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Variational Quantum Circuits for Learning Distributions 
 
Motivation 
Spurred by the recent experimental demonstration of so-called quantum advantage for a classically hard 
random-number generation problem with actual quantum hardware, the research community has increased 
its efforts to propose new types of quantum algorithms for the still imperfect, noisy intermediate scale quantum 
(NISQ) computing devices we have today. 
One class of algorithms that have emerged as viable candidates for achieving quantum advantage with NISQ 
devices also in other application domains beyond random number generation are variational quantum circuits. 
These quantum circuits lend themselves as a platform for quantum machine learning, here understood as 
the generation of quantum algorithms from data. While the requirements on the expressivity of these circuits 
to reach quantum advantage and related complexity-theoretic problems pose open research questions, 
experimentation with available architectures might uncover promising directions.  
 
Project Idea 
In this regard, realizations of quantum generative adversarial networks (QGANs) – an extension of classical 
GANs to the domain of quantum data and quantum computation – provide an ideal testing ground for the 
exploitation of quantum resources for learning of and sampling from complex distributions – a ubiquitous task 
in statistical modelling and machine learning. 
Within the framework of a joint master thesis project between the Chair for Quantum Theory at Friedrich-
Alexander University Erlangen-Nürnberg and the Self-Learning Systems group at the Fraunhofer Institute for 
Integrated Circuits, the potential of QGANs for the task of learning and approximating distributions from data, 
as well as for the task of efficient sampling from these distributions, is to be investigated.  
In the context of reinforcement learning, the learning of distributions from data plays a crucial role, both when 
generating surrogate models for the system dynamics from observational data, and when training the 
reinforcement-learning policy to approximately solve the underlying stochastic optimization problem. The first 
approach forms the basis for many model-based reinforcement-learning methods.  
The goal of the advertised master thesis will be to implement and test QGAN architectures for learning 
distributions from a finite set of samples. A special emphasis will be put on the learning of state-transition 
probabilities from data generated by simulated reinforcement-learning environments with discrete state and 
action spaces. To leverage the potential quantum advantage offered by QGANs, the combination with 
dimensionality reduction techniques, such as representation learning approaches, will be explored. 
 
Required Skills 
Basic knowledge of variational quantum circuits and machine learning, Python programming 
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