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ABSTRACT In the case of continuous HMM's, a Gaussian probability density

unction (PDF) assumption is made between adjacent feature

In this paper we present a novel method to incorporate tempora[,ectors in C.J.Wellekens[5] . In P.Kenny[6], a linear prediction
correlation into a speech recognition system based ony, : ; : ’ :

. - echnique is used to parameterize frame correlation.
conventional hidden Markov model (HMM). In our new model g P

the probability of the current observation not only dependsPaliwal [7] incorporated temporal correlation into discrete
on the current state but also depends on the previous statdMM's by conditioning the probability of the current
and the previous observatiofihe joint conditional PD is observation on the current state as well as on the previous
approximated by non-linear estimation method. As a result, we@Pservation. With this approach, an output ~probability
can still use mixture Gaussian density to represent the joimdlstrlbutlpn (PD) is constructed for each possml_e pair of state and
conditional PD for the principle of any PD can be approximated oPservation symbotls. In their model,

by mixture Gaussian density. The HMM incorporated temporal b, (X,) = P(X, | X,4,qj,A) s used to  replace
correlation by non-linear estimatio.n. method, which we ca!led it b (X,) = P(X, lq; ,A)Of traditional HMM. The number of

FC HMM does not need any additional parameters and it only . ! ) )

brings a little additional computing quantity. The results in the Parameters in this model to be estimated may increase too
experiment show that the top 1 recognition rate of FC HMM has €xcessively to get reliable estimation for the output PD’s.

been raised by 6 percent compared to the conventional HMMS:Takahashi [8][9] propose a bigram-constrained (BC) HMM
method. which has solved this problem. The probability of the current

observation in BC HMM depends on the current state as well as
on the previous observation too. But a BC HMM is obtained by
1. INTRODUCTION combining a VQ-code bigram and the traditional HMM. So the
. . . number of parameters to be estimated in BC HMM is less than
Hidden Markov modeling (HMM) techniques have been used e ymper of the full parameterization method proposed by
successfully for speech recognition in the last ten years due tGgjiwal. A remarkable point of BC HMM is that it has provided a
their ease of implementation and modeling flexibility. The athod to combine the joint conditional PD by two separate

success or failure Of. a HMM system relies on how We” the conditional PD. N.S.Kim [10] propose an algorithm based on
models can characterize the nature of real speechuridezlying xtended Logarithmic Pool which can estimate the joint
assumption in this scheme is that speech is quasi-stationary angonditional PD more precisely.

these stationary parts can be represented by a single state of a

HMM. In the traditional HMM algorithms the probability of

duration of a state decreases exponentially with time which is not 2. MODELING FRAME CORRELATION
appropriate for representing the temporal structure of speech
With this in mind, a number of attempts have been made to
incorporate some additional knowledge into the traditional HMM

scheme [1]-[2]. Typical methods of them are incorporating

duration information, the inclusion of higher-order feature sets
and the use of correlation among neighboring outputs, etc.

In traditional HMM (we only discuss first order left-to-right
Markov model), we think the probability of the current
observation only depends on the current state, while it doesn’t
depend on the previous state and the previous observation. In this
model the probability of the observation vectgr given that the
Various approaches have been tried to take account of frameCurrent s.tate 'sq, Is represented a(Y, |q;,A) which is
correlation for more realistic modeling. M.Ostendorf et al. [3] characterized byb (Y,).

propose Stochastic Segment Model, which consists of 1) a time Lo »
warping of the variable—length segment X into a fixed—length !N BC HMM proposed by S.Takahashi think the probability of

segment Y, and 2) a joint density function of the parameters ofthe current observation not _only depends on the current state but
the resample segment Y (Gaussian density). They think thedlso dgpends on the previous observgtlon. It means that the
segment model represents spectralitemporal structure over th@robability of the observation vectoy, given that the current
entire phoneme. Similarly, V.Digalakis et al. [4] propose state is q is represented asP(Y, |Y,,,q,A) Which is
Dynamical System Model. All the two methods tries to directly h terized b T twalize th timati f
express speech feature trajectories. While they seem to pgharactenze ybqnml(Yt)' 0 actualize the estimation 0
successful in extracting dynamic cues for speech recognitionparameters of the model and the reliability of parameters
under a suitable trajectory assumption, they are not based omstimation, BC HMM only need to characterizyy, |Y,,) and
widely available HMM technology.



b, ) Then By, Y, is computed by combining them. At Further, we approximate(y,_,q,, |g,,A) of right term of (2)
last b, (Y,) is replaced bybin (Y,) which is used for speech by p(Y,,,q., |A) - We can get:

recognition. So BC HMM can avoid the problem caused by the p(Y,, Gy 1Y, 0 A)

full parameterization of Paliwal. f(Ve Y 0, O A) = LAl )

However, the topology shown in figure 1 seems can reflect frame ) ) )
correlation more precisely which means that the probability of 1"€n, we use a non-linear estimation formula to compute the
the current observation not only depends on the current state buight term of the above formula, i.e.:

also depends on the previous state and the previous observa‘rionID(YH,qk1 Y,
Then the probability of the observation vectgr given that the

current state isq, is represented ag(y, |Y,,,q,,,q,,4) which
is characterized b}bqufq Y, (g,_, isthe state int-1). The

P0G 1Yo 8D S o v -
o0 1) ()b (V)

At last, we obtain the non-linear estimation formula of

: N : P(Y; Yo, Gy Gy A) -
same as the model of Paliwal that using limited train data to full
parameterize this model is nearly impossible. So we need to findp'(y, | Y., q,q.,,4) = f (Y_.Y.,0.G.A) p(Y, | G, A)

. . . 6
an approximate arithmetic to compuba - (Yt) . ~ h(b (Y 1) b (Y)) p(Y | q /\) ( )
it-1 -1 Qg \ 't-1/27g, LTt t '

Further, we can adopt the first-order forward and backward frame i
correlation model shpown in figure 2. Then the probability of the As above, we can esimat®(y, |Y.;, Y1, G G1, G A)
observation vectory, given that the current state ig is
represented  as P(Y, |Y,,Y,.;, 0, Gy GugaA)  Which s PO 1YY GG G A) = POV Yy Yos GGy s Gy [ A)
characterized byb,, . . (Y,)- P(Yis Yers Gy Gy G | A)
_ P19, A) p(a 1 A) POV Y1 Ghegs Ghog | Y0 G0 A)
Y., Y, P(YsrYeoss Gt Ger [ 6, A) PG [ A)

using non-linear probability estimation too.

Yt—l >Yt > > t+2 ©)
- p(Yt—leH-llqt—l’qu |Ythtl/\) p(Y |qt /\)
t )
p(Yt—llYHl’qt—lqul | qtlA)
> ~ p(Y[,l,YM,q[,l,qu |Yllqtl/\) p(Y |q( A)
t )
Oy q Oy [V PV, Y1 Gos Ghoa [ A)
= h(b,, , (Y1) by, (¥). by, (Y)) PCY; [ G, A)
Figure 1
3. FRAME CORRELATION (FC) HMM
Y, < Y, < Y., € Yo In this section, we use the concept of non-linear estimation to
> > > incorporate the correlation of neighboring frames into the
traditional HMM. For simplicity, we only take the case of first-
order forward frame correlation, which means that the current
> observation symbol relates only with the observation and the
G q G G state on the immediate previous frame as figure 2 shows.
- + +
) FC HMM A =(N,m A B,FC) which incorporate frame
Figure 2

correlation can be defined as follows:
Now we discuss how to estimatp(Y, |Y,_,q,0,A) using 1) N, the number of states in the model;

non-linear formula. . .
2)r={m}, where m =P[g =i]1<i<N is the initial

Y, Yy, Oy |A . . : .
PCY Yo G G [ 4) probability of the model being in state, and they satisfy the

POV Yt s Gy A) =

P(Yiy, O, Gy | A) N

_ P10, AP 1A) Yy Gy [Y6,4) D constraint % 77, =1.

P(Yi1, Gy |G, A) PG, [A) -
- p(Yt—l’qt—llYthHA) p(Y |q /\) S)A:{aij}ilsi’j <N, aij :P[qu: J |q1 :I]

3 Y- [1A ' v . - . .

P(Yis G 16 4) 4)B=b (0) is the probability density function (pdf) for the
Let (v Y.q.q.A) = P(Yiy Gy 1100 A) ) observationO given that the state is.
P(Yir Oy | G A)

In our system we adopt a state observation denbitp), of the
Then

M
form, b (©) =S ¢, N[O, 1,,,U ]
P(Y, 1Yt & ArnA) = £ (Y, Y0y, A) pCY 1 g, A) - () ' mzl a e



i.e., a continuous mixture density whe@ is the observation = HMM only needs a little more computing complexity than the
vector (e.g., cepstral coefficient vector resulting from the LPC traditional HMM.

analysis), ¢, is the mixture weight for the mth component in In the model proposed by Paliwal the number of the parameters

state i, u,, is the mean vector for mixture m in statgand  of B matrix is up to M 2N which is M times than that of the
U, is the covariance matrix for mixture m in state traditional HMM. BC HMM needs to computegy(y, |Y,_,) in
the training of the model so it needs to estima®T

parameters additionally. In addition, when recognizing BC HMM
which: needs to computep(y, |Y,,) additionally and especially it

5) The frame correlation PD FC ={f(Y_,Y,,q,,,G,)}  in

We approximate f (Y,,,Y,,q,,,q) by a non-linear estimation needs adjusting the weights of mixture Gaussian density so the

o i . L )
computing complexity of speech recognizing is augmented

formula h(b, (Y, ,).b, (Y,))-

greatly.
In FC HMM, P[Oloon |A] can be Computed as follows: 5. RECOGNIT'ON RESULTS
P00, 0 [A]= 5 P[00, O |A
v=oGnar) 5.1 Speech Database and Features
=3 [Pw1HP©O, -0, ¢ 12) _ -
(8) The speech database used in experiment is “863 assessment”
_ LI O male speech database. The database consists of 1560 sentences
- ;é:(w M)u PO |Q,1,q,1,q,A)B which is parted to three groups as A, B and C. The number of
T 0 sentences of eachayp is nearly equal. 38 madach utters one
= gaﬁ(w |)\)|‘l (0,01, G, 4)b, (Q)E part of sentences. The entire database is parted to the training set,

the testing set 1 and the testing set 2. The Testing-Set 1 is the

~ i O utterance of untrained-speaker. The Testing-Set 2 is the
- Z éb(w | A)u h(b,, (O2) b, (Q)B, (O‘)H untrained-utterance of trained-speaker.

While using the forward-backward formula to reestimate !N €xperiment, we adopt a five state first order left-to-right
parameters,a, (j) is modified as follows: Markov model. The output probability of observations in each

state is characterized by 5-mixture Gaussian density. 16-
dimension cepstral coefficients derived by LPC analysis are used

N
a(j) = Zalfl(i)an h(b (O,.,),b;(0))b; (O) ©) as features of each frame.
N .
= 2 @30, Q) 5.2 Comparison of FC HMM and THMM
N The recognition rates of FC HMM and THMM are shown in
B.(j)= zﬁn—l(i)aj\h(bj (0),5(0.))b(0.,) Tablfa 1. From Whic_h_ we can see that whether in Training-Set or
G (10) Testing-Set recognition effect of FC HMM are both better than
N g.()ab. (O.) that of THMM. To Training-Set, the Topl recognition rate of FC
B Z LT 0l L HMM is 6 percent higher than that of THMM. To Testing-Set 2,

o o _ ) _ _i.e. testing utterances of trained-speaker, FC HMM is 4 percent
Considering the principle that using mixture Gaussian density higher than THMM. To Testing-Set 1, i.e. utterances of
can approach any PD, we think that the reestimated m&rix untrained-speaker, FC HMM is 3 percent higher than THMM.

characterize the probability density function incorporated frame —
correlation, i.e. p(Y, |Y,,,0,, 0, A) - Model | Recognition | Topl | Top2 | Top5 | ToplO
Set

4. COMPLEXITY ANZLYZING Train-Set 59.93 76.29 90.1P2 95.0%
In this section, we analyze the computing complexity and| HMM | Test-Set1 3250 4829 70.05 82.98
memory _complexit_y of_FC HMM_ incorporated frame corr(_elation Test-Set 2 4122 5896 80.47 89.88
by non-linear estimation. Obviously, the model exploits the
principle of that using mixture Gaussian density can approach Train-Set 66.01 81.10 92.70 96.59
any PD, S0 p' (Y, | Y1, G4, G, A) can be characterized by the | pc. | rest-get1 | 3574 5158 7202 84.42
weighted sum of M normal distribution. As a result, the model ]
does not bring any memory complexity. HMM | Test-Set 2 45.63 63.5p 8280 091.238

Whenever the training of the model or the recognizing of the Table 1: The recognition rate of FC HMM

model, FC HMM only need to computd (Y,_,,Y,,q_,,q) From the results we can see that the FC HMM which
additionally. While the non-linear estimation formula characterizes frame correlation by using non-linear estimation
h(b; (Y. b, (1)) is used to approximatef (Y,_,Y,,q,_,,q,) formula brings a significant improvement than the traditional

only very limited addition and multiplication is added so FC HMM. While FC HMM does not bring any more memory



complexity than THMM and it just brings a little more additional Processing, pp. 219-222, 1993.
computing quantity than THMM so we can say FC HMM is an

efficient method to model frame correlation in HMM. [10] Nam Soo Kim and Chong Kwan Un, Frame-correlated

hidden Markov model based on extended logarithmic pool. IEEE
Trans. On Acoustics, Speech and Signal Processing, pp. 149-160,
6. SUMMARY 1897

In this paper we present a novel method to incorporate temporal
correlation into a speech recognition system based on
conventional hidden Markov models (HMM’s). At first, we use
the joint conditional probability to represent frame correlation.
Then, we use a non-linear probability estimation formula to
characterize the correlation of adjacent frames. Thehadst
reported before bring either a large increase of the model
parameters or a lot of additional computing quantity. The FC
HMM reported in this paper does not bring any more memory
complexity and it just brings a little more additional computing
quantity so we can say FC HMM is an efficient method to model
frame correlation in HMM. Another advantage of the method is
that it can be easily incorporated into HMM which we have
already had. How to more precisely non-linear estimate the first-
order forward frame correlation and how to use the method in
high-order forward and backward frame correlation is needed to
furthermore researching.
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