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Hidden Markov Model (HMM)

speech text

— " —
Recognition
@0

LLIHNRRR x Y

Y* =arg m&xP(Y X) P(X|Y): HMM
Decode P(X|Y)P(Y) Acoustic Model
= arg max
IR0 P(Y):

= arg mexp(xw)p(y) Language Model



P(X|Y) m——) P(X|S)

A token sequence Y corresponds to a
sequence of states S

HMM

what do you think

Phoneme: ‘

hhwaat duw yuw thihngk

Tri-phone: / \

...... t-d+uw d-uw+y  uw-y+uw y-uw+th ......

t-d+uwl t-d+uw?2 t-d+uw3 d-uw+yl d-uw+y2 d-uw+y3
State:




P(X|Y) m——) P(X|S)

A sentence Y corresponds to a sequence
of states S

HMM



P(X|Y) m——) P(X|S)

A sentence Y corresponds to a sequence
of states S

HMM

Transition Probability

Probability from one state to another a=>b p(bla)

Emission Probability

t-d+uwl ]




HMM — Emission Probability

* Too many states ......

Tied-state

pointer
P(x|”t-d+uw3”)

pointer
P(x|”d-uw+y3”)

Same Address

ZZ IR B AR Subspace GMM [Povey, et al., ICASSP'10]

(Geoffrey Hinton also published deep learning for ASR in the same conference)
[Mohamed, et al., ICASSP’10]



X|S) _9 E P(X|h) h = abccbe YK,
healign(S) h = abbbb X

Q transition aI|gnment D D

a=»b a b ¢

p(bla) which state generates which vector

emission
(GMM)

1

x x x .X'
P(X|hY)
TP(xlla) TP(lea) TP(x |b) TP(x4|b) TP(x5|c) F(x6|c)
b

h' = aabbcc e () e () e (C) ey
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Method 1: Tandem

p(alx®) p(b|xb) p(c|xh) .....

\
\%.:‘: |:> New acoustic feature

Size of output layer I for HMM
= No. of states DNN

State classifier

) I

xl

Last hidden layer or bottleneck layer are also possible.



Method 2: DNN-HMM Hybrid

S®®= P(a|x)

o ¢ 1
e® @
°»° | P(x|a
s ) PEla) # DNN  CNN, LSTM ...
@

|

DNN output

P(x,a) P\(dlx)P@Q

P(a)  P(a)

X

P(x|a) =

Count from
training data



How to train a state classifier?

=

Utterance + Label
(without alignment)

Train HMM-GMM
model

=

Utterance + Label

(aligned)
<«

Acoustic features:

AR

{a,b,c}
state sequence:

Acoustic features:

1 DDD

a a a b b c
state sequence:



in a state classifier?

How to tra
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in a state classifier?

How to tra

realignment
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Human Parity!

* GRS A 2R EE KBRS B EE AR AE T A
7K 1 (2016.10)
* https://www.bnext.com.tw/article/41414/bn-2016-10-19-020437-216

Machine 5.9% v.s. Human 5.9%

[Yu, et al., INTERSPEECH’16]

* IBM vs Microsoft: '"Human parity' speech recognition record
changes hands again (2017.03)

* http://www.zdnet.com/article/ibm-vs-microsoft-human-parity-
speech-recognition-record-changes-hands-again/

[Saon, et al., INTERSPEECH’17]



Very Deep

[Yu, et al., INTERSPEECH’16]

VGG Net (85M
Parameters)

Residual-Net(38M
Parameters)

LACE (65M
Parameters)

14 weight layers

A9 weight layers

22 weight layers

40x41 input 40x41 input 40x61 input
3—conv3x3,96 | 3—[convi1xl, 64 5—conv 3x3,128
conv 3x3, 64
conv 1x1, 256]
Max pool 4 —[conv 1x1, 128 5 —conv 3x3, 256
conv 3x3, 128
conv 1x1, 512]
4 —conv 3x3,192 | 6—[conv 1x1, 256 5—conv3x3,512
conv 3x3, 256
conv 1x1, 1024]
Max pool 3 —[conv 1x1, 512 5—conv 3x3, 1024
conv 3x3, 512
conv 1x1, 2048]
4 —conv 3x3, 384 | Average pool 1-conv3x4, 1
Max pool Softmax (9000) Softmax (9000)
2—FC—4096

Softmax (9000)







Decoding: Y* = arg max logP(Y|X)

Y Beam Search

Training: 8% = arg max long(ﬂX)

LAS
P(Y|X) =?
- xt x? x3 x*

* LAS directly computes P(Y|X)
P(Y|X) = p(a|X)p(bla, X)...

a_
H

pia)

péb) p(EOS)

Size V {

f

1

|-

C C



Decoding: Y* = arg max logP(Y|X)
Y Beam Search

CTC, RNN-T

Training: 8% = arg max long(ﬂX)

P(Y|X) =? P(h|X) h=apbd —ab
p(@) p(p) pb) pP)

xl x2 x3 x*

a b
T 1 1 1

* LAS directly computes P(Y|X)

P(Y|X) = p(alX)p(bla, X).. ' ' ' '

* CTCand RNN-T need 1 > 3 4
alignment l; l} hT h1
P(Y|X) = 2 P(h|X) | e )

healign(Y) LA 220




HMM, CTC, RNN-T

HMM

Po(X|S) =

healign(S)

P(X|h)

1. Enumerate all the possible alignments

2. How to sum over all the alignments

3. Training:

4. Testing (Inference, decoding):

6 = arg max logPg (71X)

CTC, RNN-T

Po(Y|X) = P(h|X)
healign(Y)
0Pg(Y]X) _,

20

Y*=arg max logP(Y|X)




HMM, CTC, RNN-T

HMM CTC, RNN-T

P(X|S) = Z P(X|h) P(Y|X) = Z P(h|X)
healign(S) healign(Y)

| 1. Enumerate all the possible alignmentsl

2. How to sum over all the alignments
3. Training: 0P, (Y|X
g o(Y1X) s

20

6 = arg max logPg (71X)

4. Testing (Inference, decoding):
Y*=arg max logP(Y|X)



LAS
All the alignments IRFSEEN T ©

speech text
S h
- — ot
ecognition
T=6 N =3
Y h € align(Y)

HVIM cat ) cciaat caaaat

duplicate to length T

CTC cat ) cpaatt Ppcadpted -

{duplicate
add ¢ tolength T
copppagpdpte

RNN-T cat neeeeses———) ===
addp x T CopapdtoP




HVMM cat o) ccaaat caaaat

duplicate to length T

Forn=1to N
output the n-th token t,, times

constraint: t; +t, + -ty =T,t, >0

Trellis Graph

C C C
C

. — duplicate
\ a
a
2 < \ next
t token
t
> >@




HVMM cat o) ccaaat caaaat

duplicate to length T

Forn=1to N
output the n-th token t,, times

constraint: t; +t, + -ty =T,t, >0

Trellis Graph

—>—>—>—>—>®

\ — duplicate
next
a ——
\ \ token
> >@




CTC cat ) cpaatt
— {duplicate

add & tolength T

output “@” ¢y times
Forn=1to N
output the n-th token t,, times
output “@” c¢,, times
constraint. t; +t, + -ty +
CO +C1 ‘I"”CN =

t,>0 ¢, =0

pcapto ..

T



CTC cat mee——) cpaatt Gcapted .

{duplicate | -
add o to lengt

C duplicate

¢ insert ¢

a next token

(¢ can be skipped)

t O



CTC cat mee——) cpaatt Gcapted .

{duplicate | -

add o to lengt

) duplicate ¢

C next token

0) cannot skip
any token

a

¢

~—t



CTC cat EEEEEEEEESSS——) cpaatt Pcadte ..
B {duplicate
add ¢

tolength T

C
¢ duplicate
a duplicate next token
¢ insert ¢

L next token ®

¢ @



CTC cat EEEEEEEEESSS——) cpaatt Pcadte ..
— {duplicate

add ¢

C

tolength T




CTC cat mee——) cpaatt Gcapted .

{duplicate | -
2dd to lengt
¢ :
C —_— e —
C C C
a
) a
a
b t t
t ¢



CTC cat EEEEEEEEESSS——) cpaatt Pcadte ..
B {duplicate

add & tolength T
S Exception: when the next token
is the same token
¢
e duplicate
¢ insert ¢
e next token O

0 ..ee.—e O



coppadp Pt

RNN-T cat nmeeeeesss—————) @ e
add ¢ xT copadpdptd

output “@” ¢, times
Forn=1to N
output the n-th token 1 times

output “@” c,, times

constraint: Co+c¢c; + ey =T

Put some Put some
¢ (option) 0 cy >0
at least c,=>0 forn=1toN — 1

once



coppadp Pt

RNN-T cat eeeee———) @
add ¢ x T coppapptoo

-

c|
— Insert ¢

l output
d token

C



coppadp Pt

RNN-T cat eeeee———) @
add ¢ x T CPppagpPptd

-

P

C ¢ IC

v R R — Insert ¢
‘ b b I

a a

l output

a M token

t ¢ t

¢ ¢

t v————::»‘

¢ ¢ & ¢ & ¢



coppadp Pt

RNN-T cat eeeee———) @
add ¢ x T CPppagpPptd

mOEEER

1
e S e e o
"

—— »® — Insert o

output

1 l token
t
¢
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HMM

Start

not gen not gen not gen
----- » ( =—)p | g —) | ]
“a N N\
¢ ¢ ¢



HMM, CTC, RNN-T

HMM CTC, RNN-T

P(X|Y) = z P(X|h) P(Y|X) = Z P(h|X)
healign(Y) healign(Y)

1. Enumerate all the possible alignments

2. How to sum over all the alignments |

3. Training: dPy (17|X) Y

20

6 = arg max logPg (71X)

4. Testing (Inference, decoding):
Y*=arg max logP(Y|X)



This part is challenging.



Score Computation

?]C h=dchppadtos
S S — Insert ¢

C
o ¢
Ia l output
a P(h|X) 5 token
= P(¢|X) |t¢ b
t x P(c|X, ¢) .

X P(¢|X, pc) -



h=¢cppadpto ¢

< (O

|

<BOS>

P20 P21 P31 Paa Pa2  DPs2 Ps3  Des3

P1,0



Score Computation

-

P10 ()

‘TPZ'O(C) h=gcdpdadtopd

P2,1(P) P3a (¢)I pa1(a)

a Pa2(P)
P(h|X) Ps,2(t)

—@®
Ps3 (¢) Pe,3 ()




Score Computation

D42 (P)

3 BT SI=i= hmooaden ;y. ...... Q —»I — |
» iy
Pa,2 :
t P42(a) Because ¢ is

not considered!
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. the summation of the scores of all the alignments
LT that read i-th acoustic features and output j-th tokens

Uyp = Ag1Ps1(a) + az,p3,(P)

C 41
generate “@”
P(h|X
d a4’2 ( | )
healign(Y)
read x* f
t @ q;;

generate “¢”,



. the summation of the scores of all the alignments
LT that read i-th acoustic features and output j-th tokens

Uyp = Ag1Ps1(a) + az,p3,(P)

-

C v IV IV IV IV IV
3 ) 4 'V 'V 'V 'V .V

You can compute summation of the scores of all the alignments.



HMM, CTC, RNN-T

HMM CTC, RNN-T

PoXI) = ) PXIR) P = ) P(RIX)
healign(Y) healign(Y)

1. Enumerate all the possible alignments

2. How to sum over all the alignments

3. Training: dPy (17|X) Y

20

6 = arg max logPg (71X)

4. Testing (Inference, decoding):
Y*=arg max logP(Y|X)



Training
6 = arg max logP(Y|X)
P(Y|X) = zp(hp()

h

t

pcoppadpto P

0 ) P
P1,0 ($) P2,0 (c) P21 ($) P31 ($) p4,1(a) Pa> ($) Ps2 (t) Ps3 (¢) Pe,3 (¢

oP(Y1X)
06




P(Y]X) = ZP(MX)
Ve — A~
D10 P2o(©) Paa(@) Psa(@) Pas(@ Pas(@ Psa(® Pss(@) Pes(d)

EEEEREAEES

e — —r —r —

C v Y Y Y Sy
Pa, (a)
3 4 4 >V QU >V
P32 (¢ \

Each arrow is a component in P(Y]X) = zP(h|X)
h



Training

/ P41 (a) \

9 Z—, P32(¢) — P(Y|X)
6" = arg max logP(Y|X) \ ......

P(Y|X)= ) P(h|X
(V1) Zh: LL) pcoppadpto P

pro(fp) P20(c) P21(@) p31(P) Ps1(a) paz(P) ps2(t) ps3(P) P6,3®

OP(VIX) _,  0psa(@OP(VIX)  0psa(9)OP(YIX)
06 00  0psq(a) 06  0ps2(9)




P4,1(a)
Each arrow is / ~

o Z— P32(9) — p(7|x)

a component \ -

v

P4, (a)

v

P32 (¢

——
\ \4 \4

v

oP(Y|X) .
0

0Ps 1 (@PP(PIX) | 0ps2(@) OP(FIX)
20 |5P4,1(a) 00 0p32(¢)




e

=
<BOS> C
P1,0(@) D20(c) D21(P) D31(P)
Pio P20 P21 P31
! ! ! !
J /0 7/
AR Y I I A B A
h! h? h? h3

Paq(a)

P41

0p4,1(a) _

?
20

Backpropagation
(through time)

To encoder



oP(Y1X) 0pa,1(a)|0P(Y|X) NLEPIC), oP(7|X)

, _|_ ces
d6 26 ‘ap“(a) 00  0ps3,(¢)

P(Y|X) = z |P(h|X)|+ z P(h|X)

h with py 1 (a) h without p4 41 (a)

ps1(a) X other

oP(Y|x) z Cehor — z P(h|X)

0pss(a) py1(a)

h with py1(a) h with ps1(a)

1
B P4,1(a) z P(AIX)

h with ps1(a)




B, - the summation of the score of all the alignments
L) staring from i-th acoustic features and j-th tokens

Baz = Ba3Pa2(t) + Bs2042(P)

--

read x>
¢ generate “¢”

ﬁ4,2 185,2

generate “t”

t N :
Ba s =~




oP(Y|x) 1
dp4q(a) - Pa1(a)

P(hIX)| ayq1 pa1(a)By

C \Aooodo- ~\/ooooohoo B CTRRTRT R E a4‘:1
P4 1(a1
a ..gfl.‘:.z.y ........ y: ........ 'S
t | f X S ;V ________ ‘
oP(Y|X i, a 0 oP(Y|X
( | )=? P4,1( )a4,1,84,2 + P3,2(¢) ( | )+
00 06 00 6p3,2(q5)




HMM, CTC, RNN-T

HMM CTC, RNN-T

PoXI) = ) PXIR) P = ) P(RIX)
healign(Y) healign(Y)
1. Enumerate all the possible alignments
2. How to sum over all the alignments
3. Training: 0Py (Y|X
raining 9( | ) s
06

6 = arg max logPg (71X)

4. Testing (Inference, decoding):

Y*=arg max logP(Y|X)




Decoding

Y*=arg max logP(Y|X)

IEE =argmaxlog‘ Z P(h|X)| max P(h|X)

Y healign(Y)
healign(Y)

RE
= arg max hec{ﬁ_g?}g(y) logP(h|X)

Y* = align~1(h*) hi hy hg

\ 1/

h*=argm}$1xlogP(h|X) h= ¢chpdpadtdd..

P(h|X) = P(h{|X)P(hz|X, h1)P(h3|X, hy, hy) ...



h* =arg max logP(h|X)

- T,
I T I

T Beam Search
— > > for better
‘ [ ‘ ‘ approximation
a
<BOS> C t n*
(¢ ¢ b6 b a ¢t b 9|
max ¥ 3 * H 3 : :

P10 P20 P21 P31 Paa Pa2 Ps,2 P53 DPe3
1 1 1 1 1 1 1 1 1



Summary

______lAs_[CTC__RNNT

Decoder  dependent independent dependent
Alignment not explicit Yes Yes
(soft alignment)
Training just train it sum over sum over
alignment alignment

On-line No Yes Yes
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