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1 Introduction

This paper discusses recent work on adaptive heuristics in macroeconomics. A heuristic

is a simple decision rule, while adaptive heuristics refers to a learning process of (the

parameters of) heuristics or to the selection process to choose from a pool of competing,

heterogeneous heuristics. Our focus here will be on forecasting heuristics as a way of

modeling expectations as an adaptive learning process of heterogeneous agents in complex

macroeconomic systems.

Our paper is not the first to stress the importance of simple heuristics in models of

bounded rationality in macroeconomics. For example, Simon’s (1955) work on bounded

rationality advocated the use of a satisficing heuristic, a decision-making strategy that

aims for a good enough solution rather than the optimal one. Sargent (1993) is an early

stimulating study of bounded rationality models in macro, where agents behave as econo-

metricians or as artificial agents. More recently, Moll (2024) argues for non-rational ex-

pectations in heterogeneous agents macroeconomic models and points to simple heuristics

as one of the promising ways to go. Heuristics have a long history in psychology, and their

importance for economic decision making has been stressed by Tversky and Kahnemann

(1974), who argued that [op cit Moll (2024)]:

“people rely on a limited number of heuristic principles which reduce the complex tasks of

assessing probabilities and predicting values to simpler judgmental operations”. [hereafter

added from Tversky and Kahnemann (1974)] “In general, these heuristics are quite useful,

but sometimes they lead to severe and systematic errors.”

The added quote relates directly to the Lucas critique that simple forecasting heuristics

lead to biases and systematic forecasting errors and that agents will learn from these

mistakes and adapt their behavior accordingly. But this argument perhaps has been

overemphasized. There are simple heuristics that perform well in some environments.
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For example, the naive expectations heuristic, using the last observation as the forecast,

is optimal when the forecast variable follows a random walk. Therefore, an AR(1) near

unit root forecasting heuristic is nearlly optimal in a near unit root environment, and

is in fact hard to beat by more complex forecasting rules. Nevertheless, a resolution of

the Lucas critique requires a more realistic model of an adaptive learning process among

different heuristics. We will see that some forecasting heuristics are consistent with em-

pirical realizations and may in fact be hard to beat by more complex rules. This is similar

to Gigerenzer and Todd (1999), who stressed the importance of “simple heuristics that

make us smart, where agents learn to use efficient, fast and simple procedures that fit the

environment.

Broadly, two different types of learning of heuristics have been proposed in the litera-

ture. The first is adaptive learning of simple forecasting heuristics, such as AR(1) or AR(2)

rules. These are simple, parsimonious forecasting models that are generally misspecified

and give rise to non-rational but near-rational, learning equilibria (Bullard, 1994; Evans

and Honkapohja (2001), Branch, 2006, Hommes and Zhu, 2014). The second is a heuris-

tics switching model (HSM), where agents may switch between heterogeneous heuristics

based upon their relative performance (Brock and Hommes, 1997; Anufriev and Hommes

(2012)). Heuristics have been tested extensively in laboratory experiments with human

subjects; see Hommes (2021) for a survey. Whether a forecasting heuristic works well may

depend on the environment. In particular, we will argue that the type of expectations

feedback is crucial for the success of different heuristics.

Heuristics are useful when information is limited, or when the environment is too com-

plex to fully understand or to compute more complex (rational) forecasts. As we will see,

even with limited information simple heuristics may sometimes lead to the full informa-

tion rational equilibrium (FIRE). In such case, coordination on such a simple heuristic

may explain why the system converges to FIRE. In general, heuristics are important as a

coordination device, because coordination of a large group of agents on a simple heuristic
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seems a more plausible outcome of a learning process than coordination on a very complex

rule (see e.g. Arifovic et al., 2019 for a simple lab experiment, where subjects learn simple

heuristics (a steady state or a 2-cycle) in a complex environment.

Our work relates to recent work on survey data analysis by Weber et al. 2025, show-

ing how a changing inflation environment alters the learning process of individuals. They

conclude that the strength of the response of expectations to exogenously provided infor-

mation speaks directly to the inattentiveness of individuals to such news.We argue how

a changing feedback alters the learning process of individuals and the aggregate outcome

(Hennequin et al. 2025, see also Section 9). Different feedback alters individual learning

heuristics and as a consequence the aggregate macro behaviour.

Heuristics are also related to limited information equilibria. Limited information equi-

libria are game theory concepts that describe how players behave when they have limited

information about each other or the game. These equilibria can occur in games with

incomplete information, also known as asymmetric information. Young (2008) describes

adaptive heuristics in game theory as simple behavioral rules that are directed towards

payoff improvements, but may be less than fully rational. Examples include reinforcement

learning (Erev and Roth, 1998) and regret matching (Hart, 2005).

The paper is organized as follows. We start with heuristics in the cobweb framework

(Section 2), one of the models that Muth (1961) used to introduce rational expectations.

Section 3 focuses on inflation dynamics in a New Keynesian Philips Curve model where

agents learn an optimal simple AR(1) forecasting rule. Section 4 discusses heuristics in

asset price experiments and Section 5 presents the heuristic switching model (HSM) and

fits it to experimental data. The role of positive versus negative expectations feedback is

discussed in Section 6, while Section 7 presents genetic algorithm learning of optimal an-

chor and adjustment heuristic in positive versus negative feedback environments. Section 8

uses the New Keynesian framework to show how the Central Bank can manage expecta-

tions and trend-following behavior through more aggressive inflation targeting. Section 9
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discusses some recent results of how (in)stability of expectations in the lab depends on

eigenvalues of the expectations feedback system and how policy can shift expectations to

the stable region. Section 10 summarizes some conclusions about adaptive heuristics in

macroeconomic expectations.

2 Cobweb model

The stability of equilibria in an economy depends on the way agents form expectations.

Lucas (1986) pointed out that stability is not just a matter of a theory of adaptive learning,

but should be viewed as an experimentally testable hypothesis: “ But to be useful, stability

theory must be more than simply a fancy way of saying that one does not want to think

about certain equilibria. I prefer to view it as an experimentally testable hypothesis, as a

special instance of the adaptive laws that we believe govern all human behavior.” (Lucas,

1986, pp. S424 - 425).

In response to Lucas’ stability hypothesis a large literature on learning-to-forecast

(LtF) experiments has emerged, pioneered by Marimon, Spear and Sunder (1993) and

Marimon and Sunder (1993); Adam (2007) is one of the first LtF experiment in a macro

DSGE setting; see Hommes (2021) for a review of experimental macroeconomics. In a LtF

experiment human subjects have to forecast a price pt that depends on the forecasts of

a group of subjects. For example, in a simple LtF experiment the realized market price

may depend on the average forecast p̄et of a group of subjects, that is,

pt = f(p̄et ). (1)

Learning to Forecasts Experiments (LtFEs) may be viewed as repeated Keynesian beauty

contest games introduced in Nagel (1995); see the survey of Mauersberger and Nagel

(2018). In a LtF experiment subjects’ only task is to forecast prices, with all other behavior

in the economy computerized by (rational) theory through the mapping f . Often, the
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Figure 1: Cobweb model with linear demand and nonlinear, but increasing, underlying the
LtFE in HSTV (2007)

payoffs in an LtFE are proportional to the forecasting accuracy. In most LtFEs subjects

do not know the exact underlying equilibrium equations, but only have limited, qualitative

information about the market or the economy. For example, subjects know that price is

determined by market clearing and they know about the sign, but not the magnitude, of

the expectational feedback. Typically, subjects have no information about the behavior of

other subjects and only observe past prices and their own past predictions and earnings.

In this paper we will compare LtFEs in different frameworks: the cobweb model (this

Section), the asset pricing model (Section 4) and the New Keynesian macro model (Sec-

tion 8). As we will see, there are two important cases to distinguish; positive feedback: the

mapping f in (1) is increasing; and negative feedback: the map f is decreasing. Negative

feedback arises in the cobweb model of a perishable consumption good, where high ex-

pectations lead to high production and low market prices. In contrast, positive feedback

dominates in speculative markets, where optimistic expectations fuel asset demand lead-

ing to higher prices. Macro models also often exhibit positive feedback, for example, from

inflation expectations to realized inflation.

Figure 1 illustrates a cobweb model with linear decreasing demand and a nonlinear, S-

shaped, increasing supply curve, as used in the LtFEs of Hommes et al. (2007) (HSTV2007
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hereafter). For the cobweb model the mapping f in (1) is derived from market clearing,

with J producers, and is given by

pt = D−1(
J∑
j=1

S(pej,t)) =
a+ εt −

∑J
j=1 S(pej,t))

b
. (2)

Here, producer j has price expectations pej,t, the demand curve is assumed to be linear

with slope −b and subject to small shocks εt and supply is nonlinearly increasing.

The rational expectations solution is a fixed point p∗ = f(p∗) of the map f or equiva-

lently an intersection point of demand and supply curves. In the LtFE, however, demand

and supply and their rational intersection point p∗ = 5.93, are unknown to the subjects.

Important questions then for testing in the lab are: (i) will subjects be able to learn the

rational outcome?, and (ii) which heuristics play a role in the adaptive learning process

in the lab?

Cobweb model in the Lab

Before discussing what happens in the lab, it is useful to discuss two simple heuris-

tics. Figure 2 illustrates simulations of the realized market prices under two bench-

mark expectations rules, namely naive expectations (pet = pt−1) and sample average

(pet = (1/t)
∑t−1

i=0 pi). In these simulations the cobweb model satisfies S ′(p∗)/D′(p∗) < −1,

so that the steady state p∗ is unstable under naive expectations. Prices then fluctuate en-

dogenously and converge to a stable 2-cycle (buffered with small noise). Along the 2-cycle

forecasting errors of the naive forecast are large and predictable, since they are strongly

(negatively) correlated. Therefore, in the cobweb context, the naive heuristic is system-

atically wrong and therefore subject to the Lucas critique: agents would learn from the

2-cycle and adapt their forecasting behavior. .

The second plot in Figure 2 shows that under sample average learning the price con-

verges to the rational expectations steady state p∗. Stated differently, the RE price is

stable under sample average learning.
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Figure 2: Simulations of an unstable cobweb model under naive expectations (left) and learning
by sample average (right plot). Under naive expectations price converges to a stable 2-cycle,
with systematic forecasting errors. Under sample average learning price converges to the rational
expectations steady state price (with small shocks).

The cobweb model is an example where one simple heuristic, naive expectations, pre-

dicts price fluctuations around an unstable steady state, while another simple heuristic,

sample average learning, predicts convergence to the steady state. What happens in the

lab? Will agents learn from their systematic mistakes and converge to RE?

Figure 3 illustrates two different groups from two different treatments in the cobweb

LtFEs in HSTV(2007). In the stable treatment (left plot) parameters of demand and

supply are such that S ′(p∗)/D′(p∗) ≈ −0.95 > −1, so that the steady state price p∗ is

stable under naive expectations. In the stable treatment subjects in the lab are able to

learn and prices converge to the RE outcome, with small fluctuations (due to small noise

εt) around the RE steady state. Hence, in the stable treatment in the cobweb model with

limited information, subjects are able to learn and coordinate on the rational outcome.

In contrast, the behavior in the unstable treatment (see right plot in Fig 3) is very differ-

ent, with irregular large amplitude fluctuations around the RE price. In contrast to the

regular noisy 2-cycle fluctuations under naive expectations, (see Figure 2 left plot) in the

unstable lab treatment (see Figure 3, right plot) fluctuations are large and irregular and

have three characteristics: (i) the mean market price is close to the RE price p∗; (ii) no
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stable treatment unstable treatment

Figure 3: Stable treatment converges to RE. Unstable treatment (righht plot): mean p∗ (RE)
no autocorrelations and excess volatility

autocorrelations in prices, and (iii) excess volaility, that is, much larger fluctuations than

under RE.

In order to explain these characteristics, Hommes and Lux (2013) fit a genetic al-

gorithm (GA) learning model to these experimental data, as illustrated in Fig 4. GA

agents learn the parameters of a simple heuristic, an AR(1) forecasting rule of the form

α+ β(pt−1 − α). In the stable treatment the GA-learning algorithm converges to the RE

outcome α∗ = p∗ and β∗ = 0.

In the unstable treatment the GA-learning algorithm does not converge completely,

but fluctuates around the RE outcome α∗ = p∗ and β∗ = 0. In both the stable and

unstable treatments the AR(1) parameter βt converges close to its RE value 0. The mean

parameter αt fluctuates more around its mean 0 and occasionally deviates substantially

in the unstable treatment.

In terms of the Lucas critique, Lucas’ prediction was justified, in the unstable cobweb

treatment agents do not coordinate on a 2-cycle with systematic forecasting errors, but

subjects adapt their behavior. The laboratory results are consistent with GA-learning of

the parameters of an AR(1) heuristic, with the persistence parameter βt converging close
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stable treatment unstable treatment

Figure 4: Cobweb simulations under GA learning. Stable treatment (left plot) converges to RE.
Unstable treatment: mean p∗ (RE), no autocorrelations and excess volatility. Unstable treatment:
learning parameters fluctuate around RE values α∗ = p∗ and β∗ = 0.

to 0, so that (almost) all autocorrelations in prices and forecast errors wash out. The

GA-learning model also explains the excess volatility under learning compared to RE,

and thus explains the three characteristics observed in the experimental data.
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3 Learning an optimal AR(1) heuristic

The naive forecasting heuristic is biased and leads to large and systematic forecasting

errors in a cobweb environment, where expectations feedback is negative (i.e., a higher

price-forecast yields a lower market price). In macro and finance often expectations feed-

back is positive– that is, a higher forecast leads to higher prices. This happens, for exam-

ple, in speculative asset markets, where higher asset price expectations fuels asset demand

leading to higher asset prices, or in New Keynesian models of inflation and output, where

higher inflation expectations may trigger a surge in inflation.

How does the naive forecasting heuristic perform in positive feedback systems that are

common in macro and finance? We will argue that the simple naive heuristic is a fairly

good predictor in an economy with (strong) positive feedback. This should not come as a

surprise when noting that if prices follow a random walk (a unit root process), the naive

forecast is the optimal forecast in terms of mean-squared-error. Hence, in near unit root

systems, that are common in macro and finance, the naive forecast is nearly optimal and,

therefore, naive expectations is in fact hard to beat by other more complex forecasting

models.

Behavioral Learning Equilibrium (BLE)

Hommes and Zhu (2014) introduced the notion of Behavioral Learning Equilibrium (BLE),

where agents use an optimal AR(1) rule in a complex and unknown environment. Agents

do not know the actual law of motion (ALM) of the economy, but rather believe that

prices follow a simple AR(1) process. Hence, agents’ PLM is an AR(1) process of the form

xt = α + β(xt−1 − α) + vt, (3)

where vt is an IID process. The parameter α is the (long run, unconditional) mean and β

is the persistence coefficient (the first-order auto-correlation). Along a BLE, these param-
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eters, however, are not free, but must satisfy consistency requirements for two observable

statistics: α must equal the (long run) mean, and β must equal the first-order auto-

correlation of the (unknown) actual law of motion (ALM) of the economy. The BLE is

a simple and parsimonious misspecification equilbrium (Branch, 2006), since the PLM is

an AR(1) model, which is different from the ALM. Along a BLE, the parameters α∗ and

β∗ are fixed at their optimal values, minimizing the MSE. Therefore, a simple BLE fore-

casting heuristic may be viewed as a first order approximation and may in fact be hard

to beat by more complex forecasting strategies.

But how would agents know or compute the optimal parameters α∗ and β∗? Hommes

and Sorger (1998) introduced a simple and intuitive learning process of a BLE: sam-

ple auto-correlation learning (SAC-learning), where the parameters are time-varying, αt

equals the sample average and βt is the first-order auto-correlation, given by1

αt =
1

t+ 1

t∑
i=0

pi,

βt =

∑t−1
i=0(pi − αt)(pi+1 − αt)∑t

i=0(pi − αt)2

This simple learning mechanism has an intuitive behavioral interpretation, with agents

“guestimating” the mean and the persistence coefficient from time series observations.

BLE in the NKPC

Hommes and Zhu (2014) introduced BLE in a very simple setting of a linear univariate

model driven by autocorreleated shocks. Applications of this simple structure include the

asset pricing model driven by autocorrelated dividends and the New Keynesain Philips

Curve (NKPC) with inflation driven by marginal costs. Here we focus on the NKPC (see
1SAC-learning is similar to OLS learning, as is often used in models of adaptive learning.
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Lansing, 2009) 
πt = λπet+1 + γyt + ut,

yt = a+ ρyt−1 + εt,

(4)

where πt is inflation, πet+1 inflation expectations, yt the exogenous driving variable (output

gap or real marginal cost), and ut and εt are independent i.i.d. white noises.

Under rational expectations inflation is a linear function of the driving variable. There-

fore, under RE, inflation πt inherits its properties from the driving variable marginal costs

or output gap. In particular, under rational expectations, the persistence (autocorrelation)

structure of inflation equals the persistence of its driving variable yt.

Now consider the NKPC with a linear AR(1) forecast for expected inflation. Given

the perceived law of motion (PLM) in (3) the 2-period ahead inflation forecast is

πet+1 := α + β2(πt−1 − α),

and the actual law of motion (ALM) becomes
πt = λ[α + β2(πt−1 − α)] + γyt + ut

yt = a+ ρyt−1 + εt.

(5)

The consistency requirements for BLE in the NKPC are: (i) the mean α of the PLM equals

mean inflation π̄ of the ALM (5), and (ii) the persistence coefficient (i.e., the first-order

autocorrelation) β of the PLM must equal the autocorrelation F (β) of realized inflation

in the ALM (5).

Sample Autocorrelation Learning (SAC-learning; Hommes and Sorger, 1998) in the

NKPC is given by


πt = λ[αt−1 + β2

t−1(πt−1 − αt−1)] + γyt + ut

yt = a+ ρyt−1 + εt

(6)
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Figure 5: BLE’s are fixed points satisfying F (β) = β, where F (β) is the first-order
autocorrelation of realized inflation in the ALM (5). The left plot illustrates a case with a
unique near-unit root BLE β = 0.997. The right plot illustrates a case with three BLEs,
a low and high persistence BLE β∗ = 0.3066 and β∗ = 0.9961 both stable under SAC-
learning, and separated by an unstable BLE β∗ = 0.8.
Parameters: δ = 0.99, ρ = 0.9, σ

2
u

σ2
ε

= 0.1; γ = 0.1 (left plot); γ = 0.075(right plot),

Figure 5 illustrates the existence of BLE as fixed points of the implied autocorrelation

F (β). A typical case (left plot) occurs when there is a unique near unit root BLE (β∗ =

0.997). SAC-learning converges to the unique high persistence BLE. This represents an

example of persistence amplification, that is, the persistence under learning of an AR(1)

rule is much higher (often near unit root) than under RE (where the persistence is inherited

from the driving variable).

A surprising result is that, even in this very simple linear univariate setting, multiple

BLE may co-exist. Figure 5 (right plot) illustrates an example with three coexisting BLEs:

β∗ = 0.3066, β∗ = 0.8 and β∗ = 0.9961. It then depends on initial beliefs and initial states

to which of these BLEs the learning process converges, as illustrated in Figure 6. Notice

that the high persistent BLE exhibits persistence and volatility amplification, that is,

the learning is much more volatile and much more persistent than the REE benchmark

(see Figure 6 (right plot)). The SAC-learning may also switch between a low and a high
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persistence and volatility amplification compared to the RE solution (right plot).

persistence BLE.2

2This can happen when SAC-learning is updated with a finite gain parameter.
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Figure 7 shows the BLE curves as a function of the ρ parameter (the autocorrelation

of the driving variable) and illustrates that the system exhibits multiple equilibria and

critical transitions, where the system may suddenly jump between the low and the high

persistence BLE.

Notice that the high persistence BLE is near unit root with a parameter β∗ = 0.996

very close to 1. Notice also that for a near unit root the AR(1) rule is very close to naive

expectations. This illustrates the point that in strong positive feedback systems such as

the NKPC naive expectations may be a good forecasting rule that may be hard to beat

by more complex rules.
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4 Asset pricing experiments

Asset markets are another example of a strongly positive feedback systems. Optimistic

asset price expectations increases demand and realized market prices. What happens in

the lab, will asset prices converge to fundamentals or can (temporary) bubbles and crashes

arise? In the asset pricing experiments of Hommes et al. (2005; henceforth HSTV2005)

the (unknown) law of motion of the asset price is given by

pt =
1

1 + r

(
(1− nt)

pet+1,1 + · · ·+ pet+1,6

6
+ nt p

f + ȳ + εt

)
, (7)

where r is the risk free interest rate, ȳ is the mean dividend and εt is a small noise

term. The mean dividend ȳ = 3 and the interest rate r = 0.05, so that subject could in

principle compute the fundamental price pf = ȳ/r = 60. Furthermore, nt is the fraction of

fundamental robot traders, who predict that the asset price will be at fundamental value

pf = ȳ/r at all times. Robot traders are a "far from equilibrium" stabilizing force, whose

fraction increases from 0 to 25%, with the distance of the market price from fundamental.

For the asset pricing model the (unknown) law of motion is thus of the form3

pt = f(p̄et+1), (8)

where p̄et+1 is the average forecast of a group of six individuals4. The price equation has

been derived from myopic mean-variance maximization. There is strong positive feedback

as the map f is increasing and has a near unit root eigenvalue λ = 1/(1 + r) = 0.95.

Figure 8 shows simulations of four benchmark expectation rules. Under rational ex-

pectations the forecast equals the fundamental price pf = ȳ/r = 60 and the realized price

falls between 59 and 61, with small random fluctuations around the fundamental price

60. Under naive expectations the price converges (almost) monotonically to the funda-
3Notice that this temproary equilibrium setup yields a 2-period ahead LtFE, since pt is unknown yet

when forecasting pt+1.
4Most LtFEs use group sizes between 5 and 10. In a recent asset pricing LtFE Hommes et al. (2021)

use group sizes of about 100, by coupling two laboratories, and show that the results are robust.
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mental price after 50 periods. Under learning by sample average the price slowly increases

from about 50 to 53, but convergence towards fundamentals is extremely slow. The last

simulation uses a simple AR(2) heuristic

pet+1 = 30 +
3

2
pt−1 − pt−2. (9)

When estimating individual forecasting rules to our surprise for several subjects an AR(2)

rule with the coefficients close to those of (9) was found. This AR(2) rule has a behavioral

interpretation as an anchor and adjustment rule (Tversky and Kahnemann, 1974):

pet+1 = 30 +
3

2
pt−1 − pt−2 =

60 + pt−1
2

+ (pt−1 − pt−2), (10)

and this is perhaps the reason why subjects may coordinate on such a heuristic.

Figure 9 shows what happens in the lab. Three qualitatively different patterns are ob-

served in the lab: monotonic convergence, persistent oscillations and damping oscillations.

Laboratory results are thus inconsistent with rational, fundamental forecasting, although

some of the groups seem to converge towards the end of the experiment. The first two

groups (top panel) seem consistent with naive expectations. The persistently oscillating

groups are similar to simulations with an AR(2) trend-extrapolating rule. The last two

groups exhibit temporary bubbles and crashes (bottom panel).

Because of the heterogeneous results, it may be hard to fit a homogeneous expectations

or learning model that fits these experimental data. Rather the experimental data suggest

a heterogeneous expectations model to explain these results.
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Figure 8: Simulations of four benchmark forecasting heuristics in the asset pricing experiment
of HSTV2005. Under rational expectations (top left) the forecast is pf = ȳ/r = 60 and the
realized price exhibits small random fluctuations around the fundamental price 60. Under naive
expectations (top right) the price converges (almost) monotonically to the fundamental price.
Under learning by sample average (bottom left) the price slowly increases from about 50 to 53,
but convergence is extremely slow. The last simulation uses the simple AR(2) heuristic in (10)
with prices showing persistent oscillations around the fundamental .
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Figure 9: Six different markets from the asset market experiment HSTV2005. Three different
types of aggregate behavior are observed: (i) monotic convergence (top panels), (ii) persistent
oscillations (middle panels), and (iii) bubbles and crashes that dampen towards end of experi-
ment.
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5 Heuristics switching model (HSM)

The Heuristics Switching Model (HSM), (Brock and Hommes, 1997; Anufriev and Hommes,

2012). fits these experimental data well. Agents choose from a number of simple forecast-

ing heuristics based on their relative performance. Agents evaluate the performances of all

heuristics, and tend to switch to more successful rules. The fractions of the belief types are

gradually updated in each period and given by a discrete choice model with asynchronous

updating:

nht = δnh,t−1 + (1− δ)e
βUh,t−1

Zt−1
,

where Zt−1 is normalization factor, so that the fractions add up to 1. Here Uht is the

fitness measure (e.g. forecasting performance, realized profits); β is the intensity of choice,

measuring how quickly agents switch, and δ is the asynchronous updating parameter,

representing the agents that on average stick to their strategy in a given time period.

Anufriev and Hommes, 2012, reduced the number of heuristics to four, while still

fitting the experimental data well. The four heuristics are:

pe1,t+1 = w pt−1 + (1− w) pe1,t ADA,w = 0.65 (11)

pe2,t+1 = pt−1 + γ (pt−1 − pt−2) WTR, γ = 0.4 (12)

pe3,t+1 = pt−1 + γ (pt−1 − pt−2) STR, γ = 1.3 (13)

pe4,t+1 = 1
2

(
pavt−1 + pt−1

)
+ (pt−1 − pt−2) LAA (14)

These heuristics capture behavior that has been observed in the lab:

• adaptive expectations (ADA) leads to monotonically converging prices;

• weak trend-following rule (WTR) may lead to some overshooting, but with price

oscillations converging;

• strong trend-following rule (STR) may lead to strong oscillations or even exploding

prices;
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Figure 10: Heuristics switching model and experimental data. Top panels show 1-step ahead
forecasts of HSM. Middle panels show forecasts and forecast errors of the four strategies. Bottom
panels show the fraction of the four strategies of the HSM.

• learning anchor and adjustment (LAA) rule may lead to persistent oscillations5.

Figure 10 shows that the HSM fits the experimental data well in terms of 1-period ahead

forecasting. In the case of monotonic convergence the fraction of the four forecasting

heuristics are almost equal in the first half of the experiment, while adaptive expectations

(ADA) dominates towards the end. In the case of persistent fluctuations the learning

anchor and adjustment rule dominates, with almost 90% using the LAA rule towards the

end of the experiment. Finally, the bubble and crash fluctuations are explained by strategy

switching, from strong trend-following dominating the first 10-15 periods, followed by

a longer phase, where the LAA rule dominates (up to more than 80%), and adaptive

expectations (ADA), which had the lowest impact until period 35, taking over towards

the end of the experiments with an impact of almost 80% when the price stabilizes.

5Note that the LAA heuristic is the only rule that may forecast a price reversal after a strong price
trend, due to the time varying anchor, being an average of the last price observation and the sample
average (the latter may be seen as a proxy for an equilibrium or steady state price level).
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6 Positive versus negative feedback

Asset pricing experiments (Section 4) seem to be more unstable than cobweb experiments

(Section 2), because subjects coordinate more easily on trend-following behavior under

positive feedback. In order to test this hypothesis Heemeijer et al. (JEDC 2009) and Bao

et al. (JEDC 2012) ran lab experiments, where the only difference in treatments is the

sign of the feedback coefficient.

Under negative feedback (a strategic substitutes environment) the market price is

given by the simple linear cobweb model

pt = 60− 20

21
[

6∑
h=1

1

6
peht]− 60] + εt, (15)

while under positive feedback (a strategic complementarity environment) the market price

is given by a linear asset pricing model

pt = 60 +
20

21
[

6∑
h=1

1

6
peht − 60] + εt. (16)

Notice that (15) and (16) share the RE equilibrium price 60, and only differ in the sign

of the slope of the linear map, −0.95 vs +0.95. Heemeijer et al. (2009) use small shocks

εt, but here we focus on the large shock treatment of Bao et al. (2012), where unknown

large permanent shocks to the fundamental steady state price occur in periods 22 and 44.

Figure 11 shows the positive and negative feedback mappings underlying the LtFE,

when there are no shocks, i.e., εt ≡ 0. In the negative feedback case the rational price 60

is clearly visible as a fixed point, while in the positive feedback case it is more difficult to

identify the rational fixed point. Notice that under (strong) positive feedback, any price

forecast is an almost self-fulfilling equilibrium. Indeed, if the eigenvalue under positive

feedback were +1, rather than +0.95, the system would have a continuum of perfectly

self-fulfilling rational equilibria. The question is whether the almost self-fulfilling equilibria

affect the adaptive learning process and the (in)stability in the lab.
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Figure 11: Negative (left) and positive (right) feedback maps with slopes −0.95 and +0.95.
Strong positive feedback leads to almost self-fulfilling equilibria.

Positive vs Negative Feedback with Large Shocks

Bao et al. (2012) ran an experiment with large unknown permanent shocks to the funda-

mental price level. More precisely, there are two shocks to the fundamental equilibrium

price p∗t :

p∗t = 56, 0 ≤ t ≤ 21,

p∗t = 41, 22 ≤ t ≤ 43,

p∗t = 62, 44 ≤ t ≤ 65.

(17)

The purpose of these experiments was to investigate how the type of expectations feedback

may affect the speed of learning of a new steady state equilibrium price, after a relatively

large unanticipated shock to the economy.

Figure 12 shows eight negative (left panel) and eight positive (right panel) feedback

groups. Aggregate behaviors under positive and negative feedback are strikingly different.

Negative feedback markets tend to be rather stable, with price converging quickly to

the new (unknown) equilibrium level after each unanticipated large shock. In contrast,

under positive feedback prices are sluggish, converging only slowly into the direction of

the fundamental value and subsequently overshooting it by large amounts.

Figure 13 shows that the HSM fits these experiments well. Under negative feedback
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Figure 12: Eight negative (left) and positive (right) feedback groups in LtFE, with two large
shocks in periods 22 and 44. After each shock under negative feedback the prices quickly converge
to the new equilibrium price. Under positive feedback the market is unstable and fluctuates.

subjects coordinate on adaptive expectations or a contrarian forecasting heuristic6, leading

to stable price behaviour. In contrast, under positive feedback subjects coordinate on

trend-following heuristic amplifying price fluctuations.

6A contrarian rule is a trend-following rule with a negative coefficient γ, implying that a contrarian
expects a price decrease after a price increase.
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Figure 13: Heuristic Switching Model fitted to negative (left panels) and positive (right pan-
els) feedback markets with large shocks. Under negative feedback subjects coordinate on an
adaptive or a contrarian forecasting heuristic (bottom left panel), while under positive feedback
coordination on trend-following heuristic (bottom right panel) amplifies price fluctuations.
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7 GA-learning of a first-order heuristic

Heemeijer et al. (2009) and Bao et al. (2012) showed that simple linear first-order heuris-

tics fit forecasting behavior of a majority of subjects in the lab well. A first-order fore-

casting heuristic only takes into account the first lag of price and forecast and the first

lag of price change and, in its simplest form, is given by

pet = αpt−1 + (1− α)pet−1 + β(pt−1 − pt−2). (18)

The first-order heuristic is an anchor and adjustment rule, with the anchor an adaptive

expectations forecast αpt−1 + (1 − α)pet−1, with weight α, and β(pt−1 − pt−2) a trend-

extrapolation with coefficient β. Anufriev et al. (2019) studied genetic algorithm (GA)

learning of the optimal first-order anchor and adjustment rules of this simple form

pei,h,t = αi,h,tpt−1 + (1− αi,h,t)pei,t−1 + βi,h,t(pt−1 − pt−2). (19)

Here pei,h,t refers to the forecast of subject i using rule h at time t. The rule h requires

two time-varying parameters: an anchor αi,h,t ∈ [0, 1] and a trend βi,h,t ∈ [−1.1, 1.1].

The heuristic (19) generalizes popular HSM heuristics: naive (α = 1, β = 0), adaptive

expectations (β = 0) and trend extrapolation (α = 1, β > 0). The rational forecast is also

nested as a special case ( α = 0, β = 0, pei,t−1 = pf ).

GA-learning of an optimal anchor and adjustment heuristics is implemented as follows

(see Anufriev and Hommes (2019), following Arifovic (1994, 1996), and Dawid (2011)).

• Every agent i has a list of H = 20 different heuristics (αi,h, βi,h).

• When agent i observes the last realized price pt−1, she re-optimizes the rules with

GA evolutionary operators:

1. reproduction; (survival of the fittest): sample (with replacement) 20 new heuris-

tics from the old depending on their hypothetical forecasting performance;
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Figure 14: 65-period ahead Monte Carlo simulations (1000); experimental data Bao et al. (2012).
Green dashed line and black pluses show the experimental median and group observations, re-
spectively. Red thick line is the median simulation and blue dotted lines are the 95% confidence
interval for the GA model.

2. mutation: with some small probability “mutate” them (i.e., modify (αi,h, βi,h)

of each heuristic);

3. election: compare the new and the old heuristics in terms of their hypothetical

forecasting performance – pick the better ones.

The GA process mimics natural selection: worse forecasting heuristics are likely to be

replaced by better ones, with some small random mutation; inefficient experimentation is

screened out by the election operator.

Figure 14 shows 65-period ahead Monte Carlo simulations (1000). The GA learning

model fits the experimental data remarkably well.

Figure 15 illustrates which heuristics were learned by the GA agents in the lab. The

figure shows the median and the mean (with 95% and 90% CI) for 1000 runs in a Monte

Carlo simulation of the anchor or price weight αt and the trend extrapolation coefficient

βt, which were selected by the six GA agents for both negative and positive feedback.

Under negative feedback agents learn to use adaptive expectations, with an optimal
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Figure 15: GA-learning of optimal anchor αt (top) and trend βt (bottom) parameters for
negative (left) and positive (right) feedback treatments (experimental data Bao et al. (2012)).
Under negative feedback the heuristic converges to adaptive expectations, while under positive
feedback GA-learning converges to trend-extrapolation. The wide CIs show that the forecasts
are very heterogeneous, consistent with estimated rules.
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heuristic

pei,t ≈ 0.5pt−1 + 0.5pei,t−1.

Under positive feedback agents learn to become trend-follower, with an optimal heuristic:

pei,t ≈ 0.95pt−1 + 0.05pei,t−1 + 0.9(pt−1 − pt−2).

Negative feedback systems thus favor stabilizing adaptive expectations, while in positive

feedback systems agents tend to coordinate on trend-extrapolating heuristics, with an

anchor close to the last observed price, amplifying fluctuations.
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8 Managing trend-following behavior through mone-
tary policy

Trend-following strategies are destabilizing in positive feedback systems and may lead to

persistent deviations from fundamentals. How can policy manage coordination on trend-

following heuristics and stabilize aggregate behavior of the system?

Consider this question within the simple three-equations New Keynesian model, with

output, inflation and an inflation targeting monetary policy interest rate rule:

yt = yet+1 − ϕ(it − πet+1) + εt, output

πt = λyt + ρπet+1 + υt, inflation

it = Max{π + φπ(πt − π), 0} monetary policy rule

In this economy there are two forecasts to be made: πet+1 for inflation and yet+1 for output

gap. The system has different types of expectational feedback. There is positive feedback

from expectations πet+1 and yet+1 on output and inflation. However, there is negative feed-

back from the inflation targeting interest rate rule on the output gap. By Increasing the

magnitude of the inflation targeting policy parameter φπ, the Central Bank adds negative

feedback to the macro-economy. Can a more aggressive inflation targeting rule stabilize

inflation and output? Assenza et al. (2021) conducted a LtFE lab experiment to address

this question with agents forming incentivised expectations in the lab.

Figure 16 shows the results in the lab for different values of the policy parameter φπ. For

weak inflation targeting (φπ = 1) the NK expectations feedback system has an eigenvalue

λ = 1 and the experimental economy is highly unstable, with exploding inflation and

output in most groups. For φπ = 1.005, slightly larger than 1, the expectations feedback

system has eigenvalues inside the unit circle and the REE is determinate. In the lab,

however, the economy is still highly unstable, with most groups diverging. For a slightly

larger value φπ = 1.015, expectations feedback from the interest rate towards the output
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gap becomes negative and, as a result, the NK economies in the lab are much more

stable, with small fluctuations around the inflation target. Finally, for φπ = 1.5, the more

aggressive monetary policy adds sufficiently strong negative feedback to fully stabilize the

NK economies.

φπ = 1: unstable/exploding φπ = 1.005: unstable/exploding

●●●●●●●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●
●●●●●●

●●●●●●

●●●●●●
●●●●●●

0

10

20

30

40

50

0 10 20 30 40 50

● 1

2

3

4

5

6

T1 − Inflation

●●●●●●
●●●●●●

●●●●●●

●●●●●●
●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●
●●●●●●●●●●●●●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●●●●●●●
●●●●●●

●●●●●●

●●●●●●
●●●●●●

●●●●●●

●●●●●●
●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●●●●●●●

●●●●●●

●●●●●●

●●●●●●

●●●●●●
●●●●●●

●●●●●●●●●●●●●●●●●●

●●●●●●

0

10

20

30

40

50

0 10 20 30 40 50

● 1

2

3

4

5

6

T2 − Inflation

φπ = 1.015: unstable/oscillating φπ = 1.5: stable

●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●0

10

20

30

40

50

0 10 20 30 40 50

● 1

2

3

4

5

6

T3 − Inflation

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●
0

10

20

30

40

50

0 10 20 30 40 50

● 1

2

3

4

5

6

T4 − Inflation

Figure 16: A more aggressive Taylor rule, that is, a higher policy coefficient φπ, adds nega-
tive feedback to the NK system and stabilizes inflation (and output) when the Taylor rule is
sufficiently aggressive.

The HSM model explains these differences in the experimental treatments, as illus-

trated in Figures 17–19 . Under weak inflation targeting ( φπ = 1 or φπ = 1.005; Figure 17),

subjects coordinate on a strong trend-following forecasting rule and inflation is highly un-

stable and explodes. Under medium inflation targeting ( φπ = 1.015; Figure 18)), subjects

coordinate on a learning anchor and adjustment (LAA) rule and inflation and output gap

fluctuate around their target levels. Under strong inflation targeting ( φπ = 1.5; Fig-
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ure 19), subjects coordinate on adaptive expectations (AE) and inflation and output gap

stabilize.
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Figure 17: Under weak inflation targeting ( φπ = 1 or φπ = 1.005), agents coordinate on a
strong trend-extrapolating rule (right plot) and the economy is highly unstable with inflation
(and output gap) exploding (left plot).

This simple NK model with heterogeneous heuristics shows that the micro and macro

behavior depend crucially on policy parameters. The Central Bank therefore can influence

the micro and macro behavior of the system by monetary policy. The policy parameter

affects the adaptive learning process, in particular, policy affects the performance and

impact of different heuristics and therefore affects the choice of the forecasting heuristics.

A more aggressive inflation targeting policy weakens the positive feedback and there-

fore makes it more unlikely that agents will coordinate on a destabilizing trend-following

heuristic.
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Figure 18: Under intermediate inflation targeting ( φπ = 1.015), with small negative FB from
inflation targeting, agents coordinate on the learning-anchor and adjustment (LAA) rule (right
plot) and inflation (and output gap) fluctuate around their target levels (left plot).
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Figure 19: Under strong inflation targeting ( φπ = 1.5) agents coordinate on adaptive expecta-
tions (right plot) and inflation (and output gap) stabilize
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9 Adaptive behavior in the lab

Lucas (1986) viewed the stability under learning as an experimentally testable hypothesis.

This has triggered a large literature on LtFEs (see the pioneering work of Marimon, Spear

and Sunder (1993) and Marimon and Sunder (1993); see Hommes (2021) for a review. .

Hennequin et al. (2025) use learning-to-forecast experiments (LtFEs) to study the

stability of expectations in the lab in a multivariate setting. The (in)stability in the lab is

characterized by the leading eigenvalues of the expectations feedback system. Surprisingly,

this empirical characterization from the lab, is different from what most learning theories

would predict. Learning theory usually predicts that eigenvalues inside the unit circle

lead to stable behavior. The heatmap in Figure 20 shows, however, that in the laboratory

unstable behavior and persistent deviations from fundamentals, arise for eigenvalues inside

the unit circle, consistent with experimental results from the asset pricing experiments (see

Section 4) and the New Keynesian experiments (see Section 8). Using a behavioral mixed

heuristics switching model (HSM) calibrated to the LtFE, Hennequin et al. (2025) find an

instability region inside the unit circle, with real or complex near unit root eigenvalues.

Such experimental economies are unstable, because subjects in the lab coordinate on

trend-following behavior amplifying temporary bubbles and crashes.

This suggests a general role for policy in stabilizing an economy with expectations

feedback. Policy should add negative feedback to the system and move policy parameters

so that the eigenvalues are shifted into the blue stable region in the heatmap, away from

the purple instability region.The general mechanism behind these stabilizing policies is

that weakening positive feedback makes coordination on trend-following heuristic less

likely and coordination on stabilizing adaptive expectations more likely. .
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Figure 20: Heatmap showing the relative absolute deviations (RAD) simulations using the mixed
HSM for a grid of eigenvalues in the complex unit square. The x-axis shows the real part, the y-
axis the complex part of the (leading) eigenvalues. The unit circle is shown for clarity, illustrating
the stability boundary of typical learning theories. The purple region is our predicted instability
region in the lab, which partly lies inside the unit circle.
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10 Concluding Remarks

We have discussed the use of simple adaptive forecasting heuristics as a model for more

realistic expectations in macroeconomics. Some behavioral takeaways are:

• Simple heuristics using limited information may sometimes converge to FIRE; in

such an environment coordination on the rational outcome may arise through coor-

dination on a limited information heuristic.

• Naive expectations performs rather poorly in the cobweb model environment with

negative feedback, with large and systematic forecasting errors.

• In contrast, naive expectations performs rather well in a near-unit root setting, such

as an asset pricing or New Keynesian model. In particular for a random walk the

naive forecast is the optimal forecast.

• Adaptive learning of an (optimal) AR1 (or AR2) heuristic may lead to limited

information misspecification equilibria, characterized by almost self-fulfilling near

unit root behavior and multiple equilibria;

• Positive feedback may lead to persistent deviations from fundamentals and generate

instability and temporary bubbles and crashes in the laboratory, with a group of

human subjects learning to coordinate on trend-following or anchor and adjustment

heuristics.

• Heuristics switching based on relative performance fits laboratory and empirical

macro data well.

• Learning simple heuristics may work well in highly complex macro environment and

may be hard to beat by more complex forecasting rules. ;
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• Negative feedback policies may shift beliefs away from trend-following to adaptive

expectations and stabilize strongly positive feedback macro systems.

In general, heuristics may work as a coordination device of an adaptive learning pro-

cess. However, the adaptive learning process may exhibit path-dependence either enforc-

ing stability (e.g., through adaptive expectations) or leading to persistent deviations from

fundamentals by enforcing unstable bubbles (through trend-following rules) and crashes.

Policies adding negative feedback can manage expectations and shift beliefs from unstable

trend-following to stabilizing adaptive expectations.
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