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Background: Bayesian Optimization (BO) and Theoretical analysis: Based on weighted info. gain Empirical results: Lower cumulative regret, even
Quantum speed-up of classical algorithms analysis and tight confidence ellipsoid on real quantum computer
» BO aims to maximize a noisy black-box reward function given sequential Upper bound on weighted information gain Vo < V72 Synthetic data simulations
queries to the function, with the smallest possible regret * Q-GP-UCB has lower cumulative regret compared to classical GP-UCB when
100 tested on synthetic dataset with Bernoulli and Gaussian reward distributions
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* Quantum computing allows for a superposition of states and operations Theoret|ca| resu|t3: Reg ret upper bounds for Iterations Iterations
acting on these states that enables speed-up of classical algorithms :
’ PEERER o ’ Q-GP-UCB lower than classical BO lower bounds . .
 Quantum Monte Carlo (QMC) enables a quadratic speed-up of the AutoML simulations
number of samples needed vs. classical Monte Carlo mean estimation Squared exponential kernel Better results (vs. both GP-UCB and quantum linear bandits) also hold for AutoML
simulation task to tune SVM hyperparameters for classification on diabetes dataset
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A|gor|thm: Quantum-Gaussian Process-Upper Ry = O((log T) (@+Dog((log T)**') = O(poly log T) Comparisons with GP-UCB Comparison with quantum linear bandits
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4 (a) N, = 9 log(ZZ) (for bounded noise), or computer (7 Qubit IBM quantum computer)
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weight for the GP update (—), and # of queries to perform /V, Regret is smgller than classical lower bound when v > 2d (i.e., sufficiently Acknowledgement
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