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Abstract

A simple model of a portfolio allocation between mature and emerg-

ing markets is speci�ed. The representative-agent, rational expec-

tations version of the model has an unlimited number of equilibria,

providing no reason to expect that heterogeneous agents would all

coordinate on one or another equilibrium. Therefore, the model is

simulated with heterogeneous expectations based on ex post returns,

imitation, and experimentation. Solutions produce periodic crises, as

periods of excessive optimism plant the seed for their reversal, despite

the fact that interest rates fall before crises, instead of rising.
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1 Introduction

The recent occurrence of currency crises in emerging market countries has

inspired widespread interest in whether currency crises were the result of fun-

damental policy failures or structural problems in the countries concerned, or

whether instead the attacks on speci�c countries were essentially arbitrary,

stimulated by changes in market sentiment and perhaps subject to contagion

from other countries su�ering crises. As a result of this interest, numerous

models have been presented to account for the 1994-95 Mexican crisis, the

1997-98 Asian crises, and the after-e�ects of the Russian default; some of

these models, following Obstfeld (1986, 1994) have allowed for the possibility

of self-ful�lling speculative attacks, in which the deterioration of a country's

fundamentals is not the sole reason for the crisis (Cole and Kehoe, 1996;

Sachs, Tornell, and Velasco, 1996; Radelet and Sachs, 1998; Chang and Ve-

lasco, 1998). Other authors have also ascribed contagion to jumps between

multiple equilibria (Krugman, 1999; Masson 1999). In these models, rational

expectations are consistent with more than one solution for asset prices and

other �nancial and real variables. For instance, devaluation probabilities

and interest rates can re
ect con�dence in the prospects for a country, and

this will be self-validating in that low interest rates (or in
ation) make the

authorities' policy trade-o�s more favorable. In contrast, there is another

equilibrium in which lack of con�dence makes a devaluation (or more gen-

erally a more expansionary monetary or �scal policy) more likely. However,

typically such models have little, if anything, to say about how investors

coordinate on one or another of the equilibria. In fact, they typically as-

sume that investors all act in the same way, with their actions dictated by

an extraneous, sunspot variable.

Another important feature of emerging �nancial markets has been surges

of capital in
ows that seem to plant the seeds for the subsequent crises.

Dooley (1999) has rightly argued that theories of currency crises should also

shed light on the boom periods. In his model, rational investors put their

money in emerging markets to exploit government guarantees; when the re-

sources available to honor those guarantees run out, investors run for the

exits, provoking a crisis.

There are two general approaches that have been used in macroeconomics,

and �nancial markets in particular, to explain how the formation of expecta-

tions might evolve, which put some structure on the coordination of expecta-

tions. One set of models has examined why investors may imitate others and
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be subject to fads and bandwagon e�ects which may result in what appear to

be arbitrary swings in sentiment (Banerjee, 1992; Bikchandani et al., 1992;

Caplin and Leahy, 1994; Lee, 1997; Chari and Kehoe, 1998). These mod-

els, which are based on imperfect and asymmetric information, emphasize

the heterogeneity of investors, who receive a private signal but need to infer

whether to give weight to that information or rather imitate others. Depend-

ing on the sequence of signals received, the market price can take values that

are arbitrary. Moreover, a new signal that tips the balance of sentiment from

optimism to pessimism can provoke a \cascade" or \avalanche" of sell orders

and a large change in price. Calvo and Mendoza (1996) present a model

of herding behavior by international investors that is applied to the Mexico

crisis; Calvo (1998) uses a model of informed and uninformed investors to

try to understand contagion from Russia.

These models emphasize the heterogeneity of expectations and the ar-

bitrariness of the resulting asset prices, which result from a sequence of

generally unobservable, individual shocks. While multiple equilibria models

concentrate on macroeconomic (and �nancial) interactions, herding models

focus almost exclusively on the interactions in the formation of expectations

in static models. However, in dynamic models the number of potential equi-

libria is much larger{the number can be unbounded, as shown in Jeanne and

Masson (2000). Thus, there is a need to study more general models which

consider both sets of interactions.

Moreover, there are still theoretical puzzles relating to the types of models

that allow for multiple rational expectations equilibria. Morris and Shin

(1998) show that solutions to a simple speculative attack model may be very

sensitive to the information structure, so that if common knowledge about the

distribution of the (private) shock received by all agents does not exist, then

the possibility of multiple equilibria disappears. The applicability of this

result to more general models is unclear, justifying further experimentation

with models with macroeconomic linkages and heterogeneous expectations.

Another strand of literature considers alternatives to rational expecta-

tions that involve modeling the process of expectations formation. In par-

ticular, there is an extensive literature on learning models and bounded ra-

tionality in macroeconomics (see Sargent 1993 for a partial survey). These

types of models have proven very useful in studying the out-of-equilibrium

dynamics and have generated interesting behavior that traditional analysis

and models have not been able to address, for example, persistent 
uctuations

of asset prices (LeBaron et al., 1999; Brock and Hommes, 1997), exchange
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rates (Arifovic, 1996), recurrent in
ations (Cho and Sargent, 1999; Sargent,

1999), and recurrent hyperin
ations (Marcet and Nicolini, 1997). Lettau and

Uhlig (1999) show that learning may not lead households to reject \rule of

thumb" saving behavior in favor of the optimal, dynamic programming solu-

tion, thus helping to explain the excess sensitivity of consumption to income.

Kasa (1999) presents a version of Obstfeld's (1997) \escape clause" model

in which agents learn about the government's decision rule using a stochas-

tic approximation algorithm; the dynamics are characterized by recurrent

episodes of currency crisis.

However, this strand of literature has not to date been applied to issues

relating to the boom and bust cycles of capital 
ows to emerging markets,

which is the subject of this paper. We embed a model of portfolio selection

and expectations formation that involves both imitation and experimentation

in a very simple balance of payments model of speculative crises, detailed

in Masson (1999). This approach to modeling expectations, which embodies

trial-and-error learning through investors' interaction and through occasional

experimentation, has some important advantages relative to other models of

bounded rationality. First, it provides a convenient framework to study the

impact of heterogeneous beliefs. Second, the information requirements on

economic agents are minimal. Finally, the predictions of models that employ

evolutionary adaptation (similar to the evolutionary algorithm we use in this

paper) have proven very successful in capturing the behavior observed in

laboratory experiments with human subjects (e.g. Arifovic, 1994, 1996).1

Investors are each assumed to be risk neutral, and to choose between

putting all their money either into U.S. assets or into emerging market assets,

the latter subject to possible devaluation (or default). Risk neutrality of

lenders has been assumed by a number of researchers of herding, currency

crises, and credit cycles, including such representative articles as Banerjee

(1992), Cole and Kehoe (1996), and Kiyotaki and Moore (1997). Here, the

assumption permits highlighting the role of the formation of expectations by

heterogeneous agents in determining period-by-period the volume of capital


ows to emerging markets, while making their long-run equilibrium level

arbitrary. While an extreme assumption, it seems to square with boom

phases when obvious risk factors seemed to have little role in discouraging

in
ows. In fact, in all three crises{tequila, Asia, and Russia{a common and

1For a survey of the applications of evolutionary models in macroeconomics see Arifovic
(1999).
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striking feature was the neglect of obvious risk factors in the period leading up

to the crises. The model, as we shall see, also predicts sharp reversals, which

square with the crises we have seen, despite no assumption that attitudes

toward risk changed or that investors anticipated an increase in volatility.

In general, the dynamics that result from our model are too complex to be

completely characterized analytically, and we present some simulations be-

low that illustrate some of the properties, as well as deriving a few analytical

results from a simpli�ed version of the model. We explore the interaction be-

tween the macroeconomic causes of balance of payments crises and the shifts

in expectations that correspond to imitation and experimentation. We are

able to illustrate the abrupt shift in market sentiment, triggering shifts in the

holdings by investors of emerging market debt, that seems to correspond to

the swings between booms and busts in capital 
ows to emerging markets. In

the model, it is the decline in the premium of emerging market interest rates

over those in developed countries (the boom phase) that eventually leads to

a reversal in sentiment. We derive the threshold level for the average prob-

ability of devaluation below which such a reversal of sentiment is triggered.

At �rst, in
ows lead to a favorable balance of payments position, and the

absence of a devaluation means that emerging market investors make excess

returns, leading other investors to imitate them. However, there is a limit

to this process, since there is a limit to the funds available for investment

into emerging markets and a 
oor to the market's estimate of the probability

of a devaluation. Success in attracting in
ows makes countries especially

vulnerable, since the resulting high debt requires for its servicing continually

larger in
ows. At some point, the interest rate premium over US rates has

declined so much and the proportion of investors in emerging markets has

risen to such an extent that it cannot increase further, so that the amount

invested in emerging markets can only stabilize or fall, leading to a drying

up of capital in
ows. If the stock of debt on which interest needs to be

paid is high enough, and reserves are low enough, this leads to a crisis. As

has been the case for a number of the countries involved in the crises cited

above, in our model these shifts in sentiment trigger occasional devalua-

tions or defaults. Conversely, these crisis periods also come to an end once

pessimism has reached its peak, that is, a certain threshold (derived in a sim-

pli�ed model with a continuum of agents) has been reached by the market's

estimate of the probability of devaluation.

While these results do not constitute a new theory of speculative attacks

or of expectations formation, they make clearer the role of heterogeneity in
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making determinate the amount of investment in emerging markets. When

the degree of consensus shifts, it can cause large shifts in amounts invested,

substantial changes in interest rates, and increased vulnerability to crisis (the

country is assumed subjected to shocks to its trade balance as well). And

the shifts in consensus result in the model from the intrinsic dynamics of an

unchanged and plausible process of expectations formation.

The plan of the paper is as follows: Section 2 gives the model of the

individual investor's portfolio decisions, the market interest rate, and the au-

thorities' decision to devalue. Section 3 details the formation of expectations,

Section 4 presents the simulation results, while Section 5 concludes.

2 Equations of the model

The model describes the behavior of risk neutral investors who decide to put

their wealth either in an emerging market country or the United States, and

the behavior of an emerging market central bank which defends a currency

peg using its foreign exchange reserves until those reserves reach some min-

imum threshold value. The model is extremely simple, but is designed to

highlight: i) the possibility of long-run indeterminacy in asset holdings, at

least within some range; ii) the heterogeneity of expectations; and iii) the

idea that investment decisions depend on an investor's degree of optimism

or pessimism relative to the average expectation.
We begin however by describing a version of the model with a repre-

sentative agent forming rational expectations of the devaluation probability,

and show that it leads to a potentially unlimited number of solutions where

transitions between these solutions are described by a Markov process. The

rationale for the market coordinating on one or another solution is left unex-

plained, making the applicability of a representative agent model doubtful.

Instead, given the multiplicity of solutions, agents would likely have het-

erogeneous expectations, which they might revise in the light of observed

outcomes. In the rest of the paper, we describe a more realistic framework

for the formation of expectations in this context, in which all agents are not

assumed to coordinate on the same equilibrium, and in which both imitation

and experimentation play a role in the formation of expectations.
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2.1 Representative agent model

The U.S. asset is riskless, and pays a known rate r
�, while the emerging

market asset's return rt is subject to devaluation (or default) risk as well as

potentially decreasing returns to the amount invested. The representative

agent puts a fraction �t of her �xed wealth W in emerging market assets,

such that expected returns on the two assets are equalized. Making explicit

the dependence of rt on �t, and letting �t be the probability of a devaluation

(of �xed size �e), the condition for portfolio equilibrium is2

r
� + �t�

e = rt = r(�t) (1)

Equation (1) links the amount invested to the expectation of devaluation

(for given U.S. interest rates and devaluation size), since the marginal returns

to the foreign investment decline with the total amount invested. Inverting

(1), we can write this dependence as

�t = �(�t) (2)

with �
0(�t) < 0: As in the canonical currency crisis model (Krugman, 1979),

devaluations are triggered by the decline of reserves to some threshold level,

which we assume to be zero. The change in reserves is equal to the capital

in
ow plus the trade balance, minus the interest payments on outstanding

debt:

Rt = Rt�1 + Tt +Dt �Dt�1 � rt�1Dt�1 (3)

where Dt = �tW: The trade balance Tt is stochastic and is assumed to follow

a Markov process, that is, it depends only on its lagged value.

Then a rational expectation for the devaluation probability will satisfy

�t = Pr
t
(Rt+1 < 0jno devaluation) (4)

This probability can be written

�t = Pr
t
(Rt + Tt+1 + �(�t+1)W � (1 + r

� + �t�
e)�(�t)W < 0) (5)

2For convenience, cross product terms are ignored here.
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Assuming that the reserve level Rt is part of the representative agent's in-

formation set, and using the notation in Jeanne and Masson (2000), we can

write this as

�t = Pr
t
(B(Tt+1; �t+1; �t) < 0jTt; Rt) (6)

This latter equation determines the rational expectation for the devaluation

probability, given the stochastic process for Tt. The dynamics of (6) are

di�cult to characterize. However, it is shown in Jeanne and Masson that a

simpli�ed version of equation (6) can have multiple solutions. In particular;

in the simpli�ed case where B does not depend on �t (just on �t+1)
3, nor on

Rt; if transitions between equilibria are described by a Markov transition ma-

trix, then there is an unlimited number of rational expectations solutions. In

particular, for any set of n equilibria, another rational expectations equilib-

rium can also be constructed. Thus, there is clearly a problem of equilibrium

selection. Going even further, it seems unlikely that all agents would at any

one time have the same estimate of �t.

2.2 Heterogeneous agents

We now turn to the model with heterogeneous agents. There are n investors,

each with constant wealth4 W , who form expectations of the devaluation

probability �i
t and devaluation size �

e;i

t . Since investors are risk neutral, they

will be indi�erent between investing in the two assets when their ex ante

returns are equal, and choose between putting all their beginning-of-period

wealth into the safe foreign asset, at rate r�, or into emerging market claims,

at rate rt; depending on which expected return is greater. We assume that

each investor is a price taker, and does not in
uence the marginal product

of capital in the emerging market economy. Moreover, even the total invest-

ment does not in
uence the marginal return: it is assumed that the r(�t)

function in (1) is constant over the relevant range for �t. Alternatively, these

short-term assets can be thought of as bank deposits, with the bank setting

the rate. Over the relevant range of capital 
ows, the supply of both U.S.

3The case where B depends on both �t+1 and �t can generate chaotic dynamics, as
shown in Jeanne and Masson (2000), pp. 337-38.

4Endogenizing wealth (and through higher wealth allowing more successful rules to
gain a greater in
uence on market prices, as in Blume and Easley, 1992) requires modeling
investors' consumption as well as distinguishing between successful investors and successful
rules, which makes imitation (as modeled below) less than straightforward.

8



and emerging market debt is thus in�nitely elastic at these rates, and the de-

mand for emerging market deposits determines the capital 
ow to emerging

markets. While a mechanism could be introduced to ensure that on average

these expected returns equaled the marginal productivity of capital in de-

veloping countries,5 this introduces an element of simultaneity that greatly

complicates the solution of a model with heterogeneous agents and raises the

question of the existence of a Walrasian auctioneer. It is also not essential

for making the amount of capital in
ows determinate, as we will see below.

Short selling of either asset is ruled out; neither portfolio proportion can be

negative.6 If �it is the share of i's wealth in emerging market debt, then

�
i
t = 0 or 1 as (1 + r

�) > or < (1 + rt)=(1 + �
i
t�

e;i
t ).7

So at any period t, the amount of emerging market deposits held by all

foreign investors is

Dt =

nX
i=1

�
i
tW: (7)

Emerging market banks set the interest rate on bank deposits to re
ect

market expectations of the return on emerging market debt. We assume

that banks do not form expectations of devaluation themselves; they just

use the average of all investors' expectations as a measure of the expected

value of devaluation. Thus, the interest rate on emerging market deposits

rt is set equal to the U.S. rate plus a weighted average of the expected rate

of devaluation. This equation, which is analogous to an interest parity

condition, can be written

rt = (1 + r
�)

nY
i=1

(1 + �
i
t�

e;i
t )1=n � 1: (8)

With di�erent expectations, expected returns will be equalized only for

the marginal investor whose expectation equals the average expectation.

Each individual investor will make her investment choice on the basis of

a comparison with the average expectation embodied in the interest rate.

5In our simulations, ex post returns on average are greater in emerging markets than
in the United States.

6Similar qualitative results can be obtained if borrowing is allowed, but there are limits
on leverage (such as a minimum capital requirement).

7If the US rate were equal to the gross expected emerging market return discounted by
the expected devaluation, �i

t
would be indeterminate.

9



If more optimistic on emerging markets, in the sense of estimating a lower

probability of devaluation than the average, then she will put all her wealth

into emerging market debt; otherwise, she will put it all into U.S. assets.

In this model, investor heterogeneity is key to determining the amount of

emerging market assets held.

We now specify more exactly the conditions under which devaluations

occur, and the size of the devaluation. As above, a balance of payments

identity relates the change in reserves to the trade balance plus the purchase

of new debt by investors minus the principal and interest on maturing debt,

assuming that there has been no devaluation or default:

Rt = Rt�1 + Tt +Dt � (1 + rt�1)Dt�1: (9)

Reserves earn no interest, but they could just as easily have been assumed to

earn r
�. The trade balance is assumed to be described by an AR(1) process,

Tt = � + �Tt�1+ "t; (10)

where " is assumed to be normally distributed with mean zero and variance

�
2
:

Provided that Rt is above some threshold level (which we assume without

loss of generality to be zero), there is no devaluation at t; i.e. �t = 0 (absence

of superscript indicates that this is the realized value of depreciation, not

its expectation). However, if reserves would otherwise be negative, there is

a devaluation or default which reduces the amount that will be repaid on

borrowing undertaken at t. That is, the ex post return for the lender will be

(1+rt)=(1+�t), where the amount of the devaluation is equal to the shortfall

in the balance of payments that would have pushed Rt negative, divided by

Dt:

(1 + �t) = [(1 + rt�1)Dt�1 �Rt�1 � Tt �Dt]=Dt (11)

Though the devaluation/default reduces the amount owed at t+1, not t, we

assume that in this case balance of payments arrears are accumulated within

the period such that reserves at t do not go negative but instead equal zero.

The next section describes the formation of devaluation expectations{the

probability of devaluation and its expected size.

10



3 Evolution of Expectations

We now consider a learning model where there are n agents who are bound-

edly rational and acquire the experience and knowledge needed to improve

their performance over time. We impose very weak requirements on agents'

computational abilities. The learning algorithm describes imitation-based

adaptation of the agents' expectational rules (here a rule is just a point es-

timate for (�i
t; �

e;i

t ). Investors consider their own and the success of other

investors and try to imitate those rules yielding above-average returns. In

addition, they occasionally experiment with new expectational rules. The

adaptive algorithm may be interpreted as a stochastic version of replicator

dynamics (Taylor and Jonker, 1978).

Realized rates of return determine measures of performance of the expec-

tations used at time t that we call �tness values. A �tness value for investor

i, �i
t; is equal to the ex post net return on emerging debt

�
i
t = (1 + rt)=(1 + �t)� 1 (12)

if investor i invested her wealth in the emerging market and to

�
i
t = r

� (13)

if she invested in the US market. In the case that due to devaluation (�t > rt)

the �tness of an expectation takes a negative value, it is truncated to zero.

Thus all the expectations that resulted in �it = 1 receive the same �tness value

even though they may have di�erent values of �i
t and �

e;i

t . Similarly, all those

that resulted in �
i
t = 0 receive the same �tness value even though they may

have di�erent �i
t's and �

e;i
t 's. Investors update their expectations �i

t and �
e;i
t

at the end of each period by imitating rules that have proven to be relatively

successful and by occasional experimentation with new expectational rules.

These two aspects of expectations formation are described below.

Imitation

At the beginning of each period t, investor i, i 2 [1; : : : ; n] compares her

expectational rule to a rule of a randomly selected investor j. The probability,

Pr
j

t , that an expectational rule j is selected for comparison is equal to the

expectational rule's relative �tness:

Pr
j

t =
�
j
tPn

i=1 �
i
t

: (14)
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We can think of the selection of an expectational rule j as resulting from

a spin of a roulette wheel where each expectational rule is assigned a slot

proportionate to its relative �tness (proportional selection). Rules that per-

formed better get larger slots than rules that did worse in the previous pe-

riod, and thus well-performing rules have higher probability of being selected.

(Rules are selected with replacement.) Once j is selected, investor i compares

the �tness of her own expectational rule to the �tness of investor j's expec-

tational rule. If the �tness of her own rule is equal or higher, she keeps her

own rule. Otherwise, investor i imitates (adopts) the expectational rule of

investor j.

Note that in case of devaluation, if �t > rt, expectational rules of the

investors who invested in the emerging market yield a negative return, which

is truncated to zero. Thus expectations of all investors who invested in the

emerging market will receive �tness equal to 0 and will not be imitated. Only

the expectations of those investors who invested in the US market receive

positive, equal probabilities of being selected in this case.

Imitation alone represents a type of herd behavior in that on average,

over time, well-performing expectations will be imitated (followed) by a

larger number of investors and on average, investors will encounter better-

performing expectations more frequently.

Experimentation
Each investor i 2 [1; :::; n] can experiment with her expectational rule.

Experimentation takes place with probability pex on each of the two parts of

the rule. If the investor experiments with the expected probability of deval-

uation, a new expected probability of devaluation is determined by drawing

a random number from the uniform distribution in the interval [0; �max] .

Similarly, if the investor experiments with the expected size of devaluation, a

new expected size of devaluation is determined by drawing a random number

from the uniform distribution in the interval [0; �emax] .

We refer to the algorithm with evolving and heterogenous values for the

size of devaluation as the evolving � �
e
t case. We also simulate a version of

the algorithm where an expectational rule is characterized by a single real

number, �i
t (the probability of devaluation), and we assume that the expected

amount of devaluation is equal across investors and constant over time. This

version of the algorithm will be referred to as the fixed� �
e case.

The above describes the framework which is assumed to govern the in-

teraction of the population of investors. If investors are not able to gather

enough information to form reliable estimates of the future behavior of the
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markets, and based on that determine their optimal behavior, imitation

of previously successful strategies seems a plausible behavioral assumption.

This type of behavior is explicitly modeled in our framework using propor-

tional selection such that expectational rules that yielded an above-average

payo� tend to be used by more investors in the following period. Experi-

mentation incorporates innovations by investors, done either on purpose or

by chance.

4 Simulation Results

In order to make the simulations as realistic as possible, starting values and

parameters were chosen from a real-world case; in particular, initial values

for external debt, reserves, and the trade balance were taken to be those

prevailing in Argentina at the end of 1996, and the process driving the trade

balance was estimated by a regression using historical data for that country.

These values were all taken from Table 1 of Masson (1999), which also de-

scribes in more detail the balance of payments, currency crisis model. The

model there is calibrated to annual data; however, our interest here is in

higher-frequency observations, so we convert interest rates and other 
ows

to monthly. All stocks and 
ows are expressed as ratios to GDP, so the

relevant interest rates are actually the di�erence between a nominal interest

rate and the rate of growth of nominal GDP. For r�, the U.S. interest rate,

we use (0:05 � 0:03)=12; or 0:001666.

Initial values of variables as ratios to GDP (after multiplying asset stock/GDP

ratios by 12 to convert to a monthly frequency) are given by:

D1 = 412:8; R1 = 73:2; T1 = �0:3;W = 825:6

The �gure for wealth was arbitrarily chosen to be twice D1
8. The evolution

over time of the trade balance as ratio to GDP is described by the following

estimated historical relationship:

Tt+1 = 0:006743 + 0:6167Tt + �t+1

where �t+1 s N(0; 0:02122). Thus, in the absence of shocks the long run

trade balance would be in surplus equal to T = 0:006743=(1�0:6167) = 1:76

percent of GDP.

8Note that henceforth W is total wealth, not the wealth of an individual investor.
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The values of pex are chosen to equal either 0.33 or 0.033. The number

of investors, n; is equal to 100. The value of �max is 0.1 and �
e
max = 1. We

denote averages across the set of investors for the devaluation probability,

devaluation size, and emerging market portfolio proportion as �t; �t; and �t,

respectively.

Our simulations exhibit interesting behavior with recurrent devaluations:

extended periods of �t = 0 are followed by instances of devaluation, �t > 0,

which take place over several periods. These are summarized in Table 1,

which presents the average number of occurrences of devaluations (c1) and

average duration of each occurrence of devaluation (c2) for two di�erent val-

ues of pex. We consider three di�erent cases: (1) simulations where expecta-

tions of the devaluation size are �xed (expected devaluation size is �e = 1;

that is a devaluation of 50 percent9); (2) simulations where �et is allowed to

evolve; and (3) simulations with no shocks to the trade balance (and �xed

expectations of the size of devalution, �e).

The numbers represent averages over 5 simulations (using di�erent seed

values for a random number generator). Each simulation was conducted for

10; 000 months, and each month a new shock was generated for the trade

balance and new draws for the random variables a�ecting the evolution of

expectations.

Table 1

Average frequency and duration (in months) of devaluation

�
e = 1; �2� > 0 �

e;i
t evolves, �2� > 0 �

e = 1, �2� = 0

c1 c2 c1 c2 c1 c2

pex = 0:33 1910=10; 000 2:34 1768/10,000 2.25 1876/10,000 2.35

pex = 0:033 675=10; 000 1:34 465.4/10,000 1.20 662.2/10,000 1.18

Qualitative features of the dynamics are the same for all the di�erent

cases that we simulated, though there are some di�erences in details. A

lower value of pex results in less frequent episodes of devaluation for all three

cases. In addition, for all three cases, the average duration of devaluation

episodes is shorter for lower pex.

We also simulated economies in which �tness values of expectational rules

were calculated as the averages of the rates of return from the two previous

periods. The main qualitative features of the dynamics remained the same.

9Since �e only a�ects the formula for computing rt; the choice of its level has little
e�ect on the simulations.

14



We report the results of these simulations in Table 2. Again, for all three

cases, a lower value of pex results in less frequent episodes of devaluation

whose average duration is shorter.

Table 2

Average frequency and duration (in months) of devaluation

Fitness equal to the average of the two previous periods' returns

�
e = 1, �2� > 0 �

e;i

t evolves, �2� > 0 �
e = 1; �2� = 0

c1 c2 c1 c2 c1 c2

pex = 0:33 2822=10; 000 1:82 2360/10,000 1.67 2396/10,000 1.66

pex = 0:033 679=10; 000 1:31 691/10,000 1.34 637/10,000 1.32

Since the qualitative results are similar, in what follows we focus our

analysis and discussion on the case of �xed-�e, where �
e = 1, with �tness

values equal to the previous period's rate of return, and with the rate of

experimentation, pex = 0:33. As we will see below, during the periods when

�t = 0, ��t, and consequently rt; are decreasing while ��t and Rt are increasing.

On the other hand, during the periods of �t > 0, ��t and rt are increasing,

Rt is equal to zero and ��t is decreasing. Devaluations are triggered by a

reversal in the general pattern of falling values of ��t and rising ��t { that is,

they re
ect a change in market sentiment as embodied in the distribution

of devaluation expectations. Once the �rst devaluation takes place, devalu-

ations in subsequent periods result from a general pattern of rising values of

��t and falling ��t. This process can be halted only by a reversal in the pattern

of falling values of ��t:

4.1 Understanding the simulations

Analysis of the limiting case with an in�nite number of agents helps to shed

some light on the simulations. In this case, there is a continuum of values

for the expected devaluation probability, and the population of investors is

completely described by its probability density. What is interesting is that

the form of the distribution is crucial for the results, and the dynamics of

the evolution of expectations produce predictable changes in the shape of the

distribution.

We derive properties of the model in which the number of investors n

goes to in�nity, so that we can work with a continuum of investors and a

continuous density function over the expected probability of devaluation. We
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abstract from the balance of payments dynamics (and from shocks to Tt)

and assume a simpli�ed version of imitation, in which each investor chooses

randomly her rule from the same pool of rules (with probability determined

by �tness values), rather than comparing her rule to a randomly selected

rule. We consider the �xed-�e case, and hence we can identify investors with

their value of � in any time period. We also work with the log-linearized

approximation of the model, using the approximation log(1 + r) = r:

Under these assumptions, risk neutral investors set the interest rate to

equal the foreign rate plus the average expected probability of devaluation

�t , times the �xed expected devaluation size �e:

rt = r
� + �t �

e (15)

Let ft(�) be the density function for the estimates of �, then

�t =

Z 1

0

ft(�)�d� (16)

�t =

Z �t

0

ft(�)d� (17)

and (where total wealth is W )

Dt = �tW (18)

Assuming heterogeneity of expectations, whether �t is greater or less than

one-half depends on whether the distribution of expectations is skewed to

the left or the right (see Figure 1). If to the right, there is more probability

mass to the left of the mean expectation, so �t > 0:5, and conversely. This is

exactly what we observe in our simulations of the model with a �nite number

of investors. Moreover, the skewness shifts over time as expectations evolve.

Suppose that there is a sequence of periods of no devaluation (so that �t = 0).

This will typically involve a period where the distribution is skewed to the

right, so that �t > 0:5: Absence of devaluation yields a higher �tness value

to those expectations to the left of the mean (i.e. those more optimistic on

emerging markets); it will therefore raise the probability mass on the left

side of the distribution, and lower that on the right. But as this process

continues, eventually the positive skewness declines or disappears, making �t
decline and increasing ��t:
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We now show that if ��t gets too low, this leads to a reversal, with �t+1�

�t > 0, despite no devaluation having occurred. This will happen when ��t
gets into the range of values [0; �max=2]. The probability density function of

the estimated probability of devaluation at t+1 is given by ft+1(�), assuming

no devaluation occurred at t:

ft+1(�j0 � � < �t) = (1 � pex)
r
� + �t�

r��max + (�t)2�e
+ pex=�max (19)

ft+1(�j�t � � � �max) = (1� pex)
r
�

r��max+ (�t)2�e
+ pex=�max (20)

�t+1 =
R �max
0

�ft+1(�)d� = 1

2(r��max+�2
t
�e)
fr

�

�
2
max + �

2
t �

e[(1 � pex)�t +

pex�max]g

So

�t+1��t =
1

2(r��max + �
2
t �

e)
fr

�

�max(�max�2�t)+�
2
t �

e[pex�max�(1+pex)�t]g

(21)

The change in �t+1will depend on the sign of the cubic in �t within fg on

the RHS of (21), which we can call g(�t). It can be seen from an expansion

of g(�t) that there are 3 sign reversals, implying that there are three positive

real roots to g(�t) = 0. At least one is in the interval [0,�max=2], since

g(0) > 0 while g(�max=2) < 0. Thus, if �t gets too low, this leads to a

reversal, with �t+1��t > 0, despite no devaluation having occurred. In the

simulations of the model with n investors, it is the reversal of ��t that can

trigger a crisis with several periods of devaluation.

Conversely, periods of devaluation involve negative skewness, but re-

peated devaluations lower the probability mass to the left of the distribution

and increase it to the right, eventually lowering ��t and raising �t: If a deval-

uation occurred at t, then assuming that the devaluation �t is greater than

r
� + �t�

e the density function will be:

ft+1(�j� < �t ) = pex=�max (22)
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ft+1(�j� � �t ) = (1 � pex)
1

�max � �t

+ pex=�max (23)

�t+1 = �max=2 + (1 � pex)�t=2 (24)

So �t+1 � �t > 0 after a devaluation if and only if �t <
�max
1+pex

which is

normally satis�ed in the simulations. Thus, in the normal case, a devalu-

ation would increase the estimated probability of devaluation next period.

However, if devaluations continue for several periods, ��t can rise to a high

enough level that the inequality is not satis�ed, triggering a reversal.

These analytical results are borne out by the simulations. Figure 2 (which

displays a simulation that assumes pex = 0:33) shows that the dynamics are

characterized by sequences of decreasing values of ��t during which waves

of optimism induce many investors to put their wealth into the emerging

market, and after a devaluation by sequences of increasing values of ��t during

which waves of pessimism make many investors pull out of the emerging

market and invest in the US market.

A critical feature of the simulations is that a crisis is not signaled by

rising interest rates (fueled by fears of devaluation), but rather the reverse,

a period of declining interest rates and rising portfolio shares for emerging

market investments. Conversely, during a crisis interest rates rise to high

levels and emerging market investments shrink, but this sets the stage for

a rebound that starts a new cycle of above-average returns and investor

optimism.

Consider the periods during which �t = 0. During these periods, ��t is

generally decreasing. The expectational rules with relatively low values of

�
i
t have higher �tness values than those with relatively high values of �i

t

and thus evolutionary selection will favor the low �
i
t rules over the high �

i
t

rules. In addition, among the new rules generated via experimentation, the

evolutionary selection will favor those with low values of �i
t. This pushes the

value of ��t down. In order for an investor to keep investing in the emerging

market, her expectational rule has to remain below ��t. Overall, evolutionary

pressure works towards lowering the values of ��t and �
i
t's. Eventually, once ��t

reaches su�ciently low values, a reversal occurs and the value of ��t increases,

and the simulations con�rm that this reversal occurs in the model with a �nite
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number of investors as well. The increase in ��t will result in a decrease in �t

and an increase in rt.

At this point, two things can happen and which of them occurs depends

on the level of reserves held by the emerging market central bank. On the

one hand, if Rt is low enough at the point when the reversal takes place, a

decrease in ��t may result in a withdrawal of deposits su�cient to trigger a

devaluation (or default). If this happens, a sequence of periods during which

�t > 0 starts, leading to a sequence of increasing values of ��t and decreasing

values of ��t.

On the other hand, at the moment when the reversal takes place, the

level of reserves may be high enough so that even though there is a decrease

in ��t and hence in the amount of deposits, there is no need for devaluation.

If �t remains equal to 0 at the time period when the reversal of ��t occurs,

the expectations of the investors who invested in the emerging market will

be vindicated, and the process of declining ��t will be set o� again. However,

another reversal will eventually take place once again, and when that is

coupled with a low level of reserves, a devaluation is triggered.10

Next, consider what happens during a devaluation. The values of ��t are

increasing and of ��t are decreasing. Decreases in ��t result in further depletion

of reserves, and further devaluation. But a reversal of the direction of ��t
movement will occur again once ��t exceeds �max=(1 + pex). This will result

in a (usually small) increase in ��t that is su�cient to set �t = 0.

4.2 An episode of devaluation

In the actual simulations, it is interesting to look at the behavior of ��t, Rt=Dt,

�t and ��t around the time of a devaluation. Thus we take a particular instance

of devaluation in a simulation with �xed-�e, between periods t = 124 and

t = 135. Figure 3 presents the behavior of ��t, �t; Rt=Dt and �t during this

interval, and Figure 4 the distribution of the values of �i
t for the n investors

in our population.

Between periods t = 124 and t = 126, ��t decreases from 0.0261 to 0.0204.

Figure 4 shows that for observations 124 - 126, during which �t = 0, most of

the mass of the distribution of �i
t's is concentrated below the mean value, ��t;

leading to ��t >> 0:5. The Rt=Dt ratio is very low for these two observations.

10The low level of reserves could serve as a warning signal for investors to withdraw
deposits from the emerging market. However, information about the level of reserves is
usually not publicly available because central banks only publish it with a lag, if at all.

19



At t = 127, ��t increases to 0:0220. Despite the fact that it is a small

increase, reserves are so low that a devaluation occurs. Even though it is a

small devaluation of only 0.03, it triggers large changes in expectations. The

average value of �t increases from 0:0220 at t = 127 to 0.0721 at t = 130. This

huge increase in ��t is associated with a decrease in ��t, setting o� a sequence of

repeated devaluations, increasing values of ��t and decreasing values of ��t. In

Figure 4, observations 128 - 131 show that, as devaluation wipes out positive

returns in the emerging market, the distribution starts shifting towards the

right and at t = 131, most of the mass has now shifted to the right of ��t.

Once ��t reaches a high enough value, the reversal occurs and its value

decreases, i.e. ��131 = 0:0713 < ��130 = 0:0721. According to the limiting

case, the threshold for ��t is �max=(1+ pex) =0.0750. The actual value of ��130
is little bit lower than that, but the derived condition is based on simpli�ed

expectations formation and the assumption of an in�nite number of investors,

while the number of investors in our simulations is equal to 100. This decrease

in ��t is not su�cient to take reserves above zero, and at t = 131, there is

another devaluation. However, at t = 132, ��t decreases further and this time

the decrease is su�cient to trigger an increase in ��132 = 0:26 > ��131 = 0:24,

resulting in an in
ow of deposits that avoids further devaluation (�132 = 0).

Once �t = 0, the variables start moving in the opposite direction (decrease

in ��t and increase in ��t). Looking at Figure 4 again reveals that at t = 133,

the distribution has started shifting to the left and at period 135 most of the

mass is to the left of ��t:

4.3 Discussion

To sum up, in any given period, as long as �i
t � ��t, investor i will invest in

the emerging market and as long as �t = 0 will earn the return rt > r
�. Thus,

any individual investor has to be more optimistic than the average investor in

order to invest in the emerging market and earn a higher return than on US

investments. The evolutionary dynamics in the absence of devaluation drive

the value of ��t down, and increase the proportion of investors in emerging

markets. However, increasing optimism eventually comes to an end, once ��t
becomes small enough to enter into the region where a reversal of its decline

occurs. The reversal occurs because there is a lower bound to the devaluation

probability (at zero, since we do not allow for the possibility of appreciation
of the emerging market's currency against the US dollar), so that increasing

optimism cannot continue inde�nitely. Similarly, once ��t starts increasing,
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investors become more and more pessimistic about emerging markets. They

have to be more pessimistic than the average investor to invest in an asset

with a rate of return of only r
�. Excessive optimism is then followed by

excessive pessimism, which also contains the seeds of its own reversal, since

there is an upper bound to the expected probability of devaluation. This

type of behavior seems to correspond to what is actually observed in emerging

�nancial markets.

The model's balance of payment equation re
ects the fact that the emerg-

ing market economy is dependent on a continuation of foreign investment

in
ows. Their reversal (a \sudden stop" as in Calvo and Reinhart 1999)

triggers a currency crisis and devaluation. This, coupled with the evolution

of heterogeneous beliefs produces the dynamics, which are in fact mainly

driven by evolution of expectations (not by shocks to the trade balance), as

can be seen from Tables 1 and 2 above. Even though we do not observe

convergence of expectations to a particular equilibrium value, or explicit co-

ordination, the evolution of expectations does generate recurrent waves of

optimism and pessimism. The periods of time during which optimism pre-

vails and a large fraction of deposits is invested in the emerging market last

on average between 10 and 20 months (since our interest rates are calibrated

to monthly frequency). This can be compared to stylized facts concerning

the actual length of boom periods. According to Klein and Marion (1994),

for instance, historically the average length of an exchange rate peg in Latin

America has been 10 months.

The observed dynamics look very much like the dynamics of currency

crisis observed in actual markets. Usually there is no apparent reason for

a sudden shift in investors' expectations and a withdrawal of deposits from

the emerging market. An analysis of crises versus non-crisis periods fails

to identify signi�cantly worse macroeconomic fundamentals in the former

(Eichengreen, Rose, and Wyplosz 1996). Moreover, the behavior of interest

rates in the period leading up to crises often does not indicate any premo-

nition of what is about to happen. Quite the reverse was true in Mexico

in November 1994, when devaluation expectations actually fell to negative

levels (Ag�enor and Masson, 1999).

It is worthwhile to point out the di�erence between the results of our

model and models of speculative attacks where a currency crisis can take

place due to the existence of sunspot equilibria (e.g. Jeanne and Masson,

2000). While sunspot models show the potential for currency crisis, they do

not explain how investors coordinate on a currency crisis path or the timing
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of shifts between equilibria. In such models, recurrent crises and booms occur

because of unexplained jumps between equilibria. In the model of this paper,

the alternation occurs because of the interaction of myopic, or \boundedly

rational," investors.

Our model hypothesizes a simple mechanism for forming expectations,

depending on both imitation and experimentation, that can produce the

symptoms of herd behavior, namely sharp shifts in the expectations held

by a number of investors triggered by little or no new information. Thus

\information cascades" or \avalanches" can occur here, but not because there

is a private signal which an agent is led to ignore as a result of observing

the behavior of others, as in most models of herd behavior. Instead, it is

the success of each investment strategy (based on the value assigned to the

expectation of devaluation) that in
uences the choice of expectation next

period, and hence the decision to invest or not in the emerging market. But

this success (leading to greater capital in
ows) ultimately leads to too much

debt, which can only be serviced if more and more investors are attracted to

the emerging market{a classical Ponzi scheme.

5 Conclusions

Despite its simplicity, dynamic models of the type described here admit of an

unbounded multiplicity of rational expectations equilibria, implying that ex-

pectations formation is extremely complex. Moreover, such models typically

do not explain how investors coordinate on one or another of the equilibria.

Instead, a Markov process is generally assumed to predict the transition be-

tween them; it is the jump from one equilibrium to another that produces

the regime shifts that help explain the volatility in �nancial markets. How-

ever, why investors should all change their expectations in such a way as to

produce discontinuous jumps is not explained.

Alternative theories of expectations suggest why such discontinuous jumps

might occur. One strand of literature draws on asymmetric information to

explain the possibility of imitation and herd behavior, but typically does not

model their dynamics. In this paper, we draw on the literature on bounded

rationality to model the dynamics of expectations formation; we embed such

behavior in a dynamic balance of payments model to see if such expectations

formation can give the sharp movements in expectations that might produce

boom and bust cycles in lending to emerging �nancial markets, and recurrent
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currency crises.

Our simulations show that such behavior is possible with learning models

that incorporate imitation and experimentation in the formation of expec-

tations. Investor imitation gives rise to increasing optimism and declining

interest rates, giving no warning of a reversal of sentiment as the limit to at-

tracting new investors is reached. The stop in capital in
ows triggers a crisis

since by this point servicing the large debt requires continuing in
ows. Thus,

the simulations seem to square with the facts of lending to emerging markets,

that is an alternation of strong in
ows, followed by reversals and currency

crisis. At the same time, the model does not assume that all investors are

the same, or coordinate explicitly on one or another equilibrium.

The model of this paper suggests that empirical analysis of currency crises

could usefully focus on the distribution of individual expectations, not just

their mean (these data are available from surveys of the devaluation expec-

tations of investors in some emerging markets). In particular, it would be

interesting to see whether a shift in the skewness of devaluation expectations

precedes a crisis. We hope to pursue such issues in further work.
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Figure 2. Simulation with Fixed �
e, pex = 0:33
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Figure 3. Process of Devaluation
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Figure 4. Distribution of Devaluation Probabilities
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Figure 4. Continued
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