Efficient Sequence Classification
with Multivariate similarity
Kernels

Pavel P. Kuksa
NEC Laboratories America, Inc



Multivariate Sequence
Classification
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Task: Classification of multivariate sequences X

X = (x1,T2,...,%pn),x; € RE Vi
of identically sized R-dim vectors of observations
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Data & lasks

® Audio recordings: e.g. A-dim cepstral/spectral features.
Content-based retrieval, genre, instrument, mood etc
analysis, speaker identification

® Biological sequences: P-dim profiles or physico-
chemical descriptor sequences. Protein classification,
function prediction etc

® (Gene expression data: G-dim gene expression profiles
analysis and classification

® Financial data: e.g. R-dim stock returns. Similarity,
categorization, prediction
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Current Approaches

Codebook learning + Kernel (Lu, 2009; Kuksa et al,2010)
Kernels on dynamical systems (Vishnawathan, 2007)
Alignment methods (Cuturi, 2007)

Regression methods + many more

Main issues: insufficient accuracy, computational
complexity

Goal: Efficient (linear time), robust, + High Accuracy

® Ve propose: multivariate discrete representation
(MVDFQ) + MVDFQ-SK kernel

® [inear time computation
® state-of-the-art performance: content-based music
classification, bioinformatics: protein homology
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Multivariate Direct
Feature Quantization
MVDFQ

Original multivariate time series X Discrete multivariate representation (DFQ(X), B=64 bins)

R=3 o >
t=1| t=2| t=3] t4| t=5 =) t=2] sl t=4] =5
dim 1| 0.43| 1.43| 3.79] 253 3.29 dim1{ 37| 38 | 40 [i39 | 39
dim 2| -0.34] 0.91] 2.97| 1.68| 2.12 R dim 2:| 0 20 | 2 |12 |2
dim 3| -0.41| o0.40| 2.22| 1.15] 1.74 dima] 31:] 32 | 33 [:132 | 33

i: - mm- —=-gE-ge====-
Univariate representation (VQ(X), codebook size=2048) k _\.

t=1 t=2 t=3 t=4 t=5
dim1] 309 | 173 | 484 | 1148 | 1252 aRXk
MVDFQ kernel Submatrix kernel

Kyvpro(DFQ(X), DFQ(Y)) = zd: . .
/C(Oéka:aBka:) — Il><k:(04Z xkaﬁz xk)
Z Z ,C(Qfokaﬁka) — R R

arxk€EDFQ(X) Brxkr€DFQ(Y)

* Linear O(Rnk) time computation!
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MVDFQ: Outline

|. Quantize each of X’s R feature dimensions
into B intervals (uniform quantization, k-

means, etc). Output: DFQ(X)

ll. Embed dD(DFQ(X)) multinomial manifold
(L1 embeddlngz ¢)

l1l. Use suitable aff‘mty measure between
probability distributions (e.g. Bhattacharyya
distance) to compute kernel K=< viex)). viey))

IV. Train classifier f(X)=) aK(X,Xsv) (SYM)
using K

-

KMVDFQ

J

P (X) = spectrum/mismatch/SSSK etc feature map
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Snapshot of Results

® Music genre classification benchmark
® |3-dim MFCC seqs, |10 classes/genres

® Comparison between:Vector Quantization (VQ),
Generalized Similarity Kernels (SDM’12),and MVDFQ

(%sing bag-of-words (BOW) and spatial SSSK kernels)

B VQ
B Similarity Hashing (SDM’12)
MVDFQ

BOW SSSK Manifold-SSSK

Improvement (%) BOW | SSSK | Manifold-SSSK

vs VO 174 | 154 50.8
vs Sim. Hashing | 2> | ¢! 490
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Comparison with state-of-the-art

Method Error (%)

NMF (Holzapfel, 2008) 26.0

MAR (Rump et al, 2010) 21.7

AdaBoost (MFCC,FFT,LPC,etc) 17 &
(Bergstra et al, 2006) '

Classifier fusion spectral + cepstral 9 4
(MFCC,NASE,OSC) (Lee et al, 2009) '

MVDFQ (MFCC+FFT) 9.3




Snapshot of Results

* Protein remote homology benchmark
* 54 prediction problems

™ Univariate
50 I Sim. hashing (SDM’12) v
MVDFQ Improvement Vs Si:l
(%) Univariate N
Hashing
72.5
Spectrum 55.1 23.2
55 Mismatch 17.3 6.1
SSSK 10.2 6.2
37.5
Profile g -
20 kernel

Spectrum Mismatch  SSSK' Profile kernel
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