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Lecture Overview

✦ BERT


✦ Text Generation


✦ Prompting Based Approach  

2



BERT for Classification

Bidirectional encoder representations from Transformers 


Context is the key


p(play | Elmo and Cookie Monster play a game .) 


p(play | The Broadway play premiered yesterday .) 
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BERT demonstrated strong performances on 
a wide range of NLP tasks!
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Masked Language Modeling

Mask out k% of the input words, and then predict the masked words (k=15%)


Input:    The man went to the [MASK] . He bought a [MASK] of milk .

Labels:  [MASK] = store; [MASK] = gallon. 
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Next Sentence Prediction

To learn relationship between sentences, predict whether Sentence B is actual 
sentence that proceeds Sentence A, or a random sentence 
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Input Representation

Each token is the sum of three embeddings
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Model Architecture: Transformer

Multi-headed self attention to model context


Feed-forward layers to compute non-linear 
hierarchical features


Positional embeddings to allow model to 
learn relative positioning 

Link: https://nlp.stanford.edu/seminar/details/jdevlin.pdf
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https://jalammar.github.io/illustrated-bert/ 9



Empirical Results from BERT 
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How to use BERT for Classification 

(e.g., sentiment, fact-checking, rumors)
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Pros and Cons of BERT for CSS

Strong prediction performance


Fine-tuning on top of pertained representations


Prediction and representation can be hard to interpret 


Subject to biases in these learned representations


Require computational resources 
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Resources to checkout

https://huggingface.co/docs/transformers/model_doc/bert
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Text Generation, GPT and their Friends
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Very Classical Example

“Sequence to Sequence Learning with Neural Networks” 2014
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Very Classical Example

“Sequence to Sequence Learning with Neural Networks” 2014

Encoder Decoder
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K-dimensional 
vector for the 

context

Condition on 
word generated 

so far
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The entire input is 
summarized in this 
one single vector

In a vanilla seq2seq, the decoder 
state depends just on the previous 

state and the previous output
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Training Objective

The probability of generating  given the source sentence 





Where 


y x

log p(y |x) =
m

∑
j=1

log p(yj |y<j, s)

p(yj |y<j, s) = softmax(g(hj)) and hj = f(hj−1, s))
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Training Objective

The probability of generating  given the source sentence 





Where 


As in other RNNs, we can train by minimizing the loss between what we predict 
at each time step and the truth  

y x

log p(y |x) =
m

∑
j=1

log p(yj |y<j, s)

p(yj |y<j, s) = softmax(g(hj)) and hj = f(hj−1, s))
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Problem with Vector Sentence Encoding

Bottleneck!!!

Kyunghyun Cho, Bart van Merrienboer, Dzmitry Bahdanau, Yoshua Bengio. 2014. On the Properties of Neural Machine Translation: Encoder-Decoder Approaches. Proc. SSST


Fixed sized representation degrades 
as sentence length increases
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Attention is all you need?

Attention significantly improves performance (in many applications)

Allow decoder to focus on certain parts of the source


Attention solves the bottleneck problem

Allow decoder to look directly at source; bypass bottleneck


Attention provides some interpretability

By inspecting attention distribution, we can see what the decoder was focusing on
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Alammar, J (2018). The Illustrated Transformer [Blog post]. Retrieved from https://jalammar.github.io/illustrated-transformer/
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Highlighting GPT-2 

Transformer decoder blocks only. 

Alammar, J (2018). The Illustrated Transformer [Blog post]. Retrieved from https://jalammar.github.io/illustrated-transformer/24



Utilizing GPT-2: Machine Translation

Alammar, J (2018). The Illustrated Transformer [Blog post]. Retrieved from https://jalammar.github.io/illustrated-transformer/25



Utilizing GPT-2: Summarization

Alammar, J (2018). The Illustrated Transformer [Blog post]. Retrieved from https://jalammar.github.io/illustrated-transformer/26



Grover: A State-of-the-Art Defense against Neural Fake News

Zellers, R., A. Holtzman, H. Rashkin, Y. Bisk, A. Farhadi, F. Roesner, and Y. Choi. "Grover: A State-of-the-Art Defense against Neural Fake News."
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Zellers, R., A. Holtzman, H. Rashkin, Y. Bisk, A. Farhadi, F. Roesner, and Y. Choi. "Grover: A State-of-the-Art Defense against Neural Fake News."
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Zellers, R., A. Holtzman, H. Rashkin, Y. Bisk, A. Farhadi, F. Roesner, and Y. Choi. "Grover: A State-of-the-Art Defense against Neural Fake News."

For each article, three annotators 
evaluated style, content, and the 

overall trustworthiness; 100 articles 
of each category were used. 


The results show that 
propaganda generated by 

Grover is rated more 
plausible than the original 

human-written 
propaganda
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Reflection on Neural Generation

✦ The era of neural discrimination


✦ Release of generators is critical 


✦ Additional threat models


✦ Machine-generated real news?


✦ What should platforms do?

Zellers, R., A. Holtzman, H. Rashkin, Y. Bisk, A. Farhadi, F. Roesner, and Y. Choi. "Grover: A State-of-the-Art Defense against Neural Fake News."
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How about ChatGPT? 
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Prompt-based Learning

Liu, Pengfei, Weizhe Yuan, Jinlan Fu, Zhengbao Jiang, Hiroaki Hayashi, and Graham Neubig. "Pre-train, prompt, and predict: A systematic survey of prompting methods in natural 
language processing." ACM Computing Surveys 55, no. 9 (2023): 1-35.
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Prompt Paradigm 

Prompt Addition:

Given input , transform it into prompt  through two steps: (1) define a 
template with two slots, input  and answer ; (2) fill in the input slot 


Answer Search

Search for the highest-scoring text  that maximizes the score of the LM


Answer Mapping

Go from the highest-scoring answer  to the highest-scoring output 

x x′￼

[x] [z] [x]

̂z

̂z ̂y
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Example: 

Sentiment 

Classification
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Design Considerations for Prompting

Pre-trained Model Choice


Prompt Engineering


Answer Engineering


Expanding the Paradigm


Prompt-based Training Strategies
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