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Types of Pre-Training

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



Pre-Training Task: Masked Language Modeling

2
http://jalammar.github.io/illustrated-bert/

Stacked 
Transformer Encoder

Masking Tokens

Token Reconstruction
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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)

4
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
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Denoising Autoencoder

6

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.
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Denoising Autoencoder

8

Adding noise

Generate original input



Fine-Tuning: Sentence-Level Tasks
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Fine-Tuning: Sequence-to-Sequence
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V  W   X   Y   Z



Comparable Performance on Classification Tasks

11



Better Performance on Generation Tasks
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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
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Encoder-Decoder: T5

• Text-to-Text Transfer Transformer (T5)

14
Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer, 2020



Motivation: BART
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Different ways when considering classification and seq2seq generation



Convert Everything to Text-to-Text Tasks
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Masked Span Reconstruction (Seq2Seq Version)
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Multi-Task Learning
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• Convert everything to text-to-text tasks

• Jointly fine-tune them together



Multi-Task Learning
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Multi-Task Learning
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Multi-Task Learning

21



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



Fine-Tuning: Text-to-Text For Everything
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Promising Results
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Use T5

• T5-small: 

• # parameters ≈ 60M

• T5-base: 

• # parameters ≈ 220M

• T5-large: 

• # parameters ≈ 770M

• T5-3B: # 

• parameters ≈ 3B

• T5-11B: 

• # parameters ≈ 11B

25
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Types of Pre-Training

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



Language Modeling
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• Next word prediction

• Trained with large corpus



Decoder-Only: Generative Pre-trained Transformer (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

28



GPT-3

• Even larger training data, even larger model size
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From Text Representations to Text Generation
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• BERT provides a good weight initialization (text representations) for fine-
tuning classification tasks



From Text Representations to Text Generation
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• BART provides a good weight initialization (text representations) for fine-
tuning classification tasks



From Text Representations to Text Generation
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V  W   X   Y   Z

• BART also provides a good weight initialization for fine-tuning generation 
tasks



From Text Representations to Text Generation

• T5 provides a good weight initialization for fine-tuning both classification 
and generation tasks via generation framework
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From Text Representations to Text Generation

• GPT provides a good weight initialization for fine-tuning both classification 
and generation tasks via generation framework
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Encoder-Decoder vs. Decoder Only
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Large Language Models

36
A Survey of Large Language Models, 2023



Scaling Is The Key

37
Emergent Abilities of Large Language Models, 2022



Zero-Shot Prompting

• Prompt → Completion

• Continue writing
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This place is incredible! The lobster is the best I've ever 
had. The sentiment of the above sentence is

Prompt

positive.

Completion



Zero-Shot Prompting

• Prompt → Completion

• Continue writing

39

Stephen Curry’s clutch barrage seals another Olympic 
gold for USA. The topic of the above sentence is

Prompt

sport.

Completion



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
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Zero-Shot Prompting
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Any Issues?



Zero-Shot Prompting

• Prompt → Completion

• Continue writing

42

Translate English to French:
cheese

Prompt

is tasty

Completion



Few-Shot Prompting / In-Context Learning

43
Language Models are Few-Shot Learners, 2020

Few-Shot Examples
In-context Learning Examples

Demonstration Examples
Demonstrations



Few-Shot Prompting / In-Context Learning
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http://ai.stanford.edu/blog/in-context-learning/



Few-Shot Prompting / In-Context Learning

45
Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?, 2022



Few-Shot Prompting / In-Context Learning

46
Language Models are Few-Shot Learners, 2020



Many-Shot In-Context Learning

47
Many-Shot In-Context Learning, 2024



• Still an open research problem

What Makes In-Context Learning Work?

48
https://ai.stanford.edu/blog/understanding-incontext/ Understanding Emergent In-Context Learning from a Kernel Regression Perspective,2025



• Still an open research problem

What Makes In-Context Learning Work?

49
Transformers learn in-context by gradient descent, 2022



Chain-of-Thought (CoT) Prompting

• Provide reasoning chain improves performance

50
Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, 2022



Chain-of-Thought (CoT) Prompting

51
Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, 2022



What Makes Chain-of-Thought Work?

• Explicit reasoning steps

• Models can think

• Knowledge expansion

• Model can retrieve and use internal knowledge

• Possibility to refine answers

• Model can do self-correction
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Zero-Shot Chain-of-Thought Prompting
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Large Language Models are Zero-Shot Reasoners, 2022



Zero-Shot Chain-of-Thought Prompting
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Large Language Models are Zero-Shot Reasoners, 2022



Tree-of-Thoughts
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Tree of Thoughts: Deliberate Problem Solving with Large Language Models, 2023



Graph-of-Thoughts
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Graph of Thoughts: Solving Elaborate Problems with Large Language Models, 2023



Model Reasoning is The Key
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How to encourage model to generate 
better reasoning chain?



Reasoning Models

58
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning, 2025

https://developers.openai.com/api/docs/models/compare



Text Similarity
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Document Clustering

60
https://medium.com/@danielafrimi/text-clustering-using-nlp-techniques-c2e6b08b6e95



Information Retrieval

61
https://www.google.com/



Recommendation Systems

62
https://www.amazon.com/



Semantic Quality Control

• Paraphrase generation

• Style transfer

• Plagiarism detection

• …

63

We will go hiking if tomorrow is a sunny day.

If it is sunny tomorrow, we will go hiking.



In-Context Example Selection
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Language Models are Few-Shot Learners, 2020

In-context learning examples
Demonstration examples



Semantic Textual Similarity Benchmark
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A soccer player is kicking the soccer 
ball into the goal from a long way 

down the field.

A soccer player kicks the ball into 
the goal.

3.25

Earlier this month, RIM had said it 
expected to report second-quarter 

earnings of between 7 cents and 11 
cents a share.

Excluding legal fees and other 
charges it expected a loss of 

between 1 and 4 cents a share.

1.2

David Beckham Announces 
Retirement From Soccer.

David Beckham retires from 
football.

4.4

… … …

3.94

0.5

3.8

…



Pearson’s Correlation Coefficient

66
https://statistics.laerd.com/statistical-guides/pearson-correlation-coefficient-statistical-guide.php



Spearman’s Correlation Coefficient

• Pearson’s correlation coefficient on rank

• Score

• Human: [1.2, 3.4, 2.5, 0.7, 4.0]

• Machine: [0.5, 3.3, 1.0, 1.2, 3.4]

• Rank

• Human: [4, 2, 3, 5, 1]

• Machine: [5, 2, 4, 3, 1]

• Assesses monotonic relationships

• whether linear or not

67
https://en.wikipedia.org/wiki/Spearman%27s_rank_correlation_coefficient



A Simple Approach: Text Encoder + Cosine Similarity

68

𝐸1 = Encoder(𝑆1)

𝐸2 = Encoder(𝑆2)
Similarity 𝑆1, 𝑆2 =

𝐸1 ⋅ 𝐸2

𝐸1 𝐸2

Unfortunately, the performance is bad (why?)



A Simple Approach: Text Encoder + Cosine Similarity

69

Pre-trained BERT embeddings are more 
about lexical information

Good classification performance ≠ Good similarity

We will go hiking if tomorrow is a sunny day.

If it is sunny tomorrow, we will go hiking.

Let’s go to hike once tomorrow is sunny.



Sentence-BERT

• Consider SNLI dataset

• Stanford Natural Language Inference

70

A boy is jumping on skateboard in 
the middle of a red bridge.

The boy skates down the sidewalk. Contradiction

A boy is jumping on skateboard in 
the middle of a red bridge.

The boy is wearing safety equipment. Neutral

A boy is jumping on skateboard in 
the middle of a red bridge.

The boy does a skateboarding trick. Entailment



Sentence-BERT
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Contradiction Neutral Entailment

Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks



Sentence-BERT
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Contradiction Neutral Entailment

Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks

Cross Entropy Loss

Triplet Loss



Sentence-BERT
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We will go hiking if tomorrow is a sunny day.

If it is sunny tomorrow, we will go hiking.

Let’s go to hike once tomorrow is sunny.



Sentence-BERT: Performance
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SentenceTransformers

• https://sbert.net/

75

https://sbert.net/
https://sbert.net/


SimCSE

• Simple Contrastive Learning of Sentence Embeddings 

76

Contrastive Loss



SimCSE: Supervised Contrastive Learning
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Sentence 1A Sentence 1B

Sentence 2A Sentence 2B

Sentence 3A Sentence 3B

Sentence 4A Sentence 4B

Sentence 5A Sentence 5B

Contrastive Loss

Positive

Negative

Negative

Negative

Negative



SimCSE: Supervised Contrastive Learning
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Sentence 1A Sentence 1B

Sentence 2A Sentence 2B

Sentence 3A Sentence 3B

Sentence 4A Sentence 4B

Sentence 5A Sentence 5B

Contrastive Loss

Positive



SimCSE: Supervised Contrastive Learning
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Sentence 1A Sentence 1B

Sentence 2A Sentence 2B

Sentence 3A Sentence 3B

Sentence 4A Sentence 4B

Sentence 5A Sentence 5B

Contrastive Loss

Positive

Negative

Negative

Negative

Negative



SimCSE: Supervised Contrastive Learning
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Sentence 1A Sentence 1B

Sentence 2A Sentence 2B

Sentence 3A Sentence 3B

Sentence 4A Sentence 4B

Sentence 5A Sentence 5B

Contrastive LossPositive

Negative

Negative

Negative

Negative



SimCSE: Supervised Contrastive Learning
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Sentence 1A Sentence 1B

Sentence 2A Sentence 2B

Sentence 3A Sentence 3B

Sentence 4A Sentence 4B

Sentence 5A Sentence 5B

Contrastive LossPositive



SimCSE: Supervised Contrastive Learning
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Sentence 1A Sentence 1B

Sentence 2A Sentence 2B

Sentence 3A Sentence 3B

Sentence 4A Sentence 4B

Sentence 5A Sentence 5B

Contrastive LossPositive

Negative

Negative

Negative

Negative



SimCSE: Supervised Contrastive Learning
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We will go hiking if tomorrow is a sunny day.

If it is sunny tomorrow, we will go hiking.

Let’s go to hike once tomorrow is sunny.

I like to study large language models.



SimCSE: Performance

84



Supervised Data

• Consider SNLI dataset

• Stanford Natural Language Inference

85

A boy is jumping on skateboard in 
the middle of a red bridge.

The boy skates down the sidewalk. Contradiction

A boy is jumping on skateboard in 
the middle of a red bridge.

The boy is wearing safety equipment. Neutral

A boy is jumping on skateboard in 
the middle of a red bridge.

The boy does a skateboarding trick. Entailment

What if we don’t have supervised data?



SimCSE: Unsupervised Contrastive Learning

86

Sentence 1

Sentence 2

Sentence 3

Sentence 4

Sentence 5

Contrastive Loss

Sentence 1’ Positive

Negative

Negative

Negative

Negative

If it is sunny tomorrow, we will go hiking. If [mask] is sunny tomorrow, we [mask] go hiking.

Generate positive example with masking



Dropout

87

Generate positive example with neuron masking

Dropout: A Simple Way to Prevent Neural Networks from Overfitting



SimCSE: Unsupervised Contrastive Learning

88

Sentence 1

Sentence 2

Sentence 3

Sentence 4

Sentence 5

Contrastive Loss

Sentence 1’ Positive



SimCSE: Unsupervised Contrastive Learning
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Sentence 1

Sentence 2

Sentence 3

Sentence 4

Sentence 5

Contrastive Loss

Sentence 1’ Positive

Negative

Negative

Negative

Negative



SimCSE: Unsupervised Contrastive Learning
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Sentence 1

Sentence 2

Sentence 3

Sentence 4

Sentence 5

Contrastive LossSentence 2’ Positive



SimCSE: Unsupervised Contrastive Learning
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Sentence 1

Sentence 2

Sentence 3

Sentence 4

Sentence 5

Contrastive LossSentence 2’ Positive

Negative

Negative

Negative

Negative



SimCSE: Performance
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Questions?

93
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   E 1 = Encoder (  S 1 )


   E 2 = Encoder (  S 2 )


  Similarity  (   S 1 ,  S 2 ) =    E 1 ⋅  E 2   ‖   E 1 ‖  ‖   E 2 ‖

