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CONSTRAINED EMM AND INDIRECT INFERENCE
ESTIMATION

Giorgio Calzolari, Gabriele Fiorentini and Enrigque Sentana

ABSTRACT

We develop generalised indirect inference procedures that handle equality and
inequality constraints on the auxiliary model parameters. We obtain expressions
for the optimal weighting matrices, and discuss as examples an ma(1) estimated
as ar(l), an ar(1) estimated as ma(l), and a log-normal stochastic volatility
process estimated as a garch(1,1) with Gaussian or t distributed errors. In
the ..rst example, the constraints have no ecect, while in the second, they allow
us to achieve full e®ciency. As for the third, neither procedure systematically
outperforms the other, but equality restricted estimators are better when the

additional parameter is poorly estimated.

Keywords: Simulation estimators, GMM, Minimum distance, ARCH, stochas-
tic volatility:
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1 INTRODUCTION

Consider a stochastic process, X, characterised by the sequence of parametric

compute expectations of possibly nonlinear functions of X, either analytically, or
by simulation or quadrature, the so-called e¢cient method of moments (EMM)
of Gallant and Tauchen (1996) (GT) is a computationally convenient indirect
inference (I1) procedure, which uses the score of the auxiliary model to derive a
generalised method of moments (GMM) estimator of ¥ (see Hansen, 1982).

Existing EMM procedures, though, assume that the parameters of the auxil-
lary model are unrestricted, and consequently, that their pseudo maximum like-
lihood (ML) estimators have asymptotically normal distribution with a full rank
covariance matrix under standard regularity conditions (see e.g. Gourieroux, Mon-
fort and Trognon (1984) or White (1982) for a discussion of unconstrained pseudo
ML estimation). Nevertheless, in many situations of interest, some inequality re-
strictions on p are usually taken into account in the estimation of the auxiliary
model because (i) they lead to more eCcient estimates under correct speci..ca-
tion, (ii) the pseudo log-likelihood function may not be well de..ned when the
restrictions are violated, or (iii) some of the auxiliary parameters may become
underidenti..ed in certain regions of the parameter space. Importantly, such pa-
rameter restrictions are often binding in empirical applications.

In this paper, we show how EMM procedures can be generalised to handle
such situations. In particular, we propose an alternative set of moment restric-

tions based on the Kuhn-Tucker ..rst order conditions, which nest the usual ones



when the inequality constraints are not binding, but which remain valid even
if they are. We also derive the corresponding optimal GMM weighting matrix,
and explain how it can be consistently estimated in practice. In this respect, we
consider not only the usual two-step GMM method proposed by GT, but also a
continuously updated one (a la Hansen, Heaton and Yaaron, 1996). In addition,
we combine the constrained parameter estimators and Kuhn-Tucker multipliers to
extend the original class of minimum distance (MD) Il estimators introduced by
Smith (1993) and Gourieroux, Monfort and Renault (1993) (GMR) to the inequal-
ity restricted case. It turns out that like in the unconstrained case (see Gourieroux
and Monfort, 1996) (GM96), one can ..nd inequality restricted Il estimators that
are asymptotically equivalent to the inequality constrained EMM estimators by
an appropriate choice of weighting matrix.

It is important to bear in mind that our results in no way require that the
restrictions are correct, in the sense that they are satis..ed by the unrestricted
pseudo-true values of the auxiliary parameters. Of course, if we knew that this
was indeed the case, we might be able to obtain more eCcient estimators of
the parameters of interest (see Dridi, 2000). It is also worth mentioning that
although we concentrate on pseudo log-likelihood estimation of the auxiliary model
for expositional purposes, our procedures can be extended to cover any other
extremum estimators of just identi..ed auxiliary models, such as M-estimators or
method of moments (see section 4.1.3 of GM96).

We also discuss EMM and 11 procedures based on equality constrained pseudo
ML estimators of p, as well as on those that combine equality and inequality
constraints. Equality restricted procedures may be particularly useful in practice
from a computational point of view, because in many situations of signi..cant
empirical interest, it is considerably simpler to estimate a special restricted case

of the auxiliary model than to maximise the unrestricted log-likelihood function.



For the same reason, we also consider Il procedures based on partially optimised
unconstrained estimators that do not satisfy the standard ..rst order conditions
for extrema of the pseudo log-likelihood function, as well as those that impose the
constraints depending on the signi..cance of some preliminary speci..cation test.
For illustrative purposes, we apply our modi...ed procedures to three time series
models. The ..rst two are (i) an ma(1) process, estimated either as an ar(1) with
a non-negativity constraint on the autoregressive coe¢cient, or as white noise, and
(i) an ar (1) process, estimated either as an ma(1) with a non-positivity constraint
on the moving average coe¢cient, or as white noise. The third model that we
study is the popular discrete time version of the log-normal stochastic volatility
process, which we estimate via a garch(1,1) model with either t distributed
errors, or Gaussian ones. This model is important in its own right, and has
become the acid test of any simulation-based estimation method. In addition,
it also helps to illustrate the implementation of our proposed procedures in some
non-standard situations. In particular, the pseudo log-likelihood function based on
the t distribution cannot be de..ned in part of the neighbourhood of the parameter
values that correspond to the Gaussian case, and moreover, some of the auxiliary
model parameters become underidenti..ed under conditional homoskedasticity.
The paper is organized as follows. In section 2, we include a thorough discus-
sion of EMM and Il procedures with either equality or inequality constraints on
the auxiliary model parameters. Since it is often impossible to obtain some of the
required expressions in closed form, we also discuss how they can be evaluated by
simulation. Detailed applications of such procedures to the three examples can
be found in section 3. Finally, our conclusions are presented in section 4. Proofs

and auxiliary results are gathered in the appendix.



2 THEORETICAL SET UP

2.1 Inequality constrained EMM and Il estimators

sample of size T on x; based on the auxiliary model (ignoring initial conditions)
F)
will be given by Ly(n) =  l(n). Let’s now de..ne the (scaled) Lagrangian

function
Qr() = L) + )3 @

where — = (u% 1%°, and T are the s multipliers associated with s mutually consis-
tent inequality constraints implicitly characterized by h(p) > 0. Assuming that
both the pseudo-log likelihood function L+ (1), and the vector of functions h() are
twice continuously dicerentiable with respect to p, the latter with a full column
rank Jacobian matrix @h’(u)=@u, the ..rst-order conditions that take into account

the inequality constraints will be given by the usual Kuhn-Tucker conditions:

8Qr(r) _ 18Lr(n) , B, _ @
ou T Ou ou
together with the sign and exclusion restrictions:
h(r) >0 T >0 h(pr)©I; =0 ©)

where ~ indicates inequality restricted pseudo-ML estimators, the subscript T
refers to the sample size of the observed series, and the symbol © denotes the
Hadamard (or element by element) product of two matrices of the same dimen-
sions.

Standard EMM procedures cannot be used in this context because, as we shall
see below, the expected value of the score of the auxiliary model is no longer
necessarily zero when some of the restrictions of the auxiliary model are binding.

Nevertheless, a modi..ed procedure can be derived from (2). Speci..cally, we can
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base our estimation of % on the following moments:
: - " - #
- X 0 -
0Qr()-,” _ g 120k , on'G .-,
op T ou Ou

t

mr(%; ) =E 4)

where the symbol E(:|*2) refers to an expected value computed with respect to
the distribution of the model of interest evaluated at %. The main dicerence with
the unrestricted case is that mr(¥%; ) not only depends on the g auxiliary model
parameters |, but also on the s Kuhn-Tucker multipliers 1 associated with the

inequality restrictions. In this respect, note that if we de..ne

Lo =E <Lo(uyh )

we can interpret mr (%; ) = 0 as the ..rst-order conditions of the population pro-
gram

mfxﬁT(l/z;u) sttt h(n) >0 (6)

as long as the dizerentiation and expectation operators can be interchanged, which
we assume henceforth. We also assume that L+ (%; 1) is twice continuously dicer-
entiable with respect to both p and %. Importantly, in those time series situations
in which the functional form of I¢() is time-invariant, and Xx; strictly stationary,
the dependence of the moments on T disappears, and expressions (5) and (4)

simplify to

L>AW) = E[k(W)|¥]

@k, L R

Yo +

op u

For each value of %, we can de..ne a deterministic sequence of binding functions

m% ) = E

for the inequality constrained auxiliary parameters p and associated Kuhn-Tucker

. . ) o}
multipliers T, % (%) = pl(%); 11 (%) 0 say, such that they solve the population



program (6). As a result, these functions must satisfy the ..rst order conditions:
£ . o
mr % T(%) =0

h£u# %) >0 1) >0 hEMiT () ©i(s) =0 )

and obviously become time-invariant under strict stationarity. To guarantee the

identi..cation of %, we assume that for all T larger than a given value, ~ (%) is

the only such solution, and that the equation _iT (*2)) = admits a unique solution
in %2 (cf. GM96).

Let %° denote the true value of the parameters of interest, and let p} (%4°) and

11 (%°) denote the inequality constrained pseudo-true values for g and . If we

knew these values, we could recover ¥° by either inverting the binding functions,

or solving the possibly non-linear system of equations mt £1/z‘);_iT (1/20)(J =0. In

practice, though, we do not know the pseudo true values, but if they are consis-

tently estimated by the auxiliary model, we can obtain consistent estimators of

10 by choosing the parameter values that minimize either some appropriately

de..ned distance between ~' (%) and ~;, or a given norm of the sample mo-

ments mr(%; ). In particular, we can minimise with respect to % the following
quadratic forms:
_ h B h i
DitsQ)= T®W-"7 -Q T»-";
or
Gr( W) =m(% 1) ¥ -mr(% 1)

where €2 and ¥ are positive semi-de..nite (p.s.d.) weighting matrices of orders q+s
and g respectively, and the letters D and G are a reminder that these objective
functions correspond to MD and GMM estimation criteria respectively. In what

follows, we shall refer to the resulting estimators
22(Q) = arg min DI (%; Q)
BS(¥) = arg min Gr (% ¥)
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as the inequality restricted 11 and EMM estimators of %.. Obviously, without a ju-
dicious choice of metric that accounts for sample variation in the estimators of the
inequality restricted auxiliary parameters and multipliers in ;T, the asymptotic
covariance matrix of %2 (€2) and %S (¥) is likely to be unnecessarily large.

Let’s start by analysing the second criterion function. It is well known that if
the sample moments my (1/2;;T) have a limiting normal distribution, the optimal
GMM weighting matrix (in the sense that the dicerence between the covariance
matrices of the resulting estimator and an estimator based in any other norm is
p.s.d.) is given by the inverse of the asymptotic variance of v/T my (%; LT) (see e.g.
Hansen, 1982). In order to derive the required asymptotic distribution, we follow
GT in assuming the necessary regularity conditions for LT to converge uniformly
almost surely to — (%4°), and for a strong law of large numbers and a central limit
theorem to apply to the Hessian and modi..ed score of the log-likelihood of the

auxiliary model respectively. More formally,

Assumption 1

2 o s 3
S Hr — k() 2
P4 lim supS " “T_( ) e 5=
TP A A °
= o
P lim giX@hz(ufl‘_)_ igz =1
TE1°T W 0T o

£ . £ .
1< Cafuem’ | oo’
T ou ou

t

T L0 — N(0; Zi;)

where JJ: and Z}; are non-stochastic, q x q matrices, with Z}; p.d., and p3 is

any sequence that converges in probability to uiT (%0).

In this respect, it is important to note that there are many situations in which
the pseudo log-likelihood function is not well-de..ned outside the restricted param-

eter space, and yet the (possibly directional) score and Hessian behave regularly
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at its boundary (see e.g. the score of the Student’s t garch model in section 3.3
below under conditional Gaussianity).

However, we cannot directly rely on the results in GT to derive the asymptotic
distribution of these sample moments, since the inequality restricted estimator pir
may not be asymptotically normal in large samples (see Andrews (1999) and the

references therein). In addition, the asymptotic distribution of ;T HS singular, i?
the sense that there are s linear combinations of the elements of /T ;T —_‘T (¥°)

that converge in probability to 0. Speci..cally:

Proposition 1 Under Assumption 1,
£ . o]

Oh py (%)
o’

In contrast, there are g linear combinations that are asymptotically well be-

_ L £ .o
%) e VT pr—ph () +h ph (%) ovVT -1 %) =o0y(1)

haved:

Proposition 2 Under Assumption 1,

‘ o vec o ) p i
. . vec = ~ .

Tor+ 1400 @1, g VT ()
h0£ i 1/0 “ £ o}
+w\/f 1T_1iT(1/20)

o
1< o)’ an ey
I T e O

t
Hence, even though pr and X; have a singular and possibly non-Gaussian
asymptotic distribution, Proposition 2 shows that under our regularity condi-
tions, there are always ¢ linear combinations that are asymptotically normally
distributed, irrespectively of the exact nature of the inequality restrictions, and
irrespectively of whether the sign restrictions on h£uiT (1/20)ID and 1% (%°) in (7) are
satis..ed with equality, or strictly so. It turns out that those g linear combinations

are implicitly contained in the expected value of the modi..ed score:
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Proposition 3 Under Assumption 1,

C &£ a £ . o
Bl b () B k()
ou op

. <
ﬁmT(l/zo;_T)h/T%

t

L) =0,(1)

Therefore, v/Tmy (%°; lT) has indeed a limiting Gaussian distribution, and the
optimal GMM weighting matrix is precisely the inverse of Z;.

The following proposition speci..es the asymptotic distribution of the (infea-
sible) optimal GMM estimator of % based on the inequality restricted auxiliary
model:

Proposition 4
2 C £ o £ o) 3
— — il
em§ % T () e )il‘@mT W T g
0% oT AW

£ . o
VT 78(T) — % — N 4o;

Given that this expression is completely analogous to the one derived by GT for
the optimal EMM estimator in the absence of constraints, the required matrices
can also be consistently estimated using their suggested procedures. In particular,

since in those cases in which
EE'O(J io£‘0(J q:‘0:0'1
E @l ur(*%") =0u+ @h’ pr (%) =0u 3 (%)) %° =0 Vi

such as strictly stationary and ergodic time series processes with absolutely summable

. . . . P £ . o
autocovariance matrices, Zj; converges to Zj = ¢1=i1 S, %% 1 (%) , where
3

Y - - - %
ok Lo, ” @ltn(li)+@h°(li)1’°:1/2
op ou ep iV

for; > 0and S, (% ) =S},(% ) for ; <0 (see e.g. Hansen, 1982), we could

S, (%, ) =E

obtain a consistent estimate of the matrix Z}; as

X
#l= " WS ®)

¢=iTl
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with
< o )
o 1K Tk, 0@, Bl @) |, B,
T — 5 T T
ou ou ou u

t=¢+1
where w(; ) are weights suggested by a standard heteroskedasticity and autocorre-
lation consistent (HAC) covariance estimation procedure, and { the corresponding
rate (see e.g. de Jong and Davidson (2000) and the references therein). Then, a
feasible optimal GMM estimator will be given by %TD(Q}). Alternatively, we could
consider continuously updated GMM estimators a la Hansen, Heaton and Yaaron
(1996), by replacing S, in the above expressions with S, (%;LT).

Let’s now turn to the 11 estimators of % based on the MD function D (%; Q+ ).
Unfortunately, we cannot directly rely onhstandard MD. theory, because as we saw
before, the limiting distribution of vT IO(1/20) is singular and possibly
non-normal. To overcome this di€culty, it is convenient to write down the linear
transformations in Propositions 1 and 2 together in terms of the following square

matrix of order g + s:
2 : o
ICi _ 4 T+ [1I (1/20) (%9 Iq] @VeC @h0 UT (1/20) —@u —@u @hO UT (1/20) _@H .
oT -

£
diag [1' ()] @h UT(I/ZO) =@W’ diag h Wy (1/20)

4 ’Ciill;OT ’CIZ;OT 5
ICiZl;OT ICiZZ;OT

where diag (:) is the operator that transforms a vector into a diagonal matrix
of the same order by placing its elements along the main diagonal. Then, if we
transform the MD conditions by premurl]tiplying them by ki, we will have that
the asymptotic distribution of i v/T ;OT _'0(1/20) will be normal, with the
singularity con..ned to the last s elements. In this framework, we can prove the
following result, which can be regarded as the inequality restricted version of

Proposition 4.3 in GM96:
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Proposition 5
£ . .o
VT %(Wr) — BR(KPEELT) = o5(1)

where (@) 1
¥ 0 A

0 O

=0
There are some cases of practical relevance in which %2 1 "7& ™ KL, where
+ denotes the Moore-Penrose generalised inverse, is relatively easy to compute.

For instance, suppose that all the restrictions are of the simple “bounds” form, i.e.

i min Tj max @S the matching pair of Kuhn-Tucker multipliers (which are set to zero
by de..nition if the corresponding bound is +00). In addition, assume for simplicity
that we knew that only one restriction, say the lower limit on the ..rst parameter,
is strictly binding in the limit, in the sense that limr s 2} .+ (%°) > 0, while

all the other parameters are asymptotically strictly unconstrained (i.e. Wjmin <

distribution with a full rank covariance matrix, which can be used to compute
the optimal MD estimator of .. However, the EMM procedure generally has
the advantage that the optimal weighting matrix can be readily computed as the
variance of the limiting normal distribution of the modi...ed score (4), irrespectively
of the exact nature of the inequality restrictions, and irrespectively of whether the
sign restrictions on h£uiT (1/20)(J and 11 (%°) in (7) are satis..ed with equality, or
strictly so.

Nevertheless, there is one instance in which both our proposed procedures are
numerically identical. In particular, suppose that d = q, so that the auxiliary

model just identi..es the parameters of interest, and that all the restrictions are
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£ . a
estimates of the triplets 1 (%); 1 min(%2); Tqmax(*2) that are equal to (i) (77 0;0)
if Hjmin < BT < Hj max: (i) (Uj min» 1q min0) If it = Wj min, OF (iii) (Uj max; 0; 1q max)

if fjT = Wj max, Will also set to zero the sample moments mr (%; 1), and therefore,

will be numerically identical to %S (¥) for all .

2.2 Relationship with the existing unrestricted procedures

Let pr denote the unconstrained pseudo-ML estimator of the auxiliary model
parameters 1, and de..ne Py (%°) as the corresponding pseudo-true values, where
Uy (%) are the usual binding functions that solve the unrestricted population pro-
gram max Lt (% p), with . = 0 = 2{(%). If the auxiliary model is asymp-
totically strictly unconstrained, in the sense that limt s 5 uiT (%) — ¥ (1/20):: =0,
limreq 22 (%% = 0 and limy 4 hEpiT(l/zO)(J > 0, our proposed inequality con-
strained EMM and 11 procedures converge to the standard unconstrained EMM
and 11 approaches of GT and GMR, because v/TX; and VT (Ut —pit) converge
in probability to 0 from Propositions 1 and 2 respectively. In fact, the inequality
constrained and unconstrained procedures will yield numerically identical results
if none of the inequality restrictions is binding in a given sample, since in that
case pt coincides with the unconstrained pseudo-ML estimator, pr (and T, with
1. = 0). Moreover, if the auxiliary model exactly identi..es the parameters of
interest, all the dicerent procedures will be the same for T su€ciently large (see
Proposition 4.1 in GM96).

It may seem at ..rst sight that one can handle inequality restrictions on the
parameters of the auxiliary model with the existing unconstrained EMM or 11 pro-
cedures, by simply reparametrising the constraints appropriately. For instance, a
non-negativity constraint on y; can be formally avoided by replacing y; with iu}’%,

where —oo < p;-’ < oo. Unfortunately, the regularity conditions in Assumption 1

14



are no longer satis..ed in terms of the new parameter when the pseudo-true value
of the original parameter u}T(l/zO) converges to its lower bound asymptotically, as

the Jacobian of the transformation is 0 at u}-T(l/zO) =0.

2.3 Equality constrained EMM and mixed procedures

It is easy to see that if we replace the Kuhn-Tucker multipliers by the usual
Lagrange multipliers, the theoretical derivations in section 2.1 also apply to EMM
procedures based on equality constrained pseudo-ML estimators of the auxiliary
model parameters, provided that the set of moments used for GMM estimation
include the ..rst order conditions corresponding to all the elements of u. In partic-
ular, if we call p the pseudo-ML estimates of p that satisfy with equality all the
restrictions implicit in h(u), and denote by *; the associated (ordinary) Lagrange

multipliers, the ..rst-order conditions will be given by:

0Qr(y) _ 10Lr(ur) , BN'(Hr),
ou T Ou ou
together with h(ur) = 0. In this context, we can again de..ne the population

=0 ©)

moments my (*2; ) as in (4). Similarly, we can de..ne a deterministic sequence
of binding functions for the equality constrained auxiliary parameters p and as-
sociated Lagrange multipliers 1, ~ % (%) = [uS(%); 1$°(1/z)]0 say, such that for each
value of %, they solve the population program, max, Lt (1) subject to h(u) = 0.

As a result, these functions must satisfy the ..rst order conditions

mer [ 5 ()] = 0
h[us ()] =0

and again become time-invariant under strict stationarity. Of course, the binding

(10)

functions % (%) will generally be diaerent from % (%), which result from imposing

the same constraints as inequalities. Similarly, the equality restricted pseudo-true
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values and limiting matrices 7& and Zg will often dizer from ~ % (%°) and J3;
and Z};. Nevertheless, note that the nature of the regularity conditions is the
same.

In addition, it is also possible to consider equality restricted Il procedures that
generalise the GMR approach, by choosing % so as to minimise a well-de..ned dis-
tance between the expanded vector of equality constrained parameter estimators
and multipliers in the original sample, ~, and ~ 5 (%). The main dicerence with
respect to the inequality constrained case discussed in section 2.1 is that the joint
asymptotic distribution of ~; will be normal (albeit singular) under regularity
conditions analogous to the ones in Assumption 1, with ' replaced by ¢, and ~ by
—. In any case, Propositions 1 to 5 continue to hold if we replace inequality re-
stricted estimators and Kuhn-Tucker multipliers by equality restricted estimators
and Lagrange multipliers.

Once more, the EMM procedure has the advantage that the optimal weighting
matrix can be readily computed as the variance of the limiting normal distribution
of the modi..ed score, regardless of the exact nature of the equality restrictions.
There are some simple cases, though, in which the asymptotically equivalent 11
estimators can be easily obtained. For instance, suppose that all s restrictions
are of the simple form, y; = uJY for j = 1;::;s < g. Then, it is easy to see
from Proposition 2 that the q x 1 vector (Ty.r;:::; 7, us+1T; o 'un) will have
an asymptotically normal distribution with a full rank covariance matrix, which
canhbe used to compute the “optimal” equality constrained Il estimator of %,
7o - 'Ig$¢+ K& . If, in addition, p = g, so that the auxiliary model just
identi..es the parameters of interest, then the value of % that produces values of
Euj‘?(l/z);l‘?(l/z)(J that are equal to (i) (uj, 1) for j = 1;: hs and (i) (ujT,O) for
j =s+1;::q will also set to zero the sample moments my  %; 1 , and therefore,

will be numerically identical to %:$(®) for all ¥.
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Equality restricted EMM and Il procedures may be particularly useful from a
computational point of view, because in many situations of interest, it is consider-
ably simpler to estimate a special restricted case of the auxiliary model than the
unrestricted model itself. The extensive literature on LM (or score) tests provides
many such examples (see e.g. Godfrey, 1988). For instance, the estimation of a
var(p) model is much easier than the estimation of any varma(p,q) model that
nests it.

Again, it may seem again at ..rst sight that one can handle equality restric-
tions on the parameters with the existing unconstrained procedures by re-writing
the constraints in explicit form (see e.g. chapter 10 of Gourieroux and Monfort
(1995) (GM95) for a thorough discussion). For instance, a simple linear equality
constraint of the form p; + px = 0 can be formally avoided by eliminating p (or
Hj) from the active set of parameters, and replacing it with —; (or —p). How-
ever, it is very important to emphasise that in doing so, we would be reducing the
number of moments used in the GMM estimation of the parameters of interest, %,
and therefore, incurring in an e¢ciency loss relative to our proposed procedure.
As an extreme example, suppose that p = q = s, and that h(u) = p — @, so
that the only admissible value for the equality restricted estimator pr is precisely
1. In this case, there is no need for any extra parameters in order to re-write
the implicit restrictions in explicit form. But then, no unconstrained EMM or 11
estimator based on those inexistent parameters can be de..ned. In contrast, our
equality constrained Il procedure will work by simply matching the g equality
restricted binding functions 1% (%) with the sample estimates of the q Lagrange
multipliers.

Our proposed constrained EMM procedures can be trivially extended to handle
a mix of equality and inequality constraints, since in all cases the relevant moments

adopt the form of (4). Similarly, Il procedures that match parameters and a mix
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of Kuhn-Tucker and Lagrange multipliers can also be entertained.

Finally, it would certainly be desirable to compare the e¢ciency of the dicerent
possible versions of the EMM and asymptotically equivalent 11 estimators. Unfor-
tunately, it is very di€cult to say anything in general terms, even for a given set
of implicit constraints h(u). The problem is that dicerent types of “constrained”
estimators (i.e. unconstrained, equality, inequality or mixed) lead to dicerent sets
of moments, which despite their common form, cannot usually be written as a
one-to-one function of each other, either in ..nite samples or asymptotically (but
see section 3.1 below). Nevertheless, we can establish the relationship between
some of them. In particular, since the inequality estimators of the auxiliary model
parameters [t and the associated Kuhn-Tucker multipliers T, will be a mixture
of the unrestricted estimators [ir, and every possible restricted estimator that
satis..es with equality a subset of the s constraints, then the inequality restricted
EMM estimator based on them will also be a mixture (with the same weights) of
the unconstrained EMM estimator %S (%), and every possible equality restricted
EMM estimator. Therefore, the asymptotic distribution of v/T £17z$‘(\Il) — 1/z$n will
often coincide with the asymptotic distribution of one of those estimators. The
exception is when one (or several) of the constraints is just binding in the limit, in
the sense that the pseudo-true value of the corresponding Kuhn-Tucker multiplier
converges to zero, but the constraint is satis..ed with equality by the unconstrained
pseudo-true value. In that case, the inequality constrained EMM estimator will
continue to be in large samples a mixture with positive weights of the correspond-
ing equality constrained and unconstrained EMM estimators, but since they are
asymptotically equivalent, so will be the inequality constrained one (see sections
3.1 and 3.2 for examples).

In addition, it is worth mentioning that any unconstrained EMM estimator is

asymptotically equivalent to an equality constrained EMM estimator that sets all
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the parameters of the auxiliary model to their unconstrained pseudo-true values,
Uy (%%). The intuition is that from (9), the associated Lagrange multipliers will co-
incide with the (minus) score of the unconstrained pseudo-log likelihood function.
Therefore, if the true model is “smoothly embedded” within the auxiliary model
(see De..nition 1 in GT), and % is unconstrained, Theorem 2 in GT show that
such an equality constrained EMM estimator will be as e€cient as the (possibly
infeasible) maximum likelihood estimator of Y.

Unfortunately, it is often the case that the auxiliary model does not nest
the true model, as the examples in section 3 illustrate. Therefore, we may have
situations in which it makes no dicerence whether or not we impose constraints
on W as far as the estimation of % is concerned (see section 3.1), and others in
which a constrained estimator is more e¢cient than an unconstrained one (see

section 3.2).

2.4 Partially optimised unconstrained EMM and pre-test

procedures

It is often the case that an empirical researcher tries to estimate a reasonably
complex auxiliary model, in the hope of capturing the most distinctive features
of the data, and in this way, coming close to the idealised situation covered by
Theorem 2 in GT. Unfortunately, such attempts often encounter numerical opti-
misation problems. It turns out that our results can be easily adapted to cover
such a situation as well, at the cost of increasing the complexity of the notation.
For simplicity of exposition, we concentrate on EMM procedures, and assume
that the auxiliary model is unconstrained, that the numerical procedure used to
maximise the pseudo log-likelihood function Lt (W) is a standard gradient method

(such as Newton-Raphson, scoring, BHHH, steepest ascent, or any Quasi-Newton
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procedure),that the step size is computed by quadratic approximation, and that
the researcher abandons her attempts to maximise the pseudo-log likelihood func-
tion after kmax steps, with knax > 0. More speci..cally, if uT denotes the value
of the parameters after iteration k (1 < k < knax), We assume that the recursive

formula employed is

a -
s - 3 1D
~() _ akil) o ki) A(kil) 1 X0 p
Hr =Hr +7 Yr P yr —
T 1 @u
a -
~(kjl . . . . . .
where P u$ i is the g x g symmetric matrix associated with the particular
..rst-derivative algorithm used, and
- " - - - #
3 x 3 3 x 3 ”
~(kil) ~(kijl) ~(kijl) ~(kil)
° pup' = @lt ur ' o=eu P o @l pr'” =Gu
- 3 - t=1

~(kil)
- 1@It W =0W Py

2 p
§ T Lok 0% auay z

A(k 1y Pq A(k 1)
' t—l @It :@U

~(kil)

is the chosen value of the step length.

Let’s initially consider the case of knax = 0, so that no optimisation whatsoever
takes place. Nevertheless, we assume that the initial value ﬁ?) is stochastic,
for otherwise, we would simply have a special case of the equality constrained
EMM estimator, with the restrictions p = p©. If the regularity conditions in
Assumption 1 (with @h’(u)=@p = I,) remain valid When (i) pr is replaced by
0 (i) pl (4% by the limiting pseudo-true value of (i), u@ ) say, (i) Ty
by 1§°), which are the Lagrange multipliers required to satisfy the sample ..rst-
order conditions (9) at pu = mo) , and (iv) 1L (%) by the corresponding pseudo-true
value, 19(1/20) say, then it follows from the arguments made in section 2.1 that

©)

the fully non-optimised EMM estimator of % based on [\’ and %, % say, will

1See e.g. chapter 13 of GM95 for a review of numerical optimization methods.
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be consistent and asymptotically normal. Typically, ﬁ?) would be the result of an
earlier optimisation procedure, during which some of the parameters were ..xed
at constant values as part of a step-by-step computational strategy. If that is the
case, the previous sentence is just a re-statement of the results in sections 2.1 and
2.3.
Let’s now consider the more interesting case of kmax = 1, but for ~1_;he sake of
~(kil)

brevity, let’s concentrate on the Newton-Raphson method, so that P p =
h 3 - : 3 pi

~(Ki1) li1 ~(Ki1)

P
Tit' 0k py  =@u@" , and consequently, © pi; = 1. It is then

clear that ﬂf) and 19) will also be stochastic, with pseudo-true values given by

H'(rl) (1/20) — H'(rO) (1/20) _ 1_(|_0) (1/20)-jo(_?)_

n 1 - 0
100 = —E 0l pPE") =0

If, mutatis mutandi, the regularity conditions in Assumption 1 remain valid,
then the one-step optimised EMM estimator of ¥ based on i\ and &, %D say,
will also be consistent and asymptotically normal. But since the above argument
does not really depend on kmax being 1, or the way in which ﬁio) was obtained, it
remains valid for any Kpax.

If Kmax itself is not ..xed a priori, but rather the result of “sampling” variation
highly correlated with the impatience of the empirical researcher, then the result-
ing EMM estimator will still be consistent, but its limiting distribution (in the
usual classical sense) will be a mixture of multivariate normals, whose asymptotic
variances generally depend on the number of iterations. Of course, in practice the
resulting EMM estimator would be numerically identical to the one obtained by
another researcher who happened to choose a priori exactly the same number of
iterations as her stopping rule. But in any case, the important conclusion from
the analysis in this section is that an unsuccessful attempt to optimise the pseudo-

log likelihood function can still be successfully used to obtain a consistent EMM
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estimator of the parameters of interest %2, as long as the moment conditions used
include Lagrange multipliers to refect the lack of convergence of the algorithm.
For reasons analogous to the ones discussed at the beginning of this section,
an empirical researcher may alternatively decide to conduct some speci..cation
test in order to assess if there is any evidence in the sample for an additional
feature of the data that she has not yet incorporated in her auxiliary model, which
merits the optimisation of an even more complex pseudo log-likelihood function.
Since most existing speci..cation tests are of the LM form, they can often be
written in terms of zero parameter restrictions. Therefore, a numerically sensible
strategy could be to base the EMM estimator on the unrestricted estimator of the
more complex model if the speci..cation test rejects the null hypothesis, or on the
equality restricted version if does not. If the speci..cation test is consistent (in the
sense that it rejects the null hypothesis with probability one when the limiting
unrestricted pseudo-true value of the relevant parameter is dicerent from zero),
then the limiting distribution of the pre-test EMM estimator of % is the same as
the limiting distribution of the fully optimised unconstrained EMM estimator. In
contrast, if the limiting unrestricted pseudo-true value is exactly zero, then the
limiting distribution of the pre-test EMM estimator of % will be a mixture of the
equality restricted estimator, and the unconstrained EMM estimator. But since
equality restricted and unconstrained estimators would have the same distribution
under the (pseudo) null, then they will all share the same asymptotically normal

distribution.

2.5 Simulation-based estimators

For the sake of clarity, we have assumed so far that analytical expressions for
(4) and (5) can be readily obtained, as in sections 3.1 and 3.2 below. However,

in many other cases, such expressions may be very di€¢cult, or simply impossible
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to ..nd, and yet they can often be easily obtained by numerical simulation (see
e.g. GM96). In particular, we can compute the required expectations as ensemble
averages of the levels and derivatives of the Lagrangian function (1) across H
realizations of size T of the true process simulated with parameter values equal

to Y. Speci..cally,

1 X1 X (W)
Lr(op) ~ LutCaW) = =
T A
— — 1 1 @l(n) , @h'(u)
mr(%; ) ~ myr(% )= — - + 1
T HT H i T t au o

where we can make the last terms arbitrarily close in a numerical sense to the ..rst
ones as H — oo. In those models in which X is strictly stationary and ergodic,
there is, in fact, an alternative simulation scheme, which computes the required
expectations by their sample analogues in a single but very large realization of

the process. In particular, we will have:

1 X
L(>AW) =~ ETH(l/Z;U):ﬁ (1)
n=1
_ _ 1 Xal, h!
M) = M) =g e e tpa
n=1

In this case, we can again make left and right hand sides arbitrarily close in a
numerical sense as H — oo. Similarly, we can approximate the dicerent binding
functions (%) by means of appropriately constrained pseudo ML estimators
computed on the basis of a single simulated realization of size T x H of the true
process generated with the parameters of interest set at %, or by the average across
H simulations of size T of estimators obtained from each simulated sample. From
a numerical point of view, the main advantage of EMM estimators is that they
avoid the computation of the possibly constrained estimators for each simulation
of the process. Finally, note that the autocovariance matrices S, (%2; 1) used in

the computation of the optimal weighting matrix for the continuously updated
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EMM and Il estimators can also be arbitrarily approximated by replacing the
required expected values by their sample counterparts in a long simulation of
length T - H. Nevertheless, it is important to bear in mind that since H is ..nite
in practice, the asymptotic covariance matrix of the EMM and Il estimators in

Proposition 4 must be multiplied by the scalar quantity (1 + H i) (see GMR).

3 EXAMPLES

3.1 MA() estimated as AR(1)
3.1.1 True and auxiliary models
Consider the following Gaussian ma(1) process:
Xt = Ut — 2Ugz1;  Uel[Xez10000 ~ N (0; A); x| <1, 0< A< oo (11)

where the parameters of interest are % = (¢; A)". It is well known that E(x;) = 0,

and that its autocovariance structure is given by
(%) = (L+tHA
°.(h) = —+A (12)
@) = 0 j>1
In order to estimate % by Il and EMM, we are going to consider initially the

following inequality restricted ..rst order autoregression:
Xe = Axe1 + Ve, VX1t~ N@©;1); A>0;1>0

where p = (A; 1)". Since the autovariances of an ar(1) process are given by

V ar(x —

( t) 1 —A2

cov(Xe; Xe;1) = AVar(xy)

COV(Xe:Xe;j) = AcOV(Xez1Xe;5) J > 1
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the non-negativity constraint on A implies that the signs of the ..rst autocorrela-
tions of the true and auxiliary models coincide when + < 0, and dicer when + > 0.

Note, however, that the auxiliary model only nests the true model when + = 0.

3.1.2 Pseudo-ML estimators

The log-likelihood function of the auxiliary ar(1) model for a sample of size

T (ignoring initial conditions) will be given by:

2 S T . T 1 X o
L) = k(p) = ) In 2% — ) In¥ — o0 (Xt — AXt;1)
t Tt

and the (scaled) Lagrangian function by
_ 1 ) 1 A 2 4 A1 11
Qr()=-zIn2h—zInl — oo (X = Axe;o)” + Aty + 1,
t

where = (2,;1,)" are the multipliers associated with the inequality restrictions
A > 0and ! > 0 respectively. Therefore, the sample ..rst-order conditions that

take into account the inequality constraints will be given by the Kuhn-Tucker

conditions:
11X . .
T Xt — ArXgg)Xigr + 20 = 0
B t
" # (13)
24 T L2

t

together with the sign and complementary slackness constraints:

Ar >0 ;>0 A2 =0
!’TZO 121’20 !'T'12T:0
But since
1 X
l_ —

T= T (Xe — ArXei1)° > 0;

t
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we can safely take 2, as 0 in what follows. Also note that since

11X

L= T (Xt — Ar Xei1)Xe51
-T t

we can interpret the other multiplier as (minus) the coe€cient in the OLS regres-
sion of X¢;1 on the inequality restricted residuals (x; — ATxtil) (see Gourieroux,
Holly and Monfort, 1982). Therefore, this Kuhn-Tucker multiplier will be 0 if the
inequality restriction is not binding in the sample, or the usual Lagrange multiplier
associated with the equality constraint A = 0 otherwise.

Let A;; #; and 2, (= 0) denote the unrestricted OLS estimators of A; 1 and
1,. Similarly, let AT (= 0); ¥+ and 1,1 denote the corresponding equality restricted

estimators, and de..ne the sample second moment matrix as follows:

o) 1 o 1 )
ET:@%OOT %OlTAzlx@ X A Xt Xtj1
Port Pt T o
Then we can show that,
A; = Porr=Ruir A =0 Ar = 1(Borr > 0)%or7 =Paat
A =Roor — Boyr=Rur  Fr = Poor br = %o — 1 (Borr > 0) A5, =Ruar
21 =0 L1 = M01=Ro0 i1 = —1(Porr < 0)%oar=Roor

(14)
where 1(:) is the usual indicator function. Therefore, the inequality restricted
OLS estimators of A and ! take two dicerent forms depending on whether the

sign of %y (and AT) IS positive or negative.

3.1.3 Population moments and binding functions

In view of the discussion in section 2, we can base the dicerent EMM estimators

of % on the following population moments

#
_ 11X .

mir(% ) = E 1T (Xt — AXtj1) X1 + - %

B t
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> A 2 - -
ii (Xt — AXt;j1) 1 41-

myr(% ) = E T i 2
t

Y

which, due to the covariance stationarity of the true model, reduce to the following

time-invariant expressions

msT) = 7 a0-Ao(R]+ 1y
| (15)
Ao (1 A2\o (1 s
M) = o o 1(/z)+<!1+A) o) 1" ya

where the dependence of °; on % comes from (12).
If we de..ne p'(%) and 1i(%) as the values of the parameters and multipliers

of the auxiliary model that for each value of % solve the population program
max Lr(% ) st A>0;1>0
1)
where

A2Ye (1) _9A° (1
,CT(I/Z;H):E[lt(H)|1/2]:—%mz%—%m! CRLY) 02/,2) 2A l(/2);

it is clear that the inequality restricted binding functions ~' (%) satisfy the moment
conditions

£ o
m %, '(2) =0

together with the sign and exclusion restrictions

Al > 0 2 >0 A 2im =0
) > 0 () 20, V() 25(h) =0

>From here, it is easy to see that

] n£ . 02— (@) n E,_ 020 .
P =E - A@xgs 2% = 1+ A 2 o) — 2A%)°,(5) > 0
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so that 15(%) = 0, as expected. As for the other elements, in principle there may

be two dizerent situations depending on whether or not £ < 0. Speci..cally:

\ura — 01(1/2) A€l — Al — 01(1/2)
A'() = > (%) A(%) =0 Al =1(z > 0)00(1/2)
ur — o [N 02(1/2) ef1y — °© (1 ifi/\ — o 1 02(1/2)
19() = o(/z)—c,;(%) 1°(%) = °o(%) () = °o(B)—1(t > o)oz(%)
°, (% ; °, (%
%) = 0 () = _°(1JE1/2; @) =-1(z < 0)°(1JE1/2;

where ~Y(%) denotes the usual unrestricted binding functions, and ~°(%2) the
equality restricted ones associated with the constraint A = 0. Obviously, they
all coincide for £ = 0, in which case

AU(0;A) = A%(0;A) = A'(0;A) = 0(= ¢)

140;A) = 1°(0;A)=1'(0;A)=A

11(0;A) = 2{(0;A) = (0;A) =0

Figure 1 plots the binding functions A"(%) and 1§(%) for —1 < + < 1. Note

that in this framework, A'(%) = max [AY(%);0] and 1} (%) = max [15(%);0].

3.1.4 Asymptotic distributions of pseudo-ML estimators and sample
moments

Given the dizerent expressions for the inequality restricted pseudo-ML estima-

tors of y and - discussed previously, the sample counterparts to (15) will be given

by either:
~ ° (15y - o N
M ;) = [*1(2) (%OlTZ %_m) o(3)]
Poor — Aoy =Paar : o
oy —2(Morr=Paar)° 1 (B)+(L + A =1r)°0(%) — Poor — Porr =Bur
m2(1/2’ T) - T &

| 2 _ v2
2 Pootr — Rorr =Rt
when %ot >0, or

_ ° L (4)—
mas; =) = Lol 1(;)0“ our}
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o=y = Lot —Poor]

2%OOT
when %o, < 0. In this respect, note that m(%; ;) are precisely the sample
moments that we would use in a standard unrestricted EMM procedure, while
m(%; 1) are the ones that correspond to the equality constrained EMM procedure
based on the constraint A = 0.

Let’s now derive the asymptotic distribution of the pseudo-ML estimators of
the auxiliary parameters, multipliers and moments in the three dicerent relevant
situations that may occur: (i) +° < 0, (ii) +° > 0, and (iii) 2° = 0. To do
so, we shall use the following lemma, which can be proved as a straightforward

application of Theorem 5.7.1 in Anderson (1971):

Lemma 1 When x; is given by the Gaussian ma(1) model (11), the ..rst sam-
ple autocorrelation ,’&T is T'*2-consistent for the ..rst population autocorrelation

AY(%0), with the following limiting distribution

\/Thﬂ — Au(l/zo)I 4N O 1+ (£°)? +P4(i0)4 + gio)e + (+0)8
T ’ Dl + (io)z 4

Note that the asymptotic variance of ,’5‘\T, which not surprisingly is the same for
a non-invertible ma(1) process with parameter 1=t, achieves its maximum (=1)
for £0 = 0 and its minimum (=1/2) for 1% = 41. In addition, it is easy to see
that VT A; +1; = o0,(1) because gy — A1y = (x¢ — x3)=T = O(Ti'). As a

result, we will have that

8
§ 1 if %<0
. VAN — - 1 — _ - 0
TIl!mlP(\/'TAT>O) TIl!mlP(\/f T+ <0) §1-2 if +*=0
- 0 if >0

s .
Hence, when +° <0, vT A; —A; and v/T2;; are both 0,(1), and the inegual-

ity restricted EMM and 11 estimators of % are asymptotically equivalent to the
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usual unrestricted EMM and Il estimators. In contrast, when +° > 0, /TA; and
VT (2 —1,7) are 0p(1), and the inequality restricted EMM and Il estimators
of % will then coincide in large samples with the equality restricted ones. The
most interesting situation arises when +° = 0. In this case, ~ ; has a non-normal
asymptotic distribution, as it will be equal to either (A;; #1;0)" or (0; ¥1;2,7)"
with probability approximately one half each. As a consequence, the sample mo-
ment conditions will also be m(*%; AT) .fty per cent of the time, and m(%; ;) the
other ..fty. Nevertheless, given that when +° = 0 we can write
VIm ;) = —Ll/;o)ﬁ/x
$oo — Ro1=h11

and

VIm® ") = VT,
h i
it is clear that vT my(%% 1) —mi(%® 1) = 0,(1), so that the limiting dis-

tribution of \/Tml(l/zO;LT) will also be normal, with an analogous result for the
other moment. The reason is that despite the fact that both v/TA; and vT2;
have half normal distributions, asymptotically /T (A; —2,;) has the same N (0; 1)
distribution as either vT(A; — 2,1) = VTA; or vT(A; — 1;1) = —V/T2;7. In
fact, this last statement is true irrespectively of +° 7 0, and simply constitutes an

example of Proposition 2. As for Proposition 1, we trivially have that

h i i £ . o}
LVT A-AL () +AVT -1 =0

and the same applies to the unrestricted and equality restricted pseudo-ML esti-
mators and multipliers.

3.1.5 Indirect inference estimators

If the parameters of interest of the true model were © = (°,;°,)" rather than

%, the solution of the linear system of equations m[®;; ;T] = 0 with respect to °;
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would give us the inequality restricted EMM estimator of these autocovariances.

More explicitly, since the system above could be re-written as
O 10 1 O 1

A 1 ) 3.1
Q@ T'2 , AQ@ T A-@ T1T A (16)
1+AT —2AT ng !’T

we would have that the inequality constrained EMM estimators of © would be

givenby o 1 o 1 o 1
°2 ;A k2
@ TA=1R 0@ T A+IA <@ T A
%17 Pt 7
where O 1 O 1
ot Boot Hapz 92 1
@ A=0 A. H (17)
20T Poit A — ot

are the EMM estimators of © that use as score generator an unrestricted ar(1)
model, and o 1 O 1
@ ot A—@ Poot 5
T Port

the ones based on a white noise process, provided that in the latter case we include
in the set of moments the Lagrange ..rst order condition of the autoregressive pa-
rameter with the corresponding multiplier.2But given that %ot — %117 = Op(T i)
for any value of £°, it is easy to see that the EMM estimator of  based on an in-
equality restricted ar(1) process, °t, is always asymptotically equivalent to both
°rand °;.

This result is not totally surprising if we note that the two sets of sample
moments satisfy the following relationships:

H 2 1 -~ Roit

Poor — QLT m (%; T) = %OOTml(l/Z;;T)_%(Z)OT_mZ(l/Z;;)
T Pt

)
+%Oi(%llT — Poor)
1T

2Note that the implied estimate of the ..rst autocorrelation is the same in both cases.
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K %2 ﬂZ R 7 ~ %2 ~
Roor = - Malhi 1) = Moot oma (i) + Rior (L+ 25 ma( )
ur 1T 1T

2

%
+—2 (Baar — Poor)

11T
Hence, v Tm(%; ;) and v/Tm(%; ;) are almost an exact linear combination of
each other for large T irrespectively of %0,
On the other hand, the unconstrained Il estimators of °, and °; would be

obtained by minimising the following MD criterion function:
H o 2 - H

o2

Ufo. N 1 o 1
D)= Ar—5 + M- %5
0 0

DI (° L) = Lyr+o  + (b —°9)

instead. But in view of the expressions for A;, #;, 1, and 1 in (14), it is
obvious that such Il estimators will numerically coincide with ©; and ©; respec-
tively. Moreover, since the inequality constrained Il estimator would minimise the

objective function

- o .2 T o .2
DiT(o;Ia) = AT_Q_ll(olzo) + 11T+o—1|(°1§0)
0 0

1 . 3
/2 o2 5/42

+ b oI, 20)
0
it is clear that it will be given by -, as expected. The reason is that since the
auxiliary model exactly identi..es the ..rst two autocovariances, and there are no
binding constraints of ©, then Il and EMM Yyield the same estimators.
The common asymptotic distribution of °;;°; and ©; can be directly ob-

tained as a special case of Theorem 8.4.2 in Anderson (1971):

Lemma 2 When x; is given by the Gaussian ma(l) model (11), %5+ and %,

are T 2-consistent for °,(%°) and °,(%°) respectively, with the following limiting
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distribution
£ ol £ o
VT o7 —°%%) SN 0; V()

where (@) 1

oo 24887+ 240 —dx — 443
V(%) =A2@ A
—4t — 4> 14582 ++*

But even though © are not really the parameters of interest, we can regard
their EMM estimators as “succient statistics” from which we can estimate %.
At ..rst sight, it may seem that we could recover % by solving numerically the
nonlinear system of equations (12). Unfortunately, there is no solution if :’AT: > 5.
One attractive possibility involves the minimisation of the optimal (continuously
updated) MD criterion:

(@) 1

3 - °
20r — o(#) i —°u(8) VIO
21T - 01(1/2)

subject to the inequality constraints —1 < + < 1 and A > 0. Tedious but

oT — 00(1/2) A

otherwise straightforward algebra shows that the resulting estimators of + and A

will be given by the following expressions:
S
fT =0 = e A

A, =%y =
h 00 21‘[ 2
Fr= —1+ 1-4A7 =R, =

ifo<A> <25  (18)

~ 2

Ar =hoo=(1 + %)
s Ir=sioly) if A > :25
Er =% 7+12R —167A,” = 6 4A, 3 T

In fact, given that the above MD criterion would numerically coincide with the
optimal (continuously updated) GMM criterion based on the restrictions

E[x¢ — °o(*)] =0

EXeXe;1 — °1(%2)] =0
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if Aoor = P117, and that the estimating equations used in (un)restricted EMM
and Il procedures would be a linear combination of these ones, it is clear that the
dicerent estimators of % are asymptotically equivalent.?

An analogous line of reasoning applies to pretest EMM and 11 estimators that
use either the equality restricted estimators when a standard LM test for ..rst
order serial correlation does not reject the null of white noise, or the unrestricted
estimators when it does. Since as we have just seen, %; and %; have the same
asymptotic distribution regardless of the value of +°, such a common distribution
will be inherited by the pretest estimators.

Finally, note that since the auxiliary model “smoothly embeds” the true model
when £° = 0, Theorem 2 in GT implies that in this particular case, the unrestricted
estimator %, is asymptotically equivalent to maximum likelihood, and the same
obviously applies to all the other estimators. However, the asymptotic e€ciency
of %, relative to the ML estimator decreases as 4% increases. In particular, the
asymptotic distribution of v/T (¥r — +°) when ° = 1 is half normal by virtue of
Lemma 1 and expression (18), while the ML estimator of + is superconsistent (i.e.
consistent at the rate T; see Sargan and Bhargava, 1983).

In principle, it may seem that the imposition of the correct restriction |A| <
:5 in the estimation of the auxiliary ar(1) model should produce more eCcient
estimators of the parameters of interest. However, it turns out that exactly the
same Il estimator of % is obtained when we replace the non-negativity restriction
on A by a general restriction of the form A, < A < A, for any A ., A ...
Moreover, the equivalence between the diserent EMM and Il estimators of % in

the ma(l) via ar(l) example does not really depend on the nature of the true

3Nevertheless, when "A;~ > :5, the dimerent estimators of A will dizer in ..nite samples,
not only because %ot — %117 is only approximately zero, but also because unless one uses the
analytical expression for V(%) above, there will be estimation error in the HAC calculation of

the optimal weighting matrices.
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model, whose parameters only enter through °,(*2) and °, (%), but rather on the
particular form of the auxiliary model used. As we mentioned above, the reason
is that from the point of Il and EMM estimation, ©;; °; and °; play the role
of “succient statistics” from which we infer %. In this respect, it is possible
to prove that the same result is true whenever the auxiliary model is given by
a conditionally homoskedastic Gaussian ar(p) process, with p ..nite, and the

restrictions are linear in the autoregressive parameters.

3.2 AR(1) estimated as MA(1)
3.2.1 True and auxiliary models

Consider now the following stationary ar(1) process:
Xt = Axe;1 + Ve, VielXe1iii~N@©O; 1) JA|<1,0<! <o (19)

where the parameters of interest are % = (A; 1)". It is well known that E(x;) = 0,

and that its autocovariance structure is given by

| .
°,-(1/z)=A‘1_A2;120 (20)

In order to estimate % by indirect inference, we are going to use initially the

following inequality restricted ma(1) model:
Xy = Ug — £Ug;1;  UgXe51500: ~ N(0;A); £+<0;A>0
where p = (¢; A)". Since its autocovariance structure is given by:

Var(x) = (1+*)A
cov(Xe; Xe;1) = —*A

covV(Xy; Xe55) = 0, J>1
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the non-positivity constraint on + implies that the signs of the ..rst autocorrela-
tions of the auxiliary and true models coincide when A > 0, and dizer when A < 0.
Note, however, that the auxiliary model only nests the true model when A = 0.

3.2.2 Pseudo-ML estimators

The log-likelihood function of the ma(1) model for a sample of size T will be

given by:
Lt ( )——Ilnzl/—lln/l—ix[x — o)
T =—5MA=3 2R o
with
Ot(i) = - ijXtij;
j=1

and the (scaled) Lagrangian function by

11X

7 Do + 22+ A,
t

1 1 -
QT(_) = —§|n21/4— EInA—

where T = (1,;1,)" are the multipliers associated with the inequality restrictions
+ < 0 and A > 0 respectively. Therefore, the ..rst-order conditions that take into

account the inequality constraints will be given by the Kuhn-Tucker conditions:

11X 0°(¥7)
AT uy(Zr) Eg)iT +4r =0
T t #
X (=
12 uEr) +1, = 0
2B: T . A
where
-
ut(i) = iJ Xtij (21)
j=0
@°.( x
@tf) = - 3y (22)
+ it



together with sign and exclusion constraints

Fr < 047 20F -2 =0

~

But as
. 1 X )
t
we can safely take %, = 0 in what follows. Also since
X o (%
11T = _il ut(f.r)m
AT, 0+

we can interpret this Kuhn-Tucker multiplier as (minus) the coe®cient in the
OLS regression of @°¢(£1)=0+ on the inequality restricted residuals u¢(¥7) (see
Gourieroux, Holly and Monfort, 1980). Therefore, 2, will be 0 if the inequality
restriction is satis..ed, or the usual Lagrange multiplier associated with the equality
constraint + = 0 otherwise. Not surprisingly, the Lagrange multiplier is simply

L P
L s S TF LT

1T = — 5 = —
T'l tXt %oo‘r

which, as in the previous example, is approximately the same as the (opposite of

the) ..rst sample autocorrelation in large samples. Similarly,
AT == Xf = Poot

t
I.e. the sample variance with denominator T.

3.2.3 Population moments and binding functions

Given the covariance stationarity of the true model, we can base our estimation

of % on the following time-invariant expressions

_ 1 @°:(+ - *
M%) = B xui) @ti)+11—1/2
y -y, (23)
mes ) = B & Y@ 7.z,
2V 2K K 2



which using the results in the appendix, can be written as

° (1 X£ H ¢ o} o N
m(% ) = —=—— 5 o) 4y T 1y 2T 20 +1,
A(l — +%)2 1 ®o(%)

! i'23 As2 '¢
- — 6 — AP+ A2 A+
A(l—A%) "1 —+> " (1 —2A)?

~

A 1%
_ 1 °o(%h) Koo
mo(¥ ") = —=5 2 1+2  #- —A +1
’ 2R? 17 . “o(%) 2
1 ' 1A
— H ¢: _ ¢ — — 1
7GR ERAS Ty CA Ry S

where the intermediate expressions only depend on the auxiliary model, while the
..nal expressions are obtained by replacing (20) in the intermediate ones.
If we de..ne p'(%) and 1i(%) as the values of the parameters and multipliers

of the auxiliary model that for each value of % solve the population program
max Lr(%p) st +<0;A>0
1]

where

L1 (% 0) = E[I(W)| %] = 1 In 2% — 1 InA — i~E@>u2(J_r):1/za
’ 2 2 2A !
it is clear that the inequality restricted binding functions ~' (%) satisfy the moment
conditions
£ o
m %, '(%) =0

together with the sign and exclusion restrictions

Hi) < 0, M) >0, () %) =0

Al > 0; () >0; Al(%)-13(%) =0

>From here, it is easy to see that

A '
o © £. o A ° (1 XE . g oo
Roy=E @ e % =— D o 142 ey 1)
1— (%) =1 o(%2)
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and consequently, that 1}(%) = 0, as expected.
>From the above moment expressions, we also have that the usual uncon-
strained binding function for #, +"(%) will be the real root of the following third
order equation
A2+ )] + A )] — ') —A=0

whose modulus is less than or equal to 1. *
As a result, if /(%) < 0, then ~'(%2) = ~Y(%), where

190 1 — +Y(H)A

¢

AU ]/ = © a rey 40 -
(%) 1-['G)P '1-A2 1+ +()A°

() = 0

are the remaining unconstrained binding functions, while if £Y(%2) > 0, then
T = T°(%), where

26 = 0
R0 = o) =1 (24)
1€e/1 — _01(1/2)__’

108 = N A=0

are the binding functions associated with the equality constraint £ = 0. Since the
.rst theoretical autocorrelation has the same sign as A, the ..rst solution applies
when A > 0, while the second solution when A < 0. Obviously, they all coincide

when A = 0, in which case
+4(0; 1) = #2(0;1) =4'(0; 1) = 0(= A)
AU;1) = A*0;1) =Al(0;1) =1
1(0;1) = 15(0; 1) =24(0;1)=0

41t is important to mention that +"(%) is dicerent from the ..rst inverse autocorrelation of
the ar(1) model, which is given by A=(1 + A?), since the range of +!(%) is -1 to 1, rather than
-1/2 to 1/2 (see e.g. Bhansali, 1980).
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Figure 2 plots the binding functions +“(%) and 1§(%) for —1 < A < 1. Note

that in this framework, £'(%) = min [£"(%);0] while 1 (%) = max [1$(%);0].

3.2.4 Asymptotic distributions of pseudo-ML estimators and sample

moments

First of all, let’s state the ar(1) version of Lemma 2 above, which can again
be obtained from theorem 8.4.2 in Anderson (1971):

Lemma 3 When X is given by the Gaussian ar(l) model (19), %01 and %ot
are T12-consistent for °,(*%°) and °,(%°) in (20) respectively, with the following

limiting distribution
£ o £ o
VT o0 —°%%) SN 0, V()

where (@) 1
12 2 + 2A2 4A

V() =——¢- @ A
1- A2 1+ 4A% — A*

Given that the population moments evaluated at the equality restricted pseudo-

ML estimators are given by:

- ! Pior
mq (%; = — , —
1) Boor (1 — A?) Poot
n #
M) = — ¢
2 ] Z%OOT Il _ AZ" 00T

it is straightforward to derive their asymptotic distribution by means of the delta
method. Similarly, we can use the same technique to derive the asymptotic dis-
tribution of 1,1 = —%or=%oor and ,&T = Moor. Alternatively, the asymptotic
distribution of the estimator of the Lagrange multiplier can be directly obtained

from the Mann and Wald theorem.
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In contrast, the asymptotic distribution of the unrestricted estimators %7 and
A is rather more laborious to obtain, as we need to derive closed form expressions
for the matrices Zg5; and Jyr. For simplicity, we shall only do it for the case of
A° = 0, which as we saw before, corresponds to +“(%°) = 0 and AY(%°) = 19, In
this case, the score of the ma(1) log-likelihood function evaluated at the pseudo-

true parameter values will be given by the following expressions:

11X _ 1,
T XeXej1 = 707017
t
1 xHe T S
210T 10 2(10)2 T T F

Hence, we can use Lemma 3 directly with +° = 0 to show that

2 3
0 1=2(1°)
Similarly, it is also easy to prove that for %° = (0; 1°)"
2 3
jOu =4 1 0 5
0 1=2(1°)2
so that (@] 1 80 12 39
s =0 1 0 =
VT@ T OAYLN @ A4 5
A, — 10 -0 0 2(192 -

as expected, since the true process is white noise, and the ma and ar log-likelihood
functions are locally equivalent.

As for the inequality restricted pseudo-ML estimators of +, A, and 1,, there
may be three digerent situations, according to whether A° <0, A° > 0 or A° = 0.
In the ..rst case, it is easy to see from Propositions 1 and 2 that vT (1 — %7),
VT (A&, —A;) and /T2, are all 0p(1), while in the second case the same applies
to VT, VT(E; — A;) and VT (*;; — ;7). Once more, the interesting case

arises when A° = 0, because +/T%r and +/T2,; have half normal asymptotic
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distributions. Nevertheless, from Proposition 2 we will again have that /T (Fr —
1) will share an asymptotic N (0; 1) distribution with vT (&1 — 2,;7) = VT 21
and VT (Fr — 11) = VT2

3.2.5 Indirect inference estimators

Given the two dizerent expressions for the inequality restricted pseudo-ML

estimates of p and 1 discussed previously, the sample counterparts to the pop-

A

ulation moments (23) will be given by either m(‘; ), which correspond to the

sample moments used by an unrestricted EMM procedure, or m(%; 1), which will

be the moments used by the equality constrained one. But since when we solve

m(%; 1) =0 we get

!
% = _1 ] ﬂ
T T Pggr
2 %§OT
!T = ’&T(l — 'JL:T) = %OQT — %—
00T

it is clear that the equality constrained EMM estimator converges in probability
to the ..rst order sample autocorrelation, which is the maximum likelihood es-
timator of the parameter of interest. Hence, it is always at least as eCcient as
the unrestricted EMM estimator. Note that this is true regardless of the sign of
+4(%9), and therefore independently of whether or not A° = 0. Of course, if we
knew that +U(%°) = 0, or any other value for that matter, we could recover A°
from the binding function directly without estimation error (cf. Dridi, 2000). The
same result applies to the corresponding equality constrained Il estimators, which
minimise the MD objective function
DiT (L) = Ty + %J + £AT - c>0(1/2)Dz
As for the inequality restricted estimators, it depends on whether or not the

pseudo-true value +'(%) is 0 or strictly negative (or the associated Kuhn-Tucker
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multiplier 11 (%) is 0 or strictly positive). If A° > 0, then %; will be asymptotically
equivalent to the unrestricted estimator %, because the sign restriction on %1 is
not binding in large samples. As a result, the inequality restricted estimators
will be less e€cient than the equality constrained ones. If on the other hand,
A® < 0, the restriction is almost surely binding in the limit, and therefore %; will
be asymptotically equivalent to the equality restricted estimator %.. Finally, the
most interesting situation arises when A° = 0. In this case, since the unrestricted
pseudo log-likelihood nests the true log-likelihood, the unrestricted estimators will
also be as e¢cient as maximum likelihood by virtue of Theorem 2 in GT. But since
the inequality restricted estimators will be a 50:50 mixture of % and % in large
samples, it will share their common asymptotic distribution.

A similar line of reasoning can be applied to a pre-test estimator that uses
either % when a standard LM test for ..rst order serial correlation does not reject
the null hypothesis of white noise, or % when it does. Since such an LM test is
consistent in the context of the ar(1) model (19), then the pretest EMM estimator
will always be asymptotically equivalent to %, and therefore ine€cient relative

to %, except when A° = 0.

3.3 Stochastic volatility estimated as GARCH(1,1) with

Gaussian and Student’s t distributed errors
3.3.1 True and auxiliary models

Consider the following log-normal stochastic volatility process

Xi = \/h_tut

Inht:®+i|nhti1+%vvt

(25)

where |t| < 1,0 < %, < oo, and (Ug; Ve)|X¢;1;::: ~ N(O; 12). This model was

originally proposed as an alternative to the arch class, and can be regarded as
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the discrete time analogue of the continuous time Orstein-Uhlenbeck stochastic
processes for instantaneous log volatility frequently used in the theoretical ..nance
literature. Unfortunately, it is impossible to ..nd analytical expressions for the
conditional distribution of x; based on its own past values alone, despite the fact
that its distribution conditional on h; X¢;1;::: is Gaussian, with zero mean and
variance hy. Given its importance, though, it is not surprising that a voluminous
collection of research papers has been devoted to the estimation of the parameters
of interest % = (®; +;%,)" (see Shephard (1996) for a survey).

In an intuential such paper, Kim, Shephard and Chib (1998) consider likelihood-
based estimators of (25), and analyse its goodness of ..t relative to some popular
arch-type competitors. In particular, they ..nd that the log-normal stochastic
model above and a garch(1,1) model with (standardised) Student’s t distributed
errors ..t the data equally well, as long as the additional tail-thickness parameter
IS not set to its limiting value under Gaussianity. Therefore, since the latter has
a conditional density that can be written in closed form, it looks like the ideal

candidate for auxiliary model. On this basis, the model we estimate is given by

X = \/:"t

— A w2
AT A+ IXG G

where "¢|x¢;1::: follows a standardised Student’s t distribution with ~ il degrees

of freedom,’so that p = (A; ";%; ")’. Note that by having an extra parameter, the
auxiliary model (seemingly) overidenti..es %. As is well known, the standardised
t distribution nests the standard normal for ©~ = 0, but otherwise has fatter tails.
Also note that like in the previous two examples, the auxiliary and true models

are non-nested except in the trivial case in which x; is Gaussian white noise.

5Since the implied degrees of freedom parameter can take any real value above 2, in fact
the errors have a distribution that is = (1 —27)=" times the ratio of a standard normal to the

square root of an independent gamma variate with parameters 1=2" and 2.
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The parameters of the auxiliary model are usually estimated subject to several

inequality restrictions for the following reasons:

1. As discussed by e.g. Nelson and Cao (1991), when " has in..nite support,
the conditional variance _; will be nonnegative with probability one if A > 0,

">0and %> 0.

2. The pseudo-ML estimators of u may not be well behaved when * +% > 1
(see Lumsdaine, 1996).

3. The pseudo log-likelihood function based on the standardised Student’s t
distribution cannot be de..ned when the inverse of the degrees of freedom

parameter is either negative, or exceeds 1/2.

4. When * = 0, % becomes asymptotically underidenti..ed, which may also
happen in ..nite samples depending on the treatment of the initial observa-

tions (see e.g. Andrews, 1999).

As a consequence, we estimate the auxiliary model subject to the following set

of inequality constraints:

A>0 =>- %>0, "+%<1l 0<7 <7« (26)

min?

where °..., and 1=2 — ~___ are arbitrarily chosen small values.®

In addition, the Student’s t-based log-likelihood function often becomes rather
tat for very small values of “, because it is very di¢cult to numerically distin-
guish a standardised t with 2,000 degrees of freedom from another one with 5,000
degrees of freedom, or indeed from their Gaussian limit. In fact, we ecectively

set © = 0 whenever ~ < “ ., to avoid large numerical errors in the computation

min

6 After some experimentation, we chose ° i, = :025, and ~ . = :499, which corresponds to

2.04 degrees of freedom.
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of the derivatives.”For that reason, we also consider a mixed equality/inequality
estimator that sets = to 0 to obtain a Gaussian pseudo log-likelihood function,
but which computes the value of the corresponding multiplier from the relevant
..rst order condition. For the sake of brevity, we refer to the estimator that allows
” to vary freely within its bounds as the “inequality restricted” estimator, and to
the other as the “equality restricted” one. Nevertheless, the remaining auxiliary

parameters are always estimated subject to the other bounds in (26).

3.3.2 Monte Carlo study

We assess the performance of our proposed procedures by means of an extended
Monte Carlo analysis, with the same experimental design as Jacquier, Polson and
Rossi (1994) (JPR). In this respect, the results in JPR suggest that the most
important determinant of the performance of the dicerent estimators will be the
unconditional coe€cient of variation of the unobserved volatility level hy, - say,

where
2= V) _
E2(hy)

Intuitively, the reason is that when -2 is low, the observed process is close to

3/ 2
AV
1— +2

exp( ) -1

Gaussian white noise, and the estimation of the stochastic volatility parameters
is di¢cult. Unfortunately, the existing empirical evidence suggests that low -%'s
are the rule, rather than the exception (see JPR and the references therein).
The Monte Carlo designs considered by JPR in their tables 5, 6 and 7, have nine
entries, arranged in three rows and columns. The rows are de..ned in terms of -2,
and the columns by the autocorrelation coe@cient for log volatility, . Finally, the
remaining parameter A is chosen so that the unconditional mean of the volatility
level equals .0009. Although most of their reported results correspond to a sample

size of T = 500 observations, we have also considered T = 1;000 and 2; 000.

"We chose i, = :0005, which corresponds to 2,000 degrees of freedom.

46



For convenience, we ..rst optimise the pseudo log-likelihood function in terms
of some unrestricted parameters p°, where A = pj?, = = = ..+ (1 — ") Sin?(15),
Yo = (1— ")sin®(u3) and ~ = £1 — sinz(pj)Q " min FSINZ(U3) max- Then, we compute
the score in terms of the original parameters u = (A; *;%; ")" using the analytical
expressions derived by Calzolari, Fiorentini and Sentana (2000), and introduce
one multiplier for each of the four ..rst order conditions in order to take away any
slack left. Since there are no closed-form expressions for the expected value of
the modi..ed score, we compute them on the basis of single simulations of length
TH, with H = 10, as explained in section 2.5. A larger value of H should in
theory reduce the Monte Carlo variability of the EMM estimators according to
the relation (1+H i1), but at the cost of a signi..cant increase in the computational
burden. Finally, we minimise numerically the GMM criterion function in terms
of some unrestricted parameters %°, with ® = %j, + = 5 sin(%3) and %, = %32,
where tnax = 19999, so as to ensure that |£| < 1 and %, > 0.

Tables 1, 2 and 3 contain the proportion of inequality and equality restricted
pseudo-ML estimators of y that satisfy with equality the dicerent restrictions
in (26). When -2 is 1, such restrictions are hardly ever binding, especially for
T = 2;000. However, when -2 is large (=10), most of the estimated garch
models are of the igarch variety. This is particularly true when ~ is free, but it
also happens when the conditional distribution is assumed Gaussian. Somewhat
surprisingly, such a ..nding does not seem to constitute a ..nite sample problem,
because the proportion of boundary cases actually increases with the sample size.
In contrast, in those empirically relevant situations in which -2 is small (=.1),
igarch parameter con..gurations are hardly ever estimated, but the estimates of
the arch and garch coeccients, and the reciprocal of the degrees of freedom
parameter, reach their lower bounds fairly often, especially for the smaller sample

sizes. For instance, when T = 500 and + = :98, almost 60% of the simulations
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have inequality constrained pseudo-ML estimators for which at least one of those
restrictions is binding. As pointed out by Shephard (1996), part of the empirical
success of the stochastic volatility and t-garch models simply lies on their ability
to capture the fat-tailed behaviour of asset returns. Therefore, when one tries to
..t a t-distributed garch(1,1) auxiliary model to arti..cial data that shows little
volatility clustering, and only a small degree of leptokurtosis, it is not totally
surprising that one ends up with parameter estimates that correspond to Gaussian
white noise. In any case, the results clearly show that our proposed generalisations
of EMM and Il procedures are not only of theoretical interest, but also highly
relevant in practice.

Tables 4 to 9 present the means, root mean square errors, mean biases and
standard deviations of the inequality and equality restricted EMM estimators of
the parameters of interest % for the case in which the optimal GMM weighting
matrix is estimated as the variance in the original data of the modi...ed score of the
auxiliary model evaluated at the pseudo-ML parameter estimates. In this respect,
note that by including a multiplier in each ..rst order condition, we automatically
centre the scores around their sample mean. Given that the auxiliary model tends
to ..t the simulated data rather well, we have not included any correction for serial
correlation (cf. GT).

As expected, the estimates of the autoregressive parameter + are downward
biased. This is particularly so when £° is high, and/or %2 low, which mimics the
behaviour of a pseudo-ML estimator of the autoregressive parameter of an ar(1)
process observed subject to measurement error. And exactly like in that situation,
the downward bias in the estimator of + is transmitted into an upward bias in
the absolute value of the estimates of the mean constant, ®, and the standard
deviation of the log-volatility innovations %,. Therefore, it is not surprising that

the most important determinant of the performance of the dicerent estimators is
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precisely -2, which ecectively plays the role of a signal to noise ratio.

But perhaps more importantly for our purposes, neither of the two restricted
versions of the EMM estimator seems to dominate the other across all Monte
Carlo designs. When -2 is 10, the inequality restricted EMM estimator systemat-
ically outperforms the equality restricted one in terms of root mean square error,
although not necessarily in terms of mean bias for T = 500. In contrast, when
-2 is .1, the equality restricted EMM estimator tends to outperform the inequal-
ity restricted one, except perhaps as far as %, is concerned. The reason is that
when the behaviour of the data is close to Gaussian white noise, our attempts
to estimate simultaneously the reciprocal of the degrees of freedom, ~, result in a
deterioration of the estimators of the garch parameters relative to the Gaussian
case. At the same time, since the ..rst order condition for ~ is the most directly
related to the degree of leptokurtosis of the observed data, the equality restricted
EMM estimator of %, is somewhat less precise than its inequality restricted coun-
terpart. As for the middle row, the results are mixed, at least for T = 500. As T
increases, the inequality restricted EMM estimator tends to have a smaller root
mean square error than the equality restricted one, at the cost of a slightly higher
mean bias.

Finally, a comparison of our results with the ones reported by JPR suggests
that our EMM procedures tend to outperform the QML and MM estimators
considered by these authors, except in those instances in which, according to
JPR, the performance of the latter is exceptionally good. In contrast, the EMM
estimators are dominated by the empirical Bayesian estimators proposed by JPR,
which is not very surprising given that our auxiliary model does not nest the
model of interest, and we do not use any prior information. In this respect, it is
important to mention that the relatively poor performance of the EMM estimators

is partly due to those simulations in which = is estimated as being negative. For
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instance, the root mean square error of the equality restricted estimator of £ in
row 2, column 3 of Table 5 decreases from .0765 to .0524 if we exclude the only

two negative estimates of + found in 1,000 replications.

4 CONCLUSIONS

In this paper, we generalise the 11 approaches of GT and GMR to those empir-
ically relevant situations in which there are constraints on the parameters of the
auxiliary model. In the EMM case, speci..cally, we derive the moments used in
GMM estimation from either the Kuhn-Tucker ..rst order conditions for inequality
constraints, or the usual Lagrange ..rst order conditions for equality restrictions.
Similarly, in the Il case, we minimise the distance between an extended vec-
tor that includes both pseudo-ML parameter estimates and multipliers, and the
corresponding binding functions. Equality constrained estimators may be par-
ticularly useful from a computational point of view, since in many situations of
interest, it is considerably simpler to estimate a special restricted case of the aux-
iliary model. We also obtain expressions for the optimal GMM weighting matrix,
and the MD one that yields asymptotically equivalent Il estimators. In addition,
we also consider EMM and Il procedures based on partially optimised uncon-
strained estimators, as well as those that impose the constraints depending on the
signi..cance of some preliminary speci..cation test.

For illustrative purposes, we discuss the usual example of ma(l) estimated
as ar(l), and show that the inequality restricted EMM and Il estimators are
asymptotically equivalent to the unrestricted estimators, and indeed, to equality
restricted EMM and |1 estimators that set the autoregressive parameter to 0 in the
auxiliary model, but include either the corresponding ..rst order condition in the

set of moments, or the Lagrange multiplier in the distance function. Importantly,
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the equivalence of the dicerent EMM and Il estimators in this example does not
really depend on the speci..c inequality restriction imposed, or the nature of the
true model, but rather on the particular form of the auxiliary model used. In
this respect, the same result continues to hold if the auxiliary model is given by
a conditionally homoskedastic Gaussian ar(p) process with linear restrictions on
the autoregressive parameters. We also discuss the reverse example in which an
ar(l) model is estimated via ma(l). It turns out that the equality restricted
EMM and 11 estimators that impose the white noise restriction not only dominate
the unrestricted estimators, but also become as e¢cient as maximum likelihood,
even though the auxiliary model does not nest the true one. Finally, we compare
the performance of our proposed procedures for a log-normal stochastic volatility
process estimated as a garch(1,1) model with either Gaussian or t-distributed
errors. In this case, we ..nd that the pseudo-ML estimators are quite often at the
boundary of the parameter space. We also ..nd that although neither estimator
systematically outperforms the other, the equality restricted estimator dominates
the inequality restricted one in those situations in which there is little information

in the data about the additional tail-thickness parameter.
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Appendix

1 PROOFS OF RESULTS

1.1 Proposition 1

If we linearise the complementary slackness conditions
h(ir) © T =0
_ £ . o _
around ~ 1 (%°), taking into account that h p; (%) ® L *%°) = 0, and that
Hadamard products are commutative, we obtain:

hY (u® h__ ) 1 . £ ) o
1$®@ @(ET)‘/T r—pr (%) +h@d) o VT T -2 () =0

where 5 = (uF; 1) is an “intermediate” value (in fact, a dicerent one for each

row). Then, given that in view of our high level assumptions, 5 — 3L (12%) = 0,(2),
£ . ! £ . ol
h(ui) —h pr#®) =o0,(1), and @h(pT)=0p — @h pt (%) =@u = 0,(1), the result

follows. o]

1.2 Proposition 2

If we linearise the ..rst-order Kuhn-Tucker conditigns
VT 2< Gh(pr) | O'(ir)

=0

T . ou ep T

around ~ % (%4°), we obtain:
X" £ i 71,0 . 0£ i 71,0 . #
VT 0l pr(%2°) + @h® pr (%2°) 1%_(1/20)
T ou ou

Ya 5 5 Ya h i
12X T0RMT) | a2 . \Ovec[On’(uT)=61] - oy
T ouay + (T ® 1) o VT pr—pt (#0)

t

"(uZ £ .
+@h@(ST)\/-F 1T_1|T(1/20)Q
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”

where ~ 2 = (u¥; 12) is another “intermediate” value. Then, since in view of

Assumption 1

Yo Ya
1 2><7012(ul) :
- il Ll B4 = j' +0 (]_)
0 oT p
T, Ouou
Bvec[@h'(u)=0y] _ £ o gvec Bh i (49) =0y
5 vec )= : vec pr (%°) =@p
(7 l)m—g e = ) o, = +0p(1)
0 0£ i 0 °
? 1
BN _ BN o) |
ou ou
a straightforward application of Cramer’s theorem completes the proof. o

1.3 Proposition 3

Let’s now linearise the sample moments my (1/20;;1_) around - (%°) to obtain

= £ _. ol
VImr %) = VImp %% L)

0.—! h~ ) i 0-—1i .
+%ﬁ bt —p5 (%°) +%\/?EIT_1!F (1/20)(J

where "t is yet another “intermediate” value. This implies that under Assumption

1, VTmr (%°; " ;) has the same asymptotic distribution as
T

£ . a - £
oy % 5 (%) b om0 T

h~ i 0)(J E . o
VT e (%) VT T2 ()

ou e+
where
o 4L 0) : o gvec B ph(H) =0n
m ; ¢ . , vec ) = .
r- — = Jor + )@, uTo = = Klror
op ou ’
£ o £ . o
Bmr WO RO |0 i (e)
@10 @IJ' 12;0T
But then, Proposition 2 directly yields the required result o
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1.4 Proposition 4

The ..rst order conditions associated with %$ [(Zi+)11] can be written as
n oo e
emt B ¢ o n ¢ o_0
o ()T VTm B (@)t T =0

Expanding around ¥° yields
= .
omp W2
0% @) VTme W
- 3

omy %% ¢ : @mr %% ¢ £ _ o
+ ’ (I(IJT)il : —\/T %(TB(I(')T) — 1,0
0% Q% ) i
3 - = 0 147 .; - 1
+h Ii il 1/0.; I ! @VeC @mT(/zTa T) @/2
(Zor)*™-mr ¥ r @l 0P

-~

o}

£ _
VT % (Zor) — %
2 .
where %7 is some “intermediate” value. But since my  %7; 1 is0p(1), we ..nally

have that
£ . = £ . w1
£ . o @ms %0 L (%) C @my %Y%)
VT BS@i) — %P T T (Ti)it. T
@ o @
£ . o 3 -
mO 1/0;—I 1/0 o .
= 2@1/2T(2) () Tme %57 +0p(D)
as required. o

1.5 Proposition 5

The result follows directly if we combine the proofs of Propositions 2 and 3 to
show that

_ n ) h~ ) i ] £ i o0
ﬁmT(%O;_T)— ’C|11;0Tﬁ UT—UIT(I/ZO) +,CI12;OT\/-I_— 1T_1|T(1/20) =0p(1)
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2 THE EXPECTED VALUE OF THE SCORE
OF AN MA(1) MODEL

In order to ..nd

_ 1 O.( ®
me ) = £ zu@SSaay
_ T E z -
my(%;") = E z tﬁ(\)—l +1.-1
it is convenient to write
X ; 1
u(2) = Hx . =
t( ) i=o0 ti] 1—iL t
and
0o) _ X, jit, . —_ —L
= _ 1 X = /Xt
0 i=1 ' (1 —+L)2

so that we can understand both u(x) and @°(x)=0t as the output of linear ..Iters
applied to the original series X;. In this light, we can obtain the required expec-
tations as the constant terms in the autocovariance generating function of u?(t)
and u¢(t) - @°¢(x)=0+. In particular, ju,().u.(x)(2) Will be given by

1 1
o @ T

(@) P,
0(1/2) 1+h i= 1_ (ZJ +Z|J)
g + |1 °1(#)z" 1+ 1 L@+ §

L iz 1+ 1 +‘(zJ+z'J)

Hence, A !

£ oy 1t = o) <o)

E W@ % =275 1+2 £
ut( ) 2 1— i2 1 00(1/2)
which for the special case of the true process being a stationary ar(1) reduces to

£ _ o 1 1 — +A

2 Yy — ¢ ¢ . il
& W® % =T R TR
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In fact, given that we can write
Ue(z) = ! X = L Vv
STl -t -AD) T
it is not surprising that E [u?(z)| %] coincides with the unconditional variance of

an ar(2) process with autoregressive roots + and A, and innovation variance !.
Similarly, the cross-covariance generating function of @°:(x)=0+ and u(z),

i goc(1)=0+:u:(x) (2), Will be given by (minus) the following expression

z 1
(1 —iZ)z : lXt( ) +Z|1 ! A !
= JjHI o e+ )+ o)zt x 1+ #Kzik
= oot jH+ gt mE + 22
j=1 j=1 1=1
+°,(%) jHilikzzik 4 jHitke ) (2 + 21z ik
j=1 k=1 j=1 k=1 I=1
Therefore, the coeccient associated with the constant term will be
O NN b N e O R A S (O N S N L CONE L
i=1 I=1 I=1 i=1 I=1 i=1
But since for || <1
X x +
A = A=
=1 j=0 1-t¢
X X ) +
= s () =
- - 1—+#?
j=1 j=0
we will have that C
) o (+)_ ne XE ¢ o 1
Q-2 o)
For the special case of a stationary ar(1) process, this expression reduces to:
. - | _
E u()—=2 t( ) - '13A2 4 124 1 A¢

(1 )1 2(1 — 1Ay
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Figure 1: Binding Functions for MA(1) estimated as AR(1)
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Figure 2: Binding Functions for AR(1) estimated as MA(1)
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Table 1

Proportion of auxiliary model parameter estimates at the boundary

(Inequality /Equality)

T=500, H=10, Fixed GMM weighting matrix, 1,000 replications

4106 .95

« 6 Oy
4835

0/0

0/0
.949/.867

0/1
.949/.867

368 .95 .26
.003/.002
.001/0
063/.047
0/1
.066,.049

-.853 .95
260,280
133/.162
.001/.004

264/ 1
526/.363

096

Table 2

« 6 Oy
-.1642 .98 .308
0/0
0/0
.816/.762
0/1
.816/.762

1472 .98 .166
.006,.003
.003/.004
111/.076

014/ 1
132/.082

141 .98
.306,.328
.149/.115

0/.001
299/1
577/.393

0614

Proportion of auxiliary model parameter estimates at the boundary

(Inequality /Equality)

T=1,000, H=10, Fixed GMM weighting matrix, 1,000 replications

K2 « 6 Oy

10 -.821 .9 .675
¥ = ¥min 0/0
= 0/0
p+mr=1 .967/.815
7l = Tlmin 0/1
total .967/.815

1 =786 .9 .3683
© = Pmin .002/.004
= .003/.003
p+mr=1 .012/.010
11 = Tmin 0/1
total .015/.016

.1 706 .9 135
© = Pmin .291/.287
= 169/.177
p+m=1 0/.004
7 = Nmin 215/1
total .533/.383

K2 o 6 oy

10 -.821 .9 .675
¥ = Ymin O/O
=0 0/0
p+m=1 .995/.894
17 = Tmin 0/1
total .995/.894

1 736 .9 .363
¥ = ¥min O/O
= 0/0
p+m=1 .001/.001
7l = Tlmin 0/1
total .001/.001

.1 706 .9 135
¥ = Vmin .215/.228
= .082/.100
p+mr=1 0/.003
1 = Nmin 113/ 1
total .352/.277

« ) Oy
-4106 .95 4835
0/0
0/0
.989/.954
0/1
.989/.954

568 .95 .26
0/0
0/0
.030/.020
0/1
.030/.020

-.858 .95
188,213
.059/.059

0/0
126/ 1
:320/.239

.096)

« ) Oy
-.1642 .98 .308
0/0
0/0
.960/.918
0/1
.960/.918

1472 .98 .166
0/0
0/.001
112/.081
002/ 1
114/.082

141 .98
239/.241
.051/.035

0/0
169/ 1
.386,.260

L0614



Table 3
Proportion of auxiliary model parameter estimates at the boundary
(Inequality /Equality)

T=2,000, H=10, Fixed GMM weighting matrix, 1,000 replications

K « 6 Oy « 6 Oy « 6 Oy
10 -.821 .9 .675 - 4106 .95 4835 -.1642 .98 .308
¥ = Ymin 0/0 0/0 0/0
= 0/0 0/0 0/0
p+mr=1 1/.973 1/.995 .998/.988
total 1/.973 1/.995 .998/.988
1 =786 .9 .3683 -.368 .95 .26 -.1472 .98 .166
= P 0/0 0/0 0/0
= 0/0 0/0 0/0
p+mr=1 0/0 .009/.002 .089/.069
77 = Nmin 0/1 0/1 0/1
total 0/0 .009/.002 .089/.069
.1 706 .9 135 -.3583 .95 .0964 -.141 .98 0614
© = Pmin .147/.153 .130/.128 .198/.192
= .027/.034 .015/.012 .008/.006
p+m=1 0/.001 0/0 0/0
N = NDmin .034/1 056/ 1 096/ 1
total 197/.169 .186/.133 .281/.194



H2

10
mearn
rmse
mean bias
std. dev.

1
mearn
rmse
mean bias
std. dev.

1
mean
rmse

mean bias
std. dev.

2

10
mearn
rmse
mean bias
std. dev.

1
mearn
rmse
mean bias
std. dev.

1
mearn
rmse
mean bias
std. dev.

o
-.821
-.9613
3902
-.1403
3641

=186
-1.0108
.6969
-.2748
.6404

=706
-2.3819

3.3865
-1.6759

2.9428

o
-.821
-.9245
5582
-.1035
.5485

=786

-.9546
7267

-.2186
.6930

=706
-2.2013

3.0879
-1.4953

2.7017

Table 4
Mean, root mean square error, mean bias and standard deviation of the

inequality restricted EMM estimator

T=500, H=10, Fixed GMM weighting matrix, 1,000 replications

0
9
8834
.0468
-.0166
.0438

.8628
.0929
-.0372
.0851

.6642
4773
-.2358
4150

0
.9
8384
.0657
-.0116
.0647

8711
.0983
-.0289
.0940

6892
4363
-.2108
.3820

Ty

075

6804
1003
.0054
.1001

L3638

.3840
.1064
.0210
.1044

135

1712
1418
.0362
1371

o 6
-.4106 .95
-.5549  .9325

3124 .0381
-.1443 -.0175

2771 .0339
-.368 .95
-.6402  .9130

.6284  .0876
-.2722  -.0370

.b663  .0794
-.353 .95
-1.9527  .7247
3.1102  .4383
-1.5997 -.2253
2.6673  .3759

Table 5

Oy

4835
4959
0844
0124
0835

.26

2907
0973
0307
.0923

.096)
1526
1420
0562
1304

(8
1642
~.3342
3181
~.1700
2688

1472
~4013
5431
_.2541
4800

11
~1.5684
2.8693
-1.4274
2.4891

equality restricted EMM estimator
T=500, H=10, Fixed GMM weighting matrix, 1,000 replications

Oy
.675
.5836
.1926
.0914
.1695

L3638

3423
1213
.0207
1195

135

1636
1380
.0286
.1350

(8
_.4106
~.5249
3759
~.1143
3581

-.568

-.9671
.5590

-.1991
0523

-.358
-1.8327

2.8495
-1.4797

2.4352

0
.95
9365
.0438
-.0135
.0417

.95
9237
.0739

-.0263
.0690

.95
7416
4019

-.2083
3437

Oy
4895
4386
1305
-.0449
1225

.26
2577
1023

-.0023
1023

.096)
1449
1340
0485
1249

(8
_.1642
-.3084
2772
~.1442
2367

1472
-.3620
6130
-.2148
5741

11
-1.4194
2.6460
-1.2784
2.3167

0
.98
9595
0389
-.0205
.0330

.98
9452
0741

-.0348
0654

.98
7792
.4025

-.2008
3488

0
.98
9629
0332
-.0171
.0284

.98
9515
0765

-.0285
.0710

.98
7999
3724

-.1801
.3260

Ty

308

.3290
0742
.0210
0712

.166

1997
.0913
0337
.0848

L0614
1227
1343
0613
1196

Mean, root mean square error, mean bias and standard deviation of the

Oy
.308
2958
.0914

-.0122
.0906

166

1781
.0845
.0121
.0837

061/
1131
1251
0517
1139



H2

10
mearn
rmse
mean bias
std. dev.

1
mearn
rmse
mean bias
std. dev.

1
mean
rmse
mean bias
std. dev.

2

10
mearn
rmse
mean bias
std. dev.

1
mearn
rmse
mean bias
std. dev.

1
mearn
rmse
mean bias
std. dev.

Table 6

Mean, root mean square error, mean bias and standard deviation of the

o
-.821
-.8752
2388
-.0542
2326

=186

-.8426
3343

-.1066
3168

=706
-1.7295

2.3196
-1.0235

2.0815

0
9
.8940
.0281
-.0060
.0275

.8859
.0447
-.0141
.0425

7559
.3270
-.1441
.2936

inequality restricted EMM estimator
T=1,000, H=10, Fixed GMM weighting matrix, 1,000 replications

Oy
675
6726
0712

-.0024

0711

L3638

3703
0677
0073
0673

135

.1684
.1085
0334
1033

« 6
-.4106 .95
-.4726  .9427

1836 .0225
-.0620 -.0073

1728 0213
-.368 .95
-.4679  .9366

2396 .0326
-.0999 -.0134

2178 .0297
-.353 .95
-1.2584  .8226
2.1294  .2995
-.9054 -.1274
1.9273 .2711

Table 7

Oy
4835
4870
.0568
.0035
.0567

.20
2725
0541
0125
0527

.096)
1381
1010
0417
.0920

o 6 o
-.1642 .98 .308
-.2395 .9706 .3188

1498 0183 .0445
-.0753 -.0094 .0108
1295 L0157 .0432
- 1472 .98 .166
-.2521  .9658 .1840
2023 .0277 .0485
-.1049 -.0142 .0180
1730 0237 .0450
-.141 .98 L0614
-.9353 .8680 .1062
1.9963 .2813 .0955
-.7943 -.1120 .0449
1.8314 .2581 .0843

Mean, root mean square error, mean bias and standard deviation of the

o
-.821
-.8228
3243
-.0018
3243

=786

-.8249
3677

-.0889
.3568

=706
-1.6778
2.3131
-.9718
2.0991

0
.9
.9000
0378
.0000
.0378

.9
.8885
.0490
-.0115
.0476

.9
7631
.3264

-.1368
.2963

equality restricted EMM estimator
T=1,000, H=10, Fixed GMM weighting matrix, 1,000 replications

Oy
.675
.6032
.1416

-.0718
1220

L3638
3497
0869
-.0133
.0859

135

1580
.1062
0223
1037

« 6
4106 .95
-.4610  .9443

2337 .0268
-.0504 -.0057

2282 .0262
-.568 .95
-.4557  .9385

2518 .0336
-.0877 -.0115

.2360 .0315
-.353 .95
-1.2176  .8282
2.0173  .2847
-.8646 -.1218
1.8226  .2573

Oy

4835
4524
.0953

~.0311
.0901

.26

.2580
.0653
-.0020
.0653

096/
1343
1015
.0380
0941

o 6 o
-.1642 .98 .308
-.2373 9714 .3020

1734 0199  .0622
-.0731 -.0086 -.0060
1572 0179  .0619
- 1472 .98 .166
-.2480  .9668  .1753
3091 L0388 .0530
-.1001 -.0132  .0093
2922 0364  .0521
- 141 .98 L0614
-.8975 .8733 .1015
1.8984 .2676  .0923
-.7565 -.1067  .0401
1.7412  .2455  .0831



Table 8
Mean, root mean square error, mean bias and standard deviation of the
inequality restricted EMM estimator
T=2,000, H=10, Fixed GMM weighting matrix, 1,000 replications

K2 « 6 Ty « ) Oy « ) Oy
10 -.821 .9 675 -.4106 .95 4835 -.1642 .98 .308
mean -.8590  .8957 .6777 -.4463  .9458 4872 -.2074  .9747  .3150
rmse 1603 .0190 .0510 1157 0 .0138  .0407 0932 .0117 .0319
mean bias  -.0380 -.0043 .0027 -.0357 -.0042 .0037 -.0432 -.0053 .0070
std. dev. 1558  .0185 .0509 1101 .0132  .0406 0826 .0104 .0312
1 -. 786 .9 .368 -.368 .95 .26 -.1472 .98 .166
mean -.7960  .8921 .3696 -.4184  .9432 .2676 -.2009  .9727 1752
rmse 1955 .0261  .0465 1323 0180  .0366 1109 .0156  .0342
mean bias  -.0600 -.0079 .0066 -.0504 -.0068 .0076 -.0537 -.0073 .0092
std. dev. 1860  .0249 .0460 1223 .0167  .0358 0970  .0137 .0330
1 -.706 .9 .135 -.358 .95 .0964 -.141 .98 L0614
mean -1.2351  .8254 .1604 -.75568  .8933 .1256 -4874 9313 .0934
rmse 1.4174 .2001 .0791 1.0600 .1493 .0703 1.0634 .1423 .0654
mean bias  -.5291 -.0746 .0254 -.4028 -.0567 .0292 -.3464 -.0487 .0320
std. dev. 1.3150 .1856 .0750 9805 11382 .0640 9555 1337  .0570
Table 9

Mean, root mean square error, mean bias and standard deviation of the
equality restricted EMM estimator
T=2,000, H=10, Fixed GMM weighting matrix, 1,000 replications

K2 « 6 Oy « 1) Oy « 1) Oy
10 -.821 .9 075 -.4106 .95 4835 -.1642 .98 .308
mean -.8229  .8999  .6288 -.4249 9485 4576 -.2012 9758  .3027
rmse 22397 .0279  .1083 1351 .0159  .0693 0952 .0110 .0435
mean bias  -.0019 -.0001 -.0462 -.0143 -.0015 -.0259 -.0370 -.0042 -.0053
std. dev. 2396 .0279  .0980 1343 .0158  .0643 0877 .0102  .0432
1 -. 756 .9 .363 -.368 .95 .26 - 1472 .98 .166
mean -7798 0 .8943  .3549 -.4149 9439  .2593 -.1954 9736 1723
rmse 2212 .0295  .0596 1498 0 .0199  .0449 1043 .0138  .0349
mean bias  -.0438 -.0057 -.0081 -.0469 -.0062 -.0007 -.0482 -.0064 .0063
std. dev. 2168 .0290  .0590 1422 0190  .0449 0925  .0123 .0343
1 -. 706 .9 .135 -.358 .95 .0964 -.141 .98 .0614
mean -1.1955 8310 .1549 -.7130  .8994 1212 -.4184 9410 .0885
rmse 1.3864 .1956  .0783 9254 1301 .0687 6934 .0969  .0601
mean bias  -.4895 -.0690 .0199 -.3600 -.0506 .0248 -.2774  -.0390  .0271

std. dev. 1.2971 1830  .0757 8525 L1198 .0641 6355 .0887  .0537
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