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Abstract

The main object of this study is the stock marleign as a complex system
constituted of basic elements (securities, tradifgastructure and atomistic
heterogeneous investors) and process flows (faiegasnvestment decision
making, trade execution, maintenance of financiatords, etc.). More
specifically, we explore the possibilities to ugeedfic simulation models as
tools for generating economically interesting adécuate systemic behaviour,
analysing properties of the actual stock market exylaining certain market
phenomena. We propose two specific artificial stotkrket (ASM) models,
based on inductive, competitive reinforcement-leayrbehaviour of atomistic
heterogeneous agents in highly uncertain envirohrfiérese models are used as
a structured framework for the analysis of markelf-egulation abilities,
efficiency, determinants of price formation and dators’ attitude to risk,
emergent properties of the financial market andsipptes determinants of asset
price bubbles. One model is calibrated to acturfcial data.

One of distinctive features of the proposed modglkpproach is a strong
emphasis on economic behaviour of individual ageintshe proposed models
boundedly rational agents base their decisionsconamnic considerations, such
as estimation of discounted earnings and comparidoreturns on different
investment strategies, and pursue forward-lookiglgalviour in highly uncertain
environment. Agents’ individual adaptation, intenf@ral decision making and
forward-looking behaviour in the multi-agent sedgtinis governed by
reinforcement learning technique borrowed fromfiblel of machine learning.
To our knowledge, this work is one of the firsteatpts to apply the
reinforcement learning techniques in an ASM moA#o, this is one of the first
full-fledged artificial stock market models in thi#ghuanian scientific literature.

The Dissertation is comprised of an introductoryapmter, five main
chapters, a concluding chapter, two appendicesribesgr model setups and
results, and two appendices with program codestHer proposed models.
Chapters 1-3 contain theoretical, methodological discussion material. In
Chapter 1 we give a general discussion about dugesgd financial models as an
alternative and a complement to standard finantiiabries. A brief ASM
literature review and presentation of some spedf®M design issues are
provided in Chapter 2. Chapter 3 is devoted toitintu presentation of basic
principles of the standard reinforcement learnind aontains discussion on its
relevance in the context of financial modelling. @hapter 4 we spell out the
general analytical framework of the simulation mo@md conduct some
simulation exercises. Chapter 5 contains a parsonen suitable for empirical
calibration version of the model and simulatiorufes



Rezium é

Sio tyrimo objektas yra akgijrinka, kuri suvokiama kaip kompleksisistema,
sudaryta iS5 bazini element (vertybiniy popieri;, prekybos infrastrukiros ir
atomistiniy heterogeninj investuotoy) ir proces (prognozavimo, investicini
sprendinn priemimo, finansini saskaity vedimo ir t.t.). Konkré&au tariant,
Siame darbe nagijamos galimybs panaudoti konkggus imitacinius modelius
siekiant generuoti ekonominiu pa#u jdomia sistemos dinamik tirti faktines
rinkos savybes bei paaiskinti kai kuriuos rinkogkimius. Siuo tikslu paslyti
du dirbtires akcijy rinkos modeliai, pagsti heterogenini ageni induktyvia,
konkurencine skatinamojo mokymosi elgsena didelileapibéZztumu
pasizymirtioje aplinkoje. Sie modeliai sudaro strkzuota analitin pagrind,
rinkos savireguliacijos galimgms, efektyvumui, kainos formavimosi
veiksniams, investuotgj poZziiriui i rizika, kylantioms rinkos savyems bei
galimiems finansini burbuly veiksniams tirti. Vienas iS$imodely yra i$ dalies
pritaikytas empiriniams finansiniams duomenims.

ISskirtinis padgilyty dirbtinés akcijy rinkos modeli ypatumas yra tas, kad
teikiama dided svarba ekonominiu padkiu pagistam agent elgsenos
modeliavimui. Siuose modeliuose riboto racionaluagentai savo sprendimus
grindzia ekonomine logika, pavyzdZiui, diskontug@gjam sraut; vertinimu ar
alternatyvip investiciniy strategijp lyginimu, o ju elgsena neapiitumu
pasizymiigioje aplinkoje yra orientuotai ateities galimyhj vertinim.
Individuali ageni adaptacija bei tarplaikiniai investiciniai spremdi pagisti
skatinamojo mokymosi algoritmu, perimtu i magmokymosi literairos. Sis
tyrimas yra vienas iS pingu bandymy pritaikyti skatinamojo mokymosi
algoritmus imitaciniame akgjjrinkos modelyje. Tai yra vienas i$ pign pilnos
apimties imitacini akciju rinkos modelj Lietuvos moksligje literafiroje.

Disertacip sudarojvadinis skyrius, penki pagrindiniai skyriai, iSwadr
rezultaty skyrius, du priedai apraSantys modelio nustatyimeiseksperiment
rezultatus ir du priedai, kuriuose &tiytas modeti programinis kodas. Pirmame
skyriuje pateikiama bendra diskusija apie agentgiagista finansin
modeliavimy kaip alternatyy standartidms neoklasikidams teorijoms. Atranki
literatiros apzZvalga bei svarb imitacires akcip rinkos modeli karimo
aspektai aptariami antrame skyriuje. diame skyriuje pristatomi baziniai
skatinamojo mokymaosi algoritmo (tiksliau, vadinam@)-mokymosi algoritmo)
principai bei aptariamos galimgb ji taikyti vykdant finansinh modeliavina.
Ketvirtame skyriuje pateikiamas bendras imitacimwdelio pagrindas bei
atliekami kai kurie imitaciniai eksperimentai. Ptarke skyriuje pristatoma
glaustess, empiriniam taikymui tinkama modelio versija bepraSomi
imitaciniy eksperiment rezultatai.

vi



Notation

Symbols

a’, —agent’s individual price adjustment factor,

a,—agent’s individual price adjustment factor in the parsinmrs model,

a, — action taken at timg

afy —agent’s individual dividend expectation adjustment factor;

b, —indicator variable showing whether agerg willing to buy or sell the stock;
¢ —prespecified fractional trading cost;

d, —annual dividend payout;

d’,.. —agent’s individual n-year-ahead dividend forecast;

d, —dividend pay-out during specific trading session

hi —agent’s stock holdings (number of shares) just befaaditrg sessioty

hl,l —agent’s stock holdings (humber of shares) immediatetgrafading session
y —time period (year);

Y'..; —individualj-quarter-ahead forecast of quarterly corporateiegsn

Yy, —corporate earnings in quartgr

Vii



nmy, —agent’s cash balances just before trading session

mﬁt —agenti’s cash balances immediately after trading sedsion

p’ —stock price quoted by individualn trading sessiot)

P — probability of transition to state' from current state given actiors;
p, —average transaction price (market price) in trgdiessior;

Q’(s,a) — action-value function for the state-action paidenpolicyr;
g—time period (quarter);

™™ — a predetermined one-period return on bank account;

I —constant interest rate;

d
i,y+n

r’ . —reinforcement signal to agenissociated with n-year-ahead dividend forecast;

r.., —reinforcement signal to agenin the refined model,;

il

r.” —reinforcement signal to agenassociated with stock value assessment;

it+1

r'*"" —individual return on wealth following trading sesst;

it
f

rq‘q+j

— market yield on the government bond maturingdogrters;

R, — expected reward signal given transition from s$dtes' and actiors;
r. —reinforcement signal at tinte

S — environment state at tintg

t —time period;

V7 (s) — state-value function for action policy in states;

v —individual reservation price at tinttrading sessiot);

v, —t-th iterative approximation of action-value functio

fund

v, —agent’s perceived risk-neutral present value of expedigiiend flows;
W, —expected end-of-period wealth of agefur j-th feasible price quote;
X;, —J-th feasible price quote in trading sesstipn

a —the learning rate parameter in the reinforcemeatrling algorithm;

BT —individual coefficients in the short-run regressif corporate earnings;
. —individual intercept coefficient in the long-ruegression of corporate earnings;
. —individual slope coefficient in the long-run regsen of corporate earnings;

y —discounting parameter in the reinforcement learmilyorithm;

& — probability of choosing non-greedy action;

&, —ordinary least squares residual in the long-rgnession of corporate earnings;
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6 — column vector of parameter matréx associated with acticen
A, —smoothing factor in dividend expectations;

A, —smoothing factor in perceived present value catowm;
7z(s,a) — probability of taking actiom in states (action policy);

@, — vector of state featureSikhuvénote

® — parameter matrix in the action-value function appmnation.

Abbreviations

EMH - efficient market hypothesis;

ABF — agent-based finance;

ASM - artificial stock market;

EWMA — exponentially weighted moving average;
VaR - value at risk.
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Introduction

Research motivation

The world economy is in the midst of a global fioiah crisis, caused by a mix
of a global asset price bubbles, overwhelming ioretl exuberance and
systemic mistakes of economic agents and finanagaket participants. Against
this background, the neoclassical financial theobased on strong assumptions
about the market efficiency, rational representatigent and market clearing
achieved through Walrasian tatonnement processeems to be losing touch
with reality. To understand the increasingly anamal market behaviour it
might not suffice introducing market imperfectiamschanging other aspects of
standard models. There is mounting evidence tleap#radigm shift might be
necessary.

Unfortunately, there are no satisfactory alterrestiyet but, with growing
computing power, modelling possibilities expand aed/ promising frontiers of
research emerge. One of them could be agent-basmgutational finance.
Agent-based financial models take account of sommeddmental features
inherent for the real world financial markets, sashsystemic complexity, agent
heterogeneity, bounded rationality and complex ration of agents. More
generally, these simulation models give researcherat flexibility to model
interesting features of real world phenomena. Wil eventually allow very
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2 INTRODUCTION

realistic modelling of financial markets, goods ks or the economy as a
whole. Before this vision materialises, however,major breakthrough in
realistic modelling of intelligent, but boundedlgtional human behaviour is
needed. It can only be achieved by blending anamdipg advancements of the
economic theory, cognitive psychology and artificiatelligence theory
(LeBaron, 2003).

Research problem

One of the major tasks of the financial researclgeneral is to enhance our
generative understanding of the actual functiorohdinancial markets. In the
broadest sense, this work also aims at generdintéom-up understanding of
what principal elements and processes constitubekstmarkets and how
complex market behaviour may emerge. Within thepscof artificial stock
market modelling, the research problem can beudatied through a number of
generally unanswered questions: what are the drelgments and processes of
financial markets, what are the main drivers behmastors’ decisions, what
are emergent properties of the simulated markethaowd they conform with
actual market properties and stylised empiricatisfawhat can be said about the
formation and stability of market equilibrium, haamd why financial bubbles
form, etc.

We hold the view that whilst the relaxation of sigo neoclassical
assumptions about the principles of market funatigrs a big step forward in
the quest of answering the above questions, rdssarcstill face a huge
challenge of making the agents’ behaviour in thraedels more “economic”. In
other words, agents should exhibit economicallgriegting behaviour and retain
elements of economic reasoning rather than cotestilnere collections of
behavioural rules. Ensuring that agents’ behavi@s sound economic rationale
and is validated by experimental evidence wouldtlyencrease the credibility
of model results but this largely remains an urkegbproblem (Duffy, 2006).

Another caveat is that systemic adaptation in naggnt-based financial
models relies on evolutionary search algorithmsis Tineans that systemic
dynamics, e. g. trading and market price formatiengenerated by simply
ensuring the sufficient variety of investment sgas and inducing some sort of
evolutionary selection of strategies in favourlioge that give highest utility to
individuals. Such approach often downplays the ingwe of individual
behaviour, which is often assumed to be drivenitmplstic rules. Also, these
algorithms generally do not support forward-lookinghaviour except special
cases, in which agents try to achieve myopic on@geoptimisation. Unlike
neoclassical financial theories, most existing &fpased models are not well-
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suited to model the intertemporal choice and hemtss a crucial aspect of
financial decision making.

The object of research

The main object of this study is the stock marlkeign as a complex system
constituted of basic elements (securities, tradifgastructure and atomistic

heterogeneous investors) and process flows (faiegasnvestment decision

making, trade execution, maintenance of financiatords, etc.). More

specifically, we explore the possibilities to ugeedfic simulation models as

tools to generate economically interesting and aatsqg systemic behaviour,
analyse the properties of the actual stock markett explain certain market

phenomena (e. g. bubble formation).

The goal of the Dissertation

The goal of the Dissertation is to:

— Propose specific agent-based artificial stock keiafASM) models,
based on inductive, competitive reinforcement-lasynbehaviour of
atomistic heterogeneous agents in highly uncegauironment;

— Use the models as a structured framework forathalysis of market
self-regulation abilities, efficiency, determinamtsprice formation and
investors’ attitude to risk, emergent propertiesth# financial market
and possible determinants of asset price bubbles.

Research tasks

In this work we set up the following research tasks

1. Present main concepts and principles of agesgebenodelling, discuss
the main differences between the standard neocisdinancial
theories and the agent-based approach and promideeaview of the
literature on the artificial stock market modelling

2. Present the main principles of the reinforcenteatning methodology
and discuss issues related to its implementatiorthen context of
financial modelling.
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3. Develop a conceptual framework for the agenetbamnalysis of the
artificial stock market, discuss behavioural pnobes and market
processes in the simulation model.

4. Develop a parsimonious version of the agentdasaedel of the stock
market populated by heterogeneous reinforcementitegp agents,
conduct simulation experiments, analyse emergeapesties of the
simulated market and determine possible driversinbetinancial
bubble formation.

5. Calibrate the model to empirical financial dated compare simulated
market's properties to those of the actual stockketaand to stylised
empirical properties.

Research methodology

This research relies on simulation-based sciergifiguiry, descriptive statistics,
econometric modelling, theories of economic dedisimaking, and the
reinforcement learning algorithm (Q-learning) takesm the machine learning
research.

Scientific novelty of research

The proposed approach to the ASM modelling is quitkependent and has a
number of novel features. We strive to overcomeesof the abovementioned
problems of agent-based modelling without sacrifictheir merits, and this
requires seeking a good balance between systemaptatn (through
competition) and individual adaptive behaviour. Bos purpose we put a much
stronger emphasis on economic behaviour of indalicagents than in most
agent-based models. In our research, boundedlgnedtiagents base their
decisions on economic considerations, such as a#imof discounted earnings
and comparison of returns on different investmemategies, and pursue
forward-looking behaviour in highly uncertain emnment. They also take
account of the uncertain impact of other marketigipants’ actions on the
market price.

Individual adaptation, intertemporal decision makend forward-looking
(non-myopic) behaviour in the multi-agent settisggoverned by reinforcement
learning technigue borrowed from the field of maehilearning. To our
knowledge, our work is one of the first attemptsagply the reinforcement
learning techniques in an ASM model. The proposedets apparently are the
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first attempts in Lithuanian scientific literatu@develop a full-fledged artificial
stock market.

There are some other interesting and novel featordhge proposed models.
Agents’ interaction in our models is highly autormm, as we do not make any
strong assumptions about aggregate supply, demapdoe adjustments. The
proposed framework enables us to formulate and imeaideas about possible
determinants of bubble formation. Overall, thissgsh contributes to the agent-
based modelling by offering some interesting mauglideas and helping to
narrow the gap between agent-based models of fmantarkets and more
conventional approaches to financial modelling.

Practical importance of research

Though theoretical in essence, the proposed mbdeks some practical value in
that enable investors and policy makers to gaititgtise insights about bubble
formation mechanisms and examine the effects arésting shocks to the
stylised simulated financial market. Reinforcemégrirning techniques and
some other ideas from the current research carxtemded for application in
different financial research areas, such as thiysinaf portfolio management,
stability of financial systems, bank runs and ficiahpanic, etc.

Defended statements of the Dissertation

1. The neoclassical financial theory is based trictive assumptions
and focuses on equilibrium relationships, and theiefails to provide
generative explanation of financial market fundciign In contrast,
agent-based financial modelling is better suitedtlfiss purpose as it
recognises that systemic complexity, investor tlggeneity, bounded
rationality and inductive behaviour are salienttdees of financial
markets.

2. The proposed basic ASM model can serve as aipladramework for
generative analysis of financial market processash as price
determination, making of trading decisions, exp@mta formation,
etc.

3. The proposed calibrated model version is capablgenerating the
artificial stock market with simulated returns peofies closely
matching actual financial data and stylised progerof stock market
returns.
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4. The simulated market in the calibrated modetioerhas a tendency of
self-organisation, i. e. transition of the comp#gstem to the state of
equilibrium price; individual adaptation and evadumary selection are
crucial for this sort of systemic behaviour in thedel.

5. The proposed models can be used to demonstnate ptausible
financial bubble formation mechanisms include egcdiguidity,
contagious earnings forecast errors and competftressures to reap
short-term benefits from foreseeable price trendsing bubble
formation episodes.

6. Reinforcement learning is conceptually suitdblemodelling agents’
inductive behaviour in an artificial stock markebael, even though it
cannot guarantee optimal behavioural strategies.

Structure of the Dissertation

The Dissertation is comprised of introduction, fiv&in chapters, chapter for
general conclusions and discussion of resultspfiseferences, list of author’s
publications and four appendices. In Chapter 1 we @ general discussion
about agent-based financial models as an altemativd a complement to
standard financial theories. A brief ASM literateview and presentation of
some specific ASM design issues are provided inp@&ma2. Chapter 3 is
devoted to intuitive presentation of basic prinefpl of the standard
reinforcement learning and contains discussiort®relevance in the context of
financial modelling. In Chapter 4 we spell out tfeneral analytical framework
of the simulation model and conduct some simulagéxercises. Chapter 5
contains a parsimonious, suitable for empiricaibcation version of the model
and simulation results.

Approval of research results

Most of the material of this dissertation is veryah interlinked with three
scientific papers prepared by the author (in colfabon with Dissertation
Supervisor Professor Aleksandras Vytautas Rutkayskaing the period of his
PhD. studies, namely Ramanauskas (2008), Rutkauskds Ramanauskas
(2009) and Ramanauskas (2009). The author has gessral presentations on
topics related to dissertation research at an riatemal conference
(Ramanauskas, 2007), in workshops held at Stockisalinool of Economics in
Riga, at Vilnius Management Academy and at studentinars.



Agent-based financial models versus
the representative-agent paradigm

Neoclassical capital market theories regard fir@naonarkets as extremely
efficient price determination mechanisms. Moreovédrading processes
themselves are effectively excluded from the amalyg applying strong market
clearing assumptions. Now one can observe the grgmhradigm shift in the
financial literature, as financial markets are peimcreasingly viewed as
complex dynamical systems, consisting of intergc@omistic agents whose
complex interaction and individual learning redaltsome systemic adaptation
but not necessarily high market-level efficiencjieTongoing paradigm shift is
by no means a merely academic debate. It is oft gng@ortance for market
participants and policy makers. It is pretty obwothat in recent years
economists’ blind belief in nearly perfect marketglf-regulation abilities
outshined the premonition of the looming globalaficial catastrophe and
arguably even paved the way for it. Hence, theerurcrisis offers economic
researchers a good reason to devote more effortefitvancing generative
understanding of market processes rather than nbtate on equilibrium
relations.

Much of the mainstream financial theory builds & tefficient market
hypothesis (EMH) and the rational representativenagparadigm. These
presumptions have clearly played a crucial rolshiaping the widely accepted

7
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understanding of risk, determinants of asset prigestfolio management

principles, etc. Yet there is a growing need togeise that the gap between this
idealisation and reality may be too substantialtfar theory to grasp correctly
the essence of the functioning of financial markeis the standard theory
arguably abstracts from the salient features ofnizxad phenomena. The central
question is whether the financial market can ben s a perfect (or nearly

perfect) price determination mechanism. There alat af theoretical caveats

and empirical anomalies associated with standamen@ial theories, strong

assumptions of perfect rationality and the efficiearket hypothesis.

In this chapter we discuss the problem issuesarfdstrd financial market
modelling and advocate the position that some @ftican eventually be solved
by taking alternative, agent-based modelling apgroaWe present main
concepts and principles of agent-based modellind highlight the main
differences between the standard neoclassical diabtheories and the agent-
based approach.

1.1. General discussion of homogeneity, perfect
rationality and market efficiency

Theoretically, the homogeneous agent assumptidarifom innocuous, as at
the heart of finance lies the collective discoveffysecurities prices in the
process of trading, i. €. as a result of the it@va of heterogeneous agents. It is
a plain fact, which hardly requires any scientifiquiry, that investors have a
bewildering variety of views, expectations and erefces. They possess
different amounts of information, and their finaadalecisions vary greatly in the
level of sophistication. In reality, the financrabrket awakes to life and trading
takes place exactly owing to this heterogeneitynadrket participants. An
assumption that each individual, or the aggregadeket behaviour, can be
approximated by some average or a fictitious repridive agent inevitably
leads to the loss of a large degree of freedomas®yming this, one clearly risks
attributing effects of changes in individual agépisrceptions and strategies to
something like the representative agent’'s consumgmoothing preferences.

In reality it is much, much more complex. For exénghe standard line of
thinking suggests that individuals invest in riskgsets so as to optimise their
consumption patterns. The big question is whethey tare able to do that
effectively if the environment is highly uncertaitssuming that they can, they
will still have widely differing valuations of expted payoffs, owing to their
different preferences and risk tolerance. Moreolrage amount of idiosyncratic
changes in investors’ beliefs, preferences, neeids, force investors to adjust
their investment positions. As a result, aggregaigply and demand shift, and
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market prices of risky assets change commensuralély magnitude of this

change is largely unpredictable because in retiitye is no way of knowing

idiosyncratic factors affecting each investor'seassupply and demand curves.
In the short run, stock prices are arguably mofectdéd by these idiosyncratic
shocks than by relatively infrequent news on theicstiral changes of the
processes materially affecting fundamentals — ithés can be traced back to
Keynes (1936) In this light market efficiency, as well as congnce between

fundamentals and market valuation become very vaguoeepts: what are those
fundamentals if everyone can have different and metessarily erroneous
beliefs about what an asset is waidhthen? It is immensely doubtful that is is
valid to claim that the “true” fundamental value ah asset is simply some
average of all individual valuations. Such concepnh only be a merely

theoretical construct, and recent global finand@velopments have forcefully
demonstrated that the average market valuation dnarge dramatically from

any sort of fundamentals.

Even stronger is the perfect rationality assumptibris obvious that, as
already noted by Simon (1957) half a century agdividuals act in a highly
uncertain environment and their natural computibditees are limited, while
information search and analysis are costly and tomesuming. All of this
implies that even if perfect rationality was fedsilm the information collection,
processing and decision making sense, it would Igimpe too costly
economically. Paradoxically, it is hardly rationl attempt being perfectly
rational. Moreover, a large thread of literaturepsf/chology and behavioural
finance instigated by laboratory experiments of #&han and Tversky (1973)
and Tversky and Kahneman (1974) suggest that edonibamaviour is often
better explained by simple heuristic rules andtioreal biases rather than by
dynamic optimisation.

The perfect rationality assumption is particulastyong and restrictive if
applied in the context of financial market modg]linThis is related to an
inherently large impact of expectations on the aggte financial market
behaviour. Recall in this context Keynes’s famobeduty contest” idea that it
often pays to prefer crowd wisdom to own beliefswtfundamentals, and as we
argued above there are no market forces that cengdire that the crowd is
always unerring. Moreover, every market participaas some marginal impact
on these price fluctuations and their expectatasut likely price changes may
become self-fulfilling. Any signal, such as goodwseelated to a specific stock,
may lead to investors’ coincident actions. Thisenftriggers changes in the
stock price in a predictable direction, which ingglithat immediately following
the news it can become optimal for short-term sja¢ars to buy the stock

! See also Cutleet al. (1989).
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irrespective of actual fundamentals. There is mgtho prevent under- or over-
reactions to the news, so once again it is highisealistic to assume that the
actual market price always coincides with some &umeintal value. In general,
self-fulfilling expectations may lead to multiplarspot equilibria, which are not
consistent with rational expectations by definitidn other words, Muth’s
(1961) rational expectations hypothesis can simplyeen as an elegant way to
exclude ad hoc forecasting rules and market psychology from ecdoom
modelling (Hommes, 2006) but due to the self-refeat nature of predictions
they may be deductively indeterminate. In realitgrket participants are more
likely to form expectations inductively (Arthur, 99) — subjective expectations
are formed, tested and changed dynamically, asehadnditions change and
market participants gain experience or interpressibly erroneously) plentiful
information signals.

We all know from our own experience that there © epnceivable
mechanism ensuring that people’s economic or sdmhlaviour is perfectly
rational. Yet proponents of the EMH hypothesis arguat perfect rationality
can be an emergent feature of the financial marketere are claims, for
instance, that the existence of arbitrage tradmrs|utionary competition and
generally offsetting each other noise traders’ ety ensure that securities
prices always reflect fundamentals correctly. Tdeai (which is also known in
the literature as the Friedman hypothesis) that pasformance drives non-
rational investors out of the market is indeed afipg. However, investment in
stocks and some other securities is not a zerogame. Stock prices generate
positive returns in the long run in the overwhelghmajority of cases. Hence, it
is not clear why non-rational investors, especiplgsive investors, should “die
out” — they may well enjoy decent returns to thlgiss-than-rational (e. g.
passive) investment strategies. Moreover, theiryaisnconstantly replenished
with new inexperienced and hence non-rational itores The argument of a
negligible impact of emotional and non-rationadges can also be challenged.
It is exactly them, rather than “fundamentaliséiders, who are more likely to
react to non-fundamental headline news and pushkenhgprices in the
predictable direction, acting as a powerful marketving force and thereby
imposing “rules of the game”. Moreover, it is w&hown that sophisticated
traders, instead of acting as a stabilising foroay try to exploit the resultant
predictable market movements. For instance, Fraah@lFroot (1986) conclude
from their survey that investors often recogniseoasiderable price deviation
from their perceived fundamentals but neverthellesg find it logical to follow
the trend until it reaches some turning point.

2 Emergent features are systemic features that tdendeduced by simply scaling indi-
vidual behaviour; see Chen and Yeh (2002b) forudision.
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There are also a number of empirical problems wrilditional financial
models based on perfect rationality and EMH assiomgt Financial literature
discusses quite a few empirical anomalies, i. gaigoal regularities that are not
explained by the theory. Probably the most famaus is the equity premium
puzzle raised by Mehra and Prescott (1985). Stetkrms (or equity risk
premia) seem to be too high to be explained by store’ consumption
optimisation behaviour, implying implausibly highvels of their risk aversion.
Shiller (1981) and others have noted that stoclcegriexhibit excessive
volatility, as compared to changes in fundamentdlsere are also some
indications that markets may be more predictabbn tthe EMH hypothesis
suggests (Campbell and Shiller, 1988; Lo and Malelgin1988). Empirical
facts, such as large trading volumes, fat tailsetdirns distribution or persistent
stock price volatility, are not well understoodheit (LeBaron, 2006). And, of
course, booms, busts and financial crises — whiehrly are salient features of
today’s economic reality and should be placed yehigh on economists’
research agenda — are in discord with the starmddi@hal representative agent
paradigm and the EMH hypothesis.

1.2. The new paradigm — markets as complex
agent-based systems

Making strong assumptions in standard financial e®anay have been about
the only way to make theoretical generalisationsualthe market behaviour.
But now that the growing computing power and adimpocomputational
methods have enabled researchers to relax somehasfe tassumptions,
economics and finance are witnessing an importaradigm shift towards a
behavioural, agent-based approach. Pursuant t@pipicoach, markets are seen
as complex dynamical systems consisting of heteraggs learning, boundedly
rational heterogeneous agents (Hommes, 2006; LaBa0®h6).

Computational study of these dynamical systemsntdracting agents is
what agent-based computational finance is all adattus very briefly discuss
the principal attributes of the research objectgént-based financial models.
Naturally, at the centre-stage are agents. Agenthjs context, are given quite
a broad meaning. According to Tesfatsion (20068y tbomprise bundled data
and behavioural methods representing an entityconaputationally constructed
environment. They can range from active, learning data-gathering decision-
makers (e. g. investors, consumers, workers), gogial groupings (e. g. firms,
banks, families) and institutions (e. g. marketgutatory systems) to passive
world features such as infrastructure. From theamal point of view, they
are similar to objects and object groups in thescbpriented programming,
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whereas agent-based models technically are callecof algorithms embodied
in those entities termed “agents”. The possibitiby develop composite and
hierarchical structures of computational agentsligspthat they can become
arbitrarily complex and may greatly surpass theialgtical counterparts of
standard models in respect of reflecting salieatuiees of the real world entities.

The interdisciplinary nature of the notion of areapalso leads one to the
realm of the computer science. Here, an autonomagest is understood as a
system situated in, and part of, an environmenichveenses that environment,
and acts on it, over time, in pursuit of its owreada (Franklin and Graesser,
1996). If agents are capable of learning to achibe& goals more efficiently or
their population as a whole continuously adaptsetdetter suited to survive, the
artificial intelligence theory comes into play. kesng and adaptation are
crucially important in agent-based modelling sirtbe ultimate goal of any
economic analysis is to model the actual humariliopg@t behaviour and its
consequences at the individual or aggregate level.

Agents form complex adaptive systems. A systenai ® be complex if it
is constituted of interacting elements (agents) extdbits emergent properties,
i. . properties inherent to the system but noessarily to individual agents.
Depending on the complexity of studied phenomeompiex adaptive systems
may include reactive agents (capable of reactirmysgstematic way to changing
environmental conditions), goal-directed agentsadtige and capable of
directing some of their actions to achieving thgirals) and planning agents
(goal-directed and capable of exerting some cordx@r environment). It is
important that these systems are self-sufficientipramically complete, i. e.
they may evolve — without interventions from thedwslter — in reaction to
exogenous environmental changes or even as a m@suatierely endogenous
interaction of agents

Once agents are put together in a complex systgsteraic patterns
resulting from the agents’ interaction may be obsgrand the system’s reaction
to exogenous shocks can be analysed. Hence, agesd-linancial models
basically constitute a simulation tool. This deteres the delicate position of
agent-based financial modelling among standardnsfie inference methods:
deduction-based theoretical models (i. e. theakgeneralisation from certain
assumptions) and induction-based empirical modelsognition of systematic
patterns in the empirical data). Simulation, ancréidpased modelling in
particular, does not allow one to prove theoretjsadpositions, nor does it
directly measure real world phenomena, so theaiwiays a risk of analysing an
artificial world too remote from reality. On thehetr hand, simulation, just like

® For a more thorough discussion of the basic elésnand principles of agent-based
computational economics and finance see Tesfa(2@06).
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deductive analysis, is based on explicit assumgtiarhich in many cases are
much more realistic than in analytical models. liode assumptions and
parameters of exogenous processes are calibratedttih empirical data, then
simulation analysis does lend itself to drawinguedle inductive inferences
about the real world behaviour. Generally, as Adland Tesfatsion (2006)
observe, simulation permits increased understandihgsystems through
controlled computational experiments. Epstein (2@080 notes the importance
of agent-based modelling as a tool for generatixplamation. While most
economic and financial theory deals with analy$isquilibria, he argues that it
is not enough to claim that a system — be it amewqy, financial market or
other social grouping consisting of rational agerntsif put in the Nash
equilibrium, stays there. For a fuller understagdif a system’s behaviour, for
generativists it is important to understand how tleeal autonomous
interactions of atomistic, heterogeneous and badlgdational agents generate
the observed macro-level regularities and how ftstesn reaches, if reaches at
all, the equilibrium. Moreover, plausibility of amgguilibrium patterns at the
macro-level is required by generativists to be coréd by generating it from
suitable microspecifications. As Epstein (1999)spitit “If you didn’t grow it,
you didn't explain it”. In general, agent-based remmic and financial modelling
has several primary objectives — the abovementienggirical understanding of
macro-level regularities, normative understandifighatential institutional and
policy improvements, and qualitative insight anedty generation through
examination of simulated behavidur

Key features of agent-based financial models ard swmmarised by
Epstein (2006). The most important feature andadigtthe primary reason for
departing from standard analytical settings is fogfeneity of agents. Agents
may differ in their preferences, skills, decisiates, information sets, levels of
wealth, etc., and their characteristics may chaogr time independently of
others. Agent behaviour is generally characterisedounded rationality, which
arises both from limited information and limitedngoutational capacities of
agents. Agent interactions are autonomous, i.eretlis no central planner,
Walrasian auctioneer or other central controlldtgugh interaction rules,
behavioural norms and institutional settings mayabkitrarily sophisticated.
Agent-based models also require an explicit aget@raction network, which
may be centralised or decentralised (in which @ggnts interact locally), and
their financial decisions may be influenced by infation flows through social
networks. Finally, analysis of non-equilibrium dymas of analysed systems in
agent-based modelling is of no lesser importanea tstudying equilibrium
properties.

* For extended discussion see Tesfatsion (2006).
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Agent-based modelling clearly gives researcherargel degree of much
desired flexibility necessary to understand thel mearld financial market
phenomena. Unfortunately, this poses problemsNhah room for manoeuvre
implies that agent-based models vary to such aanexhat they lack some
unifying fundament, which could help to developsthinteresting area of
research into a solid theory with an establishethoduology and conventional
wisdom about basic building blocks. There are atswous difficulties related to
modelling micro-level behaviour. Having made thet{yr obvious proposition
that the real world investors are less than fudlyonal, researchers face difficult
conceptual issues related to deciding what thermevagents’ behaviour and
how to model it. Should modelled micro-behaviourtechathat of human
subjects in laboratory experiments? Should modeltliberately include in
their agent-based models behavioural biases andstieuules confirmed by
experimental data? Should artificial agents ap@giglon rules that have some
substantiation in the theoretical representativenagnodels? How learning and
expectation formation processes should be modellad8wers to these
questions, of course, depend on the problem at bahdas stressed by Duffy
(2006), in principle they are not yet systemicaltidressed by researchers of this
field. Dealing with these issues, Duffy suggestat thxternal validation of
simulation results should not be limited to comgani of aggregate outcomes of
simulated and real world phenomena. He advocatesutaelection of model
parameters based on experiments with human subgectssuggests seeking
stronger external validation by comparing simulatiesults to those obtained in
the experiments with humans, both at the micro-raadro-level.

1.3. Concluding summary of Chapter 1

Global economic and financial problems caused bydisorderly unwinding of
imbalances that had been accumulating over decaaemt be easily reconciled
with the efficient market paradigm based on rati@ngectations and perfectly
rational representative agent assumptions. Some @ the collapse of global
consumption as a result of the disregard of intgpt@ral budget constraints,
which is of course at odds with basic principles afhsumer (investor)
optimising behaviour. In any case, the mainstreamantial and economic
theory cannot explain current economic developmemi®e adequate forecasts
or policy prescriptions. In this situation thereatually a growing need to look
for a replacement for the work-horse financial aratroeconomic models based
on heroic assumptions. This chapter advocates tbe vhat agent-based
financial modelling, which takes financial markeas complex dynamical
systems consisting of interacting heterogeneoustagean potentially become a
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viable alternative. However, significant furthertardisciplinary progress is
needed before agent-based models can take the-ctage of financial market
modelling.

In this chapter we discussed, at the conceptual,léhve need for the proper
account of market complexity, agent heterogendityinded rationality and
adaptive (though not simplistic) expectations. Ehk=atures are usually absent
in standard financial models but are at the he&ragent-based modelling.
Agent-based models use the procedural (computere)cagther than
mathematical model description form, which techihjcanables researchers to
easily inquire into many interesting features ofteynic behaviour. However,
theoretical or empirical foundation of individuademts’ behaviour and external
validation of model results are two main probleraaa;, which have not been
systemically addressed to date and constitute iauseobstacle to the further
progress of agent-based financial modelling.






Artificial stock market literature
review and discussion of
model design issues

Artificial stock market (ASM) modelling is one specific area of the ageased
modelling. This chapter is aimed at providing e&band selective introduction
to the emerging body of literature on the agentlamancial modelling and,
more specifically, the artificial stock market (A$NMmodelling. To our
knowledge, such artificial stock market modellirggmot been conducted in the
Lithuanian economic literature but in this chaptex briefly touch upon the
research conducted by Lithuanian researchersaterkfields. In this section we
also discuss important model design issues ansiven developing ASMs.

2.1. ASM building principles and problems

ASM models are usually developed with the aim ofrmaking emergent
properties of financial markets. Some of the mogidrtant questions addressed

® ASMs are also referred to in the literature asusied stock markets and agent-based
models of stock markets.
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by these models relate to the self-organisatiorfirencial markets through

actions of boundedly rational agents, explanatioenapirical patterns of market

dynamics (e. g. price, volatility dynamics) and egesice of effective trading

strategies. A stylised process flow chart in adghASM model is presented in

Figure 2.1. Information flows from the external gomment are filtered, as

agents form individual perceptions of important extp of the environment.

Agents’ properties govern their behaviour, whickutes in the transformation of

individual perceptions into actions. Agent interacttakes place in the market
institution, where the market price is set as altexf agent interactions. In the

case of models supporting adaptation and learraggnt interaction and the

resultant market price dynamics may create envieminfeedback signals

needed for systemic adaptation or individual leagniThrough these processes
agent properties are altered to maintain an apiatepradaptation to the

changing environment.

ASM modellers have to deal with challenging desigeues and face
modelling tradeoffs. These include (but are noitéuhto) the choice of agents’
preferences and objectives, properties of secsyit@echanisms of price
determination, expectations formation, evolutiod sarning algorithms, timing
issues and benchmarks.

Since stock markets usually constitute an extreroetyplex environment,
one immediate problem is that any degree of realisnposes huge
computational costs and results in the loss ofygieal tractability. The problem
is most severe in modelling agents’ intelligentd@bur. It is further aggravated
by the fact that the decision-making processesiaobservable and there is too
little theoretical guidance on how to model thesecpsses realistically. For
these reasons ASM models usually are highly styliaad in many cases model
settings are kept close to certain benchmarks rdatd theoretical rational
expectations models or tractable and well undedssecial cases of agent-
based models. This generally strengthens the dligdidf ASM models as tools
of generative explanation of systemic equilibriarividd under strong
assumptions, and eases interpretation of simulagisults.
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External environment: > Information/data [«
- investment opportunity set
- actual economic data

- exogenous shocks, etc.
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- preferences individual learning - preferences
- performance track A - performance track
|
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Individual action \:/ Individual action
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via market mechanism

A
Emergent price behaviour

Fig. 2.1. Basic process flow in ASM models
Source:Adapted from van den Bergét al. (2002).

Agents and their decision-making processes occhpy centre-stage in
agent-based models of stock markets and are the swairce of diversity of
ASMs. The agent design might vary from budget-aairséd zero-intelligence
agents to sophisticated artificially intelligentctdgon-making entities. It is worth
noting in passing that some agent designs lack mymategrity and lasting
identity inherent to human subjects, which bringeiipretation of these artificial
agents closer to competing bundles of strategitherahan to actual investors.
Agents usually are given utility functions, andlityti levels associated with
different strategies are important in driving agéritehaviour or determining
their “fitness” in the evolutionary selection prese Agents may derive utility
from different sources, e.(g., consumption, weatth returns. A serious
limitation but a very natural one, given the comygle of the model
environment, is that in most cases agents are mayophat they care only about
one-period utility and do not attempt to carry duhamic optimisation.
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In simplest settings agents’ behaviour may be cetefyf random
(constrained only by budget constraints to makecd@nomically interesting, as
in Gode and Sunder, 1993). Alternatively, they rfalpow strict decision rules
or choose conditional strategies from a (dynamyca&Volving) bundle of
strategies. These rules may be suggested by statiteories or may mimic
popular actual investment strategies. The centealgth question in the ASM
models based on artificial intelligence is how dgerchoose investment
strategies and how the pool of available strategiedves. It should be noted
that in almost all models, agents — taken indivilgua have very limited
intelligence, whereas systemic adaptation andegyatnprovement mostly take
place at the population level.

Many ASM models employ Holland’s (1975) geneticaaithm technique
to drive the evolution of strategies. In such aithpons, inspired by the theory of
biological evolution, strategy pools evolve as auteof the rule crossover,
mutation and evolutionary survival of the fittegtes. Alternatively, agents may
choose their investment strategies or form thenedasts based on neural
network or simple econometric forecasting techmsgquénother learning
possibility is the Roth and Erev (1995) type stinsufesponse learnifig
(discussed, e. g., in Brenner, 2006; Duffy, 2006)ich leans on the simple idea
that actions yielding larger payoffs tend to beeadpd more frequently. More
technically rigorous and economically appealinghis reinforcement learning
mechanism established in the artificial intelligeriterature (see, e. g., Sutton
and Barto, 1998). This approach has been hardly esed in the context of
ASM modelling, partly due to some known problemshs application of such
algorithms in multi-agent settings. But, in ourwjehe inability to ensure that
the learned strategies are asymptotically optirhalikl not preclude modellers
from taking advantage of these economically intaitearning algorithms.

Specification of the market setting is another vienportant ASM design
issue. ASM modellers usually simplify the portfolilocation task, and in most
models there are only two types of securities tlade risky dividend-paying
stock and a riskless bond. Moreover, pricing intibed market is typically shut
down by assuming constant interest rates. Pricihghe stock is hence
determined by both fundamental factors and therdanten of heterogeneous
agents (and dynamics of their expectations), thosgime features of these
determinants may be greatly simplified for anabftior computational purposes.
For instance, the dividend process may not be rfextiepecifically, or dividend
can be assumed to be paid out every trading pesibith is a highly unrealistic

® It is also known in the agent-based modellingditere as reinforcement learning but it
should not be confused with the formal reinforcetriearning algorithm developed in
the artificial intelligence literature.
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but quite necessary assumption in the myopic agewironment. Next critical

issue in specifying the market setting is the ohaf the price determination
mechanism. According to LeBaron (2001b, 2006),dleme four major classes
of price determination mechanisms:

— Gradual price adjustment, in which case indiviciedl and buy orders

(for a given price) are aggregated and in the traging period the price
is gradually shifted by the market-maker in respadiosexcessive supply
or demand (the market is almost never in equiliajiu

- Immediate market clearing, whereby the marketarohg price is

computed from agents’ supply and demand functidghe (arket is
always in temporary equilibrium);

- Randomly matched trading, whereby trade takescepldetween

randomly matched agent pairs;

— An order book, which most closely models the alcttading process on

order-driven automated stock exchanges.

In this context it is useful to note the problentraide synchronicity, which
is not an issue in standard analytical represertagent models, where there is
simply no trade. Actually, the real world traders\ee in the market and make
their orders asynchronously, which may lead taeatyia intra-period interaction.
There are some attempts to build event-driven A8gead of ASMs evolving
in equal time increments. However, owing to tecahiand conceptual
difficulties, most ASM models assume that tradiregidions are taken by all
agents simultaneously without having any strategaraction of this type.

2.2. Brief ASM literature review

Though early attempts to build agent-based findm@dels were dated a
few decades ago, this line of research is arguatbillyat its early stages of
development and is only starting to shape a satid anified field of the
financial theory. Most noteworthy achievements bése models are their
abilities to generate the seemingly non-equilibriygroperties of financial
market dynamics, including clustered volatility sibck returns, heavy tails of
returns distribution, bubbles and crashes, anclagjumes of trading (Farmer
and Geanakoplos, 2008). On the other hand, a dowasth explanation of
particular episodes of empirical financial devel@oms and prediction of market
dynamics (e. g. bubbles and crashes) by using 4@e®d financial models still
seems as a distant future goal. Other weaknessbes# models include vague
and sometimes simplistic representation of indigidinvestor behaviour,
opaque learning processes, as well as severectiestsi on the number of assets,
their payout structures and sets of possible imvest strategies.



22 2. ARTIFICIAL STOCK MARKET LITERATURE REVIEW...

The need for this alternative modelling of stockrkea behaviour arose
from dissatisfaction with the abovementioned strasgumptions of the standard
financial theory, its neglect for simple investméehaviour rules that are often
used by finance practitioners and inability of s models to explain
satisfactorily the real world stock price dynamies g. the US stock market
crash on 1% October 1987 and, of course, the recent globahnfiial
meltdown).

Now let us turn specifically to some well-known retel We divide
(somewhat arbitrarily) the models into two broatkgaries:

— Models based on stochastic, heuristic and stdndaeory-implied

behavioural rules;

— Models with learning agents or evolutionary sgsteadaptation.

The latter category is arguably more promising iatetesting.

2.2.1. ASM models based on random, heuristic and ha  rd-wired
behavioural rules

The first group of ASM models generally investigateether interaction of
heterogeneous agents, who base their decisionsnphesdeterministic rules or
even act in a random manner, might induce stoaepriovements qualitatively
similar to those observed in real stock marketserig in these models usually
follow simple, “hard-wired” investment rules. Indar to generate interesting
market dynamics without sacrificing model parsimamg tractability, it is very
common to allow just a few investment strategibegé are the so-called few-
type models; see LeBaron, 2006). For instance, ebgplarticipants may be
broadly categorised as “fundamentalists”, “chastisand “noise traders”.
Fundamentalists base their investment decisiongundamental information
about stock dividend potential, chartists rely echinical analysis of time series
of stock prices, whereas noise traders may base itivestment decisions on
erroneous signals about fundamentals, follow agdesgnarket behaviour or,
say, simply behave in a random manner. Though stictiegies bear some
resemblance to the real world investment behavidhe, problem lies in
determining the distribution of different investiypes in model population, as
this distribution may play a key role in shaping tiggregate market behaviour.
Clearly, market developments are influenced bytikeapopularity of different
strategies. Under different circumstances someesfies may become dominant
and optimal to follow, hence in some models agamnesallowed to switch to
different strategies. They can switch to alterreastrategies depending on their
performance, or underperforming investors may syngxert smaller influence
on market developments due to their smaller firgneealth.
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The origins of this strand of literature are linkedthe few-type models of
foreign exchange markets proposed by Frankel ambtF§1988), Kirman
(1991), De Grauwest al. (1993) and others. A prominent early example ef th
few-type model of a stock market is Kim and MarkawiL989). In their stylised
model there are two types of agents that pursiereihe portfolio rebalancing
strategy or the portfolio insurance strategy. Rafedrs aim at keeping a
constant fraction of their assets in a risky stogRijle portfolio insurers try to
ensure the minimum level of wealth by defensivedylisg some of the stock
holdings if the minimum threshold approaches. Tdimatancing strategy works
as a market stabilising force (a stock price decipurs stock buying), whereas
the portfolio insurance strategy amplifies markleictuations (a stock price
decline prompts stock selling). With simple exp#otaformation and decision
rules and with the uncertainty induced by monetrgcks, the model shows
that some investment strategies, namely the abavismned portfolio insurance
strategy, may have a sizeable destabilising effie¢he market and can be partly
responsible for market crashes. Later models dpeeloalong this line of
research are much more detail-rich but they alleagtied at giving a plausible
explanation of complicated empirical market dynaniahich is not quite
consistent with standard financial models. In dethinodels of Lux (1995), Lux
and Marchesi (1999, 2000) much of market dynamnscatiributed to agents’
endogenous switching to different trading strategiepending on the prevailing
majority opinion. Another popular idea in the ASMghat some “smart money”
traders possess superior information and are ablerin (boundedly) rational
expectations, while others are noise traders hill984; DeLonget al. 1990).
Some models consider the choice between costlymggatiion and cheap
imitation strategies (see e. g. Sethi and Fran85)L In several other models,
artificial agents follow investment strategies lwhsen standard theoretical
principles, such as standard mean-variance optims#&Jacobset al, 2004;
Sharpe, 2007). Finally, it should be noted that tdontions from
econophysicists in this area of research are vgnjfieant — see Samanidoet
al. (2007) for a review. A lot of agent-based finahetadels actually are a
product of economists’ close collaboration with gibists, drawing on the
experience of the latter in studying systemic bahavresulting from complex
interaction of atomistic particles.

2.3.1. ASM models based on intelligent adaptation

Rational-expectations representative-agent modamime optimal investment
strategies and asset pricing in the equilibriumMASodels based on hard-wired
investment strategies mostly deal with emergenpgnttes of stock markets. All
of this is important in ASM models based on intght adaptation. In addition
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to this, these ASM models also help to explain owestors may come up with
good strategies, examine their stability, and wietuch artificial markets can
generate equilibria derived from standard modelh wéstrictive assumptions.
Basic features of the two broad categories of tB&Anodels are compared in
Table 2.1. It should be noted, however, that theditig line between these
model categories is blurred and some models mag sftane elements with the
other group.

Table 2.1. Comparison of the two broad categories of ASM node

Models with hard-wired Models supporting systemic
behavioural rules adaptation

Possible model| Provide possible explanation for The same and

purposes anomalous market movements| examine emergence of new
produce outcomes similar to investment strategies,
empirical patterns, analyse investment strategy
analyse how and if market evolution and stability

reaches equilibrium,

compare to benchmark
theoretical models

Agent Mostly few-type, Often many-type,

properties hard-wired rules dynamically changing rules
Systemic No or little Yes, through evolutionary
adaptation selection or individual learning
Individual No Possible, based on neural nets,
learning econometric forecasting,

stimulus-response,
reinforcement learning, etc.

Agent type Mostly modeller-determined Initially modeller-detgned
distribution but changes as a result of
systemic adaptation
Model Emergent systemic properties, | Emergent systemic properties),
outcomes market price dynamics market price dynamics,
agent type distribution
dynamics,

evolution of strategies,
possibly new strategies

Source:formed by the author.
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Dynamically evolving and improving strategies iseanarkable feature of
these agent-based financial market models. It lgrea&tduces reliance of
modelled market behaviour on arbitrarily chosenegiment strategies and
increases model realism. Participants of real wérdncial markets act in a
highly uncertain environment and most of them toy adapt to changing
environmental conditions and learn to improve thatiategies. Learning and
adaptation mechanisms in ASM models may still lny Y& from anything that
realistically describes genuine human learning lutany case, attempts to
model this crucial feature of investment behaviconstitute a qualitatively
different approach to financial modelling. In m@s$Ms, artificial intelligence
techniques, most notably evolutionary algorithmgl areural networks, are
favoured over simplistic adaptive rules. Since lligent adaptation implies
choosing among many different strategies, as veetiraating new ones, there is
usually a large and evolving ecology of investm&inategies in these models,
and they are therefore sometimes referred to asmhry-type” models.

A detailed review of the related ASM literature pigovided by LeBaron
(2006). Here we only briefly mention some of theren@opular models. A
model proposed by Lettau (1997) is one of the eattgmpts to examine
whether a population of heterogeneous agents ale tablearn optimal
investment strategies in a very simple market regttior which the analytical
solution is known. In his model, agents are endow#d myopic preferences
and have to decide what fraction of their wealtlintest in the risky asset with
the exogenously determined random return. As ig gemmon in ASM models,
evolutionary systemic adaptation is ensured by iegipbn of the genetic
algorithm. Even though individual agents actualgvén no intelligence, fitter
individuals (i. e. those whose strategies give @idbvels of utility) have better
chances of survival, and this evolutionary selectleads to near-optimal
strategies over generations in this simple modelutiRdge (1999, 2001)
examines adaptive learning in financial marketsairmore complex setting,
namely, a version of Grossman and Stiglitz’'s (198@del of heterogeneous
information about future dividends and signal esticm. He presents an analytic
framework for adaptive learning via imitation ofttee-informed agents and
shows that the rational expectations equilibriumbi®adly supported by
adaptation modelled with genetic algorithm.

Another interesting market setup is proposed byr8il and Margarita
(1993). In this model, agents apply artificial redunetwork techniques to
forecast stock prices from historical data, anditg may take place between
randomly matched individuals with differing expduias. A noteworthy feature
is that agents may choose to apply either a sopdiist neural network (with
more hidden nodes, or explanatory variables) agjlaeh cost or a cheaper naive
network, and this corresponds to the real worldl it sophisticated investment
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is a costly endeavour. Interestingly, in some isgttithe naive investors gain
ground, once markets settle down and additionakfitsnfrom sophisticated
forecasting do not cover its cost.

One of the most famous ASMs is the Santa Fe aatifstock market model
developed by Arthuret al. (1997), also described in LeBarat,al. (1999) and
LeBaron (2006). This model is aimed at exploring ¢volution and coexistence
of a pool of strategies that compete with each rotheéhe genetic algorithm
environment and drive the market toward some infdional efficiency. In this
model there are two securities: a risky dividenglipg stock and a riskless bond
that offers the constant interest rate. Heterogemagents are myopgiand have
constant absolute risk aversion preferences. Tiyetlptforecast a next period’s
stock price by applying simple “condition-forecastiles and plug the forecast
in their (induced) asset demand functions. Thelibguim price is determined
by the auctioneer by balancing aggregate demandhfares with fixed supply.
Forecast adaptation in this model is based on neadiHolland’s (1975)
“condition-action” genetic classifier system. Eaadent is given a set of rules
mapping states of the world (such as the relaize &f price/dividend ratio or a
stock price relative to its moving average) to tass (which are a linear
combination of the current stock price and dividerithe rules endogenously
evolve as a result of cross-over, mutation andctiele The authors of the
Santa Fe ASM examine convergence of the markee gacthe homogenous
rational expectations equilibrium, and show thds tis the case for certain
parameter settings corresponding to the “slow legirsituation. The model is
able to generate some statistical features of plyceamics qualitatively similar
to stylized facts about the real world financialrkeds, though no attempt is
made to quantitatively line them up with actualafigial data or examine the
realism of assumptions about dividend processeBdian, 2006). The model
served as a platform for a number of further exterss(Joshi, et al., 2000; Tay
and Linn, 2001; Chen and Yeh, 2002a).

In an interesting model, LeBaron (2001a) examinesv hinvestors’
heterogeneous time horizons (i. e. different infation sets, upon which agents
choose decision rules) affect evolution of the rasirits convergence to the
known homogenous rational expectations equilibriamd domination of
different types of investors. The model is in samgpects similar to the Santa
Fe model but has some notable original features.l@&rning mechanism in this
model is an interesting combination of the neumtwork technique and the
evolutionary search mechanism. In contrast to rotdstr models, agents learn
portfolio allocation decisions rather than expliciform price expectations.
Also, agents have access to a public — rather phigate — pool of investment

’ Agents care just about one period and do not digadiy optimise.
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strategies, which are based on simple feedforwanarah networks. Agents
evaluate these strategies by feeding data seridsetefogeneous length into
these networks, and this forms the basis of thetierogeneity. Furthermore, the
neural networks are evolved by applying mutatiompssover, weight

reassignment and rule removal operations, and safntke worst-performing

individuals are also replaced by new agents. Onmadel’'s main findings is

that short-memory (and short investment horizomggtors are not driven out of
the market, and acting as some market volatilityegators, they hinder attaining
the rational expectations equilibrium.

2.4. Related research in Lithuanian scientific
literature

Lithuanian researchers have been interested ink stoarket analysis and
modelling of investment strategies for more thaseaade but the specific area
of artificial stock market modelling has not begstematically researched and,
to our knowledge, no full-fledged artificial stockarket models have been
developed by Lithuanian researchers. More spetifijaaost studies conducted
by Lithuanian scholars focus on one of these aressearch of investment
decision making, analysis of emergent propertiestatk markets, and analysis
of empirical relationship between market dynamiasd amacroeconomic
variables.

Studies of investment strategies are conceptuallst rrlosely related to our
research. Similarities mostly lie in the recognmitiof need to step aside from the
neoclassical financial theories and possibly empbtificial intelligence
techniques to govern investment behaviour. Mosalletdifferences are that in
the majority of such models developed by Lithuaniasearchers investment
strategies are based on population-level adaptatohare applied against real
financial data, whereas we emphasise individugptatian, economically-based
individual behaviour and endogenous interactioartificial agent&

We briefly mention some of the more important stégdof investment
strategies. Plikynagt al. (2002) made early attempts to use neural netwiarks
stock market forecasting. Nenortaiand Simutis (2005), Nenort&it(2007)
apply artificial neural networks and particle swaoptimization algorithms to
develop stock trading strategies based on histestoak performance. Simutis
and Masteika (2004) use fuzzy neural networks amdugonary programming
methods for creating expert systems for stock m@gdiThese same authors

® This considerably complicates modelling becausedessitates introducing agent inte-
raction framework, more complicated individual babaral principles, etc.
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attempt at incorporating both fundamental and teethranalysis in strategy
building (Simutis and Masteika, 2006). Rutkauska®08) implements risk
stratification procedure to augment the standask-néturn paradigm of
investment risk taking. Stankeéuws (2001) uses the idea of self-organising
maps for the formation of investment portfolios. Matable contribution by
Plikynas (2008) is the development of a multi-ageatling system based on
competing heterogeneous neural network strategies.

Turning to the analysis of emergent stock markeperties, some authors
analyse the efficiency of the Lithuanian stock rearkor instance, Kvedaras
and Basdevant (2004) analyse time-varying autolative of stock returns and
find evidence for a weak form of informational metrlefficiency. On the other
hand, Dubauskas and Teregi€¢R005) find that stock returns possess properties
of kurtosis, skewness and nonnormality, and cldiat this helps to forecast
tendencies of stock market dynamics. Girdzijauskad Streimikiea (2008),
Girdzijauskas,et al. (2009) aim at explaining formation of (very loreg+h)
economic and stock market bubbles with their logidteory of capital, which
puts a strong emphasis on physical capacity lifoitatto existing capital.

Several studies of Lithuanian researchers aim a@mexng empirical
relationship between stock market performance aadreaeconomic indicators.
Pilinkus (2009) performs Granger causality testslémtify leading, lagging and
Granger-causing macroeconomic indicators in refatim stock returns.
Teresies, et al. (2008) focus in particular on the impact of infiat and interest
rates on stock returns. The author of this dissentaalso proposed several
econometric models to model macroeconomic implbceti of the financial
bubble (Ramanauskas, 2007, Ramanauskas and Jak&ie7).

2.5. Concluding summary of Chapter 2

This chapter focuses on the artificial stock markeidelling. In the brief
literature review two broad categories of modes@esentedi) models based
on stochastic, heuristic and standard theory-irdpbehavioural rules andi)X
models with learning agents or evolutionary systeadaptation. The first group
of models generally emphasise the role of agerdgrbgéneity in determining
complex market behaviour and emergent systemic epties, whereas the
second group of models concentrate on the generatiogood investment
strategies and the macro-level implications ofliigeently adapted investment
strategies.

To our knowledge, no full-fledged artificial stookarket models have been
developed by Lithuanian researchers. However, i ¢hapter we give some
references to somewhat related studies conductddtimyanian scholars. They
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mostly fall into one of these areas: research wéstment decision making,
analysis of emergent properties of stock markets, analysis of empirical
relationship between market dynamics and macroeuimneariables.






Reinforcement learning
in the context of artificial
stock market modelling

Standard financial and economic theories assunmetaosmomic decision makers
know the underlying model of the world, in whicleyhact. This allows them to
deductively know the consequences of their actidos the probability
distribution of possible outcomes). In contrastthi# model of the world is not
known, agents either have to act according to sraghptive rules or to attempt
to know the underlying model through interactiothithe environment.

In the models that we develop agents are realilstiassumed to be
unaware of the underlying model of the economyibstiead possess cognitive
abilities and try to develop coherent behaviounales. Their learning is
formalised by the machine learning methodology. dspecifically, they resort
to one particular reinforcement learning algorithmamely, the gradient descent
Q-learning algorithm. In this chapter we providensoeconomic rationale for
choosing this particular learning method, presemmnes basic principles of
reinforcement learning and briefly discuss appiatof these methods for
economic problems.

31
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3.1. Economic rationale for choosing reinforcement
learning method

Expectations regarding prospects of a particulacksor a stock index play a
crucial role in financial modelling because invesihindecision making relies —
explicitly or implicitly — on agents’ ability to nk& a priori assessments of
possible consequences of their actions. If oneilllngvto accept the obvious
empirical fact of a large variety of market exp#éotas, or if one is aimed at
explaining how this diversity comes about, theisihecessary to abandon the
rational expectations assumption, which alloweth&m circumvent these issues
in standard models. According to Arthur (1995), il@l expectations
equilibrium is a special and in many cases not sbistate of reality, whereby
individual expectations induce actions that agdiegly create a world that
validates them as predictions.

Abolition of the rational expectations assumptionmediately implies that
agents no longer know the model of environment.thierefore becomes
necessary to assume that either agents’ behaviugoverned by simple
adaptive rules or they can change and calibratethdes during the process of
learning. In this study we are, of course, moreridted in the latter alternative.

How do investors behave in realistic, out-of-eduilim situations?
Needless to say, realistic modelling of expectatibormation poses a great
challenge and it is essentially a grey area of fthencial theory but a few
observations about investor behaviour in the highigertain environment can
be made. In such an environment it seems perfeetigible for investors to act
adaptively and follow inductive reasoning, or irhe&t words, form simple
forecasting models, test them and update them dapgon their performance.
Hence, investors should constantly learn from adgon with environment.

Their learning is not a supervised process becdusdo model uncertainty
generally there is no way of knowing the true imgit value of a stock even in
retrospect. For instance, if an investor observetek price realisation, which
is different from what he had expected, he genehnot know whether this
deviation is attributable to his misperception ahdamentals, unpredictable
shocks to fundamentals, complex interaction of miaparticipants or other
factors. However, even without knowing retrospefivwhat the “correct”
expectations and actions should have been, ingestor judge about adequacy
of their beliefs and actions by reinforcement signthat they receive from
interaction with the environment. Possible reinémnent signals include their
performance relative to the market, long-term mtidgf returns, utility from
consumed earnings, etc.
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Another important aspect is that in order to be#teapt in the uncertain
environment investors have to both exploit theicusculated experience and
explore seemingly suboptimal actions.

If the above-described investment behaviour is dekman adequate
description of how boundedly rational investorsually behave, reinforcement
learning methods developed in the artificial ingghce literature seem to be
conceptually suitable for modelling investor beloavi (though there are some
problems with technical implementation).

Inspired by the psychology literature, reinforcetriearning is the sub-area
of the machine learning, and in its core lies agjd@nteraction with environment
in pursuit of highest long-term rewards. It cangooially be of a particular
interest to economists because standard theoreticalomic agents’ behaviour
is often guided by very similar principles. In sfand economics and finance,
agents choose action plans that ensure maximisafidife-time utility (long-
term rewards), and that is exactly what reinforceinhearning agents seek — the
main difference being that the latter do not kndw tinderlying model of the
economy. The well-established link between the dasinforcement learning
algorithm and dynamic programming, as well as pnowbility of some
reinforcement learning algorithms to achieve (undsartain conditions)
convergence to optimal policies are especiallyaative features of this
methodology, from the economists’ viewpoint. Theni@cement learning
agents are also well-positioned to solve the tealpmedit assignment problem,
i. e. determine strategic actions that enable theemeach their ultimate goals
even though those actions may not be attractivethim short-term. For
economists, it is a great advantage over simphlendmf adaptive learning.

3.2. Basic principles of reinforcement learning

Reinforcement learning addresses the questionwfdmautonomous agent
that senses and acts in its environment can leanhdose optimal actions to
achieve its goals (Mitchell, 1997, p. 367). Moredfically, by taking actions in
an environment and obtaining associated rewardsgirdorcement learning
agent tries to find optimal policies, which maximieng-term rewards, and the
process of improvement of agent policies is thereémarget for reinforcement
learning methods. A good introduction to the reicément learning techniques
may be found in Sutton and Barto (1998), Bertsedas Tsitsiklis (1996) and
Mitchell’'s (1997) books, and some broad overviewr@hforcement learning
models is given in Kaelbling, Littman and Moore 969 survey. In this
subsection we present briefly some basic principésthe reinforcement
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learning methodology with a special emphasis on Kiigt Q-learning
algorithm, as it forms the basis of agent behaviewur ASM model.
The iterative sequence of agent’s interaction witliironment is as follows.

At time t, the agent observes environment stgteand acts according to its
action policy to produce actiog,. In the next time step it receives numerical
reward signalr,,, from the environment and observes new sgte Finally it

is ready to update its policies (if necessary) tal@ new actiona,,;. In the

reinforcement learning problems it is also assuthedl environment possesses
the Markov property, i.e. all relevant informaticabout possible future
development of environment is encapsulated inrifa@rination about the current
state and action. More formally,

Pr{st+1 =8l =T |St’at’rt’S—l’at—l’rt—1’---’r1’50’a0}:
= Pr{sm =Sl =T |51,at}-

If condition (3.1) holds, such reinforcement leamitask is called a Markov
decision process. To completely specify the envitent dynamics for a Markov
decision process, it suffices to define state ttimmsprobabilities and expected
rewards. State transition probabilities constimistribution of probabilities of
each possible next stags, given any current stagand actiora:

(3.1)

P% =Pr{s,, =s|s =s.a =a} (3.2)

Notably, in a general case, state transition pritibab are not known to the
reinforcement learning agent but can be inferredmfrinteraction with
environment. The expected next reward is

Rsas = E{rt+1 |St =S& =a,§,= Sl}- (3.3)

As was mentioned above, learning is understoodhia tontext as an
attempt to find optimal policies. Here, a policydsfined as a mapping from
each states and actiora to the probabilityz(s,a) of taking actiona when in
states (if a policy is deterministic, then it is simplys&t of deterministic rules
describing how to behave in each state). For ththdu elaboration of the
reinforcement learning task, the notion of valuections should be introduced.
The state-value function for policy is defined as the expected discounted
cumulated reward conditional on statend policyr :

V”(S) = En{i 7krt+k+l | St = S}' (34)
k=0
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where E_ denotes the expectation given that the agentsstiwkts policy z,
and y is a discounting parameter. It proves very usefudefine also the value
of taking actioma in states under policyz. The action-value function is given
by

Qﬁ (S, a) = Eﬂ'{i 7krt+k+l | S =S, at = a}' (35)
k=0

It is obvious that both value functions possessBhEman property, i. e.
they must be dynamically consistent. For instaitdellows from equation (3.4)
that

V7 (8) = E, ffy + V7 (8,1) ]S =S} (3.6)

Since condition (3.6) holds for all value functipitsalso holds for optimal value
functions, i. e. those associated with optimal gefl. This leads directly to
Bellman optimality equations for the state-valuedion

V'(s) = maxE{r, + V(s.,)|s =s.a =a} foralls 3.7)
and for the action-value function
Q'(s.:@) =E{r,, +ymaxQ(s ;. a)|s, =s,a =a foralls  (3.8)

The most prominent feature of Bellman optimalityuatipns is that they
actually rearrange the multi-period optimisationolgem into a problem
consisting of a set of difference equations (omechrh state). Notably, if value
functions are known, it becomes very easy to fingtinsal policies.
Equation (3.7) implies that in any statat suffices to take the greedy action
(that is, concerned with only one period ahead) iiieximises the expected sum
of the immediate reward and the (discounted) néates/alué®. It is even
simpler if the problem is expressed in terms ofvinaction-value functions —

from equation (3.8) it follows that actioa taken in states,, will be optimal if

it maximises the associated expected action-valoetion. To put differently, it
is optimal to take actions that simply maximiseheperiod’s Q-function value
(such actions are sometimes called Q-greedy agtions

° Optimal policies are defined as policies that mase state value¥ ” in all states.
1% Notice that expectations are no longer conditiomedpecific policies in equations
(3.7) and (3.8).
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The big question is, of course, how to find optimalue functions. One of
the ways to do this is to apply dynamic programmimnbich also provides the
foundation for reinforcement learning methods. Bhsic idea is to apply some
iterative procedure aimed at evaluating currenicigd and gradually improving
them until they converge to optimal policies. Magecifically, the so-called
generalised policy iteration consists of two intdiragy processes:i)( policy
evaluation, which is the process of finding theueafunction for an arbitrary
policy, and (i) policy improvement, whereby policies are improy®dmaking
them greedy with respect to the current value fonct

The policy evaluation procedure uses Bellman eqnat8.6) as an update
rule:

Vk+1(S) =E, {rt+1 + Wi (§+1) | § = S}’ (3.9)

where V, denotes the-th approximation of the state-value functio¥; (is
chosen arbitrarily). It can be shown that estimdeconverges to true policy

V7" ask converges to infinity. Each iteration is a sweleqtigh all states — the
value of every single state is backed up using temué3.9).

The policy improvement step is closely linked tollBan optimality
equation (3.7). It can be shown that for everyesdathe policy can be improved
by taking action that maximises the immediate actialue or, in other words,
looks best in the short term (examining only onegakeahead):

7" =argmaxE{r,,, + N (s.,,)|s =sa =a}. (3.10)

The two procedures, given in equations (3.9) antl0f3 are implemented
alternately in each iteration, and the iterativecgiss continues until state values
and associated policies stabilise, which is whesy tbecome optimal. The
problem with the dynamic programming is that in erdo implement these

back-up sweeps, state transition probabilifiés and expected reward®’; (see

equations (3.2) and (3.3)) must be known, and ivesy rarely the case in
practice.

A natural way to overcome the problem of incomplafermation is to use
sample estimates instead of expectations. Thixastly what is done in two
broad classes of reinforcement learning, namelynt&ldCarlo methods and
temporal difference models of learning. In the ramdar of this section we
present just one specific temporal difference legnmethod devised by
Watkins (1989), also known as the Q-learning. Théthod’s principal back-up
rule is closely related to Bellman optimality eqaat(8) and is of the following
form:
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Qs a) < A-a) -Qs,&) +a(r,+ymaxQ(s.,,a). (11)

\—ﬂ/_—J
Old estimate of Q(s,a)

New estimate of Q(s.&)

There are two differences from the dynamic programgmpdate rule based
on the Bellman optimality condition. First, as wakeady mentioned, the
expectations operator is gone — the actual reatsedrd and actual action value
from the look-up table are used instead of the ebgoereward and expected Q-
value, respectively. Second, the Q-value in th&-igo table is not directly
replaced with its new estimate but is rather avedagith the previous estimate
(which provides needed additional stability for twvergence to the correct Q
function). The speed of learning, of course, depemd the learning parameter
a — higher values of the learning parameter ensastef learning. Higher
values of « may be useful at the beginning of the learningcess as the
learning starts from arbitrary policies, or in n@t®nary environment where the
reinforcement learning agent needs to adapt fasigtmore flexibly.

It is shown that under quite general conditions tipdate rule (11)
guarantees convergence of the action-value funt¢tidhe optimal Q-function,
provided all state-action pairs are visited inBhit many times. The latter
condition is needed to avoid early convergence uboptimal policies. It
requires that the learning agent continues to e®plihe environment by
occasionally taking seemingly suboptimal valuegasdo ensure that all actions
in all states are sufficiently explored. Hence, @#earning agent follows the Q-
greedy policy most of the time but sometimes (ewdth prespecified
probabilitye) takes an exploratory action, which may be completndom or

oriented towards more efficient exploration. Sudfehavioural policy is usually
called ¢ -greedy.

Having discussed the basic principles of the QAiear agent’'s behaviour,
now it is possible to describe its behaviour in grecedural form — see the
pseudo-code in Figure 3.1. Unfortunately, this $amglgorithm can be rarely
applied in practice. The reason is that it requiegsesentation of the Q-function
as a table with one entry for each state-action. @diis is not possible if the
state space is continuous. Even in discrete redBvproblems — and especially
in the problem of investment behaviour modellinthe size of the Q-table and
the computational burden associated with back-upraijpns are basically
unmanageable. This implies that usually it is ingilde for the Q-learning agent
to fully explore the state space and it is necgssargeneralise its prior
experience to unfamiliar, but qualitatively similstate-action pairs that are of
interest. Such generalisation is also called strattredit assignment — another
important feature of the reinforcement learning.
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Initialise Q(s,a) s arbitrarily

Repeat:
Choose using policy derived from® (e. g. ¢ -greedy)
Take actiom, observe, s’

Q(s,a) « (l-a)-Q(s,a)+a[r +y maaxQ(s' ,a)]

S« S
until convergence is achieved or process is teriatha

Fig. 3.1. Basic Q-learning algorithm
Source: adapted from Sutton and Barto (1998).

There are a number of readily available methods éxperience
generalisation. In our model we use the standasditigradient-descent function
approximation for the Q-function, which we now dise briefly.

The idea of the linear approximation procedure @s replace the
representation of the Q-function as a look-up tabith some linear function and
iteratively update its parameters instead of upda@-values for every single
state. Hence, the estimate of the action value tifumcis replaced by the
following linear approximation:

Q(s a)~ i@t (i,a)4. (i), foralla (3.12)

Here g/zs is thenx1 vector of state features, i. e. arbitrarily chosanables that

reflect the distinctive features of a given staldatrix ©, is the nxm

parameter containing parameters associated mwétate features for each wof
possible actions. For more intuitive expositionisitconvenient to work with
column vectors of this matrix.

The gradient-descent methods seek to gradually siadjbe current
approximation of the Q-value toward its new estenand the step size is
proportional to the negative gradient of some mesmsticurrent deviation (e. g.
mean squared error). More specifically, for a giaation a, the parameter

vector67t can be updated as follows:

Gua=0-2a%,%-Qs.a)f",  forala (3.13)



3. REINFORCEMENT LEARNING IN THE CONTEXT OF... 39

where, is the new approximation of the action-value fimttand serves as a

training example for the parameter update, &hdf (ét) is the gradient of this

example’s squared error, i. e. the column vectgranfial derivatives of function

f with respect to elements Q’i By taking the derivatives in equation (3.13),
one gets

0.1 =0, +alV, - Q(s.a)l4, foralla (3.14)

The new sample estimate of the action-value funco, is obtained similarly

to the basic Q-learning algorithm (see equatior) @d (3.11)). The parameter
update equation (3.14) thus becomes

6.0 =0, +alr,, +ymaxQ,(s..,a) - Q(s,a)ld, foralla  (3.15)

This equation forms the basis of the Q-learning@lgm, which is applied by
artificial agents in our model when forming expéctas about the intrinsic
stock value. The detailed procedural form of tlgathm is given in Figure 3.2.

Initialise ®, ¢, s, a arbitrarily

Repeat:
Take actiom, observe, s’
S« r-0]¢

For all actions:

Q(s',a) =6, 4,
0« 0+ymax, Q(s,a)
6. 6. +adh,
With probabilityl — ¢ :

a <« argmax, Q(s', a)
else:

Choosa randomly

S«S
until convergence is achieved or process is ter@iha

Fig. 3.2. Gradient-descent approximation Q-learning algamith
Source: Adapted from Sutton and Barto (1998).
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The gradient-descent Q-learning is the so-calléghaificy control method,
as the value function backup procedure uses theebkidQ-value of the resultant

state, max, Q(s',a), rather than the one associated with the currehitypo

Q(s',a’). Unfortunately, convergence to the optimal solutirits vicinity is

not guaranteed for the off-policy methods. Nevdes® Sutton and Barto (1998)
suggest that it may be possible to guarantee cgemee for the Q-learning
algorithm when the Q-function estimation policy atite action policy are

sufficiently close to each other, which is the c#sthe ¢ -greedy policy is

followed. There is also evidence that these methgide good practical

performance despite the lack of theoretical guaesmbf convergence to optimal
policies (Tesauro and Kephart, 2002).

3.3. Potential for application of reinforcement
learning technique in economics and finance

Another, potentially more severe problem with padtapplication of standard
reinforcement learning methods for interesting eoaic and financial problems
is that convergence requirements include stationanyvironment, fully
observable states and the single-agent settingthker words, the reinforcement
learning agent is capable of learning to effectivatlapt in the well-defined
stationary environment but, naturally, simple adeplearning cannot guarantee
optimal behaviour once the multi-agent setting ¢im strong non-stationarity
and strategic interaction among agents.

In modelling the financial, or any other market ascomplex adaptive
system consisting of a large number of interactieqnforcement learning
agents, one must face the issue of whether stand@émébrcement learning
techniques can adequately govern agents’ behaviisting financial research
provides little guidance in this respect becausepur knowledge, no well-
known multi-agent stock market models based orfosiement learning have
been developed so far.

The reinforcement learning literature, howeveryvpies some evidence that
using the single-agent Q-learning algorithm in itidti-agent setting quite often
leads to either exactly or approximately optimaligies (Tesauro, 2002). For
instance, Tesauro and Kephart (2002) show thatstylessed two-seller market
price-setting policies derived by using the stadd&-learning algorithm
outperform some fixed and myopic policies and,dms settings, convergence
to optimal policies is achieved. It should alsono¢ed that in order to improve
performance in multi-agent settings different estens to the standard
reinforcement learning algorithms have been pragpoEbey are mainly applied
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in two-player games, and they take into account dpponent’s estimated
strategies (e.g. Littman's (1994) Minimax-Q algom, Tesauro’s (2004)
Hyper-Q algorithm or the Nash-Q algorithm develofgydHu and Wellman,

2003). Alternatively, agents may adapt learningsaiccording to the current
performance, as in the WoLF (Win or Learn Fast)odatgm developed by

Bowling and Veloso (2001).

It should be noted that reinforcement learning méshhave been quite
successfully applied in various portfolio managenm@oblems. One of the early
applications is Neuneier's (1996) model, which ewpl the Q-learning in
combination with the neural network as a value fioamc approximator for
optimal currency allocation in a simple two-currgneisk-neutral setting.
Moody and Saffell (2001) apply direct reinforceméarning to optimise risk-
adjusted investment returns for intra-day curreaiegt stock-index trading. Van
Roy (1999) uses the temporal difference learniggrithm for valuing financial
options and optimising investment portfolio. Rencment learning methods of
portfolio management are gradually gaining poptyaimong practitioners but
theoretical literature remains relatively scarcd &ther research is needed to
unleash the potential of this approach.

In our model, strategic interaction among agenlisniged as agents interact
in a competitive manner via the centralised exchamdnere they participate in
double auctions and take decisions simultaneoudiy problem is arguably
alleviated by the fact that the number of agentguie large because what
matters for any specific agent is the relativelgbt distribution of all other
agents’ actions (buy or sell orders) rather thatividual actions per se. Hence,
the average market price and other trading sigistan be seen as some
summarising functions of multi-agent interactiord ahis is taken into account
when individual decisions are made. Additional b of the learning
processes is guaranteed by combining the Q-learalggrithm with some
evolutionary adaptation principles that are desdtiim the following chapter.

3.4. Concluding summary of Chapter 3

Intelligent adaptation in the highly uncertain e@nuiment can arguably be key to
understanding actual financial market behavioure ©hthe possibilities is to
resort to the artificial intelligence literaturer fgpecific algorithms of adaptation
and learning. In particular, we find reinforcemelgarning algorithms
economically very appealing, though there are oerfaoblems with their
practical implementation. Without knowing the trumodel of reality,
reinforcement learning agents learn from interactigith environment and
adjust their strategies so that they attain maximang-term reinforcement
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(utility) from the environment. Similarly, investoseek to reach their long-term
objectives in highly uncertain environment. We dawune to explore these ideas
further by applying them in our artificial stock rkat models.



Building artificial stock market
populated by reinforcement-learning
agents

In this chapter we develop an artificial stock nedrfdSM) model, which could
be used to examine some emergent features of al@osystem comprised of a
large number of heterogeneous learning agentdriteatict in a detail-rich and
realistically designed environment. This versionthef model is not calibrated to
empirical data. The main aim of the proposed mai&b offer, implement and
test some new ideas that could lay ground for asbfsamework for analysis of
financial market processes and their determinais.believe that the model
does offer an interesting framework for the strueduanalysis of market
processes without abstracting from relevant andoiapt features, such as an
explicit trading process, regular dividend payoutsading costs, agent
heterogeneity, dissemination of experience, coripeti behaviour, agent
prevalence and forced exit, etc. Of course, sominese aspects have already
been incorporated in existing agent-based finameadels. However, the lack of
the widely accepted fundament in this area of modplnecessitates the
individual and largely independent approach.

By conducting simulation experiments in this modek are primarily
interested in examining market self-regulation iie§ and the congruence

43
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between the market price of the stock and its forefdals (the market
efficiency issue). We also discuss the importan€eintelligent individual

behaviour and interaction at the population leval market efficiency and
functioning and explore the relationship betweeaclstprices and market
liquidity.

4.1. Description of the ASM model

The ultimate goal of any model should be to enhamogerstanding of the
nature of the real world processes. It does ndiceufo achieve a superficial
resemblance of statistical properties of model'segated aggregate time series
to those observed in the real world. In an apptiediel one should not resort to
vague metaphors of actual investor behaviour, amdh snethods of inquiry
cannot be justified on pure grounds of empiricallfiseems that proponents of
agent-based financial modelling do sometimes reskdycarried away with their
ideas, such as artificial agents’ (or strategi¢®)eeding” in evolutionary
algorithms or “black box” decisions in simple ddi&l neural nets. At the other
extreme, the standard neoclassical financial mogeklso hinges on heroic
assumptions of perfect rationality, agent homoggneational expectations and
Walrasian market clearing, which results in thdoaktconstructs so idealised
that investment practitioners do not recognise #ewes in those models. A
great merit of agent-based modelling is that whi help of growing computing
power researchers are enabled to deepen their stadding of complex
economic systems via controlled simulation expenisie In order for this
generative understanding to be real, strong emphstsbuld be put on the
economic content of agent-based models — individheddaviour and market
structure must be based on clear and economiaallydsprinciples.

One of the more interesting features of the presamiel is a relatively
detailed modelling of decision processes. Impolgardgents in this model
exhibit economically appealing and forward-lookimghaviour, which is based
on reinforcement learning and evolutionary chanire specifically, we
follow the view, advocated by Arthur (1995) and esttproponents of agent-
based modelling, that investors exhibit inductieddviour. Agents do not know
the model of the world and cannot deduce optimaibas from optimising
conditions but rather explore the environment apda adapt to it. We resort to
the machine learning literature and apply one @& thinforcement learning
algorithms, namely the Q-learning algorithm devibgdwatkins (1989). It has
some highly attractive features from an economisi&wvpoint but there are
known problems with its practical implementatioro ®dur knowledge, this is
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one of the first attempts to incorporate Q-learnaigorithm into the ASM
models.

The present ASM model does not fully abstract fromany important
features of real financial markets that are usuedgluded both from standard
financial models and other ASMs. For example, agenthis ASM realistically
do not know the “true model” but try instead to pida the highly uncertain
environment. They exhibit bounded rationality, mopepic forward-looking
behaviour, as well as diversity in experience,l dkilel and endowment. The
trading process is quite realistic and detailedidginds are paid out in discrete
time intervals and the importance of dividends darmlamental force driving
stock prices is explicitly recognised. The propo8&M model embodies some
new ideas about financial market modelling and joles interesting generative
explanation of prolonged periods of over- and undduation. In this section
we present the architecture of the artificial stowrket in detail.

4.1.1. General market setting and model’s main buil  ding
blocks

The artificial stock market is populated by a largember of heterogeneous
reinforcement-learning investors. Investors differtheir financial holdings,

expectations regarding dividend prospects or furedaah stock value. This
ensures diverse investor behaviour even thouglb#ise principles governing
experience accumulation are the same across pmpuldt/e can summarise
agents’ basic behavioural principles as follows. Algents forecast an
exogenously given, unknown dividend process ane Ilasir estimates of the
fundamental stock value on dividend prospects. & lestimates are intelligently
adjusted to attain immediate reservation priceemg explore the environment
and accumulate the experience with the aim of maxng long-term returns on
their investment portfolios but there are no optitmaguaranties against the
backdrop of high uncertainty and complex interactbagents.

As usual in financial market modelling, the modeélienancial market is
very simple. Only one, dividend-paying stock (staokex) is traded on the
market. Dividends are generated by an exogenoukastic process unknown to
the agents, and they are paid out in regular iatervThe number of trading
rounds between dividend payouts can be set aibyjfrawhich enables
interpretation of a trading round as a day, a weeknonth, etc. Paid out
dividends and funds needed for liquidity purposes laeld in private bank
accounts and earn constant interest rates, whéicpadity exceeding some
arbitrary threshold is simply removed from the ewst(e.g., consumed).
Borrowing is not allowed. Initially agents are emaao with arbitrary stock and
cash holdings, and subsequently in every tradingdeach of them may submit
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a limit order to buy or setbne unitof stock, provided, of course, that financial
constraints are non-binding. Trading takes plaegh& centralised exchange.

Table 4.1. Main building blocks of the ASM model

Forming individual forecasts of exogenously geregtatividends
Based on:
e Exponential moving average
o Adjustment as a result of reinforcement learninge(ds seek tq
minimise forecast errors)

=4

Making individual estimates of fundamental stodkeand its reservation pric
Based on:
e Discounted expected dividend flows
e Adjustment as a result of reinforcement learninge(ds seek tq
maximise portfolio returns)

U

=4

Making individual trading decisions
Based on:
e Private estimates of fundamentals,
e Maximisation of expected individual wealth at thedeof a trading
period
e Publicly announced estimated probabilities of sasfid trades fo
given prices

Carrying out trades via the centralised exchanged atollecting trading
statistics
Based on:
¢ Double auction system
¢ Simultaneous submission of trade orders and randomuing of
individual orders

Learning to forecast dividends and learning abauidfamental stock value
Based on:
e Standard Q-learning with linear gradient-descept@gmation

Augmenting learning processes by specific inteoacimong agents (optional)
Based on:
e Successful strategy imitation
e Evolutionary selection and resultant prevalencsuatessful investment
strategies
¢ Noise trading behaviour

For the ease of exposition, it is useful to brelad model into a set of
economically meaningful processes, though someh@fmtare inter-related in
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more complex ways. The general structure of theahisdaid out in Table 4.1.
We will discuss these logical building blocks ire tfollowing subsections. The
model’s full program code for Matlab is given in pgndix C.

4.1.2. Forecasting dividends

Expected company earnings and dividend payouts ameng crucial
determinants of the intrinsic stock value. Everutftoin standard models based
on the efficient market hypothesis corporate egsend dividend dynamics are
not forecasted explicitly, it is usually implicitiagssumed that some market
players do conduct fundamental analysis, whichmaitely gets reflected in
stock prices. Hence, the fundamental analysis ofimgs perspectives does
matter. It is only that some theories are willimggo so far as to assume that
communication among market participants is efficemough for most investors
not to bother inquiring into companies’ financialdks.

Here we propose the view that in the uncertainrenment investorsi)
form their individual beliefs about the risk-neuitvalue of a risky stock as some
basic value anchorji] acknowledge that the market price of the stock ma
fluctuate about or systemically differ from indivia risk-neutral fundamentals
due to various factors, such as investors’ riskfgpesices, animal spirits or
heterogeneity of beliefs, andi} flexibly determine their individual reservation
prices in the process of adaptive interaction whithenvironment. The inertia of
beliefs about future prospects, as well as theetgtof individual incentives and
reward structures then determine market's aggreggiteide toward risk and,
consequently, result in episodes of market eupluressimism.

We assume that all agents make their individuaédasts of dividend
dynamics. Dividend flows generated by an unknovateptially non-stationary
data-generating process specified by a modellee. dily information, upon
which agents can base their forecasts, is passagah of dividends, and agents
know nothing about stationarity of the data-genegaprocess. Hence, they are
assumed to form adaptive expectations, augmentéd the reinforcement
learning calibration. We also allow for the podé#pito improve forecasting
ability at the systemic level by probabilistic iation of more successful
individuals’ behaviour (see Section 4.1.5 for monethis).

Agents start with determining some basic referguuets for their dividend
forecasts. The exponentially weighted moving averfg§WMA) of realised
dividend payouts can be calculated as follows:

EWMA EWMA
dy " =4-d,+@1-4)d . (4.1)

i,y-1
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Here dy denotes dividends paid out in peripdyear) and/, is the arbitrary

smoothing factor (the same for all agents), whlaireal number between 0
and 1. The subscripton the averaged dividends in equation (1) indscalet
they vary across individual agents. The differenegise due to different
arbitrarily chosen initial values but over time,wever, these exponential
averages converge to each other. Also note thatetid payouts can be
arbitrarily less frequent than stock trading roynelsg. if one trading period
equals one month, dividends may be scheduled tpaie out every twelve
periods and in equation (4.1) one time unit wowdche year.

Exponential moving averages would clearly be unatedde estimates of
future dividends in a general case. Their functiothis model is twofold. First,
they provide a basis for further “intelligent” nefiment of dividend forecasts,
I. e. these moving averages are multiplied by sadjestment factors calibrated
in the process of the reinforcement learning. Aaecosd, forecasting dividends
relative to their moving averages, as opposed techsting dividend levels
directly, makes forecasting environment more shatip, which facilitates the
reinforcement learning task.

Then-period dividend forecast is given by the followieguation:

e EWMA div
df,, =d " -a’, (4.2)

i,y+n

where g , is ageni’s dividend expectation adjustment factor. Thegasithent

factors are gradually changed as agents exploreegpidit their accumulated
experience, with the long-term aim to minimize gsedaforecast errors. The
detailed description of the reinforcement learnpr@cedure is provided in
Section 3.2. Individual forecasts for periods 1, ...,y + n formed in periods
y—n+1, ...y, respectively, are stored in the program and fsedetermining

individual estimates of the fundamental stock value

4.1.3. Estimating fundamental the stock value andr  eservation
prices

Quite similarly to the dividend forecasting procegjuagents’ estimation of the
intrinsic stock value is a two-stage process. Ibemes i) formation of initial
estimates of the fundamental value, based on diseduividend flows, angi)
ensuing intelligent adjustment grounded on agenisteraction with
environment. We refer to this refined fundamentdlig as the reservation price.
The initial evaluation of the future dividend flovis a simple discounting
exercise. To calculate the present value of expdedi®idend stream, the
constant interest rate is used as the discounorfabloreover, beyond the
forecast horizon dividends are assumed to remainstant. Under these
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assumptions, individual estimates of the presehievaf expected dividend
flows are

e e e -
di,y+1+ + di,y+n + di,y+n/r (43)

1+7 7 @+0)"  @Q+n)™’

whereT is the constant interest rate. The last termimebuation is simply the
discounted value of the infinite sum of steady fficial inflows. These present
value estimates are subject to further refinement.

To avoid excessive volatility of the estimates loé tdiscounted value of
dividend stream, they are again smoothened by ledilcg the exponentially
weighted moving averages:

Viy "= A Vg (= )V (4.4)

fund __
Vi,y -y

The role of these averages is very similar to thalbhe averaged dividends in the
dividend forecasting process, namely, to providenesdackground for the
reinforcement learning procedure and (partiallgtisharise the environment in
which agents try to adapt.

The second stage in the estimation of the individeservation prices of the
stock is calibration based on the reinforcementnieg procedure. For this we
have to switch to the different time frame (in these version of the model it is
assumed that dividends are paid out annually, velsesgents can trade once per

reserve

month). In a given trading round individual reservation prices,; are

obtained from equation (4.4) by multiplying expotiaily smoothed estimates
of fundamental value by individual price adjustmfi%rtutors,a1-”’t :

EWMA
\/irftaserve: Vi,t . alpt . (45)
In this context the individual reservation price uaderstood as an agent’s
subjective assessment of the stock’s intrinsic eahiat prompts immediate
agent’s response (to buy or sell the security).

4.1.4. Making individual trading decisions

Having formed their individual beliefs about thdueof the stock price, agents
have to make specific portfolio rebalancing decisian principle, they weigh

their own assessment of the stock against markeepgons and make orders to
buy (sell) one unit of the underpriced (overpricat)ck at the price that is
expected to maximise their wealth at the end oftthding period. We give a

more detailed description of these processes below.
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The individual reservation price reflects what istegs think the stock price
should be worth. If the last period’s average miapkiee p,_, is less than agent

i's reservation price today, it is willing to buyosk and pay at mos¥/;>*".
Conversely, if the prevailing market price is highiean the agent’s perceived

fundamental, it is willing to sell it a¥; " or higher price. So its decision rule

is like this:
If V5> p,_, and my, is sufficient— submit limit order to buy 1 share
at price p;

reserve
If v

<py and h% >0 — submit limit order to sell 1 share at
price p;

Otherwise, make no order.

Here h?t and nﬂ denote, respectively, agerg stock holdings (i. e. number of

owned shares) and cash balance at the beginniagrafiing round,p; is the

quoted price to be determined below.

In this model we assume that investors do not ahdostrade at precise
reservation prices because in that case they wmisd potentially profitable
asset allocation opportunities. It is natural tsumse that an investor whose
perception of the stock value considerably diffexem the average market
opinion is likely to take advantage of market lidjtyy and make an order to trade
at a price close the prevailing market price ratian to his own reservation
price. But what price would it be? The first obvicstep, implemented in the
model, is to allow limit orders, i. e. orders tade the security at a specified
better price. Given the complexity of agents’ iat#ion, we proceed in the
following, intuitively appealing way:i we determine the possible price quote
grid around the prevailing market price (i. e. daii@e tick sizes and possible

price fluctuation bands)jif estimate aggregate supply and demand schedules,

(iii) compute each individual's expected end-of-pervi@alth for every possible
trading price andi{) allow agents to make trading decisions that masértheir
expected end-of-period wealth.

Agents, of course, aim at getting most favouralieeg for their trades but
they must take into account the fact that bettdrdsi ask prices are generally
associated with smaller probabilities of successfulles. The assumption that
each agent is allowed to trade only one unit oflsto a given trading round has
a very useful implication in this context — the Ipabilities of successful trades at
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all possible prices faced by a buyer and a sedlarlbe loosely interpreted as the
supply and demand schedules, respectively. So wihefuassume that these
supply and demand schedules are estimated by tteamege institution from
past trading data and constitute public knowledge.

Estimated probabilities of successful trades a¢migrelative) price quotes
are computed as follows. Simply put, these estithgiebabilities should
indicate chances of successful trading at pricasdte “high” or “low” relative
to the prevailing market price (i.e. last periotiserage price). So the
probability of the successful trade for a givercerguote is calculated from the
past trading rounds as a fraction of successfillgdfbuy (sell) orders out of all
submitted orders to buy (sell) at that price. Unfoately, due to computational
constraints the number of agents and successtidgris not sufficiently high to
obtain reliable estimated probabilities in thisaghtforward way. For this
reason we employ the following three-step procedure

1) estimates of probabilities of successful buy seltlorders for every price
guote are smoothed over time by computing expoalemibving averages;

2) if there are no orders to buy or sell at a giyeite at timet, the
exponential moving average estimates of successfdé probabilities are
left unchanged from thie-1 period;

3) the scattered estimates are fitted to a simplesesectional regression

line (with its values restricted to lie in the intal between 0 and 1) to

ensure that the sets of successful trade probasilitetain meaningful
economic properties.

As a result, we get a nice upward-sloping line, clhirepresents
probabilities of successful buy orders for eachsjiode price quote, and a
downward-sloping line for the sell orders case.ukég4.1 shows a typical
example of estimated probabilities of successfollying and selling one unit of
stock at all possible prices (last period’s averpgee set equal to 25 in this
relative pricing grid). This particular example legts an upward-trending
market, in which agents reckon they have highencba (estimated at around
60%) of selling the stock than buying it (estimasgdaround 40%) at the last
period’s average price.

At this stage agents have all the components netedelloose prices that
give them highest expected wealth at the end ofrdedng round. First, agent
estimates its expected end-of-period stock hold{ngs the number of shares)
for each possible price qugte

E(hlijt) = hft +E(q;,)-h, forallj. (4.6)
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Here E(q ;,) denotes the expected number of shares to be bougitld by

agenti at any quotable prige(as was explained above, these numbers lie in the
closed interval between 0 and 1). The indicatorabde b , takes value of 1 if

the agent is willing to buy the stock or —1 ifdtwilling to sell the stock.

0.8
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Probability of successful trade

10 20 30 40 50
Price quote grid
—— Probability of successful buy order —— Probability of successful sell order

Fig. 4.1. Typical estimated demand and supply schedules
in an upward-moving market

Similarly, agent’s expected end-of-period cash holdings for eactsipde
price quotg are

E(M;) = My + E(G ;) - X, - (- —0)+ E(h;,)- E(d,) forallj. (4.7)

Here x;; denotes possible price qugtec is the fractional trading cost and

E(d;,) denotes the expected dividends, which are to e q# following the

trading round (this term equals zero in betweendikiElend payout periods). It
is important to note here that the interest onespash funds is paid, as well as
excess liquidity (cash holdings above some prepdcamount needed for
trading) is taken away, at the beginning of thelitrg period. All of this is

reflected inm’,. Dividends are paid out for those agents that Istitks after
the trading round, as can be seen from equati@. (4.
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Finally, agenti’s expected end-of-period stock holdings are valatethe
individual reservation price and each agent cateslés expected end-of-period
wealth for every possible price quote:

E(wW ) =E(h, ) - v+ E(my ). (4.8)

Hence, agerits quoted price,p’, is the price that is associated with the highest
expected wealth at the end of the trading round:

p’ = argmaxE(W,). (4.9)
X

If several price quotes result in the same expeutedith, the agent chooses
randomly among them. It is also important to ndtat tin the process of the
reinforcement learning, agents are occasionallycefrto take exploratory
actions. In those cases exploring agents choosespfiom the quote grid in a
random manner.

Market price determination and trading take plaoette centralised stock
exchange. The trading mechanism is designed adaiiele auction system, in
which both buyers and sellers submit their competiorders to trade the stock.
More precisely, orders are processed and filledh whie help of a simplified
order book, which retains a large degree of realSme, very common in other
ASM models and uncontroversial assumption is tHadrders are submitted at
the same time without anyone knowing actions ofergth Traders’ strategic
interaction within a trading period is hardly impant for market dynamics in
the much longer term, which is of primary interiesthis study.

In this model the order book mechanism works dsvi@. At the beginning
of a trading round, all agents’ trade orders areugd randomly and then each of
them undergoes a sequential processing procedumsedns that for a given
order that is being processed all earlier-queuéérsrare scanned in search for
the most favourable matching (opposite) orderulfhsan order is found (a tie
among several equally good orders is broken arlhytyathe trade is carried out
at the average of the bid and ask price. Othenhseprder remains open until it
makes a match for subsequently processed ordenstibthe end of the trading
period, when it is closed as an unexecuted ord#iowing the trading round, all
agents’ cash and securities accounts are updateddaugly.

The centralised stock exchange also produces aewoflrading statistics,
both for analytical and computational purposes. €hsftistics include the
market price, trading volumes and volatility measurThe market price in a
given trading period is calculated as the avereagget price. As was mentioned
before, it is crucially important for making furthigading decisions and it serves
as the reference value in the subsequent tradingdro
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4.1.5. Learning and systemic adaptation in the mode |

Let us now turn to the learning process throughctvimdividual agents’ pricing
considerations, attitudes to risk and, more gelyergbal-oriented behaviours
are determined. Quite some learning methods arewiknaanging from
psychology-based models (stimulus-response, bediséd conscious learning,
associative learning, etc.) to rationality-basedhmés (Beyesian, least-squares
learning) to artificial intelligence approachesdkionary algorithms, replicator
dynamics, neural nets, reinforcement learning). &oroverview of popular
learning algorithms see, e. g., Brenner (2006)Bfenner notes, virtually all of
the learning models used in economic contextsaagely ad hoc, based only on
introspection, common sense, artificial intelligenesearch or psychological
findings.

We assume that agents’ behaviour is driven by ¢ifarcement learning
(more specifically, Q-learning) algorithm since ghelearning algorithms
borrowed from the machine learning literature séerhe conceptually suitable
for modelling investor behaviour. Agents take audioin the uncertain
environment and obtain immediate rewards associaitdthese (and possibly
previous) actions. A specific learning algorithntoals agents to adjust their
action policies in pursuit of highest long-term exds. It is a very desirable
feature of any financial model that agents strive dtrategic, as opposed to
myopic, behaviour. The reinforcement-learning agelt just that. On the other
hand, it is the immense complexity of investorg¢emction, both in real world
financial markets and in the model, that dramadiclaits agents’ abilities to
actually achieve optimal investment policies if nakes the optimal investment
behaviour outright impossible.

The so-called “curse of dimensionality” implies tththe straightforward
implementation of the basic version of the Q-leagnialgorithm is rarely
possible in complicated environments. Following stendard practice, we apply
the Q-learning algorithm with gradient-descent agpnation, which is briefly
presented in Section 3.2. Here we only describeifsp&ariables that are used
in the Q-learning algorithm.

As was mentioned before, there are two instanceindifidual agent
learning in the model: learning to forecast dividerand learning to adjust
perceived fundamentals. In the dividend forecastmge agernitlearns to adjust

the dividend adjustment factoafiv (see equation (4.2)). In each state there are

three possible actions — the agent can increasdititeend adjustment factor by
a small proportion specified by the modeller, daseeit by the same amount or
leave it unchanged.

Due to the complex nature of environment, the stdt¢he world — as
perceived by investar— must be approximated, and it is described byctove
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of so-called state featureés (see Figure 3.2). We choose four state featurds tha

are indicative of the reinforcement learner’s “loea” in the environment and
summarize some properties of the dividend-genayagirocess, which can
provide basis for successful forecasting. Thestufea include the size of the
dividend adjustment factor, relative deviation bé tcurrent dividend from its
EWMA (compared to the standard deviation), the sgjud this deviation (to
allow for nonlinear relation with forecasts) ana tize of the current dividend
relative to the EWMA.

The forecast decision is taken at tignand the actual dividend realisation is
known at forecast horizop + n. Then agent gets the reward, which is the
negative of the squared forecast error:

riijm = _(dy+n - Ey (di,ym))z' (4'10)

Hence, the agent is punished for the forecastingrerThe learning process is
augmented by modeller-imposed constraints on divderecasts. The forecast
is not allowed to deviate by more than a prespegtifhreshold (e. g. 30%) from
the current level of dividends. In that case, therd gets extra-punishment and
the dividend forecast is forced to be marginallyser to the current dividend
level. Once the agent observes the resultant state,the actual dividend
realisation, it updates its behavioural policy adowy to the Q-learning
procedure.

In the case of the individual stock value estimatigeni also can take one
of three actions: fractionally increase or decrethseprice adjustment factor,

a'; (see equation (4.5)), or leave it unchanged. Agalsly to the dividend

forecasting case, the four state features arertbe adjustment factor, the stock
price deviation from its exponential time-averages(difference is divided by
the standard deviation), the square of this dexnaséind the current stock price
divided by the weighted time-average.

The agent observes the state of the world andaacrding to the pursued
policy. After the trading round, the agent obseryexling results and the
resultant state of the world, which enables thentge update its policies
according to the usual Q-learning procedure. la thodel, the basic immediate

reward,r;%,;, is simply the log-return on the agent’s portfolio:

2.0 =t p, + il @+ Fm )= in(S py , + ) (4.11)

Recall thatp, denotes the market price following a trading roiméimet and

Fm"Y is a one-period return on bank accoumtorder to ensure more efficient
learning — just like in the case of dividend leagn constraints are imposed on
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the magnitude of price adjustment factors, andtant@il penalties are invoked if
these constraints become binding.

The chosen specification of the reward function liegp that the
reinforcement-learning agents try to learn to oigmrtheir behaviour so that
they maximise long-term returns on their investragWie could interpret agents
in this model as professional fund managers thag ahout maximising clients’
wealth, seek best long-term performance among pees shun under-
performance. They need not to be risk-averse, aoiwentionally assumed
about individual consumption-smoothing investonsleled, recent developments
in extremely turbulent financial markets show titamight well be quite the
opposite — in some cases excessive risk-taking tmggmerate superior
performance for a prolonged period of time, whichturn generates solid
growth in fee income during that time. In additidtrshould be noted that in the
model an agent’s attitude toward risk is determimed only by its reward
function but also by evolutionary selection andeotbystemic adaptation.

The model allows for optional alteration of agemhaviour via sharing
private trading experience, competitive evolutignselection and noise trading
behaviour. These options help enhance realismeoéttificial stock market and
arguably augment the reinforcement learning proaedyy removing clearly
dominated trading policies implemented by individuagents and by
strengthening competition among them.

In this model, dissemination of agents’ experieiscgery stylised. At the
end of each period agents are randomly matchediis.gn every pair, agents’
long-term performance measures, which are cumelapast rewards, are
compared with each other. If the difference betwematched agents’
performance measures is sufficiently large (theshold level is allowed to
fluctuate randomly to reflect the random naturekwbwledge dissemination),
the worse-performing agent simply replicates theremeuccessful agent’s
experience.

Evolutionary selection is another available optinrnthe present ASM. It
assumes bankruptcy of worst-performing agents lagid teplacement with best-
performers. So agents, whose performance relatithe benchmark (which is
the average agents’ performance) falls below a trerdgpecified threshold, go
bankrupt. Their place is taken over by best-perésanwhich then are forced to
“split” so that the number of agents remains camtstdhis has a natural
interpretation: inferior fund managers are forcetiaf the market as unsatisfied
clients bring their wealth over to best-performingds and the latter then have
to split for regulatory or any other reasons. Sesfié agents are given
substantial extra rewards in the event of the ,spditencourage their good
performance.
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Finally, the model allows for noise trading behawioUnlike in the
evolutionary selection, the worst-performers areraplaced by most successful
agents. Rather, they scrap their prior learningeegpce and, as a result, start
learning from scratch.

4.2. Simulation results

Like the vast majority of other ASM models, the remnt model is based on a
large number of parameters, and it is very diffidol calibrate the model to
match empirical data. At this stage of model dgwelent we do not attempt to
do that. Instead, we assign reasonable and, wiosshte, conventional values
to the parameters and assume very simple forms iitletid-generating

processes. This enables us to determine the apmatifundamental stock
value dynamics and study how the market stock primtermined by the

complex system of interacting heterogeneous agéanmss in relation to stock
price fundamentals. Even though the model is nlilhtreged to the market data,
model results can offer qualitative insights abaunarket self-regulation,

efficiency and other aspects of market functioniimgthis section we examine
these issues in more detail and report some ofritwe interesting simulation
results.

The simulation procedure is implemented by perfagribatches of model
runs. Each run consists of 20,000 trading roundeyal1667 years). Batches of
ten runs repeated under identical parameter ssttarg used to generate
essential data and statistics that are in turn tmednalysis and generalisation.
In every run, the first 5,000 trading rounds — fas fearning initiation phase —
are excluded from the calculation of the descrg8tatistics (presented in Table
A3 in Appendix A). The simulation concentrates dtering features of the
reinforcement learning, interaction among agents aividend-generating
processes in an attempt to understand importancetefiigent individual
behaviour, market setting and population-level gearfor the aggregate market
behaviour. Other model parameters are kept uncldangbeir values are
provided in Table Al.

Dividends are assumed to fluctuate around an expahdrend and their
volatility is proportional to the dividend level.h& role of the trend is to
necessitate the intelligent adjustment of dividestimates because forecasts
based on exponentially weighted moving averagesldvbe clearly biased in
this case. Large dividend growth rates can onlgustained over relatively short
time horizons, and hence in our very long-term rhege have to choose very
low dividend growth rates (e. g. 0.15% per yearg &ls0 examine deterministic
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constant dividends, as a special case (see exacifisptions of dividend
generating processes in Table A2).

The primary question addressed in most ASM modsighe market
efficiency issue. Here efficiency is loosely intemied as the congruence
between the stock market price and its fundamentalhe current setting it is
not possible to know the right theoretical stoclcgarso we basically want to
compare the market stock price with risk-neutréihestes of fundamentals.

Let us start with the examination of agents’ apitid forecast dividends.
Since dividends are driven by very simple data-gaivey processes, it is not
surprising that in the model version with enablethbreinforcement learning
and evolutionary selection (Experiment 1 in Tabl® Agents are able to form
very precise dividend forecasts. The average diddforecast error for this
model specification is -0.1%, while the averageohlis forecast error amounts
to 0.4%. To assess the actual importance of theforeement learning
behaviour for dividend forecasting, simulation b&e with disabled
reinforcement learning are run (Experiment 3).hese runs agents neither learn
to forecast dividends, nor try to optimise theirtfwios, as their commensurate

reinforcement rewardsqfi+n and r},, are set to zero. In this case, the average

forecast bias considerably increases to -0.8% hndaverage absolute error
stands at 1.4%. In this no-learning case the aeepagcentage of agents hitting
the modeller-imposed dividend forecast bounds #eme significantly, as
compared to the enabled learning case. In othedsydearning agents are able
to effectively form “reasonable” forecasts, whilenAearning agents are simply
forced to remain within prespecified boundaries firertform much worse, taken
on individual basis. This leads us to a very nate@nclusion that in the
dividend forecasting process intelligent adaptatiaiters.

As the next step of our analysis we examine dynaumfithe market price in
relation to the fundamentals. In Experiment 1 fundatals anchor the stock
price dynamics to some extent, and the market piluctéuates in the vicinity of
the perceived fundamental value The average pegerias of market price
from the fundamentals is low and stands at -1.68é {&able A3). Nevertheless,
the valuation errors are clearly autocorrelatedue tb the market inertia and
prevailing expectations, the stock price may bevabor below risk-neutral
fundamentals for extensive periods of time. Fotainse, runs of uninterrupted
overvaluation stretch on average for 44 tradingopsrand an average length of
undervaluation runs is 60 periods. By the samenpkeerage market price
deviations from the fundamental valuation are largéative to the price
volatility. The enabled evolutionary selection optiin the model ensures
relatively even wealth distribution among agents] aach trading period active
agents (i. e. agents that have sufficient fundsaanstock holdings to trade)
constitute on average 89.7% of total populationalfy, the average fraction of
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agents whose adjusted fundamental valuations (&sen prices) fall out of
modeller-imposed “reasonable” bounds is very low aonstitutes on average
0.1% of total population in a trading round.

It turns out that the above results strongly dependthe evolutionary
competition assumption. It suffices to disable theolutionary selection
(Experiment 2), and the average percentage stodte pbias from the
fundamentals boosts to 5.9% along with a dramaticrease in average
overvaluation runs to 406. By the end of a simalatun the number of inactive
agents per trading round increases to 70-80%, aadtwnaturally concentrates
in the hands of remaining 20-30% agents. Thers@re possible explanations
to this overvaluation and wealth concentration. fSogervaluation can be to
some extent associated with the model’s featureekeess liquidity is simply
taken away from the market, which means that tlem@gthat tend to sell their
stock holdings are more likely to “consume” theiomay and become inactive.
In other words, those agents that highly valuestioek tend to dominate in the
market. Another interpretation is that worse perfiog agents are simply driven
out of the market. Moreover, a diminishing numbgactive participants and a
smaller degree of competition allows agents to edndheir portfolio
rebalancing actions in such a way that the markee fis driven up, which leads
to larger unrealised returns and thereby strongjafarcement for the remaining
active players. These results make sense fromeleworld perspective. The
largest mass of investors want stock prices toshigEigh as possible (though still
compatible with fundamentals), and it is not initliBrect interest to have prices
that match fundamentals precisely.

We also perform simulations to examine market'&r&gulation ability. In
particular, we want to know whether economic foraes strong enough to bring
the market to the true fundamentals if they systealdy differ from average
perceived fundamentals. For this purpose, we inttedan arbitrary upward bias
to the estimates of the fundamental value by addimgrbitrary term in equation
(4.3). Then simulation runs are implemented fofedént model settings, with or
without reinforcement learning. It turns out thag imarket is not able to find the
true risk-neutral fundamentals. In the no-learngase, stock prices tend to
slowly grow larger than the perceived fundamenthisthe case of enabled
reinforcement learning, agents tend to stick togbeceived fundamentals, and
the market price fluctuates around them as a result

The above results confirm the market self-regutativechanism in this
model is weak. We do not find evidence of agenfsistithg their perceived
fundamentals so that the market price gets in it modeller-imposed
fundamentals or, say, the usually assumed risksavieehaviour. On the other
hand, it is not surprising. The well-known puzzigsempirical finance and
recent mega-bubbles suggest that after all markety not be tracking
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fundamentals so closely. It can be the case thaketsmexhibit such strong
inertia that even fundamentally correct investrratrdategies pay out only in too
distant future and may not be applied successfullgct as the market's self-
regulating force. The obtained results suggest (hait necessarily objectively
founded) market beliefs of what an asset is wontk a very important
constituency of its market price.
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Fig. 4.2. Typical dynamics of percentage stock returns ardentage
changes in liquidity in a constant dividend case

Last but not least, we want to examine the relatignbetween the market
price fluctuations and the financial market liqtydi This experiment (see
Experiment 4 in Appendix A) also helps to shed tligin the reasons for a
relatively loose connection between the marketepand fundamentals. In this
simulation run, the standard model version witmfiicement learning and
evolutionary selection is used, while dividends assumed to be deterministic
and constant. It is notable that even in this emritent market price fluctuations
remain significant and trading does not stop. The ¢o understanding this
excessive price volatility may be the positive tielaship between market
liquidity and the stock price. Since unnecessaryidlity at the individual level
iIs removed from the system, overall liquidity fluates in a haphazard way.
Increases in market liquidity bolster solvent dechdor the stock and lifts its
price. As can be seen from Figure 4.2, liquiditpwgth spikes are associated
with strong price increases. The linear correlaii@tween growth of money
balances and stock price growth is found to be.0.32

It should be noted that the latter experiment igisd® so as to ensure that
positive relationship between stock returns (witlvidénds included) and
investors’ cash holdings is not linked to fluctoas in dividend payouts, as they
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are assumed constant. This allows us to conclude liduidity fluctuations
affect the asset price in this case, and not varsar The evidence that market
liquidity changes can move markets is very impdrfanunderstanding the way
liquidity crises, credit booms and busts (delevieniglg portfolio reallocations
between asset classes and other exogenous facgraffact stock markets.

4.3. Concluding summary of Chapter 4

In this chapter we developed an artificial stockrked model based on the
interaction of heterogeneous agents whose forwakihg behaviour is driven
by the reinforcement learning algorithm combinedhwsome evolutionary
selection mechanism and economic reasoning. Otbtable features of the
model include knowledge dissemination and agerampetition for survival,
detailed modelling of the trading process, explifotmation of dividend
expectations and estimates of fundamental valugpuatation of individual
reservation prices and best order prices, etc.

Simulation results suggest that the market pricéhefstock in this model
broadly reflects fundamentals but over- or unddéuation runs are sustained for
prolonged periods. Both individual learning and pagulation level adaptation
(evolutionary selection in particular) are essérftiaensuring any efficiency of
the market. The institutional setting alone, sushtlae centralised exchange
based on the double auction trading, cannot erefteetive market functioning.
However, market self-regulation ability is foundlte weak. Even in the case of
active adaptive learning, the market does not contself from erroneously
perceived fundamentals if they are in the vicimtyactual fundamentals, which
underscores the importance of market participdmiefs for the market price
dynamics. We also find a positive relationship lestw stock returns and
changes in liquidity — there are indications thatgenous shocks to investors’
cash holdings lead to strong changes in the maried of the stock.

At this stage of development the model should lsrge seen as a thought
experiment that proposes to study financial magketcesses in the light of
complex interaction of artificial agents that aresigned to act in an
economically appealing way. Bearing in mind theartain nature of the model
environment, mostly brought about by this samerauatigon, strategies followed
by artificial agents seem to exhibit a good balaot@conomic rationale and
optimisation attempts. Quite a strong emphasiiemtodel’s economic content
distinguishes this model from some other ASM modefsich are most often
based on evolutionary selection procedures andaretimes criticised for the
lack of economic fundament. On the other hand ptioposed model has some
weaknesses, which became apparent after fully dpwej and testing the
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model. One of the caveats is that the stock mahkeamics strongly depends on
perceived risk-neutral fundamentals. Coupled withodeller-specified
restrictions, this results in not sufficiently riomarket behaviour. Moreover, the
economic decision making processes in the modetjaite tedious, and some
complications appear to contribute little to modeconomically interesting
results but do constitute an obstacle to model'gigoal calibration and testing.

Nevertheless, the proposed modelling approach semgea basis for a
refined and suitable for empirical analysis versminthe model, which we
develop in the following chapter. The proposed nilodge principles could also
be expanded and applied for modelling of other m@rksuch as markets for
goods or labour. More generally, similar modellprghciples based on complex
interaction of adaptive heterogeneous agents ikélyt form the basis of applied
dynamic macroeconomic models.



Artificial stock market model version
suitable for empirical analysis

In this chapter we present a refined version ofAB& model spelled out in
Chapter 4. This version is more parsimonious arttebsuited for empirical
calibration. The aim of the proposed model is t@mixe non-equilibrium
dynamics of a simple artificial stock market andibzate it to the actual data.
With the help of this model we want to examine reauself-regulation abilities
and drivers behind asset bubble formation. We coengaoperties of the
simulated market dynamics to actual stock marketrme and to stylised facts
about financial market returns. We also aim at animg our generative
understanding of recent famous episodes of finhho@ams and busts.

The proposed ASM model displays a reasonable balahcgparsimony,
specificity and realism. Like most other ASM modetlsis model is highly
stylised — it has a simple market structure, reddyi low level of systemic
complexity and largely ad hoc individual behavioNievertheless, individual
agents are assumed to act sensibly from the redd\ivestors’ viewpoint.
Agents try to maximise their long-term portfoliorflmance, they take into
account both underlying stock fundamentals andbieaviour of others, and
they try to adapt to changing and highly uncertanvironment conditions.
Agents’ bounded rationality is determined by lirditability of behavioural
algorithms to achieve optimal strategies due td higcertainty and a complex

63
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interaction of agents. This contrasts with the ntledémposed agent
irrationality or deliberate neglect of certain detants of stock value in some
other agent-based financial models. We do pursasitde agent behaviour — by
simple means in the uncertain environment. At $tégje, theoretically rigorous
models are hardly possible in the face of immemseptexity of the real world
financial markets and limited possibilities to istitally simulate individual
human behaviour (and learning). Unlike in many A8iMdels, model’s realism
iIs enhanced by partial calibration to actual riskdmal fundamentals of stock
prices. In addition to this, the model employs alistic market price setting
mechanism and does not rely on any strong assunmspdibout the formation of
aggregate supply or demand (in contrast, in mahgroASM models demand
for stocks is determined from some theoretical ng)de

In this chapter we first provide a detailed dedaip of model's main
building blocks and simulated market processes.théa conduct simulation
experiments in the stationary external environmeithh the aim of assessing
market self-regulation abilities. Further, we apgtg¢ model to the actual data
and conduct qualitative and quantitative comparisinsimulated market
dynamics to the actual market dynamics and to tiyksed properties of
financial markets.

5.1. Description of the model

In this section we provide a detailed descriptibrih@ proposed ASM model.
More specifically, we discuss model’s main buildinigcks, market setting and
market processes.

First of all, we highlight this model's main diffamces from the model
developed in Chapter 4:

1) Forecasting dividends (corporate earnings)hininitial version of the
model, dividend forecasts are determined by reggfiment-learning
adjustment of past averaged realisations. In thened version agents try
to identify corporate earnings trends by employsigple econometric
tools. This modification enables the analysis @ itnpact of the historical
information filtering on the bubble formation.

2) Estimating risk-neutral fundamentals. One ddfexe is that in the initial
version estimation is based on the dividend flowereas in this version it
is based on expected corporate earnings.

3) Determining individual reservation prices. lally, reservation prices
were based on adjusted fundamental valuations, eskem the refined
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version larger role assumed for the prevailing readonsensus (prevailing
market price).

4) Reinforcement learning and systemic adaptatiothe current version of
the model the learning restrictions are removedti{m initial model, for
example, estimates of individual reservation prieese not allowed to
deviate too much from the perceived fundamentalsg@reby reducing
influence of subjective judgement on model resilutionary selection
is disabled in the current version.

5) Determining quoted prices in the limit orderfieTreworked version of
the model is dramatically simplified in this respeas the quoted prices in
limit orders are simply set equal to individualereation prices.

6) Stock holdings. In the current version of thededpdecision-making and
trading processes are further simplified by an tamldiassumption that
agents can hold at most one share.

A number of smaller model modifications will alsedome apparent in the
course of describing the current model. Due toléinge number of differences
with the initial version of the model it is insttiwe, for the ease of exposition, to
present the current model as a new stand-alone Imratteer than a mere
extension or modification of the original model.eTfemaining similarities and
the same modelling principles clearly show thatabeent version is rooted in
the conceptual framework spelled out in the previchapter.

The model’s full program code in Matlab is giverAppendix D.

5.1.1. Model’'s main building blocks

We start the detailed presentation of the modéi witursory description of the
basic market structure, agents and general mar&eegses. The stock market is
again very simple — only one dividend-paying st(stkck index) is traded in the
market and its price is determined by exogenousidorental factors and
endogenous interaction of heterogeneous markeatiparits. More specifically,
there are an arbitrarily large number of heterogasdearning artificial agents.
Investors differ in their financial holdings, rigkersion, beliefs about the true
stock value, etc. This ensures diverse investoawiebr even though the basic
principles governing their adaptation are the saaress population.
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Table5.1. Main building blocks of the empirical ASM model

Forming individual forecasts of corporate earnings
Based on:
e Econometric error-correction models of trend-reners
¢ Individual sample size adjustment via evolution@slection and
pair-wise interaction
Estimating fundamentals and reservation prices
Based on:
e Discounted expected future corporate earnings \(icidal estimates
of risk-neutral fundamentals)
e Individual adjustment as a result of reinforcemeatrning (standarg
Q-learning with linear gradient-descent approxioa)i
Carrying out trades via the centralised exchange
Based on:
e Individual trading decisions (arrived at by compan of individual
reservation prices with the prevailing market price
e Simultaneous submission of trade orders and randoeuing of
individual orders
e Double auction system

Model's main processes are summarised in TableFirdt, all agents apply
simple econometric tools to obtain individual fasts of corporate earnings and
discount expected earnings by applying government lvates of commensurate
maturities to arrive at risk-neutral estimateshaf stock value. The fundamental
value estimates are then adjusted as a resultngpetitive interaction of agents
and individual reinforcement learning. Thereby dgembtain individual
reservation prices and make their trading decisipnsomparing them with the
prevailing market price. Agents place limit ordéosbuy or sell stocks on the
centralised exchange, and trades are carried otlteidouble auction system.
We are mostly interested in the resulting dynarofdhe simulated market price
and properties of market returns. The model usegesEmpirical data (is partly
calibrated), which enables viewing simulation resuh the context of actual
market properties and some stylised facts aboahéial stock returns.

5.1.2. General market setting

In this partial equilibrium model there are badicdivo securities — a risky
dividend-paying stock (stock index) traded on thédydbasis and a locally risk-
free short-term lending facility. An arbitrarilyrze number of adaptive agents
engage in daily stock trading activities. If an rsigeas no exposure to the risky
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asset, then all of its funds are kept in a banloaet; which pays an a priori
known overnight rate. The interest rate is exogslyodetermined as a short rate
of the government bond yield curve and changefemaily basis together with
the entire term structure of interest rates. Thegerously determined term
structure is important in determining estimatestotk fundamentals. In order to
keep the model tractable, investors are not allowedchde government bonds.

In contrast to exogenous interest rates, the mgpkiee of the stock is
determined by endogenous interaction of markeiqgigaints that trade through
the centralised stock exchange. One important @nsion the trading process
is that agents are allowed to have either one shiatke risky asset or zero
exposure to the risky asset (this also requiresitimeber of agents to be larger
than the number of shares). This assumption greatiplifies agents’ decision-
making processes and makes agent adaptation eddier. constraint on
individual holdings is justified on the groundsair interest in systemic rather
than individual behaviour: though each individugeat can supply or demand
only one share, the aggregate supply and demaaddsals much more flexible
to vary. On the other hand, as agents are unaldedomulate many shares, all
of them exert only marginal and roughly the sanfeuémce over the market
price. As a result, market developments in the rhadkenot driven by financial
dominance of the most wealthy market participants.

5.1.3. Forming individual forecasts of corporate ea  rnings

Like in the initial version of the model, we holdetview that investors should
care about risk-neutral fundamentals of the stbckrder to determine them all
agents form their individual forecasts of futurerpmate earnings, calculate
risk-neutral fundamentals and adjust them to olitaéir reservation prices.

We assume that all agents form their individualefaists of corporate
earnings dynamics. We also allow for possibilityingprove a given agent's
forecasting model by replicating the more succegafilividual's model via a
pair-wise competitive selection. The whole procedaan be described as
follows.

Agents observe quarterly realisations of nominalpomate earnings
generated by an exogenous, potentially non-statjotiata generating process.
For the pricing of a security, dozens of yearsxgegeted corporate earnings are
potentially important, and no financial or econommwdel is capable of
providing such forecasts with any accuracy. Heiitcis, not possible to apply
standard forecasting tools in such case. Furthermae want to keep the
forecasting procedure as simple as possible. Fegetlieasons agents assume
that aggregate earnings follow simple linear tre(ttat could be related, for
example, to the technological progress or inflgtiaiith cyclical and random
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fluctuation around them. Hence, agents simply ifiefibear time trends of the
observed time series and its medium-term trendrseve from the following
basic long-run regression

Yo=PBui +Ba A+eng (5.1)
and the short-run regression
Ay, = ﬂlﬁRqu—l + IHZS,iRgiI,-qR—l + gi?qR' (5.2)

Here y, denotes net corporate earnings in quajtéetas and epsilons denote,

respectively, the ordinary least squares regressamfficients and residuals
from regressions set up by agenfs usual, A is the temporal difference
operator. All agents apply the same model spetidicebut, importantly, they

apply the model to individual data samples of défe sizes. In other words, in
the artificial stock market there is a wide variefybeliefs about what — short-,
medium- or long-term past developments — can peovah appropriate

indication of future tendencies of corporate eaggiriThe idea is close in spirit
to LeBaron’s (2003) model, in which agents useediffy amounts of past data
in deciding on their optimal trading strategies.

As it is obvious from the above equations, indigbagents do not conduct
rigorous econometric analysis, and we should npeexa typical real world
financial trader to do that either. Rather, aridficagents are interested in
(subjectively) identifying general trends prevailiin the market in a given
period. Of course, such behaviour would not be oftmeconomic interest if the
amount of data that individual agents use weregiegthined. For this reason
we allow for some kind of simple evolutionary sdéiec of market beliefs,
which occurs through imitation learnitigimitation learning at systemic level
may occur as individuals observe and copy otheple&nactions, which lead to
desired outcomes. In economic imitation models Byemay imitate an
individual that is located next to the observerh@set al, 1998), a randomly
chosen individual (Duffy and Feltovich, 1999), amdividual with highest
known utility (Kirchkamp, 2000), etc.

In this model imitation is designed as follows tibdly, each agent tries to
identify the corporate earnings trend from a rangoassigned amount of data.
As new quarterly data become available, agentsirimeir regression equations,
and in order to do this they have to decide whatddvindow” to use. For this
purpose all agents are randomly matched in paiegcihvd agents then compare
their last quarter’s performancégbased on their beliefs about fundamentals)

In the psychology literature it is also known &servational learning (Brenner, 2006).
12 See how agent performance is defined in Sectién 1.
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and in the ensuing quarter the worse performinghtagéher () with some
predefined probability copies the window width paeder from its counterpart
(i. e. has identical beliefs about future fundarabm)t or {i) randomly
experiments with the sample size. The probabiligiiocedure of strategy
selection is very common in evolutionary algorithusd it is employed in order
to ensure that the system does not get stuck ial legtrema. It is also
undoubtedly desirable to see persistent diversity beliefs about stock
fundamentals in the highly uncertain environment.

There can be countless alternatives to the chosempetitive selection
procedure. We could choose from many differentedet for the sample size
selection, e. g. regression fit statistics, indiMt regression residuals of the
preceding period, etc. In our case experimentatiith alternative selection
procedures did not have a substantial qualitativeact on the overall results.
The main reason for our choice of the current agenformance as a criterion
for individual model selection is that it could pekxplain the apparent
discrepancy between perceived and actual fundaiserdaring bubble
formation periods and shed more light on stock miabubbles and busts. For
example, in periods of strong upward market movdsmdmancial media
naturally tends to assign more weight to the contarés of those investment
professionals that are known to be more bullishlzande bet on the market rise.
Once market trends change, bearish commentarielsttedominate financial
coverage. In other words, the market tends torliste those that are “more
successful” at the moment. More generally, a lgrgelexpected market change
— if sustained for some period — can be identifigdmarket participants as a
qualitatively new market trend and it can beconsel&fulfilling prophecy. In
this fashion a significant temporary increase irpocate earnings (accompanied
by a market tale such as a “technological breakiint, “internet economy” or
“housing boom”) can create a strong preconditiaraféinancial market bubble,
as people tend to think that past tendencies atenger valid due to a structural
break. The specific design of the competitive saagrocedure in our model is
aimed at capturing such situations.

To form forecasts, each agent simply applies iévidual model set out in
equations (5.1) and (5.2). However, we have to gulditional constraints on
expected corporate earnings in order to avoid waswbly steep upward trends
or negative values in the long term. Hence we asswmuite naturally, that by
using the above models agents form only medium-tésracasts (e. g. ten
quarters ahead forecasts). Due to huge intrinsgemminty surrounding any
long-term economic predictions, it is further asednthat beyond the forecast
horizon expected corporate earnings flatten outemquhl the agent’s expected
average value of earnings within the forecast lborizNegative long-term
corporate earnings expectations are also ruletysetting them equal to zero.
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5.1.4. Estimating fundamentals and reservation pric  es

In this subsection we describe how agents get &r ttrading decisions.
Individual expectations of the future corporatenesgs path are relevant as
primary inputs in the calculation of individual esates of the fundamental
stock value. As agents interact with the environiyrey adjust their valuations
to obtain individual reservation prices. Tradingcid®ns are determined by a
straightforward comparison of the prevailing marketce with the individual
reservation price.

Let us first clarify the notion of the fundamensabck value. In this context
the fundamental stock value is interpreted as ikk-neutral valuation of
expected future earnings (see equation (4.3) fowpeoison):

yfund _ Vi + +h (5.3)

i’q - f e f n .
1+ M.l @+ rqmn)

In this equationvif‘(;”d denotes agent's estimate of fundamental value in

quarterg. Agenti’s individual forecast of corporate earnirjgguarters ahead is
denoted byyfqﬂ. There aren terms in the equation amds sufficiently large to
ignore the rest of the infinite stream of expeatadnings. Discount factors are

based on government bond yields of appropriate nitiaty rqf’qﬂ. The term

structure of interest rates varies daily and soirdtvidual estimates of the
fundamental value. Discount rates are adjustedptroximately reflect the
actual remaining time to earnings realisation.

Like in the initial version of the model, the rigkutral estimation of
fundamentals does not imply risk-neutrality of ageas it is only an interim
calculation, which is further adjusted for risk. wikever, for several reasons we
want to avoid imposing the standard hard-wired dskrsion in agents’ utility
functions. One reason is that changes in invesitléctive attitude to risk,
e. g. panic or euphoria, are often an importantedrbehind dramatic market
movements unjustified by fundamentals. Anothernédi reason is that there is
no consumption in this model, so risk aversion cate linked to consumption
smoothing behaviour.

As before, agents in this model should be integureas institutional
investors, e. g. professional asset managers, heu attitude to risk can
substantially differ from that of individual invess. Rather than concentrate on
consumption smoothing, professional asset mandgepsinciple should care
about maximising clients’ wealth, seek best longatperformance among peers
and shun under-performance. One would expect @ssimnal asset manager to
be considerably less risk-averse than a pruderivithéhl. This is because
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institutional investors have the expertise needeakt in the risky environment,
their reward schemes are known to often be asynorelne to sharing profits
but not losses), the riskier investment strategies associated with higher
average returns and thereby larger asset managei@esit etc. Moreover,
institutional investors and, more generally, softased market players often
engage in what is known as “trend riding” (Fran&et Froot,1986). They may
buy an asset, which strongly rises in value, eveugh they may consider it
overvalued. Buying in the early stage of the bullbienation still leaves quite a
lot of room to square the position with considegalprofit once the trend
reverses.

Speaking in more technical terms, periods of bulidrenation skew return
distribution — the probability mass concentrateshagher returns but the
probability of catastrophic outcomes rises. Catgdtic outcomes are by
definition rare and their cost is mostly borne by tlients of asset managers due
to the above mentioned reward scheme asymmetng ifaly provide some
explanation for the mass euphoria among institatiamvestors during bubble
formation periods. At the same time it is very idifft to explain these
phenomena by resorting to utility-based risk meas@and even more so by the
consumption smoothing paradigm.

There are obvious problems with standard measurdskoaversion, so we
take a different approach to measuring investdtguede to risk. An investor is
risk averse if he is willing to sell the asset dower price than his perceived
fundamental value (defined as above). Conversayjshrisk loving if he is
willing to buy the asset at a price above his peeckfundamental value. We
refer to this perceived value of the risky assahasndividual reservation price
because an investor wants to buy (sell) the assenhthe individual reservation
price is above (below) the observed market price.

We provided this extended discussion of agentgud# to risk because in
the current version of the model the individualergations price are more
loosely tied to perceived risk-neutral fundamentathdist risk perception at the
population level is given a larger role. In thisseaagent’s reservation price

Vi in trading periodt is assumed to be determined by three elements — a

change in perceived fundamentals, prevailing markeice and the
reinforcement learning adjustment factor (compareduation (4.5)):

fund
reserve__ Vit

Vi,t - Vfund P (1+ alt) (54)

it-1

The logic behind this pricing equation is simpleclkagent has its individual
perceptions about changes in perceived risk-netimadamentals. Prevailing
market price cannot be ignored either becauseflécte the consensus of all
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market participants. Every agent also makes somtlegiusubjective adjustments
in an attempt to find the “right” reservation priteading to best investment
decisions. Adjustment factog , is chosen through individual learning, which

occurs in the process of agent’s interaction withirenment. Note that in this
setting the individual attitude to risk explicitjepends on attitudes of other
agents. This is also related to the below discusssdmption that individuals
want to achieve good performance relative to othdise market price
determined by the entirety of individual reservatigrices might systemically
differ from perceived fundamentals, and it is rewdde for an individual
investor to take into account this market conserfuge wants to achieve
competitive performance. For instance, in a pro&ccperiod of bubble
formation, a cautious asset manager choosing natviest in the risky asset
would systemically underperform relative to oth@msd possibly would even be
forced out of the market), which induces clear mis@s to take risks, i. e. be
less risk averse.

5.1.5. Agents’ reinforcement learning

We again employ the gradient descent Q-learningrigtgn to govern agents’
learning and adaptation. Recall this algorithm’shn@pal back-up rule from
Chapter 3 (equation 3.15):

0, < 0, +affy + 7y maxQ (s.1,8) ~Q(s.a)ld. foralla (5.5)

This back-up rule plays the pivotal role in theuattalgorithm determining
agents’ adaptive behaviour in the present modelwas already mentioned, we
cannot expect the convergence guarantee to hotteircomplex multi-agent
environment. Nevertheless from the economist’'s p@wnt such behavioural
principles are interesting in their own right asytrtonstitute a way to describe
sensible behaviour in the highly uncertain envirentn In the context of this
model, each agent)(adjusts its attitude to risk (takes actioii)), {his results in
trade orders, theniii) trade outcomes are determined by the entirety of
individual trading decisionsj\) this leads to the specific financial outcome (the
immediate reward), from whichv) some signal about appropriateness of the
action can be inferred with the help of back-ug r(@.5).

We can now describe the specific variables that @ogged into this
general back-up rule. At timeagenti takes actiona;, to incrementally adjust
its individual reservation price in equation (5.5he set of possible actions is

small but it is not uniform in the sense that ia Hdaptation process an agent is
allowed to make adjustments of different sizes.
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The state features that characterise the statedrtvironment are basically
technical indicators, which carry the essentialoinfation needed for the
assessment of the adequacy of individual reservatitces. More specifically,
agenti’'s state features vector consists Qfdne-year bond rateii ) individual
perception of risk-neutral fundamental valuid,) (prevailing market price,i\)
deviation of the market price from the exponenjialleighted linear trendy)
deviation of the market price from its exponernyialleighted moving average,
and (i) time remaining to the next earnings announcement.

We link immediate rewards to agents’ net returnsvealth and also allow
for the optional loss aversion that is to be disedsbelow. In this context it is
useful to elaborate a little on the time line dfaaday events. It is assumed that
trading may occur at the beginning of each tradiag. If an agent successfully
sells the asset, the funds get immediately traresieto the bank account and
earn interest at the end of the day. Converselgnifigent buys the asset, the
money is deduced from its bank account and doegarot any riskfree interest
but the owner of the stock is entitled to receive dividend, which is assumed
to be paid out at the end of the day. Since qugrtividends are assumed, non-
zero dividend payments will of course be paid amge per quarter.

Hence, the net return on wealth are calculatedlbsifs:

ml,t = (m(?t - b|,t ’ pi,t) ) (1+ rt,ft+l) + hlt ‘dt1
Wil,t = hlt Pt ml,t’ (5-6)
riTtum = Wil,t /Wil,t—l -1

Here rnoyt and nﬁt denote agents money holdings before and after a trading
round in timet. Indicator variable , takes value of 1 if agemtouys the stock,

it is equal to -1 if it sells the stock and equedso otherwise. Agerits actual
traded price is denoted by, whereas the average traded price, or the market

price, is given byp,. Variable d, denotes the dividend payout, the same for alll

stockholders.

The return on wealth might not properly perform fismction as a
reinforcement signal if the money stock increasdbhaut bounds. In such case
the impact of investment decisions on agent’s weaibuld gradually decline.
Another possibility is that excess liquidity mighteate upward pressures on the
price of the risky asset. For these reasons exipsdity is removed from the
system. In other words, the money that cannot beieftly used for investment
purposes is simply consumed.
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From the reinforcement learning perspective, in giwen trading period
agents perform one full iteration step of strataggptation. At the beginning of
the trading period they observe the state of enwient (state features
associated with last period’'s prices), take actidqasjust perception of
fundamentals), observe the new state (state featatr¢he end of the trading
round), obtain immediate rewards (associated widmdardised returns) and
adapt their investment strategies. So despite iffereht timing notation,
individual reinforcement signal ., can be directly calculated from standardised

return

returnsr;;”, as the timing is actually the same.

To attain actual reinforcement signals, we makengportant assumption
that agents care not only about their returns bsb @bout their relative
performance. In line with our earlier discussioroabagents’ as professional
asset managers’ attitude to risk, we assume tleigant that has worst returns
in a given period is punished by imposing an aasbjtmegative reward. These
additional costs could be associated with cliess lor damaged reputation. This
setting might in principle support bubble formatibecause in the case of an
upward-trending market agents that invest in thekfmee asset would
underperform more severely and bear greater risksimishment, which would
in turn add to incentives to invest in the riskgets

A couple of other options for modelling reinforcemesignals were also
implemented in the model. As one option, negateterns are multiplied by a
constant larger than one to reflect investors’ fibgsasymmetric treatment of
profits and losses. This corresponds to the prdésgemory developed by
Kahneman and Tversky (1979), whidhter alia states that people tend to
strongly prefer avoiding losses to acquiring gaiAsother possibility is to
augment competitive co-evolution, e. g. by usidgtiee returns (say, scaled by
market returns) as the reinforcement signal. Tegsron the idea, sometimes
referred to as the Red Queen principle, of encangagelative performance to
spur systemic adaptation (see e. g. Martinez-JdoardD07, for discussion). It
is natural that professional asset managers shunmseviban-average
performance.

5.1.6. Carrying out trades via the centralised exch  ange

Each trading round agents weigh their own assedsoné¢ime stock value against
the prevailing market price and make orders to kesil) one unit of the
underpriced (overpriced) stock. The decision ralsimilar to that of the initial
version of the model and is as follows:

reserve

reserve
If v

> p,, and h?t =0 and m?t 2 Vg — make order to buy 1 share,
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reserve

If vii— <P, and h?t =1 — make order to sell 1 share,

Otherwise, make no order.

The comparison of the reservation price and theketgorice determines
agent’s intentions to engage in a trade but it daggin down the exact price
which the agent would choose to submit in a tradéero It is not a trivial
problem because less favourable (for the agentepshould normally be
associated with higher chance of successful exactuti the order (see Section
4.1.4 for discussion). However, in order to avasenplication of the model, we
assume very simple agents’ behaviour in this résgacthe model agents
interact via the centralised exchange by placingpetitive limit orders, i. e.
orders to trade the security at a specifoeetter price. Each agent is simply
assumed to set the bid (ask) price to its resenvairice.

Market price determination and trading take planeth® centralised stock
exchange through the double auction system, wisidtheintical to that described
in Section 4.1.4. The centralised stock exchange aloduces a number of
trading statistics, some of which serve as a fuarthput in agents’ decision
processes and are important systemic variablethéoanalysis of model results.
For instance, these statistics include the markite ptrading volumes and
volatility measures. The market price in a giveading period is calculated as
the average traded price.

5.2. Simulation in stationary environment and
examination of market self-regulation ability

In this subsection we perform some simple simufatixercises to examine
market’'s self-regulation abilities. The idea isassume different initial price
levels and examine, ceteris paribus, whether sitedlmarket prices determined
by complex interaction of agents can reach sinida&els associated with the
same underlying fundamentals. It is not a trivietreise because agents do not
know the model of the environment — they only haeene, incomplete and
subjective, knowledge of economic fundamentals.etaprice dynamics only
partially depends on (perceived) changes in fundaéaie It is also directly
influenced by the reinforcement-learning adjustmewhich is aimed at
achieving good long-term performance and taking iatcount behaviour of
others. We basically want to know whether compatitieinforcement-learning
behaviour in this market setting allows agentsdltectively determine relative
prices of two assets (the stock and the instantaheaoiskfree bond) in some
systematic way.
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To examine system’s behaviour we assume statiamegenous processes
and perform model simulations for different paragnetettings and different
initial values of variables (see Tables B1 and Bghe Appendix). In particular,
quarterly corporate earnings are assumed to fltet@ndomly around a steady
level, and a constant fraction of earnings is pautl as quarterly dividends.
Interest rates are also assumed to be stationargxribit only minor variation
in time. Simulation experiments are implementechwiifferent values of some
important variables or parameters, namely, theialnimarket price, the
underperformance penalty rate and the loss avepsicameter.

80

O T T
5000 10000 15000

—— Low initial level —— High initial level

Fig. 5.1. Simulated market price dynamics from differentiadiprice levels
(stationary external environment; penalty rate =nrelloss aversion)

It can be seen from Figure 5.1 that typical simafatruns with different
initial market prices, ceteris paribus, tend tovarge to each other and exhibit
similar movements. It is also interesting to noteatt given the same
fundamentals, the remaining differences in priceadyics clearly indicate that
market efficiency in the form of perfect congruermstween market price and
fundamentals is not possible because the marketyalwetains some random
element. Nevertheless the said convergence of gyicamics can be interpreted
as an indication of market self-organisation.

We can assess the importance of competitive betnatos model results.
Alteration of the penalty rate for the worst-perfiimg agent did not have any
significant impact on the equilibrium level of timearket price. On the other
hand, there is some evidence that stronger conguetitetermined by larger
penalty rates induces faster price convergencdngoetuilibrium in the high
initial price cases. Moreover, if there is no ptinient for the worst-performing
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agent and thus there is no direct competition anagents, the market prices
decline to negligible levels. From the standard-reswvard perspective these
results may seem somewhat counterintuitive, ascond expect agents’ risk-
neutral behaviour in this case. An explanationhis tan be as follows. For all
penalty rates the market price initially tends &l because the riskfree asset
offers immediate returns whereas stock dividends maid only infrequently.
Keeping the stock, which rapidly loses value, leadswealth losses and
reinforces negative price tendencies. Generallgkiés time for agents to learn
that there is some value in stocks, which becomese ravident as low stock
prices result in large dividend rates and commextslyr larger reinforcement
rewards. However, in the case of non-competitiaenimg larger returns do not
create sufficient pressures to buy the undervakiedk because stockholders
already have it (so they are happy) and bondholdersnot get negative
reinforcement signals for their underperformance.(ithey don’t care). Also,
imposing moderate penalties on worst-performingngggainders the process of
dumping the stock.

Stock prices also approach zero if initial priceeleis chosen to be very
low. Such self-organisation of the system is arfjuaielated to inherent
indeterminacy of stock prices. Note that for examesty given dividend
payouts, stock returns are high if either the sfwrige is low (which gives larger
dividend rate) or the stock price is growing (whioiplies larger capital gains).
Hence, low initial price levels and self-reinforgidownward price trends at the
beginning of the learning process may bring théesggo this equilibrium of the
very low stock price and relatively large dividenates. This serves as an
illustration of quite serious difficulties of chang the appropriate
reinforcement-learning reward structure. Tediougpeginentation with the
specification of reinforcement signals showed it system often goes the
path of “least resistance”, which gives logical rdonomically not very
interesting results.

It is difficult to conduct any rigorous analysis tife simulated market’s
efficiency because there are no theoretical bendtsrfar the proposed market
setting. We can only note that the risk-neutraluadbn of the discounted
dividend flow in this stationary setting is close 32, whereas the simulated
market price converges the much lower price le¥d-@. In this particular case
the simulated stock price is about 3-4 times latgan annual dividends, which
implies agents’ large degree of risk aversion.
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Fig. 5.2. Simulated market dynamics for different loss aicerparameters
(stationary external environment; penalty rate2) —

Rewarded risk taking can be also supported in tloeleinby assuming
agents’ loss aversion. If they treat positive anglgative stock returns
asymmetrically, the risky asset becomes less #tteacelative to the bond,
which can only yield a positive return. As a resdiie to lower demand the
stock price gets smaller and dividend payouts becanfarger fraction of the
stock price, thereby implying larger stock returfss can be seen from
Figure 5.2, there is some evidence that largerdesssion tends to lower stock
prices and increase stock returns. For instancegehts’ reward functions are
altered to increase negative returns by 10% - tibiek rice fluctuates around
4.7, a 20% increase gives the equilibrium priceellef roughly 3.7, and 30%
asymmetry leads to price fluctuating around 3.this setting.

5.3. Applying the model to the actual data

In this subsection we apply the model to the aaia&h in order to get some idea
about empirical relevance of the simulated marketadhics and to compare
properties of the generated market price dynamiith Wose of the actual
market. Of course, we cannot expect to obtain al goatch between simulated
and actual pricdevelsbut the model does provide some qualitative irtsagh
the boom and bust episodes in the actual data.rtamgoparameters describing
the model and the experimental setup are giverabieb B1 and B3.
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5.3.1. Model data and background discussion

In this model the stock can be interpreted as adnmarket index, which
necessitates having specific empirical data, sushaggregate earnings of
companies included in the index and structural ghanof the actual index
composition. One of the few possibilities is to mkae the broad U.S. market
index S&P 500, for which the required data is pded by Standard and Poor’s.
Rapid financial integration of the last few decaded the recent global financial
contagion make the examination of this specifieidone the less interesting.

The data covers a 21-year period from 1988 to €B2The Standard and
Poor’s data set includes quarterly data on compangings and dividends, and
structural adjustment factors for the S&P 500 ind&bso necessary for the
simulation is the data on the term structure oériest rates. We use historical
daily series of Treasury rates of constant maagitiollected by the U.S. Federal
Reserve, and apply a simple linear interpolationdib needed maturities for
which data are not available. The series of daflf $00 index (with dividends
excluded) is not used in calculations directly kather serves as a comparison
benchmark.

2000

1600 -
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800 +

400 ~

O T T T T T
1988 1992 1996 2000 2004 2008

U.S. recessions —— S&P 500 index

Fig. 5.3. Dynamics of S&P 500 index and official timing of&J recessions

Source: Standard and Poor’s, National bureau oh&mic Research.

The actual data set includes two major boom-and-¢jpisodes. The first of
these stock market booms occurred in the secomahtie nineties. This boom
episode was initially fostered by the increasedipativity, output, employment,
investment and wage growth (Jermann and QuadrB02R The rise of the
revolutionary information technologies and favoulgalshanges in financing
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conditions, buoyed venture capital investment ichi®logy firms and
contributed to the overall exuberance about thegieed structural shift to the
“new economy”. Around 1998, these developments tesshy turned into the
speculative bubble, later dubbed the “dot-com” Weplvhich culminated in
2000. The bubble burst against the backgroundefatiering economy, worse
than expected corporate earnings and the contnactiomonetary policy
pursued by the Federal Reserve. Of course, it waddchnology companies’
shares, included e.g. in the NASDAQ Composite jxndéat were mostly
affected during this boom-and-bust episode but ethdevelopments were
forceful enough to have impact on many broad irglieeross the world,
including the S&P 500 (see Figure 5.3).

The U.S. stock market crash, accompanied by thecesic recession of
2001 and accounting fraud scandals, had a negatipact on investors’
confidence and their willingness to take riskshie stock market. As a result, the
stock market performance remained subdued until320thportantly, the
Federal Reserve was fighting the 2001 recessiopunguing very aggressive
monetary easing, which played a crucial role indagoprice bubble formation.
Poor financial market performance also contributedhis, as excess liquidity
and speculative capital made its way to the re@t@snarket and consolidated
housing as a means of lucrative investment. Howétvdid not take long before
ultra-low interest rates, accessible financing #mel real estate frenzy raised
corporate earnings and once again greatly imprawedpanies’ medium-term
prospects. During this boom the S&P 500 doubledhfits local trough dated
October 9, 2002 to its all-time high close of 1566 October 9, 2007.
Something that started with stagnation of the W&ising market, failures of
highly leveraged market players and the liquidityy-dp in the interbank
markets soon turned into the biggest since thet@epression global financial
and economic crisis, marked by systemic bank fedunndustry and even
country bailouts, unprecedented global monetary fiswhl easing, and asset
market crashes that wiped out trillions dollarswdalth. The crisis severely
worsened in autumn 2008 with the collapse of LehBasthers. The S&P 500
index fell by 18% in one week starting October @orkR peak to trough
(recorded on March 9, 2009) the S&P 500 lost 57%iet, U.S. bank bailouts
measured in trillions of dollars, huge fiscal stioaiand outright monetisation of
the government debt contributed to a strong, thgogdsibly not sustainable,
stock market rebound from these lows.

Let us examine fundamentals of the S&P 500 indéit anore closely. As
can be seen from Figure 5.4, there was indeed waardpshift in the earnings
trend around the time when the first stock marlagnb began. The trend ended
abruptly with the burst of the dot-com bubble ahd bnset of the recession.
During the second boom episode earnings exhibited brisker growth. Again
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in line with the timing of the stock market boorhey declined dramatically in
the second half of 2007 and later, after some mdoplunged deep into the
negative territory.
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Fig. 5.4. Quarterly corporate earnings of companies includegi&P 500
index (bn U.S. dollars)

Source: Standard and Poor’s.

For a more comprehensive assessment of fundamenialsecessary to
take into account the interest rate environmentfaxegone interest rates
constitute alternative costs to the risky investiiferFor this purpose we
calculate the inverted price-to-earnings ratiosti{véarnings summed over the
last four quarters) and plot them against the awe-yTreasury yields in
Figure 5.5. Note that as stockholders are entittedompany’s earnings, the
inverted price-to-earnings ratio reflects the fundatal part of the return on
their stock holdings and is directly comparable ragurns on alternative
investments. One obvious observation from Figure iS. that the earnings
indicator closely tracks the one-year Treasurydyilrl this sample the difference
between the two indicators on average equals zefale correlation coefficient
between the two is 0.66. This empirical observatioas not fit in well with the
neoclassical paradigm of rewarded risk.

13 Recall that this basic idea is also very importargur proposed model.



82 5. ARTIFICIAL STOCK MARKET VERSION SUITABLE FOFEEMPIRICAL...

0.12

0.10 ~

0.08 ~

0.06 -

0.04 -

0.02 ~

0 . 00 T T T T T
1988 1992 1996 2000 2004 2008

Earnings to price ratio ——— 1-year Treasury yield

Fig. 5.5. Corporate earnings as a fraction of market vatirepared to
riskfree returns

Source: U.S. Federal Reserve, Standard and Poor’s.

It is also interesting to note that periods of éardiscrepancy between these
indicators coincide with boom episodes. Importanthe gaps of the opposite
signs suggest that the two boom episodes wereffefreht nature. During the
technology boom the abovementioned measure of stastkrns was
considerably lower than the riskfree rate, indimgtithat actual corporate
earnings could not justify relatively high stockges. Instead, the market beliefs
about the immense impact of the technological kheakgh on future corporate
earnings pushed the prices even higher, which cosagted insufficient
corporate earnings with capital gains. In contrdsting the latter market boom
the indicator of fundamental stock returns was sbastly higher than the
riskfree rate owing to both improved corporate #@® and the extremely low
interest rates (determined by the monetary polimnce and low inflation
environment). The large positive gap made investngtocks very attractive,
and the boom was further stimulated by self-reitifay stock price rises. In both
cases the bubbles burst with the collapse of cogngannings, which proved
that earnings expectations were unjustified. Algo,the latter episode the
monetary policy tightening may have been anothejomdeterminant of the
market turnaround.
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5.3.2. Comparison of simulated and actual marketdy  namics

Now we qualitatively compare model results with Hwtual market dynamics.
Recall that risk-neutral valuations of simple treaderting earnings projections
serve in this model as some measure of stock fued&is. It turns out that
average agents’ valuations exhibit very little a#Hdn across different
simulation runs and do not systematically depends¥nparameters. Figure 5.6
compares fundamental valuations, averaged over iBulaion runs and

adjusted for the changing index structure, with #otual dynamics of the
S&P 500 index. The findings are consistent with ¢aglier discussion. Stock
prices are not justified by fundamentals duringtdehnology boom, whereas in
the second boom episode the estimated fundamertald be associated with
considerably higher stock prices. This suggests tth& second stock market
boom could be characterised by either heighteneestors’ risk aversion or
perceived unsustainability of strong earnings ghoamd temporariness of the
favourable interest rate environment.
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Fig. 5.6. Average simulated estimate of fundamental valuepared to
S&P 500 index

Source: Standard and Poor’s and model simulations.

As a next step of our analysis, we perform batcbbsstock market
simulation runs for different sets of risk paramgteEach of these batches
consists of ten simulation runs from randomly cimaséial price levels. As was
discussed in the previous section, simulations flmminitial price levels often
lead to even further price declines, so we rembesd runs from the analysis. In
Figure 5.7 we report simulated price paths averagedr economically
interesting paths. We can see from the graph timatilated market prices
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decline from initial levels to fundamentals in aboti years, and further
generated series can be used for meaningful ecoreomaiysis. At this stage it is
difficult to discern specific systematic featurdgpdce dynamics simulated with
different risk parameters, as they look qualitdyiwesry similar.
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——Aw. of selected series (penalty = -2)
——Aw. of selected series (penalty = -3)
Awg. of selected series (penalty = -3, loss awversion = 10%)

Fig. 5.7. Simulated market prices compared to S&P 500 index

Source: Standard and Poor’s and model simulations.

Importantly, all generated series exhibit boom-bndt behaviour. What is
even more interesting is that the timing of thetsth boom and bust periods
closely corresponds to the actual developmentss €an be explained by the
observation that both artificial and real stock ke#is booms and busts coincide
with significant changes in fundamentals. Also nibt&t boom or bust episodes
tend to begin more sharply in the model than inrded market, which may be
attributed to agents’ stronger herding behavioutthie model due to lower
fundamental variety of agent expectations tharhenreal world. This suggests
that the model may be useful for predicting rised bursts of financial bubbles.

It should be noted that while in the first boomsegle the simulated price
level is broadly in line with the actual peak, dgrithe second boom simulated
prices strongly exceed actual prices. This gapbeapartly explained by the fact
that in the model earnings projections are simglgedl on past data and there
was no way for agents to correctly anticipate thessive earnings correction
that eventually materialised. Also, due to the latknicro-evidence we did not
calibrate or change agents’ reward parameters ftectepossible changes in
investor attitude to risk following the burst okthot-com bubble.



5. ARTIFICIAL STOCK MARKET VERSION SUITABLE FOR EMRRICAL... 85

5.3.3. Analysis of simulated returns properties

Like most ASM models, the current model is not dire intended for
forecasting stock price levels. We are more intecks comparing properties of
simulated stock returns with known stylised prajsrof stock returns and with
actual properties of S&P 500 index returns. Somgn@fmore important stylised
empirical facts about stock returns can be sumedras follows (see Cont,
2001):

1. Non-normality of returns stock returns do not obey the Gaussian
distribution, as their distribution tends to digpleavy tails and asymmetry.
However, this property wanes and the distributiendmes more Gaussian-
like with the increasing time scale.

2. Lack of autocorrelationsstock returns usually do not exhibit significant
autocorrelation, possibly except for very smaltr@day) time scales. This
property basically implies that there should beaear structure in the
returns dynamics and simple “statistical arbitragsfiould not be
systemically possible.

3. Volatility clustering volatility measures display positive autocornelas.
This implies that large (small) price fluctuaticiesd to cluster in time and
form volatile (tranquil) market episodes.

To check these properties, we first calculate daidyreturns for randomly
chosen simulated price series and for the S&P B@6x. Since it takes about
1000 trading periods for simulated prices to drifim arbitrary initial values to
economically justified levels, we remove these olesgons from the statistical
analysis.

From the visual comparison of simulated and acttairns (see Figure 5.8)
it is clear that the model generates occasionapgum returns series. It appears
that these rare jumps significantly distort projesrtof simulated returns and
hinder meaningful comparison with the actual serlesr instance, standard
deviation of simulated daily returns is roughly ¢eias high as that of actual
returns (see Table B3 in the Appendix). Simulatadydorice fluctuations can
reach up to 40%, whereas maximum actual fluctuativare about 10% in the
analysed sample. Commensurately, the value at (N&R) indicators are
significantly higher for the simulated series thdne actual series but the
difference declines considerably when the VaR tioksis lifted from 1% to
5%. This serves as an indication that the distidinutail behaviour may account
for a large part of differences in series propsrtiéence, it seems a good idea to
dissociate tail behaviour from systemic behavidusimulated series. For this
purpose we arbitrarily exclude observations of metuexceeding 10% in
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absolute value from the sample as outliers (theystitoite about 0.5% of the
effective sample).
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Fig 5.8. Simulated and actual daily returns
Source: Standard and Poor’s and model simulations.
We turn to the analysis of statistical propertiéshese resampled series of

simulated returns. It turns out that the seriedl#txeome nice properties. First
of all, simulated returns are non-normally disttémy and distributional
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characteristics match closely those of the acetalns series. More specifically,
simulated returns series with all considered riskameters definitively fail
Jarque-Berra normality tests, along with the acg&&P 500 returns series (see
Table B3). Large kurtosis statistics show that $at@d and actual series display
heavy tails in line with stylised facts. Also, sfand deviations of simulated
returns are very similar to the standard deviatibactual S&P 500 returns. One
qualitative difference is that in accord with st@ld S&P 500 returns distribution
displays negative skewness (large negative rewarglsnore likely), whereas in
most cases both original and pruned simulated netwlistributions exhibit
positive skewness. This is not very surprising imgain mind both buoyant
earnings developments and many accommodating psitiogks in the analysed
sample period. Overall, distributional propertiéssionulated returns are highly
realistic.
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Fig. 5.9. Simulated and actual annualised conditional vdhathf stock
returns

Source: Standard and Poor’s, author’s calculataomsmodel simulations.

ASM models often suffer from the deficiency thagyttgenerate price series
with predictable patterns, which result, e. g.ifrover- and under-shooting due
to agents’ herding behaviour. In the current magleiulated returns are not
significantly autocorrelated. For the reported efiéint simulation runs one-day
autocorrelation coefficients vary from 0.04 to 0.08r comparison, actual
S&P 500 returns exhibit negative autocorrelationOd#8. The small positive
autocorrelation of simulated returns may be relébectbmpetitive reinforcement
learning behaviour, which supports stock price dhovollowing positive
returns. Negative autocorrelations with the sedagdshow that possible over-
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reactions tend to be corrected immediately. Givére tsmall size of
autocorrelation coefficients and the different tiseales between actual and
simulated series, the correlation of simulatedrretis again very much in line
with actual returns properties and stylised facts.

Simulated returns’ volatility clustering is visiblgith the naked eye (see
Figure 5.9). This is also confirmed by the statatianalysis. Correlogram tests
show that squared returns are indeed positivelgcautelated and correlations
die out very gradually as lags increase. For sitedlaquared returns series one-
lag correlations range from 0.12 to 0.19, wheréasautocorrelation for actual
squared returns is around 0.34. These correlatioggest that large changes of
returns do tend to be followed by further largectliations. We also apply a
simple GARCH(1,1) model for the simulated retureges and find significant
ARCH and GARCH effects in the conditional variantgamics, which are
qualitatively very similar to the actual returnsea

In general, the model could reproduce the most rtlapostylised properties
of actual stock returns very well. This can be wpasiderable degree attributed
to the fact that the simulated market dynamicsngiisodepends on simple risk-
neutral valuation of fundamentals. And as it tumd, actual stock market
movements are tightly related to this simplisticaswe of the stock value.
Preliminary analysis shows that the model cannmatogiuce some stylised facts.
For instance, the simulated returns do not displagative correlation with
volatility measures and the trading volume is nosifively correlated with
volatility (see Cont, 2001). Further, on the ddifye scale simulated returns are
not positively correlated with actual returns, tgbuhis is not surprising — the
correlation becomes significant for quarterly olvaéons of annualised returns.

One remaining important issue is evaluation of madel’'s results against
the background of other calibrated ASM models. Titst thing to note is that
very few models have attempted to fit model workpagameters to actual data
in direct estimation procedure (LeBaron, 2006), aeddid not attempt that here
either. Matching emergent properties of artifigtdck markets to actual data or
to stylised facts also usually gives mixed resutisthis context some realistic
properties of the current model's simulated mangkis qualitative insights
about the analysed bubble episodes can be condidsra success. It should be
noted that LeBaron (2003) also calibrates his mddeU.S. data over quite
similar analysis period and his model is also cgpalb replicating persistent
volatility, excess kurtosis and uncorrelatednessetirns. A model developed
Farmer and Joshi (2002) in addition to these faalolar statistical properties
generates “reasonable” long swings away from fureddais. lori (2002) and
Kirman and Teyssiere (2001), among others, alsortemcorrelated returns and
persistent volatility of simulated markets.
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Fig. 5.10. Simulated market liquidity (no. of transactionalavindow or
relevant history (in quarters) compared to markistepevel

Finally, we touch upon a couple more interestingeats of the ASM
model. Recall our earlier discussion about the ipdsgg that perceived
structural breaks of the stock market dynamicshmmaccompanied by changing
sizes of information sets used for earnings forscaslodel results, quite
naturally, give some supporting evidence for thessertions (see Figure 5.10).
For instance, around the time of the first pealsiofulated market dynamics
agents tend use more recent information but astiiek market returns to its
long-term trend agents again rely on longer hisgdnperformance. We also note
that market activity (quantitative turnover of teck) quite closely follows
simulated price dynamics, though the market ligyidries out at the end of the
sample while the price still remains high.

5.4. Concluding summary of Chapter 5

In our ASM modelling approach we emphasise the mamze of the economic
content of agent-based models, as overly simplostidlack-box” modelling do
not greatly enhance generative understanding @&néiml market processes.
Though agents’ behaviour in the present modeilidasgely ad hoc like in most
ASM models, we did put a lot of effort in ensuritigat their basic behavioural
principles accord with commonsensical understandihgensible investment
behaviour in the highly uncertain environment (seeg., Arthur, 1995 for
discussion). Agents in this model exhibit inductivehaviour, as they form
relatively simple models of the world, act accoglio them and update those
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models in order to effectively reach their goalsorM specifically, agents
individually determine corporate earnings trendsyf risk-neutral valuations of
the stock and adjust these estimates by takingaictount perceived changes in
fundamentals, general market sentiment and their pevformance. Moreover,
there are no strong assumptions about supply anthrtk formation in the
model environment, and they are determined purglthe interaction of agents.
Other realistic features of the model include dadrgding and managing of
accounts, quarterly dividends, centralised stoadharge based on competitive
limit orders, etc.

Experiments with the model confirm market self-lagjon abilities, as
different initial market prices tend to convergestmilar levels associated with
the same underlying fundamentals. The remaininghsistic element of market
behaviour suggests that complete market efficieischardly possible. The
model is also (partly) calibrated to the U.S. ficiah data, and properties of
simulated market dynamics are compared to thogbdeofS&P 500 index. The
simulated market exhibits boom-and-bust behavioud the timing of these
booms and busts largely corresponds to actual olewednts, though simulated
structural breaks seem to be more abrupt. A simpigirical analysis and model
results also confirm the different nature of th& lavo global asset bubbles — the
technology bubble is more related to unjustifiechi#mys expectations, whereas
in the recent asset bubble episode the interesteratironment played a larger
role.

Basic statistical properties of simulated markétnes closely correspond to
known stylised properties of stock returns and acproperties of S&P 500
index returns. Simulated stock price dynamics digploccasional jumps but,
apart from that, simulated returns have a non-nbtegokurtic distribution,
they are not significantly autocorrelated and pssdbe property of volatility
clustering. Moreover, many of the descriptive stats are very similar to those
of the actual S&P 500 returns, which is relatedh fact that both simulated
and actual market dynamics are highly dependenthendynamics of simple
risk-neutral stock fundamentals.

Overall, model results are quite encouraging, thoogich work is still
needed, especially, for developing more transparefiicient and realistic
behavioural methods. Judging the success of acpltimodel one has to keep
in mind that ASM modelling is still in its earlyagjes of development but it does
promise to become one of the main alternative$eoctisis-laden neoclassical
financial theory.
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Concluding summary and comments

Global economic and financial problems caused bydikorderly unwinding of

imbalances that had been accumulating over decaaemt be easily reconciled
with the efficient market paradigm based on rati@gectations and perfectly
rational representative agent assumptions. Theys#l of global consumption
can even be seen as a result of the disregardesfémporal budget constraints,
which is of course at odds with basic principles ag@nsumer (investor)

optimising behaviour. In any case, the mainstreamantial and economic

theory cannot explain current economic developmagit® adequate forecasts
or policy prescriptions. In this context there igy@wing need to look for a

replacement for the work-horse financial and mamvoemic models based on
heroic assumptions.

This work advocates the view that agent-based ¢imhmodelling, which
takes financial markets as complex dynamical systeomsisting of interacting
heterogeneous agents, can potentially become devaternative. However,
significant further interdisciplinary progress iseaded before agent-based
models can take the centre-stage of financial nankelelling.

91
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We also argue that it is necessary to take intowtdcmarket complexity,
agent heterogeneity, bounded rationality and adapthough not simplistic)
expectations. These features are usually absestaivard financial models but
are at the heart of agent-based modelling. Agesg¢damodels use the
procedural (computer code) — rather than mathealaticmodel description
form, which technically enables researchers to heasiquire into many
interesting features of systemic behaviour. Howeteeoretical or empirical
foundation of individual agents’ behaviour and ex¢é¢ validation of model
results are two main problem areas, which havéoeen systemically addressed
to date and constitute a serious obstacle to thbefuprogress of agent-based
financial modelling.

In the brief review of the literature on the adidil stock market modelling
two broad categories of models are presented: dilets based on stochastic,
heuristic and standard theory-implied behavioutdés and (i) models with
learning agents or evolutionary systemic adaptafidre first group of models
generally emphasise the role of agent heterogeneityetermining complex
market behaviour and emergent systemic propestibereas the second group
of models concentrate on the generation of goodstment strategies and the
macro-level implications of intelligently adaptetéstment strategies.

To our knowledge, no full-fledged artificial stookarket models have been
developed by Lithuanian researchers. However, ismilork we provide some
references to somewhat related studies conductddtimyanian scholars. They
mostly fall into one of these areas: research @kstment decision making,
analysis of emergent properties of stock markets, analysis of empirical
relationship between market dynamics and macroeunimneariables.

Intelligent adaptation in the highly uncertain @omiment can arguably be
key to understanding actual financial market betaviOne of the possibilities
to model agent behaviour is to resort to the aréfiintelligence literature for
specific algorithms of adaptation and learning. particular, we find
reinforcement learning algorithms economically vewypealing, even though
there are certain problems with their practicallenpentation. Without knowing
the true model of reality, reinforcement-learnirgeiats learn from interaction
with environment and adjust their strategies so tiney attain maximum long-
term reinforcement (utility) from the environme@imilarly, investors seek to
reach their long-term objectives in highly uncertanvironment.

In our ASM modelling approach we emphasise the mapee of the
economic content of agent-based models and redkanaverly simplistic or
“black-box” modelling do not greatly enhance getigea understanding of
financial market processes. Though agents’ behauoour proposed models is
still largely ad hoc like in most ASM models, wet pulot of effort to ensure that
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their basic behavioural principles accord to thenemnsensical understanding
of sensible investment behaviour in the highly utate environment.

In this work we developed two closely related ASMdals. The initial
version of the model is more detailed and largedyvad as an organising
framework for a more refined analysis. The moresipaonious and simpler
version was partly calibrated to empirical data amds used to enhance
generative understanding of two famous bubble épisauring the last two
decades.

The basic ASM model, spelled out in Chapter 4 aisddl on the interaction
of heterogeneous agents whose forward-looking betens driven by the
reinforcement learning algorithm combined with soew®lutionary selection
mechanism and economic reasoning. Other notaltierésaof the model include
knowledge dissemination and agents’ competition &urvival, detailed
modelling of the trading process, explicit formatiaf dividend expectations and
estimates of fundamental value, computation ofviddial reservation prices and
best order prices, etc.

The model should largely be seen as a thought emget that proposes to
study financial market processes in the light ahptex interaction of artificial
agents that are designed to act in an economieglhealing way. Bearing in
mind the uncertain nature of the model environmenistly brought about by
this same interaction, strategies followed by iaréif agents seem to exhibit a
good balance of economic rationale and optimisaitempts.

One of the main problems with this model is that stock market dynamics
strongly depends on perceived risk-neutral funddaten Coupled with
modeller-specified restrictions, this results int reufficiently rich market
behaviour. The investment decision-making processdhe model are quite
tedious, and some complications appear to congiblittle to model's
economically interesting results but do constitate obstacle to model's
empirical calibration and testing. Nevertheless,fitoposed modelling approach
serves as a basis for a refined and suitable f@irexal analysis version of the
model.

In the second, refined model agents also exhillitétive behaviour, as they
form relatively simple models of the world, act aaing to them and update
those models in order to reach their goals. Moezi§ipally, agents individually
determine corporate earnings trends, form riskyadwialuations of the stock
and adjust these estimates by taking into accowrtepved changes in
fundamentals, general market sentiment and thein @&rformance. This
adjustment is again governed by the reinforcemsantning algorithm. Just like
in the original version of the model, there are stiong assumptions about
supply and demand formation in the model environmemnd they are
determined purely by the interaction of agents.eDttealistic features of the
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model include daily trading and managing of accsumuarterly dividends,
centralised stock exchange based on competitiviedirders, etc.

We conducted twofold simulations with the modelrsEi we examined
some properties of the simulated market in a ctiattstationary environment.
The model was also (partly) calibrated to the Wirgancial data, and properties
of simulated market dynamics were compared to tbbsee S&P 500 index.

Overall, model results are encouraging, though mwiotk is still needed,
especially, for developing more transparent, effitiand realistic behavioural
methods. Judging the success of a particular mmukehas to keep in mind that
ASM modelling is still in its early stages but ibes promise to become one of
the main alternatives to the crisis-laden neodataséinancial theory.

Main conclusions

1.

An original ASM model is proposed. Based onaitparsimonious
partially calibrated witg empirical data model versis developed.
The proposed models provide a basic framework lier denerative
analysis of financial market processes and canesasva simulation
tool of market processes. The proposed agent-bamedelling

framework can be further modified for use in preaiti portfolio

management applications.

Previously little explored possibilities to empl reinforcement
learning algorithms (more specifically, Q-learnimg)ASM models are
implemented. In this work we provide arguments tloe conceptual
relevance of these behavioural algorithms in thexalo of economic
problems.

Emergent properties of the proposed artificiaicle markets are in
discord with the neoclassical financial theory’s sfutates on
informational efficiency and homogeneous agent iela.

The market price of the stock in the basic wrsif the model broadly
in line with fundamentals but over- or under-vaioat runs are
sustained for prolonged periods.

In the basic version of the model both individd@arning and
adaptation at the population level (more specificaévolutionary
selection) are essential for ensuring any effigreocthe market. The
institutional setting alone, such as the centrdlisgchange based on
the double auction trading, cannot ensure effediimetioning of the
market.
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6.

10.

11.

12.

Market self-regulation ability in the basic viersof the model is found
to be weak. Even in the case of activated adajpgaaing, the market
does not correct itself from erroneously perceiftedtlamentals if they
are in the vicinity of actual fundamentals, whichdarscores the
importance of market participants’ subjective Hsliéor the market
price dynamics.

Experiments with the basic model confirm a pesitrelationship
between stock returns and changes in liquidityerethare indications
that exogenous shocks to investors’ cash holdimgsl Ito strong
changes in the market price of the stock.

Experiments with the refined model in the colg environment
confirm market's self-regulation abilities, as difént initial market
prices tend to converge to similar levels assodiatih the same
underlying fundamentals.

Basic statistical properties of simulated marketurns closely
correspond to known stylised properties of stodkirres and actual
properties of S&P 500 index returns. Simulated lstmece dynamics
displays occasional jumps but, apart from thatusated returns have a
non-normal leptokurtic distribution, they are noignificantly
autocorrelated and possess the property of viyatilistering.

In the case when the model is calibrated tdxl® financial data, the
simulated market exhibits boom-and-bust behavimgt the timing of
these booms and busts largely corresponds to admalopments,
though simulated structural breaks seem to be rabrapt than the
actual breaks.

A simple empirical analysis and model resullso aconfirm the

different nature of the last two global asset babb} the technology
bubble is more related to unjustified earnings elqi@ns, whereas in
the recent asset bubble episode the real inteedst anvironment
played a larger role.

The proposed ASM models demonstrate severasiple mechanisms
of financial bubble formation: they include excdisglidity, earnings
forecast errors that get dispersed owing to spmecifigent
communication (“herd instincts”) and competitive egsures to
concentrate on short-term gains against the bapkdib bubble
episodes (“trend riding”).
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Appendix A. Parameter setting and experimental
results of the initial model

Table Al. Key parameter settings of the ASM model

General parameters

Length of a simulation run (number of trading pdsan a run) 20000
Number of simulation runs in a batch 10
Number of agents 100

Total number of shares 10000
Frequency of dividend payouts Annual
Monthly discount rate 0.995
Annual interest rate on bank account 0.062
Liquidity ceiling (as a multiple of current stockige) 5

Trading

Number of feasible price quotes in a trading period 50
Frequency of trading rounds Monthly
Trade cost (as a fraction of trade value) 0.001
Learning

Learning rate (alpha) 0.1
Exploration rate (epsilon) 0.1
Subjective discount parameter of reinforcementieay 0.995
Dividend forecasting horizon 5 years
Smoothing parameter in the EWMA of dividends, fuméatal value 0.1
Dividend forecast constraint (as a fraction of eatrdividend) +0.3
Individual reservation price constraint (as a fiactof perceived 402
fundamentals) -
Action step size in the process of dividend leagniallowed 20.02: 0: 0.02
percentage changes of the dividend adjustmentrjacto e
Action step size in the process of reservation eprformation 20.02: 0 0.02
(allowed percentage changes of the price adjustfaettr) e
Bankruptcy conditionsin evolution procedure (and noise trading)

Maximum number of bankruptcies in a trading round 3
Performance threshold (as a percentage of avesxfigrmance) 0.7

Threshold for strategy imitation

Average difference between two compared stratqgispercentage

of the leading strategy) o2
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Table A2. Specification of model experiment runs

Dividend generating process _ o . .
(Model 1) div, =25-1.000125 + 005-div, , - &,

Dividend generating processy;,, _ o5
=

(Model 2)
Model Learning Evolution

Experiment 1 Model 1 ON ON
Experiment 2 Model 1 ON OFF
Experiment 3 Model 1 OFF ON
Experiment 4 Model 2 ON ON
Table A3. Basic descriptive statistics of simulation experrimge

Experiment 1 2 3 4
Dividend forecasting
Average forecast bias, % -0.1 -0.1 -0.8 0.0
Average absolute forecast error, % 0.4 0.4 1.4 0.1

Price dynamics relative to perceived

fundamentals

Average price bias from fundamentals, % -1.6 59 6 7. 01
Average length of overvaluation runs 43.7 405.9 263. 635
Average length of undervaluation runs 59.9 29 2.8 624

Upper semi-deviation (avg. overvaluatio
during a run above fundamentals), % 19 6.7 9.0 8.5
Lower semi-deviation (avg. undervaluatio

during a run below fundamentals), % 8.9 1.6 1.8 8.6
Average volatility (per trading round), % 2.9 22 63 28

Behavioural and budget constraints

Average proportion of agents forming

“unreasonable” dividend forecast (ped.0 0.0 5.0 0.0
forecasting round), %

Average number proportion of agents that

have “unreasonable” reservation price (pérl 0.4 3.3 0.1
trading round), %
Number of active agents, % 89.7 29.2 22.2 90

Adaptive adjustment

Average dividend adjustment factor 1.015 1.016 4.950.998
Average price adjustment factor 0.986 1.004 0.973002
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Appendix B. Parameter setting and experimental
results of parsimonious version of the model

Table B1. Model parameters

General parameters

Number of agents 200

Total number of shares 100
Frequency of trading rounds Daily
Frequency of dividend payouts Quarterly

Liquidity ceiling (maximum cash balances allowed) 005

Forecasting dividends

Dividend forecasting horizon (in quarters) 10
Minimum history used for dividend forecasts (i%
quarters)

Maximum history used for dividend forecasts (ig0
quarters)

Probability for choosing data window randomly 0.1

Reinforcement learning
Learning rate (alpha) 0.1
Exploration rate (epsilon) 0.1
Subjective discount parameter of reinforceme6|t995
learning '
Action (incremental adjustment in equation (4)) -0.02; -0.01; -0.005; Q;
0.005 0.01; 0.02
Number of worst-performing agents punished 1
Reinforcement signal Log-returns and
penalty
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Table B2. Experimental setting in the case of stationary exogis processes

Simulation size
Length of simulation
run (trading round§ 15000
Number of quarterg 241

Dynamics of exogenous variables

Earnings generating  _100+ 005-100- ¢, , whereg, ~ N (01) i.i.d.
process

Dividends d, =04y,
Term structure of lsj = 005+ 005- 005 ¢,, whereg, ~ N (0])
interest rates iid.

Specific features of experiment runs
Initial market price High (50) or Low (5)
Penalty.for the worst- 0: -1: -2: -3
performing agent

Loss aversion (%) 0; 10; 20; 30

Table B3. Experimental setting in the case of calibratioadtual data

Simulation size
Length of a simulation run

(trading rounds) 5290
Number of quarterg 84
Number of simulation runs in

10
a batch

Specific features of
experiment runs
Initial market price Uniformly random in intervad;300)
Penalty for the worst-

. -2 -3 -3
performing agent

Experiment 1  Experiment2 Experiment

Loss aversion (%) 0 0 10

3
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Table B4. Properties of simulated and actual returns
Actual Experiment
SP 500 1 2 3

Penalty rate -2 -3 -3

Loss aversion (%) 0 0 10
Initial sample

Number of observations 4291 4291 4291 4291
Mean 0.000201 0.000417 0.000391 0.000898
Median 0.000432 -0.000421 -0.000422 -0.000508
Maximum 0.104236  0.295247 0.408859 0.302290
Minimum -0.094695 -0.316977 -0.337488 -0.307772
Standard deviation 0.011589 0.020492 0.019549020165
VaR (1%) 0.0313 0.0487 0.0480 0.0465
VaR (5%) 0.0175 0.0204 0.0204 0.0203
Skewness -0.299178  3.373704 3.204439 3.150824
Kurtosis 13.41547  76.25842 103.6247  73.59587
Sample with removed extreme observations

Removed observations - 24 23 28
Remaining observations 4291 4267 4268 4263
Mean 0.000201 -0.000219 -0.000385 -0.000246
Median 0.000432 -0.000448 -0.000436 -0.000545
Standard deviation 0.011589 0.013961 0.01394%013669
Skewness -0.299178 0.167488 0.221399 -0.057599
Kurtosis 13.41547  12.47783 13.09445 11.85247
Jarque-Bera 19459.71  16080.79 18253.55 14R13.6
Probability 0.000000 0.000000 0.000000 0.00000
1-lag autocorrelation of returns -0.076 0.044 0.076 0.070

1-lag autocorrelation of sqr. returns 0.338 0.125 .188 0.142

ARCH(21) 0.066013  0.043653 0.038483 0.0277pH7
Probability 0.000000 0.000000 0.000000 0.000000
GARCH(1) 0.931727 0.951254 0.959871 0.970831
Probability 0.000000 0.000000 0.000000 0.000000
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