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Abstract

We propose a new methodology for structural estimation of dynamic dis-
crete choice models. We combine the Dynamic Programming (DP) solution
algorithm with the Bayesian Markov Chain Monte Carlo algorithm into a sin-
gle algorithm that solves the DP problem and estimates the parameters si-
multaneously. As a result, the computational burden of estimating a dynamic
model becomes comparable to that of a static model. Another feature of our
algorithm is that even though per solution-estimation iteration, the number of
grid points on the state variable is small, the number of effective grid points
increases with the number of estimation iterations. This is how we help ease
the "Curse of Dimensionality". We simulate and estimate several versions of
a simple model of entry and exit to illustrate our methodology. We also prove
that under standard conditions, the parameters converge in probability to the
true posterior distribution, regardless of the starting values.
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1 Introduction

Structural estimation of Dynamic Discrete Choice (DDC) models has become increas-
ingly popular in empirical economics. Examples include Keane and Wolpin (1997)
in labor economics, Erdem and Keane (1995) in marketing, Imai and Krishna (2004)
on crime and Rust (1987) in empirical industrial organization. Structural estimation
is appealing for at least two reasons. First, it captures the dynamic forward-looking
behavior of individuals, which is very important in understanding agents’ behavior in
various settings. For example, in labor market, individuals carefully consider future
prospects when they switch occupations. Secondly, since the estimation is based on
explicit solution of a structural model, it avoids the Lucas Critique. Hence, after the
estimation, policy experiments can be relatively straightforwardly conducted by sim-
ply changing the estimated value of “policy” parameters and simulating the model to
assess the change. However, one major obstacle in adopting the structural estimation
method has been its computational burden. This is mainly due to the following two
reasons.

First, in dynamic structural estimation, the likelihood or the moment conditions
are based on the explicit solution of the dynamic model. In order to solve a dynamic
model, we need to compute the Bellman equation repeatedly until the calculated
expected value function converges. Second, in solving the Dynamic Programming
(DP) Problem, the Bellman equation has to be solved at each possible point in the
state space. The possible number of points in the state space increases exponentially
with the increase in the dimensionality of the state space. This is commonly referred
to as the “Curse of Dimensionality”, and makes the estimation of the dynamic model
infeasible even in a relatively simple setting.

In this paper, we propose an estimator that helps overcome the two computational
difficulties of structural estimation. Our estimator is based on the Bayesian Markov
Chain Monte Carlo (MCMC) estimation algorithm, where we simulate the posterior
distribution by repeatedly drawing parameters from a pseudo-Markov Chain until
convergence. In contrast to the conventional MCMC estimation approach, we com-
bine the Bellman equation step and the MCMC algorithm step into a single hybrid
solution-estimation step, which we iterate until convergence. The key innovation in
our algorithm is that for a given state space point, we need to solve the Bellman equa-
tion only once between each estimation step. Since evaluating a Bellman equation
once is as computationally demanding as computing a static model, the computa-
tional burden of estimating a DP model is in order of magnitude comparable to that
of estimating a static model!.

Furthermore, since we move the parameters according to the pseudo-MCMC al-
gorithm after each Bellman step, we are “estimating” the model and solving for the
DP problem at the same time. This is in contrast to conventional estimation methods
that “estimate” the model only after solving the DP problem. In that sense, our es-
timation method is related to the algorithm advocated by Aguirreagabiria and Mira

IFerrall (2005) also considers optimal mix of model solution and estimation algorithms.



(2001), Kasahara and Shimotsu (2005), which are an extension of the method devel-
oped by Hotz and Miller (1993), and Hotz, Miller, Sanders and Smith (1994). They
propose to iterate the Bellman equation only once before constructing the likelihood.
The estimation strategy, which is not based on the full solution of the model, has had
difficulties dealing with unobserved heterogeneity. This is because this estimation
method essentially recovers the value function from the observed choices of people
at each point of the state space. But if there are unobserved heterogeneities, the
state space points are unobservable in the data. In contrast to the above estimation
algorithm, our estimation algorithm is based on the full solution of the dynamic pro-
gramming problem, hence can account for a variety of unobservable heterogeneities.
But we only need to solve the Bellman equation once between each estimation step.?

Specifically, we start with an initial guess of the expected value function (emax
function). We then evaluate the Bellman equation for each state space point, if
the number of state space points is finite, or for a subset of the state space grid
points if the state space is continuous. We then use Bayesian MCMC to update the
parameter vector. We update the emax function for a state space point by averaging
with those past iterations in which the parameter vector is “close” to the current
parameter vector and the state variables are either exactly the same as the current
state variables (if the state space is finite) or close to the current state variables (if
the state space is continuous). This method of updating the emax function is similar
to Pakes and McGuire (2001) except in the important respect that we also include
the parameter vector in determining the set of iterations over which averaging occurs.

Our algorithm also helps in the ‘the Curse of Dimensionality’ situation where
the dimension of the state space is high. In most DP solution exercises involving a
continuous state variable, the state space grid points, once determined, are fixed over
the entire algorithm, as in Rust (1997). In our Bayesian DP algorithm, the state
space grid points do not have to be the same for each solution-estimation iteration.
In fact, by varying the state space grid points at each solution-estimation iteration,
our algorithm allows for an arbitrarily large number of state space grid points by
increasing the number of iterations. This is how our estimation method reduces the
computational burden in high dimensional cases.

The main reason behind the computational advantage of our estimation algo-
rithm is the use of information obtained from past iterations. In the conventional
solution-estimation algorithm, at iteration ¢, most of the information gained in all
past estimation iterations remains unused, except for the iteration ¢ — 1 likelihood
and its Jacobian and Hessian in Classical ML estimation, and MCMC transition func-
tion in Bayesian MCMC estimation. In contrast, we extensively use the vast amount

’In contrast to Ackerberg (2004), where the entire DP problem needs to be solved for each
parameter simulation, in our algorithm, the Bellman equation needs to be computed only once for
each parameter value. Furthermore, there is an additional computational gain because our pseudo-
MCMC algorithm guarantees that except for the initial burn-in simulations, most of the parameter
draws are from a distribution close to the true posterior distribution. In Ackerberg’s case, the initial
parameter simulation and therefore the DP solution would be inefficient because at the initial stage,
true parameter distribution is not known.



of computational results obtained in past iterations, especially those that are helpful
in solving the DP problem. However, notice that if we use information on past iter-
ations to update parameters, then the probability function that determines the next
period parameter values is not a Markov transition function any more. We prove that
under mild conditions, the probability function converges to the true MCMC tran-
sition function as we keep iterating the Bayesian MCMC algorithm. Hence, as the
number of iterations increase, then our algorithm will become closer to the standard
MCMC algorithm.

We demonstrate the performance of our algorithm by estimating a dynamic model
of firm entry and exit choice with observed and unobserved heterogeneities. The un-
observed random effects coefficients are assumed to have a continuous distribution
function, and the observed characterisitcs are assumed to be continuous as well. It
is well known that for a conventional Dynamic Programming Simulated Maximum
Likelihood estimation strategy, this setup imposes a severe computational burden.
The computational burden is due to the fact that during each estimation step, the
DP problem has to be solved for each firm hundreds of times. Because of the ob-
served heterogeneity, each firm has a different parameter value, and furthermore,
because the random effects term has to be integrated out numerically via Monte-
Carlo integration, for each firm, one has to simulate the random effects parameter
hundreds of times, and for each simulation, solve for the DP problem. This is why
most practitioners of structural estimation follow Heckman and Singer (1984) and
assume discrete distributions for random effects and only allow for discrete types as
observed characteristics.

We show that using our algorithm, the above estimation exercise becomes one
that is computationally quite similar in difficulty to the Bayesian estimation of a
static discrete choice model with random effects (see McCullogh and Rossi (1994) for
details), and thus is feasible. Indeed, though simulation/estimation exercises we show
that the computing time for our estimation exercise is around 8 times as fast and sig-
nificantly more accurate than the conventional Random Effects Simulated Maximum
Likelihood estimation algorithm. In addition to the experiments, we formally prove
that under very mild conditions, the distribution of parameter estimates simulated
from our solution-estimation algorithm converges to the true posterior distribution in
probability as we increase the number of iterations.

Our algorithm shows that the Bayesian methods of estimation, suitably modified,
can be used effectively to conduct full solution based estimation of structural dynamic
discrete choice models. Thus far, application of Bayesian methods to estimate such
models has been particularly difficult. The main reason is that the solution of the
DP problem, i.e. the repeated calculation of the Bellman equation is computationally
so demanding that the MCMC, which typically involves far more iterations than the
standard Maximum Likelihood routine, quickly becomes infeasible with a relatively
small increase in model complexity. One of the few examples of Bayesian estimation
is Lancaster (1997). He successfully estimates the equilibrium search model where
the Bellman equation can be transformed into an equation where all the information



on optimal choice of the individual can be summarized in the reservation wage, and
hence, there is no need for solving the value function. Another example is Geweke
and Keane (1995) who estimate the DDC model without solving the DP problem. In
contrast, our paper accomplishes Bayesian estimation based on full solution of the DP
problem by simultaneously solving for the DP problem and iterating on the pseudo-
MCMC algorithm. The difference turns out to be important because the estimation
algorithms that are not based on the full solution of the model can only accomodate
limited specification of unobserved heterogeneities.

Our estimation method not only makes Bayesian application to DDC models
computationally feasible, but possibly even superior to the existing (non-Bayesian)
methods, by reducing the computational burden of estimating a dynamic model to
that of estimating a static one. Furthermore, the usually cited advantages of Bayesian
estimation over classical estimation methods apply here as well. That is, first, the
conditions for the convergence of the pseudo-MCMC algorithm are in general weaker
than the conditions for the global maximum of the Maximum Likelihood (ML) esti-
mator, as we show in this paper. Second, in MCMC, standard errors can be derived
straightforwardly as a byproduct of the estimation routine, whereas in ML estima-
tion, standard errors have to be computed usually either by inverting the numerically
calculated Information Matrix, which is valid only in a large sample world, or by
repeatedly bootstrapping and reestimating the model, which is computationally de-
manding.?

The organization of the paper is as follows. In Section 2, we present a general
version of the DDC model and discuss conventional estimation methods as well as our
Bayesian DP algorithm. In Section 3, we prove convergence of our algorithm under
some mild conditions. In Section 4, we present a simple model of entry and exit. In
Section 5, we present the simulation and estimation results of several experiments
applied to the model of entry and exit. Finally, in Section 6, we conclude and briefly
discuss future direction of this research. The Appendix contains all proofs.

2 The Framework

Let 6 be the J dimensional parameter vector. Let S be the set of state space points
and let s be an element of S. We assume that S is finite. Let A be the set of all
possible actions and let a be an element of A. We assume A to be finite to study
discrete choice models.

The value of choice a at parameter ¢ and state vector s is,

V(s,a,€4,0) =U(s,a,€4,0) + BE [V (s, €,0)] (1)

30sborne (2006) has applied the Bayesian DP algorithm to the estimation of the dynamic discrete
choice model with random effects, and estimated the dynamic consumer brand choice model. Norets
(2006) applied it to the DDC model with serially correlated state variables. We follow them in
adopting the modified Metropolis-Hastings algorithm for the MCMC sampling instead of Gibbs
sampler used in the earlier draft.



where s’ is the next period’s state variable, U is the current return function. € is a
vector whose a th element ¢, is a random shock to current returns to choice a. Finally,
(3 is the discount factor. We assume that e follows a multivariate distribution F; (¢|6),
which is independent over time. The expectation is taken with respect to the next
period’s shock €. We assume that the next period’s state variable s’ is a deterministic
function of the current state variable s, current action a, and parameter § *. That is,

s =4'(s,a,0).
The value function is defined to be as follows.

V(s,€,0) = max V(s,a,€,,0)

We assume that the dataset for estimation includes variables which correspond
to state vector s and choice a in our model but the choice shock € is not observed.

. . _ d d d N, T 5 .
That is, the observed data is Yy r = {Siw a; EvT}izl,Tzl , where NN is the number

of firms and 7T is the number of time periods. Furthermore,

al_ = argmaxV(s}_, a,e,,0)
b aeA 7
d d d e (od  d
F‘i,‘r - U(‘Si,T? ai,T? Ea;-i’,r7 9) if (Si,7'7 ai,‘r) cvw
0 otherwise.

The current period return is observable in the data only when the pair of state and
choice variables belongs to the set W. In the entry/exit problem of firms that we
discuss later, profit of a firm is only observed when the incumbent firm stays in. In
this case, U is a set whose state variable is being an incumbent (and the capital stock)
and the choice variable is staying in.

Let 7() be the prior distribution of 6. Furthermore, let L(Yyr|f) be the likeli-
hood of the model, given the parameter 6 and the value function V(. ., ), which is
the solution of the DP problem. Then, we have the following posterior distribution
function of 6.

P(9|YN,T) 0.8 W(Q)L(YNIW) (2)
Let €e = {ew}jv:’iﬁl. Because € is unobserved to the econometrician, the likelihood is

an integral over it. That is, if we define L(Yx r|€,6) to be the likelihood conditional
on (€,0), then,

L(Ynr|0) :/L<YN,T|€70>dFe<€|9>'

The value function enters in the likelihood through choice probability, which is a
component of the likelihood. That is,

d ~
, =argmax V(s ., a,€qir,0)
acA ’

2,79 7,

P [a = af,T|s“l 74 9} =Pr Faw - al

4This is a simplifying assumption for now. Later in the paper, we study random dynamics as
well.
®We denote any variables with d superscript to be the data.
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Below we briefly describe the conventional estimation approaches and then, the
Bayesian dynamic programming algorithm we propose.

2.1 The Maximum Likelihood Estimation

The conventional ML estimation procedure of the dynamic programming problem
consists of two main steps. First is the solution of the dynamic programming problem
and the subsequent construction of the likelihood, which is called “the inner loop”
and second is the estimation of the parameter vector, which is called “the outer loop”.

1. Dynamic Programming Step (Inner Loop): Given parameter vector , we
solve the Bellman equation, given by equation 1. This typically involves several
steps.

(a)

First, the random choice shock, € is drawn a fixed number of times, say, M,
generating €™ m = 1,..., M. At iteration 0, set initial guess of the value
function to be, for example, zero. That is, V(0 (s, e™ 0) = 0 for every
s € S, ™. We also let the expected value function (Emax function) to
be zero, i.e., Es [VO(s,¢,6)] =0 for every s € S.

Assume we are at iteration ¢ of the DP algorithm. Given s € S and €™,
the value of every choice a € A is calculated. For the Emax function, we use
the approximated expected value function E. [V(t’l)(s' L€ 9)} computed
at the previous iteration ¢ — 1 for every s’ € S. Hence, the iteration ¢ value
of choice a is,

VO(s,a,e™,0) = U(s,a,e™, 0) + BE. [VEV (s, ¢, 0)] .
Then, we compute the value function,

VO (s, €™ 0) = max V¥ (s, a,e™ 0). (3)

acA

The above calculation is done for every s € S and €™, m =1,..., M.

. The approximation for the expected value function is computed by taking

the average of value functions over simulated choice shocks as follows.

A~

M
B [VO(s,¢.0)] = 22 S VO, 0) (4)
m=1

Steps b) and c¢) have to be done repeatedly for every state space point
s € S. Furthermore, all three steps have to be repeated until the value
function converges. That is, for a small § > 0,

‘V(t)(s, €™ 9y — VD (g, m), 9)‘ <9
forallse Sand m=1,.., M.



2. Likelihood Construction

The important increment of the likelihood is the conditional choice proba-
bility P [a = af [s],,V,0] given the state s¢_, value function V and the para-

meter 0. For example, suppose that the per period return function is specified
as follows.

U(s,a,e™ 0) = U(s,a,0) + ™,

where U (s,a,0) is the deterministic component of the per period return func-
tion. Also, denote,

V(s,a,0) = U(s,a,0) + BE V(s €, 0)]
to be the deterministic component of the value of choosing action a. Then,

P [aﬁAsZT, V0] =P [ea — € < V(s, aZT, 0) —V(s,a,0);Va # aZT|5zT, V.0
which becomes a multinomial probit specification when the error term e is as-
sumed to follow a joint normal distribution.

3. Likelihood Maximization routine (Outer Loop)

Supppose we have K parameters to estimate. In a typical Maximum Likelihood
estimation routine, where one uses Newton hill climbing algorithm, at iteration
t, likelihhood is derived under the original parameter vector 6® and under the
perturbed parameter vector 00 + Af;, j =1,..., K. The perturbed likelihood
is used together with the original likelihood to derive the new direction of the
hill climbing algorithm. This is done to derive the parameters for the iteration
t+1, 94+ That is, during a single ML estimation routine, the DP problem
needs to be solved in full K + 1 times. Furthermore, often the ML estimation
routine has to be repeated many times until convergence is achieved. During
a single iteration of the maximization routine, the inner loop algorithm needs
to be executed at least as many times as the number of parameters plus one.
Since the estimation requires many iterations of the maximization routine, the
entire algorithm is usually computationally extremely burdensome.

2.2 The conventional Bayesian MCMC estimation

A major computational issue in Bayesian estimation method is that the posterior
distribution, given by equation 2, is a high-dimensional and complex function of
the parameters. Instead of directly simulating the posterior, we adopt the Markov
Chain Monte Carlo (MCMC) strategy and construct a transition density from current
parameter 6 to the next iteration parameter ', f (6,6’), which satisfies, among other
more technical conditions, the following equality.

POy 1) = / £0,0)P 0|V r)dof
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t
We simulate from the transition density the sequence of parameters {0(3)} , which
s=1

is known to converge to the correct posterior.

The conventional Bayesian estimation method applied to the DDC model proceeds
in the following three main steps.

Metropolis-Hastings (M-H) Step: The Metropolis-Hastings algorithm is a
Markov Chain simulation algorithm used to draw from a complex target distribution.
See Robert and Casella (2004) for more details on the M-H algorithm. In our case,
the traget density is proportional to () L(Yyr|6). Given 8, the parameter vector
at iteration ¢, draw the new parameter vector 04+ as follows: First, draw the candi-
date parameter vector 0*® from a candidate generating density (or proposal density)

q <9(t), 9*(t)>. Then, accept 0 ) ie. set D = 0*® with probability

- (9*@)) I (YN,T|9*(t)) q (9*(1‘/)’ g(t))
- (9(15)) I (YN,T|9(t)) q (g(t)’ g*(t)) ’

otherwise, reject 0*%), i.e. set 601 = 9,

Notice that since the likelihood is a function of the value function, during each M-
H step, in order to compute the proposal density, for each 6*®) the DP problem needs
to be solved and value function derived. Hence, the MCMC algorithm is the “Outer
Loop” of the estimation algorithm, and we need the following Dynamic Programming
step within the Hastings-Metropolis Step as the “Inner Loop”.

Dynamic Programming Step: The Bellman equation, given by equation 1, is
iterated until convergence for the given parameter vector #) and the candidate vector
0*® . This solution algorithm for the DP Step is similar to the Maximum Likelihood
algorithm discussed above.

We now present our algorithm for estimating the parameter vector . We call it
the Bayesian Dynamic Programming Algorithm. The key innovation of our algorithm
is that we solve the dynamic programming problem and estimate the parameters
simultaneously, rather than sequentially.

1

A (9“), 9*“)) — min

2.3 The Bayesian Dynamic Programming Estimation

Our method is similar to the conventional Bayesian algorithm in that based on the
value function we compute at each estimation step, we construct an algorithm that is
a modified version of the Metropolis-Hastings algorithm described above to generate
a sequence of parameter simulations. The main difference between the Bayesian DP
algorithm and the conventional algorithm is that during each estimation step, we do
not solve the DP problem in full. In fact, during each modified Metropolis-Hastings
step, we iterate the DP algorithm only once.

A key issue in solving the DP problem is the way the expected value function
(or the Emax function) is approximated. In conventional methods, this approxi-
mation is given by equation 4. In contrast, we approximate the emax function by



t
averaging over a subset of past iterations. Let Q®) = {e(s), 0 V(S)} be the his-
s=1
tory of shocks, parameters and value functions up to the current iteration t°. Let
V(t)(s,a,egt),ﬁ*(t),ﬂ(t*”) be the value of choice a and let V) (s, e® §*® Q-1) be
the value function derived at iteration ¢ of our solution/estimation algorithm. Then,
A @)
the value function and the approximation E [V(s’ € ,9)]9(“1)} for the expected
value function E. [V (s',€,0)] at iteration ¢ are defined recursively as follows.

(t) N@) _ pr(t—n)
E, [V(s,e,0)000] = SV eltm) geom) i) NKth“) )
n=1 Zkz(l) Kh(g - 9*(t_k))
(5)
and,

V(t—n)(s7 a, 6((lt—n)7 ‘9*(t—n)7 Q(t—n—l)) _ U(S, a, GS_n), 9*(t—n))

A (t—n)

+6Ee’ V(S/, 6/, 9*(t_n))|Q(t_n_1) ’

V(t_n)(S, e(t—n)’ ‘9*(t—n)7 Q(t—n—l)) _ Mal’aeAV(t_n)(S, a, 6((lt—n)’ 9*(1§—n)7 Q(t—n—l))
where K, () is a kernel with bandwidth ~ > 0. That is,

K is a nonnegative, continuous, bounded real function which is symmetric around zero
and integrates to one. i.e. [ K(z)dz = 1. Furthermore, we assume that [ 2K (z)dz <
00.

The approximated expected value function given by equation 5 is the weighted
average of value functions of N(¢) most recent iterations. The sample size of the
average, N (t), increases with t. Futhermore, we let ¢ — N(t) — oo as t — oo. The
weights are high for the value functions at iterations with parameters close to the
current parameter vector 6™, This is similar to the idea of Pakes and McGuire
(2002), where the expected value function is the average of the past IV iterations. In
their algorithm, averages are taken only over the value functions that have the same
state variable as the current state variable s. In our case, averages are taken over the
value functions that have the same state variable as the current state variable s as
well as parameters that are close to the current parameter 6*®,

We now describe the complete Bayesian Dynamic Programming algorithm at it-
t

eration t. Suppose that {e(l)}f_l, {9*(”} are given and for all discrete s € S,
= 1=1

t
{V(Z)(s, e®, 9*(”)} is also given. Then, we update the value function and the pa-

rameters as follows.

6The simulated shocks €(*) are those used for calculating the value function.
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1. Modified Metropolis-Hastings Step’: Draw the new parameters O+ as
follows: First, draw the candidate parameter §*® from the proposal density

q <9(t), «9*(t)). then, accept *®, i.e. set Y = *®) with probability

A <9<t>7 9*(t)|Q(t—1)>
- (g*m) I <YN,T|9p(t), B [V ( 9*(t>) ‘Q(H)D
- (g(t)) I <YN7T|g(t)7 EY [V ( 9(t>> |Q(t—1)]> q

otherwise, reject 0*9 i.e. set 94 =9,

q (9*@, 9<t))
(g(t)’g*(t)) 1 (©

min

2 Bellman Equation Step: During each Metropolis-Hastings step, we need to
solve for the expected value function Ee(,t ) [V (.,) [Q¢D] for parameters 0" and

0*®. To do so for all s € S, we follow equation 5. For use in future iterations,
we simulate the value function by drawing ¢ to derive,

A )

VO(s,a,e),0°0,000) = U(s, 0,0, 0°0) + BE, [V(s,¢,00) | Q)]

a a

VO (s, ®, o ®) Q1) = max VO (s,a,ed, o ®) Q=)

We repeat Steps 1 to 2 until the sequence of the parameter simulations converges to
a stationary distribution. In our algorithm, in addition to the Dynamic Programming
and Bayesian methods, nonparametric kernel techniques are also used to approximate
the value function. Notice that the convergence of kernel based approximation is not
based on the large sample size of the data, but based on the number of Bayesian
DP iterations. The Bellman equation step (Step 2) is only done once during a single
estimation iteration. Hence, the Bayesian DP algorithm avoids the computational
burden of solving for the DP problem during each estimation step, which involves
repeated evaluation of the Bellman equation.

It is important to notice that the modified Metropolis-Hastings algorithm is not
a Markov Chain®. This is because it involves value functions calculated in past
iterations. Hence, convergence of our algorithm is by no means trivial. In the next
section, we prove that under some mild assumptions the distribution of the parameters
generated by our algorithm converges to the true posterior in probability.

Both Osborne (2006) and Norets (2006) approximate the expected value function
using the value functions computed in the past iterations evaluated at the past para-
meter draws 00, Here, we use the value functions evaluated at the past proposal

"We are grateful to Andriy Norets for pointing out the flaw in the Gibbs Sampling scheme adopted
in the earlier draft.
8We are grateful to Peter Rossi for emphasizing it.
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parameter draws 0*¢~™. We chose to do so because given 0 it is easier to con-

trol the random movement of *) than the random movement of %+, since 6*(*)
is drawn from a known distribution function which we can easily change, whereas
0+ comes from a complex distribution which involves the solution of the dynamic
model. For example, if in modified Metropolis-Hastings algorithm the parameter %)
is “stuck” at a value for many iterations, then the value functions are only evaluated
at that parameter value. But even then, 0*®") moves around so that we can com-
pute the value functions at the parameter values around 0%, which becomes useful
in computing the expected value function when the parameter §) finally moves to
a different value. Furthermore, by setting the support of the proposal density to be
the entire parameter set ©, which we assume to be compact, we can insure that at
each point # in ©, the proposal density draw 0*® will visit the open neighborhood of
0 arbitrarily many times as we increase the iteration to infinity, which turns out to
be the main reason why the expected value function approximation of the Bayesian
DP algorithm converges to the true ones. By keeping the conditional variance of the
proposal density given ) small, we can guarantee that the invariant distribution of
0* is not very different from that of 6.

3 Theoretical Results

In this section, we prove the convergence of the Bayesian DP algorithm. To facilitate
the proof, we modify the Bellman equation step slightly. That is, we simulate the
value function by drawing e® to derive,

Y va ) Y ta )

t)
VO (s,a,e®, 0*O QD) = (s, a, e, *®) + 5]%2 [V(s/,e/,ﬁ*(t)) | Q‘H)] ,

VO (s,e® 60 00-D) = max VO (s,q, D, 670 ),

Y )
acA a

where B B
U(s,a,e?,0*®) = Min {Max {U(s, a, e 6+, —MU} ,MU}

for a large positive M. This makes the utility function used in the Bellman equation
uniformly bounded, which simplifies the proof. This modification does not make any
difference in practice because My can be set arbitrarily large. We also denote V' to
the the value function of the following Bellman equation.

V (s, ™ 0) = Max {[7(3, a,€4,0) + BEs o [V(8', €, 9)]} :

Next we show that under some mild assumptions, our algorithm generates a sequence
of parameters 0V, 0 ... which converges in probability to the correct posterior dis-
tribution.

Assumption 1: Parameter space © C R’ is compact, i.e. closed and bounded
in the Euclidean space R’7. We set the proposal density ¢(f,.) to be continuously

12



differentiable, strictly positive and uniformly bounded in the parameter space given
any 0 € ©.

Compactness of the parameter space is a standard assumption used in proving the
convergence of MCMC algorithm. See, for example, McCullogh and Rossi (1994). Tt
is often not necessary but simplifies the proofs. An example of the proposal density
that satisfies Assumption 1 is the multivariate normal density, truncated to only cover
the compact parameter space.

Assumption 2: For any s € S, a € A, and ¢, € O, ‘lj(s,a, ea,Q)’ < My

for some My > 0. Also, ﬁ(s, a,.,0) is a nondecreasing function in € and U(s, a,.,.)
satisfies the Lipschitz condition in terms of € and 6. Also, the distribution of ¢, has a
density function dF (e, #) which is continuous in 6.

Assumption 3: [ is known and 3 < 1.

Assumption 4: For any s € S, e and 0 € ©, V(s ¢,0) < M; for some M; > 0.

Furthermore, V(s, .,.) also satisfies the Lipschitz condition in terms of € and 6.
A (®)
Assumptions 2 and 3, and 4 jointly make V(s ¢,6) and hence £, [V (s',€,0)],

t = 1,... uniformly bounded, measurable, continuous and satisfying the Lipschitz
condition as well.

Assumption 5: 7(6) is positive and bounded for any # € ©. Similarly, for any
0 € © and V uniformly bounded, L(Yn7|0,V) > 0 and bounded.

Assumption 6: The bandwidth % is a function of N and as N — oo, h(N) — 0
and Nh(N)?/ — co. The kernel K has an absolutely integrable Fourier transform.

Assumption 7: N(t) is nondecreasing in ¢, increases at most by one for a unit
increase in ¢, and N(t) — oo. Furthermore, ¢ — N(t) — oo. Define the sequence
t(), N(I) as follows. For some ¢ > 0, define ¢(1) = ¢, and N(1) = N(¢). Let
t(2) be such that #(2) — N(#(2)) = t(1). Such #(2) exists from the assumption on
N(t). Also, let N(2) = N(£(2)). Similarly, for any [ > 2, let ¢(I + 1) be such that
t(l+1) = N(t(I+1)) = t(I), and let N(I+1) = N(t(I+1)). Assume that there exists
a finite constant A > 0 such that N (I +1) < AN(l).

An example of a sequence that satisfies Assumption 8 is:

(1+1) ~

1) = = N(l) =1

and,
N(t)=1lfort(l) <t <t(l+1).

The following two Lemmas establish some properties that are used in the later proofs.
Lemma 1:Let h(.), 9 and g(.) be defined as follows.

h(07) = inf 4 (6,07)

soz/h@)dé
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Then,
O0<eg <1

and for any 6, 6* € O,
g0y (0%) < q(6,07).
Proof:
By Assumption 1 (Compactness of parameter space), for any 6* € ©,
h(07) = inf 4 (6,07)

exists, is strictly positive and uniformly bounded below. Notice that h(.) is Lebesgue
integrable. Furthermore, for any # € ©

cog (07) = h(67) < q(6,67).

Next, since ¢ satisfies Assumption 1, g(.) is strictly positive, bounded and [ ¢ (0) df =
1. Hence, ¢(.) as a function is a density function. Also, by construction, g is a strictly
positive constant. Finally, since both ¢(.) and ¢ (6, .) are densities and integrate to 1,
0<e < 1.

Lemma 1 implies that the proposal density of the modified Metropolis-Hastings
algorithm has an important property: regardless of the current parameter values or
the number of iterations, every parameter value in the compact parameter space is
visited with a strictly positive probability.

Lemma 2: Let i (.), be a continuously differentiable function which satisfies the
following inequality. _

B (%) > supq (6,0%).
EE)
Let €1 and g () be defined as follows.

515/71(9>d@

. L0
9(9)5%
S () a0
Then,
1<e; <0

and for any 6, 0" € ©
q(0,07) <e1g (07)

Proof: Using similar logic as in Lemma 1, one can show that for any §* € ©,

supq (6,6%)
0cO
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exists and is bounded. Then, g (#) and &; satisfy the conditions of the Lemma.
Lemma 2 implies that the proposal density is bounded above, the bound being
independent of the current parameter value or the number of iterations.
Theorem 1: Suppose Assumptions 1 to 7 are satisfied for V), 7, L, € and 4.

Then, the sequence of approximated value functions V® (s, ¢,6) converges in proba-

A®)
bility uniformly over s, € and 6 € © to V(s,¢,0) as t — oco. Also, E. [V (s,¢€,0)]

converges to Eu [V (s, €,0)] in probability uniformly over s’ € S, 6 € ©.
Proof: See the Appendix.
Corollary 1: Suppose Assumptions 1 to 7 are satisfied. Then Theorem 1 implies

that A (H(t), 9*(t)|Q(t_1)> converges to \ (H(t), «9*(t)> in probability uniformly.

Proof: Recall Equations 5 and 6. Since Ee(,t ) [V] — EV in probability uniformly
in s, # € ©, by compactness of ©, the result follows.

Theorem 2: Suppose Assumptions 1 to 6 are satisfied for V® ¢t = 1,..., =,
L, e and . Suppose 0O ¢t = 1, ... is generated by a modified Metropolis-Hastings

Algorithm described earlier, where A (9(t), 9*(t)|Q(t_1)) converges to A (H(t), 9*(”) in

probability uniformly. Then, 8% converges to g(t) in probability, where g(t) is a Markov
chain generated by the Metropolis-Hastings Algorithm with proposal density ¢(6, 9(*))

and acceptance probability function A (0, 9(*)>.

Proof: See the Appendix.

Corollary 2: The sequence of parameter simulations generated by the Metropolis-
Hastings algorithm with proposal density ¢(6,60%) and the acceptance probability
A (6, 6%) converge to the true posterior.

Proof of Corollary 2: Here, we use the Corollary 7.7 of Robert and Casella
(2004), which states that if the Metropolis-Hastings Markov Chain has invariant
probability density f and if there exist positive € and ¢ such that ¢ (z,y) > € if
|z — y| < 4, then for any h € L' (f)

1
%ﬂf;h (9“)) - /h(e)f(e) do
and
[0 n@e 5| =0
TV

for arbitrary initial distribution u, where K™ (0,.) is the transition kernel for n it-
erations and the norm is the total variation norm. By construction the Metropolis-
Hastings Markov Chain has an invariant probability density, which is proportional
to w(0) L (Ynr|0), which is assumed to be bounded and positive on ©. Since the
proposal density is strictly positive over the parameter space, the condition for the
proposal density is also satisfied.

By Corollary 2, we can conclude that the distribution of the sequence of parame-
ters ) generated by the Bayesian DP algorithm converges in probability to the true
posterior distribution in probability.

lim
n—oo
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To understand the basic logic of the proof of Theorem 1, suppose that the para-
meter 0 stays fixed at a value 6* for all iterations ¢. Then, equation (5) reduces
to,

1 N(t)
EJ [V s €, 0] = —— V(¢ et g,
V(0] = g 2V )

Then, our algorithm boils down to a simple version of the machine learning algorithm
discussed in Pakes and McGuire (2001) and Bertsekas and Tsitsiklis (1996). They
approximate the expected value function by taking the average over all past value
function iterations whose state space point is the same as the state space point s/.
Bertsekas and Tsitsiklis (1996) discuss the convergence issues and show that under
some assumptions the sequence of the value functions from the machine learning
algorithm converges to the true value function almost surely. The difficulty of the
proofs lies in extending the logic of the convergence of the machine learning algorithm
to the framework of estimation, that is, the case where the parameter vector moves
around as well. Our answer to this issue is simple: for a parameter value 0* € © at
an iteration ¢, we look at the past iteration and use value function of the parameters
6= that are very close to #*. Then, the convergence is very similar to that where the
parameter vector is fixed, as long as the number of the past value functions that can
be used can be made arbitrarily large. We know from Lemma 1 that every parameter
vector in the compact parameter space © has strictly positive probability of being
drawn. Then, by increasing the number of iterations, we can make the number of
draws for every finite open cover in the parameter space © as large as we want and
still the probability of it can be made arbitrarily close to 1. It is important to note
that for the convergence of the value function, the estimation algorithm does not have
to be Markov. The only requirement is that during the iteration each parameter in
O has a strictly positive probability of being drawn.

3.1 Random Effects

Consider a model where for a subset of the parameters each firm has different value.
The parameter of the model is (9(1), 9(2)) where 6y is the parameter vector for the
distribution of the random coefficients and 6,y is the vector of other parameters. The
parameter vector of the firm ¢ is (5“ 0(2)>. That is, EZ is the set of random effects
parameters which take different values for each firm whose distribution is defined to
be f <0i|0(1)>. Instead of explicitly integrating the likelihood over 6;, we follow the
commonly adopted and computationally effective procedure of treating each 5@ as

parameters and drawing it from its density. It is known (see McCullogh and Rossi
(1994), Chib and Greenberg (1996)) that instead of drawing the entire parameter

vector ({Qz}f\il ,0(1y,0(2) | at once, it is often simpler to partition the parameter vector

into several blocks and draw the parameters of each block separately given the other
ones. Here, we propose to draw them in the following 3 blocks. At iteration ¢ the
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blocks are:

~(t+1)

N t
Block 1: draw {0 } given 0! )), 9())
i=1

(2

7

- N
Block 2: draw QEtJ)r ) given { () }

Block 3: draw Qgt;)r ) given {N () }

Below we describe in detail the algorithm at each block®.

Block 1 Modified Metropolis-Hastings Step for drawing the Random Effects
AH}: For firm 7, we draw the new random effects parameters Eft+1) as follows: We
set the proposal density as the distribution function of Ei, that is, f <5¢|0(1)>.
Notice that the prior is a function of 6(;) and 6, and not of 51 Hence for
drawing 0; given 0(;y and 0, the prior is irrelevant. Similarly given 0y the

likelihood increment of firms other than ¢ is also irrelevant in drawing ¢;. There-
fore, we draw 6; from the likelihood increment of firm i, which can be written

as follows: ~ N
L (Yi,T! (@ﬂ(z))) / <0i|0(1)>

where we denote L; <Y;7T| <5z, «9(2)>) to be

Li (K-,Tl (Eu 9(2))) =L (Yi,Tl (@, 9(2)) B [V (.,@, 9(2)> ]Q“*DD

Now, we draw the candidate parameter «9 from the proposal density f ( |t9(1 > .

~>k t+1 ~x(t
Then, accept 9@ , il.e. set 6’ = 01( : with probability

o0 7

)

( *(t) t
L (Yirl (77,603)

= min

~x ~(t+1) (¢
otherwise, reject 0, © , l.e. set 0( = 05 )

9The procedure described below is similar to that of Osborne (2006)
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41\ N
Block 2 Drawing Qg;rl): Conditional on {QEH )} , the density of 98;1) is proportional
=1

1=

N (t+1
Hf< +)|9<1)>-

Drawing from the above density is straightforward as it does not involve the
solution of the dynamic programming problem.

to

Block 3 Modified Metroplis-Hastings Algorithm for drawing 0(;): We draw the
new parameters 95';;1) as follows: First, we draw the Candidate parameter 0:2(?

from the proposal density ¢ (08 0’((; > Then, accept 9 ,i.e. set HE’;)“) — g?g)
with probability

A\ (9(t+1)’ 9*2(§)|Q(t—1)>

[ N
(t+1) (1) | (D) (o) ) o)
W(‘)u) "9(2>) HL( Y; (0, ,«9(2)>]q(9 >9<2>)
Li=1

= min = 1
(t+1) pt) ‘ (t4+1) t) &) p(t)
(66" 0) | T2 (virl <2>>] 0(46).075))
Li=1
otherwise, reject 92‘ 9 » 1€ set 9 tH) = «98))

Bellman Equation Step: During each Metropolis-Hastings step, for each firm
i we solve for the expected value function Eﬁ(f ) [V (.,51», 9(2)> |Q(t_1)] . To do so for all
s € S, as before we follow equation 5. For use in future iterations, we simulate the
value function by drawing e® to derive,

A @) "
VO(s. 0,6, 01,000, Q07) = Uls, 0,000, 0) + BE. V(5.8 0) | 267

Y va ) Y ra )

VO (s, e 0,,9(2),9 DY = max V¥ (s, a, e, 6; 02y, QD).

acA Tra
The additional computational burden necessary to estimate the random coefficient
model is the computation of the value function which has to be done separately for
each firm i, because each firm has different random effects parameter vector. That
is why in this case the adoption Bayesian DP algorithm results in large reduction in
computational cost.

3.2 Continuous State Space

So far, we assumed a finite state space evolving stochastically. However, the Bayesian
DP algorithm can also be applied in a straightforward manner to other settings of dy-
namic discrete choice models, with minor modifications. One example is the Random
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grid approximation of Rust (1997). There, given continuous state variable s, action a
and parameter 6, the transition function from state vector s to the next period state
vector s/ is defined to be f(s'|a,s,f). Then, to estimate the model, the Dynamic
Programming part of our algorithm can be modified as follows.

At iteration ¢, the value of choice a at parameter 6, state vector s, shock € is
defined to be as,

AN
VW (s,a,€,,0) = Ul(s,a,eqa,0) + BEy o [V(s',€,0)],

A
where s’ is the next period state varible. Eg [V (5, €,0)] is defined to be the ap-
proximation for the expected value function. The value function is defined to be as

follows.
V(s,e,0) = max VY (s, a, e, 0)

acA

Conventionally, randomly generated state vector grid points are fixed throughout the
solution/estimation algorithm. If we follow this procedure, and let s,,, m =1,..., M
be the random grids that are generated before the start of the solution/estimation
algorithm, then, given parameter #, the expected value function approximation at
iteration ¢ of the DP solution algorithm using the Rust random grids method would
be,

M
Z EGV(t)(sm, €, 9) Lj];(sm|a7 S, 9) .
m—1 oy (sila, s, 0)

Hence, if we were to apply the Rust method in our solution/estimation algorithm,

N
the Emax function (i.e., the expected value function) Ey o [V (s, €, 6)] would be ap-
proximated as follows:

AN
Es’,e’ {V(S/, 6/, 9)]

_ YR (t—n) (t-n) pt—n)y_ HKn(0 — ) f (smla, s,0)
= Z VT (s, €7 0VT) O o i :
m=1 | n=1 k=1 Kh(e —0 ) Zl:l f (Sl|a7 S, 9)

Notice that in this definition of Emax approximation, the grid points remain fixed
over all iterations. In contrast, in our Bayesian DP algorithm, random grids can
be changed at each solution/estimation iteration. Let s%) be the random grid point
generated at iteration t. Here, s, 7 = 1,2,... are drawn independently from a
distribution. Furthermore, let K},(.) be the kernel function with bandwidth h. Then,
the expected value function can be approximated as follows.

AN
Es/’ef {V(S,, 6,, 9)]
N(t) _ plt—n) t—n
_ Zv(tfn)<8(tfn)’e(tfn)79(tfn)) En(0 = 0""")f (s"""]a,s,0)
ot Kn(0 = 0P) f (s0-Pa, s,0)
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Notice that unlike Rust (1997), we do not need to fix the random grid points of
the state vector throughout the entire estimation exercise. In fact, we could draw a
different state vector for each solution/estimation iteration.

In Rust (1997), if the total number of random grids is M, then the number of
computations required for each Dynamic Programming iteration is M. Hence, at
iteration 7, the number of Dynamic Programming computations that is required is
M. If a single DP solution step requires 7 DP iterations, and each Newton ML step
requires K DP solution steps, then, to iterate Newton ML algorithm once, we need
to compute a single DP iteration M7K times.

In contrast, in our Bayesian DP algorithm, at iteration ¢ we only need to draw
one state vector s} (so that M = 1) and only compute the Bellman equation on
that state vector. Further, we solve the DP problem only once (so that 7 = 1 and
K =1). Still, at iteration ¢, the number of random grid points is N(t¢), which can be
made arbitrarily large when we increase the number of iterations. In other words, in
contrast to the Rust method, the accuracy of the Dynamic Programming computation
in our algorithm automatically increases with iterations.

Another issue that arises in application of the Rust random grid method is that
Rust (1997) assumes that the transition density function f(s|a,s,#) is not degener-
ate. That is, we cannot use the random grid algorithm if the transition from s to s/,
given a, 0 is deterministic. It is also well known that the random grid algorithm be-
comes inaccurate if the transition density has a small variance. In these cases, several
versions of polynomial based expected value function (emax function) approximation
have been used. Keane and Wolpin (1994) approximate the emax function using
polynomials of deterministic part of the value functions for each choice and state
space point. Imai and Keane (2004) use Chebychev polynomials of state variables.
It is known that in some cases, global approximation using polynomials can be nu-
merically unstable and exhibit “wiggling”. Here, we propose a kernel based local
interpolation approach to Emax function approximation. The main problem behind
the local approximation has been the computational burden of having a large number
of grid points. As pointed our earlier, in our solution/estimation algorithm, we can
make the number of grid points arbitrarily large by increasing the total number of
iterations, even though the number of grid points per iteration is one.

The next period state variable, s’ is assumed to be a deterministic function of s,
a, and 0. That is,

s'=4§(s,a,0).

Let Kj,(.) be the kernel function with bandwidth A for the state variable and K, (.)
A
for the parameter vector 6. Then, Ey [V (s, €,0)] is defined to be as follows.

AN
Eé/ [V(S,, 6,, 9)]
N(t) _ (t—n) _ pt—m)
= Zv(tfn)<8(t7n) elt=m) g(t=m)y A‘f{hs (s' = s"™) K, (0 — 0"™)
’ ’ t — :
ot K, (s = sE0) K, (0 = 01479
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4 Examples

We estimate a simple dynamic discrete choice model of entry and exit, with firms in
competitive environment.'’ The firm is either an incumbent () or a potential entrant
(O). If the incumbent firm chooses to stay, its per period return is,

Riin(Ky €, 0) = oy + €y,

where K; is the capital of the firm, ¢, = (eyy, €2;) is a vector of random shocks, and ¢
is the vector of parameter values. If it chooses to exit, its per period return is,

RI,OUT(Kt, €t, 9) = €9¢.
Similarly, if the potential entrant chooses to enter, its per period return is,
Ron(Ky, €,0) = —0 + e,
and if it decides to stay out, its per period return is,

RO,OUT(Kta €, 9) = €2¢.

We assume the random component of the current period returns to be distributed
i.i.d normal as follows.

€ N(0,0’l), l: 1,2

The level of capital K; evolves as follows. If the incumbent firm stays in, then,
InKypq = by + boln Ky + w44,

where,
Ut41 B N(0> Uu)?

and if the potential entrant enters,
In K1 = be + 1.

Now, consider a firm who is an incumbent at the beginning of period t. Let
Vi(K, €, 0) be the value function of the incumbent with capital stock Ky, and Vi (K, €, 0)
be the value function of the potential entrant, who has capital stock 0. The Bellman
equation for the optimal choice of the incumbent is:

‘/}(Kta €t ‘9) = Max{‘/I,IN(Kta €t, 9)7 ‘/I,OUT(Kh €t 0)}
where,

‘/[,IN(Kta €, ‘9) = RIJN(Kt» €1t ‘9) + 5Et+1VI(Kt+1(Kt, U1, 9), €t+1, 9)

10For an estimation exercise based on the model, see Roberts and Tybout (1997).
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is the value of staying in during period ¢. Similarly,
VI,OUT<Kta €t 9) = RI,OUT(Kt, €2t, 9) + 5Et+1Vo(0, €t+1, 9)

is the value of exiting during period ¢ . The Bellman equation for the optimal choice
of the potential entrant is:

Vo(0, €:,6) = Max{Vo n(0, €, 0), Vo.our(0,e,0)}.
where,
Vo.un(0,€,0) = Ron(0,€1¢,0) + BE 1 Vi (K 1(0, ues1,0), €41, 6),
is the value of entering during period ¢ and,

Vo,our(0,€,0) = Ro.our(0, €2, 0) + BE1Vo(0, €441, 0),

is the value of staying out during period ¢. Notice that the capital stock of a potential
entrant is always 0.

The parameter vector 6 of the model is (6, «, 3,01, 02, 04, b1, ba, b ). The state vari-
ables are the capital stock K, and the status of the firm, I' € {I, O}, that is, whether
the firm is an incumbent or a potential entrant. Notice that capital stock is a contin-
uous state variable with random transition, in contrast to the theoretical framework
where the state space was assumed to be finite and the transition function determin-
istic.

We assume that for each firm, we only observe the capital stock, profit of the firm
that stays in and the entry/exit status over T periods. That is, we know,

d _d pdt=1,T
{Ki,t= T ts Pi,t}i:I,N

where,
d Kd
7Ti,t = i,t + €1t7

if the firm stays in.
We assume the prior distribution of all parameters to be uninformative. That is,
we set 7 (#) = 1. Below, we explain the estimation steps in detail.

Bellman Equation Step

In this step, we derive the value function, i.e., VF(S)(K L el®) «9(3)) for iteration s.

1) Suppose we have already calculated the approximation for the expected value
function, where the expectation is over the choice shock e, which is,

EOVH(K'(K,u®,09),¢,09).

To further integrate the value function over the capital shock u, we can either
use the random grid integration method of Rust (1997) which uses a fixed grid
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or let the grid size increase over the iterations. Here, we use the Rust method.
That is, given that we have drawn M i.i.d. capital stock grids K,,,, m =1,.., M
from a given distribution, we take the weighted average as follows,

. Mo (s)
PO R 0. 0] = B0 [ )] s
m=1 m=1 m )

where f(K,,|K,0) is the capital transition function from K to K,,. In this
example, the random grids remain fixed throughout the estimation. Note that if
the firm exits or stays out, K’ = 0. Hence, the expected value function becomes

EY [vo(o, ¢, 9<S>)] .
2) We draw ¢ = (¥ €{*)).

3) Given € and E(S)VF(K €, 0(5)), we solve the Bellman equation, that is, we solve
the decision of the incumbent (whether to stay or exit) or of the entrant (whether
to enter or stay out) and derive the value function corresponding to the optimal
decisions:

VI, e,00) = Maa{Brx (K, &7,00) + BEO [Vi(K' (K, u,09),,0%)]

RF,OUT(K, 6g5)7 9(8)) + 5@(8) [VO(KI(K, u, 0(3))7 €, 9(3))] }

Modified Metropolis-Hastings Step

We draw the new parameter vector V) from the posterior distribution. We
denote the vector I, as follows:

I, = [J;fl(fN), I;ft(IN), l;fT(IN)]

where I},(IN) = 1 if the firm either enters or decides to stay in, and 0 otherwise.
Similarly, we denote K;, 7r; to be the vector of K¢, and n{,. The likelihood increment
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for firm ¢ at time ¢ is
L; (I;, K;, m;|0)

= Pr |:€2t <7l 4B {E(S) [V]N(K’(K, u,0%), €, 9(8))} 50 [VO(O, €, 9(5))} H
s (Wft - oszi) 1 5 (anﬁt+1 — by — by In K4

d
O¢ K Ou

) 1IN, (IN)

+Pr [Egt — €y > aKf,l: +7 {E(s) [VIN(K’(K, u, 9(3)), €, 9(5))} _E® [VO(O, €, 9(5))} }]
IL(IN) (1= If 4 (IN))
4 Pr [e% ey < —0+8 {E<S> [V,N(K/(o, w, 09 e, e<s>)] _E® [vo(o, €, e<s>)] H

1 (K, —b,
o () (U ) E )
it+1 U

+Pr [egt —€ey>—0+p {E(S) |:‘/[N(K/(O,u, 9(8)), €, 9(8))] iy 5(0) [VO(O, €, 9(8))] H
(1= IfH(IN)) (1 = I, (IN))

We employ the modified Metropolis-Hastings algorithm, where at iteration s the
proposal density ¢ <9(s), 0*) is

5~ N((s(S),ag)
at o~ N(a(s),ai)
Ino; ~ N <ln0£f),012n061)
Ino}, ~ N(lnagj),afnae)
N
N

by ~ N, 0p)
Ino;, ~ N(lna(s) 2 )

u Jlnau

That is, we adopt the modified random walk Metropolis Hastings algorithm. The
algorithm sets 6" = ¢ with probability

N
HLz' (L, K;, m3]07)
A <9(S), 9*) = min 1@:1 1

HLZ‘ (L’;Kmﬂ'iw(s))
i=1

Expected Value Function Iteration Step
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Next, we update the expected value function for iteration s + 1. First, we derive
ES™VL(K, e, 06D,

E6(5+1) [VF(K, 679(s+1))i|

M —
S baafs N1} {M > WK, e%?,e“))] Kn(0° = 00)1 [0+ = 0) > K|

m=1

Y

Z;:Max{S—N(S)71} Kh(Q(S—H) - Q(l)>] [Kh(0(8+1) - 0(1)) > FL]
where K () is the kernel function. We adopt the following Gaussian kernel:

J 1 6% —g®
Kh(e(s) N 9([)) _ (27T)7L/2 Hh;1 exp[_§<]h—])2].
J

Jj=1

S

K is the L™ largest value of the N(s) kernel values {Kh(ﬁ(s) — Q(l))}l Ny
=Max{s—N(s

The expected value function is updated by taking the weighted average over the L

value functions of past N(s) iterations where the parameter vector 0" was closest to
O+,

Then, if the firm enters or stays in, the expected value function is as follows.

E\v(s+1) [V}(K’(K, u, 9(s+1))’ €, 9(s+1)):|

= BSI ViR (K, 0, 0079) e, 0)

M R (S+1)
= 3B [Vilop, 6, 000)] PR
m—1 Zm:l f(Km|K’ 0 )

As discussed before, in principle, only one simulation of € is needed during each
solution/estimation iteration. But that requires the number of past iterations for
averaging, i.e. N(s) to be large, which adds to computational burden. Instead, in
our example, we draw € ten times and take an average. Hence, when we derive
the expected value function, instead of averaging past value functions, we average

M . .

over past average value functions, i.e., ﬁ > Ve (K, €Y ),«9(])), where M = 10. This
m=1

obviously increases the accuracy per iteration, and reduces the need to have a large

N(s). That is partly why in the examples below, to have N (s) increase up to 2000
turns out to be sufficient for good estimation performance. L, the number of nearest
parameter values is set to be 1000. Notice that if the firm stays out or exits, then
its future capital stock is zero. Therefore, no averaging over capital grid points
is required to derive the expected value function, i.e., the emax function is simply

Ee(s+1) VO(O, €, 9(S+1)) )
In the next section, we present the results of several Monte Carlo studies we
conducted using our Bayesian DP algorithm. The first experiment is the basic model
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using the Rust random grid method. The second experiment incorporates observed
and unobserved heterogeneity, and finally, we conduct an experiment in which capital
stock evolves deterministically.

5 Simulation and Estimation

Denote the true values of 6 by 6°, ie. §° =
them as follows: §° = 0.4, 0% = 0.3, 0% = 0.
v =5.0, 8% =0.98.

We first solve the DP problem numerically using conventional numerical methods.
Next, we generate artificial data based on this DP solution. All estimation exercises
are done on a 2.8 GHz Pentium 4 Linux workstation. Below, we briefly explain how
we solved the DP problem to generate the data for the basic model. For the other two
experiments, the data generation step is basically similar with only minor changes.
Notice that for data generation, we only need to solve the DP problem once, that is,
for a fixed set of parameters. Hence, we took our time and made sure that the DP
solution is accurate.

We first set the My capital grid points to be equally spaced between 0 and K,
which we set to be 5.0. Assume that we already know the expected value function of
the s'* DP iteration for all capital grid points.

17 7 €2

(6°,0% 6% 00, a® b9, 09,80, B%). We set
3,0Y=04,a° —01 bO—OO b9 =04,

EOVH (K, e,6%), T € {I,0}, m=1,2,..., M.

Here, K,, (m =1, ..., M) are grid points.
The following steps are taken to generate the expected value function for the
(s 4+ 1) iteration.

Step 1 Given capital stock K, we derive,

(K| K, 6°)

EOVL(K' (K, u,0°), ) EOVr (Ko, €9, 6°) :
Z Mic v (K| K, 6°)

Here f(K,,|I,6°) is the transition probability from K to K,,.
Step 2 We draw the random shocks ¢;. Then, for a given capital stock K, calculate

V(K 6,6°) = Maz {Rrn(K, ey, 8°) + BEOV(K' ¢, 6°),
Rrovr(K, e, 0°) + BE®Vp(0,¢,6°)}

Step 3 We repeat Step 2, M, times and take an average to derive the approximated
expected value function for the next iteration.

1 &
— N V(K 6, 0°).

€ 1=1

ESTVR(K,e,0°) =
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The above steps are taken for all possible capital grid points, K = K, .., K.
In our simulation exercise, we set the simulation size M, to be 1000. The total
number of capital grid points is set to be My = 200.

Step 4 Repeat Step 1 to Step 3 until the Emax function converges. That is, for a
small § (in our case, § = 0.00001),

Maxm:l,..,MK {EE(S+1)VF(Km7 €, 90)7 Ee(S)VF(Kma €, 90)} < 5

We simulate artificial data of capital stock, profit and entry/exit choice sequences
{Kd, nd, It ﬁit:l using the expected value functions derived above. We then esti-
mate the model using the simulated data with our Bayesian DP routine. We do not
estimate the discount factor 5. Instead, we set it at the true value 8 = 0.98. We
simulated the sample size plus 2,000 artificial data, where the first 2, 000 simulations
were discarded.

5.1 Experiment 1: Basic Model

All the priors are set to be uninformative. We set the initial guesses of the parame-
ters to be the true parameter values given by 6°, and the initial guess of the expected
value function to be 0. We used the same 200 grid points in each iteration as used in
generating the data. The pseudo-MCMC sampler was generated 10,000 times. The
posterior mean and standard errors from the (5,001)" iteration up to (10,000)™ iter-
ation are shown in Panel 1 of Table 1. In Panel 2 we present the estimation result of
the conventional Bayesian MCMC estimation, where during each estimation step the
Dynamic Programming model is solved in full. The posterior means and posterior
standard deviations presented are the sample average of 10 simulation/estimation
exercises, where for each exercise a different seed was chosen. We also report the
sample standard errors of the posterior means and posterior standard deviations of
the 10 simulation/estimation exercises. As we can see, the sample averages of both
the Bayesian DP posterior means and those of the Bayesian estimation with full solu-
tion are very close to the true parameter values. Furthermore, as we can see from the
sample averages and the sample standard errors of the 10 simulation/estimation exer-
cises, both the posterior means and the standard errors of the Bayesian DP estimation
are very close to those of the conventional Bayesian MCMC estimates. The sample
average of the posterior mean of the entry cost parameter estimate by the Bayesian
DP algorithm for the sample size of 2000 seems to be relatively farther away from
the true value (0.4), compared to the ones of other estimation exercises. This could
reflect the approximation error of the expected value function in the Bayesian DP
algorithm. That is, with smaller sample size and larger variance of the parameters,
more past iterations may be required to accurately approximate the expected value
functions. Notice also that for the Bayesian DP estimation, as the sample size de-
creases from 10,000 to 2,000, the CPU time decreases from 18 minutes 21. seconds
to 4 minutes 55 seconds, a 3.5 to 1 decrease. On the other hand, for the full solution
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based Bayesian estimation the CPU time decreases from 29 minutes 44 seconds to
15 minutes 44 seconds, only a 50% decrease. That is, as the sample size decreases,
relatively more CPU time is spent on the solution of the model than on computing
the likelihood. Hence, the computational advantage of the Bayesian DP algorithm
becomes more apparent.

In Panel 3 we also report the simulation/estimation exercises of the full solution
based ML estimation'!. The standard errors are based on the inversion of the infor-
mation matrix. To compute the Information matrix, we adopt the BHHH algorithm,
i,e. we approximate it by the inner product of the gradient vector of the likelihood
increments. The parameter estimates are again very close to the true values and close
to those of the Bayesian posterior means. However, the standard errors, are quite
different from the standard deviations of the Bayesian estimates. For example, the
standard error for the ML estimate for the entry cost is 0.0185 if the sample size is
10,000, 0.0255 and 0.0417 if the sample size is 5,000, and 2,000, respectively. On
the other hand, the corresponding standard deviations of the Bayesian DP estimates
for the entry cost is 0.0136, 0.0195, and 0.0295, which are close to those of the full
solution based Bayesian estimates. This reflects the inaccuracies of the computation
of the Information matrix, which is based on a numerical first derivative of the like-
lihood increments. The CPU time required for the ML estimation is much smaller
than the Bayesian estimates. For example, the CPU time for the ML estimation with
sample size of 10,000 is 17 seconds, whereas the Bayesian DP estimation requires
about 18 minutes. That is, for the estimation of a simple dynamic structural model,
the standard ML estimation is computationally superior to the Bayesian estimation.
The computational time could become comparable if the standard errors were to be
derived by bootstrap.

To check robustness of the Bayesian DP algorithm, we also ran a simulation/estimation
exercise where the starting parameter value was set to be half of the true values. As
we can see from the results reported in Panel 3, the posterior means and the standard
deviations are almost the same as those of Panel 1 where the initial parameter values
were set to be the true ones. These results confirm the theorems on convergence in
Section 1 stating that the estimation algorithm is not sensitive to the initial values.

Table 1: Posterior Means and Standard Errors (standard errors are in
parenthesis)

' The initial parameter values were set to be the true values.
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Part 1. Bayesian dynamic programming estimation.

Sample mean of posterior means and std. deviations of

10 simulation/estimation exercises

Parameter | estimate estimate estimate true
) 0.3874 (0.0295) 0.3958 (0.0195) 0.3983 (0.0136) 0.4
o] 0.09828 (0.00629) | 0.09936 (0.00404) 0.09938 (0.00291) 0.1
O 0.2989 (0.00734) 0.3018 (0.00482) 0.3012 (0.00354) 0.3
O, 0.2963 (0.0224) 0.2933 (0.0160) 0.2950 (0.0120) 0.3
b1 0.000925 (0.0117) | —0.000318 (0.00751) | —0.00179 (0.00537) | 0.0
bo 0.4027 (0.0223) 0.4037 (0.0151) 0.4039 (0.0106) 0.4
be 0.5019 (0.0246) 0.5121 (0.0156) 0.5073 (0.0111) 0.5
Oy 0.3939 (0.00715) 0.3971 (0.00466) 0.3986 (0.00327) 0.4
sample 2,000 5,000 10,000

CPU time | 4 min. 55 sec. 9 min.47 sec. 18 min. 21 sec.

sample std. errors of posterior means and posterior std. dev. of 10 sim./est. exercises
) 0.0274 (0.00480) 0.0226 (0.00259) 0.0162 (0.00124)

o 0.00505 (0.000404) | 0.00422 (0.000250) 0.00245 (0.000174)

Oe 0.00998 (0.000933) | 0.00557 (0.000465) 0.00490 (0.000276)

Oy 0.0353 (0.0104) 0.0257 (0.00544) 0.0200 (0.00324)

by 0.0134 (0.000613) | 0.00919 (0.000347) 0.00562 (0.000229)

bo 0.0255 (0.00175) 0.0123 (0.00100) 0.00554 (0.000928)

be 0.0146 (0.00446) 0.0165 (0.00137) 0.0123 (0.000457)

Oy 0.00878 (0.000599) | 0.00496 (0.000298) 0.00378 (8.7E — 5)
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Part 2. Bayesian estimation based on the full solution of the model.

sample mean of posterior means and std. dev. of 10 simulation/estimation exercises

parameter | estimate estimate estimate true
) 0.4020 (0.0278) 0.3992 (0.0184) 0.4025 (0.0135) 0.4
« 0.09939 (0.00571) | 0.09951 (0.00378) 0.09967 (0.00270) 0.1
Oe, 0.2981 (0.00731) 0.3015 (0.00492) 0.3013 (0.00341) 0.3
Oey 0.3069 (0.0239) 0.2968 (0.0177) 0.2973 (0.0133) 0.3
b1 0.000538 (0.0118) | —0.000585 (0.00780) | —0.00214 (0.00544) | 0.0
b 0.4040 (0.0234) 0.4040 (0.0151) 0.4047 (0.0105) 0.4
be 0.5006 (0.0241) 0.5121 (0.0157) 0.5075 (0.0109) 0.5
Oy 0.3931 (0.00736) 0.3969 (0.00458) 0.3985 (0.00333) 0.4
sample size | 2,000 5,000 10,000

CPU time | 15 min. 44 sec. 21 min.31 sec. 29 min. 44 sec.

sample std. errors of posterior means and posterior std. dev. of 10 sim./est. exercises
) 0.0280 (0.00604) 0.0247 (0.00276) 0.0132 (0.00230)

«Q 0.00457 (0.000516) | 0.00453 (0.000299) 0.00199 (0.000228)

Oe, 0.00969 (0.000722) | 0.00460 (0.000349) 0.00494 (0.000371)

Oy 0.0325 (0.0113) 0.0306 (0.00655) 0.0176 (0.00459)

b1 0.0124 (0.000709) | 0.00914 (0.000597) 0.00563 (0.000211)

by 0.0287 (0.00247) 0.0140 (0.00108) 0.00616 (0.00109)

be 0.0154 (0.00203) 0.0177 (0.00106) 0.0126 (0.000473)

Oy 0.00863 (0.000630) | 0.00537 (0.000411) 0.00399 (0.000233)
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Panel 3. ML estimation based on the full solution of the model.

sample mean of posterior means and std. dev. of 10 simulation/estimation exercises

parameter | estimate estimate estimate true
) 0.3872 (0.0417) 0.3967 (0.0255) 0.4002 (0.0185) 0.4
« 0.09801 (0.00690) | 0.09944 (0.00438) 0.09978 (0.00314) 0.1
Oe, 0.2993 (0.00912) 0.3016 (0.00561) 0.3014 (0.00399) 0.3
Oey 0.2882 (0.0448) 0.2929 (0.0264) 0.2929 (0.0185) 0.3
b1 0.00108 (0.00889) | 0.0001493 (0.00613) | —0.001721 (0.00383) | 0.0
by 0.4039 (0.0242) 0.4039 (0.0152) 0.4044 (0.0107) 0.4
be 0.5006 (0.0246) 0.5119 (0.0159) 0.5076 (0.0113) 0.5
Oy 0.3929 (0.00736) 0.3968 (0.00469) 0.3983 (0.00332) 0.4
sample size | 2,000 5,000 10,000

CPU time | 4 sec. 6 sec. 17 sec.

sample std. errors of posterior means and posterior std. dev. of 10 sim./est. exercises
) 0.0220 (0.00840) 0.0159 (0.00291) 0.0135 (0.00207)
«Q 0.00522 (0.000301) | 0.00392 (0.000118) | 0.00201 (0.0000653)
Oe, 0.00814 (0.000535) | 0.00482 (0.000221) | 0.00465 (0.0000962)
Oy 0.0309 (0.00829) 0.0206 (0.00294) 0.0147 (0.00196)
b1 0.0125 (0.00341) 0.00868 (0.00115) 0.00532 (0.00145)
by 0.0264 (0.000695) | 0.0132 (0.000347) 0.00562 (0.000231)
be 0.0119 (0.00116) 0.0166 (0.000401) 0.0120 (0.000286)
Oy 0.00909 (0.000224) | 0.00538 (0.000125) | 0.00387 (0.0000639)
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Panel 4: Bayesian DP with starting value: 0.50*

sample mean of posterior means and std. errors

parameter | estimate true
5 0.3972 (0.0132) 0.4
Q 0.09949 (0.00286) 0.1
e, 0.3011 (0.00348) 0.3
e, 0.2949 (0.0118) 0.3
by —0.00168 (0.00537) | 0.0
b 0.4039 (0.0105) 0.4
be 0.5077 (0.0114) 0.5
Oy 0.3986 (0.00325) 0.4

sample size | 10,000
CPU time | 18 min. 20sec.
sample std. errors of posterior means and posterior std. errors

5 0.0165 (0.00139)
a 0.00239 (0.000152)
oo, 0.00524 (0.000288)
o, 0.0206 (0.00306)
by 0.00573 (0.000231)
by 0.00522 (0.000888)
be 0.0126 (0.000157)
Tu 0.00380

5.2 Experiment 2: Random Effects

We now report estimation results of a model that includes observed and unobserved
heterogeneities. We assume that the profit coefficient for each firm i, «; is distributed
normally with mean p, = 0.2 and standard error o, = 0.1. The transition equation
for capital is,

In K1 = b XE +boIn Koy + g,

where X is a firm characteristics observable to the econometrician. In our simulation
sample, we simulate X¢ from N (0.0, 1.0).

Notice that if we use the conventional simulated ML method to estimate the model,
for each firm 7 we need to draw «; many times, say M, times, and for each draw,
we need to solve the dynamic programming problem with the constant coefficient for
capital transition equation being b; X¢. If the number of firms in the data is Ny, then
for a single simulated likelihood evaluation, we need to solve the DP problem N;M,
times. This process is computationally demanding and most researchers use only a
finite number of types, typically less than 10, as an approximation of the observed
heterogeneity and the random effect. The only exceptions are economists who have
access to supercomputers or large PC clusters. Since in our Bayesian DP estimation
exercise, the computational burden of estimating the dynamic model is similar to that
of a static model, we can easily accomodate random effects estimation.
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As we discussed earlier, in contrast to the solution/estimation algorithn of the
basic model, we solve the one step Bellman equation for each firm ¢ separately. Let
0_, be the parameter vector except for the random effects term «;. Then, for given
K, EC'Vi(K, e, 0"

7&7

) is derived as follows.
ECVH(K, €,60%), o)
3 Mas{s—1-N(s-1).1) ZV (K, 61@790))} Kn(0%), = 09) Kn(al? — o)

s—1 s j
Z] Maz{s—1—N(s—1),1} Kh(e ) — 09K o) K (0%( ) _0%(]))

The remaining step to derive the expected value function £ [Vp (K'(K,u,0®)), ¢ 0 )]

is the same as in Experiment 1.

As pointed out by Heckman (1981) and others, the missing initial state vector
(that is, the initial status of the firm and initial capital) is likely to be correlated
with the unobserved heterogeneity «;, which would result in bias of the parameter
estimates. To deal with this problem, for each firm i, given parameters (6_,, o;), we
simulate the model for 100 initial periods to derive the initial capital and the initial
status of the firm. Then, we proceed to construct the likelihood increment for firm 7.

We set N(s) to go up to 1000 iterations. The one-step Bellman equation is the
part where we have an increase in computational burden. But it turns out that the
additional burden is far lighter than that of computing the DP problem for each firm
i M, times to integrate out the random effects o;, as would be done in the Simulated
ML estimation strategy.

We set the sample size to be 100 firms for 100 periods, and the Bayesian DP
iteration was conducted 10,000 times. Column 2 of Table 2 reports the posterior
mean and standard deviations from the 5,001 iteration up to 10,000"" iteration.
We also report in column 3 the result of the simulation/estimation exercise of the
Bayesian MCMC algorithm where during each estimation iteration the DP problem
is solved in full. When we solve for the DP problem, we set M., the number of
simulations for € to be 100, instead of 1,000. In column 4, we show the parameter
estimates of the Simulated Maximum Likelihood estimates, which is based on the
full solution of the model. To construct the simulated likelihood, for each firm, we
simulated «; one hundred times (i.e. M, = 100). We solved the DP problem using
Monte-Carlo integration to integrate over the choice shock €. We set the simulation
size for € to be 100'2. If we were to set the simulation size of € to be 1,000 as before,
then the CPU time required for a single likelihood calculation would take us about
23 minutes and 40 seconds. Since we take numerical derivatives over 9 parameters
to derive the gradient of the likelihood, a single Newton iteration would take about

12For the ML algorithm, we used the Newton-Raphson routine. Since we took numerical deriv-
atives, in addition to the likelihood evaluation under the original parameter 6, we calculated the
likelihood for the 9 parameter perturbations 6 + Af;, i = 1,...,9. We stopped running the program
when either the absolute values of all the gradiants were less than 0.01 or the step size became less
than 1.0D — 5.
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4 hours and 20 minutes, which, as we will see later, is about the same CPU time
required for the entire Bayesian DP algorithm.

As we can see both the posterior means of the Bayesian DP estimates and those of
the Full solution based Bayesian estimates are very close to the true values. Further-
more, the posterior means and the standard errors of the two estimators are very close
to each other as well. On the other hand, we see a fairly large bias in the parameter
estimates by Simulated ML. The entry cost parameter 9, the mean of profit coefficient
1, and its standard error o, and the standard error of the choice shock o, are all
downwardly biased, and except for o, the magnitude of the bias is larger than the
standard error. The downward bias seems to be especially large for u,, which leads
us to conclude that the simulation size of M, = 100 is not enough to integrate out
the unobserved heterogeneity sufficiently accurately. The CPU time required for the
Bayesian DP algorithm is about 4 hours, whereas for the Full solution based Bayesian
MCMC estimation we needed about 31 hours, and for the full solution based ML es-
timation, 21 hours. That is, the Bayesian DP is about 8 times as fast as the Full
solution based Bayesian MCMC algorithm and about 5 times as fast as the Simulated
ML algorithm. We also tried to reduce the computational time for the full solution
based ML algorithm by reducing the number of draws for «; from 100 to 20. Then,
the CPU time reduces to 8 hours and 43 minutes, which is about twice as much time
required for the Bayesian DP algorithm. However, the average of the 10 ML estimates
of v is 0.145, which is even smaller than 0.170 , which is the result for the estimation
with 100 o; draws. The true value is 0.2. We can see that the downward bias is larger
than before. The sample standard error of u, and o, over 10 simulation/estimation
experiments are much larger as well. If we were to try to reduce the bias by increasing
the simulation size of unobserved heterogeneity from M, = 100 to, say M, = 1,000,
then the CPU time would be at least 200 hours, which would be more than a week
of computation. We also report the ML estimation results where the simulation size
for € draws is reduced from 100 to 20. The parameter estimates and their standard
errors are very similar to that of the 100 ¢ draws. Notice that the sample average of
the parameter estimates over 10 simulation/estimation exercises is 0.3895, which is
closer to the truth than that of 100 ¢ draws:0.3795. However, the total CPU time of
the ML estimation with 20 e draws is 18 hours and 15 minutes, hardly different from
20 hours and 47 minutes of the 100 ¢ draws. That is, even though the reduction in
the number of € simulations does not result in any noticeable decline in the accuracy
of the posterior, the gain in CPU time is also small.

Table 2: Posterior Means and Standard Errors (standard errors are in
parenthesis)
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Sample mean of 10 simulation/estimation exercises

. . Full Solution ML true

Bayesian DP Full Solution Bayes 100 @; draws value
) 0.3954 (0.0161) 0.3981 (0.0182) 0.3795 (0.0171) 0.4
Ly, 0.1974 (0.0105) 0.1977 (0.0105) 0.1701 (0.0135) 0.2
Oa 0.1010 (0.00743) 0.1008 (0.00729) 0.09326 (0.0140) 0.1
Oey 0.3017 (0.00284) 0.3017 (0.00302) 0.3025 (0.00317) 0.3
Oy 0.3002 (0.0109) 0.3022 (0.0149) 0.2805 (0.0176) 0.3
b1 0.09972 (0.00484) | 0.1000 (0.00487) 0.1004 (0.00530) 0.1
b 0.3970 (0.00960) | 0.3971 (0.00978) 0.4003 (0.0101) 0.4
be 0.4982 (0.0128) 0.4965 (0.0137) 0.5054 (0.0145) 0.5
oy 0.4000 (0.00317) 0.4003 (0.00321) 0.3990 (0.00317) 0.4
sample 100 x 100 100 x 100 100 x 100
CPU time | 4 hrs. 0 min. 30 hrs. 59 min. 20 hrs. 47 min.
Sample std. error of 10 simulation/estimation exercises.
o 0.0151 (0.00196) 0.0148 (0.00246) 0.0140 (0.00185)
Ly, 0.0118 (0.000491) | 0.00560 (0.000565) | 0.00969 (0.000963)
Oa 0.00536 (0.000395) | 0.00536 (0.000376) | 0.00935 (0.00257)
Oey 0.00258 (0.000187) | 0.00249 (0.000184) | 0.00225 (0.000289)
Oy 0.0103 (0.00252) 0.0127 (0.00322) 0.0116 (0.00160)
by 0.00483 (0.000340) | 0.00444 (0.000348) | 0.00439 (0.000662)
ba 0.00597 (0.000509) | 0.00590 (0.000650) | 0.00583 (0.000806)
be 0.0133 (0.00164) 0.0135 (0.00101) 0.0133 (0.00159)
oy 0.00373 (0.000110) | 0.00376 (0.000181) | 0.00407 (0.000277)
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Sample mean of 10 simulation/estimation exercises, Full solution ML

parameter | 20 oy draws 20 € draws true value
0 0.3795 (0.0173) 0.3895 (0.0192) 0.4
e, 0.1450 (0.0123) 0.1764 (0.0157) 0.2
Oa 0.1076 (0.0203) 0.09527 (0.0126) 0.1
Oe 0.3030 (0.00315) 0.3028 (0.00315) 0.3
Oy 0.2790 (0.0177) 0.2810 (0.0181) 0.3
b1 0.1003 (0.00526) 0.09977 (0.00524) 0.1
by 0.3999 (0.0100) 0.4000 (0.00996) 0.4
be 0.5030 (0.0146) 0.5048 (0.0145) 0.5
Oy 0.3988 (0.00318) 0.3988 (0.00317) 0.4
sample size | 100 x 100 100 x 100

CPU time | 8 hrs. 43 min. 18 hrs. 15 min.

Sample std. error of 10 simulation/estimation exercises.

) 0.0138 (0.00272) 0.0140 (0.00265)

e 0.0273  (0.00177) 0.0106 (0.00143)

Oa 0.0316 (0.00783) 0.0110 (0.00146)

Oq 0.00234 (0.000311) 0.00235 (0.000303)

Oey 0.0136 (0.00220) 0.0123 (0.00185)

b1 0.00488  (0.000590) 0.00485 (0.000574)

by 0.00595  (0.000977) 0.00594  (0.000925)

be 0.0138 (0.00152) 0.0143 (0.00159)

Oy 0.00392 (0.000280) 0.00391 (0.000276)

Another estimation strategy for the simulated ML could be to expand the state
variables of the DP problem to include both X and a. Then, we have to assign
grid points for the three-dimensional state space points (K, X, «). If we assign 100
grid points per dimension, then we end up having 10, 000 times more grid points than
before. Hence, the overall computational burden would be quite similar to the orginal

simulated ML estimation strategy.

5.3 Experiment 3: Continuous State Space with Determin-

istic Transition

The framework is similar to the basic model in Experiment 1 except for the capital
transition of the incumbent, which now is deterministic. Assume that if the incumbent

decides to stay in, the next period capital is,

If the firm decides to either exit or stay out, then the next period capital is 0, and if

Kt+1 -

it enters, then the next period capital is,

In (Ki11) =

K;.

by + wit1,
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where,
U1 ™~ N (0,0'u) .

Since the state space is continuous, we use K ft), e K ](\?K as grid points. As in the
previous experiment, we set Mg = 10 but let the grid points grow over iterations.
Now, the formula for the expected value function for the incumbent who stays in is
as follows.

EVi(K.¢.0)

N(t) Mg

> [Mi i VIR, e, 9“—”))]
€ =1

n=1m=1

K, (K . Kfé"“) K, (6 — 00

Mg )
Zg:(ti) 21 Ky (K — Kfffk)> Ky, (0 — g(tfkr))

where K}, is the kernel for the capital stock with bandwidth hg. The expected value
function for the entrant is different now because unlike the incumbent who stays in,
the entrant faces uncertain future capital. Thus, the entrant’s expected value function
is,

Exr o [Vi(K' (u)  ,0)]

N(t) Mg 1 M.
= 33| S o)
n=1 m=1 € j=1

f (Kr(ntfn)m(tfn)) Kh(9 . Q(tfn))
N(t Z f< (t—k) |9t k)Kh(Q_g(t—k))

X

The formula for the expected value function for either the firm who stays out or the
firm who exits is the same as in the infinite random grids case:

>

€ [VO(O € ‘9)]

th n) .—n Q(t_”))] Kh(@ Q(t—n))
Sy Kn(0 — 00

We let the number of grid points increase up to 20, 000 over the iterations.

Table 3 shows the estimation results. We can see that the estimates parameters
are close to the truth. The entire exercise took about 47 minutes.

Table 3: Posterior Means and Standard Deviations

I
Il ME

(Standard deviations are in parenthesis)
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parameter | estimate true value
5 0.1891 (0.0123) 0.2

a 0.1044 (0.00478) | 0.1

e, 0.3956 (0.00511) | 0.4

ey 0.3993  (0.0135) 0.4

by 0.1996 (0.00474) | 0.2

Ou 0.2017 (0.00301) | 0.2
sample size | 10,000

CPU time | 47 min 30 sec

6 Conclusion

In conventional estimation methods of Dynamic Discrete Choice models, such as
GMM, Maximum Likelihood or Markov Chain Monte Carlo, at each iteration step,
given a new set of parameter values, the researcher first solves the Bellman equation
to derive the expected value function, and then uses it to construct the likelihood
or moments. That is, during the DP iteration, the researcher fixes the parameter
values and does not “estimate”. We propose a Bayesian estimation algorithm where
the DP problem is solved and parameters estimated at the same time. In other
words, we move parameters during the DP solution. This dramatically increases the
speed of estimation. We have demonstrated the effectiveness of our approach by
estimating a simple dynamic model of discrete entry-exit choice. Even though we
are estimating a dynamic model, the required computational time is in line with the
time required for Bayesian estimation of static models. The reason for the speed
is clear. The computational burden of estimating dynamic models has been high
because the researcher has to repeatedly evaluate the Bellman equation during a single
estimation routine, keeping the parameter values fixed. We move parameters, i.e.
‘estimate’ the model after each Bellman equation evaluation. Since a single Bellman
equation evaluation is computationally no different from computing a static model,
the speed of our estimation exercise, too, is quite similar to that of a static model.
The additional computational cost of our algorithm is the cost of using information
obtained in past iterations. The more complex the model becomes, it becomes smaller
relative to the cost of computing the full solution, which is what we have seen in the
simulation/estimation examples.

Another computational obstacle in the estimation of a Dynamic Discrete Choice
model is the Curse of Dimensionality. That is, the computational burden increases
exponentially with the increase in the dimension of the state space. In our algorithm,
even though at each iteration, the number of state space points on which we calculate
the expected value function is small, the total number of ‘effective’ state space points
over the entire solution/estimation iteration grows with the number of Bayesian DP
iterations. This number can be made arbitrarily large without much additional com-
putational cost. And it is the total number of ‘effective’ state space points that
determines accuracy. Hence, our algorithm moves one step further in overcoming the
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Curse of Dimensionality. This also explains why our nonparametric approximation
of the expected value function works well under the assumption of continuous state
space with deterministic transition function of the state variable. In this case, as is
discussed in the main body of the paper, Rust (1997) random grid method may face
computational difficulties.

It is worth mentioning that since we are locally approximating the expected value
function nonparametrically, as we increase the number of parameters, we may face
the “Curse of Dimensionality” in terms of the number of parameters to be estimated.
So far, in our examples, this issue does not seem to have made a difference. The
reason is that most dynamic models specify per period return function and transition
functions to be smooth and well-behaved. Hence, we know in advance that the value
functions we need to approximate are smooth, hence well suited for nonparametric
approximation. Furthermore, the simulation exercises in the above examples show
that with a reasonably large sample size, the MCMC simulations are tightly centered
around the posterior mean. Hence, the actual multidimensional area where we need to
apply nonparametric approximation is small. But in empirical exercises that involve
many more parameters, one probably needs to adopt an iterative MCMC strategy
where only up to 4 or 5 parameters are moved at once, which is also commonly done
in conventional ML estimation.
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Appendix

Proof of Theorem 1

For notational convenience, in the subsequent proofs we omit {2. We need to show
that for any s € S, ¢, 0 € O,

V® (s,€,0) &V (s,€,0) uniformly, as t — oo

But since,

V(s e,0) =max VW (s,a,¢0), V(s e 6) =maxV(s,a,e,b),

acA acA

it suffices to show that for any s € S, a € A, ¢, 0 € O,
VO (s,a,e,0) BV (s,a,¢,0) ast — oo.
Define
Ku(0 — 01
SOy K0 = 017)
Then, the difference between the true value function of action a and that obtained

by the Bayesian Dynamic Programming iteration can be decomposed into 3 parts as
follows.

Wiew,n(0, =)

V(s,a,e,0) — VY (s,a,€6)

N(t)

— B /V(SI, 6,, 9)dF6/<EI, 9) N Z V(tfn)(sl’ E(tfn)’ e*(tfn))I/I/']V(t)ﬁ(g7 9*(16771))

n=1

N
=4 /V(S,, ¢, Q)dFE/(EI, 0) _ Z V(S,, E(t—n), ‘9*(tin))WN(t),h(0, 0*(t7n))
n=1
N
B | 3 [V e, 7y - v ) ) [ (6,6707)
n=1

= AP (0) + AT (0)

The kernel smoothing part is difficult to handle because the underlying distri-

bution of #**) has a density function conditional on V. Therefore, instead of
deriving the asymptotic value of ﬁ fj:(? K0 — 0*(”]“)), as is done in standard

nonparametric kernel asymptotics, we sometimes derive and use its asymptotic lower
bound and upper bound. Lemma 1 in the main text is used for the derivation of the
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asymptotic lower bound. Lemma 2 is used for the derivation of the asymptotlc upper
bound. Using the results of Lemma 1 and 2, in Lemma 3 we prove that A (#) —0
uniformly in 6 € ©.

Lemma 3: ‘Agt) (0)’ L 0 uniformly in © as t — cc.

Proof: Recall that,

N ()
1/ V(s €, 0)dF.( Ejvset"mt”mmﬂﬂeetmy

Rewrite it as,
w7 2n) (S V(s 0)dFu (e, 0) = V(s e, 007 ) Ky (0 — 07=)
e Zk: ) Kn(0 — 070

We show that the numerator goes to zero in probabilty uniformly in © and the
denominator is bounded below by a positive number uniformly in © with probability
arbitrarily close to one as t — oo.

Let
1 N(t)
XN(t) (‘9) = Wt) Z [/ V(Sl, 6/7 9)ng<€/,¢9) . V(S,, E(t—n)7 9*(t—n)):|

n=1

Kh(g _ 0*(tfn))
l/ V(S/, EI, e)dFE/(e/, 9) — V(S’, e(t*”)7 9*(tﬂ))] Kh(9 o 9*(1&711))

~

XNt t—n (0)

Then, because ¢*"™"’s are i.i.d. and e*~™~F. (¢, 0),
E [XN(t),t7n<(9)‘9(t7")]

- H/ V(s €, 6)dFe(e,9) - / V(s ¢, 0"V (¢, g*um)}
Kn(0 — 9*(t_”))|6(t—n):|

-a{/w&amﬁwaw—/waamﬁuaﬂq@WW@:o
ash — 0 (A1)

Also, because V' is uniformly bounded, ‘E [X N(o)—n(0)]00™ } is uniformly bounded.

Therefore, from Dominated Convergence Theorem,

E [XN(t),t—n(Q)] —0 (A2)
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We can also show that the above convergence is uniform. For some M > 0

sup B [ X <ﬂ9t"H

0cO
E H / V(s' €, 0)dF.( / V(s e’,&*(t"))dFGI(e’,Q*(t"))}
M\/E) |9<t*”>} ‘

E H / V(s e, 0)dFu (e, 0) - / V(s',a,e*(t">)dFE,(a,9*<tn>)]
> MVR) 0|

V(s ¢, 0)dFu (e, 0) / V(s e, 0)dEs(¢,0)

€1 / K(2)g(0 — hz)dz (A3)
|z|>M /R

The second inequality comes from Lemma 2, where ¢ (6,60") < e, (¢') for any 6, 0" €
©. Because V satisfies the Lipschitz condition and dF. (€', ) is uniformly continuous
in 6 € O, the first term of the equation A3 converges to zero as h — 0. The second
term also converges to zero as h — 0. Therefore, we have shown that the convergence
in A2 is uniform.

Furthermore,

= sup
0cO

K (0 = 01 (|0 - 070

~+ sup
0O

KMQ—HW”%IOH—HW”O

IN

sup
0,0'€0,|0—0'|<M~h

/V(s', €,0)dF.(¢,0)

+2 sup
0

E [Xnw-n(0)Xn@i-m(0)] = E [E [XN(t ()]0 } XN(ym (9)] —0 (A4)

for t —n >t —m as h — 0. Hence, there exists n(h) > 0 such that n(h) — 0 as
h — 0 and

E [Xn(0)?]

< 0)*] +n (h
S NP ] +n(h)

R .
< su E V(s €,0)dF.(e,0) — V(s et gt }
< s || Ve ninen v )

2
a0 = )| 4 (h)

1
< K(z)?
< w1

2
E {/ V(s' €,0)dF.(¢,0) — V(s et 6 — zh)} £19 (0 — zh)dz + n (h)
— 0.
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The last inequality comes from Lemma 2. That is, we have shown that there exists
g, €1 > 1 such that ¢ (0,0") < e,g(0") for any 0, ¢ € ©. Hence, from Chebychev
Inequality, for any v > 0, 6 > 0 there exists ¢, such that for any ¢ > ., i.e.,
N(t) = N(t,),

1 N(#) ’y
P — X 2l =026 <= A4
T N(t) nz_zl N(t),t = = 52 ( )

Since /6 can be made arbitrarily small, this shows that the numerator in Agt) ) /5
converges to zero in probability. Next, we show that it converges to zero uniformly
in ©. Here we follow Section 10.3 of Bierens (1994). Denote

N(t)
1 / —MNn *(T—n *(t—n
Ry (0) EN—@)ZV(S’EG ) g )) K6 — 67)
n=1

By using the Fourier transform, we can express the kernel as follows.

K (z) = <%>J/exp(—iz'x)w(z) i

where
v(z) = /exp (iz'z) K (x) dx.
Because of Assumption 6,

[lw@lds <o

Then, by Fourier inversion

By (0)
177 1 R e peen —i/ (0-0)
=_g_waw;V@”*“t?#@ h vz
17 1 (R (t-n)_ge(t—n) (t-n)
— . - 174 /7 t—n 7‘9* t—n . /6* t—n o /0 h2)dz.
5] N(t)/ ; <s € >exp<zz ) exp (—iz'0) Y (hz) dz
(A5)
Hence,
E {ggg By (0) = B[Ry (9)] \]
i J/E Lji(t:){v< 1 _(t—n) 0*(t—n)> ( 16)*(t—n))
5 N (D) 2 s et exp ( iz
-F [V (s', =), «9*('57")) exp (iz'Q*(t*”)ﬂ H |¢ (hz)|dz (A6)
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Using the Liapunov’s Inequality, and

exp (ia) = cos (a) +isin (a),

we get
L N
E O Z {V (s =) = ”)> exp (iz'@*(“”))
n=1
—-F [V (s’, elt=n), 9*(”")) exp (iz’@*(“")ﬂ H
[ YO
< K Var —(t) Vv (s’, elt=n), 9*(“”)) cos (z'@*("*”))
n=1
L N
+Var —(t) Vv <s', =), «9*("/7")) sin (z'Q*(t’”)>
n=1
Now, because €= (=™ p £ m are i.i.d,
1 N()
Var N 0 Z Vv <s', et=n), 9*(t_”)> cos (t'ﬁ*(t_”))
n=1
1 N(t) N(¢)
= N(t)2 ZZCOU [V (s elt=n) grt=n > cos( 'o(t= ”)>
n=1 m=1

,V (S/, E(t—m)’ 6*(t—m)> cos (2/0*(t—m))}

1 N(t)
= i o Var [ () o (1)
n=1

Similarly,

N(?)

Var NL(t) Z Vv (3’, et 9*('57")) sin (z'@*(t’”))

= ZZCO’U[V(S = Q*t”))sm('ﬁ*tn)

n=1 m=1

t
, ( et=m) gr(t= m)) sin (z’@* t*m))]

N 102 (s’, e(tfn)’ 9*(1&%)) <in (2/9*@%))]
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Together, we derive that

[sup Ry (0) = E [Rugs (0)] @

0c0
N(t)

[%] J/ 2 Z {Var [V (s’, et «9*("/7")) cos (2/9*(””))}

+ Var [V (s’, et=m), «9*("/7")) sin (z’H*(tfn)ﬂ }}1/2 1Y (hz)|dz

1 N(t) 1/2
{%1 ;es&%\v s'.e.0)° /|1/J(hz)|dz
17’ 1 1/2
— {%] {W 689116% |V(s’,€,9)|2} /W; (2)|dz — 0 as N (t) — o(AS)

Therefore, from Chebychev Inequality, for any d; > 0, n; > 0 there exists ¢ (d1,7;)
such that for any ¢ >t (61,7,)

Pr bug |Rney (6) — E [Ry (0)]] < 51] >1—-mn (A9)
S

Furthermore, from we know from the uniform convergence of £ [X N(t)n(Q)] to zero in
O that

ElByo @) — B { / V(s ¢, 0)dFu(,0)Kn(0 - e*u—n))]

- / V(s ¢, 0)dFu (e, 6).

uniformly in ©. Together with A9, we have shown that the numerator of |A; (0)]
converges to zero uniformly in ©. We next show that the denominator is uniformly
bounded below with probability arbitrarily close to one as ¢ goes to infinity. Let

0*(tfn))
Rt =¢ J (

q (9(t—n)7 9*(t—n)> '

Then, from Lemma 1, 0 < R* ™ <1 and 0 < gy < 1. Also, define a random variable
Y= () as follows.

Y= (g) = Ky <9 - 9*(t_n)(q)) with probability Rt~
0 with probability 1 — R(¢~™) .

Then, Y*™ is a mixture of 0 and K, <9 — gt (g)), with the mixing probability
being 1 — ¢¢ and gy. That is,

y(t-n) (0) = K, <6’ ) (g)) with probability &
0 with probability 1 — &g
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or, equivalently,
YO (6) = K (6 07 g)) 107

where

7(tn) _ 1 with probability ¢
| 0 with probability 1 — &g

Further, from the construction of Y=,
Y (9) < K, (0 - 9*(t_”)(q)> .

Now, because """ (g), n = 1,..., N(t) are ii.d., following Bierens (1994), section
10.1, and 10.3, we can derive uniform convergence. That is, by using the Fourier
transform of the kernel,

N
PR

Z‘H

- N(t z::) ( )J / exp - (9—2*“_”) <g)> ¥ (2) dz

N(t)
m) th Vexp (1207 (g)) | exp (—i20) ¥ (h2) d

‘ -

=

Il
/\

Hence, using equations 2.3.4 and 2.3.5 in Bierens (1994), we get

N(t)

1
E |sup |—= ) YU — ) Y (g
Pl 20 |t
1\’ 1 N(t)
< - tn) *(t—n)
< (£) [ 5l e ()

E[I( exp( 2ot g))”‘|¢(hz)|dz

< \/7 ;) [ ma - \/[7( )/w )|t

o (A11)

as t — o0o. Therefore, using Chebychev’s Inequality, we can show that

N(t)
1 ~ P
S —E YE (0) — g4 (0)] = 0 A12
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Therefore, for any x > 0, 7 > 0, there exists > 0 , N = N(1) such that for any t > 7,
ie, N(t) > N,

(t)
1
Pr |sup NG ZY(t_”) (0) —eog(0)| < k| >1—n.
n=1

0co
That is,
L MO
_ (t—n) > _
Pr ;g(g NG ;Y (0)+Kk>eoinf g(d)| >1—n

1 N(t) 1
Pr éef N nE 1 Y 0) > 250 911€1f g(0)| >1—n.

N N
Since ) K, (0 - 9*(t_”)(q)> > Y Y we conclude that for any 7 > 0, there
n=1

n=1

exists , > 0, N = N({,) such that for any ¢t > {,, i.e, N(t) > N,

1
*(t—mn) - : .
Pr gN E:Kh (e 0 ()>>2500}2(£g(9) >1-1. (A13)

From the uniform convergence of the numerator to zero, and A13, we can see that
for ¢ = max{t(01,7,),t,} > 0, N = N(t), the following holds: for any ¢t > 7, i.e,
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N(t) > N

N(t)
N X |J V(€ 0)dFa(€.0) = V(s 07, 6°07) | Ky (0 — 607

Pr |sup
0O

o5 ) K (9 - 9*“*"))

S ‘|
€0 lnfeee) q(0

N
SUPgco | N = [fV s',€,0)dFu(e,0) — V(Sﬁe(t*"),e*(t_n))} K
= b N(t)
infge@ ﬁ n;l K, (9 — 0*(tfn)>
30 lnfeee)g 9)]
1 N(t)
> Pr Sup— l/ (s',€,0)dFu.(€,0) =V (s, etnﬁ*t”)}f(h <0y
oco | N(t) =~
N(t)
1 1
: - _ px(t—n) -
M iy 25 (0= 777)| > 50 o) }
1 N(t)
> 1—Pr |sup|—= l/ s' €, 0)dF. (¢ 9)—V(s',6(t_”),9*(t_”))} K| > 6,
oco | N (1) =
N
1 1
_ i - _prt=n) )| < 2o s
Pr |28 g 2 (007 | £ 57 o)
> 1=m—n (Al4)

uniformly over ©. Since 07/ [% infgeo €o g(@)} can be made arbitrarily small by choos-
ing 0; small enough, we have shown that

sup Agt) (0)) 20 as N(t) — oo.
90

From Lemma 3, we know that,

sup Aﬁ”(@)‘ £0,as t — oo,
0c®

Therefore,

)Aﬁt)(e(“)‘ L0ast— oo
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Now,
V(s,a,6,0) =V (s,0,¢,0) = AP ()

N()
Z |:V Y 6 (t—n) 9* (t—n ) . V )(8,, e(tfn), 9*(1‘,771))] WN(t),h<(9, 9*(tfn)) (A15)

Notice that if V (s,¢,0) > V® (s,¢,0), then

V(s,e,0) = VY (s5,€,0) = MazaeaV (s,a,€,0) — Mazaea VP (s,a,€,6)
Maz,ca [V (s,a,6,0) — VY (s,a,¢, 0)} < Maz,ea |V (s,a,6,0) — VO (s,a,¢, 9){

Similarly, if V' (s,¢,0) < V® (s,¢,0), then
VO (s,6,0) =V (s,€,0) = Maz,c sV (5,0, €,0) — MazaesV (s,a,€,6)
Maz,ea [V(t) (s,a,€,0) =V (s,a,¢, 0)} < Maz,ea |V (s,a,6,0) — VY (s,a,€, 49)’

Hence, taking supremum over s/ on the right hand side of A15 and then taking
absolute values on both sides, we obtain:

‘V (s,6,0) = VO (s,¢, 9)| < Maxgea }V (s,a,€6,0) = VO (s,a,¢, 9)‘

< sup |AY (9))

s'eS

N()

—1—5 ZSAup ‘V(S\, e(tfn)7 9*(t—n)) _ V(t n)(s (t—n) 9*(15 n)) WN(t),h(gy 9*(t—n))

(A15)

Now, |V (s,€,6) — V" (s,¢€,6)| appears on the LHS and

V(5 e, =) — (5, o, gt
Using this, we can recursively substitute away

‘V(s elt=m) grt=m)y _y(t=n)(G elt=n) 9= ”))‘ This logic is used in the following
Lemma. Before we proceed with the Lemman and its proof, we introduce some
additional notation. For 7 < t, let

appears on the RHS of equation A15/.

W (t,7) = W n(0,0').

where 6 is the parameter vector at iteration ¢t and €’ the parameter vector at iteration
7. Now, for N > 1 and for m such that 0 < m < NN + 1, define

U, (t+N,t,71)
{Jm = (tmytm—la ...,tl,to) tp=t+N >t 1> ....>ty >t > t,tg = 7'}.

That is, W,, (t + N,t,7) the resulting set of iterations where the largest is ¢t + N
and the smallest 7, and the other m — 1 iterations are greater than or equal to t.
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Furthermore, let

=2
i

—

W(t+N,t,1)=

M'
::133

W (tg, ti—1)

3
)[l
(S

3
7

=

3
Bl
Il
1L

Notice that W(t,t,7) = W (t, 7).
Lemma 4:
For any N > 1,¢ >0,

|V (5,€,0) = VD (s,¢.0))|

< sup [AfTH (9))
s'eS
N—1
+ Z W(t+N,t+N—m,t+N —m—1)sup | A1 (0*(t+ﬂ_m_1)> ‘
m—0 s'es
N(t)
+ > sup V(5 e, 0707) — V(5 e 90 (W (¢ + N ¢, ¢ — 1(AL6)
n—1 S€S
Furthermore,
N(t)
> W(t+ N, t,t—n)<p (A17)
n=1

Proof of Lemma 5.
First, we show that inequality A16 and A17 hold for NV = 1. For iteration ¢ + 1,
we get

[V (s,€,0) — VI (5,¢,0)]

< sup [4{™ (0)]
s'eS
N(t+1)
n Z sup ‘WSI, (t+1-m). 9*(t+1—n)) _ v(t—&—l—n)(S/, (lt+1=n) 9*(t+1—n))
—1 s'es
W(t+1,t+1—n)
< sup |4 (0)‘ +sup |V (s, €, 050y — VO (s €@ g*O) W (£ +1,1)
s'eS s'eS
N(t+1)—1
+ Z sup ‘V(s’, =) grit=n)y _ymn) (o (mn) grU=my T (E 1 ¢ — n)
n—1 s'eS

Now, we substitute away )V(s’, e® g* ) — V(s ) 1)
fact that N(t) > N(t+1) — 1,

by using A15') and the

02



‘V <3, €, 9*(t+1)> — Y+ (s, €, 9*(““1))‘

< sup [A{ D (O7) 4 sup | 4O (6°O) Wt +1,1)
s'es s'esS
N(t)
+ ) sup [V(5, 7, g7 - (g e gt
n—1 S€S

Wt+1,0W(tt—n)+W(Et+1,t—n)}
Agt+1) (0*(15—&—1))‘ + sup Aﬁ“ (9*(t)) ) /W(t +1,t+1,1)

= sup
s'es s'es
N(t)
+ Z sup |V (5, =), 0*(t_”)) S VAU (s, =), «9*(t_")) Wt+1,t,t —n)
=1 ses

Hence, Inequality A16 holds for N = 1.
N@) N(t)

Furthermore, because > W(t,t —n)/f = > WN(t),h(Q*(t),H*(t_”)) =1,
n=1 n=1

N(t) N(t) N()
YW+t t—n)=> Wt+1L,HOW(tt—n)+ > W(t+1t—n)
n=1 n=1 n=1
N N NG

= WEt+1,0)) W(tt—n)+> W(t+1,t-n)

n=1 n=1
- N N+
= BW(t+16)+> Wt+1t—-n)< > W(t+1t+1-n)
n=1 n=1

Since /W(t—f—l,t—f—l—n) =0 for any n > N(t + 1),

N(t)+1 N(t+1)
o W+Lt+1-n) = Y Wt+1Lt+1—n)
n=1 n=1
N(t+1)
= Z Wy (00D, 0°0H)) = g
n=1
Thus,
N(t)
S W(t+1,tt—n)<p
n=1

Hence, inequality A17 holds for NV = 1.
Next, suppose that inequality A16 holds for N = M. Then, using ¢ + 1 instead of
t in inequality A16, we get
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[V (s,€,0) — VI (5 € 0)]
Agt-‘rl—‘rM) (9)‘

IN

sup
s'es

A(tH+M—m) <9*(t+M—m)> ‘

M-1
—l—ZW(t—i—1+M,t—|—1+M—m,t+M—m)sup
m=0 s'eS

+sup |V (5, €D, 0°0) — VO (5 €D 0OV W (t+ 1+ M, t+1,1)
ses
N(t+1)
+ sup ‘V 3, €
nZ:; ses (

t+17n)7 9*(t+1fn)) . V(t+17n) (§7 6(z‘,+1fn)7 ‘9*(t+17n))

—

W(t+1+Mt+1,t+1—n).

, we get

Now, using A15/ to substitute away sups.g )V(?, e® g* 0y — v O)(5 £ D)

[V (s,€,0) — VEFMI (5 €, 0)|
A(t+M—|—1) (6)‘

1

IN

sup
s'esS

Agt—i-M—m) ( 9*(t+M—m)> )

M
+Z/W7(t+M+1,t+M+1—m,t—l—M—m)sup

m=0 s'eS
N(t)
+3 sup |V (5, et grtmm)y  yton) (g (ltmn) grt—m))
n—1 €S8
W+ M 41,0 LOW (bt =) + T (0 4 M 1411 m)| (A18)

Now, we claim that, for any M > 1,

Wt+Mt+1,)W(t,t—n)+W(t+Mt+1,t—n)
= W(t+ Mt t—n) (A19)

Proof of the Claim:
Let

\Ifm71(t + M,t,T)
= {Jm = (tm,tmfl,...,tl,tg) tp=t+ M >t > ... >t > t—|—1,t1 =1t :T}.

Notice that

U (t+ M, t+1,7)
= {Jm: (tm,tmfl,...,tl,tg) it =t+ M >t > ... >t > 1 Zt+1,t0:T}
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Then,
Ut + Mt 1) =V (t+ M, t,7) UV, (t+ M, t+1,7)

and
Ut +Mt,7) NV (t+ Mt +1,7) = 0.
Also,
\IJM+1<t+M7t+1aT) =9
Therefore,

W(t+ M,t,7)
M+1
=>4 % Wl
m=1 m(t+Mt,7) k=1
M+1 m.o M+1 m.o
=20 > Iweup+> [IW @ ti)
m=1 | ¥, 1(t+M,t,7) k=1 m=1 | W, (t+M,t+1,7) k=1
M+1

> ﬂW(tk,tk_l) W (t,7)

U1 (M t+1,8) k=1

g

m

S T e tin)

||F+1§

m=1 | ¥, (t+M,t+1,7) k=1
M m N M mo
S SUID SR | UL TS 5 S Sl § LW
m=1 | ¥, (t+M,t+1,t) k=1 m=1 | U, (t+M,t+1,7) k=1

= WEt+Mt+1,)W(t,r)+WEt+Mt+1,7

Hence, the claim holds. Substituting this into equation A18 yields the first part of
the lemma by induction.
Next, suppose that A17 holds for N = M. That is,

N (1)
> W(t+Mt,t—n)<p.

n=1

Then, denoting ¢’ =t + 1, we get

95



N(t)
S W(t+M+1,tt—n)

n=1
N(t) - N(#)
= > Wt+M+1Lt+1Lt)W(tt—n)+Y WE+M+1Lt+1,t—n)
n=1 n=1
N (1)
< W+ M)+ Wt + Mt t—n)
n=1
N
— ZW(t’—l—M,t’,t’—n)gﬁ
n=1

Hence, induction holds and for any N > 0,

N(t)

S W(t+N,tt—n) <p
n=1
Therefore, from induction, Lemma 5 holds.
Now, for any m = 1,...N(l), if we substitute ¢(l) —m for t + N, t(l — 1) for ¢, then
equation A16 becomes

‘V (s, e(t(z)—m)7 9*(t(l)—m)> _ yt)-m) <57 e(t(l)fm)7 9*(t(1)_m)>‘

< sup A0 (g0
s'eS
N(l)—m—1 '
+ W (t() —m, t(l) —m —i,t(l) —m —i — 1) s AffO=m=i=1)
i=0 s'e
N(I-1)
+ Z sup [V (5, ((t=1)=n) 9*(1:(171)771)) _ y=1)-n) 5, (H=1)=n) 9*(1:(171)777,))
i, ses

W) —m, t(l —1),t(1 —1) — n)

Now, we take weighted sum of )V (s, €, 0*(t(l)_m)> — yt-m) <s, €, 9*(t(l)_m)>

1,...N(l), where the weights are defined to be W# (I,¢(I) — m). These weights satisfy
W# (1,t;) > 0 for t; such that ¢(I — 1) < #; < (I) and 0 otherwise, and

oo oWl =1 (A20)

t(I—1)<t;<t(l)

y M =
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IN

Now,

BQ(la

and,

N
\_C/a
9
=
|
3
=
>
*
=
|
3
=
N——
=
|
3
=
N
\_C/a
o)
=
|
3
=
>
*
e~
=
|
2
N—
3+
—~~
o~~~
~
—~~
~
SN—
|
2

s'eS

N(l) N(-1)

+ sup |V (3, 6(1:(171)777,)’ g*tl=1)=n)y _ 1/(t(I~1)-n) 3 E(t(lfl)fn)’ g(t(—1)—n)
>3 sV ) ( )

m=1 n=1

W) —m, t(l — 1), t(1 — 1) — )W# (1, (1) — m) (A21)
let,
N()
Bi(l.l) =Y sup )Aﬁ“”‘"”‘ W# (1, t(1) — m),

m=

I
<
B
=
|
2

l)

A(L D) = Bi(L,1) + Bs(1,1).

Lemma 6

A(l,l)i() as | — oo.

Proof: We first show that By (l,1) L. 0. Recall that

AP (0) =5

n=1

N(t)
/ V('€ 0)dFu(e,0) =Y V(s e, 0)Wyan(0, 9*““))]

N(t)
+8 Z [V(S/, e(tfn)7 9) _ V(SI, e(tfn)’ g(tfn))] WN(t),h<9, 9*(tn))]

n=1
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Because [V(s,€,0)dF.(€,0), and V (s, 6) are uniformly bounded and the
parameter space is compact, Agt) is uniformly bounded. Hence, there exists A > 0

such that Agt) < A for any t. Because Agt) Lo uniformly over O, for any 1, > 0,
15 > 0, there exists T" such that for any ¢t > T,

sup Pr {sup

PO <m| > 1-m,
0co s'eS

Therefore,

E{ sup ‘Agt)(é’)” < nPr {sup

PO <n] + 7P| s [a000)] > 0
§'€5,0€0 'S

§'€S,0€0
< (1 =my) + An, (A22)

Hence,

N()
EB(LD)]=E |3 sup ‘Ag’*(’)‘m)) W# (1, t(1) — m)
m=1

N(1)
< Z w# (1,t(l) —m) [771 (1—=m5) "’2772}

= [771 (1 —my) ‘1”2772}
Now, from Chebychev’s Inequality,
Pr L NZ(Z) W#(,t(1) —m)  sup ‘A(t(l)fm)‘ >0
N(l) =~ ’ v gt-meg |

[771 (1—ny) + 772Z]
- )

(A23)

For any given d, the RHS can be made arbitrarily small by choosing n,and 7n,. Thus,
By(1,1) L0ast— oo
We now show that

Bsy(1,1)

()
= Y WH(L () —m) x

N(l)—m—1
3 {W (t(1) = m, £(1) — m — j,£(1) — m — j — 1) sup [ALO-"=3=D)

=

}io

as t — oo.
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For any ¢’ >t > 0, let,
K (') =K, (9*“') — 9*“))

For 71 > 79 > 7, define W* (71, 79, 7, j) recursively to be as follows.

W* (7-177—277—7 1) = /Wv(TlvT)

T1—T2

W*(r1,79,7,2) = Y W(r,m1— )W (11—, 72,7, 1)
J=1
:1'177'27(k72) -
wr (7—177_277—>k) = W(TlaTl_j)W* (Tl_j>7—277_7k_1)
j=1

Notice that for 7 < 79 — N (732),
W*(r1,79,7,k) =0

for all k. Similarly,

1 ~
K* 1) = —K
(7_177-277—7 ) N(Tl) (TlaT)
T1—T2 1 _
K* (7—177_277—72) = 7[((7-177—1_].)‘[(* (Tl_jaT%Ta]')
; N(7'1>
T1—72—(k—2) 1 _
K*<71772>Tak> = K(7—177—1_j)K*<Tl_j772>Tak_1)
= N(Tl)

and for 7 < 79 — N (72),
K* (11,79, 7,k) =0

Then, for any 71 > 79 > T,

. N(1)+1 m
W(r1,7e,T) = Z Z HW(tk,tk_l)
m=1 U, (11,72,7) k=1
T1—T2+1
= Z W* (71, 72,7, k)
k=1

29

(A24)



Hence,

l) -1
1m0 )
s'eS
l -1 (i+1 |
= { W* —m,t(l) =m—i,¢(l) —m—1i—1k) sup AlfO=m=i=1) }
k=1 e
N(1) N(l) |
N W* (1) = m, (1) = m = i, t(1) = m = i = 1, ) sup | AL O]
h=1 = 1 s'eS

Also, notice that, for any ¢ such that t(I — 1) <t < t(1)

W*(t,t—i,t—i—1k)

= > ﬁW(t]t_

Uy, (Lt—i,t—i— 1)j:1

1)
- Hﬁm
W, (Gi—i,f—i—1) =1 Z (t],tj i)
) B —k

k
3k 1112£<t ZK Jt—1) Z HK(tJt,

Uy (tt—it—i—1) =1
14—k

SR RO S I VR |
N(l) ta-1<

Uy, (Et—i,t—i—1) J=1

IN

q -k

1 I
= g inf ZKtt—z K*(t,t—i,t —i—1,k)

Hence, we get
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IN

IN

IN

k=1 m=1

N() N(I)
Pr [Z > WL (1) = m)

N(l)—m—1

> W) —mot(l) = m =i t(1) = m —i— 1,k)

i=k—1
, _ SN()+2
AGO-m=i=n)| d—9
1-94

N(l)—m—1
W*(t(l) —m, t(l) —m — i, t(1) —m —i—1,k)

i=k—1

Agt(l)fmfifl) ) > 5 H

sup
s'eS

N N
Z Pr [Z W#(t m)

> W) —mot(l) = m =i t(1) —m —i—1,k)

sup AO—m=i 1)) > 5'“}
s'eS
N() N()
> Pr { > WHE(1), t(1) —m)
k=1 m=1
N()—m—1
> KAty —mot(l) —m—i,t(l) —m —i—1,k)
i=k—1
D—m—ic1 5 ‘
f/‘ég Agt( )—m—i—1) [414550 inf g (9)] ]

U [t(l 1 <t<t |: ZK —) ] < 550 ilalfg(g)] }
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VAN
ME
g
~
= 1
Zz
S
=~
=3
|
32

K1) — myt(1) —m — i, t(1) —m — i — 1, k)

{ 42 YRR (9)] k]

Z K(t ' ] 4{450 inf ¢ (9)] (A25)

Agt(l)fmfifl)

sup
s'eS

+ Pr {
t(l— 1<t<t(l

First, we consider the first term of the RHS of equation A25.

Claim 1: The following inequality holds.

N()—m—1
E{ > K*(t(l)—m,t(l)—m—i,t(l)—m—i—l,k)}

i=k—1

< bt {Sup Ep [Kn (0" — 9@’))]}k

(A26)
0'cO

Proof: First, by definition of K™, note that,

- > IGe=tl)—m—i-1,

(l> i=k—=1  J1,Jk-1
t)y—m—1<j1 <jo<..<jp=t(l)—m)

) —
H Kh H*M 93>]H (A27)

Because ¢'(g) and 0(g) are assumed to be independent,

Ey o [ (0" (9) — 0(9))] Ey [Eo { K (0'(9) — 0(9))}]
sup Ejp [Kh (5 — 9(@)} (A28)

0cO

A

Now, for £ > 1, let (jo,j1,...,Jx) satisfy t(l) —m —i—1=jo < j1 < jo < ... <
Jk—1 < jr = t(l) —m. Now, denote the conditional transition probability from ()
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0D given QM) as f* (0*(t), 6*(t+1)|§2(t)), or , in shorthand, f***1). Notice that from

Lemma 2, for any [,

{t(ll)_[m f (6*(81),9*(8)9(81)>}

s=2

oo
{t(ll)—[m [f* (9*(5—1)’ 9*(S)|Q(S—1)> 1 (s # {jm}fn;lo) +1 (S & {jm}”f’;loﬂ }

s=2

(A29)
Because K, () > 0, for any 0 <t <t/
E [Kh(e*(t') _ 9*(t))] _ [Kh <9*(t'>(f P RCITC N
< a8 {5[is (0]}
By A28 and A29,

[f{ [Kh< Gien) (pGin)y — oG (f+(0 )N |Q<jo)]
e E [kﬂl[ (e*wm G) — 00 <~)>H

=0

ek E [H sup | Ky (0~ 9*“‘“(5))]}

=0 0'cO

IN

IN

= &t {sup Ep [ (6" — 6"(9))] }k (A30)

0'cO

Furthermore, for any i,m such that 0 < m +1i < N (I) and for any k > 1 such that
kE<m+1,

(l)k 1 ' Z [(t(l)_m_i§j1<...<jk,1<t(l)—m)

B 1 [i]!
Nk ((/f—l)!(i—(k—l))!>

= [(k—J. S(kiU! (A31)

Substituting A30 and A31 into A27, A26 follows and hence Claim 1 is proved.
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Now, by Zﬁ(zl)l W#(1,t(I) — m) = 1, the law of iterated expectations and the
results obtained in A22 and A25,

N()—m—1

ZW#lt ) > Kty —mit(l) —m —i,t(1) —m —i—1,k)
i=k—
sup

1
s'eS 1

N
= {ZW#lt m)

K3

Agt(l)fmfifl)

N(l)—m-1
E [ > K1) —mt(l) —m =i t(l) —m—i— 1, k)m(l)m“)]

=k—1

sup A t(l mfifl) (9) ‘ }

s',0

1 _
<Y WHLAD) —m) £ sup B 1 0~ 0@ | (1 )+ 7]
_ (S .
N 1 _
= et o 6 0 = 0@ gy | I =)+
0'cO (k - 1)'
Chebychev Inequality implies,
N(1) N()—m—1
Pr (> WHt(l)—m) > K*(t(1) —mt(l) —m—it(l) —m—i—1k)
m=1 i=k—1
(t(1)—m—i-1) 0 ’
sup | AW S [ £ 1nf 91
PRI 1o ]

[771 (1 - 772) + 772Z] 61 SUPo’ee E [Kh (9, - H@)WC ﬁ

< - (A32)
[4gﬁ50 infy g (9)}

Next, we consider the second term of the RHS of equation A25.

Claim 2: For any (I — 1) < t < t(I), either [t(l 1) = N —1)/2,t( — 1)] C
[t — N(t),t] or
[t(l 1)t —1)+ N(I - 1)/2] C [t — N(t),1] or both.

Proof: First, we show that for ¢ satistying t(l — 1) <t < t(I — 1)+ N(l —1)/2,

[t(z —1) = N(—1)/2,t(1 - 1)} C[t— N(t),1] (A33)
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Because N|() is a nondecreasing function, N(t) > N(I — 1). Hence,
t—t(l—1)<N(I-1)/2=N(1-1)—N({1-1)/2< N(t) = N(L—1)/2

Thus,
t—N@t)<t(l—1)—N(1-1)/2

Since t(l — 1) < t, A33 holds. N
Next, we show that for ¢ satisfying t(I — 1) + N(I —1)/2 < t < t(l),

tl—1),t(1—1)+N(I—1)/2| C[t—N(@),1]. (A34)

From the definition of N (),
t(1) = N(I) = t(1 — 1)

Furthermore, because N(s) is increasing at most by one with unit increase in s,
s — N(s) is nondecreasing in s. Hence,

t—N@t) <t()—=N)=t(1-1).

Furthermore, ¢ > ¢(I — 1) + N(I — 1)/2. Therefore, A34 holds. Hence, Claim 2 is
proved.

Now, from A6, we know that for any n; > 0, there exists L such that for any
I>L t;=t(l—1)and for ty =t(l— 1)+ N(I — 1)/2,

1 N%/Z (9 — 9*(1‘" k)) < —1 f (9) <  =1.2
Pr | = K g €o in g , 2 ,
N(l)/Q k=1 " -2 09 © = s

Therefore,

Pr ! N%QK (0 — "=k < L, inf Oy
N(l)/ = h -2 Oeeeg

ND/2 1
_prta—k)y « Z_ s
{N kZ_Dl n(0—0 ) < 28091239(9)}]
N 1
< *(h=k)y <
< [N 2 Kh(Q 0 ) 250 1nfg(6’)]
e 0 — g*t2=k)y < 1 fq(0
B o =) < g2 jule (0)
<

65



Therefore,

p ! N(l)/ZK o — ot L f 0
s oo g

1 N(l)/2K o grtah) 1 —— 1_9
N(l)/2 k; n(0 — )>§5091269() >1—=12n;

Now, from Claim 2, for any ¢ such that ¢(I — 1) <t <#(l),

1w on L N@—12 1 Ny )
N = Z Kn(0 — ) > NO)  NI_1)2 kzzjl Ku(0 — 0670y (A35)

where either s = t; = t(I—1) or s = t, = (Il — 1)+ N(I — 1)/2 or both. Furthermore,

(TR

) . Therefore,

notice that

P P N(t)K 6 — g+t L fqg(0
. _ _prtemy s L
g t(l—ll)rétgt(l) N(l) ne=1 h< ) - 4AEO ;g@g( )

> 1—2n,
Thus,

N(t)

1 = 1
r t(l—ll)rétgt(l) N0 Z K(t,t—n) < p7coin infg(0)| <2n, (A36)

n=1

By A32 and A36,

RHS of A25

NO [y (1= 1) + nyA] 5™ supgreo Bo [Kn (0 — 00))]" 755
A + 215

-1 [4AB€O infy g (9)}

NQ)

= [771 1 —1ny) +772_} /\/\Z

IN
_

where,

4ABeq supgee Eo [Kn (0" —0(9))]
(580 infg g ((9)

A= >0
Notice that e~ F is the formula for the distribution function of the Poisson distrib-
ution. Hence,

N (1

N() R AE=D)




Together, we have shown that,

LHS of A25
< & [771 (1 —=my) + 772Z] Aexp (A) + 213 (A37)

Now,
Eg {K,(0',0(9))} — g(0') as h — 0.

Hence, for any B > supyce [g(0)], there exists H > 0 such that for any positive
h < H,

Ep {Ku(0,0(9))} < B

Therefore, for h < H, X is uniformly bounded. Hence, the RHS of A37 can be made
arbitrarily small by choosing 7,, 1, and 75 small enough.
Thus, Lemma 6 is proved. That is, we have shown that

A(l,l) - 0asl — oo
Let

= (L0 + 1)
= {(tl,tlfl, ...’tllJr]_) : t(ll) < tl1+l < t(ll + 1), et < t(l — 1) <t < t(l)} .

Now, define, W(t(l),t(ll),tll) as follows: For l; =1,

W), (), 1) = W# (I, 4).

For |, =1—-1,
W (1), 40— 1), 1)
NQ)
— ZW# (1) —m) W) —m, t(l = 1), t11).
For [, <1 —2,

W (1), t (1), t,)

-1
= > w (t(l),tz){ 1T W(tj-l-lat(j)?tj)}W(th-i-lat(ll)atll)
(tl7tt717...7tl1+1) 2(l,114+1) Jj=li+1

Recursively, we can express for [y < [,

N(l1+1

WD), 1)) = > W (Lt + 1), 80+ 1) = m) W+ 1) —m, (1), t,):

m=1

67



Hence, A21 can be written as follows.

)V (S7 (t-m) g(t(l)fm)) _ pt-m) (3, (H-m) e(t(l)fm)>)

< W (t(1), (1), t(1) — m) sup |ALO—™ <9<tu>—m>> ‘
m=1 s'eS
N() _
+ Y W (1), (1), £(1) — m)

Agt(l)fmfifl)

N()—m—1
x Y WD) —m, (1) —m — i, t(l) —m —i— 1) sup

i=0 s'eS
N(I-1)
+ Z sup V(?, e(t(l—l)—m)’g(t(l—l)—m)) _ V(t(l—l)—m)(’s\’ E(t(l—l)—m)’Q(t(l—l)—m))’
m—1 S€S
. 1
W (t(),t(l —1),t(l —1) —m) (A38)
Furthermore, by Lemma 5,

N(1) __
Z w (tl1+17 t(l1>7 t(ll) - m) < 5
m=1

Applying these inequalities to W yields,

N(l1)
S W (D), 40), H(1) — m) < B0 (A39)
m=1
Now, let
A(l,ly) = Ba(l, 1) + Ba(l, 1)
where,
N(l1) -
Bi(l, 1) = W (t(l),t(ly),t(ly) — m)sup Agt(ll)*m)‘
m=1 s'eS
and
N(l1) - N(l3)—m—1
By(ll) = Y W (t(D),t(),t(h) — m)
m=1 =0
W (t(1y) — m, t(1y) —m — j,t(1y) —m — j — 1) sup | AL 5D \}
s'es



Then, for [; </,

< AL L)
N(l1—-1)
+ sup |V (3, E(t(ll—l)—m)’g(t(ll—l)—m)
mz_l ses ( )
_>
W (), ¢l — 1), ¢ — 1) — m)‘ (A40)
Lemma 7

Given A=[1—-10,>0

A(Z,Z—A)£>O as | — oo.

Proof: Lemma 6 proves it with A = 0. By definition of IT/,

= W# (1), t;) 3 W (t,t(1—1),t_1)

t—1)<t;<t(l) t(1—2)<t_1 <t(I—1)

Do Wiltnge 4 1)t ) Wt t(0), 1) —m)
t(l1)§t11+1 <t(l1+1)

(A41)

We prove convergence of By(l,l;). We follow steps that are similar to the proof of
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Lemma 6. First, we derive

N() (D) —m—t(l1)+1
Pr Z W#(lv t(l) - ) Z W*( (l) —m, t<ll)7 tll? k)
m=1 k=Il—11
L1 5ﬁ(z)+1
A 1
ves S
t(1)—t(l1)+1
< Z Pr Z W#(l> t(l) - m)W*(t(l) -m, t(h)a tll? k) sup A( w > 6k
k=l—1; s'es’
t(l)—t(ll)-i-l N(ll
< > Pr Z WH#(1,t(1) — m)K*(t(1) — m, t(lh), ti,, k) sup | A0) |
k=l—11 s'eS
5 k
> lmé‘o I%fg (9)1 ]
1 .
+Pr . 1lia<ft<t Z K < ng llgf g (9) (A42)
We again use arguments similar to Claim 1 to show that,
N() t(1)—m—t(l1)+1
ENN WH@) —m) > K (t(l) —m,t(h), k) sup | A
m—1 k=l—1, s'€S

< er [y (1 —1mp) +mpA] Aexp (A)

where ! g
A5 s By K (¢~ 6)

560 infg g (9)

Next, let ¢1(1) = ¢(I — 1) and t5(l) = (I — 1) + N(I — 1)/2. Then, arguments similar
to ones used in deriving equation A35 can be used to derive the inequality below.

A= > 0.

inf K(t,t—
. Z bt=9)
ND/2 1 N@)/2 _ N@)/2
> min N(l)/ ——min{ Y K,(0 — 0"tk Z Ky (60 — o) k)
n-1<i<t | N(I) N(1)/2 k=1 k=
1 1 N(*)/2 . N(*)/2 .
- min K3 (0 — 07000k, Ky (0 — 72 =F)
T I )5 |
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where,

1 1
[* = arg min -
fh-1<i<t | 2AHI=EN(1) /2

()/2 N(1)/2
{:Z RGO Sl ()

k=1 k=1

Hence, similarly to Lemma 6, we get

RHS of A42

< 51[771(1—772 + 1, A 6/\2{6
1

(Q _ 9*(t2(7)—k))} }

]+2@+1—h)

whose RHS can be made arbitrarily close to zero by having 7,, n, and 74 arbitrarily
small by choosing [ to be large enough, for any arbitarily positive 9, RHS can be
made arbitarrily small by increasing [, while keeping A = [ — [; constant,

Bi(l,1—A) 50

as | — oo.

Next, we prove convergence of Bs(l,11). Again, the arguments are very similar to
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that of Lemma 6. That is,

Pr Z (1, t) { H W (tj1,1()), )}W(tll-l—lat(ll)?th)
)Eu(“1+1)

tte—1,- b1 41 J=li+1

1— 5N(l)+1
1—-6

N (1) ty —t(li—1)—1

W(tllatll _j7tll _]_ 17k) SUIS)'
s'e

Z ltl { H ZW ]+17 >k)}ZW* <t11+1>t(ll)7tll7k)
)e:(zzl+1) k

2

Agtllfjfl) 2 5l711

< Pr
tr,te—1, "'tl1+1 j=li+1 k
N(ly) tiy —t(li—1)— N()+1
—j— 1-9
Z W*(tllatll - j7 tll - .] - 17 k) sup Agtll ! 1) 2 5lil1
s'eS 1—90
k=1 j=k—1
t(1)—t(l,—1) N() t1, —t(li—1)—1
< Pr [ Y WH(1, (1) —m) > K*(t() —m, t(ly) — j, ty, —j — 1, k)
k=l—l = j=max{0,k—[t(l)—t(l1)]+m—1}
(t 1) ) k
1 —J— .
flé}; A" > _Wso 1ro}fg(8)] ]
+Pr|  inf Rt t—i)| < ———coinf g (0) (A43)
" D<) N() & L AA— 0 Y
and
t(1)—t(l—1) N(lh) ty, —t(l1—1)—1
_j - 17 k)

S Pr| Y WHEI(I) —m) > K*(t(1) —m, t(l) — j, t,

k=1—1I m=1 j=max{0,k—[t(l)—t(l1)]+m—1}

5 ’
sup‘A ty —j—1) } > [W%Ho}fg(@)] ]

s'esS
< e [ (1 =1n,) +1mpA] Nexp ()
where,
AA™1 B supyeg By [K (0 — 0(9))]
deg infy g ()

Furthermore, let (1) = (I — 1) and ¢5(1) = t(I — 1) + N(I — 1)/2. Then, arguments
similar to ones used in deriving equation A35 can be used to derive the inequality

>0

A:
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below.

ZK t—1)
(ll 1)<t<t l
N(@)/2 N2
> min N~(Z)/2 Nl min{ Y. K,(0 — 60Ok Kn(0—0" (t2() k)
n-1<i<t | N(I) N(1)/2 k=1 k=1
1 1 N(1*)/2 . N(@1*)/2 .
> - min K3 (0 — 6700k, Ky (0 — 072 =F)
= AR N (/2 { P b )
where,
[* = arg min
Iy —1<i<l 2Al+1 lN

N@/2 N(D)/2 _
in { Z 9 0 tl(l ) Z (0 - 9*(t2(l)—k))}}
k=1 k=1

Hence, using A24,

RHS of A43

o0 \F
< e[ (T—mp) +mpA e’\Zle ]+2(l+1—51)773
k=1

where,

ABA™ ey supy e B [Ky (6" = 0(g))]
deoinfy g (0)

which can be made arbitrarily close to zero by increasing [ while keeping Al =1 — [;

constant. Therefore,

A= >0

Bo(l,1— Al L0

Hence, Lemma 7 holds.
Now, let,

AV (m,n) = sup |V (s, =) getm)=n)y _y/tm)=n) (g (tHm)=n) gr(tm)=n))

AV(m) = [AV(m, 1),...,AV(m, N(m))}

L - N(i+1-k)
W (k) = [W(z,t(z F1—k)t(l+1—k) —m)]

m=1
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Then, by A39, W (1,k)' + < 8*~! and from A39, we obtain the following.

AV(IYTW(L,1) < AL +AV(— 1) (1,2)

k—1
< LS AWLL=D)FAV(I—K) W ([ E+1).

=0

k-1
By Lemma 7, given k, the first term on the RHS, > A(l,] — i) converge to 0 in
i=0

probability as | — oo, and since AV (I +1 — k) is bounded and W (1,k)" ¢ < g
from A39, the second term can be made arbitrarily small by chosing a large enough
k. Therefore, AV (1)’ W (I,1) converges to zero in probability as | — oo.

Lemma 8:

P
—0ast— o

‘V(s, €t g0) _ YO (5 (0 g0y

Suppose not. Then, there exists a positive ¢, 7 and a sequence {t;} such that
Pr (‘V(s, et gty ) (5 (te), 9“”)‘ >6) >, (Ad4)

Set the weights W# be as follows: If there is ¢, such that ¢(I — 1) < t;, < t(I), then,
let

t*(l) = i tit.
(0 t(lfll)lgtlk].<t(l){ e}

Otherwise, let
() =t(l—1).

Let
W# (t(1), ;) = I(t; = t*(1))

Then, because AV (1) W (I, 1) L0asl— oo,
Vs, M) g(t*(l))) _ V(t*(l))(s, E(t*(l))ﬁ(t*(l))) P0asl — oo
which contradicts A44. Hence, Lemma 8 holds, and thus we have proved Theorem 1.

Proof of Theorem 2
We are given a random process with transition probability f® (.,.) which is

FO (9“), 9’) —\ (9“), 9'|Q<H>) g (9“), 9’>+ {1 - / A\ (9“), 9'|Q<H>) q (9“), 0)1 Sy (0)

where ) is the Dirac mass at ). Because A (6,6'|2¢~V) converges to A (6,6')
uniformly in probability on 6,0 € ©, f® (.,.) converges to f(.,.) in probability
uniformly as t — oco. Because both A (0, .]Q(t’l)) and ¢ (0,.) are uniformly positive
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functions for any 6 € O, using the results in Lemma 1, we can construct a density
g(.) and a constant €y > 0 such that for any 6 € ©,

509(')
go9(-)

(() = min { in f‘”@ﬁ’)} }
vO) = {e’eg{ 0.0 !

\
=
AW,

Define v® as follows.

Then,

-
=
—
>
S~—
AVARAY
<
=
~
—
>
N—

Now, construct the following coupling scheme. Let X be a random variable that
follows the transition probability f®(z,.) given X*D = z, and Y® be a Markov
process that follows the transition probability f(y,.), given YY) = 3. Suppose
X® £ yY®_ With probability £y > 0, let

X(t-‘rl) — Y(t+1) — Z(t+1)~g(.)
and with probability 1 — &g,

-1

1—80

[FO (X)) = eog ()]

t+1)~ 1 t
y (t+1) 1—750 [f (Y(),.) —gg(.)]

Suppose X =Y " = 7t With probability v®,
X(t+1) — Y(t+1)~f(Z(t), )

and with probability (1 — v(t)),

As fO(x,.) EiR f(z,.) uniformly over the compact parameter set ©, v*) converges
to 1 in probability. Let w® = 1 —v®. Then, w® L 0ast— oo Let SO ¢ {1,2} be
the state at iteration ¢, where state 1 is assumed to be the state in which X® =Y ®,
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and state 2 the state in which X® # Y®_ Then, S® follows the Markov process

with the following transition matrix.

— p® ()
p_ [ 1—w w }
€0 1-— o

Denote the unconditional probability of state 1 at time t as 7(). Then,

[W(t-&-l)’ 1— 7T(t+1)] _ [7T(t)7 1— 7T(t)] [ 1 —w® w® }
€0 1— o

Hence,
2D = 7O [(1— w®) — o] + e

7T(t) (1 — 50) —+ o — (t)
W(tim) (1 )m—l-l —+ 1— (1 — €O)m+1 — [U)(t) + (]. — 80) w(t’

AVARLY,

We now prove that 7® 5 1.
Define W,,,, to be

Wim = w® + (1 — g0) wY + .. + (1 — go)" w™

b + ...+ (1 — €o)mw

Because w® 5 0, for any d; > 0, 5 > 0, there exists N > 0 such that for any ¢ > N,

Pr[|w® —0] < 8] >1-d,

Now, given any 6; > 0, 6, > 0, let m be such that

Also, let §; satisfy §; <

5(m+1) +1

B ! .
PI'{'VVtm -0 < gl} > Pr {j ﬂm|w@ —0} < 51}

—t—

t
= l—Pr{ U {w(j)—0|251}
j=t—m

t

> 1— ) Pr{jwV—0[>6}>1-06 (A47)
j=t—m
Now, let N be defined as N = max {N,m}. Then, for each k > N,
Pr Hﬂ(tﬂ) — 1‘ < 51}
> Pr Hﬂ(t_m) (1—g0)" — (1 —go)™ + Wim| < 01]

_ 26 (1—PE) /EO 31 31
> (t—=m) (1 _ — (1 — e\ 271 1 -
> Pr[]yr (1—e))" —(1—eg)™"| < Al e Wil .

0
~ Pr l|th| < ﬂ (A48)
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Last equality holds because 0 < 7(*=™ < 1 and thus,
|7r(t*m) (1—¢go)" —(1— 50)m+1‘ < 2(1 —gp)™| <
From (A47) and (A48), we conclude that
Pr H?T(H_l) — ]_‘ < 51] >1-— SQ

Therefore, 7, converges to 1 in probability.
Therefore, for any 6 > 0, there exists M such that for any ¢ > M,

PrX®=y"]>1-4

Since Y ®follows a stationary distribution, X converges to a stationary process in
probability.
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