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Abstract

I develop a new and simple method, the discretization filter, for approximating the

likelihood of nonlinear, non-Gaussian state space models. I show that these models can be

well approximated by a discrete-state Markov process and the likelihood evaluated using

techniques developed in Hamilton (1989). I establish strong consistency and asymptotic

normality of my proposed maximum likelihood estimator using results from the literature

on uniformly ergodic Markov chains. Through Monte Carlo simulations, I demonstrate that

the discretization filter outperforms popular existing methods both in terms of accuracy

and computational efficiency for empirically relevant sample sizes. As a result, it can be

used to study the quantitative implications of economic models for which existing methods

are either intractable or inadequate. I use the discretization filter to estimate two popular

nonlinear economic models, a term structure model with a zero lower bound, and the long

run risks model of asset pricing. I show that small differences in parameter estimates implied

by different methods translate into significant economic effects.
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1 Introduction

Many economic models include important nonlinearities. Examples include the zero lower

bound on interest rates (ZLB), stochastic volatility, Poisson jumps, non-convex adjustment

costs, Markov-switching dynamics, and sovereign default. Models which include these features

can often be represented as nonlinear state space models. These models are difficult to estimate

because, in general, no closed form solution exists for the recursive updating of the filtering

density. As a consequence, the evaluation of the likelihood requires the computation of an

intractable d × T -dimensional integral, where d is the dimension of the state space, and T is

the sample size.

I propose a new method, the discretization filter, for estimating nonlinear, non-Gaussian

state space models. The discretization filter works by constructing an approximation to a

state space model where the state variables are assumed to be finite-valued. The resulting

approximate system is a finite-state Markov-switching model of the kind studied in Hamilton

(1989), for which simple closed form forecasting and updating equations exist, just like the

Kalman filter for linear models.

I examine the asymptotic properties of the maximum likelihood estimator of the approximate

model, as both the number of discrete points m and the sample size T go to infinity jointly.

Building on the work of Douc et al. (2004)1 and the literature on uniformly ergodic Markov

chains, I establish two theoretical results.

First, the maximum likelihood estimator is strongly consistent, and this result does not

depend on the rate at which the number of points m grows. Second, the maximum likelihood

estimator is asymptotically normal at the usual rate T 1/2, as long as the number of discrete

points m grows quickly enough as a function of the sample size. I show that discretizing the

likelihood introduces a bias that is directly related to the discrepancy between the ergodic

distributions of the approximate and original Markov chains. Under mild assumptions, this

bias decreases to zero as the number of points grows.2

After establishing these theoretical results, I provide Monte Carlo evidence that the dis-

cretization filter outperforms simulation based methods like the particle filter while maintaining

the computational tractability of sequential local approximation methods like the extended or

unscented Kalman filters.

I then employ the discretization filter to estimate two nonlinear economic models: the ZLB

term structure model proposed by Wu and Xia (2015), and the long run risks model of asset

1Other papers which examine the asymptotic properties of the likelihood in nonlinear state space models are
Douc et al. (2011)

2However, the rate at which m needs to grow to ensure asymptotic normality depends on exactly how the
state space is discretized. I show that if the discretization is constructed as in Farmer and Toda (2015), m3/d

must grow faster than the sample size T . That is, for low dimensional state spaces, m need only grow linearly
with or slower than T . However, as d gets large, m must grow increasingly quickly.
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pricing first proposed in Bansal and Yaron (2004). I obtain significantly different estimates for

the shadow rate of Wu and Xia (2015). In particular, I show that the shadow rate was as much

as 2.2 percentage points lower in July 2012 than the estimate obtained by Wu and Xia (2015)

when I use the discretization filter instead of the extended Kalman filter to estimate the model.

My findings have important implications for policy makers who use the Wu-Xia shadow rate

as an input to determining the effectiveness of unconventional monetary policy.

The paper is organized as follows. Section 3 introduces notation and provides a brief

overview of nonlinear, non-Gaussian state space models. Section 4 explains how to approx-

imate any nonlinear state space model with a finite-state Markov-switching model. Section

5 shows how to use the approximate model to construct a maximum likelihood estimator for

the parameters of the original model. Section 6 presents the two main theoretical results re-

garding the asymptotic theory of my proposed estimator. Section 7 provides some practical

implementation advice for applied researchers. Section 8 provides some suggestive Monte Carlo

evidence in the case of a stochastic volatility model. Section 9 re-examines the Wu and Xia

(2015) shadow rate term structure model. In section 10, I estimate the long run risks model.

Section 11 concludes.

2 Literature Review

To be completed.

3 The Setting

In this section I introduce the notation used in the remainder of the paper and provide a brief

overview of nonlinear state space models.

I restrict attention to the analysis of Hidden Markov Models (HMMs). A HMM is a special

type of nonlinear state space model where the observables in any given time period are a

function only of the state variables in that time period. However, the results can be generalized

to the case when the observation equation additionally depends on some finite number of lags

of the observables. Much of the exposition and notation follows Douc et al. (2004).

Let Xt denote the vector of hidden state variables of the state space system at time t. I

assume that {Xt}∞t=0 is a homogeneous Markov chain and lies in a separable, compact set X 3,

equipped with a metrizable topology and associated Borel σ-field B (X ). Let Qθ (x,A), where

x ∈ X , A ∈ B (X ), be the transition kernel of the Markov chain. I further assume that for

all θ ∈ Θ and x ∈ X , each conditonal probability measure Qθ (x, ·) has a density qθ (· |x) with

3Compactness of X simplifies much of the notation and proofs, however many of the results can be generalized
to the noncompact case using techniques developped in Douc et al. (2011)
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respect to a common finite dominating measure µ on X .4

I assume that the observable sequence {Yt}∞t=1 takes values in a set Y that is separable and

metrizable by a complete metric. I assume that for t ≥ 1, Yt is conditionally independent of

{Ys}t−1
s=1 and {Xs}t−1

s=1 given Xt. This is the hidden Markov assumption. I also assume that the

observations have a density gθ (y |Xt ) with respect to a σ-finite measure ν on the Borel σ-field

B (Y).

Define the joint process {Zt}∞t=0 ≡ {(Xt, Yt)}∞t=0 on Z ≡ X × Y which has transition kernel

Πθ given by

Πθf (x, y) =

∫
X×Y

f
(
x′, y′

)
qθ
(
x′ |x

)
gθ
(
y′
∣∣x′ )µ (dx′) ν (dy′)

for any bounded measurable function f on Z.

I am interested in conducting estimation and inference on the finite dimensional parameter

θ ∈ Θ by maximum likelihood. Θ is assumed to be a compact subset of Rp. Denote the true

parameter as θ∗.

A HMM is characterized by the following two equations:

Xt |Xt−1 ∼ qθ (Xt |Xt−1 ) (1)

Yt |Xt ∼ gθ (Yt |Xt ) (2)

Equation 1 is the state equation, and it characterizes the distribution of the state next period

conditional on the current state. Equation 2 is the observation, or measurement equation, and

it characterizes the distribution of the observables conditional on the current state.

Given a sample {yt}Tt=1, the goal is to obtain estimates of the parameter vector θ and the

unobserved states {xt}Tt=1, which I will denote by θ̂T and
{
x̂t|t
}T
t=1

respectively.5 In order to

do this, one must obtain an expression for the likelihood of the data:

LT (θ, x0) = pθ
(
Y T

1 |X0 = x0

)
(3)

where Y T
1 ≡ (Y1, . . . , YT ), andX0 refers to the initial value of the state vector. In the subsequent

section, I show how to approximate equation (1) by a finite-valued Markov chain.6 In section

5, I show how to use this approximate model to obtain an expression for the likelihood. Finally

in section 6, I present my main results on the asymptotic theory of this approximate maximum

likelihood estimator.

4For two measures µ and ν, µ is said to dominate ν if for all A, µ (A) = 0 implies ν (A) = 0.
5The notation x̂t|t denotes the estimate of xt conditional only on information through time t. Sometimes

smoothed estimates of the unobserved state x̂t|T , incorporating all of the data, might be of interest.
6I also provide overviews of two of the more popular methods for approximating the likelihood of nonlinear

state space models, the extended Kalman filter and the bootstrap particle filter with adaptive resampling, in
appendices ?? and ?? respectively.

4



4 Approximating the State Dynamics

The idea of discretization to alleviate computational problems in economics is not new. One of

the first instances of this is Tauchen (1986). He proposes a simple way of approximating any

Gaussian VAR with a first-order, discrete-valued Markov chain, and shows that this approxima-

tion does a good job of matching unconditional and conditional moments for relatively coarse

discretizations. His paper, along with several more recent suggestions, have been widely used

in solving DSGE models where the ability to approximate the solutions to integral equations is

of key importance.7

In this paper I apply this method to the estimation of nonlinear, non-Gaussian state space

models. More specifically, I construct a finite-valued, first-order Markov process {Xt,m}∞t=1,

whose dynamics mimic those of the original continuous-valued process {Xt}∞t=1. This allows me

to summarize the dynamics of the unobserved state by a finite-dimensional transition matrix

Qθ,m.8 Note that this is fundamentally different from forecasting the next period’s state by

taking a local approximation around the current estimate as is done in the extended Kalman

filter. My approximation method is global yet does not rely on simulation techniques.

Define a finite set of m points in X , Xm ≡ {xi,m}mi=1, and define a transition matrix Qθ,m

such that the ijth element:

Qθ,m (i, j) = Pθ (Xt,m = xj,m |Xt−1,m = xi,m ) (4)

corresponds to the probability of transitioning from point xi,m to point xj,m between time t− 1

and t. The matrix Qθ,m is assumed to be the same for all t, and thus Xt,m follows a first-order,

time homogeneous, m-state Markov chain.

Note that each row of the matrix Qθ,m can be interpreted as a conditional distribution.

Specifically, row i correponds to the distribution of Xt,m conditional on being at point xi,m. It

is critical that these conditional distributions be good approximations to the true conditional

distributions qθ (Xt |Xt−1,m = xi,m ).

Define st,m to be the state of the approximate system at time t. In particular, I will say that

the system is in state st,m = i and let ζt,m = ei when Xt,m = xi,m, where ei is the ith column

of the (m×m) identity matrix. The system outlined above is characterized by the equations:

ζt,m = QTθ,mζt−1,m + ṽt,m (5)

Yt |Xt,m ∼ gθ (Yt |Xt,m ) (6)

7See e.g. Tauchen and Hussey (1991), Rouwenhorst (1995), Adda and Cooper (2003), Flodén (2008), Tanaka
and Toda (2013), Gospodinov and Lkhagvasuren (2013), and Farmer and Toda (2015).

8This is similar to the idea proposed in Tauchen and Hussey (1991). However, there the primary focus was
on computing conditional expectations: here it is approximating the dynamics of a state space model.
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where ṽt,m = ζt,m−E [ζt,m |ζt−1,m ] and QTθ,m is the transpose of the matrix Qθ,m. Equations (5)

and (6) are the state and observation equations of the new approximate model. The sequence

{Yt} has the same distribution, conditional on the state Xt,m, as the sequence {Yt} generated

by the original model. However, in the approximate model, the Xt,m have been restricted to

live on a finite grid.

5 Evaluating the Likelihood

In the previous section, I showed how to approximate any HMM by replacing the state equation,

Equation (1), with a finite-state Markov chain, Equation (5). In this section, I apply the results

of Hamilton (1989) to construct an approximation to the likelihood function of the HMM.

Hamilton (1989) shows that when the state dynamics of a HMM are characterized by a finite-

state Markov chain, simple prediction and updating equations exist that are analogous to the

Kalman filter in the linear case. I review these results here and show how they can be used to

develop a maximum likelihood estimator for θ.

Let ζ̂t,m|t = E
[
ζt,m

∣∣Y t
1

]
be the econometrician’s best inference about the discretized state

ζt,m conditional on time t information. Inuitively, ζ̂t,m|t will be an (m× 1) vector of probabilities

which represent the likelihood of being at a particular point in the state space. The forecast of

the approximate state today given the previous period’s information is given by:

ζ̂t,m|t−1 = E
[
ζt,m

∣∣Y t−1
1

]
= QTθ,mζ̂t−1,m|t−1 (7)

Also define

ηt,m =


gθ (Yt |Xt = x1,m )

...

gθ (yt |Xt = xm,m )

 (8)

The i-th element of ηt,m is the likelihood of having observed Yt conditional on being in state i,

i.e. st,m = i.

Note that the conditional likelihood of Yt given Y t−1
1 is then simply given by:

pθ,m
(
Yt
∣∣Y t−1

1

)
= 1′

(
ηt,m � ζ̂t,m|t−1

)
(9)

where � is element by element multiplication of conformable matrices and 1 is an (m× 1)

vector of ones. The updated inference about the state at time t is:

ζ̂t,m|t =
ηt,m � ζ̂t,m|t−1

1′
(
ηt,m � ζ̂t,m|t−1

) =
ηt,m � ζ̂t,m|t−1

pθ,m
(
Yt
∣∣Y t−1

1

) (10)
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By iterating these equations from period 1 to the sample size T , one can obtain estimates of

the filtering distribution
{
ζ̂t,m

}T
t=1

and the parameters θ̂T,m by maximizing the log likelihood

of the discretized system

`T,m (θ) =
1

T

T∑
t=1

log pθ,m
(
Yt
∣∣Y t−1

1

)
(11)

Alternatively, given a prior distribution for the paramter vector θ, Bayesian methods can be

used to sample from the posterior using MCMC methods.

Note that the parameter estimates θ̂T,m and the log-likelihood function `T,m (θ) are indexed

by the number of discrete pointsm in addition to the sample size T to indicate that the estimates

will depend on exactly how the space is discretized. I have omitted the explicit dependence of

the likelihood function on the distribution of the initial state X0,m. As part of the results in

section 6, I will show why this initial condition is irrelevant for the asymptotic properties of

θ̂T,m.

Section 6 proves the consistency and the asymptotic normality of the discretization filter.

Those who are interested in applications of the discretization filter may wish to skip ahead to

section 7.

6 Asymptotic Properties of the Maximum Likelihood Estima-

tor

In this section I establish strong consistency and asymptotic normality of my proposed estima-

tor. I consider joint asymptotics in both the sample size T and the number of discrete points

m. I show that the accuracy of my approximation is governed to first order by the proximity

of the ergodic distributions of the approximate and true chains. The distance between these

distributions is governed by a number proportional to m3/d where d is the dimension of the

state space and m is the number of points. Asymptotic normality requires that this number

goes to infinity faster than the sample size T .

The assumptions and intermediate results leading to strong consistency follow the exposition

and techniques in Douc et al. (2004). I require some additional assumptions that allow me to

establish convergence uniformly over the number of discrete points used in the approximation.

A key new theoretical contribution of my paper is to establish a rate of convergence of the

ergodic distribution of the approximate discrete chain to the true ergodic distribution. This

result represents a new contribution to the literature on discrete approximations of Markov

chains with continuous valued states. All proofs can be found in Appendix A.
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6.1 Preliminaries and Assumptions

I now list my basic assumptions. Assumptions labeled A are assumptions that overlap with

Douc et al. (2004) and those labeled B are additional assumptions I make for my particular

setting.

(A1) (a) 0 < σ− ≡ infθ∈Θ infx,x′∈X qθ (x, x′) and σ+ ≡ supθ∈Θ supx,x′∈X qθ (x, x′) <∞.

(b) For all y′ ∈ Y, 0 < infθ∈Θ

∫
X gθ (y′ |x)µ (dx) and supθ∈Θ

∫
X gθ (y′ |x)µ (dx) <∞.

(B1) 0 < Q−+ ≡ supm∈Z+
infθ∈Θ inf1≤i,j≤mQθ,m(i,j)

supθ∈Θ sup1≤i,j≤mQθ,m(i,j) < 1.

Assumption (A1)(a) implies that there is a positive probability that the state variable can

move from any part of the state space to any other part of the state space. This means that

the state space X of the Markov chain {Xt} is what’s known as 1-small, or petite. This further

implies that for all θ ∈ Θ, {Xt} has a unique invariant measure πXθ and is uniformly ergodic

(see Meyn and Tweedie (1993) for a proof).

Assumption (B1) guarantees that the discrete process has a unique invariant distribution

and is uniformly ergodic for every value m < ∞. Additionally it is needed so that the bound

on the mixing rate of Xt,m is independent of m.

(A2) For all θ ∈ Θ, the transition kernel Qθ is positive Harris recurrent and aperiodic with

invariant distribution πθ.

(B2) For all θ ∈ Θ, the transition kernel Qθ,∞ is positive recurrent and aperiodic with invariant

distribution πθ,∞.

These assumptions guarantee that the original joint Markov process {Zt} and the limiting

Markov chain with countably infinite state space {Zt,∞} are themselves uniformly ergodic. Note

that assumption (B2) is needed in addition to assumption (B1) to account for the limiting case

of the chain. Strict positivity of every entry of Qθ,∞ is not enough to guarantee that an ergodic

distribution exists in the countably infinite case.

Assumption (A2) implies that for any initial measure λ,

lim
t→∞

∥∥λΠt
θ − πθ

∥∥
TV

= 0 (12)

where ‖ · ‖TV is the total variation norm, defined for any two probability measures µ1 and µ2

as

‖µ1 − µ2‖TV = sup
A
|µ1 (A)− µ2 (A)|

In words, for any initial measure of the joint process {Zt}, the probability of being in any

measurable set A ∈ B (Z) approaches the ergodic probability of being in that set uniformly
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over all measurable sets A. This convergence is also independent of the initial measure λ. An

analogous property holds for the process {Zt,∞} by assumption (B2). Developing a bound on

this rate of convergence will be critical for the coming developments.

(A3) b+ ≡ supθ∈Θ supy1,x gθ (y1 |x) <∞ and Eθ∗ (|log b− (y1)|) <∞, where

b− (y1) ≡ infθ∈Θ

∫
X gθ (y1 |x)µ (dx).

(B3) Eθ∗ (|log c− (y1)|) <∞, where c− (y1) ≡ infθ∈Θ infm∈Z+ Q−θ,m
∑m

i=1 gθ (y1 |xi,m ), andQ−θ,m ≡
infi,j Qθ,m (i, j)

Assumptions (A3) and (B3) are additional regularity conditions. Additional assumptions

will be introduced and explained as needed.

6.2 Consistency

Following Douc et al. (2004), I first establish that the conditional chain, Xt,m, given a history of

observations Y s
r , is itself a uniformly ergodic (inhomogeneous) Markov chain with minorizing

constant independent of the parameter θ ∈ Θ and the number of discrete points m ∈ Z+. This

is the analogous result to Lemma 1 in their paper.

Lemma 1. Assume (A1) and (B1). Let s, r ∈ Z, with s ≤ r, θ ∈ Θ, and m ∈ Z+. Under

Pθ, conditionally on Y s
r , {Xt,m}t≥r is an inhomogeneous Markov chain, and for all t > r there

exists a function µt,m (yst , A) such that:

(i) for any A ∈ B (Xm), yst 7→ µt,m (yst , A) is a Borel function;

(ii) for any yst , µt,m (yst , ·) is a probability measure on B (Xm). In addition, for all yst it holds

that µt,m (yst , ·)� µc,m (where µc,m is counting measure on Xm) and for all Y s
r ,

inf
x∈Xm

Pθ (Xt,m ∈ A |Xt−1,m = x,Y s
r ) ≥ Q−+µt,m (Y s

t , A)

The major difference between this Lemma and the one established in Douc et al. (2004) is

that for the following results, it will be crucial that the minorizing constant be the same for

all m, in order to establish uniform convergence over m ∈ Z+ of the approximate likelihood

function. Note that although the minorizing measure, µt,m (Y s
t , ·), does depend on both the

number of points, m, and the observations the chain is conditioned on, Y s
t , it doesn’t affect

the mixing rate. The previous lemma leads to the following corollary, using standard results

for uniformly minorized Markov chains.
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Corollary 1. Assume (A1) and (B1). Let r, s ∈ Z with r ≤ s, θ ∈ Θ, and m ∈ Z+. Then for

all t ≥ r, all probability measures µ1 and µ2 on B (Xm), and all Y s
r ,∥∥∥∥∫

Xm
Pθ (Xt,m ∈ · |Xr,m = x,Y s

r )µ1 (dx)−
∫
Xm

Pθ (Xt,m ∈ · |Xr,m = x,Y s
r )µ2 (dx)

∥∥∥∥
TV

≤ ρt−r

where ρ ≡ 1−Q−+.

This corollary establishes that the Markov chain “uniformly forgets” its history at an expo-

nential rate. That is, no matter where the chain is started, it converges to its ergodic distribution

exponentially fast. This is analogous to φ-mixing, and the fact that the bound is deterministic

will be important for establishing strong consistency.

The next step consists of showing that the approximate likelihood function `T,m (θ, x0,m)

with an arbitrary initial condition x0,m stays within a deterministic bound of `T,m (θ) where

X0,m is drawn from its ergodic distribution.

Lemma 2. Assume (A1)-(A2) and (B1)-(B2). Then, for all x0 ∈ X and m ∈ Z+,

sup
θ∈Θ
|`T,m (θ, x0)− `T,m (θ)| ≤ 1/ (1− ρ)2 , Pθ∗-a.s.

Next I show that T−1`T,m (θ) can be approximated by the sample mean of a Pθ∗-stationary

ergodic sequence of bounded random variables which has a well defined limit. To this end I

first define the quantities:

∆t,r,x,m (θ) ≡ log pθ,m
(
Yt
∣∣Y t−1
−s , X−s,m = x

)
∆t,r,m (θ) ≡ log pθ,m

(
Yt
∣∣Y t−1
−s

)
=

∫
log pθ,m

(
Yt
∣∣Y t−1
−s , X−s,m = x

)
Pθ
(
dx−s,m

∣∣Y t−1
−s

)
Consider the thought experiment of fixing the number of points m, but letting T →∞. Define

the limiting object as

`m (θ) ≡ Eθ∗ [∆0,∞,m (θ)]

I will show that such a limiting object is well-defined and that the sample analogue converges to

this limit almost-surely. In particular, I will show that {∆t,r,m}r≥0 and {∆t,r,m,x}r≥0 converge

uniformly w.r.t. θ ∈ Θ Pθ∗-a.s. by showing they are uniform Cauchy sequences.

Lemma 3. Assume (A1)-(A3) and (B1)-(B3). Then for all t ≥ 1, r, r′ ≥ 0, and m ∈ Z+,

10



Pθ∗-a.s.,

sup
θ∈Θ

sup
x,x′∈X

∣∣∆t,r,x,m (θ)−∆t,r′,x′,m (θ)
∣∣ ≤ ρt+min(r,r′)−1/ (1− ρ) , (13)

sup
θ∈Θ

sup
x∈X
|∆t,r,x,m (θ)−∆t,r,m (θ)| ≤ ρt+r−1/ (1− ρ) , (14)

sup
θ∈Θ

sup
r≥0

sup
x∈X
|∆t,r,x (θ)| ≤ max (|log b+| , |log c− (Yt)|) (15)

Lemma 3 shows that {∆t,r,m,x}r≥0 is a uniform Cauchy sequence w.r.t. θ ∈ Θ and thus

converges Pθ∗-a.s. to a limit which does not depend on the initial value x. I label this limit

∆t,∞,m and intuitively this can be thought of as log pθ,m
(
Yt
∣∣Y t−1
−∞

)
.

Corollary 2. Assume (A1)-(A2) and (B1)-(B2). Then

T∑
t=1

sup
m∈Z+

sup
θ∈Θ
|∆t,0,m (θ)−∆t,∞,m| ≤ 2/ (1− ρ)2 , Pθ∗-a.s.

Corollary 2 shows that T−1`T,m (θ) can be approximated by the sample mean of a uniformly

ergodic sequence. The next step is to prove that the ergodic distribution of the approximate

discrete Markov chain converges weakly to that of the original continuous Markov chain. Propo-

sition 1 establishes this convergence and provides a bound on the difference between the two

distributions as a function of the number of points m.

Proposition 1. Assume (A1)-(A3) and (B1)-(B3). Without loss of generality, assume that

the state variable Xt takes values in the dX-dimensional unit cube, [0, 1]dX . Define J to be the

set of dX-dimensional boxes of the form

dX∏
i=1

[0, ai) =
{
x ∈ RdX : 0 ≤ xi < ai

}
where 0 ≤ ai < 1. Further assume that the approximation of the transition kernel satisfies

sup
θ∈Θ

sup
x∈X

sup
A∈J
|Qθ,m (x,A)−Qθ (x,A)| = o (h (m))

Then it follows that

sup
θ∈Θ

sup
A∈J

∣∣πXθ,m (A)− πXθ (A)
∣∣ = o (h (m))

where the function h (m) depends on the underlying formula used to construct the discretization.

If the transition kernel is approximated as proposed in Farmer and Toda (2015), the rate of

convergence is directly related to the underlying quadrature formula. For example, if the class
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of Newton-Coates quadrature rules is used, the error will be at most of order

h (m) =
1

m(3−δ)/d

for δ > 0.

Note that even faster rates can be achieved through clever choice of the quadrature formula

and the assumptions one is willing to make about the smoothness of the likelihood function. 9

Combining proposition 1, corollary 2, and lemma 2 leads to the following pointwise conver-

gence result

Corollary 3. Assume (A1)-(A3) and (B1)-(B3). Then for all sequences of initial points {x0,m}
and θ ∈ Θ,

lim
m,T→∞

T−1`T,m (θ, x0,m) = ` (θ) , Pθ∗-a.s. and in L1
(
Pθ∗
)

The final step before I can state the strong consistency result involves showing that `m (θ) is

continuous w.r.t. θ for all m ∈ Z+. Note that by (15) and the dominated convergence theorem,

`m (θ) = Eθ∗
[

lim
r→∞

∆0,r,m,x (θ)
]

= lim
r→∞

Eθ∗ [∆0,r,m,x (θ)]

It suffices to show that ∆0,r,m,x (θ) is continuous w.r.t θ, since {∆0,r,m,x (θ)}r≥0 is a uniform

Cauchy sequence Pθ∗-a.s. which is uniformly bounded in L1
(
Pθ∗
)
.

The following additional assumptions are needed to establish continuity

(A4) For all x, x′ ∈ X and all y′ ∈ Y, θ 7→ qθ (x, x′) and θ 7→ gθ (y′ |x) are continuous.

(B4) For all m ∈ Z+ and i, j = 1, . . . ,m, θ 7→ Qθ,m (i, j) is continuous.

Lemma 4. Assume (A1)-(A4), then

lim
δ→0

Eθ∗
[

sup
m∈Z+

sup
|θ′−θ|≤δ

∣∣∆t,∞,m
(
θ′
)
−∆t,∞,m (θ)

∣∣] = 0.

Corollary 4. Assume (A1)-(A3), then

lim
m→∞

sup
θ∈Θ
|`m (θ)− ` (θ)| = 0

9There has been much research in the field of Quasi Monte-Carlo integration methods, which seek deterministic
sequences to approximate high dimensional integrals which break the curse of dimensionality. These are referred
to as low discrepancy sequences and their accuracy for numerical integration has been shown to depend only
polynomially on the dimension d rather than exponentially. The use of these sequences to approximate the
dynamics of high dimensional state processes is a promising area of study which I investigate in ongoing research.
Further, there are no known convergence rates for the Tauchen or point mass filter approximations to the
transition kernel and I leave this for future work.
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Corollaries 2 and 4 allow me to establish almost-sure convergence of the average approximate

sample likelihood.

Proposition 2. Assume (A1)-(A4) and (B1)-(B4). Then

lim
m,T→∞

sup
θ∈Θ

sup
x0,m∈Xm

∣∣T−1`T,m (θ, x0,m)− ` (θ)
∣∣ = 0, Pθ∗-a.s.

The last assumption needed to establish consistency is an identification assumption guar-

anteeing that θ∗ is a unique maximizer of the likelihood function

(A5) θ = θ∗ if and only if

Eθ∗
[

log
pθ∗
(
Y t

1

)
pθ (Y t

1 )

]
= 0 for all t ≥ 1. (16)

This is a high level assumption about the identification of the model. In general this is

a difficult condition to verify because it relies on the ergodic distribution of the joint Markov

chain {Zt}. For a more thorough discussion on when this assumption is satisfied in the context

of HMM, see Douc et al. (2011). Under the additional assumption (A5), I am ready to state

my first main result, strong consistency of the maximum likelihood estimator

Theorem 1. Assume (A1)-(A5) and (B1)-(B4). Then, for any sequence of initial points

x0,m ∈ Xm, θ̂T,m,x0,m → θ∗, Pθ∗-a.s. as T →∞ and m→∞.

This is a powerful result. It states that the maximum likelihood estimator is not only

consistent, but strongly consistent. In addition, this consistency is independent of the rate at

which the number of points m grows.

Next I turn to the asymptotic distribution of the maximum likelihood estimator. In order

to establish asymptotic normality I will need additional assumptions regarding the smoothness

and boundedness of first and second derivatives of the likelihood function.

Let ∇θ and ∇2
θ be the gradient and the Hessian operator with respect to the parameter θ

respectively. Assume there exists a positive real δ such that on G ≡ {θ ∈ Θ : |θ − θ∗| < δ}, the

following assumptions hold

(A6) For all x, x′ ∈ X and y ∈ Y, the functions θ 7→ qθ (x, x′) and θ 7→ gθ (y′ |x′ ) are twice

continuously differentiable on G.

(A7) (a) supθ∈G supx,x′ ‖∇θ log qθ (x, x′)‖ <∞ and supθ∈G supx,x′
∥∥∇2

θ log qθ (x, x′)
∥∥ <∞

(b) Eθ∗
[
supθ∈G supx ‖∇θ log gθ (Y1 |x)‖2

]
<∞ and Eθ∗

[
supθ∈G supx

∥∥∇2
θ log gθ (Y1 |x)

∥∥] <
∞
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(A8) (a) For ν-almost all y′ ∈ Y there exists a function fy′ : X → R+ ∈ L1 (µ) such that

supθ∈G gθ (y′ |x) ≤ fy′ (x).

(b) For µ-almost all X ∈ X , there exist functions f1
x : Y → R+ and f2

x : Y → R+ in

L1 (ν) such that ‖∇θgθ (y′ |x)‖ ≤ f1
x (y′) and

∥∥∇2
θgθ (y′ |x)

∥∥ ≤ f2
x (y′) for all θ ∈ G.

Instead of re-establishing asymptotic normality of my proposed estimator using the tech-

niques in Douc et al. (2004), I use Theorem 7 from their paper. I reproduce the theorem here

for completeness.

Theorem 2 (Theorem 7 from Douc et al. (2004)). Assume that θ̃T,x0 is an estimator satisfying

`T

(
θ̃T,x0 , x0

)
≥ supθ∈Θ `T (θ, x0) − RT and assumptions (A1)-(A8) hold. Then the following

are true:

(i) If RT = op (T ) (with P = Pθ∗), then θ̃T,x0 is consistent.

(ii) If RT = Op (1), then T 1/2
(
θ̃T,x0 − θ∗

)
= Op (1), that is the sequence

{
θ̃T,x0

}
is T 1/2−consistent

under Pθ∗.

(iii) If RT = op (1), then T 1/2
(
θ̃T,x0 − θ∗

)
→ N

(
0, I (θ∗)−1

)
, Pθ∗−weakly as T →∞.

I derive an explicit expression for RT as a function of m and T and provide conditions

under which my proposed estimator satisfies condition (iii) of Theorem 2, which corresponds

to asymptotic normality. Note that the bounds I have derived to establish consistency are not

sufficient to establish asymptotic normality of my proposed estimator. I can only establish that

condition (ii) of Theorem 3 is satisfied using the deterministic bounds applied thus far. To

establish conditions under which (iii) is also satisfied, I leverage an Azuma-Hoeffding inequality

derived in Douc et al. (2011). Using this new bound, I am able to state my second main result,

asymptotic normality.

Theorem 3. Assume (A1)-(A8), (B1)-(B4), and that I (θ∗) is positive definite. Then for any

sequence of initial points x0,m ∈ Xm,

√
T
(
θ̂T,m,x0,m − θ∗

)
→ N

(
0, I (θ∗)−1

)
Pθ∗-weakly as T →∞, m→∞, and Th (m)→ 0.

7 Recommendations for Applied Researchers

In this section I provide recommendations for how to construct the transition matrix and select

the grid points of the approximate finite-state Markov chain for the discretization filter.
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7.1 Constructing the Transition Matrix

There is no unique way to construct the transition matrix for the discretization filter. I propose

two possible ways of doing so.10

First, I outline a way to extend the original method proposed by Tauchen (1986) to the

nonlinear, non-Gaussian case. Create a partition of the state space {Ai}mi=1, where each Ai

is associated with discretization point xi,m for all i = 1, . . . ,m (think of intervals in the one

dimensional case). Then define:

Qθ,m (i, j) =

∫
Aj

qθ (x |Xt−1 = xi,m )µ (dx) (17)

Intuitively, there are two layers of approximation in this expression. First, I am assuming that

if Xt−1 is in region Ai it is close to the point xi,m in the sense that the conditional distribution

qθ (Xt |Xt−1 ) can be well approximated by qθ (Xt |Xt−1 = xi,m ). Second, I am assuming that

the probability of transitioning to region Aj from point xi,m is similar to the conditional density

qθ (Xt = xj,m |Xt−1 = xi,m ) over the set Aj .

A limitation of this approach is the ability to evaluate the integrals needed to construct

the transition matrix. In general, this method will only work well in practice when the Ai

are hyperrectangles, and the transition density is easy to evaluate. Furthermore, there are no

known results on the rate of weak convergence of the ergodic distribution of the approximate

Markov chain to the that of the underlying continuous process. Since this rate is critical to

obtaining asymptotic normality, researchers should be cautious about standard errors when

using this approach with a small number of points.

An alternative approach is construct the transition matrix as in Farmer and Toda (2015).

They provide a general way of constructing finite-state Markov chain approximations to stochas-

tic processes. Their method finds the discrete distribution which is “closest” to the original

distribution from some prior distribution in terms of Kullback-Leibler distance, while matching

a set of conditional moments of the underlying continuous distribution.

If the prior distribution is a valid quadrature formula for evaluating integrals with resp-

sect to the original conditional density, the discrete approximation is guaranteed to converge

weakly to the continuous distribution. Moreover, the rate of convergence is given by the rate

of convergence of the selected quadrature formula.11

10In addition to these two approaches, several others have been proposed in the literature: Tauchen and
Hussey (1991), Rouwenhorst (1995), Adda and Cooper (2003), Flodén (2008), and Gospodinov and Lkhagvasuren
(2013). However, all of these with the exception of Tauchen and Hussey (1991) only apply to linear autoregressive
processes.

11A special case of the discretization filter, known as the point mass filter, has been discussed at length in
the computer science literature. The elements of the transition matrix are chosen to be proportional to the
one-step ahead density evaluated at the discretization points, i.e. Qθ,m (i, j) ∼ p (xi,m |xj,m ). However, since the
primary aim in the computer science literature is to filter the states, the grid is chosen to be very fine. Tensor grid
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My Monte Carlo results in section 8 demonstrate that when the primary aim is estimation

of the parameters, very coarse discretizations are adequate. This is in line with my theoretical

results which show that the estimates are consistent independently of the rate at which m

grows. The discretization filter has the potential to scale to higher dimensional problems by

exploiting sparse grid quadrature methods (e.g. Smolyak grids), quasi-Monte Carlo methods,

or the more recently proposed ε-distinguishable set method in Judd et al. (2012).

7.2 Selecting the Grid Points

When establishing my theoretical results, I assumed that the state space is compact. In general,

practitioners specify state space models that take values in unbounded spaces. In this section, I

address how to choose the support of the discretized probability measure when the state space

is unbounded, how many discretization points (m) to use, and how they should be spaced.

First, consider the case where the number of discretization points, m, has been fixed and

the goal is to choose the support of the distribution. In order for the discretized system to be

a good approximation to the original model, the boundary points should be chosen to bracket

the underlying state vector with high probability. This is analogous to picking boundary points

from the tails of its ergodic distribution.

When the state follows a Gaussian VAR(1), a closed form expression for the ergodic dis-

tribution is available. Gospodinov and Lkhagvasuren (2013) provide a method to discretize

Gaussian VAR(1)s that is robust to high levels of persistence. They use mixtures of Rouwen-

horst (1995) approximations to match conditional moments as closely as possible. I rely on

this method in section 9 for my empirical application. However, for more general time series

models, no such expression exists.

Even when no expression for the unconditional distribution exists, it is often possible to com-

pute the unconditional mean and standard deviation of the process. In this case, I recommend

choosing a grid centered at the unconditional mean covering some number of unconditional stan-

dard deviations of the process.
√
m− 1 seems to work well in practice, which is the number

employed in the Rouwenhorst (1995) approximation.

If the computation of unconditional moments is infeasible, I propose simulating a path of

the state and discarding a fixed fraction from the beginning as burn in. If the sample and

burn in periods are sufficiently large, the remaining points can be treated as representative

draws from the ergodic distribution. An appealing choice is to use empirical quantiles as the

discretization points.

Consider the case when r = 1, that is, the state vector is one-dimensional. Suppose one

simulates S points from the state equation with Sbi used as burn in. Denote this simulated path

product approximations quickly become intractable in higher dimensions, and for this reason the point-mass filter
is infrequently used. A comprehensive survey article on the properties and applications of filtering techniques is
Chen (2003).
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as {xs}Ss=1. Then, if one wants the state to lie in the grid with approximately 1−α probability,

select:

xi,m = Q̂S
(
α
2 + i−1

m (1− α)
)
∀i = 1, . . . ,m

where Q̂S : (0, 1)→ R is the empirical quantile function of the sample {xs}Ss=Sbi , defined as

Q̂S(p) =

inf x ∈ R : p ≤ 1

S − Sbi

S∑
s=Sbi

1 {xs ≤ x}


Selecting the points in this way has the desirable property that one expects roughly the same

number of realizations of the state to fall between each point.12 By choosing α arbitrarily close

to 1, it is possible to ensure that one has covered the ergodic set with any desired degree of

confidence.13 This method is also robust to skewness and fat tails in the stationary distribution.

While the simulation procedure outlined above is capable of handling very general models,

it will introduce simulation error and increase the computational burden of the estimation.

It is desirable to use prior knowledge of the particular model to help inform the choice of

discretization.14

8 Monte Carlo Evidence

This section presents some Monte Carlo results comparing the performance of the discretization

filter with the extended Kalman filter (EKF from now on) and bootstrap paticle filter (PF from

now on). I consider the case of a basic stochastic volatility model.

8.1 Stochastic Volatility

The standard discrete time stochastic volatility model, as formulated in Taylor (1982), is given

by

Xt = µ+ ρ (1− µ)Xt−1 + vt vt ∼ i.i.d. N
(
0, σ2

)
(18)

Yt = eXt/2wt wt ∼ i.i.d. N (0, 1) (19)

12There is no unique way to define quantile functions in the multivariate case. However, one simple way to
achieve the same goal is to take the univariate empirical quantiles covering 1− α

d
probability for each dimension.

13Of course a smaller α will require a larger number of data points for the same level of confidence in the
approximation.

14Another possibility is to construct an ε-distinguishable set as proposed by Judd et al. (2012), although this
is subject to the same criticisms about introducing simulation.
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Note that the measurement equation can be equivalently rewritten as:

log
(
Y 2
t

)
= Xt + log

(
w2
t

)
(20)

which leads to an additively separable state equation.15 This simplification only applies to the

most basic versions of the stochastic volatility model. I focus on results from the parameteriza-

tion µ = −8.940, ρ = 0.9890, and σ = 0.1150, which are empirical estimates of the parameters

of the stochastic volatility model on daily returns data from the DAX in Hautsch and Ou (2008).

My results are not sensitive to this parameterization.

8.2 Parameter Estimation

I simulate data for T = 100, 500, and 1,000 periods, and compute the likelihood of the model

five different ways. The first three ways are with my method, labeled as DF for “discretization

filter,” using 5, 9, and 13 discretization points respectively, the fourth is the EKF, and the fifth

is the PF with adaptive resampling using 1,000 particles. Each specification is simulated 1,000

times and estimation is performed via maximum likelihood where optimization is done using

MATLAB’s genetic algorithm in the global optimization toolbox.16

Figures 1-3 display the sampling distributions of the maximum likelihood estimators. The

rows of each figure correspond to a particular model parameter and the columns correspond

to a particular method of approximating the likelihood. A vertical line is displayed at the

point of the true parameter value. All estimation using the DF uses the Rouwenhorst (1995)

discretization scheme.17

Consider figures 1 through 3. Note that for small sample sizes, T = 100, there is a con-

siderable downward bias in the estimation of ρ and σ. That is, the optimization algorithm is

picking values of ρ and σ extremely close to 0. This bias is most severe in the EKF estimates,

especially for σ. However, this is not particularly surprising because the EKF is estimating a

misspecified model, where it is treating the residual in the observation equation as a normal

random variable, even though it has a log
(
χ2

1

)
distribution.

This bias vanishes for both the DF and PF in the larger sample simulations and the DF

appears to produce tighter estimates of all 3 parameters, especially ρ. This is due, at least in

part, to the fact that the accuracy of the Rouwenhorst approximation is independent of the

persistence of the AR(1) process.

15This is the specification of the observation equation I use in the EKF estimation. This can also be thought
of as a misspecified Kalman filter where the measurement error is incorrectly assumed to be Gaussian.

16Note that traditional gradient based optimization methods are inapplicable to the PF because the likelihood
function is simulated, which makes it non-differentiable. See Flury and Shephard (2011) for a more detailed
discussion.

17Estimation was also performed using the Tauchen method and the point-mass filter. The Rouwenhorst
method does the best though the relative gains of the DF are similar for all discretization methods.
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I also compute the root mean squared error (RMSE), the mean absolute error (MAE), and

the bias of the parameter estimates, approximating the population expectation with an average

across simulations. In particular, for the i-th component of the parameter vector, I compute:

RMSE
(
θ̂i

)
=

√
E
[(
θ̂i − θi

)2
]

(21)

MAE
(
θ̂i

)
= E

[∣∣∣θ̂i − θi∣∣∣] (22)

Bias
(
θ̂i

)
= E [θi]− θi (23)

and report the results in tables 1, 2, and 3. The results for the DF and PF are similar for

T = 100, however the DF unambiguously outperforms both the PF and EKF for the larger

sample sizes. It is also interesting to note that the EKF outperforms the PF for the largest

sample size, which seems to be evidence of sample thinning, a well known problem in importance

sampling methods.

Given computational constraints, I do not have results for the PF with different numbers

of particles. However one would expect the particle filter to improve as the number of particles

increases. Given that my method runs so much faster than this specification of the PF, it may

be informative to compare it to the PF with a smaller number of particles, or to increase the

number of discretization points used for my method. I leave these comparisons for future work.

8.3 Computational Complexity

This subsection presents some results on the computational complexity of the three methods.

My code is written entirely in MATLAB and simulations were performed on an Intel Xeon CPU

E31225, 3.10 GHz processor with 8 GB of RAM.

Table 4 displays the average simulation times for all 5 specifications. The differences in

computational time are stark. With 5 discretization points, the EKF is 4 times faster than my

method for small sample sizes and 12 times faster for large ones. However the PF is 32 times

slower for small sample sizes and 293 times slower for large ones. These results suggest that my

method is closer to the EKF in terms of computational burden than the PF. To give the reader

a rough idea, all of the simulations for my method and the EKF ran in a matter of minutes

whereas the most computationally burdensome PF specification (T = 1,000) took almost five

days to run operating in parallel on four cores.

8.4 Filtered States

Another important dimension for comparison is the accuracy of the filtered states,
{
x̂t|t
}T
t=1

. In

this subsection, I provide results on the root mean square error (RMSE) and the mean absolute
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error (MAE) of all the methods. For a given model specification and method, these are defined

as:

RMSE =

(
1

T

T∑
t=1

(
x̂t|t − xt

)2)1/2

(24)

MAE =
1

T

T∑
t=1

∣∣x̂t|t − xt∣∣ (25)

I define the average RMSE (ARMSE) and average MAE (AMAE) to be the average of the

RMSE and the MAE across simulations for a given method. Tables 5 and 6 display the ARMSE

and AMAE of each method, where the filtering is done using the corresponding maximum

likelihood estimates of the parameters for a given sample.

The DF and PF perform roughly the same for small samples and the DF seems to perform

marginally better than the PF in the large samples. It appears as though the misspecification

of the EKF is translating into poor estimates of the unobserved state.

9 A Term Structure Model with a Zero Lower Bound

In this section, I re-estimate the term structure model proposed in Wu and Xia (2015), and

provide an updated estimate of their shadow rate series with data through January 2014.

Using the discretization filter I am able to replicate most of their parameter estimates. While

my filtered series and the Wu and Xia estimates match closely over most of the sample, they

diverge after the onset of the zero lower bound in January 2009. My estimates indicate that

the shadow rate was roughly 2.2 percentage points lower in July 2012 than the Wu and Xia

estimates would indicate. I conjecture that the estimates differ because the DF provides a more

accurate approximation than the EKF to nonlinearities in the state space when the zero lower

bound is in effect. Furthermore, the EKF estimator is in general not consistent, while the DF

estimator is.

I omit details of the derivation of their shadow rate model. What is key for my purposes

is that under the presence of a zero lower bound on short term interest rates, they are able

to derive an approximate nonlinear state space model characterizing movements of the yield

curve:

Xt = µ+ ρXt−1 + Σvt vt ∼ i.i.d. N (0, I3) (26)

Yn,n+1,t = r + σQn g

(
an + b′nXt − r

σQn

)
+ wt wt ∼ i.i.d. N (0, ω) (27)

where Yn,n+1,t corresponds to the forward rate at time t for a loan starting at t+n and maturing
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at t+ n+ 1, and Xt is a (3× 1) vector of latent factors which explain movements in the yield

curve. For a derivation of the expressions for an, bn, and σQn , I refer the reader to Wu and Xia

(2015).

Using their data on the 3 and 6 month, 1, 2, 5, 7, and 10 year forward rates, one has 7

observation equations, one for each observed yield maturity. They further assume that each

forward rate is observed with normally distributed measurement error with the same variance

ω. θ is a (22× 1) vector of structural parameters.18

Table 7 reports maximum likelhood estimates of the parameters from the model with QMLE

robust standard errors19, using the DF with 9 discretization points along each dimension (i.e.

93 = 729 total discretization points). I use the Gospodinov and Lkhagvasuren (2013) method

to discretize the VAR state dynamics, which generalizes the method of Rouwenhorst (1995) to

VAR(1) systems. I also include the estimates from Wu and Xia (2015) for comparison.

Though the parameter estimates obtained using the DF are similar, they produce a dras-

tically different shadow rate series in the zero lower bound period (from about January 2009

onward).20. These differences are illustrated in figure 4. I include 95% standard error bands

for the shadow rate series estimated with the DF (where the randomness is coming from un-

certainty about the state, not the parameters). This emphasizes the fact that the method used

to estimate a nonlinear dynamic model can have important economic implications.

One appealing aspect of the discretization filter is that filtering directly outputs a full

probability distribution over the unobserved state for each time period in the sample along with

the transition matrix Qθ,m. It is then straightforward to compute any moments or forecasts of

the unobserved state one wishes, and also use Qθ,m to compute its stationary distribution. I

demonstrate one of many potential uses of this information in figure 5, which plots the analogous

picture to figure 10 in Wu and Xia (2015).

The blue dots and red squares, in figure 5, represent market expectations of when the

economy will exit the zero lower bound, computed in two different ways. The blue dots are

computed using the DF introduced in this paper, and the red squares are computed using the

EKF, as explained in Wu and Xia (2015). The green vertical lines represent the dates of Fed

announcements which explicitly mention a liftoff date.

The expected liftoff date is defined as the first period when the implied value of the shadow

rate is greater than r. Notice that the two methods lead to some significant differences in

expected liftoff dates, and the DF indicates a generally more pessimistic market outlook over

18It has been pointed out that the results may be sensitive to the arbitrary choice of r = 0.25, see Bauer and
Rudebusch (2013). As a robustness check I also estimate r as a free parameter and find that it has little effect
on subsequent analysis.

19See Hamilton (1994) for details.
20Note that once the parameter vector is estimated, I use the DF with 33 discretization points along each

dimension to produce more smoothly varying filtered series. However, the qualitative difference remains even for
coarser discretizations.
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most of the period.

10 An Empirical Evaluation of the Long Run Risks Model

To be completed.

11 Conclusion

In this paper, I develop a new method, the discretization filter, for estimating nonlinear, non-

Gaussian state space models. I establish that the maximum likelihood estimator associated

with the discretization filter is strongly consistent and asymptotically normal.

Existing methods like the particle filter, on the one hand, are accurate, but too computa-

tionally intensive to be used for complex problems. On the other hand, the extended Kalman

filter is fast, but incapable of capturing interesting nonlinearities. The discretization filter re-

tains the best features of both. As a result, it can be used to study the quantitative implications

of economic models for which existing methods are either intractable or inadequate.

I demonstrate that the filtering method used to estimate nonlinear models has sizeable effects

on the accuracy of the estimated parameters and the accuracy of the filtered states. I show

that these estimation differences translate into quantitatively significant economic differences

using the Wu and Xia (2015) shadow rate model as an example. My estimation procedure

leads one to conclude that the shadow rate was 2.2 percentage points lower in July 2012 than

the estimates from their paper would indicate. My findings have important implications for

policy makers who use the Wu-Xia shadow rate as an input to determining the effectiveness of

unconventional monetary policy.

Each method has its advantages and disadvantages, but the discretization filter alleviates

some of the more serious disadvantages of existing methods. I hope that economists working

with nonlinear economic models will consider the discretization filter as a valuable addition to

their toolkit.
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A Proofs

Proof of Lemma 1. Note that by the Markov property, for r < t ≤ s,

Pθ
(
Xt,m ∈ A

∣∣Xt−1
r,m ,Y

s
r

)
= Pθ

(
Xt,m ∈ A

∣∣Xt−1,m,Y
s
t−1

)
Define the set of indices corresponding to the set A as IA ≡ {j |xj,m ∈ A}. First consider the

case where t > s.

Pθ
(
Xt,m ∈ A

∣∣Xt−1
r,m ,Y

s
r

)
= Pθ (Xt,m ∈ A |Xt−1,m = x) =

∑
j∈IA

Qθ,m (i, j)

Next consider the case where t ≤ s,

Pθ (Xt,m ∈ A |Xt−1,m = x,Y s
r )

=
∑
j∈IA

Qθ,m (i, j) pθ,m (Y s
t |Xt,m = xj,m )×

 m∑
j=1

Qθ,m (i, j) pθ,m (Y s
t |Xt,m = xj,m )

−1

Define Q−θ,m ≡ infi,j Qθ,m and Q+
θ,m ≡ supi,j Qθ,m. Since Q−θ,m ≤ Qθ,m (i, j) ≤ Q+

θ,m for all

i, j = 1, . . . ,m, it follows that

Pθ
(
Xt,m ∈ A

∣∣Xt−1,m = x,Y s
t−1

)
≥
Q−θ,m

Q+
θ,m

µt,m (Y s
t , A) ≥ Q−+µt,m (Y s

t , A)

where

µt,m (Y s
t , A) ≡

∑
j∈IA

pθ,m (Y s
t |Xt,m = xj,m )×

 m∑
j=1

pθ,m (Y s
t |Xt,m = xj,m )

−1

In the case t > s, it suffices to set µt,m (Y s
t , A) = µc,m (A). �

Proof of Lemma 2. . Conditioning on a particular starting value x0,m ∈ Xm is just a partic-

ular starting probability measure where probability 1 is assigned to that value. By Corollary

1, it follows that

∥∥Pθ (Xt−1,m ∈ ·
∣∣Y t−1

0 , X0,m = x0

)
− Pθ

(
Xt−1,m ∈ ·

∣∣Y t−1
0

)∥∥
TV
≤ ρt−1
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Thus, for t ≥ 1,

∣∣pθ,m (Yt ∣∣Y t−1
0 , X0 = x0

)
− pθ,m

(
Yt
∣∣Y t−1

0

)∣∣
=

∣∣∣∣∣∣
m∑
i=1

m∑
j=1

Qθ,m (i, j) gθ (Yt |xj,m )×
(
Pθ
(
Xt−1,m = xi,m

∣∣Y t−1
0 , X0,m = x0

)
− Pθ

(
Xt−1,m = xi,m

∣∣Y t−1
0

))∣∣∣∣∣∣
≤ ρt−1 sup

i

m∑
j=1

Qθ,m (i, j) gθ (Yt |xj,m )

≤ ρt−1Q+
θ,m

m∑
j=1

gθ (Yt |xj,m )

In addition it holds that

pθ,m
(
Yt
∣∣Y t−1

0 , X0 = x0

)
=

m∑
i=1

m∑
j=1

gθ (Yt |xj,m )Qθ,m (i, j)Pθ
(
Xt−1,m = xi,m

∣∣Y t−1
0 , X0,m = x0

)
≥ Q−θ,m

m∑
i=1

m∑
j=1

gθ (Yt |xj,m )Pθ
(
Xt−1,m = xi,m

∣∣Y t−1
0 , X0,m = x0

)
= Q−θ,m

m∑
j=1

gθ (Yt |xj,m )

The same inequality also holds for pθ,m
(
Yt
∣∣Y t−1

0

)
. It follows from the identity |log x− log y| ≤

|x− y| /min (x, y) that

|log pθ,m (Yt |Y s
t , X0,m = x0 )− log pθ,m (Yt |Y s

t )| ≤ ρt−1

1− ρ

By summing up the expression from t = 1, . . . , T , we get

|`T,m (θ, x0)− `T,m (θ)| ≤
T∑
t=1

ρt−1

1− ρ
=

1− ρT+1

(1− ρ)2 ≤
1

(1− ρ)2

Since this bound holds independently of θ and m, this concludes the proof. �
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Proof of Lemma 3. Consider the first expression and let r′ ≥ r.

pθ,m
(
Yt
∣∣Y t−1
−r , X−r,m = x

)
− pθ,m

(
Yt
∣∣Y t−1
−r′ , X−r′,m = x′

)
=

m∑
i=1

m∑
j=1

m∑
k=1

gθ (Yt |xk,m )Qθ,m (j, k)P
(
Xt−1,m = xj,m

∣∣Y t−1
−r , X−r,m = xi,m

)
1 {xi,m = x}

−
m∑
i=1

m∑
j=1

m∑
k=1

gθ (Yt |xk,m )Qθ,m (j, k)P
(
Xt−1,m = xj,m

∣∣Y t−1
−r′ , X−r,m = xi,m

)
Pθ
(
X−r,m = xi,m

∣∣Y t−1
−r′ , X−r′,m = x′

)
Thus, by Corollary 1

∣∣pθ,m (Yt ∣∣Y t−1
−r , X−r,m = x

)
− pθ,m

(
Yt
∣∣Y t−1
−r′ , X−r′,m = x′

)∣∣
≤ ρt+r−1Q+

θ,m

m∑
k=1

gθ (Yt |xk,m )

Similary, I can obtain a lower bound on both expressions as in the proof of Lemma 2,

pθ,m
(
Yt
∣∣Y t−1
−r , X−r,m = x

)
=

m∑
i=1

m∑
j=1

gθ (Yt |xj,m )Qθ,m (i, j)P
(
Xt−1,m = xi,m

∣∣Y t−1
−r , X−r,m = x

)
≥ Q−θ,m

m∑
j=1

gθ (Yt |xj,m )

Using the same inequality for logs applied in the proof of Lemma 2 we obtain the desired result.

An analogous expression is obtained if r′ ≤ r. The second expression of the theorem follows

from setting r = r′ and integrating with respect to Pθ
(
dx−r,m

∣∣Y t−1
−r

)
.

Note that by Assumption (A3),

c− (Yt) ≤ pθ,m
(
Yt
∣∣Y t−1
−r , X−r,m = x

)
≤ b+

Taking logs concludes the proof.

�

Proof of Proposition 1. I proceed by providing a bound on the integration error

|`m (θ)− ` (θ)|

which is independent of θ ∈ Θ.

The Koksma-Hlawka inequality states that for any function f with bounded variation in
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the sense of Hardy and Krause, then for any sequence {xi}Ni=1 with xi ∈ [0, 1)dX ,∣∣∣∣∣ 1

N

N∑
i=1

f (xi)−
∫

[0,1]dX
f (x) dx

∣∣∣∣∣ ≤ V (f)D∗N (x1, . . . , xN )

where an analogous version can be shown to hold for weighted integrals. D∗N denotes the

star-discrepancy and V (·) denotes the total variation.

Since πXθ,m can be thought of as an approximation of the true measure πXθ , using the Koksma-

Hlawka inequality:

|`m (θ)− ` (θ)| ≤ V (f)D∗m
(
πXθ,m

)
where discrepancy in this instance is defined as

D∗m
(
πXθ,m

)
= sup

A∈J

∣∣πXθ,m (A)− πXθ (A)
∣∣

where J is the set of dX -dimensional boxes of the form

dX∏
i=1

[0, ai) =
{
x ∈ RdX : 0 ≤ xi < ai

}
where 0 ≤ ai < 1. Note that I originally defined πXθ,m using counting measure as the reference

measure. To talk about the appropriate notion of convergence here I define the operation

πXθ,m (A) where A ∈ B (X )

πXθ,m (A) =

m∑
i=1

πXθ,m (i)1 {xi,m ∈ A}

I similarly extend the definition of Qθ,m to sets A ∈ B (X ) and points x ∈ X as

Qθ,m (x,A) =
m∑
i=1

m∑
j=1

Qθ,m (i, j)1 {x ∈ Ai,m}1 {xj,m ∈ A}
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Applying the triangle inequality twice to the expression of interest

sup
A∈J

∣∣πXθ,m (A)− πXθ (A)
∣∣ = sup

x∈X
sup
A∈J

∣∣πXθ,m (A)− πXθ (A)
∣∣

= sup
x∈X

sup
A∈J

∣∣πXθ,m (A)−QTθ,m (x,A) +QTθ,m (x,A)−QTθ (x,A) +QTθ (x,A)− πXθ (A)
∣∣

≤ sup
x∈X

sup
A∈J

∣∣πXθ,m (A)−QTθ,m (x,A)
∣∣+ sup

x∈X
sup
A∈J

∣∣QTθ,m (x,A)−QTθ (x,A)
∣∣+ sup

x∈X
sup
A∈J

∣∣πXθ (A)−QTθ (x,A)
∣∣

≤ ρT1 + sup
x∈X

sup
A∈J

∣∣QTθ,m (x,A)−QTθ (x,A)
∣∣+ ρT2

≤ 2ρT+ + sup
x∈X

sup
A∈J

∣∣QTθ,m (x,A)−QTθ (x,A)
∣∣

where ρ1 and ρ2 are the uniform minorizing constants (with respect to θ and m) for the Markov

chains Πθ and Πθ,m respectively, and ρ+ = max (ρ1, ρ2).

It remains to bound the second term. Through applications of the triangle inequality and

the Cauchy-Schwarz inequality, we get that

sup
x∈X

sup
A∈J

∣∣QTθ,m (x,A)−QTθ (x,A)
∣∣

= sup
x∈X

sup
A∈J

∣∣∣Qθ,mQT−1
θ,m (x,A)−Qθ,mQT−1

θ (x,A) +Qθ,mQ
T−1
θ (x,A)−QθQT−1

θ (x,A)
∣∣∣

= sup
x∈X

sup
A∈J

∣∣∣Qθ,m (QT−1
θ,m (x,A)−QT−1

θ (x,A)
)
− (Qθ,m −Qθ)QT−1

θ (x,A)
∣∣∣

≤ sup
x∈X

sup
A∈J

∣∣∣Qθ,m (QT−1
θ,m (x,A)−QT−1

θ (x,A)
)∣∣∣+ sup

x∈X
sup
A∈J

∣∣∣(Qθ,m −Qθ)QT−1
θ (x,A)

∣∣∣
≤ sup

x∈X
sup
A∈J
|Qθ,m (x,A)| sup

x∈X
sup
A∈J

∣∣∣QT−1
θ,m (x,A)−QT−1

θ (x,A)
∣∣∣

+ sup
x∈X

sup
A∈J
|Qθ,m (x,A)−Qθ (x,A)| sup

x∈X
sup
A∈J

∣∣∣QT−1
θ (x,A)

∣∣∣
≤ sup

x∈X
sup
A∈J

∣∣∣QT−1
θ,m (x,A)−QT−1

θ (x,A)
∣∣∣+ sup

x∈X
sup
A∈J
|Qθ,m (x,A)−Qθ (x,A)|

Applying this inequality recursively it is easy to see that

sup
x∈X

sup
A∈J

∣∣QTθ,m (x,A)−QTθ (x,A)
∣∣ ≤ T sup

x∈X
sup
A∈J
|Qθ,m (x,A)−Qθ (x,A)|

As long as the Lebesgue measure of the discrete sets supi λ (Ai,m) → 0 as m → ∞, the set

of discrete points {xi,m} will become dense in X . That is, for any x ∈ X and ε > 0, ∃m > 0 and

1 ≤ i ≤ m s.t. ‖x− xi,m‖ < ε. Thus the error in the expression above is bounded by the quality

of approximation of the marginal distributions Qθ (x, ·). Note that the specific rate achieved

for the second term will depend on exactly how the Markov chain is discretized. As an example

of the types of rates one might expect, consider the discretization method proposed in Farmer
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and Toda (2015). In Tanaka and Toda (2015), it is shown that the discrete approximation will

converge at a rate proportional to the underlying quadrature formula.

A simple example of quadrature formula is the trapezoidal rule, which is known to have

integration error which is O
(

1
m3

)
. The above expression can be thought of as a dX -dimensional

integral (d-dimensional state space), and thus if a simple product integration rule is used, we

get

sup
A∈J

∣∣πXθ,m (A)− πXθ (A)
∣∣ ≤ 2ρT+ +O

(
T

m3/d

)
This is equivalent to saying that ∃M <∞ and ∃cm with |cm| < M for all m such that

sup
A∈J

∣∣πXθ,m (A)− πXθ (A)
∣∣ ≤ 2ρTm+ + cm

Tm

m3/d

Let ε > 0 and consider the sequence Tm = mε/d. Then

2ρTm+ + cm
Tm

m3/d

=2ρm
ε/d

+ + cm
mε/d

m3/d

=2ρm
ε/d

+ + cm
1

m(3−ε)/d

It is clear that the second term dominates asymptotically because it declines polynomially in

m whereas the first term declines exponentially in m. This shows that

sup
A∈J

∣∣πXθ,m (A)− πXθ (A)
∣∣ = O

(
1

m(3−ε)/d

)
This implies that for any δ > ε

sup
A∈J

∣∣πXθ,m (A)− πXθ (A)
∣∣ = o

(
1

m(3−δ)/d

)
However since the choice of ε was arbitrary, we have that the above holds for any δ > 0.

For a general discretization method I will assume that a result of the form

sup
A∈J

∣∣πXθ,m (A)− πXθ (A)
∣∣ = o (h (m))

can be established, which will again be independent of T for sensible discretization procedures.

Note that the order of convergence of this integration error also does not depend on the value

of the parameter θ ∈ Θ, which concludes the proof.

�
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Proof of Corollary 4. Note that by Fubini’s theorem:

log pθ
(
Y0

∣∣Y −1
−∞
)

= log

∫
Z
pθ (Y0 |z−1 )πθ (dz−1)

= log

∫
X

(∫
Y
pθ (Y0 |z−1 ) gθ (y−1 |x−1 ) dy−1

)
πXθ (dx−1)

and

log pθ,m
(
Y0

∣∣Y −1
−∞
)

= log

∫
Zm

pθ,m (Y0 |z−1,m )πθ,m (dz−1,m)

= log
m∑
i=1

(∫
Y
pθ,m (Y0 |y−1, x−1 = xi,m ) gθ (y−1 |xi,m ) dy−1

)
πXθ,m (i)

Thus, by the continuous mapping theorem, the dominated convergence theorem, and Proposi-

tion 1,

lim
m→∞

sup
θ∈Θ
|`m (θ)− ` (θ)| = 0, Pθ∗-a.s.

�

Proof of Lemma 4. To be completed. �

Proof of Proposition 2. Using the triangle inequality,

sup
θ∈Θ

sup
x0∈X

∣∣T−1`T,m (θ, x0)− ` (θ)
∣∣ = sup

θ∈Θ
sup
x0∈X

∣∣T−1`T,m (θ, x0)− `m (θ) + `m (θ)− ` (θ)
∣∣

≤ sup
θ∈Θ

sup
x0∈X

∣∣T−1`T,m (θ, x0)− `m (θ)
∣∣+ sup

θ∈Θ
|`m (θ)− ` (θ)|

The second term limits to 0 by Corollary 4. For the second term, note that by Lemma ??

it is sufficient to prove that

lim sup
T→∞

sup
θ∈Θ

sup
m∈Z+

∣∣T−1`T,m (θ)− `m (θ)
∣∣ = 0, Pθ∗-a.s.

Furthermore, since Θ is compact, this further reduces to proving that for all θ ∈ Θ,

lim
δ→0

lim sup
T→∞

sup
|θ′−θ|≤δ

sup
m∈Z+

∣∣T−1`T,m
(
θ′
)
− `m (θ)

∣∣ = 0, Pθ∗-a.s.
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This term can be further decomposed as

lim sup
δ→0

lim sup
T→∞

sup
|θ′−θ|≤δ

sup
m∈Z+

∣∣T−1`T,m
(
θ′
)
− `m (θ)

∣∣
= lim sup

δ→0
lim sup
T→∞

sup
|θ′−θ|≤δ

sup
m∈Z+

∣∣T−1`T,m
(
θ′
)
− T−1`T,m (θ)

∣∣
≤ A+B + C

where

A = lim sup
δ→0

lim sup
T→∞

sup
|θ′−θ|≤δ

sup
m∈Z+

T−1
T∑
t=1

∣∣∆t,0,m

(
θ′
)
−∆t,∞,m

(
θ′
)∣∣ ,

B = lim sup
δ→0

lim sup
T→∞

sup
|θ′−θ|≤δ

sup
m∈Z+

T−1
T∑
t=1

∣∣∆t,∞,m
(
θ′
)
−∆t,∞,m (θ)

∣∣ ,
C = lim sup

T→∞
sup
m∈Z+

T−1
T∑
t=1

|∆t,∞,m (θ)−∆t,0,m (θ)|

Terms A and C are zero by Corollary 2, and by Lemma 4 and the ergodic theorem,

B ≤ lim sup
δ→0

lim sup
T→∞

T−1
T∑
t=1

sup
|θ′−θ|≤δ

sup
m∈Z+

∣∣∆t,∞,m
(
θ′
)
−∆t,∞,m (θ)

∣∣
= lim sup

δ→0
Eθ∗

[
sup
|θ′−θ|≤δ

sup
m∈Z+

∣∣∆t,∞,m
(
θ′
)
−∆t,∞,m (θ)

∣∣]
= 0, Pθ∗-a.s.

�

Proof of Theorem 3. . In order to establish asymptotic normality of my proposed estimator,

it is sufficient to show that `T

(
θ̂T,x0 , x0

)
− `T

(
θ̂T,m,x0 , x0

)
= oP (1) by Theorem 7 of Douc

et al. (2004). Rewriting this term

`T

(
θ̂T,x0 , x0

)
− `T

(
θ̂T,m,x0 , x0

)
=`T

(
θ̂T,x0 , x0

)
− `T

(
θ̂T,m,x0 , x0

)
+ `T,m

(
θ̂T,x0 , x0

)
− `T,m

(
θ̂T,x0 , x0

)
≤`T

(
θ̂T,x0 , x0

)
− `T,m

(
θ̂T,x0 , x0

)
+ `T,m

(
θ̂T,m,x0 , x0

)
− `T

(
θ̂T,m,x0 , x0

)
Note that it is thus sufficient to show that for any θ ∈ Θ, Pθ (|`T,m (θ, x0,m)− `T (θ, x0)| ≥ ε)→

0 as T →∞, m→∞ at appropriate rates. It is possible to decompose this probability as fol-
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lows:

Pθ (|`T,m (θ, x0,m)− `T (θ, x0)| ≥ ε)

=Pθ (|`T,m (θ, x0,m)− `T (θ, x0) + T` (θ)− T` (θ) + T`m (θ)− T`m (θ)| ≥ ε)

≤ Pθ
(
|`T (θ, x0)− T` (θ)| ≥ ε

3

)
+ Pθ

(
|`T,m (θ, x0,m)− T`m (θ)| ≥ ε

3

)
+ Pθ

(
T |`m (θ)− ` (θ)| ≥ ε

3

)
Theorem 14 from Douc et al. (2011) states that for any Vθ-uniformly ergodic state process

with transition kernel Qθ, f : Ys+1 with ‖f‖∞ <∞, there exists a constant K <∞ such that

Pνθ

(∣∣∣∣∣
T∑
t=1

{
f
(
Y t+s
t

)
− Eθ∗ [f (Y s

0 )]
}∣∣∣∣∣ ≥ ε

)
≤ Kν (V ) exp

[
− 1

K

(
min

(
ε2

T
, ε

))]

for any initial probability measure ν and ε > 0. Both the original chain Qθ and each discrete

chain Qθ,m are uniformly ergodic and thus Vθ-uniformly ergodic for Vθ = 1.

Note that the first two terms are of the form considered in Theorem 14 from Douc et al.

(2011). I explicity show the bound for the first term and the second term is analogous due to

the uniform minorization of the sequence of discrete Markov chains for all m ∈ Z+ with the

same minorizing constant

Pθ
(
|`T (θ, x0)− T` (θ)| ≥ ε

3

)
=Pθ

(∣∣∣∣∣
T∑
t=1

{
log pθ

(
Yt
∣∣Y t−1

0 , X0 = x0

)
− ` (θ)

}∣∣∣∣∣ ≥ ε

3

)

≤ K exp

[
− 1

K

(
min

(
ε2

9T
,
ε

3

))]
= oP (1) with P = Pθ∗

It follows from proposition 2 that

|`m (θ)− ` (θ)| = o (h (m))

and thus

T |`m (θ)− ` (θ)| = o (Th (m))

Returning to the original expression of interest

Pθ∗
(∣∣∣`T (θ̂T,x0 , x0

)
− `T

(
θ̂T,m,x0 , x0

)∣∣∣ ≥ ε)
≤ Pθ∗

(∣∣∣`T (θ̂T,x0 , x0

)
− `T,m

(
θ̂T,x0 , x0

)
+ `T,m

(
θ̂T,m,x0 , x0

)
− `T

(
θ̂T,m,x0 , x0

)∣∣∣ ≥ ε)
≤ Pθ∗

(∣∣∣`T,m (θ̂T,x0 , x0,m

)
− `T

(
θ̂T,x0 , x0

)∣∣∣ ≥ ε

2

)
+ Pθ∗

(∣∣∣`T,m (θ̂T,m,x0 , x0,m

)
− `T

(
θ̂T,m,x0 , x0

)∣∣∣ ≥ ε

2

)
→ 0
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for T →∞, m→∞, Th (m)→ 0. This ensures that my proposed estimator satisfies condition

(iii) of Theorem 7 from Douc et al. (2004). �

B Figures and Tables

DF 5 DF 9 DF 13 PF 1000 EKF

µ

T = 100 0.4469 0.4539 0.4423 0.4877 0.5211

T = 500 0.4256 0.4164 0.3795 0.5735 0.4446

T = 1,000 0.3472 0.3492 0.3564 0.6139 0.3359

ρ

T = 100 0.5882 0.5910 0.5981 0.5721 0.7269

T = 500 0.1082 0.0987 0.1147 0.1079 0.3042

T = 1,000 0.0189 0.0218 0.0191 0.0420 0.1260

σ

T = 100 0.2345 0.2318 0.2344 0.2439 0.6214

T = 500 0.0770 0.0667 0.0704 0.1114 0.2933

T = 1,000 0.0433 0.0381 0.0398 0.0761 0.1629

Table 1: RMSE of parameter estimates

DF 5 DF 9 DF 13 PF 1000 EKF

µ

T = 100 0.3575 0.3578 0.3539 0.3846 0.4126

T = 500 0.3263 0.3148 0.2949 0.3841 0.3395

T = 1,000 0.2653 0.2516 0.2404 0.3597 0.2607

ρ

T = 100 0.4432 0.4466 0.4513 0.4418 0.6171

T = 500 0.0373 0.0340 0.0376 0.0497 0.1371

T = 1,000 0.0117 0.0115 0.0108 0.0193 0.0350

σ

T = 100 0.1725 0.1702 0.1717 0.1781 0.4292

T = 500 0.0500 0.0431 0.0431 0.0711 0.1948

T = 1,000 0.0306 0.0263 0.0251 0.0453 0.1260

Table 2: MAE of parameter estimates
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DF 5 DF 9 DF 13 PF 1000 EKF

µ

T = 100 -0.0348 -0.0245 -0.0306 -0.0278 0.0046

T = 500 -0.0124 -0.0169 -0.0070 0.0028 -0.0013

T = 1,000 0.0137 -0.0002 0.0030 0.0163 0.0196

ρ

T = 100 -0.4428 -0.4458 -0.4504 -0.4417 -0.6170

T = 500 -0.0362 -0.0316 -0.0351 -0.0484 -0.1359

T = 1,000 -0.0108 -0.0093 -0.0085 -0.0172 -0.0335

σ

T = 100 0.1155 0.1099 0.1133 0.1338 0.3402

T = 500 0.0390 0.0307 0.0305 0.0620 0.1860

T = 1,000 0.0220 0.0153 0.0135 0.0354 0.1250

Table 3: Bias of parameter estimates

DF 5 DF 9 DF 13 PF 1000 EKF

T = 100 0.62 0.72 0.83 19.65 0.17

T = 500 2.01 2.12 2.29 269.75 0.22

T = 1,000 3.71 3.92 4.21 1,088.52 0.30

Table 4: Average time of one maximum likelihood estimation (in seconds)

DF 5 DF 9 DF 13 PF 1000 EKF

T = 100 0.3753 0.3753 0.3728 0.3742 0.4977

T = 500 0.3788 0.3759 0.3751 0.3830 0.4652

T = 1,000 0.3797 0.3769 0.3762 0.3828 0.4518

Table 5: ARMSE of filtered state estimates at θ̂MLE

DF 5 DF 9 DF 13 PF 1000 EKF

T = 100 0.3070 0.3073 0.3054 0.3065 0.3900

T = 500 0.3027 0.3002 0.3000 0.3062 0.3715

T = 1,000 0.3032 0.3008 0.3003 0.3054 0.3610

Table 6: AMAE of filtered state estimates at θ̂MLE
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Discretization Filter Extended Kalman Filter

1200µ -0.2251 -0.2061 0.0256 -0.3035 -0.2381 0.0253

(0.0767) (1.3693) (0.0318) (0.1885) (0.1815) (0.0160)

ρ 0.9648 0.0056 0.4541 0.9638 -0.0026 0.3445

(0.0100) (0.0212) (1.5863) (0.0199) (0.0183) (0.4821)

-0.0234 0.9626 0.8170 -0.0226 0.9420 1.0152

(0.1809) (0.0762) (5.2167) (0.0202) (0.0212) (0.5111)

0.0046 0.0035 0.7750 0.0033 0.0028 0.8869

(0.0023) (0.0067) (0.1050) (0.0018) (0.0019) (0.0385)

eig (ρ) 0.9765+0.006i 0.9765-0.006i 0.7513 0.9832 0.9642 0.8452

ρQ 0.9983 0 0 0.9978 0 0

(0.0026) (0.0003)

0 0.9608 1 0 0.9502 1

(0.0121) (0.0012)

0 0 0.9608 0 0 0.9502

(0.0121) (0.0012)

1200δ0 13.2418 13.3750

(2.3324) (1.0551)

1200Σ 0.2511 0.4160

(0.3467) (0.0390)

-0.0535 0.2541 -0.3999 0.2445

(0.3483) (0.1978) (0.0369) (0.0233)

-0.0002 0.0026 0.0338 -0.0110 0.0033 0.0390

(0.0026) (0.0058) (0.0095) (0.0069) (0.0034) (0.0030)

1200
√
ω 0.1638 0.0893

(0.0403) (0.0027)

Table 7: Maximum likelihood parameter estimates (QMLE standard errors in parantheses)
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Figure 1: T = 100 MLE sampling distributions
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Figure 2: T = 500 MLE sampling distributions
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Figure 3: T = 1,000 MLE sampling distributions
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Figure 4: Shadow rates
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