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Abstract
Feature selection is an important step in machine learning that can benefit from GPU
acceleration. As the number of GPU vendors increases, it is imperative to adapt
algorithms such as the minimum Redundancy Maximum Relevance (mRMR) fea-
ture selection method to different backends that support several GPU architectures.
Thiswork presents amulti-backend implementation ofmRMRacrossCUDA,HIP, and
SYCL, and studies its performance when combined with Bayesian optimization and
transfer learning to automatically tune execution parameters for different platforms
and datasets. Our experimental results show that when tuned, CUDA and HIP achieve
comparable performance on NVIDIA architectures, while SYCL exhibits a moder-
ate performance gap. Overall, this work highlights the impact of backend choice and
autotuning on GPU-accelerated feature selection and provides insights into deploying
mRMR across heterogeneous environments.
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1 Introduction

In recent years, the demand for efficient high-performance computing (HPC) has
surged due to the increasing use of data-intensive applications. Among the various
HPCarchitectures,GPUs can effectively deliver impressive performance formassively
parallel problems and have become increasingly powerful with relatively low power
consumption. Machine learning (ML) and data analysis workflows are among the
most computationally demanding fields today, and many algorithms leverage GPUs to
accelerate their execution. For example, feature selection (FS) [1], a key preprocessing
technique in many classical ML and data analysis pipelines used to reduce dataset
dimensionality, is a good candidate for GPU acceleration due to its high computational
intensity, involving highly demanding calculations on large datasets.

Among the various methods for FS [2], one of the most popular is the minimum
Redundancy Maximum Relevance (mRMR) [3], which balances high relevance with
low redundancy. In practice, mRMR has been applied across diverse domains, includ-
ing large-scale marketing and personalization systems, industrial process monitoring,
and hyperspectral image analysis, where reducing redundancy and dimensionality is
critical for both performance and interpretability [4, 5]. Although there is an earlier
version of mRMR that can take advantage of GPU hardware [6], it was designed only
for NVIDIA’s Compute Unified Device Architecture (CUDA1) framework. CUDA
is the default choice for developers targeting NVIDIA GPUs [7] due to its maturity,
extensive library support, and optimizations for NVIDIA hardware, but its usability
is limited because it cannot run on alternative hardware platforms.

To address the need for cross-platform GPU programming, AMD developed the
Heterogeneous-Compute Interface for Portability (HIP2), a framework designed to
enable code portability across NVIDIA and AMD GPUs. They have also developed
HIPify,3 a tool that automatically adapts CUDA source code to HIP, extending its
applicability to more hardware platforms. HIP has become more attractive due to
AMD’s increasing market share in the HPC sector and the growing demand for a
CUDA alternative that is compatible with AMD’s ROCm4 ecosystem. Despite its
potential, the HIP ecosystem is still maturing and performance on non-AMD GPUs
can vary, making it a critical focus when comparing GPU frameworks.

In addition, the Khronos Group introduced SYCL,5 a single-source, C++-based
framework that aims to unify the programming experience for heterogeneous comput-
ing by supporting a wide range of processors, including GPUs, CPUs, and FPGAs. As
an open standard, SYCL is designed to support multiple vendors and architectures,
providing a high degree of portability. With recent advances, such as the development
of oneAPI’s Data Parallel C++ (DPC++), SYCL has gained relevance in the HPC
and ML communities for workloads that require flexibility across different hardware

1 https://docs.nvidia.com/cuda/
2 https://rocm.docs.amd.com/projects/HIP
3 https://rocm.docs.amd.com/projects/HIPIFY
4 https://rocm.docs.amd.com/en/latest/
5 https://www.khronos.org/sycl/
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environments [8]. However, the performance of SYCL in computationally demanding
applications such as FS remains relatively underexplored.

The main goal of this work is to develop multiple backend implementations of
mRMR that extend the usability of this FS method across different GPU architectures.
The novel implementations include optimizations tailored to CUDA, HIP, and SYCL,
achieving high performance across different hardware platforms. In our work, we
combine Bayesian Optimization (BO) and Transfer Learning (TL) for selecting the
best configuration parameters (adapted to the dataset, problem size, and characteristics
of the underlying hardware).

Performance portability has been defined in different ways in the literature, often
requiring a single implementation to achieve near-peak performance across multi-
ple architectures. In practice, however, achieving such behavior is challenging due to
architectural differences and backend-specific optimizations. In this work, we adopt
a pragmatic view of performance portability, focusing on the ability to obtain high
performance across platforms with limited tuning effort. This reflects real-world sce-
narios in which autotuning and backend specialization are commonly used to bridge
performance gaps between architectures.

In summary, these are the main contributions of this work:

• Novel versions of the mRMR FS method using HIP and SYCL that can run on
non-NVIDIA GPUs, highlighting the implementation particularities of each pro-
grammingmodel. They are open source andpublicly available6 so that the scientific
community can use them to accelerate their analyses. We also release further opti-
mizations over our previous CUDA implementation for the mRMR algorithm [6].

• An autotuning study based on BO and TL to efficiently identify high-performance
configurations across datasets, backends, and platforms.

• A performance comparison for equivalent CUDA, HIP, and SYCL mRMR
implementations on different NVIDIA GPU architectures, providing insight into
selecting the optimal programming model for GPU-based FS tasks.

• An exploratory cross-platform evaluation of the HIP backend, illustrating how the
same implementation behaves across different GPU architectures under a fixed
experimental setup.

The remainder of the manuscript is organized as follows: Sect. 2 reviews previ-
ous research on GPU-accelerated FS methods, as well as on comparative analyses of
CUDA, HIP, and SYCL. Section3 provides an overview of key concepts, includ-
ing FS and cross-platform GPU compatibility. The implementation details and
framework-specific optimizations for GPU-basedmRMR are described in Sect. 4. The
experimental results evaluating the performance of the implementations in the setup
described in Sect. 5 with the performance portability search detailed in Sect. 6 are pre-
sented in Sect. 7. Finally, Sect. 8 summarizes the findings and highlights avenues for
future research.

6 https://gitlab.com/bieito/gpufs
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2 Related work

As previously mentioned, mRMR has already been parallelized for NVIDIA GPUs
using CUDA [6] and is publicly available (along with other FS methods) as part of
the Parallel-FST library.7 Although there have been previous efforts to exploit GPUs
to accelerate other FS methods (e.g., [9–11]), none of them are based on either HIP
or SYCL for cross-platform execution. This makes our study of great interest to the
scientific community.

Regarding performance comparisons between CUDA, HIP, and SYCL, several
works have tested their performance using a variety of workloads and applications
on different types of GPUs. Many authors have focused on bioinformatics applica-
tions due to their high computational cost, which makes GPUs a good choice for
accelerating their analyses. One example is ADEPT [12], a tool for DNA and protein
sequence alignment. This tool was originally developed in CUDA and designed for
NVIDIA GPUs, but was later translated to HIP and SYCL to evaluate its portability
[13]. The translation to SYCL proved to be significantly more challenging than the
translation to HIP. In terms of performance, the HIP version matches the speed of
the CUDA version, while the SYCL implementation is about twice as slow. Another
recent study focused on an open-source bioinformatics kernel for all-pairs distance
calculation [14], which implements GPU kernels optimized for memory accesses,
reduced memory footprints, and effective use of the memory hierarchy on NVIDIA
and AMD GPUs. The authors analyzed the GPU instructions generated by the com-
pilers to understand the code optimizations and performance gaps. They concluded
that CUDA and HIP kernels outperform SYCL kernels due to factors such as memory
address sizes, memory access widths, and sub-word accesses.

A more recent paper [15] completed a very interesting study of NVIDIA, Intel,
and AMD GPUs on exascale supercomputers. Their workload performs a massively
parallel blood flow (hemodynamic) simulation based on the lattice Boltzmann method
for fluid dynamics. The authors found that the three programming models achieved
high performance on these GPUs. However, SYCL development required more effort
to implement efficient code, while an almost direct translation from CUDA to HIP
was sufficient to achieve high performance. Other works have compared CUDA with
SYCL only [16, 17], excluding HIP from the analysis.

Although comparing the performance of CUDA, HIP, and SYCL on complete
applications is interesting for the HPC community, the conclusions may be closely
tied to a specific domain. Another approach is to focus on common kernels or specific
functions that are present in different types of applications. An example is the test
suite in [18], which uses tensor contractions for high-dimensional general matrix
multiplications. Specifically, they compare the original CUDA version generated by
COGENT [19], a CUDAgenerator for tensor contractions, with automatic translations
to HIP and SYCL on NVIDIA and AMD GPUs, highlighting that CUDA and HIP
outperform SYCL. The authors identified occupancy and data movement resulting
from the use of local memory as the primary factors contributing to this performance
difference. In addition, another work [20] focused on stencil computations, which are

7 https://gitlab.com/bieito/parallel-fst
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also common operations across several domains. The authors used BrickLib [21], a
library that can generate code in different languages, to compare the performance of
CUDA, HIP, and SYCL codes over different data layouts, stencil shapes, problem
sizes, and GPUs (including NVIDIA, AMD, and Intel). The main conclusion of this
work is that CUDA and HIP showed significantly better performance than SYCL.

While CUDA, HIP, and SYCL require tuning for optimized performance, the best
tuning values depend on the programming model, execution model, and compiler effi-
ciency, thus needing specialized tuning strategies. Compared to manual or grid-based
tuning approaches, BO-based autotuning has become popular for HPC tuning [22–26],
modeling the performance objective function as a probabilistic surrogate and leading
to optimal parameter selectionwithminimal configuration evaluations. This black-box
approach is very well suited for tuning complex systems where performance is influ-
enced by multiple interdependent parameters and hardware-specific features, such as
CUDA, HIP, and SYCL applications running on different platforms. Specifically, we
use our multi-platform tuning tool DFTuning [27] to perform the complex autotuning
search of thiswork. This tool usesGPTune [28] as its underlyingBOengine to optimize
the execution across different datasets, backends, and hardware platforms by sharing
tuning information (through TL) for a predefined set of performance parameters.

Our work contributes to the scientific community by providing a multi-backend
implementation of mRMR, which can leverage multiple HPC hardware platforms
thanks to state-of-the-art autotuners. In addition, to the best of our knowledge, this
study presents the first performance analysis of CUDA, HIP, and SYCL for a FS
algorithm.

3 Background

This section describes several concepts that will be necessary to understand the imple-
mentations developed as part of this work.

3.1 Feature selection

FS is a technique that finds the best subset of features for a given dataset. Depending on
the data analysis step inwhichFS is applied,we can identify three different approaches:

• Filters, where FS is applied as an independent step before training an ML model.
The dimensionality of the dataset is reduced with FS so that the training step runs
faster.

• Wrapper approaches, where the FS and the ML model are tightly coupled. The
subset of selected features is built iteratively, using the model to evaluate its good-
ness.

• Embedded approaches that apply FS as an inherent part of the model construction.
For example, FS can decide which feature to use as a splitting condition at a given
node when building a decision tree.

The mRMR algorithm is an FS filter that uses Mutual Information (MI) to measure
the relevance of a feature.
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3.1.1 Mutual information

MI is a metric from Shannon’s information theory that quantifies the amount of infor-
mation that two randomvariables hold together. It can also be understood as the amount
of information that is obtained from a random variable when the outcome of another
independent variable is known. The MI between two independent features X and Y ,
denoted by I (X; Y ), is calculated as:

I (X; Y ) =
∑

x∈X

∑

y∈Y
p(x, y) log2

p(x, y)

p(x)p(y)
(1)

where X and Y denote the alphabet of values that features X and Y can take, respec-
tively; p(x, y) denotes the joint probability of X taking the value x and Y taking the
value y; and p(x) and p(y) denote the marginal probabilities of X taking the value x
and Y taking the value y, respectively.

To use this equation, we need to know the marginal and joint probabilities of the
values that the variables can take. Since we will be analyzing discrete data, p(x),
which denotes the probability of an arbitrary variable X taking the value x , can be
approximated as follows:

p(x) = p(X = x) ≈ fx
N

(2)

where fx is the frequency of the event x (i.e., X takes the value x), and N is the total
number of events.

The probabilities are represented by three data structures: two 1D arrays for the
marginal probabilities of X and Y (their dimensions are |X | and |Y|, respectively),
and a 2D array for the joint probabilities (dimension |X |× |Y|). Therefore, the spatial
complexity of computing theMI is O(|X |·|Y|). Note that in scenarios with continuous
data, both |X | and |Y| correspond to the number of bins used for discretizing the values.

The calculation of the MI between any two variables X and Y can be seen as a
two-step process:

1. Calculate the probabilities by computing the frequency (i.e., counting occurrences
to construct a 2D histogram) of the values that X and Y can take, both individ-
ually (for the marginal probabilities) and jointly (for the joint probability). The
complexity of this procedure is O(N ).

2. Calculate the MI by applying Eq.1, which requires iterating over the three data
structures. Its complexity is O(|X | · |Y|).
An example of this procedure can be seen in Fig. 1. First, Fig. 1ashows how the

probabilities are calculated from the values of the features X and Y . The probabilities
are then used to compute the MI, as shown in Fig. 1b

3.1.2 The mRMR algorithm

The mRMR algorithm [3] uses MI to approximate the relevance and redundancy of
features in a dataset, providing a score for each feature. The mRMR score J of a
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Fig. 1 Steps involved in the computation of the MI between two example variables, X and Y

feature Xi , given the dataset class Y and the subset of already selected features S, is
calculated as:

J (Xi ,Y , S) = I (Xi ; Y ) − 1

|S|
∑

Xs∈S
I (Xi ; Xs). (3)

Two terms can be identified in this equation. The first one, I (Xi ; Y ), denotes the
MI between a feature Xi and the class Y . This indicates relevance, which refers to
the amount of information that the feature provides about the class. However, the
mRMR score would be incomplete if only the relevance is considered. The second
term, 1

|S|
∑

Xs∈S I (Xi ; Xs), denotes the average amount of information that the Xi

feature has in common with the already selected features (those in subset S). This
gives a measure of redundancy when selecting Xi .

123
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Algorithm 1: Basic structure of FS with mRMR

The mRMR algorithm uses a score to measure the goodness of each feature. Algo-
rithm 1 shows a basic pseudocode of the method, highlighting how the output set
of selected features is constructed iteratively. Two parts can be distinguished at each
iteration of the main loop (line 2). First, the mRMR score P is calculated for each
non-selected feature (lines 4–9). Then, the feature with the best score is found and
added to the output subset (lines 10–11).

As seen in Sect. 3.1.1, the MI computation is not a lightweight operation. In Algo-
rithm 1, the MI is recomputed several times (line 2) for pairs of variables that do not
change between iterations of the loop. Specifically, we can observe that this redun-
dancy occurs between the current variable Xi and the class Y (line 5), and also between
the first |S| − 1 features added to the selected subset (line 7).

The algorithm can be reformulated more efficiently by computing the MI once
for each pair of features (Xi ,Y ) and storing the results. This approach was already
part of the sequential C-based implementation of mRMR available in the FEAST
library,8 developed to support the research of [29]. The resulting pseudocode of this
reformulation is shown in Algorithm 2. Two additional data structures are required: a
1D array to store theMI between each feature in the dataset and the class (N , in line 3),
and a 2D array to store the MI between each feature in the dataset and the selected
features (M , in line 7). The dimensions of these arrays are |D| and (k − 1) × |D|,
respectively. This algorithm starts by computing the MI for all features with the class
Y (lines 2–4) and takes as the first feature to select the onewith the highestMI (lines 5–
6). Then, the main loop (line 8) runs until all requested features are selected. The loop
in line 11 starts by calculating the MI of all the features with the last one selected.

8 https://github.com/Craigacp/FEAST
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Algorithm 2: FS with mRMR using MI caching

Then, the mRMR score (P) is calculated using the cached data (lines 14–19). Finally,
the feature with the highest score is selected (lines 20–21).

Note that the computation of the MI between each feature and the class (line 5
in Algorithm 1) has been moved out of the main loop (lines 2–4 in Algorithm 2),
being calculated only once per feature, before the main computation, and stored in an
array (N ). Thanks to this rearrangement of the code, the heaviest part of the algorithm
computation can be isolated in the loops starting at lines 2 and 11. Furthermore,
we can abstract a generic function that can be parallelized and used in both places:
Iall(D, X) → N . The function Iall takes a dataset D and an arbitrary feature X and
returns a 1D array of dimension |D| with the MI between each feature in D and X .

3.2 Cross-platform GPU compatibility and autotuning

GPU vendors such as NVIDIA and AMD provide low-level programming models like
CUDA or AMD ROCm that deliver high performance by interacting closely with the
hardware. However, this comes at a cost, as code written for one platform is not easily
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portable to another. To address this, some higher-level programming models support
cross-platform compatibility. For example, programs written in OpenCL9 can take
advantage of parallelism in GPUs and even in multicore CPUs. Built on the principles
of OpenCL, but with a more modern API, SYCL targets GPUs from different vendors,
CPUs, and even FPGAs, using a single-source codebase. Another example is HIP,
which can be compiled for both NVIDIA and AMD GPUs.

Therefore, to target multiple platforms, we can either rely on having multiple back-
ends or use a higher-level programmingmodel that supports a wide range of platforms.
The balance between performance and portability, known as performance portability,
ensures that applications can achieve high performance on multiple hardware plat-
forms.

Performance is determined by a set of parameters known as performance param-
eters. By expressing the code in terms of these parameters and assigning different
values to them, we can gain control over the performance of the application. The auto-
matic process of finding optimal values for these parameters is known as autotuning,
which allows applications to achieve near-optimal performance across a wide range
of platforms without extensive manual effort, making it an important component of
modern HPC.

However, identifying the optimal values for these parameters is challenging in
the exascale era due to the increasing complexity and heterogeneity of systems. The
large number of performance parameters (application-, framework-, and architecture-
dependent) makes exhaustive searchmethods unfeasible, since they require evaluating
every possible configuration. Instead, ML-based approaches, in particular BO [30],
provide a better alternative to address this challenge. BO treats performance optimiza-
tion as a black-box optimization problem, which enables the discovery of near-optimal
parameter configurations while significantly reducing the search cost. BO solves the
tuning process as an iterative optimization problem where the objective is to iden-
tify optimal parameters with minimal evaluations. It uses a surrogate model, often a
Gaussian process, to approximate the application’s performance (objective function)
based on performance configurations (parameters). The surrogate model predicts both
the mean and the uncertainty (variance) of performance for new configurations. This
predictive approach allows BO to strategically explore the parameter space while
balancing exploration and exploitation in a trade-off fashion:

• Exploration focuses on less known regions of the search space to gain new infor-
mation.

• Exploitation focuses on refining high-performing regions already identified.

The acquisition function guides this trade-off by assigning a score to each configura-
tion to prioritize either exploration or exploitation. As new data are introduced through
evaluations, the surrogate model is constantly retrained and progressively improving
its accuracy to guide the search. Unlike grid search or random search, which may
require a larger number of evaluations to explore the large search space, BO builds an
accurate surrogate model with fewer function evaluations [23, 24, 28].

While traditional BO-based autotuning operates as a black-box framework within a
fixed platform, performance portability poses additional challenges when applications

9 https://www.khronos.org/opencl/
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are executed across different architectures. Transfer learning (TL), an ML technique
that reuses knowledge from one source task to improve performance in another, can
help significantly in this context. By adding platform-specific information and leverag-
ing previous searches, TL facilitates cross-platform tuning,which significantly reduces
the cost of the tuning search when migrating applications across heterogeneous plat-
forms [27, 31].

In our study, we use DFTuning [27], which builds upon the GPTune framework
[28], to perform BO-based searches, and has been proved capable of finding near-
optimal configurations for manageable search spaces that can be explored empirically.
GPTune is an open-source autotuner that iteratively builds a Gaussian process surro-
gate model using multitask learning to integrate data from multiple sources. This
multitask approach enables the use of TL. By transferring knowledge from previ-
ous optimization runs on other GPU architectures or datasets, DFTuning can be used
to minimize redundant search exploration and thus promote performance portability,
making it particularly well suited for tuning mRMR on different GPU architectures.

4 GPU implementation of themRMR algorithm

The GPU implementation of mRMR developed in this work builds on the caching-
based version presented in Algorithm 2 of Sect. 3.1.2, which introduces several key
modifications to increase performance over any previous implementation [6]. It adopts
a resident-dataset approach in which the dataset is transferred to GPU memory only
once and remains on the device for the entire FS process, while the host orchestrates the
computation by managing batching, memory management, and kernel launches. To
ensure portability, ourwork implements theGPU-basedmRMRalgorithm across three
different backends (CUDA, HIP, and SYCL) to target different hardware platforms.
These backends expose a number of performance parameters that need to be tuned.
To achieve performance portability, Sect. 6 explains how to use DFTuning to find the
optimal values for these parameters for each backend, dataset, and hardware platform.

4.1 Modifications to themRMR algorithm

Although the joint probability in Eq.1, p(x, y), depends on the features involved, the
marginal probabilities, p(x) and p(y), remain constant for each feature. Therefore,
they can be computed only once and cached for later use. Compared to previous imple-
mentations, we now cache both marginal probabilities and simplify their computation
by keeping them resident in GPU global memory for different kernel executions. A
high-level diagram of the modified mRMR is shown in Fig. 2. By precomputing all
marginal probabilities and using global memory, we save GPU cycles and reduce
reliance on shared memory, which enhances the occupancy of GPU kernels. Note that
in our implementation, the marginal probabilities are computed on the GPU, even
though the runtime of this step is almost negligible (and therefore it is not highlighted
in Fig. 2).

123



645 Page 12 of 31 B. Beceiro et al.

Fig. 2 High-level view of FS for a subset S with k features from a dataset D. Dark-highlighted steps indicate
those involving MI calculation for all features, which can be parallelized on GPUs

The amount of memory needed to store these cache structures grows with the
number of features (note that probabilities are stored as high-precision data with 64-
bit floats). To reduce this memory footprint, our implementation precomputes and
caches frequencies (stored as 32-bit unsigned integers) instead of probabilities. Later,
it converts them to probabilities on demand. The conversion is done in two steps: first,
the integer is converted to a 64-bit float, and then it is divided by the total number of
samples. Thus, we can optimize Eq.1 to work with frequencies, as shown in Eq.4:

I (X; Y ) =
∑

x∈X

∑

y∈Y

fxy
N

log2
fxy/N

fx/N · fy/N
=

∑

x∈X

∑

y∈Y

fxy
N

log2
fxy · N
fx · fy

. (4)

With the modifications introduced so far, the computation of the MI consists of two
steps: (1) calculate the joint frequencies; (2) calculate the MI using the marginal and
joint frequencies and converting them to probabilities. These two steps are performed
within a single GPU kernel, using one thread block per feature, i.e., given a fixed
feature Y , every thread block is responsible for computing the MI between a feature in
the dataset and Y . Threads within each block work together on different samples. The
amount ofmemory required for the structuremaydiffer between pairs of features, since
their alphabets may be different. Following the approach of previous implementations,
we developed a custom memory management system based on pools of GPU global
memory managed by the CPU. In addition, we divided the workload into batches,
with each kernel invocation computing the MI for a subset of features. This design is
motivated primarily by memory constraints. Since the dataset and one joint-frequency
structure per processed feature must reside in GPUmemory, processing all features in
a single kernel invocation may exceed the available memory for datasets with a large
number of features. Batching allows us to bound memory usage while avoiding the
high overhead of launching one kernel per feature.
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Fig. 3 Diagram of the batched and asynchronous GPU computation of MI

This design also enables the overlap of host-side preparation and device execution
using asynchronous streams, as illustrated in Fig. 3. In particular, the host iterates
over batches, performing memory allocation, data transfers, and initialization for each
batch, while previously submitted batches are executed on the GPU. A similar strategy
was used in the original CUDA implementation of mRMR [6] and is adapted here to
the multi-backend setting.

Theoretically, it is possible to use an arbitrarily large number of streams in some
devices, which would eliminate synchronizations by assigning a unique stream per
batch. However, this approach is not feasible because a maximum number of streams
must be set beforehand in order to perform memory allocations. Note that the allo-
cated memory grows not only with the batch size but also with the maximum number
of streams, which can significantly impact performance. Therefore, a bounded num-
ber of streams is used and reused in a cyclic manner across batches. Consequently,
before submitting a new batch to a stream that has already been used, the host must
synchronize that stream to ensure that all previously enqueued operations have com-
pleted. These synchronizations are thus required to guarantee correctnesswhen reusing
streams, rather than due to data dependencies between batches. The optimal number
of streams used may vary from dataset to dataset. Therefore, it has been exposed as a
performance parameter to be tuned in our implementation.

4.1.1 Shared memory optimization

While the marginal frequencies can be precomputed, the joint frequencies must be
calculated within the GPU kernel. In particular, the creation of the joint frequencies
requires N writes and theMI calculation requires |X |·|Y| reads, using sharedmemory
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for this. However, the capacity of sharedmemory is limited (tens of kiB per block), and
in most cases it is not sufficient to store the joint frequencies. In addition, the amount
of shared memory used per thread block can be a limiting factor in GPU occupancy.

Although previous implementations used 16-bit precision for both marginal and
joint frequencies, this work employs 16-bit precision only for joint frequencies and 32-
bit for marginal frequencies. By moving marginal frequencies out of shared memory,
we increase the capacity to store joint frequencies in shared memory. However, from
a performance perspective, there is an inflection point where the reduced occupancy
caused by using shared memory does not offset the increased latency of accessing
global memory. To address this, this work also considers the maximum shared mem-
ory usage per thread block as a performance parameter. If the data structure does not fit
in the specified amount of shared memory, then global memory is selected specifically
for that feature. This performance parameter allows to establish a balance between:
(1) maximizing the likelihood that shared memory is used for the joint frequencies,
and (2) maximizing the number of active thread blocks on the GPU (related to occu-
pancy). Section4.2 explains some characteristics that each platform and programming
model natively exposes, which can improve GPU performance and were considered
as performance parameters in our work.

4.2 Backends for performance portability

Our GPU strategy, described in Sect. 4.1, can be adapted to different program-
ming models. Adaptation to each model requires adhering to implementation-specific
details, including variations in naming conventions (e.g., the concept of “streams” in
CUDA and HIP is equivalent to “queues” in SYCL). This work adopts the CUDA
terminology, as it is the most widely recognized standard in the HPC community.

Although CUDA, HIP, and SYCL provide different APIs for GPU control, they
share several core functionalities, such as kernel execution, memory management,
and asynchronous task handling. CUDA and HIP provide similar mechanisms for
these functionalities, while SYCL often takes a different approach. The following
examples from our mRMR implementation illustrate key differences and necessary
adjustments in the codebase:

• Writing and compiling kernelsWhile CUDA and HIP define a kernel as a C-style
function, SYCL provides a higher-level approach that allows kernels to be defined
as named function objects or lambda functions.

• Starting kernel executions CUDA and HIP support a common syntax kernel«<
gridDim, blkDim, shMem, stream»>(args...) to configure thegrid
dimension, block dimension, shared memory per block, and id of the stream for
which thekernel is launched.This call acts as awrapper to thecudaLaunchKernel
and hipLaunchKernelGGL functions, respectively. SYCL follows an object-
oriented syntax. Instead of having grid and block dimensions, SYCL specifies the
partitioning of the workload by a global range (total number of threads) and a local
range (number of threads per block). In all three frameworks, kernel launches are
asynchronous to the host, meaning that kernels are scheduled for execution on the
GPU and control is returned to the CPU.
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• Managing memory CUDA and HIP provide functions for allocating and deallo-
cating buffers on global memory with different characteristics (e.g., non-pageable
memory), specific memory layouts (e.g., padded), and support for asynchronous
operations. Shared memory can be allocated statically, if the size is known at com-
pile time, by specifying it in the kernel. If the size is known at runtime, it must be
specified when launching the kernel. Instead, SYCL exposes two mechanisms for
dealing with memory management:

– TheBuffer-Accessor (BA)model provides a high-level abstraction of themem-
ory. Buffers are an abstraction for a view of the memory, accessible by the host
or the device, and accessors are the abstractions used to read or write memory
from a buffer.

– The Unified Shared Memory (USM) is the lower-level option because it relies
on pointers and various functions to allocate different types of memory.

The USM approach was used in this work to keep more control over global-
memory operations and because the resulting code structure is similar to that of
CUDA and HIP. However, the shared memory must be handled in a BA fashion.
To set memory, the {cuda,hip}Memset functions are used in CUDA and HIP,
while the fill method of the Queue class is used in SYCL.

• Managing asynchronous streams The main difference in handling streams is that
CUDA and HIP have an implicit stream where tasks are enqueued by default. If
more streams are needed, theymust be created and destroyed using the appropriate
functions. Instead, there are no default streams in SYCL, and at least one queue
must be explicitly created to submit anywork to theGPU. In addition, more queues
can be created to take advantage of inter-stream asynchrony.

• Identifying the active thread and block In our approach, mRMR uses the thread
block index to identify the feature being processed,while the thread index is used to
calculate the memory addresses accessed by each thread. In CUDA and HIP, these
indices (as well as the dimensions of the grid and the thread blocks) are obtained
within the kernel from specific built-in variables. This is different in SYCL, where
an object is mapped to each unit of parallel execution, such as a work-item, and
indices and dimensions are obtained using get_* methods.

• Addressing atomic operations Atomic operations are executed in the MI compu-
tation to accumulate the data frequencies as well as the partial MI of each thread.
In CUDA and HIP, there are specific functions used for this purpose. In SYCL,
atomics require some more work to set them up. First, an atomic reference must
be constructed for a given memory address, and then a fetch method is used to
increment the value.

In addition to the common functionalities shared by the three frameworks,
CUDA and HIP provide one aimed at improving performance: occupancy tuning.
In both CUDA and HIP, kernel resource utilization can be optimized if a maximum
number of threads per block is set at compile time. This is achieved by adding
the __launch_bounds__(maxThreadsBlk) qualifier to the kernel, where
maxThreadsBlk specifies the maximum number of threads per block. This pro-
vides the compiler with hints about resource usage, allowing it to apply informed

123



645 Page 16 of 31 B. Beceiro et al.

Table 1 Datasets used in the
experiments

Dataset Features Samples Classes

MNIST 780 60,000 10

Epsilon 2000 400,000 2

RCV1 train 47,236 20,242 2

SVHN 3072 531,131 10

News20 TFIDF 130,107 11,314 20

optimizations rather than generating a more generic binary that works across different
block sizes. The __launch_bounds__ qualifier can take a second parameter that
is interpreted differently by CUDA (minimum number of blocks per multiprocessor)
and HIP (minimum number of warps per execution unit). Both refer to the same con-
cept: a request for a minimum number of resident threads (measured in blocks or
warps) per hardware component (multiprocessor or execution unit). With the usage
of __launch_bounds__, hardware resources are redistributed so that there can
be more resident warps at the same time, which is beneficial for workloads where
threads spend a significant amount of time stalled. Since choosing the best value for
themaximumnumber of threads is a complex task, our work includes this performance
parameter in the set of configuration parameters explored by DFTuning.

5 Computational setup for experiments

The experimental evaluation presented in the next sections focuses on assessing the
performance differences between programming frameworks (CUDA,HIP, and SYCL)
running on different GPUs for datasets with distinct properties. All datasets were
obtained from the LIBSVM [32] website,10 and their properties are listed in Table 1.
These datasets contain continuous data, which is not valid for mRMR. Note that these
data were discretized using 128 bins, i.e., the values of each feature were mapped into
128 intervals to obtain a discrete representation suitable for the method.

The characteristics of the GPUs are detailed in Table 2: an NVIDIA RTX4090
installed on a workstation (“Lovelace” from now on), an NVIDIA A100 GPU from
a node of the Perlmutter supercomputer, and an AMD MI250X from the Frontier
supercomputer. Note that the table shows the hardware limits of some factors that
influenceGPUoccupancy, but the actual occupancydepends on thefinal characteristics
of each executed kernel (e.g., register pressure). Also note that the AMD MI250X
GPU consists of two dies and behaves as two separate GPUs from a programming
perspective. Our implementation targets single-GPU execution and therefore uses
only one of these dies. Consequently, the available resources on this platform are
effectively reduced (resources marked with an asterisk in the table are limited to half).
In addition, for the MI250X, the register file size and the maximum 32-bit registers
per SM are shown as a sum (scalar + vector) because the CDNA2 microarchitecture
has separate registers for scalar and vector data.

10 https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/
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Table 2 Characteristics of the GPUs used in the experiments

System Lovelace Perlmutter Frontier

GPU NVIDIA NVIDIA AMD

RTX4090 A100 MI250X

Microarchitecture Ada Lovelace Ampere CDNA2

Frequency/Boost (GHz) 2.24/2.52 0.76/1.41 1.00/1.70

RAM (GiB) 24 40 128*

Bandwidth (TiB/s) 0.98 1.52 3.20*

Streaming Multiprocessors (SMs) 128 108 220*

Cores per SM 128 96 64

Total cores 16,384 10,368 14,080*

L1 cache per SM (kiB) 128 192 16

L2 cache (MiB) 72 40 16*

Threads per warp 32 32 64

Max warps per SM 48 64 32

Max threads per SM 1,536 2,048 2,048

Max threads per block 1,024 1,024 1,024

Shared memory per SM (kiB) 100 164 64

Register file size per SM (kiB) 256 256 12.5+512

Max 32-bit registers per SM 65,536 65,536 3,200+131,072

CPU Intel AMD AMD

i9-14900KF EPYC 7763 EPYC 7713

RAM 64 GiB 256 GiB 512 GiB

For comparison across different backends, Table 3 summarizes the software envi-
ronment used to run the experiments on theLovelace andPerlmutter systems. Themain
host compiler wasGCC in both cases: v.13.2.0 on Lovelace and v.11.2.0 on Perlmutter.
Lovelace ran Ubuntu 24.04 LTS, while Perlmutter used the NERSC-managed HPE
Cray software environment. All backends were compiled with -O3. Host compilation
used OpenMP via -fopenmp, and CUDA/HIP builds passed -march=native to
the host compiler.

6 Implementing performance portability as a search problem

Our GPU backends for mRMR expose four tunable performance parameters: threads
per block, features per batch, shared memory per block, and number of streams. In
addition, the minimum number of blocks per SM can be tuned in CUDA and HIP
with the __launch_bounds__ qualifier. Table 4 lists the performance parameters
defined for the DFTuning search and their ranges. As shown in the table, each of
these parameters can take many possible values, resulting in a total search space of
106,229,760 combinations. To find the best configuration exhaustively would require
a huge number of experiments. If all combinations were valid, and considering an
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Table 3 Backend-specific
software environment used on
the Lovelace and Perlmutter
platforms

System Backend Compiler / Toolchain

Lovelace CUDA system nvcc; linked with
libcudart.so.12

HIP system hipcc; linked with
libcudart.so.12

SYCL Intel LLVM/SYCL clang
19.0.0; linked with
libsycl.so.8

Perlmutter CUDA NVIDIA HPC SDK 22.7
nvcc

HIP ROCm 5.5.1 hipcc

SYCL NERSC Intel LLVM
2023-WW13

Table 4 Definition of the
GPU-mRMR search parameters
for DFTuning

Parameter Formulated as Range for n

Warps per block n [1, 32]
Features per batch 2n [6, 12]
Shared memory per block (B) 1,024 × n [0, 227]
Streams n [0, 64]
Minimum blocks per SM n [1, 32]

average execution time of 0.5 s per evaluation, the total evaluation time for an exhaus-
tive search would be 3074 days per backend and platform to complete five datasets. To
perform this search in a feasible time, we used DFTuning to find the (near-) optimal
values of these parameters for each platform and backend.

As explained in Sect. 3.2, DFTuning uses a BO model to find the configuration
(performance parameters) that achieves this near-optimal performance. DFTuning
categorizes parameters into two types: input andperformanceparameters. Input param-
eters define the specific problem instance to be tuned (e.g., problem size, selected
dataset) and are used uniquely to describe the problem. Performance parameters, on
the other hand, directly affect the execution performance and are explored.

In our mRMR case, the input parameters define the dataset used (MNIST, Epsilon,
RCV1 train, SVHN, or News20 TFIDF), the platform (Lovelace, Perlmutter, or Fron-
tier), and the backend (CUDA, HIP, or SYCL). Adding the platform and backend as
input parameters allows us to characterize the search for each portability scenario.
Note that some combinations are incompatible, e.g., CUDA cannot be used with the
AMD GPU on the Frontier system.

Table 4 includes all possible combinations, but not all of them are necessarily valid.
For example, there are GPU architectures with up to 227 kiB of shared memory per
block (e.g.,NVIDIAH10011), butwe did not use these architectures in ourwork.While
theoretical bounds describe the problem, each portability search must be constrained

11 https://www.nvidia.com/en-us/data-center/h100
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by its specific characteristics. To do this, we defined the following constraints in
DFTuning:

• Number of threads per block (GPU warp size × warps per block) is less than
or equal to the hardware maximum (1,024 for all GPUs tested, but may vary by
architecture). Note that the block size is defined in terms of warps per block instead
of threads per block. This allows DFTuning to abstract the search process from
the GPU warp size and then apply TL between platforms where it differs.

• Number of threads per SM (threads per block × blocks per SM) is less than or
equal to the hardware maximum (varies by GPU).

• Shared memory per block is less than or equal to the hardware maximum (varies
by GPU).

• Shared memory per block is less than or equal to the maximum needed to compute
the MI. Since discretization was fixed to 128 bins, we can only calculate a maxi-
mum bound of 1282×2B = 32 kiB. This constraint avoids limiting the occupancy
by allocating more shared memory than needed.

• Number of features per batch is less than or equal to the number of features in the
dataset (varies by dataset, see Table 1).

• Number of streams is less than or equal to the number of batches (features in the
dataset divided by features per batch).

Some constraints are enforced directly in the mRMR code to prevent performance
losses due to inefficient configurations. However, they must also be defined in DFTun-
ing to avoid wasting resources evaluating ineffective regions of the search space.

In addition, we can leverage the knowledge from previous searches to guide new
searches (i.e., for different input parameters) by focusing only on already discovered
high-performance regions of a similar search space. This is achievable by TL, which
effectively reduces the number of executions BO needs to find near-optimal configu-
rations. For example, in a new tuning search where the only difference is the selected
dataset, some good values of the performance parameters are likely to remain similar
across datasets. BO can take advantage of this prior information to reduce the number
of evaluations needed. A key innovation introduced in [27] is the use of TL to incor-
porate search knowledge from previous platforms into new ones, thereby improving
portability optimization.

DFTuning builds the initial surrogate model by evaluating some random con-
figurations. Then, new configurations are interactively evaluated following the
exploration/exploitation paradigm until the stopping criterion is met. Specifically,
DFTuning was configured with a stopping criterion based on a window size of the
last W = 20 executions and a threshold of τ = 1.5%. If no configuration improves
the previous runtime by at least τ within W executions, the search is terminated.
To reduce noise in the measurements, each configuration was run five times and the
average was calculated.

The tuning experiments were conducted with k = 20 selected features to keep the
search cost manageable. In our GPU implementation of mRMR, the configurable per-
formance parameters affect the computation of feature scores, which is the device-side
step repeated at each selection iteration. These parameters do not alter the algorithmic
structure for different values of k; therefore, increasing k primarily results in addi-
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tional repetitions of the same score-computation procedure. Consequently, runtime is
expected to scale linearly with k for both optimized and unoptimized configurations,
and the tuning conclusions should remain valid for larger values of k.

Note that the autotuning process is treated as an offline configuration step rather than
as part of the execution of mRMR itself. In practice, autotuning would be performed
once for a given hardware platform and a representative set of workload characteristics
(e.g., number of samples and feature cardinality). The resulting configuration can then
be reused across multiple runs and datasets with similar characteristics. In this study,
we perform tuning independently for each dataset to provide a controlled compari-
son across backends and platforms. This design choice allows us to isolate backend
behavior without confounding effects from cross-dataset generalization. However, it
represents a worst-case scenario in terms of autotuning cost, as practical deployments
would amortize this cost across multiple executions.

7 Experimental results

The experimental evaluation carried out in this work, based on the data collected from
the DFTuning execution, was twofold. On the one hand, a performance comparison
of the three optimized backends was conducted on NVIDIA architectures. On the
other hand, we include an exploratory evaluation of the HIP implementation across
platforms. This analysis is intended to illustrate how the same implementation behaves
under different execution environments.

The performance results reported in this section consider only the execution time of
the mRMR algorithm using the configurations obtained through DFTuning. The cost
of the autotuning process is not included, as it is treated as an offline configuration
step performed once per platform and amortized across multiple executions.

7.1 DFTuning execution

Table 5 shows the DFTuning evaluation setup for each combination of input parame-
ters. It includes the DFTuning configuration for evaluations (number of initial random
evaluations in theBO search plusmaximumnumber ofBO-guided evaluations allowed
per search), and the evaluation at which the BO search stopped, based on the previ-
ously defined stopping criterion that ends the search after a window of no progress. In
addition, for searches that used TL, the platform and backend employed as the source
of prior knowledge are also displayed. The same setup (random evaluations and a
maximum number of BO-guided evaluations) was applied to the five test datasets for
each platform and backend search. Consequently, each row shows the average number
of actual evaluations performed before reaching the stopping criterion, along with the
average runtime speedup achieved by the best BO-found configuration compared to
the average runtime achieved by the initial evaluations across the five datasets. Also,
when TL was used for a particular combination of platform, backend, and dataset, the
source task was a previous search for the same dataset but on the corresponding plat-
form and backend shown in the “TL source” column of Table 5. Finally, for searches
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Table 5 Setup for the DFTuning searches and performance of the best configurations found

Platform Backend BO evaluations TL source Runtime
Random+Max. Executed speedup

Lovelace CUDA 30+120 50 No TL 1.20x

HIP 20+100 53 Lovelace/CUDA 1.30x

SYCL 20+100 48 Lovelace/CUDA 1.30x

Perlmutter CUDA 30+120 54 No TL 1.18x

HIP 20+100 49 Perlmutter/CUDA 1.23x

SYCL 20+100 43 Perlmutter/CUDA 1.27x

Frontier HIP 10+80 48 Perlmutter/CUDA 1.84x

that did not use TL to accelerate the process, we allowed a higher maximum number
of BO-guided evaluations and increased the number of initial random evaluations.
This compensates for the lack of prior knowledge, allowing the surrogate model to be
refined with more data.

The use of DFTuning significantly aided the search for near-optimal configurations
of the mRMR computation across different backends and platforms. On average, the
search required 49 attempts per portability scenario, a small fraction of the executions
(and total runtime) that an exhaustive search would have required. In addition, when
analyzing the total number of evaluations executed (which includes both random and
BO-guided evaluations), we observe that the number of evaluations performed by the
random phase is similar to those conducted during the guided phase of DFTuning. It
is noteworthy that the configurations identified by the BO-guided phase, which use
information from the previous random evaluations, achieved runtimes that were on
average 22.53% faster than the average runtimes of the initial random configurations.

Finally, note that the goal of TL is not solely to reduce the total number of eval-
uations, but to improve the quality of the search trajectory and the robustness of the
final configuration. Without TL, the search on a new platform requires more extensive
exploration to rediscover high-performing regions. This can result in slower conver-
gence and, in some cases, convergence to a different near-optimal configuration that
is farther from the best-performing region identified with TL.

7.2 Performance comparison between backends

The mRMR versions using all three backends were tested on both the Lovelace
and Perlmutter systems to analyze the performance differences. SYCL results are
not reported for Frontier because we could not obtain a working SYCL configura-
tion for the AMD GPU environment used in the experiments. Therefore, the direct
CUDA/HIP/SYCL comparison is limited to NVIDIA GPUs, while the Frontier eval-
uation is restricted to the HIP backend. The average runtimes of the initial random
evaluations, used as the baseline, and the best runtimes achieved by DFTuning for
each combination of input parameters (dataset, backend, and platform) are shown in
Tables 6 and 7, respectively.

123



645 Page 22 of 31 B. Beceiro et al.

Table 6 Average runtimes and standard deviations (in seconds) for the initial random parameter configu-
rations for each combination of dataset, platform, and backend

Platform Dataset CUDA HIP SYCL

Lovelace MNIST 0.08 ± 0.01 0.08 ± 0.01 0.08 ± 0.01

Epsilon 0.68 ± 0.08 0.73 ± 0.20 0.74 ± 0.21

RCV1 train 0.93 ± 0.07 0.92 ± 0.12 1.06 ± 0.17

SVHN 1.57 ± 0.50 1.78 ± 0.76 1.77 ± 0.66

News20 TFIDF 1.69 ± 0.19 1.67 ± 0.24 2.01 ± 0.32

Perlmutter MNIST 0.16 ± 0.01 0.16 ± 0.01 0.16 ± 0.01

Epsilon 0.83 ± 0.15 0.89 ± 0.41 0.90 ± 0.42

RCV1 train 1.24 ± 0.08 1.27 ± 0.19 1.50 ± 0.27

SVHN 1.71 ± 0.50 1.86 ± 0.55 1.90 ± 0.58

News20 TFIDF 2.03 ± 0.19 2.10 ± 0.35 2.62 ± 0.57

Table 7 Runtimes (in seconds) and relative runtime reduction over average random configurations for the
best parameter configuration found for each combination of dataset, platform, and backend. Note that TL
was used for HIP and SYCL, with CUDA as the source task under the same combination of platform and
dataset

Platform Dataset CUDA HIP SYCL

Lovelace MNIST 0.06 (−19%) 0.06 (−23%) 0.06 (−22%)

Epsilon 0.61 (−11%) 0.59 (−20%) 0.60 (−19%)

RCV1 train 0.83 (−11%) 0.76 (−17%) 0.85 (−20%)

SVHN 1.18 (−25%) 1.15 (−36%) 1.17 (−34%)

News20 TFIDF 1.43 (−15%) 1.42 (−15%) 1.63 (−19%)

Perlmutter MNIST 0.13 (−15%) 0.14 (−14%) 0.14 (−10%)

Epsilon 0.74 (−10%) 0.73 (−18%) 0.74 (−18%)

RCV1 train 1.09 (−12%) 1.08 (−15%) 1.14 (−24%)

SVHN 1.31 (−23%) 1.33 (−29%) 1.36 (−28%)

News20 TFIDF 1.72 (−15%) 1.74 (−17%) 1.97 (−25%)

The performance of the best configuration identified for HIP and CUDA is very
similar. Considering all datasets, HIP’s best configurations outperform CUDA’s by an
average of 4.24% on Lovelace, while this difference is reversed on Perlmutter (0.78%
slower on average). Despite potential fluctuations, the HIP search seems to benefit
from TL (using CUDA as the source task), effectively biasing the search toward high-
performance regions and likely identifying optimal configurations, slightly better than
the CUDA ones in many cases. In contrast, SYCL shows slightly lower performance
in all cases. On Lovelace, SYCL is on average 2.48% slower than CUDA and 6.99%
slower than HIP. On Perlmutter, SYCL is 6.14% and 5.32% slower than CUDA and
HIP, respectively. Our multi-backend approach ensures that each platform benefits
from an optimized implementation tailored to its specific architecture, rather than
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relying on a single portable implementation that may not fully exploit hardware-
specific optimizations.

For the sake of fairness, the performance differences across the three backends are
also analyzed for the same configurations (i.e., the parameters of the n-th configuration
are the same for CUDA, HIP, and SYCL). This avoids noise from the DFTuning
search, as there is no guarantee that the best configuration found in one backend is
also explored in the search of the other backends. It also allows for a direct analysis of
how performance varies between CUDA, HIP, and SYCL under identical execution
settings. To do this, we evaluated the same 30 randomly sampled configurations across
the three backends. Although the configurations were selected randomly, they are
identical across CUDA, HIP, and SYCL, ensuring a controlled and fair comparison
independent of the DFTuning search. The achieved runtimes are shown in Fig. 4,
sorted by the CUDA runtime for better visualization. We can see that HIP behaves in
a very similar way to CUDA. The most notable difference is for the MNIST dataset.
However, since this is the smallest dataset, the runtimes are short and these variations
could be explained by execution noise. In the case of SYCL, there are two interesting
scenarios:

• The SYCL implementation is noticeably slower for the RCV1 train and News20
TFIDF datasets, which are the ones with the largest number of features relative to
the number of samples. For our mRMR implementations, this results in executions
with a high number of batches and thus a high number of kernel launches and
synchronizations. Empirical results suggest that the overhead for these operations
is higher in SYCL than in CUDA and HIP.

• SYCL runtimes do not mimic those of CUDA as smoothly as HIP. This results
in noticeable “spikes” in the plots, with SYCL occasionally outperforming both
CUDA and HIP in certain cases. This effect may be explained, among other fac-
tors, by the __launch_bounds__ qualifier introduced at the end of Sect. 4.2.
Although this qualifier can help improve performance by tuning the register pres-
sure (thus improving GPU occupancy), an ineffective configuration can result in
runtimes worse than if it is not used. As this qualifier is unique for CUDA and HIP,
the SYCL implementation ignores it during the tuning search. As a result, CUDA
and HIP take advantage of good configurations, while SYCL does not. However,
if the tuning search does not explore the correct regions for this qualifier, CUDA
and HIP executions are susceptible to performance degradation due to suboptimal
configurations, while SYCL execution is not.

On Lovelace, HIP and SYCL runtimes were on average 0.48% and 8.86% slower,
respectively, than CUDA for the same configuration. On Perlmutter, HIP runtimes
were 0.06% faster than CUDA, while SYCL runtimes were 9.80% slower. While we
can conclude that HIP effectively achieved the same performance as CUDA in our
analysis, the case of SYCL shows the need to carry out a tuning search for each backend
rather than using the same performance parameters across backends.

Note that the runtimes shown in this section are relatively short because the exper-
iments were conducted with a small number of features. This was necessary to ensure
that the BO search remained feasible, as it requires running the FS repeatedly along
the features. However, in real-world scenarios, selecting more features increases the
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Fig. 4 Runtimes (in seconds) of the same 30 random configurations for CUDA, HIP, and SYCL, sorted by
CUDA runtimes. CUDA and HIP exhibit similar trends, while SYCL shows more variation and does not
always follow the same pattern. Each subplot uses an independent Y-axis range that does not start at zero
to improve the readability of the differences between backends
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Table 8 Best runtimes for HIP on each platform along with the corresponding speedup relative to Frontier

Dataset Lovelace Perlmutter Frontier
Time (s) Spd. Frontier Time (s) Spd. Frontier Time (s)

MNIST 0.06 3.91x 0.14 1.68x 0.23

Epsilon 0.59 1.72x 0.73 1.39x 1.01

RCV1 train 0.76 1.94x 1.08 1.38x 1.48

SVHN 1.15 1.68x 1.33 1.45x 1.93

News20 TFIDF 1.42 1.86x 1.74 1.51x 2.63

overall runtime. As a result, performance differences accumulate, amplifying their
impact and making this performance tuning even more valuable.

7.3 Cross-platform behavior of HIP

Table 8 shows the runtimes achieved by the best configuration found for each dataset
on each platform using the HIP implementation. The table also includes the speedup
of each platform relative to Frontier, which is the slowest platform in our results. As
noted above, Frontier did not have full SYCL support at the time of this work.

These results provide an exploratory view of how the same HIP implementation
behaves across different execution environments. We emphasize that these platforms
differ substantially in architecture, memory hierarchy, clock frequency, and software
stack, and that the MI250X GPU is evaluated using a single die. Therefore, the results
presented in this section should not be interpreted as a controlled comparison across
GPU vendors, but rather as observations specific to the considered implementations
and experimental setup.

Under these conditions, we observe that the Lovelace system achieves an average
speedup of 1.47x and 2.22x over Perlmutter and Frontier, respectively, while Perl-
mutter achieves an average speedup of 1.48x over Frontier. For MNIST, the smallest
dataset, the differences are more pronounced. This can be attributed to fixed overheads
(such as data transfers, CPU-side FS, and kernel launch costs) having a relatively larger
impact when the computational workload is small.

The observed performance differences across systems are influenced by multiple
interacting factors related to both hardware characteristics and software execution.
In particular, the mRMR workload relies heavily on atomic operations with irregular
memory access patterns during frequency computation, followed by a more structured
but computationally intensiveMI calculation. The first step has been empirically iden-
tified as the dominant bottleneck due to its reliance on global-memory atomics and
limited locality, while the second step benefits from more regular access patterns.
Several architectural factors may contribute to the observed behavior, including dif-
ferences in atomic operation latency, cache hierarchy (especially L2 cache capacity
and behavior), register usage and its impact on occupancy, and operating frequency.
For example, global-memory atomics are coordinated across thread blocks and may
rely on different memory subsystems depending on the architecture. Larger L2 caches
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can help mitigate contention and reduce effective latency, while higher clock fre-
quencies may improve responsiveness to memory stalls. In our experiments, the best
configurations identified by the autotuner tend to favor the use of global memory with
atomics over shared-memory-based approaches for frequency computation.

However, we did not perform detailed hardware-level profiling to isolate and quan-
tify the contribution of each of these factors. Therefore, the above considerations
should be interpreted as potential contributing factors consistent with the observed
behavior, rather than definitive explanations of the performance differences.

Overall, these results highlight that cross-platform performance differences are
highly dependent on the interaction betweenworkload characteristics, implementation
choices, backend behavior, and system configuration. Consequently, they should be
interpreted within the scope of the specific experimental setup used in this study, rather
than as general conclusions about GPU architectures.

7.4 Discussion

Regarding performance, the experimental results from the previous subsection do not
show a significant difference between the runtimes of the HIP and CUDA imple-
mentations. Although there is a high variance depending on the characteristics of the
analyzed dataset, the SYCL implementation shows an average performance loss of
about 6% (see Sect. 7.2). This validates our decision to implement a multi-backend
approach rather than adopting SYCL (the most portable of the three programming
models as of today). The observed SYCL behavior is in line with the conclusions of
previous works [13, 18] already cited in Sect. 2. In our case, the performance drop
may be related to overheads in certain operations (such as kernel invocation and data
transfer to the GPU), compiler/runtime behavior, and the lack of an equivalent to the
__launch_bounds__ qualifier at the time of this research.

These results should be interpreted in the context of the software environments
reported in Table 3. Since this work compares backend implementations compiled
with different toolchains and runtimes, the observed differences reflect the combined
effect of the programming model, compiler/runtime maturity, and system configura-
tion. In particular, the small differences observed betweenCUDAandHIP onNVIDIA
GPUs should be interpreted as comparable performance rather than as a meaningful
advantage of either backend.

Previous studies have demonstrated the effectiveness of BO-based searches com-
pared to random searches [23, 24, 28], as well as search acceleration when using TL
from previous searches in similar architectures [27]. In our results, the BO-guided step
that follows the random evaluation achieved 22% faster configurations. For example,
compared to the HIP implementation, SYCL shows an average performance drop
of 9.33% when running random configurations, while this drop is reduced to about
6.16%when using the guided search. The search space for each backend, platform, and
dataset consists of more than 100 million combinations in total, while the BO-based
search finishes after an average of 49 evaluations. While we recognize that these BO
searches may not have explored the optimal configuration during these evaluations, as
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practitioners we are satisfied with a near-optimal solution that reduces the time spent
navigating such a large search space.

Furthermore, as shown in Sect. 7.3, performance differences are observed across the
evaluated systems when using the same HIP implementation. Under the experimental
conditions considered in this work, the AMD MI250X exhibits lower performance
than the NVIDIA A100. These results depend on multiple factors, including the char-
acteristics of the mRMR workload (which relies heavily on atomic operations), the
implementation strategy, the HIP backend, the compiler and runtime environment, and
the use of a single die of the MI250X. Several factors may contribute to this behavior.
In particular, since the implementation is latency-bound due to the use of atomics,
it is relevant to consider how atomic operations are handled on different platforms.
While we use INT32 atomics to compute frequencies, some architectures may require
specific compiler options (e.g.,-munsafe-fp-atomics) to fully exploit hardware
capabilities, and not using them may result in missed optimization opportunities12.13

While tools exist to quantify portability effort [33], such an analysis is beyond the
scope of this work. However, our experience as developers provides valuable insights.
Translating CUDA code to HIP was straightforward, given the similar C-based syn-
tax and programming structure. Perhaps the most significant difference is that some
recent CUDA features may not yet be available or mature in HIP. Porting the imple-
mentation to SYCL required more substantial restructuring. The underlying GPU
execution hierarchy is conceptually similar, but SYCL exposes it through different
abstractions. These differences made the SYCL implementation less direct and intro-
duced a steeper learning curve, while also providing flexibility to target both GPUs
and multicore CPUs.

Finally, we note that this study focuses on the mRMR algorithm, which is rep-
resentative of MI-based FS methods. Its implementation is dominated by histogram
construction, atomic operations, and irregularmemory accesses,which are also present
in other MI- and Conditional MI (CMI)-based methods. While different algorithms
may combine these operations in different ways, potentially affecting portability and
tuning behavior, we expect that several of the observed trends extend to this broader
class of methods. Therefore, the conclusions of this work should be interpreted within
the scope ofMI-based FS. In this context, and considering our mRMR implementation
and the tested platforms, our observations suggest the following guidelines:

• For porting an existing CUDA mRMR codebase to AMD GPUs, HIP is a natural
choice, as it requires limited restructuring and enables execution on the tested
AMD platform.

• For this workload on NVIDIA GPUs, CUDA and HIP achieve comparable opti-
mized performance, making HIP a reasonable option when a CUDA-like codebase
targeting both NVIDIA and AMD GPUs is desired.

• SYCL requires more substantial restructuring and is slower in our NVIDIA exper-
iments, but remains attractive when broader source-level portability is the main
objective.

12 https://github.com/intel/llvm/issues/7179
13 https://docs.olcf.ornl.gov/systems/crusher_quick_start_guide.html
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8 Conclusions

We have studied the implementation of GPU-accelerated FS using the mRMR algo-
rithm across multiple programming backends (CUDA, HIP, and SYCL), analyzing
how autotuning techniques can be used to obtain efficient configurations across differ-
ent execution environments. In this work, we formulated the optimization process as
a search problem and applied BO with TL to tune the performance parameters of each
backend–platform combination. On average, the search required only 49 evaluations
per scenario, representing a small fraction of the total search space.

The performance evaluation showed that when properly tuned, CUDA and HIP
achieve comparable performance on NVIDIA platforms. This indicates that HIP can
effectively exploit the underlying hardware while maintaining a CUDA-like program-
ming model, making it a practical option when targeting multiple platforms with
similar codebases. In contrast, SYCL exhibited a moderate performance gap in our
experiments on NVIDIAGPUs, whichmay be related to differences in runtime behav-
ior, compiler maturity, and the lack of certain low-level optimization mechanisms
available in CUDA and HIP at the time of this study. The results also illustrate the
importance of autotuning in adapting performance parameters to each backend and
execution environment. The use of BO enabled the efficient exploration of a large con-
figuration space and consistently identified high-performance configurations without
requiring exhaustive searches.
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