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Abstract—This paper surveys the current state-of-the-art of
reinforcement learning methods and principles applied to affec-
tive computing across a wide variety of domains. We review this
nascent field, which we refer to as affective reinforcement learning,
that interweaves core RL components within the affective loop.
Specifically, we survey the use of affective information across
the three major components of the reinforcement learning (RL)
paradigm: a) shaping a reward signal, b) driving the action policy,
and c) forming part of the state representation. We introduce a
taxonomy of different terms for affective RL, and we conclude
by discussing the current limitations of the framework as well
as several open and promising research directions within this
emerging area.

Index Terms—affective computing, reinforcement learning,
survey, taxonomy

I. INTRODUCTION

HE challenging nature of accurately modeling subjec-
tive notions such as human affect remains a signifi-
cant hurdle to overcome towards realizing human-centered
artificial intelligence (AI). However, as Al methods—such
as the transformer architecture [1]—become more effective
in recognizing complex spatiotemporal phenomena, affective
computing (AC) [2] systems become increasingly deployable
across various domains, including healthcare [3], vehicular
systems [4], and entertainment [5]. Such affective interactions
are normally represented as an affective loop [6] process by
which a human user is exposed to stimuli that elicit emotional
responses which can be detected through various forms of
verbal or non-verbal cues. The predicted emotions can then
be used to adjust the interaction by presenting a new set of
stimuli to the user. Within the affective loop, the process of
detecting and modeling affect is predominantly viewed from a
supervised learning (SL) lens [5], [7], [8]. However, deploying
such models to real-world environments typically requires the
model to act, adapt, and tailor itself to a user’s affective
patterns, which is a challenge in its own right, particularly
for a static SL model. Viewing affective interaction from a
reinforcement learning (RL) [9] lens offers several benefits
not only for representing and understanding human affect but
also for the successful deployment of affective interaction in
the wild.
In this paper, we introduce and survey the emerging research
area that interweaves aspects of affective interaction within the
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RL paradigm, which we name affective reinforcement learning
(ARL) framework; see Fig. 1. The framework is advantageous
for both AC and RL research for a number of reasons: First,
the RL paradigm is heavily inspired by biological processes
and psychological phenomena in a way that aligns closely
with the ways humans learn and affectively interact with their
surroundings [9]. This makes RL particularly well-suited for
learning affective interactions relying on theoretical models
of emotion, which are predominantly used in AC such as the
OCC model [10]. Second, RL tends to tackle domains that are
highly relevant to AC research, such as social robotics [11],
making ARL a natural overlap between the field (AC) and the
method (RL). Finally, RL stands to benefit from AC research
since recent evidence suggests that emotion can be a powerful
signal for both learning transferable behaviors and improving
the transparency of the agent’s actions [12], [13].

There are only a handful of papers surveying the intersection
of AC with RL [3], [14], [15] mostly focusing, however, on a
particular domain or AC use case. This includes survey papers
on affect models for video games [5]—briefly covering the
niche use of training RL agents—papers that focus on RL
for training virtual agents and robots using artificial emotions
[14], thorough studies that investigate empathy in virtual
agents [15], survey papers on the use of RL within the domain
of healthcare [3] and, finally, papers with a focus on RL in
conjunction with various forms of human feedback [16] but
limited emphasis of affective signals. In this paper, we attempt
to fill the aforementioned gap in the literature by offering a
comprehensive, up-to-date, and holistic overview of the state
of the art in the intersection of RL and affective computing;
moreover, we introduce a taxonomy for this emerging area.
We put emphasis on how the various examples in academic
literature and industrial practice build on human and artificial
emotion representations with respect to both the affective loop
[6] and the Markov Decision Process (MDP) [9]. We also offer
a high-level overview of the most popular domains in which
ARL is currently being applied, and we outline how the area
can take the next steps towards safer, more believable, and
emotionally aware virtual agents and generative Al processes.

The remainder of the paper is structured as follows. First
we define our ARL framework and give an overview of the
intersection between RL and the affective loop in Section
Il. Our survey first investigates the various ways affect has
been used to build reward functions (see Section III) with an
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Fig. 1.

The affective loop framed within the reinforcement learning framework and the RL elements that are directly used by the affective loop. Green

elements correspond to the observation data used by the agents to learn, blue elements correspond to the rewards derived from human affect data (either via
a human-in-the-loop or a model-based approach), or feedback from the environment itself (e.g. increase in score in a game), and red elements correspond to
the potential action mechanisms of the agents. The elements of the affective loop are indicated using bold and underlined text.

emphasis on the different processes for capturing affect as a
reward signal. We then survey the different types of action
types learned by affective RL agents (see Section IV). In
Section V, we categorize approaches based on the observation
spaces used and highlight studies that incorporate affect as part
of the state representation. Finally, in Section VI we identify a
number of open directions that we view as the most promising
for further research in this emerging area.

II. AFFECTIVE RL: A UNIFIED APPROACH

The introduced affective RL framework integrates the
phases of the affective loop [6] into the RL paradigm and
demonstrates how affect can be incorporated to train RL
agents, as illustrated in Fig. 1. Viewing the affective loop under
an RL lens offers a number of important benefits for the study
of affect. First, ARL can be used to train more human-like and
emotion-aware agents, or use affect as a reward signal to infer
more generalizable policies that would be otherwise difficult
to infer using human-authored reward functions. Second, ARL
can offer a more data-efficient approach compared to the
dominant supervised learning paradigm in affect modeling.
The framework does not require large affective corpora; a
recent study found that such datasets can include anywhere
from 3 to 250 human participants when used to train deep
machine-learning models [17]. Finally, ARL can leverage
multiple training signals, including human demonstrations,
reward signals derived from theoretical models on psychology
and affective sciences, pre-trained models of affect, or even a
combination of such signals.

Figure 1 illustrates how the ARL framework builds upon
and interweaves the four phases of the affective loop (bold
text) and the RL paradigm (colored elements). The remainder

of this section is organized as follows. First, we present the
Markov Decision Process (MDP) and the dominant definition
of RL, which we use in ARL (see Section II-A). Then, in
Section II-B, we define the affective loop and tie in how ARL
utilizes different phases of the loop, which, in turn, forms the
structure of the survey. We end the section (see Section II-C)
with an outline of the methodological approach we took for
completing this survey.

A. Reinforcement Learning as Affective Interaction

Reinforcement learning is a well-established paradigm of
machine learning inspired by the way biological learning
occurs through rewards and penalties [9]. The RL problem is
framed as a closed-loop system in which an agent continually
interacts with an environment to learn to achieve a specific
goal. More specifically, the agent repeatedly selects an action
(a; € A), at discrete time steps (¢) according to its current
state (s; € S)—as provided by the environment—in order
to maximize an expected accumulated reward (R;) signal (see
Fig. 1). The environment then transitions to a new state (sy4+1)
according to a transition function, and provides the agent an
immediate reward (r;y1) that quantifies the desirability of the
chosen action in that state. The agent’s objective is to learn
a policy (m(a¢|s¢))—or a mapping from any given state to
any possible action—that maximizes its expected accumulated
reward over time. We use the three major components of the
RL paradigm—state, action, and reward—as core dimensions
of the ARL studies we surveyed, detailed further below:

o State: In ARL, the states provided by the environment
contain affective information embedded within their fea-
tures, which the agent uses to learn an optimal, affective
policy. We distinguish between three types of state spaces



TRANSACTIONS ON AFFECTIVE COMPUTING

used to train affective agents (see Section V). These are
contextual features specific to the environment, and verbal
or non-verbal cues provided by humans or other agents.

o Action: Affective agents typically fall into three main
categories according to the types of actions they take,
described in Section IV. The most common form of
action governs agent behavior within an environment—
such as playing a game, interacting with a patient, or
driving a vehicle. Agents can also create their context by
generating entirely new interactions and experiences for
other agents or humans in the environment, such as new
game levels [18] or new stimuli for exposure therapy [19].
Finally, agents can take actions that change their internal
affective state rather than take external actions described
earlier.

o Reward: The reward signal is the most specific com-
ponent of the RL framework, as it defines the intended
behavior of the environment and relies heavily on the
agent’s task and the nature of the interaction. In ARL, the
reward typically directly contains affect data obtained via
two approaches: a human-in-the-loop approach through
implicit sensing (see Section III-A) or explicit sensing
(see Section III-B), or a model-based approach using
data-driven models (see Section III-C) or theoretical
models (see Section III-D).

RL differs from supervised learning—the dominant affect
modeling paradigm—in that it does not rely on labeled in-
put—output pairs. Instead, the agent must explore the en-
vironment to discover which actions yield higher rewards,
making exploration—exploitation trade-offs a central challenge.
This distinction makes RL particularly suitable for sequen-
tial decision-making problems, including robotics, healthcare,
autonomous systems, and games. The formulation of the
reward function is central to the success of an RL agent.
Poorly designed reward functions can lead to suboptimal or
unintended behavior, especially in complex environments. This
has led to growing interest in incorporating richer forms of
feedback—including temporal affective signals—as a way to
shape agent behavior in alignment with human preferences,
values, and emotional responses [20]. Such approaches extend
the traditional RL framework by embedding affect as an
intrinsic or extrinsic motivation signal, placed at the core of the
ARL framework. As a result, ARL is capable of training agents
that are more capable of capturing and manifesting human-
like behavior and emotion, whilst also being potentially more
generalizable across tasks and environments [20].

The RL algorithms we chose to include in ARL can be
broadly categorized into value-based, policy-based, and actor-
critic methods. Value-based methods, such as Q-learning [21],
estimate the return of taking a given action in a given state,
and derive the policy indirectly by acting greedily with respect
to these value estimates. Policy-based methods, in contrast,
directly optimize the policy using gradient-based methods
such as REINFORCE [22]. Actor-critic approaches, such as
Asynchronous Advantage Actor Critic (A3C) [23] or Proximal
Policy Optimization (PPO) [24], are the most versatile and
dominant method [25], [26] by combining both paradigms,

using a value function—referred to as the critic—that guides
policy updates performed by the actor, often leading to more
stable and sample-efficient learning. We also include algo-
rithms that operate at the fringes of the traditional RL defined
above. Such examples include exploration-based algorithms
such as Go-Explore [27], curiosity-driven learning [28], and
unsupervised skill discovery [29]. While these approaches may
not fit precisely under the standard RL definition, they are
often used as a precursor or augmentation to traditional RL
training and are highly relevant in the context of affective
learning—particularly in sparse or ambiguous reward settings.

B. The Affective Loop as an RL Process

The affective loop [6] is a well-established paradigm that is
used to describe affective interactions in a generalized, high-
level manner. The loop can be broken down into a sequence
of four phases, as shown by the bold and underlined text in
Fig. 1. To design our ARL framework, we build upon the rein-
forcement learning loop and seek possible implementations of
its different components (state, action, and reward) using the
affection loop phases. This makes the affective loop phases as
a secondary dimension for our ARL framework main phases
(as shown in Fig. 1. These four phases are as follows:

1) Elicitation: The first phase of the loop is where the envi-
ronment provides a stimulus to the agent and any human
in-the-loop, if present. The type of stimuli could take
many forms depending on the domain being tackled.
The agent collects observations based on these stimuli
across one or more modalities, which we describe in
Section V. The stimuli presented to the agent are the
driver of the agent’s learning in terms of its action and
its affective response as generated later on in the loop.

2) Sensing: Affect can be sensed in real-time through a
human in the loop. This can either be provided through
implicit feedback (see Section III-A) or explicit feedback
(see Section III-B).

3) Modeling: If it is not plausible to integrate a human-in-
the-loop, a model-based approach can be used to predict
affect based on the observations collected by the agent.
Such models can be either data-driven using machine
learning or large pre-trained models (see Section III-C)
or theory-based, which rely on ad-hoc designed reward
functions for approximating affect (see Section III-D).

4) Adaptation: In the final phase of the loop, the agent
reacts to the outcome of the previous timestep, and uses
the reward provided by the environment to modify its
internal policy to maximize its expected return over time.
To close the loop, the agent passes its selected action
to the environment, which, in turn, executes the next
timestep and provides a new set of stimuli to the agent.

RL presents several benefits to the realization of the affec-
tive loop and the development of reliable and transparent affec-
tive systems. The RL paradigm leans heavily on biology and
psychology, making it well aligned with how humans perceive
and interact with their environment. We believe this makes
it naturally well-suited for training agents to learn affective
behaviors and facilitate richer human-computer interaction.
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Furthermore, many of the domains actively researched within
RL are highly relevant to affective computing research, such
as healthcare [3], robotics [30], and games [5]. Given the
overlap and natural fit between these two research fields, we
believe ARL defines a promising new direction for affective
computing research and human-computer interaction.

C. Affective RL Survey

Our survey includes 50 papers that fall under the ARL
framework and are discussed in the remainder of this paper.
We identified these papers as follows. First, we used Arxiv’s
API to retrieve any papers that included the terms “reinforce-
ment learning” and “affective computing”, or “emotion” or
“player experience” or “procedural content generation” within
their title or abstract. We include player experience and user
experience as they are often used to refer to the emotional ex-
periences of users within games research and human-computer
interaction, respectively. We also included procedural content
generation to locate potential papers that use generative Al
methods in association with RL and affect. This initial process
yielded 105 papers for further review. We then performed
an additional search using Google Scholar using the same
keywords to pick up on any literature not hosted on Arxiv,
and other works identified within the reference list of existing
papers. Finally, we removed any vision papers as well as any
papers that were found to be off topic to reach the final count
of 50 papers.

III. AFFECTIVE REWARD

The ARL loop (see Fig. 1) differs from traditional reinforce-
ment learning mainly due to the way that rewards to the agent
capture human affect. We distinguish between rewards sensed
from humans involved during the agent training process (i.e.
observing the environment and state changes), and rewards
based on models trained from human data (collected a priori)
or derived from theory. For the former case, we borrow the
term human-in-the-loop [31], [32] from interactive machine
learning to describe it, while for the latter case, we call
it Model-based. For the human-in-the-loop, we differentiate
between two cases: Implicit and explicit. Implicit feedback
contains relevant affect information as a side effect of actions
typically provided for other purposes [16], rather than explicit
feedback where the sole purpose of a person’s action is
to provide feedback. For the Model-based, we differentiate
between two cases: models based on human data that were
collected a priori (called Data-Driven Modeling) or models
that are based on theory derived from psychology (called
Theory-driven Modeling).

A. Human-in-the-Loop: Implicit Sensing

The majority of RL studies using implicit feedback capture
affect via specialized sensors that record users’ physiological
signals [33]. We will use the signals themselves to group
the ARL work in this vein, which fall into brain activity via
electroencephalogram and skin conductance via electrodermal
activity; we finish with studies using non-physiological feed-
back.

The electroencephalogram (EEG) signal measures brain ac-
tivity in a non-invasive manner by sensing electrical activity in
the scalp, and is commonly used in brain-computer interfaces
(BCD) [34] for domains such as robotics [35] and medicine
[36]. In ARL, real-time raw EEG signals have been used to
monitor drowsiness in road safety applications. Ming et al.
[37] processed EEG signals to extract features using a deep
Q-network to predict whether reaction time will increase or
decrease in the current time window. The agent is rewarded
based on the negative absolute error between the predicted and
actual reaction times for each event. In a similar application,
Yousaf et al. [38] trained a deep RL agent using EEG features
captured from edge devices to classify the driver’s cognitive
state as attentive, inattentive, or drowsy. The agent could
play auditory alerts or adjust vehicle speed to sustain or
improve driver attention, receiving penalties if the driver’s
focus deteriorates.

A common way to process EEG signals is through error-
related potentials (ErrP), which are naturally occurring event-
driven signals in the brain that fire after an error is perceived
[39]. ErrP can act as an efficient proxy for a reward function
to penalize an agent’s erroneous behaviors. Prior to RL, ErrP
signals were applied in simple state-action spaces such as a
cursor control task [33] or a binary decision-making task in
robotics [40]. Learning happens by having a human participant
observe the agents behave whilst wearing an EEG cap, which
feeds raw signals into an ErrP classifier, which flags when the
user detects incorrect behavior. A positive ErrP (1) indicates
the agent should change its behavior, whereas an absence of
ErrP (0) indicates the agent is performing well. Akinola et al.
[41] leveraged ErrP signals for sparse reward environments in
a vehicle navigation task, outperforming conventional sparse-
reward RL. Kim et al. [42] trained a robot arm to pick up
and place objects on a table in MuJoCo, and found that
agents trained via ErrP outperform sparse-reward RL agents
and compare favorably to fully engineered densely rewarded
agents. These results highlight that ErrP could remove the
burden of designing complex reward functions by leveraging
real-time human sensing alone.

A notable study in ErrP signals for RL rewards used
multiple grid-based game environments to show the gener-
alization potential of these signals [20]. Xu et al. [20] invited
participants to mentally assess the performance of RL agents
in three games while wearing an electrode cap (see Fig. 2). In
the first game, the agent must learn to move itself (a cursor)
along one dimension toward a target cell, as seen in previous
studies [33]. In the second game, the agent moves itself (a
bucket) along one dimension and must catch a falling ball. In
the third game, the agent navigates a two-dimensional maze
to reach the target. They perform a zero-shot learning study
across the three games, illustrating the universality of ErrP
signals across environments. Their results show that giving
agents full access to ErrP signals in the training pipeline speeds
up learning, and that ErrP signals detected using a classifier
trained on one game can be used to accurately train an agent
in other games.

Skin conductance is commonly captured through electro-
dermal activity (EDA), and has shown strong predictive power
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Fig. 2. Implicit feedback for training gameplaying agents for a maze
navigation and a ball catching game (top). Feedback is provided through ErrP
signals derived from EEG signals using a human-in-the-loop affect reward
scheme (bottom). Image taken from [20] with authors’ permission.

for emotions such as surprise and fear [43]. Real-time EDA
signals have been used to train agents to generate personalized
exposure therapy stimuli for arachnophobia [19]. In that work,
EDA served as a proxy for anxiety, and was used as a reward
for a designer agent that adjusted attributes of a virtual spider
(e.g. size, color, locomotion). The designer agent’s goal was
to elicit stronger anxiety (manifested through EDA responses)
in patients.

Beyond physiological signals, unobtrusive signals such as
speech can also implicitly capture human affect. Kim and
Scassellati [44] relied on prosody (i.e. the rhythm, sound,
and intonation of language) to infer affect from a human
teacher in order to train a robot to wave its arm in a desired
manner. Weber et al. [45] trained a robot to adapt its jokes
to participants’ sense of humor by screening for laughter
and changes in facial expression. Similarly, [46] uses facial
emotion recognition from humans-in-the-loop to train a drone
to fly by rewarding the agent for eliciting positive expressions.

B. Human-in-the-Loop: Explicit Sensing

Explicit feedback involves the participant providing in-
tentional and direct guidance to the agent. For affect, this
usually falls under a self-reporting interface using ratings or
labels [47]. This is the most direct and simple type of affect
labeling, but it comes at the cost of great cognitive demand on
the part of the human annotator. Reaction times and noise can
also become a significant issue, especially with challenging
internal manifestations such as emotions. In practice, we have

found only tangential work that uses explicit human feedback
for ARL.

A notable, if tangential, example of explicit rewards is
presented by Shaik et al. [48]. They propose a multi-agent
system for patient monitoring: each agent monitors a different
signal (i.e. heart rate, respiration, temperature) as part of the
agent’s state space. The actions the system takes may alert
the appropriate medical emergency team based on escalations
in pre-defined health parameters. The system is trained via
Deep Q-Networks based on errors from the environment (i.e.
wrong or correct alerts). Affective interaction is designed for
human-in-the-loop rewards, with the medical emergency teams
providing the rewards for correct or incorrect alerts; however,
the proposed system was evaluated solely on existing datasets
with real-world physiological and motion data using ad-hoc
thresholds for emergency responses. It is important to note
that even in ideal situations, the human-in-the-loop protocol
would not provide affect rewards per se, as whether the alert
was correct or not is a purely cognitive task. However, this
study is the closest example of a system we were able to
identify that uses both sensors for monitoring the environment
and explicit (if not affect-based) rewards to guide the agent.

C. Data-driven Modeling

As discussed in Section III-A, relying on explicit human
feedback during training is a very cumbersome process. In-
stead, most ARL approaches use human data collected offline
(prior to the agent training task) and build affect models
that can be used as rewards during training. These models
do not have to use state-of-the-art Al: we group approaches
for data-driven affect rewards based on the machine learning
algorithm used. This leaves us with three groups: proximity-
based, traditional machine learning, and transformer-based
approaches.

Depending on the volume and format of available data, some
affect corpora can be used without elaborate machine learning
model training. In their Go-Blend [49] algorithm, Barthet et al.
used a k-Nearest Neighbors model to approximate a player’s
arousal. Their study trained an agent to play a 3D driving
game, based on rewards of arousal (paired or not with in-game
score rewards). Mapping the agent’s current game state to the
nearest game state of human playthroughs was possible due to
a large corpus of time-continuous arousal annotations paired
with real-time game metrics available from the AGAIN dataset
[50]. Agent rewards were calculated as the similarity between
the agent’s arousal and a target arousal signal based on player
personas [51], [52]. Barthet et al. [53] experimented with this
method further by rewarding the agent for visiting high arousal
states in an attempt to learn more optimal behavior across three
games: a driving game, a platformer game, and a first-person
shooter. An illustration of this data-driven approach is depicted
in Fig. 3.

Traditional machine learning approaches, mostly variants
of recurrent neural networks (RNNs), have often been used
to build data-driven models for affect rewards. EmoRL [54]
trains an agent to decide when to make predictions of anger in
human participants using an RNN trained on the IEMOCAP
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Fig. 3. Example of a data-driven approach to affective rewards. Human affect
demonstrations can be used to create an affect model which generates a reward
signal. The reward can be used to train the agent, or combined with other
signals such as behavioral rewards.

corpus [55], rewarding for accuracy and latency. Li et al.
[56] trained a Convolutional Neural Network (CNN) classifier
to categorize replies into sentiment categories in order to
train an RL agent to generate emotionally constrained text
replies. The agent is rewarded for generating replies which
are coherent, on topic, and emotionally relevant. Churamani et
al. [57] trained an actor-critic RL agent to negotiate resources
with a human player in the Ultimatum game, by using CNN
models and self-organizing RNNs. The models were trained
to predict arousal and valence values from audio-visual inputs
of human participants, forming temporal representations that
track user behavior over entire interactions. The agent is
rewarded for improving its resources and causing a positive
shift in its affective mood. Liu et al. [58] used a pre-trained
speech emotion recognition model using a CNN Long-Short-
Term Memory (LSTM) network as a reward signal to a
policy gradient agent that creates speech expressing specific
emotions.

The emergence of the transformer architecture and early
pretrained large language models opened up new possibil-
ities for ARL research. Unlike most previously mentioned
approaches, which had to train the affect reward models on
existing corpora, transformer-based reward models come pre-
trained and thus could be used in a zero-shot manner or
minimally refined through finetuning.

Early transformer architectures were small enough to fine-
tune or train from scratch for tailored affect rewards. Shin et al.
[59] employed pre-trained BERT classifiers, which they fine-
tuned on datasets with emotionally labeled dialogue: SST-2
[60] and EmpatheticDialogues [61]. These emotion classifiers
were used to train an agent to maximize empathy in its natural
language responses via REINFORCE [22]. Jhain et al. [62]
trained BERT models based on valence-arousal coordinates
derived from the EmpatheticDialogues dataset, and used them
to derive rewards to aplify empathy valence for deep RL
agent training. Zhou et al. [63] trained conversational assistants
via BERT, DistilBERT, ALBERT, and RoBERTa models [64]
that classify user emotions into positive, negative, or neutral.
Notably, Zhou et al. trained all models in an end-to-end

fashion on a private dataset of emotionally labeled e-mails,
rewarding the agent for eliciting positive emotions in simulated
customers.

Brahman and Chaturvedi [66] fine-tuned a pre-trained GPT-
2 model to reward a storytelling agent based on similar-
ity to desired emotion arcs within the story. Sharma et al.
[67] trained an agent to perform sentence-level edits in a
story to increase empathy in posts and maintain text fluency,
sentence coherence, context specificity, and diversity. While
text quality rewards are computed through a combination of
pre-trained and custom-trained language models, the affect
reward (change in empathy) uses a custom-trained RoBERTa
model on a dataset of paired interactions labeled for empathy
[68]. Similarly, Ma et al. [69] use pretrained text-to-text
transformers [70] to train an empathy identifier on a mental
health corpus, which acts as a reward for a PPO agent trained
to generate empathic responses. Finally, Rahman et al. [71]
use the latent space of a graph-based transformer model as
input to train a dueling DQN agent for emotion recognition,
with a fixed positive or negative reward for correct or incorrect
classifications.

While Large Language Models (LLMs) have been popular
for a multitude of zero-shot tasks, their applications in ARL
seem underexplored. The only example of truly large models
for affect rewards is the work of Yuan et al. [72] for an
agent assisting in dementia care. The agent detected the
state of the patient—in terms of forgetfulness, confusion,
anger, and disengagement—through a pre-trained LLM with
no finetuning (GPT-40), using the patient’s states (along with
other parameters such as timesteps or task completion) as a
composite affect reward for the robotic assistant.

D. Theory-based Modeling

A common alternative to intrusive human feedback or data-
hungry models for affect rewards is to manually define rules
for affect based on theoretical frameworks of psychology and
affective sciences, specifically. These reward signals are gener-
ally more interpretable and transparent than those derived from
black-box models [73], whilst also being more lightweight
computationally. However, their fixed and human-designed
nature means they are generally less adaptable and highly
specific to the context of the agent. This approach is common
in the broader affective computing literature, such as matching
laughter as an increase in joy [74] or encountering a monster
in a horror game as an increase in tension [75].

An indicative example comes from bipedal robots handling
the task of social navigation. Zhu et al. [76] rewarded the
robot based on a variable minimum distance between the robot
and pedestrians based on the pedestrians’ emotions; both the
values for comfortable social distance and how pedestrians’
happy, neutral, or negative emotions affect such distance was
based on psychological studies [77].

Within games and player modeling research [78], common
affect constructs studies are those of fun, enjoyment, and en-
gagement. Early studies on affective computing (beyond RL)
used principles from game design [79] and the psychological
concept of flow [80] to estimate enjoyment based on diversity
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Fig. 4. Emotional responses to events depend on cognitive appraisals. For example, when faced with the same computer failure, Frank, a novice, feels
desperation due to low perceived control, while David, an expert, appraises the situation with more power, though it still obstructs his goals. The model
predicts emotions by evaluating factors like suddenness, goal relevance, conduciveness, and power, generating an appraisal vector that maps to emotions.
Differences in responses mainly stem from perceived power, which in RL terms reflects an agent’s ability to influence outcomes and rewards. Model predictions
are matched with human data from vignette experiments. Image taken from [65] with authors permission.

of stimuli [81]. Shu et al. [18] leveraged similar notions
for an agent that generates fun levels for Super Mario Bros
(Nintendo, 1985). The agent’s action was to generate the next
segment of the level, and was rewarded based on a “sweet
spot” of tile diversity with previous level segments (calculated
via KL-divergence) as an estimation of Koster’s theory of fun
[79]. This approach was extended to cater for different player
personas, each with their own fun formulation based on the
divergence of their gameplay [82]; in a recent user study with
90 participants, this fun metric was found to be consistent with
viewer expectations [83].

A notable family of theory-based affect comes from the
Temporal Difference Reinforcement Learning (TDRL) theory
of emotion [84], which simulates agents’ emotional responses
from the RL framework itself. Emotions are approximated
using temporal difference (TD) errors: distress arises from
negative TD errors, and joy from positive ones. Anticipatory
emotions such as fear and hope are modeled using predic-
tions from a forward model, representing the expected TD
error. Regret corresponds to the negative difference between
expected and actual rewards [85], meaning an agent has taken
an action that gave it a poorer outcome than expected. Rather
than serving as direct surrogates for human emotions, TDRL
emotions aim to enhance transparency in agent behavior [86]
and foster improved human-agent alignment and collaboration
[87] by simulating its own internal emotional reactions. In
contrast to the other ARL methods in this section, TDRL
emotions do not act as the reward signal for training the agent,
but are derived from behavioral rewards to explain the internal
state of the agent. Therefore, the approximation of emotions
based on TD errors can lead to more believable and transparent
agent behaviors, as validated in a robot object detection task
[88] and in a grid-based navigation task [89]. Moreover,
concepts such as simulated regret can lead to improved agent
performance: Soman et al. [90] used simulated regret to
adaptively balance exploration and exploitation through an e-

greedy action selection strategy. High regret indicated a poor
model of the reward landscape and caused exploration to
increase. This is especially useful in dynamic environments,
where agents can adapt their behavior based on fluctuating
regret levels.

Zhang et al. [65] developed an agent that combines ap-
praisal theory with TDRL emotions by incorporating four
key appraisal dimensions (i.e. suddenness, goal relevance,
conduciveness, and power) directly into the RL learning loop.
These appraisals are classified into modal emotions (happiness,
boredom, and irritation) using a Support Vector Machine
(SVM) classifier calibrated on simulated data, with emotional
states persisting across time steps. The agent is assigned
a positive or negative reward depending on whether they
correctly enter the desired goal state. Validation experiments
with 72 human participants in reading comprehension tasks
showed a strong alignment between model predictions and
self-reported emotions. Zhang et al. [91] extended this work by
integrating Scherer’s Component Process Model [92] with RL
to predict emotional responses in interactive task environments
(see Fig. 4). Similar to their previous work, they perform
appraisal computations from the agent’s TD updates, and
employ SVM classifiers trained on theory-defined appraisal
patterns to predict intensities of modal emotions, including
joy, fear, shame, and desperation. Validation with human
participants, who were tasked with reading technology inter-
action scenarios, showed that the model successfully captured
individual differences in emotional responses. Finally, Prasad
et al. [93] also use appraisal theory to drive learning in a PPO
agent by introducing cognitive appraisal variables—such as
certainty, novelty, and goal congruence—into various reward
functions, and were shown to successfully simulate mental
health disorder behaviors such as anxiety and OCD.

IV. AFFECTIVE ACTIONS

In this section, we discuss three major categories of action
spaces used by ARL agents. First, we cover actions that
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Arousal

Fig. 5. An example play trace in the Solid Rally racing game (top image)
taken from [52], where an RL agent was trained to imitate the average behavior
and arousal of expert players in the AGAIN dataset [94]. The depicted trace in
the bottom image is colored according to the arousal responses generated by
the agent during gameplay;blue and red color indicates low and high arousal,
respectively.

affect the behavior of the agent (see Section IV-A). We then
move on to survey agents that learn to take actions that
alter the content of their environment (see Section IV-B).
Finally, we cover agents taking actions that directly alter their
internal affective state rather than any outward behavior or
environmental context (see Section IV-C).

A. Behavior

An RL agent typically learns by experience to take actions
within a fixed set of contexts or interactions provided by an
environment; we refer to this sequential decision-making as
agent behavior. As covered in Section III, ARL diverges from
typical RL research in that the agent learns to exhibit behaviors
which elicit specific affective responses from a human or
affect model, rather than a reward signal provided by the
environment to accomplish a specific task. In this section,
we illustrate the various forms of behavior actions that are
currently used in ARL.

Games offer perhaps the most challenging form of sequen-
tial decision making, as an agent typically is required to
perform fine-grained, fast-paced, and precise actions. In most
real-time games, these actions are related to pathfinding or
(short or long-term) planning, such as learning to navigate
within a level and reach a target [20], eliminate enemies [53],
or race against other drivers [51]. Some games also offer a
rich social interaction setting, allowing RL agents to be trained
to converse with other players [57]. Affect is typically used
to take more human-like behavioral actions [49], [51], [53],
or as a learning signal for optimizing action selection [20],
[52]. Figure 5 depicts an indicative example of a gameplaying
agent which learns to drive whilst imitating the behavior and
affective responses of players.

Robotics presents substantial similarities with video games
in terms of the agent’s behavioral space. In robotics, an RL
agent learns to control the physical locomotion of the robot
[30]. For example, Kim et al. [42] trained a robotic arm to
move physical items in a cluttered environment more safely
using ErrP signals from a human-in-the-loop. Another inter-
esting example by Churamani et al. [57] sits at the intersection
of robotics and video games: they trained a physical robot to
negotiate the value of an exchange with a human while playing
the Ultimatum social game, and used a dynamic internal
affective mood to guide its decision making during negotiation.
Similarly, Angelopoulos et al. [95] used human feedback to
train a robot to play the game Mastermind, where the robot
must learn to guess the code provided by a human player
by pointing towards colored balls. They then used TDRL
emotions (see Section III-D) derived from the robot’s actions
and uncertainty to improve the transparency of its behavior to
the human teacher.

Intuitively, actions which govern agent behavior are com-
monly used for RL agents in autonomous driving systems
[96]. However, in practice, ARL has so far focused solely on
recognition of the driver’s mental state for safety applications
such as maintaining driver alertness [37], rather than physical
control of the vehicle. An indicative study of this approach by
Yousaf et al. [38] trained a deep RL agent to take corrective
actions based on EEG signals of the driver. Such actions
included auditory alerts and speed adjustment to promote
better driver attention.

In healthcare, this type of action typically require the agent
to interact with a human patient, either by providing direct care
or by alerting other staff for aid [97]. An indicative example
of this use case in ARL can be seen in [72], where an LLM-
powered agent generates more natural verbal assistance for
patients living with dementia. Shaik et al. [48] trained RL
agents to monitor simulated patients’ physiological signals
(i.e., heart rate, respiratory rate, etc.) and alert the appropriate
medical emergency team for escalating care if required.

Finally, ARL can be used for general social interaction
settings, such as open conversations with a human or another
agent. The only indicative example found from our literature
survey is by Jhan et al. [62] who use RL for text generation
by training a deep RL agent to process BERT encodings and
retrieve the most empathic response in the EmpathicDialogues
dataset [61], outperforming a generative agent that relies on
a GPT model. Other studies in the social interaction domain
tend to use RL for finetuning transformer models [63], [98]
using emotion feedback; those are detailed further in Section
IV-C.

B. Context

The next type of action we survey is related to context, by
which the RL agent takes actions that generate new contexts,
or offer new contextual interactions in the environment. As
opposed to behavioral agents, which operate within a fixed
set of constraints provided by the environment, context agents
attempt to create entirely new contexts and interactions ac-
cording to a desired emotional experience for humans or
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Fig. 6. Examples of personalized arachnophobia therapy contexts generated using EDRL. The top row depicts the two types of VR environments developed—a
relaxing natural environment and a stressful setting—whilst the bottom row depicts the various levels of targeted anxiety for the generated spiders and their

attributes. Visual taken from [19], [99] with authors’ permission.

other agents. This makes context actions particularly useful
in domains with a strong emphasis on personalized inter-
actions between agents, humans, and their environment. In
this section, we survey studies on context adaptation—as
a sequence of actions generated by an ARL agent—across
different domains.

Designing new contexts for games based on the player’s
experience is considered one of the ultimate goals of Al-driven
game design [5]. An indicative study of context-based ARL
in games [18] generates endless Super Mario Bros (Nintendo,
1985) levels through an RL designer agent. The Experience-
Driven RL (EDRL) [82] framework trains a level designer
to take actions—which involve modifying level parameters,
such as platform placement, enemy distribution, and power-
up locations—to maximize a player’s fun; the fun reward
function is based on Koster’s theory of fun [79] and is cross-
verified against human players [83]. In a further development
of this approach, Barthet et al. [100] used the same EDRL
approach to train a designer agent that generates racetrack
layouts by iteratively placing predefined track components
(straights, curves, and bridges, etc.) so that it elicits specific
arousal responses across different players.

Healthcare is another promising domain for personalized
interaction and stimulus design, as the needs of individual
patients are often critical when implementing a treatment plan.
An indicative proof of concept study illustrating this idea is
by Mahmoudi-Nejad et al. [19], [99], [101], who implemented
a closed-loop system for personalized exposure therapy as a
treatment approach against arachnophobia. In their system,
the ARL agent takes design actions that incrementally adjust
attributes of virtual spiders to maintain optimal anxiety levels
for therapeutic exposure. The designer agent uses Tabular
Q-Learning to generate attributes, which correspond to the
spider’s locomotion, range of movement, closeness to the
patient, hairiness, size, and color, examples of which can

be seen in Fig. 6. Shen et al. [102] also propose a closed-
loop system, where the agent’s actions involve generating
personalized therapeutic music conditioned on real-time EEG
feedback, which the authors aim to evaluate in the near future.
The action space encompasses musical parameters such as
tempo, key, and instrumentation, with rewards computed from
both music-theoretic quality metrics and observed emotional
state changes in users. Sharma et al. [67] trained agents to
suggest edits to sentences to increase empathy for support-
providers in conversations with support-seekers whilst main-
taining coherence, fluency, diversity, and adherence to the
context.

C. Internal Affect

Beyond behavior and contexts, ARL agents may learn to
make internal affect predictions according to observations
received from the environment. Naturally, this approach can
train emotion recognition models similarly to supervised learn-
ing: the agent is rewarded for making predictions that align
with a ground truth. Studies using this approach generally do
not focus on domain-specific environments. rather they test
ARL’s effectiveness across generic affect corpora in an offline
manner. We categorize this type of action into two groups: (a)
models trained from scratch using traditional RL methods such
as DQN and PPO, and (b) models fine-tuned from existing
pre-trained models, such as LLMs.

Zhou et al.’s [103] Emotion-Agent exemplifies agents using
traditional RL algorithms. They train a PPO agent to identify
emotionally salient neural activity on provided EEG signals.
The agent learns to classify segments based on their emotional
relevance, with rewards based on proximity to emotion cluster
centers. Another notable example is the speech emotion recog-
nition work by Rajapakshe et al. [104], where the actions of a
deep RL agent correspond to predicting emotional states from
speech features. The agent learns a policy that maps acoustic
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features to emotion categories, receiving rewards based on
classification accuracy. In their follow-up study, Rajapakshe et
al. [105] performed domain adaptation using deep Q-learning
over an existing pretrained speech emotion recognition model.
Tangentially, in the early anger detection system by Lakomkin
et al. [54], the REINFORCE algorithm was used to train
agents that predict the onset of anger in speech, with actions
representing confidence thresholds for making emotional pre-
dictions with an existing SL affect model. Finally, Rahman
et al. [71] train a dueling DQN agent for predicted emotions
ranging from happiness to frustration, with a fixed positive or
negative reward for correct or incorrect classifications.

LLMs’ ability to handle new modalities has been applied to
predict affect labels in existing corpora [106], [107]. Similar
to RLHF [16], a recent study [98] explored the use of
Reinforcement Learning with Verifiable Rewards (RLVF)—
first introduced by DeepSeek R1 [108]—to fine-tune LLMs
for improved emotion prediction. Specifically, they finetuned
the HumanOmni-0.5B model on 232 samples from the EMER
dataset and 348 samples from their own manually annotated
HumanOmni dataset. Their reward is broken down into two
parts: an accuracy reward, which rewards the model for
identifying the correct emotion compared to the ground truth
label, and a format reward to ensure the model sticks to a strict
output format that is interpretable for the downstream analysis.
Results show that an LLM trained with this extension of RLVF
outperforms three baseline models significantly across three
different video affect corpora, highlighting the strength of RL
for improving emotion detection in LLMs.

V. AFFECTIVE STATES

The aim of the ARL agent within our framework is to learn
a mapping between its current state and a desired affective
action. Therefore, the state space must embed the necessary
affective and contextual information required for the agent to
learn such a mapping. In this section, we survey the different
state spaces used in ARL methods and categorize them into
three main types. First, we cover agents which rely on features
extracted from verbal observations of humans such as text and
speech (Section V-A). Next, we survey non-verbal cues from
humans such as facial expression, physiological signals, and
body stance (Section V-B). Finally, Section V-C covers ARL
agents that use features extracted from contextual information
available in the environment.

A. Verbal Observations

Predicting affect through human verbal communication,
such as text and speech, is a popular line of research within
affective computing [109]. Verbal information can potentially
offer rich sources of both semantic content and implicit emo-
tional states of the speaker. These observations are becoming
increasingly popular to use in affect modeling, especially with
the emergence of the transformer architecture and the result-
ing improvement in natural language processing capabilities.
Affective computing work that relies on verbal cues mostly
tackles emotion prediction and conversation. Therefore, we or-
ganize this section across the two types of verbal observations
available: text and speech.

For text-based ARL, an indicative early example by Li
et al. [56] feeds text from emotional conversations from
the NLPCC2017 dataset into a constrained encoder-decoder
architecture to generate more relevant replies. In recent studies,
the transformer architecture has become the dominant under-
lying method employed for automated feature extraction. For
example, Shin et al. [59] take raw conversation text and use a
combination of a fine-tuned BERT model for sentiment clas-
sification, and embeddings extracted using Word2Vec [110]
to generate more empathic responses. Similarly, Sharma et al.
[67] use raw text posts from support seekers and responders on
a mental health platform to generate sentence edits to improve
empathy using a GPT-2 architecture. For example, the NARLE
framework [63] uses a method called Scopelt [111] for filtering
task-relevant sentences from text that express emotion through
an architecture using BERT for more concise observations.

For speech-based ARL, a common approach for the state
representation relies on extracted acoustic features such as
MFCCs [112], given their proven effectiveness for the task
in the broader field of AC. For example, Rajapakshe et
al. [104] used a CNN-LSTM architecture to process MFCC
features, which act as the state space for an RL agent which
achieved improved accuracy on standard emotion recognition
benchmarks such as IEMOCAP and SAVEE. Lakomkin et al.
[54] also extracted a fixed set of 15 MFCC-based features for
a real-time emotion classification agent in conversations from
the IEMOCAP corpus. In contrast, Liu et al. [58] forgo the
use of MFCCs and instead use an audio encoder for extracting
emotion embeddings from a raw reference speech segment,
which is combined with a text encoder for a more emotionally
appropriate text-to-speech model.

B. Non-Verbal Observations

Non-Verbal cues from humans-in-the-loop—such as facial
or bodily reactions—are one of the most common forms
of observation for visual affect sensing in computer vision
[113]. These are particularly useful for tasks which place more
emphasis on physical or physiological cues from humans-in-
the-loop—rather than verbal interactions between two parties.
Such cues are useful for healthcare [48] and robotics [76],
which we cover below.

In the domain of affective robots, the ARL agent is typi-
cally deployed alongside a human-in-the-loop, and therefore
combines sensors governing its own state with the predicted
state of its human counterparts. For example, Zhu et al.
[76] developed a bipedal robot that uses projected pedestrian
position and velocities alongside other non-verbal cues to nav-
igate roads more safely. Churumani et al. [57] employed pre-
trained facial emotion recognition models to extract features
from video streams. These typically produce either categorical
emotion labels or continuous valence-arousal values that serve
as part of the agent’s observation space.

In healthcare applications, there is an emphasis on cap-
turing non-verbal features that describe the emotional state
of any human patient involved. Physiological observations
are commonly used in patient care ARL agents, such as the
system by Shaik et al. [48], which uses the patient’s heart and
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Fig. 7. Examples of contextual state spaces, visualized alongside the games
from the Affectively Framework [53]. From top to bottom: (a) Pirates
platformer game, (b) Heist first-person shooter, and (c) Solid Rally racing
game.

respiration rate and their skin temperature as its state space.
Duttu et al. [114] include both musical features (i.e., tempo,
key, timbre) and the user’s EEG responses to music to generate
music for emotional management therapy. In dementia care
scenarios [72], camera-based systems could track patient facial
expressions and body language to assess confusion, distress,
or engagement levels. These visual cues complement other
observation modalities to provide a comprehensive view of
the patient’s state.

C. Contextual Observations

As opposed to the human observation spaces described
above, contextual observations encode information specific to
the environment, the agent, and the task at hand. Typically,
these features rely on domain knowledge provided by the
human designer when implementing the environment and the
agents to be trained. In ARL, these features are chosen with
an emphasis on capturing both functionally and emotionally
relevant information for the agent’s affective learning com-
pared to traditional RL, where functional information is the
most important. In this section, we group the different forms
of contextual observations according to the domain tackled by
the environment.

Within the domain of games, the type of contextual ob-
servations used depends heavily on the genre of the game
being played, and often overlaps significantly with typical RL
methods. For example, Barthet el al. [53] trained affective
gameplaying agents across three different game genres, each
with its own contextual observations. For racing games, such

observations include the agent’s velocity, rotation, whether
it is off-road or crashing, and the distances to its nearest
surroundings [51], [52]. For platformer games such as Super
Mario Bros (Nintendo, 1985), these observations may include
the agent’s current velocity and health, whether it’s currently
in the air due to a jump, or how many collectibles it has picked
up [18], [53]. For first-person shooters, relevant contextual
information might include the amount of ammunition and
enemies left, the number of enemies in line of sight, and the
distance and angle to the nearest enemy [53].

Robotics relies on contextual observations that govern an
agent’s internal state through specialized sensors, which cap-
ture its position, movement, and relation to other objects. An
illustrative study by Kim et al. [44] trained a robotic arm
to physically wave in response to prosodic feedback from a
human participant, using a state space representing the loco-
motive state—i.e., the current waving motion—for learning. In
another example study [95], an ARL robot was trained to play
the board game Mastermind using features that describe the
secret codes guessed by the agent so far; the robot physically
pointed to colored balls on a board.

Within other domains such as healthcare and autonomous
driving, there is an expected focus on human (verbal or
not) over contextual observations, given the nature of these
domains. In a tangential study by Deepa et al. [115], the
ARL state considers the car’s behavior alongside physiological
cues obtained from the driver to predict the driver’s emotional
state; however, the specifics of the car’s observations are not
described in detail.

VI. OPEN PROBLEMS AND OUTLOOK

This survey has clearly illustrated the diversity of ap-
proaches within ARL, both in terms of how affect is used
within the RL process and affective loop, and in terms of
the tasks and domains tackled during learning. As this area
matures, we expect research on ARL to contribute both to
improving the current challenges of typical RL agents, as well
as help advance the field of affective computing by providing
an alternative to the supervised learning paradigm. In this
section, we outline the current issues in ARL training, and
discuss our outlook with respect to the domains tackled—or
yet to be explored—by this research area, as illustrated in Fig.
8.

Similar to other research areas within affective computing,
the main challenge in ARL is producing an accurate and
reliable affective signal for training. A large portion of the
works surveyed in this paper rely on either a human-in-
the-loop or model-driven methods to derive an appropriate
affective reward signal. This typically requires sensing through
physiological signals or less obtrusive methods, such as man-
ual annotation and facial and body expression recognition
through cameras. Depending on the domain, a reliance on
sensors can limit feasibility when deploying outside of the lab,
where data is less likely to be clean and within distribution.
Reliably approximating affective states with less reliance on
intrusive sensors will be a significant step forward for this
line of research to deploy more easily outside of controlled
lab environments.
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Fig. 8. Distribution of papers identified in our survey across (a) affective rewards, (b) affective actions, and (c) affective states, further grouped by the five
major domains used in ARL. The miscellaneous domain refers to ARL papers that do not apply to a particular domain but use RL for tasks such as emotion

recognition [54], [104] or training affective conversation agents [63], [67].

Digital games have a strong presence within ARL and
present a diverse range of complexities in terms of the task
and form of agent interaction. This is because games fit
naturally with RL research, provide a rich form of human-
computer interaction [5], and are a safe and fast environment
for training. ARL within games can be grouped according to
the ultimate goal of the agent. The first grouping uses affect as
an implicit reward signal for learning optimal behavior through
physiological signals—such as ErrP signals [39]—without
using task-specific reward functions. The survey highlights
how such signals can generalize well across similar, simpler
games; however, the state of the art is yet to tackle more
complex and vast games that are more typical of modern
commercial games. The second grouping uses model-based
methods through theory or data-driven methods. As these do
not require a human-in-the-loop, the barrier for entry for this
line of research can be significantly lower and more feasible
for applications outside of the lab. However, more work needs
to be done to release publicly available affective corpora paired
with appropriate RL environments (such as [53]), which can
fuel future research. With the advancements in computer vision
capabilities, we believe vision-based affective game corpora
(such as [116], [117]) present a strong opportunity for testing
ARL on more complex, AAA games where access to the game
engine is not available.

Healthcare arguably presents the most impactful domain for
ARL research, as it can help ease the burden on overburdened
healthcare networks, which remain a challenge worldwide.
Within ARL, there is a clear focus on adaptable agents that
can provide care to patients suffering from physical or mental
issues, such as phobias [19], dementia [72], and emergency
care [48]. Given the human-centric nature of healthcare, it is
no surprise that the most common method used in training

follows a human-in-the-loop architecture with physiological
signals to derive reward functions. With the advancements of
Al in healthcare, such as SL for interpreting scans [118], future
research should work alongside healthcare staff in patient care
interactions, where ARL’s strengths show compared to other
Al methods. By including the affective states of the patient
and healthcare workers, ARL healthcare agents can take more
informed decisions that improve both physical and mental
well-being.

Robotics was a very popular domain for early ARL re-
search, using simulated agent emotions [14]. In our survey,
robotics has been a popular testbed for implicit feedback
rewards [35], [41] or theory-based affect reward functions
[86], [95]. Affective robotics presents a strong domain for
research where there is more emphasis on physical human-
agent collaboration, especially in overlap with other domains
such as healthcare, where collaboration between doctors and
surgeons with machines is becoming more prevalent in modern
medicine [119]. Such agents could provide faster responses
(e.g., by alerting staff) [120] and manage emergency situations
(e.g., deliver CPR) [121] until caregivers are available. This
capability can help reduce stress for both carers and patients
during vulnerable periods—such as overnight hours when
fewer medical staff are present and fatigue may more strongly
affect decision-making.

In vehicular applications, there is a focus on detecting
human drivers’ affective state and reacting accordingly to
maximize alertness and safety on the road. In the current state
of the art, the agents typically react through the car’s audio
system—such as playing a beep or music—or by altering the
car’s climate control system. Modern vehicles can provide
feedback to the steering wheel for a haptic feedback option.
With the rapid development of in-car sensors and systems (e.g.
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devices that can read biometric signals from the driver with
better accuracy), we expect this line of research to see further
development and deployment into real-world scenarios.

As shown in Fig. 8, a substantial body of work within ARL
research does not apply itself to a specific domain but either
builds agents for emotion recognition tasks [54], [104], [105],
or trains conversation agents with an emphasis on affective
replies such as empathy [67]. Going forward, this type of
research can greatly benefit other, more domain-focused work
in ARL by creating better affect models more suited for inter-
active settings and continued, incremental learning compared
to SL methods. This would allow for a more dynamic system
which better closes the affective loop, as depicted in Section
II-B. This would, for example, allow game designers to create
games which continually adapt to their players’ affective
preferences as they evolve over time. Healthcare agents could
also benefit by continually improving their models of patients’
affective state throughout their care, as opposed to using a
fixed model.

There are many other domains involving interaction between
humans and computers or other devices that are yet to be
explored in ARL research. For example, ARL can be used
to adjust the interfaces of websites and apps, such as social
media, based on the real-time emotional experience of the user.
With the rise of smart devices in homes, a similar idea to the
study applied in vehicles [38] can be applied to maximize
comfort and positive affect through climate control, music
playback, and lighting in homes. We believe ARL is a natural
fit for any such affective interactions where there is a strong
emphasis on sequential and real-time decision making without
the need for collecting large amounts of human data.

As with any research on affective computing there must be
a strong emphasis on ethics and ensuring agents do not cause
harm when deployed. Currently, there is an overwhelming
focus in ARL literature on promoting positive affect, however
such systems could easily be trained by malicious actors to
do the opposite and cause harm. Furthermore, even positive
intentions can cause unwanted harm to users [122], such
as creating echo chambers or be manipulated to promote
dangerous ideas. As a result, ARL research must also focus
on transparency, safety, and controllability to ensure that it is
ultimately beneficial to society.

VII. CONCLUSION

Affective reinforcement learning has clear promise to push
the development of affect models outside of the typical su-
pervised learning paradigm followed within affective com-
puting. The area, whilst still relatively small compared to
other paradigms in affective computing, is seeing more and
more promising research and is inching closer to the ultimate
goal of closed-loop affective computing systems. For instance,
affective adaptation of stimuli based on recognized behaviors
and emotions is becoming more common, with successful ap-
plications both in games and in healthcare. As RL algorithms
and traditional affect models continue to develop, one can
expect ARL to gain momentum and see widespread real-world
deployment and adoption.
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