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Motivations

The clustering algorithms

depend on the number of clusters or the cluster size as data input. Nevertheless, for real data,

these inputs might be very difficult to assess from the outset

only guarantee a clear dis nc on between a given cluster and the rest of the data

does not guarantee the strong similarity withing a cluster

should make sure about separa on and strong correla on within the cluster.

(a) Slice clustering (b) Tensor biclustering (c) Triclustering

Figure 1. 3-order tensors and clustering.

Main goal of the MSC algorithm

The MSC algorithm

solves the parameter issue

determines and gathers the indices of the matrix slices that are similar in each dimension of

the tensor.

Theoritical guarantee

Let T ≈ X + Z where X is the signal tensor and Z is a noise tensor.

Assump on: X is a rank one tensor X ≈ γw ⊗ u ⊗ v, and the entries of Z are i.i.d and

have a standard normal distribu on.

Theroem 1 :

Let l = |J1|, assume that
√

ε ≤ 1
m1−l. ∀i, n ∈ J1, for λ = Ω(µ), there is a constant c1 > 0 such

that

|di − dn| ≤ l
ε

2
+
√

log(m1 − l) (1)

holds with probability at least 1 − e(m1 − l)−c1.

Theorem 2 :

For i ∈ J̄1, if λ = Ω(µm1),
di ≤ l

m1
+
√

log(m1 − l) (2)

with probability at least 1 − e(m1 − l)−c1 with c1 > 0.

Proposi on :

Let J1 ⊂ [m1] the set of all indices of the cluster in the first dimension. Then

dist(d(J1), d(J̄1)) ≥ l(1 − ε

2
− 1

m1
) −

√
log(m1 − l), (3)

with probability at least 1 − e(m1 − l)−c1, with c1 > 0

MSC clustering algorithm
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Tensor T ∈ Rm1×m2×m3 and the parameter ε > 0

j ∈ {1, 2, 3}

i ∈ {1, ..., mj} Ci = T t
i Ti
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V =
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dh =∑
j Chj , ∀h
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Where:

Ti = T (i, :, :) or T (:, i, :) or T (:, i, :) for j = 1, 2 or 3, respec vely.

Mi is the i-the column of the matrix M .

λ = maxi λ̂i where λ̂i is the largest eigenvalue of Ci.

J1, J2 and J3 are the clusters selected from mode-1, mode-2, and mode-3 of the tensor,

respec vely.

Experiment results

Synthe c data set : Generated according to equa on (1), with size 50 × 50 × 50 and cluster

size equal to 10.

(a) ε = 0.005 (b) ε = 0.0006

Figure 2. Recovery rate and similarity measure of tensor biclustering, for γ ∈ [20, 150]: (a) with ε = 0.005 and (b)

with ε = 0.0006.

Real data set : We use the flow injec on analysis (FIA) dataset, with size 12 (samples)×100

(wavelengths)×89 ( mes) and we choose ε = 0.00013.

Frobinius distance fibers correla on

mode-1 3.08616 0.99915

mode-2 0.40307 0.97164

mode-3 1.05795 0.99059

Table 1. Similarity measure within the cluster, with MSE = 0.48360

Evalua on of the cluster quality : We add a random index to the cluster

frobenius distance fibers correla on MSE of triclustering

mode-1 3.17592 0.81419 0.49257

mode-2 3.83777 0.74525 0.51133

mode-3 4.86486 0.81829 1.19725

Table 2. Similarity measure within the cluster.

Perspectives

Apply MSC algorithm to large tensor size (using parallel and distributed system).

Generalize MSC algorithm to mul ple cluster detec on.
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