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Abstract—High Performance Computing (HPC) applications
and systems are often studied through modeling and simulation
at various granularities. As the size of HPC systems and
applications and the cost of high fidelity simulation continue to
grow, a good understanding of the trade-offs of the complexity
and accuracy of HPC application modeling and simulation
schemes can help balance the competing goals of accuracy
and time. In this work, we investigate the complexity and
accuracy trade-off using an MPI application modeling tool
and an MPI application simulation tool. The performance and
accuracy results of modeling and simulation of a large spectrum
of HPC applications on three supercomputers are measured
and compared. The results show that although modeling is
often one to two orders of magnitude faster than simulation, it
achieves within 5% of predicted application time in comparison
to simulation for 85% of cases in our data set. We further
enhance the modeling tool with a statistical model to predict
whether simulation can yield significantly different results than
modeling. The enhanced tool achieves a very high successful
prediction rate of 93.2% on our dataset and is thus effective in
determining whether modeling or simulation should be used.

I. INTRODUCTION

The performance of HPC applications on contemporary
supercomputing platforms is often studied through modeling
and simulation. To identify performance bottlenecks and
answer what-if questions, it usually takes a large number
of simulations to have a comprehensive understanding. Tra-
ditional simulation tools such as BigSim [28], ROSS [3],
Kojak [19], Scalasca [7], Dimemas [8], and the Structured
Simulation Toolkit (SST) [1] allow application performance
simulation on a target architecture at great detail.

Predicting the performance of HPC application on a large-
scale system is complex as it involves the dynamic interac-
tion of various components including the parallel algorithm,
its implementation, and the underlying run-time systems,
operating system, node architecture, and interconnection
network. Due to these complexities, the time needed for
full-system simulation is generally considered prohibitive for
application-level simulations. As a result, modeling and sim-
ulation tools are designed to focus on specific components of
an HPC system, such as the processor, memory subsystem,
or interconnection network. Modeling and simulation tools
typically rely on abstract machine models that trade accuracy
for performance and scalability.

In this paper we focus primarily on the network. When
analyzing network performance, modeling tools characterize
the performance of an application on complex HPC systems
with a short list of parameters, such as network bandwidth,
latency, overhead, number of processes, message size, etc.
In contrast, simulation tools represent the behavior of each
network component (links, interfaces, and switches) at a fine
level of detail, sometimes down to the individual queues,
crossbars, and flits. Simulation tools can thereby provide a
more accurate estimate of performance, especially in light
of resource contention, but are more costly to run in term
of both the time and computing resources required.

Based on the scope and type of research questions to
answer, either the modeling or the simulation approach may
be more suitable. For instance, detailed network simulation
may be overkill for analyzing an embarrassingly parallel
application, while communication-bound applications with
complex communication patterns may require fine-grained
simulations for precise performance tuning and optimization.

As exascale computing is approaching, the time needed
for traditional one-configuration-at-a-time simulation pro-
cess can be prohibitive so effectively selecting performance
modeling and simulation tools to study HPC applications
on current and future systems becomes imperative. An
understanding of the complexity and accuracy trade-offs
among modeling and simulation schemes can guide the
selection of appropriate schemes for the study of applications
and systems.

In this work we investigate the complexity and accuracy
trade-offs between HPC application modeling and simula-
tion schemes using a trace-driven MPI application mod-
eling tool (MFACT) [27] and a popular MPI application
simulation framework, SST/Macro [1]. Performance and
accuracy results of MPI application modeling and simulation
at different granularities on a wide range of MPI benchmarks
are measured and compared. The results from the study show
that modeling is one to two orders of magnitude faster in
performance and that it can produce within 5% of predicted
application time in comparison to simulation for 85% of the
cases in our data set. Hence, properly using performance
modeling can significantly reduce the time requirement in
the study of future large scale applications and systems



without losing substantial accuracy. We enhance MFACT
with a statistical model for predicting the necessity of more
detailed simulation based on the application’s sensitivity to
network speed and other application features. The enhanced
tool achieves a successful prediction rate of 93.2% on our
dataset, which indicates that the statistical model is effective
in deciding whether detailed simulation of an application in
a platform is necessary.

The rest of the paper is structured as follows. Section II
discusses the background of simulation and modeling. Sec-
tion III covers the related work. Section IV describes the
key features of the modeling and simulation tools used
in this study. Section V presents experimental results of
the performance and accuracy trade-off study. Section VI
proposes a predictive model. We draw conclusions from our
work in Section VII.

II. BACKGROUND

A. Simulation

Simulation techniques are usually built upon a discrete-
event simulation engine that models the “events” that oc-
curred at each discrete point in time and in each compo-
nent of a parallel system. Such simulation techniques can
be applied to study a specific component or the parallel
system as a whole at different levels of granularities. Full-
system simulation, which simulates the operation of a full-
scale HPC system from the hardware through an execut-
ing application, requires enormous amounts of computing
resources and simulation time, but it can provide valuable
performance information at great detail. In contrast, network
simulations, which focus specifically on the design of the
network interconnect, indicate how routing, arbitration, and
congestion control utilize the available network resources
and to improve the performance of parallel applications and
workloads.

Network simulations can be performed at various gran-
ularities of increasing complexity: flow-level, packet-level,
flit-level, or cycle-accurate. Flit-level and cycle-accurate
simulations can model specific component such as switch
micro-architecture with high confidence, but they do not
scale well and are computationally prohibitive for large-scale
application simulation. In packet-level simulation, each mes-
sage is modeled as a series of small packets that are routed
individually through the interconnection network subject
to routing, arbitration, and congestion-avoidance schemes.
Because packet-level simulation is based on larger packets
(hundreds of bytes to tens of kilobytes) instead of smaller
flits (a few bytes) as in a real system, it overestimates
the serialization latency; each packet requires the exclusive
reservation of channel bandwidth, introducing a certain
degree of inaccuracy in the modeling process.

In flow-level simulations, messages traverse the network
as a fluid, sharing link bandwidth among competing flows. In
the absence of network congestion, a flow requires tracking

only two events—start and finish. With congestion, each
flow must be updated whenever network load changes. It
is therefore subject to the “ripple effect” as flow updates
propagate throughout the system [16]. Because packet-level
and flow-level simulations are more scalable solutions with
moderately accurate prediction, they are commonly used for
application performance studies. In addition, hybrid packet-
flow simulations enable channel multiplexing on fixed-sized,
coarse-grained packets, thus avoiding the overestimation
issues as in packet-level simulations and flow-update prop-
agation issues as in flow-level simulations.

Performance analysis and simulation of message-passing
applications are studied through on-line and off-line simu-
lation techniques. Depending on the scope and the target
of the analysis, communication events, computation events,
or both can be considered. On-line simulation usually relies
on application or messaging-library instrumentation so that
the application can be simulated as if executed on a target
system. Off-line simulation, on the other hand, requires only
the collection of communication traces from an application’s
execution. The traces are then replayed to simulate the
communication. Common trace files consist of the physical
execution time and metadata of each communication and/or
computation event plus overall application characteristics.
For example, in DUMPI format [23], the entry and exit time
of each MPI communication event along with its message
size, data type, source and destination process ID(s) are
recorded.

B. Modeling

Modeling captures the characteristics of parallel execution
using a set of parameters such as data size, communication
pattern, memory bandwidth, number of processes, message
size, network bandwidth, latency, overhead, etc. Modeling
techniques can offer quick performance evaluation of dif-
ferent parallel algorithms, but cannot represent the complex
interactions among different modules in HPC systems or
competing resource requests, unlike simulation techniques.
Simulation is therefore the more appropriate tool for precise
hardware analysis and application performance tuning but
at the cost of substantially greater execution times. In short,
both simulation and modeling serve a role in evaluating
application, architecture, and hardware designs.

C. Practical considerations

This work focuses on understanding the trade-offs of
modeling and simulation with respect to predicting HPC
application performance. The results must thus be inter-
preted within the bigger picture of performance analysis
with modeling and simulation in general. Under practi-
cal considerations, simulation and modeling each has its
own strengths as mentioned earlier. For example, to study
detailed hardware features such as systems with different
injection capability, simulation is a better approach as it



does not require the understanding of the impact of the
features. Similarly, to study the scenarios that models are
difficult to develop such as the inter-job interference in a
multi-job environment, simulation is a better choice (unless
new interference models can be developed). On the other
hand, modeling can be effective when new systems can be
reasonably modeled. For example, to explore disruptive or
significant different systems such as a cluster with a 10x
faster network and 100x faster compute speed, modeling can
give the prediction results for the large design space quickly
as demonstrated in [27]. Finally, there is a question whether
performance analysis of current applications is sufficient for
evaluating future systems. We note that workload generation
is a separate issue from performance analysis. If techniques
for generating workload for future applications are available,
the results from this paper can be extended to the future
workloads.

III. RELATED WORK

Due to the importance of performance analysis for HPC
applications, various tools have been developed to collect
traces and to model or simulate the applications. Example
tracing tools include DUMPI [23], Intel Trace Analyzer and
Collector [11], and ScalaTrace [20]. Example simulation
and modeling tools include DIMEMAS [8], [9], Kojak [19],
Scalasca [7], SST [12], eBigSim [28], PSINS [25], SIM-
Grid [5], and MFACT [27].

The accuracy of modeling and simulation of parallel
applications and algorithms has been compared in different
settings. Martinez et el. [17] developed automatic model se-
lection techniques to predict the execution time of collective
algorithms for a particular system with an average error
of 5.0% as compared to 15.0%-20.0% for the theoretical
LogGP-based models [6]. Tikir et al. [25] evaluated three
benchmarks HYCOMM, AVUS, and ICEPIC using the mod-
eling tool PSINS with the average absolute prediction errors
of 7.4% and 11.6% on two target systems respectively. In
addition, Casanova et al. [4] developed a time-independent
trace replay framework that models application performance
solely by the volumes of computation and communication
using flow-level network models in SIMGrid [5]. The pre-
diction errors for NAS’s EP, DT, LU and CG benchmarks are
1.4%, 6.3%, 10.2%. 30.0% respectively. Nunez et el. [21]
showed that their simulation tool achieved an average of
prediction error within 6% for BIPS3d with up to 512 nodes.
These existing studies mostly focus on the modeling and
simulation accuracy for some particular HPC applications.
While similar accuracy has been observed in our study, this
work focuses on quantifying the accuracy and complexity
trade-offs in modeling and simulation techniques for a
broader range of HPC applications.

IV. MODELING AND SIMULATION TOOLS

To study the complexity and accuracy trade-offs between
application modeling and simulation, we consider a wide
range of MPI applications. We evaluate the performance and
accuracy of an MPI application modeling tool, MFACT [27],
and an MPI application simulation tool, SST/Macro [1].
Both tools are trace-driven and replay the traces of the ap-
plication. MFACT models the interconnect using Hockney’s
model [10] while SST/Macro simulates the network at flow,
packet, and packet-flow levels.

A. MFACT

MFACT (MPI Fast Application Classification Tool) [27]
models application performance based on DUMPI [23]
traces. It classifies an MPI application as computation-
bound, load-imbalance-bound, bandwidth-bound, latency-
bound, or communication-bound for many network config-
urations from a single replay of the corresponding DUMPI
trace. The classification is based on observing the perfor-
mance sensitivity of the application to the changes in band-
width and/or latency over a range of network configurations.

MFACT is implemented using MPI with a 1:1 ratio
of MFACT processes to application processes represented
by the trace. MFACT employs an extension of Lamport’s
logical-clock scheme [13], augmented with non-unit compu-
tation and communication times to track application progress
consistently with real time. In the trace replay, timestamps
are transmitted instead of real messages. This enables the
trace replay to honor the logical happened-before relation-
ships among communication operations while modeling both
computation and communication events.

In MFACT, the communication subsystem is character-
ized by two parameters: latency and bandwidth. MFACT
reads the timestamps and communication metadata from
input traces and models communication with Hockney’s
model [10] for point-to-point communication and Thakur
and Gropp’s models [24] for collectives. Computation events
are based on measurements from the input traces but can be
scaled arbitrarily to model systems of various processing
speeds. One unique feature of MFACT is that it is designed
to predict application performance on numerous network
configurations from a single trace replay. For each target
network configuration, one logical clock is maintained.
During trace replay, logical clocks for different network
configurations are maintained concurrently.

MFACT maintains four logical time counters (wait, band-

width, latency, and computation) for each network configura-
tion. It captures an application’s performance characteristics
by observing how these four counters react to the speed-
up and slow-down of latency, bandwidth, and computation.
Based on the performance trend over a range of network
configurations, MFACT predicts the performance of the
application on each configuration and gauges the potential



benefits of various networking options and predicts potential
application performance bottlenecks.

B. SST/Macro

SST/Macro [1], the macro-scale component of SST,
adopts a conservative PDES (Parallel Discrete Event Simula-
tion) engine and supports various abstract machine models
and interconnect topologies such as tori, dragonflies, and
fat trees. SST/Macro 3.0 supports packet-level and flow-
level simulations, while SST/Macro 6.1 supports a hybrid
packet-flow model. Unlike traditional packet-level simula-
tions, the packet-flow model supports channel multiplexing,
thus avoiding the overestimation stemming from serial-
ization latency and exclusive channel reservation. When
multiple packets compete for a network channel, each packet
“samples” the congestion and estimates the expected net-
work delay. The SST/Macro developers recommend a packet
between 1KB and 8KB, increasing scalability at a minor cost
in simulation accuracy. Computation events can be modeled
by heuristic models or scaling of the observed timestamps
in the traces. Thus, the execution time of SST/Macro’s
packet-flow model is proportional to the number of packets
generated and delivered through the network.

Unlike MFACT, SST/Macro can model network con-
tention. SST/Macro performs routing, arbitration and con-
gestion control on coarse-grained packet or message flow,
not as on flit-by-flit basis as in a real network. Thus, SST/
Macro is more accurate than MFACT. In this work, one
of our goals is to understand the performance and accu-
racy trade-offs between application modeling and simulation
techniques.

V. PERFORMANCE AND ACCURACY TRADE-OFFS

In this section, we discuss the application traces and
machine configurations we use in our study. We then report
our results and discuss the performance and accuracy trade-
offs between the modeling and simulation tools.

A. Experimental setup

We utilize communication traces from a diverse set of
MPI-based parallel applications running on various network
topologies and technologies. The programs include extracted
kernels, mini-apps, and full-sized applications from DOE’s
DesignForward project.1 The extracted kernels are Big FFT
and Crystal Router (CR); the mini-apps are AMG and
MiniFE; and the full-sized applications are MultiGrid (MG)
and FillBoundary (FB). We also include four mini-apps—
LULESH, CNS, CMC, and Nekbone—from DOE’s EX-
MATEX2, CESAR3 and EXACT4 co-design centers. Ad-
ditionally, we collected DUMPI traces from eight NAS

1http://portal.nersc.gov/project/CAL/designforward.htm
2https://portal.nersc.gov/project/CAL/exmatex.htm
3https://portal.nersc.gov/project/CAL/cesar.htm
4https://portal.nersc.gov/project/CAL/exact.htm

Table I: Characteristics of the traces

a Number of ranks

Ranks Traces

64 72
65–128 18

129–256 80
257–512 12

513–1024 37
1025–1728 16

Total 235

b Communication time

Comm. time (%) Traces

≤5 26
5–10 30

10–20 55
20–40 54
40–60 30
>60 40

Total 235

Parallel Benchmarks(NPB)5 on Cielito, a 64-node (1024-
core) Cray XE6 system and on Mustang at Los Alamos
National Laboratory (LANL). These programs with different
problem sizes and different number of ranks result in a total
of 235 sets of application traces that are used in this study.

Table I summarizes the characteristics of the traces. The
distribution of the number of ranks, which ranges from 64
to 1728, is presented in Table Ia. The distribution of
communication intensity—the fraction of total time spent
in communication—is presented in Table Ib. As the table
indicates, the set of traces represents a wide range of applica-
tions, from computation-bound applications to applications
whose execution time is dominated by communication.
Note that we do not cherry-pick traces for this study; the
traces were collected and submitted by other researchers
in different DOE laboratories to be used in the design
and evaluation of future supercomputers. This set of traces
represents a broad range of HPC applications, in particular,
the applications used in DOE laboratories.

SST/Macro’s packet, flow, and packet-flow models are
able to successfully complete 216, 162, and 235 of the
traces, respectively, while MFACT completes all 235 traces.
SST/Macro’s packet and flow models cannot process some
traces since SST/Macro 3.0 is unable to handle complex MPI
grouping operations and MPI multi-threading. In the study
of the accuracy of the tools in Section V-C, all successful
simulation and modeling results are considered. While in
the study of the execution time of simulation and modeling
in Section V-B, we only consider the traces when all four
schemes are successful. In addition, we exclude traces with
very small simulation times (less than 1 second) such as EP
and DT in the NPB suite. As a result, a total number of 126
traces are used in the execution time study in Section V-B.
When predicting the need for simulation in Section VI, all
235 packet-flow simulation and MFACT modeling results
are used.

The traces were collected on three parallel computers:
Cielito, Edison, and Hopper. The machine configurations
and network latency and bandwidth values are taken from
publicly available data. The specific network bandwidth and

5https://www.nas.nasa.gov/publications/npb.html



latency settings are {10Gbps, 2,500ns} for Cielito [26],
{35Gbps, 2,575ns} for Hopper [15], and {24Gbps, 1,300ns}
for Edison [14]. For SST/Macro, the machine configurations
and hostmap of Hopper and Edison are included in SST/
Macro releases. The machine configuration for Cielito is
derived from the machine performance benchmarking data
for Cielo (a much larger version of Cielito) published
online [26]. All simulation results are collected on Jungla,
a 64-core machine with AMD Opteron Processor 6272 @
2.10GHz. Both SST and MFACT can utilize all cores in the
system. The reported simulation times are the average of 10
simulation runs.

B. Simulation and modeling time

For each application, we record the time for SST/Macro’s
packet, flow, and packet-flow simulations and MFACT’s
modeling. Then, we rank the four times for each appli-
cation and determine which approach requires the least
time. MFACT’s modeling technique ranks the first place for
all cases. Flow and packet-flow (P-flow) models claim the
second place for roughly 41% and 59% of cases respectively,
while packet, flow and packet-flow models rank the third
for 11%, 48% and 41% of application runs. The packet
model unsurprisingly requires the longest simulation time for
89% of cases. The results show that, within SST/Macro, the
hybrid packet-flow model requires less simulation time than
packet and flow models and that modeling is more efficient
than simulation.

Figure 1 shows the simulation time of SST/Macro’s
packet, flow and packet-flow models as multiples of
MFACT’s modeling time. The figure depicts the percentage
of applications whose simulation time is no more than
10 times the modeling time, no more than 100 times the
modeling time, no more than 1000 times the modeling
time, and more than 1000 times more than the modeling.
Form the figure, we can see that SST/Macro’s packet, flow
and packet-flow simulations is no more than 10 times the
MFACT time for 21%, 33% and 28% respectively of the
applications, and is no more than 100 times the MFACT time

Figure 1: Execution time of SST/Macro’s packet, flow,
packet-flow simulations as multiples of MFACT’s time

Table II: Execution time in seconds

SST/Macro. MFACT

Pkt Flow Pkt-flow

CMC(1024) 172.17 22.45 25.94 1.26
LULESH(512) 941.77 208.63 110.27 3.02
MiniFE(1152) 1608.57 929.37 367.08 35.15

for 52%, 83%, and 79% respectively of the applications,
and is no more than 1000 times the MFACT time for
90%, 98% and 94% respectively of the applications. In
other words, in comparison to the packet-level simulation,
modeling with MFACT is at least 10 times faster for 79%
of the applications, at least 100 times faster for 48% of
the applications, and at least 1000 times faster for 10%
of the applications. In comparison to SST’s most efficient
packet-flow model, modeling with MFACT is at least 10
times faster for 72% of the applications, at least 100 times
faster for 21% of the applications, and more than 1000
times faster for about 6% of the applications. These results
indicate that in terms of execution time, modeling is often
orders of magnitude faster than simulation. Table II lists
some actual execution times of the tools for three DOE
applications CMC, LULESH, and MiniFE, which depicts
the typical relative executive times of the tools.

C. Accuracy of the tools

We compare the prediction results of SST/Macro with
MFACT using the same task-mapping as the original ap-
plication execution where the DUMPI traces are collected.
The cumulative distribution plots in Figure 2 represent the
difference in estimated communication and total time of
the three simulation models and MFACT’s modeling results.
All reported simulation results in the rest of this study are
normalized to the modeling result of MFACT unless noted
otherwise.

In Figure 2(a), the estimated communication times for the
three simulation models in SST are relatively close to one
another. In approximately 90% of cases, SST’s estimated
communication time is within 40% of MFACT’s modeled
communication time. More interesting is the prediction of
the overall application time, which is shown in Figure 2(b).
The packet-flow model’s estimated total time is within 5%
of MFACT’s prediction for 85% of cases. Furthermore, the
difference is within 10% for 94% of application runs. The
trends for packet and flow models are similar, but the values
are slightly different. For example, the percentage of traces
whose predicted total application time is within 10% that
of MFACT are 96% and 98% for packet and flow models
respectively. In the majority of the cases, the accuracy trade-
off between the simulation and modeling tools is well within
20% in term of the estimated total time; and there is no
significant difference in overall prediction power among
three models within SST/Macro.



(a) Estimated communication time

(b) Estimated total time

Figure 2: Simulation result of SST/Macro’s packet, flow and
packet-flow models

Figures 3 and 4 present the simulation accuracy trade-offs
between the maximum estimated communication and total
time produced by SST/Macro’s packet, flow, and packet-flow
simulations and MFACT’s modeling results. In Figure 3(a),
we observe that SST/Macro’s estimated communication time
is at most 10% higher for the select NAS benchmarks except
that FT and IS have a difference of more than 25%. In terms
of estimated total time, only IS results in a difference of
more than 20% shown in Figure 3(b). There is roughly 7%
difference in DT, and the rest are under 3%. In Figure 3(c),
the estimated total time by the simulation and modeling
tools that are normalized to the measured application time
observed in the traces. From the figure, both SST/Macro
and MFACT’s predicted application execution time are lower
than the measured time. SST/Macro has more accurately
predictions. Overall, SST/Macro’s estimations on average
are 10.86% below the measured total time and MFACT’s
modeled modeling results are slightly lower of 14.83%,
mostly due to IS and DT.

We show the simulation accuracy trade-offs of DOE’s
mini-apps, extracted kernels and production applications in
Figure 4. Figure 4(a) demonstrates that the difference in
estimated communication time is within 10% except for CR
and FB due to their irregular and intensive communication
patterns. In Figure 4(b), the difference in total time is within
1% for MiniFE, CMC, AMG, and LULESH and it is under

(a) Estimated communication time for NAS benchmarks

(b) Estimated total time for NAS benchmarks

(c) Normalized estimated total time for NAS benchmarks

Figure 3: Measured, modeling and simulation results for
NAS benchmarks

6% for CNS, BigFFT, and Nekbone. CR and FB yield larger
differences of more than 20% which indicate that pursuing
more detailed simulation in SST/Macro would be beneficial.
However, for applications that have prediction accuracy gain
of less than 1% in total time, the incentive for finer-grained
simulations is very limited. In Figure 4(c), the estimated
total time by the simulation and modeling tools that are
normalized to the measured application time observed in
the trace are presented for DOE applications. Similar to
results for NAS benchmarks, SST/Macro’s estimated total
time is slightly closer to the measured time achieving higher
accuracy. For the select DOE applications, SST/Macro’s
estimations on average are 7.95% below the measured total
time and MFACT’s modeled modeling results are slightly
lower of 13.10%, mostly due to CR and FB.



(a) Estimated communication time for DOE applications

(b) Estimated total time for DOE applications

(c) Normalized estimated total time for DOE benchmarks

Figure 4: Measured, modeling and simulation results for
DOE applications

Overall, modeling achieves within 5% of predicted appli-
cation time in comparison to simulation for 85% of cases
in our data set, but with one or two orders of magnitude
less execution time. Within SST/Macro, different network
models seem to yield similar prediction results. The packet-
flow model has demonstrated its advantage in simulation
scalability and it also allows application-level simulation
with small loss in accuracy compared to packet or flow
models.

VI. PREDICTING THE NEED FOR SIMULATION

Since the packet-flow model is the most robust and its pre-
diction results are similar to the packet and flow models, we
will use the packet-flow model to represent the simulation
approach in this section. As shown in Figure 2(b), In 63% of

the test cases, the simulation results differ from the modeling
results by less than 2% in terms of total application time; in
85% of the cases by less than 5%. For the applications in
which simulation yields similar results to modeling, model-
ing is a more effective way to study performance because it
is one to two orders of magnitude faster. Characterizing such
applications can significantly reduce the time to study the
performance of the applications on a particular system. We
will use the term DIFFtotal = | estimated total time with SST

estimated total time with MFACT −1|
to denote the difference between the estimated total time
with simulation (SST/Macro) and modeling (MFACT). We
define an application with DIFFtotal ≤ 2% to be the ap-
plication that does not require simulation. Otherwise, the
application requires simulation. We enhance MFACT with
a statistical model to predict the necessity for application
simulation. With our dataset, the enhanced MFACT has a
93.2% prediction successful rate, and thus, is an effective
tool in separating MPI applications that can be sufficiently
modeled by the enhanced MFACT from those that require
more detailed simulation.

A. Enhanced MFACT

As discussed earlier, MFACT can classify
MPI applications into computation-bound, load-
imbalance-bound, bandwidth-bound, latency-bound, and
communication-bound for many network configurations by
replaying the DUMPI traces once; and the classification
is based on observing the performance sensitivity of the
application to changes in bandwidth and/or latency by
examining the performance trend over a range of network
configurations. We leverage MFACT’s ability to characterize
an MPI application’s type.

MFACT’s classification results strongly correlate to the
type of applications. For example, applications with a high
DIFFtotal tend to be sensitive to network bandwidth and la-
tency. Applications that are classified as computation-bound
or load-imbalance-bound in general have lower DIFFtotal as
they are less likely being affected by network contention.
The proposed statistical model exploits the intelligence of
the classification results and other performance counters
(some are in the original MFACT; others are added in the
enhanced MFACT) so that it can automatically identify the
type of MPI applications with high confidence.

To develop the statistical model, we examine MFACT
classification results of 235 application runs and sort out
the applications that are sensitive to network communication
in general but not to load-imbalance and computation. In
this study, we take a conservative approach and consider
applications as communication-sensitive if the estimated
total time increases by more than 5% as the bandwidth
decreases by a factor of 8 [27]. Note that latency is not
considered here as we find that very few applications show
sensitivity to latency in the applications in our dataset; and
communication-sensitive applications are sensitive to the



changes in network bandwidth. As a result, we group ap-
plications into communication-sensitive, computation-bound
and load-imbalance-bound based on their performance pre-
dictions.

Out of the 235 applications, 70 are classified as
computation-bound, 63 are load-imbalanced-bound, and 102
are considered communication-sensitive. Figure 5 shows
the absolute DIFFtotal of three classification groups. In
Figure 5(a), almost all computation-bound applications have
small DIFFtotal within 2%. In Figure 5(b), 79% load-
imbalance-bound applications have DIFFtotal within 1%. In
Figure 5(c), it is also clear that communication-sensitive
applications have higher DIFFtotal with a maximum value
of 26.97% and more than 90% of the cases are within 10%.

Based on these statistics, a naive heuristic is to recom-
mend only communication-sensitive applications (classified
by MFACT) for simulation, but not the load-imbalanced
and computation-bound cases. By relying on MFACT, this
naive approach achieves an overall successful prediction rate
of 73.4% in this data set. This motivates us to develop
a more sophisticated statistical model, which improves the
successful prediction rate to 93.2%.

B. Statistical model

1) Candidate features for the statistical model: Table III
lists 35 candidate features that we considered representative
to the performance characteristics, communication workload
and implementation of the application. Among these fea-
tures, "CL" is defined based on the classification results of
whether an application is sensitive to the speedup and slow-
down of network bandwidth and communication in general.
It has two levels, "cs" and "ncs": "cs" are communication-
sensitive cases, "ncs" include both load-imbalance-bound
and computation-bound cases.

2) Statistical method for training: Because 235 observa-
tions represents a rather small data set for model training and
evaluation, we select the parametric logistic regression [18]
model for this study. In order to reduce the risk of over-
fitting and evaluate the generality of any predictive model,
we build the model on a sub-partition of the original data as
training set and evaluate the error on the rest as testing set.

We use Monte Carlo cross-validation [22] to generate
100 sets of training and testing partitions, each time sam-
pling 80% of the observations as training data without
replacement. Test errors are aggregated on the 100 test sets
by looking at the trimmed mean, standard deviation, and
distribution in general.

To avoid over-fitting and multi-collinearity, we limit the
maximal number of variables to five while using a step-wise
forward selection scheme. The step-wise approach evaluates
a pool of available variables and select the variable that can
bring the most improvement at each step in terms of the
Akaike information criterion [2]. Table IV lists the top ten
variables selected by the step-wise selection method. The

(a) Computation-bound applications

(b) Load-imbalanced applications

(c) Communication-sensitive applications

Figure 5: Absolute difference in estimated total time
for communication-sensitive, computation-bound and load-
imbalanced applications

coefficients are the average values of the 100 cross-validated
partitions. Positive coefficient indicates positive correlation
to giving a recommendation, negative otherwise.

In Table IV, "CL{ncs}" is the strongest predictor, and
it has been selected every time. The negative coefficient
of CL{ncs} implies that if an application is insensitive to
the change of network communication, then it would be



Table III: Candidate features

Group Variable Description

Application R Number of ranks
RN Ranks per node
N Number of nodes deployed

Execution T Total execution time
Tcp Computation time
PoCP % of computation time
Tc Communication time
PoC % of communication time

Collective Tbr Barrier time
PoBR % of barrier time
Tfbr First barrier time
PoFBR % of first barrier time
Tcoll Collective time
PoCOLL % of collective time
Tfcoll First all-to-all collective time
PoFCOLL % of Tfcoll

Point-to-point Tp2p Point-to-point time
PoTp2p % of peer-to-peer time
Tsyn Synchronous peer-to-peer time
PoSYN % of synchronous peer-to-peer time
Tasyn Asynchronous peer-to-peer time
PoASYN % of asynchronous peer-to-peer time

Message TB Total bytes sent
NoM Number of messages sent
TBp2p Total peer-to-peer bytes sent
CR Number of destination ranks per source
CRComm Average peer-to-peer comm. per dest.

MPI NoCALL Number of MPI calls
NoS Number of blocking sends
NoIS Number of non-blocking sends
NoR Number of blocking receives
NoIR Number of non-blocking receives
NoB Number of barriers
NoC Number of collectives

Classification CL Sensitivity to communication

unnecessary to pursue detailed simulations. This is consis-
tent with our observations that computation-bound and load-
imbalanced applications can be modeled by the modeling
tools with good accuracy. In the final model, we pick the
top five variables from the list and compute coefficients to
derive a predictive model. The source code used to train our
model is available online.6 Users can collect data and build
their own predictive models.

3) Results: The misclassification rate (MR), false nega-
tive (FN) rate and false positive (FP) rate are computed over
100 test runs. The FN rate is defined as the number of FN
cases divided by the sum of the FN and true positive cases.
The FP rate is defined as the number of FP cases divided
by the sum of the FP and true negative cases. We report the
trimmed mean that discards the top and bottom 2% of the
100 test results. The misclassification rate has a trimmed
mean of 6.8% which indicates that the enhanced MFACT
can effectively separate MPI applications for modeling and

6https://github.com/ztong87/MFACT/blob/master/model.R

Table IV: Variables selected in step-wise selection

Rank Variable % Selected Coefficient

1 CL{ncs} 100% -1.68E+03
2 PoSYN 97% -3.73E-02
3 R 74% 3.04E-01
4 Tasyn 63% -3.34E-09
5 CRComm 44% -8.90E-02
6 NoB 32% -2.56E-01
7 N 24% 7.25E-02
8 Tfbr 16% 1.48E-08
9 RN 15% 2.47E-01

10 PoCOLL 7% 4.48E-02

simulation with success rate of 93.2% on our dataset. The
trimmed means for the FN rate and the FP rate are 6.2%
and 6.7%, respectively.

4) Discussion: We examine the mis-classified applica-
tions in our tests. Computation-bound applications were
never mis-classified, which is understandable as communi-
cation time has a minor impact on such applications. Both
load-imbalanced applications such as IS, MG, and FT with
a large number of ranks as well as communication sensitive
applications such as CR and Nekbone account for significant
numbers of mis-classifications. Two main factors contribute
to the mis-classifications: (1) the limited number of traces,
which limit the coverage of the training set, and (2) the
existence of applications whose DIFF values are close to the
2% threshold. We believe that the impacts of both factors
can be alleviated when more training data are available.

VII. CONCLUSIONS

We compared the performance and accuracy of a mod-
eling tool (MFACT) and a simulation tool (SST/Macro).
The comparison shows that detailed simulations do not
necessarily produce more accurate application performance
predictions. In particular, for almost all computation-bound
applications, most load-imbalance-bound applications, and
some communication-sensitive applications, faster modeling
approaches perform just as well as slower simulation ap-
proaches. Finally, we demonstrated that it is possible to
enhance a modeling tool with sufficient introspection to
identify its own shortcomings and the ensuing need for more
detailed simulation.
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