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Abstract
We propose a new method of automatically creating non-
uniform context-dependent HMM topologies by using the Min-
imum Description Length (MDL) criterion. Phonetic decision
tree clustering is widely used, based on the Maximum Like-
lihood (ML) criterion, and creates only contextual variations.
However, it also needs to empirically predetermine control pa-
rameters for use as stop criteria, for example, the total number
of states. Furthermore, it cannot create topologies with various
state lengths automatically. Therefore, we introduce the MDL
criterion as split and stop criteria, and use the Successive State
Splitting (SSS) algorithm as a method of generating contextual
and temporal variations. This proposed method, the MDL-SSS,
can automatically create proper topologies without such prede-
termined parameters. Experimental results show that the MDL-
SSS can automatically stop splitting and obtain more appropri-
ate HMM topologies than the original one. Furthermore, we in-
vestigated the MDL-SSS combined with phonetic decision tree
clustering, and this method can automatically obtain the best
performance with any heuristic.

1. Introduction
Phonetic decision tree clustering[1] was proposed as a method
of generating tied-state structures of acoustic models for speech
recognition. Methods based on phonetic decision tree clus-
tering originally used the Maximum Likelihood (ML) crite-
rion to choose the phonetic question with which each state
was split. However, owing to the nature of the ML estima-
tion, the likelihood value for training data increases as the
number of parameters increases. Consequently, it is impossi-
ble to stop splitting with only the ML criterion. The methods
based on the ML criterion require heuristic stop criteria, such as
the total number of states. Recently, information criteria such
as the Minimum Description Length (MDL) have been intro-
duced as splitting and stop criteria in context-dependent Hid-
den Markov Model (HMM) creation using phonetic decision
tree clustering[2]. These methods continue to split states so as
to improve the information criteria. The Successive State Split-
ting (SSS) algorithm was originally proposed to create a net-
work of HMM states of speaker dependent models[3] and was
subsequently expanded to the ML-SSS algorithm for speaker
independent models[4]. The ML-SSS algorithm has the same
problem as phonetic decision tree clustering in that it requires
the total number of states as the stop criterion. The ML-SSS
algorithm is a bottom-up approach that conducts both contex-
tual clustering and temporal splitting. The maximum number
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of temporal states for each phoneme model should be given as
another stop criterion for temporal splitting. It is difficult to
properly preset these two stop criteria.

We propose an HMM-topology design method using the
ML-SSS algorithm in conjunction with the MDL criterion as the
splitting and stop criteria. We call the new method the MDL-
SSS algorithm. The MDL criterion was successfully introduced
in phonetic decision clustering as the criterion for contextual
clustering[2]. This paper extensively uses the MDL criterion as
the criterion for both contextual and temporal splitting in the
ML-SSS algorithm. We define new gain functions based on the
MDL criterion and introduce two scaling factors. Furthermore,
we investigate the MDL criterion for the methods using both
data-driven and phonetic decision tree clustering.

In Section 2, we explain the ML-SSS algorithm and the
stop-splitting problem. The MDL criterion is described in Sec-
tion 3. We define the MDL-SSS algorithm in Section 4. In
Section 5, we evaluate the performance of the MDL-SSS and
describe the results using the ATR travel arrangement task and
short results for lecture speech as more spontaneous speech.
Additionally, phonetic decision tree clustering is introduced
into the MDL-SSS in Section 6. We summarize our findings
in Section 7.

2. ML-SSS Algorithm
2.1. Problems of ML-SSS

The ML-SSS algorithm has contextual and temporal
splitting[4]. First, both the contextual and temporal split-
ting are performed for all states. Second, the gains of both
contextual and temporal splitting are calculated. Finally, these
expected gains are compared with each other and the state with
the best gain among all states is selected.

The ML-SSS needs the total number of states, Ns, and
the maximum length of state sequences for phoneme models,
Np. These parameters must be given before starting the split-
ting. For temporal splitting, the ML-SSS creates one more state
and connects it to the original state. The parameters of the two
distributions are estimated by the forward-backward algorithm,
and the total expected gain of the temporal splitting is also cal-
culated for the temporal split states. Since it is costly to re-
estimate the parameters of all states at every splitting, only the
parameters for the two candidate states are re-estimated by us-
ing probabilities weighted by the statistics of the target state.
Since the likelihood value of the temporal split states is an
approximate value, it is difficult to use it as a stop criterion.
Thereby, Np is needed as a stop criterion. However, to find the
optimal values of these parameters, Ns and Np, is generally
difficult. Experiments should be conducted to find the optimal
values.
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2.2. Gain function by ML-SSS algorithm

We formulate the total expected gains of the splitting states with
the ML-SSS algorithm. The total expected gain Goutput(Si) of
the output probabilities and Gtrans(Si) of the transition proba-
bilities for state Si are

Goutput(Si) = −1

2
{Γ(Si1) log |Σ(Si1)| (1)

+ Γ(Si2) log |Σ(Si2)| − Γ(Si) log |Σ(Si)|},
Gtrans(Si) = Ξ(Si1 , Si1) log ai1i1 (2)

+ {Γ(Si1) − Ξ(Si1 , Si1)} log(1 − ai1i1)

+ Ξ(Si2 , Si2) log ai2i2 − Ξ(Si, Si) log aii,

where Γ(Si) =
�

t γt(Si) is the expected frequency of the
transition from state Si. γt(Si) is the probability of staying in
Si at time t. Ξ(Si, Sj) =

�
t ξt(Si, Sj) is the expected fre-

quency of the transition from Si to Sj . ξt(Si, Sj) is the prob-
ability of the transition from Si to Sj at t. aii is the self-loop
probability.

For contextual splitting, since the transition probabilities
are not re-estimated to reduce the amount of calculation, the
total expected gain related only to the observation distributions
is calculated. For temporal splitting, the transition probabilities
are considered because one transition probability is created af-
ter temporal splitting. The splitting conditions G

(ML)
c (Si) for

contextual splitting and G
(ML)
t (Si) for temporal splitting are

G(ML)
c (Si) = Goutput(Si), (3)

G
(ML)
t (Si) = Goutput(Si) + Gtrans(Si). (4)

Equations (3) and (4) are calculated for each state, and the state
with the maximum gain is selected.

3. MDL Criterion
The MDL criterion[5] is one of the most popular information
criteria and is used for the selection of the optimal model for
stochastic models. Generally, when a set of models {θ(i)|i =
1, . . . , I} is given, the MDL criterion for model i is

Li(x) = − log P (x|θ̂(i)) +
αi

2
log NT + log I, (5)

where x = {x1, . . . , xNT } is the observation data, αi is the
number of free parameters, and θ̂(i) is the ML estimates of
model i.

4. SSS Algorithm Using The MDL
Criterion

Figure 1 shows the flow chart of the MDL-SSS. The differences
of the MDL values for both contextual and temporal splitting
are calculated for each state, and the state with the minimum
difference value is selected as the split state. Splitting is finished
when there is no state that can be split and reduce the criterion
by splitting.

We define the criteria for contextual splitting and temporal
splitting, G

(MDL)
c and G

(MDL)
t , respectively, as follows:

G(MDL)
c (Si) = −G(ML)

c (Si) + Cc
α′

c − αc

2
log Γ(S), (6)

G
(MDL)
t (Si) = −G

(ML)
t (Si) + Ct

�
α′

t

2
log Γ′(S)

− αt

2
log Γ(S)

�
. (7)
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Figure 1: Flow chart of MDL-SSS.

The first terms on the right-hand sides are the negative values
of the expected gains in the ML-SSS. Cc and Ct are the scal-
ing factors of the second terms, which are not derived from the
original definition of Eq. (5). These will be explained later.

Γ(S) =
�

i Γ(Si) represents the expected frequency of
the number of samples for all states. Γ′(S) is the value after
temporal splitting. Equation (7) compensates the total number
of samples because segments that are shorter than the lengths
of the state sequences are discarded. αc, α

′
c are the number

of parameters before and after contextual splitting, respectively.
αc = 2KM and α′

c = 2K(M +1), when the order of features
is K, the total number of states is M , and each state has one
Gaussian distribution with a diagonal covariance matrix. For
temporal splitting, we suppose that transition probabilities do
not depend on both mean vectors and covariances of the Gaus-
sian mixtures. Each state has one Gaussian distribution and one
transition probability. Therefore, the number of parameters be-
fore and after temporal splitting are αt = (2K + 1)M and
α′

t = (2K + 1)(M + 1), respectively.
The scaling factors, Cc and Ct, are not derived from the

original MDL criterion. We experimentally found that it is dif-
ficult to stop splitting without these factors. This problem ap-
pears to be caused by the approximation of the likelihood values
of the temporal split states as described in Section 2. In [2], a
scaling factor for contextual splitting was also introduced and
experimentally found to be effective. However, these factors
are expected to be the same regardless of training data. This is
confirmed through the experiments. The MDL-SSS algorithm
selects the state with the smallest G

(MDL)
c or G

(MDL)
t , and

stops splitting when G
(MDL)
c > 0 and G

(MDL)
t > 0 for all

states.

5. Experiments
5.1. Conditions

For the acoustic training set, we used dialog speech (5 hours
in total) from the ATR travel arrangement task (TRA) database
and read speech (25 hours) of phonetically balanced sentences
(BLA). The same 407 speakers uttered both spontaneous and
read speech. For testing, we used dialog speech from the TRA
database uttered by a different set of 42 speakers. The sam-
pling frequency was 16 kHz, the frame length was 20 ms, and
the frame shift was 10 ms. 12-order MFCC, ∆MFCC, and ∆
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Figure 2: Word accuracy for models with one Gaussian distri-
bution per state.

log power were used as feature parameters. The cepstrum mean
subtraction was applied for each utterance. We used 26 kinds
of phonemes and one silence. Three states were used as the
initial model for each phoneme. One Gaussian distribution for
each state was used during topology training. A silence model
with three states was built separately from the phoneme models.
In Section 5.2, we used speaker independent models with one
Gaussian distribution per state. These models could not always
produce high performance. Therefore, after we obtained the
topology, we increased the number of mixtures and re-estimated
the parameters of the HMMs. The final models were gender-
dependent models with five Gaussian mixtures for each state.
These models were used in the experiments described after Sec-
tion 5.3. For the language training set, we used 7,195 one-side
dialogues that included 1.6×106 words. Multi-class composite
bigram models [6] were used. The full vocabulary size in the set
was 27,398.

5.2. Comparison of models with one distribution per state

We initially investigated the performance by models with one
Gaussian distribution for each state to confirm the adequacy of
the model topologies obtained by our proposed method. In this
investigation, the lexicon had only 5,100 words including the
words in the evaluation data. Figure 2 shows the word accuracy
rates by the ML-SSS and MDL-SSS. The MDL-SSS with Cc =
2 and Ct = 20 obtained almost the same performance as the
ML-SSS. For the MDL-SSS, Cc = 2 and Ct = 20 performed
the best and, for the ML-SSS, Ns = 2500 and Np = 4 showed
the best performance.

5.3. Comparison of models with five mixtures per state

Next, we used gender-dependent models with five Gaussian
mixtures for each state. Figure 3 shows the word accuracy rates
of these models. For the MDL-SSS, Cc = 2 and Ct = 20,
the same values as in the previous section, performed the best.
For the ML-SSS, Ns = 1400 and Np = 4 performed the best.
Therefore, for the ML-SSS, Ns should be carefully adjusted ac-
cording to the experiments to find the best model.

Figure 4 shows the maximum path length for each phoneme
model extracted from both the “ML-SSS (1400 states)”, whose
paths were set to a limit of four states, and the “MDL-SSS
(Cc = 6, Ct = 20, 1132 states).” All the phoneme models
by the ML-SSS had the same maximum path length as the path
limit number. On the other hand, each phoneme model by the
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Figure 3: Word accuracy for models with five Gaussian mix-
tures per state trained by using TRA and BLA.
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Figure 4: The maximum length of paths for each phoneme.

MDL-SSS had a different maximum path length. This suggests
that more adequate path lengths are selected for each allophone
by the MDL-SSS.

5.4. Effectiveness for different amounts of training data

To confirm whether the scaling factors in the MDL-SSS are in-
dependent of the amount of training data, we examined the per-
formance of acoustic models for a smaller amount of training
data using only the TRA data. Figure 5 shows the word accu-
racy for the models generated by the ML-SSS or MDL-SSS.
The MDL-SSS obtained the best performance with Cc = 2 and
Ct = 20.

5.5. Evaluation using lecture speech

We also evaluated our method by using the lecture speech cor-
pus, “The Corpus of Spontaneous Japanese (CSJ)”[7], which
is more spontaneous than the TRA. The training data for the
acoustic models was 200 lectures (about 34 hours) by male
speakers. The analysis conditions were the same as in Sec-
tion 5.1. The number of mixtures for each state was 10. We
used the word bigram model distributed by Kyoto University.
The size of the lexicon was 19 K words. The evaluation ex-
periments were carried out using 253 utterances by one male,
“A01M0074”. Figure 6 shows the results. The trend of the re-
sults is quite similar to that of the TRA task. This shows that
the MDL-SSS can automatically stop splitting and get the best
performances by Cc = 2 and Ct = 20 for other tasks.
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Figure 5: Word accuracy for models trained using TRA.
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6. MDL-SSS with Decision Tree Clustering

The ML-SSS has another problem in that it cannot deal with
unseen contexts because of the data-driven clustering developed
by P. A. Chou’s algorithm[8]. In [9], phonetic decision tree
(PDT) clustering was introduced into the ML-SSS. The authors
claim that the combination of decision tree clustering and data-
driven clustering is best. For contextual splitting, first, decision
tree clustering is used to create two initial distributions from one
distribution. Second, Chou’s algorithm is used repeatedly as the
data-driven clustering. We introduced the MDL criterion to this
method.

The number of phonetic categories for the questions was 47.
The unseen contexts in the evaluation data were 1.1%. The ex-
perimental conditions were the same as in Section 5.3. Figure
7 shows the word accuracy rates. “ML-PDT+Chou-SSS” and
“MDL-PDT+Chou-SSS” respectively stand for the ML-SSS
and MDL-SSS using both PDT clustering and data-driven clus-
tering. As with the MDL-SSS, the MDL-PDT+Chou-SSS au-
tomatically obtained almost the same performance as the ML-
PDT+Chou-SSS. The best Cc, Ct of the MDL-PDT+Chou-SSS
were different from the best Cc, Ct of the MDL-SSS. This
shows that these scaling factors are dependent on the splitting
algorithm.
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Figure 7: Word accuracy by SSS using decision tree clustering
and Chou’s algorithm.

7. Conclusion
We proposed the Successive State Splitting algorithm in con-
junction with the MDL criterion. We introduced the MDL crite-
rion to the ML-SSS algorithm in order to select suitable models
automatically. The experimental results show that the MDL cri-
terion can stop both contextual and temporal state splitting by
the SSS algorithm. Although we introduced two scaling factors,
the best values exist and are robust for training data. Further-
more, we investigated the MDL-SSS combined with phonetic
decision tree clustering. This method obtained the best perfor-
mance automatically.
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