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1 Introduction

The purpose of this chapter is to provide a comprehensive treatment of likelihood inference for state
space models. These are a class of time series models relating an observable time series to quantities
called states, which are characterized by a simple temporal dependence structure, typically a first order
Markov process.

The states have sometimes substantial interpretation. Key estimation problems in economics concern
latent variables, such as the output gap, potential output, the non-accelerating-inflation rate of unemploy-
ment, or NAIRU, core inflation, and so forth. Time-varying volatility, which is quintessential to finance,
is an important feature also in macroeconomics. In the multivariate framework relevant features can be
common to different series, meaning that the driving forces of a particular feature and/or the transmission
mechanism are the same.

The main macroeconomic applications of state space models have dealt with the following topics.

e The extraction of signals such as trends and cycles in macroeconomic time series: see Watson
(1986), Clark (1987), Harvey and Jaeger (1993), Hodrick and Prescott (1997), Morley, Nelson and
Zivot (2003), Proietti (2006), Luati and Proietti (2011).

e Dynamic factor models, for the extraction of a single index of coincident indicators, see Stock and
Watson (1989), Frale et al. (2011), and for large dimensional systems (Jungbacker, Koopman and
van der Wel, 2011).

e Stochastic volatility models: see Shephard (2005) and Stock and Watson (2007) for applications
to US inflation.

e Time varying autoregressions, with stochastic volatility: Primiceri (2005), Cogley, Primiceri and
Sargent (2010).

e Structural change in macroeconomics: see Kim and Nelson (1999), Giordani, Kohn and van Dijk
(2007).

*Chapter written for the Handbook of Research Methods and Applications on Empirical Macroeconomics, edited by Nigar
Hashimzade and Michael Thornton, forthcoming in 2012 (Edward Elgar Publishing).



e The class of dynamic stochastic general equilibrium (DSGE) models: Sargent (1989), Fernandez-
Villaverde and Rubio-Ramirez (2005), Smets and Wouters (2003), Fernandez-Villaverde (2010).

Leading macroeconomics books, such as Ljungqvist and Sargent (2004) and Canova (2007), provide a
comprehensive treatment of state space models and related methods. The above list of references and
topics is all but exhaustive and the literature has been growing at a fast rate.

State space methods are tools for inference in state space models, since they allow one to estimate
any unknown parameters along with the states, to assess the uncertainty of the estimates, to perform
diagnostic checking, to forecast future states and observations, and so forth.

The Kalman filter (Kalman, 1960; Kalman and Bucy, 1961) is a fundamental algorithm for the statis-
tical treatment of a state space model. Under the Gaussian assumption it produces the minimum mean
square estimator of the state vector along with its mean square error matrix, conditional on past informa-
tion; this is used to build the one-step-ahead predictor of y; and its mean square error matrix. Due to the
independence of the one-step-ahead prediction errors, the likelihood can be evaluated via the prediction
error decomposition.

The objective of this chapter is reviewing this algorithm and discussing maximum likelihood infer-
ence, starting from the linear Gaussian case and discussing the extensions to a nonlinear and non Gaus-
sian framework. Due to space constraints we shall provide a self-contained treatment of the standard
case and an overview of the possible modes of inference in the nonlinear and non Gaussian case. For
more details we refer the reader to Jazwinski (1970), Anderson and Moore (1979), Hannan and Deistler
(1988), Harvey (1989), West and Harrison (1997), Kitagawa and Gersch (1996) Kailath, Sayed and
Hassibi (2000), Durbin and Koopman (2001), Harvey and Proietti (2005), Cappé, Moulines and Ryden
(2007) and Kitagawa (2009).

The chapter is structured as follows. Section B introduces state space models and provides the state
space representation of some commonly applied linear processes, such as univariate and multivariate
autoregressive moving average processes (ARMA) and dynamic factor models. Section B is concerned
with the basic tool for inference in state space models, that is the Kalman filter. Maximum likelihood
estimation is the topic of section B, and discusses the profile and marginal likelihood, when nonstationary
and regression effects are present; section B deals with estimation by the Expectation Maximization (EM)
algorithm. Section B considers inference in nonlinear and non-Gaussian models along with stochastic
simulation methods and new directions of research. Section [ concludes the chapter.

2 State space models

We begin our treatment with the linear Gaussian state space model. Let y; denote an N x 1 vector
time series related to an m X 1 vector of unobservable components, the states, ay, by the so-called
measurement equation,

y: = Loy + Geey, t=1,...,n, (D)

where Z; is an N x m matrix, G; is N x g and &; ~ NID(0, 021,).
The evolution of the states is governed by the transition equation:

[0 78| :Ttat+Htst, t= 1,2,...,%, (2)

where the transition matrix Ty is m x m and H; is m X g.



The specification of the state space model is completed by the initial conditions concerning the distri-
bution of a;. In the sequel we shall assume that this distribution is independent of &, V¢ > 1. When the
system is time-invariant and « is stationary (the eigenvalues of the transition matrix, T, are inside the
unit circle), the initial conditions are provided by the unconditional mean and covariance matrix of the
state vector, E(av;) = 0 and Var(a1) = 02P1|0, satisfying the matrix equation Py = TPy T’ + HH'.
Initialization of the system turns out to be a relevant issue when nonstationary components are present.

Often the models are specified in a way that the measurement and transition equation disturbances
are uncorrelated, i.e. H;Gj = 0, Vt.

The system matrices, Z;, G¢, T, and H;, are non-stochastic, i.e. they are allowed to vary over time
in a deterministic fashion, and are functionally related to a set of hyperparameters, § € ® C R*, which
are usually unknown. If the system matrices are constant, i.e. Z; = Z,G; = G, T, = T and H; = H,
the state space model is time invariant.

2.1 State Space representation of ARMA models

Let y; be a scalar time series with ARMA(p, q) representation:

Yo = P11+ Pyt p + &+ 01& 1+ -+ O0,E g, & ~ NID(0, 02),

or ¢(L)y; = 0(L)&, where L is the lag operator, and ¢(L) =1 — ¢ L —--- — ¢, LP,0(L) =1+ 6, L+
0,19,

The state space representation proposed by Pearlman (1980), see Burridge and Wallis (1988) and de
Jong and Penzer (2004), is based on m = max(p, q) state elements and it is such that &, = &. The time
invariant system matrices are

¢ 1.0 0 [ O+ ]
¢ 0 1 0 02 + ¢2
Z=[, 0, ] G=1T=| : : - 0| . H= :
oL 0 1 :
| om0 0 | | Om + Om |

If y, is stationary, the eigenvalues of T are inside the unit circle (and viceversa). State space representa-
tions are not unique. The representation adopted by Harvey (1989) is based on m = max(p, ¢+ 1) states
and has Z, T as above, but G = 0 and H = [1, 6y, ..., 0,,]. The canonical observable representation in
Brockwell and Davis (1991) has minimal state dimension, m = max(p, ¢), and

0 1 0 - 0 gy ]
0 o 1 . 0 V2
Z=[1, 0, ,,G=1,T= : : . . o |, H= : ,
: . o0 1 :
| bm Pmor o b1 | Um |
where 1); are the coefficients of the Wold polynomial ¢)(L) = (L)/¢(L). The virtues of this representa-
tion is that &ty = [Jgjp—15 Jer1jt—15 - - - > Ypm—1)t—1] Where Gy jje—1 = B(yes5Ye-1), Ye = {ve, y—1, - - -}



In fact, the transition equation is based on the forecast updating recursions:

m
Utrjlt = Ytgj—1lt—1 T &6, =1, om = 1, Gy = Z¢kgt+k|t—1 + Ymét.
k=1

2.2 AR and MA approximation of Fractional Noise

The fractional noise process (1 — L)%y; = &, & ~ NID(0, 0%), is stationary if d < 0.5. Unfortunately
such a process is not finite order Markovian and does not admit a state space representation with finite
m. Chan and Palma (1998) obtained the finite m AR and MA approximations by truncating respectively

the AR polynomial ¢(L) = (1 — L) = 1 — > %LJ’ and the MA polynomial §(L) =

1-L)y4=1+ E;L %LJ’ . Here.F(-) is. the Gamma function. A bc?tter option is to optain
the first m AR coefficients applying the Durbin-Levison algorithm to the Toeplitz variance covariance

matrix of the process.

2.3 AR(1) plus noise model

Consider an AR(1) process p; observed with error:

Yy = w+e € ~NID0,02),
pey1 = oue+m, 1~ NID(0,07)

where |¢| < 1 to ensure stationarity and E(€t+s) = 0, Vs. The initial condition is 1 ~ N(fi1)9, Py|o)-
Assuming that the process has started in the indefinitely remote past fi;9 = 0, Pjg = % Alter-
natively, we may assume that the process started at time 1, so that P;jg = 0 and f is a fixed (though
possibly unknown) value.
If 02 = 0 then y; ~ AR(1); on the other hand, if J% = 0 then y; ~ NID(0, 02); finally, if ¢ = 0 then
the model is not identifiable.

When ¢ = 1, the local level (random walk plus noise) model is obtained.

2.4 Time-varying AR models

Consider the time varying VAR model y; = > % _; ®riyi—r + &, & = N(0,3;) with random walk
evolution for the coefficients:

vec(Pri41) = vee(Prt) + My, Mg ~ NID(0, Xp);

(see Primiceri, 2005). Often X, is taken as a scalar or a diagonal matrix.

The model can be cast in state space form, setting a; = [vec(®1)',...,vec(®,)], Z; = [(y}_1 ®
D,....(y,,®D,G=3"T, =1 H=3%

Time-varying volatility is incorporated by writing G; = C;D; where C; is lower diagonal with unit
diagonal elements and ¢;;¢+1 = ¢ij,¢ + Cijoer J < 4, Gije ~ NID(O, ag), and D; = diag(d;;,i = 1,..., N,
Ind; 11 = Indy + ki, ki ~ NID(O, o2). Allowing for time-varying volatility makes the model non
linear.



2.5 Dynamic factor models

A simple model is y; = Af; 4+ u; where A is the matrix of factor loadings, f; are ¢ common factors
admitting a VAR representation f; | = ®f;+n,, 1, ~ N(0, %,), see Sargent and Sims (1977), Stock and
Watson (1989). For identification we need to impose ¢(g + 1)/2 restrictions (see Geweke and Singleton,
1981). One possibility is to set 3, = I; alternatively, we could set A equal to a lower triangular matrix
with ones on the main diagonal.

2.6 Contemporaneous and future representations

The transition equation (P) has been specified in the so-called future form; in some treatment, e.g. Harvey
(1989) and West and Harrison (1996), the contemporaneous form of the model is adopted, with (2)
replaced by of = Tiaf | + Hyeq, t = 1,...,n, whereas the measurement equation retains the form
yt = Z*a + G*e;. The initial conditions are usually specified in terms of oy ~ N(0, 02Py), which is
assumed to be distributed independently of &4, V¢ > 1.

Simple algebra shows that we can reformulate the model in future form (I)-(2) with o¢; = o}, Z =
Z'T*. G =G*+ Z*H".

For instance, consider the AR(1) plus noise model in contemporaneous form, specified as y; = uy +
€, iy = ouy_y +ny, with €; and n; mutually and serially independent. Substituting from the transition
equation, y¢ = pj_; + n; + €;, and setting p; = pf_;, we can rewrite the model in future form, but the
disturbances €; = 1} + ¢; and n; = n; will be (positively) correlated.

2.7 Fixed effects and explanatory variables

The linear state space model can be extended to introduce fixed and regression effects. There are essen-
tially two ways for handling them.

If we let X; and W; denote fixed and known matrices of dimension N x k and m X k, respectively,
the state space form can be generalised as follows:

vt = Ziay + XyB + Geer,  ouqr = Trog + Wi B + Hyey. 3)
In the sequel we shall express the initial state vector in terms of the vector 3 as follows:
o = &) + Wo + Hoeo, €9 ~ N(0,0°T), €

where &”{‘0, Wy, Hy, are known quantities.
Alternatively, 3 is included in the state vector and the state space model becomes:

_ gt ot A S i
Yt = Ztat + GtEt, O:Lrl = Ttat ‘l‘HtEt,
where

T W H
a;:|:gz:|7 ZI:[ZtX_t]’ TI:|:0t Ikt:|7HZ:|:0t:|

This representation opens the way to the treatment of 3 as a time varying vector.



3 The Kalman filter

Consider a stationary state space model with no fixed effect (Il)-(2) with initial condition a;; ~ N(0, 02P1|0),

independent of €, ¢ > 1, and define Y; = {y1,y2,...,y:}, the information set up to and including time
t, ayr—1 = E(a|Yy-1), and Var(ay Y1) = O'QPt|t_1.
The Kalman filter (KF) is the following recursive algorithm: fort =1,... ,n,
ve =y — Loy, Fy = ZPy, 1 Zi + GGy,

K = (T¢Py_1Z; + H,G|)F; ",
Ay = Tioy—y + Ky, Py = TiPy Ty + HiH — K F K.

Hence, the KF computes recursively the optimal predictor of the states and thereby of y, conditional on
past information as well as the variance of their prediction error. The vector vy = y; — E(y¢|Y¢—1) is
the time ¢ innovation. i.e. the new information in y; that could not be predicted from knowledge of the
past, also known as the one-step-ahead prediction error; oF; is the prediction error variance at time ¢,
that is Var(y;|Y;—1). The one-step-ahead predictive distribution is y¢|Y;—1 ~ N(Zs &1, o?F;). The
matrix K; is sometimes referred to as the Kalman gain.

3.1 Proof of the Kalman Filter

Let us assume that o ;_q, Py are given at the ¢-th run of the KF. The available information set is
Y. Taking the conditional expectation of both sides of the measurement equations yields yy; 1 =
E(y:|Y:-1) = Ziys—1. The innovation at time ¢ is vy = y¢ — ZyQyp—1 = Zy(ay — Syp—1) + Gyey.
Moreover, Var(y;|Y;_1) = o*F;, where F; = Zth_lZff + GG/. From the transition equation,
E(at+1|Yt_1) = Ttdt\t—l Var(at+1|Yt_1) = Var [Tt(at — dt\t—l) + HtEt] == UQ(TtPﬂt_lT; +
HtHé), and COV(at+1, yt|Yt_1) = UQ(TtPt‘t_lz; + HtGQ)

The joint conditional distribution of (11, y) is thus:

Tioy o ( TiPy T, + HH;, TPy, 1Z; + HiG;
Yt—l ~ N ~ g / /
Zioy 2Py T, + G/H, F:

Qi1
Yt

which implies a1 Y11, ¥t = 1Yy ~ N(Gyq1t, UQPH_W) with &y = Troy +Kwe, Ki =
(TtPt|t_1Z£ +HtG2)F;1, Pt+1|t = TtPt|t—1T2 —|—HtH% — KtFtKg Hence, Kt = COV(Oét, yt|Yt71)
[Var(y¢[Y_1)] ! is the regression matrix of a;; on the new information y;, given Y;_1.

3.2 Real time estimates and an alternative Kalman filter

The updated (real time) estimates of the state vector, &y = E(oy|Yy), and their covariance matrix
Var(oy|Yy) = 0° Py, are:

Gy = Gyt + Py ZiF 'y, Py =Py — Py ZiF 2Py . 5)

The proof of (B) is straightforward. We start writing the joint distribution of the states and the last
observation, given the past:

Oyl 1 o Pi—1, Py1Zy )]
Y, 1 ~N - N
= [( Ztat|t—1 > ( ZtPt|t—17 Fy

6

(8%
Yt




whence it follows o[ Y;—1,y: = au[Y; ~ N(ay,, UQPW) with (B) providing, respectively,
E(au|Y:) = E(ou|Yi-1) + Cov(ew, yi| Y1) [Var(y:[Yi-1)] " [ye — E(ye|Yio1)]
Var(oy|Y;) = Var(au|[Yi—1) — Cov(oy, yi|Yi-1) [Var(y:[Ye—1)] " Cov(ys, | Yio1).
The KF recursions for the states can be broken up into an updating step, followed by a prediction
step: fort =1,...,n,

ve =yt — Loy, F, = Z,;Py,_1Zi + GG,
Gy = Gyyq + Py 1 ZiF vy, Py =Py — Py 1 ZiF 2Py .
a1 = Teoy, + HiGIF; 'vy, Py = TPy, T, + H,H, — H,G{F; 'G,H;.

The last row follows from &;|Y; ~ N (G/F; 'vy, 0*(I — GF; 'Gy)). Also, when H; G, = 0 (uncorre-
lated measurement and transition disturbances), the prediction equations in (B22) simplify considerably.

3.3 Illustration: the AR(1) plus noise model

For the AR(1) plus noise process considered above, let 02 = 1 and ji; ~ N(ﬂlm, Pyp), fajo =0, Pyo =
o,/ (1 — ¢?). Hence, Y110 = E(y1|Y0) = figj0 = 0, so that at the first update of the KF,
o2
V=Y — g1|0 =y F1= Var(yl\Yg) = Var(ul) = P1|0 + O’e2 = 1 _n¢2 + 052'
Note that Fj is the unconditional variance of y;. The updating equations will provide the mean and
variance of the distribution of p; given y;:

-1

2

fnn = E(ulY1) = finjo + ProFy v = +ol| W

=@ |[T-¢
& [1 o3/ (1= ¢°)

2 2
O',7 [ O'77

Py = Var(m|Y1) = Py — PyoF; 'Pyg = —15 |1 -
| PTG | (= ) + o
It should be noticed that if o2 = 0, pip = y1 and Pyp = 0 as the AR(1) process is observed without
error. On the contrary, when o2 > 0, y; will be shrunk towards zero by an amount depending on the
relative contribution of the signal to the total variation.
The one-step-ahead prediction of the state and the state prediction error variance are:

fiop = E(p2|Y1)fon = ¢E(u1|Y1) + E(m|Y1) = ¢finp
Py = Var(ua|Y1) = E(uz — ¢firj0)* = El¢(u1 — fino) + m]* = ¢° Py + 0.

Attime ¢ = 2, 272|1 = E(y2|11) = /12|1 = ¢/11|1’ so that v = yo — 172|1 = Yy — ﬂ2|1 and Fy =
Var(y|Y1) = Var(1p) = Py + 02, and so forth.
The KF equations (8) give fort =1,...,n,

Vi =Yt — Hijt—1, Fi :Pt|t—l+azi
Kt - ¢Pt|t—lFt_ P L
ﬂt+1\t = ¢/1t|t71 + Ky, Pt+1|t = ¢2Pt|t71 + 0127 - ¢2Pt2|t_1Ft_ .

Notice that 0'52 =0= Ft = Pt|t—1 = 0'% and gt-f—llt = [Lt_,_l‘t = (lsyt

7



3.4 Nonstationarity and regression effects

Consider the local level model,

Yt = Mg+ € €~ NID(O, 062),
frey1 = p+ne, ne~ NID(O,07).

which is obtained as a limiting case of the above AR(1) plus noise model, letting ¢ = 1. The signal is a
nonstationary process. How do we handle initial conditions in this case? We may alternatively assume:

i Fixed initial conditions: the latent process has started at time ¢ = 0 with pg representing a fixed and
unknown quantity.

ii Diffuse (random) initial conditions: the process has started in the remote past, so that at time ¢t = 1,
w1 has a degenerate distribution centered at zero, (i1 = 0, but with variance tending to infinity:
Pyjg =k, Kk — 00

In the first case, the model is rewritten as y; = po+ag—+e€r, Qi1 = ap+ng, aq ~ N(d1|0, PHO), Qo =

0, Prjo = 03), which is a particular case of the augmented state space model (B). The generalized least
squares estimator of y; is fig = ('3 71i)7'iX 'y, where y is the stack of the observations, i is a
vector of I’s and ¥ = 021 + U%CCI , where C is lower triangular with unit elements. We shall pro-
vide a more systematic treatment of the filtering problem for nonstationary processes in section (E2).
In particular, the GLS estimator can be computed efficiently by the augmented KF. For the time being
we show that, under diffuse initial conditions, after processing one observation, the usual KF provides
proper inferences. Attime ¢ = 1 the first update of the KF, with initial conditions fi;)o = 0 and Py|q = &,
gives:

V=1, Fy=k+0aZ,

K1 =r/(k+d?),
fop =1/ (k +02)  Pop = 02/ (k+02) + oy

The distribution of 1/ is not proper, as y; is nonstationary and F; — oo if we let & — co. Also, by letting
% — 00, we obtain the limiting values K1 = 1, figy = y1 Pojy = 07 + 0. Notice that Py no longer
depends upon k and vy = yo — y; has a proper distribution, 5 ~ N(0, F»), with finite F; = 0% + 203.
In general, the innovations 4, for ¢ > 1, can be expressed as a linear combination of Ay, Ay;_1,. ..,
and thus they possess a proper distribution.

4 Maximum Likelihood Estimation

Let & € ® C R* denote a vector containing the so-called hyperparameters, i.e. the vector of structural
parameters other than the scale factor 2. The state space model depends on @ via the system matrices
Z; = 74(0),G; = G4(0), T, = T((0), H; = H;(0) and via the initial conditions &, Py

Whenever possible, the constraints in the parameter space ® are handled by transformations. Also,
one of the variance parameter is attributed the role of the scale parameter o2. For instance, for the local
level model, we set: Z = T = 1,G = [1,0],0? = 02, & ~ NID(0,02L5), H = [0,€’],6 = 1Ing,
where ¢ = o7 /0?2 is the signal to noise ratio.



As a second example, consider the Harvey-Jaeger (1997) decomposition of US gross domestic prod-
uct(GDP): y; = ¢ + ¢, where p; is a local linear trend and ), is a stochastic cycle. The state space
representation has oy = (s B¢ ¥ ], Z =11,0,1,0], G =0,0,0,0], T = diag(T,, Ty),

1 1 [ cosA sin A
T“_[O 1}’ Tw_p_—sin)\ cos\ |’

[ mok/oy
H = diag <U’7, 7¢ 1, 1) e = | GO N0, 021y)
Ok Ok Kt
ki

The parameter p is a damping factor, taking values in (0,1), and X is the cycle frequency, restricted in
the range [0, 7r|. Moreover, the parameters a% and O'g take nonnegative values. The parameter o2 is the
scale of the state space disturbance which will be concentrated out of the likelihood function.

We reparameterize the model in terms of the vector 8, which has four unrestricted elements, so that

© C R?, related to the original hyperparameters by:

0727 = exp(26;) Ug = exp(26,)

— =ex =ex

U,% P 1)y O-,% p 2)
|03 s

L A=
V1+63 2+ expby

Let £(0, 0?) denote the log-likelihood function, that is the logarithm of the joint density of the sample
time series {y1, ..., Yy, } as a function of the parameters 6, o2
The log-likelihood can be evaluated by the prediction error decomposition:

(0,0%) =Ing(y1,...,¥n:6,0%) =Y Ing(y: Y, 1;0,07).
t=1

Here g(-) denotes the Gaussian probability density function. The predictive density g(y:|Y;_1; 0, 02) is
evaluated with the support of the KF, as y¢|Y;—1 ~ NID(y;_1, o?F;), so that

t=1

1 - 1 &
0(0,0%) = -5 (Nn Ino®+ ) In[Fy|+ = Zu;Ftlut> . (6)
t=1

The scale parameter o can be concentrated out of the LF: maximising £(@, c%) with respect to o2
yields

6% = ZuéFt_lut/(Nn).
t

The profile (or concentrated) likelihood is

(,2(8) = —% [Nn(ln62 +1)+ ) In[Fy|. (7)

t=1




This function can be maximised numerically by a quasi-Newton optimisation routine, by iterating the
following updating scheme:

~ ~ ~ -1 ~
Brss = O — N |[V24p2(80) | Ve (6),

where )\, is a variable step-length, and V/,2(6;,) and V2/,2(0},) are respectively the gradient and hes-
sian, evaluated at 0. The analytical gradient and hessian can be obtained in parallel to the Kalman filter
recursions; see Harvey (1989) and Proietti (1999), for an application.

The innovations are a martingale difference sequence, E(v;|Y;—1) = 0, which implies that they are
uncorrelated with any function of their past: using the law of iterated expectations E(v¢v;—;|Y¢—1) = 0.
Under Gaussianity they will also be independent.

The KF performs a linear transformation of the observations with unit Jacobian: if v denotes the
stack of the innovations and y that of the observations: then v = C~'y, where C~! is a lower triangular
matrix such that £, = Cov(y) = ¢2CFC/,

1 0 0 e 0 0
—7Z-K, 1 0 e 0 0
—Z3L3’2K1 —Z3K2 I . 0 0
~Zp 1Ly 12Ky, —Zp 1Ly, 3K, . I 0
_ZnLn,2K17 _ZnLn,3K27 _ZnLn,4K3a v _Znanla I |

where L, = T;—K;Z},andL; s = L;_1L;_o---Lsfort > s,L;; = Iand F = diag(Fy,...,Fy,...,F,).
Hence, v; is a linear combination of the current and past observations and is orthogonal to the informa-
tion set Y;_1. As aresult |2, | = 0?"|F| = 0> [[, [F¢|and y'S, 'y = LvF v = 55 viF 'y

4.1 Properties of maximum likelihood estimators

Under regularity conditions, the maximum likelihood estimators of 8 are consistent and asymptotically
normal, with covariance matrix equal to the inverse of the asymptotic Fisher information matrix (see
Caines, 1988). Besides the technical conditions regarding the existence of derivatives and their continuity
about the true parameter, regularity requires that the model is identifiable and the true parameter values
do not lie on the boundary of the parameter space. For the AR(1) plus noise model introduced in section
these conditions are violated, for instance, when ¢ = 0 and when ¢ = 1 or 02 = 0, respectively.
While testing for the null hypothesis ¢ = 0 against the alternative ¢ # 0 is standard, based on the
t-statistics of the coefficient ;1 in the regression of y; on ;1 or on the first order autocorrelation,
testing for unit roots or deterministic effects is much more involved, since likelihood ratio tests do not
have the usual chi square distribution. Testing for deterministic and non stationary effects in unobserved
component models is considered in Nyblom (1996) and Harvey (2001).

Pagan (1980) has derived sufficient conditions for asymptotic identifiability in stationary models and
sufficient conditions for consistency and asymptotic normality of the maximum likelihood estimators in
non stationary but asymptotically identifiable models. Strong consistency of the maximum likelihood
estimator in the general case of a non compact parameter space is proved in Hannan and Deistler (1988).
Recently, full asymptotic theory for maximum likelihood estimation of nonstationary state space models
has been provided by Chang, Miller and Park (2009).
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4.2 Profile and Marginal likelihood for Nonstationary Models with Fixed and Regression
Effects

Let us consider the case when nonstationary state elements and exogenous variables are present. The
relevant state space form is (B), and the initial conditions are stated in (8).

Let us start from the simple case when the vector 3 is fixed and known, so that a1 ~ N(df‘o +
W3, UZP’{K]), where P}, = HoHj,.

The KF for this model becomes, fort = 1,...,n:

vi =yt — oy, — X3, F} = Z,P}, \Zi + GG},
K; = (T:Py1Z; + HiG)F; ', 9)
afyy, = Tudg,  + WiB+Kjvj, Pr, = TP, T, + HH, - K;F/K;

We refer to this filter as KF(3). Apart from a constant term, the log likelihood is as given in (B), whereas,
(@) is the profile likelihood.

The KF and the definition of the likelihood need to be amended when nonstationary and regression
effects are present. An instance is provided by the local level model, for which Z; = 1, Xy = 0, oz = p44,
Gt = [1,0], 02 = 052, €t = [Et,JEnt/Un]/, Ht = [0,0’,7/05], Tt = 1, Wt = 0,

& =0, Wo=1,8=po,Hy = 0,0y /0¢].

If a scalar explanatory variable is present, z;, with coefficient v: X; = [0,2¢],8 = [10,7], Wo =
[1,0], W; =[0,0],t > 0.

When (3 is fixed but unknown, Rosenberg (1973) showed that it can be concentrated out of the likeli-
hood function and that its generalised least square estimate is obtained from the output of an augmented
KF. In fact, o has mean &g = 6[{‘0 + W3 and a covariance matrix P’l‘|0 = 0?HoH]),. Defining

Ay = —Wy, rewriting ;g = &T\o — A|03, and running the KF recursions for a fixed 3, we obtain
the set of innovations v; = v; — V3 and one-step-ahead state predictions o 1, = & T Ay 1iB,

as a linear function of 3.
In the above expressions the starred quantities, v; and &} are produced by the KF run with 8 = 0,

t+1)t°
i.e. with initial conditions dho and P’i‘o, hereby denoted KF(0). The latter also computes the matrices
F}, K} and P:+1|t7 t=1,...,n, that do not depend on 3.

The matrices V; and A, ), are generated by the following recursions, that are run in parallel to
KF(0):
Vi=Xi = ZiAy—1, Ay =TiAy 1 + W+ KiVy, t=1,...,T, (10)

with initial value A1|0 = —W)j. Notice that this amounts to running the same filter, KF(0), on each of
the columns of the matrix Uy.

Then, replacing v; = v; — V3 into the expression for the log-likelihood (B), and defining s,, =
STVIF; v and S, = Y7 VIF; 1V, yields, apart from a constant term:

t=1 t=1

1 n n
00,02, 8) = -3 (Nn Ino?Y In[Fj[+072 Y vi'Fi v —28s, + ﬂ’SnﬂD .
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Hence, the maximum likelihood estimate of 3 is ,@' =S, !'s,,. This is coincident with the generalized
least square estimator. The profile likelihood (with respect to 3) is

n
S vi'F g - s;s;lsnD (12)

t=1

1 n
05(0,0°%) = -5 (anno’2 + g In|F;| + o2
t=1

The MLE of o2 is
1 n
62 = Nn [Z vi'F oy — S;LSnlsn]
t=1

and the profile likelihood (also with respect to o) is

n
Nn(lng® +1) + > In|[Fj|
t=1

1
lpo2(8) = —3 . (13)

The vector 3 is said to be diffuse if 3 ~ N(0, 3g), where Zgl — 0. The diffuse likelihood is defined
as the limit of £(6, 02, 3) as =" — 0. This yields

(0(0,0%) = —% [N = B)no® + 3" [Ff] +n (S, + 072 [0y Fi v — 5,877}

where £ is the number of elements of 3. The MLE of o2 is

1 n
~2 Ix—1 I Q—1
2= - E v'F *_g'§
N(n—k) L 1 £Re VT e Sn]
and the proﬁle likelihood is

1 n
loo 52(0) = ~5 [N(n —k)(Iné* +1) + Zln |F;| +1n |Sn|] . (14)
t=1

The notion of a diffuse likelihood is close to that of a marginal likelihood, being based on reduced
rank linear transformation of the series that eliminates dependence on 3; see the next subsection and
Francke, Koopman and de Vos (2010).

de Jong (1991) has further shown that the limiting expressions for the innovations, the one-step-ahead
prediction of the state vector and the corresponding covariance matrices are

vy = v;— Vtstillst—l, F; = F; +Vts;11V2,

~ = _ -1 _ * —1 A/
Aple—1 = gy g At\t—lst_lst—h Pt|t—1 = Pt‘t,1+At|t—1St_1At|t_1-

15)

de Jong and Chu-Chun-Lin (1994) show that the additional recursions (I0) referring to initial conditions
can be collapsed after a suitable number of updates (given by the rank of Wy).

12



4.3 Discussion

The augmented state space model (B) can be represented as a linear regression model y = X3 + u for a
suitable choice of the matrice X, Under the Gaussian assumption y ~ N(X3, X,,), the MLE of 3 is the
GLS estimator
B =Xz 'X)"X'sly.
Consider the LDL decomposition (see, for instance, Golub and Van Loan, 1996) of the matrix 3,
3, = C*F*C*, where C* has the same structure as (8). The KF(0) applied to y yields v¥ = C*~ly.

When applied to each of the deterministic regressors making up the columns of the X matrix, it gives
V = C*~!X. The GLS estimate of 3 is thus obtained from the augmented KF as follows:

IB — (X/C*—l’F*—lC*—lx)—lxlc*—l’F*—lc*—ly
— (V/F*71V)*1V’F**lv*
*— -1 x—1_ %
= (S, ViF'VY) TS ViFT Y

The restricted or marginal log-likelihood estimator of @ is the maximiser of the marginal likelihood
defined by Patterson and Thompson (1971) and Harville (1977):

lr(0,0%) = (3(6,0%) — 3 [In
= —;{In|=,|+n

X's 11X
X's X

— In |X'X]]
~In|X'X[+y'Ely -y I, X(X'E, X)) IX's y )

Simple algebra shows that £ (8, 0?) = £+(0,0?) 4+ 0.51n |X’X|. Thus the marginal MLE is obtained
from the assumption that the vector 3 is a diffuse random vector, i.e. it has an improper distribution with
a mean of zero and an arbitrarily large variance matrix.

The restricted likelihood is the likelihood of a non-invertible linear transformation of the data, (I —
Qx)y, Qx = X(X'E/ Ix)-1x’ 2, ! which eliminates the dependence on 3. The maximiser of
{r(0, 0?) is preferable to the profile likelihood estimator when 7 is small and the variance of the random
signal is small compared to that of the noise.

4.4 Missing values and sequential processing

In univariate models missing values are handled by skipping the KF updating operations: if y; is missing
at time 4, v; and F; cannot be computed and &;11);—1 = Ti&;i—1, Piy1)i—1 = TiP;; 1 T’ + H;Hj are
the moments of the two-step-ahead predictive distribution.

For multivariate models, when y; is only partially missing, sequential processing must be used. This
technique, illustrated by Anderson and Moore (1979) and further developed by Koopman and Durbin
(2000) for nonstationary models, provides a very flexible and convenient device for filtering and smooth-
ing and for handling missing values. Our treatment is prevalently based on Koopman and Durbin (2000).
However, for the treatment of regression effects and initial conditions we adopt the augmentation ap-
proach by de Jong (1991).

Assume, for notation simplicity, a time invariant model with HG’ = 0 (uncorrelated measurement
and transition disturbances) and GG’ = diag{gf,i = 1,..., N}, so that the measurements y;; are
conditionally independent, given ai;. The latter assumption can be relaxed: a possibility is to include
Ge; in the state vector, and set 91'2 = 0, Vi; alternatively, we can transform the measurement equation so
as to achieve that the measurement disturbances are fully idiosyncratic.
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The multivariate vectors y;, ¢ = 1,...,n, where some elements can be missing, are stacked one on
top of the other to yield a univariate time series {y;;,4 = 1,...,N,t = 1,...,n}, whose elements
are processed sequentially. The state space model for the univariate time series {y:;} is constructed as
follows.

The new measurement equation for the ¢-th element of the vector y; is:

i = zou; + X8+ gier;, t=1,...,n, i=1,...,N, &, ~NID(0,0?) (16)

where z; and x; ; denote the i-th rows of Z and X, respectively. Notice that (I6) has two indices: the
time index runs first and it is kept fixed as series index runs.

The transition equation varies with the two indices. For a fixed time index, the transition equation is
the identity oy ; = oy ;—1, fore = 2,..., N, whereas, for ¢ = 1,

a1 =Toy 1 v+ WB 4+ Heg g

The state space form is completed by the initial state vector which is a1 1 = a; 1 + Wo8 + Hpeq 1,
where Var(e1 1) = Var(e1) = oL

The augmented Kalman filter, taking into account the presence of missing values, is given by the
following definitions and recursive formulae.

e Set the initial values a;] = 0,A1’1 = _WO,Pl,l = Hng,qu = O,S171 = 0,8171 =0,
dig =0,

e fort=1,...,n,e=1,...,N —1,

- if yzi is available:

(o = Yi— z;at,i, V;t,i = X:t,i — z;At,i,

fti = 2Pz, + g7, Kii = Piz/fii

a1 = ag; + Kyivg, Avivi = Ay + KV,

Piiv1 = Pui— Ky K, fi, (17)
Qiv1 = Gri+ 07/ [rin Stit1 = Sti+ Vieivei/fri

Sti+1 = Sti+ViiVi/fri diivn = dii+1Infi;

cn = cn+1

Here, cn counts the number of observations.

— Else, if y;; is missing:

air1 = ar;, A=Ay,
Piiv1 = Py, (18)
Qti+1 = GQti> Stitl = Sti, Stit1 = Stq, dii+1 = dis.

e For ¢ = N, compute:

a1 = Tayp, A1 = WHTA N,
Piy11 = TP, nT +HH, (19)
Gt+1,1 = QN St+1,1 = St,N, Sty11 = Sin, diy11 = di N
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Under the fixed effects model maximising the likelihood with respect to 3 and o2 yields:

—1
~ 1 ~ 1 ~9 dn+1,1 — S;1+1,1Sn+1,lsn+171
B =S8, 11180411, Var(B) =8, 111, 6°= o ; (20)

The profile likelihood is {5 ;2 = —0.5 [dn+1,1 + cn (In6? + In(27) +1)] .
When 3 is diffuse, the maximum likelihood estimate of the scale parameter is

l -1
52— Ll = Su11Sni1Se1
cn —k

and the diffuse profile likelihood is:
loo = —0.5 [dny1,1 + (en — k) (In 6% + In(27) + 1) + I [Spy1,1]] - 1)

This treatment is useful for handling estimation with mixed frequency data. Also, temporal aggre-
gation can be converted into a systematic sampling problem an handled by sequential processing; see
Harvey and Chung (2000) and Frale et al. (2011), among others.

4.5 Linear constraints

Suppose that the vector o is subject to ¢ linear binding constraints C;a; = ¢;, with C; and ¢, fixed and
known. An example is a Cobb-Douglas production function with time varying elasticities, but constant
returns to scale in every time period. See Doran (1992) for further details.

These constraints are handled by augmenting the measurement equation with further c observations:

e | | Zy G
]=le ]l e
Non-binding constraints are easily accommodated.

4.6 A simulated example

We simulated n = 100 observations from a local level model with signal tp noise ratio ¢ = 0.01.
Subsequently, 10 observations (for t = 60-69) were deleted, and the parameter 0.51n ¢ estimated by
profile and diffuse MLE. Figure [ displays the simulated series and true level (left), and the profile and
diffuse likelihood (right).

The maximiser of the diffuse likelihood is higher and closer to the true value, which amounts to -
2.3. This illustrates that the diffuse likelihood in small samples provides a more accurate estimate of the
signal to noise ratio when the latter is close to the boundary of the parameter space.

S The EM Algorithm

Maximum likelihood estimation of the standard time invariant state space model can be carried out by
the EM algorithm (see See Shumway and Stoffer, 1982, and Cappe, Moulines and Rydén, 2007). In the
sequel we will assume without loss of generality o2 = 1.
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Figure 1: Simulated series from a local level model with ¢ = 0.1 (0.51n ¢ = —2.3) and underlying level
(left). Plot of the profile and diffuse likelihood of the parameter 0.5 In g.
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Lety = [yi,...,yn), @ = [&],...,al]. The log-posterior of the states is Ing(aly;0) =

Ing(y,a;0) — Ing(y; @), where the first term on the right hand side is the joint probability density
function of the observations and the states, also known as the complete data likelihood, and the subtra-
hend is the likelihood, ¢(0) = In g(y; @), of the observed data.

The complete data log-likelihood can be evaluated as follows: In g(y, ; 0) = In g(y|a; 0)+1n g(x; 6),
where In g(y|o; 0) = > Ing(yt|ow), and Ing(e; 0) = > In g(aey1]ow; 0) + Ing(ai; 0). Thus,
from (I)-(D),

Ing(y,a;0) = —% [n In|GG/| +tr {(GG')*1 Yo (vt — Zoy) (ye — Zat)’}]
—5 [nIn[HH'| + o {(HH) "' Y} ) (411 — Taw) (o1 — Tew)'}]

where Py satisfies the matrix equation P)g = TP1|0T’ +HH' and we take, with little loss in generality,
d1|0 — 0

Given an initial parameter value, 8*, the EM algorithm iteratively maximizes, with respect to 6, the
intermediate quantity (Dempster et al., 1977):

Q(0:6%) = Eg- [Ing(y, a; 0)] = / In g(y, o 0)g(aly; 67)der,

which is interpreted as the expectation of the complete data log-likelihood with respect to g(aly;0%),
which is the conditional probability density function of the unobservable states, given the observations,
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evaluated using 8*. Now,

Q(0;0) = —3[nn|GG/|+u {(GG) ™" X0, (vt — Zdu)(ye — Zéy,) + ZPy, Z'] }]
—5 [nlnHH'| + o {(H —1( o — Saa 1T =TS, , 1 + TS, 1T}
L [ [Po| + r {P5 (G0, +P0|n)H

where &), = E(cu|y; 89)), Py, = Var(auly; 01)), and

n
> (Pt+1\n + dt+1nd;+1|n)] ;

t=2

Sa =

n

> (P + éundiyy, )

t=2

Sa—l = aSa,oz—l =

n
Z (Ptﬂ,t\n + &t+1nd2|n>] :

These quantities are evaluated with the support of the Kalman filter and smoother (KFS, see below),
adapted to the state space model (II)-(2) with parameter values 8*. Also, P, ¢, = Cov(aut1, ouly; 0%)
is computed using the output of the KFS recursions, as it will be detailed below.

Dempster et al. (1977) show that the parameter estimates maximising the log-likelihood ¢(8), can be
obtained by a sequence of iterations, each consisting of an expectation step (E-step) and a maximization
step (M-step), that aim at locating a stationary point of Q(0; 8*). At iteration j, given the estimate 00),
the E-step deals with the evaluation of Q(6; oU )); this is carried out with the support of the KFS applied
to the state space representation (I)-() with hyperparameters 0.

The M step amounts to choosing a new value 0UH1) | 50 as to maximize with respect to @ the criterion
Q(0;09)),ie., QOUTY;91)) > Q(8);91)). The maximization is in closed form, if we assume that
Py is an independent unrestrlcted parameter. Actually, the latter depends on the matrices T and HH’,
but we will ignore this fact, as it is usually done. For the measurement matrix the M-step consists of
maximizing Q)(6; H(j)) with respect to Z, which gives

7G+1) — (Z ytat|n> —1,

The (j + 1) update of the matrix GG’ is given by

—(j+1) 1 &
G {20
=1

Further, we have:
A g —(7+1 1
T<]+1) = Smoc—lS(;—ll? HH/(] : E <Sf - (j+1) aafl) .

5.1 Smoothing algorithm

The smoothed estimates &), = E(c|y; @), and their covariance matrix Py,, = E[(a; — &y, ) (o —
dtm)’ ly; 8], are computed by the following backwards recursive formulae, given by Bryson and Ho
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(1969) and de Jong (1989), starting at ¢ = n, with initial values r,, = 0,R,, = 0 and N,, = 0: for
t=n-—-1,...,1,

rer = Lin+ZiF; v, Mo = LML, + ZiF; ' Z,,

. - (22)
Qi = Oy + Pt\t—lrt—la Pt\n = Pt|t71 - Pt|t71Mt—1Pt\t71‘

where L; = T — K;Z'.
Finally, it can be shown that P, ; ), = Cov(a, az—1]y) = T¢Py_1p, — HHH{M; 1Ly 1 Py_qp_s.

6 Nonlinear and Non-Gaussian Models

A general state space model is such that the density of the observations is conditionally independent,
given the states, i.e.

n
p(ylavyn‘aluvanao) :HP(Yt‘at’e)a (23)
t=1
and the transition density has the Markovian structure,
n—1
p(ao, ag, ... 7an|0) = p(a0|0) H p(at+l|at; 0) (24)
t=0

The measurement and the transition density belong to a given family. The linear Gaussian state space
model (I)-(2) arises when p(y;|ay; 0) ~ N(Zyow, 02GGY}) and p(ayy1|ay; 0) ~ N(Tyay, o H, HY).

An important special case is the class of generalized linear state space models, which are such that
the states are Gaussian and the transition model retains its linearity, whereas the observation density
belongs to the exponential family. Models for time series observations originating from the exponential
family, such as count data with Poisson, binomial, negative binomial and multinomial distributions, and
continuous data with skewed distributions such as the exponential and gamma have been considered by
West and Harrison (1997), Fahrmeir and Tutz (2000) and Durbin and Koopman (2001), among others.
In particular, the latter perform MLE by importance sampling; see section 2.

Models for which some or all of the state have discrete support (multinomial) are often referred to as
Markov switching models; usually, conditionally on those states, the model retains a Gaussian and linear
structure. See Cappé, Moulines and Rydén (2007) and Kim and Nelson (1999) for macroeconomic
applications.

In a more general framework, the predictive densities required to form the likelihood via the prediction
error decomposition, need not be available in closed form and their evaluation calls for Monte Carlo or
deterministic integration methods. Likelihood inference is straightforward only for a class of models
with a single source of disturbance, known as observation driven models; see Ord, Koehler and Snyder
(1997) and section B3.

6.1 Extended Kalman Filter

A nonlinear time series model is such that the observations are functionally related in a nonlinear way to
the states, and/or the states are subject to a nonlinear transition function. Nonlinear state space represen-
tations typically arise in the context of DSGE models. Assume that the state space model is formulated
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as
Vit = Zi(oy) + Gi(ay)es
a1 = Ti(ow) +Hi(ay)er, aq ~N(ay, Py),
where Z;(-) and T;(-) are known smooth and differentiable functions.
Let a; denote a representative value of a;. Then, by Taylor series expansion, the model can be

(25)

linearized around the trajectory a;,t = 1,...,n, giving,
Yt - @tat + Ct + Gt€t7 (26)
a1 = Tioy+di +Hegr, a1 ~N(ay, Pyj),
where 0Z(cx)
~ (81 ~
7z, = % , ¢ = Zi(a) — Zyay, Gy = Gi(ay),
Ot Qi=ay
and OTi(cu)
~ (8] ~
T = % , dy = Ti(ay) — Tray, Hy = Hy(ay).
O Oli=a;

The extended Kalman filter results from applying the KF to linearized model. The latter depends
on a; and we stress this dependence by writing KF(a;). The likelihood of the linearized model is then
evaluated by KF(a;), and can be maximized with respect to the unknown parameters. See Jazwinski
(1970) and Anderson and Moore (1979, ch. 8).

The issue is the choice of the value a; around which the linearization is taken. One possibility is to
choose a; = ay);_1, where the latter is delivered recursively on line as the observations are processed in
(8). A more accurate solution is to use a; = oy for the linearization of the measurement equation and
a; = oy, for that of the transition equation, using the prediction-updating variant of the filter of section
B2).

Assuming, for simplicity G;(a;) = Gy, Hi(a) = Hy, and &, ~ NID(0, 0%I), the linearization can
be performed using the iterated extended KF (Jazwinski, 1970, ch. 8), which determines the trajectory
{a;} as the maximizer of the posterior kernel:

D e = Z@)) (GG ™ (ye — Zilan)) + ) (a1 — Ti(ar)) (HLH) ™ (arr — Ti(ar))

with respect to {a;,t = 1,...,n}. This is referred to as posterior mode estimation, as it locates the
posterior mode of ¢ given y, and is carried out iteratively by the following algorithm:

1. Start with at trial trajectory {a;}
2. Linearize the model around it
3. Run the Kalman filter and smoothing algorithm (22) to obtain a new trajectory a; = o,

4. Iterate steps 2-3 until convergence.

Rather than approximating a nonlinear function, the unscented KF (Julier and Uhlmann, 1996, 1997),
is based on an approximation of the distribution of a;|[Y; based on a deterministic sample of representa-
tive sigma points, characterised by the same mean and covariance as the true distribution of ;| Y;. When
these points are propagated using the true nonlinear measurement and transition equations, the mean and
covariance of the predictive distributions a;+1|Y; and y;+1|Y can be approximated accurately (up to
the second order) by the weighted average of the transformation of the chosen sigma points.
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6.2 Likelihood Evaluation via Importance Sampling

Let p(y) denote the joint density of the n observations (as a function of 8, omitted from the notation), as
implied by the original non Gaussian and nonlinear model. Let g(y) be the likelihood of the associated
linearized model. See Durbin and Koopman (2001) for the linearization of exponential family models,
non Gaussian observation densities such as Student’s ¢, as well as non Gaussian state disturbances; for
functionally nonlinear models see above.

The estimation of the likelihood via importance sampling is based on the following identity:

py) = [p(y,e)da=g(y) [ B g(aly)da = g(v)E, | 255 ] @7)

The expectation, taken with respect to the conditional Gaussian density g(a|y), can be estimated by
Monte Carlo simulation using importance sampling: in particular, after having linearized the model by
posterior mode estimation, M samples o™, m = 1,..., M, are drawn from g(ay), the importance
sampling weights
_p(y,a™) _ plylal™)p(al™)
" gly,am)  glylalm)g(atm)’

are computed and the the above expectation is estimated by the average ﬁ > Wm. Sampling from
g(aly) is carried out by the simulation smoother illustrated in the next subsection. The proposal dis-
tribution is multivariate normal with mean equal to the posterior mode ¢,,. The curvature around the
mode can also be matched in special cases, in the derivation of the Gaussian linear auxiliary model. See
Shepard and Pitt (1997), Durbin and Koopman (2001), and Richard and Zhang (2007) for further details.

6.3 The simulation smoother

The simulation smoother is an algorithm which draws samples from the conditional distribution of the
states, or the disturbances, given the observations and the hyperparameters. We focus on the simulation
smoother proposed by Durbin and Koopman (2002).

Let 7, denote a random vector (e.g. a selection of states or disturbances) and let 77 = E(n]y), where n
is the stack of the vectors 7;; 17 is computed by the Kalman filter and smoother. We can write n = 1)+ e,
where e = 1 — 7 is the smoothing error, with conditional distribution e|y ~ N(0, V), such that the
covariance matrix V does not depend on the observations, and thus does not vary across the simulations
(the diagonal blocks are computed by the smoothing algorithm).

A sample n* from 7]y is constructed as follows:

e Draw (nT,y ™) ~ g(n,y).

As p(n,y) = g(n)g(y|n), this is achieved by first drawing n* ~ g(n) from an unconditional
Gaussian distribution, and constructing the pseudo observations y ™ recursively from azr 1=
Tiof +Hie,y; = Zyof +Geef ,t = 1,2,. .., n, where the initial draw is o ~ N(éy )0, Pyo),
so that y* ~ g(y|n).

e The Kalman filter and smoother computed on the simulated observations y;r will produce 17", and
n™ — f" will be the required draw from ely.

Hence , 7) +n+ — " is the required sample from iy ~ N(7, V).
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6.4 Sequential Monte Carlo Methods

For a general state space model, the one-step-ahead predictive densities of the states and the observations,
and the filtering density are respectively:

plewi1|Ye) = [ploawsi]en)p(auYi)doy = Eq,py, [p(cii1|o)]
p(yt+1lYe) = [p(yerilows)p(eeia|Ye)darir = By, py; [P(Yir1|owsn)] (28)
plowi1|Yir1) = plowp|Yo)p(yer|owsr)/p(yesa| Ye)

Sequential Monte Carlo methods provide algorithms, known as particle filters, for recursive, or on-line,
estimation of the predictive and filtering densities in (Z8). They deal with the estimation of the above
expectations as averages over Monte Carlo samples from the reference density, exploiting the fact that
p(ayi|oy) and p(ye+1|Y:) are easy to evaluate, as they depend solely on the model prior specification.

Assume that at any time ¢ an IID sample of size M from the filtering density p(a|Y;) is available,
with each draw representing a “particle”, agi), 1 =1,..., M, so that the true density is approximated by
the empirical density function:

. 1 i
Plow € AIYy) = o S I(a)! € 4), (29)

where I(+) is the indicator function.
The Monte Carlo approximation to the state and measurement predlctlve densities is obtained by

generating agll‘t ~ p(at+1|a£ )) i=1,...,M and yt(—21|t ~ p(yt+1|at+1) i=1,...,M.

The crucial issue is to obtain a new partlcle characterisation of the filtering dens1ty p(at+1|Yt+1),
avoiding particle degeneracy, i.e. a non representative sample of particles. To iterate the process
it is necessary to generate new particles from p(c41|Y:+1) with probability mass equal to 1/M,
so that the approximation to the filtering density will have the same form as () and the sequen-
tial simulation process can progress. A direct application of the last row in I suggest a welghted

o

resamphng (Rubin, 1987) of the partlcles t1t

~ p(at+1|at ), with importance weights w; =

(yt+1\a ri1] )/ ijl p(yt+1|at el ;). the resampling step eliminates particles with low importance
weights and propagates those with high w;’s. This basic particle filter is known as the bootstrap (or
Sampling/Importance Resampling, SIR) filter; see Gordon, Salmond and Smith (1993) and Kitagawa
(1996). ‘

A serious limitation is that the particles, o E le‘ ;» originate from the prior density and are “blind” to
the information carried by y;1; this may deplete the representativeness of the particles when the prior

is at conflict with the likelihood, p(y:+1|c, le‘ ;)» resulting in a highly uneven distribution of the weights
w;. A variety of sampling schemes have been proposed to overcome this conflict, such as the auxiliary
particle filter; see Pitt and Shephard (1999) and Doucet, de Freitas and Gordon (2001).

More generally, in a sequential setting, we aim at simulating aﬁl from the target distribution:
p(oesr|o)p(yes|oeesr)

p(yes|o)

plagyi|ag, Yigr) =

)
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where typically, only the numerator is available. Let g(c+1|o, Yi+1) be an importance density, avail-

able for sampling agl ~ g(oyy1 \ay) , Yi41) and let

_ plyraleq?p(e?y e

)

9o |04£i) Y1)

M particles are resampled with probabilities proportional to w;. Notice that SIR arises as a special
case with proposals g(ait+1|a, Yir1) = p(auti|oay), that ignore y,y1. Merwe et al. (2000) used
the unscented transformation of Julier and Uhlmann (1997) to generate a proposal density. Amisano
and Tristani (2010) obtain the proposal density by a local linearization of the observation and transi-
tion density. Recently, Winschel and Krétzig (2010) proposed a particle filter that obtains the first two
moments of the predictive distributions in (Z8) by Smolyak Gaussian quadrature use a normal proposal
g(ait1|at, yir1), with mean and variance resulting from a standard updating Kalman filter step (see
section B72).

Essential and comprehensive references for the literature on sequential MC are Doucet, de Freitas and
Gordon (2001) and Cappe, Moulines and Rydén (2007). For macroeconomic applications see Ferndndez-
Villaverde and Rubio Ramirez (2007) and the recent survey by Creal (2012). Poyiadjis, Doucet and Singh
(2011) propose sequential MC methods for approximating the score and the information matrix and use
it for recursive and batch parameter estimation of nonlinear state space models.

At each update of the particle filter, the contribution to the likelihood of each observation can be
thus estimated. However, maximum likelihood estimation by quasi-Newton method is unfeasible as the
likelihood is not a continuous function of the parameters. Grid search approaches are only feasible when
the size of the parameter space is small. A pragmatic solution consists of adding the parameters in
the state vector and assigning a random walk evolution with fixed disturbance variance, as in Kitagawa
(1998). In the iterated filtering approach proposed by lonides, Breto, and King (2006), generalized in
Ionides et al. (2011), the evolution variance is allowed to tend deterministically to zero.

6.5 Observation driven score models

Observation driven models based on the score of the conditional likelihood are a class of models inde-
pendently developed by Harvey and Chakravarty (2008), Harvey (2010) and Creal, Koopman and Lucas
(2011a, 2011b).

The model specification starts with the conditional probability distribution of y;, fort = 1,...,n,

p(Ytp‘ﬂtfl Y13 0),

where A;;_1 is a set of time varying parameters that are fixed at time ¢ — 1, Y;_; is the information set
up to time ¢ — 1, and @ is a vector of static parameters that enter in the specification of the probability
distribution of y; and in the updating mechanism for A;. The defining feature of these models is that
the dynamics that govern the evolution of the time varying parameters are driven by the score of the
conditional distribution:

At+1|t = f()‘t|t—17 )‘t—l\t—2a ey 8t,841,...,0)

where
(%()‘t\t—l)

St X
ONgi—1
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and ﬁ()\t‘t,l) is the log-likelihood function of Ay;_;. Given that A; is updated through the function
f, maximum likelihood estimation eventually concerns the parameter vector . The proportionality
constant linking the score function to s; is a matter of choice and may depend on @ and other features of
the distribution, as the following examples show.

The basic GAS(p, ¢) models (Creal, Koopman and Lucas, 2011) consists in the specification of the
conditional observation density

p(yt|Agi—1, Yi-1,0)

along with the generalized autoregressive updating mechanism

p q
Aevte =0+ Ai(0)siit1+ Y Bi(@)Ain
i—1 =1

where 9 is a vector of constants and A;(#) and B;(0) are coefficient matrices and where s; is defined
as the standardized score vector, i.e. the score pre-multiplied by the inverse Fisher information matrix
~1
Lyrs
Ol Nyjp—1
8, = I_l ( t|t )

tt—1 8>\t|t—1
The recursive equation for A; | 1); can be interpreted as a Gauss-Newton algorithm for estimating A y1|¢

through time.
The first order Beta-t-EGARCH model (Harvey and Chakravarty, 2008) is specified as follows,

P(Ye| A1, Yi1,0) ~ £,(0, eMlt=1)

Aty1t = 0 + PAgje—1 + K51

where
(v + 1)yt
St= "% 2
veltlt—1 4 Yi
is the score of the conditional density and @ = (9, ¢, k, v). It follows from the properties of the Student-t
distribution that the random variable

sp+1 (s + 1)/(V€/\t|t_1)

"IV T pr e

is distributed like a Beta (%, %) Based on this property of the score, it is possible to develop full
asymptotic theory for the maximum likelihood estimator of 8 (Harvey, 2010). In practice, having fixed
an initial condition such as, for [¢| < 1, A\jjg = ﬁ, likelihood optimization may be carried out with a
Fisher scoring or Newton-Raphson algorithm.

Notice that observation driven models based on the score have the further interpretation of approx-
imating models for non Gaussian state space models, e.g. the AR(1) plus noise model considered in
section 3. The use of the score as a driving mechanism for time varying parameters was originally
introduced by Masreliez (1975) as an approximation of the Kalman filter for treating non Gaussian state
space models. The intuition behind using the score is mainly related to its dependence of the on the

whole distribution of the observations rather than on the first and second moment.
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7 Conclusions

The focus of this chapter was on likelihood inference for time series models that can be represented in
state space. Although we have not touched upon the vast area of Bayesian inference, the state space
methods presented in this chapter are a key ingredient in designing and implementing Markov chain
Monte Carlo sampling schemes.
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