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Indeterminate dynamic equilibria

 Macroeconomic forces often generate multiple equilibria

Non-convexity or complementarity only locally powerful

Multiple steady states and regions of local indeterminacy

Set of REE can be very large, especially in a stochastic environment
e Many papers focus on REE that are perturbations of perfect foresight paths

 We resolve multiplicity by appealing to learnability



Results

1. Such environments have a learnable REE

2. The properties of the learnable REE do not resemble simple perturbations
around convergent perfect foresight paths

3. An econometrician could improperly infer that equilibrium is characterised
by convergent behaviour perturbed by sunspot shocks
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New Keynesian Framework
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e TaylorRule ¢, < landa >0
* Three deterministic steady states at (-2,-2), (0,0) and (2,2)

e (0,0) is complex sink with multiple convergent perfect-foresight paths



Perfect foresight solution
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Neural network learning

e Agents learn by updating a neural network
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e Properties of REE verified by Den Haan and Marcet 1994 accuracy test



Verifying REE with neural network learning
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REE under neural network learning
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Characteristics of REE
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Greater linearity
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Greater linearity
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Adaptive learning

Perceived laws of motion (PLMs)
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Least squares learning
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Adaptive learning
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Not quite REE with adaptive learning
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Testing for indeterminacy and sunspots

Simulate data under converged neural network learning

|s data generated by a locally determinate system?
e Or perturbations of perfect foresight paths in a locally indeterminate system?
Lubik and Schorfheide 2004 test

e Based on log-linearised dynamics around a steady state

e Sunspots to perturbations of perfect foresight paths as in Farmer et al 2005



Results

Clear preference for
indeterminate model

Posterior mean

Parameter Prior mean Determinate Indeterminate

B N(1,1) —0.34 1.06

(—0.61,0.09) (0.97,1.12)
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Results

1. Such environments have a learnable REE

2. The properties of the learnable REE do not resemble simple perturbations
around convergent perfect foresight paths

3. An econometrician could improperly infer that equilibrium is characterised
by convergent behaviour perturbed by sunspot shocks



/LB application of Evans, Honkapohja and Mitra 2020
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(b) Neural Network Learning
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