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Abstract: Interactive reinforcement learning methods utilise an external information source to
evaluate decisions and accelerate learning. Previous work has shown that human advice could signif-
icantly improve learning agents’ performance. When evaluating reinforcement learning algorithms,
it is common to repeat experiments as parameters are altered or to gain a sufficient sample size.
In this regard, to require human interaction every time an experiment is restarted is undesirable,
particularly when the expense in doing so can be considerable. Additionally, reusing the same people
for the experiment introduces bias, as they will learn the behaviour of the agent and the dynamics
of the environment. This paper presents a methodology for evaluating interactive reinforcement
learning agents by employing simulated users. Simulated users allow human knowledge, bias,
and interaction to be simulated. The use of simulated users allows the development and testing
of reinforcement learning agents, and can provide indicative results of agent performance under
defined human constraints. While simulated users are no replacement for actual humans, they do
offer an affordable and fast alternative for evaluative assisted agents. We introduce a method for
performing a preliminary evaluation utilising simulated users to show how performance changes
depending on the type of user assisting the agent. Moreover, we describe how human interaction
may be simulated, and present an experiment illustrating the applicability of simulating users in
evaluating agent performance when assisted by different types of trainers. Experimental results
show that the use of this methodology allows for greater insight into the performance of interactive
reinforcement learning agents when advised by different users. The use of simulated users with
varying characteristics allows for evaluation of the impact of those characteristics on the behaviour
of the learning agent.

Keywords: reinforcement learning; interactive reinforcement learning; reward shaping; methodology
for simulated users

1. Introduction

Reinforcement learning (RL) is a machine learning technique that allows artificial
intelligence to learn from experience. RL agents attempt to refine their behaviour through
interaction with the environment [1]. Using a trial and error approach, an RL agent can
observe how performed actions affect the agent’s state and the reward obtained. In Figure 1,
the blue box shows the classic RL loop between a learning agent and its environment. In
this regard, the sequence of actions an agent chooses to take, given the information it has
learned about the problem, is known as the agent’s policy. Ideally, the agent learns the
steps that lead to an intended outcome by reinforcing the desired behaviour with a reward
value [2].
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Figure 1. Interactive reinforcement learning approach. An illustration showing the involvement of
an advisor and its relation to the traditional reinforcement learning process.

Initially, RL was used to find solutions to narrow problems such as Tic-tac-toe and
Backgammon [3,4]. However, this straightforward and limited framework had difficulties
in scaling up to real-world problems [5,6]. Therefore, Kaelbling et al. [7] argued that to
solve highly complex problems, RL must give up its tabula rasa learning approach and
begin to utilise information from outside of the environment.

Assisted reinforcement learning (ARL) techniques utilise information provided by
advisors, entities external to the environment, to leverage the learning process. These
outside sources may be demonstrations, other agents, past experiences from other domains,
or humans providing evaluative or informative advice [8]. Human-sourced information
has shown great potential due to its breadth, depth, and availability [9]. ARL agents that
interact particularly with humans during operation are known as interactive agents, these
agents have shown large improvements over unassisted agents [10–13].

In interactive reinforcement learning (IntRL), a human is involved in the agent’s
learning process [14,15]. Figure 1 shows the IntRL approach with an advisor observing
the learning process and providing advice in selected episodes. While the human-in-the-
loop approach to learning is one of the interactive agent’s greatest strength, the human
can also often be the biggest obstacle [16]. Moreover, human trials are expensive, time-
consuming, suffer from issues with repeatability, and acquisition of participants can be
difficult. Therefore, during the first stages of development of IntRL agents, we hypothesise
that it is much more convenient to simulate human interactions. This would enable rapid
development, and save the real human trails for moments when the agent is complete
or stable. Nevertheless, the use of simulated users so far has been addressed with no
methodology to properly evaluate the underlying IntRL approach.

This paper proposes the use of simulated users for the evaluation of IntRL agents. In
this context, a simulated user is an automated user model that reproduces human character-
istics [17,18]. While simulated users are no replacement for real human interactions, the use
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of them is adequate for preliminary evaluation of agents, and during the development stage
of new agents, particularly when indicative results are sufficient for assessing agent perfor-
mance. Additionally, the use of a simulated user allows characteristics such as accuracy to
be specifically set, providing insight into how these characteristics alter agent performance.
Therefore, we present a methodology for evaluating IntRL agents by employing simulated
users that can suitably replicate some characteristics of human interaction. The proposed
simulated user methodology can be applied in different contexts such as human-robot
collaboration [19–22], explainable robotic systems [23–25], or bioprocess modelling [26],
among others.

2. Human-Sourced Information

The purpose of the advisor in IntRL is to provide contextually relevant information
to the agent. IntRL technique relies on constant interaction from an advisor to achieve
maximum potential. Human-sourced information can provide contextually relevant real-
time advice; information that can be used to speed up the agent’s learning process and
increase performance. The information may be given either by supplementing the reward
function [27], altering the policy [28], or adjusting how the agent makes decisions [9]. One
aim of IntRL is to make the process of providing advice to an agent as simple as possible,
by using methods intuitive to the advice-giver, and by increasing the utility of each piece
of advice given to reduce the need for continued interactions. While human advice can be
beneficial to an agent [9,11,29], it does come with many challenges, the first of which is the
variability of advice-givers and the information they provide.

2.1. Characteristics of Human Interactions

Several characteristics of human interaction may impact the quality and applicability
of the information humans provide [8,16,30,31]. These characteristics of human-sourced
information vary and may include:

• Accuracy: it is a measure of how appropriate information is to the current situation.
An information source may be inaccurate due to confusion, poor knowledge, noise,
or intentional maliciousness.

• Availability: the information source may not be available all the time or may not
respond in the time provided.

• Concept drift: the intentions of the agent and the intentions of the information source
may shift over time, such that each time is attempting to work towards a different
goal or with a different understanding of the environment.

• Reward bias: advisors may have different teaching styles and prefer to give positive
or negative feedback. We classify this as positive reward bias and negative reward
bias respectively.

• Cognitive bias: it refers to an advisor’s preconceived thoughts about the nature of the
agent and the knowledge they have available to advise the agent in decision making.
Advisors are likely to provide advice related to the areas of the domain that they know
about and neglect the areas where they know little.

• Knowledge level: an advisor may have little information about all aspects of a problem
(breadth), or expert information about a single aspect (depth). Knowledge level
may also change over time as the advisor observes the dynamics of the agent or
environment.

• Latency: it is a measure of the time taken to retrieve information from the informa-
tion source. If the latency is too high, then the information may be applied to the
wrong state.

These characteristics of human-sourced information can present difficulties when
attempting to utilise humans as information sources. Difficulties interacting with people
may always be present, therefore, any agent that interacts with a human may experience
these issues.
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2.2. Problems with Human Testing

There are some challenges that need to be considered when using human-sourced
information in experiments [32]. The first concern is the expense. Acquiring and employing
people for use as an information source can be expensive, more so if domain expertise
is required. The expense continues to grow as the number of participants increases. The
second concern is the time requirements. It takes some time to acquire, employ, and if
necessary, train a participant for a human trial. Additionally, the time required for the
human to interact with the agent can significantly reduce the capacity for performing a
large number of experiments.

A third concern is a variability between humans acting as information sources, that can
lead to a wide disparity in results, depending on their various interaction characteristics.
Differences between participants may include teaching style, knowledge, latency, or accu-
racy [33]. This variability can make it difficult to compare methods reliably. Variability may
be mitigated by pretesting participants, while others such as cognitive bias are difficult to
identify. All pretests and screening add time and expense to experiments. If variability
between participants cannot be reduced, then larger sample sizes are required to achieve
statistically reliable results. However, this may also lead to the problem of repeatability of
experiments involving humans, the fourth concern. Repeating experiments is essential to
gather sufficient sample sizes and identify results with statistical significance but results
in increased time and expense. Additionally, participants become increasingly biased as
they familiarise themselves with the processes and dynamics of the experiment or become
tired or uninterested, making the comparison of methods/agents difficult. Although one
solution is to use new participants for each experiment, participants with the required
skills can be difficult to source.

While the use of human-sourced information can have a considerable impact on the
performance of an RL agent, the number of problems that are inherent to human involve-
ment can make its use difficult. This challenge presents a need for empirical methods for
modelling human-sourced information and the characteristics that accompany it [34]. In
this regard, simulated users may offer a consistent, reliable, and quantifiable method for
replicating human interactions to a degree suitable for providing indicative results.

3. Simulated Users

A simulated user is an automated entity designed to replicate the functions of a human
user. The purpose is to allow rapid and controlled training and testing. Instead of relying
on human assistance, the agent relies on a simulated user whose source of expertise is
defined ahead of time. They offer a quantitative method for representing and simulating
humans for the evaluation and training of machine learning methods [17,18].

Simulated users are not a replacement for actual humans, however, they do offer a
suitable method for gathering indicative results regarding agent performance when assisted.
Simulated users are not a method for acquiring new information about the behaviour or a
problem, instead, they require an existing solution or collection of pertinent information to
be of use to the agent. As such, simulated users are limited to the testing and evaluation
of agents on existing problems and not against new domains. Nevertheless, simulated
users can address concerns regarding human involvement: expense, time, variability,
and repeatability.

A simulated user can be designed to act as a human would in given circumstances.
Depending on the complexity and characteristics required, simulated users can, and should,
be designed to reflect the qualities of the humans that would be providing assistance to the
agent. It is important to exhibit as many as possible of the characteristics of human-sourced
information so that accurate evaluations can be performed. For instance, given that human-
sourced information is noisy, the simulated users should reflect this. Although assuming
that all the range of human characteristics can be completely and accurately replicated
is unrealistic, simulated users can provide the necessary functions required to develop
and test IntRL systems in place of actual human testing. Furthermore, simulated users
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can enforce consistency in evaluation, something that humans do not provide necessarily,
facilitating the replication and comparability of IntRL techniques.

3.1. Applications of Simulated Users

Expert systems face the same challenges as IntRL; expense, time, repeatability, and vari-
ability. Expert systems have employed simulated users to evaluate knowledge acquisition
methods [32,35,36]. Their use has shown advantages to perform controlled experiments.
Empirical studies require repeat experimentation to produce valid results, however, when
a user is contributing to an outcome they are learning more about the experiment each
iteration, which may bias the results. This problem of variability is compounded fur-
ther, as users organise their knowledge and priorities quite differently from one another,
complicating the method in which controlled studies are performed. Simulated users
assist in solving this issue in expert systems, accounting for both variability and scarcity
of users [33,36,37]. Compton [33] suggests that the use of simulated user evaluation is
possibly the only way to reliably and empirically compare different expert systems.

Spoken dialogue systems (SDS) have also employed simulated users for evalua-
tion [38–40]. The development, training, and evaluation of SDS require extensive time
interacting with humans, which is an expensive and time-consuming practice. In response,
the field adopted the practice of user modelling. User modelling, like simulated users,
attempts to design a representation of the intended audience of an SDS [41]. The advantage
of adopting user modelling and simulated users to produce training data is that the charac-
teristics of the simulated user can be modified to represent different intended audiences,
allowing for better evaluations of the dialogue policies created.

Expert systems and spoken dialogue systems are leading the development of simu-
lated users. Both areas of research suffer from the same issues as IntRL: human testing
is expensive and time-consuming, and controlled experiments and comparisons are diffi-
cult [33,42]. These fields have shown the benefits that simulated users have for training and
evaluation in their respective fields. The development of the simulated user field in these
two areas is progressing independently of each other; this implies a lack of structure and
terminology about simulated users. Following, we address this by outlining a proposal for
different types of simulated users, the principles that they should adhere to, and thoughts
on how to reproduce the characteristics of the users they represent.

3.2. Evaluation Principles

The success of using a simulated user for evaluation relies on how well it represents
the intended audience of the agent. It is important to build a comprehensive and accurate
model for the simulated user if reliable indicative results are to be gathered. The strength
of a simulated user can be assessed by its adherence to three fundamental principles.
These principles are consistency, completeness, and variation. Rieser and Lemon [43] first
proposed these principles as a novel way of assessing the ‘naturalness’ of spoken dialogue
systems. In this paper, we adopt these principles in IntRL since they are well-suited to the
evaluation of simulated users.

• Principle of consistency: states that simulated users should not take actions or provide
information that the intended user would not. This principle is constrained to the
context of the system being developed and the experimental parameters being tested.

• Principle of completeness: states that simulated users should produce every possible
action that the intended user may take. The more complete the action range of the
simulated user is the more exhaustive and accurate the evaluation can be.

• Principle of variation: states that simulated users should behave like the users they
are modelled from, while not replicating average behaviour completely. To effectively
replicate a real user, simulated users must produce outliers and perform unintended
actions that, while unlikely, real users may perform.
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A simulated user that adheres to these three principles can create a comprehensive
system for evaluation. However, while this system is complete in the sense of interaction,
it still does not completely reflect the full range of human characteristics [9].

3.3. Representing Human-Sourced Information

Representing the characteristics of human-sourced information in simulated users
is crucial to perform a suitable indicative evaluation. The intended user of a system is
not likely to be perfect, so the simulated user should not be either. By representing the
characteristics of human-sourced information a more detailed evaluation can be performed
showing how the system handles such factors and how different advisors affect agent
performance. Simulated users that model characteristics inherent to human interaction
allow a broader evaluation of the agent, as the values of the characteristics can be changed,
and the effect measured.

There are three types of models that a simulated user may be based on: probabilistic,
heuristic, and stochastic [44]. These methods, or any combination of them, are used to
designate how the simulated user is modelled, and how its responses to external signals
are decided.

• Probabilistic model: it uses a data-driven approach for representing the intended user
of the system [44,45]. The simulated user’s behaviour is defined by probable action
choices, probabilities determined by observations of real user behaviour. For example,
if users were observed to take action A in 40% of cases, and action B in the remaining,
then this would be replicated in the simulated user.

• Heuristic model: it is a deterministic approach for representing the behaviour of a
simulated user. Among the most common methods for representing information
deterministically are hierarchical patterns [46] and rule sets [47]. Heuristic models
are simple to create and maintain, and require little effort to modify. This approach
works well when there is little information known about the intended user, but that
information is thought to be accurate and reliable.

• Stochastic model: it is an approach used to simulate processes that fluctuate over
time, often within a boundary. While it may appear to be like the probabilistic model,
stochastic models have a random probability distribution. Examples of stochastic
processes include speech and audio signals, data such as temperature and pressure,
and medical signals such as EEG and EKG [48]. This approach to modelling is useful
for representing complex data and simulating indeterminacy from the intended user.

In Section 5, an illustrative experiment using a simulated user with an heuristic model
to represent accuracy and availability is demonstrated. Other more complex simulated
users have been used in contexts such as spoken dialogue systems [49] and human-robot
scenarios [16]. Particularly in [16], stochastic simulated users have been implemented
by previously trained artificial agents. These simulated users learned to solve the task
autonomously using a reinforcement learning approach and afterwards are used to train
other learning agents with a stochastic level of availability and accuracy. Moreover, other
techniques for simulated user implementation may include rules trees and ripple-down
rules [50].

4. Evaluative Methodology Using Simulated Users in Interactive
Reinforcement Learning

The primary contribution of this paper is a methodology for evaluating IntRL agents
by employing simulated users. Simulated users offer a method for interacting with an RL
agent in place of an actual human, speeding up testing and development, and removing
the need for human trials. The use of simulated users as an analogue for human advisors
leads to rapid development and for producing indicative results.

The application of simulated users enables a methodical and empirical approach to
develop IntRL techniques. This approach is faster and cheaper than using human users,
particularly when a broad evaluation of human characteristics is to be tested. Additionally,
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the use of simulated users does not require human trials or ethics approval, both of which
are time-consuming and potentially expensive. Moreover, simulated users provide control
over the characteristics of human-sourced information such as accuracy and knowledge
level. This control reduces the potential for bias that is often introduced into experiments
involving participants. Control of the simulated user model also allows evaluation into
the effect of an interaction characteristic on the agent’s performance. For example, how
varying levels of interaction frequency affects agent performance. Therefore, this approach
is potentially much faster and cheaper than using human users.

Simulated users can also be employed to facilitate the comparison of different IntRL
techniques. An issue with the use of humans for testing is that they carry their experiences
from past experiments to future experiments. This can result in the human user introducing
bias when comparing multiple agents. Unlike humans, simulated users can be reset after
each experiment, allowing for objective comparison of IntRL agents and repeatability
of experiments.

Evaluations of IntRL employing simulated users can return useful information about
how advisors with different characteristics affect the performance of an agent. Simulated
users can be modelled to represent a variety of different human users. This ability to model
intended users and use them to assess IntRL agents provides insight into how an agent
will perform under different conditions. These conditions reflect the characteristics of
human-sourced information. For example, these evaluations can demonstrate how an
agent performs with increasing amounts of inaccurate information, or how the number of
interactions affects performance. Additionally, these assessments of IntRL can be performed
very rapidly, and with considerably more control, compared to using human users.

Proposed Methodology

A general methodology for employing simulated users for the evaluation of IntRL
techniques is described here. The purpose of the methodology is to describe a method
for using simulated users to interact with an agent so that information can be collected
showing how different levels of the human-interaction characteristics (accuracy, availability,
etc.) affect the agents learning and performance. The methodology for implementing a
simulated user is straightforward, consisting of three phases: construction of the interactive
model, implementation of the interactive agent, and evaluation of the interactive approach.

During the first phase, construction of the interactive model, requirements of the
analogue are identified, and the user model is created. The model used to represent the
simulated user depends on the interaction characteristic being replicated, as some models
are better suited to some characteristics than others. Accuracy, for example, may be best
represented using a probabilistic model, allowing the level of accuracy to be quickly and
easily altered. However, knowledge level may be represented heuristically, as a set of rules
can be used to generalise a solution for a large state space. Simulated users may be models
from results collected from human trials, generated from datasets, or reverse engineered
from environment dynamics. Alternatively, multiple models may be generated to cover
a range of possible values for a characteristic. Rather than gaining a baseline accuracy
of advice from human trials, instead, a series of simulated users may be generated with
varying degrees of accuracy. The results from the set of simulated users can then be used
to infer what performance the agent would achieve if assisted by a human of variable
accuracy. For instance, if the agent is expecting the user to provide a recommendation for
the next action to take, testing how the accuracy of user-sourced advice affects the agents
learning may be a possible experiment. In this case, a series of simulated users may be
constructed with varying levels of accuracy.

The second phase is the implementation of the interactive agent. The implementation
depends entirely on the field of IntRL the agent is being used for, and the role the human
is to play in the specific implementation. Whatever the field of RL, the simulated user is
used in the same capacity that a real human would be. IntRL employs simulated users to
provide evaluation or assisted at the time of learning, while transfer learning uses simulated
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users to define common behaviours between two domains before learning commences.
In this regard, the implementation of the IntRL agent needs to consider elements such
as advice interpretation, advice structure, external model, and agent modification. All
these elements correspond to processing components and communication links within the
assisted reinforcement learning (ARL) framework [8]. Advice interpretation and external
model correspond to processing components, they represent how the advice is interpreted
(e.g., converted to a supplementing reward signal or to a suggested action) and how the
advice is used (e.g., in an immediate or persistent manner), respectively. Advice structure
and agent modification correspond to communication links, they represent how the advice
is shaped (e.g., as a state-action pair) and how the advice modifies the agent (e.g., reward-
or policy-shaping), respectively.

The final phase is the evaluation of the interactive approach. Testing of different agents
is performed in the same way as normal human trials, however now the delivery of advice
and the human interaction characteristics can be controlled using the simulated user. As the
characteristics of the simulated user can be controlled, the bias introduced from real human
trials is reduced. The simulated user is reset after each experiment, allowing repeated
experiments without the advisor necessarily becoming more familiar with the problem,
or introducing its own bias into the results. Additionally, after each set of experiments,
the simulated user can be altered to gather data regarding how the change in participant
affects the performance of the agent.

After the experiments have been completed the information collected can not only
show the agents performance, but this can be compared to the simulated user’s characteris-
tics. This information can allow new insights into IntRL agent behaviour such as how it
handles varying degrees of advice accuracy, human availability, concept drift, or knowledge
levels. Provided below is an illustrative example of this general methodology. Here, a series
of simulated users have been constructed with varying levels of accuracy and availability.

Figure 2 outlines the proposed methodology, considering the 3 phases mentioned
above and the elements that may be included in each of these phases. In Section 5, we
provide an illustrative experiment showing the use of an IntRL agent with a simulated user
using the proposed methodology.

Construction of 
the interactive model

Implementation of 
the interactive agent

Evaluation of the 
interactive approach

Methodology for Simulated Users 

- Probabilistic model
- Heuristic model
- Stochastic model

Representation of 
human-sourced information

Alteration of human 
interaction characteristics

- Accuracy
- Availability
- Concept drift
- Reward bias
- Cognitive bias
- Knowledge level
- Latency

- Advice interpretation
- Advice structure
- Immediate /
  persistent model
- Reward / policy
  shaping

Definition of interactive 
components and links

Figure 2. Simulated users methodology. While in the first phase, different representations of human-
sourced information can be considered, the second phase considers the definition of processing
components and communication links from the assisted reinforcement learning taxonomy. Finally,
the third phase includes running experiments to test the approach by altering human interaction char-
acteristics.

5. Illustrative Experiment

This section presents an experiment in which an IntRL agent is assisted by a simulated
user. The aim of the experiment is to demonstrate the use of a simulated user acting as an
analogue for a real user of the system. Furthermore, the experiment evaluates the effect
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that interaction accuracy and availability have on the performance of a Q-Learning agent
in the Mountain Car domain.

5.1. Experimental Set-Up

The Mountain Car problem has been chosen for its popularity as an RL testing envi-
ronment, and because a complete solution can be represented as a set of rules, making the
creation of a completely accurate simulated user simple. A complete solution for a problem
is not a requirement of a simulated user. The absence of a complete solution simply limits
the extent to which certain tests can be performed, such as knowledge level. The Mountain
Car problem involves a car, starting in a random location at the bottom of a valley between
two hills [1]. The objective is for the car, controlled by the RL agent, to get up one hill to
a destination point at the top. This problem is complex as the car does not have enough
power to drive directly up a hill. Instead, it must go back and forth between the hills
to build up enough momentum to reach the top. Figure 3 illustrates the Mountain Car
scenario used in this work.

The agent’s state s consists of two state variables, position and velocity, which are
represented as real numbers. The position p ∈ [−1.2, 0.6] is the agent’s position within
the environment, and v ∈ [−0.07, 0.07] is the velocity of the agent. A velocity greater
than zero indicates the agent is travelling to the right or increasing its position. In this
scenario, 2 actions are possible, accelerating the car either to the left or the right. At each
step, the agent receives a reward R of −1, and no reward when reaching the goal state,
as shown in Equation (1). The agent was given a learning rate of 0.25, a discounting of 0.9,
and used an ε-greedy action selection strategy with ε = 0.05.

R(st) =

{
0 if st is goal state
−1 otherwise

(1)

To create the simulated user for this experiment three pieces of information are consid-
ered: a model of the information the user will provide, a method for altering the accuracy
of the advice, and a method for altering the availability of the user. The simulated user
requires a model containing at least partial information about the environment or policy so
it can automatically evaluate or assist the agent.

Starting
position

Goal

Agent

Figure 3. The Mountain Car scenario used in this work. The agent begins at a random position within
the starting region shown in yellow and must reach the goal position shown in green. The agent
does not have enough power to drive directly to the goal position, therefore, it needs to build up
momentum by going back and forth between the hills.

For the Mountain Car problem, a complete solution is known and can be used to create
a model for the simulated user. For the following Mountain Car experiment, the simulated
user employs a heuristic model with a set of rules. The simulated user will agree with



Biomimetics 2021, 6, 13 10 of 16

the agent if the agent took an action that would accelerate it in its current direction of
travel, otherwise, the user disagrees. The rule used to generate the knowledge base
for the simulated users is “agree with the action that accelerates the car in the direction of
current velocity”.

Therefore, the agent used for the experiment is a Boolean-evaluated IntRL agent [51].
The simulated user assists the agent by assessing the agent’s previous action. If the
simulated user agrees with the performed action at, a reward shaping signal S of +1 is
given, as shown in Equation (2). If it disagrees, then the inverse is given, that is, S = −1. If
the simulated user has no advice to give, then no additional reward is given.

S(st) =


+1 if vt > 0∧ at = right
−1 if vt > 0∧ at = left
−1 if vt < 0∧ at = right
+1 if vt < 0∧ at = left.

(2)

In this set-up, the simulated user is replicating two characteristics of the human-
sourced information, accuracy and availability. Both characteristics are represented as
percentages. When accuracy is at 100%, the simulated user provides completely accurate
advice, and as accuracy decreases the simulated user has an increasing chance of provid-
ing incorrect advice. Similarly, when availability is at 100% the simulated user has the
opportunity to assess the agent at every time step, and as availability decreases the user’s
opportunities to provide advice decreases also. As aforementioned, for the Mountain
Car experiment, the simulated user employs a heuristic model with a set of rules. The
simulated user will agree with the agent if the agent took an action that would accelerate it
in its current direction of travel, otherwise, the user disagrees.

A series of simulated users are created, each with incrementing levels of advice
accuracy and availability ranging from 0% to 100%. In total, 36 users are generated,
each characteristic incremented by 20%. Although in this illustrative example we include
only accuracy and availability, a simulated user may include other human characteristics.
For instance, the knowledge level may be implemented as limiting the area in which
the simulated user can provide advice, that is, a user with partial knowledge of the
environment. Concept drift can be simulated as in multi-objective RL approaches [52] as
the relative importance of an objective may be modified as the agent and user work towards
a different goal. Reward bias [53,54] can be introduced using biased probability distribution
in order to simulate users preferring delivering positive or negative feedback. In the case
of cognitive bias, this can be implemented using partially trained agents as advisors [16],
for example, an agent performing a task with equivalent parallel paths toward the goal
may have a preconceived preference to reach the goal if its knowledge is not optimal, this
can be implemented by biasing the Q-values of the trainer agent. Finally, latency can be
implemented by simply including a probability of delaying the reward.

The time required to create the proposed simulated users is minimal as only two vari-
ables need to be changed. 100 experiments are performed for each of the users, an amount
that would not be possible if actual humans were used. The average number of steps the
agent takes to complete the mountain climbing task is collected during learning. The agent
is given a maximum of 1000 steps each episode to achieve its goal, and the agent is given
100 episodes to learn the task. The experiments produce results showing insights into how
the accuracy and availability of the simulated user alter the performance of the IntRL agent.

The IntRL approach proposed in this paper is framed within the assisted reinforcement
learning (ARL) taxonomy [8], which proposes a hierarchical framework including process-
ing components and communication links. Figure 4 shows how each processing component
and communication link of the proposed IntRL approach is adapted within the ARL tax-
onomy. Processing components are shown using red rectangles and communication links
using green parallelograms with underlined text.
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Simulated user
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Interactive

Boolean as 
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Reward 
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Information source
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Advice interpretation

Advice structure

External model

Agent modification
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Figure 4. Definition of the evaluative interactive reinforcement learning approach using the assisted
reinforcement learning framework [8]. Processing components are displayed in red squares and
communication links in green parallelograms.

Although previous works have already employed simulated users in other contexts
such as spoken dialogue systems [49] or video games [55], they have been employed
in an unstructured manner. For instance, in [16] an artificial parent-like trainer agent
(with cognitive bias) is proposed as a simulated user in order to train other learning
agents during the apprenticeship process in a domestic task. In this experimental setup,
different probabilities and consistencies of feedback are tested (equivalent to availability
and accuracy respectively). The simulated users in this work are proposed with no structure,
this is a common issue that we have observed in previous works employing simulated
users [49,55]. In this regard, our methodology may fit with previous work definitions. In
the example using a parent-like trainer agent, with our methodology, the representation
of human-sourced information would be a stochastic model, the definition of interactive
components and links would be state-action par advice with an immediate model and
policy-shaping, and the alteration of the human characteristics would be the accuracy,
availability, and the cognitive bias.

5.2. Results

An example of the evaluation that can be performed using this methodology is shown
in Figure 5. In this diagram, accuracy and availability of advice is plotted, with the opposite
characteristic set to maximum. This graph shows how the agent’s online performance
is affected by the accuracy of the advice given by the simulated user. In this case, agent
performance quickly degrades as the accuracy of the advice worsens. The largest impact of
performance occurs when accuracy falls to 40%, at this point the user is giving incorrect
advice more than half of the time. As aforementioned, this experiment uses a Boolean-
evaluated IntRL agent. This methodology does not provide a method for the agent to
distinguish between human-generated rewards and environmental rewards. This provides
a straightforward way for the human to alter the agent’s learning and is responsible for
the significant impact shown in Figure 5. When accuracy is high, regardless of advice
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availability (lower availability indicates few human interactions), the performance of the
agent is greatly improved. However, when accuracy is low, performance quickly decreases
with no method for recovery if inaccurate human evaluations continue. The figure also
shows that advice availability, when 100% accurate, has a very large impact on agent
performance, but the rate of change is diminishing as availability increases.

Av
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Figure 5. Evaluation of interactive reinforcement learning agents using simulated users with varying
levels of availability and accuracy. Each characteristic is incremented by 20% for each experiment
with the opposite characteristics set to the maximum. A total of 100 agents are run in each experiment
and the steps needed to complete the task are recorded and averaged.

The contour graph shown in Figure 6 is a method for presenting the relationship
between two characteristics of human-sourced information and their effect on the perfor-
mance of the agent. In Figure 6 the average steps of the agent are plotted, showing the
change in performance which is observed as the simulated users’ accuracy and availability
are altered. From this figure, some observations can be made regarding how the accuracy
and availability of the user impact the average performance of the agent. For example, it
can be observed that just a small amount of advice can have a large impact on the agent’s
performance; however, there are diminishing returns as frequency increases. The figure
also shows that inaccuracy of advice has less of an impact as the frequency of advice is
increased. From these observations, it may be concluded that a small amount of largely
accurate advice is enough to greatly accelerate agent learning.Av
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Figure 6. Impact of accuracy and availability on the agent performance. The interactive reinforcement
learning agent uses a simulated user with different levels of availability and accuracy. For each
characteristic, an increment of 20% is set for each experiment and the total average steps are shown.
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These methods of evaluation allow for greater insight into the performance of IntRL
agents when advised by different users. The use of different simulated users can show how
an IntRL agent can perform under various conditions. The application of simulated users
for this method of evaluation can identify weaknesses and strengths with an IntRL agent
and the user providing advice, while also performing the experiments much more cheaply
and faster than actual humans.

6. Conclusions

In this work, we introduced a general methodology for evaluating interactive rein-
forcement learning by employing simulated users as a substitute for actual humans. While
simulated users are not a replacement for real human testing, it was demonstrated that
evaluations using simulated users could show detailed insights into how the agent is
expected to act under certain interaction conditions. A series of interaction characteristics
were introduced that may impact the quality and applicability of the information humans
provide as well as principles of evaluation of simulated users.

Some of these characteristics were replicated in an illustrative experiment, showing
how such characteristics impact agent performance and how the results gained from
simulated users can provide indicative observations on real human performance. The
experiment carried out acts as a proof-of-concept for more detailed evaluations in the
future. However, additional experiments are necessary in order to properly compare
simulated users as substitutes for human advisors in more complex real-world scenarios.
An important aspect to evaluate is the time needed for setting up the simulated user. This
may be a crucial factor in order to effectively use the proposed methodology, otherwise,
the effort may not be worth it. There are opportunities for further research into the
applicability of simulated users for evaluation purposes and how to best represent the
variety of interactions that may occur. The methodology and characteristics introduced
here can help to make the development of interactive reinforcement learning agents an
increasingly viable option for machine learning.

Author Contributions: Conceptualization, A.B. and F.C.; Funding acquisition, A.B.; Investigation,
A.B., F.C., R.D., P.V., and C.F.; Methodology, A.B. and F.C.; Supervision, R.D., P.V., and C.F.; Writing—
original draft, A.B. and F.C.; Writing—review and editing, R.D., P.V., and C.F. All authors have read
and agreed to the published version of the manuscript.

Funding: This work has been partially supported by the Australian Government Research Training
Program (RTP) and the RTP Fee-Offset Scholarship through Federation University Australia.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data is contained within the article.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Sutton, R.S.; Barto, A.G. Reinforcement Learning: An Introduction; MIT Press: Cambridge, MA, USA, 2018.
2. Cruz, F.; Wüppen, P.; Fazrie, A.; Weber, C.; Wermter, S. Action selection methods in a robotic reinforcement learning scenario. In

Proceedings of the 2018 IEEE Latin American Conference on Computational Intelligence (LA-CCI), Guadalajara, Mexico, 7–9
November 2018; IEEE: Piscataway, NJ, USA, 2018; pp. 13–18.

3. Littman, M.L. Markov games as a framework for multi-agent reinforcement learning. In Proceedings of the International
Conference on Machine Learning ICML, New Brunswick, NJ, USA, 10–13 July 1994; Volume 157, pp. 157–163.

4. Tesauro, G. TD-Gammon, a self-teaching backgammon program, achieves master-level play. Neural Comput. 1994, 6, 215–219.
[CrossRef]

5. Cruz, F.; Magg, S.; Weber, C.; Wermter, S. Improving reinforcement learning with interactive feedback and affordances.
In Proceedings of the Joint IEEE International Conference on Development and Learning and on Epigenetic Robotics ICDL-
EpiRob, Genoa, Italy, 13–16 October 2014; IEEE: Piscataway, NJ, USA, 2014; pp. 165–170.

6. Ayala, A.; Henríquez, C.; Cruz, F. Reinforcement learning using continuous states and interactive feedback. In Proceedings of the
International Conference on Applications of Intelligent Systems, Las Palmas, Spain, 7–12 January 2019; pp. 1–5.

http://doi.org/10.1162/neco.1994.6.2.215


Biomimetics 2021, 6, 13 14 of 16

7. Kaelbling, L.P.; Littman, M.L.; Moore, A.W. Reinforcement learning: A survey. J. Artif. Intell. Res. 1996, 4, 237–285. [CrossRef]
8. Bignold, A.; Cruz, F.; Taylor, M.E.; Brys, T.; Dazeley, R.; Vamplew, P.; Foale, C. A Conceptual Framework for Externally-influenced

Agents: An Assisted Reinforcement Learning Review. arXiv 2020, arXiv:2007.01544.
9. Bignold, A.; Cruz, F.; Dazeley, R.; Vamplew, P.; Foale, C. Human Engagement Providing Evaluative and Informative Advice for

Interactive Reinforcement Learning. arXiv 2020, arXiv:2009.09575.
10. Amershi, S.; Cakmak, M.; Knox, W.B.; Kulesza, T. Power to the people: The role of humans in interactive machine learning.

AI Mag. 2014, 35, 105–120. [CrossRef]
11. Griffith, S.; Subramanian, K.; Scholz, J.; Isbell, C.; Thomaz, A.L. Policy shaping: Integrating human feedback with reinforcement

learning. In Advances in Neural Information Processing Systems; Georgia Institute of Technology: Atlanta, GA, USA, 2013;
pp. 2625–2633.

12. Moreira, I.; Rivas, J.; Cruz, F.; Dazeley, R.; Ayala, A.; Fernandes, B. Deep Reinforcement Learning with Interactive Feedback in a
Human-Robot Environment. Appl. Sci. 2020, 10, 5574. [CrossRef]

13. Millán-Arias, C.; Fernandes, B.; Cruz, F.; Dazeley, R.; Fernandes, S. A robust approach for continuous interactive reinforcement
learning. In Proceedings of the 8th International Conference on Human-Agent Interaction, Sydney, NSW, Australia, 10–13
November 2020; pp. 278–280.

14. Cruz, F.; Parisi, G.I.; Wermter, S. Multi-modal feedback for affordance-driven interactive reinforcement learning. In Proceedings
of the International Joint Conference on Neural Networks IJCNN, Rio de Janeiro, Brazil, 8–13 July 2018; IEEE: Piscataway, NJ,
USA, 2018; pp. 5515–5522.

15. Millán, C.; Fernandes, B.; Cruz, F. Human feedback in continuous actor-critic reinforcement learning. In Proceedings of the Euro-
pean Symposium on Artificial Neural Networks, Computational Intelligence and Machine Learning ESANN, Bruges, Belgium,
24–26 April 2019; pp. 661–666.

16. Cruz, F.; Magg, S.; Nagai, Y.; Wermter, S. Improving interactive reinforcement learning: What makes a good teacher? Connect. Sci.
2018, 30, 306–325. [CrossRef]

17. Schatzmann, J.; Weilhammer, K.; Stuttle, M.; Young, S. A survey of statistical user simulation techniques for reinforcement
learning of dialogue management strategies. Knowl. Eng. Rev. 2006, 21, 97–126. [CrossRef]

18. Compton, P. Simulating expertise. In Proceedings of the 6th Pacific Knowledge Acquisition Workshop; Citeseer: Sydney, NSW,
Australia, 2000; pp. 51–70.

19. Roveda, L.; Maskani, J.; Franceschi, P.; Abdi, A.; Braghin, F.; Tosatti, L.M.; Pedrocchi, N. Model-based reinforcement learning
variable impedance control for human-robot collaboration. J. Intell. Robot. Syst. 2020, 1–17. [CrossRef]

20. Roveda, L.; Magni, M.; Cantoni, M.; Piga, D.; Bucca, G. Human-robot collaboration in sensorless assembly task learning enhanced
by uncertainties adaptation via Bayesian Optimization. Robot. Auton. Syst. 2020, 136, 103711. [CrossRef]

21. Shahid, A.A.; Roveda, L.; Piga, D.; Braghin, F. Learning continuous control actions for robotic grasping with reinforcement learn-
ing. In Proceedings of the 2020 IEEE International Conference on Systems, Man, and Cybernetics (SMC), Toronto, ON, Canada,
11–14 October 2020; IEEE: Piscataway, NJ, USA, 2020; pp. 4066–4072.

22. Cruz, F.; Parisi, G.I.; Wermter, S. Learning contextual affordances with an associative neural architecture. In Proceedings of
the European Symposium on Artificial Neural Network, Computational Intelligence and Machine Learning ESANN, Bruges,
Belgium, 27–29 April 2016; UCLouvain: Ottignies-Louvain-la-Neuv, Belgium, 2016; pp. 665–670.

23. Cruz, F.; Dazeley, R.; Vamplew, P. Memory-based explainable reinforcement learning. In Proceedings of the Australasian Joint
Conference on Artificial Intelligence, Adelaide, Australia, 2–5 December 2019; Springer: Cham, Switzerland, 2019; pp. 66–77.

24. Cruz, F.; Dazeley, R.; Vamplew, P. Explainable robotic systems: Interpreting outcome-focused actions in a reinforcement learning
scenario. arXiv 2020, arXiv:2006.13615.

25. Barros, P.; Tanevska, A.; Sciutti, A. Learning from Learners: Adapting Reinforcement Learning Agents to be Competitive in a
Card Game. arXiv 2020, arXiv:2004.04000.

26. Cruz, F.; Acuña, G.; Cubillos, F.; Moreno, V.; Bassi, D. Indirect training of grey-box models: Application to a bioprocess. In
Proceedings of the International Symposium on Neural Networks, Nanjing, China, 3–7 June 2007; Springer: Berlin/Heidelberg,
Germany, 2007; pp. 391–397.

27. Churamani, N.; Cruz, F.; Griffiths, S.; Barros, P. iCub: Learning emotion expressions using human reward. arXiv 2020,
arXiv:2003.13483.

28. Cruz, F.; Wüppen, P.; Magg, S.; Fazrie, A.; Wermter, S. Agent-advising approaches in an interactive reinforcement learning
scenario. In Proceedings of the Joint IEEE International Conference on Development and Learning and Epigenetic Robotics
ICDL-EpiRob, Lisbon, Portugal, 18–21 September 2017; IEEE: Piscataway, NJ, USA, 2017; pp. 209–214.

29. Brys, T.; Harutyunyan, A.; Suay, H.B.; Chernova, S.; Taylor, M.E.; Nowé, A. Reinforcement learning from demonstration through
shaping. In Proceedings of the International Joint Conference on Artificial Intelligence (IJCAI), Buenos Aires, Argentina, 25–31
July 2015; p. 26.

30. Thomaz, A.L.; Breazeal, C. Asymmetric interpretations of positive and negative human feedback for a social learning agent. In
Proceedings of the 16th IEEE International Symposium on Robot and Human Interactive Communication, Jeju, Korea, 26–29
August 2007; IEEE: Piscataway, NJ, USA, 2007; pp. 720–725.

http://dx.doi.org/10.1613/jair.301
http://dx.doi.org/10.1609/aimag.v35i4.2513
http://dx.doi.org/10.3390/app10165574
http://dx.doi.org/10.1080/09540091.2018.1443318
http://dx.doi.org/10.1017/S0269888906000944
http://dx.doi.org/10.1007/s10846-020-01183-3
http://dx.doi.org/10.1016/j.robot.2020.103711


Biomimetics 2021, 6, 13 15 of 16

31. Knox, W.B.; Stone, P. Reinforcement learning from human reward: Discounting in episodic tasks. In Proceedings of the 2012 IEEE
RO-MAN: 21st IEEE International Symposium on Robot and Human Interactive Communication, Paris, France, 9–13 September
2012; IEEE: Piscataway, NJ, USA, 2012; pp. 878–885.

32. Cao, T.M.; Compton, P. A simulation framework for knowledge acquisition evaluation. In Proceedings of the Twenty-eighth
Australasian Conference on Computer Science-Volume 38; Australian Computer Society, Inc.: Sydney, NSW, Australia, 2005; pp. 353–
360.

33. Compton, P.; Preston, P.; Kang, B. The Use of Simulated Experts in Evaluating Knowledge Acquisition; University of Calgary: Calgary,
AB, Canada, 1995.

34. Schatztnann, J.; Stuttle, M.N.; Weilhammer, K.; Young, S. Effects of the user model on simulation-based learning of dialogue
strategies. In Proceedings of the IEEE Workshop on Automatic Speech Recognition and Understanding, San Juan, Puerto Rico, 27
November–1 December 2005; IEEE: Piscataway, NJ, USA, 2005; pp. 220–225.

35. Dazeley, R.; Kang, B.H. Weighted MCRDR: Deriving information about relationships between classifications in MCRDR. In
Proceedings of the Australasian Joint Conference on Artificial Intelligence, Perth, WA, Australia, 3–5 December 2003; Springer:
Berlin/Heidelberg, Germany, 2003; pp. 245–255.

36. Dazeley, R.; Kang, B.H. Detecting the knowledge frontier: An error predicting knowledge based system. In Proceedings of the
Pacific Knowledge Acquisition Workshop, Auckland, New Zealand, 9–13 August 2004.

37. Kang, B.H.; Preston, P.; Compton, P. Simulated expert evaluation of multiple classification ripple down rules. In Proceedings of
the 11th Workshop on Knowledge Acquisition, Modeling and Management, Banff, AB, Canada, 18–23 April 1998.

38. Papaioannou, I.; Lemon, O. Combining chat and task-based multimodal dialogue for more engaging HRI: A scalable method using
reinforcement learning. In Proceedings of the Companion of the 2017 ACM/IEEE International Conference on Human-Robot
Interaction, Vienna, Austria, 6–9 March 2017; ACM: New York, NY, USA, 2017; pp. 365–366.

39. Georgila, K.; Henderson, J.; Lemon, O. User simulation for spoken dialogue systems: Learning and evaluation. In Proceedings of
the Ninth International Conference on Spoken Language Processing, Pittsburgh, PA, USA, 17–21 September 2006.

40. Scheffler, K.; Young, S. Automatic learning of dialogue strategy using dialogue simulation and reinforcement learning. In
Proceedings of the Second International Conference on Human Language Technology Research, San Diego, CA, USA, 24–27
March 2002; Morgan Kaufmann Publishers Inc.: Burlington, MA, USA, 2002; pp. 12–19.

41. Misu, T.; Georgila, K.; Leuski, A.; Traum, D. Reinforcement learning of question-answering dialogue policies for virtual museum
guides. In Proceedings of the 13th Annual Meeting of the Special Interest Group on Discourse and Dialogue, Seoul, Korea, 5–6
July 2012; Association for Computational Linguistics: Stroudsburg, PA, USA, 2012; pp. 84–93.

42. Georgila, K.; Henderson, J.; Lemon, O. Learning user simulations for information state update dialogue systems. In Proceedings
of the Ninth European Conference on Speech Communication and Technology, Lisbon, Portugal, 4–8 September 2005.

43. Rieser, V.; Lemon, O. Cluster-based user simulations for learning dialogue strategies. In Proceedings of the Ninth International
Conference on Spoken Language Processing, Pittsburgh, PA, USA, 17–21 September 2006.

44. Hofmann, K.; Schuth, A.; Whiteson, S.; de Rijke, M. Reusing historical interaction data for faster online learning to rank for IR. In
Proceedings of the Sixth ACM International Conference on Web Search and Data Mining, Rome, Italy, 4–8 February 2013; ACM:
New York NY, USA, 2013; pp. 183–192.

45. Scheffler, K.; Young, S. Corpus-based dialogue simulation for automatic strategy learning and evaluation. In Proceedings of the
NAACL Workshop on Adaptation in Dialogue Systems, Pittsburgh, PA, USA, 2–7 June 2001; pp. 64–70.

46. Cuayáhuitl, H.; Renals, S.; Lemon, O.; Shimodaira, H. Reinforcement learning of dialogue strategies with hierarchical abstract
machines. In Proceedings of the 2006 IEEE Spoken Language Technology Workshop, Palm Beach, Aruba, 10–13 December 2006;
IEEE: Piscataway, NJ, USA, 2006; pp. 182–185.

47. Celiberto, L.A., Jr.; Ribeiro, C.H.; Costa, A.H.; Bianchi, R.A. Heuristic reinforcement learning applied to robocup simulation
agents. In RoboCup 2007: Robot Soccer World Cup XI; Springer: Berlin/Heidelberg, Germany, 2007; pp. 220–227.

48. Liang, X.; Balasingham, I.; Byun, S.S. A reinforcement learning based routing protocol with QoS support for biomedical sensor
networks. In Proceedings of the 2008 First International Symposium on Applied Sciences on Biomedical and Communication
Technologies, Aalborg, Denmark, 25–28 October 2008; IEEE: Piscataway, NJ, USA, 2008; pp. 1–5.

49. López-Cózar, R.; Callejas, Z.; McTear, M. Testing the performance of spoken dialogue systems by means of an artificially
simulated user. Artif. Intell. Rev. 2006, 26, 291–323. [CrossRef]

50. Bignold, A.; Cruz, F.; Dazeley, R.; Vamplew, P.; Foale, C. Persistent Rule-based Interactive Reinforcement Learning. arXiv 2021,
arXiv:2102.02441.

51. Knox, W.B.; Stone, P. TAMER: Training an agent manually via evaluative reinforcement. In Proceedings of the 2008 7th IEEE
International Conference on Development and Learning, Monterey, CA, USA, 9–12 August 2008; IEEE: Piscataway, NJ, USA,
2008; pp. 292–297.

52. Vamplew, P.; Issabekov, R.; Dazeley, R.; Foale, C.; Berry, A.; Moore, T.; Creighton, D. Steering approaches to Pareto-optimal
multiobjective reinforcement learning. Neurocomputing 2017, 263, 26–38. [CrossRef]

53. Thomaz, A.L.; Breazeal, C. Reinforcement Learning with Human Teachers: Evidence of Feedback and Guidance with Implications for
Learning Performance; AAAI: Boston, MA, USA, 2006; Volume 6, pp. 1000–1005.

http://dx.doi.org/10.1007/s10462-007-9059-9
http://dx.doi.org/10.1016/j.neucom.2016.08.152


Biomimetics 2021, 6, 13 16 of 16

54. Thomaz, A.L.; Hoffman, G.; Breazeal, C. Reinforcement learning with human teachers: Understanding how people want to
teach robots. In Proceedings of the ROMAN 2006-The 15th IEEE International Symposium on Robot and Human Interactive
Communication, Hatfield, UK, 6–8 September 2006; IEEE: Piscataway, NJ, USA, 2006; pp. 352–357.

55. Taylor, M.E.; Carboni, N.; Fachantidis, A.; Vlahavas, I.; Torrey, L. Reinforcement learning agents providing advice in complex
video games. Connect. Sci. 2014, 26, 45–63. [CrossRef]

http://dx.doi.org/10.1080/09540091.2014.885279

	Introduction
	Human-Sourced Information
	Characteristics of Human Interactions
	Problems with Human Testing

	Simulated Users
	Applications of Simulated Users
	Evaluation Principles
	Representing Human-Sourced Information

	Evaluative Methodology Using Simulated Users in Interactive Reinforcement Learning
	Illustrative Experiment
	Experimental Set-Up
	Results

	Conclusions
	References

