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1.Introduction

Problem: Unsupervised dimensionality reduction for tensorial data
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Objective: A multilinear extension of PCA that extracts uncorrelatedttires

Previous work: PCA & its multilinear extensions:

Linear method: principal component analysis (PCA)
—Produceuncorrelatedeatures.

—Retain as much as possible the variations.

—Need to reshape tensorial data into vectors.

Existing multilinear extensions of PCA
—TROD, 2DPCA, GLRAM, GPCA, CSA, MPCA.
—No method produces uncorrelated features.

2.Proposed Uncorrelated Multilinear PCA (UMPCA)

Elementary Multilinear Projection (EMP) & Tensor-to-Vect or Projection (TVP)
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The Approach

Formulation: constrained maximization.
Successive variance (scatter) maximization.
Alternating projection method.

The UMPCA algorithm

Input: A set of tensor sampldsX ,, m= 1;:::; Mg, the subspace dimensionalky
and the maximum number of iteratioKs
for p= 1toPdo
for n= 1to N do
Initialize upy =
end for
for k= 1toK do
for n= 1to N do
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m= 1;:::; M.
CalculateY ™ andSY. Setul’. to be the (unit) eigenvector of (NS
_ b p Py P ~Tp
associated with the largest eigenvalue.
end for
end for

Setuy’ = uly for all n.

Calculate the coordinate vectgy.
end for

3.Experimental Evaluation

The Data: FERET database

Maximum pose variation: 15 degrees.

Classi cation

Minimum number of face images per subject: 8.

/21 face images from 70 subjects.

Preprocessing to 8080 pixels, 256 gray levels.

Results forL = 1:

Nearest neighbor classi er.
Euclidean distance measu

Performance: rank 1
identi cation rate.

recognition rates, captured variation, and correlations.
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Results forL = 7:
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Results forL = 2:3:4:5: 6:
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recognition rates for variouss.

L P 1 5 10 20 50 80
PCA 2.8 202 320 | 39.1 | 43.6 451

2 MPCA 26 214 281 | 389 | 446  46.0
TROD 3.6 | 193 | 30.6 | 384 | 43.0 | 44.3
UMPCA | 8.1 | 27.6 | 40.6 | 45.0 | 45.8 45.7
PCA 2./ 239 371 | 459 | 51.3 | 52.6

3 MPCA 2.3 | 259 | 348 | 455  52.0 | 53.3
TROD 40 235 36.1 445 501 | 51.7
UMPCA | 7.5 | 355 | 498 56.0  56.6  56.6
PCA 2.7 | 255 | 41.7 | 494  56.8 57.9

4 MPCA 2.3  28.7 | 394 | 50.2 | 57.5 58.9
TROD 42 | 253 | 41.1 | 49.0 55.1 | 56.6
UMPCA | 85 | 395 | 56.2 | 63.5 | 64.1 064.2
PCA 3.0 289 | 471 | 55.6 | 63.9  064.6

5 MPCA 2.6  33.0 43.2 | 56.8 | 64.3 | 65.8
TROD 45 | 284 472 556 620 63.9
UMPCA | 8.1 | 436 | 61.7 | 68.2 | 69.1 69.1
PCA 2.8 | 30.3 | 49.0 | 58.5 | 66.7 | 68.1

6 MPCA 2.2 | 33.5| 45.7 | 59.7 | 67.9 | 069.7
TROD 43 | 27.3 | 493 | 58.6 | 64.7 | 66.9
UMPCA | 91 | 456 | 629  70.7 | 71.8  71.8

4.Conclusions

UMPCA: uncorrelated feature extraction directly from tensbjects through -

VP,

The solution: successive variance maximization & altenggbrojection method.
Evaluation: UMPCA outperforms PCA, MPCA, TROD, esp. in lowlanension.
Future work: application to other unsupervised learnisggsa
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