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1. Introduction

Since the long-range dependency of the Internet traffic was found in the mid of 1990s [16], much efforts
have been spent to develop stochastic models for describing the network traffic over the classical Poisson
process models. The fractional Brownian motion [21] and fractal auto-regressive integrate moving average
process [11] are the typical examples which are oriented to represent the fractal nature of Internet traffic
caused by the long-range dependency. As an extension of the Poisson process, Markovian arrival process
(MAP) [18] and its associated stochastic process are often used to analyze mathematically the stochastic
behavior arising in many practical situations such as reliability and performance evaluation.

The MAP is one of the most flexible stochastic processes, and is defined as a specific continuous-time
Markov chain (CTMC). More precisely, the MAP consists of two different processes with discrete state
space. One process represents the dynamics of internal state called phase process, another corresponds to
the number of events, i.e, the counting process like a Poisson process. Here we call the number of events
level. The phase process is usually modeled by a CTMC, and the level process is modulated by the phase
process. Since the MAP is dense for ény stochastic point process with an arbitrary number of phases [2],
the family of MAP can be applied to approxixﬁations of complex stochastic counting processes such as
the number of accesses in the Internet. In fact, Markov-modulated Poisson process (MMPP) [12], batch
MMPP (BMMPP) and batch MAP (BMAP) [17], which are super- and sub-classes of MAP, have been
utilized to evaluate the information communication systems based on the queueing analysis.

The MAP possesses a significant problem on the statistical inference of its parameters in practical
applications. That is, we often need to determine model parameters of the MAP when evaluating the
performance of real systems such as network system and production system. Given observed data in the
real systems, the problem is to find appropriate parameters fitted to the observed data. The commonly
used method for the parameter estimation is the maximum likelihood (ML) method. However, the ML
method for MAP arises some technical difficulties due to the flexibility of MAP, i.e., a large number of
free parameters are included.

To overcome this technical problem, some authors developed statistical methods to estimate the
model parameters of MAP or its associated processes. The EM (expectation-maximization) algorithm
[9,28] is one of the most popular methods to estimate the parameters of MAP, and also provides a
general numerical framework to derive the ML estimates for the stochastic model which involves hidden
information. Since the EM algorithm has good properties on numerical computation such as a global
convergence property, it is quite effective to estimate stochastic models with many free parameters;
Gaussian mixed model (GMM) {5] and hidden Markov model (HMM) [4] as well as MAP.
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This paper proposes an EM algorithm for a superposition of MAPs. In general, the superposition
of MAPs can be formulated by a Kronecker representation of the underlying CTMC. We revisit the
existing EM algorithm for an MAP [27] from the viewpoint of matrix computation, and reformulate the
E-step and M-step with the Kronecker representation. This leads to reduce the matrix computation cost

drastically in the EM-based parameter estimation procedure.

2. Related Work

In géneral, there are two approaches for fitting the family of MAP to observed data: moment-based
approach and likelihood-based approach. In the moment-based approach, one determines the model
parameters of MAP so as to fit theoretical moments to empirical ones from the observed data. Heffes and
Lucantoni [13] provided an explicit formula for estimating the parameters of two-state MMPP by using
the empirical moments of the number of arrivals. Anderson and Nielsen [1] proposed a fitting method
for a superposition of 2-state MAPs based on Hurst parameter as well as the moments. Yoshihara et
al. [29] developed a moment-based estimation procedure for an MMPP with several states in order to
model self-similar traffic. Also, Mitchell and Liefvoort [20] developed a two-step method which deals
with inter-arrival time data and lag correlation separately. The main advantage of such moment-based
approaches over the likelihood-based approaches, is to reduce »the computational cost.

The ML estimation for MAP has posed some difficulties until the mid of 1990s. The principle of ML
estimation is to find the parameters which maximize the likelihood on the observed data as realizations
of the stochastic process. The direct approach to compute ML estimates in MAPs requires large scale
matrix computation. Since MAP includes numerous parameters in general, it is generally hard to find the
maxima of the likelihood from the data. For example, Meier-Hellstern [19] discussed the ML estimation
algorithm for a simple MMPP with only 2 phases. The EM algorithms [9, 28] for MMPP and MAP were
proposed to overcome these problems.

The EM algorithm is a statistical framework to compute ML estimates under incomplete data, and is
particularly useful for the stochastic models with many parameters like GMMs. The first EM algorithm
for a family of MAP was the forward-backward algorithm in an HMM [4]. Deng and Mark [10] proposed
a method for ML estimation of MMPP by converting an MMPP to a Markov modulated Bernoulli
process (MMBP) and by applying the forward-backward algorithm in the discrete-time domain of MMBP.
Asmussen et al. [3] gave an EM algorithm to estimate parameters of a phase-type (PH) distribution, and
their idea could be used to estimate parameters of MMPP and MAP in the continuous-time domain.
Rydén [27] extended Asmussen’s idea to provide the exact ML estimates for MMPPs. In other words,
the EM algorithm in Rydén [27] is analogous to the forward-backward algorithm in HMMs [4].

Based on the Rydén’s work, two enhancements of EM algorithms are possible. One direction is
to develop EM algorithm for a wider class of stochastic processes and data structure. Breuer [6] and
Klemm et al. [15] independently discussed EM algorithms to estimate parameters of BMAPs. Okamura
et al. [22,23] developed the EM algorithm for MAP under the condition that group data of arrivals are
available. Another direction is to improve the computation techniques of the original EM algorithms.
Rydén’s algorithm has some numerical problems on the scaling and computation of matrix exponential
function. Roberts et al. [26], Klemm et al. [15] and Buchholz [7] discussed computational improvements
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to Rydén’s algorithm. In particular, Klemm et al. [15] and Buchholz [7] implemented the uniformization
technique to perform the EM algorithm effectively for the family of MAP. Furthermore, Buchholz and
Panchenko (8] and Horvath et al. [14] proposed two-step fitting methods by combining the EM algorithm
for PH distribution and the moment-based two-step method [20].

3. Markovian Arrival Process

3.1. Definition

The MAP is a counting process whose arrival rate is governed by a CTMC. Let M and D; denote an
infinitesimal generator of the underlying CTMC, and a rate matrix for the arrival leading to a state change
of the CTMC, respectively. For instance, if there are m distinct states in the CTMC, the corresponding

matrices M and D, are given by

-1 M2 Mim A A1 A2z 0 Am
K21 —p22 o pe, A1 g2 ot Ag, :
M= . . . . " ’ Dl = . . . -m ’ (1)
Bma  Bm2 = lmm /\m,l /\m,2 cee /\m,m

where u;; = Z;;l,#i Hi,5- In this paper, the state of the underlying CTMC is called a phase.

Let {N(t);t > 0} and {J(t);¢ > 0} be the stochastic processes which indicate the number of arrivals
during time interval [0,¢) and the phase at time ¢, respectively. Define the matrix Pj(t) whose (3, )-
element is given by

[Pr(t)li; = P(N(t) = k,J(t) = j | N(0) = 0,J(0) = i). (2)
Then we obtain the following differential-difference equations:
d d :
;tpo(t) = Po(t)Do, -d-zpk(t) = Pk(t)Do + Pk_1(t)D1, k=1,2,..., (3)

where the matrix Dy is defined by
Do = M — diag(De). 4)

In Eq. (4), e is a column vector whose elements are 1 and diag(De) gives a matrix with the elements
of De on the main diagonal. Also the initial phase is determined by an initial probability vector & =
(T1, 72,0, W) With S0 m = 1.

3.2. Brief overview of the EM algorithm

The EM algorithm is an iterative method for ML estimation with incomplete data [9,28]. In general,
D and U are defined as observed and unobserved data, respectively, and we estimate a set of model
parameters @ given the observed data D. The EM algorithm is based on a procedure for finding the
parameter set § that maximizes the expected log-likelihood function (LLF) for the complete data pair
(D,U), provided that only D is observed. Therefore we have the following formula in the EM algorithm:

6 := argmex By [LLF(om,u)[D] , (5)

where Ey is the expectation operator for the unobserved data &/. In order to compute the above expected
LLF, we need a provisional set of parameters. That is, Eq. (5) essentially provides an update formula
of the estimated parameters, and the parameters are updated until they converge to certain values. E-
step and M-step in the EM algorithm are the procedures to compute the expected LLF and to find the
parameters maximizing the expected LLF, respectively.
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3.3. M-step formulas for the MAP

Consider an estimation problem for an m-state MAP under a given observed data D. The data D
consists of K samples of time intervals between successive two arrivals, which is called the time data in
this paper. More precisely, we define the time interval between the kth and the k 4 1st arrivals as ¢z, and
89 =0< 8 <.+ < 8k is a cumulative time sequence, i.e., s = 21—1 ti.

Define the following unobserved variables (random variables):
B;: an indicator random variable for the event that the phase is i at the initial time ¢ = 0.
Yi[,';]: an indicator random variable for the event that an arrival with phase transitions from i to j occurs

at time instant si.

Z-[k]' total sojourn time for phase 7 during a time interval (sx—1, 8)-
M; [k-]. the number of phase transitions from 7 to j during a time interval (sx—1, 8x).

Then it is straightforward to see that

B; = I(J(0) =13), (6)
Y = 1) =4, J(sf) = d), )
Z,!k] = / " I(J(r) = i)dr, (8)
Ml = [7 1067 =i, 064 = i, i, ©)

where I(-) denotes the indicator function, and 7~ and 7+ represent the left and right limits, i.e.,
-\ — +) = P i - = =
I(N(r")==,N(r )—y)—-A}gE}_OI(N(T At) = z, N(T + At) = p). (10)

Define the parameter set @ := {m;, pi j, Ai,;} and the unobserved variables U := {B.,Y,[';],Z K M [k]}
for i, =1,...,mand k = 1,... ,K. Since the parameters yu;; and A;; essentially equal the rates of
exponential distributions representing phase transitions and arrivals in the MAP, we have the following

MLEs under the complete data pair (D,U):

. Zk 1M[k] % Zk-l Y[kl
Zk=1 Z[k} P Zm Z;!k]
According to Eq. (5) and the above MLEs, the update formulas (M-step formulas) of the EM algorithm
for MAP are obtained as follows.

(11)

PO E[M"‘]lv] YK EYHD]

mi = E[Bi|D], pij:= i Aij= ———————— 12
BPL s =K R (T MT K el
where we omit the subscript of the expectation operation for simplicity.
3.4. E-step formulas
Define the following indicator random variables:
Ar = I(N(sy) — N(s;) =1). (13)

Then the forward, backward and overall events can be represented by Fi = A;--- Ak, Bx = Ai--- Ax
~and O = A; .- Ak, respectively. For the sake of simplicity, we use the notation P(4) = P(A =1) as

the probability of any indicator random variable A.



233

Let fr(u) and bg(u) be row and column vectors representing the probabilities (likelihoods) for the
forward and backward events during the time period (sx—1,8%). Specifically, the i-th elements of both

vectors are defined by
o) = P(fk_l, N((3%-1 +)7) = N(st_y) = 0, J (s +u)™) = ) (14)
(B () = P(N(s;) N (s = w)*) = 0, A, Biga | (81 — w)*) = ) (15)

Consider the expected values in Eq. (12). By using the indicator random variable @, we have

_ E[B:O] _ m[bi(t)]s
P(O) = wbi(ty)

(16)

Next we focus on computation of the expected value E[Mi[‘kj]lD]. Since E[M,.[Z.]|‘D] = E[M, l"]C)]/P(O),
the subsequent analysis treats only E[M; [k] O]. According to the conditional stationary independent
increments of N(t) provided that the Ma.rkov process J(t) is known, we get

EMM O] = / * P(I(r) =i, J(rF) = §,N(+) = N(r=) = 0,0)dr

= [" P N - NGty =0,0(7) = )

x };EJ(T+) =45 N(T*)=N(T")=0|J(r7) =)
x P(N(s5) = N(r+) = 0, Ax, Bisr|J(r*) = §)dr. (17)

Using f(u) and by (u), Eq. (17) can be reduced to
B0] = [ 1re(r hsaslontes — Dl (18)

The expected value of Z,!k] is obtained from Eq. (18). That is, substituting 4 into j in Egs. (17) and (18)
yields

17%
B(ZM0] = [ #4tr)llbi(te = Dl (19)
The expected value of Y[ | is also derived from the similar analysis.

E[Y50] = P(Fu-1, N(s5) = N(s{_y) = 0,J(s5) = )
x P(J(sf) = 5, N(s}) = N(s) = 1|J(s) = i) P(BesalJ () = 5). (20)

Hence we have

E[UIO) = [£4(8))hesbrsa (tir)]s (21)
3.5. Computation Algbrithms
To execute the EM algorithm described before, we need the vectors f(t) and bi(t). In addition, the
expected values E[Mi["‘j]] and E[Z,V‘]] require the computation of convolution such as Egs. (18) and (19). In
the EM algorithm for MAP, which is the so-called Rydén’s method, its computation is based on the diag-
onalization of the matrix Dg. Asmussen et al. [3] applied differential equations for solving the convolution

integral for the phase-type (PH) distribution. Recently, Klemm et al. [15] and Buchholz [7] presented an
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improved method for the Rydén’s method. The key idea is discretization of the underlying CTMC by

using the uniformization technique [25]. Furthermore, Okamura et al. [24] realized the uniformization on

the Asmussen’s EM .algorithm for PH distribution with some improvements. Here we explain the concrete

E-step procedure for MAP when applying the same technique as Klemm et al. [15] a;nd Buchholz [7].
The vectors f,(t) and bi(t) can be expressed as

Ji(t) =mexp(Dot1) D1 X - -+ exp(Dotx—1) D1 exp(Dot), (22)
bk(t) '=exp(Dot)D1 X oo exp(DotK)Dle. ) (23)

Therefore f,; (t) and bi(t) can be computed by applying a simple uniformization. Let g be a constant

which is larger than the maximum of absolute diagonal elements of Dg. Then we have

exp(Dot) = 3L (1 4 Dy, (24)

z=0
where I is the m-by-m identity matrix. The above infinite sum is truncated by a certain point in the
practical computation, which is determined by the Poisson probability mass function.
On the other hand, the convolution integral is more complex for the computation based on the

uniformization. Here we provide the following computation procedure as follows:

Uniformization-based Integration of Matrix Exponential:

Step 1: Compute b, foru=1,...,U;
by := Pby_1, bg = bx(0). (25)

Step 2: Compute ¢, for u = U- 1,...,0;

Cy = cCyp P+ e T2l — ((qt;_,: ol 7:(0), cy:i=e Ml ((q(j'kj- ol 7.(0). (26)

Step 3: Compute Hx = (1/q) Eg:o b.cu,

where ¢ > max; |y; ;|, P = I+ Dg/q. Moreover, U is a right truncation point of uniformization satisfying

Z eIt 2l (qt") > 1 — (tolerance error). 27

u=0

After the above computation procedure, the (j,?)-element of the matrix H indicates

[H]j = /o " [£(r)slbw (b — 7))y (28)

Also the time complexity of the procedure is given by O(KUm?). Compared to conventional computation
methods such as diagonalization and differential equations, the time complexity can be reduced. Thus
we can treat the MAP with a large number of phases by means of the above procedure.

However, in the practical situation, we encounter some difficulties to compute the expected values
in the E-step, even if we use the above computation procedure. The most significant and troublesome
problem is a stiffness of the underlying CTMC. In the CTMC, the stiffness corresponds to the presence of
transition rates whose orders of magnitude are larger than the reciprocal of the length of the interval of

integration. Intuitively, the stiff CTMC includes very rapid events and very slow events simultaneously.
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The MAP is also composed of the CTMC of phase transition, and thus the stiffness problem arises in
the MAP estimation. In particular when the MAP has a long-range dependency, the underlying phase
process of the MAP tends to be stiff. This motivates us to develop the EM algorithm for a superposition
of MAPs instead of a general MAP.

4. Superposition of MAPs
4.1. Definition

Consider a superposition of MAPs with n multiplicity. Each MAP has the set of parameters (w4, Dg] , D[f ])

for | = 1,... ,n. Here we present the (i, j)-elements of D([,'] and DII‘] as p?,]] and ,\Elj,-, respectively. In
general, the superposition of MAPs can also be described by an MAP with the following parameters:
n n n
=@, c=@bD, p=-pDY, (29)
Im] =1 =1

where ® and @ are the Kronecker product and sum, respectively. Suppose that each MAP has m phases
for the sake of simplicity. Then the number of phases of the superposition process is given by m™. We
thus represent a large size MAP by the superposition of the MAPs with a few phases. For example, it is
well known that the superposition of interrupted Poisson process (IPP) can be reduced to an MMPP.

5. Parameter estimation for the superposition of MAPs
5.1. M-step formulas
Consider again the time interval data D = {t,,... ,tx}, where t; is a time interval between the (i — 1)-st
and the i-th arrivals. Also s, is the cumulative time until the k-th arrival; s, = ZLI t;. Yoshihara et
al. [29] proposed a moment match method for a superposition of IPPs, i.e., an MMPP. In this paper,
we consider the maximum likelihood estimation for the superposition of MAPs with n multiplicity, and
particularly the EM algorithm is applied to the superposition of MAPs.

Similar to Section 3, we define the following unobserved values (random variables) for each superposed
MAP:
B,m: an indicator random variable for the event that the phase is i at the initial time ¢ = 0 in the I-th

MAP.

Y,-[f;klz an indicator random variable for the event that an arrival with a phase transition from i to j
occurs in the I-th MAP at time s;.

Z,V'klz total sojourn time for phase i in the I-th MAP during time interval (sx—1, k).

Al,[f}k]: the number of phase transitions from i to j without arrivals in the I-th MAP during the time
interval (8x—1, 8k)-

Let JU(t) and NI(t) be the phase process of the I-th MAP and the cumulative number of arrivals from

the I-th MAP at time t, respectively. Then we have

Bl =1(J%(0) = i), (30)
YM =1(JW(s5) = i, JU(sF) = 4, NV(s}) — NU(s7) = 1), (31)
zH = / "IN = )dr, (32)
MM = / : 1Y) =4, JU(r*) = j)dr, i# 4. (33)
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Using the above unobserved variables, the estimates for the I-th MAP are given by

Vi y LKl
B[l] ﬁ[l,], - _E_:L____ )‘[‘,lj - _&—1_‘ (34)

Therefore the M-step formulas for the superposition of MAPs are

1r£l] = E[B,EIII'D], (35)
K [1,k]

n . Le=1 BIM VD]

Py = i# J, (36)

17 T Rl Ao

K (LK)
-, B[YS D

N k=1 E[Y:;"|D] (37)

WK EZMMD)

The main difference between the M-step formulas in a general MAP and the superposition of MAPs is

that the M-step formulas are specified for respective superposed MAPs.
5.2, E-step formulas

Define the following indicator random variables:
AV = [(NW(st) - NO(sp) = 1), AR = I(NW(s}) -~ NW(s;) = 0). (38)
Then one arrival event is represented by
A= APZT D) o @ ATAL, (39)

Similar to the MAP case, the forward, backward and overall events can be represented by Fx = Az - - - Ag,
Br = Ar--- Ax and O = A; - - - Ak, respectively.
Let £, (u) and by(u) be row and column vectors with m™ elements which represent the likelihoods for

the forward and backward events in the time period (8x—1, 8x). Thus we have

£10) = @ (®exp(v‘”t1)ean“1) (®exp(u“ltk )GBD”’) @exp(Dy'u)  (40)

=1 =1 =1 =1 =1
and
d [ b A i [ x 4 4
ba(u) = R exp (D) €D DV (®exp(pytk+1) @Dgl) (®exp(pf leg) @DM) Re. (@1
=1 l=1 =1 l=1 l=1

Although the above equations are essentially same as those in the case of the MAP, they can reduce
the time complexity of matrix operation by using the Kronecker representation, compared to the general
MAP. That is, if we use Egs. (22) and (23) for the superposition of MAP, the time complexity of the
total computation of f(tx), k = 1,... , K turns out to be O(Km?"). In contrast, the time complexity is
the Kronecker representation is given by O(Xm?n?). Accordingly, we can reduce the computation effort
only by applying the Kronecker representation to the superposition of MAPs.

Next we consider the expected values in the case of the superposition of MAPs. The expected value
E[BE‘] O] is easily obtained by using bx(u). Let I ?] be an m™-by-m"™ matrix which consists of the Kronecker

products for the identity matrices:

IN=1g  ®I®eel®I®. @I, (42)
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where e; is a column vector whose only i-th element is 1 (the other elements are 0), and where T is a

transpose operator. Using the matrix I El], the expected value E[B,w 0] is given by

u._ EBYo] _ @, b (1) @
CTTPO) T @ m0bi()

The expected value of Y,[fjk] is similarly derived as

BIY5H0] = M) £t I besa (tra). | e

Also, the expected value E[M,-[fj’-kI O] can be derived as follows.

BiMfo) = [7 P =i, 50 =5,
x NU(r+y _kzx;lll (77) =0,... ,N?(r+) = NIPl(z7) = 0,0)dr
= /"" P(}'k-l,N[l](T_) - N[I](3:-1) =0,... ’N[n]("'_) - N[n](s-{q) =0,
X }[11] (r7) =) P(JU(r+) = 4, Nl(#t) - Nl(7=) =0
NPl(z+) - Nl (r7)y = 0| (+™) = i)
x P(NW(sy) - N(r¥) = 0,... , NI (s7) — NIFl(r+) = 0,
Ak, Bea[JU(r) = j)dr. (49)

1

The above expression seems to be quite complex, but since N, I =1, ..., n, are mutually independent,

we can rewrite the equation as

E[M510] = u{s£4(0) (exp(Df'tn) @ - @ AlF @ - @ exp(DYts) ) Ba(0), (46)

[' k]

where A;" is an m-by-m matrix;

[L.k] i 7 1
Ay =/o exp(D([,]'r)e,-e;r exp(Dy'(tx — 7))dr. (47)
The expected value of Z,{l’k] is obtained as
E(z["M o] = £.(0) (exp(D“]tk) ®--0Alle...g exp(DE"‘tk)) bi(0). (48)

Based on the above equations, the computation cost of the E-step for the superposition of MAPs with n
multiplicity is reduced. For instance, we can apply the computation procedure, called Uniformization-
based Integration of Matrix Exponential, into the computation of the matrix A[l’ ] directly. That
is, a large number of phases are divided into the MAPs with a few phases in the computation procedure.
Finally the time complexity of the E-step in the superposition of MAPs is given by O(m?n?) even if it
includes the integration of matrix exponential.

Also it should be noted that we can easily derive closed forms of the matrix exponential and its
integral when the number of phases is only 2. This property may be useful to resolve the stiff Markov
problem. If we represent a large-scale MAP by the superposition of 2-state MAPs, it essentially gives the
closed forms of the expected values which are computed in the E-step. That is, regardless of whether the

underlying phase process is stiff or not, we can compute the expected values in closed forms.
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6. Numerical Example

In this section, we compare a 4-state MAP and the superposition of 2-state MAPs. In paticular we
focus on the value of log likelihood function. A data set is 100 records composed of random variates
given by the Weibull Distribution with shape parameter 2.0 and scale parameter 5.0. We perfome the
EM algorithm for each MAP until it satisfies the termination condition. The termination condition is
provided by the relative difference of log-likelihood. The algorithm stops when the relative difference
between two successive log-likelihoods is lower than 1.0E-6.

The estimates in 4-state MAP are calculated as follows.

~2.330 0.8450 0.9540 0
| 09958 —1.907 0 0.3602
C=1 o.7683 0 —1654 03357 |° (49)
\ 0 7966 11.07 -19.04
( 0.5312 (o)
_ 0.5508
D= 0.5503 : (50)
\ o©O 0

Eqgs. (49) and (50) show the estimation results of transition matrix and arrival matrix in 4-state MAP

respectively. Moreover, Eq. (51) represents the maximum log-likelihood in 4-state MAP.
LLF = -1.62092F + 02. (51)

Next, we estimate the parameters of the superposition of 2-state MAPs. Eqs. (52) and (53) show the
estiomation results of transition matrix and arrival matrix respectively. Eq. (54) represents the value of

log-likelihood in MAP by the superposition of 2-state MAPs.

( -2.0966 0.2694  1.2822 0
19.612 —20.894 0 1.2822
C=1 01573 0 —09718 02694 | (52)
\ 0 01574 19.612 -19.770
[ 054502 o
0
D= 0.54503 ’ (53)
\ o 0
LLF = —1.62096E + 02. (54)

When the values of the log likelihood shown by Eq. (51) and (54) were compared, the value of the log
likelihood was almost the same ,thus it is indicated that the superposition of 2-state MAPs is fitting data
set as much as MAP in four states. Therefore, MAP in four states was equally expressible by using the
superposition of 2-state MAPs.

7. Conclusions

In this paper, we have proposed an EM algorithm for the superposition of MAPs. The proposed method
is essentially same as the EM algorithm for the MAP discussed in the past literature. However, in the
aspect of computation cost, the proposed algorithm can reduce the time complexity, compared to the
other methods. That is, by using the proposed method, we can handle the large-scale MAP in the
estimation problem. In addition, if we represent the MAP with the superposition of 2-state MAPs, it
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also resolves the stiff problem arising in the MAP parameter estimation. In future, we will implement
the proposed EM algorithm for the superposition of MAPs, and will examine the estimation performance

from both accuracy and computation time viewpoints.
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