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a b s t r a c t
In intertemporal choices, subjects face a trade-off between value and delay: achieving the most valuable outcome requires a longer time, whereas the immediately available option is objectively poorer.
Intertemporal choices are ubiquitous, and comparative studies reveal commonalities and differences
across species: all species devalue future rewards as a function of delay (delay aversion), yet there is a
lot of inter-speciﬁc variance in how rapidly such devaluation occurs. These differences are often interpreted in terms of ecological rationality, as depending on environmental factors (e.g., feeding ecology)
and the physiological and morphological constraints of different species (e.g., metabolic rate). Evolutionary hypotheses, however, are hard to verify in vivo, since it is difﬁcult to observe precisely enough real
environments, not to mention ancestral ones. In this paper, we discuss the viability of an approach based
on evolutionary robotics: in Study 1, we evolve robots without a metabolism in ﬁve different ecologies; in
Study 2, we evolve metabolic robots (i.e., robots that consume energy over time) in three different ecologies. The intertemporal choices of the robots are analyzed both in their ecology and under laboratory
conditions. Results conﬁrm the generality of delay aversion and the usefulness of studying intertemporal
choice through experimental evolutionary robotics.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
Intertemporal choices concern options that can be obtained at
different points in time: buying a luxury item today or saving the
money to ensure a sizable pension in the future, enjoying a yummy
dessert or dieting to ensure a better health over time, waiting for
a fruit to ripen rather than eating it unripe. These choices often
oppose a smaller but sooner prize (e.g., a modest amount of food
ready at hand) against a larger but delayed outcome (e.g., a more
distant but also richer foraging opportunity). How subjects behave
in such circumstances is considered indicative of different degrees
of self-control (Ainslie, 2001; Frederick et al., 2002; Berns et al.,
2007), and the capacity to delay gratiﬁcation in order to obtain a
better outcome has been found to correlate with a variety of adaptive skills or traits, such as planning for the future, being able to
interact socially, and enjoing physical health and well-being (Logue,
1988; Mischel et al., 1989; Tangney et al., 2004; Duckworth and
Seligman, 2005; Mofﬁtt et al., 2011).
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After an initial emphasis on ﬁnding what mathematical model
(typically a delay discounting function) would better ﬁt the empirical data (Strotz, 1956; Ainslie, 1975; Laibson, 1997), current
research on intertemporal choice has identiﬁed new priorities:
most notably, the need to investigate the cognitive mechanisms
that produce the observed behavioral patterns, and to trace their
evolutionary roots (Berns et al., 2007). Comparative studies are
essential for that purpose, and indeed intertemporal choices have
been studied in insects (Cheng et al., 2002), birds (Logue and PeñaCorreal, 1985; Chelonis et al., 1994; Mazur, 2007), rodents (van
Haaren et al., 1988; Tobin et al., 1993; Green and Estle, 2003), nonhuman primates (Tobin et al., 1996; Stevens et al., 2005a; Rosati
et al., 2007; Addessi et al., 2011; Stevens and Mühlhoff, 2012;
Paglieri et al., 2013a,b), and of course humans – both adults (Green
et al., 1994; Logue et al., 1996; Lawyer et al., 2010; Paglieri et al.,
2013a,b, 2015) and children (Mischel, 1974; Schwarz et al., 1983;
Thompson et al., 1997; Garon et al., 2012; Addessi et al., 2014).
Based on the available evidence, there is growing consensus
on the fact that inter-speciﬁc differences in intertemporal choice
behavior under laboratory conditions are tied to both environmental factors, e.g., feeding ecology (Stevens et al., 2005a,b,b),
social dynamics (Amici et al., 2008), and tool use (Rosati et al.,
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2007), and to the physiological and morphological constraints of
different species, such as metabolic rate (Tobin and Logue, 1994).
All these hypotheses emphasize the role of ecological features
in determining the rationality of intertemporal choices observed
under laboratory conditions. It has been argued (Gigerenzer and
Goldstein, 1996) that ecological rationality is the most faithful and
promising present-day development of Herbert Simon’s intuitions
on bounded rationality. In particular, ecological rationality, as the
name implies, takes as central Simon’s idea that cognitive skills
should be understood and assessed in relation to the environment
in which they have evolved (see for instance Simon, 1956). This is
in line with a general effort at understanding decision-making in
the context of evolution (Hammerstein and Stevens, 2012; Fawcett
et al., 2014).
While evolutionary hypotheses on intertemporal choices are
fascinating, they are also extremely hard to verify. In particular, explanations in terms of ecological rationality (Stephens
and Anderson, 2001; Stevens and Stephens, 2010; Addessi et al.,
2011; Fawcett et al., 2012) rely on key assumptions about the
environment characteristic of a given species. Unfortunately, real
environments are typically hard to observe with the degree of
precision required to pinpoint the effects of a given ecological
variable (e.g., risk of predation) on the behavior under study (e.g.,
intertemporal choice). Moreover, ecological rationality assumes
that laboratory responses are indicative of behavioral patterns
adapted to cope efﬁciently with the ecology of a given species
(Todd and Gigerenzer, 2012). When applied to evolutionary explanations, this makes reference to the ancestral environment where
that species evolved, which may or may not coincide with its current ecology. Even though there are methods to acquire data on
ancestral environments (e.g., paleobiology may provide clues on
past feeding behavior, and primate archeology can shed light on
the kind of tools used ancestrally by non-human primates; Haslam
et al., 2009), they are bound to deliver incomplete information at
best, in spite of substantial research efforts.
This highlight the need to ﬁnd also other methods for studying
the interaction between evolution, ecology and behavior – more
directly and with a greater degree of control on all the relevant
variables. In this paper, we discuss the viability of an approach
based on evolutionary robotics (Nolﬁ and Floreano, 2000; Floreano
et al., 2008; Doncieux et al., 2011; Bongard, 2013). The basic idea
is to evolve populations of simulated robots under speciﬁc ecological pressures,1 and then observe their behavior under laboratory
conditions, with the aim of drawing interesting implications for
our understanding of natural organisms faced by similar tasks.
Let us label this methodology experimental evolutionary robotics,
to stress the fact that these robots are studied not only in the
ecology where they evolve, but also under artiﬁcial laboratory conditions (for early examples of this method, see Da Rold et al., 2011;
Saglimbeni and Parisi, 2011; Paglieri et al., 2014; for a general discussion see Parisi, 2014).2

1
This process of evolution is achieved through evolutionary algorithms: simply
put, the idea is to apply to artiﬁcial organisms some key mechanisms of natural evolution (e.g., ﬁtness, selection, random mutation) to generate and identify effective
behavioral and/or morphological solutions to problems posed by a certain environment. A comprehensive and authoritative introduction to this thriving ﬁeld is
provided by Eiben and Smith (2007); further details on the speciﬁc evolutionary
algorithms used in our studies are discussed later on.
2
It is worth noting that all evolutionary robotics is, strictly speaking, experimental, in the sense that it manipulates certain variables (typically, features of the agent
and/or the environment where evolution takes place) in order to observe the resulting effects. However, here we use “experimental” to emphasize that robots are not
only observed in the environment where they evolved, but also in (an abstraction
of) a laboratory setting, where they perform the equivalent of controlled experiments. This particular application of evolutionary robotics is still relatively rare,
yet extremely promising, especially for integrating the use of computer simulations

In this paper, we describe a series of studies where simple
robots evolve in an environment containing two different types
of food, and then they are required to make various intertemporal
choices between these two types of food under laboratory conditions. Our results, albeit preliminary, demonstrate the viability of
this approach and how its results can be meaningfully compared
with naturalistic data. Moreover, both strengths and weaknesses of
experimental evolutionary robotics are highlighted in the process,
and they turn out to be complementary to those of behavioral studies in psychology, economics, and biology. This argues in favor of
an integrated approach to bounded rationality in both natural and
artiﬁcial organisms.
1.1. Why should we study choice behavior with evolutionary
robots?
Evolutionary robotics is now a well-developed approach to
the study of behavior (Nolﬁ and Floreano, 2000; Floreano et al.,
2008; Doncieux et al., 2011; Bongard, 2013), and it has been successfully applied to a variety of biological phenomena, including,
among others, spatial navigation, morphological adaptation, cooperation, altruism, predation and evasion strategies (Floreano and
Keller, 2010; Waibel et al.„ 2011; Long, 2012; Parisi, 2014). Its
potential for social sciences, however, is still largely untapped:
evolutionary robotics has been applied to only a handful of relevant psychological phenomena (e.g., risk aversion; Niv et al.,
2002; Arbilly et al., 2011; Paglieri et al., 2014), whereas complex,
human-speciﬁc social dynamics, such as institutions and norms,
are typically simulated using other computational techniques (e.g.,
agent-based modeling in computational sociology; Axelrod, 1997;
Macy and Willer, 2002; Squazzoni, 2012). This “division of computational labor” tends to relegate evolutionary robotics to the
study of more “basic” biological phenomena: as we intend to show,
this limitation is unwarranted, and intertemporal choice behavior constitutes an excellent case-study for testing the fruitfulness
of experimental evolutionary robotics to the study of complex psychological dynamics. Nonetheless, the key merits and drawbacks of
this methodology are not speciﬁc of this domain of inquiry. Thus,
before describing our studies on intertemporal choice in robots, it
is useful to brieﬂy summarize what makes this method worthy of
attention to start with, and what cautions need to be applied in
interpreting the resulting data.
- Advantages
• Full observability: Experimental evolutionary robotics allows
observing behavior both “in the wild”, i.e., in the ecological setting where robots evolve, and “in the lab”, i.e., under speciﬁc test
conditions. In both cases, behavior can be studied in extreme
detail, since the simulation keeps track of all data – in fact, one of
the greatest challenges for the experimental roboticist is to avoid
being swamped by data.
• Full control: All variables can be easily and precisely manipulated,
regarding both ecology and test conditions. This extreme versatility can lead to arbitrariness (see below), but it also ensures that
a relatively simple set-up can be adapted to a variety of different
real-life environments and/or laboratory protocols. Moreover,
it also allows performing “counterfactual experiments”, that is,
studying how ecological pressures for which no natural correlate is known might affect behavior – an exercise useful to test
the predictive value of models based on existing environments.

into behavioral sciences, where controlled experiments in laboratory settings are
the key method.
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Ecological shocks (e.g., sudden famine, colonization from other
populations, climate change) are also easy to replicate.
• Neurocomputational transparency: When applied to robots whose
behavior is controlled by an artiﬁcial brain (a neural network
of units linked together by unidirectional connections), this
methodology also allows to measure the dynamics of the control
system, to see what patterns of activation of the neural network’s
units correspond to different overt behaviors – similarly to what
is done by looking at the brain in natural organisms. This provides a further level of comparison between natural and artiﬁcial
cognition.
• Individual differences: Laboratory tests are typically performed on
robots that, through evolution, have adapted well to the needs of
their environment (although in principle nothing prevents from
testing in the lab also “dysfunctional” robots from earlier, less
well-adapted generations). While most individuals of the last
generation can efﬁciently cope with their ecology, they do so in
different ways and with different levels of proﬁciency: in other
words, substantial individual differences are observed in their
behavior, and the effect of such differences on their test performance can be precisely assessed. This is potentially very fruitful,
in light of the analogous individual differences observed in virtually all species of animals.
• Non-deterministic responses: Behavior varies not only across
robots, but also when the same robot is faced more than once
by the same input, provided that a minimum amount of noise is
introduced in its control system. The fact that evolutionary robots
are typically non-deterministic, with respect to external stimuli,
is important for comparing them with natural organisms, who
also do not react always in the same way to identical inputs from
the environment. Typically, an animal repeating the same choice
across N sessions will not always opt for the same alternative, and
this is true also for evolutionary robots.
- Current limitations
• Abstraction: Both the ecology and the artiﬁcial laboratory are
much simpler than most natural counterparts, and the same is
true for the structure of the robot’s body and its control system. While this high level of abstraction invites extreme caution
in making a straightforward comparison between the behavior
of evolutionary robots and that of natural organisms, their very
simplicity highlights how remarkable is their capacity to perform very well (that is, at a level comparable with that of much
more complex natural organisms) in many difﬁcult tasks. Nevertheless, great care is needed to ensure that relevant features of
the behavior under study are not lost or distorted through this
necessary process of abstraction. As a case in point, in the studies presented here we opted to use spatial distance as a proxy
for temporal delay: this was done because the kind of simple
robots we used had no awareness of time, while they were fully
capable of perceiving space. To justify this choice, we made sure
that movement would have no additional cost for the agent,
aside from the time spent moving – either because the robot
did not consume energy at all (Study 1), or because energy consumption depended solely on the passing of time, regardless of
whether the robot was moving or not (Study 2). Besides, this
choice is not completely arbitrary: many natural instances of
intertemporal choice in animals involve a spatial component (e.g.,
patch exploitation in blue jays and foraging decisions in baboons;
Stephens and Anderson, 2001; Noser and Byrne, 2007), and spatial decision making has been experimentally studied in relation
to delay discounting in various species (e.g., guppies, marmosets,
and cotton-top tamarins; Stevens et al., 2005b; Mühlhoff et al.,
2011).
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• Arbitrariness: In experimental evolutionary robotics, a variety
of parameters need to be set by the researcher concerning
type and number of food tokens in the robots’ environment,
presence/absence/number of competitors, the robots’ body and
control system, and the experimental test conditions. These
parameters are likely to have an impact on the resulting behavior,
and yet only a small sample of them can be directly manipulated
and tested within a study: thus, there is a signiﬁcant danger of
arbitrariness in the results. The ideal solution to this problem is
to use data or hypotheses from behavioral studies to set as many
parameters as possible in ways that approximate some existing
ecology and actual test conditions, and to design artiﬁcial organisms that simulate, in some relevant respect, the morphology and
physiology of natural organisms (for an example of this method,
see Caligiore et al., 2010). However, before undertaking the substantial efforts required by that strategy, it is advisable to check
what kind of results can be obtained using a less constrained evolutionary robotic model: this is not only prudent, but also needed
to pinpoint the effect of each variable on the behavioral results
(see below).
• Starting small: Given the number of variables directly controlled
by the experimenter and the huge amount of data obtained,
experimental evolutionary robotics requires a scalar approach,
especially when this method is applied to a given phenomenon
for the ﬁrst time – as it is the case here with intertemporal choice.
The only reliable way of disentangling the effects of different
variables on the results is by starting from the simplest possible scenario (even if this means making the evolutionary robots
less similar to natural organisms), and then add one element of
complexity at a time. As a case in point, in the studies presented
here we used robots that have no learning ability, no competitors in their natural environment, and no need of a partner for
reproduction, since the genetic heritage of the best individuals
in a given generation is simply transferred (with mutations) to
individuals of the next generation. More generally, these robots
maximize their ﬁtness according to a single parameter (amount
of food consumed in Study 1, life length in Study 2) and live in
an ecology where two different types of food are the only salient
objects. This minimal environment can then be enriched in various ways, but it is very interesting to ﬁrst see what kinds of choice
behavior emerge even under these simple circumstances.
• Simulated embodiment: The robots discussed in this paper are
simulated robots evolved in a simulated environment. Even
though the software used, Evorobot*, is based on the e-puck
robotic platform (Mondada et al., 2009), in this series of studies
we did not explore the role of real physical embodiment in robots’
behavior. Clearly, having a physical body is likely to change
many things, as studies on embodiment have repeatedly demonstrated (Varela et al., 1992; Clark, 1997; Brooks, 1999; Pfeifer and
Bongard, 2006). However, running evolutionary studies on physical robotic platforms raises a host of technical and methodological
problems, many of which are bound to distract from the research
issues under consideration. Moreover, the physical structure of
the robots’ body and of their environment would affect behavior
in a variety of ways: the only hope to precisely trace all these
interrelated inﬂuences is by “adding embodiment” one step at
the time – which requires ﬁrst gathering baseline results in the
absence of actual physical constraints. For all these reasons, using
a robotic simulator designed to replicate several key aspects of an
actual robot is currently the best option to start exploring choice
behavior in artiﬁcial organisms. In all cases, such method is based
on simulated embodiment, which is very different from lack of
embodiment – that is, using software agents that do not emulate any actual robotic platforms and live in virtual environments
with no resemblance to the laws of physics.
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• Residual key differences: As a result of the limitations discussed
above, the choice situation faced by, respectively, an evolutionary
robot and a natural organism is bound to differ in various respects.
One of the most important differences is that robots do not distinguish between the ecology and the lab. While humans, as well as
most species of animals, easily learn to identify a laboratory test
as a “special situation” with its own set of rules, the simple evolutionary robots discussed here treat the stimuli presented them
in the artiﬁcial lab as if it was observed in their everyday ecology. With respect to choice tasks, this implies that decisions will
be reversible until the very last moment (while moving toward
one food token, the robot remains free to change direction at any
time), and robots will not treat the options as being either unique
(there could be other food outside of the robot’s current ﬁeld of
vision, and indeed a well-adapted robot will often turn about to
look for it, when presented with visible options that are very far),
or mutually exclusive (the fact that they approach one token ﬁrst
does not imply that they have forsaken the other ones, insofar
as in their ecology food tokens do not disappear). In contrast,
many animals (and certainly humans) faced by an intertemporal
choice task typically understand that the observed options are
unique and mutually exclusive, and that their decision cannot
be reversed once it has been made. These differences invite caution in comparing our results with patterns observed in real labs.
However, the fact that evolutionary robots do not separate the
lab from the ecology is not necessarily an epistemological ﬂaw:
in fact, one could argue that it is the real lab to be ﬂawed, precisely because it puts experimental subjects in a situation that
they perceive as signiﬁcantly different from “normal conditions”
(for a discussion of artiﬁciality and so called external validity in
economical experiments, see Loewenstein, 1999; Starmer, 1999).

2. Study 1: robots without a metabolism
2.1. Basic experimental design
In this ﬁrst study, we used robots without energetic constraints:
that is, robots that do not need to eat in order to survive, since
they do not consume energy over time. Nevertheless, their ability to
eat is what determines their ﬁtness and thereby their likelihood of
leaving their genes to the next generation (see details below). Only
two types of food were present in their environment, distinguished
by color: green food (G) and blue food (B). The total number of food
tokens in the environment at any given time was constant because,
when a food token was eaten, another identical one appeared in a
random position within the environment, and both types of food
tokens were equally frequent and randomly distributed.
We evolved the robots under a variety of ecological conditions,3
manipulating the following variables: magnitude of the rewards
(i.e., energetic values assigned to G and B), and total number of food
tokens present in the environment. We simulated ﬁve different
ecologies, as follows:
Ecology 0: ﬁve G tokens of value 1 and ﬁve B tokens of value 1
(baseline condition).
Ecology 1: ﬁve G tokens of value 1 and ﬁve B tokens of value 2.
Ecology 2: ﬁve G tokens of value 5 and ﬁve B tokens of value 10.
Ecology 3: ﬁve G tokens of value 5 and ﬁve B tokens of value 6.
Ecology 4: ten G tokens of value 1 and ten B tokens of value 2.

3
We will keep referring to the environmental parameters affecting evolution as
“ecology”, for ease of reference: obviously, the label does not imply any approximation of the complexity of real ecologies – here each condition differs only for the
amount and/or value of the food items available.

Aside from these manipulations, all ecological conditions were
identical (see details below). For each ecology, we run two experimental tests on the individuals from the last generation:
• Single option: a single token of either type is placed in front of
the robot, at various distances, and we measured how rapidly the
individual ends up consuming it.
• Binary choice, distancing the better option: ﬁrst two food tokens
of different types are placed at the same distance (100 pixels)
from the robot, then the distance of the more valuable token (B)
is progressively increased and the choice is repeated.
2.2. Evolution: method and results
The robots live in a simulated environment of 1000 × 1000 pixels with randomly distributed food tokens which the robots have
to eat if they want to reproduce and leave their genes to the next
generation. Half of the food tokens are green and half are blue:
their energetic value change across different ecological conditions,
but in all cases (except in the baseline condition, Ecology 0) the blue
token is more energetic than the green one. Life has the same length
for all the robots (8000 cycles) but the robots differ in their ability
to eat the green and blue tokens and, therefore, in the total quantity of energy that each individual robot is able to extract from the
environment. The robots’ behavior is under the control of a neural network, designed and evolved using the Evorobot* software
(http://laral.istc.cnr.it/evorobotstar/) to control an e-puck robotic
platform (http://www.e-puck.org/), a simple robot with a limited
perceptual ﬁeld and wheel-based locomotion in two-dimensional
space (Fig. 1).
Since the robots of the ﬁrst generation have random connection weights in their neural network, they are able to eat only
a few food tokens during their life. The robots which, by eating,
extract more energy from the environment reproduce by generating offspring that inherit the connection weights of their (single)
parent with the addition of random changes in some of the weights
(genetic mutations). The selective reproduction of the best robots
and the constant addition of genetic mutations lead to a progressive
increase in the number of food tokens eaten by the robots during
their life: Fig. 2 summarizes the amount of energy obtained by the
robots in a succession of 200 generations across all ﬁve ecological
conditions, for both the average and best robots of each generation
(here “best” means the 20% of individuals with the highest ﬁtness).
The initial population consisted of 100 randomly generated genotypes that encode the connection weights and the biases of 100
corresponding neural controllers (each parameter is encoded by 8
bits and normalized in the range [–5.0, +5.0]). The 20 best genotypes of each generation were allowed to reproduce by generating
5 copies each, with 2% of their bits replaced with a new randomly
selected value.4 The evolutionary process lasted 200 generations,
and was replicated 10 times for each ecological conditions (seeds):
unless stated otherwise, all results reported concern the average
behavior of all robots from all seeds, except outliers.5 Outliers were
deﬁned as individuals with a ﬁtness level at the last generation that
differed from the mean of their seed by more than two standard
deviations – or, whenever this criterion generated negative values,
as individuals in the worst 10% percentile of the last generation.

4
Further details on the evolutionary algorithm and other simulation parameters
are freely available upon request, to allow a reproducibility check of current results.
5
We consider using 10 seeds reliable enough for the exploratory aims of the
present work: however, it is worth emphasizing that the number of seeds could
(and should, in future studies) be increased signiﬁcantly (e.g., to 30 or 100) without
any special difﬁculty. A larger number of repetitions would provide even ﬁrmer
evidence of the generality of the results discussed here.
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Fig. 1. The e-puck platform: control system (A), physical body (B), virtual environment (C), perceptual ﬁeld (D).

After their exclusion, the samples retained for analysis in each ecology were Nec0 = 940, Nec1 = 849, Nec2 = 914, Nec3 = 935, Nec4 = 944.
These results show that robots rapidly evolve the ability to maximize food intake in this type of environment, and that their ﬁtness
is sensitive to the overall amount of energy available in the environment. The overall amount of energy (OAE) available at any given
time within an ecology is given by the number of tokens multiplied
by their value: so we have that OAE0 = 10, OAE1 = 15, OAE2 = 75,
OAE3 = 55, OAE4 = 30. As Fig. 2 shows, this measure correlates with
the mean ﬁtness value after 200 generations in each ecology, both
for the average robots (Pearson: r = 0.9929, p < .001) and for the best
ones (Pearson: r = 0.9918, p < .001). This result is not surprising:
accumulating energy is easier in environments that are richer. Later
on we will discuss more interesting results, concerning how speciﬁc
forms of environmental richness (higher density of food tokens of
identical value vs. more valuable tokens with equal density) impact
on choice behavior in the lab.
When the two food types differ in their energetic value, robots
develop a preference for the richer food: Fig. 3 summarizes the percentage of food tokens of each type consumed by the robots of the
last generation of each ecology. Except when both food tokens have
the same value (Ecology 0), the robot develops a robust preference

for the blue token (comparison of percentages of choices for each
token across seeds; N = 10, p < .0001 in Ecology 1, 2 and 4, p < .001
in Ecology 3, NS in Ecology 0). Moreover, this preference is sensitive to the ratio between the values of the two rewards, and not
to their absolute difference: in fact, the preference for the more
energetic token is stronger in Ecology 1 (G = 1, B = 2) than in Ecology 3 (G = 5, B = 6), albeit the value difference between the tokens
remains the same (comparison of percent differences in preference
across seeds; N = 10, t(18) = 9.03, p < .0001); in contrast, strength of
preference does not change between Ecology 1 and Ecology 2 (G = 5,
B = 10), where ratio is the same, in spite of the fact that the value difference is ﬁve times larger (t(18) = 0.11, p = 0.9136). Interestingly,
also the density of food in the environment affects positively the
preference for the better food: choices for the blue token are signiﬁcantly more frequent in Ecology 4 than in Ecology 1 (N = 10,
t(18) = 5.23, p < .0001), even if in both cases the token values are
the same, and what changes is only the overall number of tokens.
2.3. Laboratory tests: method and results
The artiﬁcial laboratory was a quarter of the size of the evolution environment (500 × 500 pixels): only a limited number of food
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Fig. 2. Fitness curves for all ecology, measured as the mean amount of energy obtained for each generation over 200 generations: notice the different energy scale (0–500)
of the graphs for Ecologies 0, 1 and 4, in comparison with that used for Ecologies 2 and 3 (0–2000), to facilitate readability. Data refer to robots without a metabolism (Study
1).

tokens were introduced (one or two, depending on the test) and
the experimenter controlled both their placement and the initial
position of the robot. Every robot from the last generation in each
ecology performed 10 sessions of each test. The robot was considered to have “chosen” whatever token it reached (and thereby ate)
ﬁrst: if after 400 cycles the robot had not yet reached any of the two
food tokens, the trial was considered as null. Robots that performed
null trials on all 10 sessions of an experiment (an extremely rare
occurrence) were excluded from data analysis for that test. Depending on the test, two main metrics were used to assess performance:
number of choices for each type of food tokens (%choice), and rapidity with which the robot reached the food token (rapidity). This last
measure capture the intuition that the more valuable a token is, the
surer and faster will be one’s choice of it.
2.3.1. Single option
In this test, the robot is presented with a single food token, either
a G food or a B food, and its reactions are observed: in particular, we

recorded the time required to reach the food and divided it by its
initial distance, thus assessing the rapidity of the robot’s response.
The single token was always placed directly in front of the robot,
in the exact center of its perceptual ﬁeld: its distance was varied
across test conditions (respectively, 70, 100, 200, 300 pixels from
the robot; for an example, see Fig. 4, panel A). We predicted that
rapidity would decrease as a function of distance: in other words, in
reaching a distant option, we expected the robot to waver and wander more that when moving toward nearer objectives. As shown in
Fig. 5, this was indeed the pattern observed in our data: in all ecologies, individuals moved less promptly toward either food tokens,
when the distance from it was increased.
To investigate how distance and reward type interact in this
devaluation process, we performed a 4 × 2 ANOVA with repeated
measures on both factors (see Table 1 for a summary of results).
This conﬁrmed that rapidity of approach decreases as a function of
distance, while reward type has no main impact on rapidity, except
for a weakly signiﬁcant effect in Ecology 4. However, we observed

Fig. 3. Percentage of food tokens of each type consumed by robots of the last generation in their ecology. Data refer to robots without a metabolism (Study 1).
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Fig. 4. Types of laboratory tasks in Study 1: single option (A) and binary choice, distancing the better option (B).

Fig. 5. Rapidity of approach (measured in pixel/time step) to a single token of each type, placed in front of the robot at various distances (70, 100, 200, 300 px). Data refer to
robots without a metabolism (Study 1).
Table 1
ANOVA results for Distance (70/100/200/300 px) X Reward type (Green/Blue), both factors within-subjects, mean rapidity values for each seed, N = 10. Italics indicate statistical
signiﬁcance, * p < .01, ** p < .001, *** p < .0001. Data refer to robots without a metabolism (Study 1).

Ec0: g1, b1
Ec1: g1, b2
Ec2: g5, b10
Ec3: g5, b6
Ec4: g1, b2 (× 10)

Distance

Reward type

Interaction

∗∗∗

F(1,9) = 1.0463, p = 0.333
F(1,9) = 0.6417, p = 0.4437
F(1,9) = 0.9384, p = 0.358
F(1,9) = 0.919, p = 0.3628
∗
, F(1,9) = 6.5779, p = 0.0304

∗

F(3,27) = 937.52, p < .0001
∗∗∗
F(3,27) = 1996.94, p < .0001
∗∗∗
F(3,27) = 1859.49, p < .0001
∗∗∗
F(3,27) = 2389.06, p < .0001
∗∗∗
F(3,27) = 249.51, p < .0001

, F(3,27) = 4.553, p = 0.0105
F(3,27) = 20.33, p < .0001
∗∗∗
F(3,27) = 20, p < .0001
∗∗
F(3,27) = 5.333, p = 0.0051
∗∗∗
F(3,27) = 23.14, p < .0001
∗∗∗
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Fig. 6. Choice patterns in a binary choice when the distance from the blue token progressively increases and the green token is always at 100 pixels from the individual:
mean number of tokens chosen by each individual out of 10 trials. Data refer to robots without a metabolism (Study 1).

a signiﬁcant interaction between distance and reward type in all
ecologies, and most markedly in Ecology 1, 2, and 4: while rapidity of approach is nearly identical across tokens on short distances,
on longer distances rapidity decreases more sharply for the less
valuable token (green), as opposed to the blue one (see Fig. 5). This
interaction is affected more by the ratio of, than by the difference
between, token values, as a comparison between Ecology 1, 2 and 3
immediately show. Moreover, also the density of food in the environment seems to affect this interaction, which is most pronounced
in Ecology 4.
2.3.2. Binary choice, distancing the better option
In this test, the robot is ﬁrst presented with two options, one
green token vs. one blue token, both placed at the same distance
(100 pixels), on two sides of its visual ﬁeld, and with an inter-token
distance of 100 pixels. Then the distance of the blue token from
the robot is progressively increased (150, 200, 250, 300 pixels),
while the green token remains at 100 pixels from the robot (for
an example, see Fig. 4, panel B). Fig. 6 summarizes the choice patterns of the robots in this test: in general, distancing the blue token
progressively reduces its appeal, until the individual becomes indifferent between the two options (indifference point) or develops a
preference for the green token, even though it delivers less energy.
These data show how the indifference point between the two
options shifts across ecologies. In Ecology 0, where both tokens
have the same value, individuals are indifferent between equidistant options, and they start preferring the green option as soon as
the blue one is moved further away – not surprisingly. In contrast,
in Ecology 1 and 2 the mean indifference point is approximately
270 px, which means that individuals on average are indifferent
between a token of value X (1 or 5) distant 100 px and a token of
value 2X (2 or 10) distant 270 px; whereas in Ecology 3 the indifference point is signiﬁcantly closer, around 160 px. Taken together,
these ﬁndings show that indifference between two options of different value depends on the ratio of the values, rather than on their
difference. Interestingly, in Ecology 4 we observe a marked effect

of food density on choice behavior: in an environment where food
tokens are more numerous, individuals are much more inclined to
persist in pursuing a larger token, even when it is much further
than a smaller one.
2.4. Discussion and comparison with natural organisms
This ﬁrst study was mostly intended to test the general feasibility of our methodology. Given the extremely unnatural properties
of these individuals (e.g., lack of a metabolism), we did not expect to
replicate natural data to any meaningful extent. However, we did
predict that robots would in the binary choice task (Fig. 6) reveal a
clear process of reward devaluation as a function of distance. The
more distant the reward is, the less keen is the robot to reach it
or to choose it over a less energetic prize. Current data do not yet
permit to assess what mathematical model (exponential, hyperbolic, quasi-hyperbolic, sub-additive, etc.) best describes this form
of spatial (hence temporal) discounting, since rapidity data cannot account for differences in the absolute value of rewards (the
maximum rapidity depends on the robot speciﬁcation, not on the
features of the reward), whereas for binary choice more indifference points would be needed, to try plotting a discounting function.
However, it is easy to see how these additional data could be gathered, and doing so will be part of our future work.
On the other hand, analyzing laboratory behavior via discounting functions might not be the most proﬁtable approach, with
respect to experimental evolutionary robotics. Perhaps the most
notable added value of this methodology is to deliver rich data on
evolutionary patterns, which can thus be put into contact with laboratory evidence. In this respect, there are two main ﬁndings worth
emphasizing in this ﬁrst study: the emergence of discounting processes even in the absence of metabolism, and the role of reward
values and numerosity in determining behavior.
Regarding the ﬁrst point, it is important to emphasize once again
that the robots in this study do not have a metabolism: that is,
they do not need energy to function, cannot die of hunger, or even
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experience it, and do not consume any energy while moving in the
environment. Thus, tokens are relevant for them only as a means to
maximize the chances of reproducing their genes in the next generation. As a consequence, many of the normal reasons for being
averse to distance (or delay) do not apply to them: no extra consumption of energy is required to reach a distant reward, nor there
is any life-threatening urgency of getting to the food before it is too
late. In fact, the only costs positively associated with distance here
are opportunity costs: given their limited life-span (8000 cycles),
natural selection favors those robots who learn how to “make the
most of it” – that is, robots that do not forsake valuable alternatives, just because they are ﬁxated on reaching a distant objective.
The fact that discounting emerges under such conditions prove that
opportunity costs are sufﬁcient to produce an evolutionary pressure toward it. Of course, this does not imply that discounting in
natural organisms is the product of opportunity costs alone. But
it does vouch for the possibility that opportunity costs might be
a crucial factor in the evolution of temporal discounting – a suggestion already made by a variety of studies, and also backed by
some empirical evidence (Stephens and Anderson, 2001; Stevens
and Stephens, 2010; Paglieri, 2013).
As for the effects of reward values and numerosity on behavior,
both under ecological conditions and in laboratory tasks, several
interesting patterns are apparent in the data. First, changing reward
magnitude while keeping their ratio constant does not produce any
change in behavior: indeed, data from Ecology 1 (G = 1 vs. B = 2) and
Ecology 2 (G = 5 vs. B = 10) are virtually indistinguishable. This might
seem in contrast with the magnitude effect observed in intertemporal choices in humans (Kirby, 1997; Green et al., 1997, 1999),
but it is not, because here we are comparing different magnitudes
across ecologies, rather than within them, and the absence of a
metabolism makes absolute magnitude adaptively indifferent: a
blue-eating robot gains twice more energy than a green-eating
robot both in Ecology 1 and in Ecology 2, and that is all that matters for reproductive success, in the absence of a metabolism. More
precisely, the ratio between reward values matters more than their
absolute difference, in terms of behavioral effects: this is why, in
all relevant measures (see Figs. 3, 5, and 6), robots from Ecology 1
(G = 1 vs. B = 2) show sharper discrimination between reward types
than robots from Ecology 3 (G = 5 vs. B = 6), even though the value
difference in both ecologies is exactly the same. Finally, also the
numerosity of food tokens has a signiﬁcant impact on behavior,
even when their values are kept constant across ecologies. Here
the relevant contrast is between Ecology 1 and 4, in which blue and
green tokens have the same values (B = 2 and G = 1), but are more
numerous in the Ecology 4 (10 blue and 10 green) than in Ecology 1 (5 blue and 5 green). This results in sharper discrimination
between reward types in all relevant measures: in particular, robots
from Ecology 4 show a stronger ecological preference for blue food
than robots in Ecology 1 (Fig. 3), which is further reﬂected by their
greater tolerance for distance in the binary choice task (Fig. 6). This
effect is probably due to the fact that, in an ecology more densely
packed with food, the advantages of even a slight tendency to favor
the better food are likely to pay off, thus increasing the rate at which
that adaptive trait is selected. This seems conﬁrmed by the fact
that the ﬁtness curve is steeper for Ecology 4 than for Ecology 1,
especially in the ﬁrst 50 generations or so (Fig. 2).
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Fig. 7. Control system for hungry robots: the neural network encodes also the current energy level.

their energy level reaches zero, so that they need food to acquire
the energy necessary for their survival. Crucially, their energy level
also has an upper boundary (set to 1), beyond which further food
consumption no longer increases the robot’s energy: this captures
the fact that biological organisms cannot eat indeﬁnitely. Moreover, the robots’ brain is informed of the current energy level in the
robots’ body, to simulate the sensation of hunger of real animals.
All other parameters of the robots were kept identical to Study 1,
in order to assess how having a metabolism would impact on the
behavioral patterns observed in the previous experiments.
We evolved these robots under three ecological conditions,
manipulating again the magnitude of the rewards (i.e., energetic
values assigned to G and B). With respect to Study 1, we had to use
different numerical values, due to the introduction of a bounded
energy level (from 0 to 1) for each individual. Concerning reward
magnitude, we simulated three different ecology, as follows:
Ecology 5: ﬁve G tokens of value 0.1 and ﬁve B tokens of value
0.1 (OAE5 = 1.0).
Ecology 6: ﬁve G tokens of value 0.1 and ﬁve B tokens of value
0.2 (OAE6 = 1.5).
Ecology 7: ﬁve G tokens of value 0.3 and ﬁve B tokens of value
0.6 (OAE7 = 4.5).
Aside from these manipulations, all ecological conditions were
identical, and for each of them we run the same laboratory tests
used in Study 1 on the individuals from the last generation. However, in addition we also manipulated the level of hunger of the
individual, to see if and how this variable would affect behavior
(see details below).
3.2. Evolution: method and results
The robotic platform, the virtual environment, and the evolutionary algorithm were exactly the same as in Study 1, except
that now the neural network controlling the robot’s behavior also
included a sensory unit encoding the current energy level (see
Fig. 7) and that ﬁtness was measured as the length of a robot’s
life rather than as the quantity of food eaten by the robot (albeit,
for obvious reasons, the two measures are strongly correlated).6
This implies that, for the robots with a metabolism, it is not only
important how much they eat but also when they eat: eating a food

3. Study 2: hungry robots
3.1. Basic experimental design
In this second study, we introduced a simpliﬁed metabolism in
the robots. We used robots that consume energy as a function of
time (0.021 energy units consumed per time step) and die when

6
Notice that population size was kept constant (100 individuals) across generations: this is standard practice in evolutionary robotics, mostly to facilitate the
evolutionary process and avoid risks of mass extinction during the ﬁrst generations,
when behavioral strategies are not yet well adapted to environmental constraints.
However, this is also a signiﬁcant abstraction with respect to natural selection,
where extinction is a very concrete (and necessary) occurrence.
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Fig. 8. Fitness curves for all ecologies, measured as the mean life length (max. 8000 cycles) for each generation over 200 generations. Data refer to robots with a metabolism
(Study 2).

token when one is already satiated does not improve one’s chances
of survival, whereas eating the same food token is crucial when one
is close to starvation.
In the face of these more complex evolutionary pressures, the
robots adaptive success is tied even more closely to the amount
of food present in the environment, as Fig. 8 shows (data refers to
mean life length for each generation). Applying the exclusion criteria for outliers used in Study 1, the samples retained for analysis
in each ecology were Nec5 = 882, Nec6 = 845, Nec7 = 819.
In the baseline condition (Ecology 5), where at any given time
the food present in the environment is barely sufﬁcient to sustain
the robots (OAE6 = 1.0), the ﬁtness curve grows very slowly across
generations, for both the average and best individuals. However,
an increase of 50% in OAE (Ecology 6) dramatically improves adaptive success, and evolving optimal responses becomes fairly trivial
when the OAE is especially abundant (Ecology 7).
In fact, it is important to assess how much easier it is to reach
evolutionary success in richer environments, and how this might
impact on the quality of the behavioral strategies evolved in these
environments. We used data on life length and intake rates to
gather some insights in that direction, as summarized in Fig. 9.
Looking at mean values for each seed (N = 30), richer ecologies
result in a longer life-span (F(2, 27) = 167.72, p < .0001, all pairwise
comparisons p < .01, except Ec5 vs. Ec6 p < .05) and in a superior
energy-based intake rate, that is, the amount of energy obtained
per time unit (F(2, 27) = 31.28, p < .0001, all pairwise comparisons
p < .01). But if we look at the token-based intake rate, that is, the
number of food tokens eaten per time unit, we ﬁnd that robots from
the richer ecology (Ecology 7) are less effective in ﬁnding food than
robots from poorer ecologies (F(2, 27) = 29.41, p < .0001, all pairwise comparisons p < .01). This shows that their longer life-span

and higher energetic gains are very much due to the better quality
of their ecology, rather than to superior behavioral strategies.
In looking at how much energy robots of the last generation
are able to consume during their life, it is worth observing them
when the energy level is kept ﬁxed (at 1.0, 0.5, or 0.1), as opposed
to the standard condition in which they evolved, where energy
decreases as a function of time and increases whenever food is
consumed. This manipulation is roughly equivalent to performing a
ﬁeld experiment (one that would be impossible to realize in natural
organisms), as opposed to the controlled experiments performed
in the lab. It provides valuable information on speciﬁc behavioral
strategies evolved to cope with different levels of energy, which
correspond to different levels of need for food: extreme when the
energy level is low, negligible or null when the energy level is high
or maximal.
As Fig. 10 shows, the amount of food robots are able to consume
positively correlates with the abundance of food in their ecology,
which of course is no surprise; nor it is surprising that, by keeping
ﬁxed their energy level, robots are able to consume more food, since
they are de facto immortal. But what is interesting is the interaction
between these two effects: robots that have no need for food (ﬁxed
energy level at 1.0) are less inclined to eat than robots with lower
energy level in all ecologies, and most clearly in Ecology 7, where
food tokens have greater value. In that ecology, satiated robots do
not just express a mild lack of interest for food, as it happens in
other ecologies, but actually practice a deliberate avoidance strategy: whenever they see food, they tend to avoid consuming it –
witness the fact that 21% of robots in that ecology managed to consume zero tokens of food over 8000 cycles. Notice that this cannot
be interpreted as inefﬁcient behavior, since the same robots are
very good at consuming food whenever their energy level is lower

Fig. 9. Mean life length (left panel), energy intake rate (center panel), and token intake rate (right panel) in robots with a metabolism (Study 2), measured at the last generation
with free energy levels.
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Fig. 10. Overall energy consumed in the last generation for each ecology, either allowing the energy level to vary as usual (En = Free) or keeping it ﬁxed (to 1.0, 0.5, or 0.1).
Data refer to robots with a metabolism (Study 2).

than 1. A mixed 3 × 4 ANOVA performed on mean amount of energy
consumed at last generation for each seed (N = 30), with Ecology
varying between-subjects and energy level (free/1.0/0.5/0.1) as
within-subjects variable, conﬁrmed the statistical signiﬁcance of
both main effects and their interaction (p < .0001 in all cases).
In terms of choices between different food types, robots with a
metabolism develop the same preference for the richer food already
observed in the absence of energetic consumption (see Fig. 11):
whereas robots in Ecology 5 (G = 0.1, B = 0.1) are substantially indifferent between tokens, a clear preference for the better food is
developed when blue tokens are worth twice as much as the green
ones (Ecologies 6 and 7). A between-subjects ANOVA over the mean
percentage of blue tokens consumed at the last generation across
seeds (N = 30) conﬁrms the signiﬁcance of the effect: F(2, 18) = 5.48,
p = .01. Pairwise comparisons (Tukey HSD test) shows that, while
the preference for blue tokens is signiﬁcantly higher in Ecologies 6
and 7 than in Ecology 5 (p < .05), there is no signiﬁcant difference
in preference between Ecologies 6 and 7. This is also consistent
with what was observed in robots without a metabolism (Study 1),
and suggests that what determines preference between food types
is the ratio of their values, not their difference – even in robots
with a metabolism. Finally, no substantial interaction between food
preference and energy level was observed (robots maintain stable
preferences across all energy levels), except in Ecology 7: here a
within-subjects ANOVA (N = 10) shows a weakly signiﬁcant effect
of energy level on food preference (F(3, 27) = 3.83, p < .05), with the
preference for the better food being lower for satiated robots, as
opposed to both robots with free energy levels and robots with
ﬁxed energy at 0.5 (p < .05 in both cases). This suggests that, when

food tokens are especially large, satiated robots not only try to avoid
eating them, but also weaken their preference for the larger ones.
3.3. Laboratory tests: method and results
The laboratory tasks were the same as in Study 1 (single option,
and binary choice varying the distance of the blue reward), but for
each task robots were tested either with a free energy level (set to
1 at the beginning of testing, then let free to decrease as usual), or
with their energy level kept constant during testing at one of three
values: 1, 0.5, or 0.1. We predicted that this manipulation would
reveal energy-dependent behavioral strategies, determined by the
ecology in which robots were evolved.
3.3.1. Single option
Using rapidity of approach as a measure of the value robots
assign to rewards, we observed in all ecologies the same pattern
of devaluation noted in Study 1 (see Fig. 12, data with free energy
levels). However, while in Ecologies 5 and 6 this effect was virtually identical to the one observed in robots without metabolism,
in Ecology 7 the presence of a metabolism determined the emergence of a novel pattern, showing that metabolic robots evolved
in a rich environment move much more slowly toward food than
robots evolved in less wealthy ecologies.
To better appreciate the signiﬁcance of these ﬁndings, we performed a 4 × 2 ANOVA with repeated measures on both factors
(see Table 2 for a summary of results). This conﬁrmed that rapidity of approach decreases as a function of distance, while reward
type has no impact on rapidity only when both options are equally

Fig. 11. Percentage of food tokens of each type consumed by robots of the last generation in their ecology, with free energy levels. The comparison shows similar patterns
both for robots without a metabolism (Ecologies 0–2, Study 1) and for robots with a metabolism (Ecologies 5–7, Study 2).
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Fig. 12. Rapidity of approach (measured in pixel/time step) to a single token of each type, placed in front of the robot at 70, 100, 200, or 300 px. Data refer to robots with a
metabolism (Study 2), tested with free energy levels.

valuable (Ecology 5). But when the value of the rewards is different,
its effect on rapidity depends on the evolutionary environment:
robots evolved in a poorer environment (Ecology 6) move faster
toward larger rewards, when these are placed far away; on the
contrary, robots evolved in a richer environment (Ecology 7) move
faster toward smaller rewards, when these are placed near them.
The behavior exhibited by the robots of Ecology 7 may seem
puzzling, but it has a natural explanation. As we discussed in the
previous section, robots from a rich ecology do not exhibit a very
high intake rate in terms of number of tokens eaten, because they do
not need to: they live long, successful lives without having to look
for food all the time, thanks to the relative abundance of resources
provided in their environment. This might well result in a tendency to move more slowly toward food: there is literally no need
to run, if resources are plentiful. However, it is an open question
whether this ecological abundance dulls the selection process and
thus produces less sharp adaptions, or if evolution results anyway
in very good strategies, which simply do not need to be employed
constantly. The evidence seems to point toward the latter interpretation: since robots start testing at full energy, when rewards as
large as those present in Ecology 7 (B = 0.6 and G = 0.3) are close to
them, consuming such rewards would be nearly useless, because
most of their energetic value would be lost (i.e., it would exceed the
maximum capacity of the robot’s energy level). So these data could
be taken to suggest that well adapted robots refrain from consuming food until its energetic value is fully needed: since in Ecology 7
the larger reward is fully needed only with an energy level of 0.4
or lower, whereas the green reward is fully needed already at an
energy level of 0.7 or less, robots will take more time to reach the
larger reward than the smaller ones, especially when they are close
to their current location.
This interpretation is conﬁrmed by looking at how the devaluation process is affected by keeping ﬁxed the energy level in Ecology
7 – and only there, because no effect of energy level is observed
on the single option performance in Ecologies 5 and 6. In contrast,
robots from the richest ecology have very different performances
depending on whether their energy level is kept ﬁxed at 1, 0.5, or

0.1; as Fig. 13 shows, their rapidity on all distances is inversely
proportional to their energy level, and the faster reaction times to
the lesser reward also tend to disappear as the energy level drops;
moreover, whereas robots at full energy make a lot of null trials
in the single option task, and more so for the better reward, null
trials are very rare and evenly distributed between rewards with
lower energy levels (factorial ANOVA on mean % of null trials for
all seeds, Energy levels X Reward type: effect of energy level, F(2,
18) = 62.15, p < .0001, no signiﬁcant effect of reward type, signiﬁcant interaction, F(2, 18) = 8.93, p < .01). All of this suggests that in
Ecology 7 motivation to move quickly toward a reward, and especially a large one, is low only when there is in fact no need to do so,
because the robot is already satiated and would not beneﬁt from
eating more (highly energetic) food.
3.3.2. Binary choice, distancing the better option
In this test, as it was done in Study 1, the robot was ﬁrst presented with two options, one green token vs. one blue token, both
placed at the same distance (100 pixels), on two sides of its visual
ﬁeld, and with an inter-token distance of 100 pixels. Again we
observed a preference shift from the larger reward to the smaller
one, when the distance to the former was increased – except in Ecology 5, where both rewards have the same value. However, while
in robots without metabolism the magnitude of the rewards did
not affect at all this process (see Fig. 6, in particular the panels for
Ecology 1 and 2), this factor has a very signiﬁcant effect in robots
with metabolic constraints (see Fig. 14, in particular the panels for
Ecology 6 and 7).
Keeping the ratio between rewards constant, we observe that
robots evolved in a more energetic environment (Ecology 7)
become indifferent between the two rewards sooner than robots
adapted to less energetic food tokens (Ecology 6). Whereas a blue
token loses half of its value after approximately 170 px in Ecology
7, it takes about 280 px of distance to replicate the same devaluation effect in Ecology 6. Translated in discounting terms, this means
that the discounting rate of the larger reward is much higher in rich
ecologies than in poor ones. This might seem counter-intuitive, but

Table 2
ANOVA results for Distance (70/100/200/300 px) X Reward type (Green/Blue), both factors within-subjects, mean rapidity values for each seed, N = 10. Italics indicate statistical
signiﬁcance, * p < .01, ** p < .001, ***p < .0001. Data refer to robots with a metabolism (Study 2), tested with free energy levels.

Ec5: g0.1, b0.1
Ec6: g0.1, b0.2
Ec7: g0.3, b0.6

Distance

Reward type

Interaction

∗∗∗

F(1,9) = 1.17, p = 0.309
∗
, F(1,9) = 21.56, p = 0.0012
∗
, F(1,9) = 13.36, p = 0.0053

F(3,27) = 0.28, p = 0.835
∗∗∗
F(3,27) = 28.17, p < .0001
∗∗∗
F(3,27) = 14.41, p < .0001

F(3,27) = 308.61, p < .0001
∗∗∗
F(3,27) = 374.28, p < .0001
∗∗∗
F(3,27) = 19.83, p < .0001
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Fig. 13. Single choice task: effects of energy levels on the devaluation process in terms of rapidity of approach (panels A–C) and on percentage of valid trials (panel D) in
Ecology 7 (G = 0.3, B = 0.6), robots with metabolism.

in fact it is just a further manifestation of the emergence of energyspeciﬁc strategies in Ecology 7. While in all other ecologies robots
maintain in this task the same choice behavior regardless of the
energetic level to which they are set during testing, we notice a
clear effect of the energy level on choice performance in Ecology 7,
as shown in Fig. 15.
In Ecology 7, satiated robots clearly tend to avoid choosing either
option (about 40% of null trials), and if they do take one food, they

are indifferent between them – rightly so, since a satiated robot
does not gain any energy from either option. In contrast, robots
with a lower energetic level pick one of the reward almost always
(less than 1.3% of null trials), and exhibit a clear preference for the
larger one, until it is moved away by a considerable distance – either
200 or 260 px, depending on the energetic level. Interestingly, the
preference for the larger reward is less marked but more stable for
robots with very low energy (0.1), which again is understandable:

Fig. 14. Choice patterns in a binary choice when the distance from the blue token progressively increases and the green token is always at 100 pixels from the individual:
mean number of tokens chosen by each individual out of 10 trials. Data refer to the robots with metabolism (Study 2), tested with free energy levels.
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Fig. 15. Effects of energy levels (1.0, 0.5, or 0.1) on choice patterns in a binary choice in Ecology 7 (G = 0.3, B = 0.6), robots with metabolism. Data refer to mean number of
token chosen by each individual out of 10 trials.

an individual facing the prospect of starvation cannot afford to be
too choosy.
3.4. Discussion and comparison with natural organisms
The main ﬁnding in this second study concerns the emergence of
clear differences between adaptive responses evolved in different
ecologies, as soon as metabolism becomes a relevant variable. In
particular, we notice that living in an environment with very large
food rewards (Ecology 7) produces energy-dependent behavioral
strategies, whereas individuals adapted to smaller food rewards
(Ecologies 5 and 6) tend to apply a uniform choice strategy, regardless of their current energy level: go for the larger and closer option
as quickly as possible. The lack of differentiation observed in poorer
ecologies is understandable: after all, over-eating is rarely an issue
there, whereas being very quick in gathering food is a highly viable
trait.
What is remarkable, however, is the emergence of thrift in richer
ecologies: in Ecology 7, satiated robots clearly refrain from consuming food, take their time in moving toward it (plausibly, to
allow their energy level to drop up to the point when eating it
will no longer be wasteful), and even exhibit a preference for the
smaller option in these circumstances (that is, for the choice that
minimizes waste). This pattern is so striking because here there
are very weak ecological pressures toward it: over-eating is not
harmful for the individual (contrary to what happens in most natural organisms), and resources are re-introduced in the ecology
as soon as they are consumed – so scarcity is not really an issue.
In fact, the only scarce commodity that robots might be trying to
preserve with this strategy is information: if a robot manages to
refrain from consuming a food until there is need for its full energetic value, meanwhile keeping that food in sight (since robots have
no memory, in these studies), then that robot will be able to eat the
food at just the right time – as if it was looking for some sort of
“optimal bout”. Indeed, individual analysis of behavior (trajectories) provides tentative conﬁrmation of this hypothesis: satiated
robots in Ecology 7 tend to circle around food tokens, until it is
time to eat them. The fact that thrifty tendencies evolve even in the
absence of speciﬁc pressures against over-indulgence might suggest a preadaptation pattern (Bock, 1959): a trait originally evolved
to optimize search efﬁciency might later become crucial to avoid
over-eating and squandering, once these behaviors start affecting
negatively one’s ﬁtness.
Another relevant result concerns the comparison of strategies
evolved in different ecologies, especially in terms of effectiveness. Obviously, each ecology produces different behavioral
patterns, each of them well adapted to the relevant environmental constraints. Still, comparison across ecologies raises two
intriguing issues: (i) How resilient is the strategy evolved in that

particular ecology? That is, how effective would that behavior be,
if the ecological parameters were to change more or less suddenly
(e.g., due to famine, population increase, colonization)? (ii) How
much is evolutionary success an indication of the evolution of truly
smart strategies, and how much is instead due to relative “environmental abundance”? Obviously, richer ecologies are easier to
navigate, but this might have negative effects too, by promoting
sloppier behavioral strategies.
Our data indeed suggest that robots evolved in richer ecologies
are less effective in their ability to consume food (token intake rate,
Fig. 9, right panel), in spite of their longer lives and superior energy
consumption. This in turn does not depend on any general “dumbness”, but rather derives from their energy-dependent behavior:
their thrifty strategies avoid consuming food on a full stomach,
and their energy-dense environment allows them to remain constantly satiated without consuming a particular high number of
food tokens. This is perfectly ﬁne in their native environment, but
it is likely to limit the resilience of their behavioral strategy. What
would happen to these robots, if their ecology abruptly became less
rich in highly energetic food? Their refusal to look for food while
satiated would no longer be viable: even though they would start
effectively looking for food as soon as their energy level dropped,
this might still be too late–especially if they were facing the competition of another “tribe” used to more demanding environments,
like the robots from Ecology 5 or 6. This suggests that robots from
such “tougher neighborhoods” might outperform their more privileged cousins, if they were to colonize their environment. The fact
that experimental evolutionary robotics allows to test similar predictions (e.g., testing robots in ecologies different from those where
they evolved) is a further advantage of this methodology.
Finally, in terms of temporal preferences, we observed the same
form of delay aversion already noted in Study 1, again measured
as distance aversion. However, the presence of a metabolism produced a novel result also in this respect: whereas in Study 1 no
difference in discounting was observed, whenever the reward ratio
was kept constant (and excluding food density manipulation, as in
Ecology 4), here we see clear differences between Ecologies 6 and 7,
although they share the same reward ratio (0.2/01 = 0.6/03 = 2) and
ecological food density (10 tokens). In particular, robots move much
more slowly towards rewards, and become indifferent between
them much sooner in Ecology 7 rather than in Ecology 6: both
results suggest that food tokens loose their value more rapidly in
the richer ecology, as a function of distance. This is not surprising: where abundance of food is the rule, distance becomes a lesser
concern, especially if ﬁtness is assessed in terms of life length. Even
without running toward food, a robot is likely to eat enough to live
long, thus maximizing its chances of reproductive success. Again,
this should not necessarily be taken as a violation of the magnitude
effect frequently reported for humans, where larger rewards tend
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to be discounted less steeply than smaller ones (Kirby, 1997; Green
et al., 1997, 1999). Whereas that result refers to different magnitudes of reward within the same ecology, here we are comparing
magnitudes across ecologies, and we are not aware of any empirical
data on magnitude effects of the latter type.
4. General discussion and conclusions
With respect to intertemporal choices, we succeeded in replicating two basic behavioral patterns observed in all species tested
so far: a decay of reward value as a function of distance (to wit,
delay), and the emergence of a preference for the smaller and closer
option, if the larger one is placed too far away from the robot. Both
behaviors are indicative of delay aversion. Current data do not yet
allow to establish what reward devaluation function (e.g., exponential, hyperbolic, quasi-hyperbolic, sub-additive) or choice strategy
(e.g., the similarity based procedure proposed by Rubinstein, 2003)
would better account for reward devaluation in these robots, but
it would be relatively easy to gather further evidence to settle this
point: for instance, by determining further indifference points in
the asymmetric choice task, or by measuring rapidity of approach at
different distances in the single option task. Moreover, it would be
interesting to check whether time-dependent preference reversal
(Strotz, 1956; Ainslie, 2001) is observed in these robots, and under
what ecological conditions. This would require taking a choice
problem where the robot has a preference for the smaller option
(e.g., in Ecology 7, “blue at 200 px vs. green at 100 px”), and then
progressively increase the distance from both options (e.g., in Ecology 7, “blue at 250 px vs. green at 150 px”, “blue at 300 px vs. green
at 200 px”, etc.), making sure that both options remain within the
perceptual ﬁeld of the robot: if at some point the robot switches
its choice to the larger reward, this would reveal a time-dependent
preference reversal, and thus would suggest that an exponential
model cannot account for reward devaluation in that population.
The fact that even extremely simple robots show clear signs of delay
aversion, and thus can be further tested in more sophisticated tasks,
indicates the universality of delay aversion, and the fecundity of this
method.
Among the potential advantages of using experimental evolutionary robotics for the analysis of intertemporal choice (see
Section 1), this study mainly highlighted two of them: full observability of behaviors, both in the ecology and in the lab, and
full control on all relevant parameters. We also made use of
non-deterministic responses, although without putting too much
emphasis on this point: in all laboratory tests, individual responses
were averaged over 10 trials for each condition, and the results
clearly show that robots vary in how they respond to the same
set of stimuli – as natural organisms also do. Two other advantages of experimental evolutionary robotics, however, have not
been exploited in this study: neurocomputational transparency, i.e.,
looking at what activation patterns in the neural control system are
responsible for the observed behaviors, and individual differences,
i.e., analyzing how different individuals cope with the same ecological or experimental problem. Length constraints prevented us
from dealing with these results in this paper: but a very convenient
feature of this methodology is that all data are stored in the system,
and could be accessed and analyzed at any time – by us, as well as
by other researchers.7
As expected (and intended), our work also showcased all the various limitations of this methodology: most notably, the high level of
abstraction from naturalistic data, the ensuing arbitrariness of several design decisions, and the need to start small in exploring new

7
Indeed, requests for our data set are welcome and should be addressed to the
corresponding author.
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issues. Regarding abstraction, there is no doubt that our robots are
much simpler than any living organism tested so far in intertemporal choice tasks, from every point of view: sophistication of the
control system (their neural network is closer to the nervous system of very simple invertebrates, than to the brain of any mammal,
not to mention primates), complexity of the environment (a bidimensional square with only two salient objects and no competition
from conspeciﬁcs or predators), reproductive system (without any
kind of sexual reproduction), learning capabilities (null, as opposed
to those of most animals), action repertoire (moving around on two
wheels, as opposed to the complex locomotion of most organisms),
etc. However, as noted above, the very fact that such naive organisms evolve clear patterns of delay aversion, even in the absence of
a metabolism (Study 1), indicates how universal this phenomenon
is, and points to the key role of opportunity costs in determining
its evolution.
As for arbitrariness, some design choices were based on a mixture of practical considerations and naturalistic evidence (e.g., using
distance as a proxy of delay), some were guided by speciﬁc research
questions (e.g., manipulating both ratio and difference of rewards
across different ecologies), some were grounded on past experience
with this technology (e.g., the number of internal units in the neural network, the size of the environment in relation to the limited
perceptual ﬁeld of the robot, the number of generations used for
evolution), and some others were frankly random (e.g., the number of tokens to be placed in the ecology, the maximum life length
for each generation, the metabolic rate in Study 2). Did these factors affect our results? Almost certainly so. Could this be avoided?
Partially, yes, but not completely. Using naturalistic data to ﬁx as
many parameters as possible would greatly help, and this preliminary work was intended to lay the groundwork for such further
attempts. Alternatively, testing how variation in a given parameter (e.g., food density) affects behavior would also justify greater
conﬁdence in those results that remain constant across such variation. Both methods are worthy of being pursued in future work.
However, arbitrariness cannot be completely removed from experimental evolutionary robotics, nor it needs to: as argued at the
onset, this method provides optimal results in combination with
naturalistic approaches, rather than in competition with them. And
arbitrariness, all things considered, is just the (unavoidable) downside of having full control on all the relevant parameters, which is
one of the key advantages of experimental evolutionary robotics.
This dovetails nicely on the need for starting small in similar
studies: in the Introduction, we listed this as a limitation of our
method, because it has severe drawbacks – ﬁrst and foremost, it is
time-consuming. However, this study demonstrates also the beneﬁts of a step-by-step approach: if we had begun by studying robots
with a metabolism, it would have been very natural to interpret
their delay aversion in terms of energetic concerns – robots devalue
distant rewards because reaching them costs more energy. But this
would have been misleading, since we now know (thanks to Study
1, with its “unrealistic” non-metabolic robots) that, even in the
absence of any energetic constraints, robots develop strong delay
aversion – and they do so in ways similar to the patterns exhibited
by metabolic robots (except for the interaction with energy-based
behavioral strategies). This is an important result, all the more so
because it is hardly replicable in naturalistic studies: all known animals do have a metabolism. And yes, of course animals devalue
rewards also due to the direct costs of reaching them; but these
have to be added to the opportunity costs, and the latter, according
to our ﬁndings, might be the dominant force behind delay aversion
– albeit more evidence is needed to fully substantiate this claim.
In the end, the most exciting thing in presenting a new
methodological approach is, obviously, what comes next: that is,
what other manipulations such approach allows, once the basic
groundwork has been laid out. Even conﬁning our attention to
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intertemporal choice (but similar considerations apply to any other
behavior), several opportunities for future studies come to mind.
For instance, Study 2 showed how having a metabolism affects the
evolution of delay aversion, but we kept the metabolic rate constant across all ecologies (0.021 energy units consumed per time
step). However, it has been suggested (Tobin and Logue, 1994)
that metabolic rate might have a direct effect on delay discounting,
leading species that consume energy more rapidly to adopt higher
discount rates, that is, less willingness to wait for food rewards. Our
method permits to gather evidence on that hypothesis: in a ﬁrst
phase, keeping constant all other ecological parameters, it would
be easy to verify whether robots with higher metabolic rates in
fact evolve stronger delay aversion; in a second phase, this effect
could be studied in interaction with other ecological factors, e.g.,
food density. Indeed, so far we discussed “ecological abundance”
as if it depended only on the number, density and value of food
rewards, but clearly it is also relative to the metabolic rate of the
species inhabiting that environment: “slow-burning” robots might
ﬁnd more than enough energy even in relatively poor ecologies,
whereas “fast-burning” robots would be hard pressed for food even
in relatively rich contexts.
Another relevant topic easily available for study is the magnitude effect (Kirby, 1997; Green et al., 1997), that is, the tendency
to devalue larger rewards less steeply than smaller ones, as a function of time (in our setting, distance). As already noted, the failure
of observing this effect in the current study is neither surprising
nor worrisome, since here we manipulated reward magnitudes
between ecologies, rather than within them. Besides, in all ecologies where rewards sharply differed in value, we did observe a
faster devaluation process, in terms of rapidity of approach, for
the smaller one (Ecologies 1, 2, 4 and 6), except when energydependent behavioral strategies interfered with it (Ecology 7).
However, proper study of the magnitude effect in robots would
require evolving them in an ecology where more than two food
magnitudes are present, e.g., an environment with green food (0.1),
blue food (0.2), and red food (0.4): then the prediction would be that
(i) in the single option task, rapidity of approach would decrease
more steeply for green than for blue than for red food; and (ii) in the
asymmetric choice task, robots would exhibit indifference between
a closer green food and a farther blue food (0.1 at 100 px vs. 0.2 at
N px) at a shorter distance than what is required to become indifferent between a closer blue food and a farther red food (0.2 at 100 px
vs. 0.4 at M px, with N > M).
Future work should also aim to increase, step by step, the
similarity between robots and natural organisms. Two key factors come to mind here: learning and sociality. Several techniques
are available for learning in neural networks, both supervised and
unsupervised (for a survey, see Hagan et al., 1996; Haykin, 1999),
and plugging them in these robots would be unproblematic. This
would allow two major advancements: on the one hand, the evolutionary process would now be affected also by learning, so that
selection would favor not only individuals that are good at food
gathering, but also those that are better at learning useful strategies during their lifetime (on the interaction between evolution and
learning in evolutionary robots, see Parisi et al., 1992; Parisi and
Nolﬁ, 1993, 1996; Nolﬁ et al., 1994; Nolﬁ and Parisi, 1996); on the
other hand, robots would learn also during laboratory tests, exactly
as animals do, and this would permit both training manipulations
(e.g., conditioning robots to respond to stimuli they never encountered in their ecology, like the operant keys or arbitrary tokens
used in intertemporal choices studies with animals; see for instance
Ainslie, 1974; Evans et al., 2012) and analysis of how choices change
across repeated trials and/or sessions. As for social interaction, in
this study it was completely absent, since each robot evolved in its
own private world and reproduced asexually. But of course it would
be highly interesting to see what happens when robots live socially

and are sexually differentiated (for some insight on how genderspeciﬁc behaviors evolve under such conditions, see Da Rold et al.,
2011). The ecology would then become much more similar to the
natural environment of most species, but also much more complex
to analyze: among other things, conspeciﬁcs would become both
competitors (for food) and a scarce resource (for reproduction),
not to mention the possibility of strategic interaction (e.g., avoiding over-crowded area to minimize competition, or follow the best
feeders). Further complications, such as predators or other species
competing for food, would also be easy to introduce, provided one
proceeds one step at a time, to avoid loss of explanatory power.
Whatever manipulation one favors, experimental evolutionary
robotics always offers a wealth of data, and in this study we only
scratched the surface of such a bounty: not only we ignored the
activation patterns of the neural network and the ﬁne-grained
behavioral strategies of individual robots, as noted, but also focused
exclusively on fully evolved robots – that is, individuals of the last
generation. But individuals from previous generations are not lost,
contrary to what happens with natural organisms: we still have
their ecological data, as well as their genotypes, i.e., the weights of
their neural network at any given generation, so we can “resurrect”
them at will. This allows studying their evolution more minutely,
not only in terms of ﬁtness and ecological behavior, but also testing in the lab individuals from previous generations – as if we could
test and compare both contemporary and ancestral individuals of a
certain species (something which is impossible to do with natural
organisms, for obvious reasons). In this way, we will be able to track
down the evolution of speciﬁc behavioral patterns (preference for
the better reward, delay aversion, etc.), and whether they were an
early adaptation, present since the very ﬁrst generations, or a relatively late “discovery”. Moreover, the evolutionary history itself can
be manipulated, by changing the ecological parameters during evolution: e.g., to simulate some sudden environmental change. This
would show how evolution is affected by “ecological shocks”, both
in terms of survival rate and ﬁtness, and for the emergence and
extinction of individual behaviors and traits.
Finally, more effort should be put in developing uniﬁed theories
of multiple behaviors: with respect to evolutionary robotics, this is
well reﬂected in the motto “one robot, many phenomena” (Parisi,
2014). Given the inherent complexity of robotics research, the current tendency is to focus only on one phenomenon at a time: after
building a convincing robotic model of it, then a different model is
proposed to account for another behavior or trait. Thus, the robots
evolved to study intertemporal choice are typically not the same
evolved to deal with uncertain decisions, seasonal foraging, cooperation, courtship, cultural transmission, etc. Indeed, theoretical
fragmentation is widespread also outside of evolutionary robotics:
in cognitive science, for instance, we currently have an abundance
of detailed models of speciﬁc phenomena, while overarching theories of cognition are comparatively scarce and not always well
integrated with those models. This situation is at best a stepping
stone toward a more comprehensive understanding of behavior,
at worst a methodological dead end. Obviously, natural organisms deal with behavioral complexity in a uniﬁed fashion: even
assuming some form of cognitive modularity, the control system
responsible for all behaviors is still one and the same. Evolutionary robotics could do much to approximate a similar situation with
artiﬁcial organism, but this requires a methodological revolution:
instead of building ad hoc systems to deal with only a limited set of
behavioral problems (as we did in this study), the same evolutionary robots should have to face a variety of behavioral challenges.
Granted, this will further complicate the analysis of the interaction
between evolution, learning and behavior, but it will also make it
much more informative.
In sum, this study, albeit preliminary, demonstrates the viability
and fecundity of experimental evolutionary robotics for the study
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of decision making in general, and intertemporal choice in particular. The fact that several improvements are possible and many
opportunities for future research are apparent only adds, rather
than detracts, to the interest for this methodology. Still, it is worth
insisting on a key epistemological concern: the very power and
ﬂexibility of this method also paves the way to its most critical
downfall – that is, loosing touch with the natural phenomena that
it is supposed to illuminate. Given the high level of freedom and
control on a multitude of relevant parameters, it is easy to fall prey
of questionable scientiﬁc practices, such as making too many arbitrary design decisions and thus ending up with an overwhelming
amount of (potentially irrelevant) data. It is precisely to avoid a similar degeneration that experimental evolutionary robotics should
strive to take its place among the natural and social sciences, rather
than being secluded in relatively isolated and highly specialistic
sectors, like artiﬁcial life and cognitive robotics. This will require a
mutual effort of interdisciplinary adjustment: evolutionary roboticists will have to adapt their methods and present their ﬁndings
in ways consistent with standard scientiﬁc practices outside their
own ﬁeld; and natural and social scientists will have to keep an
open mind toward a radically different method of studying exactly
the same phenomena they are interested to, with a keen eye for
any potential synergy with their own approaches.
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