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Abstract
The rise of heterogeneous computing systems has intensified the

need for performance-portable programming models and effective

autotuning methodologies. Although compiler and runtime tuning

are known to significantly influence application performance, it

remains unclear how such optimizations transfer across different

hardware architectures, particularly within single-source models

such as SYCL. This work investigates the transferability of compile-

time and runtime autotuning decisions across CPUs and GPUs,

focusing on AdaptiveCpp, a SYCL implementation built on LLVM.

We introduce an automated framework that jointly explores com-

piler flags and runtime parameters using both Bayesian optimiza-

tion and a tabu-search–based strategy. The tool orchestrates compi-

lation, execution, and measurement while also providing statistical

attribution via ridge regression to quantify the impact of individual

tuning parameters. Through an extensive evaluation of CPUs and

GPUs from multiple vendors, we demonstrate that autotuning can

deliver substantial performance gains—up to 3× on CPUs—yet the

influence of specific compiler flags often diverges across different

architectures. For example, flags such as -fno-builtin yield large

improvements on CPUs but have negligible effect on GPUs. We also

demonstrate that runtime-level choices, such as thread-placement

policies, can significantly affect performance on CPUs.

Our findings highlight the challenges and opportunities of auto-

tuning in heterogeneous, single-source programming ecosystems.

They also underline the importance of architecture-aware auto-

tuning strategies and motivate further exploration of cross-device

performance modeling.

CCS Concepts
• Computer systems organization→Heterogeneous systems;
• Computing methodologies→ Parallel programming languages;
Search algorithms; • General and reference→ Performance.
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1 Introduction
In modern computing systems, the growing heterogeneity of hard-

ware platforms has driven the development and adoption of di-

verse parallel programming models. These models aim to address

the challenges associated with performance portability, software

engineering, and code optimization. Prominent examples include

SYCL [17], OpenCL [18], OpenACC [24], Kokkos [11], and RAJA [6],

among others. Although each programming model offers distinct

advantages, the performance of even highly optimized applications

remains sensitive to a variety of factors. These include compiler

optimization flags, the choice of backend used for kernel offloading

to CPUs or GPUs, and runtime execution parameters. Consequently,

achieving optimal performance requires careful tuning across the

compilation, offloading, and execution stages.

While it is well understood that compiler flag auto-tuning can

significantly affect application performance [5], it remains unclear

how these auto-tuned parameters translate across heterogeneous

hardware platforms. Consider AdaptiveCpp [4], a SYCL implemen-

tation built on the LLVM Clang compiler. When SYCL code is com-

piled, the frontend generates LLVM Intermediate Representation

(LLVM-IR). At runtime, this intermediate representation is further

lowered depending on the target hardware: for example, to CPU

assembly code when executed on a CPU, or to NVIDIA PTX and

subsequently GPU machine code when executed on an NVIDIA

GPU. This workflow is presented in Figure 1. In practice, SYCL

developers often distribute executables that embed this interme-

diate representation, enabling end users to perform runtime-level

autotuning on their target hardware. However, this also means that

opportunities for compile-time tuning are no longer available to

the user once the binary has been generated.
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Figure 1: AdaptiveCpp flow with explicit Compilation vs.
Runtime regions and CPU/GPU target paths.

This workflow raises two central questions. First, when a par-

ticular set of compiler flags is identified—via autotuning—as sig-

nificantly influencing performance for a given benchmark on a

specific CPU, does that influence persist when the same code is

executed on a GPU? In other words, to what extent do compile-time

optimizations transfer across heterogeneous architectures within

a single-source programming model such as SYCL? Second, how
does the choice of runtime backend affect overall performance?

Even when targeting only CPUs, developers can select among mul-

tiple runtimes, each exposing different scheduling, threading, and

memory-management behaviors that may lead to substantially dif-

ferent performance outcomes.

Previous work in the area of auto-tuning for optimization has

primarily focused on traditional programming models (eg, C/C++,

OpenMP) [5, 9, 25, 26] and has largely overlooked the character-

istics of portable programming paradigms. These models—such

as SYCL—utilize features, such as single-source programming,

just-in-time (JIT) compilation, and multi-stage compilation

pipelines, which fundamentally influence performance tuning

and optimization strategies. Moreover, existing studies [5, 26]

typically target optimization for a single platform and a single

compiler toolchain. While valuable, such efforts do not address a

critical question: how does the autotuning landscape change when

a single compiler is responsible for generating code across multiple

heterogeneous platforms?

Previous autotuning efforts commonly rely on search paradigms

such as Bayesian optimization or genetic algorithms [19, 20, 26].

While these methods are effective at finding high-quality config-

urations for a chosen objective, they offer limited transparency

regarding why specific parameters appear in the final configuration.

In contrast, this work introduces a meta-heuristic approach—Tabu
Search—whose iterative, neighborhood-based exploration naturally

improves post-hoc interpretability by making the contribution of

individual compiler and runtime parameters easier to trace.

In this work, we introduce an automated tuning framework that

explores the search space of compiler and runtime parameters, both

jointly and independently. Our approach employs a Python-based

tool that parses a JSON configuration file to automate code com-

pilation, execution, performance measurement, and search-space

exploration.We evaluate established optimization techniques—such

as Bayesian optimization—as baselines and compare them against

a Tabu-search–based method adapted for this study. The autotun-

ing workflow is evaluated across both CPU and GPU architectures.

Additionally, we leverage statistical analysis techniques, including

ridge regression, to quantify the influence of individual compiler

flags on benchmark performance for the Bayesian search algorithm.

Our experiments reveal the following trends. Bayesian TPE

(Tree-Structured Parzen Estimator) delivers the most reliable per-

formance gains, avoiding the severe regressions frequently trig-

gered by Tabu Search, which is useful only for aggressive, non-

production exploration. A small subset of compiler flags dominates

behavior: -ffast-math and -funsafe-math-optimizations con-

sistently improve performance, while -fno-builtin enables wider
vectorization on AMD Genoa, yielding up to 3× speedups. In con-

trast, flags such as -fno-unroll-loops and loop-disabling LLVM

passes often produce large slowdowns, especially on GPUs. Run-

time choices further shape performance outcomes: the OpenMP

backend typically outperforms OpenCL by as much as 8.9×—except
on strongly memory-bound kernels, and poor thread placement

(e.g., over NUMA domains) can degrade performance by an order of

magnitude. Favorable settings include compact thread binding, dy-

namic scheduling for irregular workloads, and active wait policies.

The main contributions of this paper are as follows:

• We adapt a meta-heuristic search algorithm to the compile-

time and runtime autotuning problem, improving the ex-

plainability of the tuning process by revealing how specific

compiler flags and runtime settings influence performance.

• We conduct a detailed experimental study to examine how

auto-tuned parameters vary across CPU and GPU architec-

tures, encompassing devices from multiple hardware ven-

dors.

• We employ advanced statistical analysis methods to identify

and quantify the impact of individual configuration parame-

ters on benchmark performance.

Section 2 delves into the design of our auto-tuning setup. Sec-

tion 3 describes the experimental configuration and the benchmark

suite underpinning our evaluation, while Section 4 reports quantita-

tive results. Section 5 surveys related auto-tuning systems. Finally,

Section 6 summarizes our findings.

2 Methodology
To navigate the large design space induced by compiler flags and

runtime environment variables, we introduce SCOuT, a Python-
based framework for objective-driven design-space exploration

(DSE). SCOuT automates compilation, execution, and performance

measurement within a closed-loop workflow that guides search al-

gorithms toward high-performing parameter configurations while

continuously exploring new candidates. This section describes the

search algorithms employed and implemented in this work, as well

as the overall control flow of the tool.
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2.1 Search Algorithims
Autotuning frameworks rely heavily on the choice of search al-

gorithm—ranging from established approaches such as Bayesian

optimization to more specialized methods like particle swarm opti-

mization. Fundamentally, these algorithms aim to optimize a chosen

objective (e.g., application runtime, energy consumption, or binary

size). However, the parameter spaces that influence these objectives

are often large, nonlinear, and highly irregular, making exhaus-

tive exploration impractical. Consequently, effective autotuning

requires guided search strategies that can efficiently identify high-

performing configurations without enumerating the entire design

space.

In this work, we focus on two such strategies: the Bayesian Tree-

Structured Parzen Estimator [30] (TPE) and Tabu Search [13]. We

explain how these two search algorithms are incorporated into our

search of the parameter space.

2.1.1 Bayesian Tree-Structured Parzen Estimator (TPE). We em-

ploy the Python-based library Optuna [3] to perform Bayesian

Tree-Structured Parzen Estimator (TPE) optimization. In our work-

flow, Optuna is supplied with the compiler flags and environment

variables to be explored. Based on this configuration and the user-

defined objective (e.g., minimizing runtime or energy), Optuna

conducts a search to identify high-performing or low-performing

configurations.

Search Procedure. The Bayesian TPE search within Optuna oper-

ates as follows:

(1) Trial specification: The user specifies the number of trials

to be executed.

(2) Configuration sampling: For each trial, the TPE sampler

selects a combination of compiler flags and environment

variables from the declared search space.

(3) Evaluation: Our tool builds and executes the benchmark us-

ing the sampled configuration, collecting the metric specified

for optimization.

(4) Guided refinement: Based on outcomes from previous tri-

als, Optuna updates its model and proposes new configura-

tions for subsequent trials.

Bayesian Model. These models distinguish between promising
and non-promising regions and guide the search toward areas likely

to yield better objective values, thereby improving efficiency com-

pared to random or exhaustive exploration.

2.1.2 Tabu Search. This algorithm is a meta-heuristic,

neighborhood-based optimization method that iteratively

improves a candidate solution by exploring its local neighborhood

while avoiding cycles through the use of a tabu list. In our frame-

work, Tabu Search offers an interpretable, iterative mechanism for

exploring compiler flags and environment variable combinations.

Figure 2 presents the visual representation of tabu search.

Implementation in Our Work. We implement Tabu Search in

SCOuT as follows:

(1) Initialization: The search begins from a base configuration

(e.g., -O3). In iteration 1, we generate the neighborhood of

cfg0
(current)

cfg1

cfg2cfg3

cfg4

cfg5 cfg6

cfg7
(next best)

cfg8

cfg9

candidate configuration

current / next best

tabu configuration

Figure 2: Eachnode represents a configuration (compiler flags
and runtime environment variables). From the current best
configuration (cfg0), the algorithmexplores its neighborhood,
selects a new best configuration (cfg7), and avoids revisiting
configurations marked as tabu (cfg8, cfg9).

this base configuration. The number of flags in each config-

uration grows with the iteration count.

(2) Neighborhood size: The user specifies the neighborhood
size, which determines how many candidate configurations

are generated per iteration.

(3) Evaluation: For each candidate configuration in the neigh-

borhood, our tool builds and executes the benchmark and

records the objective metric.

(4) Selection: The best-performing configuration in the neigh-

borhood becomes the starting point for the next iteration.

This process repeats until convergence, defined as observing no

meaningful improvement in the best configuration across succes-

sive iterations.

Tabu Tenure. To prevent cycling, previously visited configura-

tions are stored in a tabu list. A configuration remains “tabu” for a

fixed number of iterations, known as the tabu tenure. During this
period, the algorithm is prohibited from revisiting that configura-

tion unless an aspiration criterion is met (e.g., it yields a globally

best solution).

Table 1 presents the differences between Tabu and Bayesian TPE
across the various aspects.
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Figure 3: End-to-end workflow of SCOuT.

Table 1: Comparison of Bayesian TPE and Tabu Search in our
work.

Aspect TPE Tabu

Search type Global Local

Sampling Probabilistic Neighborhood

User input Trials

Base config.

Neighborhood sizes

Max. iterations

Config. generation Random draws Neighbor sets

Evaluation Per trial Per neighborhood

Update mechanism Bayesian model Tabu list

Stopping rule Trials No improvement

Strength Broad search Interpretable steps

2.2 SCOuT Overview
Figure 3 illustrates the end-to-end workflow of SCOuT, which
consists of configuration, parameter generation, building, measure-

ment, and evaluation.

2.2.1 Configuration. SCOuT is driven by a single JSON specifica-
tion that declares the project path, the chosen search algorithm

and study, the compiler/runtime parameters to explore, and the

backend tool used to collect metrics.

2.2.2 Search Algorithm. Python-based search algorithms are in-

stantiated through the Optuna [3] sampler interface. Optuna sup-

ports samplers, including TPE, NSGA-III, CMA-ES, and a random

sampler. The tabu search implemented by the authors can be se-

lected by changing the study key to tabu.

Listing 1: Sampler selection in JSON

{ "search": { "study" : "optuna",

"sampler": "tpe | nsga3 | cmaes | rs" } }

2.2.3 Parameter Generation. For each trial, SCOuT constructs a

build command from the parameter space defined in the configura-

tion file. The space includes:

• Mutually exclusive compiler flags
• Optional flag pool (subset selected per trial)

• Parametric flags drawn from user-provided value lists

• Environment variables influencing runtime behavior

Example specification is provided in Listing 2

Listing 2: Example parameter-space elements.
"compiler_flags" : ["-O2", "-O3"],

"compiler_flag_pool": ["-fvectorize", "-mllvm --vplan"],

"compiler_params" : { "-march": ["native", "skylake"] },

"env" : { "OMP_SCHEDULE": ["static", "dynamic"] }

2.2.4 Build. SCOuT invokes either the project’s existing

make/CMake system or compiles a single source file directly. The

configuration specifies the build directory, compiler, and optional

variables.

2.2.5 Measurement. Metrics are obtained via LIKWID [14],

perf [1], or a user-specified parser, for example, parsing the execu-

tion times from the output printed to the terminal. SCOuT applies

the environment variables selected for the current trial, runs the

benchmark, and aggregates repeated executions:

Listing 3: Measurement backends.
"likwid": { "group": "SCOuT" },

"perf" : { "events": ["cycles", "instructions"] },

"parser": { "label": "avg", "aggregate": "sum", "warmup_runs": 1 },

"runs" : 5

2.2.6 Evaluation. The measured metrics are mapped to user-

defined objectives (e.g., minimize runtime). The search algorithm

then uses this feedback to guide the selection of parameters for

subsequent trials.
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Listing 4: Objective definition.
"objectives": [

{"metric": "Runtime", "goal": "min"},

{"metric": "kernel_time_s", "goal": "min" },

{"metric": "Runtime (RDTSC) [s]", "goal": "min"}

]

2.2.7 Record. SCOuT records all results in a CSV file and reports

the best (or Pareto-optimal) configuration at the end of the search.

SCOuT provides a unified, extensible, and automated pipeline

for compiler- and runtime-level autotuning, supporting both single-

and multi-objective searches while remaining agnostic to the un-

derlying search algorithm.

2.3 Statistical methods
The Bayesian TPE search algorithm performs the design space

search by selecting a combination of flags and environment vari-

ables and optimizing for the given objective. While this is a valid

idea to find the best combination of compiler flags or runtime vari-

ables, it does not suggest which individual flags or runtime variables

have the highest impact on the performance. To overcome this lim-

itation, we perform ridge regression on the data we obtain from

the trials.

Ridge regression [16] . To estimate the conditional effects of indi-

vidual flags and environment variables, we fit a linear model with

an ℓ2 (ridge) penalty. Specifically, we solve

min

𝛽0,𝛽

∑︁
𝑖

(
𝑦𝑖 − 𝛽0 − 𝑋𝑖𝛽

)
2 + 𝛼 ∥𝛽 ∥2

2
,

where 𝑋 is a binary design matrix with 𝑋𝑖 𝑗 = 1 if the token (flag or

environment setting) corresponding to column 𝑗 is present in trial

𝑖 , and 0 otherwise, 𝛽 is the ridge coefficient, and 𝑦𝑖 is the chosen

metric, 𝛼 is set to 1𝑒 − 3; the intercept 𝛽0 is left unpenalised. The

ridge coefficients present the importance of each flag. For example,

with a runtime as a metric (𝑦𝑖 , where a lower value is better), a

negative ridge coefficient has a positive impact on the performance.

3 Experimental Setup
This section details the setup for the experiments, where we discuss

the platforms used to conduct the experiments and our software

setup.

For this study, we utilized AMD EPYC 9354 Zen4 (codenamed

"Genoa") and Intel Xeon Platinum 8358 (codenamed "Icelake") CPUs,

as well as NVIDIA A40 and AMD MI100 GPUs. Table 2 presents

the specifications of the systems used in this study.

Table 2: Compute platforms used in this study.

Feature Genoa Ice Lake A40 MI100

Vendor AMD Intel Nvidia AMD

Micro Arch. Zen 4 Ice Lake Ampere CDNA

ISA x86-64 x86-64 CUDA/PTX GCN

Cores / SMs 64 64 84 SMs 120 CUs

NUMA 8 2 – –

Freq. 3.8 GHz 3.7 GHz 1.74 GHz 1.50 GHz

L1 32 KB 32 KB 128 KB/SM 16 KB per CU

L2 1 MB 1 MB 6 MB 8 MB

L3 512 MB 22 MB – –

We focus on portable programming models and use SYCL as

the primary testbed for evaluating our autotuning approach. We

adopt the AdaptiveCpp implementation of SYCL because of its open-

source nature and support multiple backends for kernel offloading.

All experiments use AdaptiveCpp v25.02.0, built on LLVM v19.1.7.

For the Bayesian TPE search algorithm, SCOuT interfaces with

Optuna v4.0.0 and performs a maximum of N = 50 trials per

benchmark. For Tabu search, we limit the search to 6 iterations,
with each iteration exploring a neighbourhood of 12 configurations.

The tabu tenure is fixed at 3. A Tabu search run terminates early if

no improvement in the objective is observed for two consecutive

iterations.

Performance metrics were collected using a custom parser de-

signed to process the benchmark’s terminal output. Each bench-

mark reports the execution time of its constituent kernels, which

our parser extracts and aggregates. When available, we rely on

SYCL’s event-timing interface to record kernel durations, providing

a consistent and portable timing mechanism across both CPU and

GPU devices.

The benchmark suite consists of 26 workloads drawn from

HeCBench. Except for inserting a lightweight macro for kernel

timing, we made no modifications to the benchmarks. The macro

records the execution time of all kernels in each benchmark and

reports both per-offload and average timings. The full set of bench-

marks used in this study is listed in Table 3.

Table 3: List of HeCBench benchmarks used in this paper,
grouped per category.

Category Benchmarks

Stencil / PDE hotspot, hotspot3D, fdtd3d, iso2dfd

Lattice Boltzmann d2q9-bgk, d3q19-bgk

Vision / Signal Proc. convolutionSeparable, convolution1D

Transforms dct8x8, fwt, hwt1d

Linear Algebra / Solvers gaussian, lud

Reduction / Sorting histogram, bitonic-sort

Graph / Sparse bfs, lanczos, jaccard

MD/CFD lavaMD, easyWave

Finance black-scholes, libor

Machine Learning attentionMultiHead, gru, crossEntropy

All benchmarks were compiled once per generated flag set. For

each trial, the tool executes the binary with arguments provided

by the user three times and aggregates the metric values at the end

of the trial. For the search objective, we test both minimizing and

maximizing the runtime of the benchmark.

Table 4 summarizes the parameter space explored in this study.

These parameters define the search domain for both compile-time

and runtime tuning. The selection is informed by prior experience

and observations from the compiler-optimization literature [7]. We

adopt -O3 as the baseline optimization level and extend the search

space with a curated set of LLVM/Clang flags and SYCL-related

environment variables. In particular, the DPCPP_CPU_* variables

control thread placement and scheduling when using the Intel

OpenCL driver.

Most of the compiler flags included in the search space explicitly

disable individual optimization passes. We start from the most ag-

gressive optimization level (-O3) and progressively disable specific

optimizations to observe their individual and combined effects on
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Table 4: Parameter space explored in this study

Configuration Values

compiler_flags -O3

compiler_flag_pool -mllvm -disable-memop-opt
-mllvm -disable-partial-inlining
-mllvm -disable-vector-combine
-mllvm -disable-adv-copy-opt
-mllvm -disable-2addr-hack
-mllvm -disable-branch-fold
-mllvm -disable-loop-idiom-vectorize-all
-mllvm -disable-loop-level-heuristics
-mllvm -disable-select-optimize
-mllvm -disable-i2p-p2i-opt
-mllvm -disable-promote-alloca-to-vector
-fno-unroll-loops
-fno-optimize-sibling-calls
-fno-plt
-fno-global-isel
-fno-signed-zeros
-fno-strict-aliasing
-fno-keep-static-consts
-fno-builtin
-fno-finite-loops
-fno-vectorize
-ffast-math
-funsafe-math-optimizations

Environment variables ACPP_VISIBILITY_MASK: {omp, ocl}

OMP_PLACES: {sockets, cores, threads, numa_domains}

OMP_PROC_BIND: {false, true, close, spread, master}

OMP_SCHEDULE: {static, dynamic}

KMP_AFFINITY: {compact, scatter, balanced}

OMP_WAIT_POLICY: {active, passive}
DPCPP_CPU_PLACES: {sockets, cores, threads,
numa_domains}

DPCPP_CPU_SCHEDULE: {static, dynamic}

DPCPP_CPU_CU_AFFINITY: {false, true, close, spread,
master}

performance. This approach is preferable to starting from a lower

baseline such as -O1, since several optimizations present in -O3
are not exposed as independent user flags and would therefore be

inaccessible when building upward from a lower optimization level.

4 Results
This section presents our experimental results, organized into three

parts. The first subsection, Search Algorithm Comparison, evaluates
how the different search strategies perform across platforms. The

second subsection, Auto-Tuning on CPUs and GPUs, analyzes the
tuning impact across the architectures. The final subsection, Run-
time Tuning, examines the impact of runtime-level parameters on

both CPU and GPU execution.

4.1 Search Algorithm Comparison
As described in Section 2, we evaluate the two search strate-

gies—Bayesian TPE and Tabu Search—by comparing the number of

unique configurations tested for each benchmark. In addition, we

assess the quality of the configurations they produce by examining

the best and worst performance achieved relative to the baseline

configuration (which is -O3) for every benchmark.

Table 5 reports the number of unique configurations evalu-

ated during compile-time tuning—including the baseline execu-

tion—using both search algorithms under the parameter settings

Table 5: Number of unique configurations tested by TPE and
Tabu Search, with baseline (-O3) runtimes for each platform.

NVIDIA A40 AMD Genoa

Benchmark TPE Tabu Base [s] TPE Tabu Base [s]

attentionMultiHead 40 68 2.082 21 69 5.102

bfs 27 46 0.002 24 36 0.026

bitonic-sort 22 68 0.113 19 36 0.620

black-scholes 26 69 0.391 39 69 2.707

convolution1D 30 35 90.761 18 - 487.365

convolutionSeparable 26 35 2.246 34 68 12.017

crossEntropy 24 46 1.152 17 34 2.738

d2q9-bgk 17 72 1.717 25 36 7.825

d3q19-bgk 38 57 27.283 36 69 64.135

dct8x8 26 68 0.201 41 69 1.029

easyWave 23 35 1.046 9 34 0.577

fwt 29 35 0.309 22 47 2.003

gaussian 24 71 0.598 24 58 2.843

gru 25 46 0.003 21 68 0.031

histogram 18 35 0.058 23 46 0.251

hotspot3D 19 36 0.315 41 69 2.261

hotspot 9 35 0.003 21 34 0.024

hwt1d 20 35 0.999 38 60 0.698

iso2dfd 13 35 0.135 34 35 0.522

jaccard 22 35 24.073 26 - 123.031

lanczos 9 45 0.908 17 48 3.790

lavaMD 33 72 0.015 9 35 0.698

libor 26 24 1.721 24 35 3.944

lud 28 70 0.251 17 60 0.646

described in Section 3. Results are shown for all benchmarks in this

study. Across both platforms, Tabu Search consistently explores a

larger number of unique configurations than TPE. Although TPE

was configured to run 50 trials, the actual number of unique config-
urations observed is often no more than 40. This occurs because,

once TPE identifies a promising region of the search space, it fre-

quently resamples the same configuration when no further im-

provements are predicted, thereby limiting the number of distinct

builds tested. In contrast, Tabu Search systematically explores new

neighborhoods until its stopping condition is met—two consecutive

iterations without improvement in execution time—which naturally

results in a larger set of unique configurations. For some bench-

marks, the table contains no Tabu Search data. This omission is due

to the long execution times of these workloads.

Tabu Search evaluates more configurations than TPE due to its

exploratory nature, whereas TPE revisits promising regions once

identified. The total tuning time reflects compilation, search, and

benchmark execution costs. In practice, users can reduce autotuning

overhead by lowering benchmark iteration counts or tuning on

smaller problem sizes before scaling up.

Figure 4 demonstrates the effect of the two search strategies,

TPE and Tabu search, for the AMD Genoa CPU and the NVIDIA

A40 GPU. We only present a subset of benchmarks as we observe

similar differences in other benchmarks. All values are normalized

to the untuned (-O3) baseline runtime of each benchmark.

On the AMD Genoa system, TPE consistently delivers moderate

but reliable improvements. Across all benchmarks, the best TPE

configurations achieve speedups between roughly 1.0× and 3.7×,
with the largest gain observed for dct8x8. The correspondingworst-
case TPE configurations remain close to the baseline: for most

kernels, TPEworst stays within 1.0–1.3×, indicating that the method

rarely explores configurations that severely degrade performance.
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Figure 4: Per-benchmark speedups over the baseline (-O3) SYCL configuration for AMD Genoa and NVIDIA A40 (higher is
better).

Tabu search, in contrast, exhibits higher variance. While its best

results are occasionally competitive with or slightly better than

TPE (e.g., easyWave), its worst-case outcomes can be substantially

worse, with slowdowns up to about 0.2–0.167× on gru, hotspot,
and histogram. This suggests that on the CPU, Tabu search is

more aggressive but also more fragile: it can converge to good

configurations but frequently visits very poor ones.

The trends are even more pronounced on the NVIDIA A40 GPU.

TPE again yields modest and stable improvements, typically around

1.2–1.4×, and only rarely produces configurations that regress

meaningfully relative to the baseline. Tabu search, however, suffers

from extreme worst-case slowdowns on several benchmarks. For in-

stance, bfs and hotspot experience slowdowns of 0.02× and 0.05×,
respectively, in the worst Tabu configurations, and d3q19-bgk in-
curs a more than 0.33× slowdown. Even where Tabu finds rea-

sonable best configurations, these dramatic outliers highlight a

substantially less predictable search behavior on the GPU.

Overall, these results indicate that TPE offers a more favorable

balance between performance and robustness for our SYCL auto-

tuning workload, whereas Tabu Search exhibits a more exploratory

behavior. It is worth noting, however, that the experiments shown

here target an objective of maximizing runtime. When minimiz-

ing runtime, the search often becomes trapped in local minima,

reducing the diversity of configurations explored and limiting the

ability to uncover more informative optimization patterns.

Both search algorithms systematically improve over the baseline

on both architectures and avoid catastrophic regressions, whereas

Tabu occasionally discovers comparable or better configurations but

at the cost of much larger performance variance and severe worst-

case slowdowns, particularly on the GPU. In practice, this makes

TPE a safer choice for automated tuning, especially in scenarios

where long-running or production workloads cannot tolerate large

auto-tuning times and tuning algorithms that focus on exploration,

rather than exploitation.

4.2 Auto-Tuning on CPUs and GPUs
While tuning reveals substantial differences between the best and

worst configurations for each benchmark, it is also important to

understand how CPU and GPU platforms diverge when using a

single-source programming model. To this end, in this section, we

analyze which compiler flags meaningfully affect performance on

CPUs versus GPUs, and whether consistent correlations emerge

across benchmarks.

To evaluate the transferability of autotuning across CPUs and

GPUs, we focus on the four benchmarks that exhibit the largest per-

formance differences across the platforms. Specifically, we analyze

hotspot, dct8x8, d3q19-bgk, and easyWave.
hotspot: From Figure 4, we observe that although the best con-

figuration yields only marginal performance improvement for this
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benchmark, the worst configuration leads to a substantial degrada-

tion. A similar pattern appears on Intel Ice Lake and AMD MI100:

while the best-case performance improves by roughly 1.2×–1.4×
over baseline, the worst-case configuration can degrade perfor-

mance by up to 4× on Intel Ice Lake.

Using Tabu Search on the A40, we observe substantial perfor-

mance degradation when loop-level optimizations are disabled. In

particular, adding any of the following flags leads to noticeably

poor performance: -mllvm -disable-loop-level-heuristics,
-mllvm -disable-i2p-p2i-opt, and -fno-unroll-loops. How-
ever, this effect is not universal. When combined with certain other

flags—such as -ffast-math—the performance penalty is mitigated

or even reversed, suggesting that loop-level optimizations interact

strongly with other optimization passes on this platform.

For AMD Genoa, the flag that produces the largest per-

formance degradation is -mllvm -disable-2addr-hack.
Notably, this degradation persists only when the flag is used

in isolation: combining it with any other flag—except -mllvm
-disable-i2p-p2i-opt—mitigates the slowdown. This sug-

gests that the performance penalty introduced by disabling

the two-address optimization is not influenced by -mllvm
-disable-i2p-p2i-opt, whereas interactions with other flags

appear to offset its negative impact.

For Intel Ice Lake, we again observe that a distinct set of

flags triggers performance degradation. In this case, the combina-

tion of -mllvm -disable-select-optimize, -fno-builtin, and
-funsafe-math-optimizations leads to a substantial slowdown.

Interestingly, this degradation occurs only when these three flags

are used together; adding any additional flag restores performance,

indicating that the negative interaction is specific to this exact trio.

dct8x8: For this benchmark, we observe a substantial perfor-

mance improvement—up to 3×—on AMD Genoa when using the

TPE search algorithm, an effect not reproduced by Tabu Search.

This gain is attributable to the inclusion of the -fno-builtin flag,

which TPE explored but Tabu did not encounter during its search

trajectory. Further analysis shows that -fno-builtin enables the

compiler to generate wider vector instructions: without the flag, the

assembly contains primarily 128-bit operations, whereas enabling it

produces 256-bit and even 512-bit vector instructions. This suggests

that certain built-in functions inhibit vectorization on this platform.

Notably, this behavior appears specific to AMD Genoa.

For GPUs, the performance variation on AMD hardware is

smaller than what we observe on NVIDIA GPUs. As in the hotspot
benchmark, similar flags lead to gradual performance degradation

on NVIDIA GPUs. This trend is illustrated in Figure 5.

On Intel Ice Lake, the primary source of performance degradation

is the -fno-unroll-loops flag.

d3q19-bgk: This benchmark implements a Lattice–Boltzmann

method, for which the performance variation on both AMD Genoa

and Intel Ice Lake CPUs is minimal. A similar trend holds for AMD

GPUs. In contrast, NVIDIAGPUs exhibit a muchwider performance

spread, with the worst-performing configurations running up to

0.33× slower than the baseline.

A Tabu Search analysis of this benchmark reveals a pattern

similar to the previous case: the -fno-unroll-loops flag is the

primary source of performance degradation. Whenever the search

algorithms explore configurations that include this flag—whether
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Figure 5: Tabu search path for NVIDIA A40 for benchmark
dct8x8. Annotations in the figure correspond to the execution
time for that particular configuration.

alone or in combination with others—the resulting performance

consistently falls into the worst-performing category.

easyWave: This benchmark models shallow-water wave dynam-

ics by solving simplified tsunami and surface-wave propagation

equations. On AMD Genoa, autotuning yields up to a 1.57× per-

formance improvement, while the worst configurations degrade

performance by as much as 0.684×. Both improvements and degra-

dations arise from specific combinations of compiler flags, indi-

cating that this benchmark is particularly sensitive to interactions

among optimization passes.

On the remaining platforms, performance improvements are

more modest, typically ranging from 1.1× to 1.2×, with Intel CPUs

exhibiting the largest gains within this range.

The preceding analyses rely primarily on Tabu Search results,

as its iterative structure makes it straightforward to identify which

individual flags contribute to performance gains or losses, as can

be seen in Figure 5. In contrast, TPE—implemented via the Optuna

library—samples configurations probabilistically, making it more

challenging to isolate the influence of specific flags. To address this,

we apply ridge regression, as described in Section 2, to estimate the

correlation between individual flags and runtime.

Figure 6 shows the resulting regression coefficients, where

smaller values correspond to a stronger reduction in runtime. The

trends largely align with the flag effects identified earlier. Notably,

-ffast-math consistently exhibits a beneficial impact across bench-

marks.

4.3 Runtime-tuning
In the previous subsections, our analysis focused on compile-time

autotuning and the performance variations arising from different

compiler flag configurations. In this subsection, we shift focus to the
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Figure 6: Ridge coefficients for the selected benchmarks on
AMD Genoa platform

runtime layer, examining how performance is influenced by select-

ing different runtime parameters—specifically, the backend, sched-

uling policy, and thread-placement strategy. Our study concentrates

on CPU platforms, since the runtime-level design space exposed

through environment variables for NVIDIA and AMD GPUs is min-

imal, and thus offers limited opportunity for meaningful tuning.

Figure 7 shows the normalized performance results for the AMD

Genoa CPU when SYCL kernels are executed using two different

backends: OpenCL and OpenMP. These results are obtained for

default runtime environment variables. All values are normalized to

the SYCL kernel performance under the OpenMP backend. Overall,

the OpenMP backend delivers consistently better performance than

OpenCL, with the most pronounced advantage observed in the

gru benchmark, where OpenMP achieves an 8.93× speedup over

OpenCL. However, this trend is not uniform across all benchmarks.

In a few cases, OpenCL outperforms OpenMP; the most notable

example is lavaMD, where OpenCL achieves a 3.57× improvement

relative to OpenMP. Only one benchmark, lanczos, exhibits less
than a 10% difference between the two backends.

Examining the overall trends across benchmarks that perform

best with the OpenMP backend, we observe that they span a broad

spectrum—from compute-intensive to memory-intensive work-

loads. In contrast, the benchmarks where OpenCL outperforms

OpenMP tend to be predominantly memory-bound. Profiling fur-

ther reveals that, for these cases, OpenCL generally achieves su-

perior auto-vectorization compared to OpenMP. However, when

OpenMP is able to auto-vectorize the SYCL kernels to a degree com-

parable with OpenCL, it consistently delivers higher performance.

We additionally find that the OpenCL backend typically exhibits

a larger memory footprint than OpenMP. This increased memory

pressure leads to higher cache-miss rates, which in turn contribute

to the slower overall runtime of OpenCL for most benchmarks.

We evaluate the runtime environment parameters listed in Ta-

ble 4. It is important to note that our tool explores the runtime

parameter space conditionally: OpenMP-specific runtime variables

are considered only when ACPP_VISIBILITY_MASK = omp, and
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Figure 7: Performance comparison when the SYCL kernels
are offloaded with OpenCL and OpenMP backend on AMD
Genoa platform

Table 6: Best and worst configurations for SYCL work-
loads on an AMD Genoa (runtimes in seconds; val-
ues rounded to two decimals). Symbolic configuration
codes map to actual runtime parameters as follows:
𝐵𝑖 encodes ACPP_VISIBILITY_MASK (𝐵1=omp, 𝐵2=ocl); 𝑃𝑖
encodes CPU resource placement variables (OMP_PLACES
or DPCPP_CPU_PLACES: 𝑃1=cores, 𝑃2=sockets, 𝑃3=threads,
𝑃4=numa_domains); 𝐵𝐷𝑖 encodes thread binding and affin-
ity (OMP_PROC_BIND or DPCPP_CPU_CU_AFFINITY: 𝐵𝐷1=false,
𝐵𝐷2=true, 𝐵𝐷3=close, 𝐵𝐷4=master, 𝐵𝐷5=spread); 𝑆𝑖 encodes
the scheduling policy (OMP_SCHEDULE or DPCPP_CPU_SCHEDULE:
𝑆1=static, 𝑆2=dynamic, 𝑆3=affinity); 𝐴𝑖 denotes affinity poli-
cies (KMP_AFFINITY: 𝐴1=compact, 𝐴2=scatter, 𝐴3=balanced,
𝐴4=granularity-fine,compact, 𝐴5=granularity-fine,scatter);
𝑊𝑖 encodes the OpenMP waiting policy (OMP_WAIT_POLICY:
𝑊1=active,𝑊2=passive).

Benchmark Best (B) Worst (W) W/B Best configuration Worst configuration

attentionMultiHead 3.97 123.31 31.03 𝐵1, 𝑃1, 𝐵𝐷1, 𝑆2, 𝐴2,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
bfs 0.02 0.18 8.03 𝐵1, 𝑃1, 𝐵𝐷3, 𝑆1, 𝐴1,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
bitonicsort 0.61 2.73 4.45 𝐵1, 𝑃2, 𝐵𝐷3, 𝑆2, 𝐴1,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
blackscholes 1.13 2.80 2.49 𝐵2, 𝑃2, 𝐵𝐷3, 𝑆1 𝐵1, 𝑃4, 𝐵𝐷1, 𝑆1, 𝐴3,𝑊2

convolution1D 362.13 897.68 2.48 𝐵2, 𝑃1, 𝐵𝐷5, 𝑆3 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
convolutionSeparable 11.47 28.50 2.48 𝐵1, 𝑃4, 𝐵𝐷1, 𝑆2, 𝐴3,𝑊1 𝐵2, 𝑃1, 𝐵𝐷1, 𝑆1
crossEntropy 2.55 10.78 4.22 𝐵1, 𝑃2, 𝐵𝐷3, 𝑆2, 𝐴1,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
d2q9bgk 7.74 101.32 13.08 𝐵1, 𝑃3, 𝐵𝐷4, 𝑆1, 𝐴3,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆3
d3q19bgk 63.23 330.22 5.22 𝐵1, 𝑃3, 𝐵𝐷2, 𝑆2, 𝐴1,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
dct8x8 1.03 2.27 2.19 𝐵1, 𝑃4, 𝐵𝐷2, 𝑆1, 𝐴4,𝑊2 𝐵2, 𝑃2, 𝐵𝐷2, 𝑆1
easyWave 0.38 4.06 10.79 𝐵1, 𝑃3, 𝐵𝐷3, 𝑆1, 𝐴4,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
fdtd3d 0.51 1.50 2.95 𝐵2, 𝑃1, 𝐵𝐷4, 𝑆2 𝐵2, 𝑃4, 𝐵𝐷1, 𝑆1
fwt 1.01 5.02 4.95 𝐵2, 𝑃2, 𝐵𝐷4, 𝑆3 𝐵2, 𝑃4, 𝐵𝐷2, 𝑆1
gaussian 2.80 23.51 8.40 𝐵1, 𝑃2, 𝐵𝐷5, 𝑆2, 𝐴1,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
gru 0.02 0.32 13.25 𝐵1, 𝑃4, 𝐵𝐷1, 𝑆1, 𝐴1,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
hotspot3D 2.18 15.01 6.88 𝐵1, 𝑃4, 𝐵𝐷4, 𝑆2, 𝐴1,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
hotspot 0.02 0.27 14.50 𝐵1, 𝑃3, 𝐵𝐷4, 𝑆2, 𝐴4,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
hwt1d 0.48 1.33 2.78 𝐵2, 𝑃2, 𝐵𝐷1, 𝑆3 𝐵2, 𝑃4, 𝐵𝐷1, 𝑆1
iso2dfd 0.46 2.88 6.29 𝐵1, 𝑃2, 𝐵𝐷4, 𝑆1, 𝐴3,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
jaccard 122.35 291.54 2.38 𝐵1, 𝑃4, 𝐵𝐷4, 𝑆1, 𝐴4,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
lanczos 3.71 17.45 4.71 𝐵1, 𝑃1, 𝐵𝐷2, 𝑆1, 𝐴5,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1
lavaMD 0.19 1.18 6.13 𝐵2, 𝑃3, 𝐵𝐷4, 𝑆3 𝐵1, 𝑃2, 𝐵𝐷5, 𝑆1, 𝐴1,𝑊1

libor 1.89 5.00 2.65 𝐵2, 𝑃3, 𝐵𝐷3, 𝑆3 𝐵2, 𝑃4, 𝐵𝐷2, 𝑆1
lud 0.63 3.23 5.13 𝐵1, 𝑃2, 𝐵𝐷2, 𝑆2, 𝐴3,𝑊1 𝐵2, 𝑃4, 𝐵𝐷4, 𝑆1

likewise, OpenCL-specific variables are included in the search only

when ACPP_VISIBILITY_MASK = ocl.
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Table 7: Summary of observations on search algorithms, compiler flags, and runtime parameters for SYCL performance
optimization

Category Subcategory Recommendation Platform / Context Rationale

Search Algorithm

– Use TPE for stable, low-variance improvements CPU / GPU Avoids catastrophic regressions; strong exploitation;

safer overall.

– Use Tabu Search for aggressive exploration

(iteration-capped)

Large search spaces; non-production tuning Finds strong configs but frequently hits very poor

ones, especially on GPUs.

Compiler Flags

Beneficial

-ffast-math, -funsafe-math-optimizations All CPUs / GPUs Consistently improves performance across

benchmarks.

-fno-builtin AMD Genoa Enables 256–512-bit vectorization→ up to 3× gains

(e.g., dct8x8).

-mllvm -disable-loop-idion-vectorize-all NVIDIA GPUs Improves certain kernels (e.g., hwt1d).

Harmful

-fno-unroll-loops NVIDIA GPUs, Intel CPUs Causes extreme GPU slowdowns; degrades Intel

CPU performance.

-mllvm -disable-loop-level-heuristics,
-mllvm -disable-i2p-p2i-opt

NVIDIA GPUs Major slowdowns (e.g., hotspot).

-mllvm -disable-2addr-hack AMD Genoa Large degradation when used alone.

Runtime

Backend

Prefer OpenMP backend CPU Better auto-vectorization; lower memory; up to 8.9×

faster (GRU).

Use OpenCL backend for memory-bound kernels CPU Provides 3–5× improvement (e.g., lavaMD).

Thread Placement Prefer threads / cores / sockets CPU numa_domains often causes 5–14× regressions.

Scheduling Policy Dynamic for irregular workloads; static for uniform

kernels

CPU —

Thread Binding compact binding CPU Improves cache locality; strong for compute-heavy

workloads.

Wait Policy Active OpenMP wait policy CPU Consistently improves performance; passive often

worse than the OpenCL backend.

From our analysis, we observe that when SYCL kernels are of-

floaded using the OpenMP backend, the choice of wait policy has a

substantial impact on performance. In particular, switching from a

passive wait policy to an active wait policy consistently improves

runtime across multiple benchmarks. For example, in the d2q9-bgk
benchmark, we measure up to a 2× speedup when using the active

wait policy. Notably, the OpenMP passive wait policy performs

worse than the OpenCL backend, whereas the active wait policy

surpasses OpenCL performance.

Table 6 reports the best and worst runtime configurations iden-

tified during our runtime-level exploration, along with their cor-

responding execution times and the ratio between the worst and

best cases. A notable observation is that for some benchmarks,

for example, fwt, both the best and worst configurations occur

when kernels are offloaded through the OpenCL backend. This

behavior is primarily attributable to the use of numa_domains as

the thread-placement policy, which leads to severe performance

degradation.

We summarise our observations from this section in Table 7.

5 Related Work
5.1 General–Purpose Autotuning Frameworks
Early autotuning systems, such as OpenTuner [5], pioneered the

idea of exposing a meta–search space of search strategies, allowing

users to combine genetic algorithms, hill climbing, and Bayesian

optimization within a single driver to generate program-specific

autotuners. OpenTuner demonstrated strong results, yet its inter-

face remains focused primarily on compiler flags and does not

explicitly address the tunability of runtime parameters within pro-

gramming models. More recently, Scravaglieri et al. introduced a

holistic design-space exploration framework that spans compiler,

runtime, and hardware parameters [26]. Their workflow targets

CPU applications on a single node and does not investigate how

autotuning parameters vary across CPUs and GPUs. In contrast,

our work focuses on heterogeneous devices through the SYCL pro-

gramming model and emphasizes the transferability of autotuned

parameters across CPU and GPU architectures.

Beyond these, several general-purpose autotuners provide com-

plementary capabilities. CLTune targets OpenCL kernels with

search over kernel-level parameters (e.g., workgroup size, tiling,

unrolling) and supports multiple meta-heuristics [23]. Kernel Tuner
offers an easy-to-use, search-optimizing autotuner for CUDA/Open-

CL/C kernels with a broad set of optimization algorithms and

energy-aware options [28]. Orio provides annotation-based em-

pirical tuning across C/Fortran/CUDA/OpenCL through code gen-

eration and search [15]. Finally, Active Harmony focuses on runtime

parameter tuning via a client–server model, enabling on-the-fly

adaptation [27].

5.2 Multi–Objective Optimization
Several studies have argued that a single optimization objective

(e.g., execution time) is insufficient when factors such as energy

consumption and memory footprint are also critical. Durillo et al.
introduced region-aware multi-objective tuning for OpenMP pro-

grams, employing evolutionary algorithms to trade off energy and

performance across code regions [9]. Popov et al. extended this con-
cept to NUMA-aware thread, page, and task decompositions [25]. In

our work, multi-objective search engines—including Pareto-front

Bayesian TPE optimization—are implemented as interchangeable

plug-ins within the proposed optimizer layer, enabling flexible ex-

ploration of performance trade-offs.

Related multi-objective DSE frameworks include HyperMap-
per 2.0, which handles categorical/ordinal variables, unknown con-

straints, and user priors for practical design-space exploration [22].
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For HPC applications, GPTune combines Bayesian optimization

with multitask learning to reduce tuning cost across problem sizes

and targets [19]. These systems motivate our design but differ in

scope: our framework unifies the multi-objective optimization in

the context of cross-platform offloading.

5.3 Machine Learning for Application
Optimization

The survey by Wang and O’Boyle [29] summarizes a decade of

machine-learning–driven compiler optimizations, including pass

ordering, phase selection, and code generation. Menon et al. [20]
applied Bayesian optimization to tune communication parameters

in large-scale HPC applications, while Dutta et al. [10] employed

heterogeneous graph neural networks to model complex perfor-

mance surfaces. Our search methodology draws upon these insights

but emphasizes explainability: the ability to attribute performance

changes to individual compiler or runtime parameters. While ex-

isting methods often obscure the specific contribution of each flag

due to the stochastic nature of the search, our tabu search approach

provides interpretable insights owing to its iterative exploration

mechanism.

Closely related auto-scheduling/auto-tuning systems in compil-

ers include Milepost GCC, which learns optimization heuristics for

GCC from program features [12]; the TVM stack with AutoTVM
(learning-based cost models) and Ansor (auto-scheduler) for ten-
sor program optimization across CPUs/GPUs [8]; and the Halide
auto-schedulers for imaging pipelines [2, 21]. These systems under-

score the importance of portable performance and search-guided

optimization. Our work differs in targeting SYCL’s single-source

heterogeneous model, jointly tuning compiler flags and runtime

parameters, and emphasizing per-parameter attribution.

5.4 Positioning of Our Work
Where prior efforts have predominantly focused on fixed program-

ming models (e.g., OpenMP or CUDA) or isolated levels of the

optimization stack, our work unifies compiler flags, runtime param-
eters, and portable programming models within a single framework.

This unified approach facilitates the analysis of autotuning behavior

across heterogeneous architectures in a single-source programming

context. By integrating state-of-the-art search strategies and em-

phasizing reproducibility and explainability, our work complements

and extends prior autotuning frameworks to address the emerging

challenges of portable, heterogeneous computing.

6 Conclusion
This work presented a unified autotuning framework for portable

programming models that jointly explores compiler flags and run-

time parameters across heterogeneous CPU and GPU architectures.

By integrating both Bayesian TPE and a novel Tabu Search im-

plementation into a single workflow, the study demonstrated how

different search strategies navigate complex optimization spaces

and how their behaviors differ with respect to robustness, variance,

and interpretability. Using a broad benchmark suite and multiple

backend/device combinations, we systematically quantified the ex-

tent to which auto-tuned configurations transfer across hardware

platforms.

Our experimental results reveal three key insights. First, compiler

flag autotuning yields substantial gains on CPUs—up to 4× on AMD

Genoa—while GPUs exhibit far smaller sensitivity to compiler-level

changes. Second, although several flags influence performance sim-

ilarly across CPUs and GPUs, these correlations are neither strong

nor universal: flags such as -fno-builtin exert a pronounced ef-

fect on CPUs but minimal influence on GPUs, while loop-related

flags (-fno-unroll-loops, -disable-loop-level-heuristics)
consistently degrade GPU performance. Third, runtime-level param-

eters can meaningfully affect CPU performance, especially thread

placement and scheduling, whereas GPU runtime behavior shows

greater stability.

Beyond raw performance, the framework emphasizes explain-

ability. Tabu Search’s iterative neighborhood structure makes it

possible to attribute performance changes to individual flags, while

ridge regression provides a statistical lens for analyzing TPE’s prob-

abilistic sampling. Together, these methods offer complementary

insights into why certain configurations succeed or fail.

Overall, this study underscores that autotuning results in SYCL

are not inherently portable across devices. CPU-optimal configura-

tions do not reliably translate to GPU performance, and vice versa.

These findings suggest the future of autotuning for portable pro-

gramming models is still a relatively unknown field. Extending the

framework to multi-objective optimization, dynamic workloads,

and additional SYCL implementations represents promising av-

enues for future work.
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