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The likelihood of DSGE models

A reduced form state space representation:

y∗t = Mȳ(θ) + Mŷt + N(θ)xt + ηt

ŷt = gy(θ)ŷt−1 + gu(θ)ut

E(ηtη
′

t) = V (θ)

E(utu
′

t) = Q(θ)

The log–likelihood is computed with the Kalman filter.
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Kalman filter

For t = 1, . . . , T

vt = y∗t − ȳ∗ − Mŷt − Nxt

Ft = MPtM
′ + V

Kt = gyPtg
′

yF
−1
t

ŷt+1 = gyŷt + Ktvt

Pt+1 = gyPt(gy − KtM)′ + guQg′u

with y1 and P1 given.

ln L (θ|Y ∗
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Tk
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1
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v′tF

−1
t vt
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estim_params

Estimated parameters are declared in a estim_params;
. . .end;.
For each estimated parameter, declare the initial value and,
optionally, a lower and upper bound.
Example
estim_params;
ALPHA1, 0.5, 0, 1;
ALPHA2, 0.5, 0.2, 0.8;
end;
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varobs and estimation

Observed variables are declared in varobs.
Computing the estimation is triggered by estimation.
Required option: datafile
Example
estim_params;
ALPHA1, 0.5, 0, 1;
ALPHA2, 0.5, 0.2, 0.8;
end;

varobs Y, PIE, RS;

estimation(datafile=ddd);
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Usefull options

first obs=n : first observation (default: 1)

nobs=n or nobs=([n1:n2]) : number of observations (default:
the entire data file)

mode file : filename of previous results (default: none)

compute mode : optimization algorithm
0 : no optimization
1 : Maltab’s fmincon
2 : Lester Ingber’s adaptive simulated annealing
3 : Matlab’s fminunc
4 : Chris Sims’ csminwel (default)
5 : Marco Ratto’s robust optpimizer

mode check : draws objective function in each parameter
direction.
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More options

prefilter : 0, no prefiltering; 1, the data are demeaned
before estimation (default: 0).

presample : number of initial periods that don’t enter into
likelihood computation (default: 0).

like init : initial covariance matrix of state variable
prediction. 1, for stationary models, unconditional
variance of state variables; 2, for nonstationary
models, diffuse prior, diagonal matrix with 10 on the
diagonal.

loglinear : computes a log–linear approximation of the
model instead of a linear (default) approximation.
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More options

optim=() : changes options for Matlab optimizer (see
Matlab optimset command).

momentsvarendo : computes posterior distribution of
moments of endogenous variables.

bayesianirf : computes posterior distribution of IRF’s.

smoother : computes posterior distribution of smoothed
variables.

filtered vars : computes posterior distribution of filtered
variables.

forcast=n : computes forecasts for n periods.
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observation_trends

Linear trends in the observed variables, if they exist, are
declared in observation_trends; . . .end;
For each observation variables, the trend is expressed as a
function of model parameters.
Example
observation_trends;
Y (gam);
P (mu/gam);
end;
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Ireland (2004) model

Yt = AtK
θ
t (ηtHt)

1−θ

ln At = (1 − ρ) ln Ā + ρ ln At−1 + εt

Yt = Ct + It

Kt+1 = (1 − δ)Kt + It

γCtHt = (1 − θ)Yt

1

Ct
= βEt

{
1

Ct+1

[
θ

Yt+1

Kt+1

+ 1 − δ

]}
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Stationary variables

ŷt =
Yt

ηt

ĉt =
Ct

ηt

ît =
It

ηt

k̂t =
Kt

ηt

ĥt = Ht

ât = At
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Stationary model

ŷt = âtk̂
θ
t ĥ

1−θ
t

ln ât = (1 − ρ) ln Ā + ρ ln ât−1 + εt

ŷt = ĉt + ît

ηk̂t+1 = (1 − δ)k̂t + ît

γĉtĥt = (1 − θ)ŷt

η

ĉt
= βEt

{
1

ĉt+1

[
θ
ŷt+1

k̂t+1

+ 1 − δ

]}
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Preparing it for DYNARE

Kt measures the stock of capital at the beginning of period
t. We need the stock of capital at the end of the period:

k̂t → k̂t−1 =
Kt−1

ηt

For log–linearizing, write the model as a function of the log
of the variables.

yt = ln ŷt, ct = ln ĉt, it = ln ît

kt = ln k̂t, ht = ln ĥt, at = ln ât

ESTIMATION WITH DYNARE – p. 13/30



Model ready for DYNARE

eyt = eatekθ
t−1eh1−θ

t

at = (1 − ρ) ln Ā + ρat−1 + εt

eyt = ect + eit

ηekt = (1 − δ)ekt−1 + eit

γecteht = (1 − θ)eyt

η

ect
= βEt

{
1

ect+1

[
θ
eyt+1

ekt
+ 1 − δ

]}
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Measurement equations

ln Yt = yt + ȳ + ln ηt + uyt

ln Ct = ct + c̄ + ln ηt + uct

ln Ht = ht + h̄ + uht

uyt
= r11uyt−1 + r12uct−1 + r13uht−1

+ εyt

uct
= r11uyt−1 + r12uct−1 + r13uht−1

+ scyεyt
+ εct

uht
= r11uyt−1 + r12uct−1 + r13uht−1

+ shyεyt
+ shcεct

+ εht
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Priors in DYNARE

NORMAL_PDF N(µ, σ) R

GAMMA_PDF G2(µ, σ, p3) [p3,+∞)

BETA_PDF B(µ, σ, p3, p4) [p3, p4]

INV_GAMMA_PDF IG1(µ, σ) R+

UNIFORM_PDF U(p3, p4) [p3, p4]

By default, p3 = 0, p4 = 1.
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Exemple

Model from Rabanal et Rubio (2005) "Comparing New
Keynesian models of the business cycle" JME.
Compares different types of nominal rigidities

1. Calvo pricing

2. Calvo pricing with indexation

3. Calvo pricing and Calco wage setting

4. Calvo pricing and Calco wage setting with indexation
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Model

yt = yt+1|t − σ

�

r − πt+1|t + gt+1|t − g

�
yt = at + (1 − δ)nt

mct = rwt + nt − yt

mrst =
1

σ
yt + γnt − gt

rt = ρrt−1 + (1 − ρ) (γππt + γyyt) + emst

rwt = rwt−1 + winft − πt

at = ρaat−1 + eat

gt = ρggt−1 + egt

πt = βπt+1|t + (1 − δ)(1 − θpβ)
1 − θp

θp(1 + δ(ε − 1))
(mct + eλt)

rwt = mrst
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rabanal.mod

var y r pie g a n mc rw mrs winf;

varexo e_a e_g e_ms e_lam;

parameters sig delta gam rho gampie gamy rhoa rhog bet thetabig eps;

eps=6;

bet=0.99;

delta=0.36;
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rabanal.mod (continued)

model(linear);

#theta_p = thetabig/(thetabig+1);

y=y(+1)-sig*(r-pie(+1)+g(+1)-g);

y=a+(1-delta)*n;

mc=rw+n-y;

mrs=(1/sig)*y+gam*n-g;

r=rho*r(-1)+(1-rho)*(gampie*pie+gamy*y)+e_ms;

rw=rw(-1)+winf-pie;

a=rhoa*a(-1)+e_a;

g=rhog*g(-1)+e_g;

pie=bet*pie(+1)+(1-delta)*(1-theta_p*bet)*(1-theta_p)/

(theta_p*(1+delta*(eps-1)))*(mc+e_lam);

rw=mrs;

end;
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rabanal.mod (continued)

estimated_params;

stderr e_a, uniform_pdf,,,0,1;

stderr e_g, uniform_pdf,,,0,1;

stderr e_ms, uniform_pdf,,,0,1;

stderr e_lam, uniform_pdf,,,0,1;

sig, inv_gamma_pdf, 0.67, 0.9;

gam, normal_pdf, 1, 0.5;

rho, uniform_pdf,,,0,1;

gampie, normal_pdf,1.5 ,0.5;

gamy, normal_pdf,0.125 ,0.125;

rhoa, uniform_pdf,,,0,1;

rhog, uniform_pdf,,,0,1;

thetabig, gamma_pdf, 2, 1.42;

end;
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rabanal.mod (continued)

varobs pie r y rw;

estimation(datafile=datarabanal,nobs=75,mh_replic=20000,mh_jscale=0.6);
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Schorfheide (2000) model

Et

(

− bPt/

h bCt+1

bPt+1mt

i)

= βe−α(γ+εt+1)Pt+1

�
α bKα−1

t N1−α
t+1 + (1 − δ)

�
/

hbct+2

bPt+2mt+1

i)

cWt = bLt/Nt

φ

1 − φ

h bCt

bPt/ (1 − Nt)

i

= bLt/Nt

Rt = (1 − α) bPte
−α(γ+εt+1) bKα−1

t−1 N1−α
t /cWth bCt

bPt

i−1
= β

h
(1 − α) bPte

−α(γ+εt+1) bKα−1
t−1 N1−α

t

i

×Et

hbLtmt

bCt+1

bPt+1

i−1bCt + bKt = e−α(γ+εt) bKα
−1N1−α + (1 − δ)e−(γ+εt) bKt−1bPt

bC = mt

mt − 1 + bDt = bLt
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(continued)

bYt = bKα
t−1N1−alpe−α(γ+εt)

ln(mt) = (1 − ρ) ln(m?) + ρ ln(mt−1) + ηt

Yt/Yt−1 = eγ+εt bYt/bYt−1

P/Pt−1 = ( bPt/ bPt−1)(mt−1/eγ+εt)
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Observable variables

One observes output and the price level.

ln Yt − ln Yt−1 = ln Ŷt − ln Ŷt−1 + ln dAt

ln Pt − ln Pt−1 = ln P̂t − ln P̂t−1 + ln mt − ln dAt

One can do either a stationary estimation on the rate of
growth of the observed variables or a nonstationary
estimation on the level of the observed variables
Differences:

one more observation

taking into account cointegration between the
observed variables (there is none in this example)
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Difficulties with nonstationary models

1. there are either an infinity (pure random walk) or no
steady state (random walk with drift).
One must however compute the steady state of the
stationary part of the model.

2. Initialization of the Kalman filter. In the stationary case,
the filter is initialized with the unconditional mean and
variance of the endogenous variables.
Use a diffuse Kalman filter as in Durbin and Koopman
(2001). This puts a diffuse prior on the initial conditions
of the filter.
In Dynare, the diffuse Kalman filter is used
automatically if some variables are declared in the
unit_root_vars statement.
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An augmented state space representation

y∗t = M1ȳ(θ) + M1ŷt + M2zt + N(θ)t + ηt

ŷt = gy(θ)ŷt−1 + gu(θ)ut

zt = zt−1 + gzy(θ)ŷt−1 + gzu(θ)ut

E(ηtη
′

t) = V (θ)

E(utu
′

t) = Q(θ)
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Explicit steady state function

The user can supply a Matlab function returning the steady
state of the model. This function must be called
<model name>_steadystate.m

In the returned vector, the variables must be ordered
alphabetically.

It contains steady state value of the stationary
variables

Convenient dummy values for the nonstationary
variables (0 for linearization, 1 for loglinearization)
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Obtaining posterior distributions

After running Metropolis, Dynare let you obtain posterior
distributions for many functions of the parameters. This is
controlled by options in the estimation statement.

momentsvarendo computes posterior distribution of the
moments of the endogenous variable as in
stoch_simul (posterior distribution of the variance
decomposition is also included).

bayesianirf computes and display posterior distribution of
IRF’s.

smoother computes posterior distribution of the smoothed
variables, including the shocks.
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forecast=N computes posterior distribution of forecast for N
periods after the end of the observation sample. The
graph includes one confidence interval describing
uncertainty due to parameters and one confidence
interval describing uncertainty due to parameters and
futur shocks.
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