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Mixture of experts (ME) is a modular neural network architecture for su-
pervised classification. The double-loop expectation-maximization (EM)
algorithm has been developed for learning the parameters of the ME ar-
chitecture, and the iteratively reweighted least squares (IRLS) algorithm
and the Newton-Raphson algorithm are two popular schemes for learn-
ing the parameters in the inner loop or gating network. In this letter, we
investigate asymptotic convergence properties of the EM algorithm for
ME using either the IRLS or Newton-Raphson approach. With the help of
an overlap measure for the ME model, we obtain an upper bound of the
asymptotic convergence rate of the EM algorithm in each case. Moreover,
we find that for the Newton approach as a specific Newton-Raphson ap-
proach to learning the parameters in the inner loop, the upper bound of
asymptotic convergence rate of the EM algorithm locally around the true
solution ®* is 0(e%>~¢(@*)), where ¢ > 0 is an arbitrarily small number,
o(x) means that it is a higher-order infinitesimal as x — 0, and e(®*) is a
measure of the average overlap of the ME model. That is, as the average
overlap of the true ME model with large sample tends to zero, the EM
algorithm with the Newton approach to learning the parameters in the in-
ner loop tends to be asymptotically superlinear. Finally, we substantiate
our theoretical results by simulation experiments.

1 Introduction

For a complex problem with different subtasks on different occasions, it
is often efficient to use the divide-and-conquer principle that divides a
single problem into simpler ones whose separate solutions can be com-
bined to yield a final solution. According to this principle, Jacobs, Jordan,
Nowlan, and Hinton (1991) proposed the mixture of experts (ME) in which
the data are assumed to be summarized by a collection of networks, each
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defined over a local region of the input space. That is, the ME architecture
is composed of several different expert networks plus a gating network
that decides which of the experts should be used for each training case.
Jordan and Jacobs (1992) further proposed the hierarchical mixture of ex-
perts (HME) model, which is a tree-structured model with a tree of gating
networks combining the expert networks in a larger group.

For learning the parameters in the ME architecture with a given data set,
Jordan and Jacobs (1994) established an expectation-maximization (EM) al-
gorithm under the EM framework (Dempster, Laird, & Rubin, 1977). A fur-
ther theoretical investigation on this EM algorithm was made by Jordan and
Xu (1995) to show its relation with the gradient ascent method. The EM algo-
rithm is a general technique for maximum likelihood estimation, consisting
of the expectation (E) step and the maximization (M) step. In the E-step, us-
ing the given observed data and the current estimates of the parameters, the
expectation of the log-likelihood function over the complete data space de-
fined by the so-called Q function is computed. In the M-step, the parameters
are updated to maximize the Q-function. Particularly for the ME architec-
ture, the M-step needs to solve two maximization problems—one associated
with the parameters in the gating network and the other with the param-
eters in the expert networks. Fortunately, the latter maximization problem
can be solved directly, and the former one can be solved in a double-loop
way by the iteratively reweighted least squares (IRLS) algorithm (Jordan
& Jacobs, 1994). Later, Chen, Xu, and Chi (1999) suggested the Newton-
Raphson approximation approach for implementing inner-loop learning in
the EM algorithm instead of the IRLS approach in order to improve stability.
Moreover, Ng and McLachlan (2004) proposed the use of an expectation-
conditional maximization (ECM) algorithm (Meng, 1994) to train the ME
network. The single-loop EM algorithms for ME were also proposed to
speed up the convergence (Xu, Jordan, & Hinton, 1994; Yang & Ma, 2009).

Although the EM algorithm for ME has been widely used in pattern
recognition and signal processing, its convergence properties have not been
investigated in depth. Jordan and Xu (1995) provided a good theoretical
analysis on the EM algorithm for ME through the IRLS approach showing
that the EM algorithm outperforms the gradient ascent algorithm by having
a positive projection on the gradient of the log likelihood. However, so far
there has not been any further theoretical result on the convergence of the
EM algorithm for ME. Recent theoretical investigations on the asymptotic
convergence properties of the EM algorithms for gaussian mixtures and
the mixtures of densities from exponential families (Xu & Jordan, 1996; Xu,
1997; Ma, Xu, & Jordan, 2000; Ma & Xu, 2005; Ma & Fu, 2005) provide a new
view on the EM algorithm for ME. In fact, these investigations found that
the asymptotic convergence behavior of the EM algorithm is closely related
to the overlap measure of the components in the true mixture to generate
the sample data. Since the input data of the ME can be considered from a
finite mixture with a certain degree of overlap, we can apply this overlap
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measure analysis to the EM algorithm for ME to investigate its asymptotic
properties.

In this letter, after defining a measure of average overlap of experts in the
ME architecture (in a similar way as that of gaussian mixtures), we investi-
gate the asymptotic convergence rate of the EM algorithm for ME using ei-
ther the IRLS or Newton-Raphson scheme. In each case, we obtain an upper
bound of asymptotic convergence rate of the EM algorithm. Moreover, we
found that for the Newton method as a specific Newton-Raphson approach
to learning the parameters in the inner loop, the asymptotic convergence
rate of the EM algorithm locally around the true solution ®* tends to be zero,
as the measure of average overlap in the true ME architecture tends to zero.
As the average overlap of the true ME architecture using a large sample
tends to zero, the EM algorithm for ME with the Newton approach to learn-
ing the parameters in the inner loop tends to be asymptotically superlinear.

The rest of the letter is organized as follows. In section 2, we introduce
the EM algorithm for ME, as well as a general upper bound of its asymp-
totic convergence rate. We then present several definitions, conditions, and
lemmas in section 3. Section 4 contains the main theorems. We further sub-
stantiate them by simulation experiments in section 5. A brief conclusion is
given in section 6.

2 The EM Algorithm and Its Asymptotic Convergence Rate

We consider the following ME model,

K K
P(ylx, ®) = ZP JIX)P(ylx, 0;) = Zgj(x,QO)P(y|x,9j), (2.1)
j=1 j=1
where
eSj(X,@o)
e J=henkol
+ - esilnbo
gj(x,60) = 1—11 (2.2)
T~ R T aen =K
1+3 5i(x.60)
1
P(ylx,0;) =

1
x exp {— Sly = fitx, o=y - fi(x, 9;)]}. (2.3)

K is the number of experts in the mixture, x € R" denotes the input vector,
and y € R" is the output vector. © is the set of all the parameters, includ-
ing 6o = [0gy, -+, O x_1)]" and component parameter vectors 6; with the
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corresponding covariance matrices X ;, which are assumed positive defi-
nite or diagonal. All of the functions f; and s; are assumed to be linear in
the parameters

fj(X,@j):XTHj, jZl,...,K,

sj(x,00)=[x",1160;, j=1,....,K—-1,

where
xT 0 0O | 1 0 0
0 xT 0 0O | 0 1 0 0
X' =
Do
0 0 xT | o0 0 1

For convenience, we let sk (x, 6y) = 0.

Given a training set S = {x®, y®) I ;=1 from the mixture of experts de-
scribed by equation 2.1, the log-likelihood function can be written as

N K
1©,8) =) In> gi(x 6) Py x?, 0)). (2.4)

t=1  j=1

To maximize [(©, S), the EM algorithm was established by Jordan and
Jacobs (1994) and further detailed by Jordan and Xu (1995), which can be
given iteratively in two steps as follows. In the E-step, we compute the

posterior probabilities hgk)(t) by

k k
;0,65 P(yD1x0, 61

10 = P o7 0 = S5, 50, PG00
In the M-step, we update the parameters as follows:
90k+1 G(k + yg(R k))—leék)7 2.6)
9](k+1 (R(k)) 1 5)’ (2.7
(k+1) . ) k)
S ZH (t)Z e

x [y — £, 6], 2.8)
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where

N K-1 (x(t) G(k))

D =3[t - g;(x", 9“")]7(;)0 :

t=1 j=1 860

e s, (x. 0,) as; (x. ")

RO=3 %661 6. ")

© ®T
= o 96 96}

z

B =3 nPwx () 1y,

t=1

Z

RO =30 x, ()" 57

t=1

and y; is the learning rate. It is clear that RWis nonsingular with probability
one when the sample size N becomes sufficiently large.

If we consider the above iteration paradigm as a global loop of parameter
learning, it actually contains an inner loop for learning the parameters
0p in the gating network by equation 2.6. Actually, this inner loop needs
to implement the IRLS algorithm for a number of iterations. In order to
improve the performance of the EM algorithm, Chen et al. (1999) suggested
implementing the Newton-Raphson method in the inner loop, which can
be given iteratively as

6 =65 —aH' (65, 5)] (6. S). @9)

where « is the learning rate and 0 < o < 1. H, is the Hessian matrix of the
log-likelihood function associated with the parameters 6y:

N K
L(00.8) = > > hj(blogg;(x"), ), (2.10)

t=1 j=1

and ] is the first derivative of [,(6p, S) with respect to 6. Specifically, the
Newton-Raphson method becomes the Newton method when o = 1.

For theoretical analysis, Jordan and Xu (1995) established the following
relationship between the EM update of the IRLS approach and the gradient
of the log likelihood:

ol
gl _g® — pto 2

¢ 2 2.11)
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(k+1) _ o) _ py 0!
O =0 =P gg e (2.12)
5 (k1) 507 _ p® al 13
vec| j ] = vec| j 1= ij|21:2(ik)7 (2.13)
where
k Ky —1
P g( )= Vg(Ré )
(k) (k)y—1
p; =(Rj ),
(k) (x) (k)
T XX

vec[B] denotes the vector obtained by stacking the column vectors of the
matrix B and ® denotes the Kronecker product. For convenience, we set
P(®(k)) = diag[Pék), Pl(k), el Pék), Pg?, e Pékk)] be the projection matrix.

Jordan and Xu (1995) further found that P(©®)) makes the EM algorithm
superior to the gradient ascent algorithm by implementing a positive projec-
tion on the gradient of the log likelihood. Moreover, this relation constructs
a theoretical foundation for our analysis on the convergence rate of the EM
algorithm. Theoretically, the EM iterative procedure converges to a local
maximum of the log-likelihood (Dempster et al., 1977). We suppose that ©
is a local solution to maximizing the log-likelihood function given equation
2.4 and the EM algorithm converges to it. Furthermore, we assume that
the sample data {x*), y®}N | (as the training data) are generated from the
mixture of experts of the parameters ®* in an independent and identically
distributed (i.i.d.) manner with the help of a given probability density func-
tion P(x) for generating the component sample data x), and that the EM
algorithm asymptotically correctly converges to this true parameter (i.e.,
when N is large, the EM algorithm converges to ® with limy_.,® = ©%).
We now analyze the local convergence rate around this consistent solution
in the limit form. Following the same analysis of the EM algorithm for
gaussian mixtures (Ma et al., 2000) by simplifying the inner-loop learning
as a one-step iteration, we found that the local convergence rate of the EM
algorithm for ME around © is bounded by

li [ — o < |II + lim P(®*)H(®")| (2.14)
r=1um —— m , .
k—o00 ||®(k) -0l N— o0

where H(®*) is the Hessian matrix of [(®, §) at ® = ®* under the sample
data set. It should be noted that as compared with equation 2.21 given in
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Ma et al. (2000) for the EM algorithm for gaussian mixtures, there is no E
matrix because there is no constraint on 6.

According to equation 2.14, the local convergence rate of the EM algo-
rithm for ME around the true solution ®* is dominated by the convergence
result of the matrix product P(®*)H(®*). Thus, we will try to analyze the
convergence behavior of P(®©*)H(®*) as N increases to infinity in the fol-
lowing sections.

3 Definitions and Lemmas

Inspired by the definition of the average overlap measure for gaussian
mixtures with the true parameters (Ma et al., 2000), we can also utilize
vij(t) = hi(t)(8;; — hj(t)) to measure the overlap between experts i and j per
sample (x), y), where §;; is the Kronecker function and

g] (x(t)’ QS)P(y(t) |x(i’)7 9]*)

hi(t) = P(j1x®, y®, ©) = .
J( ) (]| y ) Zszl gi(x(t), GS)P(]/(t”x(t)’ 01'*)

(3.1)

With a training set S = {(x®, y®)}N | from the mixture of K experts of the
parameters ©*, we can asymptotically define a set of quantities on the
overlap of any two experts (i.e., expert distributions), including one and
itself, as follows:!

* . 1 - *
€;j(0%) = z\lrglgoﬁ ;Wz’j(t” = / lyij(x, YIP(x, y|©*)dxdy,

where  yij(x. y) = hi(x, y)(8i;j — hj(x. y)), hj(x.y) = P(jlx.y.®") and
P(x, y1©%) = P(x)P(ylx, ©7).

As for the average overlap measure for the ME model with the true
parameters ©*, we consider the worst case and define

e(®") = maxe;;(0%), for i,j=1,...,K.
i
For further analysis, we also define

eij(x, (“)*):/‘l)/i,‘(x, WIP(ylx, ©)dy

Here the overlap measure between one and itself means the sum of the overlap
measures of this expert to all the other experts.
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and

e(x, ®) = maxe;j(x, ©F), for i,j=1,..., K.
i

Just as in the case of gaussian mixtures, e(®*) can tend to zero when the
experts in the ME model can be well separated. Actually, the ME model is
simplified to a gaussian mixture if x is fixed. For convenience of the analysis,
we make some assumptions that regularize the manner of e(©*) tending to
zero:

Condition 1: Si(x,65) = w, for i=1,...,K,

where o is a positive constant. Our second assumption is that the eigenval-
ues of all the covariance matrices satisfy

Condition 2: BAMO") < Aix < AMOF), fori=1,...,K, k=1,...,m,

where g is also a positive constant and A(©*) is defined to be the maximum
eigenvalue of the covariance matrices Xj, ..., X}, that s,

)\((’*)*) = mék1x ik
1,

The third assumption is that

Condition 3: VDmax (0%, x) < Dinin(©%, x) < || fi(x, 07) — fj (x, 91*)”
< Dmax(®*, X), fOI' i 75 j,

where Dpax(©F, x) = max;»; || fi(x, 67) — f;(x, 9;?‘)||, Dnmin(©*, x) = min;;
1 fi(x, 07) — fj(x,07), v is still a positive constant.

We then define three kinds of special polynomial functions that we often
meet in the further analyses.

Definition 1. q(y, x, ®*) is called a reqular function if it satisfies:

i. If both ®* and x are fixed, q(y, x, ®*) is a polynomial function of the
component variables yi, ..., Yu of Y.
ii. If y is fixed, q(y,x, ®*) is a polynomial function of the elements

of f1(x,607), ..., fie(x,0%), g1(x. 67), .., gk (x, 67), 81(x, ), .. gk
(x,00)7, aswellas =%, ..., 2%, 2571, ..., 5L

Definition 2. q(y, x, ®*) is called a balanced function if it satisfies (i) and

iii. If y is fixed, q(y,x,®*) is a polynomial function of the elements

of filx.07). ... fx(x.0%). g1(x, 05). ... g (x.67). g1(x, 6) . ... . gk
(x, 0071, 25, ..., S, MO, L M©9)D L
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Definition 3. For a reqular function q(y, x, ®*), if there is a positive number s
such that A°(©*)q (y, x, ©*) is converted into a balanced function, then q (y, x, ©*)
is called a reqular and convertible function.

We now describe the four lemmas we will use in the proofs of the main
theorems.

Lemmal. Let D C R" bea bounded closed set such that [, P(x)dx = 1, for any
xinD, P(x) > 0,and ©* as well as x € D satisfy conditions 1to 3. Ase(®*) — 0
is considered an infinitesimal,

i. Letting D be a subset of D such that x € D iffe(x, ©®*) — 0, the complemen-
tary set D — D is a zero measure set.

ii. Letting e(©*) = epy(0%), and ||1/epy (-, ©%)||o denote the supremum
of |1/epy(x, ®*)| on D, there exists a positive number M such that
limg @10 [11/€pg (-, ©%)||e(®@F) < M.

max
fi(x, 09I, and n(x, ©®*) = max;; n;j(x, ©*). As proved by Ma et al. (2000),
e(x, ©®%) — 0 is equivalent to n(x, ®*) — 0, and as n(x, ®*) — 0, n(x, ©F),
nij(x, ©*), and &;j(x, ©%) = Ao/ | filx, 0F) — filx, 9;?‘)|| are all equivalent
infinitesimals.

Let 8p = maxyzyep ||x — X||. Le’ie(@*) = ¢,y (©*) and xq be a point in 5,
noting that zero point cannot be in D. Obviously there exists such an x; oth-
erwise, e(®*) cannot tend to 0. Let g = g’ if g’ # p; otherwise, 4 may be any
other component index except for p. For e,,(x, ©*) = Zq# €pq(x0, ®F),
we have e,,(xp, ®*) — 0 as e(xp, ) — 0. For any other point x in D,
we have [Ify(x, 07) = £, 6)1l = 1Ly (¥, 0) = fy (o, 6911 < 11fy(x. 67)
fa(x, 9 — fp(xo, *) + fy(x0,6 || < (6p+ 1)||9* —6711- Therefore we get

Proof. Let Al = =max;{;}, nij(x,®%) = (Amax) (Amax /||f,-(x, 0F) —

0. 0) _ 1Sy 67) = (e I _ G+ Dllgg — 651
gpq(xs O%) B ||fp(x079;) - fq(xoﬂ,;‘)ll - ||fp(x0’9;§) - fq(ane;)”

It can be seen from the above inequality that as ¢, (xo, ©*) tends to zero, for
any x in D, ¢pq(x, ©) tends to zero with the same or a lower order. Since
Xp can be any point in D, we further achieve that as e(®*) — 0, for any x in
D, ey (x, ©*) tends to 0 with the same order.

By the definition of e(®*), we have

o epy(x, ©F)
1= lim /76((9*) P(x)dx (3.2)

. e (X, ®@F) . epa(x, ©F)
= 1 P~ P p(x)d / 1 P — P p(x)dx.
/5e(®1*)rrlo e(®*) (x)dx + DD e(@l*)nio e(®%) (x)dx

(3.3)
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If the set D — D is not a zero measure set, the second term in the right side
of equation 3.3 tends to infinity because ¢, (x, ©%)/e(©) tends to infinity
as e(®*) — 0. Thus, the measure of D — D must be zero. So i is proved.

Furthermore, for any x in D, as e(©*) — 0, epy(x, %) and e(®*) are
equivalent infinitesimals. Otherwise, e, (x, ©*)/e(®*) tends to infinity
or zero, and the first term on the right side of equation 3.3 cannot be
1. For any x in D, ¥ in D—D, we have lim, @0 [[1/epg (x, ©%)]] <
lim, @0 [[1/epg (x, ©¥)||. Hence, there exists a positive number M, such
that

Jim e(®%) < M. (3.4)

‘ oo

1
eqp (-, ©%)
Therefore, 4 is also proved.

Lemma 2. Let D C R" be a bounded closed set such that [, P(x)dx =1, for
any x in D, P(x) > 0 and ©* as well as x satisfy conditions 1 to 3. Suppose
that q(y, x, ®*) is a reqular and convertible function and u(x) is a polynomial
function of the component variables x1, ..., x, of x. As e(®*) — 0 is considered
as an infinitesimal, we have

11m — Z lyij(t |q( 20 e *)u(x(t))
- / lyij(x, »)lq(y, x, ©)u(x) P(x, y|©)dydx = 0(e”*~*(©%)),

where ¢ > 0 is an arbitrarily small number.

Proof. Let e(©*) = [}, ey (x, ©)P(x)dx, where ey (x, ©) = [ [ypy(x, y)|
P(ylx, ®")dy. According to lemma 1, as e(®*) - 0 is considered
as an infinitesimal, there is a positive number M such that
lime(e+)—0111/€pg (-, ©)|oce(®) < M.

Letting 1j(x, ©*) = [ [yij(x, Iq(y, x, ©)P(ylx, ©*)dy, according to
lemma 4 given in Ma et al. (2000) and the above conditions, as e(x, ©*) — 0
is considered an infinitesimal, e(x, ®*) and e, (x, ®*) are equivalent in-
finitesimals, and 1;j(x, ©*) = 0(e**~*(x, ®*)), where & > 0 is an arbitrarily
small number. Thus, as e(®*) — 0, for any x in D, we have e(x, ®*) — 0
and, further, u;;(x, ) = o(eg‘;’_s(x 0%)).

The polynomial function u(x) is bounded on D, and we can write it
as [[ull < 8, where § is a positive number. By lemma 1, D — D is a zero
measure set, so that integration on D is equivalent to D. Recalling Holder’s
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inequality [ |v1(x)v2(x)|dx < [|v1]loo [ |v2(x)|dx, we have

fh/z] x, P (y, x, @ )u(x) P(x, y|©*) dydx
(@*)ﬁo e05-¢(e*)

= lim i (x, ©)u(x)e 07T (@*)P(x) dx

e(©")—0 Jp
. wij(x, ©%) 1 -
= lim [ u() 05”8 g (O dx
()0 J5 (x, ©%) e, " (x, ®*)
. :u'lj( O) —0.54¢ *
< lim ¢ C}
_g((—)l*)nio I 05 .0 )||oo|| ;1;)5“(’@*)”006 ()
O( 05 5( *))

< 8M—0A5+$|| lim

¢(6%)—~0 505 (-, ©%) oo

=0.

Hence, [ yij(x, Y)Ig(y. x, ©")u(x)P(x)dydx = 0(e*>~¢(©*)). The proof is
completed.

Lemma3. Let D C R" bea bounded closed set such that [, P(x)dx = 1, for any
x in D, P(x) > 0, ® as well as x satisfy conditions 1 to 3. Then there exists a
positive number § forall j € {1, ..., K}, limNgoo%] Zfil hit) = 6.

Proof. For any [#j, I,je(l,....K}, fit)"=;™" = f;()"=;" and
FE)TE T fi(x) — fj(x)TE}‘_lfj (x) are bounded on D where we use f;(x) as
a short expression of fi(x, 6;°) in purpose of conciseness. Eyy’ and Ey are
bounded too. Hence, there exists a positive number M such that E ny <
M,Ey < M AT = T2 oo < Myand [| 75771 fi = fT257 filloo <
M. Let o1 = max; |2,*|1/2/|2 1172, 02 max; tr((Z7 " — =) E(yy"),
and o3 = maxix; |[(f'(£])™" = f/(Z1)")Eyll where the notation tr(,)
stands for the trace of a matrix. Hence we get the following inequality:

1(x, 65) pi(ylx, ©F)
gj(x,65) pj(ylx, ©%)

1 _ _
< ’? 01/exp{ (25 = 2y + (AT
] Moo

p(y, x|©%) dydx

_ 1 *— *— *
= IR e R UTE = TR o, e dyd

1-wK M
=< wexp(%-i-@-i—?)éﬂ
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Furthermore, we have

Iim yooo— Z hi(

N
(xD,6) (P12, ©%)
1+ lim —
/( Z N=oo N;(gj(x(‘),GJ)Pj(y(*’IX“’,®*)
1
>
“1+(K-=-1)8

Let § =1/(1+ (K —1)B), and we reach the conclusion of the lemma.
?Aee?rlzwhiic)eébecause Zle hj(t) = 1, we further get limy_.oc & SNk j(t) <

Before we give the last lemma, we need to discuss the covariance matrix
of the random vector X subject to P(x), that is, cov(X) = E[(X — EX)(X —
E X)T]. In general, it is positive definite. Obviously it is always nonnegative
definite. It is not positive definite only if X is distributed on a subspace of
R" (i.e., the space of x). That is, P(x) is degenerated and distributed on a
subspace of R". In the following analysis, we always assume that cov(X) is
positive definite, without regard to those degenerated cases.

Lemmad4. Leta(t)=a(x®, y®)bea K(n+ 1) x di~dimensional matrix func-
tion, b(t) = b(x®, y®) be an m(n + 1) x d—dimensional matrix function, and
c(t) = c(x®, y®) be a d5 x dy~dimensional matrix function, where d, dy, ds, and
dy can be any positive integer.

i If limno o ga(t) = 0(e%775(©%)), then linmy .o Ry 'a(t) = 0(e?*~#(©%)).
Iflimy .o Ry a(t) = 0, then lity oo a(t) = 0.
ii. Iflimno oo b(t) = 0(e"2~5(©%)), then limN_,ooRj’lb(t) = 0(e’>~¢(®%)).
iii. If ) Lo fy Sily €() = 07O, then  limyoo sy
Singc(t) = 0(e”7¢(®%)).

Proof. (i). Let EX, EXX" be the expectations of X and XX'. Since cov(X)
is positive definite, there exists an orthogonal matrix Q such that QTE X =
Bie1, where g7 = ||[EX||, and e; € R" denotes (1,0, ..., 0)T. There exists an
orthogonal matrix P such that cov(X) = PAPT, A =diag{)1,..., A},
where Ay >.--> i, >0 are the eigenvalues of cov(X). Noticing
that EXXT = cov(X) 4+ EXEXT, we therefore have EXT(EXXT)'EX =

prel - QTP(A + ﬁlelel) 1PTQ. Brer = P < 1. The determinant of ma-

ﬂZ
T
trix (Eg% ElX) £ Ais |[EXXT|(1 - EXT(EXXT) 1EX) > 0. Therefore, the
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EXX" E
symmetric matrix is positive definite with its maximum
Y- EXT 1 P

and minimum eigenvalues denoted by Amax(A) and Amin(A), respectively.
Because a(l —a) < g;j(H(1 —gj(t) < 4, we get Amax(limy_oo Rg/N) <

max(A) and mm(th—>oo g/N) = O((l - a))\min(A)- Hence, if
limNﬁoo a(t) = 0(e"~*(0%)), we get

N

N 1 -1 1
Jim Rg—lt;a(t): Jlim (NR3> (NZa(t))zo(eOE_s(@*)).

t=1

Analogously, if limy-.c Ry la(t) = 0, then limy_, o — ~a(t) =0.

@ EXXT SITIQEX) , g
2* 1 ® EXT E* 1 ® 1 - P
Because Aand £* ! are positive definite, it can be proved in a similar way
as the proof of Athat B is positive definite. By lemma 3, there is a positive
number § such that § < Eh;(X). Let A be any eigenvalue of limn_, %Rj ;
then we get SAmin(B) < A < Amax(B). Further, AL (B) < A7t <.l (B)/s.
Therefore, if imy_.« 4b(t) = 0(e*>~¢(©*)), we have

().  Hmyoeo g Yoy X237 X] = (

I\IIET;ORflgb(t)zl\lfiiTc}o (l ,>_1< Zb > 0'5’5(6*)).

(iii). By lemma 3, there is a positive number § such that
limpy_ oo 1/(% Zfil hj(t)) <1/5. Therefore, when limN_,OO%Zfilc(t)=
0(e%5~¢(®*)), we have

N N
thZC() li ;CZCU))

RS0 ST N TS )
— 0(80.5—8(@)*)).

4 Main Theorems

With the explicit expressions of P(©*) and H(®*) with the training data
set S = {x®, y(t)}fil, we can obtain formulas for the blocks of P(®*)H(®*),
which can be written as follows. For notational convenience, we denote
[60.0;, Z;]1 = 65,07 B X ] throughout this section.

P(®*)H(0") = diag[ P, Py, ..., Pk, Ps,, ..., Ps,]
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Heo,eg Hen,elT T Heo,e,f H90,>:1T T HQO,XIE

Hel,eOT Hel,elT T Hel,e,f Hel,le T H91,2£

X Hok,eg HeK,elT T Hek,eg HeK,le T HeK,E,E

Hzl,eg Hzl,elT T Hzl,e,E Hzl,le T H&,z;

H):K,eg HEK,G]T T HEK.OZ H):K,>:]T T HEKJ:IE
PgHeoﬁJ PgHeo,elT PgHeo,e,{ PgHeo,le PgHeo_z,C
PlHel,e(,T PlHel,elT PlHel,e,E PlHel,le PlHel,z,Z

=| PxHp gr PxHpor --+ PxHy o1 PxHy 51 -+ PxHy st
Pz, Hy, o1 P21H21,91T leHzlyg;(' P21H21,21T P21H21,217<‘

pEKHEK,GOT pEKHEK,GlT PZKHEK,'S’;{ P):KHZK,ZlT PEKHZKi%

Based on the expressions of the Hessian blocks (Gerald, 1980; Horn &
Johnson, 1986) and P matrix through the IRLS approach, letting g;(t), s;(t),
fi(t) denote g;(x®, 6p), s;(x?, 6y), f;(x", 6;) respectively, we have:

N K
PH9097—Vg 122(

t=1 j=1

o

_h; (t)Zhl(t) S’(t) — gt 3;;(;)

a0 e B

N
PyHy,or = (R Y el ;D[ (v — f3(0)" 27 XT ]

t=1

3si(t)  « dsi(t)
®[ S, ~ L }

N
1 _
PyH,, x1 = —E(Rg)—1 § :h]-(t)ygvecT[)]j U]

t=1
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Z (t) as; (¢ ]

PiHy gr =(R)™' Y ([ XE (v = f;(1)]

35i() < 3si(t)
®[ = ]

=1

N
PiHy or =(R)™ Y vl — fie)" =7 X[ ]

t=1

S [XE (" — fi()] = 81,

N
1
PiHy z =—5(R)™ Y yiy(tvec = — Uy
t=1

®[Xf2;1(y f](t) (R) 12511 j(t)

<Al - [0z @ (X2
+XZ e [ - fim) =],
1 N

Py Hy, gr = SN0 Yz ® Tj)vec =7t - Uj(h)]
t=1""] t=1

Ps;Hy, gr = B3 Z%] )(Z; ® Tj){vec[Z; ! — U;(1)]
t= 1 t=1

1 N

O_ ) 2K - ——
(v - fit)) =Xy Ztlilh]'(t);s”h](t)

@ I[E (v - fitn] @[ X]]
+HIZ X[ Y - ),

T
Py, Hy, y7 = S 1h 0 : Z(S,]h] )N(Z; ® Z;)(vec [I] ® Ly ® L)
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X (Iy @ M(t) ® L) (L, ® Iy ® vec[I,,])
N

11 (S ® T vee TR — UL
Iy (t);m,(t)(z, ® Tj)vec’ [T — Ui(1)]

® Vec[Z]»_1 = Uu;()l.

where I; is the dth-order identity matrix and

Ui ==y - £;0)) (v — (1) =
-1 -1

X X
M= 55 = 560 =[O0 - fO 5 @ L

-1

Z
~Ln @ [Z7 " = fiY - f0) 55~ 41

We now have our first theorem on the EM algorithm for ME through the
IRLS approach as follows:

Theorem 1. Given i.i.d. sample data {x®, yO}\N from a mixture of K expert
networks of parameters ©* with the help of P(x constramed on a bounded, closed
set D, that is, fD P(x)dx =1, forany x € D, P(x) > 0and ©* as well as x satisfy
conditions 1 to 3. When e(©*) is considered as an infinitesimal, as it tends to zero,
for the EM algorithm for ME through the IRLS approach, we have

lim N0 P(©)H(O")

_Vgﬁ G +O(60A5—s(®*)) 0(605—6(@*)) 0( 05 a( *))
= 0@ TEO) 0@ O) ~ [epiny  0(e?H(O7)
0" (@) 0O 0" (O) ~ Ik

where ¢ is an arbitrarily small positive number, and ng £ limpo, 0o (R / N) I,

1
G2 lim —
Ngrolo N
N sy (t) 9sq(t N dsp(f) s t)
SO -giOFI R o — Sk gihgka O 5 HY
X

9. t) t ’ N ’ s t) o
— SN gk 1) Tl B ST k-1(t) — gk (1) Tl Gt

0(K—1)
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Accordingly, we have an upper bound for the asymptotic convergence rate of the
EM algorithm:

r < Il — v PGl + 0(e™>~5(©)). (4.2)

Proof. Letting e; =(1,0,...,0)7,...,ex-1=(0,0,...,1)7 denote the
canonical basis vectors of RX~!, by equation 2.4, we then have

as;(t
5]():ej
960

® [(x)T, 11",

For convenience of notation, we let x; denote [(x®)T; 1]7; we thus have
0s(t)/06y) = ej ® x;. Since we always set sk (t) = 0, we have ds (t)/96y = 0.
We begin to consider the block PgHy, 7. By lemmas 2 and 4, we have:

N K as, (t) 35, (t)
Jim (R~ Y Dk —h; (t)Zh 0 56T

t=1 j=1 0

N () =hE®)xx] - —hi(Hhk - (Hxx]
_I\lllm Ye(Rq )~ Z

S\ —ha O x] - (o) = K ()]

v (S X! - ey Bxx]
= lm yg (R )y : :

U —yey O] S vk (B

_ 0(605—8(@*)).

Hence, PyHy g1 = —y3 PyG + 0(e%5(©")).
We then consider the block PgHGO,@T The elements of 9s;(t)/96 —

Zz 1 hi(t)as(t)/06y are —hy(t)x; (I # j), or (1 —hj(t))x;. By lemma 2, we
have

1 N
Jim 21 vehi(O[("Y = ()T Z7X]]

9s;i(t) asi(t)] e s
®[ i _,Z % }-o(e” ©").

and by lemma 4, we further get

Jim Py Hy, gr = 0(e%>7¢(8%)).
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Analogously, we can get
1\1]1_1;1;0 PgHH(),):}- = 0(60.5_8(6)*))7
lim PyHy g = 0(e®7(9")),

lim P HG 07 —0(605 S(@ ))—5,‘]'1,

N—o0
1 N
Jim =23 i ()(R))veclZ — U]

® X7 (" = fi(H] = 0> (©"),
I\llim Ps Hy, g7 = 0(e™7*(©Y),

N

Jim — ) 0 - Zyl](t )(Zj ® Ej){vec[=7 — U;(1)]

® [ = i) =7 XN = 0™ (©)),
N

! Zyl/(t 2 ® j)vec! [ — Ui(t)]

I\llaoo 2 ZN hi(t) 4
® Vec[Zj_1 -U;t)] = 0(e27¢(©%)).

We further consider the block 3(R;)™ Y.L, ik (DI — ;1) '] @
(XtE]-’l). According to the EM iteration, equation 2.7, we have

N
lim R h0XE7 W0 - () = 0.
t=1
Suppose that ¥ = (o). k.1 =1,....,m, and y — f;(t) = 2(t). We then
have
hi(f)thfl(y(t) - fit) = hj(t)|: Zx{t)auz;(t), o
1=1

Z xWeryz(t Z x| Vomzi(t), Z xBOoyz(t), ...,

=1 1=1

m m e '
Y xPowz(t), Y ouznlt),.... Y owz (t)] '
1=1 1=1 =1
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By lemma 4, we also have

m

hm —Zh (t)Zxd onzi(t) =0, hm —Zh t)ZUkIZ[

(4.3)
foralld e {1,...,n+1},k € {1, ..., m}. Since
hiO[EY - O T @ (X))
m m T
=hj(t)[2zi(t)ali,...,Zzi(tm} ® (X2,
i=1 i=1
® ® ® T
o1Xy e 011Xyt OpXy v omxy) | o1 -+ O
() () ()
oRX; s O1Xp e OppXy v O Xy | 012 -+ O
-1 _
XX = ,
j
S |
() () )
O1mXy" = OumXn™ -+ OmmXq™ - - Ummxn | O1m *+* Oum

the elements of hj(t)[(y(t)—fj(t))TEj’l]@(XtEj’l) take the forms of

h]‘(t) Z:n:l Z,-(t)ap,-aklxg) and h]‘(t) Z:n:l zi(t)opiow, where d € {1,...,n},
p. k.1 €{l,..., m}. According to equation 4.3, we have

N m
.1 ®
lim ;:h i) ziB)opionxy’ =0

N—oo c
i=1

and

.1 .
lim > i)Y zi(t)opion = 0.

t=1 i=1

Therefore, we have

1 N
Jim S(R)TH Y 8k (O[(Y - fieNTE] ] @ (XezjT) = 0.
t=1
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Similarly, we also have

1N
Z\%i_fgoizsijhj(t)(Rf)_l(Xf e[y - fin'=] =0
=1

WS ()Z% 1O @ B[00 = £0)]
[ X/ ]+ [z7'X]]
[z " - fit)]} =

By the EM iteration, equation 2.8, we have

N

S TS — (£ N D — T —
1\%1_{20 Zfilhj(t);h](t)[zj W = i)y = £

which helps us get the following limitation about equation 4.1:

-1

1 N
lim ———— S B (M) = — —1—,
N—oo Zt 1 ] t) ; ] 32]

In this way, we get

lim —— (583
N e

N

x D hi(B)vec 1] @ In ® L)Ly ® M(t) ® L)L ® Iy ® vec[L,,])
t=1

=)= ez ) =-1

Summing up all the results, we obtain:

lim P(©")H(®")
_)’gﬁgG +0(€0,5—5(®*)) 0(605—5(@*)) 0(60‘57‘9(@*))
= 0(e™*7*(6") 0(e™7(O) — Ixusry  0(e*7°(O)) ;

0(e*57 () 0@ (O 0 (O7) = Ly
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According to equation 2.14 and the norm inequality, we finally have

r< lim [+ P(O@O)H(O)I = |l + lim P(©")H(®")|

I— VgT)gG + 0(80.5—5(®*)) 0(60'5_8(@)*)) 0@0.5—9(@*))
— 0(60‘575(6*)) 0(60'575((9*)) 0(60'575(6*))
0(80‘575(@*)) 0(60'57S(®*)) 0(60'576((’*)*))

=1 — 7, PGl + 0(e*>~*(®%)).

Remark 1. According to equation 4.2, the asymptotic convergence rate of
the EM algorithm for ME through the IRLS approach is generally bounded
by a positive number ||I — y, P,G|| since y,P,G # I in general, even if
the average overlap measure of the ME model tends to zero. So we can
consider that the EM algorithm through the IRLS approach maintains a
linear convergence rate around the true solution with a large sample.

We further consider the EM algorithm for ME through the Newton-
Raphson approach and have our second theorem as follows:

Theorem 2. Under the same assumptions as stated in theorem 1, for the EM
algorithm for ME through the Newton-Raphson approach, we have

lim P(@")H(©")
—alk_nms1) + 0(e"77(O)) 0(e™7(®")) 0(e™7(®"))
= 0(e?>#(©")) 0 7(O%) — Ioueny 0(e”775(0%))
0(e">~# (%)) 0(e%¢(©*)) 0(e">#(0*)) — I

where ¢ is an arbitrarily small positive number. Accordingly, we have an upper
bound of the asymptotic convergence rate of the EM algorithm:

r < |1—al+ 0’ ~¢(0%)). (4.4)
Proof. As compared to the proof of theoreml, we need only to compute

Py, H. For the Newton-Raphson method, Py, = —aH,, where H, is the Hes-
sian matrix of equation 2.10. Actually, H; has the following expression:

8sl(t) ds(t)
Z 10— BGT :

Hg:XN:i

t=1 j=1
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In comparison with the expression of Hy, 47, we find that H, is just the sum
of the last two terms of Hy, 4r. Then we have

lim —aH, H{9 ol

N—oo
K
. 9s; (t) 851(1‘) 0s; (t)
_ _ 1 J _
= gim, —oHy ;;(h ® i ; 360 aeT
. 1\
tme(i)
v (XS ! =y O]
>l - «
= _
N t=1 . T - K-2 ' T
—Vik—nBxex, o 30T vk (b)xex,

By lemma 2, we further have

1\%1320 —ozHg’ngoﬂor = —a +0(e"°(0%)).

Thus, we have

bllim I+ PoyHygrll =1 — o + 0(e"55 ().

Since the rest of the proof is identical to that of theorem 1, we therefore have

I\%irr;o P(©*)H(®")
—al(k-1)p+1) +0(€"775(O%)) 0(e**(©") 0(e**7(©")
— 0(80‘5_‘9(@*)) 0(605—5(6*)) _ IKZ(nJrl) 0(605—9(@*))
0(e%574(6")) 0 (@) 0(TH(O) — Ik

According to equation 2.14 and the norm inequality, we finally have
r §I\%im I + P(©)H(®O"|| = |II + I\l}im P(®*)H(©")||

(1 = &)k -1)@+1) +0(e*75(©%)) 0(e*74(0%)) 0(e*>*(©%))
— 0(60'578((9*)) 0(60'575(6‘)*)) 0(5’0'578(@*))
0(80'5_8((’*)*)) 0(60‘5_5((’*)*)) 0(80.5—8(@*))

=1 —a| + 0" (0%)).

Specifically for the Newton approach with « = 1, by theorem 2, we have
the following corollary.
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Corollary 1. Under the same assumptions as stated in theorem 2, for the EM
algorithm for ME through the Newton approach, we have an upper bound of its
asymptotic convergence rate:

r = 0(e"5F(©%)). (4.5)

Remark 2. Corollary 1 has proved that the asymptotic convergence rate of
the EM algorithm for ME through the Newton approach locally around the
true solution ®* tends to zero as the average overlap measure ¢(®*) tends
to zero. In other words, the large sample local convergence rate for the EM
algorithm tends to be asymptotically superlinear when e¢(®*) tends to zero.

5 Experimental Results

To substantiate our theoretical results on the asymptotic convergence of
the EM algorithm for ME through the Newton or IRLS approach, we
implement the EM algorithm on two groups of synthetic data sets with
attenuating measures of overlap among the expert distributions. We first
consider the data set from a mixture of two experts: K = 2. The experts
are two line segments with noises—y =a;x +ay +n; for x € [xr, xy]
and y=bix+by+n for x €[x;,x,], where n; ~ N(0,0?) denotes a
gaussian distribution with zero mean and variance o2. In order to make
the average overlap measure between two experts attenuate to zero, we
push the two intervals [x1, xy] and [x’L, x/u] away along the x-axis. In
our experiments, we let a1 =1, ap = -1, by = =1, by = 1, 0} = 0} = 04,
[x1, xy] =[-2,1] — m, and [x'L, x/u] = [1, 4] + m,, where the variable m,
increases from —0.5 to 1.25. Along each noisy line segment or expert in
the mixture, we generate 5000 i.i.d. samples. Typically we select m, =
—0.5,-0.25,0,0.25,0.5,0.75, 1, 1.25, and establish eight data sets denoted
by 81, S, ..., S, respectively. For illustration, four of them are sketched in
Figure 1. Obviously as m, increases gradually, the average overlap measure
(AOM) of the two experts attenuates to zero (see Figure 2). We run the EM
algorithm through the Newton approach on the eight data sets 50 times
with different randomly initialized parameters, and the algorithm is termi-
nated when the change of the log-likelihood function between two epochs
is less than 10~°. We compute the absolute errors between the average esti-
mated parameters and the corresponding true parameters: A;; = |9; - Q*ij l,

A = |aj2 - a]’f2|. The experimental results of the EM algorithm through the
Newton approach on those eight data sets are listed in Table 1.

It can be seen from Table 1 that as the AOM of a data set falls from
a considerable value (i.e., 0.09), the parameter estimation becomes more
accurate. Specifically, the accuracy rate of parameter estimation on S, is
higher than that on S;, and the accuracy rate of parameter estimation on
Sy is higher than that on S;. However, as the AOM moves closer to zero,
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-15 —II —0.‘5 D 0?5 |I |T5 é 1‘5 :Ii 35
(a) Dataset S, with m, = —0.5.

(c) Dataset S; with m, = 0. (d) Dataset S; with m, = 1.

Figure 1: Sketches of four typical data sets of the first group with attenuating
AOMs. The notations * and o represent samples from the two classes or experts,
respectively. (a, b, ¢, d). Sketches of the data sets Si, S;, S5, and Sy, respectively,
where the overlap measure of S; is the largest and that of S; is the smallest,
being close to zero.

the accuracy rate of parameter estimation remains almost the same, but
the number of epochs for the convergence of the EM algorithm decreases
considerably. That is, the EM algorithm converges at a higher speed as the
AOM decreases. This result is consistent with our theoretical result that
the large sample local convergence rate for the EM algorithm tends to be
asymptotically superlinear as e(®*) is close to zero.

We further implement the EM algorithms through both the IRLS and
Newton approaches on the second group of five synthetic three-category
data sets with attenuating AOMs (shown in Figure 3 and denoted by
S, ..., Se, respectively), where data points in each data set are generated
from a mixture of three gaussian distributions centered at [-y, 0 ], [0, v],
[y, 0], respectively, with y > 0 dominating its AOM. In each data set, we
generate 1000 i.i.d. samples from a gaussian distribution. In the first four
data sets, the gaussian distributions have a common covariance matrix [0.5,
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Figure 2: Sketch of the AOM of the two experts with respect to #1,.

2.5

Table 1: Experimental Results of the EM Algorithm for ME Through the Newton
Approach on Eight Synthetic Data Sets with Attenuating AOMs.

Data Set &3 S S3 Sy S5 Se Sy Sg

My -0.5 —-0.25 0 0.25 0.5 0.75 1 1.25
AOM 0.090 0.075 0.055 0.035 0.019 0.009 0.004 0.001
A1 0.029 0.022 0.036 0.008 0.017 0.004 0.009 0.009
A12 0.089 0.011 0.012 0.019 0.007 0.001 0.002 0.06
A1 0.042 0.013 0.014 0.001 0.038 0.010 0.001 0.020
A 0.242 0.015 0.034 0.034 0.006 0.003 0.001 0.029
Al 0.002 0.011 0.011 0.014 0.012 0.012 0.003 0.005
A2 0.001 0.001 0.018 0.008 0.018 0.001 0.003 0.004
LLF —0.9946 —0.9758 —0.9601 —-0.9756 —0.957 —0.9537 —0.9494 —0.9549
CR 0.924 0.973 0.956 0.908 0.860 0.605 0.324 0.033
Epochs  24.6 31.6 32.6 35.9 271 232 20.84 20.2

Note: Epochs denotes the number of epochs the EM algorithm has taken before stop;
CR denotes the convergence rate; which is the maximum eigenvalue of the matrix
I + P(®)H(®); and LLF denotes the obtained log-likelihood function on a given data

set.

0;0,0.5], where y =1, 1.5, 2, 2.5, respectively. As to the fifth data set S, the
gaussian distributions keep the same centers as those of S; but have a dif-
ferent covariance matrix [0.3, 0; 0, 0.3]. This three-category problem is used
to evaluate the convergence performance of the EM algorithms through
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(e) Dataset S, with the AOM being 10713,

Figure 3: Sketches of five typical data sets of the second group with attenuating
AOM:s. Data points of each data set are generated from a mixture of three
gaussian distributions and denoted by *, +, and o, respectively.

both the IRLS and Newton approaches on the data sets with attenuating
AOMs.

In the experiments, an ME architecture consisting of three experts is
adopted, and the learning rates for the two approaches are both set to 1.
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Figure 4: Average number of epochs taken for the convergence of the EM algo-
rithm through either the IRLS or Newton approach on S,, - - -, S, respectively.

In the same way, we run the EM algorithms through both the IRLS
and Newton approaches 50 times with different randomly initialized
parameters, and the algorithms stop when the change of the log-likelihood
function between two epochs is less than 10~°. The average numbers of
epochs taken for the convergence of the EM algorithm through either the
IRLS or Newton approach on these data sets is illustrated in Figure 4. It can
be observed that on the data sets with a relatively large overlap (e.g., S,
Sp), the EM algorithm through the IRLS approach may converge a bit faster
than the EM algorithm through the Newton approach. However, the EM
algorithm through the Newton approach converges much faster than the
EM algorithm through the IRLS approach on the lower AOM data sets (e.g.,
S, S84, Se). Infact, on S, whose AOM is very close to zero, the EM algorithm
through the Newton approach is terminated after about 38 epochs, while
the EM algorithm through the IRLS approach is terminated after about 55
epochs (see Figure 5). The experimental results are consistent with our the-
oretical results on the asymptotic convergence rates of the EM algorithms
through the IRLS and Newton approaches. As the AOM tends to zero, the
asymptotic convergence rate of the Newton approach also tends to zero.
However, the asymptotic convergence rate of the IRLS approach does not
tend to zero because the projection matrix for the IRLS approach is different
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Log likelihood function
&
[os]

I
— — — Newton
-1.4¢] _ — s N

L
0 10 20 30 40 50
Epoches

Figure 5: Evolution sketch of the log-likelihood function with respect to the
number of epochs during the EM iterations on data set S,, where the dashed and
dot-dash lines represent values of the log-likelihood functions of the Newton
and IRLS approaches, respectively.

from that for the Newton approach. This is why the IRLS approach could
not converge as fast as the Newton approach when the AOM is very small.

6 Conclusion

We have presented an analysis on the asymptotic convergence rate of the
EM algorithm for the mixture-of-experts architecture through the IRLS and
Newton-Raphson approaches. By introducing the average overlap measure
of the ME architecture, we obtain an upper bound of the asymptotic con-
vergence rate of the EM algorithm for both approaches. Specifically, for the
Newton approach with the large sample, when the average overlap tends
to zero, the EM algorithm tends to converge superlinearly. Moreover, these
theoretical results are demonstrated by simulation experiments.
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