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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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|ϕ⟩ = ∑
i,w

ai,w | i⟩ |w⟩
query   
index

workspace

|ϕ′ ⟩ = ∑
i,w

ai,wxi | i⟩ |w⟩

can access all  in a single query!xi

Quantum query

Quantum query complexity



Quantum speedups

Deutsch-Jozsa’s algorithm

Simon’s algorithm

Bernstein-Vazirani’s algorithm

Shor’s factoring algorithm

Query model captures nearly all quantum breakthroughs:

Grover’s search ……
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Open problems

Problem 1
For total functions , does one have f R1/3( f ) ≤ O(Q1/3( f )3)?

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


