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Why	is	economics	interes2ng?
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The	economy	is	society’s	metabolism

Everything	else	in	society	depends	on	
the	economy

4



The	economy	is	the	process	that	
transforms	raw	materials	and	human	

labor	into	goods	and	services
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Economics	is	the	study	of	this	process,	
of	understanding	how	to	guide	it	to	

improve	human	well-being



Standard template for an economic model

• Assume agents have preferences and beliefs
• Find fixed point equilibrium where agents 

maximize preferences according to beliefs
– in strong form preferences are utilities and 

beliefs are based on rationality
– program in economics over last 30 years has 

been to modify assumptions one at a time, e.g. 
asymmetric information, institutional 
constraints, only some agents rational, …

6



DSGE models

• Dynamic Stochastic General Equilibrium
– “Rocking horse economy” (Andy Haldane)

• Assume economy is in equilibrium
• Shock knocks it out of equilibrium
• It moves toward equilibrium
• A new shock arrives and knocks it out again
• e.g. “Real business cycle models”
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Business cycle
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Different kinds of equilibrium

• Physical equilibrium
– forces balance

• Thermodynamic equilibrium
– heat flows in steady state

• Strategic equilibrium
– agents fully consider each other’s behavior
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Why are non-equilibrium 
approaches needed?

• Beliefs may not be consistent
• Strategy dynamics may not settle into a 

fixed point
– e.g. if agents are boundedly rational and 

outcomes are not consistent with beliefs
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Simple Keynes beauty contest

• Name a number between 0 and 100
• Winner is the one whose guess is 2/3 of the 

average guess
• What is your guess?
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When is equilibrium assumption justified? 

• To test this use the context of game theory
• There are players who choose one of several 

possible actions (moves) at each turn
• Players receive payments based on the 

combined actions of all players
• Game is played repeatedly
• Make players learn their strategies

(Note significant pre-existing literature)
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What is typical behavior?

Our approach (Galla and Farmer, PNAS 2013)
• Construct games at random (i.e. choose 

random payoff matrix but keep fixed 
throughout game)

• Try to characterize long-time behavior of 
games a priori.
– analogy to Reynolds number in fluid turbulence
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Intuitions
• Simple games should be easier to learn than 

difficult games
• From a dynamical systems point of view, 

there must be something special if fixed 
points are generically stable
– Nash proved there is always a fixed point for a 

game with mixed strategies
– But not necessarily stable
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Ensemble of games

• Choose payoffs so that they are normally 
distributed, satisfying

If                  then game is zero sum
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Learning: Experience 
weighted attraction

Reinforcement learning: Players learn strategies 
based on actions that were successful in the past.
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strategy to get rid of statistical uncertainty

xµ
i = probability player µ takes action i

Qµ
i = Attraction of player µ to action i

⇥ = intensity of choice

� = learning rate

�A
ij = payo⇥ to player A from actions i, j



21



22



23



Change in total payoff vs. time
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Caveats

• Other learning algorithms?
– level K
– more state information

• Is this ensemble of games representative?
• Games with few actions? 

• e.g. 2x2 games 
• (Pangallo, Sander, Galla Farmer, 2016)

26



Alternatives?

• Making models out of equilibrium requires 
imposing more structure

• Models that simulate behaviors of 
individuals are called agent-based models; 
provide one of the main alternatives
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What	is	ABM?

• Agent-based	models	(ABMs)	are	a	class	of	
computa2onal	models	for	simula2ng	the	
ac2ons	and	interac2ons	of	autonomous	agents	
(both	individual	or	collec2ve	en22es	such	as	
organiza2ons	or	groups)	with	a	view	to	
assessing	their	effects	on	the	system	as	a	
whole.
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Agent-based	models

• In	a	sense	all	economics	models	are	agent-
based	models	

• ABMs	are	computa(onal	models	that	explicitly	
model	the	micro	states	of	individual	agents	or	
heterogeneous	groups	of	agents.
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Computa2on	has	revolu2onized	
physical	and	natural	science

• Makes	it	possible	to	study	nonlinear	dynamics	
and	complex	systems.	
– Fermi,	Pasta	Ulam	
– non-elephant	animals	
– Most	important	driver	of	progress	in	last	50	years.	

• Has	this	happened	in	economics	and	social	
science	as	it	has	in	other	fields?	If	not	why?
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Two	reasons

• Good	reason:		Elementary	processes	are	not	
well-understood.		

• Bad	reason:		Economics	was	colonized	by	
mathema2cians,	who	devalue	computa2on.
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Two	examples	of	simple,	qualita2ve		
agent-based	models
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Systemic	risk
• Systemic	risk	in	financial	markets	occurs	when	
ac2vi2es	of	individual	agents	cause	unintended	
consequences	due	to	collec2ve	interac2ons.	
– micropruden2al	vs.	macropruden2al	regula2on	
– o`en	caused	by	micropruden2al	risk	control	

• Channels	of	contagion	in	financial	markets:	
– networks	of	counterparty	exposures	(lending)	
– overlapping	poraolios	(common	assets)	
– others,	e.g.	conversa2on,	mass	media,	…
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Key	factors
• Dynamic	effects	

– dynamic	risk	control,	herding,	cause	contagion	
through	market	impact	

• Network	effects	
– connectedness	to	systemically	risky	ins2tu2ons	
– connec2ons	can	be	via	loans	or	common	assets	
– both	inter	and	intra	firm	channels	of	contagion	

• Ecological	effects	
– shi`s	in	the	composi2on	of	investor	strategies	
– combines	above,	long	and	short	term	dynamics
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Micropruden2al/macropruden2al	
tradeoff

• Micropruden2al	regula2on		
– 	Individual	ins2tu2ons	minimize	their	own	risks,	
without	regard	to	how	others	behaving	similarly	
might	affect	the	market	

• Macropruden2al	regula2on			
– Concerned	with	systemic	effects
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	Leverage	cycles

• One	of	the	most	important	examples	of	the	
dynamics	of	systemic	risk.	

• Minsky:		During	calm	times	leverage	goes	up	due	to	
competition	for	returns.		With	high	leverage	
negative	shocks	are	amplified	by	leverage,	which	
triggers	a	crash	

• Geanakoplos:		Heterogenous	investors,	optimists	use	
more	leverage,	bad	news	is	amplified
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	Causes	of	leverage	cycles

• Minsky:		During	calm	times	leverage	does	up	due	to	
competition	for	returns.		With	high	leverage	
negative	shocks	are	amplified	by	leverage,	which	
triggers	a	crash	

• Geanakoplos:		Heterogenous	investors,	optimists	use	
more	leverage,	bad	news	is	amplified
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LitLiLiterature	on	leverage	cycles
• Minsky	(1970s)	
• Gennotte	and	Leland	(1990)	
• Danielsson	et	al	(2001)		
• Geanakoplos	(2003,	2010)	
• Estrella	(2004)	
• Danielsson,	Shin	and	Zigrand	
(2004,	2010)	

• Fostel	and	Geanakoplos	(2008)	
• Adrian	and	Shin	(2008,	2014)	
• Brunnermeier	and	Pedersen	(2008)	
• Thurner,	Farmer	and	Geanakoplos	
(2010)	

• Gorton	and	Metrick	(2010)	
• Tasca	and	Battiston	(2010)	
• Adrian,	Colla	and	Shin	(2012)	
• Adrian	&	Boyarchenko	(2012,2013)	
• Corsi,	Marmi	and	Lillo	(2013)	
• Poledna,	Thurner,	Farmer	and	
Geanakoplos	(2014)	

• Caccioli,	Shrestha,	Moore,	Farmer	
(2014)	

• Aymanns	and	Farmer	(2014)
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Key fact

For passive investor with leverage > 1:

• When prices drop leverage goes up

• When prices rise leverage goes down

Reason:

      Leverage = Risky assets/(Assets - liabilities)

If leverage > 1, when assets decrease in value, 
denominator is smaller, so affected more than numerator



Cause	of	Great	Modera2on	+	crisis?
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• Assume bank has a leverage target 

• If current leverage      under leverage target, 
borrows       and buys       of asset

• If over leverage target, sells      and pays back            
loan

Leverage targeting

Bank trades with fundamentalist noise trader = 
passive investor who holds a fraction of asset; 
fraction driven by exogenous noise term



Commercial	banks	vs.		
investment	banks

• Adrian	and	Shin:		Commercial	banks	use	constant	
leverage	targets,	investment	banks	use	procyclical	
leverage	targets.			

• Procyclical	means	that	leverage	goes	up	when	prices	
go	up.		Countercyclical	means	the	opposite.	

• Volatility	and	prices	are	negatively	correlated.		We	will	
define	the	cyclicality	of	policies	in	terms	of	response	
to	volatility,	i.e.	a	procyclical	policy	is	one	that	
increases	leverage	when	volatility	decreases.	

• My	personal	experience:	face	value	->	D.S.D.	->	VaR
43



Risk	management	policy
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Stability?

• Leverage	targeting	is	destabilizing	
– if	prices	drop,	leverage	goes	up	and	banks	sell	
– if	prices	rise,	leverage	goes	down	and	banks	buy	

• Mark-to-market	accounting	exaggerates	feedback	
•Must	have	unleveraged	fundamental	traders	to	stabilize	
markets
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Agent-based	model	of	interacting	banks
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Simplify	to	get	essence	
(Dynamics	of	the	leverage	cycle,	Aymanns	and	Farmer,	2015)

• One	bank,	one	risky	asset	+	cash	
• Three	assumptions:	

- Exponential	moving	average	of	historical	volatility	
used	to	estimate	expected	volatility	

- Basel	II	risk	management	rule	
- Simple	price	formation	rule:		Increasing	leverage	
target	implies	buying	=>	price	of	asset	rises													
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Two dimensional model

With sigma_0 = 0 and b = -1/2:
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More	realis2c	model	
(Aymanns,	Caccioli,	Farmer,	Tan,	2016)

• One	bank,	one	asset	
• Key	addi2onal	ingredient:		“Noise	
trader”	(unleveraged	fundamentalist)	that	
trades	with	bank	

• Trading	frequency	of	fundamentalist	follows	an	
exogenous	GARCH	process	

• Well-defined	con2nuous	2me	limit
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,
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Key	parameters

• alpha	—	controls	risk	individual	agents	are	
willing	to	bear.		alpha	larger	=>	more	leverage	

• b	—	determines	whether	leverage	regula2on	is	
procyclical	or	countercyclical		
– procyclical:		leverage	drops	when	vol	rises	
– countercyclical:		leverage	drops	when	vol	drops
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Linear	stability	analysis
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Time	series	with	noise
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Time	series	without	noise
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Basel	strange	attractor

• Flucutations	are	endogenously	driven	—	do	not	
require	any	noisy	inputs.
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Op2mal	policy	depends	on	market	
impact	of	banking	sector	

• Low	market	impact:	
Basel	op2mal	

• High	market	
impact:	constant	
leverage	

• Micropruden2al	vs.	
macropruden2al	
regula2on
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Low market impact,
Basel nearly optimal

High market impact,
almost constant 
leverage is optimal

Risk at fixed leverage



Slower	adjustment	stabilizes	dynamics
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Policy	recommenda2on	on	leverage

• Know	where	threshold	is!	
– Leave	a	large	margin	of	error	

• Best	policy	depends	on	size	of	banking	sector	
– when	banking	sector	larger,	leverage	must	go	down	
– limits	must	change	sufficiently	slowly	(compromise	
between	micropruden2al	and	macropruden2al	risk)	

– need	carefully	designed	countercyclical	buffers
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Cause	of	Great	Modera2on	+	crisis?
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Great	modera2on	+	crisis?

• Cannot	say	that	this	mechanism	was	the	cause	
• However,	can	say	that	Basel	II	+	realis2cally	
high	leverage	are	sufficient		

• Housing	bubble	may	have	just	been	the	spark	
– a	crash	was	inevitable,	many	possible	causes
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Conclusions
• Basel-style	risk	control	generates	chaotic	endogenous	
dynamics	and	price	crashes	when	leverage	+	size	of	
banking	sector	is	high.	

• Can	be	understood	with	a	very	simple	ABM,	which	can	
be	calibrated	to	real	data.			

• Improved	risk	control	policy:		
- more	countercyclical	than	Basel,	but	not	fully	
countercyclical;	depends	on	size	of	banking	sector	

- allows	slower	adjustment	speed		
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What causes extreme risk 
in financial markets?

Empirical fact:  Price returns have power law 
tails -- essential for risk control. 
Standard explanation:

exogenous information arrival
Explanation by heterodox economists using 
agent-based modeling:

trend followers + value investors (SFI stock 
market, LeBaron, Brock & Hommes, Lux & 
Marchesi, ...)
Key difference:  Extreme events generated 
endogenously!





Are there other mechanisms that 
cause excess volatility and 

extreme events?
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Value investor 
 leverage model 

(Thurner, Farmer, Geanakoplos, Quantitative Finance 2011) 
(Poledna, Thurner, Farmer, Geanakoplos, J. Banking Finance 2014)

funds (value investors)
noise traders reverting to a fundamental value
investors choosing between fund and cash; 
base decisions on trailing performance of funds
bank lending to funds
Note leverage is ratio of asset value to equity:  
Leverage > 1 implies debt.
When prices drop, leverage increases



Thurner,	Farmer	and	Geanakoplos	(2010)

Model	of	leverage	cycles	driven	by	
	leveraged	value	investors



Value investor’s demand
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Key fact

For passive investor:

• When prices drop leverage goes up

• When prices rise leverage goes down

Reason:

      Leverage = Risky assets/(Assets - liabilities)

When assets decrease in value, denominator is smaller, 
so affected more than numerator



Leveraged	hedge	fund	ABM

• ABM	model	of	leveraged	value	funds	with	fundamentalist	noise	trader	
• Investors	allocate	to	funds	or	cash	based	on	trailing	returns	(yield	chasing)	
• Bank	lends	to	funds,	bank	can	make	margin	calls	
• Endogenous	build-up	in	leverage,	statistically	realistic	crashes,	volatility	(VIX)	
• Evolutionary	pressure	favours	more	aggressive	funds	(in	the	short	run)

Fund	wealth

Volatility

Sources:		Thurner,	Farmer,	Geanakoplos,	Quantitative	Finance	2010	
Poledna,	Thurner,	Farmer,	Geanakoplos,	J.	Banking	Finance	2014



Why?

Value investors are normally stabilizing, buying 
into falling markets.

However, when fully leveraged, if price randomly 
drops, due to risk control by banks, value 
investors are forced to sell into a falling market.

This amplifies rather than damps fluctuations.  



Leverage causes power law 
tail for stock returns
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ABM reproduces  time 
profile of volatility peaks
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Defaults	under	diverse		
regulatory	regimes
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Concluding	thoughts

• Equilibrium	assump2on	is	appropriate	for	
some	situa2ons,	not	for	others.	

• When	expecta2ons	are	not	consistent,	I	
hypothesize	that	oscillatory	(non-fixed	point)	
behavior	becomes	more	likely.	

• Realism	o`en	leads	to	models	of	this	type,	
with	more	complicated	dynamics.
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