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Recap: Self-Attention

1

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



Recap: Self-Attention

2

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Normalized 
Attention Scores

𝑧1 =෍

𝑖

𝛼1,𝑖𝑣𝑖Weighted Sum

I like cats a lot



Recap: Self-Attention
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𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

𝑘𝑖 = 𝑊𝐾𝑥𝑖Key

𝑣𝑖 = 𝑊𝑉𝑥𝑖Value

Self-Attention Output

I like cats a lot



Recap: Transformer Encoder vs. Transformer Decoder

4

Transformer Encoder Transformer Decoder



Recap: Transformer Encoder vs. Transformer Decoder
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Transformer Encoder Transformer Decoder



Recap: Transformer Encoder vs. Transformer Decoder
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Transformer Encoder Transformer Decoder



Masked Attention for Transformer Encoder
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No Masking



Masked Attention for Transformer Decoder
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Causal Masking



Masked Attention for Transformer Decoder
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Causal Masking



Masked Attention for Transformer Decoder
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Causal Masking



Masked Attention for Transformer Decoder
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Causal Masking



Masked Attention: Implementation
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Causal Masking Causal Attention ScoresAll-Pair Attention Scores

⊗ =

Normalize attention weights
& Weighted average value vectors



Transformer as Token-Level Encoder 

13

𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

I

𝑥1

like

𝑥2

cats

𝑥3

a

𝑥4

lot

𝑥5



Transformer Decoder
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𝑞𝑖 = 𝑊𝑗
𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝑗
𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑗
𝑉𝑥𝑖

<bos>
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How About Encoder-Decoder (Sequence-to-Sequence)?
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Transformer Encoder-Decoder (Sequence-to-Sequence)

16I

𝑥1

very

𝑥2
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𝑥3

cats

𝑥4 𝑦1

<bos> 我

𝑦2

很

𝑦3 𝑦4

喜



Transformer Encoder-Decoder (Sequence-to-Sequence)
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Cross-Attention

Transformer Encoder Transformer Decoder



Cross-Attention
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𝑥1 𝑥2 𝑥3 𝑥4 𝑦1 𝑦2 𝑦3 𝑦4



Cross-Attention
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𝑥1 𝑥2 𝑥3 𝑥4 𝑦1 𝑦2 𝑦3 𝑦4



Cross-Attention
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𝑥1 𝑥2 𝑥3 𝑥4 𝑦1 𝑦2 𝑦3 𝑦4



Cross-Attention
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𝑥1 𝑥2 𝑥3 𝑥4 𝑦1 𝑦2 𝑦3 𝑦4



Cross-Attention
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𝑥1 𝑥2 𝑥3 𝑥4 𝑦1 𝑦2 𝑦3 𝑦4



Transformer

23

Cross-Attention



Transformer on Machine Translation

24
Attention Is All You Need, 2017



Feature
(Representation)

Text 𝑥
Classifier
(Model)

Label 𝑦

A General Framework for Text Classification

25

• Teach the model how to make prediction 𝑦

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



Absolute Positional Encoding
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Absolute Position
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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
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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

29



Relative Position
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Relative Position with Clipping
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Map Relative Positions to Embeddings
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Self-Attention

33

𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖Query

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

37



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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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



Self-Attention with RoPE (In 2D Case)

40

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   



RoPE Implementation

41



General Form of RoPE

42

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

Different base angle 𝜃1, 𝜃2, … , 𝜃𝑑/2



RoPE Similarity over Position Difference 

43



RoPE Performance

44



Static Word Embeddings

45



Static Word Embeddings

• One vector for each word type

• How about words with multiple meanings?

46



Contextualized Word Embeddings

• The embeddings of a word should be conditioned on its context

47



Contextualized Word Embeddings

48

• Chico Ruiz made a spectacular play on Alusik’s grounder …

• Olivia De Havilland signed to do a Broadway play for Garson …

• Kieffer was commended for his ability to hit in the clutch , as well as his all-
round excellent play …

• … they were actors who had been handed fat roles in a successful play …

• Concepts play an important role in all aspects of cognition …



ELMo: Embeddings from Language Models

49
Deep contextualized word representations, 2018



Recap: Continuous Bag of Words (CBOW) and Skip-Grams

50

Fixed Context Window



ELMo: Language Modeling

51
http://jalammar.github.io/illustrated-bert



ELMo: Language Modeling with Stacked LSTM

52
http://jalammar.github.io/illustrated-bert



ELMo: Bi-Directional Language Modeling

53
http://jalammar.github.io/illustrated-bert



ELMo: Contextualized Word Embeddings

54
http://jalammar.github.io/illustrated-bert



Nearest Neighbor in Embedding Space

55



ELMo Performance

56



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

57
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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

60

• 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

61

• Pre-trained feature: Word2Vec, Glove, ELMo

• 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

62

• Pre-training the whole pipeline

• Pre-trained representations + pre-trained model weights

• We only cover Transformer-based pre-training



63

Types of Pre-Training

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



Encoder-Only: BERT

• Bidirectional Encoder Representations from Transformers (BERT)

64
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

65
BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, 2018



Pre-Training Task: Masked Language Modeling

66
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

67



Pre-Training Task: Next Sentence Prediction

68
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?

69

Do we really need this (?)



Fine-Tuning: Token-Level Tasks

70

• Pre-training provides a good weight initialization



Fine-Tuning: Sentence-Level Tasks

71

• Pre-training provides a good weight initialization



BERT as General Contextualized Representations

72
https://medium.com/towards-data-science/breaking-bert-down-430461f60efb



Amazing Performance

73



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

74



Encoder-Only: RoBERTa

75
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

76



Static Masking vs. Dynamic Masking

77

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

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



Removing Next Sentence Prediction Task

78



Much Better Performance Than BERT

79



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

80
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Types of Pre-Training

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



Encoder-Decoder: BART

• Bidirectional and Auto-Regressive Transformers (BART)

82
BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension, 2020



Encoder-Decoder: BART

• Transformer Encoder-Decoder

• Pre-training for generation tasks but can be also used for representations

83



Denoising Autoencoder

84

Adding noise

Generate original input



Denoising Objective

• Token Masking

• A<mask>CD<mask>F. → ABCDEF.

• Token Deletion

• ACDF. → ABCDEF.

• Text Infilling

• A<mask>D<mask>F. → ABCDEF.

• Sentence Permutation

• FG. ABC. DE. → ABC. DE. FG.

• Document Rotation

• E. FG. ABC. D → ABC. DE. FG.

85



Denoising Autoencoder

86

Adding noise

Generate original input



Fine-Tuning: Sentence-Level Tasks

87



Fine-Tuning: Sequence-to-Sequence

88

V  W   X   Y   Z



Comparable Performance on Classification Tasks

89



Better Performance on Generation Tasks

90

Summarization

Question Answering
Translation



Use BART

• BART-base

• 6 layers for both encoder and decoder, hidden size = 768, 12 attention heads

• # parameters ≈ 139M

• BART-large

• 12 layers for both encoder and decoder, hidden size = 1024, 16 attention heads

• # parameters ≈ 406M

91



Encoder-Decoder: T5

• Text-to-Text Transfer Transformer (T5)

92
Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer, 2020



Motivation: BART

93

Different ways when considering classification and seq2seq generation



Convert Everything to Text-to-Text Tasks

94



Masked Span Reconstruction (Seq2Seq Version)

95



Multi-Task Learning

96

• Convert everything to text-to-text tasks

• Jointly fine-tune them together



Multi-Task Learning

97



Multi-Task Learning

98



Multi-Task Learning

99



Relative Position

100

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



Fine-Tuning: Text-to-Text For Everything

101



Promising Results

102



Use T5

• T5-small: 

• # parameters ≈ 60M

• T5-base: 

• # parameters ≈ 220M

• T5-large: 

• # parameters ≈ 770M

• T5-3B: # 

• parameters ≈ 3B

• T5-11B: 

• # parameters ≈ 11B
103
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Types of Pre-Training

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



Decoder-Only: GPT

• Improving Language Understanding by Generative Pre-Training, OpenAI 
2018

• Generative Pre-trained Transformer (GPT)

• Language Models are Unsupervised Multitask Learners, OpenAI 2019

• GPT-2

• Language Models are Few-Shot Learners, OpenAI 2020

• GPT-3

105



Language Modeling

106

• Next word prediction

• Trained with large corpus



Comparison: Masked Language Models

107



Comparison: Causal Language Models

108



Language Modeling

109
Prediction as a basis for skilled reading: Insights from modern language models



GPT-3: From Fine-Tuning to Few-Shot Learning

• Even larger training data, even larger model size

110



GPT-3: From Fine-Tuning to Few-Shot Learning

• Solve entirely new tasks by few-shot learning (in-context learning)

111



Use GPT

• GPT-2-small

• # parameters ≈ 117M

• GPT-2-medium

• # parameters ≈ 345M

• GPT-2-large

• # parameters ≈ 762M

• GPT-2-xl

• # parameters ≈ 1.5B

112



Large Language Models

113



Zero-Shot Prompting

114



A New Way to Use NLP Models

• Task-specific features + task-specific model

• General embeddings + task-specific model

• General embeddings + general model + task-specific fine-tuning

• General embeddings + general model + task-specific prompting

115



Prompt Engineering

• Craft inputs to guide LLMs models effectively

116
Quantifying Language Models' Sensitivity to Spurious Features in Prompt Design or: How I learned to start worrying about prompt formatting, 2023
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