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Abstract—Next-generation applications increasingly rely on
in situ analytics to guide computation, reduce the amount of
I/O performed, and perform other important tasks. Scheduling
where and when to run analytics is challenging, however. This
paper quantifies the costs and benefits of different approaches
to scheduling applications and analytics on nodes in large-
scale applications, including space sharing, uncoordinated time
sharing, gang scheduled time sharing, and EDF-scheduled time
sharing. Our results demonstrate that coarse gang schedul-
ing of analytics can reduce the overheads of time sharing
applications and analytics to as low or lower than space
sharing. In addition, fine-grain EDF scheduling of analytics and
applications can make time sharing as fast or faster than space
sharing for even the most interference-sensitive applications.

Keywords-Exascale applications, composed applications, in-
situ, resource sharing, performance interference.

I. INTRODUCTION

Next-generation HPC applications increasing rely on in
situ analytics to guide computation, reduce the amount of
I/O performed, and perform other important tasks. Running
analytics on the same node as a simulation reduces data
movement between nodes, potentially saving both time and
power in next-generation systems. A number of recent
systems [1], [5], [6], [20] provide mechanisms to manage
data movement between simulation and on-node analytics
tasks.

Scheduling where and when to run analytics is challeng-
ing. Dedicating cores to analytics better isolates application
and analytics performance, but at the cost of sacrificing cores
that could otherwise be used for computation. In addition,
dedicating cores to analytics is very coarse grained, making
it difficult to reallocate resources when analytics needs less
than the full set of cores allocated to it.

Running analytics on the same processor as the appli-
cation minimizes data movement and provides much finer-
granularity control over resource allocation, but can poten-
tially interfere with application performance. Unfortunately,
there has been little work quantifying the costs of appli-
cation/analytics time sharing. Some recent work has shown
that applications and runtimes can be modified to schedule
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analytics in ways that minimize interference [33], but the
generality of such approaches is unclear.

In this paper, we quantify the costs and benefits of
different approaches to time-sharing processors between
applications and analytics using a simulation-based approach
described in Section III. We then characterize two different
analytics codes and quantify the degree to which time-
sharing these codes with application codes could perturb
application analytics. These results, presented in Section IV,
show that uncoordinated time sharing of cores between
applications and analytics can have catastrophic performance
consequences, but that gang scheduled time sharing of
analytics can reduce these overheads to as low or lower than
dedicating cores to analytics.

Because of the importance of gang scheduling, we then
evaluate the degree to which analytics needs to be gang
scheduled to minimize application performance perturbation
in Section V. Our results show that coarse synchronization
of analytics activities across nodes, within approximately
10-100ms, is sufficient to eliminate most time-sharing over-
heads for many applications. Some applications, however,
require gang scheduling to an accuracy of 1ms or less to
eliminate these overheads.

In Section VI, we then examine the use of fine-grained
OS scheduling techniques to mitigate application/analytics
time-sharing overheads. This approach is motivated both
by past results showing that high-frequency, low-duration
interference has little impact on application performance [9],
[10], as well as research using EDF-scheduling [23] to gang
schedule virtual machines [22]. Our results demonstrate
that careful earliest-deadline first scheduling of analytics
workloads can virtually eliminate the overheads of time-
sharing analytics with applications in most cases, and reduce
overheads for the most sensitive applications to 10% or less.

Overall, this paper makes the following contributions:
• A simulation-based approach to evaluating the perfor-

mance impact of time-sharing cores between analytics
and applications;

• An analysis of the performance impact of different
approaches to scheduling applications and analytics;

• A study of how the degree of synchronization in
the gang scheduling of analytics impacts application
performance;
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• An evaluation of the viability of using Earliest Dead-
line First (EDF) scheduling to eliminate applica-
tion/analytics time-sharing overheads; and

• An analysis demonstrating how the differences in ap-
plication inter-collective times closely correspond to
differences in application performance.

II. BACKGROUND

A major source of interference for next-generation HPC
applications are the workloads used for in-situ data analysis,
steering, data aggregation, and visualization that they feed.
Such codes are used, for example, to provide new analy-
sis capabilities to existing simulation codes, optimize I/O
performance by reducing system I/O demands, and provide
summary information at runtime that scientists can use to
monitor the behavior of the simulation. In this section,
we provide background on two such production analytics
workloads, system software to support these workloads, and
mechanisms for scheduling analytics.

A. Example Analytics Codes

In this paper, we focus on two modern in situ analytics
workloads, using them to quantify the potential impact of an-
alytics on simulation performance, the Bonds analysis used
with the LAMMPS application code and a histogramming
analysis for the GTC-P proxy application performed using
the PreDatA analytics middleware.

Bonds Analysis in LAMMPS: Bonds is an analytics
program that enhances the LAMMPS simulation code [26]
with crack tracking capabilities. Specifically, Bonds directly
reads atom bonding information from LAMMPS, and con-
ducts a compute-intensive analysis that determine where in a
simulated material adjacent molecules are no longer bonded.
It then writes the computed information to a previously
configured output channel. Bonds performs no additional
communication of its own; it relies on communication by
LAMMPS to obtain ghost cell information from other nodes.

PreDatA - Preparatory Data Analytics in GTC-P:
PreDatA is a middleware with pluggable components that
perform a number of data preparation operations such as
data sorting, filtering, and histogram generation. Those op-
erations are predefined according to the users needs [32], and
frequently used so that scientists can monitor the progress
(and potential correctness) of long-running simulations. A
number of applications have used PreDatA to perform
in-situ analytics, including the Gyrokinetic Toroidal Code
(GTC) [19], a computational-science application used for
3D particle-in-cell simulations of plasma micro-turbulence;
and Pixie3D [3], a 3D MHD (Magneto Hydro-Dynamics)
solver.

In this work, we focus on the PreDatA 1D and 2D
histograms generation operations to process data from GTC-
P, a proxy for GTC used for optimization and testing. These
analyses perform significant local calculations and a number

of small collective communication operations in order to
compute global minimums, maximums, and moments. This
paper focuses on the first-order costs of how GTC-P’s analyt-
ics computation interferes with application performance; the
second-order effects of how its communication potentially
interferes with application performance are also interesting,
but beyond the scope of this paper.

B. System Software Support for Analytics

A range of system software techniques have been devel-
oped to support in situ analytics including, data movement,
consistency management, and scheduling techniques. For
example, the Adaptable I/O System (ADIOS) [24] provides
an API applications can use to efficiently transport data
either to other applications or to the file system. Similarly,
the Transparently Consistent Asynchronous Shared Memory
(TCASM) [1] API provides low-overhead interfaces for
asynchronous memory sharing between codes, while also
providing consistent views of shared data using virtual
memory techniques.

Services to cooperatively co-schedule analytics and sim-
ulation are also under development. The Goldrush sys-
tem [33], for example, proposes user-level mechanisms
to enable simulation/analytics co-location, particularly on
OpenMP applications with significant serial execution sec-
tions. This work has demonstrated the viability of timeshar-
ing analytics and simulation but relies on significant changes
to the application runtime. It is unclear if similar time-
sharing approaches are appropriate for a broader range of
applications or more general OS-level support could provide
similar capabilities.

New HPC system software architectures, for example the
Hobbes exascale operating system [2], seek to provide more
systematic support for multi-component applications. The
Hobbes XEMEM (Cross Enclave Memory) [20] abstraction,
for example, provides a shared-memory system between
enclaves (i.e., a subset of system resources with separated
OS and runtimes), which is compatible with XPMEM [31].
Similarly, Hobbes is also examining if OS-level schedul-
ing techniques can more broadly support time-sharing of
processors between simulation and analytics for a broader
set of applications [25]; this research question motivates the
research described in this paper.

C. Scheduling Analytics

Analytics can be scheduled in a variety of ways, broadly
categorized as either space-shared, where cores are dedicated
to analytics, or time-shared, where cores are shared between
application and analytics. Space sharing is simpler but re-
quires dedicating resources to analytics, while time-sharing
can overlap analytics computation with application compu-
tation but directly interfere with application performance.

Time-sharing scheduling approaches can be uncoordinated
time sharing or gang scheduled time sharing. In uncoor-



dinated time sharing, each node schedules when analytics
runs using a purely local scheduling policy. In gang sched-
uled time sharing, a system-wide mechanism coordinates
when analytics runs, for example using synchronized clocks,
collective communication in the analytics, or collective
communication in the application. Methods that avoid intro-
ducing extra global communications are generally preferable
because of their cost in large-scale systems.

Local scheduling policies are generally the purview of the
operating and application runtime systems. In this paper, we
examine both best-effort and earliest-deadline-first (EDF)
scheduling. In best-effort scheduling, typified by Linux’s
round-robin preemptive priority scheduler, the application
and share the CPU roughly equally when both analytics
and the application need to run. Earliest-deadline-first (EDF)
scheduling, in contrast, provides fine-grain control when
each task runs and the share of the processor given to each
task. Each task’s scheduling requirements in EDF scheduling
are described by a scheduling period, T , and the length of
each task’s slice, S, within that period. A task with a slice
S and a period T is guaranteed to execute for S seconds in
each T second period. The ratio of time slice and period is
the task’s utilization factor.

Each of these scheduling approaches impact the applica-
tion workload differently. Best-effort uncoordinated schedul-
ing results in large interruptions of the application at un-
predictable times. Best-effort gang scheduling results in
large interruptions of the application at coordinated points
each time the analytics workload runs. Uncoordinated EDF
scheduling reschedules analytics workloads to result in fre-
quent, limited-duration interruptions of the application work-
load. Gang-scheduled EDF adds inter-node coordination to
synchronize when these small interruptions occur across
nodes.

III. EVALUATING APPLICATION/ANALYTICS
PERFORMANCE INTERACTIONS

Quantifying the costs and benefits of different approaches
to scheduling main application and analytics tasks is poten-
tially challenging, particularly for the case of time sharing an
application and analytics on a CPU core [25]. Specifically,
time sharing cores between the applications and analytics
can impede critical application communication activities.
The impact of even modest perturbances of application
communication are complex, particularly at large scale, as
has been demonstrated by a number of recent OS noise
studies [9], [14].

A. Modeling Analytics Scheduling Impacts

We use a modeling and simulation approach to understand
the impact of different strategies to scheduling application
codes and analytics. This approach allows a level of fidelity
and control not always possible in implementation-based

approaches. It also allows us to examine performance at
scales not generally available for systems research.

We model the impact of an analytics task on application
performance by modeling the effect of the lost CPU cycles
used by the analytics. In the space-sharing case, we assume
near perfect strong-scaling of the application. The applica-
tion slowdown is modeled as the time needed to carry out
the computation that would otherwise be performed by the
cores that are lost to the analytics task. As an example, if
one core out of every 32 cores is dedicated to analytics,
the application will take 1

31 = 3.225 percent longer time
to compute the same problem. For the time-sharing case,
we model the impact of fine-grained analytics scheduling
using an analogy to OS noise. From the perspective of the
application, each analytics scheduling instance is a CPU
detour which is characterized by the start time and duration
of the event.

While this work focuses on the first-order cost of analytics
interference from the perspective of lost CPU cycles, this
approach does have important limitations. First, second-
order effects of how communication within an analytics task
may interfere with application performance are not captured
by this approach. Analysis of our two analytics workloads
suggests that analytics communication is infrequent, and so
we believe that this not a significant limitation. Second,
this analytics-as-OS-noise approach ignores slowdowns due
to increased memory and network pressure. Again, our
analysis suggests that this is not a significant contributor
to application slowdown.

B. Evaluation Infrastructure: LogGOPSim extreme-scale
simulator

To understand the interactions and quantify the costs of
time-sharing cores between analytics and simulation codes,
we use simulation. Our simulator framework is based on
LogGOPSim [15]. LogGOPSim uses the LogGOPS model,
an extension of the well known LogP model [4], to simulate
application traces that contain all exchanged messages and
group operations. In this way, LogGOPSim reproduces all
communication dependencies and the transitive closures of
all delay chains of the application execution. Therefore,
processes can be delayed by perturbations even if they do not
directly communicate; the simulator accurately determines
these delay chains. LogGOPSim can also extrapolate traces
from small application runs with p processes to application
runs with k · p processes. The extrapolation produces ex-
act communication patterns for all collective communica-
tions and approximates point-to-point communications [15].
LogGOPSim and its trace extrapolation features have been
validated [14], [15]. To simulate the impact of noise on
application performance, LogGOPSim reads a noise trace:
an ordered list of the relative start time and duration of CPU
detours that represent noise events. Each time LogGOPSim
simulates a communication or computation event, it deter-



mines whether the event overlaps a CPU detour. If so, the
simulated completion of the event is delayed by the duration
of the detour.

We determine time sharing performance interference us-
ing LogGOPSim by treating the co-located analytics tasks
as OS noise. To do so, we first measure the computational
requirements of unperturbed analytics when running in-
line with simulation using the Linux ftrace utility [28].
The sched_switch events provide a trace of CPU time
slices used by analytics when best-effort scheduled by Linux
alongside the application. We provide these events as a
noise trace to the simulator. To simulate EDF scheduling,
we process the noise trace with a utility that transforms it
using an earliest-deadline schedule with a given period and
slice.

In each of these cases, the average amount of CPU time
allocated to analytics remains unchanged; all that changes is
the period over which this time is allocated. Note that this
assumes that analytics can be delayed significantly without
perturbing application performance. Existing systems such
as ADIOS [24] and TCASM [1] use actual or virtual copy
techniques to do so.

In addition, LogGOPSim allows us to simulate the impact
of uncoordinated scheduling and gang-scheduling on simu-
lation performance. To do so, we vary the starting point in
the noise trace for each simulated process. If we choose
the starting point for each simulated process uniformly
at random, LogGOPSim will simulate uncoordinated local
scheduling of analytics. If we choose the starting point from
a normal distribution with a given mean, LogGOPSim will
simulate gang scheduling with different degrees of synchro-
nization. The standard deviation of the distribution controls
the degree of synchronization. For example, if we choose the
starting point from a distribution with a standard deviation
of zero LogGOPSim will simulate perfectly coordinated
gang scheduling of the analytics workload. Increasing the
standard deviation corresponds to more imperfect inter-node
synchronization, possibly due to network and other delays.

Overall, this simulation approach captures the first-order
sources of application/analytics performance interference.
However, it fails to capture some potentially important
second-order effects, including application perturbation of
analytics communication and architecture-level performance
interference (e.g., cache pollution). Modern HPC applica-
tions and analytics are optimized to access memory in
strided and blocked patterns that are easily predicted by
hardware mechanisms that should mitigate these effects so
long as the granularity of time sharing is not extremely low.

C. Application Workload Details

The following sections present results from simulation
experiments based on the behavior of a common set of
workloads. These workloads were chosen to be represen-
tative of scientific applications that are currently in use and

computational kernels thought to be important for future
extreme-scale computational science. They include:

• LAMMPS: A scientific application developed in Sandia
National Laboratories to perform molecular dynamics
simulations. We used the LAMMPS 2D crack and
Lenard-Jones potentials [27].

• CTH: A code developed at Sandia National Laborato-
ries for modeling complex problems that are character-
ized by large deformations or strong shocks [7].

• HPCCG: A simple conjugate gradient solver from the
Mantevo suite of mini-applications [12], [29].

• LULESH: An application that represents the behavior
of a typical hydrocode [18].

CTH, HPCCG, and LAMMPS are important U.S. DOE
applications which run for long periods of time in production
modes and exhibit a range of different communication
structures. LULESH is an exascale application proxy from
the DOE ExMatEx co-design center [8]. We note that,
excluding LAMMPS, these applications were designed for
other purposes and the impact of analytics protocols was
not necessarily considered in that design. Therefore, the
results we present using these applications are not intended
as feedback for their designers, but rather as indications
that the scheduling of analytics must be considered during
application design for future systems.

IV. PERFORMANCE INTERFERENCE CHARACTERIZATION

To better understand performance interactions between
analytics and simulation, we first characterize the per-
formance behavior of our representative analytics codes,
Bonds and PreDatA. We then use the simulation approach
described in Section III to obtain an initial evaluation of
how co-locating these workloads with different applications
influences performance. Specifically, we evaluate how the
performance characteristics of these analytics workloads
perturb the performance of applications using a time-sharing
strategy versus a space-sharing policy that dedicates a
portion of the system’s processors to analytics.

A. Noise Characterization

We collected scheduling traces of PreDatA and Bonds
while they where running co-located with GTC-P and
LAMMPS Crack, using the ftrace Linux kernel tracer as
described in Section III. For comparison, we also include an
OS noise trace from the Chester Cray XK7 TDS (Test and
Development System) at Oak Ridge National Lab collected
using the selfish detour benchmark of the netgauge tool [13].

Figure 1 shows the resulting CPU detour traces. In addi-
tion to the Chester OS noise trace, we consider OS noise
traces that we collected as part of our previous work [30]
from Volta, Muzia, and RedSky, which are Cray XC30, Cray
XE6 and SunBlade x6275 systems, respectively.

Table I shows the CPU overhead, the mean (µd) and the
variance (σd) of the duration of the interference events, as
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(a) Bonds scheduling traces
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(b) PreDatA scheduling traces
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(c) Chester OS noise trace

Figure 1. Scheduling traces for Bonds and PreDatA in-situ analytics codes and noise profile collected for Chester Cray XK7 TDS system.

well as the mean (µi) and the variance (σi) of the inter-
arrival noise events times. With the exception of the Volta
OS noise, the collected OS noise traces have significantly
less CPU overhead than the analytics codes. Moreover,
the means and variance of the duration for PreDatA and
Bonds are several orders of magnitude above the ones
found in the OS noise traces. Similarly, the analytics codes’
mean inter-arrival times are considerably higher (i.e. lower-
frequency events). This is critical, because, as shown in our
previous work [9], high-duration, low-frequency application
noise events generally have dramatically higher impacts on
applications performance.

in-situ analytics codes
duration inter-arrival time

Trace µd(µs) σd(µs) cpu(%) µi(µs) σi(µs)
PreDatA 460.2 3232.4 2.44 18904.8 47184.2
Bonds 722.5 3991.1 2.80 25810.4 48384.5

Collected OS noise traces in HPC Systems
duration inter-arrival time

Trace µd(µs) σd(µs) cpu(%) µi(µs) σi(µs)
Volta 14.0 1.9 4.43 316.2 592.6
Chester 1.5 1.5 0.07 2282.6 1975.3
Redsky 2.7 0.2 0.63 435.5 383.0
Muzia 1.5 0.3 0.04 3979.5 217.0

Table I
MEAN CPU OVERHEAD, DURATION AND INTER-ARRIVAL TIMES FOR

THE TWO in situ ANALYTICS WORKLOADS, ALONG WITH COMPARATIVE
THE OS NOISE PROFILE STATISTICS.

B. Noise Performance Impact

We next examine the impact of either time-sharing Bonds
and PreDatA with simulation or running it space-shared
on dedicated cores. To do so, we use the CPU detour
traces analyzed in Section IV-A along with the LogGOPSim
simulator, as discussed in Section III. For the space-sharing
case, we allocate either one core out of 16 or one core out
of 32 to analytics.

Figure 2 shows the effects of time-sharing and space-
sharing CPU cores between simulation and analytics codes.
For time-sharing we consider the impact both with and
without perfectly coordinated gang scheduling. This figure
demonstrates that unsynchronized time-sharing of analytics

codes is incredibly disruptive to the performance of all
applications, resulting in simulation slowdowns of almost
of 1600% in some cases despite the fact that the analytics
runs for only 2.5% of the time on average. Bonds and
PreDatA result in similar slowdowns. In contrast, the impact
of our optimistic model of space-sharing on application
performance is minimal, either 3.23% or 6.67%. On real
systems, the performance impact would be higher due to
data movement and non-uniform memory access penalties.

On the other hand, using perfectly coordinated gang-
scheduling to schedule analytics across the nodes of the
system results in minimal slowdowns. In particular, the
overhead of analytics drops to near its baseline (2.44%
for PreDatA, 2.80% for Bonds) for every application that
we considered. This result is consistent with the existing
research on OS noise (cf. [14]).

V. SYNCHRONIZATION REQUIREMENTS

As shown in the previous section, gang scheduling of an-
alytics can reduce the overhead of time-scheduling analytics
to as low or lower than space-sharing. However, perfectly
synchronizing activities across nodes is impossible in a
real distributed system; communication delays and hardware
variation limit the degree to which distributed activities
can be coordinated. Modern HPC systems, network latency,
jitter, and system software concerns limit reliable inter-node
synchronization to a few microseconds or possibly a few
tens of milliseconds, depending on the mechanism used and
system hardware and software characteristics [17].

In this section, we study how closely synchronized time-
shared analytics tasks must be to mitigate the overhead of
uncoordinated analytics. To accomplish this, we conduct a
series of experiments in which we vary the degree of inter-
node synchronization by using the techniques described in
Section III.

Figure 3 shows how the performance of different appli-
cations changes as we vary the degree to which the time-
shared analytics are synchronized. This figure shows the
performance impact on each application running on 64 Ki
nodes.1 Results at other scales are very similar and are elided

1Throughout this paper, we use the binary prefixes defined by the
International Electrotechnical Commission (IEC). For example, 1 Ki nodes
is equivalent to 1024 nodes.
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Figure 2. Performance impact on applications co-located with Bonds and PreDatA in-situ analytics for a completely uncoordinated time-sharing policy,
a perfectly coordinated time-sharing policy, and two space-sharing policies.
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Figure 3. Slowdowns for applications co-located with Bonds and PreDatA in-situ analytics for analytics synchronization levels varying from the perfectly
coordinated case to the completely uncoordinated case for 64 Ki nodes. Different levels of synchronization are simulated adding offsets to the time at
which noise traces start on different analytics processes.

for space and clarity of presentation.
In these results, the LAMMPS crack potential exhibits

both the highest performance impact for co-located analytics
and the tightest synchronization requirements. For example,
if we compose LAMMPS crack with Bonds analytics, the
synchronization variance must be below 10ms in order to
keep overhead below 10%. The CTH results show similarly
hign overhead and tight synchronization requirements. In
contrast, the overhead of composing LULESH with either
Bonds and PreDatA analytics remains below 10% even
for an order of magnitude more synchronization variance
(100ms). The LAMMPS LJ potential can tolerate much
less inter-node synchronization; even just coordinating the
execution analytics to within one second is sufficient to
signficantly reduce the slowdown of the application. Finally,
we observe that as the analytics workload is less and
less synchronized across nodes, the performance impact
approaches that of the completely unsynchronized case.

VI. EDF-BASED MITIGATION OF ANALYTICS
INTERFERENCE

We next evaluate the viability of using EDF scheduling
to mitigate time-sharing performance interference. For a
given EDF period, we allocate sufficient time to analytics to
guarantee it’s average CPU utilization is at least as high as
that measured in Section IV-A. Thus, we generally simulate
allocatinga a 3% utilization factor to the analytics code.

We evaluate the viability of using EDF scheduling to
mitigate analytics-based interference in three steps. First,
we examine how well EDF scheduling mitigates analytics
interference at a single period and utilization. We then
examine the sensitivity of this technique to the choice of
scheduling period. Finally, we examine how integrating the
gang scheduling techniques studied in the previous section
with EDF scheduling lowers time sharing overheads.



A. EDF vs. Best-effort scheduling

We first compare the impact of using fine-grained EDF
scheduled time sharing of processors for both analytics and
applications code. We simulate an EDF scheduler with a
period of T = 10ms and analytics utilization factor of
U = 3%. In addition, we simulate schedulers with both
completely uncoordinated scheduling periods and periods
that are perfectly synchronized across nodes.

Figure 4 shows the results for those experiments. Most
importantly, uncoordinated EDF scheduling of analytics
dramatically reduces the performance impact of time-shared
analytics across the range of node counts. For example,
the performance cost of LAMMPS Crack on 64 Ki nodes
is approximately 10%, compared with the almost 1600%
observed in Section IV-B. For every other workload, unco-
ordinated EDF scheduling reduces the performance impact
of time-shared analytics to less than 4%, compared to the
50-300% slowdown observed when using uncoordinated
time-shared execution previously shown in Figure 2. Syn-
chronizing the scheduling periods of the EDF schedulers
across nodes further reduces interference, particularly for
LAMMPS Crack.

B. Trade-offs with selecting EDF scheduling parameters

We next evaluated the degree to which increasing the
scheduling period and slice impacts application perfor-
mance. Short periods increase scheduling overheads, so
understanding the importance of short scheduling periods is
potentially important to understand if using EDF scheduling
is actually viable in real systems or requires short scheduling
periods that may not be desirable.

For these experiments, we simulated LAMMPS Crack co-
located with Bonds, the most sensitive of the workloads
studied. We then varied the scheduler period between 10ms,
50ms, and 100ms while maintaining a constant 3% CPU
utilization factor for analytics. As shown in Figure 5,
changing the period has essentially no impact on application
performance even though the length of the slice allocated to
analytics does increase as a result. Three percent of a 100ms
scheduling period is sufficiently short to avoid interfering
with application performance, while still remaining easily
achievable in modern commodity operating systems.

C. EDF Scheduler Synchronization Impact

Based on the results of Section VI-A, we finally examined
how different levels of synchronization between different
EDF schedulers impacted simulation performance. For these
experiments, we used the same offsetting mechanism used
in Section V. We again used a period of T = 10ms and
a utilization of U = 3%, and used synchronization offsets
with three different standard deviation values: 300 µs, 1500
µs, and 3000 µs.
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Figure 5. Slowdowns for LAMMPS Crack co-located with an EDF-
scheduled workload with a utilization factor of 3% and three different
periods.

S
lo

w
d

o
w

n
 (

%
)

Synchronization Level

                             LAMMPS Crack

                             CTH

                             HPCCG

                            LULESH

                            LAMMPS LJ

                            Space-sharing (1 core out of 16)

                            Space-sharing (1 core out of 32)

 0

 2

 4

 6

 8

 10

 12

C
oordinated	                

0.3m
s offset	                

1.5m
s offset	                

3m
s offset	                

U
ncoordinated	                Figure 6. Slowdowns for applications co-located with an EDF-scheduled

workload with a utilization factor of 3% and 10ms period for a 64ki
nodes count. We use different levels of synchronization for the co-located
workload by adding offsets to the time at which noise traces start on
different processes.

Figure 6 shows most applications benefit little from EDF
scheduler synchronization. While the most sensitive appli-
cations, specifically LAMMPS Crack and CTH, do obtain
some additional benefits, the general amount of overhead
is low and the necessary synchronization needed to further
reduce this overhead is comparatively high.

VII. ANALYSIS AND DISCUSSION OF RESULTS

A. Time-sharing vs. Space-sharing

Based on the results of the previous sections, time-sharing
of analytics can equal or beat the performance of space-
shared analytics, given sufficient support. In particular, both
OS-level scheduling techniques and coarse gang scheduling
are sufficient to lower the overheads of time-sharing of
analytics to below that of an optimistic estimate of the per-
formance of space-shared analytics. In addition, time-sharing
can more precisely match the actual performance needs of
analytics, as opposed coarse-grained resource allocation via
space sharing.

B. Variations in Application Response

Applications response to time-sharing of analytics varied
greatly. Some workloads, particularly LAMMPS/Crack and
CTH, were much more sensitive to interference and required
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Figure 4. Comparison of the performance impacts on applications of their co-location with Bonds and PreDatA in-situ analytics codes and with an
EDF-scheduled workload with similar CPU reservation requirements (utilization factor of 3%) and 10ms of period. The figure represents the perfectly
coordinated scheduling policies for both approaches and the completely uncoordinated scheduling policy for the EDF-based approach. Additionally, we
show the 1-out-of-16 and 1-out-of-32 space-sharing policies for reference.

significantly greater efforts to mitigate this interference,
either via gang scheduling or EDF scheduling.

To more broadly understand the source of this vari-
ation, we examined the collective communication inter-
arrival times of each of the applications we tested. Past
research [10] has shown that this characteristic can influence
application response to interference from resilience actions.
To do so, we analyzed each application communication
trace, and plotted the minimum, maximum, and mean col-
lective communication inter-arrival times.

Figure 7 shows the mean, minimum, and maximum col-
lective inter-arrival times for collective communications in
the five applications studied in this paper. For comparison,
we also reproduce the Bonds subfigure of Figure 3, supple-
menting labels with the mean collective inter-arrival times.
This figure shows that collective inter-arrival times corre-
spond well with the degree to which different applications
are perturbed by time-sharing the processor with analytics.
Specifically, applications with lower collective inter-arrival
times (that is, more frequent use of collectives) are both
more sensitive to interference from analytics, and require
tighter synchronization to mitigate this interference.

C. Gang Scheduling vs. EDF Scheduling

Gang scheduling and EDF scheduling both successfully
mitigate noise, though with effectiveness depending on
the application characteristics. Based on these results, the
most appropriate technique depends heavily on the expected
application load. Coarse gang scheduling, for example at
the 10ms granularity, is sufficient to mitigate time-sharing
overheads for applications with high collective inter-arrival

times. For applications in this regime, existing synchroniza-
tion techniques are sufficient to reduce the overheads of time
sharing analytics on current machines.

For applications with lower collective inter-arrival times,
for example CTH and the LAMMPS Crack workload, other
methods are needed. EDF or another similar fine-grained
fair share scheduling algorithm is one such option, as is
adding collective communications to the analytics to tightly
coordinate their activities. Various fair share schedulers
are available as optional features in modern commodity
operating systems; many HPC operating systems do not
necessarily include them, however. Similarly, current HPC
job launch systems do not currently support space-sharing
of cores between different executables; some applications
implement this sharing themselves.

Finally, while each technique is valuable, combining the
two appears to provide only marginal additional benefits.
System software and application designers should consider
the costs and benefits of each, and choose the appropriate
one for their application and system based on the appli-
cation’s communication requirements, the ease with which
sufficient gang scheduling can be provided, and the availabil-
ity of fine-grained scheduling disciplines in the underlying
operating system.

VIII. RELATED WORK

Sources of performance interference for HPC applications
have been widely studied. Most research has focused on the
performance impact of OS noise on large-scale systems [9],
[14], but power management [11] and resilience [10], [21],
[30] have also been studied. LogGOPSim [15] has widely
used in many of these studies.
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Figure 7. Measured mean, minimum, and maximum collective inter-arrival times for MPI collective operations for the five studied applications. For
reference, the data from Figure 3 is reproduced again, with application names supplemented with measured mean collective inter-arrival (IA) time.

Many related techniques have been proposed for mit-
igating the impact of performance interference on HPC
applications. In particular, VSched [22] included a user-
level EDF scheduling policy to offer gang-scheduling and
compute rate control to parallel applications, and Jones et
al. [16] use global gang scheduling to minimize the impact
of potentially interfering workloads.

Finally, recent work has shown that it is possible to time-
share resources between related applications while mini-
mizing performance interference [33]. This system provides
user-level mechanisms to schedule co-located workloads, but
requires the runtime to explicitly schedule various appli-
cation components. In contrast, we propose a kernel-based
approach to support a broader range of applications beyond
the OpenMP applications Goldrush supports.

IX. CONCLUSIONS

Our results demonstrate that, with appropriate system
support, scientific applications can time-share cores with
analytics codes to minimize data movement and more ac-
curately meet the processor needs of analytics. For many
applications, coarse grained gang scheduling of analytics to
within a few tens of milliseconds is sufficient to mitigate
most overheads. For applications with frequent collective
communication operations, fine-grained EDF scheduling of
analytics and application activities can be used to further
mitigate these overheads.
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