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Abstract. The hidden Markov models (HMM) are used in many different fields, to study the
dynamics of a process that cannot be directly observed. However, in some cases, the structure
of dependencies of a HMM is too simple to describe the dynamics of the hidden process. In
particular, in some applications in finance or in ecology, the transition probabilities of the hid-
den Markov chain can also depend on the current observation. In this work we are interested
in extending the classical HMM to this situation. We define a new model, referred to as the
Observation Driven - Hidden Markov Model (OD-HMM). We present a complete study of the
general non-parametric OD-HMM with discrete and finite state spaces (hidden and observed
variables). We study its identifiability. Then we study the consistency of the maximum likeli-
hood estimators. We derive the associated forward-backward equations for the E-step of the EM
algorithm. The quality of the procedure is tested on simulated data sets. Finally, we illustrate
the use of the model on an application on the study of annual plants dynamics. This works sets
theoretical and practical foundations for a new framework that could be further extended, on
one hand to the non-parametric context to simplify estimation, and on the other hand to the
hidden semi-Markov models for more realism.

Keywords. non homogeneous HMM, identifiability, consistency, EM algorithm

1 Introduction

The hidden Markov models (HMM, Cappé et al. 2005) are used in many different fields such as,
for example, medicine (Le Strat and Carrat 1999) to analyse epidemiologic surveillance data,
signal processing (Gales and Young 2008) for speech recognition, ecology (McClintock et al. 2020)
to reconstruct hidden or partially observed ecological dynamics, bioinformatics (Yoon 2009) for
the analysis of biological sequences, or finance (Engel and Hamilton 1990) to predict the regime
of a monetary system thanks to the exchange rate. Their interest lies the fact that they allow to
study the dynamic of a process that cannot be directly observed. Indeed, in the above domains,
the only observation available is often an imperfect information of the process (e.g. symptoms of
a disease), or another process driven by the hidden one (e.g. accelerometer data used to classify
animal behavior (Leos-Barajas et al. 2017)). In the field of HMM results have been established on
the model identifiability (Allman et al. 2009; Cappé et al. 2005) and on the asymptotic properties
of the Maximum Likelihood Estimator (MLE, Cappé et al. 2005). In practice, the MLE is
computed using the Baum-Welch algorithm, a special case of the Expectation-Maximisation
algorithm for HMM (Cappé et al. 2005).

The HMM relies on two assumptions: the hidden process is modeled by a Markov chain,
and the observations are independents given the hidden chain. In some cases, this structure
of dependencies is too simple to describe the dynamics of the hidden system. In particular,
the transition probabilities of the hidden Markov chain can also be dependent on the current
observation, as we will see in some examples below. In this work we are interested in extending
the classical HMM to this situation. We refer to the new model as the Observation Driven -
Hidden Markov Model (OD-HMM) exemplified below, which is an adaptation of a HMM where



the next hidden state depends not only on the current hidden state but also on the current
observation. Theoretical results and inference algorithms for HMM do not apply directly to
the OD-HMM, mainly because in the OD-HMM the transition probabilities are not constant
across time, they depend on the current observation. For this new dependency structure, it is
necessary to study conditions for model identifiability and properties of the MLE. Furthermore,
the forward-backward equations of the Baum-Welch algorithm must be adapted.

To highlight the usefulness of the OD-HMM, we present here two applications where the
hidden process dynamics are driven by the observations, one in ecology and one in finance. The
structure of the classical HMM is not always suitable to study the development of a partially
observable species, in particular when the hidden and the observed processes represent two
different life stage of the species, one dormant and one non dormant. Let us consider the case
of plants. In practice we can only observe the grown plants while the seeds into the soil are
not reachable. The seeds remain in the soil for several years. This make relevant the use of a
model with hidden dynamical state like a HMM. However, in addition new seeds produced by
the grown plants enter the soil each year. A classical HMM does not model this latter event, the
OD-HMM is more suited.

The OD-HMM can also be used in finance as an extension of the Hamilton’s Markov-switching
Model (Hamilton 1989), to study series of financial data that oscillates between two regimes.
The characteristics of the observed financial data (e.g. mean, variance) depends on the hidden
regime. In Engel and Hakkio (1996) the authors propose a study of the exchange rate of the
European monetary system which can be in a ’stable’ or 'volatile’ regime, which is unknown,
from observations of the latter. The dependence structure of this model is similar to that of the
OD-HMM, since the exchange rate observed at time ¢ — 1 influences the regime it is in at time ¢.

Extension of HMM to the case where the current observation influences the transition of the
hidden chain has already been considered, on one hand for particular applications and on the
other hand from a theoretical point of view to study the properties of the MLE.

Indeed, the OD-HMM has been used in ecology to model the dynamics of annual plants
(Pluntz et al. 2018; Le Coz et al. 2019). In Pluntz et al. (2018), the proposed model is a
parametric model for presence/absence of seeds as hidden states and the presence/absence of
grown plants as observations. The simplification assumption considers a fixed probability of
seed production equal to 1. Parameter estimation is performed by reformulating the model
into the framework of classical HMM and applying the Baum-Welch algorithm. In Le Coz et
al. (2019), the model takes into account dispersal of seeds from one patch to another, using
multiple interacting chains. The parametric model is still specific to plants dynamics and the
associated estimation method based on EM is proposed. So, these articles present parameterized
OD-HMM dedicated to annual plants dynamics.

From a theoretical point of view, there is a multitude of resources available about the consis-
tency of MLE for the classical HMM (Baum and Petrie 1966; Leroux 1992; Gamiz et al. 2023),
which we could have adapted to the OD-HMM case. However, there exists theoretical works
on the properties of the MLE for more complex dependency structures between observations
and hidden states than in the classical HMM (Ailliot and Peéne 2015; Pouzo et al. 2022), in-
cluding the OD-HMM case. In Ailliot and Peéne (2015) the authors define the framework of
non-homogeneous Markov-switching models and propose a study of consistency of MLE of a
general model with dependency between the observations themselves at multiple times and be-
tween observations and hidden states and some applications in ecology. In this work the state
spaces can either be continuous or discrete but the results are given in the continuous case. The
dependency structure of the OD-HMM is a particular case of the general framework of Ailliot
and Pene (2015), however they do not consider it in the different particular cases they study.
In Pouzo et al. (2022), the author established sufficient conditions for the consistency and the
local asymptotic normality of the MLE for a Markov regime switching model where transition
probabilities can depend on covariates. Their results are established in the case where the obser-
vations state space is continuous and the hidden state space is discrete. In conclusion, the works
related to the OD-HMM dependency structure are either based on parameter models dedicated



to a particular application (plants dynamics or finance), or theoretical results for more general
models or with continuous state space for the observed process.

We start in section 2 by defining this model and studying its identifiability. Then, in section 3,
we study the consistency of the MLE. We also provide the necessary modifications, compared to
the EM algorithm for HMM, in the Expectation step and all detailed calculations to obtain the
associated EM algorithm. In section 4 we perform several tests on simulated data in order to
evaluate the quality of the EM estimates. Finally, in section 5, we illustrate how the model can
be used to obtain knowledge on the mechanisms driving the development of an annual plant, in
particular on the survival of seed in the soil.

2 The non parametric OD-HMM
2.1 Model definition

Let us consider two sets of random variables, indexed by (discrete) time: Y;, the observed system
at time ¢, with state space Qy = {1,..., D} and Z; the hidden state at time ¢, with state space
Qz ={1,...,5}. We denote the vector of the observations between ¢t = 0 and t = M by Yo.\s =
(Yo, Y1,Y5, ..., Yar). In the same way, the vector of the hidden states between ¢ = 0 and ¢t = M is
denoted Zy.pr = (Zo, Z1, .-, Zpr). In the most common version of a HMM, presented in Figure 1a,
(Z;) is a Markov chain and P(Yo.ar = yo.ar | Zo-vr = 2zo:m) = Hi\io P(Yy =y | Zs = z)t.

Here we consider an extension of the classical HMM, where the observation Y;_; has an
influence on the next hidden variable Z;. This corresponds to the graphical representation of
conditional independencies shown on Figure 1b.

The joint distribution of (Zo.ar, Yo.ar) is fully determined by the following distributions.
The initial probability is noted 7(z¢), where:

Vzo € Qz,m(20) = P(Zy = 20).
The emission probability is noted R(z:,y:), where:
Vzr € Qz,y1 € Uy, Rz, i) = P(Ys = wil Zi = 21).
The transition matrix is noted Py, ,(z¢—1, 2:), where:
V(Ztyztfl) € QQZuytfl € QY;Pyt,l(thhzt) = P(Zt = Zt|Zt71 =21, Y1 = Y1)

Note that due to the influence of observations on hidden states, the transition matrix de-
pends of the observation y;_1. Therefore a specificity of this model is that there are as many
transition matrices as observed states, as opposed to the classical HMM. The OD-HMM is non-
homogeneous.

Eventhough the model is non-parametric, for the sake of simplicity, we will refer to these dis-
tributions as the model parameters. Since they are all probabilities with a constraint to sum up to
one, the set of parameters is 6 = (P,(2',2),y € Qy, 2 € Qz,2z€ Qz\{S}) U (R(y, 2),y € Qy\{D}),

in which there is no the initial distribution 7 because it is not estimated. It takes values in
0 = [0,1]/%zl(2zI=DIQy [+(Qv[-DIQz]

Definition 1 (OD-HMM). (Z;,Y;) is said to follow an Observation Driven HMM (OD-HMM)
if the conditional independencies between observed variables and hidden states as described in
Figure 1b. The OD-HMM with parameter 6 is denoted MOODHMM.

1. By convention, we use uppercase letters, Z; or Yi, for the random variables and lowercase letters, z¢ or y,
for realizations.
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(a) for an HMM. (b) for an OD-HMM.

Figure 1: Graphical representation of conditional independencies in the chain (Z;, Y}).

2.2 Generic identifiability

As explained in Allman et al. (2009), the requirement of identifiability may be too strict when
considering statistical parameter estimation. Indeed, for some models, only a subset of param-
eters of measure zero may not be identifiable and in practice estimation will perform well. So
here we consider generic identifiability and we provide sufficient conditions to ensure the generic
identifiability of the parameters of the OD-HMM. We recall first the definition of identifiability
(referred to as strict identifiability in Allman et al. (2009)) and generic identifiability.

Definition 2 (Strict identifiability). Let F(©) = {IPy,0 € O} be a family of probability distri-
butions. We say that the model’s parameters 0 are strictly identifiable if Py = Py implies that
0=¢.

Definition 3 (Generic identifiability). Let F(0©) = {Py,0 € O} be a family of probability distri-
butions. We say that the model’s parameters 0 are generically identifiable if the elements of ©
that do not satisfy Py = Py = 0 = 0’ are of mesure zero in the parameter space.

It means that any observed data set has probability one of being drawn from a distribution
with identifiable parameters. In Allman et al. (2009) the authors have established the following
proposition on generic identifiability for HMM.

Proposition A (Generic identifiability for HMM (Allman et al. 2009)). The parameters of an
HMM with r hidden states and k observable states are generically identifiable from the marginal
distribution of 2L + 1 consecutive variables provided L satisfies:

L+k-1
( E—1 )27’

In order to establish sufficient conditions for the generic identifiability of the OD-HMM
parameters ¢, we first reformulate the model MGPHMM into an equivalent HMM, MEMM
with the dimension of the state space of the hidden variable being r = |Qz| x |Qy]| and an
observed state space of dimension k& = |Q2y|, and whose transition and emission probabilities are
functions of §. Using Proposition A we establish sufficient conditions for the generic identifiability
of the parameters of ./\/lH MM — Then we establish that there is a one-to-one map between the
two formulations, i.e. if 9 # 0" then MIMM and MIEMM are not the same model. Therefore
the condition for generic identifiability holds also for the original OD-HMM model, MOOD HMM

Let us first present the reformulation of a OD-HMM model (Z;, Y;) as a HMM. The hidden
variable is H; = (Z;,Y:) € Qz x Qy and the observed variable is a copy of Y; i.e. Oy =Y, €
Qy. The couple (Hy, O;) satisfies the definition of a HMM since H; is a Markov chain, and
conditionally to (H;) the O;s are mutually independent and each O; depends only on H;. Now,
we express PHMM the transition matrix and RMMM the emission matrix of MEMM | using the
parameters of MGODHMM:

PHMM(ht 17ht) = R(Zhyt)Pyt,l(thhzt)a
RHMM(ht,Ot) = ]l(yt=0t)'



Then, using Proposition A, we know that the parameters of MMM (ie. the elements of
the transition P™MM and the emission matrices REMM) are generically identifiable when the
observed chain is longer than 2L + 1, where L satisfies

<L+ |Qy|*1

o) = e

It is easy to show (see Appendix A) that two different parameters 6 and 6’ of an OD-HMM
that lead to the same transition matrix PHPMM and the same emission matrix RTMM  are equal
(6 = 0'). Therefore, generic identifiability also holds for M§PHMM

Proposition 1 (Generic identifiability for OD-HMM). The parameters of an ODHMM with |Q2z|
hidden states and |Qy | observable states are generically identifiable from the marginal distribution
of 2L + 1 consecutive variables provided L satisfies:

<L+ |Qy|—1

i EU A

Example 1. For Q7 = 2 and Qy = 2, the parameters 0 are identifiable as soon as the chain
has more than 2L + 1 = 7 observations. Indeed,

(L+21)>2><2 = L>3.
291

3 Maximum likelihood estimation

We are interested in the calculation of the Maximum Likelihood Estimator (MLE), noted 0,
defined by the following formula:

0 = arg max L(0; yo.a1),
0
where L(6;yo.01) = Po(Yo.nmr = yo.ar) is the likelihood.

3.1 Consistency
We work on probability space (Qz x Qy, P(Q2z x Qy ), Py, 0 € ©) and with a reference measure p.

As shown in Ailliot and Peéne (2015, theorem 2) we can obtain the consistency of the MLE
of a more general model, named Non Homogeneous Markov-Switching Auto-Regressive model
(NHMS-AR model) in which the state spaces can be either continuous or discrete, but the
results are given in the continuous case. The NHMS-AR model is based on the two following
assumptions:

e the distribution of Z;, conditionally to {Zy = zp}y <+ and {Yy = yu }r<¢, only depends on
Yt—s:t—1 and z;_1, where s € {1, ...,t}.

e the distribution of Y;, conditionally to {Zy = z¢}y<¢ and {Yy = yw }r<¢, only depends on
Yi—st—1 and z.

Thus, the OD-HMM is a particular case of the NHMS-AR model, where s = 1 and where ¥,
does not depend on y;_;. Besides the chain (Z;) is also non homogeneous with respect to the
time, because P, depends on y.



So, to adapt the work of Ailliot and Péne (2015) to the case of the OD-HMM MLE, we
consider the transition matrix of the couple (Z;,Y;) noted:

Y(i,a), (j,b) € Qz x Qy, Py(i,a;j,b) = Pa(i, 5;0)R(j, b; 0).

Thus, the Markov chain of the couple (Z,Y;) is homogeneous, with the transition matrix Py
and the stationary distribution of the couple 7y. Besides, the marginals of 7y are noted Py and

Y — —
P, for the observed chain. Finally, Ey is the expectation taken with respect to Py.

The adaptation of the assumptions of the theorem 2 from Ailliot and Péne (2015) to the case
of the OD-HMM MLE, with our notations, takes the following form :

Al) © is a compact space ;

)
A2) The chain (Z;,Y;) is ergodic with an invariant probability for each 6 € © denoted 7y ;
)

A3) The elements of Py are absolutely continuous with respect to Py for all € © ;

(
(
(
(A4) The elements of P, and R are continuous in 6, for any y in Qy.

Under theses assumptions, theorem 2 from Ailliot and Péne 2015 becomes the following propo-
sition.

Proposition B (Consistency of the NHMS-AR model MLE (Ailliot and Peéne 2015), in the
particular case of the OD-HMM MLE). If we have :

1. 0<P,_:= min Py (20,21;0) <P, := max Py (20,21;0) <0 ;
0,20,Y0,21 0,20,Y0,21

2. B_ = Egs[|In(min 3 R(zo,Yo;0)|] < 0 ;

ZOEQZ

3. By = Egp+|| ln(méix Y R(20,Y0;0)]] <0 ;

Z(]GQZ

4. ¥9€®, > R(z2,Yy) < ©, Pyx-a.s. ;

ZGQZ
5. V0 € ©, for p-a.e., klim 11Q**(.|(Zo, Y0)) — hel| = 0, where Q**(.|(Zo, o)) is the density
—®

of (Z, Ykk) with respect to the measure p and hg is the limit density when k tends to oo.

So, for all zg € Qz, the limit values of the MLE 0 are Pgs-a.s. contained in the space {0 €

@;@g = @g*}, where 0* is the true value of the parameters.

Now, we focus on the assumptions made on the model to propose a fully adapted version of
the proposition above. Indeed, unlike the general NHMS-AR model, in the OD-HMM we assume
that the elements of Py are all strictly positive. So, this assumption leads us to the intermediate
Proposition 2.

Proposition 2. Let (Z;,Y;) follow a OD-HMM model with parameter 8 € ©. There exists an
invariant probability Tg for the Markov chain (Z;,Y:).

The above proposition allows us to ensure the existence of a stationary distribution for the
OD-HMM. In the following we will assume that the initial distribution is equal to 7y. Therefore,
the process is stationary.

Now, to completely adapt Proposition B to the case of OD-HMM MLE estimators, we first
consider assumptions (Al) to (A4) and we explain why assumptions (A1), (A2) and (A3) are
always satisfied by the OD-HMM.



(A1) The space of the OD-HMM parameters 6 is © = [0, 1]!?2/(12z[=DIQy [+(Qy [=DI2z] g0 it is
compact.

(A2) Since we assume that the elements of Py are all strictly positive, this implies that the chain
(Z,Y) is ergodic.

(A3) In the case of the OD-HMM, the state spaces are finite, so it is possible to free oneself from
the assumptions on the continuity of the fact that the continuity is locally verified.

So only assumption (A4) is necessary.
In a second step we consider assumptions (1) to (5) and we explain why there are all satisfied
by the OD-HMM :

1. Under assumption (A2), . min Py, (29, z1;6) > 0 is satisfied because the elements of P,
»20,Y0,21
are all stricly positives. Besides, since 7z and Qy are finite, , nax P, (20,71;0) < w0 is
»20,Y0,21
also satisfied.

2. The terms of the matrix R are strictly positives, so |In R(z,y;0)| < co. Also, we have
> R(z0,Yp;0) < 0. Finally, we obtain B_ < .
20€EQz

3. By the same reasoning, we have B, < 0.

4. Since Qy is finite, Y, R(z,Yp;0) is finite.

2€Qy
5. Since Q7 and Qy are finite, this assumption is verified when the chain (Z;,Y;) is ergodic.

We finally obtain the following proposition concerning the consistency of the maximum like-
lihood estimators of the OD-HMM.

Proposition 3 (Counsistency of the OD-HMM MLE). Under the assumption (A4), for all zp €

Qy, the limit values of the MLE 0 are Pyx-a.s. contained in the space {0 @;ﬁf = @;/*}, where
0* is the true value of the parameters.

Note that, since the states spaces are finite, in the non-parametric case, the assumption (A4)
is satisfied and therefore the consistency of the OD-HMM MLE estimator is guaranteed.

3.2 EM algorithm

We compute the MLE of 6 using the Expectation-Maximisation (EM) algorithm. To take into
account the dependence between the observations (Y;) and the hidden states (Z;), as shown in
Figure 1b, we propose an adaptation of the EM for HMM (Cappé et al. 2005). We could consider
estimating the MJ M model, which would allow us to use the EM algorithm for HMM without
modification. However, the transition matrix describing the hidden states H; = (Z;,Y}:) is too
large to be well estimated.

We consider the situation where we have C realizations (y..) of C' independent identically
distributed OD-HMM (Z.,Y. ), where c € {1,...,C}. In the following, we denote the vector
of hidden state at time t for chain 1 to chain C' Zy.cy = (Z14,Zay, ..., Zc). In the same
way we denote Yi.cp = (Y1,4,Y24,..., Yo i) the vector of the observations at time ¢ for the C
chains. Besides, we denote 7(z,050), Py, , (2c,t—1, 2¢,6;6) and R(zc,t,Ye,e;0) the probabilities
taken conditionally to 6.

With these notations, the complete likelihood is equal to (see Appendix B.1) :

L(6; z1.0,0:m, Y1:0,0:m) = P(Z1.c,0:m = 21:0,0:M, Yi:0,0:M = Y1:0,0:0|6)

M
= 1_[ {F(Zc,o; G)R(Zc,(h Ye,0; 0) H Pyc.t—l (Zc,t—h Ze,ts Q)R(Zc,ty Ye,t; 0)} .
t=1

c=1



The EM algorithm for OD-HMM is an iterative algorithm and each iteration is composed of
two steps. Let us consider #™) the parameter estimates at iteration m and define Q(#]6(™)) the
intermediate quantity. The two steps in each iteration are the following :

1. Expectation Step (E step): we calculate the marginal distributions involved in the expres-
sion of the intermediate quantity Q(8|6™)). Tt relies on an adaptation of the Forward-
Backward algorithm.

2. Maximisation step (M step): we update the set of parameters 6 thanks to the quantities
found in the E Step, by resolving 8"+ = arg max Q(6|6™)).
6

These two steps are repeated until the algorithm converges.

The intermediate quantity Q(0|9(m)), can be decomposed into three terms, one depending
on the initial distribution, another depending on the transition matrix and the last depending
on the emission distribution (see Appendix B.2).

QA10™) =E [ln P(Y1.c,0:m5 Z1:c,0:m10)|Y1:c,0:M = Y1:0,0:M, e(m)]

In (7(20;0)) P(Ze.o = 20|Ye.0:01 = Ye0:01,0™)
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3.2.1 E step

The EM algorithm for OD-HMM is very similar to the EM algorithm for HMM. However, the
Backward algorithm in step E has been modified to take into account the fact that the transition
matrix depends on the observation.

The E step consist in computing the marginal probabilities of interest appeared in the ex-
pression of Q(8|6(™). They are :

e VOt M,Vee{l,...C},Vz € Qg,
P (24) = P(Zey = 24| Yeonr = Ye0:a,07™);
o V1<t< MVee{l,..,C}V(2_1,2)€ Q%,

fﬁ?)(%_l,n) =P(Zep—1 = 2-1,Zct = 2|Ye0:M = Ye,0:M» olm).

To obtain pg';)(zt) and §£T)(zt,1, zt), we introduce the following variables :

. a(?)(zt), such as, V0 <t < M,Vce {1,...,C},Vz € Qy,

c

al () = P(Yeout = Ye.0rts Zow = 2/0™);

° ﬂé?)(zt), such as, V0 <t < M,Vee {1,...,C},Vz € Qy,

ﬁé?)(zt) =P(Yesri1 = Yerrr:n|Zes = 26, Yeu = Y, ™).



The E step works by using the Forward-Backward algorithm. The specificity of the Forward-
Backward algorithm for the OD-HMM compared to that of the HMM is in the expression of

ﬁg?) (z¢), because it is taken conditionally to the current observations.

(m)

In the Forward algorithm, we express a,.,’ () using the following recurrence formula (see

Appendix B.3.1 for the calculations):
Vi<t< M,Vee{l,...,C},Vz € Qg,

ag?)(zt)ZR(m)(Znyc,t) Z aﬁ?ll(zt—l)PZEle(Zt—l,Zt),

zt—1€Qz7

where ozgg)(zo) = RU™ (20, ye,0)m(20) ™.

In the Backward algorithm, we compute ,Béj?)(zt) using the following recurrence formula (see
Appendix B.3.2 for the calculations):

VO<t< M, Vee{l,....C},Vz € Qg,

ﬁ((;j?)(zt)= > R(m)(zt+1ayc,t+1>/6g?3-1(zt+l)ngTt)(ztaZt+1)a

zt4+1€Q7

where ﬂé"ﬁ(zM) = 1.

The quantities ag

follows (see Appendix B.3.3 for the calculations):
e VO<t< M,Vee{l,..,C},Vz € Qy,

T'Z)(zt) and 65?(2}/) are used to compute pg})(zt) and §£?)(zt,1,zt), as

o) (B ()
S o )BT (=)

2t€QZ

Pl (z0) =

o V1<t< MVee{l,..,C},V(z_1,2)€ Q%,

€0 (51 2) = aﬁ?ll(zt_l)Péﬁ)_l(zt_l,zt)R(m)(zuyc,t)ﬁﬁf?) (2t)
Jt t—1y%t) — m m .
’ > ol Bl ()

Zf,eQZ

3.2.2 M step

During the M step we resolve the maximisation problem to obtain the expression of updated

parameters. We express these parameters in terms of pg?z)(zt) and fg?)(zt,l, z¢) as follows (see
Appendix B.4):

o VyeQy V2, € Oz, Vzu_1 €Qy,

g (m)
cm Rt—1, % 1 ct—1=
(m+1) _ Cglt:1§7t Gt 2w )
Py (thlvzt) - )

C M (m)
Z Z Z é‘c,t (thbzé)]l(yc,f,qzy)

L] V,Zt € QZ,Vy € Qy,

cC M m)
Z Z pc,t (zt)]l(yc,t:y)

=0
CcC M (m)
Z Z pc,t (Zt)



3.2.3 Initialization and stopping criterion

To initialize the EM algorithm for OD-HMM, we simulate N;,;; sets of initial parameters values
and we run the algorithm for each of them.

The algorithm is stopped when the first of the two criteria are met: either a number Nj;,
is reached or the algorithm has converged. To check for convergence, at each iteration m, we
compute a distance between the estimation at iteration m and the one at iteration m + 1. Since
the st of parameters 6 is composed of matrices, and the rows of these matriceb all sum up to

one, we consider the following distance between the i-th row of 6™, denoted 0 , and 9§m+1> :

o5 — 655+

a(m)

)

. m m+1
dzst(&i ), l( * ) =% Z
k=1

where K is the length of 0; and 6; j, is the k-th element of the 6 i-th row. When the average
distance between all rows of 6 is smaller than a given threshold € we consider that the algorithm
has converged.

When the N;,;; algorithms have converged or stopped, we keep the best estimate, i.e. the
one that is associated to the larger likelihood. The likelihood is easily computed using the as
and s (see Appendix B.3.3).

4 Validation of the estimation procedure on simulated data

In order to validate the estimation procedure, we realised three tests of data sets simulated from
the OD-HMM with different true parameters corresponding to problems of increasing difficulty.
With the first test, the transition and emission matrices are very contrasted. In the second test,
the rows of the transition matrices are chosen close to (2, 2) In the last test, the rows of the
emission matrix are similar, so the observations bring little information on the hidden process.
The true values of the parameters for each of the three tests are presented in Table 2. In each
case, {1z and Qy are of size 2. So, by Proposition 1, the OD-HMM are generically identifiable
as soon as the chain has more than 7 observations. We describe below the protocol common to
all the tests and then we provide the results.

4.1 Protocol

For a given test, associated to the true parameters 8*, and a given C, we set the initial distribution
to m = (1,0) to simulate C' chains (Z;) and (Y:) of length M = 500. Then, we used the EM
algorithm for OD-HMM to obtain the parameters estimator 6 from the C observed chains. There
are 6 parameters to estimate. We ran the EM with Nj,;: = 10, Njte,r = 500, and € = 0.001. To
the same distance than for testing for convergence.

In order to capture the variability in the EM estimates we ran these steps 30 times. Finally
we repeated the whole procedure for increasing numbers of chains: C' = 10, 50, 100.

Table 1: True transition and emission matrices for the three tests.

] \ True parameters ‘
Test 1 | pr _ <0.2 0.8) P <0.8 0.2) R - (O.S 0.2>

0.8 0.2 02 08 02 08
Test 2 | s _ (06 04\ .. (04 06\ ,. (02 038
Fo =104 06) 77 =06 04) 7 =08 02

Test 3 «_ (02 08 «_ (08 02\ . _ (04 06
s <0.8 0.2) 02 08) % 0.6 0.4
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4.2 Results
4.2.1 First test

As expected, we noticed that the average distance between the estimation 6 and the true pa-
rameters 6* is decreasing with the number of chains. Whatever the number of chains, it is lower
than 0.1 (i.e a 10% error) which is of very good quality. The convergence rate is increasing with
the number of chains. Indeed, we have a convergence rate of 43.4% for C' = 10 chains, of 56.7%
for C' = 50 chains and finally of 83.4% for C' = 100 chains.

If we consider now specifically the estimation of the transition matrices (see Figure 2), we
observed that the median distance between Py and P is lower than 0.1 and decreasing with
C. In the worst case, the distance does not exceed 0.25 of the value of the real parameter. The
median distance between P; and Pj* is also lower than 0.1 and its ninth is lower than 0.25, but
there are some extreme values for C' = 10 and C = 50 and the distance does not decrease with
C.

The estimation of the emission matrix is of very good quality (see Figure 3): the median
value is much lower than 0.1 and is decreasing with the number of chains.

To conclude, in the case where the matrices are contrasted, i.e. the weights on the rows of P
are distant from (%, %) and the rows of R are very different from each other, the estimation by
the EM algorithm for OD-HMM is satisfactory.

0.5 0.5
0.4 0.4
203 803
c j
g 8
2 @
Qo2 o2
0.1 0.1
0.0 0.0
10 50 160 10 50 160
Number of chains Number of chains
(a) distance between Py and Pgf (b) distance between P; and Pj¥

Figure 2: Boxplot of the distance between the estimated transition matrices and the true ones
depending on the number of chains, and for the first test.

4.2.2 Second test

Now, the weights on the rows of P are closer to (%, %) than in the first test. So, in theory
estimating the transition matrices should be more difficult. This is the case, however, the
average distance between the estimated and the true parameters remains lower than 0.15, it is,
on average, of 0.143 for C' = 10 chains, 0.138 for C' = 50 chains and of 0.127 for C' = 100 chains.
We notice that it is decreasing with the number of chains. The distance for C' = 10 is greater
than the others but we can put it in perspective with the fact that the rate of convergence is
only 40%. For the other values of C' the convergence rate is increasing until 100% for C' = 100.

The distances for the transition matrices and for the emission matrices are displayed sepa-
rately on Figure 4 and Figure 5. There is no more systematic decrease of the distance with C.
We can see that the distance between 150 and PJ remains low while the distance between 151 and
Pj* has increased compared to test 1. The median distance between the estimated and the true
emission matrix remains of very good quality eventhough with more variability than for test 1.
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Figure 3: Boxplot of the distance between the estimated emission matrix and the true one
depending on the number of chains, and for the first test.
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Figure 4: Boxplot of the distance between the estimated transition matrices and the true ones
depending on the number of chains, and for the second test.
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Figure 5: Boxplot of the distance between the estimated emission matrix and the true one
depending on the number of chains, and for the second test.
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4.2.3 Third test

The third test is the more difficult: since the rows of the emission matrix are similar it is more
difficult than for tests 1 and 2 to know which hidden state has generated the observation. One
consequence is that for test 3 we faced a problem of label switching, i.e. the roles of the 2
hidden states in the matrices were switched during the estimation. We considered that label
switching occurs when the average distance between the rows of 6% and of 0 is smaller when we
permute the hidden state than without. We observed 23.3% of label switching for C' = 10, 20%
for C = 50, and 0% for C' = 100. The distances we discuss know are obtained after correction of
label switching when present. We observed that the quality of the estimation is really less good
than in the two first tests. Indeed, the average distance between the estimated parameters and
the true ones is decreasing from 0.22 to 0.15 when C increases, which is larger than before. The
poor estimation quality for C' = 10 can be explained by the fact that 33% of the estimates did
not converge. For the other values of C the convergence is 97% then 100%.

If we look separately at the transition matrices (Figure 6) and the emission matrix (Fig-
ure 7), we observed that the quality of the estimation of the former is strongly degraded while
the estimation of the latter is of quality similar to that of the other tests.

0.5 0.5
0.4 0.4
0.3 20.3
[ = c
] k]
@ @
0.1 0.1
0.0 0.0
10 50 100 10 50 100
Number of chains Number of chains
(a) distance between Py and Pg (b) distance between P, and P;*

Figure 6: Boxplot of the distance between the estimated transition matrices and the true ones
depending on the number of chains, and for the third test.
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Figure 7: Boxplot of the distance between the estimated emission matrix and the true one
depending on the number of chains, and for the third test.

13



5 Illustration on simulated dynamics of a real ecological
system

In this section, we present the use of the OD-HMM for modeling annual plants dynamics. Based
on a real use case and using simulated data, we propose two studies. First we illustrate the
discriminating power of the model. Second we illustrate how a key statistics of the dynamics
can be estimated from data using the model and the EM algorithm.

5.1 The model for annual plants dynamics

The model we use is that of Pluntz et al. (2018) who described a parametric OD-HMM for annual
plants. The model take into account four mains processes of plants dynamics. Germination is
the transition from seed to adult plant. The probability of germination is denoted g. Seed
production characterizes the ability of plants to produce and disperse seeds into the soil. The
probability of seed production is denoted d. Seed survival designates the fact that the seeds stay
in the soil from one year to the next. The probability of seed survival is s. Finally, colonization
represents the arrival of exogenous seed, for instance by wind. The probability of this event is
c. The time step is the year The observation Y; represents presence or absence of standing flora,
while the hidden state Z; represents presence or absence of seeds in the soil at year ¢.

From probabilities g,c,d and s we can construct the matrices P, P;* and R* as shown in
Pluntz et al. (2018).

B = ((1 —10)_(16— s) 1—(1 _CC)(I - 5)> 7

B (I-¢)(1—-4d) 1-(1-¢)(1-4d)
P ((1—0)(1—d)(1—s) 1—(1—0)(1—d)(1—3)>’

1 0
R = .
(1—9 9)

To understand how to derive this expressions, let us describe how to obtain P;(1,0) =
P(Zey = 0| Zey—1 = 1,Ye—1 = 1). It is the probability that that there are no seed in the
soil at time t, knowing that there were seeds in the soil and standing flora at ¢ — 1. Thus, the
colonization, the production of seed and the survival of seeds has not succeed, which occurs with
probability P;(1,0) = (1 —¢)(1 —d)(1 — s).

Note that Py, P, and R can be computed from g,c,d and s but the opposite operation is
not possible. Furthermore, in Pluntz et al. (2018), d is set to 1 and not estimated. So in the
following we will use the values of colonization, dispersion and survival probabilities obtained by
Pluntz et al. (2018) for two species, and we will choose an arbitrary value of d to to construct
the matrices defining the OD-HMM and simulate data. Then we will use EM to estimate these
matrices, not the four parameters.

5.2 Possibility to detect the absence of seed survival

Here, the objective is to test if the above EM OD-HMM is able to detect that a plant does not
use seed survival (meaning that it will instead use colonization to avoid extinction), by using a
model selection approach and the Bayesian Information Criterion (BIC, (Raftery 1995)).

In the case where s = 0, the two transition matrices are expressed as follows:

(1-c ¢ (A=)l —-d) 1-(1-¢)(1—-4d)
PO_((l—c) c)’ Pl_((l—c)(l—d) 1—(1—0)(1—d))'

The two rows of each transition matrix are equal. This corresponds to a constrained OD-
HMM with less parameters to estimate (4 instead of 6). We modified the M-step of EM to
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take into account this constraint. The corresponding formula for updating the P, matrices is:
vya 2ty Zt—1 € QY X QQZa

cC M (m)
Z Z Z gc,t/ (thl?zt)]l(yc,t—lzy)

c=1t=1 Zt—le{ovl}
cC M

Z Z ]l(yc,t71=y)

c=1t=1

Pt (21, 2) =

For this test, we used the parameter values estimated in Pluntz et al. (2018) for the species
Taraxacum officinale, i.e. ¢ = 0.22, g = 0.3, and we fixed s = 0 and d = 0.5. We obtained the
following transition and emission matrices:

0.88 0.22 0.44 0.56 1 0
* _ . pE _ .
Py = <0.88 0.22) P = (0.44 0.56) BT = (0.7 0.3) ’
We considered them as the true parameters 6* and we used them to simulate C' = 100 observa-
tions sequences of length M = 500 which form the data. Based on these data, we estimated two
models with EM: a full OD-HMM without constraint, M, and a constrained OD-HMM, M.,

where we impose that the 2 rows of each transition matrices are equal. Then we computed BIC
for the two models. The formula of BIC for a model M, with associated MLE 0, is:

BIC(M) = —2In(L(6p1)) + K In(C x M),

where L is the likelihood and K x4 is the number of free parameters. For the full OD-HMM there
are Kr, = 6 parameters. For the constrained OD-HMM there are Ky, = 4 parameters.

We repeated this experimentation 50 times by simulating 50 data set from the same true
parameters §*. We obtained that BIC(M.) is always lower than BIC(My), which means that
the constrained model M, is better than the other. Besides, the difference between these two
BIC criteria is, on average, of 20.53, and its minimal value is 15.14. As presented in Raftery
(1995), a difference greater than 10 can be interpreted as a strong evidence for the selected
model. So, we can conclude that the OD-HMM model is able to detect the absence of survival
with strong evidence.

5.3 Estimation of the average time of seeds stock persistence

Now we illustrate how the OD-HMM can be used to estimate how long can there be seeds present
in the soil. For that, we used the parameters estimated by Pluntz et al. (2018) for the species
Alopecurus Myosoroides to generate a pseudo true data set, with C' = 100 chains of length
M = 500. For this species, g = 0.59, s = 0.51, ¢ = 0.09 and we choose d = 0.5, which leads to
the following true transition and emission matrices:

pF < 0.91 0.09 >~P* _ <0.455 0.545> RE ( 1 0 >

0 0.4459 0.5541) "1 0.223 0.777)° 0.41 0.59)°
From these data we estimated I:’O, Py and ]?i, with the EM algorithm for OD-HMM. Then, we
simulated the trajectories of 100 chains of length 500 from which we estimated the average time
of continuous presence of seeds in the soil (average duration of seed stock persistence). For sake
of comparison, we realized the same estimation but estimating an HMM, instead of a OD-HMM,
from the data. The estimation was obtained by modifying the EM of OD-HMM by forcing the
transition probabilities to be equal. We compared the value of these average durations with the

empirical estimate computed on the pseudo-real data set, as shown in the Table 2.
As results, we obtained that the duration computed using the EM for OD-HMM is very
similar to the empirical estimate computed on data generated by the true model. On contrary,

the duration estimated under the assumption of a HMM model is poorer, which illustrates the
risk in ignoring the influence of the observation on the hidden state.
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Table 2: Comparison of the duration of seeds stock persistence estimated by EM algorithm for
HMM or for OD-HMM with the empirical estimates obtained from the data.

. 1st . 9th
Min. Decile Median | Mean Decile Max.
Empirical estimate 1 1 9 9.973 6 19
from data
EM for OD-HMM 1 1 2 3.155 7 22
EM for HMM 1 2 9 12.166 27 113

6 Conclusion

In this paper, we have developed a new framework, extension of the classical HMM, originally
motivated by applications in ecology and the modeling of populations dynamics when part of
the individuals are hidden. The interest of the OD-HMM goes beyond ecology, and has also
application in finance, for example to study the exchange rate regime of a money.

In these applications, the OD-HMM framework provides tools to estimate the parameters
involved in the dynamics of the systems under study. For this purpose, we have chosen to focus
on the estimation of the parameters by the maximum likelihood principle.

On the theoretical aspect, we studied the consistency of the MLE of the OD-HMM by adapt-
ing the work of Ailliot and Péne (2015) to the case of the OD-HMM. The next step would be
to prove the asymptotic normality of the MLE of the OD-HMM, either by extending the work
of Bickel et al. (1998) and Gamiz et al. (2023) proposed for a classical HMM, or by adapting
the work of Pouzo et al. (2022) proposed for more complex structures including the case of the
OD-HMM. In the same way, measuring the reliability of the system modeled by the OD-HMM
(Durand and Gaudoin 2016; Gamiz et al. 2023) may be an interesting perspective.

On the practical side, we derived the EM algorithm for OD-HMM to estimate the parame-
ters of the model. By performing three experiments, we obtained that when the values of the
true parameters P* and R*, or just R*, are contrasted, the estimation provides good results.
However, it is not recommended to use the EM algorithm for OD-HMM when the true emission
matrix R* is not contrasted. These experiments were conducted on observation trajectories of
length at most 500 to avoid the appearance of possible numerical problems. Moreover, we have
carried out the experiments for C' varying from 10 to 100 chains in order to be able to run
more tests in a faster way, although running the algorithm on a larger number of chains would
certainly improve the quality of the estimate. In the same way, although the EM algorithm for
OD-HMM presented here is built for any size of discrete and finite state spaces, we only tested
the 2 x 2 case to perform multiple experiments and to be able to detect the possible appearance
of label switching, as in the third proposed experiment. To work with more complex systems
(more trajectories and states) it would be wise to consider a parametric model, as underlined
in Bazzi et al. (2022) : " A key challenge is to specify an appropriate and parsimonious function
that links the lagged dependent variables to future transition probabilities”.

As this work stems from an application needs, in order to move towards more realism, we
plan to extend the OD-HMM to the case where the hidden chain is a semi-Markov chain (Barbu
and Limnios 2008; Abdullah and Hoek 2022; Yu 2016). The sojourn time distribution will then
be generalized to any probability distribution and not only by a geometric one as in a HMM.
Then, it will be necessary to adapt the framework of Hidden Semi-Markov Models (HSMM) to
the case of OD-HSMM by modelling the impact of observations on sojourn time distribution.
Results on identifiability of HSMM and properties of the MLE (Barbu and Limnios 2008) will
also have to be adapted, as well as the EM algorithm for HSMM to the OD-HSMM (Bulla 2006;
Barbu and Limnios 2008; Yu 2016).
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A Generic identifiability

Let us consider two ODHMM, the first one with parameter 6 and the second with parameter
¢'. They transition matrix and emission matrix are respectively P, and R, and P, and R'. We
assume that their reformulations as a HMM lead to the same model, i.e. MM 7 = MMM
and we show that this implies that 6§ = ¢’.

If the two transition matrices PMM and PMM are identical we have that

PgMM((0,0),(0,0)) = PMM((0,0),(0,0))
P;_IMM((QO)?(Ovl)) = P;IMM((QO)?(O’U)
}gMM((O’O),(OvD)) = P,™((0,0), (0, D))

Using the definition of PHMM in terms of the original OD-HMM, we obtain

Py(0,0)R(0,0) = P}(0,0)R'(0,0)
0,1) = P}(0,0)R'(0,1)

Jas
—~
=
(==
=
=
—~

};O(O,O)R(O,D) = P}(0,0)R'(0, D)

Adding all the lines leads to

Mo

R(0,d)].

NglS

Fy(0,0)[ ), R(0,d)] = F5(0,0)]

d=0 d=0

Since Z R(0,d) =1 et Z R'(0,d) =1 we obtain Py(0,0) = P{(0,0). If we replace P;(0,0) by

Py(0, 0) in the above system we obtain also that Vd € {0, ..., D}, R(0,d) = R'(0,d).

We can perform the same calculs with all possible Values for (z¢—1,yi—1,2:) and we will
obtain that Py, ,(2:-1,2:) = Py, (2t-1,2) and that Yy, € {0,..., D}, R(zt,y:) = R'(z,91)-
This establishes that if MEMM = pMEMM then MGPHMM — \QDHMM

18



B Calculations of EM algorithm

B.1 Complete likelihood expression
We recall the definition of the complete likelihood

L(0; z1.c.0.m, y1:0,0:m) = P(Vi.c0.m = Y1:c,0:M5 Z1:0,0:M = 21:0,0:M16).

Since the C chains are i.i.d we have that

C

L(0; z1.0,0:0m» Y1:0,0:M) = HP(ZC,O:M = Ze,0:M> Ye,0:M = Ye,0:M0)
1

[+)
Il

I
o

P(ZC,M = Zc,My)/c,M = yc,M|Zc,O:M—1 = Z¢,0:M—15 K),O:M—l = Z/c,o:M—h@)

Q
Il

X

1
P(Zeo:m—1 = Zeo:M—1, Ye,0:M—1 = Ye,0:m10)

C M
= 1_[ ]P(Zc,t = Zc,t7}/c,t = yc,t|Zc,t—1 = Zc,t—l,ﬂ,t—l = Yec,t—1, 9)
c=1t=1
X P(Zeo = 2c,0, Ye,0 = Ye,0l0)
cC M

n H Yeir =vet|Zet = 26, O)P(Zey = zep|Zep—1 = Zep—1, Yet—1 = Yep—1,0)
i

X ( ¢,0 = Ye, 0|Zc 0= Zc,an)P(Zc,O = Z¢,0, 9)

Finally,

c
L(yi.c,0::m, z1:0,0:m10) = n {W(ZC,O)R(Zc,O,yc,o)

c=1

¥z

Pyc,t,1 (Zc}tflv Zc,t)R(zc,ta yc,t)} .
1

B.2 Intermediate quantity calculation expression

We recall the definition of the intermediate quantity, where 8™ is the value of the parameters
at iteration m.

Q9™ =E [hl(P(YLc,o:M, Z1.c0:m10) | Yi.com = yl:C,O:M79(m):| .

We replace the complete likelihood by its expression and we take its logarithm:

C M
(n {W(ZC,O)R(ZC,Ov yc,O) H Pyc,t_l (ZC,t—lv ZC,t)R(ZC,h yC,t) })

c=1 t=1
M M
In(7(ze.0)) + (] [ R(zeits Yet)) + (] | Py, (Zet—15 2e))
t:O t=1
M

Zc 0 + Z lIl Z(',tv yc,t)) + Z hl(PyC‘t_l (Zc,t—h Zc,t))
t=1

=3

In(P(Yr.c.0.m = y1:.c,0:M» Z1:c,0:M = Z1:0,0:m10)) =

I
MQ

a
Il
it

I
MQ

Q
Il
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M M
Q010'™) =E [Z {1D(7T(Zc,0) + Y I(R(Ze, Yer)) + O, In(Py, ,(Zes1, Zc,t))} | Vicom = yl:c,o;M,e“")]
t=0

t=1

I
[
s

M
n(m(Ze0)) | Yi:com = y1;c,0:M79(m)] +E [Z In(R(Zet,Yer)) | Yicom = yl:C,O:M,H(m)]

o)

M
{E [IH(W(ZC,O)) | Yl:C,O:M = Y1:C,0: M, a(m)] + 2 E [IH(R(ZC,t,Yc,t)) | Yl:C,O:IW = Y1:C,0:M» e(m)]

M
+ E 2 ln(PYc’t,l (Zc,tflu Zci)) | Yl:C,O:M = Y1:C,0:M» e(m)

M
+ 2 E [ln(PYC,t,l (Zc,tfh Zc,t)) | YI:C,O:M = Y1:C,0: M » a(m)]}

where

E [IH(W(Z(;O)) | Yicom = yl:C,O:M79(m)] = Z In(7(2¢,0)) X P(Zeo = 2e,0|Yeonr = Y0001, 0™),

ZC=0€QZ
and

E [IH(R(Zc,taY::,t)) | Yl:C,O:M = Y1:C,0:M» e(m)] = 2 1n(R(Zc,tvyc,t)) X P(Zc,t = Zc,t|ch,0:JVI = Ye,0: M, a(m))

chtEQZ

In the same way, we have :
A=E I:IH(PYCYt_l(th—l, Zew)) | Yi.c0m = Y1.c,0:M, G(m)]

where

A= Z ln(Pyc.,tfl (Zc,tfla Zc,t))

(Zc,tazc.t—l)egé

XP(Zey = 2ep, Zep—1 = Ze—1|Ye,00M = Ye,0:M o(m))

So, we finally obtain:

Q6]0™) 2 Z (2,0)) P(Zeo = Ze0|Ye,0:1 = Ye,0:n1,0™)

c=1z2.,0€0z

cC M
+ Z:l Z Z In (Pyc,t_1 (Zc,t—lv Zc,t)) HJJ(Zc,t—l = Zc,t—1, Z(:,t = Zc,tD/c,O:M = Yec,0:M 5 e(m))

t=1 (2¢,1,2c,0-1)€Q%

S

+ 2

c

C
Z In (R(Zc,t7 yc,t)) IP)(Zc,t = Zeyt |Yc,0:]ﬂ = Ye,0:M > e(m))
=1t=0 Zc7t€S22

B.3 E Step calculations

During the E Step, we want to calculate the marginal probabilities of interest appeared in the
expression of Q(8|6("™)). We denote:
o PP (2) = P(Zey = 21l Yeonr = Yeons, 00),

. 58?)(%_1,%) =P(Zey-1 = 2-1,Zet = 2t|Ye oM = Ye,0:01,0™).
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To obtain pg?) (z¢) and fg?)(zt,l, 2t), we introduce the following variables :

o ol (z0), such as aes(z) = P(Ye0it = Yer0uts Zew = 2:/00™) 5

L4 ﬂg?) (Zt)a such as Bc,t(zt) = IP)(ch,t+1:M = yc,t+1:M|Zc,t = Zt, ch,t = Ye,ty e(m))

B.3.1 Forward algorithm for computing the as
We begin by expressing ag(zc,0) :
ol (26,0) = P(Ye = Ye0. Zeo = Ze0l0™)
P(YC,O = yc,0|Zc,O = Zc,05 e(m))P(Zc,O = Zc,0|9(m))
R(26,0,Ye,0) ™7 (26,0)™

Now, V1 <t < M, we have :

alP(2) = P(Yeoit = Yo0:t Zop = 2|00™)

P(
= P(Yeoit = Ye,0t Ze = 2,00)P(Zep = 2|0™)
= P( = Ye, t|Zc t = Z, e(m)) (Yrc702tfl = yc7O:tfl|Zc,t = Zae(m))P(Zc,t = z|9(m))
= P( et = Ye, t|Z t = Ze(m))P(YC,o:t—l = Yc,0:t—1, Zc,t = Z|9(m))
= R (2,y04) x 2 P(Ye,0:t—1 = Ye0it—1> Zes = 2 Zep—1 = Ze—1]00™)
Ze,t—1€27
= R(m) (Z7 yc,t) X
Z P(Zey = 2|Ye 01 = Ye,0it—15 Ze1 = Zes—1, 0 NVP(Ve 01 = Yer0it—15 Zesp—1 = Ze—1|0™)
Ze,t—1€80z
= R(m)(z,yat) X Z P(Zey = 2|Ye -1 = Yert—1, Ze—1 = Zc,t—lag(m)) X ag’fll(zc,t_l)
Zc,tfleQZ
= R(m)(zvyC,t) x Z Rj t) 1(cht—17z) x O[gftbzl(zqt_l)'
Zc,tfleQZ

So, we obtain the forward recursive expression

Vi<t< M, ag?) (2) = R(™) (2, Yert) Z ag'tlll(zc’t,l)Py(c t) (Zet-1,2).

Ze,t—1€827

B.3.2 Backward algorithm for computing the (s

We start by initializing ﬁ](\T)(z). By convention we set ﬁj(\:[n)(z) = 1.
Now, V1 <t < M — 1, we have :

ﬂg?)(z) = ]P)(ch,t+1:M = yc,t+1:M|Zc,t =z, ch,t = Ye,t, a(m))
= Z IP)(}/c,t-i—l:M = Yec,t+1:M Zc,t-ﬁ-l = Zc,t+1|Zc,t = Zvyc,t = yc,tae(m))

Ze,t4+1€022

m
= Z P(Ye v2:m = Yepto:m|Ye 141 = Yeu41, Zeg41 = Zc,t+179( ))

Ze,t+1€Q27

X P(Yc,tﬂ = Yec,t+1, Zc,t+1 = Zc,t+1|Yc,t = Ye,t, Zc,t = 279(7”))
Z 55,7?11(«2@“1)]}”(2@“1 = Zc7t+1|Y::,t = Ye,t, Lot = 2, e(m))

Ze,t+1€027

X P(Ye 41 = Ye,t41]Zetr1 = Zep41s o)
Z ﬁgz)rl(zcvtﬂ) X Pzgc t)(z’ Zejt1) X R(m)(zc,t+1a Ye,t41)-

Ze,t+1€027
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Finally we obtain the backward recursive expression

Vi<it<M-—-1 ﬂ(m)( ) = Z R(m)(zc,t+17yc,t+1)ﬁéj?4)-l(zc,t+l)P§C t)(Z,Zc,tH)-
Ze,t+1€Q27
B.3.3 Expression of quantities p and £ in terms of a and f :

‘We have
pUP(2) = P(Zey = 2[Yeonr = Yoo, 00™).

and we can express it as follows :

IP)(Zc7t =z, }/C,O:M = yc,O:M|9(m))
P(Ye o.M = Ye,0:m|00™)

pP(2) =

In the same way, we have :
g?)(zl, Z/) = ]P)(Zc,t—l = Zla Ley = Z/‘YC,O:M = Yc,0:M e(m))’

which we can transform as follows :

]P)(Zc,tfl = Z/a Zc,t = 2/7 ch,O:M = yc,O:M|9(m))

fém> Z/,ZI _
¢ (2,2) P(Ye,0:m = Ye,0.m[00™)

First, we express the quantity P(Y. o.p = yc70:M|9(m)), which is the likelihood, in terms of «
and 3. We have :

P(YC,OZM = yc,O:Mle(m)> = Z IP)(YVC,O:M = Yc,0:M Z ,

)

Zc7t€Slz

= Z IP)(YVQO:M = yc,O:M‘Zc,t = Zc,ty G(HL))P(ZC,t = Zc,t‘e(m))
ZC7tGQZ

= Z IP>(Y'c702t = yc70:t|Zc7t = Ze,ts e(m))P(}/c,t+l:M = yc,t+1:M|Zc,t = Zec,ts e(m))
ZC7tGQZ

X P(Zc,t = chhe(m))
= Z 6577?) (Zc,t) X IP>(}/c,0:t = yc,O:t|Zc,t = Zc,tve(m))P(Zc,t = Zc,t H(m))

Ze,t€Q 7

= ] 5ct (zet) X P(Yeoit = Yo.0:ts Zet = 2t |0™)
Ze,t€QzZ

= 2 B (zen) % al (ze0).

Ze,t€Qz

So, we have
P(YC,O:M = yC,O:M‘a(m)) Z Ol ZC t ( )(Zc,t)~

Ze, +tEQZ

e Expression of p:

Let us denote A = P(Z.; = e, Yeo0om = ycyo;M|0(m)). We can decompose A as follows:

P(Yeonr = Yoo | Zep = 2, 0™ VP(Zey = 2,40

P(Yeoit = Ye,0:t| Zest = e, 0™ VP(Yerpr1inr = Yorrs 101 Zest = 2oty Yorr = Yert, 0O )P(Zey = 2, 0™)
= ﬁét (2et) X P(Ye0it = Ye0:t| Zew = 2oty O NP(Zey = 2er, 8™)
= Bﬁf?)(zc,t) X P(Ye,0:t = Ye,0:0 Loyt = Zc,t|9(m))
= BéT)(ZC,t) l(ct)(zct)

)

22



So, we deduce that :
()87 (2)
> alP ()80 (2)

ZEQZ

pP(2) =

e Expression of ¢&:

Let us denote A’ =P(Z.1—1 = Ze.t—1, Zet = Zets Ye,0:M = Ye,0: M|<9 ) We can decompose

A’ as follows:

/ m
A = IP)(Y::,O:t72 = Ye,0:t—2 m,t:M = yc,t:M|Zc,t71 = Z¢,t—1, Zc,t = Zc,tayvc.,tfl = yc,tfhe( ))

XP(Zet—1 = Zejt—1,Zeg = Zes Yep—1 = yc,t—1|9(m))

= IP’(Yc,o:t—2 = yc,o:t—2\Yc,t—1 = Ye,t—1, Zc,t—l = Zc,t—1, a(m))P(Zc,t—l = Zc,t—1, Yoo = yc,t—1|9(m))
X IP>(Yrc7t:M = yc7t:1W|Zc,t = Zc,ty e(m))P(Zc,t = Zc,t|Zc,t—1 = Zc,t—1, ch,t—l = Yc,t—1, e(m))

=P(Yeoit1 = Yeort—1, Zet1 = Zet—1|0NVPYesirs = Yererr| Zes = 2o, 8™)

= a((/-?;lll(zc,t—l)P( (Zc7t—17 Zc7t)P(Y;7t = yc7t|Zc,t = Ze,ts e(m))

Ye,t—1

XP(Yc,tJrl:]W = Yc t+1:M|Zc,t = Ze,t Ychﬁ = Ye,t e(m))

= alP 1 (Ze1) P (zem1s 2 ) RO (2, Yo ) B (2e,t).-

Finally, we obtain :

(m) =
et (zet-1,2) = > a(m)( )3 (m)( )

ZEQZ

B.4 Step M - Solving the maximization problem
We want to solve the following problem of maximization :

0"+ — argmax Q(0]6™),
o

under the following constraints:

b Z Pyc,t—l (Zt—lazt) =1 ;

ZtEQZ

o Z R(Zc7t7yt) = 1.

y1€Qy

(We recall that we do not estimate 7().)

B.4.1 Writing the Lagrangian of the problem

We write the Lagrangian of the problem :

L= Z D1 I (w(2e.0) P(Zeo = Ze0lYeoins = Yeounr, 07) —m( D, w(20) — 1)

c=1z.0€e0z 20€Qz

c
2
=1

= M2(Ye,t—1, Zet—1)( Z Py.ooy (zep-1, Z)—1)

Z/EQZ

M:

t

1 (zc,tyzc,tfl)EQQZ

+

Mo
M=

1t OzcytEQZ yeQy

c
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A (e 1) Py (Ze—1, 2) RU™ (2, y,) BU7 (2)

Xnyl

(Zc,t—la Zc,t)

Z In (Pycyt,l (Zc,t717 zc,t)) I[D(Zc,tfl = Zc,t—1, Zc,t = Zc7t|ch,0:M = Yc,0:M 5 e(m))

Z I (R(ze.t: Ye.t) P(Zet = zea|Yeorr = Ye.o:ar, 07™) = na(ze.)( Z R(zer,y) — 1)



B.4.2 Resolution

e For P?fmﬂ)(z,z’) :

Ma
Mz

IP)(Zc,tfl =z, Zc,t = Z/|Y::,O:M = yc,O:Mve(m))]l(y:yc,t,l)

[+
Il
—_
~+
Il
iy

oL
O0Py(z,2") =0< Py(z,2") =2y, 2)

¢
Nl
M=

IED(Zc,tfl =2z, Zc,t = Z/|Y::,O:M = Yec,0:M > e(m))]l(ycyt,lzy) = 772(y7 Z)

o)
X i

I
e
S
N —
N\
~—

{
e
M=

P(Z t—1 = 2, Zc,t = Z/|YC7OZM = Ye,0:M 5 e(m))ﬂ(yc,t_lzy) = 772(ya Z)

(e}
Il
—_
o~
I
[
LS
m
-
L]
N

X
<
=
0

w
—

N\
m
2
N

¢
e
M=

]P(Zc}tfl =z, Zc,t = Z/|YC,O:M = Ye,0: M, e(m))]l(ycﬁt,1:y) = 772(1/7 Z)

)
Il
—
~+
Il
—
N\
m
2
N

So, we obtain :

=

P(Zei1 =2 Zep = 2 |Yeours = Yeoonr, 0 iy, =y

[
o+
Il
—

| LE0

m+1 _
Pmi(z,2) =

]P)(Zc,tfl =z, Zc,t = ZI|YC,0:M = Yc,0:M e(m)ﬂl(yci_l:y)

i

—
~+
I
—
S
m
te]
N

e For R(z,y)(m+1) :

Ma
Mz

or ]P)(ZCJ = Z|Y::,O:M = yc,O:Mve(m))]l(yc.t:y)

O0R(z,y) =0< R(z,y) = 13(2)

Q
Il
_
o~
Il
fut

()
Ma
=

P(Zet = 2|Ye0in1 = Ye0iar, 01y, ,—y) = n3(2)R(2,7)

Q
Il
_
o~
Il
—

Z P(Zc,t = Zle,O:M = yc,O:M76(m))]1(yc,t=y) = 773(2) Z R('Zvy)

yeQy

U
1
=

(\
I
—
-
I
-
<
m
2
=

¢
[Ma
M=

]P(Zc,t = Z|Y::,O:M = yc,o:M,H(m)) Z ]l(ycwt:y) = 773(Z)

yeQy

a
Il
—
&~
Il
—

P(Zey = 2|Ye0:m = Ye0iar, 0™) = 13(2)

()
[Ma
M=

Q
Il
-
o~
Il
—

So, we have :

cC M
21 tz IP)(Zc,t = Z|yc,():M = Yc,0:M a(m))]l(yct:y)
R(z,y)"+) = =

=1
cC M
Z Z ]P)(Zc,t = Z‘YPC,O:M = Yc,0:M g(m))
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