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Abstract

To understand the dynamics of investor asset demands, we develop a multiperiod

general-equilibrium model driven by a single latent variable, differences in beliefs,

resulting from heterogeneity in investors’ confidence regarding the return dynamics

of assets. Consistent with the data, investors’ asset holdings are concentrated and

display large and persistent heterogeneity in asset demands across investors. More-

over, demand curves are steeper than with homogeneous beliefs. The time-series

and cross-sectional variation in assets’ realized and expected returns, as well as

their volatilities, are driven by the mean and dispersion of latent demand.
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Traditional asset-pricing models imply asset demand with little heterogeneity across in-

vestors. However, Koijen and Yogo (2019) show empirically that investors’ asset demand is

characterized by large heterogeneity across different institutional investors. Consequently, the

aggregate demand elasticity varies across assets that are held by different investors. They also

find that a substantial part of this heterogeneity cannot be explained by assets’ observable

characteristics but is driven by latent variables. This latent demand, which is highly volatile,

strongly influences assets’ realized and expected returns as well as their volatilities.

Our main contribution is to develop a novel but simple theoretical framework of a multi-

period general-equilibrium economy that can jointly rationalize the static and dynamic prop-

erties of asset demands. Our model is driven by a single latent variable: differences in beliefs

arising from heterogeneity in investors’ confidence about expected asset returns. This model

generates large and persistent heterogeneity in investors’ demand, both in the cross-section of

assets and over time, with micro and macro demand elasticities that are lower than in the

standard models with full confidence.

To study heterogeneity in asset demands across investors and over time, we develop a model

that features two classes of risky assets (along with a risk-free asset) and two groups of investors.

The two classes of assets differ in terms of the confidence investors have about their expected

returns. The first class of assets represents assets well understood by all investors, for instance,

large-cap stocks. The second class of assets represents assets whose fundamentals are more

difficult to assess, such as small-cap stocks, stocks from new sectors such as technology and

biotechnology, or a less-traditional asset class, such as private equity and venture capital. The

two groups of investors have identical Epstein and Zin (1989) preferences but differ in terms

of the confidence they have about each asset class. Both groups of investors are assumed to

be fully confident about the first asset class (large-cap stocks). But, for the second class of

assets (small-cap stocks), one group of investors representing, for instance, large institutions

and “smart-money,” is more confident about its estimate of expected returns on this asset

than the other group of investors representing, for instance, smaller institutions or households.

Because regulations restrict many institutional investors from taking short positions, we restrict

all investors to have non-negative asset demands, which implies that financial markets are

incomplete.
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Many empirically observed patterns in investors’ static and dynamic asset demands arise

naturally in our model, which we describe below along with the economic mechanisms driving

them.

First, heterogeneity in investors’ confidence regarding the return dynamics of assets, coupled

with Bayesian learning, leads to pronounced heterogeneity in asset demands across investors.

Less-confident investors, typically smaller financial institutions, hold large-cap stocks, while

more-confident investors, typically larger financial institutions, invest a greater share of wealth

in the riskier asset. This heterogeneity in asset demands is present even when investors have the

same initial beliefs, as long as they have heterogeneous confidence. This is because differences

in confidence about the less-familiar asset’s return, coupled with Bayesian updating, gives rise

to precautionary-savings (Kimball, 1990) and intertemporal-hedging demands (Merton, 1971)

in anticipation of future changes in beliefs.1

Second, despite Bayesian learning, there is strong persistence in the heterogeneity in asset

demands across investors. This is because, under Bayesian updating, while confidence increases

with each new cash-flow observation, the increase in confidence becomes smaller each successive

period, and hence, changes in beliefs also become smaller with each additional observation.

Thus, the precautionary-savings and intertemporal hedging demands decline only slowly, which

explains the persistence in the heterogeneity of asset demands and the importance of the latent

variable even in the long run.

Third, the demand elasticity of the less-familiar asset with respect to its own price is lower

in the model with confidence heterogeneity, compared to the standard model where all investors

have full confidence. The macro elasticity, that is the change in the demand for the bond with

respect to the price of the risky assets, is also lower in the presence of confidence heterogeneity.

Latent demand (that is, demand driven by differences in beliefs) plays an important role in

reducing these micro and macro demand elasticities.

1Specifically, the higher perceived consumption volatility, which results from the higher perceived cash-flow
volatility of the less-familiar risky asset, creates a precautionary motive to hold more wealth in the safe asset.
The underinvestment in the less-familiar asset arises because less-confident investors wish to hedge changes in
their perceived investment-opportunity set. In particular, if the dividend-growth rate of the less-familiar asset
decreases, their future utility falls. To hedge this decline, they hold a portfolio that underweights the less-familiar
asset (i.e., they have a negative intertemporal hedging demand).
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Fourth, both classes of investors change their portfolios conditional on observing shocks to

dividends, but in different ways. Less-confident investors display trend-chasing behavior; that

is, they increase their holdings of the less-familiar asset following positive cash-flow news and

vice versa. On the other hand, more-confident investors take on riskier positions when expected

market returns are higher; that is, they exhibit superior market-timing abilities.

Fifth, the static and dynamic differences in asset demands across the two groups of investors

lead to heterogeneity in portfolio returns. Less-confident investors earn lower investment returns

than more-confident ones—in absolute terms and also on a risk-adjusted basis. In particular,

their larger allocation to the safe asset leads to lower absolute expected portfolio returns and

also to lower portfolio volatility. Moreover, their portfolio underdiversification—resulting from

an underinvestment in the asset about which they are less familiar—reduces their risk-adjusted

investment returns (i.e., the portfolio Sharpe ratio). Heterogeneity in absolute investment

returns is further boosted by the market-timing ability of the more-confident investors.

Finally, our model highlights the importance of latent demand for asset prices and returns.

In equilibrium, the less-familiar asset’s return volatility, risk premium, and Sharpe ratio are

endogenously higher than those of the more-familiar asset (despite the fundamentals for the

two assets being the same) and decline only slowly over time, as investors’ confidence about its

dividend-growth rate increases. The high return volatility stems from an amplification of the

cash-flows shocks,2 which, together with the high volatility of the stochastic discount factor,

also leads to a high risk premium. Intuitively, the higher Sharpe ratio for the less-familiar

asset is required to induce the more-confident investors to hold a larger share of this asset—to

compensate for the low demand from less-confident investors.

Importantly, our results are not a consequence of behavioral biases or investment mistakes

nor do not they rely on the possibility of extreme beliefs or fat-tailed (belief) distributions.

Instead, they are a consequence of small revisions in beliefs having a large impact on the long-run

subjective consumption distribution. The only critical assumption underlying our findings is

that investors prefer early resolution of uncertainty. Indeed, we explicitly show that models

with log utility (i.e., in the absence of intertemporal hedging demands) and CRRA utility (i.e.,

2With a preference for early resolution of uncertainty, less-confident investors allocate a larger (smaller)
fraction of their risky portfolio to this asset following positive (negative) cash-flow news about the less-familiar
asset. This, in turn, increases (decreases) its price-dividend ratio exactly when its dividends are high (low).
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with investors being neutral about the timing of the resolution of uncertainty) fail to deliver

the portfolio and investment-return dynamics observed empirically. We also demonstrate that

our results are distinctly different from those of many alternative models relying either on

heterogeneous preferences or constant belief heterogeneity.

Our model is motivated by the broad features of asset demands and returns documented in

Koijen and Yogo (2019), whose estimates are based on a single-period model in which investors

have logarithmic utility function, heterogeneous beliefs, and face a shortsale constraint. Just

like Koijen and Yogo (2019), investors in our model have heterogeneous beliefs (because of

differences in confidence) and face a short-sale constraint. However, to study the dynamics

of assets demands and returns, we consider a multiperiod setting (with Bayesian updating of

beliefs). We also assume that investors have Epstein and Zin (1989) preferences, which allows

us to study the importance of intertemporal hedging demands that are absent under log utility.

Therefore, the results that we obtain for dynamically optimal portfolios nicely complement the

analysis of myopic portfolios in Koijen and Yogo (2019).

Our work is also related to Collin-Dufresne, Johannes, and Lochstoer (2016a) and Ehling,

Graniero, and Heyerdahl-Larsen (2018), who study models with a single risky asset with

investors who have heterogeneous beliefs resulting from investors’ experience and focus on the

link between investor demographics (generations) and asset returns. The key difference with

these papers is that in our framework learning is Bayesian, and our focus is on the evolution

of heterogeneity in asset demands for multiple risky assets across investors, rather than the

asset-pricing implications of biased learning.3

There is also an extensive literature that studies the implications of time-invariant heteroge-

neous beliefs for asset pricing; see, for instance, Scheinkman and Xiong (2003), Panageas (2005),

Gallmeyer and Hollifield (2008), Xiong and Yan (2010), Prieto (2013), Chabakauri (2013, 2015),

Baker, Hollifield, and Osambela (2016), and Borovička (2020). Panageas (2019) provides an

excellent review of the literature on belief and preference heterogeneity.

3Bayesian learning also features in the representative-agent single-risky-asset models of Collin-Dufresne,
Johannes, and Lochstoer (2016b) and Johannes, Lochstoer, and Mou (2016). In contrast, our model has multiple
groups of investors (thereby, allowing for heterogeneity in confidence) and multiple risky assets. Empirically,
Johannes et al. (2016) demonstrate that beliefs about long-run dynamics are volatile and drift considerably over
time—consistent with our model.
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The rest of the paper is organized as follows. Section 1 introduces our economic framework.

We show how heterogeneity in investors’ confidence affects the dynamics of asset demands

in Section 2, the dynamics of asset returns in Section 3, and investors’ portfolio returns in

Section 4. Section 5 contrasts our predictions with those from alternative model specifications.

Section 6 concludes. Technical details are relegated to the appendices.

1 Economic Framework

This section introduces our economic framework, which is designed to capture a key salient

feature of financial markets—differences in investor confidence. Below, we describe the details

of the model, investors’ optimization problems, and the definition of equilibrium.

1.1 The Model

We study a general-equilibrium model set in discrete time, with time interval ∆t and a finite

horizon T .4

Financial assets: There are three financial assets in the economy. The first asset is a risk-free

single-period discount bond in zero net supply, indexed by n = 0. In addition, there are two

risky assets, indexed by n ∈ {1, 2}, each in unit supply, and modeled as a claim to a Lucas (1978)

tree. Specifically, we assume that each asset’s log dividend growth ∆dn,t+1 ≡ ln
[
Dn,t+1/Dn,t

]
is

described by an IID-Normal model with expected dividend-growth rate µn and dividend-growth

volatility σn:

∆dn,t+1 = µn + σn εn,t+1, n ∈ {1, 2}, (1)

where εn,t+1 ∼ N (0, 1), and ε1,t+1 and ε2,t+1 are assumed to be uncorrelated.5 We interpret

the first risky asset as a portfolio of large-cap stocks that are well understood by all investors.

The second risky asset represents a portfolio of smaller stocks that are less well understood (for

4The choice of a finite horizon is dictated by the numerical solution technique. However, in our numerical
illustration, we choose a very long horizon (T = 1000) that renders the impact of the finite horizon—even
quantitatively—negligible (in that further extending the horizon has no impact on the results).

5This assumption simplifies Bayesian’ updating because it implies that investors will only use news about
the cash flow of the less-familiar asset in their learning. However, it is not crucial to our results, which are—
qualitatively—unchanged if one allows for correlated dividends (cf. Appendix D). Note also that even though
dividends are uncorrelated, asset returns, which depend on equilibrium prices, will be endogenously correlated.
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example, because of lower analyst coverage or because they are stocks in a new sector, such as

technology or biotechnology).

Investors: The economy is populated by two groups of investors, indexed by k ∈ {1, 2}.

Investors have Epstein and Zin (1989) and Weil (1990) preferences over consumption of the

single consumption good, Ck,t. Specifically, lifetime utility Vk,t is defined recursively as

Vk,t =

[
(1− β)C

1− 1
ψ

k,t + β Ekt

[
V 1−γ
k,t+1

] 1
φ

] φ
1−γ

, (2)

where Ekt denotes the time-t conditional expectation under investor k’s subjective probability

measure, β > 0 is the rate of time preference, γ > 0 is the coefficient of relative risk aversion,

ψ > 0 is the elasticity of intertemporal substitution (EIS), and φ = 1−γ
1−1/ψ .

The two groups of investors differ only in their level of confidence about the cash-flow

dynamics of the less-familiar asset.6 Intuitively, such heterogeneity could arise from differences

in experience, skill, or access to analyst coverage. In particular, we assume that the more

confident investors (k = 1) represent the larger financial institutions whose latent demand is

relatively more stable (Koijen and Yogo, 2019). In contrast, the less confident investors (k = 2)

represent smaller financial institutions and households.

We model investors’ beliefs using parameter uncertainty combined with Bayesian updating

(based on cash-flow news), which yields rich dynamics in investors’ subjective beliefs regarding

the distribution of future cash flows of the less-familiar stocks.7 In particular, investor k starts

at date t = 1 with a conjugate prior for the expected dividend-growth rate of the second asset,

µ2 ∼ N (µ̂k,1, Ak,1 σ
2
2). This prior, combined with the dividend dynamics in (1), implies a time-t

posterior density function p(µ2|∆d2,1, . . . ,∆d2,t) = N (µ̂k,t, Ak,t σ
2
2), with the dynamics of µ̂k,t

and Ak,t given by

µ̂k,t = µ̂k,t−1 +
(
∆d2,t − µ̂k,t−1

) Ak,t−1
1 +Ak,t−1

, (3)

6It would be straightforward to also allow for heterogeneity in investors’ preferences. We assume identical
preferences to highlight the effects arising from differences in confidence alone. The case of heterogeneity in
preferences alone is studied in Section 5.2.

7Investors “agree to disagree,” that is, they do not revise their beliefs based on asset prices. Morris (1995)
explains why it is reasonable to assume that investors have different priors and that this is fully consistent with
rationality. There exists a vast literature that uses this formulation; see, for example, Dumas, Kurshev, and
Uppal (2009), and the papers cited therein.
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Ak,t =
1

1/Ak,t−1 + 1
. (4)

Consequently, even though the dividend dynamics of the less-familiar asset are driven by an IID

model with constant parameters, from the investors’ perspective the expected dividend-growth

rate, µ̂k,t, and its volatility,
√

1 +Ak,t σ2, are time varying, with this time-variation driven

by Ak,t. In particular, any difference in investors’ initial precision, Ak,1, leads to (long-term)

differences in investors’ confidence (and beliefs) and volatility of latent demand.

For expositional ease, we assume that there is no uncertainty about the parameters of the

dividend process for the first asset (i.e., the portfolio of large-cap stocks), and investors know

that its correlation with the dividends of the less-familiar asset is zero.

There are a few important points to highlight about the dynamics of investors’ beliefs in

Equations (3) and (4) that will be useful for understanding the dynamics of asset demands.

First, the perceived dividend-growth rate, µ̂k,t, is a martingale, so revisions in subjective beliefs

constitute permanent shocks to investors’ continuation utility Vk,t. Second, the volatility of the

expected dividend-growth rate,
√

1 +Ak,t σ2, is decreasing over time, but at a decreasing rate.

Specifically, using the recursive definition in (4), it is straightforward to express the date-t value

of Ak,t in terms of Ak,1, its date-1 value: Ak,t =
Ak,1

1+t Ak,1
. This implies that the change

Ak,t+1 −Ak,t =
−A2

k,1(
1 + t Ak,1

)(
1 + (t+ 1)Ak,1

) (5)

is negative and, hence, Ak,t is decreasing over time. Third, the effect of cash-flow news on

the change in perceived beliefs, µ̂k,t+1 − µ̂k,t, is decreasing over time, but at a decreasing rate.

To see this, note that the recursive definition in (4) implies that the (last) term appearing

in (3) that determines by how much beliefs change after each cash-flow news, simplifies to

Ak,t−1

1+Ak,t−1
=

Ak,1
1+t Ak,1

. The change in this expression is negative

Ak,t+1

1 +Ak,t+1
−

Ak,t
1 +Ak,t

=
−A2

k,1(
1 + (t+ 1)Ak,1

)(
1 + (t+ 2)Ak,1

) , (6)

which confirms that the perceived dividend-growth rate diminishes over time.

Figure 1 illustrates these patterns in the perceived dividend-growth rate of the less-familiar

asset, µ̂k,t, for a simulated path of the economy. Two cases are illustrated: in the “Low

8



Figure 1: Perceived Dividend-Growth Rate of the Less-familiar Asset
The figure illustrates the interplay between investors’ confidence and Bayesian updating in our model. It depicts

the perceived (annualized) dividend-growth rate of the less-familiar asset for a simulated path of the economy.

Two cases are illustrated: In the “Low confidence” case, prior precision is given by Ak,1 = 20, while in the

“High confidence” case, prior precision is given by Ak,1 = 40. The beliefs in both cases are initially unbiased,

i.e., the perceived growth rate at date 1, µ̂k,1, is equal to the true growth rate µ2 = 1.8% p.a. The time

interval ∆t is set equal to one quarter and volatility σ2 to 4.80% p.a. The shaded gray areas indicate periods of

higher-than-expected (realized) dividend growth for the less-familiar asset, and the dashed horizontal line shows

the true expected growth rate.

confidence” case, prior precision is given by Ak,1 = 20, while in the “High confidence” case, it

is given by Ak,1 = 40. The beliefs in both cases are initially unbiased, that is, the (annualized)

perceived growth rate at date 1, µ̂k,1, is equal to the true growth rate µ2 = 1.8% p.a. Intuitively,

when realized dividend growth is higher than expected, highlighted in shaded gray, investors

revise their beliefs about µ2 upward and vice versa for lower-than-expected growth. As a result,

investors are sometimes optimistic and, at other times, pessimistic regarding the future dividend

growth of the less-familiar asset; that is, they overstate (understate) its dividend-growth rate

(compared to the true growth rate µ2 highlighted by the dotted horizontal line). Notably, in the

case where investors are less confident about the dividend dynamics of the less-familiar asset

(Ak,1 = 20), the revisions in expectations in response to dividend news are greater. Moreover,

with each new observation, investors’ estimates of the expected dividend-growth rate become

more precise, and, thus, revisions in their beliefs decrease in size.
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1.2 Investors’ Optimization Problem and Equilibrium

The objective of investors in group k is to maximize their expected lifetime utility (2), by

choosing consumption, Ck,t, and holdings in financial assets, θk,n,t, n ∈ {0, 1, 2}, subject to the

budget equation

Ck,t + θk,0,t S0,t +
2∑

n=1

(θk,n,t − θk,n,t−1) Sn,t ≤ θk,0,t−1 +
2∑

n=1

θk,n,t−1Dn,t, (7)

where Sn,t denotes the price of asset n. The left-hand side of the budget equation describes the

use of funds for consumption, the purchase or sale of the (newly issued) short-term discount

bond, and changes in the demand for the risky assets, while the right-hand side reflects the

source of funds, stemming from the unit payoff of the (maturing) short-term bond as well as the

dividends from the holdings of the risky assets. In addition, we impose a short-sale constraint

for the second risky asset: θk,2,t ≥ 0, k ∈ {1, 2}.8

The first-order conditions for consumption and demand for the risk-free and the two risky

assets, which are derived in Appendix A, imply:

Mk,t+1 = β ξk,t exp
(

(−1/ψ) ∆ck,t+1 − (γ − 1/ψ) vk,t+1

)
, (8)

S0,t = Ekt [Mk,t+1] ,

S1,t = Ekt
[
Mk,t+1

(
S1,t+1 +D1,t+1

)]
,

S2,t =
1

1− Λk,t
Ekt
[
Mk,t+1

(
S2,t+1 +D2,t+1

)]
,

where Mk,t+1 is investor k’s stochastic discount factor, ∆ck,t+1 is log consumption growth,

vk,t+1 ≡ log(Vk,t) is log-continuation utility, Λk,t is the Lagrange multiplier associated with the

short-sale constraint, and ξk,t ≡ Ekt
[
exp
(
(1− γ) vk,t+1

)](γ−1/ψ)/(1−γ)
.

Equation (8) highlights that when relative risk aversion is not equal to the reciprocal of EIS

(γ 6= 1/ψ), then shocks to the future log-continuation utility, vk,t+1, are a source of priced risk—

in addition to shocks to the one-period ahead log consumption growth, ∆ck,t+1. In particular,

8We constrain short sales because, in practice, it is not easy to short a risky asset, especially one with which
investors are not very familiar; moreover, many financial institutions are prohibited from holding short positions.
Qualitatively, the constraint does not affect any of our results; quantitatively, the results are slightly stronger if
we allow for short sales (see Section 5.3). For the first asset, the constraint is never binding (because there is no
disagreement) and, hence, is omitted.
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through its impact on investors’ continuation utility, variation in the perceived dividend-growth

rate of the less-familiar asset (µ̂k,t) becomes a priced risk factor.

Equilibrium in the economy is defined by consumption policies {Ck,t}, asset-demand deci-

sions {θk,n,t}, and price processes for the financial assets {Sn,t}, with k ∈ {1, 2}, n ∈ {0, 1, 2},

such that: (a) Ck,t and θk,n,t maximize investor k’s expected lifetime utility (2) subject to

the budget equation (7) and the short-sale constraint, θk,2,t ≥ 0; (b) aggregate demand equals

aggregate supply:

2∑
k=1

θk,0,t = 0, and
2∑

k=1

θk,n,t = 1, n ∈ {1, 2}. (9)

The state variables of the economy are: the consumption share of the second group of

investors, ω2,t ∈ (0, 1); the dividend share of the first risky security δ1,t ∈ (0, 1), whose dynamics

follow from the joint dividend dynamics in (1); the expected dividend-growth rate of the less-

familiar asset as perceived by the two groups of investors, µ̂k,t, k ∈ {1, 2}, with its dynamics

specified in (3); and the (deterministic) posterior variances of the beliefs of the two groups of

investors, Ak,t σ
2
2, k ∈ {1, 2}, with the dynamics specified in (4).

1.3 Parameter Values and Solution Method

To illustrate our key results, we solve the model for the set of parameter values listed in

Table 1. Importantly, however, our results depend only on heterogeneity in confidence and the

assumption that investors prefer early resolution of uncertainty, that is, ψ > 1/γ.9 In Section 5

and Appendix D, we discuss the quantitative impact of variations in parameter values and

explicitly show that our results are not sensitive to the choice of parameter values.

We set the trading frequency, ∆t, to one quarter. The number of periods, T , is set to

1, 000—minimizing any effects from having a finite horizon. The initial share of the second

(less-familiar) asset’s dividends, δ2,1, is set to a conservative value of 0.20 to highlight the

“small-cap” nature of the stocks. We specify identical processes for the two assets’ dividends,

calibrated to match jointly the historical mean and volatility of aggregate U.S. consumption

9This is a standard parametric assumption in the macroeconomics and asset-pricing literature that ensures
that positive dividend shocks for an asset increase its price-dividend ratio; Bansal and Yaron (2004) and Ai,
Bansal, Guo, and Yaron (2019) provide supporting empirical evidence.
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Table 1: Model Parameters
The table reports the baseline parameter values used for our numerical illustrations.

Variable Description Baseline

∆t Trading frequency 1/4 year
T Total number of trading dates (quarters) 1,000

β Rate of time preference (per quarter) 0.994
γ Relative risk aversion 10
ψ Elasticity of intertemporal substitution 1.0
w2,1 Initial wealth share of the less-confident investors 2/3

µn Expected dividend growth (per quarter) 0.45%
σn Dividend growth volatility (per quarter) 2.40%
ρ Correlation between dividend growth rates 0.0
δ2,1 Less-familiar asset’s share of total initial dividends 0.20
λ Leverage factor 2.5

µ̂2,1 Initial mean of less-confident investors’ prior distribution 0.45%
A2,1 Initial precision of less-confident investors’ prior distribution 20

¯
µ2, µ̄2 Truncation boundaries for beliefs of less-confident investors [−0.55%, 1.45%]

growth (1.80% and 3.70% p.a., respectively).10 Because equity claims are generally levered, we

report asset and investment return moments assuming a leverage factor of λ = 2.5.

We use a (quarterly) rate of time-preference β = 0.994, a coefficient of relative risk aversion

γ = 10, and an EIS ψ = 1—usual choices in the literature. For ease of exposition, we assume

that the first group of investors knows the dividend-growth rate of the less-familiar asset (i.e.,

has infinite precision).11,12 In contrast, the second group is uncertain about its growth rate but

learns from dividend realizations. Accordingly, we refer to the first group (k = 1) of investors,

representing larger financial institutions, as “more-confident investors” and the second group

(k = 2), representing smaller financial institutions and households, as “less-confident investors.”

We assume that the first group of investors is initially endowed with 1/3 of the total wealth

10Specifying identical processes for the dividend dynamics of the two assets guarantees a stable dividend-share
distribution in the initial years, thereby eliminating effects arising mechanically from time variation in the
dividend-share distribution. Note, however, that in the limit (t → ∞), a bimodal distribution with dividend
shares of zero and one arises—as is standard for such models; see, e.g., Cochrane, Longstaff, and Santa-Clara
(2008). We have confirmed that our results remain unchanged for a stationary dividend-share distribution.

11Consequently, in this case, we have four state variables: the consumption share of the less-confident investors,
ω2,t; the dividend share of the first risky asset, δ1,t; the less-familiar asset’s dividend-growth rate as perceived
by less-confident investors, µ̂2,t; and the posterior variance of their beliefs, A2,t σ

2
2 .

12The assumption that one group has infinite precision is not crucial for our results; we only require that the
beliefs of one group of investors are less precise than those of the other. The model could easily be extended
to incorporate generalizations such as parameter uncertainty for both investors, parameter uncertainty for both
risky assets, and uncertainty about the assets’ dividend-growth volatilities.
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(Koijen and Yogo (2019, Table 4) report that the thirty largest institutions hold about 30% of

the market), while the less-confident investors are endowed with 2/3 of the total wealth.13

Specifically, for the second group of agents we set their initial prior to be A2,1 = 20

(equivalent to 20 quarters of data) and µ̂2,1 = µ2 (i.e., beliefs are initially unbiased). To

make sure that our results are not driven by extreme (and potentially unreasonable) levels of

the perceived dividend-growth rate, we use fairly tight truncation bounds of
¯
µ2 = −0.55% and

µ̄2 = 1.45% (i.e., deviations of plus/minus 1% from the true mean).14

Identifying the equilibrium is a non-trivial task. In particular, we extend the numerical

solution approach in Dumas and Lyasoff (2012) along several dimensions; for instance, we

incorporate parameter uncertainty with Bayesian learning, multiple risky assets, and Epstein-

Zin-Weil preferences.15 The details of our solution approach are provided in Appendix B.

We illustrate our results via plots, in which we focus on the first 100 quarters (25 years) of

the economy and report averages across 100, 000 simulated paths of the economy. To illustrate

how the distribution of the key quantities is affected by confidence heterogeneity, we frequently

also plot the first and third quartile of the simulated paths (in light dash-dotted lines). In

addition to showing the case of heterogeneous confidence, the plots include the case where both

groups of investors have full confidence, which serves as a benchmark.

2 Dynamics of Asset Demands

In this section, we explain how heterogeneity in investor confidence gives rise to distinct asset-

demand patterns as observed in the data, including persistent heterogeneity in asset demands,

a reduction in the price sensitivity of asset demands, and trend-chasing behavior.

13In Section 5.3, we demonstrate how our findings vary quantitatively with the initial wealth distribution.
14Formally, we use a truncated Normal prior for µ2, which results in a truncated Normal posterior with the

same truncation bounds. Conveniently, the updating equations for the hyperparameters, µ̂k,t and Ak,t, remain
the same—although µ̂k,t, in general, no longer corresponds to the subjective conditional mean of the less-familiar
asset’s dividend growth (see the online appendix of Collin-Dufresne et al. 2016b). Note also that, for EIS greater
(smaller) than one, truncation is generally required to ensure the existence of equilibrium as a positive (negative)
probability for an arbitrarily high µ̂k,t leads to a violation of the transversality condition. In Section 5.3, we
demonstrate how our findings vary quantitatively with the truncation bounds.

15For instance, for our baseline setting, we solve more than one million (small) equation systems, each involving
the interpolation of future prices, future holdings, and future value functions over the grid of state variables,
which takes about 24 hours on a 24-core workstation.
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Figure 2: Asset-Demand Dynamics
The figure illustrates the portfolio shares of less-confident investors (left column) and more-confident investors

(right column) over time. Panels A and B plot the average proportion of wealth invested in the risk-free bond,

Panels C and D in the less-familiar asset representing small caps, and Panels E and F in the more-familiar asset

representing large caps. Averages are calculated across 100, 000 simulation paths. The light dash-dotted lines

plot the first and third quartile of the distribution of the simulated paths. All graphs are based on the parameter

values described in Table 1.
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2.1 Heterogeneity in Asset-Demand Dynamics

Figure 2 plots the proportion of wealth each investor group allocates to the risk-free asset and

the two risky assets—averaged across all simulation paths. First, we observe from Panels A and

B that the model can generate a large and persistent heterogeneity in investors’ asset demands

(as in the data). Less-confident investors persistently allocate a larger fraction of their wealth

to the risk-free asset. Indeed, in equilibrium, they have, on average, a long position in the safe

asset. This is a consequence of their higher perceived consumption-growth volatility (resulting

from the higher perceived dividend-growth volatility of the less-familiar asset), which gives

rise to a precautionary-savings demand for the risk-free asset (as long as relative risk aversion

γ > 1). In contrast, more-confident investors have, because of market-clearing, a short position

in the safe asset.

Second, the risky-asset components of investors’ portfolios also differ markedly. Specifically,

less-confident investors persistently underweight the less-familiar small-cap stocks (Panel C) and

overweight the more-familiar large cap stocks (Panel E)—compared to more-confident investors

and also the full-confidence market weights. Market clearing implies that more-confident

investors are overinvested in the less-familiar asset (Panel D)—relative to less-confident investors

and relative also to the setting where all investors are fully confident. The more-confident

investors’ short position in the bond (Panel B), however, allows them to maintain their invest-

ment in the more familiar large-cap stocks at about the same level as the full-confidence case

(Panel F). Thus, confidence heterogeneity has only a smaller impact on the diversification of

their portfolios. As a result, consistent with empirical findings (Koijen and Yogo, 2019), larger

financial institutions are better diversified, while smaller financial institutions and households

are concentrated in more-familiar stocks.

The key economic force explaining this heterogeneity in investors’ risky-asset demands is

the intertemporal-hedging demand, which has been highlighted in the work of Merton (1971)

on dynamic portfolio choice and of Campbell and Viceira (2002) on strategic asset allocation.

Specifically, less-confident investors have a strong negative intertemporal-hedging demand for

the less-familiar asset, which pushes down their overall demand for the asset. We show this

explicitly in Figure 3 by decomposing investors’ holdings in the less-familiar asset into two

components: (1) a myopic component and (2) an intertemporal-hedging component. Observe
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Figure 3: Less-familiar Asset: Portfolio-Share Decomposition
The figure plots the (average) portfolio share allocated to the less-familiar asset as well as its decomposition into

the myopic and intertemporal-hedging components—for less-confident investors (Panel A) and more-confident

investors (Panel B). Averages are calculated across 100, 000 simulation paths. All graphs are based on the

parameter values described in Table 1.

that the less-confident investors’ myopic demand for the less-familiar asset is large and positive

(Panel A) and very similar to the myopic demand of the more-confident investors (Panel B).16

However, there is a striking difference in the intertemporal-hedging demands of the two groups

of investors. While for less-confident investors the intertemporal-hedging demand is strongly

negative, for more-confident investors it is quite small, arising mostly from (indirect) changes

in their expected utility induced by changes in the beliefs of less-confident investors.17

To understand the intuition for the less-confident investors’ negative intertemporal-hedging

demand for the less-familiar asset, note that their continuation utility is highly sensitive to

variations in their beliefs. Specifically, even though changes in beliefs are rather small on a

per-period basis, their impact on the subjective continuation-utility is large because changes

in beliefs permanently affect investors’ (long-term) consumption dynamics. Formally, one can

decompose shocks to each investor’s subjective log-continuation utility (normalized by total

16The tiny difference in the myopic demands of the less- and more-confident investors arises from differences
in the perceived dividend-growth volatility, with less-confident investors perceiving the less-familiar asset to be
slightly riskier.

17More-confident investors hedge also changes in the other stochastic state variables, but this effect is even
smaller (as can be seen from the sensitivities of their value function to the state variables, illustrated in Panel B
of Figure 4 below).
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Figure 4: Sensitivity of Continuation Utility to Changes in State Variables
Panels A and B, respectively, plot the average sensitivity of the log-continuation utility of less- and more-confident

investors with respect to the three stochastic state variables. Averages are computed across 100, 000 simulation

paths. The graph is based on the parameter values described in Table 1.

output), v̂k,t+1, into the sensitivity of their utility with respect to the stochastic state variables

and the shocks to these state variables:

v̂k,t+1 − Ekt [v̂k,t+1] = (10)[
∂v̂k,t
∂µ̂2,t

(
µ̂2,t+1 − Ekt [µ̂2,t+1]

)
+
∂v̂k,t
∂ω2,t

(
ω2,t+1 − Ekt [ω2,t+1]

)
+
∂v̂k,t
∂δ1,t

(
δ1,t+1 − Ekt [δ1,t+1]

)]
,

where µ̂2,t, ω2,t, and δ1,t+1 denote, respectively, the less-familiar asset’s dividend-growth rate

as perceived by the less-confident investors, less-confident investors’ share of aggregate con-

sumption, and the more-familiar asset’s share of total dividends. Panel A of Figure 4 shows

that the sensitivity of the less-confident investors’ subjective continuation utility with respect

to the perceived dividend-growth rate (µ̂2,k) is several orders of magnitude greater than the

sensitivities to the other two stochastic state variables. Thus, it is the perceived dividend-growth

rate that is the critical force driving their intertemporal-hedging demand. As expected, the

sensitivity of more-confident investors’ log-continuation utility to changes in beliefs of the

less-confident investors is much smaller and of opposite sign (Panel B of Figure 4).

In particular, because the sensitivity of less-confident investors’ subjective continuation

utility with respect to the less-familiar asset’s perceived dividend-growth rate is positive (and

hence, their utility decreases when the perceived return of the less-familiar asset declines), they
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have an incentive to set up a portfolio that will perform well when the perceived dividend-growth

rate is low. If asset prices rise (fall) following positive (negative) cash-flow news (as is the case

with early resolution of uncertainty), then this can be achieved through a negative hedging

position in the less-familiar asset, leading to a positive return when investors’ utility is low.

As is apparent from Figure 2, asset-demand heterogeneity persists for long periods and

weakens only gradually over time. These gradual changes are driven by less-confident investors’

learning. Specifically, as their confidence increases, the perceived dividend-growth rate settles

down. Thus, their precautionary-savings motive weakens and so the share of wealth allocated

to the bond declines. Moreover, the revisions in less-confident investors’ beliefs, and thus, the

fluctuations in their continuation utility, become less pronounced, lowering the magnitude of

the intertemporal-hedging component (Panel A of Figure 3). The reason why these changes

occur slowly is that with each new observation of dividends, the increase in the precision of

less-confident investors’ beliefs becomes smaller, as explained in Equations (5) and (6).

To understand the role of sentiment in the asset demands of agents, we perform a simple

simulation-based experiment, resembling a typical cross-sectional empirical test. First, we

simulate a large number of model states, all at a fixed point in time, but with different histories,

and record for each of these states (nodes in the tree) the portfolio holdings of each investor and

the value of the latent variable (beliefs of the less-confident agent). Second, for both investors

we compute the weight of each asset in the risky component of their portfolios, and regress it on

the observed value weight of one of the assets in the economy, which is partly endogenous due

to pricing, but is largely exogenous because of its dependence on the future dividends stream.

Using the market weight of an asset as the only variable to explain the weight of the less-familiar

asset delivers an R2 of 32% for the portfolio of the investor with more confidence and 78% for

the investor with less confidence. Adding the latent state variable (sentiment) to the right-hand

side of the regression, however, boosts the R2 values to 83% and 94%, respectively. Thus, the

simulation experiment, while being a stylized exercise compared to the typical empirical test,

shows that in a model with confidence heterogeneity, the latent variable explains asset demands,

with this variable being more important for the investors who hold the less-familiar asset.

In summary, our model can simultaneously explain the large and persistent heterogeneity

in investors’ allocations to safe and risky assets documented in the empirical literature on
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the asset demands of institutional investors (Koijen and Yogo, 2019) and endowment funds

(Lerner, Schoar, and Wang, 2008, Brown, Garlappi, and Tiu, 2010, Goetzmann and Oster,

2013). Moreover, the asset-demand patterns generated by our model are a consequence of

a new channel that has not been studied before—limited confidence about the less-familiar

asset’s return, which—coupled with Bayesian updating—gives rise to precautionary-savings

and intertemporal-hedging demands.

2.2 Price Sensitivity of Demand

For both investors, confidence heterogeneity has a considerable impact on the price sensitivity

demand; that is, the ratio of the change in asset demand relative to the change in its price

(∂Q/∂P ), which is the inverse of the demand curve’s slope. These sensitivities for the demands

of the two assets by the two groups of investors are illustrated in Figure 5.

In particular, Panels A and B report the price sensitivity of investors’ demand for the

less-familiar asset; that is, how the demand for the less-familiar asset changes as its price

goes up. In the presence of confidence heterogeneity, the demand of both investors for the

less-familiar asset is less sensitive to changes in its price. In the case of the less-confident

investor, this is again a consequence of the intertemporal hedging demand. Specifically, while

the myopic component of the investor’s demand remains quite sensitive to changes in its price,

the hedging component (which is designed to hedge against adverse future outcomes rather

than to benefit from a high expected return) is considerably less sensitive, thereby rendering

the total demand less sensitive to changes in the less-familiar asset’s price. Over time, as

the less-confident investor becomes more confident, the importance of the hedging component

declines, and thus, the demand elasticity goes up (in absolute terms). Interestingly, the elasticity

of the more-confident investor is also lower than in the case of full confidence (although the

effect is quantitatively smaller than that for the less-confident investor) and is driven by the

higher return variance in the presence of confidence heterogeneity.18 In unreported results,

we find that the demand of the two investors for the more-familiar asset is also less sensitive

to changes in the price of the less-familiar asset; that is, the cross-elasticities are lower with

confidence heterogeneity.

18Note, even in the case of full confidence, the price elasticity of the two investors is not the same. This is a
consequence of the different wealth (consumption) shares of the two investors.
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Figure 5: Price Sensitivity of Investors’ Demand
Panels A and B, respectively, plot the average price sensitivity of investors’ demand for the less-familiar asset;

that is, the ratio of the change in an investor’s demand for the less-familiar asset and the change in its price.

Panels C and D, respectively, plot the average price sensitivity of investors’ demand for the more-familiar asset;

that is, the ratio of the change in an investor’s demand for the more-familiar asset and the change in its price.

Panels E and F, respectively, plot the average ratio of a change in an investor’s demand for the bond and the

price of the “market portfolio” (i.e., the combination of both risky assets). Averages are computed across 100, 000

simulation paths. The graph is based on the parameter values described in Table 1.
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Panels C and D document that the price sensitivity of the more-familiar asset is considerably

smaller than that of the less-familiar asset—due to the absence of differences in confidence for

the dividend dynamics of the asset. Moreover, because the intertemporal hedging demand for

this asset is small, confidence heterogeneity has only a negligible impact on the elasticity of

investors’ demand.

Finally, Panels E and F report “macro elasticities,” that is, how the demand of the investors’

for the bond changes as the price of the “market portfolio” (i.e., the sum of the two risky assets)

goes up.19 In the presence of confidence heterogeneity, the macro elasticities are again lower

than the case with full confidence. This is again driven by the intertemporal hedging demand

which implies smaller changes in the demand for the risky assets, and hence, for the bond, as

the prices of the risky assets change.

To sum up, in the presence of confidence heterogeneity, both micro and macro demand

elasticities are lower than in the case of full confidence. Hence, confidence heterogeneity can help

to explain, at least partly, the low price elasticity of investors’ demand documented empirically

by Gabaix and Koijen (2021).20

2.3 Trend-Chasing

The revisions in less-confident investors’ beliefs upon the arrival of cash-flow news also create

“trend-chasing” in their demand for the less-familiar asset. For example, following positive

cash-flow news for the less-familiar asset, they revise their subjective expectations regarding

the dividend-growth rate of the less-familiar asset upward, and accordingly, increase their

demand. Conversely, following negative cash-flow news, their demand declines. Hence, there

is a positive correlation between past returns and less-confident investors’ current demand, as

illustrated in Panel A of Figure 6. This trend chasing is consistent with the empirical evidence

for inexperienced fund managers (Greenwood and Nagel, 2009) and smaller endowment funds

(Goetzmann and Oster, 2013).

Revisions in investors’ beliefs can also explain why less-confident investors occasionally allo-

cate substantial fractions of their wealth to assets that they are, in fact, not very confident about,

19Note, the higher absolute value of the macro elasticities is simply a result of the lower bond price.
20For an early paper with an excellent discussion of the slope of asset-demand curves, see Petajisto (2009).

21



Figure 6: Trend Chasing in the Demand for the Less-familiar Asset
Panel A plots the average change in the holdings of less-confident investors (in excess of the expected change)

conditional on positive or negative cash-flow news for the less-familiar asset. Panel B depicts the proportion

of wealth less-confident investors allocate to the less-familiar asset conditional on positive (negative) cash-flow

news for the less-familiar asset in the first eight periods; namely, for the 10% of paths with the most positive

(negative) cash-flow news. “Average” refers to the unconditional average across all paths. All quantities are

based on 100, 000 simulated paths of the economy and the parameter values described in Table 1.

as was the case, for example, for dot-com stocks (Greenwood and Nagel, 2009). Intuitively,

because less-confident investors’ beliefs are not very precise in the early periods, shocks have a

substantial impact on the perceived dividend-growth rate. Accordingly, less-confident investors

can easily become overly optimistic about an asset, that is, overstate its dividend-growth rate,

and consequently, also its return. As a result, they quickly increase their portfolio share in

such assets. The average holdings in subsequent years will then increase even further, driven by

the decline in the intertemporal-hedging component. We illustrate this in Panel B of Figure 6,

which plots the less-familiar asset’s share in less-confident investors’ portfolios conditional on

cash-flows news in the first few periods. In particular, the figure shows the portfolio share for

the 10% of paths with the most positive cash-flow news and the 10% of paths with the most

negative cash-flow news in the first two years (eight quarters).
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3 Dynamics of Asset Returns

There is a large empirical literature that links investors’ characteristics to their demand for as-

sets (see Koijen and Yogo (2019) and the references therein), and the resulting consequences for

asset returns. In the preceding section, we discussed how confidence heterogeneity drives asset

demands. In this section, we investigate the implications of differences in investor confidence

for the short- and long-run dynamics of equilibrium asset returns. In the next section, we will

study the consequences of these asset returns for the heterogeneity in investment returns across

the different classes of investors.21

3.1 Stochastic Discount Factor

To understand the forces driving asset returns in equilibrium, it is instructive to start by examin-

ing the impact of limited confidence on investors’ stochastic discount factors (SDFs). Figure 7

illustrates the dynamics of the volatility of investors’ SDFs. Notably, with heterogeneity in

confidence, the volatilities of the SDFs of both groups of investors are higher than in the case

of full confidence. Moreover, they are both generally declining over time.

Interestingly, the higher SDF volatilities for the two groups of investors are driven by

different economic forces. In particular, note that shocks to the log SDF in Equation (8)

can be written as

mk,t+1 −Ekt [mk,t+1] = −(1/ψ)
(
∆ck,t+1 −Ekt [∆ck,t+1]

)
− (γ − 1/ψ)

(
vk,t+1 −Ekt [vk,t+1]

)
. (11)

Hence, if relative risk aversion differs from the reciprocal of EIS, the SDF is driven not only

by shocks to one-period-ahead consumption growth ∆ck,t+1 (as in standard CRRA-utility

models) but also by shocks to the (forward-looking) subjective log-continuation utility vk,t+1.

As shown in Equation (10) above, the second term on the right-hand side of (11) can be further

decomposed into (i) the sensitivity of investors’ subjective log-continuation utility with respect

to the stochastic state variables and (ii) shocks to these state variables.

For less-confident investors, the increase in their SDF’s volatility in the first few periods

(Panel A of Figure 7) comes from the continuation-utility component of the SDF. In particular,

21We do not include a discussion of asset prices in addition to our analysis of asset returns, because dividend-
growth rates in the model are exogenous and IID, and therefore, price-dividend ratios are essentially the inverse
of (long-term) expected returns.

23



Figure 7: Stochastic Discount Factors
Panels A and B show the average conditional volatility of the stochastic discount factor for the less- and more-

confident investors, respectively. Averages are computed across 100, 000 simulation paths. The light dash-dotted

lines plot the first and third quartile of the distribution of the simulated paths. All graphs are based on the

parameter values described in Table 1.

the high sensitivity of their continuation utility to the perceived dividend-growth rate of the

less-familiar asset (cf. Panel A of Figure 4), coupled with the high initial volatility of revisions in

their beliefs, increases the SDF’s volatility. Lower consumption-growth volatility (compared to

the case of full confidence), which stems from their precautionary demand for the risk-free asset,

only partially offsets this increase. Over time, both the sensitivity of the continuation-utility

and the volatility of revisions in the perceived dividend-growth rate decline, explaining the

gradual reduction in the volatility of the less-confident investors’ SDF.

In contrast, the increase in the volatility of more-confident investors’ SDF (Panel B of

Figure 7) results from higher consumption-growth volatility, which in turn results from the

higher return volatility of their portfolios. In particular, because more-confident investors, in

equilibrium, go short the risk-free asset and overweight the less-familiar asset, their portfolio

returns are more volatile (than in the case of full confidence). Over time, as less-confident

investors’ confidence increases, their holding of the less-familiar asset increases and that of

the safe asset decreases. Market clearing then implies a decrease in more-confident investors’

holding of the less-familiar asset and their short position in the bond, which explains the decline

in the SDF volatility.
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Figure 8: Dynamics of Asset Returns
The figure illustrates the dynamics of the return moments of the less- and more-familiar risky assets. Panels A

and B show the average conditional return volatilities, Panels C and D the average conditional risk premia, and

Panels E and F the average conditional Sharpe ratios. Averages are calculated across 100, 000 simulation paths

and are computed under the objective beliefs. The light dash-dotted lines plot the first and third quartile of the

distribution of the simulated paths. All graphs are based on the parameter values described in Table 1.

3.2 Asset Returns

Figure 8 illustrates the dynamics of the return moments of the two risky assets. In the presence

of heterogeneity in confidence, the return volatility of the less-familiar (small-cap) asset is

substantially higher than in the case of full confidence (Panel A). To understand the economic
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intuition underlying this higher volatility, recall that positive cash-flow news leads to an upward

revision in the perceived dividend-growth rate (cf. Equation (3)) and vice versa. Consequently,

with a preference for early resolution of uncertainty, the price-dividend ratio of the less-familiar

asset increases (declines) exactly when its dividends are high (low), thereby amplifying the

variations in dividends and creating “excess volatility.”22 Over time, as the precision of less-

confident investors’ beliefs increases, the magnitude of changes in their beliefs declines, and so

does the return volatility. Note, however, that this occurs very gradually over time.

The higher return volatility, in combination with the higher volatility of investors’ SDFs,

also explains the increase in the risk premium of the less-familiar (small cap) asset, relative to

the case of full confidence (Panel C). Moreover, because the less-familiar asset’s risk premium

increases more than its return volatility, its Sharpe ratio is considerably larger than in the

full-confidence case (Panel E). Intuitively, the higher Sharpe ratio is required to induce the

more-confident investors to hold a larger proportion of their wealth in the less-familiar asset, to

compensate for the lower demand from less-confident investors. The Sharpe ratio also declines

only slowly over time.

Importantly, consistent with data for small-cap stocks, the less-familiar asset’s return volatil-

ity, risk premium, and Sharpe ratio (Panels A, C, and E) are all endogenously higher than those

of the more-familiar large-cap stocks in the first few years (Panels B, D, and F)—even though

their fundamentals are the same. These results are in sharp contrast to those from models with

full confidence, in which the return volatility, risk premium, and Sharpe ratio of the less-familiar

asset would be lower because of this asset’s smaller share of aggregate dividends, and hence,

smaller covariance with aggregate consumption (see, e.g., Cochrane et al. 2008).

We conclude our discussion of asset returns by describing, for completeness, the dynam-

ics of the risk-free rate, which follow from the demand for the safe asset. Intuitively, the

less-confident investors’ precautionary-savings demand—resulting from their lower confidence—

implies a higher bond price relative to the full-confidence case. Thus, the risk-free rate is lower

22Interestingly, in our model, excess volatility arises even if EIS ≤ 1 (as long as EIS exceeds the reciprocal of
relative risk aversion) because of the substitution between the two risky assets. In contrast, in a single-risky-
asset setting, such as Collin-Dufresne et al. (2016b), excess volatility can arise only if EIS > 1, because of the
substitution between the risk-free and the single risky asset. Setting EIS > 1 in our model would also activate
this channel, and hence, further amplify the variations in the less-familiar asset’s price-dividend ratio and lead
to a further increase the excess volatility (see also Appendix D).
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Figure 9: Risk-free Rate
The figure illustrates the average risk-free rate over time. Averages are calculated across 100, 000 simulation

paths. The figure is based on the parameter values described in Table 1.

initially, as illustrated in Figure 9. Over time, as less-confident investors gain confidence, their

precautionary-savings demand declines, and, hence, the risk-free rate slowly moves toward the

level in the full-confidence case.

4 Investment Returns and Wealth Dynamics

We now describe the dynamics of investors’ portfolio returns and how they affect the evolution

of the wealth of the two groups of investors.

4.1 Heterogeneity in Investment Returns

Figure 10 illustrates how the expected investment returns and volatilities differ across the two

groups of investors. Specifically, Panel A shows that less-confident investors earn—on average—

substantially lower absolute portfolio returns than more-confident investors (for comparison,

the common expected portfolio return in the full-confidence case is around 7.5%). This lower

expected investment return is the result of two economic forces. First, because of less-confident

investors’ precautionary-savings demand for the risk-free asset, they hold a smaller position

in risky assets, and thus, benefit less from risk premia. Second, compared to more-confident
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Figure 10: Dynamics of Heterogeneity in Portfolio Returns
The figure illustrates the dynamics of the differences in investors’ portfolio returns. In particular, Panels A, B,

and C depict the difference in the average portfolio return, volatility, and Sharpe ratio of the less-confident and

more-confident investors (Less-conf.−More-conf.). “Absent GE” refers to the setting in which we keep the assets’

return moments fixed at their full-confidence level even as we allow some investors to be less than fully confident

about the returns of the less-familiar asset. Portfolio returns are annualized, averaged across 100, 000 simulation

paths, and computed under the objective beliefs. All graphs are based on the parameter values described in

Table 1.

investors, they invest only a small fraction of their risky-asset portfolio in the less-familiar asset,

thus benefiting less from the higher risk premium it earns in the early years.

Because of the less-confident investors’ larger allocation to the safe asset, their investment

returns are, on average, also considerably less volatile than those of more-confident investors,

as illustrated in Panel B (for comparison, the common portfolio-return volatility in the full-

confidence case is around 11.5%). This effect is further strengthened by less-confident investors’
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lower demand for the less-familiar asset, which initially is much more volatile than the more-

familiar asset representing large-cap stocks.

Notably, however, even adjusted for portfolio risk, less-confident investors’ investment re-

turns are considerably lower than those of more-confident investors, as one can see from the

difference in portfolio Sharpe ratios in Panel C (for comparison, the Sharpe ratio in the

full-confidence case of the common portfolio is around 0.42). Hence, less-confident investors’

lower absolute investment returns cannot be attributed to just their larger investment in the

risk-free asset but, instead, are also a consequence of their portfolio underdiversification. That

is, because of their limited confidence, less-confident investors’ expected portfolio excess return

declines disproportionately more than portfolio volatility.

The heterogeneity in investment returns between less- and more-confident investors shows

substantial persistence; that is, the difference in investors’ (risk-adjusted) investment returns di-

minishes only gradually over time. This is a consequence of the persistent heterogeneity in asset

demands that we have discussed above. Indeed, only as less-confident investors slowly become

more confident, thus reducing their allocation to the safe asset and improving their portfolio’s

diversification, do their raw and risk-adjusted investment returns improve (in absolute terms

but, more importantly, also relative to those of more-confident investors).

It is important to highlight that the heterogeneity in investors’ portfolio returns also arises in

the absence of general-equilibrium asset-pricing effects; that is, in the setting in which we keep

the assets’ return moments fixed at their full-confidence level even as we specify some investors

to be less than fully confident about the returns of the less-familiar asset (see “Absent GE”

in Figure 10). However, as the figure illustrates, if one were to ignore the general-equilibrium

implications for asset returns—that is, the high return volatility, risk premium, and Sharpe ratio

of the less-familiar asset in its early years—one would severely underestimate the heterogeneity

in portfolio returns.

In summary, the properties of investment returns in our model are consistent with the

empirical literature (Lerner et al., 2008, Greenwood and Nagel, 2009, Brown et al., 2010,

Goetzmann and Oster, 2013). In particular, there is substantial heterogeneity in investors’

portfolio returns, with less-confident investors earning, on average, substantially lower (risk-

adjusted) returns compared to more-confident investors. Like in the data, this is a consequence
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Figure 11: Portfolio Volatility and Asset Returns
The figure illustrates the relation between investors’ risk taking and asset returns. In particular, Panels A and B,

respectively, plot the less- and more-confident investors’ average portfolio volatility conditional on a high (low)

market risk premium. “High (Low) Aggregate Risk Premium” refers to states in which the risk premium on the

aggregate market portfolio is higher than its unconditional mean (on the same date). “Average” refers to the

unconditional average across all paths. All quantities are based on 100, 000 simulated paths of the economy and

the parameter values described in Table 1.

of a larger allocation to the safe asset, a smaller allocation to riskier assets that have higher

expected returns, and relative underdiversification by the less-confident investors. Moreover,

these differences in investment returns persist for long periods.

4.2 Asset Demands Conditional on Asset Returns

The dynamic nature of our model also allows us to study investors’ risk-taking behavior

conditional on asset returns. Figure 11 shows that the same pattern arises in our framework;

that is, during periods with a high aggregate risk premium, more-confident investors choose a

considerably more volatile portfolio (Panel B), compared to periods with a low aggregate risk

premium. In contrast, the volatility of less-confident investors’ portfolios does not display this

behavior; that is, the portfolio volatility does not change much depending on expected returns

(Panel A).

Again, this is a consequence of less-confident investors’ learning, in particular, their asset

demand in response to revisions in their beliefs. Specifically, following downward revisions in the

perceived dividend-growth rate of the less-familiar asset, less-confident investors allocate more
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wealth to the safe asset and reduce their allocation to the less-familiar asset. While the higher

allocation to the safe asset reduces portfolio risk, the loss in diversification creates an offsetting

effect, leaving less-confident investors’ portfolio volatility mostly unchanged. In response to the

asset demands of less-confident investors, market clearing requires more-confident investors to

reduce their allocation to the safe asset and increase their holding of the less-familiar asset,

unambiguously driving up their portfolio volatility. At the same time, the risk premium on the

aggregate market goes up. That is, the lower demand of the less-confident investors for the

less-familiar asset leads to an increase in its risk premium (and expected return). Moreover, the

stronger demand for the safe asset lowers the risk-free rate and leads to an increase in the risk

premium of the more-familiar asset (whose expected return declines only marginally because of

a slightly stronger demand).

Consequently, we observe more-confident investors taking on more risk exactly when the

risk premium on the aggregate market is high, whereas less-confident investors’ portfolio risk

is mostly unchanged. This pattern in investors’ risk taking highlights another channel through

which more-confident investors obtain higher investment returns, contributing to the hetero-

geneity in investors’ investment returns.

4.3 Wealth Dynamics

Heterogeneity in investors’ portfolio returns plays a critical role in determining the dynamics

of wealth. Specifically, in the presence of confidence heterogeneity, more-confident investors

accumulate financial wealth at a considerably faster rate—because of their higher investment

returns. Consequently, as illustrated in Panels A and B of Figure 12, the average share of

aggregate financial wealth held by more-confident investors increases over time, whereas that of

less-confident investors declines.23 The divergence in wealth shares is most pronounced in the

early years when investors’ investment returns differ the most (cf. Figure 10). It slows down

only in later years when less-confident investors start to reduce their allocation to the safe asset

and invest more in the less-familiar risky asset.

23In the case of full confidence, both groups of investors are identical, and thus, their wealth shares remain
equal to the initially endowed wealth shares of 2/3 and 1/3 for less- and more-confident investors, respectively.
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Figure 12: Dynamics of Wealth Shares
Panels A and B plot the average share of aggregate wealth held by the less- and more-confident investors. For

ease of comparison, we have normalized certainty-equivalent consumption by total output. “No Access Less-fam.

Asset” refers to a setting in which less-confident investors have no access to the less-familiar asset. “A2,1 = 40”

refers to the setting in which less-confident investors are endowed with higher initial confidence. Averages are

calculated across 100, 000 simulation paths. All graphs are based on parameter values listed in Table 1.

Figure 12 also shows the results for some additional cases. First, it depicts the case in

which less-confident investors have no access to the less-familiar asset, whereas more-confident

investors can invest in this asset. Comparing this setting to that with confidence heterogeneity

highlights that giving less-confident investors access to new assets, slows down the rise in wealth

inequality. Second, Figure 12 depicts the case in which less-confident investors have higher initial

confidence about the dynamics of the less-familiar asset (A2,1 = 40 compared to A2,1 = 20 for

our baseline case). Again, the consequence is a slower increase in wealth inequality.

5 Comparison with Alternative Models

To highlight the critical role of heterogeneity in investors’ confidence about the mean dividend-

growth rate, and to distinguish our mechanism from other potential explanations, we now

compare the asset-demand and investment-return dynamics arising in our model to those under

several alternative frameworks. In particular, we demonstrate that our model generates dis-

tinctly different asset-demands and investment-return dynamics than these alternative modeling

frameworks (which generally do not match well the empirical evidence).
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5.1 Alternative Belief Specifications

We start with an analysis of alternative belief specifications, the results of which are displayed

in Figure 13. To highlight the differences to our baseline specification, we shut down confidence

heterogeneity regarding the mean dividend-growth rate in these alternative specifications.

First, we consider the case in which, instead of lower confidence about the less-familiar asset’s

expected dividend-growth rate, the group still labeled as “less-confident investors” perceive

the less-familiar asset to be riskier than it is. In particular, we assume that less-confident

investors believe that the (quarterly) dividend-growth volatility of the less-familiar asset is

2.94% (equivalent to a 50% higher perceived cash-flow variance) and that they do not update

their beliefs. The higher perceived risk creates a precautionary-savings demand, and hence,

these investors allocate a slightly higher proportion of wealth to the risk-free asset. As Panel A

of Figure 13 shows, the demand for the risk-free asset is minimal compared to that in the baseline

model. Also, their demand for the less-familiar asset is lower than that of more-confident

investors. However, as Panel B shows, in contrast to the baseline model, this underinvestment

is very small because it is exclusively due to differences in the investors’ myopic asset demand.

Hence, a higher perceived risk can hardly explain the large heterogeneity in asset demands

observed in the data.

Second, we consider the case in which less-confident investors are less confident about the

volatility of the less-familiar asset (instead of the mean, as in our baseline model) but learn

about it from realized dividend growth.24 In this case, there is some heterogeneity in investors’

asset demands; in particular, less-confident investors allocate more wealth to the safe asset

and less wealth to the less-familiar asset initially. But, the magnitude of the asset-demand

and investment-return heterogeneity is considerably smaller than in our baseline case because

perceived dividend-growth volatility only governs variation in the second moments, and hence,

investors’ continuation utility is substantially less sensitive to these variations. Moreover, the

little heterogeneity present in the early periods vanishes very quickly so that investors are very

soon holding the same portfolios; that is, there is no persistence in asset-demand heterogeneity—

in sharp contrast to the large persistence in our baseline case. The short-lived heterogeneity is

a consequence of the fact that variance parameters are, in general, relatively easy to learn.

24The details of this setting are given in Appendix C.
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Figure 13: Alternative Belief Specifications
The figure illustrates how asset-demand heterogeneity and investment returns evolve under alternative belief

specifications. Panels A and B plot the average proportion of wealth invested in the risk-free bond and Panels C

and D in the less-familiar asset—by less- and more-confident investors. Panels E and F depict the differences in

the average portfolio volatility and the portfolio Sharpe ratios of less- and more-confident investors (Less-conf.

− More-conf.). Portfolio returns are annualized and computed under the objective beliefs. “Higher Perc. Risk”

refers to a setting in which less-confident investors perceive the dividend-growth volatility of the less-familiar

asset to be higher; in particular, they perceive the (quarterly) volatility to be 2.94% (instead of 2.40%) in every

period. “Conf. Heterog. Volatility” refers to a setting in which investors differ in their confidence regarding the

less-familiar asset’s dividend-growth volatility but learn about it over time. “Fixed Heterog. Beliefs” refers to a

setting in which less-confident investors have time-invariant pessimistic beliefs (with µ̂2,t = 0.3%, ∀t), while the

other class of investors has unbiased beliefs. In all three cases, investors do not need to learn about the mean

dividend-growth rate. Averages are calculated across 100, 000 simulation paths. Other than the values for the

parameters described above, all parameters take the values described in Table 1.
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Third, we study the case in which “less-confident investors” have time-invariant pessimistic

beliefs, while the other group of investors has unbiased beliefs. In this case, the pessimistic

investors allocate more wealth to the risk-free asset (because they perceive consumption growth

to be lower) and less wealth to the less-familiar asset (exclusively due to a low myopic demand).

While these patterns in average portfolio allocations resemble most closely those in our baseline

framework, time-invariant beliefs have, naturally, a difficult time rationalizing the dynamics of

investors’ portfolio allocations and returns observed empirically.

Notably, all three models also fail to generate the asset demands conditional on realized and

expected returns that are observed empirically—trend-chasing by less-confident investors and

increased risk taking when the market risk premium is high by more-confident investors.

5.2 Alternative Preference Specifications

We now turn to the case of alternative preference specifications. The results of these experiments

are displayed in Figure 14.

First, we consider the case in which investors differ in their confidence regarding the mean

dividend-growth rate of the less-familiar asset (exactly as in our baseline model) but assume

that investors have log utility instead of Epstein-Zin-Weil recursive utility. In this case, there is

practically no heterogeneity in investors’ average asset demands and investment returns despite

heterogeneous confidence. That is, allocations of the less- and more-confident investors to the

safe asset are practically the same (Panels A and B). Moreover, as is well known, investors

with log utility do not hedge changes in the state variables. Thus, there is no intertemporal

hedging demand for the less-familiar asset, and therefore, on average, investors’ allocations

for the less-familiar asset are also similar (Panels C and D). As a result, their (risk-adjusted)

average investment returns are also the same (Panel E). Thus, a model with log utility cannot

generate the asset-demand dynamics observed in the data.

Next, we consider the case where investors disagree about the mean dividend-growth rate

of the less-familiar asset but have CRRA utility (with the same risk aversion γ = 10 as in our

baseline model). In this case, the asset demands in the early periods are comparable to those
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Figure 14: Alternative Preference Specifications
The figure illustrates how asset-demand heterogeneity and investment returns evolve under alternative preference

specifications. Panels A and B plot the average proportion of wealth invested in the risk-free bond and Panels C

and D in the less-familiar asset—by less- and more-confident investors. Panels E and F depict the differences in

the average portfolio volatility and the portfolio Sharpe ratios of less- and more-confident investors (Less-conf. −
More-conf.). Portfolio returns are annualized and computed under the objective beliefs. “Log Utility” refers to a

setting in which both investors have log utility and differ in their confidence regarding the mean dividend-growth

rate of the less-familiar assets. “CRRA” refers to a setting in which both investors have CRRA utility (γ = 10)

and differ in their confidence regarding the mean dividend-growth rate of the less-familiar assets. “Heterog. RA”

refers to a setting in which “less-confident” investors have a risk aversion of 7 whereas the other investors have

a risk-aversion of 13—in the absence of confidence heterogeneity. “Heterog. EIS” refers to a setting in which

“less-confident” investors have an EIS of 1.5 whereas the other investors have an EIS of 0.5—in the absence of

confidence heterogeneity. Averages are calculated across 100, 000 simulation paths. Other than the values for

the parameters described above, all parameters take the values described in Table 1.
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in our baseline model, but there is much less persistence.25 Moreover, the patterns in the risk

and returns of investors’ portfolios are quite different from the baseline model and the data.

In particular, less-confident investors’ portfolio returns are initially more volatile—because of

the more-familiar asset’s higher return volatility (compared to that of the less-familiar asset).

Moreover, as is well known, models of CRRA preferences, in general, have a hard time matching

asset-pricing moments; indeed, the risk-free rate shoots up, and risk premia diminish.

Next, we study cases in which investors differ in their preferences but have the same level of

(full) confidence. If the two groups of investors differ only in their relative risk aversion, then

the more risk-averse investors (which, for simplicity, we continue to label as “less-confident

investors” in the graphs) allocate a larger fraction of their wealth to the risk-free asset. This

pattern is similar to the one present in our framework and is again driven by their stronger

precautionary-savings demand. More risk-averse investors also reduce their investment in the

less-familiar risky asset, but the higher risk aversion leads them to invest less in both risky

assets. Consequently, there is no loss in diversification benefits. Therefore, while the more

risk-averse investors earn lower absolute investment returns and face lower portfolio risk, in

contrast to the empirical evidence, the risk-adjusted investment returns of the two groups of

investors are the same, because the decline in portfolio volatility offsets precisely the decline in

the portfolio excess return.

If the two groups of investors differ only in their EIS, then the investors with a stronger desire

to smooth consumption over time (labeled “less-confident investors”) allocate marginally more

of their wealth to the safe asset and slightly reduce their allocation to both risky assets—relative

to the investors with lower EIS. Overall, however, asset-demand heterogeneity is quite limited,

and both groups of investors practically earn the same risk-adjusted investment returns (cf.

Panel F). So, heterogeneity in EIS also fails to generate the heterogeneity in asset-demand

dynamics observed empirically.

25With CRRA preference, positive (negative) cash flow news generally leads to a decline (increase) in the
less-familiar asset’s price-dividend ratio, offsetting the fluctuations in dividends. As a result, the less-familiar
asset’s return volatility is very low in the early periods which causes rather “extreme” holdings—due to a large
precautionary-savings demand and a large hedging demand (despite fluctuations in expected utility being lower
by a factor of almost 100 compared to the baseline model). The low return volatility—coupled with the short-sale
constraint—also explains the small non-monotonicities in asset demands. Specifically, because investors’ asset
demands s are very sensitive to changes in the perceived dividend-growth rate, the short-sale constraint binds
more frequently. If one were to relax the short-sale constraint a bit, these non-monotonicities would vanish.
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If the two groups of investors differ in their rate of time preferences (omitted in the figure

for legibility), less-patient investors (dubbed “less-confident investors”) go slightly long the

risk-free asset but overweight the less-familiar asset because more-patient investors prefer the

more-familiar asset, which has a higher expected return in this setting. As a result, less-

confident investors have lower portfolio volatility but a higher portfolio Sharpe ratio (because

their portfolio is better diversified), contrary to the empirical evidence.

5.3 Other Model Specifications

Figure 15 reports the implications of variations in the key model parameters.

First, instead of prohibiting short sales as in the baseline model, if we allow for short sales it

strengthens our findings; in particular, the heterogeneity in asset demands and investment

returns increases. Intuitively, when short-sales are permitted, less-confident investors take

more extreme positions in the less-familiar asset (Panel C) and, consequently, also in the bond

(Panel A) and the more-familiar asset (not shown). As a result, the volatility and Sharpe ratio

of their portfolio returns also differ more strongly from those of the more-confident investors

(Panels E and F), strengthening the implications for wealth dynamics.

Second, widening the support of the dividend-growth rate as perceived by the less-confident

investors, µ̂2,t, (truncation bounds of [−1.55%, 2.45%] p.a. instead of [−0.55%, 1.45%]) has—

even quantitatively—a negligible impact on the results. That is, while there are some very

small effects early in the sample (i.e., for dispersed prior beliefs), they quickly vanish as the

investors become more confident.

Third, reducing the initial wealth share of the less-confident investors (w2,1 = 1/2 instead

of w2,1 = 2/3) limits the heterogeneity in investors’ asset demands and investment returns.

Qualitatively, however, the results remain unchanged.

Finally, as expected, increasing the “size” of the less-familiar asset, i.e., increasing the set of

stocks that are not well understood, by increasing this asset’s initial dividend share (δ2,1 = 0.35

instead of δ2,1 = 0.20), strengthens the impact of confidence heterogeneity. That is, both the

precautionary-savings demand and the intertemporal-hedging demand increase—widening the
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Figure 15: Other Model Specifications
The figure illustrates how asset-demand heterogeneity and investment returns evolve under other model

specifications. Panels A and B plot the average proportion of wealth invested in the risk-free bond and Panels C

and D in the less-familiar asset—by less- and more-confident investors. Panels E and F depict the differences in

the average portfolio volatility and the portfolio Sharpe ratios of less- and more-confident investors (Less-conf.

− More-conf.). Portfolio returns are annualized and computed under the objective beliefs. “Short-sales” refers

to a setting in which short sales are allowed. “Wider Support µ̂k,t” refers to a setting with wider truncation

bounds for µ̂k,t; equal to [−1.55%, 2.45%] p.a. “w2,1 = 0.5” refers to a setting in which less-confident investors

are initially endowed with half of the wealth. δ2,1 = 0.35 refers to a setting in which the initial dividend share of

the less-familiar asset is 0.35. Averages are calculated across 100, 000 simulation paths. Other than the values

for the parameters described above, all parameters take the values described in Table 1.
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gap in investors’ asset demands. As a result, the differences in investors’ investment returns

are also more pronounced.

6 Conclusion

Recent empirical evidence has documented many intriguing patterns in the asset demands of

financial institutions and households that persist for long periods (Koijen and Yogo, 2019). In

this paper, we develop a dynamic general-equilibrium framework that has multiple investors

and multiple risky assets. The salient feature of the model is the presence of a latent variable—

differences in beliefs, which are a consequence of heterogeneity in investors’ confidence about

expected asset returns.

The model we develop is consistent with several static and dynamic properties of asset

demands observed empirically. In the model, investors’ asset holdings are concentrated in

a subset of available assets, with large and persistent heterogeneity in asset demands across

investors. Less-confident (typically smaller) institutions invest largely in large-cap stocks,

trend-chase, and earn lower absolute and risk-adjusted investment returns, while more-confident

(typically larger) institutions hold a larger share of wealth in risky assets, time the market,

and earn consistently higher investment returns. The model also generates elasticities for asset

demands that are lower than those in the traditional model with full confidence. The time-series

and cross-sectional variation in assets’ realized and expected returns, as well as their volatilities,

are driven by the latent variable.

The model of an endowment economy that we develop in this paper is a first step toward

addressing Koijen’s statement in Brunnermeier et al. (2021, page 2143) that: “A central question

is how investors’ demand responds to price changes and to changes in asset characteristics, and

how investors substitute across various assets and asset classes.” It would be straightforward

to extend the model to allow for endogenous production so that one can study the implications

of the latent variable also for real quantities. The general-equilibrium nature of the model also

makes it suitable for answering questions about macroeconomic policies, such as quantitative

easing, that are designed to work through their effect on the demand for financial assets.
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A Optimality Conditions and Equilibrium

The objective of each investor k is to maximize her expected lifetime utility given in Equa-

tion (2), by choosing consumption, Ck,t, and the holdings in the available financial assets,

θn,k,t, n ∈ {0, . . . , 2}:

Vk,t
(
{θk,n,t−1}

)
= max

Ck,t,{θk,n,t}

[
(1− β)C

1− 1
ψ

k,t + βEkt

[
Vk,t+1

(
{θk,n,t}

)1−γ] 1
φ

] φ
1−γ

,

subject to the budget equation (7) and the short-sale constraint θk,2,t ≥ 0.26

Denoting the Lagrange multiplier associated with the budget equation by ηk,t and that of

the short-sale constraint by Λk,t, the Lagrangian can be written as
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Ck,t,{θk,n,t}

inf
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and the corresponding Karush-Kuhn-Tucker first-order conditions are given by
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Λk,tθk,2,t ≥ 0, θk,2,t ≥ 0, Λk,t ≥ 0.

26For brevity, in the following derivations, we do not explicitly write the dependence of Vk,t on the incoming
(i.e., date t− 1) asset holdings, {θk,n,t−1}.
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Using the Envelope Theorem, we can compute the derivatives of the value function Vk,t with

respect to θk,n,t−1:

∂Vk,t
∂θk,0,t−1

=
∂Lk,t

∂θk,0,t−1
= ηk,t, (A5)

∂Vk,t
∂θk,n,t−1

=
∂Lk,t

∂θk,n,t−1
= ηk,t (Dn,t + Sn,t), n ∈ {1, 2}. (A6)

In summary, the optimality conditions for each investor k are given by the following set of

equations. First, the budget equation from (A2):

Ck,t + θk,0,t S0,t +

2∑
n=1

∆θk,n,t Sn,t = θk,0,t−1 +

2∑
n=1

θk,n,t−1Dn,t, (A7)

which equates the uses and sources of funds. Second, following from (A3) to (A6), the pricing

equations which equate the price of an asset to the expected payoff from holding it:

S0,t = Ekt [Mk,t+1] ,

S1,t = Ekt
[
Mk,t+1

(
S1,t+1 +D1,t+1

)]
,

S2,t =
1

1− Λk,t
Ekt
[
Mk,t+1

(
S1,t+1 +D1,t+1

)]
,

where the stochastic discount factor Mk,t+1, given in Equation (8) on page 10, subsumes

the Lagrange multiplier ηk,t from Equation (A1). Finally, the complementary slackness and

inequality conditions: Λk,tθk,2,t ≥ 0, θk,2,t ≥ 0, Λk,t ≥ 0.

Equilibrium is then be characterized by the following equations: the budget equation (A7),

the “kernel conditions” that equate the prices of the assets across investors:

E1
t [M1,t+1] = E2

t [M2,t+1] , (A8)

E1
t

[
M1,t+1

(
S1,t+1 +D1,t+1

)]
= E2

t

[
M2,t+1

(
S1,t+1 +D1,t+1

)]
, (A9)

1

1− Λ1,t
E1
t

[
M1,t+1

(
S2,t+1 +D2,t+1

)]
=

1

1− Λ2,t
E2
t

[
M2,t+1

(
S2,t+1 +D2,t+1

)]
, (A10)

and the market-clearing conditions:27

2∑
k=1

θk,0,t = 0, and
2∑

k=1

θk,n,t = 1, n ∈ {1, 2}. (A11)

27By Walras’ law, clearing in the asset markets guarantees market clearing for the consumption good.
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B Numerical Algorithm

We use the time-shift proposed by Dumas and Lyasoff (2012) to obtain a recursive system of

equations characterizing equilibrium. That is, at date t, the “shifted” system of equations con-

sists of the date-t kernel conditions (A8) and (A9), the date-t market-clearing conditions (A11),

and the date-t+ 1 budget equations (A7):

Ck,t+1,j + θk,0,t+1,jS0,t+1,j +

2∑
n=1

(
θk,1,t+1,j − θk,1,t

)
S1,t+1,j ≤ θk,0,t +

2∑
n=1

θk,n,tDn,t+1,j ,∀k, j,

where the J future states (nodes) are denoted by j = 1, . . . , J .28 In total, we have a system of

2× J + 2× 3 equations with 2× J + 2× 3 unknowns: next period’s consumption, Ck,t+1,j , for

both investors and J states, and both investors’ holdings in the three assets, θk,n,t.

The system of equations is solved recursively, starting from T − 1. At each date t, we

solve the equation system over the grid of the state variables. Next, when solving the system

for date t − 1, we interpolate (over the grid) the optimal date-t portfolio positions, θk,n,t and

corresponding security prices, Sn,t, using the terminal conditions θk,n,T = 0 and Sn,T = 0, ∀n, k.

After solving the shifted system for all dates t ∈ {0, ..., T − 1}, one has solved all equations from

the global system—except the date-0 budget equations, which have not been used because of the

time shift. Thus, one only needs to solve the time-0 budget equations based on interpolating

functions for the date-0 prices, Sn,0, and holdings, θk,n,0. The endowed holdings θk,n,−1 are

exogenous to the system and reflect the incoming (endowed) wealth of the investors.

C Confidence Heterogeneity for Asset’s Dividend Volatility

In the case of uncertainty regarding the less-familiar asset’s cash-flow volatility, we assume

that less-confident investors start at date t = 1 with a conjugate prior of an Inverse-Gamma

distribution σ2 ∼ IG
(κ1,t

2 ,
κ2,t
2

)
. This prior, combined with the dividend dynamics in (1),

implies a time-t posterior density function p(σ2|∆d2,1, . . . ,∆d2,t) = IG
(κ1,t+1

2 ,
κ2,t+1

2

)
, with the

dynamics of κ1,t+1 and κ2,t+1 given by

κ1,t+1 = κ1,t + 1, κ2,t+1 = κ2,t +
(∆d2,t+1 − µ2)2

1 +Ak,t
, and Ak,t+1 =

1

1/Ak,t + 1
.

28We approximate the joint dynamics of the dividends in (1) using a tree that has six nodes with growth
realizations {(u1, u2), (u1,m2), (u1, d2), (d1, u2), (d1,m2), (d1, d2)}, where un ≡ µn + σn, mn ≡ µn, and dn ≡
µn − σn are chosen to match the expected dividend-growth rate and volatility of asset n. Under the less-
confident investors’ probability measure, the probabilities are set to match the less-confident investors’ perceived
dividend-growth rate, µ̂2,t and perceived dividend volatility

√
1 +A2,t σ2.
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In particular, given distribution IG
(κ1,t

2 ,
κ2,t
2

)
, the expected future cash-flow variance is given

by κ2,t/(κ1,t − 2).29

For the illustration in Section 5, we rely on the following parameter values κ1,1 = 5,

κ2,1 = σ22(κ1,1 − 2) (guaranteeing initial beliefs that are unbiased), and A2,k = 20 (as in the

case of learning about the expected dividend-growth rate). Finally, we truncate the (quarterly)

perceived cash flow variance at 0.02942 and 0.0172 (i.e., plus/minus 50% of the true cash-flow

variance of 0.0242). All other parameter values are as specified in Table 1.

D Robustness Results

While our main mechanism requires only a preference for the early resolution of uncertainty, the

magnitude of heterogeneity in investors’ portfolios and investment returns within our framework

naturally depends on the parameter values for investors’ preferences and beliefs as well as the

dividend dynamics. We now briefly describe the (quantitative) impact of variations in these

parameter values.

Investors’ Preferences: A reduction in the relative risk aversion of both groups of investors,

γ, weakens investors’ desire to smooth consumption across states, and hence, less-confident

investors’ precautionary-savings and their intertemporal-hedging demand decline (in absolute

terms). Consequently, heterogeneity in investors’ portfolios decreases. This naturally also

implies a decline in investment-return heterogeneity, though the effect is partially offset by a

further divergence in the risky assets’ return moments. In particular, because less-confident

investors trade more aggressively if they are less risk averse, excess volatility further increases,

and accordingly, the risk premium of the less-familiar asset increases relatively more.

An increase in both investors’ elasticity of intertemporal substitution (EIS), ψ, leaves less-

confident investors’ portfolio allocation largely unchanged. Indeed, the primary effect of a

higher EIS is an increase in the return volatility and risk premium of the less-familiar asset. In

particular, for EIS > 1, investors also substitute between the risk-free asset and the risky assets

in response to changes in their beliefs regarding the less-familiar asset—instead of substituting

only between the two risky assets. This further increases the less-familiar asset’s return volatility

and risk premium, but the impact on heterogeneity in portfolio returns is small. Overall, the

effects of a change in EIS are rather small. These results are displayed in Figure D1.

29In the numerical solution approach, we then set the probabilities of the dividend tree to match this perceived
dividend volatility.
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Investors’ Beliefs: Not surprisingly, an increase in less-confident investors’ initial confidence,

namely in the precision of their initial beliefs, A2,1, reduces their demand for precautionary

savings and intertemporal hedging (because their beliefs fluctuate less over time). As a result,

heterogeneity in investors’ portfolio holdings and investment returns declines. Reductions in the

less-familiar asset’s return volatility and risk premium (resulting from smaller fluctuations in

the price-dividend ratio and investors’ SDFs) further limit heterogeneity in investment returns.

Variations in the level of less-confident investors’ initial beliefs, µ̂2,k, also have intuitive

effects. For example, if less-confident investors are initially optimistic regarding the less-familiar

asset’s dividend-growth rate, they allocate more capital to the asset, and hence, portfolio and

investment-return heterogeneity declines. Opposite effects arise if less-confident investors are

initially pessimistic about the less-familiar asset. These results are displayed in Figure D2.

Dividend Dynamics: Intuitively, the smaller is the less-familiar asset (captured by its

initial dividend share δ2,1), the less relevant (for aggregate consumption) are fluctuations in

its perceived dividend-growth rate. Consequently, both the precautionary-savings demand and

the intertemporal-hedging demand decline, as do heterogeneity in investors’ portfolios and

investment returns. The decrease in the heterogeneity in investors’ portfolios is partially offset

by a relatively larger increase in the less-familiar asset’s risk premium (because changes in

less-confident investors’ demand for this asset have to be absorbed by a smaller supply). As

expected, an increase in the size of the less-familiar asset creates effects of opposite sign. These

results are displayed in Figure D3.

Finally, a positive correlation between the dividend processes of the two risky assets has

negligible effects, with heterogeneity in investors’ asset demands and portfolio returns declining

slightly because of the lower diversification benefits that the second (less-familiar) asset provides.
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Figure D1: Robustness—Variations in Preferences
The figure illustrates how portfolio heterogeneity and investment returns vary with the preference parameters.

Panels A and B plot the average proportion of wealth invested in the risk-free bond and Panels C and D

plot the average proportion of wealth invested in the less-familiar asset—by less- and more-confident investors.

Panel E depicts the difference in the average portfolio Sharpe ratio between less- and more-confident investors

(Less-conf. − More-conf.). Portfolio returns are annualized and computed under the objective beliefs. Averages

are calculated across 100, 000 simulation paths. All results are based on the parameter values described in

Table 1, with the difference relative to our baseline case highlighted in the legend.
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Figure D2: Robustness—Variations in Beliefs
The figure illustrates how portfolio heterogeneity and investment returns vary with the parameters governing

beliefs. Panels A and B plot the average proportion of wealth invested in the risk-free bond and Panels C

and D plot the average proportion of wealth invested in the less-familiar asset—by less- and more-confident

investors. Panel E depicts the difference in the average portfolio Sharpe ratios of less- and more-confident

investors (Less-conf. − More-conf.). Portfolio returns are annualized and computed under the objective beliefs.

Averages are calculated across 100, 000 simulation paths. All results are based on the parameter values described

in Table 1, with the difference relative to our baseline case highlighted in the legend.
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Figure D3: Robustness—Variations in Dividend Dynamics
The figure illustrates how portfolio heterogeneity and investment returns vary with the specifications of the

dividend processes. Panels A and B plot the average proportion of wealth invested in the risk-free bond and

Panels C and D plot the average proportion of wealth invested in the less-familiar asset—by less- and more-

confident investors. Panel E depicts the difference in the average portfolio Sharpe ratios of the less- and more-

confident investors (Less-conf. −More-conf.). Portfolio returns are annualized and computed under the objective

beliefs. Averages are calculated across 100, 000 simulation paths. All results are based on the parameter values

described in Table 1, with the difference relative to our baseline case highlighted in the legend.
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