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Abstract

In this research paper, which is the 1% part of the research article, a brief insight into the theoretical & mathematical
modelling concepts of the various types of algorithm development are presented in a concised manner to achieve the
desired task, i.e., design of the robot path to move tothe destination from the source to the goal in spite of obstacles.
Various theoretical concepts of Al & ML algorithms such as the Reinforcement learning, Q-Learning, Deep Learning,
Supervised Learning, Un-supervised learning, etc. are being proposed, which are discussed one after the other in a
nutshell, first the theoretical concepts are being presented, this is followed by the algorithm development, then the
simulated results. The work is divided into a number of sections in the forth coming research papers, where the
theoretical concepts of Al & ML presented here are used to develop the hybrid algorithms for the path planning of the
robot from the source to the destination. The article is developedin 2 phases, part | & Il. The part-1 is presented in this
research paper, whereas Part Il of this research paper is extended to as another research article. The paper concludes
with the overall conclusions of the work done in this research article.
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Introduction

Acrtificial Intelligence [ Al ] is defined as that part of CS & IS with the characteristics with which we associate with
intelligence in human behaviour - understanding languages, learning, reasoning, problem solving and so on and is
concerned with understanding the nature of intelligent action to perception. It is also defined as the ability of a device
to perform functions that are normally associated with human intelligence, such as reasoning, planning, problem
solving, pattern recognition, perception, cognition, understanding & learning, possession of sense such as sight, light,
sound, touch & feel. The uses of Al are - the collective attributes of a computer, robot or other device capable of
performing functions such as learning, decision making, or other intelligent human behaviours [1].

Al is the science & engineering of making intelligent machines. Study of computer systems that attempts to model
& apply the intelligence of the human mind is one way of interpreting Al or it can also be termed as the capability of a
machine to imitate intelligent human behaviour. Al is composed of 2 words, viz., Artificial & Intelligence. Anything
which is notnatural and created by humans is artificial. Intelligence means theability to understand, reason, plan. So any
code, technology or algorithm that enables the machine to mimic, develop or demonstrate the human cognition or
behaviour is called as Al [2].

The aim of Al is to develop robotic systems that appear to behave intelligently or think like humans. Often this is
described in developing robots that think like us. Modern robot control concepts such as the vision, speech,
tactile sensing have their roots in Al research. Robot can be considered as a fully automatic machine (an artificial
human being) working with Artificial Intelligence. We are the natural human beings working with natural intelligence.
The more amount of sensors, memory, learning algos we incorporate, the more intelligent a machine or a robot
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becomes. The examples could be the Crays, androids, humanoids, terminators, walking mechanisms, bipeds, unipeds,
Asimov, Honda robots and the AIBO’s are the robots working with Al. Thus, Al and robotics always go together. The
possible applications of Al are shown in the Fig. 1 & 3 [3].

Fig. 1 : Possible applications of Al

The 15 goals of Al & Robotics are — Planning, Problem solving, Natural intelligence, Machine intelligence,
Understanding, Cognitive, Learning, Vision, Speech, Reasoning, Fuzzy logic, Behaviour, Expert systems, Neural
networks, Programming, Natural Language Processing [4].

ML is an application of Al that provides systems the abilityto automatically learn and improve from experience
w/o being explicitly programmed (w/o Human Interactions). Often, this focuses on the development of comp.
programs that can access data & use it learn for themselves (similar to humans). ML is anapplication of Al that
provides systems ability to automatically learn & improve from experience. ML enables the computers to tackle tasks
that have learnt, until now, only been carried out by people. The primary aim is to allow the computers learn
automatically without human intervention or assistance & adjustactions accordingly [5].
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Fig. 2 : Conceptual view of machine learning algorithm
The conceptual view of machine learning algorithm is shown inthe Fig. 2 [6].
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Fig. 3 : Applications of Machine Learning of Al & its types.
The types of ML concepts are graphically shown in the Figs. 4 & 5 respectively (along with the basic types & the
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abridged ones) [7].
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Fig. 4 : Abridged (expanded) types of machine learnings.
Stages of development in machine learning as on date is shown in the Fig. 6. Machine Learning is concerned
with computer programs that automatically improve their performance through experience. ML is a field of study
that givesthe computers the ability to learn without explicitly being programmed as stated by Arthur Samuel in
his book. In simple terms, ML means making the predictions based on the datas. A computer program is said to
learn from the experiences E w.r.t. some class of tasks T and performance measure P if its performance at tasks
in T, as measured by P, improves with experience E is a concised definition of ML as stated by Tom Mitchell.
The main advantage of ML are [8]
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Fig. 5: Three basic types of machine learning algorithms & its sub divisions

Learning and writing an algorithm

It’s easy for human brain but it is tough for a machine & it takes some time and good amount of training data for
machine to accurately classify objects Implementation and automation

This is easy for a machine. Once learnt a machine can process one million images without any fatigue where as
human brain can’t & that’s why ML with big data is a deadly combination.

We have seen ML as a buzzword for the past few years, thereason for this is the high amount of data production

by applications, the increase of computation power in the past few years and the development of better algorithms

for understanding, cognition & recognition [9].

1 — Computer Vision 2 — Imitation Learning

3 — Supervised / Un-Supervised / Reinforcement Learning4 — Assistive and Medical Technologies
5 — Multi-Agent Learning
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Fig. 6 : Stages of development in machine learning as on dateSome examples of ML in use are [10]
Some examples of ML in use are [10]

Prediction — Machine learning can also be used in the prediction systems. Considering the loan example, to
compute the probability of a fault, the system will need to classify the available data in groups.

Image recognition — Machine learning can be used for face detection in an image as well. There is a separate
category for each person in a database of several people.

Speech Recognition — It is the translation of spoken words intothe text. It is used in voice searches and more.
Voice user interfaces include voice dialling, call routing, and appliancecontrol. It can also be used a simple data entry
and the preparationof structured documents.

Medical diagnoses — ML is trained to recognize cancerous tissues.

Financial industry and trading — Companies use ML in fraudinvestigations and credit checks.
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Fig. 7 : Five important steps in any ML algorithm development

The 5 steps to solve a machine learning problem is graphically displayed as shown in the Fig. 7. There are 3 main
types of ML algorithms, viz. [11],

e  Supervised Learning,
e  Unsupervised Learning
e Reinforcement learning

1. Supervised Learning

In Supervised learning, an Al system is presented with data which is labelled, which means that each data tagged
with the correct label. The goal is to approximate the mapping function sowell that when you have new input data (x)
that you can predict the output variables (Y) for that data. Supervisory learning mechanisms are shown in the Figs. 8 —

10 respectively [12].

Fig. 8 : Supervisory learning mechanisms
As shown in the above example in Fig. 8, we have initially taken some data and marked them as ‘Spam’ or ‘Not Spam’.
Thislabelled data is used by the training supervised model, this data is used to train the model. Once it is trained we can
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test our modelby testing it with some test new mails and checking of the modelis able to predict the right output. There
are 2 types of SL, i.e., Classification - A classification problem is when the output variable is a category, such as “red”
or “blue” or “disease” and “no disease” & Regression - A regression problem is when the output variable is a real value,
such as “dollars” or “weight” [13].
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Fig. 9 : Supervised learning model Fig. 10 : Types of supervised learning
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2. Un-Supervised Learning
In unsupervised learning, an Al system is presented with unlabelled, uncategorized data and the system’s algos act
on the data without prior training. The output is dependent upon the coded algorithms. Subjecting a system to
unsupervised learning is one way of testing Al. Here, we have given some characters toour model which are named as
‘Ducks’ and ‘Not Ducks’. In our training data, we don’t provide any label to the corresponding data. The unsupervised
model is able to separate both the characters (ducks & not ducks) by looking at the type of data and models the
underlying structure or distribution in the data in order to learn more about it. There is no desired o/p. The types ofUSL
are the Clustering - clustering problem is where you want to discover the inherent groupings in the data, such as
grouping customers by purchasing behaviour & the second one is the association an association rule learning problem
is where you want to discover rules that describe large portions of your data, such as people that buy X also tend to buy
Y. Un-supervised learning model & its types is shown in the Fig. 11 [14].
3. Deep Learning
It is part of a broader family of ML methods based on ANN with representation learning. Learning can be
supervised, semi- supervised or unsupervised. Deep learning is a subset of ML in Al that has networks capable of
learning unsupervised from datathat is unstructured or unlabelled (deep neural learning or deep neural network). DL
is a machine learning technique. It teachesa computer to filter inputs through layers to learn how to predictand
classify information. Observations can be in the form of images, text, or sound. The inspiration for DL is the way
that thehuman brain filters information [15].
4. Reinforcement learning
Reinforcement Learning is one of the finest branches in Artificial Intelligence. The goal of RL is to enhance an
agent’s reward by taking a series of actions of response to a complex environment. Reinforcement Learning is the
science which uses experience to make optimal decisions. A reinforcement learning algorithm, or agent, learns by
interacting with its environment. The agent receives rewards by performing correctly and penalties for performing
incorrectly. The agent learns without intervention from a human by maximizing its reward and minimizing its
penalty. It is a type of dynamic programming that trains algorithms using a system of reward and punishment [16].
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Fig. 12 : Basic components in Reinforcement Learning, agent,environment, reward & action

Here, we can see that the agent is given 2 options, viz., a pathwith water or a path with fire. A reinforcement algorithm
works on reward a system, i.e., if the agent uses the fire path then the rewards are subtracted and agent tries to learn that
it should avoidthe fire path. If it had chosen the water path or the safe path then some points would have been added to
the reward points, the agent then would try to learn what path is safe and what path isn’t. It is basically leveraging the
rewards obtained, the agent improves its environment knowledge to select the next action. Breaking it down, the
Reinforcement Learning process includes these basic steps as shown in the Fig. 12 along with its working in the Fig.
13[17].

Proposed remforcement based leaming system

Immediate Value [ - |
Model Reward Function Policy

Fig. 13 : Working of Reinforcement learning
e  Observation of the environment.
e Deciding how to act using some strategy.
e Acting accordingly.
e Receiving areward or penalty.
e Learning from the experiences and refining our strategy.
e Iterate until an optimal strategy is found.
There are 2 main types of algorithms with RL. They are:-
1. model-based
2. model-free
A model-free algorithm is an algorithm which estimates the optimum policy without using or estimating the
environmental dynamics (transition and reward functions). Whereas an algorithm based on a model is an algorithm
that uses the transition function (and the reward function) to estimate the optimum strategy. It is good to have an
established overview of the problem that is to be solved using reinforcement learning, Q-Learning in this case. It helps
to define the main components of a reinforcement learning solution i.e. agents, environment, actions, rewards and
states. Example for Reinforcement learning& for action taken is shown in the Fig. 14 & 15 respectively [18].
The next, we defining the problem statement as follows. Weare to build a few autonomous robots for a guitar
buildingfactory. These robots will help the guitar luthiers by conveying them the necessary guitar parts that they would
need in order to craft a guitar. These different parts are located at nine different positions within the factory warehouse.

Guitars parts include polished wood stick for the fretboard, polished wood for the Location code | State

guitar body, guitar pickups and so on. The luthiers have prioritized the location ié ? that

contains body woods to be the topmost. They have provided the priorities for L3 2 other

locations as well which we will look in a moment. These locations within the L4 E

. L5 4

factory warehouse look like [19] — Le 5
L7 1] 687
L3 7
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Fig. 16: Grid search using bellman equation

The actions : In our example, the actions will be the direct locations that a robot can go to from a particular location.
Consider, a robot is at the L8 location and the direct locations towhich it can move are L5, L7 and L9. The below
figure may come in handy in order to visualize this. The set of actions here is nothing but the set of all possible states
of the robot. For each location, the set of actions that a robot can take will be different.For example, the set of actions
will change if the robot is in L1 [22].
The rewards : By now, we have the following two sets as shownin the rewards table 2 as [23]
e Asetofstates: S$=0,1,2,3,4,56,7,85=0,1,2,3,4,5,6,7,8
e Asetofactions: A=0,1,2,3,4,56,7,8

Table 2 : Reward table
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The rewards, now, will be given to a robot if a location (readit state) is directly reachable from a particular location.
Let’s take an example. L9 is directly reachable from L8. So, if a robot goesfrom L8 to L9 and vice-versa, it will be
rewarded by 1. If a location is not directly reachable from a particular location, we do not give any reward (a reward of
0). Yes, the reward is just a number here and nothing else. It enables the robots to make sense of their movements
helping them in deciding what locations are directly reachable and what are not. With this cue, we can construct a
reward table which contains all the reward values mapping between all the possible states (locations). The grid search
using Bellman’s equation is shown in the Fig. 16 [24].

In the above rewards table in table 2, we have all the possiblerewards that a robot can get by moving in between the
different states. Now comes an interesting decision. Remember from the previous sections that the luthiers prioritized
L6 to be of the topmost? So, how do we incorporate this fact in the above table.This is done by associating the topmost
priority location with avery higher reward than the usual ones. Let’s put 999 in the cell (L6, L6): We have now formally
defined all the vital componentsfor the solution we are aiming for the problem discussed above. We will shift gears a
bit and study some of the fundamental concepts that prevail in the world of reinforcement learning [25].

7. Design of the Bellman’s Equation

Bellman equation is the basic block of solving reinforcementlearning and is omnipresent in RL. It helps us to solve
MDP. Tosolve means finding the optimal policy and value functions. The optimal value function V*(S) is one that
yields maximum value. The value of a given state is equal to the max action (action whichmaximizes the value) of the
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reward of the optimal action in the given state and add a discount factor multiplied by the next state’s value from the
Bellman Equation [26].

V(S) =max, [R (s,a] +7.V(s')]

Let’s understand this equation, V(S) is the value for being ina certain state. V(s[1) is the value for being in the next
state after taking action a. R(s, a) is the reward we get after taking action ain states. As different actions can be taken,
the one with the maximum value is considered because our agent wants to be in the optimal state. y is the discount
factor. The bellman equation in the deterministic environment will be slightly different for a non-deterministic
environment or stochastic environment [27].

v (s)= m:lx[R(s, a)+73 P(s.a s'}.V(s)J

In a stochastic environment when we take an action it is notconfirmed that we will end up in a particular next state
and thereis a probability of ending in a particular state. P(s,a,s’]) is the probability of ending is state sC] from s by
taking action a. This issummed up to a total number of future states. For example, if bytaking an action we can end up
in 3 states s1, Sz, and s from states with a probability of 0.2, 0.2 and 0.6. The Bellman equation will be [28].

We can solve the Bellman equation using a special technique called dynamic programming. Consider the
following square of rooms which is analogous to the actual environment from our original problem but without the
barriers. An empty environmentis shown in the table 3 along with the sample environment in thetable 4 followed by
the environment with value of the footprintsshown in the table 5 [29].

Now suppose a robot needs to go to the room, marked in green from its current position (A) using the specified
direction. How can we enable the robot to do this programmatically? One idea would be to introduce some kind of
footprint which the robotwould be able to follow like as shown in the Fig. 17. Here, a constant value is specified in
each of the rooms which will comealong the robot’s way if it follows the direction specified above. In this way, if it
starts at location A, it will be able to scan throughthis constant value and will move accordingly. But this would only
work if the direction is prefixed and the robot always startsat location A. Now, consider the robot starts at the
following location as shown in the Table 6 @ the position A. Then, the environment with further footprints values
can be predicted as shown in the table 7 with the values obtained from the Bellman’sequation depicted in the table 8
[30].

Table 3: An Table 4 : Sample Table 5 :
empty environment Envitonment with
environment value footprints
T 1
T 1
T T a1 ]1]1

The robot now sees footprints in two different directions. It is, therefore, unable to decide which way to go in order to
get to the destination (green room). It happens primarily because the robot does not have a way to remember the
directions to proceed. So, our job now is to enable the robot with a memory. This is where the Bellman Equation
comes into play with the mathematical model given by [31].

v (S)=max,[ R(s.a)+7.(02+7(5)+02+¥ (5,) + 0.6+7(5;))]
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Fig. 17 : Deterministic and non-deterministic search using

Bellman equation
V(§)=maza [R(s, a)+ ;vV(s’)] V(s)=maza(R(s,a)+yV(s"))
Table 6 : Table 7 - Table 8 : Environment with where.
Environment  Environment footprint values using — 2 oaticular sfat
with further  with further Bellman equation § = particular state (room)
fcotprint footprint * a=action (moving between the rooms)
values values * 5" = state to which the robot goes fiom s
. . - = = discount factor (we will get to 1t in a moment)
1 1 1 *  R(s.a) = a reward function which takes a state s & action a
1 * 09 and outputs a reward value
Allll L . Starting . - i ; ;
Fig 17 - Determmnisticand hafdeteifn istioint Table® 71®)=value of being ina particular state (the footprint)
search usingBellmanequation values using Bellman equation

We consider all the possible actions and take the one that yields the maximum value. There is one constraint
however regarding the value footprint i.e. the room, marked in yellow justbelow the green room will always have a
value of 1 to denote thatit is one of the nearest room adjacent to the green room. This is also to ensure that a robot
gets a reward when it goes from the yellow room to the green room. Let’s now see how to make senseof the above
equation here. We will assume a discount factorof 0.9. For this room (read state) what will be V(s) ? Let’s put the
values into the equation straightly as [32]

P’(s} = umxa(0+(}_9*]) :0_9V[s)zu1axa(0+{]_9*]] =09

Here, the robot will not get any reward for going to the state(room) marked in yellow, hence R(s , a) = 0 here. The
robot knows the values of being in the yellow room hence V(s') is 1. Following this for the other states, we should get
[33]:

A couple of things to notice here:
e The max() function helps the robot to always choose the state that gives it the maximum value of being in that
state.
e The discount factor y notifies the robot about how far it is from the destination. This typically specified by the
developer of the algorithm that would be instilled in the robot.
The other states can also be given their respective values in a values obtained from the Bellman’s equation as
depicted in the similar way with the environmental values with all the footprint table 9 with the graphical display
of the deterministic & non- deterministic searches of the best optimized path as shown in the Fig [37].

The robot now can proceed its way through the green room utilizing these value footprints even if it is dropped at
anyarbitrary room in the above square. Now, if a robot lands up in the highlighted (sky blue) room, it will still find
two options to But eventually, either of the paths will be good enough for the robot to take because of the way the
valuefootprints are now laid out [35].

Notice how the main task of reaching a destination from a particular source got broken down to similar subtasks. It
turns outthat there is a particular programming paradigm developed especially for solving problems that have repetitive
sub problems in them. It is referred to as dynamic programming. It was invented by Richard Bellman in 1954 who
also coined the equation we just studied (hence the name, Bellman Equation). Note that this is one of the key
equations in the worldof reinforcement learning [1].

If we think realistically, our surroundings do not always work in the way we expect. There is always a bit of
stochasticityinvolved in it. This applies to a robot as well. Sometimes, it mightso happen that the robot’s inner machinery
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got corrupted. Sometimes, the robot may come across some hindrances on its way which may not be known to it
beforehand. Sometimes, evenif the robot knows that it needs to take the right turn, it will not So, how do we introduce
this stochasticity in our case? MarkovDecision Processes [2].
8. Deterministic and non-deterministic search techniques

Deterministic search is the one where the action taken does not involve any randomness for example if the
decision taken is to move right then O_SW[SI,)+0_1*V(82,)+D_1W(33.) ess. Deterministic search cannot be

—

V(s]=m§1x(R(s,a)+fy.V(s’))

V(s)=mim(k(s,a)+7§P(s,a=5')-V(5')J

Path 1 Path 2
j ‘1
E”—_H_‘;Z-LE- ﬁ ® Penultimate state
J. E LHJ @ Starting state
used in real time applications which . > search involves randomness in the
R . . Fig. 18 : Path following using Markov's decision process e e . .
actions taken and is most oftenused i | deterministicsearch method in our

Markov Decision Process (AIDP)
research work. A Markov process is a ranuorm process i winen uie tuwre 1s independent of the past, given the

present. The value of future state depends only on present state but not on how the agent got there (path taken). The
entire process could be graphitiahlymeew(@gsia)the (BRY. (E7of8])) + 0.1¥ (roomdown))+. ) (s)

An important point to remember — each state within a systemis a consequence of its preceding state, which in turn
results fromits preceding state. However, processing all of this knowledge would become readily infeasible even for
environments with short episodes. Considering, each state follows a Markov property, i.e., each state depends solely
on the prior state and the transition from that state to the current state. Let’s check out the maze below to better
understand how this works [4].

Now, there are 2 scenarios with 2 different starting points, and the agent crosses various paths to reach the same
penultimate state. Let us consider the environment with an agent as shown inthe Table 10. Then the stochastic
environment with an agent could be obtained as shown in the Table 11. Finally, using these
2 previous tables, the environment with an agent (with probabilities) can be computed as shown in the Table 12. Now
itdoesn’t matter what direction the agent must take to get to the gold [5].

The next step to get out of the labyrinth and attain the last state is to go right. Of course, we just needed the red /
penultimatestate knowledge to figure out the next best move which is exactlywhat the Markov property means. Consider
the robot is currentlyin the red room and it needs to go to the green room. Let’s now consider, the robot has a slight
chance of dis-functioning and might take the left or right or bottom turn instead of taking the upper turn in order to get
to the green room from where it is now (red room). Now, the question is how do we enable the robot to handle this
when it is out there in the above environment? [6]

This is a situation where the decision making regarding which turn is to be taken is partly random and partly under
the control of the robot. Partly random because we are not sure whenexactly the robot might dysfunction and partly
under the controlof the robot because it is still making a decision of taking a turn on its own and with the help of the
program embedded into it. Here is the definition of Markov Decision Processes. A Markov decision process (MDP) is
a discrete time stochastic control p ss [7].

e r r
It provides a mathematical framewoéﬁ)f%ﬂgfﬁ%%ﬂé%ﬁsrﬂiﬁ@ eSS Aheo(dmes are partly random

and partly under the control of a decision maker. We have now introduced ourselves with the concept of
partly random and partly controlled decision making. We need to give this concept a mathematical shape (most likely
an equation) which then can be taken further. It is surprised to see that we cando this with the help of the Bellman
Equation with a few minor tweaks. Here is the original Bellman Equation, again modelled as

What needs to be changed in the above equation so that we can introduce some amount of randomness here? As
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long as we are not sure when the robot might not take the expected turn, weare then also not sure in which room it
might end up in which is nothing but the room it moves from its current room. At this point, according to the above
equation, we are not sure of s’ whichis the next state (room, as we were referring them). But we do know all the
probable turns the robot might take! In order to incorporate each of these probabilities into the above equation, we need
to associate a probability with each of the turns to quantify that the robot has got x % chance of taking this turn. If we
do so, we get [8],

v(s) :maxa([R (s,a)+y.Zs'P(s,a,s')] V(s'})V(s)
= maxa(R (s,a)+y> sP (s,a,s’]V(s'))
Taking the new notations step by step [9]:
*+  P(s,a,5)- the probability of moving from rooms to
rooms' with action a
o 35P(s,as V()Y 5P (s,as)W (s

- expectation of the situation that the robot mcurs
randomness

Notice, everything else from the above two points is exactlythe same. Let’s assume the following probabilities are
associatedwith each of the turns the robot might take while being in that redroom (to go to the green room). When we
associate probabilitiesto each of these turns, we essentially mean that there is an 80% chance that the robot will take
the upper turn. If we put all the required values in our equation, we get [10],

Note that the value footprints will now change due to the fact that we are incorporating stochasticity here. But this
time, we will not calculate those value footprints. Instead, we will let the robot to figure it out (more on this in a
moment). Up until this point, we have not considered about rewarding the robot for its action of going into a particular
room. We are only rewarding the robot when it gets to the destination. Ideally, there should be a reward for every
action the robot takes to help it better assess the quality of its actions [11].

The rewards need not be always the same. But it is much better than having some amount reward for the actions
than having no rewards at all. This idea is known as the living penalty. In reality, the rewarding system can be very
complex and particularly modelling sparse rewards is an active area of research in the domain reinforcement
learning. Considering to give a spin to this topic then following resources might come in handy [12]:

e  Curiosity-driven Exploration by Self-supervised Prediction.
e  Curiosity and Procrastination in Reinforcement Learning.

e Learning to Generalize from Sparse and Under specified Rewards.

In the next section, we will introduce the notion ofthe quality of an action rather than looking at the value
of going into a particular room (V(s)).

Table 13 : An environment with an agent (with possible valuefootprints)

e
Qe | © (SlT’ L S
o
J
Q (ss, as)}

8. Transitioning to Q-Learning

By now, we have got the following equation which gives usa value of going to a particular state (form now on, we will
refer to the rooms as states) taking the stochasticity of the environmentinto the account modelled by [13]

We have also learned very briefly about the idea of living penalty which deals with associating each move of the robot
witha reward. Q-Learning poses an idea of assessing the quality of anaction that is taken to move to a state rather than
determining thepossible value of the state (value footprint) being moved to. Earlier, we had the environmental values
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with an agent with all possible values of the footprints displayed in the table 13 as [14]

If we incorporate the idea of assessing the quality of actionsfor moving to a certain state s’, then the table with the
environment belonging to an agent with quality of actions couldbe modified as shown in the table 14 [15].

The robot now has four different states to choose from and along with that, there are four different actions also for the
currentstate it is in. So how do we calculate Q(s, a) i.e., the cumulative quality of the possible actions the robot might
take? Let’s breakdown. From the equation as [16]

Table 14 : An environment with an agent (with quality ofactions)

F(s)=maxa (R (s.a)+y 2P (s.a.s )W [5'])? (5)
7(s) :maxa(R (s.a)+vYs'P(s.a.s ) (s)

[
0.05 {V(ss)}« 08 {\T/ (S0} -50.05 {V(s2)}
0
)
0.1 {V(ss)}

Note that if we discard the max() function, we get [17],

Essentially, in the equation that produces V(s), we are considering all possible actions and all possible states (from
the current state the robot is in) and then we are taking the maximumvalue caused by taking a certain action. The above
equation produces a value footprint is for just one possible action. In fact,we can think of it as the quality of the action
[18]:

Q(s,a)=R(s.a)+y Y s'(P(sas)V (s))Q (s a)
=R(s,a)+y ) s'(P(sa5)V (s))

R(s.a)+7 ESIP(S, a VW () R(s.a)+y ES'P[j, as) (s

Now that we have got an equation to quantify the quality of a particular action we are going to make a little
adjustment in theabove equation. We can now say that V(s) is the maximum of allthe possible values of Q(s , ). Let’s
utilize this fact and replace V(s') as a function of Q() [19]:

Q(s.a)=R(sa)+y (X s'(P(s.as))maxaQ (s, a))Q (s, a)
=R(s,a)+y>.s'(P(s,as)maxaQ(s,a))

To ease our calculations. Because now, we have only one function Q() (which is also at the core of the dynamic
programming paradigm) to calculate and R(s , a) is a quantified metric which produces rewards of moving to a certain
state. Thequalities of the actions are called Q-values. And from now on, wewill refer the value footprints as the Q-values
[20].

V(s)=maxa (R (s,a)+y 2P (5,0, (s'})i? (s)=
(R (s,a)+y > s'P(5,a,s )W (.s'))
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Still now, we had discussed about various issues like the Al,ML, DL, RL, SL, USL, Intro to QL, etc... in this 1%
part of the research paper. In the 2" part of the research article, which is thecontent of another paper, we briefly discuss
about the Q Learning Design, Design of a robot navigational path planner using Q- learning, Q-learning algorithm
process, Temporal Difference (TD), Deep Q-learning, Deep Q-networks, Neural network and deep Q-learning,
Softmax function, Object detection using Histogram of Oriented Gradients with implementation, Path Planners & Path
Planning Problem (Gross Motion), Robot Motion Planning [21].

10. Conclusions

In this research paper, a brief insight into the theoretical & mathematical modelling concepts of the various types
of algorithm development was presented in a concised manner to achieve the desired task, i.e., design of the robot path
to move tothe destination from the source to the goal in spite of obstacles viz., the 1% part & the 2" part, the material
presented in this paperis the 1% part of the concepts proposed & the extension of the materials in Part-I is presented as
another research paper. Varioustheoretical concepts of Al & ML algorithms such as the Reinforcement, Q, Deep,
Supervised, Unsupervised Learning, etc. are being proposed, which were discussed one after the otherin a nutshell, first
the theoretical concepts are being presented. The algorithm work is divided into a humber of sections in the forth
coming research articles that are going to be published wherethe theoretical concepts of Al & ML presented here are
used to develop the hybrid algorithms for the path planning of the robot from the source to the destination.
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