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Abstract—Performance models help us to understand how
HPC applications scale, which is crucial for efficiently utilizing
HPC resources. They describe the performance (e.g., runtime) as
a function of one or more execution parameters (e.g., problem
size and the degree of parallelism). Creating one manually for a
given program is challenging and time-consuming. Automatically
learning a model from performance data is a viable alternative,
but potentially resource-intensive. Extra-P is a tool that imple-
ments this approach. The user begins by selecting values for
each parameter. Each combination of values defines a possible
measurement point. The choice of measurement points affects
the quality and cost of the resulting models, creating a complex
optimization problem. A naive approach takes measurements for
all possible measurement points, the number of which grows
exponentially with the number of parameters. In our earlier
work, we demonstrated that a quasi-linear number of points
is sufficient and that prioritizing the least expensive points
is a generic strategy with a good trade-off between cost and
quality. Here, we present an improved selection strategy based on
Gaussian process regression (GPR) that selects points individually
for each modeling task. In our synthetic evaluation, which was
based on tens of thousands of artificially generated functions,
the naive approach achieved 66% accuracy with two model
parameters and 5% artificial noise. At only 10% of the naive
approach’s cost, the generic approach already achieved 47.3%
accuracy, while the GPR-based approach achieved even 77.8%
accuracy. Similar improvements were observed in experiments
involving different numbers of model parameters and noise levels,
as well as in case studies with realistic applications.

Index Terms—Performance analysis, performance modeling,
high-performance computing, parallel processing, reinforcement
learning, Gaussian process regression.

I. INTRODUCTION

HE design and development of high-performance com-

puting (HPC) applications represent a complex and costly
endeavor. To achieve optimal performance on today’s large-
scale machines, sophisticated parallelization strategies, mem-
ory management techniques, and efficient utilization of com-
putational resources are required, necessitating a continuous
focus on performance analysis. In this process, performance
models can be beneficial because they facilitate performance
assessments across a vast space of execution configurations.
One example of such a model is the expression of the applica-
tion’s execution time as a function of the number of processes
and the input problem size. However, deriving such models
analytically is complex and error-prone [1], [2]. Empirical
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performance models, by contrast, can be automatically derived
from performance measurements without expert knowledge
or manual analysis. They are effective for identifying scal-
ing bottlenecks in complex codes and making performance
predictions with practical accuracy [3], [4].

Extra-P [5] is an empirical modeling tool that uses a set
of small-scale experiments to derive performance models for
individual functions of a parallel program. In general, the
experiment design, the chosen set of execution configurations
for measuring performance, determines the resulting models’
quality and cost. Therefore, the selection of the execution
configurations, or measurement points, iS an optimization
problem where the search space is defined by the parameters
of the execution configuration (e.g., process count and input
problem size) and the range of values they can assume. This
search space can contain thousands of potential measurement
points depending on the number of model parameters. Al-
though each point entails a specific cost and potential accuracy
gain, understanding their interaction is crucial to selecting an
optimal set that balances cost and model accuracy.

Besides the costs of conducting a performance measure-
ment, one must also consider the effects of system noise on
the measurements. For example, concurrently running jobs,
network bandwidth limitations, or OS noise can significantly
alter performance measurements. Especially runtime, a key
performance metric, may vary substantially even between runs
with the same execution configuration. To counter noise, the
developers of Extra-P recommend repeating each experiment
up to five times [6]. Subsequently, Extra-P uses the median of
the measured metrics’ values to create performance models.
The number of repetitions per measurement point introduces
another variable into the optimization problem, increasing the
search space even further. On a system with minimal run-
to-run variation, one might want to repeat each measurement
only twice or not at all, whereas, in high-noise-level scenarios,
more repetitions of existing measurement points might be
advantageous over unseen points.

The current version of Extra-P employs a generic experi-
ment design strategy that prioritizes cost-effectiveness, select-
ing the least expensive execution configurations for modeling,
which we call cheapest points first (CPF) [6]. Additionally,
each performance experiment is repeated five times to address
run-to-run variation. However, the current generic strategy
is too rigid to achieve optimal results. It neither trades off
the cost with a sample’s value nor adjusts the number of
repetitions to the actual noise level. For example, how ex-
pensive an “expensive” measurement point is depends on the
application being modeled. Moreover, the noise level can vary
significantly between systems. Therefore, a more intelligent
sample selection strategy is needed that exploits application-
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and system-specific properties.

This paper proposes a novel measurement-point selection
strategy based on Gaussian process regression (GPR). Con-
sidering variables such as the noise level and the possible
parameter value ranges, the GPR-based strategy selects exe-
cution configurations to achieve an optimal trade-off between
model accuracy and cost for a given modeling task and
budget. The new approach replaces the generic cheapest-
points-first heuristic [6]. Like the previous strategy, it starts
with a predefined minimum configuration but then selects
additional points and their repetitions individually for each
modeling task. The selection is controlled by a feedback
loop considering several problem-specific factors, including
the uncertainty left by points already seen and the noise level.
Compared to the CPF experiment design strategy, it improves
the average model accuracy by up to 64.29% using the same
modeling budget. It also outperforms four other strategies that
we included in our evaluation.

The remainder of the paper is organized as follows. After
introducing Extra-P in Section II, we outline our novel experi-
ment design approach in Section III. In Section IV, we conduct
a synthetic evaluation to compare the model accuracy and cost
of the new GPR-based experiment design technique with the
previous generic strategy. We then present six application case
studies in Section V, highlighting the advantages of the GPR
approach. Finally, we discuss related work in Section VI and
provide a conclusion in Section VII.

II. BACKGROUND

Performance models, such as the ones created by Extra-P,
are mathematical functions that describe how the performance
of a program, expressed in terms of a metric (e.g., execu-
tion time), changes as execution parameters (e.g., number of
processes) vary. We obtain an empirical data set to learn an
application performance model by conducting a series of per-
formance experiments with different configuration parameters.
The performance measurements in this set reflect the changes
in application performance as configuration parameters x; are
modified, where ¢ is the parameter index, such that Extra-P
can discover the underlying function and automatically create
a performance model. Furthermore, each of these experiments
represents a specific execution configuration defined by a
distinct combination of execution parameter values, which we
refer to as measurement point. For clarity, Table I summarizes
the mathematical notation used throughout this paper.

We define a measurement point P(x1,2s2,...,2;) as a
unique configuration of the application’s execution parameters
x;, where m is the number of parameters considered for
modeling, e.g. m = 2 for the following example. The nota-
tion x; = {4,8,16,32,64,...} represents a set of possible
parameter values for z;, while P(x;) represents a set of
measurement points: P(4), P(8), P(16), P(32), P(64). To
derive the measurement points, we use the Cartesian product
of the parameter-value sets x; so that x; X X X --- X
P(x1,X2,...,%;). In this process, we create pairs,
combining each element from set x; with every element
from set xo. We then combine each resulting pair with every

X; =

TABLE I
LIST OF MATHEMATICAL NOTATIONS.

Symbol Definition

x; Model parameter with index ¢

Xi, Xiq Set of parameter values for z; (modeling and evaluation)
P, Py Measurement point, evaluation point

P, P, Set of measurement, evaluation points

m Number of model parameters

ks Bry PMNF function term exponents

A, B Exponent sets for the PMNF

Ck PMNF function term coefficients

€ Additional points used by the sparse modeler
ny Batch size of newly attained points for modeling
A Termination criterion for selection strategies

lbi, ub; Model parameter lower and upper bounds
Gi(z;) Application-specific constraint predicates

Amf Step size between successive parameter values

S Measurement point selection search space

Cu Objective function of the optimization problem
A Achieved model accuracy

C Cost of a set of measurement points

Wea, We, Wy, Wy Weight factors for accuracy, cost, noise, repetitions
f Mean function of the Gaussian process (GP)

GP covariance functions (Matérn, White kernel)
Normal distribution of the GP
Gaussian process evaluated at point ¢
t Measurement point P(z;) in S
Euclidean distance between two points
Length scale of the GP

Modified Bessel function of order v
Gamma function evaluated for v
Function smoothness

Noise level found in the measurements
Number of repetitions of a point P

B Modeling budget

KMatérns Kwhite

element from the next set x;. We repeat this process m — 1
times. Consequently, a set of measurement points with two
parameters is noted as P(x;,x2). For example, x; = {4, 8}
and xo = {32,64} would result in the points P(x;,x2) =
P(4,32),P(4,64), P(8,32), P(8,64).

To obtain such a set of measurement points, we vary the
application’s configuration parameters, e.g., the number of
processes x; = {4,8,16,32,64,...}, or the problem size
xo = {10,20,30,40,50,...}. Once the experiments for a
sufficiently large set of measurement points have been ob-
tained, Extra-P automatically creates a performance model.
It makes a separate model for each instrumented application
kernel so that scaling issues can be precisely pinpointed to
locations in the source code. To create performance models,
Extra-P uses the performance model normal form (PMNF) in
Equation 1 [7]. It describes the effects of multiple parameters
x; on performance as a sum of terms consisting of products
of polynomial and logarithmic expressions. To create a perfor-
mance model, a search space of possible model hypotheses is
generated by instantiating Equation 1 with different exponents
aky, Br; chosen from the sets A = {0,0.5,1,1.5,2,...}
and B = {0,1,2,...}, respectively. The sets A and B are
predefined but can be adjusted by the user depending on their
modeling requirements. For example, one might want to use
negative exponents or prohibit using logarithmic terms. We
then calculate the coefficients ¢y, of the hypothesis using linear
regression. Finally, the best model is identified using cross-
validation, choosing the hypothesis with the smallest symmet-
ric mean absolute percentage error (SMAPE). For an in-depth
explanation of the modeling process, please see Calotoiu et
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Fig. 1. Tllustration of the matrix of measurement points for 2-parameter

analysis. The filled black circles represent a set of measurements that would
be sufficient to generate a single-parameter model for how the number of
processes affects performance. The gray squares are an example of a subset
of points that is sufficient to create a performance model for how z2 affects
performance. The blue diamond represents an extra point that would be used
by the CPF strategy to increase model accuracy, whereas the red triangles
could be points chosen by the GPR strategy.

al. [7]. Note that the PNMF produces monotonically increasing
functions, particularly for weak-style scaling. For strong-style
scaling, the modeling problem can be easily adapted to match
the PNMF, for example, by modeling resource consumption
(e.g., core hours) instead of wall-clock time.

h i
f(xl,...,a:i):ch-Hxla’” logh* () (1)
=1

k=1

The choice of measurement points determines the extrapo-
lation accuracy of the resulting models. The first version of
Extra-P required performance measurements of five unique
values per model parameter and all their combinations. Thus,
it requires an m-dimensional dense matrix of measurement
points — with a total of 5 elements [7]. Because every
experiment had to be repeated five times to account for run-to-
run variation, an educated guess based on anecdotal evidence,
the total number of experiments was 5("+1),

Introducing a new, more cost-efficient measurement-point
selection strategy reduced the number of measurement points
to roughly 5 - m [6]. To set it apart from the previously
used dense matrix of measurement points, we coined the
overarching term sparse modeling for this strategy. Instead of
measuring every combination of the five values per parameter,
a minimum of five different points per parameter had to be
obtained. Those five points varied only a single parameter
and kept all others constant — to save cost at their lowest
possible values. These correspond to the leftmost column and
lowest row in Figure 1. This is enough to create separate
models for each parameter. Then, a few extra points had to be
collected to establish the relationship among those parameters
and improve the accuracy of the resulting multi-parameter
models. Including repeated experiments, the total number of
experiments dropped from 5(™*1) to 5. (m 4+ 1) + 5 - € with
€ being the number of extra points, again including the five
repetitions per point.

The freedom in selecting the extra points beyond the initial
column and row in Figure 1 poses a discrete optimization
problem, where the search space is defined by the model

Measure one
additional point
per parameter x;

Measure min. points Create initial
required for modeling performance model
Create performance Measure the n;,
model with next cheapest
additional points points if affordable Yes

Compare new with
previous model

Budget
available?

lNo

No N
Final performance
model

Fig. 2. The measurement-point selection process of the CPF strategy.

Model
accuracy
improved?

Yes 1

parameters x; and their possible values. To find an efficient
strategy for selecting the additional measurement points that
represent the optimal trade-off between retaining model ac-
curacy and reducing the overall modeling cost, we trained
an artificial agent on the task of parameter-value selection.
We created a training environment that simulates the task of
measurement-point selection as a Markov decision process
and uses a reward function that weighs the achieved model
accuracy against the cost, which is then presented as a re-
inforcement signal to the agent. We defined accuracy as the
model’s extrapolation accuracy at a point outside the scale
used for modeling. We defined cost as the total number of
core hours needed to run a performance experiment for a
specific measurement point. Consequently, the cost for each
measurement point is different. To quantify the improvement
compared to the dense-matrix approach, we compared the cost
of the full matrix of points, which we assume to be 100%,
with the cost of the points selected by the artificial agent in
percent. We trained the agent using hundreds of thousands
of synthetically generated performance functions, considering
different types of modeling problems, numbers of parameters,
parameter-value series, and different amounts of artificially
induced noise. As a result of our training efforts, the agent
learned a generic strategy that effectively reduces the modeling
cost while retaining accuracy.

Observing the trained agent, we derived a generic measure-
ment point selection heuristic, the cheapest-points-first (CPF)
strategy. The CPF strategy can be broken down into a nine-step
process outlined in Figure 2. First, each model parameter’s
five cheapest available measurement points are measured,
where all other parameters’ values remain constant. In a two-
parameter scenario, this corresponds to the column and row
highlighted in Figure 1. To counter the effects of system
noise, we repeat the measurements for each point five times.
Second, we measure one additional point per model parameter
outside these series (including five repetitions), choosing the
cheapest available points. Once the data specified above has
been acquired, Extra-P creates an initial performance model.
If the compute budget is exhausted, the final model has been
found. If not, we measure n; more points, always choosing
the next cheapest point (including their repetitions) as long
as we can afford to continue. Remember that because of the
monotonically increasing nature of PMNF functions; measure-
ment points are cheaper the closer they are to the lower left
corner of the matrix in Figure 1. We acquire new points in
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batches of size n; to reduce queue time. Otherwise, we would
collect them one by one, which would lead to the best results.
Using these additional points, we create a new performance
model and compare how well the new model fits the measured
data compared to the previous edition using the symmetric
mean absolute percentage error (SMAPE). If we do not see an
improvement for A iterations of adding more points, we have
found the final model. However, if we see an improvement,
we keep collecting further points until we either run out of
budget or decide to stop. Finally, a more thorough quantitative
analysis suggested reducing the repetitions needed to counter
system noise from five to four, as the fifth repetition provided
only marginal benefits.

With the CPF strategy, in our synthetic evaluation consid-
ering two model parameters and +5% of artificially induced
noise, we found that using only 10% of the modeling budget
results in a 9.6% loss in accuracy relative to the dense
approach. Other budget levels (e.g., 20%) and experiments
with different numbers of model parameters yielded similar
trade-offs. For an in-depth description of this strategy and its
results, the reader may refer to Ritter et al. [6].

III. APPROACH

The following Section introduces our novel GPR-based
measurement point selection strategy. First, we outline the
optimization problem, its decision variables, the search space,
and the objective function. We then provide a detailed de-
scription of using Gaussian progress regression to identify an
optimal set of points for a specific modeling task.

A. Optimizing measurement point selection

Identifying an optimal set of measurement points for a
specific modeling task to maximize model accuracy while
reducing cost and ensuring noise resilience is a classical
optimization problem. The decision variables of the problem
are the applications’ configuration parameters, i.e., the model
parameters x;. Many commonly modeled application param-
eters, such as the number of processes or the input problem
size, can only take specific values and are thus discrete. The
problem’s search space is an n-dimensional space of potential
measurement points. The size of the search space and its
dimensionality are defined by the number of model parameters
m and their value ranges. Since the model parameters are
discrete, the measurement points derived from them and the
optimization problem are also discrete. The value range of a
parameter 1, e.g., the number of processes, is defined by its
lower bound [b; and upper bound wb;, which are determined
by factors such as the used system, hardware, application, and
the available modeling budget. For example, it might not make
sense to analyze the performance of an application using less
than 32 processes [b; = 32. Conversely, runs with more than
1,024 processes (ub; = 1,024) are not possible due to the
evaluation system’s size limitations.

Furthermore, application-specific constraint predicates
G;(x;) may narrow the choices for the values of a particular
model parameter x;. LULESH [8], a shock hydrodynamics
code, for example, accepts only cubic integer values such

as xp = {23,33,4%35% ... p3} as input for the number
of processes. In this case, we introduce a constraint
Gi(z1) : 1 = p} where p € Z and k is the index of the
value within this parameter-value series. We then divide the
range defined by the parameters bounds Ib; < z; < ub;
into intervals of size Ax¥. The step size Az¥ represents
the interval between consecutive (discrete) values that
x; can assume and may vary depending on the defined
constraints G;(x;). For our LULESH example, we discretize
the range [32,1024] into intervals of size Az} = p} | — p},
where pp+1 is the value following p,. Consequently,
x; = {64,125,216,343,512,729,1000} is the set of discrete
parameter values x; can take. Of course, this process needs
to be repeated for each model parameter.

Based on these definitions, we can define the search
space of the optimization problem as shown in Equa-
tion 2. Considering only two model parameters, the num-
ber of processes x; and the problem size xo, the search
space for LULESH can be described as outlined in Equa-
tion 3. Using the parameter-value series x; and X, =
{10, 20, 30, 40, 50, 60, 70, 80,90, 100}, we can determine the
potential measurement points in S one can choose, e.g.,
P(x1,x2) = {P(64,10), P(64,20), P(125,10),... }.

S: {(xl,xg,...,xi) |lb, Sﬂl‘i Subi, Gz(xz)} (2)
S = {(xl,LUQ) | 32 < 1 < 10247
10 < 29 <100,
Gi(z1) 121 =p} ApEZ,
Ga(x2) : 2 mod 10 = 0}

3)

Cow(P(x1,%x2,...,%X;)) =we - A—w,-C 4)

Next, we define the objective function of the optimiza-
tion problem. Our objective function, which is outlined in
Equation 4, is a reward function that weighs the achieved
model accuracy A of an arbitrary set of measurement points
P(x1,X2,...,%;) against their cost C. We define model
accuracy as a measure of how well the created model fits
the training data set. Therefore, we use the SMAPE metric
introduced in Section II, which considers the model’s error
and how many variables were used to achieve this error. This
definition of model accuracy is different from the one that we
introduced in Section II and the one that we use for the evalua-
tion of the GPR approach in Sections IV and V. It is important
to note the difference between these metrics, as one of them,
the extrapolation accuracy, is used to quantify the quality of
the created models, and the other is used as a criterion for the
measurement point selection. This differentiation is necessary,
as we can not use unseen points for the selection process.
We define the cost of a measurement point P(x;) as the
number of core hours required to perform this configuration’s
performance measurement. The number of core hours can be
calculated by multiplying the number of used cores with the
measured application runtime. We assume that applications
use frameworks such as OpenMP for threading and MPI for
message passing to utilize the available parallelism.
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Following this principle, we can maximize model accuracy
while minimizing cost. Since we optimize two objectives
simultaneously, this leads to a trade-off known as Pareto
efficiency [9]. Pareto efficiency is achieved if improving upon
one objective can only be accomplished at the expense of
another. We explore all Pareto-optimal solutions in the given
search space to identify the most suitable trade-off between
accuracy and cost. Furthermore, by changing the values of w,
and w,, one can adjust the trade-off between accuracy and cost
and thus decide which Pareto-optimal solution is preferred for
a specific modeling problem and available budget [10].

B. Gaussian process regression as a guide

While the CPF strategy drastically reduces the average
modeling cost, we have observed that its generic applicability
comes at the expense of finding only suboptimal solutions for
specific modeling problems. This is due to its disregard for
previously measured application configurations and the quality
of the resulting models. We employ GPR to select measure-
ment points to solve this problem and identify an optimal set
of experiment configurations for a specific modeling problem.

GPR is a non-parametric Bayesian approach to regression
that is frequently applied in machine learning. It takes a set
of hyperparameters and measurements as input and returns
a Gaussian process (GP). The generated GP consists of a
mean function f and a covariance function k, often called
a kernel. Together, they define a normal distribution N(f, k)
at every point ¢ such that GP(t) = N(f(t),k(¢,t")) [11]. In
our case, ¢ is a measurement point P(zx;) in the search space
S. The mean function can be interpreted as the most likely
solution to the given problem, and the covariance function as
the probabilistic range, where the solution most probably is,
given the hyperparameter-defined assumptions.

Compared to other machine learning methods, GPR has a
few significant benefits, which is why it is better suited for
optimizing the process of measurement point selection. First,
it works very well on small data sets. Other methods, such
as deep neural networks (DNNSs), require much larger training
data sets to produce accurate predictions. Second, Gaussian
processes work very well when dealing with noisy data, irreg-
ularly spaced observations, and situations where uncertainty
estimation is essential. System noise will always influence
the data obtained from empirical performance measurements.
Thus, it is crucial to model this noise as a component of the
created performance model. Even though the intervals for the
measurement point selection are fixed because the search space
is discrete, we have to deal with data gaps between successive
observations and variable sampling frequencies, resulting in
an uneven distribution of training data points.

Furthermore, a GP provides an interpretable model by
providing a measure of uncertainty for its predictions, i.e.,
a probability distribution indicating how likely a particular
prediction is close to the ground truth. The covariance function
encodes the assumption that we can learn the underlying
function by defining the similarity of two points, assuming
that similar points should have similar target (metric) values.
Therefore, the probability values of the covariance function

can be used to investigate which measurement points will
lead to improved model accuracy by analyzing the target
values of already measured similar points. Finally, GPs require
fewer computational resources than decision trees, random
forests, or DNNs. Even though GPR could be used as a
modeling technique by creating a performance model from
the Gaussian processes mean function, our evaluation showed
that it provides less accurate results than Extra-P’s standard
modeling approach. Therefore, it is not viable as a modeling
approach for performance and scalability analysis.

The idea behind using GPR to guide measurement point
selection is to estimate the expected gain in model accuracy
by adding a not yet measured application configuration to
the set of available modeling data. Using the set of available
measurements, one can generate a Gaussian process and
identify the maxima in its covariance function, thus identifying
the best additional measurement points at the current point in
time. Our approach uses a stationary Matérn Kygaem CcOvariance
function [11]. The Matérn kernel is a stationary covariance
function and a generalization of the radial basis function (RBF)
kernel. When choosing the kernel for our GPR approach, we
considered several factors, such as smoothness, periodicity,
trends, and noise levels. Some types of covariance functions,
e.g., periodic or exponential ones, are unsuitable for our
use case, as we do not expect any periodic or exponential
performance behavior. After evaluating various covariance
functions, we selected the Matérn kernel due to its superior
performance and suitability for modeling smooth functions
with gradual slope changes, as the parameter v can control
its degree of smoothness.

Equation 5 shows the Matérn kernel, where d(-,-) is the
Euclidean distance between two inputs, i.e., measurement
points. ¢ is the characteristic length-scale of the process,
expressing how close two points P(z;) and P(z;)" have to
be to influence each other significantly and must be ¢ > 0.
k, is the modified Bessel function of order v and I'(v) is the
gamma function evaluated for v. The parameter v controls the
smoothness of the resulting function. For v — oo, the Matérn
kernel converges to the RBF kernel. For our analysis, we used
v = 1.5, a scalar value for the length scale of ¢ = 1.0, and
the length scale bounds ¢4, = le—5, £y, = 1eb.

Buaem(P(20), P(3:)) = (LZ2d(P(a:), P(z:)) )
1

S b (FAPE). PE)))©)

otherwise

Fwniee(P(:), P()') = { 0 (©)

In addition, we use the white kernel in Equation 6 to
explain the noise of the signal where n is the mean noise level
found in the measurements. Tuning this parameter corresponds
to estimating the system noise level. Finally, we sum the
Matérn and the white kernel to obtain our covariance function
E(P(x;), P(x;)") = kMatém + Fwhite-

However, before we can make any prediction, we have to
train the GP. The more training data, the better its predictions
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will be. The requirement for training data aligns well with
Extra-P’s sparse modeling approach, which mandates at least
five distinct values per model parameter while keeping all
other parameters fixed, as illustrated in Figure 1. Therefore, we
measure the cheapest available application configurations that
satisfy the sparse modelers’ modeling requirements to obtain
the necessary training data for the GP. We suggest repeating
each of these configurations so that our approach can estimate
the noise level on the measurements and model it using the
white kernel. If these repetitions are not available, the initial
points suggested will correspond to those repetitions.

In contrast to the CPF strategy, the GPR approach also
considers the number of repetitions of a measurement point.
Thus, it will suggest a specific measurement point, including
the repetition number. This increases the search space even
further but enables the GPR method to reason whether it is
better to measure an unseen measurement point or repeat the
measurement of an already measured point. More repetitions
are not always beneficial and can sometimes even reduce
model accuracy. Furthermore, providing the GPR strategy with
this freedom enables better use of the available budget.

Col(Play)) = — L)
v ’ kMalérn(P(xi)7 P(xi)l)z " Wq,

To identify the best additional measurement points, we use
the function in Equation 7 to rate and rank all remaining points
in the search space (including their repetitions) by calculating
their weighted cost. Equation 7 is the practical adaptation
of the objective function introduced in Section III-A, which
weighs the achieved model accuracy of a set of measurement
points P(x1,x2,...,X;) against their cost. Using the weight
factors w,. and w,, we can adjust which Pareto-optimal so-
lution we choose based on the modeling problem, available
budget, and other requirements.

The function defines the weighted cost Cy,(P(z;)) of a
measurement point P(z;), where C'(P(x;)) is the point’s cost
in core hours and w, the weight factor. The lower the cost,
the better the measurement point. Of course, we do not know
in advance the exact cost of a measurement point that has yet
to be executed. However, we can predict the expected cost
using a performance model created by Extra-P that describes
the runtime of the application as a function of the model
parameters. After predicting the runtime for the measurement
point, we multiply it by the number of processes used to
calculate the core hours. We create this model using the same
set of measurement points we used to train the GP. To predict
the cost of a measurement point as accurately as possible,
every time the GPR strategy selects a new point that does
not exhaust the available modeling budget, we add this point
to the training data set, retrain the GPR, and create a new
performance model.

kmaterm (P(x;), P(xz;)") is the covariance function of the
Gaussian process for the points P(x;) and P(z;)’, where
k(z) = k(z,z = y) and w, is the weight factor for the
model accuracy. By predicting the covariance of the predictive
distribution, we obtain a probabilistic value that describes
the covariability of a potential additional measurement point
and those that have already been measured. This information

)

( )

Measure min. (" Measure one ) Estimate
points required additional point noise level in
for modeling | per parameter x; | \_measurements )
= }
(" Create initial Train GPR
performance with acquired
L model ) \_measurements )
y Yes
Ratt-? f_ill (Measure the np, ) (" Create new
_remaining best rated points performance
points using GPR \__if affordable  J L mcldel )
Yes Model Compare ;
accuracy new with wﬁr? t::zl\?v Ggrl?ts
improved? previous model P
- "
Final
—>| performance
model

Fig. 3. The measurement point selection process of the GPR strategy.

enables us to quantify the possible improvement in model
accuracy for each measurement point in the search space.

To reason about the trade-off between measuring new points
and repeating the measurement for an already seen point, we
use the weight function in Equation 8. First, we calculate a
weight factor w,, for the mean percentage noise level found in
the measurements n. Second, we calculate a weight factor w,
considering the number of repetitions r of a point P(z;) that
have already been measured. We set the following bounds for
their values 0 < n < 100 and 1 < r < 10. Finally, we sum
both values to obtain the weight factor for the measurement
point cost w,. The weight function w, is optimized to prioritize
new points at low noise levels, as repeated measurements
offer little value when variation is slight. At high noise levels,
repetitions are preferred to mitigate the effects of noise.

Wy, = —tanh(i -n— g)
w, = 2273 8)
We = Wy, + Wy

Based on these definitions, we define the measurement se-
lection process of the GPR strategy as outlined in the flowchart
in Figure 3. First, the five cheapest available measurement
points for each model parameter are measured, where all other
parameters’ values remain constant, as illustrated in Figure 1.
Second, we measure one additional measurement point per
model parameter that is not part of these series and uses a
different parameter-value combination. For these additional
points, we also choose the cheapest available measurement
points. To enable an analysis of the system noise, we repeat
each of these measurements twice. Third, we estimate the
average noise level in our measurements by analyzing the
divergence from the arithmetic mean metric value in percent.
Next, we use the acquired measurements to train the GPR.
We then let Extra-P create an initial performance model. Once
the budget is exhausted, we will reach our final performance
model. If there is still budget left, we use GPR to rate all
remaining (not yet measured points) in the search space. We
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then measure the n; best-rated measurement points. While
measuring several new points at once may reduce accumulated
queue-waiting times for our experiments, the full potential of
the GPR method is only achieved when adding points one by
one. Subsequently, we use the new measurements to retrain
the GPR and create a new performance model. Finally, we
compare the accuracy of the new and the old models, checking
how well each model fits the conducted performance measure-
ments. For this purpose, we use the SMAPE metric introduced
in Section II. If there is an improvement in model accuracy,
we go back and identify additional points if there is still
some budget left. However, if there has been no improvement
in model accuracy for A iterations of adding more points,
we found our final model. The user can adjust the value of
A depending on the available budget and complexity of the
modeling task. For modeling problems with two parameters,
e.g., we use A = 3 as a standard value.

IV. SYNTHETIC EVALUATION

To assess the effectiveness of our novel GPR-based mea-
surement point selection strategy, we performed an exten-
sive synthetic analysis, comparing its model accuracy, budget
efficiency, and robustness to noise against six alternative
strategies: using a complete matrix of measurement points, the
currently used CPF strategy, a hybrid method, random search,
grid search, and a Bayesian optimization approach.

A. Evaluation methodology

For our synthetic data evaluation, we generate artificial
performance functions considering different numbers of model
parameters m = {2,3,4}, amounts of artificially induced
noise n = {x1%, 2%, +%5, £10%}, and error intervals
[a,0], where a = {—5%,—10%, —15%,—20%} and b =
{5%,10%, 15%, 20%}, for the extrapolation accuracy at the
evaluation point P,. For each value of m, we generated a
set of 100,000 artificial performance functions to evaluate
the measurement point selection strategies proposed in this
paper. We then created a set of artificial measurements for
each function using different sets of parameter value series to
simulate various modeling problems and application param-
eters. Parameter value series that we used for measurement
creation are, for example, x; = {32, 64, 128,256,512}, x5 =
{2,4,6,8,10}, or x3 = {1000,2 000, 3000, 4 000,5000}.
Using these parameter-value series, we generate a search space
of measurement points S = P(xy,Xs,...,x;) and create
ten synthetic repetitions » = 10 for each point by inducing
random amounts of artificial noise within a predefined range,
e.g., n = £1%. Since one can not assume that the noise
present in an HPC system is exclusively normally distributed,
we use a mixed distribution, a combination of Gaussian,
uniform, exponential, and Poisson noise components, to create
a realistic noise level for our synthetic measurements.

To evaluate the accuracy of a generated performance model,
we assess its extrapolation accuracy at an evaluation point Py,
a measurement point that has not been used for creating the
performance model. To create the evaluation point P,, we
extended each of the above parameter-value series by adding

one parameter value, indicated by the subscript plus sign, e.g.,
z1, = 1024, x>, = 12, and z3, = 6000, that is only
used for the evaluation of the created performance models,
e.g., resulting the in the evaluation point Py (21,22, ,23,) =
P,(1024,12,6000). We calculate the extrapolation accuracy
by comparing the predicted runtime value of the created model
for the evaluation point with the generated ground truth value
of the synthetic performance function. We then calculate the
percentage error and check whether this error lies within a
specific error interval [a, b], e.g., [—5,5] = +5% at P,. If this
is the case, we count the model as accurate. The evaluation
figures show the percentage of accurate models within the
given error interval [a, b] for P.. Consider that this definition
of model accuracy differs from the one used as a selection
criterion for the measurement point selection by the CPF and
GPR strategy (see Section III-A). Unseen points can be used
to evaluate the extrapolation accuracy of the models, but not
for selecting measurement points.

For the model cost, we use the definition previously in-
troduced in Section III-A. Briefly, we define the cost of a
measurement point as the number of core hours needed to
conduct the runtime measurement for a given configuration.
To compare the modeling cost of different measurement point
selection strategies, we assess the model cost as the percentage
of the total core hours required to measure all points in the
search space—the full matrix of measurement points shown
in Figure 1—with each point repeated five times.

To ensure the reproducibility of our results, we provide the
software artifacts used for the evaluation, including Extra-
P! and pyCubexR? in Zenodo. Additionally, we have made
an extended evaluation available in a GitHub repository?
including the results and figures from our experiments and
detailed instructions for recreating them.

B. Evaluated measurement point selection strategies

Below, we briefly introduce the selection strategies used
in our synthetic evaluation that have not yet been described.
The hybrid strategy combines the CPF and GPR-based
approaches to mitigate the GPR method’s need for sufficient
initial training data. It begins with CPF to collect a baseline
set of points, then switches to GPR for improved selection.
The switching point—dependent on factors like search space
size—must be determined by an expert. Beyond this transition,
both strategies are used as previously described. The random
strategy performs a random search, selecting one point per
iteration and taking a single measurement. If a point is selected
again, repetitions are added sequentially until the maximum
is reached. Unlike CPF, it allows individual repetition se-
lection. The grid strategy performs a classical grid search
by evaluating all possible measurement point combinations
within the budget to find the most accurate model. Like
the random strategy, it allows individual selection of point
repetitions. The Bayesian strategy uses Bayesian optimization
with a GP surrogate, identical to that of the GPR strategy,

!Extra-P: https://doi.org/10.5281/zenodo.10086772
2pyCubexR: https://doi.org/10.5281/zenodo.10092353
3Extended evaluation: https:/github.com/extra-p/extrap-gpr
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Fig. 4. The core measurement point selection procedure used by each strategy
in our synthetic evaluation (excluding the full-matrix approach). Step three is
a modular component that varies by strategy.
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to model prediction accuracy across the search space. We
apply expected improvement (EI) as the acquisition function
to balance exploration and exploitation. Based on EI, the next
sampling point is chosen and added if the budget allows it,
and the GP model is updated accordingly.

All selection strategies, except the full-matrix approach,
start from a shared baseline of measurement points: 9 for two-,
13 for three-, and 17 for four-parameter models, based on prior
work [6] identifying these as cost-effective for initial modeling
with Extra-P. From this baseline, each strategy iteratively
selects additional points using a unified procedure (Figure 4).
A model is first built from the baseline. Each strategy then
proposes a new point based on current measurements and
remaining candidates. If the point fits the budget, it is mea-
sured and added; otherwise, the evaluation ends. The model
is updated after each new point, and this loop continues until
the budget is depleted.

C. Synthetic evaluation results

Figure 5 compares the achieved model accuracy of the
evaluated measurement point selection strategies. For two-
parameter models (top row), the GPR strategy outperforms the
CPF, random, and grid strategies at low and high noise levels,
significantly improving model accuracy by up to 30.36%
compared to CPF, while using only 11% of the available
modeling budget. We see similar results for n = +£2%
with a maximum improvement in model accuracy of 30.17 %
compared to CPF for B = 11%. Thus, for low noise levels
n = £1% and n = +2%, the GPR strategy achieves almost
the same accuracy as the full matrix of points, requiring only
a tenth (= 10%) of the whole modeling budget. The CPF
strategy needs twice the budget (=~ 20%) to achieve the same
result. Furthermore, the results of the modeler using the whole
matrix of points compared to the CPF and GPR strategy
in Figure 5 indicate that for higher noise levels n > +5%
more points, i.e., a larger modeling budget, are less beneficial.
Moreover, a full matrix of points is unnecessary and can
sometimes lead to less accurate models. Where the modeler
using the whole matrix of measurement points reaches only
an accuracy of 66.01% for n = +5%, the CPF and GPR
strategy achieve 83.02% (B = 51%) and 84.09% (B = 41%),
respectively. For higher noise levels, this effect is even more
pronounced. Consequently, we conclude that as we collect
more data, especially if these data points are noisy, i.e., not

representative of the actual underlying performance behavior,
the overall noise level of the training dataset will increase.
Thus, it becomes harder for the model to learn meaningful
patterns, degrading its extrapolation accuracy.

Another problem is overfitting on data subsets. The more
data we obtain, particularly if this data includes subgroups
or outliers, likely due to system noise, our model can be-
come overly complex and capture patterns specific to those
subgroups rather than generalizable trends. However, as the
results in Figure 5 show, these problems are much less of
an issue when using our new GPR strategy. Using only 10%
of the available modeling budget, the GPR approach performs
30.58% better than the CPF strategy for n = £5% and 27.6 %
better for n = +£10%.

The grid sampling strategy consistently exhibits the weakest
performance in our experiments, falling short of the CPF
strategy across the entire budget range and for all noise levels
when modeling two parameters. While the random strategy
comes close to CPF for two parameters and lower noise
levels, it is inferior for three parameters and higher noise
levels and becomes erratic for four parameters. In contrast, the
hybrid and Bayesian strategies performed comparably to the
GPR approach under low-noise conditions but never surpassed
their performance. Under higher noise levels—particularly at
n = +10%—the Bayesian strategy briefly outperforms the
GPR approach within narrow budget intervals (B = 1-2%
and B = 10-11%). However, its performance later declines,
sometimes falling below the random strategy’s, whereas the
GPR strategy remains more consistent and reliable across
noise levels and budget constraints.

Note that the drop in the percentage of accurate models
does not contradict the termination criterion Model accuracy
improved? of the measurement-point selection process in Fig-
ures 2 and 3. While a suggested point might improve the
model’s accuracy on the training dataset, its influence on the
model’s extrapolation accuracy is unknown.

For three-parameter models (middle row), we see similar
results. The GPR strategy again performs significantly better
than the CPF strategy over the entire modeling budget range
B, independent of the amount of artificially induced noise.
For low noise levels, the GPR strategy needs only a twentieth
of the whole modeling budget to achieve the same accuracy
as the modeler using the full matrix of points. Even at high
noise levels, the GPR strategy performs up to 26.3% better
for n = +£5% and 21.5% better for n = +£10% than CPF.

While the Bayesian strategy sometimes performs better and
sometimes worse than the CPF strategy, the hybrid approach
achieves a predictive accuracy that closely approaches the
GPR method. As observed throughout the evaluation, the grid
search strategy performs significantly worse than all other
methods. The results of the random strategy are more nuanced.
It clearly underperforms compared to GPR at lower budgets,
although it comes close to GPR and sometimes even beats it in
higher budget ranges where all strategies naturally converge.
Since this benefit only materializes at relatively large model-
ing budgets—often impractical in real-world applications—its
overall value remains limited.

For four-parameter models (bottom row), we require an even
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Fig. 5. Comparison of the achieved mean model accuracy on the synthetic evaluation dataset by the GPR, CPF, hybrid, random, grid, Bayesian, and full
matrix measurement point selection strategies, considering different amounts of artificially induced noise n = {41, +2, £5,+10}% and number of model
parameters m = {2, 3,4}. The x-axis represents the modeling budget B in percent, compared with the cost of the full matrix that may be used for modeling
by each strategy. The figure uses a logarithmic scale to highlight better the differences in the lower budget range (0% to 10%), where they are particularly
pronounced. The y-axis outlines the percentage of models whose prediction lies within £5% of the actual measured runtime at the evaluation point Py . The
annotations outline the maximum improvement in model accuracy between the CPF and GPR techniques, including the highest model accuracy achieved by
the selection strategies. In those subfigures that do not specify the highest model accuracy, all strategies achieved the same outcome. Each data point represents
the deterministic output of a single Extra-P modeling experiment based on the conducted measurements; repeated runs with the same input yield identical

results, so no variance bars are shown.

smaller percentage of the entire modeling budget to create
accurate models. For n = £1% and n = +2%, GPR performs
exceptionally well for tiny modeling budgets. Using only 0.5%
of the available modeling budget, the model accuracy of the
GPR strategy is 36.2% higher than that of the CPF strategy for
n = +1% and 33.9% higher for n = +2%. Additionally, as
outlined in Figure 5, the GPR strategy also achieves a higher
maximum model accuracy, e.g., 85.3% (GPR) compared with
84.9% (CPF) for n = +1%. Furthermore, using only one-
hundredth of the budget, 80% of the created models lie
within £5% at P, for up to £5% of noise. For a noise
level of +10%, we again observe that using a full matrix
of measurement points leads to lower model accuracy. While
80.7% of the created models lie within 5% at P, using the
GPR strategy, we achieve only 71.1% using the full matrix of
points. GPR generally shows greater improvements with four
model parameters as noise levels increase.

The grid search strategy consistently performs worse than
the GPR strategy across all noise levels. This pattern is also

evident for the Bayesian approach, whose performance appears
to decline as the dimensionality of the search space increases.
The random strategy again exhibits some noteworthy behavior
for four model parameters. It achieves the highest prediction
accuracy among all strategies within the minimal budget range
(B = 0.1-0.3%) and remains competitive at lower noise levels
(n = 1-5%), but falls behind for higher ones. Moreover,
it exhibits occasional spikes in prediction accuracy at large
budgets, but its overall performance remains highly erratic.
Finally, the hybrid strategy demonstrates robust performance
in the four-parameter case, achieving accuracy comparable to
the GPR strategy across nearly all conditions.

Figure 6 compares the model’s extrapolation accuracy con-
sidering three model parameters for different error intervals
[a,b] = {£5%,+10%, +15%,+20%}. As for Figure 5, we
outlined the maximum improvement in overall model accuracy
of the GPR strategy over the CPF technique. The results
further highlight that the GPR strategy outperforms the CPF
strategy independent of the prediction interval, e.g., by up to
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Fig. 6. Comparison of the achieved mean model accuracy on the synthetic evaluation dataset by the GPR, CPF, hybrid, random, grid, Bayesian, and full
matrix selection strategies for n = +10% and m = 3. The x-axis represents the modeling budget in percent, compared with the cost of the full matrix, that
each strategy may use for modeling. The y-axis outlines the percentage of models whose prediction lies within the interval [a, b], e.g., [—5,5] = £5% of
the actual measured runtime at P, . The annotations outline the maximum improvement in model accuracy between the CPF and GPR techniques. Each data
point represents the deterministic output of a single Extra-P modeling experiment; repeated runs yield identical results.

21.5% for +£5% at P, . Furthermore, using only a tenth of the
modeling budget 95% of the created models lie within +20%
at P,. A performance prediction with a maximum error of
+20% for an application configuration far from the training
ones is still very accurate, especially considering +10% noise.

We observe trends consistent with those shown in Figure 5
for the remaining evaluated selection strategies. The grid
search strategy consistently yields the lowest performance
across all budget levels. The Bayesian optimization approach
outperforms CPF but exhibits notable weaknesses in the low-
budget regime. The random strategy again displays highly
inconsistent behavior: at lower budget levels, its performance
is generally inferior to that of the CPF strategy, while at
higher budgets, it occasionally outperforms even the GPR
approach through isolated spikes in accuracy. The hybrid
strategy performs nearly identically to the GPR approach
across the entire budget spectrum.

Generally, a percentage of 80% of the models lying within
+5% at the evaluation point is very accurate. For noise levels
of n = +£10%, even 60% within +£5% at P, are very high.
One needs to consider that, in this case, the extrapolation error
of the models is still smaller than the influence of system noise
on the measurements. Furthermore, when considering several
model parameters, not all influence the application’s perfor-
mance behavior equally. Therefore, one of the parameters’
influences on performance is likely smaller than the influence
of system noise, making it impossible to distinguish its impact
on performance from noise. When deciding on the modeling
budget, one should follow the Pareto principle, as explained at
the end of Section III-A, and opt for a budget that enables the
GPR strategy and the modeler to reach these 80%, as spending
more delivers only significantly diminishing returns.

D. Discussion

In our evaluation, we observed that the GPR strategy
achieves, overall, the highest model accuracy using the al-
lowed modeling budget, independent of the number of model
parameters, noise level, or the evaluation intervals. The im-
proved extrapolation accuracy of the models compared with

the CPF strategy confirms that our weighted cost function
Cy(P(x;)) for calculating measurement point cost and the
selected weights were chosen appropriately to identify a near-
Pareto-optimal solution that fits the modeling problem at
hand very well. Other critical contributions to achieving this
extrapolation accuracy are the weight function, enabling the
GPR approach to reason between new measurement points and
additional repetitions, and the modeling of system noise using
a white kernel An interesting result regarding measurement
point repetitions was that more than five repetitions did not
significantly improve results at high noise levels.

The hybrid strategy performs comparably to the GPR strat-
egy, although it never surpasses it. Its effectiveness is highly
sensitive to the choice of the switching point at which the
method transitions between the CPF and GPR strategies. This
parameter requires domain expertise to configure, which may
not always be available in practice. As a result, the hybrid
strategy is less robust than the GPR approach. We conducted
preliminary test runs for our evaluation to determine an
optimal switching point for the hybrid strategy. Accordingly,
the results presented in Figure 5 represent the upper-bound
performance of the hybrid approach. In realistic scenarios
without prior tuning or expert knowledge, its performance
tends to be significantly lower than that of the GPR strategy.

As expected, the grid search strategy consistently yields
the lowest performance across all experiments. Despite being
a learning-based strategy and utilizing the same Gaussian
process prior as our GPR strategy, the Bayesian optimization
approach performs significantly worse overall than the GPR
approach. However, in certain edge cases—such as the two-
parameter experiments with high noise levels (n = +10%)
and within the budget range of 1-2%—the Bayesian method
slightly outperforms GPR. These isolated instances suggest
that the trade-off between exploration and exploitation gov-
erned by the EI acquisition function employed in our Bayesian
setup can be advantageous in specific scenarios.

The random strategy is inferior to GPR for two and three pa-
rameters, but comes at least close to CPF in some scenarios. At
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four parameters, its performance is quite unreliable, sometimes
reducing the accuracy as more points are added. The unexpect-
edly strong results in specific budget ranges—such as B =
1%-5% for n = +1%—suggest that increased search space
exploration can be beneficial, particularly in high-dimensional
settings. This observation is further supported by the behavior
of the Bayesian approach, where the EI acquisition function
occasionally yields similar benefits. Despite these findings,
the random strategy’s inherently stochastic and unpredictable
nature renders it unsuitable for practical measurement point
selection. However, incorporating an initial phase of random
sampling at very low budgets and a similar exploratory phase
at high budget ranges, followed by a more structured strategy
in intermediate stages, may offer a promising direction. Such
a hybrid approach—adaptively switching selection paradigms
based on the stage of the selection process—could effectively
leverage the advantages observed in our experimental results.
Nevertheless, it is important to note that in practical scenarios,
particularly for use cases involving four model parameters, it
is often not feasible to allocate more than 10% of the total
measurement budget. This constraint limits the applicability
of strategies that rely on performance gains at high budget
levels and underscores the need for methods that deliver strong
results within tight measurement constraints.

V. APPLICATION CASE STUDIES

In this section, we present six application case studies
demonstrating the overall cost reduction and improvement
in model accuracy that the new GPR approach can achieve
compared to the CPF strategy. We show that the new method
eliminates previous limitations, for example, by including
automatic noise detection, and extends the capabilities of
Extra-P by suggesting whether to repeat a specific measure-
ment configuration and an even lower minimum budget to
create performance models. In our previous work [6], [7],
we analyzed three application benchmarks (FASTEST, Kripke,
and RELeARN). We showcased that we can accurately predict
selected application kernels’ runtime and other performance
metrics. In contrast, in this paper, we provide a much more
comprehensive analysis of all performance-relevant kernels
of each application. We designate an application kernel as
performance-relevant if its runtime exceeds at least one percent
of the total application runtime at a specific evaluation point.
Moreover, we are expanding our analysis to include three
additional benchmarks, LULESH, MiniFE, and Quicksilver,
to assess our approach across different applications, evaluation
systems, noise levels, and model parameters.

A. Evaluation methodology & reproducibility

To further evaluate the model accuracy, modeling cost, and
budget usage of our new GPR approach with the current CPF
approach, we follow the same methodology we used for the
synthetic evaluation outlined in Section IV-A. However, we use
actual performance measurements from experiments with the
benchmark codes this time. We use Score-P [12] to conduct
the measurements for all case studies, which enables us to
automatically instrument all kernels of an application and

measure their runtime. As our synthetic analysis has shown
that the GPR performed best from all the selection strategies,
for the evaluation of the case studies, we limit ourselves
to a more comprehensive analysis of the GPR strategy’s
performance compared to the CPF method.

For each case study, we create multi-parameter performance
models for all instrumented application kernels and a range of
modeling budgets using our novel GPR approach, the CPF
approach, and the full matrix of measurement points. The
range of the modeling budget depends on the particular case
study. The minimum budget is determined by the cost of
the minimal set of measurement points required by Extra-
P to create initial models. The combined cost of all mea-
surements conducted determines the maximum budget. This
search space is sufficiently large to showcase the capabilities
of the GPR strategy without spending a fortune on perfor-
mance measurements. To evaluate the accuracy of the created
models, we measure an additional application configuration,
i.e., a measurement point not used for model creation. This
evaluation point, which has a larger scale than the ones used
for modeling, is then used to evaluate the performance model’s
predictive power. We do this by comparing the actual measured
runtime with the model’s prediction for the evaluation point.
We then calculate the percentage error and repeat this process
for every instrumented application kernel. Additionally, we
filter the application kernels based on their percentage of the
total application runtime at the evaluation point, considering
only kernels with a contribution of > 1% in our analysis.
This is because small and short-running kernels are over-
proportionally affected by system noise and, thus, tend to have
high runtime variation, making them difficult to model while
not being relevant for overall application performance. Finally,
we analyze how many created models lie within the distinct
error intervals {£5%, £10%, £15%, £20%}.

Moreover, we repeat each performance experiment up to five
times to study the impact of system noise on the measurements
and the performance models. For this purpose, we provide a
detailed analysis of the noise levels found in the measurements
of each case study in Section V-E and discuss how these
impact the GPR strategy’s point selection.

To enable reproducibility of the presented results, we pro-
vide detailed instructions for recreating the results in our
extended evaluation GitHub repository® along with the per-
formance measurements of the benchmarks in Zenodo®. For a
more in-depth analysis, please refer to the extended evaluation
in the same repository.

B. Benchmarks & experimental setups

For our evaluation, we selected six HPC applications,
some commonly used for benchmarking: FASTEST, Kripke,
LULESH, MiniFE, Quicksilver, and RELeARN. In the follow-
ing, we briefly introduce each of them and discuss the configu-
rations used to conduct the performance measurements, which
are shown in Table II. The configurations were selected based
on our knowledge of the applications, evaluation systems, and
modeling budgets that were available to us.

“4Performance measurements: https://doi.org/10.5281/zenodo.10085298
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TABLE I
APPLICATION CONFIGURATIONS USED TO CONDUCT THE CASE STUDIES’
PERFORMANCE EXPERIMENTS, INCLUDING THE NUMBER OF REPETITIONS
PER CONFIGURATION. A SUBSCRIPT PLUS SIGN, E.G., p4, INDICATES
PARAMETER VALUES USED FOR THE EVALUATION POINTS P+ .

App/System  Experiment configuration Rep.
FASTEST, p = {16, 32,64,128,256,512,1024, 2048}, r=5
SuperMUC s ={131072,65536, 32768,

16 384,8192}, py = {4096}, s+ = {8192}
Kripke, p = {8,64,512,4096,32768}, d = {2,4,6, r=5
Vulcan 8,10}, g = {32,64,96,128,160},

ps = {32768}, ds = {12}, g4 = {160}
LULESH, p = {125,216, 343,512,729}, s = {10, 15, r=5
Lichtenberg 20, 25,30}, p+ = {1000}, s+ = {35}
MiniFE, p = {64,128,256,512,1024}, s = {75, r=5
Lichtenberg 80, 85,90,95}, p+ = {2048}, s = {100}
Quicksilver, p = {16,32,64,128,356}, m = {2,4,8, r=5
Lichtenberg 12,16}, s = {10, 20, 30, 40, 50},

p+ = {512}, my = {20}, 54 = {60}
RELeARN, p = {32,64,128, 256,512}, s = {5000, r=2
Lichtenberg 6000, 7000, 8000,9000}, p+ = {1024},

s+ = {10000}

The software package FASTEST [13] is a tool for simulat-
ing flows, e.g., turbulent flows around a cylinder or mixing
simulations in complex three-dimensional configurations. For
our analysis, we apply strong scaling and consider two of
its configuration parameters: the number of processes p and
the problem size per process s. We measured 25 applica-
tion configurations for modeling using the parameter-value
combinations for p,s shown in Table II and repeated each
measurement five times. For example, with the parameter
values p = 2048 and s = 8192 we get the measurement
point P(p,s) = P(2048,8192). Furthermore, we measured
one additional configuration Py (py,s+) = Py (4096,8192),
which is only used for evaluation. The unique properties of
FASTEST limit how parameter values can be combined. For
instance, when p = 16, the problem size per process must be
s = 131072. However, for p = 32, we can select s from the
set {131072,65536}. Finally, for p = 2048, only s = 8192
is valid. As a result, the measurement point matrix takes the
shape of a parallelogram.

Kripke [14] is an open-source code and research tool that
was created to explore how different data layouts, program-
ming paradigms, and architectures affect the implementation
and performance of Sn transport [14]. In computational nuclear
physics and radiation transport, the Sn transport method is a
numerical technique used to solve the Boltzmann transport
equation, which describes the behavior of particles, e.g.,
neutrons, as they travel through and interact with a medium.
For our analysis of Kripke, we consider three configuration
parameters: the number of processes p, the number of di-
rection sets d, and the number of energy groups g. Using
the parameter value combinations shown in Table II, we
measured 150 application configurations with five repetitions
each (a total of 750 performance experiments). To evaluate
the accuracy of the created models, we use the measurement
point Py (p4,dy, g+) = P4 (32768,12,160).

LULESH (Livermore Unstructured Lagrangian Explicit

Shock Hydrodynamics) is a proxy app created by Lawrence
Livermore National Laboratory to solve a simple Sedov blast
problem with analytic answers—but represents the numerical
algorithms, data motion, and programming style typical in sci-
entific C or C++ based applications [8]. Simulations of a wide
variety of science and engineering problems require modeling
hydrodynamics. Thus, it is a frequently used benchmark in the
field of HPC. We use LULESH 2.0 with MPI support for our
analysis, considering two parameters: the number of processes
p and the problem size s. Using the parameter values outlined
in Table II, we measured 25 configurations for modeling and
one point, Py (p4,s4) = P+(1000,35), for evaluation. We
repeat the measurements for each configuration five times.

MiniFE, also known as HPCCG, is a mini-app that mimics
the finite element generation, assembly, and solution for an
unstructured grid problem, which is required by many engi-
neering applications [15], [16]. It is not intended to be an ac-
tual physics problem but sufficiently realistic for performance
analysis, for example, for studying the scalability of competing
systems. MiniFE contains approximately 1500 lines of C++
code and supports a variety of APIs such as OpenMP, MPI, and
CUDA. We use its MPI version for our analysis, considering
two parameters: the number of processes p and the problem
size s. As before, we use the parameter-value combinations in
Table II to measure 25 different configurations for modeling
and one point, Py (p4,sy) = Py (2048,100), for evaluation.
Finally, we repeat each of the measurements five times.

Quicksilver is an open-source proxy app that represents
the key elements of the Mercury [17] workload by solving
a simplified dynamic Monte Carlo particle transport prob-
lem [18]. Simply put, Monte Carlo transport simulations
sample the probabilities of the various interactions that a
particle can have with its surroundings. Quicksilver attempts to
replicate the memory access patterns, communication patterns,
and the branching or divergence of Mercury for problems
using multigroup cross-sections. We use its MPI version for
our analysis, considering three configuration parameters: the
number of processes or MPI ranks p, the number of mesh
elements m, and the number of particles s. We measured
125 different configurations for modeling and one additional
for evaluation, repeating each five times. We use the point
Py (py,my,sy) = P4(512,20,60) to evaluate the accuracy
of the created performance models.

RELeARN simulates the rewiring of connections between
neurons in the brain based on the Model of Structural Plasticity
(MSP) by Butz and van Ooyen [19] and employs a scalable
approximation algorithm [20] with a runtime complexity of
O(s/p - log(s) + p) [21]. RELeARN, which is parallelized
using MPI, has three configuration parameters: the number
of processes p, the problem size s, and ©, which determines
the degree of approximation used by the underlying Barnes-
Hut algorithm [22]. For our analysis, we consider only two
parameters, p, s, and set © = 0.1. Modeling © is impossi-
ble because it influences the computational complexity. We
measured its performance for 25 different configurations for
modeling and one additional configuration for evaluation with,
lacking sufficient computing time, only two repetitions each.
We varied p and s to obtain these configurations, as shown
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TABLE III
EVALUATION SYSTEMS AND THEIR HARDWARE CONFIGURATIONS.

Name System hardware

Lichtenberg 630 nodes, 2x Intel Xeon Platinum (Cascade Lake)

(MPI 9242 CPU (48 cores @2.3 GHz, no hyperthreading),

section) 384 GB RAM (DDR4-2933), InfiniBand HDR100 (100
GBit/s)

Vulcan 24 576 nodes, 1x IBM PowerPC A2 CPU (16 cores
@1.6 GHz), 16 GByte DDR3 RAM, 5D Torus
interconnect

SuperMUC 3072 nodes, 2x Intel Xeon Processor E5-2697 v3

(Haswell) CPUs (14 cores @2.6 GHz, 28 threads), 64
GByte DDR3 RAM, Infiniband FDR14

in Table II. We use the measurement point configuration
P, (p4,s4) = P4 (1024,10000) for evaluation.

C. Evaluation systems

To study the impact of different system architectures and
noise levels on the accuracy of our performance models, we
ran performance experiments on three different HPC systems:
the Lichtenberg cluster at TU Darmstadt, the Vulcan super-
computer at Lawrence Livermore National Laboratory, and
SuperMUC at Leibniz Supercomputing Centre. Each of these
systems features different hardware and software configura-
tions. Vulcan and SuperMUC are both IBM systems with
different CPUs (IBM PowerPC vs. Intel), operating systems,
and network architectures. On the other hand, Lichtenberg is
a Linux-based system with Intel CPUs, a widespread combi-
nation. Table III outlines the hardware configuration of each
system in detail. As shown in Table II, we ran FASTEST on
SuperMUC, Kripke on Vulcan, and the remaining benchmarks,
LULESH, MiniFE, Quicksilver, and RELeARN, on Licht-
enberg. We conducted the performance experiments under
the systems’ normal operating conditions, ensuring that the
recorded application behavior and system noise reflect realistic
values under standard load.

D. Evaluation results

Figure 7 presents the results of our case studies. For each
case study, it shows the achieved extrapolation accuracy, i.e.,
the percentage of models whose prediction lies within +£10%
at P, and the budget usage of the CPF and GPR strategy. The
x-axes of the plots represent the modeling budget B in percent,
compared to the cost of the full matrix of measurement points
that may be used for modeling by each strategy. Additionally,
we display the mean minimal modeling budget B,,,, i.e.,
the cost of the measurement points required by Extra-P to
create initial models, the number of kernels that were modeled
(i.e., those that consume more than one percent of the total
application runtime), the mean noise level in percent, and the
number of measurement repetitions for each case study.

1) FASTEST: We modeled a total of 18 application kernels.
The minimum required modeling budget for the most expen-
sive application kernel is B,,;, = 19%. Therefore, the x-axes
for the FASTEST plots in Figure 7 range from 19% to 100%,
where 100% equals the cost of the full matrix of measurement

points (all configurations and their five repetitions). The results
of the left plot in Figure 7 show that the GPR strategy signif-
icantly outperforms the CPF strategy regarding the achieved
model accuracy. Starting from Bin = 19%, the CPF strategy
is not able to produce any accurate models, as none of the
predictions lies within +10% of the actual measured runtime
at P,. Using the GPR strategy, 11.1% of the created models
lie within the +10% accuracy interval using only the minimum
required modeling budget. In contrast, the CPF strategy needs
at least 40% of the total modeling budget to achieve these
results. Furthermore, using only 65% of the modeling budget,
the GPR strategy achieves its highest model accuracy of
50.0% . The CPF strategy requires a modeling budget of 85%
to reach this accuracy level. The critical observation of this
experiment, however, is that from this point on, a higher
modeling budget does not automatically yield higher model
accuracy. On the contrary, more measurement points can lead
to an overall lower model accuracy, as shown by the decrease
in accuracy of all strategies past B = 87%. Consequently, the
achieved model accuracy using all measured points, which is
44.4%, outlined by the gray diamond, is smaller than the one
reached by the GPR strategy with only 65% of the budget.

For a minimal budget fraction of By, = 19%, the GPR
approach utilizes, on average, 33.67 fewer points than the CPF
strategy. This advantage persists up to a budget threshold of
B = 30%. Between B = 30% and B = 40%, both strategies
converge regarding the number of points selected. Beyond
B > 40%, the trend reverses: the GPR strategy begins se-
lecting up to 13.06 more points, which are comparatively less
expensive, while the CPF strategy opts for fewer, higher-cost
points. When coupled with the improved predictive accuracy
of the resulting models, these findings indicate that the GPR
strategy is more effective at identifying informative and cost-
efficient application configurations for measurement.

2) Kripke: We analyzed three application parameters, re-
sulting in a three-dimensional matrix of measurement points
and a much larger number of potential points that can be
selected. Consequently, choosing the right points to improve
model accuracy while minimizing model cost becomes more
challenging. Using only a minimum budget of B,,;, = 2% and
any point selection strategy, 50% of the created performance
models lie within £10% at P,. Starting from B = 10%, we
see that the GPR strategy achieves a model accuracy that is
about 5% to 10% higher than that of the CPF strategy. With
an increasing modeling budget, the difference between the
CPF and GPR strategy becomes more pronounced, reaching
a maximum difference of 14.29% for B = 86%. As for
FASTEST, the GPR strategy reaches the highest achieved
model accuracy of 85.71% with only a fraction of the total
modeling budget, namely B = 38%. Using more points for
modeling does not lead to any further improvement in model
accuracy. The maximum achieved accuracy is not separately
outlined as all strategies reach the same maximum of 85.71%
at B = 100%. For budget values between B = 2% and
B = 30%, the GPR method uses consistently fewer points,
up to 32.93 points less for B = 19%, for modeling. For larger
budgets, however, we cannot observe any differences.
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Fig. 7. Achieved model accuracy and budget usage used for modeling using the full matrix of measurement points, the CPF, and GPR strategies for each
case study. The x-axis represents the modeling budget in percent B, compared to the cost of the full matrix, that may be used for modeling by each strategy.
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The legend outlines the mean minimum budget B,,;, in percent required to create performance models, the measurements mean noise level #, the number
of modeled kernels with > 1% runtime of the total application runtime, and the number of repetitions. The annotations outline the maximum improvement
in model accuracy between the CPF and GPR techniques and their highest achieved model accuracy. Each data point represents the deterministic output of a

single Extra-P modeling experiment; repeated runs yield identical results.

3) LULESH: We observe a significant improvement in
overall model accuracy when using the GPR strategy for
measurement point selection. Starting from the minimum
required budget B,,;,, = 13%, the GPR strategy significantly
outperforms our old approach over the entire budget range.
For B = 15%, 39.48% of the models created using the GPR
strategy are within +£10% at P, compared to only 13.9%
when using the CPF strategy, a difference of 25.58%. Like in
the other case studies, the GPR strategy achieves the highest
model accuracy. It reaches 58.14% for B = 99%, though it
reaches almost the same accuracy using only 36% of the total
modeling budget. However, the CPF strategy does not reach
the same level of predictive accuracy, attaining a maximum
of only 51.16% even when utilizing the entire budget (B =
100%). A similar pattern is observed concerning the number
of measurement points utilized for model construction: the
GPR strategy consistently requires fewer points than the CPF
strategy, using fewer measurement points on average 15.56.

4) MiniFE: We generally observe a much lower model
accuracy than for all other case studies. There are two reasons
for this. First, when analyzing the measurements, we found
the highest mean noise level 7 = 10.22% of all case studies,
which makes it more challenging to create accurate models.
Second, when the problem size is increased, the application
runtime does not increase monotonically, which is a base

assumption of Extra-P’s modeling methodology. Despite the
lower model accuracy, we can observe the same trends as
in the other case studies. Using only a minimal budget,
the GPR strategy performs significantly better than the CPF
strategy for all 23 modeled application kernels. Furthermore,
it achieves the highest model accuracy of 18.03% using only
40% of the budget. In contrast, the CPF strategy reaches a
maximum model accuracy of 16.39%, using B = 93%. Using
all available measurements, we even achieved an accuracy
of only 15.85%. Especially for low modeling budgets, the
GPR strategy significantly outperforms the CPF technique,
performing up to 12.57% better for B = 20%. Finally, the
GPR strategy uses significantly fewer points for modeling at
low budget levels (B < 35%), averaging 19.08 fewer points.

5) Quicksilver: As for Kripke, we considered three applica-
tion parameters for the analysis, making the search space for
the measurement point selection much larger. Despite being
a challenging optimization problem, we observe a generally
high model accuracy for the 12 measured application kernels.
Using only a minimum budget of B,,;, = 0.6%, the GPR
strategy reaches a mean model accuracy of 83.3% compared
to only 41.6% using the CPF strategy, a difference of 41.7%.
Subsequently, the CPF strategy performs slightly better until
a budget of B = 13% is reached. Past this point, the GPR
strategy outperforms it by up to 22%. As for the other case
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Fig. 8. Noise level n (range of relative deviation from the mean metric value of an application kernel in percent) found in the performance measurements
of the application case studies. For each case study, the violin plots mark the mean 7, median 72, minimum 7,5, and maximum 7, ez noise found in the
measurements and show the distribution of the deviations. The x-axis shows the different case studies and the systems they were conducted on.

studies, the GPR strategy reaches the maximum achieved
model accuracy using only a fraction (B = 34%) of the
modeling budget. Conversely, the CPF strategy needs the full
budget to achieve the same mean model accuracy. With all
measurement points, all strategies reach 100% accuracy.

Regarding the number of points used for modeling, we
observe only slight differences between both strategies. How-
ever, the GPR strategy consistently uses fewer points. For
B = 19%, we observed that the GPR strategy used on
average 25.08 points less for modeling. Overall, we see less
pronounced differences than we did for Kripke. Therefore, we
conclude that the larger the number of available points, the less
important the number of points used for modeling. Instead,
choosing the right points becomes critical.

6) RELeARN: We measured only two repetitions per mea-
surement point for the RELeARN analysis, which makes this
case study unique. The trade-off between fewer repetitions
and new measurement points holds a different optimization
challenge for the selection strategies. Generally, we see a
significant improvement in model accuracy for small modeling
budgets starting from B,,;, = 13% to B = 30%. While the
CPF strategy achieves a model accuracy of only 7.14% using
Bynin, the GPR strategy achieves a model accuracy of 42.85%,
a difference of 35.71%. For B = 17%, the GPR strategy
performed 64.29 % better than the CPF strategy. For B = 70%
the GPR strategy reaches a maximum model accuracy of
85.71%. In contrast, the CPF strategy needs 86% of the
modeling budget to achieve this result. Using all available
measurement points instead results in a lower overall model
accuracy of just 78.57%.

Initially, the CPF strategy uses many points for modeling,
leading to lower accuracy. At B = 13%, the GPR strategy
uses, on average, 19.5 fewer points. At B = 22%, the
CPF strategy uses only 3.24 fewer points but yields less
accurate models. Therefore, prioritizing unseen measurement
points over repetitions improves model accuracy at low noise
levels, such as those observed in the RELeARN measurements
(n = 4.5%). The GPR strategy utilizes the available modeling
budget more efficiently by adjusting the number of points to
optimize model accuracy for the given problem.

E. The influence of noise on model accuracy

Figure 8 shows the noise level n in percent present in the
measurements of all six case studies and the systems they
were run on. In addition, it marks the minimum n,,;,, mean
7, median n, and maximum n,,,, noise level found for each
of them. To obtain the noise level for an application kernel,
we calculate the range of relative deviation from the mean
application runtimes for each application configuration and its
repetitions individually in percent. We do this for each kernel
with a runtime larger than 1% of the total application runtime
and obtain one data point for each kernel and measurement
point combination. Furthermore, the violin plots show the
distribution of the noise levels, i.e., which percentage of
kernels are affected by a certain noise level.

Our noise analysis shows that Kripke’s measurements,
which were conducted on Vulcan, are the least noisy of all
case studies. As visible in the distribution in Figure 8, most of
the Kripke measurements have a noise level ranging between
0.06% and 2.17%, with a maximum of 7,4, = 16.57%. The
negligible run-to-run variation explains why all measurement
point selection strategies achieve high model accuracies with
a minimal modeling budget. Additionally, the low noise level
makes repeating already measured configurations less benefi-
cial. Thus, the GPR strategy prioritizes unseen measurement
configurations over repetitions, resulting in a high model
accuracy for all application kernels, as shown in Figure 7.

We observed similar noise levels for the case studies con-
ducted on Lichtenberg, with MiniFE being an outlier due to
the previously described scalability bug we identified with our
analysis. For LULESH, Quicksilver, and RELeARN, the mean
noise levels range between 0.78% and 1.95%. Similarly, their
median noise levels range between 4.50% and 5.66%, indi-
cating only minimal run-to-run variations, similar to Kripke
on Vulcan. Furthermore, for RELeARN and LULESH, the
distribution of the noise levels in the violin plots shows that
more measurements are affected by noise. For RELeARN, for
example, the distribution of kernels with high noise levels,
up to Nmae = 19.84%, is much higher than for the other
case studies. Consequently, more measurement repetitions are
required to counter the effects of system noise, which explains
why all measurement point selection strategies need more
budget to create accurate performance models. In contrast,
for Quicksilver, the distribution of the noise levels suggests
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TABLE IV
COMPARISON OF RELATED APPROACHES FOR PERFORMANCE MODELING AND PREDICTION.

Objective Examples Approach Model type Interpreta-  Scalability Key limitations
bility focus
Simplify analytical performance PALM [23] Annotation-based modeling using source/DSL Symbolic High Partial Requires manual annotations;
2 modeling, model portability ASPEN [24] annotations limited automation
é Statistical performance tuning and ~ Vuduc et al. [25] Modeling based on empirical data, kernel databases ~ Symbolic, Medium No Requires user hypothesis
& execution-based prediction Jayakumar et al. [26] using manual regression/pattern matching for pattern-based selection; limited to known
2 learning kernels
g Power management for OPEN [27] Statistical surrogate models using runtime profiling Statistical (online) ~ High Yes Limited to CPU/GPU
@ performance/energy optimization and collaborative filtering and regression for and regression heterogeneous systems
on heterogeneous systems learning (offline)
Predict how different configuration ~ Siegmund et Sampling-based linear regression to learn models Statistical Low No Coarse-grained, monolithic
options affect system performance  al. [28] from configuration options and performance models; cannot capture
= measurements fine-grained interactions
% Predict runtime using a Carrington et Automated empirical performance prediction using Symbolic High Yes Challenges in modeling all
g combination of system al. [29] symbolic regression based on profiling and system performance aspects
S measurements and simplified runtime data
< application models
Improve automatic performance Hoefler et al. [30] Compiler-extracted program features combined with ~ Symbolic Medium Yes Restricted search space; limited
modeling by leveraging compiler limited runtime measurements to build model diversity and accuracy
analysis techniques regression-based performance models
Predict application or processor Ipek et al. [31] Black-box machine learning for empirical Black-box ML Low No Opaque models and limited
performance across parallel, Lee et al. [32] performance modeling based on benchmark data, interpretability
multicore, and virtualized systems ~ Kundu et al. [33] design-space samples; using ANNs and regression
Li et al. [34] trees for learning
Predict and optimize HPC storage ~ VAE-ABO [35] 1/0 and storage measurements are used to build Probabilistic Medium Yes (1/0) Limited to I/O performance;
and /O performance, including Madireddy et al. [36] predictive models through VAE-guided Bayesian requires domain-specific
variability Xu et al. [37] optimization and GP-based modeling instrumentation
Predict iteration times of HPC LSTM-Feat [38] Surrogate models are built using network features Statistical Low Yes Requires network-level
applications and application characteristics as inputs; models are (network) instrumentation; limited
'}3 trained on sampled execution data generalization
£
S Efficiently model application Duplyakin et al. [39] Use active learning, Bayesian optimization, or Statistical / Medium Partial Iterative sampling overhead;
5 performance by minimizing the HiPerBOt [40] cost-aware surrogate modeling to iteratively select probabilistic limited generalization beyond
—  number of costly measurements Balaprakash et al. [41] the most informative configurations for tuning and observed regions
= Dieguez et al. [42] performance prediction
~ Analyze application performance Neumann et al. [43]  Use sparse grid regression or surrogate modeling Statistical Medium Partial High data requirements; limited to
& across high-dimensional Schmid et al. [44] trained on selected runtime measurements to build observed parameter spaces
E] - . . o o .
£ configuration spaces while SBM [45] cost-effective, predictive performance models
.g minimizing measurement cost
< Predict the performance of Yang et al. [46] Partial executions on a reference platform are used Statistical Medium Yes (cross- Assumes consistent scaling
parallel applications on different to build analytical/statistical models for system) behavior; limited accuracy for
hardware platforms cross-platform performance prediction nonlinear performance trends
Predict and optimize application Jamshidi et al. [47]  Use transfer learning, multitask modeling, and Statistical / Medium Partial Requires related systems or
performance across tasks, Nichols et al. [48] multi-fidelity Bayesian optimization to build probabilistic auxiliary models; computationally
configurations, and architectures Luszczek et al. [49]  predictive models and guide autotuning with expensive
GPTuneBand [50] minimal measurements
Detect scalability bottlenecks, Extra-P (this Fully automatic model generation based on Symbolic High Yes Assumes stable region behavior

identify code regions that limit
performance at large scale

work) [3]
for budget/noise-aware learning

small-scale experiments; linear regression and GPR

across scale

that there are fewer kernels influenced by noise. Even though
we observed a maximum noise level of n,,,, = 53.17%, the
Quicksilver measurements are overall less affected by noise.
The modeling results confirm this observation, as we can reach
very high model accuracies using only a minimal budget.

For MiniFE, the mean 7 = 10.22% and median n = 6.9%
noise levels are twice as high as for the other case studies
measured on Lichtenberg. The higher noise level in the mea-
surements can be attributed to the application configurations
used for conducting the performance measurements. We ran
MiniFE at a significantly larger scale than the other case
studies, using up to 2 048 MPI ranks, compared to a maximum
of 1000 ranks for LULESH and 512 ranks for Quicksilver.
For the exact application configurations used for the analysis,
please see Table II. Running the application at a larger scale
increases the chance of system noise affecting the performance
measurements, e.g., through OS noise, concurrently running
jobs, or network congestion. Finally, the identified scalability
bug further contributes to the higher run-to-run variations.

For FASTEST, the noise level we observe is generally
comparable to the other case studies with a mean noise level
of . = 8.17% and a median noise level of 7 = 1.52%.

Even though the maximum noise level of 7., = 150.87%
found in the measurements is very high, the violin plot’s
distribution shows that almost no measurements are affected
by this noise level. Due to FASTEST’s unique measurement
point matrix and configuration requirements, as described in
Section V-B, more measurement points are required to create
accurate performance models. Extrapolating its performance
using fewer points or more repetitions is not possible despite
the overall low impact of system noise on the measurements.
Nevertheless, this spike still suggests that on SuperMUC, con-
siderable run-to-run variations may be rare but not impossible.

F. Discussion of the results

We observed that more measurement points do not automat-
ically lead to better model accuracy. Too many measurement
points or repetitions often lead to overfitting of the training
data, leading to poor prediction accuracy for unseen applica-
tion configurations. Having a complete matrix of measurement
points is practically never required. As shown by the results in
Figure 7, the highest model accuracy can always be achieved
(and sometimes only) using only a fraction of the budget.
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Our noise analysis showed that run-to-run variations sig-
nificantly impact our strategies’ measurement point selection
requirements. Depending on the noise level it encounters, the
GPR strategy makes smarter decisions when choosing between
more repetitions or additional unseen measurement config-
urations, improving model accuracy compared to the CPF
approach. As for the synthetic evaluation, we could not derive
any generic selection strategy from the selections of the GPR-
based approach, which further highlights that there is no trivial
way to derive a generic optimal selection strategy. Therefore,
as suggested in Section III, we conclude that the best point
selection strategy is to measure a set of the cheapest available
points, including two repetitions for each configuration, that
satisfies the minimum modeling requirements of Extra-P (see
Section II). Subsequently, one can use the GPR strategy to
identify further measurement points to improve the models
predictive power if more modeling budget is available.

VI. RELATED WORK

Table IV provides a comparative overview of representa-
tive performance modeling approaches, categorized by their
automation level and degree of learning integration. The table
contrasts each method’s objective, modeling approach, model
form, interpretability, scalability focus, and limitations. Fur-
thermore, it highlights how Extra-P uniquely combines fully
automatic model construction, active learning, and symbolic
scaling models while maintaining high interpretability and
scalability across application scales.

VII. CONCLUSION

The GPR-based strategy achieves a much better balance
between model accuracy and measurement cost by selecting
points individually for each modeling task, reducing the need
for expert knowledge or manual analysis. In our synthetic
evaluation, with two model parameters and 5% induced noise,
the naive approach achieved 66% accuracy, which included
trying all possible measurement points and five repetitions.
In contrast, at only 10% of the naive approach’s cost, the
generic approach achieved 47.3% accuracy, while the GPR-
based approach achieved even 77.8% accuracy. Similar im-
provements were observed across experiments with varying
numbers of model parameters and noise levels. Case studies
of six real-world applications confirmed that the GPR strat-
egy can improve model accuracy by up to 64.3% with the
same measurement budget as CPF. By making performance
modeling more accurate, affordable, and intuitive, this strategy
significantly enhances the usability and applicability of Extra-
P. An implementation is publicly available in Extra-P version
4.2.0. Future work will explore hybrid approaches integrating
acquisition functions, such as EI or UCB, with GPR to
improve the exploration—exploitation trade-off.
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