3 11 21 (Rabiner and Levinson, 1081 Roe and Wilpon,
199) (Signal
Preprocessing) (Feature Measurement)

(Pattern Classification)

(Decision Making Algorithm)
Viterbi (Viterbi Algorithm)

Smoothing Endpoint Tin* Vector Hicden Markov Model
Window - Quantzed —— Parameters
Analysis Analysis Test Patterns. Classification
oyel Preprocessing #
I— Pattern Reference
Classification Toplstes

Model  f——p

Vierts
Agortten

o

Signal
/| Preprocessing sz

Decision ©
Making g
Algorithm |

Pattern
| Classification

Feature
Measurement

Word Reference |}
Templates

——

Pattern Recognition Model
for Speech Recognition

Hidden Markov

Linear Codebook

Prediction K-Means gg?ﬁi?ﬁt Vector Word
Coefficient Clustering Templates Parameters Templates

Analysis Algorithm Training

Coodookand Aol Referce Terrpletes Qegtion
21



(Signal Preprocessing)

1
(Nonstationary)

(Rabiner and Levinson, 198L; Furui, 1985) “ " (Speech
Frame) 10 - 40
(Stationary)

4 21
(Preemphasis) (Smoothing Window)
(Endpaint Detection) (Time Normalization)

1 (Preemphasis)
(Dynamic Range)

(First-Order

Digital Filter) ) 22 (Furui, 1985) a
() ()
(«-1) 1

H(Z) =1+ Q7] covessssssssssssesssssssssssssnnssssns 2]
) =

(] (LI ) I (22
a 1 T

a=09%
(Rabiner, Levinson, Rosenberg, and Wilpon, 1979)

(

2 (Smoothing Window)



(Window  Function) Rectangular  Window, Hamming
Window, Hanning Window, Blackman Window, Kaiser Window (Oppenheim and
Schafer, 1989) 2

Hamming Window

22 23 (29 L
N 1 1 L
N 1 (Furui, 1985; Oppenheim
and Schafer, 1989)
REBED,C () I (6 Er———— 23
{)=0.54- 0.46C0"N——"] ccoooorrsrirmssrrsssessssssssssssinn (24)

[=0,1,...,1-1 «=0,1,.., N-\

1.00

0.80 4
0.60 +
0.40 4
0.20 4

0.00

0 (N-1)/2 N-1

3‘1_!71 2.2 Wandunsaveiia Hamming Window

3 (Endpoint Detection)

(Energy Level Contour)
2100  E{m)

(Rabiner and Levinson, 1981)



E{m) = XK«)I (210)
350  §
300 --
250 --
E’ 200 -+
g 150 ] Lower-Level Threshold
= Upper-Level Threshold
100 - ' :
1AL
0 Jltj/r .............. \\
Frames 0 10 20 30 40 50 60 70
23
(210) %3 (Energy
Level Threshold) 2 (Lower-Level Threshold)
(Upper-Level Threshold)
(Energy Level Duration)
23

(Normalize)

(Time Normalization)



(Sampling Rate) (Sampling Freguency)
(Sampling Period)

L
M
(Oppenheim and Schafer, 1989)
TR I (1)
T
T M
L
24 25 (Oppenheim and Schafer, 1989)
Interpolator I Decimator i
X[l ' . | Lowpau Fllur . LJ Lc.vans Fliter . [N

—LN . )
q H cmon IL
x,[n]

Gain = 1 im
Cutoff =x/M
x[n] x,[n]
Sampling Period :

T TIL TIL T T™MIL

U 24 FuneunrnddmInfeuulassammagudathauuylidumauda

N '\ N Lowpass Filter . ; [
TL Gain=L iM
—2 F] Cutoff = ming/LM)
x[n] x[n] ¢ x,[n] x4[n]
s LA ) i ™

25

24 25 L Upsamping



Interpolation M Downsampling
Decimation (Oppenheim and Schafer, 1989)
41 (Upsampling)
(Continuous-time Signal) xc(nT)  X[«]
M ZXC(NT) coorrrsssssnssssssssssssssssmsssssssssssssnens 212
L
T L T=TIL
X[ T 2XC{NT") i 213)
X[ 1=x[n/l} =xc{ TIL), =0, +L, 2L e (214)
'y
(Aliasing)
(Lowpass Filter) (Cutoff Frequency) 1L
24
Interpolator
42 (Downsampling)
X[n] XY )
T M T=MT Xd[ ]
XU T=X[M] =X ) s (215)
(Aliasing)
(Lowpass Filter) (Cutoff Freguency) M
24
Decimator
25 Interpolator Decimator

ML



(Feature Measurement)

1 (Linear Prediction Coefficient)
¢ " Linear Prediction N
Weiner .. 1966

ltakura ~ Saito  Atal  Schroeder . . 1968 (Furui, 1990)

AT {00
t AT <\ 2 0-
X{t) P (Furui, 1999)
XI4aX, B-+apXLD =8 s (216)
{e}
@ P
KONCHARN LINIVERSITY......ccoovvsnremmesnensennss 217)
(210 (217
XL 18 28 s (218)
(2.16) {a}
8, (218)
F{z) = (219
X(2) <X x{z) 9+X VA

Xx(z) = F{2)x(2) @2.20)



14

e 1)

Z

X(2){\-F{2)) 2 E{2) rmerrmsssrmsssssnssssssssssssssnnnns (22)

X{2)A(Z) = E{Z) oo (22)

Y P T L VAR O = 3 OO (223)

(a}
(Least Mean Square Error) (219)
[r0r)] P
p=’
o = (224)
- ) :Oima,ajx,_]x,_J
a0=1
Gi # Jij Xk 229)
p
(VR T V=2 AR S S P S (2206)
P P az(y=12../?)
22

AN e Z2Ba,.CY=0 (721,202, @27
{a,.} P

Q’(/=o,1,2,...,/?;/= 1,2,...,1?) (2.25) X,

*0-/7? *1
N 2
(Covariance Method) (Autocorrelation Method)

*0=-00 *1=00

Jdeo ko N
q~/=03 Y
= i =A



(8
=0 (y=12,..p) 229)
A= Z'Vmt (TA°) o (230)
(230)
SR | s ] (—— 23)
Lrp»l o h K JL(X/:J Ler
E e(n)
xn)
W 29
=X x{n)~2%akx( - k)
4 E CHOk=0
k=123,../ P al P
A x{n-i)x(n) :k’_‘ BIN X{N 1) X{0K) (233)
R{i) — x{n)  x(n)
MaKR (i-k) = 1), 1< T s (234)
/?(/):’b‘;‘x(n)x{n-i) ........................................................... (230)
Ra =r (231)
R Toepliz

ak a Levinson-Durbin (O’Shaughnessy, 1988)



16

Levinson-Durbin

a =1,2 P (Order)
21
21 Levinson-Durbin
1
E0=r(0)
- 2.3)
2
R{m )-Y jan”(i)R {m -i)
K E > ok < Lo, (237)
3
( =
«.(*) = > (L</< e, (238)
4
R(|) XU )X {n = i) 02 N 2 10 i P erreerrineerieeertieeeneesneesieee 1t (239)
5
Frog»  0» O T TN (24'0)
2. (Vector Quantization)

2 (Makhoul, Roucos, and Gish, 1985)



i

= i E Source Informstion
JL
imum Pattern ; Reproduction
P ecton Birery Qoce (Snthesis
Codebook Godebok
(Gntroick)
Coder Decoder

26

(Sadaoki Furui, 1989)

26

4)



a(?) y
', X y Y={yli<i<n)
Y, =yl yz ey Y L
Y, yl
L “ : N
X L " {C,., l<1< L)
Y, V. X C
249
q(x) = y1 DT 240
! ¢ " X
Ly d(x.y) X
y dxy)
0 = lim -M.]-X"[XM>y(”)] ..................................................... (28
x{n)
D = E[d(XY)]
=X A (xe C)IFLIIXY)IX 6 C] v (24)
= XM (x£€c,) {eCd(x,y)pkx)dx
p(x 6 C,) X C, p(X)
X T ' 1 X

21

(Mean-Square Eror, MSE)
(Weighted Mean-Square  Eror)



19

(Linear Prediction Distortion Measures) (Makhoul, 1985)

1) (Mean-Square Error, MSE)
4(*o>) =M (x-y)'(x~y) = 2 S (245)
LrNorm
Ar( 'Y)= 2 FFDT i —————— (246)
(2.30)
(245) =2 2 r-1  r-o
1 (Average Absolute Eror) — dx
lim [ r(x,y)]1 = max [X4-y KNk Al (247)
D r-00
12
10
2)

(Weighted Mean Square Error)

12
{7}
WOGY) = (V)T (X ) s 24)
= Al
w=d2
=r-l r X

r=£[(x-x)(x-x)7], X = £[x] (2.49)



&0

{fck, \<k<N)
)

20

dw Mahalanobis

CXLY)E X YT (X Y ) e s (250)
W

ZPTD s ————————————. (251)

X Y X ¥
X = Px = PY s (252

dwW(x,y)=(Px- Py) Px- Py)

SO D L0/ ) IR — 253)

= 2Ax)

(Linear Prediction Distortion Measures)

£a(£x(-k) = LIS N s (254)
{§(i),0<i<N} ! !
G H{z)
G2=<KO)+ 28 (FH U ) oo (25)
H(z)

<], \<k<N (256)



\Kk\
Kk
1= 3sin 1Kk VKN e 2.57)
11 -Kk 1
Gk 21og 1+ A =1anh Kk VKK SN e, (259)
Gk (Log-Area-Ratios, LAR)
H(z) 2
() k Gk
4 |takura-Saito
(Itakura-Saito Distortion Measures)
|takura-Saito (Maximum-Likelihood Principles)
x=[a(l) af2) » a(rV)]7 y
[XY) = (XY)T0 XY ) s (259)
0, ={a)(- £)<P0) 0<i k< N = D)oo (260)
Or
P(-K) x
(2%4) (260)
O on X o
(259) X
(249 !
0t*0V  x™My d,(\y)*d,(yx)
22
L N L
{c.I</<l} C Y,
Y, X C,



(Nearest Neighbour Rule)

X
g(x) = v/, i d(GY,) <d (GYT), 70, 1< <L v (2.61)
Y C,
y1 y (262)
A= M)XK e ] =3 (dXY)P(X)EX s (262)
” (Centroid) C,
Yo T CENE{C) s (263)
{x(«)] <n< m) M 1
C £
2o A T (XY D) s, (2.64)
y C,
B,
YT I gt Qe ressessssscssssssssssssessssesssrssssesss (2.65)
M*AC _
Itakura-Saito d, Yo
§ x(k)
(Mo)=1 (244)
Y (k)
¢l ):-MléawT ), 0< K < N oo (2.66)
(Iterative Clustering Algorithm) K (K-Means Algorithm)
K=1L {x(n)\ L C,
m
CL i m yi( ) 21
K (Local

Optimum)



(Global Optimum)

2.2 K
m=0
y-(0), 1<i<L

(X(«), 1< <M)

XeC », |ﬂ: [x,y,(n)\ <d[x,y;(m)J, allj *i

m<-m+1

y1 )=cenCfm)), 1<i<L

Dim) m
Dim-1)
2

23



24

Euclidean

(Makhoul, Roucos, and Gish, 1985)
(Binary Search) (Cascade Quantization) (Product Codes)
(Random Codebooks)

) (Binary Search)
K K=L
L
(Hierarchical Clustering)
log2L L
N 2 K K=2
L
L 2 L-2b B
L=8 23
V V2
4 v3 Vb
Y, v
22 X V, V2
d{x,v2) <d(x,v,) V2 X W Vb
d(x,\5 <t/(x,v0) V5 X y5 b

d(x,y6) <d(x,y5 y6 X



25

2 log2L N
CZ2N10g2 - 2N B ovvsivresssssesssissesssssssnes (267)
i

(Intermediate Vector)

M Z2N(L-2) oo (269)

X
X
X
21
21 (Uniform

1

Quantization Tree)



2.8

(Nonuniform Quantization Tree)
2

" (Tree-searched Vector Quantization)

K K > 2

28



23

231

(Random Codebooks)

¢ ;" (Random Codehbook)
L N

(Codebook Training and Testing)

(Codebook Training)
(Binary Clustering)

27



232

20

Stationary)

(Codebook Testing)

10

50

(Asymtotically Mean



233 (Codebook Robustness)

2
(Makhoul,
Roucos, and Gish, 1985) (Input Signal Variability)
(Digital Transmission Channel Errors)

(Speaker  Variability)
(Environmental Variability) (Interspeaker Variability)

(Intraspeaker Variability)

18 ' |
15



(Pattern Clasification)

(Distance Scores)

and Wilpon, 1993)
System)
(Neural Network)

Programming)

30

(Pattern Similarity Testing)

(Pattern Similarity Testing)

(Templates) (Models)
(Dissimilarity Scores)

4 (Roe
(Template Matching) (Rule-Based
(Hidden Markov Model, HMM)
(Hidden Markov Model)
(Roe and Wilpon, 1993)
(Dynamic

2 (Rabiner, 1989)



3 (Rabiner, 1989)

(Deterministic Models)

F = {v, v2,00¢5VM)
3)

Probability Distribution) A - |fly|

2 1
(Statistical Modls)

ql

a0= P g\ =58, =S|, L<i,j<N

(Rabiner, 1989)

(State  Transition

(269



a1> 0, Viy a,j= 0 (i.)
4) (Observation ~ Symbol
Probaility Distribution) 8 = { )}
) \<j<N
):kaattq’:SJ Lek< M (2.70)
5) (Initial State Distribution) 7L= {nJ
L= I5[2,2 ], L0 €AY s s (2.71)
! 0 v T
02 (A/QIPEIO] st Serssemmssssssssssssssessesssessmessnes (272)
2.3
f .
1 =1 7
2 {=1
3 0, = vk
1 )
4 qgHl=§j
1 al
5 [-1+1 3 t<T



X = (A, B, 71) oo (273)

22

" (Training Sequences)



1
24
1 0=0Xx0210
X=[a,b, 7
(olx,)
2 0=0]02% Or X
Q=gxg2 - ql
3 X={A B, )
p(0jx)
3
1
31 1
X p{0\x)
0=0,02---0 T T
Q=g @2 L (274)
(1 ' 0
(269)
P(0\Q X) =X (0N LX) coovvvrrmrsssrmsrrmssssnssssssssssssssenn (275)

0leA) =»J°.)-4" («] - v(°r) (2.76)



35

Q
PO =ngaw aMj-a 0 oo, 1(277)
0 Q
P (0.Q1X) = p (01Q % )p (QX) mmmmsmmsmsssmssssssssssssssssisn (278)
0
q
A ) =
=9MK gbgi{o)aq) qifod) - V*Ar(°r)
(279) t= ] il
0, 6 (0, t
t+1(t=2 U a1 a\?
02 b (02
T qT1 ql
aqr 9 0] bg {0T)
P(0JA) (279)
2TINT t=12,---T N
2T
(279) {2T-\INt V-1
N T
' - ” (Forward-Backward Procedure)
) (Forward Procedure)
(/)
8,()) =p{ox02 0N gLz LA (280)
0,024-01 1t
X a,(l) 25



2.5

1 a,(i) =710,
N e (28)
2 . .
d !-H(y) - Z a MhJ IIIIIIIIIIIIIII (282)
It< T-1 1<i<N
¥ D) =t @ H) s s (28)
| 0,
29 S]
t+1 N 11<i<N t a,(/)
0]02--0, t , a,{i)aj
0x02 --0, S t+1
t N W A<I<N t

29 a ,O)



S a,t(y)
01 i (282) 7,1<j<N t
t=1,2--5T- 1 p{0\x)
al(l) p(0[x) al(l)
al()=p(0,02-- <= LX) —————————— (2.84)
a,(j),\<t<T \<j<N
N 2T 2TN'T
N{N +\)(T-\) + N N{N-V){T-\)
Lattice
Trellis N
N t=1
Lattice a{(i),\<i<N t=2,3,---T
a,(y) << aM(j) N
N N
) (Backward Procedure)
p.(i)
By =prorom- O0TNAL= LX) crrrrererrssssssssssssmmmmssssssssssnnns (2.85)
t+1
t X p.(j)

210 ()



0.4 i
P.HY)

2.6

p7() = |, 1< N v

P,(1) = ZTI¥"* (0 <d)pHLy),

t=T-\,T-2, I<i<n
YR/ e
2.10
t+1
1 Sj
bj(o,+])
P(2), et <7, I</'<n
Lattice
2
2
Y0)= A= 80U s
f
(284)

38

................... 2%
............... 287)
............... %)

P1()

Sj

Sj

i

g

............................... 299)
0
29)
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a,(/) Qo2 -o0, ’ t
p,O) 0 Horamor \ t

Mobx) =20 .ex(p.() ()

7,0)21, 1€ 1T s, (291)
y1 ) g, t
ql= argaK [V ] 1<t €T o 2%
(29)
t
(29)
(0,,9,)
Viterhi"
Viterbi (Viberbi Algorithm)
Viterbi
Q= K172 Q) o ={(,021110Q)
0,0= max p[g\ Gmg = 0021 0\X]ovvverirrrrcivrrssrinns (2%
1 vH
51) t
f 1
) = 15 0 HIDJ(0,4) s (29)
2%
t ] LAV

21 Viterhi



21 Viterhi

1 B=T.0) 1<i<N .. 0%)
VD=0 s 0% )
b eyl ), Sy )
D=age Lo ooy L %)
; LDy o)
gragge . )
4 qT = V/+iU,*+|)> (2 98)
-—Re '
Viterbi
) )
0% ) 0%)
33 3
X= [a )

X=(a,B, ) 1,(( %) Baum-Welch



41

Baum-Welch
(Baum-Welch Reestimation Procedure)
Baum-Welch
(Picone, 1990)
28 Baum-Walch
=EN () 1 [() P— (29 )
"4, (i)aybj(o,4)PALY)
gj. | | 29
2 a,(*)p.(1)

«> ()P
il z«>(j)R,( ) )

Z*f(§)p.(y)

Baum-Walch

Baum-Welch
(Modified Baum-Welch Reestimation Procedure)

4,(1,))
Lt . t+1
(Rabiner, 1989)

6( ) =p® =5.0H=g°>% (2.100)



4

(2%) 29
£{l,_])
(2.94) p[at= 1qH1=Sj,0\x) [{0)
LA (0JPHy)
7
o(lo" ( o<l)p<ly)
Y{() 1, t
Yi)  Aln)
Y (NZSCLY) wormsmrmsssssssmsssssssssssssssssnns (2102
Y\()) t
t=T 4.(.))
t=1 t=T-1 Sj
r/\f:ly,o') = s, 2163 )
K6 ()= I 1)
(a,b,7) 29 X=(a,B, )
(2104 ) - (2104 )
X=(I,B, ) (2104 ) - (2104 )
X
X=X X
*(oix.) > p(olx)

X X



29 Baum-Walch
ST D J—— (2104 )
X (1,
Gy o)
Z yl(i)
. yM
bXK) ST (2104)
Zy,y)
(2104 ) - (2104 )
Baum X
QKa =25 (610 x)10g1p (0, QU o (2109
0(X,X)
MaX 010, X)] = P(OVK)> PLONK ) v (2106)

EM
E (Expectation)
eM ) M (Modification) X
(Stochastic - Constraints)

210



2.10

=
11
G

(2108

211 4

« «2 3
_ A @ B
d @ 3
dl @ B

«4
«4
4
«l4-

44

(2107)

0107 )

. (2107F)

211
a0

2108
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211 - (Left-Right Model) Bakis

212 .y
210)
2.110)
e 19
Ll .. 0110
' 1 N
A= 00 3> TRA e \(2110)
212 A=2 )
113)
Q1)
-1
aa'\n'fz 0 <N e112

«11 adn  «13 0

po 02 o a K

0 0 33 «34
.0 0 0 «44-



2.14

213 - 6

(Decision Algorithm)

Viterbi (Rabiner and Levinson, 1981; Rabiner, 1989)

Viterbi

Viterbi

(Maximum a posteriori Probability, MAP)
(Forney, Jr., 1973)

I O 0 K

*() X K



47

X= (xo, %0 XK) (e
XM k+l K xk K
p(X*4X
P IV 0> oK) MFEIFH) s (2114)
A k (xk+L, XT)

N (2.115)

"EkK) Xk *o

Ej 5 < M2 X

e (£0n =£K9 X<>El
7 K MoK
PUAY IV T 11T ) e (2116
D(ZK¢ ! (
) K Xk

o) 2okl -

) K VK VK

] Xk
Viterbi
Viterbi
214
2.15 Trellis
Trellis X0 XK
X

Trellis



-InP(x,2)

P(xjz)
-InP(x,2)

X(X]

r(XJ = aJx(xJ]

X0

X
X
p(x,z) = p(x\z)p{z)
InP(x,2) p(\,2)
p(x,2)
p(\,2)=p(\)p{zX)
- H / | K ,\ll *l* 'l'P**j\ '''''''''''''''''''''''''''' (2'118)
Afe) = QNS s (2119
X
S 12 £t 4 7/ A N NN S (2.120)
Minty
X* (*0,*”".,**)
X=(*0, X, *) Trellis X
xk xk k
A ) = 1 ATR)siimmmmmmmmssmssssssssssssienens (212)
XK X(X] k>0
xk X
xk k
k M X(xk)
k +1 k
Xk+1
Xk'l'] K+1
M
Viterbi 214 Trellis 4
215
4



211

K 15 X(x*)
211 Viterbi
K ovrrssssssssssssssssssssssssssssssssssssssnns
XK(xK), 1<Xk<M s xk
F(X]. VXK M s
K = 0. v At mnrisssnnsssessssasssessans seeee (2122)
X(x0)=*0, x(m) arbitrary, m* X0...ovvvveirr e (2122)
[(XC) =0, 1\m) =co. M * X0 womrrrrrrsns o (2122)
r(**+p*~k) - r(**) +4 A :(**+11**)]1 IIIIIII (2123 )
VI% = (F*41>*%)
r(x*+) = minr(x*+1, x10, XKL (2123 )
r(xk+]) X(x*t)

k=k+1 k=K



D
214
STATE k=0 k=1 k=2 k=3 k=4 k=K-2  k=K-1 k=K

00 @O >0 >0 A0 — A :///7'
01 N\ A\ &N\ &\ @
01 W ¥/ %/ e
" e

215 Trellis

2.16 Trellis M=4 K=5



217

Viterbi

ol
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