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Abstract

While estimating non-linear models through full-information methods is yet
too challenging, we propose to evaluate any model through Simulated Method of
Moments (SMM, hereafter).

Advantage:

• Flexible

• No need of closed form expression for moments;

Main contributors: pioneered by DUFFIE and SINGLETON (1993), easily adapt-
able to DSGE models, see for example Ruge-Murcia (2012).

1 Simulated Methods of Moments (SMM)

The basic idea behind SMM is to generate simulated series from the economic model,
and then match their moments with those computed from the data.

A general expression for a model is given by:

Et {fΘ (yt+1, yt, yt−1, εt)} = 0, (1)

where yt is a vector of endogenous variables, Θ are the structural parameters and
εt a vector of exogenous shocks (IID and Gaussian). Expression Et {.} denotes the
expectations of future variables yt+1 and shocks εt+1.

Letting θ ∈ Θ denote the set of structural parameters to be estimated in the fit
exercise. After solving the model, it is possible to start the estimation of the model. It
is done through a two-step exercise.
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1.1 Step 1: Simulating the Model

They key aspect of the SMM estimation is to compute moments to be matched from
simulated series. We thus need to generate a large sample of artificial series to com-
pute asymptotic moments of the model. Given any set of calibrated parameters θ, we
can feed the model with random draws of shocks {εt}Tt=1 of size T :

gθ =
{
ŷθt
}T
t=τ

(2)

where gθ is the matrix that contrains simulated variables and τ is the number of draws
discarded from the sample. It is very common to discard first draws of the sample, in
particular when the estimation involves autocorrelation matching, as persistence in a
model requires a minimum of draws to be accurately measured.

Simulated series gθ from the model can thus be employed to compute any moment
m(gθ). The sample size of simulated series can be different (i.e., higher) from the
observed sample size. In addition, it is possible to compute moments not only on one
sample, but different chains of samples, which improves the accuracy and compute
the uncertainty of model-generated moments.

1.2 Step 2: Constructing the Estimator

Now we have generated series using the structure of the model. Clearly, the outcome
depends on the value of θ. The goal of the exercise is to determine the value of θ that
replicates the best some moment statistics of the data. The goal is to fit a number
i = {1, ..., N} of moments, denoted mi(.), and the minimize the distance between the
observed moments mi(

{
yobst
}T
t=1

) and their simulated counterpart mi(
{
ŷθt
}T
t=τ

). Then
the objective function to be minimized is given by:

V (θ) =
N∑
i=1

[
mi(
{
ŷθt
}T
t=τ

)−mi(
{
yobst
}T
t=1

)
]2

(3)

In addition, mi(.) moments can be the mean, the standard deviation, the skewness,
the kurtosis, etc. Written in a compact fashion, the objective function can also be
rewritten as a matrix product:

V (θ) = Mθ ×W ×M ′
θ (4)

where W is a weighting matrix (which can be either identity or optimal from some
criterion not discussed here).

1.3 Step 3: Minimization of the objective function

The SMM estimator is given by:

θ̂ = arg min
θ
V (θ) (5)

We thus solve this problem using optimization methods.
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1.4 Weighting matrix

Matrix W is a positive-definite weighting matrix of size N × N . While θ̂ is always
consistent for any positive-definited weighting matrix, the smallest asymptotic vari-
ance is obtained when the weighting matrix is the inverse of the long variance of the
moments, that is W = S−1, where

S = lim
T→∞

V ar

(
1/
√
T
T∑
t=1

mi(y
obs
t )

)
.

2 A minimalist example

Suppose an AR(1) process:

yt = (1− ρy) ȳ + ρyyt−1 + ηt with ηt ∼ N (0, σ2
y)

This model comprises two structural parameters to be estimated: θ = {ρy,σy}. Con-
sider that the econometrician observes a sample Yt that is the observable counterpart
of model’s yt. Under indirect inference procedure, the econometrician can try to the
’best’ value of θ that matches some moments of Yt, denoted mi(Yt).

In this example, our model is linear, so this model only generates moments up to
second order (mean, covariance). So we can match the mean, standard deviation and
the persistence up to one period. We could also look at persistence to more lags, but
our model only includes one lag, so the persistence to any order higher than one will
not be informative about ρy.

Therefore, we can build matrix M as follows:

Mθ =

 E (yt)− E (Yt)
σ (yt)− σ (Yt)

ρ (yt, yt−1)− σ (Yt, Yt−1)


And the estimator reads as follows:

θ̂ = arg min
θ
MθM

′
θ (6)

3 A DSGE example

Suppose the New Keynesian model:

ŷt = Etŷt+1 −
1

σ
(r̂t − Etπ̂t+1) + εDt

εDt = ρDεDt−1 + ηDt with ηDt ∼ N (0, σ2
D)

π̂t = βEtπ̂t+1 + κŷt + εSt

εSt = ρSεSt−1 + ηSt with ηSt ∼ N (0, σ2
S)

r̂t = ρr̂t−1 + (1− ρ) (φππ̂t + φyŷt) + εRt

εRt = ρRεRt−1 + ηRt with ηRt ∼ N (0, σ2
R)
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How can we estimate the parameters of the model? The SMM aims at estimating the
structural parameters based on the matching of some moments. One possible list of
moments reads as follows:

Stand. Dev. σy σπ σr
Data 4.00 0.59 0.91
Autocorrelation ρ (yt, yt−1) ρ (πt, πt−1) ρ (rt, rt−1)
Data 0.97 0.85 0.98
Correlation ρ (yt, πt) ρ (yt, rt) ρ (rt, πt)
Data -0.15 -0.37 0.70

Note that our model is linear, so we are not able to capture any third order mo-
ments through the model.

What we need to do:

1. Set the name of the parameters that we estimate. Next we must find their
Dynare’s id.

2. Define the set of moments to be matched from some data. We can also get the
variance of the moment’s estimator if we want to set W = S−1.

3. Build an external MATLAB file that update simulated moments for a new candi-
date θ̂, compute the squared distanced from the observed and simulated moment
as MθWM ′

θ.

4. Use an optimizer that minimize that external function defined before to get op-
timal θ̂ minimizing MθWM ′

θ.

5. Simulate the estimated model based on the set of estimated parameters θ̂.

4 Conclusion

Indirect inference procedure are easy to implement and can be applied to any model.
However, it’s a weak information methods that does not portray the full variance
covariance of the data (because we restrict the analysis to some specific moments).
In addition, this method does not allow counterfactual analysis (we have no shock
sequence that replicates the data), nor forecasting.

Bottom line: calibration < SMM < bayesian/maximul likelihood estimation.
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