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Applications

Counting with Markov chain Monte Carlo methods:

[Jerrum, Sinclair'96] [Stefankovi& et al.’09],
[Dyer, Frieze'91], [Jerrum, Sinclair, Vigoda’04]

Data stream model:

[Alon, Matias, Szegedy’99]
[Monemizadeh, Woodruff’] [Andoni et al.’11] [Crouch et al.’16]

Testing properties of distributions:

[Goldreich, Ron’11] [Batu et al.’13] [Chan et al.’14],
[Canonne et al.’18]

Estimating graph parameters:

[Chazelle, Rubinfeld, Trevisan’05], [Goldreich, Ron’08],
[Eden et al. 17]

etc.
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Quantum Mean Estimation Problem

Random variable X on finite sample space Q c [0,B].

Classical sample: one value x € Q, sampled with probability px

Quantum sample: one of a Sy or S)zl satisfying
SX‘O> — Z \/px "x)h”x)
xell

with Y, = arbitrary unit vector

Question: can we estimate E(X) with less samples in
the quantum setting?
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Objective: given A? > how to find a threshold » =~ E(X) - A* ?

Solution: use the algorithm (again) to do
a logarithmic search on b

Amplitude

Threshold Input r.v. Number of samples Estimation

b, = BA? X, A Ho
b, = (B/2)A> Xy, A Hi
b, = (B/4)A> X, A "

...........................................................................................................................................................................................................................

Stopping rule: u; ;é 0  Output: bi

Theorem: the first non-zero #; is obtained w.h.p. when:
2 -E(X)A% < b, <10 - E(X)A?
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2 -E(X)A? < b, <10 - E(X)A?

Ingredient 1: The output of is 0 w.h.p. if and only if the
[Brassard etal. 02 astimated amplitude is below the inverse number of samples.
E(X}) 1/A
b

E
(X3) < E(X) < 1
b b 10 - A2

Ingredient 2: |f 5 > 10 - E(X)A?

E(X,) X E(X) 1

NN o~

Ingredient 3: |f b ~ E(X) - A?
b b A2
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Application 1: approximating graph parameters
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Onen VYD) [0) = [v) [ D) [v;) (neighbor query)

ith neighbor of v

~ n : : .
Result: =P ¢ <£1/4> quantum queries for estimation
m
(vs. classical queries)
[Goldreich, Ron’08] [Seshadhri’15]
5 n  m3 | | |
- w6 T 7 quantum queries to estimation

(Vs. classical queries)
[Eden, Levi, Ron’15] [Eden, Levi, Ron, Seshadhri’17]
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Input: stream of updates to x

Output: (at the end of the stream) estimate of (moment of order k > 3)

What is the smallest memory size M needed to
estimate Fx using P passes over the same stream?

-k
Result: M =0 2 gubits of memory

12k | |
(vs. M = ® e classical bits of memory)

[Monemizadeh, Woodruff’10]
[Andoni, Krauthgamer, Onak’11]
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of a random variable X can be estimated with

L~ M . E(X?
using O A-log3 = , given A2 > X9
€ E(X) E(X)2
Lower bound: quantum samples
or copies of the state Sy|0) = Z \/ITX lyw,) | x)

xeQ

Open questions:

e Can we improve the complexity to O(A/g) exactly?

e Lower bound for the Frequency Moments estimation problem?

arXiv:

e QOther applications ?
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