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Unsupervised learning: generator vs. evaluator learning
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Evaluator learning

sbabJ

Task: Learn an evaluator EVALp of a distribution D.



Unsupervised learning: generator vs. evaluator learning
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Generator learning

Task: Learn a generator GENp of a distribution D.



The details matter - the case of function learning

Learning Boolean functions f: {0,1}" — {0, 1}.

Arunachalam and de Wolf: A survey of quantum learning theory. SIGACT news (2017).
Arunachalam and de Wolf: Optimal quantum sample complexity of learning algorithms. CCC"17.
Bshouty and Jackson: Learning DNF over the uniform distribution using a quantum example oracle. SIAM J. Comp (1999).
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Is there a quantum advantage in
generator learning?



Generator learning

Task: Learn a generator GENp of a distribution D.



A guantum vs. classical separation for distribution learning

Question: Quantum generator-learning advantage?
Is there a class of efficiently classically generated discrete
distributions which is

® not efficiently classsical PAC generator-learnable, but
o efficiently qguantum PAC generator-learnable
w.r.t. the SAMPLE oracle and the KL divergence?

Coyle et al., NPJ Quant. Inf. (2020).



A guantum vs. classical separation for distribution learning

Question: Quantum generator-learning advantage?
Is there a class of efficiently classically generated discrete
distributions which is

® not efficiently classsical PAC generator-learnable, but
o efficiently qguantum PAC generator-learnable
w.r.t. the SAMPLE oracle and the KL divergence?

Theorem: YES !

Coyle et al., NPJ Quant. Inf. (2020).
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Proof idea: classical hardness and quantum easiness
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A more generic setting
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Relevant distributions

On the Quantum versus Classcal Leamabity of Discrete
ibutions
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Relevant distributions

On the Quantum versus Classical Learnabilty of Discrete
Distributions
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Output distributions of quantum circuits
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Output distributions of guantum circuits

What is the quantum/classical com-
plexity of learning distributions
Pc
as a function of
the depth & the gate set?
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Our results: Proof idea
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Our results: Proof idea

2" ifx=Rb+t beFT

Vv Cliffords C : P¢(x) =
0 else

—> Sample O(n) strings xo,...,Xx < Pc
— Find a basis of span(R) using Gaussian elmination with y; = xo + x;.




Our results: Proof idea

_ - E classicé[
(1—sin® (3))/2" if y =(x,(s,x)) evaluator har
sin? () /2" ify = (x, (s,x)

Pc(y) = {

—7> An efficient evaluator would be able to efficiently solve the learning
parity with noise problem.




Our results: Proof idea

Theorem 17 Polynomial-size classical
circuits are hard to learn with respect to a generator or
an evaluator if a pseudorandom function (PRF) exists.

——> Quantum circuits can implement classical circuits.

[KMRRSS94] Kearns, Mansour, Ron et al., On the learnability of discrete distributions (1994).
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Discussion

SUMMARY
e Assessing the power of quantum learning is intricate!

OUTLOOK
e |earnability of low-depth circuits.
¢ | earnability of quantum samples.

® |s there an advantage for a relevant problem, e.q., learning
mixtures of Gaussians?
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