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LaTeX Assignment

• LaTeX Assignment (1%) [Due: 9/10]

• No late submission
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Self-Attention

2I

𝑥1

like

𝑥2

cats

𝑥3

a

𝑥4

lot

𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value



Self-Attention

3

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Attention Scores

𝑞1 ⋅ 𝑘1 𝑞1 ⋅ 𝑘2 𝑞1 ⋅ 𝑘3 𝑞1 ⋅ 𝑘4 𝑞1 ⋅ 𝑘5

I like cats a lot



Self-Attention

4

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝛼1,𝑖 = softmax
𝑞1 ⋅ 𝑘𝑖

𝑑 Vector dimension

I like cats a lot



Self-Attention

5

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝑧1 =෍

𝑖

𝛼1,𝑖𝑣𝑖Weighted Sum

I like cats a lot



Self-Attention

6

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Attention Scores

𝑞2 ⋅ 𝑘1 𝑞2 ⋅ 𝑘2 𝑞2 ⋅ 𝑘3 𝑞2 ⋅ 𝑘4 𝑞2 ⋅ 𝑘5

I like cats a lot



Self-Attention

7

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝛼2,𝑖 = softmax
𝑞2 ⋅ 𝑘𝑖

𝑑 Vector dimension

I like cats a lot



Self-Attention

8

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝑧2 =෍

𝑖

𝛼2,𝑖𝑣𝑖Weighted Sum

I like cats a lot



Self-Attention

9

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Self-Attention Output

I like cats a lot



Self-Attention – Matrix Form

10
http://jalammar.github.io/illustrated-transformer/

Word 1
Word 2

Word 1
Word 2

Word 1
Word 2

Attention 𝑄, 𝐾, 𝑉 = softmax
𝑄𝐾⊤

𝑑𝑘
𝑉



Single-Head Attention

11

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Self-Attention Output

I like cats a lot



Multi-Head Attention

12

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑗
𝑄
𝑥𝑖Query

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖Value

Multi-Attention Output

I like cats a lot

Each attention head focuses on different parts of understanding!



Multi-Head Attention – Matrix Form

13
http://jalammar.github.io/illustrated-transformer/

head𝑖 = Attention 𝑋𝑊𝑖
𝑄 , 𝑋𝑊𝑖

𝐾 , 𝑋𝑊𝑖
𝑉

Attention 𝑄, 𝐾, 𝑉 = softmax
𝑄𝐾⊤

𝑑𝑘
𝑉

MultiHead 𝑄,𝐾, 𝑉 = Concat head1, … , headℎ 𝑊𝑂



What Does Multi-Head Attention Learn?

14
http://jalammar.github.io/illustrated-transformer/



Transformer Layer

15

LayerNorm(𝑥 + Sublayer(𝑥))

Residual connection (He et al., 2016)
Layer normalization (Ba et al., 2016)



Transformer Encoder

16

…



How About Word Order?

17

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Self-Attention Output

I like cats a lot



How About Word Order?

18

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝑧1 =෍

𝑖

𝛼1,𝑖𝑣𝑖Weighted Sum

I like cats a lot



How About Word Order?

19

𝑥1 𝑥3 𝑥2 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝑧1 =෍

𝑖

𝛼1,𝑖𝑣𝑖Weighted Sum

I cats like a lot



Solution: Positional Encoding

20

𝑥𝑖 ← 𝑥𝑖 + 𝑃𝐸𝑖

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

I like cats a lot

𝑝1 𝑝2 𝑝3 𝑝4 𝑝5

+ + + + +



Solution: Positional Encoding

21

𝑥𝑖 ← 𝑥𝑖 + 𝑃𝐸𝑖

𝑥1 𝑥3 𝑥2 𝑥4 𝑥5

I cats like a lot

𝑝1 𝑝2 𝑝3 𝑝4 𝑝5

+ + + + +



Solution: Positional Encoding

• Unique encoding for each position

• Closer positions should have more similar encodings

• Distance between neighboring positions should be the same

22



Sinusoidal Positional Encoding 

23

Why this?



Sinusoidal Positional Encoding: Intuition 

24

𝑃𝐸(1)

𝑃𝐸(2)𝑃𝐸(3)

𝑃𝐸(4)

𝑃𝐸(5)

https://www.inchcalculator.com/unit-circle-calculator/



Sinusoidal Positional Encoding: Intuition 

25

𝑃𝐸(1)

𝑃𝐸(2)

𝑃𝐸(4)

𝐶𝑜𝑠𝑖𝑛𝑒 𝑃𝐸 1 , 𝑃𝐸 2 > 𝐶𝑜𝑠𝑖𝑛𝑒(𝑃𝐸 1 , 𝑃𝐸(4))

Closer positions should have more similar encodings

https://www.inchcalculator.com/unit-circle-calculator/



Sinusoidal Positional Encoding: Intuition 

26

𝑃𝐸(1)

𝑃𝐸(2)

𝑃𝐸(4)

𝑃𝐸(5)

𝐶𝑜𝑠𝑖𝑛𝑒 𝑃𝐸 1 , 𝑃𝐸 2 = 𝐶𝑜𝑠𝑖𝑛𝑒(𝑃𝐸 4 , 𝑃𝐸(5))

Distance between neighboring positions should be the same

https://www.inchcalculator.com/unit-circle-calculator/



Sinusoidal Positional Encoding

27
https://kazemnejad.com/blog/transformer_architecture_positional_encoding/



Sinusoidal Positional Encoding

28
https://kazemnejad.com/blog/transformer_architecture_positional_encoding/



Transformer with Positional Encoding
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Transformer as Token-Level Encoder 

30

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

I

𝑥1

like

𝑥2

cats

𝑥3

a

𝑥4

lot

𝑥5



Transformer as Sentence-Level Encoder 

31

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

I

𝑥1

like

𝑥2

cats

𝑥3

a

𝑥4

lot

𝑥5

Average



Transformer as Sentence-Level Encoder 

32

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<cls>

𝑥0

I

𝑥1

like

𝑥2

cats

𝑥3

a

𝑥4

lot

𝑥5



Transformer as Sentence-Level Encoder 

33

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<cls>

𝑥0

I

𝑥1

like

𝑥2

cats

𝑥3

a

𝑥4

lot

𝑥5



Transformer as Decoder?

34

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<bos>

𝑥0

I

𝑥1

like

𝑥2

cats

𝑥3

a

𝑥4

lot

𝑥5



Transformer as Decoder?

35

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<bos>

𝑥0

I

𝑥1

like

𝑥2

cats

𝑥3

a

𝑥4

lot

𝑥5
How to compute 

attention from the token 
we are going to generate?



Transformer Decoder

36

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<bos>

𝑥0



Transformer Decoder

37

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<bos>

𝑥0

I

𝑥1



Transformer Decoder

38

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<bos>

𝑥0

I

𝑥1

like

𝑥2



Transformer Decoder

39

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<bos>

𝑥0

I

𝑥1

like

𝑥2

cats

𝑥3



Transformer Decoder

40

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<bos>

𝑥0

I

𝑥1

like

𝑥2

cats

𝑥3

a

𝑥4



Transformer Decoder
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𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<bos>

𝑥0

I

𝑥1

like

𝑥2

cats

𝑥3

a

𝑥4

lot

𝑥5



Transformer Encoder vs. Transformer Decoder

42

Transformer Encoder Transformer Decoder



Transformer Encoder vs. Transformer Decoder

43

Transformer Encoder Transformer Decoder



Transformer Encoder vs. Transformer Decoder

44

Transformer Encoder Transformer Decoder



Transformer Encoder vs. Transformer Decoder

• When computing attention for one word

• Encoder: can see the words before and after this word

• Decoder: can see the words only before this word

45



Masked Attention for Transformer Encoder

46

No Masking



Masked Attention for Transformer Decoder

47

Causal Masking



Masked Attention for Transformer Decoder

48

Causal Masking



Masked Attention for Transformer Decoder

49

Causal Masking



Masked Attention for Transformer Decoder

50

Causal Masking



Masked Attention: Implementation

51

Causal Masking Causal Attention ScoresAll-Pair Attention Scores

⊗ =



Masked Attention: Implementation

52

Causal Masking Causal Attention ScoresAll-Pair Attention Scores

⊗ =

Normalize attention weights
& Weighted average value vectors



Transformer Decoder

53

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<bos>

𝑥0

I

𝑥1

like

𝑥2

cats

𝑥3

a

𝑥4

lot

𝑥5



54

How About Encoder-Decoder (Sequence-to-Sequence)?

𝑥1

ℎ0 ℎ1

𝑥2

ℎ2

𝑥3

ℎ3

𝑥4

ℎ4

𝑥5

ℎ5

𝑦1

𝑠1

𝑦2

𝑠2

𝑦3

𝑠3

𝑦4

𝑠4

𝑦5

𝑠5

𝑦6

𝑠6

Encoder
Decoder



Transformer Encoder-Decoder (Sequence-to-Sequence)

55I

𝑥1

very

𝑥2

like

𝑥3

cats

𝑥4 𝑦1

<bos> 我

𝑦2

很

𝑦3 𝑦4

喜



Transformer Encoder-Decoder (Sequence-to-Sequence)

56

Cross-Attention

Transformer Encoder Transformer Decoder



Cross-Attention

57

𝑥1 𝑥2 𝑥3 𝑥4 𝑦1 𝑦2 𝑦3 𝑦4



Cross-Attention

58

𝑥1 𝑥2 𝑥3 𝑥4 𝑦1 𝑦2 𝑦3 𝑦4



Cross-Attention
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𝑥1 𝑥2 𝑥3 𝑥4 𝑦1 𝑦2 𝑦3 𝑦4



Cross-Attention

60

𝑥1 𝑥2 𝑥3 𝑥4 𝑦1 𝑦2 𝑦3 𝑦4



Cross-Attention

61

𝑥1 𝑥2 𝑥3 𝑥4 𝑦1 𝑦2 𝑦3 𝑦4



Transformer

62

Cross-Attention



Transformer on Machine Translation

63
Attention Is All You Need, 2017



Feature
(Representation)

Text 𝑥
Classifier
(Model)

Label 𝑦

A General Framework for Text Classification

64

• Teach the model how to make prediction 𝑦

• Logistic regression, neural networks, CNN, RNN, LSTM, Transformers



Absolute Positional Encoding

65



Absolute Position

66

0 1 2 3 4 5 6 7 8 9 10 11

Position 1 Position 8

0 1 2 3 4 5 6 7 8 9 10 11

Position 1 Position 8



Relative Position

67

0 1 2 3 4 5 6 7 8 9 10 11

Position -4 Position +3

0 1 2 3 4 5 6 7 8 9 10 11

Position -5 Position +2



Why Relative Position?

• More contextual awareness

• Position -4: 4 position before this word

• Position +3: 4 position after this word

• Generalization to longer sequences

68



Relative Position

69

0 +1 +2 +3 +4 +5

-1 0 +1 +2 +3 +4

-2 -1 0 +1 +2 +3

-3 -2 -1 0 +1 +2

-4 -3 -2 -1 0 +1

-5 -4 -3 -2 -1 0

+6

+5

+4

+3

+2

+1

+7

+6

+5

+4

+3

+2

+8

+7

+6

+5

+4

+3

+9

+8

+7

+6

+5

+4

-6 -5 -4 -3 -2 -1

-7 -6 -5 -4 -3 -2

-8 -7 -6 -5 -4 -3

-9 -8 -7 -6 -5 -4

0

-1

-2

-3

+1

0

-1

-2

+2

+1

0

-1

+3

+2

+1

0

𝑟𝑖,𝑗

𝑖

𝑗



Relative Position with Clipping
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0 +1 +2 +3 +4 +5

-1 0 +1 +2 +3 +4

-2 -1 0 +1 +2 +3

-3 -2 -1 0 +1 +2

-4 -3 -2 -1 0 +1

-5 -4 -3 -2 -1 0

+6

+5

+4

+3

+2

+1

+6

+6

+5

+4

+3

+2

+6

+6

+6

+5

+4

+3

+6

+6

+6

+6

+5

+4

-6 -5 -4 -3 -2 -1

-6 -6 -5 -4 -3 -2

-6 -6 -6 -5 -4 -3

-6 -6 -6 -6 -5 -4

0

-1

-2

-3

+1

0

-1

-2

+2

+1

0

-1

+3

+2

+1

0

𝑟𝑖,𝑗

𝑖

𝑗

Limited relative 
positions



Map Relative Positions to Embeddings

71

0 +1 +2 +3 +4 +5

-1 0 +1 +2 +3 +4

-2 -1 0 +1 +2 +3

-3 -2 -1 0 +1 +2

-4 -3 -2 -1 0 +1

-5 -4 -3 -2 -1 0

+6

+5

+4

+3

+2

+1

+6

+6

+5

+4

+3

+2

+6

+6

+6

+5

+4

+3

+6

+6

+6

+6

+5

+4

-6 -5 -4 -3 -2 -1

-6 -6 -5 -4 -3 -2

-6 -6 -6 -5 -4 -3

-6 -6 -6 -6 -5 -4

0

-1

-2

-3

+1

0

-1

-2

+2

+1

0

-1

+3

+2

+1

0

𝑟𝑖,𝑗

𝑖

𝑗
+6

+5

+4

+3

+2

+1

0

-4

-5

-6

…



Self-Attention

72

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝛼1,𝑖 = softmax
𝑞1 ⋅ 𝑘𝑖

𝑑

I like cats a lot



Self-Attention
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𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝛼1,𝑖 = softmax
𝑊𝑄𝑥1 ⋅ 𝑊

𝐾𝑥𝑖

𝑑

I like cats a lot



Self-Attention with Relative Position Embeddings
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𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝛼1,𝑖 = softmax
𝑊𝑄𝑥1 ⋅ 𝑊

𝐾 𝑥𝑖 + 𝑅𝐸(𝑟1,𝑖)

𝑑

I like cats a lot



Self-Attention with Relative Position Embeddings
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𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝛼2,𝑖 = softmax
𝑊𝑄𝑥2 ⋅ 𝑊

𝐾 𝑥𝑖 + 𝑅𝐸(𝑟2,𝑖)

𝑑

I like cats a lot



Relative Positions for Machine Translation
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RoFormer

• Improved version of relative positional encoding

• Rotary Position Embedding (RoPE)

• Most advanced large language models use RoPE

77



Self-Attention with Relative Position Embeddings
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𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝛼𝑚,𝑛 = softmax
𝑊𝑄𝑥𝑚 ⋅ 𝑊𝐾 𝑥𝑛 + 𝑅𝐸(𝑟𝑚,𝑛)

𝑑

I like cats a lot



Self-Attention with RoPE (In 2D Case)
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𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝛼𝑚,𝑛 = softmax
𝑊𝑄𝑥𝑚 𝑒𝑖𝑚𝜃 ⋅ 𝑊𝐾𝑥𝑛 𝑒𝑖𝑛𝜃

𝑑

I like cats a lot



Self-Attention with RoPE (In 2D Case)
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𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝛼𝑚,𝑛 = softmax
𝑊𝑄𝑥𝑚 𝑒𝑖𝑚𝜃 ⋅ 𝑊𝐾𝑥𝑛 𝑒𝑖𝑛𝜃

𝑑

I like cats a lot

Equivalent to rotate 𝑊𝑄𝑥𝑚 with angle 𝑚𝜃



Self-Attention with RoPE (In 2D Case)
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𝛼𝑚,𝑛 = softmax
𝑊𝑄𝑥𝑚 𝑒𝑖𝑚𝜃 ⋅ 𝑊𝐾𝑥𝑛 𝑒𝑖𝑛𝜃

𝑑



General Form of RoPE

82

Similar to the idea of using different flipping frequency 
for Sinusoidal positional encoding

Different base angle 𝜃1, 𝜃2, … , 𝜃𝑑/2



RoPE Performance

83



Pre-Training

• Pre-training and fine-tuning

• First, pre-train a model on a large dataset for task X

• Them, fine-tune the same on a dataset for task Y

• If task X is somewhat related to task Y

• Good performance on task X→ It is helpful for task Y

• The objective of task X is typically self-supervised

• Word2Vec and ELMo are one kind of pre-training

• Task X: Predicting context words / Language modeling

• Task Y: Any downstream tasks

84
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Goal 
POS Tagging

Data
POS Tagging

Model
POS Tagging

Goal 
Entity Recognition

Data
Entity Recognition

Model
Entity Recognition

Goal 
Question Answering

Data
Question Answering

Model
Question Answering

Training from Scratch
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Fine-Tuning with Pre-Training

Goal 
POS Tagging

Data
POS Tagging

Model
POS Tagging

Goal 
Entity Recognition

Data
Entity Recognition

Model
Entity Recognition

Goal 
Question Answering

Data
Question Answering

Model
Question Answering

Pre-Trained 
Representations / Models

General Goal 
and Data

Pre-training

Fine-tuning



Feature
(Representation)

Text 𝑥
Classifier
(Model)

Label 𝑦

A General Framework for Text Classification

87

• Task-specific feature: N-gram features, TF-IDF 

• Task-specific classifier: Logistic Regression, CNN, RNN, Transformers

• No pre-training



Feature
(Representation)

Text 𝑥
Classifier
(Model)

Label 𝑦

A General Framework for Text Classification

88

• Pre-trained feature: Word2Vec, Glove

• Task-specific classifier: Logistic Regression, CNN, RNN, Transformers

• Pre-training on features/representations only



Feature
(Representation)

Text 𝑥
Classifier
(Model)

Label 𝑦

A General Framework for Text Classification

89

• Pre-training the whole pipeline

• Pre-trained representations + pre-trained model weights

• We only cover Transformer-based pre-training
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Types of Pre-Training

https://www.sciencedirect.com/science/article/pii/S2095809922006324



Encoder-Only: BERT

• Bidirectional Encoder Representations from Transformers (BERT)

91
BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, 2018



Encoder-Only: BERT

• Transformer architecture

• Encoder-only

• More about representations

• Bi-directional

• Pre-training corpus

• Wikipedia (2.5B tokens) + BookCorpus (0.8B tokens)

• Two self-supervised objectives

• Masked language modeling

• Next sentence prediction

92
BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, 2018



Pre-Training Task: Masked Language Modeling

93
http://jalammar.github.io/illustrated-bert/

Stacked 
Transformer Encoder

Masking Tokens

Token Reconstruction



Pre-Training Task: Masked Language Modeling

• Why is it useful?

• Learn to aggregate 
information from context

94



Pre-Training Task: Next Sentence Prediction

95
http://jalammar.github.io/illustrated-bert/

Positive example: real next sentence 
Negative example: random sentence



Pre-Training Task: Next Sentence Prediction

• Why do we need this?

96

Do we really need this (?)



Fine-Tuning: Token-Level Tasks

97

• Pre-training provides a good weight initialization

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, 2018



Fine-Tuning: Sentence-Level Tasks

98

• Pre-training provides a good weight initialization

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, 2018



Use BERT

• BERT-base

• 12 layers, hidden size = 768, 12 attention heads

• # parameters ≈ 110M

• BERT-large

• 24 layers, hidden size = 1024, 16 attention heads

• # parameters ≈ 340M

• Cased vs. Uncased

99



Amazing Performance

100



Encoder-Only: RoBERTa

101
RoBERTa: A Robustly Optimized BERT Pretraining Approach, 2019



Encoder-Only: RoBERTa

• Robustly optimized BERT approach (RoBERTa)

• BERT is still under-trained

• Improve the robustness of training BERT

102



Static Masking vs. Dynamic Masking

103

• Static masking: decide masked words during data pre-processing

• Dynamic masking: decide masked words right before feeding into models



Removing Next Sentence Prediction Task

104



True Byte-Pair Encoding (BPE)

• BERT: BPE with unicode characters

• Vocabulary size: 30K

• RoBERTa: BPE with bytes

• Vocabulary size: 50K

105



Training Details

• Trained longer 

• 10x data

• Bigger batch sizes

106



Much Better Performance Than BERT

107



Use RoBERTa

• RoBERTa-base

• 12 layers, hidden size = 768, 12 attention heads

• # parameters ≈ 110M

• RoBERTa-large

• 24 layers, hidden size = 1024, 16 attention heads

• # parameters ≈ 340M

108



Questions?

109
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