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Readings

● Attention Is All You Need

● The Illustrated Transformer

● The Annotated Transformer

● Language Modeling with Transformers and PyTorch

2

https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/1706.03762
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://nlp.seas.harvard.edu/2018/04/03/attention.html
https://nlp.seas.harvard.edu/2018/04/03/attention.html
https://pytorch.org/tutorials/beginner/transformer_tutorial.html
https://pytorch.org/tutorials/beginner/transformer_tutorial.html
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Recap - 2 Layer MLP

3

Fixed-Size Inputs
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Deep MLP

4

Fixed-Size 

Inputs
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Fixed size representations for Natural Language
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Learning NLP is fun!How to turn this

Into this [x_1, x_2, …, x_d]

(fixed length d-dimensional vector)



CSED 503: NLP and LLMsLuke Zettlemoyer

Fixed size representations for Natural Language
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Linguistic Features
Bag of words with counts

Remember Homework 1
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Fixed size representations for Natural Language
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Learning

NLP

is

fun

!

w_1

w_2

w_3

w_4

w_5

word2vec

word2vec

word2vec

word2vec

word2vec

+ [x_1, x_2, …, x_d]

Can be weighted
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Problems with Fixed-Size Representations

1. Loss of important contextual 

information

2. Order invariant

3. Often Poor Generalization 

(Especially in case of Linguistic 

Features)

4. What if the output is a sequence 

too? Think about tasks like 

machine translation, good luck 

getting the sentence back from 

the fixed representation :)
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I am fixed size too 
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Sequence Models To Rescue
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Recurrent Neural Networks - RNNs
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RNN

I

<s>

RNN RNN RNN

I want to

want to sleep

Shared 

Parameters
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Recurrent Neural Networks - RNNs
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Think of x as word-vector

For language it can be 
sequence of words, 

characters, bytes etc.

Both fixed size vectors

From CS231n slides. Lecture 8 by Fei-Fei Li, Yunzhu Li, Ruohan Gao
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Recurrent Neural Networks - RNNs
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From CS231n slides. Lecture 8 by Fei-Fei Li, Yunzhu Li, Ruohan Gao
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Recurrent Neural Networks - RNNs
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From CS231n slides. Lecture 8 by Fei-Fei Li, Yunzhu Li, Ruohan Gao



CSED 503: NLP and LLMsLuke Zettlemoyer

Multiple Ways of Stacking RNNs
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For tasks like 

classification

For tasks like 

machine translation

For tasks like 

language modeling

From The Unreasonable Effectiveness of Recurrent Neural Networks by Andrej Karpathy
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Encoder-Decoder Models

15

RNN RNN RNN RNN

I want to

RNN

<s>

RNN RNN

Je vuex

Je vuex dormir

sleep

Encoder Decoder

Ilya Sutskever, Oriol Vinyals, Quoc V. Le. 2014. Sequence to Sequence Learning with Neural Networks.

Typically Encoder and Decoder would be 

separate networks i.e. have their own separate 

weights
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0.05

Encoder-Decoder Models With Attention
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RNN RNN RNN RNN

I want to

RNN

<s>

RNN RNN

Je vuex

Je vuex dormir

sleep

Encoder Decoder

0.8 0.1 0.05

Neural Machine Translation by Jointly Learning to Align and Translate. Bahdanau et al, 2015 
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Encoder-Decoder Models With Attention
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From CS231n slides. Lecture 9 by Fei-Fei Li, Yunzhu Li, Ruohan Gao
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Encoder-Decoder Models With Attention
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From CS231n slides. Lecture 9 by Fei-Fei Li, Yunzhu Li, Ruohan Gao
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What’s wrong with RNNs?

● Long Range Dependencies

● Gradient vanishing / explosion

● Long time to converge

● Expensive computation

20
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Long Range Dependencies

21

I’m want to watch Wicked! How does the weather 

in NYC look next week?

It looks sunny with some light rain during the 

weekend.

Oh! But I don’t have a rain jacket :( Is there a 

store nearby?

There’s a marshall’s a mile away. They have the 

navy blue jacket you have been eyeing for a while!
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Long Range Dependencies

22

I’m want to watch Wicked! How does the weather 

in NYC look next week?

It looks sunny with some light rain during the 

weekend.

Oh! But I don’t have a rain jacket :( Is there a 

store nearby?

There’s a marshall’s a mile away. They have the 

navy blue jacket you have been eyeing for a while!

Ok! Looks like I can actually go! Book the tickets 

for next Wed!
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Long Range Dependencies

23

I’m want to watch Wicked! How does the weather 

in NYC look next week?

It looks sunny with some light rain during the 

weekend.

Oh! But I don’t have a rain jacket :( Is there a 

store nearby?

There’s a marshall’s a mile away. They have the 

navy blue jacket you have been eyeing for a while!

Ok! Looks like I can actually go! Book the tickets 

for next Wed!
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Gradient vanishing / explosion

24

RNN RNN RNN RNN Loss

Gradients
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Gradient vanishing / explosion

25

RNN RNN RNN RNN Loss

Gradients
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What’s wrong with RNNs?

● Long Range Dependencies

● Gradient vanishing / explosion

● Long time to converge

● Expensive computation

26
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Recurrent Neural Networks - RNNs
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From CS231n slides. Lecture 8 by Fei-Fei Li, Yunzhu Li, Ruohan Gao
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Encoder-Decoder Models

28

RNN RNN RNN RNN

I want to

RNN

<s>

RNN RNN

Je vuex

Je vuex dormir

sleep

Encoder Decoder

Ilya Sutskever, Oriol Vinyals, Quoc V. Le. 2014. Sequence to Sequence Learning with Neural Networks.

Typically Encoder and Decoder would be 

separate networks i.e. have their own separate 

weights
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0.05

Encoder-Decoder Models With Attention
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RNN RNN RNN RNN

I want to

RNN

<s>

RNN RNN

Je vuex

Je vuex dormir

sleep

Encoder Decoder

0.8 0.1 0.05

Neural Machine Translation by Jointly Learning to Align and Translate. Bahdanau et al, 2015 
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Encoder-Decoder Models With Attention

30

What if we replaced all recurrent 

connections with attention
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Attention
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Transformer Model

32

Attention is all you need (Vaswani et.al, 2017)
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Real World Impact

34
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Real World Impact

35
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0.05

Last look at RNNs

38

RNN RNN RNN RNN

I want to

RNN

<s>

RNN RNN

Je vuex

Je vuex dormir

sleep

Encoder Decoder

0.8 0.1 0.05

Neural Machine Translation by Jointly Learning to Align and Translate. Bahdanau et al, 2015 
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Self Attention

39

I want to sleep
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Self Attention - No more recurrence

41

I want to sleep
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Self Attention - No more recurrence
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I want to sleep
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Self Attention - No more recurrence

43

I want to sleep

Contextual Representations
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Self Attention for long sequences

44

I want to watch Wicked NYC ? book the tickets for next
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Self Attention

45
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Self Attention

46
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Self Attention - Word Embedding

47

I want to sleep

Embedding E

I

want

to

sleep

I

you

sleep

where
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Self Attention - Projection Layer

48

I want to sleep

Q

K

V

Query

Key

Value

Embedding E
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Self Attention - Projection Layer
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I want to sleep

Q

K

V

Query

Key

Value

Embedding E
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Self Attention - Attention Scores
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I want to sleep

Q

K

V

Query

Key

Value

Embedding E

0.6 0.05 0.1 0.25
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Self Attention 

51

I want to sleep

Q

K

V

Query Key Value

Q1

K1

K2

K3

KN

V1

V2

V3

VN

I

want

to

sleep

E

I K1 V1

K2 V2

KN VN

Q1
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Self Attention - Scaled Dot Product

52

I want to sleep

Q

K

V

(95)

(13)

(35)

(72)

Query Key Value

Q1

K1

K2

KN

V1

V2

V3

VN

K3

SDP

Scaled Dot Product
I

want

to

sleep

E

I

SDP =

Added to ensure 

that the dot-product 

has unit variance
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Scaling Prevent Saturation

53
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Self Attention - SoftMax

54

I want to sleep

Q

K

V

(95) (0.6)

(13) (0.05)

(35) (0.1)

(72) (0.25)

Query Key Value

Q1

K1

K2

KN

V1

V2

V3

VN

K3

SDP

I

want

to

sleep

E

I

score =

Score
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Self Attention - Soft (Relative) Values
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I want to sleep

Q

K

V

Query Key Value

Q1

K1

K2

KN

V1

V2

V3

VN

K3

SDP Score RelValue

I

want

to

sleep

E

I
RelValue = Score *  Value
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Self Attention - Attended Repr
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I want to sleep

Q

K

V

Query Key Value

Q1

K1

K2

KN

V1

V2

V3

VN

K3

SDP SoftMax RelValue

M1

I

want

to

sleep

E

I
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Self Attention - Attended Contextual Rep
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I want to sleep

Q

K

V

Query

Key

Value

Embedding E

0.6 0.05 0.1 0.25

M
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Self Attention - Attended Contextual Rep
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I want to sleep

K

V

Q

M

E
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All of that in a single line of linear algebra…

59
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Multi-Headed Self Attention

63

I want to sleep

K

V

Q

M1

MH

E

H (no: of heads) Different 

versions of Q,K,V 

Each different repr -> Different 

attended repr
Love me some representation power!

Representation Power Please



CSED 503: NLP and LLMsLuke Zettlemoyer

Multi-Headed Self Attention

64

I want to sleep

K

V

Q

M1

MH

Concat

E
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Multi-Headed Self Attention

65
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Multi-Headed Self Attention

66

I want to sleep

K

V

Q

M1

MH

Concat

Feed Forward Feed Forward Feed Forward Feed Forward

E

It’s Me MLP

Residual 

Connections : 

Help with 

cleaner 

gradient flows 

during back-

prop 

Representation Power Please
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FF independent for each position

67
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Multi-Headed Self Attention

68

I want to sleep

K

V

Q

M1

MH

Concat

Feed Forward Feed Forward Feed Forward Feed Forward

Multi-Headed Self 

Attention + Feed 

Forward

E
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Residuals + Layer Norm Stabilize Training

69
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Multi-Headed Self Attention

70

I want to sleep

Multi-Headed Self Attention + Feed Forward

Multi-Headed Self Attention + Feed Forward

Multi-Headed Self Attention + Feed Forward

Layer 1

Layer 2

Layer N

Representation Power Please
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Final Transformer

71
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Revisiting Self Attention

72

I want to sleep

Query (I)

Key Value

K1

K2

KN

V1

V2

V3

VN

K3

SDP SM RelValue

I

want

to

sleep

M
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Revisiting Self Attention

73

I want to sleep

Query (I)

Key Value

K1

K2

KN

V1

V2

V3

VN

K3

SDP SM RelValue

I

want

to

sleep

Sleep to I want

M
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Revisiting Self Attention

74

I want to sleep

Query (I)

Key Value

K1

K2

KN

V1

V2

V3

VN

K3

SDP SM RelValue

I

want

to

sleep

Sleep to I want

Query (I)

M
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Revisiting Self Attention
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I want to sleep

Query (I)

Key Value

K1

K2

KN

V1

V2

V3

VN

K3

SDP SM RelValue

I

want

to

sleep

Sleep to I want

Query (I)

Key Value

K1

K2

KN

K3

SDP SM RelValue

Sleep

to

I

want

VN

V3

V1

V2

M
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Revisiting Self Attention

76

I want to sleep

Query (I)

Key Value

K1

K2

KN

V1

V2

V3

VN

K3

SDP SM RelValue

I

want

to

sleep

Sleep to I want

Query (I)

Key Value

K1

K2

KN

K3

SDP SM RelValue

Sleep

to

I

want

VN

V3

V1

V2

MM



CSED 503: NLP and LLMsLuke Zettlemoyer

Revisiting Self Attention

77

I want to sleep

Query (I)

Key Value

K1

K2

KN

V1

V2

V3

VN

K3

SDP SM RelValue

I

want

to

sleep

Sleep to I want

Query (I)

Key Value

K1

K2

KN

K3

SDP SM RelValue

Sleep

to

I

want

VN

V3

V1

V2

MM

Same representation for both sentences - But positions matter!
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Positional Encoding

78

Position embeddings - each position number has an associated embedding

I want to sleep

w

p1 p2 p3 p4
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Positional Encoding

79

I want to sleep
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Learnable Positional Encoding

● Simplest type of positional 

encodings

● Initialize position encodings as 

random vectors for each position 

from 0 to MAX LENGTH

● Used in GPT-1, GPT-2, GPT-3

● CONS: Doesn’t generalize to 

sequences of length greater than 

MAX LENGTH

81
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Sinusoidal Positional Encoding

82
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Sinusoidal Positional Encoding

83

● Introduced in the original Transformers 

paper and was used in models like 

BERT

● Major promise of this embeddings 

over using learnable encodings was 

that these might lead to length 

generalization beyond maximum 

length seen during training

● Alas, that’s not the case and 

sinusoidal embeddings are usually as 

bad as learnable embeddings when it 

comes to length generalization
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Relative Position Encodings

● Both learnable and sinusoidal position 

encodings were examples of Absolute 

Position Encodings

●  i.e. positional information depends on the 

absolute position of the token

● In relative position encodings we provide 

the positional information in form of the 

relative difference between token position

● This information is added while taking the 

dot product between the query and key 

vectors

84

From Jia-Bin Huan’s Youtube Video: 

https://www.youtube.com/watch?v=SMBkImDWOyQ&t=683s



CSED 503: NLP and LLMsLuke Zettlemoyer

Rotary Positonal Encodings (RoPE)

85

From Jia-Bin Huan’s Youtube Video: 

https://www.youtube.com/watch?v=SMBkImDWOyQ&t=683s
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Rotary Positonal Encodings (RoPE)

91

From Jia-Bin Huan’s Youtube Video: 

https://www.youtube.com/watch?v=SMBkImDWOyQ&t=683s

● Generally show faster convergence than 

Absolute Position Encoding methods

● The length generalization is still not 

guaranteed!

● Unseen relative distances i.e. the ones that 

exceed the maximum sequence length 

during training remain an issue

● Neural-Tangent-Kernel (NTK) RoPE is an 

extension to RoPE that enables 

generalization to long sequences
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Different Archtectures

93
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Transformer Encoder

94

I want to sleep

Multi-Headed Self Attention + Feed Forward

Multi-Headed Self Attention + Feed Forward

Multi-Headed Self Attention + Feed Forward

Layer 1

Layer 2

Layer N

w1

p1 p2 p3 p4

w2 w3 w4

+ + + +

N-Layer 

Transformer 

Encoder
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Transformer Encoder - Decoder

95

I want to sleep

Transformer Encoder

Je

Transformer Decoder

dormir

vuex

Self-Attention

Cross-Attention

Self-Attention

<s>
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What’s so great about Transformers?

● Parallelizable computation

○ Entire sequence, All queries, all attention heads computed in parallel

○ Benefits from fast matrix multiplication on GPUs

● Rich expressive power

○ Every token connected to every other token

○ Can form long range dependencies

● Depth not proportional to seq length

○ Reduces exploding/vanishing gradient problem

○ Converges faster

96
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What’s so great about Transformers?

97

● Parallelizable computation - Entire sequence can be processed in parallel
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What’s so great about Transformers?

98

to watch Wicked NYC ? book the tickets for

● Parallelizable computation - Entire sequence can be processed in parallel

● Rich expressive power - long range dependencies
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