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Community Detection via Label Propagation (HLP)
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Community Detection via Label Propagation (HLP)
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» each hyperedge selects most frequent
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Community Detection via Label Propagation (HLP)
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Optimization #2 — Phase Decomposition
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Optimization #3 — Label Aggregation

Global Memory
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Implementation across Programming Models
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Abstract—Understanding community formation is a funda-
mental task in network science, as it reveals the structural
organization of complex networks and provides insights into the
functional roles and interactions of their nodes. Recently, hy-
pergraphs have emerged as a powerful framework for modeling
high-order relationships in real-world systems, capturing multi-
entity relations beyond traditional pairwise connections. However,
efficiently processing hypergraphs on GPUs remains challenging
due to their inherent sparsity and structural irregularity, leading
to poor memory locality and load imbalance. Given that the
world’s most powerful supercomputers are equipped with GPUs
from different vendors, such as AMD, Intel, and NVIDIA,
a portable performance solution is essential to exploit these
systems effectively without rewriting the entire codebase for each
platform. In this work, we pursue this objective by evaluat-
ing three portable programming models, OpenMP, SYCL, and
Kokkos, applied to the label propagation community detection
algorithm for hypergraphs, examining their programmability and
performance on heterogeneous GPU architectures.

Index Terms—Label Propagation, Hypergraphs, Portable Pro-
gramming Models, GPU

I. INTRODUCTION

Community detection is the process of identifying groups
of nodes in a network that are more densely connected to
each other than to the rest of the network. Mining these
local network structures can reveal the organizational prin-
ciples and operational functions of a variety of real-world
systems, ranging from news spreading to protein identification
with similar biological functions to collaboration patterns [1].
Traditionally, complex systems have been successfully stud-
ied through graphs abstracting the underlying relations with
nodes and edges connecting pairs of interacting components.
However, many real-world dynamics are inherently high-
order and cannot be described simply in terms of pairs [2].
Recently, hypergraphs have emerged as a powerful framework
for naturally modeling such many-to-many relations [3].

A hypergraph is a generalization of a graph, where a (hy-
per)edge can connect an arbitrary number of nodes [4]. Such
structures can easily abstract social systems where individuals
interact in groups of any size (e.g., co-authorship collabora-
tion network) as well as high-order relations in biological,
ecological, and neuroscience systems [2]. Despite their pow-
erful expressiveness, hypergraphs introduce significant com-
putational and algorithmic challenges. Like graphs, handling
hypergraphs on GPUs is particularly complicated due to their
sparse and irregular structure [5]. Traditional representations

Francesco Monzillo
University of Salerno
Fisciano, Italy

Alessia Antelmi
University of Turin
Turin, Italy

Biagio Cosenza
University of Salerno
Fisciano, Italy

such as incidence lists or incidence matrices are poorly suited
to GPUs, as they require indirect and irregular memory ac-
cesses that are difficult to organize into contiguous, coalesced
memory accesses. As a result, hypergraph workloads often
exhibit uncoalesced memory access patterns and severe branch
divergence, hindering GPU utilization and leading to uneven
thread workload distribution. Designing efficient data layouts
and parallel execution strategies is therefore non-trivial, espe-
cially when targeting diverse GPU architectures. Moreover, the
increasing heterogeneity of systems in TOP500 [6]-featuring
NVIDIA, AMD, and Intel accelerators—has further motivated
the adoption of portable programming models such as SYCL,
OpenMP target offload, and Kokkos to ensure performance
between vendors while avoiding lock-in.

This work presents and evaluates three portable GPU
implementations of the Label Propagation (LP) community
detection algorithm designed for hypergraphs [7] using SYCL,
OpenMP target offload, and Kokkos. Our analysis provides a
comprehensive comparison of their programmability, perfor-
mance, and performance portability across AMD, Intel, and
NVIDIA GPUs, under a common optimization scenario. This
study highlights the trade-offs among these models in handling
irregular, memory-bound workloads and identifies key factors
influencing their efficiency on heterogeneous architectures.
The contributions of our work can be summarized as follows:

e We provide the first implementation of the Label Prop-
agation algorithm for hypergraphs on GPUs using three
portable programming models—SYCL, OpenMP target
offload, and Kokkos;

« We introduce a uniform set of GPU optimizations, includ-
ing coalesced hypergraph topology access, degree-aware
phase decomposition, and shared-memory reuse, applied
across all programming models;

o We offer a benchmark across AMD, Intel, and NVIDIA
GPUgs, collecting key hardware-level metrics and analyz-
ing performance portability and productivity differences
among SYCL, OpenMP, and Kokkos.

II. BACKGROUND

A. Community Detection on Hypergraphs and the Label Prop-
agation Algorithm

Let H = (V,FE) be a hypergraph where V is a finite
set of vertices, and F is a set of non-empty subsets of V,

PDP 2026: 34th Euromicro International Conference on Parallel, Distributed, and Network-Based Processing
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memory accesses. As a result, hypergraph workloads often
exhibit uncoalesced memory access patterns and severe branch
divergence, hindering GPU utilization and leading to uneven
thread workload distribution. Designing efficient data layouts
and parallel execution strategies is therefore non-trivial, espe-
cially when targeting diverse GPU architectures. Moreover, the
increasing heterogeneity of systems in TOP500 [6]—featuring
NVIDIA, AMD, and Intel accelerators—has further motivated
the adoption of portable programming models such as SYCL,
OpenMP target offload, and Kokkos to ensure performance
between vendors while avoiding lock-in.

This work presents and evaluates three portable GPU
implementations of the Label Propagation (LP) community
detection algorithm designed for hypergraphs [7] using SYCL,
OpenMP target offload, and Kokkos. Our analysis provides a
comprehensive comparison of their programmability, perfor-
mance, and performance portability across AMD, Intel, and
NVIDIA GPUs, under a common optimization scenario. This
study highlights the trade-offs among these models in handling
irregular, memory-bound workloads and identifies key factors
influencing their efficiency on heterogeneous architectures.
The contributions of our work can be summarized as follows:

e We provide the first implementation of the Label Prop-
agation algorithm for hypergraphs on GPUs using three
portable programming models—SYCL, OpenMP target
offload, and Kokkos;

« We introduce a uniform set of GPU optimizations, includ-
ing coalesced hypergraph topology access, degree-aware
phase decomposition, and shared-memory reuse, applied
across all programming models;

o We offer a benchmark across AMD, Intel, and NVIDIA
GPUs, collecting key hardware-level metrics and analyz-
ing performance portability and productivity differences
among SYCL, OpenMP, and Kokkos.

II. BACKGROUND
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agation Algorithm
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entity relations beyond traditional pairwise connections. However,
efficiently processing hypergraphs on GPUs remains challenging
due to their inherent sparsity and structural irregularity, leading
to poor memory locality and load imbalance. Given that the
world’s most powerful supercomputers are equipped with GPUs
from different vendors, such as AMD, Intel, and NVIDIA,
a portable performance solution is essential to exploit these
systems effectively without rewriting the entire codebase for each
platform. In this work, we pursue this objective by evaluat-
ing three portable programming models, OpenMP, SYCL, and
Kokkos, applied to the label propagation community detection
algorithm for hypergraphs, examining their programmability and
performance on heterogeneous GPU architectures.

Index Terms—Label Propagation, Hypergraphs, Portable Pro-
gramming Models, GPU

I. INTRODUCTION

Community detection is the process of identifying groups
of nodes in a network that are more densely connected to
each other than to the rest of the network. Mining these
local network structures can reveal the organizational prin-
ciples and operational functions of a variety of real-world
systems, ranging from news spreading to protein identification
with similar biological functions to collaboration patterns [1].
Traditionally, complex systems have been successfully stud-
ied through graphs abstracting the underlying relations with
nodes and edges connecting pairs of interacting components.
However, many real-world dynamics are inherently high-
order and cannot be described simply in terms of pairs [2].
Recently, hypergraphs have emerged as a powerful framework
for naturally modeling such many-to-many relations [3].

A hypergraph is a generalization of a graph, where a (hy-
per)edge can connect an arbitrary number of nodes [4]. Such
structures can easily abstract social systems where individuals
interact in groups of any size (e.g., co-authorship collabora-
tion network) as well as high-order relations in biological,
ecological, and neuroscience systems [2]. Despite their pow-
erful expressiveness, hypergraphs introduce significant com-
putational and algorithmic challenges. Like graphs, handling
hypergraphs on GPUs is particularly complicated due to their
sparse and irregular structure [5]. Traditional representations
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such as incidence lists or incidence matrices are poorly suited
to GPUs, as they require indirect and irregular memory ac-
cesses that are difficult to organize into contiguous, coalesced
memory accesses. As a result, hypergraph workloads often
exhibit uncoalesced memory access patterns and severe branch
divergence, hindering GPU utilization and leading to uneven
thread workload distribution. Designing efficient data layouts
and parallel execution strategies is therefore non-trivial, espe-
cially when targeting diverse GPU architectures. Moreover, the
increasing heterogeneity of systems in TOP500 [6]—featuring
NVIDIA, AMD, and Intel accelerators—has further motivated
the adoption of portable programming models such as SYCL,
OpenMP target offload, and Kokkos to ensure performance
between vendors while avoiding lock-in.

This work presents and evaluates three portable GPU
implementations of the Label Propagation (LP) community
detection algorithm designed for hypergraphs [7] using SYCL,
OpenMP target offload, and Kokkos. Our analysis provides a
comprehensive comparison of their programmability, perfor-
mance, and performance portability across AMD, Intel, and
NVIDIA GPUs, under a common optimization scenario. This
study highlights the trade-offs among these models in handling
irregular, memory-bound workloads and identifies key factors
influencing their efficiency on heterogeneous architectures.
The contributions of our work can be summarized as follows:

e We provide the first implementation of the Label Prop-
agation algorithm for hypergraphs on GPUs using three
portable programming models—SYCL, OpenMP target
offload, and Kokkos;

« We introduce a uniform set of GPU optimizations, includ-
ing coalesced hypergraph topology access, degree-aware
phase decomposition, and shared-memory reuse, applied
across all programming models;

o We offer a benchmark across AMD, Intel, and NVIDIA
GPUs, collecting key hardware-level metrics and analyz-
ing performance portability and productivity differences
among SYCL, OpenMP, and Kokkos.

II. BACKGROUND

A. Community Detection on Hypergraphs and the Label Prop-
agation Algorithm

Let H = (V,FE) be a hypergraph where V is a finite
set of vertices, and E is a set of non-empty subsets of V,
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