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Language as Data

Corpus (Internet of Texts !!)

Books

Chapters

Paragraphs

Sentences

Words

Grammar
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One-hot Encoding

1 It uses an array of binary columns to
represent each entity by a unique bit set
to 1 while all others are 0.

2 Treats each entity as independent and
orthogonal.

3 Encoded vectors are easily interpretable.
4 Does not require any learning.
5 Increases the data dimensionality by

creating a new binary column for each
category.

6 Inefficient and sparse when dealing with
large number of categorical features.

a

aSource: [View link]
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Embedding

Embedding: reduces the dimensionality by representing each category as a dense vector of
lower dimensionality (e.g., 8, 16, 32 dimensions).

Embedding Captures semantic relationships and similarities between categories by placing
similar categories closer together in the embedding space.

Embeddings are scalable and efficient for high-cardinality features.

Embeddings are generated during training to capture the relationships between categories,
making them data-driven and context-aware.
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Word Embeddings

1 Word Embeddings encapsulates the
word meaning in different contexts.

2 PCA on the Embeddings demonstrates
how similar entities are clustered
together in the embedded space.

3 Example: GloVe and Word2Vec

a

aSource: [View link]
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Pre Tranformer Models - RNN, LSTM and GRU

Recurrent Neural Networks (RNN)

Long Short-Term Memory (LSTM)

Gated Recurrent Units (GRU)
a

aSource: [View link]
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Recurrent Neural Network

If xi is input, ht is hidden state at time t
and W−,− are connection weights,

hz = σ(Whhht−1 +Wxhxt + bh)

zt = Whzht + bz

Issues: Vanishing and Exploding Gradients as

the gradient of the error are backpropagated

in time causing it to vanish if it is ≪ 1.0 or

explode if ≫ 1.0

a

aSource: [View link]
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Long Short-Term Memory Networks (LSTM)

LSTM use gating mechanisms (input,
forget,output) to control the flow of
information through the network over a
longer period through the cell state Ct to
prevent vanishing gradient problem.

Ct transfers relevant information across
different time steps.

a

aSource: [View link]
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One2One to Many2Many Architectures

One to One: Simple, vanilla model

One to many: image-to-text conversion

Many to One: Text to Image Generation

Many to Many: Text translation
a

aSource: [View link]
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Encoder-Decoder Architecture

What if the number of inputs differs from
the number of outputs? For example,
translation from one language to another?

a

aSource: [View link]
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Sequence to Sequence Paper (2014)

Encoder: The Encoder processes each
token in the input sequence to construct
the fixed-length context vector.

Context vector: A vector encoded with all
the information in the input sequence.

Decoder: Converts context vector to
predict the target-sequence token by
token.
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Sequence to Sequence Learning

1 LSTM generates fixed length context
vector.

2 The Decoder predicts a set of tokens
that goes to a softmax function to
predict the most probable token.

3 The most probable token found is now
applied to the context vector to find the
next token.

4 Challenge: The fixed length context
vector should have the complete
information in the input sequence -
What if the information content is large?

a

aSource: [View link]
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Sequence to Sequence - Captures Context

1 The most significant feature of seq2seq
learning is that it can efficiently capture
the context and cluster context vectors
in terms of meaning.

2 Word Embeddings cluster words
depending on their possible contextual
meanings.

3 Seq2Seq Learning cluster sequences
based on their information content.
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Attention Mechanism (2015)

1 Introduced the first attention mechanism
for neural machine translation

2 No need to encode all the information in
a sequence and its context into a single
vector.

3 Instead of explicitly depending on a
single Context Vector, the model
searches for relevant parts of the
sequence to get additional information
for accurately predicting the target word.
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Attention Mechanism, the Key Concepts

1 Each annotation is created by
concatenating forward and backward
bidirectional RNN states.

2 hi contains information about the whole
input sequence with a strong focus on
the parts surrounding the i th word of the
sequence.

3 The model dynamically updates the
context vector Ci for each target word
using a weighted sum of annotations.

4 The training for both models is done
simultaneously using backpropagation.
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Attention Mechanism Challenges

The attention mechanism has efficiently
handled the problem with long sequences
and the exploding/vanishing gradient
problems.

Bottleneck Although the long sequence
problem is now addressed by the
attention mechanism, still the sequence is
submitted with time stamps X1,X2...Xt ,
which means sequentially (one after
another). This means the model is not
scalable to be trained on large amounts
of data.
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Attention Recap
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From Sequential to Parallel Processing (2017)

Attention is all you need

BERT, GPT
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Transformer AI Revolution

Transformer is a Deep Learning
Architecture using Attention Mechanism
to handle sequential data in parallel and
pay Attention to the connecting dots in
the content and context it captures.
(personal definition)
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Self Attention

-Query , q = Wq.xi

-Key , k = Wk .xi

-Value, v = Wv .xi
a

- x is word embedding of dimension [1xN]

- W is Weight Matrix of dimension [NxM]

- q,k,v are thus having dimension [1xM]

- A(qj ,K ,V ) =
∑T

i=1
e
qj .k

T
i∑

j e
qj .k

T
j
vi

- dot product gives a scalar and
multiplying by the Value vector vi gives a
[1xM] dimension vector.

aVideo Source
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Attention vs Self Attention
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Self Attention

- Since the computation can be done in
parallel, the Attention for the whole A(Q,
K, V) can be computed by treating Q as
the vector of dimension L x N where L is
the sequence Length. (Q,K , V ) → RLxM

- Resulting A will be a matrix of
dimension LxL and to prevent it from
growing too large than the gradients, we
scale it down by

√
M.

- Thus A(Q,K,V) =softmax( QKT
√

M
)V
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Multi-head Attention

- Just like multiple channels use different
kernels in CNNs to capture different
details of the image, Multiple
self-attentions with different weight
matrices capture different information
from the sequence!

- To have the same dimension for the
output from the multi-head Attention as
that of the self-attention, the dimension
of the Weight matrix is kept as M

h where
h is the number of heads and
concatenation will ensure that the
resulting dimension is LxM.
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.



Attention Values



Large Language Models
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Self-Supervised Learning (SSL)

Taking a corpus and creating labels by
masking or structure analysis of the
sequence. (QA)

It empowers the model to learn
underlying semantic features without
introducing label bias.

Generic AI: The self-supervised learning
framework is one step closer to
embedding human cognition in machines.

a

aSource: [View link]
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Self Supervised Learning - Next Sentence Prediction (NSP)

Pick two simultaneous sentences from a
document and a random sentence from
the same or a different document, say
sentence A, sentence B, and sentence C.

Ask the model the relative position of
sentence A with respect to sentence B?’
– and the model outputs either
IsNextSentence or IsNotNextSentence.
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GPT (Generative Pre-trained Transformer)

LLMs like GPT use Auto-regressive
Language Modelling

Predict the next word, having read all the
previous ones.

A mask is used on top of the full sentence
so that the attention heads can only see
what was before in the text and not what
is after. a

aThe Paper
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Large Multimodal Models (LMMs)

Process multiple data types, including
text, images, audio, and video

Generate content across different
modalities

Integrate and interpret information from
diverse sources simultaneously

a

aSource: [View link]
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https://huyenchip.com/assets/pics/multimodal/12-flamingo-chatbots.png


Self Supervised Learning - Patch Localisation

https://arxiv.org/pdf/1505.05192

a

aSource: [View link]
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https://arxiv.org/pdf/1505.05192
https://i0.wp.com/neptune.ai/wp-content/uploads/2022/10/Self-Supervised-Learning-and-Its-Applications_21.png


Contrastive Language-Image Pre-training (CLIP)

a

aCLIP paper link
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https://arxiv.org/pdf/2103.00020


Human Cognition

Rene Descartes most famous dictums:
”Cogito, Ergo Sum”.

a

aSource: [View link]
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https://cdn.thecollector.com/wp-content/uploads/2022/10/what-does-i-think-therefore-i-am-means.jpg


LLMs and Human Cognition

airis4D Jornal Link
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https://airis4d.com/Journal/airis4DJournal_3.1.html


Questions

Thank You
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