A segmental HMM based on a modified emission probability

Sefan Windmann, Reinhold Haeb-Umbach, Volker Leutnant

Dept. of Communications Engineering, University of Padent 33098 Paderborn, Germany
E-Mail: {wi ndmann, haeb, | eut nant }@t . uni - pader bor n. de
Web:www nt . uni - pader bor n. de

Abstract Finally we present experimental results in Secfibn 6 and

. . finish with some conclusions in Sectigh 7.
In this paper, a novel segmental Hidden Markov Model bh

(HMM) is proposed. The model is based on a modified o
emission density where additional statistical dependsnci 2 Statistical model
between subsequent frames of the speech signal are con- .
sidered. In the following we derive an effective searchln the standard HMM there are assumed transition proba-
strategy for the modified statistical model. Further an apbilities between the hidden statesand emission distribu-
proach to parameter reduction is introduced. Experimentdons of the (cepstral) speech featurest timet (see Fig.
were carried out on the AURORA?2 database where cordl 8). In many speech recognition systems the emission
sistent improvements were obtained with the segment&l€nsityp(xt|a;) is modelled as Gaussian mixture density
HMM. (GMM)

p(xtlar) = > Pp(xt|m)P(mc), 1)

e

1 Introduction o _

) ) _ ) where the probabilitie®®(m|q;) of the mixture compo-
The acoustic modelling on the basis of the Hidden Markovhentsm depend on the HMM stateg, while the con-
Model (HMM) is a wide-spread technique for automatic stituent Gaussianp(x;|m) depend omm. In eq. [A) the
speech recognition (ASR). However, a frequently citedassumption is made that the mixturasare non-tied mix-
weak point of the HMM consists in the so-called condi-tyres, i.e. that they can be subdivided in disjoint subsets

tional independence assumption, i.e. in not directly mod;//;(qt),qt =1,...Ng, Ng being the number of HMM states:
elling the statistical dependencies between speech &satur

which are extracted from subsequent frames of the speech () = {m|P(q¢|my) # 0}. 2)
signal. Segmental HMMs provide a possibility to over-

come this drawback by modelling the speech dynamicshys, the value of the mixture index uniquely specifies the
within speech segments with trajectory models. Accordyalye of the state variable, i.e.

ing to [8], segmental HMMs can be divided with respect to

the kind of trajectory model in polynomial segment mod- p = (e — G 3

els, buried Markov model$]1], stochastic segment mod- (@lm) (@ = G(m). @)

els, trajectory HMMs and switching linear dynamic mOd'whereq?(mt) denotes the stat is assigned to.

els (SLDMs). The prevalent techniques in literature are  The statistical model considered in the paper at hand,
stochastic segment models, where the feature vector trgghich is refered to as CMHMM in the following, is de-
jectory within the segments is described with linear statgicted in Fig.[1 b). In the CMHMM a statisticalldepen-
models (e.g.[12.15.14]) and trajectory HMMs (e.gl I6, 91), gency between the mixture components; andm is
where the trajectory is explicitely modeled as a functiony,sqeled in addition to the dependency between the HMM

of the duration and the observations within the Cu"e”Etatesqt 1 andq; (Fig.[ a)). Thus, the emission density of
speech segment. These approaches usually require a large a '

number of parameters and are unreliable with respect to x, ;  x,

the Maximum-Likelihood (ML) training of the parame-

ters. However, Seide et al.1[7] have shown that the quan-

tisation of the feature space might be a doorway to effi- Im-1 |m
Gi-1

cient algorithms. In their approach a Hidden Trajectory

HMM (HTHMM) is applied for acoustic modelling where

the speech features are described with a hidden, quantize Gt
trajectory beside the emission distribution of the HMM.  a) b)

The proposed paper is also based on a quantisation ggure 1: Model of statistical dependencies: a) HMM

the feature space. However, the prevelant modelling of thg) CMHMM  ¢) Direct modelling of inter-frame corre-
emission distribution of the HMM as a Gaussian mixture|ations

density, i.e. its quantisation in the standard HMM training

is exploited. In the following, we introduce a modified the CMHMM is assumed to be a HMM with the mixture

model, termed Continuous Mixture HMM (CMHMM), componentsy as hidden states and the transition probabil-

where the statistical dependencies are modelled betwedties P(m|m_1) between the mixture componemtg and

the mixture components in addition to the dependency om_; in subsequent frames. It is further assumed that the

the level of the HMM states (see Sectldn 2). tuple (g, my) is as probable as once the condition irf{3)
Based on the Viterbi search for the standard HMMholds. This is expressed with the constraint

which is described in Sectidd 3, an efficient search algo-

rithm for the CMHMM is introduced in Sectidd 4. Further _J P(m|X) g =G(m)

a method for parameter reduction is adopted in Seglion 5. P(q, m|X) = 0 . else - @




We further neglect the influence gf onm a Viterbi algorithm according to the transition probalekt
and emission probabilities in the acoustic models:

m(X) o =G(m
pimix.a) ={ JMF TAZEM ) aua) - mada e R(@la Dpaula))
oncem is conditioned on the observatiods Br(v, ) = Br-1(V, argqr’ﬂell){at,l(v,qt,l)
In contrast to the direct modeling of interframe correla-
tions (see Figl1 c)), the modelling of statistical dependen Pa (G |t—1) Pa (xt[a)}) (10)
cies on the mixture component level allows an (extended)
Viterbi search (see Sectibh 4). After updating the tree copies for the final stafg®f each

word the optimal predecessor

3 Viterbi search in the HMM vo(wit) = argmaxPWv)a(voy =S} (A1)
In order to establish a framework for the search in the ) )

CMHMM, first the standard Viterbi search in the HMM is is determined and stored with the word boundary
\(ldﬁscribed. The objective is to determine a word sequendd (Vo(W;t), % = Sy). Besides, a forward variable

Ay =Wy ... Wun of lengthN which maximizes the posterior H (W t) = maxd P(WIV)ar (V.o — 12
probability for the given feature vectoxd = x;...xr: (Wit) = max{Pwv)a (v G = Sw)} (12)

~ o7 is calculated, which is employed to initialize the forward
Wy = arg rJJNa){ mgx{ Pa(x1,01 )P(Wy)} variable a; (v, = 0) in the next time instance. At the
1 % end of each sentence the most likely word sequence is
T tracked back using the stored predecessgfe;t) and
=argma n;gx{ |'| Pa(xt|0)Pa(Gk|ck-1)}  (6)  word boundaries (vo(w;t), gt = Sw).
1 1 t=

ﬁlp(wnwgw " 4 Search in the CMHMM

The CMHMM requires an adequate search strategy be-

wherewd) = w; ...wy denotes a possible word Sequencecause the application of the Viterbi algorithm on the mix-

described with a language model of order In (8), ture component level would lead to a significantly in-

the probability density(x] ,ql ) obtained from the HMM ggﬁ;g?\eﬁ;ﬂgﬂhﬂeg atggﬁszi rt]?g dt;tiaél &%ﬁggﬁ; g; :fz;'é(ttgrrse
training is scaled with an acoustic scale fadgr< 1, i.e. larger than the total number of HMM states. An efi-

T T T T cient search without considerable increase in computin
Pa(x1,a1) O p(x,q])™ (") time can be achieved with a processing on two Ievelg. Thg
Ioptimal HMM sequence is estimated with a Viterbi algo-
rithm on the HMM state level, while the mixture weights
are updated with a causal filter in the forward pass of the

iterbi algorithm, which is based on the observed speech
€atures and the statistical dependencies between the mix-
ture weights in subsequent frames.

Prior to the description of the extended Viterbi algo-
bigram language model and a tree structure of the Iexicorﬁ!thm’ the required dependzfenmes.are derived. The fea-
In order to account for the possible predecessar§the ure V_eCtO'Xt d(_apendileven oragiven HMM stajevia
current wordw for each predecesser copy of the lexicon  the mixture weightsri; * on the preceding feature vectors

In literature, [B) is often written with a language mode
scale facto§; = 1/S;. This is possible because the maxi-
mation in eq.[(B) is invariant to the potentation with a con-
stant factor. However, once sums must be evaluated for t
estimation ofpy (xt|gt), the formulation with the acoustic
scale factor is more adequate as state@ ih [10].

In the following, the Viterbi search is described for a

is constructed. A forward variable x{L. Thus, eq.[B) is written as
_ t o T
o (V,0) = Zgixp(xla%w) (8) W = argmax max{l—!pa (xex L )
W ool = (13)
is assigned to the statep of the copiesv, which con- N 1
tains the score for the best path for the observed feature Po(Gklok-1)} [] P(WnlWaii 1)}
sequenced;, which ends in state; of the tree copy at n=1

time instancd. Besides, the word boundariBg(V, o) of  where for the emission density holds the relation
the corresponding pathes are tracked.

For each time instance the forward variable — pa(xe|xi " k) = Pa(xe|x] "G, m)Pa(m|xi )
0i-1(v,q—1) and the word boundarieB;_1(v,0;—1) are my

initialized within the tree copies with the initial states () t-1
g—1 = 0 with the values = D Palx|m)Pa(mix; ).
mye.# (ct)
ar_1(V,0_1=0)=H(v;t—1) © (14)
Br1(V-1=0)=t-1, In eq. [I3), the likelihoody (x¢|x}*, g, m) is indepen-

t—1 ; t—1
whereH (v;t — 1) is obtained at the end of time instance 9€nd 0fx; ~ (see FigD1-b). Howevena Extb_(l Q) de-
t — 1 as explained beneath. Subsequemil{v,q) and Pends on the preceding speech featun‘p& via the prob-
B (v, o) are updated fog; > O with the forward iteration of ~ abilities Py (m|x}2).



The posteriorPa(m|xff1) of the mixture weights can The integration of the state equati@nl(16) and the mea-

be computed as surement equatiofi{R3) in the Viterbi algorithm, which was
described in Sectidd 3, leads to the following modification
Pa(mxit) = > Pal0-1, m|x ) (15)  of the Viterbi strategy. At time instande= 0, the mixture
-1 weightsmy € .#(qo) are initialized for all HMM statesj:

with the state update equation Pa(rYbIX(f) — Py (o) = Py (Mo|Go(Mo)). (24)

t-1
Por (01, My[x3 ) The forward iteration of the standard Viterbi search within
- Z Pa (M| G_1, mfl,xtl’l)Pa(qtfl, mt,1|xt1*1) words [ID) is replaced by the following steps:

m_1 (16)
@ Z Py (M m_1)Pa(m_1xt ), Algorithm 1 Forward iteration in the CMHMM

1: forall g do

e (G
m_16.4(t—1) 2.  forall g_; do

where we have used the fact timatis independentof,* 3 forall m € .#(q) do .
oncem_ is given, see Fidl1-b). 4: ComputePy (g1, m|x} 1) with eq. [I6).
Inserting [I%) and{16) into the Viterbi approximation 5: end for
(IT) with the modified likelihood{14) leads to 6. end for
7:  Computeg_1(q) with eq. [I9).
Bi(v,qt) = Bi—1(v,G—1(qt)) a7) 8:  Computea;(v,q) with eq. [23).
. 9. forall m € .#(q)do
with 10: UpdateP, (m|x{ 1) with eq. [Z2)
G_1(q) = argmaxa_1(V,0_1)Py(0t|qt_1) 11 Perform the measurement update in &gl (23).
-1 12:  end for
pa(thm)Pa(mlxtfl)} 13: end for
me./Z(q)

= argmay a1 (V. t-1)Pa (G| -1)

S Palxilm) 3 Pa(Go1,mixi ™).
mye.Z () Gi—1

5 Memory-efficient state update

Other issues to be addressed are the memory requirements.
(18) The statistical dependencies between the mixture compo-
nentsm_; and m can be captured bP(m|m_1). As
In light of the Viterbi approximation, it is consequent to the number of mixture components is large, the storage re-
replace the summation over the predecessor stptgsn™  quirements are considerable. In order to avoid the estima-

(@I8) by the single 'best’ predecessor state: tion and storage of this matrix an alternative way of mod-
eling the dependencies among successive mixture compo-
Gi—1(ar) ~argmax o1 (V, 0t—1)Pa (Gt |Gk—1) nents is proposed. It employs switching linear dynami-
G-t cal models (SLDMs) to describe the feature trajectory, a
Z Pa (3t |m)Py (g1, mxy )} modelling approach which has been successfully applied
me.7Z(c) to speech feature enhancement. The idea consists in map-

(19) ping the mixture components;_; of stategy_1 to the
feature domain, resulting i, ,(G—1), predicting the
To obtain at(v,qt), we_have to replace the argmax()- next feature vectopy, (qt) with linear state models and
operations in[(118) and{19) by max()-operations. Usindfinally mapping it back to the mixture space resulting in
the argumenty”1(qx) which is known to maximize[{19)  an estimate 0P, (m|x} 1) which avoids the necessity of

we obtain P(m|m_1). More precise, the following steps are required
G(vq) = Ot a(v%G 1(c))Pa(Gk|G1(at)) in order to update the mixture weights:

Pa(xe[M)Pa(mx)  (20) H g (Gh-1) = Y Pa(mafxy ™) b (G-1.mo1)

mye. (o) M-y

~  Ot-1(V Ge-1(0h))Pa (G [Ge-1(ck)) Mo (o) = Y P(st]00) (A(S) b1 (Gh-1) +D(s))

Par (¢t [M)Par (Ge-1.(qp), me[x ). 1 §

me.7(a) P (my[xg ) O P(M[or) Pa (Hx (Ge) (G M),

(21) (25)

The co_mpfi_riso_n of 1eI%ECI_ZO) ?ndt(;(D(Zl) S_hOV\{_S that the with i, , (G—1,M—1) = E[p(xt—1|Gk—1,M_1)],
approximation in eq ) implies the approximation b 1(G1) = EIP(x_1/a_ 155 D), (26)

Pa(mxi ) ~Pa(Goa(a),mixi Y. (22) Mo (Gk) = E[p(eta, x5 ).
The second and final step in the recursive update of th&he prediction in eq.[{25) is carried out with a set of lin-
mixture weight posterior is the measurement update: ear state models which are assigned to the HMM states

via the dependendy(s|a;), wheres denotes the state or
Pa(my|x}) O Py (my|x 1) pa (e[ my). (23)  regime variable which identifies which out of the M LDMs



to be used. The model parameteASs),b(s),C(s)) can  ciant search strategy where the mixture weights were up-
be obtained from clean speech training data as describethted with a causal filter. The number of parameters could
in [B]. The training of the statistical dependerie{s|a;)  be reduced by the application of SLDMs which are also
is considered in[11]. The projection of the feature vectorused for a model-based speech feature enhancement. Com-
on the mixture weights is obtained by application of thepared to the HMM, the application of the CMHMM leads
Bayes'’s theorem. to improved recognition rates on the AURORAZ2 database
with similar computational requirements, while the mem-
: ory requirements are only increased by storage for the state
6 Experlmental results mapping table(s |q ).
The experiments were performed on test set A and test set
B of the AURORA2 database. The AURORA2 database,
is a subset of the TI Digits recognition task to which noiseACknovwedgment
was artificially added at different SNR levels. Each of theThe research was partly supported by the DFG Research
two test sets A and B consists of four different noise typesTraining Group GK-693 of the Paderborn Institute for Sci-
On AURORAZ results given in the tables are average oveentific Computation (PaSCo).
the SNR levels 0, 5, 10, 15, @B. Training has been car-
ried out on clean speech. We modified the ETSI standarEiteraa[ur
front-end extraction in the same manner a§ln [3] by replac-
ing the energy feature witky and using the squared power [1] J.A. Bilmes.
spectral density rather than the spectral magnitude as the
input of the Mel-frequency filter-bank.
First the standard Viterbi search with a HMM was
tested. The speech recognition with the standard front-
end (SFE + HMM) modified in the described way yielded

Buried markov models: a graphical-
modeling approach to automatic speech recognition.
In Computer Speech and Language, volume 17,
pages 213-231, 2003.

[2] L. Digalakis. Segment-Based Stochastic Models of

an overall recognition accuracy of 87% on test set A
(Tab. 1) and 587% on test set B of the AURORA2

database (Tab[12). For speech feature enhancement, B&]
switching linear dynamic model approach proposediin [3]

with M = 16 models was applied (SLDM-M16 + HMM).

Spectral Dynamics for Continuous Speech Recogni-
tion. PhD thesis, Boston University, 1992.

J. Droppo and A. Acero. Noise robust speech recog-
nition with a switching linear dynamic model. In
ICASSP, pages 953-956, 2004.

With the SLDM-M16 recognition rates of 787% and
79,16% were obtained on the two test sets of the AU- [4]
RORA2 database. @ The CMHMM requires the estima-

J. Frankel and S. King. Speech recognition using lin-
ear dynamic models. IFEEE Transactions on Audio
Speech and Language Processing, volume 15, pages

| [ Sub. [ Bab. [ Car [ Exh. [Avg. | 213-231, 2007.
gfgl\; :I'\{lgﬂ gg’gg ég’gg gzg; gg'zg ggg; [5] J. Ma and L. Deng. Target-directed mixture lin-
+ HMI\;I ' ' ' ' ' ear dynamic models for spontaneous speech recogni-
SLDM-M16 | 8231 | 74.21 | 86.30 | 82.15 | 81.24 Hon, o Trans. Speech Audio Processing, 12:47-
+ CMHMM 58, -

(6]

M.-J. Russel and W.-J. Holmes. Linear trajectory seg-

Table 1: SLDM-M16: Recognition rates on test set A of mental hmms. EEE signal processing letters, 4:72—

the AURORAZ2 database

74, 1997.
[7] F. Seide, J. Zhou, and L. Deng. Coarticulation mod-

| [Res. [Str. [ Ar. [Tra. [Avg. | eling by embedding a target-directed hidden trajec-

SFE + HMM | 52,07 | 65,50 | 52,72 | 55,19 | 56,37 tory model into hmm-map decoding and evaluation.

SLDM-M16 74,39 | 79,29 | 79,05 | 83,91 | 79,16 In Proc. Int. Conf. Acoustics, Speech and Signal Pro-

+ HMM cessing, volume 1, pages 748-751, 2003.

SLDM-M16 74,95 | 79,98 | 79,48 | 84,27 | 79,67 . . .

+ CMHMM [8] K.C. Sim and M.J.F. Gales. Discriminative semi-

parametric trajectory model for speech recognition.
In Computer Speech and Language, volume 21,
pages 669-687, 2007.

[9] Zen H. Tokuda, K. and T. Kitamura. Trajectory mod-
eling based on hmms with the explicit relationship
between static and dynamic featuresElrospeech,
2003.

F. WesselWord Posterior Probabilitiesfor Large Vo-
cabulary Continuous Speech Recognition. PhD the-
sis, RWTH Aachen, 2002.

Table 2: SLDM-M16: Recognition rates on test set B of
the AURORAZ2 database

tion of additional parameters. As described in Section
B, M = 16 state models with static speech features and
dynamic features of order one and two, i.e. overall 39
components, were estimated on clean speech training data
and mapped to the HMM states. The application of thg10]
CMHMM lead to recognition rates of 824% on test set

A and 7967% on test set B (SLDM-M16 + CMHMM).

[11] S. Windmann and R. Haeb-Umbach. An iterative ap-
proach to speech feature enhancement and recogni-
tion. In Interspeech, pages 1086—-1089, 2007.

7 Conclusions

In this paper, a novel segmental HMM based on a modified
emission probability was proposed. We presented an effi-
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