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Abstract—While workload colocation is a necessity
to increase energy efficiency of contemporary multi-
core hardware, it also increases the risk of performance
anomalies due to workload interference. Pinning certain
workloads to a subset of CPUs is a simple approach to
increasing workload isolation, but its effect depends on
the workload type and the underlying system architec-
ture. Apart from common sense guidelines, the effect of
pinning has not been extensively studied so far. In this
paper we present a study of the impact of CPU pinning
on performance interference and energy efficiency for
pairs of colocated workloads. Besides different combi-
nations of workload types, virtualization and resource
isolation, we explore the effects of pinning depending
on the level of background load. The presented results
are based on more than 1000 experiments carried out
on an Intel-based NUMA system, with all power man-
agement features enabled to reflect real-world settings.
We find that less common CPU pinning configurations
improve energy efficiency at partial background loads,
indicating that systems hosting colocated workloads
could benefit from dynamic CPU pinning based on CPU
load and workload type.

I. Introduction
In terms of work done per energy unit consumed,

a server tends to be more efficient at higher utilization [1].
This observation is one major reason for workload colo-
cation, a technique that increases energy efficiency by
trading it against certain aspects of performance that can
suffer due to resource sharing [2–4]. Colocated workloads
are very common—in fact, mere use of multiprocessing
technically qualifies as workload colocation. We focus on
virtualized workload colocation in server clusters, where it
plays a major (but not sole nor entirely sufficient [5]) role
in improving energy efficiency.

Modern hardware can host many virtual machine
instances (VMs), but colocating workloads with coinciding
peaks increases the risk of performance anomalies due
to workload interference [6]. Although this risk can be
reduced by colocating VMs with complementary workload
intensities, techniques to increase workload isolation are
also required. On multi-core, multi-processor, and especially
NUMA platforms, one approach to increasing isolation
is pinning certain workloads to a subset of CPUs [1, 7].
Unfortunately, the effect of pinning depends on workload
type and physical system architecture, adding further
dimensions to an already difficult optimization problem.

The effect of pinning on performance interference has
not been extensively studied—perhaps because pinning is

generally considered useful only for heavily-loaded systems,
and because common sense pinning guidelines may appear
sufficient. After all, if we consider cache sharing to be
the primary source of performance interference for many
workloads, then simply pinning such workloads to different
cores, CPU packages, or NUMA nodes should obviously
reduce cache sharing and improve memory locality, poten-
tially improving performance. However, to the best of our
knowledge, the effect of CPU pinning on energy efficiency
in general, and on performance at other than peak CPU
utilization, has not yet been studied.

In this paper, we analyze the effect of CPU pinning on
performance interference and energy efficiency for pairs of
colocated workloads, simulating a scenario with a single
workload executing at peak utilization in presence of
a background workload executing at varying levels of partial
utilization. We show that while the effect of CPU pinning
meets the common sense expectations where it concers
performance isolation, the effects on performance (in terms
of aggregate throughput) and energy efficiency can be
surprising. In particular, we find that unexpected CPU
pinning configurations improve energy efficiency at partial
background loads, indicating that systems hosting colocated
workloads could benefit from dynamic CPU pinning based
on CPU load and workload type.

In summary, the key contribution of this paper is
an extensive (and to our best knowledge the first) study of
the effects of CPU pinning on performance interference and
energy efficiency, depending on the type of the colocated
workloads and the intensity (in terms of CPU load) of the
background workload.

In the rest of the paper, we first provide background
and expand on the motivation for analyzing partial CPU
load scenarios. We then we describe our experimental setup
and discuss the results. In closing, we review the related
work and conclude the paper.

II. Background and Motivation
To enable colocation decisions based on workload type,

various methods have been proposed to characterize work-
loads with respect to contention on specific resources [3,
4, 8]. These methods are mostly based on comparing
application performance (in terms of response time or
throughput) at full utilization between runs executed in
isolation and in colocation with other applications.

While such tests may provide insights related to worst-
case colocation scenarios with multiple workloads fully
utilizing the available resources, these scenarios are neither



common nor desired in production environments, as they
could result in poor user experience, or in Service Level
Agreement violations. Moreover, to obtain stable results
for performance comparison, researchers typically either
disable hardware features such as frequency scaling, turbo
boost, or hyper-threading, or configure them for maximum
performance, diverging even further from configurations
common in practice.

To analyze (and improve) energy efficiency, we are
interested in other than the worst-case colocation scenarios,
especially if these can be mostly avoided by colocating
workloads with complementary resource demands. Impor-
tantly, the results from the worst-case scenarios cannot
be simply “scaled down” to reflect partial loads, because
they lack information about power usage and the cor-
responding application performance. While power usage
may be modeled as a function of utilization [6, 9–11] or
frequency [12], the relation between CPU utilization and
application performance is not necessarily linear, but po-
tentially complex and difficult to predict [13]. For example,
Martinec et al. [14] have shown that the throughput of the
ActiveMQ JMS broker can more than double when CPU
utilization increases from 80% to 95%, with the choke point
still safely away at almost three times the throughput at
80% utilization. In summary, without knowing the amount
of work done and the power consumed at a particular CPU
utilization, we can neither analyze the energy efficiency
of a particular colocation scenario, nor plan workload
colocation based on prescribed CPU utilization.

We therefore believe that to enable better decisions, we
need to systematically explore partial CPU load scenarios
with practically relevant hardware configurations. To this
end, we use the Showstopper [15] tool, which enables
performing reproducible experiments at partial CPU loads
while recording application performance and system-level
data, such as power consumption or low-level CPU and
memory performance metrics.

Even though Showstopper can be extended to reproduce
other types of utilization traces, we do not consider network-
bound or disk-bound workloads, and only focus on CPU
utilization. Besides the obvious advantage of a clearly
defined semantics of full utilization and a relative uniformity
of available hardware devices (in contrast to storage and
network), CPUs are often the most influential server
components in terms of power consumption. Additionally,
contemporary CPUs provide levels of parallelism unseen
in most network and storage devices, which motivates
our research into performance interference of colocated,
computationally intensive, and parallel workloads executing
under a variety of different circumstances.

With the increasing number of CPU cores sharing caches
at various levels and the increased availability of NUMA
machines, CPU pinning has become an effective tool for
dedicating or isolating computational resources to or from
specific workloads. Because pinning is typically configured
statically, when investigating performance interference
at full CPU utilization, one may easily conclude that
pinning independent workloads to separate NUMA nodes
is generally the best configuration. Given the potential
effect of CPU pinning on performance interference, our
study includes CPU pinning as one of the two primary
experimental dimensions (in addition to workload type),

and aims at investigating the effects of various pinning
configurations on performance interference at partial CPU
loads. Our results suggest that pinning independent work-
loads to separate NUMA nodes is not necessarily the best
choice—instead, the best choice varies with the CPU load.

III. Experimental Setup
Our analysis of the impact of CPU utilization, workload

type, and CPU pinning on the performance interference
between colocated workloads is based on data from over
1000 experiment runs. In this section we describe our
experimental setup in an incremental fashion, starting with
a base experiment design, and extending it to cover all
three dimensions.
Experiment Design. The base experiment is designed to
evaluate performance interference between a pair of colo-
cated workloads. We execute each workload in a separate
virtualized environment (VE) on the same physical machine,
and measure the performance of the workload executing
in one VE (the foreground workload) while varying the
workload type and load intensity in the other VE (the
background workload).

At the heart of our benchmarking methodology is the
Showstopper tool, which allows executing existing (un-
modified) programs within a user-defined CPU utilization
envelope. We use Showstopper to control the execution of
the background workload so that it follows a predefined
CPU utilization trace, sweeping the range of partial CPU
loads from 5 to 100%. The foreground workload is not
controlled in any way, and we measure its performance
(throughput) at peak CPU utilization. To analyze the
impact of CPU pinning on the performance interference of
the two colocated workloads, we repeat the base experiment
with different CPU pinning configurations. Additionally,
we perform the whole set of experiments using two different
Linux-based VEs—a full-fledged virtual machine (KVM),
and a resource isolation framework (LXC).

We focus solely on scenarios with no obvious competi-
tion for CPU resources (in terms of time, preemption and
CPU overcommitment), so that the observed performance
interference can be attributed only to contention inherent
to the hardware under test rather than to preemption
and time sharing. (Time sharing is easy to predict, model
and avoid, unlike other types of contention, exposed and
explored by our study.) In particular, the total number
of CPUs in the KVMs is equal to the total number of
physical CPUs and the LXCs are pinned to disjoint sets of
CPUs, the disjoint union of which comprises all CPUs of
the physical server1.
Workload Selection. We evaluate our approach on
a broad variety of workloads targeting the JVM. We chose
the JVM as an application platform for workloads under
test, because of its popularity in many areas ranging from
cell phones to cloud services. The set of workloads in our
study is based on 10 different benchmarks—six from the
well-known DaCapo suite [16], and four from the extended
ScalaBench suite [17]. Even though workloads from both

1We use the term “CPU” in a way common for the Linux kernel
and performance monitoring tools, i.e., a CPU is an entity capable of
executing a thread. The hardware platform used for our experiments
has two CPUs/threads per core, eight cores residing on a chip, and
two chips in total.



suites execute on the JVM, the Java and the Scala work-
loads exhibit different memory usage patterns, contributing
to workload diversity. Our extensive set of experiments
includes all the 100 possible combinations of foreground
and background workloads. However, here we only present
25 possible combinations of 5 workloads (avrora, h2, luindex,
scalac, specs) due to space constraints. The benchmarks
were chosen to represent a diverse set of workload types.
Additionally, benchmarks with short iteration times are
preferred—because we estimate application throughput
from iteration durations, shorter iterations yield more
precise throughput estimates over short periods of time
(units of minutes) and make changes in throughput easier
to observe. For complete results, we refer the reader to
our extensive supplementary materials2, which provide
the high-level power and performance metrics together
with additional low-level metrics and hardware counter
observations for all the 100 workload combinations.
Experimental Platform. We use a Dell M620 server with
128 GB of RAM and two Intel Xeon E5-2680 chips, i.e.,
a NUMA system with 2 NUMA nodes and 32 processors
(8 cores per chip, 2 threads per core) altogether. The Fe-
dora 20 Linux distribution runs on the physical machine, on
the KVM virtual machines, and inside the LXC containers.
The software environment includes the 3.14 Linux kernel
series and the OpenJDK 1.7 JVM.

The system is configured to mimic a production en-
vironment, i.e., during our experiments all power and
performance management technologies are enabled. In
particular, all load and throughput observations are per-
formed with frequency scaling, CPU low-power states and
TurboBoost turned on. This constrasts with many hardware
and software performance studies that avoid advanced CPU
power management features instead of embracing them,
which often impacts the practical relevance of their results.
CPU Pinning Configurations. The colocation of two
VEs opens a large space of possible CPU pinning configura-
tions. We differentiate between four configurations, referred
to as “neutral”, “per-chip”, “per-core”, and “per-thread”.
These configurations are derived from the NUMA topology
of our Dell M620 server, and are illustrated in Figures 1a–1d.
The numbers reflect the numbering of logical CPUs used
by Linux. The background color shows which of the two
VEs can execute on the particular CPU.

The “neutral” configuration (Figure 1a) does not enforce
an explicit pinning of virtual CPUs to physical CPUs, but
each VE is allowed to use at most 16 CPUs at a time.
The operating system kernel is free to schedule the virtual
CPUs (processes in the host system) to arbitrary physical
CPUs and migrate them as it sees fit. This configuration is
available with KVM-based VEs only, because the number
of CPUs available to an LXC-based VE can only be limited
by explicitly pinning the VE to a set of CPUs.

The three remaining pinning configurations can be used
with both KVM and LXC. The “per-chip” configuration
constrains each of the two VEs to a separate NUMA node
(Figure 1b). The “per-core” configuration forces the two
VEs to share chips, i.e., each of them is pinned to four cores
of each of the two chips (Figure 1c). Finally, the “per-thread”
configuration forces the two VEs to share cores and chips,

2http://d3s.mff.cuni.cz/resources/colloc2014
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(d) The “per-thread” pinning: guests share cores

Figure 1: Pinning of LXC and KVM guest VEs on a dual-socket
x86_64 server. Squares represent logical CPUs (as numbered by
the Linux kernel). Vertical black lines separate CPUs sharing
the same core. Thin gaps separate cores within the same chip.
A thick gap in the middle separates the two chips. Background
colors distinguish the two guest VEs.

i.e., each of them is pinned to one CPU (SMT thread) of
each of the 16 cores (Figure 1d).
Putting it All Together: An Experiment Run. Each
of the two colocated VEs runs a set of processes of the same
type, i.e., JVMs running the same DaCapo or ScalaBench
benchmark repeatedly. The number of processes is equal
to the number of CPUs available to a VE, i.e., 16. The
two VEs combined can therefore hog all CPUs of the
physical system. To control the CPU load induced by
the background workload, we control the background
workload using Showstopper. Running in the same VE
as the controlled workload, Showstopper modulates its
execution to achieve and sustain a predefined partial
CPU load, regardless of the multi-threaded nature and
dynamic changes in the workload behavior. We measure the
throughput of the foreground workload under 19 different
background CPU loads, ranging from 0.05 to 0.95 with
an increment of 0.05.

We illustrate the output obtained from our experiments
on an example with specs in the foreground and luindex in
the background. Figure 2 shows the results for KVM-based
VEs under four CPU pinning configurations. Each plot
represents an experiment run with the displayed pinning
configuration. The broad “staircase” line corresponds to
the target CPU load (left y-axis) in the background VE,
enforced by Showstopper. The grey lines overlaying the
target load trace show the observed background CPU load3.
The black lines show the throughput of the foreground

3We always report the observed CPU load values rather than
Showstopper’s load target, although both values are expected to be
in close correspondence. Load control may be prone to oscillations in
certain configurations, especially for low target CPU loads and multi-
threaded workloads; however, Showstopper handles most situations
with reasonable stability and precision.
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Figure 2: [s]→[1], [s]→[s−1] Time line of specs throughput (right
vertical axis) depending on luindex load (left vertical axis) under
“neutral”, “per-chip”, “per-core”, “per-thread” pinnning

workload (right y-axis)4, corresponding to the background
CPU load represented by the grey lines. Because the
“staircase” load trace is symmetric, averaging over its “steps”
yields 38 [load, throughput] value pairs per experiment.
The symmetry of the trace makes it possible to detect long-
term performance changes of workloads or the execution
environment. Under a steady performance, “steps” with
the same background load yield the same foreground and
background throughput.

Because some of our Java and Scala-based workloads
require a long warm-up period (sometimes even 10 minutes)
to reach steady state performance, we exploit the ability of
Showstopper to follow predefined load traces to elide long
warm-up periods preceding each partial load experiment.
The “staircase” trace allows us to take all throuhgput
and performance measurements under 19 background load
levels for a particular workload pair in a single experiment
run, preceded by only one warm-up period. This approach
significantly reduces the duration of our experiments.

For the large volume of experimental results, we choose
a much more condensed form of presentation in the
following sections, showing only the average CPU load and
average throughput values for each “step” of the “staircase”
trace. The duration of a step is 3 minutes. The first and
last 30 seconds of each step are excluded from the average
load and throughput computations to ensure that various
transient fluctuations around the step boundary are not
included in the average values.

IV. Results and Discussion
Our results and conclusions stem from a set of more than

1000 long-running experiments based around the “staircase”
4For Figure 2, we compute throughput estimates for adjacent

intervals of 6 seconds as follows: All per-interval estimates are
initialized to zero. To each estimate, we add 1 for each workload
iteration that starts and also ends within the interval. For an iteration
spanning multiple intervals, we add values that sum to 1 to the
intervals’ throughput estimates, according to the fractions of the
iteration overlapping the intervals.

artificial load trace followed by Showstopper. We first
investigate the dependency of foreground and background
throughput on background load in Section IV-A. We define
a performance interference metric to describe the interfer-
ence between colocated VEs in Section IV-B. Section IV-C
analyzes the overall system throughput. Section IV-D
concludes with energy efficiency.

A. Background Load and Foreground Throughput
In a scenario without explicit competition for CPU time,

we first explore whether (and to what extent) the varying
CPU load in the background VE impacts application
throughput in the foreground VE where a workload runs
uncontrolled, using all the assigned CPU resources.

Figure 3 shows how foreground throughput depends
on background CPU load in two colocated KVMs for all
25 possible pairs formed by 5 selected workloads. Each
row of plots shows how a particular foreground workload
interacts with different background workloads represented
by columns. Each plot displays the results of four ex-
periments, carried out under the “neutral”, “per-chip”,
“per-core” and “per-thread” CPU pinnings. Two data sets
are plotted for each experiment, corresponding to the two
symmetric parts of the “staircase” trace (triangles pointing
downwards ( ) and upwards ( ), respectively). In
an ideal case, the two data sets should overlap. Certain
flawed benchmarks are prone to performance degradation
over time, especially fop—its performance steadily decreases
during all experiments5. The symmetry of the “staircase”
trace helps us reveal such issues.

The key lesson learned from Figure 3 stems from the
ordering of the CPU pinning configurations in terms of
performance. The “per-thread” pinning outperforms other
configurations in a majority of cases; only avrora and h2 are
sometimes an exception, especially under high background
loads. The “neutral” (unpinned) configuration mostly yields
the second best performance, showing that the default
kernel scheduling algorithms use CPUs efficiently, even with
no precise knowledge about the workload colocation. The
“per-chip” and “per-core” pinning configurations provide
a stronger level of resource isolation (maintaining a steady
throughput in face of changing background load), yet
exhibit the lowest throughput altogether. The results for
LXC are similar in most cases; only the behavior avrora
differs5.

According to low-level hardware performance counters,
the “per-thread” pinning has certain unique characteristics.
With decreasing background load, the absolute number of
cache misses mostly increases for all three levels of caches.
However, the cache miss rate mostly decreases for the L1
cache, remains steady for the L2 cache and increases for the
L3 cache. Moreover, the number of pipeline stalls decreases
with the decreasing background load. This confirms that the
“per-thread” pinning enables the foreground VE to benefit
from additional pipeline and cache resources (e.g., twice
the L3 cache capacity compared to the “per-chip” pinning)
whenever the background VE is less active. Therefore
the “per-thread” pinnning yields a performance advantage,
despite the increased NUMA inter-node and L3 cache
traffic that can be attributed to the spreading of the

5Shown in our supplementary plots.



foreground VE across both NUMA nodes and all cores.
The “per-core” configuration exhibits weaker performance
than “neutral” and “per-thread”, yet a much smaller impact
of background load on foreground throughput. The “per-
chip” configuration mostly yields a very small negative
(somewhat counter-intuitive) dependency of background
load on foreground throughput and provides the strongest
level of resource isolation overall.

We also test the impact of Showstopper’s configuration
(e.g., time quanta used in its duty cycle enforcement
strategy) on our results. The data presented in this paper
are gathered using a configuration that sets the runnable
and stopped periods of the controlled processes to fractions
of a 107 ms time quantum, i.e., a duty cycle of 50%
corresponds to alternating of 53.5 ms long stopped and
runnable periods. When repeating our experiments with
different Showstopper configurations, we still obtain almost
identical results. For example, results of the entire set of
25 workload combinations repeated with a base quantum
of 53 ms (instead of 107 ms) can be inspected in our
supplementary plots.

Motivated by Figure 3, we ask two additional questions:
(1) Does the improved foreground throughput in certain
pinning configurations come with a performance penalty
in the background (a lower throughput at the same CPU
load)? (2) How does background throughput depend on
background CPU load? Figure 4 answers both questions.
Rows represent background workloads under colocation
with various uncontrolled foreground workloads represented
by columns6. Figure 4 confirms earlier observations that the
dependency of throughput on CPU load (in the same VE)
is non-linear in most cases [13]. Obviously, the “per-thread”
configuration comes with a performance penalty for the
background VE, while providing a significant performance
improvement to the foreground VE. The performance
penalty is relatively strong for background loads around
0.5, yet almost negligible for both high and low background
loads7. It appears to be weaker for LXC than for KVM,
stronger for luindex and the Scala benchmarks and almost
negligible for h2 and avrora. The latter correlates with
the fact that “per-thread” is not always the foreground
performance winner for avrora and h2, as shown in Figure 3.

In Section IV-C, we investigate whether the foreground
performance improvement related especially to the “per-
thread” pinning can outweight the background performance
penalty, i.e., whether unusual pinning configurations can
indeed provide a noticeable overall performance advantage
over more common choices.

B. The Performance Interference Metric
To (crudely) represent the performance interference

between the background CPU load and foreground appli-
cation throughput by a single numeric value, we introduce
a “performance interference metric” based on correlation.
The metric not only provides a clear summary of the plots
in Figure 3, but also allows us to present more results in
a compact form.

Our metric is based on correlation between CPU load
in the background VE and throughput in the foreground

6The data stems from the same set of experiments as in Figure 3.
7The LXC counterpart of Figure 4 in supplementary plots shows

that LXC exhibits a behavior similar to KVM.
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VE. For each set of 38 average load and throughput
pairs (one pair per “staircase” trace “step”) obtained from
an experiment, we derive two linear models from the
two symmetric halves of the “staircase” trace, producing
two pairs of slope and intercept values. Our performance
interference metric is defined as −100 slope

intercept . We thus
obtain two metric values per experiment and present their
arithmetic average, also reporting on their similarity and
statistical significance.

The formula −100 slope
intercept is based on the following



intuition: The intercept value represents a hypothetical
maximum foreground throughput with an idle neighboring
VE. We normalize the slope by the corresponding intercept,
obtaining a “normalized slope” comparable among different
benchmarks with different iteration durations. Finally, we
multiply by −100 to obtain a “slowdown factor” resembling
a percentage, with values up to 1008. Negative values of our
metric represent a (counter-intuitive) foreground speed-up
with increasing background load.

Admittedly, the dependency of foreground throughput
on background load is in general non-linear, especially for
most colocations with avrora in the foreground and also
for the “neutral” pinning configuration. However, we use
the slope and intercept values merely for the sake of our
metric rather than in their rigorous statistical sense. Our
metric helps us, among others, to illustrate the negative
dependency of foreground throughput on background load
under the “per-chip” pinning, as well as other phenomena
that may not be immediately obvious from the plots. We
are aware of cases where the linear model does not fit
with a strong enough statistical significance and we report
them—in certain sense, the cases where the linear model
does not fit confirm the fundamental motivation behind our
experiments, showing that there is often no simple (linear)
model describing partial load scenarios.

Tables Ia, Ib, Ic and Id show our performance interfer-
ence metric for KVM experiments under the four pinning
configurations, as presented in Figure 3. Tables IIa, IIb,
and IIc correspond to the LXC experiments under the three
pinning configurations available with LXC.

To facilitate the comparison of results and identification
of patterns among them, we set the background color of the
table cells based on their content (the interference metric
value). Lighter background represents a lower value of the
performance interference metric in the particular table cell,
i.e., the darker the cell, the stronger the negative impact
of background load on foreground throughput. Values
reported for avrora are excluded from the color ranges (in all
tables) to provide a broader color range for the less extreme
values. The background colors are bound together in such
a way that all the four tables with KVM results (Ia, Ib, Ic,
Id) share a common color space and the same holds for the
three tables of LXC results (IIa, IIb, IIc). This makes all
the pinning configurations easily comparable in terms of
performance interference: Tables with the “per-core” and
“per-chip” configuration contain values close to zero, even
mostly negative in the “per-chip” case. The “neutral” and
“per-thread” configurations, by contrast, yield high values
of the performance interference metric (corresponding to
dark cell background).

As already mentioned, we report on the statistical
significance of our metric, focusing on two criteria, namely
(1) whether the two metric values obtained from the
two symmetric stages of an experiment are close enough,
i.e., whether the angle between the two normalized slope
estimates differs by less than 3°, and (2) whether the linear
model is statistically significant, as reported by the R tool,

8We may (rarely) obtain values over 100 when the linear model
overestimates the slope. This phenomenon sometimes coincides with
a strong sensitivity of avrora to background load on KVM, contrasting
with avrora on LXC.

avrora h2 luindex scalac specs
avrora −6.0 −3.0 −3.7 −3.1 −2.5

h2 −1.9 −2.2 −2.9 −2.9 −2.5
luindex −2.4 −2.5 −2.9 −3.0 −2.9

scalac −0.9 −1.9 −1.6 −1.8 −1.9
specs −1.9 −2.3 −2.4 −2.5 −2.9

(a) “per-chip” CPU pinning

avrora h2 luindex scalac specs
avrora 5.7 6.5 3.4 4.7 4.2

h2 0.2 5.3 1.9 3.9 4.4
luindex 2.2 10.2 5.6 8.1 8.7

scalac 3.0 7.4 4.5 6.6 6.9
specs 2.6 9.8 5.9 8.2 8.8

(b) “per-core” CPU pinning

avrora h2 luindex scalac specs
avrora 91.2 86.2 106.3 105.9 105.6

h2 44.0 40.5 39.0 42.3 43.4
luindex 44.2 45.1 43.6 45.8 47.1

scalac 49.1 43.6 42.3 48.4 49.1
specs 43.0 39.1 37.5 42.4 44.1

(c) “per-thread” CPU pinning

avrora h2 luindex scalac specs
avrora 44.9 44.3 50.8 49.3 48.6

h2 16.2 18.4 19.6 20.0 19.7
luindex 28.4 26.3 29.6 26.3 26.2

scalac 34.3 33.6 34.7 33.6 33.0
specs 28.7 28.9 30.7 30.4 29.9

(d) “neutral” CPU pinning

Table I: Performance interference metric on KVM

i.e., whether both slope and intercept values for both halves
of the “staircase” trace are estimated with a p-value below
0.05. When both criteria fail, the corresponding number is
typeset in italics. Failures of only the first (symmetry) or
the second (p-value) criterion are represented by sans-serif
and standard font, respectively9. Results for which both
criteria are met are typeset in bold.

C. Throughput of the Entire System
We show in Section IV-A that certain CPU pinnings

can improve the foreground throughput for a majority of
partial CPU loads. However, we also reveal (and show in
Figure 4) that the foreground throughput improvement
comes at the cost of a background throughput degradation.
This leads to an obvious question whether the former can
“outweight” the latter, i.e., which pinning configuration is
actually more performance-efficient overall.

We inspect the “overall system throughput” only in
configurations where the foreground and background work-
load are the same and the throughput can therefore
be simply summed. Inspecting heterogeneous workload
combinations would require an (inherently inaccurate)
throughput normalization.

For the five “symmetric” workload combinations, we
first show the total amount of work accomplished by the

9Failures in both criteria occur in the supplementary plots. Failures
in the symmetry criterion are mainly due to flaws in benchmarks, e.g.,
in fop.



avrora h2 luindex scalac specs
avrora −2.5 −4.8 −6.9 −3.5 −6.1

h2 −1.7 −3.3 −2.3 −2.9 −2.5

luindex −1.4 −3.2 −2.3 −2.4 −3.3
scalac −1.2 −2.2 −1.9 −2.5 −3.1
specs −1.8 −3.6 −3.0 −3.0 −3.8

(a) “per-chip” CPU pinning

avrora h2 luindex scalac specs
avrora −3.1 −4.9 0.2 0.3 −1.0

h2 1.9 5.4 3.7 5.4 6.0
luindex −0.5 5.5 2.0 4.3 3.7

scalac −0.6 2.3 0.4 1.9 2.1
specs −2.8 2.7 0.2 2.7 3.1

(b) “per-core” CPU pinning

avrora h2 luindex scalac specs
avrora 12.5 −16.2 −2.1 3.2 1.8

h2 41.5 41.5 42.9 44.4 45.3
luindex 40.4 41.5 40.4 41.7 43.1

scalac 45.6 40.9 40.4 44.2 45.5
specs 37.5 35.0 33.3 38.1 39.0

(c) “per-thread” CPU pinning

Table II: Performance interference metric on LXC
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Figure 5: [s]→[s−1] Time line of absolute system throughput
along the “staircase” load trace for 5 symmetric workload
colocations under the “neutral” ( ), “per-chip” ( ), “per-core”
( ) and “per-thread” ( ) pinning.

entire system on each “step” of our “staircase” trace. This
time line is shown in Figure 5, separately for KVM and
LXC, but with a common vertical axis range and scale for
an easy performance comparison. We can see that the “per-
thread” pinning often exhibits a performance advantage
under low background loads. Under high background loads,
the “per-chip” or “neutral” configurations sometimes yield
a better performance. Furthermore, the throughput with
LXC is higher than with KVM in all cases but avrora.

Figure 6 shows the overall throughput data normalized
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Figure 6: [s]→[%] Time line of relative system throughput along
the “staircase” load trace. Data from Figure 5 are normalized
against the “per-chip” pinning ( ) for each “staircase” step.
Throughput values for the other pinnings (“neutral” ( ), “per-
core” ( ) and “per-thread” ( )) are shown in percentages of
the “per-chip” value ( ). Notice that the vertical axis range
and scale is not equalized in this case. LXC throughput values
follow the axis labels on the right.

against the commonly used “per-chip” pinning configura-
tion (so that “per-chip” corresponds to 100%). Clearly the
relative performance of the “per-core” pinning configuration
varies with background load, but mostly stays close to the
“per-chip” performance. On the other hand, the “per-thread”
and “neutral” configurations tend to outperform the “per-
chip” configuration with background loads below a certain
threshold (around 50%), performing slightly worse once
the background load surpasses the threshold. As usual,
avrora exhibits strong irregularities that cannot be easily
interpolated from measurements taken with idle and fully
loaded neighboring VEs.

In summary, pinning “per-chip” when the background
VE is loaded and “per thread” otherwise can potentially
improve overall performance in this particular situation.
We observe that the default Linux kernel scheduler (the
“neutral” configuration) exhibits decent performance across
a broad range of situations, yet performs worse than the
ideal combination of “per-chip” and “per-thread”. The
“per-core” pinning yields inferior performance in most cases,
with a rare exception of avrora on LXC.

D. Energy Efficiency
Having explored the performance implications of CPU

pinning, we now focus on its power impliciations, i.e.,
we investigate whether a CPU pinning that exhibits
better performance requires more power and whether CPU
pinnings differ from the energy efficiency standpoint.

We sample the power input of our server (in watts)
once per second and for our long-term power consumption
computations, we simply consider each sample to be a value
in Ws (watt-seconds). Figure 7 shows a time line of



instantaneous power readings and average values computed
for each step of our “staircase” trace, illustrating the
variance of the power readings. For the sake of brevity,
we only present these values for two symmetric colocations
that induced the lowest and highest variance in power
consumption over time (luindex and specs).

Figure 7 aligns the pinning configurations (4 for KVM
and 3 for LXC) side-by-side with the same range and scale of
the vertical axis, so that power consumption under different
pinning configurations and VE types can be compared. The
power consumption time lines are very similar in both shape
and average values for other workload colocations, both
“symmetric” and “asymmetric”. Surprisingly, LXC exhibits
a slightly higher average power consumption in most cases.

We compare the energy efficiency of KVM and LXC
pinning configurations in terms of the number of workload
iterations accomplished per watt-hour. Figure 8 shows
the energy efficiency and augments the throughput data
in Figure 5 by taking power consumption into account.
Figure 9, a power-aware counterpart of Figure 6, shows the
relative energy efficiency, normalized in such a way that
“per-chip” corresponds to 100%.

We conclude that in colocation scenarios with partial
CPU utilization, a carefully chosen CPU pinning configura-
tion can increase the overall system performance and also
enhance its energy efficiency. With the setup studied in this
paper, both improvements can be achieved at the same time
by dynamically choosing between the “per-thread” or “per-
chip” pinning according to the CPU load in the background
VE. The Showstopper methodology provides the necessary
means to explore a variety of partial CPU load scenarios
and to tailor dynamic CPU pinning to a particular workload
and platform.

V. Related Work
Workload colocation in server clusters has been re-

searched extensively, with a number of results. Researchers
have reported significant energy savings due to server
utilization management more than a decade ago—for
example, Chase et al. [18] achieves demonstrated energy
savings of 29% and projected energy savings of as much as
78% on a web workload.

Importantly, the influence of workload colocation on
both energy efficiency and system performance involves
many interacting aspects, which are difficult to capture in
a holistic manner—the research advances therefore often
tackle selected aspects individually. Without aspiring to
completeness, we list some examples:
• The basic tension between energy efficiency and system

performance motivates workload consolidation methods
that guarantee preserving the same quality of service
between isolated and colocated deployments. Song
et al. [7] present an analytical queueing model that
estimates the number of servers required to execute
consolidated workload while preserving the same request
drop rate as isolated servers would have. In the same
vein, Verma et al. [6] observe that colocating workloads
with coinciding peaks increases the risk of performance
anomalies and develop an algorithm that strives to avoid
such situations in consolidation.

• Workload consolidation presents the opportunity to cast
the relationship between efficiency and performance as

a profit optimization problem. Chase et al. [18] provide
one of the early examples, pitting the revenue expressed
in terms of customer utility functions against the cost of
resources. Among more recent research results, Ishakian
et al. [9] show that expressing application resource
requirements in terms of flexible preferences rather than
fixed demands can reduce consolidated resource waste
by up to 60%. Another economically motivated research
direction is represented by Wang et al. [19], who develop
a model for properly attributing costs in consolidated
workload scenarios.

• The inherent complexity of the workload placement
decisions is targetted by research that seeks a practically
reasonable combination of decision variables and con-
straints. Beloglazov et al. [10] show that a bin packing
heuristic can reasonably minimize energy consumption
under known processing requirements and dynamic
voltage scaling. Li et al. [12] solve a similar problem
where the processing requirements evolve over time,
Dong et al. [20] extend the solution to include the impact
of network traffic.
Our examples serve not only to show the variety

of concerns, but also to support an important general
observation—the existing research makes optimal workload
consolidation tractable by limiting the set of considered
interactions. Particularly useful is the assumption about
processor utilization being mostly additive (that is, assum-
ing that colocating n workloads with individual processor
utilizations u1 to un results in an overall processor utiliza-
tion of

∑n
i=1 ui. This and similar assumptions are known

to be approximate, and are investigated for various shared
resources, for example:
• Often investigated resources are processor caches—in

the context of workload consolidation, their impact was
studied by Govindan et al. [21], who provide a model
of cache sharing overhead calibrated on measurements.
More studies model cache sharing behavior in varying
detail [22–24].

• In other research, the shared resource is the power
budget—Raghavendra et al. [11] explain why coordi-
nated power management is necessary and investigate
a wide range of coordinated power management scenar-
ios, Sarood et al. [25] show how using more computers
with limited power can benefit energy efficiency of
certain workloads, Subramaniam et al. [1] use power
limits to improve energy proportionality.
Unfortunately, the very high and still growing number

of possible resource interactions does not lend itself to
comprehensive characterization through individual resource
models. Workloads running on a contemporary server
can influence each other through mechanisms such as
simultaneous multithreading [26], same page merging [27],
frequency boosting with thermal budgeting [28], and more.
A recent case study by Corradi et al. [29] points out that the
distance between the theoretical assumptions and the real
system behavior may make some of the research results
rather difficult to apply. In that context, it is essential
that we perform experiments evaluating the impact of such
distance on our research results—and this is where we
believe our contribution connects to the existing research
activities. We document the connection on recent research
results, focusing on two aspects of the evaluation that we
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Figure 8: [s]→[(Wh)−1] Time line of absolute energy efficiency
along the “staircase” load trace for 5 symmetric workload
colocations combined with the “neutral” ( ), “per-chip” ( ),
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readily support—workload variety and interaction variety.
A large share of results on workload consolidation relies

on simulation for evaluation [2, 6, 9–12, 20, 30, 31]. Coarse
granularity simulation often uses processor utilization
log replay to approximate realistic workloads, assuming
additive character of processor utilization. When considered,
power usage is modeled for example as a function of
utilization [6, 9–11] or frequency [12]. Here, our work can
contribute to a more realistic evaluation with an empirical
model for deriving processor utilization and power consump-
tion under workload colocation conditions—as we show,
true utilization and consumption values on contemporary
platforms can substantially differ from the results of existing
models. More rarely, full system simulation is used for
evaluation [2]. With full system simulation, the observations
collected using our work may be difficult to attribute to
the system elements tracked by the simulator.

As an alternative to simulation, many results on
workload consolidation are evaluated using experimental
measurements [3, 4, 7, 21, 29, 32–41]. We should first
observe that in these results, information about certain
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Figure 9: [s]→[%] Time line of relative energy efficiency along
the “staircase” load trace. Data from Figure 8 are normalized
against the “per-chip” pinning ( ) for each “staircase” step.
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“per-core” ( ) and “per-thread” ( )) are shown in percentages
of the “per-chip” value ( ). Notice that the vertical axis range
and scale is not equalized in this case. LXC energy efficiency
values follow the axis labels on the right.

platform configuration aspects—such as how the frequency
scaling mechanism was configured—is often not reported.
Of the 14 studies examined, more than half used platforms
that can support frequency scaling (8 positive, 4 negative, 1
unclear, 1 disabled). Less than half of the studies (5 positive,
8 negative, 1 unclear) were conducted on platforms that
support hardware threads. Only three platforms supported
frequency boosting (3 positive, 9 negative, 2 unclear)10.
Additionally, more than half of the studies only used full
utilization workloads (8 positive, 6 negative). Only one of
the studies [37, 38] might have used the full combination
of hardware threads, frequency scaling, frequency boosting
and partial utilization workloads together. In this context,
our work highlights the potential impact when advanced
hardware mechanisms are used with partial utilization

10Intel first introduced frequency boosting in 2007 as Dynamic
Acceleration and later in 2008 as Turbo Boost.



workloads. Showstopper can also help conduct evaluation
experiments that consider these factors together. Sensitivity
of workloads to a variety of virtualized environments [42]
and performance-driven utilization control [43] are further
examples of emerging research directions that can benefit
from a systematic approach to partial load and feedback
control provided by Showstopper.

VI. Conclusion
The study presented in this paper illustrates the impact

of workload type, partial background CPU load, and CPU
pinning configuration on performance interference between
pairs of colocated computationally-intensive workloads. If
we only consider experiments in which the background
workloads operate at 5% and 95% CPU utilization, the
study confirms the results obtainable by traditional bench-
marking approaches, i.e., the presence of a significant
performance interference under heavy background load,
depending on the combination of the foreground and
background workload types.

However, the two other factors, i.e., the range of partial
CPU loads and the CPU pinning configurations, provide the
most interesting insights, especially concerning the impact
of CPU pinning configurations on performance interference.
This suggests that CPU pinning can be used in a dynamic
fashion in response to system utilization. On a system with
light background loads, the “per-thread” pinning configura-
tion enables more efficient utilization of resources, leading
to better performance. On a heavily loaded system, the
“per-chip” pinning configuration improves CPU resource
isolation, leading to more stable performance. Suprisingly,
the “per-thread” pinning configuration appears to be the
most predictable.
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