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Learning Objective

= Understand the self-attention mechanism and how it enables models to focus on relevant parts of
input sequences

= Explore the architecture of Transformer models, including encoders, decoders, multi-head
attention, cross attention

= Compare the advantages of Transformer over RNNSs, particularly regarding parallel processing and
long-range dependencies

= Examine transformer-based models like BERT and GPT, and understand how self-supervised pre-
training enables these models to learn from massive datasets
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Motivating Example

= Sentence completion: When she tried to print her tickets, she found that the printer was out of
toner. She went to the stationery store to buy more toner. It was very overpriced. After installing the
toner into the printer, she finally printed her ___

= To learn from this training example, the RNN needs to model the dependency between “tickets” on
the 7th step and the target word “tickets” at the end

= Vanilla RNN: Vanishing gradient problem

= LSTM: The design of three gates (input, forget, and output gates) to keep both long-term and short-
term memories

= Transformer: Input the entire sequence; the model learns where to pay attention to
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Multi-layer Self-attention
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Attention is all you need Se If'atte nt| on

A Vaswani, N Shazeer, N Parmar... - Advances in neural ..., 2017 - proceedings.neurips.cc

... We implement this inside of scaled dot-product attention by masking out (setting to —«) ...

... to attend to all positions in the decoder up to and including that position. We need to prevent
¥ Save U9 Cite Cited by 169396 Related articles All 73 versions 99 T T T
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Self-attention
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Can be either input or a hidden layer
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Find the relevant vectors in a sequence
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Self-attention
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Self-attention
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Self-attention parallel
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Can be either input or a hidden layer
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Self-attention
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Self-attention
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Self-attention

AI

Attention Matrix
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Multi-head Self-attention
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Multi-head Self-attention
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Different types of relevance

Multi-head Self-attention
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Positional Encoding

= No position information
In self-attention.

= Each position has a
unique positional vector
ol

= hand-crafted

= learned from data

Mki i

Lt 1

et + a

* STEVENS INSTITUTE of TECHNOLOGY

Each column represents a
positional vector e*

T ——

23



Applications of Self-attention

Transformer BERT

https://arxiv.org/abs/1706.03762 https://arxiv.org/abs/1810.04805

Widely used in Natural Langue Processing (NLP)!
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SEIf'aﬁenﬁﬂn VS. RNN Recurrent Neural Network (RNN)
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Transformer
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Sequence-to-sequence (Seg2seq)

= Seqg2seq: Input a sequence, output a sequence
- The output length is determined by model, and can vary from the input

= Examples of seq2seq
- Speech recognition: The input is audio signal, and the output is the transcript of the audio
- Machine translation: The input and output are text in different languages
- Large language models (Chatbot): Question answering
- Sentiment analysis: The input is text and the output is a number indicating sentiment

qguestion, context answer

= Transformer is a sequence-to-sequence model built on self attention
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Encoder

Transformer’s Encoder

You can use any RNN as — . .
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| use the same network
architecture as
transformer encoder.
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Decoder - Autoregressive distribution

\
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Decoder - Autoregressive
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ignore the input from the encoder here ©
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Self-attention =—» Masked Self-attention
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Self-attention =% Masked Self-attention

Why masked? Consider how does decoder work

* STEVENS INSTITUTE of TECHNOLOGY
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Transformer - Cross Attention

Information transformation from encoder
to decoder

* STEVENS INSTITUTE of TECHNOLOGY
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Cross
attention
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Teacher Forcing: using the ground truth as input.
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Bidirectional Encoder Representations from Transformers
(BERT)

* STEVENS INSTITUTE of TECHNOLOGY
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TV Show “Sesame Street” R ERNIE (Enhanced Representation
r through Knowledge Integration)

: Transformers for

Longer Sequences
‘&iii“~.-~ (Fidirectional

ncoder Fepresentations
from 'ransformers)

ELMo
(Embeddings from
Language Models)
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The models have become
larger and larger ...
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Self-supervised Learning

Self-

Supervised supervised
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Yann LeCun oo
2019453058 - @

| now call it "self-supervised learning”, because "unsupervised" is both
a loaded and confusing term.

In self-supervised learning, the system learns to predict part of its input
from other parts of it input. In other words a portion of the input is used
as a supervisory signal to a predictor fed with the remaining portion of

the input.
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Next Sentence Prediction

* This approach is not helpful.

: Robustly optimized BERT approach
—> Yes/No (ROBERTa) https://arxiv.org/abs/1907.11692
T * SOP: Sentence order prediction
D Used in ALBERT

https://arxiv.org/abs/1909.11942

Pt t 1

[CLS] w;  w, [SEP] w3 w; Ws

Sentence 1 Sentence 2
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Fine-tune

Model for
Task 1

Downstream Tasks
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Self-supervised
Learning

Pre-train

BERT

Model for Model for
Task 2 Task 3

For example, sentiment analysis

* Masked token prediction
* Next sentence prediction
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Sentiment Analysis using BERT

class
! ~
Linear ">B§n.dc.)m .
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Input: sequence
output: class

Example:
Sentiment analysis

positive

>_ This is the model
to be learned.

this is good :
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Why does BERT Work?

= BERT can be used as embedding

= Compared with embeddings models like Word2Vec,
BERT considers context

- “Apple launches the new iPad.”
- “My favorite fruit is Apple.”

= Recall how Word2Vec is trained

- Continuous Bag of Words is similar to the self—
supervised learning in BERT

* STEVENS INSTITUTE of TECHNOLOGY

Represent the

embedding  meaning of “machine”
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I enjoy machine learning
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I eat an apple every morning for
breakfast.

The apple tree in the garden is full of red
fruits. :

An apple a day keeps the doctor away.

She sliced the apple into small pieces for
the salad.

This apple tastes sweet and juicy.

: Apple is known for its innovation.
I bought my first Apple laptop last year.

: Apple released the latest version of i0S
: yesterday.

: Many people love Apple’s user-friendly
: interface.

: Apple s headquarters is located in
§ Q@\”Efr@rné%'rum of TECHNOLOGY

Cosine Similarities of BERT Embeddings
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Generative Pre-trained Transformer (GPT)
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Generative Pre-trained Transformer (GPT)

GPT-3
e 1 TASHT ATEA16
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Training GPT: Next Token Prediction Wi

Machine Learning In Finance Tram'hg O!ata.: Mac,r,“ne
Learning in Finance
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Linear
Transform

<BOS> Machine Learning in from w; he
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Pretraining: Scaling Unsupervised Learning on the Internet

= Key recipes for successful
pretraining

- A scalable model - Transformer

- Massive training data — The
Internet & Self-supervised

learning o LLJ
- Compute - GPUs

Data

- 4 / Images

Speech /‘IW\}

_ Structured
. Data

3D Signals “
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Scaling Laws

Larger models require fewer samples
to reach the same performance

Test Loss 10

10° Params

107 109 101
Tokens Processed

The optimal model size grows smoothly
with the loss target and compute budget

Line color indicates
number of parameters

103 106 108

Compute-efficient
training stops far
short of convergence

T

10% 106 10 100
Compute (PF-days)

poF] Scaling laws for neural language models
J Kaplan, S McCandlish, T Henighan, TB Brown... - arXiv preprint arXiv ..., 2020 - arxiv.org

... We study empirical scaling laws for language model performance on the cross-entropy
loss. The loss scales as a power-law with model size, dataset size, and the amount of compute ...

Y5 Save 99 Cite Cited by 3066 Related articles All 8 versions 99
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Discriminative vs Generative Al

Discriminative vs Generative Al

Data

TT

Label

._

Input

Unstructured
content
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Discriminative

Predictive ML model

Learns relationship
between data and label

Generative

GenAl Model

Learns patterns in
unstructured content

Output

Output
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