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5 Tuning the Tuner: Introducing
Hyperparameter Optimization

“ Give me six hours to chop down a tree,
and I will spend the first four sharpening the axe. ”

attributed to Abraham Lincoln

Optimization algorithms in auto-tuners have hyperparameters that strongly influence
performance, yet these are rarely tuned in practice. We introduce a general method for
hyperparameter optimization of auto-tuning algorithms, including a statistical evaluation
procedure, a public dataset, and a simulation mode to reduce tuning costs by two orders of
magnitude. Experiments show that even limited hyperparameter tuning can yield average
performance gains of 94.8%, with meta-optimization providing gains over 200%. These
results establish hyperparameter tuning as an impactful tool for advancing auto-tuning
efficiency.


This chapter is based on “Tuning the Tuner: Introducing Hyperparameter Optimization for Auto-Tuning”
by Willemsen, van Nieuwpoort, and van Werkhoven as published in [172172].
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5.1 Introduction
At the heart of the auto-tuning method is a search space of functionally-equivalent code
variants that is explored by an optimization algorithm. Together, these code variants con-
stitute vast search spaces that are infeasible to search by hand [133133, 136136, 167167] and would
have to be searched over and over again as the application is executed on different hard-
ware or different input data sets and sizes [115115, 166166, 8484, 121121]. Therefore, a key problem
in auto-tuning research is the development of optimization algorithms that can efficiently
navigate the auto-tuning search space [165165, 134134].

The effectiveness of optimization algorithms is strongly influenced by their hyperpa-
rameters, i.e., settings that control how the algorithm explores the search space. Hyperpa-
rameter tuning is essential in fields such as machine learning to determine optimal algo-
rithm settings [1212], e.g., learning rates [7777], neural architectures [8888], and regularization
parameters [1818]. While hyperparameter tuning has been successfully applied in a wide
variety of areas, it has to the best of our knowledge not been applied to optimization al-
gorithms for auto-tuning. For example, the surveys on auto-tuning in High-Performance
Computing by Balaprakash et al. [99], as well as the comprehensive survey by Ashouri
et al. [44] on machine learning in auto-tuning do not mention hyperparameter tuning at
all. As such, the potential impact of hyperparameter tuning on the performance of opti-
mization algorithms for auto-tuning has not been quantified or studied, and no generic
auto-tuning framework currently supports it.

To bridge this gap and enable hyperparameter tuning for the field of auto-tuning, we
need to overcome two key challenges:
1. The hyperparameter tuner must optimize performance across different auto-tuning

search spaces to achieve good generalization across different applications and hardware
architectures. However, quantifying overall performance across different applications
and architectures using different performance metrics is nontrivial.

2. To achieve robust general performance estimates of stochastic optimization algorithms
currently necessitates a high number of repeated tuning runs, which makes hyperpa-
rameter tuning prohibitively expensive.

In this work, we address these challenges and introduce a novel approach to hyperparam-
eter tuning tailored to the problem of auto-tuning that we refer to as ”tuning the tuner”.
We make the following contributions:
• We propose a systematic and general method for hyperparameter tuning of optimization
algorithms for auto-tuning.

• We propose a novel simulation mode that accelerates hyperparameter tuning by simu-
lating optimization runs, yielding a ∼ 130× speedup.



Related Work

5

97

• We provide a FAIR dataset of general auto-tuning data that is well-balanced in applica-
tions and hardware, lowering barriers to entry and reducing energy and resource costs.

• We present the first evaluation of the impact of hyperparameter tuning on the perfor-
mance of optimization algorithms for auto-tuning, with an average performance im-
provement of 94.8% on a limited, exhaustively evaluated set of hyperparameters.

• We present the first results on the effectiveness of meta-strategies for efficient hyper-
parameter tuning for auto-tuning, enabling application beyond exhaustive tuning, with
an average improvement of 204.7% on an extended set of hyperparameters tuned with
a meta-strategy.

All contributions are implemented in the open-source Kernel Tuner [165165] and Autotuning
Methodology frameworks (described in Chapter 33).

Given the possible confusion in terminology in distinguishing between auto-tuning
and hyperparameter tuning, we will use kernel configuration to refer to the specific set-
tings of a to-be-tuned computational kernel, and hyperparameter configuration for the spe-
cific settings of an optimization algorithm. The rest of this work is structured as follows.
Section 5.25.2 discusses related work, Section 5.35.3 describes our method and implementation,
Section 5.45.4 evaluates the diverse aspects of our method, and Section 5.55.5 concludes the
chapter.

5.2 Related Work
There are many different automated approaches to improving the performance of soft-
ware that are collectively referred to as auto-tuning. For a survey of different uses of
auto-tuning in high-performance computing, see Balaprakash et al. [99]. As stated in the
previous section, to the best of our knowledge, the application and impact of hyperpa-
rameter tuning in the context of auto-tuning is largely unstudied. As such, this section
reviews the support for optimization algorithms and the possibility of controlling their hy-
perparameters in the current state-of-the-art generic auto-tuners, and reviews a handful
of studies that include a preliminary evaluation of hyperparameters in auto-tuning.

Table 5.15.1 presents an overview of generic auto-tuning frameworks, the optimization
algorithms they implement, and their support for setting hyperparameters. As we can
see, many of these frameworks implement advanced search strategies, but few offer a
practical interface to configure hyperparameters without modifying the tuner itself. For
example, OpenTuner [33], KTT [4949], ATF [125125], PyATF [135135], and GPTune [9595] do not
support specifying the hyperparameters without source code modifications.

Falch and Elster have presented the AUMA [4747] auto-tuner to improve the perfor-
mance portability of OpenCL applications across various parallel architectures, including
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Table 5.1: Overview of auto-tuning frameworks, their open source status, supported optimization
algorithms, and support for configuring hyperparameters without modifying source code. SA =
Simulated Annealing. PSO = Particle Swarm Optimization.

Framework Open Source Active Optimization algorithms Hyperparameters

OpenTuner [33] 3 7 SA, PSO, Multi-armed
Bandit, Evolutionary
methods, Local Search

7

KTT [4949] 3 3 Markov Chain Monte
Carlo, Profile-based
search

7

ATF [125125] / PyATF [135135] 3 3 SA, Differential Evolution,
Multi-armed Bandit, Local
Search

7

GPTune [9595] 3 3 Bayesian Optimization 7

AUMA [4747] 3 7 K-Bagging Neural Net-
works

3(File-based)

BaCO [6868] 3 7 Bayesian Optimization,
Exhaustive

3(File-based)

ytopt [175175] 3 3 Bayesian Optimization 3(command line)
CLTune [114114] 3 7 SA, PSO, Neural Network 3(API-based)
Kernel Tuner [165165] 3 3 20+ global and local

optimization algorithms,
including Annealing,
Evolutionary, and Swarm-
based methods, and
Bayesian Optimization

3(API-based)

Intel CPUs and GPUs, as well as AMD and Nvidia GPUs. AUMA uses a machine-learning
approach to predict the subset of the search space that is likely to contain high-performant
code variants. Their method implements one hyperparameter called the threshold that
controls when to stop tuning. They evaluate their methods for four different thresholds,
showing that the optimal value strongly depends on the tuned application.

The BaCO [6868] auto-tuner supports setting the hyperparameters in a JSON file as part
of the specification of a tuning problem. However, BaCO is not evaluated or tested with
different hyperparameters in the accompanying paper [6868].

Nugteren and Codreanu [114114] implemented Simulated Annealing (SA), Particle Swarm
Optimization (PSO), as well as a neural network-based optimizer, in CLTune. CLTune
provides an API-based interface for controlling the hyperparameters, and the authors do
a very limited evaluation of hyperparameter sensitivity. They evaluate three different
values for the temperature hyperparameter of SA, as well as two different values for the
swarm size of PSO for auto-tuning a 2D convolution kernel on four GPUs. However, their
evaluation shows only minimal performance differences, with no optimization algorithm
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implemented in CLTune outperforming random search. The authors do note that ”the
evaluated search strategies are based on stochastic variables, we cannot draw conclusions
from this limited set of experiments”, which underlines the need for robust hyperparame-
ter tuning methods.

Kernel Tuner [165165] is the only actively developed open-source auto-tuner with an API
for controlling the hyperparameters. As such, we have chosen Kernel Tuner as the tuner
in which we implement our method.

The most closely related work is perhaps the survey of optimization algorithms for
auto-tuning by Schoonhoven et al. [134134], in which a limited hyperparameter tuning is con-
ducted to compare optimization algorithms for auto-tuning. They measure performance
by counting head-to-head wins between two algorithms on individual problems and select
hyperparameter tuning configurations by repeatedly combining configurations with the
most wins from individual problems. However, generalization is not addressed, and the
performance impact of hyperparameter tuning is not evaluated in their study.

5.3 Design and Implementation
In this work, we present a method for general hyperparameter tuning for auto-tuning; this
section provides an overview of its design and implementation. Section 5.3.15.3.1 provides an
introduction of the auto-tuning problem, leading into Section 5.3.25.3.2 which introduces the
proposed hyperparameter tuning method. Section 5.3.35.3.3 presents our simulation mode to
make hyperparameter tuning feasible. Section 5.3.45.3.4 presents our FAIR data set for bench-
marking auto-tuner performance, and Section 5.3.55.3.5 discusses the implementation.

5.3.1 The auto-tuning problem
Auto-tuning involves optimizing an application or kernel Ki on a target system G j for in-
put data Ik to maximize performance fG j ,Ik(Ki). The auto-tuner constructs a search space
X by considering all tunable parameters and their valid values, subject to user-defined
constraints, as described in Chapter 44. The objective is to determine the optimal configu-
ration, or more formally (assuming minimization) as follows:

x⋆ = arg min
x∈X

fG j ,Ik(Ki,x). (5.1)

The evaluation of each configuration takes time, as it needs to be compiled and exe-
cuted on the target system. Search spaces in auto-tuning are often large, discontinuous,
non-convex, and irregular. These characteristics make them infeasible to search by hand
and demand carefully chosen optimization algorithms. If the algorithm is not well adapted
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to the search space, the number of required evaluations becomes excessive, limiting the
practical usability of the auto-tuner.

5.3.2 Generalized Hyperparameter Tuning
Hyperparameter tuning adjusts the settings of an optimization algorithm to enhance its
efficiency across a domain of problems. Examples of hyperparameters include the pop-
ulation size in evolutionary algorithms, neighbor selection in local search methods, and
temperature schedules in annealing-based approaches. While auto-tuners typically opti-
mize performance-related parameters for a specific application on a specific target system,
our hyperparameter tuning approach aims for general optimized performance across mul-
tiple tuning problems.

In Chapter 33, we presented a community-driven methodology for evaluating optimiza-
tion algorithms in auto-tuning, which we extend to hyperparameter tuning. The method-
ology provides a systematic approach to comparing optimization algorithms across auto-
tuning search spaces. It defines a performance score that quantifies an optimization al-
gorithm’s performance over the passed time relative to a calculated baseline, typically
random search, to have consistent, objective-independent, transparent, and comparable
behavior across search spaces.

On an individual search space, this approach first defines a budget and performance
baseline adapted to the search space characteristics. The optimization algorithms to be
compared are then executed multiple times to account for noise, after which the difference
between the baseline and the average best performance of each optimization algorithm is
compared at fixed, equidistant time intervals relative to the budget. The result is a smooth
performance curve over time, instead of relying solely on final performance. By adapting
the budget and baseline to reliable search space characteristics, we can compare and aggre-
gate these performance curves across search spaces. We will thus use the mean of these
aggregated performance curves as a performance score P for general hyperparameter
tuning of an optimization algorithm, where a higher score is better overall performance.

More formally, for a given time sampling point t the performance Pt of an optimiza-
tion algorithm F can be computed:

P(F ,G j,Ki, Ik)t =
Sbaseline(t)−F (G j,Ki, Ik)t

Sbaseline(t)−Sopt
(5.2)

where S (G j,Ki, Ik) are the search space characteristics given a target system G j , kernel
Ki, and input data Ik. Here, Ft is the best objective value found so far by the optimiza-
tion algorithm, Sbaseline(t) is the performance of the baseline method, and Sopt is the
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known optimal value in the search space. This yields Pt = 0 when performance equals
the baseline and Pt = 1 when the optimum has been found.

To avoid distorting the metric with large variations in search space difficulty, evalua-
tions are limited to the time at which the baseline reaches a set cutoff percentile between
the median and the optimum - typically somewhere around 95% - referred to as the budget.
With this method, the performance curves are relative to the same baseline and optimum,
the cutoff provides a consistent reference point, and the sampling points are equidistant.
The performance curves can thus be meaningfully aggregated from different search spaces
by taking the mean score of all curves at each t , resulting in the aggregate performance
curve over all search spaces for the optimization algorithm. The aggregate performance
score is then obtained by averaging over the set of discrete time sampling points T , or
more formally:

P(F ,K,G, I) =
1
|T | ∑

t∈T

∑
Ki∈K

∑
G j∈G

∑
Ik∈I

P(F ,G j,Ki, Ik)t

|K||G||I|
(5.3)

The kernels K, target systems G, and inputs I are the collections of Ki, G j , and Ik of Eq. (5.15.1)
on which the hyperparameter tuning is conducted, also referred to as the training set.
This aggregate score enables robust comparison of optimization algorithms by capturing
both the quality of the configurations found as well as the time taken to do so. As such, a
difference when comparing two performance scores can indicate a difference in the quality
of configurations found, the time taken to do so, or a combination of both.

The hyperparameter tuning problem can thus be formalized:

h⋆ = arg max
h∈H

P(Fh,K,G, I) (5.4)

where H represents the hyperparameter space, and Fh is the optimization algorithm con-
figured with hyperparameters h.

5.3.3 Hyperparameter Tuning Feasibility
It must be noted that evaluating Eq. (5.45.4) requires that for each hyperparameter configura-
tion h in H , an auto-tuning experiment is run on each combination of the involved kernels,
target systems, and input datasets as seen in Eq. (5.35.3), leading to a combinatorial explo-
sion in computational cost. In addition, this requires that all systems used are available
for the full duration of the hyperparameter tuning. Moreover, many optimization algo-
rithms are stochastic, requiring repeated evaluations to ensure a reliable outcome of the
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hyperparameter tuning. These factors combined make executing such a hyperparameter
tuning prohibitively expensive and time-consuming.

To address this challenge, we introduce a simulation mode. Instead of running the re-
curring auto-tuning runs required for hyperparameter tuning directly on the hardware,
this simulation mode retrieves pre-collected performance data from a cache file, mim-
icking the behavior of real auto-tuning runs. For such a simulation mode to work, all
configurations in a search space must have been evaluated on the actual hardware (an
exhaustive or brute-force auto-tuning search). This might seem counterintuitive, as we
are optimizing algorithms to prevent such brute-force searches when auto-tuning in the
first place. To illustrate why this is sensible in this case, imagine tuning the hyperparam-
eters of a stochastic algorithm with 100 possible hyperparameter configurations for 1000
function evaluations, each run of the algorithm repeated 25 times due to stochasticity,
on 3 kernels across 3 target systems. In addition, assume each of the 9 resulting search
spaces has one million valid configurations, that each take one second to compile and exe-
cute. Brute-forcing each search space would take∼ 11.6 days, or∼ 104 compute days for
all 9 search spaces, although the individual search spaces can be brute-forced in parallel.
In contrast, hyperparameter tuning a single optimization algorithm in the same scenario
with live auto-tuning runs would take 260 compute days. And that is just for a single op-
timization algorithm; as seen in Table 5.15.1, most auto-tuning frameworks provide multiple
optimization algorithms.

The simulation mode approach provides several important advantages. First, it sub-
stantially improves efficiency: after the high one-off cost of brute-forcing, the threshold
of comparison to and hyperparameter tuning of additional optimization algorithms is sub-
stantially lower; due to the discrete nature of the search spaces combined with how the
budget works (Section 5.3.25.3.2) and multiple repeats required for stochastic optimization al-
gorithms, configurations are likely to be revisited. In addition, it mitigates measurement
noise: the simulation mode ensures every auto-tuning execution is reproducible, prevent-
ing additional noise in the process. Finally, it reduces energy use and resource contention:
once the full search space is evaluated, hyperparameter tuning can be performed with-
out costly compilation and execution on the target system, and without occupying those
resources during the hyperparameter tuning.

To ensure the simulation mode is representative of real-world auto-tuning perfor-
mance, we collect execution data across a diverse set of tuning problems and hardware.
This data serves as a foundation for evaluating hyperparameter tuning strategies with-
out the need for real-time benchmarking, enabling rapid experimentation and algorithm
comparison and reducing cost and energy consumption. In addition, making this publicly
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Table 5.2: Brute-force execution times in hours for each search space.

Application A100 A4000 A6000 MI250X W6600 W7800
Dedispersion 10.2 19.9 12.2 19 21.4 10.4
Convolution 3.4 3.5 3.5 2.9 4.5 2
Hotspot 100.9 32.9 25.5 51 73.1 50.3
GEMM 44.7 58.4 40 61.2 250.6 60.9

available provides and promotes a reproducible record that can be used and contributed
to by the community.

5.3.4 FAIR benchmark data for Hyperparameter Tuning
To enable reproducible and scalable hyperparameter tuning of optimization algorithms
for GPU auto-tuning in particular, we have developed and curated a dataset of fully brute-
forced search spaces across a diverse set of kernels and GPU architectures. This dataset,
referred to as the Benchmark Hub for Auto-Tuning, serves as a community resource to fa-
cilitate benchmarking and collaborative research. It consists of 24 exhaustively evaluated
search spaces, formed by the Cartesian product of four real-world GPU kernels across six
GPUs. Each kernel configuration in these search spaces has been executed 32 times to
mitigate measurement noise, with both the average and raw values present in the data.

The four applications are the dedispersion, convolution, hotspot, and GEMM kernels as
described by [9999], widely used in astronomy, image processing, material science, and lin-
ear algebra, respectively. Dedispersion is a signal-processing kernel that reconstructs ra-
dio signals distorted by interstellar dispersion by applying a range of dispersion measures
to time-domain samples across multiple frequency channels. The 2D convolution stencil
kernel performs image filtering by computing weighted sums over image regions. Hotspot
is a thermal simulation stencil kernel that estimates processor temperature by iteratively
solving differential equations based on simulated power and initial temperature inputs,
producing a temperature grid as output. GEMM (General Matrix-Matrix Multiplication)
is a linear algebra operation implemented in CLBlast that computes C = αA ·B+βC for
large dense matrices. These applications also bring diversity in their performance charac-
teristics; e.g., dedispersion and hotspot are generally bandwidth-bound, convolution and
GEMM are generally compute-bound.

The six GPUs are an AMD MI250X of the LUMI supercomputer, and an AMD W6600,
AMD W7800, Nvidia A6000, Nvidia A4000, and Nvidia A100 of the DAS-6 supercom-
puter [88]. The time taken to execute the exhaustive brute-force search for each search
space is listed in Table 5.25.2, for a total of just over 962 hours to compute the entire dataset.
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In alignmentwith the vision outlined in FAIR sharing of data in autotuning research [7575],
our dataset adheres to the FAIR principles:

• Findable: All benchmark data and associated scripts are publicly available through
Zenodo¹¹ and a dedicated GitHub repository²², with clear structure, documentation,
and Digital Object Identifiers (DOIs) for unique versions.

• Accessible: The data is open access, licensed for reuse, and includes versioned ker-
nel code, configuration files, and benchmark results.

• Interoperable: Input data is stored in the T1 format, while output data follows the
T4 format, as stipulated in [7575]. These standardized JSON-based formats are com-
patible with various auto-tuning frameworks such as KTT [4949], Kernel Tuner [165165],
as well as the Autotuning Methodology software package.

• Reusable: The dataset is directly usable in simulation mode, enabling evaluation of
optimization strategies and hyperparameter tuning without requiring access to the
original target systems. Integration and utility scripts are provided to facilitate reuse
and extension.

The repository is structured to support contributions: new kernels or brute-forced
search spaces on additional GPUs can be submitted by the community. Each kernel di-
rectory includes the original source code, T1 input description, and tuning script. Cor-
responding output data is provided per GPU in both the original tuner’s format and the
interoperable T4 format. To optimize storage and portability, output files are compressed
and decompressed automatically.

This FAIR-compliant dataset empowers scalable experimentation, enables generaliza-
tion across a diverse range of applications and GPUs, reduces resource usage, encourages
collaboration, and lowers the barrier to entry for reproducible research in auto-tuning.

5.3.5 Integration with Kernel Tuner
To demonstrate the real-world impact of our proposed method, we implement it in an
actively developed open-source auto-tuning framework. Kernel Tuner is a Python-based
auto-tuner designed to optimize GPU kernels for various objectives, such as execution
time and energy efficiency [165165]. It supports CUDA, HIP [9999], OpenCL, and OpenACC for
both C and Fortran, making it a versatile tool for GPU developers. With over 20 optimiza-
tion algorithms, Kernel Tuner provides flexibility in searching large optimization spaces

¹https://doi.org/10.5281/zenodo.15364124https://doi.org/10.5281/zenodo.15364124
²https://github.com/AutoTuningAssociation/benchmark_hubhttps://github.com/AutoTuningAssociation/benchmark_hub

https://doi.org/10.5281/zenodo.15364124
https://github.com/AutoTuningAssociation/benchmark_hub
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efficiently [134134]. The wide variety of implemented optimization algorithms and provided
interface for setting hyperparameter configurations make Kernel Tuner an appropriate
candidate for implementing our hyperparameter tuning method.

Figure 5.1: The hyperparameter tuning pipeline for auto-tuning. Kernel Tuner’s hyperparameter
tuning functionality (the outermost layer) calls the autotuning methodology software to get an ag-
gregate performance score, which is obtained by running the optimization algorithm on various
search spaces.

An abstract visualization of our hyperparameter tuning pipeline is shown in Fig. 5.15.1.
The hyperparameter tuning we implemented in Kernel Tuner uses the autotuning method-
ology software package of Chapter 33 to request the performance score P of Eq. (5.35.3) for
an optimization algorithmwith a selected hyperparameter configuration across the search
spaces selected for training. The autotuning methodology package in turn uses our new
simulation mode to run the optimization algorithm with the hyperparameter configura-
tion on each of the search spaces. This process is repeated until the set tuning budget is
spent or all hyperparameter configurations have been evaluated.

We implemented the simulation mode by extending Kernel Tuner’s existing check-
pointing mechanism. Each segment in the process of evaluating an auto-tuning config-
uration is registered, such as the time spent by the optimization algorithm, compilation,
execution, and framework overhead, providing a trace of an auto-tuning run that can be
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replayed. For each auto-tuning configuration evaluated, Fig. 5.15.1 illustrates how the simu-
lation mode integrates with Kernel Tuner’s architecture. A dedicated simulation runner
serves cached performance data, ensuring that the simulated execution accurately reflects
real-world tuning times. Additionally, we modify the stopping criteria of optimization al-
gorithms to account for simulated time, ensuring fair comparisons across different tuning
strategies. During simulation mode, the optimization algorithm selects a configuration,
upon which the trace recorded earlier is replayed to get the result and update the tuning
budget as if it had been executed. From the point of view of the optimization algorithm,
there is no perceivable difference between live tuning and the simulation mode. The sim-
ulation mode is integrated into Kernel Tuner’s workflow, benefiting users by allowing
switching between live and simulated tuning runs. By enabling efficient and repeatable
evaluation of optimization algorithms, the simulation mode makes large-scale hyperpa-
rameter tuning feasible without excessive resource consumption.

To efficiently explore hyperparameter configurations, we also extended Kernel Tuner
to support using its optimization algorithms as meta-strategies for hyperparameter tuning.
This enables more informed searches for hyperparameter tuning configurations compared
to exhaustive search, and should allow near-optimal hyperparameter configurations to be
found more efficiently.

5.4 Evaluation
In this section, we evaluate the advancements presented in Section 5.35.3 to determine the effi-
cacy and efficiency of our hyperparameter tuningmethod for auto-tuning. Section 5.4.15.4.1 de-
tails the experimental setup. In Section 5.4.25.4.2, we discuss the efficacy of our method. In Sec-
tion 5.4.35.4.3, we evaluate the performance of meta-strategies to optimize and expand the hy-
perparameter tuning. We then evaluate extensive non-exhaustive tuning in Section 5.4.45.4.4.
Finally, we evaluate the feasibility and efficiency of our approach in Section 5.4.55.4.5.

5.4.1 Experimental Setup
To obtain a diverse set of real-world cases for evaluation, we use the four applications
auto-tuned on six GPUs as described in Section 5.3.45.3.4, resulting in 24 unique search spaces.
Each application has been fully brute-force auto-tuned on each GPU system as described
in Section 5.3.45.3.4, while all evaluations are performed on the DAS-6 supercomputerDAS-6 supercomputer [88]. The
nodes in DAS-6 have a 24-core AMD EPYC-2 7402P CPU, 128 GB of RAM, and are running
Rocky Linux 8 with Linux kernel version 4.18. The Python version used is 3.11.7, and
Kernel Tuner at 1.3.0Kernel Tuner at 1.3.0. For a fair evaluation, the hyperparameter tuning is conducted on
a training set of twelve search spaces resulting from the four applications on the AMD

https://www.cs.vu.nl/das/clusters.shtml
https://github.com/KernelTuner/kernel_tuner/releases
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Table 5.3: Hyperparameter values for the optimization algorithms. Optimal values are in bold, those
closest to mean in italics.

Algorithm Hyperparameter Values
Dual Annealing method {COBYLA, L-BFGS-B, SLSQP, CG, Powell,

Nelder-Mead, BFGS, trust-constr}

Genetic Algorithm

method {single_point, two_point, uniform, disrup-
tive_uniform}

popsize {10, 20, 30}
maxiter {50, 100, 150}

mutation_chance {5, 10, 20}

Particle Swarm
Optimization (PSO)

popsize {10, 20, 30}
maxiter {50, 100, 150}

c1 {1.0, 2.0, 3.0}
c2 {0.5, 1.0, 1.5}

Simulated Annealing

T {0.5, 1.0, 1.5}
T_min {0.0001, 0.001, 0.01}
alpha {0.9925, 0.995, 0.9975}

maxiter {1, 2, 3}

MI250X, Nvidia A100, and Nvidia A4000, and the test set consists of twelve search spaces
resulting from the four applications on the AMD W6600, AMD W7800, and Nvidia A6000.
These combinations of applications and devices result in a highly diverse set of search
spaces as seen in [9999].

While Kernel Tuner provides a plethora of optimization algorithms as seen in Table 5.15.1,
due to space constraints, we select the four optimization algorithms shown in Table 5.35.3
to represent the diverse range of global optimization algorithms and hyperparameters
available. Simulated Annealing explores the search space by probabilistically accepting
worse solutions to escape local optima, gradually reducing this randomness over time.
Dual Annealing combines elements of simulated annealing with local search. Genetic Al-
gorithm evolves solutions over generations using selection, crossover, and mutation op-
erators. Particle swarm optimization (PSO) navigates optimization landscapes through
information sharing among candidate solutions. A sensitivity test of the hyperparameters
using the non-parametric Kruskal-Wallis test and mutual information scoring revealed
that the W hyperparameter of PSO had no meaningful effect on the score, and as such is
left out. While several of the hyperparameters used in Table 5.35.3 are numerical and thus
have a much larger set of possible values, we limit the values to those shown in order to
conduct an exhaustive search of all possible combinations. This allows for determining
the potential performance impact of hyperparameter tuning and enables a fair evaluation
of meta-strategies on this exhaustive data. Each combination of hyperparameter values
shown in Table 5.35.3 is run 25 times on each of the 12 search spaces to obtain a robust perfor-
mance score. This means that tuning the hyperparameters of e.g. Genetic Algorithm as in
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Figure 5.2: Violin plots of the performance scores (higher is better) for all hyperparameter configura-
tions of the evaluated optimization algorithms, showing the mean (white line), boxplot (black box),
and distribution (area).

Table 5.35.3 requires running the algorithm 32400 times. The allocated budget for each run is
equivalent to the time it takes the baseline to reach 95% of the distance between the search
space median and optimum, as discussed in Section 5.3.25.3.2. In the following performance
comparisons, each instance is re-executed with 100 repeats to mitigate stochasticity.

5.4.2 Hyperparameter Tuning Efficacy

First, we discuss the results regarding the impact and generalization of our hyperparame-
ter tuning method.

Figure 5.25.2 depicts the distribution of hyperparameter configuration performance scores
for each optimization algorithm. With these scores, which will be used throughout this
evaluation, an algorithm with a score of 0 performs as well as the baseline, a negative in-
dicates worse performance than the baseline, and a score of 1 indicates that the optimum
is consistently found immediately - the ultimate goal of any optimization algorithm. For
more information on the performance scores, see Section 5.3.25.3.2. The violin plots in Fig. 5.25.2
depict large differences in scores between the various hyperparameter configurations of
each optimization algorithm. In addition, it shows the difference in sensitivity to hyperpa-
rameter tuning between optimization algorithms; e.g. PSO is substantially more sensitive
than simulated annealing. An average difference in performance score of 0.865 between
the best and worst hyperparameter configurations highlights the substantial performance
improvement potentially gained.
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Figure 5.3: Best and worst scores on tuning, training (re-executed for comparison), and test for
evaluated optimization algorithms.

We validate this by examining the overall performance and generalization of the hy-
perparameter tuning across the search spaces. Figure 5.35.3 shows that the performance
scores of the best- and worst-performing hyperparameter configurations obtained in tun-
ing, which were executed 25 times during tuning, remain largely stable when re-executed
with 100 repeats on the same training data. Most importantly, the best configuration
performance is also comparable on the test set of search spaces not tuned on, indicating
excellent generalization performance.

To further verify the generalization performance, we can compare the performance
on the 24 individual search spaces. In Fig. 5.45.4, visual inspection of both the suboptimal
(worst performing, left column) and optimal (best performing, right column) versions of
each optimization algorithm reveals that each of the optimal versions improves upon their
counterpart in general, instead of over-optimizing on a limited number of search spaces to
boost the score. Interestingly, all optimization algorithms, except for the optimal versions
of genetic algorithm and simulated annealing, struggle with the hotspot application search
spaces. Most importantly, it can be seen that for the vast majority of search spaces in both
the training (upper half of each plot) and test sets (lower half of each plot), the performance
is substantially improved.

Finally, we compare the optimal hyperparameter configuration to the most average-
performing hyperparameter configuration (i.e., closest to the mean score in Fig. 5.25.2) to
gauge the average impact of hyperparameter tuning. Figure 5.55.5 compares these optimal
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(a)Dual Annealing suboptimal (b)Dual Annealing optimal

(c)Genetic Algorithm suboptimal (d)Genetic Algorithm optimal

(e) PSO suboptimal (f) PSO optimal

(g) Simulated Annealing suboptimal (h) Simulated Annealing optimal

Figure 5.4: Impact of tuning on optimization algorithm performance; left-hand and right-hand
columns show the performance on all search spaces for suboptimal and optimal optimization al-
gorithm versions, respectively.
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Figure 5.5: Aggregate performance over time between optimization algorithms with mean and opti-
mal hyperparameters across all search spaces.

and average configurations of each optimization algorithm over time across all the search
spaces, showing that the optimal optimization algorithms outperform their average coun-
terparts by a wide margin. Quantifying this difference with the performance score, Dual
Annealing is improved by 0.170, Genetic Algorithm by 0.192, PSO by 0.473, and Simulated
Annealing by 0.149, for an average improvement of 94.8% over the average hyperparame-
ter configuration.

5.4.3 Meta-strategies for Hyperparameter Tuning
With the efficacy of hyperparameter tuning established, we evaluate the usage of meta-
strategies to efficiently explore a more expansive hyperparameter search space as opposed
to exhaustive hyperparameter tuning.

By running variousmeta-strategies on the exhaustively evaluated hyperparameter tun-
ing spaces for each of the algorithms and applying the performance scoring once more,
we can investigate whether hyperparameter configurations in auto-tuning can be effec-
tively optimized with optimization algorithms themselves. These meta-strategies can be
the same optimization strategies that are already included with Kernel Tuner; for simplic-
ity, we will reuse the optimization algorithms tuned earlier as meta-strategies. Figure 5.65.6
depicts the results, with all optimization algorithms performing very well after an initial
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Figure 5.6: Aggregate performance over time for various meta-strategies on the hyperparameter
tuning search spaces, 100 repeated runs each.

Table 5.4: Extended hyperparameter values for the optimization algorithms. Optimal values are in
bold.

Algorithm Hyperparameter Values

Genetic Algorithm

method {single_point, two_point, uniform, disrup-
tive_uniform}

popsize { 2, 4, 6, . . . ,26, . . . , 50 }
maxiter { 10, 20, 30, . . . ,150, . . . , 200}

mutation_chance { 5, 10, 15, . . . , 100 }

Particle Swarm
Optimization (PSO)

popsize { 2, 4, 6, . . . , 50 }
maxiter { 10, 20, 30, . . . , 190, 200 }

c1 { 1.0, 1.25, 1.5, . . . , 3.5 }
c2 { 0.5, 0.75, 1.0, . . . , 2.0 }

Simulated Annealing

T { 0.1, 0.2, 0.3, . . . , 2.0 }
T_min { 0.0001, 0.0011, . . . , 0.1 }
alpha {0.9925, 0.995, 0.9975}

maxiter { 1, 2, 3, . . . , 10 }

startup cost, with an average performance score of 0.223. These findings demonstrate
the substantial increase in efficiency of using a meta-strategy over random or exhaustive
search, which allowsmuch wider ranges of hyperparameter values to be tuned with a high
probability that a near-optimal hyperparameter configuration is found.

5.4.4 Extended Hyperparameter Tuning
Having established that hyperparameter tuning auto-tuning optimization algorithms gen-
eralizes well and is effective, and meta-strategies are efficient at finding near-optimal hy-
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(a)Genetic Algorithm average (b)Genetic Algorithm optimal

(c) PSO average (d) PSO optimal

(e) Simulated Annealing average (f) Simulated Annealing optimal

Figure 5.7: Impact of extended tuning on optimization algorithm performance; left-hand and right-
hand columns show the performance on all search spaces for average and optimal optimization
algorithm versions, respectively.
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Figure 5.8: Aggregate performance over time between optimization algorithms with mean and opti-
mal (limited and extended) hyperparameters across all search spaces.

perparameter configurations, we perform a final extensive, non-exhaustive hyperparame-
ter tuning on the optimization algorithms with numerical hyperparameters exposed for a
more realistic approach to hyperparameter tuning. This extensive hyperparameter tuning
is ran on each optimization algorithm for 7 days using Dual Annealing as a meta-strategy.
The hyperparameter values are shown in Table 5.45.4.

We can compare the optimal hyperparameter configuration of this extended tuning
to the most average-performing hyperparameter configuration of Section 5.4.25.4.2 to gauge
the average impact of a realistic hyperparameter tuning scenario. The improvements be-
tween the average configuration of the limited tuning and the optimal configuration of the
extended tuning, seen for each search space in Fig. 5.75.7, indicate that the hyperparameter
tuning enhances overall performance (on both train and test), like before in Fig. 5.45.4. Fig-
ure 5.85.8 compares the optimal and average configurations of each optimization algorithm
over time across all the search spaces, showing that after the optimization algorithms with
extended tuning outperform their exhaustive counterparts by an even wider margin than
previously with the limited exhaustive hyperparameter tuning. Quantifying this differ-
ence with the performance score, Genetic Algorithm is improved by 0.195, PSO by 1.002,
and Simulated Annealing by 0.366, for an overall average improvement of 204.7% over the
average limited hyperparameter configuration, and 210.8% on the test set of search spaces.
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Figure 5.9: Tuning time comparison between live and simulation mode.

5.4.5 Feasibility with Simulation Mode
Finally, to evaluate the efficiency of our approach, we compare live tuning and using the
simulation mode as shown in Fig. 5.95.9, where lower is better. We calculate the time live
tuning would have taken by taking the 95% time budget of Section 5.4.15.4.1 for each search
space in seconds, multiplied by the number of hyperparameter configurations for each al-
gorithm and the number of repeats (25 as per Section 5.4.15.4.1). With our method, exhaustive
hyperparameter tuning of the limited set of Table 5.35.3 took approximately 4.5 hours for
the optimization algorithm with the least hyperparameter configurations (Dual Anneal-
ing) and 81 hours for the optimization algorithm with the most hyperparameter config-
urations (Genetic Algorithm). While this requires the upfront cost of brute-forcing each
search space, this is a one-off cost and allows the hyperparameter tuning of multiple opti-
mization algorithms in parallel. In contrast, without the simulation mode, the exhaustive
hyperparameter tuning would take approximately 642 hours (nearly a month) for the opti-
mization algorithmwith the least hyperparameter configurations and 8672 hours (nearly a
year) for the optimization algorithm with the most hyperparameter configurations. In to-
tal, live-tuning the four optimization algorithms of this evaluation would take 22323 hours
(nearly three years), whereas it took 172 sequential hours using the simulation mode, a
130x speedup.

5.5 Conclusion
In this work, we have introduced a novel approach to hyperparameter tuning for opti-
mization algorithms used in auto-tuning, a hitherto often overlooked domain. As proces-
sor architectures and applications continue to grow in complexity, efficient auto-tuning is
crucial to fully leverage the computational power of modern architectures, which in turn
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depends on optimization algorithm performance. Our method addresses the challenges
of hyperparameter optimization in this domain by building upon our statistically robust
methodology for comparing optimization algorithms, introducing a simulation mode to
make hyperparameter tuning feasible, and promoting the use of reproducible and share-
able benchmark resources.

In this first evaluation of hyperparameter tuning for auto-tuning, the results show
that our approach substantially improves the efficiency of the optimization algorithms in
finding near-optimal configurations in auto-tuning search spaces and that these improve-
ments hold on search spaces not trained on. By systematically tuning a limited set of hy-
perparameters for these algorithms with a robust performance score, we improved their
overall performance by 94.8% on average, and extensive tuning extended this to an average
improvement of 204.7%. Our simulation mode reduces the computational cost of hyperpa-
rameter tuning by two orders of magnitude, making large-scale experiments feasible and
preventing the need for constant access to hardware and excessive resource usage. We
show that the hyperparameters can be optimized efficiently using meta-strategies, allow-
ing vast hyperparameter spaces to be tuned efficiently. The FAIR dataset of auto-tuning
data provided in conjunction with this work lowers barriers to entry in auto-tuning re-
search, as well as energy consumption and resource costs. Based on the evaluation, we
conclude that our method for hyperparameter tuning of auto-tuning optimization algo-
rithms has a substantial effect on the performance, even on a limited set of hyperparame-
ters, and generalizes well beyond the training data. By addressing the efficacy, efficiency,
and reproducibility challenges in hyperparameter tuning, this work contributes to the
advancement of auto-tuning, enabling more efficient utilization of modern processors in
scientific and industrial applications.

While our approach achieves substantial performance improvements across multiple
real-world applications and architectures, the reliance on exhaustively explored search
spaces to ensure statistical robustness may limit applicability in cases where such data is
unattainable. Future work will explore methods for extending this approach to partially
explored or dynamically generated search spaces.

The implementation and optimized hyperparameters in this work are included and set
as defaults in Kernel Tuner.


