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ABSTRACT
Gaussian Processes (GPs) are a powerful tool for probabilistic mod-

eling, but their performance is often constrained in complex, large-

scale real-world domains due to the limited expressivity of classi-

cal kernels. Quantum computing offers the potential to overcome

this limitation by embedding data into exponentially large Hilbert

spaces, capturing complex correlations that remain inaccessible

to classical computing approaches. In this paper, we propose a

Distributed Quantum Gaussian Process (DQGP) method in a multi-

agent setting to enhance modeling capabilities and scalability. To

address the challenging non-Euclidean optimization problem, we

develop a Distributed consensus Riemannian Alternating Direction

Method of Multipliers (DR-ADMM) algorithm that aggregates local

agent models into a global model. We evaluate the efficacy of our

method through numerical experiments conducted on a quantum

simulator in classical hardware. We use real-world, non-stationary

elevation datasets of NASA’s Shuttle Radar Topography Mission

and synthetic datasets generated by Quantum Gaussian Processes.

Beyond modeling advantages, our framework highlights poten-

tial computational speedups that quantum hardware may provide,

particularly in Gaussian processes and distributed optimization.
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1 INTRODUCTION
Decision-making in autonomous systems relies on reliable uncer-

tainty quantification. Gaussian processes (GPs), as an inherently

probabilistic modeling technique, satisfy the need through accurate

predictions and principled uncertainty estimation. To learn a GP

model that characterizes the intrinsic dynamics of an unknown

environment, an agent typically samples informative data points

from the environment. However, training a GP model on 𝑁 sam-

ples involves O(𝑁 3) computations and O(𝑁 2) memory. When a

single agent is responsible for exploration and computation, the
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process becomes not only computationally demanding but also

time-sensitive, as the agent must physically traverse all locations

to gather samples. This limitation restricts the applicability of GPs

to large-scale datasets and environments—conditions commonly

encountered in autonomous systems—especially for single-agent

systems. To this end, GP approximations have been introduced that

can be broadly categorized into two main classes: exact aggregation

methods and inducing point-based approximationmethods [35].We

focus on the former class which serve as distributed GP (DGP) ap-

proaches [11, 23, 26]. These methods enable GP training on dataset

sizes that would otherwise be infeasible for a single agent. In partic-

ular, they deploy multiple agents in local regions of the input space,

allowing each to learn a local GP model that captures regional

characteristics. The local GP models are then aggregated through

multi-agent coordination to form a global GP model. FACT-GP [11]

and its generalized version g-FACT-GP [34] enforce partitioning of

sampled data, and the resulting local posteriors are subsequently

aggregated. In addition, apx-GP [54] and gapx-GP [24] reach global

consensus by using the multi-agent Alternating Direction Method

of Multipliers (ADMM) [6]. By distributing both data storage and

computational effort among agents, DGP methods effectively over-

come the scalability limitations of standard GPs.

Gaussian Processes employ kernel functions [22] to model the

correlations among the data points by projecting them into a high-

dimensional feature space. This mapping enables GPs to capture

complex relationships. However, the classical kernels possess lim-

ited expressivity due to the underlying mathematical formulation

that is tractable on classical hardware. This shortcoming can be

addressed through the emerging field of quantum computing. Our

goal in this work is to leverage quantum computing to develop pow-

erful and scalable GPs. Specifically, we aim to design a distributed

framework for Quantum Gaussian Processes that exploits the ex-

pressive capability of quantum kernels while efficiently distributing

the computational and memory load across multiple agents.

The current generation of quantum hardware, termed as the

NISQ (Noisy Intermediate-Scale Quantum) era [43], lacks fault tol-

erance, making it challenging to realize a clear quantum advantage.

This limitation has motivated the development of several hybrid

quantum-classical techniques, termed as variational quantum al-

gorithms (VQAs) [5]. VQAs employ parameterized quantum cir-

cuits [3], where each circuit parameter serves as an optimization

variable adjusted to minimize a cost function. The system dynamics

are modeled within the quantum domain, enabling faster gradi-

ent evaluation [50], while parameter updates are performed using

classical optimizers. A notable example of VQA is the Quantum

Approximate Optimization Algorithm (QAOA) [18], widely applied

to combinatorial optimization problems. However, VQAs face sev-

eral challenges, including the optimization landscape that often

contains large, flat regions which cause gradients to vanish. This
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phenomenon is called barren plateaus [30] and remains an active
research topic [10, 38, 41, 42, 45]. Moreover, with the advancement
of quantum hardware, exempli�ed by the milestone achievement
of quantum supremacy [2], it becomes crucial to devise quantum al-
gorithms that can be implemented in a parallelized and distributed
fashion [39], where quantum circuit evaluations can be allocated to
multiple quantum processors to enhance scalability and robustness.

A major advancement in quantum computing in recent years
has been the introduction of quantum kernel functions [20], which
have led to the development of Quantum Gaussian Processes (QGPs)
[44]. Quantum kernels incorporate parameterized quantum circuits,
called Quantum Encoding Circuits [21], to embed classical data
into the quantum domain. Considerable research work has been
conducted to designing kernels with the goal of achieving optimal
alignment between quantum feature space and classical data labels.
Beyond QGPs, these quantum kernels have proven bene�cial in
other domains of machine learning [1, 49]. In particular, [7, 40]
employ quantum kernels with reinforcement learning in multi-
agent settings. In addition to QGP training, signi�cant e�orts have
been directed to leveraging quantum algorithms for GP inference.
Numerous methods [8, 12, 14, 29, 56] have been formulated based
on the Harrow-Hassidim-Lloyd (HHL) algorithm [36] to accelerate
the computation of inverse kernel matrices required for prediction.

Contribution. The contribution of this paper is twofold. First, we in-
troduce the distributed consensus Riemannian ADMM (DR-ADMM)
optimization that can e�ciently train parameterized quantum cir-
cuits across multiple agents. Next, we formulate the distributed
quantum gaussian process (DQGP), which successfully scales the
expressive power of quantum kernels utilizing quantum aspects
of entanglement, superposition and measurements to handle com-
plex, multi-agent scenarios (Fig. 1). Numerical experiments on non-
stationary �elds demonstrate the enhanced performance of the
proposed method compared to other classical approaches.

2 PROBLEM FORMULATION
In this section, we discuss classical GPs, the function-space view of
GPs that connects classical to quantum computing, quantum GP
regression, distributed classical GP training, and state the problem.

2.1 Classical Gaussian Processes (GPs)
GP regression is a non-parametric Bayesian modeling approach [15]
that provides a probability distribution over an in�nite-dimensional
space of functions. The system observations are modeled as~¹xº =
5 ¹xº ¸n, wherex 2 R� is the input of a D dimensional space,~ 2 R
is the corresponding label,5 ¹xº � GP¹0• : ¹x• x0ºº is a zero-mean
GP with covariance function: : R� � R � ! R , andn � N ¹ 0• f 2

nº
the i.i.d. zero mean Gaussian measurement noise with variance
f 2

n ¡ 0. The objective of GP regression then is to estimate the latent
function 5 given datasetD = fX• yg with inputs X = fx =g#

==1,
outputs y = f~=g#

==1, where # is the number of observations.
We determine the hyperparameters) of the covariance function

by using maximum likelihood estimation. The negative marginal
log-likelihood function takes the form of,

L = log ?¹y j Xº =
1
2

�
yü C�1

) y ¸ log jC ) j ¸ # log¹2cº
�
• (1)

whereC\ = K ¸ f 2
n I# is the positive de�nite covariance matrix and

K = : ¹X • X º � 0 2 R # �# is the positive semi-de�nite correlation
matrix between inputs of X. The GP training problem yields,

)̂ = arg min
)

yü C�1
) y ¸ log jC ) j• (2)

which can be solved using gradient-based optimization methods
with partial derivative of the objective,
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2.2 Function-Space View of Gaussian Processes
The preceding discussion of GPs focuses on a formulation in a
�nite-dimensional space associated with a discrete datasetfX• yg.
We can generalize to an in�nite-dimensional function-space view,
where a GP is de�ned as5 ¹xº � GP¹<¹x º• : ¹x• x 0ºº with <¹x º
the mean function and: ¹x• x 0º the covariance function [48]. In this
way, a GP can be interpreted as a collection of random variables,
any �nite subset of which follows a joint Gaussian distribution.
This allows the GP to assign probabilities over the space of possible
functions, governed by the prior induced by the covariance. The
function-space view provides a critical link to the kernel function̂
through the associated feature map q, expressed as,

^¹x• x0º = q ¹xºüq ¹x0º” (4)

In classical computing settings, the kernel function measures the
correlation between two data points in a high-dimensional fea-
ture space without explicitly mapping the data into that space. In
the quantum domain, the classical data are encoded into quantum
states within a quantum Hilbert space using Quantum Encoding
Circuits [46]. The Hilbert space is exponentially large, and thus a
classical computer would struggle even to represent the quantum
states, let alone compute their inner product(4). Quantum kernel
functions [47] enable the estimation of correlations between these
encoded quantum states, capturing complex and highly non-linear
relationships in the original classical data.

2.3 Quantum Gaussian Processes (QGPs)
The �rst step in constructing a Quantum Gaussian process (QGP) is
to encode classical data into quantum states. This is achieved using
Quantum encoding circuits which implement a mapping from a clas-
sical data vectorx 2 R� to a quantum statejkx i in quantum Hilbert
spaceH• given by� : x ! jk x i = * ¹x• ) º j0i 
@ • where� is the
encoding map,* ¹x• ) º a unitary operator representing the entire
quantum encoding circuit with) the trainable hyperparameters,
and j0i 
@ the initial quantum state of a system comprising@qubits.
The circuit* ¹x• ) º is composed of quantum unitary logic gates [53],
primarily rotational gatesRX ¹2 X• \Gº• RY¹2 Y• \~º• RZ¹2 Z• \ I º with
2� 2 Pauli matrices¹2 X• 2Y• 2Zº and their controlled versions. Ad-
ditional gates include the Hadamard H, Phase P,CNOT, and the
SWAPgate. Moreover,* ¹x• ) º can be]-layered with an identical
gate structure in each layer, i.e.,* ¹x• ) º = * �nal * ] ¹x• ) ]º ” ” ” *1¹x• )1º.

After encoding the classical data vectorsx andx0 into the quan-
tum statesjkx i and jkx0i respectively, the quantum kernel func-
tion ^ computes the correlation between the states which can then
be used to populate the GP covariance matrixC) ¹x• x0º. A repre-
sentative quantum kernel is the �delity kernel̂F [55] derived from
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