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Abstract

We develop a two-period rationally inattentive portfolio-choice model to explain the slow
transition of investor portfolios towards sustainability. When information-processing capac-
ity x is limited, and signals about returns and environmental damage are noisy, investors re-
main imperfectly informed about brown transition risks and green opportunities. This leads
to persistent underweighting of green assets, overexposure to brown assets, sluggish price re-
actions to climate-policy shocks, and high cross-sectional dispersion in portfolio sustainabil-
ity even among investors with homogeneous preferences. We show that meaningful brown
divestment and green overweighting arise only once information-processing capacity ex-
ceeds a sharp x-threshold. This threshold declines with stronger environmental preferences,
improved signal quality, fixed consumption, or a convex environmental penalty. Extensions
with quadratic disutility from brown exposure amplify these effects: easing the attention
constraint even slightly triggers rapid, near-complete reallocation from brown to green as-
sets. Overall, the model reconciles the widespread gap between investors’ stated sustain-
ability preferences and observed portfolio choices, rationalizes delayed price responses to
green-policy news, and provides micro-foundations for the sluggish greening of the financial
system.

1 Introduction

The rapid shift toward sustainable finance has fundamentally altered how investors allocate cap-
ital between green and brown stocks. Green stocks — firms that integrate environmental con-
siderations into their operations — benefit from growing investor preferences for environmental
sustainability, regulatory support, and consumer demand for ethical products. In contrast, brown
stocks — firms operating in industries that contribute significantly to environmental degradation,
such as fossil fuels, heavy manufacturing, and mining — face increasing headwinds from climate
policies and environmental regulations. As global sustainability standards evolve, the financial
performance of these asset classes remains subject to substantial uncertainty, creating a pressing

need to understand the mechanisms driving their valuation.
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The foundational work of Pastor et al. (2021) and Pedersen et al. (2021) provides a theo-
retical cornerstone for understanding how investors price green and brown assets. Their equi-
librium models show that when investors exhibit preferences for environmental sustainability,
green assets command lower expected returns, reflecting a green premium, which arises from
non-pecuniary utility rather than superior financial performance. Yet, these static frameworks
struggle to reconcile this prediction with the substantial realized returns that green investments
have generated in recent years — a period characterized by rapid changes in investor sentiment,
evolving climate and environmental policies, and heightened awareness of environmental risks.
Our model helps explain this puzzle by showing that when investors face information-processing
limits, green assets can remain underweighted for prolonged periods, so that positive environ-
mental shocks subsequently generate excess realized returns as attention gradually shifts toward
them.

Dynamic models, such as Avramov et al. (2025), account for time-varying investor pref-
erences towards green assets by treating shifts in aggregate demand for such investments as
priced sources of risk. In their framework, unexpected increases in investor appetite for green
assets can generate substantial positive deviations between realized and expected returns on
green assets. Although these models can reproduce periods of strong green performance, they
implicitly assume that investors process climate- and environmental-related information effi-
ciently. In contrast, empirical evidence indicates that climate-related news introduces dynamic,
time-varying risks that require active hedging (Engle et al., 2020), and that investors gradu-
ally reward green funds (Hartzmark and Sussman, 2019) while pricing firms’ carbon exposure
(Bolton and Kacperczyk, 2021). Across these studies, markets adjust only gradually to climate-
and environmental-related news. Thus, although both theoretical and empirical strands agree
that investor preferences for green assets affect asset prices, they diverge on the mechanism and
timing of price adjustment. This divergence motivates our central question: why does climate-
and environmental-related information diffuse so slowly into asset prices?

However, this dynamic perspective raises a deeper question: why do shifts in investor de-
mand for green or climate-friendly assets exert such persistent and pronounced effects on prices,
rather than being swiftly incorporated into market valuations? In an efficient market where
climate- and environmental-related information is immediately processed by all investors, such
shifts should be rapidly arbitraged away. The persistence of these return effects suggests the
presence of frictions — whether informational, behavioral, or institutional — that slow the trans-
mission of climate- and environmental-related information into prices. Yet, the existing litera-
ture, focused primarily on equilibrium outcomes and aggregate empirical patterns, offers little
in the way of a micro-founded account of how and why investor portfolios adjust sluggishly to
evolving climate- and environmental-related signals.

We argue that the missing mechanism underlying the sluggish adjustment of asset prices to
sustainability information is rational inattention (RI) (Sims, 2003). Investors face inherent cog-
nitive and informational constraints when processing complex and noisy signals about firms’ en-
vironmental performance, regulatory developments, and transition risks. While dynamic asset-
pricing frameworks such as Avramov et al. (2025) capture the consequences of slow-moving
demand for green investments, they remain silent on its origins. To bridge this gap, and follow-



ing the spirit of Batchuluun et al. (2019), we introduce a RI constraint into a portfolio choice
setting, providing a micro-founded explanation for why investors respond gradually to climate-
and environmental-related news. Building on the application of RI in financial markets by Peng
and Xiong (2006) and Van Nieuwerburgh and Veldkamp (2010), we develop a tractable two-
period model that isolates the role of information-processing capacity (k) in shaping investors’
optimal allocation among green, brown, and the risk-free assets.

Our theoretical model and numerical solutions yield a consistent set of results that under-
score the significant role of limited attention. We find that investors with low information-
processing capacity exhibit slower responses to climate- and environmental-related news, lead-
ing to a persistent underweighting of green assets. An increase in capacity kK systematically
boosts allocations to green investments, while higher risk aversion paradoxically shifts portfo-
lios towards brown assets, which offer a risk premium. Moreover, the quality of information it-
self is decisive: noisier signals for green stocks suppress their allocation, whereas noisier signals
for brown stocks can indirectly promote green investment. These cognitive frictions generate
delayed market adjustments and persistent pricing inefficiencies, and help explain why climate-
and environmental-related shocks have such prolonged effects on returns.

Overall, we demonstrate that inefficiencies in green investing arise not only from regulatory
uncertainty and behavioral biases but also from fundamental cognitive constraints. This research
seeks to answer the following key questions: First, how does limited information-processing
capacity influence the allocation of wealth between green and brown stocks? Second, what
role does attention allocation play in shaping the speed of market adjustment to climate- and
environmental-related shocks? Third, under what conditions do investors underreact to new
climate- and environmental-related regulations?

This analysis allows us to make the following key contributions to the literature on green fi-
nance and information frictions. First, we propose a novel integration of the RI framework into a
green-versus-brown portfolio choice model — an approach that, to the best of our knowledge, has
no precedent in the existing literature. This integration provides a micro-founded explanation
for the observed sluggish adjustment of asset prices and investor portfolios to environmental
news, enhancing and extending prior explanations that predominantly rely on regulatory un-
certainty or behavioral biases. Second, we demonstrate that strong environmental preferences
(¢) are a necessary but not sufficient condition for green investing. Our model shows that
these preferences translate into higher green allocations only when complemented by sufficient
information-processing capacity (x), highlighting a previously overlooked cognitive bottleneck
in green finance. Third, we identify a paradoxical driver of green investment: higher signal noise
for brown assets. When information about brown stocks becomes noisier, investors rationally
shift attention and capital towards green alternatives, even without changes in their environmen-
tal preferences. Fourth, the model predicts that the temporary mispricing created by rationally
inattentive investors generates distinct arbitrage opportunities for more attentive investors, who
can adjust their portfolios earlier in response to environmental shocks. Fifth, through numerical
solutions and sensitivity analysis, we quantify how portfolio choices and adjustment speeds are
shaped by the interplay of risk aversion (%), environmental concern (¢), signal noise (0?), and
information capacity (), which translates into testable empirical predictions.



The remainder of this paper is structured as follows. Section 2 positions our study within the
relevant literature on green finance and RI. Section 3 introduces the two-period portfolio choice
model. This model features investor preferences for both financial returns and environmental
impact, and incorporates the RI constraint. Section 4 derives the optimization problem and
the resulting first-order conditions. It also characterizes the mechanics of optimal attention
allocation. Section 5 presents numerical results, including sensitivity analyses, which quantify
how portfolio choices respond to key parameters such as information capacity, risk aversion,
and signal noise. Finally, Section 6 concludes.

2 Literature review

The growing prominence of sustainable finance has catalyzed a rich body of research on how
ESG factors influence investor behavior and asset prices. Concurrently, a separate and well-
established literature explores the profound implications of information frictions for economic
and financial decision-making. This review seeks to reconcile these two strands, arguing that the
theory of RI provides a micro-founded explanation for central puzzles in sustainable investing.

A central premise in the sustainable finance literature is that investors derive utility not solely
from financial returns, but also from non-pecuniary benefits Seminal work by Pastor et al. (2021)
formalizes this idea in an equilibrium setting, which demonstrates that investors’ preferences
for sustainable assets can lower their expected returns, creating a “greenium”. This aligns with
empirical evidence that a significant segment of the investor population is willing to sacrifice
financial performance for social or environmental objectives (Krueger et al., 2020; Hartzmark
and Sussman, 2019). Furthermore, assets perceived as “brown” or carrying high climate risk
have been shown to exhibit different risk-return profiles. These assets often require a financial
premium to compensate for their exposure to transition risks, such as future carbon taxes or
regulatory shifts (Bolton and Kacperczyk, 2021; Gorgen et al., 2020). These studies establish a
clear theoretical and empirical basis for distinguishing between green and brown assets and for
incorporating a direct environmental impact term into the investor’s utility function.

However, the literature remains largely silent on the informational channels and cognitive
processes through which investors operationalize these preferences. ESG-related information
is often complex, forward-looking, and non-standard, pertaining to long-term risks like climate
change or social governance. A wealth of evidence from behavioral finance documents system-
atic underreaction to such information. For instance, studies show that stock prices incorporate
news about firm-specific ESG performance only gradually (Dimson et al., 2015), and markets
are slow to price in long-term climate risks (Giglio et al., 2021). Traditional explanations for
this underreaction often point to behavioral biases or regulatory uncertainty. Yet, a more foun-
dational explanation lies in the theory of RI, pioneered by Sims (2003).

The concept of RI represents a paradigm shift in the way economists model decision-making
under uncertainty. Taking its origins from the seminal work of Sims (2003), RI theory posits that
economic agents face fundamental constraints in their capacity to process information. Unlike
traditional models where information is either fully available or completely unavailable, the

RI framework recognizes that agents can process information but might optimally choose to



do so imperfectly. Building on information theory, RI is formalized as a constraint on mutual
information between the state variables and the agent’s signals. This is typically expressed as
1(0;s) < k, where 0 represents the state variables, s denotes the signals observed by the agent,
and k captures the agent’s information-processing capacity. This constraint captures the trade-
off between signal precision and cognitive effort.

The early applications of RI primarily focused on macroeconomic phenomena, particularly
price stickiness. Mackowiak and Wiederholt (2009) demonstrated how rationally inattentive
price-setters could generate persistent nominal rigidities without requiring menu costs or other
frictions. Their model showed that when firms face capacity constraints in processing macroe-
conomic information, they optimally adjust prices infrequently and by small amounts, which
generates realistic inflation dynamics. This line of research provided an important alternative
to traditional sticky-price models by emphasizing the cognitive constraints rather than physical
adjustment costs. The RI framework successfully explained why firms might not immediately
respond to monetary policy shocks or other aggregate disturbances, even when such responses
would be beneficial under full information.

In financial economics, RI has proven particularly powerful in explaining asset pricing puz-
zles and investor behaviors. Peng and Xiong (2006) showed how inattention to market-wide
information can generate momentum and reversal patterns in stock returns. Their model demon-
strated that when investors have limited capacity to process market information, they tend to
underreact to macroeconomic news initially but overreact in the long run as information grad-
ually diffuses. A key insight from this literature is that rational inattention naturally generates
category-learning behavior, where investors allocate their attention broadly to market or sector-
level information rather than processing firm-specific details. This explains why correlated price
movements occur within asset classes and why investors might appear to neglect idiosyncratic
information.

Van Nieuwerburgh and Veldkamp (2010) extended the RI framework to portfolio choice,
which shows how attention constraints lead to suboptimal diversification and slow portfolio re-
balancing. Their model predicts that investors concentrate their attention on assets they already
hold heavily, creating inertia in portfolio adjustments; a finding with direct implications for
understanding the slow diffusion of ESG information into investment portfolios.

The allocation of attention across different information sources represents a central theme
in RI research. Kacperczyk et al. (2016) developed a model where investors optimally allo-
cate their limited attention between learning about asset fundamentals and monitoring portfolio
performance. They showed that this attention allocation decision has significant implications
for trading behavior, portfolio concentration, and ultimately, investment performance. Their
empirical tests revealed that more sophisticated investors (those with higher k) exhibit better
attention allocation and, consequently, achieve superior performance. This heterogeneity in
information-processing capacity provides an explanation for why some investors can exploit
market inefficiencies, while others persistently underperform.

The implications of RI for market efficiency have been extensively explored. Hirshleifer
et al. (2011) demonstrated how inattention can create predictable return patterns around corpo-

rate earnings announcements and other information events. Their model shows that even when



information is publicly available, the gradual processing of this information by inattentive in-
vestors generates persistent mispricing. Importantly, the RI framework distinguishes itself from
behavioral models by maintaining the assumption of rationality within cognitive constraints.
Investors in RI models do not make systematic cognitive errors. Rather, they optimally allocate
their scarce attention resources. This distinction is crucial for understanding why mispricing
patterns can persist even in the presence of sophisticated arbitrageurs, as attention allocation
itself becomes a strategic decision.

In parallel, the literature on sustainable finance and environmental, social, and governance
(ESG) investing has highlighted how preferences and information jointly drive portfolio de-
cisions. Pastor et al. (2021) developed an equilibrium model of sustainable investing, which
demonstrates that investors derive utility from holding green assets even at the cost of lower
expected returns. Empirical studies, such as Krueger et al. (2020), confirm that institutional
investors acknowledge climate risk but face challenges in processing ESG-related data due to
measurement inconsistencies and disclosure heterogeneity. Avramov et al. (2025) documented
that markets underreact to ESG demand shocks — where green assets earn higher realized re-
turns than initially anticipated — suggesting that information frictions play a central role in the
dynamics of sustainable asset pricing.

Overall, our work provides a novel contribution to the literature by integrating the RI frame-
work directly into a sustainable portfolio choice model, thereby offering a micro-founded expla-
nation for the observed underreaction to green-related information that moves beyond existing
explanations rooted in regulatory uncertainty or behavioral biases alone. While prior work has
established RI as a key driver of inertia in macroeconomic settings and traditional financial mar-
kets (Sims, 2003; Mackowiak and Wiederholt, 2009) and has modeled its implications for asset
pricing (Peng and Xiong, 2006) and portfolio allocation (Van Nieuwerburgh and Veldkamp,
2010), our model is the first to explicitly formalize how a finite information-processing capacity
constrains an investor’s ability to process noisy signals on both the financial and environmental
attributes of green and brown assets simultaneously.

More broadly, our research yields novel theoretical predictions about investor behavior and
asset pricing. Specifically, we find that strong environmental preferences only translate into
higher green allocations when complemented by sufficient attention capacity. We also find
that a higher level of signal noise for brown assets can paradoxically boost green investment.
Our theoretical model explains how these cognitive frictions can lead to persistent mispricing,

delayed portfolio adjustment, and create arbitrage opportunities for attentive investors.

3 Model Setup

3.1 Investor Preferences

The investor’s utility function accounts for both financial wealth and environmental concerns,
which is essential given the increasing role of ESG preferences in asset allocation (Pastor et al.,
2021). We assume an iso-elastic (CRRA) utility function over consumption ¢ and a linear func-

tion in environmental impact £



1=y
u(c,E)= 1C

_¢E7 (1)

In Equation 1, ¥ > 0, y # 1, is the coefficient of relative risk aversion, ¢ > 0 is the weight
on environmental impact, and E = o, E}, is the environmental impact of the portfolio, where o,
is the fraction of wealth invested in brown stocks and Ej, > 0 denotes the environmental damage
per unit of brown stock.! This specification aligns with van der Ploeg (2025), who similarly
assumes linear disutility from environmental degradation, and is further consistent with empiri-
cal evidence showing that investors incorporate non-financial factors into their decision-making
(Krueger et al., 2020). The model allows for heterogeneous environmental preferences. Indeed,
some investors may be willing to sacrifice returns to hold greener portfolios, while others may
prioritize financial performance over sustainability. Investors maximize lifetime utility over two
periods, in which they make decisions in the first period based on expectations of future out-

comes in the second period
Elu(cr,E1) + Bu(ca, E2)], )

where 8 € (0,1) is the discount factor. The problem consists of two key stages:
Period 1. At the beginning of the first period, the investor receives a stochastic income e; and
chooses consumption c;. The remaining wealth is allocated across three asset classes: green

stocks (ag) with an expected return R,, brown stocks (o) with an expected return Ry, and a
risk-free asset (0ty) with a fixed return Ry.

Period 2. In the second period, the investor receives an additional stochastic income e, and
consumes the total available wealth. The portfolio return R, determines the accumulated capital

carried forward and is given by
R, = 04R, + R, + 0fR . 3)
The second-period consumption c; is then
C2=(€1—01)RP+62. @

This formulation captures the investor’s intertemporal trade-off between immediate con-
sumption and long-term portfolio growth, subject to the uncertainty of asset returns and their

environmental impact.

IFollowing Pastor et al. (2021), we model environmental preferences through a direct utility penalty — ¢, Ej,. This
term captures a purely taste-based disutility from holding brown assets, independent of any causal effect on firm emis-
sions. Our model therefore abstracts from feedback effects on firm behavior. This approach is consistent with the
majority of ESG-portfolio models (e.g., Pastor et al., 2021; Pedersen et al., 2021), which similarly treat exclusion as
preference-driven rather than impact-driven. Incorporating real effects of exclusion on firm emissions or brown returns
— for example, via equilibrium firm responses — would be an important and complementary extension, but falls outside
the scope of the present two-period setting.



Portfolio Choice

Investors allocate wealth between green stocks (o) with the expected return R, and environ-
mental impact E, = 0, brown stocks (a,) with the expected return R;, and environmental impact
Ej, > 0, and the risk-free asset (o) with the return R¢. The budget constraint is given by

O + 0+ 0 = 1. (®))

Information Structure and Rational Inattention

Investors receive noisy signals s, and s;, of green and brown stocks, which are linear combina-
tions of portfolio exposure on true future returns with noise. Formally,

Sg = Othg + &, Sp= Ry + €&, (6)
where the noisy terms &, and &, are assumed to be zero-mean Gaussian with variances Gg and
o7, respectively.> We further assume (R,, &) to be independent of (Ry, €,).> The noise in the
signals affects the investor’s ability to process information about the returns of green and brown
stocks. For instance, higher noise reduces the investor’s ability to process information about
green stocks, which leads to lower allocations. As a result, they become less confident about
returns on green stocks and may shift wealth to safer assets. Higher noise also reduces the in-
vestor’s ability to process information about brown stocks, but the effect may be less pronounced
if brown stocks are already perceived as risky. Consequently, investors may maintain or slightly
reduce their allocations to brown stocks. Furthermore, as noise increases, the allocation to the
risk-free asset typically increases because investors seek safer investments when information
is less reliable. Due to the limited information-processing capacity k, investors cannot fully
process all the information in the signals. They allocate k between the signals s, and s, to max-
imize their expected utility. Optimal attention allocation depends on the relative importance of
the signals in determining portfolio return and environmental impact. The mutual information
between the signals and the investor’s decision (portfolio choice) is constrained by k. This can
be formalized as

I(Rg,Rp;Sq,8p) < K, @)

where I(+) is the mutual information. For example, if the shock increases the expected return

on green stocks, investors can choose to allocate more attention to s, to better estimate it. A

2In the standard rational-inattention literature, signals are often written in the reduced form s, = R, + &, (see, e.g.,
Peng and Xiong, 2006; Van Nieuwerburgh and Veldkamp, 2010). We adopt the scaled specification s, = 0z R, + &
for tractability within the mutual-information framework. The scaling by a, reflects the idea that the marginal value
of information is proportional to the investor’s exposure to the asset, as in entropy-based learning technologies. The
economic interpretation is unchanged; investors begin with prior beliefs about returns and update them using the signals
as Bayesian likelihoods. This formulation preserves the standard Bayesian updating logic while yielding a closed-form
mutual-information constraint and the Gaussian assumption.

3The assumption of independence between green and brown asset returns is adopted primarily for analytical tractabil-
ity and expositional clarity. Introducing correlation between the two return processes would significantly complicate
the information structure and the resulting dynamics of optimal portfolio choice, thereby obscuring the sharp qualitative
patterns that emerge under independence. We therefore leave the theoretically important case of correlated green—brown
returns for future research.



shock can contain new information about the environmental impact of brown stocks (e.g. stricter
regulations) or the financial performance of green stocks (e.g. renewable energy subsidies). It
can be modeled as a change in the distribution of R, and Ry, or as a change in Ej; and E;,. When a
shock arrives, investors update their beliefs about the returns and environmental impacts of green
and brown stocks. However, due to their rational inattention, they may not fully incorporate the

new information into their decision-making process.

Model Dynamics and Key Predictions

Pre-Shock Equilibrium. Prior to any shocks, investors allocate their limited attention between
the signals s, and s;, which in turn leads to their portfolio choices (¢, 0,). Investors with dif-
ferent information-processing capacity kK may exhibit different portfolio choices, where some of
them hold more green stocks than others. Investors with low k may exhibit a more precautionary
behavior, adjusting their portfolios more conservatively, reflecting greater inertia in response to
uncertainty.

Post-Shock Adjustment. Following a shock, investors reallocate attention in response to the
new information. When the shock favors green stocks, investors optimally increase attention
to s¢, leading to a higher portfolio share o,. However, due to limited information-processing
capacity, the adjustment is typically incomplete, and portfolios may not fully reflect the new
information. This leads to a gradual transition towards a new equilibrium.

Long-Run Implications. Over time, as investors continue to process information, portfolio
allocations gradually converge toward the optimal allocation implied by the new information.

The speed of this adjustment is driven by the investor’s information-processing capacity K.

4 Optimization Problem

The mutual information constraint captures the investor’s limited information-processing capac-
ity by quantifying the reduction in uncertainty about the returns R, and R), after observing the

signals s, and s,. The mutual information I(Rg, Rp; 5., 5) is defined as
I(Rg,Rb;Sg,Sb) :H(Rg,Rb)—H(Rg,Rb|Sg,Sb), (8)

where H(R,,R;) is the joint entropy of the returns, and H(Rg,R),

Sg,Sp) is the conditional en-
tropy of the returns given the signals. Under the independence assumptions introduced above
and the joint Gaussianity of returns and signals, the mutual information decomposes additively

and can be expressed in terms of variances

1 Var(R,) 1 Var(Ry)
IRy Ry:50.55) = ~log [ —\e) ) | 7
(Ry: Ry 5g:55) 2 Og(Var(Rg|sg)) Jr2 g (Var(R;,|s;,) ’ ©)

where Var(R,) is the unconditional variance of the return on green stocks, Var(R,

Sg) is the
conditional variance of R, given the signal s,, Var(R),) is the unconditional variance of the return

on brown stocks, Var(Rp|s,) is the conditional variance of R;, given the signal s,. The mutual



information constraint limits the investor’s ability to reduce uncertainty about the returns R, and

Var(Ry)
m) captures

the reduction in uncertainty about green return R, resulting from observing the signal s, while

Ry, by observing the signals s, and s,. In this expression, the term %10g (

1 Var(R, . . . .
5 log (%) captures the corresponding reduction in uncertainty about brown return Ry,

from observing s,. This constraint binds at equilibrium, so
I(Rg,Rp;Sq,8p) = K.

This occurs because the investor optimally uses all available information-processing capacity to
maximize expected utility. If the constraint were not binding, the investor could further reduce
uncertainty about the returns and improve their portfolio choice, leading to higher utility. Under
the Gaussian signal structure introduced in (6), the mutual information (9) admits the closed-

form expression (see Appendix A for more details):

2.2 2.2

1 a’op 1 forde]
I(Rg,Rb;sg,sb):Elog 1+ ngg Jrilog 1+ /IGZRb . (10)

g b

4.1 Lagrangian Formulation

Attime f = 1 the investor receives the stochastic income e and chooses first-period consumption
c1. The remaining wealth e; — ¢ is allocated across the green and brown stocks, and the risk-
free asset. At time ¢t = 2, the investor receives an additional stochastic amount e, and the realized
asset returns, and consumes all available wealth. Therefore, the second-period consumption c;
satisfies

2= (e1 —c1)R, +er. an

Note that the wealth at + = 2 consists of the realized returns of first-period investment plus
second-period income e;. The investor jointly chooses first-period consumption and portfolio
allocation to maximize expected lifetime utility over two periods (2).

Accordingly, the investor solves the following problem:

Cl’é?’a}x);’afE[u(cl,E)—|—l3u(cz,E)] (12)

subject to:
I(Rg,Rp;Sq,8p) = K (13)
o+ oy + o =1, (14)

with o > 0, a, >0, oy >0, and with 0 < ¢; < e;. We have implicitly assumed that £y = E; =

E, since the environmental damage per unit of brown stock does not change over time.*

“Note that environmental impact arises only from asset holdings, which are chosen after consumption at r = 1. As
1=y 1-y
c

a result, first-period utility takes the form u(cy,E) = l‘fy, while second-period utility is given by u(c;,E) = i{y -
P oEp.

10



The Lagrangian reads:
2 =Eu(cr,E) + Bu(ca, E)] = M (I(Rg, Rps 5¢,55) — K) — Ao (g + 0 + 0t — 1),

where . 1= Z(c1, 0, 0, 0y, A1, A2), and where A1, A, are the Lagrange multipliers.
The first order conditions can be written as

;"= BE[c; "R} =0

—y txg(r,%g
BE[c, " (e1 —c1)Rg] —llm —A =0,
BE[c, "(e1 —c1)Ry] — BOE, — M1
ﬁE[C;y(el —Cl)Rf] — )uz = O,

I(Rg7Rh;Sgasb) —K= 07

o0} P 0
2.2, M=
cb+ocbth

O +0op+oy—1=0,

where

2,2 5y 5
1 o (0] 1 oo

e Roisgrse) Elog <1+ gazg> Elog <1+ hGZRb>7
8 b

and where
= (e1— Cl)(OCgRg + R, + OCfRf) + e,

with og > 0, o >0, oy > 0, and with 0 < ¢ < e;. See Appendix B for more details.

5 Numerical solution

15)

(16)

The system of equations in (16) is highly nonlinear and therefore requires numerical methods to

be solved. To this end, we specify the model parameters as follows.

5.1 Parameter specification

We adopt the following parameter values:

1. First-period income e is assumed to follow a normal distribution with mean 0.085 and

standard deviation 0.023, while second-period income e; is normally distributed with

mean 0.05 and standard deviation 0.03.

2. The coefficient of relative risk aversion 7y in the CRRA utility function (1) is set to 2,

a standard and well-established choice in the macro-finance and asset-pricing literature.

This value is widely used as a benchmark; for instance, Campbell et al. (2003) adopt Yy =2

in their strategic asset allocation framework, explicitly characterizing it as representative

of a moderate and empirically plausible level of risk aversion.’

SMehra and Prescott (1985) argue that values of the coefficient of relative risk aversion, 7, in the range of 2 to 4 are

consistent with microeconomic evidence and commonly used macroeconomic calibrations.
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3. The parameter ¢ in (1) captures the disutility investors associate with environmental dam-
age, arising specifically from exposure to brown assets. We set this parameter at 0.1 in
the model, consistent with Pastor et al. (2021), who choose this value to generate an equi-
librium greenium of approximately 1.5% annually. This value is in line with a moderate
degree of investor preference for environmental sustainability and is also supported by
survey evidence reported in Krueger et al. (2020), which suggests that many investors
are willing to accept lower financial returns in exchange for more sustainable investment

outcomes. °

4. The parameter K in the information constraint (13) represents the investor’s information-
processing capacity and serves as a mutual information bound on how much information
about asset returns and environmental impacts can be absorbed. We set k = 0.5 as a
normalized midpoint value, corresponding to a moderate level of attention and cognitive
bandwidth. As emphasized by Sims (2003), k should not be interpreted as a direct em-
pirical measure of cognitive ability, but rather as a modeling device that constrains the
rate at which uncertainty can be reduced through information acquisition. 7 Similarly,
Van Nieuwerburgh and Veldkamp (2010) normalize the information budget and study
equilibrium outcomes under interior levels of information-processing capacity. Further-
more, in the sensitivity analysis presented in subsection 5.3, we explore how variations
in the information-processing capacity (between 0 and 1) affect both optimal portfolio

allocations and consumption choices.

5. Green and brown asset returns are assumed to follow a normal distribution, namely R, ~
N (Ur,-0,) and Ry ~ A (Ug,, O, ), With pg, = 1.08 and pig, = 1.10, while the risk-free
asset is set as Ry = 1.02. These values represent a realistic return hierarchy. Brown stocks
offer slightly higher returns to compensate for transition and environmental risks, consis-
tent with the presence of carbon premia (Bolton and Kacperczyk, 2021; Pastor et al.,
2021), while green and sustainable assets offer slightly lower financial returns in line with
evidence that investors are willing to sacrifice performance for sustainability character-
istics (Hartzmark and Sussman, 2019; Pedersen et al., 2021). The risk-free rate of 2%
is consistent with long-run real interest rates in developed economies (Del Negro et al.,
2019; Rogoff et al., 2024). Moreover, their variances are set at G,%g =0.15and G]%b =0.2,
and this reflects the riskiness of the investment of the brown stock compared to the green
one (Krueger et al., 2020; Bolton and Kacperczyk, 2021).

6Specifically, Krueger et al. (2020) show that institutional investors express moderate willingness to sacrifice returns
for environmental sustainability, ranking climate risks as financially material but not dominant. This supports setting ¢
at a modest level to reflect realistic ESG/green preferences observed in practice.

7Sims (2003) illustrates the mechanism using a range of purely demonstrative capacities, ranging from 0.111 to
3.56 bits per time unit. They are chosen only to show how the dynamics of optimal behavior change under different
information-flow regimes. He explicitly notes that even one bit per month is “a very modest requirement” and that
actual human information-processing ability is “vastly higher”, with effective low capacity arising because individu-
als typically allocate most of their attention to non-macroeconomic information. Accordingly, following the broader
rational-inattention literature, we treat kK as a normalization choice that ensures an interior solution for attention alloca-
tion rather than as a parameter with a natural empirical scale or behavioral interpretation. A similar treatment appears in
Van Nieuwerburgh and Veldkamp (2010), where the information budget k is normalized to study how different learn-
ing technologies (additive precision vs. entropy-based) shape under-diversification; there too, no attempt is made to
estimate the scale of k, and its magnitude has no empirical content beyond determining the region in which interior vs.
corner solutions arise.
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6. The signal variances are set at 0'g2 =0.04 and 0'13 = 0.06. These values reflect greater un-
certainty in the signals associated with brown stocks, consistent with the idea that brown
industries face more legal, regulatory and reputational risk (HSU et al., 2023). Higher
noise in brown signals is also in line with empirical findings that ESG-related risks for
carbon-intensive firms are difficult to price and hedge due to lack of disclosure and non-
standardized data (Krueger et al., 2020). Moreover, Engle et al. (2020) argue that ‘climate

news contains substantial noise, particularly for carbon-intensive firms’.

7. The parameter E}, takes into account the environmental cost per unit of brown stock and
it is set as E, = 0.5. This value is a normalized measure to scale the environmental
penalty in utility. It allows the model to capture the trade-off between financial return and

environmental damage in a tractable way.

Table 1 summarizes the parameters specification used to numerically solve the non-linear

system of equations (16).

Table 1: Parameters’ specification for the model.

Parameter Specification

First-period income e
Second-period income e,

e1 ~ .4 (0.085,0.023)
e ~ A (0.05,0.03)

Coefficient of relative risk aversion y ~ y=2

Environmental impact E, E,=0.5
Weight on environmental impact ¢ ¢=0.1
Information-processing capacity K k=0.5

Green returns R, Ry~ #(1.08,0.15)
Brown returns R, Ry~ .4(1.10,0.2)
Signal noise o2 62 =0.04

Signal noise G% G% =0.06

5.2 Solution

To solve the system of nonlinear equations derived from the first-order conditions (16) for ¢

and a, 04, 0y, we adopt the Newton-Raphson method. We proceed as follows:

1. Initial Guess. We start with an initial guess for c1, ¢, &, @f, and A, Ay:

V=004, of”=03 =03 o’=04, 17=1, 1Y=01

2. Compute Residuals. We evaluate the residuals of the first-order conditions, the information-
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processing and budget constraints at the current guess:

Residual; = ¢, " — BE[c, 'R,

2
OO,

Residual, = BE[c, "(e] —c1)Rg] — A A

1
2 2 52
O; + o GRg
2
OCbO'Rb

. _ =Y
Residual; = BE[c, "(e1 —c1)Rp] — BOE, — X m

—

Residualy = ﬁ]E[c;Y(el — Cl)Rf] — 2.2
Residuals = I(R,,Rp;54,55) — K

Residualg = otz + o + 0t — 1

3. Update Guess. We use the Newton-Raphson routine to update the guess:

C & Residual;
ch(,kJr g aék) Residual,
aIEkH) B (xlgk) ! Residual;
(XJE-kH) B a;-k ) Residualy ’
ll(kH) lfk) Residuals
),Z(H ) Aék) Residualg

where J denotes the Jacobian matrix of the residuals with respect to ¢y, @, 0%, 0y and
A, .

4. Check Convergence. We repeat the process until the residuals are smaller than a prede-

fined tolerance (e.g. tol = 107°).

Assuming the parameters’ specification given in Table 1, the algorithm converges robustly to

the solution
¢} =~ 0.067, ag’f ~0.29, aj~0.57, oc}i ~0.14. 17

5.3 Sensitivity analysis

We perform a sensitivity analysis of the more impactful parameters of the system described by
(16), to measure their effect on the optimal allocations ¢, &, a;i and on the optimal consump-
tion c}. We start with a complete one-parameter sensitivity analysis to check the overall impact
of each single parameter, and then perform a two-parameter sensitivity analysis to gain deeper

insights.

5.3.1 One-parameter sensitivity analysis of optimal portfolio weights

To assess the overall impact of each parameter, we construct an evenly spaced grid across its
plausible range and vary that parameter over the grid while holding all other parameters fixed,
as specified in Table 1. This approach allows us to isolate the marginal effect of each parameter

on optimal choices.
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Figure 1 illustrates how varying the relative risk aversion parameter ¥ in (16) affects the
optimal allocations o, &, (x;i and initial consumption ¢]. To do so, we use an equispaced
grid from y = 1.5 to y = 3.5, with a step of 0.1. As 7 increases, investors allocate more to
brown assets and less to green assets. The allocation to the risk-free asset remains largely
stable, exhibiting a slight decline as ¥ rises from 1.50 to 1.75 (blue dotted line). The right
panel of Figure 1 shows that optimal initial consumption rises gradually with increasing risk
aversion. This pattern reflects a preference among more risk-averse individuals for immediate,
certain consumption over uncertain future returns. The measured, steady increase suggests that
while higher risk aversion encourages greater present consumption, its impact on consumption
decisions remains gradual, highlighting a consistent trade-off between current utility and future

wealth accumulation.

Figure 1: Sensitivity of Portfolio Allocations to Changes in y
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Notes: The left panel shows how the three asset-class allocations vary with 7, while the right panel illustrates the effect
of 'y on initial consumption cj.

Figure 2 illustrates how variations in the information-processing capacity parameter, K, in
(16) influence both the optimal portfolio allocations (left panel) and the optimal initial con-
sumption choice (right panel). The parameter x is assumed to vary from O to 1 in increments
of 0.05. At the lower bound, ¥ = 0, investors are unable to extract any information from the
available signals. Lacking informative content about risky returns, they optimally allocate their
entire wealth to the risk-free asset, fully avoiding exposure to risk. As k increases, investors
gain a greater ability to process and extract useful information from the available signals. This
enhanced informational capacity allows them to form more precise expectations about asset re-
turns and risks, which in turn leads to systematic adjustments in both portfolio composition and
consumption decisions. In particular, higher values of «k translate into a progressively larger
allocation to green stocks, accompanied by declining positions in brown stocks and the risk-free
asset. This reallocation reflects the fact that, with more information at their disposal, investors
place greater confidence in the superior expected returns and environmental attributes of green
assets and, therefore, are more willing to tilt their portfolios in that direction.

The effect becomes especially pronounced as K approaches one, corresponding to the case
of full information-processing capacity. In this limit, the investor fully internalizes the informa-
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Figure 2: Sensitivity of Portfolio Allocations to Changes in k
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of K on initial consumption c;.

tional content of the signals and thus allocates almost all wealth to green assets, which become
overwhelmingly preferred. Conversely, the shares invested in the brown asset and the risk-free
asset shrink virtually toward zero. Optimal consumption similarly declines, as investors choose
to allocate nearly all available resources to the green asset in anticipation of higher future pay-
offs. This pattern highlights how improvements in information-processing ability can funda-
mentally reshape investment behavior, amplifying both environmental and financial motivations
for green-oriented portfolio choices.

Figure 3 shows how changes in the weight assigned to adverse environmental impact, ¢, in
(16) influence the optimal portfolio allocations and the initial consumption choice. We vary ¢
from 0 to 0.5 in increments of 0.05. As ¢ increases, investors place progressively greater em-
phasis on environmental harm when making decisions. This heightened concern leads to a clear
rebalancing of the portfolio: the allocation to brown assets steadily declines, while the alloca-
tion to green assets rises. In other words, stronger environmental preferences push investors to
shift their wealth away from environmentally damaging assets and toward greener alternatives.
The allocation to the risk-free asset exhibits a mild increase at higher values of ¢, suggesting a
small precautionary component as environmental preferences intensify. The optimal initial con-
sumption also rises with ¢ (Figure 3, right panel). This indicates that when investors care more
about environmental impact, they choose to consume more today while still reallocating their
remaining wealth toward greener assets. Overall, increasing ¢ amplifies both the preference for
environmentally friendly investments and a tendency toward higher current consumption.

Figures 4 and 5 illustrate how variations in signal noise influence optimal allocations and
initial consumption. Figure 4, in particular, explores the consequences of increasing noise in
the green signal. A higher value of Gg — that is, a noisier green signal — reduces the investor’s
ability to infer returns information from it. Because attention is limited and must be directed
where it yields the greatest benefit, investors reallocate attention away from the green signal.
Consequently, the optimal allocation to green stocks decreases, while the allocation to brown

stocks increases. Notably, once the noise exceeds a certain threshold (Gg > 0.1), the share of
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Figure 3: Sensitivity of Portfolio Allocations to Changes in ¢
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wealth allocated to the green asset drops by roughly 10 percentage points (Figure 4, green line).
Initial optimal consumption also declines, which indicates that investors choose to save more to

buffer against the heightened uncertainty in the risky portfolio.

Figure 4: Sensitivity of Portfolio Allocations to Changes in ng
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Similarly, Figure 5 shows that a higher 613 reduces the investor’s ability to extract returns
information from the brown signal, which makes brown stocks relatively less attractive than
green stocks. As a result, the optimal allocation to brown assets declines, while the allocation
to green assets increases. In this case, initial optimal consumption rises (Figure 5, right panel),
reflecting the fact that, with fewer appealing risky investment opportunities, investors choose to
consume more in the present rather than saving for a less rewarding portfolio.

Table 2 summarizes the effects of a change in the parameters in the allocations of the three
asset and on the initial consumption c;.

The quantitative results highlight a sharp asymmetry in green versus brown investing that

arises from the interplay of environmental preferences, risk aversion, and, most crucially, limited

17



Figure 5: Sensitivity of Portfolio Allocations to Changes in sz
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Table 2: Sensitivity Analysis Summary for Initial Consumption and Portfolio Allocation

Parameter  Effect on o Effect on o Effect on o Effect on c}
Yt Decreases Increases Negligible Increases
KT Increases Decreases (even- Decreases Decreases
tually)
o1 Increases Decreases Increases Increases
o2 Decreases Increases Decreases Decreases
g
o2t Increases Decreases Decreases Increases

information-processing capacity. Higher risk aversion shifts portfolios toward brown assets
because, under limited attention, investors prioritize assets with higher expected returns that
compensate for residual uncertainty. At the same time, the risk-free allocation remains broadly
stable. Stronger environmental preferences, by contrast, directly increase demand for green and
risk-free assets. They also crowd out brown assets, even when brown stocks initially offer higher
average returns.

The central driver of sustainable portfolio reallocation, however, is the investor’s information-
processing capacity k. At low levels of k, severe rational inattention keeps the posterior un-
certainty high for both green and brown assets, and green allocations remain modest: investors
simply cannot discern the lower long-term environmental and regulatory risk embedded in green
firms or the hidden transition and stranded-asset risks of brown firms. As k rises, the investor
endogenously devotes a disproportionate share of the newly available information-processing
capacity to the green asset. This occurs because, as information accumulates, learning about
brown assets increasingly reveals transition and regulatory risks that reduce their expected util-
ity once environmental preferences are taken into account. Consequently, the marginal value of
further attention to brown assets declines, and additional capacity is optimally redirected toward
green returns. As posterior uncertainty falls, green assets are perceived as relatively less risky

in utility terms, while brown assets become less attractive once both financial and environmen-
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tal risks are fully internalized. The resulting re-allocation is highly non-linear; green portfolio
weights rise sharply beyond a critical x-threshold, whereas brown holdings collapse (often ap-
proaching zero), and the demand for the risk-free asset declines as confidence in informed risky
positions increases. Worse signal quality reinforces these patterns asymmetrically: higher noise
in green signals directly depresses green investment, whereas higher noise in brown signals of-
ten increases green holdings by leaving investors precautionary about undisclosed climate risks
in the brown sector.

In short, limited attention could be seen as the key bottleneck slowing the private-sector
green transition. Expanding investors’ effective processing capacity x, through better disclo-
sure, standardized ESG data, or financial education, triggers a rapid and powerful shift of cap-
ital from brown to green assets, even among moderately environmentally conscious investors.
Rational inattention thus transforms environmental preferences from a mild tilt into a decisive

force for portfolio decarbonization once cognitive constraints are relaxed.

5.3.2 Two-parameter sensitivity analysis of optimal portfolio weights

To gain deeper insights into the mechanisms of the model, we conduct a series of two-dimensional
sensitivity analyses. Specifically, we examine how optimal portfolio weights o, o, and a;f- re-
spond to joint variation in information-processing capacity x and three key drivers: (i) risk
aversion 7, (ii) green-signal noise variance ¢, and (iii) brown-signal noise variance 0'5. For
each parameter pair (k,-), we construct a fine, evenly spaced grid over economically plausible
ranges (as reported in Table 1). While one parameter varies along its grid, the other is held fixed
at its baseline value. This approach allows us to visualize interaction effects and non-linearities
that are masked in one-dimensional exercises. The resulting heatmaps and contour plots re-
veal sharp threshold behavior and strong asymmetries, particularly the pronounced non-linear
surge in green holdings and collapse of brown positions once k crosses critical levels, confirm-
ing that limited attention is the primary bottleneck governing the speed and extent of portfolio
decarbonization.

Figure 6 shows the joint impact of information-processing capacity k and risk aversion y
on optimal portfolio weights. When risk aversion is low, the green weight @ rises steadily
and monotonically with k, eventually saturating near its feasible upper bound. Ample attention
allows investors to sharply reduce posterior uncertainty about green returns and to fully ex-
ploit the lower fundamental risk that becomes visible once climate-related tail risks are properly
measured, leading to aggressive green positions. As risk aversion increases (from y ~ 1.75),
the relationship turns markedly non-monotonic and reveals a distinctive hump-shaped pattern
in K. At moderate-to-high 7, the green weight initially increases only modestly with x because
the investor remains cautious about the (ex ante) higher volatility of green assets. Beyond a
critical threshold of attention (i.e., around x > 0.8), however, posterior variance collapses once
sufficient information is processed, triggering a sudden and steep surge in o,,. However, at high
levels of information-processing capacity, posterior uncertainty about risky returns becomes
negligible and the risk-free asset is endogenously crowded out. Portfolio choice then converges

to a risky corner solution. Which risky asset dominates depends on the balance between ex-
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pected returns and non-pecuniary environmental costs. For sufficiently high risk aversion, the
green asset no longer enjoys a perceived risk advantage once information is abundant, and the
higher expected return on the brown asset outweighs the linear environmental penalty. As a
result, the optimal portfolio switches discontinuously from green to brown, producing the sharp

collapse in green holdings observed in Figure 6.

Figure 6: Optimal Portfolio Weights across Varying Information Capacity k and Risk Aversion 7.

Notes: Each panel shows one allocation: top-left a, top-right o, and bottom o. Color bars give the magnitude of the
allocation. All other parameters are set to their baseline values.

The brown asset allocation «; exhibits the mirror-image pattern of the green weight. It
remains relatively high when information capacity k is low (investors cannot discern brown cli-
mate risks and therefore underestimate their true exposure) and, conditional on sufficiently high
information-processing capacity, when risk aversion 7 is extremely high. In this latter case, pos-
terior uncertainty is largely eliminated, the risk-free asset is crowded out, and portfolio choice
converges to a risky corner solution in which the higher expected return on brown assets out-
weighs the linear environmental penalty. Conversely, o collapses — often abruptly to near zero
— precisely where the green weight surges: once k crosses the threshold at which investors can
accurately reveal and price the large transition, regulatory, and stranded-asset risks embedded in
brown firms. These knife-edge transitions coincide with the points where interior solutions give

way to binding corner solutions (o, = 0 or @y close to its feasible upper bound), producing the
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starkly contrasting heatmaps in Figure 6, left and right panels. Thus, the same attentional phase
transition that unlocks aggressive green investment simultaneously drives the decisive exclusion
of brown assets from the optimal portfolio.

Our sensitivity analysis reveals a sharp, non-linear reallocation toward green assets once in-
vestors’ information-processing capacity exceeds a critical threshold. This tipping-point mech-
anism offers a microfoundation for the sudden green outperformance documented by Ardia
et al. (2023) upon the materialization of climate shocks. While Ardia et al. (2023) attribute
these return patterns to sudden spikes in climate concerns, our model demonstrates that such
shifts emerge endogenously from relaxed cognitive constraints, rather than purely behavioral
reactions. Specifically, limited attention hinders the timely integration of ESG/green signals
into portfolio choices; however, as capacity increases, investors swiftly reprice climate risks,
prompting rapid divestment from brown assets and a pronounced overweighting of green ones.

By contrast, the risk-free allocation or; displays a smooth and nearly monotonic decline
toward zero as information-processing capacity x increases, and this pattern holds across almost
the entire range of risk aversion y. Higher x enables investors to substantially reduce posterior
uncertainty about both green and brown returns, thereby lowering the perceived risk of the
risky portfolio as a whole. Even highly risk-averse investors, who would otherwise remain
parked in the risk-free asset, find it optimal to take informed positions in at least one of the
risky assets once sufficient precision is achieved. The gradual substitution out of the risk-free
asset therefore reflects a pure confidence effect: greater effective capacity translates directly
into greater willingness to bear risk, with the composition of that risk (green versus brown)
determined by the mechanisms described earlier, but the overall exposure to risk rising steadily
with k (see Figure 6, bottom panel).

Figure 7 illustrates the joint effects of information-processing capacity x and green-signal
noise variance G; (where higher G[? means lower exogenous signal precision) on optimal port-
folio weights. As K rises, the risk-free weight a;- declines smoothly and rapidly toward zero at
all levels of 0'g2 (bottom panel). Greater capacity allows investors to acquire precise posterior
beliefs regardless of the raw signal quality, thereby reducing overall portfolio risk and encour-
aging substitution out of the safe asset into risky assets. The speed of this exodus from the
risk-free asset, however, depends critically on green-signal noise. When the green signal is very
noisy, extracting useful information is costly in entropy terms. However, because attention must
be allocated to financial-decision making, marginal increases in k are disproportionately spent
attempting to reduce green uncertainty, even though precision gains are gradual.

Posterior uncertainty about green returns falls once k is sufficiently high, perceived risk
drops sharply, and investors aggressively shift into green stocks. Consequently, Oc} drops almost
immediately; (ii) when the green signal is already precise (low of), additional capacity yields
diminishing marginal reductions in posterior variance. The confidence gain is more gradual,
and the decline of Oc} is correspondingly slower and smoother. Thus, counterintuitively, poorer
exogenous green-signal quality accelerates the abandonment of the risk-free asset—because
scarce attention is forced to work harder on the green dimension, delivering larger early gains
in perceived Sharpe ratio and triggering a faster tilt toward informed risky positions.

A striking asymmetry emerges in which risky asset absorbs the portfolio share released from
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Figure 7: Optimal Portfolio Weights across Varying Information Capacity k and of the Green Signal Gg
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Notes: Each panel shows one allocation: top-left a, top-right oy, and bottom . Color bars give the magnitude of the
allocation. All other parameters are set to their baseline values.

the risk-free asset, and this choice hinges crucially on the exogenous quality of the green signal
(Figure 7, top-left and top-right panels). When the green signal is already precise (low 0'5),
the investor can achieve high posterior precision about the green asset even with very modest
attention. At low k, the green weight o, therefore rises early and substantially (top-left corner
of the top panel). As k increases further, however, marginal attention becomes relatively scarce
for the green dimension (little precision left to gain), so the investor reassigns newly available
capacity to the brown asset. Once brown climate risks are revealed, the brown weight surges
while the green position is crowded out entirely, producing the dramatic vertical cliff in o, at
intermediate-to-high k. When the green signal is noisy (high 0'82), useful information about
the green asset is expensive to extract. Even moderate attention yields only limited precision
gains, so the green asset remains perceived as risky and unattractive at virtually all levels of k.
Investors instead direct almost all capacity toward the brown signal (which is assumed cleaner in
the calibration), quickly uncover brown environmental risks, and abandon the brown asset early.
The portfolio then settles into a combination of risk-free and whatever small residual green
exposure is tolerated, with @, collapsing early and @, staying near zero throughout. Thus,

paradoxically, a naturally precise green signal can backfire at high capacity: it causes initial
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overinvestment in green, followed by a sharp reversal once attention is redirected to exposing
brown risks. A persistently noisy green signal, by contrast, prevents any meaningful green
allocation from emerging in the first place, locking the portfolio into brown exclusion and risk-
free dominance. These results underscore that transparency and verifiability of green claims
(low G;) are essential for sustained — not just transitory — green investment.

Figure 8 displays the joint variation of optimal allocations with information capacity x and
brown-signal noise variance sz (higher sz implies lower exogenous precision). The patterns are
the exact mirror image of Figure 7, with green and brown roles reversed. When the brown signal
is clean (low Gf), the brown asset absorbs most of the portfolio share freed from the risk-free
asset even at modest levels of k. Posterior precision about brown returns is achieved cheaply, so
oy, rises early and remains high across most of the k-space (see top-right panel). Only at very
high x (x > 0.6 ) does the investor begin redirecting marginal attention toward the green asset,
eventually eroding the brown position. Conversely, when the brown signal is noisy (high 0'5),
extracting information about brown returns becomes costly. The investor therefore devotes the
bulk of any available capacity to the brown dimension in order to reveal its large hidden climate
and transition risks. As a result, , collapses to zero extremely rapidly — often at quite low
values of K — producing a steep cliff at the left-hand side of the surface (top-right panel). The
green asset then captures the remaining risky allocation, and the portfolio tilts decisively toward
green. The risk-free weight (xjf« again declines monotonically with k, but the exit from the safe
asset is noticeably slower and more gradual when the brown signal is precise. This reflects the
environmental taste penalty (i.e., —¢E},) attached to brown returns: even with perfect informa-
tion, the brown asset is less attractive than a comparable green asset, so investors require higher
overall capacity before they are willing to abandon the risk-free asset entirely. In short, a greater
opacity of brown risks (high 0'13) acts as a powerful accelerator of portfolio decarbonization: it
forces early and aggressive attention to the brown sector, rapidly exposes its unsustainable status
and triggers a swift exodus from brown assets to green ones. Clean brown signals, by contrast,
delay the green transition by keeping brown assets artificially viable for longer. This asymmetry
demonstrates that mandatory climate-risk disclosure targeted specifically at brown firms (i.e.,

policies that reduce Gg) would dramatically hasten capital reallocation toward sustainability.

5.4 Additional analyses

We now sharpen the analysis with two targeted extensions that test whether the green-vs-brown
divide becomes even more dramatic.

In the first extension, we fix intermediate consumption c¢; at a constant level. This modifica-
tion may lead to a significantly sharper and potentially more extreme separation between green
and brown holdings than in the baseline. By removing the consumption-saving margin and the
associated wealth effects, every marginal increase in information capacity x is fully channeled
into refining beliefs about the two risky assets. As a result, attention thresholds are crossed ear-
lier, perceived risk differentials widen more dramatically, and the portfolio may shift abruptly
toward corner solutions — either near-complete divestment from brown assets or a strong over-

weight in green — often at lower levels of k than under flexible consumption.
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Figure 8: Optimal Portfolio Weights across Varying Information Capacity k and of the Green Signal Gg
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Notes: Each panel shows one allocation: top-left o, top-right ;, and bottom a’;. Color bars give the magnitude of the
allocation. All other parameters are set to their baseline values. '

In the second extension, we replace the linear environmental taste term with a convex
quadratic disutility (j)(abEb)z. This change may trigger far more aggressive brown exclusion
than the linear specification would suggest. Because the marginal moral, social, reputational,
and regulatory cost now rises with the square of the brown weight, even modest confirmed
environmental damage E; can make any positive brown position intolerably expensive. Con-
sequently, as soon as information capacity x becomes sufficient to credibly reveal the extent
of brown externalities, the optimal brown weight may collapse more rapidly to zero, while
the green asset captures nearly the entire risky allocation. Together, these two extensions may
transform what appears in the baseline as a gradual, cautious green tilt into a swift and decisive
decarbonization of the portfolio the moment the attention bottleneck is relaxed.

Both extensions strengthen the central message of the paper: limited attention is the true
binding constraint on portfolio decarbonization. Relax that constraint even slightly, and the
interplay of precise information with realistic (convex) ethical costs converts a modest, hesitant
green tilt into a swift and near-complete exodus from brown assets — a decisive, large-scale

reallocation of capital toward sustainability. The green transition is therefore not a slow cultural
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evolution; it is a latent phase transition awaiting the release of the cognitive bottleneck.

Fixed consumption. The derivation of the model, the characterization of the optimal alloca-
tion, and a series of sensitivity analyses under this alternative specification are presented in
Appendix C.

In the spirit of the sensitivity analyses presented earlier, Figure C.1 reports the response of
optimal allocations @, oy, and Oc]’? to the main parameters when intermediate consumption ¢
is fixed at 0.7¢; (a value close to the endogenous optimum in the baseline calibration). The
overall pattern is remarkably similar to the flexible-consumption case (Figures 1-5), confirming
the robustness of the core mechanisms. The only notable difference arises in the dynamics
with respect to information capacity k (Figure C.1, panel b): brown holdings ¢, now begin
their abrupt collapse at substantially lower values of k (around k ~ 0.45 instead of the higher
0.6 threshold observed under endogenous consumption). This sharper and earlier divestment
from the brown asset is exactly what the theory predicts once the saving margin is removed:
without the possibility of adjusting c¢; to smooth wealth fluctuations, every marginal nat of
attention is immediately translated into more precise pricing of climate risks, accelerating the
revelation of brown externalities and triggering a faster flight to green and risk-free assets. Thus,
even a modest restriction on consumption flexibility is sufficient to bring forward the portfolio-

decarbonization tipping point by a non-trivial amount.

Non-linear environmental damage. The complete derivation of the model with quadratic
brown-investment disutility, together with the closed-form expressions for the optimal alloca-
tions, is presented in Appendix D. Figures D.1 through D.5 report the corresponding sensitivity
analyses.

Figure D.1 shows the response of optimal allocations a, o, o and consumption cj to
varying risk aversion y. The qualitative pattern remains consistent with the linear-penalty case
(Figure 1), but the separation between green and brown assets is far more dramatic, especially at
low-to-moderate levels of ¥, where the convex moral cost rapidly drives brown holdings to zero.
Figure D.2 traces the effect of information-processing capacity k. The trajectory closely tracks
the linear benchmark (Figure 2), yet the tipping point arrives noticeably earlier: the brown
weight collapses and the green weight surges at lower values of k, confirming that quadratic
disutility amplifies the decarbonization trigger. Figure D.3 examines the strength of the envi-
ronmental preference parameter ¢. Here the departure from the linear case (Figure 3) is most
visible: instead of the sharp, near-discontinuous jumps observed under linear taste, both green
and brown allocations adjust more gradually and smoothly. The convex penalty spreads the
moral cost across allocation levels, softening extreme corner solutions and producing richer in-
terior dynamics while still ultimately favoring green dominance at higher ¢. Finally, Figures
D.4 and D.5 display the impact of signal noise ng and 6,)2. The responses of allocations and
consumption remain qualitatively and quantitatively very close to their linear-penalty counter-
parts (Figures 4-5), underscoring that the core attention-allocation mechanism is robust to the
functional form of the environmental cost.

Taken together, the quadratic specification preserves all key insights of the baseline model
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while revealing that realistic convexity in ethical costs can either accelerate abrupt decarboniza-
tion (when attention or preferences are the binding margins) or generate smoother, more gradual

transitions (when the moral penalty itself is the primary driver).

6 Conclusion

This paper develops a rationally inattentive portfolio-choice model to explain how cognitively
constrained investors allocate capital between green and brown assets. Building on the mutual-
information framework of Sims (2003) and extending the two-period consumption-portfolio
setting in the spirit of Batchuluun et al. (2019), we introduce two key features: (i) a finite
information-processing capacity x that limits the investor’s ability to learn about returns and
environmental externalities, and (ii) direct taste (or distaste) for the sustainability characteristics
of the portfolio.

The model is motivated by robust empirical evidence that investors value sustainability
(see, among others, Krueger et al., 2020; Pastor et al., 2021), yet systematically underweight
green assets and respond sluggishly to climate-policy shocks — patterns that standard rational-
expectations models struggle to reconcile. By endogenizing attention allocation via a mutual-
information constraint and allowing noisy signals about both financial payoffs and environmen-
tal impact, our framework delivers sharp, testable predictions.

Limited processing capacity K emerges as the central friction. It generates slow incorpo-
ration of green-policy news into asset prices, large cross-sectional heterogeneity in portfolio
greening, and precautionary underinvestment in green assets despite strong stated sustainability
preferences. We show that decisive brown divestment and green overweight occur only when x
exceeds critical thresholds, and that these thresholds decline sharply with stronger environmen-
tal preferences ¢, higher signal precision, or convex moral costs on brown exposure.

The model rationalizes several stylized facts in sustainable finance: persistent underdiversi-
fication into green assets, delayed price reactions to climate-related shocks, and the widespread
disconnect between investors’ expressed ESG concerns and their actual holdings. More broadly,
it offers a tractable laboratory for evaluating the effectiveness of disclosure mandates, carbon
pricing, and green subsidies — policies that primarily operate by easing the attention bottleneck
or by making brown risks costlier to ignore.

By integrating rational inattention with environmental preferences, this paper bridges the
sustainable-finance literature and the growing application of information-choice theory to as-
set pricing, delivering new micro-foundations for the still-sluggish transition toward a greener
financial system.

Promising directions for future research include generalizing the preference specification
(e.g., to recursive or quadratic utility) and relaxing the independence assumption between green
and brown returns. These extensions would shed light on how risk aversion, intertemporal
substitution, and information frictions jointly shape portfolio decisions. In particular, allowing
for correlated returns would generate a novel interplay between correlation risk, learning, and
diversification incentives, with potentially first-order effects on optimal holdings. We defer a

comprehensive treatment of these richer environments to future work.
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A Derivation of the rational inattention’s formula in the Gaus-

sian case

Proposition A.1. Let the asset returns and signals satisfy
2 2
Rg’\‘f/’/(.ugaGRg)’ RhN*/V(‘uh’GRh)’

and
Sg = OlgRg +&, Sp= Ry, + &,

where €, ~ ,/V(O,Gg) and &, ~ N (0,02), with (Ry,&,) independent of (Ry,€,). Then the

mutual information I(Rg,Rp;sg,55) can be expressed as in equation (10).

Proof. From equation (8), the mutual information is defined as
I(Rg,Rb;Sg,Sb) = H(Rg,Rb) —H(Rg,Rb|Sg,Sb),

where H(R,,Ry) is the joint entropy of the returns, and H(Rg,Rp|sg,sp) is the conditional en-
tropy of the returns given the signals. Under the independence assumptions, the joint entropy

decomposes additively
H(Rg,Ry) = H(Rg)+ H(Rp), H(Rg,Rp|sg,s5) = H(Rg|sg) +H(Rp|sp).

Hence
I(Rg,Rb;sg,Sh) = H(Rg) - H(Rg|sg) +H(Rh) —H(Rb‘sb). (A.1)

It is known that if (X,Y) are jointly Gaussian, then H(X) = }log(2meVar(X)) and H(X|Y) =
1log(2meVar(X|Y)). Hence, we can apply it to equation (A.1), and this leads to

I(Rg,Rp:5g,55) = H(Ry) — H(Rglsg) + H(Rp) — H(Ry|sp)

1 1
=3 log(2meVar(R,)) — 3 log(2meVar(Rg|s,))+
1 1
+ 3 log(2meVar(Ry)) — 3 log(2meVar(Ry|sp))
1 Var(R,) 1 Var(Ry)
=-1 — 8 —1 — . A2
2 °g<Var<Rg|sg>> 2 °g(Var<Rbsb> (A2

Since (Rq,s,) and (Rp, sp,) are jointly Gaussian, conditional variances satisfy
Var(Rysg) = Var(Ry)(1 - p3,.),  Var(Rylsy) = Var(R))(1—p3,.,)  (A3)

where pg, 5, and pg, 5, denote the corresponding correlation coefficient. From the signal struc-

ture and the independence assumption, we obtain

o2 = Cov?(Ry,s,) :agVar(Rg): (chﬁg
Rese ™ Var(R,) Var(sg) Var(s,) agcr,%g—i—ag-

(A4)
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An analogous expression holds for pR%b»Sb' Gathering everything together and plugging it into

equation (A.2), we obtain equation (10), as claimed.
O

B First-Order Conditions

Proposition B.1. Given the optimization problem (12) subject to the constraints (13) and (14),
the first-order conditions (FOC) are given in (16).

Proof. Given the Lagrangian (15), we need to compute

2.4
&] O

0L

dog O

0L

do, =0 (B.1)
22 _

Bozf ?

0.4

o =0

0.7

ot =0

which leads to

du(cy ,E du(cr E AI(Rg Rpisg.s
E(2GLE) 1 poubatl) g, Hlsdbien) — o,
du(cy E du(cr ,E AI(Rg Rpisg.5p)
E[ uécalg ) +ﬁ uéc;;g >] - 2’1 ga(xngg = - )’2 = 07
E[au(q E) 4B auac;bE = A a1(RgéRO,;];sg,sb> — A =0,
E du(cy ,E du(cy,E 2 31(Rg,Rh’;sg,sh) =0 (B.2)
[ 9(1/ +ﬁ 306[ ] 1 80:/ —Mm=Y
I(Rg,Rb,Sg,Sb) — K= O,
O+ 0y +op—1=0.
Using the chain rule, we can see that
du(cy,E) —y
——~ =c
8c1 1
du(cy, E) —y
o e
and that
aI(Rg,Rb;Sg,Sb) _0
8c1 '
Let us now compute a"a(gf), a”(;f;’ ) and a“(c” ) fori=1,2 and 2 Ee: RO,ngg ) aI(RgéRO’;;Sg ) and

9I(Rg,Rp:Sg.5p)
——Eysh We have

du(ci,E)  du(cy,E)  du(cy,E)
day,  da,  doy

=0
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and

du(c,E)  _ydca oR, 4
Tag_cz a—%_c2 (e1 cl)&—%—c2 (e1 —c1)Ry,

du(cr.E) 9 ) IR )
7'4;3}} ) ¢ YTZZ? —9Ey=c,"(e1—c1) 5" — 0Ey = ¢, (e1 —c1)Ry — 9Ep,

8061,
du(cr,E)  —ydea  —y, — Y
T“f =c, Taf =c, " (e cl)aaf =c, ' (e1 —c1)Ry.

We notice that

OI(Rg. Ryises) _ 0 (1, VarR) \\_ 9 |1, | __ _
datg T 0, \2 B\ Var(Rylse) ) ) T 9 | 28 %7, -
(1+agog,/07)
(B.3)
1 aﬁffﬁg 0, O
=5 |slog|1+— = 3
dag \ 2 Lo o +azoy
IRy Ryisgusp) _ 9 (1, Var(Ry) \\_ @ |1, %, _
8ab _8051, 2 £ Var(Rb|sb) _805;, 2 & G}%b N
(1+a,30',%b/c7§)
(B.4)
o [1 oy op, 04,0,
=5 | 5ylog| I+ —— R R, N
dog \ 2 o, o), + 0,0,
I(Ry,Ry;
(9 ( 8 b,Sg7Sb) :07 (B,S)

8af

where in (B.3) and (B.4) we used the expressions in (A.3) and in (A.4). Plugging in all together

in (B.2) and taking non-stochastic terms outside the expectation yields (16), as claimed. O]

C Case where the initial consumption is fixed

In this Appendix we examine a variant of the problem discussed in Section (4), in which the
initial consumption c; is fixed rather than optimized. Specifically, at time r = 1 the investor
receives the stochastic amount e; and consumes a predetermined amount ¢, with 0 < ¢y < ey,
while the remaining wealth e; — ¢y is allocated across the three assets. Following the literature, a
common benchmark is to set ¢; equal to 70% of the initial amount e;. At time 7 = 2, the investor
receives the stochastic amount e¢; and consumes everything. The consumption c; satisfies the
usual constraint (11), while all other assumptions from the main model remain unchanged.
The problem can therefore be written as:

max Elu(ci,E)+ Pu(cy, E)] (C.1)

Olg O, Op

subject to constraints (13) and (14) with a;; >0, 04, > 0, oy > 0.
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The associated Lagrangian reads:

Z =Elu(cr, E) + Bu(cz, E)] = A (I(Rg, Ry 55, 55) — K) — A (0 + 0y + 0ty — 1),

where . 1= 2 (0, 0, 0y, A1, A2), and where A1, A, are the Lagrange multipliers.

The first order conditions can be written as

2

N %R _
E[BCZ (el_CI)Rg]_xlcnggi_I%g_)Qz—o,
— 00,
E[Bey”(er —c1)Ry — BOES] — i ﬁ -2 =0,

b

E[Be, (e1 —c1)Rf] = A2 =0,
I(Rg,Rb;Sg,Sb) —K= 07

O +0p+0op—1=0,

where ) s )
1 a; o 1 O,
I(Rg,R;,;sg,sb):Elog <1+ 0'g2g> +§log <1+ G}% ,
and where

cr = (e 761)((XgRg + oy Ry, + OCfRf) + e,

with og >0, o >0, oy > 0.

(C.2)

Assuming the parameters’ specification given in Table 1 and fixing ¢; = 0.7¢|, we obtain the

optimal allocations:
o, ~0.27, o, ~0.58, a;~0.15.
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Figure C.1: Optimal Allocation Responses to Parameter Changes

(a) Sensitivity w.r.t. ¥

(b) Sensitivity w.r.t. K

(c) Sensitivity w.r.t. ¢
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Notes: This figure show the responses of o, o, tx} to variation in parameters Yy (panel a), k (panel b), ¢ (panel c), 6;

(panel d), sz (panel e) when consumption is fixed.

D Case with non-linear environmental impact

In this Appendix, we analyze a variant of the model presented in Section (4), in which the
investor’s utility from consumption and environmental impact takes a quadratic form in the

environmental component. Specifically, we assume that the iso-elastic (CRRA) utility function

is given by
1=y
u(c,E) =~ — 9E> (D.1)
-y
-y
C
=1 POPES. (D.2)
All other assumptions of the model remain unchanged.
We therefore study the problem
max Elu(cy,E)+ Pu(cy, E D.3
o max  Elu(er,E) +Bules, )] (D3)

subject to constraints (13) and (14) with &g > 0, 04, > 0, @y > 0, and with 0 < ¢ < e;. In this

Y
92 halE?
= Ty 9%y

1—y
specification the utility functions become u(c,E) = Cll—y and u(cp,E) =

The associated Lagrangian reads:

L =Elu(cr,E)+ Bu(cz, E)] — M (I(Rg, Rp; s¢,55) — K) — Aa(0g + 0 + 0t — 1),
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where . 1= Z(c1, 0, 0, 0y, A1, A2), and where A1, A, are the Lagrange multipliers.

The first order conditions can be written as

Ele,"—Bc, 'Ry] =0
—y ag"l%g
]E[ﬁcz (61 —Cl)Rg] —)L] UgTéO}%g —)Lz = 0,
2
ey — _ IR T T P
EBc, "(er —c1)Rp, —2B 0G0 E;] — Ay oTralon, A2 =0, (D.4)
E[Bc, (e —c1)Rs] — 22 =0,
I(RgaRb;sgvsb) —-k=0,
O+ 0+ 0y —1=0,
where ) )
1 & OR 1 &, O
I(Ry,Rp;5,,5,) = —log | 1+ £l 4+=log| 1+ b,
( g 1\b>og b) ) g ng ) g Gg
and where
Cc) = (61 - C])(chRg + R, + OtfRf) +e7,
with og >0, o >0, oy >0, and with 0 < ¢q <ey.
Assuming the parameters’ specification given in Table 1, the optimal solution reads:
¢} =~ 0.068, ag’f ~0.25, o ~0.60, OC;; ~0.15. (D.5)
Figure D.1: Sensitivity of Portfolio Allocations to Changes in y
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Notes: This figure shows how the three asset-class allocations vary with ¥ (left panel) and how initial consumption c;
responds to changes in y (right panel).
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Figure D.2: Sensitivity of Portfolio Allocations to Changes in x
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Figure D.3: Sensitivity of Portfolio Allocations to Changes in ¢
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Figure D.4: Sensitivity of Portfolio Allocations to Changes in o,
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Figure D.5: Sensitivity of Portfolio Allocations to Changes in o},
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