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Abstract

The past few decades have seen software and hardware growing
more heterogeneous and layered in abstractions. This trend pro-
duced many benefits for hiding complexity and increasing efficiency
and modularity. But it also makes reasoning about performance
and identifying its underlying factors more challenging because
of the presence of performance variability. Moreover, performance
variability can prevent synchronous applications from scaling and
server applications from meeting service-level agreements.

In this paper, we present a variability-guided optimization (VGO)
workflow that leverages information in performance distributions
to optimize performance, and more importantly, to reduce perfor-
mance variability. It works by uncovering software, hardware, and
compiler factors associated with specific aspects of variability and
then suggesting measures for reducing it. Our experimental evalua-
tion on a set of CPU and GPU benchmarks and applications shows
that our tool successfully reduces the standard deviation and coef-
ficient of variation of application run times by 0.374X and 0.444X,
while also reducing mean run time by 0.843%. This technique en-
ables tuning applications and their environments, improving their
performance and predictability.
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Figure 1: Run time distribution of incrementing an array of
10M integers using numpy, running 1,000 sequential repeti-
tions on a dual Xeon 6448H server with 1TB RAM

1 Introduction

As hardware and software systems become more complex, we in-
creasingly observe that the same code running on the same system
with the same inputs exhibits different performance across runs,
a.k.a performance variability [5, 12, 27, 31, 44]. System designers
often optimize for average-case or best-case performance, which is
sometimes traded off for higher performance variability [52].

Even the most unassuming of applications, running on a dedi-
cated and powerful server, can experience performance variability.
As a trivial example, take a single-threaded microbenchmark that
increments every value of an input array of random integers once
using the optimized ‘numpy’ library [49]. Since the array is accessed
sequentially and only once, it is easy to prefetch and it doesn’t suf-
fer from memory contention, false sharing, cache misses, or branch
mispredictions. As shown in Figure 1, the performance distribution
of this program is mostly centered around one narrow mode, but
not all runs take the same time. Although this microbenchmark
runs for only a short duration, with no intentional interference
and with minimal contention and resource demands, there are still
numerous instances where it runs faster or slower than usual. Even
under these idealized conditions, the application fails to consis-
tently maximize attainable performance, as evidenced by the left
tail of the distribution.

The upshot is that performance variability cannot be completely
eliminated on modern computer systems with all their layers of
abstraction and intricate subsystems. As demonstrated later in this
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paper, real applications with more demanding resource require-
ments are even more prone to variability in their computing en-
vironment than this microbenchmark. Consequently, they exhibit
higher performance variability.

The implications of this variability can be enormous for busi-
nesses and users. For example, a business that commits to meeting
certain quality-of-service (QoS) criteria or service-level agreements
(SLAs) may have to overprovision compute resources at great cost
to accommodate the few slow runs that would otherwise exceed
these criteria [36]. However, overprovisioning does not guarantee
meeting SLAs, and violations can result in high penalties [33]. As
another example, tightly-coupled synchronous HPC applications
may waste valuable supercomputer cycles and energy while all the
synchronizing processes wait for the one process that falls on the
long tail of the performance distribution [16].

Nevertheless, performance variability also hides new opportuni-
ties for performance optimization, which this work aims to expose.
Traditional approaches to performance optimization focus on an ap-
plication’s critical path, call graphs, and hotspots. Profilers identify
bottlenecked resources on the critical path of execution whose alle-
viation is expected to improve mean performance. However, these
bottlenecked resources may not be the same factors that induce
performance variability. In this paper, we propose a new and com-
plementary approach—variability-guided optimization (VGO)—that
analyzes how performance varies across repeated runs to find ways
to both improve the performance and, more importantly, reduce its
variability. Thus, VGO uncovers new opportunities for performance
optimization that traditional approaches may miss.

Motivating Example. Let’s say we wish to optimize the perfor-
mance of a matrix-multiplication kernel on the CPU. To this end,
we implement a simple CPU microbenchmark that squares a 25M-
element matrix using ‘numpy’ [49]. We run it 200 times on a dedi-
cated dual Intel E5-2680 server (48 logical cores) and find the mean
run time of the multiplication kernel to be around 0.65s.

The traditional approach to performance tuning could employ a
profiling tool like GNU gprof [23], which lists code hotspots where
the program spends most of its time. This approach has limited
utility in cases where the source code is not available or has been
extensively optimized, as is the case for numpy [49]. Alternatively,
specialized tools such as Intel’s VTune [55] can find system-wide
and microarchitectural opportunities for tuning. But what if instead
of analyzing the performance of a few runs, we look at the distribu-
tion of the run time and search for interesting phenomena such as
long tails or modes? What if we additionally look at distributions
of low-level system metrics and try to associate factors that vary
together with the application’s performance? These factors might
reveal different avenues for tuning the application, middleware, or
hardware to reshape the performance distribution itself.

Running our matmul benchmark exhibits performance that is
more variable than the increment example, with a much longer
right tail (Figure 2a). To understand what happens in the system
for those slow runs in the tail, we can rerun this experiment while
collecting some low-level system counters, such as CPU hardware
and software counters using Linux’s perf tool [15]. Then, we can
pick a point on the performance distribution, say around 0.75s, and
separate all the runs left of that point as “normal” and all the runs
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Figure 2: Matrix multiplication microbenchmark

right of it as “slow” or “tail”. We can now fit a statistical model, such
as a simple decision tree, to associate low-level metrics with the
performance classes. In other words, we try to find which system
factors are associated with “left” or “right” performance.

As Figure 2b shows, perhaps the most prominent factor here
is dTLB cache misses: a higher miss count is associated with a
higher likelihood of ending in the tail. We can try to rearrange how
memory is allocated into pages to reduce page-cache misses by
using a memory allocator that optimizes for tail allocation, such
as Google’s TC malloc [24]. Indeed, the new allocator does reduce
dTLB misses, and consequently, shrinks the tail of the distribution
significantly (Figure 2a). Interestingly, the mode (“fast” case) of the
distribution is barely changed, but the 95"-percentile latency is
reduced by =~ 21% and the coefficient of variation (CV) by ~ 47%.

That, in a nutshell, is our proposed VGO methodology for vari-
ability reduction: we measure system-level counters alongside the
application, fit a classifier to associate these counters with areas of
interest in the distribution, and then try specific mitigations that
address the corresponding system-level factors that influence vari-
ability. When successful, the result of this directed search process
is a reduction in the variability of an application’s performance,
often combined with an improvement in its mean performance.

In contrast, running VTune on this benchmark using multiple
analyses, including memory access and microarchitecture, surfaces
no issues or recommendations regarding page faults or the TLB.
This result is not surprising, considering that these metrics do not
represent performance-limiting factors in most runs—only in the
tail cases—which are unlikely to be randomly captured by VTune.
The performance mitigations suggested by VTune have more to do
with the critical path of the application (i.e., “hotspots”) and not
with tail performance. The main contribution of VGO is in focusing
on these new opportunities for performance variability reduction
that are not captured by traditional hotspot analyzers.

Overview of paper. The VGO methodology is explained in detail
in Section 3, after putting our work in the context of the wide body
of literature on variability in Section 2. We then experimentally vali-
date VGO on a range of CPU and GPU applications and platforms in
Section 4, where we show that it successfully reduces the standard
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deviation and coefficient of variation of application performance
by 0.374Xx and 0.444X, respectively, while also reducing mean run
time by 0.843%. We follow with a discussion and elaboration of
the results in Section 5. Our implementation is integrated in the
open-source SHARP package!.

2 Related Work

There is a large body of literature studying the performance vari-
ability of applications in different contexts, including hardware
differences, system software differences, or dataset differences [4, 6,
7,21,30, 57,63, 66]. Some works aim to model and predict the impact
of these factors on performance for various purposes such as sched-
uling in HPC or cloud systems [2, 18, 19, 43, 47, 48, 56, 68, 69, 72].
Other studies focus on variability caused by interference from other
applications [4, 6, 7, 21, 30, 63], which we plan to address in exten-
sions to this work. But even when running with the same hardware
and software configurations, the same inputs, and in the absence of
interference, variability can be significant [44, 52], which surfaces
the actionable insights for variability reduction that VGO exposes.
This controlled performance can still be hard to capture faithfully
or reproduce [10, 65] and some studies propose principles for repro-
ducible performance evaluation [32, 50, 57], which we incorporated
into our VGO implementation.

Several prior works studied specific sources of performance vari-
ability and specific mitigations for reducing the variability. Exam-
ples include addressing intra-thread variability with thread pin-
ning, frequency control, and disabling SMT [1, 11, 12]; cache-aware
physical page allocators [31]; careful task placement in large clus-
ters [52]; controlling benchmarks for these variable factors [5]; and
even synthetically inducing variability to understand its perfor-
mance effects [3]. VGO attempts to reduce the large search space
of such sources, which would be prohibitively expensive to search
exhaustively, by directing the search to system factors that are
strongly associated with performance variability.

A few other works investigated automatically detecting per-
formance bugs and anomalies (such as PerfScope [17] and Learn-
Conf [66]), sometimes by uncovering causal chains of events that
lead to these bugs (such as the Mystery Machine [9], RESIN [41],
and Pivot Tracing [42]). They differ from VGO in either methods
(e.g., causal analysis, log analysis, instrumentation), objectives (e.g.,
finding bugs, reducing makespan in request scheduling), or do-
mains (e.g., finding memory leaks, distributed microservices). But
perhaps the key distinction is that the core of VGO is the exploita-
tion of system-level variability reduction opportunities revealed by
repeatedly running an application in isolation.

That said, two recent works come to mind as closer to VGO in
both objectives and methods. Tuncer et al. [62] trained machine-
learning models that classify runs of applications as healthy or
anomalous based on a profile of performance counters. However,
training these models requires a large amount of synthetically gen-
erated labeled data, unlike VGO that requires no pre-training and
focuses on normal (not anomalous) variability sources. Another
project, VaPro [71, 73], builds on vSENsOR [61] by profiling code
regions used to detect variability and analyzing which performance

ISHARP can be downloaded from https://github.com/HewlettPackard/SHARP. The
version used in this paper and depicted in the appendix is V3.0.0
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counters influence variability the most. Our work has similar objec-
tives to VaPro but has multiple key distinctions. First, VAPRO relies
on statistical analysis of the performance samples while ignoring
the specifics of their distribution. Second, VAPRO relies on an online
approach, which limits its analysis to selected code regions and
necessitates collecting only a few metrics at a time to limit the run-
time overhead. Third, VGO not only reports factors associated with
variability, but also suggests and sometimes automates mitigations,
and is not limited to CPU-only optimization, as VAPRO is.

3 Methodology

VGO consists of our novel methodology for diagnosing and mit-
igating performance variability and our toolset to automate this
methodology. In this section, we describe both the methodology
in generalized terms as well as our reference implementation of
the toolset. We have implemented the toolset as a module in the
open-source SHARP framework for reproducible performance eval-
uation [46]. A detailed description of our workflow with screenshots
can be found in Appendix 1.

Figure 3 shows the steps of the generalized methodology, which
are elaborated in the rest of this section. At a high level, we start by
measuring a baseline performance distribution of the application
of interest and remeasure the distribution with profiling to collect
performance counters (Section 3.1). Second, the distribution is di-
vided into performance classes of interest, such as slow and fast
modes or performance tails (Section 3.2). Third, we fit a model to
classify each run into a performance class based on the performance
counters of that run (Section 3.3). Fourth, we extract influential
performance counters from the model and use them to select mit-
igations to apply (Section 3.4). Fifth, the mitigations are applied
and the new performance distribution is measured (Section 3.5).
Finally, the distribution with the mitigation applied is compared to
the baseline performance distribution to assess success (Section 3.6).
This process is repeated until a sufficient reduction in variability
is reached or mitigations are exhausted.

3.1 Measuring Performance Distributions

Our first step is to measure a baseline performance distribution to
assess the need for reducing variability and to compare all future
improvements against it. This step simply consists of running the
application repeatedly and collecting the performance metrics we
care about, such as run time or throughput. The repeated executions
should ideally run with minimal or no interference from other
applications and in identical conditions across executions to capture
the distribution of the application’s performance alone (as in Das et
al. [13]). For this purpose, we adopted the SHARP [46] open-source
framework because of its focus on this kind of variability, and
extended it with our techniques.

After obtaining the baseline distribution, we rerun the original
application with the addition of one or more sets of low-level metric
layers. Our toolset uses the recorded metadata from the baseline ex-
periment to reproduce its configuration for the runs with counters.
The system counters collect metrics that may be associated with
performance variability, such as CPU counters, sensors, system-
call instrumentation layers, GPU profilers, etc. We aim to exclude
metrics that are either not actionable—that is, not suggestive of
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system or software mitigations—or are more likely consequences of
the performance variability. An example of such a metric is perf’s
cycles counter: runs that are slower are often strongly correlated
with a higher number of cycles because it simply means that the
CPU was running for a longer time. Moreover, there are no system
or software levers that we can suggest for reducing the variability in
the number of cycles directly. In contrast, traditional performance-
tuning tools such as VTune might be able to suggest how to reduce
the average number of cycles, but that is not VGO’s purpose.

3.2 Identifying the Performance Class of
Interest

The next step is to inspect the distribution of performance metrics
of interest: we start with application performance, such as wall-
clock time, bandwidth, or any metric reported by the benchmark.
As we identify influential system factors, we may also switch to
inspect the distribution of those metrics, such as context switches or
time spent in a specific GPU kernel. Then, we identify performance
classes of interest. Typically, these classes will be the slow area of
the distribution. Often, the distribution may be modal, and we may
want to learn what separates one mode from another (e.g., the “fast
mode” and the “slow mode”). Alternatively, the distribution may
be right-tailed (with few slow runs), and we may want to know
what distinguishes those runs. Sometimes, an application may even
exhibit a left-tailed distribution (with few fast runs), and we may
want to learn what characterizes those. Even for distributions that
do not have modes or tails, we may be interested in what separates
points to the left and right of the mean. In any of these cases, we
decide what area of the distribution to focus on and label individual
runs based on whether they fall inside or outside that area. VGO
can even automatically search for a cutoff point that minimizes the
entropy of the resulting labeling and model fit.

3.3 Fitting a Classifier for the Performance
Class

In the final preparation phase, we fit a statistical model to classify
runs using the low-level metrics based on these labels. Although the
ideal model should be explainable, it need not be complex. Our goal
is not to predict the performance class of new runs, but rather to
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determine which low-level factors are strongly associated with the
class in existing runs. For example, variability in the number of page
faults could be associated with variability in performance, such that
a high number of faults could associate with a measurement that
falls into the “slow” performance class. It is important to keep in
mind that while these factors are statistically linked with perfor-
mance variability, they might not cause it. However, for the purpose
of reducing variability, causality is not a requirement: reducing the
associated factor’s variability might still work because it mitigates
an underlying variable that connects it to the performance.

3.4 Selecting a Mitigation

We can now start iterating efficiently over various mitigations and
measure their effect on the performance distribution. From the
model we fit, we extract the features (system factors or counters)
that are most strongly linked to the outcome metric. Depending on
the type of model, this step can be as simple as picking the features
with the largest coefficients (in a linear model) to as complex as
permutation feature importance. As always, finding an association
between the variability of a factor and the variability of overall
performance does not necessarily imply causation. But again, even
without a direct causal link, for example, due to an underlying
hidden variable that affects both, reducing variability for the factor
could reduce it for the application as well.

Each feature can point to a different system behavior that is
affecting performance. It is worth repeating that, unlike traditional
profiling, this methodology exposes features associated with a par-
ticular region of the performance distribution, not overall perfor-
mance bottlenecks. For example, a high cache-miss count that is
associated with long-tail performance could suggest explanations
such as specific runs with either: high interference from kernel
daemons; a higher number of core migrations; misaligned cache
lines, etc. Each such explanation then suggests different mitigations
(changes to the software, middleware, or hardware) to reduce vari-
ability for this factor, and consequently, for the application. For the
previous three examples, these mitigations might include pinning
system processes to their cores, disabling NUMA balancing for
the application, or replacing libc’s malloc with a different memory
allocator. More examples of common factors and mitigations are
shown in Table 1.
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Table 1: Examples of commonly observed factors affecting
performance distributions and suggestions for actions to
modify them.

Factor Potential mitigations ‘

Context switches
Thread affinity
Branch mispredictions
Cache misses

Change scheduler [14]; pin threads

Bind processes [28]

Instruction hints [26]; optimize code [25]
Prefetching [20]; reduce interference [37]
disable Simultaneous Multithreading

CPU migrations Bind threads [58]; change scheduler;
disable NUMA balancing

Page faults Change allocator [22]; optimize code

dTLB misses Change allocator; use huge pages [45]

Decrease memory refresh rate in BIOS
Recompile code for target architecture
Recompile with "-Os"

CPU cooldown; reduce interference;
Disable Processor C-State Control;
BIOS Workload Profile; disable DVFS

Memory refresh rate
Emulation faults

L1 icache misses
CPU frequency

Remote memory

& Neighbor MCM

Cache accesses Enforce NUMA binding [40]

GPU memory copy Used pinned memory

GPU temperature Increase fan speed; frequency capping
GPU frequency Increase fan speed; frequency capping

GPU kernel launch overhead Use CUDA streams; use CUDA graphs

Understanding the effects of these system factors on performance
and their potential mitigations requires experience and expertise,
as is the case for performance tuning in general. However, VGO
augments the user’s human expertise in two helpful ways.

First, VGO comes prepackaged with dozens of these explanations
and potential mitigations encoded in configurable YAML files. Sec-
ond, it offers a simple user interface to query a local large-language
model (LLM) for its explanations and mitigations. Future versions
could also associate each factor with specific hotspots in the code
(when accessible) for tailored advice to mitigate each factor at the
source-code level.

3.5 Apply the Mitigation and Remeasure

Having selected a mitigation to try, the user must then apply the
mitigation to the system and remeasure the performance distribu-
tion (without reprofiling system factors). Some of these mitigations
may be as simple as changing a system-level parameter. In this case,
mitigation mini-scripts are embedded in VGO’s YAML configura-
tion files and are automatically applied by VGO before remeasuring
the new performance distribution. More complex mitigations may
require rebooting, relinking the code, or even modifying it. In this
case, the user applies the mitigations and notifies VGO when it can
proceed to remeasure the mitigated distribution.

3.6 Comparing Baseline and Mitigated
Distributions

Finally, we compare the original baseline performance distribution

with the one obtained after the mitigation. VGO presents both a

graphical summary of the two distributions overlaid on each other

and a list of statistical summaries, such as the mean, median, modes,
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and various dispersion measures of both distributions. This com-
parison lets us decide whether the mitigation was successful in
reshaping the distribution to our needs (e.g., reducing the tail, elimi-
nating modes, shrinking the variance, or improving the mean). If so,
we may decide to stop here. If not, we can try a different mitigation
(i.e., return to Step 4) until we have exhausted VGO’s suggestions. If
the mitigation was successful but further improvements are desired,
we can restart the process (i.e., return to Step 1) until the desired
level of variability is reached.

3.7 Limitations

These steps encompass the complete methodology to optimize and
reshape performance distribution based on variability analysis. Note
that, like in all performance tuning efforts, one may quickly reach
a point of no improvement or diminishing returns for a well-tuned
system and software.

There are additional factors that could limit the applicability of
VGO. Some applications or environments may not be conducive to
low-level metric collection, for example virtual machines. Perhaps
the most limiting factor, however, is the length of the approach.
Although the search for mitigations is directed for highest impact
first, repeating the execution of an application hundreds of times
for several mitigations can consume significant time and comput-
ing resources. Most of the benchmarks studied in the evaluation
section take under a minute to complete a single run, so these repe-
titions did not impose a prohibitive constraint. But for applications
that run for a long time, other strategies need to be employed. For
example, VGO could be run on a subset of the application’s exe-
cution or a representative proxy application. Alternatively, if the
application has many iterations with equal load, VGO can adopt
the approach of similar studies [61, 70, 73] that treat each iteration
of the application as a sample in the analysis. We demonstrate this
approach on one long-running application in Section 5. When none
of these approaches is feasible, traditional tuning tools may be the
only choice remaining for performance optimization.

The type of application is also more consequential if we in-
clude interactive and I/O-bound applications, which introduce new
sources of performance variability. Although outside the scope of
this paper, it is straightforward to add the appropriate low-level
metrics for these use cases to collect, extending the VGO approach
so it can be applied to these applications as well.

4 Experimental Evaluation

4.1 Experimental setup

Table 2 summarizes the main experimental platforms and the bench-
marks that we ran on each platform. We selected benchmarks that
were found to exhibit interesting performance variability patterns
and were successfully optimized by our methodology. With regards
to the number of repetitions for each benchmark, VGO is built on
SHARP [46], which includes features to try to determine, using
statistical rules, when the performance distribution is representa-
tive enough and stop the experiment early. We opted not to use
these features and instead err on the conservative side of running
too many experiments, to maximize our confidence that we have
captured representative distributions. However, for practitioners
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looking to use VGO to optimize real applications, the use of such
time-saving features is encouraged.

Table 2: Characteristics of evaluation servers and bench-
marks executed on them. All servers are dual-socket servers.

Cores

Server CPU (Threads) Memory GPU Benchmarks

2x Intel 64 7z [29], Ibm [60],
Server-l yoon6adsH  (128) 1TB - sad [60]

2x AMD 48 Xapian [67],
Server2  ppve7aas (%) 27068 - LavaMD [8]

2xX AMD 64
Server-3 EPYC 7601 (128) 2TB A100 srad-cpu [8]

gpt-0ss-20b [51],

2x AMD 48 srad-gpu [8], Yi-6B [35],

Server-4  ppve 7443 (96) 270GB - A100 Retinanet [39],
Stable diffusion [59]

4.2 Results overview

Table 3 summarizes our experimental results. For each benchmark,
the table shows the influential performance factor identified by
VGO, the corresponding mitigation applied, and the reduction in
mean run time, standard deviation (SD), and coefficient of variation
(CV) as a result of applying the mitigation. While all benchmarks
experience a reduction in mean latency (0.843X geomean), we note
that this reduction is not our main objective but only a side effect
of reducing variability. We are more interested in the reduction
achieved in the SD by all benchmarks (0.374X geomean), which
reflects our methodology’s success in reducing variability.

Even some of the improvements in SD can be biased by the
improvement in mean run time, since shorter-running applications
may vary for a smaller absolute time duration. To account for this
effect, we also report the CV, which normalizes the SD to the mean,
giving the variation as a ratio of the mean. Notably, even when
considering the CV, all benchmarks exhibited a reduction in this
metric (0.444X geomean). This result demonstrates the effectiveness
of our methodology in not only improving performance but, more
importantly, reducing the variability of the performance relative to
the mean. For the rest of this section, we explore each benchmark
in detail to understand the impact of variability reduction on that
benchmark and extract relevant insights.

43 7z

We run 7z [29] single-threaded on Server-1. Using our method-
ology, we find that the performance distribution has a long tail,
with context switches prominently separating the tail from the
mode. To mitigate the impact of context switches, we apply the
suggested mitigation of pinning threads (one in this case) to their
cores. Thread pinning causes threads to return to the same core they
were previously on after being context-switched, thereby finding
their data still in the cache, which lowers the variability of context
switching.

Figure 4a shows the performance distribution of 7z before and
after thread pinning. It is clear that thread pinning results in a
narrower performance distribution and a significantly shorter tail.
Note that the mode and mean performance are not significantly
affected by the optimization because that is not the objective of
our methodology (the mean is only reduced by 0.995%). On the
other hand, the SD and CV are significantly reduced by 0.159x

Eitan Frachtenberg et al.

and 0.160X, respectively. In other words, we have optimized pri-
marily for predictable performance (dispersion) rather than mean
performance.

4.4 1bm

We run Ibm [60] with the long dataset on Server-1. Similar to 7z,
our methodology identifies that the performance distribution has
a long tail, and that a prominent factor separating the tail from
the modes is context switches. To mitigate the impact of context
switches, we apply the suggested mitigation of pinning threads to
their cores.

Figure 4b shows the performance distribution of Ibm before and
after thread pinning is applied. The comparison shows that the
optimization reduces the running time of the benchmark, but more
importantly, reduces its variability. While the mean run time is re-
duced by 0.840%, the SD is reduced by 0.339%x and the CV by 0.403x.
Again, this result shows the effectiveness of our methodology in
finding optimizations that reduce variability.

4.5 sad

We run the sad [60] benchmark with the large dataset on Server-1.
We do not identify any distinct performance classes such as modes
or tails. Nevertheless, by separating runs that are left and right of
the mean, we find that the variability is most associated with TLB
misses and suggests using transparent huge pages as a mitigation.
Figure 4c shows the performance distribution of sad before and
after transparent huge pages are applied. The optimization reduces
the mean running time of the benchmark by 0.941X, but more
importantly, it reduces the SD by 0.833% and the CV by 0.885x.

4.6 Xapian

We run Xapian [67] with auto-generated queries using Zipfian
distribution (s=0.99) for realistic query patterns on Server-2. It is an
interesting case for variability reduction optimizations because it
is sensitive to tail performance, and is included in the TailBench++
suite [38]. Running Xapian with our methodology, we identify that
the performance distribution indeed has a long tail and two modes,
and that a prominent factor separating the tail from the modes
is CPU migrations. To reduce its impact, we apply the suggested
mitigation of disabling NUMA balancing.

Figure 4d shows the effect of this mitigation. The optimization
pushes the slow mode towards the fast mode and shrinks the tail,
while keeping the fast mode unchanged. Consequently, the SD is
reduced by 0.728x and the CV by 0.742X. Despite the fast mode
staying put, the mean running time is reduced by 0.981x due to
the reduction of the slow mode and the tail. Once again, this result
demonstrates the effectiveness of our methodology at identifying
optimizations that reduce variability, despite not specifically target-
ing mean performance. It is noteworthy that workloads like search
engines may have established memory access patterns, so disabling
dynamic NUMA balancing enables the efficient use of these access
patterns and avoids unnecessary CPU migrations.

4.7 srad (CPU version)

We run srad [8] with the parameters ‘60000 0.5 502 458 128’ on
Server-3. Similar to Xapian, our methodology identifies that the
performance distribution has a long tail, and that a prominent
factor separating the tail from the mode is CPU migrations. We
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Table 3: Influential factors identified, mitigations applied, and run time variability reduction achieved for each benchmark.

HW | Benchmark System factor Mitigation Before mitigation After mitigation Reduction ratio
(release year) Mean SD (&Y% Mean SD (&Y% Mean SD (&Y%
CPU | 7z(2016) Context switches Pin threads 27.553 0352 0.013 | 27.416  0.056  0.002 0.995%X 0.159% 0.160X
Tbm (2012) Context switches Pin threads 13.258 0.803 0.061 11.141 0.272 0.024 0.840X 0.339X 0.403X
sad (2012) TLB misses Transparent huge pages 2.385 0.018  0.008 2.245  0.015  0.007 0.941X 0.833X 0.885X
Xapian (2011) CPU migrations Disable NUMA balancing | 13.542 0.786  0.058 13.286  0.572  0.043 0.981X 0.728X 0.742X
srad (2009) CPU migrations Disable NUMA balancing 78.630 17.541 0.223 61.810 3.500 0.057 0.786X 0.200X 0.254X
TavaMD (2009) CPU migrations Disable NUMA balancing 6.657 0.817  0.123 5.869  0.318  0.054 0.882X 0.389X 0.441X
Cache misses CPU with larger cache 6.657 0.817  0.123 3.465  0.037  0.011 0.521X 0.045X 0.087X
Cache misses Disable SMT 3.465 0.037 0.011 3.454 0.024 0.007 0.997X 0.649X 0.651X
GPU | srad (2009) Kernel launch overhead | Optimize streams usage 42.645 0.625  0.015 | 20.065  0.086  0.004 0.471X 0.138X 0.292X
Retinanet (2018) CUDA initialization Avoid re-initialization 16.381 1395  0.085 11.755  0.480  0.041 0.718X 0.344X 0.479X
Stable diffusion Temperature Increase fan speed 6.505 0.032  0.005 6.438  0.030  0.005 0.990X 0.938X 0.947X
(2023) Temperature Frequency capping 6.438 0.030 0.005 6.422 0.026 0.004 0.998X 0.867X 0.869X
gpt-0ss-20b (2025) Frequency Frequency capping 19.516 0.353 0.018 19.469 0.160 0.008 0.998X 0.453X 0.454X
Yi-6B (2023) Frequency Frequency capping 20.553 0.477  0.023 20.433  0.391 0.019 0.994X 0.820X 0.824X
Geometric mean 0.843X  0.374X  0.444X
Mitigation 20 Mitigation Mitigation Mitigation 012 Mitigation 15 Mitigation
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Figure 4: Performance distribution for each CPU application with mitigation in parentheses

again mitigate the impact of CPU migrations by disabling NUMA Mitigation

balancing as suggested. 40 % Baseline (n=1000)
Figure 4e shows the impact of NUMA balancing on srad. The Intel (n=1000)

mitigation visibly shrinks the tail and even slightly improves the

mode run time. As a result, the mean runtime is reduced by 0.786X, 30
but more importantly, the SD is reduced by 0.200x and the CV by -
0.254X. G

c

8 20
4.8 LavaMD

We run LavaMD [8] with parameters ‘-cores 16 -boxes1d 32’ on

Server-2.2 Our methodology identifies that the performance distri- 10
bution is wide with two modes, and that a prominent factor sepa-
rating the modes is again CPU migrations. We mitigate the impact
of CPU migrations by disabling NUMA balancing as suggested. 0
Figure 4f shows the performance distribution of lavaMD before > ’ 9 1
Run Time (s)

and after disabling NUMA balancing. It is evident that the mitiga-
tion fuses the slower mode into the faster mode and narrows the

distribution, without affecting the performance of the faster mode. Figure 5: LavaMD performance when using CPU with more

Consequently, the mean runtime is reduced by 0.882%, but more cache

importantly, the SD is reduced by 0.389x and the CV by 0.441x.

Note that since LavaMD is an old application, it is not designed

to utilize NUMA balancing to its advantage, so disabling NUMA cannot be meaningfully compared when switching architectures, it
balancing makes the memory access simpler. is worth noting the significant reductions in SD and CV, by factors

Another prominent factor that we identified was cache misses. of 0.045x and 0.087X respectively.

One suggestion to mitigate this factor is to use a CPU with a larger To shrink the tail even further, we applied our methodology to
cache capacity. Figure 5 shows the performance distribution of lavaMD again, but this time on the Intel CPU. Interestingly, the
LavaMD when using Server-1, a dual socket Intel with 2x the L1 prominent factor separating the tail was identified to be cache
data cache, 1.33X the L1 instruction cache, and 5% the L2 cache misses. Although we could run on a CPU with an even larger cache,
compared to the baseline AMD Server-2. Although mean run time we instead took another suggestion to reduce cache misses, which

was to disable SMT, thereby reducing cache contention between
2We use 16 cores because the program fails to run with a higher number. threads. Figure 6 shows the performance distribution of lavaMD on
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Figure 6: LavaMD performance when disabling SMT on CPU
with more cache

the dual socket Intel Xeon-6448H CPU before and after disabling
SMT. The mean run time is negligibly impacted and only reduced
by 0.997%; however, the SD is reduced significantly by 0.649x and
the CV similarly by 0.651x.

4.9 srad (GPU version)

We now turn our attention to GPU benchmarks. We run srad [8] on
an NVIDIA A-100 GPU (Server-3) using the parameters ‘1000000
0.5 502 45’. The resulting performance distribution exhibits a tail,
with one prominent factor associated with the variability: CUDA
kernel launch overhead. The suggested mitigation for reducing the
variability of the launch overhead is to use streams to overlap the
kernel launch overhead with the execution of preceding kernels.

This optimization cannot be applied automatically and requires
code inspection and modification. We noticed that the GPU kernels
are executed for multiple iterations, but are synchronized every
iteration with a memory copy from the GPU memory to the host
memory to perform some thread-invariant computations on the
CPU. We modified the code to perform that computation redun-
dantly across threads on the GPU instead, eliminating the disruptive
memory copy and allowing all kernels in all iterations to be sub-
mitted to a stream off the critical path of execution.

Figure 7a shows the performance distribution of srad on the
GPU before and after removing the disruptive memory copy. It is
clear that the optimization improves performance as expected, but
also reduces variability. The mean runtime is reduced by 0.471x,
but more importantly, the SD is reduced by 0.138x and the CV by
0.292%.

4.10 Retinanet

We run Retinanet [39], which is available in the MLPerf inference
benchmark [54], on Server-4 to infer a batch of 8 images from
Openlmages [34]. Our methodology identifies that the performance
distribution has two modes, and that the prominent factor that
separates the modes is the CUDA initialization (i.e., cudaInit)
and context creation overhead. Although we did not have built-in

Eitan Frachtenberg et al.

suggested mitigations for this source of variability, we naturally
concluded that we must avoid frequent initializations. Upon inspect-
ing the application code, we observed that the baseline application
restarts the inference process every time a new batch of images
is ready. The mitigation we applied is to keep the process alive
across batches, thus retaining the CUDA context when perform-
ing inference on the next batch of images. Only the initialization
part was modified, and the model and data loading parts remained
unchanged.

Figure 7b shows the performance distributions before (per-inference
initialization) and after (single initialization) our optimization. The
mean run time is reduced by 0.718%, but more importantly, the
variability was significantly reduced, whereby the two modes were
brought together, the SD was reduced by 0.344X, and the CV was
reduced by 0.479x%.

4.11 Stable diffusion

We run Stable Diffusion XL [59] on Server-4. The workload gener-
ates 1024x1024-pixel images from the prompt “Image of cat cooking
steak” using 50 inference steps, guidance scale 7.5, and FP16 pre-
cision. Our methodology identifies that the distribution has two
modes and a left (fast) tail, and that the factors distinguishing the
fast tail and mode from the larger slow mode were the repeat itera-
tion number and the device temperature. In other words, as the re-
peat count increased, the device got hotter and performance became
slower due to throttling. The suggested mitigations for device tem-
perature were increasing the fan speed and capping the frequency.

Figure 7c shows the performance distribution of stable diffusion
before and after increasing the fan speed. Aside from the mean
run time being reduced by 0.990%, the SD was reduced by 0.938x,
and the CV was reduced by 0.947%. To further reduce variability,
we applied frequency capping as well. Figure 7d shows the perfor-
mance distribution of stable diffusion before and after frequency
capping. The mean run time was further reduced by a negligible
0.998x; however, the SD was more notably reduced by 0.867x, and
the CV by 0.869x.

Unfortunately, despite these two optimizations and the reduc-
tions in variability, the two modes persisted. To confirm that the
device temperature was indeed the likely cause of modality, we
introduced a 5s delay between runs to allow the device to cool
down. Figure 7e shows that this mitigation indeed fuses the slow
mode into the fast mode. However, it may not be desirable in re-
alistic deployments, because it trades off throughput for latency.
Nevertheless, this result corroborates that our methodology was
indeed able to identify the likely cause of the two modes, despite
the difficulty of eliminating the slow mode in practice.

4.12 gpt-oss-20b

We run the LLM gpt-oss-20b, available through HuggingFace in
PyTorch [51], on Server-4 with a set of five generic questions for
prompts. Our methodology reveals that the performance distribu-
tion has multiple modes and a long tail, with the clock frequency
being the distinguishing factor, and recommends frequency capping
as a mitigation.

Figure 8a shows the performance distribution of gpt-oss-20b
before and after frequency capping, where the frequency cap is
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Figure 7: Performance distribution for each GPU application with mitigation in parentheses
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reduced from the maximum 1440 MHz to 1410 MHz. Although
mean performance is negligibly reduced by 0.998x, variability is
improved with the tail shrunk and the SD and CV reduced by 0.453x
and 0.454X, respectively.

4.13 Yi-6B

We run the LLM Yi-6B, available through HuggingFace, this time
using the vLLM [35] serving framework, on Server-4. Our method-
ology reveals a more symmetric performance distribution. Still, by
selecting the runs to the left and right of the median as our perfor-
mance classes, our methodology again reveals that clock frequency
is a prominent factor associated with slow performance, despite
the large difference in distribution shape.

Figure 8b shows the performance distribution of Yi-6B before and
after frequency capping, where the frequency cap is reduced from
the maximum 1440 MHz to 1395 MHz. Although mean performance
is negligibly reduced by 0.994X, the distribution becomes narrower,
and the SD and CV are reduced by 0.820x and 0.824X, respectively.

5 Discussion

5.1 Optimizing performance vs. reducing
variability

A recurring observation from our evaluation is that reducing vari-
ability and optimizing mean performance are not identical. While
some of our benchmarks indeed experience an improvement in
mean performance (e.g., Ibm, sad, srad, lavaMD, Retinanet), oth-
ers experience a reduction in variability while the mean or mode
performance remained mostly unchanged (e.g., 7z, Xapian, stable
diffusion, gpt-oss-20b, Yi-6B). This distinction highlights the need

for a systematic methodology for diagnosing and mitigating per-
formance variability beyond traditional profiling. With traditional
profiling, if the programmer happens to profile runs that are in the
fast mode or off the tail, they may miss optimization opportunities.
By observing runs across multiple modes or on and off the tail, and
by identifying the factors that distinguish these runs, our method-
ology is capable of specifically diagnosing the source of variability
and recommending mitigations to decrease it.

5.2 Factors before mitigations

In our methodology, we start by identifying the system factors
associated with the performance variability, then recommend miti-
gations. This approach is essential because the brute-force approach
of exhaustively applying all possible mitigations without guidance
is expensive. For example, a common recommendation for reducing
variability is to disable SMT [5, 11, 12]. However, Figure 9 shows
that disabling SMT increases the variability of the Ibm benchmark.
In particular, it increases the SD and CV by 1.10X and 1.13X, re-
spectively. Therefore, a guided approach such as ours for reducing
variability is necessary. Indeed, VGO does not recommend this mit-
igation for this application. Interestingly, in this example, disabling
SMT reduces the mean run time by 0.974x despite increasing vari-
ability. This observation reiterates our earlier point that optimizing
performance and reducing variability are different and sometimes
opposite objectives that require different methodologies.

5.3 Long-running applications

Long-running applications introduce multiple challenges for vari-
ability analysis: they tend to have multiple phases, resulting in loss
of information when averaging metrics across phases; and they are
impractical to run a large number of times. To demonstrate VGO’s
usage in such applications, we apply it to a video segmentation
program based on Segment Anything Model 2 (SAM2) [53]. The
program consists of multiple phases, including copying a video to
main memory, decoding it in main memory using the CPU, trans-
ferring it to the GPU memory and segmenting it on the GPU, and
writing the outputs back to storage. The program pipelines these
operations across consecutive videos sent to the same GPU, and
executes multiple such pipelines in parallel across multiple GPUs.

We ran the program on a compute node having a 64-Core AMD
EPYC 7763 CPU and 8 Nvidia A100 GPUs. Each video has 5K resolu-
tion (5120x2880) and 483 frames. Since the application has multiple
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Figure 9: Impact of SMT on Ibm

phases, we instrumented and collected data for each phase sepa-
rately as well as the application as a whole. Moreover, since the
application executes many videos in parallel across multiple GPUs
as well as in pipeline on the same GPU, we treated each video as
a single observation to gather many observations from a single
run. After collecting the data, we applied VGO’s classification stage
to the end-to-end latency using the performance of the individual
phases as factors.

We found that the variability in the end-to-end latency was most
associated with the variability in the decode phase running on the
CPU. Note that this phase is not the longest-running one, but rather
the one with the most impact on variability. We then applied VGO
to the data collected in the decoding phase and our methodology
revealed a distribution with three modes, with context switches
being the distinguishing factor of the slowest mode and thread
pinning being the recommended mitigation.

Figure 10 shows the latency distribution of the decode phase
before and after we apply selective thread pinning to the subset of
CPU threads performing the decoding. The mean latency is subse-
quently reduced by approximately 0.724X, but more importantly,
the CV is reduced to 0.037% and the SD to 0.027X%, an impressive
reduction in variability. This reduction in variability of the decode
phase aggregated across many videos results in a 3.5% end-to-end
increase in application throughput (in frames per second).

5.4 Diversity of performance distributions

We have observed that performance distributions can have diverse
shapes with different benchmarks having multiple modes (e.g.,
Xapian, lavaMD, Retinanet, stable diffusion, gpt-oss-20b) or long
tails (e.g., 7z, Ibm, Xapian, srad, gpt-oss-20b). Even for Gaussian-
looking distributions that do not have any modes or tails (e.g., sad,
Yi-6B), analysis of variability around the median can yield fruitful
mitigations for making the distribution narrower in general. This
diversity in the shape of distributions demonstrates the need for a
flexible methodology for reducing variability that is aware of the
shape of the distribution and can focus on different performance
classes within the distribution, such as what VGO provides.

5.5 Generalizing to different platforms and
metrics
Our tool can work on a variety of platforms and with a variety

of profiling tools. We have seen examples of single-threaded CPU
applications (e.g., 7z); multi-threaded CPU applications with metrics

Run time (s)
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Figure 11: Impact of pinning on 7z

collected from tools such as Linux perf; GPU applications with
metrics collected from tools such as nvidia-smi and nsys; and a
combination of CPU and multiple GPUs using a combination of
these profiling tools. The VGO approach can additionally scale to
analyze multi-node performance variability. We have implemented
initial MPI instrumentation using mpip [64] to uncover network-
related factors. In future work, we plan to investigate the variability
of individual ranks in HPC applications at scale.

The VGO approach is also agnostic to which performance metric
we are trying to optimize, or even to whether we are trying to
minimize or maximize it. As an example, the 7z benchmark from
Section 4.3 reports different performance statistics, and in Figure 11,
we see the results of collecting and analyzing the average compres-
sion bandwidth instead of run time. Since this metric represents
higher performance with higher values, it is nearly a mirror image
of Figure 4a, with a left tail instead of right. But VGO works just
as well identifying the same factor and mitigation for this metric,
and the consequent thread pinning results in a similar (but slightly
smaller) improvement in performance. In other examples, outside
the scope of this paper, we also collected metrics for energy use and
power efficiency, response time, I/O time, and other useful metrics.

5.6 Generalizing across time

In our experiments, older legacy applications such as Rodinia bench-
marks, Xapian, and sad achieve better performance when recent
system features such as Transparent Huge Pages and NUMA Bal-
ancing are disabled (see Table 3 for release years). In contrast, newer
workloads such as Retinanet, Stable Diffusion, and LLMs are well-
tuned for modern systems. For these applications, performance
gains come mostly from hardware and system-focused optimiza-
tions, including GPU frequency and fan speed tuning and lowering
hardware/system initialization costs. With VGO’s approach, we are
able to pinpoint the key performance factors and suggest mitigation
for improving runtime and variance across both legacy and modern
workloads.

6 Conclusion

The primary contribution of this work is the introduction of a
methodology for performance and variability optimization based on
information found in the performance distribution. Typical perfor-
mance tuning methods already produce likely factors in bottlenecks
from static or within-application variability, but VGO exposes new
opportunities for optimization in the shape of the distribution and
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in infrequent events. Additionally, a focus on the distribution al-
lows the optimization not only of summary statistics like mean and
95" _percentile performance, but also reshaping the distribution
itself and reducing its variance.

A secondary contribution is the integration of VGO within an
open-source tool that automates most of the methodology, includ-
ing the collection of performance distributions, system-level met-
rics, identifying areas of interest, fitting a classifier for these areas,
exposing influential factors, suggesting mitigations, and compar-
ing the mitigated distributions to the original. The tool includes a
knowledge base with dozens of well-known system-level factors
and suggested mitigations that are nevertheless finding new appli-
cation in relation to variability. Moreover, in some cases, the tool
can even apply the system mitigations itself, without human labor.

Finally, The methodology and the software that embodies it are
both flexible and extensible. It is trivial to add new layers of system
metrics to collect, application metrics to optimize for, new factors
and mitigations, and hardware backends and platforms to run on,
such as CPUs, GPUs, storage arrays, and MPI environments.
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Variability-Guided Performance Optimization

Appendix 1: VGO Workflow

VGO, which is built on SHARP [46], includes both a command-
line interface (CLI) and a web-based graphical user interface (GUI)
This appendix describes and depicts the GUI-based workflow of
optimizing an application with VGO from start to finish. It is not
required for understanding this paper, but it can shed light on how
VGO can facilitate and automate an otherwise complex process.
We will follow the methodology described in Section 3, but with
additional steps, details, and screenshots of the workflow.

1. Measuring baseline distribution

SHARP was designed for reproducible performance evaluation,
and therefore includes numerous controls and utilities to measure
performance reliably when using VGO. Some of these options are
visible in the GUI's “Measure” tab (Figure 12). After choosing a
unique experiment (directory) name and an optional task (file)
name, the user selects when to stop measuring. In the example
shown, it is after exactly 1,000 repetitions, but SHARP includes a
library of both static and adaptive stopping rules to determine when
the distribution is statistically stable. Other inputs include where
to run the experiment (backends), what other configuration files
with metrics to include, and various other performance controls.

SHARP then runs the experiment and records all the pertinent
information of an experiment in two human-readable and machine-
readable files, which are shown to the user when the run is complete.
The first, a CSV file, contains one row per program execution and
one column per metric collected. The second, a markdown file,
contains a detailed description of the system-under-test (SUT) and
experiment parameters for reproducibility purposes. The user can
also load the data in the “Explore” tab (Figure 13) to visualize the
distribution as a density plot and summary statistics. In addition
to a density plot, the graph shows a scatter plot of the individual
runs, a boxplot with confidence intervals, and a Bayesian highest-
density interval. The user can choose the main metric to visualize,
filter the data to a particular subrange (for example, by time or
by performance), and perform pairwise comparisons of different
metrics to discover interesting correlations.

2. Collecting system metrics. After measuring the baseline perfor-
mance distribution, the rest of the VGO workflow is continued in
the “Profile” tab. To initiate it, the user is asked to select the meta-
data (markdown) file from the step that was just completed or from
a previous measurement (Figure 14).

VGO reads the metadata and reruns the same experiment exactly,
with all the previous parameters, except with the addition of one
or more metric layers. These layers are defined as external YAML
files (see example in Figure 15), so new layers of metrics are easy
to add. Backend options for program execution are composable,
like mathematical functions, and metric collection options are ad-
ditive, allowing an arbitrary number of layers. In practice, since
these layers also add overhead, they could skew the performance
distribution, so it is advisable to use only one or two layers at a time.
It is worth noting that if VGO finds logs for a previous profiling
run, it offers the user the option to reuse these results, as they can
be quite slow to generate.
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Measure Explore Compare Profile

SHARP

Experiment name

demo

Program & arguments Task name (optional)

matmul 2500

When to stop? Maximum runs

Exact count v 1000
Where to run it? local v
How many parallel copies? 1
How to start each run? as-is -
How long before timeout 60
(sec)?
mpi_config =N
Which config to include? [ ]
strace A

Any other arguments to pass along to SHARP?

Figure 12: Example of launching a benchmark 1,000 times to
generate performance distribution.
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Figure 13: Example of distribution visualization.



ICPE 26, May 04-08, 2026, Florence, Italy

Compare Profile

SE%PP Measure Explore
BB Load metadata

Select experiment to profile

Figure 14: Initial view of the Profile tab

1 # Configuration excerpt to collect the number of major page faults
backend_options:
3 bintime:
run: /usr/bin/time -f "Major page faults: %R" $CMD $ARGS 2>&1

5 metrics:
major_pagefaults:
7 description: Total number of major page faults
extract: awk '/Major page faults:/ {print $4}'
9 lower_is_better: true
type: numeric
1 units: count

Figure 15: Example metric layer, including “how to measure”
(backend_options) and “how to collect” (metrics).

3. Labeling performance

The next step is to inspect the distribution of any performance met-
ric of interest, whether from the application or the metric layers,
and identify properties of interest. First, the user selects the metric
of interest (“Outcome metric”) to see its distribution (Figure 16).
Then, the user clicks anywhere on the distribution to place a cut-
off line (dotted blue) that separates performance into two classes:
“LEFT” (green) and “RIGHT” (orange).

SMP Measure  Explore  Compare rofile

Distribution appears to be unimodal, right-skewed.
Select experiment to profile .
& g £BLoad metadata 1.00

Outcome metric Predictors to exclude

inner_time v inner_time 075
outer_time
perf_time >
- £os0
Metric to limit to c
3
None v a
0.25
Click on density plot to change classifier cutoff :
Click on a tree node to inspect performance factor 0.00 : _
iv F a3t vty
Click here for an exhustive search Qsearch “@
for a cutoff point to minimize AIC il
0.5 0.6 0.7 0.8 0.9
inner_time

Figure 16: User interface to label performance classes.

In this example, the user chose a point somewhat right of the
main mode to separate “slow performance” from “common perfor-
mance”, but could have also placed the line between the modes or
even further right to isolate tail performance only. The user could
also click on search to automatically find a good candidate for a
cutoff point, as described later. Each such cutoff choice could lead
to different results in subsequent steps, so it is worth experiment-
ing with. Also note that the user may select to filter the samples
inspected by any of the metrics (“Metric to limit to”), for example,
to exclude invalid samples or focus on particular conditions.

Eitan Frachtenberg et al.

4. Fitting a decision-tree classifier

For each selected cutoff line, VGO immediately fits a simple decision-
tree classifier that attempts to predict which of the two performance
classes a sample will fall into based on the values of its low-level
system metrics. Since some low-level metrics are very strongly
correlated with the outcome metric, the user interface lets the user
select any number of metrics to exclude as potential predictors
(Figure 16). VGO graphically shows the decision tree to the right of
the distribution, which lets the user see which system factors affect
performance variability. For example, in the tree shown in Figure 17,
three low-level metrics collected from Linux’s ‘perf” tool are used to
predict the “common” and “slow” performance classes. In particular,
all of the “slow” (orange) measurements were associated with a high
number of dTLB misses, while the majority of the measurements
in the common case had fewer misses. This depiction makes it easy
to see the important role that these misses play when performance
varies away from the common case.

branch jmisses

/
= 26855, < 43848743

== 4384

page faulis

== 1656&06568 5

LEFT LEFT RIGHT RIGHT

Figure 17: User interface for decision tree classifier.

5. Factor selection

The user may or may not be familiar with each of these factors,
but VGO tries to help. Clicking on any of the tree nodes expands
the view with a textual explanation of the selected factor, complete
with URLs for additional references (Figure 18). These explanations
are coded into another configuration file in YAML format, so the
user can edit or add to these explanations, especially if they config-
ure their metric layers beyond those provided. If all else fails, the
user also has the option to click a button to prompt an optional,
locally installed large-language model to explain this factor and its
potential mitigation.

In addition to the textual explanation, VGO computes the R?
relationship and draws a scatter plot of the selected outcome metric
against the selected system factor, which in this example shows a
strong linear relationship.



Variability-Guided Performance Optimization

Statistic Baseline  Treatment
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Figure 20: Comparing baseline distribution to the mitigated
one.
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Counts how many times a data reference needed to be
translated from a virtual address to a physical address
and was not found in the data TLB cache. A higher count
indicates pressure on the dTLB cache, possibly because
of a high rate of unpredictable data accesses or the data
spread over too many pages.
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Figure 18: Visualizing and explaining the selected factor.

6. Mitigation selection

Having selected a promising factor, the user can next click on
“Suggested mitigations” to get a drop-down list of potential actions
to reduce the variability of this factor (Figure 19). Again, the user

will see an explanation with references to the selected mitigation.

And again, these are encoded in a separate YAML file that is easy
to augment. Moreover, the YAML file can include instructions on
how to programmatically apply the mitigation, when possible (a
“mini Bash script”). Thus, when the user clicks on “Try it”, VGO
will be able to apply the mitigation on its own before remeasuring
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the distribution, which brings us to the next step. A list of common
factors and mitigations is shown in Table 1.

Factor description Suggested mitigations

Choose mitigation: mem_allocator_tc

TCmalloc (thread-caching) is an_mem_allocator_je

that optimizes memory allocati RS uR lae A

To rerun the application with T( huge_pages
installed on your system (on uk
google-perftools"). improve_locality

References: [github] [stack-overflow]

(o oo
Figure 19: Potential mitigations list.

7. Remeasure distribution

Having selected a mitigation to try, VGO will either apply the
mitigation itself when the instructions to do so are included in
the YAML file or ask the user to do it manually before continuing.
VGO then recreates the baseline experiment exactly, that is, with
no profiling layers, but with the mitigation applied. Needless to say,
if data from a previous application of the mitigation exists, the user
has the option to skip rerunning it.

8. Distribution comparison

Finally, when the data from these runs is acquired, VGO compares
the performance distributions with and without the mitigation
(baseline). VGO depicts both a graphical summary of the two dis-
tributions overlaid on each other and a list of statistical summaries
such as the mean, median, modes, and various dispersion measures

of both distributions (Figure 20). At this point, the user can decide
whether the newly reshaped distribution meets her goals, and ac-

cept the mitigation, or conversely, try a different mitigation or a
different factor altogether. In that case, the user can simply choose
from the same screen a new cutoff point, a new tree node, or a
new mitigation, and try again until the performance distribution is
satisfactory or the available choices are exhausted.

In summary, Figure 21 shows a screenshot of the final page view,
encompassing nearly the complete workflow described here.
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Explore Compare
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Select experiment to profile
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OQutcome metric Predictors to exclude
inner_time A inner_time outer_time
perf_time

Metric to limit to

None -

Click on density plot to change classifier cutoff
Click on a tree node to inspect performance factor

Click here for an exhustive search for a cutoff
point to minimize AIC

Factor description Suggested mitigations

Choose mitigation: mem_allocator_te -
TCmalloc (thread-caching) is an alternative to libc's malloc that optimizes
memory allocation under multithreading. To rerun the application with TC
malloc, make sure it's installed on your system (on ubuntu, use " apt install
google-perftools”).
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Figure 21: The final view after completing the VGO workflow

Baseline
200.0000
0.5246
0.6169
0.6067
0.6462
0.6327
0.6596
0.8761
0.9678
1.0766
0.0967

0.0068

Eitan Frachtenberg et al.

%)

dTLB_misses
== 2685
< 28885 < 13848743

>= 1650%518508.5

Treatment

200.0000

0.5247

0.5939

0.5935

0.6010

0.5944

0.6076

0.6946

0.7237

0.7550

0.0474

0.0034



	Abstract
	1 Introduction
	2 Related Work
	3 Methodology
	3.1 Measuring Performance Distributions
	3.2 Identifying the Performance Class of Interest
	3.3 Fitting a Classifier for the Performance Class
	3.4 Selecting a Mitigation
	3.5 Apply the Mitigation and Remeasure
	3.6 Comparing Baseline and Mitigated Distributions
	3.7 Limitations

	4 Experimental Evaluation
	4.1 Experimental setup
	4.2 Results overview
	4.3 7z
	4.4 lbm
	4.5 sad
	4.6 Xapian
	4.7 srad (CPU version)
	4.8 LavaMD
	4.9 srad (GPU version)
	4.10 Retinanet
	4.11 Stable diffusion
	4.12 gpt-oss-20b
	4.13 Yi-6B

	5 Discussion
	5.1 Optimizing performance vs. reducing variability
	5.2 Factors before mitigations
	5.3 Long-running applications
	5.4 Diversity of performance distributions
	5.5 Generalizing to different platforms and metrics
	5.6 Generalizing across time

	6 Conclusion
	References

