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/\M L Continuous Speech Recognitionl

Goal:

Given acousticdata A =ai, ao, ..., ax
Find word sequence W = w1, Wz, ... Whn
Such that P(W | A) ismaximized

BayesRule:

acoustic model (HMMs)
~a

P(A W) «P(W)
P(A)

language model

P(W |A) =

\P(A) IS a constant for a complete sentence

o)




/ \I\/Iarkov I\/Iodelsl

Elements;
States: S ={So, S1,--- SNJ

Transition probabilities: PGt =Sj | gt-1 = )

P(A | A) P(B|B)

() o (g

P(A | B)

Markov Assumption:
Transition probability dependsonly on current state

N

\ 820 Oj, Zaji:
5

\

POi=Si| Qe1=Sj, 2=Sk, ) =P =Si| 1= ) = g

_/




/ \SingIeFair Coinl \

0.5 0.5
05
P(H) = 1.0 P(H) = 0.0
P(T) = 0.0 P(T) = 1.0

Outcome head correspondsto state 1, tail to state 2

Observation sequence unigquely defines state sequence
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Elements;
States

PO |A)
P(OzlA

P(OM

n

Obs

Prob

.

Transition probabilities

Output prob distributions
(at state for symbol k)

\Hidden Markov M odelsl

={S0, S1, SN

P(A | A) P(B | B)

el
)

P(A'|B)

Rat=Si|di-1=Sj) =
P(yt = Ok | at = §) = by(k)

~

i

PO |B)
P(Oz | B)

v | B

)
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/ \Discrete Observation HI\/IM|

o o o © o ..O'
0@ ©
OS5 QO'.
P(R) = 0.31 P(R) = 0.50 P(R) = 0.38
P(B) = 0.50 P(B) = 0.25 P(B) = 0.12
P(Y) = 0.19 P(Y) = 0.25 P(Y) = 0.50

Observation sequence: RBY Y ee¢e¢R

not unique to state sequence

.
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/ \HI\/II\/IsIn Speech Recognitionl \

Represent speech as a sequence of observations
Use HMM to model some unit of speech (phone, word)
Concatenate unitsinto larger units

i
HRAH oo

Hd“ gigh“ Hd“ Word Model
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/ \HI\/II\/I Problems And Solutionsl \

Evaluation:
* Problem - Compute Probabilty of observation
sequence given a model
 Solution -Forward Algorithm andViterbi Algorithm

Decoding:
* Problem - Find state sequence which maximizes
probability of observation sequence
 Solution -Viterbi Algorithm

Training:
* Problem - Adjust model parameters to maximize
probability of observed sequences
 Solution -Forward-Backward Algorithm

. _/
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.

\Evaluationl

Probability of observation sequence 0=0102---OT

given HMM modeél A is:

PO]|A)= %P(Q,Q |A) Q=0 ... o is a state sequen
Ll

- Zaqoql o 1q2 02 (O ) ) 'am—lmm(Q)

Not practical since the number of pathsis O( NT)

N = number of states in model
T = number of observations in sequence

\

ce

_/
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/ \The Forward Algorithml \

ai(j))=P(O1O2--- O, k=S | A )

Compute a recursively:

aO(j) — 1ifj ISstart state

O otherwise

alil- a,0r @) t>0

\P(OM):O’T(SN) Computationis O(N>T) /
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State 1

\\\f?nez

\Forward TreIIisl

0.6 1.0
{A 08} {A 03}
B 0.2 04 B 0.7
| nitial Final
A A
t=0 t=1
T |Q6*08 025126708
0.4* 0.3 0.4* 0.3

oo 1LL0* 03 0751 L0* 03 T 659 1.0* 0.7
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/ \The Backward Algorithml \

Bt(1) =P(Ot41 Otz2--- O1, 0t =S | A)

Compute [3 recursively:
.\ 1ifiisend state
Br()=

O otherwise

’Bt(l) Zalj J(O'[+1)IB’[+1(J) t<T

\P(O 11)=8,(8)=0a,(S,) Computationis O(NZT)
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State 1

\\\f?nez

\Backward Trellisl

\

0.6 1.0
{A 08} {A 03}
B 0.2 04 B 0.7
| nitial Final
A A
t=0 t=1
13 | 06*08 [,,106*08
0.4* 0.3 0.4* 0.3

1.0* 0.3> 0.21 1.0* 0.3>

0.06
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/" TheViterbi Algorithm]

For decoding:

Find the state sequence Q which maximizes P(O, Q |A)

Recursive Computation:

VR () = MAXi=0,..., N VP:1(l) ajbi(Or)

PO, Q| A )=V Pr(S\)
\ Save each maximum for backtrace at end

\

Similar to Forward Algorithm except MAX instead of SUM
VP(I) = MAXq,, . g, P(O1O2--- O, =l [A )

t>C

_/
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State 1

\\\f?nez

\Viterbi TreIIisl

0.6 1.0
{/\ Oi%} {/\ 013}
B 0.2 04 B 0.7
| nitial Final
A A
t=0 t=1
T |Q6*08 025126708
0.4* 0.3 0.4* 0.3

1.0 * 0-3 > 0.06

1.0* 0.3> 0.12

0.0
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/ \Training HMM Parametersl \

Train parameters of HM M
e TuneA to maximize P(OA)
* No efficient algorithm for global optimum
« Efficient iterative algorithm finds a local optimum
Baum-Welch (Forward-Backward) re-estimation
« Compute probabilities using current model
 Refine A —> A based on computed values

e Usea and from Forward-Backward

. _/
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E(l ) — Probability of transiting from Sjto S
(b)) = attime t given O

=P(g= S, G1= 5[0, A )

— at(i) aij bj(ot+1) Bt+1(j)
PO[ A )

o

\J/

a(1) aibi(O1)  Bral)

/ \ Forwar d-Backward Algorithml \

_/
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/ \ Baum-Welch Reestimationl \

_ expected number of transfrom § to §

4 = T expected number of trans from S
T
AW,
= Tt: N
XN
t=1 =0
5,- (k) = expected number of timesin state | with symbol k

expected number of timesin state |

21




1. Initialize A = (A,B)

4. Replace A with A

2. Computeaq, (3,and ¢
3. EstimateA = (A, B) from &

5. If not converged goto 2

It can be shown that P(O |_)\) >P(O|A) unless\ = A

/ \Convergence of FB Algorithml \

_/
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/ \HI\/II\/IsIn Speech Recognitionl \

Represent speech as a sequence of symbols

Use HMM to model some unit of speech (phone, word)
Output Probabilities - Prob of observing symbol in a state
Transition Prob - Prob of staying in or skipping state

Q Q % % % :% 0 Phone M odel
. _/
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/\Training HMMsfor Continuous Speech\l

« Use only orthograph transcription of sentence
* no need for segmented/labelled data
« Concatenate phone models to give word model
« Concatenate word models to give sentence model

* Train entire sentence model on entire spoken sentence

. _/
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\Recognition Searchl

%&L/V@Lo %Q_m&% ﬂ%

/\_'—/

Iwl -> [ah/ -> Jts/ Ith/ -> fax/
\ /
what's the willamette's location

Q kirk's longitude

Sterett’'s |attitude

display

~
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/ Viterbi Search \

e UsesViterbi decoding
« TakesMAX, not SUM

* Findsoptimal state sequence P(O, Q |A)
not optimal word sequence P(O | A)

 Timesynchronous
 Extendsall pathsby 1timestep

« All paths have same length (no need to
nor malize to compar e scor es)

. _/
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/ \Viterbi Sear ch Algorithml \

0. Create statelist with one cell for each state in system
1. Initialize state list with initial statesfor time t=0
2. Clear statelist for timet+1
3. Compute within-word transitionsfrom timet to t+1
 |f new statereached, update score and BackPtr
o |f better scorefor state, update score and BackPtr
4. Compute between word transitions at timet+1
« |f new statereached, update score and BackPtr
o |f better scorefor state, update score and BackPtr
5. If end of utterance, print backtrace and quit
\6. Elseincrement t and goto step 2 /

28
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\Viterbi Sear ch Algorithml
g0 000,

Word 1

/

S1

Word 1

2

S3
S1

OldProb(S1) « OutProb « Transprqb

/

Word 2

OldProb(S3) « P(W2 | W1)

33

2

Word 2‘

33

\

iYL

timet

Sl |«
S2
S3

S1
S2
/

Score
BackPtr
ParmPtr

time t+1

_/




/ \Viterbi Beam Search |

Viterbi Search

All states enumerated

Not practical for large grammars

Most states inactive at any given time
Viterbi Beam Search - prunelesslikely paths

States worse than threshold range from best are pruned

From and To structures created dynamically - list of active

\ states

~

_/
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/ ‘Viterbi Beam Sear ch I

.

FROM TO
BEAM BEAM
States within threshold Dynamically constructed
from best state
Word1l [ | Sl » ?
71 Sl Within threshold ?
Word 2 ‘ S2 Exist in TO beam?
3 Better than existing
scorein TO beam?
timet time t+1

~
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\Continuous Density HMM s|

Model so far has assumed discete observations,
each observation in a sequence was one of aset of M
discrete symbols

Speech input must be Vector Quantized in order to
provide discrete inpuit.

VQ leads to quantization error

The discrete probability density b;(k) can be replaced
with the continuous probabil |ty density b(x)
where X is the observation vector

Typically Gaussian densities are used

A single Gaussian is not adequate, so a weighted sum of
Gaussians is used to approximate actual PDF

~

_/
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/ \M IXture Density Functionsl \

bj(X) is the probability density function for state |

M
b. (x) = 3 cij[x,,ujm,U "
m=1

X = Observation vector x1, X2, - -+, Xp

M = Number of mixtures (Gaussians) "

Cjm = Weight of mixture min statej where ) ¢, =1
1

m

N = Gaussian density function

Hjm = Mean vector for mixture m, state |

\ Ujm = Covariance matrix for mixture m, state | /
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/\ Discrete Hmm vs. Continuous HM M | \

Problemswith Discrete:
e (uantization errors
o Codebook and HMMsmodelled separately

Problemswith Continuous Mixtures:
o Small number of mixtures performs poorly

e Largenumber of mixturesincreases computation
and parametersto be estimated
Cjmy Mjmy Ujm for j=1,--,Nand m=1,..., M

Continuous makes mor e assumptions than Discr ete,
especially if diagonal covariance pdf

Discrete probability isatable lookup, continuous
mixtures require many multiplications

_/
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/ \ Model Topol ogiesl \

Ergodic - Fully connected, each state
has transition to every other state

L eft-to-Right - Transitions only to states with higher
Index than current state. Inherently impose temporal order.
These most often used for speech.

==
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