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CS 224S /  LI NGUI ST 281
Speech Recognit ion and Synt hesis

Dan J ur af sky

Lect ur e 9:  Acoust ic Modeling

IP Notice:  Some of these slides were derived from Andrew Ng Õs CS 229 notes,
as well as lecture notes from  Chen, Picheny et al, and Bry an Pellom. I Õll try  to
accurately  give credit on each slide.
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Summar y f r om Last  Time

¥ We lear ned t he Baum- Welch algor it hm f or
lear ning t he A and B mat r ices of  an
individual HMM

¥ I t  doesnÕt  r equir e t r aining dat a t o be
labeled at  t he st at e level;  all you have t o
know is t hat  an HMM cover s a given
sequence of  obser vat ions,  and you can lear n
t he opt imal A and B par amet er s f or  t his
dat a by an it er at ive pr ocess.
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Out line f or  Today

¥ The Acoust ic Model:  Gaussian Mixt ur e Models
(GMMs)

¥ The ASR component  of  cour se
Ð 1/ 30:  Hidden Mar kov Models,  For war d,  Vit er bi Decoding
Ð 2/ 2:  Baum- Welch (EM) t r aining of  HMMs

¥ Start of acoustic model: Vector Quantization

Ð 2/ 7:  Acoust ic Model est imat ion;  Gaussians,  t r iphones,  et c
Ð 2/ 9:  Dealing wit h Var iat ion:  Adapt at ion,  MLLR,  et c
Ð 2/ 14:  Language Modeling
Ð 2/ 16:  Mor e about  sear ch in Decoding (Lat t ices,  N- best )
Ð É
Ð 3/ 2:  Disf luencies
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Pr oblem: how t o apply HMM model
t o cont inuous obser vat ions?

¥ We have assumed t hat  t he out put  alphabet
V has a f init e number  of  symbols

¥ But  spect r al f eat ur e vect or s ar e r eal-
valued!

¥ How t o deal wit h r eal- valued f eat ur es?
Ð Decoding:  Given ot ,  how t o comput e P(ot | q)

Ð Lear ning:  How t o modif y EM t o deal wit h r eal-
valued f eat ur es
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Out line f or  Today

¥ I ncr easingly sophist icat ed models
¥ Acoust ic Likelihood f or  each st at e:

Ð Gaussians
Ð Mult ivar iat e Gaussians
Ð Mixt ur es of  Mult ivar iat e Gaussians

¥ Wher e a st at e is pr ogr essively:
Ð CI  Subphone (3ish per  phone)
Ð CD phone (=t r iphones)
Ð St at e- t ying of  CD phone

¥ For war d- Backwar d Tr aining
¥ Vit er bi t r aining
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Vect or  Quant izat ion

¥ Cr eat e a t r aining set  of  f eat ur e vect or s
¥ Clust er  t hem int o a small number  of  classes

¥ Repr esent  each class by a discr et e symbol
¥ For  each class vk,  we can comput e t he

pr obabilit y t hat  it  is gener at ed by a given
HMM st at e using Baum- Welch as above
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VQ

¥ WeÕll def ine a
Ð Codebook,  which list s f or  each symbol
Ð A pr ot ot ype vect or ,  or  codewor d

¥ I f  we had 256 classes (Ô8- bit  VQÕ),
Ð A codebook wit h 256 pr ot ot ype vect or s
Ð Given an incoming f eat ur e vect or ,  we compar e it  t o each

of  t he 256 pr ot ot ype vect or s
Ð We pick whichever  one is closest  (by some Ôdist ance

met r icÕ)
Ð And r eplace t he input  vect or  by t he index of  t his

pr ot ot ype vect or
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VQ
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VQ r equir ement s

¥ A dist ance met r ic or  dist or t ion met r ic
Ð Specif ies how similar  t wo vect or s ar e

Ð Used:

¥ t o build clust er s

¥ To f ind pr ot ot ype vect or  f or  clust er

¥ And t o compar e incoming vect or  t o pr ot ot ypes

¥ A clust er ing algor it hm
ÐK- means,  et c.
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Dist ance met r ics

¥ Simplest :
Ð(squar e of )

Euclidean
dist ance

ÐAlso called
Ôsum- squar ed
er r orÕ

! 

d
2(x,y) = (xi " yi)

2

i=1

D

#
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Dist ance met r ics

¥ Mor e sophist icat ed:
Ð (squar e of ) Mahalanobis dist ance
Ð Assume t hat  each dimension of  f eat ur e vect or

has var iance ! 2

Ð Equat ion above assumes diagonal covar iance
mat r ix;  mor e on t his lat er

! 

d2(x,y) =
(xi " yi )

2

# i
2

i=1

D

$
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Training a VQ sy stem (generating
codebook): K-means clustering

1.  I nit ializat ion
choose M vect or s f r om L t r aining vect or s

(t ypically M=2B)
as init ial code wor dsÉ r andom or  max.  dist ance.

2.  Sear ch:
f or  each t r aining vect or ,  f ind t he closest  code wor d,

assign t his t r aining vect or  t o t hat  cell

3.  Cent r oid Updat e:
f or  each cell,  comput e cent r oid of  t hat  cell.   The
new code wor d is t he cent r oid.

4.  Repeat  (2)- (3) unt il aver age dist ance f alls below
t hr eshold  (or  no change)

Slide from John-Paul Hosum, OHSU/OGI
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Vector  Quantization

¥ Example

Given data points, split into 4 codebook vectors with initial
values at (2,2), (4,6), (6,5), and (8,8)
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Slide thanks to John-Paul Hosum, OHSU/OGI
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Vector  Quantization

¥ Example

compute centroids of each codebook, re-compute nearest
neighbor, re-compute centroids...
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Slide from John-Paul Hosum, OHSU/OGI
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Vector  Quantization

¥ Example

Once thereÕs no more change, the feature space will be
partitioned into 4 regions.  Any input feature can be classified
as belonging to one of the 4 regions.  The entire codebook
can be specified by the 4 centroid points.
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Slide from John-Paul Hosum, OHSU/OGI

2/8/06 CS 224S Winter 2006 16

Summar y: VQ

¥ To comput e p(ot | qj )
Ð Comput e dist ance bet ween f eat ur e vect or  ot

¥ and each codewor d (pr ot ot ype vect or )
¥ in a pr eclust er ed codebook
¥ wher e dist ance is eit her

Ð Euclidean
Ð Mahalanobis

Ð Choose t he vect or  t hat  is t he closest  t o ot

¥ and t ake it s codewor d vk

Ð And t hen look up t he likelihood of  vk given HMM st at e j  in
t he B mat r ix

¥ Bj (ot )=bj (vk) s. t .  vk is codewor d of  closest  vect or
t o ot

¥ Using Baum- Welch as above
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Comput ing bj (vk)

feature value 1 for state j

fe
at

ur
e 

va
lu

e 
2

fo
r 

st
at

e 
j

¥ bj(vk) = number of vectors with codebook index k in state j
               number of vectors in state j

=        =14       1
56       4

Slide from John-Paul Hosum, OHSU/OGI

2/8/06 CS 224S Winter 2006 18

Summar y: VQ

¥ Tr aining:
Ð Do VQ and t hen use Baum- Welch t o assign

pr obabilit ies t o each symbol

¥ Decoding:
Ð Do VQ and t hen use t he symbol pr obabilit ies in

decoding
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Dir ect ly Modeling Cont inuous
Obser vat ions

¥ Gaussians
Ð Univar iat e Gaussians

¥ Baum- Welch f or  univar iat e Gaussians

Ð Mult ivar iat e Gaussians
¥ Baum- Welch f or  mult ivar iat e Gausians

Ð Gaussian Mixt ur e Models (GMMs)
¥ Baum- Welch f or  GMMs
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Bet t er  t han VQ

¥ VQ is insuf f icient  f or  r eal ASR

¥ I nst ead:  Assume t he possible values of  t he
obser vat ion f eat ur e vect or  ot  ar e nor mally
dist r ibut ed.

¥ Repr esent  t he obser vat ion likelihood f unct ion bj (ot )
as a Gaussian wit h mean µj  and var iance ! j

2

!  

f (x |µ," ) =
1

" 2#
exp($

(x $ µ)2

2" 2 )
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Gaussians ar e par amet er s by
mean and var iance
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Reminder : means and var iances

¥ For  a discr et e r andom var iable X
¥ Mean is t he expect ed value of  X

Ð Weight ed sum over  t he values of  X

¥ Var iance is t he squar ed aver age deviat ion
f r om mean
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Gaussian as Pr obabil it y Densit y
Funct ion

2/8/06 CS 224S Winter 2006 24

Gaussian PDFs

¥ A Gaussian is a pr obabilit y densit y f unct ion;
pr obabilit y is ar ea under  cur ve.

¥ To make it  a pr obabilit y,  we const r ain ar ea under
cur ve = 1.

¥ BUTÉ
Ð We will be using Òpoint  est imat esÓ;  value of  Gaussian at

point .

¥ Technically t hese ar e not  pr obabilit ies,  since a pdf
gives a pr obabilit y over  a int er nvl,  needs t o be
mult iplied by dx

¥ As we will see lat er ,  t his is ok since same value is
omit t ed f r om all Gaussians,  so ar gmax is st ill
cor r ect .
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Gaussians f or  Acoust ic Modeling

¥ P(o| q):

P(o|q)

o

P(o|q) is highest here at mean

P(o|q is low here, very far from mean)

A Gaussian is par amet er ized by a mean and
a var iance:

Different means
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Using a (univar iat e Gaussian) as
an acoust ic likelihood est imat or

¥ Let Õs suppose our  obser vat ion was a single
r eal- valued f eat ur e (inst ead of  39D vect or )

¥ Then if  we had lear ned a Gaussian over  t he
dist r ibut ion of  values of  t his f eat ur e

¥ We could comput e t he likelihood of  any
given obser vat ion ot  as f ollows:
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Tr aining a Univar iat e Gaussian

¥ A (single) Gaussian is char act er ized by a mean and a
var iance

¥ I magine t hat  we had some t r aining dat a in which each
st at e was labeled

¥ We could j ust  comput e t he mean and var iance f r om t he
dat a:

!  

µi =
1
T

ot
t=1

T

"  s.t. ot  is state i

!  

" i
2

=
1
T

(ot
t=1

T

# $ µi )
2  s.t. ot  is state i
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Tr aining Univar iat e Gaussians

¥ But  we donÕt  know which obser vat ion was pr oduced by which
st at e!

¥ What  we want :  t o assign each obser vat ion vect or  ot  t o
ever y possible st at e i ,  pr or at ed by t he pr obabilit y t he t he
HMM was in st at e i at  t ime t .

¥ The pr obabilit y of  being in st at e i at  t ime t  is " t (i)!!

!  

"  2i =
#
t
(i)(o

t
$ µ

i
)2

t=1

T

%

#
t
(i)

t=1

T

%

!  

µ 
i
=

"
t
(i)o

t

t=1

T

#

"
t
(i)

t=1

T

#
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Mult ivar iat e Gaussians

¥ I nst ead of  a single mean µ and var iance ! :

¥ Vect or  of  means µ and covar iance mat r ix #

! 

f (x |µ," ) =
1

" 2#
exp($

(x $µ)2

2" 2
)

!  

f (x |µ," ) =
1

(2#)n / 2 | " |1/ 2 exp $
1
2

(x $ µ)T " $1(x $ µ)
% 

& 
'  

( 

) 
* 
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Mult ivar iat e Gaussians

¥ Def ining µ and #

¥ So t he i- j t h element  of  # is:

!  

µ = E(x)

!  

" = E (x # µ)(x # µ)T[ ]

!  

" ij
2 = E (xi # µi )(x j # µ j )[ ]
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Gaussian I nt uit ions: Size of  #

¥ µ = [0 0]            µ = [0 0]           µ = [0 0]
¥ # = I      # = 0. 6I     # = 2I
¥ As # becomes lar ger ,  Gaussian becomes mor e spr ead

out ;  as # becomes smaller ,  Gaussian mor e
compr essed

Text and figures from Andrew NgÕs lecture notes  for CS229
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From Chen, Picheny et al lecture slides
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[1 0]                 [.6 0]
[0 1]                 [  0 2]

¥ Dif f er ent  var iances in dif f er ent  dimensions
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Gaussian I nt uit ions: Of f -diagonal

¥ As we incr ease t he of f - diagonal ent r ies,  mor e
cor r elat ion bet ween value of  x and value of  y

Text and figures from Andrew NgÕs lecture notes  for CS229
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Gaussian I nt uit ions: of f -diagonal

¥ As we incr ease t he of f - diagonal ent r ies,  mor e cor r elat ion
bet ween value of  x and value of  y

Text and figures from Andrew NgÕs lecture notes  for CS229
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Gaussian I nt uit ions: of f -diagonal
and diagonal

¥ Decr easing non- diagonal ent r ies (# 1- 2)
¥ I ncr easing var iance of  one dimension in diagonal (# 3)

Text and figures from Andrew NgÕs lecture notes  for CS229
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I n t wo dimensions

From Chen, Picheny et al lecture slides
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But : assume diagonal covar iance

¥ I . e. ,  assume t hat  t he f eat ur es in t he f eat ur e
vect or  ar e uncor r elat ed

¥ This isnÕt  t r ue f or  FFT f eat ur es,  but  is t r ue f or
MFCC f eat ur es,  as we will see.

¥ Comput at ion and st or age much cheaper  if  diagonal
covar iance.

¥ I . e.  only diagonal ent r ies ar e non- zer o
¥ Diagonal cont ains t he var iance of  each dimension ! ii

2

¥ So t his means we consider  t he var iance of  each
acoust ic f eat ur e (dimension) separ at ely
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Diagonal covar iance

¥ Diagonal cont ains t he var iance of  each
dimension ! i i

2

¥ So t his means we consider  t he var iance of
each acoust ic f eat ur e (dimension) separ at ely

!  

f (x |µ," ) =
1

" j 2#
exp $

1
2

xd $ µd

" d

% 

& 
'  

( 

) 
* 

2% 

& 
'  
'  

( 

) 
* 
* 

d=1

D

+

!  

f (x |µ," ) =
1

2#
D
2 " d

2

d=1

D

$
exp(%

1

2

(xd %µd )
2

" d
2

d=1

D

& )
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Baum-Welch r eest imat ion equat ions f or
mult ivar iat e Gaussians

¥ Nat ur al ext ension of   univar iat e case,
wher e now µi is mean vect or  f or  st at e i:

!  

! 

" 
i
=

#
t
(i)(o

t
$µ

i
)

t=1

T

% (o
t
$µ

i
)T

#
t
(i)

t=1

T

%
!  

µ i =
" t (i)ot

t=1

T

#

" t (i)
t=1

T

#
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But  weÕr e not  t her e yet

¥ Single Gaussian may do a bad j ob of
modeling dist r ibut ion in any dimension:

¥ Solut ion:  Mixt ur es of  Gaussians

Figure from Chen, Picheney et al slides
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Mix t ur es of  Gaussians

¥ M mixt ur es of  Gaussians:

¥ For  diagonal covar iance:

!  

bj (ot ) =
c jk

2"
D

2 # jkd
2

d=1

D

$
exp(%

1
2

(x jkd %µ jkd )2

# jkd
2

d=1

D

& )
k=1

M

&
!  

f (x |µ jk," jk ) = c jkN(x,µ jk," jk )
k=1

M

#

!  

bj (ot ) = c jkN(ot ,µ jk," jk )
k=1

M

#
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GMMs

¥ Summar y:  each st at e has a likelihood f unct ion
par amet er ized by:
Ð M Mixt ur e weight s

Ð M Mean Vect or s of  dimensionalit y D

Ð Eit her
¥ M Covariance Matrices of DxD

Ð Or  mor e likely
¥ M Diagonal Covariance Matrices of DxD

¥  which is equivalent to

¥ M Variance Vectors of  dimensionality D
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Baum-Welch f or  Mix t ur e
Models

¥ By analogy wit h "  ear lier ,  let Õs def ine t he pr obabilit y of
being in st at e j  at  t ime t  wit h t he kt h mixt ur e component
account ing f or  ot :

¥ Now,

!  

" tm( j ) =

# t$1( j )
i=1

N

% aijc jmbjm(ot )&j (t)

# F (T)

!  

µ jm =

" tm ( j)ot
t=1

T

#

" tk ( j)
k=1

M

#
t=1

T

#

!  

c jm =
" tm( j )

t=1

T

#

" tk( j )
k=1

M

#
t=1

T

#

!  

"  jm =
#tm( j )(ot $ µ j )

t=1

T

% (ot $ µ j )
T

#tm( j )
k=1

M

%
t=1

T

%
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How t o t r ain mix t ur es?

• Choose M (of t en 16;  or  can t une M dependent  on
amount  of  t r aining obser vat ions)

• Then can do var ious split t ing or  clust er ing
algor it hms

• One simple met hod f or  Òsplit t ingÓ:

1) Comput e global mean µ and global var iance

2) Split  int o t wo Gaussians,  wit h means µ±$
(somet imes $ is 0. 2! )

3) Run For war d- Backwar d t o r et r ain

4) Go t o 2 unt il we have 16 mixt ur es
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Embedded Tr aining

¥ Component s of  a speech r ecognizer :
Ð Feat ur e ext r act ion:  not  st at ist ical

Ð Language model:  wor d t r ansit ion pr obabilit ies,
t r ained on some ot her  cor pus

Ð Acoust ic model:
¥ Pr onunciat ion lexicon:  t he HMM st r uct ur e f or  each

wor d,  built  by hand

¥ Obser vat ion likelihoods bj (ot )

¥ Tr ansit ion pr obabilit ies aij

2/8/06 CS 224S Winter 2006 47

Embedded t r aining of   acoust ic
model

¥ I f  we had hand- segment ed and hand- labeled
t r aining dat a

¥ Wit h wor d and phone boundar ies

¥ We could j ust  comput e t he
Ð B:  means and var iances of  all our  t r iphone gaussians

Ð A:  t r ansit ion pr obabilit ies

¥ And weÕd be done!

¥ But  we donÕt  have wor d and phone boundar ies,  nor
phone labeling
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Embedded t r aining

¥ I nst ead:
Ð WeÕll t r ain each phone HMM embedded in an

ent ir e sent ence

Ð WeÕll do wor d/ phone segment at ion and alignment
aut omat ically as par t  of  t r aining pr ocess
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Embedded Tr aining
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I nit ializat ion: ÒFlat  st ar t Ó

¥ Tr ansit ion pr obabilit ies:
Ð  set  t o zer o any t hat  you want  t o be

Òst r uct ur ally zer oÓ
¥ The % pr obabilit y comput at ion includes pr evious value of

aij ,  so if  it Õs zer o it  will never  change

Ð Set  t he r est  t o ident ical values

¥ Likelihoods:
Ð init ialize µ and !  of  each st at e t o global mean

and var iance of  all t r aining dat a
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Embedded Tr aining

¥ Now we have est imat es f or  A and B
¥ So we j ust  r un t he EM algor it hm

¥ Dur ing each it er at ion,  we comput e f or war d
and backwar d pr obabilit ies

¥ Use t hem t o r e- est imat e A and B
¥ Run EM t il conver ge
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Vit er bi t r aining

¥ Baum- Welch t r aining says:
Ð We need to know what state we were in, to accumulate counts

of a given output symbol ot

Ð WeÕll compute " I (t), the probability of being in state i at time t,
by using forward-backward to sum over all possible paths that
might  have been in state i and output ot .

¥ Vit er bi t r aining says:
Ð Instead of summing over all possible paths, just take the single

most likely path

Ð Use the Viterbi algorithm to compute this ÒViterbi Ó path

Ð Via Òf orced alignment Ó
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For ced Alignment

¥ Comput ing t he ÒVit er bi pat hÓ over  t he
t r aining dat a is called Òf or ced alignment Ó

¥ Because we know which wor d st r ing t o
assign t o each obser vat ion sequence.

¥ We j ust  donÕt  know t he st at e sequence.
¥ So we use aij  t o const r ain t he pat h t o go

t hr ough t he cor r ect  wor ds
¥ And ot her wise do nor mal Vit er bi
¥ Result :  st at e sequence!
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Vit er bi t r aining equat ions

¥ Vit er bi Baum- Welch

!  

ö b j (vk) =
n j (s.t.ot = vk)

n j
! 

ö a ij =
nij

ni

For all pairs of emitting states, 
1 <= i, j <= N

Where nij is number of frames with transition from i to j in best path
And nj is number of frames where state j is occupied
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Vit er bi Tr aining

¥ Much f ast er  t han Baum- Welch
¥ But  doesnÕt  wor k quit e as well

¥ But  t he t r adeof f  is of t en wor t h it .
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Vit er bi t r aining (I I )

¥ Equat ions f or  non- mixt ur e Gaussians

¥ Vit er bi t r aining f or  mixt ur e Gaussians is
mor e complex,  gener ally j ust  assign each
obser vat ion t o 1 mixt ur e

! 

" i
2 =

1
Ni

(ot
t =1

T

# $ µ i )
2  s.t. qt = i

!  

µ i =
1
Ni

ot   s.t. qt = i
t=1

T

"
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Log domain

¥ I n pr act ice,  do all comput at ion in log domain
¥ Avoids under f low

Ð I nst ead of  mult iplying lot s of  ver y small pr obabilit ies,  we
add number s t hat  ar e not  so small.

¥ Single mult ivar iat e Gaussian (diagonal #) comput e:

¥ I n log space:
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¥ Repeat ing:

¥ Wit h some r ear r angement  of  t er ms

¥ Wher e:

¥ Not e t hat  t his looks like a weight ed Mahalanobis dist ance!!!
¥ Also may j ust if y why we t hese ar enÕt  r eally pr obabilit ies

(point  est imat es);  t hese ar e r eally j ust  dist ances.

Log domain
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Modeling phonet ic cont ext :
dif f er ent  ÒehÓs

¥   w  eh  d     y   eh   l        b   eh   n
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Modeling phonet ic cont ext

¥ The st r ongest  f act or  af f ect ing phonet ic
var iabilit y is t he neighbor ing phone

¥ How t o model t hat  in HMMs?

¥ I dea:  have phone models which ar e specif ic
t o cont ext .

¥ I nst ead of  Cont ext - I ndependent  (CI )
phones

¥ WeÕll have Cont ext - Dependent  (CD) phones
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CD phones: t r iphones

¥ Tr iphones

¥ Each t r iphone capt ur es f act s about  pr eceding and
f ollowing phone

¥ Monophone:
Ð p,  t ,  k

¥ Tr iphone:
Ð iy- p+aa

Ð a- b+c means Òphone b,  pr eceding by phone a,  f ollowed by
phone cÓ
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ÒNeedÓ wit h t r iphone models
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Wor d-Boundar y Modeling

¥ Wor d- I nt er nal Cont ext - Dependent  Models
   ÔOUR LI STÕ:

   SI L AA+R AA- R L+I H L- I H+S I H- S+T S- T

¥ Cr oss- Wor d Cont ext - Dependent  Models
 ÔOUR LI STÕ:

 SI L-AA+R AA- R+L R-L+I H L- I H+S I H- S+T S-
T+SI L

¥ Dealing wit h cr oss- wor ds makes decoding
har der ! We will r et ur n t o t his.
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I mplicat ions of  Cr oss-Wor d
Tr iphones

¥ Possible t r iphones:  50x50x50=125, 000
¥ How many t r iphone t ypes act ually occur ?

¥ 20K wor d WSJ  Task,  number s f r om Young
et  al

¥ Cr oss- wor d models:  need 55, 000 t r iphones
¥ But  in t r aining dat a only 18, 500 t r iphones

occur !
¥ Need t o gener alize models.
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Modeling phonet ic cont ext :
some cont ext s look similar

W iy         r  iy           m iy          n iy
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Solut ion: St at e Tying

¥ Young,  Odell,  Woodland 1994

¥ Decision- Tr ee based clust er ing of  t r iphone st at es

¥ St at es which ar e clust er ed t oget her  will shar e
t heir  Gaussians

¥ We call t his Òst at e t yingÓ,  since t hese st at es ar e
Òt ied t oget her Ó t o t he same Gaussian.

¥ Pr evious wor k:  gener alized t r iphones
Ð Model- based clust er ing (ÔmodelÕ = ÔphoneÕ)

Ð Clust er ing at  st at e is mor e f ine- gr ained
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Young et  al st at e t ying
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St at e t ying/ clust er ing

¥ How do we decide which t r iphones t o clust er
t oget her ?

¥ Use phonet ic f eat ur es (or  Ôbr oad phonet ic classesÕ)
Ð St op

Ð Nasal

Ð Fr icat ive

Ð Sibilant

Ð Vowel

Ð lat er al
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Decision t r ee f or  clust er ing
t r iphones f or  t ying

2/8/06 CS 224S Winter 2006 70

Decision t r ee f or  clust er ing
t r iphones f or  t ying
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St at e Tying:
 Young, Odell, Woodland 1994

¥ The st eps in cr eat ing
CD phones.

¥ St ar t  wit h monophone,
do EM t r aining

¥ Then clone Gaussians
int o t r iphones

¥ Then build decision t r ee
and clust er  Gaussians

¥ Then clone and t r ain
mixt ur es (GMMs
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Summar y: Acoust ic Modeling
f or  LVCSR.

¥ I ncr easingly sophist icat ed models
¥ For  each st at e:

Ð Gaussians
Ð Mult ivar iat e Gaussians
Ð Mixt ur es of  Mult ivar iat e Gaussians

¥ Wher e a st at e is pr ogr essively:
Ð CI  Phone
Ð CI  Subphone (3ish per  phone)
Ð CD phone (=t r iphones)
Ð St at e- t ying of  CD phone

¥ For war d- Backwar d Tr aining
¥ Vit er bi t r aining


