads, represented by the Renaissance benchmark
suite [35]. In our measurements, most workloads do not reach steady state consistently across runs,
and when an apparent steady state is detected, it can represent only a fraction of the run (Table 1).

By documenting sudden shifts in performance that occur after several hours of stable execution
(Figure 1), we show that reaching steady state is not merely a matter of executing the workload
for a few more minutes. An analysis of a selected anomaly (Section 3) illustrates how multiple
mechanisms at different levels of abstraction can interact to cause a performance change, suggesting
that exhaustively analyzing and eliminating every performance anomaly is not a practical goal for
workloads on contemporary virtual machines.

To evaluate workloads that exhibit such shifts, we propose a statistical model in which per-
formance exhibits multiple segments of steady state separated by sudden changes (Section 4),
and compute confidence intervals for the average performance under this model. In simulations
calibrated by extensive measurements (Section 5), the segment-aware methods achieve equal or
better confidence interval coverage than the existing segment-ignorant methods. The largest im-
provements appear in workloads with high segment variance — for scala-doku, the miss rate for
99 % confidence intervals drops from 26.16 %o to 21.87 %, with normal quantiles, from 12.38 %. to
10.09 %o with studentized quantiles, and similarly for bootstrap (Tables 2 to 4).

Finally, we emphasize scope. No finite methodology can guarantee that all possible performance
anomalies will be observed, and it is always possible to construct scenarios where changes appear
well beyond any reasonable experiment dimensions. Our goal is therefore not to prove a complete
coverage of anomalies, but to provide a measurement and reporting methodology that remains
meaningful when anomalies in the shape of sudden performance shifts do occur within the experi-
ment horizon. Experiment dimensions should be chosen to reflect the minimum anomaly rate the
experiment must have power to observe.
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A Computation Details

This appendix gives the details of the computations used to estimate the mean and variance
statistics from samples in Sections 5 and 7, also available as a standalone implementation in the
reproducibility package. We recall and extend the notation from Section 4:
- Let Ny stand for the total number of runs,

and r denote the run index, r € 1..., Ny.
- Let Ny, stand for the number of segments within runr,

and s denote the segment index withinrun,s € 1..., NS(r)'
- Let Nyj(,5) stand for the number of measurements within segment s of runr,

and m denote the index of measurement within segment sof runr, m = 1..., Nyy()-

We use shortcuts for totals, useful in mean computations:

- Let Npy(r) = X, Np(rs) denote the total number of measurements within runr.
- Let Ng = ) Ng(,) denote the total number of segments in the experiment.
- Let Ny = Zr Nj(r) denote the total number of measurements in the experiment.

We use shortcuts for degrees of freedom, useful in variance computations:

- dfg = Ny — 1 for run-level variance estimates.

- dfsr) = Ns(r) — 1 for segment-level variance estimates in run r.

- d fpers) = Na(rs) — 1 for measurement-level variance estimates in segment s of run r.

-dfs= zr dfsr) = Ns — N for segment-level variance estimates pooled across the experiment.

-dfy = X, dfmes) = Ny — Ns for measurement-level variance estimates pooled across the
experiment.

A.1 Analytical Computation with Runs Only

Consistent with [11, 24], we compute the sample mean performance of each run disregarding
segments, Xg(”;’)’, and then the grand sample mean X" of these run sample means, as the estimate
of the baseline performance.

XBun — _—__ N« (run sample mean for run r)
KO Nugy G
_ 1 _
XRun — —_ N X Run (grand sample mean)
N Z‘ k()

We use the sample variance of the run sample means, Var (Xg””), as an estimate of Var(X), and
use it to construct the confidence interval.

—~ Run  _ ~ SR _i cRun _ R 2
Var (X) = Var(X§") = ar Z(XR(I;’; X “”)

A.2 Analytical Computation with Segments and Runs
Consistent with Equation (2), we compute the sample mean performance of each segment, X:: r‘i),

then the run sample means X 5¢8 of these segment sample means, and then the grand sample mean
R(r)

X5€8 of these run sample means, as the estimate of the baseline performance.
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i N Xrsm (segment sample mean for segment s in run r)
) Ny 4
X8 — b x3ee (run sample mean for run r)
R(r) NS " 5 S(rs)
_ 1 _
XSeg — N Z X;‘(?rg) (grand sample mean)
r

To estimate the variance components from Equation (3), we start by computing the sample variances
at the measurement, segment and run levels.

1 B 2
Var (XM(rs)) = m Z (xrsm — X;(e r‘%) (for measurements in segment s of run r)
m
~Seg\ _ 1 oSeg  Seg 2 .
Var (Xs(r)) BTN Fo Zs: (Xs(rs) XR(r)) (for segment sample means in run r)
>Seg _L —Seg_ Seg 2
Var(XR ) = i Zr: <XR(r) X ) (for run sample means)

We estimate Var(B) using the pooled variance of the individual measurements around the segment
sample means:

_~_Seg 1
Var (B) = F Z dfM(rs)Var (XM(rs)) (5)
M rs

We estimate Var(S) using the pooled variance of the sample segment means around the respective
sample run means, subtracting the estimated contribution of the measurement variance and capping
the estimate at zero for cases where the estimated contribution exceeds the segment variance:

—~ Seg
—Seg 1 _Se 1 Var “(B)
Var °(S) = max(0,— ) d Var(X2%%) - (6)
dfs Z‘ S | Ver (%523) Ns(r) Zs: Nai(rs)

We estimate Var(R) as the variance of the sample run means, subtracting the estimated contributions
of the measurement and segment variances and capping the estimate at zero for cases where the
estimated contributions exceed the run variance:

—~ Seg —~ Seg
_~ Seg _Se 1 Var °(S) 1 1 Var “(B)
Var " (R) = max|0,Var(G8) — — Yy — 22— — Z Z )
BT Ng Z‘ Nsoy — Nr '\ Nsoy 5 Nmers)

Finally, we use the combined variance from Equation (3) as an estimate of Var(X), and use it to
construct the confidence interval.

Given that the sample variance of the run sample means Var()_(;eg) already naturally combines
Var(R) with the appropriately scaled contributions from both Var(S) and Var(B), the gradual
computation of the variance estimate may appear needlessly complicated. Note, however, that the
gradual computation can provide a more accurate estimate by virtue of using more observations for
some of the variance components and resolving cases of negative variance component estimates.
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Table 7. A complete version of Table 2.

Miss Rate %o Width %.

Benchmark Seg (99% CI) Run (99% CI) A Seg Run A

scala-doku 21.87 (21.1-22.6)  26.16 (25.4-27.0)  x1.20| 30.69 29.81 -0.88
akka-uct 19.79 (19.1-20.5)  22.04 (21.3-22.8)  x1.11| 16.82 16.28 -0.55
future-genetic 20.1(19.4-20.8) 21.64 (20.9-22.4) x1.08 | 20.48 20.26 -0.22
scrabble 20.24 (19.5-21.0)  21.27(20.5-22.0)  x1.05| 47.71 47.47 -0.24
movie-lens 36.73 (35.8-37.7) 37.6 (36.6-38.6)  x1.02| 17.08 16.99 -0.09
reactors 23.33 (22.6-24.1) 23.77 (23.0-24.6) x1.02 | 18.45 18.32 -0.13
db-shootout 26.52 (25.7-27.4)  26.87 (26.1-27.7)  x1.01| 58.32 57.53 -0.80
naive-bayes 22.38 (21.6-23.2) 22.62 (21.9-23.4) x1.01 | 68.88 68.85 -0.03
philosophers 21.81 (21.1-22.6) 22(213-22.8)  x1.01| 31.11 31.15 +0.05
chi-square 22.07 (21.3-22.8) 22.12 (21.4-22.9) x1.00 | 101.34 101.34 0.00
dec-tree 24.96 (24.2-25.8) 24.98 (24.2-25.8) x1.00 | 23.92 2392 0.00
neodj-analytics | 25.45 (24.7-26.3)  25.47 (24.7-26.3)  x1.00 | 36.62 36.62 0.00
mnemonics 18.1(17.4-18.8) 18.1(17.4-18.8)  x1.00| 22.69 22.69 0.00
scala-kmeans 187.4 (185.4-189.4) 187.38 (185.4-189.4) x1.00 | 91.32 91.33 +0.01
als 21.29 (20.6-22.0)  21.28 (20.6-22.0)  x1.00| 12.67 12.69 +0.02
gauss-mix 28.93 (28.1-29.8) 28.92 (28.1-29.8) x1.00 | 361.99 361.99 0.00
finagle-http 2175 (21.0-22.5)  21.73(21.0-225)  x1.00| 16.50 16.50 0.00
fi-kmeans 25.18 (24.4-26.0) 2517 (24.4-26.0)  x1.00| 821 821 0.00
rx-scrabble 21.18 (20.5-21.9) 21.17 (20.4-21.9) x1.00 | 10.87 10.88 +0.01
page-rank 26.58 (25.8-27.4)  26.56 (25.7-27.4)  x1.00| 33.16 33.16 0.00
finagle-chirper | 28.49 (27.6-29.4)  28.45(27.6-29.3)  x1.00 | 57.67 57.68 +0.01
par-mnemonics 20.58 (19.9-21.3) 20.53 (19.8-21.3) x1.00 | 40.78 40.79 0.00
scala-stm-bench?7 | 22.96 (22.2-23.7) 22.87 (22.1-23.7) x1.00 | 12.85 12.87 +0.02
dotty 21.92 (21.2-22.7) 2178 (21.0-225)  x0.99| 9.6  9.18 +0.01
log-regression | 17.06 (16.4-17.7)  16.91 (16.3-17.6)  x0.99 | 27.01 27.03 +0.02
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Table 8. A complete version of Table 3.

Miss Rate %o Width %.

Benchmark Seg (99% CI) Run (99% CI) A Seg Run A

scala-doku 10.09 (9.6-10.6) 12.38 (11.8-13.0) x1.23 | 41.67 4050 -1.17
akka-uct 8.53 (8.1-9.0) 9.76 (9.3-10.3)  x1.14| 22.87 22.18 -0.69
future-genetic .3 (8.8-9.8) 10.08 (9.6-10.6) x1.08 | 27.61 27.32 -0.28
scrabble 9.08 (8.6-9.6) 9.63 (9.1-10.1) x1.06 | 64.00 63.67 -0.33
reactors 10.04 (9.5-10.6) 10.37 (9.9-10.9) x1.03 | 25.18 2503 -0.16
movie-lens 19.34 (18.7-20.1) 19.96 (19.3-20.7) x1.03 | 23.30 23.18 -0.11
db-shootout 15.23 (14.6-15.9)  15.55(14.9-16.2)  x1.02| 78.83 77.88 -0.95
naive-bayes 1053 (10.0-11.1) 1073 (10.2-11.3)  x1.02| 93.08 93.04 -0.04
philosophers 10.26 (9.8-10.8) 10.42 (9.9-10.9) x1.02 | 41.67 41.73 +0.06
als 9.85 (9.4-10.4) 9.89 (9.4-10.4) x1.00 | 17.21 17.24 +0.03
dotty 10.34 (9.8-10.9) 10.37 (9.9-10.9) x1.00 | 1230 12.32 +0.02
rx-scrabble 9.94 (9.4-10.5) 9.97 (9.5-10.5) x1.00 | 14.57 14.58 +0.01
fi-kmeans 11.95 (11.4-12.5)  11.98 (11.4-12.5)  x1.00| 11.15 11.15 0.00
finagle-chirper 1633 (15.7-17.0)  16.36 (15.7-17.0)  x1.00 | 77.90 77.91 +0.02
scala-stm-bench7 | 11.17 (10.6-11.7) 11.18 (10.6-11.7) x1.00 | 17.18 17.21 +0.03
page-rank 13.68 (13.1-14.3)  13.68 (13.1-14.3)  x1.00| 4512 4512 0.00
dec-tree 12.35 (11.8-12.9) 12.35 (11.8-12.9) x1.00 | 32.12 32.12 0.00
gauss-mix 21.01(20.3-21.8)  21.01(20.3-21.8)  x1.00 | 486.48 486.47  0.00
chi-square 10.69 (10.2-11.2)  10.68 (10.2-11.2)  x1.00 | 136.06 136.07  0.00
scala-kmeans 167.51 (165.6-169.4) 167.43 (165.5-169.4) x1.00 | 116.47 116.48 +0.01
par-mnemonics 9.28 (8.8-9.8) 9.27 (8.8-9.8) x1.00 | 55.14 55.15 0.00
neo4j-analytics 12.95 (12.4-13.5) 12.92 (12.4-13.5) x1.00 | 49.38 49.39 +0.01
mnemonics 8.25 (7.8-8.7) 8.23 (7.8-8.7) x1.00 | 30.60 30.60 0.00
finagle-http 9.94 (9.4-10.5) 9.92 (9.4-10.4) x1.00 | 2242 2242  0.00
log-regression 7.64 (7.2-8.1) 7.58 (7.1-8.0) x0.99 | 36.07 36.10 +0.03

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA1, Article 128. Publication date: April 2026.



Experimental Evaluation Methodology for the Era of No Steady Performance

Table 9. A complete version of Table 4.

Miss Rate %o Width %.

Benchmark Seg (99% CI) Run (99% CI) A Seg Run A

scala-doku 15.83 (15.0-16.7) 19.64 (18.7-20.6) x1.24 | 32.84 32.14 -0.70
akka-uct 12.79 (12.1-13.6) 1471 (13.9-15.5) x1.15| 18.84 18.44 -0.40
future-genetic 15.06 (14.1-16.1)  17.25(16.2-18.4)  x1.15| 22.55 22.22 -0.33
dotty 17.82 (14.9-21.3)  20.05(17.0-23.7)  x1.12| 9.96  9.90 -0.06
scrabble 15.14 (12.5-18.4)  16.95(14.1-20.3)  x1.12| 52.25 51.74 -0.51
naive-bayes 17.58 (14.7-21.0)  19.39 (16.4-23.0)  x1.10 | 74.46 73.88 -0.58
als 18.2 (15.3-21.7) 19.67 (16.6-23.3) x1.08 | 13.87 13.79 -0.08
log-regression 21.23 (18.0-25.0)  22.61(19.3-26.5)  x1.07 | 29.34 29.21 -0.13
rx-scrabble 16.55 (13.8-19.9) 17.58 (14.7-21.0) x1.06 | 11.81 11.78 -0.03
scala-stm-bench7 | 20.49 (17.4-24.2)  21.62(18.4-254)  x1.05| 14.06 13.98 -0.08
dec-tree 20.89 (17.7-24.6)  21.94 (18.7-25.7)  x1.05| 25.83 25.82 -0.02
movie-lens 29.29 (25.5-33.6) 30.33 (26.5-34.7) x1.04 | 18.79 18.69 -0.10
finagle-chirper 17.38 (14.5-20.8) 17.9 (15.0-21.4)  x1.03| 60.46 60.38 -0.08
finagle-http 18.12 (15.2-21.6) 18.64 (15.7-22.1) x1.03 | 17.95 1791 -0.04
mnemonics 19 (16.0-22.5) 19.42 (16.4-23.0) x1.02 | 24.99 2496 -0.02
fj-kmeans 16.81 (14.0-20.2)  17.16 (14.3-20.6)  x1.02| 8.88  8.87 -0.01
page-rank 16.46 (13.7-19.8) 16.8 (14.0-20.1) x1.02 | 35.54 35.55 +0.01
par-mnemonics 21.01 (17.9-24.7) 21.44 (18.2-25.2) x1.02 | 44.51 44.48 -0.03
chi-square 18.67 (15.7-22.2) 19.01 (16.0-22.5) x1.02 | 110.66 110.60 -0.06
reactors 11.36 (9.1-14.2) 11.53 (9.3-14.4) x1.02 | 21.57 21.53 -0.03
philosophers 17.79 (14.9-21.2)  18.05(15.1-21.5)  x1.01| 34.03 33.73 -0.30
gauss-mix 19.7 (16.6-23.3) 19.87 (16.8-23.5) x1.01 | 372.91 372.97 +0.06
neodj-analytics | 24.31(20.9-28.3)  24.48(21.1-284)  x1.01| 3954 39.52 -0.02
scala-kmeans 176.73 (167.8-186.0) 176.99 (168.1-186.3) x1.00 | 92.83 92.74 -0.08
db-shootout 13.06 (10.6-16.1) 13.06 (10.6-16.1) x1.00 | 62.56 62.45 -0.11
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