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Announcements + Logistics

• Project proposal feedback & grades WIP, expected early next week.

• Paper presentation schedule is out on website!

• https://docs.google.com/spreadsheets/d/10OVp0QWnyy9chi12cTJUpzZQc6Ah34cWnFKAo

0jxo-8/edit?gid=0#gid=0
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Paper Presentation Schedule

(starting Feb 18)
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Paper Presentation
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The slides of the presentation need to be shared a day before the presentation to the 

class.

Please add to the slide deck TA sent the night before, and TA will distribute before the

class in the morning.
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Recap: Transformer
Language Models & Pre-

training
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Information Bottleneck: One Solution
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Attention Mechanism

• Attention mechanisms allow the decoder to focus on 
a particular part of the source sequence at each 
time step

• Single fixed-length vector 𝐜𝑡 by taking a  
weighted sum of all the encoder hidden  states

• One per time step of the decoder!

• In general, we have a single query vector and 
multiple key vectors. 

• We want to score each query-key pair
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Seq2Seq with Attention
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Transformers: 
Self-Attention

15
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Attention in the decoder

16

The monkey ate the banana because it

k

v

q

k

v

k

v

k

v

k

v

k

v

k

v

A
tt

e
n

ti
o

n
 

D
is

tr
ib

u
ti

o
n



CSCI 662: Advanced NLP                                                                                                                             

Self-Attention

Let 𝐰1:𝑁 be a sequence of words in vocabulary 𝑉

For each 𝐰𝑖 , let 𝐱𝑖 = 𝐄𝑤𝑖
, where 𝐄 ∈ ℝ𝑑×𝑉 is an 

embedding matrix.

17

2. Compute pairwise similarities between keys and queries; normalize with softmax

1. Transform each word embedding with weight matrices 𝐐,𝐊, 𝐕, each in ℝ𝑑×𝑑

3. Compute output for each word as weighted sum of values
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Why Self-Attention?

• Self-attention allows a network to directly extract and use information from arbitrarily large 

contexts without the need to pass it through intermediate recurrent connections as in RNNs

18
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Self-Attention and Weighted Averages

• Problem: there are no element-wise 
nonlinearities in self-attention; stacking more 
self-attention layers just re-averages value 
vectors

• Solution: add a feed-forward network to post-
process each output vector.

19
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Self Attention and Future Information

• Problem: Need to ensure we don’t “look at the future” when predicting a 
sequence

• e.g. Target sentence in machine translation or generated sentence in 
language modeling

•  To use self-attention in decoders, we need to ensure we can’t peek at 
the future.

• Solution (Naïve): At every time step, we could change the set of keys and 
queries to include only past words. 

• (Inefficient!)

• Solution: To enable parallelization, we mask out attention to future words 
by setting attention scores to −∞

20
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Multi-headed attention

• What if we want to look in multiple places in the sentence at once? 

• For word 𝑖, self-attention “looks” where 𝐱𝑖
𝑇𝐐𝑇(𝐊𝐱𝑗) is high, but maybe we want to focus on 

different 𝑗 for different reasons? 

• We’ll define multiple attention “heads” through multiple 𝐐,𝐊, 𝐕 matrices

• Let 𝐐𝑙 , 𝐊𝑙, 𝐕𝑙 , each in ℝ𝑑×
𝑑

ℎ, where ℎ is the number of attention heads, and 1 ≤ 𝑙 ≤ ℎ. 

• Each attention head performs attention independently: 

• Then the outputs of all the heads are combined! 

21
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Self-Attention: Order Information?

• Not necessarily (and not typically) based on 

Recurrent Neural Nets

• No more order information!

• Since self-attention doesn’t build in order 

information, we need to encode the order of the 

sentence in our keys, queries, and values. 
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Positional Embeddings

• Maps integer inputs (for positions) to real-valued vectors

• one per position in the entire context

• Can be randomly initialized and can let all 𝐩𝑖 be learnable parameters (most common)

• Pros: 

• Flexibility: each position gets to be learned to fit the data 

• Cons: 

• Definitely can’t extrapolate to indices outside 1, … , 𝑛. 

• There will be plenty of training examples for the initial positions in our inputs and correspondingly 
fewer at the outer length limits

23
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Putting it all together:
Transformer Blocks

24
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Self-Attention Transformer Building Block

• Self-attention: 

• the basis of the method; with multiple heads

• Position representations: 

• Specify the sequence order, since self-attention is an unordered function 
of its inputs.

• Nonlinearities: 

• At the output of the self-attention block 

• Frequently implemented as a simple feedforward network. 

• Masking: 

• In order to parallelize operations while not looking at the future. 

• Keeps information about the future from “leaking” to the past.

25
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The Transformer Decoder

• The Transformer Decoder is a stack of Transformer Decoder Blocks. 

• Each Block consists of: 

• Self-attention 

• Add & Norm 

• Feed-Forward 

• Add & Norm

• Output layer is as always a softmax layer

26
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The Transformer Encoder

• The Transformer Decoder constrains to unidirectional context, 

as for language models. 

• What if we want bidirectional context, i.e. both left to right 

as well as right to left? 

• The only difference is that we remove the masking in the 

self-attention.

27
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The Transformer Encoder-Decoder

• For this kind of seq2seq format, we often use a 

Transformer Encoder-Decoder.  

• We use a normal Transformer Encoder.

• Our Transformer Decoder is modified to perform 

cross-attention to the output of the Encoder.

28
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Cross Attention 

• We saw that self -attention is when keys, queries, and values come 
from the same source.

• In the decoder, we have attention that looks more like what we saw 
last week. 

• Let 𝐡1, … , 𝐡𝑛 be output vectors from the Transformer encoder; 𝐡𝑖 ∈
ℝ𝑑

• Let 𝐳1, … , 𝐳𝑛 be input vectors from the Transformer decoder, 𝐡𝑖 ∈ ℝ𝑑

• Then keys and values are drawn from the encoder (like a memory): 

• 𝐤𝑖 = 𝐊𝐡𝑖 , 𝐯𝑖 = 𝐕𝐡𝑖

• And the queries are drawn from the decoder, 𝐪𝑖 = 𝐐𝐳𝑖 

29
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The Pre-training and 
Fine-tuning Paradigm

30
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The Pretraining / Finetuning Paradigm

• Pretraining can improve NLP applications by serving as parameter initialization.

31

Step 1: Pretrain (on language corpora)
Lots of text; learn general things!

Step 2: Finetune (on your task data)
Not many labels; adapt to the task!
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Pretraining Entire Models

• In modern NLP: 

• All (or almost all) parameters in NLP networks are 

initialized via pretraining. 

• This has been exceptionally effective at building 

strong: 

• representations of language 

• parameter initializations for strong NLP models. 

32

[This model has learned how to represent entire 
sentences through pretraining]
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Pretraining

• Not restricted to language modeling! Can be any 

task

• But most successful if the task definition is very 

general. Hence, language modeling is a great 

pretraining option

• Three options!

33
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Pretraining for three types of architectures

34

Bidirectional Context

Sequence-to-sequence

Language Models
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Pretraining for three types of architectures

35
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Pretraining Encoders: Bidirectional Context

36

Universal Studios Theme Park is located in ______________, California

I was thinking about the sequence that goes 1, 1, 2, 3, 5, 8, 13, 21, ____

‘Cause darling i'm a _______ dressed like a daydream
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Pretraining Encoders: Objective

• Encoders get bidirectional context, so we can’t do autoregressive language modeling! 

• Idea: replace some fraction of words in the input with a special [MASK] token; predict these words. 

• ℎ1, … , ℎ𝑇 = Encoder(𝑤1, … , 𝑤𝑇)

• 𝑦𝑖 ≈ 𝐴ℎ𝑖 + 𝑏 

37

• Only add loss terms from words that are “masked out.” 

• If 𝑥
˜
 is the masked version of 𝑥, we’re learning 𝑝𝜃(𝑥

˜
|𝑥). 

• Called Masked LM

• Special type of language modeling
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Masked Language 
Modeling

38
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BERT: Bidirectional Encoder Representations from Transformers

39

• 15% of the input tokens in a training sequence are sampled for learning, 
these are to be predicted by the model

• Of these

• 80% are replaced with [MASK] 

• 10% are replaced with randomly selected tokens, 

• Remaining 10% are left unchanged 

Devlin et al., 2018 proposed the “Masked LM” objective and released BERT, a Transformer, 

pretrained to:
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BERT: Bidirectional Encoder Representations from Transformers

• The pretraining input to BERT was two separate contiguous chunks of text:

40

• BERT was trained to predict whether one chunk follows the other or is randomly sampled. 

• [CLS] and [SEP] tokens

• [SEP] is used for next sentence prediction - do these sentences follow each other?

• [CLS] for text classification / connection to fine-tuning
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BERT: Training Details

• Two models were released: 

• BERT-base: 12 layers, 768-dim hidden states, 12 attention heads, 110 million 
params. 

• BERT-large: 24 layers, 1024-dim hidden states, 16 attention heads, 340 million 
params. 

• Trained on: 

• BooksCorpus (800 million words) 

• English Wikipedia (2,500 million words) 

• Pretraining is expensive and impractical on a single GPU.

• BERT was pretrained with 64 TPU chips for a total of 4 days. 

• (TPUs are special tensor operation acceleration hardware) 

• Finetuning is practical and common on a single GPU 

• “Pretrain once, finetune many times.”

41
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BERT: Contextual Embeddings

• BERT results in contextual embeddings 

• Embeddings for tokens in context, not just word type embeddings like word2vec, GloVe

• Can be used for measuring the semantic similarity of two words in context

• Useful in linguistic tasks that require precise models of word meaning

42
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BERT: Results

• BERT was massively popular and hugely versatile; finetuning BERT led to new state-of-the-art results 

on a broad range of tasks.

43

Various Text Classification tasks like sentiment classification
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BERT: Extensions

• Some generally accepted improvements to the BERT pretraining formula: 

• RoBERTa: mainly just train BERT for longer and remove next sentence prediction! 

• SpanBERT: masking contiguous spans of words makes a harder, more useful pretraining task 

• A lot of BERT variants that used the BERT formula 

• ALBERT: BERT with parameter-reduction techniques

• DistilBERT: 

• DeBERTa: Decoding-enhanced BERT with disentangled attention

• FlauBERT: BERT for French

• XLNet: Multilingual BERT

• Etc.

• BERTology: How and why BERT worked so well

44
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BERT: Overview

• [SEP]: Later work has argued this “next sentence prediction” is not necessary 

• In general, more compute, more data can improve pretraining even when 
not changing the underlying Transformer encoder

• Results in contextual embeddings 

• Key Limitation:

• Cannot be used for generation

• No pretraining encoders can be used for autoregressive generation 
very naturally

• For this, we need to have a decoder!

45
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Pretraining for three types of architectures

46

Bidirectional Context

Sequence-to-sequence

Language Models
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Pretraining for three types of architectures
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Bidirectional Context

Sequence-to-sequence

Language Models



CSCI 662: Advanced NLP                                                                                                                             

Pretraining Encoder-Decoder Models

• For encoder-decoders, we could do something like language modeling, but where a prefix of every 

input is provided to the encoder and is not predicted.

48

The encoder portion benefits from 

bidirectional context; the decoder 

portion is used to train the whole model 

through language modeling.
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T5: A Pretrained Encoder-Decoder Model

• Raffel et al., 2018 built T5, which uses as a span corruption pretraining objective

49

Replace different-length spans from the input 

with unique placeholders; decode out the spans 

that were removed!

Still uses an objective that looks like language 

modeling at the decoder side.
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T5: Task Preparation

50

T5 can be finetuned to 

answer a wide range of 

tasks, where the input and 

output are expressed as a 

sequence of tokens
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Pretraining Decoders: Generators

• More natural: pretrain decoders as language models and then use them as generators, finetuning their 

𝑝𝜃(𝑤𝑡|𝑤1:𝑡−1)

• ℎ1, … , ℎ𝑇 = Decoder(𝑤1, … , 𝑤𝑇)

• 𝑤𝑡 ≈ 𝐴ℎ𝑡−1 + 𝑏

• Where 𝐴, 𝑏 were pretrained in the language model!

51

• This is helpful in tasks where the output is a sequence 

at pretraining time! 

• Dialogue (context=dialogue history) 

• Summarization (context=document) 
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Generative Pretrained Transformer (GPT)

•  2018’s GPT was a big success in pretraining a decoder! 

• Transformer decoder with 12 layers, 117M parameters. 

• 768-dimensional hidden states, 3072-dimensional feed-forward hidden layers. 

• Byte-pair encoding with 40,000 merges 

• Trained on BooksCorpus: over 7000 unique books. 

• Contains long spans of contiguous text, for learning long-distance 
dependencies.

• The acronym “GPT” never showed up in the original paper; it could stand for 
“Generative PreTraining” or “Generative Pretrained Transformer”

52
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Adapting GPT

• Natural Language Inference: Label pairs of sentences as entailing/contradictory/neutral

53

• Radford et al., 2018 evaluate on natural language inference by formatting the input as 

a sequence of tokens for the decoder

• [START] The man is in the doorway [DELIM] The person is near the door [EXTRACT] 

• The linear classifier is applied to the representation of the [EXTRACT] token.

• Premise: The man is in the doorway 

• Hypothesis: The person is near the door 
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GPT: Results on Classification

• Outperforms Recurrent Neural Nets

54
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GPT-2

• GPT-2, a larger version (1.5B) of GPT trained on more data, was shown to produce relatively 

convincing samples of natural language.

• Moved away from classification, only generation

55
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GPT-3 and beyond

• Markedly improved generation capabilities by greatly increasing data and model scale

• Solving all tasks through generation

• Even obviating the need to fine-tune!

56
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Pretraining for three types of architectures

57

Bidirectional Context

Sequence-to-sequence

Language Models
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Tokenization in 
Transformers

58
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Word Structure and Subword Models

• So far, we have made some assumptions about a language’s vocabulary

• We assume a fixed vocabulary of tens of thousands of words, built from the training set

• All novel words seen at test time are mapped to a single UNK

59
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Word Structure in Language
• Finite vocabulary assumptions make even less sense in many languages. 

• Many languages exhibit complex morphology, or word structure. 

• The effect is: more word types, each occurring fewer times.

60

Example: Swahili verbs 

can have hundreds of 

conjugations, each 

encoding a wide variety 

of information. (Tense, 

mood, definiteness, 

negation, information 

about the object, ++)
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Subword Modeling

• Solution: look at subwords

• Subword modeling in NLP encompasses a wide range of methods for reasoning about structure 

below the word level

• Subwords may be parts of words, characters, bytes

• The dominant modern paradigm is to learn a vocabulary of parts of words (subword tokens). 

• At training and testing time, each word is split into a sequence of known subwords.

61
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Byte-pair encoding

• Byte-pair encoding is a simple, effective strategy for defining a subword vocabulary

• Adapted for word segmentation from data compression technique (Gage, 1994)

• Instead of merging frequent pairs of bytes, we merge characters or character sequences

62
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Byte-pair encoding

• Algorithm:

1. Start with a vocabulary containing only characters and an “end-of-word” symbol. 

2. Using a corpus of text, find the most common adjacent characters “a,b”; add “ab” as a subword. 

3. Replace instances of the character pair with the new subword; repeat until desired vocabulary size. 

63
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BPE in action

64
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BPE in action

65
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BPE in action

66

After 10 merges
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Byte-pair encoding

• At test time, first split words into sequences of characters, then apply the learned operations to merge the 

characters into larger, known symbols

• Originally used in NLP for machine translation; now a similar method (WordPiece) is used in pretrained models.

67
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Word structure and subword models

• Common words end up being a part of the subword vocabulary, while rarer words are split into 

(sometimes intuitive, sometimes not) components. 

• In the worst case, words are split into as many subwords as they have characters.

68
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Natural Language 
Generation

69



CSCI 662: Advanced NLP                                                                                                                             

Natural Language Generation

• Natural language understanding and natural language generation are two sides of the same 
coin

• In order to generate good language, you need to understand language

• If you understand language, you should be able to generate it (with some effort)

• NLG is the workhorse of many classic and novel applications

• AI Assistants

• Translators

• Search summarizers

70
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NLG Use Cases

71
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More Interesting NLG Uses

72
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Broad Spectrum of NLG Tasks

73

Open-ended generation: the output distribution still has high freedom. 

Non-open-ended generation: the input mostly determines the output generation.

Machine 

Translation

Less Open-Ended More Open-Ended

Summarization Task-driven 

Dialog

Chitchat 

Dialog

Story 

Generation
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Broad Spectrum of NLG Tasks

74
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Language Generation: Fundamentals

• In autoregressive text generation models, at each time step 𝑡, our model takes in a sequence of tokens as input  𝑆 =

𝑓𝜃(𝑦<𝑡) ∈ ℝ𝑉 and outputs a new token, 𝑦
̂
𝑡

• For model 𝑓𝜃(⋅) and vocabulary 𝑉, we get scores 𝑆 = 𝑓𝜃(𝑦<𝑡) ∈ ℝ𝑉
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𝑦
̂

0 𝑦
̂

1 𝑦
̂

𝑡 𝑦
̂

𝑡+1 𝑦
̂

𝑡+2

𝑦
̂

𝑡 𝑦
̂

𝑡+1𝑦
̂

𝑡−1𝑦
̂

0

…

𝑦−1 = <s>

…

𝑃(𝑤|𝑦<𝑡) =
exp(𝑆𝑤)

∑𝑣∈𝑉exp(𝑆𝑣)
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Language Generation: Training

• Trained one token at a time to maximize the probability of the next token 𝑦𝑡
∗ given preceding words 𝑦<𝑡

∗  
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𝑦0
∗ 𝑦1

∗ 𝑦𝑡
∗ 𝑦𝑡+1

∗ 𝑦𝑡+2
∗

𝑦𝑡−1
∗

…

𝑦−1
∗ = <s>

…

ℒ = − ∑
𝑡=1

𝑇

log𝑃(𝑦𝑡|𝑦<𝑡) = − ∑
𝑡=1

𝑇

log
exp(𝑆𝑦𝑡|𝑦<𝑡)

∑𝑣∈𝑉exp(𝑆𝑣|𝑦<𝑡)

• Classification task at each time step trying to predict the actual word 𝑦𝑡
∗ in the training data 

• “Teacher forcing” (reset at each time step to the ground truth)

𝑦𝑡
∗

𝑦0
∗ 𝑦𝑡+1

∗
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Teacher Forcing

• Strategy for training decoders / language models

• At each time step 𝑡 in decoding we force the system to use the gold target token from training as 

the next input 𝑥𝑡+1, rather than allowing it to rely on the (possibly erroneous) decoder output 𝑦
̂

𝑡

• Runs the risk of exposure bias!

• During training, our model’s inputs are gold context tokens from real, human-generated texts

• At generation time, our model’s inputs are previously–decoded tokens

77
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Language Generation: Inference

•  The “obvious” decoding algorithm is to greedily choose the highest probability next token 

according to the model at each time step

78

• At inference time, our decoding algorithm defines a function to select a token from this 

distribution:

𝑔 = arg𝑚𝑎𝑥

𝑦
̂

𝑡 = 𝑔(𝑃(𝑦𝑡|𝑦<𝑡))

Inference / Decoding Algorithm

𝑦
̂

𝑡 = arg𝑚𝑎𝑥
𝑤∈𝑉

(𝑃(𝑦𝑡 = 𝑤|𝑦<𝑡))
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Paper Presentation Schedule

(starting Feb 18)
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Paper Presentation Requirement

20% of the grade

Each student will complete one in-depth research paper presentation (15-17 mins 

presentation + 5-7 mins discussion) during the semester using slides, 

Each student will also serve as a designated discussion lead for two additional paper 

presentations. 
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Paper Presentation: Evaluation

81

The presentation will be assessed on the student’s ability to clearly explain (50%):

• the paper’s motivation

• technical approach

• key results

To critically evaluate its assumptions, limitations, and contributions (30%)

To situate the work within the broader LLM and NLP research landscape (20%)
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