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1 Introduction

In the expansive literature on intertemporal preferences and dynamic programming, two
fundamental and conceptually appealing properties of preferences are dynamic consistency
and consequentialism. Dynamic consistency requires that ex ante plans regarding how actions
will respond to information are actually followed ex post, after the realization of information.
Consequentialism refers to the requirement that ex post choice not be influenced by outcomes
that could have been obtained on some unrealized event. While the classic expected-utility
model with Bayesian updating satisfies both properties, it is well known in the literature on
ambiguity aversion that updating ambiguous beliefs generally leads to violations of either
dynamic consistency or consequentialism (Ghirardato (2002), Hanany and Klibanoff (2007)).

This tension arises for any preference that violates the Sure Thing Principle (STP), one
of the main axioms used by Savage (1972) to characterize subjective expected utility. The
STP states that for any two gambles that share a common outcome on some event, changing
the common outcome of both gambles on that event does not change their ranking. Suppose
a preference violates the STP on some event, and consider a dynamic information struc-
ture that signals whether this common-outcome event or its complement occurs, prior to
the individual choosing between these two gambles. Since these gambles only differ on the
complement of the event, dynamic consistency then requires that the individual’s ex post
preferences between the gambles are the same as their static preferences absent information.
However, since these rankings can change when the common outcome on the event changes,
this implies that ex post preferences conditional on the complement of the event depend on
the outcome of these gambles on that event, violating consequentialism. One simple yet im-
portant example of this incompatibility between dynamic consistency and consequentialism
comes from the Ellsberg urn, which we introduce in Section 2.

The conflict between dynamic consistency and consequentialism has led to disagreement
about how ambiguity-averse preferences should respond to new information: Hanany and
Klibanoff (2007, 2009) and Hansen and Sargent (2008) proposed maintaining dynamic con-
sistency; Siniscalchi (2009, 2011) instead suggested keeping consequentialism; Al-Najjar and
Weinstein (2009) argued that the conflict is so problematic that Ellsberg-type behavior
should be recognized as irrational.1 The incompatibility of the two properties extends to
non-expected-utility models of choice under risk, as discussed by Hammond (1988, 1989)
and Machina (1989). The lack of consensus in the literature hinders the application of am-
biguity averse and non-expected-utility preferences in dynamic contexts where information
plays a central role, such as in macroeconomics and finance.

This paper provides an evolutionary perspective on the issue, based on the following two
notions. First, natural selection not only can influence physical traits, but can also shape

1Epstein and Schneider (2003) identified specific information environments (satisfying “rectangularity”)
where both properties can be maintained under maxmin expected utility.
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choice behavior. In a seminal paper, Robson (1996) showed that evolutionary optimal-
ity, which requires maximization of the long-run growth rate of the genotype, generates a
preference for idiosyncratic uncertainty over common uncertainty.2 This is because
correlation in individual growth rates is detrimental to the long-run growth of the genotype.
Loosely speaking, contributing many offspring is particularly valuable for long-run growth
when other individuals of the same genotype contribute little. Sadowski and Sarver (2024)
generalized this insight and showed that the class they called adaptive preferences is evolu-
tionarily optimal when individuals simultaneously make multiple decisions, some of which
are observable and others which are hidden from the modeler.

Second, in many contexts ambiguity coincides with common uncertainty and risk
with idiosyncratic uncertainty. As Sadowski and Sarver (2024) argued, in many appli-
cations ambiguous probabilities concern common factors that affect all individuals in the
population, such as asset returns (Dow and Werlang (1992), Epstein and Wang (1994))
or aggregate factor productivity (Ilut and Schneider (2014), Bianchi, Ilut, and Schneider
(2018)). One reason common uncertainty may be subject to greater ambiguity than idiosyn-
cratic uncertainty is that idiosyncratic random variables can be studied using cross-sectional
data, whereas aggregate variables by definition cannot. In fact, most instances of ambiguity
can be cast as common model uncertainty, that is, uncertainty about idiosyncratic proba-
bilities. For example, if the success rate of a medical treatment for a population is known,
then whether it is successful for one individual is independent of whether it succeeds for
another. However, if the treatment has undergone limited testing, then its success rate may
be unknown and would itself be a source of common uncertainty for all individuals.

Based on these two notions, we take choice under ambiguity and risk according to adap-
tive preferences as a starting point. Sadowski and Sarver (2024) established that adaptive
preferences include rank-dependent expected utility preferences in the context of risk, and
variants of the smooth model, variational preferences, and multiple prior preferences in the
contexts of both risk and ambiguity. Our results on updating will apply to this rich class of
preferences.

Perhaps not surprisingly, we find that preferences must be dynamically consistent because
evolutionary optimality of both ex ante and ex post preferences requires maximization of the
long-run growth rate of the genotype. Understanding why evolution dictates the resulting
violations of consequentialism is more subtle. Consequentialism means that individuals only
consider the outcomes that acts can generate following the realized signal, and not what
their outcomes would have been following other possible signal realizations. For a single
individual acting in isolation, consequentialism is normatively appealing. However, when a
genotype consists of many individuals acting simultaneously, different individuals within this
subpopulation may be receiving different signals at the same time. Since correlation in growth
rates between members of the genotype plays an important role in its evolutionary success,

2Oprea and Robalino (2024) recently documented the prevalence of such preferences experimentally.
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it is in fact quite natural that consequentialism could be violated: For one individual with
a given signal realization, considering the outcomes that would be obtained following other
signal realizations is not paying undue attention to “what could have been,” but rather giving
appropriate consideration to “what others in the population are currently experiencing.”

2 Illustrative Example: Ellsberg Urn

We now illustrate the tension between dynamic consistency and consequentialism more con-
cretely using the Ellsberg Urn, which will serve as a running example for our results.

Example 1 (Ellsberg with signals). Consider an Ellsberg urn with one black ball and two
balls that could each be either red or yellow. Each individual independently draws one ball
from the urn and is offered bets on its color. The act B pays $1 if the ball is black and $0
otherwise, BY pays $1 if the ball is either black or yellow, and so on. The typical ambiguity
averse preference pattern documented by Ellsberg (1961) is B ≻ R and BY ≺ RY .

Now suppose each individual receives a private signal that tells them whether the ball
drawn for them is yellow (y) or not yellow (¬y). Preferences over action plans that condition
on this signal are entirely pinned down by preferences over acts. For example, since B and
R both pay zero when the ball is yellow, the action plan R¬yB that selects act R following
the signal ¬y and selects B following the signal y gives the same outcome for every ball-
color/signal combination (that occurs with positive probability) as the act R. Similarly, the
action plan R¬yY gives the same outcome for every ball-color/signal combination as the act
RY , and so on. Thus, the Ellsberg preferences over acts described above imply the following
preferences over action plans:

B¬yB ≻ R¬yB and B¬yY ≺ R¬yY.

Dynamic consistency then requires that, starting with the ex ante action plan B¬yB and
following the signal ¬y, act B is still preferred over R. By the same reasoning, given the
action plan R¬yY and following the signal ¬y, act R must be preferred over B. This pat-
tern is incompatible with consequentialism, which requires that preferences between B and R
following the signal ¬y be independent of the ex ante action plan.

3 Evolutionary Setting

The basic idea behind the evolutionary approach is that a large population of individuals
is initially made up of subpopulations with different genotypes, where a genotype specifies
the physical traits as well as the programmed behavior (choices) of an organism. These
choices lead to a possibly uncertain outcome, and this outcome together with the physical
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traits of the organism determine its evolutionary fitness, that is, its number of offspring. The
offspring inherit the parent’s genotype and will face a choice of their own, and so on. In this
way, the number of individuals who share a particular genotype may shrink or grow over
time, relative to the whole population. A genotype is evolutionarily optimal among those
initially present if the relative size of its subpopulation does not vanish over time.

3.1 Uncertainty and Information

There is a state space Ω for which the realization of ω ∈ Ω is common to all individuals in
the population. As mentioned before, we can also interpret Ω as capturing ambiguity. Given
ω, idiosyncratic uncertainty is captured via a state space S, where each individual in the
population receives an independent draw of s ∈ S. We also refer to uncertainty from S as
risk. The entire payoff-relevant state space is then Ω×S. We model information by allowing
each individual to receive a private signal σ from a space of signals Σ that is informative
about (ω, s).3 The combined space of signals and states is thus Ω× S ×Σ. We assume that
Ω and S are Polish spaces, that is, complete and separable metrizable spaces. We assume
that Σ is finite and endowed with the discrete topology. We endow the spaces Ω, S, and Σ

with their Borel σ-algebras BΩ, BS, and BΣ, respectively, and we endow the product of these
spaces with the product σ-algebra BΩ ⊗ BS ⊗ BΣ.

Given any measurable space (Y,Y), let △(Y ) denote the set of countably additive prob-
ability measures on Y , and let △s(Y ) denote the set of all simple probability measures on Y
(i.e., measures with finite support). Each period, the draw of ω is common to all individuals
in the population according to a measure µ ∈ △(Ω). Conditional on ω, both the s dimension
of the state and the signal σ are drawn independently for each individual according to the
probability measure νω ∈ △(S × Σ).4 For example, if ω represents the unknown efficacy
of a vaccine (which is common to all individuals and potentially ambiguous), then s might
capture the vaccine response for a particular individual (so the distribution νω of s would
naturally depend on ω). Finally, combining the marginal µ on Ω with the conditional proba-
bility distribution νω on S×Σ gives a joint distribution over Ω×S×Σ, and the information
content of an individual’s signal σ is captured by conditioning this distribution on σ. In
our example, σ could represent lab work on a particular patient. This general information
structure includes the partitional structures often used in the ambiguity literature.

3.2 Consumption and Fitness

Let Z denote a nonempty set of outcomes. Both the ω and s dimensions of the state space
are potentially relevant for the outcome of an action, but the role of the signal σ is purely

3In a previous version of this paper (Sadowski and Sarver (2025)), we discussed how reactions to common
and private signals differ when both are informative only about the common component Ω.

4Assume also that the mapping ω 7→ νω(E) is BΩ-measurable for every E ∈ BS ⊗ BΣ.
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informational. Formally, let F denote the set of simple acts, that is, the set of all measurable
and finite-valued functions f : Ω × S → Z. An evolutionary fitness function ψ : Z → R
specifies the (net expected) individual reproductive growth associated with each outcome.
Given an act f ∈ F , the individual growth in state (ω, s) is then ψ(f(ω, s)).

Besides the observable choice of act f , we assume individuals may take hidden actions
that are unobservable to the modeler. Incomplete data of this sort is pervasive in economic
analysis, as data sets often contain only a snapshot of one dimension of the full spectrum
of decisions being made by individuals. We model hidden actions in a simple and tractable
reduced form by allowing individuals to select a fitness function ψ from some feasible set Ψ
in each period, which we also refer to as adaptation.5

In each period of an infinitely repeated reproductive process, the state (ω, s) and the
signal σ are drawn. Individuals face the task of choosing both observable acts f and hidden
actions ψ contingent on their observed signals σ, but before learning the realization of the
state. Each genotype determines preferences that are used for this choice, contingent on σ.

4 Evolutionarily Optimal Choice

To analyze dynamic choice—and dynamic consistency in particular—we compare ex post
behavior after the arrival of information with the ex ante plan that would be formed if the
individual committed to signal-contingent choices prior to the realization of the signal. In
Section 4.1, we derive the evolutionarily optimal value function over (possibly random) ex
ante plans of action and fitness function selection. In Section 4.2, we consider evolutionarily
optimal ex post behavior and establish that choice is dynamically consistent.

4.1 Ex Ante Plans

Definition 1. A random plan is a function π ∈ R(F ,Ψ) ≡ (△s(F × Ψ))Σ from the space
of signals to the set of simple probability measures over the space of acts and feasible fitness
functions. The probability π assigns to (f, ψ) following signal σ is denoted by πσ(f, ψ).

A random plan π specifies a path through a decision tree, where the randomization πσ
is selected following the signal σ ∈ Σ.6 We denote the special case of a deterministic plan
that selects the pair (fσ, ψσ) with certainty following σ by (fσ, ψσ)σ∈Σ. For a given signal
and state realization (ω, s, σ), a deterministic plan achieves a fitness of ψσ(fσ(ω, s)). More

5A previous version of this paper (Sadowski and Sarver (2025)) discusses how multiple fitness functions
can also be interpreted in terms of phenotypic flexibility in the context of evolutionary biology.

6As usual, individuals may wish to randomize to hedge against ambiguity (common uncertainty).
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generally, a random plan π achieves an expected fitness of

Eπσ
[
ψ(f(ω, s))

]
=

∫
F×Ψ

ψ(f(ω, s)) dπσ(f, ψ).

Since only the choice of act is observed, while the choice of fitness function corresponds
to some unobservable action, it will be useful to decompose πσ into its marginal distribution
over acts and conditional distribution over fitness functions given the act.7

Definition 2. A (random) action plan is a function ρ ∈ R(F) ≡ (△s(F))Σ, where ρσ(f) is
the probability assigned to f following signal σ. A (random) adaptation plan is a function
τ ∈ R(Ψ|F) ≡ (△s(Ψ))Σ×F , where τσ(ψ|f) denotes the probability assigned to fitness
function ψ following signal σ and the observable choice of act f .

The choice of random plan π can equivalently be expressed as the choice of ρ and τ .
Formally, let τσ⊗ρσ denote the measure with marginal distribution ρσ on F and conditional
distribution τσ(·|f) on Ψ. Then, the expectation of ψ(f(ω, s)) with respect to this measure
is

Eτσ⊗ρσ
[
ψ(f(ω, s))

]
=

∫
F

∫
Ψ

ψ(f(ω, s)) dτσ(ψ|f) dρσ(f).

Given an action plan ρ and adaptation plan τ , the corresponding joint plan over both actions
and adaptation is π = τ ⊗ ρ ≡ (τσ ⊗ ρσ)σ∈Σ.

A decision problem A = (Aσ)σ∈Σ specifies a nonempty and finite set of available acts Aσ
following each signal σ. The resulting set of feasible action plans is

R(A) ≡ {ρ ∈ R(F) : supp(ρσ) ⊂ Aσ, ∀σ ∈ Σ}.

We adopt the convention that the domain of the natural logarithm includes nonpositive
numbers and its range is the extended reals by setting ln(x) = −∞ for all x ≤ 0.

Our first result considers an evolutionarily optimal plan, that is, a plan that maximizes
the relative size of the genotype within a population when the choice problem facing the
population is repeated indefinitely. It is well known that evolutionary optimality requires
maximizing the long-run asymptotic growth rate,8 meaning the limit of the annualized growth
rate of the subpopulation of individuals with that genotype as the time horizon grows to
infinity. This objective is different from expected growth.

Theorem 1 (Adaptive Preferences with Signals). Fix Ψ and fix measures µ ∈ △(Ω) and
νω ∈ △(S × Σ) for each ω ∈ Ω. Then, for every infinitely repeated decision problem A, the

7The conceptual problem of observing choice frequencies (see Lu (2016)) is alleviated by the evolutionary
approach: members of the same genotype are programmed to behave myopically and identically, supporting
the aggregation of longitudinal and/or cross-sectional data.

8This insight was revisited in Section 2.3 of Sadowski and Sarver (2024).

6



genotype that chooses an action plan in argmaxρ∈R(A) V (ρ) achieves a weakly higher long-run
growth rate than all others, where

V (ρ) = sup
τ∈R(Ψ|F)

∫
Ω

ln

(∫
S×Σ

Eτσ⊗ρσ
[
ψ(f(ω, s))

]
dνω(s, σ)

)
dµ(ω). (1)

The concavity of the logarithm implies that V is more adversely affected by common
uncertainty about ω (ambiguity) than by idiosyncratic uncertainty about s (risk). The proof
of the theorem closely parallels that for the case without signals in Sadowski and Sarver
(2024), and is omitted for brevity. At its heart is the same logic that is behind the seminal
result of Robson (1996), who considered the special case with a single fitness function ψ and
without signals or random choice, which is also a special case of the smooth model (Klibanoff,
Marinacci, and Mukerji (2005)) for acts f that only depend on s. Nöldeke and Samuelson
(2005) also considered an environment with signals, but without adaptation (Ψ = {ψ}) and
without random choice. The survey by Robson and Samuelson (2011) summarized these and
other recent developments in the literature on evolution of preferences.

4.2 Updating and Dynamic Consistency

Since preferences over random action plans are unobservable,9 we focus on the choice of action
plan given a decision problem A = (Aσ)σ∈Σ. As a natural extension of the standard choice
correspondence used for deterministic choice, let C(A) denote the set of all random action
plans ρ that the individual is willing to choose ex ante. Similarly, let C(Aσ|σ, ρ) ∈ △s(Aσ)

denote the set of all random actions that the individual is willing to choose after observing
the signal σ and given the ex ante plan ρ.

Definition 3. Random choices satisfy consequentialism if ex post choices do not depend on
ex ante plans: C(Aσ|σ, ρ) = C(Aσ|σ, ρ̂) for all A and all ρ, ρ̂ ∈ R(A) and σ ∈ Σ.10

Definition 4. Random choices satisfy dynamic consistency if ex ante plans are carried out
ex post: For any A and ρ, ρ̂ ∈ R(A) such that ρσ′ = ρ̂σ′ for all σ′ ̸= σ,

1. ρ ∈ C(A) and ρ̂ /∈ C(A) together imply ρσ ∈ C(Aσ|σ, ρ) and ρ̂σ /∈ C(Aσ|σ, ρ).

2. ρ ∈ C(A) implies ρσ ∈ C(Aσ|σ, ρ) whenever σ occurs with positive probability.

These conditions extend the standard definitions used in the special case of partitional
information structures and deterministic choice (e.g., Machina and Schmeidler (1992), Ep-
stein and Le Breton (1993), or Hanany and Klibanoff (2007)) to our more general framework.

9With the exception of Saito (2015), the decision theory literature on randomization and ambiguity largely
ignores the fundamental issue that an individual is always able to randomize between available options, be
they acts or lotteries (mixtures) over acts, making it impossible to directly infer the ranking of those options.

10Weakening the definition of consequentialism so that it only applies to plans that are optimal for some
off-path option sets does not change any of our results.
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Specifically, in the case of deterministic choice, the random action plan ρ reduces to a de-
terministic plan (fσ)σ∈Σ. Partitional learning corresponds to the special case where Σ is a
partition of Ω×S, so each signal σ is a subset of Ω×S and, conditional on the signal σ, states
outside of the event σ are assigned probability zero. In this case, a deterministic action plan
can be reduced to an act by defining f(ω, s) = fσ(ω, s) for (ω, s) ∈ σ ∈ Σ. Finally, translat-
ing choice to preferences the standard way, if f, g ∈ A, then f ∈ C(A) and g /∈ C(A) means
that f ≻ g, and similarly for ex post preferences ≿σ,f . Our version of dynamic consistency
then implies the standard definition: If f(ω, s) = g(ω, s) for all (ω, s) /∈ σ,

f ≻ g =⇒ f ≻σ,f g and

f ≿ g =⇒ f ≿σ,f g whenever σ occurs with positive probability.

As noted above, ambiguity-aversion and violations of expected-utility in general imply
that consequentialism and dynamic consistency cannot be simultaneously satisfied. The
evolutionary approach gives clear guidance about which property to favor: The evolutionarily
optimal ex ante plans are those that maximize the long-run growth rate of the genotype.
The evolutionarily optimal ex post plans are those that achieve the same objective. Thus,
dynamic consistency is necessarily satisfied, as the following results demonstrate.

Theorem 2 (Ex Post Long-Run Growth). Fix Ψ and measures µ ∈ △(Ω) and νω ∈ △(S×Σ)

for each ω ∈ Ω. Suppose the genotype forms an action plan ρ ∈ R(F) ex ante, which it
follows after every signal σ′ ̸= σ, but it deviates from this plan after signal σ by instead
implementing the ex post random action ρ̂σ ∈ △s(F). Then, its long-run growth rate is

V (ρ̂σ|σ, ρ) = sup
τ∈R(Ψ|F)

∫
Ω

ln

(
νω(σ)

∫
S

Eτσ⊗ρ̂σ
[
ψ(f(ω, s))

]
dνω(s|σ)

+

∫
S×Σ\{σ}

Eτσ′⊗ρσ′

[
ψ(f(ω, s))

]
dνω(s, σ

′)

)
dµ(ω).

(2)

Theorem 2 follows directly from Theorem 1. The growth rate formula in Equation (2)
simply evaluates ρ̂σ (following σ) in conjunction with the ex ante plan ρ (following other
signals) according to Equation (1). It follows that choices are dynamically consistent.

Corollary 1 (Dynamic Consistency). Given a decision problem A = (Aσ)σ∈Σ, the long-run
growth rate is optimized if individuals maximize Equation (1) ex ante and Equation (2) ex
post, so C(A) = argmaxρ∈R(A) V (ρ) and C(Aσ|σ, ρ) = argmaxρ̂σ∈△s(Aσ) V (ρ̂σ|σ, ρ). Thus,
evolutionarily optimal random choice is dynamically consistent.

The evolutionary approach provides a natural interpretation for the immediate impli-
cation of Corollary 1 that choice may violate consequentialism. For expositional clarity,
consider deterministic plans. Consequentialism states that preferences between acts f and
g following a signal σ do not depend on what act would have been obtained following other
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signals σ′. This property could therefore be interpreted as preferences not depending on
“what might have been.” In our model, the genotype consists of a large subpopulation of
individuals. Even if one individual receives the signal σ, other members of this subpopula-
tion are simultaneously receiving different signals, and individuals are programmed to avoid
correlation between their own fitness and the fitness others with the same genotype are expe-
riencing. From the individual perspective, this leads to violations of consequentialism, since
choices do not affect outcomes others experience. Correlation is of consequence only from
the perspective of the genotype, and evolutionarily optimal individual choice after updating
can be thought of as the best response to other individuals who are all playing the Pareto
optimal equilibrium of the game that has long-run population growth as the payoff.

Example 2 (Ellsberg with signals—continued). In the context of Example 1, we can model
risk from betting on the color of an individually drawn ball from the Ellsberg urn using
the state space S = {b, r, y}. Recall the typical preference pattern documented by Ellsberg
(1961), B ≻ R and BY ≺ RY , in violation of Savage’s sure-thing principle. To understand
such preferences within our evolutionary model, note that although the draw of the ball is
independent across individuals, the composition of the urn itself may be common for all
individuals.11 In this case, let Ω = {ω1, ω2, ω3} denote the possible urn compositions, where
ω1 = (b, r, r), ω2 = (b, r, y), and ω3 = (b, y, y). Even if individuals form subjective probability
assessments on the urn compositions, this correlated uncertainty is treated differently than
uncorrelated uncertainty. For ease of illustration, suppose µ assigns equal weight to each ω
and consider the special case of a single fitness function, Ψ = {ψ}, where ψ(0) = 0 and
ψ(1) = 1.

It turns out that in this example deterministic choice is optimal, and for deterministic
action plan (fσ)σ∈Σ the long-run growth rate in Equation (1) becomes

V
(
(fσ)σ∈Σ

)
=

∫
Ω

ln

(∫
S×Σ

ψ(fσ(ω, s)) dνω(s, σ)

)
dµ(ω).

Replicating calculations in Sadowski and Sarver (2024), we can verify Ellsberg behavior:

V (B) = ln

[
1

3

]
>

1

3
ln

[
2

3

]
+

1

3
ln

[
1

3

]
+

1

3
ln[0] = V (R),

and
V (BY ) =

1

3
ln

[
1

3

]
+

1

3
ln

[
2

3

]
+

1

3
ln[1] < ln

[
2

3

]
= V (RY ).

In our model, if, as in Example 1, each individual receives a private signal that tells them
whether the ball drawn for them is yellow (y) or not yellow (¬y), individuals with Ellsberg
ex ante preferences must violate consequentialism. To see why, consider the conditional

11While the Ellsberg example is didactically useful, Section 6 discusses the tension in applying the evolu-
tionary approach to the small populations in lab experiments.
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preference in Equation (2) between B and R following signal ¬y given the ex ante action
plan R¬yY :

V (R|¬y,R¬yY ) =
∑
ω∈Ω

µ(ω) ln
(
νω(r|¬y)︸ ︷︷ ︸

average fitness
from R after

signal ¬y

νω(¬y)︸ ︷︷ ︸
fraction
getting

signal ¬y

+ 1︸︷︷︸
fitness
from Y
after y

νω(y)︸ ︷︷ ︸
fraction
getting
signal y

)

>
∑
ω∈Ω

µ(ω) ln
(
νω(b|¬y) νω(¬y) + 1 νω(y)

)
= V (B|¬y,R¬yY ).

Notice the complementarity between r and y: The probability νω(r|¬y)νω(¬y) of seeing signal
¬y and then state r is higher for urn compositions ω where the probability νω(y) of signal y
(and hence state y) is lower. Choosing R following signal ¬y thus achieves higher expected
individual growth in precisely those instances when there are fewer individuals who contribute
to aggregate growth by receiving signal y and then choosing Y . In contrast, choosing B

does not hedge against this aggregate growth-rate risk, because the probability of state b is
independent of the urn composition.

When the ex ante plan is instead B¬yB, the hedging motive for the choice of R following
¬y disappears, as now the growth rate following signal y is zero. In this case, we have the
opposite conditional preference: V (B|¬y,B¬yB) > V (R|¬y,B¬yB).

5 Updating Versions of Other Familiar Models

Hanany and Klibanoff (2007, 2009) also studied dynamically consistent (and hence non-
consequentialist) conditional preferences. They showed that for a variety of models of ambi-
guity aversion, such conditional preferences between acts f and g can be represented using
updated beliefs within an otherwise unchanged value function. Their conditional preferences
may violate consequentialism since the beliefs used in their updated preferences depend on
the original choice set and the ex ante plan (not just the initial priors), sacrificing the sep-
aration of tastes and beliefs. In contrast, updated beliefs in Equation (2) are derived using
standard Bayesian updating and hence are independent of the decision problem. The viola-
tion of consequentialism in this expression comes instead from an externality—in the sense
that each individual is programmed to care about correlation with other individuals—which
requires the ex ante plan to be a part of the ex post value function. In the context of our
evolutionary model, this strikes us as the most natural formulation of the conditional growth
rate, as it emphasizes the underlying reason for the dependence of the optimal ex post choices
on the ex ante plan.

That said, Theorem 2 in Sadowski and Sarver (2024) provides a duality result for the rep-
resentation of adaptive preferences that simultaneously incorporates both ambiguity aversion
and non-expected utility for risk and includes versions of familiar models as special cases.
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We generalize their theorem to allow for a nondegenerate signal structure, which facilitates
the comparison to updating rules proposed in the literature.

Our result will involve the relative entropy (or Kullback–Leibler divergence) of one prob-
ability measure with respect to another, defined as follows:

R(p ∥ q) =


∫

ln

(
dp

dq

)
dp if p≪ q,

∞ otherwise.

The notation p ≪ q indicates that p is absolutely continuous with respect to q, that is, for
any measurable set A, q(A) = 0 implies p(A) = 0. The term dp

dq
denotes the Radon–Nikodym

derivative of p with respect to q, which exists if and only if p is absolutely continuous with
respect to q.

For any probability measure p ∈ △(Ω), let

M(p) = {q ∈ △(Ω) : q ≪ p and R(p ∥ q) <∞}.

Since R(p ∥ q) < ∞ requires that p ≪ q, if q ∈ M(p), the measures p and q are mutually
absolutely continuous.

Finally, for any q ∈ △(Ω), define the measure ν⊗q on Ω×S×Σ to have marginal q on Ω

and conditional distribution νω on S ×Σ. That is, for any event E in the product σ-algebra
BΩ ⊗ BS ⊗ BΣ, let

(ν ⊗ q)(E) =

∫
Ω

∫
S×Σ

1[(ω, s, σ) ∈ E] dνω(s, σ) dq(ω).

Theorem 3. Suppose Ψ is a nonempty set of functions ψ : Z → [−∞,∞) that is pointwise
bounded above and closed in the topology of pointwise convergence (on the extended reals),
and fix measures µ ∈ △(Ω) and νω ∈ △(S×Σ) for each ω ∈ Ω. For any random action plan
ρ ∈ R(F), the function V defined by Equation (1) can be equivalently expressed as

V (ρ) = inf
q∈M(µ)

[
ln

(∫
Σ

U(ρσ, q, σ) d(ν ⊗ q)(σ)

)
+R(µ ∥ q)

]
(3)

where
U(ρσ, q, σ) = Eρσ

[
sup
ψ∈Ψ

∫
Ω×S

ψ(f(ω, s)) d(ν ⊗ q)(ω, s|σ)
]
. (4)

The proof is in Appendix A. The dual formula in Theorem 3 nests a Non-Expected Util-
ity Representation (Equation (4)) inside a representation of Confidence Preferences (Equa-
tion (3); c.f. Chateauneuf and Faro (2012)) and is appealing for two reasons.

First, it facilitates the analysis of variants of familiar models, as dual formulations of
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the inner expression are possible for specific classes of fitness functions Ψ. Some of these
dual forms are established and analyzed in Sadowski and Sarver (2024), and thanks to
Theorem 3, they can also be applied in our current setting with signals and dynamically
consistent updating. For instance, Proposition 1 of Sadowski and Sarver (2024) implies that
for any probability distortion function φ : [0, 1] → [0, 1] that is nondecreasing, concave, and
onto, there exists a set of fitness functions Ψ such that the term in Equation (4) can be
expressed as an expectation over the corresponding rank-dependent expected utility:

U(ρσ, q, σ) = Eρσ
[ ∫

Z

u(z) d(φ ◦ Ff,(ν⊗q)(·|σ))(z)
]

where
Ff,(ν⊗q)(·|σ)(z) =

∫
S

1[f(s) ≤ z] d(ν ⊗ q)(s|σ)

denotes the cumulative distribution function of f given ν ⊗ q and σ.12 Alternatively,
U(ρσ, q, σ) can also sometimes be expressed as divergence preferences or as certain cases
of (probabilistically sophisticated) multiple prior preferences.

Second, ex post choice according to Bayesian updating using the minimizing measure q in
Equation (3) will be dynamically consistent. Consider the optimal ex ante plan ρ = (ρσ)σ∈Σ
from a choice set R(A), and take the minimizing probability measure q̄ from Equation (3).
It can be shown that if the functions in Ψ are bounded away from zero, then a unique
such minimizing measure exists and, moreover, the dynamically consistent ex post action
ρσ prescribed by this plan following signal σ satisfies U(ρσ, q̄, σ) ≥ U(ρ̂σ, q̄, σ) for any other
feasible ex post action ρ̂σ ∈ △s(Aσ) (see Sadowski and Sarver (2025)). That is, dynamically
consistent updating can be achieved by letting the chosen act and the choice set enter the ex
post value function via the ex ante minimizing q, rather than the externality in our model
of adaptive preferences (Equation (2)). This alternative interpretation of dynamic consis-
tency is in line with that of Proposition 4.1 in Hanany and Klibanoff (2009) on dynamically
consistent updating of ambiguity averse preferences (Cerreia-Vioglio et al. (2011)).

6 Lessons from and for the Lab

Our evolutionary approach to ambiguity aversion applies directly to situations where am-
biguity can be identified with common uncertainty, that is, where the same uncertainty is
faced by a large subpopulation. In contrast, the number of subjects in lab experiments is
small. It may be that ambiguity aversion in the lab is due to common uncertainty about the
motives of experimenters or is a heuristic based on the adaptive model, in which cases our

12See Sadowski and Sarver (2025) for additional discussion of updating of rank-dependent utility and
the importance of the timing of adaptation relative to signal realization in determining whether it satisfies
consequentialism.
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insights would apply. Alternatively, other sources of ambiguity aversion might be at play, in
which case our insights may not apply. Therefore, the validity of our model’s prediction of
dynamic consistency in the laboratory strikes us as an empirical question. We conclude by
comparing the predictions of our model to existing evidence, and in the process explain how
the model can provide guidance on how to successfully test for dynamic consistency.

6.1 Testing Dynamic Consistency

When investigating dynamic consistency between ex ante signal-contingent plans and ex post
choice after a particular signal realization, it is often implicitly assumed that the information
structure that gives rise to that signal realization is irrelevant for ex post choice. For instance,
Dominiak, Duersch, and Lefort (2012) considered a decision situation similar to Example 1.
To efficiently collect ex post preferences contingent on the signal ¬y, their experimental
design redraws the ball from the urn until the ball comes up black or red, so that no individ-
ual ever learns y.13 While this protocol may be adequate in the context of some theoretical
models, our model of adaptive preferences predicts that dynamic consistency and consequen-
tialism are at odds with each other only when there are complementarities in payoffs between
individuals who receive different signals. If no individuals receive the counterfactual signal
(in this case y), then our model will not predict any violations of consequentialism, in line
with the experimental findings in Dominiak, Duersch, and Lefort (2012). This demonstrates
that testing our model’s prediction of dynamic consistency requires implementing the entire
event tree.

An experiment by Bleichrodt et al. (2021) that did implement the entire event tree found
that consequentialism was satisfied slightly more often than dynamic consistency (73.2%
versus 66.2% of subjects). Interestingly, although not the focus of their experiment, some
of their experimental evidence seems to suggest that violations of dynamic consistency may
be connected with cognitive constraints and narrow bracketing. In particular, the primary
violation of dynamic consistency observed in their experiment also constitutes a violation
of monotonicity (stochastic dominance), and in many cases of consequentialism, if subjects
properly integrate payoffs across the different questions in the experiment.

Specifically, half of the 200 cards in a bag carried an even number and the other half an
odd number. For each parity, 33 cards were red, and 67 cards were either blue or yellow in
the same ambiguous ratio. For each subject, a card was drawn from the bag. Subjects were
asked two consecutive questions that were equally likely to be the one to determine their
final reward. The first question asked subjects to bet on the color of a card drawn for them,
contingent on its parity. Note that betting on yellow for odd parity and blue for even parity
(or vice versa) is a dominant choice for a weakly ambiguity averse subject: it hedges perfectly
against ambiguity and achieves a higher expected payoff than betting on red, since 67/2 > 33.

13We relabeled the colors used in their experiment to align with those in our Example 1.
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After answering the first question, subjects were told the parity of their card and asked again
to bet on its color. Roughly half (49%) of the violations of dynamic consistency observed in
this experiment involved switching from the unconditionally optimal bets to betting on red
after learning the parity of the card. However, this choice pattern also constitutes a violation
of monotonicity and potentially consequentialism. When considering the combination of the
two questions, subjects should realize that if, for instance, the revealed parity is odd and
they previously bet on yellow for that case in the first question, then betting on blue (rather
than red) in the second question hedges perfectly against ambiguity and yields the highest
possible expected payoff given the randomized payment scheme.

In the experiment, the purportedly consequentialist choice of red after learning the parity
is only optimal if subjects narrowly bracket the payments from different questions in the
experiment. This begs the future empirical research question of whether these two behavioral
patters—narrow bracketing (failure to integrate payoffs from different aspects of the overall
choice situation) and consequentialism at the expense of dynamic consistency (not integrating
unrealized branches of the decision tree)—correlate across individuals, and if so, whether
both should be considered mistakes as our model would suggest.

6.2 Ambiguous Signals

Ambiguous information arises, for instance, when observing results of a poorly understood
test. Shishkin and Ortoleva (2023) tested one striking implication of all common conse-
quentialist approaches to updating models of ambiguity aversion, namely that ambiguous
information can have negative value. This implication seems counterintuitive, and indeed
their evidence casts doubt on it: Ambiguity-averse subjects appear to ignore information
unless it is valuable. Reacting to information only when it adds value maximizes ex ante
expected utility, and is therefore dynamically consistent. In other words, their experimental
findings are in line with our model of adaptive preferences, and its evolutionary foundation
provides a rationale for them.

7 Conclusion

This paper provides an evolutionary foundation for understanding how individuals update
preferences under risk and ambiguity, addressing the longstanding tension between dynamic
consistency and consequentialism. Using a model of adaptive preferences, we demonstrate
that evolutionarily optimal behavior necessitates dynamic consistency, because reproductive
success demands consistency between ex ante planning and ex post execution. However, we
also show that consequentialism is systematically violated in an evolutionarily optimal way.
This is not irrationality, but rather a result of genotypic interdependence: When members
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of a genotype receive different signals, each individual’s decisions must internalize how they
interact with the decisions of others to determine the population’s aggregate fitness.

A Appendix: Proof of Theorem 3

The first step in the proof of Theorem 3 is the following duality result.

Proposition 1. Suppose Ψ is a nonempty set of functions ψ : Z → [−∞,∞) that is point-
wise bounded above, and fix measures µ ∈ △(Ω) and νω ∈ △(S×Σ) for each ω ∈ Ω. For any
random action plan ρ ∈ R(F), the function V defined by Equation (1) can be equivalently
expressed as

V (ρ) = sup
τ∈R(Ψ|F)

inf
q∈M(µ)

[
ln

(∫
Ω

∫
S×Σ

Eτσ⊗ρσ
[
ψ(f(ω, s))

]
dνω(s, σ) dq(ω)

)
+R(µ ∥ q)

]
.

The proof of this proposition is based on applying the duality result from Proposition 4
in Sadowski and Sarver (2024) to the random variable X : Ω → [−∞,∞) defined by

X(ω) =

∫
S×Σ

Eτσ⊗ρσ
[
ψ(f(ω, s))

]
dνω(s, σ),

for a given ρ ∈ (△s(F))Σ and τ ∈ R(Ψ|F). The arguments are similar to the proof of
Lemma 7 in Sadowski and Sarver (2024). We therefore omit the details for brevity.

The second step in the proof of the theorem involves switching the order of the supremum
and infimum in the formula from Proposition 1. This is accomplished using an extension
of the von Neumann-Sion Minimax Theorem due to Tuy (2004). The following result from
Sadowski and Sarver (2024) sets up the necessary technical machinery for our desired appli-
cation.14

Proposition 2 (Sadowski and Sarver (2024)). Fix measures µ ∈ △(Ω) and νω ∈ △(S ×Σ)

for each ω ∈ Ω, and suppose Ξ is a nonempty set of functions ξ : Ω × S × Σ → [−∞,∞)

with the following properties:

1. Closedness: When the set of extended reals [−∞,∞] is endowed with its usual topology
and [−∞,∞]Ω×S×Σ is endowed with the product topology (i.e., the topology of pointwise
convergence), Ξ is a closed subset of this space.

2. Finite measurability: There exists a finite partition E ⊂ BΩ ⊗ BS ⊗ BΣ of Ω × S × Σ

such that every ξ ∈ Ξ is measurable with respect to E.

3. Pointwise boundedness: supξ∈Ξ ξ(ω, s, σ) <∞ for every (ω, s, σ) ∈ Ω× S × Σ.

14Proposition 2 is Proposition 5 of Sadowski and Sarver (2024) when S ×Σ replaces S as the state space.
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Then, letting co(Ξ) denote the convex hull on Ξ,

sup
ξ∈co(Ξ)

inf
q∈M(µ)

[
ln

(∫
Ω

∫
S×Σ

ξ(ω, s, σ) dνω(s, σ) dq(ω)

)
+R(µ ∥ q)

]
= inf

q∈M(µ)

[
ln

(
sup
ξ∈Ξ

∫
Ω

∫
S×Σ

ξ(ω, s, σ) dνω(s, σ) dq(ω)

)
+R(µ ∥ q)

]
.

Proceeding with the proof of Theorem 3, fix any ρ ∈ R(F). For each σ ∈ Σ, let
Bσ = supp(ρσ). Since ρσ is a simple lottery, Bσ is finite. Let B =

⋃
σ∈ΣBσ. Since Σ is finite,

B is a finite set of acts. Focus for the moment on adaptations plans τ that place probability
one on some fitness function ψσ,f ∈ Ψ following each σ ∈ Σ and f ∈ B. Such deterministic
adaptation plans are denoted by (ψσ,f )σ∈Σ,f∈B ∈ ΨΣ×B, or (ψσ,f ) for short.

Define Ξ to be the set of individual expected fitness functions that are attainable given
the fixed random choice of act under the action plan ρ and together with some deterministic
adaptation plan, that is, the set of all functions ξ : Ω×S×Σ → [−∞,∞] that take the form

ξ(ω, s, σ) =

∫
B

ψσ,f (f(ω, s)) dρσ(f) (5)

for some (ψσ,f )σ∈Σ,f∈B. Thus,

Ξ =
{
ξ ∈ [−∞,∞]Ω×S×Σ : ξ is defined by Equation (5) for some (ψσ,f ) ∈ ΨΣ×B

}
. (6)

The next two lemmas show that taking the convex hull of Ξ generates precisely the set of
individual expected fitness functions that can be attained through random adaptation plans
and that the set Ξ satisfies the three conditions from Proposition 2.

Lemma 1. Define Ξ as in Equation (6). For any random adaptation plan τ ∈ R(Ψ|F),
define ξτ : Ω× S × Σ → [−∞,∞) by

ξτ (ω, s, σ) = Eτσ⊗ρσ
[
ψ(f(ω, s))

]
=

∫
F

∫
Ψ

ψ(f(ω, s)) dτσ(ψ|f) dρσ(f).

Then,
co(Ξ) =

{
ξτ : τ ∈ R(Ψ|F)

}
.

Lemma 2. The set Ξ defined in Equation (6) satisfies conditions 1–3 in Proposition 2.

Lemma 1 is similar to Lemma 8 from Sadowski and Sarver (2024), but modified to
incorporate signals. Lemma 2 is based on standard arguments. Therefore, the proofs of
these lemmas are omitted for brevity.
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Define V as in Equation (1). Then, we have

V (ρ) = sup
τ∈R(Ψ|F)

inf
q∈M(µ)

[
ln

(∫
Ω

∫
S×Σ

Eτσ⊗ρσ
[
ψ(f(ω, s))

]
dνω(s, σ) dq(ω)

)
+R(µ ∥ q)

]
= sup

ξ∈co(Ξ)
inf

q∈M(µ)

[
ln

(∫
Ω

∫
S×Σ

ξ(ω, s, σ) dνω(s, σ) dq(ω)

)
+R(µ ∥ q)

]
= inf

q∈M(µ)

[
ln

(
sup
ξ∈Ξ

∫
Ω×S×Σ

ξ(ω, s, σ) d(ν ⊗ q)(ω, s, σ)

)
+R(µ ∥ q)

]
,

where the first equality follows from Proposition 1, the second from Lemma 1, the third
from Proposition 2 and the definition of ν ⊗ q. Simple manipulations of the term inside the
logarithm yield

sup
ξ∈Ξ

∫
Ω×S×Σ

ξ(ω, s, σ) d(ν ⊗ q)(ω, s, σ)

= sup
(ψσ,f )∈ΨΣ×B

∫
Σ

∫
Ω×S

∫
B

ψσ,f (f(ω, s)) dρσ(f) d(ν ⊗ q)(ω, s|σ) d(ν ⊗ q)(σ)

=

∫
Σ

∫
B

sup
ψ∈Ψ

∫
Ω×S

ψ(f(ω, s)) d(ν ⊗ q)(ω, s|σ) dρσ(f) d(ν ⊗ q)(σ)

and hence

V (ρ) = inf
q∈M(µ)

[
ln

(∫
Σ

Eρσ
[
sup
ψ∈Ψ

∫
Ω×S

ψ(f(ω, s)) d(ν ⊗ q)(ω, s|σ)
]
d(ν ⊗ q)(σ)

)
+R(µ ∥ q)

]
.

Since this is true for any ρ ∈ R(F), the proof is complete.
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