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Statistical Speech Recognition (1/2)

* The task of the speech recognition is to determine the
identity of an given observation sequence o by
assigning the recognized word sequence w to it

* The decision is to find the identity with maximum
posterior (MAP) probability »(W |0)

— The so-called Bayes decision (or minimum-error-rate) rule

W = argmax p(W | O) = argmax pOIW)p(7) ~argmax p(O |W)p(W)

w w p(O) w
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Statistical Speech Recognition (2/2)

« The probabilities needed for the Bayes decision rule are
not given in practice and have to be estimated from
training dataset

* Moreover, as the true families of distributions to which
p(W) (typically assumed Multinomial) and p(O [ W)
(typically assumed Gaussian) belong are not known

— A certain parametric representation of these distributions is
needed

— In this presentation, language model p(W) is assumed to be

given in advance while acoustic model p(O|W) is needed to
be estimated

 HMMs (hidden Markov models) are widely adopted for
acoustic modeling
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Expected Risk

Let W' =, m,.%5,++} be a finite set of various possible word
sequences for a given observation utterance O,

— Assume that the true word sequence W, is alsoinw’

Let «(0.)=, be the action of classifying a given
observation sequence O, toaword sequence w, ew’

— Let IW,,W;) be the loss incurred when we take such an
action (and the true word sequence W, is just 7, w,=w.))

Therefore, the (expected) risk for a specific action «(0, )=,

R(a(0,)=W;|0,)= X W, W,)P(W,|O,)

W, eW"
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Decoding: Minimum Expected Risk (1/2)

* In speech recognition, we can take the action with the
minimum (expected) risk

argminR(e(0,)==W;|0,)=argmin Y. I(W,,W,)P(¥,|0,)

W; Wi w,eW"

 If zero-one loss function is adopted (string-level error)

0 if wW,=W,
Z(WnaW]) - .
1 it W, =W,
— Then
argmin R(a(0,)==W,|0,)=argmin ¥ PW, |0,)
Wi Wi WyeW' Wy#W;

= arg min[l _P(Wj | Or)]

W;
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Decoding: Minimum Expected Risk (2/2)

— Thus,
arg min R(a(O,,):: W;|0,)=argmax P(W,|O,)

W j W j

» Select the word sequence with maximum posterior
probability (MAP decoding) (cf. p.3)

» The string editing or Levenshtein distance also can be
accounted for the loss function
— Take individual word errors into consideration

— E.g., Minimum Bayes Risk (MBR) search/decoding [V. Goel et al.
2004]
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Training: Minimum Overall Expected Risk (1/2)

 In training, we should minimize the overall (expected)
loss of the actions «(0, )=, of the training utterances O,
— W, is the true word sequence of O,

Ropera = [ R(a(0,) =W, | 0,) p(0,)dO,

overall

— The integral extends over the whole observation sequence
space
 However, when a limited number R of training
observation sequences are available, the overall risk
can be approx}imated by

Roverall ~ Z_llR(a(Or) — r |Or)p(0r)

-S S IW,.W)PW,|0,)p(0,)

r=l g ew’
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Training: Minimum Overall Expected Risk (2/2)

* Assume p(O,) to be uniform
— The overall risk can be further expressed as
R
Roveral = 2 2. Z(WnﬂWr)P(Wn |0r)
r=lw ewW’
 |If zero-one loss function is adopted
{0 if w,=Ww,
[W,,W,)= .
1 it w,=W,
— Then

Roverall = 2.r 2 P(Wn|0r ) =2 [1 - P(Wr|0r )]
W eW' W, W,
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Training: Maximum Likelihood (1/3)

* The objective function of Maximum Likelihood (ML)
estimation can be obtained if Jensen Inequality is

further applied

Roveran = 2/ [1 B P(Wr |Or )] minimize the
<Y .- log P(Wr|0r) upperbound = 1—x<—-logx

x—1>logx

— Find a new parameter set that minimizes the overall
expected risk is equivalent to those that maximizes the

overall log likelihood of all training utterances
maximize the low bound
P, \O,.\W. P I/I/
At =argmaxZ,,logP(W,,‘O,,)zargmaxzrlog ’1( 4 r) %)
bl A P ((% )

~argmax >, .log P; (O,, ‘W,, )
A

— FML(A): ZrlOgP/I(Or‘Wr)
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Training: Maximum Likelihood (2/3)

* The objective function can be maximized by adjusting
the parameter set, with the EM algorithm and a specific
auxiliary function (or the Baum-Welch algorithm)

Fyg (2)= X, log PE(O,,‘W,,)

— E.g., update formulas for Gaussians

R L r R L 2
Zl 21qu ()0, (1) .z Zlnﬁm(t)Or o
qum — = l‘]; 7 qu _I= z‘;z 7 _:uqm
X 2 7qm(®) 2 L7gn()

r=lt=1 r=l=l
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Training: Maximum Likelihood (3/3)

* On the other hand, the discriminative training
approaches attempt to optimize the correctness of the
model set by formulating an objective function that in
some way penalizes the model parameters that are
liable to confuse correct and incorrect answers
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Training: Maximum Mutual Information (1/4)

* The objective function can be defined as the sum of the
pointwise mutual information of all training utterances
and their associated true word sequences

Fypr (A)=X, . MI(0,,7,)
P(O,.W,)

*P(0,)PW,)

P/I(Or|Wr)

> Py (Or|Wk )P, )
W,eW’

P (0r|Wr)
P(0,)

=> .lo

=2, log

~ 2., log

— A kind of rational functions

* The maximum mutual information (MMI) estimation tries
to find a new parameter set (1) that maximizes the
above objective function
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Training: Maximum Mutual Information (2/4)

 An alternative derivation based on the overall
expected risk criterion  (cf. p.10)
— zero-one loss function

Roveran = Zr[l - P(Wr|0r)]
<¥,-log P(7,|0,)
— Which is equivalent to the maximization of the overall log

likelihood of training utterances \ﬁ%
1 _ . Pﬂ (Or )P(Wr )
wymg = arg max Y . log P(Wr|0r)— arg max .. log
A A

P(o,
) P, (0, m,)
~ arg inaX Zr log > p/1 (()r |Wk )P(Wk )
Wk;W(FO 7, )
— l ! L
) Fanar ()= X, log > Po.w)Pwy)

W,eW"’
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Training: Maximum Mutual Information (3/4)

* When we maximize the MMIE objection function

— Not only the probability of true word sequence (numerator,
like the MLE objective function) can be increased, but also
can the probabilities of other possible word sequences
(denominator) be decreased

— Thus, MMIE attempts to make the correct hypothesis more
probable, while at the same time it also attempts to make
Incorrect hypotheses less probable

NTNU SPEECH LAB I\NW 15
Y\



Training: Maximum Mutual Information (4/4)

The objective functions used in discriminative training,
such as that of MMI, are often rational functions

— The original Baum-Welch algorithm is not feasible

— Gradient descent and the extended Baum-Welch (EB) algorithm

are two applicable approaches for such a function optimization
problem

« Gradient descent may require a large number of iterations to
obtain an local optimal solution

« While Baum-Welch algorithm was extended (EB) for the
optimization of rational functions

— MMI training has similar update formulas as those of MPE
(Minimum Phone Error) training to be introduced later
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Training: Minimum Phone Error (1/4)

* The objective function of Minimum Phone Error (MPE)
IS also derived with the overall expected risk criterion

Fype(M) =%, ¥ pW;10)AW;,W,)

W.eW’
pi(O. [ W)P (W)
~Y, X AW, W)
wew” 2 PO W )P (W)
Wkewr

— Replace the loss function [(W;,W,) with the so-called
accuracy function AW, W) (cf. p.9)

 MPE tries to maximize the expected (phone or word)
accuracy of all possible word sequences (generated by
the recognizer) regarding the training utterances
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Training: Minimum Phone Error (2/4)

* Like the MMI, MPE also aims to make sure that the
training data is correctly recognized

— In MPE each phone error in the training utterance can contribute
at most one unit to the objective function, rather than that as an
unlimited quantity in MMI (zero-one word string error)

« The MPE objective function is less sensitive to portions of the
training data that are poorly transcribed

. p(o,) e
Fiur (4)= 2. log > Plo.w)pw,) Hr] ”]‘—J - )‘ N\E#
W,eW’ siL Rk et t e gL
. . .—.—‘\@I” e B ﬂ-
« A (word) lattice structure w.. can e
: ——id BH
be used here to approximate the e

set W' of all possible word sequences of each training
utterance
— Training statistics can be efficiently computed via such a structure
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Training: Minimum Phone Error (3/4)

* The objective function £:(41) of MPE has the “latent
variable” problem, such that it can not be directly optimized

— However, it is also a rational function and the Baum-Welch (EM)
algorithm can not be directly applied

- Without a strong-sense auxiliary function G(1,1) satisfying that

1 GALA) -G, A)<F(A)-F()

(or F(A)-G(A, 1)< F(A)-G(A, ), i,e., F(A)and G(A,1) are the closest when A1=1)

o strong-sense auxiliary function G(4.4)
F(1)=G(A,1)? /

dG(A, 1) OF (1)
= =g e

v

I >4

NTNU SPEECH LAB I\NW 19
Y\



Training: Minimum Phone Error (3/4)

* A weak-sense auxiliary function is employed instead for
the objective function Fyz(2) of MPE, #H,,,(1,2), which a
has a local optimal solution and only satisfies that

1 5

— 0
—H(A, A
YR

=—F()

A=A

A=4

' H(A,T)

F(A)=H(A,1)? i‘

“ aH(z 2)

| 9 raa | weak-sense auxiliary function #(4.7)
A=A = oA ( )/1 A

——
v

0 0 [m)E (1) AV
- v 2 Do meGn)
W eW'
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st.

Training: Minimum Phone Error (4/4)

* A smoothing function #,,1,2)can be further incorporated
into the weak-sense auxiliary function to constrain the
function optimization process (to improve convergence)

H;WPE(X’?Z) — HMPE(X”Z) +HSM(X”Z)

EH(/I,/T) \ |:8HSM(J’9]_’)‘ _}_O
. A=A |

oA

oH' (/”t /1)| Hg,(4,2) has a optimum value at 21=2

F(/1)| AT

Rl

— The local differential will not be affected and the result ( #jpz(2,2) )
is still a weak-sense auxiliary function
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MPE: Auxiliary Function (1/2)

* The weak-sense auxiliary function for MPE model

updating can be defined as

OF (x)
dg(x)
oH (x

6F(x) _ 8g(x)
Ox ox
6H(x) _ ag(x

Hype (L Z)= 35 ¥

r=1 quV
lat

{ OF yipg

dlog p, (O,
OF ypi

dlog p, (O, |q)

P IS a scalar value (a constant)

0x ox  0g (x

“}og p(O, | gq)
9) lag ()

og(x)
calculated

=a

for each phone arc g, and can be either positive or negative

(because of the accuracy function)

— The auxiliary function also can be

_ R oF ]
Hyppg (A, A)=23Y Y max 0,{ MPE =
= gew! dlog p; (0, |q) = |
R
-3 Y max 0’_|: OF yipg
=l gew” dlog p,(0, |q)
. Glawa

wew, 2 PO WP W)
W,eW"

still have the “latent variable”
problem
decomposed as

arcs with positive
contributions

]log r;,(0,1q)
(so-called numerator)

arcs with negative
contributions
(so-called denominator)

HDlog r,(0,1q)

These two statistics can be compressed by saving their difference (? I-Smoothing)

22
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MPE: Auxiliary Function (2/2)

« The auxiliary function can be modified by considering
the normal auxiliary function 9, (1,2,r,q) for log p(0, | 9)

Hypr (A /T)—g 2 e
mpE (A =1 gewr | 0log p, (0, ]q)

lat

— The smoothing term is not added yet here

‘gzz QML(/L/T,V,Q)

* The key quan(’gi}y (statistics value) required in MPE

training is MrE_| . -, which can be termed as
dlog p, (0, | q)

Yy MPE _ OF vipg ‘ _
" dlog pu(O, |9) "
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MPE: Statistics Accumulation (1/2)

The objective function can be expressed as (for a
specific phone arc ¢)
R ZW,-GW,Z[ p/?,(Or |VV1)P(VV1)A(VVNWF)

Fypp (A)= X
WEYTTS Sewy, 22O, IWOPOT,)
_ & Zwewsqew, PAO, (W) PO AW, W,) + S cwy, qaw, P2 (O, WPIF) AW, W,)
r=1 ZWkeW,ZZ,quk Pi (Or | I/Vz)P(VVz) + ZWkeW,Z,,quWk Pa (Or | Wk)P(Wk)
_Ra,(2)
200
The differential can be expressed as
aar@’) aal’(l) br ﬂ _ar /’L abl’(l)
OFypg(A) . b,(4) . dlogp, (0| q) dlogp,(O| D)
dlogp;(0|q)'*™*  dlogp;(0]q)'*™* b (2] A=A
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MPE: Statistics Accumulation (2/2)

50, (7) N 56, (1)
_| Olog p(O, |q) a,\4) dlog p(O, |q) _ PO W) \ _
TG e eG) | { Slog p, (0, 1) PHO D “WIJ

aZWierZt,qui p/l(Or |W1)P(VVZ)A(VVZ7W}’) . 1 K(x)=a-x-c-d

610gp/1(0r|Q) br(ﬂ’) gf(X):alax ag(x):(x)(a-c-d)zK(x)
og x ogx Ox

0T ewp, qew, PAO WPV a,(4)
i dlog p(0q) b(A P |
The average accuracy of sentences c(q) Y (; The likelihood of the arc q
5iRg th h th
PP oW, gen PR (O [W)PW)AWL W) Sy ewy,qew, P7Or [W)PIW,) |
2w, eW!, qew, D7 (O [ Wi )P(Wy) 2w,ew!, P (O, [ Wi )P(Wy)
2w, e Wi g, PR O WPV Zwewy, P7 (O [WDPW) AW W) S
| Zwew, Pr(O IWOPIVL) Sw,ewi, P70 |W)PWy) |
R ) r p
_ r _ . Y q C The average accuracy of all the
- El 74 (Cr () Cavg “& " sentences in the word graph
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MPE: Accuracy Function (1/4)

« ¢,(¢q) and cavg CaN be calculated in an approximation

way using the word graph and the Forward-Backward
algorithm

* Note that the exact accuracy function is express as the
sum of phone-level accuracy 4(q) over all phones ¢ , e.g.

1 1f correct phone
A(q) =40 1f substitution
—1 1f insertion

— However, such accuracy is obtained by full alignment between the

true and all possible word sequences, which is computational
expensive
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MPE: Accuracy Function (2/4)

« An approximated phone accuracy is defined

-1+ 2e(g,z)1f z and g are same phone
A(q) = max .
z |—1+e(qg,z) if different phones

— e(g,z) :the ration of the portion of z thatis overlapped by

EEEMERE | Lt b 4 X% 1. Assume the true word sequence
0 Wi 86 has no pronunciation variation
B b a3 | : | 2. Phone accuracy can be obtained
e e by simple local search
b i i t a a h_a o toa al du uo .
EHHERs B ) ® Ay ® @ ® @ 12 3. Context-independent phones can
gy L] | | 2| 8 2 | | | be used for accuracy calculation
RO 0 4 14 23 35 45 53] 59 67 TS 86
hoa an q:ZJI ai
SRR S | N
7 A\ =
33 243 5358 65
4 \
o \
s = au ta
HEAEEX TS Eibztbfle 210 88 26
=0.2 =1.0 =0.33
12te (E#EEIFE 45 P &9-5 F=au) 0.8 10 0.67
-1+e (i I 45 & 1=au R
(AE#E #3830 6] ¥ 89 & F1=an) Ex%.)iﬁ
) o . v K
auz B 45 Lk £ = max(-0.8, 1.0, -0.67) 1.0

é%}AﬂNUSHEGHMBIWW_ 27
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MPE: Accuracy Function (3/4)

* Forward-Backward algorithm for statistics calculation
— Use “phone graph” as the vehicle

for B 4o 5 060 % ¢ Forward
a,=p0]q)
a, = A(q)
end
for =1 to 7-1
for B 4P 2 tihg 2 ¢
a,=0

for @ kPR 5¢-1F V@ 2 geng 27

end
a, = A(q)
for B PFRF 212 Vi T gy 27
a;:a;+M-a;
end a,
a,=a, - p0]q)
end
end
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MPE: Accuracy Function (4/4)

for @k PR 5 T-1en3 2 ¢
B, =1

B, =0
for =7-2t0 0
for Sk PFRF 510 2 ¢
p,=0
for BH4opF R 512 7
B, =p,+b.0(rqpO]r)
end
,8 =0
for 2 ‘ﬁpB’ﬂ‘;‘F’& =) 17
5= L PUr9)pO[r)p,
q q
end Z
end
end

Backward

@I geg A

Vi Iqing R
(B + A1)

!
Z TR RRABR L T-193 34k ¢ aqaq
Cavg Z
PR RRERE T-1ehd 244 ¢
for # - 3 %gq
y = aqﬂq
q
Zaqﬂq
q
c(q)=a,+p,
MPE
v, =r,(cq)—c,,)
end
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MPE: Smoothing Function

* The smoothing function can be defined as

Hpg o 7) = S 0815, )+ Gt~ By h g~ i) + 1)
q.m
— The old model parameters( 4, fqm) are used here as the parameters
— It has a maximum value at 1=1
OH spy (A, 2) qm [ ] a
= 2% ,u — U 0
8/uq]/n :uqm :Eqm " " " ) qm 'L_lqm
qu:Eqm
OH g (A, 1) Dy [ 7 ( X )T
T T T qu - (;uqm :uqm) 2, (,uqm /uqm)
azqm Hom =Hgm 2
Zm =Zgm
—I'<sT v-T N
= Zgm ZgmZ gm ]ﬂqm =Hgn =0
X =2
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MPE: Final Auxiliary Function

l weak-sense auxiliary function

HMPE (LI):Z

Gype (A, 1) =

GMPE<M> s, x x oy

weak-sense
auxiliary function

log p, (0, 1q)

strong-sense
auxiliary function

> OF ypp (4)
geW/ dlog p,(0,]q) e
& ALE
>, X Z
qewl’;ztt:sq ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

S vl Vom(10g N(0,(8), gm»Z gm)
m

smoothing function involved

qultf =8, m

7qm (D 1og N(0,. (1), tgm>Xgm)

>
o gm

— Tw-l — = -
;]m [lOg(l qu |) + (:uqm o /uqm) qu (/uqm - /uqm) + tr(zqmquln)
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MPE: Model Update using EB (1/2)

« Based on the final auxiliary function, the Extended
Baum-Welch (EB) training algorithm has the following
update formulas

¢ :phone unit

{gnum (0) gdel’l (0)}+ quﬁqm m : mixture component
,qum = y d :feature dimension
{7/6711,71’” 7/6151” }-|— D . correlation matrix | g ]lv_élo(i)o(i)r (.
d
. B {Hnum (O ) @ en (0 )}-i—D [qu + :uqm:uqu y luT
gm — d o gmHqm
T Dy
B { (%;'Z; (0O) - g;% (O)}+D m a’/_lq md diagonal covariance matrix
Hamd = {7/num den}_|_D
(O1(0%) = 09 (0% )} + Dyt (T goma +
2 d md gmd \O, md :uqmd ) 2
Ogmd = {7num den}_I_D ~ Hygmd
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MPE: Model Update using EB (2/2)

« Two sets of statistics (humerator, denominator) are
accumulated respectively

R €y MPE R I MPE
oSy S max@.yt") s sy Yy omax0y )
r=l geWy, 1=s, r=1 qeWy, 1=s,
€
Ogm" (O) = Z > X qu(t)max(O,yq )0,() Oel(0) = z 5 z Yo (Hymax(o, —yq "0,(t)
r=1 qewlt t= Sq r=1 qulat t= Sq

O (0%) = 21 %V tz qu(t)max(O,yq )0, e (0%) = z > z ¥ hm(ymax (o, —yq 0,1
r=l qeWw,, S r= lqEWlt 1=s,
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MPE: More About Smoothing Function (1/2)

 The mean and variance update formulas rely on the
proper setting of the smoothing constant ( D, orD,,,s )
— If Dyna is too large, the step size is small and convergence is slow
— |If D na Is too small, the algorithm may become unstable

. 2 g
- D, alsoneeds to make all variance o, positive
eqmd (0) + qud /Tqmd 2 eqmd (02) + qud [qumd + /L_lqzmd ] )
luqmd = qu = _ﬂqmd
7qm+qud 7/qm+qud
2 —2 —2 — 2
= eqmd (O )+ qud [O-qmd + /uqmd ] . eqmd (0) + qud /uqmd >0
qu+qud qu—l_qud

=> (Oyma (O + Dy [T ma + Homa D gm + Dyma ) = Ogma (O) + D g Hyma )> > 0

=> o_-qzmd ngd + I:eqmd (02) + O_-qzmd 7/qm + :L_lqzmd 7qm -2 qud (O)Eqmd d]qud + eqmd (02)7jm - [aqmd (0)]2 >0

A B C
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MPE: More About Smoothing Function (2/2)

_B+\B —4.4.C
2- 4

qud >

* Previous work [Povey 2004] used a value of Dg

that was twice the minimum positive value needed to
insure all variance updates were positive
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MPE: I-Smoothing

* |-smoothing increases the weight of the numerator
counts depending on the amounts of data available for

each Guassian
* This is done by multiplying the numerator terms
(ymmommo)amm0?) ) in the update formulas by

qm

]
Ogm™" (0) = 0" (0) + 7;’;; Ogm ()
qm

: 2 2 Tam ML , A2
eqzaum (07) = annL;m (07) + VL qu (07)
Y gm
' num num emphasize positive contributions (arcs
* Tgm with higher accuracy)

Vagm = Vgm

— 7,, canbe setempirically (e.g., 7, =100 )

36
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Preliminary Experimental Results (1/4)

« Experiment conducted on the MATBN (TV broadcast
news) corpus (field reporters)
— Training: 34,672 utterances (25.5hrs)
— Testing: 292 utterances (1.45hrs, outside-testing)
— Metric: Chinese character error rate (CER)

CER(%) ML_itr10 | ML itr10 | ML itr150 | ML_itr150
MPE _itr10 MPE _itr10
MFCC(CMS) 29.48 26.52 28.72 24 .44
MFCC(CN) 26.60 25.05 26.96 24.54
HLDA+MLLT(CN)| 23.64 20.92 23.78 20.79
\/ \/
11.51% relative improvement 12.83% relative improvement
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Preliminary Experimental Results (2/4)

* Another experiment conducted on the MATBN (TV

broadcast news) corpus (field reporters)

— Discriminative Feature: HLDA+MLLT(CN)

— Discriminative training: MPE

— Total 34,672 utterances (24.5hrs) - (10-fold cross validation)

25
2443

2 \H%\
i ' 15.8

15

10
5
0

CER(%)

MFCC_CN ML HLDA+MLLT_CN  HLDA+MLLT_CN
ML MPE

A relative improvement of 26.2% finally achieved (HLDA-MLLT(CN)+ MPE)
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Preliminary Experimental Results (3/4)

« Conducted on radio broadcast news recorded from several
radio station located at Taipei (anchor speakers)
— MFCC(CMS)/LDA(CN)/HLDA-MLLT(CN) features
— Unsupervised Training
— Metric: Chinese character error rate (CER)

T 9.94%

NTNU SPEECH LAB I\NW
%aY

MFCC MFCC+MPE LDA LDA+MPE HLDA-MLLT | HLDA-MLLT+MPE

Original 4 Hrs 22.56% 20.04% 18.13% 20.12% 18.30%
| +5 Hrs (Thr=0.9) 18.05% 16.43% 14.87% 16.44% 14.78%
+21 Hrs (Thr=0.8) 16.90% 15.34% 15.22% 14.11% 15.64% 14.22%
| +33 Hrs (Thr=0.7) 17.32% 15.49% 14.23% 15.37% 14.28%

+48 Hrs (Thr=0.6) 17.29% 15.54% 14.32% 15.42% 14.31%

+54 Hrs (Thr=0.5) 17.30% 15.54% 14.31% 15.46% 14.22%

+60 Hrs (Thr=0.4) 17.17% 15.42% 14.22% 15.36%

16.51%
15.86%
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Preliminary Experimental Results (4/4)

* Conducted on microphone speech recorded for spoken
dialogues
— Free syllable decoding with MFCC_CMS features
— About 8hr training data was used

« Syllable error rate was reduced form 27.79% to 22.74%

— 18.17% relative improvement
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Conclusions

« MPE/MWE (or MMI) based discriminative training
approaches have shown effectiveness in Chinese
continuous speech recognition

— Joint training of feature transformation, acoustic models and
language models

— Unsupervised training
— More in-deep investigation and analysis are needed

— Exploration of variant accuracy/error functions
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