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Abstract Machine learning task is broadly divided into supervised and unsupervised
approaches. In supervised learning, output is already known and we have to train the
model by giving lot of data called labeled dataset to train our model. The main
goal is to predict the outcome. It includes regression and classification problem. In
unsupervised learning, no output mapping with input as well as it is independent in
nature. The dataset used in unsupervised machine learning is unlabeled. The main
focus of this paper is to give detailed understanding of supervised and unsupervised
machine learning algorithm with pseudocodes.
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1 Introduction

Machine learning is utilized to show machines how to deal with the information
all the more productively. In some cases subsequent to review the information, we
cannot decipher the example or concentrate data from the information. All things
considered, we apply Al [1]. With the plenitude of datasets accessible, the interest
for Al is in ascent. Numerous businesses from medication to military apply Al to
remove pertinent data. The motivation behind Al is to gain from the information [2].
Many investigations have been done on the most proficient method to cause machines
to learn without help from anyone else [3]. Numerous mathematicians and software
engineers apply a few ways to deal with find the arrangement of this issue [3]. Some
of them are exhibited in [4, 5]. The different types of machine learning algorithms
have been depicted in Fig. 1.
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Fig. 1 Machine learning algorithms

2 Different Kinds of Learning

The learning directed artificial algorithm is those calculations which need outside
help [6]. The info dataset is partitioned into train and test dataset. The train dataset
has yield variable which should be anticipated or grouped [2]. All calculations take
in some sort of examples from the preparation data set and apply them to the test
dataset for expectation or grouping [7, 8].

2.1 Supervised Machine Learning

The flowchart of supervised machine learning algorithm has been illustrated in Fig. 2.
Three most well-known directed artificial algorithm has been talked about here.

1. Decision tree
2. Naive Bayes
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Fig. 2 Supervised machine learning algorithm
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Fig. 3 Decision Tree
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3. Support vector machine

Decision Tree: Decision trees are those kind of trees which gatherings credits by
arranging them dependent on their qualities [9]. Choice tree is utilized primarily for
grouping reason. Each tree comprises hubs and branches [10]. Every hubs addresses
credits in a gathering that will be arranged and each branch addresses a worth that
the hub can take [11]. A model of decision tree has been shown in Fig. 3. There are
two types of decision tree and are based totally at the type of goal variable we have.
It may be of two sorts:

Categorical Variable Decision Tree: Decision tree which has a specific target
variable is called a categorical variable decision tree [12].

Continuous Variable Decision Tree: Decision tree which has a continuous target
variable is called continuous variable decision tree.

Decision bushes classify the examples through sorting them down the tree from the
basis to some leaf node, with the leaf node supplying the class to the instance. Each
node in the tree acts as a test case for a few attribute, and every edge descending from
that node corresponds to one of the feasible answers to the check case. This process is
recursive in nature and is repeated for each subtree rooted at the brand new nodes [13].
Decision tree is simple to apprehend, interpret and visualize. Decision trees implicitly
perform variable screening or function choice. It can manage both numerical and
express information. It can also take care of multi-output problems. Decision trees
require incredibly little attempt from customers for statistics coaching. Nonlinear
relationships among parameters do no longer have an effect on tree performance.
The pseudocode for decision tree is portrayed below, where S, A and y are preparing
set, input quality and target characteristic separately [14].
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Pseudocode for Decision Tree

procedure DTInducer (S,A,y)
1: T = TreeGrowing(S,A, y)
2: Return TreePruning(S,T)
procedure TreeGrowing(S,A, v)
1l: Create a tree T
2: if one of the Stopping Criteria is fulfilled then

3: Mark the root node in T as a leaf with the most common

value of y in S as the class.
4: else
5: Find a discrete function f(A) of the input attributes values
such that splitting S

according to f(A)’'s outcomes (vi,...,Vvn) gains the best split-
ting metric.
6: if best splitting metric > threshold then
7: Label the root node in T as f(4)
8: for each outcome v; of £(A) do
9: Subtree; = TreeGrowing (6 fa)=vi S, A, Y).
10: Connect the root node of T to Subtree, with an

edge that is labeled as v;
11: end for
12: else
13: Mark the root node in T as a leaf with the most
Common value of y in S as the class.

14: end if
15: end if

16: Return T
procedure TreePruning(S,T, v)
1: repeat
2: Select a node t in T such that pruning it maximally
improve some evaluation criteria
if t # ¢ then
T = pruned (T,t)
end if
until t # ¢
Return T

<N oo kW

Naive Bayes: Two important styles of Naive Bayes algorithms are:

Gaussian Naive Bayes: Gaussian Naive Bayes is a variation of Naive Bayes that
follows Gaussian normal distribution and supports continuous facts. Naive Bayes is
a collection of supervised gadget getting to know category algorithms based on the
Bayes theorem. It is a simple class approach, but has excessive functionality.

Multinomial Naive Bayes: The Gaussian assumption just described is in no way
the most effective easy assumption that might be used to specify the generative distri-
bution for every label. Another useful instance is multinomial naive Bayes, where the
features are assumed to be generated from a simple multinomial distribution [15].
The multinomial distribution describes the possibility of watching counts among
some of categories, and accordingly multinomial Naive Bayes is most appropriate
for features that represent counts or count number rates. Mostly focuses on the text
order industry [16]. It is primarily utilized for bunching and order reason [17]. The
fundamental engineering of Bayes relies upon the restrictive likelihood. It makes
trees dependent on their likelihood of occurring. These trees are otherwise called
Bayesian network.
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Pseudocode of Naive Bayes

INPUT: training set T, hold-out set H, initial number of compo-
nents ko,
and convergence threshold §gy and 8a4qq

Initialize M with one component.
k(—kg
repeat
Add k new mixture components to M, initialized using k
random examples from T.
Remove the k initialization examples from T.
repeat
E-step: Fractionally assign examples in T to mixture compo-
nents, using M.
M-step: Compute maximum likelihood parameters for M,
using the filled in data.
If log P(H I M) is best so far, save M in Mpeat -
Every 5 cycles, prune low-weight components of M.
until log P(H I M) fails to improve by ratio daqq -
Execute E-step and M-step twice more on Mpesr Uusing exam-
ples from both H and T.
Return Mpeat.

Support Vector Machine: Another most generally utilized best in class Al proce-
dure is support vector machine (SVM). It is mostly utilized for characterization.
SVM deals with the rule of edge computation [18]. It fundamentally draws edges
between the classes. The edges are attracted such a design that the distance between
the margin and the classes is maximum and hence minimizing the classification error
[14] The SVM kernel is a feature that takes low-dimensional enter space and trans-
forms it into better-dimensional area, i.e., it converts no longer separable trouble to
separable trouble. It is generally beneficial in nonlinear separation issues. Simply
placed the kernel, it does some extraordinarily complicated data alterations then
finds out the procedure to separate the facts primarily based on the labels or outputs
described. Support vector machine has several advantages—yvery effective in exces-
sive dimensional cases. Its reminiscence green because it makes use of a subset of
training points in the decision function referred to as guide vectors. Different kernel
capabilities may be specified for the selection capabilities and its possible to specify
custom kernels.

2.2 Unsupervised Machine Learning Algorithm

Itis also sometimes called unaided learning. In this algorithm learns not many compo-
nents from the information [19]. At the point when new information is presented,
it utilizes the recently scholarly components to perceive the class of the informa-
tion. It is mostly utilized for bunching and size reduction [20]. Two main clustering
algorithms are:
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1. K-means clustering bunching or gathering is a sort of solo learning method
that when starts, makes bunches naturally. The things which has comparable
attributes are placed in a similar group [18]. This calculation is called k-implies
on the grounds that it makes k particular groups. The following are the drawbacks
of the algorithm-

(a) The learning set of rules calls for a priori specification of the number of cluster
facilities.

(b) The use of exclusive assignment—If there are two incredibly overlapping infor-
mation, then okay means will no longer be capable of solve that there are two
clusters.

(c) The studying algorithm is not invariant to nonlinear ameliorations, i.e., with
distinctive illustration of records, we get exclusive outcomes (information repre-
sented in form of Cartesian coordinates and polar coordinates will supply special
effects).

(d) Euclidean distance measures can unequally weight underlying elements.

(e) The gaining knowledge of set of rules offers the neighborhood optima of the
squared errors feature.

(f) Randomly choosing of the cluster center cannot lead us to the fruitful end result.
PL. Refer Fig.

(g) Applicable best when imply is described, i.e., fails for express information.

(h) Unable to address noisy data and outliers.

(i) Algorithm fails for nonlinear facts set. The mean of the qualities in a specific
group is the focal point of that group [21].

Pseudocode of k-means Clustering

function Direct-k-means ()

Initialize kprototypes (wi,....,wx) suchthat wyj=1;, jJ € {1,....,k},
1€ {1,...,n}
Each cluster C; is associated with a prototype wjy
Repeat
for each input vector i; , where 1 € {1,....,n},
do
Assign i; to the cluster Cjwithnearest prototype wj,
(i.e, Ti; wyj»I<TIi;_wy;I,,3J€I{Ll,... k})

for each cluster Cy, where , j € {1,....,k}, do
Update the proto-
type w; to be the centroid of all samples currently
inCjsothatwy =) j1ecy 11/ IC51I
Compute the error function:

. 2
E= Zj:l Zilec, i = w;|

Until E does not change significantly or cluster membership no
longer changes
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2. Principal Component Analysis(PCA)

In principal component analysis or PCA, the element of the information is decreased
to make the calculations quicker and simpler. To see how PCA functions, we should
take an illustration of 2D information. Principal element analysis of a records matrix
extracts the dominant styles in the matrix in phrases of a complementary set of rating
and loading plots. It is the obligation of the facts analyst to formulate the clinical
issue handy in terms of PC projections, PLS regressions and so forth. Ask yourself,
or the investigator, why the facts matrix became accrued, and for what purpose the
experiments and measurements had been made. Specify before the analysis what
varieties of patterns you would count on and what you will find interesting. At the
point when the information is being plot in a chart, it will take up two tomahawks
[17]. PCA is applied on the information, the information then, at that point, will be
1D.

Pseudocode of PCA

R« X

for(k =0, ... ,K-1) do
{
A=0
p(k) Rk

p) L Rk g

p() « p || p(R) ||}

7% « rP®
RIELE]

if( |A" = N| <¢) then break
N« N’

R« R-T® (pO)HT
}
Return T, P, R

3 Conclusion

In this paper, we have discussed about different machine learning algorithm. Deci-
sion tree, SVM and Naive Bayes are supervised machine learning Algorithm. In
machine learning, the input is result as well as data and the output is rules contrary to
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traditional programming languages. This paper gives idea about supervised as well
as unsupervised machine learning algorithm as well as their types. Decision tree is
classifier and it can be used for classification as well as regression purposes both.
But mostly, it is used for classification purposes. SVM is support vector machine
and its main aim is separate the classes using hyper-plane. In unsupervised machine
learning, machine only looks for the pattern as data has no labels. Training starts
with huge data that form a feature vectors which using an algorithm is converted into
predictive model that is tested with new set of data supervised machine learning is
less complex, conducts offline analysis and gives comparatively more accurate result
than unsupervised learning that is more complex and performs real-time analysis.
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