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INTRODUCTION
Tensor CP decomposition

• For an n×n×n tensor T , find {λi} and {ui}
such that ‖T −

∑k
i=1 λiu

⊗3
i ‖2F is minized.

• Wide applications in data mining and statis-
tical learning of latent variable models.

Robust tensor power method [1]

• Tensor power iteration: u← T (I, u, u).

• Challenge: O(n3) time complexity.

BACKGROUND

COUNTSKETCH [2]: random hash h, σ; s(x) ∈ Rb:

[s(x)]i =
∑

h(j)=i

σjxj ; x̂j = σj [s(x)]h(j).

TENSORSKETCH [3]: random {h`, σ`}; s(T ) ∈ Rb:

[s(T )]i =
∑

h(j1,j2,j3)=i

σ1(j1)σ2(j2)σ3(j3)Tj1,j2,j3 ;

h(j1, j2, j3) = (h1(j1) + h2(j2) + h3(j3)) mod b;

METHODS
• Important facts:

– Linerality: s(µA+ λB) = µs(A) + λs(B).

– Efficient tensorization: s(x⊗ y) = s(x) ∗ s(y) = F−1(F(s(x)) ◦ F(s(y))).
– Approximate inner product: 〈A,B〉 ≈ 〈s(A), s(B)〉 = 〈F(s(A)),F(s(B))〉.

• A first attempt for efficiently computing v = T (I, u, u): (assuming s(T ) is known)

vi = T (ei, u, u) = 〈T, ei ⊗ u⊗ u〉 ≈ 〈F(s(T )), F(s(ei)) ◦ F(s(u)) ◦ F(s(u))〉.

– Time complexity O(n2 + b log b).

– Can we do even better?

• The “shifting" trick

vi ≈ 〈F(s(T )), F(ei) ◦ F(u) ◦ F(u)〉 = 〈F−1(F(s(T )) ◦ F(s(u)) ◦ F(s(u))), s(ei)〉.

– s(ei) only has one non-zero element!

– Time complexity: O(n+ b log b). Huge improvement over naive methods.

• Additional techniques: symmetric hashing using the complex ring, etc.; details in the paper!

THEORETICAL RESULTS
Theorem 1: Fix a symmetric n × n × n real tensor T and n-dimensional vector u. Let b be the sketch
length and define ε1,T = T (u, u, u)− T̂ (u, u, u), ε2,T = T (I, u, u)− T̂ (I, u, u). Then the following holds:

|ε1,T | = OP (‖T‖F /
√
b), |[ε2,T ]i| = OP (‖T‖F /

√
b).

Furthermore, for any fixed w ∈ Rn, ‖w‖2 = 1 we have 〈w, ε2,T (u)〉 = OP (‖T‖2F /b).

• Complete proof and additional theoretical results for sketching based robust tensor power method
can be found in the paper.

RESULTS ON SYNTHETIC TENSOR DECOMPOSITION

• Additional experimental results on accelerated Alternating Least Squares (ALS) available in the
supplementary material!

RESULTS ON TOPIC MODELING
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