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Abstract—Massive Multiple-Input-Multiple-Output is a crucial
technology for Next-Generation networks (Next-G). It uses hun-
dreds of antennas at transceivers to exchange data. However, its
accurate signal detection relies on solving an NP-hard optimiza-
tion problem in real-time latency. In this poster, we propose a new
GPU-based detection algorithm that demonstrates the positive
impact of low-precision arithmetic with multiple GPUs to achieve
next-G latency/scalability/accuracy requirements. Our approach
iteratively extends a solution with several symbols representing
the best combination out of the aggregated levels. The compu-
tation at each iteration is formulated as a matrix multiplication
operation to leverage GPU architectures. The obtained results
using A100 GPU show a 1.7× improvement by exploiting half-
precision arithmetic without loss in accuracy. Furthermore, our
low-precision multi-GPU version with four A100 GPUs is 4×
faster than the single-precision single GPU version and 40× faster
than a similar parallel CPU implementation executed on a two-
socket 28-core IceLake CPU with 56 threads.

Index Terms—Half-precision arithmetic, Multi-GPU, Multi-
Level approach, Massive MIMO system.

I. INTRODUCTION

Recent Graphics Processing Unit (GPU) accelerators are
equipped with tensor cores that can deliver unprecedented
compute power by reducing the floating-point precision. Their
impact on the wireless communication field in general and
Massive Multiple-Input Multiple-Output (M-MIMO), in par-
ticular, has not been studied yet. M-MIMO technology is
and will continue to be an essential part of Next-Generation
(Next-G) mobile communication networks. It uses hundreds
of antennas to send and receive data, which allows to support
an enormous amount of data exchanged in the fifth-generation
mobile communication [2], [4]. However, the more antennas
we use, the more difficult it becomes to achieve a low error rate
under a real-time requirement. In the literature, we find two
main categories of detection algorithms: linear and non-linear
detection algorithms. On the one hand, linear detection al-
gorithms like Zero-Forcing (ZF) and Minimum-Mean-Square
Error (MMSE) [5] operate under real-time requirements but
fail to achieve a good error performance for a dense constel-
lation. On the other hand, non-linear detection algorithms such

as Sphere Decoder (SD) and maximum likelihood (ML) [1],
[3] give an excellent estimation of the transmitted data but
fail to operate under a practical latency requirement due to
the exponential complexity. In this poster, we demonstrate the
positive impact of using low-precision computation along with
multiple GPUs to improve the latency/scalability/accuracy
of M-MIMO detection to meet Next-G requirements. The
proposed approach iteratively extends a single solution (empty
initially) with several symbols representing the best combina-
tion of the combined tree symbols. The computation at each
iteration is formulated as matrix algebra operations. The more
levels we put together, the larger the matrices we manipulate,
and the more accurate our approach becomes. However, the
complexity also increases considerably. To satisfy a practical
real-time requirement, we rely on half-precision floating-point
arithmetic and multi-GPUs. Our proposed three-step technique
leverages recent GPU architectures to perform in successive
phases: (1) matrix multiplication, (2) square-norm calculation,
and (3) sorting based on a reduction process.

The obtained results using A100 GPU show a 1.7× im-
provement factor by going from single (32-bit floating point
operations (FP32)) to half-precision (16-bit floating point
operations (FP16)) mode without any loss in accuracy (error
rate performance). The reported speedup comes mostly from
the overhead mitigation of data movement thanks to FP16
representation. Indeed, our computations operate on short and
wide matrices, i.e., with the number of columns (all possible
paths) much higher than the number of rows (the level count).
Such matrix shape does not engender enough data reuse
for such operation to be in the compute-bound regime of
execution, as usually noticed for traditional square matrix-
matrix multiplication.

Moreover, scaling to multiple GPUs further reduces the
time-to-solution of the main kernel, i.e., the matrix-matrix
multiplication. This latter represents more than 80% of the
elapsed time for dense constellations. The idea is to simultane-
ously execute matrix-matrix multiplications from subsequent
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(a) Multi-Level (ML) and optimal SD error rate results
11x11 MIMO with 16-QAM.
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(b) ML and optimal SD latency results
11x11 MIMO with 16-QAM.
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(c) Throughput (Bits/second) for a 100×100
MIMO with 64-QAM modulation.
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Fig. 1: Accuracy, latency and throughput of our GPU ML approach.
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Fig. 2: Complexity and speedup for a 100× 100 MIMO with 64-QAM modulation.

iterations using multiple GPUs. However, the remaining 20%
of the code must be executed sequentially, which may impede
strong scaling performance. The obtained results meet the
Next-G requirements in terms of real-time processing. Indeed,
our multi-GPU version with four A100 GPUs is up to 2.3×
faster than the single GPU version with half-precision mode
and achieves up to 4× improvement factor compared to the
single-precision single GPU approach. Considering Amdahl’s
law, these reported results are near ideal speedup. In addi-
tion, our multi-GPU version is 40× faster than a similar
parallel CPU implementation executed on a two-socket 28-
core IceLake CPU with a total of 56 threads. As a result,
we eventually achieve decent time complexity, performance
scalability, and error rate. We believe this work will promote
our low-precision multi-GPU approach within the wireless
communication community to tackle challenging M-MIMO
configurations with the advent of Internet of Things (IoTs).

II. PROBLEM FORMULATION

In this poster, we consider a M × N MIMO system
consisting of M transmit antennas and N receive antennas.
It can be described by the following input-output relation :

y = Hs+ n,

where the vector y = [y0, ..., yN−1]
T represents the received

signal. H is an N ×M channel matrix, where each element

hij is a complex Gaussian random variable, with mean 0
and variance 1, modeling the fading gain between the j-th
transmitter and i-th receiver. The vector s = [s0, ..., sM−1]
represents the transmitted vector, where si belongs to a finite
alphabet set denoted by Ω. Finally, n = [n0, ..., nN−1]

T

represents the additive white Gaussian noise. For convenience,
let us consider S as the set of all possible combinations of the
transmitted vector s. The possible number of combinations
corresponds to the complexity of the MIMO system, and it is
calculated as follows: |S|=|Ω|M .
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