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Quantum processors for
reinforcement learning

We investigate the suitability of the quantum
processors from the DLR Quantum Computing . 48
Initiative (DLR QCI) for the implementation of * Applications

quantum algorithms for reinforcement learning. e Quantum Machine Learning
Thanks to the QCI we have the opportunity to

develop quantum-assisted reinforcement learning

with hardware-software codesign.

QUANTUM-ENHANCED REINFORCEMENT LEARNING

Reinforcement learning, while powerful and versatile, is notoriously time consuming. Quantum algorithms can
accelerate the learning process. Hybrid agents employ a combination of classical exploitation and quantum exploration
offering a theoretical quadratic speed-up via Grover's algorithm [2,3].

A proof-of-principle experiment with a photonic platform have achieved a quantum speed-up in learning time from
270 epochs for the classical agents to 100 epochs for the quantum-enhanced agent [1].
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In Reinforcement Learning (RL), a learning agent learns to solve a given problem by
interacting with its environment. The agent performs actions (a) and receives
information (s) about the new environmental state and rewards (r). In the guantum
scenario, actions, states, and rewards are encoded in quantum states {|a), |s), [r)}.
The agent behavior is described by some conditional probability distribution Il(als)
called policy. Learning happens by updating the policy to maximize the long term
expected reward.

(2k + 1)€, k=2

[%1) 4 | Py i Classical strategy

Grover’s a/gor/'thm

BETENNA
THEORY LEVEL: E E HARDWARE LEVEL: APPLICATIONS LEVEL:
Extending the theory of hybrid agents and - = Benchmarking hardware and developing Vast class of problems requiring an optimal
investigate the impact of noise bbbl hardware-aware algorithms action policy
« Reformulation of classical RL problems: classical « Design of multi-qubit controlled gates as basic building * Routing optimization (minimal time, minimal cost,
agent - hybrid, qguantum enhanced, agent | blocks minimal environmental impact, ....)
» Extension beyond strictly epochal environment and ¢ * Quantum optimal control strategies in open quantum ¢ « Development of routines for climate simulations
fix-length epochs systems « Optimization in trading and finance time series problems
» Extension to open quantum systems: noise as * Noisy environment modelling, benchmarking, and * Investigating biological and healthcare problems
hindrance or feature characterization « Development of quantum routines for, e.qg., state
« RL as a tool for quantum control of computing  Analysis of different physical computing platforms and preparation or quantum error correction
platforms suitability for quantum enhanced learning
RECENT RESULTS: CHALLENGES
Optimal control: we develop and benchmark optimal control Quantum Grid World: we extend the hybrid agent to cases with variable * Qubit number and noise limitations |
strategies for the compilation of fast multi-qubit controlled epoch lengths using a probabilistic length selection strategy and show its ’ Ad.aptmg. §trategles and a|9(_3”t.hm.5 to NISQ dewces
gates tailored to magnetic gradient induced coupling (MAGIC) advantage in large grid worlds [4] * Noise resilience through optimization and algorithms
trapped-ions quantum computing (and other) platforms tailored to specific hardware
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