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Sequence

Given an image of a ball,
can you predict where it will go next?
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Sequence

The unicorn is scotland's national animal
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Market Summary > Alphabet Inc Class A
NASDAQ: GOOGL

1,368.68 usp+29.29 (2.19%) ¢

Closed: Jan 2, 536 PM EST - Disclaimer

<

After hours 1,368.68 0.00 (0.00%)

1 day 5 days 1 month 6 months YTD 1 year 5years Max
1,380
1,360
1,240
1,320
1,300
1,280

Dec 11 Dec 19 Dec 30

Open 1,348 41 Div yield
High 1.368.68 Prev close 1.339.39
Low 1,346,489 52-wh high 1,368.68
Mkt cap 943,138 52-whk low 1,022.37

P/E ratio 29.78



Sequence

Sequence Modeling Applications

—e — —e —s — —
X
One to One Many to One One to Many Many to Many
Binary Classification Sentiment Classification Image Captioning Machine Translation

. Traw Mageibanrn
The GRIT Introduction to #Deapl o ) s
o=, definitely one of the best courses of its kind
l - (.u'no'ul)y avallable online

"Will | pass this class?" (@ ¥
Student > Pass? - “A baseball player throws a ball"




Handling Individual Time Steps
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Neurons with Recurrence
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Recurrent Neural Networks

Er liebte zu essen .

He Iloved fo eat



Recurrent Neural Networks

Recurrent Neural Networks has a short reference window

As aliens entered our planet and began to colonize earth a certain group of extraterrestrials




GRUs and LSTMs

GRU’s and LSTM's have a longer reference window than RNN's

As aliens entered our planet

-----------------------------------------------------------------------------



Text Generation and Attention
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Text Generation and Attention

Text Generation
Transformer




Text Generation and Attention

As aliens entered our plgnet and began to colonize earth certain group of extraterrestrials ...




Attention Mechanism has an infitnite reference window

1
!
As aliens entered our planet and began to colonize earth a certain group of extraterrestrials ... :
I



RNNSs vs Transformers
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RNNSs vs Transformers

Challenges with RNNs Transformer Networks

» Long range dependencies * Facilitate long range dependencies
 Gradient vanishing and explosion * No gradient vanishing and explosion
* Large # of training steps » Fewer training steps

« Recurrence prevents parallel computation ¢ No recurrence that facilitate parallel computation



Transformers Transformers
Encoder Decoder



Transformer Network

Encoder Decoder



Transformer Network
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Positional Encoding 1. Input Embedding

HHHE

Input
Embedding

A A a4 a

Hi how are you

Positional ®_ég
Encoding

Input
Embedding

T

Inputs




Embedding & - .
Positional CEJncoding 2. Positional Encoding

Positional
Encoding

Time Step 1 2 3

Positional ®_ég
Encoding

Input
Embedding

T

Inputs




E?Sll)t?ggal?gnséocilng 2. Positional Encoding
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Qutput
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Attention

* Attention in Computer Vision

— 2014: Attention used to highlight
important parts of an image that
contribute to a desired output

* Attentionin NLP
— 2015: Aligned machine translation

— 2017: Language modeling with Transformer networks



Attention
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Intuition behind Self-Attention

Attending to the most important parts of an input.
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Intuition behind Self-Attention

Attending to the most important parts of an input.

Similar to a

| 1. Identify which parts to attend to ¢ search problem’
2. Extract the features with high attention




Understanding Attention with Search

[ deep learning ] X O‘ QUC")’ (Q)
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Understanding Attention with Search

* Youlube [ deep learning ] X Q Query (Q)
GIANT SEA TURTLES * AMAZING CORAL REEF FISH - 12
HOURS of THE BEST RELAX MUSIC Key (K ,)
M g
[ MIT 6.5191 (2020): Introduction to Deep Leaming ] Ke)’ ( K7)
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Understanding Attention with Search

T [ it J X . Qucry (Q) — How similar is the
GIANT SEA TURTLES « AMAZING CORAL REEF FISH « 12 key to the query!
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|. Compute attention mask: how
similar is each key to the desired query?



Understanding Attention with Search

* Youlube [ deep learning ] Y Q QUCI'Y (Q)

How similar is the
key to the query!

[ MIT 6.5191 (2020): Introduction 1o Deep Learming ] Key (K,) —

o [

{ The Kobe aq.m Fadeaway Shot ] KC)’ ( K _;)
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Understanding Attention with Search

* YouTube { deep learning ] a Q QUC'.)’ (Q)

] Key (K,)

2. Extract values based on attention:
Return the values highest attention



Learning Self-Attention

X
Goal: identify and attend to most

He tossed the tennis ball to serve

important features in input.
—~FIEEEE

|.  Encode position information
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Position-aware encoding

Data is fed in all at once! Need to encode position information to understand order.
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Learning Self-Attention
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Learning Self-Attention
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Learning Self-Attention

Goal: identify and attend to most
important features in input.

|.  Encode position information

2. Extract query, key, value for search
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Learning Self-Attention

Goal: identify and attend to most Attention score: compute pairwise
important features in input. similarity between each query and key
|.  Encode position information How to compute similarity between two
sets of features?
2. Extract query, key, value for search 4
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[ Matmu
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Also known as the “cosine similarity”




Learning Self-Attention
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Learning Self-Attention

Goal: identify and attend to most Attention score: compute pairwise
important features in input. similarity between each query and key
|.  Encode position information How to compute similarity between two
sets of features?
2. Extract query, key, value for search o 4
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Learning Self-Attention
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Learning Self-Attention
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Self-Attention

Attention :What part of the input should we focus?

Attention Vectors
Focus

The —-)'blg red“ [0.71 0.04 0.07 o0.18]"
big —>The’red~ [0.01 084 002 0.13]

red — The blg [0.09 0.05 0.62 0.24]7
dog — The big re‘ [0.03 0.03 003 0.91]"




Learning Self-Attention

Goal: identify and attend to most
important features in input.

|.  Encode position information
Extract query, key, value for search

Compute attention weighting

. W

Extract features with high attention

Last step: self-attend to extract features
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Self-Attention
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Multi-Head Self-Attention

Attention weighting Value Output

Output of attention head | Output of attention head 2 Output of attention head 3



Multi-Head Self-Attention
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Multi-Head Self-Attention
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Residual Layer

By explicitly learning the residual mapping, the network can focus on learning the fine-grained details or
changes needed to refine the input, rather than trying to learn the complete transformation from scratch.

weight layer
F(x) lrem

weight layer

X

identity



Layer Normalization

1 Bateh with 3 SO\MPIQS

* candeal with sequences
* any batch number works
* can parallelize

Features
ature: ~

mean & .75 3.50
std_dev 223 147 2.69

Normalization across Pe,od:ure.s,

inde_pe,nden'tly for each SQmple
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Masked Self-Attention
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Masked Self-Attention
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Masked Self-Attention
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Masked Self-Attention
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Masked Self-Attention
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Encoder-Decoder Attention
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Encoder-Decoder Attention

The memory keys and values come
from the output of the encoder.

Mult-Head The queries come from the

Attention

7 77 previous decoder layer.
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Results

Table 2: The Transformer achieves better BLEU scores than previous state-of-the-art models on the
English-to-German and English-to-French newstest2014 tests at a fraction of the training cost.

Model BLEU Training Cost (FLOPs)
© EN-DE EN-FR EN-DE EN-FR

ByteNet [15] 23.75

Deep-Att + PosUnk [32] 39.2 1.0-10%°
GNMT + RL [31] 24.6 39.92 2.3-10°  1.4.10%
ConvS2S [8] 25.16  40.46 9.6-10® 1.5-10%
MoE [26] 26.03  40.56 2.0-10" 1.2-10%
Deep-Att + PosUnk Ensemble [32] 40.4 8.0 - 10%
GNMT + RL Ensemble [31] 26.30  41.16 1.8-10%°  1.1-10%!
ConvS2S Ensemble [8] 26.36  41.29 7.7-109  1.2-10%!
Transformer (base model) 27.3 38.1 3.3-1018

Transformer (big) 28.4 41.0 2.3-10%
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