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(Some slides adapted from Chris Manning, Karthik Narasimhan, and Vivian Chen)
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Natural Language Processing Basics
Long Short-Term Memory (LSTM) for generation

Attention mechanism

Transformers



Recap: Convolutional Neural Network (CNN)
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Recap: Recurrent Neural Network (RNN)
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Recap: Long Short-Term Memory (LSTM)
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LSTM for Classification
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LSTM for Sequential Tagging
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LSTM for Generation
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Sequence-to Sequence (Seqg2Seq)
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LSTM for Generation

LSTM Decoder
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LSTM for Generation

Classification over the whole vocabulary
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LSTM for Generation

Classification over the whole vocabulary End-of-Sentence Token
I like cats a lot <eos>
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LSTM for Generation

- Seq2Seq tasks are everywhere

English - detected « Pl

hello world

o ¢

Document

French «

Summary

X Bonjour le monde

O 0
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I I

o

The first recorded travels by Europeans to China and back date from this time.
The most famous traveler of the period was the Venetian Marco Polo, whose
account of his trip to "Cambaluc," the capital of the Great Khan, and of life there
astounded the people of Europe. The account of his travels, Il milione (or, The
Million, known in English as the Travels of Marco Polo), appeared about the year
1299. Some argue over the accuracy of Marco Polo's accounts due to the lack of
mentioning the Great Wall of China, tea houses, which would have been a
prominent sight since Europeans had yet to adopt a tea culture, as well the
practice of foot binding by the women in capital of the Great Khan. Some
suggest that Marco Polo acquired much of his knowledge through contact with
Persian traders since many of the places he named were in Persian.

How did some suspect that Polo learned about
China instead of by actually visiting it?

Answer: through contact with Persian traders
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Natural Language Processing Basics
Long Short-Term Memory (LSTM) for generation

Attention mechanism

Transformers

13



LSTM: Bottleneck

- Asingle vector needs to capture all the information about source sentence
- Longer sequences can still lead to vanishing gradients
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LSTM: Focus on A Particular Part When Decoding

- Each token classification requires different part of information from source

sentence
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Attention

- Attention provides a solution to the bottleneck problem

- Key idea: At each time step during decoding, focus on a particular part of
source sentence
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LSTM with Attention
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LSTM with Attention
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LSTM with Attention
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Different Types of Attention

Dot-Product Attention
Multiplicative Attention

Additive Attention

UT tanh(Wlhl- + WZS]')
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Visualization of Attention

I=
O %.!
=
e %8s _ 3 . A
v S5 N ©
E
v 2 meogm‘: o O =
c D E = I o
= =
 ©@ 0O W w < 2= h £ <« \'
0

zone
économique
européenne
a

été

signé

en

ao(t

1992

<end>




Lecture Plan

Natural Language Processing Basics
Long Short-Term Memory (LSTM) for generation

Attention mechanism

Transformers
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Issues with LSTM

- Longer sequences can lead to vanishing gradients =2 It is hard to capture
long-distance information

Lack parallelizability
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Transformers

. Attention Is All You Need, 2017
« 130K+ citations

Attention Is All You Need

Ashish Vaswani* Noam Shazeer* Niki Parmar* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones* Aidan N. Gomez* Fukasz Kaiser”
Google Research University of Toronto Google Brain
1llion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* #
illia.polosukhin@gmail.com
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Transformers for Seg2Seq

Output

Probabilities
- Transformer encoder = a stack of encoder layers
Linear
- Transformer decoder = a stack of decoder layers (™
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Transformer Layer: Self-Attention
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Transformer Layer: Self-Attention
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Transformer Layer: Self-Attention

q1 ki
Vd Vector dimension

ay; = softmax(
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Transformer Layer: Self-Attention

Weighted Sum

Normalized
Attention Scores
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Transformer Layer: Self-Attention
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Transformer Layer: Self-Attention

Normalized
Attention Scores
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Transformer Layer: Self-Attention

Weighted Sum

Normalized
Attention Scores
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Transformer Layer: Self-Attention

Weighted Sum [OO OO
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Transformer Layer

Weighted Sum

Query g, = MGQxi
Key k; = Wiji

— vV
Value v = W' x;

. Multi-Head Attention
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Transformer Layer: Nonlinearity

Feed-Forward

Weighted Sum

Query g, = W.%,;
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Transformer Encoder

« Transformer encoder = a stack of
encoder layers

How about word order?

Feed-Forward

Weighted Sum
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Positional Encoding

x; < x; + PE;

Qe

PE(py5.2i) = sin(pos/ 100002/ dnodet ) —

Dimension

PE(pos,2i+1) — COS(pOS/l[]O[](]zi/dmode_z)

Index in the sequence

Positional Encoding

Index S
SQC‘MEV\CQ O“F EOL(QV\, MO\&T‘LX NLHA d.=4, n=100
e i=0 i=0 =1 i=1
Poo=sin(0) Po1=cos(0) Po2=sin(0) Pos=cos(0)
I — 0 — -9 =1 =0 =1

N P1io=sin(1/1) | P11=cos(1/1) @ P12=sin(1/10) Pi3=cos(1/10)

am — 1 =0.84 = 0.54 = 0.10 = 1.0
. — 5 P2o=sin(2/1) = P21=cos(2/1) | P22=sin(2/10) P23=cos(2/10)

= 0.91 = -0.42 = 0.20 = 0.98

5 — P3o=sin(3/1) | P31=cos(3/1) P32=sin(3/10) Pa33=cos(3/10)

Robot —» = 0.14 = -0.99 = 0.30 = 0.96

Positional Encoding Matrix for the sequence ‘I am a robot’



Transformer Decoder
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Transformer Decoder
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Transformer Decoder
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Next Lecture

Natural Language Processing Basics
Transformers

Contextualized Representations

Pre-Training
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