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Abstract

System performance changes throughout execution, as properties such as memory consump-
tion or latency vary due to changing workloads and internal states. This temporal behavior
can lead to bottlenecks and performance peaks. Even worse, in configurable systems, perfor-
mance varies not only over time but also across configurations, since different configuration
options can affect performance significantly. To support performance analysis of configurable
systems, performance influence models are used to capture how individual configuration
options and their interactions influence the performance of a system. Existing performance
influence models predict only scalar performance values, such as the minimum, maximum, or
average value for the whole program execution. As a result, we have no knowledge about how
the performance varies over the execution time. Understanding temporal behavior would
allow a more detailed analysis of performance and help identify when resource limits are
reached or slowdowns occur, enabling performance improvements.

In this work, we extend performance models to predict a sequence describing how the
performance property in question varies throughout execution. To achieve this, we apply
the Discrete Fourier Transform to represent time series in the frequency domain, construct a
model that captures how configuration options and their interactions influence the frequency
values, and transform the performance values back into the time domain using the Inverse
Discrete Fourier Transform.

We evaluate our approach in a controlled setting using seeded performance behavior in
real-world case studies. This allows us to assess the accuracy of our model’s predictions using
performance data for which the ground truth is known by design. That means, we are able to
compare the predicted performance values with the actual performance values and assess
how well the model captures temporal patterns and the impact of configuration options.
Overall, by modeling how performance properties vary throughout execution instead of sum-
marizing them as single values, our approach provides a more informative and interpretable
representation of system performance.
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1
Introduction

Almost every complex software system today is highly configurable [41]. This variability
introduces a vast configuration space, rendering it infeasible to evaluate the performance of
all configurations [15, 30]. Different configurations frequently result in different performance
behavior, such as variations in latency, memory usage or throughput [45]. For example,
in a database system, enabling caching can reduce latency, while increasing the number
of threads typically improves throughput but might also raise memory consumption. In
order to predict the performance behavior of a specific configuration, developers need ways
to reason about the influence of different configuration options and their interactions on
performance, since the overall performance arises from their combined contribution [4, 27,
37, 39]. Therefore, a major challenge lies in understanding how individual configuration
options and their interactions influence the overall performance. Quantifying these influences
not only supports understanding, but also facilitates debugging and optimization by helping
to localize performance issues within the configuration space [43]. This enables targeted
improvements to specific configuration options or interactions that impact performance [43].

Previouswork aimed to understand the relationship between configuration options and per-
formance by learning performance influence models [35, 36]. A performance influence model
describes the influence of configuration options and their interactions on the performance
of a system. Siegmund et al. [35] demonstrated that it is feasible to infer such performance
influence models with high accuracy in predicting performance values of configurations. In
performance influence models, the performance of a configuration is represented as a scalar
value [35, 36]. These scalar values are commonly used to capture total execution time or
aggregate values, such as total energy consumption, or the minimum, maximum, or average
of non-functional properties like latency or throughput. However, when considering, for
example, memory consumption, relying only on the minimum or average ignores potential
short-term peaks, which might lead to memory shortages and reduced system reliability.
On the other hand, relying solely on the maximum would assume worst-case behavior for
the entire execution, which overestimates the systems resource consumption and therefore
leads to inefficient resource allocation. Consequently, summarizing performance as a single
scalar value can misrepresent the actual performance behavior of a system, leading either
to insufficient or excessive resource provisioning. Moreover, it results in unrealistic assump-
tions, as many performance properties vary over time. In fact, in many cases the value of the
performance property varies during execution, e.g., software applications tend to allocate an
increasing amount of memory over time.

To capture these performance variations, we aim to predict not just a scalar performance
value but an entire sequence of performance values across different points in time during
execution. In this thesis, we present an approach to predict a sequence that captures how the
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2 Introduction

performance of a system varies over execution time for a given configuration. To achieve this,
we use the Discrete Fourier Transform to transform a time series of performance values into
the frequency domain. We implement this approach as a framework that takes a configuration
as input and returns a predicted performance sequence over time.

The advantage of our approach is that it is not required to learn amodel that directly predicts
the entire performance sequence over time. In addition, it is not necessary to predict a sequence
of time-based performance values, which would require more complex sequence models.
Instead, we make use of the frequency representation of our measurements. The frequency
representation is more compact and reveals structural patterns. It allows us to express the
performance behavior over time as a set of scalar frequency values. As a result, we reduce the
original problem of predicting a sequence to the familiar problem of predicting scalar values.
This allows us to apply existing modeling techniques to the frequency values. Consequently,
we learn a model, which describes how configuration options and their interactions influence
the values for the frequencies.

To learn the model, we first create a sample set of configurations, which is a subset of the
entire configuration space, using random sampling. For each configuration in the sample set,
we measure the performance property of interest at equal time intervals during execution to
get a time series of performance measurements. Next, we transform each of the time series
into the frequency domain using the Discrete Fourier Transform. This allows us to formulate
an optimization problem for the frequencies, which we solve using the optimization solver
Gurobi. To predict the performance sequence for an unseen configuration, we give it as
input to the model, which predicts the frequency representation of the desired performance
sequence. Finally, by applying the Inverse Discrete Fourier Transform on these frequency
values, we can reconstruct the full temporal behavior of the performance property.

To evaluate our approach in a controlled setting, we design a set of seeded case studies
with predefined performance functions for each configuration. This allows us to establish a
ground truth for the performance functions, which we can use in the measurement process
and to evaluate the accuracy of our approach. We construct the case studies by taking the
configuration space of real-world configurable software systems and manually seeding func-
tions for configuration options and their interactions, which determine their influence on
performance over time. The performance function for a configuration is computed as the sum
of the influences of all configuration options and interactions involved in the configuration.
We vary both the number and choice of configuration options assigned influences, as well as
the type of influence functions. Models are constructed using three different sample sizes to
examine how the number of sampled configurations affects prediction accuracy. To evaluate
the applicability of our approach in real-world scenarios, we assess the impact of synthetic
noise on prediction accuracy by considering measurements both with and without added
noise. For the noisy measurements, we add random Gaussian noise to each point in the
performance sequence of every configuration.

Using these seeded case studies, we generate predicted sequences for all configurations
in the configuration space and analyze the predictions over time for a selected subset of
configurations, comparing them to their actual sequences. This analysis is performed for
multiple configurations across all sample sizes, taking into account whether a configuration
was included in the sample set. To capture the overall prediction accuracy across the entire
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configuration space, we summarize the difference between the predicted and actual sequences
using the mean Integral Squared Error.

We show that our approach to build time-inhomogeneous performance models is capable
of constructing models with high prediction accuracy. In our experiment, we observe that
prediction accuracy improves with increasing sample size, with models built with larger
samples exactlymatching the actual performance sequences. Models constructedwith smaller
sample sizes lose some accuracy but generally capture the overall trends of the performance
behavior. When synthetic noise is added, models constructed with small sample sizes tend to
overfit, interpreting noise as part of the underlying behavior, whereas models constructed
with larger sample sizes better regularize the noise and maintain highly accurate predictions.

In summary, we make the following contributions in this thesis:

• We present a novel approach to predicting performance sequences over execution time
for a given configuration of a configurable software system.

• We reduce the problem of learning time dependent performance sequences to predicting
their frequency representation by applying the Discrete Fourier Transform.

• We formulate an optimization problem that assigns influences of configuration options
and their interactions to the measured frequency values, resulting in a model that
predicts the performance behavior of unseen configurations in the frequency domain.

• We provide a Gurobi-based prototype implementation of our approach that constructs
a time-inhomogeneous performance model, which takes a configuration as input and
returns the predicted performance sequence over time.

• We design seeded case studies with known performance behavior over time to serve as
benchmarks. We evaluate our framework using these seeded case studies to assess its
accuracy in predicting the performance sequence over time.





2
Background

In this section, we provide the necessary background to understand our approach. We first
introduce the concept of configurable software systems, including configuration options,
configurations, and configuration spaces. Then, we introduce the concept of performance
measurements paired with the concept of time series.

2.1 Configurable Software Systems

A common approach to model the variability of a software system is to use a configuration
options [20]. These configuration options are distinct functionalities and capabilities that
a software system provides to users in order to fulfill specific requirements [2]. They also
express commonalities and variability among software variants [2]. We denote the set of
all configuration options of a software system as O = {𝑜1, … , 𝑜𝑛𝑜

}. Configuration options
can be either enabled or disabled, which means the corresponding functionality is either
included in the software system or not, respectively. We abstract this by defining configuration
options as boolean variables, where an enabled configuration option is represented by the
value 1 and a disabled configuration option by the value 0. Assigning a value (i. e., 1 or 0) to
each configuration option of the software system results in a configuration 𝑐. A configuration
is a mapping from the set of configuration options to their values, i. e., 𝑐 ∶ O → {1, 0} ≡
{(𝑜1, 𝑥1), … , (𝑜𝑛𝑜

, 𝑥𝑛𝑜
)}. Therefore, it holds that 𝑥𝑖 ∈ {1, 0} is the value assigned to configuration

option 𝑜𝑖 in configuration 𝑐. The set of all possible configurations is called the configuration
space and is denoted by C = {𝑐 | 𝑐 ∶ O → {1, 0}}.

In configurable software systems, not every configuration is valid, since there are often
constraints on configuration options to capture dependencies and restrictions between them,
such as requiring that certain configuration options must be enabled together or cannot
be enabled at the same time. We model these constraints using logical expressions, like
implications or mutual exclusion. We define the set of all valid configurations as V ⊆ C, where
each 𝑐 ∈ V satisfies the configuration constraints of the system.

In addition to individual configuration options, we also consider subsets of configuration
options that occur together, which we call configuration option interactions. A configuration
option interaction 𝜏 is a set of configuration options, i. e., 𝜏 ⊆ O. It can consist of a single
option, e. g., 𝜏 = {𝑜1}, or multiple options, e. g., 𝜏 = {𝑜1, 𝑜2}. We say that a configuration
option interaction 𝜏 is active (or present) in a configuration 𝑐 if all options in 𝜏 are enabled in

5
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Database

Compression Cache

LRU MRU FIFO

Figure 2.1: Feature diagram for the Database system.

𝑐. To check whether a configuration 𝑐 satisfies all conditions specified by an interaction 𝜏, we
define an indicator function:

on(𝑐, 𝜏) =
⎧{
⎨{⎩

1 if ∀𝑜 ∈ 𝜏 ∶ 𝑐(𝑜) = 1

0 otherwise
(2.1)

Example 1 (Database System). Consider a simple Database system with the set of config-
uration options O = {𝑑, 𝑜, 𝑐, 𝑙, 𝑚, 𝑓 }, where Database represents the base functionality of the
Database system. A user can optionally enable Compression to reduce the size of the data
stored, and is able to choose between different Cache eviction policies, i. e., LRU, MRU, and
Fifo. Figure 2.1 shows the feature diagram of the Database system, representing all possible
configuration options with their respective constraints. This results in the set of valid configu-
rations V = {𝑑, 𝑑𝑜, 𝑑𝑐𝑙, 𝑑𝑐𝑚, 𝑑𝑐𝑓 , 𝑑𝑜𝑐𝑙, 𝑑𝑜𝑐𝑚, 𝑑𝑜𝑐𝑓 }. Note that, to simplify the notation, we refer
to a configuration by a string of configuration options, where we only include the enabled
configuration options. For example, the configuration 𝑐1 = 𝑑𝑐𝑓 represents an instance of the
Database system with a first-in first-out cache eviction policy, while the configuration 𝑐2 = 𝑑𝑐𝑙
represents the database with a least-recently-used cache eviction policy. In this context, the
configuration option interaction 𝜏 = {𝑐, 𝑓 } is active in configuration 𝑐1, since on(𝑐1, 𝜏) = 1,
but inactive in configuration 𝑐2, where on(𝑐2, 𝜏) = 0.

2.2 Performance Measurements

The performance of a configurable software system depends on the configuration of the
system [45]. There are different quantitative properties that can be measured to capture the
performance of a software system, such as execution time, energy consumption, memory
usage, or throughput. Such measurable quantities, referred to as performance metrics, describe
(non-functional) aspects of the execution of a (configurable) software system.

We distinguish between performance metrics that are time-homogeneous and time-inhomo-
geneous. Time-homogeneous performance metrics are measures that can be expressed as a
single value, such as the total execution time, total energy consumption, or average memory
usage of a software system. Time-inhomogeneous performance metrics are measures that
vary over time, such as the memory usage or the energy consumption of a software system
during its execution.
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Figure 2.2: The blue ( ) and red lines ( ) represent the actual function of the power consumption
as time-inhomogeneous performance metric for the Database system under configurations
𝑐1 and 𝑐2. The corresponding blue ( ) and red dots ( ) indicate concrete performance
measurements taken at discrete time steps during execution under the respective configu-
rations.

Definition 1 (Performance Measurement). A performance function perfmetric, 𝑐 ∶ ℝ≥ → ℝ
measures the performance metric for a configuration 𝑐 at a given time 𝑡. We denote the per-
formance function perfmetric, 𝑐 for a specific performance metric with 𝑚𝑐. Then, a performance
measurement for configuration 𝑐 at time 𝑡 is the value 𝑚𝑐(𝑡)1.

Example 2 (Performance Measurement). Continuing our example of the Database system,
we chose power consumption [𝐽] as our performance metric of interest. In Figure 2.2, we show
the actual function of the power consumption for the Database system under configurations 𝑐1
( ) and 𝑐2 ( ), respectively. The ( , ) represent the concrete performance measurements
taken at discrete time steps during the execution of the Database system under the respective
configurations. Each dot represents the performance measurement (𝑚𝑐1

(𝑡)) or (𝑚𝑐2
(𝑡)) at

a specific point in time 𝑡 for the power consumption of the system under its corresponding
configuration 𝑐1 or 𝑐2, respectively. For example, represents the power consumption (13 J)
of the Database system under configuration 𝑐1 at time 𝑡 = 8 s.

For a time-inhomogeneous performance metric and a configuration 𝑐, we collect a sequence
of performancemeasurements starting at a point in time 𝑡ini with the sampling period 𝑡sam. We
measure the performance metric at discrete time steps 𝑡𝑘 = 𝑡ini + 𝑘 ⋅ 𝑡sam ∈ ℝ≥, where 𝑘 ∈ ℕ
is the index of the measurement. This results in a sequence of performance measurements
(𝑚𝑐(𝑡𝑘))𝑘∈{0,…,𝑛𝑝−1}, where 𝑛𝑝 is the number of measurements.

Definition 2 (Performance Trace). A performance trace for a configuration 𝑐 is a tuple 𝑝 =
⟨𝑡ini, 𝑡sam, (𝑚𝑐,𝑘)𝑘∈{0,…,𝑛𝑝−1}⟩, where (𝑚𝑐,𝑘)𝑘∈{0,…,𝑛𝑝−1} is a sequence of performance measure-
ments, i. e., (𝑚𝑐,𝑘)𝑘∈{0,…,𝑛𝑝−1} ≡ (𝑚𝑐(𝑡𝑘))𝑘∈{0,…,𝑛𝑝−1}.

The performance data for each configuration of the software system is represented as such
a performance trace. Since performance behavior potentially varies across configurations,
the corresponding performance traces may also differ, which means, we have to collect
performance traces for multiple configurations.

1 For a time-homogeneous performance metric, we can omit the time component and simply write 𝑚 for the single
performance value.
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Definition 3 (Performance Dataset). A performance dataset is a set of performance traces
P = {⟨𝑐ℓ, 𝑝ℓ⟩ℓ∈{0,…,𝑛𝑐−1} | 𝑐ℓ ∈ C}, where each performance trace 𝑝ℓ corresponds to a different
configuration 𝑐ℓ of the software system and 𝑛𝑐 is the number of measured configurations.

Example 3 (Performance Dataset). The sequences ( 𝑘)𝑘∈{0,…,18} and ( 𝑘)𝑘∈{0,…,18} (c.f. Fig-
ure 2.2) represent the sequences of performance measurements for the configurations 𝑐1 and
𝑐2, respectively. Each sequence, together with 𝑡ini = 0 and 𝑡sam = 0.8, results in a performance
trace, i. e., 𝑝1 = ⟨0, 0.8, ( 𝑘)𝑘∈{0,…,18}⟩ and 𝑝2 = ⟨0, 0.8, ( 𝑘)𝑘∈{0,…,18}⟩. Combining these perfor-
mance traces for both configurations results in the performance dataset P = {⟨𝑐1, 𝑝1⟩, ⟨𝑐2, 𝑝2⟩}.



3
Approach

Performance modeling is a well-established research area within software engineering that
focuses onunderstanding andpredicting the performance of software systems [35]. The goal is
to provide insights into how software systems behave under different configurations, enabling
developers and users to make informed decisions about system design and configuration.
The literature on performance modeling focuses on explaining and predicting a posteriori
performance properties [35, 45], i. e., on modeling the performance measured at the end of
the execution of the software system. A classical example is the modeling of the execution
time or throughput of a software system in a particular configuration [35, 45].

In this thesis, we extend the classical performance modeling approach with a new di-
mension: the time dimension. These models are referred to as time-inhomogeneous performance
models. The time dimension allows us to model how performance metrics behave over time,
rather than just at the end of the execution. This is particularly relevant for software systems
and performance metrics that exhibit time-dependent behavior, such as memory usage of a
database system, latency of a web service, or energy consumption of an embedded system.

A common approach to analyze time-dependent behavior is to use the Discrete Fourier
Transform [5, 26, 34, 38]. TheDiscrete Fourier Transformfinds applicationwherever analyzing
frequency representations or identifying hidden structure in data is beneficial [24, 28, 32]. It
converts a discrete sequence of samples from a signal into its frequency representation. The
input of the Discrete Fourier Transform is a finite sequence of real or complex numbers. The
sequence needs to be equally spaced and typically represents samples of a signal. The Discrete
Fourier Transform converts the signal from its original domain, which is often the time (or
space domain), to a representation in the frequency domain. This function maps the input
sequence (i. e., our measurement sequence (𝑚𝑐ℓ,𝑘)) to a sequence of complex numbers, where
each complex number corresponds to its respective frequency component. More concretely,
the 𝑘-th complex number represents the contribution and respective strength of the 𝑘-th
frequency component. In the following we give the definition for complex numbers and the
Discrete Fourier Transform tailored to our application domain.

Definition 4 (Discrete Fourier Transform). The Discrete Fourier Transform is a function dft ∶
ℝ𝑛𝑝 → ℂ𝑛𝑝 that maps a finite sequence of 𝑛𝑝 measurements of a performance trace to
their respective frequency representation, i. e., {𝑚0, … 𝑚𝑛𝑝−1} ↦ {𝜚0, … , 𝜚𝑛𝑝−1}. The Discrete
Fourier Transform is defined as follows:

𝜚𝑘 = [ℜ(𝜚) + ℑ(𝜚)i]𝑘 ≔
𝑛𝑝−1

∑
𝑗=0

𝑚𝑗 𝑒
−2𝜋i 𝑘

𝑛𝑝 𝑗
, for 𝑘 ∈ {0, … , 𝑛𝑝 − 1}, (3.1)

where i is the imaginary unit and 𝜚𝑘 is the coefficient of the frequency component 𝜔𝑘 = 𝑘
𝑛𝑝

⋅ 1
𝑡sam

.

9
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In order to convert the frequency representation back to the time domain, we can use the
Inverse Discrete Fourier Transform dft−1 ∶ ℂ𝑛𝑝 → ℝ𝑛𝑝, which is the mathematical inverse
function of the Discrete Fourier Transform.

−0.7 −0.6 −0.5 −0.4 −0.3 −0.2 −0.1 0.1 0.2 0.3 0.4 0.5 0.6 0.7
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−4

−2

2

4
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Frequency [Hz]

c1 Real c1 Imag
c2 Real c2 Imag

220
230

Figure 3.1: By applying the Discrete Fourier Transform to the performance measurement sequences
shown as blue ( ) and red ( ) dots for configurations 𝑐1 and 𝑐2 in Figure 2.2 of the
Database example, we obtain the blue ( ) and red ( ) triangles representing the real
parts, and blue ( ) and red ( ) stars representing the imaginary parts corresponding to
the frequencies shown on the y-axis.

Example 4 (Discrete Fourier Transform). We transform the performance measurement se-
quences ( 𝑘)𝑘∈{0,…,18} and ( 𝑘)𝑘∈{0,…,18} (c.f. Figure 2.2) for the configurations 𝑐1 and 𝑐2 into
the frequency domain using the Discrete Fourier Transform. Each measurement sequence
yields a corresponding sequence of complex coefficients ( + 𝑖)𝑘∈{0,…,18} and ( + 𝑖)𝑘∈{0,…,18},
where the 𝑘-th coefficient represents the contribution to the 𝑘-th frequency, as illustrated on
the x-axis in Figure 3.1. Applying the Inverse Discrete Fourier Transform to these sequences
( + 𝑖)𝑘∈{0,…,18} and ( + 𝑖)𝑘∈{0,…,18}, reconstructs the original measurement sequences
( 𝑘)𝑘∈{0,…,18} and ( 𝑘)𝑘∈{0,…,18}.

3.1 Model Construction

Our approach leverages frequency domain analysis to learn performance models which
can predict for every configuration a performance sequence over time. In what follows, we
present the steps of our time-inhomogeneous performance modeling approach, illustrated
in Figure 3.2, which builds a framework that takes a configuration as input and returns its
predicted performance sequence over time.



3.1 Model Construction 11

𝑚

𝑡

𝑐ℓ
𝑚

𝑡

𝑐ℓ
𝑚

𝑡

𝑐ℓ
𝑚

𝑡

𝑐ℓ
𝑚

𝑡

𝑐ℓ
𝑚

𝑡

𝑐ℓ

𝑛𝑐

𝑐292 𝑐12 𝑐∗

... 𝑐28 𝑐9

se
en

un
se

en

𝜌

𝜔
DFT 𝑐ℓ

𝜌

𝜔
DFT 𝑐ℓ

𝜌

𝜔
DFT 𝑐ℓ

𝜌

𝜔
DFT 𝑐ℓ

𝜌

𝜔
DFT 𝑐ℓ

𝜌

𝜔
DFT 𝑐ℓ

𝑛𝑐

DFT

Optimization Problem
Equation 3.4

Model 𝜇

⟨ ⃗𝛼, ⃗𝛽, ⃗𝛿⟩

̂𝜌

𝜔
DFT 𝑐∗

𝑚̂

𝑡

𝑐∗

DFT−1

Configuration Set C

Step 1 Step 2

Step 3

Step 4Step 5

Figure 3.2: Schematic overview of time-inhomogeneous performance modeling.

Step 1 To construct a time-inhomogeneous performance model, we first collect performance
sequences for a subset of configurations sampled from the configuration set C of the software
system. We generate a sample set of 𝑛𝑐 configurations using uniform random sampling,
resulting in a finite set of sample configurations S = {𝑐0, … , 𝑐𝑛𝑐−1}.

For each configuration 𝑐ℓ ∈ S, we obtain a performance trace 𝑝ℓ using a common starting
time 𝑡ini, sampling period 𝑡sam, and number of performance measurements 𝑛𝑝. This guar-
antees that all sample configurations share the same execution time and are measured at
identical time points {𝑡0, … , 𝑡𝑛𝑝−1}. Each configuration 𝑐ℓ ∈ S, then yields a sequence of
performance measurements (𝑚𝑐ℓ,𝑘)𝑘∈{0,…,𝑛𝑝−1}, which defines the performance trace 𝑝ℓ =
⟨𝑡ini, 𝑡sam, (𝑚𝑐ℓ,𝑘)𝑘∈{0,…,𝑛𝑝−1}⟩. Collectively, these traces form a performance dataset
P = {⟨𝑐ℓ, 𝑝ℓ⟩ℓ∈{0,…,𝑛𝑐−1} | 𝑐ℓ ∈ S}.

Step 2 We transform the time series data into the frequency domain using theDiscrete Fourier
Transform. This transformation allows us to analyze the individual frequency components of
the time series data, which enables us to identify patterns and trends in the data.

For all configurations 𝑐ℓ ∈ S , we apply the Discrete Fourier Transform to their measurement
sequence (𝑚𝑐ℓ,𝑘)𝑘∈{0,…,𝑛𝑝−1} of the corresponding performance trace 𝑝ℓ, yielding the frequency
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representation (𝜚𝑐ℓ,𝑘)𝑘∈{0,…,𝑛𝑝−1}. Since all configurations share the same sampling rate 𝑡sam
and initial measurement time 𝑡ini, the resulting coefficients (𝜚𝑐ℓ,𝑘)𝑘∈{0,…,𝑛𝑝−1} are aligned to
the same set of frequencies 𝜔𝑘 for 𝑘 ∈ {0, … , 𝑛𝑝 −1}. While the frequencies are identical across
all configurations, the complex-valued coefficients (𝜚𝑐ℓ,𝑘)𝑘∈{0,…,𝑛𝑝−1} might differ depending
on the configuration. In summary, we convert the sample set from sequences of performance
measurements to their corresponding frequency representations.

Step 3 We use the frequency components to compute a time-inhomogeneous performance
model. This model is an optimal solution to an optimization problem that minimizes the
difference between the measured performance data and the model’s predictions, formulated
in Equation 3.4. The time-inhomogeneous performance model can then be used to predict the
performance of the software system in different configurations in the frequency domain. The
model can be expressed as a function 𝜇 ∶ C → ℂ|𝑛𝑝| which maps configurations 𝑐ℓ to a vector
whose 𝑘-th entry corresponds to the predicted complex coefficient 𝜚𝑐ℓ,𝑘. The construction of
the optimization problem to derive the model is described in detail in the following section.
Given the constructed model, we can provide an arbitrary configuration 𝑐∗ ∈ V as input to
predict its performance behavior during execution. This includes configurations that were
not part of the sample set S used for model construction. Applying the learned model 𝜇 to
the configuration 𝑐∗ yields the predicted frequency representation 𝜇(𝑐∗) of its performance
function.

Step 4 The model outputs the predicted frequency representation of the performance
function of 𝑐∗ by summing, for the 𝑘-th entry, the contributions to the frequency value of 𝜔𝑘
from all configuration options and interactions active in 𝑐∗.

Step 5 Finally, we apply the Inverse Fourier Transform to convert the predictions back to the
time domain, allowing us to analyze the performance of the software system over time. We
obtain the performance values at the time points {𝑡0, … , 𝑡𝑛𝑝−1}.

3.2 Optimization Problem

Our goal is to compute a model that captures the influence of individual configuation options
and their interactions on a given performancemetric over thewhole execution time. To achieve
this, we assume that we can express the individual influences of the configuration options
and their interactions as a linear combination of frequency components. That means, given
that there is an inherent connection between the configuration options of the software system
and its performance, we try to identify the frequency components and their strength for each
configuration option and their interaction that best explain the measured performance data.
To this end, we formulate the problem as a minimization problem, where we aim to minimize
the difference between the measured frequency coefficients and the model’s predictions.
For each frequency 𝜔𝑘, we aim to determine the contribution of each configuration option
interaction 𝜏 to the complex coefficient 𝜚𝑘 = [ℜ(𝜚) + ℑ(𝜚)i]𝑘. For this we introduce weights
𝛼𝜏,𝜔𝑘

∈ ℝ and 𝛽𝜏,𝜔𝑘
∈ ℝ, where 𝛼𝜏,𝜔𝑘

captures the influence of interaction 𝜏 on the real part
ℜ(𝜚), while 𝛽𝜏,𝜔𝑘

captures its influence on the imaginary part ℑ(𝜚).
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We denote the set of configuration option interactions we consider for model construction
as T . To build the set T , we include all terms up to a predetermined size, that is, all individual
configuration options and interactions up to a certain size. To check whether a configuration
𝑐ℓ satisfies all conditions specified by an interaction 𝜏 ∈ T , we use the previously defined
indicator function on(𝑐ℓ, 𝜏), which returns 1 if 𝜏 is active in 𝑐ℓ, and 0 otherwise.

Constraints. We apply the Discrete Fourier Transform to the performance sequence
(𝑚𝑐ℓ,𝑘)𝑘∈{0,…,𝑛𝑝−1} of each configuration 𝑐ℓ, yielding the corresponding complex coefficients
(𝜚𝑐ℓ,𝑘)𝑘∈{0,…,𝑛𝑝−1}. With these coefficients, we define the constraints in the optimization prob-
lem for every measured configuration 𝑐ℓ, frequency 𝜔𝑘, and a set of interactions T . The
constraints are defined as follows:

∥∥∥∥
∑

𝜏∈T
on(𝑐ℓ, 𝜏) ⋅ 𝛼𝜏,𝜔𝑘

− ℜ(𝜚𝑐ℓ,𝑘) + ( ∑
𝜏∈T

on(𝑐ℓ, 𝜏) ⋅ 𝛽𝜏,𝜔𝑘
− ℑ(𝜚𝑐ℓ,𝑘))i

∥∥∥∥2
≤ 𝛿𝑐ℓ,𝜔𝑘

,

𝑘 ∈ {0, … , 𝑛𝑝 − 1}, ℓ ∈ {0, … , 𝑛𝑐 − 1}
(3.2)

Equivalently, expanding the L2 norm, we can express the constraints as:

( ∑
𝜏∈T

on(𝑐ℓ, 𝜏) ⋅ 𝛼𝜏,𝜔𝑘
− ℜ(𝜚𝑐ℓ,𝑘))2 + ( ∑

𝜏∈T
on(𝑐ℓ, 𝜏) ⋅ 𝛽𝜏,𝜔𝑘

− ℑ(𝜚𝑐ℓ,𝑘))2 ≤ 𝛿2
𝑐ℓ,𝜔𝑘

,

𝑘 ∈ {0, … , 𝑛𝑝 − 1}, ℓ ∈ {0, … , 𝑛𝑐 − 1}
(3.3)

The predicted real part of coefficient 𝜚𝑐ℓ,𝑘 = [ℜ(𝜚𝑐ℓ
) + ℑ(𝜚𝑐ℓ

)i]𝑘 for configuration 𝑐ℓ at
frequency 𝜔𝑘 is given by ∑𝜏∈T on(𝑐ℓ, 𝜏) ⋅ 𝛼𝜏,𝜔𝑘

, which sums the contributions 𝛼𝜏,𝜔𝑘
of all

active interactions 𝜏 in 𝑐ℓ to the real part ℜ(𝜚𝑐ℓ
). Similarly, the term ∑𝜏∈T on(𝑐ℓ, 𝜏)⋅𝛽𝜏,𝜔𝑘

gives
the prediction for the imaginary part ℑ(𝜚𝑐ℓ

). Together, these terms form the predicted complex
coefficient ∑𝜏∈T on(𝑐ℓ, 𝜏) ⋅ 𝛼𝜏,𝜔𝑘

+ (∑𝜏∈T on(𝑐ℓ, 𝜏) ⋅ 𝛽𝜏,𝜔𝑘
)i, which should match the actual

coefficient 𝜚𝑐ℓ,𝑘. We aim to minimize the L2 norm of the difference between the predicted
and observed complex coefficient 𝜚𝑐ℓ,𝑘. In this way, the optimization problem minimizes the
magnitude of the difference between the predicted and actual complex coefficient.

The inequality ensures that the deviation between the predicted and actual coefficient for a
configuration 𝑐ℓ and frequency 𝜔𝑘 is bounded by a non-negative error variable 𝛿𝑐ℓ,𝜔𝑘

. This
error variable introduces flexibility in the optimization problem, enabling it to account for
potential errors or uncertainties in the predictions. We introduce an error variable 𝛿𝑐ℓ,𝜔𝑘

for
each configuration 𝑐ℓ ∈ S and frequency 𝜔𝑘. The error variables 𝛿𝑐ℓ,𝜔𝑘

represent the L2 norm
of the difference between the predicted and observed coefficients for each configuration 𝑐ℓ
and frequency 𝜔𝑘. In other words, 𝛿𝑐ℓ,𝜔𝑘

quantifies the prediction error for configuration 𝑐ℓ at
frequency 𝜔𝑘.

Optimization Problem. The formulated constraints ensure that the predicted coefficients
for a configuration 𝑐ℓ and frequency 𝜔𝑘 deviate from the actual ones by at most a bounded
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error 𝛿𝑐ℓ,𝜔𝑘
. What is missing is that we aim to keep the error as small as possible. Using the

constraints, introduced above, we formulate the final minimization problem:

min ∑
𝑐ℓ∈S,

𝑘∈{0,…,𝑛𝑝−1}

𝛿𝑐ℓ,𝜔𝑘
,

subject to
∥∥∥∥

∑
𝜏∈T

on(𝑐ℓ, 𝜏) ⋅ 𝛼𝜏,𝜔𝑘
− ℜ(𝜚𝑐ℓ,𝑘) + ( ∑

𝜏∈T
on(𝑐ℓ, 𝜏) ⋅ 𝛽𝜏,𝜔𝑘

− ℑ(𝜚𝑐ℓ,𝑘))i
∥∥∥∥2

≤ 𝛿𝑐ℓ,𝜔𝑘
,

𝑘 ∈ {0, … , 𝑛𝑝 − 1}, ℓ ∈ {0, … , 𝑛𝑐 − 1}

(3.4)

The solution of this optimization problem serves as a performance model, which makes
predictions in the frequency domain. The objective is to minimize the sum of the error
variables 𝛿𝑐ℓ,𝜔𝑘

, which represent the deviation between the predicted and actual coefficients
across all sample configurations and frequencies. The constraints ensure that, for every
configuration and every frequency, the difference between predicted and actual coefficients
remains within the bound defined by the error variables. By minimizing the total sum of the
error variables, the optimization problem seeks to find the best-fitting model that accurately
captures the influence of configuration options and their interactions on the performance
metric over time.

Weobtain a solution to this optimization problemusing the solverGurobi,which determines
optimal contributions 𝛼𝜏,𝜔𝑘

, 𝛽𝜏,𝜔𝑘
and 𝛿𝑐ℓ,𝜔𝑘

for each interaction based on the frequency data
from the sample set. The result is a model 𝜇 ∶ C → ℂ|𝑛𝑝|, which maps configurations to a
vector of complex numbers {𝜚𝑐ℓ,0, … , 𝜚𝑐ℓ,𝑛𝑝−1}, which we obtain by summing up the predicted
complex numbers for each interaction present in the configuration. The 𝑘-th entry of the
vector is obtained by summing up the predicted contributions of all interactions present in
the configuration for the corresponding frequency 𝜔𝑘.

Algorithm 1: (Gurobi-based) Model Learning
Input: P(O) T , Performance Dataset database
Output: model

1 model = initialize();
2 foreach ⟨𝑐, 𝑝⟩ ∈ P = {⟨𝑐ℓ, 𝑝ℓ⟩ℓ∈{0,…,𝑛𝑐}} = {⟨𝑐ℓ, ⟨𝑡ini, 𝑡sam, (𝑚𝑐ℓ,𝑘)𝑘∈{0,…,𝑛𝑝−1}⟩ℓ⟩ℓ∈{0,…,𝑛𝑐}}

do
3 _, 𝑡sam,M = _, 𝑡sam, (𝑚𝑐ℓ,𝑘)𝑘∈{0,…,𝑛𝑝−1} = 𝑝;
4 (𝜚𝑐ℓ,𝑘), (𝜔𝑘) = dft (M), dft_freqs (M, 𝑡sam);
5 foreach ⟨𝜔, 𝜚⟩ ∈ (𝜔𝑘), (𝜚𝑐ℓ,𝑘) do
6 foreach 𝜏 in T do
7 model.addVars (𝛼𝜏,𝜔, 𝛽𝜏,𝜔, 𝛿𝑐,𝜔);
8 𝜋𝑐,𝜔,real = ∑𝜏∈T on(𝑐, 𝜏) ⋅ 𝛼𝜏,𝜔;
9 𝜋𝑐,𝜔,imag = ∑𝜏∈T on(𝑐, 𝜏) ⋅ 𝛽𝜏,𝜔;

10 model.addConstraint (∥(𝜋𝑐,𝜔,real − ℜ(𝜚)) + (𝜋𝑐,𝜔,imag − ℑ(𝜚))i ∥
2

≤ 𝛿𝑐,𝜔);

11 model.minimize(∑ |model.𝛿|);
12 return model
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Algorithmic Implementation. The model construction process is illustrated in algorithm 1.
First, we iterate over all configurations and their corresponding performance traces in the
performance dataset. For each configuration, we transform its performance trace into the
frequency domain using the Discrete Fourier Transform, yielding the complex coefficients
(𝜚𝑐ℓ,𝑘)𝑘∈{0,…,𝑛𝑝−1} associated with the frequencies (𝜔𝑘)𝑘∈{0,…,𝑛𝑝−1}. Next, for each frequency
𝜔𝑘, interaction 𝜏, and configuration 𝑐ℓ, we introduce the variables 𝛼𝜏,𝜔𝑘

, 𝛽𝜏,𝜔𝑘
, and 𝛿𝑐ℓ,𝜔𝑘

,
which represent the contribution of the interaction to the real and imaginary parts of the
coefficient and the error variable to account for the prediction error. We then add a constraint
for the current configuration and frequency, ensuring that the difference between predicted
and actual coefficients is bounded by the error variables. Finally, the total sum of all error
variables is minimized. This minimization assigns values to the variables 𝛼𝜏,𝜔𝑘

, 𝛽𝜏,𝜔𝑘
, and

𝛿𝑐ℓ,𝜔𝑘
, such that the the sum of all error variables is minimized, while all constraints are

satisfied. Finally, we return the model with the assigned complex values for the influences of
each interaction.

Example 5. To illustrate how the optimization problem is constructed for our Database ex-
ample, we consider the sample set S = {𝑐1, 𝑐2} and take the interaction set to include all
individual configuration options, therefore, it holds T = O. In the previous example, we
computed the Discrete Fourier Transform of the performance measurement sequences for con-
figurations 𝑐1 and 𝑐2, yielding the complex coefficients ( + 𝑖)𝑘∈{0,…,18} and ( + 𝑖)𝑘∈{0,…,18}.
This results in the following constraints:

Configuration 𝑐1 ∶

∥(𝛼𝑑,𝜔0
+ 𝛼𝑐,𝜔0

+ 𝛼𝑓 ,𝜔0
− 0) + (𝛽𝑑,𝜔0

+ 𝛽𝑐,𝜔0
+ 𝛽𝑓 ,𝜔0

− 0)i ∥
2

≤ 𝛿𝑐1,𝜔0

∥(𝛼𝑑,𝜔1
+ 𝛼𝑐,𝜔1

+ 𝛼𝑓 ,𝜔1
− 1) + (𝛽𝑑,𝜔1

+ 𝛽𝑐,𝜔1
+ 𝛽𝑓 ,𝜔1

− 1)i ∥
2

≤ 𝛿𝑐1,𝜔1

⋮
∥(𝛼𝑑,𝜔18

+ 𝛼𝑐,𝜔18
+ 𝛼𝑓 ,𝜔18

− 18) + (𝛽𝑑,𝜔18
+ 𝛽𝑐,𝜔18

+ 𝛽𝑓 ,𝜔18
− 18)i ∥

2
≤ 𝛿𝑐1,𝜔18

Configuration 𝑐2 ∶

∥(𝛼𝑑,𝜔0
+ 𝛼𝑐,𝜔0

+ 𝛼𝑙,𝜔0
− 0) + (𝛽𝑑,𝜔0

+ 𝛽𝑐,𝜔0
+ 𝛽𝑙,𝜔0

− 0)i ∥
2

≤ 𝛿𝑐2,𝜔0

∥(𝛼𝑑,𝜔1
+ 𝛼𝑐,𝜔1

+ 𝛼𝑙,𝜔1
− 1) + (𝛽𝑑,𝜔1

+ 𝛽𝑐,𝜔1
+ 𝛽𝑙,𝜔1

− 1)i ∥
2

≤ 𝛿𝑐2,𝜔1

⋮
∥(𝛼𝑑,𝜔18

+ 𝛼𝑐,𝜔18
+ 𝛼𝑙,𝜔18

− 18) + (𝛽𝑑,𝜔18
+ 𝛽𝑐,𝜔18

+ 𝛽𝑙,𝜔18
− 18)i ∥

2
≤ 𝛿𝑐2,𝜔18

Finally, the optimization problem minimizes the sum of all error variables:

18
∑
𝑖=0

(𝛿𝑐1,𝜔𝑖
+ 𝛿𝑐2,𝜔𝑖

)
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The solution of the optimization problem yields the contributions 𝛼𝑜,𝜔𝑘
, 𝛽𝑜,𝜔𝑘

for each
configuration option 𝑜 ∈ {𝑑, 𝑜, 𝑐, 𝑙, 𝑚, 𝑓 } and frequency 𝜔𝑘. This results in a model 𝜇 ∶ C → ℂ19,

𝑐 ↦

⎡
⎢⎢⎢⎢⎢⎢
⎣

∑𝑜∈{𝑑,𝑜,𝑐,𝑙,𝑚,𝑓 }(𝛼𝑜,𝜔0
+ 𝛽𝑜,𝜔0

i) ⋅ on(𝑐, 𝑜)

∑𝑜∈{𝑑,𝑜,𝑐,𝑙,𝑚,𝑓 }(𝛼𝑜,𝜔1
+ 𝛽𝑜,𝜔1

i) ⋅ on(𝑐, 𝑜)

⋮
∑𝑜∈{𝑑,𝑜,𝑐,𝑙,𝑚,𝑓 }(𝛼𝑜,𝜔18

+ 𝛽𝑜,𝜔18
i) ⋅ on(𝑐, 𝑜)

⎤
⎥⎥⎥⎥⎥⎥
⎦

The frequency representation of a configuration 𝑐 ∈ V , is given by applying the learnedmodel
to configuration 𝑐, i. e., 𝜇(𝑐), which computes the predicted vector of frequency components
by summing up the contributions of all configuration options enabled in 𝑐. Applying the
Inverse Discrete Fourier Transform to this vector yields the predicted performance sequence
(𝑚̂𝑐,𝑘)𝑘∈{0,…,18} for configuration 𝑐.



4
Methodology

The goal of using time-inhomogeneous performance models is to capture the dynamic
behavior of configurable software systems allowing for performance predictions that re-
flect temporal variations. In this section, we present our methodology to evaluate our time-
inhomogeneous performance models. We start by stating our research questions, defining
the scope of our evaluation, and end with describing the experimental setup to answer our
research questions.

4.1 Research Questions

We evaluate our modeling approach guided by two research questions. First, we assess the
accuracy of our time-inhomogeneous performancemodel usingmanually seededperformance
behaviors to examine whether the model can accurately capture the influence of configuration
options on performance over execution time. Second, we investigate the impact of synthetic
noise on model accuracy.

Accuracy of Time-Inhomogeneous Models. Classical performance modeling approaches,
such as linear regression [35, 36], are widely used in the literature to predict a posteriori
performance metrics, e.g., response time or throughput [35, 45]. Previous work has shown
that classical performance modeling approaches can capture the influence of configuration
options on scalar performance values with high accuracy [35, 36].

We designed our approach to capture variant performance behavior over execution time.
We achieve this by leveraging the frequency domain and formulating an optimization problem
to learn a performance model by minimizing the prediction error. One quality criterion of
interest is the accuracy of the predictions made by our time-inhomogeneous performance
models. That is, we are interested in how closely the predicted performance sequence aligns
with the measured performance sequence for each configuration.

To enable this evaluation, we require a priori knowledge of the exact temporal patterns of
the system’s performance behavior. We want to control the influence of configuration options
and their interactions on overall performance, including how many configuration options are
assigned influences and whether interactions also have an influence. Therefore, we consider
the configuration space of a real-world configurable software system and manually seed func-
tions representing the performance influences of individual configuration options and their
interactions. Using this setup, we examine whether the time-inhomogeneous performance
model accurately captures temporal patterns such as peaks, drops, or increases and decreases
in performance. This leads to our first research question, in which we investigate the accuracy

17



18 Methodology

of our time-inhomogeneous performance models in capturing variant performance behavior
over the execution time.

RQ1: Prediction AccuracyHow well do time-inhomogeneous performance models capture
temporal patterns of configuration options and their interactions on performance?

Impact of Synthetic Noise. In real-world performance measurements, various factors such
as background processes, hardware variability, and network delays can introduce noise. Un-
derstanding the influence of noise on model accuracy supports assessing the applicability of
our approach in real-world scenarios. To systematically investigate this effect, we simulate
noise in our manually seeded case studies by adding synthetic noise to the performance mea-
surements. In our experiments, we focus on Gaussian noise introduced at the configuration
level, meaning that noise is added directly to the performance behavior of each configuration.
We evaluate the impact of noise on the accuracy of our time-inhomogeneous performance
models by comparing predictions obtained from noisy measurements against those derived
from noise-free measurements. This analysis allows us to identify potential limitations of
our modeling approach and provides insights into how synthetic noise affects model accu-
racy. Consequently, our second research question focuses on evaluating the accuracy of the
time-inhomogeneous models under synthetic noise conditions.

RQ2: Synthetic Noise Effect What is the impact of synthetic noise on the accuracy of
time-inhomogeneous performance models?

4.2 Operationalization

To answer our research questions, we introduce the experimental setup and explain how we
operationalize our research questions. We specify how our performance measurements are
obtained through manually seeded performance behavior and how we assess the accuracy
of our time-inhomogeneous performance models using the Mean Integral Squared Error as
error metric.

4.2.1 Seeded Performance Behavior

We evaluate our research questions using seeded performance behavior in real world case
studies. Each case study is constructed by considering the configuration space of a real-world
configurable software system and manually seeding functions for configuration options and
their interactions as influence on the overall performance function.We achieve this by defining
a set of functions and randomly assigning them to configuration options and their interactions.
We compute the performance function of a configuration over execution time by summing
up the influences of all configuration options and interactions enabled in the configuration.
This allows us to establish a ground truth for the performance functions of all configurations.

Experimental Setup.Weconsider two real-world configurable software systems fromdifferent
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Table 4.1: Overview of the subject systems used in our evaluation, including valid configuration space
|V |, configuration options |O|, sample sizes (t1, t2, t3) and seeded terms (Int Deg 1, Int
Deg 2). “Int Deg 1” refers to an interaction degree of 1, meaning only individual options
have an influence, whereas “Int Deg 2” additionally includes influences from pair-wise
interactions. Each tuple of seeded terms specifies a scenario, indicating the number of
individual configuration options and interactions assigned an influence.

|V | |O| Sample Size Seeded Terms
t1 t2 t3 (Int Deg 1, Int Deg 2)

LL
V
M 1 024 11 11 55 165 (11, 0) (6, 0) (2, 0)

(11, 6) (6, 6) (2, 6)

LR
ZI

P 432 19 18 90 178 (19, 0) (10, 0) (4, 0)
(19, 10) (10, 10) (4, 10)

application domains, including LLVM, a compiler infrastructure, and lrzip, a compression
tool. Table 4.1 summarizes the characteristics of these systems and how we seed performance
behavior to configuration options and interactions for our evaluation.

For each system, we define three different sample sizes (t1, t2, t3) of configurations, corre-
sponding to the size of t-wise coverage sample sets with t ∈ {1, 2, 3}, respectively. Using the
three sample sizes t1, t2, t3, we construct the models 𝜇t1, 𝜇t2, 𝜇t3, respectively. Specifically,
a 1-wise sample size ensures that every configuration option is enabled in at least one con-
figuration and disabled in at least one configuration, whenever possible. A 2-wise sample
size guarantees that every possible value combination of any two configuration options, e. g.,
both enabled, both disabled, one enabled and the other disabled, and vice versa, appears in at
least one configuration of the sample. Similarly, a 3-wise sample size ensures that all possible
value combinations of any three configuration options appear in at least one configuration.
The required sample sizes for each system and coverage are shown in Table 4.1.

The Seeded Terms columns in Table 4.1 specify how many configuration options and inter-
actions are assigned a performance influence. We consider three scenarios in which either
all, half, or one-fifth of the configuration options are assigned an influence. For LLVM this
corresponds to eleven, six, and two configuration options, respectively. Each column of Seeded
Terms represents one of these scenarios with two variants. In the first variant (e. g., (11, 0)),
only the selected configuration options themselves are assigned influences. In the second
variant (e. g., (11, 6)), the same options with the same influences are considered together with
2-wise interactions having an influence assigned. For all scenarios, the number of assigned
interactions is set to half the total number of configuration options in the system. For example,
in LLVM this results in six pair-wise interactions in all scenarios. For interactions of configu-
ration options, the selected interactions remain constant across all scenarios and repeated
assignments within a system, while only their assigned functions vary (e. g., (11, 6) and (6, 6)
both have the same six interactions assigned). This ensures comparability between variants
with and without 2-wise interactions. The assigned functions are randomly chosen from a set
of predefined functions, which is illustrated in Table 4.2. We include multiple functions in
the groups of constant, sine, cosine, polynomial, exponential and piecewise functions. Since
we only consider the influence of individual configuration options and interactions of size
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Table 4.2: Set of functions used for randomly assigning influences to configuration options and their
interactions.

Function Type Functions

Constant 𝑓 (𝑡) = 1 𝑓 (𝑡) = 5

𝑓 (𝑡) = 10 𝑓 (𝑡) = 25

𝑓 (𝑡) = 50 𝑓 (𝑡) = 100

Sine/Cosine 𝑓 (𝑡) = sin(𝑡) 𝑓 (𝑡) = cos(𝑡)

𝑓 (𝑡) = 5 ⋅ sin(𝑡)

Polynomial 𝑓 (𝑡) = 𝑡 𝑓 (𝑡) = 𝑡2

𝑓 (𝑡) = 6 ⋅ √ 𝑡
100 ⋅ (1 − 𝑡

100 )

Piecewise 𝑓 (𝑡) =
⎧{
⎨{⎩

0, 𝑡 < 10,

10, 10 ≤ 𝑡 ≤ 20,
𝑓 (𝑡) =

⎧{{
⎨{{⎩

𝑡2

15 , 𝑡 < 15,

15, 15 ≤ 𝑡 < 20

Mixed 𝑓 (𝑡) = 5 ⋅ (1 − |(2 ⋅ ( 𝑡
100 ) − 1)|) 𝑓 (𝑡) = 8 ⋅ ( 𝑡

100 ) ⋅ exp(− (𝑡−10)2

100 )

𝑓 (𝑡) = 10 ⋅ sin2(𝜋 ⋅ 𝑡
100 ) 𝑓 (𝑡) = 6 ⋅ sin2(𝜋 ⋅ 𝑡

100 ) + 3 ⋅ sin4(3 ⋅ 𝜋 ⋅ 𝑡
100 )

two, we limit influence assignments during model building to these terms. Accordingly, we
predefine the set of configuration options and interactions T to include all individual options
and their pair-wise interactions.

Repeated Measurements. For each scenario, i. e., each tuple of assignments for interaction de-
gree 1 and 2 in the seeded terms, we generate two independent assignments for configuration
options and interactions, together with their associated functions by using two different seeds.
Within a scenario and seed, the variant without interaction influences is subset of the variant
with interaction influences as the same configuration options receive identical influences,
while the variant with interaction influences includes additional pair-wise influences. For
each assignment, we generate performance measurements for all valid configurations. Subse-
quently, for each of those performance datasets we learn a time-inhomogeneous performance
model. This procedure results in 2 × 3 × 2 × 6 performance datasets to learn corresponding
models for the noiseless setting, as we consider 2 subject systems, 3 sample sizes, and 2
assignments for 6 seeded term scenarios.

Sampling Strategy. To construct the sample set of measured configurations, we use uniform
random sampling. Since this thesis does not focus on analyzing the effect of different sampling
strategies on our approach, we make use of uniform random sampling as a baseline and
generate only one fixed sample set for each sample size and system.

Adding Synthetic Noise. To study the effect of synthetic noise, we repeat the above procedure
while adding Gaussian noise. We compute the performance function for a configuration by
summing the influences of all active configuration options and interactions. Afterwards, we
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perturb the resulting performance sequence by adding, to each value, a random number
drawn independently from a Gaussian distribution with mean 0 and standard deviation 1.0.

When building the noisy performance datasets, we use the same configuration options,
interactions and assigned functions as in the noiseless datasets, allowing us to investigate the
isolated influence of synthetic noise on model accuracy. Consequently, the total number of
performance datasets to learn corresponding models for is 2 × 3 × 2 × 6 × 2, where the last
factor of 2 accounts for both the noiseless and noisy settings.

Performance Measurements. To obtain the performance traces for the sampled configura-
tions, we use the performance functions defined by the seeded performance behavior. Since
the performance behavior is specified by the experiment design, we can determine the se-
quence of performance measurements of any configuration by evaluating the corresponding
performance function at different points in time. Consequently, all performance sequences
are derived from known performance functions, which serve as ground truth. Additionally,
we restrict the measurements by using the same start time 𝑡ini = 0, same sampling period
𝑡sam = 0.2, and end time 𝑡fin = 20 for all configurations. This guarantees that all configurations
are measured at identical time points and have the same execution time.

4.2.2 Research Questions

We evaluate how accurately the predicted performance behavior matches the actual per-
formance behavior by answering RQ1 and RQ2. For this purpose, we consider the time-
inhomogeneous performance models obtained using the methodology described above. For
each learned model, we compare the predicted performance sequence against the actual
performance sequence for all configurations of the system. This allows us to assess how well
each model captured the temporal behavior across the entire configuration space. To quantify
the accuracy of our predictions, we use the following error metric.

Mean Integral Squared Error. To capture the average pointwise deviation between the
predicted and actual performance measurements of a configuration 𝑐, we compute the mean
Integral Squared Error.

mean (ISE)(𝑚𝑐, 𝑚̂𝑐) =
1

𝑡fin − 𝑡ini

𝑡fin
∑

𝑖=𝑡ini
(𝑚𝑐(𝑡𝑖) − 𝑚̂𝑐(𝑡𝑖))2 (4.1)

The summation over discrete measurement points 𝑡𝑖 approximates the integral of the squared
error. Thus, the mean integral squared error is a discrete integral of the squared error, nor-
malized by the total execution time 𝑡fin − 𝑡ini.

This metric averages the squared difference between the predicted values 𝑚̂𝑐 and the actual
performance measurements 𝑚𝑐 at each discrete time point 𝑡𝑖. Here, 𝑡𝑖 denotes the 𝑖-th discrete
measurement time point, starting with the initial point 𝑡ini and ending with the final point
𝑡fin. A small mean integral squared error indicates that the predicted performance function
closely matches the actual function across all measured time points, while larger deviations
at any time point have a higher impact compared to smaller deviations. This metric ensures
that large deviations at individual time points do not dominate the evaluation.





5
Evaluation

In this chapter, we present the results of our experiments, examining how well our approach
predicts performance behavior over execution time across the different sample sizes. We
first report the results for models constructed with measurements without noise and then
with noise, and discuss their implications with respect to our research questions. Within
each research question, we distinguish between models learned without influences of inter-
actions of configuration options and those that incorporate them. We analyze the predicted
sequences in the time domain for individual, representative configurations. To capture pre-
diction errors across all configurations, we summarize the differences between predicted and
actual sequences using the mean Integral Squared Error, illustrated with boxplots to show
their overall distribution. Finally, we discuss the results, answer our research questions, and
address potential threats to validity of our approach.

5.1 Results

We evaluate our models by comparing the predicted performance values over execution
time with the actual measurements. We focus on scenarios where half of the configuration
options are assigned influences, both with and without additional pairwise influences. For
these scenarios, we construct models for all three sample sizes and report results using a
fixed seed to select configuration options, pairwise interactions, and their influence functions.
Then, we exemplarily analyze configurations that were included in the sample set for all
models, excluded only for model 𝜇t1, excluded for both models 𝜇t1 and 𝜇t2, and excluded for
all models. In every Figure in this section, the left plot shows a corresponding configuration
of LLVM, the right plot one from lrzip, with the black line marking actual performance and
coloredmarkers showing predictions for the different models. Since the performance behavior
is seeded, we omit the y-label for the performance metric. The seeded performance behavior
serves as a placeholder for arbitrary performancemetrics, such as power consumption, latency,
or throughput.

5.1.1 RQ1: Prediction Accuracy

In order to answer the first research question, we aim to assess howwell our approach captures
the temporal patterns of configuration options and their interactions. To this end, we examine
the predictions in the time domain, after applying the Inverse Discrete Fourier Transform to
the predicted frequency values. In the following, we distinguish between performance data
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Figure 5.1: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐27 (left)
and 𝑐295 (right), which were known for all models. The black line shows the actual
performance behavior of configurations 𝑐27 and 𝑐295, while the colored markers ( , , )
represent the predicted performance from models 𝜇t1, 𝜇t2, and 𝜇t3.

without interaction influences and with interaction influences. The first variant considers
measurements where only individual configuration options affect performance, while the
second includes the influence of their interactions.

Performance Data without Interaction Influences
First, we examine models 𝜇t1, 𝜇t2, and 𝜇t3 built without considering the influences of in-
teractions of configuration options. For both systems (LLVM and lrzip), we evaluate the
predictions for selected configurations, distinguishing between configurations that were
included in the sample set for all models, excluded from the sample set of model 𝜇t1, excluded
from both the sample set of model 𝜇t1 and 𝜇t2, and excluded from the sample sets for all
models.

Known Configurations for All Models. The two plots in Figure 5.1 show the performance
behavior for configurations that were included in the sample set for constructing models
for all three sample sizes. For LLVM, the performance increases until around 𝑡 = 13, where
it reaches a peak and then decreases. For lrzip, the performance rises with a small jump
at around 𝑡 = 10. In both systems, the predicted performance exactly matches the actual
behavior across all models, with all predicted values at each time point aligning with the
measured values.

Unknown Configurations for Model 𝜇t1. Figure 5.2 shows configurations for LLVM and
lrzip that were excluded from the sample set for constructing model 𝜇t1 but included for
the models 𝜇t2 and 𝜇t3. For both systems, the predictions for the models 𝜇t2 and 𝜇t3 exactly
match the actual performance behavior. In contrast, predictions of 𝜇t1 deviate from the actual
measurements.

For LLVM, the predicted trend follows the general shape of the actual function but is shifted
downward. The jump at 𝑡 = 10 is captured, and the rise until 𝑡 = 10 is similar, though the
increase is less steep than in the actual measurement. After 𝑡 = 10, the predicted function
roughly follows the trend of increasing slightly and then decreasing, but with a smaller
amplitude.
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Figure 5.2: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐41 (left)
and 𝑐29 (right), which were unknown for model 𝜇t1. The black line shows the actual
performance behavior of configurations 𝑐41 and 𝑐29, while the colored markers ( , , )
represent the predicted performance from models 𝜇t1, 𝜇t2, and 𝜇t3.
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Figure 5.3: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐2 (left) and
𝑐16 (right), which were unknown for models 𝜇t1 and 𝜇t2. The black line shows the actual
performance behavior of configurations 𝑐2 and 𝑐16, while the colored markers ( , , )
represent the predicted performance from models 𝜇t1, 𝜇t2, and 𝜇t3.

For lrzip, the prediction based on model 𝜇t1 does not match the actual values and follows a
different trend. The prediction is shifted upward and exhibits a steeper rise than the actual
function. The actual performance increases slowly until around 𝑡 = 15 and then remains
constant. In contrast, the predicted function rises faster and continues to increase more
gradually after 𝑡 = 15. Despite these differences, the model captures the change at 𝑡 = 15 and
the general increasing trend up to this point.

Unknown Configurations for Models 𝜇t1 and 𝜇t2. In Figure 5.3, we show two configurations,
one for LLVM and lrzip, respectively, that were not included in the sample sets for constructing
models 𝜇t1 and 𝜇t2, but were part of the sample set for model 𝜇t3. For both systems, the
predictions for model 𝜇t3 match the actual performance values exactly. The predictions for
the model 𝜇t2 are also close to the actual values.

For LLVM, the predicted values for model 𝜇t2 start at the correct value and remain nearly
constant for a while, with a very slight decrease until 𝑡 = 10. A small jump occurs at 𝑡 = 10,
followed by another period of roughly constant values with a minor decrease. While the jump
should not be captured and the trend in the prediction is not exactly constant, the overall
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Figure 5.4: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐4 (left)
and 𝑐2 (right), which were unknown for all models. The black line shows the actual
performance behavior of configurations 𝑐4 and 𝑐2, while the colored markers ( , , )
represent the predicted performance from models 𝜇t1, 𝜇t2, and 𝜇t3.

values are close to the actual measurements. For model 𝜇t1, the predicted trend deviates
significantly with the values increasing until 𝑡 = 10, having a downward drop, and then rising
slightly in a bow-shaped pattern. Furthermore, the values are shifted downwards.

For lrzip, the predictions of model 𝜇t2 initially align closely with the actual constant values
near 0, but they gradually increase over time, so the trend is not constant as it is in the
measured values. The predictions for 𝜇t1 deviate strongly, showing a continuously increasing
function that starts at a higher value and, therefore, differs in the trend.

Unknown Configurations for All Models. In Figure 5.4, we show two configurations, one
for LLVM and lrzip, respectively, that were not included in the sample set for any model. For
both systems, the predicted behavior of model 𝜇t3 perfectly matches the actual values.

For LLVM, the predictions of model 𝜇t2 are very close but not exactly correct. The constant
value is captured until 𝑡 = 10. The jump at 𝑡 = 10 is captured but predicted slightly lower,
and the values after the jump decrease slightly instead of remaining fully constant. For model
𝜇t1, the trend shows a clear deviation. The upward jump at 𝑡 = 10 is captured, but before
and after the jump, the values increase and then decrease rather than remaining constant.
Additionally, the entire predicted sequence for 𝜇t1 is shifted downward.

For lrzip we observe a similar result, where the predictions for 𝜇t2 capture the overall trend
accurately, showing the same increase until 𝑡 = 15, followed by constant values. However,
the only difference is that the sequence is shifted downward. The predictions for 𝜇t1 show
a more different trend, capturing the increase and the change at 𝑡 = 15, but afterward the
values continue increasing, but at a slower rate and linear, instead of remaining constant.
Before 𝑡 = 15, the increase is steeper, and the function is shifted downward, starting at around
40 instead of 100, creating a large gap. Additionally, a small jump appears at 𝑡 = 10 in the
predictions, which is not present in the actual measurement.
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Figure 5.5: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐27 (left)
and 𝑐295 (right), which were known for all models. The black line shows the actual
performance behavior of configurations 𝑐27 and 𝑐295, while the colored markers ( , , )
represent the predicted performance from models 𝜇t1, 𝜇t2, and 𝜇t3.
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Figure 5.6: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐41 (left)
and 𝑐29 (right), which were unknown for model 𝜇t1. The black line shows the actual
performance behavior of configurations 𝑐41 and 𝑐29, while the colored markers ( , , )
represent the predicted performance from models 𝜇t1, 𝜇t2, and 𝜇t3.

Performance Data including Interaction Influences
In this section, we examine the predictions of models built from performance measurements
that incorporate the influences of interactions of configuration options. By analyzing the same
configurations as before, we can directly compare how including influences for interactions
affects the predicted performance behavior.

Known Configurations for All Models. Figure 5.5 shows the predicted performance values
for two configurations, one for LLVM and lrzip, respectively, that were included in the sample
sets for all models. For configuration 27 in LLVM, the actual performance sequence reaches
higher values than in Figure 5.1, where influences of configuration option interactions were
not considered in the seeded performance behavior. This indicates that configuration 27
includes an interaction of configuration options with an assigned influence, whereas for
configuration 295 in lrzip, the performance function remains unchanged. For both systems,
the predictions align perfectly with the actual performance values throughout the entire
execution time and for all models.
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Figure 5.7: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐2 (left) and
𝑐16 (right), which were unknown for models 𝜇t1 and 𝜇t2. The black line shows the actual
performance behavior of configurations 𝑐2 and 𝑐16, while the colored markers ( , , )
represent the predicted performance from models 𝜇t1, 𝜇t2, and 𝜇t3.

Unknown Configurations for Model 𝜇t1. Figure 5.6 shows two configurations that were
included in the sample sets for constructing 𝜇t2 and 𝜇t3 but not in the sample set for 𝜇t1. For
both systems, the predictions for the models 𝜇t2 and 𝜇t3 match the actual performance values
perfectly.

For LLVM, the predictions for model 𝜇t1 follow a similar trend but are shifted downward.
The function still increases until 𝑡 = 10, but with a less steep rate. At 𝑡 = 10, the jump is
captured, and the subsequent slight increase followed by a decrease is reproduced, though
with smaller amplitude.

For lrzip, the predictions for 𝜇t1 also deviate from the actual values. The trend is roughly
similar, capturing the increase until 𝑡 = 15 but with a much steeper rise. At 𝑡 = 15, the
predicted values reflect the change, but instead of remaining constant, they continue to
increase at a slower rate. The entire sequence is additionally shifted upward.

For both configurations, the actual performance functions remain the same as in Figure 5.2,
where influences of configuration option interactions were not included in the seeded per-
formance behavior, indicating no effects from interactions. However, in both systems, the
predictions of model 𝜇t1 differ slightly from those in the case without interaction influences,
following the same trend but appearing slightly shifted.

Unknown Configurations for Models 𝜇t1 and 𝜇t2. Figure 5.7 shows configurations that were
not included in sample sets for 𝜇t1 and 𝜇t2 but were part of the sample set for 𝜇t3. For both
systems, the predictions for 𝜇t3 perfectly match the actual performance values.

For LLVM, the predicted performance sequence of 𝜇t2 is shifted downward and a small
jump is visible at time point 𝑡 = 10, but otherwise the constant trend is captured correctly.
The sequence for 𝜇t1 deviates more, being shifted much further downward and failing to
capture the constant trend and instead increasing slowly. Additionally, there is an unintended
downward jump at 𝑡 = 10.

For lrzip, the predictions for 𝜇t2 also capture the overall trend, but the increase occurs at a
slightly different rate. The sequence starts at the correct value, but continues increasing for
longer. The actual sequence rises until approximately 𝑡 = 13 and then gradually decreases,
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Figure 5.8: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐4 (left)
and 𝑐2 (right), which were unknown for all models. The black line shows the actual
performance behavior of configurations 𝑐4 and 𝑐2, while the colored markers ( , , )
represent the predicted performance from models 𝜇t1, 𝜇t2, and 𝜇t3.

whereas the predicted values keep increasing and start slowing around 𝑡 = 17. For 𝜇t1, the
values and trend deviate from the actual sequence, with the predicted sequence increasing
steadily at a higher rate throughout the entire execution and being shifted upward.

For both configurations, the actual performance functions are identical to those without
influences of interactions (c.f. Figure 5.3). For LLVM, the predictions for 𝜇t2 are slightly shifted
downward for seeded behavior with interaction degree 2. The difference is more pronounced
for model 𝜇t1, where the predicted sequence shifts significantly downward, reaching negative
values around −5 instead of 10. For lrzip, this effect does not occur, as the predictions remain
consistent with those without interaction influences.

Unknown Configurations for All Models. For the configurations that are excluded from all
sample sizes, Figure 5.8 shows that for both systems, the predictions for model 𝜇t3 exactly
match the actual sequence. In LLVM, the prediction for 𝜇t2 capture the trend accurately, with
the only difference being a downward shift. The sequence remains constant until 𝑡 = 10,
jumps up, and then stays constant. For model 𝜇t1, the predictions deviate but also the trend
deviates more. The values increase until 𝑡 = 10 instead of remaining constant as in the actual
sequence, the jump is captured, and afterwards the values vary slightly rather than staying
constant. The entire sequence is shifted downward.

For lrzip, the prediction for 𝜇t2 also captures the trend correctly, but the sequence is shifted
downward. For 𝜇t1, the predictions deviate, starting at lower values and increasing more
steeply until 𝑡 = 15, and after the change at 𝑡 = 15 continue increasing linearly rather than
remaining constant. Furthermore, a small upward jump appears at 𝑡 = 10, which is not
present in the actual measurements.

For both systems, the configurations exhibit the same actual performance sequences as
in Figure 5.4 for seeded behavior without interaction influences. In LLVM, the predictions
for 𝜇t2 are slightly shifted downward compared to the case without interaction influences,
though the overall trend is still captured. The predictions for 𝜇t1 are shifted further downward,
moving even farther from the actual measurements. Also for lrzip, 𝜇t1 predicts a slightly
upward shifted sequencewhen interaction influences are included, compared to the prediction
without interaction influences.
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Figure 5.9: The left plot corresponds to LLVM and the right to lrzip. The boxplots show the distribution
of the mean Integral Squared Error across all configurations for models 𝜇t1, without added
noise. Within each plot, the left (blue) and right (green) boxplots illustrate the error
distribution for interaction degrees 1 and 2.
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Figure 5.10: The left plot corresponds to LLVMand the right to lrzip. The boxplots show the distribution
of the mean Integral Squared Error across all configurations for models 𝜇t2, without added
noise. Within each plot, the left (blue) and right (green) boxplots illustrate the error
distribution for interaction degrees 1 and 2.

Error Distribution
In the previous analysis, we focused on the predicted performance sequences of individual,
representative configurations. In the following, we show aggregated results for all 1024 and
432 valid configurations for LLVM and lrzip, respectively. We quantify prediction errors using
the mean Integral Squared Error (mean (ISE)). This metric summarizes the mean squared
deviations between predicted and actual performance values over time into a single scalar
value per configuration.

We visualize the distributions of these errors with boxplots for each sample size and further
distinguish between models built with and without interaction influences. In each Figure, the
left plot corresponds to LLVM and the right plot corresponds to lrzip, both separating seeded
behavior with interaction degrees 1 (blue) and 2 (green).

Error Distribution for Model 𝜇t1. Figure 5.9 shows the distribution of the mean (ISE) for
all configurations in both systems, based on models 𝜇t1. Each plot shows errors for models
constructed with seeded behavior with and without interaction influences.

For LLVM, the errors for seeded behavior without interaction influences (Int Deg 1) are
distributed between 0 and 80 (75% of the values), and 50% of the values are below30 (median).
The whiskers extend up to roughly 200, and there are some outliers reaching about 500. For
seeded behavior with interaction influences (Int Deg 2), the distribution is wider. The median
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Figure 5.11: The left plot corresponds to LLVMand the right to lrzip. The boxplots show the distribution
of the mean Integral Squared Error across all configurations for models 𝜇t3, without added
noise. Within each plot, the left (blue) and right (green) boxplots illustrate the error
distribution for interaction degrees 1 and 2.

is around 120, the interquartile range extends up to roughly 350, while the whiskers reach
about 800. A small number of outliers appear, with errors as high as 3000.

For lrzip, the distribution is considerably broader. For seeded behavior without interaction
influences, 75% of the errors lie between 0 and 3000. The median is at around 700, so half of
the errors are smaller than 700. The upper whisker reaches to about 7500 and there are some
outliers below 9000. For seeded behavior with interaction influences, the overall distribution
is similar but slightly shifted downward, with outliers extending slightly higher.

Error Distribution for Model 𝜇t2. Figure 5.10 shows the distribution of the mean Integral
Squared Errors for models 𝜇t2 in both systems.

For LLVM and seeded behavior without interaction influences, the errors are concentrated
very close to 0, with virtually no noticeable spread. When interaction influences are included,
the errors become slightly larger with the interquartile range spanning from 0 to about 30,
with a low median at around 10. The upper whisker extends to roughly 70, and a few outliers
reach up to 250.

For lrzip, the errors for seeded behavior without interaction influences remain below 10
(75% of the values), with almost all errors staying under 15 except some outliers reaching up
to 75. For seeded behavior with interaction influences, the distribution shifts upward slightly.
Half of the errors lie below 3 (median) and all errors except outliers are below 25. Outliers
appear at higher values, with errors reaching up to about 100.

Error Distribution for Model 𝜇t3. Figure 5.11 shows the distribution of the mean Integral
Squared Error for both systems based onmodels 𝜇t3. For both systems and seeded behavior for
both interaction degrees, the median error, the interquartile range, and even the whiskers re-
main extremely small, on the order of 10−6, which can be considered negligible and effectively
equal to 0.
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Figure 5.12: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐27 (left)
and 𝑐295 (right), which were known for all models. The black line shows the actual
performance behavior of configurations 𝑐27 and 𝑐295, while the colored markers ( , , )
represent the predicted performance frommodels 𝜇t1, 𝜇t2, and 𝜇t3 constructed with added
noise.

5.1.2 RQ2: Synthetic Noise Effect

In order to answer the second research question, we investigate the impact of synthetic noise
by adding Gaussian noise with mean zero and standard deviation one to the performance
measurements of each configuration. Eachmeasurement point is perturbed by a randomvalue
drawn from this distribution. To isolate the effect of noise, we analyze the same configurations
and scenarios as for the first research question.

Performance Data without Interaction Influences
We first built the models using performance data where only individual configuration options
influence performance and examine the predictions for the same configurations as in the
first research question, i.e., depending on whether they were included in the sample sets for
models 𝜇t1, 𝜇t2, and 𝜇t3. The only difference compared to RQ1 with seeded behavior without
interaction influences is the addition of synthetic noise.

Known Configurations for All Models. Figure 5.12 shows the performance behavior for two
configurations included in the sample set for all models, with noise added to the measure-
ment sequence. As in the noiseless case illustrated in Figure 5.1, the predicted performance
values align with the actual measurements across all models. For both LLVM and lrzip, the
predictions for the models 𝜇t1 and 𝜇t2 exactly hit the noisy measurements. In lrzip, where
the noise is less pronounced, the predictions for model 𝜇t3 also align with the noisy values.
For LLVM, the predictions for 𝜇t3 deviate more from the noisy measurements, as instead of
hitting each noisy point exactly, they follow the overall trend and pass near the center of the
noise, closer to the original noiseless values.

Unknown Configurations for Model 𝜇t1. For configurations not included in the sample set
for models 𝜇t1 but included for models 𝜇t2 and 𝜇t3, Figure 5.13 shows the results for both
systems. The predictions of model 𝜇t1 still deviate from the actual measurements, similar
to the case without noise in Figure 5.2, with values being shifted and following a slightly
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Figure 5.13: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐41 (left)
and 𝑐29 (right), which were unknown for model 𝜇t1. The black line shows the actual
performance behavior of configurations 𝑐41 and 𝑐29, while the colored markers ( , , )
represent the predicted performance frommodels 𝜇t1, 𝜇t2, and 𝜇t3 constructed with added
noise.

0 5 10 15 20

20

40

Time [s]

P (𝑐2) 𝑛𝑐 = 11 𝑛𝑐 = 55 𝑛𝑐 = 165

0 5 10 15 20

0

50

100

Time [s]

P (𝑐16) 𝑛𝑐 = 18 𝑛𝑐 = 90 𝑛𝑐 = 178

Figure 5.14: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐2 (left)
and 𝑐16 (right), which were unknown for models 𝜇t1 and 𝜇t2. The black line shows
the actual performance behavior of configurations 𝑐2 and 𝑐16, while the colored markers
( , , ) represent the predicted performance from models 𝜇t1, 𝜇t2, and 𝜇t3 constructed
with added noise.

different trend. However, the results also show that the models learn the noise, leading to
noisy predictions. For 𝜇t2, the predictions exactly match the noisy measurements in both
systems. For 𝜇t3, the predictions do not align with each noisy point but instead follow the
overall trend and stay closer to the center of the noise, near the original noiseless values.

Unknown Configurations for Models 𝜇t1 and 𝜇t2. Figure 5.14 shows configurations that
were not included in sample sets for 𝜇t1 and 𝜇t2 but were part of the sample set for 𝜇t3. The
predictions for model 𝜇t3 do not exactly hit the noisy measurements but instead follow the
center of the noise, close to the constant values for both LLVM and lrzip.

For model 𝜇t2 in LLVM, the near constant behavior observed without noise (c.f. Figure 5.3)
is now dominated by noise. The values fluctuate around the constant within a range of
about ±20, while still reflecting the underlying constant trend of the sequence. In lrzip, the
predictions for 𝜇t2 show less noise, oscillating around the constant sequence with smaller
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Figure 5.15: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐4 (left)
and 𝑐2 (right), which were unknown for all models. The black line shows the actual
performance behavior of configurations 𝑐4 and 𝑐2, while the colored markers ( , , )
represent the predicted performance frommodels 𝜇t1, 𝜇t2, and 𝜇t3 constructed with added
noise.

deviations. However, as in the noiseless case in Figure 5.3, the prediction still exhibits a slow
upward trend.

For the predicted sequence of 𝜇t1 in LLVM, the trend of the sequence has changed. Instead
of the incorrect increasing function with a jump illustrated in Figure 5.3, the predictions form
a nearly constant sequence, slightly shifted downward and added with noise. In lrzip, the
predictions for 𝜇t1 remain an increasing function rather than constant, but now also include
some noise.

Unknown Configurations for All Models. Figure 5.15 shows the predictions for two config-
urations that are not included in the sample set for any model. The predictions for 𝜇t3 are
slightly noisy, but do not exactly match the noisy measurements, remaining very close to the
original noiseless sequences.

In LLVM, the predictions for 𝜇t2 are strongly dominated by noise, yet the overall trend is
still visible, as the constant behavior before and after the jump at 𝑡 = 10 can be recognized
despite heavy fluctuations. For lrzip, the predictions for 𝜇t2 follow the same shifted trend as
in the noiseless case in Figure 5.4, but with added noise.

For model 𝜇t1, both systems reproduce the same behavior as in the noiseless case of
Figure 5.4, now with added noise. In LLVM, the increasing trend with the jump remains
shifted downwards, though slightly perturbed by fluctuations, and in lrzip the same increasing
sequence persists, again with added noise.

Performance Data including Interaction Influences
To evaluate the impact of interaction influences on noisy measurements, we built models from
performance data that include the influences of both individual configuration options and
their interactions. The interactions influencing performance are the same as those considered
in the first research question. We analyze the predictions for the same configurations as in
RQ1 with performance data including interaction influences, allowing a comparison of how
added noise affects the predicted performance behavior.
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Figure 5.16: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐27 (left)
and 𝑐295 (right), which were known for all models. The black line shows the actual
performance behavior of configurations 𝑐27 and 𝑐295, while the colored markers ( , , )
represent the predicted performance frommodels 𝜇t1, 𝜇t2, and 𝜇t3 constructed with added
noise.
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Figure 5.17: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐41 (left)
and 𝑐29 (right), which were unknown for model 𝜇t1. The black line shows the actual
performance behavior of configurations 𝑐41 and 𝑐29, while the colored markers ( , , )
represent the predicted performance frommodels 𝜇t1, 𝜇t2, and 𝜇t3 constructed with added
noise.

Known Configurations for All Models. In Figure 5.16, for configurations included in the
sample set for all models, the predictions for models 𝜇t1 and 𝜇t2 exactly match the noisy
measurements for both systems. In lrzip, where the noise is less pronounced, the predictions
for model 𝜇t3 also align with the exact values. For LLVM, the predictions for model 𝜇t3 deviate
from the noisy measurements and are closer to the original noiseless values demonstrated in
Figure 5.5, following the overall trend rather than hitting each noisy point exactly. Deviations
due to noise are still present but less extreme than in the actual noisymeasurements, capturing
the general trend without reproducing every fluctuation.

Unknown Configurations for Model 𝜇t1. In Figure 5.17, the predictions for configurations
excluded from the sample set for constructing 𝜇t1 closely resemble those in the noiseless case
illustrated in Figure 5.6. For both systems, the predicted sequences remain the same but with
added noise, which is more pronounced in LLVM. The predicted sequence for 𝜇t1 is shifted
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Figure 5.18: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐2 (left)
and 𝑐16 (right), which were unknown for models 𝜇t1 and 𝜇t2. The black line shows
the actual performance behavior of configurations 𝑐2 and 𝑐16, while the colored markers
( , , ) represent the predicted performance from models 𝜇t1, 𝜇t2, and 𝜇t3 constructed
with added noise.
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Figure 5.19: The plots display results for LLVM (left) and lrzip (right) for configurations 𝑐4 (left)
and 𝑐2 (right), which were unknown for all models. The black line shows the actual
performance behavior of configurations 𝑐4 and 𝑐2, while the colored markers ( , , )
represent the predicted performance frommodels 𝜇t1, 𝜇t2, and 𝜇t3 constructed with added
noise.

downward, for 𝜇t2 the predictions match the noisy measurements exactly, and predictions
for 𝜇t3 deviate slightly from the exact measurements. In LLVM, the predictions for 𝜇t3 are
closer to the underlying noiseless sequence, lying near the center of the noise.

Unknown Configurations for Models 𝜇t1 and 𝜇t2. Figure 5.18 shows the predicted sequences
for two configurations that are excluded in the sample set for models 𝜇t1 and 𝜇t2 and included
for model 𝜇t3. The predictions for model 𝜇t1 remain the same as in the noiseless case in
Figure 5.7 but with added noise. In LLVM, the sequence still exhibits the same downward
shift and increasing trend before and after the jump at 𝑡 = 15. Similarly, in lrzip the predictions
for 𝜇t1 continue to show an increasing trend, now with noise added. For model 𝜇t2 in LLVM,
predictions are dominated by large noise fluctuations, though the overall constant trend
remains visible. In contrast, predictions of 𝜇t2 in lrzip follow the same trend as in the noiseless
case (c.f. Figure 5.7), with comparatively smaller noise deviations. For model 𝜇t3, predictions
in both systems closely match the actual values, deviating from the exact noisy points slightly.
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Figure 5.20: The left plot corresponds to LLVMand the right to lrzip. The boxplots show the distribution
of the mean Integral Squared Error across all configurations for models 𝜇t1, with added
noise. Within each plot, the left (blue) and right (green) boxplots illustrate the error
distribution for interaction degrees 1 and 2.

Unknown Configurations for All Models. When the configurations are unknown for all
models, the predictions remain largely similar to the noiseless case shown in Figure 5.8 but
with added deviations due to noise, as shown in Figure 5.19. For both systems, the predictions
for 𝜇t1 follow the same sequences as in the noiseless case, now overlaid with some noise. In
LLVM, predictions for 𝜇t2 are strongly affected by noise, but the overall trend remains visible,
with the constant behavior before and after the jump at 𝑡 = 10 still recognizable despite
large fluctuations. In lrzip, the predictions for 𝜇t2 also follow the same shifted trend as in the
noiseless case (c.f. Figure 5.8) but with added noise, though the amount of noise is much
smaller than in LLVM. For model 𝜇t3, predictions in both systems closely follow the actual
values, showing only minor noise without exactly matching the noisy measurements.

Error Distribution
To analyze the effect of synthetic noise on prediction accuracy across all configurations, we
summarize the prediction error between the predicted and actual performance sequence using
the mean Integral Squared Error. The distribution of the errors is visualized with boxplots
for each system and sample size, distinguishing between models built with seeded behavior
with and without interaction influences. For each plot, LLVM is shown on the left and lrzip is
shown on the right, for both interaction degrees, and for the corresponding sample size.

Error Distribution for Model 𝜇t1. Figure 5.20 shows the mean Integral Squared Error across
all configurations for models 𝜇t1 constructed with noisy measurements. For LLVM, consider-
ing seeded behavior with individual options, 75% of the errors lie between 0 and 80, with
whiskers reaching about 200 and some outliers up to 500. For seeded behavior with interaction
influences, the median is at around 120, the interquartile range reaches up to roughly 350
and whiskers extend to approximately 800. Outliers appear, with maximum errors reaching
around 3000. For lrzip and seeded behavior without interaction influences, 75% of the errors
lie between 0 and 3000, and the median is at around 700, so half of the errors are below 700.
The upper whisker reaches roughly 7500 and there are some outliers reaching up to 9000.
For seeded behavior with interaction influences, the overall distribution remains similar, but
additional outliers appear and extend slightly higher.
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Figure 5.21: The left plot corresponds to LLVMand the right to lrzip. The boxplots show the distribution
of the mean Integral Squared Error across all configurations for models 𝜇t2, with added
noise. Within each plot, the left (blue) and right (green) boxplots illustrate the error
distribution for interaction degrees 1 and 2.
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Figure 5.22: The left plot corresponds to LLVMand the right to lrzip. The boxplots show the distribution
of the mean Integral Squared Error across all configurations for models 𝜇t3, with added
noise. Within each plot, the left (blue) and right (green) boxplots illustrate the error
distribution for interaction degrees 1 and 2.

Error Distribution forModel 𝜇t2. Figure 5.21 shows the distribution of the prediction error for
the models 𝜇t2. For LLVM and seeded behavior without interaction influences, approximately
half of the prediction errors are below 120 (median). The interquartile range extends up
to 300, while the whiskers reach about 700. Outliers extend up to around 3000. For seeded
behavior with interaction influences, the distribution is similar but slightly shifted upward.
For lrzip and seeded behavior without interaction influences, the errors are distributed below
roughly 30 (75% of the values). The upper 25% of errors reach about 70. Outliers are present,
most extending up to 150, with a few reaching approximately 250. For seeded behavior with
interaction influences, the distribution is again similar but slightly shifted upward.

Error Distribution for Model 𝜇t3. The distribution of the prediction error for models 𝜇t3
is shown in Figure 5.22. For LLVM and seeded behavior without interaction influences, all
errors range from 0 to 2.5, with 75% of the errors lying below 2. Outliers appear below 0.8 and
above 2.5 up to around 3. When interaction influences are included in the seeded behavior,
the overall distribution remains the same. For seeded behavior without interaction influences
in lrzip, the errors lie below 2.5 (75% of the values), with the whiskers extending up to 5.5
and outliers extending to nearly 8. Including interaction influences in the seeded behavior
results in a similar distribution.
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5.2 Discussion

In this section, we discuss the results of our seeded experiments, focusing on how different
factors in model building affect prediction accuracy. We examine the relationship between the
sample size used for model construction and the accuracy of the models’ predictions. We also
discuss how including influences to interactions between configuration options in the seeded
performance data influences accuracy. Finally, we assess the impact of adding synthetic noise
on prediction accuracy compared to models built from measurements without noise.

5.2.1 RQ1: Prediction Accuracy

In this section, we discuss implications and possible learnings from the results for the first
research question. We analyze factors that affect prediction accuracy, identify patterns across
different sample sizes, and examine how the inclusion of interaction influences impacts the
predictions.

Performance Data without Interaction Influences. As shown in Figure 5.1 and Figure 5.5,
for configurations included in the sample sets for all models 𝜇t1, 𝜇t2, and 𝜇t3, the predictions
across all models perfectly match the actual performance values. This suggests that, when
a configuration is part of the training data, the model can reliably learn and reproduce its
performance behavior.

In Figure 5.2, we observe that predictions for models 𝜇t2 and 𝜇t3 remain accurate, since
the configuration was still present in their sample sets. In contrast, the predictions for model
𝜇t1 deviate from the actual sequences in both systems. For LLVM, this deviation is largely
a downward shift with only minor differences in trend, suggesting that some influences of
configuration options were learned correctly but others were missing due to the small sample
size. For lrzip, both the values and the trend deviate more strongly, indicating that the sample
set used to build model 𝜇t1 did not cover enough configuration options.

For configurations only included in model construction of 𝜇t3 as in Figure 5.3, predictions
of 𝜇t3 remain perfect. Predictions from models 𝜇t2 are close to the actual values, with only
slight deviations, while those from model 𝜇t1 fail to capture the correct trend. This shows
that sample size t2 already obtains enough information to assign the correct influences, while
sample size t1 fails to see enough configurations to learn the influences accurately.

Finally, for configurations excluded from the sample sets of all models as in Figure 5.4, the
predictions for 𝜇t3 still align perfectly with the measured values. This suggests that, even
without having a configuration in the sample set, sample size t3 provides sufficient coverage
to infer the correct influences and predict unseen configurations accurately. The predictions
for 𝜇t2 again capture the correct trend with only minor shifts, while predictions for 𝜇t1 remain
less accurate, often capturing the general shape but at incorrect values.

Performance Data including Interaction Influences. Seeded behavior with influences for
configuration option interactions do not affect predictions when a configuration is included
in the sample set, as the sequences are captured perfectly. For unseen configurations, models



40 Evaluation

𝜇t3 still predict the performance sequence accurately, indicating that for model construction
sufficient configurations were included to capture the additional influences. Predictions
from models 𝜇t1 and 𝜇t2 are slightly worse for seeded behavior with interaction degree 2
influencing the performance behavior. Evenwhen assigning influences to interactions does not
change the actual performance function of a configuration, it can still affect the predictions
of the models. The primary effect is a shift in the predicted sequences, while the overall
trends remain accurate. This effect is particularly noticeable in LLVM, where the shifts move
predictions further from the actual values, resulting in larger prediction errors. In contrast, the
shifts are present, but much less pronounced in lrzip, indicating that interaction influences
have a minor impact. This suggests that the inclusion of interaction influences can affect
the assignment of individual configuration options during model construction, leading to
different predictions even when the interactions do not directly influence the performance of
a specific configuration.

Error Distribution. To summarize the prediction accuracy across all configurations, we
analyze the mean Integral Squared Error distributions for the different sample sizes, c.f.,
Figure 5.9, Figure 5.10, and Figure 5.11. The boxplots reveal that, as the sample size increases,
the prediction errors decrease for both systems. Additionally, seeded behaviorwith interaction
degree 2 affects the accuracy as errors are generally higher when interaction influences are
included.

For LLVM, Figure 5.9 shows that all prediction errors for model 𝜇t1 and seeded behavior
with interaction degree 1 are in a range below 200. These errors may arise because the sample
set for constructing 𝜇t1 is too small to cover all individual configuration options, preventing
the model from fully capturing their effects. The same issue applies when considering seeded
behavior with interaction degree 2, where higher errors ranges occur, reaching around 800
and having outliers reaching errors of up to 3000. In this case, not only some individual
configuration options might be missing in the sample, but many interactions might also
be unobserved, preventing their influences from being learned. Consequently, for model
𝜇t1, prediction errors are higher with seeded behavior with interaction degree 2 than for
interaction degree 1, which may be due to the limited coverage of the additional interaction
influences.

A similar pattern can be observed for lrzip. Figure 5.9 illustrates that for model 𝜇t1, the
errors are higher in the range of thousands due to the small sample size, which leaves
many influences unobserved. The errors are even larger than for LLVM, possibly because
its configuration space is more complex due to constraints across configuration options.
This complexity could also make the sampled configurations less representative, as random
sampling fails to cover enough configurations with different options enabled. Similar to
LLVM, the errors for seeded behavior with interaction degree 2 are higher than for interaction
degree 1. While the overall distribution is similar, the main difference is that with interaction
influences, outliers are reaching higher error values.

As the sample size increases, Figure 5.10 shows that prediction errors decrease for models
𝜇t2 for seeded behavior with interaction degree 1 and 2. In LLVM, the errors for seeded
behavior with interaction degree 1 are already close to 0, indicating that the sample size is
sufficient to observe all individual configuration options and capture their effects. For seeded
behavior with interaction degree 2, most errors remain below 70, although outliers can reach
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more than 200. This shows that while the influences of individual options are captured, some
interactions are still unobserved, which leads to higher errors.

The same trend is observed for lrzip. Errors for seeded behavior with interaction degree
1 are no longer 0 but remain small (< 15), reflecting improved predictions due to better
coverage. For seeded behavior with interaction degree 2, the error distribution is slightly
higher, with additional outliers reaching larger values. Overall, predictions from model
𝜇t2 achieve reduced errors, though they still do not fully capture the impact of interaction
influences.

For models 𝜇t3, Figure 5.11 shows that the errors for both systems, with seeded perfor-
mance behavior 1 and 2, are extremely close to 0 and can be considered negligible. This
indicates that the sample size is sufficient to capture all relevant influences, including the
influence of configuration option interactions, enabling accurate predictions even for unseen
configurations.

The boxplots reinforce the observations from the example sequences over execution time.
As the sample size increases, the corresponding models are able to learn the correct influences
more accurately, resulting in more precise performance predictions. Assigning influences
to configuration option interactions negatively affects prediction accuracy, particularly for
smaller sample sizes, as model construction does not include enough configurations to learn
the influences of interactions. Additionally, for lrzip, the differences in prediction errors
between models built with seeded behavior with interaction degree 1 and 2 are smaller than
for LLVM. In lrzip, the overall error distribution remains similar, with only outliers showing
larger errors, whereas for LLVM, the entire distribution shifts upward when interaction
influences are included.

RQ1 (Prediction Accuracy): The accuracy of the predicted sequences improves with
increasing sample size, as larger samples capture more relevant influences and allow
accurate predictions even for unseen configurations. With smaller sample sizes, the overall
performance trends remain largely preserved, but some influences are missed, which is
further amplified when interaction influences are included.

5.2.2 RQ2: Synthetic Noise Effect

For the second research question, we investigate how adding synthetic noise to our mea-
surements affects the prediction accuracy of our models. In particular, we discuss how noise
impacts the models ability to capture the underlying noiseless performance behavior.

Performance Data without Interaction Influences. When a configuration is included in the
sample set for 𝜇t1 and 𝜇t2, the predictions match the noisy measurements exactly. If a config-
uration is not included in the sample set for model 𝜇t3, e. g., in Figure 5.13, Figure 5.14, and
Figure 5.15, the predictions resemble those in the noiseless case, showing the same incorrect
shifts and trends. However, the added synthetic noise introduces additional deviations in the
predictions for both systems.

The predictions of 𝜇t2 align perfectly with the noisy measurements when the configuration
is part of the sample set as shown in Figure 5.12 and Figure 5.13. When the configuration is
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not included (c.f. Figure 5.14 and Figure 5.15), the predictions still capture the general trend
but are heavily influenced by noise, especially in LLVM, where deviations are larger. This
behavior suggests overfitting, as the model attempts to reproduce the noise as if it were part
of the true performance trend, leading to predictions that are distorted by noise. Another
possible explanation is that the sample set for 𝜇t2 happened to include configurations with
particularly strong noise. In that case, the model would capture these deviations, amplifying
the effect. With a different sample set, the predictions might therefore appear less noisy.

In contrast, predictions of models 𝜇t3 do not match every noisy point but instead follow the
overall trend and remain closer to the center of the noise, near the original noiseless values.
This indicates that with more included configurations, the model captures the underlying
performance behavior more robustly, avoiding overfitting to noise. In particular, it learns that
the noise oscillates around a mean of 0 and therefore stays centered around the noiseless
sequence. Thus, larger sample sizes reduce the effect of overfitting on noise and make it
possible to regularize the predictions towards the true underlying performance function.

Performance Data including Interaction Influences. When noise is added to the measure-
ments, seeded behavior with interaction degree 2 shows the same patterns as in the noiseless
case. For models 𝜇t3, the predictions still closely follow the actual measurements, regardless
of whether the configuration was included in the sample set. Predictions for models 𝜇t1 and
𝜇t2 resemble those for seeded behavior with interaction degree 1. As in the noiseless case,
their predictions are slightly worse than for seeded behavior with interaction degree 1, as
sequences tend to be more shifted from the actual performance values. Nevertheless, the
models still capture the overall performance trends, even when configurations are not part of
the sample set.

Error Distribution. We summarize the prediction accuracy of models trained on noisy mea-
surements using the mean Integral Squared Error for each sample size, shown in Figure 5.20,
Figure 5.21, and Figure 5.22. The error distributions for model 𝜇t1 are essentially identical
to those in the noiseless case as illustrated in Figure 5.9. This occurs because predictions for
configurations included in the sample set match the noisy measurements exactly and thus no
errors are introduced, as in the noiseless case. For configurations not present in the sample
set, the model predicts the same, possibly incorrect, sequence as in the noiseless case, with
noise simply superimposed. Consequently, the predicted sequences and the corresponding
errors remain largely unchanged for both systems and for models constructed with seeded
behavior for both interaction degrees.

For models 𝜇t2, adding synthetic noise substantially increases prediction errors compared
to the noiseless case. This effect is observed in both LLVM and lrzip and occurs for seeded
behavior with both interaction degrees. The main reason for these higher errors is likely
overfitting to noise. The model interprets noisy measurements as part of the true performance
behavior, leading to highly fluctuating predictions and consequently higher errors. This
effect was also observed in the plots with the predicted sequence, where predictions for
𝜇t2 appeared very noisy and deviated significantly from the actual performance. However,
consistent with our previous findings, both systems show increased errors and additional
outliers for seeded behavior with interaction degree 2 compared to degree 1.
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For models 𝜇t3, the errors are now very small, staying below 3 for LLVM and below 6 for
lrzip, as shown in Figure 5.22. These errors are higher than in the noiseless case as shown
in Figure 5.11, where they were negligible. However, this is expected as the goal is not to fit
the noise but to capture the underlying performance behavior. As seen in the plots with the
predicted sequences over execution time, predictions of model 𝜇t3 follow the overall trend and
align closely with the center of the noise, i. e., near the original noiseless values. Consequently,
some error remains because the predictions are not identical to the noisy measurements,
which is an intended deviation. Overall, the errors remain very small, showing that the
predictions closely reflect the true performance behavior. As in the noiseless case, sample
size t3 is sufficient to capture all influences while regularizing the predictions toward the
underlying performance function, thus avoiding overfitting to noise.

RQ2 (Synthetic Noise Effect): For smaller sample sizes the model tends to overfit to
the noisy measurements, resulting in highly fluctuating predictions and increased errors.
Larger samples capture the underlying performance trends, regularizing the noise and
yielding accurate predictions similar to the noiseless case.

5.3 Threats to Validity

In this section, we discuss potential threats to validity of our experimental setup and results
and the measures we took to mitigate them. We distinguish between internal validity, which
concerns the correctness and reliability of our experimental setup and model evaluation, and
external validity, which relates to the generalizability of our findings to other systems and
noise conditions.

5.3.1 Threats to Internal Validity

To evaluate the accuracy of our models and establish the expected outcomes, we conduct
experiments using ground-truth performance functions to simulate the behavior of con-
figurations over time. We seed these performance functions for the configuration space of
two real-world configurable software systems, LLVM and lrzip. This setup enables a sys-
tematic evaluation of the accuracy of our models under controlled conditions, allowing to
specify which configuration options and interactions are assigned influences on the overall
performance behavior.

In real-world systems, the number of configuration options influencing performance can
vary. Some systems may have only a few options that significantly impact performance,
while others may have many. The models’ prediction accuracy may depend not only on the
number of options influencing performance but also on the constraints on the options, e. g.,
whether options are mandatory or optional. This variability poses a threat to our results on
prediction accuracy, since conclusions based on a specific assignment of configuration options
may not hold for other assignments. To mitigate this threat and reflect the variability in our
experiments, we vary the percentage of configuration options with assigned influences on
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performance and evaluate how this affects the prediction accuracy of our models. Specifically,
we assign influences to 25%, 50%, and 100% of options.

Another threat arises from the fact that, in practice, interactions between configuration
options can significantly affect performance. The number of interactions and the extent to
which they affect performance can vary across systems. To mitigate this threat, we consider
each influence assignment with two variants, one including influences for interactions and
one without. Including interaction influences increases the complexity of the relationships
the model must capture to predict the performance of configurations accurately, which may
impact its prediction accuracy.

Between the variants including interaction influences and those without, differences in
which configuration options receive influences and the specific influences assigned to them
could affect the comparison between the two variants. This threat can hinder the assessment of
the isolated influence of interactions on the prediction accuracy of our models. To isolate the
effect of interaction influences on the prediction accuracy, within a scenario and assignment,
the variant without interaction influences is a subset of the variant with interaction influences.
Thatmeans, we use the same configuration options and the same individual influences, adding
only the interaction influences. Within each system, the same interactions of configuration
options are assigned influences across all scenarios to ensure consistency.

When assigning functions to configuration options and interactions, a further threat arises
because performance behavior can differ across systems and between different configuration
options. That means, in real-world systems, there may be a range of different performance
behaviors, and relying on only one assignment of functions would not capture this variety. To
address this, each experiment is repeated with two independent assignments of configuration
options and interactions to assign influences to. In these assignments, the corresponding
functions representing the influences are also reassigned. Results for all scenarios are provided
in the Appendix A.

In constructing our models, we formulate constraints from the measurements of each
configuration in the sample set. Consequently, the number of configurations included in the
sample set directly impacts prediction accuracy and relying on a single sample size could
influence the results of our experiment. To address this, we evaluate how different sample
sizes impact the models’ ability to capture the underlying performance behavior. We vary the
sample size for randomly selected configurations used in model construction, considering
three sample sizes corresponding to the size of t-wise coverage sets with t ∈ {1, 2, 3}.

To investigate the isolated effect of synthetic noise, we repeat all experiments using the
same configuration options and interactions with identical assigned influences, but add
Gaussian noise to the performance function of each configuration. In the experiments with
noisy measurements, we observe that for models 𝜇t1 and 𝜇t2 the predictions tend to overfit to
noise and try to capture noise as part of the underlying performance behavior. The models 𝜇t3
are able to regularize the noise and stay closer to the center of the noise distribution, and thus
closer to the original noiseless performance function. However, the construction of model 𝜇t3
may have already included an unrealistically large number of configurations, particularly
in lrzip, which has a smaller configuration space, where 178 out of 432 configurations were
already included and only a few configuration options had assigned influences. This suggests
that future work could explore additional sample sizes and investigate methods to regularize
noise for smaller sample sizes.
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5.3.2 Threats to External Validity

We use the configuration spaces of two real-world subject systems, LLVM and lrzip, to assign
influences to their configuration options and interactions. These systems differ in the number
of configuration options and their constraints. Specifically, LLVM is minimally constrained,
with only a root configuration option and all others optional, whereas lrzip has amore complex
feature model with constraints between options. The models’ performance might depend
on characteristics of the subject system, such as the number of configurations, configuration
options or the constraints between them. This poses a threat to the generalizability of our
results, as conclusions drawn from one system might not hold for others. By selecting two
systems with different characteristics, where LLVM has minimal constraints and lrzip has a
more complex configuration space, we mitigate this threat and can observe how prediction
accuracy varies across the configuration spaces.

Since performance behavior can vary widely across configurations and systems in real-
world settings, we need to evaluate how well our model captures different types of perfor-
mance behavior. A potential threat is that the evaluation may not cover the entire range of
potential performance patterns that might occur in real-world systems, including both simple
and complex behaviors. To mitigate this threat, we use a diverse set of functions including
linear, constant, polynomial, stepwise, and periodic functions (c.f. Table 4.2), ensuring the
evaluation captures a wide range of realistic performance behaviors.

In real-world systems, performance measurements can be affected by various sources
of noise, which can distort the actual performance behavior and make it challenging to
capture the underlying performance function. Consequently, another threat to external validity
arises from the distribution of noise added to the performance functions, since real-world
measurements noise can occur in different types and distributions. We chose Gaussian noise
with a mean of 0 and a standard deviation of 1.0, which is relatively high compared to the
actual performance values. We selected a standard deviation of 1.0 to simulate challenging
conditions, reflecting the possibility of high noise in real-world scenarios. However, in practice,
both the type and distribution of noise may differ. To explore how predictions change under
less pronounced noise, we conducted a first experiment using a reduced standard deviation
of 0.05 for model 𝜇t2, which had mostly shown distorted predictions due to noise. As shown
in Figure 5.24, the predictions were less noisy and aligned more closely with the actual
performance values, even when the model was built with different sample sets, indicating
that the model captures the underlying performance behavior more accurately when noise is
reduced. However, future work could further explore how different distributions of Gaussian
noise, as well as other types of noise, impact prediction accuracy.

The choice of the sampling strategy influences model construction and, consequently,
prediction accuracy, as it determines which configurations are included in the sample sets
according to specific criteria. To account for this, we used random sampling as a baseline
approach, since it makes no additional assumptions about the configuration space and is
widely used in practice. However, other strategies, such as t-wise covering, could lead to
different results. In particular, for smaller sample sizes like t1, random sampling may fail
to cover all individual configuration options, potentially resulting in higher errors than a
coverage-based approach. Even though sample size t1 is large enough to cover all individual
options in principle, only a coverage-based strategy would guarantee this, leading to more
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Figure 5.23: The plot displays results for LLVM for configuration 𝑐2, whichwas unknown formodel 𝜇t2.
The black line shows the actual performance behavior of configurations 𝑐2, while the
colored markers ( , , , , ) represent the predicted performance from five models
𝜇t2 constructed with added noise and five different random seeds.

accurate models. The same applies for sample size t2, where a coverage-based strategy would
ensure that all pairs of configuration options are observed, whereas random sampling might
leave some pairs uncovered, again potentially increasing errors, especially when interaction
influences are present. However, for each sample size, the choice of the sample set is also
important. A sample set may be unrepresentative, for instance containing configurations with
few distinct configuration options and interactions or unusually high noise. In Figure 5.23
and Figure 5.24, we present predictions for model 𝜇t2 from five different sample sets using
the same measurement data. These predictions range from cases where the model exhibits
severe overfitting ( ) to cases where predictions are closely aligned with the true perfor-
mance behavior ( ). This illustrates that the choice of the sample set can strongly affect the
predictions.

Building on the observed variability in predictions due to different sample sets, another
threat arises from the number of sample sets used to construct different models. Ideally,
multiple sample sets should be generated for each sample size, with models built from each
set and the results aggregated to provide a more robust estimate of prediction accuracy.
However, for each sample size, we generated only one sample set and built the corresponding
model using that single set. It is possible that this sample set was unrepresentative, for
instance containing configurations with few distinct interaction influences or unusually high
noise. In the experiments with added noise (c.f. Figure 5.14 and Figure 5.15), we observed
that predictions for model 𝜇t2 exhibit large fluctuations, which could be attributed either
to overfitting to noise or to a bad choice of sampled configurations with particularly high
noise. To address this threat, we generated five additional sample sets for sample size t2 in the
scenario with 50% of configuration options assigned influences, no interaction influences, and
added noise for LLVM and configuration 𝑐2. In this scenario, as discussed in the evaluation,
Figure 5.14 shows that the predictions for 𝜇t2 were highly noisy and exhibited large errors.

In Figure 5.23, the predictions for models 𝜇t2 built with different sample sets across five
random seeds are shown. It can be observed that the predictions vary considerably depending



5.3 Threats to Validity 47

0 5 10 15 20
15

20

25

30

35

Time [s]

P (𝑐2) random seed1 random seed2 random seed3 random seed4 random seed5

Figure 5.24: The plot displays results for LLVM for configuration 𝑐2, whichwas unknown formodel 𝜇t2.
The black line shows the actual performance behavior of configurations 𝑐2, while the
colored markers ( , , , , ) represent the predicted performance from five models
𝜇t2 constructed under reduced noise (standard deviation 0.05) and five different random
seeds.

on the seed. For the third random seed ( ), only a single predicted point is visible in the
graph, showing that the predictions deviate substantially and indicating that the model
overfitted to noise and failed to capture the underlying performance behavior. When model
𝜇t2 is built with sample sets for seeds one ( ) and four ( ), predictions still fluctuate with
a value of 20 from the actual performance values, showing amplification of noise, though
less extreme than for seed three. Predictions for 𝜇t2 constructed with the sample set for
seed two ( ) are closer to the actual constant behavior but still exhibit some fluctuations,
while predictions for seed five ( ) align most closely with the actual values, showing minor
deviations.

These observations indicate that the choice of the sample set has a significant impact on the
predictions of models 𝜇t2, ranging from severe overfitting to predictions closely aligned with
the true performance behavior. This variability likely arises because some configurations in
the sample sets were assigned particularly high noise, which the model interprets as part
of the performance behavior, resulting in predictions distorted by noise. However, since the
predictions still capture the overall trend of the underlying performance function, models 𝜇t2
appear to cover a sufficient number of configurations to capture most configuration options
and interactions with influences, yet it is still insufficient to regularize the noise. In contrast
to models 𝜇t1, which also overfit to noise but exhibit fewer fluctuations, models 𝜇t2 may have
already seen too many noisy configurations to interpret the noise as part of the performance
behavior, leading to predictions distorted by noise.

The strong distortions in predictions for models 𝜇t2 could also be explained by the sub-
stantial noise added to the performance functions. Since we used Gaussian noise with a
large standard deviation of 1.0, we need to examine whether these extreme fluctuations were
mainly caused by the amount of noise. To this end, we rebuilt the models 𝜇t2 with the same
five additional sample sets but reduce the Gaussian noise to a standard deviation of 0.05. The
results are shown in Figure 5.24.
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With lower noise, the predictions for 𝜇t2 across all sample sets are much closer to the actual
measurements and no longer exhibit the extreme fluctuations as observed before. Predictions
for the third seed ( ) still deviate the most from the actual performance values, but the
deviations are much smaller than with higher noise. This supports the conclusion from
Figure 5.23 that the fluctuations in the model’s prediction for this sample set are caused by
overfitting to noise, possibly because configurations in the sample set received high noise. This
supports the earlier thought that model for this sample size is overfitting to noise might be the
reason for this very bad behavior, because maybe in this sample set there are configurations
that got much noise.

For all other seeds, the predictions are very close to the actual performance, with only
minor deviations for seeds one ( ), two ( ), and four ( ). For seed five ( ), the predictions
remain the closest, aligning almost perfectly with the actual values.

These results indicate that the amount of noise strongly affects the predictions of models
𝜇t2. Higher noise leads to pronounced distortions, as the model seems to learn the noise itself
as part of the performance behavior. Nevertheless, even with lower noise, the choice of the
sample set still influences accuracy, as reflected in the variability of the predictions across
different random seeds.



6
Limitations and Future Work

While our approach demonstrates promising results for predicting performance behavior
over time, several limitations need to be considered, and future work is needed to validate
and enhance its applicability in real-world scenarios.

An underlying assumption of this work is that each configuration option and their inter-
actions have distinct influences on the overall performance, and that for any configuration,
these influences sum up to determine its performance behavior. Our experimental data were
constructed according to this assumption, with influences explicitly assigned to configuration
options and interactions, so that the behavior of each configuration reflects the sum of its
present influences. To validate whether this assumption holds in real-world systems, future
work should apply the approach to actual performancemeasurements. If themodel still makes
accurate predictions on real-world measurements, this would indicate that performance can
be decomposed into influences of individual configuration options and their interactions,
and that the models can capture these effects outside of a controlled setting. However, if
the predictions deviate substantially or are only accurate for configurations included in the
sample set, this would suggest that the model is likely overfitting to seen configurations and
that the configuration options may not have a consistent influence on the overall performance.

Extending the evaluation to real-world configurable software systems and their actual
performance measurements would enable an assessment of the approach’s practical appli-
cability and accuracy in less controlled environments. Such an extension would naturally
introduce noise to the performance data, which is inherent in real-world settings. So far, we
have only considered Gaussian noise from a single distribution, whereas noise in real-world
measurements may exhibit different characteristics, including heavier fluctuations and dif-
ferent distributions. Since small sample sizes already showed signs of amplified noise, a
challenge will therefore be to ensure that the learned models remain well-regularized and do
not overfit to noisy data, especially when trained on smaller sample sizes.

Another limitation of our approach lies in the use of seeded performance functions, which
allowed us to take performance measurements at equidistant time intervals by evaluating the
functions at fixed points. In practice, this assumption does not hold, as real-world measure-
ments are taken during execution and are only approximately equidistant due tomeasurement
inaccuracies. To address this issue we need to interpolate the measurements to obtain truly
equidistant time intervals before applying the Discrete Fourier Transform.

Moreover, we restricted our study to configurations with equal execution times to ensure
that all predictions operate on the same frequency spectrum, which enabled us to attribute
influences to specific frequencies. In real-world scenarios, however, execution times frequently
vary across configurations, making this assumption unrealistic. Future work could there-
fore investigate methods for handling unequal execution times and evaluate their effect on
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prediction accuracy. Possible approaches include aligning measurements to a common time
grid before applying the Discrete Fourier Transform, or pruning performance measurements
to a shared execution time. However, the latter is only feasible if execution times across
configurations are relatively similar, as otherwise truncating to shorter execution times could
risk losing important performance behavior from other configurations with longer execution
times.

Finally, our current approach only accounts for performance influences of pairwise interac-
tions between configuration options. In practice, higher-order interactions involving three or
more options may also have significant impacts on performance. It remains unclear how well
our models would perform when such higher-order interactions are present. Future work
could address this by either allowing the optimization solver to directly consider higher-order
influences, or by starting from individual configuration options and iteratively building up
to higher-order interactions by combining lower-order interactions that have been assigned
influences until the prediction error is sufficiently low.



7
Related Work

Understanding and predicting the performance of configurable software systems has been a
long standing research direction. One research area is performance modeling of configurable
software systems,which also includes sampling andmachine learning techniques tomodel the
performance of large configuration spaces [33, 36, 41]. Further researchworks on performance
evolution across different versions or under dynamic conditions [7, 19, 25, 29] and hardware
influences which examine how performance changes due to different hardware components
[3, 16]. Beyond research specific to configurable systems, we also consider work in time series
analysis and forecasting, where the Fourier Transform has been widely adopted to anticipate
performance trends and predict future changes [9, 22].

Sampling and Learning Techniques. Software systems are often highly configurable, leading
to a configuration space that can reach exponential size [41]. Exploring the entire configura-
tion space to analyze performance behavior is therefore infeasible. Performance modeling
addresses this challenge by measuring a subset of all configurations [33] to predict the per-
formance of the entire configuration space. The predictions can be obtained using machine
learning techniques [12, 23], which are applied for performance prediction and optimization
of configurable software systems. The selection of an appropriate sampling strategy and
machine learning technique is an important decision when addressing performancemodeling.
Previous work has shown that the choice of the sampling strategy has significant influence
on the accuracy of the machine learning algorithm [12, 18].

Performance Modeling. While standard machine learning techniques can predict perfor-
mance, the resultingmodels are often difficult to interpret. To address this challenge Siegmund
et al. [35, 36] proposed performance influencemodels to understand and predict how configu-
ration options and their interactions affect the performance of software systems. Performance
influence models are interpretable models that allow explanations of performance behavior
across large configuration spaces. An alternative approach for performance modeling is
presented by Guo et al. [14]. By combining several machine learning techniques they build a
data-efficient model, which reduces the number of measurements while preserving model
accuracy. Epifani et al. [8] explore how adaptive performance models that continuously
update their parameters at runtime based on newly collected data from the executing system.
In addition to these approaches, numerous other methods for constructing performance
models have been proposed [6, 13, 31].

Performance Evolution. The techniques discussed so far focus on analyzing performance
within a single release of a system. In contrast, Kaltenecker et al. [19] studied the evolution of
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performance behavior across different system releases. They investigated the relationship
between configurability and performance evolution, showing that almost every release dis-
plays performance changes in some configurations. Although performance changes occur
frequently between releases, the affected subset of the configuration space and the responsible
configuration options are a relatively small subset.

Similar to the analysis of performance evolution across system releases by Kaltenecker et
al. [19], research in embedded systems addresses the performance evolution across system
changes. Here, timing analysis techniques are used to assess the impact of updates on the
execution time of embedded software [7]. Rather than reevaluating the entire codebase after
each update, which is time and resource consuming, differential timimg analysis focuses only
on the code segments affected by an update and determines their impact on the execution
time.

Hardware Influences. While updates and different system versions represent intentional
modifications to a system, performance variability can also arise from the underlying hard-
ware. Berry et al. [3] studiedmodern computer microprocessors and observed highly variable
performance during program execution, demonstrating that performance can be influenced
by uncontrollable low-level environmental factors. Antoniou et al. [1] further investigate
how differences in client-side hardware contribute to performance variations. Even when
executing the same application, performance can vary depending on the hardware of the
client. Consequently, understanding the performance of an application requires analyzing
the interactions between software and hardware components. Hauswirth et al. [16] address
this by collecting time series data from multiple layers of the system such as the operating
system, virtual machine and application. For each layer, different metrics are collected and
represented as individual time series. This enables reasoning about how different system
layers influence overall performance behavior.

System Layer Influences. In addition to layered architectures, many systems are distributed
across multiple machines. In distributed systems, a single request can trigger numerous
sub-requests across several software components, which makes identifying performance inef-
ficiencies challenging. Zhao et al. [44] developed a profiling tool capable of reconstructing the
execution flow of requests across these components. This approach enables the identification
of root causes and the specific components responsible for performance issues.

Dynamic Environments and Self-Adapting Systems. Beyond internal system components
like hardware and software, performance can also be affected by dynamic external conditions,
such as fluctuating workloads and network conditions [11]. Software systems frequently
operate under uncertain and time-varying conditions, which can impact their performance
[11, 25, 40]. In the area of self-adapting systems, configurable systems can adjust to changing
environmental and internal conditions such as time-varying workloads. These systems learn
from previous adaptations and uses this knowledge to react to future environmental changes
[29, 42].

Time Series Modeling and Forecasting. Besides learning to react to changes in the envi-
ronment, systems can benefit from anticipating future performance changes. The area of
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time series modeling and forecasting is the process of predicting future values based on
historical data collected over a certain period of time. Historical data is used to learn from past
observations and to identify patterns and trends, enabling predictions of how performance
will change over time [9].

Previous work applies time series modeling techniques to enable automatic adjustment
of performance thresholds under varying workloads [17]. These thresholds are predefined
limits that indicate deviations from expected performance behavior. They are used to detect
performance anomalies and trigger alerts when the system misbehaves. Setting these perfor-
mance thresholds manually is often inflexible and fails to adapt to changing environments.
Instead, this approach allows the system to automatically set suitable thresholds and detect
performance issues [17].

The Fourier transform is an established algorithm in the area of time-series analysis. Typi-
cally, the Fourier analysis is used to model the time series data in the frequency domain. Time
series forcasting faces challenges in achieving precision and interpretibility, especially when
considering multivariate scenarios. Using the Fourier transform provides interpretability and
simplifies the analysis of time series by decomposing them into their frequency representation.
Therefore, it supports in identifying and understanding periodic patterns and relationships
within historical data [21, 22].

Practical applications have demonstrated these advantages. Prior work [10] applies the
Discrete Fourier Transform to student access data from Moodle1 log files in order to predict
the students final course results. The study demonstrates that transforming the time series
data into the frequency domain using the DFT preserves the information. Furthermore, since
data extracted from log files can be very extensive, the DFT enables effective data compression.
By retaining only 5 − 10% of the most significant Fourier coefficients, data size is reduced
while improving model accuracy.

1 https://moodle.de

https://moodle.de




8
Concluding Remarks

Today, most software systems are configurable, resulting in vast configuration spaces [41].
While this flexibility enables software to be tailored to diverse requirements, it also compli-
cates performance prediction because each configuration can exhibit distinct performance
behavior. Measuring and analyzing all possible configurations is typically infeasible due
to the exponential growth of the configuration space. To predict the performance behav-
ior of a specific configuration, classical performance modeling approaches summarize the
performance of configurations as scalar values [35].

In this thesis, we extend classical performance modeling by presenting an approach for
predicting the performance behavior of configurable software systems over time. That means,
our approach enables us to construct models that output performance sequences over execu-
tion time for any given configuration. To build such models, we leverage the Discrete Fourier
Transform tomap performance traces into their frequency representation. This transformation
enables us to formulate the model construction as an optimization problem based on the ob-
served frequency values. We assign influences to configuration options and their interactions
such that the difference between predicted and actual frequency values is minimized.

We evaluate the accuracy of our models in an initial experiment. There, we use the configu-
ration spaces of two real-world configurable systems and manually seed functions to their
configuration options and their interactions. This setup provides ground-truth performance
sequences for configurations in a controlled setting. To explore different scenarios, we vary
both the number and the choice of configuration options that get influences assigned, as well
as the type of influence functions. For each scenario, we construct models from different
sample sets of configurations, taking performancemeasurements for each configuration either
without or with added noise. We evaluate accuracy qualitatively by comparing predicted
performance sequences of selected configurations to their ground-truth sequences, and quan-
titatively by measuring prediction errors across all configurations. For quantitative evaluation,
we summarize the difference between predicted and actual sequences by using the mean
Integral Squared Error.

We observe that prediction accuracy improves with increasing sample size, with larger
sample sizes yielding negligible prediction errors. Smaller sample sizes are mostly able
to capture general performance trends but may miss specific influences. When noise is
added, small sample sizes tend to overfit on noise, treating noise as part of the underlying
behavior. Larger sample sizes are better at regularizing the noise and achieving highly accurate
predictions. Overall, we present a methodology for constructing models that enable time-
inhomogeneous performance predictions in configurable software systems, with our results
demonstrating the feasibility of our models, making our approach a promising direction for
further research on real-world systems.
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Appendix

In the following we show the distribution of prediction errors for the models built in all
experiments and for both systems, LLVM (left) and lrzip (right). First, we illustrate results for
experiments without synthetic noise, followed by those with synthetic noise. For each case,
we distinguish scenarios where influences are assigned to one-fifth, half, or all configuration
options. We show results for all three sample sizes and both random seeds used for the
function assignments. Within each boxplot, we distinguish between models constructed with
seeded behavior where influences are assigned only to individual configuration options
(Interaction Degree 1) and those where their interactions are assigned influences (Interaction
Degree 2).

a.1 Boxplots forMeasurementswithout SyntheticNoise

The distributions of models built in experiments without synthetic noise are presented below.
Two plots are shown for each of the models 𝜇t1, 𝜇t2, and 𝜇t3, corresponding to different seeds
used for selecting configuration options and assigning functions.

Assignment of Influences to One-Fifth of Configuration Options
The following presents the results of the experiments in which one-fifth of the configuration
options are assigned influences.

Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t1, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t2, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t3, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Assignment of Influences to Half of Configuration Options
The following presents the results of the experiments in which half of the configuration
options are assigned influences.

Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t1, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t2, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t3, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Assignment of Influences to All Configuration Options
The following presents the results of the experiments in which all configuration options are
assigned influences.

Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t1, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t2, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t3, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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a.2 Boxplots for Measurements with Synthetic Noise

The distributions of models built in experiments without synthetic noise are presented. Two
plots are shown for each of the models 𝜇t1, 𝜇t2, and 𝜇t3, corresponding to different seeds used
for selecting configuration options and assigning functions.

Assignment of Influences to One-Fifth of Configuration Options
The following presents the results of the experiments in which one-fifth of the configuration
options are assigned influences.

Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t1, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t2, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t3, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Assignment of Influences to Half of Configuration Options
The following presents the results of the experiments in which half of the configuration
options are assigned influences.

Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t1, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t2, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t3, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.

1 2

1

2

Interaction Degree

m
ea
n

(I
SE

)

1 2
0

2

4

6

Interaction Degree

1 2

1

2

Interaction Degree

m
ea
n

(I
SE

)

1 2
0

2

4

6

Interaction Degree



A.2 Boxplots for Measurements with Synthetic Noise 65

Assignment of Influences to All Configuration Options
The following presents the results of the experiments in which all configuration options are
assigned influences.

Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t1, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t2, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Boxplots for LLVM (left) and lrzip (right) showing the distribution of prediction errors
for model 𝜇t3, with the first and second plots showing two different seeds used for selecting
configuration options and assigning functions.
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Statement on the Usage of Generative
Digital Assistants

For this thesis, the following generative digital assistants have been used: I have used Chat-
GPT1 for collecting possible inspiration, text revision and text rewriting. It was used to improve
the grammar and sentence structure of my writing and to check for mistakes like comma
placements and spelling errors.

In addition, I have used Copilot2 for code completion. Specifically, it provided suggestions
for running the existing evaluation scripts sequentially and, in other parts of the code, for
completing repetitive patterns.

I am aware of the potential dangers of using these tools and have used them sensibly
with caution and with critical thinking. The core ideas, structure, and content of this thesis
were developed independently without relying on these tools. I did not trust the output
blindly, but reviewed the suggestions and only applied them when they aligned with my
own understanding.

1 https://chat.openai.com/

2 https://github.com/features/copilot
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