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1 INTRODUCTION

Reward-based systems are used extensively throughout our societies!, starting in early childhood, continuing through
our education, and following on to our workplaces and government policies. It is an almost unquestioned fact within
these systems that rewards (and punishment) are an effective way to encourage the behaviours that we want and to
deter the behaviours that we do not want. However, we know from decades of psychological research into motivation
and learning that extrinsically focused rewards might produce short-term behaviours that meet our desires, but that
they can potentially cause long-term detrimental impacts that are contrary to our goals. This is especially true when
we are dealing with behaviours that should be driven from intrinsic motivation, such as learning and positive social
interactions. Interestingly, this faith in reward-based systems has flowed over into our design of technology, with

examples such as gamification and machine learning.

!Referring predominantly to the Global North.
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In this paper, we recount the history of reward-based systems and their role in our societies and systems. We discuss
the relevant psychological theories that have evolved over the last century, from behaviourism, to self-determination
theory, and flow. We examine how these theories have manifest in our design of software and technology, using
gamification and machine learning as case studies. We compare the common threads related to curiosity, play, and
intrinsic motivation that run through each of these systems. We question the ethics and effectiveness of the reward-based
systems that underpin how we learn, work, play, and design technology. Finally, we propose that we have limited
ourselves by thinking in terms of reward-based systems and that intrinsic motivation could hold the key to unlocking

opportunities and advancements in human and machine potential.

2 REINFORCEMENT AND CONTROL

The concept of reinforcement emerged from the field of behaviourism and the work of B.F. Skinner in the 1950s, following
on from Watson [46] and Thorndike [44]. Skinner’s work related to operant conditioning and experimentation in the
operant conditioning chamber, which became known as the Skinner box [39]. Skinner investigated how reinforcements,
positive and negative, could alter and ultimately control the behaviour of what were termed organisms. Skinner mostly
experimented on rats and pigeons, but humans were also organisms, no different to the subjects of his experiments. The
underlying philosophy of behaviourism is that organisms are collections of behaviours, responding to their environment,
and that controlling the environment will control the behaviours and, therefore, the organism.

In behaviourism, there is no concept of self or self-determinism. Rats, pigeons, and humans are collections of
behaviours, with no consciousness, mind, or choice. In the Skinner box, the rat or pigeon (starved to 75% of its body
weight) was placed in a sealed environment and was required to ‘learn’ that pressing a lever, in the right conditions,
would result in the dropping of a food pellet (see Figure 1). The organism could also ‘learn’ to press the lever to remove
negative reinforcement (electric shock). Although Skinner’s experiments successfully demonstrated that behaviour
could be manipulated and controlled with reinforcements, he also found that once the reinforcements stopped, the
behaviours stopped. Skinner subsequently experimented with different schedules of reinforcement and found that a
variable ratio reinforcement schedule (i.e., gambling) could slow the extinction of the behaviour. Although operant
conditioning is referred to as a process of learning, it is more accurately described as a process of training, manipulating,
or controlling an organism.

Although we might consider ourselves to differ from rats and pigeons, our societies abound with human-created
Skinner boxes. Schedules of reinforcement (rewards) and punishment underpin our education systems, workplaces, and
how we raise our children. Kohn [22] analyses decades of research on the use of rewards in classrooms, workplaces,
and families and concludes that rewards are unethical and ineffective. They are unethical because they are designed to
control an individual’s behaviour to suit the person or organisation doing the controlling and rarely for the benefit of
the individual. They are ineffective as they diminish interest in and devalue the behaviour itself and the individual
will cease the behaviour when the rewards stop. They also have adverse effects on risk-taking, creativity, and social

behaviour. The benefits are often short-term and narrow, but the detriments can be long-term with broader impact.

3 INTRINSIC MOTIVATION AND FLOW

Intrinsic motivation means doing something because it is inherently interesting or enjoyable, whereas extrinsic
motivation means doing something because it leads to a separable outcome [33]. Skinner’s reinforcements were extrinsic
(or external) rewards (i.e., separable outcomes) that exist outside of the self. Although this was not a differentiation

that Skinner made, as behaviourism does not have a concept of self. Following on from behaviourism, other theories
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Fig. 1. An illustration of Skinner’s operant conditioning chamber, also known as the Skinner box [48].

began to emerge in relation to why organisms might engage in certain behaviours. The concept of intrinsic motivation
was first acknowledged in animal studies in the late 1950s, where it was observed that many organisms engage in
exploratory, playful, and curiosity-driven behaviours without reinforcement [47]. Edward Deci pursued this theory in
the 1970s and argued that some activities provide their own inherent reward, so that motivation is not dependent on
external rewards [11]. Importantly, he raised the question of how extrinsic rewards might affect intrinsic motivation.
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In the mid-1980s, Self-Determination Theory (SDT) was proposed to explain motivation, based on psychological
needs, including innate needs for competence, autonomy, and relatedness [13]. Competence is a need for challenge and
feelings of effectance, autonomy is a sense of volition or willingness, and relatedness is a sense of belongingness and
connectedness to others. SDT distinguishes between intrinsic and extrinsic motivation and explains that satisfying the
psychological needs can enhance intrinsic motivation, whereas external rewards can undermine intrinsic motivation
[33]. The rewards are not the only factor, as they can be experienced to be more or less controlling depending on the
contingencies and the environment [12]. Threats, deadlines, directives, evaluations, imposed goals, and competition
pressure can also diminish intrinsic motivation as they are experienced as controllers of a person’s behaviour [12, 33].
Rewards can also be given informationally (e.g., acknowledging good performance) without attempting to control and
strengthen the behaviour. The rewards themselves are almost incidental, with the greater issue being the control versus
self-determination of human behaviour in a social context [12].

Intrinsic motivation is manifest in behaviours that people often do for no external rewards, such as play, exploration,
and challenge seeking [12]. This bears a close resemblance to the concept of flow [9], also originating in the 1970s,
which seeks to understand what makes experiences enjoyable and why people engage in certain activities. Mihaly
Csikszentmihalyi began his research with people who spend large amounts of time and effort on activities that are
difficult, but provide no external rewards, such as composers, chess players, and rock climbers. His later studies were
conducted with a broader set of people, asking them to describe how it felt when their lives were at their fullest and
when what they did was most enjoyable. He found that optimal experience, or flow, is the same around the world and
irrespective of social class, age, or gender. Very different activities are described in similar ways when they are being
enjoyed. Flow is an experience “so gratifying that people are willing to do it for its own sake, with little concern for
what they will get out of it, even when it is difficult or dangerous” [10]. The key element in flow is that it is an end in

itself — the activity is intrinsically rewarding and autotelic. In flow, the goal is often an “excuse” for the process [27].

4 GAMES AND GAMIFICATION

One domain in which motivation, flow, rewards, and learning, along with manipulative design, all come into play is
that of games and gamification. Gamification has been defined as the design strategy of using game design elements
in non-game contexts [15]. However, the selection and design of these elements are key in determining whether the
designed system will play to intrinsic or extrinsic motivation and the resulting impacts and implications for the end
user. It would be a mistake to consider that simply taking individual game elements and applying them in a non-game
context will result in increased motivation and engagement for the user, let alone considerations for their well-being
and long-term interest in the tasks or system. The first thing to consider before employing “game design elements” is
the nature and relationship of games and play.

There are many definitions for games, but they are commonly defined as rule-bound activities with goals and at least
one player who tries to fulfil the goals [21]. Games have also been contrasted with play, as a form of play with goals and
structure [24]. Caillois [7] used the terms “paidia” and “ludus” for playing and gaming, as two poles of play activities,
with paidia referring to uncontrolled, free-form, and improvisational activity and ludus to restricted, structured, and
goal-focused play. Games have been described in relation to play as both a formalised subset of play and as an activity
that includes play [21]. However, the core learning is that play is a fundamental component of games and that games
do not exist without play. Rules, structure, and goals alone do not constitute a game. It has been noted that gamified

applications often focus on rule-bound, goal-oriented play, rather than open, exploratory, free-form play [15].
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Games have been long acknowledged for their motivational pull and potential for use in other domains, with an early
example being educational games in the 1950s [21]. Games are an example of the autotelic experience described by
Csikszentmihalyi [10], as players are willing to play games for the experience itself, without need for external reward
[43]. This, in part, explains the popularisation of the concept of gamification, since the first documented case in 2008 [15].
However, the evolution of gamification can also be tied to reinforcement and reward-based systems that predate modern
game design. Many corporations have had loyalty programs running for decades, in which they reward customers
with points, status, freebies, and perks for their continued patronage [29]. To refer to these systems as gamifications
is to misunderstand the nature of games and the centrality of play to these experiences. It has been suggested that
“pointsification” would be a more accurate name for such systems [32] or perhaps even “exploitationware” [3]. We
suggest that “Skinnerification” could be another appropriate term. The expectation that this approach will increase
motivation to engage with a system, or at least engagement that continues when the rewards stop, is also contrary to
the decades of research discussed in the previous sections.

The most commonly used forms of gamification have been points, levels, leaderboards, and achievements, also
referred to as reward-based gamification [29]. It is not surprising then, that these types of systems play to extrinsic
motivations and can be prone to the same issues as other reward-based systems. Many gamification systems seem to
draw inspiration from achievement systems on gaming platforms, such as Steam (see Figure 2), Xbox, and Playstation
[17]. For example, some of the early drivers of the “new wave of gamification” [17], mobile application Foursquare and
website StackOverflow (see Figure 2), have borrowed their design elements from game platform achievement systems
[26]. It has been suggested that these systems themselves are gamifications of games, in the form of a shared meta-game
layer across all games on the platform, and that they closely resemble corporate loyalty programs [17]. Game designers
have questioned whether these achievement systems obscure the core game experience and shift playing motives from
intrinsic enjoyment of the game to extrinsic hunting of achievements [17]. One possible reason for the narrow and
reward-based approach of many gamification systems is that gamification has been driven by industry publications
and frameworks [26], many of which have lacked validation or grounding in research [14]. It has been noted that
reward-based gamification is tempting to use, as it is easy to implement and has an immediate effect (rewarding in
itself), but reward-based systems have caused harm over the years [22] and reward-based gamification is no exception
[29].

Nicholson [28] observes that gamification seems to assume that using the term “game” means that an activity will
become a more engaging experience, despite generally using the least interesting part of a game (i.e., the points system).
He notes that there are more effective ways than a scoring system to engage users. There has been substantial research
in the field of games design and player experience that seeks to understand what makes a gaming experience engaging
or enjoyable. For example, the PENS (Player Experience of Need Satisfaction) is a measure of need satisfaction in play,
elaborated from SDT [34]. Similarly, GameFlow [42, 43] is a model of player enjoyment in games that includes eight
elements (e.g., Challenge, Control, Clear Goals), which is based on Csikszentmihalyi’s flow. Zwart [53] notes that in
applying GameFlow to a gamification system that a choice can be made for each element in whether to achieve the
criteria via designing for intrinsic or extrinsic motivation.

It is also important to consider the extent to which the gamification is seeking to control versus support the user.
Consistent with the findings of SDT, it is possible for reward-based gamification systems to be experienced to be more
or less controlling. For example, leaderboards can be experienced as a form of goal setting [23] and game platform
achievements can be experienced either intrinsically (as competence boosts) or extrinsically (as ego boosts), depending

on the design and the player [8]. Nicholson [28] asserts the importance of taking a user-centred approach to designing
5
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Fig. 2. Players earn achievements on game platform Steam (top), while website StackOverflow (bottom) includes badges and a
reputation points system to motivate users to engage [40].

gamification systems, asking “how does this benefit the user?” for each design decision. User-centred gamification
design is not about controlling the user, it is about empowering the user. The benefit to the user should be first and the
organisation second [29].

Nicholson [29] contrasts reward-based gamification with meaningful gamification, which is defined as using game
design elements to help build intrinsic motivation and meaning in non-game settings. Performing tasks for intrinsic
reasons leads to a healthier mental state and well-being than performing tasks for extrinsic rewards [29, 33]. Meaningful
gamification encourages a deeper integration of game mechanics into the non-game context, with a focus on the
underlying activity and an understanding of where the integration of game elements makes sense [28]. Meaningful
gamification uses gameful or playful layers to help a user find their personal connections that will motivate their
engagement with an activity for long-term change [29]. What is “meaningful” depends on the individual and no one
gamification fits all. This resonates with SDT, in which intrinsic motivation exists in the relation between individuals

6
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and activities [33], and also with flow, in which the experience is a function of the individual and the task [10]. Users
need to be empowered by the gamification system to create, learn, and demonstrate mastery in different ways. The
system should afford meaningful engagement, but not prescribe it.

It has also been proposed that extrinsic motivation provided by gamification systems can help a user to establish
their intrinsic motivation for an activity [52]. However, decades of research has shown that the impact of extrinsic
rewards is usually to decrease intrinsic motivation [33]. Some recent research has suggested that extrinsic rewards in
gamification systems can have a positive effect on intrinsic need satisfaction [49], but further research is needed in this
area. There are also some situations in which reward-based gamification systems can be useful - when the user has no
way to develop intrinsic motivation for an activity, when the goal is to teach a skill with a real-world value (which
the user will recognise upon mastering the skill), or when it is necessary to create immediate or short-term change
[29]. Recent research has proposed gameful design heuristics that include intrinsic motivation heuristics, extrinsic
motivation heuristics, and context-dependent heuristics [45].

It is also important to consider the relationship between the gamification layer and the activities and tasks that
it is aiming to support [21]. If the gamification and activities are not well integrated, then the user might end up
focusing on the gamification to the exclusion of the activity. If the gamification represents an overly simplified model
of the activity, then the user can develop less-effective behaviours. If the gamification has flaws, then users are likely
to deliberately exploit weaknesses that they find, in effect “gaming the gamification”, which could provide a source
of intrinsic motivation that the system itself lacks. Knaving and Bjork [21] recommend that the gamification model
should not overshadow the main activity, that it should be opt-in or invisible, that users should not be penalised for not
engaging with the gamification, and that any mandatory actions should be meaningful in regard to the main activity.
Nicholson [29] also highlights the importance of choice in interacting with gamification systems, noting that play is
optional and that users need to be able to choose to engage with the system on their own terms. This relates back to the
SDT need for autonomy.

The considerations for gamification raised in this section resonate with the issues put forward by Kohn [22], leading
to the questions of not only “is gamification effective”, but also “is gamification ethical”? Perhaps the latter is a question
that can be applied not only to gamified systems, but to games more broadly. Many games employ design practices
that can be considered manipulative, such as dark patterns [50], taking our understanding of psychology, HCI, and
design, and applying them for subversive, rather than supportive, purposes. These questions of ethics in game design

and gamification are well placed in the current broader commentary around ethics in Al and technology.

5 MACHINE LEARNING

Given the pervasiveness of reinforcement schedules in our everyday lives, it is not surprising, then, that reinforcement
has spilled over into how we train machines. Reinforcement learning is an approach to machine learning that aims to
learn which actions in a given situation are most likely to lead to maximum reward in the future [41]. Reinforcement
learning was inspired by The Law of Effect put forward by Thorndike [44], and the concept of actions and consequences,
or trial-and-error learning [41]. Unlike other forms of machine learning, it models an intelligent agent that can influence
its environment. Reinforcement learning has applications in medicine [51], robotics [1], and advertising [6]. However,
it has shown the most promise for tasks with clear rewards, such as the Atari computer games [25] and traditional
board games (e.g., Go [36] and Chess [37]). In these domains, reinforcement learning methods greatly outperform any

other algorithms and are often superhuman in ability.
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Despite this success, these algorithms consistently perform poorly at tasks that have sparse or hard to find rewards
[4]. Even games that are relatively simple for humans, such as Montezuma’s Revenge (see Figure 3) are challenging for
reinforcement learning in that the agent must learn a set of skills in order to find its first reward [2]. Hand-crafting
dense rewards on a case-by-case basis has proven difficult and error-prone [4], leading to building interest in developing
intelligent agents that can learn to self-reward, via intrinsic motivation. An intrinsically motivated agent engages in
behaviour for its own sake, even if those actions are unlikely to have practical value in terms of the specified task [38].
However, what the agent learns from these self-motivated behaviours is often essential to developing the skills required

to solve the intended task.
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Fig. 3. First room of Montezuma’s Revenge. The player must climb down the ladder, use the rope to jump to the platform on the
right, avoid the skull, and collect the key in order to obtain the first reward.

Extrinsic rewards in reinforcement learning are premised on the belief that it is easier to recognise good behaviour
than to describe it. For example, winning a game of Chess is much harder than identifying who won. However, in
practice, structuring these extrinsic rewards has several problems. Agents might shortcut the reward mechanism, known
as wireheading, allowing them to gain a reward but avoid the implied objective [16]. For example, an agent that was
intended to learn to win a boat race instead learned to perform small loops, forever picking up speed boosts due to the
rewards provided [30]. Extrinsic rewards can not only lead to unwanted behaviour but can potentially be so challenging
to achieve that an agent might never reach a single reward. One agent trained to solve mazes almost never found the
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exit, even after millions of interactions, and so failed to learn the task [35]. This gives rise to a ’chicken and the egg’
problem as rewards are needed to learn appropriate skills, but those skills are needed to gain the first reward.

Both wireheading, and the difficulty of achieving the first reward can be addressed by giving the agents intrinsic
motivation. Wireheading may not be alleviated completely, but as skills learned intrinsically are not dependant on the
extrinsic reward, they tend to be broader and more generalisable [38]. Furthermore, intrinsic motivation can provide
rewards for the agent to learn the basic skills required to achieve an initial reward, bootstrapping the learning process.
Exactly what kind of intrinsic motivation is best in reinforcement learning is still not well understood, but two general
ideas have emerged: learning about the environment and learning how to control it.

Agents that seek to learn about the environment, often referred to as novelty-seeking or curiosity-driven agents,
reward the agent for learning about its world. Recent research has shown that providing an agent with a curiosity
reward, via an Intrinsic Curiosity Module, enables an agent to explore enough of the game to reach its first rewards
[31]. The curiosity bonus is awarded to the agent based on how poorly it can predict a future state given its current
state and the selected action. That is, the agent is encouraged towards actions that have unexpected consequences.
A surprising result was that agents trained using purely this intrinsic curiosity reward performed quite well on the
extrinsically motivated task, even though they were never made aware of their real objective. One downside with the
technique is a problem called the ‘Static TV’ problem [5], which is a thought experiment that argues that an agent with
a remote control to a noisy TV would become stuck watching TV due to its unpredictable behaviour. This proves to
be a serious problem, as environments often contain large sources of uncertainty that can never be learned and that
contain no useful information.

A different approach to intrinsic rewards is to motivate an agent to be able to control its future. This is achieved by
maximising an information-theoretic concept called empowerment. Empowerment is a measure of how much influence
the agent’s actions will have on its future state [20]. This causes the agent to prefer states from which it is able to
keep its options open. One implementation of this is UNsupervised REinforcement and Auxiliary Learning (UNREAL),
which supplements extrinsic rewards by learning how to control observed pixels while navigating a maze [19]. The
combination of pixel control and extrinsic rewards allows the agent to greatly outperform previous algorithms in sparse
reward problems such as labyrinth navigation.

Intrinsic motivation has shown a great deal of promise in solving sparse reward problems in reinforcement learning,
but there are still many unanswered questions. For example, what kind of intrinsic motivation is most useful, and most
generalisable? How should intrinsic rewards be combined with extrinsic rewards? That is, should an agent only rely
on intrinsic motivation or transition somehow from intrinsic to extrinsic motivation over time? Outside of games,
reinforcement learning has not yet delivered on its promise of optimal control. The reality may be that extrinsic rewards

alone are simply not enough to properly train agents to robustly solve tasks with real-world complexity.

6 DISCUSSION

There has been a great deal of research and debate related to reward-based systems and their implications for humans
over the last few decades. The focus of this paper is to consider how we take these insights and lessons learned and apply
them to our design of technology. Debate and discussion around reward-based systems often centres on the effectiveness
of these systems. In this paper, we have considered issues of effectiveness related to the impact of short-term rewards
on long-term behaviour and motivation. We have also explored the situations in which reward-based systems might be
more or less effective. The question that is not often explored and that is, perhaps, even more pertinent to the broader

context of designing technology currently is the question of whether reward-based systems are ethical. The answer to
9
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this question must be considered with respect to the design intent of the systems, are they to support or to control? Are
they to benefit the individual, in terms of learning and development, or are they to support the organisation in having
the individual comply and perform? Are we designing systems that seek to achieve short-term organisational-focused
outcomes (e.g., increasing profits), at the cost of the well-being of the individual? There is no clear answer to the
question of whether reward-based systems are ethical, because the answer is that it depends on the context. In the
same way that machine learning and data collection are not inherently unethical, we must consider how, why, and
what future impacts could occur. What we can conclude is that reward-based systems can be designed and used in
an unethical way and that we must place ethics front and centre in our design process. It is unethical to leverage
our understanding of psychology to manipulate people into engaging in behaviour that serves an organisation or
government, but that is to their own detriment. Valuable future work lies in further defining and refining the ethical
design of reward-based systems in technology, including games and gamification.

With respect to machines, reinforcement learning has demonstrated that rewards alone are insufficient for learning
effective behaviours to solve tasks with real world complexity. When rewards are sparse and it takes a long time to
receive the first reward, the machine needs to first develop skills, in order to be able to find the first reward. For the
phenomenon of wireheading, machines are susceptible to learning the wrong thing or focusing too narrowly on a
reward. This mirrors the behaviour of humans in gamified or other reward-based systems. Presenting a reward in either
case is inviting reward-seeking behaviour, for which organisms and machines are incentivised to find the minimal path
to the reward. Depending on the design of the system and rewards, this could involve short-cutting or missing the
designed behaviour or outcome entirely. As discussed with respect to gamification, humans can take great joy in the
behaviour of gaming the system in this way. It is also possible that the resulting behaviours will be counter to the
purpose or intent of the system.

The shortfalls of reinforcement learning reflect the incomplete understanding inherent in using reinforcement,
or Thorndike’s Law of Effect [44], as the foundation for modelling learning. Humans do not learn via a process of
reward-seeking, we learn through an innate drive for discovery, in which the experience is its own reward. There is an
element missing in our understanding and modelling of learning behaviours in the context of reinforcement learning.
Researchers have attempted to bridge this divide with the same approach that has proven to be most effective for
human learning, intrinsic motivation, in the form of curiosity and empowerment. Curiosity (seeking new states) and
empowerment (increasing choice of state) can be compared to SDT needs of competence and autonomy. Interestingly,
when using intrinsic motivation, machines have incidentally increased their performance at the desired task, of which
they were unaware. We propose that the element missing from reinforcement learning is the same element missing
from behaviourism on which it is premised, that is, the concept of self. To learn and to be effective at a task, you need
more than a set of behaviours and you need to be more than a set of behaviours.

We have conducted our analysis primarily from an individualistic perspective, grounded in psychological theory. We
have focused on the rewards of the individual, both human and machine, to the exclusion of the collective. Although
out of the scope of this paper, valuable future work lies in a sociological analysis, including both human collectives
and multi-agent systems. There are many interesting examples of social reward systems within video games, such as
massively multiplayer online role playing games (e.g., World of Warcraft). Likewise, there have been interesting recent

advances in multi-agent reinforcement learning, including applications of intrinsic motivation [18].
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7 CONCLUSION

Biologically-inspired computing, including machine learning, affords us the ability to hold a mirror up to ourselves and
to test our fundamental understanding of how the processes we are modelling work in our natural world. There is
value in not just improving our computing techniques, but also in questioning our assumptions about our world and
ourselves when designing these systems. Machines, like humans and other organisms, struggle to learn, or to learn
accurately and effectively, in an environment where external rewards are the only motivator. Like humans, machines
will focus too narrowly on the extrinsic rewards and learn the wrong thing or be unable to generalise what they learn.
Like us, machines must first learn how to learn, before they can learn any external task effectively. Furthermore, it
seems that there is a universality to the satisfaction of needs, particularly with respect to learning and play, in that
organisms and machines can be deeply motivated by curiosity, exploration, empowerment, and self-determination. In
answer to the question “do game bots dream of electric rewards?” - maybe they do, but only because they have been
limited by our faith in reward-based systems. Let us be more than “a society of loyal Skinnerarians, unable to think our

way out of the box we have reinforced our way into” [22].
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