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principal component analysis (PCA)

o basic data analysis technique

o given noisy pairwise correlation data 𝐴𝐴 ∈ ℝ𝑛𝑛×𝑛𝑛, find 
direction of maximum empirical variance

maximize 𝑥𝑥,𝐴𝐴𝑥𝑥 over all unit vectors 𝑥𝑥 ∈ ℝ𝑛𝑛

o computationally efficient (take 𝑥𝑥 to be top eigenvector of 𝐴𝐴)

vanilla PCA
2-wise correlation data

= matrix
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maximize 𝑥𝑥,𝐴𝐴𝑥𝑥 over all unit vectors 𝑥𝑥 ∈ ℝ𝑛𝑛

o computationally efficient (take 𝑥𝑥 to be top eigenvector of 𝐴𝐴)

vanilla PCA

variants of PCA

o restrict to sparse directions (SPARSE PCA) or exploit higher-
order correlation data 𝐴𝐴 ∈ ℝ𝑛𝑛×𝑛𝑛×⋯×𝑛𝑛 (TENSOR PCA)

3-wise correlation data 
= 3-tensor

o better statistical properties in important applications; huge body of works

o but: computationally challenging (NP-hard in worse case; unclear 
complexity in stochastic setting)

2-wise correlation data
= matrix



tensor principal component analysis
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MLE: maximize 〈𝐴𝐴, 𝑥𝑥⊗3〉 over all unit vectors 𝑥𝑥 ∈ ℝ𝑛𝑛 (*)

MR algorithm: reshape 𝐴𝐴 to 𝑛𝑛2-by-𝑛𝑛 matrix; output top right singular vector

theoretical guarantee: algorithm works as long as 𝜏𝜏 ≥ �O 𝑛𝑛
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𝑃𝑃 ∈ �
deg 𝑞𝑞(𝑥𝑥)≤𝑑𝑑−2

𝐻𝐻𝑝𝑝 𝑥𝑥 +𝑞𝑞 𝑥𝑥 ⋅ 𝑥𝑥 2−1
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different polynomials but same 
function as 𝑝𝑝(𝑥𝑥) on unit sphere
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concretely: 𝑧𝑧 𝑥𝑥 + 𝜏𝜏0/2 ⋅ 𝑥𝑥 4 − 𝑥𝑥 2 has matrix representation 
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thank you!
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