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Central open problem

How much faster can quantum computers be than classical?

Most research focuses on the query model.
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Query complexity

ﬁ f’ Randomized

R_(f) = minimum depth of a randomized
decision tree for f with error €.
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can access all x; in a single query!



Quantum speedups

Query model captures nearly all quantum breakthroughs:

Deutsch-Jozsa’s algorithm Bernstein-Vazirani's algorithm
Simon’s algorithm Shor's factoring algorithm

Grovers search L
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Corollary 1.
Forany € > 0, thereis f: {—1,1}" — {0,1,*} with

O5(f) = 0(),
Rys(f)=Qn'=.  Takek =14+ [1/e]

Corollary 2.
For any monotone a: N — N, thereis f: {—1,1}" — {0,1,*}
with

Q15(f) < a(n), Take k = k(n) an arbitrarily

R 5(f)=n'""V.  slow-growing function, e.g.

k = logloglogn.
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Theorem
For any decision tree g : {—1,1}" — {0,1} of depth d,

Z 18(S)| < c"”\/(j)(l +logn)’ 1.
}:

SC{l12,...n
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* Essentially optimal
* Settles conjecture by Tal (2019)

* Previous bounds trivial already at £ > \/c_z’
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Rorrelation: quantum algorithms

1
Dot (X1 Xy ooy Xp) = ;lTDx1 UDXQU Ukal

—k
1 ¢n,k,U > 2 ’
]Cn’k,U(xl,.XQ, ...,Xk) — O |¢n’k,U| S 2_k_1,
*  otherwise.

Theorem (Aaronson-Ambainis, Tal).

There is a quantum algorithm using [k/2| queries that
accepts x with probability

qbn, k y(x) + 1
5 .
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U, = uniform distribution D,y = correlated distribution

A A
anti-concentration

TN -
concentration

_2—k—1 2—k—1 T 2—k

> ¢n,k,U

Thus, for any randomized query algorithm g of error g,

E@n’k,Ug(x) — E%,kg(x) > 27 k=1 _2¢ .
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Ey  80)—Eqy g(x)

< E@n,kﬂz 8(S)xs — E%n,k Z 8(5)s
Ry S

L
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SFD - 20 &/n
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Main Theorem.
Fix any decisiontree T : {—1,1}" —- {—1,0,1} of depth
d,and dns(7T) = p . Then

N
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Adaptive, 7 = 1:

By negating variables, we can assume 7(7) > 0. Then
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Maximized when paths with
larger sums have label 1
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Known results

Adaptive, 7 = 1:

By negating variables, we can assume T(G) > 0. Then

n ] d )
WL, Tl =) TG =Eoe(_ypye | TO) Y v,
l:l B l=1 _

Theorem (O’Donnel-Servedio 07, Tal 19)
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Analysis of the individual part

Theorem |. For any elementary family
&E=1*L%*-*[,we have

4
71,0l < cgcf-l\ []1%1 A,z p(dns(T)) .
i=1

Preview: Induction on Z.
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Open problems

Problem |
For total functions f, does one have R ;(f) < O(Q1/3(f)3)?

Problem 2

Are randomized and quantum communication complexity
polynomially related for total functions?
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Problem 2

Are randomized and quantum communication complexity
polynomially related for total functions?

Thank you!



