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Essays in Behavioral Dynamics

Abstract

This thesis consists of three chapters that study behavior when people make correct infer-

ences from observed events but make mistakes when reasoning about hypothetical events.

This type of behavior is documented in a growing experimental literature on failures of

contingent thinking. The first chapter proposes a theoretical framework for analyzing this

behavior in competitive markets, introducing Dynamic Cursed Expectations (DCE) and the

corresponding equilibrium concept, Dynamic Cursed Expectations Equilibrium (DCEE). The

second chapter studies an asset pricing model and shows that DCEE leads to overvaluation

of risky assets and overtrading relative to the Rational Expectations Equilibrium benchmark.

The third chapter introduces Sequential Cursed Equilibrium (SCE) for extensive games and

shows that multiple experimental results on failures of contingent thinking can be explained

by SCE behavior.
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Introduction

People often struggle to reason about hypothetical events. While they update sensibly in

response to what they observe, they fall short when asked to anticipate how information

might evolve in the future or what it would mean if a counterfactual event were to occur.

Experimental evidence from a variety of settings—including voting, auctions, and asset

trading—shows that individuals systematically neglect the implications of hypothetical

events: they fail to condition on being pivotal, to anticipate the winner’s curse, or to foresee

how future information will affect beliefs. These failures of contingent thinking appear even in

simple environments. Yet benchmark models in economics typically assume that agents

plan optimally for all possible future contingencies. This dissertation offers an alternative:

a framework in which agents learn from realized events and neglect the implications of

hypothetical ones.

The first chapter introduces Dynamic Cursed Expectations (DCE), a model of individual

expectation formation in an uncertain market setting in which agents fail to recognize how

future events relate to one another. They correctly learn from what they observe but fail

to anticipate how future signals or prices will inform their beliefs. I define an associated

equilibrium concept for competitive markets—Dynamic Cursed Expectations Equilibrium

(DCEE)—and show that it exists when signals provide information about one period ahead.

The second chapter applies DCEE to a dynamic asset-pricing model. When agents are

risk averse but neglect the correlation between future returns and prices, they underestimate

risk and overvalue risky assets. The model predicts excess trade—even when REE predicts

none—and shows that overpricing is more severe for assets with higher variance. These
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patterns are not the result of misplaced optimism or random error, but emerge from

systematic misperceptions in how agents form expectations.

The third chapter turns from markets to games. It introduces Sequential Cursed Equilibrium

(SCE), a new solution concept for dynamic games in which players neglect the implications

of hypothetical actions but correctly learn from observed ones. While Cursed Equilibrium

has proven useful in static Bayesian settings, it does not capture how people update when

actions unfold over time. SCE fills this gap, providing a framework that aligns with

experimental findings—such as reduced winner’s curse in dynamic auctions and improved

reasoning in sequential versus simultaneous voting. Unlike its static counterpart, SCE

treats endogenous and exogenous information symmetrically and yields distinct predictions

from Bayesian Nash equilibrium in environments where contingent reasoning matters. The

chapter defines the concept formally, proves existence for any finite game of perfect recall,

and applies it to experiments on auctions, voting, and asset markets.

Together, these three chapters offer a unified account of how contingent reasoning

failures shape behavior in economic environments. They suggest that the inability to

anticipate future learning plays a fundamental role in shaping asset prices, trade patterns,

and strategic outcomes. In doing so, this dissertation contributes to the growing literature

at the intersection of behavioral economics, information aggregation, and dynamic decision-

making.
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Chapter 1

What You Can’t See: Contingent

Thinking Failures in Dynamic Markets

1.1 Introduction

Prices convey valuable information to market participants. In financial markets, a stock’s

price reflects the market’s expectations for the underlying company, offering useful insights

to traders. In energy markets, oil prices relay information about supply chain disruptions

and geopolitical events. Fully exploiting the information in prices often requires contingent

thinking. For example, when submitting a limit order, financial traders should consider the

value of the asset conditional on the strike price being met.

Recent experimental literature documents failures of contingent thinking, showing that

people often struggle to understand the implications of hypothetical events, but find it easier

to make inferences from the same events once they have occurred.1 Benchmark solution

concepts fail to account for this phenomenon. Under Rational Expectations Equilibrium,

agents learn correctly from the known history, contemplate the joint distribution of all future

unknowns, and make an optimal plan for all contingencies. When a contingency is realized,

their behavior matches their initial plan. In many real-world situations, this requires high

1For a recent review of this literature, see Niederle and Vespa (2023a).
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levels of contingent thinking.

I introduce two new concepts that can serve as an alternative benchmark and trace out

the implications of failures of contingent thinking in competitive markets. These failures

are shown by the experimental literature to be systematic, significant, and robust across

environments. Dynamic Cursed Expectations (DCE) posits that agents learn correctly from

the observed history but misunderstand the joint distribution of future events. They treat

events occurring at different future periods as independent from one another, thereby failing

to foresee updating their beliefs in light of future information. In other words, they fail

to anticipate learning from future events. Dynamic Cursed Expectations Equilibrium is a

corresponding equilibrium concept, achieved when all agents optimize according to DCE,

and prices clear the markets. This model captures the spirit of failures of contingent thinking

documented in laboratory settings, embodying them in a competitive markets framework.

The complementary Chapter 2 shows that in an asset pricing model, DCEE predicts prices

and trade volume that are different than those in REE.

Anticipation of future learning is critical for decision-making in various contexts where

expectations matter. For instance, when households choose between a fixed-rate and a

variable-rate loan, they benefit from understanding the path dependency of future inflation.

Similarly, when producers decide how much to invest in the production of a new good,

they need to estimate future revenues. To optimize these decisions, agents must consider

how to condition their actions on events that have yet to occur. For example, if a favorable

shock in January reduces production costs, this will likely be associated with lower market

prices in February, thus reducing February revenues, since other producers would also have

benefited from the same shock. Grasping these interdependencies is challenging. To do so,

agents must understand the full distribution of potential paths of decision-relevant variables.

Once an event occurs, learning becomes more straightforward, as agents can focus on the

paths following that realization and disregard those no longer relevant.

The experimental literature documents contingent thinking mistakes even in simple

settings with a small number of contingencies. Ngangoué and Weizsäcker (2021) show this

4



in a setting that is particularly relevant for market behavior. Subjects trade in a single risky

asset that has a common value, where the price of the asset conveys information about its

value. They compare a sequential treatment, where subjects are required to submit a limit

order, and a simultaneous treatment, where subjects observe the price and then choose to

buy or sell. Despite strategic equivalence between the treatments, 37% of traders fail to

learn from the price in the sequential treatment, compared to only 19% in the simultaneous

treatment. The setting of Ngangoué and Weizsäcker (2021) is quite simple: there are only

two states of the world, two signals, and two time periods. These results suggest that in

more complex financial markets with large number of contingencies, the bias is likely even

stronger. Failures of contingent thinking also emerge in other economic environments,

as documented by the experimental literature. In a voting game, agents fail to condition

on being pivotal, but make correct inference from pivotality when it is known (Esponda

and Vespa, 2014a). In common value auctions, the winner’s curse is reduced in a Dutch

(descending-price) auction relative to the strategically equivalent first-price auction (Levin

et al., 1996, 2016). Similarly, the winner’s curse is weakened in second-price auctions when

less contingent thinking is required (Moser, 2019). Studying belief updating directly, Aina

et al. (2023) find that contingent thinking leads to significant deviations from Bayesian

updating.

These empirical regularities highlight the need for new theoretical models. The evidence

suggests that learning from observed events is easier than foreseeing learning from hypo-

thetical ones. To model this in competitive markets, I assume that agents make correct

inferences from everything they observe at the point of decision, but don’t anticipate making

additional inferences based on hypothetical events. In my model, agents observe all their

fundamentals and private signals, up to time t, and all the past prices, up to time t − 1.

Given this information, they submit demand correspondences (or limit orders), which

determine the prevailing price. In particular, they fail to take into account the information

content of prices that have not yet realized; this includes future prices along with present

prices. Present prices are hypothetical at the time that agents declare their demand curves.
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Such individual behavior is captured by the definition of DCE.

The definitions of DCE and DCEE are motivated by recent work in game theory on

failures of contingent thinking. In Eyster and Rabin’s (2005) Cursed Equilibrium (CE), players

in a normal form game fail to account for the correlation between other players’ information

and actions. Building on CE and inspired by the experimental findings on failures of

contingent thinking, Cohen and Li (2022) introduce Sequential Cursed Equilibrium (SCE),

applying the idea of cursedness to extensive games. A key feature of SCE is that players are

cursed regarding unknown actions of opponents but learn correctly from observed actions.

SCE players are only “cursed" when contingent thinking is required.

DCE serves as a market parallel to Cohen and Li (2022). SCE players fail to recognize that

other players learn from each other’s actions when these actions are unknown, treating them

as independent from the information they hold.2 Transitioning from strategic interactions to

competitive markets brings important differences: while players in a game respond to actions

of other players and the interactions between them, agents in competitive markets respond

to prices and their interactions with other exogenous quantities. In a first step exploring

the implications of cursedness for competitive markets, Eyster et al. (2019) introduce Cursed

Expectations Equilibrium (CEE), a static equilibrium concept where agents completely neglect

the informational content in prices. More recently, Bayona and Manzano (2024) study the

implications of CEE in the presence of market power. DCEE is a dynamic analogue of CEE,

defined for more general settings that allows agents to learn from past prices while still

neglecting the informational content of present and future prices.

Section 1.2 defines Dynamic Cursed Expectations in a general setting that can be applied

to study a variety of economic problems. In the primary setup, agents make a choice at each

period 1, . . . , T, where the period’s choice is constrained by the previous choice, present

fundamentals and present prices. The market comprises a finite number of price-taking

agents whose utilities depend only on their sequence of choices, which are constrained

2A game consists of players taking actions, while a market consists of agents, or sometimes traders, making
choices.
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by prices and fundamentals. They do not observe others’ choices but only market prices.

To justify the price-taking assumption, each agent can be thought of as representing a

continuum of identical agents. Future fundamentals and prices are uncertain, and agents

can receive exogenous information about them. They make plans of action for each future

chain of events (future history), and have prior beliefs about the likelihood of those different

histories. This setup builds on standard settings, such as that in Stokey et al. (1989).

RE and DCE agents differ in the probability distribution they assign to future events. At

any point in time, agents hold beliefs about the future distribution of prices, fundamentals,

and private information. Priors are assumed to match the exogenous ex-ante distribution

of fundamentals and signals. After observing a certain history, both RE and DCE agents

form the same posterior beliefs through Bayesian updating. However, they use these beliefs

differently: RE agents evaluate the expected payoffs using the correct joint distribution of

future prices and fundamentals, while DCE agents focus their attention on the marginal

distribution at each future period and multiply them, failing to take into account the

interdependencies between them. The DCE agents treat future events occurring in different

future periods are independent.

One motivation for this modeling approach is the idea that agents rely heavily on

empirical data to interpret the world. Rather than forming a theoretical model of the

economy or anticipating equilibrium adjustments, they use empirical information about the

distributions of prices and fundamentals, gathered either through personal experience or

available data. For example, a first-time homebuyer might look at past housing prices and

interest rates to inform their choices. While agents have access to accurate data, and therefore

know the correct marginal distributions, they fail to account for temporal correlations within

the data. The assumption that agents use the correct marginal distribution aligns with

the data-driven approach and ties the modeler’s hands. The idea that agents don’t form

theoretical models like economists do is consistent with recent experimental evidence.

Andre et al. (2024) show that financial investors, including many financial professionals, use

“mental models" that ignore equilibrium effects and endogenous prices adjustments.

7



Another motivation is the principle of computational simplicity: computing DCE is sim-

pler and generally requires less cognitive effort than computing RE. As a lower-dimensional

object, the product of the marginals is easier to grasp than the full joint distribution. While

separating complex joint distributions into their marginals is psychologically plausible, DCE

is one of multiple ways to do so. Agents could, for instance, neglect within-period future

correlations, not just between-period ones. I focus on the latter for two reasons. First, I

avoid arbitrarily choosing which within-period future correlations to neglect. Second, I

focus specifically on failures to anticipate contingent learning: failures to condition on future

variables when estimating later future variables.

In many settings, RE and DCE predict the same behavior. This is the case when optimal

choices in dynamic markets do not require contingent thinking. Differences arise only when

anticipated contingent learning is necessary for optimal decision-making, such as when

fundamentals and prices are path-dependent, or when asymmetric information provides an

opportunity to learn from prices.

Section 1.3 defines equilibrium for a model of asset holdings in a financial economy.

Equilibrium—whether REE or DCEE—is reached when markets clear and all agents optimize

based on their expectations. REE consists of a pricing function that assigns prices to each

history together with one plan for each agent, made at the beginning of time. Each agent’s

plan maximizes RE given the pricing function, and prices clear the market at each history.

In contrast, DCEE consists of a pricing function and a sequence of plans for each agent at

every history. Agents optimize DCE at each history given the pricing function, and the

pricing function clears the market at each history. RE agents follow through with their

original plan at each history, while DCE agents may adjust their plans at each history,

potentially exhibiting dynamic inconsistency. REE prices clear the markets based on the

original plans, whereas DCEE prices clear the markets only for the first step of any revised

plan. Differences between REE and DCEE arise even when DCEE agents are dynamically

consistent, due to agents’ misperception of the likelihood of future histories.

I prove that DCEE exists in any financial economy with imminent private information. In

8



such an economy, signals only provide information about the next period, but not about

later periods. This is a restrictive assumption under which learning from past prices is

futile: traders will do just as well by ignoring past prices and only learn from the public

dividends and their own private information. Existence is likely to hold under more general

assumptions, but this is left to future work.

Even with imminent private information, REE may not exist. The potential nonexistence

of REE, first discovered by Green (1977), arises from the dual role of prices: REE prices both

clear markets and convey information, creating a feedback loop that may not converge. In

DCEE, each price has a single role at any given time: past prices provide information, while

present prices clear markets. This preserves the classic idea of learning from prices (Hayek,

2013; Muth, 1961), but only in a partial sense. Subsection 1.3.4 offers an example where

DCEE exists but there is no REE.

Learning from past but not from present prices offers a potential resolution to the

Grossman-Stiglitz paradox (Grossman and Stiglitz, 1980). The Grossman-Stiglitz paradox

argues that if agents acquire information at a cost and market prices fully reflect this

information, then in a Rational Expectations Equilibrium (REE), agents would have no

incentive to gather costly information—since they could simply infer it from the prices.

However, if no agents are incentivized to acquire information, prices would no longer reflect

any meaningful information. Hellwig (1982) addresses this paradox by showing that when

agents learn from past prices but not from present ones, there is an incentive to acquire

information at a cost. In Hellwig’s model, agents are myopic, focusing only on the next

period’s returns while disregarding later periods. Further, utility is mean-variance and

signals are normal. Section 1.4 shows a similar result to Hellwig (1982)’s under DCEE in a

more general case.

The literature studies different types of failures to learn from prices and other informa-

tion. Bastianello and Fontanier (2023) develop a theory of Partial Equilibrium Thinking,

where agents learn from prices correctly about fundamentals, but fail to realize that others do

the same. Other models study agents that learn from their information, but use misspecified
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models to do so (see Esponda and Pouzo (2016); Fudenberg et al. (2017); Eliaz and Spiegler

(2020); Heidhues et al. (2021); Molavi (2022) and others). My behavioral assumptions differ

conceptually from those in the aforementioned papers in that when forming expectations,

agents don’t use a (wrong) model of the economy or the behavior of others, but rather the

empirical distribution of prices and fundamentals. In doing so, they neglect the correlation

between different time period. A different strand of literature documents correlation neglect,

but is not focused specifically on the differentiation between hypothetical and observed

events (Enke and Zimmermann, 2019; Eyster and Weizsacker, 2010).

Layout.

Section 1.2 introduces a general theoretical framework, and defines DCE in it. Section 1.3

focuses on a financial economy, and defines DCEE in it. It then shows that in any financial

economy with imminent private information, DCEE exists. Section 1.5 concludes.

1.2 Theoretical Framework

This section formally presents the two problems of interest, defining Rational Expectations

(RE) and Dynamic Cursed Expectations (DCE) in a general setting.

1.2.1 General Setup

In this section, I define Rational Expectations and Dynamic Cursed Expectations for individ-

ual decision-makers, assuming a general information structure, arbitrary utility functions,

and a finite time horizon. Throughout, decision-makers are price-takers, with prices treated

as exogenous. Price formation and general equilibrium in a financial economy will be

addressed in Section 1.3.

Let (X,X ) and (Z,Z), be measurable spaces, where X represents the set of possible

values for the choice variable, and Z represents the set of possible values for the exogenous

shock. The price space, P ⊆ X∗, is a subspace of the dual space3, which assigns a cost to

3The dual space of X is the set of linear functionals mapping X to R. For example, if X = Rm, then the dual
space is P ⊆ Rm.

10



each choice, x ∈ X, in R. Time is discrete and finite, t = 1, 2, ..., T.

The market comprises a finite set of agents, indexed by i ∈ I, each associated with a

measurable space (Ωi, Ωi), from which agent i’s private signals are drawn. Agent i has utility

function Ui and receives a sequence of private signals {ωit}T
t=1, where ωit ∈ Ωi is the signal

at time t. A finite number of agents is assumed to avoid subtleties arising from a continuum

of IID random variables (Judd, 1985). To abstract from strategic motives, each agent can be

considered to represent a continuum of identical agents, all of equal measure.

Define the product spaces
(
Zt,Z t), (Pt,P t), and

(
Ωt

i , Ωt
i
)
, for each time period t =

1, 2, . . . , T. I use z, p, and ω to refer to elements of ZT, PT, and ΩT, respectively, where

zt ∈ Z, pt ∈ P, and ωit ∈ Ωt
i are the time t components of z, p, and ωi. Let (N,N ) =

(Z × P × Ωi,Z ×P × Ωi) be the product space, with ηit ∈ N representing all the infor-

mation available to agent i at time t: ηit = (zt, pt, ωit). Additionally, let zt = (z1, . . . , zt),

pt = (p1, . . . , pt), ωt
i = (ωi1, . . . , ωit), and ηt

i = (ηi1, . . . , ηit) denote partial sequences.

Fundamentals and signals are exogenous, and together they fully characterise the general

state of the economy. Prices are endogenous from the perspective of the economy but treated

as exogenous from the individual decision-maker’s viewpoint. Let Ω̂ = ×i∈IΩi be the space

of agents’ signals at any given time. The prior distribution of fundamentals and signals

is given by the PDF f : ZT × Ω̂T → R≥0. Since signals can inform agents about future

fundamentals, they affect agents’ choices and prices. Asymmetric information creates an

incentive to learn from prices, aligning with Hayek (2013).

A period t < T public partial history is defined by ht =
(
zt, pt), while a public terminal

history is the pair h = (z, p) ∈ ZT × PT. Define Ht = Zt × Pt and H = ZT × PT. An agent

i’s private partial history consists of the public partial history and the agent’s past private

signals, denoted ηt
i =

(
zt, pt, ωt

i
)
. Similarly, a private terminal history is ηi = (z, p, ωi). Let

Nt
i = Zt × Pt × Ωt

i , and NT
i = ZT × PT × ΩT

i . Private histories will simply be referred to as

histories when the agent is clear from the context.

For clarity, consider the following example: two traders—one uninformed (trader A)

and one informed (trader B)—trade in a single risky financial asset. There are two time
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periods, 0, and 1. In period 1, the asset pays a dividend d ∈ D = {10, 20}, drawn

with equal probability. In period 0, the traders decide on their demand for the asset,

xA (p0) , xB (p0) ∈ X = {−1, 0, 1}, conditional on the present price. The informed trader,

trader B, receives a signal fully revealing the dividend, ωB = {d}, while the uninformed

trader, trader A, receives no information, ωA = ∅. Trader A’s only information is that of

the prior distribution.

In this example, a public terminal history is of the form h = ((0, d), (p, 0)). At period 0,

no dividend is paid, and at period 1, there is no more trade and the price is set to zero. A

private terminal history for Trader B has the form ηB = ((0, d), (p, 0), (d, ∅)), and for trader

A, ηA = ((0, d), (p, 0), (∅, ∅)).

Building towards the definition of Dynamic Cursed Expectations, I define a refinement

of history, a morning history. Each time period can be thought of as partitioned to different

stages: at the beginning of each period, the “morning", the fundamentals zt and private

information ωit are revealed. Later in the period, agents make choices and then the

price vector pt is determined endogenously. The determination of prices in equilibrium

is discussed in Section 1.3. Let η̂t
i = ηt

i \ {pt} be the morning history, representing the

information that agent i learns from at the time of decision making. The morning history

includes past prices, but not the present price.

Each of the sequences z, p, and ωi plays a different role. The sequence of fundamentals,

z ∈ ZT is exogenous and influences the flow payoff, which depends on zt at time t. The

sequence of prices, p ∈ PT, also affects the flow payoff but is determined in equilibrium.

Lastly, the sequence of signals, ωi, affects expectation formation but does not influence the

flow payoff directly.

Let Bi denote the space of beliefs over histories ηi, where the elements of Bi are probability

measures over terminal histories in NT
i . Let b̄i be agent i’s prior belief, with the marginal

over exogenous variables matching the true distribution: b̄i |Z×Ωi= f |Z×Ωi . The prior

belief about prices matches the equilibrium price distribution, which will be discussed in

the following section. Any partial history ηt
i gives rise to a Bayesian belief over terminal
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histories, represented by the probability measure b̄ηt
i

i ∈ B. For ηt
i =

(
zt, pt, ωt

i
)
, the belief b̄ηt

i
i

represents the posterior over public terminal histories after observing ηt
i and given the prior

b̄i. Histories contradicting ηt
i are assigned zero probability; for η′

i = (z′, p′, ω′
i) ∈ Ni, where

η′
i |≤t ̸= ηt

i , we have b̄ηt
i

i (η′
i) = 0.

1.2.2 Plans and Feasible Plans

When making a choice at any time period before T, agents also formulate contingent plans

for their future choices based on different future histories, subject to a continuous recursive

constraint Γi : X × Z × P ↠ X. I will first define plans made at period 0, and proceed to

define plans made at different morning histories. Plans made at different morning histories

are useful to describe a system in which plans may not be realized, where initial plans alone

do not capture equilibrium behavior.

Definition 1.2.1. A period 0 plan is a value π0
i0 ∈ X and a sequence of measurable functions from

private partial histories to choices π0
ir : Nr

i → X, r = 1, 2, ....

The state space is defined to be X, and at period 0, there are initial, commonly known

values z0 ∈ Z; p0 ∈ P.

Definition 1.2.2. A period 0 plan π0
i is feasible from xi0 ∈ X if:

1. π0
i0 ∈ Γi [xi0, z0, p0],

2. π0
ir

((
z̃r, p̃r, ω̃r

i
))

∈ Γi

[
π0

ir−1

(
z̃r−1, p̃r−1, ω̃r−1

i

)
, z̃r, p̃r

]
for all

(
z̃r, p̃r, ω̃r

i
)
∈ Zr × Pr ×Ωr

i ,

r = 1, 2, . . . T.

These definitions resemble the concept of plans and feasible plans in Chapter 9 of Stokey

et al. (1989). Such plans are formulated once at the beginning of time and are assumed to

be followed thereafter. However, under Dynamic Cursed Expectations, agents may deviate

from their initial plans. To capture this, I now define morning history-specific plans.

To illustrate, consider the example again: each trader starts with zero units of an asset,

and their choice is restricted by Γi = {−1, 0, 1}, meaning they can either buy, sell, or hold
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the asset. A period 0 plan of agent i = A, B consists of a single value π0
i0 = x1

i ∈ R. The

plan is feasible if π0
i0 ∈ {−1, 0, 1}, implicitly assuming that the agent has enough additional

resources to buy a unit at each feasible price and cover potential losses from shorting.

Plans can also be made at later periods. Suppose η̂t
i =

(
zt, pt−1, ωt

i
)
∈ Nt

i is a morning

history at time t, and let r > t. Define:

Jir(η̂
t
i ) =

{
(z̃r, p̃r, ω̃r

i ) ∈ Nr
i : ∃pt ∈ P such that (z̃r, p̃r, ω̃r

i ) |≤t=
(
zt, pt, ωt

i
)}

to be the set of length r public partial histories that are compatible with η̂t
i .

Definition 1.2.3. A morning history-η̂t
i plan consists of a measurable function πit

[
η̂t

i
]

: P → X

and a sequence of measurable functions πir
[
η̂t

i
]

: Jir(η̂
t
i ) → X for all r = t + 1, t + 2, ....

Definition 1.2.4. Let η̂t
i =

(
zt, pt−1, ωt

i
)

be a morning history of length t. A morning history-η̂t
i

plan π
η̂t

i is feasible from xit ∈ X, if:

1. πit
[
η̂t

i
]
(pt) ∈ Γi[xit, zt, pt],

2. πir
[
η̂t

i
] ((

z̃r, p̃r, ω̃r
i
))

∈ Γi[πir−1
[
η̂t

i
]
(z̃r−1, p̃r−1, ω̃r−1

i ), z̃r, p̃r] for any
(
z̃r, p̃r, ω̃r

i
)
∈ Jir(η̂

t
i )

where r = t + 1, . . . , T,.

Feasible plans satisfy the constraint at each period but impose no additional restrictions

on consistency or optimality regarding beliefs or utilities. Let Π̂i
[
η̂t

i
]
(xit) denote the set of

morning history-η̂t
i plans that are feasible from xit. When the context is clear, I simply refer

to these as morning plans.

The following assumption, adapted from Stokey et al. (1989)’s Assumption 9.1, ensures

that Π̂i
[
η̂t

i
]
(xit) is non-empty.

Assumption 1.2.5. Γi is nonempty-valued and its graph is (X ×X ×Z ×P)-measurable. Addi-

tionally, Γi has a measurable selection, meaning there exists a measurable function k : X × Z × P →

X such that k (x̃, z̃, p̃) ∈ Γi (x̃, z̃, p̃) for all (x̃, z̃, p̃) ∈ X × Z × P.

Under Assumption 1.2.5, Π̂i
[
η̂t

i
]
(xit) is non-empty for each morning history η̂t

i and

xit ∈ X. The proof follows directly from Lemma 9.1 in Stokey et al. (1989).

An economy is characterized by the collection
(
T, I, X, Z, P, f , (Ωi)i∈I , (Ui)i∈I , (Γi)i∈I

)
.
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1.2.3 Individual Optimization

Assume that agent i has a utility function Ui : XT → R, and a prior belief b̄i. Further,

assume that the agent observes the morning history η̂t
i =

(
zt, pt−1, ωt

i
)

of and remembers

their history of choices xt
i = (xir)

t
r=1.

Rational Expectations

Let pt ∈ P be the present price. The corresponding history is ηt
i =

(
zt, pt, ωt

i
)
, comprised of

a morning history η̂t
i together with pt. Under Rational Expectations (RE), the expected utility

from a morning plan πi = πi
[
η̂t

i
]
∈ Π̂i

[
η̂t

i
]
(xit) is computed based on the posterior belief,

b̄i
[
ηt

i
]
:

EUR
i
(
πi, ηt

i
)
=
∫

η′|≤t=ηt
i

Ui
(
xt

i , πi(η
′)
)

b̄i
[
ηt

i
] (

η′) dη′ (1.1)

Here, πi (η
′) denotes the sequence of choices dictated by πi for periods t + 1 onward at the

terminal history η′, for any η′ ∈ JiT(η̂
t
i ). When updating their beliefs, agents learn from the

history ηt
i that includes the present price pt.

Dynamic Cursed Expectations

Under Dynamic Cursed Expectations (DCE), agent i evaluates a plan by learning from past

events but not from hypothetical ones. The agent updates their belief based on fundamentals,

signals, and prices up to and including period t − 1 using Bayesian updating. In period t,

they only learn from the exogenous variables zt and ωit and not from the present price pt.

For any belief bi ∈ Bi, let bil represent the marginal of bi on dimension l, bil is a probability

distribution over Z × P × Ωi. These marginals are used to capture the agent’s neglect of

correlations between events at different future periods.

Agent i uses the updated belief b̄i
[
η̂t

i
]
, learning from the morning history. In forming

expectation, the agent relies on marginals b̄il
[
η̂t

i
]

rather than the full joint distribution, thus

fails to anticipate learning from future events. Suppose that the present price is pt, and as

in the RE case, let ηt
i be the the corresponding history, comprised of morning history η̂t

i
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together with pt.

The DCE expected utility from a plan πi = πi
[
η̂t

i
]
∈ Πi

[
η̂t

i
]
(xit) at a present price of pt

is computed based on the posterior belief, b̄i
[
η̂t

i
]
:

EUDC
i
(
πi, ηt

i
)
=
∫

η′|≤t=ηt
i

Ui
(
xt

i , πi(η
′)
)

b̄it+1
[
η̂t

i
] (

η′) · · · b̄iT
[
η̂t

i
] (

η′) dη′ (1.2)

Present price play a role in DCE, but only in constraining agents’ behavior. DCE agents

fail to use present prices in updating their beliefs—they don’t use them as a source of

information.

Let oR
i
(
xt

i , b̄i
[
ηt

i
])

⊆ Πi
[
ηt

i
]
(xit) denote the set of plans that maximize Equation 1.1;

these are the optimal plans under RE. Similarly, let oDC
i

(
xt

i , b̄i
[
η̂t

i
])

⊆ Π̂i
[
η̂t

i
]
(xit) denote

the set of morning plans that maximize Equation 1.2; these are the optimal morning plans

under DCE.

In the running example, assume that traders are risk neutral and have utility Ui =

xi · (d − p). Equilibrium is defined here for this example, while the general definition

appears in Section 1.3. A Rational Expectations Equilibrium (REE) consists of a pair of

prices, one for each state d ∈ {10, 20}, and a set of plans such that both traders maximize

utility according to RE and the prices clear the market. A Dynamic Cursed Expectations

Equilibrium (DCEE) is identical, except traders maximize utility according to DCE. Market

clearing requires that at the prevailing price, either one trader sells while the other buys, or

both traders do nothing.

There is no trade in REE. When d = 20, the informed trader wants to buy the asset for

any price p < 20. When d = 10, the informed trader wants to sell the asset for any price

p > 10. The uninformed trader can deduce the dividend from the market equilibrium,

leading to no trade (assuming no trade occurs in cases of indifference).

In contrast, there is always trade in DCEE. The informed trader’s demand remains as it

was under RE. However, the uninformed trader only considers the prior information and

wants to buy for p < 15 and sell for p > 15, remaining indifferent at p = 15. When d = 20,

the uninformed trader sells one unit to the informed at a price 15 < p < 20, below the asset
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value. When d = 10, the uninformed trader buys one unit from the informed trader at a

price 10 < p < 15, above the asset value. The uninformed trader always loses.

1.2.4 Dynamic Consistency

Agents operating under DCE are often dynamically inconsistent. When they make a plan

at period 0 for a choice at period 2, they fail to anticipate learning from the information

revealed at period 1. When period 2 arrives, they do learn from the period 1 information. A

special type of DCE agent, called a forward-looking agent, is always dynamically consistent.

Definition 1.2.6. An agent i is dynamically consistent if they have a single optimal plan at

each combination of past actions (xir)
t
r=1 and morning history η̂t

i , and this optimal plan is followed

through at all times.

Dynamic consistency does not imply a rational behavior. DCE agents fully learn from

information only after observing it, but by the time they do, it may be too late to change

their behavior. Consider a DCE agent who makes a choice on Wednesday. The choice

depends on the fundamentals of Thursday and Friday as well as the correlations between

them, but not on any information revealed on Tuesday. The agents neglects the correlations

between Thursday and Friday’s fundamentals, thus behaving differently from a RE agent.

The agent eventually learns the correct distribution of fundamentals—but does so only on

Thursday, when it is too late to change Wednesday’s behavior. On Monday, the agent’s

plan of action for Wednesday is identical to the true behavior on Wednesday: Tuesday’s

information does not matter, while the misperception of the correlation between Thursday’s

and Friday’s fundamentals is the same on Monday and on Wednesday.

Learning does not affect the behavior of dynamically consistent DCE agents; these agents

are behaviorally indistinguishable from agents who continue to neglect correlations even

when those pertain to observed events. Agents who persistently misperceive correlations

related to different choice variables are studied by Ellis and Piccione (2017), who present a

framework that can accommodate a variety of perceived correlations, including the type

of correlation neglect that appears in the behavior of dynamically consistent DCE agents.
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They introduce a Weak Monotonicity axiom that requires agents to prefer a choice to another

whenever the worst case scenario of the former is preferred to the best case scenario of the

latter.

The following definition describes agents whose choice depends only on expectations

about the future, not on events that occur in the past.

Definition 1.2.7. Agent i with DCE is forward looking if, at any period t, their optimal morning

plans are independent of both the morning history and the sequence of past actions. That is, let η̂t
i and

η̃t
i be two morning histories of length t, and let (xir)

t
r=1 and (x′ir)

t
r=1 be sequences of past choices.

Then:

oDC
i

(
(xir)

t
r=1 , b̄i

[
η̂t

i
])

= oDC
i

((
x′ir
)t

r=1 , b̄i
[
η̃t

i
])

In other words, any plan that is optimal given the morning history η̂t
i with initial choices (xir)

t
r=1 is

also optimal at the morning history η̃t
i with initial choices (x′ir)

t
r=1, and vice versa.

For a forward looking agent, the optimal plans at any moment of decision depends

only on events that are hypothetical at that moment. At period t, these hypothetical events

include fundamentals and private information from time t + 1 onward, as well as prices

from time t onward. The following Proposition is immediate.

Proposition 1.2.8. A DCE agent who is is forward looking is also dynamically consistent.

1.3 Equilibrium and Existence in a Financial Economy

In this section, I define a Dynamic Cursed Expectations Equilibrium (DCEE) and prove

its existence when agents’ private information at only reveals information about the next

period. I first narrow the focus and concentrate on a financial economy.

1.3.1 A Financial Economy

A financial economy consists of K risky assets that are in limited supply. The choice

space is X = RK
++, representing the holdings of the assets at the end of the period. Agents
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i = 1, . . . , N, are traders. Trader i has a continuous and concave utility function, Ui : RT → R,

which depends on their consumption sequence. Each trader starts with an initial endowment

ei ∈ RK. At the beginning of period t, trade i’s holdings are denoted xit ∈ RK. The total

supply of assets, ∑i ei, remains fixed over time.

The fundamentals of the model are the dividends of the assets, which are distributed at

the beginning of each period to the asset holders. Dividends are assumed to be non-negative,

and the set of possible dividends payouts is D = RK
++. The set of asset prices is represented

by P = RK
++, consisting of vectors with strictly positive elements.

Traders’ choice are constrained by the correspondence Γi : X × D × P ↠ X, Γi (x, d, p) =

{x′ ∈ X : p · x′ ≤ (p + d) · x}. Agents cannot borrow, and saving is only allowed through

asset holdings. Consumption is the residual: given xit as i’s asset holdings at the start

of period t, and xit+1 as their holdings at the end of period t, consumption is defined as

ct = (dt + pt) · xit − pt · xit+1 ≥ 0, with initial holdings xi0 = ei and final price pT = 0.

1.3.2 REE and DCEE in a Financial Economy

Agents have asymmetric information and cannot engage in futures trading. Trade occurs

sequentially, meaning that it cannot be fully contingent on all uncertainties. Therefore,

equilibrium concepts such as those of Arrow and Debreu (1954) do not apply. If traders had

the option to renegotiate, DCEE agents could benefit from new information, while Rational

Expectations (RE) agents would be indifferent.

In a Rational Expectations Equilibrium (REE), prices serve two roles: they clear the

market and also convey information. From the perspective of a single agent, prices may

reflect private information held by other agents, making learning from prices potentially

valuable. In REE, agents fully understand the information embedded in present and future

prices and the joint distribution of future prices, fundamentals, and private signals.

In contrast, in a Dynamic Cursed Expectations Equilibrium (DCEE), the two roles of

prices are separated. Only past prices—those on which agents have already acted—are used

as information sources. Present and future prices are considered as affecting the constraints
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but not for learning. Agents fail to anticipate learning not only from future prices but also

from any other future information.

In the previous section, prices were treated as random variables. However, in equilibrium—

whether REE or DCEE—period t prices are functions of observed prices, dividends, and

private signals of all agents {ωit}i.

Let ρ = (ρt)t denote a pricing function, where ρt : Dt × Ω̂t → P. This function maps

partial sequences of dividends and private information to corresponding price vectors. Let

Q be the set of pricing functions. Given a pricing function ρ, define gρ to be the probability

density function of the distribution generated by f and ρ; gρ : DT × PT × Ω̂T → R≥0.

Each pricing function ρ is accompanied with a corresponding set of price-beliefs bρ,i for

agent i, defined as the marginal of gρ, projected onto DT × PT × ΩT. Here, ΩT represents

the private signal space, with each Ω in the product ΩT referring to the corresponding i’th

coordinate of Ω̂.

Definition 1.3.1. A Rational Expectation Equilibrium consists of a pricing function ρ and a sequence

of period-0 plans
(
π0

i

)
i for each agent such that:

1. Agent i’s plan is rationally optimal given their beliefs bρ,i; that is, π0
i ∈ oR

i
(
∅, bρ,i

)
.

2. Agents’ plans clear the market at each history. Specifically, given a time period t, a public

history ht, and the private signals ωt
i for each i, the following holds: ∑i π0

i

(
ht, ωt

i
)
= ∑i ei.

When the market is composed solely of DCE agents, we can turn to define Dynamic

Cursed Expectations Equilibrium (DCEE). For each agent i, define a sequence of morning plans as

a set of plans
(

π
η̂t

i
i

)
η̂t

i

, where each plan corresponds to a morning history η̂t
i . The morning

history is given by η̂t
i =

(
dt, pt−1, ωt

i
)
, and the plan is feasible based on the previous choice

dictated by the morning history η̂t−1
i plan: πi

[
η̂t

i
]
∈ Π̂i

[
η̂t

i
] (

πit−1

[
η̂t−1

i

]
(pt−1)

)
. Let Πi

be the set of sequences of morning plans.

Definition 1.3.2. A Dynamic Cursed Expectations Equilibrium consists of a pricing function ρ and

a sequence of morning-history-specific plans,
(
πi
[
η̂t

i
])

η̂t
i

, for each agent i, such that:
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1. At each history η̂t
i , and after a sequence of choices xt

i , agent i’s plan is DCE-optimal based

on her updated beliefs, which incorporates learning from the history η̂t
i . Formally, πi

[
η̂t

i
]
∈

oDC
i

(
xt

i , bρ,i
[
η̂t

i
])

.

2. At each history η̂t
i , and with the present price pt, present markets clear: ∑i πit

[
η̂t

i
]
(pt) =

∑i ei.

The structure of equilibrium differs between REE and DCEE. In an REE, a single initial

plan is sufficient to describe the equilibrium, whereas in a DCEE, the equilibrium consists

of a history-specific plan for each history. In an REE, when an agent at period 0 plans for

choices at a future private partial history ηt
i , they correctly anticipate how their beliefs will

evolve in that history. As a result, their period-0 plan for action at ηt
i is the same as their

actual choice once ηt
i is observed.

In contrast, DCEE agents do not anticipate how their beliefs will change over time.

Although they learn from past events, their choices after observing a history η̂t
i = ηt

i \ {pt}

could differ from their period-0 plans for that history.

Market clearing also differs between the two equilibria. In an REE, period-0 plans clear

the market at every history. In a DCEE, plans are history-specific, and while markets clear at

period t, market clearing is not guaranteed for future histories. Specifically, if r > t and each

agent i has a morning history η̂r
i , then the markets at period r clear based on the morning

history-η̂r
i plans. However, these plans may differ from those made at history η̂t

i for actions

at η̂r
i .

1.3.3 Existence of DCEE with Imminent Private Information

A financial economy has imminent private information if at any period t, the signals ωit ∈ Ωi

can ‘at most’ provide information about the dividends next period, but not about the later

future. For any r = t + 2, . . . , T and any history of dividends d1, . . . , dr−1, the posterior of

the dividend distribution is identical with and without the signals, dr | d1, . . . , dt+1, {ωit}i ∼

dr | d1, . . . , dt+1. While the signals ωit may provide information about dr that is unknown

in period t, in such case the same information can be extracted from observing dt+1
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and will become public information at period t + 1. Similarly, signals do not provide

useful information about future signals: for any r = t + 1, . . . , T and for any trader j:

ωjr | d1, . . . , dt, {ωit}i ∼ ωir | d1, . . . , dt,.

This assumption is useful in proving the existence of DCEE. In a financial economy with

imminent private information, traders cannot learn anything from past prices that they can’t

learn from the public stream of dividends. Private information is useful for the traders

receiving it, but not for later traders observing the resulting prices.

The following theorem establishes the existence of a DCEE, and is proven in Appendix

A.1.

Theorem 1.3.3. For any financial economy with imminent private information, a DCEE exists.

The assumption of imminent private information is quite restrictive and shuts down one

of the interesting properties of DCEE: the ability to learn from past prices. Even with that

assumption behavior under DCEE is different than under REE. For example, if in all periods

traders receive private information about next period’s dividends, the resulting prices reflect

this information. Then, prices will be positively correlated with the next period’s dividends,

a correlation that is ignored by DCE agents in earlier periods. The proof of existence under

more general conditions is left for future work.

1.3.4 An Example of REE Nonexistence

This subsection shows a simple example in which DCEE exists, but there is no REE. This is

an adaptation of an example by Kreps (1977); Allen et al. (1998) to a financial economy.

The existence and nonexistence conditions of REE were extensively studied in the 1970s

and 1980s, as reviewed by Allen et al. (1998). Green (1973) (later published in Green

(1977)) introduced the first example for REE nonexistence. Kreps (1977) presented a simpler

example, adapted below for a financial economy. Green (1977) and Grossman (1981) show

that REE exists when trade can be fully contingent in the state of the world, even when this

state is unknown to the traders. Existence problems arise when trade can only be contingent

on the information available to both sides of the trade. Radner (1979) shows that with a
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finite state space, REE generically exists—nonexistence only occurs for a negligible set of

parameter values. DeMarzo and Skiadas (1998) introduce conditions for the existence of

REE that is partially informative in a static model.

In the example, there are three time periods and two financial traders, A and B, that

have utility from consumption,

UA (cA) = log (cA2) + 2 log (cA3)

UB (cB) = 2 log (cB2) + log (cB3)

Agent A prefers consumption in period 3 over consumption at period 2, while agent B

prefers consumption at period 2 over consumption at period 3.

Agents trade in two assets, α and β, in two equally probable states of the world, s1 and

s2. The dividend payoffs at the two states are shown in Table 1.1. The dividends are a mirror

image of each other: in state s1, α pays only in period 2 and β pays only in period 3, and the

reverse in state s2. There is no utility from consumption in period 1.

d2(α) d3(α) d2(β) d3(β)
s1 1 0 0 1
s2 0 1 1 0

Table 1.1: Dividend pay for assets α, β at states s1, s2

Each trader initially holds three units of each asset, eA = eB = (3, 3). At period 1, trader

B knows the state and trader A does not.

To find the DCEE, solve backwards. In period 3 there is no trade, and consumption is

based on existing ownership,

cA3 = xA3(α) · d3(α) + xA3(β) · d3(β)

cB3 = xB3(α) · d3(α) + xB3(β) · d3(β)

In period 2, the dividends d2 are paid, and traders choose xA3, xB3. They learn from d2

about the state, and all uncertainty is resolved. Both traders know which asset is valuable
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going forward and which isn’t. Trade is impossible: nothing can be given in exchange to

the valuable asset, as the other asset is worthless and there are no other assets that can be

exchanged. As a result, xA3 = xA3 and xB3 = xB2.

It remains to find period 2’s choices, xA2, xB2. period 2 consumption is:

cB2 = xB2(α) · d2(α) + xB2(β) · d2(β)

And is subject to the period 1 budget constraint:

pαxB2(α) + pβxB2(β) = 3pα + 3pβ (1.3)

Suppose that the state is s1. Trader B solves:

max
xB2,xB3

2 log (xB2(α)) + log (xB2(β)) (1.4)

subject to 1.3. Demand is:

xB2(α) = 2
pα + pβ

pα

xB2(β) =
pα + pβ

pβ

When the state is s2, the demand for α and β is reversed. Trader A has no private information,

and is thus has symmetric demand of the two assets.

xA2(α) =
3
2

pα + pβ

pα

xA2(β) =
3
2

pα + pβ

pβ

period 2 prices are set to clear the market. When the state is s1, the price ratio is: pβ = 5
7 pα,

and when the state is s2, it is reversed, pα = 5
7 pβ.

What about REE?

In REE, DCEE prices cannot be an equilibrium: prices are different in each state, allowing

trader A to learn the state from the prevailing price.

It turns out that a fully revealing equilibrium, where A known the state, is also impossible:

in that case, A’s demand is a mirror image of B’s demand due to symmetry. Then, the prices
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would satisfy pα = pβ in both states, making it impossible for A to learn the state!

1.4 Connection to the Grossman-Stiglitz Paradox

This section relates DCEE to the Grossman-Stiglitz paradox. The idea that learning from

past but not from present prices could offer a solution to the Grossman-Stiglitz paradox first

appeared in Hellwig (1982). Hellwig assumes a Mean-Variance utility and myopic traders,

and shows that informed traders are strictly better off than uninformed traders, concluding

that traders have an incentive to pay for information. Below, I show that this general idea

continues to hold in DCEE where agents take the future into account by forming DCE, as

long as their utility is strictly concave and the signals have a certain structure.

The setup remains that of a financial economy, and we show that under simplifying

assumptions, traders in DCEE have an incentive to pay for information in the presence of

other informed traders, while traders in REE do not.

Assume that there is only one signal drawn in period 1, which some agents get and some

do not. For simplicity, assume that all agents have identical utility of the shape ∑ δtu(ct),

where u is strictly concave. Agents are identical in all but their information.

The key informational assumption in this section is that signals provide information

that is either ‘better’, ‘worse’, or ‘neutral’ on each asset. Take two different signals ω1
1 ̸= ω2

1.

For any asset k, either dt(k) | ω1
1 ∼ dt(k) | ω2

1, dt(k) | ω1
1 SOSD dt(k) | ω2

1, or the other way

around. For at least one of the assets the relationship is SOSD, therefore signals provide

nontrivial information.

Due to risk aversion, traders have a unique choice at any time period and for any

information. The following Claim shows that if there exists an REE (DCEE), then the

informed traders’ choices in this REE (DCEE) are different when their information is

different. All of this section’s proofs are in A.1.

Claim 1.4.1. In any REE or DCEE, informed traders make different choices under different signals.

Note that since all of the informed traders are identical, in equilibrium they make the
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same choices. As a result, their signals can be fully recovered from the prices. The following

Corollary is immediate:

Corollary 1.4.2. In both REE and DCEE, the signal ω1 can be retrieved from the sequence of prices.

We may care about the pace in which information can be retrieved. In DCEE, agent may

not act upon their information immediately when |J| = 1. To see that, suppose that there

is only one informed trader and that ω1 provides information about d3 but not about d2.

Suppose further that there are no wealth effects. Two different DCEE may arise. In the first

DCEE, the informed trader hoards information and chooses demand xi2 to be independent

of ω1. As a result, the price p2 is independent of ω1 and informed traders cannot learn from

p2 about ω1. In period 2, the informed trader adapts their demand xi3 to benefit optimally

from the dividends d3. In the second DCEE, the informed trader chooses demand xi2 that

changes with ω1. As a result, uninformed traders in period 2 learn (at least partially) about

ω1, and period 2 prices adjust accordingly. In that case the informed trader benefits from

the difference in prices between period 1 and 2, which is the result of their own different

behavior.

The following Claim shows that when |J| ≥ 2, agents act upon their information

immediately.

Claim 1.4.3. Suppose that |J| ≥ 2. If in a DCEE different signals ω1
1, ω2

1 ∈ Ω1 result in different

choices for an informed trader i at some period t, πt
it(ω

1
1) ̸= πt

it(ω
2
1), then the difference appears in

the first choice, π1
i1(ω

1
1) ̸= π2

i1(ω
2
1).

In REE the notion of exploiting information is irrelevant, as when a piece of information

is used others can instantly learn from it.

The next set of results compare the utility of the informed and the uninformed traders.

Proposition 1.4.4. In any DCEE with ∅ ̸= J ⊊ I informed traders, informed traders attain a

strictly higher utility than uninformed traders.

The following proposition is immediate.
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Proposition 1.4.5. In any REE with ∅ ̸= J ⊆ I informed traders, informed traders and uninformed

traders attain the same utility.

The above results hold whenever the relevant equilibrium exists. As seen in Section 1.3,

DCEE always exists when the economy has imminent private information. In DCEE, the

Grossman-Stiglitz paradox ‘disappears’: Proposition 1.4.4 shows that the informed traders

are better off than the uninformed traders. In DCEE traders have an incentive to acquire

information at a cost, while in REE (when it exists) they don’t, as long as at least one other

trader is informed.

1.5 Conclusion

In this chapter, I define Dynamic Cursed Expectations and Dynamic Cursed Expectations

Equilibrium. I show that in a financial economy with imminent private information, DCEE

always exists, even in cases where REE does not. I expect existence to hold under more

general condition, but leave this to future work.

DCE and DCEE are defined in a general setting and can be applied to a variety of models

in macroeconomics and finance. Contingent thinking can be important when people take

a mortgage to buy a house, when firms make irreversible investment decisions, or when

policy makers make forecasts on the future of inflation and macroeconomic shocks. While

DCEE was defined for financial economies, it can be extended to other settings: in DCEE,

all agents behave according to DCE, and the appropriate markets clear. The study of the

implications of DCEE is those applications and in others is left to future work.

Lastly, I show that with DCEE, traders have an incentive to acquire information at a cost,

thereby offering a possible resolution to the Grossman-Stiglitz paradox.
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Chapter 2

Contingent Asset Overvaluation

2.1 Introduction

Financial decision makers often care about the realization of contingent events. Saving

decisions depend on the saver’s expectations of future inflation and the future interest rate,

and the optimal portfolio depends on the future expected returns of different financial

assets. Financial decisions require forming some expectation about such future events–but

forming expectations about contingent events is hard. A recent experimental literature

shows that people do better when reasoning about observed events than about hypothetical

events, a phenomenon known as ‘failures of contingent thinking’ (Niederle and Vespa,

2023b; Esponda and Vespa, 2014b; Ngangoué and Weizsäcker, 2021).

Motivated by that literature, Chapter 1 introduces a new concept of expectation forma-

tion, Dynamic Cursed Expectations (DCE), where agents learn from past observed events,

but have two key differences to Rational Expectations agents. First, they do not learn from

the present prices. The focus is on situations where agents submit demand correspondences

or limit orders, after which prices are set. At the time of decision making, present prices

are hypothetical. Second, they do not anticipate learning from future events. These agents

form the correct expectations about the marginal distribution of each future period, but

fail to consider the joint distribution of all future periods. Instead, they treat different
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future periods as independent from one another, and in doing so neglect the fact that

future events can be informative about later future events. Chapter 1 proceeds to define the

corresponding equilibrium concept, Dynamic Cursed Expectations Equilibrium (DCEE) in a

financial economy, where all agents form expectations according to DCE and all markets

clear.

I show that DCEE leads to different predictions that REE in an asset pricing model. First,

DCEE leads to overpricing of risky asset, and the overpricing is larger for riskier assets.

Second, DCEE leads to trade when REE exhibit no trade. The trade volume is larger when

the number of traders increase, and is smaller for riskier assets.

DCE agents fail to learn from present prices, generating trade in settings where rational

agents would not trade. Imagine a financial trader who learns that a company may be

developing a new technology, leading to a potential increase in the value of the company’s

stocks. A DCE trader submits a limit order, ordering to buy the stock if the price is lower

than some p̄, thinking that if the stock price is low enough, the investment is worthwhile.

The trader’s reasoning misses one key aspect: when the price is below p̄, this indicates that

other investors think that the new technology is unlikely to be developed—the price reflects

information held by others about the asset. The DCE agent trades, even though they can

only lose from trading. In contrast, a trader with Rational Expectations (RE) understands

that the price fully reflects the market information, and that there is no potential gain from

trade.

DCE agents learn from past prices, and therefore are not completely naive. When the

same trader observes the low price, they learn that the price likely contains bad news about

the development of the new technology. If they were given a chance to rescind the limit

order, they would do so and not buy the stock.

While failure to learn from present prices leads to overtrading, failure to anticipate

learning from future prices result in persistent overpricing of risky assets. Overtrading arises

from heterogeneity in valuations among agents with different signals and is symmetric,

whereas overpricing is asymmetric. To see why, consider a risk-averse trader who buys
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a risky asset on Monday, planning to either resell it on Tuesday or keep it and receive a

dividend on Wednesday. The trader understands correctly the distribution of the price on

Tuesday and that of the dividend on Wednesday, but not their joint distribution. If informa-

tion is released over time, Tuesday’s price will be positively correlated with Wednesday’s

dividend: when the resell price is high, the dividend is likely to also be high. A DCE trader

neglects this correlation, and in doing so underestimates the risk in the asset, perceiving

more opportunities for gain than there actually are.

The model extends this intuition to settings with multiple assets and a finite time

horizon of any length, showing that risk aversion under DCE leads to excess risk-taking. In

the corresponding equilibrium, Dynamic Cursed Expectations Equilibrium (DCEE), assets

are overvalued in expectation relative to Rational Expectations Equilibrium (REE), where

agents correctly anticipate all future correlations, such as those between Tuesday’s price

and Wednesday’s dividend. This overvaluation is larger for assets with higher variance and

increases as the time horizon over which uncertain events will unfold lengthens. Finally, as

in the earlier example, the failure to learn from present prices results in overtrading: there

is trade in DCEE, whereas no trade occurs in REE. The volume of trade increases with

the number of distinct signals and decreases when there is higher uncertainty about the

dividend value.

DCEE offer distinct predictions for asset pricing that can be tested in the lab. The

model suggests that traders’ overvaluation arises from underestimation of intertemporal

risk. This is in contrast to Harrison and Kreps (1978) that posits that traders misunderstand

the distribution of dividend payoffs within a time period, or expect to sell the asset to other

traders with such a misunderstanding. The model offers additional testable comparative

statics; the overvaluation increases with the expected time lag until withdrawal and with

the covariance between potential returns in different periods. An additional prediction

arises from DCE when asset prices are a random walk. Suppose that today’s price is $100,

and prices can either increase or decrease by $10 each day. Then, tomorrow’s price will

be either $90 or $110 with equal probabilities, and the next day’s price $80, $100, or $120,
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with the highest probability assigned to $100. DCE agents think of tomorrow’s price and

of the following day’s price separately. Ex-ante, they expect the prices to be symmetrically

distributed around $100. Ex-post, e.g., after observing the next price of $110, they expect

the price to be symmetrically distributed around $110. They are mean-reverting ex-ante, but

not ex-post, and exhibit bias towards the present price.

Layout.

Section 2.2 sets up the model. Section 2.3 characterized the REE and DCEE. Section 2.4

shows that in this model, DCEE leads to overvaluation of risky assets and to overtrading.

2.2 Model Setup

This section present a financial model in which a Dynamic Cursed Expectations Equilibrium

leads to overvaluation of risky assets relative to a Rational Expectations Equilibrium. Notably,

the overvaluation is larger for assets with high variance. While there is no trade in the

REE due to a Pareto-efficient initial allocation, trade occurs in the DCEE. Furthermore, the

volume of trade, in expectation, increases with the variance of the private information.

Revenues earned in earlier periods can be used only for financial transactions. This setup

is designed to reflect the behavior of financial traders who invest over long periods but

frequently buy and sell financial assets with speculative motives, far more often than they

withdraw their investments. The choice space is X = RK, the dividend space is D = RK,

and the price space is P = RK.

The existence result from Section 1 does not apply directly here, due to the potential

negativity of dividends. Instead, a constructive existence proof is provided for both REE

and DCEE.

The model involves agents who trade in potentially risky assets at periods t = 0, ..., T − 1,

with K such assets, each indexed by k. Dividends are distributed at each trading period

1, ..., T, and are drawn from a normal distribution: dt(k) ∈ N
(
µk, σ2

k

)
, IID across time. There

is a safe asset in infinite supply, that allows for saving with no interest.

There are N ≥ 2 agents, indexed by i ∈ I = {1, ..., N}. Each agent i receives a
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signal vector si
t that provides information about dt+1; specifically, sit = dt+1 + ε it, where

ε it(k) ∈ N
(
0, τ2

k

)
are independent across agents and time. The vectors sit, dt, and ε it have

length K, with each coordinate represents the corresponding k’th asset. Agents are assumed

to be price-taking. To justify ignoring strategic motives, each agent i can be thought of as

representing a continuum of identical agents, with a measure of 1 for each type, and N such

types.

Agents have mean-variance preferences, a common assumption in finance that is some-

times justified by a Taylor approximation of a general utility function. The utility of agent i

at period t is given by:

Ui (ci) = Ei
t [ci]−

α

2
Varit (ci)

Agents are allowed to trade with one another. From this point forward, I refer to them

as traders. After observing a morning history η̂t
i =

(
zt, pt−1, ωt

i
)
, trader i’s demand is

xit+1
(
η̄t

i , pt
)

at the price vector pt.

In equilibrium, the price vector pt is set to clear the market. Suppose that each agent

is initially endowed with 1 unit of each asset. The total supply is N · 1, where 1 is a

vector of ones. The distribution of initial ownership is irrelevant for the results, as mean-

variance preferences eliminate wealth effects. However, the positive supply of the assets

is crucial to obtain the main result of this section. A price p∗t is part of an equilibrium if

∑i xit+1
(
η̂t

i , p∗t
)
= 1. I will omit the dependency on η̂t when the context is clear.

Traders’ monetary flows are as follows:

• At period 0: mi0 = −p0 · (xi1 − ei)

• At period 0 < t < T: mit = dt · xit − pt · (xit+1 − xit)

• At period T: miT = dT · xiT (setting pT = 0)

2.3 Equilibrium

Rational Expectations (RE) agents and Dynamic Cursed Expectations (DCE) agents differ

in how they interpret random variables, specifically in the probabilities they assign to
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future histories. Some of the analysis is identical for both, so I use Ei
t, Covi

t, Vari
t to denote

the corresponding operators. The specific solutions for REE and DCEE are presented in

Subsections 2.3.1 and 2.3.2.

At period t, trader i solves:

Ei
t [u (mi0 + . . . + miT)]

which can be written as:

Ei
t

[
u
(

p0 · ei + (d1 + p1 − p0) · xi1 + (d2 + p2 − p1) · xi2

+ . . . + (dT−1 + pT−1 − pT−2) · xiT−1 + (dT − pT−1) · xiT

)]
(2.1)

choosing xit+1 as well as a contingent plan for future holdings that depends on the realized

future history.

At period t, when xit+1 is chosen, the expected utility becomes:

Ei
t [ci]−

α

2
Vari

t (ci)

= p0 · ei +
t

∑
r=1

(dr + pr − pr−1) · xir +(E [dt+1 + pt+1]− pt) · xit+1 +
T

∑
r=t+2

Ei
t [(dr + pr − pr−1) · xir]

− α

2
Vari

t

(
(dt+1 + pt+1 − pt) · xit+1 +

T

∑
r=t+2

(dr + pr − pr−1) · xir

)
(2.2)

where the history up to period t is constant at this time.

Vari
t

(
(dt+1 + pt+1 − pt) · xit+1 +

T

∑
r=t+2

(dr + pr − pr−1) · xir

)

= ∑
k
(xit+1(k))2Vari

t (dt+1(k) + pt+1(k)− pt(k)) +
T

∑
r=t+2

Vari
t ((dr + pr − pr−1) · xir)

+ 2 ∑
r ̸=r′>t

Covi
t ((dr + pr − pr−1) · xir, (dr′ + pr′ − pr′−1) · xir′) (2.3)
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Taking the first order condition of Equation 2.2 with respect to xit+1(k),

Ei
t [dt+1(k) + pt+1(k)− pt(k)]

− α

2

(
2xit+1(k)Vari

t (dt+1(k) + pt+1(k)− pt(k))

+ 2 ∑
r>t+1

Covi
t (dt+1(k) + pt+1(k)− pt(k), (dr(k) + pr(k)− pr−1(k)) xir(k))

)
= 0 (2.4)

At time t, xi
r for r > t + 1 is viewed as a random variable that depends on the probabilities

assigned to future histories. Agents are consistent in their planning, that is, their plan for

choice at history ηr−1 is the same as their actual choice when history ηr−1 is realized, but

the DCE agent may be wrong in the probability she assigns to each history. The present

price pt is realized at period t and is not a random variable, and dt+1 is independent of

dr, pr−1 for r > t + 1. Equation 2.4 can be written as:

Ei
t [dt+1(k) + pt+1(k)− pt(k)]

− α ∑
r>t+1

Covi
t (dt+1(k) + pt+1(k), (dr(k) + pr(k)− pr−1(k)) xir(k))

= αxit+1(k)Vari
t (dt+1(k) + pt+1(k)− pt(k)) (2.5)

Thus,

xit+1(k) =

Ei
t [dt+1(k) + pt+1(k)]− pt(k)− α ∑r>t+1 Covi

t (dt+1(k) + pt+1(k), (dr(k) + pr(k)− pr−1(k)) xir(k))
αVari

t (dt+1(k) + pt+1(k))

(2.6)

Note that since all traders’ signals are drawn from the same distribution independently,

Vari
t (dt+1(k) + pt+1(k)− pt(k)) is independent of i and can be written as Vart; the realization

of the signal does not affect the posterior variance. Similarly, Covi
t can be written as Covt.

Breaking the Covariance term into parts, most of the terms in it disappear. Thus, demand

can be simplified to:
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xit+1(k)

=
Ei

t [dt+1(k)]− pt(k) + Ei
t [pt+1(k)]− αCovi

t (dt+1(k) + pt+1(k), (dt+2(k) + pt+2(k)− pt+1(k)) xit+2(k))
αVari

t (dt+1(k) + pt+1(k)− pt(k))

(2.7)

In equilibrium, market clearing implies that ∑i xi
t+1(k) = N for all k:

∑
i

Ei
t [dt+1(k) + pt+1(k)− pt(k)]

− α ∑
i

∑
r>t+1

Covt

(
dt+1(k) + pt+1(k), (dr(k) + pr(k)− pr−1(k)) xi

r(k)
)

= αNVart (dt+1(k) + pt+1(k)− pt(k)) (2.8)

switching the order of summation, and using the additivity of covariance:

∑
i

∑
r>t+1

Covt (dt+1(k) + pt+1(k), (dr(k) + pr(k)− pr−1(k)) xir(k))

= ∑
r>t+1

Covt

(
dt+1(k) + pt+1(k), (dr(k) + pr(k)− pr−1(k))∑

i
xir(k)

)

= N ∑
r>t+1

Covt (dt+1(k) + pt+1(k), dr(k) + pr(k)− pr−1(k)) (2.9)

where the last equality uses market clearing again. The price can be extracted from 2.8 to be:

pt(k) =
1
N ∑

i
Ei

t [dt+1(k) + pt+1(k)]− α ∑
r>t

Covt (dt+1(k) + pt+1(k), dr(k) + pr(k)− pr−1(k))

(2.10)

Prices at period t can thus depend only on:

• The realized dividend next period, dt+1 through private signals about it.

• The distribution of future dividends, dr for r > t + 1, which is identical to the ex-ante

distribution of those dividends. This is because the information available at period t is

about dividends up to dt+1.
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• The distribution of future prices, pr for r > t, which is identical to the ex-ante

distribution of those prices.

• The joint distribution of those future dividends and prices.

Simplifying 2.10,

pt(k) =
1
N ∑

i
Ei

t [dt+1(k)] + Et [pt+1(k)]

− α ∑
r>t+1

Covt (pt+1(k), dr(k) + pr(k)− pr−1(k))− αVart (dt+1(k))− αVart (pt+1(k))

=
1
N ∑

i
Ei

t [dt+1(k)] + Et [pt+1(k)]− α {Covt (pt+1(k), dt+2(k)) + Vart (dt+1(k))} (2.11)

I turn to define the volume of trade between agents. The volume of trade in asset k of agent

i at period t + 1 is defined to be the norm of change in asset holdings between xit+1 and

xit+2, |xit+2(k)− xit+1(k)|. The total trading volume is defined to be the sum of trading

volumes for all agents,

Vt+1(k) = ∑
i
|xit+2(k)− xit+1(k)|

and the expected per-agent trading volume is the expected trade generated by a single

trader,

vt+1(k) = E<t [|xit+2(k)− xit+1(k)|]

2.3.1 Rational Expectations Equilibrium

Suppose that all traders use RE. Under REE, agents learn from their signals as well as

present prices,

pt(k) =
1
N ∑

i
E
[
dt+1(k) | pt, si

t

]
+E [pt+1(k)]− α {Cov (pt+1(k), dt+2(k)) + Var (dt+1(k) | pt)}

(2.12)

for all t, where E
[
pt+1(k) | pt, si

t
]
= E [pt+1(k)] is the same as the ex-ante expectation;

Cov (pt+1(k), dt+2(k)) is independent of both pt and si
t, and the variance Var

(
dt+1(k) | pt, si

t
)
’s

dependence on the private signal si
t is fully reflected in pt.
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To show that a REE exists, guess a symmetric linear solution (e.g., Eyster et al. (2019)):

pt(k) = ∑ A(k)sit(k)+ B(k)µk +Et [pt+1(k)]− α {Covt (pt+1(k), dt+2(k)) + Vart (dt+1(k) | pt)}

Then,

xit+1(k)

=
Ei

t [dt+1(k)]− pt(k) + Ei
t [pt+1(k)]− αCovi

t (pt+1(k), (dt+2(k) + pt+2(k)− pt+1(k)) xit+2(k))
αVari

t (dt+1(k) + pt+1(k))

(2.13)

from an informational point of view for agent i, pt(k) can be thought of as the signal

∑j ̸=i A(k)sjt(k)

∑j ̸=i A(k)
= dt+1(k) +

1
N − 1 ∑

j ̸=i
ε jt(k)

which is a random variable with mean 0 and variance τ2
k

N−1 . Thus, the expected value for the

dividend becomes:

Ei
t [dt+1(k) | pt(k)] =

τ2
k

Nσ2
k + τ2

k
µk +

σ2
k

Nσ2
k + τ2

k
∑

i
sit(k)

Using market clearing, when substituting the guess for pt(k), gives:

N

(
τ2

k
Nσ2

k + τ2
k
− B(k)

)
µk + ∑

i

(
σ2

k
Nσ2

k + τ2
k
− A(k)

)
sit

= αN {Covt (pt+1(k), dt+2(k) + pt+2(k)− pt+1(k)) + Vart (dt+1(k) + pt+1(k))}

− αN {Covt (pt+1(k), dt+2(k)) + Vart (dt+1(k))} = 0 (2.14)

Thus:

A(k) =
σ2

k
Nσ2

k + τ2
k

; B(k) =
τ2

k
Nσ2

k + 2τ2
k

Showing that a REE exists. The average signal can be extracted from the price, showing that

it is fully revealing.

Under REE, all agents are identical in both preferences and information and thus have

the same demand function. Thus, in any REE there is no trade: Vt(k) = 0 for any k and
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period 0 < t < T.

2.3.2 Dynamic Cursed Expectation Equilibrium

Under fully-DCEE where all agents use DCE, period t agents learn from their own private

information about dt+1 but fail to take into account the information in pt when submitting

their demand curve. A strategic interpretation is that agents don’t understand how the

aggregate behavior of other agents relate to their information, when this action is in the

future. When considering the continuum of agents of each type interpretation, the bias is

present regarding all the other agents, out-group and in-group alike.

The price is given by:

pt(k) =
1
N ∑

i
E
[
dt+1(k) | si

t

]
+ E [pt+1(k)]− α {Cov (pt+1(k), dt+2(k)) + Var (dt+1(k) | st)}

(2.15)

where pt+1, dt+2 are treated as independent. The variance Var
(
dt+1(k) | si

t
)

does not depend

on the agent: as si
t’s are drawn from the same distribution, the variance of dt+1(k) given a

signal is the same for any such signal.

pt(k) =
1
N ∑

i
Ei

t

[
dt+1(k) | si

t

]
+ Et [pt+1(k)]− αVart (dt+1(k) | st)

To show that DCEE exist in this model, guess a linear and symmetric DCEE solution, similar

to the one that was guessed and found for REE.

pt(k) = ∑ A(k)sit(k) + B(k)µk + Et [pt+1(k)]− αVart (dt+1(k) | pt)

Here, Ei
t [dt+1(k)] =

τ2
k

σ2
k +τ2

k
µk +

σ2
k

σ2
k +τ2

k
sit, and similarly to the REE solution, market clearing

gives:

A(k) =
σ2

k
σ2

k + τ2
k

; B(k) =
τ2

k
σ2

k + τ2
k

Unlike REE, a DCEE typically exhibits different demand functions for different agents, as

those depend on private information. Thus, trade is expected.

By 2.12 and 2.15, it is clear that the price function is forward looking: the price only

38



depends on the agents’ expectations for future prices and dividends. More generally:

Remark 2.3.1. Dynamic Cursed decision-makers are forward looking and choose their actions

according to the expected distribution of future returns and prices. Thus, agents are dynamically

consistent. Suppose that r > t. The plan an agent makes at time t for choice at history ηr is identical

to his actual action, where ηr to realize. However, agents are typically wrong in the probability they

assign to history ηr as they miss the correlation between events at different periods.

2.4 Overvaluation and Trade

The following result shows that when there is enough information in the system, risky assets

have higher expected prices in DCEE than in REE. The bias is larger at earlier time period;

this dynamic property is driven by the environment being non-stationary, with consumption

occurring only at the end. The proof appears in Appendix B.1.

Proposition 2.4.1. There exists a threshold N0 such that for all N > N0, risky assets are overvalued

in expectation in DCEE relative to REE, where the bias is larger at earlier time periods, and decreases

over time. Moreover, the bias is larger for assets with higher variance.

2.4.1 Trade Volume

If the initial endowment is Pareto efficient, in REE there is no trade: traders have identical

utilities, and they all use all of the relevant information. Thus, their demand functions are

identical across traders and over time. In contrast, DCEE exhibits trade. Recall that demand

is given by:

xit+1(k)

=
Ei

t [dt+1(k) + pt+1(k)]− pt(k)− αCovi
t (pt+1(k), (dt+2(k) + pt+2(k)− pt+1(k)) xit+2(k))

αVari
t (dt+1(k) + pt+1(k))

(2.16)

Since all traders are identical, it suffice to examine the expected volume of trade generated

by a single agent. The volume of trade in asset k generated by trader i is |xit+2(k)− xit+1(k)|,
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where ex-ante xit+2(k) and xit+1(k) are random variables that are independent from one

another due to the absence of wealth effects.

The choice of agent i, xit+1(k), depends on the realization of the signal sit. The constant

part of 2.16 is identical across time-periods, thus disappears in the subtraction |xit+2(k)−

xit+1(k)|. The non-constant part is:

Ei
t [dt+1(k)]

αVari
t (dt+1(k) + pt+1(k))

Where the denominator, αVari
t (dt+1(k) + pt+1(k)), is constant over time for all t < T − 1. In

the last period, pT = 0 thus Vari
T−1 (dT(k) + pT(k)) = Vari

T−1 (dT(k)).

The following result characterizing the volume of trade, is proved in Appendix B.1.

Proposition 2.4.2. The expected per-agent volume of trade in asset k, vt(k), decreases with σk and

increases with N. When uncertainty about the dividend is higher, demand is scaled down in absolute

value and so does the volume. When more different signals are available, there is more disparity in

opinion.

2.5 Conclusion

I study an asset-pricing model where agents have mean-variance preferences, the assets are

all in positive supply, the dividend for each asset is normal and IID across time periods,

and agents receive private information about next period’s dividends. I find that assets are

overpriced in DCEE relative to REE. DCEE traders fail to learn hypothetically from prices:

they neglect the correlation between each future price and the following period’s dividend.

They consider different channels to profit from their present choice of quantity: one through

reselling the asset, and the other through a dividend pay in a later period. Thinking that

these are uncorrelated, traders underestimate the variance of future revenues and overvalue

the risky assets. In addition, DCEE generates trade, where in REE there is no trade.

The model shows that in DCEE, risk aversion can lead to excess risk taking. This

outcome is expected more general whenever “good things go together". DCE agents have
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the correct estimation of future expected payoffs based on past information. However, when

they are risk averse, their utility also depends on the variance of expected payoffs. When

this variance depends on the covariance between future sources of income in different time

period, it will be distorted.
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Chapter 3

Sequential Cursed Equilibrium1

3.1 Introduction

Standard game theory posits that players look before they leap. When voting, they condition

on their vote being pivotal. When placing a limit order for an asset, they condition on the

limit price being met. When bidding in an auction, they condition on their bid being the

highest. Generally, if it would be informative to observe an event, then players account for

that information when thinking hypothetically about that event. Savage (1972) writes,

In view of the “look before you leap" principle, acts and decisions, like events,
are timeless. The person decides “now" once for all; there is nothing for him to
wait for, because his one decision provides for all contingencies.

However, Savage concedes that, carried to its logical extreme, “the task implied by making

such a decision is not even remotely resembled by human possibility."

In practice, people often do not look before they leap. Instead, they neglect the implica-

tions of hypothetical events, but make inferences based on observed events—they fail to

condition on the contingency that their vote is pivotal, that their limit order is filled, or that

their bid is the highest, but they respond appropriately if the relevant uncertainty is resolved

(Esponda and Vespa, 2014b; Martínez-Marquina et al., 2019; Moser, 2019; Ngangoué and

1Co-authored with Shengwu Li.
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Weizsäcker, 2021; Niederle and Vespa, 2023b). Similarly, lab experiments find that, under

common values, dynamic auctions lead to less cursed behavior than sealed-bid auctions,

because observing the behavior of other bidders helps subjects to reason about what the

other bidders know (Levin et al., 1996, 2016).

We propose a solution concept with players who look after they leap. That is, they

learn from observing other players’ actions, but overlook this information when thinking

hypothetically.

Our theory builds on cursed equilibrium, a canonical solution concept for Bayesian

normal-form games (Eyster and Rabin, 2005). Under cursed equilibrium, players neglect the

link between what other players know and what other players do. Suppose that we have a

Bayesian game; nature draws a payoff-relevant state, and each player observes a partition of

the state space. Fix a strategy profile. For each type of each player, there is a conditional

joint distribution on opponent actions and the state. Suppose that each player understands

the marginal distribution of opponent actions and the marginal distribution of the state,

conditional on their own type, but responds as if these distributions are independent of each

other. A strategy profile is a cursed equilibrium (CE) if it is a fixed point of the resulting

best-response correspondence.

To fix ideas, consider the following trading game from Eyster and Rabin (2005). Two

players decide simultaneously whether to trade; each can accept or decline. Trade occurs if

and only if both accept. There are three states of the world {ω1, ω2, ω3}, each with prior

probability 1
3 . Table 3.1 specifies the payoffs and each player’s information.

Table 3.1: Payoffs and types for the trading game.

ω1 ω2 ω3

trade 3,−3 1,−1 −3, 3
no trade 0, 0 0, 0 0, 0
player 1 types t1 t′1
player 2 types t2 t′2

This trading game is dominance-solvable. Player 1 wants to trade in states ω1 and
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ω2, but not in ω3. Thus, it is a dominant strategy for type t1 to accept and for type t′1 to

decline. Player 2 only wants to trade in state ω3, so it is a dominant strategy for type t2 to

decline. Now the last step requires type t′2 to look before they leap: Conditional on player

1 accepting, the state is in {ω1, ω2} for sure, so type t′2 should decline. In every Bayesian

Nash equilibrium (BNE) of this game, there is no trade.

By contrast, trade can arise in cursed equilibrium. In one CE, type t1 accepts, type t′1

declines, and type t2 declines, just as before. Suppose player 2’s type is t′2. Conditional on t′2,

player 1 accepts with probability 1
2 and declines with probability 1

2 , and the state is ω2 with

probability 1
2 and ω3 with probability 1

2 . Treating these as independent, player 2’s payoff

from accepting is −1 with probability 1
4 , 3 with probability 1

4 , and 0 with probability 1
2 . Thus,

type t′2 accepts, resulting in trade in state ω2. Moreover, this is the unique CE in undominated

strategies. Lab experiments find high rates of trade in similar dominance-solvable games

(Sonsino et al., 2002; Søvik, 2009; Rogers et al., 2009; Brocas et al., 2014).

However, cursed equilibrium players do not learn from observed events—they do not

even look after they leap. To illustrate, we modify the trading game so that the players

decide in sequence. Player 1 moves first. If player 1 declines, then the game ends, and if

player 1 accepts, then player 2 observes 1’s action and chooses to accept or decline. Figure 3.1

depicts the extensive game.

−3
3

a

0
0

d

a

0
0

d

ω1

[
1
3

]

−1
1

a

0
0

d

a

0
0

d

ω2

[
1
3

]

3
−3

a

0
0

d

a

0
0

d

ω3

[
1
3

]nature

1 1 1

2 2 2

Figure 3.1: The sequential trading game.

Suppose that player 1 plays its dominant strategy, accepting at type t1 = {ω1, ω2} and
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declining at type t2 = {ω3}. Suppose that player 2 has type t′2 = {ω2, ω3} and sees that

player 1 accepts. Observing player 1’s action reduces the uncertainty for player 2. Player

2 can condition on that action, and it is intuitive that this helps them to realize that the

state is not ω3—after all, if the state was ω3, then player 1 would have declined for sure.

Plausibly, therefore, player 2 will infer that the state is ω2, and decline to trade. However,

this is not the cursed equilibrium prediction, because the sequential trading game has the

same Bayesian normal form as the simultaneous game, and hence the same CE with trade

in state ω2.

Eyster and Rabin (2005) argue that the cursed equilibrium prediction is implausible in

such cases, writing:

[. . . ] players are probably more likely to ignore the informational content
of other players’ actions when they have not actually observed these actions
than when they have; observing actions seems likely to induce more strategic
sophistication. Hence, players in certain sequential games may be less cursed
than they would be in corresponding simultaneous-move games.

Another limitation of cursed equilibrium is that players are cursed about types, but not

about endogenous information. Suppose that we modify the simultaneous trading game by

replacing nature with player 0, who plays first with action set A0 = {ω1, ω2, ω3}. Player 0’s

action determines the payoffs from trade. Player 0 has constant payoffs, and is thus willing

to play each action with probability 1
3 . Players 1 and 2 learn about player 0’s action, with the

same partition as in Table 3.1. Intuitively, replacing nature with a fictitious player should

not change behavior—but under cursed equilibrium, it does. In the Bayesian normal form of

the game with the fictitious player, every player’s type set is singleton, so CE coincides with

BNE.2 Thus, in every CE there is no trade. Eyster and Rabin (2005) point out this limitation,

writing:

Treating “exogenous” and “endogenous” private information differently not
only seems to us intuitively and psychologically wrong, but also creates some

2In the Bayesian normal form, player 1 has four actions A1 = {aω1,ω2 , dω1,ω2} × {aω3 , dω3} and similarly
A2 = {aω1 , dω1} × {aω2,ω3 , dω2,ω3}.
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highly artificial differences in predictions based on the way a game is formally
written down.

We adapt cursed equilibrium to extensive games, so that players neglect the implications

of hypothetical events, but make inferences based on observed events. In essence, we modify

cursed equilibrium as follows:

At each type information set, the player understands the marginal distributions
of the other players’ actions and of the state nature moves, conditional on that
type information set, but responds as if the other players’ actions are independent
of their types information sets.

This approach makes no distinction between exogenous and endogenous information.

What does it mean for actions to be ‘independent of information sets’? Given a game

tree, only some partitions of non-terminal histories can be information sets for an extensive

game of perfect recall. There exists a coarsest such partition, that we denote F . A set of

histories is a coarse set if it is a cell of F . For instance, in Figure 3.1, the union of player

1’s information sets is a coarse set and the union of player 2’s information sets is a coarse

set. (Coarse sets containing histories assigned to nature are singleton.) By construction, all

histories in a coarse set have the same player and the same available actions. A strategy is

coarse if it plays the same way at all histories in the same coarse set. We require that each

player responds as if their opponents are playing coarse strategies.

What does it mean to ‘condition on’ an information set? Fix some strategy profile

σN , where N denotes the set of players. At information set I, the active player forms a

conjecture about another player’s (or nature’s) behavior at coarse set F ∈ F . We require

that the conjecture at I about F matches the empirical frequency of actions at F under σN ,

conditional on the event that I is reached and F is reached. We call the tuple consisting

of a strategy and a full system of conjectures an assessment, and say that an assessment

is cursed-plausible if this requirement holds ‘whenever possible’, that is, whenever the

relevant event has positive probability.

Cursed equilibrium takes the marginal distribution over the state and over opponent

actions, conditional on the type. By contrast, cursed plausibility updates these marginal
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distributions to match the empirical frequencies at each information set. Thus, when one

player observes another player’s actions, they infer the information signalled by those

actions.

To illustrate, suppose that player 1 accepts at type t1 = {ω1, ω2} and declines at type

t′1 = {ω3}. In the simultaneous trading game (Table 3.1), the cursed-plausible conjecture at

the information set corresponding to type t′2 = {ω2, ω3} is that nature plays
(
ω2

1
2 , ω3

1
2

)
and that player 1 plays the coarse strategy

(
a 1

2 , d 1
2

)
. By contrast, in the sequential trading

game (Figure 3.1), the cursed-plausible conjecture at the information set {ω2a, ω3a} is that

nature plays ω2 for sure and that player 1 plays a for sure. In this way, cursed plausibility

implies that players neglect information from unobserved (or future) events, but make

rational inferences from observed events.

However, cursed-plausibility sometimes does not pin down all the conjectures. Returning

to Figure 3.1, suppose instead that player 1 plays d at information set I = {ω1, ω2} and

player 2 plays d at {ω1a} and a at {ω2a, ω3a}. Then the event that I is reached and player

2’s coarse set F = {ω1a, ω2a, ω3a} is reached has zero probability. Thus, cursed-plausibility

does not restrict what player 1 believes at I about the probability that 2 plays a at F. The

problem is that player 1’s conjecture about player 2’s behavior should be tied to actual

behavior.

We can use trembles to pin down conditional probabilities, as in sequential equilibrium

(Kreps and Wilson, 1982). Specifically, an assessment is cursed-consistent with strategy

profile σN if it is the limit of the cursed-plausible assessments induced by a sequence of

fully mixed strategy profiles (σk
N)

∞
k=1 that converges to σN . Cursed-consistency implies

cursed-plausibility.3

An assessment is locally rational if for each player n and each information set I at which

n is called to play, the player’s strategy and self-conjecture coincide on I, and the player’s

self-conjecture reflects a utility-maximizing plan of action against the conjectures about

3In the preceding example, at information set I = {ω1, ω2}, player 1’s unique cursed-consistent conjecture
specifies that 2 plays a with probability 1

2 at coarse set F = {ω1a, ω2a, ω3a}.
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others.

A sequential cursed equilibrium (SCE) is an assessment that is locally rational and

cursed-consistent.

For the sake of comparison, let us define independently cursed equilibrium (ICE) to be

as in CE, but with players responding as if the opponents’ actions are independent of each

other.4 ICE and SCE are equivalent on simultaneous Bayesian games. As a corollary, CE and

SCE are equivalent on two-player simultaneous Bayesian games. Thus, the simultaneous

trading game has a unique SCE in undominated strategies, with trade in state ω2.

SCE players neglect the implications of hypothetical events, but make inferences from

observed events. For instance, SCE predicts no trade in the sequential trading game (Fig-

ure 3.1). If player 1 accepts at {ω1, ω2} and declines at {ω3}, then at player 2’s information

set {ω2a, ω3a}, any conjecture that is part of a cursed-consistent assessment specifies that

nature has played ω2 for sure. Thus, upon observing that player 1 accepts, player 2 declines

to trade.

By construction, SCE treats exogenous and endogenous information the same way;

strategies are coarse over information sets, not just over types. For instance, the SCE

prediction for the trading game is unchanged when nature is replaced by a fictitious player

playing according to the same distribution.5 SCE permits cursedness about new kinds of

information, such as information that one player has about other players, and information

about the state that players chose to acquire.6

We compare the predictions of BNE, CE, and SCE in Table 3.2, rows 1 to 3.

SCE incorporates ideas from analogy-based expectation equilibrium (ABEE) (Jehiel,

2005). ABEE posits that players bundle histories into analogy classes, and best-respond to

the weighted average of behavior in each analogy class. In principle, the novel partition F

4Recall that CE takes the marginal over opponent action profiles, so players understand the correlations
between different opponents’ actions.

5The simultaneous trading game with a fictitious player has a SCE in which the player 0 plays each action
with probability 1/3, and players 1 and 2 trade as before.

6For instance, SCE allows for cursedness in auctions with costly entry. In such models, bidders choose
whether to enter, and the bidders who enter get estimates of the object’s value (Levin and Smith, 1994).
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Table 3.2: Predictions for the trading games. ✓ indicates that
there exists an equilibrium with a positive probability of trade.
♢ indicates that the solution concept is not defined for that
game.

Simultaneous Sequential Fictitious player
Bayesian Nash equilibrium
Cursed equilibrium ✓ ✓
Sequential cursed equilibrium ✓ ✓
ABEE with analogy partition F ✓ ✓ ✓
χ-CSE with χ ≥ 1/2 ✓ ✓ ♢
χ-CSE with χ < 1/2 ♢

could define analogy classes for ABEE.7 However, under ABEE, the weighted average is

proportional to the ex ante probability, under the true strategy profile, that each history in

the analogy class is reached. By contrast, SCE posits that players best-respond to the interim

distribution of behavior conditional on each information set. Thus, when SCE players receive

new information about play, they change their beliefs to reflect the conditional averages.

This feature is crucial for distinguishing hypothetical and observed events. For instance,

ABEE predicts trade in all three versions of the trading game, as Table 3.2 reports.

In contemporaneous work, Fong et al. (2023a) proposed a different generalization of

cursed equilibrium to dynamic games. Their solution concept, χ-cursed sequential equilib-

rium (χ-CSE), is defined for multi-stage games with observed actions.8 χ-CSE starts from

the following premise: Cursed players in a Bayesian game neglect how other players’ actions

depend on other players’ types. We can generalize this to dynamic games by having cursed

players be slow to update about opponent types, after observing the public history.

Formally, under χ-CSE, players respond as though the other players’ actions are inde-

pendent of the other players’ types with probability χ ∈ [0, 1], independently across stages.

Thus, players treat the public history as less informative than it truly is.

7Jehiel (2005), Jehiel and Koessler (2008), and Jehiel (2022) suggest various ways to pin down the analogy
classes for ABEE, none of which correspond to the partition F proposed here.

8This class rules out the trading game with the fictitious player, as well as auctions with entry.
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χ-CSE posits that players learn fully from exogenous information (their own type), but

under-infer from endogenous information (the public history). By contrast, SCE posits that

players learn from exogenous and endogenous information in the same way.

In some games, χ-CSE and SCE make starkly different predictions. Under χ-CSE, players

do not learn differently from hypothetical versus observed events. For example, χ-CSE

predicts that the simultaneous and sequential trading games result in the same behavior,

as Table 3.2 reports. χ-CSE is not a refinement of SCE, nor vice versa. For instance, χ-CSE

diverges from SCE on the games studied in Section 3.3.1 and Section 3.3.2.9 It predicts

that the experimental manipulations do not affect behavior. We contrast SCE and χ-CSE in

Section C.2.10

Layout.

We formally define sequential cursed equilibrium and state an existence result (Section 3.2.1).

We show that SCE reduces to ICE in simultaneous Bayesian games (Section 3.2.2). We

generalize SCE to allow partial cursedness (Section 3.2.3). We then study three experiments

about hypothetical thinking that falsify both BNE and CE, and find that the treatment

effects are consistent with SCE (Section 3.3). We adapt the main ideas to dynamic auctions

(Section 3.4). We discuss limitations in Section 3.5. Proofs omitted from the main text are in

C.1.

3.2 Definitions and general results

3.2.1 Definition and existence of sequential cursed equilibrium

We use the standard formulation for extensive games (Mas-Colell et al., 1995a, p. 226-227).

Throughout, we restrict attention to games of perfect recall. The set of players is denoted

N and the set of histories is denoted H, a tree ordered by binary precedence relation ≺.

We write h ⪯ h′ if h ≺ h′ or h and h′ are identical. The collection of information sets is

9χ-CSE is not defined for the game in Section 3.3.3.

10Fong et al. (2023b) also compare χ-CSE and SCE in detail.
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denoted I ; these are a partition of the non-terminal histories. In denotes the collection of

information sets assigned to player n. We represent objective uncertainty using a nature

player λ. As is standard, we require that nature’s information sets, I ∈ Iλ, are singleton.

Table 3.3 introduces and summarizes notation.

Table 3.3: Notation for extensive games.

Name Notation Representative Element
Set of players (excluding nature) N n
Nature λ
Set of histories H h
Order on histories ≺
Set of terminal histories Z z
Collection of information sets I I
Active player function P : I → N ∪ {λ}
Information sets assigned to player n In I
Histories assigned to player n Hn h
Set of actions A a
Actions available at I A(I) a

A strategy σn is a function from the collection of information sets In to distributions over

actions, satisfying σn(I) ∈ ∆(A(I)). We use σn(a, I) to denote the probability that action a is

played at I under σn. Nature, denoted λ, plays according to some fixed fully mixed strategy

σλ. A strategy profile for N ∪ {λ} (the set of players and nature) is denoted σ, a strategy

profile for the set of players is denoted σN , and a strategy profile for (N \ {n}) ∪ {λ} is

denoted σ−n. The expected utility to player n from strategy profile σ is denoted un(σ). The

expected utility to player n when we start play at history h and play continues according to

σ is denoted un(h, σ).

We extend the relation ≺ to arbitrary sets Q, Q′ ⊆ H, writing Q ≺ Q′ if there exists

h ∈ Q and h′ ∈ Q′ such that h ≺ h′. Similarly, we extend the relation ⪯; writing Q ⪯ Q′ if

there exists h ∈ Q and h′ ∈ Q′ such that h ⪯ h′.

We say that information sets I and I′ are compatible if I ⪯ I′ or I′ ⪯ I. Figure 3.2a

depicts a game that we use as a running example. Player 1’s information set and player
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2’s leftmost information set are not compatible. We use σI
n to denote a partial strategy for

player n at I; this is a strategy with its domain restricted to information sets compatible

with I, and is defined for any player n (not only the active player at I).
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(a) Extensive game, with strategy profile in
blue.
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(b) Cursed-plausible conjecture at player 1’s
information set.

Figure 3.2: A running example.

An extensive game is well-behaved if for all h ∈ H, the set {h′ ∈ H : h′ ≺ h} is finite. A

partition of the non-terminal histories H \ Z is valid if it defines information sets for some

extensive game of perfect recall. If histories h and h′ are in the same cell of a valid partition,

then they have the same active player and the same available actions.

Theorem 3.2.1. For any well-behaved extensive game, there exists a valid partition F of H \ Z that

is coarser11 than any other valid partition.

The coarsest valid partition allows us to formalize the idea that each player acts indepen-

dently of their own private information.12 This is analogous to how, in cursed equilibrium,

each player neglects how their opponent’s behavior depends on their opponent’s type.

A set of histories is a coarse set if it is a cell of F , as defined implicitly in Theorem 3.2.1.

We use F(I) to denote F ∈ F such that F ⊇ I. We assume that coarse sets involving nature

11Partition J is coarser than partition J ′ if for all J′ ∈ J ′, there exists J ∈ J such that J′ ⊆ J.

12We prove Theorem 3.2.1 by construction in Section C.1.1. In contemporaneous work, Nagel and Saitto
(2024) provide an elegant proof by Zorn’s lemma.
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are singleton, i.e. for all I ∈ Iλ, we have |F(I)| = 1. For instance, the extensive game in

Figure 3.2a has three coarse sets, one containing the root, another containing player 1’s

information set, and another containing all of player 2’s information sets.

A strategy σn is coarse if it is measurable with respect to F , that is, if for any I and I′

that are subsets of the same coarse set, σn(I) = σn(I′). Coarse strategies formalize what it

means to neglect the dependence of a player’s action on that player’s information.

For the rest of this section, we restrict attention to finite games. Each strategy profile σ

induces a probability measure µ[σ] on the set of terminal histories Z. Given some Q ⊆ Z,

we use µ[σ](Q) to denote the probability of Q. We extend the µ notation to sets Q ⊆ H

that might contain non-terminal histories, by regarding each set Q as equivalent to the

set of terminal histories that succeed it, {z ∈ Z : Q ⪯ {z}}. For instance, µ[σ](Q ∩ Q′) =

µ[σ]({z ∈ Z : Q ⪯ {z}} ∩ {z ∈ Z : Q′ ⪯ {z}}). Given sets Q, Q′ ⊆ H, we use µ[σ](Q | Q′)

to denote the relevant conditional probability. We abuse notation, using µ[σI ](Q) to denote

the probability of event Q under partial strategy profile σI , taking care to do this only when

the relevant probability is pinned down by σI .13

A conjecture14 for information set I is a profile of partial strategies σI ≡ (σI
n)n∈N∪{λ}

such that µ[σI ](I) > 0. A system of conjectures (σI)I∈IN specifies one conjecture at each

information set. An assessment is a tuple (σN , (σI)I∈IN ) consisting of a strategy profile σN

and a system of conjectures (σI)I∈IN .

Given information set I and history h ∈ I, the conjecture σI suffices to pin down each

player’s continuation utility, which we denote un(h, σI). Given an information set I and

conjecture σI , we define ρ(σI , I) ∈ ∆(I) as the distribution over I implied by Bayes’ rule;

that is, for each history h ∈ I, we have ρ(h, σI , I) = µ[σI ]({h} | I).

An assessment (σN , (σI)I∈IN ) is locally rational if for every player n ∈ N and every

13That is, only when µ[σ](Q) = µ[σ′](Q) for any σ and σ′ that extend σI .

14In calling these ‘conjectures’, we are not claiming that each player explicitly believes that other players’
actions are independent of their information. People are likely, if asked directly, to realize that actions are linked
to information. Our theory asserts that people neglect this link in complex strategic situations, and instead
adopt the heuristic of treating actions and information as independent.
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information set I ∈ In, player n’s strategy σn and their self-conjecture σI
n yield the same

action distribution at I, that is σn(I) = σI
n(I), and furthermore σI

n maximizes n’s expected

utility when play is initialized by ρ(σI , I) and proceeds according to σI
−n, that is

σI
n ∈ argmax

σ̂I
n

{
∑
h∈I

ρ(h, σI , I)un(h, σ̂I
n, σI

−n)

}
. (3.1)

This definition of local rationality allows that player n incorrectly foresees its own future

actions—we have not imposed the requirement that the self-conjecture σI
n agrees with σn

at later information sets.15 One motivation for the present study is that people reason

differently about hypothetical and observed events; thus, the definition allows that players

may make plans and then change them.

We now specify how player n’s conjectures depend on the strategies of other players

and of nature. Consider the game and strategy profile in Figure 3.2a. Conditional on

nature’s coarse set and player 1’s information set both being reached, nature plays ω2 with

probability 1
3 and ω3 with probability 2

3 . Conditional on player 1’s information set and

player 2’s coarse set both being reached, 2 plays l with probability 1
3 and r with probability

2
3 . In essence, we will require that at player 1’s information set, player 1 understands

these probabilities, but neglects how player 2’s actions depend on what player 2 knows,

as captured by the conjecture in Figure 3.2b. We generalize this idea with the following

definition. Let (h, a) denote the immediate successor of history h at which action a was just

played.

Definition 3.2.2. For player n ∈ N and information set I ∈ In, the conjecture σI is cursed-

plausible with strategy profile σN if

1. For all I′ ∈ In that precede I, the distribution σI
n(I′) places probability 1 on the action16 that

does not rule out reaching I.

2. For every player m ̸= n, every information set I′ ∈ Im, and every action a ∈ A(I′), for

15It does not matter whether σI
n and σn agree at information sets that precede I, because we have restricted

attention to games of perfect recall and initialized play at information set I.

16Since I′ ≺ I, this action exists. Since we have assumed perfect recall, this action is unique.
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σ ≡ (σN , σλ), we have

σI
m(a, I′) = µ[σ]({(h, a) : h ∈ F(I′)} | I ∩ F(I′)) (3.2)

if µ[σ](I ∩ F(I′)) > 0.

3. For all m ̸= n, the partial strategy σI
m is coarse.

We say that an assessment is cursed-plausible if the above requirements hold for every player n ∈ N

and every information set I ∈ In.

Clause 2 of Definition 3.2.2 applies only when µ[σ](I ∩ F(I′)) > 0, so it does not imply

Clause 3. If the strategy profile σN is fully mixed, then Clause 2 implies Clause 3.

Equation (3.2) assesses the probability that action a is played conditional on the event

I ∩ F(I′), that is, the event that I is reached and F(I′) is reached.17 By contrast, the Bayesian

posterior probability that a is played at I′ conditions on the event I ∩ I′, resulting in the

expression µ[σ]({(h, a) : h ∈ I′} | I ∩ I′). For example, in Figure 3.2a, if we let I = {ω2, ω3}

and I′ = {ω2y}, then Equation (3.2) conditions on the event {ω2y, ω3y}. Generally, Equation

(3.2) results in a coarse partial strategy for player m, that captures the idea that player n

understands the conditional probability of each player m action, but neglects how m’s

actions depends on m’s information. An important subtlety is that (3.2) also constrains

nature’s partial strategy σλ, to account for the fact that information set I is reached.

Given the strategy profile in Figure 3.2a, we depict a cursed-plausible conjecture at

player 1’s information set in Figure 3.2b. According to this conjecture, player 2 has a coarse

strategy
(
l 1

3 , r 2
3

)
that matches the empirical frequencies of each action. This is distinct from

the unweighted average,
(
l 1

2 , r 1
2

)
, because nature plays ω3 twice as often as ω2.18 It is also

distinct from the ex ante probability of each action
(
l 3

5 , r 2
5

)
, because we are conditioning

17Recall that under the µ notation, we treat each set as equivalent to the terminal histories that succeed it.
Hence, while I and F(I′) are disjoint sets, the event I ∩ F(I′) denotes the set of terminal histories that succeed
both I and F(I′), that is {z ∈ Z : I ⪯ {z}} ∩ {z ∈ Z : F(I′) ⪯ {z}}. This set is non-empty if I′ is compatible
with I.

18Using the unweighted average would result in a solution concept that varies if we split states into several
identical states, dividing the probabilities between them.
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on player 1’s information set.19

Cursed-plausibility implies that players learn from observed actions. For instance,

consider the sequential trading game in Figure 3.1, and let σ be a strategy profile such that

player 1 accepts at information set {ω1, ω2} and declines at information set {ω3}. Let Iλ

denote nature’s information set and let I2 = {ω2a, ω3a} denote player 2’s right information

set. By cursed-plausibility, at I2 player 2 conjectures that nature has played ω2 for sure, since

µ[σ]({(h, ω2) : h ∈ F(Iλ)} | I2 ∩ F(Iλ)) = 1. (3.3)

Cursed-plausibility assumes that players have, at each information set, correct beliefs

about the distribution of other players’ actions, but neglect how each player’s actions depend

on what other players (or nature) have done. One learning story might justify this unusual

assumption, that we sketch informally: Suppose that many generations of players play a

game. At each information set I, the active player consults statistics about past behavior,

restricting attention to plays that passed through I. But rather than responding to the joint

distribution of other players’ actions, which might be high-dimensional20, he adopts the

heuristic of treating behavior at each coarse set as independent of behavior at other coarse

sets. Crucially, the player crosses each bridge as he comes to it; he consults only the statistics

for the current information set.21

An assessment (σN , (σI)I∈IN ) is a weak perfect cursed equilibrium (WPCE) if it is

locally rational and cursed-plausible.

For example, there exists a WPCE of Figure 3.2a with the strategy profile in blue. At

player 1’s information set, playing y is a local best-response to the conjecture in Figure 3.2b;

since player 1 believes that 2 plays r with probability 2
3 independently of 2’s information,

19If we applied ABEE (Jehiel, 2005) to Figure 3.2a using the coarse sets as analogy classes, player 1 would

best-respond to the ex ante probability
(

l 3
5 , r 2

5

)
.

20Consider a player keeping track of the play of j other players; each has one coarse set with k actions.
The joint distribution of the other players’ actions can occupy an array as large as kj, whereas the marginal
distributions require an array of size no more than than kj.

21As Savage (1972) observes, in complex decision problems, “there are innumerable bridges one cannot
afford to cross, unless he happens to come to them."
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the perceived payoff from y is 1
3 ·

2
3 · 6, which strictly exceeds the payoff of 1 from x. The

cursed-plausible conjectures for player 2’s information sets are trivial, and 2’s strategy is a

local best-response to any conjecture.

WPCE extends to games with infinite action sets; the details are in Section C.3.

Cursed-plausibility does not restrict conjectures conditional on zero-probability events.

Returning to the running example, consider the strategy profile in Figure 3.3a; because

player 1 plays x for sure, Clause 2 of Definition 3.2.2 does not pin down what player 1

believes about player 2. Consequently, the conjecture depicted in Figure 3.3b is cursed-

plausible. Facing that conjecture, it is locally rational for player 1 to play x, so Figure 3.3,

together with the trivial conjectures for player 2, constitutes a WPCE.
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(a) Extensive game, with strategy profile in
blue.
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(b) Cursed-plausible conjecture at player 1’s
information set.

Figure 3.3: Another WPCE of the running example.

The conjecture in Figure 3.3b seems farfetched, because player 1’s conjecture about

player 2 is not anchored by player 2’s actual behavior. The problem is not just that cursed-

plausibility does not discipline off-path beliefs; rather, it is that cursed-plausibility does not

discipline on-path forecasts about off-path actions.22

22Weak perfect Bayesian equilibrium implicitly assumes that player 1 correctly forecasts player 2’s off-path
actions. But at the strategy profile in Figure 3.3a the correct forecast is not a coarse strategy. Our problem,
therefore, is to construct a conjecture about player 2’s behavior that is coarse but not arbitrary.
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For some applications, such as those studied in Section 3.3, these subtleties about beliefs

do not matter for behavior, and WPCE is enough for practical purposes.

To deal with harder cases, we propose a requirement that strengthens cursed-plausibility

to restrict conjectures involving zero-probability events. The idea is to use trembles to specify

conditional probabilities, as in Kreps and Wilson (1982). Observe that if the strategy profile

σN is fully mixed, then for any player n and any compatible information sets I, I′ ∈ In, we

have µ[(σN , σλ)](I ∩ F(I′)) > 0, so cursed-plausibility pins down player n’s conjecture about

other players and nature by Equation (3.2).

An asssessment (σN , (σI)I∈IN ) is cursed-consistent if there exists a sequence of cursed-

plausible assessments
(

σk
N , (σI,k)I∈IN

)
k∈N

converging to (σN , (σI)I∈IN ) such that for all k,

the strategy profile σk
N is fully mixed. For example, given the strategy profile in Figure 3.2a,

cursed-consistency allows the conjecture in Figure 3.2b. But given the strategy profile in

Figure 3.3a, cursed-consistency rules out the conjecture in Figure 3.3b.

Theorem 3.2.3. For any finite game, every cursed-consistent assessment is cursed-plausible.

An assessment (σN , (σI)I∈IN ) is a sequential cursed equilibrium (SCE) if it is locally

rational and cursed-consistent.

Every SCE is a WPCE, by Theorem 3.2.3. But not every WPCE is a SCE; for instance, the

WPCE in Figure 3.3 is not a SCE. The running example has a unique SCE, as in Figure 3.2.

Next we state an existence theorem.

Theorem 3.2.4. For any finite game, there exists a sequential cursed equilibrium.

We sketch the proof, deferring details to the appendix. Consider the perturbed game

that constrains each action to be played with at least probability ε, for parameter ε >

0. By Kakutani’s theorem, each ε-perturbed game has a cursed-plausible assessment

that is constrained locally rational. We then take ε to 0; by compactness we pass to a

convergent subsequence, with limit assessment (σN , (σI)I∈IN ). We prove that the resulting

limit has a well-defined system of conjectures, that is µ[σI ](I) > 0 for all I ∈ IN . The limit

assessment (σN , (σI)I∈IN ) is cursed-consistent by construction, and is locally rational by

upper hemicontinuity of the best-response correspondence.
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Corollary 3.2.5. For any finite game, there exists a weak perfect cursed equilibrium.

Next we state that SCE has the same continuity properties as sequential equilibrium.23

Proposition 3.2.6. Fixing an extensive form, the correspondence from pairs ((un)n∈N , σλ) of utilities

and fully mixed nature strategies to the set of SCE for the game so defined is upper hemicontinuous.

We omit the proof of Proposition 3.2.6 because it follows from the usual arguments.

Example 3.2.7. SCE allows cursedness about endogenous information. The game in Fig-

ure 3.4 has a unique sequential equilibrium, in which 1 plays L, 2 plays l after L and r

after R, and 3 plays a. Let us denote the information sets I1, IL
2 , IR

2 , and I3 respectively.

Observe that the coarse sets are F =
{

I1, IL
2 ∪ IR

2 , I3
}

. We construct a SCE in which player 1

mixes. Let p be the probability that 1 plays L. By local rationality, in every SCE player 2

plays l after L and r after R. Thus, player 3 conjectures that 1 plays L with probability p

and that 2 adopts a coarse strategy that plays l with probability p. Here, mixing by player

1 causes player 3 to make a mistake; from 3’s perspective, player 1 plays L and R both

with positive probability, and player 2 plays l and r both with positive probability. Player 3

neglects the correlation between the actions of 1 and 2. In our notation, the conjecture σI3

specifies σI3
1 (L, I1) = p and σI3

2 (l, IL
2 ) = σI3

2 (l, IR
2 ) = p. There exists a SCE such that p solves

2p(1 − p)3 = 1 and player 3 plays a with probability 1
2 .
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Figure 3.4

23See Proposition 2 of Kreps and Wilson (1982).
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Example 3.2.8. SCE players can be mistaken about their own future actions, and these

mistakes can be costly. For instance, Figure 3.5 depicts a game in which Groucho can join a

club. If Groucho and the club both accept, then Groucho can confirm membership or resign

at a cost. There are five information sets, and four coarse sets: the singleton set with the

root and the sets {ω1, ω2}, {ω1a, ω2a}, and {ω1aa, ω2aa}.

0, 0

d

0, 0

d

−1, 1

resign

−2, 2

confirm

a

a
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1
3

]

0, 0
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2,−2

confirm

a

a

ω2

[
2
3

]nature

club club

Groucho

Groucho

Figure 3.5: Payoffs are written “x, y", where x is Groucho’s payoff and y is the club’s
payoff.

Example 3.2.8 has a unique SCE. Local rationality implies that the club accepts at history

ω1a and declines at ω2a. Given this behavior, at Groucho’s first information set any cursed-

consistent24 conjecture specifies that nature plays
(
ω1

1
3 , ω2

2
3

)
, and that the club plays a

coarse strategy that accepts with probability 1
3 . It is locally rational for Groucho to accept,

planning to play confirm, which results in the expected payoff 1
9 · (−2) + 2

9 · 2. However, at

Groucho’s later information set, the cursed-consistent conjecture specifies that nature plays

ω1 and that the club plays a, so it is locally rational to resign.25 Groucho Marx reportedly

wrote, “Please accept my resignation. I don’t want to belong to any club that would accept

me as a member."

24This argument relies on cursed-consistency; cursed-plausibility does not suffice to pin down Groucho’s
conjecture about the club if Groucho plays d. There exists a WPCE in which Groucho plays d, conjecturing that
the club will always play d.

25At the later information set, Equation (3.2) conditions on the event {ω1aa, ω2aa}. By contrast, ABEE with
analogy partition F would require Groucho to respond, at both information sets, as if the club was playing
the coarse strategy that accepts with probability 1

3 . Thus the unique SCE strategy profile cannot be supported
under ABEE, demonstrating that SCE is not a refinement of ABEE or vice versa.
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In practice, observing events might help players reason hypothetically about similar

events. Suppose that we extend Figure 3.5 so that after resigning, Groucho has the opportu-

nity to join a second club, whose value is drawn independently of the first club. Plausibly,

Groucho will realize ex post that he made a mistake when reasoning hypothetically about

the first club, and thus decline to join the second club. SCE does not capture this kind of

learning. How much players learn, and what counts as a similar event, is an empirical

question.26

One might conjecture that SCE coincides with sequential equilibrium if every coarse set

contains exactly one information set, that is, if F = I . This conjecture is false; Section C.4

states a counterexample. In essence, even if F = I , it is still possible that the cursed-

plausible conjectures neglect to condition on strategically-relevant hypothetical events.

3.2.2 Simultaneous Bayesian games

We shed light on the relationship between SCE and cursed equilibrium, by considering a

special class of games. In a simultaneous Bayesian game, nature moves just once, at the

initial history, selecting a state ω ∈ Ω. Then each player n ∈ N observes its type, which is a

cell of some partition Tn of Ω. Then all players move once and at the same time. Formally,

we require that for any player n ∈ N and any histories h, h′ ∈ Hn, h and h′ are in the same

information set if and only if there exists type Tn ∈ Tn and ω, ω′ ∈ Tn such that ω ⪯ h and

ω′ ⪯ h′.

We additionally assume that player n’s available actions An are the same at all in-

formation sets in In, so that F(I) = ∪In for all I ∈ In. Abusing notation, we write a

strategy as a function of types rather than a function of information sets, so a strategy for

player n is a function σn : An × Tn → [0, 1], satisfying ∑an∈An
σn(an, Tn) = 1. We define

σn(an, ω) ≡ {σn(an, Tn) : ω ∈ Tn}. The probability that nature plays state ω is denoted

26In their experiment, Esponda and Vespa (2014b) find that providing 40 rounds of detailed feedback
increases the share of strategic voters to 50%, compared to 22% in a no-feedback treatment. They also run a
no-feedback sequential treatment that does not require hypothetical thinking, which results in 76% of subjects
voting strategically. However, when subjects with 90 rounds of experience with sequential voting are then asked
to vote simultaneously, the proportion of strategic play falls by about 54 percentage points.
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σλ(ω).

We now define cursed equilibrium for simultaneous Bayesian games. Let β(a−n | σ−n, Tn)

be the probability that opponent action profile a−n is played, under strategy profile σ−n,

when player n’s type is Tn. That is,

β(a−n | σ−n, Tn) ≡
∑ω∈Tn

σλ(ω)∏m∈N\{n} σm(am, ω)

∑ω∈Tn
σλ(ω)

. (3.4)

A strategy profile σN is a cursed equilibrium (CE) if for each player n and type Tn, we have

σn(Tn) ∈ argmax
dn∈∆(An)

{
∑

ω∈Tn

σλ(ω) ∑
a−n

β(a−n | σ−n, Tn)un(dn, a−n, ω)

}
. (3.5)

Under CE, each player responds as if the opponent action profiles are independent of the

state, since the function β in expression (3.5) does not depend on ω. However, each player

may believe that their opponents’ actions are correlated with each other. This is because

expression (3.4) captures the distribution over opponent action profiles conditional on Tn.

Consider a variation of cursed equilibrium, such that each player believes that their

opponents choose independently of each other. Let γm(am | σm, Tn) be the probability that

opponent m plays action am, under strategy σm, when player n’s type is Tn, that is

γm(am | σm, Tn) ≡
∑ω∈Tn

σλ(ω)σm(am, ω)

∑ω∈Tn
σλ(ω)

. (3.6)

A strategy profile σN is an independently cursed equilibrium (ICE) if for each player n

and type Tn, we have

σn(Tn) ∈ argmax
dn∈∆(An)

{
∑

ω∈Tn

σλ(ω) ∑
a−n

∏
m∈N\{n}

γm(am | σm, Tn)un(dn, a−n, ω)

}
. (3.7)

We contrast CE and ICE. CE posits that player n understands the distribution over

opponent action profiles conditional on type Tn, but responds as though those action profiles

are independent of the state. ICE posits that player n understands the distribution over

each opponent’s actions conditional on type Tn, but responds as though those actions are

independent of the state and of each other. CE and ICE are equivalent for two-player games.

Next we state that for simultaneous Bayesian games, ICE, WPCE, and SCE all predict
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the same behavior.

Theorem 3.2.9. For any finite simultaneous Bayesian game, these statements are equivalent:

1. Strategy profile σN is an ICE.

2. There exists a system of conjectures (σI)I∈IN such that (σN , (σI)I∈IN ) is a WPCE.

3. There exists a system of conjectures (σI)I∈IN such that (σN , (σI)I∈IN ) is a SCE.

Corollary 3.2.10. For any two-player finite simultaneous Bayesian game, CE, WPCE, and SCE are

equivalent.

Theorem 3.2.9 indicates that CE and SCE substantially agree for simultaneous Bayesian

games. They coincide entirely for games with two players, and for games with three or

more players, they differ only in whether each player understands the correlation between

other players’ actions.

3.2.3 A generalization with partial cursedness

We now generalize SCE to allow that each player partially understands how the other

players’ actions depend on their information, using a parameter χ ∈ [0, 1] to scale how

cursed the players are. This is analogous to χ-cursed equilibrium in Eyster and Rabin (2005).

Formally, a sequential assessment is a tuple (σN , (σk
N)

∞
k=1) consisting of a strategy profile

σN and a sequence of fully mixed strategy profiles (σk
N)

∞
k=1 converging to σN . Recall that

given conjecture σI , the implied distribution over histories in I is denoted ρ(σI , I). We say

that the sequential assessment (σN , (σk
N)

∞
k=1) is a χ-sequential cursed equilibrium (χ-SCE)

if for every player n ∈ N and every information set I ∈ In, there exists a partial strategy σ̃I
n

such that σ̃I
n(I) = σn(I) and σ̃I

n maximizes n’s expected utility when

1. with probability χ, play is initialized by the distribution limk→∞ ρ(σI,k, I) and proceeds

according to limk→∞ σI,k
−n, where σI,k,is some cursed-plausible conjecture, and recaling

that cursed-plausibility fully pins down the conjecture about other players and nature,
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2. and with probability 1 − χ, play is initialized by the distribution limk→∞ ρ((σk
N , σλ), I)

and proceeds according to σ−n = (σN\n, σλ), i.e. the Bayesian conjecture,

and all the above limits exist.

The solution concept χ-SCE provides a way to interpolate between sequential equilibrium

(χ = 0) and sequential cursed equilibrium (χ = 1).

Theorem 3.2.11. For any finite game and any χ ∈ [0, 1], there exists a χ-SCE.

We omit the proof, since it is a straightforward adaptation of the proof of Theorem 3.2.4.

In our view, χ-SCE buys tractability at the price of some psychological realism. Calculat-

ing best-responses under χ-SCE requires us to solve for the Bayesian conjecture, yet players

partially neglect the link between actions and information. Thus, we interpret χ-SCE as

an as-if model; the calculations required to solve the model do not literally describe the

player’s reasoning process.

Another way to model partial cursedness is to posit that with probability χ the player

best-responds to the cursed conjecture, and with probability 1 − χ best-responds to the

Bayesian conjecture. While somewhat less tractable, this can be interpreted as drawing from

a population that has a proportion χ of cursed players and 1 − χ of Bayesian players.

3.3 Evidence from experiments

We provide evidence for SCE and WPCE, drawing on data from laboratory experiments.

In particular, we apply these solution concepts to the pivotal voting game of Esponda and

Vespa (2014b), the learning-from-prices game of Ngangoué and Weizsäcker (2021), and the

common-value auctions of Moser (2019). Each of these experiments uses a manipulation,

such as switching from simultaneous decisions to sequential decisions, that has no effect on

the Bayesian Nash equilibrium (BNE) prediction and the CE prediction. Contrary to those

predictions, the manipulations substantially change subject behavior.

We find that SCE and WPCE make predictions that broadly accord with the data. These

solution concepts correctly predict some errors in contingent reasoning; namely, that people
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make better inferences from observed events than from hypothetical events.

Many lab experiments investigate strategic behavior by having a human subject interact

with computer players. In such experiments, the instructions typically describe the computer

player’s information and actions separately, followed by the computer player’s strategy. We

extend our solution concepts to computer players in the natural way.27

3.3.1 Pivotal voting

Esponda and Vespa (2014b) conduct a voting experiment to study hypothetical thinking. In

their experiment, optimal play requires the subject to condition on their vote being pivotal.

They find that most subjects fail to play optimally when they vote simultaneously, but play

optimally when they vote after the other players.

The experiment proceeds as follows. A ball is selected at random from a jar with 10 balls.

The proportion of red balls is p, and the proportion of blue balls is 1 − p, for parameter

p ∈ {.1, .2, . . . , .9}. Three players vote, choosing either red or blue. If a majority vote for the

correct color, the subject gets a payoff of $2. Otherwise, the subject’s payoff is $0.

The three players consist of the lab subject and two computers. Both computers observe

the color of the ball, and follow the same strategy: if the ball is red, vote red; if the

ball is blue, vote blue with probability q and red with probability 1 − q, for parameter

q ∈ {0.1, 0.25, 0.5, 0.75, 0.9}. The participant does not observe the color of the ball, but knows

the computer strategies and the parameters p and q.

The participant’s vote only matters when it is pivotal—that is, when one computer votes

red and the other votes blue. Conditional on that event, the ball is blue for sure, so the

payoff-maximizing strategy is to vote blue regardless of the parameters p and q.

The experiment has two main treatments. In the simultaneous treatment, all three players

vote simultaneously. In the sequential treatment, the subject observes the computers’ votes

27Let R ⊆ N be the set of computer players, with common-knowledge strategy profile σ∗
R = (σ∗

n )n∈R. An
assessment (σN , (σI)I∈IN ) is a SCE if it is cursed-consistent, and is locally rational for the human players: for
every human player n ∈ N \ R and every information set I ∈ In, player n’s strategy σn and their self-conjecture
σI

n yield the same action distribution at I, and σI
n maximizes n’s expected utility when the play is initialized by

ρ(σI
n, I) and proceeds according to σI

−n. The computers play as prescribed σR = σ∗
R. WPCE extends similarly.
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before choosing their own vote. Each treatment proceeds for 45 rounds without feedback,

with varying parameters p and q.

Esponda and Vespa (2014b) label a subject ‘strategic’ if they always vote blue in the

simultaneous treatment, and vote blue whenever they are pivotal in the sequential treatment.

They find that 22 percent of subjects are strategic in the simultaneous treatment, compared

to 76 percent of subjects in the sequential treatment.

We say that an equilibrium has strategic voting if the subject votes blue in the simulta-

neous treatment, and votes blue whenever they are pivotal in the sequential treatment. We

say that an equilibrium has naïve voting if the subject votes red if p > .5 and blue if p < .5

in the simultaneous treatment, and behaves in that way whenever they are pivotal in the

sequential treatment.

Neither BNE nor CE explains the difference between the simultaneous treatment and

sequential treatment. BNE predicts strategic voting in both treatments. In CE, the subject

responds as though the computers’ votes are independent of their private information, so

CE predicts naïve voting in both treatments.28

For the treatments in this experiment, SCE and WPCE make the same predictions.

WPCE predicts naïve voting in the simultaneous treatment. This treatment is a simulta-

neous Bayesian game, so by Theorem 3.2.9 WPCE coincides with ICE.

WPCE predicts strategic voting in the sequential treatment. Consider the extensive game;

at the initial history, nature plays ωred with probability p and ωblue with probability 1 − p.

Suppose that one computer votes red, and the other computer votes blue, and consider the

corresponding information set of the subject. This information set is reached with positive

probability, so the cursed-plausible conjecture is pinned down by the strategy profile and

Bayes’ rule. Conditional on that information set, nature has played ωblue for sure. In the

resulting conjecture, nature plays ωblue for sure, one computer adopts the coarse strategy

28Eyster and Rabin (2005) define χ-cursed equilibria, for parameter χ ∈ [0, 1] that interpolates between BNE
and CE. For any parameters p and q, there is a unique threshold such that for all χ strictly above that threshold,
χ-CE predicts naïve voting in both treatments, and for χ strictly below that threshold, χ-CE predicts strategic
voting in both treatments.
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that plays blue for sure, and the other computer adopts the coarse strategy that plays red

for sure. (Of course, the computers are not actually playing coarse strategies; but cursed-

plausibility leads the subject to effectively infer the information content of being pivotal.)

Local rationality implies that the subject votes blue, resulting in strategic voting.

3.3.2 Learning from prices

Ngangoué and Weizsäcker (2021) conduct an experiment to study how traders learn from

prices about a common-value risky asset. They compare a simultaneous treatment, in which

the trader submits a limit order, to a sequential treatment, in which the trader observes

the price before deciding whether to trade. Both treatments are equivalent in theory, but

Ngangoué and Weizsäcker (2021) find that subjects make better inferences when observing

a realized price than when thinking about a hypothetical price.

The experiment studies a game with two players, trader 1 and trader 2. They can each

buy or sell one unit of a common-value asset; its value V is a random variable, with support

on {v, v}, for v < v, each with probability .5. Trader n’s payoff from buying at price pn is

V − pn and its payoff from selling at price pn is pn − V. Each trader has a type tn, a random

variable on [0, 1] with density

f (t | V) =


2(1 − t) if V = v

2t if V = v
. (3.8)

The private signals are independent conditional on V. Note that E[V | tn] = v + tn(v − v).

To ease notation, we normalize v to 0 and v to 1, so that E[V | tn] = tn.

In the simultaneous learning treatment, the order of play is as follows:

1. Price p1 is drawn U[0, 1], independently of the common value and the signals.

2. Trader 1 observes its price p1 and its type t1 and either buys or sells.

3. If trader 1 buys, the price rises, and if trader 1 sells, the price falls, according to the
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known formula

p2 =


1+p1

2 if 1 bought

p1
2 if 1 sold

. (3.9)

4. Trader 2 observes trader 1’s price p1 and its own type t2, but does not observe trader

1’s choice or the resulting price p2.

5. Trader 2 chooses a limit order b2, buying if p2 ≤ b2 and selling otherwise.29

The sequential learning treatment is the same, except for the last two steps:

4*. Trader 2 observes trader 1’s price p1, its own type t2, and its own price p2.

5*. Trader 2 chooses to buy or sell at price p2.

We now study the BNE of these games. In both treatments, trader 2’s choices do not affect

trader 1’s payoffs. Upon observing t1, trader 1’s best response is to buy if p1 ≤ t1 = E[V | t1]

and to sell otherwise.30

The price updating rule (3.9) reflects a no-arbitrage condition; it sets p2 to be equal to the

posterior expectation of the common value θ, conditional on p1 and trader 1’s choice. Thus,

if trader 2 lacked a private signal, they would be indifferent between buying and selling at

every realization of p2. Trader 2’s private signal breaks that indifference. In every BNE of the

simultaneous trading game, trader 2 submits a limit order that buys for sure if t2 > .5 and

submits a limit order that sells for sure if t2 < .5.31 In every BNE of the sequential trading

game, trader 2 buys if t2 > .5 and sells if t2 < .5.

In cursed equilibrium, trader 1 behaves as in BNE, but trader 2 ignores the information

content of trader 1’s actions, and hence ignores the information content of the price p2. We

have E[V | t2] = t2, so a cursed trader 2 thus strictly prefers to buy if t2 > p2 and strictly

29Ngangoué and Weizsäcker (2021) also permit reverse limit orders, allowing the trader to sell at prices
below b2 and buy at prices above b2. Such orders are sub-optimal in theory and rare in the data, so we omit
them for ease of exposition.

30Trader 1’s best response is generically unique, up to indifference at p1 = t1.

31Such an order must satisfy b2 ∈
(

1+p1
2 , 1

]
if t2 > .5, and b2 ∈

[
0, p1

2
)

if t2 < .5.
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prefers to sell if t2 < p2. In every CE of the simultaneous trading game, trader 2 submits

a limit order that ensures this happens; one such order is b2 = t2.32 In every CE of the

sequential trading game, trader 2 buys if t2 > p2 and sells if t2 < p2. Let us call such trader

2 behavior naïve trading.

Ngangoué and Weizsäcker (2021) adopt a conservative measure of naïve trading, looking

only at realizations of p1, p2, and t2 for which the naïve response differs from the empirical

best-response. Based on this measure, they find that 37 percent of such trades are consistent

with naïve trading in the simultaneous treatment, compared to 19 percent in the sequential

treatment. That is, subjects are better at making inferences from realized prices, compared

to making inferences from hypothetical prices.

These data are at odds with both the BNE prediction and the CE prediction. BNE

does not predict naïve trading in either treatment, and CE predicts naïve trading in both

treatments.

Since nature and trader 2 have continuum action sets, we apply WPCE rather than SCE

to the trading games.33 In any WPCE, trader 1 behaves as in BNE, buying if t1 > p1 and

selling if t1 < p1.

Consider the simultaneous treatment. Trader 2 observes p1 and t2. In the unique cursed-

plausible conjecture at that information set, nature plays v with probability t2, and trader

1 plays a coarse strategy that is independent of t1. Thus, WPCE coincides with CE in the

simultaneous treatment, predicting naïve trading.

Consider the sequential treatment. Trader 2 observes p1, p2, and t2. In the unique

cursed-plausible conjecture at that information set, nature plays v with probability equal to

the Bayesian posterior probability, conditional on p1, p2, and t2. Thus, WPCE coincides with

BNE in the sequential treatment, predicting no naïve trading.

WPCE formalizes the explanation offered by Ngangoué and Weizsäcker (2021), who

32More generally, such a limit order satisfies b2 <
p1
2 if t2 <

p1
2 , b2 ∈

(
p1
2 , 1+p1

2

)
if t2 ∈

(
p1
2 , 1+p1

2

)
, and

b2 >
1+p1

2 if t2 >
1+p1

2 .

33If we discretize the action sets so that SCE is applicable, it would yield similar results to WPCE.
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write,

[. . . ] we find that the degree of ‘cursedness of beliefs’ is higher when the
information contained in the price is less accessible: with price not yet realized,
traders behave as if they tend to ignore the connection between other traders’
information and the price.

3.3.3 Common-value auctions with ex post learning.

The experiments in Section 3.3.1 and Section 3.3.2 concerned games in which one player

perfectly observes the other players’ moves. But SCE makes novel predictions even when one

player only partially observes the other players’ moves. We now study such an application.

Moser (2019) conducts an experiment in which subjects bid in a second-price auction

for a common-value object, then learn whether their bid is higher than their opponent’s

bid, and then can revise their bid. Subjects substantially revise their bids in response to this

information, contrary to the predictions of BNE and CE.34

First, we describe the initial auction (stage 1). There are two players {1, 2}, each with type

tn independently and uniformly distributed on the set T = {0, 1, . . . , 10} ∪ {50, 51, . . . , 60}.

The common value of the object is V ≡ t1 + t2.

Both players participate in a second-price auction for the object, simultaneously choosing

integer bids bn between 0 and 120. The higher bidder wins, and pays the second-highest

bid, for payoff V − min{b1, b2}. Ties are broken in favor of the player with the higher type.

If the types are equal, then both players have a payoff of 0.

Considered by itself, stage 1 has a unique symmetric BNE. (There are asymmetric BNE

that involve weakly dominated bids.) In that BNE, player n bids bn(tn) = 2tn. Moreover,

this BNE is an ex post equilibrium; bidding bn(tn) = 2tn is a best-response to any realization

of the other player’s type.35

34The experiment in Moser (2019) does not have a treatment with feedback. Arguably, experiments without
feedback are less apt for testing theories of equilibrium, such as those we consider here.

35The payoff to player 1 from winning the object is t1 + t2 − b2(t2) = t1 − t2 and the payoff from losing is 0.
Hence, it is optimal to bid b1 = 2t1, which ensures that player 1 wins whenever t1 > t2 and loses whenever
t1 < t2.
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Considered by itself, stage 1 also has a symmetric CE. A cursed player n responds as

though the other player’s bid b−n is independent of their type t−n. Given this conjecture,

it is optimal to bid bn(tn) = tn + E[t−n | tn] = tn + 30. From the perspective of the cursed

player, this bid is always a best-response.36 In this setting, CE predicts higher bids than BNE

for tn ∈ {0, 1, . . . , 10}, and lower bids than BNE for tn ∈ {50, 51, . . . , 60}.

We now describe stage 2. Player 1 is informed whether b1 ≤ b2 or b1 > b2, and then can

revise their bid to b̂1. Player 1 is compensated for stage 1 and stage 2 separately. Player 2 is

only compensated for the results of stage 1.

The symmetric stage 1 bidding functions that we described above remain equilibrium

behavior even when stage 2 is appended.37

Given symmetric BNE bidding in stage 1, repeating player 1’s original bid in stage 2 is a

best response regardless of whether b1 ≤ b2 or b1 > b2. Thus, the two-stage game has a BNE

in which the stage 2 bidding function is the same as in stage 1, that is b̂1(t1) = 2t1 = b1(t1).

If b2 is independent of t2, then it is optimal for player 1 to bid t1 + 30, regardless of the

realization of b2. Thus, the two-stage game has a CE in which the stage 2 bidding function

is the same as in stage 1, that is b̂1(t1) = t1 + 30 = b1(t1).38

In this sense, both BNE and CE predict that the new information does not cause any

change in player 1’s bids. However, Moser (2019) reports that subjects react substantially

to the information, raising their bids when informed that b1 ≤ b2 and lowering their bids

when informed that b1 > b2. Upon learning that b1 ≤ b2, 79% to 83% of bids are revised

upwards, and upon learning that b1 > b2, 42% to 90% of bids are revised downwards.39

SCE provides an explanation for this pattern of behavior. In particular, at any stage

36That is, if we restrict the opponent to strategies that do not depend on their type, then the bid tn + 30 does
at least as well as any other bid.

37In the experiment of Moser (2019), subjects learn the details of stage 2 only after stage 1 is completed, but
it makes no difference to the BNE prediction and the CE prediction.

38Here we apply CE by reducing the game to its Bayesian normal form. For each type t1, player 1 chooses a
stage 1 bid, a stage 2 bid conditional on learning that b1 ≤ b2, and a stage 2 bid conditional on learning b1 > b2.

39The range reflects variation that depends on player 1’s type t1. For a detailed breakdown, see Figure 6 of
Moser (2019).
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1 information set, both players’ SCE conjectures are the same as in cursed equilibrium,

so there exists a SCE in which both players bid bn(tn) = tn + 30 in stage 1, with player 1

expecting to repeat that same bid in stage 2. Take any on-path stage-2 information set at

which player 1 with type t1 = t learns that b1 ≤ b2. Then cursed-consistency implies that

player 1 conjectures that t2 is independent of player 2’s bid and uniformly distributed on

{t′ ∈ T : t ≤ t′}. (This is different from the actual distribution; 2’s bid is exactly t2 + 30, for

t2 distributed as above.) It is a locally rational for player 1 to revise their bid to

E[t1 + t2 | t1 = t ≤ t2], (3.10)

if necessary rounded to one of the two nearest integers.40 Note that (3.10) weakly exceeds

the original bid bn(t) = E[t1 + t2 | t1 = t], with strict inequality for t > 0. Thus, player 1

revises their bid upwards upon learning that b1 ≤ b2. A symmetric argument establishes

that player 1 revises their bid downwards upon learning that b1 > b2.

3.4 Continuous-time auctions

Cursed-plausibility formalizes the idea that players condition on all of their information,

and not just their type. This idea has implications for common-value auctions, the primary

motivating application of Eyster and Rabin (2005). In particular, it might explain the different

bidding behavior in dynamic auctions compared to static auctions, documented by Levin

et al. (1996) and Levin et al. (2016).

WPCE and SCE are extensive-form solution concepts, whereas the standard models of

dynamic auctions use continuous time. Discretized versions of those models are intractable

except for special cases. To ease the comparison with standard results, we define solution

concepts for Dutch and English auctions that formalize the idea that each bidder understands

the marginal distribution of the other bidders’ signals, conditional on all the information

revealed so far, but neglects the link between the other bidders’ signals and their future

40Recall that bids are restricted to integers between 0 and 120.
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bids.

We use the standard model of common values with affiliated signals (Milgrom and

Weber, 1982). There is one object and a set of bidders N. Let XN = (X1, . . . , X|N|) be a vector

of real-valued random variables (‘signals’), one for each bidder, each with support on the

interval [x, x]. Let f (xN) denote the joint probability density of the signals. We assume that

f is symmetric. We assume that the signals are affiliated, that is for all xN , x′N ∈ [x, x]N , we

have

f (xN ∨ x′N) f (xN ∧ x′N) ≥ f (xN) f (x′N). (3.11)

The common value of the object is a random variable V, and the bidders have quasilinear

utility, with payoff V − p if they win the object at price p and 0 otherwise. We denote

w(x1, . . . , x|N|) ≡ E
[
V | XN = (x1, . . . , x|N|)

]
, (3.12)

and assume that the function w is symmetric, non-negative, continuous, and non-decreasing.

We assume that E[V] < ∞. We also define

v(x) ≡ E [V | X1 = x] . (3.13)

Next we define Y1 ≡ maxn ̸=1 Xn. Let fY1(y | x) be the density of the random variable Y1

conditional on X1 = x, and FY1(y | x) the corresponding cumulative distribution.

As usual, we focus on symmetric pure-strategy equilibria.

Theorem 3.4.1. It is a cursed equilibrium of the first-price auction for each bidder n with signal

Xn = x to bid b1P(x), defined by the linear differential equation

d
dx

b1P(x) = [v(x)− b1P(x)]
fY1(x | x)
FY1(x | x)

, (3.14)

b1P(x) = v(x). (3.15)

In other words, in the first-price auction with common values, each bidder behaves as if

they have a private value equal to v(x), which is the expected common value conditional on

their own signal.
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In a Dutch auction, the price starts high (above w(x, . . . , x)) and descends continuously

until some bidder claims the object for that price, which ends the auction. The Dutch auction

is strategically equivalent to the first-price auction, so cursed equilibrium makes the same

prediction for both formats.

We now define a solution concept that modifies cursed equilibrium, to capture the idea

that bidders in a Dutch auction understand the information content of realized events.

Suppose that all bidders bid according to increasing function b. When the clock price is p,

bidder 1 infers that Y1 ≤ b−1(p). Consequently, conditional on X1 = x and facing a price of

b(y), bidder 1 believes that upon winning at a price β ≤ b(y), the expected common value

of the object is

v(x, y) ≡ E [V | X1 = x, Y1 ≤ y] . (3.16)

By contrast, the correct calculation would yield

E
[
V | X1 = x, Y1 ≤ b−1(β)

]
. (3.17)

At price β = b(y), Expression (3.16) coincides with the correct calculation (3.17), but

contingent on the price falling further to β < b(y), Expression (3.16) overestimates the

common value.

Thus, we define a (symmetric) clock cursed equilibrium of the Dutch auction as a

bidding function b such that b(x) is in

argmax
β

∫ b−1(β)

x
(v(x, x)− β) fY1(α | x)dα. (3.18)

Expression (3.18) implies that the bidder with signal Xn = x is willing to claim the object

when the price hits b(x). We additionally require that the bidder is willing to wait at all

prices that exceed b(x), that is, for all x′ > x, there exists β < b(x′) that maximizes

∫ b−1(β)

x
(v(x, x′)− β) fY1(α | x)dα. (3.19)

Theorem 3.4.2. Assume that v(x, y) is increasing in x. It is a clock cursed equilibrium of the Dutch
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auction for each bidder n with signal Xn to bid bDutch(Xn), defined by the linear differential equation

d
dx

bDutch(x) = [v(x, x)− bDutch(x)]
fY1(x | x)
FY1(x | x)

, (3.20)

bDutch(x) = v(x, x). (3.21)

The characterization of bDutch differs from b1P only by replacing v(x) with v(x, x). The

expectation v(x, x) conditions not only on X1 = x, but also on Y1 ≤ x; by affiliation, it

follows that v(x, x) ≤ v(x). Thus, the clock cursed equilibrium of the Dutch auction has

lower bids than the cursed equilibrium of the first-price auction.

Theorem 3.4.3. bDutch(x) ≤ b1P(x) for all x.

In a Dutch auction, the descending price reveals at each point an upper bound on the

other bidders’ signals. Under clock cursed equilibrium, this realized uncertainty causes the

bidder to update negatively about the common value, lowering bids relative to the first-price

auction. This is consistent with the results of the experiment reported in Levin et al. (2016).

Next, we describe behavior in the second-price auction.

Theorem 3.4.4 (Eyster and Rabin (2005)). It is a cursed equilibrium of the second-price auction

for each bidder n with signal Xn = x to bid b2P(x) = v(x).

In other words, in a second-price auction with common values, each bidder places a bid

equal to the expected common value conditional on their own signal.

We compare the second-price auction to the silent English auction. In this auction, the

price rises continuously from 0 and bidders make irrevocable decisions to quit. Each bidder

does not observe when other bidders quit. When only one bidder is left, the auction ends

and the remaining bidder wins at the going price.

This is a plausible model of the format used at major auction houses, such as Christie’s

and Sotheby’s. In such auctions, most bidders do not bid audibly, but instead use secret

gestures to communicate with the auctioneer.41

41These gestures “may be in the form of a wink, a nod, scratching an ear, lifting a pencil, tugging the coat of
the auctioneer, or even staring into the auctioneer’s eyes—all of them perfectly legal” (Cassady, 1967).
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Silent English auctions are a useful benchmark, because they are strategically equivalent

to second-price auctions. In particular, cursed equilibrium makes the same predictions for

both formats.

Suppose that all bidders in a silent English auction choose quitting points according

to increasing function b. Essentially, we will require that the bidder correctly conditions

on observed information, that is, at clock price b(y), the bidder knows that X1 = x and

Y1 ≥ y. But the bidder neglects hypothetical events, treating the common value conditional

on winning at price β ≥ b(y) as

v(x, y) ≡ E[V | X1 = x, Y1 ≥ y], (3.22)

whereas the correct calculation yields

E[V | X1 = x, Y1 = b−1(β)]. (3.23)

A clock cursed equilibrium of the silent English auction is a bidding function b such

that for all x′ < x, there exists β > b(x′) that maximizes

E
[
(v(x, x′)− b(Y1))1b(Y1)≤β | X1 = x, Y1 ≥ x′

]
, (3.24)

and b(x) is in

argmax
β

E
[
(v(x, x)− b(Y1))1b(Y1)≤β | X1 = x, Y1 ≥ x

]
. (3.25)

Expression (3.24) requires that the bidder with signal X1 = x is willing to wait at all

prices below b(x), while expression (3.25) requires that the bidder quits at price b(x).

Theorem 3.4.5. Assume that v(x, y) is increasing in x. It is a clock cursed equilibrium of the silent

English auction for each bidder n with signal Xn = x to quit at price bsilent(x) = v(x, x).

Proof. Observe that for b = bsilent, (3.24) is maximized at β = v(x, x′) > v(x′, x′) = b(x′).

Moreover, (3.25) is maximized at β = v(x, x) = b(x).

The expectation v(x, x) conditions not only on X1 = x but also on Y1 ≥ x; by affiliation,

it follows that v(x, x) ≥ v(x). Thus, in silent English auctions, the rising price reveals a

76



lower bound on Y1, and that raises bids compared to second-price auctions.

Theorem 3.4.6. bsilent(x) ≥ b2P(x) for all x.

The canonical model of English auctions assumes that each bidder observes when other

bidders quit. Levin et al. (1996) find in a lab experiment that “bidders use the “public

information" inherent in other bidders’ drop-out prices to (largely) overcome the winner’s

curse in English auctions." We now formalize this idea.

A bidding strategy in a canonical English auction is a profile of functions bk(x | p1, . . . , pk)

for k ∈ {0, . . . , |N| − 2}, that specifies the quit point of a bidder with signal Xn = x when

k bidders have quit at prices p1, . . . , pk. We use Yk to denote the kth highest signal among

bidder 1’s opponents. As usual, we restrict attention to symmetric pure strategy equilibria

that are increasing in each bidder’s own signal, so that bidder 1 can, upon observing

the kth quit price pk, infer that the corresponding signal is b−1
k−1(pk | p1, . . . , pk−1). Thus,

we abuse notation to write the bidding function as depending on the revealed signals

bk(x | y|N|−1, . . . , y|N|−k).

Suppose that bidder 1 has signal X1 = x, has observed k quit prices with corresponding

signal realizations y|N|−1, . . . , y|N|−k, and the current price is bk(x′ | y|N|−1, . . . , y|N|−k). We

posit that bidder 1 believes that the common value conditional on winning at price β is

vk(x, y|N|−1, . . . , y|N|−k, x′)

≡ E[V | X1 = x, Y|N|−1 = y|N|−1, . . . , Y|N|−k = y|N|−k, Y|N|−k−1 ≥ x′].
(3.26)

Clock cursed equilibrium for the canonical English auction is defined analogously as for the

silent English auction. A formal definition is in Section C.5.

Theorem 3.4.7. Assume that vk(x, y|N|−1, . . . , y|N|−k, x′) is increasing in x for all k and all x ≥

x′ ≥ y|N|−k. It is a clock cursed equilibrium of the canonical English auction for each bidder n with

signal Xn = x who has observed quit points corresponding to signals y|N|−1, . . . , y|N|−k to quit at

price bcanon
k (x | y|N|−1, . . . , y|N|−k) = vk(x, y|N|−1, . . . , y|N|−k, x).

Proof. This follows the same steps as the proof of Theorem 3.4.5.

77



One implication of Theorem 3.4.7 is that the winner’s curse vanishes under certain

conditions, in the sense that the losses of the winning bidder are small when there are

many bidders. In particular, suppose we have an infinite sequence of bidders, each with

signal Xn, and consider the sequence of auctions involving just the first K bidders, each with

corresponding functions wK and vK
k . Let XK

k denote the kth highest of the first K signals. For

the equilibrium described in Theorem 3.4.7, the clearing price in the auction with K bidders

is

vK
K−2

(
XK

2 , XK
K, . . . , XK

3 , XK
2

)
. (3.27)

Suppose that the posterior on V does not depend too much on the highest signal for large

K; more formally, that (3.27) converges in mean to

wK
(

XK
2 , XK

K, . . . , XK
3 , XK

1

)
= wK (X1, X2, . . . , XK) .42 (3.28)

Then the winner’s expected payoff under the clock cursed equilibrium converges to 0. By

contrast, Eyster and Rabin (2005) find that the losses under cursed equilibrium can be large

even when there are many bidders.43

In summary, we studied a variation of cursed equilibrium for clock auctions, positing

that each bidder’s belief about the other bidders’ signals conditions not just on their own

signal, but on all the information at hand. This predicts that bids are reduced in Dutch

auctions, compared to first-price, as reported by Levin et al. (2016). It also predicts that the

winner’s curse is small in canonical English auctions with many bidders, as reported by

Levin et al. (1996). One novel (and untested) prediction is that silent English auctions lead

to higher bids than second-price auctions.44

42The equality is by symmetry of wK . This convergence holds, for instance, for the signal structure studied
by Levin et al. (1996), and also for wK(X1, X2, . . . , XK) = ∑K

k=1 Xk/K with iid signals.

43Fully cursed equilibrium makes the same predictions in canonical English auctions and second-price
auctions, so this follows from Proposition 6 of Eyster and Rabin (2005).

44One can define a partially-cursed generalization of clock cursed equilibrium, that parallels Section 3.2.3.
Such a solution concept would specify that each bidder assesses the common value with weight χ on the
expected value conditional on all the realized information, and weight 1 − χ on the correct calculation.
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3.5 Discussion

We close by discussing some limitations of sequential cursed equilibrium.

The predictions of sequential cursed equilibrium depend on the action labels. Those

labels affect both the coarsest valid partition F , and the mapping from strategy profiles to

coarse strategies. For instance, we can take the simultaneous trading game of Section 3.1,

and define two new actions for player 1, action ad that accepts at type {ω1, ω2} and declines

at type {ω3}, and action da that declines at type {ω1, ω2} and accepts at type {ω3}. Player

1’s dominant strategy is to play action ad at both types, which changes the SCE prediction.

This suggests that SCE is too permissive if the modeler can arbitrarily specify the action

labels.

Action labels matter even for Nash equilibrium. For example, consider matching pennies

in the extensive form. One player moves second, and their action labels imply that they

cannot cause heads if the first player chose heads and yet cause tails if the first player chose

tails. Swapping the labels at one history would change the Nash equilibrium prediction.

Action labels are a modeling choice. Given what they know, the player can enact only

some mappings from states of the world to consequences. When we translate the world to a

model, we use the action labels to express which mappings are feasible.

In SCE, the action labels matter even across information sets. When we put two

information sets in the same coarse set, we posit a counterfactual in which the player

chooses without knowing which situation has obtained. For example, consider a poker

player who bets without seeing their hand, or a bidder who bids without seeing their

estimate of the object’s value.45 In our view, the action labels should reflect what mappings

are feasible in that counterfactual.

Motivated by the preceding discussion, we propose the following modeling convention:

Imagine a person called to play in two situations I and I′, who somehow does not know

whether they are in situation I or in situation I′. If anything they could do (e.g. any bet

45Such counterfactuals are not always coherent; for instance, the player presumably cannot be ignorant about
whether they are choosing from two options or from three options.
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they could place, any ballot they could cast) that causes consequence a at situation I would

also cause consequence a′ at situation I′, and vice versa, then a and a′ should have the same

action label. This convention is not a formal resolution to the labeling critique, but it helps

to tie the modeler’s hands.

Another limitation of SCE is that player 1 neglects the link between player 2’s actions

and player 2’s information, even when 2’s information solely concerns what player 1 has

done. For instance, in the game depicted in Figure 3.6, the union of player 2’s information

sets is a coarse set, so there is a SCE in which player 1 plays L, conjecturing that 2 will play

l for sure regardless of player 1’s action.

1, 1

l

0, 0

r

L

0, 0

l

3, 3

r

R
1

2 2

Figure 3.6

One might find it plausible that each player should understand how their own actions

affect other players’ actions. SCE can be modified to allow this; for causal sequential cursed

equilibrium (causal SCE), instead of having one conjecture at each information set, we have

one conjecture for each action at that information set. When player 1 considers playing action

a at information set I, and thinks about player 2’s play at coarse set F, player 1 correctly

understands the counterfactual distribution of 2’s actions at F, were player 1 to play a at I.

The game in Figure 3.6 has a unique causal SCE, in which 1 plays R, and 2 plays l after L

and r after R. A full definition of causal SCE is in Section C.6.

Finally, a third limitation of SCE is that it does not distinguish between subtle hypo-

thetical events and salient hypothetical events. Esponda and Vespa (2023) reframe several

standard decision problems to focus on the contingencies at which subjects’ choices can

affect payoffs. They find that this causes subjects to behave more in line with the rational

model. Framing effects such as these are not captured by SCE, since its predictions depend

only on the extensive game.
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Appendix A

Appendix to Chapter 1

A.1 Proofs omitted from the main text

A.1.1 Proof of Theorem 1.3.3

The proof is structured as follows: I first define a correspondence that sends a pricing

function and a sequence of plans to a pricing function and a sequence of plans, then

show that this correspondence satisfies the conditions for Kakutani’s theorem. Lastly, I use

Kakutani’s theorem to show that equilibrium exists.

I restrict attention to a smaller set of plans. The aggregate excess demand function is

defined by:

ξt (pt) = ∑
i

πit
[
η̂t

i
]
(pt)− ∑

i
ei

I define the set Σi
[
η̂t

i
]
(xit) ⊆ Π̂i

[
η̂t

i
]
(xit) of morning history-η̂t

i plans that are feasible from

xit and for which the aggregate excess demand is continuous.

Define the Correspondence

The first part of the correspondence has as its input a pricing function and as its output a

sequence of plans. Let ρ ∈ Q be a pricing function. Plans are defined by induction: suppose

that a plan π̂i
[
η̂r

i
]
∈ Σi

[
η̂r

i
]
(xir) is defined for any morning history η̂r

i reachable under ρ,

and xir = π̂ir−1

[
η̂r−1

i

]
(pr−1) when r < t. Consider a history η̂t

i , reachable under ρ, and
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let xit = π̂it−1

[
η̂t−1

i

]
(pt−1) be the present choice of the plan made at period t − 1. The set

of optimal morning history-η̂t
i plans is characterized by oDC

i

(
xt

i , bρ,i
[
η̂t

i
])

; choose one such

plan and proceed by induction.

The above process results in a set of plans, one for each morning history that is reachable

under ρ. For histories that are not reachable under ρ (off-path), an arbitrary plan is chosen

to get a full set of plans for agent i. Those plans are not unique; define γi(ρ) to be the set of

all such plans.

The second part of the correspondence takes a sequence of morning history η̂t
i plans,(

πi
[
η̂t

i
])

η̂t
i
, for each agent i, and returns a pricing function that clears all markets. For any

η̂t
i , πi

[
η̂t

i
]
∈ Σi

[
η̂t

i
]
(xit) where xit = πit

[
η̂t−1

i

]
.

The pricing function is defined by induction. At period t, suppose that ρ had been

defined for each exogenous history up to period t − 1. Fix the sequence of shocks dt, and

suppose that the sequence of private information of agent i is ωt
i . The sequence of past

prices is given by p̂r = ρr

(
dr,
(
ωr

i
)

i∈I

)
, where r = 0, . . . , t − 1.

For each period t price pt, agent i has a corresponding period t demand, given by

πit
[
η̂t

i
]
(pt). Define the aggregate excess demand function to be:

ξt (pt) = ∑
i

πit
[
η̂t

i
]
(pt)− ∑

i
ei

The problem of finding the price pt that clears the market is static. To solve it, I use Kakutani

again for this internal problem, separately from the main Kakutani.

Internal Kakutani

First, note that due to risk aversion, period t prices can be treated as bounded. From

above, excluding price vectors for which all traders always want to sell all of the assets

(beyond the expected value of the dividends of the asset). From below, excluding prices

for which all agents always want to buy all of the assets. Let P̂ be the closure of the convex

hall of this set, containing all prices within the relevant limits. P̂ is convex and compact.

Following Mas-Colell et al. (1995b) and others, define a correspondence ι : P̂ → P̂: For any
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p ∈ P̂ such that p(k) ̸= 0 for all k,

ι (p) =
{

q ∈ P̂ : ξt (p) · q ≥ ξt (p) · q′ for all q′ ∈ P̂
}

In words, for each price p, ι outputs a price that maximizes the aggregate demand at the

original price, making products that are in excess demand more expensive.

The conditions for Kakutani’s theorem hold, and a fixed point of ι clears the markets.

The arguments repeat those in the literature, and can be found in Cass (2006), who adapts

the existence theorem for Walrasian equilibrium for commodity markets, as in Mas-Colell

et al. (1995b), to financial markets.

Let p∗t be such a fixed point, and define ρt

(
dt,
(
ωt

i
)

i∈I

)
= p∗t . Continue to define the

full pricing function ρ. Note that there can be many pricing functions as the choice at each

step of the induction need not be unique. Let µ
[(

πi
[
η̂t

i
])

i,η̂t
i

]
be the set of all such pricing

functions. Define the correspondence ψ : Q ××iΣi → Q ××iΣi by:

ψ
[
ρ,
(
πi
[
η̂t

i
])

i,η̂t
i

]
= ×iγi (ρ)× µ

[(
πi
[
η̂t

i
])

i,η̂t
i

]
The conditions for Kakutani

The space Q ××iΣi can be (wlog) assumed to be compact. As in the internal Kakutani, the

chosen prices will never be ‘too big’ or ‘too small’, relative to the maximal and minimal

possible values for the dividends. The space of pricing functions Q can be restricted

accordingly. As a product of compact sets, Q can also be assumed wlog to be compact

(using Tychonoff’s theorem). Due to the restriction of prices, demand will in practice be

restricted as well. Thus, ×iΣi can be assumed to be compact.

The space Q ××iΣi is convex. Wlog, the truncation of too high and too low prices can

be made in such a way that the remaining space is convex, and similarly for the space of

choices. The product of convex spaces is convex.

ψ is upper hemicontinuous. It is enough to show that γi, µ are upper hemicontinuous.

Let {ρn}n be a sequence of pricing functions in Q with limit ρn → ρ ∈ Q. Suppose that(
πn

i
[
η̂t

i
])

η̂t
i

is in the image of ρn under γi, and that its limit when n goes to infinity is

87



(
πi
[
η̂t

i
])

η̂t
i
. Generally, the pricing function would have two types of effects on the resulting

optimal demand. The first, in their role within the budget constraint, has a continuous

affect on demand. The second, in their role as providing information, may be discontinuous.

The assumption of imminent private information shuts down the second channel. Trader

i’s demand curve in period t depends on their sequence of choices thus far and on their

expectations about future histories. It does not depend on past prices at all, and only

depends on present prices as affecting the budget constraint, not as a source of information.

The trader’s expectation about future uncertainties–dividends and private information in

periods later than t–is the same as the expectation when learning from the sequence of

observed dividends. As a result, the information in past and present prices can be ignored.

By continuity of the utility function, the demand is also continuous, and
(
πi
[
η̂t

i
])

η̂t
i
∈ γi (ρ).

The upper hemicontinuity of µ follows from the continuity of the aggregate excess demand

ξt (pt).

For any ρ,
(
πi
[
η̂t

i
])

i,η̂t
i
∈ Q ××iΣi, ψ

[
ρ,
(
πi
[
η̂t

i
])

i,η̂t
i

]
is closed. Follows from continuity of

the utility function and the excess demand function.

For any ρ,
(
πi
[
η̂t

i
])

i,η̂t
i
∈ Q××iΣi, ψ

[
ρ,
(
πi
[
η̂t

i
])

i,η̂t
i

]
is nonempty and convex. The image of

µ is is nonempty as was seen when it was defined; it is convex since any linear combination

of price vectors that clear the market clears the market.

The image of γi is convex due to the concavity and the utility function and since Σi is

convex for all i. To show that it is nonempty, first note that an optimal sequence of plans

exists since the utility is continuous and monotone. That such a sequence belongs to Σi

follows.

The correspondence satisfies the conditions of Kakutani’s fixed point theorem, thus there

exists a fixed point. Thus, a Dynamic Cursed Expectations Equilibrium exists.

A.1.2 Proof of Claim 1.4.1

Since this analysis is focused on the informed traders, the analysis is identical whether the

equilibrium is REE or DCEE. Let ω1
1, ω2

1 ∈ Ω1 be different signals and suppose that there
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exists an equilibrium in which each at any period t, the informed trader’s choice πt
it is

independent of the signal, πt
it(ω

1
1) = πt

it(ω
2
1). Equilibrium prices follows choices and are

independent of the realization of ω1. By the informational assumption, there exists (wlog) a

period t and an asset k where dt(k) | ω1
1 SOSD dt(k) | ω2

1. Take the minimal such t.

Period t − 1’s choice, xit, maximizes the expectation of

u((dt + pt) · xit − pt · xit+1) +
T

∑
r=t+1

δr−tu((dr + pr) · xir − pr · xir+1)

Since dt(k) | ω1
1 SOSD dt(k) | ω2

1, the marginal gain from an increase of xit(k) is strictly

larger is ω1
1 than in ω2

1. In equilibrium, the marginal benefit of an increase in xit(k) is

identical to the marginal benefit of an increase in any other xit(k′). If that no longer holds,

than xit cannot be part of an equilibrium. If, however, ω1
1, ω2

1 happen to be such that the

marginal benefit is identical for any such increase in xit(k′), then a different discrepancy

arises, whereby saving is more attractive, hence changing the balance in the marginal utility

between savings and consumption. Period t − 1 choice πt−1
it−1 is different under information

ω1
1 and under information ω2

1. A contradiction.

A.1.3 Proof of Claim 1.4.3

By symmetry, we can assume that all informed traders make the same choices in DCEE.

Suppose that for each informed trader i, π1
i1(ω

1
1) = π1

i1(ω
2
1). Let t be the first period in which

πt
it(ω

1
1) ̸= πt

it(ω
2
1), and note that in periods 1, . . . , t − 1 all traders’ choices are independent

of the signals, and so are the prices p1, . . . , pt−1. At period t, pt(ω1
1) ̸= pt(ω2

1), and the

informed trader’s choice at period t − 1 depends on these prices, maximizing

u((dt−1 + pt−1) · xit−1 − pt−1 · πt
it−1) + u((dt + pt) · πt−1

it−1 − pt · πt
it−1)

+
T

∑
r=t+1

δr−tu((dr + pr) · πr−1
it−1 − pr · πr

it−1) (A.1)

where xit−1 is the latest choice, fixed at period t − 1. The optimal choice πt−1
it−1 is necessarily

different for different period t prices. The argument is similar to the one in Claim 1.4.1: if

the relative prices of assets is different between the states, then the optimal composition
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changes. If the absolute price of all the assets change, but not the relative prices, then the

balance between savings and consumption changes. The trader can improve their period

t payoff and exploit the expected difference in pt by choosing πt−1
it−1(ω

1
1) ̸= πt−1

it−1(ω
2
1). A

contradiction.

A.2 Proof of Proposition 1.4.4

An informed agents’ utilities are at least as high as those of the uninformed agents due to

Blackwell’s theorem. With our signal structure, they are even strictly better off, as a direct

result of 1.4.1. Suppose that the informed traders’ choice depend on the signal in period t

but not earlier. Under DCEE uninformed agents can use this information (which may not be

the full information of the informed but only part of it) only in period t + 1 or later. Earlier,

their choices have no dependency on the signal. Informed traders could make the same

choices as uninformed agents, in which case they would have obtained the same utility.

They are always better off making different choices under different signals.
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Appendix B

Appendix to Chapter 2

B.1 Proofs omitted from the main text

B.1.1 Proof of Proposition 2.4.1

First, note that E
[ 1

N ∑i E [dt+1(k) | sit]
]
= E

[
E
[
dt+1(k) | pREE

t
]]

= µ, by the law of iterated

expectations. Next, define

∆t pREE
t (k) = pREE

t (k)− Et

[
pREE

t+1 (k)
]

and

∆t pDCEE
t (k) = pDCEE

t (k)− Et

[
pDCEE

t+1 (k)
]

Then:

E
[
∆t pDCEE

t (k)− ∆t pREE
t (k)

]
= −αVar (dt+1(k) | st) + α

{
Cov

(
pREE

t+1 (k), dt+2(k)
)
+ Var

(
dt+1(k) | pREE

t

)}
(B.1)

where:

Cov
(

pREE
t+1 (k), dt+2(k)

)
= Cov

(
E
[
dt+2(k) | pREE

t+1

]
, dt+2(k)

)
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E
[
dt+2(k) | pREE

t+1

]
= E

[
dt+2(k) | ∑

i
sit(k)

]
=

σ−2
k µk + τ−2

k ∑ sit+2(k)
σ−2

k + Nτ−2
k

=
σ−2

k µk + τ−2
k ∑ (dt+2(k) + ε it(k))
σ−2

k + Nτ−2
k

(B.2)

Thus:

Cov
(

pREE
t+1 (k), dt+2(k)

)
=

Nτ−2
k

σ−2
k + Nτ−2

k

Var (dt+2(k)) −−−→
N→∞

Var (dt+2(k))

Next, note that if the asset is risky (the variance is non-zero), then private information

reduces the level of uncertainty:

Vart (dt+1(k) | st) < Vart (dt+1(k)) = Vart (dt+2(k))

hence, there exists N0 such that for all N > N0,

Vart (dt+1(k) | st) < Cov
(

pREE
t+1 (k), dt+2(k)

)
and:

∆t pDCEE
t (k) > ∆t pREE

t (k)

since pDCEE
T = pREE

T = 0, this implies inductively that:

E<t

[
pDCEE

t (k)
]
> E<t

[
pREE

t (k)
]

for all t = 0, . . . , T − 1 and any realization of signals.

Period t prices can be written as:

pREE
t (k) = ∆t pREE

t (k) + Et

[
pREE

t+1 (k)
]

= ∆t pREE
t (k) + Et

[
∆t+1 pREE

t+1 (k) + Et+1

[
pREE

t+2 (k)
]]

= · · · = ∆t pREE
t (k) + Et

[
∆t+1 pREE

t+1 (k) + Et+1

[
∆t+1 pREE

t+2 (k) + Et+2 [. . . ]
]]

(B.3)

and similarly,

pDCEE
t (k) = ∆t pDCEE

t (k) + Et

[
∆t+1 pDCEE

t+1 (k) + Et+1

[
∆t+1 pDCEE

t+2 (k) + Et+2 [. . . ]
]]
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where for all r = t, ..., T − 1, E<t
[
∆r pDCEE

r (k)
]
> E<t

[
∆r pREE

r (k)
]
. Thus,

E<t

[
pDCEE

t (k)− pREE
t (k)

]
> E<t

[
pDCEE

t+1 (k)− pREE
t+1 (k)

]
> 0

Since the bias includes in it the bias of following periods, in expectation the bias is largest at

the beginning and decreases over time. Rewriting equation B.1:

∆t pDCEE
t (k)− ∆t pREE

t (k)

= −αVar (dt+1(k) | st) + α
{

Cov
(

pREE
t+1 (k), dt+2(k)

)
+ Var

(
dt+1(k) | pREE

t

)}
(B.4)

showing that the gap does not depend on N. On the right-hand side of equation B.1, we

can see that et(k) does not depend on σ2
k , and the other elements are all proportional to σ2

k .

Thus, the bias is larger for assets with larger variance.

B.1.2 Proof of Proposition 2.4.2

The volume of trade is proportional to the absolute value of:

Ei
t [dt+1(k)]

αVari
t (dt+1(k) + pt+1(k))

With signal si
t, the DCE agent evaluates:

Ei
t [dt+1(k)] =

τ2
k µk + σ2

k si
t

σ2
k + τ2

k

Vari
t (dt+1(k)) =

σ2
k τ2

k
σ2

k + τ2
k

Vari
t (pt+1(k)) = Vari

t

(
1
N ∑

j
Ej

t+1 [dt+2(k)]

)
=

1
N2

{
σ4

k(
σ2

k + τ2
k

)2 Vari
t

(
∑

j
sj

t+1

)}

=
1

N2

{
σ4

k(
σ2

k + τ2
k

)2

[
NVari

t

(
sj

t+1

)
+ N(N − 1)Cov

(
sj

t+1, sj′
t+1

)]}

=
1

N2

{
σ4

k(
σ2

k + τ2
k

)2

[
N
(
σ2

k + τ2
k
)
+ N(N − 1)σ2

k
]}

=
σ2

k

(
Nσ2

k + τ2
k

)
N
(
σ2

k + τ2
k

)2
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And dt+1, pt+1 are independent, thus:

Ei
t [dt+1(k)]

αVari
t (dt+1(k) + pt+1(k))

=
τ2

k µk + σ2
k si

t

α

[
σ2

k τ2
k + σ2

k
Nσ2

k +τ2
k

N(σ2
k +τ2

k )

]
In expectation:

E

[∣∣∣∣∣ Ei
t [dt+1(k)]

αVari
t (dt+1(k) + pt+1(k))

∣∣∣∣∣
]
=

∣∣∣∣∣∣∣
τ2

k + σ2
k

ασ2
k τ2

k + σ2
k

Nσ2
k +τ2

k
N(σ2

k +τ2
k )

∣∣∣∣∣∣∣
∣∣∣µk

α

∣∣∣
The first order conditions:

∂

∂σk

τ2
k + σ2

k

σ2
k τ2

k + σ2
k

Nσ2
k +τ2

k
N(σ2

k +τ2
k )

= −
2N
(
σ2

k + τ2
k

) [
σ2

k τ2
k

(
N
(
τ2

k + 2
)
− 1
)
+ Nτ6

k + τ4
k

]
σ3

k

(
N
(
σ2

k

(
τ2

k + 1
)
+ τ4

k

)
+ τ2

k

)2 < 0

∂

∂N

(
τ2

k + σ2
k

)
µk

α

[
σ2

k τ2
k + σ2

k
Nσ2

k +τ2
k

N(σ2
k +τ2

k )

] =
τ2

k

(
σ2

k + τ2
k

)2

σ2
k

(
N
(
xσ2

k

(
τ2

k + 1
)
+ τ4

k

)
+ τ2

k

)2 > 0

The volume of trade decreases with the level of uncertainty about the dividend, and increases

with the number of signals.
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Appendix C

Appendix to Chapter 3

C.1 Proofs omitted from the main text

C.1.1 Proof of Theorem 3.2.1

We start by constructing the valid partition F of H \ Z and later show that F is coarser than

any other valid J .

First, we define a partial order on histories at which player n is called to play, the set

Hn ≡ ∪In. Let the n-predecessor of a history be the partial history that ends at the last time

n is called to play. Formally, given h ∈ Hn, the n-predecessor of h, denoted πn(h), is h′ ∈ Hn

such that h′ ≺ h and there does not exist h′′ ∈ Hn such that h′ ≺ h′′ ≺ h. If no n-predecessor

of h exists, we define πn(h) ≡ ∅.

We state the usual definition of perfect recall (Mas-Colell et al., 1995a, p. 224). A game

has perfect recall if players remember both their past information and their past actions. That

is, for a game G, information set I ∈ In and histories h, h′ ∈ I,

1. Either: πn(h) = ∅ = πn(h′)

2. Or: πn(h) ̸= ∅ and πn(h′) ̸= ∅, and

(a) there exists I′ such that πn(h), πn(h′) ∈ I′,

(b) and there exists an action a ∈ A, such that (πn(h), a) ⪯ h and (πn(h′), a) ⪯ h′.
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For each player n ∈ N, we use induction to define the partition of Fn of Hn. Note

that the partition of information sets for one player does not impact the validity of the

information sets of the other players, hence we can manage the partition for each player

separately. For player n, we use the following induction: Start with the histories at which n

is called to play for the first time, H0
n ≡ {h ∈ Hn : πn(h) = ∅}. Let F 0

n be the partition of

H0
n such that for each h ∈ H0

n with available actions A(h), {h′ ∈ H0
n : A(h′) = A(h)} ∈ F 0

n .

Inductively, let Hl
n ≡ {h ∈ Hn : πn(h) ∈ Hl−1

n } for l ∈ {1, 2, . . .}. We now define a

partition F l
n of ∪k≤l Hk

n. First, we require that for every F ∈ F l−1
n , we have F ∈ F l

n. Next,

we specify F l
n on the set Hl

n. In order for this partition to specify information sets for an

extensive game of perfect recall, these three properties are necessary and sufficient:

1. History h ∈ Hl
n can only share a cell of the partition F l

n with histories h′ ∈ Hl
n that

have the same available actions.

2. By perfect recall, the predecessors of h and h′ must share a cell of the partition F l−1
n .

3. By perfect recall, the same action must have been taken at the predecessors of h and h′.

Formally, this means that for each h ∈ Hl
n, we have

{h′ ∈ Hl
n : A(h) = A(h′) and ∃F ∈ F l−1

n : {πn(h), πn(h′)} ⊆ F

and ∃a ∈ A : (πn(h′), a) ⪯ h′, (πn(h), a) ⪯ h} ∈ Fn. (C.1)

Since the game is well-behaved, this inductive procedure defines a partition of Fn.

We define F to be the partition of H that agrees with the partition Fn of Hn for each

n ∈ N, with singleton cells for the set of nature histories Hλ.

Let J be a valid partition. We will prove that for all h, h′ ∈ Hn, if h and h′ are in the

same cell of J , then they are in the same cell of F . Observe that since J is valid, h and h′

are in the same cell of J , and the game is well-behaved, it follows that h, h′ ∈ Hl
n for some

player n ∈ N and some integer l—otherwise, player n has forgotten how many times they

were called to play.
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We argue by induction. Consider the claim: For all h, h′ ∈ Hk
n, if h and h′ are in the same

cell of J , then h and h′ are in the same cell of F .

Clearly the claim holds for k = 0. Suppose that the claim holds for all k′ < k. We

now prove that it holds for k. Take h, h′ ∈ Hk
n that are in the same cell of J . Note that

πn(h) and πn(h′) are members of the same cell of J (by perfect recall), and hence (by the

inductive claim) πn(h) and πn(h′) are members of the same cell of F . By perfect recall, for

some action a ∈ A, we have (πn(h), a) ⪯ h and (πn(h′), a) ⪯ h′. In addition, A(h) = A(h′),

otherwise J is not valid. Thus, there exists F ∈ F k
n such that h, h′ ∈ F, so h and h′ are in

the same cell of F . Thus the claim holds for every integer k. The game is well-behaved, so⋃
k Hk

n = Hn, which completes the proof.

C.1.2 Proof of Theorem 3.2.3

Let (σk
N , (σI,k)I∈IN ) be a sequence of cursed-plausible assessments that converge to (σN , (σI)I∈IN ),

and define σk ≡ (σk
N , σλ) and σ ≡ (σN , σλ).

To show that the assessment (σN , (σI)I∈IN ) is cursed-plausible, we need to show that for

any player n ∈ N and information set I ∈ In, σI is cursed-plausible with σN . Take any such

player and information set. The first and third requirements of cursed-plausibility follow by

inspection. We now prove the second requirement holds.

Take any m ̸= n, I′ ∈ Im such that µ[σ](I ∩ F(I′)) > 0. For any a ∈ A(I′), we have that

the right-hand side of (3.2) is

µ[σ]({(h, a) : h ∈ F(I′)} | I ∩ F(I′))

= lim
k→∞

µ[σk]({(h, a) : h ∈ F(I′)} | I ∩ F(I′))

= lim
k→∞

σI,k
m (a, I′) = σI

m(a, I′).

(C.2)

The first equality follows by limk→∞ σk = σ and µ[σ](I ∩ F(I′)) > 0. The second equality

follows by definition of cursed-plausibility. The third equality follows by limk→∞ σI,k = σI .

Thus, (σI)I∈IN is cursed-plausible with σN .
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C.1.3 Proof of Theorem 3.2.4

The proof is similar to the existence proof for sequential equilibrium, and consists of three

steps. In step I, we construct a perturbed game Gε that is identical to the original game

in structure, but where each player in each information set must play any available action

with probability ≥ ε. We define a cursed best-response correspondence for the ε-games, Bε.

In step II, we use Kakutani’s theorem to show that Bε has a fixed point. Lastly, in step III,

we use a sequence of fixed points of Bε in the perturbed games, with ε converging to 0, to

construct a SCE.

Step I

Let Gε be a game identical to G, but in which each player n ∈ N must play each action with

probability ≥ ε. Let Σε
N be the set of feasible strategy profiles for the players in Gε.

Consider a strategy profile σN for the game Gε. For any information set I, let C((σN , σλ), I)

be a cursed-plausible conjecture with the additional property that player P(I)’s self-

conjecture about present and future actions maximizes their expected utility when the

other players follow the conjecture. This conjecture exists and is unique; Since σN is fully

mixed, cursed-plausibility pins down each player’s conjecture about other players, nature,

and their own past actions (the conjecture at information set I places probability 1 on the

self-actions leading to I). Utility maximization pins down each player’s conjecture about

their own present and future actions.

We say that a strategy profile σN is a local best-response to the system of conjectures

(σI)I∈IN if for every player n ∈ N and every information set I ∈ In, there exists partial

strategy σ̃I
n such that σ̃I

n(I) = σn(I) and σ̃I
n maximizes n’s expected utility when play is

initialized by ρ(σI , I) and proceeds according to (σ̃I
n, σI

−n), that is, if

σ̃I
n ∈ argmax

σ̂I
n

{
∑
h∈I

ρ(h, σI , I)un(h, σ̂I
n, σI

−n)

}
. (C.3)

Define the cursed best-response correspondence Bε : Σε
N ⇒ Σε

N to be the correspondence

from perturbed strategy profiles σN ∈ Σε
N to strategy profiles σ̂N that are ε-constrained
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local best-responses to the cursed conjectures induced by (σN , σλ), that is C((σN , σλ), I) for

I ∈ IN .

Step II

We fix ε > 0 and show that Bε has a fixed point by Kakutani’s theorem. We now check the

conditions of the theorem.

1. Σε
N is compact and convex. (Straightforward.)

2. For every σN ∈ Σε
N , Bε (σN) is nonempty and convex. (Straightforward.)

3. Bε has a closed graph.

We want to show that if
{

σk
N
}

k∈N
⊆ Σε

N is such that σk
N → σN ∈ Σε, and there is

an image sequence σ̂k
N where σ̂k

N ∈ Bε
(
σk

N
)
, and σ̂k

N → σ̂N for some σ̂N ∈ ΣN , then

σ̂N ∈ Bε (σN).

Fix a player n and an information set I ∈ In. Let σ́I,k ≡ C((σk
N , σλ), I) and σ́I ≡

C((σN , σλ), I). Observe that C(σ, I) and ρ(σ, I) are continuous in σ, hence σ́I,k → σ́I

and ρ(σ́I,k, I) → ρ(σ́I , I).

Let us define

ζk
n ≡

{
σ̃n ∈ Σε

n : σ̃n(I) = σ̂k
n(I)

}
, (C.4)

ζn ≡ {σ̃n ∈ Σε
n : σ̃n(I) = σ̂n(I)} . (C.5)

Since σ̂k
N ∈ Bε(σk

N), it follows that for all σ̃n ∈ Σε
n, we have

max
σ̆n∈ζk

n

{
∑
h∈I

ρ(h, σ́I,k, I)un(h, σ̆n, σ́I,k
−n)

}
≥ ∑

h∈I
ρ(h, σ́I,k, I)un(h, σ̃n, σ́I,k

−n). (C.6)

Taking limits on both sides of (C.6), by continuity it follows that

max
σ̆n∈ζn

{
∑
h∈I

ρ(h, σ́I , I)un(h, σ̆n, σ́I
−n)

}
≥ ∑

h∈I
ρ(h, σ́I , I)un(h, σ̃n, σ́I

−n). (C.7)

Hence we have σ̂N ∈ Bε(σN), as desired.

By Kakutani’s theorem, it follows that Bε has a fixed point.
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Step III

We now construct a SCE for the original game G. Let
(
σk

N
)

k∈N
be a sequence of fully mixed

strategy profiles such that σk
N ∈ Bεk (

σk
N
)
, for εk → 0. Let us define σk ≡ (σk

N , σλ). By

compactness and G finite, we can pass to a subsequence such that:

1. The sequence of strategy profiles σk
N converges.

2. For all I ∈ IN , the sequence of σI,k ≡ C(σk, I) converges.

3. For all I ∈ IN , and all h ∈ I, the sequence of probabilities µ[σk]({h} | I) converges.

Without loss of generality, let us suppose those properties hold for the original sequence,

denoting the limits σN ≡ limk→∞ σk
N and σI ≡ limk→∞ σI,k.

Next, we prove that (σI)I∈IN is a system of conjectures, that is, µ[σI ](I) > 0 for all I ∈ IN .

Take any information set I ∈ IN . If I contains the root, then trivially µ[σI ](I) = 1 > 0.

Suppose otherwise. By convergence of µ[σk]({h} | I) for all h ∈ I and finiteness of I, we

can pick h ∈ I and such that limk→∞ µ[σk]({h} | I) > 0. To reduce clutter, we suppress the

braces {} when measuring sets containing a single history.

Let us take the path of histories from the root h1 to h; that is (hl)
L
l=1 with actions (al)

L
l=1,

such that (hl , al) = hl+1 and (hL, aL) = h. Let (Il)
L
l=1 denote the corresponding information

sets. Observe that

µ[σI,k](I) ≥ µ[σI,k](h) =
L

∏
l=1

σI,k
P(Il)

(al , Il). (C.8)

By construction of σI,k and then by hl ∈ Il ⊆ F(Il), we have

σI,k
P(Il)

(al , Il) ≥ µ[σk]({(h, al) : h ∈ F(Il)} | I ∩ F(Il)) ≥ µ[σk]((hl , al) | I). (C.9)

Since (hl , al) ⪯ h, we have

µ[σk]((hl , al) | I) ≥ µ[σk](h | I). (C.10)

Combining (C.8), (C.9), and (C.10), we have

µ[σI,k](I) ≥
L

∏
l=1

σI,k
P(Il)

(al , Il) ≥
L

∏
l=1

µ[σk]((hl , al) | I) ≥ µ[σk](h | I)L. (C.11)
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By continuity and then by (C.11) we have

µ[σI ](I) = lim
k→∞

µ[σI,k](I) ≥ lim
k→∞

µ[σk](h | I)L > 0. (C.12)

This argument holds for any I ∈ IN , so (σI)I∈IN is a system of conjectures.

It follows that (σN , (σI)I∈IN ) is an assessment. By construction, (σN , (σI)I∈IN ) is cursed-

consistent.

All that remains to prove is that (σN , (σI)I∈IN ) is locally rational.

Consider a player n ∈ N and an information set I ∈ In. For any k ∈ N, the definition

of σI,k
n = C(σk, I) implies that σI,k

n maximizes n’s expected utility when play is initialized

by ρ(σI,k, I) and proceeds according to σI,k
−n. At the limit and by continuity of the utilities,

this implies that σI
n maximizes n”s expected utility when play is initialized by ρ(σI , I) and

proceeds according to σI
−n.

The last requirement of local rationality is σn(I) = σI
n(I). We show that by proving that

σN is a local best-response to (σI)I∈IN . Fix any player n and any I ∈ In. Let ζn denote the

set of strategies that agree with σn at I, that is

ζn ≡ {σ̃n : σ̃n(I) = σn(I)} . (C.13)

Let Σεk

n denote the set of εk-constrained strategies for n. Let ζk
n denote the subset of Σεk

n that

agrees with σk
n at I; that is,

ζk
n ≡

{
σ̃n ∈ Σεk

n : σ̃n(I) = σk
n(I)

}
. (C.14)

Take any σ̃n, and let (σ̃k
n)k∈N be a sequence converging to σ̃n that satisfies σ̃k

n ∈ Σεk

n . Since

σk
N ∈ Bεk (

σk
N
)
, it follows that

max
σ̂n∈ζk

n

{
∑
h∈I

ρ(h, σI,k, I)un(h, σ̂n, σI,k
−n)

}
≥ ∑

h∈I
ρ(h, σI,k, I)un(h, σ̃k

n, σI,k
−n). (C.15)

We take limits on both sides of (C.15). By continuity, this yields

max
σ̂n∈ζn

{
∑
h∈I

ρ(h, σI , I)un(h, σ̂n, σI
−n)

}
≥ ∑

h∈I
ρ(h, σI , I)un(h, σ̃n, σI

−n). (C.16)
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Thus, σN is a local best-response to (σI)I∈IN . We have established that the assessment

(σN , (σI)I∈IN ) is a SCE, as desired.

C.1.4 Proof of Theorem 3.2.9

Lemma C.1.1. Given a finite simultaneous Bayesian game, any strategy profile σN , and any

I, I′ ∈ IN , if I and I ′ are compatible then we have

µ[σ](I ∩ F(I′)) > 0. (C.17)

Proof. Let state ω be such that {ω} ⪯ I. We have

0 < σλ(ω) ≤ µ[σ](I) = µ[σ](I ∩ F(I′)). (C.18)

The strict inequality follows since nature’s strategy is fully mixed and the game is finite. The

weak inequality is by definition of information sets for a simultaneous Bayesian game. The

equality follows since every player is called to play once, and F(I′) = ∪In for n = P(I′).

By Lemma C.1.1, we have that the assessment (σN , (σI)I∈IN ) is cursed-plausible if and

only if it is cursed-consistent, which proves the equivalence of Clause 2 and Clause 3 of

Theorem 3.2.9.

Next we prove the equivalence of WPCE and ICE. By Lemma C.1.1, for any σN there

exists a unique system of conjectures (σI)I∈IN for which:

1. (σI)I∈IN is cursed-plausible with σN .

2. For every n ∈ N and I ∈ In, σI
n(I) = σn(I).

Cursed plausibility pins down each player’s conjectures about other players and nature,

and self-conjectures are set to equal the strategy. Note that conjectures about future play are

irrelevant in a simultaneous game. Thus, the assessment (σN , (σI)I∈IN ) is cursed-plausible.

Then, Clause 2 of Theorem 3.2.9 holds if and only if σN is a local best-response to (σI)I∈IN ,

making the assessment (σN , (σI)I∈IN ) locally rational.
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Next we prove that σN is a local best-response to (σI)I∈IN if and only if σN is an ICE.

Take any I ∈ In, with associated type Tn ∈ Tn. Take any compatible I′ ∈ Im for m ∈ N \ {n},

and any a ∈ A(I′). By definition of a simultaneous Bayesian game, we have F(I′) = ∪Im,

and µ[σ](F(I′) | I) = 1. Moreover, the distribution of m’s actions conditional on I is equal

to the distribution of m’s actions conditional on type Tn. It follows that

σI
m(a, I′) = µ[σ]({(h, a) : h ∈ F(I′)} | I ∩ F(I′)) =

∑ω∈Tn
σλ(ω)σm(a, ω)

∑ω∈Tn
σλ(ω)

= γm(am | σm, Tn).

(C.19)

Moreover, chance moves at a single information set containing the root, Iλ = {h0}, so

σI
λ(ω, Iλ) =

σλ(ω)

∑ω′∈Tn
σλ(ω′)

. (C.20)

From (C.19) and (C.20), it follows that σN is a local-best response to (σI)I∈IN if and only if

σN is an ICE. This completes the proof of Theorem 3.2.9.

C.1.5 Proof of Theorem 3.4.1

A necessary condition for cursed equilibrium is that b1P(x) must be in the set

argmax
β

∫ b−1(β)

x
(v(x)− β) fY1(α)dα. (C.21)

Theorem 3.4.1 follows by rearranging the first-order condition of (C.21) and then using the

same arguments as for Theorem 14 of Milgrom and Weber (1982).

C.1.6 Proof of Theorem 3.4.2

The first-order condition of (3.18) yields

v(x, x)− b(x) fY1(x | x)
b′(x)

− FY1(x | x) = 0. (C.22)

The ODE follows by rearranging (C.22) and then using the same arguments as for Theorem

14 of Milgrom and Weber (1982).

Next we prove that the bidder is willing to wait at all prices that exceed b(x). Take any
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x′ > x. By v increasing in its first argument, we have

v(x, x′) < v(x′, x′). (C.23)

By Lemma 1 of Milgrom and Weber (1982), we have

fY1(x′ | x)
FY1(x′ | x)

≤ fY1(x′ | x′)
FY1(x′ | x′)

. (C.24)

Combining (3.20), (C.23), and (C.24) yields

d
dx′

bDutch(x′) > [v(x, x′)− bDutch(x′)]
fY1(x′ | x)
FY1(x′ | x)

, (C.25)

which implies that (3.19) is maximized at β < b(x′).

C.1.7 Proof of Theorem 3.4.3

Theorems 2 and 4 of Milgrom and Weber (1982) yield the following lemma.

Lemma C.1.2. The random variables (Y1, X1) are affiliated.

We have, for all x,

v(x, x) = E [V | X1 = x, Y1 ≤ x] ≤ E [V | X1 = x, Y1 ≤ x] = r(x). (C.26)

The inequality in (C.26) follows by Lemma C.1.2, w non-decreasing, and Theorem 5 of

Milgrom and Weber (1982). By (3.15), (3.21), and (C.26), we have bDutch(x) ≤ b1P(x). By

(3.14), and (3.20), and (C.26), we have that bDutch(x) > b1P(x) implies that d
dx bDutch(x) ≤

d
dx b1P(x). By Lemma 2 of Milgrom and Weber (1982), we have Theorem 3.4.3.

C.1.8 Proof of Theorem 3.4.6

Now we prove Theorem 3.4.6. We have, for all x,

bsilent(x) = E[V | X1 = x, Y1 ≥ x] ≥ E[V | X1 = x, Y1 ≥ x] = b2P(x). (C.27)

The inequality follows by Lemma C.1.2, w non-decreasing, and Theorem 5 of Milgrom and

Weber (1982)
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C.2 Illustrating the difference between SCE and CSE

In this section, we contrast SCE with the solution concept proposed by Fong et al. (2023a).

Their χ-CSE is defined for multi-stage games with observed actions. This restriction rules

out the possibility that one player is privately informed about another player’s actions. In

multi-stage games with observed actions, each player n observes their own type θn ∈ Θn,

and then play proceeds in stages t = 1, . . . , T. At each stage t, players observe all actions

from previous stages (an,t′)n∈N,t′<t, and then choose actions (potentially simultaneously).

The set of feasible actions can depend on the public history, but not on the players’ private

types.

Fong et al. (2023a) represent player n’s beliefs as a function from public histories H and

n’s types Θn to distributions over opponent types, ϕn : H× Θn → ∆(Θ−n). A belief system

ϕ ≡ (ϕn)n∈N specifies beliefs for each player. An assessment (ϕ, σN) consists of a belief

system ϕ ≡ (ϕn)n∈N and a behavioral strategy profile σN . Given an assessment (ϕ, σN), and

a player n, let us define the average opponent behavioral strategy profile as

σ−n

(
at
−n | ht−1, θn

)
≡ ∑

θ−n

ϕn

(
θ−n | ht−1, θn

)
σ−n

(
at
−n | ht−1, θ−n

)
. (C.28)

The key idea is that, given an assessment (ϕ, σN), each player responds as if at each

stage, with probability (1 − χ) all opponents play according to the true strategy profile

σ−n, and with probability χ all opponents play according to σ−n (which is independent

of their types). Let the corresponding probability of opponent actions at
−n be denoted

σ
χ
−n
(
at
−n | ht−1, θn, θ−n

)
. By assumption, the randomization between σ−n and σ−n is inde-

pendent across stages.

Let Ψχ be the set of assessments (ϕ, σN) such that σN is fully mixed and each player’s

beliefs ϕn are derived using Bayes’ rule under the assumption that opponents play according

to σ
χ
−n. An assessment (ϕ, σN) is a χ-cursed sequential equilibrium if:

1. (ϕ, σN) is in the closure of Ψχ, and

2. for each public history ht, each player n, and each type θn, the action distribution
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σn(ht, θn) maximizes type θn’s conditional expected payoff given belief ϕn, when play

continues according to (σn, σ
χ
−n).

We illustrate the difference between SCE and χ-CSE with examples. Consider Figure C.1a.

This is a two-stage game with observed actions, with two types for player 2, denoted θL
2

and θR
2 . Player 1 moves in stage 1, and then player 2 observes 1’s action and moves in

stage 2. It is a strictly dominant strategy for player 2 to play l after L and r after R. It is

a Bayesian Nash equilibrium for player 1 to respond by playing b, and this equilibrium

is unique. However, under SCE, player 1 neglects how 2’s actions depend on 2’s private

information; in the unique SCE, player 2 plays its dominant strategy and player 1 plays a.

This strategy profile is also a χ-CSE, for any χ ≥ 2/3.

l r
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l r
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(a) Player 1 goes first
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1 1 1 1

(b) Player 2 goes first

Figure C.1: Examples that distinguish SCE and χ-CSE.

SCE allows for cursedness about endogenous information, whereas χ-CSE does not.

To illustrate this, suppose that we alter the game in Figure C.1a, replacing nature with a

fictitious player 0, who is indifferent between all terminal histories. There is an equivalent

SCE in which player 0 plays (L, .5; R, .5), player 1 plays a, and player 2 plays its dominant

strategy—in this example, player 1 is cursed about endogenous information.

By contrast, χ-CSE does not allow player 2 to make mistakes in the game with a fictitious

player. (This is still a two-stage game with observed actions, so χ-CSE is still well-defined;

in stage 1, players 0 and 1 choose simultaneously, and in stage 2 player 2 observes the earlier
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actions and then chooses.) Now every player’s type set is singleton, so χ-CSE reduces to

sequential equilibrium for any χ ∈ [0, 1]. Thus, χ-CSE predicts that if player 0 plays L with

positive probability, then player 1 plays b. This illustrates how χ-CSE does not allow for

cursedness about endogenous information.

SCE distinguishes between hypothetical and observed events, whereas χ-CSE does not.

To illustrate this, consider the game in Figure C.1b. This is also a two-stage game, but the

stages are reversed compared to Figure C.1a: Player 2 moves in stage 1, and then player 1

observes 2’s action and moves in stage 2. As before, it is strictly dominant for player 2 to

play l after L and r after R. Given this behavior, at player 1’s information set {Ll, Rl}, any

cursed-plausible conjecture specifies that nature has played L with probability 1. Thus, in

every SCE player 1 plays b after player 2 plays l; observing player 2’s action prevents player

1 from making a mistake.

By contrast, χ-CSE does not predict that observing player 2’s action helps player 1 avoid

mistakes. Under χ-CSE player 1 responds as if with probability (1−χ), player 2 plays l given

type θL
2 and r given type θR

2 , and with probability χ, player 2 plays (l, .5; r, .5) independently

of its type. Thus, if assessment (ϕ, σn) is a χ-CSE, then player 1 believes that after the public

history in which 2 plays l, player 2 has type θL
2 with probability 1 − χ/2. Playing a is a

best-response to this belief for χ ≥ 2/3. Thus, χ-CSE makes the same prediction regardless

of whether player 1 chooses hypothetically (as in Figure C.1a) or after observing 2’s action

(as in Figure C.1b).

SCE players can be dynamically inconsistent, because they behave differently when

choosing prospectively (Figure C.1a) compared to choosing retrospectively (Figure C.1b).

Example 3.2.8 illustrates these inconsistencies: Under SCE, Groucho joins the club, but

resigns after learning that the club accepted him.

This dynamic inconsistency does not arise under χ-CSE. If χ is high enough that

Groucho accepts, then χ is too high for Groucho to resign. In any χ-CSE of Example 3.2.8,

Groucho believes at the first information set that with probability χ the club plays (d, 2
3 ; a, 1

3 )

independently of its type, and with probability (1 − χ) the club plays a in state ω1 and
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d in state ω2. It is a best-response for Groucho to play a only if χ ≥ 3/4. But at the last

information set Groucho believes that the state is ω1 with probability χ 1
3 + (1 − χ)1, a

weighted average of the fully cursed belief and the Bayesian belief. At that information set,

it is a best-response for Groucho to resign only if χ ≤ 3/8. Thus, under χ-CSE (for any

parameter χ) if Groucho accepts at the first information set, then he confirms at the last

information set.

In summary, we see the key distinctions between SCE and χ-CSE as follows: First,

χ-CSE predicts only cursedness about types, whereas SCE also predicts cursedness about

endogenous information. Second, SCE predicts that players make different inferences from

hypothetical events and observed events, whereas χ-CSE predicts that they do not. Third,

these different inferences lead players to be dynamically inconsistent under SCE, whereas

similar inconsistencies do not arise under χ-CSE.

C.3 WPCE for infinite action sets

WPCE extends to games with infinite action sets. For this purpose, we must now be

more explicit about measure. Suppose we have some sigma-algebra Z on the set of

terminal histories Z, and the strategy profile σ induces a probability measure µ[σ] on

Z .1 As before, we abuse notation to treat each set of histories Q as equivalent to the

set of terminal histories that succeed Q. Take two information sets I and I′, such that

I ∩ F(I′) ∈ Z and the conditional distribution over I ∩ F(I′) exists, which we denote

µ[σ, I ∩ F(I′)]. Suppose we have some sigma-algebra A on the set of actions A(I′). Consider

the function α : I ∩ F(I′) → A(I′), defined by α(z) ≡ {a ∈ A(I′) : ∃h ∈ F(I′) : (h, a) ⪯ z}. If

α is a measurable function, then we can define the image measure of µ[σ, I ∩ F(I′)] under α;

that is, the probability measure µ̃A(I′)[σ, I ∩ F(I′)] on A such that

µ̃A(I′)[σ, I ∩ F(I′)](Q) ≡ µ[σ, I ∩ F(I′)](α−1(Q)) for each Q ∈ A. (C.29)

1We require that each utility function is measurable with respect to that sigma-algebra, and that the
sigma-algebra includes the sets {z ∈ Z : I ≺ {z}} for each I ∈ I and the sets {z ∈ Z : F ≺ {z}} for each F ∈ F .
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The definition of WPCE offered in Section 3.2.1 extends to infinite action sets, with just

two modifications.

First, instead of requiring that the conjecture σI reaches information set I with positive

probability, we require that σI is such that the conditional distribution over I exists.

Second, when defining cursed-plausibility, we replace Clause 2 of Definition 3.2.2 with

the following requirement: For all m ̸= n and all I′ ∈ Im, for σ ≡ (σN , σλ), we have

σI
m(I′) = µ̃A(I′)[σ, I ∩ F(I′)] (C.30)

if the conditional distribution defined by (C.29) exists.

There are many obstacles to extending sequential equilibrium to games with infinite

action sets.2 SCE is built on the sequential equilibrium machinery, so it seems unlikely that

SCE has a simple extension to such games.

C.4 An example with F = I

Sequential equilibrium and sequential cursed equilibrium may not coincide, even if every

coarse set contains exactly one information set (that is, F = I). Even in these cases, the

cursed-plausible conjectures can neglect to condition on strategically-relevant hypothetical

events. For an example, consider the extensive game in Figure C.2. Players 1 and 2 are

playing matching pennies against each other. This game has a unique Nash equilibrium, in

which 1 plays (H .5, T .5), 2 plays (h .5, t .5) and 3 plays a.

The strategy profile in Figure C.2 is not a Nash equilibrium, and hence not a sequential

equilibrium; player 3 can profitably deviate to play a. However, this strategy profile is

a SCE. Conditional on player 3’s information set I3 and player 1’s coarse set, 1 plays T

with probability 2
3 , so the cursed-plausible conjecture at I3 specifies that 1 plays

(
H 1

3 , T 2
3

)
.

Conditional on I3 and player 2’s coarse set, player 2 plays t with probability 2
3 , so the

cursed-plausible conjecture at I3 specifies that 2 plays
(
h 1

3 , t 2
3

)
. Facing this conjecture, it is

2For a discussion of these obstacles and a proposed solution, see Myerson and Reny (2020).
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Figure C.2

a local best response for 3 to play b.

In this example, even though player 1 and player 2’s behavior are uncorrelated ex ante,

they are correlated conditional on I3. At I3, player 3 is told “either 1 played T or 2 played t".

Player 3 correctly infers that player 2 played t with probability 2
3 . But what matters is that

conditional on player 1 playing T, player 2 played t with probability 1
2 , and player 3 fails to

condition on this hypothetical event. If we altered this example so that player 3 observes

that 1 played T (deleting the leftmost history in I3), then player 3 would respond optimally,

and SCE and sequential equilibrium would predict the same behavior.

C.5 Clock cursed equilibrium for the canonical English auction

A clock cursed equilibrium of the canonical English auction is a profile of bidding

functions (bk)k∈{0,...,|N|−2} such that for all (y|N|−1, . . . , y|N|−k) and for all x > x′ ≥ y|N|−k,

there exists β > bk(x′ | y|N|−1, . . . , y|N|−k) that maximizes

E
[
(vk(x, y|N|−1, . . . , y|N|−k, x′)− B)1B≤β | ξ, Y|N|−k−1 ≥ x′

]
, (C.31)

and for all x ≥ y|N|−k, the bid bk(x | y|N|−1, . . . , y|N|−k) is in

argmax
β

E
[
(vk(x, y|N|−1, . . . , y|N|−k, x)− B)1B≤β | ξ, Y|N|−k−1 ≥ x

]
, (C.32)
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for the random variable B ≡ b|N|−2
(
Y1 | Y|N|−1, . . . , Y2

)
, where ξ denotes the event X1 =

x, Y|N|−1 = y|N|−1, . . . , Y|N|−k = y|N|−k.

C.6 Causal Sequential Cursed Equilibrium

We define causal sequential cursed equilibrium. Essentially, at each information set, we keep

track of one conjecture for each available action, enabling the active player to understand

how choosing different actions affects the other players’ behavior.

Let σn/(I, a) denote the strategy that is identical to σn except that it plays a for certain at

I. Let Q ≡ {(I, a) : I ∈ IN , a ∈ A(I)}. An action-conjecture σI,a specifies play at all I′ such

that {(h, a) : h ∈ I} ⪯ I′ or vice versa. Given fully mixed σ and (I, a) ∈ Q, we define the

causal cursed C(σ, I, a) as the action-conjecture that places probability 1 on a in information

set I, and agrees with C
((

σP(I)/(I, a), σ−P(I)

)
, I
)

on past information sets of the active

player P(I) and on all the relevant information sets of others.3

A causal system of conjectures (CSC) is a collection (σI,a)(I,a)∈Q, and a causal assess-

ment is a tuple (σN , (σI,a)(I,a)∈Q). A causal assessment (σN , (σI,a)(I,a)∈Q) is cursed-consistent

if there exists a sequence of fully mixed strategy profiles (σk
N)

∞
k=1 converging to σN , such that

for all (I, a) ∈ Q, we have σI,a = limk→∞ C
((

σk
N , σλ

)
, I, a

)
. A causal assessment is locally

rational if for every player n ∈ N and every information set I ∈ In, if σn plays a with

positive probability at I, then

a ∈ argmax
â∈A(I)

max
σ̂n

{
∑
h∈I

ρ
(

h, σI,â, I
)

un

(
h, σ̂n/(I, â), σI,â

−n

)}
(C.33)

and σI,a
n maximizes n’s expected utility when play is initialized by ρ

(
h, σI,a, I

)
and proceeds

according to σI,a
−n.

A causal sequential cursed equilibrium is a pair (σN , (σI,a)(I,a)∈Q) that satisfies cursed-

consistency and local rationality. We omit the existence proof, since it is a straightforward

3Observe that C
((

σP(I)/(I, a), σ−P(I)

)
, I
)

is not well-defined at information sets that are ruled out by
playing a at I.
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adaptation of the proof of Theorem 3.2.4.
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