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This report describes a new approach to ML-SSS algorithm that uses tied-mixture represen-
tation of the output probability density function instead of single Gaussian during the splitting
phase of the SSS algorithm ( Tied-Mixture SSS or TM-SSS algorithmm ). Due to this new repre-
sentation we increase the recognition rate of the original ML-SSS algorithm by better choosing

the split state and the split itself. Implementation and results will be shown.
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1 Introduction 1

1 Introduction

In speech recognition, modeling of accoustic contexts is very important to achieve high accuracy recogni-
tion. Due to limited training data, high accuracy recognition may be accomplished by sharing states, tying
mixtures and sharing other parameters, in order to model the phonemes robustly and precisely.

Parameter sharing may be implemented in two ways in the HMM training algorithm: using some useful
rules automatically (as maximum likelihood state split) or using knowledge interactively. The automatic
approach has the advantage that, as the level of detail in the system grows, it is still possible to manage the
problem by questioning the rules or adding new rules to the existing ones. The knowledge approach leads
to an-excessively large number of sharing possibilities resulting in a system too complicated to be improved.

For these reasons, an approach that generates HMM context dependent models has been chosen. In this
area ML-SSS algorithm has been proven to outperform other HMM design algorithms [23]. However it still
has some weak points that should be explored.

ML-SSS is a divisive clustering algorithm. A network of HMM states is increased iteratively by splitting
at each iteration a state either in the contextual or temporal domain. The split state is selected as the state
that maximally increases the expected gain in likelihood, which is calculated based on the assumption that
all pdf’s are single Gaussians. The iteration is stopped when either there are no more states to split, the
gain in likelihood is smaller than a preset threshold or the desired number of states has been reached.

The algorithm is very consistent except that the probability density function (pdf) of a state is represented
by a single Gaussian (SG) during the split process. Figure 1 shows qualitatively how the pdf of a state would
be better represented by either a tied-mixture (TM) or a continuous density (CD) approach. This may also
lead to undesired split gain values in ML-SSS, see Figure 2.

>
>

o real pdf — represented pdf

1: TM and CD vs SG pdf

A pdf m/a,e/m

s d€8ired pdf
— ML-SSS pdf

small split gain for ML-SSS
big split gain for TM~SSS

/1

Problem: ML-SSS does not split this state.
Reason: In this extreme case means and variances of the
single Gaussian case do not change after split.

2: Undesired gain values in ML-SSS
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One solution is to represent the pdf by either CD or TM representations. Unfortunately in the CD
case the evaluation of the gain in likelihood is ¢computationally too expensive. On the other hand, the TM
computational cost is reasonable, once we accept the constraint that the codebook does not change during
a split.

This is not a strong constraint as the data affected by a split will contribute minimally to the codebook
parameters for a large number of states. The usefulness of the TM pdf representation is the subject of this

report.

—i
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2 TM-SSS Algorithm

TM-SSS algorithm is in summary a tied-mixture HMM where the topology is trained with a variant
of the ML-SSS algorithm. TM-SSS has the benefit of both algorithms in the sense that it keeps a robust
representation of the output density probabilities even for a large increase in the number of states in the
SSS structure, also maximizing the expected likelihood of the split states as in ML-SSS [22]. This approach
also carries the benefits of tied-mixture in the sense that we may avoid the introduction of singularities that
may arise in the continuous single mixture HMM implementations [19]. Following is the core of the proposed

algorithm.

TM-SSS Algorithm

e Preinitialization:
1. Create a codebook of Gaussians
o Initialization:

1. Run Baum-Welch ( tied-mixture )

2. Get split information for all states

e Iterate:

1. find best split for each domain and factor

2. split the state with the highest expected likelihood gain

3. if update codebook
(a) run BW, train means, variances, weights and transitions over all states
(b} use only the most significant mixtures
else

(a) run BW over affected states, only train weights and transitions

2.1 TM-SSS Preinitialization

In addition to the general algorithm described in Section 2 above, two new steps are performed at the

first time one runs the algorithm.

1. Run Baum-Welch with N Gaussian mixtures for each center phoneme,

2. Using the above Gaussians to create a tied-mixture HMM

This initialization not only gives us a good initialization of the algorithm, but additionally gives us a
good starting point for comparison with the ML-SSS algorithm.

2.2 TM-SSS Split Information

Initially define s* as the state where the split test is applied and sy and s; as the two new hypothetic
states generated from the split. In such a case the split test of a state s* is carried out for both context and
time domains.

In the context domain, a split test is performed individually for each context ¢ with ¢ € {preceding,
center, suceeding} = {pa,cq, 54} phoneme categories. The split in a specific context generates two new
sets of phonemes P(sg,¢) and P(sy,¢) originated from the original set of phonemes P(s™,¢), with the gain

G(s™,c).
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In the time domain 74, the split test generate two new hypothetic states with the same sets of phonemes,

le.,

P(so,pa) = P(s",pa)
P(sg,cq) = P(so,8q) = P(s1,pa) = P(s1,¢q) = P(s",cq)
P(s1,8q¢) = P(s*,s4)

(1)

with the gain G(s*,%4).
The split information is therefore composed by three informations:

o split factor s; that gives the maximum gain G(s*, f), where s; and f € {t4,p4, ¢4, 54},
¢ maximum gain G(s*,s;) = maz{G(s*, f)} and
o split set of phonemes P(sg) = P(sg,s;) and P(s1) = P(s1,5y).

The next three sections describe in detail how to calculate the gain of a split and how to split in both

the context and time dorhains.

(2.2.1) TM-SSS Split Gain

The split gain in TM-SSS is defined as the gain in likelihood of the observed data when a state is split.
In order to calculate this gain we choose Maximum Likelihood (ML) as criterion.
ML tries to approximate the increase in recognition accuracy by maximizing the likelihood of the obser-

vation data.

ML-SSS is one approach similar to TM-SSS that is based on the ML criterion. In ML-SSS it is necessary -

to store state occupancy counts and other related values during the training phase [22]. Knowing that the
number of these values grows with the square of the length of the observed data, we choose the following
constraint:

Constraint: All likelihood computations assume fixed phone boundaries.

Alternatives to this constraint are embedded reestimation and Viterbi—style training algorithm. Embed-
ded reestimation seems to be a good approach, but needs additional assumptions/constraints that are not
the immediate purpose of this work. Viterbi-style training is an attractive alternative, but it is not used
here, because it is known to be sub-optimal relative to Baum-Welch training.

The calculation of likelihood over the observation data directly implies many multiplications (CPU in-
tensive), so the same approach as in the Expectation-Maximization (EM) algorithm [7] is used, i.e. instead
of maximizing the likelihood of the observed data directly, the expected log likelihood of the observed data
will be maximized. .

To clarify let us define the observed data yZ as y:{ = {y1,¥s,... ,Ys,---,yr} and the related hidden or

unobserved components s! as sT = {s,59,..., Sf,...,57}, where
e y; is generated by s;,
e fis aframe index,
e u is an utterance index,

e 7T the total number of frames in an utterance and

st € § = {s(1),...,s(N)} is one of the states in the HMM where

N represent the actual total number of states in the HMM.
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Finally let us define Q(6(+1)|§(P)) as the expected log likelihood of the observed data and the hidden

states as follows

QPO = By log P(y , 5T lyf , 67+ V)] (2)

So maximizing Q(0(PT1|6(P)) at worst gives no change to the likelihood of the observed data L(f) =
logP(y¥'|6), mathematically

Q(g(p+l)lg(p)) > QPP = L)) > L(g(p)). (3)

Equation 3 allows to change the objective function from expected log likelihood to expected likelihood,
which is computationally tractable. The problem now is to express QP+ |#(P)) in terms of the sufficient
statistics obtained in the split phase.

Let us then expand the expected log likelihood Q(8P*1)[9(P)) using the conditional independence as-
sumptions in the HMM

QUOEVI®)) = ElogP(y], s lyf, 6P+ )6P ] =3 p(sTIv],6%) logp(v] , sT [0¢+1)

T
1

= ZP ) [logp( Is?,é“’“))+1ogp(y?|s{,g(p+1>)]

S

= Zp (sTIoT . 09) [logp(sT|sT, 00+ 1) + log (s [T, 00+ V)]

T
51

5
= Z Z{-}(S,s’)logp(szlst_l,9(p+1)A(s'))

s:5=54,8'=8,..; 1t

+ Z ZZ% (s, D) log P(y; ~ vils;, 0@+ g, (5))

5:8=s8; t

S

+ 30 SR e DlogBlunly ~ w604, (5)

sis=sy 1

(4)
where
(s, ) = P(sy =524~ Ully?, Q(P)) (%)
&(s,s') = Plsy=s,801= Sl|y?a9(P)) (6)
v o= {m, i} )

Now the transition parameters 6 (,), the distribution probabilities 0p(s) and the mean y; and variance

3 for state s are separated.
Equation 4 allows separate estimation of the likelihood for both temporal or contextual split of a state,
as well as for separate estimation of mean y; and variance ¥;. Rearranging the terms and using a shorter

notation, it follows that

s s
- ST D (s, ) logP(selsie1, 6PV + D D> (s, ) log P(yi ~ vils:, 6% Vg (s))
T 1

51584, =841 1 DTETH

S
+ 30 D0 nls, Dlog Py ~ v1,6%,,(s))
t 1§
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5
= Z Z&,(s s'Yloga(s,s') + Z ZZ’Y(S [)log bi(s)

s15=s¢,8/ =84 sis=8; 1 1

+ Z ZZ% s ) logN(yzluz,El)

s:5=sy t

(8)

where s € S = s(1),...,s(N) is one of the states in the HMM, N represent the actual total number of
states in the HMM and

a(s,s') = P(sy=slsio1 =6, 0a)) = aij . (9)
bi(s) = P(s: = slfB,(s)) = bi(l) (10)

1 1 -
N(yslp, Z) = G P — 5 — )% Yy — ) (11)

Equation 8 is considering a specific context ¢, i.e., one of the values on ¢ € {preceeding, center, suceeding}
= {p4, ¢4, 54} This grouping has also the benefit to reduce the memory storage for the v and ¢ values that
appear in Equation 4, since they are summed up for each phone j(s,c) in a specific context ¢ for state s,
where j(c) takes values on P(s,c). Note that for the special case of temporal domain split or the split state
(not the hypothetical new states ) we may assign j* = j(cq). So, 7 is then represented by three vectors on

¢ as follows

Vsl = > wl(sD) (12)
't::ci::cj(c)

Eiy(s,is) = ) Glss) (13)
t:x,:xj(c)

So, using Equations 13 on Equation 4, gives
5
QP TV = T Golss)logals, )+ Y YD via(s, Dloghi(s)
s'=sy-1j(c)EP(s,c) s:5=8¢ j(c)EP(s,e) 1

s

2.

5,

+ 3 > D s, Dlog Ny, 1)

s:5=s5¢ t:5(c)eP(s,c)
s
2.

S
Yo Golss)logals,se)+ D Y S (s, 1) logbi(s)

sis=s¢,8'=54-1 j(c)EP(s,c) sis=sy j(c)EP(s,c) |

s
+ Z Z Z ZVt(SJ)lOgN(thhZ()

s:5=5¢ j(c)EP(s,c) LT1=T ey |

I

(14)

where a(s,s’,¢), bi(s,¢), i and X; are estimated as

; (s, s

a(s,s'c) = 2i(e)ePs,e) Sie) (8, 87) “
Li(e)eP(s,e) 1) (8)
b ZJ’(c)eP(s,c) Yitey(s,1)

I(S, C) = (16)
ZJ'(C)EP(s ¢) Yi(e)(8)

meo= Z Z [D:(0):] (17)

sES;(c)EP(s c)

[
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Z Z wt(l)(yz = p)(ye — /lz)t] (18)
sES](c)EP(s c)
(19)
where
STORESE DR A () (20)
$€S5 j(c)EP(s,c)
() = Ply~ulyl,0%) = (s,]) (21)
s€S
1) = D i) (22)
]
As a(s,s’,¢) do not depend on j(c), Equation 14 simplifies to
S S
QT = Z ZEJ(G) (s,5")loga(s, s, c) Z ZZVJ(C) (s, logbi(s)
sis=5y,8'=s4_1 j(c) s=se j(e) 1
S
+ 3050 > > s, D log Ny, 1)
sis=sy j(o) BE=Tj(e) |
= Zles c)loga(s,s’, c—i—ZZNg(scllogbI +ZZN353 (23)
s,8! s j(e)
where
Ni(s,s',0) = > &y, s) (24)
i(e)
No(s,el) = > mlsD) (25)
i(e) tme=gj(q)
Ns(s,j(c)) = Z Z"Yt(S,l)lOgN(thlhzl) (26)
Ty =Ty |
where
gj(c)(szsl:l) = Z &(Svs/vl) (27)
LE=T (e
&(s,8' 1) = p(si=s,80-1 =5,y ~ vlyT, 6)) (28)
YD) = Y mls) (29)
t:a:,::z:j(c)
71(571) = p(St =&Yt~ vlly’{ve(p)) (30)
(31)

and y; ~ v; means that y; is quantized to v;.

Computationally the stored values are yj()(s,{), where [ represent the quantization index of the VQ

codebook.

Note that Na(s,¢,!) in practice are computed once for each particular split in a particular fixed context

¢. So far, as a first result we got a way to evaluate the likelihood of the observed data using Equation 23 as

follows
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E[]ng(yl 81 ‘6)‘.7/1 )€<p)]

ZNl (5,8, ¢c)loga(s, s c) +ZZN2 s,c,)loghi(s +ZZNSS] (32)

Y s i)

Q6%

i

Once we are splitting one state at a time and 7, (s, {) and & (s, s',1) are fixed for all s # s*, then Q(]6®))
is constant for all states less that contain the split state s*. So the gain in splitting a state G(s*) may be
calculated as a difference in Q(4]6()) for just the s that is being split less the gain of the corresponding

resulting split states, namely sy and s;, that is

G(s™) = ZNl(s,s’)loga(s,s’)—-Nl(s*,s*)loga(s*,s*)

E

+Z ZNQ(S,C, ) 1og bi(s) ~ Na(s™,ca,!)logbi(s™)

+Z Na(s0,3(¢)) + Na(s1, 3(c)) — Na(s*, 5(c))] (33)

J(e)

Note that the gain G(s*) does not change due to N3(s,c), once v; is supposed to be constant over the

contextual and temporal domain splits.
So for the contextual split in the context ¢ the gain is then expressed in terms of the new states sy and

$1 as

G(s*,c) = Z ZNl(sk,sk)loga(sk,sk)—Nl(s*,s*)loga(s*,s*)

k=0,1 85k,5k
+ Z ZNl (sk,s") log a(sg,s’) — N1(s*,s")loga(s™,s’)
k=0,15y,s’
+Z[N2(50,c,l)logb;(so)+N2(sl,c,l)logb;(sl) No(s*, cq, ) log bi(s™)] (34)

l

For the temporal split the gain is expressed as

G(s*,td) = Ni(so,s0)loga(so,so) + Ni(so,s1)loga(sg, s1)
+Ni1(s1,51)loga(sy,s1) = Ny(s™,s%) loga(s™, s™)
+ > [Na(s0,ca, 1) log bi(so) + Na(s1, ca, ) log bi(s1) — Na(s™,cq, ) logbi(s*)]  (35)
!

Note that Na(so0,cq,!), Na(s1,¢q,!) and Na(s*,cq,!) don’t have the same value, once ;- (s) will now be
up-dated for each s. In other words v is a function of j(c) in the contextual domain (fixed for s*, sp and s; on
each element of j(c)), but in the temporal domain it depends on s*, so and s, and not on j(¢) = j(cq) = j*
which is constant.

The gain in Equation 35 guarantees that the likelihood of the observed data is increased or at least
kept at the same level if the split state chosen is the one with the greatest gain G(s) in a specific domain
(context or temporal splitting). This does not assure an increase in likelihood, as the gain G(s) refers to
expected likelihood instead of likelihood as pointed out in Equation 3. The constraint of fixed boundaries
may be relaxed if an embedded training was performed, 1.e. to align the training data to states in some
pre-specified topology (driven by the labels) and then cluster the resulting state distributions to maximize

the joint likelihood of the data and the given state sequence.

P —
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3 Contextual Split

In the contextual split as used in TM-SSS the aim is to split a state s* in two new states sy and s; based
on the observation data y associated to the split state s*.

Note that an observation y may pass many states. In fact we assume we can cluster only the data 1,
that passes through a specific state. The differences that may arise are minimized using a Baum-Welch-style
clustering and a Baum-Welch reestimation of affected states after the split.

Each observation is described by a set of factors, i.e., its preceding, center and succeeding phonemes.
So, we must group the observations according to its factors which correspond to a context domain ¢ with
¢ € {preceeding, center, suceeding} = {pq,cq,s4}. In such a case a context split is performed on a context
domain at a time, in order to keep the convexity of the state split space As«. In the same way we define the
space of observations to the new states s; as A, where £ = 0,1 and A,- = Ag U A;.

Additionally let us group the observation data y; by phonemes j(c) in a certain context ¢, namely y;(.).
By definition j(c¢) is generated according to the split state s*, regardless if it will be used by any of the
hypothetical new states sg,s;. To take care of the different phonemes that will pertain to a certain state s
we define P(s,c) as the set of phonemes j(c) that pass in a certain state s.

As in the TM-SSS the purpose is to represent the HMnet using tied-mixtures, the split state s will be
represented by its output distribution vector b(s) = (b1(s),...,bi(s),...,br(s)), where [ represents one of
the codebook index of the VQ.

The goal is then to estimate two new vectors of output distribution coefficients b(sy), b(s,), so that the
maximum likelihood criteria is observed. This is basically a divisive clustering problem. To solve this problem
we use Chou’s partitioning algorithm [6] as in ML-SSS {22]. That is, we can design a function § = f(z)
that predicts the observation data y from the input data z. So the function f may be used to estimate the
probability distribution p(ylz) = p(y|f(z)), as in the tree language model [3]. The tied-distribution estimate
interpretation corresponds to the use of divisive distribution clustering in speech recognition, e.g. {15, 27],
and so decision tree design methodology applies here.

Chou’s partitioning algorithm is applied here, since it is linear on the number of clustered phonemes
J(c) and on the number of dimensions of the observed data M and therefore faster compared to similar
algorithms ( CART [5] ). v

According to Chou’s theorem [6] in the maximum likelihood sense, the loss function £(y, b) is — log P(ylb).

Under this objective, the “centroid” function becomes

b(s) = argmin E[L(y,b(s))|s] = argmax E[log P(y|b(s))|s]
b(s) 6(s)

argmax Z log P(y;(c)16(s)) (36)
") jeP(s.e)

which is the cutput weight estimate vector of b;(s) given by the reestimation formulas, since it must be

estimated from data and the true P(y|s) is unknown. The divergence equation becomes

d(s,0) = E[L{y,H(s))ls] - i(s)

- ST logh(wlb(so)) + > > logp(yilb(s1))

7 (e)eP(s0,¢) LF1 €T 5(c) J(c)EP(s1,6) LiE €T ()

+ 03> logb(ulb(s) (37)

J(c)EP(s*,cd) LT+ €T j(c)

For the Baum-Welch style training the divergence Equation 37 changes to

d(s,b) = E[L(y,b(s))ls] - i(s)
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- - > >0 > n(s7, 1) log P(w:|bi(s0))

J(e)EP(s0,c) t:T1€T ()

+ Z Z 271(3*’1)10gp(yt|b1(31))

J(e)EP(s1,6) 1:T1€T (e)

+ oy SN (s, 1) logP(wbi(s7)) (38)

J()EP(s* cd) t:z1€Tj(c)

which corresponds to the sum of the distribution probabilities #p,(sy terms of Equation 14 where the
expected log likelihood of the observed data Q(8(P)[(P)) for interaction (p) was used instead of (p + 1).
That’s why the estimated frequency occurrence of the { codebook 7,(s*,1) at the split state s* was used
instead of the estimated frequency occurrence for the hypothetical new states sg, k = 0,1 (i.e., v:(sk,!) in
the first two terms of Equation 38.

Not considering the minor effects that mean y; and variance ; have on the distance, once only part of
the data necessary to update them will be used the divergence equation and using b;(s) = P(y: ~ vils, bi(s))

becomes

d(s, b) E[L(y,b(s))|s] - i(s)

- Z Z Z% Dloghi(so) + Z Z Z% [)logbi(s1)

J(e)EP(s0,0) 1::€T5(c) J(e)EP(s1,6) 1:T1 €T ey

< Z Z Z v¢(s™, 1) log bi(s™) (39)

J()EP(s* cd) tiwi€T5() |

it

It

Binary split design of a state s in the context ¢ = {preceeding, center,suceeding} = {pa, c4, s4}, proceeds

as follows.

Maximum Likelihood Split Design Algorithm

o Tterate for a context ¢ = py, ¢4, 84

1. Split state s in the context c
2. Calculate the gain G(s)
3. If it is the greatest G(s)
(a) Save the context
(b) Save the splitting information (Ag, A1)

e Get the gain for a temporal splitting

Note that the algorithm above is repeated for every affected state in step 3 of the TM-SSS algorithm.
The information saved in this step is used to find the state to split and to split it in one specific domain
and/or context, based on the greatest gain stored for each state in the HMnet. Following is the splitting

algorithm for a state s* in the specific context ¢, i.e. step 1 of the above algorithm.

—~3

&—— 3
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Split Design Algorithm in a Context ¢
(All the terms below depend on ¢, but ¢ is fixed here so it will be omitted)

¢ Initialization (p = 0) Initialize the distribution parameter centroids for the two new hypothetic states:
b0 (s0) = [b1(50), --bi1(50), -..b.(s0)] = [b1(s*), ..b1(s"), ...bL.(s™)] = b(s™)
b0 (s1) = [b1(s1),.-bi(s1), br(s1)]  bi(sy) = 1+ (=D 'e)bi(s*) Wi

e Tterate for p=1,2,...

1. Find new binary partition {Agp), A(lp)}:
For each j : j € P(s), assign all the z; : z; € z; to Agp) if

S (s, Dlogh(s0) > 3 v5(s”, Dlog bV (s1) (40)
I I
otherwise, assign all the z; to Agp).

2. Find centroids {6(P)(s) : k = 0,1}.

ZjEP(sk)(P) 73 (s.1)
ZjEP(sk)(P) 75 (s)

b7 (1) =

where v;(s,1) and v;(s) comes from the reestimation formulas.
3. Test for convergence: stop if the partition does not change or if

G(s*)(P) - G(s*)(p—l)
G(s*)(P—l)

<n

where G(s*) is the contextual gain (Equation 34) and 7 is an heuristically chosen convergence
threshold. Note that G(s*)®) > G(s*)(P~1),

The particular choice of the distribution parameter centroids in the initialization step of the above
algorithm ensures that likelihood will not decrease since one of the states has the original state distribution
parameters, analogous to the approach used in vector quantizer design.

The 7;(s,{) terms must be computed using both a forward and backward pass for each context ¢, in
other words 7;(¢)(s,{). This information is in principle available from the Baum-Welch iteration and must

be stored in order to calculate the moments above in TM-SSS algorithm.
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L/c/C C/CIR

3: Temporal split of ¢ into ¢g and ¢;.

4 Temporal Split

In Section (2.2.1) a constrained EM approach to determine the split state was used, as it can be assumed
that a state split does not change the counts for the two new states.

However, replacing one state for two states in sequence, the increase in expected likelihood is not a simple
difference in expected likelihood, as their counts are affected by the split.

As in ML-SSS [22] we make use of a constrained EM criterion in the design of temporal splits, with the
constraints being that the likelthoods of states other than the split state do not change in the parameter
estimation stage of the split design. Here too, it is not a problem once later all affected states are updated
in the Baum-Welch that follows the state split.

To be more explicit, let s* be the split state and let gy and ¢; be the two states resulting from a temporal
split, as illustrated in Figure 3.. (We use the notation ¢ for the hypothetical new states and s* for the
candidate state to be split.)

The parameters that must be estimated to describe-the new state are = {b;(qo), b:1(q1)}, where /(q)
is the weight of the probability density functions of the tied-mixture and [ represent the codebook index of
the tied-mixture. In order to insure that only these parameters in the HMnet change and no others do, we

require the following constraints:

71(s") = Y (rela0,) + 7elar, 1)

!
&(g0,90) + &:(q1, 90) + & (g1, 91);

e
o~
—~
57
*
57
*
~—
!

where

Y (i,1) = p(si =1,y: ~ ulY)
&(1,7) = plsy=14,8.1=7Y)
are the standard terms needed for HMM re-estimation, y; ~ v; means that y; was generated by v; and ¥

represents the full training set.
These constraints can be easily satisfied by defining

p(qe = qlse = 5", Y)
(¢t = ¢, q-1 = ¢'|st = 8%, 5001 = 57, Y)

T(q)
€(q,¢)

and using the definition of conditional probability and the redundancy of s; = s~ to get

(0, 0) = pla=qy~ulY)=p(a=1qs5 =59 ~uld)=%(gDy(s)
&(e,) = pla=qq-1=¢1V)=p(6 = ¢, qt-1=¢,5.= 5" ,5021 = s*|Y)
€:(g,¢ )6 (57, 87).

Il
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4: Tllustration of data and states used in computing ¥ (¢) Ei(q, q") for a temporal split. The zeroes indicate

impossible state-observation pairs.

The terms F:(q,!) and Et(q, ¢’) can be computed using the standard forward-backward algorithm using
only data where 7;(s*) > 0 and having non-zero state likelihood only for states o and ¢; so that >, (g0, 1)+
#:(q1,{) = 1. The constrained forward-backward is accomplished by passing a subset of the full data only
over the two new hypothetical states as illustrated by the shaded region in Figure 4.

Once the terms #;(g,!) are computed, the parameters § are estimated according to

— Zt%(q!l)%(‘g*) ) ;
SR I DA e (42)

The other parameters are straightforward. :

Four iterations of the Baum-Welch algorithm are used to compute 7t(q, [) and Et(q,q’). The initial
estimate for the transition probabilities use the observation distribution of the original state and choose the
transition probabilities such that the expected duration of the two hypothesized states together is the same
as the expected duration of the original state . This procedure is similar to the one in ML-SSS [22] and give

us no garantee of decrease in likelihood.
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5 TM-SSS Experiments

Phoneme classification experiments using 25 phonemes for one male speaker (speaker MHT of the Aset
of ATR’s speech database [28]) were performed with the aim of comparing the performance of TM-SSS and

ML-SSS.

5.1 Train/Test Data and Preprocessing

The training data is the set of phonemes taken from the even-numbered words and the test data is the
set of phonemes taken from the odd-numbered words of the 5240 words for speaker MHT. Table 1 describes

the preprocessing conditions.

¥ 1. Preprocessing conditions

rParameter “ Value —’
sample rate 12000 Hz
frame shift 5 ms
frame length 20 ms

pre-emphasis coef. || 0.98
parameters 16 Ipc cepstra, 16 A lpc cepstra, 1 log power, 1 A log power

frequency warping || none, Le. linear

total dimension 34

5.2 Experimental Setup and Scoring
The training conditions for both ML-55S and TM-SSS are as follows:

o HMnet topology training starts initially from 3 states that are aligned left to right, i.e. a 3 state model

for all phonemes.
e Only contextual split is performed.
e VQ code size of TM-SSS is kept fixed at 256 Gaussians.
¢ Topology growing for HMnet is performed up to 400 states.

For scoring, phoneme classification was performed using the preceding and succeeding contexts (see
Figure 5). Each phoneme test sample is scored against all those HMM allophone models in which the
preceding and succeeding context match the preceding and succeeding context of the test sample. This

works as if a perfect language model had chosen the model to test the phoneme sample.

5.3 Results and Discussion

Recognition results for both TM-8SS and ML-SSS algorithms, are summarized in Table 2 for closed
(training data) and open (test data) conditions.

For the same number of Gaussians, the results using TM-SSS are about 10% (relative decrease in error
rate) better than using the ML-SSS algorithm. An appropriate point for comparison is when the number of
states is 256, because then the number of gaussians in both algorithms is identical.

However, the present implementation of TM-SSS algorithm requires a larger amount of computation
time, i.e. about a factor of (codebook size x number of states) greater than ML-SSS during training. There
is practically no difference in recognition time.

During the split, certain phoneme label contexts might be lost for allophones that are not observed in the
training data. This is called the unseen triphone problem. For recognition, we have to extrapolate models

s
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b,p/im HMnet
. Database

Selection of
HMnet, according
to preceding and
succeeding contexts

m/*/b

a*ll,s

—— Recognized
Train/Test Data Matching HMnet Center Phoneme

5: Phoneme classification scheme

% 2: Phoneme misclassification rate (%) for speaker MHT

Number of ML-SSS TM-SSS
states closed ' open closed l open
100 124% | 127 % || 52% | 54 %
200 42% | 46% || 33% | 3.7%
256 34% | 39% || 3.1% | 3.6%
300 27% { 31 % || 27% | 3.3%
400 22% | 27% || 22% | 3.0%

for these unseen triphones. Currently, this is implemented by mapping states from the raw HMnet to a filled
HMnet with a program called Exe .fi11 HMnet.

In the trained HMnet there exist many state paths, each of them representing a separate allophone. Each
allophone is represented by a set of preceding, center and succeeding phonemes (subsets of all the possible
phonemes). To compare the quality of the HMnet’s, we calculated the phoneme occurrence as an average,
l.e. the total number of phonemes in a certain context summed up over all the HMnet allophones, normalized
by the total number of allophones in the HMnet. Results are shown in Table 3

% 3: Phoneme/allophone occurrence comparison for 256 state TM-SSS and ML-SSS HMnet’s

Phone ML-SSS TM-SSS
Context Raw | Filled || Raw | Filled

Preceding 1.61 | 2.73 1.92 1 2.95
Center 1.09 | 1.14 1.00 { 1.00
Succeeding 245 | 4.04 233 39
#Allophones |} 1020 | 1466 860 | 1343

As an example, suppose we have only the allophones m;n/a/mn and b,d/e,a/s in an HMnet. In this case
there are 2 allophones in the HMnet and there are 4 preceding phonemes m,n,b,d, so the preceding phoneme
average is 4/2 = 2. Similarly there are 3 center phonemes a,e,a, so the center phoneme average is 3/2 = 1.5,
and the succeeding phoneme average is 3/2 = 1.5.

Despite the fact that all the center phonemes have been split in some context, there are still some unsplit
center phonemes even for a 256 states MI-SSS. Table 4 summarizes them. For example, in the raw ML-SSS
HMnet, there are 92 out of 1020 allophones, where the center contexts have not yet been split.
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# 4: Non-split center contexts and corresponding allophone counts

ML-SSS [ TM-SSs
Raw || Filled | Raw | Filled
o, W o, W h, p
q, t q, t
k,q
k, t
92/1020 || 205/1466 | 0/860 || 1/1343

These differences may be due to the ML-SSS deficiency in gain evaluation discussed in Section 1 and

Figure 2.

6 Conclusions

TM-SSS is an alternative for automatic HMM state topology generation of acoustic models. It compares
favorably with the state-of-the-art ML-SSS. More precisely, it is now possible to better evaluate the split
gain and hence to get a more representative and robust HMnet from the training data. For a similar number
of Gaussians, we observed a relative decrease in error rate of about 10% compared to ML-SSS.

The major drawback of TM-SSS is it computational cost that is theoretically (codebook size x number of
states) greater than that of ML-SSS during training. With some tricks, we can reduce this training penalty
to about a factor of 100, i.e. TM-SSS takes about 2 weeks vs 3 hours for ML-SSS. Nevertheless, there are
no penalties during phoneme recognition and we can expect considerable time savings for word recognition
using statistic language models.

We will continue with the development of an optimal HMnet generation algorithm. One possible approach
is to split a state as a whole, i.e. not split a context at a time, but all the contexts at the same time. This

seems possible for TM-SSS even without increasing substantially the computational requirements.

Y
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