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Optimal Control Monetary Policy

e Optimal control approach to monetary is back in vogue among academics

(Svensson (2002), Svensson and Woodford (2003), Woodford (2003), Gi-
anonni and Woodford (2005))

e Svensson and Tetlow (2006) show it's feasible in practice with FRB/US, the

Board's large-scale nonlinear models



Optimal Control Monetary Policy

Optimal control methodology (Sargent, 2007):

1. Apply rational expectations econometrics to historical data to estimate pa-
rameters that describe private agents preferences, technology, endowments,

and information sets.

2. Posit a timing protocol and an objective function for a government, typically

a Pareto criterion.

3. Find a new rational expectations equilibrium that maximizes the governments

objective.

4. Proclaim as advice the government policy that implements that rational ex-

pectations equilibrium.

Source: Thomas J. Sargent (2007), “Evolution and Intelligent Design."



But what if the reference model is misspecified?

e Economists disagree about model specification

e lronside and Tetlow (2007) show that key properties of the FRB/US model

changed over time reflecting evolution in specification
e Robust control can deal with small deviations from reference model

e But, incorporating “realistic’ moderately-sized degree of model uncertainty in

optimal control is infeasible with today’s methods and computers



Stress Testing Monetary Policies

e This paper follows the approach of “stress testing” proposed monetary policies

across a range of non-nested empirical macroeconomic models (McCallum
1988; Taylor 1993)

e This approach helps identify characteristics of policy rules that perform well

across different models, and those that don't

e Past research has identified types of simple monetary policy rules are robust
to misspecification of model dynamics (Levin, Wieland, Williams 1999, 2003;
Orphanides and Williams 2002, 2007)

e Optimal control policies may not be robust to gross misspecifcation of dy-
namics (Levin and Williams 2003)



Expectations Formation

e \We assume the central bank has the correct model of aggregate dynamics

e But, agents have imperfect knowledge of the macroeconomy and base their

forecasts on estimated models
e Evidence from surveys supports deviations from rational expectations

e We evaluate optimal control policies and simple monetary policy rules op-
timized under the assumption of rational expectations to various models of

learning



Estimated Model

IS Curve (measured in unemployment rate)

wr = 0.5ug, + 0.5u1 +0.056 (75 — ") + vy,
(0.022)
(VA 0.513 Vi1 + Cu.ts (3'61) = 030,
(0.085)

Philips Curve

T =057 +0.5m 1 —0.294 (uf — u}) + eqy,
(0.087)

5. =1.35,

Sample : 1968:4 - 2004:2



Optimal Control Monetary Policy

Central Bank Loss:

L=Var(m—7")+ AVar(u—u")+vVar(A)),

We assume A = 4 and v = 1 (implies equal weights on inflation and output gap)

e Optimal control policy minimizes loss subject to constraints of model equations
under rational expectations

e Policy implemented using forecasts from structural model.



Simple Rules
Optimized LWW (2003) rule:
i = dpy + 1.05 (70,5 — %) — 1.39 (wp_y — ).
Optimized OW (2007) rule:
i =11+ 1.74 (g — ) — 119 (w1 — ).

e Parameters chosen to minimize central bank loss under rational expectations

e Inflation expectations formed using same model as private agents

Sources: Levin, Wieland, and Williams (2003), “The Performance of Forecast-
Based Policy Rules under Model Uncertainty,” and Orphanides and Williams
(2007), “Inflation Targeting Under Imperfect Knowledge."
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Impulse Responses with Rational Expectations

Inflation Shock
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Performance with Rational Expectations

Standard Deviation Loss
Policy T u—u" Al L

Optimal control 1.83 0.67 120 6.59

LWW rule 1.87 069 123 6.93
OW rule 1.83 0.73 139 7.40
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Perpetual Learning

Agents forecast with a VAR(l), where [ € [1, 3]
}/;f — (ﬂ-t) U, Zt)
Xt — (17 T—1, Ut—1, it—h ey T Ut—[ it—l)-

¢i: (3-14 1) x 3 matrix of VAR coefficients

e VAR(3) encompasses rational expectations equilibrium

e VAR(1) and VAR(2) are underparameterized
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Perpetual Learning

Agents reestimate forecast model each period:
Rt — Rt—l + /i(XtXL{ — Rt_1>

¢ = ¢+ kR X(Y, — X))
e 1. estimates range from 0.01 and 0.04 and are estimated imprecisely (Or-
phanides and Williams 2005, Milani 2005, Branch and Evans 2006)

e 1 = 0: No learning; i.e., agents have infinite amounts of data (c set to values
implied by RE equilibrium)

e We consider values of kK between 0 and 0.03.

e Model moments computed from stochastic simulations of 44,000 quarters
(first 4,000 quarters dropped to eliminate initial conditions)
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Forecast Accuracy (RMSE)

Optimal Control LWW Rule OW Rule

K s U 1 T U 1 T U 1
VAR(3)

0.00 135 030 0.00 1.35 0.30 0.00 1.35 0.30 0.00

0.01 138 031 0.01 138 031 024 138 0.31 0.37

0.02 143 033 0.09 141 032 044 141 0.32 0.62

003 148 036 0.16 144 034 057 144 0.34 0.87
VAR(2)

0.00 135 030 023 135 0.30 0.00 1.35 0.30 0.00

0.01 137 031 024 137 031 0.22 1.37 0.31 0.36

0.02 139 032 025 138 0.32 0.34 139 0.31 0.54

003 142 033 026 140 033 049 141 0.33 0.74
VAR(1)

0.00 136 033 044 136 033 0.11 135 0.33 0.36

001 136 033 046 136 0.33 023 1.36 0.33 0.56

0.02 137 033 046 137 033 034 1.37 0.34 0.80

0.03 138 033 047 138 0.34 045 1.38 0.34 0.99
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Forecast Accuracy Horse Race (RMSE)

(LWW Rule)
Forecast Model
VAR(3) VAR(2) VAR(1)

K ™ U ( /s U ( T U !

Forecasting model used in simulation: VAR(3)
0.00 135 030 0.00 135 0.30 0.00 1.36 0.36 0.11
001 138 031 024 137 032 026 139 038 0.37
0.02 141 032 044 140 034 043 1.41 039 0.54
0.03 144 034 057 143 036 057 1.44 0.42 0.70

Forecasting model used in simulation: VAR(2)
000 135 030 000 135 030 0.00 1.36 0.36 0.11
001 138 030 0.18 137 031 0.22 138 0.383 0.29
0.02 141 032 031 138 032 034 1.39 0.40 0.42
0.03 145 033 046 140 033 049 142 042 0.58

Forecasting model used in simulation: VAR(1)
0.00 136 032 0.18 136 0.34 019 1.36 033 0.11
001 138 030 0.12 137 030 0.13 1.36 0.33 0.23
0.02 141 031 020 139 031 0.21 137 0.33 0.34
003 145 032 030 141 032 030 1.38 0.34 0.45
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Optimal Control Policy: Impulse Responses with Learning (x = 0.02)
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Performance of Optimal Control Policy with Learning

Standard Deviation Loss
K T uw—u*t A1 L
VAR(3)

0.00 184 068 120  6.65
001 214 076 132  8.63
0.02 275 092 157 13.39
0.03 317 105 181 17.76
VAR(2)
0.00 183 068 122 6.71
0.0l 206 074 129 8.14
0.02 242 086 147 10.93
0.03 276 097 166 14.12
VAR(1)
0.00 194 078 143 827
001 215 075 136  8.75
0.02 246 084 148 11.06
0.03 270 092 159 1321
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LWW Rule: Impulse Responses with Learning (x = 0.02)

Inflation Shock Unemployment Shock
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OW Rule: Impulse Responses with Learning (x = 0.02)
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Performance of Simple Rules with Learning

OC LWW Rule OW Rule
Loss Standard Deviation Loss  Standard Deviation Loss
K L T u—u" Al L T u—u" Al L
VAR(3)
000 665 188 069 124 697 184 073 139 7.43
001 863 193 080 137 817 190 086 156 8.97
0.02 1339 199 091 158 978 196 097 1.75 10.66
0.03 1776 2.09 104 178 11.83 205 1.09 198 12.87
VAR(2)
0.00 671 188 069 124 697 184 0.73 139 7.45
001 814 193 079 135 801 189 082 154 8.63
0.02 1093 197 089 147 921 194 093 169 10.08
0.03 14.12 204 098 1.65 10.75 2.01 1.03 1.88 11.81
VAR(1)
000 827 189 073 136 756 184 076 141 7.66
001 875 187 076 128 746 183 080 149 8.11
0.02 1106 191 085 142 853 189 091 168 9.72
0.03 1321 196 095 158 995 197 104 187 11.68
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Robustness to Learning

Inflation

0.03

1.5 ' '
0 0.01 0.02
K
Change in Short-term Interest Rate
. —
1.9¢ =7
1.8¢ e o~
P
1.7} e 2
e -
16 B - -
15 7 7
. -
1.4~ _ 7
e
1.3 -~
0 0.01 0.02
K

0.03

20

Unemployment Gap

11

0 0.01 0.02 0.03

K

Central Bank Loss

0.02

0 0.01

0.03



Central Bank Loss with Alternative CB Forecast Models

(Private agents forecast with VAR(3))

Optimal LWW Rule OW Rule
K Control  VAR(3) VAR(2) VAR(1) VAR(3) VAR(2) VAR(1)
0.00 6.65 6.97 6.97 7.07 7.43 7.43 7.18
0.01 8.63 8.17 7.92 8.96 8.97 8.63 9.38
0.02 13.39 9.78 9.43 11.58 10.66 10.21  12.47
0.03 17.76 11.83 11.11 14.25 12.87 1227 15.34
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Conclusion and Further Research

e Optimal control policies derived under the assumption of rational expectations
are not robust to alternative models of expectations formation

e Simple rules that have proven to be robust to other forms of model uncertainty
are also robust to alternative models of expectations formation

e Addition of other forms of model misspecification, such as uncertainty about

time-varying natural rates, amplifies our results (Orphanides and Williams
2007)
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