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When are quantum computers 
better at learning tasks? 

Research question:
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When quantum computer are better at computing tasks?
Motivation

• Quantum computer are believed to offer computational advantage in mainly two big fields:

Cryptographic problems based on factoring 
such as: discrete logarithm, discrete cube root, 

etc…

Quantum simulation such as time evolution, 
guided local Hamiltonian problem, instances of 

local Hamiltonian problem etc…

• Yet, when looking at learning tasks, the majority of provable advantages are 
related to learning cryptographic functions!
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Learning Problems
PAC framework

Concept class: F = {f α | α ∈ {0,1}m} Concepts: f α : x → {0,1}, x ∈ {0,1}n

Data: Tα = {(xℓ, f α(xℓ))}ℓ

Learning 

algorithm


A

 

  such that: h( . )
  xℓ ∼ 𝒟
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𝔼x∈𝒟( f α(x) ≠ h(x)) ≤ ϵ

[HBM+21]: Data can change the hardness of computing   
f α

Average case 
correctness 

[HBM+21]: Huang et al., Power of data in quantum machine learning, Nature Communications. (2021)



Initial question: when do we have learning advantages?

Answer: When the concpets are hard but 

data are easily generatable!

…but what about quantum simultations?

There we don’t expect a classical algorithm can generate data (e.g. measurements on time-evolved states)

We need (slightly) stronger assumptions from complexity theory 
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Proved in upcoming work!



BQP vs P/poly

6

BQP-complete 

problems not in P/poly!

IDEA: If the concept is BQP complete, then no classical 
algorithm can correctly evaluate it. 

• Even with the aid of data


•      Even up to PAC condition*

*in current version this is guaranteed using Heur-classes ([GD23]).

New updated version soon: BQP  P/poly is enough! ⊈

[HBM+21]: Huang et al., Power of data in quantum machine 
learning, Nature Communications. (2021)

[GD23]: Gyurik, Dunjko, On establishing learning separations between classical and quantum machine learning with classical data, arXiv:2208.06339 



Our contribution

This work: study a physically relevant istantiation of a BQP-complete function  

Main features: 
• It is a physically motivated task: learning observables 


• Concept class is not of polynomial size: brute search does not work 


• Quantum learning algorithm is non trivial: utilizes quantum capabilities to 
extract relevant information from data 
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Note: to show a learning 
separation we need to ensure 

quantum learnability! {



First main result: 


Advantages in learning linear 
combinations of Pauli observables 
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Learning task: time evolution problem

⟨O(α)⟩ O(α) =
m

∑
i=1

αiPi

|ψU(x)⟩ = U |x⟩, U = eiHτ

Task: Learning an unknown linear combination of Pauli strings observable from measurement on time evolved input 
states 


Target concept:  :    f α x ∈ {0,1}n → ⟨ψU(x) |O(α) |ψU(x)⟩

Concept class: FH,O = {f α(x) ∈ ℝ | α ∈ [−1,1]m}

Training data:     with   
 

Tα = {(xℓ, yℓ)}ℓ
max

ℓ
| f α(xℓ) − yℓ | ≤ ϵsamp
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 come from a fixed distribution x′￼s 𝒟



Quantum learnability 
Proof idea 

• A quantum algorithm can prepare the time evolved states  !


• Moreover, for any input x it can compute , for every  in 


• To find (a good enough) , we can use the LASSO algorithm (  linear regression algorithm which constrains the  
norm of the solution)

|ψU(x)⟩ = UBQP |x⟩

⟨ψU(x) |Pi |ψU(x)⟩ Pi O(α)

α → ℓ1

⟨O(α)⟩ O(α) =
m

∑
i=1

αiPi

|ψU(x)⟩ = U |x⟩, U = eiHτ
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Second main result: 


Advantages in learning unitarily-
parametrized observables 
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Advantages in learning unitarily-parametrized observables 

Why: • What happens when the observable is no more linearly parametrized?

• A lot of recent results for learning a unitary, can we connect to them?

O(α) = W(α)OW†(α)

Target concept:  :    f α x ∈ {0,1}n → ⟨ψU(x) |O(α) |ψU(x)⟩

Concept class: FH,O = {f α(x) ∈ ℝ | α ∈ [−1,1]m}

Training data:     with   
 

Tα = {(xℓ, yℓ)}ℓ
max

ℓ
| f α(xℓ) − yℓ | ≤ ϵsamp
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[HLB+24]: Provides an algorithm to learn any 
shallow  
W(α)

[HLB+24]: Huang et al., Learning shallow quantum circuits, arXiv:2401.10095 

 



So what?
Outlook

• Quantum advantage for the physical motivated 
task of learning observables  


• The quantum learning algorithm is not trivial


• The observables can either be linear combinations 
of Pauli strings or unitarily-parametrized 
observables

Open question: what about the identification problem? 
…new results (very) soon!
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Can’t rely on BQP  P/poly anymore! ⊈
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Can’t rely on BQP  P/poly anymore! ⊈

Thank you!


