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ASanta Fe Artificial Stock Market
ALearning

AModel predictive control
AOpen agent discussion
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Course Qutlook

November 3@ capital (?)

December P: team 105, team 102, team 104
Decemberl4h: team 100, team 101, team 103
December 2% opentopic



Santa Fe Artificial Stock Market

ASmall, alternative research institute in Néwexiko

AKnown for complexity science and social simulations

Al NBIFGSR 0KS a{lyil CS ! NOUATFTAOALI
* earliest attempts to construct a financial market model with
SANTA FE heterogeneously learning traders.
INSTITUTE

The world headquarters for
complexity science



Santa Fe Artificial Stock Market

Resources:
A Tesfation www2.econ.iastate.edu/tesfatsi/SFISTOCKDetailed.LT.htm

ALeBaronBuilding the Santa Fe Artificial Stock Market, 2002
ABrian Arthur: Complexity Economics: A Different Framework for Economic Thought, 20!

BlakeLeBaron Brian Arthur LeighTesfatsion



Santa Fe ASM: Assets

Two assets:

ARiskfree asset, payin¢rs = 0.10

ARisky stock paying a stochastic divide d; = d + p(di—1 — d) + p
with d = 10, and p = 0.95, and p; ~ N(U,ai)

A Dividend mearreverts to 10.



Santa Fe ASM: Market Clearing

announcea oy a market maker to all tne raders. Agents rounda a matcning rui€ 101 tne current market conaitions, ana

came to the market with an order to buy or sell 1 share of stock. Most of the time this market was out of equilibrium

with either more buyers or sellers. The smaller of these two sets would get satisfied while the other would get rationed.
For example if there were 100 buyers (B;) and 50 sellers (St), the sellers would all be able to sell 1 share, and the

buyers would get only 1/2 share. The price would then be adjusted to reflect either the excess demand or supply.

Pi+1 =Pt + A(By — St) (1)

I have commented previously on some of the problems with this pricing mechanism?, but it is important to repeat
them here. The first problem 1s that the results were very sensitive to A. Setting A too low generated long persistent
trends during which the market stayed in excess demand or supply. Setting A too high yielded markets in which the

price overreacted, and the market thrashed back and forth from excess supply to excess demand.’ The second problem

Price function in the Santa Fe Artificial Stock Market.
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Demand and Supply

ADemand for stock depends on price prediction
AEach agent makes individual price prediction using prediction rules
AEach agents has 100 prediction rules, but only uses the recently best one.

ARuleset is evolved through genetic learning

A Mutation: randomly change rules sometimes a little

A Selection: delete the worst rules every now and then

A Reproduction: recombine some of the best rules to replace the deleted ones
ARules are linear:  Ei(p,, +duy1) = a;(pe +di) +b;

ABut only applied if they match current market conditions, see next slide.



Rule matching

(#a D: 1: #; a;, b_,i':n G'?)

Agent always applies the best active rule.

6! yOf SFNJI FNRY GKS
Rule Matches
(1,#,1,#,0) || (1,0,1,0,0)
(1,1,1,0,0)
(1,0,1,1,0)
(1,1,1,1,0)

Table 1: Matching Examples
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Bit

Condition

Price*interest/dividend > 1/4

Price*interest/dividend > 1/2

Price*interest/dividend > 3 /4

Y| TPEcé An@ st/ DMIAENS & 7/8 1 S

Price*interest/dividend > 1

Price*interest/dividend > 9/8

Price > 5-period MA

Price > 10-period MA

Price > 100-period MA

[a—
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Price > 500-period MA

11

On: 1

12

Oft: 0

Table 2: Condition Bits



Santa Fe Artificial Stock Market
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Learning Method Classification

APsychology: conscious vs unconscious learning.
A Conscious learning example: reading a book to learn something X
Al yO2yaOA2dza fSIFNYAY3I SEIF YL SY fSIFNYAyY3
a book)
AComputer science: online vs offline
AhytAYySY GfSIFENY & @2dz 3263 O2y UAydz2 dzaf
A Offline: all data from beginning is necessary to update beliefs
AEndogenous vs exogenous learning
AEn\gIogenous: agents learn within a simulation run, learning is part of the model
A9E23Sy2dzayY 3Syda tSEFENY o0SG6SSy aaiaydz |
Many learning methods can be applied in multiple ways.



Exploration

Belief
Observation (about model
parameters)
E.g. was my offer filled? | can charge 7$ pesotatoe. | sell most of my potatoes for 7$.
But also a small amount for 7.10$
as a test.

—

Actions influence what you can observe, leading a
trade-off betweenexpoitationand exploration.
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Automatic Model Improvement from Data
Online Learning

[ measured
states residual . |
Dynamical Function mode
pata - ( i i > d ription
i Model estimation escriptio
applied "
| d(x, u, t)
Inputs

x=f(x,u,t)+d(x, u,t)

=
i L
i i
F “
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i

Slide copied from Melanieilinger
https://www.ethz.ch/content/dam/ethz/speciainterest/dual/riskcenterdam/Dialogue%20Events/Melanie%20Zeilinger.pdf




Example
Autonomous Underwater Vehicle (AUV) — Depth Control

(w, heave velocity [m/s]
States < q, pitch velocity [rad/s]

L ©, pitch angle [rad]
Input: rudder deflection

Constraints: min & max pitch velocity / angle

min & max rudder deflection iy Controller %‘;‘{;e

Update Collection

Objective: track set point point for pitch angle

Model: Model Update
Xk+1 = Axx + Bug + Bad(wyk, gk)

nonlinear resistance unknown

Slide copied from Melanigeilinger
https://www.ethz.ch/content/dam/ethz/speciainterest/dual/riskcenterdam/Dialogue%20Events/Melanie%20Zeilinger.pdf



Slide copied from Melanigeilinger
https://www.ethz.ch/content/dam/ethz/speciainterest/dual/riskcenterdam/Dialogue%20Events/Melanie%20Zeilinger.pdf
Coursenttp://www.idsc.ethz.ch/education/lectures/modepredictive-control.html




