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Abstract

Stencil computations are the basis to solve many prob-
lems related to Partial Differential Equations (PDEs). Per-
formance prediction for such numerical kernels is a major
issue as many critical parameters (architectural features,
compiler flags, memory policies, multithreading strategies)
are involved. In this context, fast and accurate seismic pro-
cessing workflow is a critical example for this kind of com-
putations. In order to understand complex geological struc-
tures, the numerical kernels used mainly arise from the dis-
cretization of Partial Differential Equations (PDEs) and
High Performance Computing methods play a major in seis-
mic modeling. This paper focuses on the use of Machine
Learning to predict the performance of stencil kernels on
multi-core and many-core architectures. Low-level hard-
ware counters (e.g. cache-misses and TLB misses) on a lim-
ited number of executions are used to build our predictive
model. We have considered three different kernels (7-point
Jacobi, acoustic and seismic wave modeling) to demon-
strate the effectiveness of our approach. Our results show
that performance can be predicted by simulations of hard-
ware counters with high accuracy.

1. Introduction

Stencil computations lie at the heart of many problems in
areas as diverse as electromagnetics, fluid dynamics or geo-
physics. The trend for High Performance Computing (HPC)
applications is to pay a higher cost in order to optimize the
overall performance. This comes from the complexity of
many interdependent factors (non-uniform memory access,
vectorization, compiler optimizations, memory policies) at
an architectural level that may severely influence the appli-
cation’s behavior.

On the one hand, wave propagation modeling is the cur-
rent backbone for several seismic tools. It has been ex-
tensively applied for imaging potential oil and gas reser-

voirs beneath salt domes for the last five years. Such acous-
tic propagation engines should be continuously ported to
the newest HPC hardware available to maintain compet-
itiveness. At the same time, on the HPC hardware front,
the days of faster single core CPUs are over, and the so-
lutions adopted are being replaced by many-core technolo-
gies [5, 4]. In this context, several heuristics or frameworks
have been proposed to speed up the process of finding the
best configuration for stencil applications [3, 14, 17, 12].

On the other hand, Machine Learning (ML) is a com-
prehensive methodology for optimization that could be ap-
plied to find patterns on a large set of input parameters. Re-
cently, ML algorithms have been used on HPC systems un-
der different situations. In [19] the authors used ML algo-
rithms to select the best job scheduling algorithm on het-
erogeneous platforms whereas in [2] the authors proposed
an ML-based scheme to select the best I/O scheduling algo-
rithm for different applications and input parameters. And
recently, in [13] the authors used ML algorithms to predict
the performance of stencil computations on multicore archi-
tectures.

In this paper, we describe the general procedure to build
a suitable ML-based performance model for classical nu-
merical kernels: 7-point Jacobi and acoustic and seismic
wave modeling. This model allows us to simulate the per-
formance behavior of stencil computations on multi-core ar-
chitectures. The paper is organized as follows. Section 2
provides the fundamentals of stencils under study. Section 3
describes the methodology of our ML-based approach. Sec-
tion 4 presents experiment configuration and model accu-
racy. Section 5 describes related works, and finally Sec-
tion 6 concludes this paper.

2. Stencil models

From the numerical analysis point of view, stencil-based
computations often arise when discretizing Partial Differen-
tial Equations (PDEs). For instance, the Finite-Difference
Methods (FDMs) computational procedure consists in us-



ing the neighboring points in the north-south, east-west and
forward-backward directions to evaluate the current grid
point in the case of a three-dimensional Cartesian grid. The
algorithm then moves to the next point applying the same
stencil computation until the entire spatial grid has been tra-
versed. In this work, we study two well-known stencil ker-
nels:

1. 7-point Jacobi: The seven-point Jacobi stencil is a ref-
erence example of numerical kernel used in various
context in order to evaluate the impact of advanced re-
formulation or the impact of the underlying architec-
ture. A review can be found in [7] for instance.

2. Seismic Wave: Evaluation of damages occurred dur-
ing strong ground motion is critical for urban planning.
The numerical kernel under study relies on the classi-
cal 4-th order in space and second-order in time ap-
proximation and was detailed in [18, 15, 10].

3. Acoustic wave: We consider the isotropic acoustic
wave propagation under Dirichlet boundary conditions
over a finite 3D rectangular domain. The operator is
discretized by a 12th order finite differences approxi-
mation and the time derivatives are approximated by a
2nd order finite differences operator. This kernel rep-
resents the cornerstone of the classical Reverse Time
Migration imaging procedure. For sake of clarity of
this paper focused on the impact of machine learning
methodology, we will not go into too many details re-
garding the implementation and interesting readers can
refer to [1].

3. Machine Learning Methodology

In this section we describe our ML methodology which
relies on support vector machines (SVM). First, we present
the feature vectors considered in our study. Finally, we de-
scribe our ML model.

3.1. Feature vectors

We considered three sets of vectors, which are described
below:

1. Input Vector: We considered different parame-
ters available in OpenMP as vector input, such as
the number of threads, the loop scheduling pol-
icy (static or dynamic), and the chunk size (which de-
fines how many loop iterations will be assigned to
each thread at a time).

2. Hardware Counters Vector: We used the PAPI li-
brary to collect information from hardware counters.

We considered the following metrics as the most rel-
evant ones: Last level cache misses, L3 and L2 to-
tal cache misses for multicore and manycore respec-
tively (PAPI L3 TCM, PAPI L2 TCM events), data
translation lookaside buffer misses (PAPI TLB DM
event), and total cycles (PAPI TOT CYC event). For
acoustic wave model we use only two hardware coun-
ters.

3. Performance Vector: The output vector, which uses
billions execution time as performance characteriza-
tion metric.

3.2. Machine Learning Model

The proposed ML model is based on SVM, which is a
supervised ML approach introduced in [6] and extended to
regression problems where support vectors are represented
by kernel functions [9]. Our ML model was built on top of
three consecutive layers, where output values of a layer are
used as input values of the next layer (Figure 1). The in-
put layer contains the configuration values from the input
vector. The hidden layer contains the SVMs that take val-
ues from the input vector to simulate the behavior of hard-
ware counters. Finally, the output layer contains takes each
simulated value from the hidden layer to obtain the corre-
sponding GFLOPS and execution time values.
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Figure 1: Flowchart of the proposed ML-based model.

4. Experiments

In this section we describe our experimental testbed and
present the data analysis and results.



4.1. Experimental Testbed

We used two multi-core and one many-core platforms
to carry out the experiments. Their hardware configurations
are shown in Table 1.

Multicore 1 Multicore 2 Manycore
Processor Xeon E5-2650 Xeon E5-4650 Xeon Phi 7520
Clock(GHz) 2.0 2.7 1.40
Cores 8 8 68
Sockets 2 4 1
Threads 16 32 272
Last level
cache size (MB) 20 (L3) 20 (L3) 34 (L2)

Table 1: Experimental testbed configurations.

4.1.1. Training and validation sets We created a train-
ing set by randomly selecting a subset from the configura-
tion set presented in Table 2 and details all the configura-
tions available for our optimization categories. As it can be
noted, a brute force approach would be unfeasible.

Parameters Multicore 1 Multicore 2 Manycore
Number of threads 1 8 12 272
Scheduling policy 1 2 2 2
Chunk size 1 32 32 272
Total of configurations 3 512 768 147,968

Table 2: Configurations available for our optimization pro-
cedure

A random testing set was used since all SVMs in both
the hidden and the output layers are trained to calculate new
GFLOPS and execution time values through simulation. Ta-
ble 3 presents the total number of experiments that were per-
formed to obtain the training and validation sets.

Multicore 1 Multicore 2 Manycore

7-point
Training 44 38 -
Testing 11 10 -
Total 55 48 -

Seismic
Training 211 237 -
Testing 53 60 -
Total 264 297 -

Acoustic
Training - - 808
Testing - - 203
Total - - 1,011

Table 3: Number of experiments in the training and the test-
ing sets.

4.2. Results

We use the validation set to evaluate the model with two
statistical estimators: root mean square error (RMSE) and
the coefficient of determination (R-square). The former rep-
resents the standard deviation of the differences between
predicted values and real values whereas the latter repre-
sents how close the regression approximates the real data
(R-square equal to 1 indicates a perfect fit of data regres-
sion).

As it can be noted in Table 4, the RMSE value confirms
that deviation of time value is high, but the approximation
of R-square is close to 99%, then we get a highly accurate
regression.

Multicore 1 Multicore 2 Manycore

7-point
RMSE 0.66 2.51 -
R-Square 0.98 0.86 -

Seismic
RMSE 13.53 212.28 -
R-Square 0.99 0.62 -

Acoustic
RMSE - - 154.04
R-Square - - 0.94

Table 4: Estimators for predicted values of the numerical
kernels.

5. Related Works

In [1], the authors focused on acoustic wave propagation
equations, choosing the optimization techniques from sys-
tematically tuning the algorithm. The usage of collaborative
thread blocking, cache blocking, register re-use, vectoriza-
tion and loop redistribution.

Other works investigated the accuracy of regres-
sion models and ML algorithms in different contexts.
In [16] the authors compared ML algorithms for char-
acterizing the shared L2 cache behavior of programs on
multi-core processors. The results showed that regres-
sion models trained on a given L2 cache architecture
are reasonably transferable to other L2 cache architec-
tures.

Finally, in [11] the authors applied ML techniques to
explore stencil configurations (code transformations, com-
piler flags, architectural features and optimization param-
eters). Their approach is able to select a suitable configu-
ration that gives the best execution time and energy con-
sumption. In [8], the authors improved performance of sten-
cil computations by using a model based on cache misses.
In [13], the authors proposed a ML model to predict perfor-
mance of stencil computations on multicore architectures.



6. Conclusion

In this paper, we introduced a general predictive per-
formance modeling strategy for geophysical numerical ker-
nel on multi and many-core architectures. We showed that
performance of the common numerical kernels can be pre-
dicted with a high accuracy (99%) based on hardware coun-
ters and Machine Learning.

Firstly, we expect to extend our methodology in order to
capture complex behaviors (vectorization capabilities, data
mapping). Secondly, we intend to design a model based on
unsupervised ML algorithms to further improve our results.

Finally, we believe that a general model can be integrated
into an auto-tuning framework to find the best performance
configuration for a given stencil kernel.
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