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PREFACE 

                               
Data science, Artificial intelligence, Machine learning, , and deep 
learning are just few of the terminology that almost everyone has 
been familiar with as the collection and analysis of data has 
become one of the most important aspects of the contemporary 
world. However, what do each of these phrases really mean? 
What are the distinctions between them, and how do they relate 
to one another? 
 
Although all of the phrases above are linked in some way, they 
cannot be substituted for one another. Whether you are an 
expert who is interested in data-driven research, a company 
owner who is ready to get the most out of current technology, or 
simply someone who wants to become more tech-savvy, this 
course is for you. 
 
The interdisciplinary field of data science refers to the study of 
gaining insight from large amounts of data. Consider, for 
example, the recommendation systems that are used to provide 
individualised recommendations to clients based on the history 
of their search activity. If two different customers search for 
different fishing-related things, such as rods and lures, and then 
one of those customers searches for fishing line in addition to the 
other products, there is a good possibility that the first client will 
also be interested in buying fishing line. Data science is a vast 
discipline that encompasses all of the activities and technology 
that assist develop such systems, especially those that are going 
to be discussed in the following paragraphs. 
 
The study of artificial intelligence is a difficult endeavour. Let's 
assume, however, for the purpose of clarity, that the term 
"artificial intelligence" may be used to any real-world data 
product. Let's continue to use the fishing analogy as our example. 
You want to purchase a certain model of fishing rod, but all you 
have is a photo of it, and you're not sure what brand it is. An 
artificial intelligence system is a piece of software that can 
analyse your photo and provide recommendations about a 
product name and stores where you may purchase the item. It is 
necessary to make advantage of machine learning and even deep 
learning sometimes while developing an AI product. 
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The goal of machine learning is to instruct computers using 
historical information so that they can process new inputs 
based on previously learned patterns without the need for 
explicit programming. This means that the machines will be 
able to perform tasks without being given specific, hand-
written instructions. It is difficult for a human to process 
millions of search queries, likes, and reviews to discover 
which customers commonly buy rods with lures and which 
customers purchase fishing line in addition to that. If it were 
not for machine learning, the recommendation engines that 
we have already mentioned above would be unattainable. 
 
Deep learning is the most talked about subfield in machine 
learning. It is characterised by the use of deep neural 
networks and complicated algorithms that are modelled after 
the way the human brain processes information. DL models 
are able to provide reliable findings from vast amounts of 
input data even when they are not provided with explicit 
instructions for which data features to examine. Imagine that 
you have the responsibility of identifying the fishing rods that 
lead to favourable reviews being posted on your website and 
those that lead to bad reviews being posted there. Deep 
neural networks have the ability to do sentiment analysis and 
extract significant attributes from reviews in this scenario. 
 
This contemporary book on "Understanding Data Science (AI, 
ML & DL)" focuses on the fundamentals of Data Science, 
illuminating how to grasp Artificial Intelligence, Machine 
Learning, and Deep Learning in a more holistic manner. 
Students in India attending colleges and universities for their 
M.Tech, M.Sc, or MCA degrees follow the same curriculum as 
outlined in the book. 
 

- Authors 
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Introduction 

 

T 
he term "artificial intelligence" (AI) refers to the capacity of computers to 

simulate or improve human intelligence, such as the ability to reason and 

learn from one's experiences. For many years, computer programmes 

have used artificial intelligence; nevertheless, this technology is increas-

ingly being incorporated into various goods and services. Using software powered 

by artificial intelligence, some digital cameras, for instance, can recognise what 

kinds of things are captured in a picture. In addition, industry analysts anticipate 

that artificial intelligence will be used in the future in a wide variety of novel appli-

cations, such as intelligent power grids. 

Artificial intelligence (AI) is a method for solving practical issues that draw on con-

cepts from probability theory, economics, and algorithm design. The study of com-

puter science, mathematics, psychology, and linguistics are also used in the subject 

of artificial intelligence (AI). The field of computer science gives tools for the de-

sign and construction of algorithms. In contrast, the field of mathematics provides 

methods for modelling and solving the optimisation issues that are produced. 

Although the idea of artificial intelligence (AI) has been around since the 19th cen-

tury, when Alan Turing first proposed an "imitation game" to assess machine intel-

ligence, it has only become feasible to achieve in recent decades due to the in-

creased availability of computing power and data to train AI systems. However, AI 

had existed since the 19th century, when Alan Turing first proposed an "imitation 

game" to assess machine intelligence. 

To better grasp the concept of artificial intelligence (AI), we need to consider what 

sets human intelligence apart from the intelligence of other living things: our capac-

ity to gain knowledge from our experiences and apply it in new contexts. Because 

of the superior processing ability of human brains, which include more neurons 

than any other animal species, we can do this. 

Computers of the present day are not even close to being able to replicate the hu-

man organic brain network. However, they have one massive edge over us: the ca-

pacity to process enormous volumes of information and experiences far more 

quickly than any human could ever hope to do. 

AI enables us to concentrate on the most critical activities and improve our decision

-making based on the data obtained concerning a particular use case. It can do com-

plicated tasks, such as determining the optimal route for a delivery vehicle, identify-

ing fraudulent usage of credit cards, and calculating the required maintenance 

amount. In other words, artificial intelligence can automate numerous business op-

erations, allowing us to focus on our primary business activities. 

The research on this topic aims to develop machines that can automate jobs that 

need intelligent behaviour. Some examples include handwriting, natural language 

processing and perception, speech recognition, and the ability to move and manipu-

late objects. Other examples include control, planning and scheduling, the ability to 

answer diagnostic and consumer questions, and the ability to answer diagnostic and 

consumer questions. 
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State-Space Search 

 

S 
tate-space search is a procedure that is employed in the area of computer 

science, particularly artificial intelligence (AI). This approach involves con-

sidering many configurations or states of an instance to locate a target 

state with the desired feature. 

Problems are sometimes modelled as "state spaces," which are collections of 

"states" that a problem may be in at any time. The collection of states is represent-

ed as a graph; two states are linked to one another whenever an operation can be 

carried out to go from one state to another. 

Because the state space is implicit, classic search techniques from the field of com-

puter science do not always apply when doing a state-space search. The usual state

-space graph is too vast to build and keep in memory. Instead, nodes are created 

while being studied and are often thrown away afterwards. The target state of a 

combinatorial search instance may be considered a solution in and of itself, or a 

route from a starting state to the goal state can also be considered a solution. 

 

Generate and Test Search 

Generate and Test search is a heuristic strategy based on Depth First Search with 

Backtracking. This search methodology ensures that a solution will be found provid-

ed it is carried out methodically and there is a solution to the problem. Every possi-

ble solution is conceived and tested in this method to identify the most effective 

one. It guarantees that the best answer is tested against all the alternative solu-

tions that have been created. 

It is also known as the British Museum Search Algorithm since it is analogous to 

searching for an exhibit randomly or discovering an artefact at the British Museum 

by roaming across the institution. 

The heuristic function evaluates since all possible answers are produced systemati-

cally by the create and test method. However, if any pathways are improbable to get 

us to the outcome, then we do not consider those paths. This is accomplished 

through the heuristic, which ranks all available options and is often successful in 

this endeavour. It is possible that using a method called Systematic Generate and 

Test will not be helpful when trying to solve complicated issues. However, there is a 

method that may help improve outcomes in more complicated scenarios as well. 

This method combines create and test search with other methods to narrow the 

search field. For instance, we employ two different methods in the Artificial Intelli-

gence programme known as DENDRAL. The first of these methods is known as Con-

straint Satisfaction. Methods used by Generate and Test Procedure to operate with-

in a constrained search area, achieving a successful outcome by concentrating their 

efforts on fewer of the lists that were produced in the very first phase of the pro-

cess. 
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Algorithm 

1. Generate a plausible solution. For instance, producing a specific point in the is-

sue space or constructing a route for a start state would fall under this category. 

2. Determine whether this is a legitimate solution by contrasting the selected point 

or the destination of the preferred route with the available options for good goal 

states. 

3. If a solution is discovered, we should give up. If not, go to the first step. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Diagrammatic representation of generate and test algorithm 

 

Simple Search 

Search algorithms are significant in artificial intelligence because they provide solu-

tions to various challenges. AI makes use of some different search algorithms. In 

addition, it will identify the most common search algorithms used in AI and offer a 

categorisation of search algorithms. 

 

What exactly is an algorithm for searching? 

Search algorithms are algorithms that assist in finding answers to search-related 

questions. A search issue comprises three parts: the start state, the objective state, 

and the search space. Through evaluating potential outcomes and courses of ac-

tion, search algorithms guide AI agents toward the desired end state of operation. 

The algorithms provide search solutions by carrying out a series of operations that, 

taken together, bring about a transition from the starting state to the desired one. 

Without these algorithms, artificial intelligence (AI) machines and apps cannot exe-

cute search operations and cannot locate feasible solutions. 
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The significance of search engine algorithms 

The importance of search algorithms in artificial intelligence is broken down into 

many categories, each of which is explained below: 

 

 Problem-solving: Search algorithms make issue-solving in artificial intelligence 

easier by using logical search mechanisms such as problem description, ac-

tions, and search space. This contributes to an overall improvement in AI per-

formance. 

 Programming in search: Many AI activities may be programmed in search, 

which improves the formulation of a solution to a given issue. This is one ad-

vantage of AI. 

 Goal-based agents: Search algorithms improve the efficiency with which goal-

based agents perform their functions. These issue-solving agents hunt for a 

perfect sequence of activities that may give the best solution to a problem in 

order to find a solution to the problem. 

 Contribute to the operation of production systems Search algorithms contribute 

to the operation of production systems in artificial intelligence. The usage of 

rules and the processes necessary to put them into action provide the founda-

tion for these systems, which are used to enable AI applications. Production 

systems use search algorithms to look for a sequence of rules that may lead to 

the desired action. 

 These algorithms are also instrumental in the context of neural network sys-

tems. These kinds of computer systems are made up of nodes linked together, 

a layer that is kept secret, an input layer, and an output layer. In artificial intelli-

gence, neural networks are put to work to accomplish various functions. Search 

algorithms are designed to improve the process of looking for connection 

weights that will lead to the required input-output mapping. 

 

The characteristics of search algorithmic structures 

 The following is a list of the primary characteristics of search algorithms: 

 Fullness: A search algorithm is considered complete if it delivers a solution for a 

given input when at least one other solution exists for that input. 

 Optimality is another trait that distinguishes search algorithms; optimum solu-

tions are a hallmark of these programmes. These are the best possible answers 

that the search algorithms have come up with at the least expensive route. 

 The Time Complexity of These Algorithms: Each of these algorithms has a maxi-

mum amount of time to complete a job or offer a solution. In most cases, the 

length of time required is determined by the degree of difficulty of the work. 

 Space Complexity: When carrying out a search operation, they need maximum 

memory or storage space. This space is complex. The difficulty of the endeav-

our is another factor that contributes to this recollection. 
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The inner workings of search engine algorithms 

A 
I agents are what make possible the development of artificial intelli-

gence. These agents carry out responsibilities to accomplish a particu-

lar goal and choose the courses of action that might lead to accom-

plishing the objective. The issue may finally be resolved due to carrying 

out this sequence of steps. 

The artificial intelligence agents work to solve the issue by first investigating all 

of the potential options or solutions available to them. Search algorithms are 

what are used to conduct the actual search process. 

The first step in using search algorithms is defining the issue, and the second 

step is searching in the search space. 

Specifying the nature of the issue 

Before formulating an issue, several criteria must be established to enable the 

search algorithms to carry out the necessary course of action. Defining these 

elements gives the foundation upon which to seek and deliver a solution. The 

following are the components that need to be analysed further: 

 Initial state: This is the state where the search is initiated; think of it as the 

starting point. 

 State-space refers to all the distinct potential states that may be reached 

from the starting state by doing certain operations in a specific order. 

 Actions are the processes, actions, or operations that are carried out by AI 

agents when they are in a specific state. 

 The goal state is the project's intended ending or desirable state. 

 The goal test is a test that is carried out in order to determine whether a 

specific state is a goal state. 

 Path cost is the cost associated with taking a particular path, as determined 

by the agents. 

 

Performing searches inside the search space 

W 
hen the agents have finished identifying the criteria discussed 

before, they will utilise the search algorithms to search for the 

search space. A search space is an abstract arrangement of a 

search tree comprised of potential solutions. 

To set the sequence of activities, a search tree is used. The starting point, or 

initial state, serves as the starting point for the search tree. The acts them-

selves are represented by the branches, while the nodes represent the results 

of those activities. 

In artificial intelligence, when we are presented with a problem, the search algo-

rithm will determine the beginning state, state space, actions, target state, and 

route cost. As the search algorithms look for the target state, the initial state will 

be the starting point for a sequence of activities that will be carried out. 



Understanding Data Science (AI, ML, UL) 

Unit—I : Artificial Intelligence                                                                                       8 

If a particular state achieved by the agents is not the target state, then the 

search algorithm will keep looking until the goal state is achieved, even if the 

agents achieved the state. 

 

DEPTH-FIRST SEARCH (DFS)  

T 
he DFS is a recursive method that can “search vertices of graph or a tree 

data structure”. The first depth search (DFS) begins with the beginning of 

the graph G node and continues through the deepest nodes until it reaches 

the target node, the node without children. 

The DFS algorithm may be implemented with the help of the stack data structure 

due to the recursive nature of the structure. The method for the DFS may be imple-

mented in a manner analogous to the BFS procedure. 

The procedure to implement the DFS traversal, broken down into its component 

steps, is as follows: 

1. To begin, create a stack that contains the total number of vertices of the graph. 

2. At this point, select any point that serves as the starting point for the crossing and 

place that point on the stack. 

3. Then move an unvisited pointer next to the pointer at the top of the stack at the 

top. 

4. At this stage, repeat steps 3 and 4 until there are no more edges to be visited from 

the edges on the stack. 

5. If you can’t find any vertices, return and remove one from the pile. 

6. Proceed to step 6 only after completing steps 2, 3, and 4. 

The DFS algorithm's many applications 

The following is a list of applications that may be accomplished by using the DFS 

algorithm:  

 The DFS method can be used to carry out topological sorting. 

 It may be used to locate the pathways that connect two vertices in a graph. 

 Additionally, it may be used to identify cycles within the graph. 

 a DFS method is also employed for solving riddles with a single correct an-

swer. 

 The DFS algorithm is used for determining whether a graph is bipartite. 

 

Algorithm 
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BREADTH-FIRST SEARCH (DFS)  

 

A 
 graph traversal technique known as the breadth-first search begins its 

exploration of the graph at the root node and moves outward to each 

node immediately next to it. After that, it chooses the geographically 

closest node and proceeds to investigate all of the undiscovered 

nodes. When doing a graph traversal using BFS, any node in the graph may be 

regarded as the root node. 

There are several approaches to navigating the graph; however, the BFS is the 

method used most of the time. A search of all of the vertices of a tree or graph 

data structure is accomplished via a recursive algorithm. In BFS, each vertex of 

the graph is classified as either visited or non-visited, depending on which cate-

gory it falls. It begins by choosing a single node from inside a graph and then 

visits all of the nodes immediately close to the chosen node. 

The BFS algorithm's many applications 

The following is a list of applications that make use of the breadth-first algorithm: 

 The BFS algorithm may be used to discover the places adjacent to a particular 

source location. 

 The BFS algorithm may function as a traversal mechanism in a peer-to-peer 

network, allowing users to locate all nodes in the immediate vicinity. This meth-

od is used by most torrent clients, including BitTorrent, uTorrent, and others, to 

locate "seeds" and "peers" in the network. 
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 The BFS may be implemented in web crawlers to generate web page index-

es. It is one of the primary algorithms that may be included in indexing web-

sites and online pages. It begins its journey from the page that served as its 

source and continues by following the related links. In this instance, each 

web page is treated as a node in the network. 

 The BFS algorithm determines the shortest route and the most miniature 

spanning tree. 

 The BFS algorithm is also implemented in Cheney's method to simulate 

trash collection. 

 The ford-Fulkerson technique, which is used to calculate the maximum flow 

in a flow network, may use it. 

 

Algorithm 

The steps involved in the BFS algorithm to explore a graph are given as follows - 

Step 1: SET STATUS = 1 (ready state) for each node in G 

Step 2: Enqueue the starting node A and set its STATUS = 2 (waiting state) 

Step 3: Repeat Steps 4 and 5 until QUEUE is empty 

Step 4: Dequeue a node N. Process it and set its STATUS = 3 (processed state). 

Step 5: Enqueue all the neighbours of N that are in the ready state (whose STA-

TUS = 1) and set 

their STATUS = 2 

(waiting state) 

[END OF LOOP] 

Step 6: EXIT 

 

COMPARISON OF BFS AND DFS  
 

Table 1 Comparison of BFS and DFS 

S.no Parameters BFS DFS 

1 Applications BFS is used for 

various applica-

tions, such as 

bipartite graphs 

and shortest 

paths. 

DFS is used in a vari-

ety of applications, 

including acyclic 

graphics and topo-

logical sequences. 

2 Approach 

used 

He works on the 

concept of FIFO 

(first in first out). 

He worked on the 

concept of LIFO (last 

in first out). 

3 Backtracking In BFS, there is no 

backtracking con-

cept. 

The DFS algorithm is 

a recursive algorithm 

that uses backtrack-

ing ideas. 
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4 Conceptual 

difference 

BFS builds tree 

levels by level and 

builds tree levels 

by level. 

DFS builds the tree 

sub-tree by sub-tree. 

5 Data structure BFS (Breadth-First 

Search) uses 

queue data struc-

tures to find the 

shortest route. 

DFS (Depth First 

Search) uses stack 

data structures. 

6 Definition BFS is a cross-

cutting approach 

that first crosses 

all nodes at the 

same level and 

then moves to the 

next level. 

DFS is also a tra-

versal approach, with 

the traversal starting 

with the root node 

and passing through 

the node as far as 

possible until we 

reach the node with-

out invisible nearby 

nodes. 

7 Memory BFS requires more 

memory. 

DFS requires less 

memory. 

8 Optimality BFS is the best 

way to find the 

shortest route. 

The DFS is not the 

best way to find the 

shortest path. 

9 Removal of 

traversed 

nodes 

Nodes that cross 

multiple times are 

removed from the 

queue. 

The nodes visited are 

added to the stack 

and removed when 

no more nodes are 

visited. 

10 Space com-

plexity 

In BFS, spatial 

complexity is more 

important than 

time complexity. 

DFS is less space-

complex because at 

one time it only needs 

to store a single path 

from root to leaf 

node. 

  

11 Speed BFS is slow as 

compared to DFS 

DFS is fast as com-

pared to BFS. 

12 Stands for BFS stands for 

Breadth First 

Search. 

DFS stands for Depth 

First Search. 

13 Suitable for BFS is better suit-

ed to find vertices 

closer to a given 

source. 

DFS is better suited 

when there is a solu-

tion away from the 

source. 



Understanding Data Science (AI, ML, UL) 

Unit—I : Artificial Intelligence                                                                                       12 

8 Suitable for 

decision 

trees 

BFS first consid-

ers all neighbours 

and therefore 

does not fit trees 

for decision mak-

ing used in games 

or puzzles. 

DFS is suitable for 

game and puzzle 

problems. We de-

cide, then explore all 

the paths through 

that decision. In ad-

dition, if this deci-

sion leads to a situa-

tion of victory, we 

will stop. 

4 Technique BFS can be used 

to find the short-

est path of a sin-

gle source in an 

unweighted graph 

because BFS 

achieves the 

shortest boundary 

from the source 

boundary to the 

end. 

In DFS, we can pass 

through multiple 

edges to reach the 

destination bounda-

ry of the source. 

9 Time com-

plexity 

The Time com-

plexity of BFS is O

(V + E) when Adja-

cency List is used, 

and O(V^2) when 

Adjacency Matrix 

is used, where V 

stands for verti-

ces and E stands 

for edges. 

The Time complexity 

of DFS is also O(V + 

E) when Adjacency 

List is used, and O

(V^2) when Adjacen-

cy Matrix is used, 

where V stands for 

vertices and E 

stands for edges. 

10 Visits of sib-

lings/children 

Here, siblings are 

visited before the 

children. 

Here, children are 

visited before their 

siblings. 

18 When to use 

it? 

When targets are 

near the source, 

BFS is better. 

If the target is far 

away from the 

source, DFS is pre-

ferred. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

QUALITY OF SOLUTION 

The term "quality" could seem unduly vague or, even worse, arbitrary in its defini-

tion. If one person's idea of beauty is another's trash, does it mean that one per-

son's idea of the quality of an AI solution is another's trash?  
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Furthermore, what happens when numerous distinct stakeholders are required to 

review and approve the quality of a model before it can be used in the real world in 

a practical setting? How is it possible for us to persuade all these beholders to 

agree on something? 

Because of these factors, the concept of quality is dependent upon metrics and 

quantification, which are characteristics that may be agreed upon and upon which 

standards can be built. 

AI Quality is the collection of observable properties of an artificial intelligence sys-

tem that enables us to evaluate the system's performance in the actual world over 

time. In this instance, success in the real world refers to the value that the AI Sys-

tem brings to the firm and the risks it poses to society. 

The several criteria for the quality of AI 

The quality of AI is judged based on its performance in four primary categories: 

 Model performance refers to the visual aspects of business value and risk, in-

cluding model correctness, stability, conceptual soundness, and robustness. 

Other examples of these properties are conceptual soundness and robustness. 

 The influence on society is defined as the visible characteristics of social value 

and risk, including fairness, transparency, privacy, and safety. 

 Operational compatibility refers to those characteristics of an AI system that 

make it possible for humans to collaborate more efficiently with that system 

and collaborate with other systems as part of a broader process to accomplish 

a business objective. This includes things like documentation, explanations of 

the model's purpose, and collaboration possibilities, among other things. 

 Data quality refers to the characteristics of a dataset used to create and test 

models that influence the model's fitness. These characteristics include miss-

ing data, data representativeness, and quality of production data. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 Six pillars of AI quality (Photo credit: https://blog.synergetics.com) 

Core to AI Quality management: explainability 

Explainability is essential to the quality management of AI systems. The quality of AI 

is evaluated based on its performance across these four criteria. However, the pow-

er of explainability is essential for evaluating and enhancing the quality of AI. 



Understanding Data Science (AI, ML, UL) 

Unit—I : Artificial Intelligence                                                                                       14 

Furthermore, what happens when numerous distinct stakeholders are required to 

review and approve the quality of a model before it can be used in the real world in 

a practical setting? How is it possible for us to persuade all these beholders to 

agree on something? 

Because of these factors, the concept of quality is dependent upon metrics and 

quantification, which are characteristics that may be agreed upon and upon which 

standards can be built. 

AI Quality is the collection of observable properties of an artificial intelligence sys-

tem that enables us to evaluate the system's performance in the actual world over 

time. In this instance, success in the real world refers to the value that the AI Sys-

tem brings to the firm and the risks it poses to society. 

The several criteria for the quality of AI 

The quality of AI is judged based on its performance in four primary categories: 

 Model performance refers to the visual aspects of business value and risk, in-

cluding model correctness, stability, conceptual soundness, and robustness. 

Other examples of these properties are conceptual soundness and robustness. 

 The influence on society is defined as the visible characteristics of social value 

and risk, including fairness, transparency, privacy, and safety. 

 Operational compatibility refers to those characteristics of an AI system that 

make it possible for humans to collaborate more efficiently with that system 

and collaborate with other systems as part of a broader process to accomplish 

a business objective. This includes things like documentation, explanations of 

the model's purpose, and collaboration possibilities, among other things. 

 Data quality refers to the characteristics of a dataset used to create and test 

models that influence the model's fitness. These characteristics include miss-

ing data, data representativeness, and quality of production data. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 Four pillars of AI quality 

Core to AI Quality management: explainability 

Explainability is essential to the quality management of AI systems. The quality of AI 

is evaluated based on its performance across these four criteria. However, the pow-

er of explainability is essential for evaluating and enhancing the quality of AI. 
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Why is the capacity to explain something so important? 

The capacity to appropriately identify a model's function is what we mean when dis-

cussing explainability. Explainability is essential for operational compatibility in deci-

sion systems that include people and as a building block for root cause analysis of 

performance and fairness (societal) concerns. These difficulties can often be traced 

back to issues with data quality. Not all instances of explainability are created 

equal. Explainability is essential, but the technology cannot be used universally. 

There is a diverse collection of explainability techniques, and users are tasked with 

selecting the appropriate way to assess the quality aspects of AI according to their 

particular use cases. Methods for determining explainability vary along numerous 

dimensions: 

 The range of the explanation. Which output are we attempting to explain, and 

what is the scope of this explanation? 

 Contributions. What kinds of information does our explanation technique take 

in?  

 Gaining access. What kind of model does the explanation method have, and 

does it have access to data?  

 Stage. Where precisely in the model do our explanations come into play? 

 There has also been tremendous work in understanding the theoretical founda-

tions of various explanation approaches, including those that draw on Shapley 

Values. 

Depth Bounded DFS 

A 
 meta-interpreter needs to have depth-bounded search functionality in 

order to be helpful. This may either be used to hunt for short proofs or as 

part of an iterative-deepening searcher, which is a searcher that does re-

peat depth-bounded, depth-first searches and increases the bound at 

each iteration. 

 

 

 

 

 

 

 

 

 

Figure 3 A meta interpreter for depth bounded search 

An axiomatisation of the relation proof (G, D) can be seen in Figure 3. This relation 

is true if G can be proven using a proof tree with a depth that is either less than or 

equal to the non-negative integer D. This example uses the infix predicate symbol 

"is" available in Prolog.  



Understanding Data Science (AI, ML, UL) 

Unit—I : Artificial Intelligence                                                                                       16 

The statement "V is E" is validated as correct if and only if V is the numerical value 

returned by the expression E. The "-" character is the infix sign for the subtraction 

function inside the equation. Therefore, the statement "D1 is D-1" is correct if D1 is 

smaller than the number D by one. 

If D is tied to a number in the query, then this meta-interpreter will never enter an 

endless loop since it would be against its design. This is one feature of the meta-

interpreter. Proofs with a depth that is more than D will be ignored by it. Conse-

quently, this interpreter lacks functionality whenever D is set to a particular integer. 

On the other hand, if the number D is made sufficiently big, every proof that can be 

discovered for the proven meta-interpreter may also be found for this meta-

interpreter. An iterative-deepening searcher is designed to take advantage of this 

phenomenon by repeatedly conducting depth-bounded searches. Each iteration 

raises the depth bound to a greater extent than the previous one. There are situa-

tions when the depth-bounded meta-interpreter can locate proofs that prove can-

not. This occurrence takes place when the prove meta-interpreter enters an endless 

loop prior to investigating all of the proofs. 

The construction of a bounded meta-interpreter may also be done in other ways. 

There is also the possibility of using a different method for determining the size of 

the proof trees. For example, instead of using the maximum depth of the proof tree, 

we may use the number of nodes present in the tree. Altering the second rule in any 

way might also result in a cost associated with conjunction use. 

 

Depth-First Iterative Deepening 

Along with backtracking depth-first search (DBFS) and depth-first iterative search 

(IDDFS), iterative deepening depth-first search (IDDFS) is an algorithm that is an 

essential component of an uninformed search strategy. An algorithm that combines 

BFS and DFS searching strategies is what we mean when we refer to IDDFS. In 

IDDFS, we have observed that both BFS and DFS have certain limits, and as a re-

sult, we have combined the two methodologies in order to get beyond the draw-

backs that are specific to each of them. We do a depth-first search with a restricted 

scope up to a predetermined "limited depth." After that, we continue to iterate the 

operation to increase the depth limit until we have located the objective node or 

completed the process of traversing the whole tree, whichever comes first. 

IDDFS's Current Working Algorithm 

The BFS and DFS have not been so great when looking for the element in the opti-

mal amount of time and space while using the uninformed searching method. Only 

the fact that the route will be discovered in exponentially more time and space is 

guaranteed by the algorithms. Therefore, we discovered a way in which we may uti-

lise the amalgamation of space competence of DFS and optimal solution approach 

of BFS approaches, and there, we developed a new method employing the two of 

them called iterative deepening by combining them. Instead of stockpiling boundary 

entities, the primary focus of this approach is to make use of the re-computation of 

those boundary entities.  
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Because the DFS algorithm is used in every re-computation, much less storage 

space is required. Let us additionally consider the possibility of employing BFS for 

iterative deepening search. 

Convert a breadth-first search into an iterative deepening search.  

 We may do this by setting aside a depth-first search to look for results up to a 

specific limit. After searching up to a predetermined limit depth to depth, it con-

structs a route length1 and returns the results. 

 This is accomplished by creating paths in the DFS fashion one unit in length. 

After then, it clears the way for routes with a depth restriction of 2, 3, and far-

ther on.  

 It can even remove all the calculations that came before it at the beginning of 

the loop and then continue to repeat. Because the enumeration proceeds in the 

correct sequence, this means that ultimately, at some point in the tree's depth, 

the solution will be discovered if there is one. 

Pseudo-code for IDDFS 

1   IDDFS(T): 

2   for d = 0 to infinity: 

3 if (DLS(T, d)): 

4   return 1 

5   else 

6   return 0 

In order to put into practice, the iterative deepening search, we must highlight dis-

tinctions between the following: 

• A collapse occurred after the depth limit constraint was reached. 

• An error that prevented the depth limit from being achieved. 

While in the first scenario, we attempt the search technique numerous times by 

raising the depth limit each time, in the second scenario, even if we continue 

searching multiple times even though there is no solution, it will be a waste of time 

since there is no solution. As a result, we have concluded that the failure in the first 

scenario was unnatural. However, the failure that occurred in the second scenario 

was natural. 

Different iterations of "Best First Search." 

Greedy Best First Search and A* Best First Search are the two available variations 

of BFS. The greedy branching and merging search uses the heuristic function and 

search, which enables us to benefit from both methods. 

There are many alternative approaches to determining which node is the "BEST" for 

traversal. As a result, there are many distinct variations of the BFS algorithm, each 

of which uses a unique heuristic evaluation function (n). In this blog post, we will 

discuss the Greedy Best First Search and the A* Best First Search, two of the most 

used variations of this algorithm. Let us imagine we want to travel from city S to city 

E in the lowest possible road distance, and we want to do it in the quickest method 

possible by touring the least number of cities along the route, sometimes known as 

the least number of steps. How would we go about accomplishing these goals? 
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When we reach one of the intermediate cities, we find the distance between ground 

travel and flight time between that city and our destination, city E. The heuristic 

function h is used to express this distance, which estimates how close we are to the 

objective from a specific node (n). This heuristic value is specified inside each node 

of the tree. Be aware, however, that this does not necessarily correspond to the 

accurate distance travelled by road since the route may have several turns when 

climbing a hill, among other factors. 

In addition, when we go from one node to the next, we find the actual road distance 

between the city we are now located in and the city just ahead of it on the route. 

This information is shown above each path in the diagram that has been provided. 

The function g represents the total distance travelled from the starting city to each 

of these immediate subsequent cities (n). At any given time, our assessment func-

tion will determine the choice of which city we will go to next. The city with the low-

est value according to this evaluation function will be the one that gets investigated 

initially. 

The evaluation function is the only area in which the Greedy BFS and the A* BFS 

vary. The evaluation function for the Greedy BFS algorithm is f(n) = h(n), but the 

evaluation function for the A* algorithm is f(n) = g(n) + h. (n). 

In essence, since A* is the more efficient method of the two techniques, it also con-

siders the total distance travelled up to this point, i.e. g (n). 
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