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Abstract:

Neuroscientists and psychologists have brought to evidence the contribution of both model-free

(or System I) and model-based (or System II) valuation mechanisms in the determination of individ-
ual decisions. While the former mechanisms typically unconsciously learn to associate actions with
rewards (commonly dopamine rewards) based on past correlations, the latter typically rely on a cog-
nitive model of the likely outcomes of actions and of their desirability. The balance between the two
types of mechanisms is monitored by the brain depending on the internal and external environment
of the decision (e.g. stress, complexity of the decision...). In this context, the contribution of this
paper is fourfold: (1) I argue that the decision utility can be seen as an endogenously weighted aver-
age of an expected pleasure (or innate reward, which humans innately experience) and an expected
model-based utility (which can rely on other fundamentals than pleasures, such as moral values). (2)
I show that this framework allows to shed new light on a wide range of economic behaviors and to
identify new sources of economic ine�ciency in the typical intertemporal Social Welfare criteria, due
to the nowadays large discrepancy between the innate rewards elicited by actions and these actions'
desirability in the perspective of Humanity survival, as well as to the excessive role played by innate

rewards in decision making in general. (3) I argue that the typical trade-o�s implied by Welfare
criteria, between present and future utility or present utility and Humanity extinction risk, could be
strongly attenuated by the adoption of new types of policy measures aimed at (3.a) shaping innate

rewards so that behaviors maximizing the decision utility also minimize the Humanity extinction

risk and (3.b) reducing the role of innate rewards with respect to model-based utility in typical day-
to-day economic decisions. (4) I brie�y describe how such policy measures could be operationalized
in practice.
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1 Introduction

Neuroscientists and psychologists have brought to evidence the contribution of both model-free (also
called System I as in Stanovich (1999)) and model-based (or System II) valuation mechanisms2 in
the determination of individual choices. In short, model-free valuation mechanisms typically uncon-
sciously associate past actions with their rewards (commonly dopamine rewards), based on observed
correlations, thereby leading individuals to repeat previously rewarded actions in a habitual manner.
In contrast, model-based valuation mechanisms, which are prospective and goal-oriented, typically
rely on a cognitive model of the likely outcomes of actions and of their desirability, given the knowl-
edge acquired on the current environment, in order to determine the estimated overall desirability
of an action.3 It has been shown that the relative importance of these two kinds of mechanisms
in decision making varies depending on the characteristics of the internal (i.e. internal state of the
individual such as his level of hunger) and external (i.e. characteristics of the decision such as its
required speed) environment in which the decision takes place. Additionally, recent evidence has
shown that these model- free and model-based valuation mechanisms are not independent of each
other. The model-based valuation mechanisms are able to modulate dopamine rewards so as to train
model-free valuations.4 The rewards perceived by the model-free mechanisms thus come both from
innate rewards,5 i.e. the naturally rewarding stimuli that need not be learned through experience
(e.g. in response to fatty or sugary food, drugs, social interactions, novelty...), and model-based

induced rewards, i.e. the modulations of rewards produced by the model-based mechanisms.6

Humans are endowed with innate rewards because those used to provide an evolutionary advan-
tage to their hunter-gatherer ancestors, as they led the hunter-gatherers toward repeating actions
that were good for their survival or their reproduction. For example, experiencing a reward when
eating sugary food (such as an apple) or having sex led them to repeat this behavior in the future.
Besides, the adaptability of the relative importance of model-free and model-based valuation mech-
anisms depending on the context was also evolutionarily advantageous as, the more depleted the
needs of the hunter-gatherer were, the more he automatically relied on his model-free valuations, and
thus on his innate rewards, which led him back to actions ensuring his survival and reproduction.7

In a way, we may say that innate rewards played a role of "safety net", by ensuring that behaviors
necessary for survival were performed. In contrast, nowadays, nature has largely been replaced by
humans in the production of most consumption goods and their marketing, thereby leading to a
decorrelation between the innate rewards (whose triggers have remained unchanged) and the actual
individual survival value of goods.8 For example, the excessive concentration of sugar in energy bars

2Some psychologists, like Evans and Stanovich (2013), call these mechanisms, respectively, Type I and Type II,
because this denomination does not necessarily imply that "exactly two systems underlie the two forms of processing"
(Evans and Stanovich, 2013).

3Evans and Stanovich (2013) argue that only two features are de�ning characteristics of the two types of processing,
namely Type I processes are autonomous and require no working memory, while Type II processes are based on
cognitive decoupling and mental simulation and require working memory. The other features generally associated
with Type I and Type II processes are, they argue, "simply correlates that occur under well-de�ned conditions and
are neither necessary nor de�ning features."

4See Moran et al. (2019); Doody, Van Swieten and Manohar (2022); Deserno et al. (2021); Gershman, Markman
and Otto (2014); Doll et al. (2009); Doll, Simon and Daw (2012).

5Note that I will not, in this article, di�erentiate between rewards and pleasures, even though some literature sug-
gests that dopamine rewards may not be necessary for "liking" and mostly implicated in the triggering of "motivation"
for a speci�c behavior as well as learning (Berridge, 2009).

6Reciprocally, it can be thought that model-based valuations partially rely on innate rewards, as it is rational for
individuals to value their pleasure, at the very least for their cognitive and emotional bene�ts, as positive a�ects have
been shown to help in daily life for the planning and building of cognitive and emotional resources (Fredrickson et al.,
2008; Dickinson et al., 2010).

7Imagine, for example, that the hunter-gatherer had been busy with painting the walls of a cave (thus relying on a
model-based valuation of the informational or religious usefulness of his action), hunger would progressively increase
his reliance on his model-free valuation mechanisms, which would, at some point, lead him to decide to go hunting or
food gathering.

8The individual survival value of a an action (such as the consumption of a good) may be seen as a measure of the
impact of this action on the individual's chances of survival.
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is associated with a huge innate reward, under the form of a huge peak of dopamine, despite the un-
healthiness of the repeated consumption of these bars. Similarly, pornographic videos' impact on the
dopamine system has no common measure with its null or even negative impact on the individual's
reproductive chances (Goetz et al., 2019), and the orchestrated excitement produced by marketing
strategies around the goods they intend to sell (through music, discounts, loyalty programs, vivid
colors...) often very e�ciently dissimulates the total uselessness of the marketed products for the
individual's survival and reproduction. At the opposite of the spectrum, the innate costs (i.e. neg-
ative innate rewards) faced by hunter-gatherers also used to su�ciently correctly re�ect dangers for
individual survival. For example, many dangerous food items have a bad taste. Nowadays, however,
a large number of modern dangers are totally imperceptible to human senses so that they are as-
sociated with null innate costs, even if their individual survival value is strongly negative. We can
think, for example, of a wide range of lethal chemicals, endocrine disruptors, radioactivity, asbestos,
the increase of the CO2 concentration in the atmosphere...9 What's more, the innate cost linked
with the act of purchase has been reduced to a ridiculously small level as consumers can now buy
products online from home by a simple click and have them delivered right away without exerting
any kind of e�ort. This development has metamorphosed innate rewards from natural allies for the
survival of humans to natural deceivers, requiring from humans an ever increasing compensation of
deceiving innate rewards by stronger reliance on model-based valuations, in order to limit or avoid
unhealthy or survival-threatening behaviors.10 Furthermore, Humanity has now reached a level of
development that makes it possible for her to self-destroy if wrong decisions are taken. Inadequate
innate rewards thus have acquired the potential to lead to Humanity's extinction. Indeed, the aggre-
gation of overconsuming behaviors encouraged by excessive innate rewards associated with a wide
range of products in every country of the world may very well lead to an irreversible climate change
that will lead to Humanity's extinction (Pörtner et al., 2022).

In this context, the present paper's contribution is fourfold.
First, I propose to consider the decision utility11 as a weighted average of a model-free and a

model-based utility component, which weight varies depending on the internal and external environ-
ment of the decision. Then, focusing on the fundamentals leading to model-free utility and ignoring
the errors linked with the computation of both utilities, I argue that we can further consider the
model-free utility as a weighted average of two categories of rewards, namely innate rewards and
model-based induced rewards, in accordance with the literature documented earlier in the introduc-
tion.1213

Secondly, I show that this framework proves very useful to understand the role of innate rewards

and model-based valuations in shaping a wide array of economic decisions, such as a typical purchase
in a store or on a website or a typical choice between a "sustainable" and a "non-sustainable" action
in daily life, depending on the individual's internal state. Furthermore, it allows to identify new
sources of economic ine�ciency in typical intertemporal Social Welfare criteria (such as the expected
discounted utilitarian welfare criterion), due to the nowadays large discrepancy between the innate

rewards elicited by actions and their desirability in the perspective of Humanity survival, as well as
to the excessive role played by innate rewards in decision making.

Third, I argue, based on the proposed decomposition of the decision utility, that the typical

9Indeed, humans' senses and perceptions only allow them to apprehend a very tiny fraction of the characteristics
of the world they live in and of the state of their own body. For example, they only perceive 0.0035% of the whole
electromagnetic spectrum (Gawrylewski, Aug. 2019), they can't see things that are smaller than 0.1mm large, they
perceive a �ickering light of frequency higher than 60Hz as steady, and they lack many senses that other animals have
(e.g. the perception of the Earth magnetic �eld, of electric �elds...). A wide range

10See the literature on "evolutionary mismatches", including Li, van Vugt and Colarelli (2018) and Manus (2018).
11I will rely on the usual distinction in Behavioral Economics between decision utility (i.e. the neoclassical utility,

namely the weight attributed to outcomes and attributes in decisions) and experienced utility (i.e. the pleasure and
happiness really experienced as a consequence of the decisions).

12The fundamentals of model-based utility will not be explicitly modeled, but they typically include the innate

rewards of the individual, the innate rewards of others, moral values, culture, scienti�c evidence...
13As errors in the computation of model-based utility are ignored, this utility is considered to perfectly re�ect

expected utility.
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trade-o�s implied by intertemporal Social Welfare criteria between present and future experienced

utility or between present experienced utility and the Humanity extinction risk could be sizably
attenuated by the adoption of one or more of the following new types of public policies: (1) policies
improving the alignment of the pleasure-content (i.e. innate reward -content) of commercial products
with their Humanity survival value,1415 (2) the limitation of factors leading to an excessive reliance
on innate rewards (e.g. changing the shaping of purchase environments, reducing job-related stress
to avoid stress traps...).

Fourth, I give some ideas on how such policy measures could be put in practice and, in particular,
how innate rewards and Humanity survival value could be quanti�ed for that purpose.

In the remaining of the paper, I �rst propose a brief literature review in Section 2. I then present
the general analytical framework in Section 3, starting with the presentation of the model, followed
by the identi�cation of new sources of economic ine�ciencies, the proposition of policy measures,
and the discussion of their practical implementation. After that, I illustrate the general analytical
framework with several applications of the model in Section 4 before concluding.

2 Literature

The present paper is linked with a wide array of literature strands from various research �elds.
The literature that is the most akin to the present approach corresponds to a set of dual-process

models of behavior proposed in the Behavioral Economics and Neuroeconomics �elds. These mod-
els typically explain individual behaviors by the interaction between two di�erent decision making
systems or two di�erent types of processing mechanisms, for example automatic versus control pro-
cesses (Benhabib and Bisin, 2005) or planner-self versus doer-self (Thaler and Shefrin, 1981). They
most often exclusively focus on intertemporal choice.16 However, this is not the case of Loewenstein,
O'Donoghue and Bhatia (2015) who propose a dual-process model based on a dichotomy between
"deliberative processes" and "a�ective processes" and apply it not only to intertemporal choice but
also to risky decision making and social preferences. While the distinction between model-free and
model-based valuation mechanisms adopted in the present paper is reminiscent of previously made
distinctions between System I and System II or automatic versus control cognitive processes, it
departs from the literature by its focus on the fundamentals of valuations, namely innate rewards

and model-based valuations, obtained through a further decomposition of model- free valuations into
innate rewards and model-based induced rewards. The grounding of model-free valuations in innate

rewards inherited from human evolution, which can be objectively quanti�ed, then allows to discuss
the economic ine�ciencies associated with the pervasive discrepancy between innate rewards and
survival values and to draw policy implications.

Relatedly, the present paper is also linked with the Psychology and Neuroscience literature
dealing with the model-free (or System I or Type I) and model-based (or System II or Type II)
reinforcement learning mechanisms that individuals rely on to learn the value of their actions. This
literature attempts, in particular, to quantify the relative importance of model-free and model-based

valuations in actual behaviors, depending on various internal and external environmental factors,
based on laboratory experiments. Most papers largely rely on the methodology proposed by Daw
et al. (2011). Among the numerous identi�ed factors that a�ect the reliance of individual decisions on
model-free mechanisms and model-based mechanisms, we can mention hunger (van Swieten, Bogacz

14The Humanity survival value of an action corresponds to its potential to increase Humanity's survival chances
(i.e. reduce the Humanity extinction risk) or Humanity's future living conditions.

15Throughout the article, two functions are said to be "aligned" if they lead to exactly the same arbitrages between
actions in all environments (if, according to one function, I prefer action A over action B, I will also prefer it according
to the second function and vice versa, and if, according to one function, I choose a given quantity of an action, I will
choose the same quantity according to the second function).

16See Thaler and Shefrin (1981); Shefrin and Thaler (1988); Bernheim and Rangel (2004); Fudenberg and Levine
(2006). In this literature, one of the two "systems" is typically associated with a much larger discount rate than the
other, which is used to explain the emergence and persistence of a number of addictions.

3



and Manohar, 2021), the complexity and uncertainty of the decision (Kim et al., 2019), as well as
the stress level and size of working memory of the individual (Otto et al., 2013). The present paper
relies on the insights of this empirical literature for the discussion of the model's implications.

Additionally, the present paper makes use of other insights from the neuroscience �eld regarding,
in particular, the processing of innate rewards (Kelley and Berridge, 2002) and the existence of inter-
individual di�erences in the intensity of these innate rewards (Reed and Knaapila, 2010).17 It also
relies on the Psychology and Medicine literature that discusses the development of "evolutionary
mismatches", due to the growing discrepancy between innate rewards and the associated individual

survival values (Li, van Vugt and Colarelli, 2018; Manus, 2018).
Furthermore, the economic literature that deals with the discussion of the adequate choice of

long-term intertemporal Social Welfare function and the proposition of various optimality criteria18

is mobilized, in order to identify the economic ine�ciencies implied by the analytical framework
proposed in this paper.

Eventually, the paper is related to the literature dealing with the translation of Behavioral eco-
nomics' insights into public policy interventions. Behavioral economists, based on the observation of
systematic gaps between decision utility and experienced utility, commonly argue that public policy
should aim at maximizing the latter rather than the former. They argue that Behavioral Economics'
results can make a signi�cant contribution to the public debate "by o�ering new policy tools, im-
proving predictions about the e�ects of existing policies, and generating new welfare implications"
(Chetty, 2015). Among these new policy tools, they advocate for an improved shaping of default
options, the use of anchors and reminders, as well as many other kinds of nudges and sludges (Thaler
and Sunstein, 2009; Löfgren and Nordblom, 2020). In the present paper, the distinction between
decision utility and experienced utility is mobilized. However, the gap between the two is solely
explained by the intrusion of the model-free valuation (modulated by the level of need or stress) in
decision making, while other contributors such as errors due to the use of heuristics are ignored.

3 Analytical framework

In this section, I start by presenting the general model, use it to derive new sources of economic
ine�ciency, propose policy measures aimed at addressing them and eventually describe how these
policies could be implemented in practice.

3.1 Model

Consistently with the evidence presented in the Introduction and Literature Sections regarding the
contribution of both model-free and model-based valuation in decision making, it will be assumed,
in this model, that utility is a weighted average of a model-free and a model-based valuation.

Additionally, it has been explained that the pleasure rewards captured by themodel-free valuation

mechanisms may be of two types, the �rst of which corresponds to innate rewards, which humans
have inherited from their evolution, due to the survival or reproduction advantage they gave to their
owners. Humans thus experience innate rewards linked with sweetness and fatness because it helped
their hunter-gatherer ancestors to recognize energy-rich food, sexual pleasure because it helped their
ancestors want to reproduce... In this model, the notion of innate rewards will include innate costs

(as negative innate rewards) corresponding, for example, to physical or intellectual e�orts as well as
pain, as they have been shown to also be encoded by dopamine neurons (Pasquereau and Turner,
2013; Varazzani et al., 2015; Ko and Wanat, 2016). Note that innate rewards are not necessarily
self-centered. It has been shown that individuals have, to di�erent extents, a capacity for empathy
that leads them to actually "feel" the pleasures and displeasures of others, with actual hormonal
signals similar to those that are released for self-centered pleasures and displeasures (Marsh, 2018).

17Note that this literature has shown that other neuromodulators are also implicated in reward processing, such as
opioids and endocannabinoids (Berridge and Kringelbach, 2015), so that dopamine is not always necessary for innate
rewards (Cannon and Bseikri, 2004).

18See Botzen and van den Bergh (2014); Méjean et al. (2020); Tsur and Zemel (2009); Stern (2006).
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Further note that innate rewards appear to be modulated by many characteristics of the internal
and external environment of the decision, such as the "homeostatic state, [...] the environment and
epigenetics", as stated in Lewis et al. (2021) with numerous academic references.19 For instance,
humans experience more pleasure from eating if they are hungry.

The other category of pleasure rewards taken into account by model-free valuation mechanisms
corresponds to model-based induced rewards. A number of publications20 have indeed given evidence
that model-based learning mechanisms can retrospectively update model-free values by modifying
dopamine rewards (the model-based induced rewards then correspond to the modulations a�ecting
dopamine rewards). Thus, in the proposed model, model-free valuations will correspond to a weighted
average of innate rewards and model-based induced rewards (the latter encompassing, like the �rst
one, its own negative version corresponding to model-based induced costs).

Model-based objectives (i.e. the fundamentals of model-based valuations) can be, for example,
long-term healthiness, long-term popularity, the implementation of the individual's moral or religious
values, the compliance with cultural or identity prescriptions, the improvement of the individual's
o�springs' living conditions, the improvement of the individual's chances to meet his own basic
needs in the future, becoming rich... But individuals may also choose as a model-based objective
to maximize their (instantaneous or future) pleasure, in which case model-free and model-based

valuations may become pretty similar. Note that although model-based objectives could be thought
of as independent of the internal and external environment, the consequences of actions depend on
the environment so that the model-based valuation of actions will depend on the environment too.

Eventually, the relative importance of the model-free and model-based valuation mechanisms in
the �nal decision is arbitrated by neuronal computations (Lee, Shimojo and O'Doherty, 2014) and
depends on numerous characteristics of the internal and external environment. For instance, it has
been shown that the reliance on model-free valuation mechanisms increases with hunger (van Swi-
eten, Bogacz and Manohar, 2021), the level of stress, especially for individuals with a low working
memory (Otto et al., 2013), a reduced level of dopamine (Wunderlich, Smittenaar and Dolan, 2012),
depression (Heo, Sung and Lee, 2021), drugs (Groman et al., 2019), the old age of the individual
(Eppinger et al., 2013), the prosociality individuals (as opposed to sel�shness) (Oguchi et al., 2023),
the reduced processing speed of the brain (Schad et al., 2014), the combination of high complexity
with high uncertainty of the decision (Kim et al., 2019), the required speed and accuracy of the
decision (Keramati, Dezfouli and Piray, 2011), erotic cues (Mathar et al., 2022)... Some evidence
suggests that this balance between model-free and model-based valuation mechanisms is not easy to
train (Grosskurth et al., 2019).21

All in all, I propose to model the decision utility of an individual choosing an optimal combination
of N actions a ∈ R+N in an (internal and external) environment characterized by the L-uple s ∈ RL

as a weighted average of a model-free utility (or model-free valuation), V mf (a, s), and a model-based

utility (or model-based valuation), V mb(a, s).22 Both utilities will be assumed to be errorless, in the
sense that the model-free utility will perfectly re�ect the consequences of each combination of actions
in terms of the (dopamine) rewards that will be activated23 and the model-based utility will perfectly
re�ect the consequences of each combination of actions in terms of achievement of the individual's

19See also Watts and Bernat (2018).
20See Moran et al. (2019); Doody, Van Swieten and Manohar (2022); Deserno et al. (2021); Gershman, Markman

and Otto (2014); Doll et al. (2009); Doll, Simon and Daw (2012).
21In �gures, the relative importance of the model-based valuation estimated in Daw et al. (2011) is 39%, Wunderlich,

Smittenaar and Dolan (2012) �nd 58% and Hackel et al. (2019) 83%. We can observe that it varies a lot depending
on the experiment, be it due the characteristics of the population under study or the limited size of the samples.

22While this formulation of decision utility is clearly reminiscent of dual-self theories, the author is aware of the
critiques formulated against them (Grayot, 2020) and rather seeks to translate the varying share of model-free and
model-based valuation mechanisms implied in the decision making process. This approach does not require that the
two types of mechanisms be associated with two clearly distinct systems in the brain nor exclude the possibility of
their collaboration.

23This means that the fact that some environments or action choices have never been faced in the past and are thus
associated with no de�nite innate reward, for example, is not taken into account.
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model-based standards of what is desirable for him.2425 The model-free utility's weight, α(s) ∈ [0, 1],
depends on the characteristics of the internal and external environment, s. The decision utility of
an individual thus writes:

Udec.(s) = max
a

α(s)V mf (a, s) + (1− α(s))V mb(a, s) (1)

The model-free utility can then be decomposed into the two sources of rewards it relies on,
under the form of a weighted average of innate rewards R(a, s) and model-based induced rewards,
with a weight β ∈ [0, 1]. This weight will be considered to be constant across environments, as
the author is aware of no article quantifying the magnitude of model-based induced modulations of
rewards depending on the environment. Additionally, model-based induced rewards will be assumed
to perfectly re�ect model-based valuations, i.e. the training of the model-free valuations is errorless.26

Consequently, the decision utility writes:2728

Udec.(s) = max
a

α(s)βR(a, s) + (1− α(s)β)V mb(a, s) (2)

Note that each individual will have his own R(.) and V mb(.) functions, depending on his speci�c
sensitivities, genome, past experiences, moral values, knowledge (Lewis et al., 2021)... Each indi-
vidual will also have his own α(.), depending, for example, on his genome (Mikus et al., 2022) and
working memory size (Otto et al., 2013).29 Inter-individual di�erences in α(.) have been shown to
predict future behaviors, such as the evolution of their alcohol consumption three years later (Chen
et al., 2021). Eventually, each individual will have his own β, translating the lower or higher ability
of his model-based mechanisms to modify his model-free valuations.

This decomposition of the decision utility into innate rewards and model-based valuations volun-
tarily abstracts from the estimation errors linked with model-free and model-based valuation mech-
anisms, in order to focus on the fundamentals of these valuations, i.e. either "hard-wired" innate

rewards that individuals are born with or individuals' model-based standards of what is desirable
for them.30 It is interesting because the two categories of fundamentals play very complementary
roles for human survival. Innate rewards are based on very �ne sensory signals captured by our

24This means that errors of reasoning, as well as lack of information or education leading to a bad evaluation of the
consequences of a combination of actions will not be taken into account.

25Note that, in this model, the accuracy of model-based valuations is not explicitly featured and, a fortiori, not
endogenous. Yet, it would seem natural that the more weight the brain decides to allocate to themodel-based valuation,
the more e�ort it will invest in order to make this valuation accurate. A number of papers seem to corroborate this
intuition (Keramati, Dezfouli and Piray, 2011; Standage, Wang and Blohm, 2014). Additionally, the accuracy of both
model-free and model-based valuations has been shown to depend on stress, which reduces the learning speed for both
(Cremer et al., 2021).

26Note that, in reality, this may not be the case as there may be, for example, additional noise linked with the
training mechanisms...

27Note that I assume, for the sake of simplicity, that all model-based valuations are used to train the model-free

mechanisms, so that all combinations of actions and environment are associated with a model-based induced reward.
Similarly, all combinations of actions and environments are associated with an innate reward, while, in reality, many
of them can be expected to never have been experimented in the past and rather inferred from a gross association
with a "similar" combination of actions in a "similar" environment.

28Also note that the interactions between the model-free and model-based valuations are most probably much more
complicated than this. Indeed, the model-based valuation of outcomes relies, to various extents depending on the
individual, on innate rewards (especially if the individual aspires for pleasures). It has already been stressed that
it is rational for an individual to include innate rewards in his model-based valuations because of their positive
impact on health, cognitive ability, etc. (Fredrickson et al., 2008; Dickinson et al., 2010). Additionally, model-based

mechanisms can take into account, to some extent, the individual's model-free propensities (Moran, Keramati and
Dolan, 2021). This could, theoretically, allow for the model-based mechanisms to anticipate on the innate rewards

that will arise in a speci�c situation and calibrate themselves so as to o�set them (in order to rule alone!). However,
a full compensation would require that the individual fully measures, in each environment, the relative role played
by his model-free mechanisms in his decisions, in order to be able to compensate for them in the future. In reality,
individuals tend to rationalize their decisions, ex-post (Lind et al., 2017), so that model-based mechanisms can be
expected to systematically downplay the role of innate rewards.

29Among rats also, di�erences in the propensity to approach signals versus goals have been documented (Flagel
et al., 2007).

30As already noted, the model-based standards of an individual can be thought of as taking into account his own
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organism, many of which we do not consciously analyze and thus do not integrate in the cognitive
models on which our model-based valuations rely. For example, the facts that humans have a higher
desire to procreate with sexual partners who have a complementary immune system (Kromer et al.,
2016) or have a higher taste for protein-rich food when they are unwittingly made to lack proteins
(Gibson, Wainwright and Booth, 1995) do not appear to be easily explained using solely model-based

valuations. On the other side, model-based valuations make it possible for humans to anticipate mid-
term and long-term consequences of their actions and to plan for the achievement of mid-term and
long-term goals (such as working to obtain a diploma, saving to buy a house...), which would not
be possible, based solely on innate rewards.

As already evoked in the introduction, the fact that the weight of the model-free mechanisms
with respect to the model-based ones increases with the level of stress and need depletion also makes
sense from an evolutionary point of view, as it ensured that hunter-gatherers came back to actions
focused on the meeting of their most basic needs when necessary, by pursuing their innate rewards.31

Eventually, it can be remarked that the distinction between model-free and model-based valua-

tions naturally provides two explanations at least for the gap between stated and revealed preferences
(Haghani et al., 2021). First, when �lling a form questioning them on their preferences, individuals
will be far from all the little innate rewards scattered in their living environment and will not take
them into account in their model-free valuations. Second, they will be less subject to need depletion
or stress than in real life and will thus rely more (or even nearly exclusively) on their model-based

valuations. This gap may be exploitable to quantify both model-free and model-based valuations in
the real world, as will be discussed in Subsection 3.4.

As model-based utility is assumed to perfectly re�ect the potential of a combination of actions to
lead to the individual's desired outcomes, it can be interpreted as expected utility. Innate rewards,
in contrast, are considered as short-term reward signals originally aimed at ensuring survival, but
devoid of further value.32 Thus:

U exp.(s) = max
a

V mb(a, s) (3)

Remark: At this point, it can be interesting to momentarily assume (until the end of the Subsection
only) that, in a given environment s, each unit action is associated with a vector of elicited innate

rewards (for example, for a unit action consisting in eating an ice cream in a restaurant with a group
of friends for one unit of time, a �rst component of the vector would correspond to the pleasure
linked with the sugary content of the food, a second component corresponding to the pleasure linked
with the musical environment of the restaurant, a third to the pleasure linked with the positive social
interactions with the friends sitting at the table...). We can additionally momentarily assume that
a combination of actions simply leads to the same combination of the corresponding innate rewards

vectors, and that all innate rewards dimensions are eventually aggregated (more precisely summed
up) to produce the total innate reward function R(a, s).33 In mathematical terms, it would mean
that:

innate rewards, but also, for example, the innate rewards of others (which he may have learned about by face-to-face
interactions, or through books or through various media), some moral or religious or cultural values, and scienti�c
evidence...

31As compared to Loewenstein, O'Donoghue and Bhatia (2015), "emotions" are not considered to make up the
alternative mode of thinking to "rational reasoning" but rather to modulate the relative importance granted to the
model-free and model-based mechanisms (and thus to innate rewards versus model-based valuations) through α(.),
consistently with previously cited determinants of α(.) and with Huys and Renz (2017). Emotions are also allowed
to potentially modulate innate rewards (through the s in R(a, s)) and model-based valuations (through the s in
V mb(a, s)).

32But, as already noted, model-based valuations can grant some importance to pleasure experiences.
33Note that these simpli�cations clearly do not perfectly re�ect reality, as the innate rewards associated with a unit

action will clearly depend on the quantity of the action (a phenomenon of "satiation" or "boredom" will progressively
take place). Besides, there may, in reality, be complementarities in the pleasurable content elicited by a combination
of actions (two actions may, separately, yield less pleasure than when combined, for example cooking and eating as
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R(a, s) = 1t.Rs.a = (1, ..., 1).


rs11 rs12 ... rs1N
rs21 rs22 ... rs2N
... ... ... ...
rsM1 rsM2 ... rsMN

 .


a1
a2
...
aN

 (4)

where a is simply the vector of the quantity of each action in the combination of actions and Rs

the matrix associating each action with its various innate rewards. For instance, rsij is the innate

reward of type i elicited by one unit of action j in the environment s.
This formulation allows to re�ect on the fact that, originally, in a hunter-gatherer society, the

matrix Rs would be very sparse. Eating a fruit plucked from a tree only triggers few innate rewards,
namely those that favor this evolutionarily advantageous action (such as the innate reward linked
with the sugary content of the fruit). On the opposite, the matrix Rs in modern societies could be
thought of as much denser and messy. A typical purchase situation in a store triggers a huge number
of innate rewards, e.g. some linked with the musical environment, some linked with discounts, with
bright colors, with the positive social interaction with the seller, with the sexual cues on the packaging
of products... This means that, nowadays, most innate rewards triggering a purchase are totally out
of their original evolutionary function. They add up and build decision utilities totally disconnected
from the real survival value of the good.

3.2 New sources of economic ine�ciency

In order to discuss the sources of economic ine�ciency suggested by the model, I adopt a long-
term intertemporal perspective. Many indicators of intertemporal Social Welfare have been devel-
oped by economists, in the course of the years, in particular in the objective to discuss optimal
climate policies (See Botzen and van den Bergh (2014) for a review). Among them, the most
well-known among economists corresponds to the expected discounted utilitarian welfare function,
W =

∫ +∞
t=1 N(t)U(t)ρtdt, where N(t) is the total size of the population at t, U(t) the expected utility

of a representative individual and ρ ∈]0; 1[ the time discount factor. This indicator has been used,
in particular, in many Integrated Assessment Models for climate policy, such as the DICE (Nord-
haus, 1993) or the Stern (2006) Review. It is sometimes mobilized with alternative speci�cations
including, for example, the Chichilnisky (2000) criterion,34, the sustainable discounted utilitarian-
ism criterion,35 or the global welfare function.36 Alternatives to the expected discounted utilitarian
welfare that account for uncertainty include the Epstein-Zin utility37 , the Maximin criterion,38 and
the Limited Degree of Con�dence criterion.39

These indicators all include, more or less explicitly, either a trade-o� between present and fu-
ture utilities or a trade-o� between utilities and the risk of Humanity extinction or both. In some
approaches, the trade-o� between utilities and the risk of Humanity extinction is even made very

compared to cooking and then eating the result) and there may also be complementarities in the aggregation of several
dimensions of pleasurable content (the pleasure reward associated with a food item that is both fatty and sugary has
been shown to be higher than the sum of the pleasure rewards associated with the same level of fat and sugar in two
di�erent food items, DiFeliceantonio et al. (2018)).

34It is a weighted average of a discounted sum of utilities, plus the "terminal utility value", which allows that neither
the present nor the long-run future should dictate the criterion.

35It assigns a zero utility discount rate if and only if the present is better o� than the future in an attempt to treat
all generations alike (Dietz and Asheim, 2012).

36It assigns a larger weight to poor regions of the world, in an attempt to compensate for the tendency of Integrate
Assessment Models to undervalue the welfare of these regions in global approaches (Tol, 2002).

37The Epstein-Zin utility (Epstein and Zin, 1991), which originated from the �nance literature, allows for a separate
calibration of risk aversion and time preferences:

Ut = [(1− β)cρt + β(Et[U
α
t+1])

ρ/α]1/ρ (5)

where β is the utility discount factor and 1/(1− ρ) corresponds to the intertemporal elasticity of substitution.
38It focuses on the maximization of the welfare of the worst-o� generation (Rawls, 2004).
39It is a combination of the expected utility theory and the maximin criterion (Chichilnisky, 2000).

8



explicit (Méjean et al., 2020; Tsur and Zemel, 2009).

Introducing in these Welfare criteria the distinction between decision utility and experienced

utility, we could say that there is either a trade-o� between present and future experienced utilities

or a trade-o� between experienced utilities and the risk of Humanity extinction or both. To the
best of the author's knowledge, the main solutions proposed in the literature to attenuate these
tradeo�s rely on technological progress or on a change in individuals' "values" (such as a reduction
in consumerist values), which can be considered as model-based valuations.

In this paper, we will focus on two important sources of economic ine�ciency, linked with the
fact that both decision utility and experienced utility are outcomes of the economy. Economic ine�-
ciency arises when (1) the economy produces experienced utilities that the produced decision utilities

are not able to maximize, i.e. there is a non-alignment between decision utilities and experienced

utilities,40 or when (2) there is a discrepancy between the behaviors maximizing present experienced
utilities and behaviors that would have maximized future experienced utilities and/or minimized
the risk of Humanity extinction. This second discrepancy will be referred to as the "non-alignment
between experienced utilities and Humanity survival values", where the Humanity survival value of
an action corresponds to its potential to increase Humanity's survival chances (or Humanity's future
living conditions).41 Relying on the model presented previously, the �rst source of ine�ciency can
be decomposed into two sub-sources of ine�ciency, namely the non-alignment of the innate rewards

of actions with their model-based valuations and the excessive weight granted to innate rewards in
decisions. In addition, the second source of ine�ciency can be reinterpreted as a non-alignment
between model-based valuations and Humanity survival values. These insights can be summarized
in the following Proposition:

Proposition 3.2.1: Recognizing that the shapes of decision utility and experienced utility functions

are outcomes of the economy, two key sources of economic ine�ciency are:

1. The non-alignment of decision utilities with experienced utilities, which can be decomposed into:

(a) The non-alignment of the innate rewards of actions with model-based valuations.

(b) The excessive weight of innate rewards in decision making.

2. The non-alignment between experienced utilities, i.e. model-based valuations, and Humanity

survival values.

There is clear evidence that these sources of economic ine�ciency all coexist in present societies.
Indeed, as previously documented in the paper, the innate rewards of actions, notably by their often
excessive character, and the innate costs of actions, by their sometimes ridiculous smallness, have
become widely disconnected from the model-based valuations that individuals may prefer to adopt.
Additionally, the already cited literature on the determinants of the relative importance of model-free

versus model-based valuations suggests many ways in which our economies may lead to an excessive
reliance on innate rewards, for example due to excessive stress, fatigue or excitation. Eventually, it
is clear that humans often adopt model-based goals that are not consistent with survival, be it their
own and that of their o�springs or that of Humanity (we can think, for example, of suicide, and of
individuals who embrace a career in a very polluting sport such as skydiving or parachuting).

40As already indicated, throughout the article, two functions are said to be "aligned" if they lead to exactly the
same arbitrages between actions in all environments (if, according to one function, I prefer action A over action B, I
will also prefer it according to the second function and vice versa, and if, according to one function, I choose a given
quantity of an action, I will choose the same quantity according to the second function).

41It can be noted that the Humanity survival value of an action may di�er from its individual survival value, i.e.
the potential of an action to increase the survival and reproduction chances of the individual and his o�springs.
Typically, actions that enhance the social status of an individual have a positive individual survival value but little
Humanity survival value. On the contrary, actions that consist in renouncing to have o�springs, though devoid of
individual survival value may have a Humanity survival value, due to the large CO2 emissions linked with having a
child (Murtaugh and Schlax, 2009).
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To illustrate this Proposition on a speci�c example, the expected discounted utilitarian welfare
criterion adopted in the Stern Review (Stern, 2006) can be slightly adapted. This criterion is
expressed by

∫ +∞
t=1 N(t)U(t)e−δtdt, whereN(t) is the total population at time t, U(t) is the (expected)

utility of a representative individual at time t, and δ is the per unit of time risk that a catastrophe
eliminates Humanity (or Humanity extinction risk) so that e−δt corresponds to Humanity's survival
chances at the horizon of time t. It is maximized through an optimal choice of utility at each period
of time. Starting from this criterion, the dependency of the utility and of the risk of extinction on
the actions adopted by individuals at t is made explicit and the distinction between decision utility

and experienced utility is introduced. Second, actions are written as the outcome of the decision

utility 's maximization decision where the decision utility, Udec.
m , can be shaped by policy measures,

m ∈ RM , which are assumed to be kept constant through time. Third, the internal and external
environment of the decision, st, changes at each point of time. All in all, welfare can thus be written
as:

W (m) = max
m

∫ +∞

t=1
N(t)U exp.

m (amt, st)e
−

∫+∞
1 δ(amτ )dτdt s.t. amt = argmax

a
Udec.
m (a, st) (6)

Taking into the de�nition of the decision and experienced utility in the proposed model, we
obtain:

W (m) = max
m

∫ +∞

t=1
N(t)V mb

m (amt, st)e
−

∫+∞
1 δ(amτ )dτdt

s.t. amt = argmax
a

α(st)βRm(a, st) + (1− α(st)β)V
mb
m (a, st)

(7)

Note that the Humanity survival value of an action in this framework is its ability to reduce the
Humanity extinction risk. It thus corresponds, at t, to e−δ(amt).

The three sources of economic e�ciency identi�ed in Proposition 3.2.1 translate here into: (1.a)
amt does not maximize V mb

m (amt, st), (1.b) α(st) is too large, and (2) actions that maximize
V mb
m (amt, st) do not minimize δ(.) or, equivalently, do not maximize e−δ(.).

3.3 Policy measures

In this article, model-based valuations (or, equivalently, experienced utilities) will be considered as
�xed and already aligned with Humanity survival values through the implementation of usual eco-
nomic policies aimed at the internalization of externalities such as taxes and subsidies...42 The focus
will be set on the discussion of additional policy measures aimed at altering the shaping and weight-
ing of innate rewards so that the decision utilities align with Humanity survival values. The three
sources of economic ine�ciency listed in Proposition 3.2.1 now boil down to: the non-alignment of
innate rewards with Humanity survival values43 and the excessive weight given to innate rewards

42Note that, in reality, all model-based objectives are not necessarily conducive to a higher chance of survival or
reproduction for the individual (let alone for Humanity), though they often include a dimension of transmission,
albeit abstract, to other individuals, such as the next generations. Some individuals may indeed choose to sacri�ce
to prevent a bomb from killing many civilians, to �ght against a dictator, to not get cured from a cancer in order to
concentrate all their e�orts on �nishing a book... However, adequate taxes and subsidies can compensate for this and
nevertheless align model-based valuations with Humanity survival values.

43As stressed in the introduction, innate rewards are clearly not aligned with Humanity survival values. Indeed, it
is clear that, for our hunter-gatherer ancestors, innate rewards were largely in adequacy with survival values (more
precisely, they were aligned with individual survival values, but, at that time, those did not di�er much from Humanity

survival values as humans had not reached the level of economic development necessary to be able to self-destroy), as
they encouraged our ancestors to adopt survival-chances-enhancing behaviors. However, in present economies, innate
rewards have become largely decorrelated from survival values (more precisely, they have become decorrelated from
both individual and Humanity survival values), as humans have become able to produce a huge variety of ersatz
associated with totally non-natural rewards (food can provide an agreeable sugary taste without any calories or,
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as compared to model-based valuations in decision making. We can note that either aligning innate

rewards with Humanity survival values or reducing to zero the weight of innate rewards in decisions
su�ces to reach optimality. However, none of the two can be perfectly realized in practice. That's
why policy measures attending to both objectives are necessary. Some ideas regarding the form of
these policies are presented hereafter.

First, policies aimed at aligning average innate rewards (computed over a representative sample
of the population) with Humanity survival values will be able to take advantage of the fact that in-
nate rewards tend to be normalized by the brain, in such a way that if the intensity of the maximum
innate rewards is reduced, all innate rewards will be re-normalized upwardly.44 These policies could
take many forms. For example, in the domain of food, they could consist in regulations on the sugary
and fatty content/density of aliments but also on the ersatz of sugar and fat that trigger similar
rewards (e.g. low-calories sweeteners), as well as on all other ingredients that elicit excessive innate
rewards. Typically, innate rewards should be aligned with the nutritional bene�ts of the aliments
and the conversion coe�cient between the two should be scaled so that no "excessive" innate reward

is ever reached. Such a policy would be more e�cient than a sin tax on the sugar or fat content,
because a sin tax only appeals to the model-based valuation mechanisms, which keeps a wide avenue
open for innate rewards to lead to excessive sugar and fat consumption. In the domain of entertain-
ment, regulations on the innate rewards elicited by movies, TV series, video games... (e.g. innate

rewards linked with violent content, sexual cues, speed of actions...) could also be implemented.
As in the case of food, innate rewards could be aligned with the informative or educational value
of the entertainment and scaled so that no excessive innate reward is ever reached. With regards
to marketing strategies, regulations on the modalities under which �rms can present their products
for purchase to consumers could be introduced. For example, discounts, �delity programs, musical
environments in stores..., which all trigger innate rewards, could be banished as they occult the real
Humanity survival value of the goods.45 A number of typical interventions proposed by Behavioral
Economists could also fall in this category of policy measures, such as default-choice design (insofar
as it creates an innate cost of choosing the option with a lesser Humanity survival value), the use
of graphic images and other prompts to in�uence purchasing decisions (as they can create innate

costs for actions with a lower Humanity survival value, such as when images of unhealthy lungs are
depicted on packs of cigarettes), or other nudges and sludges. They could indeed be used to counter-
balance the excessive innate rewards associated with some goods using some additional innate cost,
so as to align the net innate reward with the Humanity survival value.46 Note that the calibration
of innate rewards may also require the calibration of their time allocation, because time discounting
is especially high for innate rewards. For this purpose, cognitive, as proposed by Lieder et al. (2019)
could help encourage the persistent use of one "environmental-friendly" object over the purchase
of a new "polluting" object (new clothes...). However, other methods could be devised. All in all,
it must be noted that the alignment of innate rewards with Humanity survival values is, in some
regard, a very natural preoccupation, as it is the logical model-free counterpart to advocating for
taxes and subsidies (which a�ect model-based valuations) aimed at aligning individual utilities with
social welfare, as is extensively done in the economic literature.

on the contrary, with too many of them, movies and series can procure innate rewards linked with social contact,
without its bene�ts...). This leads humans to overconsume to a point that threatens the ability of their descendants
to survive. Our present economies have thus transformed the "safety net" of innate rewards into what often resembles
a "black hole" or a "trap", which, instead of inducing need-depleted, depressed or stressed individuals toward healthy
behaviors, leads them toward goods associated with excessive, "unnatural" rewards, thereby impairing their ability
to come back to a healthy state.

44This is suggested by a quite large body of evidence. See, notably, Schultz (2015) and Landry and Webb (2021).
45We can also remark that this kind of policy measures can be expected to have other positive impacts such as

avoiding the dopamine desensitization that has been linked with the frequent consumption of excessive innate rewards

(Davis et al., 2008; Nutt et al., 2015; Volkow et al., 2010; Imataka et al., 2022) and reducing the prevalence of addictions
(Teegarden, Nestler and Bale, 2008; Carlin et al., 2016; Berridge and Robinson, 2016).

46Note that aligning innate rewards and Humanity survival value becomes even more important once it has been
recognized that even our model-based valuations are largely built upon innate rewards.
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Second, in cases where the average innate reward cannot be aligned with the Humanity survival

value, it can make sense to implement policy measures aimed at reducing the relative weight of innate
rewards as compared to model-based valuations in day-to-day decisions, as a second-best policy.4748

These policies could take the form of programs ensuring that the most basic needs of all inhabitants
are provided for, so as to reduce stress and acute need depletion, thereby reducing reliance on model-

free valuations both for the targeted individuals in the present and for their o�springs in the future.49

They could also consist in normalizing purchasing decision environments (i.e. stores and commercial
websites...) so that they favor reliance on model-based valuations rather than innate rewards (for
example, purchasing decision environments should be relaxing, prevent hormonal imbalances and
favor information over exciting cues for time-limited discounts...). Moreover, the preservation of the
ability of individuals to rely on their model-based valuation processes also requires policy measures
aimed at their protection from endocrine disruptors. Indeed, research has shown that exposure to
lead or mercury during prenatal or early postnatal development can a�ect cognitive development in
the long term, including the capacity to rely on model-based valuation mechanisms (Braun et al.,
2011; Rauh et al., 2011; Gore et al., 2015).

Third, it may be possible to educate citizens with regards to their cognitive processes and their
day-to-day manipulation, notably by �rms and all types of institutions, and with regards to po-
tentially e�cient metacognition methods to compensate for it. However, current evidence seems to
suggest that increasing model-based reliance through training is not evident (Grosskurth et al., 2019)
and this kind of training would most probably only reach the most educated social classes. Thus,
this category of policy can be expected to be much less e�cient than the two �rst.

We can note that the policy measures presented in this Subsection may be interpreted in terms
of "metapreferences" (Becker and Murphy, 1993). Indeed, all else being equal, individuals may
generally be thought of as preferring to hold preferences that reduce the risk of human extinction.
Thus, we can say that individuals hold "metapreferences" aligned with the minimization of the
Humanity extinction risk δ and that policy measures aimed at aligning utilities with Humanity

survival value simply aim at maximizing metautilities.
We can also remark that the objective to align utility with survival values does not have the

same implications depending on the geographical scale under study. If, instead of studying the
Humanity scale, which is the point of view adopted in this article, we focused on the scale of a
speci�c country, the risks of extinction would not only be linked with global risks such as global
warming, th occurrence of a worldwide epidemic, or a meteorite impact... they would also encompass,
for example, political and geopolitical risks (including the risks to be invaded and wiped out by
neighboring countries). Thus, the behaviors optimizing the country survival value would not always
be aligned with those optimizing Humanity survival values. For instance, boosting consumption in
a country, even if it is not necessary to increase utilities, may help national �rms and thus increase
the economic power of the country in the world economy, thereby increasing its geopolitical power.
On the contrary, boosting consumption, if it is not necessary to increase utilities, does not make
any sense at the scale of the whole Humanity and can be considered as having a negative Humanity

survival value due to the environmental consequences. It implies that, ideally, the calibration of
innate rewards should be decided for the whole world economy at once.

47It can even be seen as a �rst-best policy if model-based valuations are assumed to be perfectly aligned with
Humanity survival values. Indeed, inter-individual di�erences in the perception of innate rewards will always prevent
them to be perfectly aligned, for each individual, with Humanity survival values, so that reducing the relative weight
of innate rewards remains desirable, even after having aligned average innate rewards with Humanity survival values.

48Note that increasing the weight granted to model-based valuations can additionally lead to a more precise model-

based valuation, as suggested by a number of articles (Keramati, Dezfouli and Piray, 2011; Standage, Wang and
Blohm, 2014), but this is not explicitly modeled here. Additionally, the accuracy of both model-free and model-based

valuations has been shown to depend on stress, which reduces the learning speed for both (Cremer et al., 2021).
49Research has indeed shown that prenatal and early postnatal stress and nutrition have long-term e�ects on

cognitive development, including reduced executive function and decision-making ability (Bock et al., 2015; Cohen
et al., 2018).
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3.4 In practice

So far, several concepts, such as the Humanity survival value of a good or the innate rewards associ-
ated with it have remained quite abstract. In this subsection, I attempt to describe how they could
be estimated empirically.

We can note, �rst, that it is quite easy to detect the most excessive innate rewards in our eco-
nomic environment, which are those that should be targeted by the proposed policy measures, as
they tend to lead to the development of addictions in a portion of the population (e.g. drugs, sugary
or fatty food, gambling, sex and pornography, internet, shopping, etc).50 Then, to evaluate more
precisely the innate rewards associated with a product, numerous methods used by neuroscientists
can be mobilized. They allow to estimate, directly or indirectly, the dopamine release associated
with the purchase of a product and its subsequent use. They include Positron Emission Tomography
(PET) imaging, Functional Magnetic Resonance Imaging (fMRI), Electroencephalography (EEG)
and Magnetoencephalography (MEG), which are all already being used by neuromarketers to in-
crease sales (Nilashi et al., 2020). Consequently, for each product, it could be theoretically possible
to measure, on a representative sample of the population, the average innate reward elicited by its
consumption. Yet, given the formidable number of products, some methodologies could be designed
to reduce drastically the number of measures necessary. It could be possible, for example, to �rst
quantify the characteristics of the product that are associated with innate rewards (for example its
sugary and fatty content) and then to use conversion tables to translate these characteristics into
the corresponding innate rewards. The conversion tables would have to be built, once and for all, in
a laboratory setting and could then be applied for a large variety of products (they would associate,
for example, various quantities of sugar and fat with their corresponding dopamine rewards).5152

Then, as already stated, in particular in the Literature Section, methodologies have also been
developed to evaluate the relative importance given to model-free and model-based control in decision
making in a given environment (Deserno et al., 2015).

The estimation of the Humanity survival value of a good is more tricky as it involves the implicit
comparison of a huge variety of goods of very di�erent natures, both with respect to their function
in the sustainment of human life and with respect to their Life-Cycle Cost, as well as the taking
into account of Planetary Boundaries leading to di�cult trade-o�s in terms of environmental im-
pacts. Yet, some indicators can nevertheless be imagined. For example, for food items, a measure
of "nutritional indispensability" could be designed, indicating the quantity of vitamins, �bers and
desirable nutrients... present per calory in the food, which could then be divided by the life-cycle
cost of provisioning the product. The creation of such indicators would undoubtedly require much
work and debate on the part of scientists, �rms and legislators. That's why another, simpler and
thus maybe more promising, approach could consist in aligning innate rewards with the average
meta-preferences of individuals. These meta-preferences could indeed be computed using several
distinct methods. First, surveys of "stated meta-preferences", whereby individuals would be asked
to evaluate how much they think they should ideally value each category of goods with respect
to each other, could be conducted.53 Second, a method of "revealed meta-preferences" could be
devised using the di�erence between the behaviors adopted by individuals when they go well (i.e.

50See Davis and Carter (2009); Gearhardt et al. (2011); Hartston (2012); Linnet et al. (2012); O'Sullivan et al.
(2011); Voon et al. (2014).

51This would yield graphs associated with the consumption of various categories of goods as in Figure 3 of Panos
and Baker (2010) for drugs.

52Note that the precise methodology to be adopted for these measures would have to be seriously debated among
neuroscientists, as the dopamine responses di�er a lot depending on the zone of the brain considered, the individual
studied, the state of the individual studied, his age, the time scale adopted, the quantities of the goods that are being
consumed...(Solinas et al., 2002; Marinelli and McCutcheon, 2014; Knutson et al., 2001).

53Besides, it would also be possible to directly ask individuals about their experiences of remorse after purchase
or consumption of a good, which gives a good starting point to identify where gaps between innate rewards and
model-based valuations lie.
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when they have maximum model-based control) versus when they go bad (i.e. when they have max-
imum model-free control). In other words, "revealed meta-preferences" would be inferred from the
di�erence between "revealed preferences" when individuals go well and "revealed preferences" when
they go bad. None of these methodologies will be able to provide a perfect indicator of Humanity

survival value. However, even imperfect indicators may be of great value in this case, if they lead to
the moderation of the excessive (or "supranormal" in the terms of Goodwin, Browne and Rocklo�
(2015)) innate rewards.

To �nish with, evaluations of the policy measures aimed at modifying innate rewards or changing
the balance between innate rewards and model-based valuations could consist in measuring ex-post
reported changes in declared happiness or in measuring declared happiness both before and after the
implementation of the policy measures. The time delay between the implementation of the policy
measure and its ex-post evaluation would however need to be long enough to allow for a certain
adjustment of individuals' inner reward systems.

On the whole, the alignment of innate rewards with either proxied Humanity survival values or
individuals' metapreferences does not appear to be such an unrealistic endeavor.

4 Applications

In this section, I present a few contexts in which the analytical framework proposed in this paper
can bring interesting insights. The �rst application corresponds to a typical purchase environment
in which a �rm can choose both the innate reward associated with the purchasing of its product and
the environment of the purchase, which in�uences the balance between innate rewards and model-

based valuations in the decision making of its consumers. The second application is a typical daily
choice of time allocation between two discrete actions associated with distinct Humanity survival

values and inversely ranked innate rewards. The third one proposes an explanation of "poverty
traps" as "stress traps", where a stress shock at one point in time both decreases long-term-oriented
actions at that point (through an increased weight of innate rewards in decision making), but also
increases stress in the future, thereby leading to a permanently higher reliance on innate rewards

and a persistent and cumulative decrease in long-term-oriented actions. A few other applications
are more brie�y described at the end of the section.

4.1 Typical purchase environment

In this �rst example, let us consider a monopoly �rm that sells one �xed type of good associated
with an increasing and concave "consumption-related" innate reward function (perceived by the
consumers when he consumes the good), R(x) ∈ R, where x is the quantity of the good consumed.
The �rm can choose the unit price of the good, p ∈ R+, the intensity of the net "purchase-related"
innate reward perceived by a consumer when he decides to buy one additional unit of the good,
γ,5455 which is assumed to be independent of the quantity purchased, and the environment in which
purchases will be performed, parametrized by s ∈ R (the environment corresponds, typically, to the
whole design of the store, or the whole design of the �rm's web site).56

54This net innate reward aggregates the impact of discounts, �delity cards, free shipping, music in the store, free
shipping o�ers, minus the e�ort cost of queuing to pay...

55Tversky and Kahneman (1986) show that, even when we know that the outcome will be the same (for example if
di�erent discounts result in the same price reduction), we will still be more attracted to the higher discount percentage.
Bertrand et al. (2010) �nd that showing the picture of an attractive woman increases demand for a loan by about
as much as a 25% reduction in interest rate. Shaw and Bagozzi (2018) �nd that the endorsement of the product
by a celebrity increases positive a�ect. And Sahni, Wheeler and Chintagunta (2018) show that adding the name of
the message recipient to the email's subject-line increases the probability of the recipient opening it by 20%, which
translates into an increase in sales leads by 31%.

56For example, vivid, highly saturated colors are perceived as exciting (Labrecque and Milne, 2012) and arousing
(Gorn et al., 1997).
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A representative consumer has an inner model of the net bene�ts he will enjoy if he buys a
quantity x of the good, which translates into a model-based valuation V mb(x) that consists in the
pure bene�ts of the purchase, v(x) (an increasing and concave function of x), minus its cost px,
so that V mb(x) = v(x) − px. Note that, as stated in Subsection "Policy measures", the model-

based valuation is assumed to be aligned with the Humanity survival value. Then, for the sake of
simplicity, the "consumption-related" and "purchase-related" innate rewards are assumed to sum
up, so that the innate reward perceived by the consumer when he purchases a quantity x of the
good is R(x) + γx. The weight he unconsciously gives to his innate rewards as compared to his
model-based valuation is directly drawn from the general analytical framework, with α(.) ∈]0; 1[ an
increasing function of s (s could be, for example, the level of consumer excitement triggered by the
store). His decision utility can thus be written as:

Udec.(s) = max
x∈R+

α(s)β(R(x) + γx+ ϵx) + (1− α(s)β) (v(x)− xp) (8)

The �rst-order condition yields the quantity consumed: α(s)β(R′(x)+γ+ϵ)+(1−α(s)β) (v′(x)− p) =
0, from which the consumer's demand function, D(p, γ, s), can be inferred.

The pro�t of the monopoly �rm can be expressed as:

Π(p, γ, s) = pD(p, γ, s)− C(D(p, γ, s), γ, s) (9)

where C(x, γ, s) is the total cost incurred by the �rm to produce a quantity x of the good.

Let us assume that v(.), R(.) and C(.) are such that Π is inverse-U shaped with respect to its
three variables.57 Then, we have the following Proposition:

Proposition 4.1.1:

� For goods for which the innate reward is greater than the model-based valuation or smaller by a

su�ciently small margin, the marketing strategy of the �rm will attempt to draw the consumer

toward his "model-free valuation" mechanisms with an "exciting" purchase environment and

will mobilize a large quantity of purchase-related innate rewards (i.e. γ and s are large).

� For goods for which the innate reward is su�ciently lower than the model-based valuation, the

marketing strategy of the �rm will attempt to draw the consumer toward his "model-free valu-

ation" mechanisms with a "relaxing" purchase environment and will mobilize fewer purchase-

related innate rewards (i.e. γ and s are small).

As relatively few categories of goods and services can be thought of as having a lower innate re-

ward thanmodel-based valuation in modern economies, this Proposition implies that excess purchase-
related innate rewards perceived by consumers and permanent excess reliance of consumers on innate

rewards as compared to model-based valuations will be a pervasive feature of purchase environments
and lead to a generalized overconsumption. We all have in our minds modern stores full of stimuli,
from music to discounts, bright colors, friendly faces on cereal boxes and all sorts of goods, (some-
times too) benevolent sellers... We can also think of the campaign organized by the �rm Coca-Cola
with soda distributors that distributed sodas for free to people who hugged them clearly attempted
to draw consumers toward their innate rewards. Yet, other purchasing environments are much more
relaxing. We can think about real estate agencies and banks for example. The model suggests that
a reason for this is that the model-based valuation is, in this case, greater than innate rewards. Thus,
it makes sense for the �rm to encourage model-based valuations.

These two Propositions suggest that the manipulation of γ and s are complementary and that
both should be prevented or compensated for.

57This makes sense, as a small investment aimed at increasing the innate reward associated with the purchase of
a good or at shaping a model-free-reliance-increasing environment will increase demand and cost little, while large
investments will, at some point, become powerless to push demand further up.
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4.2 Typical daily choice of time allocation

Consider an individual who regularly faces a discrete choice between the two same actions, G and
B (for "good" and "bad").58 The bad action yields a higher innate reward than the good one,
RG < RB, but the good action is associated with a higher Humanity survival value or, equivalently
as they are aligned, a higher model-based valuation or experienced utility, V mbH

G > V mbH
B . Let us

further assume that the environment in which the individual will have to take his day-to-day decision
varies stochastically. More precisely, let us assume that the environment characteristic s follows a
uniform distribution over the interval [−S̄, S̄] (with α(−S̄) = 0 and α(S̄) = 1). Then, the individual
will, when making the decision consciously, choose action B over action G if and only if:

α(s)βRG + (1− α(s)β)V mbH
G < α(s)βRB + (1− α(s)β)V mbH

B (10)

i.e.

V mbH
G − V mbH

B <
α(s)β

1− α(s)β
(RB −RG) (11)

Proposition 4.2.1: Provided that the gap between the innate rewards RB and RG is large enough

with respect to the gap between the (perfect) model-based valuations V mbH
G and V mbH

B , more precisely

provided that RB −RG > 1−β
β (V mbH

G − V mbH
B ), there will always be some environments s in which

the individual will choose the "bad" action.

In this context, a policy that reduces or reverses the ranking of the innate rewards associated
with the two actions will increase the proportion of "good" behaviors and thus increase both Hu-
manity survival chances and experienced utility.

At this point, we can note that the analytical framework proposed in this article only considers
conscious decisions. Unconscious decisions may be thought of, caricaturally, as relying exclusively
on the model-free valuation mechanisms (comprising both innate rewards and model-based induced

rewards), without requiring the (conscious) model-based valuation mechanisms. This would be con-
sistent with Gershman, Markman and Otto (2014)'s results, who observe behaviors that are "more
consistent with a cooperative architecture in which the model-free system controls behavior, whereas
the model-based system trains the model-free system by replaying and simulating experience", and
with Kurdi, Gershman and Banaji (2019) who �nd that, while "explicit evaluations of novel targets
are updated via model-free and model-based processes, implicit evaluations depend on the former
but are impervious to the latter". Thus, the "unconscious decision utility" could be expressed as:

Udec.,uncons.(s) = max
a

V mf (a, s) = max
a

βR(a, s) + (1− β)V mbH(a, s) (12)

where themodel-based component only corresponds tomodel-based induced rewards, namely those
created by the model-based valuation mechanisms to train the model-free mechanisms. In compari-
son with the (conscious) decision utility, only the relative weight of innate rewards with respect to
model-based valuations is modi�ed. The unconscious counterpart of Proposition 4.2.1 is thus:

Proposition 4.2.2: Provided that the gap between the innate rewards RB and RG is large enough

with respect to the gap between the (perfect) model-based valuations V mbH
G and V mbH

B , more precisely

provided that RB−RG > 1−β
β (V mbH

G −V mbH
B ), the individual will always, when acting unconsciously,

choose the "bad" action.

58For example, the choice considered may be to bike or drive one's car to go to work, to mend one's clothes or buy
new ones, to check in on our relatives or watch a TV series, to choose to cook a healthy meal or order a pizza online,
to choose to take the train or the plane to go to a not-so-far-away city, to choose a close-by vacation place or to elect
a far-away island where it is only possible to go by plane...
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In this context, a policy that reduces or reverses the ranking of the innate rewards associated
with the two actions will allow individuals to systematically unconsciously opt for "good" behaviors
and, there also, increase both the Humanity survival chances and experienced utility.

For example, if we consider an individual faced with the decision of either mending their holed
pullover or buying a new one, the innate reward linked with buying a new pullover, at least for
individuals living in dense cities, may be seen as systematically exaggeratedly large (or the innate

cost as exaggeratedly small) as compared to the innate reward (or the signi�cant innate cost) linked
with mending the pullover. In this respect, the possibility to purchase goods online and to have
them delivered at home in no time has contributed to further reduce the innate costs associated
with buying, as consumers do not have to walk or even drive to stores anymore to be able to
make purchases.59 On the opposite, the Humanity survival value linked with buying a new pullover
can be seen as systematically smaller than the Humanity survival value linked with mending the
pullover. Policies that increase the innate cost of purchasing online, for example simply by requiring
from �rms that, before completing a purchase, consumers solve some logic game or any kind of
intellectual task could thus reduce the overconsumption tendency, especially if the innate costs is
properly calibrated to compensate for the innate rewards assocated with the purchase (such as
discounts, �delity programs...).

4.3 Stress or need depletion traps

This third application shows how the model can shed new light on poverty traps. Let us consider an
individual who, at each period of time t can choose between two possible actions: an instantaneously
pleasurable action A (associated with the innate reward RA > 0 and a null model-based valuation)
and a forward looking action F (associated with the innate reward RF < 0 and a longer run model-

based valuation of V mbH
F > 0 correctly aligned with its Humanity survival value). The level of risk for

an individual to experience a shortage in the meeting of one of his basic needs (in which case he dies)
is assumed to linearly decrease with the total time invested in the past in action F . For example,
action F may correspond to "working" and action A to "alcohol drinking" or "TV watching". His
level of stress at t is assumed to follow the same pattern and to be of the form: st = ϵt−s

∫ t
0 1Xτ=Fdτ

where Xt is the choice of action at time t and ϵt is drawn, at each t, from a uniform distribution
on the interval [S, S̄]. The weight of innate rewards is assumed to increase with the level of stress
s. As a consequence, the decision utility that governs the choice between action A and F at each t
varies through time, depending on the level of stress:

Udec.
t = max

Xt∈{A,F}
α(st)β(1Xt=ARA + 1Xt=FRF ) + (1− α(st)β)1Xt=FV

mbH
F

It is clear that we have the following Proposition:

Proposition 4.3.1: A positive shock on the level of stress of the individual at a given period of time

t0 will not only directly increase the risk for the individual to die at each period, due to his increased

chances of having chosen A over F at t0, it will also indirectly increase this risk cumulatively in the

future by permanently increasing future stress, and thus reliance on innate rewards and the probabil-

ity to choose A over F at each future time t.

This Proposition is corroborated by the observation that poor people have permanently higher
levels of stress (higher cortisol levels) and focus more on immediate needs (Haushofer and Fehr,
2014; Shah, Mullainathan and Sha�r, 2012). It is also in line with studies �nding that poor people
tend to adopt a number of rationally undesirable behaviors, using less preventive healthcare, failing
to follow drug regimens, adopting more unhealthy behaviors, missing on appointments, working

59An aggravating factor linked with online purchases is that people will tend to fall back to the easy satisfaction
of purchasing when their needs are particularly depleted or their stress particularly high, which will further increase
their tendency to overrelie on their innate rewards and purchase more than necessary (Nederkoorn et al., 2009).
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less productively, being less attentive parents, badly managing their �nances,60 as well as with the
evidence that suggests that "minor situational details" play a large role for poor people in the �nal
decision to recourse to banking and saving services or to enroll in social programs (Bertrand, Mul-
lainathan and Sha�r, 2004). As such, this mechanism can contribute to explain the long-term and
disproportionately large impacts that negative shocks tend to have on the economic situation of the
poor.61

In this context, both policy measures aimed at reducing stress, uncertainty and/or the drudgery
of work (which leads to depleted needs) and policy measures aimed at aligning innate rewards with
the actual Humanity survival value of actions are necessary to limit the long-term and self-reinforcing
impacts of adverse shocks on the poorest. Note that policies deregulating labor markets or increasing
competition within or between �rms can be expected, on the contrary, to increase stress and thus
to increase the focus of the poor on easy short-term solutions that bring high innate rewards, rather
than on more long-term solutions that could help alleviate their poverty, which can turn out to be
very detrimental in the longer run for the economy (Byron, Khazanchi and Nazarian, 2010).

Note that this mechanism may also contribute to explain the consistently worse economic out-
comes of minority groups observed in many Western countries, insofar as these group experience
higher stress due to their minority status (Sternthal, Slopen and Williams, 2011), which, in turn,
may lead them to rely more on their innate rewards relative to their model-based valuations, as com-
pared to members of the majority group, thereby leading them to under-invest in forward looking
actions.

4.4 Other applications

The analytical framework can be useful in a number of other economic contexts, some of which I
more brie�y evoke hereafter.

First, the model highlights one of the costs associated with an excess diversity of choice within
a given decision context. Indeed, while several very in�uential economic models rely more or less
explicitly on the assumption that consumers always prefer more diversity of choice (e.g. Dixit and
Stiglitz (1977)), psychologists have shown that there are several reasons why increasing choice diver-
sity may reduce consumers' welfare. Chernev, Böckenholt and Goodman (2015), in their review of
the literature, identify four factors that moderate the impact of choice diversity on choice overload,
namely the "choice set complexity, decision task di�culty, preference uncertainty, and decision goal".
Choice overload then translates into lower satisfaction/con�dence of consumers with regard to their
choice, as well as regret, choice deferral and higher switching likelihood. The present model suggests
that a high complexity and uncertainty of choice can lead consumers to fall back, momentarily,
on their innate rewards, which leads them to regret their decision ex-post, when the model-based

valuations regain more weight in their decision making. The model thus suggests that purchase
environments, in order to favor model-based valuations, should also be designed in a way that mod-
erates the complexity of each decision or so as to helps consumers deal with this complexity, thereby
preventing them to fall back on their innate rewards. Public policies could be designed to try to
meet this objective.

Second, the model can be linked with the phenomena of fashion and fads. Indeed, humans have
evolved to be curious of their environment and to experience a dopamine release in association with
novel or unexpected stimuli (Costa et al., 2014). Thus, their innate rewards will systematically lead
them to overvalue anything new or that has not been seen in a long time. This can contribute to ex-
plain cyclical fashion, that arises even in the absence of any increase in the quality of products (and

60See Katz and Hofer (1994); DiMatteo et al. (2002); Cutler and Lleras-Muney (2010); Pampel, Krueger and Denney
(2010); Karter et al. (2004); Neal et al. (2001); Kim, Sorhaindo and Garman (2006); McLoyd (1998); Barr (2012);
Blank and Barr (2009); Edin and Lein (1997).

61See Hallegatte et al. (2020)
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thus of any increase of their model-based value),62 and certainly constitutes a barrier to sustainable
development.

More generally, the model has implications for the analysis of innovations. Indeed, innovations
can a�ect both the innate rewards and the model-based valuations of products. An innovation that
a�ects the innate rewards of a product can, for instance, be an innovation on the design of the
product (e.g. colors, global shape, location of buttons...), which will make it more appealing to the
consumer's senses. In contrast, an innovation that a�ects the model-based valuation of a product is,
for example, an innovation by which the functionalities of the product are improved (e.g. computer
with a higher Random Access Memory (RAM) or a better graphics card). An innovation that only
improves the model-based valuation of a product may not have such a large success, if it is not com-
plemented by an innate rewards innovation (like a new design for the higher technology computer).
But an innate rewards innovation can by itself generate a new fashion or trend (as can be observed
from the fast fashion phenomenon for clothes). Innovations could thus be classi�ed depending on
whether they a�ect more the innate rewards or model-based valuations of consumers. And, when
seeking to align innate rewards with the Humanity survival value, the innate rewards linked with
novelty should be taken into account. For example, the innate rewards due to novelty could be
regulated to re�ect the real Humanity survival value of the embedded innovation.

Eventually, the model's implications with regards to the internalization of externalities are also of
some interest. Numerous articles from the functional neuroimaging literature have provided strong
evidence that humans rely on empathic simulations in order to represent in their brain the internal
states of others, so that they actually "feel" for real the pain of others.63 Thus, there are innate

costs to hurting others' interests. However, the actual magnitude of these costs with respect to the
real costs imposed on others may vary widely, depending both on the situation (e.g. the perceived
proximity to those that may be hurt by one's actions...) and on the characteristics of the individual
making the decision (e.g. level of empathy...). For example, it has been shown that humans tend to
exhibit more empathy toward people they perceive as in-group members as compared to out-group
members (Cikara, Bruneau and Saxe, 2011) and that they di�er a lot with regards to their levels of
empathy towards others in general (Jolli�e and Farrington, 2006). Individuals may also hold very
di�erent model-based valuations of their impact on others' welfare, depending on their moral val-
ues, culture, religion... (Schwartz, 2006). Although inter-individual di�erences may of course prove
very complex to take into account in the implementation of policy measures, it could nevertheless
be possible, theoretically, to calibrate innate rewards in a way that takes into account an already
prevailing average level of empathy in the economic situation at stake and to modulate taxes aimed
at the internalization of externalities (i.e. model-based costs) depending on the average level of al-
truistic norm in this very economic situation.64

5 Conclusion

The present paper invites to re�ect on the huge e�ect that innate rewards have on human decisions,
and to contemplate the fact that, instead of being harnessed by policy makers in the objective to
improve Humanity's chances of survival, they are disproportionately appropriated by �rms in the
objective to intensify consumption behaviors at the expense of other (non-commercial) behaviors
such as discussions, out-door playing... The paper underlines that, whereas innate rewards used
to play the role of a "safety net" for our hunter-gatherer ancestors, in the sense that, in situations

62Other theoretical explanations of fashion cycles include a logic of social di�erentiation (Blumer, 1969; Berger and
Heath, 2007).

63Several zones of the brain, collectively called the "pain matrix", are activated both by �rsthand pain and the
observation of the pain of others (Marsh, 2018).

64For example, taxes, according to this logic, should depend on the country, as it has been shown that the levels of
altruism di�er across countries (Schwartz, 2006).

19



of stress or need depletion, their increased role led hunter-gatherers to concentrate on their basic
needs by adopting survival-chances-enhancing actions (like searching for health, natural food, or for
a sexual partner), innate rewards nowadays rather play the role of a "black hole", whereby stressed
or need-depleted individuals are led by excessive innate rewards or too weak innate costs toward
survival-chances-damaging actions (like eating over-sugary or over-fatty food, binge watching TV
series, or manipulating unwittingly objects made of dangerous chemical components). It suggests
that governments' use of unconscious decision making mechanisms could be much more extensive
than the mere implementation of nudges to increase the use of public services and the compliance
with regulations. It could shape, for example, the interfaces between �rms and customers, so as
to limit the innate rewards elicited by acts of purchase, and it could shape the innate rewards

elicited by the use of purchased products (for example through regulation on the sugary content of
food). These actions would allow to realign innate rewards with the Humanity survival value of the
products. Policy measures could also try, as a second-best, to encourage reliance on model-based

valuations, rather than innate rewards, in day-to-day decisions, for instance by decreasing stress and
uncertainty.

While envisioning human decision making as purely or mostly rational with only minimal cogni-
tive biases may lead some economists to consider these kinds of policy interventions as paternalistic,
the author thinks that the model-free / model-based valuation distinction and its grounding in evolu-
tionary theory helps understand the key role played by innate rewards in our daily decisions, as well
as their always increasing manipulation by �rms. In this context, the author believes that policy
measures should address the divide between innate rewards and the actual survival value of goods
and attempt to reduce it, as it could powerfully bend human behaviors toward more sustainable-
development-compatible activities and thereby non-negligibly contribute to the mitigation of global
warming.
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