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ABSTRACT
Restricted Boltzmann Machines (RBM) are neural networks that can be used to learn

underlying data distributions. RBMs fall within the class of Energy Based Models, where the de-
pendence between their variables can be represented by an energy function E(v,h). In order to
train this model, different methods have been proposed, with the common goal of approximating
the variable distributions, such as Contrastive Divergence and Persistent Contrastive Divergence. In
this work, we are investigating different ways that Quantum Computing (QC) or Quantum-Inspired
technologies can aid the training process. To accomplish that, a framework that implements different
quantum-assisted training techniques is being developed, leveraging an interface with contrasting
QC platforms.
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1. Introduction
Optimization problems in the QUBO (Quadratic Unconstrained Binary Optimization) for-

mat are gaining great importance over the last few years, as a consequence of the development of
Quantum Computers and other Quantum-Inspired technologies that are well suited to sample solu-
tions for this type of problem. That being said, different techniques such as the Variational Quan-
tum Eigensolver (VQE), Quantum Approximate Optimization Algorithm (QAOA) and Quantum
Annealing are being applied in different contexts where the task at hand can be mapped to a QUBO.

These use cases include Finance [Orus et al., 2019], Engineering [Bernal et al., 2022]
and Machine Learning (ML) [Ajagekar and You, 2020]. Regarding solutions for ML, quantum
computers can be used for two different roles. First, one can use Quantum Machine Learning (QML)
methods which, for nowadays, still require the support of classical machines [Cerezo et al., 2022],
for the size of the problem being tackled takes a heavy toll on the quantum computer execution.

A different path that one might take is the use of quantum computers to help the train-
ing process of classical ML models [Ajagekar and You, 2020]. A relevant example for this case
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is the use of quantum devices to sample states from energy-based models, such as Boltzmann Ma-
chines [Hinton, 2002], and Hopfield Networks [Hopfield, 1982], where the energy function of these
neural networks can be easily mapped to a QUBO.

This work will focus on analysing the benefits of using quantum computers to help the
training process of a Restricted Boltzmann Machine (RBM), via a Julia package that executes dif-
ferent quantum-assisted RBM-learning techniques. Different aspects will be observed to evaluate
whether this method can actually improve the learning of an RBM, such as the training time and how
well the trained model performs, compared to one that was trained solely by a classical computer.

2. Restricted Boltzmann Machine (RBM)
Restricted Boltzmann Machines are neural networks that can be used to learn underlying

data distributions. RBMs can be represented as bipartite graphs, as portrayed in Figure 1, with n
visible neurons and m hidden ones. Each visible node vi is connected to all hidden nodes hj , having
an edge with weight wij . Additionally, each visible node has a bias parameter ai, while each hidden
neuron has a bias bj .

Figure 1: RBM graph representation

As mentioned, RBMs are Energy-Based Models [Dawid and LeCun, 2023], where the
probability of a given v,h configuration, displayed in Equation 1, depends on an energy function
E(v,h), portrayed in Equation 2, and a normalizing factor Z, also known as the partition function.

p(v,h) =
1

Z
exp(−E(v,h)) (1)

E(v,h) = −
n∑

i=1

aivi −
m∑
j=1

bjhj −
m,n∑
i,j

wijvihj (2)

The partition function Z is estimated by summing over all possible configurations of visi-
ble and hidden nodes, which can be regarded as a computation with exponential cost, as the number
of variables increases. Its formula is presented below.

Z =
∑
v,h

exp(−E(v,h)) (3)

Observing the energy function in Equation 2, one can notice that, in fact, its formula
corresponds to the objective function of a QUBO problem. Considering that the values for wij

can be mapped to the quadratic terms, using wij = −2qij , and ai, bj corresponding to the linear
terms (−qii), it is possible to structure a QUBO model as follows in Equation 4, where x ∈ Rn+m

represents the concatenation of the v,h vectors.

(QUBO) : min
x∈Bm+n

2
m+n∑
i=1

m+n∑
j=i+1

qi,j xi xj +

m+n∑
i=1

qi,i xi (4)
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2.1. RBM Training
The goal of training an RBM is to maximize the log likelihood that the model assigns to

a training data v, i.e. p(v) Tieleman [2008]. This can be performed via gradient descent, where
the gradient of the log probability, with respect to a hyperparameter, is described in Equation 5,
considering the weigth value wij

∂ log p(vdata)

∂wij
=

∂E(vdata,hdata)

∂wij
− ∂Z

∂wij
= ⟨vihj⟩data − ⟨vihj⟩model (5)

In this formula, the expectation value with a data subscript is related to the training data,
where hj can be easily calculated by conditional probability, as presented in Equation 6 Tieleman
[2008]. Conversely, the expectation with a model subscript corresponds to visible and hidden vari-
ables values sampled from the current RBM’s energy function.

p(hj = 1|v) = σ(bj +
∑
i

wijvi), where σ(x) = 1/(1 + exp(−x)) (6)

Although finding the value for ⟨vihj⟩data can be regarded as a trivial task, sampling val-
ues from the model variables presents a computational challenge. Different methods have been
presented to approximate sampled values, such as the Contrastive Divergence (CD) and Persistent
Contrastive Divergence (PCD) algorithms [Hinton, 2002; Tieleman, 2008].

3. Framework for evaluating quantum-assisted RBM Training
The training process of RBMs aided by quantum computers has been presented by differ-

ent studies, such as [Ajagekar and You, 2020] and [Moro and Prati, 2023], with a focus on Quantum
Annealing sampling compared against the CD algorithm. This work aims to broaden the research
scope, comparing quantum sampling techniques performed by different platforms besides quantum
annealers. Additionally, more advanced classical approaches, such as the PCD algorithm, will be
used to benchmark traditional learning techniques with quantum sampling.

As a means to perform this task, a package for an agnostic training of RBMs, that can be
perform with either quantum or classical algorithms, is being developed. The authors will make use
of QUBO.jl [Xavier et al., 2023], a Julia ecosystem that provides an interface with different QUBO
samplers, in order to create a comprehensive quantum assisted learning tool for RBMs. Having ac-
cess to contrasting devices, this package will set a framework to not only compare quantum-assisted
training against classical algorithms, but also to benchmark this novel technique over distinct QC
platforms. A simplified diagram of the training process with quantum sampling is presented in
Figure 2, where Θ is one of the hyperparameters.

Figure 2: Simplified diagram of the quantum-assisted training process of an RBM

At this moment, the package has already been used to benchmark the learning process of
a database containing health indicators1, for a varying learning rates ϵ, from 0.001 to 0.0001. The
selected platform to produce these preliminary results for quantum-assisted training was a simulated
quantum annealing technique. As presented in Figure 3, the classical technique still yielded better
results. However, as the tool is applied on more complex datasets, it is expected that quantum-
assisted training becomes more competitive.

1The database is available on Kaggle
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Figure 3: Classical and Quantum-assisted (simulated) training mean Squared Error decay over 15
epochs for a varying learning rate ϵ ∈ [0.001, 0.0001]
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