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Asset pricing puzzles arise when the marginal investor is identified with

the average consumer. Increasing evidence indicates that the marginal

investor is not the average household, which makes it natural to model

this investor as an agent with much higher consumption volatility. In a

mostly standard model whose essential feature is high volatility, none of the

puzzles studied here arise: the equity premium, the risk-free rate, the bond

premium, excess volatility, and stock return predictability. Almost all of

the corresponding moments are also matched closely. The theory is general,

while the calibration adopts the financial intermediary interpretation.
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∗For helpful comments I thank Han Özsoylev, Christian Schlag and Volker Wieland. An
earlier version of this paper was circulated under the title “Real Term Premia in Consumption-
Based Models” (SAFE Working Paper No. 413). The comparison of model variations and the
perturbation solution method used there now appear in the Internet Appendix.
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1 Introduction

The asset pricing literature has accumulated a long list of puzzles. This article

suggests that most of them disappear under a simple and natural change to

one important assumption. In particular, the puzzles arise when the marginal

investor is identified with the average consumer. When the marginal investor is

not the average consumer, reasonable specifications exist under which they do

not arise. Indeed, several independent strands of literature already conclude that

the marginal investor differs from the average household. This article addresses

several of the most fundamental puzzles with a mostly standard asset pricing model

whose essential feature is the high and time-varying consumption volatility of the

marginal investor, a feature that is reasonable under several current views about

who that investor is. No puzzle arises in this model, and most of the moments

connected to the puzzles are matched closely.

The relevant literature is increasingly clear that the agents pricing risky assets

are not ordinary households. Regular households have limited stock market

participation (Haliassos and Bertaut 1995; Campbell 2006). Wealthy households,

who are more plausibly marginal in asset markets, have consumption that is

both far more volatile than the aggregate and more strongly correlated with

stock returns (Ait-Sahalia, Parker and Yogo 2004). Supply-and-demand-driven

approaches to asset pricing show that agents such as “arbitrageurs” play a special

role in price formation (Vayanos and Vila 2021). The intermediary asset pricing

approach identifies financial intermediaries as the relevant marginal investors (He

and Krishnamurthy 2013).

Before turning to the model, it helps to state the puzzles precisely. A puzzle

is a pattern in central financial variables (such as stock returns, the risk-free

rate, and bond yields) that standard macroeconomic models fail to replicate,
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either qualitatively or by a wide margin in magnitude.1 The equity premium

puzzle, introduced by Mehra and Prescott (1985), is the finding that excess stock

market returns cannot be explained by the standard consumption-based model with

moderate risk aversion when calibrated to aggregate consumption data. Attempting

to resolve this puzzle by raising risk aversion leads to a counterfactually volatile

risk-free rate, a further inconsistency known as the risk-free rate puzzle (Weil 1989).

Furthermore, stock returns demonstrate high variability and predictability

(Campbell and Shiller 1988; Shiller 1981), giving rise respectively to the excess

volatility puzzle and the return predictability puzzle. Apart from stocks, in the

data long-term bonds also exhibit positive excess returns, which are large and time-

varying, while most standard theoretical models predict excess returns for bonds

that are negative and small in absolute value. This is the bond premium puzzle

(Backus, Gregory and Zin 1989).2 These bond features are also closely related to

the term structure of interest rates, as positive bond premia are associated with

an upward sloping yield curve. Originally, the puzzle was introduced for nominal

bonds. For real (inflation-adjusted) bonds, evidence is mixed. The real premium

appears negative in the UK (Piazzesi and Schneider 2006; Joyce, Kaminska and

Lildholdt 2012), while in the USA most evidence points to a significant, mostly

positive and time-varying real term premium (Abrahams, Adrian, Crump, Moench

and Yu 2016; d’ Amico, Kim and Wei 2018; Pflueger and Viceira 2016). Hence,

generating a positive and time-varying real term premium consistent with the US

evidence is a key objective of this article.

Notably, addressing the bond premium puzzle for real bonds is particularly

challenging. The difficulty lies in the fact that real bond prices move inversely

with interest rates. Since interest rates are typically pro-cyclical, real bonds should

1A good summary of these puzzles is provided in Gabaix (2012).
2The bond premium puzzle in the literature often refers to term premia. These are excess

returns of long-term bonds over short-term bonds for an investment horizon which is equal to
the maturity of the long-term bond, and they are defined precisely later in the article.
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theoretically hedge consumption risk and command a negative risk premium instead

of a positive one. As shown in Section 5, even recursive utility models fail to

account for a positive real bond premium, despite their success in explaining the

equity premium puzzle (Bansal and Yaron 2004). The rare disasters literature

(Rietz, 1988; Barro, 2006) has also shown promise in explaining the equity premium

and other asset pricing puzzles. Gabaix (2012) even generates a positive and

sizeable nominal bond premium by assuming that inflation is on average high

during consumption disasters. However, the underlying real bond premium in this

framework remains negative, so the challenge of explaining a positive real term

premium persists. The reason is that the forces that generate the high equity

premium can increase the absolute value of the bond premium, but they cannot by

themselves make it positive rather than negative. Up to now, two main alternatives

have been used to address this challenge.3 The first relies on an inflation channel,

which by definition does not apply to real bonds. The second alternative relies

on highly time-varying effective risk aversion, such as in habit-based frameworks

(Campbell and Cochrane 1999; Wachter 2006).4 However, these models have been

criticized with respect to the equity premium puzzle, because they also require an

implausibly high effective risk aversion, as was originally pointed out when the

equity premium puzzle was introduced (Mehra 2007).

This article makes two main contributions. The first is to flesh out a character-

istic that is common to many successful explanations of these puzzles: the marginal

investor faces high, time-varying volatility in consumption or wealth. Various

approaches, including limited stock market participation (Basak and Cuoco 1998),

intermediary asset pricing (He and Krishnamurthy 2013 and more recently relating

to the bond premium puzzle Kekre, Lenel and Mainardi 2024; Schneider 2022),

3A more extensive review of this literature is provided in the Internet Appendix.
4It is also possible to account for the puzzle by using explicit time-varying risk aversion

(Lettau and Wachter 2011) or other non-standard preferences (Zhao 2020; Ellison and Tischbirek
2021).
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and supply-and-demand driven models (Vayanos and Vila 2021), all converge on

this idea. The current article distills the common feature into a more abstract

consumption-based model, in two parts: high, time-varying consumption volatility

is analyzed in its own right, and when it comes to the calibration of the model, the

intermediary perspective is used. The second contribution is a joint treatment of

the puzzles described above. Several frameworks pursue joint treatments, including

habit formation (Campbell and Cochrane 1999), long-run risks (Bansal and Yaron

2004), and variable rare disasters (Gabaix 2012; Wachter 2013). To the author’s

knowledge, however, the framework of this article is the only one that jointly

tackles these basic puzzles together with a positive real bond premium.

Two questions are worth separating. The first is whether the puzzles arise at

all. A puzzle is taken to arise when the mismatch between model and data is

glaring, as with the equity premium above, where a representative agent calibrated

to aggregate consumption delivers a premium more than an order of magnitude

below the one observed. Under this criterion none of the puzzles studied here arise

in the model. The second question is whether the model also recovers the exact

values of the moments. On this front it largely succeeds as well, and almost all of

them are matched closely. The equity premium is the exception, since it still falls

short of the data by a statistically significant margin.

This article uses an exogenous process for the consumption of the marginal

investor, and the process is deliberately reduced-form. The theory does not require

consumption volatility to be high. It is the matching of the moments that requires

consumption volatility to be high and time-varying. What separates the marginal

investor from the representative household is therefore a requirement imposed by

the moments, not a feature built into the theory. Because the theory is silent on

who that investor is, several interpretations are admissible. It could be a financial

intermediary whose risk exposure and performance deteriorate together in high-

volatility states. It could be a group of wealthy households whose consumption
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is volatile and strongly linked to financial markets (Ait-Sahalia et al. 2004). It

could also reflect households that cannot share idiosyncratic risk, as in Mitra

and Xu (2024), where such households generate bond premia. The analysis does

not depend on which interpretation is adopted, and the exogenous consumption

process abstracts from the specific frictions behind each one. The intermediary

interpretation is adopted at the level of the calibration, and the volatility measured

from intermediary equity returns in the data is largely consistent with the magnitude

the moments require.

The exogenous state variable that drives consumption volatility also drives the

consumption drift. In contrast to the pro-cyclical interest rates noted above, the

real rate increases with consumption volatility. The exact form of this relationship

is not imposed but arises from the calibrated parameters, as described further in the

article. These features generate a sizeable and time-varying equity premium, a low

and time-varying risk-free rate by construction, and a high and time-varying bond

premium. The bond premium is positive because the risk-free rate is negatively

correlated with the consumption shocks of the marginal investor. A negative

shock raises the volatility state, which raises the real rate and depresses bond

prices. Bonds, therefore, perform well (badly) in good (bad) times for the marginal

investor. Beyond the level of equity and bond premia, the model also generates

significant return predictability and volatility of excess stock returns, while also

capturing other features of the term structure of interest rates. All of this variation

traces back to a single state variable. Keeping only one state variable makes the

model simpler and establishes how much explanatory power a single dimension of

risk can have. It also comes at a natural cost, as one state variable cannot capture

every dimension of asset pricing.

To perform the calibration, the article adopts the intermediary perspective,

which supplies the data. The calibration, described in Section 3, proceeds in two

steps. The persistence of the volatility state and the entire volatility schedule
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are first measured from the equity returns of NY Fed primary dealers (He, Kelly

and Manela 2017). These dealer data are used in the intermediary asset pricing

literature, where their relevance for pricing a wide cross-section of assets has been

documented by Adrian, Etula and Muir (2014), He et al. (2017), and Haddad and

Muir (2021). Dealer equity volatility is treated as what the model says it is (the

return volatility of the marginal investor’s wealth) and the model inverts it into the

consumption volatility schedule. The two remaining parameters are then calibrated

to eight asset pricing moments, so the system is heavily overidentified. Despite this,

most of the moments are matched closely and jointly, which is itself evidence for

the intermediary perspective. In addition, the state variable recovered from dealer

volatility alone comoves positively with observed price–dividend ratios and TIPS

spreads. The model closely matches valuations, return volatility, predictability,

and the real term structure simultaneously, yet it falls short of the equity premium,

even though high consumption volatility is the classic remedy for exactly that

moment. In the current setup with one state variable, the equity premium level

cannot be matched perfectly together with the term premia. The remaining gap

either requires additional state variables or extra mechanisms (Section 4.2).

2 Model Setup

2.1 Marginal Investor

The model focuses on a single agent who is the marginal investor, abstracts from

non-marginal investors, and takes the consumption process of this agent to be

exogenous. Theoretically, this could be the only agent in the economy, but it is more

realistic to think that other agents also exist but do not participate in the same

asset markets due to frictions. The identity of the marginal investor is left open in

this section. Because the model is a simple consumption-based framework, it can
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accommodate any of the interpretations discussed in the introduction, whether

a financial intermediary, a group of wealthy households, or households unable to

share idiosyncratic risk. The intermediary interpretation is adopted later in the

calibration.

2.2 Utility

The lifetime utility of the agent is given by:

U0 = E0

∫ ∞

0

e−ρt
C1−γ
t − 1

1− γ
dt, (1)

where Ct is the consumption flow at time t, γ is the coefficient of relative risk

aversion, and ρ is the time preference rate. In the model, time is continuous,

utility is time-separable, and the utility flow exhibits constant relative risk aversion

(CRRA).

2.3 Consumption and State Processes

The consumption flow Ct is exogenous and follows a stochastic process:

d log(Ct) = dct = µc(xt)dt+ σc(xt)dWct (2)

where ct is log consumption, xt is the state variable, Wct is a Wiener process

associated with consumption, µc(xt) is the consumption drift, and σc(xt) is the

consumption diffusion, abbreviated below as µct and σct. The specific functional

forms of µct and σct are given in the Appendix. They depend on parameters whose

calibration is described in Section 3. As a result of the calibration, both µct and

σct turn out to be increasing in the state variable xt. The most important feature

of the consumption process is its high time-varying volatility, which as shown later

contributes to a high time-varying equity premium and a large bond premium in
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absolute value.

There is only one state variable xt, and it follows a mean-reverting process:

dxt = log(ϕ)xtdt+ σxtdWxt (3)

dWxtdWct = ρcxdt

where σxt is the state variable diffusion, Wxt is a Wiener process associated with the

state variable, and ρcx is the correlation between the noise processes for consumption

and the state variable. The drift term shows that the steady state is at xt = 0,

and the process always reverts to the steady state given that 0 < ϕ < 1.5

2.4 Stochastic Discount Factor

Based on the utility function, the stochastic discount factor (SDF) is given by:

Λt = e−ρtC−γ
t (4)

Then based on the consumption process, and by applying Itô’s lemma, the dynamics

of the SDF can be derived:6

dΛt
Λt

=
(

− ρ− γµct +
γ2

2
σ2
ct

)

dt− γσctdWct (5)

The instantaneous risk-free rate then follows as:

r(xt)dt = −Et

[
dΛt
Λt

]

=
(

ρ+ γµct −
γ2

2
σ2
ct

)

dt (6)

5This is similar to an AR(1) where xt+1 = ϕxt + ϵt.
6The pricing follows the notation and the approach of Cochrane (2009).
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2.5 Zero-Coupon Bond Pricing

The SDF derived above can be used to price any asset via the standard pricing

equation. In particular, a zero-coupon bond that pays $1 at maturity T = t+m

must satisfy:

E
[
d(ΛtBt(x,m))

]
= 0, B(x, 0) = 1 (7)

where B(x,m) is the price of a zero-coupon bond with a remaining maturity of m

at time t. The price of the bond is a function of the state variable xt, and maturity

m.7 Using Itô’s lemma on the bond price yields the following:

dBt =

(

log(ϕ)xtBx − Bm +
σ2
xt

2
Bxx

)

dt+ σxtBxdWxt, B(x, 0) = 1 (8)

where subscripts on B denote partial derivatives with respect to the corresponding

variable.8 Using the process for the bond price, the pricing equation gives rise to a

partial differential equation (PDE) (time subscripts and the arguments of B are

omitted for brevity):

E
[
d(ΛB)

]
= 0 ⇒ E

[
dΛ

Λ
B + dB +

dΛ

Λ
dB

]

= 0

⇒ −Bm − r(x)B +
(
log(ϕ)x− ρcxγσcσx

)
Bx +

σ2
x

2
Bxx = 0 (9)

where Bm is the derivative of the bond price with respect to maturity, Bx is the

derivative of the bond price with respect to the state variable, and Bxx is the second

derivative of the bond price with respect to the state variable. This differential

equation is solved numerically. Based on the expressions above, the instantaneous

7Although the article works with zero-coupon bonds, coupon-bearing bonds are priced by
the same solution. A coupon bond is a portfolio of zero-coupon claims, so its price follows by
summing the prices of the zero-coupon bonds corresponding to its payments, or by integrating
them in the case of a continuous coupon flow.

8For simplicity the dependence on time is not explicitly shown, but maturity is connected to
time through ∂/∂t = −∂/∂m.
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expected excess return of the bond before maturity can be derived as:

E

[
dB

B

]

+ E

[
dΛ

Λ

]

= E

[
dB

B

]

− rdt

︸ ︷︷ ︸

≡Expected Excess Return

= −E

[
dΛ

Λ

dB

B

]

(10)

⇒ −Bm

B
+ log(ϕ)x

Bx

B
+
σ2
x

2

Bxx

B
− r = ρcxγσcσx

Bx

B

Here the risk premium is connected to the level of risk aversion and the covariance

between the instantaneous changes in consumption and the bond price, as the

right-hand side of the equation includes both of these elements. The term premium

is defined as:9

TP (xt,m) = − 1

m
log

[
B(xt,m)

Et
[
exp

{
−
∫ m

0
r(xt+s)ds

}]

]

(11)

Intuitively, this expresses the expected annualized excess return of the bond over

a period equal to its remaining maturity. The risk-neutral yield of the bond is

correspondingly defined as the yield that would prevail in the absence of any risk

premium:

RNY (xt,m) = − 1

m
log

[

Et

[

exp

{

−
∫ m

0

r(xt+s)ds

}]]

(12)

so that the total yield y(xt,m) = − 1
m
log[B(xt,m)] decomposes as y(xt,m) =

RNY (xt,m)+TP (xt,m). Equation (10) is informative because it directly measures

the bond’s expected excess return. In addition, based on Equation (9) ρcxγσctσxt

can be compared to log(ϕ)xt, as both terms enter additively in the equation. The

former is the term premium component, as it drives the term premium, while the

latter term is the expectation component, as it drives the deviation of yields from

the short-term rate that is due to expected future changes in that rate. If the term

9Based on the Feynman-Kac formula, the equation can also be written like: TP (xt,m) =

− 1
m log

[
E∗

t [exp{−
∫

m

0
r(xt+s)ds}]

Et[exp{− ∫
m

0
r(xt+s)ds}]

]

, where the numerator uses the risk-neutral measure.
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premium component is negligible in size compared to the expectation component,

then the term premium is zero for practical purposes. For example, if the correlation

between the noise processes of consumption and the state variable (ρcx) is zero, then

the term premium is zero and the expectations hypothesis holds.10 The formula

also shows that there is no easy way to generate a sizeable term premium in this

type of model, other than having high consumption volatility or high risk aversion.

The Internet Appendix checks several model variations, confirming that standard

models fail to generate a sizeable term premium. Habit-based models (Campbell

and Cochrane 1999; Wachter 2006) are an exception, as noted earlier. In these

models, the sign of the bond premium comes down to a simple parameter choice

that regulates the strength of the intertemporal substitution effect, as opposed to

the precautionary savings effect. In Section 5, models with recursive preferences

are also shown to fail unless consumption volatility follows the patterns described

in this article.

2.6 Equity Pricing

Having defined bond prices, a similar approach is applied to stocks. First, stocks

are assumed to pay a dividend that follows the process:

dDt

Dt

= µDdt+ σDdWDt (13)

dWDtdWct = ρcDdt, dWDtdWxt = ρxDdt

where Dt is the dividend flow at time t, µD is the drift of the dividend process, σD is

the dividend diffusion,WDt is a Wiener process associated with the dividend process,

ρcD is the correlation between the noise processes for consumption and the dividend,

and ρxD is the correlation between the noise processes for the state variable and the

10Indeed, it holds in its strongest form, as the term premium is exactly zero. In the literature,
the expectations hypothesis usually refers to whether the term premium is changing over time,
and not whether it is exactly zero.
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dividend. For simplicity, µD and σD are assumed to be constant.11 The stock price

is built by first pricing individual dividend strips and then aggregating across all

maturities. A dividend strip with maturity m is a security that pays the dividend

Dt+m at time t+m. Let Ŝ(xt,m) denote its price at time t.

It is convenient to work with the strip price–dividend ratio ŝ(xt,m) = Ŝ(xt,m)/Dt,

normalized by the current dividend. This normalization yields a clean terminal

condition. At maturity m = 0 the strip pays the current dividend at the time, so

ŝ(x, 0) = 1, which uniquely pins down the solution.12 By Itô’s lemma, ŝ follows

the process:

dŝt =

(

log(ϕ)xtŝx − ŝm +
σ2
xt

2
ŝxx

)

dt+ σxtŝxdWxt (14)

The strip price–dividend ratio satisfies a pricing equation analogous to the bond

case (time subscripts and the arguments of ŝ are omitted for brevity):13

E
[
d(ΛŜ)

]
= 0

⇒E
[
d(Λ (ŝD)

︸︷︷︸

price of

dividend

strip

)
]
= 0 ⇒ E

[
dΛ

Λ
ŝ+ dŝ+

dD

D
ŝ+

dΛ

Λ
dŝ+

dΛ

Λ

dD

D
ŝ+ dŝ

dD

D

]

= 0

⇒− ŝm − (r(x)− µD + ρcDγσcσD)
︸ ︷︷ ︸

r̂(x)

ŝ+ (log(ϕ)x− ρcxγσcσx + ρxDσxσD) ŝx +
σ2
x

2
ŝxx = 0

ŝ(x, 0) = 1 (15)

where D is the dividend paid at time t + m. Comparing Equation (15) with

11The model can still be solved in a similar way if they depend on the state variable xt.
12Trying to determine the price–dividend ratio for the stock directly gives an equation that

does not have such a clear terminal equation. Solving a differential equation of the price–dividend
ratio directly would require specifying two conditions (Chen, Cosimano and Himonas, 2010). The
approach followed here avoids this.

13This is slightly abusing notation. To be fully precise, an extra time subscript is required, i.e.
ŝt(xt,m), in order to specify the timing of the dividend. In this notation, maturity occurs at time
t+m. However, for brevity, maturity is assumed to be given and the time subscript is omitted.
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Equation (9) shows an analogous structure, while the differences stem from the

stochastic dividend process, which adjusts the discount rate and adds a term to

the drift. The differential equation can be solved in the same way as the bond

pricing equation. The risk premium of the dividend strip can also be derived from

the pricing equation:14

E

[
d(ŝD)

ŝD

]

+ E

[
dΛ

Λ

]

= E

[
d(ŝD)

ŝD

]

− r(x)dt

︸ ︷︷ ︸

≡Expected Excess Return

= −E

[
dΛ

Λ

dŝ

ŝ
+

dΛ

Λ

dD

D

]

(16)

− ŝm
ŝ

+ log(ϕ)x
ŝx
ŝ

+
σ2
x

2

ŝxx
ŝ

+ µD + ρxDσDσx
ŝx
ŝ

− r = ρcxγσcσx
ŝx
ŝ

+ ρcDγσcσD

As with the bond, the risk premium is connected to the level of risk aversion and

the covariance of the instantaneous changes in consumption with the two sources

of the strip’s return. The first term on the right-hand side reflects changes in the

price–dividend ratio and the second reflects changes in the dividend itself. The

stock price–dividend ratio is obtained by integrating the strip price–dividend ratio

across all maturities:15

S(xt)

D(xt)
= s(xt) =

∫ ∞

0

ŝ(xt,m)dm (17)

where the stock’s dividend flow matches the dividends paid by the dividend strips.16

The expected excess return of the stock follows correspondingly as a weighted

14The risk premium is used equivalently as the expected excess return.
15A similar approach is used in Wachter (2006).
16In the case of a dividend strip, a lump sum amount is paid at a specific point in time, while

the stock pays a dividend flow.
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average of the strip excess returns across maturities:17

E

[
d(sD)

sD

]

− r dt =
1

s(xt)

∫ ∞

0

(

E

[
d(ŝD)

ŝD

]

− r dt

)

ŝ(xt,m) dm (18)

The pricing PDEs for the bond and the strip price–dividend ratio are of the form

arising from the Feynman-Kac theorem, so each PDE links the price function

to the expected discounted payoff along a risk-adjusted diffusion. Both PDEs

are solved numerically using finite difference methods with zero-flux Neumann

boundary conditions. As a validation check, bond prices are also computed by

Monte Carlo simulation of the respective SDE and the two methods are verified to

agree.

2.7 The Link between the Consumption and the Wealth

Process

The consumption process can be linked to the wealth process. The derivations

in this subsection are used later in the calibration, which measures the volatility

process from the equity returns of NY Fed primary dealers. Indeed, the consumption

process could be the result of a wealth-management problem. The net worth of

the investor follows a stochastic process:

dNt = Nt (µN(xt) dt+ σN(xt) dWNt)− Ct dt (19)

dWNt dWxt = ρNx dt

where µN and σN are the drift and diffusion of the return on net worth, ρNx is

the correlation between wealth shocks and state shocks, and the state variable xt

17Alternatively it can also be found directly through the pricing equation of the stock.
Following Cochrane (2009) the pricing equation for a security with a dividend flow is given by
E
[
d(ΛS)

]
+ ΛDdt = 0, where S is the price of the security, and D is the dividend flow. This

equation can be rearranged to give the expected excess return.
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summarizes the investment opportunity set. For a levered financial intermediary

with assets At and liabilities Lt, net worth is the equity of the institution, Nt =

At − Lt and σN = (At/Nt) σA, so net-worth volatility is directly observable as

the return volatility of the institution’s publicly traded equity. Because CRRA

preferences are homothetic and the opportunity set depends only on xt, the optimal

consumption rule is linear in wealth, Ct = κ(xt)Nt (Merton 1969).18 Applying

Itô’s lemma to logCt = log κ(xt) + logNt then delivers log consumption dynamics

of exactly the form (2):

d logCt = µNc (xt) dt+ σN(xt) dWNt +
κ′(xt)

κ(xt)
σxt dWxt

︸ ︷︷ ︸

=σctdWct

(20)

with a drift that depends on the state and a single composite diffusion term.19

Matching the diffusion of (20) with that of (2) delivers the translation between the

two processes:

σ2
ct = σN(xt)

2 + 2
κ′(xt)

κ(xt)
ρNx σN(xt) σxt +

(
κ′(xt)

κ(xt)

)2

σ2
xt (21)

ρcx σct = ρNx σN(xt) +
κ′(xt)

κ(xt)
σxt (22)

Under log utility the consumption–wealth ratio is constant, the terms in κ′/κ

vanish, and the translation is exact state by state, σc = σN and ρcx = ρNx.

Away from log utility the κ′/κ terms reflect intertemporal hedging through the

consumption–wealth ratio, and because the model determines κ, they can be

computed.

The consumption–wealth ratio κ that enters the translation (21)–(22) is de-

termined inside the model. In equilibrium, wealth equals the value of the claim

18The value function has the form V (N, x) = f(x)N1−γ/(1− γ), so κ = f−1/γ depends only
on the state. Under log utility, κ = ρ, a constant.

19The drift µN
c plays no further role. The consumption drift is pinned by the CRRA identity of

the calibration, so matching the drift terms determines the wealth drift µN rather than restricting
consumption.
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to the investor’s consumption stream, and this claim is priced with the same

strip machinery as the stock. A consumption strip pays the consumption Ct+m

at horizon m, so it is a dividend strip with consumption in the place of the divi-

dend. Its price-consumption ratio v̂(xt,m) therefore satisfies the pricing equation

E[d(Λ v̂C)] = 0 with terminal condition v̂(x, 0) = 1, which is Equation (15) with

µD, σD, ρcD, and ρxD replaced by µct + σ2
ct/2, σct, 1, and ρcx.

20 Aggregating the

strips across horizons, exactly as in Equation (17) for the stock, gives the wealth

claim:

Nt = Et

∫ ∞

0

Λt+m
Λt

Ct+m dm = Ct

∫ ∞

0

v̂(xt,m) dm = Ct v(xt), κ(x) =
1

v(x)
,

(23)

where v(x) is the price–consumption ratio of the wealth claim, the analogue of the

stock’s price–dividend ratio s(x). This is how the model delivers the consumption–

wealth ratio κ(x) = 1/v(x) that enters the translation (21)–(22). Section 3

measures σN from dealer equity returns and inverts the translation to recover the

consumption volatility schedule.

3 Calibration

The parameters of the model fall into three groups. The first group is set directly.

A second group, the persistence of the volatility state and the entire consumption-

volatility schedule σc(x), is measured from the volatility process of the marginal

investor. The two remaining parameters are targeted in order to fit eight asset

pricing moments, so the calibration is heavily overidentified. In general, while

alternative approaches could be followed, this article draws throughout on the

intermediary asset pricing literature for the calibration process. In particular,

20Equivalently, solving the pricing equation forward gives v̂(xt,m) = Et

[
e−ρm(Ct+m/Ct)

1−γ
]
.

The current consumption level factors out, so only consumption growth enters the valuation and
v̂ is a function of the state and the horizon alone.
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marginal investors are identified with financial intermediaries, whose balance sheets

are the source of the marginal investor’s wealth risk (He and Krishnamurthy 2013;

Adrian et al. 2014; Haddad and Muir 2021). Time is measured in years throughout.

Directly set parameters. The consumption–state correlation is set to ρcx = −1.

Under the intermediary interpretation the marginal investor’s wealth risk is state

risk, driven by a single shock, so wealth and the state are perfectly correlated, and

since wealth equals the value of the claim to the consumption stream, consumption

tracks wealth and shares that correlation. The interpretation therefore dictates

the magnitude of ρcx but not its sign, which the article takes to be negative. This

choice follows the intermediary evidence of He et al. (2017): a deterioration of

the intermediary’s balance sheet is itself a high-volatility state, since the same

shock moves both. Because the intermediary is leveraged, such a deterioration

lowers the value of its wealth, so the wealth and state shocks move oppositely,

dWNt = −dWxt (that is, ρNx = −1), and consumption, financed out of that

balance sheet, falls with it, giving ρcx = −1. Economically, ρcx < 0 means that

positive shocks to the state, which raise consumption volatility, coincide with

low consumption, so high-volatility states are high marginal-utility states for the

investor. The sign of this correlation depends on the marginal investor’s leverage

profile. Under the book-leverage process of Adrian et al. (2014), as discussed in

the appendix of He et al. (2017), the wealth–state correlation would instead be

positive, which the model would also accommodate without modification. In the

appendix these choices are checked directly: the positive sign yields a clearly worse

fit (Appendix D.6), and the perfect correlation is consistent with the dealer data

(Appendix C).

The relative risk aversion of the marginal investor is set to γ = 2, a moderate

value by asset-pricing standards, so the model does not rely on high risk aversion.

Because the real-rate schedule is parameterized directly, the consumption drift is
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implied by it through the CRRA identity and no longer affects prices, so preferences

reach the pricing of bonds and equities only through the product γρcx, given the

zero dividend correlations set below.21 With ρcx = −1, this product equals −γ.

The rate of time preference is set to ρ = 0.01. The steady-state level of the state

variable is normalized to x̄ = 0 without loss of generality, and its diffusion is

set to σx = 0.2, a value chosen so that the state variable typically takes values

within the interval (−1,+1). The dividend process is also set from data. Its

drift is µD = 2.89%, the average growth of real dividends in Shiller (2015) over

1990–2024, and its diffusion is σD = 7.2%, the standard deviation of real dividend

growth across calendar years in the same sample. The underlying calculations

are reported in Appendix A. The correlations between dividend shocks and both

consumption shocks and state-variable shocks are set to zero (ρcD = ρxD = 0),

because the measured correlation between dividend growth and the marginal

investor’s returns is close to zero (Appendix G), and shutting the channel down

lets the consumption-volatility mechanism operate in isolation.

Taking the intermediary interpretation to data raises a question that the

calibration has to confront. It is not clear what the consumption of a financial

intermediary is. Dividends, payouts, and compensation each capture only a part of

it, and an institution arguably has no consumption flow in the household sense at

all. The calibration does not need to answer this question, because the model links

consumption to wealth. The net worth of a publicly traded intermediary is priced

continuously in the equity market, so the wealth side is observable (Section 2.7),

and the model supplies the conversion between the two processes. The volatility

schedule measured below should therefore be read as the consumption volatility

implied by the observed wealth volatility. While financial intermediaries may

not technically have a consumption process, the model-derived process can be

21Were ρcx a free parameter, any γ would deliver the same prices and the same fit once ρcx is
rescaled to hold γρcx fixed, so asset prices identify only the product. The perfect wealth–state
correlation pins ρcx = −1 and makes γ the sole dial of the product.
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understood as a consumption equivalent, analogously to the consumption of regular

households.

Measured from volatility data. The persistence and the volatility schedule are

measured from the daily value-weighted dealer equity returns of He et al. (2017),

whose one-year rolling volatility serves as the observable counterpart of the wealth

volatility σN (Section 2.7 and Appendix C). The series is an imperfect proxy, since

the equity returns of one group of dealers need not track the wealth of the marginal

investor exactly, and the measured schedule inherits this measurement error. Over

2000–2018 this volatility series has mean 23.1%, standard deviation 13.7%, and

maximum 72.6% (reached in 2008). Its monthly AR(1) coefficient implies an annual

persistence ϕ = 0.890. Because σN (x) is a monotone transform of the state over the

relevant range, the persistence of the volatility series identifies the persistence of x

directly. The schedule σc(x) is a capped logistic function of the state (Appendix B),

but its parameters are not fitted to the dealer-volatility distribution directly. Dealer

volatility measures σN(x), the product of σc(x) and a wedge computed inside the

model from the consumption–wealth ratio κ(x) introduced in Section 2.7. The

schedule parameters are instead chosen so that the stationary distribution of

the model-implied σN(x) matches the empirical 5th, 50th, and 95th percentiles

and the mean of dealer volatility. The fit matches all four statistics within one

percentage point. Because the wedge depends on the full calibration and the

calibration depends on the schedule, measurement and calibration are solved as a

joint fixed point, which converges within two iterations (Appendix C). The cap

is imposed in the space where the data live: maxx σN = 0.75, just above the

sample maximum. The implied cap on consumption volatility is σmax = 0.62. The

wedge runs from 1.4 to 1.8 over the central range of the state, so the measured

consumption volatility is well below dealer volatility. Its stationary distribution

has 5th percentile 6.1%, median 10.5%, 95th percentile 33.4%, and mean 13.8%.
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Figure 1 displays the mapping: the wealth-volatility schedule σN(x) against the

recovered consumption-volatility schedule σc(x), whose vertical gap is the wedge,

and the implied consumption–wealth ratio κ(x).

Figure 1: The wealth mapping at the baseline calibration. Left: the wealth-
volatility schedule σN (x), whose stationary distribution is matched to dealer equity
volatility, and the consumption-volatility schedule σc(x) recovered by inverting
the translation (21)–(22); the wedge σN/σc exceeds one throughout and is largest
near the middle of the stationary distribution, and σN is hump-shaped, peaking
at the imposed cap of 0.75, so the inversion uses the lower branch. Right: the
implied consumption–wealth ratio κ(x) = 1/v(x). Dashed vertical lines mark ±
one stationary standard deviation of the state.

Derived from asset-price targets. The real-rate schedule r(x) is parameterized

directly, as a logistic sharing the location and width of the volatility transition

(Appendix B), and the consumption drift µc(x) is then implied by the CRRA Euler

equation. There are two free parameters, the minimum and maximum levels of

the real rate rmin and rmax. They are chosen to minimize the variance-weighted

distance between eight simulated and empirical moments: the equity excess return,

the mean and the volatility of the P/D ratio, the volatility of returns, the mean

real risk-free rate, the one-year return-predictability coefficient (all from Shiller

(2015), 1990–2024), and the TIPS 10–5 yr yield spread and excess holding-period

return (from the zero-coupon real yield curve of Gürkaynak, Sack and Wright
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(2010), 2004–2024). These eight moments are the empirical counterparts of the

puzzles the model sets out to address jointly: the equity excess return speaks to

the equity-premium puzzle, the level and volatility of the price–dividend ratio

together with the return volatility to valuations and the excess-volatility puzzle, the

predictability coefficient to return predictability, the mean real rate to the risk-free-

rate puzzle, and the two TIPS moments to the positive real term premium. Each

moment is weighted by the inverse of its sampling variance, estimated from model

simulations. With eight moments and two parameters, the minimized objective

(27.1) is reported as a summary of fit rather than driven to zero. The optimum

is fully interior. Both rmin and rmax lie strictly inside their bounds, and every

optimizer run converges to the same values (reported in Table 1 and, individually,

in Appendix D).

One of the eight targets deserves a qualification. The model’s r(x) is the

marginal investor’s own shadow real rate, while the empirical counterpart used

here is the one-month Treasury bill rate less inflation, and the two need not be

identified with one another. The observed bill rate embeds a convenience yield

and a funding cost that are not part of the real rate in the model, both of which

place the investor’s shadow rate above it. Because this target enters the objective

through its first moment alone, granting such a wedge amounts to raising a single

number and repeating the calibration, and doing so leaves the results essentially

unchanged. The calibration is therefore not an artifact of identifying the bill rate

with r(x). Appendix D.5 reports this exercise.

4 Results

This section presents the quantitative performance of the calibrated model and

discusses the economic mechanisms behind the results. Table 2 reports the sim-

ulated moments against empirical targets. The empirical moments are drawn
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Table 1: Baseline parameters. The set-directly panel collects the correlation,
dictated by the wealth foundation of Section 2.7, and the time-preference rate,
which is pricing-inert. The measured panel comes from the volatility of NY Fed
primary-dealer equity returns (He et al., 2017; 2000–2018): ϕ from the AR(1)
of one-year rolling volatility, and the σc(x) schedule by matching the stationary
distribution of the model-implied wealth volatility σN (x) to the empirical volatility
quantiles, with the cap maxx σN = 0.75 imposed just above the sample maximum
(the consumption-volatility cap σmax is solved from it). The lower panel is calibrated
to eight asset-price moments with inverse-variance weights (two free parameters).

Parameter Symbol Value

Set directly

Consumption–state correlation ρcx −1
Time preference ρ 0.010

Measured (via the wealth mapping)

State-variable persistence ϕ 0.890
Consumption vol. (floor) σmin 0.056
Consumption vol. (cap) σmax 0.623
Volatility transition (center) m 0.691
Volatility transition (width) w 0.293

Calibrated (8 moments, 2 parameters)

Real rate (low volatility) rmin 0.006
Real rate (high volatility) rmax 0.074

from three sources: stock-market moments (equity excess return, mean P/D ratio,

median 2-year standard deviation of log(P/D), stock return volatility, and return

predictability) are computed based on the monthly dataset of Shiller (2015) over

the period 1990–2024. The TIPS moments (10–5 yr yield spread and 10/5 yr excess

return) are derived from the zero-coupon real yield curve estimated by Gürkaynak

et al. (2010) over the period 2004–2024. The mean real risk-free rate combines

the Fama–French short rate with CPI inflation. All eight moments are targeted

jointly by the overidentified calibration of Section 3 (two free parameters). Figure 2

shows the key model-implied functions of the state variable x, together with the

stationary distribution of x and the decomposition of the 10-year real yield.
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Figure 2: Model-implied quantities under the baseline calibration. Risk-free rate

r(x), consumption volatility σc(x), consumption drift µc(x), price–dividend ratio

P/D(x), expected equity excess return E[Re − r](x), stationary distribution of x,

and decomposition of the 10-year real bond yield into the risk-neutral yield and

the term premium. Dashed vertical lines mark one stationary standard deviation

from the steady state.
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Moment Target Model (SE)

Equity excess return (r̄e, %)22 8.384 3.021 (1.601)

Mean P/D ratio (P/D) 53.85 60.56 (8.57)

Median 2-yr std log(P/D) (medσ2y
pd) 0.0671 0.0603 (0.0144)

Std. stock return (σe, %) 12.50 14.86 (2.00)
Mean real risk-free rate (r̄f , %)23 0.030 1.620 (0.629)
TIPS 10–5yr yield spread (TIPS sp., %) 0.457 0.422 (0.037)
TIPS 10/5yr excess return (TIPS rx., %) 0.708 0.754 (0.237)

Return pred. slope (β̂1) 0.215 0.250 (0.142)

Table 2: Simulated moments versus empirical targets. Stock-market moments
are computed from the monthly dataset of Shiller (2015) over 1990–2024. TIPS
moments are derived from the zero-coupon real yield curve of Gürkaynak et al.

(2010) over 2004–2024. The P/D ratio and β̂1 are dimensionless. The Model
column reports the mean across 2,000 independent simulated paths of T = 35 years.
SE is the cross-simulation standard deviation of the moment estimator, measuring
sampling variability in a 35-year window.

4.1 Consumption dynamics and the risk-free rate

Consumption volatility σc(x) increases monotonically with the state variable. What

reproduces the measured distribution of dealer-return volatility by construction

is the implied wealth volatility σN(x). Consumption volatility itself, recovered

by inverting the wealth mapping, runs from 6.1% at the 5th percentile through

10.5% at the median to 33.4% at the 95th, with an unconditional mean of 13.8%,

well below dealer-return volatility, but still roughly an order of magnitude above

aggregate consumption volatility for a representative household, consistent with

the interpretation that the marginal investor is a leveraged intermediary whose

consumption tracks asset prices. Consumption drift µc(x), implied by the rate

schedule, increases monotonically from small positive values in low-volatility states

to strongly positive values at high x.

The risk-free rate stays within two-thirds of a percentage point of its floor of

+0.6% over the entire lower half of the stationary distribution, passes through
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+1.2% at the stationary median, and rises materially only in the high-volatility

tail: +3.9% at the 95th percentile of the stationary distribution and +5.5% at

the 99th. The model therefore does not predict rising real rates in ordinary times.

The rate rise is confined to the most volatile states, as discussed in Section 4.4.

The model also does not generate a risk-free-rate puzzle. The mean real rate is

1.6% (above the near-zero target, as discussed above, but far from the double-digit

rates that standard calibrations imply) and its time-series variation is tame, as

illustrated by the sample simulation in Appendix E. The remaining gap is one of

level, and the observed bill rate is not the right yardstick for it, since it omits the

convenience yield that a leveraged marginal investor does not earn. Appendix D.5

re-runs the calibration with the target raised by a plausible wedge, which narrows

the gap while leaving the fit of the other moments essentially unchanged.

4.2 Equity premium, excess volatility, and return pre-

dictability

The model implies a mean P/D ratio of 60.6, about one cross-simulation stan-

dard deviation above the empirical target of 53.9. The leave-one-out analysis in

Appendix D.2 shows this value is stable to the choice of the remaining targets.

The P/D ratio declines steeply with x. The stock market is highly valued

when the state variable is low (consumption volatility low, discount rates low) and

cheaply valued when x is high. The expected equity excess return correspondingly

rises with x over the bulk of the stationary distribution (low when the state variable

is low, increasing as consumption volatility and the associated risk compensation

increase) and peaks in high-volatility states, where the compression of valuations

begins to reduce the return exposure that earns the premium. The model falls short

of the empirical target for the equity premium, delivering 3.0% against 8.4% in the

data. Although this difference is statistically significant, the predicted premium is
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still sizeable and far larger than a standard representative-agent calibration delivers

at comparable risk aversion. The gap is not large enough to justify a puzzle. The

model places the premium an order of magnitude above the standard benchmark

and then falls short of the data by a factor of under three, which is a quantitative

shortfall rather than an order-of-magnitude mismatch. Furthermore, many drivers

of equity premia have been suggested, and some of them, such as rare disaster risk

(Barro, 2006; Rietz, 1988), could be operating at the same time as the mechanism

described in this article. One can nonetheless ask whether a higher premium is

attainable strictly within the model, and what specifically produces the shortfall

in this main calibration. When the equity premium is the sole calibration target

under the measured volatility schedule, the model delivers about 4%, above the

baseline but still short of the data. The full empirical value is reached only when

the volatility schedule is no longer required to match the dealer data (Appendix G).

The shortfall therefore reflects the measured level of consumption volatility, high

but not high enough to generate the entire premium on its own, together with the

joint fit of the valuation moments. Further research should explore how the gap

could be closed in a richer model with additional state variables.

The model naturally produces excess volatility in stock prices relative to

dividends, in the sense that the variance of stock prices exceeds what could be

justified by the present value of future dividends computed with a constant discount

rate, as documented by Shiller (1981). This excess volatility is a direct consequence

of time-varying discount rates driven by the state variable. Even with stable

dividend fundamentals, stock prices fluctuate substantially. Quantitatively, the

model generates a standard deviation of log real stock returns of 14.9%, close

to the 12.5% observed in the 1990–2024 sample, and also closely matches the

median 2-year rolling standard deviation of log(P/D) (0.060 in the model against

an empirical value of 0.067; Table 2).24

24The full-sample standard deviation of log(P/D) in the data (0.27 over 1990–2024, up to 0.48
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Because the equity premium is state-dependent and the P/D ratio is a monotone

function of the same state variable, current valuation ratios predict future returns,

as documented empirically by Campbell and Shiller (1988). Table 3 reports the

slopes from this predictive regression. The model implies slopes of 0.25, 0.70,

and 0.90 at horizons of one, four, and eight years, capturing the well-documented

pattern of predictability increasing with horizon. The levels are also consistent

with the 1990–2024 estimates, although both the model-implied and the empirical

slopes carry relatively large standard errors, so the comparison is not sharp.

Table 3: Return predictability regressions: OLS of the cumulative log real stock
return rt→t+T on the log dividend-price ratio log(Dt/Pt) at horizons T = 1, 4, 8
years, rt→t+T = αT + βT log(Dt/Pt) + εt+T . A positive slope βT indicates that a
cheap market (low P/D ratio) predicts high future returns, consistent with time-
varying discount rates. Empirical standard errors (in parentheses) are Newey–West
with bandwidth equal to the horizon in months. Model standard errors are the
cross-simulation standard deviation of β̂T . Model R2 is the average in-sample R2

across simulations.

Model 1990–2024 1926–2024

Horizon β (s.e.) R2 β (NW s.e.) R2 β (NW s.e.) R2

1 year 0.249 (0.153) 0.101 0.215 (0.071) 0.134 0.061 (0.037) 0.023
4 years 0.704 (0.429) 0.294 0.831 (0.230) 0.454 0.209 (0.096) 0.079
8 years 0.896 (0.956) 0.375 1.316 (0.114) 0.763 0.372 (0.159) 0.149

4.3 Bond term premia and the yield curve

Generating a positive and sizeable bond term premium is one of the central

challenges of asset pricing models (Backus et al. 1989), and the challenge is even

greater for real term premia. Long-run risk models, for example, produce a high

equity premium but fail to deliver a significant real term premium (Section 5).

over 1926–2024) is likely inflated by slow-moving shifts in the long-run level of the P/D ratio,
driven, for instance, by gradual changes in risk aversion, trend growth, or the equity risk premium
over decades. Such level shifts would show up as a large standard deviation even if short-run
fluctuations were modest. The 2-year rolling standard deviation captures local variability around
whatever the prevailing level happens to be, and is therefore a cleaner target for a model with
fixed structural parameters.
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In the present model, long-term bonds are genuinely risky. The risk-free rate

rises sharply at high values of x, driven by consumption drift becoming strongly

positive in high-volatility states. In bad states (high x), the marginal investor

anticipates mean-reversion toward lower volatility and higher valuations. As rates

rise, long-term bonds lose value, making them risky for the marginal investor and

generating a positive real term premium. For this mechanism to operate, the

increase in consumption drift must be large enough to overcome the precautionary

savings effect, so that the risk-free rate rises on net. This may appear to conflict

with the intuition that crises coincide with low real interest rates, a tension taken

up in Section 4.4. The rate and volatility schedules share the same transition in

the state, and this restriction is checked in Appendix D.3.

The yield decomposition shows that the 10-year real yield and the term premium

both increase with x. At low values of x, the term premium is near zero and the

yield is low. In the central range of the stationary distribution the term premium

is positive and increasing, reflecting that long-term bonds are risky precisely when

the marginal investor’s consumption volatility is high. At very high x the total

yield rises steeply, with the risk-neutral yield contributing somewhat more than

the term premium as expected short rates become very high.

The bond moments used for comparison are the TIPS 10–5 yr yield spread and

the TIPS 10/5 yr excess holding-period return (Table 5). The choice of spread and

excess return rather than yield levels is deliberate. By focusing on the difference

between two TIPS maturities, any liquidity premium that affects the overall level of

TIPS yields cancels out. This should minimize the impact of liquidity effects in the

data, which are not accounted for in the model, where all assets are assumed to be

perfectly liquid. As a further check, adjusting the yields with the liquidity-premium

estimates of d’ Amico et al. (2018) moves both targets modestly higher rather than

lower (Table 6). Similarly, restricting attention to TIPS avoids confounding real

term premia with inflation risk premia that would be present in nominal bond
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yields.

The model generates a positive mean TIPS 10–5 yr yield spread and a positive

mean TIPS 10/5 yr excess return. Both directly targeted moments are matched

closely. Despite the fact that generating a sizeable positive real term premium is

precisely what makes the bond premium puzzle difficult to solve, the consumption-

volatility channel delivers it at the empirical magnitude. The yield decomposition

into the risk-neutral yield (RNY , defined in Equation 12) and the term premium

(TP , defined in Equation 11) is consistent with the pattern documented for real

yields in Abrahams et al. (2016): a low risk-neutral yield and a considerable,

state-dependent term premium, whose share of the total real yield rises from near

zero in the calmest states to roughly 45% in the most volatile ones.

Appendix F reports bond return predictability regressions according to Fama

and Bliss (1987) (FB) and Campbell and Shiller (1991) (CS). The model violates

the expectations hypothesis in the correct direction. FB slopes are positive and

above one at maturities of two to five years, overshooting the empirical values

by roughly one slope unit, and CS slopes are negative and steeper than the data

at every horizon. The estimates carry large cross-simulation standard deviations,

and the empirical targets lie within roughly one standard deviation of the model

values. These regressions should be interpreted with caution, since the empirical

targets were estimated for nominal bonds and the model-implied slopes are not

robust to moderate variations in the calibration.25 A more reliable indicator of

the model’s performance is the consistency of the yield curve and term premium

functional forms with the decomposition of Abrahams et al. (2016), as discussed in

the preceding paragraph.

25The econometric literature documents that tests based on these regressions are subject
to severe small-sample distortions (Bekaert, Hodrick and Marshall 1997; Bauer and Hamilton
2018). The large cross-simulation dispersion observed here suggests that the unreliability goes
beyond this standard critique. Even when the model is the true data-generating process, samples
of typical length produce slope estimates too dispersed to discriminate between models with
very different term premium dynamics, so the regressions may have little power as a test of the
expectations hypothesis. A systematic investigation of this conjecture is left for future research.
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Overall, similar to He et al. (2017), high consumption volatility coincides with

falling consumption (implying ρcx < 0), and this produces promising results across

the range of moments considered here. Imposing the opposite sign restriction,

consistent with the procyclical leverage documented by Adrian and Shin (2014),

still matches some of the moments, but with a single state variable its performance

is limited relative to the baseline adopted here (Appendix D.6). This does not mean

that the Adrian and Shin (2014) perspective is necessarily inconsistent with the

data. In a model with more than one state variable, the two channels could operate

simultaneously, with different factors capturing different aspects of intermediary

behavior, as explored in Kargar (2021). Alternatively, the procyclical-leverage

mechanism may be more relevant for intermediaries that are primarily active

in a specific asset class, rather than marginal investors across all asset classes

simultaneously. In this case, matching moments across different asset classes would

not be expected.

4.4 The real rate process

The calibrated schedule implies a real rate that is close to constant over ordinary

states and rises only where consumption volatility is extreme. As documented

above, r(x) is flat near +0.6% over the calm half of the stationary distribution and

rises only through the high-volatility tail, reaching +3.9% at the 95th percentile.

In simulation, the short rate stays within 100 basis points of its calm floor in 66%

of months and within 200 basis points in 85%. Conditional on the calm half of

the state distribution its mean is +0.9% (standard deviation 0.2%), against +2.3%

(standard deviation 1.1%) in the high-volatility half.

This may seem puzzling, since real rates are usually thought to fall in crises,

which are precisely the states in which volatility is high. The two readings are not

necessarily in conflict, because an observed rate need not measure the rate that the
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marginal investor faces. Observed rates contain a convenience yield component,

and that component may itself be larger in high-volatility states, when safe and

liquid assets are most valued (Krishnamurthy and Vissing-Jorgensen 2012; Nagel

2016). A convenience yield that widens with volatility depresses observed rates

in exactly the states where the model implies the investor’s own rate is rising,

and could therefore conceal that rise. This is only one possible channel, and

assessing it would require taking a stand on how convenience and liquidity premia

are determined. Establishing the precise relationship between observed real rates

and the rate relevant for the marginal investor is therefore left to further research.

4.5 Asset prices from the recovered state

The analysis so far has focused on matching moments. This subsection briefly

explores a different question, namely how well the model captures the state of

the economy over time. The calibration measures the volatility schedule from

the volatility of dealer equity returns. It uses no valuation ratio or yield, and in

particular none of the price series the recovered state is compared with below, which

makes it possible to run the mapping in reverse. Inverting the dealer-volatility

series through the wealth mapping σN (x) recovers the state variable xt at each date,

and the model-implied prices that follow can be compared with their empirical

counterparts. The recovered state comoves positively with the data. The model-

implied price–dividend ratio has a levels correlation of 0.32 with the observed ratio

(0.40 in changes), and the model-implied 10–5 yr TIPS spread a levels correlation of

0.47 (0.15 in changes). A single measured state therefore carries common variation

in both equity valuations and the real term structure, though the correlations

are well short of unity, which is expected for a one-factor model whose state is

constructed without reference to prices. Appendix H reports the full comparison.

Capturing the state of the economy more accurately, for instance with additional
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state variables or a richer measurement, is a natural direction for further research.

5 Recursive Preferences

The baseline model uses CRRA utility. This section shows that recursive utility, the

framework of the well-known long-run risk models (Bansal and Yaron 2004), does

not by itself generate positive real term premia, despite its success in explaining the

equity premium.26 Long-run risk models feature a time-varying consumption drift,

and possibly a time-varying consumption diffusion. Since they use a representative

agent, the drift and diffusion take values close to those observed in aggregate data.

Following Duffie and Epstein (1992), when utility is recursive, the utility

specification is given by:

V0 = E0

∫ ∞

0

F (Ct, Vt)dt (24)

where Vt is the value function at time t, and F (·, ·) determines flow utility. The

latter is also the aggregator of the recursive utility process, and it is given by:

F (Ct, Vt) =
ρ (1− γ)Vt
1− 1/ψ





(

Ct

((1− γ)Vt)
1/(1−γ)

)1−1/ψ

− 1



 (25)

where ψ is the intertemporal elasticity of substitution. The case of CRRA utility is

nested in this specification, and it corresponds to the case where ψ = 1/γ. The SDF

is derived from the expressions for the value function and the aggregator function.

26As has been mentioned before, the Internet Appendix goes through many variations, and
the only ones that deliver high and positive bond term premia are those with high consumption
volatility.
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As shown by Tsai and Wachter (2018), the value function can be expressed as:27

Vt =
C1−γ
t e(1−γ)K(xt)

1− γ
(26)

where Vt increases with K, a function of xt that captures the full dependence of the

value function on the state variable.28 Given the expression for the value function,

Itô’s lemma can be applied to derive the SDF process. Following Chen, Cosimano,

Himonas and Kelly (2009), the fundamental relationship is:

dΛ

Λ
= FV (Ct, Vt)dt+

dFC(Ct, Vt)

FC(Ct, Vt)
(27)

FC and FV denote partial derivatives of F with respect to consumption and the

value function respectively. The first term on the right-hand side is the derivative of

the flow utility with respect to the value function. The second term is obtained by

applying Itô’s lemma to the derivative of flow utility with respect to consumption:29

dΛ

Λ
=

(

ρ(−(1− γψ)e
(1−ψ)K[xt]

ψ − γψ + ψ)

1− ψ
− γµct +

γ2σ2
ct

2
+
γ(γψ − 1)ρcxσxtσctK

′(xt)

ψ

+
(γψ − 1)(−2ψ log(ϕ)xtK

′(xt) + σ2
xt((γψ − 1)K ′(xt)

2 − ψK ′′(xt)))

2ψ2

)

dt

− (γψ − 1)σxtK
′(xt)

ψ
dWxt − γσctdWct (28)

When γ = 1/ψ (time-separable utility), Equation (28) reduces to Equation (5).

Moreover, the consumption risk term −γσctdWct is identical to the time-separable

case. Recursive utility adds the state-variable term − (γψ−1)σxtK′(xt)
ψ

dWxt arising

from the explicit dependence of the SDF on xt.

27Similar results are common in the literature, see for example Benzoni, Collin-Dufresne and
Goldstein 2011; Kraft, Seiferling and Seifried 2017.

28The model is not solved fully in this section because this is not required for the analysis. A
full solution of the model, as well as a perturbation-based solution method for K(·), is developed
in the Internet Appendix.

29This is done by substituting Equation (26) into the derivative of flow utility and applying
Itô’s lemma with consumption and the state variable as independent variables.
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Using the SDF expression, the risk-free rate, stock price, and bond price can be

derived as before. The analysis focuses on the bond to show that recursive utility

generates a negative real term premium. Specifically, the expected excess return of

the bond can be expressed as:

−Bm

B
+ log(ϕ)xt

Bx

B
+
σ2
xt

2

Bxx

B
− r(xt)

︸ ︷︷ ︸

derived from: E[dB
B

]−rdt

=

(

ρcxγσctσxt +
(γψ − 1)σ2

xtK
′(xt)

ψ

)
Bx

B

(29)

The second term in parentheses is unique to recursive utility. Furthermore, this

term is in general negative. Whether the state variable drives the consumption

drift or the consumption diffusion, the following qualitative relationships typically

hold in equilibrium:

(x ↑⇒ µc ↑) ⇒ (K ′(x) > 0) and (r′(x) > 0 ⇒ Bx < 0)

(x ↑⇒ σc ↑) ⇒ (K ′(x) < 0) and (r′(x) < 0 ⇒ Bx > 0)







⇒ K ′(x)Bx < 0 (30)

The first case corresponds to a growth shock. An increase in expected growth

improves welfare (K ′(x) > 0) but raises interest rates, causing bond prices to

fall (Bx < 0). The second case corresponds to a volatility shock. An increase

in uncertainty reduces welfare (K ′(x) < 0) but triggers precautionary savings,

lowering rates and raising bond prices (Bx > 0). In both scenarios, the product

K ′(x)Bx is negative. Given a preference for early resolution of uncertainty (γ >

1/ψ ⇒ γψ − 1 > 0), the recursive utility component in Equation (29) therefore

acts as a “hedging” term. This makes bonds an attractive asset for an investor

worried about future states, thereby pushing the real risk premium downward.30

30This result is reinforced by solving the model using several calibrations in the Internet
Appendix. In all cases the contribution to the term premium was negative. A fully general proof
is not provided. The complication can arise from the fact that the risk-free rate is not only a
function of consumption drift and diffusion, but also a function of the recursive utility term. In
addition, the state variable can affect both consumption drift and consumption diffusion at the
same time and these relationships could in theory be arbitrarily non-linear. In these cases, it

35



Consequently, while recursive utility can be a powerful tool for generating a high

equity premium, it tends to produce negative real term premia. This is also

consistent with Bansal and Shaliastovich (2013), where recursive utility is used in

a long-run risk model, and a positive nominal term premium is generated via an

inflation channel. However, the underlying real term premium is still negative.

6 Conclusion

This article has shown that a parsimonious single-factor model, in which the

marginal investor faces high and time-varying consumption volatility — measured

from intermediary equity returns in the spirit of He et al. (2017), rather than

calibrated — is able to jointly address several classic asset pricing puzzles, including

the equity premium puzzle, the risk-free rate puzzle, excess return volatility, return

predictability, and, most challenging, a positive and time-varying real term premium.

None of these puzzles arise in the model, though that does not mean every empirical

moment is precisely matched. The model reproduces the qualitative behavior that

standard frameworks cannot, and for most moments it comes close to the exact

values as well, despite its simplicity. For instance, it generates a positive and

sizeable real term premium where those frameworks predict a near-zero or negative

one. Even recursive, long-run-risk preferences, which can match the equity premium,

do not by themselves generate positive real bond premia (Section 5), so the high

and time-varying consumption volatility of the marginal investor is not merely one

possible mechanism but an essential ingredient within this type of model.

In retrospect, this solution may have been in plain sight all along. The equity

premium puzzle has long signaled, within the representative-agent framework, that

consumption volatility would need to be far higher than what aggregate data suggest

to rationalize observed risk premia. Rather than a symptom of model failure, this

becomes more difficult to unambiguously determine the sign of K ′(x)Bx.
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can be taken as a hint that the consumption volatility of the marginal investor is

genuinely high and time-varying. In light of this reading, it becomes unsurprising

that so many different strands of literature arrive at a similar conclusion, implying

that the median household is not the same as the marginal investor. Ironically,

this interpretation has profound consequences for regular households. In particular,

their consumption is relatively stable, and the high risk premia of financial markets

represent returns that far exceed what their own risk profile would demand. This

suggests an extra reason why limited participation in financial markets by regular

households (or other institutions not exposed to high volatility) may be a missed

opportunity, with implications for wealth accumulation and the distribution of

asset returns across the population. In addition, if median households were to

participate more actively in equity and bond markets, the resulting shift in the

marginal investor’s risk profile would likely compress both the equity premium and

the real term premium.

The results suggest several directions for further research. A natural first

extension is to introduce a second state variable. The single-factor structure

generates an inherent tension between the equity premium and the real term

premium, because raising the equity premium through the consumption-volatility

channel pushes the term premium above the data before the premium reaches its

target (Appendix G quantifies this trade-off directly). An extra factor could break

this link, allowing the two risk premia to be matched separately and improving

the fit of the bond moments without sacrificing the equity results. The same

extension would relax another limitation of the one-factor structure: with a single

state variable, every yield is a function of the same state, so the level and the

slope of the yield curve move together, whereas in the data they vary partly

independently. A further possibility is to capture time variation in the risk-free

rate that is orthogonal to the volatility cycle, such as a slow-moving component

of consumption drift associated with long-run growth expectations. Part of the
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challenge in this direction is to identify all the parameters that govern the joint

process of the two state variables.

A second direction concerns the use of the model as a lens for understanding

historical asset pricing episodes. The indirect evidence in Appendix H already

suggests that the implied state variable xt comoves meaningfully with empirical

P/D ratios and TIPS spreads. A more systematic historical decomposition, using

the inversion approach to back out xt and then attributing observed movements

in yields and equity valuations to the model’s consumption-volatility mechanism,

could shed light on episodes such as the 2008 financial crisis, the post-crisis period

of compressed term premia, and the 2022 rate cycle, among others.

Finally, in a more extensive framework, one could move beyond the exogenous

consumption process and embed the marginal investor in a general equilibrium

framework. Doing so would allow one to endogenize the consumption dynamics of

the intermediary sector, connecting the reduced-form process to observable balance-

sheet quantities such as leverage and capital ratios, as in He and Krishnamurthy

(2013). It would also make it possible to study welfare: how do movements in risk

premia redistribute between the intermediary sector and ordinary households, and

what are the implications for the distributional effects of monetary policy?
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A Empirical Moments

The main empirical moments are reported in Tables 2 and 3 in the main text.

Tables 4 and 5 below extend these by reporting moments across multiple sample

periods for comparison. For the TIPS data, the moments from the 2005–2024

subsample, when TIPS were more liquid, are close to those from the 2004–2024

target window, suggesting that liquidity conditions do not materially affect the

empirical targets. More directly, the positive term premium is not a product of TIPS

illiquidity. A liquidity premium affects mainly the level of TIPS yields, which is why

the targets are defined as 10–5 yr differences that net it out. Recomputing those

differences from yields adjusted with the d’Amico–Kim–Wei liquidity-premium

estimates (d’ Amico et al., 2018) moves the targets modestly higher rather than

lower, from 0.457 to 0.535 for the spread and from 0.708 to 0.858 for the excess

return (Table 6).

The dividend-growth volatility σD warrants a brief note on how it is measured.

Because Dt in (13) has independent increments, σD is the standard deviation of

log dividend growth at an annual horizon, and it is measured directly at that

horizon. It cannot be recovered by scaling up higher-frequency growth. The

monthly dividend series of Shiller (2015) interpolates annual data, so monthly

growth is close to deterministic and strongly serially correlated, and a
√
12 scaling

of it understates annual volatility by roughly a factor of four. Both the mean and

the standard deviation of real dividend growth are reported across sample periods

in Table 4.
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Table 4: Stock market and macroeconomic moments: model vs. data. Empirical
data: Shiller (prices, dividends, CPI, total return index) merged with Fama–French
monthly risk-free rate. All returns and rates are annualized (% unless noted).
Dividend-growth volatility is the standard deviation of real dividend growth across
calendar years, the empirical counterpart of σD.

Moment Model 1990–2024 1999–2024 1926–2024

Mean P/D ratio 60.6 53.85 57.97 34.51
Median 2-yr std log(P/D) 0.060 0.067 0.074 0.096

Mean real div. growth (%) — 2.89 3.41 1.97
Std. annual real div. growth (%) — 7.16 8.20 10.40
Mean real stock return (%) 4.64 8.42 6.20 8.16
Std. log real stock return (%) 14.86 12.50 13.08 15.30
Mean equity premium (%) 3.02 8.38 6.84 7.86

Table 5: TIPS term structure moments: model vs. data. Source: Federal Re-
serve FEDS2008-05 zero-coupon TIPS yield curve. Yields are continuously com-
pounded. Excess returns are monthly log holding-period returns, annualized (×12).
Fractional-maturity yields via Nelson–Siegel–Svensson (GSW2008).

Moment (%) Model 2004–2024 2005–2024

Mean 10yr−5yr yield spread 0.422 0.457 0.440

Mean excess return 10yr/5yr 0.754 0.708 0.576

Table 6: TIPS targets under the d’Amico–Kim–Wei liquidity adjustment. Adjusted
yields subtract the DKW liquidity-premium estimates (Fed Board updated series)
from the fitted TIPS yields at the five- and ten-year maturities. Both moments
are then recomputed exactly as in the baseline. ℓ5 and ℓ10 are the mean liquidity
premia over the window. All entries in % p.a.

Window Spread 10–5 Excess return 10–5 ℓ5 − ℓ10
raw adjusted raw adjusted

2004–2024 (target window) 0.457 0.535 0.708 0.858 0.078
2005–2024 (subsample) 0.440 0.513 0.576 0.720 0.073
1999–2024 (extended) 0.436 0.578 0.732 0.739 0.142
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B Functional Forms for Consumption Dynamics

As mentioned in the main text, log consumption follows the continuous-time

diffusion

d logCt = µc(xt) dt+ σc(xt) dWct, (31)

where xt is a scalar latent state variable and Wct is a standard Brownian motion.

The volatility schedule is a capped logistic function of the state,

σc(x) = σmin + (σmax − σmin)L

(
x−m

w

)

, L(u) =
1

1 + e−u
, (32)

which is strictly increasing and bounded on both sides. High-x states are high-

volatility states, and the floor and cap keep the risk-adjusted dynamics well behaved

at extreme state values (in particular, the cap bounds the state drift under the

dividend measure; without the cap the P/D integral would diverge).

The real-rate schedule is a logistic with the same location m and width w as

the volatility schedule (32),

r(x) = rmin + (rmax − rmin)L

(
x−m

w

)

, (33)

with (rmin, rmax) calibrated. This makes r(x) monotone by construction, flat near

rmin in low-volatility states and rising through the same band of states over which

volatility rises.31

The consumption drift is then implied by the CRRA short-rate identity rather

than parameterized separately:

µc(x) =
r(x)− ρ

γ
+
γ

2
σc(x)

2. (34)

31Freeing the width of the rate transition relative to the volatility transition was tested and
rejected by the data (Appendix D.3).
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C Intermediary Consumption Volatility

This appendix documents two measurements used in Section 3: recovering the

consumption volatility schedule from dealer equity volatility, and validating the

sign and magnitude of ρcx against the dealer return–volatility correlation.

Persistence and the volatility schedule. This paragraph documents the

measurement inputs used in Section 3. The data are the daily value-weighted equity

returns of NY Fed primary dealer holding companies (He et al., 2017), 2000–2018,

summarized by their one-year rolling volatility (Panel A of Table 17).32 The monthly

AR(1) coefficient of the rolling volatility series implies an annual persistence of

ϕ = 0.890. Given ϕ, the parameters (σmin,m,w) of the logistic schedule (32) are

fitted to the dealer-volatility quantiles through the wealth mapping, as described

in Section 3. Because the wedge is state-dependent and the calibrated parameters

depend in turn on the schedule, measurement and calibration form a joint fixed

point: the wedge is computed at the current calibration, the schedule is refitted,

the free parameters are recalibrated, and the cycle repeats. The iteration converges

within two rounds, with the schedule parameters changing by less than 0.005 in the

final round. The resulting fit is close at every targeted point of the σN distribution:

5th percentile 9.5% (data 9.6%), median 19.1% (data 19.5%), 95th percentile 55.5%

(data 56.4%), mean 23.9% (data 23.1%). The consumption-volatility schedule this

implies is reported in Section 3: 5th percentile 6.1%, median 10.5%, 95th percentile

33.4%, mean 13.8%.

The direction of this correction is worth noting. The wedge exceeds one every-

where, so the model-implied step of the measurement only ever removes volatility,

and it removes proportionally the most around the middle of the stationary distri-

32Specifically, the intermediary value weighted investment return series from the He
et al. (2017) dataset is used. This is the value-weighted investment return to a portfolio of NY
Fed primary dealers’ publicly-traded holding companies. Unlike the intermediary capital risk
factor, this portfolio is tradable. Per the dataset’s documentation, He, Kelly, and Manela source
the daily series entirely from Bloomberg.
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bution, where the state spends most of its time. High consumption volatility is

what generates the equity and bond premia, so the mapping withholds volatility

in the states that matter most for them. A measurement that leaned on the model

to flatter the fit would have to add volatility instead. Trusting the model’s wedge

therefore biases the measurement against the volatility mechanism, not in its favor,

and the unrestrained calibration of Appendix D.4 confirms that the asset-price

moments would prefer the volatility the wedge removes.

The return–volatility correlation. This paragraph assesses whether the as-

sumed perfect correlation of −1 between dealer returns and innovations to dealer

volatility estimates, ρNx, is reasonable. At first glance, this correlation looks weak

in the data. Computed from one-month returns and volatility changes it is only

−0.22. This is an artifact of the horizon. The correlation grows steadily over

longer windows and reaches −0.73 at twelve months (Table 7). Short-horizon

estimates are biased toward zero, because the series is a one-year rolling estimate

and is therefore an imperfect measure of volatility at short horizons. To correct

for this bias, the same estimator is applied to wealth returns simulated from the

model (the model counterpart of the dealer series, combining consumption shocks

with the valuation term d log v(xt)) at known values of the underlying correlation.

The model columns of Table 7 show the two features that matter. The bias is

large. Even at the perfect-correlation limit the simulated estimator reaches only

about half of the true correlation at the longest horizon. And the estimator barely

varies with the underlying ρcx. The measured correlations also match or exceed the

simulated ones at every horizon, even against the perfect-correlation limit itself.

Two conclusions follow. First, the structural value ρcx = −1 does not overstate

the measured correlations. The data ask for at least as much return–volatility

comovement as the structure supplies. Second, the extra strength of the empir-

ical correlations, beyond what the wedge already explains, points to sources of
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comovement (such as jumps) that a correlated diffusion lacks, consistent with the

discussion of the equity premium in Appendix G.

Table 7: Return–volatility correlations by horizon. “Data” is the correlation
between NY Fed primary-dealer equity returns and changes in their one-year
rolling volatility, computed over non-overlapping windows of the stated horizon
(2000–2018, 217 monthly observations). The model columns apply the identical
estimator to wealth returns simulated from the calibrated model at two values of
the underlying consumption–state correlation. Means across 400 simulated samples,
standard deviations in parentheses. The estimator is strongly attenuated at short
horizons and nearly flat in ρcx, and the data lie at or beyond the perfect-correlation
column at every horizon.

Horizon Data Model, ρcx = −1 Model, ρcx = −0.3

1 month −0.22 −0.07 (0.08) −0.04 (0.08)
3 months −0.37 −0.18 (0.11) −0.12 (0.13)
6 months −0.48 −0.29 (0.15) −0.19 (0.18)
12 months −0.73 −0.52 (0.19) −0.33 (0.25)

D Calibration Procedure and Robustness

This appendix documents the numerical targeting procedure, the leave-one-out ro-

bustness of the baseline calibration, and the test of the shared-transition restriction

referenced in the main text.

D.1 Numerical procedure

After the directly set and the measured parameters are fixed (Section 3), the

free vector is θ = (rmin, rmax). Bounded parameters are mapped to the real line

by a logit transformation, and the free vector is estimated by minimizing the

inverse-variance weighted distance between eight simulated moments and their

empirical targets,

θ̂ = argmin
θ

8∑

k=1

wk
(
mk(θ)− m̂k

)2
, wk = 1/σ̂2

k, (35)
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where mk(θ) is the model-implied value of moment k, m̂k its empirical target,

and σ̂k the cross-simulation standard deviation of mk, estimated from simulations

(2,000 paths of 35 years). For each candidate θ the model is solved exactly (the

bond pricing PDE and the dividend-strip system) and moments are computed

from simulated paths using common random numbers, so that objective differences

across parameter values are not driven by simulation noise. The optimization

is run from a 3 × 3 grid of starting values for the two rate parameters, with

each starting point optimized by three algorithms (Nelder–Mead, subplex, and

CMA-ES, as implemented in the Julia packages Optim.jl (Mogensen and Riseth,

2018), NLopt (Johnson, 2007), and CMAEvolutionStrategy.jl, respectively), for

twenty-seven runs in all, summarized in Table 8. No restriction is placed on the

sign of the consumption drift, and the two lower rmin values start the optimization

with negative drift in calm states. All runs converge to the same interior optimum,

agreeing on rmin and rmax to within rounding and on the objective to two decimals,

so the solution is not sensitive to initialization or algorithm choice. At the optimum

the drift is positive throughout the state space, so the rising rate schedule and

the positive consumption drift are results of the fit rather than imposed features.

The measured parameters are held fixed only within an iteration. Dealer volatility

identifies σc(x) only through a wedge that the model itself supplies, so the schedule

is not an outside datum that can be held fixed. It has to be re-measured at each

new calibration. The minimization described here is therefore the inner step of the

joint fixed point of Appendix C.

D.2 Leave-one-out robustness

Table 9 re-estimates the free parameters eight times, dropping one targeted moment

at a time (seven moments versus two parameters, so each run remains heavily

overidentified). The calibration is stable: no single moment drives it. Across all
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Table 8: Calibration of the two rate parameters. The upper panel lists the nine
starting points of the 3×3 grid over (rmin, rmax), each optimized by three algorithms
(Nelder–Mead, subplex, and CMA-ES). All twenty-seven runs converge to the same
interior optimum, reported in the lower panel together with the minimized objective
(the 200-path optimization objective under common random numbers). The rates
are in % p.a. The correlation is fixed at ρcx = −1 (Section 3) and the time-
preference rate at ρ = 0.01. The sign of the consumption drift is unrestricted, and
starts with rmin ≤ 0 begin with negative drift in low-volatility states. The drift at
the optimum is positive.

Start

rmin rmax

−0.60 6.60
−0.60 7.50
−0.60 9.00
+0.00 6.60
+0.00 7.50
+0.00 9.00
+0.60 6.60
+0.60 7.50
+0.60 9.00

Converged (all runs)

rmin rmax Objective

+0.61 7.41 27.14

eight drops rmin stays within [0.004, 0.009] and rmax within [0.065, 0.082], against

a baseline of (0.006, 0.074). The equity premium is the instructive case. With

the premium dropped, the parameters barely move and the model still delivers

2.9%, so the calibration concedes the premium rather than distorting itself to chase

it. The documented miss is therefore a property of the model rather than of the

weighting, and its sources are examined in Section 4.2 and Appendix G.

D.3 Testing the shared-transition restriction

In the baseline, the rate logistic r(x) in (33) and the volatility logistic σc(x) in (32)

share the same center m and width w, so both transitions occur over the same band
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Table 9: Leave-one-out robustness. Each row drops one targeted moment and
re-optimizes the two free parameters against the remaining seven, with unchanged
weights and seed. The correlation is fixed at ρcx = −1 throughout, as in the baseline,
and the time-preference rate at ρ = 0.01. Baseline: rmin = 0.006, rmax = 0.074.

Dropped moment rmin rmax

Equity excess return 0.008 0.072
Mean P/D ratio 0.004 0.065
Mean real risk-free rate 0.009 0.079
Std. stock return 0.004 0.082
P/D volatility (2-yr) 0.007 0.073
TIPS 10–5 spread 0.006 0.072
TIPS 10–5 excess ret. 0.006 0.074
Return pred. slope 0.006 0.074

of states. To ask whether a different rate-transition width would be justified, a single

parameter k is introduced to scale it, r(x) = rmin + (rmax − rmin)L((x−m)/(kw)),

so the maximum rate slope scales as 1/k. The relaxation is motivated by the

model’s overshooting of yield-volatility statistics, and a flatter rate schedule might

be expected to tame them. The opposite turns out to be true. Widening the

transition drags rate variation out of the rarely visited tail into frequently visited

states, so realized yield volatility rises even as the maximum slope falls. The

free parameters are re-optimized at each k ∈ {1, 1.5, 2, 3, 4} under the identical

objective and seed, and the profile-minimizing k is adopted only if it improves the

objective by more than the χ2
1 5% critical value (3.84) and moves the Fama–Bliss

standard-error statistics toward their data range. Both criteria fail. The profile

minimum is k = 1 itself, and the objective rises monotonically, to 28.8 at k = 1.5,

34.8 at k = 2, 51.8 at k = 3, and 66.6 at k = 4, against 27.1 at k = 1. And the

yield-volatility statistics move away from the data at every k > 1, as the mechanism

above predicts, with the two-year Fama–Bliss standard error nearly tripling already

at k = 1.5. The shared transition is therefore retained, and the yield-volatility

overshoot is reported as a residual miss rather than repaired with an extra degree of

freedom. Understanding the relationship between the rate and volatility schedules
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more precisely remains an avenue for further research, particularly given that real

short-term rates are also shaped by monetary policy.

D.4 Freeing the volatility schedule

It is interesting to see how well the model can do when the volatility schedule is

not tied to the dealer data and the asset-price moments are allowed to determine

it themselves. This subsection reports that exercise. The schedule’s floor, location,

and width, (σmin,m,w), the persistence φx, and the correlation ρcx, otherwise fixed

at −1 by the wealth interpretation, are all freed and re-optimized jointly with the

two rate parameters against the same eight moments, under the identical weights

and seed. That leaves seven free parameters against eight moments. If the volatility

schedule is unrestrained there is no reason to hold its persistence fixed, so φx is

freed along with it. Because the free variant fits σc to asset prices directly, with no

wealth inversion, its cap is imposed in consumption-volatility space at 0.75, just

above the dealer-data maximum (asset prices do not identify the cap, and a free

cap drifts to values at which the dividend strips fail to converge). Table 10 reports

the estimated parameters alongside the baseline.

Three results follow.

First, the perfect-correlation restriction is corroborated, not merely tolerated.

With ρcx entirely free, the fit selects −1 from every starting point. Given the

choice, the asset-price moments place the correlation exactly where the wealth

foundation of Section 2.7 puts it, so relaxing the restriction buys nothing.

Second, the central finding is intact, and the baseline turns out to be the

conservative reading. With the floor, location, width, and persistence all determined

by the asset-price moments, the fitted schedule implies a mean consumption

volatility of 23.2% under the stationary distribution of the state, substantially

larger than the 13.8% of the measured schedule. At the same time, both levels are

48



Table 10: Estimated parameters when the volatility schedule is freed. Each
column re-optimizes the stated free parameters against the same eight moments,
weights, and seed. In the baseline the persistence φx and the schedule parameters
(σmin,m,w) are measured from the dealer data through the wealth mapping and the
correlation is fixed at −1. The free column lets the asset-price moments determine
all seven. The cap conventions differ. The baseline cap σmax = 0.623 is solved from
maxx σN = 0.75 in wealth-volatility space, while the free variant fits σc directly
and its cap is imposed at 0.75 in consumption-volatility space, as asset prices do
not identify it.

Parameter Symbol Baseline Free

Volatility schedule and persistence
State-variable persistence φx 0.890 0.943
Consumption vol. (floor) σmin 0.056 0.142
Volatility transition (center) m 0.691 1.500
Volatility transition (width) w 0.293 0.771
Consumption vol. (cap) σmax 0.623 0.750

Rate schedule and preferences
Consumption–state correlation ρcx −1 −1
Real rate (low volatility) rmin 0.006 −0.016
Real rate (high volatility) rmax 0.074 0.095

an order of magnitude above the volatility of aggregate consumption. Table 11

reports the stationary quantiles. The free and measured schedules agree closely

in the right tail, placing the ninety-fifth percentile at 34.4% against 33.4%, and

diverge in calm states, where the free floor is 14% and the free median 22%, against

5.6% and 10.5% measured. Left to themselves, in other words, the asset-price

moments would earn the equity premium by keeping consumption volatility high

even in tranquil times. The dealer data say tranquil times are genuinely tranquil,

and the measurement forces the model to live with the premium that remains.

Asset prices alone would demand more volatility than the measurement supplies,

so the measured baseline understates rather than overstates what the mechanism

could deliver. As discussed in Appendix C, the wedge exceeds one everywhere, so

trusting it biases the measurement against the volatility mechanism that generates

the premia, not in its favor.
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Freeing the schedule, its persistence, and the correlation lowers the objective

from 26.03 to 12.88.33 Some decline is to be expected, since a minimized objective

can only fall when parameters are freed. About nine of the thirteen points come

from the equity premium, which rises from 3.0% to 4.6% against a target of 8.4%.

The remainder comes from the risk-free rate and the stock return volatility, partly

offset by a worse fit of the TIPS and price–dividend moments. The exercise is not

a horse race between two calibrations of equal standing. The measured schedule is

pinned by the dealer-volatility series, information the asset-price objective never

sees, and the comparison quantifies what that measurement discipline costs in fit.

Third, the improvement in the eight targeted moments is bought with counter-

factual behavior in the moments that were not targeted. The Fama–Bliss slopes

rise to 4.3–4.9 at maturities of two to five years, against data values of 1.3–1.8

and baseline values of 2.6–2.7; the Campbell–Shiller slopes fall to −7.2 and below,

against data values between −1.0 and −2.8 and baseline values near −4.2; and the

Newey–West standard errors, already an acknowledged overshoot at the baseline,

rise further. The extra calm-state volatility that raises the premium also drives

term-structure dynamics far from the data. The free fit also shows boundary strain

the baseline does not have, since it pins the transition location at the edge of its

admissible range.

Even with the volatility process entirely free, the model delivers barely more

than half the empirical premium while respecting the remaining moments. The

premium gap documented in Appendix G is therefore not an artifact of the

measurement discipline. It survives the most permissive calibration the model

admits.

33Objectives in this comparison are evaluated with 2,000 simulated paths, so the baseline value
is 26.03 rather than the 27.1 reported in Section 3, which uses the 200 paths of the optimization.
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D.5 Raising the risk-free-rate target

As noted in Section 3, the model’s r(x) is the marginal investor’s own shadow real

rate, while the empirical target is the one-month Treasury bill rate less inflation.

Treasury securities carry a convenience yield that a leveraged marginal investor does

not earn, estimated at 40–70 basis points by Krishnamurthy and Vissing-Jorgensen

(2012), and an investor constrained by its own balance sheet faces on top of that

the shadow cost of its funding capacity (Gârleanu and Pedersen, 2011). Both

wedges place the investor’s shadow rate above the observed bill rate. Because this

target enters the objective through its first moment alone, such a wedge is exactly

a shift in a single number, and the calibration can simply be repeated with the

target raised accordingly.

Table 12 reports the calibration re-run with the target raised by 40, 70, and

100 basis points. The two free parameters rmin and rmax move only slightly, and

the remaining seven moments are almost untouched. The model’s own mean real

rate rises by less than the shift, so the gap against the target narrows as the wedge

is granted, while the fit of every other moment is essentially preserved.34 The

calibration is therefore not an artifact of identifying the bill rate with r(x).

D.6 The sign of the consumption–state correlation

The wealth foundation fixes the magnitude |ρcx| = 1, since a single innovation drives

both wealth and the state, but the negative sign is a modeling choice. To check

that it is not merely a normalization, the entire joint measurement–calibration

fixed point is re-run with ρcx = +1. The volatility schedule is re-measured under

the positive-sign wealth mapping and the two rate parameters are re-optimized

to the same eight moments. The baseline restricts the rate schedule to rise with

34The minimized objective also falls across these runs, but that is not evidence of a better fit,
since each run measures distance to a different target and the shift moves that target toward
what the model already delivers.
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the state (rmax > rmin). Under ρcx = +1 that restriction makes the present value

of the dividend claim diverge, because a positive correlation turns equities into

a hedge and lowers their discount rate, so the restriction is relaxed here and the

schedule is free to decrease.

Table 13 reports the outcome. The positive sign is admissible, but only with

an inverted rate schedule, the real rate falling from +5.8% in calm states to −5.0%

in the most volatile states. Even then the fit is about three times worse than the

baseline, a weighted objective of 72.3 against 26.0. The excess volatility of stock

prices collapses, with the two-year volatility of log(P/D) falling to 0.016 from 0.060

and the standard deviation of returns to 8.0% from 14.9%, and the TIPS excess

return drops to 0.30% from 0.75%. The equity premium is only somewhat lower,

2.3% against 3.0%. The negative sign is therefore preferred on grounds of both fit

and economic plausibility, since the positive sign requires a real rate that turns

sharply negative exactly when volatility is highest and gives up the excess-volatility

and term-premium behavior that motivates the model.

E Simulation

Figure 3 presents a simulated forty-year path of the baseline model’s state variable

and the asset prices implied by it.
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Figure 3: Variables based on a simulated path for forty years under the baseline

parameterization. The panels show the consumption drift µc, consumption volatility

σc, the risk-free rate r, the price–dividend ratio, the expected stock excess return,

and the 10-year real bond yield together with its term premium.
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Table 11: Freeing the volatility schedule: implied moments. Each column reports
the moments implied by the corresponding calibration in Table 10, under the same
weights and seed. The first eight rows are the targeted moments. The moments
below them are untargeted, with Fama–Bliss slopes reported by maturity and
Campbell–Shiller slopes by horizon. Volatility quantiles are stationary quantiles
of σc(x) and summarize the schedule rather than an asset-price moment. The
baseline column reports the measured (wealth-inverted) schedule. No data entry is
given for the volatility quantiles because the dealer-volatility data live in wealth-
volatility space, which the baseline matches by construction through the mapping
of Section 3. The Data column gives the empirical targets. Stock moments are
over 1990–2024 (Shiller, 2015) and TIPS moments over 2004–2024 (Gürkaynak
et al., 2010). Fit objectives and their statistical assessment are reported in the text.
The free column and the first column of Table 16 free the same seven parameters
over the same box and differ only in the target set, all eight moments here against
the equity premium alone there.

Moment Data Baseline Free

Targeted moments
Equity excess return (%) 8.38 3.02 4.62
Mean P/D 53.9 60.6 62.4
Median 2-yr std log(P/D) 0.067 0.060 0.056
Std. stock return (%) 12.50 14.86 13.45
Mean real risk-free rate (%) 0.03 1.62 0.00
TIPS 10–5 yr spread (%) 0.46 0.42 0.52
TIPS 10–5 yr excess return (%) 0.71 0.75 1.06

Return pred. slope β̂1 0.21 0.25 0.20

Untargeted moments
10-yr bond excess return (%) 2.55 1.81 2.09

Fama–Bliss slopes (β = 1 under EH)
2-year 1.33 2.59 4.32
3-year 1.71 2.64 4.48
4-year 1.84 2.65 4.66
5-year 1.69 2.62 4.87

Campbell–Shiller slopes (β < 0 violates EH)
3-month -1.03 -4.03 -7.23
6-month -1.16 -4.06 -7.29
1-year -1.41 -4.13 -7.41
2-year -1.92 -4.26 -7.66
4-year -2.83 -4.48 -8.19

Volatility schedule σc(x), stationary quantiles (%)
5th percentile — 6.1 16.6
Median — 10.5 21.8
95th percentile — 33.4 34.4
Mean — 13.8 23.2
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Table 12: Sensitivity of the calibration to the level of the mean real-rate target.
Each column re-runs the joint calibration with the mean real-rate target raised by
the stated amount, holding the weights, the other seven moments, the measured
schedule, and the seed fixed. Only the first moment of the rate target moves. Rates
and returns in %.

Quantity +0 bp +40 bp +70 bp +100 bp

Mean real-rate target (%) 0.03 0.43 0.73 1.03
rmin (%) 0.61 0.66 0.71 0.75
rmax (%) 7.41 7.48 7.53 7.60

Model mean real rate (%) 1.62 1.68 1.72 1.77
Equity premium (%) 3.02 3.00 2.99 2.98
Mean P/D 60.6 59.2 58.1 56.9
Std. stock return (%) 14.86 14.78 14.71 14.65
Median 2-yr std log(P/D) 0.060 0.060 0.060 0.059
TIPS 10–5 yr spread (%) 0.42 0.42 0.42 0.42
TIPS 10–5 yr excess return (%) 0.75 0.76 0.76 0.76

Return pred. slope β̂1 0.250 0.250 0.250 0.251

Table 13: The sign of ρcx. The ρcx = +1 column re-runs the joint measurement–
calibration fixed point with the sign flipped, the volatility schedule re-measured
under the positive-sign wealth mapping, and the two rate parameters re-optimized
to the same eight moments with the increasing-rate restriction relaxed. Objectives
are evaluated with 2,000 simulated paths, so the baseline value is 26.0 rather than
the 27.1 of Section 3, which uses the 200 paths of the optimization. Rates and
returns in %.

Moment Data ρcx = −1 ρcx = +1

Equity excess return (%) 8.38 3.02 2.26
Mean P/D 53.9 60.6 48.9
Median 2-yr std log(P/D) 0.067 0.060 0.016
Std. stock return (%) 12.50 14.86 7.99
Mean real risk-free rate (%) 0.03 1.62 2.77
TIPS 10–5 yr spread (%) 0.46 0.42 0.42
TIPS 10–5 yr excess return (%) 0.71 0.75 0.30

Return pred. slope β̂1 0.21 0.25 0.25

Weighted objective — 26.0 72.3
rmin (%) — 0.61 5.79
rmax (%) — 7.41 −5.00
Rate schedule — increasing decreasing
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F Expectation-Hypothesis Regression Results

Tables 14 and 15 report the FB and CS expectation-hypothesis regression slope

estimates at the baseline calibration, together with their cross-simulation standard

deviation and the empirical target. At the baseline parameterization the sign of

the estimates matches the data. FB betas are positive (and above unity) and CS

betas are negative, both indicating a violation of the expectations hypothesis. The

estimates are imprecise. Their cross-simulation dispersion is wide, the empirical

slopes lie within it at every horizon, and the pattern varies considerably across

parameterizations even though the violation itself is robust. As discussed in

Section 4.3, these regressions are therefore a weak guide to the term-premium

pattern. That pattern is read instead from the model-implied functions in Figure 2

of the main text, in particular the decomposition of the 10-year real yield into its

risk-neutral and term-premium components.

Table 14: Fama–Bliss expectation-hypothesis regressions: model vs. data. OLS of
quarterly log excess bond return on forward–spot spread. Model column reports
mean slope across 2,000 simulated 35-year samples. Standard deviations across
simulations in parentheses. β = 1 under the expectations hypothesis.

Maturity β̄ (SD) Target

2-year 2.591 (2.151) 1.330
3-year 2.638 (2.493) 1.710
4-year 2.653 (2.897) 1.840
5-year 2.620 (3.392) 1.690

G Anatomy of the Equity Premium

The baseline delivers an equity premium of 3.0% against the 8.4% target, the one

targeted moment on which the joint calibration falls clearly short. This appendix

decomposes the shortfall and closes off cash-flow risk, the route that might seem

to repair it.
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Table 15: Campbell–Shiller expectation-hypothesis regressions: model vs. data.
OLS of scaled yield change on yield spread. Model column reports mean slope
across 2,000 simulated 35-year samples. Standard deviations across simulations in
parentheses. β < 0 indicates violation of the expectations hypothesis.

Horizon β̄ (SD) Target

3-month -4.028 (3.300) -1.030
6-month -4.062 (3.394) -1.160
1-year -4.129 (3.585) -1.410
2-year -4.258 (3.981) -1.920
4-year -4.483 (4.831) -2.830

G.1 Only targeting the premium

Table 16 traces the equity premium as the elements of the baseline calibration,

the measured volatility schedule and the remaining target moments, are imposed

one at a time. The first column re-calibrates the model with the equity premium

as the sole target and the volatility schedule left entirely free. It then matches

the premium, 8.6% against a target of 8.4%, so the premium is not beyond the

model’s reach. But the fitted schedule puts consumption volatility at 20% even in

low-volatility states, the TIPS 10–5 spread is 2.9% against 0.5% in the data, the

mean real rate is +7.7% against a near-zero target, and the mean price–dividend

ratio is 9 against 54.35 This column also bounds what a higher risk aversion could

buy. Because γ enters pricing only through the product γρcxσc(x), raising it is

equivalent, for pricing, to scaling the volatility schedule, and reaching the premium

this way takes a price of risk roughly twice the measured one, at the cost of the

real rate and the valuation moments just described. Risk aversion is therefore a

margin the article declines to use rather than one the model lacks, and γ = 2 is

retained. The second column keeps the premium as the sole target but imposes

the measured schedule. The measurement alone cuts the deliverable premium to

35The daggered entries in Table 16 are not pinned down: this column matches one moment
with seven free parameters, so any of a wide range of schedules reaches the premium. What
survives across all of them is the cost, which is what the column is for.
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4.1%, and even that requires the rate ceiling at its admissible bound (rmax = 30%)

and a price–dividend ratio of 20. In these columns the correlation ρcx is estimated

rather than fixed, and the optimizer selects −1 from every starting point, which is

the value the baseline imposes on structural grounds. The third column targets

the six stock-market and risk-free-rate moments with no term-structure targets,

and the premium settles at 3.0%; the fourth adds the two TIPS moments and

barely moves any entry, the largest change being the price–dividend ratio, from

61.9 to 60.6. The decomposition locates the binding constraints precisely: the

measured level of consumption volatility in calm states does the largest share of

the capping, the equity valuation moments do the rest, and the real term structure

— the natural suspect, since the equity premium, the price–dividend ratio, and the

real term premium are all priced by the same γρcx — turns out to bind hardly

at all once the valuation moments are present. The shortfall is the visible cost of

asking one factor to do all of these jobs honestly, as Appendix D.4 documents from

the opposite direction.

G.2 Cash-flow risk is shut down by measurement

The baseline sets ρcD = 0 and σD = 7.2%, the measured volatility of annual real

dividend growth. Cash-flow risk cannot raise the premium per unit of return

volatility. A dividend shock earns γσcρcD per unit of volatility and a revaluation

shock earns γσc|ρcx|, and since |ρcx| = 1 at the baseline, dividend risk can at best

tie it and never beat it. The only question is how much it dilutes, and the measured

correlation settles that. Between dividend growth and dealer returns it runs between

−0.07 and −0.19 across horizons, the opposite sign. Imposing ρcD = −0.15 lowers

the premium to 2.7%, since cash-flow volatility that carries no premium crowds out

revaluation volatility that was earning one. Even a counterfactually positive +0.71

reaches only 4.7%, and 5.2% with σD = 0.10, with mean price–dividend ratios of
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Table 16: The equity premium as the elements of the baseline calibration are
imposed one at a time. Each column re-optimizes the free parameters against the
stated target set, under the baseline weights and seed. The first column additionally
frees the volatility schedule (capped logistic form, no measurement discipline). The
remaining columns impose the measured schedule of Section 3. The equity block
comprises the six stock-market and risk-free-rate moments (excess return, mean
and volatility of P/D, return volatility, mean real rate, predictability slope). The
baseline adds the two TIPS moments. Table 11 completes the design: it frees the
same seven parameters as the first column here, but targets all eight moments
rather than the equity premium alone.

Premium only,
free σc

Premium only,
measured σc

Equity block,
no term struct. Baseline Data

Equity premium (%) 8.63 4.12 2.98 3.02 8.38
TIPS 10–5 (%) 2.92† 1.16 0.41 0.42 0.46
Mean rf (%) +7.74† +4.93 +1.62 +1.62 +0.03
Mean P/D 8.8† 20.1 61.9 60.6 53.9
ρcx −0.89† −1.00 −1.00 −1 (fixed) —

† Not determined by this column’s target set. The first column matches one moment with seven

free parameters, so these entries are one point on a flat set rather than an estimate: across ten

optimizations differing only in the optimizer’s random stream, every one reaches the premium

(8.5–8.6%, objective zero to four decimals) while the mean real rate ranges from −2.5% to

+12.0%, the price–dividend ratio from 6 to 41, and consumption volatility in calm states from

9% to 30%. The last column is determined: all twenty-seven runs of Table 8 reach the same

optimum.

35 and 27 respectively against 54 in the data. The asset-price objective alone is

nearly indifferent to that configuration (27.2 against the baseline’s 27.1), so it is

the measurement of ρcD, not the fit, that rules it out.

Taken together, the re-calibrations and the closed cash-flow route locate the

missing premium. Within one-factor diffusion dynamics and the measured volatility

of the marginal investor, no cash-flow parameter reaches the target, and reaching it

through the price of risk alone requires roughly twice the volatility the measurement

supplies. The gap is evidence for amplification channels that the diffusion model

deliberately omits, such as jumps and volatility feedback. This reading is consistent

with the attenuation gap in the return–volatility correlations of Appendix C.

Exploring these channels is left to future work.
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H Asset-Price Evidence from the Recovered State

The state variable is measured from the volatility of dealer equity returns, so the

prices it implies can be compared with the data as an out-of-sample check of the

intermediary interpretation. The dealer return series is itself the price of a traded

equity portfolio, so the measurement is not free of price information altogether.

Only the variance of those returns enters, however, and not the level of any price,

valuation ratio, or yield, and in particular none of the series it is compared with

below. At each date the implied state xt is recovered by inverting the model-implied

wealth volatility σN (x) at the observed dealer volatility, and bond and stock prices

are then evaluated at that state. Figure 4 shows the dealer volatility series, the

state recovered from it, and the implied price–dividend ratio, 10-year TIPS yield,

and 10–5 yr TIPS spread against their empirical counterparts. Table 17 reports

the corresponding correlations.

The recovered state comoves positively with equity valuations and the real term

structure. The implied price–dividend ratio has a levels correlation of 0.32 with the

observed ratio and the implied TIPS spread one of 0.47, discussed in Section 4.5.

These are substantial for a state built without reference to either series. The level

of the 10-year TIPS yield is the one series the mapping does not track, at 0.03

in levels and 0.02 in changes. The sample features a secular decline in real yield

levels that a stationary one-factor state cannot generate, which is also why the

article’s empirical targets are a maturity spread and an excess return rather than

yield levels.

The match is of course far from exact, as one would expect from a one-factor

model driven by a single measured series. Several broad movements are nonetheless

reproduced. The model-implied price–dividend ratio falls sharply into the 2008

trough and recovers alongside its empirical counterpart, though its swings are

considerably larger than those in the data. The implied TIPS spread stays close
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to the average level of the observed spread but is much smoother, which is the

one-factor structure showing through.

The inversion is well defined throughout the sample. Dealer volatility peaks

at 72.6% near the 2008 financial crisis, below the maximum of σN at 75%, so the

state is recovered exactly at every date, with the crisis mapping to a large positive

realization of xt.

Table 17: Dealer volatility and model-implied asset prices. Panel A reports
summary statistics for the 1-year rolling equity return volatility of NY Fed primary
dealer holding companies, computed from the He et al. (2017) daily return series.
AR(1) coefficient estimated on the monthly subsampled series. Panel B reports
correlations between model-implied and empirical asset prices. The implied series
are obtained by inverting the model-implied wealth volatility σN(x) at each date
using the empirical intermediary equity return volatility, then evaluating bond and
stock prices at the implied state.

Panel A: Intermediary equity return vol (% p.a.)

Mean Std Min Max AR(1)a

23.1 13.7 8.3 72.6 0.890

Panel B: Correlations — model-implied vs. empirical

Series Levels Changes

P/D ratio 0.315 0.396
10-yr TIPS yield 0.026 0.023
10–5yr TIPS spread 0.471 0.152

aAR(1) on monthly series. Reported value is ϕ12, the implied annual persistence.
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Figure 4: Intermediary-implied state variable and asset prices. Top left: 1-year
rolling equity return volatility of NY Fed primary dealer holding companies from
He et al. (2017). Top right: implied state variable xt obtained by inverting the
model-implied wealth volatility σN(x) at each date using the empirical equity
return volatility. The sample maximum (72.6%) lies below the hump maximum
of σN(x) at 75%, so the lower-branch inversion is exact at every date. Middle
left/right and bottom: model-implied P/D ratio, 10-year TIPS yield, and 10–5 yr
TIPS spread (solid lines) overlaid on their empirical counterparts (dashed lines).
Shaded bands mark NBER recessions.
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Internet Appendix

“High Volatility is the Key: A Joint Treatment of Asset Pricing

Puzzles”

This Internet Appendix consists of three parts. Section IA.I provides a review

of the literature on the bond premium puzzle. Section IA.J presents a self-

contained mathematical framework for the model variations analyzed in this

appendix. Section IA.K documents yield and term-premium results for all 37

model variations, together with a model index table. This appendix is adapted

from an earlier working-paper version of this article and is included here because

the main text makes reference to it. Its model variations and calibrations predate

the baseline calibration of the main text and share no parameter values with it. The

appendix documents qualitative conclusions, in particular that standard models do

not generate positive real term premia across a wide range of specifications, and

its numbers should not be compared with those of the main text.

IA.I Literature on the Bond Premium Puzzle

This section reviews available explanations of the bond premium puzzle.36 One of

the first papers to address this was Backus et al. 1989. Utilizing a consumption-

based asset-pricing model of an endowment economy, they discovered the model’s

inability to yield significant positive term premia. Subsequent studies by Donaldson,

Johnsen and Mehra 1990 and Den Haan 1995 further indicated that standard real

business cycle models also could not resolve the puzzle. Rudebusch and Swanson

2008 incorporated an external habit into DSGE models but found that the bond

premium puzzle remains. Duffee 2013 showed that basic properties of nominal

36Rudebusch and Swanson 2008 provides a good summary of this extensive literature.
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yields cannot be explained macroeconomically. Also, Duffee 2002 shed light on the

challenges of fitting both interest rate and term premium dynamics within affine

models.

Next, a series of papers provided explanations focused on nominal term premia.

Notably, Piazzesi and Schneider 2006 showed that parameter uncertainty in a model

where inflation brings bad news about future consumption growth can produce

positive nominal term premia.37 Gabaix 2012 and Tsai 2015, following Rietz 1988

and Barro 2006, showed that positive nominal term premia can be explained if

inflation is on average high during consumption disasters. Bansal and Shaliastovich

2013, following Bansal and Yaron 2004, demonstrated that the risk premium of a

nominal bond can be positive when inflation is correlated with consumption trend.

Rudebusch and Swanson 2012 used a similar model within a DSGE framework

that generates positive nominal term premia, but real term premia are negative.

Gomez-Cram and Yaron 2021 also used a long-run risk model focused on nominal

term premia.

Alternatively, some articles consider real term premia. Katagiri 2022 explored

a model with monetary policy in which consumption changes can be negatively

correlated with consumption trends and risk aversion is very high. Ellison and

Tischbirek 2021 used a beauty-contest mechanism as in Angeletos, Collard and

Dellas 2018, in which agents anticipate others’ expectations, generating positive

term premia.

Using an approach similar to the main article, some papers deviate from the

representative agent model. Vayanos and Vila 2021 suggested that term premia are

generated by arbitrageurs interacting with preferred-habitat investors. Kekre et al.

2024 built on Vayanos and Vila 2021 and showed that arbitrageur portfolio charac-

teristics have important implications for the sign of term premia. Jappelli, Pelizzon

37Collin-Dufresne, Johannes and Lochstoer 2016 introduced a model with Bayesian learning
of parameters that generates negative term premia.
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and Subrahmanyam 2024 extended this by integrating the repo market. Schneider

2022 showed that positive term premia can arise in models with heterogeneous

agents exhibiting different risk attitudes and intertemporal substitution prefer-

ences.38 Finally, returning to representative-agent models, Wachter 2006 showed

that term premia can be positive and time-varying in a model with external habit

following Campbell and Cochrane 1999. Kliem and Meyer-Gohde 2022 and Hsu,

Li and Palomino 2021 used the same mechanism within DSGE models. Campbell,

Pflueger and Viceira 2020 also used a habit model to explain the time-variability

of term premia. More generally, Lettau and Wachter 2011 and Bekaert, Engstrom

and Grenadier 2010 showed that positive and time-varying term premia can be

obtained within the class of models with time-varying effective risk aversion. To

the authors’ knowledge, time-varying risk aversion is the only mechanism in the

literature that achieves positive and time-varying term premia within a rational

representative agent model.

IA.J Mathematical Framework

A consumption-based framework in continuous time accommodates a range of

model variations. The framework is built upon three components: (1) an exogenous

consumption process, (2) a utility specification, and (3) a process for the state

variable. The state variable determines the state of the economy, and is connected

to either the consumption drift (CD), the consumption volatility (CV), or the

external habit. Utility is either time-separable (TSU) or recursive (RU), the latter

following Duffie and Epstein 1992.

38Schneider 2022 also uses effective time-varying risk aversion.
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IA.J.1 Consumption process

Consumption (Ct) follows the stochastic process:

d log(Ct) = dct = µct dt+ σct dWct (IA.36)

where µct denotes the consumption drift at time t and σct is the consumption

volatility, multiplying the standard Wiener process dWct.

IA.J.2 Utility

Lifetime utility takes the following form depending on the specification:

U0 = E0

∫ ∞

0

e−ρtu(Ct, St) dt

︸ ︷︷ ︸

TSU

, V0 = E0

∫ ∞

0

F (Ct, Vt) dt

︸ ︷︷ ︸

RU

(IA.37)

where ρ is the time preference parameter. In the TSU case, flow utility u depends

on consumption and potentially on the surplus consumption ratio St (relevant only

in the habit model; set to 1 otherwise). In the RU case, F is the Duffie–Epstein

aggregator depending on consumption and the current value function Vt. The

functional forms are:

u(Ct, St) =
(CtSt)

1−γ − 1

1− γ
(TSU)

F (Ct, Vt) =
ρ (1− γ)Vt
1− 1/ψ





(

Ct

((1− γ)Vt)
−1/(1−γ)

)1−1/ψ

− 1



 (RU) (IA.38)

Here γ is risk aversion (equal to the inverse of the IES in TSU), and ψ is the IES

in the RU case.
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IA.J.3 State variable

The state variable xt follows a mean-reverting process:

dxt = − log(ϕ)(µx0 − xt) dt+ σxt dWxt (IA.39)

where µx0 is the steady state and ϕ ∈ (0, 1) governs mean reversion. The Wiener

process dWxt has correlation ρcx with dWct. Table IA.18 shows how each model

variation maps the state variable into the consumption and state processes.

Table IA.18: State variable dependence for each model variation
Model variation
TSU-CD: µct = µc0 + xt σxt = σx0 µx0 = 0
TSU-CV: σct = σc1xt σxt = σx1

√
xt µx0 = 1

TSU-Habit:* St = S̄ext σxt = σctλ(xt) µx0 = 0
RU-CD: µct = µc0 + xt σxt = σx0 µx0 = 0
RU-CV: σct = σc1

√
xt σxt = σx1

√
xt µx0 = 1

TSU-HCV: σct = σc1xt σxt = σx1
√
xt µx0 = 1

Arb-IN: µct = µc1x
1/4
t , σct = σc1

√
xt σxt = σx1

√
xt µx0 = 1

Arb-DP: µct = µc1x
3/2
t , σct = σc1x

2/3
t σxt = σx1

√
xt µx0 = 1

* Following Campbell and Cochrane 1999 and Wachter 2006:

σxt = σctλ(xt) =







σct

(√
1− 2xt
S̄

− 1

)

if xt <
1− S̄2

2

0 if xt ≥
1− S̄2

2

, S̄ =

√
γ

− log(ϕ)− b/γ

In variations where consumption volatility σct is proportional to the state

variable, the steady state is set at xt = 1 (with xt > 0 almost surely), ensuring

positivity of σct.

IA.J.4 Stochastic discount factor

Time-separable utility. The SDF is the derivative of flow utility with respect

to consumption:

Λ = e−ρt(CtSt)
−γ (IA.40)
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Applying Itô’s Lemma yields the SDE:

dΛ

Λ
=
(

− ρ− γµct +
γ2

2
σ2
ct

)

dt− γσct dWct

+
(
− γ log(ϕ)xt + 2ρcxσctσxt + σ2

xt

)
dt− γσxt dWxt

︸ ︷︷ ︸

habit model only

(IA.41)

Recursive utility. Following Tsai and Wachter 2018, the value function takes

the form:

Vt =
C1−γ
t e(1−γ)K(xt)

1− γ
(IA.42)

where K(xt) captures the full dependence of the value function on the state variable

(see Section IA.J.8 for the perturbation method to solve for K). The SDF is derived

from the aggregator F as:

dΛ

Λ
=

(ρ

(

(1− γψ)e
(1−ψ)K[xt]

ψ + γψ − ψ

)

1− ψ
− γµct +

γ2σ2ct
2

+
γ(γψ − 1)ρcxσxtσctK

′(xt)

ψ

+
(γψ − 1)

(
2ψ(µx0 − xt) log(ϕ)K

′(xt) + σ2xt
(
(γψ − 1)K ′(xt)

2 − ψK ′′(xt)
))

2ψ2

)

dt

− (γψ − 1)σxtK
′(xt)

ψ
dWxt − γσct dWct (IA.43)

When γ = 1/ψ this reduces to the TSU formula.

IA.J.5 Short-term interest rate

The short rate is r(xt) = −Et[dΛ/Λ]/dt. For TSU:

r(xt) = ρ+ γµct − γ2

2
σ2
ct−γ log(ϕ)xt + 2ρcxσctσxt + σ2

xt
︸ ︷︷ ︸

habit model only

(IA.44)
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For RU:

r(xt) =

ρ

(

(1− γψ)e
(1−ψ)K[xt]

ψ + γψ − ψ

)

1− ψ
+ γµct −

γ2σ2ct
2

− γ(γψ − 1)ρcxσxtσctK
′(xt)

ψ

− (γψ − 1)
(
2ψ(µx0 − xt) log(ϕ)K

′(xt) + σ2xt
(
(γψ − 1)K ′(xt)

2 − ψK ′′(xt)
))

2ψ2

(IA.45)

IA.J.6 Bond pricing

The price Q(xt,m) of a zero-coupon bond with remaining maturity m satisfies the

PDE:

−Qm − r(xt)Q+
(
− log(ϕ)(µx0 − xt) + A(xt)

)
Qx +

σ2
xt

2
Qxx = 0 (IA.46)

where subscripts denote partial derivatives and A(xt) dt ≡ (dΛ/Λ)(dQ) is the

covariance between the SDF and the bond price (i.e., the source of the term

premium). The terminal condition is Q(xt, 0) = 1.

The solution is given by the Feynman–Kac formula:

Q(m, xt) = Et

[

exp

{

−
∫ m

0

r(x̃t+s) ds

}]

(IA.47)

where x̃ follows the risk-adjusted process:

dx̃t =
(

− log(ϕ)(µx0 − x̃t) + A(x̃t)
)

dt+ σxt(x̃t) dWxt (IA.48)

This expectation is computed via Monte Carlo simulation.
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IA.J.7 Risk-neutral yield and term premium

Setting A ≡ 0 gives the risk-neutral bond price:

H(m, xt) = Et

[

exp

{

−
∫ m

0

r(xt+s) ds

}]

(IA.49)

The term premium of maturity m is:

TP (xt,m) =
− logQ(xt,m)− (− logH(xt,m))

m
(IA.50)

IA.J.8 Perturbation approximation for K (recursive utility)

In the RU case, K(xt) is the solution of the following ordinary differential equation

(ODE), obtained by substituting the value function into the Hamilton–Jacobi–

Bellman equation with ψ = 1/(1− ϵ):

− 1
2
γσ2

ct +
1
2
σ2
xt

(
K ′′(xt)− (γ − 1)K ′(xt)

2
)
− log(ϕ)(µx0 − xt)K

′(xt)

+
ρ(e−ϵK(xt) − 1)

ϵ
+ µct = 0 (IA.51)

For ψ = 1 (i.e. ϵ = 0) this ODE has an analytic solution K0(xt). Expanding K

in powers of ϵ:

K(xt; ϵ) = K0(xt) + ϵK1(xt) + ϵ2K2(xt) + · · · (IA.52)
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and substituting into (IA.51), each Kn is a polynomial in xt of degree n+ 1:

K0(xt) = a0,0 + a0,1xt

K1(xt) = a1,0 + a1,1xt + a1,2x
2
t

K2(xt) = a2,0 + a2,1xt + a2,2x
2
t + a2,3x

3
t

... (IA.53)

The coefficients am,n are determined by matching powers of xmt ϵ
n to zero, yielding

a sequence of linear equations that can be solved successively. This provides a

global approximation in the state variable for a wide range of IES values. The

approach extends Tsai and Wachter 2018, who derived only the zeroth-order term

K0; higher-order terms enable accurate approximations well away from ψ = 1.39

IA.K Model Variations: Yields and Term Premia

This section presents yield and term premium results for all 37 model variations.

Each figure has four panels, with the respective state variable on the x-axis. The

top-left panel shows the instantaneous rate, the five-year yield, and the five-year

risk-neutral yield. The top-right panel shows the decomposition of the five-to-ten-

year forward rate into the full yield, the risk-neutral yield, and the term premium.

The bottom-left panel shows the instantaneous, five-year, and ten-year yields. The

bottom-right panel shows the term premia for three-, five-, and ten-year bonds.

The solid vertical line marks the ergodic median; dashed vertical lines show the

10th-percentile minimum and 90th-percentile maximum over 12-year simulations,

so that 90% of simulated paths lie within the boundaries.

39One limitation is that σ2
xt and σ2

ct must be at most linear in xt, so unlike in the TSU
case where σct ∝ xt, the RU case requires σct ∝

√
xt, somewhat restricting the variability of

consumption volatility.
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IA.K.1 Model index

Abbreviations used: time-varying (TV), consumption drift (CD), consumption

volatility (CV), time-separable utility (TSU), recursive utility (RU), intertemporal

elasticity of substitution (IES).
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Model Variation Description Abbreviation Reference

Time-separable utility (TSU)

TV CD with TSU. TSU-CD Figure IA.5

TV CD with TSU and high risk aversion. TSU-CD-HRA Figure IA.6

TV CD with TSU and low persistence. TSU-CD-LP Figure IA.7

TV CD with TSU and high correlation ρcx. TSU-CD-HCor Figure IA.8

TV CD with TSU and high impatience. TSU-CD-HImp Figure IA.9

TV and high CD with TSU. TSU-HCD Figure IA.10

TV CD with TSU and high CV. TSU-CD-HCV Figure IA.11

TV CV with TSU. TSU-CV Figure IA.12

TV CV with TSU and high risk aversion. TSU-CV-HRA Figure IA.13

TV CV with TSU and high CD. TSU-CV-HCD Figure IA.14

TV and HCV with TSU and positive ρcx. TSU-HCV Figure IA.15

TV and HCV with TSU and negative ρcx. TSU-HCV-NCor Figure IA.16

Both TV CD and CV, rate decreasing in CV and

ρcx positive.

TSU-Arb-DP Figure IA.17

Both TV CD and CV, rate increasing in CV and

ρcx negative.

TSU-Arb-IN Figure IA.18

Both TV CD and CV, rate decreasing in CV and

ρcx negative.

TSU-Arb-DN Figure IA.19

Both TV CD and CV, rate increasing in CV and

ρcx positive.

TSU-Arb-IP Figure IA.20

TV external habit with TSU. TSU-Habit Figure IA.21

TV external habit with TSU and low b. TSU-Habit-Low.b Figure IA.22

TV external habit with TSU and b < 0. TSU-Habit-Neg.b Figure IA.23

TV external habit with TSU and constant state

volatility.

TSU-Habit-CSV Figure IA.24

Table IA.19: Index of model variations (Part I: time-separable utility).
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Model Variation Description Abbreviation Reference

Recursive utility (RU)

TV CD with RU. RU-CD Figure IA.25

TV CD with RU and high risk aversion. RU-CD-HRA Figure IA.26

TV CD with RU and high IES. RU-CD-HIES Figure IA.27

TV CD with RU and low IES. RU-CD-LIES Figure IA.28

TV CD with RU and high ρcx. RU-CD-HCor Figure IA.29

TV CD with RU and negative ρcx. RU-CD-NCor Figure IA.30

TV and high CD with RU. RU-HCD Figure IA.31

TV CD with RU and high CV. RU-CD-HCV Figure IA.32

TV and heteroskedastic CD with RU and ρcx

positive.

RU-CD-Heterosk-

PCor

Figure IA.33

TV and heteroskedastic CD with RU and ρcx

negative.

RU-CD-Heterosk-

NCor

Figure IA.34

TV CV with RU. RU-CV Figure IA.35

TV CV with RU and high risk aversion. RU-CV-HRA Figure IA.36

TV CV with RU and high persistence. RU-CV-HP Figure IA.37

TV CV with RU and high IES. RU-CV-HIES Figure IA.38

TV CV with RU and low IES. RU-CV-LIES Figure IA.39

TV and HCV with RU and ρcx positive. RU-HCV-PCor Figure IA.40

TV and HCV with RU and ρcx negative. RU-HCV-NCor Figure IA.41

Table IA.20: Index of model variations (Part II: recursive utility).
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IA.K.2 TSU-CD (baseline calibration used in main article)

Figure IA.5: Time-varying CD with TSU. Top-left: instantaneous rate, 5-year yield,

and 5-year risk-neutral yield as functions of consumption drift (or the respective

state variable in other figures). Top-right: 5–10-year forward real yield decomposed

into full yield, risk-neutral yield, and term premium. Bottom-left: instantaneous,

5-year, and 10-year yields. Bottom-right: term premia for 3-, 5-, and 10-year bonds.

The solid vertical line marks the ergodic median; dashed vertical lines show the

10th-percentile minimum and 90th-percentile maximum over 12-year simulations.
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IA.K.3 TSU-CD-HRA, γ = 8

Term premia are slightly larger but remain negative and constant with respect to

the state variable.

Figure IA.6: Time-varying CD with TSU and higher risk aversion. See Figure IA.5

for plot details.
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IA.K.4 TSU-CD-LP, ϕ = 0.8

Term premia are unchanged. There is larger separation between yields, consistent

with the expectation mechanism.

Figure IA.7: Time-varying CD with TSU and low persistence. See Figure IA.5 for

plot details.
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IA.K.5 TSU-CD-HCor, ρcx = 1

Term premia are larger in absolute value.

Figure IA.8: Time-varying CD with TSU and high correlation ρcx. See Figure IA.5

for plot details.
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IA.K.6 TSU-CD-HImp, ρ = 0.05

Yields shift higher without any change in term premia.

Figure IA.9: Time-varying CD with TSU and high impatience. See Figure IA.5

for plot details.
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IA.K.7 TSU-HCD, µc0 = 0.06

Yields shift higher without any change in term premia.

Figure IA.10: Time-varying and high CD with TSU. See Figure IA.5 for plot

details.
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IA.K.8 TSU-CD-HCV, σct = 0.16

Yields shift down and term premia increase in absolute value but remain approxi-

mately constant.

Figure IA.11: Time-varying CD with TSU and high CV. See Figure IA.5 for plot

details.

88



IA.K.9 TSU-CV (baseline calibration used in main article)

Figure IA.12: Time-varying CV with TSU. See Figure IA.5 for plot details.
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IA.K.10 TSU-CV-HRA, γ = 8

Term premia increase in absolute value but not enough to turn positive, and yields

become very high.

Figure IA.13: Time-varying CV with TSU and high risk aversion. See Figure IA.5

for plot details.
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IA.K.11 TSU-CV-HCD, µc0 = 0.08

Term premia are unchanged but yields shift implausibly high.

Figure IA.14: Time-varying CV with TSU and high CD. See Figure IA.5 for plot

details.

91



IA.K.12 TSU-HCV (baseline calibration used in main ar-

ticle)

Figure IA.15: Time-varying and HCV with TSU and positive ρcx. See Figure IA.5

for plot details.
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IA.K.13 TSU-HCV-NCor, ρcx < 0

Figure IA.16: Time-varying HCV with TSU and negative ρcx. See Figure IA.5 for

plot details.
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IA.K.14 Arb-DP (baseline calibration used in main article)

Figure IA.17: Both time-varying CD and CV with TSU, short-term rate decreasing

in CV and positive ρcx. See Figure IA.5 for plot details.
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IA.K.15 Arb-IN (baseline calibration used in main article)

Figure IA.18: Both time-varying CD and CV with TSU, short-term rate increasing

in CV and negative ρcx. See Figure IA.5 for plot details.
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IA.K.16 Arb-DN

Figure IA.19: Both time-varying CD and CV with TSU, short-term rate decreasing

in CV and negative ρcx. See Figure IA.5 for plot details.
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IA.K.17 Arb-IP

Figure IA.20: Both time-varying CD and CV with TSU, short-term rate increasing

in CV and positive ρcx. See Figure IA.5 for plot details.
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IA.K.18 TSU-Habit (baseline calibration used in main ar-

ticle)

Figure IA.21: Time-varying external habit with TSU. See Figure IA.5 for plot

details.
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IA.K.19 TSU-Habit-Low.b, b = 0.033

Term premia are unchanged but yields become flatter.

Figure IA.22: Time-varying external habit with TSU and low b. See Figure IA.5

for plot details.
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IA.K.20 TSU-Habit-Neg.b, b = −0.033

The short-term rate is now procyclical and term premia are negative.

Figure IA.23: Time-varying external habit with TSU and b < 0. See Figure IA.5

for plot details.
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IA.K.21 TSU-Habit-CSV, σxt = λ(0)σc0

Term premia become constant, since consumption volatility is constant in the habit

model and state-variable heteroskedasticity is the only remaining source of time

variation.

Figure IA.24: Time-varying external habit with TSU and constant state variable

volatility. See Figure IA.5 for plot details.
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IA.K.22 RU-CD (baseline calibration used in main article)

Figure IA.25: Time-varying CD with RU. See Figure IA.5 for plot details.
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IA.K.23 RU-CD-HRA, γ = 6

Term premia remain constant and negative but become significantly larger in

absolute value. This suggests that time-varying risk aversion would produce

time-varying term premia — a mechanism similar to the habit model.

Figure IA.26: Time-varying CD with RU and high risk aversion. See Figure IA.5

for plot details.
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IA.K.24 RU-CD-HIES, ψ = 1.43

Term premia do not change significantly. The range of the short rate increases.

Figure IA.27: Time-varying CD with RU and high IES. See Figure IA.5 for plot

details.
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IA.K.25 RU-CD-LIES, ψ = 0.83

Term premia do not change significantly. Curiously the range of the short rate

increases again.

Figure IA.28: Time-varying CD with RU and low IES. See Figure IA.5 for plot

details.
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IA.K.26 RU-CD-HCor, ρcx = 1

Term premia increase in absolute value but do not double in size as the correlation

parameter does.

Figure IA.29: Time-varying CD with RU and high ρcx. See Figure IA.5 for plot

details.
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IA.K.27 RU-CD-NCor, ρcx < 0

Term premia increase but remain negative, as the dominant term in A does not

involve ρcx.

Figure IA.30: Time-varying CD with RU and negative ρcx. See Figure IA.5 for

plot details.
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IA.K.28 RU-HCD, µx0 = 0.05

Term premia are unchanged; yields increase.

Figure IA.31: Time-varying and high CD with RU. See Figure IA.5 for plot details.

108



IA.K.29 RU-CD-HCV, σct = 0.08

Term premia are unchanged; yields decrease.

Figure IA.32: Time-varying CD with RU and high CV. See Figure IA.5 for plot

details.
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IA.K.30 RU-CD-Heterosk-PCor

When the state variable is heteroskedastic, term premia become time-varying.

They remain negative here.

Figure IA.33: Time-varying and heteroskedastic CD with RU and positive ρcx. See

Figure IA.5 for plot details.
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IA.K.31 RU-CD-Heterosk-NCor

Despite the sign change in ρcx, term premia remain negative because the dominant

component of A does not contain ρcx.

Figure IA.34: Time-varying and heteroskedastic CD with RU and negative ρcx.

See Figure IA.5 for plot details.
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IA.K.32 RU-CV (baseline calibration used in main article)

Figure IA.35: Time-varying CV with RU. See Figure IA.5 for plot details.
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IA.K.33 RU-CV-HRA, γ = 6

Term premia have hardly moved.

Figure IA.36: Time-varying CV with RU and high risk aversion. See Figure IA.5

for plot details.
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IA.K.34 RU-CV-HP, ϕ = 0.96

Term premia have hardly moved; yields become slightly more variable.

Figure IA.37: Time-varying CV with RU and high persistence. See Figure IA.5 for

plot details.
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IA.K.35 RU-CV-HIES, ψ = 1.43

Term premia have hardly moved; yields become slightly more variable.

Figure IA.38: Time-varying CV with RU and high IES. See Figure IA.5 for plot

details.
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IA.K.36 RU-CV-LIES, ψ = 0.77

Term premia have hardly moved; yields become slightly more variable.

Figure IA.39: Time-varying CV with RU and low IES. See Figure IA.5 for plot

details.
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IA.K.37 RU-HCV-PCor, σc0 = 0.14, ρcx = 0.5

Term premia are positive: the first component of A (containing ρcx) dominates due

to the increase in consumption volatility. Nevertheless, term premia are smaller

than in the corresponding TSU case because the second component of A remains

negative.

Figure IA.40: Time-varying HCV with RU and positive ρcx. See Figure IA.5 for

plot details.

117



IA.K.38 RU-HCV-NCor, σc0 = 0.14, ρcx = −0.5

Both components of A are negative, so term premia are negative and larger in

absolute value than in RU-CV.

Figure IA.41: Time-varying HCV with RU and negative ρcx. See Figure IA.5 for

plot details.
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