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Abstract In this paper, we propose a speech feature extraction approach using nonnegative matrix factorization
(NMF), and a new initialization approach for NMF. NMF is excellent at extracting local feature using nonnegative
constraint. This method has been applied to data of text, image, or sound. In this paper, we apply this method
to speech feature extraction. Recently, initialization methods based on SVD or clustering methods for NMF have
been proposed. In this paper, a new initialization method using correlation information for NMF is described.
A sparseness of base vector is additionally constrained to NMF. In comparison experiment among initialization
methods, our proposed method shows effectiveness at estimate error and word speech recognition. The new feature
extraction method also shows effectiveness at word speech recognition compared to MFCC and features by principal
component analysis or independent component analysis.
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0 1 SKM (Spherical K-Means) for NMF Initialization

Step 1. Normalize each column vector X; to unit Lj-norm.

Step 2. Initialize k centroids c; for j =1,--- , k.

Step 3. Iterate until convergence.
Compute d;; :xZch fori=1,---,nand j=1,--- k.
Update partitioning IT; = {X;|argmax; d;;} for j =1,--- , k.

Update each centroids c; = ZZ X /]| Zl X4l
Step 4. W = C and randomize positive H.
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0 2 NNDSVD (Non-Negative Double Singular Value Decompo-

sition) for NMF initialization

Step 1. Compute SVD: X = UXV

Step 2. Initialize w1 = u; X \/OTJ and h; =v1 X y/01,1.

Step 3. for j from 2 until k&
T =uj,y = vy,
px = pos(z), py = pos(y), nx = neg(z), ny = neg(y),
pn = norm(zp) X norm(yp), nn = norm(nz) X norm(ny),
if pn > nn, u = pz/norm(pz), v = py/norm(py), sigma = pn.
else u = nz/norm(nz), v = ny/norm(ny), sigma = nn.
Wj:ux\/m:mdhj:vx\/a.

Step 4. Set all zeros of W and H equal to the average of

all elements of X.

pos(z)/neg(x) returns vector with only positive/negative

elements and 0. norm(z) returns Li-norm.
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O 3 CP (Correlation Propagation) for NMF initialization

Step 1. Set W% = E and H? = X.

Step 2. For ¢ from 1 until m — k
Compute correlation matrix R!~1 of Ht L,
d= argma:r,(zj w ),

tl 1
*sz/z ng7

1

w, = w;; +wi,d X €y
t _ pt—1 t—1
hij=hi; +he; xa
Step 3. W = W™k and H=H™"k,
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0 1 Feature extraction flow

NMFOOOOOOOOOOOOODO 1000000000
goboooobooobooobooooooboooooboo
gobooooboooboobooobooooooobooooooo
goooooooooooooobo xd NMFOODODDOO
gboboboooobooboobooboooobooboobobon
goboooobboooooobboooboooboooboobooo
ooooooo Xpoooooooooooooooooooo
ooooooooooobOoOoXOooOo0Oo NMFOOOOW
OHOOODOOOOODOOOOOOOOwOODoOooooow
ooooooooObOOoOoOO0OO0OHOOOOOOOOOOoOobOO
gobooooboooobooobooooooobooooooboo

x = Wh+e (10)

OoO00000e0 NMFOOOOOOOOODOOOOLDOO
gobooooboooobooobooooooobooooooboo

h=(W'W)'"Wix—¢ (11)

0000000 000000000000 00000000
O00000ooooooooooohO0O0OoOoOOOOOO
goooOooOoooooOoOoOoOoOoOOoOooOOoUoOoOo ADOO
gobooooboooboo



5. 0000

5.1 0000

000000 DO0O00OOoATROOOCOOODOOO A-set
gogogsbbob otcbooooooooobobboooo
goboooooobobooooooooooooooodobod
goboooooooooooboooooboobooooooooo

Oo0ooOi1ebitsD12kHzO0000000000000O
032msJ000000 SmsOOOO0OOO0OOOOOOOO
ooo000o0o0o0ooooooooooOooOobODObO24000000
ooooooooooobooooooooobooooonD 240
goboooooooooooboouobooooobooooooo

000000 26,200010x2,6200 0 0 0000000
10,000(10x1,000) DO O O0DUODOODOUOODODOOOOOOO
gopooooobooooboooboooooooboooobooboo
goboooooboooobooooooooooobooooboo
000 XOO0O0OO0OO0O 24x5,075 0000

0O 4 Initialization methods for NMF
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0 5 Speech features
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0 6 CP for NMF initialization
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0 2 W by NMF initialization: RANDOM, SKM, NNDSVD, and
CP.
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0 3 Frobenius errors after 20,000 iteration
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0 4 W after 20,000 iteration: RANDOM, SKM, NNDSVD, and
CP.
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0 5 Comparison of recognition accuracy with RANDOM, SKM,
NNDSVD and CP initialization algorithms.
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0 7 Comparison of MFCC, PCA, ICA and NMF speech features.
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