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ABSTRACT

For the Classical Method of Control, the system must first be identified. After that, a
suitable control law is developed using the system model. System identification presents
many difficulties because the majority of the time the system is non-linear and the

dynamics of the system are unknown.

Data Driven Control (DDC) system design technique solve this issue by directly
controlling the system using just only the input output data without knowing the system
model. Even when the system is non-linear, Reinforcement Learning has demonstrated

encouraging outcomes in regulating the systems.

Inverted Pendulum is a well-known benchmark problem for developing new control
strategies. There exist several traditional control methods for balancing an Inverted
Pendulum like PID Controller, LQR Controller, State Dependent Riccati Equation
(SDRE) Controller etc. All of these control techniques have major issues like either need
to find out the values of different parameters in case of PID (kp, k; and kp gain constant)
and LQR (Q and R), or need to solve some complex algebraic equation to get values in all
steps in case of SDRE. Values of these constants may affect the system significantly. It

can make the system unstable or oscillatory.

The aim of this study is to implement different Reinforcement Learning algorithm to
balance an inverted pendulum and compare them. Instead of using classical control
algorithms that need a model of the system to be controlled, we used model-free control
algorithm i.e., Q-learning, Policy Gradient, Actor-Critic. We demonstrate that
reinforcement learning can be successfully used in Inverted Pendulum to balance and
control it without having a detailed model. The stability control time is too long in the Q-
learning Algorithm. Policy-based algorithms like Actor-Critic and Policy Gradient were

also able to obtain some excellent results given the right hyperparameter set.

Keywords: PID, LQR. State Dependent Riccati Equation (SDRE), DDC, Reinforcement

Learning, Q-learning, Policy Gradient, Actor-Critic.
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Chapter 1

Introduction & Literature Survey

1.1 History and Background

In 1960°s Parametric State Space Model, Optimal and Robust Control together
gave rise to the Modern Control Theory [1, 2]. Model Control Theory includes
both linear control system design techniques like Zero-Pole Placement, LQR
Design etc. and non-linear control system design techniques like Lyapunov based
design, Back Stepping, Feedback Linearization etc. The first step of all these
control system design techniques is identifying the plant model. Then this plant
model is used to design the controller for the system. Therefore, Modelling and
Identification of plant model is very much essential and crucial for Modern
Control Theory.

Though Modern Control Theory can produce controllers for nonlinear systems, but
still assumes linear dynamics. But modern systems are high dimensional and
wildly non-linear like self-driving car, flight path control etc. Often this kind of
systems either do not have a proper model or model identification is difficult. So,
researchers are trying to model controllers based on the system input output data
rather than apriori system models



Every research discipline is growing more and more dependent on learning from
data. It is the foundation of both statistics and machine learning (ML) or artificial
intelligence (AIl). It is also becoming more common in other engineering fields.
One of the fields where learning from data is being developed intensively is
control engineering.

In control theory, data-driven learning is nothing new. System identification [3] is
one of the key advancements in the Data Driven Control (DDC) field, where data-
driven learning techniques are used to model systems. In this field, the data-
driven control techniques prediction error, subspace approaches, and maximum
likelihood [4] are all accepted as standards. Despite several advancements in this
field, the technique for designing data-driven control systems is still not fully
understood.

Reinforcement learning is a machine-learning (ML) technique characterized by an
agent capable of self-learning in an environment guided only by numerical rewards
[5]. Although historically RL's development was primarily influenced by artificial
intelligence (Al), it is indisputable that RL is a direct descendant of optimal control
theory [6, 7]. Nevertheless, it was a long time before the control community
realized the potential of this technique to address control, as reported in Hoskins
and Himmelblau [8]. There was a reduction in research incentives and state-of-the-
art development at that time, as the results showed a technique with inferior
performance to the proportional—integral-derivative controller (PID) that was also
algorithmically complex, data-driven, and a black-box model.

This situation began to change in 2012 due to the consolidation of deep-learning
(DL) theory, in which deep neural networks (DNN) began to be used as feature
extractors [9, 10]. This allowed RL in problems with high-dimensional state space
(i.e., deep reinforcement learning (DRL)) such as, for example, cyber-physical
systems (e.g., robot control; see Wulfmeier et al. [11], Peng et al. [12]), fixed,
strict and complex environments (e.g., AlphaGO; see Silver et al. [13]; and Al in
gaming; see Mnih et al. [14]), and large-scale environments (e.g., Vinyals et al.

[15]).

For these reasons, as reported in [16,17], the number of publications on RL applied
to control began to grow again.



Many control problems encountered in areas such as robotics and automated
driving require complex, nonlinear control architectures. Techniques such as gain
scheduling, robust control, and nonlinear model predictive control (MPC) can be
used for these problems, but often require significant domain expertise from the
control engineer. For example, gains and parameters are difficult to tune. The
resulting controllers can pose implementation challenges, such as the
computational intensity of nonlinear MPC.

Deep neural networks, trained using reinforcement learning, can be used to
implement such complex controllers. These systems can be self-taught without
intervention from an expert control engineer. Also, once the system is trained,
Reinforcement Learning Policy can be deployed in a computationally efficient
way.

Reinforcement learning can be used to create an end-to-end controller that
generates actions directly from raw data, such as images. This approach is
attractive for video-intensive applications, such as automated driving, since do not
have to manually define and select image features.

An Inverted Pendulum is a pendulum whose center of mass is above its pivot
point. It is inherently a highly unstable, nonlinear system which is very difficult to
control. That’s why it is a benchmark and an important classical problem for
control system research and use to analyze and design control laws.

 E—. -

Fig. 1.1: Real inverted pendulum with an IP02 servo plant [18]



Using reinforcement learning to train a single inverted pendulum is a proof of
concept that could make other reinforcement learning applications more efficient,
letting computers quickly and efficiently train models before implementing them
in the real world. Most of the cartpole implementations are either simulations with
simplified models or model-free implementations involving virtual training with
the help of artificial neural network or Reinforcement Learning.

1.2 Inverted Pendulum

The simple inverted pendulum system is constructed by mounting the pole on cart
which can move horizontally using some servo mechanism. This is also called Cart
and Pole apparatus. It has a stable and an unstable equilibrium point. Just like
normal pendulum, the inverted pendulum oriented downwards in stable
equilibrium state. It has the unstable equilibrium point in vertically upward
direction. As it is highly unstable, it requires to be controlled always to keep the
pendulum in upright position, otherwise it will fall. It can be kept in upright
position either by applying torque at the pivot point or by moving the pivot point
horizontally using a feedback loop by changing the rate of rotation of mass
mounted on the pendulum parallel to the pivot axis and hence developing a net
torque on the pendulum or by oscillating the pivot point vertically. An example of
moving the pivot point in a feedback loop is achieved by balancing a pen on the
finger.

Inverted
pendulum

Toothed Belt Sprocket Wheel

DCmotor Sy =  ~———————-

4 / / 7
/////,W?/’Wf W////////

ISSLSS IS SIS S S S S S TS LSS SIS SIS SIS S

Fig. 1.2: Cart Pole System [19]



The main objective is to utilize specific reinforcement learning technique to
balance an inverted pendulum, known as Cart Pole, a single inverted pendulum
attached to a cart on a one-dimensional track with a four-dimensional continuous
state space.

The cartpole State Space is represented by: [x, 0,x, é]
Where, x = position (right positive)
0 = angle (counterclockwise positive from 0 vertical)
x = velocity

0 = angular velocity

N
I ]
1 1 .
I 1
1 /7\,9
(I
(I
(I
1
()
1!
action 1 (push right) 1" action 0 (push left)
m -
T
—-

Fig. 1.3: Cart Pole State Representation

This action space is the continuous range of voltages available to the motor,
moving the cart left (Action-0) or right (Action-1), respectively. The cart will also
move according to the physics of the system, even if no voltage is applied. Goal is
to apply the appropriate voltage to the motor in order to balance the pendulum
vertically above the cart, without running the cart out of the track. The model is
virtually trained, entirely through a simulation in Python or MATLAB. Then the
trained model can be implemented on the real inverted pendulum.



1.3 Reinforcement Learning

Reinforcement Learning is one among the main three branch of Machine Learning
paradigm alongside Supervised and Unsupervised Learning. It is a feedback-based
approach that give an agent the ability to learn from experience just by interacting
with the environment. In Supervised Learning, agent requires labelled data
consisting of input vectors and respective desired output vectors to supervise its
learning process. So, this method cannot be used where the labelled desired
datasets are not available. Reinforcement Learning can solve this problem. Agents
learn to behave in an unknown environment by taking some actions and seeing the
result of its action. For taking a good action the agent gets positive reward and for
taking a bad action the agent gets negative reward.

So, Reinforcement Learning is a decision-making technique where agent is
learning to take the optimal behavior in an unknown environment to get the
maximum reward. Here the data is gathered from the machine learning systems
that use a trial-and-error method. Data is not part of the input output labelled data
set that can be found in supervised or unsupervised machine learning.

Agent
State, sy Reinforcement .
. Action, a;
Reward, r; Learning

Environment

Fig. 1.4: Agent-Environment Interaction Loop



Almost every RL problem can be constructed as one kind of Markov Decision
Process (MDP) made of a set of states, a set of actions and a function/policy which
describes the transition behaviour. Generally, a MDP is a tuple (S,4,p,R,y)
where, S is a finite set of states, A is a finite set of actions, p is a state transition
probability matrix represents the probability of moving from one state (s) to
another state (s') given action a such that

p(s,a,s") =P[S;y, =s"|S, =5s,A; = a]
(1.1)

R is the reward function calculating the expected rewards in state s for taking
action a
R(s,a) = E[R; 41 |1S; = s,A; = a]
(1.2)

And y is a discount factor takes value in between 0 to 1

The main objective is to find a deterministic policy 7 : S — A such that (s) = a
or stochastic policy m : § X A — [0, 1] such that,

m(als) =P[A; =a| S, = s]
(1.3)

An optimal policy m* is the one that maximizes the expected rewards or minimizes
the expected cost over any future state actions sequence, sometimes call the
reward-to-go.

Optimal action value function maximizes the reward-to-go over all policies so that

Q*(s,a) = max Q,(s,a)

(1.4)

And all optimal policies gain the optimal action value function

Qr(s,a) = Q°(s,a)
(1.5)



While this optimization MDP problem can also solved using Dynamic
Programming or Linear Programming Techniques. But Reinforcement Learning
poses two key advantageous features — Sampling and Function Approximation.

Large dimensional problems can be simplified by sampling actions from the
action-space to optimize the performance since optimal trajectories for every
possible action is not needed. For continuous action-spaces, this makes difficult
problems easily solvable. Also due to the universal function approximation
properties of neural networks it is possible to solve problems with large state
spaces where it would not be feasible to get an analytical solution due to the curse
of dimensionality.

1.4 Literature Review

A benchmark test problem in the field of control systems is the inverted pendulum
system. Due to the system's inherent instability and nonlinearity, control system
research must address this classical issue. The system consists of a horizontally
moving cart with a pole placed on it. The pole has an unstable equilibrium point.
The International Federation of Automatic Control (IFAC) Theory Committee has
identified it as one of the real-world control problems for testing new and existing
control techniques [20]. Computer simulations are frequently used to evaluate
these controls instead of real pendulums because they can be costly to procure,
time-consuming to set up, and labour-intensive to maintain. This is because the
model can be simulated with a high degree of precision. Due to their ubiquity,
there have been a plethora of classic control techniques used to balance them.

1.4.1 Traditional Control

It is very hard to accurately construct an exact simulation of real inverted
pendulum in a computer. While things like friction, motor electrodynamics, and
viscous damping coefficients can be included to make the simulation match reality
better, various attempts to do this still neglect the nonlinear Coulomb friction
applied to the cart, and the force on the cart due to the pendulum's action [21, 22].
Additionally, variations in manufacturing tolerances, unbalanced cart setup, motor
play, and general gear wear and tear all contribute to unanticipated noise that could
lead to simulated controls failing or performing worse than the simulation predicts.
Finally, nonlinear controllers need to be evaluated quickly for online



implementation, posing a challenge for computationally intensive controllers.
There are significantly fewer inverted pendulums built and balanced in reality as a
result of this major obstacle.

PID with a Kalman Filter [23, 24], LQR [25, 26], State-Dependent Riccati
Equation (SDRE) [27] and power series approximation of the HJB equation [22]
are a few examples of conventional controllers.

1.4.1.1 PID Control

Proportional-integral-derivative (PID) controllers are a staple of industrial process
control. By first linearizing the space state equations about the unstable
equilibrium, the error e(t) between the current and target states can be fed into the
PID controller.

t de(t)
u(t) = kpe(t) + k]f e(T)dT + kD 7
0
(1.6)
Where, kp, k; and kj, are the proportional, integral, and derivative gain constants
respectively.
: Fe
Cart Cart Position
Ref. B Controller

External Inverted "X
Impulse Pendulum
Signal System
Theta

Pendulum
AF'{E['B Lo :: b Angle
# ‘ Controller Fp

Fig. 1.5: Block Diagram of Cart Inverted Pendulum PID Controller [28]



Finding values for these constants that work for this particular system directly
affects the controller's performance. The system may oscillate, become unstable, or
not balance the pole at all if one or more of the gain constants is set to an
excessively high or low value.

1.4.1.2 LQR Control

Linear-quadratic regulator (LQR) controllers also begin by linearizing the
nonlinear state equations the same way, and using the solution P to the algebraic
Riccati equation to minimize the cost functional.

[ee)

J(xp,u) = ] xTQx + Ru?dt

0

(1.7)

Then the optimal feedback control is,

u=—-RBTPx
(1.8)

Like the PID controller, LQR's performance is directly influenced by the values
selected for Q and R; if these values are off, the performance may oscillate or be
unstable.

Y

L_,, 4IOL' Linear Inverted

-4 Pendulum System

=l

\J

d
LOR Controller dt
a1
Y b dt
Q| R
ABC Algorithm

Fig. 1.6: Block Diagram of Cart Inverted Pendulum LQR Controller [29]
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1.4.1.3 State Dependent Riccati Equation (SDRE) Control

A Kalman filter is used in both PID and LQR to smoothen sensor inputs and
provide an approximation of % and 6 in the state, although a low-pass derivative
filter may perform better if the ideal Kalman parameter values cannot be acquired
[27]. The drawback of these controllers is that the linearized state equations
diverge more and more from the real nonlinear equations as the state deviates from
the unstable equilibrium at the origin. While PID and LQR still work well when
the pole is essentially straight up, still a nonlinear controller may operate better
over a larger range of values, such as during a disturbance.

Using a nonlinear formulation like the State Dependent Riccati Equation (SDRE)
is one way to deal with this issue. Similar to LQR, SDRE begins by solving

AX)TP(x) + P(x)A(x) — P(x)B(x)R(x)"*B(x)TP(x) + Q(x) =0
(1.9)

To get P(x) = 0, which is used for the control

u= —R(x)Bx)TP(x)x
(1.10)

The main difference between LQR and SDRE is that the design matrices Q(s) and
R(x) and the plant matrices A(x) and B(x) are state-dependent instead of
constant. This allows the same controller to be used to swing-up and balance the
pendulum, instead of switching controllers, as the linearized models would require.
The major downside of this technique is that it requires solving the algebraic
Riccati equation at every time step, which can be computationally expensive and
limit the sampling rate. As long as the online computed resources are fast enough
for real time implementation, this results in a controller that is more stable and
robust.

1.4.2 Reinforcement Learning Control

A control approach needs to be resilient against model errors, sensor noise, and
potential system disturbances in order to be effective. Reinforcement learning
techniques can be employed as controllers because they generalize to new settings
and do not require domain-specific knowledge of the system to produce satisfying
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outcomes. The same method can be used to balance a pole, drive a car, or play
Pong. The majority of reinforcement learning algorithms are trained virtually due
to the costs involved with operating in a real environment. There have been
numerous attempts to use different reinforcement learning techniques to control a
real inverted pendulum, but they have all been doomed by the same
problem; gathering data from a real pendulum is a time and money consuming
process.

It is now possible to test reinforcement learning algorithms on a variety of
standardised contexts thanks to the creation of virtual environments like OpenAl
Gym. The Cartpole in OpenAl Gym offers a simplified simulation of an
environment with an inverted pendulum that is free of friction and has a
discrete left/right action-space. The first environment was created in 1983 [30],
and it significantly improved the Boxes algorithm used to teach a computer-
analogue how to play tic-tac-toe by using an Adaptive Critic technique.

In the decades since, the development of reinforcement learning has given rise to a
number of additional strategies that have been utilized with varied degrees of
success. These include plain Policy Gradient, Actor-Critic, and Deep Q-Learning.
These fundamental reinforcement learning techniques, however, are generally slow
and data-intensive, necessitating thousands of trials before the policies converge.
Despite this, OpenAl Gym has become the de facto method for evaluating the
performance of novel algorithms like Deep Deterministic Policy Gradient [31],
Trust Region Policy Optimization [32], and Proximal Policy Optimization [33].
This is due to the environment's simplicity of usage and implementation. In these
algorithms are benchmarked across several OpenAl contexts [34]. However, it is
challenging to replicate the findings in reality due to the discrete action space and
spartan dynamics of the system. The model is often trained from scratch on a real
pole in order to apply reinforcement learning to balance an actual pendulum.

1.5 Thesis Outline

This Thesis is organized as follows,

Chapter 1, includes a brief history and background of Data Driven Control. A
short introduction to Inverted Pendulum and Reinforcement Learning is also given.
Different Inverted Pendulum Control Techniques from Traditional Control (PID
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Control, LQR Control, SDRE Control) to Reinforcement Control are discussed
here.

Chapter 2, gives an introduction to Reinforcement Learning. All the terminologies
related to Reinforcement Learning is defined and explained in this chapter.
Different Reinforcement Learning Algorithm like Q-Learning, Policy Gradient,
Actor-Critic are described in brief.

Chapter 3, deals with different modelling schemes like Mathematical Model,
Transfer Function Model, State Space Model of Cart Inverted Pendulum. Further,
it presents the simulation results for conventional techniques to stabilize Cart
Inverted Pendulum.

Chapter 4, discusses the result of Cart Inverted Pendulum Control using different
Reinforcement Learning algorithm. A comparative study has been carried out
between results of different RL algorithms.

Chapter 5, concludes the contributions of the thesis and points out the scope of
future work.
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Chapter 2

Reinforcement Learning

2.1 Introduction

Machine Learning is one of the emerging fields in engineering. Instead of step-by-
step coding, computers learn from experience using machine learning algorithm.
Despite discovery of Neural Network [35], Perceptron [36], Back Propagation [37,
38] in the 1960’s, it is making a rapid growth in the last 10 years only due to the
increase in the processing power of computers specially graphics processing and
tensors processing. This recent boom in machine learning has made the computers
able to do wonderful new tasks like diagnose cancer cells more accurately [39],
generate art works in style of Mozart [40], Shakespeare [41, 42], Van Gogh [43]
etc. It can also play computer games like Dota [44], Go [45] etc. better than
professional players. This list is expanding more and more.

Machine Learning is divided into broadly three categories —

1. Supervised Learning
2. Unsupervised Learning
3. Reinforcement Learning
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In Supervised Learning machines are trained using labelled data for the purpose
of predicting output in future.

In Unsupervised Learning unlabelled data is fed into machine to discover hidden
structures and patterns in data.

In Reinforcement Learning agent takes some action in an unknown environment
and get rewards from the interaction. This way agents gets experience and learn to
take good action.

So, Reinforcement Learning (RL), is a Machine Learning technique, which uses
trial-and-error to interact with the environment or the system by taking actions and
obtaining rewards repeatedly. Rewards shows how good that action is. This
inspires the agent to take the optimal action when given a state of its environment
with the goal to maximize the cumulative rewards, known as the return or
feedback. The main goal of RL is to optimize and automate physical tasks, but still
not used in many real-world problems.

2.2 Terminologies in Reinforcement Learning

The main objective of reinforcement learning is to train an agent which can chose
an optimal policy for itself to get maximum rewards. In this case, the agent is the
inverted pendulum, the policy is an artificial neural network with one hidden layer
that decides how much voltage to apply to the motor, and the rewards correspond
to how long the pole stays balanced.

2.2.1 Policy

Policy describes how an agent would behave at a given time in unknown
environment. It means policy is a function which maps a perceived state of
environment to an action to be taken when in that state just like the stimulus-
response rules of psychology.

Policy can be of two type — Deterministic policy and Stochastic policy.

Deterministic policy 7: S — A describe which action to take in which state of the
environment.
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Stochastic policy gives a probabilistic distribution over actions for every state
such that

ﬂ(a|s) =P[A; =al|S; =s]
2.1)

2.2.2 Reward

Maximizing the reward is the main goal of Reinforcement Learning problems.
Thus, reward shows which action is good and which action is bad for the agent. In
biological system reward is similar to the experience of pleasure and pain.

The reward function 1, = R(s;, a;, S¢41) depends on the current state, action and
future state of the environment.

2.2.3 Value Function

The total amount of reward an agent can expect to accumulate over the future
starting from the current state is described by the Value Function. The value
function is function of rewards. Whereas Reward gives the immediate feedback of
an action taken in a environmental state, Value indicate the long-term
accumulation of rewards over the state-action trajectories considering the states
that are likely to occur and rewards available in those states.

(2.2)

This summation may diverge to infinity as time tends to infinity. This can be
prevented by the idea of a discounted reward (to emphasize getting rewards now
rather than later in the future). That is, we define y € (0, 1] so that our cumulative
discounted reward at time step t is

R, = Z Vkrt+k
k=0

(2.3)
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It is also called the rewards-to-go as it gives the sum of discounted future rewards.
Discounting not only guarantees the sum converges, but also has the additional
benefit of prioritizing the current rewards over the future rewards. The value of y
can be tuned to provide the optimal combination of current and future rewards. If
value of y is small, it will prioritize the actions resulting in rewards now, while
large value of y will prioritize rewards over a longer time frame.

2.2.4 Trajectories

A Trajectory is a sequence of States and Actions of a Reinforcement Learning
Experiment.
T = (So, g, S1, Ay, ")
(2.4)

From distribution p,, starting state s, is randomly sampled. After that from next
time step t > 0, next state is sampled out using the policy

2.2.5 Model

A model is either the inferences to be drawn about how the environment will
behave or it mimics the behaviour of the environment. Planning, or the process of
choosing a course of action by considering potential future circumstances before
they are actually experienced, is carried out with the help of models.

2.2.6 Agent Environment Interaction

The difficulty of learning through interaction to accomplish a goal is simply
framed as the reinforcement learning problem. The agent is the learner and the
decision-maker. The environment is the component of the system that it interacts
with that consists of everything save the agent. The agent continues to choose
actions, and the environment responds to those actions by creating new scenarios
for the agent to deal with. Rewards are also created by the environment; their
unique numerical values are what the agent tries to maximise over time. A task is a
complete specification of an environment. It gives how rewards are determined,
which is one instance of the reinforcement learning problem.
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Fig. 2.1: Agent — Environment interaction in Reinforcement Learning

A4

The agent and environment interaction happens at discrete time steps like t =
0,1,2,3,... At every time step t, the agent gets some representation of the
environments state, S; € S, where S is the set of all possible states, and on that
basis selects an action, A; € A(S;), where A(S;) is the set of all possible actions
available in that state S;. After One time step, as a consequence of its action, the
agent gets a numerical reward, R; € R and moves itself in a new state S, . Figure
2.1 shows the agent — environment interaction.

The agent implements a mapping from states to probabilities of choosing each
potential action at each time step. This mapping is called the agents policy denoted
as m,, where m,(al|s) is the probability that A, = a if S, = s. Reinforcement
learning techniques outline how the agent modifies its policy in response to its
observations. The agent's objective is to maximise its overall return over the long
term.

Because it is versatile and abstract, this framework can be used to solve a wide
range of issues. The optimisation and control issues have the same MDP
framework in place.

2.2.7 Episodic or Continuous Task

Task is defined as an instance of a reinforcement learning problem is of two types
— Episodic and Continuous.

In Episodic Tasks, there is a starting point (Initial State) and ending point
(Terminal State) to a task. It consists of a set of States, set of Actions, Rewards.

Continuous tasks are the tasks that never ends (means no terminal state). There is

no starting point and ending point. The agent keeps running until training is
completed.
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2.2.8 Monte Carlo and Temporal Difference Learning

Monte Carlo and Temporal Difference are the two methods by which agents can
learn.

2.2.8.1 Monte Carlo Learning

Monte Carlo learning agent gets the rewards at the end of each episode and uses
these cumulative rewards to look how good it performs. In another word, The
Monte Carlo method uses random process sampling to tackle a variety of
optimisation problems. By randomly sampling the environment for the duration of
an episode, the Monte Carlo approach is applied to an MDP, and the optimum
course of action is then chosen in order to maximise rewards from the
environment.

V(Se) < V(Se) + a (Gt — V(Se))

Aehdab bl A

D | Y / s\
A / ’ ",/

Fig. 2.2: Tree Diagram of Monte Carlo Learning

Generalised Policy Iteration represented in figure 2.2 is the algorithmic framework
that Monte Carlo Learning, when applied to Control Problems, shares with
Dynamic Programming.

The Monte Carlo for the Prediction problem is considered, and can be further
classified into two types:

1. First Visit Monte Carlo Policy Evaluation

2. Every Visit Monte Carlo Policy Evaluation
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The environment and the objective are taken into consideration while choosing the
Monte Carlo Prediction type. The Monte Carlo update can be used in place of the
update equation for the value function in this Generalised Policy Iteration
structure:

Number of visits to state s = N,(s)

Total returns from visit to state s, R,(s) = R.(s) + G,

R¢(s)
N¢(s)

Average Return observed from visit to the state s, V(s;) =

Only episodic tasks can use Monte Carlo Methods since the method needs a
Terminal State. This is excellent for the Cart Pole Balancing task since the agent
receives a Failure signal at the terminal state, as it has exceeded the limitations
defined by the Objective.

In The state value function V(s) in the aforementioned Monte Carlo update is
determined by dividing the total return by the total number of visits, which adds
extra work because it must be done for each state at each episode. By using the
incremental means method, the update rule can be minimised by,

1
Mean,(s) = Mean,_,(s) + NG (R, — Mean;_(s))
2.5)

Thus, the algorithm for Monte Carlo Method with incremental updates applied on
Cart Pole Balancing problem, at the end of every episode is:

Q(Sp, Ap) — Q(Sp, Ap) + a[R, — Q(S;, Ap)]
2.6)

At the end of an episode in Monte Carlo Learning, the value function is changed
using the episode's total return. As the agent chooses actions more effectively in
the Cart Pole dilemma, the length of the episode lengthens. In such a case, a state
(say, s;) examined at the beginning of the episode will have to wait until the end of
the entire episode to increase the estimate of its quality when Monte Carlo
Learning is used to update the agent's value function. whenever the agent’s next
state space S’ contains s, the old estimate of the state s1 would be used to update
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the quality of the remaining states throughout the episode. Whenever the agent's
next state space S' contains s, the old estimate of the state s1 would be used to
update the quality of the remaining states throughout the episode. While the Monte
Carlo Method is capable of determining the best course of action, the time it takes
between exploring a condition and updating its estimate can cause a delayed
learning process. A different class of Reinforcement Learning algorithms has been
created to solve the issue of the learning process' slowing down in the past [46].

2.2.8.2 Temporal Difference Learning

Temporal Difference learning agent gets reward after it take every action. It
evaluates and update value function after every action. In order to assess the
quality of a state, Temporal Difference Learning (TD) is a class of Reinforcement
Learning algorithms that uses bootstrapping and one-step updates to the value
function.

V(St) < V(St) + a(Repr +vV(Se41) — V(St))

RQ
Fig. 2.3: Tree Diagram of Temporal Difference Learning

Unlike Monte Carlo Methods, the TD methods are step-by-step algorithms with
online updates of value estimates. At every step of an episode, the quality of the
state is updated using the reward obtained at that step and the old estimate of the
quality of the next state. In other words, a guess of the state’s quality is updated
towards a better guess.

21



The TD Learning update equation for:

1. Prediction:

V(S) < V(S + alRe + YV (Ser1) — V(S)]

(2.7)
Where, S; = Current State

S¢+1 = Next State

V(S;) = Quality of the agent being in State S,

R; = Reward obtained by the agent from state S,

2. Control:
Q(Se, Ap) — Q(Sp, Ap) + a[Re + ¥Q(Ses1, Arsr) — Q(Se, Ap)]

(2.8)

Where, (S;, A;) = Current State Action set
(St41,Ar+1) = Next State Action set
Q(S:, A;) = Quality of the agent being in State S, and taking action A,

R; = Reward obtained by the agent from state S; by taking action A;

2.2.9 Exploration and Exploitation Trade Off

Exploration is exploring the environment and getting information about the
environment. On the other hand, Exploitation is exploiting the already known
information about environment to get maximum reward. If an agent does not
explore its environment, it won’t be able to know if there are any other actions
which will give it more reward. If it does not exploit the known state-actions set it
won’t be able to find which action will yield max reward among the known
actions. So, the agent needs to balance between the exploration and exploitation
and it is known as the exploration and exploitation trade off. If the environment is
predictable, the agent must experiment by trying different actions in each state and
gradually learn to choose the appropriate action for each state. The same action
must be tested multiple times in a stochastic environment, however, in order to
assess the reward that may be expected from each condition.
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2.2.10 Markov Property

In a reinforcement learning situation, it is ideal to have a state signal that
summarizes past sensations while still retaining all pertinent information. A signal
of this type that is successful in keeping all pertinent data is said to be Markov, or
to have Markov property.

Consider how the environment as a whole might react at time ¢ + 1 to the action
taken at time t. In the most general, causal case, this response may depend on
everything that has happened earlier in the past. Only by defining the entire joint
probability distribution is it possible to characterize the dynamics in this situation:

P{St+1 =5 Rex1 =7 S0, Ao Ry, o, Se—1, A1, Re, Sty A}

for s’,r and all possible values of past events Sy, Ag, Ry, .-, St—1,A¢—1, R, S, At

The next state and reward obtained through environment dynamics and received
by the agent at time t + 1, are said to have the Markov property if they solely
depend on the system's state and the RL agent's behavior at time t. The agent
keeps track of an estimate of the dynamics of the environment that are inherent to
the system through State Transition Probabilities, which can be defined by:

P{St41 =5 Rip1 =715 =54, =a}

forall s’,r,s,a

If an environment possesses the Markov property, then we may predict the
subsequent state and anticipated reward given the current state and action using the
subsequent state and action's one-step dynamics [5, 30]. By repeating this
equation, it is possible to demonstrate that it is possible to forecast all future states
and expected rewards using only knowledge of the current state, which is
equivalent to using knowledge of the entire past up to the present. Therefore,
Markov states offer the greatest potential foundation for selecting actions. In other
words, the greatest strategy for selecting actions based on a Markov state is just as
effective as the best strategy for selecting actions based on entire histories.
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2.2.11 Bellman Equation

Agent solves the Q table over time by breaking up the whole problem into multiple
simple ones. Rather than solving the true value of a state-action pair in one step,
the agent will update the value each time a state-action pair is visited through
dynamic programming. The Bellman equation is important for Q-learning as well
as other learning algorithms, such as DQN.

new Q(s,a) = Q(s,a) + a[R(s,a) + y -maxQ'(s’,a’") — Q(s,a)]
(2.9)

2.2.12 Different Approaches to Reinforcement Learning

There are three different approaches to Reinforcement Learning — Value Based,
Policy Based and Model Based.

2.2.12.1 Value Based

In value-based RL, the goal is to optimize the value function V(s). The value
function is a function that tells us the maximum expected future reward the agent
will get at each state. The value of each state is the total amount of the reward an
agent can expect to accumulate over the future, starting at that state.

Vo(s) = Ex[Rey1 + YRiv2 + VP Rppz + | S¢ = 5]
2.10)

2.2.12.2 Policy Based

In policy-based RL, the policy function m(s) is directly optimized without using a
value function. The policy is what defines the agent behaviour at a given time. The
policy function maps each state to the best corresponding action.

a =m(s)
(2.11)

2.2.12.3 Model Based

In model-based RL, the environment is modelled. This means we create a model of
the behaviour of the environment. The problem is each environment will need a
different model representation.
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2.3 Q-Learning

Q-Learning is a value based off-policy Reinforcement Learning algorithm used to
find the optimal action using the Q-table and Q-function. It uses a greedy approach
to select the best action in any state using Q-table so that it gets maximum
expected future reward. An exploratory approach is chosen to estimate the action
value or Q-value of every possible action in every possible state or to update the
Q-table.

2.3.1 Q-Table

Q-table is kind of lookup table in which the maximum expected future reward for
each action at each state is stored. In Q-table rows will be the states and columns
will be the actions.

Actions
i
i 5
Ag Az Ap
51 Q51 A1) Q51 A2) (51, An)
" Sz Q52 A1) Q52 A2 Q{52 An)
5 A
[¥3]
S5y | Q(Sw AL) QS Az) QUSn, Aml

Fig. 2.4: Q-table

2.3.2 Q-Function / Action-Value Function

Q-function or Action-Value Function is used to update the Q-value (maximum
expected future reward to an action in a state) in the Q-table. It takes “State” and
“Action” as the two input and uses Bellman equation to give maximum expected
future reward as output.

Qura(5,@) = Q(s,@) + 1 |R(5,@) +¥ max Qu(s’, @) = Qu(s, @)]
(2.12)
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2.3.3 Algorithm

1. Create Q-table with m columns (number of actions) and n rows (number of

states) and initialize all the values at 0.

2. Chose an action a in the present state s based on the current Q-value

estimates.

3. Perform the action a and observe the new State s’ and reward r .

4. Update the Q-value in Q-table corresponding to the state s and action a
using the Q-function Q(s, a) .

5. Repeat the step 2, 3 and 4 until the learning is stopped.

2.4 Policy Gradient

Policy gradient is a policy-based Reinforcement Learning approach. Instead of
knowing a value function that tells what is the expected sum of rewards given a

state and an action, in policy-based algorithm policy function directly maps the

state to an action. It maximizes the expected return for a policy. It does so by

shifting the parameters 6 in such a way that it increases expected return J ().

For a state-action trajectory T = (S, @y, ..., St4+1), the gradient of J(1my) is

Vo J(mg) =V E [R(7)]

T~Tlg

= Vy fP(TlQ)R(T)

=f%Pmmmﬂ

[ P@EIO)
= LW Vg P(TlQ)R(T)
v, P(z]0)

P(z|0)
= fP(T|9) Vo InP(t|6) R(7)

T

Vo J(mg) = E [VpInP(z]6) R(7)]

T~Tlg

= fP(TlQ) R(7)

(2.13)
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Expanding Vy In P(7|0),

T
Vo InP(z|0) = Vg [In py(so) + Z(lnp(st+1|str a;) + Inmg(aclse))

t=0

T
= VglInpy(sy) + Z(Vgln P(sty1lse ar) + Vg Inmy(aels,))

t=0
T
= Z Vo Inmg(acls,)
t=0
(2.14)
Gradients term that does not depend on 8 are 0
T
Vo J(mg) = E [z Ve Inmg(ac|s,) R(T)]
o t=0
(2.15)

It is gradient of the cost function and is used for the Policy Gradient algorithm

Now, an arbitrary advantage function can be chosen given the policy, state an
action

Vo J(mg) =

E
T~Tg

T
z Vo Inmrg(a;|se) Ap, (se, at)]
t=0

(2.16)

The advantage function A, (s, a;) > 0 points towards direction of increasing

mg(ac|s,)

2.4.1 Algorithm

1. Set the parameterized policy g (a;|s;) .

2. Initialize 6 and sy, ~ py .

3. Sample out the trajectory using g (a;|s;) .

4. Calculate, Vy J(p) = Y1_o Vo Inmy(a,|s,) R(7) .
5. Update, 6 := 0 +nVy J(1g)] .

6. Repeat step 3, 4 and 5 until training is complete.
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2.5 Actor-Critic

Value based methods like Q-Learning learns value function that gives a value to
each state action pair. In every state the action with highest value gets selected.
This method works well in situation where number of states and actions are finite.

Again, Policy based methods like Policy Gradients optimize a policy which selects
the best action to a state directly without using any value function. It can be used
where action set is continuous and stochastic. But the problem is that it uses the
total rewards in an episode for selecting the actions, not for a single action.

Both of these problems can be solved using a new hybrid methods like Actor-
Critic algorithm. Here, an Actor generates the policy that will control how the
agent will behave (Policy based approach) and a Critic gives value score to the
action actor takes to see the action is good or bad (Value based approach). So, to
do this start with the same Policy Gradient policy, but with two neural networks.
One for selecting the optimal action in any state and other for finding the value of
the corresponding state using the value function V(s;) to judge it. The policy
subtracts a baseline value b(s;) from the gradient of the cost function in Policy
Gradient algorithm. The baseline value depends only on the current state and
calculated using value function.

Vo J (o) = TETB [z Vo Inmg(a.|s,) (Z Ry — b(St)ﬂ
t=0

t'=t

(2.17)

The Expected Grad-log-Prob (EGLP) is 0 for a parameterized probability
distribution Py over any random variable x. Means,

E [Vo InPy(x)] =0

X~Fg
(2.18)
So, for baseline b(s,) which depends only on current state,
E_ (7o Inmy(arls)b(s)] = 0
(2.19)
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To get the best baseline value just start by defining a state-action value function
which calculates the maximum expected future return if starts from state s and
using the policy 4 take an action a.

Qry(s,a) = TETB[R(TN So =S,a0 =a]
(2.20)

The state value function which gives maximum expected future return when starts
from particular state s and follow the policy my

Vig(s) = E [R(D)]sp =5,]

T~Tg

(2.21)

So, the relation between state-action value function @, and state value function
Vi () is
Ve (5) = E [0, (5, 0)]
(2.22)

Now, the advantage function A, (s, a) is

‘Aﬂg(sia):: Qﬂg(sla) —'D%Q(S)
(2.23)

Then, gradient of the cost function,

Vo J(1g)

Z Vo Inq(als;) Ap, (St at)‘

T~ﬂ9

T~Tg

= E ZVG Ing(a;|s;) (Qne(st!at) ﬂg(st))“

= E

T~Tg

P'[\ylj»%

7y In g (arlse) Quy (50 ) = Zva In g (a5,) n9<st>‘

= E [z Vo In 1 (else) Qg (56 at)] - E [z Vo In g (als) Ve, (st)]
t=0 t=0

=Vy J(mg) — 0
(2.24)
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As,

E [Ty Inmg(arls) Qnlsuad] = E [olnmo(arls) E Quylsear)
= TEQ[VB Inmg(ac|s) An, (e, at)]
= Vp ] (1g)
(2.25)

And,

E [VgInmg(acls,) Vr(s))] = E I E [‘79 Inmg(ac|s,) ]/7T9(St)]l

T~Tlg T~Ttg |At~Tg

= E E [Vglnﬂe(at|5t)]vng(5t)]

T~Ttg Lat~Tg

= E [O'VnH(St)]

T~Tg
=0

(2.26)

2.5.1 Algorithm

1. Set the parameterized policy g (a;|s;) .

2. Initialize 6 and sy ~ pg .

3. Sample out the trajectory using mg(a;|s;) .

4. Find V, to rewards.

5. Calculate, Qr, (S, ar) = X ¥ 7esi -

6. Calculate, Ay, (s, ar) = Qr, (S, ar) — Vi, (se) .

7. Calculate, Vg J(1mg) = — Xt Vo Inmg(aclsy) Ar, (st ae) -
8. Update, 8 =6 +nVy J(mg)le -

9. Repeat step 3 to 9 until training is completed.
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Chapter 3

Cart-Inverted Pendulum

3.1 Introduction

An Inverted Pendulum is a pendulum whose centre of mass is above its pivot
point. It is inherently a highly unstable, nonlinear system which is very difficult to
control. That’s why it is a benchmark and an important classical problem for
control system research and use to analyse and design control laws.

The system is constructed by mounting the pole on cart which can move
horizontally using some servo mechanism. This is also called Cart and Pole
apparatus. It has a stable and an unstable equilibrium point. Just like normal
pendulum, the inverted pendulum oriented downwards in stable equilibrium state.
It has the unstable equilibrium point in vertically upward direction. As it is an
inherently unstable system, it requires a control action throughout its operation to
keep the pendulum in upright position. It can be kept in upright equilibrium
position either (a) by applying a torque at the pivot point or (b) by moving the
pivot point horizontally using a feedback loop by changing the rate of rotation of
mass mounted on the pendulum parallel to the pivot axis and hence developing a
net torque on the pendulum or (c) by oscillating the pivot point vertically. An
example of moving the pivot point in a feedback loop is achieved by balancing a
pen on the finger.
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3.2 Free Body Diagram

friction
B = bx

_p.-:l_"

Fig. 3.1: Free Body Diagram of Cart Inverted Pendulum [47]

Here, M = Mass of the Cart
m = Mass of the Pendulum
b = Friction Co-efficient of Cart
[ = Length to Pendulum Centre of Mass
[ = Moment of Inertia of the Pendulum
F = Force applied to the Cart
x = Cart Position Co-ordinate
0 = Pendulum Angle

g = Gravitational Acceleration
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3.3 Mathematical Model

Adding the forces in the horizontal direction in the free body diagram of the cart

Mi+bx+N=F
(3.1)

Adding the forces in the vertical direction in the free body diagram of the cart does
not yield any information.

Form the forces in the horizontal direction in the free body diagram of the
pendulum, the expression of N is evaluated as

N = mi + mlf cos @ — mlh? sin 6
(3.2)

By substituting equation (3.2) in equation (3.1), one of the two governing equation
is derived as,

(M +m)¥% + bx + mlf cos 0 —mlf?sin@ = F
(3.3)

To get the second governing equation of the system, adding and solving the forces
in the vertical direction

Psin @ + N cos @ — mg sin 6 = mlé + mi cos 0
(3.4)

Using the sum of the moments about the centroid of the pendulum to get rid of the
P and N,

—Plsin® — Nlcos8 =16
(3.5)

Combining the last two equation (3.4) and (3.5),

(I + mI*)6 + mglsin @ = —ml¥ cos @
(3.6)
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So, the two mathematical governing equation of the Cart Inverted Pendulum
system is,
(I + mI*)6 + mglsin @ = —ml¥ cos @
(3.7a)

(M + m)¥ + bx + mlf cos 0 —mlf%sinf = F
(3.7b)

3.4 Linearized Model

Classical control techniques for analysis and design can apply only in linear
system. So, to linearize the Cart Inverted Pendulum system equations along the
vertical upright position (8 = 1), assume that the pendulum does not deviate more
than 20° from the vertically upright position. Let, ¢ is the small deviation from the
equilibrium, so that, 8 = 180° + ¢. So, approximately,

cos 8 = cos(180° + ¢) = —1
sin @ = sin(180° + ¢) = —¢
62 =¢2 =0

Substituting this to equation (3.7a), (3.7b) and assuming u is the input force. Then
the linearized version of the governing equations of the Cart Inverted Pendulum

system is,
(I + ml®)¢ — mglp = mlx
(3.8a)
(M +m)¥+bx—mlp =u
(3.8b)
3.5 Transfer Function Model
To obtain the transfer function from the linearized system equation, take the
Laplace Transform of system equations assuming zero initial conditions,
(I + ml>)®(s)s? — mgld(s) = mlX(s)s?
(3.9a)
(M +m)X(s)s? + bX(s)s —mld(s)s? = U(s)
(3.9b)
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Transfer function representation is a single input single output representation. To
get the first transfer function where output is ®(s) and input is U(s), need to
eliminate X(s) from above equations and solve it.

From equation (3.9a),

2
X(s) = [1+ml _i]cb(s)
ml 52
(3.10)
Substitute this to equation (3.9b),
2 2
(M +m) [+ mi _i] d(s)s2+b [I +ml _i] ®(s)s — mld(s)s? = U(s)
s? ml s?
(3.11)
Rearranging this,
ml ,
®(s) q°
- 2
UGs) ga bU +ml?) 5 _ (M + m)mglsz _bmgl
q q q
(3.12)
Where, g = [(M + m)(I + ml?) — (ml)?]
By cancelling the both a pole and a zero in origin transfer function becomes,
ml
b _D(s) q° rad
pena(S) = U(s) o4 b(I + mi?) o2 (M + m)mgls _ bmgl [ N ]
q q q
(3.13)

Similarly, the transfer function with the cart position X(s) as input and U(s) as

output is,
(I + ml?)s? — gml
Po(s) = 28) q ™
cart U(s) ciy b(I + mi?) G (M + m)mgls2 _ bmgl s N
q q q
(3.14)
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3.6 State Space Model

Linearized equations of motion can rearrange to get the state space form as follow,

-0 1 0 07 0
X 0 —(I+ml®)b m2gl? ol [* I + ml?
- (M +m)I + Mml2 (M +m)I + Mml? x LM +mr+Mmiz|
¢~ |o 0 0 1|(¢ 0
é 0 —mlb mgl(M + m) 0 ) ml
L M+ m)I+Mml? (M+m)I+Mml? | (M + m)I + Mml?]
(3.15a)
X
1 0 o or|*[, 0
y=1lo o 1 0]<l?+[o]”
o)
(3.15b)

The C matrix has 2 rows as both the cart's position and the pendulum's position are
part of the output.

3.7 Problem Description

Table 3.1: Parameters of Cart Inverted Pendulum

Mass of the Cart (M) 1 kg
Mass of the Pendulum (m) 0.1 kg
Friction of the Cart (b) 0.1 N/m/sec
Length to the Pendulum Centre of Mass (1) 0.5m
Inertia of Pendulum (1) 0.006 kg*m?
Gravitational Acceleration (g) 9.81 m/sec?
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So, for above specification the transfer function become

p _X(s) 3.09 x 1075 52 — 0.0004893
cart(s) = U(s) 3.155x 1075s% +3.09 x 1076 53 — 0.0005382 52 — 4.839 x 105 s
(3.16a)
p _D(s) 499x107>s
pena(s) = U(s) 3.155x 107553 4+ 3.09 x 10~6 52 — 0.0005382 s — 4.839 x 105
(3.16b)
And the state space model will be
X110 1 0 o[* 0
X1 _10 —0.0981 0.7753 O0f[|* 4 |0981],,
¢[~ o 0 o 1]|¢ 0
é 0 -0.1582 17.06 0]ll¢ 1.582
(3.17a)
X
1o o or|*X[, 0
=lo o 1 ole|*lol
¢
(3.17b)

3.8 Stabilization of CIPS using Conventional Techniques

3.8.1 PID Controller

Two PID controller is used — one is for position control and another one is angle
control of the Cart Inverted Pendulum System. General equation for both the PID
controller is,

u(t) = kpe(t) + k,f e(t)dr + deii—(tt)

0

(3.18)

37



PID input

Position Reference

PID Output

PID for Postion Control

PIDinput

Angle Reference

PID Output

PID for Angle Control

N

Forced Disturbance

Position [:]
X

velocity D

Force % ool

Angle D

theta

Angular velocity » D
theta_dot

Cart Inverted-Pendulum

Fig. 3.2: Simulink Model of Cart Inverted Pendulum with PID Control

Using GA based tuning method, the value of gain constants for PID Controller has

been calculated.

Table 3.2: Value of Gain Constants for PID Controller

Gain Constants

PID for Position

PID for Angle Control

Control
Proportional Gain (kp) 396 36
Integral Gain (k;) 296 206
Derivative Gain (kp) 106 37
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Fig. 3.3: State Response of Cart Inverted Pendulum System using PID Control
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3.8.2 Model Predictive Controller (MPC)

Model predictive control (MPC) is an optimal control technique in which the
calculated control actions minimize a cost function for a constrained dynamical
system over a finite, receding, horizon.

At each time step, an MPC controller receives or estimates the current state of the
plant. It then calculates the sequence of control actions that minimizes the cost
over the horizon by solving a constrained optimization problem that relies on an
internal plant model and depends on the current system state. The controller then
applies to the plant only the first computed control action, disregarding the
following ones. In the following time step the process repeats.

In practice, despite the finite horizon, MPC often inherits many useful
characteristics of traditional optimal control, such as the ability to naturally handle
multi-input multi-output (MIMO) plants, the capability of dealing with time delays
(possibly of different durations in different channels), and built-in robustness
properties against modeling errors. Nominal stability can also be guaranteed by
using specific terminal constraints. Other additional important MPC features are its
ability to explicitly handle constraints and the possibility of making use of
information on future reference and disturbance signals, when available.

Measured
Disturbances

Measured
Outputs

References |
-.

Control
Moves

Fig. 3.4: MPC Basic Control Loop

In this scheme a single MPC controller is used with:

e One manipulated variable: variable force F.
e Two measured outputs: Cart position x and pendulum angle 6.
¢ One unmeasured disturbance: Impulse disturbance dF.
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3.8.3 LQR Controller

open-loop plant

Fig. 3.7: Block Diagram of Cart Inverted Pendulum System using LQR Control
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Fig. 3.8: State Response of Cart Inverted Pendulum System using LQR Control

42



Chapter 4

Results

4.1 Training

We trained all of the above-described algorithm taking different hyper-parameters
(learning rate 1 and the discount factor y is varied). Training was said to be
successful if the agent can keep the pendulum upright (|6| < 12°) without going
out of the track (|x| < 2.4m) for all the 500 steps.

Training was done virtually and all the above-mentioned algorithms were able to
balance the virtual inverted pendulum. But different algorithms took different
amounts of time to learn how to balance the inverted pendulum. Actor Critic
performed better among all the algorithms. For different discount factor y, the
learning time was also different. The average learning time was minimum if
discount factor y is taken as 0.99. More than half of the simulation was
successfully able to balance the cart pole. Q-learning was able to balance the pole,
but failed in most of the cases. Again, Policy Gradient most of the time got stuck
in local optimum and did not improve the policy performance fully. Actor-Critic
resolves all this issues by dynamically changing hyper-parameters. It was also seen
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that with a very high learning rate 7 = 1000, the agent would never learn the
optimal policy. The result shows that that the pendulum angle range is quite wide
and covers the whole permitted state space from -12° to +12° during the episode
corresponding to the optimal policy.

Table 4.1: Cart Inverted Pendulum Environment Properties

Property Description Value

Gravity Acceleration due to gravity in 9.8
meters per second squared

MassCart Mass of the cart in kilograms 1
MassPole Mass of the pole in kilograms 0.1
Length Half the length of the pole in 0.5
meters
MaxForce Maximum horizontal force 10

magnitude in newtons

Ts Sample time in seconds 0.02
ThetaThresholdRadians | Pole angle threshold in radians 0.2094
XThreshold Cart position threshold in meters 2.4
RewardForNotFalling | Reward for each time step the pole 1

is balanced

PenaltyForFalling Reward penalty for failing to | Discrete: -5

balance the pole Continuous: -50

column vector with the following

State Environment state, specified as a 0
0
state variables: 8

e (Cart position

e Derivative of cart position
e Pole angle

e Derivative of pole angle
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Table 4.2: Training results for all three policy-based algorithms from Chapter 2

using different discount factors y

Algorithm Discount Factor Percentage of Average no of

) Success Trials
0.9 50 420
Q-Learning 0.99 75 330
0.999 60 360
0.9 55 400
Policy Gradient 0.99 20 310
0.999 70 345
0.9 65 315
Actor-Critic 0.99 90 75
0.999 75 290
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4.2 Normalized Rewards

In each of the algorithm we used normalized discounted rewards to go (described
in equation). The discount factor y ensured that the rewards were finite. Depending
on the value chosen it emphasis on current rewards over future rewards. But still
using discount factor, the cumulative rewards might go to infinity if number of
trials were large or magnitude of reward was large. In that case the training might
crush. So, rewards were normalized to deal with these issues. Normalizing the
rewards also beneficial for selecting actions. As it would encourage and discourage
the actions equally. So, instead of encouraging all actions, encourage the good
action and discourage the bad actions only.

In Actor-Critic algorithm, the critic is trying to estimate the normalized discounted
rewards (an estimate of the value function V7, (s) ) given only the state at each

time step. Though it has many common parameters with the actor network which
defines the distribution of each action (action is sampled randomly), finding a
good estimation is pretty much impossible. Given two identical states in which the
pole falls and the trial ends sometimes ago, the normalized discounted rewards-to-
go associated will differ in each time step depending on the length of the trial. The
critic has no knowledge of how long the trial is, so has no way to accurately
estimate the value function. As a result, the critic loss will increase, meaning less
weight will be given on minimizing the actor loss.

By only discounting but not normalizing the rewards, solves the issue completely.
After discounting only identical states have identical rewards when they occur the
same amount of time before a trial ends. Since the critic only has access to the
state of the environment, it will predict the same value function given the same
state, enabling it to learn the function much better. The critic network is not trying
to estimate the state-action value function Q(s, a). Rather, it is trying to estimate
the expected return for a given state, which is the normalized discounted reward
for the action. Value estimates for the same states should be the same, regardless
of when the trial occurs. Instead of encouraging actions that lead to longer
lifetimes like Policy Gradient, Actor-Critic encourages actions that perform better
than expected, regardless of whether the action ends up being particularly good.
Similarly, this discourages actions that are worse than expected, even if they do
not cause the pole to fall. If the current action is worse than the average action for
that state, take another action.
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Despite not being able to learn value function, performance of the normalized
discounted reward was far better than unnormalized discounted reward for larger
values of discount factor y. We saw that the unnormalized rewards only learned to
balance less than half times and took more time to get there. Large values of y
might result in considerably larger discounted rewards towards the beginning of a
long trials where even a small percentage error will result in a massive critic loss,
which will give it far too much weight during optimization. Normalizing the
discounted rewards keeps the values in a much smaller range, so the optimizer can
focus primarily on updating the policy parameters instead.

Table 4.3: Training results for normalized and unnormalized Actor-Critic with
different discount factor y

Algorithm Discount Factor Percentage of Average no of
) Success Trials

0.9 65 315

Actor-Critic
Normalized 0.99 90 275
0.999 75 290
0.9 35 700

Actor-Critic
Unnormalized 0.99 35 565
0.999 40 615

4.3 Discussions

As we've shown, every algorithm that has been put to the test can successfully
train a virtual model to balance an inverted pendulum. But not every set of
hyperparameters produced a model that consistently learned to balance. It took
some trial and error for this optimization method to identify values that will train
the most reliably.
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Neural Network calculates the value function as part of the policy gradient or
actor-critic algorithm, and a probabilistic approach is used to choose the optimum
action for the current state using the state value function. The Policy Gradient or
Actor-Critic approach performs poorly with some set of parameters even though it
manages to stay inside the Cart-Pole state restrictions after the parameters are
tweaked to obtain optimal policy. On the other hand, it can be shown from the data
that the optimal policy is only reached through significant steady-state oscillations,
which result in significant power losses for the entire system. The findings
demonstrate that the pendulum angle range is quite wide and covers the whole
permitted state space from -12° to +12° during the episode corresponding to the
optimal policy. During the optimal episode, the linear position of the cart with
respect to the pendulum's centre also varies greatly. This significant variance has
an impact on the pendulum's swing and the cart's velocity, and it wastes a
significant amount of energy when the pole is being swung up. Although there are
significant errors in the pendulum's stabilisation, it is observed that the trajectories
of the cart's position and the pendulum's angle are nearly periodic. This suggests
that these algorithms can be optimised by choosing better hyper parameters which
increases the likelihood of improved performance.

It's not always the ideal method to tackle a task just using reinforcement learning.
Reinforcement Learning algorithms are excellent at learning new policies to
control an unknown system, but there are no assurances that they will eventually
converge to the best ones. Finding a more effective conventional solution is
frequently possible using prior knowledge of the environment. Building a model of
the system using conventional approach, then reinforcement learning, imitation
learning, or transfer learning can be employed to achieve the best results. RL
algorithms perform best in environments when it is difficult to deploy
conventional techniques or when the environment is simply too vast.

It may now be concluded that although the conventional control techniques seem
to yield better result as compared to RL based ones, the applicability and efficacy
of the former are largely dependent on the available model of the plant. It is
obvious that the better the model of the plant the better will be the result for such
schemes. However, in most of the practical situations it often involves a great
extent of mathematical complexity to develop an accurate model and further it is
not always a straight-forward task to obtain a suitable controller for such complex
plant models. RL based design, on the other hand, relies on a well-established
algorithm to identify the suitable control action without necessitating the
requirements of a plant model.
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Chapter 5

Conclusion

5.1 Contribution of the Thesis

1. Data Driven Control system design has been studied. It’s capabilities and
limitations and scope for application in non-linear control systems are
discussed in brief.

2. Different Reinforcement Learning Algorithms are described in details and
used to design controller for balancing Cart Inverted Pendulum system. The
results by these RL based controllers are compared with each other to
comment on their relative pros and cons.

3. Various conventional control schemes for balancing Cart Inverted Pendulum
system is considered and the results are compared with the RL control

schemes to justify the viability of the latter.

4. Limitations of balancing a Cart Inverted Pendulum using Reinforcement
Learning are also highlighted.
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5.2 Scope of Future Work

1. Further studies may be carried out to find new ways to overcome the
limitations of balancing Cart Inverted Pendulum system using
Reinforcement Learning and may even gain better stability and robustness.

2. New control scheme can be developed for balancing Inverted Pendulum by
combing the Traditional Model Based Control with Reinforcement
Learning Control. Therefore, the limitations of both the Traditional Control
and the Reinforcement Learning Control can be removed.

3. The findings may lead to successful implementation to a real time CIPS.
4. It might be reasonable to extend the uses of Reinforcement Learning
Control to other control system application as well where reinforcement

learning is not typically applied, even if the focus of this dissertation has
been on the problem of balancing an Cart Inverted Pendulum System.
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