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Resum

Els sistemes moderns de computació d’alt rendiment han crescut en
complexitat, amb processadors que compten amb fins a 96 nuclis i ar-
quitectures heterogènies que incorporen GPUs i acceleradors especial-
itzats. Aquests sistemes exposen centenars de Comptadors de Rendi-
ment Hardware (HwPCs) que proporcionen informació detallada so-
bre el comportament en temps d’execució, tanmateix, la seva util-
ització efectiva per a l’optimització del rendiment presenta desafia-
ments significatius. Les limitacions hardware impedeixen el moni-
toratge simultani de tots els comptadors, el volum massiu de dades
crea problemes d’escalabilitat, i els entorns d’execució exigeixen anàli-
sis ràpides per a l’ajust dinàmic. L’ajust de rendiment tradicional
basat en experts s’ha tornat impracticable donats els vastos espais
de paràmetres i les intrincades interaccions hardware-software. Tot i
que l’Aprenentatge Automàtic (ML) ofereix promeses per automatitzar
aquest procés, els enfocaments existents pateixen de portabilitat limi-
tada, precisió de predicció inconsistent entre patrons computacionals, i
manca d’automatització d’extrem a extrem que integri la identificació
de regions de codi amb l’optimització de Paràmetres d’Ajust (TP).

En aquesta tesi abordem aquests problemes per a aplicacions paral·leles
mitjançant el desenvolupament d’un enfocament automatitzat integrat
que opera eficaçment en diverses arquitectures incloent tant CPUs com
GPUs. L’enfocament consisteix en dues fases que treballen conjunta-
ment per proporcionar optimització automàtica d’extrem a extrem.

Primer, una fase offline de reducció de HwPCs utilitza tècniques d’apre-
nentatge automàtic per determinar el subconjunt mínim però infor-
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matiu de HwPCs necessaris tant per a la identificació de regions de
codi com per a l’optimització de TP. Aquesta fase es realitza una ve-
gada per a una arquitectura específica i analitza un conjunt de dades
d’entrenament que conté etiquetes de regions de codi, mesuraments
de HwPCs i valors de TP per identificar quins HwPCs són més relle-
vants. Mitjançant aquesta anàlisi, el nombre de HwPCs requerits per
a una optimització efectiva es redueix substancialment, disminuint la
sobrecàrrega de monitoratge i permetent una recol·lecció de dades més
eficient mentre es manté alta precisió en la caracterització del rendi-
ment.

La segona fase és la fase d’execució online de l’aplicació que aplica els
conjunts reduïts de HwPCs i els models entrenats identificats en la
fase offline a aplicacions reals en temps d’execució. Durant l’execució,
aquesta fase identifica les regions de codi en execució i determina au-
tomàticament els valors òptims de TP per a cada regió usant només el
conjunt mínim de HwPCs seleccionats durant la fase offline. Aquest en-
focament redueix significativament la sobrecàrrega del monitoratge de
rendiment mentre manté alta precisió tant en la classificació de regions
de codi com en l’optimització del rendiment, eliminant així l’esforç
manual en l’anàlisi de rendiment i permetent una adaptació eficient
en temps d’execució. Una característica crítica d’aquest enfocament
integrat és la seva portabilitat arquitectònica, determinant automàti-
cament els HwPCs més rellevants per a cada arquitectura objectiu du-
rant la fase offline i assegurant una precisió de predicció consistent
entre plataformes sense requerir modificacions manuals específiques
de l’arquitectura. Aquest disseny agnòstic d’arquitectura s’adapta a
diferents característiques arquitectòniques mentre assegura una optim-
ització robusta de paràmetres d’ajust, permetent que el mateix enfo-
cament s’apliqui a noves arquitectures sense intervenció manual.

La validació exhaustiva realitzada en múltiples plataformes hardware i
càrregues de treball computacionals diverses demostra que la metodolo-
gia aborda eficaçment els desafiaments fonamentals dels entorns mod-
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erns de computació paral·lela. Els resultats experimentals mostren alta
precisió en la predicció de configuracions òptimes de TP en diverses
regions de codi i arquitectures, amb puntuacions de precisió K-fold
que freqüentment superen 0.90 i puntuacions ROC AUC consistent-
ment per sobre de 0.99, requerint únicament entre 3 i 7 HwPCs per
regió de codi de CPU, i les comparacions amb OpenTuner demostren
millores en el temps d’execució de fins a 30×. La validació en sis
generacions de GPU (des de Kepler fins a Ada Lovelace) confirma a
més una àmplia portabilitat arquitectònica, assolint una precisió su-
perior a 0.80 i requerint únicament entre 2 i 11 HwPCs per kernel
GPU. La integració de l’anàlisi de HwPCs basat en ML amb estratè-
gies d’optimització eficients proporciona una metodologia per a l’ajust
automàtic del rendiment que elimina l’esforç d’anàlisi manual mentre
manté o millora l’efectivitat d’optimització en comparació amb enfoca-
ments tradicionals, representant un avenç en l’optimització automàtica
del rendiment per a aplicacions paral·leles en entorns HPC heterogenis.

Paraules Clau
Comptadors de rendiment hardware, Reducció automàtica de dimen-
sionalitat, Conjunts d’aprenentatge automàtic, Optimització de paràme-
tres d’ajust, Classificació de regions paral·leles
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Resumen

Los sistemas modernos de computación de alto rendimiento han crecido
en complejidad, con procesadores que cuentan con hasta 96 núcleos y
arquitecturas heterogéneas que incorporan GPUs y aceleradores espe-
cializados. Estos sistemas exponen cientos de Contadores de Rendimien-
to Hardware (HwPCs) que proporcionan información detallada sobre
el comportamiento en tiempo de ejecución; sin embargo, su utilización
efectiva para la optimización del rendimiento presenta desafíos signi-
ficativos. Las limitaciones hardware impiden el monitoreo simultáneo
de todos los contadores, el volumen masivo de datos crea problemas
de escalabilidad, y los entornos de ejecución exigen análisis rápidos
para el ajuste dinámico. El ajuste de rendimiento tradicional basado
en expertos se ha vuelto impracticable dados los vastos espacios de
parámetros y las intrincadas interacciones hardware-software. Aunque
el Aprendizaje Automático (ML) ofrece promesas para automatizar
este proceso, los enfoques existentes sufren de portabilidad limitada,
precisión de predicción inconsistente entre patrones computacionales
y falta de automatización de extremo a extremo que integre la iden-
tificación de regiones de código con la optimización de Parámetros de
Ajuste (TP).

En esta tesis abordamos estos problemas para aplicaciones paralelas
mediante el desarrollo de un enfoque automatizado integrado que opera
eficazmente en diversas arquitecturas incluyendo tanto CPUs como
GPUs. El enfoque consiste en dos fases que trabajan conjuntamente
para proporcionar optimización automática de extremo a extremo.

Primero, una fase offline de reducción de HwPCs utiliza técnicas de
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aprendizaje automático para determinar el subconjunto mínimo pero
informativo de HwPCs necesarios tanto para la identificación de re-
giones de código como para la optimización de TP. Esta fase se realiza
una vez para una arquitectura específica y analiza un conjunto de datos
de entrenamiento que contiene etiquetas de regiones de código, medi-
ciones de HwPCs y valores de TP para identificar qué HwPCs son
más relevantes. Mediante este análisis, el número de HwPCs requeri-
dos para una optimización efectiva se reduce sustancialmente, dismin-
uyendo la sobrecarga de monitoreo y permitiendo una recolección de
datos más eficiente mientras se mantiene alta precisión en la caracter-
ización del rendimiento.

La segunda fase es la fase de ejecución online de la aplicación que aplica
los conjuntos reducidos de HwPCs y los modelos entrenados identifi-
cados en la fase offline a aplicaciones reales en tiempo de ejecución.
Durante la ejecución, esta fase identifica las regiones de código en eje-
cución y determina automáticamente los valores óptimos de TP para
cada región usando solo el conjunto mínimo de HwPCs seleccionados
durante la fase offline. Este enfoque reduce significativamente la sobre-
carga del monitoreo de rendimiento mientras mantiene alta precisión
tanto en la clasificación de regiones de código como en la optimización
del rendimiento, eliminando así el esfuerzo manual en el análisis de
rendimiento y permitiendo una adaptación eficiente en tiempo de eje-
cución. Una característica crítica de este enfoque integrado es su porta-
bilidad arquitectónica, determinando automáticamente los HwPCs más
relevantes para cada arquitectura objetivo durante la fase offline y ase-
gurando una precisión de predicción consistente entre plataformas sin
requerir modificaciones manuales específicas de la arquitectura. Este
diseño agnóstico de arquitectura se adapta a diferentes características
arquitectónicas mientras asegura una optimización robusta de parámet-
ros de ajuste, permitiendo que el mismo enfoque se aplique a nuevas
arquitecturas sin intervención manual.

La validación exhaustiva realizada en múltiples plataformas hardware y
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cargas de trabajo computacionales diversas demuestra que la metodolo-
gía aborda eficazmente los desafíos fundamentales de los entornos mod-
ernos de computación paralela. Los resultados experimentales mues-
tran alta precisión en la predicción de configuraciones óptimas de TP
en diversas regiones de código y arquitecturas, con puntuaciones de
precisión K-fold que frecuentemente superan 0.90 y puntuaciones ROC
AUC consistentemente por encima de 0.99, requiriendo únicamente
entre 3 y 7 HwPCs por región de código de CPU y las compara-
ciones con OpenTuner demuestran mejoras en el tiempo de ejecución
de hasta 30×. La validación en seis generaciones de GPU (desde Kepler
hasta Ada Lovelace) confirma además una amplia portabilidad arqui-
tectónica, alcanzando una precisión superior a 0.80 y requiriendo única-
mente entre 2 y 11 HwPCs por kernel GPU. La integración del análisis
de HwPCs basado en ML con estrategias de optimización eficientes pro-
porciona una metodología para el ajuste automático del rendimiento
que elimina el esfuerzo de análisis manual mientras mantiene o mejora
la efectividad de optimización en comparación con enfoques tradi-
cionales, representando un avance en la optimización automática del
rendimiento para aplicaciones paralelas en entornos HPC heterogéneos.

Palabras Clave
Contadores de rendimiento hardware, Reducción automática de di-
mensionalidad, Conjuntos de aprendizaje automático, Optimización de
parámetros de ajuste, Clasificación de regiones paralelas
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Summary

Modern High Performance Computing (HPC) systems have grown in-
creasingly complex, with processors featuring up to 96 cores and het-
erogeneous architectures incorporating GPUs and specialized accelera-
tors. These systems expose hundreds of Hardware Performance Coun-
ters (HwPCs) that provide detailed insights into runtime behavior; yet
their effective utilization for performance optimization presents signif-
icant challenges. Hardware limitations prevent simultaneous monitor-
ing of all counters, the massive data volume creates scalability issues,
and runtime environments demand rapid analysis for dynamic tuning.
Traditional expert-driven performance tuning has become impractical
given the vast parameter spaces and intricate hardware-software inter-
actions. While Machine Learning (ML) offers promise for automating
this process, existing approaches suffer from limited portability, in-
consistent prediction accuracy across computational patterns, and lack
of end-to-end automation integrating code-region identification with
Tuning Parameter (TP) optimization.

In this thesis we tackle these problems for parallel applications through
the development of an integrated automated approach that operates
effectively across diverse architectures including both CPUs and GPUs.
The approach consists of two phases that work together to provide end-
to-end automatic optimization.

First, an offline HwPC reduction phase uses ML techniques to deter-
mine the minimal yet informative subset of HwPCs necessary for both
code-region identification and TP optimization. This phase is per-
formed once for a specific architecture and analyzes a training dataset
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containing code-region labels, HwPC measurements, and TP values to
identify which HwPCs are most relevant. Through this analysis, the
number of HwPCs required for effective optimization is substantially
reduced, decreasing monitoring overhead and enabling more efficient
data collection while maintaining high accuracy in performance char-
acterization.

The second phase is the online application execution phase that ap-
plies the reduced HwPC sets and trained models identified in the of-
fline phase to real applications at runtime. During execution, this
phase identifies executing code-regions and automatically determines
optimal TP values for each region using only the minimal set of Hw-
PCs selected during the offline phase. This approach significantly re-
duces the overhead of performance monitoring while maintaining high
accuracy in both code-region classification and performance optimiza-
tion, thereby removing manual effort in performance analysis and en-
abling efficient runtime adaptation. A critical characteristic of this
integrated approach is its architectural portability, automatically de-
termining the most relevant HwPCs for each target architecture dur-
ing the offline phase and ensuring consistent prediction accuracy across
platforms without requiring manual architecture-specific modifications.
This architecture-agnostic design adapts to different architectural char-
acteristics while ensuring robust tuning parameter optimization, en-
abling the same approach to be applied to new architectures without
manual intervention.

Comprehensive validation conducted across multiple hardware plat-
forms and diverse computational workloads demonstrates that the me-
thodology effectively addresses the fundamental challenges of modern
parallel computing environments. Experimental results show high ac-
curacy in predicting optimal TP configurations across diverse code-
regions and architectures, with K-fold accuracy scores frequently ex-
ceeding 0.90 and ROC AUC scores consistently above 0.99, while re-
quiring only 3–7 HwPCs per CPU code-region, and benchmarks against
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OpenTuner demonstrate execution time improvements of up to 30×.
Validation across six GPU generations (Kepler through Ada Lovelace)
further confirms broad architectural portability, achieving above 0.80
accuracy while requiring only 2–11 HwPCs per GPU kernel. The inte-
gration of ML-based HwPC analysis with efficient optimization strate-
gies provides a methodology for automated performance tuning that
eliminates manual analysis effort while maintaining or improving opti-
mization effectiveness compared to traditional approaches, representing
an advancement in automated performance optimization for parallel
applications in heterogeneous HPC environments.

Keywords
Hardware performance counters, Automatic dimension reduction, Ma-
chine learning ensembles, Tuning parameter optimization, Parallel re-
gion classification
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Chapter 1

Introduction

This chapter introduces the problems we have tackled in this thesis focused on the
field of automatic performance optimization of parallel applications using Machine
Learning (ML) techniques and Hardware Performance Counters (HwPCs). First,
the motivation behind this work is discussed, followed by the objectives we plan
to accomplish in this thesis. Afterwards, the main contributions of this thesis are
explained, and, finally, the organization of this work is presented.

1.1 Motivation

Nowadays, computational demands are growing exponentially driven by increas-
ingly complex simulations, artificial intelligence workloads, and data-intensive ap-
plications across diverse fields. To meet these requirements, more sophisticated
systems with enhanced computational capabilities are being developed in High
Performance Computing (HPC). Consequently, a continuous cycle appears to be
generated between the development of more demanding applications and advances
in computational power. This increase in demand is satisfied through significant
expansions in system resources, such as increasing the number of cores per proces-
sor and deploying systems with multiple processors and accelerators.

For instance, while Intel’s 2005-era Paxville DP (Xeon 7000 series) and 2006-era

1



1. Introduction

Dempsey (Xeon 5000 series) processors both featured 2 cores and 4 threads for
dual-socket servers, current Intel Xeon Scalable Processors (Sapphire Rapids/E-
merald Rapids lineup) can offer up to 64 cores with 128 threads (e.g., Platinum
8592+ [34]). Similarly, AMD’s EPYC 9004 Series (codenamed Genoa) processors
provide configurations with up to 96 cores and 192 threads (e.g. EPYC 9654 [2]).
Additionally, due to power consumption constraints and thermal limitations, sys-
tems are becoming increasingly heterogeneous, incorporating technologies such as
dynamic voltage and frequency scaling, hybrid architectures with performance and
efficiency cores, and specialized accelerators including GPUs, FPGAs, and other
domain-specific processors.

Such architectures provide parallel applications with vast opportunities to ex-
ploit thread-level parallelism, vectorization, and hardware specialization for per-
formance gains. To effectively utilize these complex systems and extract maxi-
mum performance from parallel applications, performance tuning becomes crucial.
However, the growing complexity of modern HPC architectures makes manual per-
formance optimization increasingly challenging and time-consuming. Traditional
approaches that rely on expert knowledge and manual analysis become impractical
when dealing with the vast parameter spaces and intricate interactions between
hardware components and software configurations. This complexity is further
compounded by the heterogeneous nature of modern systems, where optimal con-
figurations may vary significantly between different architectures and workloads.

For instance, recent Intel and AMD CPUs expose over 200 architectural, and mi-
croarchitectural events, while NVIDIA GPUs provide access to several hundred
specialized Hardware Performance Counters (HwPCs). These HwPCs offer un-
precedented visibility into the runtime behavior of applications, enabling detailed
analysis of performance bottlenecks and optimization opportunities.

However, the effective use of HwPCs for parallel application tuning presents several
significant challenges that must be addressed:

1. Monitoring Limitations: Hardware factors, such as the limited number
of special-purpose registers, restrict simultaneous access to HwPCs. Two ap-
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proaches address this limitation: multiple application executions or HwPC
multiplexing. Multiple executions achieve high accuracy by measuring differ-
ent HwPC groups in separate runs, but this multiplies execution time and is
infeasible for long-running applications or dynamic tuning scenarios. HwPC
multiplexing timeshares register usage among multiple events, requiring only
a single execution. However, this introduces overhead from HwPC swapping
and reduces precision, as final values must be estimated from partial mea-
surements across time intervals.

2. Scalability and Data Volume Constraints: The complexity of modern
HPC systems, featuring processors with hundreds of cores and heteroge-
neous accelerators, has led to an explosion in available HwPCs. The volume
of HwPC data, especially from GPUs, with hundreds of associated HwPCs,
implies serious scalability challenges. Manual analysis becomes impractical
when dealing with hundreds of HwPCs across thousands of processing ele-
ments, necessitating automated approaches to efficiently process this data.

3. Runtime Decision Requirements: HPC environments require rapid anal-
ysis and decision-making, where HwPC data proves valuable for enhancing
dynamic tuning processes. The most critical aspect involves developing effi-
cient performance models that accurately represent application behavior by
incorporating instrumentation-derived HwPCs, enabling real-time optimiza-
tion decisions.

4. Manual Analysis Complexity: The intricate relationships between Hw-
PCs and performance outcomes make it difficult to identify performance bot-
tlenecks and optimization opportunities manually. The multidimensional na-
ture of the optimization problem, involving numerous interdependent hard-
ware and software parameters, exceeds human capacity for systematic ex-
ploration. Furthermore, the architectural diversity across modern heteroge-
neous platforms requires specialized knowledge that varies by system, lim-
iting the portability of manual analysis strategies. Sophisticated analyti-
cal techniques and extensive expertise in hardware microarchitecture and
application behavior are essential, yet the scale and complexity of contem-
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porary HPC environments make analytical approaches-whether manual or
automated—increasingly impractical.

All these challenges are particularly acute in the context of parallel application tun-
ing, which has made traditional expert-driven performance modeling increasingly
difficult and time-consuming. Performance tuning in these environments requires
analyzing the intricate relationships between hardware behavior (captured by Hw-
PCs), application characteristics, and tunable parameters (TPs) such as number
of threads, scheduling policies, and memory allocation strategies. The manual
creation of performance models that accurately capture these relationships across
different architectures and workloads has become impractical, necessitating auto-
mated approaches that can systematically analyze HwPC data to predict optimal
TP configurations.

Concurrently, the field of ML has experienced remarkable growth and success in
handling complex, high-dimensional data analysis problems. ML techniques have
demonstrated exceptional capability in identifying patterns, making predictions,
and automating decision-making processes across different scientific and industrial
fields. Given these strengths, ML approaches offer a promising solution to the
challenges of performance optimization using HwPCs:

- Efficient HwPC Selection: Identifying the most informative subset of
HwPCs that can both identify code-regions and optimize Tuning Parameters
(TPs), thereby reducing monitoring overhead.

- Automated Pattern Recognition: Detecting patterns for accurate code-
region characterization.

- Predictive Tuning: Learning optimal TP configurations from performance
data.

- Cross-Architecture Portability: Adapting to diverse hardware like CPUs
and GPUs.

However, applying ML to HwPC-based performance optimization comes with sig-
nificant challenges. First, the ML model architecture must be carefully chosen
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to capture the relationships between HwPC measurements and performance out-
comes. Second, the principle of garbage in, garbage out applies—an ML model
is only as good as its training data. For HwPC-based performance tuning, this
means the model can only learn meaningful patterns if the input features (HwPCs)
capture relevant performance characteristics, and the training dataset represents
the diverse scenarios the ML model will encounter in practice.

Previous research has demonstrated promising results in leveraging ML method-
ologies for HwPC-based parallel application tuning, including work on identifying
code-regions and constructing balanced datasets to predict optimal number of
threads for OpenMP code-regions. However, significant limitations remain when
scaling these approaches.

- Limited Architectural Portability: Validation primarily on single hard-
ware platforms restricts applicability across diverse architectures.

- Inconsistent Prediction Accuracy: Current approaches show accuracy
variations when predicting optimal configurations across different computa-
tional patterns.

- Lack of End-to-End Automation: There is a lack of automated and
portable methodologies that can both identify code-regions and perform Tun-
ing Parameter optimization across diverse code-regions and architectures.

Therefore, a critical challenge remains: developing an automated methodology
that can leverage ML techniques and HwPCs to seamlessly identify parallel code-
regions—distinct computational blocks within an application that can be inde-
pendently optimized—and optimize TPs across diverse architectures. Addressing
this challenge requires approaches that can automatically identify relevant per-
formance characteristics, select appropriate optimization strategies, and predict
optimal configurations with minimal overhead and maximum accuracy. Finally,
these approaches should provide portable solutions that generalize across different
computational patterns and hardware platforms.
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1.2 Objectives

The main objective of this thesis is to research and develop automated methodolo-
gies that leverage ML techniques and HwPCs for efficient performance optimiza-
tion of parallel applications. The approach aims to eliminate the need for manual
analysis while providing a portable solution that works effectively across diverse
hardware architectures and application types. To achieve this overarching goal,
several specific objectives need to be fulfilled:

1. Representative Dataset Generation: Develop a methodology for cre-
ating representative and balanced datasets that effectively capture the di-
verse behaviors exhibited by parallel applications across different scenarios,
problem sizes, and hardware configurations. This includes addressing chal-
lenges related to data imbalance, ensuring adequate coverage of the param-
eter space, and maintaining the generalizability of trained models across
different contexts while enabling accurate tuning capabilities.

2. Effective HwPC Utilization and Analysis: Develop an automated me-
thodology for effective utilization of HwPCs in ML-based optimization sys-
tems. This involves addressing the challenges of HwPC selection, data collec-
tion overhead, and scalability issues associated with analyzing large volumes
of performance data. The objective is to create an automated methodology
that can identify the most informative subset of HwPCs while minimizing
measurement overhead and maintaining high accuracy in performance char-
acterization. Additionally, this requires developing a performance model
capable of rapidly analyzing HwPC data and making optimization decisions
with minimal latency, enabling dynamic tuning that responds effectively to
changing application behavior.

3. Portable Optimization Methodologies: Develop a portable optimiza-
tion methodology that can operate effectively across diverse hardware archi-
tectures, including both CPUs and GPUs. This requires creating a methodol-
ogy that automatically adapts to different architectural characteristics while
ensuring robust Tuning Parameter optimization across platforms, such that
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both HwPC selection and optimization strategies can be applied to new ar-
chitectures without manual intervention or architecture-specific adjustments.

4. End-to-End Automation: Provide a comprehensive automation that seam-
lessly integrates code-region identification and Tuning Parameter optimiza-
tion. The objective is to create a system that can automatically analyze par-
allel applications, identify optimization opportunities, and predict optimal
configurations without requiring a manual intervention or expert knowledge,
addressing the current absence of such automated methodologies.

1.3 Main Contributions

This thesis demonstrates that automated methodologies leveraging ML techniques
and HwPCs can effectively optimize parallel applications across diverse scenarios
and architectures. This thesis presents the following main contributions:

- ML-Based Automatic HwPC Reduction: An automatic and accurate
methodology that can determine a reduced subset of HwPCs for code-region
identification and Tuning Parameter (TP) optimization, regardless of the
total number of available HwPCs or code-regions. This contribution has
been published in [29]:

Efficient code-region Characterization Through Automatic Performance Coun-

ters Reduction Using Machine Learning Techniques. Euro-Par (1) 2024: 18-

32. Suren Harutyunyan Gevorgyan, Eduardo César, Anna Sikora, Jiří Fil-

ipovič, Akash Dutta, Ali Jannesari, Jordi Alcaraz

- ML-Based Automatic Code-Region Optimization: An advanced au-
tomatic methodology that accurately identifies code-regions and automates
Tuning Parameter (TP) optimization using minimal yet informative sets of
Hardware Performance Counters (HwPCs). The methodology operates in
two distinct phases: (1) an off-line HwPC Reduction Phase performed
once for a specific architecture, which processes a training dataset contain-
ing code-region labels, HwPC measurements, and TP values to separately
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identify the minimal HwPCs needed for code-region identification and those
needed for TP optimization; and (2) an on-line Application Execution
Phase that applies the reduced HwPC sets and trained models to iden-
tify executing code-regions at runtime and automatically determine optimal
TP values for each region. This two-phase approach significantly reduces
the overhead of performance monitoring while maintaining high accuracy
in both code-region classification and performance optimization, thereby re-
moving manual effort in performance analysis and enabling efficient runtime
adaptation. This contribution has been published in [30]:

Automatic Tuning based on Hardware Performance Counters and Machine

Learning. Future Generation Computer Systems Special Issue 2026. Suren

Harutyunyan Gevorgyan, Eduardo César, Anna Sikora, Jiří Filipovič, Jordi

Alcaraz.

- Portable Optimization Methodology: An automatic methodology that
is effective across diverse architectures, including CPUs and GPUs. The
methodology automatically determines the most relevant HwPCs for each
target architecture, ensuring consistent prediction accuracy across platforms
without requiring manual architecture-specific modifications.

The methodology leverages Machine Learning to address two fundamental chal-
lenges in performance optimization: identifying which code-region is executing and
determining optimal Tuning Parameter (TP) configurations. The methodology is
built on the insight that different HwPCs are relevant for different optimization
tasks. The HwPCs most useful for code-region identification may differ from those
that best predict optimal TP values.

By recognizing this distinction, the methodology employs separate HwPC subsets
that maximize predictive accuracy while minimizing monitoring overhead. The
methodology operates in two phases, as illustrated in Figure 1.1.

An offline HwPC Reduction Phase analyzes a dataset to perform a reduction
and identify which are the minimal sets of HwPCs that are most informative for
code-region identification and TP optimization. This phase builds classification
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HwPC Reduction
Phase

Application
Execution Phase

Output:
Tuning

Parameter
Values

Input: Code
Region Labels,
HwPCs and TPs

Figure 1.1: General flow of the proposed methodology.

and prediction models using an ensemble of ML algorithms.

A subsequent Application Execution Phase applies these trained models at
runtime, using the reduced HwPC sets to identify code-regions and optimize TPs
automatically. This strategy enables efficient performance tuning by monitoring
only minimal HwPC subsets during application execution while maintaining high
model accuracy.

1.4 Thesis Organization

This thesis is organized into the following chapters:

Chapter 2 (Related Work) examines existing research related to performance
tuning and ML applications for performance analysis and optimization, providing
the context for this work.

Chapter 3 (Background) outlines the fundamental concepts, methodologies,
and approaches employed in this research to achieve the previously stated objec-
tives.

Chapter 4 (Methodology For Hardware Performance Counters Reduc-
tion and Automatic Tuning using Machine Learning) presents the specific
steps performed to build the representative dataset employed to validate the pro-
posed methodology, and details the criteria for selecting the algorithms forming the
ensemble methodology. Next, it introduces the methodology employed to reduce
the HwPCs and obtain minimal sets of HwPCs for effective code-region identifica-
tion and TP optimization. Finally, it explains how the ensemble methodology and
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the reduced sets of HwPCs are integrated to optimize TPs across diverse parallel
applications and architectures.

Chapter 5 (Evaluation of the Proposed Methodology) presents the com-
prehensive evaluation of the ensemble methodology for HwPC reduction, code-
region identification, and TP optimization. The evaluation begins with OpenMP
code-regions on CPUs, first validating the methodology’s reliability through com-
parative analysis, then assessing performance on datasets containing code-regions
known to the models. It then demonstrates robustness and generalization capa-
bilities on previously unseen code-regions from the NAS parallel benchmarks, and
extends the analysis to six GPU architectures across five GPU datasets.

Chapter 6 (Conclusions and Future Work) provides a comprehensive sum-
mary of the thesis research and the results achieved through the application of
the described methodology. Additionally, it identifies potential avenues for future
research aimed at enhancing both the methodologies themselves and the perfor-
mance models developed using the techniques detailed in this thesis.

10



Chapter 2

Related Work

This chapter reviews the state-of-the-art in performance modeling of parallel ap-
plications, categorized into four main approaches: analytical methodologies, auto-
tuning with search in the tunable parameters’ space, methodologies based on ML,
and methodologies based on ML and HwPCs.

First, we examine analytical performance modeling approaches. These methods
rely on expert knowledge to establish relationships between metrics and perfor-
mance through explicit performance models or predefined patterns. Analytical
approaches include dynamic performance analysis tools that use expert-defined
models and plugin-based architectures to identify performance bottlenecks through
instrumentation and runtime monitoring. These techniques form the foundation of
performance optimization, though they often require significant domain expertise.

Second, we discuss autotuning tools that employ search algorithms to explore
the parameter space, where autotuning refers to the automatic adjustment of
code to specific hardware and input characteristics by searching through tuning
spaces—the cross product of performance-relevant source code parameters. Rather
than relying on predefined performance models or ML, these tools navigate com-
binations of TPs using various search strategies—from evolutionary algorithms to
grid search—to to find optimal configurations. While effective, these approaches
may require exhaustive or near-exhaustive exploration of large parameter spaces.

11
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Third, we explore methodologies based on ML that do not explicitly leverage
HwPCs. These approaches use ML models to predict optimal configurations or
make runtime decisions based on various application features, such as code char-
acteristics, execution patterns, or system parameters. By learning from historical
performance data, these methods reduce reliance on expert knowledge and can
adapt to different system configurations.

Finally, we discuss methodologies that combine ML with HwPCs. These tech-
niques represent recent advances in automated performance modeling, as they
leverage low-level hardware metrics to capture detailed execution behavior. By
using HwPCs as features for ML models, these approaches can identify subtle
performance patterns and relationships that are difficult to capture through code
analysis alone.

Our research aligns with the fourth category, as we aim to develop models that op-
timize TPs in parallel code-regions by leveraging HwPCs. However, existing meth-
ods often lack automation in critical aspects such as HwPC reduction, code-region
identification, and TP optimization—all of which are fundamental for effectively
applying ML to performance modeling. Moreover, to our knowledge, none of the
existing approaches employs a systematic and principled methodology to select the
most relevant HwPCs for different architectures. By addressing these gaps, our
work aims to enhance the accuracy and applicability of ML-driven performance
tuning.

Beyond these four categories, we note that HwPCs have proven valuable in other
performance optimization contexts that do not involve ML, such as compiler-based
Profile-Guided Optimization [73]. While such approaches differ from our ML-
focused methodology, they demonstrate the rich performance information that
HwPCs can provide, which motivates our use of HwPCs as features for ML models.

2.1 Analytical Performance Modeling

This section presents analytical approaches to performance modeling and optimiza-
tion. They can be divided into two main categories: tools that employ explicit
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performance models to guide tuning decisions, and tools that use search algo-
rithms to explore the parameter space. The first category relies on expert-defined
models, predefined patterns, or plugin-based architectures to identify performance
bottlenecks through instrumentation and runtime monitoring. The second cate-
gory explores combinations of TPs using various search strategies—from evolution-
ary algorithms to Bayesian optimization—to efficiently navigate large parameter
spaces. While analytical approaches have proven effective in many scenarios, they
often require significant expertise and may struggle with the complexity of modern
heterogeneous systems.

2.1.1 MATE

MATE (Monitoring, Analysis and Tuning Environment) [51, 50], is a dynamic
tool for monitoring, analyzing, and tuning the performance of parallel applications
at runtime. The performance analysis and tuning logic is implemented through
Tunlets, which contain performance models that guide parameter modifications
to improve performance. Since MATE operates dynamically during application
execution, the tunable parameters are limited to those modifiable at runtime, such
as the number of threads and scheduling policies in OpenMP applications [18].
The tool must maintain low overhead to enable rapid performance analysis and
parameter adjustments.

MATE consists of three main components: Application Controller (AC), which ex-
ecutes on each host and manages application execution, instrumentation insertion,
and parameter modification; Analyzer, which processes metrics collected from in-
strumentation and applies the Tunlet’s analysis logic to determine necessary tuning
actions; and Dynamic Monitoring Library (DMLib), a shared library containing
code snippets for runtime insertion into applications for monitoring and parameter
modification.

Each Tunlet addresses a specific performance problem and how to improve the
application performance. It comprises three elements: measure points that specify
instrumentation locations, a performance model that analyzes application perfor-
mance to identify problems and suggest parameter values, and tuning points that

13



2. Related Work

define which parameters to modify, where to apply changes, and how to synchro-
nize processes to maintain application consistency.

2.1.2 Periscope

The Periscope Tuning Framework (PTF) [48] was developed as part of the Au-
toTune European project [47], building upon Periscope [26], a performance anal-
ysis environment. PTF is an automatic performance analysis and tuning tool
that addresses both performance and energy efficiency. The framework employs a
plugin-based architecture where each plugin analyzes different performance aspects
such as load balancing, energy consumption, data locality, and memory accesses.
Multiple plugins can be applied simultaneously to explore various aspects of an
application.

PTF analyzes different code-regions by executing them with multiple variants,
where each variant uses different values for the TPs. After analysis, PTF gener-
ates a report containing objective metrics (such as execution time and efficiency)
for each code-region and variant. Each plugin follows a defined workflow consist-
ing of six steps: initialization of variables, tuning space, and search algorithms;
scenario creation through tuning space exploration; scenario preparation by mod-
ifying tunable parameters or recompiling the application; experiment definition
where scenarios are assembled and executed (multiple scenarios can run in one pro-
cess for different code-regions, but scenarios for the same region require separate
executions); application restart with tuning actions applied; and results processing
to generate the performance report.

PTF includes several built-in plugins for tuning compiler flags, energy parameters,
MPI settings, and master/worker configurations. The framework also supports
user-defined plugins for custom tuning requirements.

2.1.3 Score-P

Score-P [39] is a performance measurement infrastructure jointly developed by
leading HPC performance tools groups to address the fragmentation in the perfor-
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mance tools landscape. The infrastructure provides a unified platform for large-
scale performance measurements that can be interpreted with multiple analysis
tools, including HPCToolkit [1], Paraver [58], Scalasca [25], TAU [66], and Vampir
[38]. By consolidating redundant basic functionality across different tools—such
as source code instrumentation, profiling, and event recording for MPI—Score-P
simplifies installation and reduces the learning effort for users while freeing devel-
opment resources for more advanced analysis features.

Score-P consists of an instrumentation framework, several runtime libraries, and
helper tools. The instrumentation framework allows users to insert measurement
probes into C/C++ and Fortran codes through multiple methods: compiler instru-
mentation, MPI library interposition, OpenMP source code instrumentation using
OPARI2, source code instrumentation via the TAU instrumentor, and user-defined
macros.

The instrumentation is applied via the scorep command, which acts as a prefix to
standard compile and link commands, automatically detecting the programming
paradigm and adding appropriate compiler and linker flags.

During execution, Score-P employs a flexible memory management system that
stores data in thread-local chunks of pre-allocated memory, minimizing pertur-
bation and overhead. By default, Score-P operates in profiling mode, producing
data in the CUBE4 format that provides initial insights about application hotspots
and allows customization of subsequent measurement runs. Users can switch be-
tween profiling mode, tracing mode, and on-line access without recompiling or re-
instrumenting the application. To manage data volume, Score-P supports filtering
by region names and wildcards, as well as selective tracing that restricts recording
to specific region executions. The recorded data is written to uniquely named
experiment directories in formats including OTF2, CUBE4, and TAU snapshots.

Score-P addresses critical scalability limitations of previous tools, including im-
proved handling of many MPI communicators at large scales and a tree-based
reduction algorithm for identifier unification that replaces the linear complexity
approach of earlier systems.
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2.1.4 Scalasca

Scalasca [25] is an open-source performance analysis toolset specifically designed
for large-scale parallel systems with thousands of cores. Developed by Jülich Su-
percomputing Centre as the successor to KOJAK [75], Scalasca supports an incre-
mental performance analysis procedure that integrates runtime summaries with
in-depth studies of concurrent behavior via event tracing. A distinctive feature is
its ability to identify wait states that occur due to unevenly distributed workloads,
which is crucial for scaling communication-intensive applications to large processor
counts.

Scalasca supports measurement and analysis of MPI, OpenMP, and hybrid applica-
tions written in C, C++, or Fortran. The analysis workflow begins with application
instrumentation, followed by execution where users can generate either summary
reports (profiles) with aggregate performance metrics for function call paths, or
event traces recording individual runtime events. During tracing, each process
generates a local trace file. After program termination, Scalasca loads these traces
into memory and analyzes them in parallel using the same number of cores as the
target application. The parallel trace analysis searches for characteristic patterns
indicating wait states and performance inefficiencies, classifies detected instances
by category, and quantifies their significance. The resulting pattern-analysis report
is similar to the summary report but enriched with higher-level communication and
synchronization inefficiency metrics.

Both summary and pattern reports can be examined interactively using Scalasca’s
analysis report explorer or third-party tools such as TAU’s ParaProf and Vampir.
Scalasca has demonstrated scalability by successfully analyzing applications with
hundreds of thousands of processes, though trace analysis is typically restricted to
limited execution intervals due to memory and storage constraints.
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2.1.5 Extra-P

Extra-P [14] introduces an automated approach to performance modeling that
helps identify scalability bugs in parallel applications before they manifest at large
scales.

The authors demonstrate that by automatically generating empirical performance
models for all parts of a parallel program, they can achieve both broader cover-
age and faster analysis compared to manual approaches. Their approach focuses
primarily on identifying scalability bugs—parts of a program exhibiting uninten-
tionally poor scaling behavior—with emphasis on weak scaling scenarios. The
method takes performance measurements (parallel profiles) from runs at different
processor counts as input and produces a ranked list of program regions (kernels)
based on their predicted execution time at a target scale significantly larger than
those measured.

These parallel profiles can be generated using tools like Scalasca [25]. Extra-P
then automatically creates empirical performance models for each program region
and extrapolates them to larger scales, producing a ranked list of kernels based on
their predicted execution time at target scales. This ranking effectively highlights
regions with poor scaling behavior that warrant further investigation.

The workflow involves several key steps: statistical quality control to ensure re-
liable performance data; regression to create initial performance models for all
program regions; iterative refinement to improve model quality; and extrapolation
to either a specific target scale or to infinity for asymptotic behavior analysis.
The approach generates both execution-time models and resource requirements
models (e.g., memory usage, communication patterns), enabling developers to dis-
tinguish between computational and resource-driven bottlenecks and supporting
software-hardware co-design considerations.

Using a climate simulation application as a case study, they demonstrate that scal-
ability issues often arise in unexpected parts of the code that would typically be
overlooked in traditional kernel-based analysis. The automatically generated mod-
els prove sufficiently accurate for identifying scalability bugs, sometimes matching
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the quality of hand-crafted models from literature.

2.2 Autotuning with Search in the Tunable Pa-

rameters’ Space

This section discusses tools that utilize search algorithms within the space defined
by tunable parameter values. These tools conduct iterative searches by adjusting
tunable parameters based on the chosen search algorithm, evaluating performance
after each adjustment. Rather than relying on analytical models or ML, these
approaches explore the configuration space using techniques such as evolutionary
algorithms, simulated annealing, or multi-armed bandit strategies. The process
continues until an optimal configuration is found, or a sub-optimal configuration
is identified if exhaustive search is not conducted. While these methods can be
effective and precise, they may require significant computational resources and
time to explore large parameter spaces.

2.2.1 OpenTuner

OpenTuner [6], introduced by Ansel et al., addresses key challenges in program au-
totuning through a flexible, open-source tool designed for building domain-specific
multi-objective program autotuners. The authors identify three major obstacles in
developing effective autotuning systems: selecting appropriate configuration rep-
resentations, navigating extremely large search spaces, and handling the complex
landscape of configuration spaces. OpenTuner’s architecture overcomes these chal-
lenges through customizable configuration representations that preserve domain-
specific information, and an extensible technique framework that accommodates
problem-specific search methods. The system employs sophisticated ensembles of
search techniques, including the AUC Bandit meta technique, differential evolu-
tion, Nelder-Mead, and Torczon hillclimbers, to efficiently explore configuration
spaces across diverse computational domains. This core innovation simultane-
ously deploys multiple search techniques and dynamically allocates computational
resources to those performing best, using an optimal solution to the multi-armed
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bandit problem. This approach enables different techniques to share results con-
structively through a common database, creating a more robust optimization strat-
egy than any single technique could provide.

The authors demonstrated OpenTuner’s effectiveness by implementing autotuners
for seven distinct projects across 16 benchmarks, achieving performance improve-
ments of up to 2.8× compared to previous approaches. Its pluggable architecture
enables sophisticated optimization strategies while supporting various hardware
platforms by abstracting configuration spaces and search mechanisms. Their work
emphasizes the critical importance of domain-specific representations and search
techniques in autotuning, while providing a framework that significantly reduces
both manual tuning efforts and the expertise required to implement specialized
systems.

2.2.2 Kernel Tuning Toolkit

Kernel Tuning Toolkit (KTT) [57], is a tool for autotuning OpenCL and CUDA
applications to achieve performance portability across heterogeneous computing
architectures. KTT supports two distinct tuning approaches: offline autotuning
performed prior to application execution by a separate utility, and dynamic au-
totuning conducted during application runtime. This dual approach addresses
limitations of previous frameworks that only support standalone offline tuning.

With offline tuning, KTT can search for optimal TPs for computationally demand-
ing kernels and export these values to the build system, though this approach can-
not easily adapt during execution. Dynamic tuning allows applications to execute
autotuning at any time—when running on new hardware or when performance-
relevant data characteristics change. Dynamic tuning operates in either blocking
mode (testing multiple configurations before selecting the best one, with automatic
replication of input/output arrays to prevent side effects) or non-blocking mode
(where each tested kernel variant’s results are immediately used by the applica-
tion).

KTT integrates directly into application code as an intermediary layer between the
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application and the OpenCL/CUDA API, allowing applications to decide whether
to change TPs and recompile kernels (tuning mode) or simply execute optimized
kernels (running mode). It collects HwPCs alongside execution time measure-
ments, enabling detailed performance analysis and supporting advanced search
strategies that can analyze profiling data to determine the relative impact of TPs
on performance.

The toolkit uses preprocessor macros to enable parameterization of kernel source
code, allowing TPs to control various optimizations including low-level transfor-
mations (such as loop tiling, loop unrolling, and vectorization), work-group sizes,
memory layouts, and even algorithmic variants. This approach gives programmers
the flexibility to define what aspects of the code can be tuned and how TPs affect
the generated code.

2.2.3 Kernel Tuner

Kernel Tuner [71] is a Python-based autotuning tool designed to optimize OpenCL,
CUDA, and C kernels. Developed by van Werkhoven et al., it addresses the chal-
lenge of finding optimal thread block dimensions and other optimization parame-
ters for GPU programming. The authors emphasize that GPU kernel performance
can vary dramatically based on specific combinations of thread block dimensions
and optimization parameters like tiling or unrolling factors. Finding these optimal
configurations typically requires searching through vast, discontinuous parameter
spaces, which is time-consuming and computationally expensive.

Unlike application-specific tuners, Kernel Tuner provides a generic framework
where developers can specify kernel code, tunable parameters, and execution con-
straints through Python scripts. The tool handles compilation, benchmarking,
and automated search for optimal configurations. It implements numerous search
optimization algorithms, including basin hopping, differential evolution, and the
firefly algorithm. These efficiently navigate large parameter spaces by performing
both compile-time and runtime optimizations simultaneously. The search algo-
rithms accelerate the tuning process compared to brute force approaches. In one
example, the authors demonstrate this by tuning a GEMM kernel on AMD Vega
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Frontier Edition 71.2× faster than with brute force search. The tool’s flexibility
extends beyond single kernel optimization to more complex scenarios like tuning
for computation and communication overlap and optimizing pipelines of kernels.

2.3 Tuning Methodologies Based on ML

This section examines approaches that leverage ML to automate performance
optimization without explicitly relying on HwPCs as primary features. These
methodologies represent a significant step toward reducing dependency on expert
knowledge by learning patterns from execution data. The approaches use var-
ious application characteristics as features for their ML models, including code
structure, execution patterns, workload properties, and system configuration pa-
rameters such as thread counts and processor frequencies. While these ML-based
approaches successfully automate aspects of performance tuning, they typically
do not capture the fine-grained hardware-level execution behavior that HwPCs
provide.

2.3.1 READEX

READEX (Runtime Exploitation of Application Dynamism for Energy-efficient
eX-ascale computing) [37, 65] was a European project aimed at developing dy-
namic autotuning tools to enhance both performance and energy efficiency in ex-
ascale computing, particularly for heterogeneous and embedded systems. A key
objective of the project was to integrate ML techniques to dynamically adjust pa-
rameters based on the changing behavior of High Performance Computing (HPC)
applications.

The READEX methodology involved an initial analysis phase using the Periscope
Tuning Framework (PTF) [48] and a representative dataset. This phase was de-
signed to automatically identify critical execution regions, characterize application
dynamism, and estimate performance and energy efficiency for subsequent execu-
tions.

To determine optimal parameter configurations for a given system, multiple con-
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figurations were tested using different search strategies within PTF. The results,
covering various performance and energy efficiency metrics, were then stored in
a database. A classifier model was employed to categorize different execution
regions into predefined scenarios. Additionally, a configuration selector mapped
these scenarios to the most suitable parameter configurations. In cases where the
application exhibited behavior that did not align with any known scenarios, a
calibration mechanism was used to adjust the configurations accordingly.

In a related study [54], READEX explored the use of neural networks, support vec-
tor machines, and decision trees to predict optimal hardware parameters—such as
the number of threads and core/uncore frequencies—for improved energy efficiency.
The study, conducted on four sparse matrix algorithms, also aimed to predict en-
ergy consumption. Among the evaluated models, neural networks provided the
most accurate results, with a separate model trained for each sparse matrix algo-
rithm. READEX’s study showed high accuracy for core frequency and total energy
but struggled with number of threads and uncore frequency. This highlights the
challenge of predicting optimal thread configurations in complex systems.

2.3.2 BLISS

BLISS [62] applies ML to performance optimization in a way reminiscent of auto-
tuning techniques, but with a crucial difference. Rather than exhaustively explor-
ing the parameter search space, BLISS employs Bayesian Optimization to dynam-
ically build performance models during runtime, eliminating the need for offline
training phases.

While traditional autotuning approaches modify multiple application parameters
to enhance performance, BLISS takes a more sophisticated approach. Instead of di-
rectly searching for optimal configurations, it constructs a probabilistic model that
correlates input parameters with performance metrics (such as execution time).
This model then guides the system toward configurations with higher probability
of performance improvement.

Bayesian Optimization excels at minimizing objective functions by creating prob-
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abilistic models that predict function behavior. By leveraging both input pa-
rameters and observed outputs, it enables efficient exploration of complex search
spaces. This approach proves particularly valuable when evaluating all possible
configurations would be computationally prohibitive [24].

The BLISS framework uses this probabilistic model to recommend parameter con-
figurations that optimize the objective function, thereby enhancing application
performance. When compared to conventional autotuning methods that rely on
exhaustive searches, BLISS achieves comparable parameter configurations while
requiring substantially fewer samples, making it a more efficient and practical
solution for performance optimization in complex computing environments.

2.3.3 Predictive Modeling for Thread Optimization in OpenMP-

based Parallelization Using ML

Yadav et al., in [77] addressed the challenge of optimizing OpenMP directives
for parallel execution, with a focus on determining the optimal number of threads.
The authors present an ML approach to automate this manual and time-consuming
parameter tuning process.

The researchers constructed a comprehensive dataset using a Python-based loop
generator program that created a variety of parallelizable loops with different
array-based operations, including copying elements of 1D arrays, multiplying ar-
ray elements by variables, and performing element-wise operations between arrays.
The complexity of these loops was intentionally varied to simulate different com-
putational workloads. While focusing primarily on simple computational tasks,
this approach allowed for clear analysis of commonly used parallel codes.

Each loop configuration was executed five times with different numbers of threads
(2, 4, 8, etc.) to ensure reliable performance measurements. The dataset captured
key features affecting execution performance, including the number of threads,
statements, operations, variables, arrays, and loop trip count. Categorical fea-
tures were transformed using one-hot encoding to enable effective training of the
regression model.
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The authors employed Random Forest Regression, an ensemble learning algorithm
that constructs multiple decision trees and averages their predictions, making
it robust to noise and high-dimensional data. Their model outperformed other
regression-based methods across multiple evaluation metrics, demonstrating strong
predictive accuracy. These results demonstrated that ML models could effectively
optimize the number of threads in OpenMP applications.

2.3.4 Artemis

Artemis [76] is an ML-based, online performance autotuning framework designed
for High Performance Computing (HPC) applications. It operates in situ by moni-
toring and adjusting the execution policies of parallel code-regions during runtime.
Artemis enables performance portability across diverse systems by dynamically se-
lecting the optimal execution policies based on real-time application features and
performance data, with minimal developer involvement. The framework integrates
seamlessly into HPC applications that use performance portability libraries such
as RAJA [9] and Kokkos [21, 69]. These libraries provide abstraction layers that
allow code to be written once and executed across different architectures, offer-
ing pre-packaged execution policies such as OpenMP vs. sequential execution in
RAJA, or various CUDA kernel configurations in Kokkos. Artemis provides au-
tomatic tuning capabilities for these policies without requiring significant code
modifications.

The core of Artemis lies in its ability to instrument parallel regions, collect perfor-
mance data using HwPCs and execution time measurements, and train Random
Forest-based ML models to make policy decisions for each region. During appli-
cation execution, Artemis observes the parallel regions, selects different execution
policy variants, and tunes these regions based on immediate performance feed-
back. Artemis embeds its API directly into these frameworks’ implementations,
allowing developers to leverage these pre-packaged execution policies or customize
their own policy variants.

The framework’s adaptability allows it to operate across various HPC applications,
supporting both shared-memory parallelism through OpenMP, GPU acceleration
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via CUDA, and distributed-memory parallelism using MPI.

Artemis optimizes performance by continuously refining execution models during
application runtime. The system’s design ensures that it can operate with mini-
mal overhead, achieving up to 47% [76] speedup in tested applications, including
Cleverleaf [45, 42], LULESH [36], and Kokkos Kernels SpMV, with less than 9%
monitoring overhead. It has the ability to select the optimal policy with over 85%
accuracy, thus enhancing execution efficiency and achieving performance portabil-
ity in HPC environments.

2.3.5 Learning to Select Scheduling Algorithms in OpenMP

In [41, 53] the authors propose a reinforcement learning (RL)-based approach
for automated online selection of scheduling algorithms in OpenMP applications,
extending the LB4OMP [40] and Auto4OMP [49] frameworks to address the algo-
rithm selection problem for parallel loop scheduling.

The study compares expert-based selection methods (RandomSel, ExhaustiveSel,
and ExpertSel) [49] that use predefined rules, against model-free RL-based ap-
proaches (Q-Learn and SARSA) that learn from execution feedback. The RL
agents were implemented via a reusable framework (kmp_agent_provider.h) in-
tegrated with LB4OMP to select from a portfolio of 12 scheduling algorithms. The
agents operate at the loop level with reward functions based on loop execution time
and load imbalance metrics, following an "explore-first policy" that initially tests
all algorithms before refining selections through learned policies.

The evaluation across six applications on three systems (720 configurations, 3,600
total executions) showed that expert-based methods provide low-overhead and
stable performance but risk suboptimal selections, while RL-based methods offer
greater adaptability at the cost of exploration overhead. Combining expert knowl-
edge with RL substantially reduced learning costs and improved selection accu-
racy, demonstrating the effectiveness of hybrid approaches for adaptive scheduling
in HPC systems.
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2.3.6 Automated Algorithm Design for Autotuning Opti-

mizers

This work [74] investigates using large language models (LLMs) to automatically
generate optimization algorithms tailored to autotuning problems. The approach
addresses the challenge that no single optimization method performs best across
all tuning tasks, while manual algorithm design requires significant expertise. The
authors introduce a framework based on LLaMEA [70], which combines LLMs
with an evolutionary algorithm to generate metaheuristics. The system operates
as follows: (1) an LLM generates a population of candidate optimization algo-
rithms based on problem descriptions and search-space characteristics, (2) each
candidate is evaluated within the Kernel Tuner framework using a performance
score on a training set, (3) high-performing algorithms are selected for reproduc-
tion while poorly performing ones are discarded, and (4) LLM-driven mutation
operators generate new candidates. The LLM proposes algorithms while the evolu-
tionary selection mechanism ensures only high-performing candidates survive, with
evaluation based entirely on measured performance in Kernel Tuner. The evalu-
ation across four real-world autotuning applications on six hardware platforms
compared LLM-generated optimizers against state-of-the-art algorithms from two
contemporary autotuning frameworks. Providing application-specific and search
space-specific information during generation resulted in average performance im-
provements of 30.7% and 14.6%, respectively. The best-performing generated op-
timization algorithms achieved an average 72.4% improvement over state-of-the-
art optimizers, demonstrating that LLM-generated optimizers can rival and often
outperform existing human-designed algorithms. The best-performing algorithms
have been integrated into the Kernel Tuner framework.

2.4 Tuning Methodologies Based on ML and Hard-

ware Performance Counters

This section focuses on approaches that combine ML with HwPCs to achieve fine-
grained performance modeling and optimization. These methodologies explicitly
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leverage low-level hardware metrics—such as cache misses, instruction counts, cy-
cles per instruction, and TLB statistics—as features for their ML models, enabling
them to capture detailed execution behavior that is invisible at higher abstrac-
tion levels. By combining structural code representations with HwPCs, these
approaches can identify the complex interactions between code, compiler opti-
mizations, and hardware architecture. However, existing methods in this category
often lack systematic approaches for HwPC selection and reduction, limiting their
effectiveness and generalizability across different applications and architectures.

2.4.1 Hardware Performance Counter Reliability

The reliability of HwPC measurements presents significant challenges for optimiza-
tion methodologies that depend on accurate performance characterization. Weaver
and McKee [72] conducted a comprehensive investigation into the trustworthiness
of hardware HwPCs, specifically examining whether they produce consistent and
accurate measurements across different experimental conditions and processor im-
plementations.

Their study analyzed retired instruction counts—a fundamental metric used in CPI
and IPC calculations—across nine different x86 processor implementations using
the complete SPEC CPU 2000 and 2006 benchmark suites. Retired instruction
counts are particularly suitable for cross-machine validation because they exclude
speculation and cache effects, making them architecturally deterministic for a given
statically linked binary. The analysis revealed that under standard experimental
conditions, HwPCs can exhibit coefficients of variation up to 1.07%, with certain
benchmarks showing billion-instruction discrepancies that, while appearing small
in percentage terms, can significantly impact phase-behavior analysis and tool
validation.

Through systematic investigation, the authors identified several sources of mea-
surement variation, including floating-point control word instructions on Pentium
4 processors, dynamic linking effects, address space layout randomization (ASLR),
and system state differences. Their work demonstrated that seemingly minor ex-
perimental factors—such as binary linking methods, memory allocation patterns,
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and benchmark preparation procedures—can substantially affect counter accuracy.

However, their findings also showed that with rigorous measurement protocols
and careful control of experimental conditions, observed errors can be reduced
to less than 0.002% for all benchmarks across both SPEC suites. This dramatic
improvement in measurement reliability was achieved through simple methodol-
ogy changes, including using statically linked binaries, disabling ASLR, controlling
system state, and ensuring consistent benchmark compilation. These results estab-
lished that x86 retired instruction HwPCs, when used correctly, can provide highly
accurate representations of hardware behavior, making them suitable for architec-
tural research and performance analysis. The consistency of results across multiple
processor generations further validated that HwPC-based measurements remain
comparable across different hardware platforms, enabling longitudinal studies and
cross-generational performance comparisons.

2.4.2 Hardware Performance Counters for GPU Autotuning

While autotuning typically achieves significant performance improvements, the
search process can introduce unacceptable overhead when tuning spaces are vast
with predominantly poorly-performing configurations, or when autotuning must
be repeated frequently due to changes in input data or hardware migration. This
challenge is particularly acute for GPU accelerators, where performance porta-
bility across diverse architectures and input characteristics requires continuous
adaptation.

State-of-the-art autotuning methods typically learn direct relationships between
TPs and execution performance. However, these learned relationships become in-
valid when the hardware platform or input data changes, requiring the autotuning
process to restart from scratch. In contrast, Filipovič et al. [23] exploit a key in-
sight: while the TP-to-performance relationship varies significantly across different
platforms and inputs, the relationship between TPs and HwPCs remains relatively
stable across these variations.

The method distinguishes between two types of HwPCs: HwPCStress, which mea-
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sures stress on processor subsystems, and HwPCOps, which measures the amount
of operations on processor subsystems. Their key insight is that while the relation-
ship between TPs and execution time varies significantly across different hardware
and inputs, the relationship between TPs and normalized HwPCOps values re-
mains relatively stable.

The proposed profile-based searcher mimics iterative optimization performed by
developers, who use profilers to identify bottlenecks and modify code accordingly.
The method operates in two phases: a training phase where ML models capture
how TPs influence HwPCs, and an autotuning phase where the method iteratively
profiles code, analyzes bottlenecks using an expert system, and uses the trained
model to determine which tuning configurations will change HwPCs in the desired
direction. Critically, models built using a particular GPU and input can be applied
to speed up autotuning on different GPUs or with different inputs, enabling cross-
platform and cross-input performance portability.

The framework was implemented in the Kernel Tuning Toolkit (KTT) and eval-
uated using five benchmark kernels across four NVIDIA GPU architectures span-
ning multiple generations. The experimental results demonstrated that the profile-
based searcher consistently outperforms random search when using models created
on different GPUs, different inputs, or smaller tuning spaces. The method also
proved superior to state-of-the-art approaches, including the optimization-based
Basin Hopping searcher in Kernel Tuner and the regression-tree model in Star-
chart, converging faster to near-optimal configurations in most cases. The evalua-
tion confirmed that HwPCs can significantly reduce the number of empirical tests
required during autotuning, with the real-time convergence typically superior to
existing methods.

2.4.3 APARF

APARF (Automatic, Portable, and Adaptive Runtime Feedback-Driven Frame-
work) [61] is a system that integrates low-level tasking runtime APIs, profiling,
and ML to optimize task scheduling in parallel applications. Unlike static heuris-
tics commonly used in traditional scheduling approaches, APARF dynamically
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adapts to changing execution conditions through runtime feedback. This adapt-
ability is particularly valuable in heterogeneous computing environments, where
optimal scheduling decisions depend on workload characteristics and hardware
configurations.

The framework is trained using multiple task-based applications from the Barcelona
OpenMP Tasks Suite (BOTS) [19], which exhibit diverse behaviors and task char-
acteristics, ensuring a well-balanced and representative dataset. To capture a wide
range of execution scenarios, each application is run under varying problem sizes,
thread counts, compiler flags, and task scheduling configurations.

APARF focuses on two key factors for task scheduling: load balancing and data lo-
cality. Load balancing is assessed by measuring execution times across application
threads, while data locality is characterized using HwPCs, including cache accesses
and misses, cycles-per-instruction ratios, and TLB misses. The ML component of
APARF employs an artificial Neural Network (ANN) to classify applications into
different categories, each corresponding to a distinct task pool configuration.

The effectiveness of APARF was evaluated by comparing its scheduling decisions
against the default task scheduling strategies of various compilers. Out of 120
previously unseen test cases, only 8 were misclassified, primarily involving small
problem sizes with erratic behavior. The framework achieved an overall accuracy
of 93%, resulting in a 25% performance improvement compared to the default
compiler configurations.

2.4.4 Piecewise Holistic Autotuning with CERE

The CERE project, introduced in [60], aims to automatically optimize OpenMP
applications by decomposing them into smaller code-regions called codelets, which
are mapped to OpenMP parallel regions. These codelets are then grouped using
clustering techniques to identify those with similar performance profiles. CERE
combines both static metrics, such as code characteristics, and dynamic metrics,
including HwPCs and memory bandwidth, to generate performance signatures for
each codelet.
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The approach involves applying performance tuning to a representative codelet
within each cluster, and subsequently, applying the same tuning strategy to all
codelets in that cluster. Once tuning is applied, the codelets are extracted into
separate code files, compiled individually with the appropriate TPs, and then
integrated into a hybrid binary that contains both the original application and the
optimized codelets.

The results of CERE demonstrate significant improvements, with a 6.55× reduc-
tion in the time required to evaluate the codelets compared to evaluating the
entire application. Additionally, CERE achieved an impressive accuracy of around
93.66% when applied to the NAS benchmark, highlighting its effectiveness in op-
timizing performance for parallel OpenMP applications.

This approach offers a practical method for improving parallel application perfor-
mance without the need for full application-level tuning, making it highly efficient
for large-scale systems.

2.4.5 Pattern-based Autotuning of OpenMP Loops Using

Graph Neural Networks

Dutta et al. in [20] develop a pattern-guided deep learning approach for optimizing
OpenMP code. Their methodology employs Graph Neural Networks (GNNs) to
identify common parallel loop patterns and determine optimal runtime parameters.
By modeling code as flow multi-graphs and capturing execution behavior through
HwPCs, they developed a system that identifies parallel loop patterns with 91%
accuracy.

The researchers focused specifically on loop-level parallelism patterns, including
do-all, reduction, and stencil patterns, which are prevalent in scientific applica-
tions. Their approach demonstrates significant performance improvements, achiev-
ing geometric mean speedups of 1.1× on single-socket systems and 4.7× on multi-
socket NUMA systems compared to default OpenMP configurations, approaching
the theoretical maximum speedups of 1.27× and 4.93× respectively from brute-
force optimization.
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The authors use Relational Graph Convolutional Networks (RGCNs) to model
code graphs, combining these structural embeddings with HwPCs to guide param-
eter tuning. This approach differs from traditional methods that rely on expert-
designed heuristics and rules for pattern detection. While the approach incurs
training overhead, it reduces the number of executions needed during inference
(only two) compared to brute-force approaches that would require 168 and 64
executions for comparable tuning experiments. The authors position their work
as complementary to existing tools like DiscoPoP [43], which can identify certain
patterns (do-all and reduction) but fails to detect others (Stencil).

2.5 Comparison of the presented approaches

The previously described analytical performance models are effective for identi-
fying performance bottlenecks and analyzing scalability. However, these models
remain fundamentally limited by their dependence on expert-defined models and
predefined performance patterns. Tools such as MATE, Periscope, and Scalasca
require significant domain expertise to interpret results and make tuning deci-
sions. While Extra-P advances the field by automating performance model gener-
ation, it still relies on expert knowledge for model specification and interpretation.
Moreover, these analytical approaches typically focus on performance analysis and
identification of bottlenecks rather than automated parameter optimization. These
models could be adapted to address more complex scenarios, but analytical mod-
els require extensive knowledge and time to be generated properly, particularly as
systems become increasingly heterogeneous.

In the case of autotuning tools that employ search algorithms to explore the tun-
able parameter space, such as OpenTuner, KTT, and Kernel Tuner, there is signif-
icant potential for performance optimization. However, the overhead introduced
into the application to find the proper parameter configuration should be taken
into account. Even with sophisticated search strategies like multi-armed bandits
or Bayesian optimization, these approaches require multiple application execu-
tions to converge on optimal configurations. Trying different configurations may
deteriorate performance during the search process, and this overhead can be coun-
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terproductive, even if at some point the proper configuration is found. This is
especially true for applications with short execution times or when frequent re-
tuning is necessary due to changing workload characteristics.

Therefore, due to the complexity of generating new analytical models and the
overhead of exhaustive search approaches, new approaches are necessary. Multi-
ple ML based approaches for performance tuning have been presented, including
READEX, BLISS, Artemis, APARF, CERE, and the GNN-based approach by
Dutta et al. These approaches show that using ML is an ongoing and important
topic for the automatic generation of performance models without the intervention
of performance experts. ML-based approaches without HwPCs, such as READEX,
BLISS, and Artemis, demonstrate that models can effectively predict optimal con-
figurations based on application features such as workload characteristics, input
parameters, and system configuration. However, these approaches operate at a
relatively high level of abstraction, using features like number of threads, prob-
lem size, and execution time without capturing the fine-grained hardware-level
execution behavior that determines actual performance.

The approaches that combine ML with HwPCs—including the GPU autotuning
method by Filipovič et al., APARF, CERE, and the work of Dutta et al.—recognize
the value of low-level hardware metrics for performance modeling. HwPCs provide
direct visibility into architectural events such as cache behavior, instruction exe-
cution patterns, memory access efficiency, and branch prediction accuracy. These
metrics capture the complex interactions between code, compiler optimizations,
and hardware architecture that are invisible at higher abstraction levels. The
work by Weaver and McKee on HwPC reliability demonstrates that with rigor-
ous measurement protocols, HwPCs can provide highly accurate representations
of hardware behavior, with observed errors reduced to less than 0.002% for re-
tired instruction counts. This level of reliability is crucial for the effectiveness of
HwPC-based optimization approaches. Furthermore, their findings demonstrate
that HwPC measurements remain consistent across multiple processor generations,
validating the comparability of results across different hardware platforms. How-
ever, their work also highlights that subtle changes in experimental setup—such

33



2. Related Work

as binary linking methods, memory allocation patterns, and system state—can
significantly impact measurement accuracy if not properly controlled. This sensi-
tivity to experimental conditions underscores the importance of establishing robust
measurement methodologies for HwPC-based optimization approaches.

In performance modeling, the selection of metrics which correctly describe the be-
haviour of an application is an important issue to take into consideration. In the
case of analytical models generated by experts, this selection is limited to the met-
rics which experts consider the most representative according to their knowledge.
This limited selection in analytical models is important in order to reduce the time
required when researching relationships between metrics and performance. In ML
more metrics can be used as the relationships are automatically inferred, allowing
the model to infer more knowledge about the behaviour of an application. How-
ever, the presented works seem to decide the metrics used for training in the same
way as analytical models, using a limited number of HwPCs the authors consider
good for the model to generate, instead of exhaustively evaluating which of the
available HwPCs should be used. For instance, Filipovič et al. manually categorize
GPU counters into stress (measuring subsystem pressure) and operations (measur-
ing operation volume) types, and APARF selects cache-related metrics and TLB
misses for task scheduling.

These choices, while effective for their specific use cases, are based on expert in-
tuition about which HwPCs are most relevant rather than systematic evaluation
across the full range of available HwPCs. This arbitrary selection of HwPCs in-
troduces several problems. Different HwPCs may be relevant for different types of
performance bottlenecks, architectural configurations, or code patterns. Without
systematic evaluation, researchers cannot determine whether their chosen HwPCs
adequately capture the performance characteristics of interest or whether crucial
information is being overlooked. Furthermore, the selected HwPCs may not gen-
eralize well across different applications, architectures, or workload characteristics,
limiting the portability and applicability of the resulting models.

As stated previously, the large number of available HwPCs per architecture, makes
manual analysis impractical, necessitating ML-based approaches to automatically
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identify relevant performance patterns from this high-dimensional data. However,
to effectively leverage ML for performance modeling, these approaches require
balanced and representative datasets containing HwPC information from diverse
execution scenarios. Without such datasets, ML models risk being biased toward
overrepresented configurations and failing to capture the full spectrum of perfor-
mance behaviors across different code-regions and TP settings.

Despite this fundamental requirement, we were unable to find adequate consid-
eration of dataset balance and representativeness in most ML-based performance
tuning approaches. CERE addresses this partially through its approach of de-
composing applications into smaller code-regions called codelets, which are then
grouped using clustering techniques based on performance signatures generated
from both static code characteristics and dynamic metrics including HwPCs. By
identifying codelets with similar performance profiles, CERE can apply tuning to
a representative codelet within each cluster and propagate the same strategy to
all members of that cluster. This clustering-based approach ensures some degree
of representativeness by selecting samples that capture different performance be-
haviors, though it operates within a single application rather than across diverse
workloads.

APARF takes a broader approach to dataset construction by explicitly training
across multiple task-based applications from the Barcelona OpenMP Tasks Suite
(BOTS) [19], which exhibit diverse behaviors and task characteristics. To capture
a wide range of execution scenarios, each application is executed under varying
problem sizes, thread counts, compiler flags, and task scheduling configurations.
This deliberate construction of training data across multiple applications with di-
verse characteristics ensures a well-balanced and representative dataset that cap-
tures different execution patterns and performance behaviors. However, most other
ML-based performance tuning works do not explicitly discuss dataset balance and
representativeness. The effectiveness of ML models critically depends on how
training data is collected across different TP configurations. When optimizing
TPs like number of threads, naive sampling strategies often lead to overrepresen-
tation of certain configurations—particularly the maximum number of available
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threads—while undersampling potentially optimal intermediate values. Models
trained on such skewed data tend to favor the overrepresented configurations in
their predictions, even when alternative configurations would deliver better per-
formance for specific workloads.

Other fundamental limitation that existing approaches fail to address adequately
is portability across different hardware architectures. Performance characteris-
tics and optimal configurations are inherently architecture-dependent—what works
well on one processor may perform poorly on another due to differences in cache
hierarchies, instruction pipelines, memory systems, and execution resources. More-
over, the available HwPCs vary significantly across architectures: each processor
family exposes different performance monitoring capabilities through its perfor-
mance monitoring unit. While Filipovič et al. demonstrate that their GPU au-
totuning approach can transfer models across different NVIDIA GPU architec-
tures by exploiting the stable relationship between TPs and normalized HwPCs,
this cross-architecture capability remains limited to GPUs from the same vendor.
Current approaches typically target a single architecture family or require manual
reconfiguration and retraining when moving to fundamentally different hardware.
For instance, a model trained with specific HwPCs on Intel processors cannot
directly transfer to AMD or ARM processors, or from CPUs to GPUs, as these ex-
pose different sets of HwPCs. This lack of portability severely limits the practical
applicability of existing ML-based performance tuning approaches in heteroge-
neous computing environments, which are increasingly common in modern HPC
systems.

The reviewed ML-based performance tuning approaches exhibit three limitations
that restrict their effectiveness and applicability. First, existing works rely on
manual, expert-driven selection of HwPCs rather than employing methodologies to
identify the most relevant HwPCs. Second, current methodologies lack portability
across fundamentally different hardware architectures, requiring manual reconfig-
uration when moving between different processor families or vendors. Third, most
approaches fail to adequately address the construction of balanced and represen-
tative training datasets, leading to models biased toward overrepresented configu-
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rations.

Unlike the aforementioned works, this thesis addresses identified limitations through
two principal contributions.

First, it introduces an ML-based methodology for automatic HwPC selection and
reduction that identifies a minimal yet highly informative set of HwPCs for per-
formance modeling. The methodology employs principled feature selection tech-
niques specifically adapted to the characteristics of HwPC data and performance
modeling requirements. It also incorporates rigorous measurement protocols to
ensure consistent and accurate HwPC measurements across different experimen-
tal conditions. This methodology substantially reduces monitoring overhead while
maintaining or improving prediction accuracy, and it automates the determination
of optimal TP configurations without requiring a manual effort for performance
analysis and tuning.

Second, this research develops a portable optimization methodology that demon-
strates effectiveness across diverse hardware architectures, including both CPUs
and GPUs from different vendors. Rather than training architecture-specific mod-
els with fixed HwPC sets or limiting portability to within a single vendor’s product
line, our approach dynamically selects appropriate HwPCs based on the target ar-
chitecture’s available performance monitoring capabilities. This design maintains
consistent prediction accuracy across different computing platforms without re-
quiring manual architecture-specific modifications, enabling seamless optimization
in heterogeneous environments where existing approaches would necessitate sig-
nificant reworking for each new platform.

In our work we tackle the problems of how to build balanced and representative
datasets for parallel code-regions, how to automatically select relevant HwPCs for
monitoring and tuning, rather than relying on expert intuition, and how to ensure
portability across fundamentally different hardware architectures. The method-
ology’s portability extends beyond hardware to different parallel programming
models and application domains, providing a truly general-purpose solution to
performance tuning.
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Finally, unlike existing approaches that require manual intervention at various
stages of the optimization process, our methodology achieves full automation
across the entire workflow—from HwPC reduction and code-region identification
to TP optimization—enabling performance tuning without manual intervention at
any stage.
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Chapter 3

Background

This chapter provides the context for the presented research and outlines the vari-
ous techniques employed in this thesis. It begins with a description of the previous
work and how the HwPC datasets were constructed. Following this, the chapter
offers a comprehensive overview of the ML algorithms and methodologies utilized
throughout this research. Finally, it presents the ensemble methodology that com-
bines multiple models to achieve robust predictions, along with the evaluation
metrics used to assess the model performance.

3.1 Previous Work

This thesis builds upon the foundation established by Alcaraz et al. through two
complementary studies that laid the groundwork. The first study, [4], proposed
a methodology based on Principal Component Analysis (PCA) and correlation
analysis to reduce the number of Hardware Performance Counters (HwPCs) for
characterizing OpenMP parallel regions. Instead of relying on comprehensive but
impractical HwPC measurements, this paper introduced a methodology to identify
the most informative subset of HwPCs. Through extensive experimentation with
OpenMP templates and 58 preset HwPCs, the paper successfully demonstrated
that HwPC multiplexing could be used to measure a reduced set of performance
indicators with high accuracy, thereby opening new possibilities for runtime per-
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formance characterization and optimization. The methodology was successfully
evaluated using the STREAM [46] benchmark for various configurations.

This research was followed by the second study, [5], which developed a comple-
mentary approach, focusing on the challenge of optimizing thread allocation in
parallel computing environments through ML methodologies. A key innovation of
this study was its approach to handling dataset imbalances, which is a common
challenge in ML-based performance optimization. Imbalances appeared when the
dataset had an uneven class representation, with some underrepresented classes.
This skewed ML methodologies to predict the majority class, leading to poor
performance in the minority class, which is crucial for tasks such as fraud detec-
tion, medical diagnosis, and performance tuning. This study introduced a holistic
methodology for constructing balanced datasets of OpenMP code-region patterns,
addressing the inherent complexities of performance parameter tuning. By using
HwPCs to characterize code-region executions and applying correlation analysis,
this study developed a methodology to determine whether an OpenMP parallel
region pattern covered previously unrepresented portions of the feature space that
were not represented by the training set. Then, by combining Random Forest
algorithms with binary classification methodologies, the authors proposed a model
capable of predicting the optimal number of threads for different parallel regions.
The methodology was validated using code-regions from the STREAM [46] and
PolyBench [79, 78] benchmarks, demonstrating its potential for generating bal-
anced datasets and creating predictive models for thread number optimization.

Despite the innovative methodologies proposed by Alcaraz, there were still limi-
tations that constrained their broader applicability. The approach to HwPC re-
duction required substantial manual intervention and was effective only when the
number of HwPCs and code-regions were small. This made it inherently non-
scalable when confronted with a large number of HwPCs and diverse code-regions.
This manual selection process introduced significant overhead and reduced the
potential for automated adaptive performance optimization.

The number of threads prediction approach revealed additional methodological
constraints, particularly evident in its performance across different code-region
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types. Notably, the Stride code-regions consistently exposed weaknesses in the
prediction model, systematically underestimating the optimal number of threads.
This limitation suggested that the proposed ML methodology may have lacked
sufficient generalizability, indicating potential gaps in the feature representation
or the model’s ability to capture the nuanced performance characteristics of certain
computational patterns. Although the Stride code-regions demonstrated the most
pronounced deficiencies, similar weaknesses were observed across the entire code-
region spectrum, albeit to varying degrees.

A critical analysis of these prediction failures revealed a methodological flaw: the
HwPCs utilized for code-region identification were simultaneously employed for
TP tuning. To directly address this limitation, a bifurcated HwPC selection strat-
egy was proposed that employed distinct sets of HwPCs for the separate tasks
of code-region identification and TP prediction, thereby enhancing the model’s
discriminative capability and predictive accuracy.

The studies by Alcaraz et al. established that HwPCs can effectively characterize
parallel code-regions and that ML models can predict optimal thread configura-
tions. However, they also revealed two key limitations that needed to be addressed:
the HwPC reduction process required manual intervention and lacked scalability,
and using the same HwPCs for both code-region identification and TP optimiza-
tion introduced bias that hurt prediction accuracy. These findings motivate the
need for a fully automated, scalable methodology that employs distinct HwPC
subsets for each task, laying the groundwork for the methodology developed in
this thesis.

3.2 Dataset Construction

This section focuses primarily on collecting the HwPCs that serve as features to
identify OpenMP code-regions. The methodology must be applicable across vari-
ous architectures, as the ultimate goal is to produce ML models that are hardware-
architecture independent. To ensure architecture independence, a representative
and balanced dataset must be constructed for each architecture, capturing patterns
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commonly found in parallel applications.

To this end, we adopt the approach introduced in [3, 4] for systematically collecting
Hardware Performance Counters (HwPCs) for a given set of parallel regions. This
method takes into account all possible combinations of architectural characteris-
tics (e.g., number of cores, memory hierarchy), region characteristics (e.g., data
layout and size), compiler optimizations, and parallelization strategies (e.g., num-
ber of threads, affinity). Consequently, characterizing each code-region requires a
significant number of executions.

3.2.1 Preset Events and Compatibilities

Alcaraz et al. [4] developed a system for obtaining HwPCs using the Performance
Application Programming Interface (PAPI) [52, 44, 35, 13]. This tool provides a
consistent interface and methodology for accessing HwPCs found in most major
microprocessors, enabling near real-time observation of the relationship between
software performance and processor events.

When working with diverse architectures, the measurable HwPCs available for each
system often differ. Preset events are standardized HwPCs that are typically avail-
able across multiple processor platforms, whereas native events are architecture-
specific HwPCs that may not be available on other systems. To generalize the
methodology, this research employs preset events for each system rather than na-
tive events, ensuring cross-architecture generalizability. While this approach may
reduce the total number of available events, it significantly enhances generalization
capabilities across architectures.

After compiling the list of events for each architecture, compatible groups must
be determined to optimize measuring precision. Modern processors have a limited
number of registers for simultaneously reading HwPCs [3]. Furthermore, incom-
patibilities exist when accessing certain HwPCs concurrently.

To overcome the limitation on the number of HwPCs that can be monitored con-
currently, the execution of each region configuration is repeated for each group of
compatible events; the resulting measures are then concatenated to create a sin-
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gle, comprehensive characterization of the region. A reduced number of events per
group allows for increased measuring time per group, thereby enhancing precision
[3].

3.2.2 Problem Sizes

After establishing the HwPC groups, appropriate problem sizes must be deter-
mined to effectively stress the different memory hierarchies available in each ar-
chitecture. Stressing a memory level means selecting problem sizes that force
the application to utilize that specific level of the memory hierarchy—from fast
on-chip caches (L1, L2, L3) to slower off-chip main memory (RAM)—thereby re-
vealing how code-regions perform under different memory stress scenarios. This is
essential because the performance characteristics captured by HwPCs vary signifi-
cantly depending on whether data fits in cache or requires accessing main memory,
and optimal TPs often depend on these memory access patterns.

In [5], Alcaraz et el. presented a methodology that required problem sizes to be
directly proportional to memory capacity at each level of the memory hierarchy.
Problem sizes are categorized as follows:

1. Inside Processor Memory: For memory levels residing within the pro-
cessor (L1, L2, L3 caches), problem sizes are proportional to the number of
physical cores in one processor:

(a) Private Cache Levels: Typically, each processor core contains private
memory accessible by threads allocated to that core, specifically L1 and
L2 caches. To stress these private cache levels, multiple problem sizes
are created proportional to available resources, defined by multiplying
the number of private cache levels by the number of cores in a processor.

For each cache level, problem sizes are constructed starting with the
size of one private cache and subsequently multiplied by increasing core
numbers until reaching the accumulated size of all private caches at that
level.
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(b) Shared Cache Levels: Processors also feature shared memory across
all cores, typically in the form of a shared L3 cache. To effectively
stress shared cache levels, problem sizes must exceed the accumulated
size of lower-level caches while remaining below the maximum shared
memory capacity of the cache level. This approach ensures that lower
cache levels cannot provide sufficient memory while preventing access
to higher levels in the memory hierarchy.

2. Outside Processor Memory: For memory levels external to the processor,
problem sizes must be proportional to the number of processors in the system
rather than the number of physical cores:

(a) Main Memory: The largest problem sizes target main memory and
are proportional to the number of processors plus one. The initial prob-
lem size exceeds the capacity of the last cache level of the processor.
Subsequent problem sizes are obtained by progressively doubling mem-
ory requirements, with the final size reaching 1.5 times the total size of
the last level cache across all processors.

3.3 Machine Learning

Machine Learning (ML) is a subfield of artificial intelligence that focuses on devel-
oping models capable of identifying patterns in data to make predictions. These
models are constructed using algorithms, statistical techniques, and datasets to
extract meaningful insights from information.

Machine learning methods can be broadly categorized based on the presence or
absence of labeled data [28]:

- Supervised Learning: In this approach, each data sample is associated
with one or more labels that serve as the target output for prediction. The
algorithm learns to infer relationships between input features and labels by
analyzing labeled examples.

- Unsupervised Learning: In contrast, unsupervised learning deals with
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data that lacks predefined labels. The model is tasked with identifying hid-
den structures, patterns, or groupings within the dataset without explicit
guidance.

In this thesis, only supervised learning methods are employed. The following
subsections provides a detailed discussion of these approaches and their common
implementations.

3.3.1 Logistic Regression with Regularization

The following discussion examines logistic regression [17] and builds upon this
foundation to explain L1 regularization [63, 67], L2 regularization [33], and their
combination into the Elastic Net [80].

Logistic regression employs the sigmoid function to produce probability values
ranging from 0 to 1. In binary classification tasks with classes labeled as 0 and 1,
a threshold of 0.5 is typically applied: outcomes with probabilities greater than or
equal to 0.5 are classified as class 1, while those below 0.5 are classified as class 0.
The sigmoid function is formulated as:

h(z) =
1

1 + e−z
, (3.1)

where h(z) represents the predicted probability, and z is the linear combination of
input features and their corresponding coefficients:

z = β0 + β1x1 + · · ·+ βnxn, (3.2)

In this formulation, β0 denotes the intercept term, β1, . . . , βn represent the coeffi-
cients to be optimized, and x1, . . . , xn are independent variables or features.

For multiclass classification problems, the one-versus-all (also known as one-versus-
rest) strategy is implemented. This approach constructs multiple binary classifiers,
with the number of classifiers corresponding to the number of classes. Each classi-
fier focuses on distinguishing one specific class from all others, treating the selected
class as 1 and all remaining classes as 0. During prediction, the class corresponding
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to the classifier that produces the highest probability is selected. Model perfor-
mance is evaluated by measuring the discrepancy between predicted and actual
values. The objective is to minimize this error through an appropriate cost func-
tion. For logistic regression with regularization, the cost function is formulated
as:

L(λ1, λ2, β̂) =
1

n

n∑
i=1

[− (yi log(hi) + (1− yi) log(1− hi))] + λ1

m∑
j=1

|β̂j|+ λ2

m∑
j=1

β̂2
j ,

(3.3)
where n represents the number of training samples, yi is the true label for the
ith sample, and hi is the corresponding predicted probability. The first term
represents the negative log-likelihood, while the second and third terms constitute
the Lasso (L1) and Ridge (L2) regularization penalties, respectively. Together,
these regularization terms form the Elastic Net penalty.

Both regularization terms include a hyperparameter λ, which controls the strength
of the penalty applied to the coefficients. When λ = 0, regularization is effectively
removed, resulting in standard logistic regression. The fundamental difference
between L1 and L2 regularization lies in their effect on coefficient values. Lasso
regularization (L1) penalizes the absolute values of coefficients, enabling coefficient
shrinkage to exactly zero, effectively performing feature selection by eliminating
less important features from the model. In contrast, Ridge regularization (L2)
penalizes the squared magnitude of coefficients, which reduces their size but does
not shrink them exactly to zero, even with large λ values.

The Elastic Net [80] combines both L1 and L2 regularization techniques. To control
the balance between these penalties, an additional parameter α is introduced:

α =
λ2

λ1 + λ2

, (3.4)

This formulation leads to the following optimization problem:

β̂ = argmin
β̂

n∑
i=1

(yi − β̂Txi)
2, subject to (1− α)

m∑
j=1

|β̂j|+ α

m∑
j=1

β̂2
j ≤ t (3.5)
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where t is a constraint parameter. Notably, when α = 1, Elastic Net is equivalent
to Ridge Regression, and when α = 0, it is equivalent to Lasso Regression. This
flexibility allows Elastic Net to leverage the advantages of both regularization
techniques.

3.3.2 Tree Based Models

The following discussion explores tree-based ensemble methods, specifically Ran-
dom Forest [32, 11] and XGBoost [16]. These approaches represent two distinct
ensemble paradigms: bagging and boosting, respectively. Tree-based ensemble
models combine multiple decision trees to produce predictions with greater accu-
racy than any single decision tree could achieve independently. The underlying
principle posits that an aggregation of weak learners can collectively function as a
strong learner. The following sections detail these two ensemble techniques.

Random Forest Classifiers

Random Forests are an ensemble method based on Bootstrap Aggregation (bag-
ging), which operates as a parallel learning approach. The algorithm generates
multiple random training samples from the original dataset through bootstrap-
ping. These bootstrap samples serve as independent training sets for individual
decision trees within the ensemble.

Each bootstrap sample is created with replacement, allowing data points to appear
in multiple samples. This sampling technique aims to capture the distribution
characteristics of the full dataset while introducing variation across individual
training sets. The size of each bootstrap sample typically equals that of the original
dataset, though approximately one-third of the original observations are excluded
from each sample—these excluded observations are termed "out-of-bag" samples
and serve an important role in model validation.

A key feature distinguishing Random Forest from simple bagging is the intro-
duction of additional randomness during tree construction. At each node split,
the algorithm considers only a random subset of features rather than the entire
feature set. This feature subsampling, typically using √p features (where p rep-
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resents the total number of features), reduces correlation between individual trees
and enhances the ensemble’s generalization capabilities.

The training process occurs in parallel, with each decision tree independently con-
structed on its respective bootstrap sample. The parallel nature of this algorithm
makes it highly amenable to distributed computing environments, offering signifi-
cant computational advantages for large-scale applications.

The final prediction is derived through an aggregation step that combines indi-
vidual tree outputs. For regression problems, this aggregation typically involves
averaging the predictions across all trees. For classification tasks, majority voting
determines the final class assignment. This democratic approach to prediction
helps mitigate overfitting and reduces variance, yielding more robust predictions
compared to individual decision trees.

Random Forests offers several advantages beyond improved prediction accuracy.
The algorithm provides built-in estimates of feature importance, facilitates par-
tial dependence analysis, and generates proximity measures between observations.
Additionally, the out-of-bag samples enable internal cross-validation without re-
quiring separate validation datasets.

Figure 3.1 illustrates the Random Forest bagging process. The training data gen-
erates multiple bootstrap samples, each training an independent decision tree
in parallel. Random feature subsampling at each node ensures diverse decision
boundaries across trees. For prediction, a new instance is processed by all trees
simultaneously. Each tree produces a class prediction, and the final classifica-
tion is determined through majority voting. This aggregation reduces variance by
averaging errors across decorrelated trees, yielding more robust predictions than
individual trees. The parallel architecture makes Random Forest highly scalable
for high-dimensional datasets such as comprehensive HwPC measurements.

XGBoost

XGBoost (eXtreme Gradient Boosting) represents an optimized implementation
of Gradient Boosted Trees rather than a novel model formulation. To comprehend
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Figure 3.1: Bagging process.

XGBoost thoroughly, it is necessary to examine the progression from basic boosting
to gradient boosting and subsequently to gradient boosted trees.

Boosting constitutes a sequential ensemble method that iteratively combines weak
models to form a strong predictive model. The process begins by creating a random
subset from the complete dataset, with all data points initially assigned equal
weights. A base model is trained on this sample and generates predictions for the
entire dataset. The algorithm then computes prediction errors and increases the
weights of incorrectly predicted instances for subsequent model iterations. Each
new model thus focuses more intently on rectifying the errors of its predecessors.

Figure 3.2 illustrates the boosting process and prediction workflow. Unlike Ran-
dom Forest’s parallel approach, boosting constructs trees sequentially. The train-
ing data is used to train the first tree, which generates predictions and computes
errors. Each subsequent tree is trained on a modified dataset where incorrectly
predicted instances receive increased weights, forcing the new tree to focus on
correcting previous mistakes. This sequential process continues through all trees,
with each learning from the residual errors of its predecessors. For prediction, a
new instance is processed through all trees sequentially. Each tree contributes its
prediction, and these are aggregated through weighted voting to produce the final
classification. This sequential error-correction mechanism enables the ensemble
to progressively refine predictions, with later trees targeting patterns that earlier
trees missed, resulting in a robust learner that systematically addresses collective
weaknesses.
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Figure 3.2: Boosting process.

The generalization process optimizes an arbitrary differentiable loss function. For
classification tasks, loss functions such as log loss (binary cross-entropy), multi-
class cross-entropy, or exponential loss are employed. In binary classification,
logistic loss is particularly prevalent, as it directly models the probability of class
membership. For multi-class problems, softmax cross-entropy serves as the stan-
dard loss function, enabling the model to output probability distributions across
all possible classes.

The objective is to derive predictions that minimize the selected loss function. This
minimization employs the Gradient Descent algorithm, which iteratively updates
model predictions according to a specified learning rate. The process continues
until the sum of residuals approaches a minimum (ideally zero), and the model’s
predicted values closely approximate the ground truth values. Upon completion
of each model’s training phase, a subsequent model is trained on the gradient
of the error with respect to the loss predictions of the previous model. This
approach aims to correct the errors of the preceding model. The iterative process
fits each new model to the gradient of the error of the updated sum. Applying the
gradient boosting methodology to decision trees yields Gradient Boosted Trees.
This implementation involves two critical parameters: the number of leaves in
each tree and the weights assigned to each leaf.

A significant challenge in decision tree construction concerns node splitting. Con-
ventional implementations employ a "greedy" approach that evaluates potential
splits across all features. This requires computing the resultant loss for each can-
didate split and selecting the tree structure that minimizes the loss function most
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effectively. After determining the optimal tree structure, weights must be assigned
to each node to minimize the loss function. These weights typically correspond to
the mean of the ground truth values associated with observations at each node.

XGBoost addresses computational inefficiencies inherent in standard Gradient
Boosted Trees implementations, particularly when dealing with high-dimensional
feature spaces where the number of potential splits becomes prohibitively large.
For each candidate split, computing the associated loss function represents a sig-
nificant computational burden that can render traditional implementations im-
practical for large-scale applications.

XGBoost mitigates this computational complexity through what its authors term
an approximate algorithm, contrasting with the exact greedy algorithm of earlier
implementations. This approach reduces the search space of potential feature splits
by initially proposing candidate splitting points according to percentiles of feature
distribution. The algorithm subsequently maps continuous features into discrete
buckets defined by these candidate points, aggregates the relevant statistics, and
identifies the optimal solution from among the proposals based on the aggregated
statistics [16]. Additionally, XGBoost incorporates several technical innovations
that enhance both computational efficiency and predictive performance, including
a regularization term to prevent overfitting, a sparsity-aware split finding algo-
rithm, and a distributed computing mechanism that facilitates parallel processing
across multiple machines.

3.3.3 TabNet

TabNet [7] represents a specialized Deep Neural Network architecture designed to
emulate Decision Tree-based learning paradigms. This architecture was developed
with an emphasis on interpretability and efficient feature selection mechanisms.

To achieve interpretability, TabNet employs sequential attention mechanisms that
dynamically select relevant features during each decision step. The feature selec-
tion process operates on an instance-wise basis [7], allowing the model to adapt
its feature utilization patterns uniquely for each input sample. Notably, TabNet
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forgoes global normalization in favor of batch normalization techniques, which
stabilizes training while preserving the relative importance of features.

As observed in Figure 3.3, the architectural foundation of TabNet consists of mul-
tiple decision blocks referred to as Steps—a configurable hyperparameter that de-
termines model complexity. In an approach analogous to the tree based classifiers
previously discussed, each Step contributes an equal weight to the final classifica-
tion decision, effectively simulating a voting mechanism across multiple decision
pathways.

Each Step comprises two primary components: the Feature Transformer and the
Feature Selection module. The Feature Transformer implements a multi-layered
neural network architecture where certain layers are shared across Steps while
others remain Step-specific. Each layer within this component follows a consis-
tent structure: a fully connected layer, followed by batch normalization, and a
Gated Linear Unit (GLU) activation function. The final output from this compo-
nent undergoes transformation through a Rectified Linear Unit (ReLU) activation
function.

The Feature Selection module receives transformed features and processes them
through an Attentive Transformer followed by a masking operation. This mech-
anism facilitates soft feature selection—allowing the model to assign continuous
importance weights rather than making binary feature inclusion decisions.

The Attentive Transformer incorporates a fully connected layer, batch normaliza-
tion, and a Sparsemax normalization function. A critical aspect of this module is
its utilization of prior scales, which track cumulative feature usage across previous
Steps. This temporal feature utilization tracking enables the model to distribute
attention across complementary features throughout the decision process.

The resulting Mask is instrumental in focusing the model’s attention on the most
informative features for each specific input. Additionally, these masks serve as pow-
erful tools for model explainability—enabling quantitative assessment of feature
importance across individual predictions and aggregate decision patterns. Feature
importance can be directly quantified by analyzing the magnitude of mask values
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Figure 3.3: TabNet model architecture.

assigned to each feature dimension.

TabNet further enhances its learning capacity through several techniques. It em-
ploys residual connections between Steps to facilitate gradient flow during training.
The architecture also implements a trainable relaxation parameter that controls
the trade-off between model capacity and interpretability. Furthermore, TabNet
incorporates an entropy-based regularization term that promotes sparsity in fea-
ture selection, encouraging the model to focus on minimal yet sufficient feature
subsets for accurate predictions.

The training process utilizes a two-phase approach: pretraining with unsupervised
reconstruction objectives followed by supervised fine-tuning. This approach lever-
ages TabNet’s inherent ability to capture feature relationships even without labeled
data. Empirical evaluations have demonstrated TabNet’s competitive performance
against gradient boosting and other deep learning approaches across diverse tabu-
lar datasets, while maintaining significantly better interpretability characteristics.

In conclusion, TabNet effectively accomplishes dual objectives: accurate output
mapping and transparent feature selection, making it particularly valuable for
applications where model decisions require justification or regulatory compliance.
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3.4 Ensemble Methodology

Ensemble modeling combines multiple individual models (weak or base learners)
to create a robust and accurate prediction system [55]. The effectiveness of en-
semble methods stems from their ability to leverage the collective advantages of
different models through three key aspects: model diversity, which ensures com-
plementary perspectives; performance benefits, which demonstrate measurable
improvements over single-model approaches; and the prediction workflow, which
encompasses input processing, model integration through voting mechanisms, and
output generation.

Model Diversity: The ensemble consists of multiple independent models work-
ing in parallel. Each weak model provides a unique perspective using different
algorithms or training parameters, capturing various aspects of the underlying
patterns while reducing individual model biases.

Performance Benefits: Ensemble methods demonstrate superior performance
due to:

- Error Reduction: Different models make different types of errors, which
can be averaged out.

- Robustness: Less sensitivity to outliers and noise, as incorrect predictions
from individual models are mitigated.

- Generalization: Diverse models better generalize across different input
data and problem scenarios.

Prediction Workflow: The process of ensembling can be represented by the
following workflow (Figure 3.4):

1. Input Processing: Test input is simultaneously fed into all models, allow-
ing each to process and analyze the same data independently and generate
predictions based on unique characteristics and learned patterns.

2. Model Integration through Voting: Individual predictions are combined
through voting mechanisms:
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Figure 3.4: Theoretical model ensembling process.

- Majority Voting: Each model casts a vote, with the most frequent
prediction becoming the final output.

- Weighted Voting: Models receive different weights based on historical
performance or confidence levels.

- Soft Voting: Models provide probability distributions across possible
outcomes, which are aggregated for the final prediction.

Output Generation: The voting mechanism aggregates individual predic-
tions to generate a consolidated output, producing more stable and accurate
predictions than any single model could independently achieve.

3.4.1 Ensemble Evaluation Metrics

Evaluation of model performance is critical for assessing ML methodologies’ ef-
ficacy and reliability. Five key performance indicators are used: accuracy, pre-
cision, recall, F1-Score, and Receiver Operating Characteristic Area Under the
Curve (ROC AUC) score. These metrics provide a multifaceted analysis of predic-
tive capabilities, capturing different aspects of classification effectiveness, including
overall correctness, balance between false positives and false negatives, and dis-
criminative power across classification thresholds. Overall, each metric addresses
distinct challenges in performance optimization.
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Accuracy represents the proportion of correct predictions among all predictions
made, providing a straightforward measure of overall performance.

Binary Classif. Acc. =
TP + TN

TP + TN + FP + FN
(3.6)

where TP denotes True Positives, FP False Positives, TN True Negatives, and
FN False Negatives.

For multiclass classification, accuracy is formulated as:

Multi. Classif. Acc. =
Correct Classifs.

All Classifs.
(3.7)

E.g.: With an accuracy of 97.65%, the model can correctly classify approximately
nearly all code-regions in the benchmark.

Accuracy quantifies overall correctness but may be misleading in imbalanced sce-
narios (e.g., when the optimal configuration occurs in only 15% of cases). Never-
theless, it provides a baseline measure of general performance. To obtain a more
reliable estimate of generalization, we adopted K-fold cross-validation with k = 5

balancing statistical robustness and computational feasibility. Cross-validation
accuracy is defined as the mean accuracy across k validation folds, offering an
estimate that is less sensitive to data partitioning.

Precision measures the proportion of correctly identified positive predictions
among all positive predictions, quantifying the reliability of positive predictions.
High precision indicates a low false positive rate.

Precision =
TP

TP + FP
(3.8)

E.g.: A precision of 96.44% indicates that when the model classified a code-region,
it was correct 96.44% of the time, resulting in very few false positive predictions,
thus very few code-regions are wrongly classified.

Precision is relevant because false positives are costly. Recommending a subopti-
mal configuration can waste significant runtime. High precision ensures that when
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the model recommends a configuration, it is indeed the optimal or near-optimal
configuration.

Recall (also known as Sensitivity or True Positive Rate) measures the proportion
of actual positive cases correctly identified, indicating the model’s ability to find
all relevant cases.

Recall =
TP

TP + FN
(3.9)

E.g.: With a recall of 95.56%, the model successfully classified 95.56% of all code-
regions. Thus the model successfully finds and correctly classifies most code-
regions of each type and very few are misclassified.

Recall addresses the complementary risk of missing optimal configurations. In
tuning scenarios, low recall means the model overlooks optimal configurations,
leaving potential performance gains undiscovered.

F1-Score provides a balanced measure between precision and recall by calculating
their harmonic mean, penalizing extreme values in either metric. A high F1-Score
means the model is accurate in number of threads optimization and comprehensive
in identifying different code patterns requiring optimization, ensuring high preci-
sion is not achieved by only making predictions in high-confidence scenarios while
avoiding complex ones.

F1 = 2 · Precision ·Recall

Precision+Recall
(3.10)

E.g.: The high F1-Score of 95.96% demonstrates that the model accurately identi-
fies different code-region types with excellent balance between precision and recall.
This indicates the model both correctly classifies most code-regions as their true
types (low FN) and avoids misclassifying regions into wrong categories (low FP).

In summary, the F1-Score balances precision and recall, which is essential because
neither metric alone suffices. A model with high precision but low recall might
only predict in obvious cases (e.g., always recommending maximum threads) while
missing subtler optimal configurations. The F1-Score penalizes such behavior,
encouraging both correctness and coverage.s
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ROC AUC measures the model’s ability to discriminate between classes across
various classification thresholds. A score closer to 1.0 indicates better model dis-
crimination capability.

ROC AUC =

∫ 1

0

TPR(FPR−1(t))dt, (3.11)

where TPR is the True Positive Rate (Recall), FPR is the False Positive Rate, and
t represents a threshold parameter varying from 0 to 1. A high ROC AUC indicates
that the model can effectively differentiate between code-regions requiring different
numbers of threads, reliably distinguishing between a parallel loop performing
best with eight threads and a memory-bound operation working better with four
threads.

E.g.: A ROC AUC score of 99.96% demonstrates exceptional discriminative ca-
pability of code-regions. This score indicates the model can reliably distinguish
between code-regions with minimal misclassification.

ROC AUC measures discriminative ability across thresholds, it is crucial when
suboptimal choices incur varying penalties. E.g., choosing 8 instead of 16 threads
may cause only a 10% slowdown, while choosing 2 may cause an 80% slowdown.
ROC AUC reflects the model’s ability to rank configurations appropriately, not
just classify them as optimal or not.

3.5 Learning Outcomes

The previous work by Alcaraz et al. demonstrated that HwPCs can effectively
characterize parallel code-regions and that ML models can predict optimal thread
configurations. However, manual HwPC reduction does not scale, and using the
same HwPCs for both code-region identification and TP optimization negatively
impacts prediction accuracy. These insights directly shaped the design decisions
of the methodology presented in this thesis.

The dataset construction methodology highlighted the importance of using PAPI
preset events to ensure cross-architecture generalizability, and that problem sizes
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must be carefully chosen to stress different levels of the memory hierarchy, as
performance characteristics captured by HwPCs vary significantly depending on
memory access patterns.

Regarding the ML algorithms, each captures different aspects of the data: Logis-
tic Regression with Elastic Net performs implicit feature selection, Random For-
est reduces variance through parallel bagging, XGBoost iteratively corrects errors
through sequential boosting, and TabNet provides interpretable feature selection
through attention mechanisms. No single algorithm is universally superior, which
motivates combining them into an ensemble.

The ensemble methodology confirmed that combining multiple diverse models
through voting mechanisms reduces individual model errors and improves gen-
eralization. The evaluation metrics — accuracy, precision, recall, F1-Score, and
ROC AUC — each capture different aspects of classification performance, and
together provide a comprehensive assessment of model effectiveness.
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Chapter 4

Methodology For Hardware
Performance Counters Reduction
and Automatic Tuning using ML
Techniques

This chapter addresses a fundamental challenge in performance optimization: how
to effectively leverage HwPCs for automatic tuning of parallel applications. Mod-
ern processors provide hundreds of available HwPCs, yet determining which ones
are truly informative for performance analysis remains a manual and architecture-
dependent task. This work tackles this challenge through a data-driven approach
that automatically discovers the most relevant HwPCs for different optimization
objectives.

The methodology operates through two distinct phases, each requiring differ-
ent HwPC subsets. The first phase identifies executing code-regions—distinct
computational blocks with consistent performance characteristics—using HwPC
data. The second phase optimizes Tuning Parameters (TPs) such as number of
threads, thread affinity policies, scheduling strategies, and chunk sizes for each
identified code-region. Critically, the HwPCs most informative for distinguishing
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code-regions differ from those that best predict optimal TP configurations. There-
fore, this work develops separate minimal HwPC subsets for each task, reducing
monitoring overhead while maintaining predictive accuracy.

The chapter is organized as follows. Section 4.1 examines the use of HwPCs for
parallel application tuning, discussing both their benefits and the practical chal-
lenges they present, including the large number of available HwPCs and the diffi-
culty of interpreting their relationship to performance outcomes. To address these
challenges, it introduces the Machine Learning ensemble methodology, explaining
how four complementary algorithms—Logistic Regression with Elastic Net, Ran-
dom Forest, XGBoost, and TabNet—work together to extract meaningful patterns
from HwPC measurements.

Section 4.2 describes the experimental infrastructure and systematic construction
of a comprehensive training dataset. This includes characterizing the target hard-
ware architecture, determining compatible HwPC groups that respect hardware
monitoring constraints, calculating problem sizes that stress different memory hi-
erarchy levels, and defining OpenMP parameter configurations that explore the
performance space.

Section 4.3 provides an overview of the complete methodology, illustrating how the
HwPC reduction phase and application execution phase work together to enable
automatic performance tuning.

Section 4.4 details the automatic HwPC reduction methodology that identifies
minimal counter subsets while preserving accuracy. Through ensemble train-
ing, importance score extraction, and reduction using the kneedle algorithm, the
methodology produces a single minimal HwPC list for code-region identification
and region-specific lists for each TP optimization task.

Finally, Section 4.5 presents the application execution phase, demonstrating how
the reduced HwPC sets and trained models enable runtime code-region identifica-
tion and TP optimization with minimal overhead. This establishes the technical
foundation for the automatic performance tuning methodology developed through-
out this thesis.
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4.1 HwPC Data and Machine Learning

This section examines the use of HwPCs for parallel application tuning and the
challenges that arise from their sheer volume and complex interdependencies, which
make manual analysis impractical. ML offers a principled way to navigate this
complexity, automatically identifying which HwPCs carry the most relevant infor-
mation for each optimization task. To this end, an ensemble of four complementary
algorithms is employed — Logistic Regression with Elastic Net, Random Forest,
XGBoost, and TabNet — each contributing distinct strengths: linear relation-
ship modeling, nonlinear pattern recognition, handling of imbalanced classes, and
interpretable feature selection for high-dimensional tabular data.

4.1.1 HwPCs and Performance Optimization

HwPCs contain valuable information that can be leveraged for parallel application
tuning, as they provide detailed insights into application behavior at the hardware
level. By monitoring HwPCs such as cache misses, memory bandwidth utilization,
instruction throughput, and branch mispredictions, HwPCs enable the identifica-
tion of performance bottlenecks and optimization opportunities.

However, effectively utilizing this information presents significant challenges. Mod-
ern processors expose hundreds of HwPCs. Furthermore, hardware limitations
prevent simultaneous monitoring of all these HwPCs, requiring careful selection of
which events to track. Moreover, the complex relationships between HwPCs and
performance outcomes make manual interpretation difficult and time-consuming,
particularly when attempting to understand how these metrics relate to TPs such
as number of threads, scheduling policies, and memory allocation strategies.

The optimization process itself comprises two distinct phases, each with specific
monitoring requirements. The first phase involves collecting HwPC data to identify
the executing code-region. This identification must occur with minimal overhead,
as excessive monitoring can degrade application performance. The second phase
focuses on TP optimization: once the code-region is identified, the system must de-
termine which TPs to adjust to improve performance. Critically, these two phases
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require different sets of HwPCs—the HwPCs most informative for distinguishing
between code-regions may not be the same as those that best predict optimal
TP configurations. If either HwPC set is too large, the monitoring and analysis
overhead becomes prohibitive, significantly degrading the quality and timeliness of
performance predictions. Collecting numerous HwPCs introduces latency in both
data gathering and model inference, directly impacting the responsiveness of the
tuning system. Therefore, reducing both HwPC sets to their minimal subsets is
essential for maintaining low overhead while preserving accuracy.

ML methodologies offer a promising solution to these challenges due to their proven
capability in analyzing vast amounts of high-dimensional data. These techniques
can automatically identify patterns and relationships that would be impractical
to detect manually. Specifically, ML approaches can address two critical aspects
of HwPC-based performance optimization: first, they can determine which subset
of HwPCs is most informative for accurately characterizing different code-regions;
second, they can learn the relationships between HwPC measurements and op-
timal TP configurations, enabling automated performance tuning across diverse
architectures.

4.1.2 Ensemble Algorithms

This section focuses on the ML algorithms used to form the ensemble for the reduc-
tion process. To create a robust automatic methodology, an ensemble that com-
bines multiple models trained simultaneously on the same dataset is employed (as
presented in Chapter 3). Such ensembles achieve superior performance compared
with individual models [55] by leveraging the complementary strengths of different
algorithms—some excel at capturing linear relationships while others handle non-
linear patterns more effectively, some are more robust to noise while others provide
better generalization. Their effectiveness stems from reduced bias and variance
through model complementarity, the integration of diverse analytical approaches,
enhanced robustness to individual model failures, and improved generalization
through model diversity [59]. By integrating predictions from these diverse mod-
els, the ensemble achieves more accurate and reliable performance optimization
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than any single model alone.

The models for this ensemble were selected to maximize complementarity across
different algorithmic paradigms specifically for HwPC feature spaces: linear meth-
ods with regularization, tree-based ensembles (both bagging and boosting ap-
proaches), and deep learning architectures.

Four models were selected from nine initial candidates through evaluation based
on computational efficiency during training and predictive performance metrics.
Models with excessive training requirements or inferior accuracy, precision, and
recall were discarded to ensure practical deployment in resource-constrained envi-
ronments.

By combining models with fundamentally different inductive biases that demon-
strated high performance across our evaluation criteria, we created a more robust
prediction framework that could be generalized across the heterogeneous code-
region landscape. This diversity enables handling different aspects of the HwPC
feature space: from linear to complex nonlinear relationships, from balanced to
imbalanced classes, and from simple to hierarchical decision boundaries. The im-
plementation uses four complementary classifier models, each selected for specific
strengths in the feature-target relationship analysis.

Logistic Model with Elastic Net is a combination of the Logistic Model [17]
with Elastic Net [80], which integrates both L1 (Lasso, or Least Absolute Shrink-
age Selector Operator Regression) [67] and L2 (Ridge) [33] regularizations. This
combination offers advantages in managing multicollinearity among predictors,
mitigating overfitting, and facilitating feature selection. The model is computa-
tionally efficient and effective in scenarios where clear class separation and simple
relationships exist between the features and target variables.

In the context of HwPC data, the model addresses the multicollinearity inherent
in such measurements (e.g., correlated cache miss events) while providing feature
selection through L1 regularization. This is crucial because most HwPCs mea-
sure related architectural events. It excels when linear relationships exist between
HwPC combinations and performance outcomes, particularly for compute-bound
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code-regions where instruction counts linearly predict execution time.

Random Forest [11] is a flexible meta-estimator that can be used for both regres-
sion and classification. It is based on Bagging (Bootstrap Aggregation), is resilient
to outliers, and is most effective for datasets with a small to medium number of
features. It is mainly used to capture the nonlinear relationships between them.

First, the model trains a number of decision trees on various random subsamples of
the dataset, called Bootstrap Samples (or bags). Second, it produces the output by
averaging (aggregating) individual outputs, thus improving the predictive accuracy
and controlling overfitting.

In the context of HwPC data, the model addresses nonlinear interactions in memory-
intensive code-regions, where relationships between cache misses, memory band-
width, and performance are interdependent. Its resilience to outliers is essential
given that HwPC values can span several orders of magnitude. Its feature impor-
tance mechanism also provides interpretability for identifying which architectural
events most influence performance.

XGBoost (Extreme Gradient Boosting) [16] is a fast and scalable implementation
of gradient-boosted trees. It reduces the tree search space using the information
provided by the distribution of the features. This approach can be used for both
regression and classification by handling a wide range of data sizes. This is effec-
tive for datasets with unbalanced class distributions. It is based on Boosting, an
iterative methodology that sequentially builds models, assesses their errors, and
assigns higher weights to incorrectly predicted values to improve subsequent mod-
els. As each new model aims to rectify the errors of the previous model, the result
is the model with the highest accuracy.

In the context of HwPC data, the model addresses class imbalances that may arise
in the dataset (where optimal configurations may be rare) through its weighting
mechanisms. Its boosting mechanism captures dependencies between HwPC events
and provides strong performance in high-dimensional, sparse feature spaces.

TabNet [7] is a Deep Neural Network designed for tabular data capable of per-
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forming both classification and regression tasks. It is particularly effective in sce-
narios where the dataset has a large number of features with complex relationships
with the target variable. It employs a learner that resembles decision-tree-based
models, aiming to achieve interpretability and sparse feature selection. TabNet
performs both output mapping and feature selection, making it a powerful tool for
analyzing and understanding complex tabular datasets.

In the context of HwPC data, the model handles the heterogeneous nature of
HwPC data (mixing instruction counts, temporal cycles, and throughput rates)
through its attention mechanism, automatically learning which HwPC groups are
relevant for specific code-regions. Unlike other models, it performs simultaneous
feature selection and prediction, which is crucial when dealing with 50+ HwPCs
where many of them may be irrelevant.

4.2 Dataset Construction

The construction of a high-quality dataset is essential for training ML models ca-
pable of accurate code-region identification and TP optimization. This dataset
must comprehensively capture the characteristics of code-regions across diverse
execution conditions, including variations in problem sizes, threading configura-
tions, and OpenMP TPs. Without such coverage, the trained models would lack
the data needed to generalize effectively to real-world applications.

This Section describes the concrete construction of the dataset used to train the
ML ensemble, applying the dataset creation methodology presented in Chapter
3. Building datasets that are consistent and complete requires the following five
steps: (1) characterizing the target hardware architecture to understand avail-
able resources and constraints, (2) identifying compatible groups of preset HwPCs
that can be monitored simultaneously while respecting hardware limitations, (3)
defining problem sizes that systematically stress different levels of the memory
hierarchy, from L1 cache through main memory, (4) targeting different OpenMP
TP configurations, and (5) creating an execution strategy to generate the dataset.
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4.2.1 Hardware Architecture

The hardware architecture analysis was conducted using two specialized tools:
the Portable Hardware Locality (hwloc) [12] software package and LIKWID [68].
Hwloc is a widely-used software package that provides a portable abstraction of
the hierarchical topology of modern architectures across different operating sys-
tems, versions, and hardware configurations. It allows for systematic discovery
and representation of computing resources, including processing units, memory
hierarchies, and interconnects. The tool exports the topology information through
various interfaces, enabling detailed examination of cache structures, memory do-
mains, and processor organization regardless of the underlying hardware vendor
or system configuration.

LIKWID (Like I Knew What I’m Doing) is a comprehensive tool suite consisting
of command line applications and a library specifically designed for performance-
oriented programs. It can be used across a wide range of processors and architec-
tures from different vendors, including Intel, AMD, and ARM. LIKWID provides
multiple utilities for architecture characterization, performance measurement, and
hardware monitoring. In this work, the likwid-topology command was employed
to examine the thread affinity, cache hierarchy, and NUMA (Non-Uniform Mem-
ory Access) topology of the system. This tool provides detailed information about
the physical and logical organization of cores, cache sharing patterns, and memory
domain distribution.

Using these tools, the architecture details of the Intel processor system were ob-
tained. The system consists of a Xeon E5-4620 processor composed of 4 sockets,
with 8 cores per socket, and 2 threads per core. The memory hierarchy comprises
a 32KB L1 data cache and a 256KB L2 cache for each core, and a shared 16MB L3
cache in each processor. The total amount of main memory is 126GB. A summary
of the architecture is shown in Table 4.1.

4.2.2 Preset Events per System

After introducing the system used in the experimentation, the next step involves
HwPC data collection. For HwPC collection, Performance Application Program-
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Table 4.1: Hardware architecture details.

Architecture Xeon E5-4620
Sockets 4

Cores/Socket 8
Threads/Core 2

L1 Cache 32KB
L2 Cache 256KB
L3 Cache 16MB

Main Mem. 128GB

ming Interface (PAPI) [52, 44] was used.

PAPI provides a standardized set of preset events for performance monitoring
across different processor architectures. These preset events are hardware-agnostic
abstractions of low-level processor events, allowing for portable performance anal-
ysis regardless of the underlying hardware vendor. Examples of preset events
include cache misses at different levels (L1, L2, L3), branch instructions and mis-
predictions, TLB misses, etc.

However, hardware limitations restrict the number of HwPCs that can be mon-
itored simultaneously. Current processors include a large number of available
HwPCs, but only a subset can be read at the same time due to the limited number
of special-purpose registers built into the processor. For instance, while the Xeon
E5-4620 reports 50 available preset events, only a few can be measured concur-
rently.

To overcome this limitation, the preset events were grouped to maximize the infor-
mation gathered during each execution while respecting these hardware constraints
[4]. The grouping strategy involves creating compatible sets of events that can be
measured simultaneously. Each group is measured through a separate execution
of the application, ensuring accurate measurements without the overhead and pre-
cision loss associated with multiplexing approaches.

The approach of executing the application multiple times—once for each group
of HwPCs—provides higher measurement accuracy and complete, reliable perfor-
mance data. Each execution measures a specific group of compatible HwPCs with-
out interference, ensuring precise measurements essential for training robust ML
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models. While this requires multiple executions per configuration, the improved
data quality justifies the additional execution time.

The alternative approach of HwPCs multiplexing applies a time-sharing approach,
where different groups of HwPCs are measured in different time intervals through-
out a single execution. While multiplexing has the advantage of requiring only
one execution of the application, it introduces overhead due to HwPC swapping
and reduces measurement precision since final HwPC values must be estimated
from partial measurements collected in each time interval. These limitations make
multiplexing unsuitable when high-accuracy performance data is required for ML
model training.

To obtain the available PAPI preset and user-defined events, the command papi_

avail -a was executed. In the case of the Xeon E5-4620, PAPI reports 50 preset
events available in the processor.

The measurable events for the processor were then classified into different event
types. The Branches category refers to the conditional branch instructions. The
L1, L2, and L3 cache categories refer to Level 1, 2, and 3 data or instruction
cache accesses, reads, hits, misses, etc. The TLB preset events refer to data or
instruction translation lookaside buffer misses. The Cycles category is a broad
one, ranging from cycles with no instruction issue to total cycles. The Operations
and Instructions categories refer to the events measuring floating-point operations
and instructions. The target architecture’s available preset HwPCs are shown in
Table 4.2.

Table 4.2: Preset HwPCs available on the Xeon E5-4620 platform.

Type Xeon E5-4620
Branches 6
L1 cache 5
L2 cache 14
L3 cache 9

TLB 2
Cycles 3

Operations 3
Instructions 8

Total 50
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Following the classification, compatible groups for the events were determined
through a semi-automated process. The command papi_event_chooser PRESET

[EVENT] reports which events are compatible with a given event or list of events,
using the same output format as papi_avail. When incompatible events are se-
lected, the following error is returned: Event [EVENT] can’t be counted with

others -1. Through this process, 12 different compatible groups were identified
for the E5-4620 system (Intel), as shown in Table 4.3.

Table 4.3: Compatible PAPI preset event groups for the Intel E5-4620 system.

Group 1 Group 2 Group 3 Group 4
PAPI_L1_DCM PAPI_L3_TCM PAPI_TLB_DM PAPI_STL_ICY
PAPI_L1_ICM PAPI_L1_LDM PAPI_TLB_IM PAPI_BR_UCN
PAPI_L2_DCM PAPI_L2_STM PAPI_L1_STM PAPI_BR_CN
PAPI_L2_ICM PAPI_L2_DCR PAPI_L2_DCW PAPI_BR_TKN
PAPI_L1_TCM PAPI_L3_DCW PAPI_BR_NTK
PAPI_L2_TCM PAPI_L2_ICA PAPI_BR_INS
PAPI_TOT_INS PAPI_L2_ICR
PAPI_L2_DCA PAPI_L2_TCR
PAPI_L3_DCA PAPI_L3_TCW
PAPI_L3_ICA PAPI_REF_CYC

Group 5 Group 6 Group 7 Group 8
PAPI_BR_MSP PAPI_FP_INS PAPI_LD_INS PAPI_L2_DCH
PAPI_BR_PRC PAPI_L2_ICH PAPI_SR_INS PAPI_L3_ICR
PAPI_TOT_CYC PAPI_FP_OPS PAPI_L3_TCA
PAPI_L3_DCR

Group 9 Group 10 Group 11 Group 12
PAPI_L2_TCA PAPI_L3_TCR PAPI_SP_OPS PAPI_DP_OPS
PAPI_L2_TCW PAPI_VEC_SP PAPI_VEC_DP
PAPI_FDV_INS

4.2.3 Problem Size Calculation

After determining the correct groups of events for the architecture, the problem
sizes must be determined. Problem sizes were calculated proportionally to memory
capacity: for private caches (L1, L2), sizes ranged from one cache unit to the
accumulated capacity across all cores in one socket; for shared caches (L3), sizes
exceeded lower-level capacity but remained below the shared cache maximum; for
main memory, sizes began above the last-level cache and reached 1.5 times the
aggregated L3 capacity across all processors. For the Xeon E5-4620 system, the
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following formulas were used to perform the calculations.

The problem sizes to stress the L1 Cache were computed with this equation:

L1n = 32KiB × n, (4.1)

n denotes the number of cores being stressed (iterations per memory level), where
n is 1 ≤ n ≤ 8. This yielded a minimum size of 32KiB (single core) and maximum
size of 256KiB (all 8 cores in one socket).

For the problem sizes to stress the L2 Cache, we used this equation:

L2n = 256KiB × n, (4.2)

where n is 1 ≤ n ≤ 8. The range of the L2 problem sizes is a minimum size of
256KiB (single core), and a maximum size of 2MiB (all 8 cores in one socket), just
under the L3 limit.

The problem sizes to stress the L3 Cache were computed using this equation,
designed to reach the upper limit across the iterations:

L3n = 2048KiB + 512KiB + 1902KiB × (n− 1), where 1 ≤ n ≤ 8 (4.3)

The minimum size of 2.5MiB (2048KiB + 512KiB) was just above the cumulative
L2 capacity of 2MiB across all 8 cores in one socket. The increment of 1902 KiB
per iteration distributed the problem sizes evenly across the L3 range, with the
maximum size reaching 15.5 MiB, just below the L3 capacity of 16 MB per socket.

Finally, for the main memory, the sizes were computed with the following equation:

Mn = 16.5MiB + 20MiB × (n− 1), where 1 ≤ n ≤ 5 (4.4)

For the main memory, the number of problem sizes was proportional to the num-
ber of processors plus one, resulting in 5 sizes. The minimum problem size was
16.5MiB, just above one processor’s L3 cache. The increment of 20MiB per itera-
tion ensured even distribution across the main memory range, with the maximum

72



4. Methodology For Hardware Performance Counters...

size reaching 96.5MiB at n = 5, which represented 1.5× the aggregated L3 capacity
of all 4 processors (1.5 × 64MiB).

The summary of the results can be seen in Table 4.4. Note that L3 sizes remained
below 16 MB to avoid main memory spillover, while main memory sizes began
above 16 MB to ensure main memory utilization. In total, 29 problem sizes were
obtained: 8 per cache level determined by the number of cores per socket, and 5
for main memory determined by the number of processors plus one. The step size
at each level reflected the corresponding cache unit: 32 KiB for L1, 256 KiB for L2,
and 1.9 MiB for L3, ensuring even distribution across each cache range. For main
memory, the step of 20 MiB distributed the sizes evenly between the last-level
cache capacity and 1.5 times the aggregated L3 capacity across all processors.

Table 4.4: Problem sizes calculated for different memory levels in Xeon E5-4620.

Sizes Xeon E5-4620 Step Num. of Sizes
L1 Cache 32 - 256 (KiB) 32 KiB 8
L2 Cache 256 - 2048 (KiB) 256 KiB 8
L3 Cache 2.5 - 15.5 (MiB) 1.9 MiB 8

Main Mem. 16.5 - 96.5 (MiB) 20 MiB 5

4.2.4 OpenMP Tuning Parameters

The methodology is evaluated using a comprehensive dataset of 18 OpenMP code-
regions, comprising four STREAM [46] benchmark kernels (Copy, Scale, Sum, and
Triad) with distinct memory access patterns, twelve PolyBench [79, 78] synthetic
benchmarks representing common computational patterns in scientific and engi-
neering applications, and two additional computational kernels (Collatz sequences
and Friendly numbers).

In this work, a code-region refers to a distinct computational block within an
application that exhibits consistent performance characteristics and can be inde-
pendently optimized.

Also, in the OpenMP context, code-regions correspond to parallel loops or parallel
sections enclosed by #pragma omp parallel directives, each characterized by its
computational pattern (e.g., memory-bound, compute-bound) which determines
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optimal configuration. To explore the performance space and construct compre-
hensive HwPC datasets for each code-region, four key OpenMP TPs are varied
across executions: the number of threads, thread affinity policy, scheduling pol-
icy, and chunk size. These TPs directly influence how parallel work is distributed
and how threads interact with the memory hierarchy, making them critical for
performance optimization.

The following OpenMP parameters are modified across different executions:

1. Number of Threads: Executions begin with a single thread, incrementing
by one after each execution until reaching the maximum number of threads
available in the system.

2. Thread Affinity Policy: Code-regions are executed first with a close

thread affinity policy followed by a spread affinity policy. To implement
these policies correctly, the OMP_PLACES and OMP_PROC_BIND environment
variables must be properly configured. OMP_PLACES represents the small-
est execution unit in the environment (typically a hardware thread), while
OMP_PROC_BIND defines the thread affinity policy for code-regions at the cor-
responding nested level.

3. Scheduling Policy: The scheduling policy for distributing loop iterations
among threads is varied by cycling through static, dynamic, and guided

runtime options. These policies are paired with the chunk size parameter.

4. Chunk Size: The chunk size determines the number of loop iterations as-
signed to each thread in a single work distribution unit. To explore different
load balancing and cache behavior characteristics, three chunk sizes are used
for each scheduling policy in the data collection.

- Default: Implementation-defined default (contiguous equal-sized iter-
ation blocks for static; 1 for dynamic; for guided, chunk sizes decrease
adaptively with a minimum of 1 in most implementations).

- Small chunks: Computed as 1% of Iterations
Threads to evaluate fine-grained work

distribution with higher scheduling overhead but better load balancing.
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- Medium chunks: Computed as 10% of Iterations
Threads to balance scheduling

overhead with cache locality.

The interaction between scheduling policy and chunk size creates distinct
performance trade-offs.

For static scheduling, the default contiguous block assignment (approxi-
mately Iterations

Threads per thread) provides excellent cache locality and zero runtime
overhead but poor load balancing when iteration costs vary; the 1% chunks
enable better load distribution through round-robin assignment at the cost
of cache locality, while 10% chunks balance both concerns.

For dynamic scheduling, the default chunk size of 1 offers maximum load
balancing but incurs high scheduling overhead from frequent queue accesses
— as threads must request new work from a central queue after every single
iteration; 1% chunks significantly reduce this overhead while maintaining
responsive load balancing (100 scheduling events), and 10% chunks further
minimize overhead (10 scheduling events) while preserving moderate load
balancing capability.

For guided scheduling, which adaptively decreases chunk sizes during exe-
cution, the default minimum of 1 allows aggressive late-stage load balancing;
setting 1% as the minimum reduces scheduling overhead while maintaining
adaptivity, and 10% prioritizes cache locality and overhead reduction by pre-
venting chunk sizes from becoming too small.

These chunk size choices explore the spectrum from fine-grained (1%) to
coarse-grained (10%) parallelism for each policy. Without prior knowledge
of a code-region’s computational characteristics, the optimal configuration
cannot be determined a priori, motivating this exploration of the TP space.

A summary of the OpenMP TPs targeted in this work and their possible values
is shown in Table 4.5, where the combination of thread affinity policy, scheduling
policy, and chunk size results in a total of 18 TP configurations per code-region
execution. The measurements collected for each code-region and TP configuration
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establish the association between TPs and code-regions, which is later exploited
during the HwPC reduction phase to identify the most relevant HwPCs for pre-
dicting the optimal TP value for each code-region.

Table 4.5: OpenMP TPs and their configuration values for the Xeon E5-4620
platform.

OpenMP Parameter Config. Values
Number of Threads 1–32
Thread Affinity Policy close, spread
Scheduling Policy static, dynamic, guided
Chunk Size default, 1% of Iterations

Threads , 10% of Iterations
Threads

4.2.5 Execution Methodology

To characterize the performance behavior of code-regions, HwPC data must be
collected under diverse execution conditions to form comprehensive performance
signatures. These signatures are constituted by HwPC values that capture di-
verse performance metrics such as memory accesses at each cache level, instruction
counts, branch events, TLB misses, and cycle counts.

Collecting metrics across multiple execution scenarios ensures that the signatures
capture the full range of performance characteristics exhibited by each code-region
across different computational scenarios. The variation of execution parame-
ters—including HwPC event groups, problem sizes, and OpenMP TP configu-
rations—enables the identification of performance patterns and relationships be-
tween code behavior and hardware resource utilization. By executing code-regions
across multiple configurations, the methodology generates a robust dataset that
accounts for the impact on HwPCs of different number of threads configurations,
memory access patterns, and workload distributions.

The execution of code-regions follows a systematic approach to gather HwPC data
across various execution conditions:

1. Groups of hardware events (Table 4.3)

2. Problem sizes (Table 4.4)
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3. Tunable OpenMP parameters (Table 4.5)

The execution strategy involves multiple repetitions across different configurations
that can be calculated as:

E = S × T × P ×OP ×N, (4.5)

where E denotes executions, S HwPC sets, T number of threads, P problem sizes,
OP OpenMP TP combinations, and N repetitions.

To ensure statistical significance, each unique configuration is executed 100 times
(i.e., N = 100). Once the architecture details are established and the values for
HwPC sets (S), thread configurations (T ), problem sizes (P ), and OpenMP thread
placements (O) are determined, the total execution count can be computed using
equation 4.5. The final dataset undergoes preprocessing, where the HwPC values
are normalized, and null values and zero-variance features are removed. This
dataset is formally defined as:

D = (l,h, t) (4.6)

where l ∈ L represents code-region labels, h ∈ H denotes HwPC values (forming
the performance signatures), and t ∈ T represents TP values.

Table 4.6 presents a summary of the execution configurations associated with their
particular values for the Xeon E5-4620 platform.

Table 4.6: Number of the execution configurations for a specific platform (Xeon
E5-4620).

Parameter Number of Configs.
for Xeon E5-4620

Counter Sets S 12
Threads T 32
Problem Sizes P 29
OpenMP TPs OP 18
Repetitions N 100
Total E 20044800
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4.3 Application Performance Tuning using Machine

Learning

This section presents an overview of a novel automatic methodology for tuning
parallel applications using HwPCs, transforming raw HwPC data into actionable
performance insights through ML methodologies. The methodology addresses per-
formance analysis challenges by identifying code-regions and optimizing TPs us-
ing HwPC data. The ensemble identifies both minimal sets of HwPCs required
for code-region identification and for TP optimization, improving efficiency and
accuracy while automating application performance optimization.

Remind that in this work, a code-region refers to a distinct computational block
within an application that exhibits consistent performance characteristics and can
be independently optimized. Also, in an OpenMP context, code-regions typically
correspond to parallel loops or parallel sections. For GPU applications, code-
regions correspond to individual CUDA kernels. The methodology identifies code-
regions through their unique HwPC signatures rather than static code analysis.

A key motivation for using separate HwPC subsets for code-region identification
and TP optimization is that the most discriminative HwPCs for recognizing com-
putational patterns could not be the most informative for predicting TPs. For ex-
ample, cache-related HwPCs can distinguish compute- from memory-bound code-
regions, while instruction throughput HwPCs can be related to core utilization and
thread placement TPs. By decoupling the subsets, the methodology maximizes
predictive accuracy for both tasks.

The proposed methodology is composed of two phases, that are presented in Figure
4.1: a HwPC Reduction phase, which is performed off-line only once for a spe-
cific architecture using the input dataset, and an Application Execution phase,
which is applied online to optimize a given application for a given architecture.

The input of the HwPC Reduction Phase is a dataset composed of representa-
tive code-regions selected to cover the search space, which encompasses the diverse
performance behaviors that can arise from different computational patterns, to-
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Figure 4.1: Detailed flow of the proposed methodology for automatic tuning of
parallel applications.

gether with their associated HwPC values and TP values. Code-regions are chosen
to represent a distinct performance pattern, building a balanced dataset from mul-
tiple execution scenarios.

This phase’s objectives are to minimize the sets of HwPCs needed to identify
code-regions, and optimize TPs. Section 4.4 describes in detail this phase’s two
steps.

- Step 1: Code-region HwPCs Reduction. The l and h components of
the dataset are used to identify relevant HwPCs for code-region classification,
producing a reduced HwPC list and a classification model.

- Step 2: Tuning Parameter HwPCs Reduction. The l, h, and t compo-
nents of the dataset are used to identify relevant HwPCs for each TP of each
code-region, where the association between TPs and code-regions is estab-
lished during dataset construction by measuring the performance impact of
each TP configuration on each code-region. This results in a reduced HwPC
list and a prediction model for each specific TP of each code-region.

The Application Execution Phase [30] involves the optimization of a given
application using the reduced sets of HwPCs obtained in the previous phase. It
includes two steps described in detail in Section 4.5.

- Step 3: Code-region Identification. At runtime, the values of the Hw-
PCs from the list produced in Step 1 are collected, and the classification
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model is used to identify the executing code-region.

- Step 4: Tuning Parameter Optimization. After identifying the execut-
ing code-region, for each TP associated with this code-region, it collects the
values of the HwPCs of the list produced in Step 2, and the corresponding
prediction model is used to determine the optimal TP value.

Consequently, the methodology’s output is a value topt ∈ T for each TP that
optimizes the performance of each code-region in an application.

In practice, as it will be discussed in Chapter 5, the computational overhead of the
proposed approach remains modest: the reduction phase is performed offline, while
online execution requires monitoring only 4–7 HwPCs per task, adding negligible
runtime overhead.

4.4 HwPC Reduction and Model Training

Having constructed the dataset (Section 4.2) and selected the ensemble models
(Section 4.1), the HwPC reduction process can be applied to obtain minimal sets
of HwPCs for code-region characterization and TP optimization. The methodology
determines which HwPCs are most informative for each task, obtaining a minimal
set that reduces monitoring overhead.

The dual-purpose approach, as illustrated in Figure 4.2, operates through two
branches. The first branch (Step 1) identifies important HwPCs for code-region
identification using sub-datasets containing code-region labels and HwPC values.
The second branch (Step 2) identifies important HwPCs for optimizing TPs us-
ing separate sub-datasets for each code-region and TP combination, with their
corresponding HwPCs. These sub-datasets are derived from the complete dataset
D = (l,h, t) by filtering relevant components: Step 1 uses only (l,h) pairs for
classification tasks, while Step 2 partitions the data by code-region and creates
region-specific subsets containing (h, t) pairs for each TP being optimized.

Both undergo preprocessing to remove zero-variance features. The methodology
employs an ML ensemble through three sequential steps: (1) training and validat-
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Figure 4.2: HwPCs reduction with model ensembles.

ing classifier models to establish relationships between code-regions and HwPCs
(Step 1.1), and between TPs and HwPCs (Step 2.1); (2) extracting and quantify-
ing importance scores for individual HwPCs across all ensemble models for code-
region identification (Step 1.2) and TP optimization (Step 2.2); and (3) ranking
and reduction to generate a minimal HwPC set for code-region identification (Step
1.3) and minimal specialized sets for TP optimization (Step 2.3). During infer-
ence, models generate individual predictions with the final prediction determined
through majority voting, enhancing robustness. Model performance is evaluated
using accuracy to quantify correct classifications.

4.4.1 Ensemble Training and Validation

To establish robust predictive models capable of identifying minimal informative
HwPC subsets, the ensemble must first learn the relationships between HwPCs and
their target variables (code-regions or TP values) through training and validation.

The ensemble training and validation correspond to Steps 1.1 and 2.1 in Figure
4.2. The ensemble methodology integrates the four models introduced in Sec-
tion 4.1.2: Logistic Regression with Elastic Net, Random Forest, XGBoost, and
TabNet, capturing linear and nonlinear relationships across varying dataset char-
acteristics. The implementation utilized a 70-30 split, with 30% reserved for final
testing to provide an unbiased evaluation of generalization capabilities. The re-
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maining 70% underwent 5-fold stratified cross-validation, preserving code-region
class distributions across folds. In each iteration, the models are trained on ap-
proximately 56% of the total data and validated on 14%. A value of k = 5 [10, 31]
was chosen to balance statistical reliability and computational cost (5 training
iterations). Larger k values (e.g., 10) doubled computational cost with marginal
accuracy gains, whereas smaller values (e.g., 3) led to higher variance in validation
scores. The stratified approach further ensured consistent handling of imbalanced
TP distributions. Remmember that accuracy served as the primary evaluation
metric throughout.

4.4.2 Weight Extraction

Once the ensemble models are trained, their internal representations must be an-
alyzed to quantify which HwPCs contribute most significantly to accurate predic-
tions, enabling the identification of minimal informative subsets.

The weight extraction process corresponds to Steps 1.2 and 2.2 in Figure 4.2. Fol-
lowing training, each HwPC received normalized importance scores (0.0 to 1.0)
based on model-specific criteria. Logistic Model with Elastic Net derives impor-
tance from coefficient magnitudes. Random Forest quantifies it through an average
impurity reduction. XGBoost evaluates importance based on performance gain.
TabNet employs an attention mechanism for feature contributions. The final im-
portance score is computed using the weighted average of the individual model
scores. Each model’s weight corresponds to its validation accuracy. Figure 4.3 il-
lustrates this process. The final weighted score Wi for the ith HwPC is calculated
as:

Wi =

∑3
j=0 ci,jwj∑3
j=0wj

, (4.7)

where ci,j is a score of the ith HwPC from the jth model and wj is an accuracy-
based weight of the jth model.

This formulation ensures that models with higher validation accuracy contribute
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Figure 4.3: Step 2: HwPC importance per model and weighted average.

more significantly to the final importance scores.

4.4.3 HwPC Ranking and Reduction

With importance scores assigned to all HwPCs, the methodology must determine
the minimal subset that preserves model accuracy while eliminating redundant or
low-contribution HwPCs.

The HwPC ranking and reduction process corresponds to Steps 1.3 and 2.3 in
Figure 4.2. The kneedle algorithm [64] was used to select HwPCs for code-region
identification and TP optimization. The reduction process ranks HwPCs in de-
scending order based on weighted average scores (Figure 4.4a).

Then, as shown in Figure 4.4b, a reference line is established between points (0,0)
and (N-1, accuracy N-1), where N is the total number of HwPCs and accuracy N-1
is the validation accuracy using all HwPCs. The models are trained iteratively,
starting with the highest-ranked HwPC and progressively adding HwPCs in rank
order.

For each model, the distance between the accuracy and the reference line is cal-
culated. The process stops when adding a new HwPC no longer increases this
distance, indicating the knee point where accuracy gains become marginal. The
minimum effective set of HwPCs includes those added up to this point, balancing
model complexity with accuracy. Algorithm 1 summarizes this reduction process.
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Algorithm 1 HwPCs Reduction
Input: List H of N HwPCs ordered by rank
Output: Reduced list of K HwPCs
/* The reference line is the one going from the accuracy using 0
HwPCs (0) and the accuracy using all HwPCs (already computed in
Step 1) */
1: Compute straight line L between (0, 0) and (N − 1, AccuracyN−1)
2: K ← 1
3: OldDiff ← 0 // The accuracy with 0 HwPCs
4: Obtain sub-array S1 of first HwPC from H
5: Train and validate an Ensemble using S1

6: Acc← validation accuracy
7: NewDiff ← distance between (1, Acc) and L
8: while NewDiff > OldDiff do

/* Determining the knee point */
9: K ++

10: Obtain sub-array Sk of first k HwPCs from H
11: Train and validate an Ensemble using Sk

12: Acc← validation accuracy
13: OldDiff ← NewDiff
14: NewDiff ← Distance between (k,Acc) and L
15: end while
16: Result← First K − 1 HwPCs from H

The reduction process produces a minimal list of HwPCs for code-region identifi-
cation, and TP-specific lists per code-region for TP optimization:

- HwPCi = h0, h1, ..., hC−1: The minimal set of HwPCs to classify the code-
region i

- HwPCij = h0, h1, ..., hT−1: The minimal set of HwPCs to tune the jth TP
for the ith code-region

where 0 < C, T ≤ N − 1. At the end of the reduction process, the final ensemble
models trained with these reduced HwPC sets are stored. These ensembles are
then used during the subsequent Application Execution Phase for code-region
identification and TP optimization.
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Figure 4.4: Step 3: HwPC reduction considering the knee point.

4.5 Code-Region Identification and Application Ex-

ecution Phase

After obtaining the reduced list of HwPCs for code-region identification and region-
specific lists of HwPCs for TP optimization, the ensemble can identify code-regions
and optimize their TP values. The identification and optimization process is per-
formed online and can be used across different executions and applications.

Figure 4.5 delineates the process for code-region identification and TP optimization
during application execution. The process begins when the target application is
running. First, Step 3 identifies different code-regions within the application. In
Step 3.1, the methodology collects measurements from a reduced set of HwPCs
that were specifically selected to identify code-regions.

In Step 3.2, this set of HwPCs’ values is the input to the code-region Identifier
Model generated in the Step 1 of the HwPC reduction phase described in Section
4.4. The final code-region class indicated by the ensemble is decided by majority
vote, that is, whichever code-region class receives the most votes.

As observed in Figure 4.5, upon code-region identification, the process transitions
to Step 4, TP optimization. In Step 4.1, the system collects a specific set of
HwPC measurements from the executing application. Importantly, each identified
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Figure 4.5: Code-region identification and TP optimization with model ensembles.

code-region uses a different set of HwPCs for each TP being optimized. This
means that for a given code-region, the system monitors one specific set of HwPCs
when optimizing TP A, and a different set of HwPCs when optimizing TP B. This
approach allows for detailed analysis of how each individual TP affects performance
within that specific code-region.

In Step 4.2, the collected HwPC measurements are passed to the appropriate
optimization models. For each code-region, there are multiple TP optimization
models - one for each TP. Each of these models was trained using the reduced
set of HwPCs that are most relevant for optimizing that specific TP within that
particular code-region. As for the code-region identification, each optimization
model is an ensemble of the four ML classifiers and the final optimized TP value
is determined by majority vote.

Steps 4.1 and 4.2 are then repeated sequentially for each remaining TP associated
with the identified code-region, until optimal values have been determined for all
TPs. The outcome of this process is a set of highly tailored TP optimizations.
Each TP value is generated by a specialized model trained on performance data
specific to both the code-region and TP in question.
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Chapter 5

Evaluation of the Proposed
Methodology

This chapter analyzes the results obtained using the proposed ensemble method-
ology for HwPC reduction, code-region identification, and TP optimization.

Section 5.1 validates the reliability of the ensemble methodology through a compar-
ative analysis with the findings in our previous work [4]. Section 5.2 continues the
evaluation using a dataset consisting of code-regions already known to the mod-
els, providing a baseline for performance assessment. Section 5.3 demonstrates
the robustness and generalization capabilities of the methodology by extending
the evaluation to previously unseen code-regions extracted from the NAS parallel
benchmarks (NPB) [8]. Section 5.4 completes the analysis using six GPU archi-
tectures and datasets with 5-7 different kernels, demonstrating the methodology’s
portability and generalizability.

All CPU benchmarks were compiled using GCC version 9.2.0 with -O2 optimiza-
tion, and executed on the 32-core Xeon E5-4620 platform and the 12-core Xeon
E5645. GPU benchmarks were compiled with NVCC using CUDA 10.1 (driver
418.67) for GTX 680, GTX 750, GTX 1070 and RTX 2080, CUDA 12.1 (driver
535.183) for RTX 3090, and CUDA 12.3 (driver 545.23) for RTX 4080.
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5. Evaluation of the Proposed Methodology

This cross-platform evaluation demonstrates the versatility of the methodology and
its consistent effectiveness across both CPU and GPU architectures, establishing
its broad applicability in diverse computing environments.

5.1 Comparison with PCA and Correlation-Based

Methodology

The results obtained using the ensemble methodology are first compared to those
reported in the previous work [4]. The same benchmark, STREAM [46], comprising
four code-regions — Copy, Scale, Sum, and Triad — and the same hardware, a
Xeon E5645 processor, are used for this comparison.

In this architecture, the set of preset HwPCs included the following event types
and the corresponding number of HwPCs presented in Table 5.1. As a result of

Table 5.1: Preset HwPCs available on the Xeon E5645 platform.

Type Xeon E5645
Branches 7
L1 cache 8
L2 cache 16
L3 cache 10

TLB 3
Cycles 3

Operations 3
Instructions 8

Total 58

applying the PCA and correlation-based methodology proposed in [4], the number
of HwPCs neccesary to classify these patterns was reduced from 58 to 20. However,
using the ensemble methodology proposed in this thesis, the number of HwPCs
is reduced from 58 to 5, which includes a diverse set of event types presented
in Table 5.2. Four of these HwPCs (PAPI_DP_OPS, PAPI_FP_OPS, PAPI_BR_TKN,
PAPI_SR_INS) overlap with the reduced set from [4], while the fifth, PAPI_L1_ICH,
exhibits strong correlation (0.9781) with PAPI_BR_MSP from that set.

In [4], the reduced set was later used to train an Artificial Neural Network (ANN),
which was utilized to predict the parallel code-region class based on the values of
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Table 5.2: Reduced HwPCs for code-region identification.

Instructions Operations Branches Cache L1
PAPI_SR_INS PAPI_FP_OPS PAPI_BR_TKN PAPI_L1_ICH

PAPI_DP_OPS

Table 5.3: Evaluation results for Xeon E5645.

Results/Methodology PCA & Correlation Ensemble 1 Ensemble 2
Reduced Set 20 5 5

Accuracy 99.98% 93.83% 99.20%
K-Fold Accuracy - 85.94% 96.10%

HwPCs. The training set consisted of 54 problem sizes (432000 entries), while the
remaining 2 sizes were reserved for testing (16000 entries). Table 5.3 shows that
the ANN accurately classified 99.98% of the test set in this case.

To ensure fair comparison, the proposed methodology was initially evaluated us-
ing identical train/test splits as the baseline PCA method. This configuration
(Ensemble 1 in Table 5.3) achieved a classification accuracy of 93.83% on the test
set. Subsequently, stratified 5-fold cross-validation yielded an average accuracy of
85.94%. However, applying a random stratified 5-fold cross-validation partition-
ing the dataset into 70% for training and validation and 30% for final testing, the
model (Ensemble 2 in the Table 5.3) was able to classify accurately 99.20% of the
test set. We also performed a stratified 5 fold cross validation, achieving an aver-
age cross validated score of 96.10%. Therefore, the proposed methodology achieves
comparable results using only 5 automatically determined HwPCs, minimizing the
number of executions over selected HwPC groups to improve measurement preci-
sion while keeping overhead low.

5.2 Identification and Tuning of OpenMP Regions

with a Comprehensive Dataset

Using the minimal set of HwPCs for code-region identification, and the minimal
sets of HwPCs for each TP, we can evaluate the effectiveness of the ensemble
methodology. The methodology goes first through identifying the code-regions
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with a minimal set of HwPCs. Once the code-region is identified, the methodology
proceeds to optimize different TPs.

For comparison, the OpenTuner [6] tool was employed. It is an extensible au-
totuning tool that leverages multiple search techniques to efficiently explore con-
figuration spaces. Its pluggable architecture enables sophisticated optimization
strategies that support various hardware platforms by abstracting configuration
spaces and search mechanisms.

5.2.1 Evaluation Dataset

The methodology was tested on an 18 code-regions dataset [29] that was generated
following the methodology presented in Section 4.2 (summarized in Table 5.4):

- STREAM: Four code-regions— Copy_E, Scale_E, Add_E, and Triad_E—each
with distinct memory access patterns and operation counts [46]. Copy_E

performs simple array copying, Scale_E multiplies arrays by a scalar, Add_E
sums two arrays, and Triad_E combines addition and scalar multiplication
operations.

- PolyBench: Twelve code-regions from synthetic benchmarks for common
computational programs in scientific and engineering applications [79, 78].

1. Stencil operations (3 code-regions): 2PStencil_E (1D two-point
stencil), 2D4PStencil_E (2D four-point stencil), and Stencil (3D seven-
point stencil). These code-regions represent common computational
patterns in scientific computing with neighbor-dependent calculations
and varying spatial locality characteristics.

2. Matrix operations (3 code-regions): Matxvec (matrix-vector mul-
tiplication), MatrixMult (optimized matrix-matrix multiplication), and
MatrixMultNOpt (non-optimized matrix-matrix multiplication with dif-
ferent memory access patterns). These code-regions stress both cache
hierarchy and arithmetic units with different optimization strategies.

3. Strided access patterns (5 code-regions): Stride2_E, Stride4_E,
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Stride16_E, Stride64_E, and Rows. These code-regions perform array
copy operations with different stride lengths (powers of 2) and access
patterns, specifically designed to stress cache line utilization and spatial
locality at different granularities.

4. Reduction operations (1 code-region): Reduction_E performs par-
allel summation across an array using OpenMP reduction, testing thread
synchronization and cache coherency mechanisms.

- Irregular Computation Patterns: Two code-regions for computing Col-
latz sequences and Friendly numbers with different computational load per
iteration. These code-regions exhibit irregular, data-dependent control flow
and workload imbalance across threads, evaluated with different OpenMP
scheduling policies (static, dynamic, guided) and chunk sizes to capture
diverse parallel execution behaviors.

The HwPC collecion was conducted on a 32-core Xeon E5-4620 system consisting of
4 sockets with 8 cores per socket, whose full architecture details are summarized in
Table 4.1. The preset HwPCs available for this architecture are shown in Table 5.5.
Each HwPC group was measured by PAPI across multiple executions, systemati-
cally varying TPs, including number of threads, thread affinity policy, scheduling
policy, and chunk size. Problem sizes were computed using the methodology in
[5] to stress different memory hierarchy levels. For statistical significance, 100 ex-
ecutions were conducted for each combination of HwPC group, problem size, and
configuration. As a result, the dataset created comprises 18 code-regions spanning
diverse computational patterns — memory-bound streaming operations, matrix
computations, strided access patterns, reduction operations, and irregular control
flow — providing a comprehensive basis for evaluating the methodology across a
wide range of parallel applications.

5.2.2 Code-Region Identification

This section evaluates the performance of code-region identification using the en-
semble methodology presented in Section 4.4. The evaluation employed stratified
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Table 5.4: Code-regions grouped by benchmark suite and computational charac-
teristics.

Group Code-region Description

STREAM
(4 code-regions)

Copy_E Simple array copy operation (c[i] = a[i])
Scale_E Array scaled by constant (c[i] = scalar ×

a[i])
Add_E Vector addition (c[i] = a[i] + b[i])

Triad_E Combined addition and scaling (c[i] = a[i]
+ scalar × b[i])

PolyBench
(12 code-regions)

2PStencil_E 1D two-point stencil with nearest neighbors
2D4PStencil_E 2D four-point stencil (up, down, left, right

neighbors)
Stencil 3D seven-point stencil operation
Matxvec Matrix-vector multiplication

MatrixMult Matrix-matrix multiplication with optimized
memory access

MatrixMultNOpt Matrix-matrix multiplication with non-
optimized access pattern

Stride2_E Array copy with stride of 2 elements
Stride4_E Array copy with stride of 4 elements
Stride16_E Array copy with stride of 16 elements
Stride64_E Array copy with stride of 64 elements

Rows_E Row-major 2D array access pattern
Reduction_E Parallel summation with OpenMP reduction

Irregular
Computation
(2 code-regions)

Collatz Collatz conjecture with variable OpenMP
scheduling and chunk sizes

Friends Friendly number calculator with variable
OpenMP scheduling and chunk sizes

Table 5.5: Preset HwPCs available on the Xeon E5-4620 platform.

Branches Cache L1 Cache L2 Cache L3 TLB Cycles Ops. Ins. Total
6 5 14 9 2 3 3 8 50

5-fold cross-validation, partitioning the dataset into 70% for training and valida-
tion and 30% for final testing. As indicated in Table 5.6 the ensemble achieved an
impressive average cross-validated score of 97.65%. As a result, the ensemble was
able to accurately identify code-regions using a minimal set of HwPCs. The eval-
uation metrics encompass K-fold accuracy, precision, recall, F1-score, and ROC
AUC, alongside the comparison between full and reduced HwPC sets required for
accurate identification.

The results demonstrate exceptional performance across all metrics. The K-fold
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accuracy of 0.9765 means the ensemble correctly identifies which code-region is
executing in 97.65% of cases—missing only about 2-3 predictions out of every
100. The ROC AUC of 0.9996 confirms the methodology’s ability to reliably
distinguish between different code-regions, achieving near-perfect separation with
minimal confusion between regions. The precision of 0.9644 indicates high relia-
bility: when the ensemble identifies a code-region, it is correct 96.44% of the time,
minimizing false positives. The recall of 0.9556 shows strong detection capabil-
ity: the methodology successfully catches 95.56% of all actual occurrences of each
code-region, minimizing false negatives. Together, these balanced metrics yield an
F1-score of 0.9596, confirming that the methodology achieves both high accuracy
in its predictions and completeness in its detection without compromising either
aspect.

Notably, the ensemble achieved this high performance while dramatically reducing
the required HwPC set from 50 to only 6 HwPCs—an 88% reduction. This sub-
stantial dimensionality reduction, coupled with maintained classification accuracy,
validates the effectiveness of the methodology across different benchmark suites
and suggests strong generalizability for identifying relevant HwPCs in code-region
classification tasks. Starting with the 50 available HwPCs, presented in Chapter 4,
the methodology reduced the set to 6 HwPCs, shown in Table 5.7, for code-region
identification while maintaining high prediction capabilities, as shown in Table 5.6

Table 5.6: Evaluation results for code-region identification for the expanded bench-
mark on the Xeon E5-4620.

Metric K-Fold
Accuracy Precision Recall F1-Score ROC AUC Full

Set Reduced

Label 0.9765 0.9644 0.9556 0.9596 0.9996 50 6

The methodology further refined the reduction process at the TP level, creating
unique HwPC sets for each code-region’s TPs. Starting with 50 available HwPCs,
the methodology successfully reduced the set to only 5-6 HwPCs for each TP. As
an example, Table 5.8 shows the 5 HwPCs selected for optimizing the number of
threads for the 2D4PStencil_E code-region.

These results reflect a key insight: for code-region classification, the relevant Hw-
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Table 5.7: Reduced HwPCs for code-region identification.

Group HwPC Description

Instructions PAPI_SR_INS Store instructions
PAPI_FDV_INS Floating point divide instruc-

tions

Operations PAPI_FP_OPS Floating point operations
PAPI_DP_OPS Double precision FP operations

Branches PAPI_BR_NTK Branches not taken
PAPI_BR_MSP Branch mispredictions

Table 5.8: Reduced HwPCs for 2D4PStencil_E code-region’s number of threads
optimization.

L2 Cache L3 Cache Operations
PAPI_L2_ICH PAPI_L3_TCM PAPI_FP_OPS
PAPI_L2_DCH
PAPI_L2_DCR

PCs capture computational characteristics such as operation counts, instruction
mix, and control flow (branches). However, for predicting optimal number of
threads, the relevant HwPCs depend on the code-region’s computational profile.
For memory-intensive regions like 2D4PStencil_E, the selected HwPCs predomi-
nantly focus on cache behavior across different memory hierarchy levels (L2, L3),
as shown previously. In contrast, compute-intensive regions require HwPCs that
capture arithmetic operations and instruction throughput. Table 5.9 presents an
overview of the top HwPCs selected for each code-region, illustrating how different
computational patterns require distinct HwPC sets.

5.2.3 Tuning Parameter: Number of Threads

This section evaluates the optimization of the number of threads TP for various
code-regions.

The evaluation starts with a focus on the trade-off between performance (time) and
resource (core) utilization. To quantify the efficiency of using different numbers
of threads, the performance index Pi(X) defined in [15] was calculated using the
following equation:

Pi(X) =
Tt(X)

E(X)
=

X · Tt(X)2

Tt(1)
, (5.1)
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Table 5.9: HwPCs used by each code-region for number of threads optimization
(grouped by preset event type).

Code-region Br. Ops. Ins. L1 Cache L2 Cache L3 Cache TLB Cyc.
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2D4PStencil_E × × × × ×
2PStencil_E × × × × ×

Add_E × × × × ×
Collatz × × × × ×
Copy_E × × × × ×
Friends × × × × ×

MatrixMultNOpt × × × × ×
MatrixMult × × × × ×
Matxvec × × × × ×

Reduction_E × × × × ×
Rows_E × × × × ×
Scale_E × × × × ×
Stencil × × × × ×

Stride16_E × × × × ×
Stride2_E × × × × ×
Stride4_E × × × × ×
Stride64_E × × × × ×
Triad_E × × × × ×

where X denotes the number of threads, Tt(X) and E(X) denote the obtained exe-
cution time and efficiency of a code-region using this number of threads. Therefore,
Pi(X) relates execution time with resource efficiency, allowing to automatically find
the number of threads that maximizes performance (minimizing execution time)
without wasting resources.

Pi(X) captures the trade-off between execution time and thread utilization. Con-
figurations with long execution times or poor efficiency are penalized, while con-
figurations that achieve fast execution without wasting cores yield a lower index.
Minimizing Pi(X) identifies the optimal number of threads that balances runtime
and resource usage. For example, if doubling the number of threads only slightly
reduces execution time, efficiency decreases and Pi(X) increases, signaling that
adding more threads is not beneficial.
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Figure 5.1: Evaluation results of the ensemble for the prediction of the number of
threads TP minimizing Pi(X).

Figure 5.1 presents the results of the ensemble methodology for optimizing the
number of threads for all code-regions, according to the objective function that
minimizes Pi(X). The detailed breakdown of these results is provided in Table
5.10. The results show that the ensemble achieves consistently high classifica-
tion accuracy scores ranging from 0.9041 to 0.9974, while using only 5-6 HwPCs.
The ensemble consistently reaches high precision and recall rates. The high ROC
AUC scores (0.9963-0.9998) confirm robust discriminative capability across differ-
ent code-regions, demonstrating the ensemble’s efficiency and practical applicabil-
ity. These metrics indicate that the methodology reliably identifies the optimal
number of threads’ configurations for the code-regions considered.

The comparative analysis with OpenTuner, which optimizes execution time, a sec-
ond ensemble model was trained using minimum execution time as the objective
function. This alternative model not only provides a basis for a fair compari-
son, but also reinforces the adaptability of our proposed methodology to different
optimization targets. Figure 5.2 shows that the ensemble has consistently strong
performance, maintaining high classification accuracy across all evaluation metrics,
with K-fold accuracies ranging from 0.7987 to 0.9937. The variation in accuracy
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Table 5.10: Full evaluation results of the ensemble for the prediction of the number
of threads TP minimizing Pi(X).

Code-region
/ Metric

K-Fold
Accuracy Precision Recall F1-Score ROC AUC Reduced

2D4PStencil_E 0.9621 0.9711 0.9584 0.9645 0.9994 5
2PStencil_E 0.9633 0.9711 0.9574 0.9640 0.9996 5

Add_E 0.9475 0.9593 0.9282 0.9428 0.9993 5
Copy_E 0.9260 0.9200 0.9001 0.9092 0.9977 5

MatrixMult 0.9774 0.9546 0.9434 0.9473 0.9993 5
MatrixMultNOpt 0.9774 0.9627 0.9608 0.9611 0.9996 5

Matxvec 0.9041 0.9250 0.8937 0.9072 0.9963 5
Reduction_E 0.9688 0.9762 0.9607 0.9682 0.9996 5

Rows_E 0.9874 0.9878 0.9705 0.9787 0.9998 5
Scale_E 0.9422 0.9459 0.9176 0.9310 0.9988 5
Stencil 0.9487 0.9520 0.9326 0.9402 0.9993 5

Stride16_E 0.9702 0.9717 0.9426 0.9563 0.9989 6
Stride2_E 0.9569 0.9586 0.9438 0.9504 0.9993 5
Stride4_E 0.9312 0.9411 0.9150 0.9269 0.9974 5
Stride64_E 0.9679 0.9714 0.9570 0.9640 0.9980 5
Triad_E 0.9625 0.9720 0.9625 0.9670 0.9995 5
Collatz 0.9726 0.9573 0.9280 0.9419 0.9997 5
Friends 0.9546 0.9427 0.8456 0.8895 0.9992 6

stems from the inherent characteristic of execution time optimization: multiple
number of threads configurations often achieve nearly identical execution times
close to the minimum, and for certain problem sizes, different number of threads
may achieve the optimal performance. This makes perfect classification challeng-
ing, as predictions that are slightly off the absolute minimum may still be prac-
tically optimal. Nevertheless, the high precision, recall, and F1-scores indicate
that the approach effectively identifies optimal number of thread configurations
for minimizing execution time with a reduced set of 4-7 HwPCs. This confirms
the methodology’s effectiveness to target execution time reduction. The detailed
breakdown of these results is provided in Table 5.11.

Figure 5.3 compares the optimal performance index (Equation 5.1) with the one
obtained by the ensemble methodology (optimizing Pi(X)) and by OpenTuner
(optimizing execution time). As expected, the ensemble methodology achieves
optimal or almost optimal results for all regions, while OpenTuner consistently
produces worse (i.e., higher) performance indices across all code-regions, indicating
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Figure 5.2: Evaluation results of the ensemble for the prediction of the number of
threads TP minimizing the execution time.

Table 5.11: Full evaluation results of the ensemble for the prediction of the number
of threads TP minimizing the execution time.

Code-region
/ Metric

K-Fold
Accuracy Precision Recall F1-Score ROC AUC Reduced

2D4PStencil_E 0.9858 0.9886 0.9855 0.9870 0.9998 5
2PStencil_E 0.9653 0.9719 0.9605 0.9658 0.9994 5

Add_E 0.9378 0.9503 0.9321 0.9401 0.9989 5
Copy_E 0.9159 0.9282 0.9144 0.9203 0.9980 6

MatrixMult 0.9955 0.9944 0.9963 0.9952 0.9999 4
MatrixMultNOpt 0.9865 0.9883 0.9855 0.9867 0.9998 4

Matxvec 0.8773 0.8853 0.8679 0.8752 0.9952 5
Reduction_E 0.9833 0.9829 0.9820 0.9824 0.9997 5

Rows_E 0.9579 0.9647 0.9537 0.9588 0.9991 4
Scale_E 0.9701 0.9700 0.9644 0.9665 0.9993 5
Stencil 0.9379 0.9398 0.9365 0.9378 0.9985 5

Stride16_E 0.9018 0.9092 0.8976 0.9017 0.9962 6
Stride2_E 0.9612 0.9684 0.9580 0.9629 0.9995 4
Stride4_E 0.9240 0.9517 0.9229 0.9357 0.9984 7
Stride64_E 0.8939 0.9090 0.8866 0.8961 0.9965 5
Triad_E 0.9880 0.9908 0.9884 0.9895 0.9999 4
Collatz 0.9795 0.9822 0.9837 0.9829 0.9997 7
Friends 0.9713 0.9753 0.9765 0.9758 0.9995 6

less efficient resource utilization. Performance index degradation is particularly
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severe for certain code-regions: Add_E (4.33× worse), Scale_E (4.22× worse),
Matxvec (4.20× worse), and Stride64_E (4.05× worse). The detailed breakdown
of these results is provided in Table 5.12.

Figure 5.4 presents the speedup comparison between OpenTuner, the ensemble
methodology (optimizing Pi(X) and execution time), and the optimal speedup.
It shows that the ensemble minimizing execution time (Time) achieves speedups
closer to the optimal values in the majority of cases (13 out of 18 code-regions),
while the ensemble minimizing Pi(X) (Perf) shows larger deviations from optimal
values but it obtains better results than OpenTuner (11 out of 18). The detailed
breakdown of these results is provided in Table 5.13.

Figure 5.5 shows the comparison of the time needed to compute the number of
threads by the ensemble and OpenTuner. The ensemble models consistently de-
liver 2-7 seconds when optimizing Pi(X) and 3-7 seconds when optimizing speedup,
ensuring low predictable optimization overhead in all scenarios. In contrast, Open-
Tuner exhibits significant time variability, with execution times ranging from 2
seconds to over 4 minutes. The detailed breakdown of these results is provided in
Table 5.14.
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Figure 5.3: Comparison of the optimal (Opt.), ensemble minimizing Pi(X) (Perf.),
and OpenTuner (OpenT.) mean performance indices.

This combination of generally superior speedup performance and consistently lower
execution times reinforces the ensemble’s practical advantage for performance-
critical optimization scenarios.
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Figure 5.4: Comparison of the optimal (Opt.), ensemble minimizing Pi(X) (Perf.),
ensemble minimizing execution time (Time), and OpenTuner (OpenT.) mean
speedups.
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Figure 5.5: Comparison of the execution times (logarithmic scale) required for
computing the number of threads: ensemble minimizing Pi(X) (Perf.), ensemble
minimizing execution time (Time), and OpenTuner (OpenT.).

5.2.4 Tuning Parameter: Thread Affinity Policy

The next evaluated TP is thread affinity policy. The optimal affinity policy a∗ for
a given code-region is defined as the policy that minimizes execution time:

a∗ = min
a∈A

T (a) (5.2)

where A = {close, spread} is the set of available affinity policies and T (a) rep-
resents the execution time under affinity policy a. The methodology predicts the
affinity policy that achieves the minimum execution time. Prediction accuracy is
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Table 5.12: Full comparison of the optimal, ensemble minimizing Pi(X) (Perf),
and OpenTuner mean performance indices.

Code-region
/ Performance Index Optimal Ensemble OpenTuner

2D4PStencil_E 0.0008 0.0008 0.0023
2PStencil_E 0.0008 0.0009 0.0034

Add_E 0.0009 0.0009 0.0039
Collatz 0.1372 0.1401 0.2856
Copy_E 0.0018 0.0018 0.0038
Friends 0.0021 0.0025 0.0092

MatrixMult 0.8310 0.8314 1.3557
MatrixMultNOpt 3.9343 3.9437 5.1013

Matxvec 0.0009 0.0010 0.0042
Reduction_E 0.0006 0.0006 0.0020

Rows_E 0.0039 0.0040 0.0056
Scale_E 0.0008 0.0009 0.0038
Stencil 0.0015 0.0015 0.0059

Stride16_E 0.0037 0.0039 0.0143
Stride2_E 0.0008 0.0008 0.0031
Stride4_E 0.0023 0.0024 0.0036
Stride64_E 0.0193 0.0198 0.0801
Triad_E 0.0010 0.0010 0.0027

measured as the percentage of correct identifications of a∗.

Figure 5.6 shows that the ensemble methodology maintains high performance for
affinity TP prediction. The ensemble achieves high K-fold accuracies ranging from
0.9512 to 0.9993, with most code-regions exceeding 97% accuracy. The strong
precision (0.9474-0.9991) and recall (0.9229-0.9990) values confirm reliable iden-
tification of optimal affinity configurations. The methodology accomplishes this
performance using only 3-7 HwPCs. These results show the ensemble’s effective
feature reduction while maintaining strong discriminative capability for thread
affinity optimization. The detailed breakdown of these results is provided in Table
5.15.

Figure 5.7 shows that OpenTuner underperforms across all evaluation metrics for
affinity tuning. K-fold accuracies range from 0.3427 to 0.6433, with precision,
recall, and F1-scores consistently below 0.6, indicating poor classification perfor-
mance barely exceeding random selection. Time percentage differences reveal sub-
stantial performance degradation, with most benchmarks showing deterioration
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Table 5.13: Full comparison of the optimal, ensemble minimizing Pi(X) (Perf.),
ensemble minimizing execution time (Time), and OpenTuner mean speedups.

Code-region Optimal Ensemble Ensemble OpenTuner(Performance) (Time)
2D4PStencil_E 10.79x 8.12x 10.64x 3.56x
2PStencil_E 8.92x 5.65x 8.73x 2.82x

Add_E 7.43x 5.08x 7.08x 2.96x
Collatz 20.02x 7.19x 19.96x 17.12x
Copy_E 8.50x 5.95x 8.44x 2.28x
Friends 9.31x 6.11x 8.71x 7.19x

MatrixMult 22.90x 13.28x 22.80x 17.55x
MatrixMultNOpt 17.34x 9.27x 17.25x 14.17x

Matxvec 7.90x 4.89x 7.43x 4.25x
Reduction_E 13.24x 9.35x 13.03x 4.89x

Rows_E 6.35x 4.45x 6.33x 4.96x
Scale_E 9.35x 7.31x 9.00x 2.72x
Stencil 12.80x 7.06x 12.56x 4.13x

Stride16_E 8.06x 2.43x 7.84x 5.15x
Stride2_E 12.88x 7.43x 12.80x 4.44x
Stride4_E 9.67x 5.41x 9.21x 5.13x
Stride64_E 2.98x 1.85x 2.83x 2.71x
Triad_E 10.31x 7.72x 10.11x 2.90x
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Figure 5.6: Evaluation results of the ensemble for the prediction of the affinity TP.

up to 39.96%. The detailed breakdown of these results is provided in Table 5.16.

Finally, looking at the execution times between the ensemble and OpenTuner

102



5. Evaluation of the Proposed Methodology

Table 5.14: Full comparison of the execution times required for computing the
number of threads: ensemble minimizing Pi(X) (Perf.), ensemble minimizing exe-
cution time (Time), and OpenTuner.

Code-region Ensemble Ensemble OpenTuner/ Execution Time (Performance) (Time)
2D4PStencil_E 7.77s 6.42s 5.03s
2PStencil_E 7.30s 5.52s 5.01s

Add_E 7.49s 6.39s 5.10s
Collatz 2.24s 4.68s 12.08s
Copy_E 6.52s 7.04s 5.48s
Friends 2.58s 3.91s 2.61s

MatrixMult 3.01s 5.84s 2m 16s
MatrixMultNOpt 3.24s 3.71s 4m 29s

Matxvec 5.37s 5.88s 4.69s
Reduction_E 6.48s 6.04s 4.72s

Rows_E 3.42s 5.44s 5.39s
Scale_E 6.59s 6.30s 5.02s
Stencil 6.82s 5.37s 5.15s

Stride16_E 2.37s 6.21s 7.60s
Stride2_E 6.52s 6.81s 5.10s
Stride4_E 3.48s 6.21s 5.60s
Stride64_E 1.83s 5.95s 11.66s
Triad_E 6.68s 6.79s 5.09s
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Figure 5.7: Evaluation results of OpenTuner for the prediction of the affinity TP.

103



5. Evaluation of the Proposed Methodology

Table 5.15: Full evaluation results of the ensemble for the prediction of the affinity
TP.

Code-region
/ Metric

K-Fold
Accuracy Precision Recall F1-Score ROC AUC Reduced

2D4PStencil_E 0.9756 0.9731 0.9229 0.9460 0.9901 4
2PStencil_E 0.9993 0.9989 0.9974 0.9982 0.9999 4

Add_E 0.9979 0.9965 0.9947 0.9956 0.9997 4
Copy_E 0.9984 0.9979 0.9936 0.9958 0.9997 5

MatrixMult 0.9967 0.9972 0.9957 0.9965 0.9994 7
MatrixMultNOpt 0.9987 0.9986 0.9987 0.9987 0.9999 4

Matxvec 0.9623 0.9585 0.9464 0.9522 0.9931 5
Reduction_E 0.9943 0.9914 0.9848 0.9880 0.9995 5

Rows_E 0.9869 0.9859 0.9781 0.9820 0.9983 4
Scale_E 0.9792 0.9677 0.9436 0.9552 0.9957 4
Stencil 0.9780 0.9779 0.9767 0.9773 0.9976 5

Stride16_E 0.9935 0.9927 0.9922 0.9924 0.9994 4
Stride2_E 0.9512 0.9474 0.9442 0.9458 0.9899 4
Stride4_E 0.9992 0.9991 0.9990 0.9990 0.9999 3
Stride64_E 0.9946 0.9896 0.9876 0.9886 0.9995 4
Triad_E 0.9984 0.9979 0.9953 0.9966 0.9999 4
Collatz 0.9792 0.9747 0.9769 0.9758 0.9978 6
Friends 0.9742 0.9774 0.9520 0.9639 0.9967 6

(Figure 5.8), the ensemble shows a higher efficiency with consistently low execu-
tion times (0.42-0.59s) across all code-regions. In contrast, OpenTuner exhibits
highly variable performance, ranging from 0.79 seconds to under 1.5 minutes, with
poor scalability for compute-intensive code-regions like MatrixMult (32.91s) and
MatrixMultNOpt (1m 33s). Overall, the ensemble methodology achieves from 2
to 180× faster optimization times while maintaining a higher classification perfor-
mance reinforcing its practical advantage for runtime tuning of affinity TP. The
detailed breakdown of these results is provided in Table 5.16.

5.2.5 Tuning Parameter: Scheduling Policy and Chunk Size

The final TPs we consider are the scheduling policy and the chunk size. The
optimal scheduling policy s∗ and corresponding chunk size c∗ are determined by:

(s∗, c∗) = min
(s,c)∈S×C

T (s, c) (5.3)
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Table 5.16: Full evaluation results of OpenTuner for the prediction of the affinity
TP.

Code-region
/ Metric

K-Fold
Accuracy Precision Recall F1-Score

2D4PStencil_E 0.3772 0.4546 0.4091 0.3348
2PStencil_E 0.3815 0.4705 0.4247 0.3279

Add_E 0.3513 0.4582 0.4203 0.3216
Copy_E 0.6369 0.4981 0.4990 0.4770

MatrixMult 0.3513 0.4609 0.4032 0.3064
MatrixMultNOpt 0.6433 0.5455 0.5518 0.5463

Matxvec 0.5259 0.4415 0.4568 0.4374
Reduction_E 0.5679 0.5744 0.5266 0.4559

Rows_E 0.4138 0.4482 0.4368 0.4013
Scale_E 0.4009 0.4498 0.3966 0.3445
Stencil 0.3427 0.4881 0.4891 0.3421

Stride16_E 0.3664 0.4525 0.4061 0.3279
Stride2_E 0.4084 0.4267 0.4303 0.4067
Stride4_E 0.5075 0.4326 0.4310 0.4317
Stride64_E 0.3901 0.4231 0.4198 0.3893
Triad_E 0.4289 0.3989 0.3845 0.3865
Collatz 0.4386 0.4549 0.4053 0.3655
Friends 0.3815 0.4701 0.4411 0.3446

where S = {static, dynamic, guided} is the set of OpenMP scheduling policies
and C is the discrete set of evaluated chunk sizes. The methodology predicts the
policy-size combination that minimizes execution time. These TPs are evaluated
through classification accuracy (correctly predicting the configuration with mini-
mum execution time) since they represent discrete categorical choices rather than
continuous resource allocation.

Table 5.18 presents evaluation results for scheduling policy and chunk size TPs
optimization on two code-regions. The ensemble methodology demonstrates high
performance for both TPs, achieving K-fold accuracies exceeding 98% across both
cases. The results are consistently high across the rest of the presented metrics
for both TPs. This shows that the ensemble can effectively identify optimal con-
figurations for both TPs using only 5-6 HwPCs, demonstrating its versatility in
handling diverse TPs beyond number of threads or thread affinity.

Table 5.19 summarizes the results that show that OpenTuner performs poorly
for both scheduling policy and chunk size TP optimization. K-fold accuracies
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Figure 5.8: Comparison of the execution times (logarithmic scale) required for
computing affinity: ensemble and OpenTuner.

Table 5.17: Full comparison of the execution times (logarithmic scale) required for
computing affinity: ensemble and OpenTuner.

Code-region Ensemble OpenTuner/ Execution Time
2D4PStencil_E 0.57s 1.27s
2PStencil_E 0.47s 1.27s

Add_E 0.47s 1.33s
Collatz 0.58s 3.32s
Copy_E 0.42s 1.31s
Friends 0.58s 0.79s

MatrixMult 0.53s 32.91s
MatrixMultNOpt 0.59s 1m 33s

Matxvec 0.57s 1.21s
Reduction_E 0.54s 1.22s

Rows_E 0.56s 1.36s
Scale_E 0.55s 1.3s
Stencil 0.58s 1.3s

Stride16_E 0.45s 1.78s
Stride2_E 0.58s 1.28s
Stride4_E 0.47s 1.36s
Stride64_E 0.52s 2.59s
Triad_E 0.46s 1.31s

range from 0.3367 to 0.4224, indicating performance barely above random selec-
tion. Precision, recall, and F1-scores consistently remain below 0.4 across all
cases, demonstrating inadequate classification capability for both TPs. Addition-
ally, OpenTuner shows performance degradation with time percentage differences
of 2.32-4.67%. Contrasting these results with the ensemble methodology’s accu-
racy >98%, further confirms the ensemble’s capabilities for TP optimization.
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Table 5.18: Scheduling policy and chunk size parameter evaluation results for the
expanded benchmark on the Xeon E5-4620.

Tuning
Parameter

Code-region
/ Metric

K-Fold
Accuracy Precision Recall F1-Score ROC AUC Reduced

Scheduling
Policy

Collatz 0.9883 0.9848 0.9831 0.9839 0.9992 5
Friends 0.9893 0.9924 0.9917 0.9921 0.9994 6

Chunk
Size

Collatz 0.9897 0.9913 0.9799 0.9853 0.9995 5
Friends 0.9853 0.9824 0.9820 0.9821 0.9994 5

Finally, considering the execution times between the ensemble methodology and
OpenTuner for scheduling and chunk size optimization (Table 5.20) the results
show no clear time-wise advantage between them, as each method outperforms the
other on different benchmarks. These divergent results highlight the complexity
of scheduling and chunk size optimization.

Table 5.19: Scheduling policy and chunk size parameter OpenTuner evaluation
results for the expanded benchmark on the Xeon E5-4620.

Tuning
Parameter

Code-region
/ Metric

K-Fold
Accuracy Precision Recall F1-Score

Scheduling
Policy

Collatz 0.4224 0.3702 0.3656 0.3654
Friends 0.3637 0.3328 0.2813 0.2866

Chunk
Size

Collatz 0.4165 0.3856 0.3921 0.3785
Friends 0.3367 0.3556 0.3509 0.3341

Table 5.20: Comparison of the ensemble, and OpenTuner mean execution times
for the expanded benchmark on the Xeon E5-4620. Focus on scheduling policy
and chunk size.

Code-region Ensemble OpenTuner/ Execution Time
Collatz 1.34s 4.18s
Friends 1.61s 0.78s

5.3 Application to the NAS Parallel Benchamarks

5.3.1 Evaluation Dataset

To ensure a comprehensive and representative assessment, 7 OpenMP code-regions
from NAS Parallel Benchmarks (NPB) [8] were extracted (summarized in Table
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5.21). The code-regions represent a diverse range of computational patterns. The
NPB suite is widely recognized and extensively used in parallel computing to
evaluate the performance of parallel systems. It’s important to mention that this
dataset was not used for training, it was only used for evaluation purposes. As
previously, PAPI was used to gather the HwPC data.

- BT benchmark: Extracted code-region - add_BT. This code-region performs
element-wise addition of two 4D arrays (u and rhs), updating the solution
vector in the Block Tri-diagonal solver. The computation involves four nested
loops iterating over grid points with five components per point, representing
a regular, memory-bound operation.

- CG benchmark: Extracted code-regions representing key operations in the
Conjugate Gradient iterative solver:

1. normztox_CG: Vector scaling operation that normalizes vector z and
stores the result in x.

2. norm_temps_CG: Computes intermediate norm values using reduction
operations on vectors x and z.

3. rhorr_CG: Calculates the dot product of vector r with itself using par-
allel reduction.

4. pr_beta_p_CG: Updates the search direction vector p by combining r

and scaled p.

5. qAp_CG: Sparse matrix-vector multiplication computing q = A× p, uti-
lizing compressed row storage format.

- LU benchmark: Extracted code-region - l2norm_LU. This code-region com-
putes the L2 norm of a 3D vector field with five components. It uses a com-
bination of parallel loops and critical sections to accumulate partial sums,
followed by normalization. The computation involves reduction operations
across three spatial dimensions.
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Table 5.21: NAS Parallel Benchmark code-regions grouped by benchmark suite.

Benchmark Code-region Description
Block Tri-diagonal

Solver - BT
(1 code-region)

add_BT Element-wise addition of 4D arrays updating
solution vector across grid points

Conjugate
Gradient - CG
(5 code-regions)

normztox_CG Vector scaling operation normalizing vector z
to x

norm_temps_CG Computes intermediate norm values with par-
allel reduction

rhorr_CG Dot product calculation using parallel reduc-
tion

pr_beta_p_CG Search direction vector update combining r
and scaled p

qAp_CG Sparse matrix-vector multiplication in com-
pressed row storage

Lower-Upper
Gauss-Seidel Solver - LU

(1 code-region)

l2norm_LU L2 norm computation of 3D vector field with
five components

5.3.2 Code-Region Identification

To validate the proposed methodology, we conducted comprehensive experiments
using the NPB dataset. The initial evaluation focuses on code-region identification
by leveraging an ensemble of models trained on the comprehensive dataset from
Section 5.2.

Figure 5.9 presents code-region identification results using the already trained
ensemble that contains a minimal set of HwPCs. The ensemble demonstrates
strong code-region identification performance across most code-regions, achieving
high accuracy scores. The high F1 scores (>0.96) suggests the ensemble is highly
confident of the predictions. The detailed breakdown of these results is provided
in Table 5.22

5.3.3 Tuning Parameter: Number of Optimal Threads

The evaluation continues with the optimization of the number of threads, focusing
on efficiency as defined by the performance index (Equation 5.1). Figure 5.10
compares the optimal performance index (Equation 5.1) with the one obtained
by the ensemble methodology (optimizing Pi(X)) and by OpenTuner (optimizing
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Table 5.22: Full evaluation results of the ensemble for the code-region identification
(NAS benchmarks).

Code-region
/ Metric

Expected
Code-region

K-Fold
Accuracy Precision Recall F1-Score

Add_BT Triad_E 0.9650 0.9999 0.9650 0.9822
l2norm_LU Reduction_E 0.8219 0.9999 0.8219 0.9022

norm_temps_CG Reduction_E 0.9760 0.9999 0.9760 0.9878
normztox_CG Triad_E 0.9583 0.9999 0.9583 0.9787
pr_beta_p_CG Triad_E 0.9719 0.9999 0.9719 0.9858

qAp_CG Reduction_E 0.9308 0.9999 0.9308 0.9642
rhorr_CG Reduction_E 0.9625 0.9999 0.9625 0.9809

execution time). The results obtained by the ensemble are usually close to the
optimal value, and, in all cases, similar to the ones obtained by OpenTuner. These
results hint that, for these regions, the difference between the number of threads
minimizing Pi(X) and the one minimizing execution time is not significant. The
detailed breakdown of these results is provided in Table 5.23.

Figure 5.11 presents the speedup comparison between OpenTuner, the ensemble
methodology (optimizing Pi(X) and execution time), and the optimal speedup.
It shows that, in effect, the execution time difference optimizing Pi(X) and op-
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Figure 5.9: Evaluation results of the ensemble for the code-region identification
(NAS benchmarks).
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Figure 5.10: Comparison of the optimal (Opt.), ensemble minimizing Pi(X) (Perf),
and OpenTuner (OpenT.) mean performance indices (NAS benchmarks).

timizing time are not significant in most cases (except for the qAp_CG case).
Consequently, the values obtained by the ensemble methodology and OpenTuner
are quite close. The detailed breakdown of these results is provided in Table 5.24.

Figure 5.12 shows the comparison of the time needed to compute the number of
threads by the ensemble and OpenTuner. The ensemble models consistently com-
pletes optimization in under a minute for all cases: 2-44 seconds when minimizing
Pi(X) and 2-50 seconds when maximizing speedup, ensuring low predictable op-
timization overhead in all scenarios. In contrast, OpenTuner exhibits significant
time variability, with execution times ranging from approximately 18 minutes for
CG regions to nearly 3 hours for BT regions. This means that the ensemble method-
ology is 20 to 300x faster than OpenTuner in these cases. The detailed breakdown
of these results is provided in Table 5.25.

Table 5.23: Full comparison of the optimal, ensemble minimizing Pi(X) (Perf),
and OpenTuner mean performance indices (NAS benchmarks).

Code-region Optimal Ensemble OpenTuner/ Performance Index
Add_BT 0.00405 0.01038 0.00556

l2norm_LU 0.00218 0.00650 0.00523
norm_temps_CG 0.00003 0.00007 0.00004
normztox_CG 0.00002 0.00003 0.00002
pr_beta_p_CG 0.00004 0.00041 0.00059

qAp_CG 0.00617 0.01638 0.00754
rhorr_CG 0.00003 0.00004 0.00005
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Figure 5.11: Comparison of the optimal (Opt.), ensemble minimizing Pi(X) (Perf),
ensemble minimizing execution time (Time), and OpenTuner (OpenT.) mean
speedups (NAS benchmarks).

Table 5.24: Full comparison of the optimal, ensemble minimizing Pi(X) (Perf),
ensemble minimizing execution time (Time), and OpenTuner mean speedups (NAS
benchmarks).

Code-region Optimal Ensemble Ensemble OpenTuner/ Speedup Factor (Performance) (Time)
Add_BT 4.30x 2.72x 2.18x 3.85x

l2norm_LU 4.35x 2.81x 3.64x 4.17x
norm_temps_CG 3.71x 2.86x 3.45x 2.71x
normztox_CG 5.35x 4.50x 4.48x 3.43x
pr_beta_p_CG 2.34x 1.99x 1.36x 1.61x

qAp_CG 12.52x 5.53x 6.83x 12.06x
rhorr_CG 5.13x 4.00x 4.25x 3.86x
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Figure 5.12: Comparison of the execution times (logarithmic scale) required for
computing the number of threads: ensemble minimizing Pi(X) (Perf), ensemble
minimizing execution time (Time), and OpenTuner (OpenT) (NAS benchmarks).
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Table 5.25: Full comparison of the execution times required for computing the
number of threads: ensemble minimizing Pi(X) (Perf), ensemble minimizing exe-
cution time (Time), and OpenTuner (NAS benchmarks).

Code-region Ensemble Ensemble OpenTuner
/ Execution Time (Performance) (Time) Time

Add_BT 7.98s 9.13s 2h 57m 52s
l2norm_LU 1.95s 1.98s 1h 22m 05s

norm_temps_CG 3.6s 3.42s 23m 42s
normztox_CG 3.14s 3.46s 26m 53s
pr_beta_p_CG 31.24s 35.2s 22m 09s

qAp_CG 43.11s 37.18s 24m 05s
rhorr_CG 3.13s 3.0s 17m 59s

5.3.4 Tuning Parameter: Thread Affinity Policy

Thread affinity policy is the next TP evaluated. After identifying the code-region,
a specialized set of HwPCs is used to predict the thread affinity policy. Figure
5.13 shows varied performances across NAS benchmark code-regions when using
the ensemble methodology to predict optimal thread affinity. Several CG code-
regions exhibit high accuracy, e.g.: normztox_CG (0.9988) or rhorr_CG (0.9916),
suggesting the ensemble methodology effectiveness for these sparse matrix oper-
ation patterns. However, precision, recall, and F1-scores for these code-regions
remained approximately 0.5, indicating potential imbalance in prediction classes.
The detailed breakdown of these results is provided in Table 5.26

Table 5.26: Full evaluation results of the ensemble for the prediction of the affinity
TP (NAS benchmarks).

Code-region
/ Metric

K-Fold
Accuracy Precision Recall F1-Score

Add_BT 0.9117 0.5000 0.4559 0.4769
l2norm_LU 0.7927 0.6595 0.6204 0.6333

norm_temps_CG 0.9204 0.6421 0.5191 0.5190
normztox_CG 0.9988 0.5000 0.4994 0.4997
pr_beta_p_CG 0.9839 0.5000 0.4920 0.4959

qAp_CG 0.9461 0.5000 0.4731 0.4862
rhorr_CG 0.9916 0.5000 0.4958 0.4979

Looking at the OpenTuner’s affinity optimization results (Figure 5.14) even more
severe performance issues appear compared to the ensemble. The accuracy values
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Figure 5.13: Evaluation results of the ensemble for the prediction of the affinity
TP (NAS benchmarks).

are consistently poor across all code-regions. As before, OpenTuner suffers from
the same class imbalance symptoms with multiple code-regions having low pre-
cision and recall values. The detailed breakdown of these results is provided in
Table 5.27

Table 5.27: Full evaluation results of OpenTuner for the prediction of the affinity
TP (NAS benchmarks).

Code-region
/ Metric

K-Fold
Accuracy Precision Recall F1-Score

Add_BT 0.4375 0.5000 0.2188 0.3043
l2norm_LU 0.5938 0.5389 0.5586 0.5192

norm_temps_CG 0.5375 0.4923 0.4883 0.4618
normztox_CG 0.2625 0.5000 0.1313 0.2079
pr_beta_p_CG 0.2813 0.5000 0.1406 0.2195

qAp_CG 0.2563 0.5000 0.1281 0.2040
rhorr_CG 0.1313 0.5000 0.0656 0.1160

Finally, the execution times for optimal thread affinity prediction between the en-
semble methodology and OpenTuner are compared in Figure 5.15. The ensemble
shows better execution efficiency for affinity optimization. While the ensemble con-
sistently completes optimization in 1-3 seconds across all code-regions, OpenTuner
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Figure 5.14: Evaluation results of OpenTuner for the prediction of the affinity TP
(NAS benchmarks).

requires dramatically longer times ranging from ∼2-4 minutes for CG code-regions
up to nearly 38 minutes for BT code-regions. Overall, despite both approaches
struggle with prediction accuracy due to class imbalance, the ensemble achieves
comparable or better performance metrics while being orders of magnitude faster
than OpenTuner’s long optimization times. The detailed breakdown of these re-
sults is provided in Table 5.28
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computing affinity: ensemble and OpenTuner (NAS benchmarks).
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Table 5.28: Full comparison of the execution times required for computing affinity:
ensemble and OpenTuner (NAS benchmarks).

Code-region Ensemble OpenTuner/ Execution Time
Add_BT 1.45s 37m 36s

l2norm_LU 1.21s 12m 48s
norm_temps_CG 1.27s 3m 43s
normztox_CG 1.26s 3m 37s
pr_beta_p_CG 2.28s 3m 31s

qAp_CG 2.86s 3m 44s
rhorr_CG 1.26s 1m 50s

5.4 Applying the Methodology to GPUs

The final experiments demonstrate the methodology’s applicability to GPUs by
reducing necessary HwPCs for code-region identification and TP optimization.

5.4.1 Evaluation Dataset

HwPC data were collected using the Kernel Tuning Toolkit (KTT) [56] on GeForce
GTX 680 (Kepler), GeForce GTX 750 (Maxwell), GeForce GTX 1070 (Pascal),
GeForce RTX 2080 (Turing), GeForce RTX 3090 (Ampere), and GeForce RTX
4080 (Ada Lovelace) GPUs across five kernels analyzed by Petrovič et al. [57]:
Convolution, Couloumb Sum, N-body, Transposition, and GEMM. Additional ker-
nels were added to some of the architectures. The Reduction kernel was added for
Pascal, the Biconjugate Gradient and Hotspot kernels were added for Turing,
and Biconjugate Gradient was added for Ada Lovelace. All GPU kernels use
CUDA as the parallelization model. Remind, that for GPU applications individual
CUDA kernels correspond to code-regions. Table 5.29 provides a summary of the
kernels used during the experimentation.

A summary of the Tuning Paremeters targeted per architecture is presented in Ta-
ble 5.30, where work-group size balances parallelism against resource consump-
tion, work-item coarsening adjusts the computational workload per thread,
local memory caching enables explicit use of fast shared memory as a cache,
private memory caching optimizes register usage for fastest data access, tile
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Table 5.29: GPU kernels grouped by tested architecture.

Architecture Kernel Description

Kepler, Maxwell,
Pascal, Turing,

Ampere,
Ada Lovelace

Convolution 2D image convolution with three-pixel halos
(input: 2D image, output: convolved 2D im-
age)

Coulomb Sum Coulomb summation precomputing atomic
charges on a 3D grid (input: set of atoms,
output: 3D grid)

N-body Gravitational force computation between n
bodies for each pair (input: n bodies with po-
sitions/masses, output: forces on each body)

Transposition Out-of-place matrix transposition (input: ma-
trix, output: transposed matrix)

GEMM Matrix multiplication C = A × B where A is
K × M, B is K × N, and C is N × M

Pascal Reduction Vector summation (input: vector, output:
scalar)

Turing,
Ada Lovelace

BiCG Biconjugate Gradient iterative linear solver
(input: matrix and vector, output: solution
vector)

Turing Hotspot Thermal simulation computing temperature
distribution (input: power and initial temper-
ature grid, output: final temperature grid)

size defines memory blocking dimensions to improve locality, loop unrolling re-
duces branching overhead and increases instruction-level parallelism, local mem-
ory padding prevents bank conflicts in GPU shared memory, and explicit vec-
torization facilitates generation of efficient vector memory instructions.

Table 5.30: Common TPs by kernel. Tile size is ticked when it can be configured
differently than Work-Group size.

Kernel Work-Group Work-item Local Private Tile Loop Local Vector-
/ TP Size Coarsening Memory Memory Size Unrolling Memory ization

Caching Caching Padding
Conv. × × × × × × × ×

Coul. Sum × × × ×
N-body × × × × × ×
Transp. × × × × × ×
GEMM × × × × × ×

Reduc. × × ×
BiCG × × × × ×

Hotspot × × × × ×

117



5. Evaluation of the Proposed Methodology

5.4.2 Tuning Parameter Evaluation Results

The ensemble methodology was able to greatly reduce the number of HwPCs for
kernel identification.

The resulting reduced sets, shown in Table 5.31, comprise HwPCs of two types as
defined by Filipovič et al. in [23]. GPU HwPCs are categorized into two types:
HwPCStress, which measure the stress (utilization) of a processor component as a
percentage of its peak capacity, and HwPCOps, which count the number of opera-
tions performed on a component. For example, for global memory, the percentage
of peak bandwidth utilization belongs to HwPCStress, whereas the number of
global memory transactions belongs to HwPCOps.

It is worth noting that NVIDIA introduced a new HwPC naming convention with
the Volta (Turing) architecture, renaming existing HwPCs and exposing additional
profiling granularity. This transition also brought value range rescaling for certain
HwPCs (e.g., pre-Volta HwPCs report values in ⟨0, 10⟩, whereas Volta+ HwPCs
report percentages in ⟨0, 100⟩). Since the equivalence between old and new HwPCs
is not completely documented by NVIDIA, the mapping used in this work follows
the understanding established by Filipovič et al. [23]. Throughout this section,
where possible, these unified abbreviations and categories are used to refer to
HwPCs regardless of the architecture generation, allowing for a consistent cross-
architecture comparison.

Notably, all selected HwPCs across all architectures belong to the Ops. type, with
the sole exceptions of DRAM_U (Ampere and Ada Lovelace), flop_sp_efficiency
(Maxwell), gld_requested_throughput (Pascal), and gst_requested_throughput

(Pascal), suggesting that operation counts are more discriminative for kernel iden-
tification than utilization metrics. Despite each architecture requiring a distinct
reduced set, several patterns emerge across GPU generations. INST_F32, which
counts executed FP32 instructions, is the most consistent HwPC, appearing in five
out of six architectures (all except Pascal), reflecting the central role of floating-
point computation in GPU kernel characterization. Similarly, DRAM_RT, measuring
DRAM read transactions, is selected for four architectures (Maxwell, Turing, Am-
pere, and Ada Lovelace), highlighting that DRAM read activity is a persistent
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Table 5.31: Reduced HwPCs for code-region identification across GPU architec-
tures.

Type HwPC (Abbr.) Cat. G
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Inst.

INST_EXE Ops. × × ×
INST_LDST Ops. ×
INST_INT Ops. ×
INST_MISC Ops. ×
INST_F32 Ops. × × × × ×

inst_per_warp* Ops. ×
FP32 Ops. flop_sp_efficiency* Stress ×

DRAM

DRAM_RT Ops. × × × ×
DRAM_WT Ops. × × ×
DRAM_U Stress × ×

dram_read_throughput* Ops. ×

L2 Cache L2_RT Ops. × ×
L2_WT Ops. × ×

Global
Memory

gld_requested_throughput* Stress ×
gst_requested_throughput* Stress ×

* HwPC name not in equivalence Table [23]; original name retained.

discriminating feature across generations. As GPU architectures evolve from Ke-
pler to Ada Lovelace, a clear progression in HwPC diversity is observed: older
architectures (Kepler and Maxwell) rely on a compact set of instruction and L2
cache HwPCs (INST_F32, INST_EXE, L2_WT), while newer architectures (Turing
onwards) require a richer set incorporating fine-grained instruction mix HwPCs
(INST_LDST, INST_INT, INST_MISC), reflecting the increased profiling granular-
ity introduced with the Volta architecture. Pascal stands out as the most dis-
tinct architecture, relying exclusively on throughput-based HwPCs not present in
the equivalence Table [23](dram_read_throughput, gld_requested_throughput,
gst_requested_throughput, inst_per_warp), which are unique to NVIDIA’s
pre-Volta profiling API.

As summarized in Figure 5.16 stratified 5-fold cross-validation achieved average
accuracy scores of 0.9999 for the four datasets, with near-perfect results across
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Figure 5.16: Evaluation results of the ensemble for the HwPC reduction and kerne
identification for GPUs.

precision, recall, F1-Score, and ROC AUC metrics. This exceptional accuracy
suggests highly effective prediction despite significantly different available HwPCs
between architectures (32 vs. 167), although the small dataset size and limited
number of kernels may contribute to these results. The detailed breakdown of
these results is provided in Table 5.32.

Table 5.32: HwPC reduction and kernel identification evaluation results for GPUs.

Architecture
/ Metric

K-Fold
Accuracy Precision Recall F1-Score ROC AUC

Full
Set Reduced

Kepler 0.9999 0.9999 0.9999 0.9999 0.9999 35 3
Maxwell 0.9999 0.9999 0.9999 0.9999 0.9999 41 5
Pascal 0.9979 0.9979 0.9847 0.9911 0.9999 167 4
Turing 0.9999 0.9999 0.9993 0.9996 0.9999 38 8
Ampere 0.9999 0.9999 0.9999 0.9999 0.9999 37 5

Ada Lovelace 0.9999 0.9999 0.9999 0.9999 0.9999 37 4

Finally, Table 5.33 summarizes kernel-specific TP optimization across the six GPU
architectures. In this case we are presenting averaged prediction metrics for differ-
ent kernels, since each contains varying numbers of TPs. For each kernel we also
present the range of HwPCs required for the optimization of the TPs.

The results demonstrate consistently strong performance across all architectures,
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with most kernels achieving high accuracy (> 0.81), precision (> 0.81), and recall
(>0.81) values.

Kepler (Figure 5.17), the oldest architecture tested, maintains reliable perfor-
mance across all kernels, with N-body achieving the highest accuracy (0.8593)
and Coulomb Sum presenting the most challenging case (0.7923 accuracy).

Maxwell (Figure 5.18) shows improved performance over Kepler, particularly no-
table in N-body (0.8972 accuracy), demonstrating the methodology’s adaptability
to architectural evolution.

Pascal (Figure 5.19) generally exhibits the strongest performance, particularly evi-
dent in the Reduction kernel which achieves near-perfect metrics (0.9933 accuracy,
F1 score of 0.9937).

Turing (Figure 5.20) shows good performance with notable strength in N-body

(0.9200 accuracy) and BiCG (0.9307 accuracy) kernels.

Ampere (Figure 5.21) demonstrates solid performance across most kernels, al-
though with slightly lower accuracy in Convolution and Coulomb Sum compared
to other architectures.

Ada Lovelace (Figure 5.22) shows improved performance in Coulomb Sum (0.8775
accuracy) compared to Ampere, while maintaining fair results for other kernels.

Across all architectures, the Coulomb Sum kernel consistently presents the most
challenging optimization case, due to the extremely small sample size (209-270
samples). Meanwhile, N-body and specialized kernels like Reduction and BiCG

achieve the highest prediction accuracy.

Notably, the ensemble requires only a modest number of HwPCs to achieve these
predictions, with most kernels needing between 2-11 HwPCs, indicating efficient
feature utilization for accurate TP optimization across different GPU generations.
These results validate that the ensemble methodology maintains robust optimiza-
tion capabilities across diverse GPU architectures.

To illustrate how the methodology selects different HwPC sets for individual TP
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predictions, Table 5.34 presents the reduced HwPC sets for predicting the WPTX

TP for the Convolution kernel. It defines the number of elements processed
in the X-dimension by each thread (work-item coarsening parameter). The re-
duced HwPC sets for this TP reveal both commonalities and architecture-specific
patterns. Unlike kernel identification, which predominantly relies on HwPCs of
type HwPCOps, WPTX prediction incorporates utilization metrics (INST_ISSUE_U,
dram_write_throughput, gld_requested_throughput), reflecting the importance
of resource saturation in determining optimal work distribution. Instruction-
related HwPCs are the most consistent across generations, with INST_INT ap-
pearing in five architectures (all except Pascal) and INST_MISC in four, suggesting
that the instruction mix is a fundamental predictor of optimal workload coars-
ening. However, the evolution of memory-related HwPCs shows a clear architec-
tural progression. Older architectures (Kepler and Maxwell) rely on local memory
transactions (local_load_transactions, local_store_transactions) and ba-
sic DRAM metrics, while newer architectures (Turing, Ampere, Ada Lovelace) con-
verge on LOC_O, a unified local memory HwPC introduced in the Volta+ profiling
API. This shift reflects the improved profiling granularity in newer GPUs. Pascal
again exhibits a unique profile, being the only architecture to use l2_tex_write_

transactions and dram_write_throughput, emphasizing L2 cache and DRAM
write behavior rather than local memory metrics. The reduced sets remain com-
pact, ranging from 3 to 6 HwPCs per architecture, demonstrating that the method-
ology efficiently identifies the minimal set of predictive features even for fine-
grained TP optimization.

5.5 Discussion of the Evaluation Results

The evaluation results demonstrated both strengths and limitations of the en-
semble methodology for optimizing OpenMP code-region TPs. The methodology
predicted near-optimal number of threads across diverse code-regions, with K-fold
accuracy scores frequently exceeding 0.90 and ROC AUC scores consistently ex-
ceeding 0.99. However, performance varied across code-regions, with operations
such as Copy_E and Matxvec showing lower accuracy scores (0.9260 and 0.9041,
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Figure 5.17: Averaged evaluation results of the ensemble for the prediction of the
TPs for the Kepler GPU.
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Figure 5.18: Averaged evaluation results of the ensemble for the prediction of the
TPs for the Maxwell GPU.
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Figure 5.19: Averaged evaluation results of the ensemble for the prediction of the
TPs for the Pascal GPU.
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Figure 5.20: Averaged evaluation results of the ensemble for the prediction of the
TPs for the Turing GPU.
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Figure 5.21: Averaged evaluation results of the ensemble for the prediction of the
TPs for the Ampere GPU.
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Figure 5.22: Averaged evaluation results of the ensemble for the prediction of the
TPs for the Ada Lovelace GPU.
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Table 5.33: Kernel TP evaluation average results on the GPUs.

Architecture
Kernel

/ Metric
K-Fold

Accuracy Precision Recall F1-Score ROC AUC Reduced

Kepler

Conv. 0.8464 0.8643 0.8285 0.8370 0.9657 2-7
Coul. Sum 0.7923 0.7845 0.7871 0.7848 0.8255 2-8

N-body 0.8593 0.8536 0.8446 0.8474 0.9632 2-5
Transp. 0.8404 0.8338 0.8363 0.8310 0.9522 2-7
GEMM 0.8476 0.8464 0.8307 0.8364 0.9233 3-9

Maxwell

Conv. 0.8440 0.8600 0.8350 0.8409 0.9622 3-8
Coul. Sum 0.7828 0.7735 0.7698 0.7683 0.8180 2-9

N-body 0.8972 0.9017 0.8857 0.8903 0.9751 2-8
Transp. 0.8017 0.8011 0.7907 0.7921 0.9422 4-8
GEMM 0.8426 0.8402 0.8259 0.8310 0.9169 3-7

Pascal

Conv. 0.9024 0.9243 0.9061 0.9115 0.9832 2-8
Coul. Sum 0.7930 0.7876 0.7819 0.7824 0.8272 2-8

N-body 0.9166 0.9153 0.8976 0.8999 0.9670 2-8
Transp. 0.8690 0.8633 0.8607 0.8597 0.9734 6-11
GEMM 0.9035 0.9062 0.8972 0.8997 0.9546 3-11

Reduc. 0.9933 0.9933 0.9952 0.9937 0.9999 2

Turing

Conv. 0.8351 0.8694 0.8244 0.8383 0.9660 4-8
Coul. Sum 0.7879 0.7820 0.7790 0.7783 0.8283 4-9

N-body 0.9200 0.9224 0.9085 0.9129 0.9819 3-6
Transp. 0.8411 0.8412 0.8393 0.8376 0.9588 5-8
GEMM 0.8673 0.8652 0.8549 0.8585 0.9334 3-8
BiCG 0.9307 0.9293 0.9273 0.9280 0.9286 3-9

Hotspot 0.8859 0.8968 0.8860 0.8879 0.9740 4-8

Ampere

Conv. 0.8163 0.8433 0.8101 0.8189 0.9621 3-7
Coul. Sum 0.7244 0.7151 0.7156 0.7119 0.8071 2-7

N-body 0.9126 0.9167 0.9008 0.9057 0.9783 3-6
Transp. 0.8425 0.8433 0.8409 0.8391 0.9558 5-7
GEMM 0.8455 0.8458 0.8323 0.8377 0.9238 4-7

Ada
Lovelace

Conv. 0.8197 0.8421 0.8068 0.8142 0.9642 2-7
Coul. Sum 0.8775 0.8718 0.8675 0.8676 0.9211 5-7

N-body 0.9104 0.9104 0.9046 0.9069 0.9815 2-9
Transp. 0.8166 0.8225 0.8102 0.8128 0.9495 4-7
GEMM 0.8666 0.8669 0.8618 0.8633 0.9540 3-6
BiCG 0.9235 0.9235 0.9235 0.9235 0.9254 2-9

respectively), indicating potential areas for improvement.

Thread affinity prediction demonstrated strong performance, with most code-
regions achieving accuracy scores greater than 0.95 while requiring only 3-7 Hw-
PCs, suggesting effective optimization with minimal overhead. Compared to Open-
Tuner, the ensemble methodology demonstrated a crucial advantage in optimiza-
tion time. While OpenTuner required higher optimization time—notably 32.91
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Table 5.34: Reduced HwPCs for predicting WPTX TP for the Convolution kernel
across GPU architectures.

Type HwPC (Abbr.) Cat. G
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Instr.
INST_INT Ops. × × × × ×
INST_MISC Ops. × × × ×

INST_ISSUE_U Ops. × × × × ×

DRAM DRAM_RT Ops. × ×
dram_write_throughput* Stress ×

L2 Cache l2_tex_write_transactions* Ops. ×

Local
Memory

LOC_O Ops. × × ×
local_load_transactions* Ops. ×
local_store_transactions* Ops. ×

Global
Memory

TEX_RWT Ops. ×
gld_requested_throughput* Stress ×

* HwPC name not in equivalence Table [23]; original name retained.

seconds for MatrixMult and 1 minute 33 seconds for MatrixMultNOpt—the en-
semble methodology consistently completed optimization in less time across all
evaluated code-regions.

The methodology demonstrated versatility in handling other OpenMP optimiza-
tion aspects, with strong performance in predicting scheduling policies and chunk
sizes for the Collatz and Friends code-regions (accuracies above 0.90). However,
limitations include varying performance across code-regions and certain complex
computational patterns, indicating the current HwPC set may not fully capture all
relevant program behavior aspects. Results highlight a trade-off between optimiza-
tion quality and speed—while not always achieving the absolute peak performance
of search methods like OpenTuner, the ensemble methodology delivers substantial
speedups with minimal optimization overhead, making it suitable for dynamic
optimization scenarios requiring rapid adaptation to changing code-regions.

Application to NAS Parallel Benchmarks further validated the methodology’s effec-
tiveness across scientific applications code-regions, maintaining strong performance
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in code-region identification with most code-regions showing accuracy above 0.90.

While the ensemble methodology generally achieved near-optimal speedups for
number of threads and maintained reasonable accuracy in thread affinity predic-
tion, its most significant advantage was computational efficiency. The ensemble
consistently completed optimization tasks in seconds compared to OpenTuner’s
requirements of minutes to hours, representing execution time improvements of up
to 30× while delivering comparable or superior optimization quality.

The GPU validation experiments on GTX 680 (Kepler), GTX 750 (Maxwell),
GTX 1070 (Pascal), RTX 2070 (Turing), RTX 3070 (Ampere), and RTX 4070
(Ada Lovelace) architectures demonstrated the methodology’s cross-platform ef-
fectiveness across six GPU generations. TP optimization across multiple kernels
showed consistently strong performance (>0.80 accuracy, >0.77 precision, and
>0.77 recall), with Pascal achieving the highest performance, particularly in spe-
cialized kernels like Reduction (0.9933 accuracy). Maxwell demonstrated robust
optimization capabilities with notable strength in N-body (0.8972 accuracy), while
Turing and Ada Lovelace showed competitive results across diverse kernels. Am-
pere showed solid performance across most kernels with some variations in specific
kernels. The methodology required only 2-11 HwPCs for most kernels, validating
efficient feature utilization and broad applicability across modern GPU architec-
tures spanning six generations in heterogeneous computing environments.

Notably, the majority of HwPCs automatically selected by the ensemble corre-
spond directly to entries in Filipović et al.’s equivalence table [23] — 10 out of
15 for kernel identification and 6 out of 11 for WPTX TP prediction — suggesting
that the methodology independently converges on the same discriminative HwPCs
previously identified through expert analysis.

Finally, we analyze the computational cost of our methodology. The initial reduc-
tion phase, which involves automated HwPC selection and model training, incurs
a high but one-time cost per target architecture. The application execution phase,
which occurs frequently, introduces minimal overhead. This overhead consists of
HwPC data collection and model inference, and has been measured on the same
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platform used in the experimentation (Xeon E5-4620), obtaining:

1. Code-region Identification:

- Collection: ∼3 it./region, t̄ = 0.1063ms/iter (σ = 0.0279ms)

- Inference: t̄ = 0.5667ms (σ = 0.0270ms).

2. Tuning Parameter (TP) Optimization:

- Collection: ∼2-3 it./region, t̄ = 0.0942ms/iter (σ = 0.0293ms).

- Inference: t̄ = 0.8404ms (σ = 0.0122ms).

The results demonstrate that the runtime overhead of our methodology during
application execution is low, making it suitable even for dynamic tuning.
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Chapter 6

Conclusions and Future Work

This chapter is divided into two parts: first, the conclusions and main results of
the work presented in this thesis are summarized, and secondly, the future work
where several open lines of research are discussed.

6.1 Conclusions

This work has researched the possibility of using ML techniques combined with
HwPCs to automatically optimize the performance of parallel applications across
heterogeneous computing environments. While ML approaches have been applied
to performance optimization in other works, to the best of our knowledge, this is
the first time a comprehensive methodology has been systematically defined to ad-
dress both the automated selection of informative HwPCs and the development of
efficient optimization strategies for parallel applications, with particular emphasis
on portability across diverse architectures and practical applicability in real-world
scenarios.

When using ML to generate performance models, the fundamental principle of
"garbage in, garbage out" remains crucial. According to this principle, the model
will only be as effective as the data and methodologies used in its development, so
proper approaches for feature selection, data collection, and optimization strategy
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design are necessary to build useful and reliable models. In the case of auto-
mated performance optimization of parallel applications, the following key ques-
tions would need to be answered: 1) given the large number of measurable HwPCs
available in modern systems, how could application behavior be accurately char-
acterized using a minimal yet informative subset of metrics while maintaining
portability across architectures?; 2) how could effective optimization strategies be
developed that consider the complex trade-offs between individual region optimiza-
tion and overall application performance?; and 3) how could this methodology
be validated and demonstrated to work effectively across diverse computational
patterns and hardware platforms? The methodology developed in this thesis sys-
tematically addressed each of these questions through comprehensive research and
experimental validation.

The major contribution of this thesis is an automated ML methodology for per-
formance optimization in heterogeneous HPC environments that addresses critical
challenges in utilizing HwPCs for application tuning. This methodology inte-
grates HwPC reduction, parallel code-region identification, and TP optimization
while demonstrating efficiency and portability across architectures. Specifically,
the methodology addresses three fundamental challenges that motivate this work:

1. Monitoring Limitations: Hardware limitations prevent simultaneous ac-
cess to all HwPCs. Measuring fewer, carefully selected events is crucial for
accuracy, allowing multiple executions over selected HwPC groups to achieve
higher measurement precision than multiplexing-based approaches.

2. Scalability and Data Volume Constraints: The volume of HwPC data,
especially from GPUs, with hundreds of associated HwPCs, implies serious
scalability challenges. Manual analysis becomes impractical, necessitating
automated approaches.

3. Runtime Decision Requirements: HPC environments require rapid anal-
ysis. This demands efficient performance models that use a minimal set of
HwPCs that accurately represent application behavior to enable runtime
optimization decisions.
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Our initial hypothesis was that parallel application performance could be effec-
tively optimized through automated analysis of HwPCs combined with ML tech-
niques, while considering the practical constraints of overhead minimization and
architectural portability. To validate this hypothesis, the proposed methodology
underwent extensive development and evaluation across multiple hardware plat-
forms and diverse computational workloads, organized around four specific objec-
tives.

Objective 1: Representative Dataset Generation. Chapter 4 presents a
methodology for constructing training datasets that capture the diverse behaviors
of parallel applications across different execution conditions. The dataset encom-
passes 18 code-regions from three benchmark suites — STREAM, PolyBench,
and irregular computation kernels — covering memory-bound, compute-bound,
strided-access, and irregular control-flow patterns. Each configuration was re-
peated 100 times for statistical significance, yielding 20.044.800 total executions.
This objective was addressed in the following publication:

Design of Hardware Performance Counters Collection for Dataset Generation. In:

Actas de las Jornadas SARTECO 2022: Avances en arquitectura y tecnología de

computadores, Universidad de Alicante, Alicante, Spain, pp. 85–92, 2022. Haru-

tyunyan Gevorgyan, S., César, E., Sikora, A. [27]

Objective 2: Effective HwPC Utilization and Analysis. Chapter 4 also
develops an automatic methodology for reducing the number of HwPCs required
for both code-region identification and TP optimization. Using a four-model en-
semble combined with weighted importance scoring and knee-point detection, the
methodology identifies minimal HwPC subsets that preserve predictive accuracy
while minimizing overhead. On the Xeon E5-4620, the methodology reduced 50
HwPCs to only 6 for code-region identification — an 88% reduction — achieving
97.65% classification accuracy and a ROC AUC of 0.9996. On the Xeon E5645,
it reduced 58 HwPCs to 5, achieving 99.20% accuracy with less than one quarter
of the HwPCs required by the prior approach [4]. This objective was addressed in
the following publication:
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Efficient Code-Region Characterization Through Automatic Performance Counters

Reduction Using Machine Learning Techniques. In: Euro-Par 2024: Parallel Pro-

cessing, Springer Nature Switzerland, Cham, pp. 18–32, 2024. Harutyunyan, S.,

César, E., Sikora, A., Filipovič, J., Dutta, A., Jannesari, A., Alcaraz, J. [29].

Objective 3: Portable Optimization Methodology. Chapter 5 validates the
methodology across seven hardware platforms: one CPU (Intel Xeon E5-4620) and
six GPU architectures spanning three NVIDIA generations (GTX 680, GTX 750,
GTX 1070, RTX 2080, RTX 3090, and RTX 4080). On the CPU, TP optimization
achieved cross-validated scores from 0.9041 to 0.9974 using only 5–6 HwPCs per
task, with competitive results against OpenTuner at dramatically reduced opti-
mization time. GPU evaluation confirmed portability across architectures with
substantially different HwPC spaces and computational characteristics. This ob-
jective was addressed in the following publications:

Automatic Tuning based on Hardware Performance Counters and Machine Learn-

ing. Future Generation Computer Systems, vol. 179, p. 108358, 2026. Harutyun-

yan Gevorgyan, S., César, E., Sikora, A., Filipovič, J., Alcaraz, J. [30].

Complementing this, in a collaborative work, HwPCs are used to analyze and re-
fine tuning spaces — identifying inefficient configurations and uncovering missing
optimization opportunities that improve performance in unseen environments. By
analyzing how each TP affects HwPCs across the entire tuning space, hidden ineffi-
ciencies and interactions between TPs that traditional profiling tools cannot easily
reveal are exposed. This HwPC-guided tuning space refinement was validated
through a case study on a GPU N-body simulation, improving average configura-
tion performance by 3.3× and the best-performing configuration by 2–18%. This
was published in:

Towards Analysis and Refinement of Autotuning Spaces. Parallel Computing, vol.

127, p. 103185, 2026. Filipovič, J., Harutyunyan Gevorgyan, S., César, E., Sikora,

A. [22].

Objective 4: End-to-End Automation. Chapter 4 delivers a complete two-
phase automated pipeline requiring no manual intervention at runtime. The of-
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fline HwPC Reduction Phase trains the ensemble models and identifies mini-
mal HwPC subsets for both code-region classification and TP optimization. The
online Application Execution Phase collects only the reduced HwPCs at run-
time, applies majority voting to identify the executing code-region, and invokes
region-specific TP optimization models. As demonstrated in [30], this end-to-end
automation addresses the gap in prior work by enabling simultaneous code-region
identification and TP optimization across diverse architectures. This objective was
further supported by the following publication, previously introduced in Objective
3:

Automatic Tuning based on Hardware Performance Counters and Machine Learn-

ing. Future Generation Computer Systems, vol. 179, p. 108358, 2026. Harutyun-

yan Gevorgyan, S., César, E., Sikora, A., Filipovič, J., Alcaraz, J. [30]

Taken together, these results confirm the initial hypothesis of this thesis. Parallel
application performance can be effectively optimized through automated analysis
of a minimal set of HwPCs combined with an ensemble of ML techniques, while
respecting the practical constraints of measurement overhead and architectural
portability. The proposed methodology eliminates the manual effort required for
performance analysis, reduces monitoring overhead by up to 88% compared to
using all available HwPCs, and maintains high predictive accuracy across diverse
computational patterns and hardware platforms. The systematic integration of
automatic HwPC reduction, representative dataset construction, portable model
design, and end-to-end automation offers a comprehensive solution that advances
the state-of-the-art in automated performance tuning for modern HPC environ-
ments.

Nevertheless, it would be simple, simplistic, and even worse, anachronistic to re-
gard these contributions as a definitive answer to the challenges of performance
optimization in HPC environments. The field is evolving rapidly, with new ar-
chitectural paradigms, emerging workload characteristics, and novel optimization
challenges constantly arising. The presented methodology offers a solid founda-
tion for current systems, but must continue to evolve alongside the computing
landscape to remain relevant and effective.
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6.2 Future Work

This work opens several promising directions for future research. Beyond direct
extensions of the methodology, several broader areas also warrant investigation:

1. Dynamic Adaptation: The ensemble methodology can be integrated into
a dynamic tuning environment that monitors parallel application execution
and continuously adjusts TPs during runtime. While the application is run-
ning, the online phase collects the reduced set of HwPCs, identifies the cur-
rently executing code-region, and invokes the corresponding TP optimization
model to infer and apply optimal configurations — all without interrupting
execution. Incremental model updates — where models are progressively
refined using newly collected runtime data without full retraining — enable
the ensemble to adapt to execution phase changes while keeping the impact
on application execution negligible. This ensures that both the HwPC col-
lection and the ensemble inference introduce minimal overhead, preserving
the low-cost and automated nature of the methodology.

2. Verification and Validation: The ensemble methodology can be verified
on a wider range of parallel applications to assess its generalizability beyond
the classes of code-regions represented by the benchmarks evaluated in this
work. Applying the ensemble across diverse application domains and execu-
tion patterns allows systematic evaluation of its robustness in dynamically
identifying relevant HwPCs and producing reliable optimization decisions
under varying runtime conditions.

3. Multi-objective Optimization: The ensemble methodology can be ex-
tended to support multi-objective optimization by incorporating multiple
performance metrics into the learning and decision processes. In this con-
text, different models within the ensemble can capture trade-offs between
execution time, energy consumption, and resource utilization, enabling bal-
anced optimization decisions that reflect the constraints and objectives of
modern HPC systems.

4. Joint Tuning Parameter Optimization: The current methodology op-
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timizes each TP independently, using a dedicated model per TP per code-
region. A natural extension would be to develop models that jointly optimize
multiple TPs simultaneously, capturing the interactions and dependencies
between them. This could improve optimization quality in cases where the
optimal value of one TP depends on the value of another, such as the in-
terplay between number of threads and thread affinity policy, or between
scheduling policy and chunk size.

5. Extended Architecture Support: Evaluation of the methodology on
non-NVIDIA GPU platforms (e.g., AMD and Intel GPUs) to assess the
generalizability of the approach across diverse hardware vendors and gen-
erations. Future work could also extend support to emerging architectures
such as FPGAs and specialized AI accelerators (ASICs), which would re-
quire investigating architecture-specific HwPCs and developing appropriate
ML methodologies for these platforms.

6. Alternative GPU Optimization: Apply the proposed methodology for
different purposes for GPU platforms, such as developing dedicated visu-
alization tools — as preliminarily explored in [22] — that help developers
understand how different TPs affect HwPC behavior and overall application
performance. This could also include investigating alternative ML method-
ologies and optimization strategies specifically tailored to GPU architectures
and their unique threading models.

7. Scalability Studies: Scalability studies are required to evaluate the en-
semble methodology in large-scale HPC systems. This includes analyzing
the overhead of HwPC data collection, model inference, and decision making
as system size increases. Applying the ensemble in hierarchical or distributed
tuning frameworks enables performance optimization while maintaining effi-
ciency and practicality at scale.

These research directions extend the ensemble methodology toward dynamic, multi-
objective, and large-scale optimization scenarios, expanding its capabilities while
maintaining the core design principles of automation, portability, and low overhead
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as HPC systems evolve in complexity and heterogeneity.
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