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ABSTRACT

With multi-agent systems advancing to high-dimensional and un-
certain spaces, classical learning and control methods encounter
fundamental challenges related to the curse of dimensionality and
limited expressivity. Quantum computing offers the potential to
overcome the shortcomings by embedding data into exponentially
large Hilbert spaces, capturing complex correlations. We first pro-
pose a Distributed Quantum Gaussian Process (DQGP) framework
enabling agents to collaboratively learn a high-fidelity global model
of the environment through improved modeling capabilities and
scalability. Numerical evaluations on non-stationary NASA SRTM
datasets demonstrate the enhanced predictive and uncertainty esti-
mation performance of DQGP compared to the classical Distributed
Gaussian Processes. The findings lead to the next research phase: de-
veloping a Quantum-enhanced Learning Model Predictive Control
architecture that results in robust, adaptive, and scalable coordina-
tion and control of multiple agents in complex scenarios.
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1 INTRODUCTION

For large-scale multi-agent systems, coordination and control present
a fundamental challenge, especially when the system needs to learn
complex models of the environment and perform optimal control
under uncertainty. Classical models for learning and distributed
control provide a robust framework with theoretical guarantees.
However, an increase in the number of agents or the dimension-
ality of the state-space exposes the scalability challenges of estab-
lished approaches. The surge in dimensionality introduces a level
of complexity that exceeds the expressive power of the classical
frameworks. This research proposes a novel combination of quan-
tum information theory with cooperative learning-based control,
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exploring the efficacy of quantum-enhanced algorithms in mitigat-
ing the classical constraints. By leveraging the high expressivity
of quantum kernels using the Hilbert latent space representation
and the computational speedup of quantum-enhanced optimization
schemes; the aim is enabling multiple agents to operate with high
fidelity in large-scale and uncertain environmental spaces.

Attaining high-fidelity control requires a modeling methodology
that can accurately characterize the uncertain residual dynamics in
a computationally tractable manner. Gaussian processes (GPs), as
an inherently probabilistic learning technique, satisfy the need for
reliability through accurate predictions and principled uncertainty
estimation; however, training a GP that models the intrinsic dynam-
ics of an unknown environment using N samples involves O(N®)
computations and O(N?) memory. Distributed GP (DGP) methods
[4, 6, 15, 18, 23] effectively overcome the scalability limitations of
standard GP by distributing both data storage and computational
effort among multiple agents. Distributed Gaussian Processes em-
ploy kernel functions [14] to model the correlations among the
data points by projecting them into a high-dimensional feature
space. The mapping enables DGPs to capture complex relationships.
However, the classical kernels are limited in their expressivity due
to the underlying mathematical formulation that is tractable on
classical hardware.

Motivated by the need for higher-dimensional representation,
the first phase of the research proposes a Distributed Quantum
Gaussian Process (DQGP) [9] framework for accurately learning
the environment and unknown dynamics in multi-agent systems.
The emerging field of quantum computing [2, 3, 19] is leveraged
to model high-dimensional correlations. A major advancement
in quantum computing in recent years has been the introduction
of quantum kernel functions [12], which have led to the devel-
opment of Quantum Gaussian Processes (QGPs) [20] among oth-
ers [1, 21]. Quantum kernels incorporate parameterized quantum
circuits, called Quantum Encoding Circuits [22], to embed classical
data into the quantum domain. Considerable research has focused
on designing kernels to achieve optimal alignment between quan-
tum feature spaces and classical data labels. Beyond QGPs, the
quantum kernels have proven beneficial in other domains of quan-
tum machine learning tasks [1, 21]. Accordingly, our proposed
DQGP approach yields up to a two-fold reduction in prediction
error by leveraging the enhanced expressivity of quantum kernels
while maintaining computational scalability. The success of the
presented learning framework establishes a crucial foundation for
the subsequent control research, where the objective is to combine
learning in the Quantum Hilbert space with quantum-enhanced
model predictive control architectures for multi-agent systems.
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Figure 1: The structure of the proposed DQGP with 4 agents. The consensus algorithm is the proposed DR-ADMM optimization.

2 DISTRIBUTED QUANTUM GAUSSIAN
PROCESSES

The goal in this preliminary work is to perform scalable and highly
expressive distributed probabilistic modeling using quantum ker-
nels and a novel Riemannian optimization framework. The quan-
tum kernel lifts classical data into a high-dimensional Hilbert space
via quantum encoding circuits. Fig. 1 shows the Hubregtsen En-
coding Circuit [13] along with the proposed methods: DQGP and
DR-ADMM. The Hubregtsen Encoding Circuit induces quantum
effects by utilizing the Hadamard gates H for superposition and
conditional-R; gates to generate entanglement, while parameter-
ized Rz and Ry rotational gates encode the classical data. This
results in the modeling of correlations that classical kernels cannot
represent efficiently. Moreover, the Distributed Riemannian ADMM
(DR-ADMM) consensus algorithm is specifically designed to opti-
mize quantum hyperparameters, corresponding to qubit rotation
angles, on a toroidal manifold rather than Euclidean space. Clas-
sical GP optimization would treat these angles as unconstrained
real variables and fail to capture the intrinsic periodic geometry.
While the work focuses on DQGP regression, DR-ADMM provides
a distributed optimization foundation for applications involving
quantum circuit parameters.

We evaluate the performance of DQGP through numerical exper-
iments conducted on NASA’s Shuttle Radar Topography Mission
(SRTM) [8]. The non-stationary [5] property of the dataset is useful
to assess whether the learned model can fully adapt to the local
features, thus demonstrating its suitability for solving complex
problems. Negative log predictive density (NLPD) and normalized
RMSE (NRMSE) metrics provide a comprehensive assessment of
the approach’s predictive and uncertainty quantification capabil-
ities. Moreover, apx-GP [23] is used as a classical DGP baseline
approach for benchmarking. Aggregating results from different
dataset sizes N = {500, 5000} and number of agents M = {4, 8, 27},
DQGP achieves 65.2% * 16.1% lower NRMSE s than apxGP, and
91.7% + 11.2% improvement in NLPDy. relative to apxGP. The
trend suggests that our approach (DQGP) scales effectively with
network size. The results highlight the potential of DQGP for scal-
able probabilistic modeling on hybrid classical-quantum systems,
paving the way for quantum-enhanced autonomous systems.
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The demonstrated efficacy of DQGP motivated our research
towards assessing the expressive power of quantum kernels. We
aim to quantify the modeling advantages gained from using the
Quantum Hilbert space instead of the classical embedding space.
Ultimately, the study aims to provide insights and broaden the per-
spective of the quantum-enhanced optimization field, demonstrat-
ing that the quantum advantage extends beyond the computational
runtime speedup by including the enhanced expressive power of
quantum kernels.

3 QUANTUM-ENHANCED MULTI-AGENT
CONTROL

The next research trajectory involves bridging the gap between
quantum-enhanced learning and model-based control. [11] presents
a comprehensive review of learning-based control methodologies
and highlights that employing probabilistic learning methods for
real-time control in multi-agent systems necessitates overcoming
the challenges regarding safety guarantees and computational la-
tency. The issue of safety in GP-based Learning Model Predictive
Control (LMPC) for single agents is discussed in [10]. On the other
hand, [17] focuses on the scalability issue of GP-based LMPC for
multi-agent systems. The application of DGP approaches for LMPC
in a multi-agent setting is largely unexplored, presenting a critical
area that this research aims to address.

To formulate a baseline approach for LMPC, we explore the
robust and adaptive GP-RAMPC framework presented in [7] for
a single agent. Then our objective is to scale the approach for
multiple agents. We aim to employ centralized and decentralized
GP training methodologies like apx-GP, gapx-GP, DEC-apx-GP,
and DEC-gapx-GP presented in [15]. For GP prediction, we plan to
explore expert aggregation techniques like PoE, NPAE, BCM, rBCM,
and their respective decentralized versions as shown in [16]. These
approaches provide a good distributed GP learning backdrop for
the robust and adaptive GP-RAMPC to be implemented on multi-
agent systems. Following a rigorous assessment of the established
distributed GP-RAMPC framework, we plan to focus on the limited
expressivity and computational scalability challenges by developing
a quantum-enhanced distributed GP-RAMPC architecture using
quantum kernels.
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