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Introduction

Feasible control policies for quantum (2) technologies.

Claims

@ Framework connecting control (C) & learning for both .2 & classical (%).

@ A supervised-learning (SL) agent devises feasible control policies for
phase estimation in adaptive 2-enhanced metrology (AZEM).

Novelty

@ Unification of 2C and classical control (¢°C).
@ Method for casting 2C as machine learning.

Importance
@ Un-confuse.
@ Enhance 2C toolkit.
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Learning for control

Unifying 2C and ¥C

Steer specific controllable degrees of freedom so plant dynamics yields
approximately correct observations. J
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Lewis and Yang (1997) Basic Control Systems Engineering 213
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Learning for control

“An agent is said to learn from experience E with respect to some class of tasks T and
performance measure P, if its performance at tasks in T, as measured by P, improves
with experience E” — Tom Mitchell (1997) Machine Learning.
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Learning for control

Learning for control
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T/U: Teacher or User

Learning enables a controller who is neither omniscient nor possesses
a feasible alternative to execute the task successfully.

Fu (1986) 10/cgkfk2 413
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Learning for control

Policies as vectors

Policy p
@ addition, subtraction, scalar multiplication: common vector operations J
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Learning for control

Policies as vectors € V ¢ R%"
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Adaptive phase estimation

A2EM: Simplest case of estimating ¢ for U(1)

Estimate unknown phase ¢ given N patrticles.

1/2, Standard 2 limit,
1, Heisenberg limit.
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Adaptive phase estimation

Policy as decision tree
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Adaptive phase estimation

Policy as decision tree
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Policy as decision tree

Adaptive phase estimation
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Adaptive phase estimation

Policy as decision tree
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Adaptive phase estimation

SL for A2EM

®¢: generalized log search

Py=0

Training stage
@ Feature vector b € {0, 1}V
@ Label ¢ € rand [0, 27)
@ Training set: {b, ¢}
o

Hypothesis function
¢ :B—={p}: b~y

Cost function
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Adaptive phase estimation

SL for A2EM
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Adaptive phase estimation

Phase-noise models

Symmetric distributions Asymmetric distributions
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Adaptive phase estimation

Results: SL for A2EM

(a) normal-distribution noise (c) skew-normal-distribution noise

log v,
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Adaptive phase estimation

Results: Bayesian feedback for A2EM

(a) normal-distribution noise (c) skew-normal-distribution noise

N

(b) random telegraph noise (d) log-normal-distribution noise
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Adaptive phase estimation

Results: Power-law scaling

4 ol 2ps1 R2si 208 R2g
SQL 1 1
HL 2 2
No noise 1.459 0.9998 1.957 0.9993
1 0 1.302 0.9999 1.512 0.9985
Normal 2 0 1.267 0.9999 - -
3 0 0.954 0.9992 1.190 0.9997
4 0 - = 1.004 0.9948
1 0 1.266 0.9999 1.526 0.9991
Random telegraph 2 0 1.186 0.9997 1.277 0.9967
3 0 0.935 0.9993 0.919 0.9892
1 0.8509 1.296 0.9999 - -
Skew-normal 3 0.8509 1.246 0.9999 1.343 0.9987
5 0.8509 1.118 0.9998 1.116 0.9927
7 0.8509 1.039 0.9996 1.041 0.9964
1 0.8509 1.290 0.9999 - -
Log-normal 3 0.8509 1.217 0.9998 1.258 0.9919
5 0.8509 1.058 0.9997 1.086 0.9961
7 0.8509 0.981 0.9994 0.9209 0.7965
Complexity SL BF
Design time O(NG) _ @ sL policies deliverl@_ > 1/2, but not better than Bayesian
Policy space O(N) O(N2) (model-based) policies.
Implementation time O(N) O(Na) @ Leamed policies are computationally cheaper than Bayesian method.
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