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e Implementing B-W formulae
- Review of a, 3, v and &
- Forward & backward procedures
- Accummulate & update
e Emission or output pdfs
Multivariate Gaussian
Alternative functions
Gaussian mixture pdf
- Re-estimation with mixtures
e Practical issues
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Implementing B-W re-estimation

Overview

e Forward: compute likelihoods ay(7)
e Backward: compute likelihoods 5:(%)

e Parallel:
— compute occupation ~4(7)
— compute transition &(4,7)
— accumulate z;, a;; and a;

— accumulate p;, X; and b;

e Repeat for all filesin the training set, r € {1,2,...

'R}.



Forward likelihood

The forward likelihood is a joint probability,

(i) = P (xt = z',0tl|)\). (1)

ot -1(N)

ot —1(1)

ot —1(1)

Trellis fragment depicting calculation of a forward likelihood.



Backward likelihood

The backward likelihood is a conditional probability,

Bi(j) = P (ofy1lwe =35, 2). (2)

bN© ¢t +1)

Bt+1(N)
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Trellis fragment depicting calculation of a backward likelihood.



Occupation likelihood

The occupation likelihood is a conditional probability,

Y(i) = P (xy = i|O, ). (3)

Trellis fragment depicting calculation of occupation likelihood.



Transition likelihood

The transition likelihood is the joint probability of states
¢ and 7, conditional on the observations,

St(za.]) =P (ajt—l — 7:7551: — ]|O7 >‘) . (4)

a1 (i) Bt()

-
& (1))

Trellis fragment depicting calculation of a transition likelihood.




Forward procedure (Problem 1)

1. Initially,
a1(i) = m;b;(01), for 1 <i<N;

2. Fort=2,3,...,T,
ar(5) = |y oo 1(3) agj| bj(or),  for 1<j < N;
3. Finally, for the rth file,
P =P(O|N) =X ar(i).

Backward procedure (Problem 1)

1. Initially,
Br(i) =1, for 1 <i< N:

2 Fort=T-1T-2,....1,
Bi(i) = X511 aijbj(0441) Be41(G),  for 1 <i < N.

3. Alternatively, we have P" =N 1 b;(01) B1(4).



Parallel procedure
Occupation likelihoods:

) = HAO)

Transition likelihoods:

a;_1(i) a;;bj(or) Be(4)
P’I"

ft(%]) —

Transition accumulators:

m; +— m; + y1(4)

T
a;; — a;j+ > &4, 7)
=2

T
a; — a;+ > n-101)
t=2



Parallel (continued)
Emission accumulators:

T
i — i+ D> w(i)og
=1

T
3 — X4+ w(@) (o — py)(or — p;)
t=1

l

T
b+ Y (3)
t=1

Repeat

For all files in the training set:

1. recompute the forward and backward likelihoods;

2. recompute the occupation and transition likelihoods;

3. increment the transition and emission accumulators.



Update (Problem 3)

Finally, we update the models:

Ly
o= 5 )
i r=1
R
a — Zfr:l Q’l]
Y Zr:l C_I"L
R ' Zr:l bZ
b, «
7 — p—
\ D1 b;

where = denotes new values of the model parameters,
A= {m, A, B}.



Summary of the training procedure

1. initialise accumulators for all HMMSs' parameters
2. read the next training utterance

3. join HMMs in sequence to make composite HMM
4. calculate forward & backward probabilities

5. increment accumulators using forwd/backwd probs
6. repeat from step 2 until all utterances processed

7. use accumulators to update parameters for all HMMs



Parametric emission pdfs

Univariate Gaussian

p(o) A b(o)
b;(or) =
1 exp (o — pi)?
V2T 2. |

Multivariate Gaussian
1

JemE |3y

1 B
b;(or) = exp [—E(Ot — ;)X Loy — )|,

where the dimensionality of
the observation space is K.




Other distributions

—©— Actual

—B&- Uniform
—<— Expon.
—A— Poisson
—k— Normal

0.1p

probability

0.05}

duration (frame)

Various functions on (left) linear and (right) logarithmic scales.

e EXponential
e Poisson
e Gamma
e LOog-normal

e Gaussian mixture

10 15
duration (frame)

Ricean
Rayleigh
Beta
student-t

Cauchy




Gaussian mixture pdfs

Univariate Gaussian mixture

M
bi(or) = D cimN (ot tims Zim)
m=1
— % Cim exp [_ (Ot T :U‘ZTI’L)2] (5)
S sm o5 |’

where M is the number of mixture components in the
Gaussian mixture (i.e. M-mix), and SM__¢;,, = 1.

Multivariate Gaussian mixture

M
bi(o) = D cimN (08 Bim, Zim) » (6)

m=1
where N (o; u,X) is a multivariate normal distribution
with mean p and covariance 3 evaluated at o.



Univariate Gaussian mixture

0.025

0.02

0.015

0.01

Probability density, p(0)

0.005

Observation variable, o

Example of a univariate Gaussian mixture pdf.



Multivariate Gaussian mixture

Z,,: unit variance [l] Z, ' low variance [0.3l]
4
3
N2
1 I
0
0 2 4 6
x1
Z,,: dependent covariance [3 -1-1 1] combined covariance (0.05Z,4+0.95Z.)
4 4
3 3
N2 ™2
I
1 1
I
0 I mEN 0 |
0 2 - 6 0 2 - 6
X1 X1

Examples of multivariate Gaussian pdfs
and a multivariate Gaussian mixture.



Viterbi training with mixtures

T .

Mean: (L = ,
I'ij Zg:l Qt(j7m)
. - > i1 4t(G:m) (01— fh,,) (01— )’
Covariance: IE = J Jm2_
T )
Weights: Csi = Zt:l%(]’m),
Jm Ele Qt(j)
where ¢;(7, m) and ¢:(j) are occupation indicators:
N 1 for ¢ = zy;
(7)) = {O otherwise,
(j.m) = 1 for ¢ = x¢, m = m;
W)= 1 0 otherwise,

and the occupied mixture is

m = arg max ijN<0t;H'jmanm)-



Baum-Welch training with mixtures

Mixture-occupation likelihood

Oz?(j) ijN(Ot;Mjm;Ejm) Bt (5)

(i, m) = PO SNCo
where
M
v(G) = D n(G,m),
m=1

M-component
Gaussian
mixture

Representing a mixture of Gaussians.*



B-\W re-estimation of mixture parameters

Mean:
l’l’]m — T ; ’ (8)
>i—1 Yt(g,m)
Covariance:
s _ Si—1 7t (G, m) (0 — i) (0r — pj) (9)
Jm T . )
> i1 Yt(g,m)
Mixture weights:
_ S (G, m)
Cim — =1 (10)

2?21 W’t(j) .



Practical issues

Model initialisation

1. Random
Proto HMM
2. Flat start @ —
Y Training
3. Least squares HCompV Speech
| dentical / ! \‘\
4. Viterbi [("Q(eh)(b)(d) etc

Flat start.*
5. Baum-Welch

(supervised)

6. Baum-Welch
(unsupervised)



Re-estimation and embedded re-estimation

Labelled Utterances ( Transcriptions
th ihsihspiytsh th ihsihspiytsh
v v shtiy szihsihth
shtiy szihsihth
A A g ) Unlabelled Utterances
¢ e N
A\ r S\t n
PV Wyre W S
Hinit ey
* A A p A |
X : \
HRest \“““V “'““V/
- J HCompV

’_, HERest
HHEd —’J

Sub-Word
HMMs

Training sub-word HMMs.*




Number of parameters

e Parsimony
— Occam’'s razor

e Amount of training
data

Regularisation

e variance floor

e parameter tying
— context sensitvity

— agglomerative
clustering

— phonetic decision
tree

Sl

shared
state

P

Linking the silence and
short pause models.*



Context-sensitive models

e Problem: coarticulation causes phones to vary

e Solution: train separate models for each context

— monophone:
Sil-t-e-n - sil

— triphone:
S||t - Silte - ten - ensil - fn,Sll



Tutorial 5 summary

Review of likelihoods oy, B¢, v+ and &

Implementation of B-W formulae:

— forward, backward, accummulate & update

Output probability distribution functions

— Multivariate Gaussian mixture, etc.

Practical issues
— Annotations, initialisation & tying

— Context-sensitive models



