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ABSTRACT

Execution time of an application is affected by several performance
parameters, e.g. number of threads, decomposition, etc. Hence, an
important problem in high performance computing is to study the
influence of these parameters on the performance of an application.
Additionally, quantifying the influence of individual parameter con-
figurations (data samples) on performance also aids in identifying
sub-domains of interest in high-dimensional parameter spaces. Con-
ventionally, such analysis is performed using a surrogate model,
which introduces its own bias that is often non-trivial to undo,
leading to inaccurate results. In this work, we propose an entirely
data-driven, model-agnostic influence analysis approach based on
recent advances in analyzing functions on graphs. We show that
the problem of identifying influential parameters (features) and
configurations (samples) can be effectively addressed within this
framework.
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1 INTRODUCTION

In the domain of high performance computing (HPC), performance
measures such as a program’s execution time are sensitive to changes
in performance parameters such as the number of threads, power
cap, order of loop parallelization, and other application-specific
parameters. Additionally, there are performance variations across
different sub-domains of the parametric space. In such scenarios, it
becomes imperative to quantify the influence of each parameter and
parameter configuration (data sample) on performance (refer Table
1). Influence analysis primarily entails quantifying the importance
of parameters and samples in predicting variations in performance.
The primary benefits of studying these influences on performance
are three-fold:

e Performance variations and optimization can be controlled
by tweaking only the most influential parameters

e Sub-domains of the parameter space that result in the high-
est/lowest performance can be identified

e Performance under all possible parameter configurations
can be approximately predicted using a smaller number of
data samples and parameters, thereby alleviating the need
for exhaustive simulations

Influence Analysis

Parameter 1 Parameter n | Performance

Config. 1

Config. m

Table 1: Different parameters and parameter configurations
have different influences on program performance

Existing approaches: Conventional machine learning models that
are used for quantifying influence are implicitly founded on certain
assumptions, such as a linear relationship between the parameters
and the response variable, which lead to biased and inaccurate
estimates of influences. We propose a model-agnostic approach that
uses techniques from signal processing on graphs [1] constructed
on the parameter space to quantify influence.

Our Approach: The goal of this work is to not only infer relatively
unbiased estimates of parameter and sample influences, but also to
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regularize predictive model learning using the influence patterns.
Apart from making minimal assumptions about the underlying data
domain, another advantage of our approach is that it can easily be
extended to incorporate domain-specific knowledge - if the domain
expert knows that certain sub-domains of the parameter space are
inherently more influential than others, this can be fused into the
analysis prior to making any inference.

2 METHODOLOGY

We perform our analysis on data collected from Kripke, a parallel
Sn transport mini-app [3]. Each data sample consists of a unique
configuration of the parameters and the corresponding execution
time of the program. We construct an undirected, weighted graph
over the parameter space, where each node of the graph corresponds
to a parameter configuration. We then define a real-valued signal
over the graph, where the signal value for each node is its execution
time. Edges between nodes are weighted using a distance metric
known as the Gower distance [2] (a metric used especially when
the data is composed of discrete and continuous parameters), and
only the edges between a node and its top k neighbors are retained.

Analogous to a signal in the time domain, a Fourier frequency
decomposition of the graph signal can be performed to identify its
constituent frequency components, where frequency is a measure
of how much the signal varies from a node to its neighbors. Pa-
rameter influence estimation: Changes in graph connectivity
will result in changes in the Fourier frequency spectrum. We make
use of this fact to estimate parameter influence using a leave-one-
parameter-out (LOPO) strategy.

More specifically, we construct a graph using a LOPO strategy

for each parameter (with the signal unchanged) and compute its
Fourier frequency spectrum. Graphs obtained when removing weak
parameters should behave very similar to the original graph with all
parameters, resulting in nearly the same spectral signature, whereas
graphs constructed without an influential parameter should result
in a very different spectral signature. We quantify the differences in
frequency spectra using the energy in high frequencies, which is the
absolute difference of the Euclidean norms of the high frequency
components of both spectra. Consequently, influential parameters
will have higher energy than weak parameters.
Sample influence estimation: Alternately, in order to quantify
the influence of each data sample, we study the changes in the low
frequencies of the spectra when the signal of a sample is replaced
by the average value of the signal of its neighbors. If the sample
is not influential, doing such a modification of its signal would
result in minimal changes in the low frequency components of the
spectrum, whereas we can expect relatively higher changes if the
sample is influential.

3 RESULTS

We find that the order of loop parallelization has the highest in-
fluence on program execution time, followed by the number of
threads, and other Kripke-specific parameters. The results closely
align with the intuition of domain experts. By also performing a
leave-two-parameters-out analysis, we show that the observed re-
sults could not have been obtained due to higher-order correlations
between two parameters suppressing the influences of each other.
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We also performed the analysis on other datasets from Kripke with
different initial settings and made similar observations. Finally, we
also compute the influence of individual data samples and build
predictive models with and without the most influential samples
to show that the removal of these samples is highly detrimental to
model performance.

4 CONCLUSION AND FUTURE WORK

In summary, we present a novel, model-agnostic approach for quan-
tifying parameter and sample influence and prove its efficacy by
studying their influences on the performance of a HPC applica-
tion. Our immediate next steps entail regularizing predictive model
learning using the obtained influence patterns. We also plan on
looking at ways to perform transfer learning from Kripke to other
related HPC applications.
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