
• Help large numbers of novice-to-average HPC users to learn
about their application run by aiding them with immediate
feedback.

• Point HPC administrators to possible system anomalies.
• Evaluate the performance of a particular run whether it is

healthy, abnormal, or critical.
• Assess job performance with near-zero overhead technique,

suitable for production environment.
• Achieve low runtime estimation error.

Motivation and Goals

Experiment Results

• Estimated the expected runtime of a particular run of an application through basic job parameters and rate metrics derived
from raw PAPI hardware counters.

• Used a standard statistical model rather than a potentially more powerful but opaque machine-learning method.
• Analysis was integrated into online job statistics interface that can be queried as the job runs, just as other job statistics are.

Conclusion

HPC Production Job Quality Assessment™
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Lulesh 216 20 8-216 1-9 13K-46K 7
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1. Divide the entire application runtime into 8 equal-length
intervals.

2. For each interval i, compute the average for each hardware
counter metricM, for each process p.

3. Combine the individual process interval averages by computing
their mean and standard deviation.

4. With four hardware counters rate metrics being used, eight
intervals, and two values per interval per metric (mean and std-
dev), we have 64 values, calculate the Principal Component
Analysis (PCA) and select the N top components.

5. Apply linear regression over the set of runs being analyzed.

6. On new runs, capture data and calculate metrics, then us PCA
and regression formulas to estimate expected runtime.

7. Compare expected runtime to actual runtime and assign job
quality category.

Analysis Model

• Characterize application similarities, and whether
proxy applications are similar to the applications
they claim to represent.

• Compare how a deep learning technique will
perform compared to our statistical model.

Future Work
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none. This is a crucial requirement for any framework that
is proposed to be used in production.

LDMS has an instrumentation (“sampler”) plugin archi-
tecture, and for this work we created a hardware counter
LDMS sampler that automatically recognizes when an HPC
job is started and attaches to the correct processes and
collects the HWCTR metrics, without needing to run the
application using any of the command-line or other HWCTR-
compatible tools.

B. Analysis Model

Our approach in this paper is to use traditional statistical
analysis techniques rather than, say, neural net or deep
learning techniques, because we hope in the future to use
the models for insight into the applications themselves.
The computed parameters from a statistical model provide
information to the analyst, while deep learning techniques
create opaque predictive models.

Our basic approach is to create a linear regression model
that predicts runtime (dependent variable) from the metrics
that we have, both HWCTR time-series data and the job
attributes described above. This is not a true prediction,
however, because it can be computed only after the run is
complete and the HWCTR data is available. There are still
two valid purposes for this. One, and the focus of this paper,
is that the predicted runtime can be used to assess how well
the current run performed, by comparing its actual runtime to
the predicted runtime. Building up a history of an application
will help users better understand each run’s performance and
will help them to better configure jobs in the future. Two, we
mostly focus on rate-type metrics derived from the HWCTR
counters, because these could be used to begin to predict a
job’s runtime while it is still running. In the results section
we present results from various ways of using the HWCTR
counters.

One might consider more complicated regression models,
but in this work we are focusing on creating a methodology
that can be completely automated and “invisible” to the user,
except that it gives them useful feedback about how they
are using their application and their HPC resources. This
means we cannot rely on a non-automated evaluation of
data relationships to select a different regression model. In
addition, we expect that when used for prediction we will be
doing mostly interpolation rather than extrapolation, in that
by collecting data from users’ production runs, we will be
predicting the performance of similar runs rather than trying
to extrapolate out to a very different run.

Because of the volume and times-series nature of the
HWCTR data, linear regression is not applicable directly to
this data. Therefore we apply principal component analysis
(PCA) to the HWCTR data to reduce the dimensionality
down to a level where linear regression makes sense to apply.
Note that the parameters that come out of PCA are also part

of the visible model that we end up with, and can be used
to help characterize the application.

Even with PCA we still need to reduce our voluminous
time-series HWCTR data down to individual values. Prior
work has established that applications go through phases of
execution, and that these phases do show up in hardware
counter data [5], although no simple and accurate phase-
identification models exist that can be applied easily.

Not only are the HWCTR metrics time-series, but they
are captured per process. This results in large volume of
data that needs reduced to a manageable number of values
to perform PCA over. Thus, we chose a simpler approach
to approximate the capturing of application phases. For this
paper, we divide the entire application runtime into 8 equal-
length intervals.2 For each interval i we compute the average
for each HWCTR metric M , for each process p.

M

i,p

= avg(intervalSamples)

We then combine the individual process interval averages by
computing their mean and standard deviation.

M

i

= avg(M
i,p

) over p

SD

i

= stddev(M
i,p

) over p

This gives us the average metric value across all processes
for an interval, along with a measure of the deviation
between the processes.

With four HWCTR rate metrics being used, eight intervals,
and two values per interval per metric (mean and std-dev),
we have thus reduced the HWCTR data down to 64 values,
for each run. Over the set of runs being used for analysis,
these 64 values are then input into principal component
analysis, and we then select the N top components that
explain at least 90% of the data. In this paper we have seen
5-7 components resulting.

Finally, we apply linear regression over the set of runs
being analyzed, as

Runtime = LReg(
ProbSize

#Proc

,

ProbSize

#Nodes

,

#Proc

#Nodes

,

ProbSize, PC1, ..., PC

n

).

The first three independent variable are fractions that capture
the problem size relative to its division over processes, over
nodes, and then how processes are divided over nodes.
We use these because runtime depends not merely on the
absolute value of the problem size, number of processes,
or number of nodes, but rather on how these three relate
to each other. However, we do also include the absolute
problem size in the model as well. We then include N

2We chose 8 intervals for this small experiment simply because we are
using runs on the order of tens of minutes, and as computer scientists
we have affinity to powers of two; we recognize that in a real production
environment, a dynamically adaptive interval/phase mechanism will likely
be necessary.
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LDMS sampler that automatically recognizes when an HPC
job is started and attaches to the correct processes and
collects the HWCTR metrics, without needing to run the
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compatible tools.

B. Analysis Model

Our approach in this paper is to use traditional statistical
analysis techniques rather than, say, neural net or deep
learning techniques, because we hope in the future to use
the models for insight into the applications themselves.
The computed parameters from a statistical model provide
information to the analyst, while deep learning techniques
create opaque predictive models.

Our basic approach is to create a linear regression model
that predicts runtime (dependent variable) from the metrics
that we have, both HWCTR time-series data and the job
attributes described above. This is not a true prediction,
however, because it can be computed only after the run is
complete and the HWCTR data is available. There are still
two valid purposes for this. One, and the focus of this paper,
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mostly focus on rate-type metrics derived from the HWCTR
counters, because these could be used to begin to predict a
job’s runtime while it is still running. In the results section
we present results from various ways of using the HWCTR
counters.

One might consider more complicated regression models,
but in this work we are focusing on creating a methodology
that can be completely automated and “invisible” to the user,
except that it gives them useful feedback about how they
are using their application and their HPC resources. This
means we cannot rely on a non-automated evaluation of
data relationships to select a different regression model. In
addition, we expect that when used for prediction we will be
doing mostly interpolation rather than extrapolation, in that
by collecting data from users’ production runs, we will be
predicting the performance of similar runs rather than trying
to extrapolate out to a very different run.

Because of the volume and times-series nature of the
HWCTR data, linear regression is not applicable directly to
this data. Therefore we apply principal component analysis
(PCA) to the HWCTR data to reduce the dimensionality
down to a level where linear regression makes sense to apply.
Note that the parameters that come out of PCA are also part

of the visible model that we end up with, and can be used
to help characterize the application.

Even with PCA we still need to reduce our voluminous
time-series HWCTR data down to individual values. Prior
work has established that applications go through phases of
execution, and that these phases do show up in hardware
counter data [5], although no simple and accurate phase-
identification models exist that can be applied easily.

Not only are the HWCTR metrics time-series, but they
are captured per process. This results in large volume of
data that needs reduced to a manageable number of values
to perform PCA over. Thus, we chose a simpler approach
to approximate the capturing of application phases. For this
paper, we divide the entire application runtime into 8 equal-
length intervals.2 For each interval i we compute the average
for each HWCTR metric M , for each process p.
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We then combine the individual process interval averages by
computing their mean and standard deviation.
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This gives us the average metric value across all processes
for an interval, along with a measure of the deviation
between the processes.
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and two values per interval per metric (mean and std-dev),
we have thus reduced the HWCTR data down to 64 values,
for each run. Over the set of runs being used for analysis,
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5-7 components resulting.
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being analyzed, as

ExpectedRuntime = LReg(
ProbSize

#Proc

,

ProbSize

#Nodes

,

#Proc

#Nodes

,

ProbSize, PC1, ..., PC

n

).

The first three independent variable are fractions that capture
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We use these because runtime depends not merely on the
absolute value of the problem size, number of processes,
or number of nodes, but rather on how these three relate
to each other. However, we do also include the absolute
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using runs on the order of tens of minutes, and as computer scientists
we have affinity to powers of two; we recognize that in a real production
environment, a dynamically adaptive interval/phase mechanism will likely
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Hardware rate metrics calculated and stored:
1. Instructions per cycle.
2. Branch mispredict rate per instruction.
3. Number of branches per instruction.
4. L1 data cache miss rate.
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