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Spiked Tensor: a statistical model for learning 
tensor data
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Spiked Tensor problem has a huge statistical-
computational gap!
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Classical algorithms for spiked tensor
• Tensor power iteration (𝑘-step) works if 𝜆) ≳ 𝑛(#$%*+!)/%

• Spectral method (with tensor unfolding) works if 𝜆) ≳ 𝑛(#$%)/(

• Maximum Likelihood Estimator works when 𝜆) ≳ 𝑞 log 𝑞

𝑛 !/# ×𝑛⌈!/#⌉ matrix<latexit sha1_base64="Re03dKE2UbUD1/zxKoouRaOxJ2g="></latexit>=
Find largest singular vector of 
mat(𝒀), which will have nontrivial 
overlap with vec 𝒖⊗ "/$

with

MLE is inefficient to compute!! NP-hard in general to find exactly
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Can quantum 
algorithms 

overcome the gap?



Quantum Approximate Optimization Algorithm (QAOA)
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Choose 𝜸, 𝜷  to
maximize

[Farhi Goldstone Gutmann 2014]Parameters: 𝜸, 𝜷 = 𝛾%, … , 𝛾& , 𝛽%, … , 𝛽&
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• Simple & easy implementation (e.g. ions (2019), superconductors (2020) and atoms (2022))
• Cannot classically sample (“supremacy”) even @ 𝑝=1 [Farhi Harrow ’16] [Krovi ’22]
• Guaranteed to get 𝑪𝒎𝒂𝒙  as depth 𝑝 → ∞!



Our Result: QAOA for Spiked Tensor
• Apply QAOA to approximately maximize

• Suppose

• Let .𝒖 ∼ |𝜸, 𝜷⟩ and 𝑅/010 = .𝒖2𝒖/𝑛 be its overlap with the signal, then

<latexit sha1_base64="nh8TWnELEIh2CUm5Npqf2l5zEx4="></latexit>

bp(�,�) can be calculated classically in &𝑂(4;) time



QAOA for Spiked Tensor: a Sine-Gaussian Law
Example numerical simulation at p=1, q=2 

(1-step QAOA for spiked matrix)



quantum enhancement factor

Comparing QAOA and Power Iteration

𝒑-step 
QAOA

𝒑-step 
Power 
Iteration

Let
Note: 
1/𝜖& ∼ exp(𝑝) 
when 𝑞 > 2 



QAOA effectively improves the recovery 
threshold vs. power iteration

Quantum 
enhancement 
factor

𝑝-step QAOA: 𝜆% ≃ 𝑎&𝑏&
"'!𝑛()"*+'!)/*

𝑝-step Power iteration: 𝜆% ≃ 𝑛()"*+'!)/*

Classical computational threshold: 𝜆% ∝ 𝑛()"*)/.

𝑝-step QAOA with tensor unfolding: 𝜆% ≃ 𝑎&𝑏&
"'!𝑛()"*+)/&)/.

Effective 
recovery 
thresholds: 
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