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Quantum Supervised Learning

Given N labelled sample classical data, Find prediction function f(x),
{(xlayl)a (Xz,yz), (xNayN)} lflgD min XYND‘f(X) - Y‘
1. Quantum Neural Networks 2. Quantum Kernel Methods
Data Embedding Variational Circuit
Prediction function: arg ming L(6) Kernel function:
fx:0) = (x| UO) OU®) | x) k(x, x') = | (x]x) |’

*Note Quantum Embedding: V(X)‘())@n — |X> 3
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Neural Quantum Embedding (NQE)

Update parameters: w < w’
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Experimental Results

Hamiltonian Encoding

e A popular example of the quantum feature map:

1x,0) = (0] (%) VI@)OVO) (%)) 1 0)
- T
el M

— kee,y) = 101 (Z1)* (%)) 10)
H

e Uy(X) =exp |i 2 $(x)Z; + Z Or(x;, )L Z | | with some functions ¢, and ¢, (a.k.a ZZ feature map)
J Jj<k

° Typical example: ¢1(x) = X, gbz(x, y) — (71- — x)(]z- — y) Havlicek et al. Nature 567, 209-212 (2019)
Abbas et al. Nature Comp. Sci. 1, 403-409 (2021)
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Experimental Results
Training QCNN with and without NQE

QCNN
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Generalization Performance

1. Quantum Neural Networks 2. Quantum Kernel Methods
e |ocal Effective Dimension: ‘ \W\ ‘F
Complexity metric for Learning Model ‘R(W) — RN(W)‘ <0
(Abbas et al. arXiv:2112.04807) \/N
e Positive Correlation with Generalization Error N N
where, W = 2 Zyi(KQ + D x:)(x; |
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Expressibility & Trainability

1. Expressibility 2. Variance of Kernel Elements
Deviation from Unitary 2-Design, By Chebyshev's Inequality,
Var | K2
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A=| Anwh®dr- | (a)e)Tas Pr[Kg__ ol | s 5 < LA
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Summary

e Emphasize the importance of data se

parability of quantum embedding

& Introduce Neural QL

antum Embedding

e Employing NQE improves many QML metrics including,

ower training error

nigher classification accuracy

robustness against noise

Improvec

Improvec

generalization

trainability
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Thank You!
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