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PEECH RE NITION
vs < COGNITIO SPEECH SYNTHESIS

WORD CHAIN/GRAPH ANSWER

0 want to go from Bonn to Frankfurt tonight ) [You can leave Bonn at )

v ANSWER GENERATIONA

SPEECH UNDERSTANDING

date — = Monday, September 10, 2001
connection information time ————= 5 p.m. — 8 p.m.
Place_| - Bonn
departure \

arrival

SR
date ———= Monday, September 10", 2001

time ———= 7h30 p.m. — 10h30 p.m.
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PART I:. SPEECH RECOGNITION — FROM
SIGNAL TO WORD CHAIN/LATTICE/GRAPH

Sprachsignal:
0 0.5 1.0 1.5 2.0 25 sec
ich mochte in Hamburg abfahren
Wortgitter:
: den —uhr
ich mifRte an Naumburg Ta fahren
. — lag  ~—
ich mochte Hamburg orauch ab
M'— Homburg —Dbraucht 5ptahren
mochte noch
am Hamm und hat Jahren
— O dort  —@&-— 4a __an
_Aachen Aachen
Wortgraph: Naumburg
Hamburg ab
abfahren

mochte Homburg
\_/ — \/.v.v‘@‘

0/—\- ° »
Uhr ab fahren
Jahren

milte  den Hamm
mochte  an und Tag
Nachten in dort braucht Aachen
am hat
noch

Aachen



STATISTICAL SPEECH RECOGNITION

e the acoustic channel model:

speaker acoustic channel speech recognizer
B et IR :
A | B . | Y
. | . . | .
: ! Lo ! b
| | speaker’s w | speech W: /| acoustic {l' linguistic :
§ mind ' | producer MiM\|j| processor ! decoder 5
. | . . |

P(w) P(O|w) argmazxzwP (O, w)
e goal: find w that best matches w

= Bayes classifier: compute a sequence of words

A

W = argmazw P(w|0),

with maximum a posteriori probability,
given the acoustic evidence O



STATISTICAL SPEECH RECOGNITION

S
|

argmazxw P (w|O)
argmazw{P(O|lw) - P(w)/P(O)}
argmazwi{P(O|lw) - P(w)}

= acoustic model : computation of P(O|w)
= language model : estimation of P(w)

— efficient search : find w



IN THE BEGINNING THERE WAS THE SOURCE




SPEECH PRODUCTION —
SOURCE-FILTER MODEL
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DIGITIZATION / QUANTIZATION




ACOUSTIC FEATURES

H analysis window
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WINDOWING

’r(zm) = fn-wWm-n
wh =1 13 dB  (rectangular window)
wM = 0.54 — 0.46 cos(F%) 43 dB  (Hamming window)

p(m)(giw) = %fﬁw W (e~ 1) e~ M (elw=0))de

: - MMM
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WIDEBAND/NARROWBAND SPECTROGRAM

(frequency resolution 125 Hz respectively 19 Hz)




(MEL) FREQUENCY BANDS
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MEL CEPSTRUM

reduction from 128 to 256 Fourier coefficients to
~ 20 band energies

take logarithm

apply inverse DFT or cosine transform
take = first 12 coefficients

add energy to vector of coefficients

take derivative of each vector component over time



VECTOR QUANTIZATION

feature vector x belongs to unknown class « (= phone/phone com-
ponent, ~ 64-512)

assume number of classes and estimate a priori probabilities and
classwise conditional probabilities
= unsupervised learning, (soft) vector quantization

estimate parameters with EM—algorithm

4 normally distributed random
processes QO);.: sequences of
x; € R?

each process represented by
different symbol

observable:

result of all 4 processes
hidden: *
generating process for each
observation x, a priori proba- .
bility of each process




ACOUSTIC PROCESSING

Acoustic features, computed typically every 10 msec:

o mel cepstrum coefficients,
— take 10 to 20 msec
— apply Hamming window
— compute DFT
— smooth spectrum, i.e. integrate over mel scaled bands
— take logarithm

— apply inverse DFT or cosine transform
(separation of source and filter)

e energy and/or pitch, first (and second) order derivative(s)

optional:vector quantization

= observation O: sequence of x € IR"™ or discrete class labels



HIDDEN MARKOV MODELS

observable

Lol

b1(0)  b2(0)  b3(0)




HIDDEN MARKOV MODELS
e m = (m;): initial state probabilities
o A = [a;;]: transition probabilities

e B = (bj): output probabilities
— discrete HMM : finite output alphabet, e.g.: VQ labels
— continuous HMM: Gaussian mixture models

K

bj(x) = > wjp - N(xlp, L)
k=1
— semi-continuous HMM : tied mixture models

K
bj(x) = kgl wjt - N (z|pg, T'y)

e first order assumption: transition 73 only depends on 1,
not on history, i.e. the states before 1



DISCRETE HMMS
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(SEMI)CONTINUOUS HMMS
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HIDDEN MARKOV MODELS

HMM based speech recognizers have to address the following questi-
ons:

e inventory : which speech events should be modeled 7
e topology : number of states, transitions ?
e decoding : how to compute P(O|\) 7

e training : how to compute estimates for A= (w7, A, B) ?



HMM INVENTORY

INVENTOR
Bonn
. ¢ s Q o J
LEXICON
B /bon/
’ Dortmund /dO6tmUnt/
ich NIC/
Q Q Q nach /nax/
L
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HMM INVENTORY:

e capture effects of coarticulation
e capture properties of non-stationary sounds
e provide reliable estimates

= context dependent subword units:
subphone, phone, triphone, etc.



HMM INVENTORY

e subword units

— phonemes
— syllable parts

/dre:sd@n/

/dre:s/ /den/

e AN

/dre/ /e:s/ /de/ /@n/

AN

/dx/  /e:/ /s/ /d/ /@/ /n/

"\

/d/ /x/

~

— syllables
— phonemes in context

On®
On®

o |’

///

#/d/r d/r/e:

\\\

e:/s/d s/d/@ d/@/n @/n/#




HMM INVENTORY

[ Hannover j

[ [ [

/h/ano:f6 J ha/n/o:f6 J hano:f/6/ J
I____________________I
: | :

I ha/n/o:f J : Pentaphone

more E a/n/o:f : Tetraphone

pronunciation : ! more
examples : : context _

| a/n/o | Triphone
| |

' : Biphone

Generalisation

/n/ Monophone



HMM TOPOLOGY:

e intuitive design,
o left-to-right models:
a;j = Oife>

L0

) —2= ) —

RN

Onset : center : Offset

ais a
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HMM DECODING: FORWARD ALGORITHM /

VITERBI DECODER

01 Ot Ot—|—1 OT
‘e [N R = ol . «- - >
\\\\ \\\ OéT(l)
NN 12 \
RSN az 41(2) ar(2)
Sl ey
5 5 OTAS
v
041(3) =7T3-b3(01) P(Ol)\) :Z

a+1(2) = Zj_l a(2) - a2 - b2(Oy1)

* ar(d)



FORWARD ALGORITHM
define forward probability:
at(j) = P(01...0t, gt = j|A)
initialize:
a1 (i) = m; - b;(O1)

recursion:

Vi=1,. NVt = 2,..T:
N
at(j) = .Zl(at—l(i) -a;5) - bj(Or)
1=

termination:
N

PO = L ar()

analogous: (necessary for training)

Bt(j) = P(Oyq-1...01,qt = j|A)



VITERBI DECODER

o define forward probability:
ar(j) = P(O1...0¢, q¢ = j|A)

e initialize:
a1(i) = ;- b;(O1)
e recursion:
Vi=1,. NVt = 2,..T:

a(j) & max {ag_1(3) - aij} - b;(O1)

e terminate:

P(O[A) = rpg\f{aT(i)}



HMM TRAINING (PARAMETER ESTIMATION):

e maximum likelihood methods:
forward-backward algorithm, Viterbi training

e discriminative training
Mmaximum mutual information training:
more accurate, but expensive

e m = (m;): initial state probabilities Lo a12 a23 e
o A = [a;;]: transition probabilities hidden ais
e B = (b;): output probabilities observable 7

U

b1(0)  2(0)  b3(0)

e first order assumption: transition 73 only depends on g,
not on history, i.e. the states before 1



HMM TRAINING
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BAUM-—WELCH-ALGORITHM

GIVEN: ‘old’ model parameters X\, o+(4), B:(7)
WANTED: ‘new’ model parameters A with £Lapm () > Lamm ()
= Improved model

a posteriori transition probabilities for s; — s; at time ¢:

gt(%]) — P(Qtzza(Jt—l—l:JlOa)‘)
P(gt =i, q141 = 35,0 | A)

PO | A)
o oay(4)abi(Op1)Bra1(9)
= N , 1 <t<T
> oy () Be(i)
i=1
a posteriori state probability for s; at time t:
: : N
: : AN/ 1 .
W) = P@=il0n = 2D e

S a(NBG) T

=1



BAUM-WELCH-ALGORITHM, IMPROVED
PARAMETERS A FOR DISCRETE HMMS

5 = (i) = a1 (2)B1(4)
v N
> (1) Be(1)
i=1
T-1 T-1
> &, 9) > a4(1)aijbi(Opy1)Big1(5)
- t=1 t=1
i = 71 - T—1
> (i) > 0y (4)Be(7)
t=1 t=1
T T
> 1(G)X[0,=0,] > (3B (3)X[0,=v,]
Bjk — t=1 — t=1 —

T
> (@) > o (5)Be(4)
t=1

t=1



HMM SUMMARY

Why are Hidden Markov Models successful ?
e Sspeech variabilities are treated in a unified statistical framework

e efficient algorithms for training: need for a transcribed sample
(~ 2.5-10° parameters = ~ 200 hours of speech)

e efficient algorithms for decoding

e synthesis capabilities (e.g.: phone HMM — word HMM):
= small HMM inventory: reliable parameter estimation
= unlimited vocabulary



LANGUAGE MODELING

e finite state grammars:
— (very) small vocabulary
— form filling, name dialing
— command & control

e stochastic n-gram language models:
— large vocabulary systems
— dialogue systems
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N-GRAM LANGUAGE MODELS

e Wwe need the a priori probability:

P(w) = P(wy) - P(wa|wy) - ... - P(wy|wy, ..., wN_1)
N
= P(wy) - E[Q P(wj|wy, ..., wi—1)

example: |V| = 20000, N = 6: = 6.4 - 1022 probabilities

e equivalence classes:
w; depends on a limited history ®(w1q,...,w;_1):

N
P(w) = P(wy) - .Hzp(wim)(wla s Wi—1))



N-GRAM LANGUAGE MODELS —
EQUIVALENCE CLASSES

e unigram LM: all histories are equivalent:
N
P(w) = ][ P(w;)
1=1
e bigram LM: histories are equivalent, if they end in the same word:

N
P(w) = I[l P(wj|w;—1)

e trigram LM: histories are equivalent, if they end in the same two
Words:

N
P(w) = I[l P(wj|w;—2,w;—1))

example: |V| = 20000 = 8- 1012 trigrams



N-GRAM LANGUAGE MODELS

categorical n-gram models (class LM):

e vOocabulary as a union of pairwise disjoint classes:
— parts of speech: nouns, articles, verbs, ...
— semantic categories: digit, name of city, currency
— minimize word error rate or perplexity

example: 512 classes = ~ 1.34 - 108 trigrams

mixture n-gram models:

e given k different n-gram LMs, we compute:

k
P@w) = ¥ (w; Fi(w))



LANGUAGE MODELS — TRAINING

e compute relative n-gram frequencies
flwi|lwi—o,w;—1), flwilw;—1), f(w;)

from task dependent training corpus

e Mmany valid trigrams are not observed in training corpora:
P(w) = 0, = misrecognition !!

e smoothing:
P(w;|w;—o,w;_1) = dg + 1 - f(w;) + 02 - fw;|lw;—1)+
+ 63 - f(w;|w;—2, wi—1)



LANGUAGE MODEL — SUMMARY

Why are stochastic n-gram LMs successful?

e training: no manual acquisition of rules or classes
e flexibility: (class) LMs are well suited for new domains

e sSOft decisions: spontaneous speech does not obey formal grammars

e efficiency: impose strong restrictions on search space



SEARCH

e goal is to find
w = argmaxw(P(w) - P(O|w))
in an exponentially growing search space !!

e two efficient approaches:

— synchronous search: Viterbi algorithm;
reduced search effort by beam search

— asynchronous search: stack decoding (A* algorithm);
reduced search effort by acoustic fast match

tree-structured vocabulary
context independent, simplified phone models



BEAM SEARCH
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INTERFACE TO SPEECH UNDERSTANDING:
WORD CHAIN/LATTICE/GRAPH

Sprachsignal:
0 0.5 1.0 1.5 2.0 25 sec
ich mochte in Hamburg abfahren
Wortgitter:
: den —uhr
ich mifRte an Naumburg Ta fahren
. — lag  ~—
ich mochte Hamburg orauch ab
M'— Homburg —Dbraucht 5ptahren
mochte noch
am Hamm und hat Jahren
— O dort  —@&-— 4a __an
_Aachen Aachen
Wortgraph: Naumburg
Hamburg ab
abfahren

mochte Homburg
\_/ — \/.v.v‘@‘

0/—\- ° »
Uhr ab fahren
Jahren

milte  den Hamm
mochte  an und Tag
Nachten in dort braucht Aachen
am hat
noch

Aachen





