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Abstract
We develop a dynamic model in which investors must learn whether others are informed and, therefore, how to use the information in prices. We show that the price
is a non-linear function of the underlying signal, and expected returns and volatility
are stochastic and persistent, even though shocks to fundamentals and signals are i.i.d.
The price reaction to information about dividends is asymmetric: the price reacts more
strongly to bad news than it does to good news. The model also generates volatility
clustering in which large return realizations, which are associated with dividend surprises, are followed by higher volatility and higher expected returns.
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Introduction

As early as Keynes (1936), it has been recognized that investors face uncertainty not only
fundamentals, but also about the underlying characteristics and trading motives of other
market participants. The asset pricing literature has focused primarily on the former, taking
the latter as common knowledge. Arguably, this requires an unrealistic degree of sophistication on the part of market participants. For example, it seems unlikely that investors
who are uncertain about fundamentals, know, with certainty, whether other investors are
privately informed.
We develop a framework to study return dynamics when investors must learn whether
others are informed. Investors have mean-variance preferences and trade competitively in
a centralized market by submitting limit orders. There are two groups of investors: the
uninformed and the potentially informed. Potentially informed investors receive a signal in
each period which they believe is informative about next period’s dividends. Uninformed
investors use prices and realized dividends to learn about whether the potentially informed
investors are actually informed and, consequently, to update their beliefs about future dividends. As such, the uninformed investors in our model learn about whether the price is
informative about fundamentals.1
The model predicts return dynamics that are consistent with empirical evidence but are
difficult to generate in standard RE models. This is because, in our model, the price is
non-linear in the aggregate information and depends on the uninformed investors’ beliefs
about whether other investors are informed. Since these beliefs evolve endogenously over
time, expected returns and return volatility are both stochastic and persistent, even though
shocks to fundamentals and signals are i.i.d. The model predicts that the price reacts more
strongly to negative news than it does to positive news. In fact, the price may even decrease
following positive signals about dividends. Moreover, the model can generate volatility
clustering in which large (positive or negative), unexpected return realizations in the current
period are followed by higher return volatility and higher expected returns in the next period.
Finally, the relation between information quality and returns endogenously varies over time
and depends on the degree to which investors agree on the informativeness of the signal:
perhaps surprisingly, higher quality information can lead to higher expected returns and
volatility when there is sufficient disagreement.
1

In our setting, the presence of noise traders is unnecessary for generating non-trivial outcomes. Although
the signal of the potentially informed is perfectly revealed in equilibrium, uninformed investors are unsure
whether the signal conveys payoff relevant information and trade occurs due to the lack of a common prior.
In Appendix B, we characterize how a model with common priors and noisy aggregate supply can generate
qualitatively similar results.
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The mechanism driving these results derives from the uninformed investors’ filtering problem. Conditional on the other traders being informed, an uninformed investor’s inference
problem is linear in the signal — a positive signal (i.e., good news) increases the conditional
expectation about fundamentals, and a negative signal (i.e., bad news) decreases the conditional expectation. However, since uninformed investors are unsure about whether informed
traders are present, a surprise in the signal (in either direction) increases the uninformed
investors’ uncertainty, or posterior variance, about fundamentals. As a result, the posterior
variance of uninformed investors depends on the signal, which, in turn, generates stochastic
expected returns and return volatility.
Prices react asymmetrically to news due to the multi-dimensionality of the filtering problem. When there is a negative surprise, an uninformed investor’s conditional expectation is
lower and her conditional variance is higher, both of which lead to a decrease in the price.
However, when there is a positive surprise, the conditional expectation is higher but so is the
conditional variance, and these have off-setting effects on the price. As a result, prices are
more sensitive to bad news, or negative surprises, than to good news. When the magnitude
of a positive surprise in the signal is small relative to the overall risk concerns, the effect on
the conditional variance dominates and the price decreases with additional good news.
Volatility clustering is a result of how an uninformed investor updates her beliefs in response to realized dividends. Since an uninformed investor forms her conditional expectation
of next period’s dividends based on the signal of the potentially informed investors, a dividend realization that is far from her conditional expectation (i.e., a large dividend surprise)
leads her to revise her belief about the informativeness of the signal downwards. In other
words, big surprises in dividend realizations, which are accompanied by return realizations,
reduce the likelihood that the potentially informed investors are actually informed. In turn,
this can increase the uninformed investor’s uncertainty about fundamentals and, therefore,
lead to higher volatility and higher expected returns in future periods.
Finally, we show that the relation between the information quality of the signal and return
moments depends on whether investors agree on the interpretation of the signal. For instance,
if investors agree on informativeness of the signal (i.e., if the uninformed investors put a high
probability on the other traders being informed), then higher information quality reduces
uncertainty about fundamentals and, intuitively, leads to lower expected returns and return
volatility. However, if the uninformed investors believe that other investors are not likely
to be informed, the opposite relation obtains. A more informative signal for the potentially
informed investors induces them to trade more aggressively, which, from an uninformed
investor’s perspective, introduces more noise to current and future prices and, therefore,
leads to higher expected returns and volatility. Since the uninformed investors’ beliefs about
2

whether the others are informed evolves over time, the relation between information quality
and expected returns (and volatility) varies endogenously in our model. As such, our model
may help reconcile the apparently conflicting empirical evidence documented about this
relation at the firm level (see Section 5.2).
The rest of the paper is organized as follows. We discuss the related literature in the
next section. Section 3 presents the setup of the general model. In Section 4, we solve the
static version of the model, which allows us to highlight the intuition for many of our results
transparently. Section 5 analyzes the dynamic model in generality and presents our main
results, and Section 6 concludes. Unless otherwise specified, all proofs are in Appendix A.
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Related Literature

While the majority of the RE literature has focused on linear-normal equilibria, a number
of papers have explored the effects of relaxing the assumption that fundamental shocks
and signals are normally distributed (e.g., Ausubel, 1990; Foster and Viswanathan, 1993;
Rochet and Vila, 1994; DeMarzo and Skiadas, 1998; Barlevy and Veronesi, 2000; Spiegel
and Subrahmanyam, 2000; Breon-Drish, 2010; and Albagli, Hellwig, and Tsyvinski, 2011).
Our paper contributes to this literature by developing a model in the non-linearity arises
endogenously. Specifically, even though shocks to fundamentals and signals are normally
distributed in our model, since the uninformed investor is uncertain about whether other
investors are informed, her beliefs about the price signal are given by a mixture of normals
distribution.2
A closely related non-linearity arises in the incomplete information, regime switching
models of David (1997), Veronesi (1999), David and Veronesi (2008, 2009), and others, in
which a representative investor updates her beliefs about which macroeconomic regime she
is currently in using signals about fundamental shocks (e.g., dividends). In these models, the
non-linearity in representative investor’s filtering problem leads to time-variation in uncertainty and, consequently, variation in expected returns and volatility. Stochastic volatility
also arises in noisy rational expectations models, like Fos and Collin-Dufresne (2012), in
which noise trader volatility is stochastic and persistent. In contrast, these features arise
endogenously in our model even though shocks to both fundamentals and news are i.i.d., and
2
In a series of papers, Easley, O’Hara and co-authors analyze the probability of informed trading (PIN)
in a sequential trade model similar to Glosten and Milgrom (1985) (e.g., Easley, Kiefer, and O’Hara, 1997a;
Easley, Kiefer, and O’Hara, 1997b; Easley, Hvidkjaer, and O’Hara, 2002). In these papers, the risk-neutral
market maker updates her valuation of the asset based on whether a specific trade is informed or not, but
does not face uncertainty about the likelihood of informed traders in the market. In contrast, the uninformed
investor in our model must update their beliefs, not only about the value of the asset, but also about the
probability of other investors being informed, which leads to non-linearity in prices.
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are driven by how uninformed investors learn to use the price to update their beliefs about
fundamentals.
Cao, Coval, and Hirshleifer (2002) show how limited or costly participation by investors
can also generate stochastic volatility endogenously, as well as large price movements in response to little, or no, apparent information.3 Sidelined investors update the interpretation
of their private signals based on what they learn from prices, and only enter the market
once they are sufficiently confident. In our model, which we view as complementary, uninformed investors learn about the trading motives of other investors, and consequently, the
informativeness of the price.
Within the microstructure literature, our model is closely related to a number of papers
in which investors face multiple dimensions of uncertainty. Gervais (1997) considers a static
Glosten and Milgrom (1985) model in which the market maker is uncertain about the precision of informed trader’s signal. Romer (1993), Avery and Zemsky (1998) and Gao, Song,
and Wang (2012) consider models in which the proportion of informed traders is uncertain
(but is not learned over time). Li (2011) considers a generalization of the continuous-time,
Kyle-model of Back (1992) that allows for uncertainty about whether the strategic trader is
informed or not. In contrast to the focus of these earlier papers on the market microstructure
implications of multidimensional uncertainty (e.g., market depth, insider’s profit), we focus
primarily on the asset pricing implications. Importantly, since our model considers riskaverse investors, we are able to analyze the effect of the uninformed investor’s non-linear
learning problem on risk-premia and expected returns.
Finally, our model contributes to the differences of opinion (DO) literature, which has
been important in generating empirically observed features of price and volume dynamics (e.g., Harrison and Kreps, 1978; Harris and Raviv, 1993; Kandel and Pearson, 1995;
Scheinkman and Xiong, 2003; Banerjee and Kremer, 2010). With the exception of Banerjee,
Kaniel, and Kremer (2009), the DO models in the literature have largely ignored the role of
learning from prices, since investors agree to disagree about fundamentals, and therefore find
the information in the price irrelevant.4 In our model, investors may exhibit differences of
opinion (since all potentially informed investors believe their signals are payoff relevant), but
uninformed investors still condition on prices to update their beliefs about fundamentals. In
this sense, our model bridges the gap between the RE and DO approaches.
3

Other papers that study the informational effects of limited participation include Romer (1993), Lee
(1998), Hong and Stein (2003), and Alti, Kaniel, and Yoeli (2012).
4
In the DO model of Banerjee et al. (2009), investors agree to disagree but use the price to update their
beliefs about higher order expectations, which is useful for them to speculate against each other.

4
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Model Setup

In this section, we present the setup of the model and discuss some of our assumptions.
Payoffs. There are two assets: a risk-free asset and a risky asset. The gross risk-free rate is
normalized to R ≡ 1+r > 1. The risky asset pays a stream of dividends dt ∼ N (µ, σ 2 ), which
are i.i.d., and investors observe the realization of dt at date t. For notational convenience,
we normalize µ to zero without loss of generality.5 The aggregate supply of the risky asset
is constant and equal to Z. Denote the price of the risky asset at date t by Pt , and denote
the dollar return on the risky asset by Qt+1 , where
Qt+1 = Pt+1 + dt+1 − RPt .
Preferences. Investor i has mean-variance preferences over next period’s wealth, and trades
competitively i.e., is a price taker. In particular, she submits a limit order, xi,t , such that
xi,t = arg max Ei,t [Wi,t R + xQt+1 ] − α2 vari,t [Wi,t R + xQt+1 ],
x

(1)

and where Ei,t [·] and vari,t [·] denote her conditional expectation and variance, respectively,
given date her t information set, denoted by Fi,t , Wi,t denotes her wealth, α denotes her
risk-aversion, and xi,t denotes her trading position in the risky asset at date t. This implies
that her optimal demand for the risky asset is given by
xi,t =

Ei,t [Pt+1 + dt+1 ] − RPt
Ei,t [Qt+1 ]
=
.
αvari,t [Qt+1 ]
vari,t [Pt+1 + dt+1 ]

(2)

The optimal demand is analogous to an investor’s demand in an overlapping generations
(OLG) model (e.g., Spiegel, 1998; Banerjee, 2011). This structure facilitates tractability and
retains the key feature of a dynamic framework — namely, an investor’s optimal portfolio
depends not only on her beliefs about the fundamental dividend, but also on her beliefs
about future prices. Finally, the market clearing condition in the risky asset is given by
X

xi,t = Z.

(3)

i

An equilibrium consists of a price process, Pt , for the risky asset and investor demands, xi,t ,
that satisfy the above optimality and market clearing conditions for all i, t (i.e., (2) and (3),
respectively).
5

In the numerical example of Section 5.4, we set µ to a non-zero value to ensure that prices are nonnegative for a large region of the parameter region.
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Information and Beliefs. There are two groups of investors: the uninformed (denoted by
U ) and the potentially informed (denoted by θ). Investors within each group are identical
and behave competitively, so for ease of exposition, we will often refer to the representative
investor for each group (i.e., investor U is the representative investor for all uninformed
investors, and investor θ represents all potentially informed investors). The θ investors are
either informed (i.e., θ = I) or not informed (i.e., θ = N I), where the prior probability of
being informed is π0 ≡ Pr(θ = I). Specifically, at date t, investor θ receives a signal Sθ,t of
the form:

d + ε if θ = I
t+1
t
Sθ,t =
u + ε if θ = N I,
t+1

t

where εt ∼ N (0, σε2 ) and ut+1 ∼ N (0, σ 2 ) are independent of dt+1 .
It is convenient to parametrize the information quality of the informed investors’ signal
(i.e., SI,t ) by the Kalman gain, λ, where
λ≡

σ2
cov[SI,t , dt+1 ]
= 2
.
var[SI,t ]
σ + σε2

Note that λ is decreasing in the noise of the signal (i.e., σε2 ) and takes values between zero
and one. When λ = 0, SI,t is completely uninformative; investors learn nothing about future
dividends by observing it. Conversely, when λ = 1, SI,t perfectly reveals the realization of
next period’s dividend. Unless otherwise noted, we assume λ > 0.
Investor U does not know θ and so is unsure whether the other investors have payoff
relevant information about the asset. However, she has rational expectations about the
joint distribution of signals and fundamentals. Since there are no additional sources of
noise, one expects that in equilibrium, U will be able to infer Sθ,t from the price (i.e., Pt )
and the aggregate residual supply (i.e., Z − xθ,t ) and use this to update her beliefs about
fundamentals.6 We say that an equilibrium is a signal-revealing, if the equilibrium price and
allocations reveal Sθ,t (but not θ) to the U investor.7 In Section 4, we show that the unique
equilibrium in the static model is signal-revealing. In Section 5, we characterize properties
of signal-revealing equlibria in the general (dynamic) model. Moreover, we show that when
the U investor faces no uncertainty about θ (i.e., π0 = 0 or π0 = 1), the unique stationary
equilibrium of the dynamic model is, again, signal-revealing.
6

In our model, the equilibrium price alone does not reveal the signal Sθ,t , since Pt is non-monotonic in
Sθ,t . We follow Kreps (1977) and allow the U investor to condition not only on equilibrium prices, but also
equilibrium quantities.
7
Formally, that Sθ,t is FU,t -measurable.
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Let πt denote the probability that investor U attributes to investor θ being informed at
date t, i.e., πt ≡ PrU,t (θ = I). Then, investor U ’s conditional beliefs about the value dt+1
next period are given by
EU,t [dt+1 ] = πt λSθ,t , and

(4)

varU,t [dt+1 ] = πt σ 2 (1 − λ) + (1 − πt )σ 2 + πt (1 − πt )(λSθ,t )2 .

(5)

Investor U will also update her beliefs about whether θ is informed conditional on the realization of dt+1 using Bayes rule. In particular, the posterior probability of θ = I, conditional
on a realization of dt+1 , is given by

πt+1 =

πt Pr(Sθ,t |θ=I,dt+1 )
πt Pr(Sθ,t |θ=I,dt+1 )+(1−πt ) Pr(Sθ,t |θ=N I,dt+1 )

πt
φ
σε

=
πt
φ
σε



Sθ,t −dt+1
σε





Sθ,t −dt+1
σε

+



t
√1−π
φ
σ 2 +σε2



Sθ,t −0

√

 , (6)

σ 2 +σε2

where φ(·) is the probability distribution function for a standard normal random variable.
For simplicity, we assume that investor θ believes that her signal is informative, and
in particular, this implies that investor θ = N I has incorrect beliefs. This assumption is
made for tractability since it implies that the conditional beliefs of the potentially informed
investor are symmetric across types. For θ ∈ {I, N I}, investor θ’s conditional beliefs about
the value dt+1 next period are given by
Eθ,t [dt+1 ] = λSθ,t ,

and

varθ,t [dt+1 ] = σ 2 (1 − λ).

(7)

Discussion of Assumptions. In our model, investors exhibit differences of opinion since
θ = N I investors believe their signals are informative even though they are not. This lack of
a common prior generates trade (e.g., Milgrom and Stokey, 1982). Alternatively, one could
impose the common prior assumption but allow for aggregate shocks to supply (i.e., noise
traders) as is standard in noisy rational expectations models.8 As we discuss in Appendix
B, while we expect that many of our results are qualitatively similar in such a model, this
alternative specification is significantly less tractable than our current setup.9 Moreover,
8

Arguably, our model of θ = N I investors is closer to Black (1986)’s notion of noise traders than aggregate
supply shocks. To quote Black (1986), “Noise trading is trading on noise as if it were information. People
who trade on noise are willing to trade even though from an objective point of view they would be better
off not trading. Perhaps they think the noise they are trading on is information.”
9
In particular, the symmetry in the equilibrium trades of the I and N I investors in our specification is
very useful for tractability. This implies that by just observing xθ,t , the U investor cannot update π —
instead, she must observe dt+1 in order to update her beliefs about π. If the two types of θ traders had
equilibrium trades from different distributions, this would lead the U investor to update π twice — once

7

given the empirical evidence on the trading behavior of retail investors, the assumption
that some investors believe they are informed, even if they are not, seems quite plausible.
As we discuss in Section 5.2, the assumption also implies that our model generates novel
predictions about the relation between information quality, investor disagreement and return
characteristics.
As is common in the literature on asymmetric information in financial markets, we consider a single asset model. This assumption is made primarily for tractability. Given that
there is empirical evidence for many of our predictions for individual stocks and for market
returns (e.g., stochastic volatility, time-varying expected returns, volatility clustering), the
mechanism that we highlight may be applicable at both the firm-level and the aggregatelevel. For instance, one could interpret the risky asset in the model as an industry-level
portfolio, which bears aggregate risk, and about which investors have asymmetric information. While a general equilibrium model with multiple firms or industries is beyond the
scope of this paper, we expect the qualitative implications of the mechanism we highlight to
survive in such a setting.

4

The Static Model

In this section, we present the static version of the model, i.e., when Qt+1 ≡ dt+1 − RPt .
The static version of the model allows us to solve for equilibrium prices in closed form and
develop the underlying intuition for the model more transparently. The static setting also
helps distinguish the effects of uncertainty about θ (i.e., πt ∈ (0, 1)) from the effects of
learning about θ (i.e., updating πt ), which we consider in the dynamic setting of Section 5.
In Subsection 4.1, we characterize how the equilibrium price changes as a function of the
underlying parameters. In Subsection 4.2, we describe the model’s predictions for observables
like expected returns and volatility.
4.1

Equilibrium Prices

We begin with an explicit characterization of the price function. Note that since there
is only one trading period, U investors do not trade subsequent to updating their beliefs
about whether others are informed (i.e., after updating πt ). For notational consistency, we
retain the t subscript, which can be interpreted as time zero. The uninformed investors
prior, πt = π0 , will be a key parameter of interest; comparative statics with respect to πt in
the static model will help develop the intuition for the dynamic model in which πt evolves
endogenously.
upon observing xθ,t , and then again, after observing dt+1 .
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Proposition 1. There exists a unique, signal-revealing equilibrium in the static model, in
which the equilibrium price is given by
Pt =

1
R


(κt + (1 − κt )πt ) λSθ,t − κt ασ 2 (1 − λ)Z ,

(8)

where the weight κt is given by
κt =

σ 2 (1 − πt λ) + πt (1 − πt )(λSθ,t )2
∈ [0, 1].
σ 2 (1 − λ) + σ 2 (1 − πt λ) + πt (1 − πt )(λSθ,t )2

(9)

Dollar returns (per share) are given by
Qt+1 ≡ dt+1 − RPt = dt+1 − (πt + (1 − πt )κt ) λSθ,t + κt ασ 2 (1 − λ)Z.

(10)

Note that the price can be decomposed into a market expectations component and a
risk-premium component, since

Pt =

1
R



κt Eθ,t [dt+1 ] + (1 − κt )EU,t [dt+1 ] − κt ασ 2 (1 − λ)Z  .
{z
}
{z
} |
|

(11)

risk premium

expectations

Since the risk-aversion coefficient, α, and the aggregate supply of the asset, Z, scale the
risk-premium component, but not the expectations component. Thus, the product, αZ, determine the relative role of each component in the price. When risk aversion is low or the
aggregate supply of the asset is small, the price is primarily driven by the expectations component. On the other hand, when risk aversion is high, or the aggregate supply of the asset is
large, the risk-premium component drives the price. As such, it will be useful to characterize
separately how each component of the price depends on the underlying parameters. The
following corollary presents these results.
Corollary 1. In the static model:
(i) The expectations component of the price is increasing in Sθ,t , and increasing in both λ
and πt for Sθ,t > 0, but decreasing in λ and πt for Sθ,t < 0.
(ii) The risk-premium component
ofthe price is hump-shaped in Sθ,t around Sθ,t = 0, U 
σ2
1
shaped in πt around 2 1 − λS 2 , increasing in λ for small |Sθ,t |, but decreasing in λ
θ,t
for large |Sθ,t | and λ > 0.
The intuition for the expectations component is straightforward: the average conditional
expectation about dt+1 is increasing in the signal Sθ,t , the average expectation is more sensi9

tive to the signal Sθ,t when either πt or λ are larger, and so the derivative of this component
with respect to πt and λ, respectively, depend on the sign of Sθ,t .
The risk-premium component of prices depends on the uncertainty that investors face.
In particular, note that the risk-premium component can be rewritten as
−κt ασ 2 (1 − λ)Z = −α



1
varθ,t [dt+1 ]

+

1
varU,t [dt+1 ]

−1

Z,

(12)

which is increasing in the conditional variance of both U and θ investors. Unlike standard RE
models with linear equilibria, because the conditional variance of the uninformed investors
depends on the signal realization, so too does the risk-premium component. Recall that the
conditional variance varU,t [dt+1 ] given in expression (5) is given by
varU,t [dt+1 ] = πt σ 2 (1 − λ) + (1 − πt )σ 2 + πt (1 − πt )(λSθ,t )2 .

(13)

Thus varU,t [dt+1 ] increases in |Sθ,t |, decreases in λ for small |Sθ,t |, but increases in λ for
sufficiently large |Sθ,t |. Larger realizations of |Sθ,t | increase the uninformed investors’ uncertainty about fundamentals, since they are unsure about whether the signal is informative.
For small realizations of |Sθ,t |, a more informative signal (i.e., high λ) reduces the posterior
variance (for πt > 0), but when |Sθ,t | is large enough, a more informative signal can increase
the uninformed investor’s uncertainty.
The overall effect of Sθ,t on the price in our model distinguishes it from linear rational
expectations and difference of opinions models. Note that the expectations component of
price is monotonic in Sθ,t , but the risk-premium component is hump-shaped in Sθ,t around
zero. This implies that the two components reinforce each other when Sθ,t < 0, but offset
each other when Sθ,t > 0. In other words, the market reacts asymmetrically to news about
fundamentals: the price responds more strongly to bad news (i.e., Sθ,t < 0) than to good
news (i.e., Sθ,t > 0).
Since the risk-premium component is bounded by −ασ 2 (1−λ)Z, the expectations component dominates when |Sθ,t | is large enough. However, for Sθ,t small enough, the risk-premium
component dominates. This means that for small, positive news (i.e., small Sθ,t > 0), if the
overall risk concerns in the market are large enough (i.e., αZ is large relative to Sθ,t ), the
price actually decreases with Sθ,t . Intuitively, a small, positive surprise about fundamentals can have a bigger impact on prices through the uncertainty it generates for uninformed
investors than through its effect on the market’s expectations.
The mechanism through which the asymmetry in prices arises in our model differs from
those in the regime-switching models of Veronesi (1999) and others. Specifically, in Veronesi
(1999), the asymmetry in price reaction is driven by uncertainty about fundamentals, and so
10

depends on whether the state of the economy is good or bad. The investor “over-reacts” to
bad news only in good states, and “under-reacts” to good news only in bad states, because
these are the instances when the signals increase uncertainty about the underlying state (and
hence fundamentals). In our model, the asymmetry is not state-dependent: the price is more
sensitive to bad news for any πt ∈ (0, 1) (not just when πt is close to 1) and even when πt is
fixed. This is because the asymmetry is driven by uncertainty about the informativeness of
the price signal.10
To summarize, the uncertainty that uninformed investors face about whether θ investors
are informed leads to prices that react more strongly to bad news than to good news.
Moreover, when the surprise is positive, but small, the price can decrease even when the news
is good. These results are consistent with empirical evidence documented in the literature.
For instance, using a sample of voluntary disclosures, Skinner (1994) documents that the
price reaction to bad news is, on average, twice as large as that for good news.
4.2

Expected returns and volatility

Given the results from Proposition 1, we now turn to investigating the moments of returns.
Proposition 2. In the static model, the expected return and volatility, conditional on date
t information (i.e., conditional on Sθ,t ), is given by
Et [Qt+1 ] = −(1 − πt )λκt Sθ,t + κt ασ 2 (1 − λ)Z, and
vart [Qt+1 ] = σ 2 (1 − πt λ) + πt (1 − πt )(λSθ,t )2 ,

(14)
(15)

respectively. The unconditional expected return and volatility are given by
E[Qt+1 ] = E[κt ]ασ 2 (1 − λ)Z, and

(16)

var[Qt+1 ] = σ 2 (1 − πt2 λ) + (1 − πt )2 λ2 var[κt Sθ,t ] + (σ 2 (1 − λ)αZ)2 var[κt ],

(17)

respectively.
To gain some intuition for the expressions in Proposition 2, note that the decomposition
in (11) implies that dollar returns can be expressed as
Qt+1 = dt+1 − (κt Eθ,t [dt+1 ] + (1 − κt )EU,t [dt+1 ]) + κt ασ 2 (1 − λ)Z.
Since the U investor has rational expectations, we can condition down from her information
10

Note that in the dynamic version of our model, the uninformed investor updates πt based on realizations
of fundamentals (i.e., dt+1 ), but this is not what drives the asymmetric reaction of Pt to Sθ,t .
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set to characterize expected returns and volatility in returns from the perspective of the
econometrician. Conditional on the econometrician’s information set Ft , the Law of Iterated Expectations implies that expected returns can be decomposed into an expectations
component and a risk-premium component as follows:
E[Qt+1 |Ft ] = E [κt (EU,t [dt+1 ] − Eθ,t [dt+1 ])|Ft ] + E[κt ασ 2 (1 − λ)Z|Ft ] .
{z
}
{z
} |
|
expectations

(18)

risk premium

The expression for the conditional expected returns in Proposition 2 obtains from allowing
the econometrician to condition on both Sθ,t and πt , and the expression for unconditional
expected returns assumes that the econometrician can only condition on πt , but not the
realization of Sθ,t .11
Equation (18) highlights two important departures from standard linear models. First,
since investor U ’s conditional variance of dt+1 , and therefore κt , depends on the realization
of Sθ,t , the conditional risk-premium is state dependent (i.e., depends on (πt , Sθ,t )). Second,
unlike linear rational expectations models, the expectations component of expected returns
need not always be zero in our model. In rational expectations models, since every investor’s
beliefs satisfies the Law of Iterated Expectations, and investors share a common prior, investors cannot disagree conditional on the same information set, and so the expectations
component is zero. In our model, since investors exhibit differences of opinion, the expectations component of expected returns need not be zero provided πt < 1. The uninformed
θ investors (who believe they are informed) incorrectly condition on their signal, and this
introduces a mean-reverting shock to expected returns.However, since the Sθ,t signals are
mean-zero and i.i.d., the expectations component does not have an effect on the unconditional expected return.12
Similarly, the Law of Total Variance implies that conditional on the econometrician’s
information set Ft , the variance in returns can be expressed as the sum of the expected
conditional variance and the variance of the conditional expected return i.e.,
var [Qt+1 |Ft ] = E[varU,t [dt+1 ] |Ft ] + var [EU,t [dt+1 − RPt ]|Ft ] .

(19)

In a static model, the only source of volatility in returns, conditional on date t information,
is the dividend shock dt+1 . Hence, the conditional volatility is driven by the conditional
11

Formally, we assume that Sθ,t is measurable with respect to Ft+ , while πt is measurable with respect to
Ft . Then the conditional moments are computed with respect to Ft+ while the unconditional moments are
computed with respect to Ft .
12
Looking ahead, this will not be the case in the dynamic model, since the price will depend not only on
expectations of future dividends, but also on expectations of future prices.

12

variance of dt+1 , given the information at date t. The expression for the unconditional
volatility of returns given in equation (17) can be decomposed into three terms, each of
which captures a different source of risk,
var[Qt+1 ] = σ 2 (1 − πt2 λ) + (1 − πt )2 λ2 var[κt Sθ,t ] + (σ 2 (1 − λ)αZ)2 var[κt ] .
{z
} |
{z
}
|
{z
} |
fundamental

expectations

(20)

risk premium

The first term is the expectation of the conditional variance in returns and so captures the
volatility in returns due to uncertainty about next period’s fundamental dividend shock dt+1 .
Note that this uncertainty disappears when both information is perfect (i.e., λ = 1) and it
is commonly known that θ investors are informed (i.e., πt = 1). The sum of the second
and third terms are the variance of the conditional expectation of returns. The second term
in (20) reflects the volatility in returns due to variation in the expectations component of
conditional expected returns. Finally, the third term is volatility due to variation in the riskpremium component of conditional expected returns, and is zero when information quality
is perfect (i.e., λ = 1). Much like prices, each of these components behaves differently with
changes in πt and other key parameters of interest, to which we now turn our focus.
4.2.1

Comparative statics on return moments

To investigate comparative statics, we start by presenting the following result.
Proposition 3. In the static model,
(i) The unconditional expected return is homogeneous of degree 1 (HD1) in σ 2 and αZ.
(ii) The unconditional volatility component due to fundamental shocks is HD1 in σ 2 and
HD0 in αZ.
(iii) The unconditional volatility component due to the expectations component of returns is
HD1 in σ 2 and HD0 in αZ.
(iv) The unconditional volatility component due to the risk premium component of returns
is HD2 in σ 2 and αZ.
As expected, (i) implies that unconditional expected returns are increasing in the fundamental volatility and the overall risk concerns in the market (as captured by αZ). Results (ii)
through (iv) are also fairly intuitive, but they have important implications for which component drives overall volatility. In particular, when overall concerns about risk in the market
are relatively high, the risk premium component of expression (20) is the key driver of overall
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return volatility. When αZ and σ 2 are relatively small, the first and second components of
expression (20) drive overall volatility.
Proposition 3 is also useful for exploring comparative static results with respect to λ
and πt . For example, (i) implies that when exploring how expected returns change with λ
and πt , it is without loss to normalize σ 2 and αZ. By doing so, we are left with a twodimensional parameter space (i.e., (πt , λ) ∈ [0, 1]2 ), over which the expected return can be
plotted to obtain comparative-static results that obtain for any parameter specification of
the model. Figure 1(a) illustrates the result. It implies that both higher quality information
(as measured by λ) and greater likelihood of an informed trader (as measured by πt ) decrease
the expected return. This is because both higher quality information and a higher likelihood
of an informed trader imply that the price is more informative about the fundamentals, and
the uncertainty faced by the uninformed investor is lower.
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Figure 1: Illustration of expected returns (a) and total volatility (b) as they depend on the quality of
information λ and the probability of a θ being informed, i.e., πt . The other parameters are σ = 40%, and
αZ = 3.

Using (ii) through (iv), we can conduct a similar exercise to to characterize the comparative static effects of each of the individual components of volatility. Figure 2(a) shows the
volatility in returns due to fundamental dividend shocks is decreasing in πt and λ, since an
increase in either parameter reduces the uncertainty that investors face about next period’s
dividend. Figure 2(b) shows that the variance in the expectations component of conditional
expected returns is decreasing in πt but increasing in λ. Recall that the expectations component of the conditional expected returns is non-zero because investors exhibit differences of
opinion, and in particular, because uninformed θ investors believe they are informed. This
effect is larger when πt is smaller (since θ investors are less likely to actually be informed)
and when λ is larger (since uninformed θ investors put more weight on their signals), which
14

leads to the effect on volatility. Figure 2(c) shows the risk-premium component of volatility
is non-monotonic in both π0 and λ. This is because the risk-premium component of returns
is stochastic only when both λ and πt are strictly between zero and one.
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Figure 2: The three components of volatility as they depend on the quality of information λ and the
probability of a θ being informed, i.e., πt . Panel (a) plots the fundamental component of volatility (i.e.,
σ 2 (1 − πt2 λ)), panel (b) plots the expectations component (i.e., (1 − πt )2 λ2 var[κt Sθ,t ]), and panel (c) plots
the risk-premium component (i.e., (σ 2 (1 − λ)αZ)2 var[κt ]). The other parameters are set as in Figure 1.

Of course, comparative statics on the total return volatility depend on the relative magnitudes of σ 2 and αZ, which determine the relative weight on each component. For instance,
Figure 1(b) presents the effect of πt and λ on overall volatility for a given set of parameters, for which the fundamental and expectations components dominate the risk-premium
component.

5

The Dynamic Model

In this section, we extend our analysis to the dynamic setting. In addition to demonstrating
that key features of the static setting are robust, the analysis offers several new comparative
static results. It also allows us to generate testable predictions for both the time series of
15

returns (Section 5.3) and the cross section of returns (Section 5.4).
The key insight to understanding the difference between the static and dynamic settings
is that in the dynamic setting, the price is affected not only by investors’ beliefs about fundamentals, but also their beliefs about future prices. This dynamic consideration reinforces
some of the results from the static setting, but overturns others, and is crucial to understanding the intuition behind the model’s predictions.13 It is important to recognize that
the degree to which these dynamic considerations and beliefs about future prices affect current prices depend on the extent to which investor discount future payoffs. In particular, as
one would expect, return characteristics (i.e., expected returns, volatility) tend toward those
in the static model as R increases. However, for our discussion and analysis, we assume a
small enough value of R that allows us to highlight the differences in the implications of the
dynamic and static models. We first provide a characterization of an equilibrium analogous
to the one derived in the static setting.
Proposition 4. In any signal-revealing equilibrium, investor i’s optimal demand is given by
expression (2), investor beliefs are given by
EU,t [dt+1 ] = πt λSθ,t ,

Eθ,t [dt+1 ] = λSθ,t ,

varU,t [dt+1 ] = σ 2 (1 − πt λ) + πt (1 − πt )(λSθ,t )2 , and varθ,t [dt+1 ] = σ 2 (1 − λ)
and the price of the risky asset is given by
Pt =

1
R


Ēt [Pt+1 + dt+1 ] − ακt varθ,t [Pt+1 + dt+1 ]Z ,

(21)

where Ēt [·] ≡ κt Eθ,t [·] + (1 − κt )EU,t [·], and κt and λ are given by
κt =

varU,t [Pt+1 + dt+1 ]
varU,t [Pt+1 + dt+1 ] + varθ,t [Pt+1 + dt+1 ]

and

λ=

σ2
.
σ 2 + σε2

(22)

The equilibrium price has an intuitive form; it is given by a weighted average of investors’
conditional expectations about future payoffs, adjusted for a risk-premium. The weight
of each investor’s expectation in Ēt [·] depends on the conditional variance of her beliefs
relative to those of the others.14 The price reflects only the market expectation (i.e., Pt =
1
Ē [P + dt+1 ]) if either investors are risk-neutral (i.e., α → 0), or, if the aggregate supply
R t t+1
of the risky asset is zero (i.e., Z = 0).
13

As Banerjee (2011) argues, these dynamic considerations are also crucial in distinguishing standard
rational expectations and difference of opinions models based on observable characteristics.
14
Specifically, the weight on investor i is given by the precision of her conditional beliefs divided by the
1/vari,t [Pt+1 +dt+1 ]
sum of the precisions of all investors, i.e., κi,t = P 1/var
.
j,t [Pt+1 +dt+1 ]
j

16

As in the static case, the characterization of the price in Proposition 4 implies that
(dollar) returns can be expressed as
Qt+1 = Pt+1 + dt+1 − Ēt [Pt+1 + dt+1 ] + ακt varθ,t [Pt+1 + dt+1 ]Z.
And as before, since the U investor has rational expectations, we can condition down to the
econometrician’s information set Ft using the Law of Iterated Expectations and the Law of
Total Variance:15
E[Qt+1 |Ft ] = E[Pt+1 + dt+1 − Ēt [Pt+1 − dt+1 ] + ακt varθ,t [Pt+1 + dt+1 ]Z|Ft ],

(23)

= E [κt (EU,t [Pt+1 + dt+1 ] − Eθ,t [Pt+1 + dt+1 ])|Ft ] + E[ακt varθ,t [Pt+1 + dt+1 ]Z|Ft ],
|
{z
} |
{z
}
expectations

risk premium

(24)
var [Qt+1 |Ft ] = E[varU,t [Pt+1 + dt+1 ] |Ft ] + var [EU,t [Pt+1 + dt+1 − RPt ]|Ft ] .

(25)

The decompositions in (24)-(25) will be useful for characterizing and understanding the
properties of returns and volatility. As in the static case, the conditional risk-premium in our
model is stochastic since investor U ’s conditional variance of Qt+1 depends on the realization
of Sθ,t . Moreover, the expectations component of expected returns need not be zero when
πt < 1 since investors agree to disagree about in our model. The expectations component
essentially reflects the component of expected returns that is driven by disagreement across
investors.16 In contrast to the static version, however, the expectations component of the
unconditional expected return need not be zero in the general case. As we discuss in Section
5.2, this is because the price is a non-linear function of Sθ,t , and so while disagreement about
next period’s dividend may be unconditionally zero, the disagreement about next period’s
price is not.
5.1

Benchmark Cases

In this subsection, we consider two natural benchmarks which arise as special cases of the
model. In both benchmarks, investor U is not uncertain about whether investor θ is informed.
This exercise helps us to isolate this uncertainty as the key feature driving the main results in
later sections. First, we characterize the equilibrium for the case in which πt = 0. In this case,
15

As in the static case, we assume that Sθ,t is measurable with respect to Ft+ but not Ft , while πt
is measurable with respect to Ft . The conditional moments are computed with respect to Ft+ , and the
unconditional moments are computed with respect to Ft .
16
As discussed earlier, in a noisy rational expectations interpretation of the model, liquidity shocks or
noise traders induce a similar component of expected returns.
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U investors do not condition on the price when updating their beliefs about the fundamental
value of the asset and thus it is analogous to a Walrasian setting (or a standard difference
of opinions setting). Next, we consider the other extreme, when πt = 1. This setting is
analogous to a standard rational expectations environment. In both of these special cases,
and in contrast to the general model, the equilibrium price is linear in the signal Sθ,t of the
θ investor.
Proposition 5. Suppose π0 = 0, and all θ investors are not informed. Then, there exists
a unique, stationary equilibrium, which is signal-revealing, and where investor i’s optimal
demand is given by expression (2), the price of the risky asset is given by
Pt = A0 Sθ,t + B0 ,

(26)

where B0 = − 1r κt varθ,t [Pt+1 + dt+1 ]αZ and A0 is the unique real root to the following cubic
equation:


RA0 2A20 + (2 − λ) λ − λ A20 + λ = 0.

(27)

Investor beliefs are given by
EU,t [Pt+1 + dt+1 ] = B0 ,
Eθ,t [Pt+1 + dt+1 ] = B0 + λSθt ,

varU,t [Pt+1 + dt+1 ] = A20 σ 2 + σε2 + σ 2 , and

varθ,t [Pt+1 + dt+1 ] = A20 σ 2 + σε2 + σ 2 (1 − λ),
where λ and κt are given by equation (22). Since Et [dt+1 |Sθ,t ] = 0, conditional expected
returns and variance in returns are given by
Et [Qt+1 |Sθ,t ] = κt αvart [Qt+1 |Sθ,t ] Z − RA0 Sθ,t

vart [Qt+1 |Sθ,t ] = A20 σ 2 + σε2 + σ 2 = varU,t [Pt+1 + dt+1 ]

(28)
(29)

Though θ investors are not informed, they believe they have payoff relevant information.
As a result, the price responds to realizations of Sθ,t . However, since the signals are spurious,
prices are expected to mean-revert in the next period, and this induces mean reversion in expected returns through the −RA0 Sθ,t term in expression (28). Finally, since the equilibrium
price is linear in Sθ,t , the risk-premium component of expected returns and the conditional
volatility of returns are constant.
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Proposition 6. Suppose π0 = 1 and all θ are informed. Then, there exists a unique,
stationary equilibrium, which is signal-revealing, and where investor i’s optimal demand is
given by expression (2), the price of the risky asset is given by
Pt = A1 Sθ,t + B1 ,
where A1 =

λ
,
R

1
and B1 = − 2r
αvarθ,t [Pt+1 + dt+1 ]Z. Investor beliefs are given by

EU,t [Pt+1 + dt+1 ] = Eθ,t [Pt+1 + dt+1 ] = B1 + λSθ,t , and
varU,t [Pt+1 + dt+1 ] = varU,t [Pt+1 + dt+1 ] = A21 (σ 2 + σε2 ) + σ 2 (1 − λ),
where λ and κt are given by equation (22). Since Et [dt+1 |Sθ,t ] = λSθ,t , conditional expected
returns and variance in returns are given by
Et [Qt+1 |Sθ,t ] = 21 αvart [Qt+1 |Sθ,t ]Z
vart [Qt+1 |Sθ,t ] = A21 (σ 2 + σε2 ) + σ 2 (1 − λ) = varU,t [Pt+1 + dt+1 ]

(30)
(31)

When all θ investors are informed, prices respond efficiently to the information in Sθ,t .
As a result, expected returns are constant, and reflect only the risk-premium that investors
require for holding the risky asset. The conditional volatility of returns is also constant,
since the equilibrium price is linear in Sθ,t .
5.2

Prices, Returns and Volatility

In the general case (i.e., πt ∈ (0, 1)), the price is a non-linear function of Sθ,t , dt+1 and πt .
As a result, the equilibrium price, which depends on conditional expectation and variance
of next period’s price for each investor, cannot be characterized analytically in closed form.
Instead, we solve the general dynamic model numerically, by using an iterative procedure
to compute the equilibrium price function (i.e., the fixed-point of (21)). Figure 3 illustrates
the two components of the price. As in the static setting, the price Pt —the sum of the two
components—is a non-linear function of πt and Sθ,t and is more sensitive to bad news (i.e.,
negative Sθ,t ) than it is to good news (i.e., positive Sθ,t ). Moreover, the intuition is the same
as before. All else equal, investors’ expectation of dividends next period, and hence the
expectations component of prices as in Figure 3(a), increases in Sθ,t . However, a surprise in
Sθ,t in either direction also leads to an increase in uncertainty for the U investor, and hence
the risk-premium component is hump-shaped in Sθ,t as in Figure 3(b). For negative Sθ,t these
two effects reinforce each other, while for positive Sθ,t , the effects offset each other, and this
leads to the asymmetric reaction of prices to Sθ,t . The comparative statics with respect to
19

πt are familiar from the static case — the sensitivity of the expectations component to Sθ,t
increases in πt and the risk-premium component is U shaped in πt for any Sθ,t .
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Figure 3: The two components of the equilibrium price function as they depend on the underlying state
variable and the realization of information.

Unconditional expected returns can also be decomposed into an expectations component
and a risk-premium component (see (24)). Unlike the result in Proposition 2, in a dynamic
setting the expectations component of unconditional expected returns is not zero. As Figure 4(a) suggests, this is because the expectations component of expected returns depends
not only on the difference in investors’ unconditional expectations of dt+1 (which is zero, as in
the static setting), but also the difference in their beliefs about Pt+1 , which is not zero. The
expectations component of expected returns given in (24) can be interpreted as a measure of
disagreement between U and θ investors about future prices, it increases in λ and decreases
in πt . Intuitively, investors disagree more when λ is larger since each puts more weight on
their own interpretation of Sθ,t , but less when πt is larger.
The risk-premium component of expected returns, shown in Figure 4(b), also behaves
differently in the dynamic model. Recall that in the static setup, the risk-premium component decreases in λ and πt since better information (i.e., higher λ) and a higher likelihood
of θ being informed both lead to less uncertainty about next period’s dividend. However, in
the dynamic model, the risk-premium component is non-monotonic in both πt and λ.
The difference in these patterns are a consequence of the fact that uncertainty about
future prices affects the risk-premium component of expected returns. In particular, while
an increase in λ decreases investor uncertainty about next period’s dividends, it also makes
prices more sensitive to Sθ,t thereby increasing future volatility. Similarly, for a fixed λ,
the risk-premium component of the price is most sensitive to Sθ,t for intermediate values
20

of πt (see Figure 3(b)), and so uncertainty about future prices is higher for intermediate
values of πt . The interaction between dividend uncertainty and price uncertainty leads to
the patterns in the risk-premium component. For high and low values of πt , the effect of λ on
dividend uncertainty dominates, and so the risk-premium decreases in λ. For intermediate
values of πt , the effect of λ on dividend uncertainty dominates for low λ but the effect on
price uncertainty dominates for high λ, and hence the risk-premium exhibits a U -shape in
λ. Finally, all else equal, uncertainty about next period’s dividend (for the U investor) and
about the risk-premium component of next period’s price are highest for intermediate values
of πt , and hence the risk-premium exhibits a hump-shape in πt .
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Figure 4: The two components of unconditional expected returns as they depend on the underlying state
variable and the quality of the information.

As in the static case, the relative impact of the expectations component and the riskpremium component depend on fundamental volatility and overall risk concerns (i.e., αZ).
Unlike the static setting, expected returns decrease in πt when the expectations component
dominates, but they are hump-shaped in πt if the risk-premium component dominates. However, it is straightforward to show that expected returns and volatility are decreasing in λ
when πt = 1 but decreasing in λ when πt = 0. The following proposition generalizes this
result.
Proposition 7. There exists a π, π > 0, 0 < π < π < 1 such that:
• For all πt > π, expected returns are decreasing in λ.
• For all πt < π, expected returns are increasing in λ.
As standard intuition suggests, when investors agree on the informativeness of Sθ,t (i.e.,
πt is close to one), higher information quality (higher λ) leads to lower uncertainty and
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therefore lower expected returns. However, if investors disagree on the interpretation of the
signal (i.e., πt is close to zero), a signal with a higher λ generates more uncertainty for the
U investor since it makes the θ investor trade more aggressively on his information. All else
equal, this leads to higher volatility of current and future prices (due to higher sensitivity to
Sθ,t shocks), which leads to higher expected returns.
Recall from equation (25) that using the law of total variance, we can decompose the total
volatility (i.e., unconditional variance) of returns into into the expectation of the conditional
variance, as in Figure 5(a), and the variance of the conditional expectation, plotted in
Figure 5(b). Much like the analysis of expected returns, beliefs about future prices play
an important role. First, note that the conditional variance in returns now depends not only
on uncertainty about next period’s dividend (as in the static setup) but also on uncertainty
about next period’s price. While uncertainty about next period’s dividend is decreasing in
both πt and λ, uncertainty about next period’s price can increase in λ (as Pt+1 becomes
more sensitive to Sθ,t+1 ) and is hump-shaped in πt , as discussed above. As a result, when
dynamic considerations are important enough, the expected conditional variance component
of the volatility in returns is hump-shaped in πt and may increase or decrease in λ.
As in the static case, the variance of the conditional expectation of returns is increasing
in λ — all else equal, a larger λ increases the sensitivity of investors’ expectations to Sθ,t
and, therefore, makes them more volatile. The effect of πt on the variance of the conditional
expectation of returns depends on which component dominates. In particular, as equation
(24) suggests, the expectations component of conditional expected returns is driven by the
disagreement between U and θ investors about expected future dividends and prices, and so
the variance of this component decreases in πt , since investors disagree less. However, the
variance of the risk-premium component of expected returns is hump-shaped in πt since the
conditional risk-premium is most sensitive to Sθ,t when πt is near 12 .
The overall effect of πt and λ on the variance of returns depend on the interaction of
these components, which in turn, depend on the relative impact of the expectations and
risk premium components of returns. Nevertheless, similar to expected returns, we have the
following result.
Proposition 8. There exists a π, π > 0, 0 < π < π < 1 such that:
• For all πt > π, volatility is decreasing in λ.
• For all πt < π, volatility is increasing in λ.
The empirical evidence documenting the firm-level relation between information quality
and expected returns has been mixed. While some papers document a negative relation
22
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Figure 5: The two components of unconditional return volatility as they depend on the underlying state
variable and the quality of the information.

between information quality and expected returns (e.g., Easley and O’Hara, 2005; Francis,
Nanda, and Olsson, 2008), others find either limited or no evidence of a relation (e.g., Core,
Guay, and Verdi, 2008; Duarte and Young, 2009). Propositions 7 and 8 may be useful in
reconciling the evidence documented in the literature, since they predict that the relation
between information quality and expected returns / volatility depends on the likelihood that
investors are informed (i.e., πt ), and as a result, can vary over time for an individual firm. The
model suggests that conditioning on an empirical proxy of πt (e.g., institutional ownership)
may be useful in uncovering the underlying relation between information quality and expected returns and volatility. Finally, since the disagreement about dividend forecasts in our
model decreases in πt , our model suggests that the relation between proxies of disagreement
(e.g., analyst forecast dispersion) and expected returns may also be time-varying.17
5.3

Time-Series Implications

The way in which λ and πt affect the distribution of prices and returns allow us to generate
predictions of the model that distinguish it from standard (linear) rational expectations
models. The probability πt that U investors attribute to θ investors being informed, is a
stochastic (endogenous) state variable of the model and is persistent over time.18 As a result,
in addition to generating stochastic expected returns and volatility, the model predicts that
17

The disagreement between the U and θ investors can be expressed as
|EU,t [dt+1 ] − Eθ,t [dt+1 ]| = (1 − πt )λ|Sθ,t |,

which is decreasing in πt .
18
From the perspective of the U investor it is a martingale; EU,t [πt+1 ] = πt .

23

(32)

these conditional moments are persistent, despite the fact that shocks to fundamentals and
signals are i.i.d.
The dynamic model generates predictability in future expected returns and volatility. In
particular, if πt < 1 is large enough, the model predicts volatility clustering — return surprises
in either direction, driven by dividend surprises, are followed by an increase in volatility of
returns and higher expected returns. Since Mandelbrot (1963), a large number of papers have
documented the phenomenon of volatility clustering in various asset markets, and at different
frequencies (see Bollerslev, Chou, and Kroner, 1992 for an early survey). The intuition for
these results follows from the discussion in the earlier section. An unanticipated realization
of dt+1 leads the U investor to revise her beliefs about θ being informed downwards (i.e.,
πt+1 < πt ).19 This revision in beliefs generates additional uncertainty for the U investors,
and as a result, leads to higher future volatility and higher expected returns going forward
(see Figures 4 and 5).
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Figure 6: Expected returns and volatility in period t + 1 as they depend on dividend surprises in period t
and the quality of the information. In both figures πt is set equal to 0.9.

Figure 6 illustrates this clustering effect. Specifically, the figure plots expected returns
and volatility in period t + 1 as a function of the current realization of dt+1 (scaled by its
standard error). Note that most realizations of |dt+1 − Sθ,t | lead to an increase in both
volatility and expected returns. However, sufficiently extreme realizations of |dt+1 − Sθ,t |,
combined with sufficiently high λ, can actually decrease expected returns, since the posterior
πt is almost zero.
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This follows from the evolution of πt in (6) and because πt is initially large.
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5.4

Numerical Example

In this section, we parametrize the model to gage the magnitude and economic significance
of our predictions. While the analysis in the earlier sections has focused on characterizing
properties of dollar returns per share (i.e., Qt+1 ), in this section, we characterize properties
of the rate of return (i.e., rt+1 = Qt+1 /Pt ) in order to highlight the robustness of the results
and to facilitate comparisons to the broader literature.20 The risk-free rate is set to 5%, the
mean of dt+1 is set to 3.5% and the supply of the asset is normalized to Z = 1.
The remaining two parameters are chosen so that, in the benchmark case where it is
commonly known that I is informed (i.e., πt = 1), the excess expected rate of return is 3%
and the volatility in returns is 23%. In particular, we set α = 0.66 and σ = 1.18. It is
important to keep in mind that while dividends are extremely persistent in the data, they
are assumed to be i.i.d. in our model. Hence, in order to match reasonable levels of expected
returns and volatility, we must set the variance of dividends to be significantly higher than
what is usually observed in the data.
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Figure 7: Illustrates the economic significance of the learning, after combining both the expectations
component and the risk premium component, on the total of returns and volatility.

As Figure 7 shows, for this parametrization, both the expectations component and the
risk premium component play a role; excess returns are first increasing in πt (as in Figure 4(b)) but decreasing for larger πt (as in Figure 4(a)) and thus expected returns returns
are decreasing in πt , except for πt close to zero. Similarly, as expected excess returns and
20
Because we are using normally distributed random variables, the population moments of rt+1 are not
well defined due to prices arbitrarily close to zero (see Campbell, Grossman, and Wang (1993) and Llorente,
Michaely, Saar, and Wang, 2002 for a discussion). We adopt the conventional approach and choose µ large
enough such that the numerical estimation of these moments is well behaved.
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volatility are decreasing in λ for high πt as better quality information reduces uncertainty
when traders are sufficiently confident of its source. However, returns and volatility are increasing in λ for low πt ; higher quality information leads to more volatile asset prices when
traders are skeptical of the information source.
Figure 7 also gives a sense of the magnitude of the comparative statics results. For
instance, an increase in λ from 0.3 to 0.7 implies an increase in expected returns from 4.6%
to 6.9% and an increase in volatility from 26% to 31% percent (for πt = 0.5); an increase in
πt from 0.3 to 0.7 implies a decrease in expected returns from 5.9% to 4.5% percent and a
decrease in volatility from 29% to 26% percent (for λ = 0.5).
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Figure 8: Illustrates the economic significance of the clustering effect. In both figures πt = 0.9.

For the above parameters, Figure 8 provides magnitudes for the volatility clustering
effect described in Section 5.3. For λ = 0.7, a one-standard deviation surprise in dividend
realizations predicts an increase in future expected excess returns of roughly 1.5% (from 3.5%
to 5%) and an increase in future volatility of 3.5% (from 23.3% to 26.8%). It is important
to note that in the benchmark case where πt = 1, these plots are perfectly flat. Thus, even
for small deviations from the benchmark model (πt = 0.9), the clustering effect can be quite
economically significant.

6

Final Remarks

This paper provides a framework for understanding how investors learn to use the information
in prices to update their beliefs. We demonstrate that this type of learning has important
implications for return dynamics. Specifically, the model generates non-linear prices, which
are more sensitive to bad news than good news; persistent, stochastic expected returns and
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volatility, even though shocks to fundamentals and signals are i.i.d.; and volatility clustering
(i.e., big return realizations of either sign are followed by higher volatility and higher expected
returns).
We have kept the model as parsimonious as possible to highlight the key forces behind our
results and to maintain tractability. For instance, the assumption that dividends are i.i.d.
simplifies the numerical analysis significantly since it implies that the price function does not
depend on the current level of dividends. But, while the model is able to generate non-trivial
dynamics for returns and volatility, the lack of persistence in dividends limits the model’s
ability to empirically match moments of the data. Similarly, keeping the population of
investors fixed simplifies the updating problem of the U investors, but implies that eventually
U investors know whether θ investors are informed (i.e., πt eventually converges to zero or
one). Although beyond the scope of the current paper, we believe that an enriched version
of the model, which incorporates persistence in fundamentals and allows θ to change over
time, may be suitable for calibration. Our theoretical framework could also potentially be
extended to study information acquisition in a dynamic setting, thereby endogenizing the
information structure.
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Appendix A - Proofs
1
2
Proof of Proposition 1. If the equilibrium did not reveal Sθ,t , then there would exist Sθ,t
> Sθ,t
for which
1
2
Pt would be the same. But in this case, xθ,t (Sθ,t ) > xθ,t (Sθ,t ), which implies that Sθ,t would be revealed in
equilibrium. Moreover, since θ = I and θ = N I have symmetric optimal strategies, the equilibrium cannot
reveal θ. Existence and uniqueness follow from characterizing the optimal demand for U and θ investors
at date t in terms of their beliefs about next period’s dividend dt+1 , and imposing the market clearing
condition.

Proof of Corollary 1. Taking derivatives of κt we get
∂
∂λ κt
∂
∂πt κt
∂
∂Sθ,t κt

=

2
σ 2 (1−πt )(πt Sθ,t
(2−λ)λ+σ 2 )
2
2
(σ (1−λ)+σ (1−πt λ)+πt (1−πt )(λSθ,t )2 )2

=−
=

2
σ −(1−2πt )λSθ,t
λ(1−λ)σ 2
(σ 2 (1−λ)+σ 2 (1−πt λ)+πt (1−πt )(λSθ,t )2 )2

(

2

=

)

2πt (1−πt )(1−λ)λ2 σ 2 Sθ,t
(σ 2 (1−λ)+σ 2 (1−πt λ)+πt (1−πt )(λSθ,t )2 )2

=

2
(1−πt )(πt Sθ,t
(2−λ)λ+σ 2 )
(1
σ 2 (1−λ)2

=−

(σ

2

2
−(1−2πt )λSθ,t
σ 2 (1−λ)

2πt (1−πt )λ2 Sθ,t
(1
σ 2 (1−λ)

)λ

− κt )2 ≥ 0

(1 − κt )2

(34)

− κt )2

which implies κt is U -shaped around Sθ,t = 0, and is hump shaped in πt around



1
2

(33)

(35)
1−

σ2
2
λSθ,t



.

• Effect of λ: The derivative of the expectations component of Pt with respect to λ is given by
∂
∂λ

∂
((κt + (1 − κt )πt ))λSθ,t ) = πt + (1 − πt ) κt + λ ∂λ
κt



Sθ,t

and so this component increases with λ for Sθ,t > 0 and decreases in λ otherwise. The derivative of
risk-premium component is given by
2
∂
∂λ (−ασ (1

∂
− λ)κt Z) = −ασ 2 Z (1 − λ) ∂λ
κt − κt



The derivative can be positive or negative depending on |Sθ,t |. For |Sθ,t | small enough, the derivative
is strictly positive, and so the risk-premium component of price increases in λ. But for |Sθ,t | large
enough the derivative can be negative for intermediate λ, and so the risk-premium component of price
is U -shaped in λ. Therefore, the risk premium is not monotone in λ. However, the risk-premium
component is always lower for λ = 0 than it is for λ = 1.
• Effect of πt : The derivative of the expectations component of Pt with respect to πt is given by
∂
∂πt



∂
((κt + (1 − κt )πt ))λSθ,t ) = (1 − κt ) + (1 − πt ) ∂π
κ
λSθ,t
t
t

Inserting the expression from (34) for


(1 − κt ) + (1 −

∂
πt ) ∂π
κt
t

∂
∂πt κt



gives:


σ 2 (1 − λ) ((1 − πt )Sθ,t λ)2 + 2(1 − λ)σ 2
=
>0
(1 − λ)σ 2 + (1 − πt λ)σ 2 + (λSθ,t )2 (1 − πt )

Therefore, the derivative of the expectations component of prices with respect to πt has the same sign
as Sθ,t .


2
The risk premium component of the price is U -shaped in πt around 12 1 − λSσ 2 , since
θ,t

2
∂
∂πt (−ασ (1

∂
− λ)κt Z) = −ασ 2 (1 − λ)Z ∂π
κt
t
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• Effect of Sθ,t : The expectations component of Pt is always increasing in Sθ,t , since
∂
∂Sθ,t

((κt + (1 − κt )πt ))λSθ,t ) = (κt + (1 − κt )πt ))λ + (1 − πt )λSθ,t ∂S∂θ,t κt > 0

The risk-premium component of the price is hump-shaped in Sθ,t around zero, since
2
∂
∂Sθ,t (−ασ (1

− λ)κt Z) = −ασ 2 (1 − λ)Z ∂S∂θ,t κt

This establishes the comparative static results.
Proof of Proposition 2. Taking the expectation of the right-hand side (RHS) of (10) and using that
Et [dt+1 ] = π0 λSθ,t , we have
E[Qt+1 ] = E[Et [Qt+1 ]] = ασ 2 (1 − λ)ZE[κt ] − (1 − π0 )λE[κt Sθ,t ]
Thus, it suffices to show that E[κt Sθ,t ] = 0. For this, note that κt · Sθ,t is an odd-function (of Sθ,t ) and the
distribution of Sθ,t is symmetric around zero. Thus, E[κt Sθ,t |Sθ,t > 0] = −E[κt Sθ,t |Sθ,t < 0], which implies
E[κt Sθ,t ] = 0.
Volatility of returns is given by
var[Qt+1 ] = E[vart [Qt+1 ]] + var[Et [Qt+1 ]]


= E[σ 2 (1 − πt λ) + πt (1 − πt )(λSθ,t )2 ] + var ασ 2 (1 − λ)κt Z − (1 − πt )κt λSθ,t
= σ 2 (1 − πt2 λ) + (ασ 2 (1 − λ)Z)2 var[κt ] + (1 − πt )2 λ2 var[κt Sθ,t ]
− 2ασ 2 (1 − λ)λZ(1 − πt )cov(κt , κt Sθ,t )
Recall that Stein’s Lemma implies that for Y ∼ N (0, σY2 ), and g(Y ) such that E[g(Y )Y ] < ∞ and
σY2 E[g 0 (Y )] < ∞, we have cov(g(Y ), X) = E[g 0 (Y )]cov(Y, X). This implies
cov(κt , Sθ,t ) = E

h

∂
∂Sθ,t κt

i

var(Sθ,t )

2
var[κt Sθ,t ] = E[κ2t Sθ,t
] − (E[κt Sθ,t ])2

= cov(κ2t Sθ,t , Sθ,t ) − cov(κt , Sθ,t )
i
h
i
 h
= E κ2t + 2κt Sθ,t ∂S∂θ,t κt − E ∂S∂θ,t κt var(Sθ,t )
cov(κt , κt Sθ,t ) = E[κ2t Sθ,t ] − E[κt ]E[κt Sθ,t ]
= cov(κ2t , Sθ,t ) − E[κt ]cov(κt , Sθ,t )
 h
i
h
i
= E 2κt ∂S∂θ,t κt − E[κt ]E ∂S∂θ,t κt var(Sθ,t )
Since ∂S∂θ,t κt (Sθ,t ) = − ∂S∂θ,t κt (−Sθ,t ), we have that E
that volatility can be expressed as:

h

∂
∂Sθ,t κt

i

h
i
= 0, and E κt ∂S∂θ,t κt = 0. This implies

var[Qt+1 ] = σ 2 (1 − πt2 λ) + (ασ 2 (1 − λ)Z)2 var[κt ] + (1 − πt )2 λ2 var[κt Sθ,t ]
 h
i
= σ 2 (1 − πt2 λ) + (ασ 2 (1 − λ)Z)2 var[κt ] + σ 2 (1 − πt )2 λ E κ2t + 2κt Sθ,t ∂S∂θ,t κt
since λ = σ 2 /var(Sθ,t ).
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Proof of Proposition 3. It suffices to show that E[κt ] and var[κt ] are HD0 in σ 2 , while var[κt Sθ,t ] is HD1
in σ 2 . Recall that
2
σ 2 (1 − πt λ) + πt (1 − πt )λ2 Sθ,t
κt = 2
2
2
σ (1 − λ) + σ (1 − πt λ) + πt (1 − πt )λ2 Sθ,t
and by definition, λ =

σ2
σ 2 +σ2

1

Z

E[κt ] = p

2πσ 2 /λ

and Sθ,t ∼ N (0, σ 2 + σ2 ) = N (0, σ 2 /λ), we have
∞

−∞

σ 2 (1 − πt λ) + πt (1 − πt )λ2 s2
exp
2
σ (1 − λ) + σ 2 (1 − πt λ) + πt (1 − πt )λ2 s2



−s2
2σ 2 /λ


ds

√

Using a change of variables, by letting x ≡

λ
σ s,

we get that

2
 2
Z
σ 2 (1 − πt λ) + πt (1 − π0 )λ2 σλ x
σ
−x
√
E[κt ] = p
exp
dx
σ2
2
2
2
2
2
σ (1 − λ) + σ (1 − πt λ) + πt (1 − πt )λ λ x
2πσ /λ λ
 2
Z ∞
1
(1 − πt λ) + πt (1 − πt )λx
−x
=√
exp
dx
2
2π −∞ (1 − λ) + (1 − πt λ) + πt (1 − πt )λx

1

(36)

And clearly (36) is independent of σ. To see that var[κt ] is also independent of σ, note that same proof
as above applies to E[κ2t ].
For var [κt Sθ,t ] , again using the same change of variables, we have that
∞

σ 2 (1 − πt λ) + πt (1 − πt )λ2 s2
s exp
2
2
2πσ /λ −∞ σ (1 − λ) + σ 2 (1 − πt λ) + πt (1 − πt )λ2 s2
 2
Z
x
−x
σ
(1 − πt λ) + πt (1 − π0 )λx
√ exp
dx
=√
(1
−
λ)
+
(1
−
π
λ)
+
π
(1
−
π
)λx
2
2π
λ
t
t
t

E[κt Sθ,t ] = p

1

Z



−s2
2σ 2 /λ


ds

2

which clearly scales with σ and hence (E[κt Sθ,t ]) scales with σ 2 . The same change of variables can be used
2
to show that the same is true of E[(κt Sθ,t ) ], which completes the proof.
Proof of Proposition 4. Optimality of xi,t follows from (2), the expressions for beliefs are given by (4)–
(7), and the expression for the price follows from the market clearing condition, i.e., (3).21
Proof of Proposition 5. Given that dividends are i.i.d., and Sθ,t is uncorrelated with dt , the price in any
stationary equilibrium must be of the form Pt = P (Sθ,t ). This implies that Ei,t [Pt+1 ] and vari,t [Pt+1 ] are
constant, and cov [Pt+1 , dt+1 ] = 0, which in turn implies that the optimal demand for each type of investor
is linear in Sθ,t and Pt . Market clearing then implies that Pt is linear in Sθ,t .
Given a conjecture for the price of the form Pt = A0 Sθ,t + B0 , the expressions for beliefs are immediate
and they imply that the optimal demand for the U investor is given by
xU,t =

B0 − RPt
2
α (A0 (σ 2 + σε2 ) +

21

σ2 )

.

To prove existence of such an equilibrium, it is sufficient to show that there exists a price function, P (x),
that satisfies the recursive equation given by (21) and where x denotes the current state, i.e., (π, S). Formal
details of the argument for existence of a fixed point are to be completed.
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and for the θ investor is given by
xθ,t =

B0 + λSθ,t − RPt
.
α (A20 (σ 2 + σε2 ) + σ 2 (1 − λ))

The market clearing condition implies that
RPt = B0 + κt λSθ,t − αvarθ,t [Pt+1 + dt+1 ]κt Z
and matching terms with the conjectured price function, we get that A0 solves
RA0 =

λ(A20 + λ)
2A20 + (2 − λ)λ

and B0 = − 1r ακt varθ,t [Pt+1 + dt+1 ]Z. This implies B solves the following cubic equation:
RA0 (2A20 + (2 − λ)λ) − λ(A20 + λ) = 0
Moreover, since the discriminant of the above equation is less than zero, there is one real root of A0 . The
λ
above also implies that 0 ≤ A0 ≤ R
. The expressions for expected returns and volatility in returns follow
from plugging in the expression for price and computing the moments.
Proof of Proposition 6. As in the proof of Proposition 5, the price in any stationary equilibrium must
be a linear function of Sθ,t . Given a conjecture for the price of the form Pt = A1 Sθ,t + B1 , the expressions
for beliefs are immediate and they imply that thee optimal demand for both types of investors is given by
xU,t = xθ,t =

B1 + λSθ,t − RPt
.
α (σ 2 (1 − λ) + A21 (σ 2 + σε2 ))

Since beliefs are identical, κt = 21 , and so the market clearing condition implies that
RPt = B1 + λSθ,t − 12 αvarθ,t [Pt+1 + dt+1 ]Z,
λ
and matching terms with the conjectured price function, we get that A1 = R
, B1 = − 1r ακt varθ,t [Pt+1 +
dt+1 ]Z. The expressions for expected returns and volatility in returns follow from plugging in the expression
for price and computing the moments.

Proof of Propositions 7 and 8. When πt = 1, Proposition 6 implies that conditional expected return
and variance in returns are constant, and so equal to the unconditional moments. Moreover,
E[Qt+1 ] = 12 var [Qt+1 ] = αZ

var [Qt+1 ] = A21 σ 2 + σε2 + σ 2 (1 − λ) = σ 2 1 − λ 1 −

(37)
1
R2



.

(38)

Differentiating w.r.t. λ, we get
∂
var [Qt+1 ] = −σ 2 1 −
∂λ

1
R2



which implies that expected retuns and variance are decreasing in information quality.
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(39)

When πt = 0, Proposition 5 implies that

A20 σ 2 + σε2 + σ 2
κ= 2 2
A0 (σ + σε2 ) + σ 2 + A20 (σ 2 + σε2 ) + σ 2 (1 − λ)
A20 σ 2 /λ + σ 2
= 2 2
A0 σ /λ + σ 2 + A20 σ 2 /λ + σ 2 (1 − λ)
A20 + λ
= RA0 /λ,
=
2
2A0 + 2λ − λ2

(40)
(41)
(42)

the unconditional expected return is
 



E [Qt+1 ] = E κα A20 σ 2 + σε2 + σ 2 Z − RA0 Sθ,t

= σ 2 RA0 /λ A20 /λ + 1 αZ

(43)
(44)

and the unconditional variance in returns is
var [Qt+1 ] = E [vart [Qt+1 |Sθ,t ]] + var [Et [Qt+1 |Sθ,t ]]


= σ 2 1 + R2 A20 /λ + 1 .

(45)
(46)

Since the unique solution to A0 is given by
A0 =

2
2
2 2

1/3
√12R λ−λ −6R λ
2
2
3
2
3
2
2
72R λ +2λ +18R λ + 4(12R λ−λ −6R2 λ2 )3 +(72R2 λ2 +2λ3 +18R2 λ3 )2
1/3

√
72R2 λ2 +2λ3 +18R2 λ3 + 4(12R2 λ−λ2 −6R2 λ2 )3 +(72R2 λ2 +2λ3 +18R2 λ3 )2

λ
6R

+

−

3×22/3 R

,

6×21/3 R

(47)

it can be shown that both the unconditional expected return and the unconditional variance in returns are
increasing in λ.
Finally, since expected returns and volatility are continuous functions of πt , the results follow.

Appendix B - Common Priors and Noisy Aggregate Supply
In this appendix, we present a version of the model in which investors have common prior beliefs but the
aggregate supply of the risky asset is stochastic. While less analytically tractable than the model presented in
the body of the paper, this model is useful in highlighting the effect of uncertainty about whether others are
informed in a more familiar setting (the model reduces to the noisy rational expectations model of Grossman
and Stiglitz (1980) when π0 = 1), and in showing how robust the qualitative implications of our model are.
The model setup is as in Section 3, with the following exceptions. Without loss of generality, we set the
risk-free rate R to one. The potentially informed investor can either be informed (i.e., θ = I) or not informed
(i.e., θ = N I), where the prior probability of being informed is π0 = Pr(θ = I). If θ = I, she receives a
signal Sθ,t = dt+1 + εt about next period’s dividend dt+1 — otherwise she has no information. As a result,
the optimal demand for a θ investor is given by:

xθ,t =


 λSθ,t −Pt

if

θ=I

 0−P2t

if

θ = N I,

ασ 2 (1−λ)
ασ

35

(48)

2

where λ = σsig
2 +σ 2 is the Kalman gain of the signal. Note that without an additional source of noise, the price
ε
and the optimal demand of the θ investor not only perfectly reveals her information, but also (generically)
whether or not she’s informed. In order to prevent the equilibrium from being fully revealing, we follow the
noisy rational expectations literature and introduce aggregate supply shocks. In particular, assume that the
aggregate supply of the risky asset is given by Z + zt , where zt ∼ N (0, σz2 ).22 The market clearing condition
is given by:
xθ,t + xU,t = Z − zt .

(49)

Since U investors can observe the equilibrium price and the residual supply, they can construct a signal
yt ≡ ασ 2 (1 − λ)(xθ,t + zt ) + Pt =


λS

θ,t

+ ασ 2 (1 − λ)zt

λP + ασ 2 (1 − λ)z
t
t

if

θ=I

if

θ = N I,

(50)

Note that this implies that, unlike the static version of the model in Section 4, the U investor can use yt to
update her beliefs about the likelihood of θ being informed, as follows:

πt (yt , Pt ) =
√π02

σY,I



√π02 φ √yt2
σY,I
σY,I




yt −λPt
0
√
φ √yt2
φ
+ √1−π
2
2
σY,I

σY,N I

(51)

σY,N I

where

2
2
σY,I
= λ2 σ 2 + σε2 + α2 σ 4 (1 − λ) σz2 ,

2

2
2 4
2
and σY,N
I = α σ (1 − λ) σz .

(52)

Moreover, conditional on θ = I, U ’s beliefs about dt+1 is given by
EU,t [dt+1 |yt , θ = I] = λy yt ,

varU,t [dt+1 |yt , θ = I] = σ 2 (1 − λy )
2

where λy =

(53)

2

cov (yt , dt+1 )
λσ
λσ
= 2 =
2
var (yt )
σY,I
λσ + λ2 α2 σε4 σρ2

(54)

Optimal demand for the U investor is then given by
xU,t =

πt λy yt − Pt
1
.
2
α πt σ (1 − λy ) + (1 − πt ) σ 2 + πt (1 − πt ) (λy yt )2

(55)

The equilibrium price Pt of the current model must be computed numerically by solving the fixed point
implied by imposing the market clearing condition, which can be expressed as
y t − Pt
πt λy yt − Pt
i = Z.
+ h
2
ασ (1 − λ) α π σ 2 (1 − λ ) + (1 − π ) σ 2 + π (1 − π ) (λ y )2
t
y
t
t
t
y t
22

(56)

Alternatively, one could assume that in addition to being potentially informed, θ investors anticipate
an endowment to their wealth of zt dt+1 in the next period, where zt is known to θ investors but not to U
investors, and zt ∼ N (0, σz2 ).
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Analogous to the decomposition in equation (11), the price can be decomposed into two components:
Pt = (κt + (1 − κt ) πt λy ) yt − κt ασ 2 (1 − λ) Z
{z
}
|
{z
} |

(57)

risk premium

expectations

where

2

κt =

σ 2 (1 − πt λy ) + πt (1 − πt ) (λy yt )

(58)

2

σ 2 (1 − λ) + σ 2 (1 − πt λy ) + πt (1 − πt ) (λy yt )
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Figure 9: The two components of the equilibrium price function as they depend on the price signal yt and
the prior beliefs π0 .
Figure 9 illustrates the two components of the price. The plots suggest that uncertainty about whether
others are informed has qualitatively similar implications in this setup. As in the static model of Section
4, the expectations component is monotonic in the price signal. Moreover, as before, the U investors are
unsure about how to interpret yt , which implies that their posterior variance, and therefore, the risk-premium
component of price depends on the realization of yt . These results imply that the price reacts asymmetrically
to good news vs. bad news, as in the main model of the paper.
However, in contrast to the main model, the U investor updates πt using the signal yt , and large
realizations of yt lead to large updates in πt (either towards zero or one). This implies that, unlike the
main model (e.g., see Figure 3), the expectations component is no longer linear in the signal. Moreover, the
risk-premium component becomes more dampened for large realizations of yt , since for these realizations πt
is closer to zero or one. Since even the static version of the current model must be analyzed numerically (in
contrast to the static version of the main model in the paper), we leave the analysis of the dynamic version
to future work. However, the analysis suggests that allowing for uncertainty about whether other investors
are informed, can have important implications for return dynamics, even in standard models with common
priors and rational expectations.
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