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1 INTRODUCTION
Current petascale systems in High-performance computing (HPC)
deal with very large workloads. To handle such workloads, a huge
number of components are involved simultaneously. Though the
HPC systems are built with high-grade reliable components, with
the increase in component count there is an increase in failures
which significantly impacts the reliability of the system. In order
to improve the reliability of such large scale systems, a commonly
used technique is checkpoint/restart(CR), which writes a snapshot
of the application’s state at fixed intervals [1] and in case of a failure,
the application is restored from the last saved checkpoint.

With the emergence of fast local storage, multi-level checkpoint-
ing (MLC)[2][3] [4] has become a common approach for efficient
checkpointing. In MLC, checkpoints are stored on the local nodes
in addition to the parallel file system in asynchronous manner
(Async MLC) such that all operations can continue while saving the
checkpoint in the background. However, in order to utilize multi
level checkpointing efficiently, it is very important to determine
the optimal configuration for the checkpoint/restart intervals.

There are mainly two approaches for optimizing the config-
uration of checkpoint/restart, namely modeling and simulation
approach. However, as with Async MLC, CR becomes more compli-
cated ,the modeling approach is not accurate for such complicated
scenarios and while the simulation approach is accurate, it is very
slow. In this poster, we focus on optimizing the performance of CR
by predicting the optimized checkpoint count and interval for large
scale systems with a greater emphasis on checkpoint interval as it
is more complicated to determine its optimized value accurately.
We present an idea to achieve this by combining the simulation
approach with artificial intelligence (AI) techniques, such as ma-
chine learning and neural networks, so that we can leverage the
accuracy of the simulation approach without spending a lot of time
on simulating different CR parameters to determine the optimized
configurations.

2 AI FOR CHECKPOINT/RESTART
The count and interval are two of the most important checkpoint
parameters for optimizing the CR configuration. For determining
the optimized checkpoint interval, the simulation approach is ac-
curate but it can be slow as it explores different CR parameters
before determining the optimized checkpoint interval and because
of this, it is not a practical approach for real world scenarios. Our
objective was to determine the optimized interval faster than the
simulation approach without losing much of its accuracy. For our
approach, we generated a limited amount of data using the simu-
lator which provides us with optimized interval and count for the
provided CR configurations and we use that data to determine the
optimized count and interval for other CR configurations using the
AI techniques described in the following sections.

2.1 Machine Learning
Running complex machine learning models for predicting check-
point count and checkpoint interval showed that the optimized
count can be predicted very accurately without much modification
to the algorithms. Using different machine learning algorithms on
the simulated data, we got the best results for predicting the check-
point count using random forest. While LightGBM [5] and random
forest algorithm performed best for predicting the checkpoint in-
terval.

2.2 Neural Network
Since the random forest model could effectively predict the opti-
mized checkpoint count, we designed a neural network only for
predicting the optimized checkpoint interval. For designing our
neural network, we started with a simple model consisting of two
hidden layers with 10 nodes on each hidden layer. The neural net-
work showed an increase in error by a factor of 2.5 in comparison to
the machine learning models for predicting the optimized interval.
To improve the performance without significantly increasing train-
ing time, we added an extra hidden layer and increased the node on
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Figure 1: Daisy chaining output from checkpoint count pre-
diction as an input to the checkpoint interval prediction

each hidden layer to 25. The improved base model still predicted
the optimized checkpoint interval with an error that was greater
than two times the error shown by the machine learning models.
To improve the performance of this baseline model, we optimized
its design using the techniques described in the following sections.

2.2.1 Daisy Chaining. Our initial design, consisted of two indepen-
dent models, the random forest model for predicting the checkpoint
count and the neural network for predicting checkpoint interval.
However, after analysis we found a strong correlation between the
checkpoint count and interval. Since our random forest model was
able to predict the checkpoint count very accurately, in order to
improve the performance we fed the output from checkpoint count
prediction as an input to the neural network as shown in Figure 1.
The optimization reduced the error by 40% over the baseline model.

2.2.2 Parameter Reduction. After further analysis we observed
some of the input parameters were inter dependent on each other
and were degrading the performance of the neural network. On
removing these parameters, we observed a further reduction in
error by 40%.

3 PRELIMINARY RESULTS
Two data sets were generated for evaluation using the CR simulator.
The training data was simulated by providing overhead, latency,
and restart time that closely matched some of the Top500 systems.
We used the base failure rate of 2 . 10-6 and 4 . 10-7 failures/sec
for Level-1 (L1) and Level-2 (L2) respectively [2] and explored the
impact of these failure rates by increasing them up to 50X the
base value. The test data set was simulated using data mutually
exclusive to the training data set but within the parameter space of
the training data set.

Our random forest model could predict optimized checkpoint
count with 99.365% accuracywhen compared to the simulated result.
For predicting the checkpoint interval with its values ranging up to
9960 seconds, both machine learning models could determine the
optimized interval with a mean absolute error of 49.5 seconds. As
shown in Figure 2, our baseline neural network predicted optimized
interval with a mean absolute error of 116.63 seconds. However,
daisy chaining shows a 40% performance improvement over the
baseline design followed by a further 40% improvement with pa-
rameter reduction. The optimized neural network performs 18%
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MEAN ABSOLUTE ERROR: 40.7 seconds
Optimal interval by C/R simulator
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Neural Network After Parameter Reduction

Figure 2: Performance improvement with NN optimization

better than the machine learning models with a mean absolute error
40.7 seconds. With majority of our dataset in the region 1000 - 8000
seconds, this converts to 0.5% - 4% mean error from the simulated
values of the optimized interval.
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CONCLUSION
In this poster, we present an idea to combine simulation approach
with AI techniques such as machine learning and neural network
so that we can reduce the time taken to determine the optimized
parameter values of checkpoint interval and checkpoint count .
With our approach and design optimizations, we demonstrate that
our models can predict the optimized parameter values with min-
imal error when compared to the simulation approach. For our
future work, we will optimize the checkpoint levels and encoding
for different CR configurations.
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