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Reinforcement learning agents have inherent limitations and pose
some design challenges that, under certain circumstances, may
have an impact on their autonomy and flexibility. A recent framework for intrinsically-motivated reinforcement learning proposes
the existence of intrinsic reward functions that, if used by the
agent during learning, have the potential to improve its performance when evaluated according to its designer’s goals. Such
functions map features of the agent’s history of interaction with
its environment into scalar reward values. In this paper, we propose a set of reward features based on four common dimensions
of emotional appraisal that, similarly to what occurs in biological
agents, evaluate the significance of several aspects of the agent’s
history of interaction with its environment. Our experiments in
several foraging scenarios show that, by optimizing the relative
contributions of each feature for a set of environments of interest,
emotion-based reward functions enable better performances when
compared to more standard goal-oriented reward functions, particularly in the presence of agent limitations. The results support
our claim that reward functions inspired on biological evolutionary adaptive mechanisms (as emotions are) have the potential to
provide more autonomy to learning agents and great flexibility
in reward design, while alleviating some limitations inherent to
artificial agents.
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Introduction

The field of reinforcement learning (RL) has been, for a long time, one discipline
concerned with providing mechanisms for agents to learn a task by trial-and-error
interactions and adapt to dynamic environments [24]. Being partially inspired by behaviorist psychology theories about how humans and other animals learn [75, 77], RL
stands as a natural choice when considering the challenges of designing autonomous
learning agents. Despite all of its success, RL presents a number of design challenges that critically influence the performance of learning agents, particularly in the
presence of perceptual limitations, mainly because agents seldom have access to the
necessary information to behave optimally in their environment [24, 34, 35, 66, 75].
Moreover, for complex tasks, RL involves some amount of fine-tuning and expert
knowledge in terms of reward design, so that the agent behaves according to and
learns the task intended by its designer [34].
One recent approach has been proposed where a separation between the designer’s
and the agent’s goals alleviates the need for manual tuning of the reward functions
and mitigates some limitations of computationally bounded agents [67, 68, 72]. In
this setting, an optimal reward problem (ORP) is defined as the problem of discovering reward functions maximizing the performance of the agent as measured by its
designer’s utility function. Contrasting to traditional RL approaches, such rewards
may motivate behaviors not directly related with the task the agent is trying to solve
[11, 72]. The ORP was discussed from an evolutionary perspective within the framework of intrinsically-motivated reinforcement learning (IMRL) [67, 68]. One of the
challenges within this framework is related to the nature of the rewards to provide the
agent during learning. Such rewards should be general enough to alleviate the need
for handcrafting reward functions while at the same time they should be useful to
enable the agent to achieve its designer’s objectives. So far, solutions for this problem
have proposed intrinsic rewards based on recency, frequency and state-transition features of the environment’s model, and other features relating the combinations of the
agent’s observations [11, 67, 68, 72, 73]. However, such solutions still require domain
knowledge in the process of constructing the reward function space, and the suggested features motivate behaviors that alleviate only some limitations of the agent
in particular settings. As such, the question remains: what possible rewards/features
can one envisage that are general enough to reduce the need for manual tuning by
the designer for each intended scenario, and at the same time are useful and guide
the agent through learning, alleviating some of its perceptual limitations?
Recently, we have proposed the use of emotion-based reward features to provide
the agent with intrinsic reward during learning [64]. In this paper we follow the
notion of emotions as an evolutionary adaptive mechanism in nature and address
the ORP formulation [68, 72] within the IMRL framework [67]. We consider an
intrinsic reward mechanism for autonomous learning agents inspired by appraisal
theories of emotions. The main technical contribution of the paper is a set of four
domain-independent emotion-based reward features, namely novelty, valence, goal
relevance and control. The proposed features are based on dimensions of appraisal
of the emotional significance of events, commonly found in the psychology literature
[18, 20, 30, 33, 50, 51, 52, 59, 60, 70, 71]. We also focus on emotions as a plausible
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source of general-purpose, domain-independent intrinsic reward and discuss possible
alternatives for each reward feature.
To validate the usefulness of the proposed emotion-based reward features, we
evaluate and compare the performance of different RL agents all using our reward
mechanism in a set of experiments performed in foraging scenarios. More specifically,
we model our agents as predators moving through the environment and trying to eat
preys, using prioritized sweeping [39] to learn an optimal policy for a particular
environment. Each learning agent uses a distinct reward function resulting from a
linear combination of the four emotion-based reward features plus a fitness-based
feature. The difference between the agents resides on the specific weights (sampled
between 0 and 1) associated with each of the five reward features. The fitness of the
agents is measured according to the number and kind of preys eaten during their
lifetime, averaged for a set of environments related to a particular scenario. For
each experiment, we compare the performance of the emotion-based agent attaining
the best fitness against an agent receiving only fitness-related reward and a randombehavior agent receiving no reward at all. We also analyze the kinds of challenges
and agent limitations that can be mitigated by following our approach.
The results of the experimental procedure over the foraging scenarios show that,
for a set of environments related to each scenario, the different reward features
provide useful clues that guide the agent in attaining a better performance while
overcoming some of its perceptual limitations. Moreover, our results show that the
learning agents are able to perform better by following the proposed emotion-based
rewards than by following rewards solely driven by the designer’s goals.
The resulting contributions stemming from our approach are two-fold: (1) we
show that the proposed reward features based on appraisal theories of emotions
provide an agent’s designer with a general-purpose guiding system for autonomous
learning agents, alleviating the need for fine-tuning of reward functions for specific
environments; (2) on the other hand, the emotion-inspired reward design endows
learning agents with some of the benefits that emotions bring to natural agents,
namely a greater adaptability to a dynamic and unpredictable environment and the
mitigation of perceptual limitations common to artificial agents. Together, these
contributions seem to promote the development of more autonomous and robust
artificial agents.
This paper is organized as follows. Section 2 presents the necessary background
on the RL framework, including the formalization of the ORP and the IMRL framework, necessary to understand where our contribution fits in. Section 3 presents our
approach for the emotion-based reward, explains why emotions seem to be a good
source of intrinsic reward, drawing some parallels between the benefits of emotional
appraisal systems in nature and possible benefits of their adaptation to computational RL. Section 4 describes the experiments that were carried out to support
our claim for emotion-based reward design, including the description of each test
scenario, the challenges they present to the learning agent and the main results
stemming from the optimization procedure. Finally, Section 5 explains how our proposal departs from related work and discusses the results of our approach and main
findings.
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Figure 1: The traditional reinforcement learning model in which a critic in the exter-

nal environment evaluates the performance of the agent and provides the rewards;
adapted from [67].

2

Background

Reinforcement learning (RL) addresses the general problem of an agent faced with a
sequential decision problem [24, 75]. By a process of trial-and-error, the agent must
learn a “good” mapping that assigns perceptions from its environment (traditionally
corresponding to the states) to actions. Such mapping determines how the agent
acts in each possible situation and is commonly known as a policy.
Formally, the sequential decision problem faced by the agent can be modeled
as a partially-observable Markov decision process (POMDP) [34, 75], denoted as
a tuple M = (S, A, Z, P, O, r, γ). At every discrete time step t = 0, 1, 2, 3, . . ., the
environment is in a state st from a finite set S of possible states. The agent perceives
an observation zt from a set of possible observations Z that depends on the state st
but that is often insufficient for the agent to unambiguously infer st . The agent then
performs an action at ∈ A and the environment transitions from state st to state
st+1 with probability P(st+1 | st , at ). The agent then receives a reward r(st , at ) ∈ R
representing the desirability for having executed action at in state st , and makes a
new observation zt+1 with probability O(zt+1 | st+1 , at ), and the process repeats.
Traditional approaches to RL mainly focus on scenarios where the observations
zt do allow the agent to unambiguously determine the underlying state st . Such
scenarios are said to have full observability and the POMDP parameters Z and O can
be safely discarded. The resulting model, represented as a tuple M = (S, A, P, r, γ),
is simply referred as a Markov decision process (MDP).
In the traditional view of RL, the reward function “evaluates” the agent’s behavior
with respect to its designer’s objectives, acting as a critic residing in the (external)
environment [67] (see Figure 1). The goal of the agent is to choose its actions
so as to gather as much reward as possible during its lifespan, according to some
model of optimal behavior that tries to optimize some cumulative measure of the
received reward [24, 75]. For example, the infinite-horizon discounted reward model
optimizes the expected reward received discounted by a positive discount factor γ <
1. Formally, the optimal behavior should then maximize the value
"
#
X
v=E
γ t r(st , at ) .
(1)
t
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The reward function r implicitly encodes a task that the agent must complete
by executing the policy π ∗ that maximizes the value in (1)—the optimal policy. The
optimal policy π ∗ can be derived, for example, from the optimal Q-function, Q∗ , that
determines how good (in the long-run) each action a ∈ A is in each situation faced by
the agent, if the latter performs optimally afterwards. In fully observable settings,
Q∗ can be computed from the MDP parameters as the solution to the recursive
relation


∗
∗ 0 0
Q (s, a) = E r(s, a) + γ max
Q (s , a ) ,
(2)
0
a ∈A

where the expectation is taken with respect to the next state s0 given that action a
was executed in state s. The optimal policy at state s is then
π ∗ (s) = argmax Q∗ (s, a).

(3)

a∈A

RL research addresses the problem of designing algorithms to learn the optimal
policy π ∗ from sampled interactions of the agent with its environment. Common
examples of such methods include Q-learning [77], Dyna-Q/prioritized sweeping [39]
and others [75]. Many RL methods also come with guarantees of asymptotic convergence to the optimal policy, as long as some conditions are met (e.g., that the agent
visits all state-action pairs an infinite number of times) [75].

2.1

Design challenges in RL

RL has been successfully applied to systems that autonomously evolve with experience, such as game-playing agents [57, 58, 76, 78], mobile-robotic control [7, 9, 19, 27,
28, 42], operations research [2, 49, 54], human-computer interaction (HCI) [22, 69]
and others [38, 74, 75].
However, despite all of its success, RL algorithms present several design challenges
[24, 34, 66, 75]. For example, learning agents (both simulated and robotic) often
suffer from perceptual and motor limitations [11, 72]: they often do not have access
to all state information necessary to decide, besides not knowing the environment’s
dynamics or the exact consequences of their actions. As such, in many real-world
applications, the conditions supporting the appealing theoretical properties of RL
methods are often violated [34]. Other common problems associated with “classical”
RL approaches and identified in the literature include the Markov assumption [24,
34, 35, 66, 75], the focus on stationary deterministic policies [66], or the requirement
of explicit updates [24].
Additionally, deploying RL agents that can overcome such limitations often involves significant modeling effort, fine parameter tuning, and expert knowledge.
Moreover, it is often difficult for the agent’s designer to design reward functions
that will enable the agent to learn the desired optimal behavior for a particular task
[72].
In this paper we address the challenge of designing rich reward functions that,
to some extent, allow the agent to handle limited perception and non-Markovian
environments. We follow a recently proposed approach for dealing with the problem
of reward function design from an ecological perspective that successfully mitigates
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Figure 2: The model for intrinsically motivated reinforcement learning, where a critic

belonging to the internal environment provides the reward signals to the learning
agent; adapted from [67].
some of the limitations found in computationally bounded agents, including partial observability. This approach is defined within the framework for intrinsicallymotivated reinforcement learning [67, 68], and the problem is referred to as the
optimal reward problem [68, 72].

2.2

The optimal reward problem

As we have seen, the task of an RL agent is tightly coupled to the reward function
provided by its designer. This function implicitly encodes the goal of the designer
by guiding the agent towards the intended solution, i.e., learning the optimal behavior in the environment. Due to the aforementioned challenges faced by the agent’s
designer when creating reward functions, Sorg et al. [72] proposed a separation between the designer’s and the agent’s goals in order to achieve flexible solutions for
reward function design while mitigating agent computational bounds. Because of
their limitations, agents should follow their own distinct goals while learning and
their performance should be later evaluated against the designer’s objectives.
Following this approach, Singh et al. [67, 68] proposed a framework for intrinsicallymotivated reinforcement learning (IRML). Figure 2 shows the components for the
IMRL model. In this framework, the designer’s objectives are encoded in a fitness
function that, in a sense, measures how well-adapted the agent is to its intended
purpose/environment during some history of interactions with it [67]. This is the
idea behind the optimal reward problem (ORP) formulation, which is defined as
discovering an optimal reward function that, if used by the agent while learning,
ends up maximizing the agent designer’s objective utility according to some fitness
function and some distribution of environments [68, 72]. As depicted in Figure 2,
IMRL makes explicit that the rewards used to guide the agent are provided by a
critic within its internal environment, contrasting to the traditional RL perspective
in Figure 1 where the rewards are provided from the agent’s external environment1 .
1

It is noted that one must not confound the critic providing the reward with what in “actorcritic” architectures is called the adaptive-critic [8] residing within the RL agent that evaluates
the agent’s performance in the long-term perspective, usually by defining a state or action-value
function. In an ecological perspective, the adaptive critic provides a form of secondary or learned
reward, contrasting with the primary or innate rewards provided by the critic inside the internal
environment of the agent[67].
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The ORP formulation slightly extends the standard RL framework presented
earlier by considering reward functions which map from agent histories to scalar
values. The agent designer’s goals are implicitly represented through a fitness-based
reward function, denoted by rF , which prescribes preferences over the behavior of
the agent throughout its lifetime [11]. Separated from its designer’s goals, the agent’s
goals are represented via an agent reward function, r ∈ R, where R is some space
of possible reward functions for the agent containing rF . The agent’s objective is to
attempt to maximize the cumulative reward as defined by r, which is used to guide
its behavior while learning [11, 72]. Formally, let h1:t = s1 a1 . . . st−1 at−1 st denote
the agent’s history of interaction with some environment up to time step t. We
denote by h ∼ hB(r), E i the history of agent B using reward function r adapting
to environment E ∈ E, where E is some set of environments we want the agent to
perform well [68]. For the agent to meet the objectives of its designer, its performance
over history h is evaluated by some real-valued fitness function f (h). This function
measures how the fitness-based reward is accumulated during h, e.g., by taking the
mean cumulative fitness. Finally, the ORP is defined as an optimization problem:
that of choosing an optimal reward function r∗ ∈ R that maximizes the expected
fitness with respect to a distribution over possible environments [67], i.e., a reward
function such that
r∗ = argmax F(r) = argmax EE∼P (E),h∼hB(r),E i [f (h)] ,
r∈R

(4)

r∈R

where P (E) is some distribution of environments in E.

2.3

Design challenges in IMRL

The IMRL framework proposes an elegant solution by considering rewards not directly related to the agent’s task while mitigating some of its limitations. However,
it also poses a set of design challenges or choices that one must deal with when building a learning agent for a specific scenario. Namely, one must address the nature
of the rewards provided to guide the agent throughout learning and decide how the
optimization procedure will select the optimal reward function.
The ORP formulation presented above outlines two distinct search problems,
namely that of finding the optimal reward function and that of discovering optimal
policies/value functions [11, 44, 67, 73]. The latter can be achieved by employing
traditional RL techniques given a particular reward function and a set of environments of interest. Each reward function r ∈ R can be evaluated according to the
scalar value F(r), which can be estimated from a set of histories of interaction,
{h1 , . . . , hN }, as
N
1 X
F(r) ≈
f (hi ).
(5)
N
i=1

Each history hi verifies hi ∼ hB(r), E i i, where E i is an environment sampled according to P (E) in which the reward function r is held fixed [68]. Solutions for
finding the optimal reward function commonly propose a space of reward functions
R as a linear combination of a number p of predefined real-valued reward features
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{φi , i = 1, . . . , p} [67, 68, 72, 73], i.e.,
R = {φ> θ | θ ∈ Rp }.
In this paper we are only interested in investigating possible sources of good
reward functions to facilitate reward design, however they are found. As such, we
will follow quasi-exhaustive search procedures to determine the best reward functions,
as proposed in other works within IMRL [67, 68, 72].
Another design challenge within IRML has to do with the nature of the agent
reward functions in the first place, functions that serve as parameters to the optimization problem described earlier. In the form of a question, we could then ask
what kinds of reward functions should one consider to the learning agent in order to
find the one providing optimal fitness in the environment?

2.4

Contributions

In this paper we focus on the agent design challenge regarding the possible sources
of intrinsic rewards to be used within IRML and look at possible agent limitations
that can be mitigated following our approach. In this respect we propose looking at
a natural evolutionary adaptive mechanism present in almost all forms of biological
organisms since the origins of evolution: emotions. We note that we do not intend
to discuss emotions as being a source of intrinsic motivation in biological organisms.
Rather, we analyze research on emotions as an evolutionary adaptive mechanism
in nature and discuss some mechanisms of emotion elicitation according to theories
of appraisal of emotions. Based on such literature, we propose the generation of
reward that, in some manner, relates to the way emotions provide motivation in
natural organisms. The hypothesis for our approach is that emotion-like processes
that evaluate the relevance of a given situation in the environment should provide
artificial learning agents with a simple but powerful adaptive mechanism.
We claim that emotions, adapted to an autonomous learning agent, can improve
its performance and mitigate some of its limitations. Furthermore, we advocate
the idea that an emotion-based mechanism may be useful for both agent designers
and for autonomous agents in general. As mentioned before, our contributions are
two-fold: (1) we propose a set of four domain-independent reward features based
on common dimensions of emotional appraisal of events which alleviates the need
for the agent designer to handcraft reward functions for a specific domain. Some of
the proposed features are similar in spirit to other reward features already proposed
within IRML and ORP, which were discussed in the previous section. The advantage of our approach stems from the fact that, like emotions do to natural agents,
emotion-based reward functions provide a general-purpose evaluative mechanism of
the agent’s history of interaction with its environment. (2) we demonstrate the
potential of emotionally-inspired learning through a set of foraging experiments targeted at evaluating how emotion-based learning can mitigate some limitations in the
agent’s perception. The scenarios also shed light into the possible range of scenarios
in which the proposed features can aid artificial agents at being more autonomous
and adaptive, thus requiring little fine tuning of the reward functions.

Section 3 Emotion-based reward functions

3

9

Emotion-based reward functions

In this section we provide the rationale for the choice of emotions as a possible
source of inspiration for the agent reward functions. We start by explaining the
role of emotions in natural agents, revise appraisal theories for the generation of
emotions and discuss possible emotion-based reward features to be used within the
IMRL framework.
Over the past 50 years, research within the fields of psychology, biology, ethology,
neuroscience and others have shed light over the origins, causes and consequences
and the underlying brain mechanisms behind one of the most common behavioral
phenomenon observed in nature: emotions. Emotions have often been considered as
detrimental to rational and sound decision-making [23, 45]. However, as the research
about the influence of emotions on human and other animals grew, emotions started
being regarded as a beneficial adaptive mechanism for problem solving, perception,
memory, attention and other cognitive skills [14, 23, 26, 32, 40, 47]. The need for an
attention-focusing interruptive mechanism for artificial agents having the properties
of emotions has been advocated for a long time [37, 65]. However, apart from some
exceptions focusing on discrete modal emotions, only a few computational systems
have considered the potential of emotions as a basic, general-purpose, universal, evolutionary survival mechanism and its integrative role on learning, self-development
and adaptation.

3.1

Appraisal theories of emotions

Recall from Section 2.3 that the IMRL framework proposes the use of reward features
mapping properties of the agent’s history of interaction with its environment to
scalar reward values. Having seen the possible advantages of an emotional processing
mechanism, the question now is how can we take advantage of emotions within the
IMRL framework ? To answer that question one must analyze how emotions and
all the physiological reactions arising with them are generated in the first place.
One way of explaining emotional elicitation according to one’s relationship with the
environment is through appraisal theories of emotions [18, 52].
Appraisal theories of emotions were pioneered by the works of Arnold [6], who
proposed that the elicitation of some emotional state is preceded by an appraisal of
the situation in relation to its significance for the individuals’s well-being or goals, and
later Lazarus [29] that introduced a distinction between “primary” and “secondary
appraisals” to distinguish the processes of evaluating and coping with a situation, respectively [18, 33, 52, 62]. Appraisal theories contrast with other theories of emotion
elicitation which do not consider such an evaluative and relational process. Specifically, they contrast with categorical theories of emotions targeted at explaining the
emergence of only a limited number of distinct basic emotions [18, 20, 52]. They
also contrast with stimulus-response and other physiological and expressive theories
which focus on the subjective experience of emotions while ignoring the link between
the situation and the individual as proposed by appraisal theorists [18, 52].
Appraisal theories of emotions are more concerned about how the result of the
appraisals affects behavior and decision-making. Figure 3 shows a diagram of the
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Stimuli

Goals, Beliefs, Intentions
Person-environment
relationship

Appraisal

Environment

Belief / desire revision

Appraisal
outcome

Emotional Response
Physiological
reactions

Bodily
expressions

Reappraisal

Action tendencies
Emotion-related behaviors

Figure 3: The elicitation of emotional responses as the result of an evaluation of the
situation (the stimuli) in relation to the individual’s goals, beliefs and intentions,
from the perspective of appraisal theories of emotion.

process of emotional elicitation by means of appraisal, which combines information
from external stimuli and the individual’s goals, beliefs and norms to perform an evaluation of the situation. The outcome of the appraisal is a set of responses, including
the physiological signals and bodily expressions responsible for the subjective feelings
of emotions. They are also responsible for the functional aspect of emotions, i.e., the
behavioral and cognitive responses to deal with the situation at hand which direct
the individual’s attention to the significant aspects of its environment [20, 30, 33, 70].
Many of the theories of appraisal stressed in the literature [20, 30, 50, 51, 60] propose
structural models in which emotions are elicited by evaluations of events through a
set of appraisal variables. Each variable is usually conceptualized as a dimension
along which appraisal outcomes may vary continuously [52]. The several dimensions define the criteria used to evaluate a situation and ascribe the structure or the
contents of the appraisal [18, 52]. Moreover, through a process of reappraisal, the
subject evaluates a situation by considering the outcomes of previous appraisals as
an effective way of coping with a personally significant event, usually by requiring a
more thorough processing [18, 29, 30].
An important feature of dimensional appraisal theories is that they contrast with
discrete appraisal theories of emotions which explain the situation by selecting one of
a set of qualitatively distinct emotions [18, 20, 45, 52]. This difference is a relevant
aspect of the dimensional models because they are capable of accounting for the
subtleties between the different emotional states as well as individual differences in
the appraisal of events and cultural variance in terms of the specific emotion labeling
[18, 20, 45, 51, 59].
By defining appraisal as a tight connection between the organism and the particular situations eliciting the emotions, what Lazarus [30] calls the relational meaning
(the person-environment relationship in Figure 3), appraisal theories support the
fact that different individuals will appraise external events in a distinct manner
according to their own experience and cultural background [20, 52, 71]. As such,
most of the appraisal dimensions proposed in the literature deal with universal,
culturally-independent evaluations of the personal significance of events. It is by
combining specific values or outcomes of the appraisal dimensions that these theories can model discrete or modal emotions (e.g., joy, sadness, fear, etc.) and predict
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Figure 4: Proposed framework for emotion-based intrinsic rewards; adapted from

[64, 68].
the particular physiological responses and action tendencies associated with each of
them [18, 20, 52].
While the several appraisal theories have some differences, such as which emotions
are supported by the model or which particular appraisals contribute to the elicitation
of some emotion, most of them largely overlap in the kinds of dimensions that are
necessary for the evaluation of a given situation [18, 20, 52]. A study by Ellsworth
and Scherer [18] compared the most common appraisal theories and identified a set of
five major dimensions of appraisal defined by the majority of appraisal theorists and
in which our approach is based upon: novelty, pleasantness/valence, goal relevance,
power/coping potential and normative/social significance.

3.2

Emotion-based reward design

Having defined the IMRL framework and the emotional appraisal processes in nature, we propose the use of an emotion-based evaluative mechanism as part of an
intrinsic reward component for learning agents, as depicted in Figure 4. We follow
the perspective that each appraisal dimension prescribes a criterion to evaluate the
significance of a specific aspect of the individual’s relationship with its environment
[18, 60]. Moreover, we explore the idea that appraisal dimensions vary continuously,
therefore defining a multidimensional space of emotional experience, each point representing a distinct experience [52]. In accordance with the IRML framework, we
then propose each appraisal dimension to correspond to an emotion-based intrinsic
reward feature.
The rationale of such proposal stems from the fact that, just like the corresponding appraisal dimension does in biological agents, each reward feature indicates the
significance of the current situation for the agent’s well-being according to specific
aspects of the agent’s history of interaction with its environment [67, 68]. Our framework adopts four of the aforementioned major dimensions of appraisal [18], namely
novelty, valence, goal relevance and control. We restrict to single agent settings and
as such do not consider the normative/social dimensions as they are responsible for
the emergence of more complex emotions like shame or guilt requiring a formal social,
multiagent framework2 .
2

We refer to the work in [63] proposing a set of intrinsic reward features based on signals
exchanged between individuals to communicate approval/reprehension of socially-aware/unaware
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In this paper we adopt the ORP formulation within the evolutionary interpretation of IMRL. For the reward functions providing the intrinsic rewards that guide the
agent throughout learning, we propose a combination of reward features originating
from both an emotional and a fitness-based critic, as depicted in Figure 4. The
fitness-based critic corresponds to the “standard” RL critic, evaluating the agent’s
behavior according to the fitness-based reward function, rF . This function explicitly rewards fitness-enhancing behaviors [67], such as eating some prey in foraging
scenarios. The emotion-based critic generates four domain-independent reward features, each one evaluating a certain aspect of the agent-environment relationship.
These signals map the result of each appraisal into scalar values that somehow indicate the degree of activation/significance of each dimension. In our approach we
consider emotion-based reward features depending on properties of a fitness-based
adaptive critic, according to the notion in [8]. In particular, we denote by V F (s)
and QF (s, a) the fitness-based state-value and action-value functions analyzing the
agent’s behavior according to rF (s, a), respectively.3
Formally, we consider a set of five reward features, Φ = {φn , φgr , φc , φv , φF },
where
• φn (s, a, h) denotes the novelty dimension associated with trying action a in
state s, given the history h;
• φgr (s, a, h) denotes the goal relevance of executing action a in state s, given h;
• φc (s, a, h) denotes the degree of control over state-action pair s, a given history
h;
• φv (s, a, h) denotes the dimension of valence resulting from executing a in s
according to history h;
• φF (s, a) = rF (s, a) corresponds to the reward provided by the fitness-based
reward function.
We define the space R of possible agent reward functions as the linear span of
Φ,i.e., the set of all reward functions r in the form
X
r(s, a, h) =
φi (s, a, h)θi = φ> (s, a, h)θ,
φi ∈Φ

where
φ(s, a, h) = [φn (s, a, h), φgr (s, a, h), φc (s, a, h), φv (s, a, h), φF (s, a)]>
and
θ = [θn , θgr , θc , θv , θF ]> .
behaviors in multiagent scenarios.
3
We note that the fitness-based value functions only evaluate the agent’s behavior according to
the fitness-based reward function rF (s, a). As such, one must not confound them with the value
functions calculated by means of the agent’s reward function r(s, a), which are used to guide the
agent throughout learning.
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Each weight θi ∈ [−1.0, 1.0] determines the contribution of the corresponding rewardfeature φi to the overall reward.
By defining the reward function space in this manner, we allow for the discovery
of reward functions providing the agent with different ways of appraising its environment, according to the particular weight-vector θ. For example, the weight-vector
θ F = [0, 0, 0, 0, 1]> , originating the fitness-based reward function rF (s, a), indicates
that the agent is predisposed to focus only in fitness-inducing behaviors while completely ignoring the emotional appraisal of the events. We consider the configuration
of each reward function to be fixed throughout learning, i.e., the weights are initially set for the agent and remain that way during its lifetime. This idea fits the
notion of intrinsic rewards as part of a primary, hard-wired mechanism in natural
organisms [67]4 . According to this definition of reward functions, the optimization
procedure defined by the ORP formulation is then equivalent as discovering the optimal weight-vector, denoted by θ ∗ . This vector gives origin to the optimal reward
function r∗ (s, a, h) = φ> (s, a, h)θ ∗ providing the maximal fitness to the agent for a
particular environment.
Having defined the general framework for emotion-based rewards, we now describe our proposal for the emotion-based reward-features mapping from the agent’s
history of interaction with its environment to scalar reward values.
3.2.1

Novelty

Novelty is one of the most basic and low-level dimensions of emotional appraisal
of events, usually eliciting focus of attention to important changes occurring in the
environment [18, 20, 50]. There are several factors which contribute to the evaluation
of an event’s novelty, such as the level of habituation to a stimulus, the individual’s
motivation state or the perception of predictability or expectedness of a situation
[18, 51]. At perception or schematic level, novelty usually refers to the degree of
familiarity or matching between the perceived stimuli and the agent’s knowledge
structures built so far [20, 33, 50].
In the RL framework, familiarity about states and actions is directly related to
the number of visits to state-action pairs. Let us denote by nt (s) the number of
visits to state s up to time-step t, and by nt (s, a) the number of times that action a
has been experienced in state s so far. Therefore, one can quantify the dimension of
novelty as the reward-feature
−nt (s,a)

φn (s, a, h) =

λn

−nt (s)

+ λn
2

,

(6)

where λn is a positive constant such that λn < 1. λn can be seen as a “novelty
rate” determining how the novelty dimension decays with experience. The expression
proposed for novelty resembles the inverse-frequency reward feature in [11]. However,
instead of a linear decaying rate, we consider an exponential decaying rate that
4

We refer to [73] for a solution in which the weight-vector is modified online according to the
gradient of the utility function.
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is dependent, for example, on the total number of states and actions that can be
experienced or the agent’s lifetime.
For simplicity reasons, we chose to include only statistical variables in the calculation of the novelty reward-feature which somehow evaluate the amount of past
experience with some states and actions. However, one can envisage expressions
that evaluate the predictability of stimuli or the probability of actions outcomes, all
characteristics of the novelty dimension at a higher level in the appraisal processes
occurring in natural agents [18, 20, 33]. Such expressions could, for example, assess
prediction errors in V F (s) and QF (s, a), or discrepancies detected from the fitnessbased reward received in relation to previous interactions. Another alternative is to
consider recency-based features, rewarding interactions with states and actions (not)
visited recently [67, 72, 73]. However, we prefer frequency-based features in favor of
recency-based ones as they better capture the essence of novelty. Having states and
actions that are not visited for a certain amount of time does not imply that they
are novel, although they can also encourage exploratory behaviors [67].
3.2.2

Goal Relevance

As its name indicates, this dimension asserts the relevance of a perceived event in
terms of the attainment of the agent’s long-term goals or satisfaction of its needs [18,
30, 33]. Also related to the notions of desire-congruence [50] or motive-consistence
[51], goal relevance is essential for the survival and adaptation of an individual to its
environment as it evaluates the further consequences of a given situation in relation
to its goals, needs or desires [18, 50]. Therefore, goal relevance has a motivational
basis and is influenced by the importance of the event and the consistency of its
outcomes in relation to the goals or needs being concerned [51]. Broadly speaking,
we can say that the goal relevance of an event increases if such event is consistent
with an individual’s goals, i.e., the individual approaches its objectives, and decreases
when the consequences of the event are obstructive to reaching those goals [18, 50].
At a low-level, the goal of an organism is to attain the maximum fitness to its
environment throughout its lifetime. Recall from Section 2.2 that this is exactly the
long-term goal of an artificial learning agent according to the IMRL framework [67].
As such, we consider that states for which the expected fitness-based reward (denoted
by the state-value function V F (s)) is high should lead to a greater fitness than those
with a low fitness return expectancy. For the purposes of our model, we assume that,
ˆ t , s∗ ), that corresponds to
at each time-step t, the agent has access to a distance, d(s
an estimate of the number of actions needed to move from its current state st to a
so-called goal-state, denoted by s∗ . A state s is considered to be the goal-state s∗
when its current expected fitness return provided by VtF (s) is maximal in relation to
all other known states when the agent last visited it, i.e., s∗ = argmaxs VtF (s). In
this manner, s∗ is not fixed beforehand, rather it is discovered whenever the agent
perceives a state with expected value that is maximal at some point in time. We also
note that this distance estimate needs not to be accurate, but should be coherent
ˆ 1 , s∗ ) > d(s
ˆ 2 , s∗ ), where
with the true values, i.e., if d(s1 , s∗ ) > d(s2 , s∗ ) then d(s
d(·, ·) denotes the actual distance. This distance estimate is not computed from the
model, but perceived by the agent.
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In our framework, goal relevance is thus translated in terms of the numerical
value
φgr (s, a, h) =

1
.
ˆ s∗ )
1 + d(s,

(7)

The behavior of this expression seems to be coherent with the role of the goal relevance appraisal dimension in natural organisms. It makes the relevance of some
state decrease as its distance to the goal state increases, and have the value of 1
when the agent gets the closest to its goal, i.e., only when the agent achieves a state
capable of fostering maximal fitness. Alternatives to this formulation can account
for example the Manhattan distance to goal states as proposed in [11], but with the
disadvantage of having to specify such states beforehand.
3.2.3

Control

Control is part of a group of appraisal dimensions associated with the coping potential
of an individual [18, 71]. Usually it involves a more proactive assessment of the ability
of the individual to deal with a particular situation, i.e., the potential of an organism
to cope with the situation being evaluated [18, 20, 30, 33]. These dimensions are
considered to be part of a “secondary” level of appraisal as they require an individual
to determine an appropriate response to the event being evaluated [30].
At a higher level of cognitive appraisal, these evaluations implicate the attribution
of causal agency for the event, influencing the significance and kind of response to
the situation at hand [18, 51], or cognitively adjusting one’s goals in order to fit the
outcomes of the situation [30, 71]. At a rather lower level of information processing,
coping potential estimates the extent to which an event or its outcomes can or cannot
be controllable, and whether the organism has the sufficient power to change the
situation to its benefit [20, 51, 59].
In our framework, we follow the perspective that often the control over a situation involves determining the degree of predictability or probability of the events
being considered [18, 33, 51, 59]. By following this approach, an agent can determine
the degree of correctness/clarity of the world-model that it has built of its own environment which directly influences its ability to control it. The more clear and correct
the model is, the greater the control and power the agent has over its environment
and thus the greater its potential is in coping with a particular situation.
As we have seen in Section 2, the action-value function Q for a certain policy can
be estimated from the rewards received in the several states encountered through
time by following such policy in the environment. Let us consider ∆QF (s, a) =
F
|QF
t (s, a) − Qt−1 (s, a)| as the prediction error of the expected fitness value of action
a in a certain state s at time-step t. We can therefore calculate the value of control
by averaging the prediction error for a certain state and action through the numerical
value


φc (s, a, h) = 1 − E ∆QF (s, a) .

(8)

Because the total reward depends itself on the control value, we consider only
the fitness-based component rF (s, a) of the reward to calculate the prediction error.
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From the above expression we can see that the lower the prediction error, the greater
the agent’s coping potential will be, and hence the more accurate the current worldmodel is for the given action and state. States in which action-values often change will
have higher prediction errors and therefore denote irregularities in the environment
that the agent does not fully control.
Other factors contributing to the prediction errors can account for discrepancies
in the state transition model perceived throughout time, as proposed by the quality
of model feature in [72]. Also, the uncertainty model proposed in [4], calculates the
level of emotional arousal by considering discrepancies between the current state’s
value and expected extrinsic rewards from the same action in other states by means
of a standard deviation measure.
3.2.4

Valence

Valence measures how intrinsically pleasant a given situation is [18]. It is either
generated from a set of innate detectors or learned preferences/aversions that basically indicate whether a stimulus is “positive” or “negative” in terms of biological
significance for the organism [33]. Valence is considered a very low-level and automatic appraisal dimension capable of evoking approaching behaviors to pleasant
stimuli and aversion to unpleasant situations. Moreover, unlike other dimensions,
valence is considered to be mainly a feature of the stimulus itself, independent of the
momentary situation of the organism [18].
In our framework we consider the fitness-based reward function rF to be directly
related with the fitness utility-function f (h) evaluating the performance of the agent
in some environment. The reward rF (s, a) received by the agent directly corresponds
to the biological significance attained by executing action a in state s. Therefore,
the fitness-based reward feature could itself be used to provide the evaluation of
valence, i.e., we could denote valence as φv (s, a) = rF (s, a). In the same way, other
variations of the fitness-based reward can also be used to provide valence to the
F (s, a).
agent, e.g., considering the average reward received rave
However, in our approach we follow the perspective that the implicit value of
things can change throughout time according to experience [14, 18, 33]. While some
preferences are phylogenetically hardwired, other evaluative processes are acquired to
signal preferences or dislikes over never-before-experienced stimuli [18]. Furthermore,
by means of associative processes, stimuli that were considered preferable or neutral
can become unpleasant through the association with other biologically-relevant aversive stimuli [14]. Bearing this idea in mind, we can consider the fitness-based reward
function as a source of innate preferences over some states and actions of the environment. In order to account for the adaptive nature of valence with experience,
we consider the following numerical value to evaluate the pleasantness of a certain
situation:
φv (s, a, h) =

VtF (s) − mins0 VtF (s0 )
QF
t (s, a)
+
,
F
F
0
0
2(maxs0 Vt (s ) − mins0 Vt (s ))
2VtF (s)

(9)

where mins0 VtF (s0 ) and maxs0 VtF (s0 ) are the current minimal and maximal values
of the fitness-based state-value function, respectively.
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This expression basically indicates how “good” state s is when comparing its
current expected fitness return with all other state-values, and also how “good” it is
to execute action a in state s when compared with other already-experienced actions
in the same state. As such, valence will have a value of 1 only when the agent executes
the action with highest action-value in the state with the highest state-value, thus
denoting a learned preference by the agent towards a behavior which it currently
believes will lead to a high degree of fitness in the environment.
An alternative for this expression can consider the reward proposed in [4], where
a sensation of feeling good or bad is given as a measure of the expected reward given
the current state and an action in relation to the average reward received in that
state. However, such expression evaluates only immediate reward, and we believe
our feature captures the essence of valence as an evaluation towards the agent’s
long-term goals. A better alternative for this feature can be found in [12], where
the window-limited short-term running average of the (extrinsic) reinforcement is
measured against its long-term running average to provide the reward (and valence)
with which the agent learns.

4

Experiments and results

In order to assess the potential of using an emotion-based mechanism to provide
intrinsic reward we designed a set of experiments in foraging environments inspired
by those in [67].

4.1

Experimental setup

In our experiments, the agent is modeled as predator moving in the environment,
trying to eat preys and, in some scenarios, avoiding encounters with other predators.
4.1.1

Objectives

The choice of foraging scenarios in our approach is tightly connected with the objectives of the experiments. First of all, foraging scenarios enable an easy evaluation of
the agent’s behavior as prescribed by the designer’s objective. As such, the fitnessbased reward functions for our scenarios are related to feeding behaviors, which in
natural environments directly enhance most biological organisms’ fitness. The foraging scenarios also enable us to test whether the different reward-features lead to
distinct behaviors, depending on the environments. We observe the emergence of
different strategies to attain fitness in different environments, but also maladaptive
behaviors leading to poor performances.
Foraging scenarios also fit our purpose of evaluating whether an adaptation of
an emotional appraisal-based mechanism brings advantages when designing artificial
learning agents. In most scenarios, the agent will have some perceptual limitations
that prevent it from attaining maximal fitness if it engages in fitness-inducing behaviors only, or, loosely speaking, if it only cares about eating. As such, we note
that the majority of the environments proposed in the experiments do not hold
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the Markov property from the perspective of the agent’s observations, since the information about the location of the preys or other predators can not be directly
determined from the current observation [75]. Therefore, just like biological agents
encounter challenges in nature, our agents will have to discover particularities of the
environments that allow them to achieve a better fitness. Because the agents are
“guided” by appraisal-based reward features, the proposed foraging scenarios enable
us to assert the usefulness of an emotion-based implementation in IMRL agents.
4.1.2

Agent definition

For all of the scenarios tested, at each time-step, the agent is able to observe
its position in the environment and whether it is collocated with a prey. Also
for all scenarios the agent has available at least four possible actions, i.e., A =
{U p, Down, Lef t, Right}, each moving the agent to the adjacent cell in the corresponding direction.
We use prioritized sweeping [39] to learn a memoryless policy5 that treats the
observations of the agent as states6 . Prioritized sweeping uses a model of the environment (namely of the state transitions and reward function) in order to back-propagate
action-values to state-action pairs that transition to the current state perceived by
the agent. We note that, in our approach, both the transition matrix and the reward
functions are learned online, i.e., they are not known beforehand. The agent updates a transition P̂(s0 |s, a) from state s to state s0 after executing action a based on
observed transitions according to P̂(s0 |s, a) = ns,a,s0 /ns,a where ns,a is the number
of times action a was taken in s and ns,a,s0 is the number of times s0 was observed
after executing a in s. The agent models a reward r̂(s, a) received after executing
action a in state s by averaging the rewards received by means of the agent reward
function, i.e., r̂(s, a) = rave (s, a).
In terms of the learning parameters, we use a learning rate α = 0.3, a discount
factor of γ = 0.9, a backup limit of 10 state-action pairs and a minimum priority
threshold of 10−4 . The agent follows an ε-greedy policy with decaying exploration
probability εt = λ−t
 with an exploration rate λ = 1.0001. We also use a novelty
rate λn = 1.001 required for the calculation of the novelty reward-feature in (6).
Regarding the fitness function, we consider utility as measuring the total cumulative fitness-based reward received by the agent throughout its lifetime, i.e.,
f (hi1:t )

≈

t
X

rF (sτ , aτ ),

τ =1

for each history hi sampled. In our foraging scenarios, the fitness of the agent is
then measured according to the total number of preys eaten and the particular
fitness-based reward provided by the prey. Recall that we define a vector θ =
[θn , θgr , θc , θv , θF ]> weighting the contribution of each reward-feature in the total
5
A memoryless policy π is a policy that selects an action based only on the agent’s most recent
observation.
6
We note that the fitness-based adaptive critic mentioned in Section 3.2 uses the same learning
algorithm and parameters to calculate the fitness-based value functions VtF (s) and QF
t (s, a).
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reward received by the agent during learning. Different weight-vectors will yield
different degrees of fitness, depending on the set of environments of interest, E. As
seen in Section 2.2, the ORP is precisely the problem of, given E, recovering the
optimal reward function, r∗ (s, a, h), that provides the maximal degree of fitness.
We adopt the optimization approach described in [67]. In particular, we sample a
total of K = 14, 003 weight-vectors θ k ∈ [−1, 1]5 , k = 1, . . . , K, such that kθ k k1 = 1,
and select the optimal weight-vector θ ∗ such that
θ ∗ = argmax F(rk ),
k∈{1,...,K}

where rk = φ> θ k and F(rk ) is given by (5). In our experiments, for each scenario,
we generate a total of N = 200 histories as independent Monte-Carlo trials for each
sampled reward function rk , k = 1, . . . , K. For each history hi , we simulate the agent
for t = 100, 000 learning steps in an environment E stochastically sampled according
to P (E). The number of environments in E depends on the specific scenario tested.
For all scenarios we use a uniform distribution P (E), thus sampling each possible
environment with equal probability.
We now provide a detailed analysis of each scenario, including the description
of the environment’s dynamics and the challenges each set of environments presents
to the learning agent. For each scenario we provide the results of the optimization
procedure, comparing the fitness attained by the agent using the optimal weightvector θ ∗ versus an agent using the fitness-based reward function θ F = [0, 0, 0, 0, 1]>
corresponding to a traditional RL agent, and an agent receiving no reward, i.e., θ 0 =
[0, 0, 0, 0, 0]> corresponding to a random-behavior agent. The objective is to assess
the usefulness of the proposed emotion-based features when compared to an agent
receiving the designer’s fitness-based rewards and an agent behaving according to
chance.

4.2

IMRL scenarios

We start our experiments with three scenarios inspired by early work within the
IMRL framework [67, 68], namely the Hunger-Thirst, the Lairs and the Exploration
scenarios. These scenarios have the purpose of assessing the performance of our
approach in scenarios already proposed in the literature to test the efficacy of using
rewards different than those defined by the agent designer’s objective. We note that
we do not intend to perform a comparative analysis between our approach and others,
but rather determine the usefulness of emotion-based rewards as a general-purpose
learning mechanism that does not rely on any specific domain or task.
4.2.1

Hungry-Thirsty scenario

This scenario is inspired by the Hungry-Thirsty domain proposed in [68] and used
in another work within IRML [44], where for reasons of simplicity we reduced the
size of the environment to a 5 × 5 grid-world, consisting of four subspaces of 2 ×
2 cells, as depicted in Figure 5(a). In this scenario the agent has available two
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(a) Hunger-Thirst environment.

(c) Policy when thirsty.

(b) Mean cumulative fitness evolution.

(d) Policy when not-thirsty.

Figure 5: (a) The environment for the Hungry-Thirsty scenario, inspired by the environment in [68]. Each marked square corresponds to a possible position of the
agent in the environment, non-crossable walls are denoted by bold lines; (b) The
evolution of the mean cumulative fitness attained in the experiment over 100, 000
learning steps. We compare the optimal emotion-based agent, an agent receiving
only fitness-based reward and a random-behavior agent. The results correspond to
averages over 200 independent Monte-Carlo trials; (c)-(d) Policy learned by a single agent using the best reward function r∗ within a particular environment of the
Hungry-Thirsty domain. Squares with no arrow refer to states seldom visited, thus
denoting very random policies; See text for more details.

types of inexhaustible resources: a prey that the agent can eat, represented by a
hare, and a pond from which it can drink water. These two resources are placed
randomly in two different positions out of the 4 corners of the environment and
remain fixed throughout the simulation. Figure 5(a) shows a possible configuration
of the environment and also the agent’s start position, where the agent is represented
by a fox. As such, the set E of environments of interest for this scenario consists of
a uniform distribution over the 12 different corner positioning configurations for the
hare and the water.
In terms of the dynamics of the scenario, at each time step the agent can be
either thirsty or not-thirsty, depending on whether it drank water from the pond or
not, respectively. After drinking, in successive time steps it becomes thirsty with a
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probability of 0.2. Also, eating the hare is the only behavior increasing the agent’s
fitness by providing it a fitness-based reward rF = 1. This only happens however if
the agent is currently not-thirsty, otherwise its fitness does not change. As we can
see, the fitness function f (h) for this scenario measures the total number of hares
eaten by the agent during learning. The state for this scenario is two-dimensional:
besides its position in the environment the agent also observes its thirst status. The
agent only has available the aforementioned movement actions in A. For reasons
of simplicity, we assume that the agent eats and drinks when collocated with the
hare and the pond, respectively. We note that such assumption does not “spoil” the
essence of the Hungry-Thirsty domain, which is to provide the agent the challenge
of having to drink water before attaining fitness through food. In our scenario, the
agent still needs to go to the pond when thirsty in order to be able to later eat the
hare. We also note that this environment holds the Markov property, as the agent’s
state has access to whether it is thirsty and also its position, the only informations
needed to attain fitness and perform optimally within the scenario.
Table 1: Mean cumulative fitness for the Hungry-Thirsty experiment, for the optimal

emotion-based agent using weight-vector θ ∗ , an agent receiving only fitness-based
reward using θ F and a random agent, using θ 0 .
Weight-vector
Emotion-based opt.
Fitness-based
Random

θ =[
∗

θn ,

θ = [ −0.4,
θ F = [ 0.0,
θ 0 = [ 0.0,

θgr ,
0.0,
0.0,
0.0,

θc ,
0.0,
0.0,
0.0,

θv ,

θF ]>

0.5,
0.0,
0.0,

>

Mean Fitness

0.1] 9, 505.6 ± 7, 303.6
1.0]> 7, 783.7 ± 6, 930.1
0.0]>
35.6 ±
40.6

The comparative results of the experiments in the Hungry-Thirsty scenario are
depicted in Table 1. As we can see, the performance of the emotion-based agent
using r∗ surpassed the standard RL agent using rF receiving fitness-based reward
only after eating a prey. The high standard deviation of the mean cumulative fitness
is related to the fact that different configurations of food and water provide very
different fitness. In particular, the configuration in which the hare and the pond
are in the left side corners of the environment provides the toughest challenge for
the agent. In this case, the agent has to go all around the environment to eat,
and come all the way back when it is thirsty, causing a smaller total amount of
fitness attained when compared to other configurations. Nevertheless, this difference
is statistically significant when compared to the fitness-based agent for p < 0.02,
and Figure 5(b) further supports the view that the optimized emotion-based reward
function r∗ provided a faster learning for the agent by considering other sources of
reward besides the fitness-based one.
In Figures 5(c) and 5(d) we can see the policy learned by a single agent using
the optimal emotion-based reward function, for a particular configuration of food
and water when they are at opposite corners in the environment. As we can see,
the emotion-based agent learned the optimal policy, going to the water when it
is thirsty, and approaching the hare when not-thirsty. These results also confirm
the idea in [68] about the emergence of a secondary, learned preference towards
water, although water itself does not increase the agent’s fitness. Furthermore, we
note that to learn the optimal behavior, the emotion-based agent evaluated generic
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(a) Lairs environment.

(b) Mean cumulative fitness evolution.

Figure 6: (a) The environment for the Lairs scenario, inspired by the environment in

[67]. In this particular configuration of the environment, the left lair is occupied by
a rabbit, while in the right lair the rabbit is outside; (b) The evolution of the mean
cumulative fitness attained in the scenario. The experimental procedure is the same
as the above experiment; See text for more details.
features of its relationship with the environment that nothing have to do with being
hungry or thirsty, neither with the presence of food or water in its current location.
This contrasts with the previous approach in a similar scenario which considered
combinations of internal features of the agent to provide the reward, namely its
hunger and thirst status [68]7 .
4.2.2

Lairs scenario

This scenario is inspired by the Boxes domain presented in [67, 68], where instead of
boxes with food inside we consider lairs containing rabbits in a foraging environment.
The base configuration of the environment is the same as in the Hungry-Thirsty
domain, as can be seen from Figure 6(a), depicting a possible initial configuration
for the scenario. As we can see, there are two lairs positioned in different corners
of the environment. Each lair can be in one of three possible states: a lair can be
occupied if there is a rabbit inside it, empty when the rabbit has escaped, or the
rabbit can be outside of the lair. As such, in this experiment there is a total of
6 different environments of interest based on the different configurations one can
get from positioning the two lairs in the corners of the environment. As with the
previous experiment, eating a prey, in any of the lairs, is the only source of fitness
for the agent.
The dynamics of the environment are as follows. Whenever a lair is occupied
by a rabbit, the agent can pull it outside by means of an action P ull, in which
case the lair’s state goes to rabbit outside. When the rabbit is outside of a lair,
the agent has exactly one time step to eat it by means of an Eat action, in which
case it receives a fitness-based reward rF = 1 and the lair transitions to an empty
7

Despite acknowledging the (different) purpose of the Hungry-Thirsty experiment presented in
[68], we are only emphasizing the generality of our method by not using domain-dependent reward
features.
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state. If, on the contrary, the agent does not eat the rabbit, the rabbit will run
away, leaving the lair also in the empty state. In each successive time step, there
is a chance of 0.1 of another rabbit appearing on the empty lair, again putting its
state to occupied. The action space for this scenario thus corresponds to the set
A = {U p, Down, Lef t, Right, P ull, Eat}, explicitly including an action Eat which
is necessary to distinguish situations in which the agent “captures” the rabbit or lets
it run away. This environment is also Markovian as the agent’s state comprises its
position in the environment and the current state of both lairs, independently of the
agent’s position, and also because occupied lairs always contain a prey that can be
eaten [67].
Table 2: Mean cumulative fitness for the Lairs experiment.
Weight-vector
Emotion-based opt.
Fitness-based
Random

θ =[
∗

θ =[
θF = [
θ0 = [

θn ,
0.1,
0.0,
0.0,

θgr ,

θc ,

0.0, −0.2,
0.0, 0.0,
0.0, 0.0,

θv ,

θF ]>

0.0,
0.0,
0.0,

>

Mean Fitness

0.7] 8, 635.8 ± 1, 133.3
1.0]> 7, 536.7 ± 944.8
0.0]>
173.3 ±
13.5

Table 2 includes the results of the weight-vector optimization procedure for the
Lairs scenario. Again, the results show a statistically significant (p = 10−4 ) better
performance and a faster learning of the agent using the optimal emotion-based
reward function r∗ when compared to the fitness-based agent. A video analysis of
the performance of the optimal emotion-based agent shows that the learned policy
is to go from lair to lair, pulling and eating rabbits at a time when a lair becomes
empty. In comparison, by analyzing the performance of the fitness-based agent one
sees that it concentrates in eating rabbits from only one of the two lairs. Because
there is a small chance of the lairs becoming occupied after being empty, waiting for
a rabbit in the same lair proves to be not the best strategy. Such optimal behavior
policy is consistent with the one found in the Boxes experiment in [67]. Again, the
difference between the approaches lies in the fact that our emotion-based agent is
not rewarded according to combinations of features from its direct observations.
Furthermore, by looking at the configuration of the best weight-vector θ ∗ in
Table 2, it seems that by rewarding less experienced states (through a positive novelty
weight) and less controllable situations (by means of the negative control weight), the
agent acquires behavior preferences towards changing of eating places after capturing
a rabbit. This kind of “nomad” behavior observed in this experiment has itself
nothing to do with fitness enhancement. Rather it can be considered as a primary
intrinsic mechanism that, within the set of environments in this scenario, proved
to be the one providing the best adaptive surviving strategy to the agent, which is
exactly what we intend with our approach.
4.2.3

Exploration scenario

Figure 7(a) shows the grid-world environment used in the Exploration scenario, which
is inspired in the foraging environment in [67]. As with the previous experiments, in
this scenario the agent receives a reward rF = 1 whenever it eats a hare, which again
is the only extrinsically-motivated behavior enhancing the agent’s fitness. Here we
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(a) Exploration environment.

(b) Mean cumulative fitness evolution.

Figure 7: (a) The environment for the Exploration scenario, inspired by the foraging

environment in [67]. The agent tries to capture a prey, represented by a hare, which
can be in one of the three end-of-corridor positions in the environment. (b) The
evolution of the mean cumulative fitness attained in the scenario; See text for more
details.
also assume that if the agent is collocated with the hare, it automatically eats it and
its fitness is increased. As such, the agent only has available the 4 movement actions
as explained before. A prey is always available in the environment, positioned at one
of the three possible end-of-corridor locations, for example as depicted in Figure 7(a).
Whenever the agent eats a hare, another one appears in a different location of the
environment. The set E of environments for this scenario is then composed of all
environments of this kind, the difference between them being the specific order of
locations in which a new hare appears after another is consumed.
In this scenario the agent does not have access to the current location of the prey,
it can only observe its own location and whether a hare is present in its cell. This
makes the environment non-Markovian in the agent’s perspective because it does not
have access to the necessary information to take the optimal decision from its current
observations. Partial observability posits a challenge to traditional RL algorithms
that usually consider optimal stationary memoryless policies [34]. Because the source
of fitness-based reward is always “moving” in the environment, a traditional algorithm
will never converge to an optimal policy that considers only the current observed
state8 . The objective of this experiment is then to provide the agent challenges
similar to those encountered by natural agents that have to search and explore their
environment to look for food resources.
The results in Table 3 confirm the idea that in this scenario, using only the fitnessbased reward to learn a policy can lead to an extremely maladaptive strategy in the
environment. In fact, in relation to such strategy the agent is better off behaving
according to chance, i.e., by not being “guided” at all by any reward. Moreover,
the fitness-based weight θF in the best weight-vector θ ∗ confirms the hypothesis of
8
We can envisage a policy that for example stores the previous locations of food encountered so
far. However, the agent would still not know in which one the prey is. As such, to behave optimally
the agent would have to observe the current location of the prey, which intentionally is not the case
in this scenario.
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Table 3: Mean cumulative fitness for the Exploration experiment.
Weight-vector
Emotion-based opt.
Fitness-based
Random

θ =[
∗

θ =[
θF = [
θ0 = [

θn ,
0.4,
0.0,
0.0,

θgr ,

θc ,

0.0, −0.1,
0.0, 0.0,
0.0, 0.0,

θv ,

θ F ]>

Mean Fitness

>

0.2, −0.3] 1, 986.9 ± 110.0
0.0, 1.0]>
381.3 ± 17.2
0.0, 0.0]>
683.1 ± 25.7

fitness-based reward being in fact detrimental to fitness, by providing a negative
reward to the agent whenever it eats a prey.
The results also confirm the ones in [67] showing that providing intrinsic reward
to the agent can motivate exploratory behaviors. In this case, such behaviors are
beneficial for the agent in attaining a greater degree of fitness, especially when compared with a strategy that only focus on fitness-inducing behaviors, as we can see in
Figure 7(b) portraying the evolution of the cumulative fitness throughout time. By
further looking at θ ∗ we once again see that this kind of exploratory intrinsic motivation in our approach is fostered mainly by rewarding less experienced states and
actions through novelty (θn ), and slightly punishing controlled situations (through
the negative weight θc ). Together the results of the Exploration scenario further
reinforce the usefulness and generality of our approach by mitigating a limitation so
common to practical learning agents such as partial observability.

4.3

Persistence scenario

In this scenario we wanted to test the potential of an agent adopting a long term
view of the world as opposed to focusing in immediate reward in order to achieve
better degrees of adaptation to an environment. The environment is depicted in
Figure 8(a), where two kinds of prey are always present in the environment, namely
a hare in the top-right corner worth of rF = 1 when eaten, and a rabbit in the
lower-right corner providing a reward of rF = 0.01. However, to get to the hare the
agent must pass a fence as indicated in the figure. Initially, this fence is very weak,
and the agent can pass it by performing only one U p action. After crossing the fence,
the fence is reinforced so that the next time the agent will need to perform one more
U p action to pass it up to a maximum of 30 actions, i.e., nU p = min{nU p + 1, 30}
whenever the agent crosses the fence, where nU p is the number of U p actions needed
to pass it9 .
In this scenario, we consider the environment just described as the only environment of interest10 . The state of the agent is two-dimensional as it only observes its
position and whether there is food in its location. Importantly, the agent does not
known how many U p actions are needed to cross the fence, an information needed for
optimal performance which makes the environment non-Markovian. This scenario is
9

We note that the obstacle only works when the agent is moving upwards across the fence, and
not in the top-down direction.
10
Because in this experiment we are only concerned at finding a reward function enabling the
agent of “learning to cross the fence”, it was not relevant to test other environments. Nevertheless,
we could consider several configurations in which the fence was positioned in the environment so
that the agent would have to cross it to get to the hare.
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(a) Persistence environment.

(b) Mean cumulative fitness evolution.

(c) Fitness-based policy.

(d) Emotion-based opt. policy.

Figure 8: (a) The environment for the Persistence scenario. The fence represents an
obstacle the agent has to pass to access the hare. Each time it passes the fence,
more difficult it will be for it to cross it the next time. The agent always starts in
the indicated position after eating a prey; (b) The evolution of the mean cumulative
fitness attained by each type of agent in the experiment; (c) Policy learned by a
single agent using the fitness-based reward function rF ; (d) Policy of an agent using
the optimal emotion-based reward function r∗ ; Squares with no arrow refer to states
seldom visited, thus denoting very random policies; See text for more details.

also episodic: the agent returns to its initial position after eating one of the preys.
As we have seen, one of the roles of emotions is to evaluate the current situation of
the environment against the agent’s goals and desires. In this case, our goal is for the
agent to accumulate as much fitness-based reward as possible throughout time. Due
to the differences of reward provided by the two preys, in this scenario a “persistent”
strategy that insists for the bigger future reward of the hare will naturally beat one
that focuses on an immediate, smaller reward given by the rabbit.
Table 4: Mean cumulative fitness for the Persistence experiment.
θn , θgr ,

θc ,

θ v , θ F ]>

Weight-vector

θ =[

Emotion-based opt.
Fitness-based
Random

θ ∗ = [−0.1, 0.1, −0.1, 0.1, 0.6]> 1, 879.8 ± 11.2
θ F = [ 0.0, 0.0, 0.0, 0.0, 1.0]>
136.3 ± 1.4
θ 0 = [ 0.0, 0.0, 0.0, 0.0, 0.0]>
17.1 ± 0.7

Mean Fitness
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The results from this experiment are shown in Table 4, where the optimal emotionbased agent clearly outperformed the agent focusing only on fitness-based reward.
This result can be better explained by looking at the policies learned by the two
agents. As expected, the agent using the fitness-based reward function rF focused
on eating the rabbit providing a more immediate reward, as can be seen in Figure 8(c). The ε-greedy policy followed by the agent during learning allowed it to
experience eating the hare in the initial phase of the simulation. However, as the
fence got more difficult to cross, the agent ignored the bigger reward in favor of the
more immediate although smaller reward from eating the rabbits. This analysis is
also supported by Figure 8(b), where we can see that the emotion-based agent only
started to gain advantage over the other agents at about 20% of the simulation11 ,
when the maximum number of actions was already required to cross the fence. On
the contrary, the optimal emotion-based agent, experimenting both types of prey,
preferred to continue on aiming at the hare prey in favor of the rabbit, as observable
in Figure 8(d) showing the learned policy by a single agent using r∗ .
By looking at the optimal weight vector θ ∗ in Table 4, we see that besides the
fitness-based reward, goal relevance and valence positively motivate the agent in
crossing the fence to go to the hare. Recall from Section 3.2.2 that the goal relevance reward feature rewards the agent in approaching states with maximal expected
fitness return. In this case, this corresponds to the hare location, where the agent
always receives the bigger fitness-based reward of rF = 1. Furthermore, valence
rewards actions that lead to good fitness in the long-run, thus motivating the use
of the U p action just before the fence. Overall, a balanced combination of emotionbased rewards provided the best strategy for this scenario by motivating the agent in
trying to cross the fence, although such behavior by itself nothing had to do fitness
enhancement.

4.4

Prey season scenarios

The next set of scenarios present environments that not only change quickly as occurred in the Exploration experiment, but also present different situations throughout time. The configuration of the environment changes cyclically according to seasons of 5, 000 time steps, each season presenting food resources providing different
degrees of fitness and/or appearing in different locations within the environment.
In this experiment, all the scenarios are episodic: whenever the agent eats a
prey it returns to the initial position in the environment. As with the Exploration
scenario, the agent only has access to its location in the environment and the presence
of food in its cell, and only has available the four movement actions. From the agent’s
perspective, all the season environments are non-Markovian because the agent does
not have access to which of the seasons is currently “active”. As we have seen, one of
the advantages of emotions in nature is to provide biological organisms a mechanism
to cope with the changes occurring in the environment. As such, this set of scenarios
test our approach of emotion-based reward functions in guiding agents to quickly
adapt to changing and ambiguous environments.
11

This value was confirmed experimentally.
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(a) Prey seasons
environment.

(b) Different seasons results.

(c) Poisoned season results.

Figure 9: (a) Descriptive environment for the prey seasons scenarios, in which two

types of prey are available: hares and rabbits. In the Poisoned Season environment
there are always two preys available as depicted while in the Different Seasons environment only one kind of prey is available at a time according to the season; In all
scenarios the agent starts from the depicted position after eating. See text for more
details; (b)-(c) Comparative results of the mean cumulative fitness evolution for the
prey season scenarios.

4.4.1

Different prey season scenario

In this scenario there are two types of preys, each one available to the agent during
its own season. During the hare season, a hare appears on the top-right corner of
the environment and during the rabbit season, a rabbit appears in the lower-right
corner, as depicted in Figure 9(a). When eaten, a hare enhances the agent’s fitness
by rF = 1 and a rabbit provides a reward rF = 0.1, after which the agent returns to
its initial position as indicated in the environment.
In this experiment we simulate that hares live in the wild and provide the agent
with an inexhaustible source of food. On the other hand, rabbits are raised by
a breeder. As such, during the rabbit season, the agent is only allowed to eat a
maximum of 9 rabbits. If it tries to eat another, the breeder “shoots” at the agent
which results in a loss of fitness in the amount of rF = −1 (the agent still returns
to its initial position). There are then two environments of interest in the set E
for this scenario, depending on which season starts first. This fact is significant for
the learned policy as the agent spends more time exploring the environment in the
beginning of the simulation, influencing which type of prey it encounters more often
during that phase. This scenario poses two kinds of challenges for the learning agent:
it is constantly changing by means of the seasons and it is ambiguous by providing
different rewards when eating a rabbit depending on the number of rabbits eaten so
far (which the agent does not observe).
As we can see from from Table 5, the optimal emotion-based agent outperformed
the fitness-based agent (p < 10−4 ). By analysing the performance of the two agents
we see that both agents learn the same good policy for this scenario, which is to eat
only during the hare season, avoiding being punished for eating too much rabbits
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Table 5: Mean cumulative fitness for the Different prey season experiment.
Weight-vector
Emotion-based opt.
Fitness-based
Random

θn ,

θ =[
∗

θ =[
θF = [
θF = [

0.0,
0.0,
0.0,

θgr ,
0.1,
0.0,
0.0,

θc ,
0.6,
0.0,
0.0,

θv ,

θF ]>

0.0,
0.0,
0.0,

>

Mean Fitness

0.3] 6, 142.3 ± 1, 336.3
1.0]> 4, 959.3 ± 1, 862.4
0.0]>
105.7 ±
24.4

during the rabbit season12 (see also Figure 9(b)). The difference of total cumulative
fitness between the two agents is explainable by the relatively high positive control
weight θc = 0.6 in the optimal weight-vector θ ∗ . This scenario shows an example
in which following safe and controlled behaviors leads to a better adaptation to the
environment, unlike with the previous experiments in which exploratory behaviors
seeking novelty were required to gather more fitness-based reward. Because eating
rabbits provides an ambiguous reward in the agent’s perspective, it is preferable to
avoid uncertainty and wait for the more predictable reward provided by eating hares.
By not having this emotion-like mechanism, the fitness-based agent initially spends
more time trying to eat rabbits, which at the end proved to be a disadvantage in
terms of cumulative fitness.
4.4.2

Poisoned season scenario

This scenario is an extension of the previous one and has the objective of reinforcing
the idea of using emotions for coping in an changing and ambiguous world. In this
environment the two types of prey, hares and rabbits, are always available in the
locations indicated in Figure 9(a). As before, the rabbit, when eaten, provides a
fitness-based reward rF = 0.1. During the normal season, the agent receives a
reward rF = 1 whenever it eats a hare. However, in the poisoned season eating hares
is harmful for the agent as the hares are poisoned due to toxic waste released during
this period of time. Whenever this occurs, the agent’s fitness is reduced by rF = −1
by eating the toxic food.
As with the Different prey season scenario, the agent does not know which season is currently occurring. This scenario simulates the kinds of cyclic and drastic
environmental changes that natural agents suffer in their environments. In such situations, a balanced strategy provides the best outcome. On one hand, healthy hares
are worth much more that the rabbits. However, the agent must quickly change its
feeding behavior whenever it perceives that the hares are no longer the best choice
of food during the poisoned season.
The results for this scenario depicted in Figure 9(c) show that in the end, both
agents engaged in fitness-enhancing behavior strategies. However, in comparison, the
total cumulative fitness attained shows that the optimal emotion-based agent largely
outperformed the fitness-based agent. This is due to the fact the fitness-based agent,
relying only on extrinsic reward, preferred to eat only the rabbits throughout time.
In fact, such behavior makes sense from a fitness-only point of view. On average,
12

We note that the optimal policy would be to eat as much hares as possible during the hare
season and eat only 9 rabbits during the rabbit season. Given the information the agent has access
to from the environment we consider the policy learned to be a good policy for this scenario.
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eating hares results in a fitness-based reward of rF = 0, i.e., on average it does not
compensate to go to the upper part of the environment to eat the hares.
As we have seen, emotions are a mechanism that enable an individual in taking
advantage of its environment, seeking food and avoiding harm by quickly adapting
to the current situation. As such, the results for this scenario further support our
claim that emotion-based rewards enable learning agents in adapting to an environment with low-predictability conditions, sometimes even for the agent’s designer.
Moreover, we note that the emotion-based agent learned a memoryless policy acting
solely based on the current observations. By having a mechanism providing rewards
by appraising its history of interaction with the environment, our agent was intrinsically motivated to cope with drastic changes by preferring more secure behaviors
(eat the rabbits), but also take risk and take advantage when the hares are healthy.
Table 6: Mean cumulative fitness and optimal weight-vector for the Poisoned season

experiment.
Weight-vector
Emotion-based opt.
Fitness-based
Random

θ =[
∗

θ =[
θF = [
θF = [

θn ,

θgr ,

0.1, −0.2,
0.0, 0.0,
0.0, 0.0,

θc ,
0.1,
0.0,
0.0,

θv ,

θ F ]>

0.0,
0.0,
0.0,

>

Mean Fitness

0.6] 5, 237.6 ± 77.2
1.0]> 1, 284.3 ± 4.3
0.0]>
80.6 ± 24.9

Table 6 presents a comparative analysis for this experiment. As we can see, in
this scenario the best strategy found was a balanced consideration of different aspects
of the agent-environment relationship. On one hand, positive novelty encouraged
exploration in the environment required for when seasons change. On the other
hand, predictable states by means of positive control motivate behaviors such as
eating rabbits. More significantly, relying on goal states in this experiment has a
negative impact, as denoted by the goal relevance weight θgr = −0.2. As opposed to
what occurred in the Persistence scenario, going to the upper part of the environment
by itself can lead to a poor performance on average, so other aspects had to be
considered.

4.5

Universality of weight vectors

Thus far we have been silent about the universality of the optimal weight-vectors,
i.e., about what would happen if we took the optimal emotion-based agents discovered by the optimization procedure for each scenario and tested them in the other
scenarios. As an example, in this section we present a brief comparative analysis
of the performance of all the optimal emotion-based agents attained when acting in
the Persistence environment described in Section 4.3. For each scenario we took the
optimal weight-vector θ ∗ providing the highest fitness and tested it in within the
Persistence environment.
The results of this experiment can be seen in Table 7. As we can see there is a
very significant difference in the cumulative fitness attained by the optimal emotionbased agent in this scenario when compared with the optimal agents of the other
scenarios. Moreover, all other agents performed worse than the fitness-based agent
in this scenario, and two of them were even worse than the random agent. Recall
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Table 7: Mean cumulative fitness attained by the optimal weight-vector θ ∗ discovered

in each experiment in the Persistence scenario, sorted descendingly. We also include
the results for the fitness-based agent θ F and a random agent using θ 0 .
Weight-vector
Persistence opt.
Fitness-based
Lairs opt.
Poisoned season opt.
Exploration opt.
Random
Hungry-Thirst opt.
Diff. prey season opt.

θ =[
∗

θn ,

θgr ,

θc ,

θ = [ −0.1, 0.1, −0.1,
θ F = [ 0.0, 0.0, 0.0,
θ ∗ = [ 0.1, 0.0, −0.2,
θ ∗ = [ 0.1, −0.2, 0.1,
θ ∗ = [ 0.4, 0.0, −0.1,
θ 0 = [ 0.0, 0.0, 0.0,
θ ∗ = [ −0.4, 0.0, 0.0,
θ ∗ = [ 0.0, 0.1, 0.6,

θv ,

θF ]>

Mean Fitness

>

0.1, 0.6] 1, 879.8 ± 11.2
0.0, 1.0]>
136.3 ± 1.4
0.0, 0.7]>
67.3 ± 2.1
0.0, 0.6]>
60.5 ± 1.5
0.2, −0.3]>
47.3 ± 4.2
0.0, 0.0]>
17.1 ± 0.7
0.5, 0.1]>
14.5 ± 5.8
0.0, 0.3]>
11.5 ± 1.5

from the Persistence experiment in Section 4.3 that a strategy correctly balancing
all the reward-feature weights allowed the optimal emotion-based agent to learn to
“cross the fence” in order to get to the higher fitness-based reward. By not considering this balance, the other agents, which strategies allowed them to thrive in their
respective environments, performed very poorly in this scenario and did not learn
the optimal behavior. This example serves to illustrate the non-universality of the
optimal weight-vectors for each scenario, as each is tuned for a specific environment.

5

Discussion

In this section we analyze the relationship between our work and the areas of research
that contribute to it, namely research in the field of RL and psychological works on
emotions. We deeply analyze problems within those areas that relate to our approach
and the solutions that have been proposed over the years to solve them. Finally we
compare our framework with other approaches that also employed emotion-based
mechanisms to improve learning agents.

5.1

Challenges within RL

We start our discussion by examining in greater detail the challenges within RL
addressed by our approach in order to further clarify the technical contribution of
our work.
5.1.1

Partial observability

One common assumption in most RL works is that the environment can be modeled
as a Markov decision process [24, 34, 35, 66, 75], where the environment’s next state
and expected reward are fully determined from the current state and action [75].
However, in realistic settings, the agent often does not have a complete perception
of the state of the environment. In other words, the agent may not gather sufficient
information from the environment to unambiguously determine its underlying state
and take the corresponding “optimal” decision. Ignoring perceptual limitations and
treating the observations as state can ultimately lead to arbitrarily large losses in
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performance [66]. Moreover, it was shown that even finding the best memoryless
policy in partially observable scenarios is NP-hard in the worst case [34].
Several algorithmic approaches have been proposed to deal with partial observability in RL settings [3, 66]. Some approaches build into the agent prior knowledge
(e.g., based on some form of memory) that can, somehow, alleviate its perceptual
limitations. However, such approaches typically require specific learning algorithms
tailored to leverage information from particular aspects of the agent’s history [3].
Alternative approaches to learning in POMDPs apply state-estimation, building internal representations of the state of the environment [66]. However, such approaches
typically involve strong assumptions about the environment. Another approach established that algorithms that use eligibility traces (such as SARSA [53]) work well
in POMDPs that have good memoryless or low-order memory-based policies, diluting
the problem of uncertainty about the hidden state [35].
5.1.2

Reward space design

Practical reinforcement learning often requires providing the learning algorithms
with extra a priori knowledge. This requires human effort in manually tuning the
algorithms which can lead to less autonomy by the agents as they require external
fine tuning to be able to learn in particular domains [24]. Cases demanding special
manual tuning include large or continuous state spaces, where agent designers are
sometimes required to break the tasks in smaller sub-tasks or manually discretize
the state space to reduce the number of dimensions [24]. Also, agents learn with
whichever reward function their designers provide them. As such, a major difficulty
when designing RL problems is to build a reward function which allows the agent
to learn the task intended by its designers [1, 43, 72]. Moreover, the reward chosen
impacts the learning performance of the agent.
Some approaches use reward shaping [41], which adjusts the reward function to
optimize learning performance. In the area of inverse reinforcement learning (IRL)
[1, 43] some methods have been created that assume an expert is providing examples
of correct behavior to the agent. The agent’s task involves learning the underlying
reward function which the expert is using [1, 43] and use it to solve the task. However,
IRL approaches assume the existence of an external instructor, again decreasing the
level of autonomy of the agent in learning through experience. Another important
aspect is that often in complex environments even the agent’s designer cannot easily
determine the “correct” behavior for the agent in a particular task, making the task
of handcrafting reward functions possibly unpractical [72].
5.1.3

Mitigating agent limitations

In this paper we follow the IMRL framework which was designed to address the
ORP from an ecological and evolutionary perspective. One advantage of following
the ORP formulation is that it often has the potential to alleviate some of the agents’
limitations. Sorg et al. [72] designed a series of experiments targeted at assessing
how well-designed rewards can mitigate some limitations of computationally-bounded
learning agents. These experiments showed that by means of some internal reward
features, well-designed reward functions can enhance the performance (as measured
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by the designer’s fitness utility function) of agents that have limitations in planning
depth, impoverished state representations, locally inaccurate models, and also some
limitations inherent to function approximation and specific learning algorithm used
[72]. Our experimental procedure confirms these previous results by allowing agents
with partial observability to perform well by taking into account other factors of
their history of interaction with the environment. These factors are made clear to
the agent by means of our emotion-based reward features each motivating different
strategies for the agent to achieve a better fitness according to the scenario.
Bratman et al. [11] further proposed a distinction between strong and weak mitigation in order to assess the benefits for the design of learning agents when solving
the ORP. Weak mitigation has to do with finding rewards other than the designer’s
implicit fitness-based reward function that enhance the agent’s performance, regardless of the method that is used for that purpose or the agent’s limitations. Strong
mitigation is a setting in which both the cost of searching for good reward functions
and the cost of evaluating those functions is taken into account, more specifically by
splitting the computational resources available between these two tasks.
As said before, in this work we are only interested in evaluating emotions as an
inspiration for the design of useful reward functions. Therefore, we aim at weak
mitigation as we are not concerned at how the reward function providing optimal
fitness is found. We follow the perspective of the IMRL framework in [67] and assume
any optimization procedure resembling the evolutionary pressure for adaption in
nature that shapes the individual characteristics of the agent so that it performs the
best in some set of environments. As we have seen, the task of such optimization
procedure is to find the optimal combination of parameters θ, i.e., the combination
that yields the maximal fitness given the reward features. In particular, in this paper
we follow other approaches, more concerned with discussing the ORP itself, that used
quasi-exhaustive methods to search for good weight configurations [67, 68, 72].
A different approach in [44] proposes the use of genetic programming to search for
good reward functions, whereby populations of reward functions (as programs) are
evolved, the fitness of which is calculated according to the fitness function. Other
methods propose intertwining the two search problems. The policy gradient for
reward design (PGRD) algorithm [73] proposes a gradient ascent approach to solve
the ORP by improving the agent’s reward function online, i.e., while learning in a
particular environment. The nested optimal reward and control (NORC) architecture
[11] proposes searching for good reward functions online by defining two RL agents
learning and acting interchangeably, one evaluating and learning the best reward
function to be provided to the second, the normal agent learning the best policy at
each time given that reward function.
5.1.4

Intrinsic Motivation in RL

A relevant aspect of our approach has to do with the relationship between reward
functions in RL and the kinds of rewards in nature that motivate the behavior of
biological organisms. IMRL approaches this question and enables the formulation of
the ORP from an ecological perspective by considering the discovery of evolutionary adaptive rewards which may not be directly related to fitness improvement in
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some environment. Within this ecological perspective, any rewards in RL provided
to the agent are considered as primary rewards, i.e., innate, phylogenetically significant rewards that carry some benefit for the agent’s well-being for a particular
set of environments of interest. Two types of rewards are considered: extrinsic rewards characterize activities related to attaining some specific goal, like reducing the
value of some biological drive [46, 55, 67]; in contrast, by means of intrinsic motivation, intrinsic rewards foster behaviors devoid of a specific goal, such as play or
exploration, that despite not having a direct biological significance for the organism
provide adaptive advantages [46, 55, 61, 67]. As such, intrinsic rewards come to be
by means of evolutionary processes that reward behaviors which have an adaptive
purpose and enhance the organism’s fitness in some environments.
According to the IMRL framework, the reward functions should then provide intrinsic motivation to the agent by means of useful rewards that may not be directly
related to fitness improvement but that guide the agent throughout learning and
ultimately improve its adaptive potential in a set of environments of interest [67]. It
is then important to examine the sources of intrinsic rewards and intrinsic motivation in nature. In that respect, Oudeyer and Kaplan [46] analyzed some activities
providing intrinsic motivation in humans according to research in the psychology
field. Basically, several theories have tried to explain the existence of motivation
that encourages exploration and manipulation in the environment. From a physiological point of view, such motivations are not explained by theories of homeostasis,
i.e., these observed behavioral tendencies do not address any specific tissue deficit
like hunger or thirst do. Instead, theories of cognitive dissonance assert that organisms are motivated to reduce the incompatibility between perceived situations and
cognitive structures built from past experience. More recent research has formulated
theories where both exploratory and incongruence reduction behaviors are rewarded.
According to these theories, people seem to find an equilibrium between the search
for novel stimuli through exploration and the comfort of familiar situations that
provide an idea of control or competence over the external environment [55].
Computationally, in IMRL, this problem relating the possible sources of motivation has been addressed by providing the agent with reward functions that map
features of its history of interaction with the environment to scalar reward values, referred to as reward features. There have been proposed both domain-dependent and
domain-independent reward features fostering exploration and manipulation behaviors [67]. Domain-dependent features use (combinations of) the values of immediate
state/observation components to generate reward, for example using the location of
the agent at some time step [44], or combinations of “thirst” and “hunger” status
of the agent [44, 67, 68]. Domain-independent features, such as the ones proposed
in this paper, relate to statistical properties of the history of interaction with the
environment. For example, some solutions have been based on (inverse) recency
features relating the number of times the agent has visited some state-action pair
or (inverse) frequency features measuring the time since the agent last visited some
state, all rewarding exploratory or “play” behaviors [11, 67, 72]. From a perspective
of measuring curiosity and creativity in learning agents, Schmidhuber [61] proposed
a reward feature that measures improvements in the agent’s world-model to provide
intrinsic reward. Other solutions include using the Manhattan distance to some goal
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location [11], rewarding behaviors that get the agent closer to its objective, or using
recent transition errors to measure the quality of the agent’s model [72], rewarding
situations in which the agent has more control over its environment. The next section provides our rationale for the consideration of emotions as a possible source of
general-purpose, intrinsic motivation to be used within IMRL.

5.2

Emotions

Before analyzing the relationship between emotions and the nature of the rewards
proposed within IRML we first review in greater depth the purpose of emotions in
biological organisms that motivated our approach. We emphasize the importance of
an emotional mechanism to process perceptual information and guide an individual
to adapt to its environment, a key idea of our approach.
5.2.1

The role of emotions in nature

As mentioned before, as the body of knowledge about the influences of emotions
on humans cognitive and behavioral systems grew, and more clues about the neural
circuitry of emotional events were discovered, emotions have increasingly been regarded as a beneficial adaptive mechanism for decision-making [14, 23, 40, 47]. For
example, studies about the neural circuitry of the amygdala, a region of the limbic
brain system responsible for the emotional processing of events, have implicated this
region as having a major role in several cognitive and behavioral processes, such as
memory enhancement, sensory plasticity, attention facilitation, regulation of social
behavior, and regulation and inhibition of emotional responses [14, 23, 26, 32, 40, 47].
It is not only in human beings that emotions seem to play a major role in the
processing of external events. In fact, emotional processing of events seems to involve primitive circuits within the limbic system that were conserved throughout
mammalian evolution [31]. Thus, throughout evolution, emotions have provided animals with the ability to seek food and avoid harm, anticipate dangers and adapt
their behaviors in order to survive longer and procreate more [14, 16]. Studies on
the neural basis of emotions claim that these anticipatory mechanisms cannot be explained only by the phylogenetical reactive behaviors that natural selection provides
organisms [16, 32, 33]. Instead, they can be explained by simple associative learning
processes providing an ability to change behavior in response to arbitrary stimuli,
and an ability to extend the range of stimuli perceived as hazardous or beneficial
[14, 16, 32]. For example, studies about fear conditioning have implicated the amygdala in the elicitation of fear responses like freezing by creating associations between
neutral and hazardous stimuli such as auditory tones and foot shocks, respectively
[31, 32].
More importantly, some studies in humans and other animals show that lesions
in certain areas of the limbic system lead to poor decision making [15, 40], lack of
the ability to learn the significance of stimuli through association [31, 32], or impoverished retention of emotional stimuli in memory [31, 47]. At the same time, these
damages also impair “normal” emotional responses to situations and a general inability to behave in a healthy social manner, further implicating the role of emotions
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in cognitive processing mechanisms involving learning [15, 40, 45]. Other studies
show that physiological signals generated from emotional states inform people during decision-making processes, biasing the behavior toward maximizing reward and
minimizing punishment [40]. Consequently, these studies show that biological reinforcement learning processes found in nature rely on emotional cues to indicate the
pleasantness or adversity of events and identify advantageous acting opportunities
or harmful behaviors [14, 16, 33]. Moreover, the absence of such evaluative mechanism impairs a good judgment of the significance of situations for the individual’s
well-being, leading to maladaptive behaviors.
5.2.2

Emotions in IMRL

In this paper we explore whether emotions, from an ecological point of view, fit
the idea of intrinsic rewards as primary and biologically-relevant rewards to natural
organisms [67], as discussed in Section 2.2. In that respect, we follow the perspective
in which intrinsic rewards encourage behaviors that, throughout evolution, proved to
contribute to an organism’s reproductive success, i.e., its fitness. Intrinsic rewards
foster courses of action that are not directly related to enhancing the animal’s fitness,
i.e., behaviors unrelated to eating, drinking or sex that directly reduce some internal
biological drive. As we have seen, emotions are a hard-wired, phylogenetical adaptive
mechanism that, throughout evolution, allowed animals to avoid dangers and gain
fitness in the environment. Moreover, although emotions are tied to an individual’s
desires and goals, emotions may motivate behavior not directly related to fitness
enhancement. By assessing the value or the significance of stimuli in the environment,
emotions promote behaviors directed towards dealing with a situation so to improve
the individual’s well-being.
One might argue that some reactions to emotion-inducing events are extrinsically
motivated, such as when in a fear conditioning experiment a rat responds with immobility (as a result of fear) in the presence of a stimulus previously associated with
an electrical shock. However, as the emotional processing mechanism becomes more
complex, emotions elicit behaviors unrelated to extrinsic pain or pleasure stimuli.
For example, one might feel curious and explore unfamiliar situations “just for the
fun of it”, or sad due to an unfavorable outcome without the need to be fearful of
some extrinsic punishment, or even ashamed of having done some action which is
not acceptable within its social circle. In essence, humans and other animals seem
to respond emotionally to situations because evolution and individual experience
dictates so. Together, all these ideas seem to support our claim of emotions being
a possible and natural evaluative mechanism for autonomous learning agents in the
general case. In the next section we explain our approach for emotion-based reward
features to be used within the particular case of the ORP formulation and the IMRL
framework.
Another relevant concern with our approach is the level at which emotional appraisals occur. Some of the commonly proposed appraisal dimensions deal with
high-level cognitive concepts and mental representations such as one’s beliefs or desires, or even more abstract concepts such as cultural norms or social standards
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[18, 30, 33, 60]. However, our learning agents only have access to rather low-level
properties of their history of interaction with the environment. As such, one of the
main challenges of our emotion-based reward design is to map the evaluations made
by the appraisal components into low-level scalar values that can be used as intrinsic
reward features.
In this paper we follow the perspective conceived by many appraisal theorists that
many appraisals, especially in the case of young children and nonhuman animals, require little cognitive processing or even simple judgments of the event [20, 33, 60, 70].
For example, Leventhal and Scherer [33] proposed a framework where the events are
evaluated at different levels of processing: a sensory-motor level, a schematic or
learned level and finally at a conceptual level. Such multilevel model of emotional
appraisal allows to explain emotions as an adaptive mechanism developing from simple, reflex-like innate responses into more complex cognitive patterns throughout
time [33]. Moreover, it is by interacting with the environment and learning that the
organisms evaluate more complex appraisal variables, which in turn leads to more
complex emotions. In our approach, by considering such multilevel perspective, the
agents can leverage the low-level information they have access to and perform evaluations similar to those made by the several appraisal dimensions.
Recall from Section 3.1 that phylogenetic characteristics together with experience
allow for the individual and cross-cultural differences in emotional experience and
emotion-related behaviors. This is a relevant feature demonstrated by our model. In
our approach, the emotion-based evaluative mechanism depends both on individual
characteristics of the agent, i.e., by means of the particular weight-vector providing
the intrinsic reward, and also on experience as provided by the course of behavior
performed by the agent and the rewards received during learning.
Furthermore, because the agent uses a reward function based on emotion-like
signals, our model follows the perspective that affective states may encode useful
information that guide an agent during learning and decision-making [23, 40]. The
proposed emotion-based features consider properties of the agent’s history of interaction with its environment and not solely properties of the current state and action.
Although we do not explicitly consider the values of previous features for the calculation of the rewards in each time step, the proposed evaluative mechanism resembles
the process of reappraisal [29, 30] in the sense that past information contributes for
the current, continuous appraisal.
We conclude this section with some remarks. First, we do not claim the reward
features proposed in this paper to be universal, biologically plausible, or the only
ones reasonable to represent the discussed dimensions. Instead, we propose a set of
low-level features that, in our framework, make similar evaluations to those emerging
from the respective appraisal dimensions in nature. We propose domain-independent
features that quantitatively evaluate some aspects of the agent’s history of interaction
with its environment, including statistical information about reward, action and
state-value functions. We could have used observation/state data to perform the
appraisal-like evaluation, but we wanted to provide features that, like emotions,
provide general-purpose evaluations of events according to one’s particular situation,
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independently of the particular domain being considered.
Also, we note that “high/low” or “negative/positive” feature values do not correspond to “good” or “bad” states or actions. Like the emotional appraisal occurring
in biological organisms, emotion-based rewards only signal specific characteristics of
the agent’s relationship with its environment that are pertinent to its fitness and to
which the agent can pay attention to. As occurs in nature, it will depend on the
agent’s experience and specific situation whether some states and actions are considered beneficial or detrimental to its well-being and the amount of attention it should
pay to each reward-feature’s value.
Finally, we are also not claiming in this paper that emotion-based agents are
able to cope with all kinds of challenges in all kinds of scenarios. In fact, it is only
expected that mechanisms which are inspired on biological systems are not perfect or
flawless. As occurs in nature, maladaptive behaviors may lead to poor performances.
The results from our experimental procedure seems to support this claim that there
are no universal optimal feature weight-vectors. Particularly, the results from the
experiment in Section 4.5 show that weight-vectors that were optimized for other
scenarios lead to maladaptive behaviors by the agent when acting in a different
environment. In fact, the optimization procedure for each scenario makes the agent
value different aspects of its relationship with the environment, i.e., it makes the
agent to adapt to a specific habitat. This is to be expected in natural agents as well.
Animals accustomed to living in one environment seldom thrive in environments
which have major distinct characteristics.

5.3

Related work

As discussed earlier, emotions were not always considered as a beneficial adaptive
mechanism, essential in cognition for problem solving and decision-making. Because
of this, a large volume of the early research within AI did not consider emotions
as potential mechanism to be adapted into intelligent systems [36, 48]. Nevertheless, a few early models were proposed asserting the importance of emotions as an
attention-focusing, task prioritizing mechanism, crucial to any system that wants
be regarded itself as intelligent [37, 65]. As researchers recognized this major role
of emotions in cognition, especially after the results by Damasio [15], they started
building computational models of emotions, usually based on appraisal theories of
emotions, in order to produce more intelligent and robust systems [36]. As a consequence, the appearance of the research area of Affective Computing (AC) allowed
the inclusion of emotions in a large number of computer applications such as games,
and also the construction of richer and more believable virtual characters that are
able to recognize the user’s feelings and express their “own” emotions [48].
While this particular use of emotion-based systems provides more engaging interactive experiences, there are only a few systems that, like our approach, explicitly
leverage emotions to improve the adaptive capacity of autonomous agents. Some
works bare some similarities in their use of emotion-like signals to control or influence
learning. For example, in the FLAME model [17], RL is used to form emotion-object
associations and to predict the user’s actions. Armony et al. [5] used a connectionist learning approach to simulate some effects associated with the fear-conditioning
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paradigm. The artificial creatures developed by Cañamero [13] are an example of
the use of “low-level” emotional signals as a motivation drive to behavior selection.
In the context of this short comparative analysis, however, we point out some
recent works that make use of emotions to provide reward and influence decisionmaking within RL, which is more related to the approach proposed in this paper. In
the field of robotics, Gadanho and Hallam [21] proposed a bottom-up approach to
emotion elicitation. The system uses artificial neural networks combining values of
sensations, feelings and hormones to determine a dominant emotional state from a
set of four basic emotions, namely happiness, sadness, fear and anger. A traditional
RL mechanism was used to reinforce state-behavior associations, where the values of
the rewards and their respective sign were provided by the intensity of the current
dominant emotion and whether that emotion was positively or negatively valued.
Salichs and Malfaz [56] proposed three basic emotions to control the behavior of
an agent in an RL task: happiness, sadness and fear. The reward provided during
learning is calculated according to a temporal difference of a measure of the agent’s
well-being, which is defined by a linear combination of the levels of four internal
drives. Positive and negative differences make the agent “happy” or “sad”, respectively. The behavior selection mechanism uses a predefined level of dare to select
conservative (high-valued) actions and prevent the agent from choosing bad (lowvalued) actions due to fear. The idea behind the approach in [12] is that associating
positive affective states with exploitation and negative affect with exploration strategies provides adaptive benefits for the agent in some RL scenarios13 . The agent’s
reward (used to learn) and its affective state at each time step are computed based
on the relation between the short and long-term running averages of the reinforcement signal provided to the agent in the past. The agent’s affective state further
influences the behavior selection within the RL algorithm by increasing or decreasing
the probability of choosing a random (exploration) or greedy (exploitation) action.
Perhaps the work that resembles more our proposed approach is the one in [4]. Like
in our approach, the authors also consider the use of both extrinsic and intrinsic reward to improve the learning speed and also influence decision-making. Apart from
the extrinsic reward provided according to the external goal or cost, they propose
a model for affective anticipatory (intrinsic) reward based on valence and arousal
levels. Valence is related to the expected reward for some action in relation to the
average reward, and arousal is calculated according to an uncertainty measure. The
relative influence between immediate intrinsic rewards and long-run extrinsic rewards
is given by a constant scale factor.
To better evaluate the differences between the aforementioned systems and our
own approach, Table 8 makes a comparative overview according to some criteria.
Specifically, we are interested in knowing what emotions or dimensions of appraisal
are modeled in each system, the influence that emotions have on the agent’s rewards
and on action selection, the contribution of the different emotional components on
the reward and also whether there is a distinction between extrinsic and intrinsic
components of the rewards signal.
As we can see from the table, all aforementioned approaches rely either on a set of
13

Interestingly, this is in contrast with approaches relying on optimism in the face of uncertainty
such as the E 3 [25] and R-MAX [10] algorithms.
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Table 8: Comparative overview between our approach and other systems using emo-

tions to influence learning and decision-making within RL.
Criteria

Gadanho
and Hallam
[21]

Salichs and
Malfaz [56]

Broekens
et al. [12]

Ahn and Picard [4]

Our
approach

Emotions/
appraisal
variables

happiness,
sadness,
fear, anger

happiness,
sadness, fear

valence

valence,
arousal

novelty, goal
rel., control,
valence

Intrinsic vs.
Extrinsic

no

no

no

yes

yes

Influence on
reinforcement

emotion
intensity
and positive
/ negative
sign

temporal
difference
of internal
drive levels

averages
extrinsic
reward

intrinsic
reward
+
changes
on
value
functions

linear combination of
appraisal
values and
extrinsic
reward

Different
contribution

fixed, equal

fixed,
personality
dependent

fixed

fixed

optimized
weights (environment
dep.)

Influence on
action selection

indirect, via
rewards

direct,
through fear

direct,
through
valence

indirect, via
rewards

indirect, via
rewards

of

discrete emotions or positive/negative evaluations of the emotional state of the agent.
This contrasts with our approach, since we propose a set of domain-independent reward features based on major dimensions of emotional appraisal which, together,
create a multidimensional emotional experience space, capable of generating a multitude of different emotional states14 .
While some systems use changes in the internal drives of the agent as the reward
to guide the agent through learning [21, 56], others [4, 12], like our approach, use
(combinations of) intrinsic and extrinsic reward. We note however that in our approach we do not modify the learning architecture, as the intrinsic reward provided to
the agent is considered as a “normal” reward in any traditional RL algorithm. Also,
as described earlier, we consider an optimization procedure to search for the optimal
contribution of each reward feature for a particular set of environments. Finally,
in our approach, instead of using predefined rules relating particular emotion states
and action strategies (exploration vs. exploitation), emotions influence the choice of
actions indirectly, i.e., actions are chosen so as to maximize the emotional benefit of
14
The nature of the evaluation and scenarios implemented are not concerned in explaining the
current emotional state of the agent with labels such as happy, sad or angry. However, one can
envisage a labeling mechanism that, at each time step, evaluates a point representing the agent’s
current emotional experience in the 4-dimensional space created by the four emotion-based reward
features. Based on predefined emotion profiles or patterns associating a label with a specific point
in the emotional space, one could find the emotion label which respective point was closest to the
agent’s current experience point. Such label would then be the one describing the agent’s current
emotional state.
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the current situation (as ascribed by the appraisal-based reward mechanism).

5.4

Concluding remarks

In this paper we analyzed the contributions of a novel mechanism for the design of
intrinsic reward functions. We follow the ORP formulation within the IMRL framework in which the agent is provided with rewards motivating behaviors not directly
related to its designer’s objectives. For the nature of the rewards we proposed an
emotion-based mechanism evaluating the agent’s history of interaction with its environment. Inspired by appraisal theories of emotions, we proposed a set of four reward
features each one evaluating a particular aspect of the agent’s relationship with the
environment that relate to the kinds of evaluations emotional appraisal dimensions
provide to natural organisms. In a sense, each emotion-based reward feature makes
the agent focusing in aspects of the environment that are not themselves related to
fitness enhancement but which motivate useful, advantageous behaviors for a particular environment.
Together with a feature providing the “standard” fitness-based reward to the
agent, these reward features form a space of emotion-based reward functions. Each
function has a distinct configuration that weights the importance of each feature differently. We tested the potential of our approach in a set of foraging scenarios, each
one providing particular challenges to the learning agent which simulate the kinds
of limitations biological agents face in nature. For each scenario, an optimization
procedure searched for the particular configuration of reward features providing the
best overall cumulative fitness for the agent in that scenario.
Recall that the hypothesis for our approach was that “emotion-like processes
evaluating the relevance of a given situation in the environment should provide artificial learning agents with a simple but powerful adaptive mechanism”. The results
of our experiments show that by having such emotion-based evaluative mechanism,
our agents outperformed a standard learning agent receiving only the fitness-based
reward in a variety of scenarios.
More specifically, we showed that such mechanism brings advantage in scenarios
in which the agent does not have access to all the information necessary for it to
behave optimally in the environment. Namely, the potential of our approach proved
to be more significant in environments which configuration changes quickly and provide ambiguous fitness-based rewards throughout time, or environments in which it
is easier to focus in immediate reward. By providing a balanced evaluation of different aspects of the agent’s relationship with its environment, emotion-based reward
functions proved to provide adaptive strategies that mitigate the challenges posed to
the learning agent. Without such mechanism, an agent that focus only of the reward
intended by its designer develops maladaptive behaviors which severely impair its
adaptive capability.
Furthermore, tests performed in scenarios which were already proposed within
IMRL, some of which provide full observability to the agent, show the generality of
our approach by providing a generic, domain-independent mechanism for learning
agents. In turn, such mechanism alleviates the need for the design of specific reward
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functions beforehand, which can be an especially hard task if the designer does not
know all the environment’s dynamics in advance.
As we have seen, different individuals seem to react emotionally in a distinct
manner to the same situations, indicating different adaptive strategies in the same
environment. Our framework supports that view by considering individual differences as corresponding to agents using different reward functions according to a specific configuration of the reward features. However, we want to embrace the fact that
the way an individual appraises emotionally the events occurring in the environment
changes during its life. As such, one of the possible enhancements of our framework
is to include in the agent a mechanism capable of adapting online to changes occurring in the environment. In that concern, we could consider a method similar
to the one proposed by Sorg et al. [73] in which the gradient of the fitness function
is used to change the weights of each reward feature online, thus providing a better adaptation while learning. Although that was not the objective of our approach,
such method alleviates the need of an exhaustive search for the best reward function.
In conclusion, we believe that the success of our approach stems from the fact
that like the emotional information-processing mechanisms in natural agents, our
emotion-based rewards provide general heuristics for the agent to evaluate and to
overcome common perceptual limitations in a set of environments of interest. Moreover, the optimization procedure to find the optimal reward function resembles the
environmental pressures that biological organisms are subject to throughout evolution. In essence, evolution favors behaviors that seem to enhance the fitness of the
agent in the long-run. By providing such biologically-inspired mechanisms to autonomous agents, it is only expected that they behave, learn, and “live” more like
biological organisms do.
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