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ABSTRACT

Reinforcement learning (RL) is typically framed as a machine learn-
ing paradigm where agents learn to act autonomously in complex
environments. This paper argues instead that RL is fundamentally
human in the loop (HitL). The reward functions (and other compo-
nents) of a Markov decision process are defined by humans. The
decisions to tackle a certain problem, and deploy a learned solution,
are taken by humans. Humans can also play a critical role in pro-
viding information to the agent throughout its life cycle to better
succeed at the problem in question. We end by highlighting a set
of critical HitL research questions, which, if ignored, could cause
RL to fail to live up to its full potential.
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1 INTRODUCTION

Reinforcement learning (RL) is a common approach for training au-
tonomous agents to learn sequential decision-making tasks. While
this research has spanned decades, it has recently gained promi-
nence in the research community due to its multiple successes
in difficult benchmark tasks. Unfortunately, there have been rela-
tively few instances of successful deployment of RL in real-world
tasks.! We argue that to begin addressing key questions that enable
real-world RL applications ,we should think of RL as a process for
integrating and leveraging human knowledge, rather than fully
autonomous agent learning.

The typical academic framing of a Markov decision process
(MDP), as done in Sutton and Barto [23], shows an agent interacting
with an environment (see Figure 1). In contrast with this traditional
view of RL, our goal is to argue three points:

(1) RL (like most machine learning) is fundamentally human in
the loop (HitL);

(2) RL agents can greatly benefit from humans (or other agents)
— ignoring such existing knowledge typically slows down
learning significantly; and

(3) If our community ignores the critical role that humans play
in RL, we will miss many opportunities for RL to succeed in
impactful settings.

!For the purposes of this paper, we will define real-world tasks as ones where the agent
makes impactful decisions in the real world. This could be a physical robot performing
a cleaning task or a virtual agent taking actions to trade stocks. An agent playing a
simulated game without real-world consequences does not qualify.
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Figure 1: An RL agent can learn to act in a Markov decision
process, but this process must be defined by a human. With-
out specifying the actions, state formulation, and the reward
function, an RL agent would not be able to learn.

Many argue that just having a reward function is sufficient for
agents to learn very complex behaviors:

In this paper, we consider. .. that the generic objective
of maximising reward is enough to drive behaviour
that exhibits most if not all abilities that are studied
in natural and artificial intelligence. [21]

While we agree that reward can be used to allow an RL agent to
accomplish many different tasks, we argue that this framing may
cause researchers to miss a key point: reinforcement learning is
fundamentally a human-in-the-loop paradigm. To this point, the
reward function must come from somewhere — currently, a reward
function must be defined by a human, not the agent itself. It is
possible that RL algorithms may advance to the point where an
agent can go out into the real world and learn tasks on its own.
However, in order for current methods to solve real-world problems,
a human, often a subject matter expert (SME), needs to be intimately
involved in the project to achieve successful agent performance.

In order to limit the scope of this paper, we make four assump-
tions. First, the applications considered are “real-world” and are not
toy (benchmark) domains like Atari or board games. Second, people
with different skill sets? are willing and able to help, even if they
are fallible. Third, we only consider single-agent domains (omitting
discussions around multi-agent RL and human-agent teaming). Fi-
nally, although agents can also help other agents learn, we limit
ourselves to external human assistance.

Section 2 of this paper will discuss how humans are necessarily
involved in multiple phases of the RL problem formulation, solu-
tion, and deployment. Section 3 discusses how potential solutions
to open questions raised in Section 2 might be evaluated. Section 4
concludes with a call for the community to recognize the impor-
tance of humans in the RL process and to focus time and energy on
the problems raised. Ultimately, we hope the reader will agree that

Later, we will explicitly consider how subject matter experts, machine learning
developers, computer scientists, and laypeople can help in different phases of the
learning process.
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Figure 2: Humans play a critical role in machine learning
tasks. This picture is adapted from Figure 1 in Mathewson
and Pilarski [16].

the problems raised are indeed critical blockers that could prevent
RL from realizing its full potential in real-world problems.

2 FIVE PHASES OF RL DEVELOPMENT

Others have previously argued that all machine learning (ML) is
fundamentally human-in-the-loop. For instance, Mathewson and
Pilarski [16] argue that ML is a multi-step process, and each step
may rely on human input (see Figure 2). Ultimately, any ML process
is: initiated by a human, using data that is often cleaned by a human,
running a human-designed algorithm (possibly with the assistance
from humans while learning), on a learning objective defined by a
human, and by providing predictions a human can act on.

In this paper, we argue for a slightly different framing by focusing
on RL and breaking the process into five® distinct phases, listed
in Figure 3. This section of the paper argues why humans play a
critical role in each phase.

Throughout these different phases, people with different types of
expertise will be more or less useful, as discussed in the following
subsections and summarized in Table 1.*

2.1 Step 1: Problem Identification

RL is an amazing hammer, but it needs to find the right nail. Ap-
plying RL to inappropriate problems is likely to result in failure [7].
In order to identify a problem that RL can potentially solve with
an appropriate amount of resources, an evaluation is needed from
scientific, business, and subject-specific angles. Current agents can
not perform any of these kinds of analyses.

Identifying an appropriate problem requires both technical and
business input. From the technical side, one needs to consider
whether the problem can be modeled well as an MDP, how dif-
ficult it will be for the agent to perform the task, whether RL can
outperform an existing process (if any), and what data or simulators
are available. Companies need to be convinced that the return on
investment (ROI) will be worth the effort by balancing how im-
pactful a successful solution will be, how likely the research team
will be successful in training an agent, and how long the team will
take to implement a solution. A key open problem is how to best
identify potential RL problems in business settings and then make

30ther divisions of the RL problem formulation and life cycle are possible [13].
4Note that we use broad and overlapping categories to describe different types of
human knowledge — more nuanced views, including people’s level of expertise, should
be considered in the future.
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Figure 3: This paper discusses 5 steps towards successful RL
deployment, each of which involves humans. For exposition
purposes, we differentiate between how humans are neces-
sarily part of the decisions around the learning process (step
3) from how humans could assist in accelerating/improving
an agent’s learning (step 3).

a risk/reward judgement on whether the project is worth pursuing.
There are many possible problems that RL could address — it is a
general and flexible framework. However, unlike supervised learn-
ing, it can be difficult in practice to understand when RL would be
effective and worth the upfront cost required to generate a proof of
concept or minimal viable product. This is particularly true if the
company does not have access to experts with multiple years of RL
experience.

Open questions include how to write guidelines to help busi-
nesses identify problems that could benefit from RL, how to evaluate
their feasibility, and how to estimate their potential ROL

2.2 Step 2: Formulating the MDP

In most RL research settings, we assume we are provided a defined
(and fixed) MDP, while businesses must generally construct an
appropriate MDP. The action set, state variables, and reward must
be carefully selected or constructed so that the agent is able to
learn with a minimal amount of environmental interaction, while
still achieving performance high enough to make it worthwhile to
deploy.

For example, the action set should not be too large (slower to
learn), too small (cannot achieve optimal performance), too low-
level (forcing the agent to learn concepts that could be easily pro-
vided), or too high-level (not letting the agent to fine tune its behav-
ior). Similarly, the reward function must be carefully constructed so
that the agent is able to learn quickly, but also achieve high asymp-
totic performance on the targeted real-world metric.> Improving
elicitation techniques would better allow domain experts to assist
machine learning technicians in defining the problem.

Open questions include how to best work with SME to (itera-
tively) elicit knowledge to create and refine an MDP, how to best
align the reward function with what the business desires, and how
to best find the “Goldilocks Zone" where the MDP is only as detailed
as it needs to be (and no more).

SWe note that there are methods to help address some of these problems. For instance,
option discovery [2, 3, 24] can be used to construct (useful) temporally extended
actions, representation learning [12, 22] is a general area of research attempting to
discover or construct useful features, and appropriate reward shaping [9, 19] could help
find a more useful reward function. However, we believe that significant algorithmic
work is required before these methods can easily help construct an MDP that could
outperform one carefully designed by a SME.



Table 1: People with different expertise will be more or less useful at different phases of the RL project life cycle.

Problem Phase

Peopl — - -
eopie 1: Identification  2: Formulation 3: Learning

3’: Human-Accelerated Learning  4: Deployment 5: Maintenance

Business v v

SME v v
DevOps
Laypeople
ML/RL v v v

v
v
v v

SNENENENEN

2.3 Step 3: Learning

This subsection considers how humans must make decisions before
an agent can learn on the defined MDP and the first consideration
relates to data. Is there data that can be used to help the agent
bootstrap with offline or batch learning methods? If there is no sim-
ulator, is it worth constructing a simulator, and how accurate does
it need to be? What are the best ways to transfer knowledge from a
simulator to an agent acting in the real world (e.g., sim2real [25])?
How should one balance between an abstract simulation that is
fast to learn and a more realistic simulation that is slower? If no
simulator is used, how can the agent learn as quickly as possible
while minimizing regret and other potential side effects (e.g., wear
and tear on a robot)?

Whether learning in simulation or in the real world, a particular
learning approach needs to be selected (e.g., value-based, policy
search, or a genetic algorithm) along with a particular algorithm.
If a neural network is used, an appropriate architecture needs to
be selected and hyperparameters that need to be tuned. While all
of these could potentially be chosen automatically (e.g., by auto-
ML [8] and neural architecture search [15] methods), such a search
is generally quite constrained by the amount of data required (or, if
the agent is acting in a purely digital environment, the amount of
simulation time required). When selecting how much compute or
time to spend on hyperparameter tuning, one must also consider
how much total compute or time should be spent before the system
can be deployed. Or, if the system must act in the real world, how
much compute or time is expected to be required before the agent
can outperform an existing system?®

Open questions include discovering best practices for when an
agent should learn offline vs. learn in a simulator vs. learn online
in the real world and how to balance the amount of compute/time
between hyperparameter tuning and learning.

2.4 Step 3’: Human-Accelerated Learning

While the prior section focused on the entire learning process,
this section discusses how to best incorporate human knowledge
into the learning process itself. Every machine learning algorithm
has biases and it may make sense to include such biases from
knowledgeable humans in order to speed up the learning process.
For instance, one could explicitly consider a human as part of the
system and how that human could help the agent best learn —
a number of assistance types are highlighted in Figure 4. There

SFor instance, an agent that must control a plant in the real world could be benchmarked
against an existing rule-based controller, or could be benchmarked in terms of how
much learning is required before the agent can learn a policy that is good enough for
the plant to be profitable.
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Figure 4: A human has many different ways of influencing
an agent’s learning before or during learning.

are many examples in the literature that show human assistance
can significantly improve learning — if such help is available, past
research [4, 17, 18] suggests that it does indeed make sense to
leverage it. Furthermore, the previous section argued that humans
are involved throughout the RL life cycle — assisting agent learning
is just one more place where human knowledge can be leveraged.

How a human can best assist an agent is an open area of research
and the goal of this paper is not to exhaustively list the many
different ways humans can improve agent learning. Instead, the
interested reader is directed to existing surveys on this topic. For
example, there are many ways of categorizing the different methods
of human assistance, including

e What type of assistance is provided? [4]

e How is the assistance used or interpreted? [4]

o Is the assistance general or specific to a certain state (or set
of states)? [18]

e What is the modality of the assistance (e.g., textual vs. ges-
tures vs. pressing buttons)? [18]

o Is the human or agent in control of the overall process? [17]

A human’s individual expertise and capabilities determine the
types of assistance they should be asked to provide to the agent. For
example, a pilot can demonstrate flying a plane (i.e., using a learning
from demonstration algorithm [1]), while a layperson could provide
useful positive or negative feedback [11] or provide preferences
over different trajectories [5].

Open questions include if and how we can develop guidelines
about when one type of assistance would be better than another,
which will likely depend on factors like the human’s abilities, the
task difficulty, and the learning algorithm used; how should dif-
ferent types of advice be combine, even if they conflict; how to
best leverage limited human input across large, complex tasks; and



what are best practices around providing information to a user (e.g.,
explainability or transparency of the agent).

2.5 Step 4: Deciding to Deploy

At some point, an agent learning in simulation may be given the go-
ahead to start acting in the real world. Similarly, an agent acting in
the real world in a test environment may eventually be promoted to
production. These decisions critically depend on human assessment
and their understanding of the risk/reward tradeoffs of allowing
the agent to take actions with real-world consequences.

A closely related question to whether the agent has trained
enough is whether the MDP formulation needs to be revisited.
For example, a policy that earns high reward may in fact produce
unwanted behavior, whether it is a bicycle riding in circles [20]
or a boat getting stuck in a reward loop rather than learning to
complete the task [6].

Open questions include discovering best practices for evaluat-
ing RL agents before deploying to the real world or production, or
if they should re-formulate the underlying MDP and try to learn a
higher performing policy.

2.6 Step 5: System/Agent Maintenance

During and after the agent is deployed, there will be critical ques-
tions about what hardware is required, how to ensure robustness
and safety, and what types of real-time human supervision will be
required. But even once the agent is successfully running, there are
additional considerations related to whether the agent continually
learns, if/when the agent needs to re-train, and if/when the problem
formulation needs to be revisited. For example, if there is a large
change to the transition function due to changes in the system, one
might want the agent to re-train from scratch. Or, if there are new
inputs available due to additional business knowledge, how should
these new features be incorporated into the agent? Or, if the needs
of the business changes, how should reward function be changed
and how does this affect the agent’s learning?

Open questions are less well defined in this setting because
there have been relatively few deployed RL systems — as more
RL systems are deployed, we will very likely identify novel prob-
lems related to safety, reliability, trust, continual learning, and
non-stationarity, all of which require HitL thinking to develop best
practices. One particularly relevant question is how to best de-
velop systems that are maintainable by companies that do not have
RL expertise in house, as this is currently not a common skill in
industry.

3 EVALUATION OF RESEARCH QUESTIONS

In this work we argue that it is critical to involve humans through-
out the RL problem life cycle and highlight open questions. Unfor-
tunately, these research questions are difficult to evaluate, much
less benchmark, as is common practice in RL (and ML in general).
Instead, we argue we should develop approaches and best prac-
tices and evaluate them individually on the different phases of the
problem.

A first step would be to come up with proposed best practices,
similar to software engineering best practices, for one or more of
the problems. For instance, in step 3, one could propose a set of

heuristics for when one type of advice would be more useful than
another, and then test these different types of advice over a set of
benchmark tasks.

However, because it is difficult to construct a set of benchmark
tasks that are likely to represent many different real-world tasks, a
more holistic (e.g., a case-study-based design) approach to under-
standing the likely success of different methods could be undertaken
by looking at how RL currently works (or fails) in the real world via
case studies. It will be critical for academics who do fundamental
RL research to work closely with businesses that apply RL to real
world problems. This is necessary to identify gaps in our under-
stand and identify what is most critical to allowing humans to help
RL succeed.

4 CONCLUSION & CALL TO ACTION

Our hope is that this paper has challenged the reader to not think
of RL as a fully autonomous paradigm, but instead as an iterative
learning and development process involving both learning algo-
rithms and humans. While better algorithms may chip away at this
assumption, full autonomy in terms of problem identification, con-
struction, and deployment is unlikely in the near-future. Instead,
we argue that it is critical to consider how humans and RL agents
can work together to solve sequential decision tasks.

Some readers may find the fundamental and applied research
questions raised in this paper “obvious” However, we argue that
based on the research in our community, these problems are either
unrecognized or under-valued. In order for RL to be as impactful
as possible in the near- to medium-term, we believe it is critical to
tackle these questions head-on. For example, if we always assume
the MDP is formulated correctly and provided to the agent, our
community will miss out on important research questions, limiting
the impact of RL in the real world.

In order for the RL community (and the agents community in
general) to maximize its impact, it is important to refine and tackle
these problems at the interface between humans and RL agents.
This will require more interaction between academics working on
fundamental research and practitioners who are using RL to solve
real-world problems on a daily basis. Workshops series like “RL for
Real Life” [14] are an important start, but much more remains to be
done. We hope that the reader will consider how their RL (and agent-
based) research could better benefit from explicitly considering
the human-agent interface in order to maximize the likelihood of
successfully deploying RL solutions.

When we successfully develop best practices for how potential
users of RL can best formulate useful problems, help RL agents learn
to quickly solve impactful tasks, and understand how to move RL
agents into production, we will be much closer to turning RL into an
impactful solutions method. Ultimately, this will help practitioners
no longer think that RL is “Unwieldy and It Takes a Lot of Time” [10]
but instead have it come into mainstream usage, outside of academia
and on increasingly important real-world problems.

Part of this work has taken place in the Intelligent Robot Learning (IRL) Lab at the
University of Alberta, which is supported in part by research grants from the Alberta
Machine Intelligence Institute (Amii); a Canada CIFAR AI Chair, Amii; Compute
Canada; Huawei; Mitacs; and NSERC. We also thank Bei Peng, Calarina Muslimani,
Laura Petrich, Robert Loftin, and Tianpei Yang for their detailed feedback.
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