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Abstract

We advocate in this paper the use of a sequential partial indirect inference (SPII) approach, in
order to account for calibration practice where dynamic stochastic general equilibrium models
(DGSE) are studied only through their ability to reproduce some well-chosen moments. We stress
that, despite a lack of statistical formalization, the controversial calibration methodology addresses a
genuine issue on the consequences of misspecification in highly nonlinear and dynamic structural
macro-models. We argue that a well-driven SPII strategy might be seen as a rigorous calibrationnist
approach, that captures both the advantages of this approach (accounting for structural
“a-statistical” ideas) and of the inferential approach (precise appraisal of loss functions and
conditions of validity). This methodology should be useful for the empirical assessment of structural
models such as those stemming from the real business cycle theory or the asset pricing literature.
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1. Introduction

Dynamic stochastic general equilibrium (DSGE) models are the common framework of
new classical macroeconomics, with the ambition to provide structural microfoundations
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for macroeconomics. However, this ambition comes at a price. Nobody can believe that
DSGE models present a descriptively realistic model of the economic process. “Of course,
the model is not ‘true’’ (Lucas, 1987) and this is probably the reason why the advent of
DSGE models has led new classical macroeconomics to turn to calibration methods as an
alternative to classical econometrics, involving estimation and testing.

The endorsement of calibration as an alternative to estimation, and the related
endorsement of verification as an alternative to statistical tests may lead to the conclusion
that “the new classical macroeconomics is now divided between calibrators and
estimators” (Hoover, 1995). However some econometricians claim that considering, as
Lucas (1987) and Kydland and Prescott (1991) do that “the specification errors being
committed are of sufficient magnitude as to make conventional estimation and testing of
dubious value” is simply misunderstanding econometrics since ‘‘traditional model building
never proceeded under the assumption that any model was true” (Kim and Pagan, 1995).

The approach we advocate in this paper is somewhere in between the two extreme views
that either some unrealistic features of DSGE models should lead to eschew orthodox
econometrics altogether or that calibrators simply misunderstand that traditional
econometrics “never proceed under the assumption that any model was true”. On the
contrary, we do think that econometricians have something to learn from calibrators and
we try to go further in the research program put forward by Hansen and Heckman (1996):
“model calibration and verification can be fruitfully posed as econometric estimation and
testing problems”.

We argue, by contrast with the ‘“never” claim above, that more often than not
econometric practices are seriously flawed with a maintained assumption of model truth.
The recent regain of popularity of maximum likelihood (MLE) approaches to DSGE
precisely shows that many econometricians still consider that MLE is the best thing to do,
at least when it is tractable. However, there is no such thing in econometric theory as
compelling arguments in favor of MLE in the case of misspecified models. Of course,
properties of MLE in case of misspecification, also called quasi- or pseudo-maximum
likelihood (QMLE) are well known since White (1982) and Gouriéroux et al. (1984).
However, while the former stresses that QMLE converges towards a pseudo-true value of
the unknown parameters and that its asymptotic variance is no longer conformable to the
common Cramer Rao bound but must be replaced by the so-called sandwich formula, the
latter characterizes the very restrictive assumptions under which the pseudo-true value
coincides with the true unknown value. In other words, not only QMLE does not provide
such thing as an efficient asymptotic variance but, even worse, it leads to select a pseudo-
true value of unknown parameters which may be quite different from the one which would
be associated to an economically meaningful loss function.

The econometrician’s hopeless search for a well-specified parametric model (“quest for
the Holy Grail” as dubbed by Monfort (1996)) and associated efficient estimators even
remain popular when MLE becomes intractable due to highly nonlinear dynamic
structures including latent variables. Efficiency properties of “efficient method of
moments” (EMM, Gallant and Tauchen, 1996) or more generally of generalized method
of moments (GMM, Hansen, 1982), simulated method of moments (SMM, Duffie and
Singleton, 1993) and indirect inference (II, Gouriéroux et al. (1993)) when the set of
moment conditions is sufficiently large to span the likelihood scores are often advocated as
if the likelihood score was something well specified. Actually, not only one should not
forget that we are the most often dealing with a pseudo-score but the resort to simulation
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requires even more care since the likely misspecified structural parametric model is used as
a simulator.

This paper is a contribution to the econometric literature that has “attempted to tame
calibration and return it to the traditional econometric fold” by interpreting “‘calibration
as a form of estimation by simulation” (Hoover, 1995) along the lines of Manuelli and
Sargent (1988), Gregory and Smith (1990), Canova (1994) and Bansal et al. (1995).
However, even more focus is put on the likely severe misspecification of structural models
stemming from the DSGE literature. This leads us to an explicit account of calibrators’
recommendations, while showing that they may be made compatible with a well-
established approach to econometrics. In other words, we aim at delineating a close
methodology which could be able to gather both the advantages of the inferential
approach (estimation, confidence sets and specification testing) and also the advantages of
the calibration approach that correspond, in our opinion, to consistent estimation of some
structural parameters of interest and robust prediction and induction despite misspecifica-
tion of the structural model.

Contributions of this paper are threefold.

First, we point out that asymptotic variance formulas for any kind of simulated
moment-based method (SMM, EMM or II) must take into account some kind of sandwich
formulas for the choice of efficient weighting matrices and associated formulas for
asymptotic variance of estimators. Forgetting this kind of correction is even more
detrimental than for QMLE since two kinds of sandwich formulas must be taken into
account, one for the data generating process (DGP) and one for the simulator which turns
out to be different from the DGP in case of misspecification. Moreover, since only
endogenous variables are simulated, correct formulas for asymptotic variance matrices
require a specific account for exogenous variables. In this respect, we extend the results of
Gouriéroux et al. (1993) theory of II to a case of possible misspecification of the simulator.

As for QMLE, misspecification may not only imply a violation of standard asymptotic
variance formulas but even more importantly, may lead the econometrician to consistently
estimate a pseudo-true value which may have nothing to do with the true unknown value
of the parameters of interest. The second contribution of this paper is to put forward the
encompassing tests methodology as a way to focus SMM or more generally IT estimators
on the consistent estimation of the true unknown value 6] of a subset 0; of the full set
0 = (01, 0,) of structural parameters. While a fully parametric model, that is a family of
probability distributions indexed by 6 = (61, 0,) is needed to get a simulator, there is no
hope to find any economic theoretical underpinnings for such parametric DSGE models
which cannot be more than a crude idealization of the economic process. Unfortunately,
the matching moment strategy of estimation is an indirect approach to inference about the
structural parameters 6 which goes through a binding function f(0) relating the structural
parameters 6 to some instrumental parameters f§ which can be directly estimated from their
sample counterparts. Note that in this respect, II approach to nonlinear analytically
intractable structural models is nothing but an extension of the old indirect least-squares
approach to linear simultaneous equations models. In our nonlinear and misspecified
structural model context, it is unfortunately highly hazardous to get a consistent estimator
of the true unknown value 0(1) of a subset 0; when solving with respect to 0; a sample and
possibly simulation-based counterpart of the equations (6, 65) = B° where £° denotes the
true unknown value of the instrumental parameters  (by definition easy to estimate)
but 65 is only a pseudo-true value of 6,. The necessary condition, that is B0 = p(e°, )
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precisely means that the structural model, albeit misspecified, encompasses the instru-
mental one.

The requirement of encompassing typically means that, if we do not want to proceed
under the maintained assumption that the structural model is true, we must be
parsimonious with respect to the number of moments to match or more generally to the
scope of macroeconomic evidence that is captured by the instrumental model, as
parameterized by f, like for instance the coefficients of a vector autoregression. This is at
odds with the efficiency kind of goal as advocated by Bansal et al. (1995) to endorse the
EMM approach to calibration: ““if a structural model is to be implemented and evaluated
on statistical criteria i.e. one wants to take seriously statistical test and inference, the
structural model has to face all empirically relevant aspects of the data”. We are not far to
think on the contrary like Prescott (1983) that ““if any observation can be rationalized with
some approach, then that approach is no scientific” or at least like Lucas (1980) that
“insistence on the ‘realism’ of an economic model subverts its potential usefulness in
thinking about reality”’. Economic reality may be interestingly captured by the parameters
of interest 0; while there is no hope to find the Holy Grail of a fully parametric true model
indexed by (01, 6,). Then, as often stressed by calibrators, it is important to have in mind a
hierarchy of moments, with first place given to some specific s like unconditional means,
variances and correlations rather than more sophisticated characteristics of conditional
probability distributions. The key point is that while a true parametric model defining a
true unknown value (09,67) would by definition ensure the necessary encompassing
condition, whatever the dimension of f (even with at the limit an infinite dimensional
vector f§ of auxiliary parameters as for EMM), the equations f(6,,03) = B° are going to
characterize the true unknown 9? whatever the misspecification about 0, only if we have
chosen a convenient instrumental model which does not capture what goes wrong in the
paths simulated from the structural model endowed with the fictitious value (0, 63) of the
structural parameters. This is the reason why we advocate in this paper the partial indirect
inference (PII) approach.

PII is well suited in case of partial encompassing. It means that only a subset of the
encompassing equations f(6°, NES B° appear to be fulfilled. By restricting ourselves to
such a subset, we may have to renounce to the complete identification of the vector 6 of
structural parameters. By contrast to a narrow view of econometric identification, this is
typically something we can accept insofar as underidentification is only about some
“pseudo-parameters” 0,, that is to say quantities which are known to be poorly related to
economic reality, as captured by our structural model. Then, as calibrators do, we propose
to fix the value of these unidentified parameters to some ‘“‘reasonable” levels. These
“calibrated” values are needed to perform simulations for the determination of the binding
function but do not contaminate a subset of equations for which the encompassing
property turns out to be fulfilled. In other words, we find a rationale to the calibration
practice within a well founded econometric methodology. A good reason not to apply a
neutral moment matching to identify all the parameters is that it is along only some
selected dimensions that we may hope to get meaningful quantitative assessments from our
structural model. For example, as reminded by Hansen and Heckman (1996), some
“particular time series frequencies could be deemphasized in adopting an estimation
criterion because misspecification of a model is likely to contaminate some frequencies
more than others (Hansen and Sargent, 1993)”. By still seeking econometric identification
of all structural parameters 6; and 60,, the econometrician runs the risk to contaminate the
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estimation of the parameters of interest 6; with the likely misspecification of the part of the
model concerning 0,. Amazingly, our PII kind of extension of Gouriéroux et al. (1993)
theory of II fully concurs, even in the terminology, with the Hoover characterization of
Lucas (1980) and Prescott (1983) “discipline of the calibration method™: it “comes from
the paucity of free parameters (...) in some sense, the calibration method would appear to
be a kind of indirect estimation”. We claim more precisely that it is because the estimation
of structural models is generally “indirect”, in the sense that it takes a binding function
relating structural parameters to instrumental ones, that calibration matters to pin down
some ‘“‘key parameters” 6, from calibrator’s knowledge rather than from an orthodox
moment matching procedure. These key parameters are so because they define some
components of 0,, which prevent us from getting full encompassing an thus to estimate
consistently the parameters of interest 0;, when contaminated by the identification of 0,.

A third contribution of this paper is to propose a sequential approach to PII, in order to
accommodate not only the calibration step but also the verification step of the common
empirical practice for DSGE. More precisely, we do think as calibrators that the
specification tests should only be focused on the reproduction of stylized facts the
structural model is aimed to reproduce. But our additional discipline amounts to a second
step of specification testing, once the parameters of interest 6; have been hopefully
consistently estimated in a first step from matching moment simulated with a possibly
calibrated 6,. The second step of simulated moment matching (or minimization of any
kind of economically meaningful loss function) with respect to these previously calibrated
components aims at controlling the degree of misspecification at a reasonable level, that is
there is no such thing like a gross inability of our structural model to reproduce the
economically meaningful moments. Since the procedure is a two step one, we call it a
sequential partial indirect inference (SPII). In our opinion, this two step simulated
moments matching methodology remains exactly true to the calibrators’ point of view:
reproducing some dimensions of interest under the constraint that some structural
parameters of interest are consistently estimated. This is precisely because the requirement
of consistency is maintained that the two steps are disentangled whatever the cost in terms
of efficiency of a two-step procedure of estimation. Of course, if the structural model were
well specified, a one step estimator of 6; and 60, jointly would be preferable. The aim of
roughly reproducing broad economic reality of interest must not make us running the risk
of inconsistently estimating the crucial structural parameters. Otherwise, it would be a
purely data-based approach. We claim on the contrary (see e.g. our reinterpretation below
of the Mehra and Prescott (1985) equity premium puzzle exercise) that consistent
estimation of a few structural parameters is a binding constraint for calibrators. The
second step of verification, as we perform it, is consistent with the Canova (1994) kind of
interpretation of the calibration practice. The question asked is: “Given that the model is
false, how true is it?”.

As already mentioned, this paper is far to be the first to address the issue of a statistical
appraisal of the calibration methodology. However, only a few papers have focused on the
consequences of misspecification in simulated moments matching. While intriguing
Bayesian approaches to calibration of misspecified models have been proposed by Canova
(1994), Dejong et al. (1996), Geweke (1999) and Schorfheide (2000), we argue that SPII is
the convenient way to accommodate it with a frequentist point of view.

The paper is organized as follows. In Section 2, the issues of interest and the general
framework to address them are defined through some template examples of the calibration
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literature. The statistical theory of PII is set up in Section 3. Section 4 is devoted to
sequential extensions of PII and Section 5 concludes.

2. Calibration as econometrics of misspecified models

Our econometric formalization of calibration is introduced in this section through two
leading examples. Firstly, the Mehra and Prescott (1985) approach to the equity premium
puzzle provides a convenient example of the relevance of the PII framework for a statistical
rationalization of calibration. Secondly, more involved issues like the role of exogenous
variables and the usefulness of a sequential approach are described in a second subsection
about more general DSGE empirical issues.

2.1. The equity premium puzzle

In their presentation of the calibration approach, Kydland and Prescott (1991) lays the
emphasis on the crucial role of the research question which must be clearly defined.! Mehra
and Prescott (1985) addresses the question whether the large differential between the
average return on equity and average risk free interest rate can be accounted for by models
neglecting any frictions in the Arrow and Debreu set up. The simple statement of this
question defines on the one hand the structural parameters of interest and on the other
hand the instrumental parameters through which the empirical evidence is summarized.

In order to statistically formalize the calibration concepts, we introduce in this section
general notations that are consistently maintained herein.

First, the structural parameters of interest for Mehra and Prescott’s question are two
taste parameters of a representative agent: 0; = (y,«) in a Lucas (1978) type consumption-
based CAPM. The representative agent preferences over random consumption paths are
described by a time-separable expected power utility function

o0
Ey Y 7'U(c),
=0
where
A—o 1
Ule) =
1—ua

and ¢, denotes the consumption at time . Of course, this way of economically defining the
structural parameters of interest is tightly linked to the economic setting the modeler has
in mind and might be reducing since, while y represents the subjective discount factor,
o represents both relative risk aversion and inverse of the elasticity of intertemporal
substitution. This implicitly assumes that this reduction has no incidence on the answer to
the aforementioned question of interest. Anyway, we stress here that the structural
parameters of interest 0, are intrinsically defined through economic paradigms rather than
through falsifiable statistical relations.

Second, in this approach the structural model is empirically assessed through its ability
to reproduce some stylized facts of interest like here the high value of the equity premium.
In our statistical framework, these stylized facts are referred to as the set of instrumental

'Actually, the sole word question is used for a section title.
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parameters denoted f. The empirical relevance of the structural model is assessed precisely
through the matching between the observed instrumental characteristics and their
theoretical counterparts consistent with the structural model.

Perhaps one of the most difficult issue for a close statement of the calibration
methodology is that the reality check relies on additional assumptions which are not part
of the economic theory of interest. These additional assumptions may require the
specification of additional parameters 0, possibly of infinite dimension. In Mehra and
Prescott (1985), these parameters 6, define the technology, that is the Markov chain
assumed to govern the gross rate of dividend payments. More precisely, this gross rate x; is
described by a two states Markov chain:

Pr{ix; = 4ilx; = i} = ¢y, 1,j ={1,2},
where

M=14+p+06, l=14p-9
and

¢11=¢22=¢, 4512:4)21:1—4)-

In other words 6, = (i, d, ¢). More generally, the vector 6 of structural parameters is
split into two parts 0; and 0, where 0; gathers the characteristics of interest while 0,
corresponds to nuisance parameters which are needed for the statistical assessment. The
most usual case is the one where 6, is related to preference specifications (taste parameters)
and 0, describes environmental characteristics (technology parameters). However it may
be the case that, as it is for the question above, one is not interested in a complete
description of preferences. Then the specification of 0; focuses only on a subset of taste
parameters (discount factor, risk aversion coefficient) while 6, may include other
behavioral characteristics (e.g. elasticity of intertemporal substitution).

In any case, the main role of these nuisance parameters 6, consists in indexing a binding
function between the structural parameters of interest 6; and the instrumental para-
meters f3:

B=B(0:,02). M

Of course, the value 8 of the instrumental parameters defined by (1) is the theoretical one
and may not coincide with the (population) value of the observed one; this is precisely the
question addressed by the calibration exercise. For sake of illustration, let us go into
further details in the presentation of the Mehra and Prescott (1985) model. They show that
the period return for the equity if the current state is i (with a level ¢, of consumption) and
the next period state is j is given by

}"e _ }vj(Wj + 1) .

j=T @

where w; and w; are computed from the Euler equation through the linear system of two
equations:

2
wi=1y Z <{)ij),]_“(wj +1), i=12
=
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In other words the expected return on the equity is

2

R=Y ey, (3)

ij=1

where m = (1, ;)" corresponds to the vector of stationary probabilities of the Markov
chain. The same type of characterization is available for the risk free return R and omitted
here.

Then formulas (2)-(3) define the binding function between 0; = (y,«) and B =
g(R", R®) = (R", R° — RY) where the vector g(-) contains the moments of interest. Of
course, this function is indexed by the additional parameters 0, = (u,d,¢) which
characterize the Markov chain.

The specific feature of the calibration methodology with respect to more standard
statistical inference appears precisely at this stage: since our goal is to ask whether, given
the technology, there exist taste parameters capable of matching the returns data, this,
according the Cechetti et al. (1993) “dictates that we proceed in two steps, first estimating
the parameters of the endowment process, and then computing a confidence bound for the
taste parameters y and o”.

With respect to more orthodox econometrics, this two steps procedure may arouse, at
least, two types of criticism: First, even though the only parameters of interest are the taste
parameters 0, one get in general more accurate estimators by a joint, possibly efficient,
estimation of 6 = (0}, 0,)". Second, even when ignoring the efficiency issue, it is somewhat
questionable with regard to consistent estimation to focus on taste parameters while the
technology corresponds obviously to a caricature of the reality. Nobody may believe that
the endowment process is conformable with a two states Markov chain and this
misspecification presumably contaminates the estimation of the parameters of interest. In
our opinion, a garbled answer to the above criticisms would consist in claiming that this
procedure should not be regarded as an econometric one attempting to consistently
estimate the parameters of interest. In this respect, we share Hansen and Heckman (1996)
point of view that the distinction drawn between calibrating and estimating the parameters
of a model is artificial at best.

Actually, the core principle of the calibration approach as illustrated in Mehra and
Prescott paper’s consists in concluding that the structural model is rejected on grounds of
“computational experiments’ leading to unlikely values of the parameters of interest.
Namely, in Mehra and Prescott (1985) it is argued that computed values of the discount
factor and the relative risk aversion parameter outside their commonly acknowledged
range (0<y<1,0<a<10) proves the misspecification of the structural model. How could
they maintain such an argument if they did not think that these computed values are
consistent estimators of something which makes sense?

Consequently, we think that calibration should also be interpreted in terms of consistent
estimation of the parameters of interest, even though this issue is addressed in a
nonstandard way in several respects:

e First, as explained above, it is often addressed in a negative way. The model is rejected
because the estimators of its alleged parameters are obviously inconsistent.

e Second, consistency is the only focus of interest. Efficiency is irrelevant in this setting
since the calibration exercises gather a huge amount of historical information such as
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series of asset returns over the whole last century in such way that the efficient use of the
information is not an issue at all.

e Third, calibrators are fully aware that consistency might fail, precisely due to the
misspecification of the technology or more generally of the additional assumptions
about the nuisance parameters 6,. Indeed, fully cautious about that, they advocate
calibration as a search for sensible values of 0,.

The main goal of this paper is to statistically analyze into further details the latter point.
To the extent that the aforementioned consistency requirement is maintained, the crucial
concern is the following: When one uses the binding function [3( 0,) indexed by a
hypothetical value 0, of 6, to recover an estimate 01 of the parameters of mterest 0, from
an empirical measurement [f of the instrumental parameters f§ by solving:’

B = p0,,0,), 4)

is there any hope that 51 consistently estimates the true unknown value 0? of the structural
parameters of interest? Before answering this question, three preliminary remarks are in
order:

1. On the one hand, the sole idea of a true unknown value 07 of the structural parameters
relies on the maintained hypothesis that the DGP is conformable to our structural ideas.
This does not prevent from accounting for the calibrationnist approach which considers
the estimation issue in a negative way as already explained.

2. On the other hand, we do not question here the consistency of the instrumental
estimator /3 since the instrumental parameters B° are essentially defined as the
population value of ,B _

3. Finally, we consider for the moment that the binding function f(-,0,), for any
reasonable value 0, is well defined and known as is the case of the Mehra and Prescott
(1985) framework. However, to capture complicated features of richer models,
simulations at different levels of the forcing processes and parameters may be useful
when analytical computation is intractable. This is perhaps the reason why calibrators
have extensively used simulations.

The hope for getting a consistent estimator 51 of 9(1) by solving (4) can then be supported
by two alternative arguments according to our degree of optimism: Either, one adopts an
optimistic approach wishing that history has provided sufficiently rich empirical evidence
to determine without ambiguity a value 0, of the nuisance parameters. This is typically
what is referred to as the calibration step. However, one should keep in mind that the
technology is crudely misspecified (see the two states Markov chain above) in such a way
that the estimator 91 can be consistent only by chance whatever the choice of ,. Or, to be
more cautious, one tries different values of 0, to check whether the outcome of the
computational experiments is drastically changed. This is what is called the robustness of
results in Mehra and Prescott (1985) and more generally the sensitivity analysis in the
calibration literature.

>We do not mention the issue on overidentification which might prevent one from finding an exact solution to
(4). See Section 3 for more details.
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Of course, an ingenuous comment about this debate would be: one should jointly stati-
stically estimate (3, 01, 0,) under the constraint (4). But this proposal is irrelevant in the
calibration framework since the modeler knows a priori and before any statistical inference
that the nuisance parameters 6, do not make sense on their own. Moreover, one of the
main recommendations of this paper is to be suspicious in front of sophisticated strategies
of model choice and fit about the technology characteristics. For instance, following
Bonomo and Garcia (1994) it is true that by contrast with Cechetti et al. (1990) “a well-
fitted equilibrium asset pricing model”” may account for some stylized facts but one cannot
be sure that the improvement in the technology specification is really relevant for the
question of interest since misspecification is always guaranteed. For the same reason, one
would not like neither to estimate the structural model through a large dimensional
instrumental parameter f like a semi-nonparametric score (Bansal et al., 1995) nor
assessing its goodness of fit with the associated large battery of diagnostic tests (Gallant et
al. 1997; Tauchen et al., 1997).

Roughly speaking, all what really matters to validate the calibration exercise is that the
structural model, when endowed with the pseudo-true value (0?,92), encompasses the
instrumental one in the sense that:

B = B, ).

We want to stress here that this encompassing condition is a sufficient condition
for consistency of indirect estimators of the true unknown value 0of the structural
parameters of interest. This has almost nothing to do with the accuracy of the proxy
of the technology provided by the nuisance parameters to the extent that the
structural model is always “‘an abstraction of a complex reality” (Kydland and Prescott,
1991).

The calibration strategy adopted by Cechetti et al. (1993) reflects the concern for a
parsimonious choice of the instrumental model given the technology process. These
authors also investigate the equity premium through the first and second moments of the
risk-free rate and the return to equity. As in Mehra and Prescott, the utility function is
time-separable with a constant relative risk aversion. While Mehra and Prescott consider
consumption and dividend as equal and then calibrate on an univariate Markov process,
the model developed by Cechetti et al. (1993) explicitly disentangles consumption from
dividends and the endowment process is defined by a bivariate consumption-dividends
Markov-switching model.

Cechetti et al. (1993) are clearly aware of the problem of choosing a too large
set of moments to estimate both structural parameters of interest and the endowment.
They explicitly argue that it would not be well-suited to estimate the parameters
of interest and the endowment process jointly by MLE procedure. Such an estimation
strategy forces the model to match all the aspects of the data and it is unlikely that a
simple model could reproduce adequately all those aspects. They formalize the cali-
bration principle by the following two-step procedure. In a first step, the parameters of the
endowment process are estimated through a subset of moments chosen to match
the MLE estimates of a bivariate consumption-dividends Markov-switching model.
In the second step, a confidence interval bound is computed for the taste parameters
through first and second moments of returns data for a given endowment process. In our
notation, this approach amounts to define two subvectors of instrumental parameters
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namely:
B] = ﬁ1(01,02)7
B2 = Br(02),

where 01 = (y, %) and 0, gathers the parameters for the endowment process. The subvector
f»>(+) corresponds to the subset of moments chosen to match the MLE estimates of the
bivariate consumption-dividends Markov-switching model. The subvector f,(-) contains
the first and second moments of return data used to estimate the structural parameters 6,
given the technology characterized by 6,. As in Mehra and Prescott, the model evaluation
relies on the plausibility of the confidence interval bound for the discount factor parameter
(y) and the relative risk aversion parameter (o). In other words, while the notation f§, =
f>(02) formalizes the fact that the calibrated values of 0, come themselves from some
moment matching, and the notation f§; = f5,(01, 6,) stresses the fact that we are going to be
parsimonious about the stylized facts the structural parameters 0, of interest are supposed
to account for (for a given pseudo-true value of the nuisance structural parameters 0, ) it
remains true that consistent confidence sets for 0, are going to be obtained from this two-
step procedure only if one maintains the assumption of full encompassing of the
instrumental model by the structural one.

2.2. General equilibrium approach to business cycles: an illustration

Kydland and Prescott (1982) introduced a neoclassical one-sector growth model driven
by technology shocks to reproduce cyclical properties of US economy. The model includes
a standard neoclassical production, standard preferences to describe agent’s willingness to
substitute intratemporally and intertemporally between consumption and leisure and an
exogenously driven latent process characterizing technology shocks. The Kydland and
Prescott’s model and the subsequent macro dynamic equilibrium models based only on
real shocks with no role for monetary shocks are called real business cycle (RBC) models.?

The clear-cut question addresses by Kydland and Prescott (1982) is the following: How
much would the US economy have fluctuated if technology shocks had been the only
source of fluctuations? Obviously the model is misspecified. In particular, it implies some
unrealistic stochastic singularity for the vector of endogenous variables.*

This question addressed by Kydland and Prescott defines the moments (instrumental
parameters) through which the empirical fit of the model has to be assessed. The
instrumental parameters correspond to second moments describing the cyclical properties
of US postwar economy. While these moments can be easily estimated from the data,
simulations are often required to compute their theoretical counterpart. In the strategy
advocated by Kydland and Prescott (1982) the answer to the question of interest is then
given by an informal distance between empirical instrumental parameters and the
instrumental parameters under the structural model. The values of the structural

3For extensions of this model see e.g. Hansen (1985), Beaudry and Guay (1996) and Burnside and Eichenbaum
(1996).

4Some empirical applications bypass this misspecification problem by augmenting the theoretical solution of the
model with a measurement error for each endogenous variables. The augmented model is then estimated by MLE
(see Hansen and Sargent (1979), Christiano (1988)). See Watson (1993) and Ruge-Murcia (2003) for a discussion.
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parameters are previously deduced from applied micro-studies or by matching long run
properties of US economy.

For sake of illustration, we consider here a benchmark RBC model (King et al., 1988a,
b). The social planner of this economy maximizes

Eo Y 7'[In(C) + ¢ In(Ly)],
t=0

where C, is per capita consumption, L, is leisure, y is the discount factor and ¢ is the
weight of leisure in the utility function. The intertemporal maximization problem is subject
to the following budget constraint:

Ci+ K1 —(1 - 5)K1<K,17“(Zer)“,

where K, is the capital stock, N, are the hours worked, Z, is the labor augmenting
technology process, o is the labor share in the Cobb—Douglas production function and ¢
the depreciation rate of the capital stock. As mentioned by Kydland and Prescott (1996),
the law of motion of the latent process Z; in the model is not provided by any economic
theory. Additional assumptions which are neither given by economic theory nor by any
statistical procedure are then required. Following King et al. (1988b), we consider here that
the law of motion for Z, is characterized by the following random walk with drift:

InZ,=pu+InZ,_| +¢,

where p is the growth rate of the economy and is ¢, i.i.d. Normal (0, o). Obviously, this law
of motion of the technology process is a caricature of the true unknown process.
Consequently, this misspecification could presumably contaminate the estimation of the
structural parameters of interest. However, with such a driven process, the log-linear
solution of the model is compatible with a unit root process for output, consumption,
investment and real wages (see King et al., 1988b, 1991) and cointegration relationships
between these variables which are consistent with US data.

We consider here that there are four deep structural parameters in this model and three
auxiliary parameters. In our notation, 0; = (y, §,®) gathers the parameters of interest and
0, = (¢, u,0,) the nuisance parameters needed for statistical implementation, that is to
index the binding function. We will explain later why ¢ is considered as nuisance
parameter.

While Mehra and Prescott ask the question of existence of reasonable values of
parameters of interest able to reproduce the observed risk premium, the RBC modeler asks
the question: ““Given a set of parameters of interest calibrated from micro-evidence or long
run averages, what is the ability of the model to reproduce some well documented “‘stylized
facts”?”

As explained above, Mehra and Prescott (and Cechetti et al., 1993) considers estimation
issue in a negative way: they search for values of structural parameters (6, in our notation)
reproducing as well as possible the observed instrumental parameters 5. The goodness of
fit of the model is assessed through the order of magnitude of these values. Kydland and
Prescott (1982) evaluate the performance of the model by its ability to reproduce well
defined “‘stylized facts” which are computed by simulations at given values of the
structural parameters (6;). The assigned value of the parameter vector 6, comes from other
applied studies or by matching long run average values for the economy. In contrast to
Mehra and Prescott strategy, the instrumental parameters used to assess the model differs
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from the ones used to obtain an estimator of the structural parameters. More precisely, the
strategy advanced by Kydland and Prescott (1982) consists in two steps:

e First, structural parameters are calibrated to values used in applied studies and to match
long run average values.

e Second, the verification is implemented by judging the adequacy of the model to
reproduce well chosen “‘stylized facts”. When they could not find reliable estimations of
a subset of parameters in economic literature or by matching long run properties, these
parameters are treated as free parameters. Their values are then chosen to minimize the
distance between the well chosen ‘‘stylized facts” of the US economy and the
corresponding ones of the model.

The first step corresponding to calibration is the most controversial one. Indeed, several
authors have shown that parameters obtained from micro-applied studies can be plugged
to a representative agent model to produce empirically concordant aggregate model only
under very special circumstances (see Hansen and Heckman (1996) for a discussion on this
point). However, matching long run properties is more conformable to the estimation step
in classical econometrics. In fact, this practice consists in matching a just-identified set of
moments where the corresponding instrumental parameters are the long-run averages. For
instance, Kydland and Prescott (1982) calibrate the deterministic version of their model so
that consumption/investment shares, factor/income shares, capital/output ratio, leisure/
market-time shares and depreciation shares match the average values of US economy.
Since this matching is not done through a formal GMM-type estimation procedure,’
uncertainty inherent to computed values is not taken into account in the results.

The matching of long run properties of the economy corresponds in our setting to
obtaining an estimator of 0 = (0{, 05)" by matching

B = (01, 0>),

where f§ captures these long run average properties. It is important to note that these long
run properties correspond to stationary transformations of variables. Generally speaking,
to avoid an obvious violation of common theoretical assumptions as listed in Section 3
below, moments conditions # must be defined on stationary transformations of variables.®

Moreover, the notion of “free parameters” in Kydland and Prescott (1982) corresponds
to the idea that only a subset 0,; of nuisance structural parameters 0, actually shows up in
the binding function (6, 0,). More precisely there is what we are going to define as partial
encompassing of the instrumental model by the structural one because 6, is partitioned in
0> = (031, 02) and ﬁo = [3(00,921) for some pseudo-true value 05, of 6,;. Of course finite
sample and possibly simulation-based counterparts of /3(9?, 0,,) may depend on some given
value 0, of 0, needed to characterize the DGP but, as far as asymptotic estimation is
concerned, the pseudo-true value (0(1),0_21) obtained by matching with the instrumental
parameters do not depend on 6,,. This invariance comes at the price of not identifying the
free parameters 05, from the instrumental parameters f.

3See Christiano and Eichenbaum (1992) and Burnside and Eichenbaum (1996) for the estimation of structural
parameters by a just-identified GMM.

See Christiano and Eichenbaum (1992), Burnside and Eichenbaum (1996), Beaudry and Guay (1996), among
others, for the estimation of structural models with technology process characterized by a random walk with drift.
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The verification step (second step) performed by the calibrator precisely involves the
identification of these free parameters. While for calibrators it is based on a quite informal
distance criterion for selected “‘stylized facts”, it can be formalized in our setting by a
choice of additional instrumental parameters corresponding to the “‘stylized facts™ to
reproduce. In fact, we try to judge whether we can reject with a certain metric the following
null hypothesis:

W = (07, 0r1, 0)

evaluated at the pseudo-true value obtained (0, 0,) with the instrumental parameters A~ ¥
for some convenient choice of the pseudo-true value 6. In other words, the estimator of
the pseudo-true value 05, of the nuisance parameters is obtained from the sample (and
possibly simulation based) counterpart of some minimum distance program:

022 = arg min (" = Y0}, 021, 022)) 2 (W" = (0}, 021, 00)), (5)
where Q is a positive matrix on R% and q, = dim . For the benchmark RBC model, the
free parameter ¢ corresponding to the weight of leisure in the utility function may be
difficult to estimate at the first step. In such a situation, an estimator can then be obtained
by (5). In a more complicated model, Kydland and Prescott fix seven parameters by
minimizing the distance between the model and data for 23 moments describing US
business cycle. Those parameters are the substitutability of inventories and capital, two
parameters determining intertemporal substitutability of leisure, the risk aversion
parameter and three parameters for the technology process.

It is worth noticing that, even when more recent econometric studies of DSGE models
claim to use more formal statistical techniques because ““an important advantage of our
GMM procedures, however, is that they let us quantify the degree of uncertainty in our
estimates of the model’s parameters” (Christiano and Eichenbaum, 1992), they often
realize that efficient GMM a la Hansen (1982) is not well-suited in such a misspecified
setting and what they actually do resembles much more the two steps of calibration and
verification described above. For sake of illustration, we focus here on the example of
Christiano and Eichenbaum (1992) but the general features of this study as described
below are largely shared with most empirical studies of DSGE models. Roughly speaking,
their application of GMM is far to be orthodox for the following reasons.

First, as above, there is an implicit partition of the vector 6 of structural parameters
between three subsets. The vector 6; of structural parameters of interest includes a, J, ¢ in
order to characterize both the central planner utility function (up to the subjective discount
factor y) and the production function. Actually, at it is written, the utility function includes
another parameter N which is the time endowment of the representative consumer seen as
an upper bound of the leisure time L, defined above. It is rather clear that the two nuisance
structural parameters 6,; = (y, N) are highly difficult to estimate but however are “‘key
parameters” that may contaminate the estimation of the structural parameters 6; of
interest. Therefore, in spite of the claim of taking parameters uncertainty into account, the
value of these two parameters is fixed only from the calibrator knowledge, without any
attempt to identify them statistically, while strictly speaking, they are identified by the
structural model. In other words, a very parsimonious binding finction f° = (6., 02)),
actually just identified with respect to 0, is written to get partial encompassing for the fixed
value 0, of the nuisance parameters. To do so, the authors neglect on purpose the
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identifying content (about both 6, and 0;) of Euler intertemporal optimality conditions
and only use unconditional moment restrictions to just identify 6.

Second, while the Christiano and Eichenbaum (1992) model includes five other
structural parameters characterizing the dynamics of the aggregate shock to technology
and of an additional process of public consumption as well, these parameters define a
vector 0, which may not be simultaneously estimated with 6;. Actually, Christiano and
Eichenbaum (1992) do estimate them simultancously, but only within a just identified
GMM framework where the estimation of 0, does not contaminate the estimation of the
structural parameters of interest 0. It is important to realize that in more involved DSGE
models with latent processes where structural moments need to be simulated because there
are no close form formulas, this kind of cut between the two sets of parameters could be
obtained only by giving up a number of possible binding functions between structural
parameters and observable moments. As a matter of fact, such a problematic interaction
between parameters of interest and nuisance parameters is only met by Christiano and
Eichenbaum (1992) when they come to the second step of model verification about ““labor-
market moments”. Then, as explained above, is only when it comes to the assessment of
the ability of the model to reproduce some stylized facts that the interaction between
nuisance parameters 0, and parameters of interest 0; is explicitly acknowledged. The
latter stylized facts define an additional set = 1//(0(1),921,922) of moments conditions
which are not used for a joint efficient estimation of all the structural parameters within the
first step of calibration.

Finally, it is worth reminding that, while it has been possible in this simple model to
perform GMM inference from moment conditions that are available in closed form, it is
often the case that preliminary simulations in the structural model are needed to get a
simulation-based counterpart of the binding function. In such a case, it would be a pity to
contaminate the estimation of the structural parameters of interest, simply because a
simulator of exogenous variables, like public consumption in Christiano and Eichenbaum
(1992) model, has been wrongly specified. In other words, common formulas of simulated
method of moments kind of inference have to be corrected for the effect of not simulating
the paths of observed exogenous processes.

3. A partial indirect inference approach to calibration

We present in this section the principles of PII. While this methodology may be relevant
for other applications (see e¢.g. Dridi and Renault (1998) for an application to stochastic
volatility models), we give here the general theory, as an extension of Gouriéroux et al.
(1993) 11, but we set the focus on the calibration framework as formalized in Section 2.

The main goal of this section is to give a precise content to the calibration kind of
interpretation of II, as put forward in Section 2, that is ““given that the model is false”,
some elements of truth involved in the model (for instance some taste parameters) should
be caught by matching some well-chosen moments. The rigorous meaning of “‘elements of
truth” lies in the semi-parametric modeling widely adopted in modern econometrics as an
alternative to the hopeless search for a well-specified parametric model that is more often
than not impossible to deduce from economic theory. On the opposite, the partial
approach to II specifies only some parameters of interest raised out by the underlying
economic theory. We first present the theoretical results (consistency, asymptotic
probability distribution) available for PII.
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3.1. The general framework

The data consist in the observation of a stochastic process {(y,,x;),te€ Z} for
t=1,...,T. We denote by Py the true unknown p.d.f. of {(y,,x/),t € Z}.

Assumption (A1). (i) Py belongs to a family 2 of p.d.f. on (Z x #)*.
(i1) 0, is an application from £ onto a part @ = 6,(%) of R’'.
(iii) 61(2y) = 0(1), the true unknown value of the parameters of interest, belongs to the
o

interior @, of O;.

51(9’) = 60, is the vector unknown parameters of interest. Typically, in the case of a
stationary process {(y,, X;), t € Z}, it may be defined through a set /2 of identifying moment
restrictions:

%‘h(y[axtay[—laxtfly'"syt—Kaxthnel)=0 == 91 =§1(P)

In such a partially parametric model, not only the MLE estimator is no longer available,
but even more robust M-estimators or minimum distance estimators may be intractable
due to a complicated dynamic structure of #. This is the reason why we refer to II
associated with a given pair of “structural” model (used as simulator) and “auxiliary” (or
“instrumental’’) criterion.

In order to get a simulator useful for PII on 6;, we plug the partially parametric model
defined by (A1) into a structural model that is fully parametric and misspecified in general
since it introduces additional assumptions on the law of motion of (y,x) which are not
suggested by any economic theory. These additional assumptions require a vector 0, of
additional parameters. The vector 6 of “structural parameters” is thus given by
0 = (0},0,). We then formulate a nominal assumption (B1) to specify a structural model
conformable to the previous section, even though we know that (BI) is likely to be
inconsistent with the true DGP.”

Nominal assumptions (B1). {(y,,X;),? € Z} is a stationary process conformable to the
following nonlinear simultaneous model:

d YV Yi_1 X, up, 0) = 0,
qD(u,,u,,l,s,, 0) = 0

0= (0,0, € (O x ©) = O a compact subset of R'*72,
e the exogenous process {x;,¢ € Z} is independent of {¢,, t € Z},
® (¢, 1 € Z} is a white noise with a known distribution G,.

Then, for each given value of the parameters 0, it is possible to simulate values
0100, zp),...,97(0,2z9)} conditionally on the observed path of exogenous variables
{xi,...,x7} and for given initial conditions zy = (y,,up). This is done by simulating
values {¢1,...,¢e7} from G,. We denote by P, the probability distribution of the process
{x;,6,t€”Z}.

"We denote by B the nominal assumptions, that is assumptions that are used for a quasi-II (by extension of the
QMLE).
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We focus here on II about the true value 0 of the parameters of interest 0;. The II
principle is still defined from the two basic components: a “structural’” model (B1) and an
instrumental model .#"g which defines pseudo-true values of instrumental parameters as
limits in probability of some extremum estimator associated to a criterion function
Or(y - X7, p) to minimize. Here we assume for simplicity that f € B a compact subset of
R? and y_, x; denote the lagged values of y, and x; for a fixed number K of lags.

For example, in the case of moment conditions, the corresponding criterion is defined as

T ! T
0y xr ) =15 G S g, x,) - ﬁ) (% S g, x) - ﬁ>.
1

t= t=1

We introduce the estimators BT and BTS(GI, 0,) associated with the general criterion:

ﬁT = arg Ilglelg QT(‘XT’ X7, ﬁ)y

Br(01,05) = arg min Q7 (7.(6,2)), x7+ B),
peB T

~ 1 S s
Brs(01,02) =< > Br(01,02),
s=1

where 2(0, z0) = {(07(0,20), 7,_,(0,2)), ..., y,_x(0,28)} for S simulated paths s =1,2,...,S
associated to a given value 0 = (6, 6,)" of the structural parameters. Note that by contrast
with a current practice in calibration studies, the simulation noise can be reduced by
simulating S paths of length T for the endogenous variables (while repeating S times the
observed bias of exogenous variables) with T equal to the length of observed paths and S
larger than one. Roughly speaking, when the simulator is well-specified, this will lead to
multiply the standard asymptotic variance matrices of GMM by a factor of (1 +1/S) to
take into account the simulation noise for simulated moments. With a misspecified
structural model used as a simulator, the factor (1+ 1/S) does not show up anymore since
observed moments and simulated moments are no longer produced from the same DGP.
However, as shown in asymptotic variance formulas below, increasing S still provides
variance reduction like (1/S). By contrast, it is important to simulate paths of length T to
get the same order of magnitude of finite sample bias in estimators of instrumental
parameters computed on both observed and simulated paths. The key point is that, such a
finite sample path, while especially significant for estimating persistence of dynamic
processes, will be erased by matching observed and simulated moments which involve the
same kind of finite sample bias (see Gouriéroux et al., 2000).

Under usual regularity conditions, estimators computed on observed paths and
simulated paths as well converge, when T is going to infinity, uniformly in (6, 0,) to

Py lim B =f° = p(Po).

P, 71520 ETS = B(ela 92)

We refer to Pylim and P, lim as the limit with respect to the Py and the P, probabilities
T— 400 T—+00

when 7 goes to infinity.
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Assumption (A2). E(-, -) is one-to-one.

According to Gouriéroux and Monfort (1995) terminology, p° is the true value of
instrumental parameters and ﬂ( -) is the binding function from the structural model to the
instrumental one.

A PII estimators 0, s is then defined as follows:

Ors = (0, 7. 05 75 =arg  min _ [By — Brs(01, 0] Qr[Br — Brs(01,02)],
(01,0,)€01x6,

where P, lim SAQT = Q is positive definite matrix on RY.
T—+o00

In order to derive a necessary and sufficient condition for the consistency of the PII
estimator 01 75 to (91, we define the so-called “‘generalized inverse”  of f§ by
= i — (01,00
B (B)=arg o0 o, 1B — B(01.02)llg
In our partially parametric setting, we are only interested in the projection of E_ [B(P)] on
the set @, of the parameters of interest. Let us denote by Q, the projection operator:

O, R x R — R,
(07,05 — 0.
We are then led to the following consistency criterion:

Proposition 3.1. Under assumptions (A1)—(A2), gl,TS is a consistent estimator of the
parameters of interest 0(1) if and only if, for any P in the family 2 of p.d.f. delineated by the
model (A1)

O\[B (B(P)] = 0:(P).

In order to test the consistency property, we focus on a sufficient encompassing
condition. We say that (B1) endowed with the pseudo-true value (6(1)’,0;)’ fully encom-
passes (A p) if:

B = B0}, 0).
In this framework, we get easily under standard regularity conditions a sufficient
condition for the consistency of the PII estimator 0; rs:

Proposition 3.2. Under assumptions (Al) (A2) if there exists 0, € @y such _that (B1)
endowed with the pseudo-true value (0] ,()2) Sfully encompasses (N'g), then 0, 1S IS a
consistent estimator of the parameters of interest 0.

Proposition 3.2 is a direct corrollary of Proposition 3.1.

When the structural misspecified model (Bl) endowed with the pseudo-true value
(9(1)’, 9/2)’ for 0, € @, does not fully encompasses the instrumental model .4 g, we are led to
extend the encompassing concept to a property of partial encompassing defined through a
subvector ﬁ? of ¢, instrumental parameters (¢, <g). The corresponding subvector function
p1(,-) of the binding function is defined from @; x @,; onto R":

Bl 101 x Oy —> qu’ (6)
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(01,021) = B1(01,02), (7

where 0 corresponds to the subvector of the nuisance parameters 0, = (05, 05,)" which
does play a role in the first g; components of the binding function f. 6, belongs to @,
subset of R’ with the assumed factorization of the nuisance parameters set of
0, = O, x O. We say that (B1) endowed with the pseudo-true value (0%, 8,) partially
encompasses .43 if the following conditions are fulfilled:

1) Bl(-, -) is one-to-one,

() 5 = B0}, 021).

We introduce the following estimators Bl,T’ and Ei,T(Gl, 0,), respectively, defined as the

subvectors of size ¢; of the estimators BT and BTS(GI,QZ). These estimators converge
uniformly in 64,0, to:

Py Tlgréo EI,T = A,

In this context, since the PII estimator 91 .75 1s possibly not consistent for 91, we propose
to focus on another class of partial indirect estimator 01 rs(022) based on a subvector 8, of
the instrumental parameters and defined by:

~1 ~ ~17 - ~17 - ,
HTS(022) = (01 Ts(ezz) 021 rs(ezz))

= arg o Ovl)e@lx@vl [.31 r = Brs(01, 051, 00) Q1 7[B1 7 — B1.7s(01, 021, 02)],

where P, lim (A)l,T = Q) is a positive definite matrix. We denote by 0, the value assigned to
T <«+o00

the nuisance parameters 65, in order to perform the simulations. In this framework, we are
able to prove the following sufficient condition for the consistency of the PII estimator

~1 -
01]5(022):
Proposition 3.3. Under assumptions (A1)~(A2), and if there exists 0, € @, such that (Bl)

o A1
endowed with the pseudo-true value (6%, 0,) partially encompasses N, then 0, 75(022) is a

consistent estimator of the parameters of interest (9?.

3.2. Asymptotic probability distribution of partial indirect inference estimators

In this section, we derive the asymptotic probability distribution of PII estimators. While
the general statement of regularity conditions and the methodology of proofs remain
conformable to standard asymptotic theory of extremum estimation, two specific features
have to be emphasized. First the possible discrepancies between the DGP and the
simulator lead to define two sets of information kind of matrices, whatever their expression
as gradient of the score or Hessian of the objective function. Second, the fact same some
exogenous variables are not simulated but only duplicated may introduce some perverse
correlations between observed and simulated paths. We distinguish two sets of asymptotic
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results, depending upon the fact they are obtained under the maintained assumption of
either full or only partial encompassing.

3.2.1. Full-encompassing partial indirect inference estimator

We focus here on the asymptotic properties of the II estimator /Q\Ts under the full-
encompassing hypothesis: there exists 0, € @, such that (B1) endowed with the pseudo-

true value (90/,0_/2)/ fully encompasses .473. Let us then assume as usual for extremum
estimation that:
First,

1 09 0
A3 T = Ap s X7, )
( ) \/—T aﬁ O}—T =T ﬁ )
is asymptotically normally distributed with mean zero and with an asymptotic covariance
matrix /o and second:

Ad) J P llm , X7, 0
(A4) Jo =Py a[f@ﬁ/(yT xz, ).

Of course, since Q; may not be the log-likelihood, the information matrix equality is
not guaranteed and [y and Jy may differ. Moreover, since DGP and simulator may differ,
we must also consider a second set of similar matrices associated to the simulator when the
pseudo-true value of the parameters is used for simulation. More precisely, we assume
that:

1 00r

(A5) (075,01, 05, 25), £°),
JT > 50
is asymptotically normally distributed with mean zero and with an asymptotic covariance
matrix /j and independent of the initial values z§,s = 1,...,S, and

(A6) Jj= P, lim 2 ng F(09, 05, 20). ).

Note that this setting is also relevant for performing simulated MLE, as it is popular
nowadays for estimating DSGE models. While we have known since White (1982) that, as
soon as one think about possible misspecifications of the likelihood functions, like omitted
variables, omitted heteroskedasticity, and so on, one should use a robustified asymptotic
covariance matrix taking into account that 7y and Jy may differ, we stress here that it is as
important to realize that o, Jo, I and J; may be four different matrices. The four ones are
going to be at stake in asymptotic variances of simulation-based estimators.

Finally, one must also take into account the perverse correlation between observed and
simulated paths (and associated score functions) due to the fact that observed exogenous
variables paths are duplicated within simulated paths, in order to avoid a likely wrong
simulation of exogenous variables. Once more, this is even more relevant in the case of
simulated likelihood approaches where no such thing that a probability distribution for
exogenous processes should be specified. In this case too, one must distinguish score
functions as produced by the true DGP and score functions produced by the simulator, so
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that two matrices of asymptotic covariance have to be defined:

1 00 1 007 &
(A7) hm COV*{f aﬁT (yT7_T,ﬁ ) «/— éﬁT (yT(eoﬂ 62720)’ .BO)} = KO,
independent of the initial values zj,s = 1,...,S, and
1 0 s 0 = «
(AS) ml6w{J_§f@aﬂ%%uwJ_gﬁ@g&%x&wﬁzxw

independent of the initial values z§ and zf, for s#¢.
Finally, as for standard minimum distance estimation asymptotic theory, we assume
that:

(M)PM1“W@r—ﬂﬁ@
T—+o00 69
is full-column rank (p).

We are now able to state the following result:

Proposition 3.4. Under thAe* null hypothesis of full encompassing and assumptions (A1)—(A9),
the optimal II estimator Org is obtained with the weighting matrix Q* defined below. It is
asymptotically normal, when S is fixed and T goes at infinity:

01 75 — 0"
VT[TV B a0, s, Q)

Or.7s — 02
with
-1
W@®=F@WWNWWIMW%%, ®)
o = ay(s),

1 1
DiS) = Iy ToJy ! + EJg—‘IgJ;;—‘ + (1 —~ E) Ty KTy
—J Ko = T KT ©)
Proof. see Appendix A. O

Note that in the case where the structural model (B1) is well specified, ®;(S) reduces to
(1+HJ5 "Iy — Ko)J " since then K, = K.

3.2.2. Partial-encompassing partial indirect inference estimator

We now focus on the asyrnptotlc properties of the II estimator OTS(022) under the partial
encompassing hypothesis H(0,). The main difference with the full encompassing case is
that now all the asymptotic covariances depend on some 0, which has been calibrated
before any formal estimation procedure. We first maintain assumptions (A3) and (A4) and

~0 - ~ _ ~
we denote f (05,) = B(6°, 0>) for the given value 05, of the nuisance parameters. We made
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the following assumptions for a given value 0x:

1 00 1 007
(A10) _lim cOv*{ T 2 U B o G002, 5 (922))}
= Ko(0),
independent of the initial values zj,s = 1,...,S.
16QT~S 0 7 s\ 3°/p
(ALD) ﬁWQT(() ,05,20), B (022)).

is asymptotically normally distributed with mean zero and with an asymptotic covariance
matrix /;;(02,) and independent of the initial values z),s =1,...,S.

QT
“oc OpOf

1 99,
JT of

(A12) () = @0, 0,23, B (0)),
1 39,

. ~5 7 sy 720h
(A13) TLHEOO Cov*{ (XT(QO’Hz’Zo)’ﬁ (922)),ﬁ op

= Kj(0),

(.ZIT(GO’ 6-/29 Z{))? EO(éZZ))}

independent of the initial values z and zh, for s#¢.

(Al4) P, lim ﬁlT(e,z)— OB

) e

is full-column rank (p; + p,;). We are then able to prove the following result:

Proposition 3.5. Under the null hypothesis H (1)(0_22), assumptions (A1)—(A4), (A10)-(A14),

~lx = -
the optimal II estimator 04(02) is obtained with the weighting matrix Q7(0,) defined below.
It is asymptotically normal, when S is fixed and T goes to infinity:

——1(0Y, 01),

~1 -
0, 7o(0x) — 0° )
ﬁ(ﬁ” e ) B (0. wi(s. Qi(0)))

0y1,75(022) — 021

with

~/

OB,
o(5)

Qi(02) = 0},(S,0)7",

WA(S. Q) = (01, Ba1)(@}, (S, O22)) " aéf ‘),(00,921) ,
021

1 _ _ _
Dy(S) = Jy  ToJg" + §JS_I(922)13(922)J3_1(922)

| ] i i
+ (1 - S) Ty (02)K5(022)T5 " (02)

— I Ko(02) T3 (002) — T 1 (00)K (0220 '
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and & (S, 0) is the (q, x q,) left-upper bloc diagonal submatrix of the (q x q) matrix
(S, 0).

Proof. see Appendix A. [

Although calibrator’s knowledge 0, is more often than not considered as free of
parameter uncertainty thanks to the availability of a large bunch of empirical evidence, it is
worth noticing that the above results remain valid even when it is explicitly acknowleged
that in practice the exact value 6», is not known but only a root-T consistent estimator of it
is available to define the simulator. More precisely, it can be easily shown that one can
replace the value 01, of the nuisance parameters 0, by a consistent estimator 922 7s such
that /T (022 s — 0) = Op,(1) without modifying the asymptotic probability distribution
of the PII estimator. The detailled proof is not provided here since this result can actually
be understood as a corollary of a very general adaptivity principle for extremum
estimation. While the partial encompassing property precisely means that consistency of
the estimators of the parameters of interest is not impaired by the chosen value for
nuisance parameters, it also means by the same token that asymptotic probability
distributions of these estimators do not depend on a specific choice of a root-T consistent
estimator of the nuisance parameters.

3.3. Identifying the moments to match

The general idea is to start from a set of moments to match that are suggested by
economic theory or any other features of the data the econometrician wishes to reproduce.
The key hypothesis to test is the full encompassing property of theses moments by the
structural model of interest. When the full encompassing hypothesis is rejected, one has to
find a well suited selection, or more generally projection, of the initial instrumental
characteristics in order to get at least partial encompassing. As explained above, this is the
condition required to build a consistent partial indirect estimator as well as reliable
predictions under hypothetical policy interventions.

Proposition 3.6. Under assumptions (A1)—(A9) and the null hypothesis Hy of full-
encompassing of A g by (B1)

{rs=Tmin | ——Zm&xm 7(S) (B ZﬁT(el,ez)

where fZ*T(S) is a consistent estimator of the optimal metric Q*(S) = <1§’(§(S)_l defined in
Proposition 3.4, is asymptotically distributed as a y* with (q — p) degrees of freedom where
g =dim f and p = dim 6.

Proof. see Appendix A. [
The associated specification test of asymptotic level « is defined by the critical region:

Wa={Ers>21_(q — D)}

In case of rejection, we may look for a reduction through an appropriate projection of the
set of moments. This is based on the following partial encompassing test.
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Proposition 3.7. Under assumptions (A1)~(A4), (A10)~(A14) and the null hypothesis Hy(05,)
of partial encompassing of N'g by (B1)

- PO N
1 _ . L
¢rs@2) =T min [ﬁm S;ﬁm(el,eﬂ,(en)) Q,.7(9)
-~ 1 G -
x| Pr.r —§2ﬁ1,r(91,921,(922)) ;
s=1

where Qf 1(S) is a consistent estimator of the optimal metrzc Qi (S, 022) = &g (S, 057!
defined in Proposition 3.5, is asymptotically distributed as a y*> with (q, — p, — py,) degrees if

freedom where ¢, = dim f§;,p, = dim 0, p,; = dim 0,;.

The proof is omitted here since it is a simple extension of the previous one. The
associated specification test of asymptotic level « is defined by the following critical region:

W= {5}3(522)>X%71(Q1 —p1— P}

The previous result is not modified if 0 is replaced by a consistent estimator (922 Ts
such that /7 (922 7s — 02) = Opy(1). In case of rejection of any trial run of partial
encompassing, the pair (structure model, instrumental model) is inadequate and has to be
changed. However, it may also be the case that several pairs lead to acceptation.

4. Sequential partial indirect inference

The previous sections have shown how a well-driven PII estimation strategy may yield a
consistent estimator for the structural parameters of interest 6; given the nuisance
parameters 0,, partly estimated (0,;) and partly calibrated (0,,). With this estimator in
hands, one can now evaluate the model through some additional dimensions of interest.
These additional dimensions are summarized by an instrumental model Ny, the
parameters of which are y as characterized by an extremum estimation defined as a
minimizer of a criterion Mr(y,., x7,¥). Typically, this criterion is the loss function used to
assess in a second step of verification how true the structural model is with respect to the
stylized facts of interest, under the maintained assumption of consistent first step
estimation of the parameters of interest.

In the case of moment conditions, the corresponding criterion is defined as:

! T
My, xp. ) = (TZk(y x) — ) (;Zk(zt,zz)—l//)
t=1

where k(-) are the moments of interest. The estimators @T and JTS(Hl, 0,) associated with
the criterion are:

lpT = arg 11’/}’2'11;’1 MT(y_Ta ET& lp):

V01, 02) = argmin Mo (7,0, 5, x7.9),
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Drs0,0) = <" (01, 0)
s=1

Under usual regularity conditions, these estimators converge uniformly in (0, 6,) to:

Py lim yrp =" = Y(Py).

P, lim 75 = (01, 02).

An evaluation of the structural model can then be performed by measuring a distance
between the empirical instrumental parameters i and the theoretical one (01, 0;). In the
case of full-encompassing, this corresponds to a Wald test and the statistic test is given by

~ ~k o~ —~ ~ ~ ~ o~ —~
TG — Y7501, 02,75)) Qb — Y 15(01 15, 02,75)),
where @lﬁ is a estimator of Q* and

Q= a9,
DL(S) = [4, B(S)A, 1T,

0B
o0

oy

A= |-—
o0

(01, 02 (W (S, Q%) " == (6], 0,)Q"
with @5(S) defined in Appendix B.

This statistic is asymptotically distributed as a 3> with dim (1) degrees of freedom. Our
proposed approach is then a two steps procedure. At the first step, we estimate the
parameters of interest and at the second step, we evaluate the structural model. For this
reason, we call this procedure as SPII. This typically corresponds to the Christiano and
Eichenbaum (1992) strategy when they come to the second step of model verification about
“labor-market moments”. Note also that this two-step kind of approach is similar in spirit
to what is done in Schorfheide (2000) when several loss functions are proposed to assess
the discrepancy between DSGE model predictions and an overall posterior distribution of
population characteristics that the researcher is trying to match.

Let us now consider the case of partial encompassing. As discussed above with the DSGE
illustration, an estimator of the nuisance parameter vector 0 can be obtained through the
instrumental model of interest .4/"y,. We then define the estimator 0 75 as follows:

- o~ ~ o - AU~ ~ Al -
02,75 = arg anrélgn(lPT — Y rs(075(022),022)) Q" (Y1 — Y 15(075(022), 022)),

for a given initial value 0,,. Note that the estimator @;5(922) of (61, 631) that we use here is
the one associated to the initially calibrated value f», and not to the fitted value 65,
produced at the verification stage. Once more, the idea is to disentangle the calibration and
the verification steps. Of course, nothing would prevent us to make an eventual
comparison of the competing empirical assessments of parameters 6. However, this
should not be the focus of our interest since they are typically nuisance parameters.

Following Newey (1984), we can show the following proposition with assumptions
(A.15)—(A.20) stated in the appendix:
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Proposition 4.1. Under the null hypothesis of the insg*umemal model Ny and assumptions
(A1)—(A4), (A15)-(A20), the optimal II estimator Oy, 1 is obtained with the weighting
matrix defined below. It is asymptotically normal, when S is fixed and T goes at infinity:
P D .
VT 0y 15 — 057) > N0, WY(S,Q")),

where

sk
0 = Po lim 922 TS
T—o00

~7 ~ —1
a A * * - a N £
W (s, Q") = W (07, 021, 03,)(@}*(S) ™! llp (07,0.1,0%,) ¢ .
00y, 005,

Q= oy,
OV*(S) = [4, [|®4[A4, 17,

o,

o)

@N A k * ) -
A= —i,(eoaeﬂa022)(W1,S(622)) :

o(#)

and @} is defined in Appendix B.

Proof. Appendix B. [

It should be emphasized that the asymptotic distribution given by Proposition 4.1 holds
only for the same simulated values ¢}, t=1,...,7, s=1,...,S for both instrumental
models A"g and A"y.

The SPII procedure is then the following for the partial encompassing case. At the first
step, the estimators of 9(1)(6_22) and 0,,(0x) are given by minimizing the following objective
function:

J1.15(01(022), 021(022)) = [B1 7 — By 7501, 021, 020)]
Xﬁl,T[Bl,T - 31,15(91, 021, 0)]

for a given 05).
At the second step, the estimator of the nuisance parameters 6, is given by minimizing
the following objective function:

~ T ~ ~ ~ Al
J215(022) = W — Y7s(075(022),002)) Q" (Y7 — Y75(075(022), 022)).

An evaluation of the structural model can then be performed by measuring a distance
between the empirical instrumental parameters lp and the theoretical one Y ;4(01, 021, 022).
In this context, the test corresponds to an overidentifying restrictions test. The test statistic
is given by

TJ 2,TS(§22,TS)~

This statistic is asymptotically distributed as a > with (dim() — dim(0»,)) degrees of
freedom.
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5. Concluding remarks

The SPII methodology proposed in this paper aims at reconciling the calibration and
verification steps proposed by the calibrationnist approach with their econometric
counterparts, that is, estimation and testing procedures. We propose a general framework
of multistep estimation and testing:

e First, for a given (calibrated) value 6,, of some nuisance parameters, a consistent

asymptotically normal estimator 51;5(922) of the vector 6; of parameters of interest is
obtained by partial indirect inference. A pseudo-true value 0,, of some other nuisance
parameters may also be consistently estimated by the same token.

e Second, overidentification of the vector (61, 6;) of structural parameters by the selected
instrumental moments f; provides a specification test of the pair (structural model,
instrumental model).

e Finally, the verification step, including a statistical assessment of the calibrated value
01, can be performed through another instrumental model A4~ -

The proposed formalization enables us to answer most of the common statistical
criticisms about the calibration methodology, insofar as one succeeds to split the model in
some true identifying moment conditions and some nominal assumptions. The main
message is twofold. First, acknowledging that any structural model is misspecified while
aiming at producing consistent estimators of the true unknown value of some parameters
of interest as well as robust predictions, one should rely, as informally advocated in
calibration exercises, on parsimonious and well chosen dimensions of interest. Second, in
so doing, it may be the case that simultaneous joint estimation of the true unknown value
of the parameters of interest as well as of the pseudo-true value of the nuisance parameters
is impossible. In this context, one should resort to a two step procedure that we call
sequential partial indirect inference (SPII). This basically introduces a general loss
function. This again corresponds to a statistical formalization of the common practice in
calibration exercises using previous estimates and a priori selection.
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Appendix A

Proof of Proposition 3.4. First-order conditions for the indirect estimator arsi
The first-order conditions corresponding to the optimization problem:

S
- Z Br(01, 92)1 ,
s=1

!’

(91,07)6@]x@2 |f3T ZﬁT(el,ez)
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are:

SZ (91 TS,92 TS)QTf

I G~
rTg E ﬂr(el,TS,Gz,Ts)] =0.
s=1

The expansion of the first-order conditions around the limit value (60',5/21)’ gives

op B I N Yy 01,75 — 6
SZ T(90,92)Qﬁlﬁr—5257(90,92)—52 ,02)(

0r7s — 0>
= Op*(l)s

which leads to

01,75 — ) aﬁ o -
VT i} (90, 92)9 /(90, 0>)
0275 — 02

B - PO R
x @(00,92)Qﬁ{ﬁf - E;ﬁT(GO,Gz)} +0p. (1.
since under assumption (A9) we have

. aﬁr 0 aﬁr 0
P, lim 0°,0,) = 0", 0
P, lim SZ (01,02) = 5,7 (01.02)
and the transpose of the right-hand term is of full-column rank p.
Expansions of B, and FT(O?,@Q):
We begin with the first-order conditions on the instrumental criterion:
0Q0r
op

The expansion of the latter equation around the limit value ° yields:

(XT’ ET! ,:[}T) = 0

0 o -
VT aQﬂT Vo xr B +3 ﬁgﬁT Vo X BPOVTIB = 1 = op, (1),

which leads to
0 1 aQT 0
VTB, — 1= —Jg' VT 5 Wrxr. B+ on(D).
By using the same arguments
~s — 0
VTR0, 02) — P00, 0:)) = —J5 VT =T QT (701, 0, 2), X7, B(0F, 0) + op, (1)
and by full-encompassing hypothesis H : /30 = /3(61,52) we get

VTR0, 0:) — 1 = 75" VT =L G0, 00, 25), x7, °) + 0p.(1).

Gﬁ
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Asymptotic distribution of: V7B, — %ZLFT(GO,@)]:
. 1 S _
ﬁ[ﬁT_EZBT(00992)] _JOI\/— T’ T’BO)
s=1
0
VTS Z 0 5 (00,5, 8), x7 ) + op. (1),

Under assumption (A1)~(A9), /T] BT SZf 1?;(00,92)] is asymptotically normally
distributed with mean zero and a covariance matrix given by @g(S):

(S) = Jy ' IoJy " +

1 1
§J3*110J3*1 + <1 - S) TR Ty — I KTy — T K I

As usual the optimal choice of the matrix 2 which minimizes the asymptotic variance of
the II estimator is Q* = @3(5)_1 and the result of Proposition 3.4 follows. [

Proof of Proposition 3.7. The optimal value of the objective function is

~ 1 Gas -~ / 1 G ~
Srs=T|br - —Zﬁl(gl,Ts,Qz,Ts) Qr|Pr ——ZﬁT(QLTS,Qz,Ts)],

where (01 TS,A; 0, 15) corresponds to the optimal II estimator. The first-order expansion of
irs around the limit value (0l ,(92) gives

PO 5 0 175 — 0° 1’
Srs =T |Br—g>_ Br01,0:) = 55(01,05) o
s=1

02 s — 0>

- R

e 1 Sy B 0, 75 — 0,
X |Br—< Br(0),00) — = (69,0,) + op,(1).
S; a0 ers—Qz |

0175 — 09 L
By using the asymptotic expansion of /T "] around the limit value (6° ,0/2)/
previously given, we get 62 s — 02

0 —60 —1
aﬁ EAUNANG ( o _) op (60,92){ B o oy B (60,62)}

215 — 02 o0’
E (90, 0,)Q VT |Br — —ZﬂT(eo, 02)| + op,(1)
and thus
0B Lrs — 0Y
VT \B [ SZﬁTwO,@z) e (e°,ez><92 Ts—ezﬂ
= [ld, ~ MWT |fr - éiﬁ?(eﬂez) +op. (1),
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where M is the orthogonal projector on the space spanned by the columns of 3 7] (00, 0,) for
the inner product Q* that is

M= %w%?»{aﬁ 0.2 op s 92)} o .oy

With these notations, the statistic {7 g is equal to

érs = +op,(1).

PN I RUUR , PN (R ISR
T\br =52 Brleh, e»} (1d, — M)/ (1d, — M) {ﬁT — 52 B 0.0
s=1 s=1

As previously seen /7 —%ZLFT(OO,@)]]—% N[0,Q" '] as T — oo and g(/) (0°,0,) is
full-column rank (p) which implies that

T[ ZﬁT(e‘),@z)] (Idy — MYQ*(Id, — M) | Zﬁ(el,ez)] = 2*(q - p).

as T — oo and the result of Proposition 3.7 follows. [

~1 —
Proof of Proposition 3.5. First-order conditions for the indirect estimator 0, 75(0): The
first-order conditions corresponding to the optimization problem:

~ 1 Sa s ~ U R 1 S s ~
Brr— §Z Br7(01,001,002.75)| Qi1 |Brr — §Z B0, 0, 022,TS)] ,
s=1 s=1

min
(01,021)€01x 01

where (922 75 is a consistent estimator of the value 01, of the nuisance parameters 0, and
such that «/—(022 75 — O0n) = Op,(1), are

ﬁ ~
SZ LT (0, Ts(ezz) 921 rs(02), 922 TS)Ql T

(i)
~ 1 Sans Al oAl o
X |Bir— gZﬁl,T(Gl,TS(sz), 0y1,75(022), 02,75) | = 0.
s=1

The expansion of the first-order conditions around the limit value (00/, 0_’2)’ gives

s s of 0, 15(022) — 0°

aﬂlr 0 1% & 0 5 1 Bir 0 = 1.7s\Y22) = Yy
SZ (0,02 VT | By 7 G E‘_ B1.7(07,02) -3 E_ o[ 7 (07, 02) 3 .

02‘ s=1 s=1 01y, h1.75(022) — 02

= op,(1),
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since under H0 aﬁ‘ (01,02) = 0. This leads to

-1

N/ (009 9_21)

~1 -

91,7“5(922) - 9(1) a,81 0 aﬁl
1 _ _ = (01, 02, ,
021]5(022) - 021 0 (02|> 0 (0211)

6'81 9,0, VT |B

K0

since under assumption (A14), we have

VT

1 G s n
Br =5 Brr(®.02)] +oe.(D),
s=1

o,

P, lim———~ ﬂlT

T—+o00 6(621)

and under H}:

(005 92) = (603 621)

o, / o, /
o) o)

is of full-column rank (p; + p,)).

(0},0,) = (61, 021),

Expansions of ,E]’T and f[ﬁj(ﬂ?, 0,):
We begin with the expansion of the first-order conditions on the instrumental model
around the limit value %

0 -
%Qtaéra Br) =0.

The expansion of the latter equation around the limit value ° yields

VI T8 ey PV — 1= on 1)
which leads to

VTlr = )= ~Jg VT 2L 5 ) + on (1)
By using the same argument:

VTB(03,0:) — B (0)] = —J5 1(922)«/— (y (01,05, 7)), 2 B (022)) + op, (1).

Asymptotic distribution of «/T[EI,T — éZf;lfﬁvl’T(Qo, 0-)]:
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We have

S ~s5 - ~0 -
VI| B = = 5 0.0+ ')

= T 5 Woxr B+ 57 OV'T SZ L0802, 23) 7. B (0220) + 00 (D).

The statistic /7] /ET st_lﬁT(Bo,Hz) + ﬁ (02)] is asymptotically normally distrib-
uted with mean zero and a covariance matrix given by ®}(S,0»):

_ 1 _ _ _ _ _ _
DS, 000) = Iy ' 1o Iy + EJSA(922)13(922)%71(922) + <1 - E) T (022)K5(022) 75 (022)

— Jo 'Ko(00) T3 (020) — T3 (02) Ky (020) T

Let @ ,(S, 01,) be the (¢, x ¢,) left-upper bloc diagonal sub-matrix of the (¢ x ¢) matrix
®%(S, 05). By the partial-encompassing hypothesis H): % = (6%, 0,1) we get

S s _ _ _
VT \Bir = £ - éZﬁm(eo, 020) + (0, 621)] =T

. 1 S~ _
Bir— §Zﬁ17r(9(1)’ 921)] :

The statistic /7] [ﬁl T SZS_I /31 T(01,021)] is asymptotically normally distributed with
mean zero and a covariance matrix given by &g (S, 01). As usual the optimal choice of
the matrix Q; which minimizes the asymptotic covariance of the II estimator based on the
sub-vector binding function is QF(05) = @ (S, 05)~" and the result of Proposition 3.5
follows. O

Appendix B

We define the vector

1 oVr 1 1 oMr
\/—TG—yO}—T’ET’V)Z <\/_ op (}/T, xr, B, \/— o

where y = (8',y)". The corresponding vector for the structural model is

O}T’ ET? ‘P)/) b}

L oVr 0 a o v (1 007 — 0 1 oMy 0 !
ﬁ ay (XT(Q 502520)’/)_ («/_ 6/3 (.y (0 5925 ()) ﬁ) \/— a[p (y (9 792720) lrb)
We make the following assumptions:
1 oVr 0
(AIS) \/— a ()’T,XTaV )v

is asymptotically normally distributed with mean zero and with an asymptotic covariance
matrix Ay.

62
(A16) BO PO hm a a / (yT7£T3’yO)’
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1 oVy 1 oVr
VT o VT o
independent of the initial values zj,s = 1,...,S.

1 oVy
JT Oy
is asymptotically normally distributed with mean zero and with an asymptotic covariance
matrix A; and independent of the initial values zj,s =1,..., S.

(A7) lim COV*{ Qo X727") =

—— (7560, 02,23,y )} = Co,

(A18) —— (7,00}, 02, 25),7°),

*Vr
oo Oy0y’

(A19) By =P, lim —= (7,01, 02,),7").

1 oVry
VT &
independent of the initial values z and zf, for s#¢.

We can show that

oVr

) 1
(A20) TI_I)TOOCOV*{ (V (00302’20) VO) \/— oy

O}T(eos 0_27 ZS)» yo)} = CS;

1 1
5(S) = By ' 40By ! + EB{‘ASB{‘ + <1 - E) By 'CyBy' — By'CoBy ' — By CyBy
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