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expectation hyopotheses (learning-knowledge-context)

4| rational expectations |—
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low
complete

low level of knowledge

KOOTHS, Institute for Industrial Economics, University of Muenster/Germany

Modelling Rule- and Experience-based Expectations Using Neuro-Fuzzy Systems



—| rule- and experience-based expectations |—

rule-based backward-orientation

learning by observation

"People don't know everything,
but they never stop learning."
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features of different kinds of expectations

— observing the past

theoretical background|—

rule- and

autoregressive y :
experience-based rational

Modelling Rule- and Experience-based Expectations Using Neuro-Fuzzy Systems KOOTHS, Institute for Industrial Economics, University of Muenster/Germany



Project Outline

Economic

Experimental
Indicators

Games

Empirical Data Szenario-Generator

Simulation Software

MAKROMAT-nfy,

Software Solution

| theoretical framework [

Macro-Models with Neuro-Fuzzy-generated Expectations

N N

Structure of the Expectation
Model World Formation
DAD-DAS-Model Neuro-Fuzzy

Consensus-Model Neural Networks
"New-Classical Synthesis" Fuzzy Logic

L business cycle theory |- —— artificial intelligence |-




simulation model: mode of operation (direct effects only)
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MAKROMAT-nfx: user interface
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income fluctuations in response to monetary policy switches (adaptive expectations)

14l Sequential Analysis: Rapid Diagram
e SIEL|Fm0 S ] =l [=1| & == L o I~ @QEI
ag _‘x-"alues in40 . "-.-"alues_ g
- right axis left axis E
a8 — ﬂ =75
= ~BS
% — / (H i
= .
95 — L‘)j\\_,r':
] — 55
% i
] =5
93 — z
. — 445
2 S
9 3 ! Z 35
a0 4 L T T T T T [ O T [ T T [ S T B B B |__ 3
] 1 2 ] 4 5 (o]
Period (1) in 100

Modelling Rule- and Experience-based Expectations Using Neuro-Fuzzy Systems KOOTHS, Institute for Industrial Economics, University of Muenster/Germany



income-inflation adjustment paths

all periods periods with wage bargaining
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income fluctuations in response to monetary policy switches (rational expectations)

L4 Sequential Analysis: Hapid Diagram
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comparing classic and fuzzy sets
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fuzzifying the inflation rate
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fuzzy rules and fuzzy infrence: basic principle

a) stylized form of a fuzzy rule

fuzzy rule
[AF condition(s) ' THEN reaction to condition(s)
conditional block consecutive block
b) inference principle
transmission of the
L degree of application .
conditional block »| consecutive block

c) example (rule estimation by means of the scaling procedure)
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fuzzy rule base and fuzzy inference (example: Phillips curve)

Phillips-connection between unemployment and inflation
("the higher the unemployment rate, the lower the expected inflation rate”)
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fuzzy functrion approximation (example: Laffer curve)

tax returns

0 | |

0 tax rate
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Inferenzprozel3 bei normalisierten Fuzzy-Regeln

{ AGGREGATION |—

evaluation of multi-dimensional rules
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fuzzy inference result set and defuzzification procedures

| center-of-area-procedure | |center-of-maximum-procedure —

crisp expected value weighted center values
(center of area)
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fuzzy expectation formation as an economic feedback control system

fuzzy expectation generator H

crisp exogenous
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architecture of a layered feed-forward neural network

input layer

hidden layer

output layer

(1st layer)

(2nd layer)

(3rd layer)

# Signa| ﬂow (reca” mode) %
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simplified artificial neural node N, /transfer functions

weights

out,

integration transfer
function function

net _activation

input ~ value

g

output signal

/ode output\\

input singals for nodes in subsequent layers
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transfer functions —
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threshold function logistical function . .
(gaussian function)
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backpropagation network with ns = 4 layers

input layer (ns-3) 1st hidden layer (ns-2) 2nd hidden layer (ns-1) output layer (ns)

node index: i node index: | node index: k "node index": 1

external error signal

dinternal error signals dinternal error signals

signal flow (training mode)
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neuro-fuzzy system for expectation formation (Lin/Lee-technology)
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controlled error-backpropagation algorithm
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sequence of rule-based forecasting and experience-based expectation training

{FE-generator for period tS l— { FE-generator for period tS+1 l—

IF ... THEN ... IF ... THEN ...
THEN ...

> | inference IF .. THEN . > | inference IF ..
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surface of the neuro-fuzzy expectations editor (fuzzifying tab)
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effect of rule-based inflation expectations without learning (fixed convictions)
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effect of rule-based inflation expectations with learning (1st recalculation round)
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effect of rule-based inflation expectations with learning (2nd recalculation round)
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learning process for inflation forecasting (1st recalculation round)
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inference process for inflation forecasting (2nd recalculation round, t = 24)

L4l Inference Process Explorer
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effect of mono-dimensional ("rational”) rule-based inflation expectations (2nd recalculation round)
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4 Conference
Title: Computing in Economics and Finance - Fifth Conference of the Society for Computational Economics
Session: 103 B26/99 09:20-10:45 Fulton 145 (Genetic Algorthms I}

4 Paper
Title: Modelling Rule- and Experience-Eased Expectations Using Neuro-Fuzzy Systems
Download: cef99-kooths pdf (preliminary version 05/03/99)

> Software (Beta-Release for Microsoft Windows NT 4 .0 and 258)
Setup Disk-Set: disk1 disk? disk3 diskd disks
Alkin-one Setup: setup exe

» Models and Rule Bases
Model 10 demo-ntl (adaptive) mms
Model 20 demo-nfx1 {rational). mms
Rule Base 1. demo-nfx1 {gF, twio-dimensional).nfx
Rule Base 2 demo-nfx1 (gP, rational, 3 terms).nfx
Rule Base 3. demo-nfx1 (gP, rational, 5 terms).nfx

This site is part of the MAKROMAT Web-Center. Host: Institute for Industrial Economics, University of Muenster/Germany, © KOOTHS, last modified: 058/20/93 14:53:20

L

|@ | l_l_l_@ Internet zone i

Modelling Rule- and Experience-based Expectations Using Neuro-Fuzzy Systems KOOTHS, Institute for Industrial Economics, University of Muenster/Germany




