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Objective of this session
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1. Explain the latest and the core concepts of AI

2. When doing that simultaneously highlight the 
important role played by powerful mathematics 
techniques



First Method of Research

Experimental 

Path Breaking Discoveries 
in the Laboratory

Even plants have life44

Jagadeesh
Chandra

 Bose



Second Method of Research

Mathematical

s

Research with 
Pen and Paper

Mmax ​≈1.4M⊙55

S. Chandrasekhar



Third Method of Research

Modeling/Numerical 
Simulation

Massively Parallel 
Supercomputers

66
Smoot and Mather , 2006 Nobel in Physics

COBE experiment



The Fourth Method of 
Research

77



The Data Science & AI

88

Alan Turing Geoffery Hinton



Mathematics is common 
amongst all forms of 

Research

99
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AI’s Biggest Data challenge
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• Data is not easily available

• Data is raw and voluminous 

• Data requires management

Can Statistics help in Exploratory 
Data Analysis(EDA) ? In Feature 

Engineering ?

"Data is the new oil" 
  British mathematician Clive Humby



AI’s LLM Disruption
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• Large Language Models  

The training process of AI models involves optimization, where 
calculus is used to minimize the loss function. Algorithms like 

gradient descent use derivatives to determine the direction and 
optimal step in updating model weights. 



AI’s Biggest Challenge

13

• Due to Chat GPT, Gemini kind of LLM application 
computer time has become very very expensive

• It has even created the problem of cooling water 
shortage

Can clever mathematics 
computation reduce the workload ?



Supervised Learning
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AI



Unsupervised Learning

Dataset

Clustering
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AI



INFERENCE

Important AI Steps 



Mathematical Foundations of AI
Core mathematical disciplines driving AI

Mathematical Foundation What It Enables in AI Example

Linear Algebra Represent & transform data Vectors, Matrices, Tensors

Probability & Statistics Handle uncertainty & learn from data Prediction, Bayesian Models

Calculus Optimize & improve models Gradient Descent

Optimization Find the best model parameters Loss Minimization

Information Theory Measure information & uncertainty Entropy, Cross-Entropy
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Matrix Algorithms

• PCA (Principal Component Analysis) 
• SVD, (Singular Value Decomposition)
• matrix factorization for recommender systems[2]
• dimensionality reduction techniques
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Calculus

• Calculus, particularly derivatives and integrals, is at the core of deep learning. The 
training process of AI models involves optimization, where calculus is used to 
minimize the loss function. Algorithms like gradient descent use derivatives to 
determine the direction and optimal step in updating model weights. For instance, 
artificial neural networks use calculus to calculate gradients during 
backpropagation, allowing the model to iteratively learn from data.
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Probability and statistics

• Probability and statistics are used to handle uncertainty in data and AI models. Probability 
helps in predicting the most likely outcomes, while statistics is used to make inferences from 
existing data.

• In natural language processing (NLP), probabilistic models like Naive Bayes are used for tasks 
such as text classification. Statistics is also used to evaluate AI model performance and ensure 
that the results are statistically significant.
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Loan_ID Age Income (₹) Employment 

(yrs)

Credit 

Score

Loan Amount 

(₹)

Loan Term 

(yrs)

Existing 

Loans

DTI 

(%)

Previous 

Default

Loan 

Approved

L001 28 6,00,000 3 685 8,00,000 5 1 32 No Yes

L002 45 12,00,000 18 780 15,00,000 7 0 21 No Yes

L003 31 4,50,000 5 620 10,00,000 5 2 48 Yes No

L004 52 18,00,000 25 810 20,00,000 10 1 18 No Yes

L005 36 7,50,000 8 650 12,00,000 7 3 42 No No

L006 29 9,00,000 4 720 10,00,000 5 0 25 No Yes

Sample Bank Loan Processing — Structured Data
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Data sources
• IoT configurations, 

where sensors or 
devices collect 
raw data 

• Open source Data 
repositories

• ImageNet
• CIFAR
• MNIST
• COCO is a large-scale 

object detection, 
segmentation, and 
captioning dataset. 
COCO has several 
features
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More data higher performance

Source: Prof. Andrew Ng
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Module 1.1: High-Dimensional Linear Algebra & 
Vector Spaces 

• Core Concept: Data as geometric points in high-dimensional vector 
spaces ℝ𝑑.

• Mathematical Depth :
• Linear Transformations & Matrix Operators: How neural network layers 

represent affine transformations 𝑓 𝑥 = 𝑊𝑥 + 𝑏.

• Spectral Decomposition & SVD: Low-rank approximations, Principal 
Component Analysis (PCA), and feature compression using Singular Value 
Decomposition:

• 𝐴 = 𝑈Σ𝑉𝑇

• Manifold Hypothesis: High-dimensional real-world data concentrates near 
lower-dimensional sub-manifolds embedded within ℝ𝑑.
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Matrix Sparsity

• Core Concept: sparsity

• Mathematical Depth :
• Linear Transformations & Matrix Operators: How neural network layers 

represent affine transformations 𝑓 𝑥 = 𝑊𝑥 + 𝑏.

• The fine-grained structured sparsity, can accelerate inference workloads by 
processing only non-zero values in matrix multiplication, potentially 
doubling compute throughput compared to dense matrix multiplication.

• Tencent's Machine Learning Platform department achieved 1.3-1.8x 
acceleration in offline services by combining structured sparsity with 
quantization techniques, and sparse-QAT (quantization-aware training) can 
be used to further optimize models by combining sparsity with 
quantization and knowledge distillation.
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SpMM
• Sparse-matrix dense-matrix multiplication (SpMM) is a linear algebra operation and a building 

block for more complex algorithms such as finding the solutions of linear systems. SpMM is also 
an important kernel used in AI. In the specific context of deep learning, sparsity is one of the 
leading approaches for increasing training and inference performance as well as reducing the 
model sizes while maintaining the accuracy.
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Multivariate Calculus & Automatic 
Differentiation 

• Core Concept: How models compute update direction via gradient 
vectors and tensor operations.

• Mathematical Depth :
• Jacobian Matrices: Role of the Jacobian 𝐽in backpropagation

• Chain Rule: Differential geometry perspective on nested function 

compositions 𝑓𝑛 𝑓𝑛−1 …𝑓1 𝑥 .

• Reverse-Mode Automatic Differentiation: How modern frameworks (like 
MATLAB's dlgradient) evaluate exact derivatives in 𝒪 1 time relative to 
output scalar loss, avoiding numerical finite-difference errors.
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Mathematical Optimization & Loss Landscapes 

• Core Concept: Navigating complex loss surfaces to find global or near-
optimal parameter settings.

• Mathematical Depth :
• Convex vs. Non-Convex Optimization: Why deep learning works despite 

losing global convexity guarantees.

• First-Order Optimization Variants: Gradient Descent update step with 
momentum and adaptive learning rates (e.g., Adam, RMSprop):

• 𝜃𝑡+1 = 𝜃𝑡 − 𝜂 ⋅
𝑚𝑡

𝑣𝑡+𝜖
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SVD_Demo.ipynb

https://drive.google.com/file/d/1o2WwaqN4R7XSeH7dGF2CWW_QxeBpfKvK/view?usp=sharing
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https://drive.google.com/file/d/1o2WwaqN4R7XSeH7dGF2CWW_QxeBpfKvK/view?usp=sharing
https://drive.google.com/file/d/1o2WwaqN4R7XSeH7dGF2CWW_QxeBpfKvK/view?usp=sharing


The rate at which 𝜎𝑘 → 0
measures intrinsic dimensionality; 

steep exponential decay implies high 
data compressibility along a lower-

dimensional sub-manifold.

34



Matrix Sparsity

• Core Concept: sparsity

• Mathematical Depth :
• Linear Transformations & Matrix Operators: How neural network layers 

represent affine transformations 𝑓 𝑥 = 𝑊𝑥 + 𝑏.

• The fine-grained structured sparsity, can accelerate inference workloads by 
processing only non-zero values in matrix multiplication, potentially 
doubling compute throughput compared to dense matrix multiplication.

• Tencent's Machine Learning Platform department achieved 1.3-1.8x 
acceleration in offline services by combining structured sparsity with 
quantization techniques, and sparse-QAT (quantization-aware training) can 
be used to further optimize models by combining sparsity with 
quantization and knowledge distillation.
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SpMM
• Sparse-matrix dense-matrix multiplication (SpMM) is a linear algebra operation and a building 

block for more complex algorithms such as finding the solutions of linear systems. SpMM is also 
an important kernel used in AI. In the specific context of deep learning, sparsity is one of the 
leading approaches for increasing training and inference performance as well as reducing the 
model sizes while maintaining the accuracy.
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Module 4: Probability, Statistics & Information 
Theory 
• Core Concept: Quantifying model uncertainty, information transfer, 

and maximum likelihood.

• Mathematical Depth:
• Maximum Likelihood Estimation (MLE) & MAP: Formulating loss functions 

(e.g., MSE, Cross-Entropy) from Gaussian and Bernoulli log-likelihoods.

• Information Measures: Entropy 

• 𝐻 𝑃 ℒ𝐶𝐸 = −σ𝑥𝑃 𝑥 log𝑄 𝑥

37



Computer 
Vision tasks
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"Machine Vision Fundamentals, How to Make 
Robots See". NASA Tech Briefs 

Magazine. 35 (6)

Acquiring, processing, analyzing
and understanding digital 

images,

Image/video using models 
constructed with the aid of geometry, 

physics and statistics



Fused multiply-add(FMA)
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• Multiply-add operation

• Computes the product of two numbers and adds 
that product to an accumulator

• a  a + ( b x c)



How a GPU works

How a TPU works

https://cloud.google.com/tpu/docs/intro-to-tpu
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Building Blocks Neurons - combine Neurons 
into Neural Network(NN)

Input, processing and output together is also known as Perceptron

CAT

Example: Does the passengers Biometrics identity 
matches? which is a binary classification (Yes it 

matches 1 or  No it doesn’t match 0 )

NN is Deep Learning

41



Typical AI workload pattern

Three things are happening here

1. First, each input is multiplied by a weight:

• x1 → x1 * w1

• x2 → x2 * w2  

2. all weighted inputs are added together with a bias b:

• (x1 * w1) + (x2 * w2) + b

3. Finally, the sum is passed through an activation function:

• y = S (x1 * w1 + x2 * w2 + b)

• The activation function is used to turn an unbounded input into an output that has a nice, 

predictable form. A commonly used activation function is the sigmoid function:

42
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https://en.wikipedia.org/wiki/Sigmoid_function


The Neural Networks(NN) from Scratch

Male     = 0

Female = 1
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Minimize Loss - Mean Squared Error (MSE)
• First quantify how “good” it’s doing so that it can try to do “better”. 

• We’ll use the mean squared error (MSE) Loss:

Where, 

• n is the number of samples, which is 44 (Alice, Bob, Charlie, Diana).

• y represents the variable being predicted, which is Gender.

• y true is the true value of the variable (the “correct answer”). 

• For example, y true for Alice would be 11 (Female).

• y pred is the predicted value of the variable. It’s whatever our network outputs.

• (ytrue​−ypred​)** 2 is known as the squared error. 

• Our loss function is simply taking the average over all squared errors . 

Better predictions = Lower loss.

Training a network = trying to minimize its loss.
44



Neurons – the building block
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ReLU, Tanh, and GELU
More powerful activation functions
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Neural Network Architecture
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Combining Neurons into Neural Network(NN)

This network has 2 inputs, a hidden layer with 2 neurons 
(h1​ and h2​), and an output layer with 1 neuron (o1​). Notice 

that the inputs for o1​ are the outputs from h1​ and h2​ - that’s 
what makes this a network.

Forward propagation

Back propagation
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Loss function – Measuring performance
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Back propagation – computing gradients
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Training – Stochastic Gradient Descent(SGD)
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AI Intelligence = Mathematics + Data + 
Computation

The Core Idea
Data → Mathematical Representation → Learning → Prediction

Example: Neural Network
Input (X) → Weights (W) → Σ(WX) + b → Activation → Prediction (ŷ)

Key Takeaway
AI does not “think” magically — it learns patterns by applying mathematical 
operations to data.
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Linear algebra

• Linear algebra is the backbone of AI, especially in machine learning. Data is typically represented in 
the form of matrices and vectors, which allow for manipulation and analysis of data on a large 
scale. Operations like matrix multiplication are used in artificial neural networks to compute the 
output of each layer. For example, in image analysis, image pixels are represented as matrices, and 
matrix transformations are used to detect patterns. Additionally, methods such as Singular Value 
Decomposition (SVD) are used in data compression and recommendation systems.
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Evolution of AI Architectures

Sequential Processing

Designed for text, time-series, and audio. Processes data 

step-by-step while maintaining an internal memory state.

Unified Self-Attention

Replaces recurrence and convolutions with global self-attention 

mechanisms across sequence tokens or image patches.

RNNs & LSTMs

Sequential Bottleneck: Cannot train efficiently in parallel 

across GPUs.

Vanishing Gradients: Struggles with long-range context 

across long documents.

Status: Largely replaced by Transformers in modern NLP.

Transformers

Parallel Scaling: Trains efficiently across massive GPU clusters.

Language (LLMs): Powers GPT-4, LLaMA, and Claude.

Vision (ViT): Divides images into visual patches for state-of-the-

art vision tasks.
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How Large Language Models (LLMs) Work
A step-by-step breakdown from user prompt to generated text response

Tokenization
WORDS TO NUMBERS

Splits prompt into small word pieces 

("tokens") and converts each into a unique 

numerical ID numbers.

Embeddings
MAPPING MEANING

Maps numbers into high-dimensional space 

where words with similar meanings sit close 

together.

Self-Attention
CONNECTING CONTEXT

Weighs relationships between words to 

resolve ambiguities (e.g., matching "it" to the 

right subject).

Next-Word Prediction
PROBABILITY LOOP

Calculates statistical odds for every possible 

next word, picks the best one, and repeats 

the loop.

INPUT MAPPING

"The cat sat"

➔ [464, 3797, 3374]

VECTOR RELATIONSHIP

King - Man + Woman

= "Queen"

CONTEXT LINKAGE

"The animal crossed because it was tired."

('it' ➔ 'animal')

PROBABILITY ODDS

"mat"85%

"rug"10%

The Core Concept: Ultra-Advanced Predictive Text
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Evolution of AI Architectures

Spatial Grid Processing

Designed for 2D/3D images and video. Uses sliding filters 

to extract local hierarchical visual features.

Unified Self-Attention

Replaces recurrence and convolutions with global self-attention 

mechanisms across sequence tokens or image patches.

CNNs

Spatial Inductive Bias: Highly effective at detecting 

edges, textures, and shapes.

High Efficiency: Low memory footprint; ideal for mobile 

& edge devices.

Status: Widely used today, alongside Vision 

Transformers (ViT).

Transformers

Parallel Scaling: Trains efficiently across massive GPU clusters.

Language (LLMs): Powers GPT-4, LLaMA, and Claude.

Vision (ViT): Divides images into visual patches for state-of-the-

art vision tasks.
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Face Model

• A theoretical face Model
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Difference between Face detection and Face 
Recognition
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Face_Recognition_Demo

cd 'D:\EDGE AI\DAY2\opencv-course-master\opencv-course-master\Section #3 - Faces’

python face_detect.py
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The Role of Mathematics in Object Detection
From pixels and data → mathematical representation → prediction

OBJECT

DETECTION 

DATASET

Images • Labels • Bounding Boxes

LINEAR ALGEBRA

Pixels → Vectors / Tensors

CONVOLUTION

Kernels → Visual Features

PROBABILITY

P(class) → What is it?

GEOMETRY

Bounding Box + IoU → Where is it?

1  DATA BECOMES NUMBERS

Bounding box = (x, y, w, h)

2  MATHEMATICS TURNS DATA INTO LEARNING

LINEAR ALGEBRA

Image ∈ ℝᴴ×ᵂ×ᶜ

Matrix / tensor operations

CONVOLUTION

Y(i,j)=ΣX·K

Extract visual features

PROBABILITY

P(class | image)

“What object is it?”

GEOMETRY

IoU = Intersection / Union

“How well is it located?”

OPTIMIZATION

Loss → Gradient → Update

“How does it improve?”

DEEP LEARNING

Features → Prediction

YOLO / R-CNN / SSD

MATHEMATICS  =  REPRESENT  •  DETECT  •  COMPARE  •  OPTIMIZE  •  PREDICT
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Computer 
Vision tasks

66

"Machine Vision Fundamentals, How to Make 
Robots See". NASA Tech Briefs 

Magazine. 35 (6)

Acquiring, processing, analyzing
and understanding digital 

images,

Image/video using models 
constructed with the aid of geometry, 

physics and statistics
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AI based

early pest warning system



Large agricultural projects in India 

depend on manual counting of 

pests and pose challenges with 

identifying pests accurately and 

offering guidance to the  farmers 
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Key Takeaway

• AI offers many research innovation possibilities for 
the student of mathematics

• Promising mathematics areas with research 
potential are

• Optimization

• Data compression

• Performance enhancement

• New algorithms 
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