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v/ Previous solution algorithms Oudiz and Sachs
(1985), Currie and Levine (1985,1993), Backus
and Driffill (1986), and Soderlind (1999) require
constraints to be written in state-space form

v/ Allow constraints in structural form, no need to
distinguish between predetermine and jump
variables

v/ Include next period’s policy instrument(s) in the
optimization constraint

v/ Easier to apply in practice especially when one is
considering many different medium-scale models
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v/ Small contribution but significant in terms of
practicality

v/ “New” algorithm to solve optimal policy in
rational expectation models

v/ Central bank’s control problem, under both
commitment and discretion

v/ Easily understood

v/ Applied to three different models, test for
efficiency

v/ Provide some insights into the convergence
problems



Compare to S.S specification
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v/ Dennis (2005)

Loss(t,00) = E; Z BHYWY, + X.Q%], (3)

t=0
S.t. AOyt = Alyt—l + AQEtyt—l—l -+ Agxt -+ A4Etxt_|_1 -+ A5Ut. (4)
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L=FE > BY,Wy, +XQx + 2X\(Aoy, — A1y, ,

=0

— Aoy, — AsXy — AgXip1 — i)

—_— = th — A/3>\t — /6_11421)%_1 = O, t > O,
— =Wy, + Apdt — B AL 1 — BAEt M1 =0, t > 0;
= Aoy, — A1Yy_1 — A2Ery, g — AsXy — AgEiXeq41 — Asvp =0, ¢ > 0;

—:QXt—Aé)\t:O, t = 0;

— — Wyt + A6>\t — BAllEt)\t_|_1 =0, t=0.

dy,

Only (6a) to

(6

c) will be binding, 0k = 0

CB choose the path of yx, and\;, V¢ > 0, and commit to It:

(5)

(6a)
(6b)
(6¢)
(6d)

(6e)
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Write equations (6a-6¢) a&Z;, = BZ;,_1 + CE.Z; 1 + Dvy:

0 A -4 a0 4 e
Ay, W 0 v, | = | B-14L O Y 1
-A3 0 Q X 614y 0 X¢—1
T e R

0 A Ay At 1 As

+| 4 0 0 By, 0

0 0 0 Xpi1 0
et 2ty

Binder and Pesaran (1995)Solution:

Zt = HZt_1 + th

(8)
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1.

2.

Can also solve equations (6a-6c¢) using eigenvalue method

The Euler equations (6a-6¢) do not dependloicertainty
equivalent Special property under quadratic objective,
linear constraints ana is a Martingale sequence

Loss(t,00) = |Z/PZ, = tr(G’PGQ)} , Where

0 0 O
P=K+(BHPH,andK= |0 W 0
0 0 @ |
limgyi (1 — B)Loss(t,00) = tr(K®), whered is the

W 0
0 @

unconditional var-cov ofy; x;|'andK =




Discretion - The Problem

;‘ Conjecture: y=Hiy, {+ Hov (11)

- Xt = F1y,_; + Fovg (12)
Loss(t,00) = Y, Py, + X;QX; + ] fﬁtr[(FéQFQ + HyPH5)QJ (13)

s.t: Dy, = Ayy,_; + AsXy + Asv;. (14)

P=W+ ﬁF{QFl -+ H{PHl and D = Ay — Ao Hy — Ay F)y
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Discretion - The solution

dLoss(t, 00)
N dxt
B | = A,D'T'PD7Y( Ay, + Asvy) + (Q + ALD' "' PD T Ag)x, = 0

= AYD'" "' PD T (Ary,_q + Asxe + Asve) + QX

X; = (Q+ A,D'"'PD A3 tALD' T PD (Ayy, | + Asvy)  (15a)

yt — D_l(Al + A3F1)yt_1 + D_I(Ag) + A3F2)’Ut (15b)

GiVGﬂH?, Hga F{) andF2O = solve forHclmmg%dngi’lRQﬂng
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A simple example: G = AGB + V.

S1:. GivenG,, start aty = 1;

S2: Calculate; usingG; = AGyB + V;
S3: Repeat S2 using,+; = AG,B +V;
S4: Stop whenG, 1 — Gj| <e.

function [gl]=ricatti(a, b, v, eps, maxiters)

g0=. 01lreye(length(a)); j=1; len] = 1;
while lenj >= eps && j<=nmaxiters;
gl = v+a*gO0=b;
| enj = max(max(abs(gl-g0)));
g0 = g1;
=1+ 1
end;
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1.

Solving forH;, H,, I} andF; is generally very efficient

. The matriced?,, H,, F; andF; are independent ¢ and

Y,, certainty equivalent result still holds.

. Loss(t,) = |Z.PZ, + L tr(G'PGQ) |, where
t 1-3

W 0

0 @
limgy1 (1 — B)Loss(t,00) = tr(K®), whered is the
unconditional var-cov of Z

Z, =1y, X)), P=K+ H'PH, andK =

Solution under discretion is generally faster than
commitment because of the smaller state vector,
Z, =y, x;|' ratherthan Z= [\, y; X}/’
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v/ Apply to Gali and Monacelli (2004) to see if the new
algorithm is “practical” for estimation purposes

v/ The model:

14+ a(2—a)(on—1)

yt = Eryrq1 — - (it — Etmeq1) + gt (16a)
1-00-05) ¢ o )
= PE 16b
Tt = BEtmi41 + 7 ¢+1+a(2_a)(an_1) yt + ug (16b)
(0%
T =Tt + (gt —gt—1) (16¢)
l -«
gt = Brqi11 — (1 — o) (it — Evmepr —ry) + (1 — a)ef (16d)

g+, ur andry are AR(1) processes with white noise terefise;’, €] )

v/ Takes around 5 hours to simulate 100k MCMC draws under
discretion, and 7.5 hours under commitment on a P4 2.4G

v/ Haven’'t managed to get MLE working yet



Markov Chalin - Discretion
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