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INTRODUCTION-
A SMALL STORY



ENIGMA pred.il’rions

WHAT?

The German Enigma machine was integral in providing the Axis powers with the upper hand during World War Il —
particularly during the Battle of the Atlantic. At this time, the UK was extremely reliant on imports from the US and
Canada to keep the population going and fighting. However, German submarines were used to form a blockade
and stop these supplies getting through. Crucial to the Axis efforts at this time were the Enigma machines that
allowed them to share classified information secretly by encrypting it.

* Indecipherable

 Humans not able to perform
necessary logical imputations to
crack the code
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EVOLUTION OF ARTIFICIAL INTELLIGENCE
1950-2017



A brief history of...
Artificial Intelligence.

The Turing Te

Where a human evaluator engages
in natural language conversation

with a machine and a human

McCullock & Pitts publish
a paper titled ‘A Logical
Calculus of Ideas
Immanent in Nervous
Activity’, proposing the
groundwork for neural
networks.

1950

Turing publishes ‘Computing 1956

The Dartmouth Conference (organised
by McCarthy, Minsky, Rochester, and

Shannon)is held, marking the birth of

Machinery and Intelligence’,
proposing the Turing Test as a way
to measure a machine’s ability.

Al as a field of study.

1951

Marvin Minsky and Dean Edmonds build
SNAR, the first neural network computer.

The first Al winter begins, marked by a

decline in funding and interest in Al

research due to unrealistic

Newell and Simon develop the General

Problem Solver (GPS), one of the first Al
expectations and limited progress.

Expert systems
gain popularity, ural
with companies

using them for

etwo

programs to demonstrate human-like
problem-solving.

ks

Machine learning models that mimic the brain,
learning to recognize patterns and make

financial A A predictions via artificial neuron connections
forecasting _J’). “k_/v._

and medical

I IBM's Deep Blue defeats chess

2 Hinton, Rumelhart, and Williams publish wrc;ralcrik(?:aThp;(;inr:tatsi&aer(;v,
diagnoses. ‘Learning Representations by Back- 9
s 5 5 computer beats a world
Propagating Errors’, allowing much Shamblonina corbBlacdarma
deeper neural networks to be trained. P P 9 .

Was acquired by
Google in 2014 for
$500 million

X

Facebook creates DeepFace, Al startup DeepMind IBM's Wat
AlphaGo, developed Aiace recogn_ition system devtlalopts > dkefr;‘) t def:at:t\snloon
by DeepMind, that can recognise faces with neuranetwor : at forterliaobardy]
difeat d near-human accuracy. can recognize cats in
eteats wor

champion Lee Sedol
in the game of Go.

Google's
AlphaZero
defeats the OpenAl releases
world's best GPT-3, marking a
chess and significant
shogi engines breakthrough in
in a series of natural language
matches. processing.

YouTube videos. champions.

DeepMind's AlphaFold2
solves the protein- Google fires engineer Blake
folding problem, paving Lemoine over his claims that
the way for new drug Google's Language Model for
discoveries and medical Dialogue Applications (LaMDA)
breakthroughs. was sentient.

1957

Rosenblatt
develops the
Perceptron: the
first artificial
neural network
capable of
learning.

Weizenbaum
develops ELIZA: a
natural language

processing program
that simulates
conversation.

Teaches computers to
understand and use human
language using techniques

like machine learning

iRobot introduces
Roomba, the first
mass-produced
domestic robot
vacuum cleaner
with an Al-powered
navigation system.

Artists file a class-
action lawsuit against
Stability Al,
DeviantArt, and Mid-
journey for their use of
Stable Diffusion to
remix the copyrighted
works of millions of
artists
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1950

TURING TEST
Computer scientist
Alan Turing proposes a
test for machine
intelligence. If a
machine can trick
humans into thinking it
is human, then it has
intelligence

1955

A.l. BORN

Term ‘artificial
intelligence’ is coined
by computer scientist,
John McCarthy to
describe “the science
and engineering of
making intelligent
machines”

1961

UNIMATE

First industrial robot,
Unimate, goes to work
at GM replacing
humans on the
assembly line

1966

SHAKEY

The "first electronic
person’ from Stanford,
Shakey is a general-
purpose mobile robot
that reasons about

its own actions

1964

ELIZA

Pioneering chatbot
developed by Joseph
Weizenbaum at MIT
holds conversations
with humans

1997

DEEP BLUE

Deep Blue, a chess-
playing computer from
IBM defeats world chess
champion Garry
Kasparov

A.l
WINTER

Many false starts and
dead-ends leave A.l. out
in the cold

1998

KISMET

Cynthia Breazeal at MIT
introduces KISmet, an
emotionally intelligent
robot insofar as it
detects and responds
to people’s feelings

"\ AlphaGo

1999

AIBO

Sony launches first
consumer robot pet dog
AIBO (Al robot) with
skills and personality
that develop over time

2002

ROOMBA

First mass produced
autonomous robotic
vacuum cleaner from
iRobot learns to navigate
and clean homes

2011

SIRI

Apple integrates Siri,
an intelligent virtual
assistant with a voice
interface, into the
iPhone 4S

2014

EUGENE

Eugene Goostman, a
chatbot passes the
Turing Test with a third
of judges believing
Eugene is human

2011

WATSON

IBM's question
answering computer
Watson wins first place
on popular $1M prize
television quiz show
Jeopardy

2016

TAY

Microsoft's chatbot Tay
goes rogue on social
media making
inflammatory and
offensive racist
comments

2014

ALEXA

Amazon launches Alexa,
an intelligent virtual
assistant with a voice
interface that completes
shopping tasks

Copyright © 2025 Predixtions. All rights reserved.

2017

ALPHAGO
Google's A.l. AlphaGo
beats world champion
Ke Jie in the complex
board game of Go,
notable for its vast
number (2179) of

possible positions
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FORUM
Artificial Intelligence (Al) is the computerized ability to perform tasks commonly associated with human intelligence, including reasoning, discovering pattems and meaning, FPF.ORG
generalizing, applying knowledge across spheres of application, and learning from experience. The growth of Al-based systems in recent years has garnered much attention, particularly
in the sphere of Machine Learning. A subset of Al, Machine Learning (ML) systems “learn” from the success or accuracy of their outputs, and can change their processing over time, with

minimal human intervention. But there are non-ML types of Al that, alone or in combination, lie behind the real-world applications in common use. General Al —a human-level

THE SPECTRUM OF ARTIFICIAL INTELLIGENCE AT | B

computational system — does not yet exist. But Narrow Al exists in many fields and applications where computerized systems greatly enhance human output or outperform humans at ~
defined tasks. This chart explains the main types of Al, their relationships to each other, and provides specific examples of how they are currently appear in our day-to-day lives. Italso \/ N ~
demonstrates how Al exists within the timeline of human knowledge and development. &
- - ® o
i i GAN GENERALADVERSARIAL NETWORKS
SYMBOLICAI > > ""“"“""“"Y"ﬂ""!v -
Hui eadable! robl
Al USE CASES AND CONTEXTS pela L N
DEEP LEARNING N
Muttiple layers of

FINANCE
TAX COMPLIANCE

A software platform that distills tax laws into a
program, creates a personalized decision system,
and enables individuals to quickly and accurately
file their taxes.

Value of Al: Tax compliance requires complete
accuracy. This efficient, interactive system that

neural networks

EXPERT SYSTEMS
‘Complex solutions
through reasoning

REINFORCEMENT LEARNING v

h-mluhenndm atask

provides precise and logically connected results s iMRfH i
allows taxpayers to understand, confirm, and have nxm':':u"

confidence in the outcome. KE provides transparent

and clear explanations. f

Types of Al: a5 PLANNING & SCHEDULING

P&S Multi-dimensional strategies
@_ NN _@ andactionsequences

NN NEURAL NETWORKS
Learning by making
connections

%E HEALTHCARE m"fz‘ o KNOWLEDGE ENGINEERING
AMBIENT CHARTING e

Rules based on human expertise

The use of background voice-to-text processing
during a patient/medical provider exchange to
record those interactions into the patient’s chart,
along with extracting tasks, symptoms, and
recommendations for further action as required.
Value of Al: Medical providers spend significant
time documenting, with uneven outputs, as well as
difficulty in correlating between providers. Ambient
systems encode conversations, target key phrases,
and present a summary for provider edit/acceptance.

COMPUTER SENSING
Humansense-basedinputs

Types of Al:

l TRACKING % MOBILITY AND TRANSPORTATION SOCIAL MEDIA FORECASTING

WORKPLACE MONITORING TURN-BY-TURN NAVIGATION SPEECH OR CONTENT MODERATION SUPPLY CHAIN MANAGEMENT
Embedded systems can monitor physical and digital Location-based software that provides detailed Systems can facilitate human teams in identifying, Systems to improve traditional inventory and
traffic, data usage, device management, and some instructions for travelers to reach aselected flagging, and deleting p osts with defined, prohibited forecasting beyond historical/internal trend data,
employee behaviors for efficiency and security designation, customizable mode of p ion, terms (such as “hate speech” or profanity). to weight and include external factors such as
management of time, assets, and resources. multiple stops, services en route, and real-time Categorizing and selectively reacting based on weather, consumer sentiment, demographic trends,
Value of Al: Monitoring enables necessary adjustments based on traffic, tolls, and weather. platform policies, usually embedded in analysis of portal traffic, stock fluctuations, and
enforcement of data security policies and protocols.  Value of Al: This is a “shortest path” problem human/computer systems for review and decision. service levels
Also, systems can monitor and manage time solver, able to consider and weight variables such Value of Al: More efficient at scale than human-alone Value of Al: Systems can increase accuracy and
reporting and project management tools, as well as as speed, cost, and personal preferences, and reviews. Additionally, well-designed systems can efficiency, as well as provide improved transparency
ensuring appropriate supervision, training, and allow p lization based on potentially adapt to variations in context, intent, and reliable, predictive analytics; enable aggregate
support, including for remote workers as well as link to calendar and schedulmg data, cultural norms, and user expectations more forecasting from individual impact up through

and interactive prompts. consistently across platforms. regional levels.

Types of Al: Types of Al: Types of Al: Types of Al:

00 s—0—0—0@
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TOP S MACHINE LEARNING TRENDS TO WATCH
IN THE FUTURE

The Quantum
Computing Effect

The Big Model
Creation

Distributed ML
Portability

No-Code
Environment

The Quantum
Computing Effect

Quantum computing will
optimize ML speed

Reduced execution times in
high-dimensional vector
processing

Creation of an all-purpose model
to perform tasks in various
domains simultaneously

Users can tailor such an uber
ML model

Businesses will run existing
algorithms and datasets natively
on various platforms and
computer engines

Portability will eliminate the need
for shifting to new toolkits
constantly

Machine learning will become a
branch of software engineering

Minimized coding effort and
maximized access to machine
learning programs

Raise of new RL mechanisms for
leveraging data to optimize
resources in a dynamic setting

Environment

RL will shift economics, biology,
and astronomy

Copyright © 2025 Predixtions. All rights reserved.
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Evolution of Generative Al technology over years L

This slide showcases evolutiovofGenerativeAl technology over the years that transformed and impacted majorindustries. Its key elements are Google autocomplete, Generative Adversarial Networks, ChatGPT, Alexa by
Amazon etc.

Google introduced Generative Adversarial Release of GPT 2 by
autocomplete feature that offers Networks (GANs) introduction OpenAl that was capable of
suggestions to user for by lan Goodfellow and creating human-like text
completing sentence his colleagues through NLP
- ‘ k

8,

=
. N
-
Deep Boltzmann Machine Release of Alexa by amazon Release of GPT 3.5 by OpenAl
- introduction that paved the that was capable of responding with advanced language
way to develop other and taking action based on capabilities and ability to
generative models human voice generate meaningful text

Copyright © 2025 Predixtions. All rights reserved.



& ChatGPT Timeline

Dec 8'22 Feb7'23
> ® O O
ShareGPT helps Microsoft
ChatGPT users to launched Bing
share their Chat with inbuilt
conversations. ChatGPT
Apr1'23
Mar 14'23
O < O @)
Italy blocked the OpenAl
usage of launched GPT-4
ChatGPT in their for ChatGPT Plus
country users
\ Apr12'23 Apr20'23 Jul16'23
> O o o
Researchers Yokosuka is chatGPT
found that Japan's first city Announced the
ChatGPT to use ChatGPT release if Code
displays toxic for Interpreter
behavior more administrative plugin
than expected work

Copyright © 2025 Predixtions. All rights reserved.
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The fundamentals..

Copyright © 2025 Predixtions. All rights reserved.



T
What is Artificial intelligence? prediXtions

We Predict The Future.

Artificial Intelligence — The science involving algorithms & technology of making intelligent machines that
exhibit human-like intelligent behavior, learn & advice its users.

Knowledge
Representation

Natural
Planning

Deduction and
NCENelallgle

Learning

Language
Processing

Perception

Motion &
Manipulation

Gaining
: knowledge of Machine Natural
Algorithms and . o o
. the world as Techniques learning is the language Perception is
techniques that . : . . . Methods
humans see it, dealing with study of processing the ability to
Tvpical perform . : . : : ) related to
ypica reasoning and i.e. objects, setting and computer gives machines use inputs T wo———
outcome 9 their achieving of algorithms that the ability to from sensors u
logical . : : : movement of
: properties, goals Improve read and to identify .
deductions to . : machines,
solve broblems categories, Example - automatically understand the aspects of the robotics. etc
P situations, Game theory through language that world T
and puzzles : .
events, time, experience humans speak
etc.
Pn.ed|c-t . . Identifying Prediction of Virtual patient Measuring dose Therapeutic
medication Diagnostic help treatment . health cuddle bots
Example e . patient drug . response of
adherence, using image pathways . assistance on . . Surgery bots
Use-case . . . . adoption / . image guided
improve health processing (Precision . the web or in e o towards less
. . patient LTV injection etc. . .
outcomes medicine) App invasive ops
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What is Machine Learning?

Arthur Samuel, an early American leader in the field of computer gaming and artificial intelligence, coined the
term “Machine Learning ” in 1959 while at IBM. He defined machine learning as “the field of study that gives
computers the ability to learn without being explicitly programmed “.

Definition of learning:

A computer program is said to learn from experience E with respect to some class of tasks T and performance
measure P, if its performance at tasks T, as measured by P, improves with experience E.

Examples
*Handwriting recognition learning problem
 Task T: Recognizing and classifying handwritten words within images
e Performance P : Percent of words correctly classified
* Training experience E : A dataset of handwritten words with given classifications
*A robot driving learning problem
* Task T: Driving on highways using vision sensors
* Performance P : Average distance travelled before an error
* Training experience E : A sequence of images and steering commands recorded while observing a human driver

Definition: A computer program which learns from experience is called a machine learning program or simply a learning
program .

Copyright © 2025 Predixtions. All rights reserved.



Classification of Machine Learning

Machine learning implementations are classified into four major categories, depending on the nature of the learning “signal” or “response”
available to a learning system which are as follows:

Supervised Learning

Unsupervised learning

Reinforcement
learning

Semi-supervised
learning

Supervised learning is the machine learning task of learning a function that maps an input
to an output based on example input-output pairs. The given data is labelled.
Both classification and regression problems are supervised learning problems

Unsupervised learning is a type of machine learning algorithm used to draw inferences
from datasets consisting of input data without labelled responses. In unsupervised
learning algorithms, classification or categorization is not included in the observations

Reinforcement learning is the problem of getting an agent to act in the world so as to

maximize its rewards. A learner is not told what actions to take as in most forms of
machine learning but instead must discover which actions yield the most reward by trying
them. For example — Consider teaching a dog a new trick: we cannot tell him what to do,
what not to do, but we can reward/punish it if it does the right/wrong thing.

Where an incomplete training signal is given: a training set with some (often many) of the
target outputs missing. There is a special case of this principle known as Transduction
where the entire set of problem instances is known at learning time, except that part of
the targets are missing.

Copyright © 2025 Predixtions. All rights reserved.
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Example — Consider a classification problem regarding
patients entering a clinic . The data consists of the gender
and age of the patients and each patient is labelled as
“healthy” or “sick”.

Example- In the same data as above- without the label of
healthy, not healthy- we infer information about the
patients using their characteristics. As a kind of learning, it
resembles the methods humans use to figure out that
certain objects or events are from the same class, such as
by observing the degree of similarity between objects.
Some recommendation systems that you find on the web in
the form of marketing automation are based on this type of
learning.

Predictive text, text summarization, question answering,
and machine translation are all examples of natural
language processing (NLP) that uses reinforcement learning.
By studying typical language patterns, RL agents can mimic
and predict how people speak to each other every day

Speech recognition
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Categorizing based on required output

Another categorization of machine-learning tasks arises when one considers the desired
output of a machine-learned system:

1.Classification: When inputs are divided into two or more classes, the learner must produce
a model that assigns unseen inputs to one or more (multi-label classification) of these
classes. This is typically tackled in a supervised way. Spam filtering is an example of

classification, where the inputs are email (or other) messages and the classes are “spam” and
“not spam”.

2.Regression: Which is also a supervised problem, A case when the outputs are continuous
rather than discrete.

3.Clustering: When a set of inputs is to be divided into groups. Unlike in classification, the
groups are not known beforehand, making this typically an unsupervised task.

Copyright © 2025 Predixtions. All rights reserved.
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Natural Language Processing- Classification of Text

Natural language processing (NLP) is the discipline of building machines that can manipulate human language — or
data that resembles human language — in the way that it is written, spoken, and organized. It evolved from
computational linguistics, which uses computer science to understand the principles of language, but rather than
developing theoretical frameworks, NLP is an engineering discipline that seeks to build technology to accomplish
useful tasks.

NLP can be divided into 2 sub-categories:

1) NLU - Natural Language Understanding - focuses on semantic analysis or determining the intended
meaning of text

2) NLG — Natural Language Generation -focuses on text generation by a machine

NLP is separate from — but often used in conjunction with — speech recognition, which seeks to
parse spoken language into words, turning sound into text and vice versa.

Copyright © 2025 Predixtions. All rights reserved.
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Essential preprocessing steps before building any NLP model

*Stemming and lemmatization: Stemming is an informal process of converting words to their base forms using heuristic rules.

For example, “university,” “universities,” and “university’s” might all be mapped to the base universLemmatization is a more formal
way to find roots by analysing a word’s morphology using vocabulary from a dictionary. Stemming and lemmatization are provided
by libraries like spaCy and NLTK.

*Sentence segmentation breaks a large piece of text into linguistically meaningful sentence units. A period can be used to mark
an abbreviation as well as to terminate a sentence, and in this case, the period should be part of the abbreviation token itself.

*Stop word removal aims to remove the most commonly occurring words that don’t add much information to the text. For
example, “the,” “a,” “an,” and so on.

*Tokenization splits text into individual words and word fragments. The result generally consists of a word index and tokenized
text in which words may be represented as numerical tokens for use in various deep learning methods.

*Feature extraction: Most conventional machine-learning techniques work on the features — generally numbers that describe a
document in relation to the corpus that contains it — created by either Bag-of-Words, TF-IDF, or generic feature engineering such as
document length, word polarity, and metadata (for instance, if the text has associated tags or scores). More recent techniques
include Word2Vec, GLoVE, and learning the features during the training process of a neural network. Bag-of-Words: Bag-of-Words
counts the number of times each word or n-gram (combination of n words) appears in a document.

Copyright © 2025 Predixtions. All rights reserved.



Language related tasks performed by NLP

1) Sentiment analysis
2) Toxicity classification - scanning emails for spam
3) Machine translation- Google Translate
4) Named entity recognition - categorizing names,places..
5) Spam detection
6) Grammar correction - Grammarly
7) Topic modelling
8) Text generation - ChatGPT, Bard
1) Autocomplete
2) Bots
9) Information retrieval
10) Summarization
1) Extractive summarization - Direct answers from a text..
2) Abstractive summarization - applying context + lateral thinking
11) Question answering
1) Multiple choice questions
2) Open domain

Copyright © 2025 Predixtions. All rights reserved.
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Top Natural Language Processing (NLP) Techniques

Most of the NLP tasks discussed in the previous slide can be modelled by a dozen or so general techniques. It’s helpful to
think of these techniques in two categories: Traditional machine learning methods and deep learning methods.

Traditional Techniques Deep Learning techniques

Logistic regression Convolutional Neural networks(CNNs)
Decision tree Recurrent Neural Networks(RNNs)

Naive Bayes Auto-encoders

Latent Dirichlet allocation Encoder- Decoder sequence to sequence
Hidden Markov chain models Transformers

Copyright © 2025 Predixtions. All rights reserved.



What are neural networks?

Neural Networks (NNs) are a class of machine learning models inspired by the human brain's structure and function

1.Input Layer:
1. Theinput layer is responsible for receiving the initial data or features.
2. Each neuron in this layer represents a feature or input variable.
3.  The number of neurons in the input layer is determined by the dimensionality of the input data.
2.Hidden Layers:
1. Hidden layers are intermediate layers between the input and output layers.
2. They perform complex computations by applying weights to inputs and using activation functions.
3.  The number of hidden layers and the number of neurons in each hidden layer can vary, depending on the network architecture.
3.Weights:
1.  Each connection between neurons is associated with a weight. Weights determine the strength of the connection between neurons.
2. During training, these weights are adjusted to minimize the network's error or loss.
4.Activation Functions:
1.  Activation functions introduce non-linearity into the neural network, allowing it to learn complex relationships in the data.
2. Common activation functions include ReLU (Rectified Linear Unit), Sigmoid, Tanh (Hyperbolic Tangent), and others.
3. Each neuron typically applies an activation function to its weighted sum of inputs.
5.0utput Layer:
1. The output layer produces the result or prediction of the neural network.
2. The number of neurons in the output layer depends on the task:
1. For binary classification, there may be one neuron with a sigmoid activation function.
2. For multi-class classification, there is one neuron per class, often using softmax activation.
3. For regression tasks, there can be a single neuron or multiple neurons, depending on the nature of the output.
6.Bias Neurons:
1.  Each layer (including the input layer) often includes a bias neuron, which provides an additional input with a fixed value (usually 1).
2.  Bias neurons help the network learn better by shifting activation functions.
7.Loss Function:
1.  The loss function measures the error between the network's predictions and the actual target values.
2. During training, the goal is to minimize this loss function by adjusting the weights and biases.
8.0Optimization Algorithm:
1.  Optimization algorithms (e.g., gradient descent) are used to update the weights and biases during training, aiming to minimize the loss function.
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prediXtions

We Predict The Future.



prediXtions
Evolution 1:Convolutional Neural Networks(Mid 1980s-Early 2000s)

The idea of using a CNN to classify text was first presented in the paper “Convolutional Neural Networks
for Sentence Classification” by Yoon Kim. The central intuition is to see a document as an image.

However, instead of pixels, the input is sentences or documents represented as a matrix of words.

CONVOLUTIONAL NEURAL NETWORK-BASED TEXT CLASSIFICATION NETWORK

Filters Features Map Maxpooling

>|=>|
: Cons:

. ol [ %

sty -  Don’t understand context of words.
s > | > - 6 Classes * No understanding of relationship
coumber : 3 I C between current word and previous
S i word
fedtng > E E— g
| > E | > g
[ convolutional Layer | l Pooling Layer ] [ seftmax |

Given a sentence, a convolutional neural network uses convolutional layers to refine representations of input words,
before combining them to render a classification.
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Example of a convoluted neural network classifying text e predetTne futire

+ activation function

convolution

1-max

v \ pooling

\ 3 region sizes: (2,3,4)
Sentence matrix 2 filters for each region
7 x5 size
totally 6 filters

2 feature
maps for
each
region size

softmax function
regularization
\ in this layer

like
this
movie

very
much

vector

y

6 univariate 2 classes
vectors

concatenated

together to form a
single feature

v

The architecture is comprised of three key pieces:

1.Word Embedding: A distributed representation of words where
different words that have a similar meaning (based on their usage) also
have a similar representation.

2.Convolutional Model: A feature extraction model that learns to
extract salient features from documents represented using a word
embedding.

3.Fully Connected Model: The interpretation of extracted features in
terms of a predictive output.
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Evolution 2:Recurrent Neural Networks + Encoders/Decoders(Early 2000s- 2017)

RNNs remember previous information using hidden states and connect it to the current task. The architectures known

as Gated Recurrent Unit (GRU) and long short-term memory (LSTM) are types of RNNs designed to remember
information for an extended period.

RECURRENT NEURAL NETWORK

D

[ Combination of Dense and Dropout Layers J

Dimension of ai = size of hidden state vector h
We define h dimension as 64

Cons:

RNN
OUTPUT

BACKWARD
LAYER

* Slow and time consuming

* Large data corpuses need significant
computing power to proceed.

* LLMs cant be built

FORWARD
LAYER

WORD
EMBEDDINGS

INPUTS THE QUICK BROWN FOX

A bidirectional recurrent neural network processes the input both forward and backward to improve the representations it produces.
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Evolution 3: Transformers + Large Language models — 2017 onwards

The transformer, a model architecture first described in the 2017 paper “Attention Is All You Need”
(Vaswani, Shazeer, Parmar, et al.), forgoes recurrence and instead relies entirely on a self-attention
mechanism to draw global dependencies between input and output. Since this mechanism processes all
words at once (instead of one at a time) that decreases training speed and inference cost compared to
RNNSs, especially since it is parallelizable. The transformer architecture has revolutionized NLP in recent
years, leading to models including BLOOM, Jurassic-X, and Turing-NLG.

TRANSFORMER

Output Probababilities

Add & Norm

1 Add & Norm
~(__Add&Nom ) (Multi-Head Attention )
( FeedForward ) Ja——p

Add & Norm

i

Nx

Nx

Masked Multi-Head
Multi-Head Attention Attention
j S — 4 e T )

Positional @ D Positional
Encoding Encoding

(' Input Embedding ) ( Output Embedding )

1 1
Inputs Outputs (Shifted right)

The encoder-decoder transformer used for translation. Encoder on the left, decoder on the right.
Note that the decoder takes in its previously generated words during generation.
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Some Important Language models We Predict The Future,

1.

Eliza was developed in the mid-1960s to try to solve the Turing Test; that is, to fool people into thinking they’re
conversing with another human being rather than a machine. Eliza used pattern matching and a series of rules
without encoding the context of the language.

Tay was a chatbot that Microsoft launched in 2016. It was supposed to tweet like a teen and learn from
conversations with real users on Twitter. The bot adopted phrases from users who tweeted sexist and racist
comments, and Microsoft deactivated it not long afterward.

BERT and his Muppet friends: Many deep learning models for NLP are named after Muppet characters,

including ELMo, BERT, Big BIRD, ERNIE, Kermit, Grover, RoOBERTa, and Rosita. Most of these models are good at
providing contextual embeddings and enhanced knowledge representation.

Generative Pre-Trained Transformer 4 (GPT-4) is a 175 billion parameter model that can write original prose

with human-equivalent fluency in response to an input prompt. The model is based on the transformer
architecture. Microsoft acquired an exclusive license to access GPT-3’s underlying model from its developer OpenAl,
but other users can interact with it via an application programming interface (API).

Language Model for Dialogue Applications (LaMDA) is a conversational chatbot developed by Google. LaMDA is a
transformer-based model trained on dialogue rather than the usual web text. The system aims to provide sensible
and specific responses to conversations.

Mixture of Experts (MoE): While most deep learning models use the same set of parameters to process every
input, MoE models aim to provide different parameters for different inputs based on efficient routing algorithms to
achieve higher performance. Switch Transformer is an example of the MoE approach that aims to reduce
communication and computational costs
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Example 1- Translator using GPT-3
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lllustration- New Age LLM Application architecture P e

Query embedding

mapped to vector TELEM P—

VECTOR database embeddings. EMBEDDING C f t ETRY

DATABASE Sl S MODEL fo twbedding modal — R TN
vector database query to LLM via UI A
based on contextual

relevance

Data filter ensures
LLM isn't processing uz
unauthorized data
1 Fy

Filtered context Copy of query Output t
DATA FILTER snippets injected —_ injected into — — 1:: Eﬂd :::r —
into prompt initial prompt

PROMPT
OPTIMIZATION TOOL

.
N
Optimized prompt
sent to LLM
Outputs either CONTENT Content :la:sifier
LLM CACHE stored in or pulled LLM API CLASSIFIER ;::n;agr:f-ﬁ or LLM OUTPUT
from LM cache OR FILTER offensive content

LLM HOST

THIS DIAGRAM REPRESENTS THE ARCHITECTURE OF TODAY'S LLM APPLICATION. THE DIFFERENT COMPONENTS CAN BE ROUGHLY GROUPED INTO THREE CATEGORIES:
USER INPUT, INPUT ENRICHMENT TOOLS AND PROMPT CONSTRUCTION, AND EFFICIENT AND RESPONSIBLE AI TOOLING.
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Humans vs Al
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Human brains vs Artificial Intelligence

When Al performs better than humans?

Data Processing and Pattern Recognition:
Al excels at processing vast amounts of data quickly and
accurately, identifying patterns, and making data-driven
predictions. This is especially valuable in fields like finance,
healthcare, and logistics

Repetitive and Monotonous Tasks: Al can perform

repetitive tasks tirelessly without getting bored or making errors.

For example, in manufacturing, Al-driven robots can perform
repetitive assembly tasks more efficiently than humans.

Large-Scale Data Analysis: Al can analyse extensive
datasets to discover insights and trends that would be practically
impossible for humans to process in a reasonable time frame.
This is valuable in fields like scientific research and business
analytics.

Complex Calculations: Al can perform complex
mathematical calculations and simulations with great speed and
precision, aiding in scientific research, engineering, and financial
modelling.

When the human brain outperform Artificial

intelligence?

Creativity and Imagination: Al lacks true creativity and the
ability to generate novel ideas, art, or music with the depth of human
creativity. Human creativity is rooted in emotions, experiences, and
complex associative thinking.

Common Sense and Context Understanding: Al may
struggle to understand context and exhibit common-sense reasoning,
which humans apply effortlessly in everyday life.

Ethical and Moral Decision-Making: Al lacks human moral
and ethical judgment, making it challenging to navigate complex moral
dilemmas and nuanced ethical decisions

Emotional Intelligence: Al does not possess emotions or the
ability to understand and respond to human emotions in the same way
humans do. This is vital in roles that require empathy, like counselling or
healthcare.

Decisions with sparse data: Al does not possess the ability to

make judgemental decisions with sparse data. It works well when there
is prior context for a set action(like driving, images and so on), however
it fails for tasks like investment decisions for privately traded companies
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Al and industry..
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User location
estimation and
enhancement using
transaction data

= Combine transaction
data with external data
sources (4TB of data)

= Ability to scale
algorithm to Petabytes
of data

Deep learning based

image processing for

automated inventory

and replenishment of

shelves

= Image pre-processing
for shelf-images

= Build measurement
KPIs using deep
learning on image
processing

Al Applications extend across industries!

Predictive
maintenance in an
Industrial 10T setup

= Combining structured
(sensors) and
unstructured (logs)
data to build a
preventive
maintenance system

Natural Language
Processing to find
product sentiment
using call center
records

= Large volume and

velocity of
unstructured data

= Executing NLP at
scale

Enabling ‘Smart
Machines’ through
real-time anomaly
detection on
streaming data

= Data from 21 sensors,
with pulse every 1/10%
second

= 600 data instances per
minute

Big Data
infrastructure
roadmap
recommendation

» Created big data
strategy and execution
roadmap

= Special emphasis on
prioritization of use-
cases
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Leverage Al to
improve claim
settlements

= Created a case-study
roadmap for execution
and implementation,
using Deep Learning
systems

Surveillance system
using machine
learning in real-time

= Machine learning
algorithms to detect
anomalous behavior

= Real-time system to
find suspicious
behavior, using data
from multiple sensors
throughout the facility

prediXtions

We Predict The Future.

Time series
forecasting for
predicting sales

= Faster processing and
scalability of the
algorithms developed
for forecasting

Contracts
optimization using
large contracts
database

= Process billions of data

points to visualize the
data, most efficiently



Al in Healthcare
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Al assisted Smart hospital of the future!
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B2 CBINSIGHTS

100

Cross-industry applications

Manufacturing Warehouse Sales & contact center
4 LANDING A1 t;%;mnation e A
CsTRUMENTAL |0 o ') OBSERVE

® elementary i O THIRD WE CRESTA 8 TF B e

Customer Location

Worker safety Business

Search Cybersecurity
fe Twelve Labs

YOU .ime  cHEQ &,

Engineering IT & devops Other R&D

feedback data & incident intelligence design automation 4 sparkcogivon
2022 analysis sarsonapy  PrEvention AISLE | L. @harness L "
unit(®) ' Urbint £33 Pecan Physna ©cast p>InstaDeep
Industry-specific applications
Finance & insurance Retail Healthcare Telecom Aerospace &
Qzeni ,unit21 hazu s#Depict ) Afresh NUIO swaRD NERIN Rad Al ::f:nusl:w Al
EvolutionlQ feedzal =9 Crossing Minds t][-' 2 OWKIN € Syllable e DEEPSIG i
cervest WP tracTasLe cosmosel  avataar "> Whisper € CuraiHealth AL|IFE net () sl
Government Auto Agriculture Construction Maritime Gaming Waste Media
. zencity Wwaabi ApexAl | s =  [RON BUILT — O 99wp L W WELLSAID
autox: @erimr “ﬁm +OX CANVAS FraRmE inworld AMP U IRKEAL
Al development tools
Al chips Data annotation Synthetic data Data Data quality & observability
. GRAFPHCORE UNTETHER Al (hsama de-identification suPERCONDUCTIVE  Anomale
''''''' gretel PRIVATE[AL]
SambaNova _Znn Snorkel B moNTE CARLD
Version control & Model validation ML platforms Machine Resource Computer Natural language
experiment & monitoring O} cnyscale ::IEaTing optimization vision processing -
trackin & e ment e
N - . & LatticeFlow TROJAI # Unbox dd run: @ encorn “  Hugging Face L“o_
S herative ... ADBUST : i ABACUS.Al Q OctoML a
é‘p.chyd.qm INTELLIGEMCE © fiddler #DataRobot = l'“:l e Alllabs

Copyright © 2025 Predixtions. A

Ilrightsreserved.

prediXtions

We Predict The Future.



The deep learning tech la

ndscape!

Accﬁd & Acumos| E =552 S =555 AllenNLP &+ amdocs intel) 1} Angel X’ ow | (5N Apsche Ambe /Bahlr
----------- NET o wwc‘zoo —

APACHE K

<, soscte -
SR @ iesos ifj @ oo W8 Diithn i [Michee é @ :
Apache Nifi

Apache Dril Apache Mesos

S AT&T B-YONDD poimm  Beakerx

B.Yond Baldu » BeakerX

COMMUNITY DATA a 't

D DiDi D) druid dY / ne
Oynamic New al Network Toolt

Community Data Licens: Druid

Agreement (COLA) Nouul

Network
Toolkit

H o ¥ Horizon °' \V’

HUAWEI
kubernetes L$VY M @

€) ONNX S 0openAI €% opennn
orange

ONNX ¢ OpenAl Gym OpenNN Orange

AsienNLP Amdocs " Anatytics Zoo Angel-ML Apache Airfiow Apache he Bahir

Apache SINGA Apache Storm Apache SystemM Argo

B beam Bigli[1" Caffe & cafe2 %" ciena CNTK

Chamer

) P 4
'%DMJ e Bf Micosoft &2 fastText Mo & .
EDL ERICSSON . Flink

Elastic Deep Learning Embedded Ericsson E tastText FrOL Flink

e Gekatka kaggle [dkeras

Kubeflow

Jupyter Notebooks Kafka Kaggle Keras Kubeflow

== @xnet NnOKIA Wy NYOKA,

MLlib Mo Asnd a¥ehange SUAX)
ow MU Model Asset MXNet Nokia M NumPy Nyoka
eXchange (MAX),

¢ O PipelineAl _—==

-~ = B T
m. 4 PaddlePaddle v % = ==_=T= Pp¢megranate

® ——— 0 —

thththth m ParlAl Petastorm [
Pachyderm PaddieP addle PartAl Petastorm Pipeiine al PixieDust Pomegranete

Copyright © 2025 Predixtions. All rights reserved.

prediXtions

We Predict The Future.



prediXtions

We Predict The Future.

Al and robotics..
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Robotics and Al
charging forward

With rechnologies advancing at breakneck
speeds, robotics and artificial intelligence
are finding new applications in factories,
businesses, and homes
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Responsible Al
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A Map of Ethical and Rights-Based Approaches to Principles for Al
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‘ References International Human Rights

* Explicitly Adopts Human Rights Framework

HOW TO READ: Date, Location
Document Title
Actor

COVERAGE OF THEMES:

Higher Lower
. [ X X X
Not referenced ——
The size of each dot the

in that theme contained in the

document. Since the number of principles per theme varies, it's informative to compare dot sizes

within a theme but not between themes.
The principles within each theme are:

Privacy:

Privacy

Control over Use of Data

Consent

Privacy by Design

Recommendation for Data Protection Laws
Ability to Restrict Processing

Right to Rectification

Right to Erasure

Transparency and Explainability:
Explainability

Transparency

Open Source Data and Algorithms
Notification when Interacting with an Al

Principles for Al

W Latam

Gulding Principles on
Trusted Al Ethice

Notification when Al Makes a Decision about an Individual

Regular Reporting Requirement
Right to Information
Open Procurement (for Government)

Fairness and Non-discrimination:

Non-di and the F of Bias
Accountability: Fairness
Accountability Inclusiveness in Design
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Impact Assessment Representative and High Quality Data

Evaluation and Auditing Requirement
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Safety and Security:
Security

Safety and Reliability
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Security by Design

Equality

Human Control of Technology:
Human Control of Technology

Human Review of Automated Decision
Ability to Opt out of Automated Decision

Professional Responsibility:
Multistakeholder Collaboration
Responsible Design

Consideration of Long Term Effects
Accuracy

Scientific Integrity
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Human Values and Human Flourishing
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How do we inculcate responsibility in Al development for the future?

Regulatory and
te Net Benefit
/ Cilian Al systems must not be LSO Comphance

designed to harm or deceive peaple
and should minimise negative
Al systems must generate benefits outcomes Al systems must comply with all

for people which outweigh the costs relevant laws, regulations and
N » government cbligations

Privacy Protection

' The Eight Core v Al systems must not result in unfair
Al systems must ensure that private. - " Pri nCiples to guide " """""""""""""""""" discrimination against individuals,

data is protected and kept communities of
; : groups. They must
confidential and prevent harmful Al development be free from 'training biases’ which

data breaches may cause unfairness

Transparency &

Explainability Contestability

Accountability

People must be informed when an People and organisations Where an algorithm impacts a

::?:a"c‘tt:?t:r:e'a’r? dlﬁ::;: :l?o':?d b responsible for the creation and person there must be an efficient
G Shou Wt Taf e aten the implementation of Al algorithms / process to challenge the use or
algorithm uses to make decisions should be identifiable and OUPLECE e S

accountable for the impacts of that
algorithm, even if the impacts are
unintended

Copyright © 2025 Predixtions. All rights reserved.



prediXtions
Responsible Al in Al modelling We Predict The Future,

Fairness

i
i

Inclusiveness —\ Transparency

Accountability _/ Privacy and
Reliability security
and safety
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[ Error Analysis

Identify cohorts with high
error rate versus benchmark
and visualize how the

error rate distributes

EI'A Fairness Assessment

~  Assess model fairness by
evaluating your model
performance and predictions

across different sensitive groups.

Model
Comparison

What is the Al toolbox for responsible modelling?

Diagnose

Model Interpretability

Interpret and debug model.

I Exploratory Data Analysis

Understand dataset characteristics

Counterfactual Analysis
and What If

Generate diverse counterfactual

explanations for debugging.
Perform feature perturbations

®

Compare

Mitigate

@ﬁZUnfairness Mitigation

Mitigate fairness issues

f» Data Enhancements
Enhance your dataset and retrain

model

Backward
Compatibility
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Inform Actions

£ Causal Inference

=

=

Understand the causal impact of
your features on real-world
outcomes

Counterfactual Analysis
Generate diverse counterfactual
explanations for informing end
users
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BIAS in Al- Focus on the healthcare industry as an example We Predict The Future,
Real world patterns of health Discriminatory
inequality and discrimination data
Unequal access Discriminatory Biased clinical Sampling biases and Patterns of bias and

and resource healthcare decision World — Data lack of representative  discrimination baked
allocation processes making x datasets into data distributions
Application . Biased Al design and
e Use «— Design :
injustices deployment practices
@& H _ S, 52
= = = 'l' @ ® -
===] ol A i i1H& % %
Disregarding Exacerbating global Hazardous and Power imbalances in Biased and exclusionary Biased deployment,
and deepening health inequality and discriminatory repurposing agenda setting and design, model building explanation and system
digital divides rich-poor treatment gaps of biased Al systems problem formulation and testing practices monitoring practices
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The future of Al
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Quantum computing

We are now reaching the fifth generation of computers

RD

1GENERATION 2GENERAT|ON

GENERATION
1940-1959 1956-1964 1964-1971
VACUUM TUBES TRANSISTORS INTEGRATED
CIRCUITS
FTTTIT] ™ 5TH
ENERATION GENERATION

1971-PRESENT
TITTIY MICROPROCESSORS

PRESENT AND BEYOND
QUANTUM COMPUTERS

Why quantum computing matters

Hard Problems a

for Classical

Computing

MEDICINE & MACHINE
MATERIALS LEARNING

Easy Problems

Ll—@?

SEARCHING
BIC DATA

Quantum computing will enable us to perform some computations that would take more time than the
age of the universe to do on a classical computer

0" o
|

DESIGNING BETTER DRUGS

BIG DATA ANALYTICS

MACHINE LEARNING CRYPTOGRAPHY

The three known types of quantum computing

1 Quantum Annealer

DIFFICULTY LEVEL
(8

The quantum annealer
is least powerful and
most restrictive form of
quantum computers. It
is the easiest to build,
yet can only perform
one specific function.
The consensus of the
scientific community is
that a quantum
annealer has no known
advantages over
conventional
computing.

DIFFICULTY LEVEL

CCCH

The analog quantum
computer will be able
to simulate complex
quantum interactions
that are intractable for
any known
conventional machine,
or combinations of
these machines. It is
conjectured that the
analog quantum
computer will contain
somewhere between
50 to 100 qubits.

APPLICATION
® Optimisation

GENERALITY
¥ Restrictive

Sameas
traditional
computers

3 Universal Quantum
DIFFICULTY LEVEL

dagdagdagads Q

The universal quantum
computer is the most
powerful, the most
general, and the
hardest to build, posing
a number of difficult
technical challenges.
Current estimates
indicate that this
machine will comprise
more than 100,000
physical qubits.

APPLICATION

® Secure computing

® Machine Learning

u Cryptography

® Quantum Chemistry

® Material Science

® Optimisation Problems
® Sampling

® Quantum Dynamics

u Searching

GENERALITY
u Complete with
known speed up

Very high
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2 Analog Quantum

APPLICATION

® Quantum Chemistry

® Material Science

® Optimisation
Problems

® Sampling

® Quantum Dynamics

GENERALITY
® Partial
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Space exploration

Ubotica and
Open Cosmos sign
agreement to
deliver CogniSat-6,
the first Al centric
CubeSat mission to
include autonomous
capabilities

TICA

SEEING BEYOND

UBOTICA

CogniS\T 6
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