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The Article

The Segmental K-Means Algorithm for Estimating
Parameters of Hidden Markov Models

BIING-HWANG JUANG anp L. R. RABINER

Abstract—Statistical analysis techniques using hidden Markov
models have found widespread use in many problem areas. This cor-
respondence discusses and documents a parameter estimation algo-
rithm for data sequence modeling involving hidden Markov models.
The algorithm which we call the segmental K-means method uses the
state-optimized joint likelihood for the observation data and the un-
derlying Markovian state sequence as the objective function for esti-
mation. We prove the convergence of the algorithm and compare it
with the traditional Baum-Welch reestimation method. We also point
out the increased flexibility this algorithm offers in the general speech
modeling framework.
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Hidden Markov Model
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Hidden Markov Model
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Hidden Markov Model
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The Problem in a Nutshell

- Structure of the hidden markov model is known.

- How do we estimate the parameters of the model based on the observed
sequence?
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Estimating Parameters - The Usual Method (Baum-Welch)
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Estimating Parameters - The Usual Method (Baum-Welch)
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Estimating Parameters - The Usual Method (Baum-Welch)

P(s|A,m) =7, H Q(s(;—1,5¢) Requires significant

= computation
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Estimating Parameters - The Usual Method (Baum-Welch)

P(s|A,m) = m,, H Q(s(4_1),8¢) Requires significant

=3 computation

f(z|\ Tso | [ acse, 115005, (2 —» May encounter numerical
N=2 H e-n oo () difficulties

10



.? UNIVERSITY OF COPENHAGEN

Estimating Parameters - “New” Method
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Estimating Parameters - “New” Method
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Significantly fewer
computations
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Estimating Parameters - “New” Method

/\ S0 8 St bSt i ifi
f(z|A) Z” Ha( (t-1y,0)bse (Tt) Significantly fewer

computations

T
max|[f(z, s|\)] = max|rs, H Qs p50bs (@) —> Encounters problems with
t=1 similar likelihoods
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Estimating Parameters - “New” Method

Algorithm in three steps:

1. Initialization of parameters in A
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Estimating Parameters - “New” Method

Algorithm in three steps:

1. Initialization of parameters in A

2. Segmentation step:

T
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t=1
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Estimating Parameters - “New” Method

Algorithm in three steps:

1. Initialization of parameters in A

2. Segmentation step:

T
max|[f(z, s|\)] = max|r, H a(s(t_l),st)bsa&(mt)]

t=1

3. Optimization step:

\ = arg ;nax{max[f(a:, s|A)]}
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Estimating Parameters - “New” Method

Algorithm in three steps:

1. Initialization of parameters in A

2. Segmentation step:

T
maX[f(a:, S|)‘)] - ma‘x[ﬂ-so H a(s(t—l)ast)

t=1

3. Optimization step:

\ = arg ;nax{max[f(a:, s|A)]}
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Example calculation: The Occasionally Dishonest Casino

a1,1 =0.95 Az, = 0.9

a2'1 =101
h % loaded
a1’2 =0.05
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Example calculation: The Occasionally Dishonest Casino

a1’1 = 0.95 az,z =0.9
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Example calculation: The Occasionally Dishonest Casino

a1’1 = 0.95 az’z =0.9

HIDDEN

MARKOV
a2,1 =1.1 STATES
al’z =0.05

A

111111 1 1 1 1 1 1 OBSERVATION
brar =1656°6°5°6 buoaded = 357970 10" 10'2 " DENSITIES
DENSITIES

OBSERVABLE
STATES

20



Tansition matrix element value
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Example calculation: The Occasionally Dishonest Casino
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Example calculation: The Occasionally Dishonest Casino

0 Transition matrix elements as function of sequence length

0.98 -

0.96

0.94 1

0.92 4

0.90 -

-
amw,

| mm—K-means Estimate A_11
mmm= Baum Estimate of A_11

= = K.means Estimate A_22
®= = Baum Estimate of A_22

.
L ]
|
.- = Fye Value of A_11 (0.95)
L]
)
= __ 3 _ = = FueValue of A_22 (0.90)
-

‘.|Il.

. ° >

NSy . .
..

. '.. "

2000 4000 6000 8000 10000 12000 14000

Sequence length

Computational time (s)

Computational time as function of sequence length

175 1

150

125

100 A

0.75 -

0.50 -

0.25 -

0.00 -

== K-means algorithm
mm= Baum Algorithm

—— ——

2000 4000 6000 8000 10000 12000 14000

Sequence length

22



