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Prototype-based Vector Quantization is one of the key methods in data processing like data compression or 
interpretable classification learning. Prototype vectors serve as references for data and data classes. The data 
are given as vectors representing objects by numerical features. Famous approaches are the Neural Gas Vector 
Quantizer (NGVQ) for data compression and Learning Vector Quantizers (LVQ) for classification tasks. Fre-
quently, training of those models is time consuming. In the contribution we discuss modifications of these al-
gorithms adopting ideas from quantum computing. The aim for this is a least twofold: First quantum computing 
provides ideas for enormous speedup making use of quantum mechanical systems and inherent paralleliza-
tion. Second, considering data and prototype vectors in terms of quantum systems, implicit data processing is 
performed, which frequently results in better data separation. We will highlight respective ideas and difficulties 
when equipping vector quantizers with quantum computing features. 

1. Introduction  

The combination of methods from physics and machine 
learning frequently is stimulating the development of 
new paradigms in machine learning [2]. Starting with the 
pioneering work and vision by R.P. Feynman [4,5], quan-
tum computing became one of the most challenging ap-
proaches in efficient data processing while offering a 
great perspective to accelerate data processing [10]. This 
expected behavior makes them attractive for machine 
learning, which usually requires huge computational 
power [1]. Otherwise, machine learning may help to im-
prove quantum approaches. Regardingly, theoretical 
concepts known from successful machine learning par-
adigms can be transferred to quantum computing [16].  

Thereby, an important aspect to be kept is to achieve 
computational machine learning approaches, which al-
low easy interpretation [24]. This is different from ex-
plaining the result of underlying neural network – it is 
more to obtain interpretability by network design [12]. 
The family of prototype based neural networks in super-
vised and unsupervised provides are variety of smart 
networks which are easy to interpret and which have low 
computational complexity [3,8]. This makes them to be 
an alternative for deep networks if time complexity and 
memory restrictions do not allow complex neural net-
works as well as if interpretability is required as it is fre-
quently demanded, for example in technical and medi-
cal systems.  

Otherwise, both, quantum and machine learning sys-
tems are powerful due to inherent parallelism (Fig. 1) 
and, hence, are predestined for combination to benefit 
from their advantages twice [19].  
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Hence, combining both areas, prototype-based vector 
quantization and quantum computing, provide a prom-
ising concept to benefit from the best properties of 
quantum and neural computing. 

2. Prototype-based Vector Quantization and 
Quantum Computing 

2.1. Ingredients  

Prototype-based vector quantization distributes refer-
ence vectors 𝑊 𝑤  in the data space ℝ  such that the 
data distribution 𝑃 𝑥  is approximated. In case of classi-
fication learning, this approximation is class dependent. 
Thus, the prototype vectors are taken as reference for 
the original data or classes. They are frequently denoted 
as prototype vectors or simply prototypes.  

Fig. 1: Conceptual similarity between quantum mechanical 
systems and quantum-inspired artificial neural network.2 

Depending on the task we can distinguish unsupervised 
and supervised vector quantization. Unsupervised mod-
els deal with clustering and data representation whereas 
supervised models are for regression and classification. 
Thus, conditional probabilities 𝑃 𝑥|𝑤  are estimated in 



unsupervised learning. In supervised learning the condi-
tional class probabilities 𝑃 𝑐 𝑥 |𝑤  are subject of learn-
ing, where 𝑐 𝑥  is either a class label or a regression 
value to be predicted by the model after training. 

In contrast to deep networks which usually require a 
huge memory and, hence, take long training time [6], 
prototype-based networks are interpretable, have low 
complexity and are robust against disturbed/corrupted 
data. The reference vectors correspond to perceptron 
weights, but the geometry interpretation by distance-
based vector quantization is kept. Learning takes place 
as Hebbian competition learning and vector shift opera-
tions for the prototypes, if the Euclidean distance is 
used. Particularly, the prototypes are ‘attracted’ by a pre-
sented data sample, i.e. shifted toward or are repelled 
(repulsing). 

After training, the network response is calculated for a 
given data sample based on the prototype with mini-
mum distance (winner-take-all rule). It turns out that be-
side the interpretability these neural networks are ro-
bust regarding disturbed data and give mathematical 
guarantees for classification certainty [13].  

2.2. Quantum Computing  

Quantum computing is the realization of numerical cal-
culation based on quantum mechanical systems [10,18]. 
Currently, first quantum computers are available like 
systems by IBM, Google or Xanadu. Thus, quantum algo-
rithms can be tested on real hardware systems and first 
application can be realized. 

Yet, one restriction for those quantum algorithms is that 
all computations have to follow the rules of underlying 
quantum physics [15]. This makes it difficult to simply 
adapt existing algorithms to quantum computing re-
quirements. 

 Mathematically speaking, the description of those sys-
tems has to be in agreement with the postulates of 
quantum mechanics. In consequence, all training of ma-
chine learning systems have to be described by unitary 
operators and unitary transformation while the data live 
in a Hilbert space [17,20]. In this context, the data are 
assumed to be states of quantum systems, which can be 
described as respective amplitude vectors of the corre-
sponding quantum mechanical system or, equivalently, 
in terms of density matrices. Depending on the task, the 
choice has to be made for that model, which gives more 
mathematical convenience.    

From a computer science perspective, the concept of 
bits as information storing units taking states (values) 
zero and one has to be replaced by quantum bits 
(qubits), which can take any intermediate state if not ob-
served/measured (see Fig. 2). This property, usually de-
noted as superposition, leads to much greater flexibility 
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and inherent parallelism providing the computational 
power. Further, those superpositions are also denoted 
as mixed states which closely relate to qubit entangle-
ment [15,18]. 

Fig. 2: Comparison of a quantum bit and a classical bit.3 

Frequently, quantum algorithms are described by 
means of quantum circuits based on quantum gates in 
analogy to usual digital circuits and gates, an example is 
depicted in Fig. 3. 

 

Fig.3 Quantum circuit of a cSWAP-gate realizing a swap 
of the quantum registers 𝜉 and  𝜔 . The measurement is 
used to estimate the probability of the zero state. This 
probability relates to the inner product of the states in 
mathematical terms.     

2.3. Quantum Computing for Vector Quantization 

In quantum vector quantization the data as well as the 
prototypes are assumed to represent quantum registers 
of qubits [22]. The learning has to be in accordance with 
mathematics of quantum systems but always to realiz-
ing an nearest neighbor (prototype) scheme based on 
the winner-takes-all principle [25]. The most prominent 
examples are the quantum-k-means and quantum sup-
port vector machines for unsupervised and supervised 
learning, respectively [7,11]]. Both methods were devel-
oped by means of the mathematical framework for Hil-
bert space representations. 

Alternatively, classical clustering can be performed in 
terms of minimization of a cost function, which is related 
to the Schrödinger equation in quantum computing con-
text.  



3. Neural Vector Quantization and Quantum 
Computing  

Neural vector quantization frequently outperforms 
standard vector quantizers like the widely applied k-
means algorithm and shows generally a more robust be-
havior. Further, these learning algorithms are insensitive 
to initialization. This behavior is obtained adopting par-
allelization and cooperativeness of real neural systems 
as it is observed in the cortical areas. This cooperative-
ness is incorporated in respective attraction and repuls-
ing schemes of the prototypes to achieve faster learning 
as well as the demanded robust and insensitive behavior 
regarding disturbed data.  

The most prominent approaches are the neural gas vec-
tor quantizer and the self-organizing map for unsuper-
vised learning [9,8]. For classification learning, the family 
of learning vector quantizers became famous for inter-
pretable and smart classification learning [21]. They 
have in common that the attraction learning is realized 
in all those networks [3]. 

According to the attraction scheme for prototype up-
dates, the density matrix representation of quantum 
states is beneficial if these neural vector quantizers 
should be applied in quantum machine learning [22]: 
The distance between data (states) and prototypes can 
be calculated by means of the Frobenius-norm regard-
ing the density matrix difference. The attraction scheme 
for a protype update can be realized by a convex sum of 
the participating density matrices. The resulting adapted 
prototype density matrix represent in general a mixed 
quantum state. For a detailed description of the ap-
proach we refer to [22]. 

The respective mathematical (numerical) operations can 
be (theoretically) realized by quantum hardware sys-
tems. Currently, we implement them in a simulation 
software environment, such that we can study the nu-
merical behavior and stability.   

4. Conclusions 

In this contribution we have highlighted aspects of vec-
tor quantization for unsupervised and supervised learn-
ing in context of quantum computing, which currently is 
close to the step of becoming working on real hardware 
systems.  

We have explained that neural vector quantizers are in-
terpretable and smart artificial neural networks, which 
can be efficiently combined with quantum computing 
concepts and algorithms.  

Further, it turns out that machine learning quantum vec-
tor quantizers show a close relation to kernel ap-
proaches [16,20]. In particular, the pre-processing of 
usual data in such a way that the data can be seen as 
quantum state representations, generally is a non-linear 
mapping. By means of the Hilbert space description we 
are able to manipulate the learning quantum system in 

that Hilbert space in an explicit way. In contrast, the fre-
quently successful kernel trick in classical vector quanti-
zation allows to work with the original data while the ma-
nipulations in the kernel feature space are done implic-
itly using the kernel property [14,23]. Yet, this scheme 
reduces the interpretability of the network behavior. 

However, a mathematical understanding of Hilbert 
space representation in quantum vector quantization is 
given considering kernel methods and beyond in context 
of vector quantization and studying the topological as 
well as geometrical analogies to the quantum approach.  

In summery, the authors emphasize to make effort to 
understand, analyze and finally realize neural vector 
quantization approaches in the context of quantum 
computing systems to benefit from both, an 
interpretable neural network approach and the 
quantum parallelization for the speed-up of machine 
learning. For that reason, research for respective 
mathematical concepts is demanded as well as 
realizations on  quantum computing hardware.  
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