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Abstract

We model how investor learning about monetary-policy transmission impacts asset prices.
In an asset-pricing model, investors learn from realized inflation surprises how effectively
monetary policy steers future inflation. Downward revisions in perceived effectiveness
raise expected inflation persistence, increasing return volatility and risk premia. These
effects intensify when policy deviates significantly from neutral or monetary-transmission
uncertainty is high. We estimate the model using U.S. macro and policy data from 1954 to
2023. The resulting dynamics align with observed patterns in equity returns and volatility.
Empirical tests support the model’s core prediction: investor learning turns central-bank
credibility into a priced risk factor.
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1 Introduction

This paper builds an asset-pricing model in which investors learn how effectively interest-rate
moves pass through to inflation. We show that uncertainty about this monetary-transmission
channel—and the investor learning that follows—drives equity risk premia and stock market
volatility.

Supply-chain disruptions, geopolitical tensions, and trade frictions have clouded the inflation
outlook—making the task of central banks more uncertain. We model this uncertainty by
treating the effectiveness of monetary-policy transmission as a hidden coefficient. Although this
coefficient is central to how policy affects inflation, it is still poorly understood (Cochrane, 2024),
and its asset-pricing implications remain largely unexplored. Our approach starts from a simple
premise: financial markets observe inflation and policy in real time and update their beliefs
about how policy shapes inflation. These shifting beliefs can alter perceptions of central-bank
credibility and feed back into asset prices.

We formalize learning about monetary policy in an asset-pricing framework. A hidden
transmission coefficient measures how effectively the policy stance (the gap between the nominal
rate and its neutral level) passes through to future inflation. Investors learn about this coefficient
by observing policy moves and realized inflation. This creates a belief-driven loop: realized
inflation affects policy; investors update their views; and those shifting views feed back into
expectations, the economy, and asset prices.

Our model’s key result is that monetary policy is riskiest at its extremes: learning about
transmission effectiveness creates a U-shaped relationship between risk and the policy stance.
When policy moves away from neutral, investors demand higher compensation for inflation risk.
Inflation risk is priced because positive inflation surprises lower expected consumption growth—
consistent with the “bad news” channel in Piazzesi and Schneider (2006). Crucially, learning
amplifies the pricing of inflation risk in two ways. First, when investors believe transmission is
weak, inflation appears more persistent, raising long-run risk and strengthening the “bad news”
channel. Second, as policy moves away from neutral, learning itself creates risk by making

investor beliefs more sensitive to inflation news.



These learning dynamics yield three implications for asset prices. First, both volatility and
the equity risk premium follow a U-shaped pattern with the size of the policy stance, whether
accommodative or restrictive. Second, weaker perceived transmission amplifies return volatility
and risk premia by making inflation appear more persistent. Third, volatility and risk premia
rise further when monetary-transmission uncertainty is high. Together, these patterns imply
that central-bank credibility is itself a priced risk factor.

The core results of the paper follow directly from the model’s learning dynamics. Without
investor learning about policy transmission—or without uncertainty in that process—the U-
shaped patterns in volatility and risk premia would not occur. The model’s learning process
mirrors recent empirical evidence that perceptions of monetary policy evolve systematically
across policy cycles (Bauer, Pflueger, and Sunderam, 2024). In particular, inflation surprises
trigger asymmetric belief updates: under restrictive policy, positive surprises lower perceived
effectiveness; under accommodative policy, they raise it. These belief updates feed back into
expectations and asset prices, making learning itself a source of endogenous risk.

To isolate these learning-driven effects, we work within a monetary-learning economy—an
asset-pricing framework in which investors face uncertainty and learn how policy moves pass
through to future inflation. The model contains a reduced-form “monetary block” where
policy follows a Taylor rule responding to inflation and to the output gap, a well-established
asset-pricing predictor (Cooper and Priestley, 2009). This structure isolates the effects of
investor learning about monetary-policy transmission, produces belief dynamics consistent with
observed policy perceptions, and remains tractable for deriving equilibrium asset prices and
generating testable predictions.

We estimate the model’s parameters via maximum likelihood using U.S. macroeconomic
data (real GDP, the Federal funds rate, inflation, and the output gap) from 1954 to 2023.
Notably, the estimation does not use asset price data. Yet the model matches key asset-pricing
moments well, including an average real interest rate of about 1%, an average nominal rate of
4.4%, a market risk premium of 5.7%, and a return volatility of 11.8%.

We test the model’s predictions using model-implied outcomes, asset-market data, and

model-free proxies. We construct time series for the equity risk premium, return volatility, the



price-dividend ratio, the real interest rate, and expected output growth, and examine how they
move with inflation, the output gap, perceived policy transmission effectiveness, and the policy
stance. The results confirm the model’s core predictions. In both the model and the data, the
equity risk premium and return volatility decline with perceived transmission effectiveness and
rise with the squared policy stance, consistent with the model’s U-shaped prediction. These
effects are economically sizable and statistically significant. The data also reveal asymmetric
responses to inflation surprises under tight policy, in line with the model’s learning process.
Predictive regressions show that perceived transmission effectiveness and the squared policy
stance forecast future excess returns. Together, these results support the view that investor
learning about monetary-policy transmission shapes risk and return in asset markets.

Our analysis relates to several lines of research on belief formation, monetary policy, and
asset pricing. A number of studies have examined how belief formation around monetary
policy shapes macroeconomic outcomes. Orphanides and Williams (2004, 2007) analyze how
learning (by both private agents and policymakers) about hidden policy parameters forces
central banks to adjust their rules to maintain stability. Cogley, Matthes, and Sbordone (2015)
show that as agents gradually infer the Fed’s reaction-function parameters, the economy’s
policy response shifts and reshapes policymakers’ trade-offs—and that learning can amplify
inflation persistence. Sargent (1982, 1999) document that shifts in central-bank credibility
produce abrupt re-anchoring of inflation expectations and large real economic adjustments.!
We extend these insights by shifting the focus from policy design to asset pricing. In our model,
investors’ evolving beliefs about monetary transmission drive volatility and equity risk premia.
The mechanism echoes the persistence channel in Cogley et al. (2015), but works through
perceived inflation risk and its pricing, not through output or policy design.

Our work contributes to the literature on asset pricing under uncertainty and learning (e.g.,
Veronesi, 1999; Xiong and Yan, 2010), on monetary-policy perceptions and macro-finance (e.g.,

Piazzesi and Schneider, 2006; Pflueger and Rinaldi, 2022; Cieslak and Povala, 2016; Bauer

! Additional related literature includes research on asset pricing in environments with stochastic and regime-
dependent inflation dynamics (e.g., Bansal and Shaliastovich, 2013; Gallmeyer, Hollifield, Palomino, and Zin,
2007; Gil de Rubio Cruz, Osambela, Palazzo, Palomino, and Suarez, 2022; Bonelli, Palazzo, and Yamarthy,
2024), as well as models of expectation formation with information frictions (e.g., Coibion and Gorodnichenko,
2012, 2015).



et al., 2024; Ghaderi, Seo, and Shaliastovich, 2024), as well as on inflation-news processing and
investor attention (Kroner, 2025). We extend this research by endogenizing perceived policy
credibility: investors learn about monetary-policy transmission over time by observing inflation
and interest-rate data. This belief-updating process creates a feedback loop between inflation
surprises, perceived transmission effectiveness, and asset prices. The result is a new mechanism
linking risk premia and volatility to central-bank credibility, and capturing how monetary-policy
perceptions evolve. Our model’s U-shaped asset-pricing implications align with recent findings
from Ghaderi et al. (2024), who find that investors prefer moderate inflation and view both low
and high inflation as risky.

The rest of the paper proceeds as follows. Section 2 introduces the monetary-learning
economy. Section 3 estimates the model and evaluates its fit. Section 4 derives asset-pricing

implications and presents empirical evidence. Section 5 concludes.

2 Economic Environment

We study asset pricing in a continuous-time, infinite-horizon economy with a representative
investor. Our goal is to examine how equilibrium asset prices respond to investor learning about
monetary-policy transmission. Instead of building a full New-Keynesian model with price and
wage frictions, we use a reduced-form monetary-learning economy: we directly model stochastic
processes for the output gap, inflation, and the interest-rate rule—our “monetary block”™—and

treat them as exogenous drivers of asset prices.

2.1 Monetary Block

The monetary block consists of three exogenous state variables—output gap y,, inflation 7,
and the (hidden) monetary-transmission coefficient a;. The nominal rate ry; is determined
endogenously by a Taylor-type rule (Taylor, 1993) in response to y; and ;.

The output gap measures the deviation of actual output from potential output. We include
the output gap as a state variable due to its documented relevance for asset pricing (Cooper

and Priestley, 2009). We assume the output gap is exogenous to focus solely on the investors’



learning mechanism. The output gap follows a mean-reverting process:

dyt = —Ayytdt + O'ydB%t. (].)

Here, A, > 0 is the constant speed of mean reversion towards zero, o, > 0 is the constant
instantaneous volatility, and B, ; denotes a standard one-dimensional Brownian motion.
Monetary policy follows a Taylor rule, with the nominal rate responding to current inflation

m; and the output gap y;:

g =Tn + Be(m — T) + Byyi. (2)

Here, ry; adjusts around its neutral level 7. The coefficient 5, > 0 governs the response to
inflation deviations from the target 7, and 3, > 0 governs the response to the output gap.

We define the policy stance as the gap between the nominal rate and its neutral level:

¢t = 7°N7t — 7:N (3)

It is positive when policy is restrictive, negative when accommodative, and zero when neutral.
The stance ¢; is the key channel through which policy affects inflation.

The third element of the monetary block is inflation, which follows:

dm = )\,T(7r;4 — my)dt + 0,dBy 4, (4)

where \; > 0 is the mean-reversion rate to the (time-varying) anchor 7, o > 0 is the constant
inflation volatility, and B is a standard Brownian motion independent of By,t.Q

The key innovation is that the long-run anchor adjusts with policy:

7TZ4 =7 — at(bt, (5)

where 7 is the central bank’s target and a; is the time-varying transmission effectiveness
measuring how strongly policy shifts the anchor toward which inflation mean-reverts.
A large |a;| means policy transmits more forcefully into expected inflation; a small |a]

means policy has little influence. When a; > 0, a restrictive stance (¢; > 0) pulls the anchor

2This specification for inflation dynamics can be derived from a standard New-Keynesian Phillips curve
combined with the Taylor rule. The transmission coefficient a; emerges naturally as the parameter governing
how policy-rate deviations affect the long-run inflation anchor 77*. See Appendix A for details.



7 below the target T by a,¢;; an easing stance (¢, < 0) pushes it above. A negative a, implies
counterproductive effects—e.g., tightening that raises the inflation anchor rather than lowering
it. Importantly, while the inflation shocks dB,; are exogenous, the future path of inflation is
shaped endogenously by policy ¢; and its transmission effectiveness a;.

The central assumption of our model is that the transmission effectiveness coefficient a,
is unobservable. The representative investor in this economy fully understands the structure
described in (1)—(5), but never observes the true value of a; in real time. Instead, the investor
infers a; from the history of realized inflation and nominal interest rates, {ms, 7y s}s<¢. This
learning process is motivated by empirical evidence (e.g., Bauer et al., 2024), showing that
market participants systematically revise their perceptions about monetary policy in response
to observed macroeconomic outcomes and policy actions.

To allow for shifts in transmission effectiveness—whether from structural changes in the

economy or shifts in the policy regime—we model a; as a stochastic, mean-reverting process:

dat = —/\aatdt + O'QdBa’t, (6)

where A, > 0 is the speed of mean reversion, o, > 0 its volatility, and B,; a Brownian motion
independent of B, ; and By .

Together, (1)—(6) define our reduced-form monetary block. We treat these processes as
exogenous inputs in the asset-pricing analysis. What evolves endogenously is the investor’s

expectation of future inflation, shaped by learning about policy transmission.

2.2 Investor Learning about Monetary-Policy Transmission

Since the transmission coefficient a; in (6) is unobservable, the investor infers it from the history

of realized inflation and nominal rates, F""™ = {7, n s }s<t- Let @; := E[a; | ;"] denote the

posterior mean, and v, := E[(a; — @;)* | F{""™] the posterior variance. The posterior mean
a;—the investor’s perceived transmission effectiveness—captures the investor’s belief about
policy’s effect on inflation. The variance v,, measures uncertainty in that belief; we refer to it
as monetary-transmission uncertainty.

Invoking the Kalman-Bucy filter in a linear-Gaussian setting (Liptser and Shiryaev, 2001),



the investor’s posterior mean and variance evolve as

day = — Mgt — 20 gB (7)

Ox

2
AVay = (02 — 2\l — <¢“\’TV‘”> }dt. (8)

Here, ¢y = ry; — T is the policy stance defined in (3), and the innovation

D )\ﬂ' ~
dBﬂ,t = dBﬂ',t + ;(at — at)gbtdt (9)

™

"N capturing inflation surprises against the investor’s forecast.

is a Brownian motion under F;'
Equation (7) shows that inflation surprises push a; away from its mean-reverting path, with
updates scaled by the policy stance ¢; and uncertainty v,;. Equation (8) is a deterministic

Riccati equation that governs the evolution of monetary-transmission uncertainty, v, ;.

From the investor’s perspective, inflation evolves according to:

dm, = Ae (R = m)dt + 02d By, (10)

where the perceived long-term inflation drift is

A =T — Gy (11)

This drift, shaped by the investor’s belief a; and the policy stance ¢;, drives inflation expectations.
A higher a, implies stronger perceived transmission and greater central-bank credibility; a lower
a; signals weaker transmission and eroding credibility.

The learning rule (7) implies that investors interpret inflation news differently depending on
the policy stance. A positive inflation surprise (déﬂ,t > 0) lowers a; when policy is restrictive
(¢4 > 0), but raises it when policy is accommodative (¢; < 0). This asymmetric updating aligns
with recent empirical evidence from Bauer et al. (2024), who show that perceptions of monetary
policy vary systematically over the policy cycle, with different interpretations of policy actions
across tightening and easing phases.

Investor learning amplifies the impact of inflation news. From (7), the size of the belief

update da; in response to a surprise df)’m scales with the product ¢.v,;. When policy is far



from neutral (|¢;| large) and uncertainty v,, is high, beliefs respond more sharply to news.

2.3 Investor Preferences and Consumption Growth

We embed the investor’s learning process into an equilibrium asset-pricing model to study
its implications for asset prices. The representative investor has Kreps-Porteus preferences
(Epstein and Zin, 1989; Weil, 1990), characterized by a subjective discount rate p > 0, relative
risk aversion v > 0, and elasticity of intertemporal substitution ¥ > 0. Following Duffie and

Epstein (1992), the investor’s indirect utility J; satisfies
J, = E, U w(c. Js)ds}, (12)
t

where C is investor’s consumption at time s and

o1 1 —
MEJT) =5 —p1/¢ ([(1 —ye - W)’ b= 1—1/7¢ (13)

The restrictions v > 1/1 (preference for early resolution of uncertainty) and ¢ > 1 are both
necessary to generate long-run risk effects in asset prices (Bansal and Yaron, 2004). Finally,
goods-market clearing implies C; = ¢§;, where ¢, is the aggregate output.

Aggregate output d; evolves as

do
(572& = [L(S’tdt + UgdB(s,t, (14)
t

where o5 > 0 is the constant consumption-growth volatility, and B;; is a standard Brownian
motion independent of the monetary-block shocks (By+, Brt, Bayt)-

Unlike in a standard pure-exchange economy with exogenous ji5,, our monetary-learning
model determines j;5, endogenously to ensure equilibrium consistency.> The mechanism is as
follows: the Taylor rule (2) sets the nominal interest rate based on y; and 7;; this nominal

rate—via the Fisher equation—must align with the real rate implied by the consumption Euler

3Models in the long-run risk literature (Bansal and Yaron, 2004) typically treat expected consumption growth
(16,¢) as an exogenous, persistent process. In contrast, we endogenize y;, through equilibrium. This parallels
Campbell and Cochrane (1999), who take consumption growth as exogenous but specify the surplus-consumption
ratio’s dynamics to satisfy equilibrium conditions. It allows us to capture how monetary policy and learning
shape expectations of future growth.



equation, which in equilibrium implies:*

1+ 1—46
rp=p tit A g 18 o). (15)

v 20 07 2

Here, o3y, is the variance of returns on total wealth (claim to aggregate consumption) and is

itself endogenous. The first two terms capture discounting and intertemporal substitution; the

last two capture precautionary saving motives driven by consumption and wealth risk.
Substituting the Fisher equation, rg; = ry; — 7, into the equilibrium condition (15) yields

the equilibrium expected consumption growth rate:

7(1"‘1@ 2 1-6 , 2

Hs.t Iw(m,t—m—p) "’T% + 9 (UW,t_Ué)' (16)
%iilr-lgaeﬁe Wealth-risk
channel

Expected consumption growth ps, adjusts endogenously through two channels. First, the
real-rate channel captures intertemporal substitution: changes in real rates shift the trade-off
between current and future consumption, steepening or flattening the expected path. Second,
the wealth-risk channel reflects precautionary saving: shifts in aggregate-wealth risk (a?,ut)
alter saving motives and tilt the path accordingly. These channels embed monetary policy and
uncertainty directly into ;4.

Elaborating on the real-rate channel, a positive output gap raises the nominal rate via the
Taylor rule, which lifts the real rate and shifts consumption toward the future—steepening
the expected path. Conversely, when inflation rises and (3, < 1 (as confirmed in Section 3,
Table 3), the central bank offsets inflation only partially, the real rate falls, and saving is
discouraged—flattening the expected path.®

Turning to the wealth-risk channel, when the variance of total-wealth returns O’%Mt rises,

precautionary motives strengthen and push up ps,.° That is, greater uncertainty steepens the

4Derived from the Euler equation and market clearing. See Appendix B.

SWhile a lower real rate is often viewed as short-run stimulus (Bernanke and Kuttner, 2005), in our long-run
risk framework the key fact is that surprise inflation predicts lower future consumption growth—and hence
higher marginal utility (Piazzesi and Schneider, 2006). Any mechanism that induces this “bad-news” sign
suffices for our asset-pricing results.

6The final term in (16) corresponds to what Gali (2015, Ch. 3) calls a “discount-rate shock”, which in
standard monetary models enters as an exogenous preference shifter. Here, this shock is endogenous—driven by
the excess variance U%Mt — 02. This channel vanishes under CRRA preferences (i.e., when 6 = 1).



expected consumption path.

In sum, equation (16) pins down the unique expected consumption-growth rate consistent
with the monetary-policy stance and investor beliefs. By embedding a monetary block in an
endowment economy, the model endogenizes p;,: nominal policy, perceived transmission effec-
tiveness, and transmission uncertainty jointly shape the expected consumption path. Monetary

policy and beliefs about its effectiveness thus have real, nonneutral effects in equilibrium.

2.4 State-Price Density and Market Prices of Risk

The central link between the real economy and financial markets is the state-price density &;.

Following Duffie and Epstein (1992), it is given by

¢ = exp[/ot h(C., Js)ds] he (G, Jb), (17)

where hy(-) and he(-) are the partial derivatives of the aggregator A(-) in (13) with respect to
J and C.
We adopt the value function proposed by Benzoni, Collin-Dufresne, and Goldstein (2011):

cr 0
J(Coa) = 7 |pe'™] (18)
where I(x;) is the log wealth-consumption ratio and x; := [m; y; G; Ve, is the state vector.

The log wealth-consumption ratio I(x;) depends on the state vector z; because the four
state variables {7, y;, G, V4. } shape the investor’s views of future consumption. Inflation m;
and the output gap y; determine the real interest rate, anchoring the drift of consumption
growth via (16). The perceived effectiveness of policy transmission a; affects the persistence of
inflation shocks, while its posterior variance v, captures the investor’s uncertainty about that
persistence. Since wealth is the value of a claim to the future consumption stream, I(x;) must
vary with all four state variables that shape that stream.

Applying It6’s lemma to the SDF yields its dynamics, which reveal the real risk-free rate

10



rr: and the market prices of risk my:

dé,

5 = —TR7tdt — m:dét (19)
t

The drift term corresponds to the negative of the real risk-free rate rr,, as derived from the
consumption Euler equation in (15). The diffusion term identifies the vector of market prices of
risk m; for the shocks perceived by the investor.

The relevant shocks are innovations to consumption growth (dBs,), inflation (dB,,), and

the output gap (dB,;), which form the risk vector B, = [Bs.t Emt B,:]". The corresponding

market prices of risk my = [ms; my, m,,|" are:”
mst = Y0s, (20)
My = (1 6) (awf,r - *g’;t@fg), (21)
my = (1 —0)o, 1, (22)
where I, := 01/0z is the partial derivative of the log wealth-consumption ratio I(z;) with

respect to z € {m,a,y}, and ¢, is the monetary policy stance from (3).

The market price of consumption risk, ms, = 7o, reflects standard compensation for
fluctuations in aggregate consumption, scaled by risk aversion 7. More importantly, in our
monetary-learning model, the prices of inflation and output gap risk (m. and m, ;) are nonzero.
These arise because the monetary block (1)—(6), together with investor beliefs (7)—(8), jointly
shape real outcomes and asset prices. Both m,, and m,, are scaled by (1 — @), linking the
pricing of inflation shocks (d-éﬂ’,t) and output gap shocks (dB,;) to Epstein-Zin preferences
(0 # 1), where the timing of uncertainty resolution matters—as in long-run risk models (Bansal
and Yaron, 2004).

Inflation and output gap shocks affect real outcomes and thus marginal utility, making them
priced sources of risk (m.; # 0 and m,, # 0). Inflation shocks move the real interest rate
(rne— m), altering the expected path of consumption growth ps, in (16); they also affect beliefs

about monetary-policy transmission via (7). These two effects give rise to the I, and I terms

"See Appendix C for the full derivation. The unobserved Brownian motion B, ;, which drives a;, does not
enter the investor’s pricing kernel because it is filtered into the observed inflation surprise process By ;.
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n (21). Consistent with the “bad news” channel of Piazzesi and Schneider (2006)—in which
unexpected inflation signals weaker future consumption growth—we expect m,, < 0.8 This
implies positive covariance between inflation shocks and marginal utility. Assets that hedge
inflation—by performing well when inflation rises unexpectedly—provide insurance and earn
negative risk premia; those that perform poorly when inflation rises unexpectedly are risky and
require positive compensation.

Output gap shocks act through the same real-rate channel in (16). A positive shock lifts
the real rate via the Taylor rule, steepening expected consumption growth. This raises the
wealth-consumption ratio, so I, > 0, and hence m,,; > 0 in (22). These shocks are negatively
correlated with marginal utility. Assets that gain when the gap increases are risky and earn a

positive premium.

2.5 Stock Market Volatility and Equity Risk Premium

We model the aggregate equity claim with a real dividend process D;, following the long-run risk
literature (Bansal and Yaron, 2004). This setup captures two key features: dividends are more

volatile and more procyclical than consumption. The instantaneous growth rate of dividends is:

dD,

5= {(1 — a)jis + oz,u(;,t} dt +opdBp, (23)
¢

where p;, is the endogenous expected consumption growth rate from (16), and fis := E[ps,]
is its unconditional mean. The parameter o governs how strongly dividend growth responds
to changes in ps;—that is, its leverage (see, e.g., Abel, 1999). Dividend risk enters through
the term opdBp;, where op > 0 is calibrated to match aggregate dividend volatility, and Bp ¢
is a Brownian motion independent of all other shocks. This setup allows shocks to expected
consumption growth to drive fluctuations in dividend growth—amplified by a—while matching
long-run growth and volatility levels.

Since expected consumption growth p;, drives dividend growth and is itself shaped by the

monetary block and investor beliefs, the equilibrium log price-dividend ratio II(z;) depends on

8A full discussion of the signs conjectured here appears in Section 2.5. These signs, along with the partial
derivatives I, in (21)—(22), are computed by solving the PDE for the log wealth-consumption ratio I(x;) using
Chebyshev polynomial methods (Judd, 1998). See Appendix D for details.

12



Table 1: Market Prices of Risk and Quantities of Risk

Equilibrium expressions for my ¢, the market price of each Brownian risk entering the SDF (19), and sy ¢, the
corresponding quantity of risk in the asset’s diffusion (24).

Source of Risk Market Price of Risk my Quantity of Risk sy,

Consumption § v oy 0

Inflation 7 (1-— 9)(@]7T — ’\”O_—:‘” o4 ]3) fo i | A”o—:“ o 11~

Output gap y (1-0)o,1, o, 11,

Dividend D 0 oD
the state vector z; := [m; y; 4y z/ayt]T. Applying [t6’s lemma to the stock price S; = D,el@)
yields the following dynamics:®

dS‘Szt — (rm +RP, — g:) dt + $50dBss + $54dBry + 5,0dBys + sp:dBpy.  (24)

Here, RP; = >°p my ¢Sk is the equity risk premium, and s, is the diffusion loading of the stock
price on the k-th shock in [Bj; §ﬂ7t B, Bp,]". The loadings are:

/\wVa,t

Ss¢t = O, Spt = UﬂHﬂ— — ¢tH27 Sy,t = O'yHy, Spt = 0D, (25)

s

where II, := OI1/0z is the partial derivative of the log price-dividend ratio with respect to state
variable z € {m,y,a}.

Table 1 shows the two key inputs for asset pricing under each fundamental Brownian shock:
the market price of risk my;, which enters the SDF diffusion (19), and the quantity of risk sy .,
which enters the return diffusion (24). This side-by-side format lays out the core structure: si;
drives return volatility, while the interaction my sy determines the equity risk premium. The
analysis that follows rests on the signs of key partial derivatives—specifically I, and II, for
z € {m,y,a}. Table 2 summarizes the signs of these derivatives for quick reference; Appendix E

provides their economic interpretation, analytical approximations, and numerical confirmation.

9The derivation applies Itd’s lemma to S; = Dye™(**) | using the dynamics of D, (Eq. 23) and the state-
dependent function II(x;). No-arbitrage implies that the expected return E,[dRas ] = E¢[dS:/ S| + (Di/Sy)dt
must satisfy E.[dRar¢] — rg+dt = RPdt, where RPy =), my s+ See Appendix F for the full derivation.

13



Consider first consumption and output gap risks. Consumption risk is priced positively
(msy > 0) due to risk aversion (v > 0), but its quantity of risk is zero (ss; = 0) since consumption
shocks do not affect dividends or expected growth ps,. Output gap risk is also priced positively
(my > 0), assuming a preference for early resolution (1 — 6 > 0). A higher output gap raises
real rates via the Taylor rule and steepens the expected consumption path via (16), implying
I, > 0. This same mechanism boosts equity values, leading to s,; > 0 through II, > 0.

Next, consider inflation risk. A rise in inflation tends to lower the real interest rate (assuming
B < 1, as validated in Section 3), which flattens the expected consumption path and worsens
growth prospects. This leads to I, < 0 and IL; < 0. The effect reflects a “bad news” channel
(Piazzesi and Schneider, 2006), in which unexpected inflation signals weaker future growth.
As a result, both the market price of inflation risk (o,/,) and its return exposure (o,I1;) are
negative. Crucially, beliefs about policy transmission—summarized by a;,—amplify this channel:
when a, is low, inflation is seen as more persistent, increasing the negative valuation impact
and raising |[;| and |IL].

Finally, consider the effects that arise from learning about monetary-policy transmission,
captured by the terms involving v, and ¢; in m,; and s;;. These reflect how the sensitivity
of valuations to beliefs (I> and II:) interacts with the policy stance. When policy is restrictive
(¢, > 0), higher perceived effectiveness a; implies faster inflation control. Since inflation
depresses valuations (I, < 0, II; < 0), stronger control improves asset values, so I~ > 0 and
Il- > 0. In contrast, when policy is accommodative (¢; < 0), greater effectiveness means
stronger inflation pressure—which is bad news—implying I; < 0 and II; < 0. In both cases, I;
and II; take the same sign as ¢, so the products ¢, [5 and ¢,1l; are generally positive.

Substituting this insight into Table 1, we see that the learning terms, —%Qﬁt]@; in my,,

and —A”U—';‘”@Hg in s, are negative. This is because I and II; share the sign of ¢;,. Their
magnitudes increase with both transmission uncertainty (v,;) and the strength of the policy
stance (|¢¢|). This yields a key result: learning amplifies both the pricing and return exposure
to inflation risk. The effect is stronger when policy deviates from neutral (large |¢;|) and
monetary-transmission uncertainty is elevated (high v, ;).

Table 2 summarizes the signs of the key derivatives with respect to output gap, inflation,
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and transmission effectiveness, along with the underlying economic mechanisms that drive them

under different policy regimes.

Table 2: Key Derivative Signs

Derivative ¢ >0 ¢, <0 Economic Mechanism

Iy, 11, + + Higher output gap boosts growth and valuations.
I, 11, — — Higher inflation hurts growth and valuations.
Iy, 1T, + — Stronger transmission valuable in tightening, detrimental in easing.

2.5.1 Stock Market Volatility

Summing the squared quantities of risk from Table 1 yields the instantaneous variance of the
aggregate market return:

2,2
A‘rrl/a,t

o; =0 + 011 + 02112 — 20w D11y + 247, (26)

2
On

Market volatility reflects the joint effects of economic fundamentals, monetary policy, and
learning. It indirectly depends on perceived policy effectiveness (a;), which shapes 11, II,,, and
II-~, and on two other state variables that enter directly: transmission uncertainty (1) and the
policy stance (¢y).

Two key amplification channels emerge. First, lower a; raises the sensitivity of valuations to
inflation surprises—via larger |II;| and |II;|—and thus increases volatility. Second, higher v,
amplifies volatility through both the linear and quadratic terms in (26), with the latter scaling
¢?. These effects are strongest when policy is far from neutral and beliefs about transmission
are highly uncertain. Learning thus magnifies the impact of inflation shocks, especially in

uncertain and non-neutral policy environments.

2.5.2 Equity Risk Premium

We now turn to the equity risk premium, RP;, which reflects how the prices of risk (my)

interact with the quantities of risk (sj.). Formally, the premium is given by

RPt = Z M tSk,t- (27)
k
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Because consumption risk does not affect dividends (ss; = 0) and dividend shocks are unpriced

(mps = 0), the premium reflects only output-gap and inflation risk:

R,Pt = My 1Syt -+ Mz tSrt- (28)

Substituting the expressions from Table 1 yields:

RP; = (1 —0) (aiHny + UiH,TLT>

Monetary Block

(29)
ANiva 2
+ (1= Oy (1o 5 = T L )y + (1= 0) "2 T L7
Learning (Linear) Learning (Quadratic)

The premium has three components. The first, labeled Monetary Block, reflects compensation
for exposure to output gap and inflation shocks. With 1 — 6 > 0 and signs I,,II, > 0 and
I.,11, < 0 (Table 2), this term is strictly positive: equity is risky because it falls on inflation
surprises and rises on output gap expansions. The size of this component grows when perceived
transmission is weak: a low @, raises |I,;| and |II;|, amplifying the premium.

The second term, labeled Learning (Linear), captures how learning affects the price of risk
through its interaction with the policy stance (¢;) and uncertainty (v,:). It scales linearly with
both. The key object, —II, > — II~I, changes sign with ¢; because both I and II~ do (Table 2).
As a result, the full product (—HWIE — Halw)qbt is mostly positive. The linear term therefore
raises the premium, especially when policy deviates from neutral.

The third term, labeled Learning (Quadratic), also raises the premium. Since I; and II;

share the sign of ¢, their product II-I- is positive. The full term grows with ¢? and v2,, creating

aytr
a U-shaped effect: the premium rises as policy becomes more restrictive or accommodative.
This reflects added risk from belief updating: when policy is far from neutral and uncertainty
is high, inflation surprises trigger larger belief revisions, increasing risk and the compensation
investors demand.

In sum, the equity risk premium rises in three cases: (i) when perceived transmission

effectiveness @, is low, (ii) when policy deviates from neutral (¢; # 0), and (iii) when transmission

uncertainty v, is elevated. Markets thus price not just fundamentals, but also beliefs and
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uncertainty about monetary-policy transmission.

3 Parameter Estimation and Model Fit

We estimate the model’s parameters via maximum likelihood, using monthly U.S. data from
July 1954 to December 2023 on real GDP, the Federal funds rate, CPI, and the output gap.’
Real GDP comes from the NIPA tables; the remaining series are from the Federal Reserve Bank
of St. Louis (FRED).

Figure 1 plots annualized U.S. real GDP growth, the output gap, CPI inflation, and the
Federal funds rate from 1954 to 2023. The plots are segmented by vertical bands that delineate
the tenures of successive Federal Reserve Chairs. Inflation shows substantial volatility, peaking
in the mid-1970s (around 11%) and early 1980s (above 14%), followed by relative stability
until the 2021-2022 surge. The Federal funds rate mirrors these patterns, reaching 18% in the
early 1980s before trending downward, with near-zero levels in 2008-2015 and 2020-2021. High
inflation—especially during the 1970s and early 1980s stagflation—often coincided with slower
GDP growth. The GDP and output gap panels show cyclical behavior, with dips during the
1981-1982 recession, the 2008 financial crisis, and the 2020 COVID pandemic.

Table 3 reports the maximum likelihood estimates. We proxy log(di+a/6t), 7, yi, and 7y
using the log growth rate of real GDP, log CPI growth, the continuously compounded output
gap, and the continuously compounded Federal funds rate, respectively. The estimated policy
rule coefficients, 3, and 3, indicate a stronger response of nominal rates to inflation than to
output gap, consistent with prior findings (Clarida, Gali, and Gertler, 2000; Ang, Boivin, Dong,
and Loo-Kung, 2011). Both inflation and the output gap display low mean-reversion speeds,
suggesting persistence, whereas the perceived transmission coefficient @; reverts more quickly to
its mean. Average inflation over the sample is 3.38%, while the average nominal interest rate is
4.44%, implying a mean real rate close to 1%. This average inflation rate notably exceeds the
2% target adopted by many central banks.

Figure 2 shows investors’ estimate of the monetary-policy transmission coefficient, a; (solid

line, left axis), alongside the historical inflation rate (dashed line, right axis). The estimate a;

10The maximum likelihood procedure is detailed in Appendix G.
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Figure 1: GDP Growth, Output Gap, Inflation, and Federal Funds Rate

Observed annualized U.S. real GDP growth rate (first panel), output gap (second panel), CPI inflation rate
(third panel), and Federal funds rate (fourth panel). The alternating shaded bands mark the tenures of different
Fed Chairs. The data is at the monthly frequency from July 1954 to December 2023.
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varies substantially over the sample, reflecting changes in investor beliefs about transmission
effectiveness. When inflation is above its historical mean, our separate calculations show that
changes in inflation and @, are negatively correlated (—0.48). In contrast, this correlation turns
positive (0.64) when inflation is below its mean. This state-dependent correlation aligns with
the learning mechanism in (7)—during high-inflation periods often met with restrictive policy
(¢, > 0), positive inflation surprises lead investors to revise @, downward (perceiving weaker

effectiveness). Conversely, during low-inflation periods potentially seeing accommodative policy
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Table 3: Parameter Values Estimated by Maximum Likelihood

Parameter values estimated by maximum likelihood using monthly U.S. data from July 1954 to December 2023.
The estimation procedure is detailed in Appendix G. Output data is in real terms. Standard errors are in
brackets; statistical significance at the 10%, 5%, and 1% levels is denoted by *, **, and *** respectively.

Parameter Symbol Estimate Std. Error
Output growth volatility os 0.0212*** (0.0005)
Output gap volatility oy 0.0215*** (0.0007)
Output gap mean-reversion speed Ay 0.4219*** (0.0507)
Mean nominal interest rate TN 0.0444** (0.0011)
Interest rate sensitivity to inflation Br 0.4666** (0.0277)
Interest rate sensitivity to output gap By 0.1332*** (0.0216)
Inflation volatility Or 0.0131** (0.0011)
Mean inflation T 0.0338*** (0.0032)
Inflation mean-reversion speed Ar 0.2436*** (0.0262)
Volatility of transmission coefficient Oq 0.7434** (0.1709)
Mean-reversion of transmission coefficient A, 0.9365*** (0.2000)

Figure 2: Investors’ Estimate of the Transmission Coefficient

Investors’ estimate of the monetary-policy transmission coefficient, a; (solid line, left axis), and the historical
inflation rate (dashed line, right axis). The alternating shaded bands mark the tenures of different Fed Chairs.
The time series of a; is extracted from the maximum likelihood estimation. The data is at the monthly frequency

from July 1954 to December 2023.
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(¢ < 0), negative inflation surprises (falling inflation) also induce downward revisions in a,

generating the positive correlation.

The time series of a; tracks key policy episodes. For example, a; fell sharply during the

inflationary peaks of the mid-1970s and early 1980s, reflecting investors’ belief that transmission

effectiveness was weakening. In contrast, a; rose during the latter part of Paul Volcker’s
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Figure 3: Monetary Policy Stance and Long-Term Inflation Drift

Monetary policy stance ¢y = rny ¢ — 7n (top panel) and the perceived long-term inflation drift from equation
(11), 7 = 7 — @y (ry — *n) (bottom panel). The alternating shaded bands mark the tenures of different Fed
Chairs. The time series are extracted from the maximum likelihood estimation. The data is at the monthly
frequency from July 1954 to December 2023.
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tenure (1979-87), consistent with his success in taming inflation, and remained mostly positive
during Ben Bernanke’s tenure (2006-14) through the global financial crisis. During the initial
COVID-19 response (2020-2021), the Fed maintained accommodative policy, and positive
inflation surprises in that setting lifted a;. But as policy turned restrictive in 2022-23 to combat
persistent inflation amid heightened uncertainty, a; declined even as tightening continued. This
reflects the learning process in (7), where @, adjusts based on the sign of ¢; and inflation
outcomes relative to policy actions.

Figure 3 displays the monetary policy stance, ¢; = ry: — 7'y (top panel), and the perceived
long-term inflation drift, 74 = 7 — @,¢; (bottom panel), as defined in (11). A positive ¢, means
policy is restrictive; a negative ¢, means it is accommodative. The Fed broadly maintained a
restrictive stance from late 1965 to early 1992 and again in 2022-23, while policy was mostly
accommodative from mid-1992 to late 2021. The stance is highly persistent, with autocorrelation
0.987 and annualized volatility 1.28%.

The long-term inflation drift, shaped by updates to a;, shows persistent fluctuations (au-

tocorrelation 0.97, annualized volatility 1.25%) and correlates positively with survey-based
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Table 4: Asset-pricing Moments

Comparison of annualized empirical and model-implied asset-pricing moments. Empirical moments are calculated
from monthly data on the Fed funds rate (nominal interest rate), Fed funds minus CPI inflation (real rate),
and S&P 500 returns for July 1954-December 2023. We obtain model-implied moments by setting the state
variables to their long-run means, y; = a; = 0 and m = 7.

Moment Data Model
Real interest rate 0.0095  0.0106
Nominal interest rate 0.0444  0.0444
Market risk premium 0.0596  0.0569
Market return volatility 0.1490 0.1178

inflation expectations.!! Notable lows in 7' occurred in the early 1980s and during the Great

Recession (2008-2009); highs appeared during the 1973 oil crisis, the late 1970s, and mid-2021,
reflecting periods of elevated inflation pressure.

With the model’s structural parameters and state variables estimated, we now calibrate the
preference and dividend parameters. Following Bansal and Yaron (2004), we set the relative risk
aversion to v = 10, the elasticity of intertemporal substitution to 1) = 2, the subjective discount
rate to p = 0.0095, and the dividend leverage to output growth to a = 2.5. These values
are standard in the long-run risk literature. Dividend growth volatility is set to op = 0.0575,
matching historical S&P 500 dividend volatility.

Table 4 compares empirical asset-pricing moments (first column) with model-implied mo-
ments (second column). The empirical moments use the Fed funds rate for the nominal rate,
the difference between Fed funds and CPI inflation for the real rate, and the S&P 500 as the
market. Model-implied moments are computed by setting the state variables to their long-run
means, y; = a; = 0 and m; = 7.

Table 4 shows close alignment between model-implied and empirical asset-pricing moments.
The model produces a real interest rate of 1.06% (vs. 0.95% in the data) and a nominal rate
of 4.44% (vs. 4.44%). The model-implied risk premium is 5.69%, just 27 basis points below

the empirical value of 5.96%. Market return volatility shows the largest gap: 11.78% in the

UThe long-term inflation drift, 77}, has a 0.50 correlation with the median 5-year inflation forecast from
the Federal Reserve Bank of Philadelphia’s Survey of Professional Forecasters (SPF), available since 2005Q3.
Regressing the SPF forecast on 77! yields a coefficient of 0.19, significant at the 1% level (t-stat = 3.43).
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model versus 14.90% in the data—a 21% miss, which we discuss in Section 4.3. The close fit is

notable, as all parameters are estimated from macro and policy data alone.

4 Asset Pricing Implications and Empirical Evidence

This section presents and tests the model’s key predictions. Using the parameter estimates from
Section 3, we solve the model numerically (see Appendix D), analyze how the state variables

drive valuations and risk, and then test the resulting predictions empirically.

4.1 Model Predictions for Asset Prices

Figure 4 plots the expected consumption growth (fs,), the real interest rate (rg:), and the log
price-dividend ratio (II;) against inflation (7;) and the output gap (y;). The figure focuses on
these two state variables because they account for nearly all the variation in the model-implied
paths of ps4, TR, and I;.

As shown in the left panels of Figure 4, expected consumption growth (s,), the real interest
rate (rgr.), and the log price-dividend ratio (II;) all decline as inflation (7;) rises. Equation (16)
shows that higher inflation lowers the expected growth of real consumption, reducing js.. The
same inflation shock also depresses the real rate through the Fisher identity, rp; = rn — 7.
When the Taylor-rule coefficient on inflation satisfies 8, < 1 (as estimated in Table 3), the
nominal rate ry; rises by less than one-for-one with 7, so rg, falls. Finally, the log price-
dividend ratio tracks p;4: lower expected dividend growth pushes II; down, so II; < 0, as shown
in Section 2.5. Inflation’s persistence makes it a source of long-run risk; investors who prefer
early resolution of uncertainty therefore discount cash flows more heavily when ; rises, so Il;
falls. This decline is steeper when perceived inflation persistence is higher—equivalently, when
the perceived transmission effectiveness a; is lower—consistent with the analysis in Section 2.5.

The right panels of Figure 4 show that a higher output gap (y;) raises expected consumption
growth (fs,), the real interest rate (rg,), and the log price-dividend ratio (II;). Under the
Taylor rule (2), a larger y, lifts the nominal rate ry,. With inflation essentially unchanged
on impact, the Fisher identity rr; = rn: — m then implies a higher real rate. The Euler

equation (16) requires a steeper expected consumption path, so ps; increases. Faster expected
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Figure 4: Response of Key Variables to Inflation and Output Gap

Model-implied expected consumption growth (us.:), real interest rate (rg ), and log price-dividend ratio (II;)
plotted against inflation (7, left panels) and the output gap (y;, right panels).
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dividend growth pushes the price-dividend ratio up, so II, > 0.

Figure 5 shows how the market risk premium and return volatility respond to their main
drivers: perceived policy transmission effectiveness (G;), monetary policy stance (¢;), and
transmission uncertainty (v,,). These three drivers explain most of the variation in the model-
implied risk premium and return volatility. The stance ¢, varies from —ry to +ry, covering
the range from the zero lower bound to aggressive tightening.

The left panels of Figure 5 show a clear downward slope: both the equity risk premium and
market return volatility fall as the perceived transmission effectiveness a; rises. The mechanism
follows Section 2.5. When investors view monetary policy as more effective, they expect inflation
to revert more quickly, so the valuation elasticities |I;| and |II;| shrink. Inflation becomes a

weaker source of long-run risk, reducing the priced exposure m,;s.; and the squared quantity
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Figure 5: Market Risk Premium and Return Volatility

Model-implied risk premium and return volatility plotted against the perceived transmission effectiveness (ay,
left panels) and the monetary policy stance (¢, right panels). In the right panels, the solid lines show values
with baseline calibration, while the dashed lines show values when transmission uncertainty v, is doubled.
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of risk IT2. With less compensation demanded for inflation shocks, both the premium and
volatility decline.

The right panels of Figure 5 show a U-shaped pattern: both the equity risk premium and
market volatility rise as policy moves away from neutral—whether more restrictive (¢; > 0)
or more accommodative (¢; < 0). In equations (26) and (29), the learning terms scale with
¢? and with transmission uncertainty v, ;. The dashed lines isolate the role of uncertainty by
showing the same relationships under a higher value of v,;.'* A non-neutral stance amplifies
the impact of inflation surprises on beliefs, raising both the risk premium and market volatility.

Together, Figures 4 and 5 yield several testable predictions. (i) Higher inflation lowers
expected consumption growth, real interest rates, and the price-dividend ratio; a higher output
gap raises all three. (ii) When investors see policy transmission as weak (low a;), they treat
inflation as more persistent, which raises the equity risk premium and market volatility. (iii)

Departures from neutrality—tighter or looser—amplify these effects through learning terms

12For this illustration, we double v, ; to mirror the behavior of the empirical proxy from Baker, Bloom, and
Davis (2016), whose 95th percentile is 2.1 times its mean (see Section 4.2). The left panels fix ¢, = 0, so v,
plays no role; dashed lines are omitted.
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that scale with v, ;¢;.

4.2 Empirical Evidence

We test the model’s predictions by regressing macro-financial outcomes on inflation, the output
gap, and three core monetary state variables: perceived transmission effectiveness a;, policy
stance ¢, and monetary-policy uncertainty v,;. We proceed in four steps. First, we show how
expected output growth, real interest rates, and the price-dividend ratio respond to inflation and
the output gap (Figure 4, Table 5). Second, we examine whether the equity risk premium and
return volatility co-move with the state variables (Figure 5, Table 6). Third, we replicate these
patterns using model-free proxies, allowing for interactions with monetary-policy uncertainty, to
confirm that the results do not hinge on state-variable estimation (Tables 7-8). Finally, we test
whether those proxies also forecast future excess returns at one-, five-, and ten-year horizons
(Table 9).

We measure expected output growth as the median real GDP growth forecast from the
Survey of Professional Forecasters. The real interest rate is the Fed funds rate minus CPI
inflation. The price-dividend ratio is the S&P 500 index divided by trailing 12-month dividends.
We use the 1-month preference-free lower bound (‘LBR30’) from Chabi-Yo and Loudis (2020)
as our measure of the market risk premium, annualized by multiplying by twelve. This series
closely tracks the premium in Martin (2016) (correlation =~ 0.99) but spans a longer sample.
Return volatility is proxied by the VIX. Model-implied counterparts are generated by feeding
the estimated state variables from Section 3 into the model.

To test the relationships in Figure 4, we regress both empirical outcomes and model-implied
counterparts on inflation and the output gap. Table 5 confirms the figure’s patterns: expected
output growth, the real interest rate, and the log price-dividend ratio all decline with inflation
and rise with the output gap. Most coefficients are statistically significant, and in the model,
the two variables together explain nearly all the variation.

To assess magnitudes, we rescale all effects into standard deviation units. In the model, a
one-standard-deviation increase in inflation lowers expected output growth by 0.97 standard

deviations, the real rate by 0.97, and the price-dividend ratio by 0.99. A similar increase in the
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Table 5: Expected Output Growth, Real Interest Rate, and Log Price-Dividend
Ratio vs. Inflation and the Output Gap.

Relationships between expected output growth, the real interest rate, the log price-dividend ratio, and inflation
(m¢) and the output gap (y:), in both the model and the data. Standard errors in parentheses. ***, ** and *
denote significance at the 1%, 5%, and 10% levels. Monthly data: December 1968-December 2023 in column 2,

July 1954-December 2023 otherwise.

Expected output growth Real interest rate Log price-dividend ratio

Model Data Model Data Model Data
m —1.0395"* —0.2251** —0.5334*** —0.1035*** —7.7655***  —6.4404***
(0.0082) (0.0800) (0.0000) (0.0375) (0.0342) (1.2024)
Yy 0.2618*** 0.5962*** 0.1332%** 0.1619* 1.0987*** 1.7354
(0.0072) (0.2307) (0.0000) (0.0892) (0.0074) (1.5164)
R?Ldj 0.999 0.138 1.000 0.036 0.999 0.194
Obs. 834 661 834 834 834 834

output gap raises expected growth and the real rate by 0.21, and the price-dividend ratio by
0.12. Empirical responses have the same signs but smaller effects: inflation lowers expected
growth by 0.17, the real rate by 0.11, and the price-dividend ratio by 0.42; the output gap
raises them by 0.35, 0.16, and 0.10, respectively. While the model somewhat overstates the
impact of inflation, its responses to the output gap align broadly with the data. All effects
are economically meaningful. These patterns reflect the model’s logic: inflation depresses the
real rate and expected growth, pulling down equity values, while a stronger output gap lifts all
three through its effect on the nominal policy rate.

To test the patterns in Figure 5, we regress the market risk premium and return volatility
(in both the model and the data) on @, ¢;, and ¢?. Table 6 reports the results. Both outcomes
decline with @; and rise with ¢?, as the model predicts. These effects are statistically significant
in the model. In the data, the squared stance ¢? is consistently significant, while G; becomes
significant in the full specification. In the model, these variables together explain nearly all the
variation in the risk premium and volatility.

The negative link with a; reflects the model’s logic: when policy is seen as less effective,
investors view inflation as more persistent, which raises long-run risk—and thus lifts risk premia

and volatility. The U-shaped response to ¢; stems from learning. As shown in (7), inflation
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Table 6: Market Risk Premium and Return Volatility vs. State Variables

Relationships between the market risk premium (Panel A), return volatility (Panel B), and the model’s key
state variables: perceived transmission effectiveness (@), policy stance (¢;), and its square (¢?), in both the
model and the data. Standard errors in parentheses. ***, ** and * denote significance at the 1%, 5%, and 10%
levels. Monthly data: July 1954-December 2023 in “Model”; January 1996—February 2023 in Panel A “Data”;

January 1990-December 2023 in Panel B “Data”.

Model Data Model Data Model Data Model Data
Panel A: Market risk premium
ay —0.0194** —0.0374 —0.0096***  —0.0201  —0.0097***  —0.0520***
(0.0030) (0.0413) (0.0001) (0.0216) (0.0000) (0.0125)
o 0.0052 0.7680*
(0.0047) (0.4036)
? 13.8913***  69.6739"*  9.5004**  62.9804**  9.3448"*  (7.0555***
(0.2387) (8.2166) (0.0535) (10.0615) (0.1959) (7.7403)
Rgdj 0.775 0.019 0.897 0.061 0.998 0.063 0.998 0.067
Obs. 834 326 834 326 834 326 834 326
Panel B: Market return volatility
ay —0.0143**  —0.0627 —0.0074"*  —0.0199  —0.0075** —0.0785™**
(0.0022) (0.0506) (0.0002) (0.0199) (0.0001) (0.0019)
oy 0.0083** 1.5599***
(0.0034) (0.2583)
? 10.0796***  165.2499***  6.7222"*  158.8168***  6.4752™*  171.1562***
(0.1738) (10.1481) (0.0321) (14.5063) (0.0779) (13.1232)
Ridj 0.787 0.017 0.885 0.107 0.996 0.107 0.997 0.117
Obs. 834 408 834 408 834 408 834 408

surprises reveal more about policy transmission when the stance is far from neutral, triggering
stronger belief updates. These updates feed into the market risk premium and return volatility
via (29) and (26). Together, these effects confirm the model’s core mechanism: investor learning
turns central-bank credibility into a priced risk factor, raising volatility and premia when
perceived transmission is weak or policy is far from neutral.

Table 6 also reveals a small but significant positive coefficient on the linear policy stance ¢,.
While the model emphasizes the U-shaped response from ¢?, it also generates a modest linear
effect through the interaction between belief sensitivity and the stance itself. This interaction
introduces an asymmetry: under tight policy (¢; > 0), a positive inflation surprise is doubly

bad news: it signals not just higher inflation but also weaker confidence in policy effectiveness,
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prompting a sharper asset-price reaction. Under accommodative policy (¢; < 0), the same
surprise may suggest that easing is working, leading to a milder update. This asymmetric
learning amplifies volatility and premia more in restrictive cycles, helping explain the positive
coefficient on ¢;. The mechanism aligns with the asymmetric belief updating documented by
Bauer et al. (2024).

To gauge magnitudes, we rescale all effects into standard deviation units. In the model, a
one-standard-deviation increase in a; lowers the risk premium by 0.44 standard deviations and
return volatility by 0.46. A similar increase in ¢; raises the risk premium by 0.01 and volatility
by 0.03, while a one-standard-deviation rise in ¢? lifts them by 0.64 and 0.60, respectively. The
empirical estimates show the same pattern with smaller effects: the risk premium falls by 0.21
when @, rises, and increases by 0.15 with ¢; and 0.24 with ¢?; return volatility falls by 0.17
with @, and rises by 0.18 with ¢, and 0.34 with ¢?. While the model overstates the impact of
®?, the empirical effects remain economically meaningful.

Table 7 repeats the regressions from the “Data” columns of Table 6, replacing the estimated
¢ and a; with model-free proxies. For ¢;, we use demeaned inflation—the main driver of the
estimated stance in the model. This proxy closely tracks ¢;, with correlation 0.97. To proxy
as, we follow the logic of equation (11): we take long-term inflation expectations from the
Cleveland Fed (averaged across 5- to 30-year horizons) and divide them by observed inflation.
To avoid extreme values, we replace inflation with its fifth percentile whenever it falls below
that threshold. The resulting proxy tracks the model-implied @, with correlation 0.56.

Table 7 confirms the core patterns from Table 6, using proxies instead of the estimated
state variables. Both the risk premium and return volatility fall with the proxy for a; and rise
with the squared proxy for ¢;. The a; proxy explains 3.5% of the variation in the risk premium
and 4.1% in volatility; the ¢? proxy explains 4.4% and 9.3%. These results show that the key
empirical relationships hold even without relying on model-based inputs.

Table 8 tests how monetary-policy uncertainty v, affects the risk premium and return
volatility. We estimate v, via maximum likelihood (Section 3) and proxy it with the monetary-
policy uncertainty index of Baker et al. (2016). The dummy variables Dy;g, 1, , and Dy, ypreny

equal one when uncertainty exceeds its median. The results largely align with the model’s
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Table 7: Market Risk Premium and Return Volatility vs. Model-Free Proxies

Relationships between the market risk premium (Panel A), return volatility (Panel B), and model-free proxies
for perceived transmission effectiveness (a"*"?) and policy stance (¢}"°"Y and its square), based on observed
macro data. Standard errors in parentheses. ***, ** and * denote significance at the 1%, 5%, and 10% levels.

Monthly data: January 1996-February 2023 in Panel A; January 1990-December 2023 in Panel B.

Panel A: Market risk premium

ay" oY —0.0077** —0.0040 —0.0086
(0.0027) (0.0041) (0.0083)

oY 0.3127
(0.4106)

(¢frozy)2 19.4076**  13.9956*** 8.4033
(3.3658) (4.6109) (9.4781)

RZ, 0.035 0.044 0.048 0.049

Obs. 326 326 326 326

Panel B: Market return volatility

ay o —0.0150*** —0.0028 —0.0085
(0.0047) (0.0022) (0.0058)
e 0.3795
(0.3229)
(@72 49.4756™*  45.8699"**  39.3831***
(8.2054) (8.3655) (13.5225)
Ridj 0.041 0.093 0.092 0.092
Obs. 408 408 408 408

predictions from the right panels of Figure 5: when uncertainty is high, the risk premium rises,
and the U-shaped response to ¢; becomes steeper. For volatility, this steepening is clearly
visible with both state variables and proxies. By contrast, the direct coefficient on v, is mixed
when using state variables, but unambiguously positive with proxies. In both the model and the
data, the logic is the same and follows from (7): higher uncertainty makes inflation surprises
more revealing about a;, prompting sharper belief updates that amplify volatility and risk
premia—especially when policy is far from neutral.

We now turn to the model’s final implication: return predictability. We test whether the
same monetary-policy variables that shape risk premia and volatility also help forecast future

excess returns, using proxies for perceived transmission effectiveness and the policy stance in

29



Table 8: Impact of Monetary Uncertainty on Market Risk Premium and Volatility

Relationships between the market risk premium, return volatility, and monetary-policy uncertainty, captured by
either state variables (Panel A) or model-free proxies (Panel B). Uncertainty enters directly and via interactions

with the squared policy stance. Standard errors in parentheses.

sokk Kk

, **, and * denote significance at the 1%, 5%,

and 10% levels. Monthly data: January 1996-February 2023 for the risk premium; January 1990-December

2023 for volatility.

Risk Premium Volatility
Panel A: State Variables
ay —0.0197 —0.0337*  —0.0746*** —0.0804***
(0.0162) (0.0148) (0.0115) (0.0088)
o 0.0994 0.4876 1.4830*** 1.7805***
(0.5106) (0.4285) (0.2957) (0.1872)
(gzﬁt)? 82.0765**  74.9999**  177.5218"* 166.6612***
(3.6722) (4.6297) (5.3356) (6.4964)
Dhuigh v, , 0.0139*** 0.0029 0.0046 —0.0108**
(0.0019) (0.0049) (0.0079) (0.0054)
(¢)? Drigh v, ; 208.0847*** 541.6875**
(104.8407) (75.8286)
dej 0.077 0.097 0.116 0.137
Obs. 326 326 408 408
Panel B: Model-Free Proxies
ay v —0.0119*  —0.0139** —0.0107* —0.0161***
(0.0067) (0.0070) (0.0063) (0.0049)
e 0.2704 0.2154 0.1616 0.0904
(0.2826) (0.2755) (0.2756) (0.2623)
()2 0.5696 —11.2560  33.4682** 4.3499
(6.6255) (8.2509) (15.3279) (7.7628)
Dhyign, i 0.0338*** 0.0282*** 0.0461*** 0.0353***
(0.0025) (0.0024) (0.0108) (0.0113)
(@)% x Dhyign yresy 17.4690** 40.5607***
(7.4305) (11.5140)
Rgdj 0.176 0.180 0.179 0.188
Obs. 326 326 408 408

predictive regressions. Table 9 shows that perceived transmission effectiveness helps forecast

future excess returns: its proxy enters with a negative and significant coefficient at the 1- and
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Table 9: Predicting Future Market Excess Returns with Model-Free Proxies

Relationships between future market excess returns at the 1-year (Panel A), 5-year (Panel B), and 10-year (Panel
C) horizons and model-free proxies for the monetary-policy stance (¢!"°*¥) and the perceived transmission
effectiveness (af"°*¥). Standard errors are in parentheses. *** ** and * denote significance at the 1%, 5%, and

10% levels. Monthly data: January 1982-December 2023.

Panel A: 1-Year Future Market Excess Return

al" "y —0.0222%** —0.0162* 0.0199
(0.0028) (0.0072) (0.0219)

PPy —2.3460
(2.0020)

(g2 42.3470*  23.5450  60.9133**
(21.0638)  (27.3260) (8.5570)
dej 0.016 0.013 0.018 0.039

Obs. 003 003 503 503

Panel B: 5-Year Future Market Excess Return

ay —0.0083** —0.0016 0.0023
(0.0041) (0.0037) (0.0120)
QPO —0.2527
(1.0288)
((bfmzy)z 28.1021**  26.2369*  30.2613**
(13.9292)  (14.0202)  (15.2043)
RZ, 0.009 0.027 0.025 0.024
Obs. 503 503 503 503

Panel C: 10-Year Future Market Excess Return

al" "y —0.0026 0.0029 0.0037
(0.0028) (0.0050) (0.0079)
PO —0.0571
(0.8277)
(gbfmmy)Q 18.2070* 21.5489 22.4589**
(9.7081)  (15.7022)  (10.0635)
R?Ldj 0.000 0.018 0.018 0.016
Obs. 503 503 503 503

5-year horizons, explaining 1.6% and 0.9% of the variation, respectively. Predictive power
fades at 10 years. The squared policy stance (¢} *¥)? also predicts returns, with positive

and significant coefficients at all horizons. Its explanatory power peaks at five years, where
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it accounts for 2.7% of the variation. For both predictors, statistical strength weakens with
horizon, but the patterns remain consistent.

Together, the empirical results confirm the model’s core mechanism: investor learning about
monetary-policy transmission shapes risk and return in asset markets. Perceived transmission
effectiveness a;, along with the level and square of the policy stance ¢;, predict the equity
risk premium and return volatility, as the model implies. Volatility and risk premia rise when
perceived transmission is weak, policy is far from neutral, and monetary-policy uncertainty is
high. These effects are economically sizable and hold across model-implied outcomes, empirical
data, and model-free proxies. The data also reveal asymmetric belief updating, consistent with
the model and with evidence from Bauer et al. (2024): under tight policy, inflation surprises
are doubly bad or doubly good, producing stronger asset-price effects than in loose regimes.
These dynamics turn central-bank credibility into a priced risk factor, driving the U-shaped

and asymmetric patterns in asset prices.

4.3 Model Magnitudes and Real-World Frictions

This section shows how real-world frictions may amplify the model’s learning mechanism.
While the baseline setup omits several key complexities, it matches key asset-pricing moments
well—closely fitting the real interest rate and equity risk premium (Table 4) but understating
return volatility (11.78% vs. 14.90%). To understand this gap, we turn to real-world frictions
that likely hinder information flow and belief updating.

Several features of real-world markets likely slow the learning process, raising uncertainty
and amplifying risk premia. We identify four such frictions: (i) inflation measurement noise, as
real-time inflation data are imprecise;'® (ii) monetary policy shocks, since not all rate changes
reflect systematic responses to macro conditions;'* (iii) policy rate observation noise, as small

discrepancies between announced and effective rates complicate filtering; and (iv) structural

13 Aruoba (2008) document quarterly revision standard deviations ranging from 0.37 to 0.85 percentage points,
with noise-to-signal ratios between 0.15 and 0.33. This implies that real-time inflation data may lose 15-30% of
their effective information content.

4Romer and Romer (2004) isolate monetary policy shocks by removing the Fed’s systematic responses to
its own forecasts. They find that only about 28% of funds rate changes around FOMC meetings reflect such
forecast-driven responses, with the remaining 72% representing discretionary shifts averaging 39 basis points.
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shocks to transmission volatility, which is constant in our model (o,) but likely increases during
periods of political or macro disruption (e.g., tariffs, or political pressure on central banks),
heightening uncertainty and slowing learning.

The impact of these frictions can be understood through the uncertainty dynamics in (8).
Frictions (i)—(iii) weaken the negative quadratic term, (¢ V4 /o), slowing the decline of v, .
Friction (iv) raises o2, directly increasing the drift of v,,. Both effects lead to higher and more
persistent uncertainty and, by extension, larger volatility and risk premia. As shown in the
right panels of Figure 5, the dashed lines—which reflect a doubling of v, ;, consistent with the
empirical proxy from Baker et al. (2016), whose 95th percentile is roughly twice its mean—raise
volatility and help narrow the model-data gap from Table 4.

These frictions strengthen the model’s predictions without altering their qualitative nature.
We omit them from the baseline to avoid introducing extra state variables, which would
complicate the filtering problem without affecting the core mechanism. They offer a plausible

explanation for the gap in magnitudes between model and data.

5 Conclusion

As Cochrane (2022) puts it, “Nobody knows how interest rates affect inflation.” Our model
begins with this uncertainty. We build an asset-pricing framework in which investors learn how
effectively monetary policy affects inflation. Both the perceived effectiveness of this transmission
and the uncertainty around it are key drivers of risk premia and return volatility. When policy
is seen as effective, inflation risk fades and markets stabilize. When credibility is in doubt,
learning amplifies volatility—especially when policy is far from neutral. U.S. data from 1954 to
2023 support these predictions.

The results underscore a central point: in financial markets, beliefs about monetary-policy
effectiveness matter as much as policy itself. Central bank credibility shapes risk. A natural
implication is that when credibility falters, restoring it may require stronger action. While we
do not model this feedback explicitly—namely, the central bank adjusting policy in response to
credibility concerns—it warrants further study. During the early Volcker years, for example,

the Fed’s credibility was in question, and aggressive rate hikes may have been needed to change
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beliefs. As Volcker (1979, p. 888) put it:

“Inflation feeds in part on itself, so part of the job of returning to a more stable and

more productive economy must be to break the grip of inflationary expectations.”

That statement captures the core idea—restoring stability requires bold, credible action to
re-anchor inflationary expectations. Future work could explore this mechanism further, along

with extensions involving heterogeneous beliefs or time-varying investor attention.
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A New-Keynesian Foundations for the Inflation Process

This appendix derives the reduced-form inflation dynamics (4) from standard New-Keynesian macroe-
conomic relationships. The derivation draws on insights from foundational New-Keynesian literature
(Rotemberg, 1982; Calvo, 1983; Gali, 2015) to obtain the continuous-time inflation process with its
policy-dependent anchor.

Forward-Looking Phillips Curve. We begin with a standard forward-looking Phillips curve,
which relates current inflation to expected future inflation and the output gap. In deviation-from-mean
form, inflation dynamics can be expressed as:

T = BEy[ri ] + Ky, (A1)

where y; is the (zero-mean) output gap, Wf := my — 7 is inflation’s deviation from its mean 7, and [
and x are structural parameters reflecting time discounting and the sensitivity of inflation to economic
slack, respectively.

Following Cochrane (2024), we can rewrite this discrete-time relationship in continuous time and
rearrange to obtain:

Ei[dnl] = —paridt — pyy.dt, (A2)

where pr = (1— %) and py := 3. Reintroducing the mean level 7 yields an affine drift for the inflation
process:

Et [dTFt] = pﬂ—(7_r - ’/Tt)dt - pyytdt. (A?))

Monetary Policy and Inflation Dynamics. As in the main text, monetary policy follows the
Taylor rule, linking the nominal interest rate to inflation and output deviations:

Nt = TN+ 671’(71_15 - 7?) + Byytv (A4)

where 7y is the long-run nominal interest rate, while 8. and 3, capture policy responsiveness to
inflation and output gap fluctuations.

We can solve for y; from the Taylor rule:

Y = ﬁl(TMt—fN—@r(Trt—ﬁ))- (A5)
y

Substituting this expression into the inflation drift equation:

Ey[dm] = pa(F — m,)dt — pyﬂl(mt Py — Bl — 7))t (AG)
Yy
= po (T — mp)dt — @(rNt —rn)dt + Pubr (¢ — 7)dt (AT)
Byt By
_ (pw _ p;f”) (7 — )t — %(TN,t )t (A8)
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Defining A\ := pr — pyﬁﬁ and introducing stochastic shocks, we obtain the inflation process used in
Y

the main text:

dry = Ae (7 — m)dt + 02dBry, (A9)

where 7754 =7 — ar(rye — Tn) with a; = Bp $— representing the monetary-policy transmission
) y AT

effectiveness. Stability of inflation requires A; > 0. This derivation shows how our reduced-form
inflation dynamics can be grounded in standard New-Keynesian relationships, while focusing attention
on the key coefficient—the transmission effectiveness a;—that investors must learn about.

B Real Risk-Free Rate Derivation

This appendix provides a step-by-step derivation of the real risk-free rate (Eq. 15) under Epstein-Zin
preferences in our monetary-learning economy. We also show how this connects to the consumption
Euler equation and leads to the endogenous determination of expected consumption growth.

As stated in (12)—(13), the representative investor maximizes:

J, = E, Utm h(CS,JS)ds}, (B1)

where the Epstein-Zin aggregator (Duffie and Epstein, 1992) is:

o1-1/¢ 1—
hC,J) = 1_p1/w <[(1_7)J}1/9—1 _(1_'7)<]> ) QZﬁ. (B2)

Following Benzoni et al. (2011), we adopt the value function:

0

Cl= |:pel(-77t):| 7 (B3)

I—v

J(C, :Z,’t) =

where I(x;) is the log wealth-consumption ratio, depending on the state vector xy = [y y; a¢ I/a’t]—r.

For this value function, the state-price density (SDF) is:
t
& = exp [ /0 hy(Cs, Js)ds} ho(Co Jh) (B4)

t _
— exp {/0 (zl(xl) —p0) ds} PO DI Ge), (B5)

Consumption Euler Equation and Real Risk-Free Rate. For any asset with return process
dR;, the first-order condition for optimal portfolio choice yields:

Et[dRi,t] - TRJdt = —COVt <d€£t, dRi7t> . (B6)
t

This fundamental asset pricing equation states that the expected instantaneous real excess return on
any asset ¢ (above the real risk-free rate), E4[dR;+] — rr+dt, is equal to the negative of the covariance
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between that asset’s return dR;; and the growth rate of the stochastic discount factor (SDF), d&,/&;.
The derivation follows from the principle of no-arbitrage, which implies that the “gain process” & P,
for any traded asset price P, must be a martingale, meaning its expected infinitesimal change is zero:
E[d(&P;)] = 0. Applying Itd’s product rule to the process & P;, taking expectations to isolate the
drift term, and setting this drift to zero yields a relationship between the expected return E.[dR;,]/dt,
the expected SDF growth (which equals —rg ), and the covariance term Covy(d&: /&, dR;+). It is then
a matter of algebra to rearrange this condition and reach (B6).

Similarly, applying the underlying martingale pricing condition E;[d(&,P;)] = 0 directly to the risk-free
asset establishes the link between its return rg; and the expected growth rate of the SDF":

E, [dg] " (BT)

This is the key consumption Euler equation that links expected consumption growth to the real
risk-free rate. It states that the expected change in marginal utility (represented by the SDF &) equals
the negative of the real rate.

Applying It6’s lemma to our SDF specification and taking expectations, we note that:

dé

— d(ng) + ~d{lné, &) (BS)
&t 2

Given that the consumption shock dBs; is independent of the monetary block shocks (By +, Br ¢, Ba,t)
in our model, we have Covy (%(’;t, dI (xt)) = 0 (because the only Brownian driver of dC;/C; is Byy,
which does not enter I(z;) in our specification). Applying It6’s lemma to equation (B5) yields

]
&t
where pr(xy)dt = Ei[dI(z)] is the expected instantaneous change in the log wealth-consumption ratio,

and o7 (x¢)dt = E[(dI(x+))?] is the instantaneous variance of changes in the log wealth-consumption
ratio. Setting this equal to —rgdt and solving for rg;:

0—1 1 1
= (Zray — #0)dt = yusedt + (0 = Dpr(an)dt + 50 = 1°oF(@)dt + Sy(y + DoFdt, (BY)

Ee { oI

0—1 1 1
TRt = pd — e + sy — (0 — Dpr(we) — 5(9 — 1)%0F(xs) — 57(7 +1)o3. (B10)

This expression for the real risk-free rate depends on the unknown drift, pu7(x;), and variance, o?(z),
of the log wealth-consumption ratio. To solve for these terms and arrive at a simplified expression for
TR, we must characterize the equilibrium behavior of the function I(z;). The standard method in
continuous-time dynamic programming is to use the Hamilton-Jacobi-Bellman (HJB) equation.

The HJB equation is the fundamental condition that the value function J(C,z;) must satisfy in
equilibrium. It states that the utility flow from the aggregator, h(C, J), must exactly offset the expected
change in the value function, i.e., 0 = h(Cy, Ji) + E[d.J;]/dt. Applying Itd’s lemma to our value

_ 0
function J(C,z;) = % {pel (xt)} to find its drift and substituting it into this equilibrium condition
yields the following nonlinear partial differential equation (PDE) for the log wealth-consumption ratio
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0= -1 Y= 1 703 o~ _ .
=e —pP + T T - ,U@t + )\ﬂ [at(rN — TN,t) + 7T — ﬂ't] Iﬂ — )\aatlg — AyytIy
2 (f _ )2)\2 y2 02
o TN — TNt _
+ ?ﬂ— T + 20_2 Tt Iag + ?ylyy + (’I"N - T‘N’t))\ﬂyaﬂglﬂ_a (Bll)
™
Oo2 O(FN — ne)2A202 Oo? -
+ 7]72‘. + 20_7% ot .[5\ + Tylj + 9(7‘]\[ - TN’t))\ﬂ—l/a,tLrIg.

We simplify this HJB equation by noting that: (i) The terms involving first and second derivatives of I
(on lines 1-2) correspond to uy(z:), the drift of I(x¢); (ii) The terms quadratic in first derivatives (line
3) equal ga%(:nt), where the variance o7 (x;) is found by applying It6’s lemma to I(z¢) to determine its
quadratic variation:

>\7r7/a,t

2
o (zy) = <O'ﬂ-Iﬂ- — ¢tIE> + 0'515, with ¢y =rn¢ — 'y (B12)

Orn

Thus, the HIJB equation (B11) becomes:

_ —1 o2 0
0=e'—p+I ('Y; - m) + put(w0) + 507 (@e). (B13)

Solving for pr(x;) and substituting into our risk-free rate expression (B10), then simplifying (combining
like terms and using the definition of ), we obtain:

1+ 1-46
rre=p+ 0 2 120k, (B11)

Noting that o%(z;) = o,, — 02, where 03, is the instantaneous variance of total wealth returns:

)\ﬂl/a,t

2
oty = 0§ + (UWLF - ¢t13) +oly. (B15)

Orn

This variance includes three components: direct consumption risk (0%), inflation risk (including the
effect of learning about policy transmission), and output gap risk.

We arrive at the standard form of the real risk-free rate in our monetary-learning economy:

ke 1 +v) 5 10
TR,t—p"i'w 2w 05 2

(UIQ/W - Jg). (B16)

This is the standard form of the real risk-free rate in long-run risk models, which appears as (15) in
the main text. Note that (15) can be readily solved for p5; to obtain (16).

The nominal interest rate ry; follows from the Fisher equation:

TNt = TRt T T, (B17)
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The neutral rate 7, a central component of the Taylor rule (2), must be consistent with the economy’s
long-run equilibrium. While a true unconditional expectation E[ry ;] is difficult to compute analytically,
we can obtain a tractable, closed-form expression for 75 by evaluating the Fisher equation at the
economy’s steady state. This common approach provides a consistent anchor for monetary policy.

Specifically, guided by the Fisher equation (B17), we compute the neutral rate by evaluating the
expression for the real rate, g, at the long-run means of the state variables and adding the long-run
mean inflation, 7. This yields:

ps A1 4+7) 5, 1-6

FN:P+7_T+1/} 20 (o 9

(J?rl?r + 021?), (B18)

where [is is the long-run mean of consumption growth, and the partial derivatives I; and I:y are
components of the variance of the log wealth-consumption ratio, evaluated at the steady state: m = T,
ar =0, y = 0 (which implies ¢; = 0), and v4 ¢ = .

C Derivation of Market Prices of Risk

This appendix derives the market prices of risk in our monetary-learning economy and explains why
the Brownian motion B, ; does not enter the investor’s pricing kernel.

From Appendix B, the state-price density (SDF) dynamics can be written as:

dé

é_ = —TRdet — mtTdEt, (Cl)
t

where my is the vector of market prices of risk and dB; is the vector of Brownian innovations.

Applying It6’s lemma to (B5) and focusing on diffusion terms (since drift terms determine rp; as
derived in Appendix B), we get:

d&; dCi
— |diffusion = _77|diﬂusion + (9 - 1)dl(xt)|diﬁ'usion (02)
&t Cy

Since %C;t diffusion = 05dBs ¢, the market price of consumption risk (Eq. (20) from the main text) is:

mst = Y05. (C3)

We compute dI(x¢)|qiffusion using It6’s lemma along with the dynamics for m, ay, and y; given in
equations (10), (7), and (1), respectively. Substituting and collecting terms yields:

)\TrVa,t

dI(xt)’diffusion = <O'7rI7r - ¢tlg> d-§7r,t + UnydBy,t- (04)

™

The SDF diffusion can now be written as:

d
;-tt diffusion = —’705d35,t - (1 - 9) |:<0'7rI7r -

)\wya,t

Wa) dBys+ oyI,dBy| . (C5)

™

42



Matching coeflicients with —m, TdB, yields the remaining market prices of risk:

s = (1—0) (awlw A V‘”(p IA) (C6)
my = (1 —0)oy,Iy. (C7)

These are precisely (21)—(22) from the main text.

D Numerical Solution Method

This appendix provides details on the numerical method used to solve for the log wealth-consumption
ratio I(xy).

The Hamilton-Jacobi-Bellman (HJB) equation for the log wealth-consumption ratio I(z;), where

Xy = [T yp Qg yayt]T, is given in (B11) in Appendix B. This equation is a second-order nonlinear partial
differential equation (PDE) with non-constant coefficients.

For the numerical implementation, we make a simplifying assumption by setting v,; = 7,, where 7,
represents the empirical average of v, ;. This reduces the dimensionality of the state space from four
to three variables, significantly streamlining the numerical solution process.

We solve the PDE for I(my,a,y:) using the Chebyshev collocation method (Judd, 1998). The solution
approach approximates the function I(m,as, y;) as:

I(me, G, ye) = P, G, yt) ZZ Z ai jr x Tilm] x Tila] x Ty[y], (D1)
1=0 j=0 k=0

where T),[-] is the Chebyshev polynomial of order m, and the coefficients a; ;. are determined by the
solution algorithm.

The interpolation nodes are constructed from the scaled roots of Chebyshev polynomials of orders I +1,
J+1, and K + 1. We scale these roots to cover approximately 99% of the unconditional distributions
of the three mean-reverting state variables. This ensures that our approximation is accurate over the
most relevant region of the state space.

The solution procedure consists of:

1. Substituting the polynomial approximation P(m, at,y:) and its partial derivatives into the PDE
2. Evaluating the resulting expression at each interpolation node
3. Solving the resulting system of (I+1)x (J+1)x (K +1) equations for the (I+1)x (J+1)x (K +1)

unknown coefficients a; ; x

After obtaining the coefficients, we can evaluate both the function I(x;) and its partial derivatives
(such as I, I, and 1) at any point within the solution domain. These partial derivatives are central
to determining the market prices of risk in equations (21)—(22) and the corresponding quantities of
risk that drive asset returns.
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We adopt polynomial orders I = J = K = 4, yielding a highly accurate approximation, and confirm it
through cross-platform replication in Mathematica (Wolfram Research) and Python.

The same numerical procedure is applied to solve for the market log price-dividend ratio II(x;) and its
partial derivatives. The PDE for the market log price-dividend ratio II; of the asset that is a claim to
the dividend process (23) is given by:

0=eM—rps+ s+ a (s — fis)

S _ R Mat(TN — TNt) Al
+ (Aelae(ry —rnge) + 7 — 7] — mg o) e — ()\aat + a(ry > Nt) a) I

2 - 21252 2
o TN — TNt)*A2D o B . (D2)
— (Ayye + my toy) 1L, + —QW Ir + ( 20’;) Il + —2y My, + ("n — rne) Artall o

™

(fN — TN,t)Q)\?rle o2 _ .
+ -III2 + 202 L2 + ?yﬂfj + (PN = TN ) ArTal L T

2o ‘fw

We derive this PDE by enforcing the fundamental no-arbitrage condition for a dividend-paying stock.
For a stock with price S; = Dye!'®*) and dividend process Dy, this condition implies that the expected
change in its discounted value, &:.S¢, over an infinitesimal interval dt, plus the discounted dividend
& Dydt paid in that interval, must sum to zero:

K¢ [d(&:S)] + &Dydt = 0. (D3)

Applying 1t6’s lemma to the product &.S; to determine its expected change (its drift component
multiplied by dt), and then incorporating the dividend term & D;dt, we arrange all resulting terms
to form the PDE (which is set to zero). The first line of this PDE contains the dividend yield
(e = D;/S;), the risk-free rate (rr,t), and expected dividend growth terms (fi5 + (s — f15)). The
remaining terms capture how the log price-dividend ratio responds to changes in state variables, with
terms reflecting both direct effects of state variable dynamics and quadratic variation terms arising
from It6’s lemma. The market prices of risk (ms, mr, and m, ) appear because they determine
how the SDF covaries with asset returns.

We first replace the solution for the log-wealth consumption ratio I in the real interest rate rg;
(Eq. 15) and in the market prices of risk mg, my, and my (Eqs. 20-22), which are then replaced in
the above PDE. We then solve for the market log price-dividend ratio II using the same numerical
procedure as above.

E Economic Interpretation of Partial Derivatives

This appendix gives approximations and intuition for key partial derivatives of the log wealth-
consumption ratio I(z;) and log price-dividend ratio IT(z;).

We study the partial derivatives using two approaches. First, we differentiate the PDE for I(x)
(Eq. B11) and keep only first-order terms to derive analytical approximations that reveal the economic
drivers of their signs. Second, these sign patterns are confirmed numerically in our full computational
analysis.

44



Sensitivity to Inflation. We infer that I, < 0 because, when 8; < 1 (as in our estimated model),
higher inflation lowers the real interest rate, flattening expected consumption growth and worsening
long-run consumption prospects. This effect is stronger when perceived transmission effectiveness a; is
low, since inflation deviations are then expected to persist longer.

Sensitivity to Perceived Transmission Strength ;. Differentiating the PDE (B11) with
respect to a; yields a complex expression for I, which we simplify by dropping terms involving
second or higher-order derivatives with respect to a; (e.g., Ir~, I ~, I yE) and other complex dynamic
interactions. This leads to the approximation:

1
Igpprox =~ m)\ﬂ-gﬁt(*lﬂ—)’ (El)
a

which shows that I~ shares the sign of the policy stance ¢;. When policy is restrictive (¢; > 0), greater
transmission effectiveness raises the wealth-consumption ratio (I; > 0), as policy more effectively
reduces inflation, and I; < 0. When policy is accommodative (¢; < 0), stronger transmission implies
faster inflation, lowering valuations and making I < 0.

Sensitivity to Output Gap. Similarly, differentiating with respect to y; yields:

JAPPTOX 6@/ [(¢ — 1) + )‘ﬂ'at(_lﬂ')]
Y e— 1 +)\y

(E2)

showing that I, is generally positive under our parameters. A higher output gap raises valuations by:
(1) increasing the real interest rate via the Taylor rule when 9 > 1; and (2) reducing expected future
inflation, which helps since I, < 0. The second effect is stronger when transmission is effective (a;
high) and the gap is persistent (low A).

These approximations clarify the signs and state dependence of the market prices of risk in (21)—(22).
The price of inflation risk is negative because I; < 0, and becomes more negative when the learning
term —mqﬁtla is negative—which occurs when ¢; I > 0, as confirmed by our approximation. The

Or

price of output gap risk is positive since I, > 0.

Similar relationships hold for the price-dividend ratio sensitivities Il., II;, and II,, which shape the
risk quantities in (25).

F Stock Price Dynamics and Equity Risk Premium

This appendix provides a detailed derivation of the stock price dynamics (Eq. 24) and the equity risk
premium in our monetary-learning economy.

The stock price S; represents a claim to the dividend process Dy, which follows (23) in the main text.
In equilibrium, the stock price can be expressed as Sy = DyeM(*) where II(2¢) is the log price-dividend
ratio, determined by the state vector z; = [my y¢ ay Vaﬂt]—r

Applying It6’s lemma to S;:

dSt th 1 Dt
o = Db i) + 5. M) + d (M) ) (F1)
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The first term in this expression is the dividend process, which is given by (23). For the dynamics of
II(z), we apply It6’s lemma:

dH(IL‘t) == [Ln(l't)dt + Hﬂ-dﬂ't + Hadat + Hydyt + H,/dl/mt

1 —~
+ 5 [Man(dm)” + T (dan)® + Ty (dye)” + T (dvie)?| (F2)

+ Hﬂadmdat + Hﬂ—ydﬂtdyt + Hﬂ—ydﬂ'tdlja’t +II

ay

datdyt + Hgydatdua,t + Hyydytdl/a,t-

Using the dynamics of the state variables from (10), (7), (1), and (8), and collecting terms:

~ )\7r " ~
druxg::;qﬂxgdt+-nwaﬂd3mt+1L;<—¢“GL’¢>d£ﬁ¢-+r@ayd3%t (F3)
)\7r a 5
= py(ze)dt + <0an _ LnPat ¢tna> dBrt + oyllydBy ;. (F4)

Noting that the Brownian motions are independent, the stock price dynamics are:

as, 1
?t = |up(z¢) + prr(ze) + 3 (Uiﬂi + USH; + 0%, + other quadratic terms)} dt
t
drift term
)\ﬂ'Va,t 5
+  0-dBs;y  +(ogll; ¢ll~ ) dBr ¢ (F5)
N—— i

consumption shock X -
inflation shock

+ O’yHydByJ; + O'DdBDﬂg.
N———

—_——
output gap shock dividend shock

where pup(z¢) = (1—a)fis +apse. The diffusion coeflicients on each Brownian motion are the quantities
of risk, s;; (Eq. 25), that are the essential inputs for the equity risk premium derivation.

By the fundamental asset pricing equation (B6), the expected excess real return on the stock must
equal the negative covariance of its return with the stochastic discount factor (SDF):

d
Et[dRMﬂg] — T’Rﬂgdt = *COVt <£§t,dRM7t) s (F6)
t

where dRy; = ds—% + %dt is the total real return on the stock. The equity risk premium is therefore

RP; = —Cov; (%,dRMJ) /dt. Since the dividend yield term, g—:dt, is locally deterministic, the

covariance is driven entirely by the capital gain term, %:

d& dS,
Rﬂﬁ:—%w(&,t> (F7)
& St
The SDF dynamics are given by (19) in the main text:
d .
;t == —’I“R’tdt — m;rdBt, (F8)
t

where my = [mgy Myt myﬂt]T is the vector of market prices of risk. Computing the covariance between
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the diffusion of the real SDF and the real stock return:
d& dS ~ ~
Covy <§t, t) =E K—m:dBO (56,tdB<5,t + SxtdBry + Sy1dBy + SD,tdBD,t)] (F9)
& St
= —MgS5dt — Mg 1 Sppdl — My 1Sy dt — 0 - sp4di (F10)
= — (M54S54 + M 1St + My 1Sy ) dt. (F11)
Therefore, the equity risk premium is RP; = mgs;S5s + mix 157t + my 5y Due to dividend-shock

independence, its price of risk mp; is zero. Also, since s5; = 0 (as consumption shocks do not directly
affect dividends in our specification), the risk premium simplifies to:

RP; = My tSxt + My tSyt (F12)

_ I AnVat
=Mzt | Onlly —

thHa) + my,tayﬂy. (F13)
Substituting the expressions for my ¢ and m,; from (21)-(22) yields the full expression for the equity
risk premium given in (29) in the main text.

Having derived all the necessary components, we can now construct the full expression for the stock
price dynamics. The drift of the real stock price process must equal its expected real capital gain.
The expected real capital gain is the expected total real return minus the real dividend yield:
dSt) Dy Dy
Drift | — | = E{[dR — — = (rg¢t+ RPy) — —.
( s, t[dR ] S, (R t) S,

The diffusion of the stock price process is determined by its exposure to the underlying Brownian
motions. These diffusion loadings, sj;, were derived earlier in this appendix and are summarized
in (25) in the main text:

dSs ~
Diffusion (St) = 854dBs i + 85 tdBrt + 5y +dByt + spdBp ;.
t

Combining the derived drift and diffusion components, we arrive at the complete expression for the
stock price dynamics as presented in (24) in the main text:

ds,
St

D ~
= (TR,t + RP; — St> dt + 55,tdBé,t + Sﬂ-ytdBmt + SyﬂgdBy,t + 8D7tdBD,t. (F14)
t

G Maximum Likelihood Estimation

This appendix details our estimation methodology for inferring the model’s structural parameters
from macroeconomic time series. Our empirical implementation uses monthly U.S. data spanning July
1954 to December 2023. Output data (J;) are drawn from real GDP values in the NIPA tables. We
obtain the Federal funds rate and output gap from the Federal Reserve Bank of St. Louis (FRED),
using their continuously compounded values as empirical counterparts to the nominal interest rate
rn, and output gap y, respectively. For inflation 7, we employ the year-over-year log growth rate of
the Consumer Price Index (CPI).

We begin by estimating the consumption growth volatility parameter by maximizing the log-likelihood
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function:

1

J
1 -1
I5(O5;us ps -y usga) = log | ———— | = = (0FA)  uja,
Z (2m)1/2, /a3 s (ria)

)T

(G1)

where A = 1/12 represents the monthly time increment, ©5 = (0s) ' is the parameter vector, J denotes
the number of observations, and T is the transpose operator. The innovations us; A are specified as:

1
wsra = log (6rsa/01) — (avg(GDP erowth) — 2a§) A. (G2)

Here, avg(GDP growth) is the annualized average of observed GDP growth over the sample period.

For the Taylor rule parameters, we construct a separate log-likelihood function:

J
s nss) = S (i) <3 (89) e (o

where ©, = (7N, Br, By, o,)" comprises the neutral rate, policy response coefficients, and residual
volatility. The monetary policy innovations are defined as:

Urt = TNt — [TN + Br (m — avg(Inflation)) + Byy] - (G4)

The term avg(Inflation) is the annualized average of the inflation rate over the sample period.

Estimating the inflation and transmission coefficient parameters presents a more complex challenge
due to the unobservable nature of a;. We approach this by discretizing the continuous-time dynamics
from equations (7) and (4) as follows:

TtLA = 7Tt€_)\7rA + ﬁiA (1 — C_AWA> + mﬁﬁ7t+A, (G5)
A =7 —a(rne — N) (G6)
_ TNt — TN)AaVay |1 — e 2Aed
Gppn = Gre AaA ( . )ArVa o N (G7)
s a
_ 2
Nt — TN AV, ,
Vot+A = Vayt + (72 - 2>\a7/a,t - <( ! pn ) uJ at) ] A, (GS)
™

6—2/\7rA

2
where var, = ;T’T (1 — ) and €, ¢4 represents a standard normal random variable. This

discretization preserves the essential features of the continuous-time filter while enabling estimation
through conventional likelihood methods.

The inflation component parameters are recovered by maximizing:

J
: — 1 1 —1, 2
le(Or;Ur Ay -y U JA) = ]2 log ((QW)I/Q\/M> ~3 (varz)™" uz ia, (G9)

where 0, = (Jmfr,kmoa,)\a)T collects the inflation volatility, target, mean-reversion speed, and
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transmission coefficient parameters. The inflation innovations are specified as:

Ur i+ A = TepA — [7Tt€_>\7TA + 7t (1 — e_’\”A)} . (G10)

The dynamics of the filtered transmission coefficient @; and its uncertainty v, follow the recursive
updating rules given in equations (G7) and (G8), respectively. This approach allows us to jointly
estimate the parameters governing the inflation process and the learning dynamics without requiring
direct observation of the transmission coefficient itself.
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