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Abstract
For an agent to autonomously interact in a real world environment, it needs to
learn how to behave in the different scenarios that it may face. There are differ-
ent approaches of modeling an artificial agent with interactive capabilities. One
approach is providing the agent with knowledge beforehand. Another approach
is to let the agent learn from data and interaction. A well-known techniques of
the former approach is supervised learning. In this approach, data is collected,
labeled and provided to train the network as pre-defined input and correct out-
put as a training set. This requires data to be available beforehand. In a real
world environment however, it is difficult to determine all possible interactions
and provide the correct response to each. The agent thus needs to be able to
learn by itself from the environment to figure out the best reaction in each sit-
uation. To facilitate this, the agent needs to be able to sense the environment,
make decisions and react back to the environment. The agent repeats this trying
different decisions. To learn from these trials, the agent needs to accumulate old
experiences, learn and adjust its knowledge and develop progressively after each
interaction. However, in many applications, experiencing various actions in dif-
ferent scenarios is difficult, dangerous or even impossible. The agent therefore
needs an experimental environment where it can safely explore the possibilities,
learn from experiences and develop new skills.

This research aims to develop a methodology to build an interactive learning
agent that can improve its learning performance progressively and perform well
in real world environments. The agent follows the Japanese concept Kaizen
which refers to activities that continuously improve all functions. It means
striving for continuous improvement and not radically changing processes. The
contribution of this research is first to model and develop this agent so that
it can acquire new knowledge based on existing knowledge without negatively
affecting the old knowledge and skills. Secondly, this research aims to develop
a novel method to systematically generate synthetic scenarios that contributes
to its learning performance.

This proposal consists of the background of artificial cognitive systems, a
comparison of the theories and approaches in artificial cognitive systems for
developing a learning interactive system, and a review of the state of the art
in reinforcement learning. Imagination-based learning is discussed and the pur-
poses of imagination are defined. Imagination for creation is used as a scenario
generator for practicing new skills without the necessity to try them all in the
real world. The research proposal results in the research questions and objec-
tives to be investigated as well as an outline of the methodology.
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1 Introduction
Development and learning are important characteristics for an autonomous
agent. An agent that starts with small or no knowledge about the world, needs
to improve its skills and knowledge to adapt to this world. Humans for example
are born with very limited capabilities. During a life time, humans develop lots
of skills. For example, at the first few months of an infant live, an infant learns
how to control her hands and fingers with simple movements. Then by the fifth
year, the child learns walking, talking and eating. After that, she learns reading
and writing. At a later stage, she learns how to run a business. These skills
are gradually developed through a life time one after the other. Similarly in
artificial agents, it may be difficult to develop an agent with all the required
knowledge all at once. If the agent is able to learn and develop progressively,
it will not be limited to only the learning at the beginning of the development.
The agent would be able to adapt to new learning while using the previous ones.
In artificial cognitive systems, a learning interactive agent is a system that per-
ceives the surrounding, takes a decision, and consequently perceives the change
in the surrounding world and learns from this experience. In this research, an
experience is defined as the complete cycle of perceiving the state of the agent,
selecting an action and observing the change in the environment after executing
this action.

A definition of learning could be the ability to tune the skill for a specific
outcome. An example of an interactive learning agent is a self-driving car.
The car safely goes from its current location to a certain location following the
traffic rules. The car should be able to recognize objects such as other cars,
pedestrians and traffic lights. In addition, it should drive only in the allowed
roads, not at the side of the road or the opposite direction. Taking the self-
driving car application, some examples of the skills are; object recognition, lane
keeping driving and traffic light rules. Tuning a certain skill is learning such
as finding out to drive within the road lane without crashing into other cars.
In this learning, the agent should keep. In this context, development is defined
as building new skills on top of already acquired ones. In the self-driving car
example, a development is the ability to learn how to overtake a car on front
on top of the lane keeping skill. After that, developing the ability to adjust
the speed in different types of roads. Although the speed control is not really
coupled with the overtake, it depends on it. The agent needs to increase its
speed while being within the limit when performing an overtake task.

One approach of learning is the supervised learning. This approach requires
the availability of the training data prior to the training process. The real
world is usually characterized by uncertainty. This makes it difficult to collect
the data for all the possible scenario. Therefore, it is inappropriate for a real
world interactive agent to learn in a supervised approach. Another approach is
learning by experiences. In this approach the agent interacts with the environ-
ment and learns from the correctness of the experience. In this case, the agent
needs to explore the different possibilities and observe the outcome of the inter-
action, evaluate it and learn from the experience. One of the interactive learning
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mechanisms is the reinforcement learning (RL). In RL, an experience consists of
observing the current state, taking an action, receiving a reward for the taken
action and then observing the new state the agent transited to. The agent learns
the optimal policy from the accumulated experiences. A developmental agent
needs to be modeled such that it can learn skills progressively.

One of the challenges in learning from a real world environment is that some
experiences could be difficult or impossible to try out. In the self-driving car
example, it may be difficult or dangerous to explore all the possible scenarios
in order to find the optimal decision. For example, crashing into cars or pedes-
trians is dangerous to experience in the real world. A suggested solution is
inspired from human cognition. Humans uses imagination to simulate different
alternatives to learn from there experiences. Using similar mechanism allows
the artificial agent to experience different scenarios until it learn from the simu-
lated environment without experiencing them in the real world. The definition
if imagination in artificial agents is inferred from Hesslow’s definition of mental
simulation and imagination [10]. In this context, imagination would be reacti-
vating the sensed motors without experience the scenario in the real world, and
being able to reactivate the action motor without acting in the environment.

One of the challenges for this approach is generating imagination scenarios
that the agent needs to learn from. In the self-driving car example, an imagined
scenario could be different number of cars when learning the overtake task. A
scenario could be with one target car, which is to be overtaken. Another scenario
is having another car in front of the target car. Besides, the difficulty of the
scenarios could vary depending on the current capabilities of the agent. An agent
that still learns how to navigate may not be able to learn in an environment
full of rapidly moving objects. It may start with one slowly moving object,
increasing the number of objects gradually.

This proposed research aims to study the method of develop an interac-
tive learning agent that can progressively learn and develop one skill after the
other. The contribution of this research is firstly, a learning mechanism for an
interactive agent that can develop different skills and build upon each others.
Secondly, an imagination mechanism that extracts features and creates new sce-
narios from those features. Thirdly, feature selection mechanism of what and
when to imagine each feature such that it gives the highest learning impact in
the interactive agent. This research takes a self-driving car as an application
scenario for the interactive agent.
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2 Background and Literature
There are different paradigms for modeling an artificial cognitive systems. Each
paradigm has strengths and weaknesses. Different approaches can be used to
model a cognitive paradigm. This chapter begins with a comparison of the
different artificial cognitive-system paradigms. Based on this comparison, a
paradigm is nominated for exploring the mechanisms of developing the interac-
tive learning agent. Reinforcement learning is then presented as a nominated
learning mechanism for the developing the agent. Next, three approaches to
imagination based learning are discussed to present the different purposes of
imagination in artificial agents.

2.1 Artificial Cognitive Systems
There are two main paradigms in viewing cognitive systems. The first paradigm,
the cognitivism, is based on deduction, where the conclusion is reached by fol-
lowing set of rules that leads to a final outcome. The second paradigm, the
emergent, builds its conclusion in an inductive way. In this approach, the agent
analyses the data to find a common rule that generalizes the pattern in the data.
For detailed comparison refer to [48].

2.1.1 Cognitivist paradigm

The main idea in cognitivist approach is that cognitism is logical inference based
on a knowledge base and a set of rules; cognitivism is based on symbolic infor-
mation processing. In other words, in the cognitivism, the world objects are
modeled in terms of explicit physical symbols and processing based on these
representations [27]. The physical world objects correspond to model symbols
used by the agent to represent the information about the world. The associa-
tions between symbols forms rules used by the agent to infer information and
behavior. Using this approach, the agent is thought to be able to reason to infer
more knowledge about the world in a logical deduction process, which allows the
agent to adopt the actions that leads to the intended goal. The knowledge-based
rules determine how the agent behaves in certain situations.

One of the cognitivist-approach techniques is the state space search [45]. In
order to reach a certain goal, the system finds the sequence of transitions that
may lead to the final goal. In search techniques, the system organizes the state
space in a way that allows the agent to find the path of states sequence to the
goal efficiently in minimum time within graphs and trees representation of the
search space [14]. Here, problem-solving proceeds across states of the search
space. The agent matches the current situation with one of the states in the
search space, then searches for the next state that brings it closer to the goal. A
sequence of states is subsequently constructed to show how to reach the required
goal. According to this deliberated sequence, the agent performs the action that
transfers it to the next state. The search process can use several algorithms,
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such as brute force algorithms [46], best-first, depth-first search algorithms [34]
and greedy attribute selection [4].

Cognitivist approaches have for example been used in computer vision pro-
cessing [26], where the agent processes an image to extract objects from the
perceived image. Each object has a model representation and set of rules used
by the agent to infer and predict the action. This gives the agent the ability to
recognize and track surrounding-objects and determine the suitable reaction to
interaction with real-world objects.

An example of a cognitivist system used for self-driving cars, is a simulation-
based system [33], where the car agent gets the input as events generated by the
simulator. The agent also retrieves road-directions from a text-file defining the
next direction in a ruled-based system. The car uses the input values of road
directions such as driving right, left or straight starting from the current location
until it reaches the targeted destination. The input specifies also the location
of traffic signals and crossing lines. The car specifies whether the traffic-light is
red in order to stop or green in order to drive. The predetermined rules control
the behavior of the car when reaching traffic lights and the crossing lines.

Strength of the cognitivist paradigm
The strength of cognitivist approaches comes from the ability to explicitly

infer the knowledge from a given set of rules and a pre-defined model of objects
representation. The system is able to recognize, model and operate physical
objects [26]. The agent is able to infer logical interpretations for each sym-
bol to figure out the consequence of doing an action and what would be the
next state, which expands the agent’s knowledge base following this reasoning
process. Another strength of the cognitivist approach is that once an agent is
implemented and tested, it can be deployed into the application domain. There
are no resource or time requirements for training purposes. It also does not
require training data sets to build knowledge representation.

In addition, the system’s knowledge representation is human interpreted,
hence the human would be able to determine the agent’s capabilities and limi-
tations. This allows the designer to validate the agent’s capabilities in different
contexts and be aware of what the agent can or cannot do. Knowing this in
prior provides guidance about where the agent could or not be deployed.

In the case of self-driving cars modelled as a cognitivist system, the car is
able to recognize and represent objects, such as other cars, trucks, bicycles,
pedestrians and traffic-lights. The car agent is able to infer the action of each
object and determine how to avoid obstacles that are already defined as solid
objects. Because the cognitivist approach is a rule-based approach, designing
self-driving cars in this approach gives the car the ability to infer traffic rules.
The car is supplied with the rules used for driving on the road.

In addition, the designer is aware of the objects that the car agent recognizes.
This information defines where and how the car can drive. For example, the
designer would be able to define that the car drives in rural areas and not in
crowded cities. Or whether it perceive trains and trams and can avoid their
collisions.

Weaknesses of the cognitivist paradigm
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Although cognitivism may sound as have solved the entire problem with
autonomous driving, several shortcomings of the cognitivist approach to build-
ing artificial agents in general have been identified in the literature. As the
representation models and their inference rules are mostly pre-defined by the
designer, the agent will experience difficulties to continuously learn from the
environment by itself. All the required knowledge and rules should be injected
into the agent’s memory at design-time therefore a self-driving car would not
be able to perceive undefined objects. The agent may perceive these new ob-
jects inaccurately and act incorrectly, which would lead to hazardous outcomes.
Thus, a possibly serious problem is that the agent’s scope of knowledge is re-
stricted to that of the designer’s perspective rather than the agent’s perspective
[31]. For example, if the designer did not model people with wheelchairs, the car
agent may not be able to recognize them as humans, therefore, the car agent’s
action is unexpected.

Moreover, adding object representations and rules after deployment needs
re-designing the agent to recognize these new objects with new symbols and
processing operations using these symbols. This is costly because every re-design
instance requires re-implementing and re-testing the agent and re-evaluating
the new extended modeling with respect to previous perceptions and actions.
Therefore, more autonomous approaches are desirable for interactive systems.

2.1.2 Emergent paradigm

The second approach is the emergent paradigm, which is characterized by self-
organized representations. In this approach, the knowledge and rules are not
explicitly provided to the agent at design-time or development-time. Instead,
the agent discovers and builds knowledge about the world by exploration and
interaction with the environment. The agent performs this autonomously while
experiencing surroundings, to learn and memorize knowledge. Hence, the agent
is able to sense the world and enact actions to interact with the environment.
There are three approaches under the emergent paradigm. First the connec-
tionism, this was inspired from the low-level abstraction model of how neural
networks mechanism processes information in human mind. Second, an enac-
tivism, this approach is highly inspired by the human ability of self-development.
It focuses on the ability of an autonomous agent to construct its own representa-
tion of the world in real-time by behaving autonomously while embedded in an
environment. It senses the world, perceives it, and interacts with it to develop
the required knowledge and to lean from the experience. Then the agent builds
an ability to retrieve this knowledge when needed.

An emergent system is based on self-organization that enables an agent to
learn from the environment by perception and interaction [48]. In this way, the
agent can learn how to react in situations without prior explicit knowledge of
the world and rules. Hence, the agent is not biased or limited by the design-
time knowledge. This creates the opportunity for the agent to develop the
required knowledge about the environment and perceive the knowledge from its
perspective.
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Connectionist approach
The connectionist or the artificial neural networks approach is based on a

neuroscience inspiration in human brain, where a network of cells work together
to perform a cognition [37].

The network consists of an input layer with a set of different input units,
hidden layers with one or more layers of computational cells and the final layer
is the output layer that determines the behavior of the agent. The network
is constructed in a topology that represents how cells are connected and how
weights that represents strength between cells. Cells are connected through
different weighted links, these weights are responsible for calculating the final
output of the network. The traditional neural network is trained as a supervised
learning approach. The network is given a data set of inputs and the real output.
According to the network weights, the network output tries to fit the expected
output. The weights are then adjusted according to the differences between
the network output and the expected output. The process is repeated with
different data sets until the network output matches the expected output as
much as possible.

The field of neural networks goes further into deep-learning where multilayer
networks are used for complex tasks. The network learns the representation of
the data within multiple levels of abstraction. These networks are widely used
in image, audio, text and video recognition [16]. The connections between layers
are more sophisticated than those found in traditional neural networks.

Most of pattern recognition techniques use a supervised learning approach.
The network is given the input of an image for example, and the expected
output or action and train the network to perform the same, such as image
recognition approaches in Convolutional Neural Networks [15]. Another type of
deep learning is Recurrent Neural Networks [7] where the sequence of an input
are not independent but this sequence and time affect the learning process. In
RNN the network looks at the pattern of the sequence in time and how they
are related to each other.

In addition, deep learning can also be used for reinforcement learning. The
network does not get the correct answer as feedback as data sets during the
training phase. The training system defines what is right and what is wrong in
a given situation according to its interaction in this situation. The environment
gives the network the input and then the network responds with an action. The
environment sends back a positive signal as a reward when the agent performs
correctly or a negative signal as a failure. The difference between what the
network output and the environment feedback is used as an error. The network
is trained to minimize this error by repeatedly observe the state, take action and
observe the reward. By doing this interaction, the RL agent creates its own data
set of states and action online while interacting with the environment instead of
fully provide it the full data set beforehand as in traditional supervised learning.
More details is discussed in the next section.

For self-driving cars as interactive systems, supervised learning has been
used for end-to-end training of a driving agent. In ALVINN (Autonomous Land
Vehicle In a Neural Network) [35], a three layers neural network was used for
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autonomous car-learning. The network gets camera images with laser sensors
as inputs and produces the vehicle direction control. The network was trained
and tested in a simulation environment. Another related work was training a
Convolutional neural network for real car driving by NVIDIA [2]. Real driving-
data was collected by expert drivers. The data contained both image inputs
from several cameras along with the corresponding driving actions of the steering
wheel. A deep neural network was trained using this data and then the network
was deployed to a real car control environment. The car performance showed
that the trained network in the car was able to drive correctly real roads.

A self-driving car application with a connectionist approach could be mod-
eled as a deep learning neural network in a reinforcement learning. The network
gets image data inputs and is trained in trial and error environments until it
learns to drive correctly. The car needs to be situated in different conditions
and learn to generalize learning situations so that it will not be limited to the
given situations. Also, being able to learn by interaction allows the car to learn
things that cannot be hard-coded or inferred by rules and can only be leant
by experience such as driving in different weather conditions, when the road is
icy and slippery or dry and stable, as well as if the weather is foggy and vi-
sion is unclear. In such driving environments, the car goes through unpredicted
situations that the car needs to be able to deal with.

Enactive approach
The enactivism is a branch of the emergent systems paradigm, which means

that it follows its self-organizing processes, while the agent interacts with the
environment. However, the enactive approach goes further by highly emphasiz-
ing the embodiment of the agent where the shape and structure of the agent’s
body affects its perception and action [32].

Vernon [48] distinguished between five main key elements in designing an
enactive system; autonomous, embodiment, emergence, experience and sense-
making. First, autonomy relates to the ability of the agent to act and interact
in an environment without being controlled by another agent. Larger degree of
autonomy would allow a cognitive system to explore the environment and learn
by experience. Embodiment makes the body engaged in the process of learning.
It identifies how the agent is situated in the environment, what capabilities
it has to interact with the world and how the agent views this world. Then,
“emergence” occurs when the agent interacts with the environment and new
situations emerges during this interaction. This creates the experience for the
agent to acquire knowledge and memorize it. Finally, sense making identifies
how the agent perceives the world and how it makes sense of the surrounding
world.

Strength of the emergent paradigm
The emergence system is based on the self-organization which make a sys-

tem able to learn from the environment by perception and interaction. The
agent can learn how to react in situations without feeding it with the required
knowledge and rules directly. Hence, the agent is not biased or limited to the
knowledge of the designer. This opens the opportunity for the agent to develop
the required knowledge about the environment and perceive the knowledge from
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its perspective and based on embodiment that it has.
A self-driving car application with connectionist approach could be modeled

as a deep learning neural network in reinforcement learning. The network gets
image data input and be trained in trial and error environment until it learns
to drive correctly. The car needs to be situated in different conditions and learn
to generalize the learning so that it will not be limited to the given situations.
Also, being able to learn by interaction allows the car to learn things that are
not hard coded or inferred by rules and can be learned by experience such as
driving in different weather conditions when the road is icy and slippery or dry
and stable. As well as if the weather is foggy and vision is unclear. In such
driving environment, the situation has different probabilities that the car needs
to explore and learn.

Additionally, the emergence paradigm considers real world factors such as
the agent being autonomous and embodied which is a crucial factor in self-
driving cars because the body of the car and its sense making, plays big role
in the car’s learning. For example, the self-driving car’s perception is highly
affected by what kind of sensors it has.

Weaknesses of the emergent paradigm
On the other hand, the emergent paradigm training is a crucial step in

developing an agent. The emergent system learns by trial and error which
makes it dangerous to be trained in real roads where humans and other cars are
driving. Besides, crashing the car for the purpose of training is not reasonable.
Therefore, another system is needed such as a simulator to let the self-driving
car live the driving experience. Because the agent needs high amount of training
to be able to learn different situations in the situated environment, the simulator
needs to be able to provide the self-driving car with these situations and offer
a real world alike environment which is another challenging software artifact
because the simulation should be as close as possible to the real situations that
the agent would face. Otherwise, the car may not be trained properly and it
may also react incorrectly in new situations that the car have not experienced
before. Training a complicated driving agent network needs long time and high
resources for training that may go for days or months of training.

Another difficulty is that the network represents the knowledge in distributed
model which together froms the representation of all the knowledge. The way
that the agent makes decisions in, is not a human interpreted which makes it
difficult for human to know what has the agent learned and what it has not.
This may become a danger if the designer assumes that the car learned to act
in a situation but in fact in hadn’t.

One of the drawbacks in connectionist is the overfitting problem which is the
situation when the network learns the data set in the learning environment very
well but it is not able to generalize the learned data [18]. In other words, the
network is very tuned to the data set that it has trained on and is not able to act
properly when it receives unfamiliar input or input with noise. A self-driving
car that has overfitting problem may get the same input image of a turn road
with some noise in the image and it may not be able to make the turn correctly.
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2.2 Reinforcement Learning (RL)
As mentioned in the previous subsection, the cognitive paradigm that allows the
agent to learn by interaction with the environment is the emergent paradigm.
The approach in emergent paradigm that learns from previous experiences and
sense-making is the enactive approach. One method of developing an enactive
system is reinforcement learning.

Reinforcement learning (RL) is learning what to do as an enactive system.
How to act in particular situation. The history of RL goes back to the psycho-
logical behavior perspective [13]. Human learns from doing sequence of actions
and observe the consequence of these actions. Humans tend to repeat actions
that bring positive feeling and avoid actions that bring negative consequences
[12]. RL is based on trial and error interaction in an environment to find the
highest positive consequences.

In machine learning, pleasure and pain are quantified into numbers as reward
signals. The goal of the agent is to discover the actions resulting in the highest
value which is the highest accumulated rewards over a span of time. The agent
first explores the environment by trying different actions in different situations
and then it observes the consequence states and rewards, as shown in Figure 1.
When the agent executes an action in a given state, the agent transfers into a
new state and receives a reward for taking this action. However, since in many
cases high rewards are delayed and not immediately obtained, the agent needs
to explore sequence of actions until it attains the high accumulated rewards.
RL requires successive trials and errors besides searching for delayed rewards to
learn the optimal actions in different states. Central to the RL is the reward
function because it determines how good the action in the given state is [42].

Unlike supervised learning, described in Section 2.1.2, that is based on sta-
tistical pattern recognition of given samples, RL evaluates the action it takes
and then builds its learning accordingly. RL can be integrated with supervised
learning to gain both the rewards and the pattern of experiences that it has ob-
tained from interacting with the environment where time is an important factor
in learning.

Figure 1: Reinforcement learning conceptual model
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2.2.1 RL components

The following subsection is based on Sutton and Barto reference unless stated
else [42]. RL is defined by the following sub elements:

A state s: represents the conditions that the agent can be in. The state in
an environment is the information of the agent and the environment available
for the agent to make a decision. A Markov state that holds all the needed
information, is what the agent needs to take a Markov Decision.

The Markov property: A state that holds all the relevant information is
called to have the Markov property. The Markov state summarizes everything
important so that the agent doesn’t need to remember the previous states.
The current Markov state is all what the agent needs to make a decision. In
other words, how the agent reached this situation doesn’t matter in the Markov
property. What only matters is the current state. If any old information is
required, the Markov state should reflect this information in the current state
without the need to memorize the sequence of states and actions that led to this
state [36].

A process that satisfies the Markov property is called a Markov Decision
Process (MDP). MDP is defined by: states of the environment s, set of available
actions a, transition probability (the probability of moving from si to sj when
taking action a, the reward function R when taking action a and environment
goes from si to sj , reduced over time by the discount factor γ. An action a: is
the set of all possible decisions that the agent can take while being in a state s.

A policy π(s): is the decision making mechanism of selecting an action.
The policy maps between the perceived state and the action to be selected. The
policy defines how the agent acts in a particular state. The policy can be in a
different forms. It can be stochastic where the agent randomly selects an action.
In can also be a look up table that maps each state into an action. A function
or a computational mechanism is also used for policy. The policy determines
the behavior of the agent in the environment. During the training, the goal of
the agent is to find the optimal policy π∗. The optimal policy is the strategy
that returns the highest value. This is done by successively evaluate its current
policy and improve it toward the optimal policy. Following the optimal policy
is following the highest value at each state.

A reward function R(s, a, s′): the reward function determines the imme-
diate reward that the agent gets for taking the selected action in the given state.
At each step, the agent gets a reward for the action it takes and calculates the
value accordingly. The reward function shapes what the agent needs to learn.
Shaping the reward function is a challenging task in RL [42].

A value function V (s): represents the accumulated rewards over time
while going from one state to another, starting from the current state. It is
important for the agent to consider the long run value. A state may yield low
value in the short term but followed by high accumulated reward in the long
run. Conversely, a state may yield a high reward in the short term and conceals
low rewards afterward. The agent should seek the highest value not just the
highest reward. When the agent is initialized in the environment the values of
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each state are not known directly but are calculated and estimated during the
training process. Because closer values are more valuable than away rewards,
the value function diminishes the later values by a discount factor of γ ∈ [0, 1).
The expected rewards V π(s) of being at state s is the accumulated rewards of
each state is goes into when following the policy π as shown in equation (1).

V π(s) = Eπ{Rt|st = s} = Eπ

{
T∑
k=0

γkrt+k+1|st = s

}
(1)

The discount factor γ determines how far the agent should consider. Lower
γ ≈ 0 causes selecting actions that leads to close immediate rewards. While
higher γ ≈ 1, results in taking actions that considers the far future rewards.

This equation can be formed in terms of relation between values over time,
which is called the Bellman equation, equation (2)

V π(s) = max
a

E{rt+1 + γV π(ss+1)|st = s, at = a} (2)

V π = max
a

∑
s′

Pass′ [Rass′ + γV π(s′)] (3)

The Bellman equation can be formulated as the sum of the probabilities for
all the possible rewards the agent can get when moving from state s to all the
possible states s′ when taking action a [42], equation(3).

An Action-value function Qπ: the value of taking action a at state s is
defined as the action-value when following policy π.

Qπ(s, a) = Eπ{Rt|st = s, at = a} = Eπ

{
T∑
k=0

γkrt+k+1|st = s, at = a

}
(4)

Qπ(s, a) = E
{
rt+1 + γmax

a′
Qπ(ss+1, a

′)|st = s, at = a
}

(5)

Qπ = max
a

∑
s′

Pass′ [Rass′ + γV π(s′)] (6)

Both the V π and theQπ are estimated from interacting with the environment
while training.

A model: is the transition function that determines the next state when
taking a particular action at a particular state. The model mimics the rules of
the environment.

An episode: is the sequence of state, action, reward and next state from
the initial state until a termination state. A terminal state is when the episode
ends. It could either ends when the agent reaches the goal and achieves the
task or when it falls into a critical failure where no return point is possible. RL
may sometimes not have a bounded episode but a continuous run that has no
termination state. In this case, the agent keeps running until it is manually
stopped.
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2.2.2 Methods for solving the RL

To solve a reinforcement learning problem, the agent should be able to find the
optimal policy that returns the maximum rewards over the long run. By finding
the optimal policy, the agent is able to select actions from the initial state till the
end goal through the states that returns the highest value in each action. Worth
reminding is that the highest value at each action is not the highest reward at
each action but the sequence that results in highest accumulated rewards. It is
not a straight forward problem to solve the Bellman equation to find the optimal
policy because it is a non-linear function. Also, there could be more than one
optimal policy for one problem.

There are different methods for solving the reinforcement learning to find
the optimal policy, such as dynamic programming, Monte Carlo method, and
temporal-difference learning.

Dynamic Programming (DP):
In DP, the problem is broken into sub problems and then each problem is

solved recursively. RL and the Bellman equation are based on the recursion
concept. DP is a model based technique, which means that the agent knows
the transition function and the reward function in advance. The agent uses the
the Bellman equation (2,5) recursively to solve the RL problem. In Bellman
equation each value is the current reward plus the value of the next state. This
iteration of value calculation continues until the episode ends.

To use DP to solve RL problems, perfect knowledge of the model of the
environment is required, which means that the transition from state s to s′ if
taking the action a is known. If there are different possibilities of transitions
from one state to multiple other states taking an action a, the probability of
these transitions should be known to the agent in advance. The value of a state
is the maximum of the reward and the summation of the discounted probabilities
of the values for each possible state the agent has a probability to transit to.

V (S) = max
a

(
R(s, a) + γ

∑
s′

P (s, a, s′)V (s′)

)
(7)

To solve the RL problem in DP method, we recursively iterate through the
states to find the optimal policy. There are two main algorithms to solve the
DP:

Value Iteration:
The agent iterates through the state to calculate and store the value for each

state. Then, according to these values, the agent can get the optimal value by
selecting the action that takes it into this state. This process iterates through
all possible states and all possible actions in each state until the value converges
to an optimal value [3].

Policy Iteration:
Instead of calculating the values for each action in each state and then eval-

uate the optimal policy from these values, the policy iteration calculates the
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policy immediately and evaluates the policy without the need of calculating the
value [43].

Monte Carlo method (MC):
One drawback of the Dynamic programming is that it is a model based

technique. The agent needs a complete knowledge about the model of the world
and the transition function and the probability of these transitions beforehand.
It uses this knowledge to solve the optimal policy. If the model of the world is
not given, the dynamic programming will not solve the optimal policy [42].

When the transition function and the reward function are unknown for the
agent in advance, a model free technique is more suitable to find the optimal
policy. In this approach, the agent needs to know its current state, the avail-
able actions and the experienced rewards that it gained while exploring the
environment.

Monte Carlo methods is a model free technique that uses random sampling to
create a conception of the real model [23]. The agent don’t know the transition
function or the reward function beforehand. It samples the environment to
compute the transition function and the reward function by taking random
actions in different states and observe the transition and reward in real time.
MC doesn’t need a prior knowledge about the dynamic of the environment
to find the optimal policy. In this method, knowledge is accumulated online
or during exploring the environment until the episode is terminated. It is an
important assumption that the task is episodic. Which means that the agent
should reach an end state of the episode, whether it successfully reaches a goal
or it falls into failure state [50].

The agent accumulates the sequence of the visited states and action pairs
and returns (G) accumulated discounted rewards from the first state up to the
terminal state. At the end of each episode, the policy is updated as the value of
each visited state is calculated by averaging the values computed at each state
[42].

The MC method is composed of two main phases; the policy evaluation and
the control. First, in policy evaluation, the agent follows a given policy to be
evaluated. Starting from an initial state, the agent takes actions according to
the given policy until it reaches a terminal state. Each sample is called a visited
state, at which the agent observes the return value for this state and append it
in a return list. A return list is a list for all states and their return values. The
value of the current state V (s) is the average of the the return list [42].

In most cases, knowing the state value V (s) is not enough. The policy needs
to be evaluated based on what the agent does at this state. Alternatively, the
agent needs to know only the state-action value which is the quality value Q(s, a)
that defines the quality of taking action a at state s. In this case, the return
value is not calculated for the state but for the selected action at that state.

Secondly, learning phase, where the agent improves and optimizes the policy
to maximize the expected reward at any state. There are two types of policy
optimization; on-line or off-line. On-line policy is improving the same policy
that has been evaluated immediately at the end of the episode. Off-line policy,
allows the agent to improve one policy while evaluating another policy. This
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is done by using the policy greedily to generate the return values and find the
difference from the expected values to improve the policy. However, relying
only on the policy to evaluate and improve the policy would prevent the agent
from exploring states and actions that the policy doesn’t favor. This leads to
an exploration and exploitation trade-off problem.

Temporal-Difference learning (TD):
TD learning is another model free method. It is a novel approach is RL

because it combines features from both MC and DP [42]. It is similar to MC in
sampling the world for incomplete knowledge of the world. MC calculates the
state value (or the state-action pair) and updates the policy by the end of the
episode. However, TD learning doesn’t wait until the end of the episode to get
the collected rewards to improve the policy. This means that TD learning can be
used for both episodic and continuous problems. The TD learning updates the
state value (or state-action pair) at each step based on the difference between
the original and the estimated state (or state-action pair) value. The original
value is the observed reward plus the discounted value of the next state. The
difference between the existing value and the estimated value is the error of the
estimation. The state (or state-action pair) value is then adjusted to minimize
this error, equation (8), where α is the learning rate.

V (s) = V (s) + α[r + γV (s′)− V (s)] (8)

Sarsa: On-Policy TD Control
Sarsa is a TD learning method that uses the state-action pair value for the

policy iteration. It calculates and updates the state-action pair value based
on the current policy that the agent is following, eqn (9). In other words, the
value of the next state is the value received after taking the action based on the
current policy.

Q(s, a) = Q(s, a) + α[r + γQ(s′, a′)−Q(s, a)] (9)

Q-Learning: Off-Policy TD control:
Q-Learning is a breakthrough method that has gained a lot of interests in

RL recently. The state action value is independent of the policy.

Q(s, a) = Q(s, a) + α[r + γmax
a

Q(s′, a′)−Q(s, a)] (10)

In Q-Learning, the next state value is the maximum state action value in-
dependent of which action yields this value. It has been proven that this allows
faster convergence [42]. More details are presented in subsection 2.2.4.

2.2.3 Exploration and exploitation dilemma

A model free technique needs to explore the environment by selecting random
actions at different states to observe the transition into a new state and the
reward it gets from this transition. After it creates a conceptual model of tran-
sition and rewards from these experiences, it can rely on the gained experiences
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to select sequence of actions that returns the highest value. It is difficult to state
when it has finished exploration and that the estimated transition and reward
functions are close to the real world functions.

This raises the trade-off of exploration and exploitation time. In other words,
the agent needs a stochastic policy to explore new states while it also needs to
utilize the gained experience to progress. It is important to find a balance
between the exploration and exploitation. In model free technique, this balance
is attained by the exploration rate ε. If it is high, ε ≈ 1, the agent has higher
probability to explore by following a stochastic policy. If the exploration rate is
low ε ≈ 0, the agent has higher probability to exploit by using its deterministic
policy. At the beginning of the training, the value of the exploration rate ε = 1
and during the training it decreases gradually. By the end of the training, the
exploration rate ε is small enough to follow a deterministic policy while keeping
a small probability for exploration to ensure that it doesn’t stuck in a local
maxima.

2.2.4 Deep reinforcement learning

RL is mainly used in discrete state space where states and transitions between
these states are clearly defined [49]. However, it has started to flourish in contin-
uous state space as well. For continuous state space, discretizing the space into
tabular states and actions makes it inefficient because of the enormous number
of states. Instead, a function approximation such as neural network or deep
learning is required for such continuous spaces.

Q-Learning is a breakthrough method that has gained a lot of interests in RL
recently. In this method, the calculation of the state-action function, equation
(11), is independent of the policy. In other words, the agent is able to calculate
the value of the next state without calculating the policy. The policy (π) in
DQL is selecting the action that outputs the maximum Q value, equation (12).

Qπ(s, a) = E
{
rt+1 + γmax

a′
Qπ(ss+1, a

′)|st = s, at = a
}

(11)

at = argmaxaQ(st, a, θ) (12)

Where rt is the received reward, st+1 is the next state, a′ is the action that
would be taken in the next state and θ is the network hyper-parameter.

For continuous state space, discretizing the space into tabular states and
actions makes it inefficient because of the enormous number of states. Instead,
a function approximation such as deep learning is required for such continu-
ous spaces. Using deep learning as function approximation of the state-action
function is called Deep Q-Learning (DQL).

The technology of deep learning has shown great breakthroughs in pattern
recognition, classification and regression in different fields such as speech [6] and
vision [15] with a massive amount of data. Deep networks are trained by giving
both the raw data as an input and the correct outputs as learning samples.
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The network updates its weights to minimize the loss on a stochastic gradient
descent [39].

Interactive learning is used to approximate the value function for the given
state at each step and allows for interactive learning minimizing the loss. The
loss is the mean square error between the predicted Q(si, ai) value and the
actual value yi, equation (13). The goal is to reduce the network loss for the
weights (Θ). The network loss L(Θ) is computed as in equation (14).

yi =

{
rt, terminal state
rt + γmaxa′Q(st+1, a, θi−1), non terminal state

(13)

Li(θi) = Es,a
[
(yi −Q(s, a))2

]
(14)

Where rt is the observed reward of the current step.
When applying deep learning to RL, several issues should be taken into

considerations. First, the network requires multiple iterations to update the
gradient decent for the given sample. Second, the similarities between states in
close time steps when learning on-policy for the current sample at each step,
leads to a high correlation in the data sample. In deep learning, the training data
set needs to have variability in samples to break this correlation. For example, if
the sequence of samples focus on action a1, the network will update its weights
to fit action a1. Introducing action a2 afterwards increases the variance of the
update significantly and leads to catastrophic learning [47]. Third, although RL
has shown remarkable results in environments that it was trained on, the agents
lacks the ability to generalize its knowledge. This is because of the limited
number of simulation scenarios it is trained on.

2.3 Imagination Based Learning
Inspired from the human imagination [10][11], an agent can imaginary prac-
tice old experiences to improve the performance in when facing the situation in
the real world. The concept of artificial agent imagination is not totally new.
Imagination has been used in artificial agents as reactivating sensory and action
motors internally without having an external stimuli [44]. In this work, imag-
ination is the virtual environment where the agent generates various scenarios
to experiment and learn new skills.

We categorize imagination into three purposes; training, planning and cre-
ation. These purposes are seen as complementary to each others and they are
used to improve the overall learning process.

Mahadevan [19], argues that imagination science is the future of AI. Data
science is based on statistical calculation for finding correlations in the given
data. Machine learning of image recognition and object recognition does not go
much beyond labeling items. He claims that imagination science goes beyond
data science because it allows producing novel samples.
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2.3.1 Imagination for training

In this approach, the agent first experiences the world by perceiving states
and perform actions. During its training, the agent also imagines performing
the same actions at the same states that have already been experienced. By
repeating the experience and the same states, the agent learning of these states
is increased because the agent doesn’t only experience it once in the real world
but several of times in imagination.

The Dyna architecture [41] in one of the earliest proposed word for this ap-
proach. In this architecture, the agent accumulates the previous experiences
of the state, action, reward and next state information over time. The accu-
mulated experience is then used as imagination resource to predict the future
value function while taking the same action. The predicted value is used to
update the state-action tabular for discrete states, or train a neural network
for the continuous states. In this imagination, the same experience is imagined
multiple times to speed up the training.

Mnih et. al. [24, 25] used the buffer technique which is mainly inspired
from the Dyna architecture, for training an agent to play Atari games. They
showed that a system is able to over-perform humans in games where the agent
is able to get all the information needed to take an action or when the reward
is not delayed from the action. This learning mechanism was used to train the
famous AlphaGo [40] that over-performed the world Champion in the game Go.
After this, RL has rapidly grown in continuous world environments. Lillicrap
et al. [17] designed a reinforcement model with deep learning. The model is a
deep network of convolution layers followed by filter layers and an output layer.
Although, the model can learn different games with the same configurations and
hyper-parameters, the model can’t transfer its skills from one game to another.

For games, such as Montezuma’s Revenge, where the rewards are very sparse
and delayed for long time, a reactive agent does not learn the game. Such
games require complex planning to know which action to take earlier that would
benefits later.

2.3.2 Imagination for planning

Inspired by the Dyna architecture, Baldassarre [1] proposed a planning mech-
anism for reinforcement learning. Instead of using planning to speed up the
training, Baldassarre uses the planning to implement trackable planning. In his
presented work, the agent is able to reach a goal that it has not reached before,
if it knows the goal state and the model of the world. To even speed up the
training, a bidirectional planning is proposed. As the forward planning predicts
the sequence of states and actions starting from the current state up to the
goal, the backward planning predicts from the goal to the current state. This
approach was used in a dynamic programming approach were the agent knows
the model of the world and can predict the probability of performing the action.
These planning and predictions are limited to environments that the agent has
a pre-knowledge of the world model.
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Another planning system was an Imagination-based planner by DeepMind
[29] where they used the model to construct a plan. The work briefly describes
how the agent’s controller chooses either to imagine or to take and action in the
real world.

2.3.3 Imagination for recreation

RL has shown remarkable results in environments that it was trained on. How-
ever, with limited number of simulation scenarios, the agents lacks the ability to
generalize its knowledge. In the imagination for recreation approach, the agent
uses sensed data of the world to create new unseen scenarios. One method for
recreation using Generative Adversarial Network (GAN) [5] that learns to gen-
erate new unseen data from a given data. This technique was used by Santana
[38] collected real world video data and trained a neural network to generate
similar video scenarios and then run the RL driving agent in it. Initial results
generated very similar image simulation compared to the real data.

Similarly, Ha and Schmidhuber [9] illustrate unsupervised learning for car
agent in OpenAI simulation environment. First, the car explores the environ-
ment to learn the model of the world. Next, it learns to generate new episode
simulations in a sequence of images similar to the explored ones with slight dif-
ferences that the car has not experienced before. They used the OpenAI Atari
tool as the simulation environment, where a car agent attempts to learn to drive
in these new scenarios in a RL mechanism. The work showed that the agent
performed higher when trained in the generated unseen environment and then
injected back to the real environment. However only relying on similar images is
insufficient for generating new simulation scenarios. It is difficult to associate a
reward function to a video generated scenario. Besides, this technique lacks the
availability of the physical dimension of the environment. Generating simulated
world using similar images does not imply embedding the physics of this world
in it

2.3.4 Learning for real world deployment

Gu et.al. [8] describes a robot arm trained and tested in a simulation to open a
door with a door handle. The research increased the speed of learning by col-
lecting learning data from multiple robots simultaneously and store the data in
the replay buffer. This technique showed higher efficiency in learning in shorter
time. In addition, the replay technique contributes significantly in reducing the
training time in real time simulation in a configuration that the agent can’t rely
on the computation speed used in deep learning. The work presents a promising
direction in applying reinforcement learning for real physical life.
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3 Research Problem
This chapter is organized as following; Section 3.1 describes the problem and
the scope of this research. Based on the problem description Section 3.2 lists
the research questions that this research aims to solve.

3.1 Problem Description
An interactive agent needs to experience different situations in the environment
to learn how to act in most of the scenarios it faces. Most current learning
mechanisms requires the availability of all the training data or the environment
scenarios beforehand to train the agent all at once. However, in real world
applications it is difficult or impossible to get all the tasks beforehand. The
agent needs to be able to progressively learn one skill after the other whenever
new situations and challenges arises. Besides, even when the agent encounters
the situation in the real world, it may be difficult to try different experiences
in the real world, for example, when the self-driving car encounters a sudden
break from the car in front. The agent needs an environment to experiment
new knowledge and train in a safe environment. An imagination approach can
be used where the agent generates different scenarios to practice the different
situations. The scenario generation requires the agent to be able to re-create
situations from previously seen ones. The artificial agent may have different
ways of re-creation (Section 2.3.3) .

This research focuses on increasing the learning performance of interactive
artificial agents.A particular focus of the future work will be the generation
of training data for RL by means of imagination mechanisms. The imagined
scenarios are used to generate the required data for the agent to learn from. In
order to learn from these scenarios, the agent should first be able to continuously
develop and build upon old data. Secondly, the scenarios should be build upon
a ground foundation and compatible with the learning progress. Thirdly, the
learning process should be applicable for the real world scenario.

3.2 Research Questions
The research questions are divided into a primary research question and a sec-
ondary question.

RQ1. The primary question of this research is How an agent that inter-
acts with an environment can incrementally build knowledge
and skills from imaginary scenarios? To answer this question the
following objectives need to be achieved:

Obj.1. What are the artificial cognitive approaches for training an
interactive learning agent?
This question surveys the different artificial cognitive system ap-
proaches and models the suitable approach for training an interactive
system. The goal of this question is to adopt the most appropriate
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approach for training the artificial cognitive system in an interactive
environment.

Obj.2. To what extent do the imagination techniques affect the
learning?
This question studies the feasibility of the minimum effect of imag-
ination on training compared to no imagination. The aim of this
question is to validate the concept of learning by imagination in ar-
tificial cognitive systems.

Obj.3. How can an agent continuously learn new skills
This question tries to find out a learning mechanism that can progres-
sively develop and learn new skills. This question aims to formulate a
mechanism to allow the agent continuously improve and build upon
previous knowledge when the training data is not available all at
once.

Obj.4. How to generate synthetic training data for the agent in a systematic
mechanism.
This question studies the different mechanism of generating imagi-
nary scenarios such that the generated episode is systematically and
automatically designed.

Obj.5. How can features be extracted for scenario generation:
1. Based on pre-given features.
2. Based on all features extracted from the collected data in the

real world.
3. Based on selected features extracted from the collected data in

the real world.
This question aims to define the features for creating the imagination
episode. This is divided into three approaches. The first approach is
using features determined manually by the programmer according to
a pre-defined goal.
The second approach automatically extracts features from the col-
lected data. In this approach, all extracted features will have equal
importance and priority.
In the third approach, some features will be selected as higher pri-
ority than others. The progress of the learning agent determines the
selection criteria.

RQ2. How is it convert the extracted features from the real world
data sensory data into the imaginary generated features?

This question extends objective Obj.5. This question defines the repre-
sentation of the sensory and motor data from the real world. The aim of
this question is to have a bidirectional mapping between the real world
and the imaginary world. This is a secondary question that is added for
research improvement if possible.
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3.3 Limitations
This work takes self-driving cars as an application area. The simulation used for
imagination OpenDS open source. The data collection, imagination generation
and learning mechanism are implemented for a driving car. For limited access
to real world deployment into real car, an RC car is used for data collection and
evaluation deployment. The RC car runs on a pre-defined and controlled road
environment.

21



4 Research Method
This chapter describes the research method used to answer the research ques-
tions presented in the previous chapter.

4.1 Research Strategy
The research strategy for this research is Design Science [28]. This strategy aims
in building new more effective IT artifacts that replaces the exciting technology
or overcomes the limitations of the available tools. The design science strategy
is suitable for this research because the focus of the research is to study and
develop a method for an artificial interactive agent that continuously learn from
imagined environments. The design science strategy facilitates the process of
studying and building such an IT artifact.

4.1.1 Research output

The output of the research is a model for an imagination based progressive
learning mechanism. A model is an abstract representation of how things are
and the relationship between entities [22]. The model of the progressive imagi-
nary learning describes the entities involved in the learning through imaginary
scenarios. The model illustrates the relation between different components. The
expected results and outcomes of this research is the following:

1. A survey of different cognitive system approaches for learning new be-
haviours, This will consist of a detailed literature review of previous work
that compares and analyzes the strengths and weaknesses of each approach
and theory.

2. A mechanism for modeling an incremental learning approach were the
agent is able to append new learning to previous ones. This is an imple-
mentation for a proof of concept for the model. It includes the design and
development to construct a theory for a progressive learning agent.

3. An encoder/ decoder model that maps between the real world environment
and the simulation representation. This question deals with the data
representation of collected sensory data from the real world that consists of
both symbolic and non-symbolic data and semantically convert it into the
simulation symbolic representation. The agent should be able to match
the knowledge it gains from the simulation training and perceive the real
world data even if they don’t directly correspond.

4.1.2 Research activities

In designing and creating the main research activities are build and evaluation
[20]. Build is constructing the artifact to proof that it can be constructed. Then
evaluate is to determine the performance of this artifact.
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Building and evaluating a research artifact in Design Science Research Method-
ology (DSRM) includes six activities as described in Figure 2 [30]. First, iden-
tifying the problem and the motivation behind the work. In this activity, the
researcher justifies why the research is important and what is the benefit out-
come of it.

A second activity is then needed, which is defining the objective for a so-
lution. According to the problem identification, the researcher identifies the
objectives of the research and what is the outcome that the researcher aims to
achieve and subdividing it into concrete activities. Next, design and develop-
ment activity which is building the artifact. The design is the architecture of the
artifact components and the development is the functionality implementation
that leads to the solution objectives.

After developing the artifact, the researcher needs to demonstrate that the
artifact solves the intended problem and it meets its objectives. The demonstra-
tion activity proofs that the artifact works, however another activity is required
to measure how well the artifact solves the problem. This is achieved in the
evaluation activity. The artifact needs to be evaluated in a systematic way in a
quantifiable measures of the system. Finally, after the researcher come up with
a contribution, the researcher needs to come up with a generalized conclusion
and communicate with other researchers in a form of publication.

Figure 2: DSRM Process Model

4.1.3 Philosophical paradigm

This research falls under the positivist paradigm not the interpretivism. Al-
though the model is inspired from bio-system of the brain, the main focus of
the research is not the social aspect behind it which is what the interpretivism
studies. The research aims to build a model of how the world looks like for a
self-driving car. This modeling includes laws and rules such as the traffic rules
in the road as well as the physics law of how the car performs while driving.
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The research doesn’t address the social context such as drivers’ behaviors or
the social impact of self-driving car. In addition, episodes generation of the
road are based on the co-driver performance which is measured logically and
mathematically.

4.2 Research Design
The research design consists of the data generation and the development of the
artifact. This section describes the different sources of the data in this research
and then illustrates the system architecture showing the different components.

4.2.1 Data generation

There are different data sources in this research. The sources includes the
literature required to understand and study the field and the state of the art.
In addition, the digital sources used for generating simulated data such as data
collected from the agent. The literature documents include previous work in
human cognition in a broad scope, more specifically in human imagination and
dreams. The literature then focuses more in artificial cognition, imagination in
robotics and machines. Self-driving cars machine learning approaches should
also be studied.

Another important source of data is car accident statistics in Europe [51].
It shows the main causes of car accidents, such as weather and speed. The
accident statistics will be analyzed to extract the main causes of car accidents
to generate similar situations that the co-driver needs to learn. Analyzing these
statistics allows the episodic generator to create road scenarios similar to the
car accident scenarios so that the co-driver practices these scenarios for training.
This data can qualitatively and quantitatively be examined to extract cause of
accidents and inspiration for road scenarios to be imagined.

In addition, an important source of data is the driving agent log data. The
driving agent logs are the detailed scenario/action data sets in every step. The
log data can be collected either from the real world or from during the training
phase.

The episodic generator needs this data set to generate new imagination
roads. If it is a real world data collection, then it extract the features to generate
the desired training roads. While if the collected data is a training log, the road
generation is mainly done from analyzing the driving agent’s performance, such
as measuring the improvements, assessing the performance in different scenar-
ios and then generating the new road with the extracted features. In this case
the generated roads are either where the driving agent fails to perform or new
complex roads that are harder to drive in.

4.2.2 System architecture

The system architecture consists of four main components: OpenDS, the phys-
ical simulation, in which the driving is executed, a middleware connector that
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Figure 3: Episodic generator system architecture for self-driving car on OpenDS
simulation

(a) 3D rendered Road (b) Lane keeping pa-
rameters

Figure 4: OpenDS road environment

converts the simulation into a RL environment, the road generator that de-
scribes the road specifications used in the simulations, and the learning agent
(see Fig. 3).

OpenDS Simulation
OpenDS is an open source driving simulator with a multi-threaded physics

engine that allows in particular mesh-accurate collision shapes and enables the
application of basic forces such as acceleration, friction, torque, gravity and cen-
trifugal forces during simulation. The motivation for using OpenDS is two-fold:
first, it provides a more complex simulator including a somewhat more complex
physics simulation than usually used in previous experiments on imagination in
vehicles [9]. Second, it provides a manner of creating episodic simulations that
is viable with respect to complexity, although it is simplified with respect to
biological counterparts.

Middleware Connector
The middleware connector is required to actually implement RL since OpenDS

is just a simulator. We use this middleware connector to calculate the reward
function (optimized for a lane keeping task) at each step. The reward function is
crafted based on the road features and task goal to be achieved. The connector
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also acts as a communication bridge between OpenDS and the driving agent
(using a UDP connection with 20 messages per second).

Road Generator To create new road scenarios, including the imagined road
scenarios, a “road generator”is used and currently a basic implementation exists
that may be further developed. The generator is primarily used in experimental
conditions that use new “imagined” roads as part of their learning. The road
generator creates the road scenario used in the simulation. The road scenario
(eg. road scenarios of number of lanes) is specified in an XML file that is
converted into a road map and a 3D rendered road simulation in OpenDS.

Driving Agent
The driving agent incorporates both the architecture to control the car in the

simulation and the means to learn how to control the car. The driving agent
in this study is in the form of deep neural networks using Deep-Q-Learning.
During training, the driving agent receives a representation of the road through
the Middleware Connector and the state of the learning agent. The learning
agent then selects the action from set of available actions (turning the steering
wheel 0.05rad/s to the left, right, or maintaining its current position) The agent
receives a reward that represents how good the chosen action is in the given
state. The agent updates the network weights based on the obtained experience
and continues with this process until it reaches a terminal state, which is arrived
at either when the agent successfully reaches the end of the road, or when it
leaves the road prematurely.

Real car The real car is used for collecting data and for evaluating the
driving agent performance. In order to generate simulated data, the episodic
generator needs extracted features to base the generation on. In order to eval-
uate the final learning capabilities of the driving agent, the driving agent needs
to be tested on a real roads. After the driving agent has learned to drive in
the simulation environment, it is deployed in the real car controller to select ac-
tions. The real car needs sensors and actuators similar to the simulation input
while training. The goal of the real car is to demonstrate that the driving agent
performance increased by learning from imagination. For the current research
purposes, a simplified radio control (RC) car will be driven in a simple road-like
environment to test driving abilities.

Feature Extractor The collected data may consist of both symbolic and
non-symbolic data. The road generator uses symbolic data to formalize the
road features. In order to generate roads based on the scenarios seen in the real
world, a feature extractor is needed to convert non-symbolic data into symbolic
data. This is a composed of a network with supervised learning holding the
symbols for the relevant objects related to the driving scenario such as other
cars, pedestrians, traffic light and road features. For each object, the relevant
properties and behaviours are stored in a knowledge graph. Properties refer to
static information about the object while the behaviour is the action over time.
For example, the pedestrian has the proprieties of current location, speed and
type (walking, biking, wheel char, adult or child). It also has the behaviour
of crossing or walking by the side. Some objects may have properties but not
behaviours such as the properties of the road lane.
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Table 1: Research Plan: research activities and years divided into quarters

5 Research Plan
The research plan consists of the major activities which are literature review,
data collection, design and creation, evaluation and writing. An agile approach
will be applied for these activities [21]. In other words, the activities are broken
down into smaller chunks are carried in smaller group.

Literature review
The plan starts by a large and deep literature review in the field to define

the research gap and learn theories, techniques from previous work. A literature
survey of the different cognitive systems approaches and the different learning
mechanism for interactive agent is conducted This process is carried through out
the research to keep up to date with the state of the art of the field [Obj.1.].

Data collection
Next, the data collection activity as illustrated in 4.2.1 is used as a source

for the design and development. The data collection goes through three phases
in the research. At the first phases, related documents are collected and quali-
tatively analyzed to extract the requirements and features for the first design.
The second phases includes the features collection for defining incremental pro-
gressive learning agent. The third phases of the data collection includes sensory
data collection from the field to extract all the possible features for the road
generation [Obj.5.].

Design and development
The process of the design and development activities follows the agile ap-

proach [21] which is based on a continuous evolving of the developed artifact. A
repetitive cycles of design, development and evaluation is carried incrementally
on top of the previous artifact.

In this work, the first design is done for the general architecture with simpli-
fied version of the components (the simulation, road generation, driving agent).
The design includes how these components works as well as how they inter-
face to communicate. The design is then developed. The development includes
the implementation and the training process. Besides, the training data is col-
lected (for the data collection phase). For the first phase, the goal is a base
and foundation implementation for the research. In this phase the general effect
of imagination is measured as a proof of concept [Obj.2.] with a pre-defined
features [Obj.5.1.].
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The second phase of the design focuses on the driving agent. The goal of
this process is to design and develop a learning agent that can incrementally
gain knowledge [Obj.3.]. The design includes the driving agent architecture.
Which defines how the agent can build incremental knowledge. In this phase,
all features are used regardless of its importance [Obj.5.2.].

The third phase focuses on the real world data collection, feature extraction
and road generator. This phase uses the driving agent from the previous phase to
learn from well structured generated scenarios. The design activity in this phase
includes how the real world data are represented and stored [RQ2.]. It also
defines the structure of the symbolic knowledge based were the extracted feature
is then stored. The road generator is advanced to generate well structured roads
based on critical situations [Obj.4. and Obj.5.3.].

Evaluation
The evaluation activity is carried out at each phase to imperially measure the

improvement added to the learning agent for the designed artifact. At the first
phase, the system is evaluated based on the effectiveness of different imagination
techniques to no imagination. The second phase is evaluated by how much the
driving agent is able to improve over time for the given features and build up
knowledge on top of previous knowledge. The third phase is then evaluated on
how critical the extracted features are and how these features contribute to the
learning.

Writing
The writing activity goes at all phases. This phase includes documenting

design, experiments and results. It also includes conference papers, journals and
thesis writing.
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Publications
This section lists the publications that have been published or submitted from
from this research

Published:

Mahmoud, S., & Svensson, H. (2018). ’Self-driving cars learn by imagina-
tion. Swecog 2018’, the 14th Swecog conference. Linköping.

Submitted under review:

Mahmoud, S., Svensson, H., & Thill, S. (2019). “Imagining” variations of
a lane keeping task improves the efficiency during learning for an autonomous
driving agent. The 2019 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS 2019). Macau.
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