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Connector for Weiss Robotics Optoelectronic components

gl‘ip])ers (WTSGS[, and WSG 32) Flex PCB (51{5 matrix anJT_SgﬂRAR]
- /01 2 " 3
Microcontroller 2x16 channels AD

PIC16F1824 devices (AD7490) 50 Resistors
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Artificial Intelligence
Any technique which enables computers
to mimic human behavior.

Machine Learning

Subset of Al techniques which use
statistical methods to enable machines
to improve with experiences.

Deep Learning

Subset of ML which make the
computation of multi-layer neural
networks feasible.
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Image processing Computer vision
Natural language processing, , Marketing
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TYPES OF MACHINE LEARNING

Supervised Learning Unsupervised Learning Reinforcement Learning
Train an algorithm on a labeled Train an algorithm to find similarities Learn through trial and error from
data set to predict the correct or abnormalities in a data set. interaction with an environment.

output value for unseen inputs.

v Input / Output v Input v’ States & actions

v Labeled data v Unlabeled data ¥ No data set

v ‘Replicate the right answers’ ¥ ‘Find patterns in data’ ¥ ‘Find actions that maximize reward’

v Classification, prediction v Clustering, association v Decision making

v Image recognition, email v Anomaly detection, customer v Learning to play a game, movie

spam filtering, forecasting segmentation recommendation system
a9
! !
! 8 4
. ML Model -
Input ’ Preprocessing } ’ Training Postprocessing MSE
Regulate

Hyperparameters
until convergence

)/



C8 ,:CDD

C8

Normalization

b e

Preprocessing

| Input : }

CD

,.CDD

Inverse
Normalization

Postprocessing

PreprocessingJ » ‘

Machine
Learning
Model

»

CD

#

E/-@

Postprocessin4 } Output

-/



$
B - F r % ws
) X
3k 8 5
H
%
=114 c 5 -
# 6 c B
Parent ___ Binary Tree
of Node C

=2

Depth

%

O I i Leaf Nodes
L R ;
~ .

Children

of Node C
4.



8

383 8>83 0
S

.”5.

54 57
R RD (

C
j
See
Se
z Zy
5/ 5
3
5
5
3
5 ¢®
|
3



/>

N¢

117.5

z
>
/>
Years, < 4.5
|
Hits <
511 ‘
6.00
2
2

.74



(6

b?®?

{© 8bK. 8 «9:
" {O8bK. f «©:21 8
" {O8bK. f 9:21 f

"O:
"O:

8bK. 8 «9:

8bK. 8 «9:
9 6
— >
R
2
R,
i =5 N
Years
~ >
§bK. 8« 21 8 O
&
/



S
(( !
> 2
(
( P
/> C
1P
(@
% 7

(C ) !



90
80 1
70
60
50
40
30
20 4
10 4

Optimum tree size
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Biges
Decision Trees are easy to explamn. It
results in a set of rules.

1t follows the same approach as
humans generally follow while making decisions.

Interpretation of a complex Decision Tree model
can be simplified by its visualizations. Even a
naive person can understand logic.

Both are good at reducing variance and provide

higher stability...
3 38
( =177
6 C6 @@D
(
H
(6@@

3

There 15 an high possibility of overfitting.

Generally, it gives low prediction accuracy for a dataset
as compared to other machine learning algorithms.
Information gain in a decision tree with categorical
variables gives a biased response for attributes with
greater no. of categories.

Calculations can become complex when there are many
class labels.
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The cost of the leaming process is zero

Mo assumptions about the characteristics
of the concepts to learn have to be done

Complex concepts can be learned by
local approximation using simple
procedures
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The model can not be interpreted (there is
no description of the learned concepis)

It is computationally expensive to find the
K-NN when the dataset is very large

Performance depends on the number of
dimensions = Curse of dimensionality



ID Height Age Weight
1 5 45 77
2 5.11 26 47
3 5.6 30 55
4 5.9 34 59
5 4.8 40 72
6 5.8 36 60
7 5.3 19 40
8 5.8 28 60
9 5.5 23 45
10 5.6 32 58
11 55 38 ?
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Error Rate vs. Different metrics
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Simularitiesy Differences

Both are ensemble methods to get N learners
from 1 learner...

... but, while they are built independently for Bagging,
Boosting tries to add new models that do well where
previous models fail.

random sampling. .. the scales in favour of the most difficult cases.
... but it is an equally weighted average for Bagging and a

weighted average for Boosting, more weight to those with
better performance on training data.

Both make the final decision by averaging the
N learners (or taking the majority of them)...

Both are good at reducing variance and provide
higher stability...

... but only Boosting tries to reduce bias. Bagging may
solve the over-fitting , while Boosting can increase it.

Both generate several training data sets by § . ... but only Boosting determines weights for the data to tip

*
%,

)?4 & semble model

model 2

Data

model
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It produces a highly accurate and robust

; : 4 Random forests have been observed to overfit for
classifier to outlier and noise.

some datasets with noisy data

: Jatal Unlike decision trees, the classifications made by
el en See " random forests are difficult for humans to interpret.
It has an effective method for estimating If the data contain groups of correlated features of
missing data and maintains accuracy when similar relevance for the output, then smaller groups
a large proportion of the data are nussing. are favored over larger groups.
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