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AssTrAaCT. We develop an EM algorithm for estimating parameters that determine the dynam-
ics of a discrete time Markov chain evolving through a certain measurable state space. As a
key tool for the construction of the EM method we develop forward-reverse representations
for Markov chains conditioned on a certain terminal state. These representations may be con-
sidered as an extension of the earlier work [1] on conditional diffusions. We present several
experiments and consider the convergence of the new EM algorithm.

1. INTRODUCTION

The EM algorithm going back to the seminal paper [5] is a very general method for iterative
computation of maximum likelihood estimates in the setting of incomplete data. The algorithm
consists of an expectation step (E-step) followed by a maximization step (M-step) which led to
the name EM algorithm. Due to its general applicability and relative simplicity it has nowadays
found its way into a great number of applications. These include maximum likelihood estimates
of hidden Markov models in [8], of non-linear time series models in [3] and full information item
factor models in [10] to give just a very limited selection.

Despite the simplicity of the basic idea of the algorithm its implementation in more complex
models can be rather challenging. The global maximization of the likelihood in the M-step
has recently been addressed successfully (see e.g. [9] and [7]). On the other hand, when
the expectation of the complete likelihood is not known in closed form only partial solutions
have been given yet. One approach developed in [17] uses Monte Carlo approximations of
the unknown expectation and was therefore named Monte Carlo EM (MCEM) algorithm. As
an alternative procedure the stochastic approximation EM algorithm was suggested in [6].

In this paper we take a completely different route by using a forward-reverse algorithm (cf.
[1]) to approximate the conditional expectation of the complete data likelihood. In this respect
we extend the idea from [1] to a Markov chain setting, which is considered an interesting
contribution on its own. Indeed, Markov chains are more general in a sense since any diffusion
monitored at discrete times yields canonically a Markov chain, but not every chain can be
embedded (straightforwardly) into some continuous time diffusion the other way around.

The central issue is the identification of a parametric Markov chain model (X;,, n = 0,1,...)
based on data, i.e. realizations of the model, given on a typically course grid of time points,
let us say ni,ns,...ny. Let us assume that the chain runs through R? and that the transition
densities pz,m(x, y), n > m, of the chain exist (with pz,n(x, y) := 6x(y)), where the unknown pa-
rameter 6 has to be determined. Then the standard method of maximum likelihood estimation
would suggest to evaluate

N-1
(1.1)  argmax > Inpf . (X, X,.,) With X,, = xo being the initial state of the chain.

i=0
The problem with this approach is that usually only the one-step transition densities pz’nﬂ(x, y)

are explicitly known, while any multi-step density pz’m(x, y) for m > n can be expressed as an
m—n—1 fold integral of one-step densities. In particular for larger m—n, these multiple integrals
are numerically intractable however. We therefore consider the alternative problem

N-1n; -1
(1.2) argmaXZ Z Elnpf.’jH(Xj,XjH),

O =0 e

in terms of the “missing data” X,,+1, ..., X,,,-1, i = 0,..., N — 1. As such, between two such
consecutive time points, n; and n;;; say, the chain may be considered as a bridge process
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starting in realization X, and ending up in realization X, (under the unknown parameter
6 though), and so each term in may be considered as an expected functional of the
“oridged” Markov chain starting at time »; in (data point) X,,, conditional on reaching (data
point) X,,,, attime n;.;. We will therefore develop firstly an algorithm for estimating the terms
in for a given parameter 6. This algorithm will be of forward-reverse type in the spirit of
the one in [1] developed for diffusion bridges. It should be noted here that in the last years the
problem of simulating diffusion bridges has attracted much attention. Without pretending to
be complete, see for example, [2, 4], [13] [15] (16} [14]. Having the forward-reverse algorithm at
hand, we may construct an approximate solution to in a sequential way by the so called

EM algorithm: Once a generic approximation 6™ is constructed after m steps, one estimates

s X 5B
oD —argmaxz Z Elnp//+1( J+1)
i=0 j=n;

where X*" denotes the Markov bridge process under the transition law due to parameterﬁm)

and each term

’é(m) ’7771)
Elnp?,, ,x?". X%

represents a forward-reverse estimation of

’e\(m) 7771)
Elnp, (X7", X%

as a (known) function of 6.

The structure of the paper is as follows. In Section 2 we recapitulate and adapt for our pur-
poses the concept of reversed Markov chains, initially developed in [12] using the ideas in
[11] on reversed diffusions. A general stochastic representation for expected functionals of
conditional Markov chains is constructed in Section 3. This representation allows for a forward
reverse EM simulation algorithm that is introduced and analyzed in Section 4. The section
is concluded with finite sample study on simulated data from a practically relevant Ornstein-
Uhlenbeck example.

2. RECAP OF FORWARD AND REVERSE REPRESENTATIONS FOR MARKOV CHAINS

Consider a discrete-time Markov process (X,,, ), n = 0, 1,2, ..., on a probability space (Q, F,
P) with phase space (S, S), henceforth called Markov chain. In general we assume that S is
locally compact and that S is the Borel o-algebra on S. For example, S = R¢ or a proper
subset of RY. Let P,,, n > 0, denote the one-step transition probabilities defined by

(2.1) Pu(x,B) :=P(Xps1 €B| X, =x), n=0,1,2,..., x€S, BES.

In the case of an autonomous Markov chain all the one-step transition probabilities coincide
and are equalto P := Py = P; =

Let X", m > n, be a trajectory of the Markov chain which is at step »n in the point x, i.e.,
X, = x. The multi-step transition probabilities P, ,, are then defined by

Pym(x,B) :=P(X,* € B), x€S, BeS, m=>n.

Due to these definitions, P, ,(x, B) = 0x(B) = 1p(x) (Dirac measure), P, = P,,+1, and the
Chapman - Kolmogorov equation has the following form:

(2.2) Ppy(x,B) = mek(x, dY)Prm(y,B), xeS,BeS, n<k<m.



Let us fix N > 0 and consider for 0 < n < N the function
23) )= [ Pady)fo) = E OGN
where f is S-measurable and such that the mathematical expectation in exists; for ex-

ample, f is bounded. By the Markov property we have forO <n < N :

un(x) = E (X5 = B X0y

-E Eﬂ“f(x n+l, Xn+|) EE an(X ngl)

=E un+l(Xn_:C1) f“nH(Y)Pn(xa dy).

Thus, u,(x) satisfies the following discrete integral Cauchy problem

(2.4) u,(x) = fun+](y)Pn(x, dy), n <N,
(2.9) un(x) = f(x),

and is a forward probabilistic representation of its solution. In fact, the probabilistic rep-
resentation can be used for simulating the solution of (2.4)-(2.5) by Monte Carlo. For our
purpose, reverse probabilistic representations we need a somewhat more general version of
the above result.

Theorem 2.1. Let P, be the one-step transition density of a Markov chain X as in and
let the function f : S — R be measurable and bounded. Let further ¢, : S XS — R be a
measurable and bounded functions forn = 0, 1,2, ... Then, the solution of the problem

(2.6) Wu(x) = f Wi+1(2)@n(x, 2)Pp(x,dz), n <N,
(2.7) wy(x) = f(x)

has the following probabilistic representation:

(2.8) () = B[ FOGHXG]

where (X, X) is an extended Markov chain in which X is governed by the equations
X = X e X, X =y,

wheren < k < N.
Proof. Note that X;"*” = yX’”l Thus, for n < N, (2.8) may be written as

W) = [ﬂX"“ X

1
n+ LXK ]

n+1,X"5 O on+1,X"F 1
n+l

= B X B | oy
= B [X"5 o (X))
—E[tpn(x W1 (X +1)]
- f W1 (D DPa(x, d2),

and (2.7) is trivially fulfilled for n = N. O
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2.1. Reverse probabilistic representations. We henceforth take (S,S) = (R¢, B(R)) and
assume that the transition probabilities P, ,,(x, dy) have densities p, ,(x,y) with respect to the
Lebesgue measure on (S, S). We note however that without any problem one may consider
more general state spaces equipped with some reference measure, and transition probabilities
absolutely continuous to with respect to it. The representation can thus be written in the
form

(2.9) I(f):==E f(Xy") = fpn,zv(x, Nfydy, 0<n<N.

Let the initial value ¢ of the chain X at moment n be random with density g(x). Consider the
functional

(2.10) 16.5) = [ [ ewpuntnsontsdy =50

Formally, by taking for g a 6-function we obtain (2.9) again, and by taking f to be a é-function
we obtain the integral

(2.11) J(g) = f 2 (OPan(x, ).

We now propose suitable (reverse) probabilistic representations for J(g), where g is an arbi-
trary test function (not necessarily a density). For this we are going to construct a class of
reverse Markov chains that allow for a probabilistic representation for the solution of (2.11).

Let us fix a number N € N and consider for 0 < m < N, functions ¢, : S X § — R, such that
for each m and y the function

(2.12) gm(y, ) = pNLl(y) 0<m<N,

Ym(y, )

is a density on S. For example, one could take y,, independent of the second argument, and
then obviously

(2.13) Ym(y) = fPN—m-l(z, y)dz.

We now introduce a “reverse” processes (Y5, Y5,)o<m<n by the system
P(Y,, €dZ| Yy =2) = gu(z. 22,
(2.14) yiﬁ.] = y%ﬂ//m(Y%, YZH])’

Y, = Yg’y =y, Y= yg’yvl =1, 0<m<N,

hence Y is governed by the one-step transition probabilities Q,,(z, dz") := qu(z,7")dZ’ (i.e. O
instead of P,,).

Theorem 2.2. Foranyn,0 <n < N, (2.11)) has the following probabilistic representation.

f g)pan(x.y)dx = E[g(ry_)Y_, |-

where g is an arbitrary test function (a "density” p,, ., has to be interpreted as a Dirac distribu-
tion or 6-function).

Proof. From the Chapman - Kolmogorov equation (2.2) we obtain straightforwardly the Chapman-
Kolmogorov equation for densities,

(2.15) Prm(X,y) = f Prnk(X, D prm(z, )z, x,y€S, n<k<m.



Let us now fix n, n < N (for n = N the statement is trivial) also, and introduce the functions

(2.16) vi(y) = f 8(X)pni(x,y)dx, n <k <N.
From (2.15) we get
(2.17) W) = f V@@ )z n <k SN,
va(y) = 8(y),
where pi_1 = pk-14x denote the one-step densities. For n < k < N we now consider a

“reversed” time variable m = N + n — k and write with v,,(y) := Vy+n_m(y) and (2.12) system
(2.17) in the form

(218) F‘Tm(Y) = f7m+1(z)¢’m—n(ye Z)Qm—n@a Z)dZ7 n<m<N,
() = 8.
Let us write (2.18) in a slightly different form,

Tuy) = f T QU (3 g (v, 2)dz, n<m <N,
() =8O

with (//ﬁ,',” = Ypu—n and q,(,’f) = gm-n. Via Theorem we next obtain a probabilistic represen-
tation of the form (2.8) for the solution of problem (2.18), hence (2.11) or J(g). Indeed, by
taking in Theorem instead of X a Markov chain (Y,(,f’ ’y) where Y- is governed by

n<ms<N’
the one-step transition probabilities Q,(,’Z)(z, d7’) := q,(ﬁ)(z, Z)dz’, n < m < N, with initial condition
Y™ =y, and constructing (J/f,’,’)’y)n . according to

<

(2.19) Yo =INuR ye, YP =1, n<m<N,

m+1 m+1

it follows by Theorem [2.1]that

(2.20) J() =) = v() = E gy
It remains to see that
B e = 2l 9,

which follows from the fact that initial values and the one step transition probabilities of the
processes

(n),y 1)y
(Yn+i ’yn+i )i:O N-n

.....

and (v,¥)

coincide. O

It should be stressed that, in contrast to a corresponding theorem in [12], Theorem [2.2 pro-
vides a family of probabilistic representations indexed by n = 1, ..., N, that involves only one
common reverse process Y”. In Theorem[2.2| N was fixed but, when different N are in play, we
will denote them by Y>*V_ It turns out that this extension of the related result in [12] is crucial
for deriving probabilistic representations for conditional Markov chains below (cf. [1]).



3. SIMULATION OF CONDITIONAL DIFFUSIONS VIA FORWARD-REVERSE REPRESENTATIONS

In this section we describe for a Markov Chain an efficient procedure for estimating the
final distributions of a chain X = (X,).=0... y conditioned, or pinned, on a terminal state Xy.
More specifically, for some given (unconditional) diffusion process X we aim at simulation of
the functional

(3.1) E[8Xm,.- - Xm)| Xy €A, Xo = x],

where 0 <m; <mp < --- <m, < N (hence r < N), A is some set that may consist of only
one point, and g is an arbitrarily given suitable test function, and x € R? is a given state. The
procedure proposed below is in fact a discrete-time version of the method developed in [1] for
continuous-time processes given by an Ito SDE. Thus, let us consider the problem for
fixed x,y € R? (i.e. A = {y}). We firstly state the following central theorem.

Theorem 3.1. Given a grid D; := {0 < n* <nj <---<n; =: N}, it holds that

E [ £ Yot Yol DY |
!
= fRdXL FOo, Y155 Yi-1) l:[pn;_l,n;@i—la)’i)dyi—l

i=
with y; .= y and ng := n"*.
Proof. Without loss of generality, we assume in this proof that the grid satisfies n; — n;—; = 1,
i=1,...,1 Indeed, extend f : R/ = R to a function f : R**® =) _ R such that

FN v Ny = (o ).

Then, re-expressing the transition densities p,, , », in terms of the one-step transition densities
pi using Chapman-Kolmogorov, we see that the statement of the theorem is equivalent to

7 (v:N N N N
32 E[f(ri™. . ]
N
Zf FOneso s yN-1) l—[ Pi-1Vi-1, yi)dyi-1
RAX(N-n*) .
i=n*+1
with yy = y. In fact, we shall prove that
33) Ef,(n"..... 17N ¥ =
N
ffp(yzv—p,.--,yzv—l) l_[ Pic1Vi-1, yidyi-1
i=N-p+1

forany 1 < p <N —n* for any (e.g., bounded measurable) function f,, : RP — R. (3.3) gives
the formula from the statement of the theorem for p = N — n* with fy_,- being the function f
from above. We prove (3.3) by induction on p. For p = 1, this boils down to Theorem [2.2 with
n=N-1.

For the step from p — 1 to p, we note that by definition
ViN _ yiN viN N
Y, = yp—1‘r/’17—1 (Yp—l’ Y )’
with lﬁp_l(y, -)qp_l(y, ) = pN—(p—l)—l("y) = pN_p(-,y) by 1’ Hence, we have
N N N N N N N N N N
E| N, v, O = B0 R Y e, () )|

p=r
=E[s(r".... 7).



with

NN N N yyiN N N
g(Zp_l,...,Zl)EE[fp(Y; ’Y]);—l""’Yi} )wp—l(Y;_pYz )Y;_IZZP_I,...,Y{ =1

= ffp(z, Zp—1s- -+ 21)PN-p(2, Zp-1)dz.
Applying the induction hypothesis for f,_; = g, we obtain

] RO GRS RV I =1 P D ST i

N
=fg(yN—p+l,---ayN—l) l_l Pi—1Vi=1, Yidyi-1

i=N-p+2

N
=ffp(y1v—p,---,y1v—1) 1_[ Pi—1Yi-1,y)dyi-1.

i=N-p+1

Following the lines of [1], we now consider an extended integer sequence
0<m <~--<mk:n*:n0<n1 <---<n; =N,
and a kernel K, of the form
K.(u) = € “K(uje), yeR?,

with K being integrable on R? and JJi%" K(u)du = 1. Formally K, converges to the delta function

8o on R? (in distribution sense) as € | 0. We then have the following stochastic representation
for withn; =my,;,i=0,...l=r—k+ 1.

Theorem 3.2. Let the chain (Y,Y) := (Yy;N , YN ) be given by , and the modified integer
sequence (n.) be defined by

(3.4) n=n—-n, i=1,...,L
It then holds
E[gXm.- - Xm)| Xy = x. Xy =]
= B[ 8Ky Xomg s X Xy X )| Xy = %, Xy =]

E|g (X, X, X0t v v R (N - Xy

> Mg—1° “Tp*

(3.5) = lim TN Y
Al (74 7

Proof. The proof is completely analogue to the corresponding one in [1]. As a rough sketch,
apply Theorem [3.1]to

SO XY Y0, V1s s Vie1) = 8 X Ye DKo = X,
conditional on Xy, ..., X", send € — 0, and divide the result by

pon(x.y) = imE |Ke (Y = X0 ) ¥ ] .
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3.0.1. Forward-Reverse estimator. Given Theorem[3.2]the corresponding forward-reverse Monte
Carlo estimator for (3.5) suggests itself: Sample i.i.d. copies X% x%xM) of the pro-

cess X% and, independently, i.i.d. copies (Y>';N’<1>,yy;N’<ﬂ7>),..., (Yy;N’(l),yy;N’(M)) of the pro-
cess (Yy;N,yy:N). Take for K a second order kernel, take for simplicity M = M, and choose a
bandwith ey ~ M~V4if d < 4, or ey ~ M2/ if d > 4. By next replacing the expectations
in the numerator and denominator of (3.5) by their respective Monte Carlo estimates involving

double sums, one ends up with an estimator with Root-Mean-Square error O(M~'/?) in the
case d < 4 and O(M~4/4*+d) in the case d > 4 (cf. [1] for details).

4. |IMPLEMENTATION OF THE FORWARD-REVERSE-EM ALGORITHM

Before presenting two concrete numerical examples, we will first discuss general aspects of
the implementation of the forward-reverse EM algorithm. For this purpose, let us, for simplicity,
assume that the Markov chains X and (Y, Y) are time-homogeneous, i.e., that p = p; and
q = g do not depend on time k. We assume that we observe the Markov process X at times
0 =iy <---<i,=N,ie., ourdata consist of the values X;, = x;, k =0,...,r. For later use,
we introduce the shortcut-notation x := (x;,)’._.

The law of X depends on an s-dimensional parameter 6 € R*, which we are trying to estimate,
i.e., p = pY. To this end, let

N
00; xo, ..., xn) = » log p’(xi_1,x;)

i=1

denote the log-likelihood function for the estimation problem assuming full observation. We
make the structural assumption that there are (explicitly given) functions g; : R® — R and
hi : RN - R, b RU™i-1+1 — R such that

(4.1) 000, Xn) = D Ohi(x0,..,xn) = > 8il0) D hl(xiy .. xi).
i=1 i=1 j=1

The structural assumption allows us to effectively evaluate the conditional expectation of
the log-likelihood ¢, for different parameters 6, without having to re-compute the conditional
expectations. More precisely, recall that for a given guess 0the E step of the EM algorithm
consists in calculating the function

(4.2) 0 — Q6:0,%) := By | (6: Xo. ... XN Xi, = xi, j=0,....7],

with E7 denoting (conditional) expectation under the parameter 6. Inserting the structural as-
sumption (4.1), we immediately obtain

06:0.%) = Y 8Oz | hiXo..... XN Xi, = xi,. j=0.....r] = > gi(0)e]
i=1 i=1

with 20 = B[ hi(Xo. ... Xy Xi, = xi;, j=0,....r|,i = 1,....m. Note that the definition of z
does not depend on the free parameter 6. Thus, only one (expensive) round of calculations of
conditional expectations is needed for a given 0, producing a cheap-to-evaluate function in 6,
which can then be fed into any maximization algorithm.
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For any given 6, the calculation of the numbers z?, e ,2;9; requires running the forward-reverse
algorithm for conditional expectations. More precisely, using the Markov property we decom-
pose

= Eg[hi(xo,---,XN)lxij =X,y J= 0,---,F]

1
r

= ZE@;[[’[{(XZ']H, ‘e ,Xl'j) Xij—l = xijfl,Xij = x,'j .
j=1
All these conditional expectations are of the Markov-bridge type for which the forward-reverse
algorithm is designed. Hence, for each iteration of the EM algorithm, we apply the forward-
reverse algorithm r times, one for the time-intervals i;_i,...,i;, j = 1,...,r, evaluating all the
functionals #{, ..., h;, at one go.

4.1. Choosing the reverse process. Recall the defining equation for the one-step transition
density ¢ of the reverse process given in (2.12). For simplicity, we shall again assume that
the forward and the reverse processes are time-homogeneous, implying that can be
re-expressed as
_ pzy)

Y2
Notice that in this equation only p is given a-priori, i.e., the user is free to choose any re-
normalization ¢ provided that for any y € R¢ the resulting function z — ¢(y, z) is non-negative
and integrates to 1. In particular, we can turn the equation around, choose any transition
density ¢ and define

q(y,2)

_ P&y
U(y,2): et

Note, however, that for the resulting forward-reverse process square integrability of the pro-
cess Y is desirable. More precisely, only square integrability of the (numerator of the) complete
estimator corresponding to (see [3.0.1) is required, but it seems far-fetched to hope for
any cancelations giving square integrable estimators when Y itself is not square integrable.
From a practical point of view, it therefore seems reasonable to aim for functions y satisfying

y=1,

i.e., to try to find functions ¢ which are bounded from above by a number slightly smaller
than 1 and bounded from below by a number slightly smaller than 1. Indeed, note that V is
obtained by multiplying terms of the form (Y, Y,+1) along the whole trajectory of the reverse
process Y. Hence, if ¢ is bounded by a large constant, V' could easily take extremely large
values, to the extent that buffer-overflow might occur in the numerical implementation — think
of multiplying 100 numbers of order 100. On the other hand, if i is considerably smaller than
1, Y might take very small values, which can cause problem in particular taking into account
the division by the forward-reverse estimator for the transition density in the denominator of
the estimator[3.0.11

Heuristically, the following procedure seems promising.

mifym— fR‘, p(z,y)dz can be computed in closed form (or so fast that one can think of a
closed formula), then choose

W) = Yy, 2) = fR ez
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m Otherwise, assume that we can find a non-negative (measurable) function p(z,y) with
closed form expression for fR,, P(z,y)dz such that p(z,y) = p(z,y). Then define

_Py)

Joa P y)dz

which is a density in z. By construction, we have

Wi.a) = 2 f Bz, yydz L&),
q(,2) R p(z,y)

implying that we are (almost) back in the first situation.

q(y,z) =

Remark 4.1. Even if we can, indeed, explicitly compute ¥(y,z) = fRd p(z,y)dz, there is no
guarantee that Y has (non-exploding) finite second moments. However, in practice, this case
seems to be much easier to control and analyze.

4.2. Complexity of the forward-reverse algorithm. We end this general discussion of the
forward-reverse EM algorithm by a refined analysis of the complexity of the forward-reverse
algorithm for conditional expectations as compared to [1].

Theorem 4.2. Assume that the transition densities p and ¢ have full support in R? E] Moreover,
assume that the kernel K is supported in a ball of radius R > 0. Then the forward-reverse
algorithm for N forward and reverse trajectory based on a bandwidth proportional to N~'/¢ can
be implemented in such a way that its cost is O(N log N) as N — co.

Proof. In order to increase the clarity of the argument, we re-write the double sum in the
forward-reverse algorithm to a simpler form, which highlights the computational issues.
Indeed, we are trying to compute a double sum of the form

N N . )
(4.3) Z Fi K. (X,; - Y,{]),
1

=1 j=
where F; ; obviously depends on the whole ith sample of the forward process X and on the
whole jth sample of the reverse process (Y, V).

We may assume that the end points X,’;* and Yr{] of the N samples of the forward and reverse

trajectories are contained in a compact set [-L, L]¢. (Indeed, the necessary re-scaling opera-
tion can obviously be done with O(NV) operations.) In fact, for ease of notation we shall assume
that the points are actually contained in [0, 1]¢. We sub-divide [0, 1]¢ in boxes with side-length
Se, where S > R is chosen such that 1/(S €) € N. Note that there are K := (S €)~¢ boxes which
we order lexicographically and associate with the numbers 1, ..., K accordingly.

In the next step, we shall order the points X', and Y}{[ into these boxes. First, let us define a
function f; : [0,11¢ —= {1,...,1/(S€)}“ by setting

f10) == Tx1/(S,....[xa/(S ),

with [-] denoting the smallest integer larger or equal than a number. Moreover, define f, :
{1,...,1/S e} - {1,...,K} by

Bty vig) =1 = DS O™ + (- DS )™ 24 4 (ig— 1)+ 1.

1Obviously, this assumption can be weakened.
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Obviously, a point x € [0, 1]¢ is contained in the box number & if and only if f(fi(x)) = kE]
Now we apply a sorting algorithm like quick-sort to both sets of points (X,inl\’) and

(Ygl, e, YZ) using the ordering relation defined on [0, 11¢ x [0, 1]¢ by
x<y:e= fhHfilx) < LS.

Sorting both sets incurs a computational cost of O(N log N), so that we can now assume that
the vectors X7. and Y;” are ordered.

Notice that K.(x —y) # 0 if and only if x and y are situated in neighboring boxes, i.e., if
[f1(x) — i)l £ 1, where we define |a|,, := max;=; 4 |a;| for multi-indices . Moreover, there
are 3¢ such neighboring boxes, whose indices can be easily identified, in the sense that there
is a simple set-valued function f; which maps an index & to the set of all the indices f;(k) of
the 3¢ neighboring boxes [y Moreover, for any k € {1,..., K} let X'’ be the first element of the

ordered sequence of X,’;* lying in the box k. Likewise, let Yr{fk) be the first element in the ordered

sequence Yﬁ/1 lying in the box with index k. Note that identifying these 2K indices i(1), ..., i(K)
and j(1),..., j(K) can be achieved at computational costs of order O(K log N) = O(N log N).

After all these preparations, we can finally express the double sum (4.3) as

N N ) )
(4.4) Z Z FijKe(Xi - 1)

K i+ 1)=1 j(r+1)—1 ‘ '
=2, 2, 2, 2L Fuk(X.-1).
k=1 refsk) i=itk)  j=j(r)

Regarding the computational complexity of the right hand side, note that
K = O(N),
Akl < 3%,
itk + 1) —i(k) ~ (Se)’N ~ SYN~'N = O(1) on average,
jr+1)—j(r) ~ (Se)!N ~ SIN~'N = 0(1) on average.

Hence, after all the pre-computations of total cost O(N log N) the final summation (4.4) incurs
a computational cost of order O(N). O

Remark 4.3. As becomes apparent in the proof of Theorem the constant in front of the
asymptotic complexity bound does depend exponentially on the dimension 4.

4.3. A discrete Cox-Ingersoll-Ross example. Consider the Markov chain given by
(45) Xnt1 = Xy + 10— Xp) At‘"‘j-anP/ AWyi1,

where At is fixed and AW, are independent random variables distributed according to N (0, Af).
Moreover, we assume that 0 < y is fixed and known. The other parameters o, 4 and 6 are not
considered known and need to be estimated. We are mainly interested in the case y = 1/2,
which corresponds to some kind of Euler discretization of the Cox-Ingersoll-Ross model from
finance.

2To make this construction fully rigorous, we would have to make the boxes half-open and exclude the boundary
of [0, 1]9.
3Strictly speaking, only those boxes which are not neighbors of the boundary of [0, 1]¢ have 3¢ neighbors.
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For the forward-reverse algorithm, we next need to specify the reverse chain. In this case, we
propose to take the following reverse chain:

(4.6) Yor1 = Yo = A0 = Y) At + T |V AWps.

In order to get the dynamics of Y, we need to derive the normalization function  between the
one-step transition densities p of the forward and ¢ of the reverse processes. (We suppress
the indices as we are in a time-homogeneous situation.) For together with the one-
step transition densities are normal densities in the forward variables,

(y — x — A6 — x)AL)?

px,y) = Voo T exp (_ 202 [P At )
1 (z—y+ A6 — y)Ar)?

0D iy P (_ 202y At ) |

Hence, we get

(4.7) w(y,z):p(z’y):’yyex (_ 1 [(y—z—/l(é’—z)At)2 (z—y+ A0 - y)A;)ZD

q0.2) Iz 202A1 e v

Z
Up to constant terms (in the un-known parameters o, 4 and 6), the log-likelihood function of a
sequence of observations x = (xo, . .., xy) of the full path of the process X is given by

N
tc (0, 4,0;x) = log []_[ p(xi-1, xi))

i=1

N 2
1 (x; = (1 = AADx;—1 — AOAY)
=-Nlogo —
8T T a0 Z Ixio1 >

N1 ! i il 21 = Aap N
= —Nlogo - - t
27T 2028 L P i
2
— 210At + (1 = AAn)?
|x,-_1| i 1|2y
+ 240A1(1 — AAHN—L — + P6AP ]
|xi— 1| Y |xi—1] 24
Again, assume that we actually observe x;,,...,x; withip = 0 < --- < i, = N, while the
remaining points x;, j € {io,..., i}, are assumed to be unobserved. Define random variables
Zp := N and
N N
X;
7z = _
Z: Sld Z; IXi1 Y
Xl IX 1
Z3 = Z4 = )
X Zl X1
N N X2

Xi-1 i1
Zs5 = , Zg = .
Z* X1 [ Z Xi-1 [

Hence, we have with X = (Xp, ..., Xn)

. (0,4,0,X) = -Zylogo —

1
5 2At[21 —2A0AtZ, — 2(1 — AANZ3
o

+ PPAPZy + 220A1(1 — AADZ5(1 — AA1)* Zs).
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Then we do the E-step. Given guesses o, 1", 6" for the parameters, let
zi := Bon o [ Zi Xiy = Xigo- ., Xi, = %], 1=0,...,7,
and observe that
Q(0, 4,0, 2",0" Xigs ..., Xi,) i= Bon ngn [ € (0, 4,0, X)| Xy = Xigs .., Xi, = X, ]

1
= —20 IOgO' — M[Z] —2A60Atz0 — 2(1 — AAD)z3

+ 1202 Az4 + 220A1(1 — AAD)z5(1 — AAL) z6].

Remark 4.4. Note that in particular z4 will only be defined when y < 1/2, which we assume
from now on. Indeed, unlike in the continuous time CIR model, there are no possible parameter
regimes preventing the process to become negative with positive probability. Of course, there
are other possible discretizations of the CIR model which lead to Markov chains which do
not have the problem of non-integrability of the log-likelihood function. For instance, we can
consider the logarithm of the CIR process (assuming the Feller condition to hold), compute its
dynamics by Ito’s formula and then discretise the resulting stochastic differential equation.

The first order conditions for finding the maximum of (o, 4, 60) = Q(o, A,6;0", 2", 0"; x;, ..., x;.)
are given by

0rQ = —2 4 ——[z1 — 2A0A1z, — 2(1 - AAD)z3
o oAt
+ AP APz + 2A0A1(1 — AADzZs(1 — AAD Z6],
0,0 = ———=—[-20Atz> + 2Atz3 + 2A6°Ar
Q0 20'2At[ 2 “ “
+20A1(1 — 2AAt)z5 — 2A1(1 — AAD)z6],
A
890 = ———=—[-2Atzy + 200A%z4 + 2A1(1 — AAD)z5],
202At

and we obtain the maximizers given by

o 732 — 2202375 + 2125 + 2326 — 212426

>

Atz (z§ ~ 24%)
2374 — 2225 + Zg — Z4%6

At (z§ - Z4Z6)
7325 — 2226

’

0= 5 .
7324 — 2235 + T5 — 2476

4.4. Simulation example: Ornstein-Uhlenbeck dynamics. In this section we apply the forward-
reverse EM algorithm to simulated data from a discretized Ornstein-Uhlenbeck process, that

is obtained from (4.5) by setting o = 1 and 6 = y = 0. The corresponding Markov chain is thus
given by

(4.8) XI’H'I = Xn + AXnAt + AWn+1,

where W, is as in Section The drift parameter 4 € R is unknown and we will employ
the forward reverse EM algorithm to estimate it from simulated data. The Ornstein-Uhlenbeck
model has the advantage that the likelihood estimator is available in closed form and we can
thus compare it to the results of the EM algorithm.
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At N bandwidth mean 1 stddevi likel. std dev likel.

0.1 2000 0.0005 0.972 0.0135 -3.402  0.00290
8000 0.000125 1.098 0.00841 -3.383  0.00062
32000 3.125e-05 1.132 0.00476 -3.381 0.000123
128000 7.812e-06 1.151  0.00236 -3.381 2.783e-05
512000 1.953e-06 1.157 0.00117 -3.381 4.745e-06
2048000 4.882e-07 1.159 0.000581 -3.381 1.005e-06

0.05 2000 0.0005 1.160 0.0141  -3.107 0.000854
8000 0.000125 1.247 0.00872 -3.103 9.867e-05
32000 3.125e-05 1.253 0.00468 -3.103 1.329e-05
128000 7.812e-06 1.265 0.00225 -3.103 3.772e-06
512000 1.953e-06 1.265 0.00111 -3.103 6.005e-07
TaBLe 1. Behavior of the forward-reverse EM algorithm for a discretized
Ornstein-Uhlenbeck model for different step sizes At, initial guess 4 = 0.5
and true MLE Ay e = 1.161 and 1.266

In each simulation run we suppose that we have known observations

X0, X10At5 - - - » X40As

for varying step size At and use the EM methodology to approximate the likelihood function in
between. We perform six iteration of the algorithm with increasing number of data points N.

In table [1l we summarize the results of two runs for the discrete Ornstein-Uhlenbeck chain.
The mean and standard deviation are estimated from 1000 Monte Carlo iterations. We find
that already after three steps the mean is very close to the corresponding estimate of the
true MLE. This indicates a surprisingly fast convergence for this example. Note also that the
approximated value of the likelihood function stabilizes extremely fast at the maximum.

Table [2] gives results for the same setup as in Table [1] but with initial guess 4 = 2 such
that the forward-reverse EM algorithm converges from above to the true maximum of the
likelihood function. We observe that the smaller step size At = 0.05 results in a more accurate
approximation of the likelihood and also of the true MLE. It seems that the step size has crucial
influence on the convergence rate of the algorithm, since for Ar = 0.05 the likelihood stabilizes
already from the second iteration.

In Figure [{] the empirical distribution of 1000 estimates for A is plotted. The initial value was
0.5 and the true maximum of the likelihood function is at 1.161. The step size between ob-
servations was chosen to be Ar = 0.1. The histogram on the left shows the estimates after
only one iteration and on the right the estimates were obtained from five iterations of the
forward-reverse EM algorithm.

Figure [2|depicts the distribution of 1000 Monte Carlo samples of the likelihood values that led
to the estimates in Figure[1] It is interesting to see that after one iteration of the algorithm the
likelihood values are approximately bell shaped (left histogram) whereas after five iterations
the distributions becomes more and more one-sided as would be expected, since the EM
algorithm only increase the likelihood from step to step towards the maximum.

Figure [3| shows the convergence of the forward reverse EM algorithm when the number of
iterations increases. We find that already after 4 iterations the estimate is very close to the
true MLE for A. After six iterations the algorithm has almost perfectly stabilized at the value of
the true MLE A = 1.16.
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At N bandwidth mean 1 stddevi likel. std dev likel.

0.1 2000 0.0005 1.5564  0.0353 -3.457 0.0134
8000 0.000125 1.312 0.0127 -3.393  0.00221
32000 3.125e-05 1.217 0.00544 -3.382 0.000351
128000 7.812e-06 1.185 0.00245 -3.381 5.817e-05
512000 1.953e-06 1.168 0.00121 -3.381 1.227e-05

0.05 2000 0.0005 1.390 0.0248 -3.108  0.00238
8000 0.000125 1.289 0.00925 -3.103 0.000130
32000 3.125e-05 1.261 0.00471 -3.103 1.451e-05
128000 7.812e-06 1.266 0.00221 -3.103 2.538e-06
512000 1.953e-06 1.266 0.00113 -3.103 5.855e-07
TaBLe 2. Behavior of the forward-reverse EM algorithm for a discretized
Ornstein-Uhlenbeck model for different step sizes At, initial guess 4 = 2 and
true MLE Ay e = 1.161 and 1.266

70
]
80
]

60
I

Frequency
30 40 50
1
Frequency
40
1

20
I
20
I

o
—

o Ja all o J L 5
r T T T 1 r T T T 1
094 096 098 1.00 1.02 1.158 1.159 1.160 1.161 1.162

estimated values estimated values

Ficure 1. Empirical distribution of 1000 estimates after one iteration (right) and
after five iteration (left) of the forward-reverse EM algorithm.
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