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Finding a suitable solution
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Benchmarking Quantum Reinforcement Learning
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Quantum convolutional neural networks

Iris Cong’, Soonwon Choi ©'** and Mikhail D. Lukin'

Neural network-based machine learning has recently proven successthul for many complex applications ranging from image
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Quantum Graph Neural Networks

Supervised learning with quantum-enhanced
feature spaces

Vojtéch Havtidek™?, Antonio D. Corcoles'®, Kristan Temme'®, Aram W. Harrow”, Abhinav Kandala', Jerry M. Chow' &
Jay M. Gambetta®
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set of metrics 1o evaluate the QRL on the widely applicable benchmark of gridworld games. Our
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roke of quantum principles in QRL and paving the way for future research in this field.
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Better than classical? The subtle art of benchmarking quantum machine learning
models

Joseph Bowles,' * Shahnawaz Abmed,"? ! and Maria Schuld !

! Xanadu, Toronto, ON, M5G 208, Caneds
*(halmers University of Technology
(Dated: March 15, 2024)

Benchmarking models via classical simulat bons bs one of the main ways 1o judge doss in quantum
machine Joarniog before nobsefroe hardware is available. Howover, the huge impact of the experi-
meatal design on the results, the small scales within reach today, as well as narratives nfloenced
by the comenerciali of technok make it difScult 1o galn robast insights. To facl.
tate bettor docidon-making wo develop an opensowrce package based oo the PenayLane soltware
framowork and e it to conduct & bage-scalo stody that systematically tests 12 popular quantam
mmachine learning models oo 6 binary clasilication tasks wed 1o create 160 individual dataets. We
Fnd that overall, out-of-the-box classical machine boarning moddds outperform the quastuns clued-
fes. M ¥ " ol i lmm aq t model often rosults in s good or better

& g that “quas " tnay not be the cracial ingrediont foe the small bearn-
uu tanks uvu-ulrrul hvr Our benchmarks also unlock imvestigations beyond simplistic keaderboard
comparisoms, and wo ientify five important questions for quastum moded design that follow from
our rosalts
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Key Requirements for Credible
Performance Claims

Trustworthy
Benchmarking for
Research and Practice
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Modularity & End-to-End Evaluation ‘#7
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Input and Output Standardization Ensure Compatibility of Each Neighboring Block
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Reproducibility & Scalability 4#7
DLR

Experiments are Set Up with Same and Clean Environment
Necessary for a Fair Verification

Q EEE
Step 1 % InEnnn
’. Step 2 ‘: o]l
g . aInnnnn
Experiment 1 Step 3 é S ]ﬂl l
Step 1 §_: L1 T
$: Q - ]
|. Step 2 B 1] EEE
Experiment 2 Step 3 V:{f'é © ]iiil TITIL




Comparability and Hardware Realism

Metric evaluation and aggregations for scientific rigor DLR
Statistical meaningfulness

Machine Learning

Metric
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Supervised learning with quantum-enhanced
feature spaces
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Extensibility & Task Relevance
It Helps to Keep the Software Updated for the Upcoming Progress DLR

Expandable Collection of Real-World Datasets, ML Tasks, and Custom Algorithms
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Digest — Towards Trustworthy QML Benchmarks ‘#7
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» Quant?Al: A scalable, reproducible, modular benchmarking framework
= Execution on HPC with connection to quantum hardware and simulators

» |arge set of datasets (both toy and real-world examples), (Q)ML models,
pipeline modules, and metrics

» Both the benchmarking and the visualization provide
spacious possibilities for extensions
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