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Instructor: Xiang Ren
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Fall 2026

Some slides adapted from Dan Jurafsky and Chris Manning



Announcements

• HW2 will be released on Friday.

• Tue 10/20: Project midterm presentation

• 10/27: Project midterm report due!
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Quiz 3 Stats

219 Attended, 28 

absent



Mid-term Presentation Rubric

The project midterm presentation (2min presentation with 2 slides + 1min FAQ) will be given by your 

team in class and graded on clarity, novelty, and presentation quality (by instructor and TA). 
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Mid-term Presentation Rubric

The grading rubric that you will follow for peer evaluations (via Google Form on the day of the class) 

and the instructors will follow as well will be:

(1 point) Clarity: How clearly did the team articulate their central problem statement?

1/1: The problem is explicit and well-motivated. The team explains inputs/outputs of the central 

task.

0.5/1: The topic is clear but the problem statement itself is too vague or high-level.

0/1: There is no identifiable problem statement:

(1 point) Novelty: How clearly did the team situate their project idea in comparison to prior work?

1/1: The team names specific prior work and articulates how their project goes beyond.

0.5/1: Prior work is referenced vaguely and not named/cited.

0/1: No prior work is mentioned.
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Mid-term Presentation Rubric

The grading rubric that you will follow for peer evaluations (via Google Form on the day of the class) 
and the instructors will follow as well will be:

(2 point) Progress so far: How clearly did the team articulate the work they have done so far and 
what work remains?

2/2: The team shows concrete completed work (however small) and can clearly articulate what 
exactly needs to be done before the final report.

1/2: Some vague progress is described and/or the remaining work plan is unclear and not well-
scoped.

0/2: Little or no progress has been shown and/or there is no plan for future work.

(1 point) Q&A: How well did the team answer audience questions?
1/1: Answers are direct, concise, and clear.
0.5/ 1: Answers are provided but not really relevant to the questions asked.
0/1: Team cannot answer any questions.
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Lecture Outline

7

• Announcements

• Recap: The pre-training and fine-tuning paradigm

• Tokenization

• Natural Language Generation
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Recap:

Pre-training and Fine-tuning
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Natural Language Processing - CSE 517 / CSE 447
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Traditional learning paradigm

Supervised training/fine-tuning only, NO pre-training

Train Transformer or other models separately for each task

Supervised fine-tuning only
NO pre-training



Natural Language Processing - CSE 517 / CSE 447
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Modern learning paradigm

Pre-training + supervised training/fine-tuning

First train Transformer using a lot of general text using unsupervised learning. This is 
called pretraining.

Then train the pretrained Transformer for a specific task using supervised learning. This is 
called finetuning.

Pretrained Transformers

Fine-tuned Task Transformers



Natural Language Processing - CSE 517 / CSE 447
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Pretraining: training objectives?

During pretraining, we have a large text corpus (no task labels)

• Key question: what labels or objectives used to train the vanilla Transformers? 

Training 
labels/objectives?



Pretraining: Language Models

• Recall the language modeling task:

• Model pθ(wt |w1:t−1), the probability

distribution over words given their 

past contexts.

• There’s lots of data for this! (In 

English.)

• Pretraining through language modeling:

• Train a neural network to perform 

language modeling on a large 

amount of text.

• Save the network parameters.
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Lecture 3: TokenizationLecture 6: Pre-training

Encoder
• Bidirectional; can condition on the 

future context

Decoder
• Language modeling; can only 

condition on the past context

Encoder-Decoder
• Map two sequences of different 

length together

Pre-training architectures



Lecture 3: Tokenization

BERT: Bidirectional Encoder Representations from Transformers

• It is a fine-tuning approach based on a deep bidirectional Transformer encoder

instead of a Transformer decoder

• The key: learn representations based on bidirectional contexts

(Released in 2018/10)

(Devlin et al, 2019): BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding

• Two new pre-training objectives:

• Masked language modeling (MLM)

• Next sentence prediction (NSP) - Later work shows 

that NSP hurts performance though..

Example #1: we went to the river bank.

Example #2: I need to go to bank to make a deposit.



Lecture 3: Tokenization

Masked Language Modeling (MLM)

http://jalammar.github.io/illustrated-bert/
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Encoder
• Bidirectional; can condition on the 

future context

Decoder
• Language modeling; can only 

condition on the past context

Encoder-Decoder
• Map two sequences of different 

length together

Pre-training architectures



Lecture 3: Tokenization

Decoder: training objective

Natural Language Processing - CSE 517 / CSE 447 Lecture 6: Pre-training17

• Many most famous generative LLMs are decoder-only

• e.g., GPT1-5, Llama1-3

• Language modeling! Natural to be used for open-text 
generation

• Conditional LM: 𝑝(𝑤𝑡|𝑤1, . . . , 𝑤𝑡−1, 𝑥)

• Conditioned on a source context 𝑥 to generate from 
left-to-right

• Can be fine-tuned for natural language generation (NLG)
tasks, e.g., dialogue, summarization.

𝑤1, 𝑤2, 𝑤3, 𝑤4, 𝑤5

𝑤2, 𝑤3, 𝑤4, 𝑤5, 𝑤6

ℎ1, . . . , ℎ5

𝐴, 𝑏



Generative Pre-Training (GPT)



Lecture 3: Tokenization

Pre-training architectures

Natural Language Processing - CSE 517 / CSE 447 Lecture 6: Pre-training19

Encoder
• Bidirectional; can condition on the 

future context

Decoder
• Language modeling; can only 

condition on the past context

Encoder-Decoder
• Map two sequences of different 

length together



Lecture 3: Tokenization

Text-to-text models: the best of both worlds

• So bar, encoder-only models (e.g., BERT) enjoy the benefits of bidirectionality but they can’t be used to 

generate text

• Decoder-only models (e.g., GPT) can do generation but they are left-to-right LMs..

• Text-to-text models combine the best of both worlds!

(Raffel et al., 2020): Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer

T5 = Text-to-Text Transfer Transformer



Lecture 3: Tokenization

Encoder-decoder: architecture

Natural Language Processing - CSE 517 / CSE 447 Lecture 6: Pre-training21

• Moving towards open-text generation…

• Encoder builds a representation of the source 
and gives it to the decoder

• Decoder uses the source representation to 
generate the target sentence

• The encoder portion benefits from bidirectional
context; the decoder portion is used to train the 
whole model through language modeling 𝑤1, . . . , 𝑤𝑡1

𝑤𝑡1+1, . . . , 𝑤𝑡2

𝑤𝑡1+2, . . .

ℎ1, . . . , ℎ𝑡1 = Encoder(𝑤1, . . . , 𝑤𝑡1)

ℎ𝑡1+1, . . . , ℎ𝑡2 = Decoder(𝑤𝑡1+1, . . . , 𝑤𝑡2 , ℎ1, . . . , ℎ𝑡1)

𝑦𝑖 ∼ 𝐴ℎ𝑖 + 𝑏, 𝑖 > 𝑡

Raffel et al., 2018

https://arxiv.org/pdf/1910.10683.pdf


Lecture 3: Tokenization

Encoder-decoder: machine translation example

Natural Language Processing - CSE 517 / CSE 447 Lecture 6: Pre-training22

[Lena Viota Blog]

https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html


Lecture 3: Tokenization

Encoder-decoder: training objective

Natural Language Processing - CSE 517 / CSE 447 Lecture 6: Pre-training23

• T5 [Raffel et al., 2018]

• Text span corruption (denoising): Replace 
different-length spans from the input with unique 
placeholders (e.g., <extra_id_0>); decode out the 
masked spans.

• Done during text preprocessing: training uses 
language modeling objective at the decoder 
side

https://arxiv.org/pdf/1910.10683.pdf
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• Encoder-decoders works better than decoders

• Span corruption (denoising) objective works better than language modeling

Encoder-decoder: T5 [Raffel et al., 2018]

https://arxiv.org/pdf/1910.10683.pdf
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Raffel et al., 2018

• Text-to-Text: convert NLP tasks into input/output 
text sequences

• Dataset: Colossal Clean Crawled Corpus (C4), 750G 
text data!

• Various Sized Models:

• Base (222M)

• Small (60M)

• Large (770M)

• 3B

• 11B

• Achieved SOTA with scaling & purity of data

[Google Blog]

Encoder-decoder: T5

https://arxiv.org/pdf/1910.10683.pdf
https://blog.research.google/2020/02/exploring-transfer-learning-with-t5.html


Lecture 3: Tokenization

Encoder-decoder: pros & cons

Natural Language Processing - CSE 517 / CSE 447 Lecture 6: Pre-training26

• A nice middle ground between leveraging bidirectional contexts 
and open-text generation

• Good for multi-task fine-tuning

• Require more text wrangling

• Harder to train

• Less flexible for natural language generation



Lecture 3: TokenizationLecture 3: Tokenization27

Pretraining: training objectives

Masked token prediction

BERT
Devlin et al., 2018

https://github.com/manueldeprada/Pretraining-T5-PyTorch-Lightning

T5
Raffel et al., 2019

Denoising span-mask prediction Next token prediction



Lecture 3: Tokenization

How to use these pre-trained models?



Lecture 3: Tokenization

How to pick a proper architecture for a given task?

Natural Language Processing - CSE 517 / CSE 447 Lecture 6: Pre-training29

• Right now decoder-only models seem to dominant the field at the moment

• e.g., GPT, Opus, Qwen, Llama

• T5 (seq2seq) works well with multi-tasking

• Picking the best model architecture remains an open research question!
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Evolution tree of pretrained LMs 

https://github.com/Mooler0410/LLMsPracticalGuide
https://mistral.ai/news/mistral-large/

https://github.com/Mooler0410/LLMsPracticalGuide
https://mistral.ai/news/mistral-large/
https://mistral.ai/news/mistral-large/
https://mistral.ai/news/mistral-large/
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Latest learning paradigm with LLMs

• Pre-training + prompting/in-context learning (no training this step)

• First train a large (>7~175B) Transformer using a lot of general text using 
unsupervised learning. This is called large language model pretraining.
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Latest learning paradigm with LLMs

• Pre-training + prompting/in-context learning (no training this step)

• First train a large (>7~175B) Transformer using a lot of general text using 
unsupervised learning. This is called large language model pretraining.

• Then directly use the pretrained large Transformer (no further finetuning/training) 
for any different task given only a natural language description of the task or a few 
task (x, y) examples. This is called prompting/in-context learning.

Zero-shot prompting Few-shot prompting/in-context learning
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Example: Prompting ChatGPT for sentiment analysis

• Pre-training + prompting/in-context learning (no training this step)

Already pretrained ChatGPT
No further training for sentiment analysis

Just prompting to conduct the task!



Tokenization

27
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Neural language models: inputs/outputs

• Input: sequences of words (or tokens)

• Output: probability distribution over the next word (token)
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Tokenization to input vectors

Neural Network

START I went to the park . STOP

Mapping each tokenized id into its corresponding embeddings 

Tokenization: 



The Input Layer

• 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

• However, even with the largest vocabulary, we may 

encounter out-of-vocabulary words at test time

• Our approach so far: map novel words seen at test 

time (OOV) to a single UNK

28
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How to get the words?

• Problem: break the text into a sequence of discrete tokens

• For alphabetic languages such as English, deterministic scripts usually suffice to achieve accurate

tokenization

• However, in languages such as Chinese and Swahili, words are typically composed of a small

number of characters, without intervening whitespace

Or, more accurately, the tokens?
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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.

Example: Swahili verbs 

can have hundreds of 

conjugations, each 

encoding a wide variety 

of information. (Tense, 

mood, definiteness, 

negation, information 

about the object, ++)

-ambia = to tell

Source: Wiktionary
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Vocabulary: word-level

• For the n-gram model, our vocabulary  was comprised of all of the words in a language

• Some problems with this:

• can be quite large - ~470,000 words Webster’s English Dictionary (3rd edition)

• Language is changing all of the time - 690 words were added to Merriam Webster's 
in September 2023 (“rizz”, “goated”, “mid”)

• Long tail of infrequent words. Many words just occur a few times

• Some words may not appear in a training set of documents

• No modeled relationship between words - e.g., “run”, “ran”, “runs”, “runner” are all 
separate entries despite being linked in meaning



Character-level?

What about representing text with characters?

• (Maybe add capital letters, punctuation, spaces, …)

• Pros:

• Small vocabulary size (  for English)

• Complete coverage (unseen words are represented by letters)

• Cons:

• Encoding becomes very long - # chars instead of # words

• Poor inductive bias for learning
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Word Character Subword tokenization!

How can we combine the high coverage of character-level representation with the 
efficiency of word-level representation?

Subword tokenization! (e.g., Byte-Pair Encoding)

• Start with character-level representations

• Build up representations from there

Original BPE Paper (Sennrich et al., 2016)
https://arxiv.org/abs/1508.07909

https://arxiv.org/abs/1508.07909


Subword Modeling

• Subword modeling encompasses a wide range of methods for 

reasoning about structure below the word level

• Subwords may be words, 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

• Different algorithms:

• Byte-Pair Encoding

• WordPiece Modeling

• Follow different strategies. Often contain prepending / appending special 

tokens (##, </w>)

Fall 2025 CSCI 544: Applied NLP
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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

44
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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. 
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Lecture 3: Tokenization

BPE in action

46
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BPE in action
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BPE in action

48

After 10 merges



Lecture 3: Tokenization

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.
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Lecture 3: Tokenization

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.
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Byte-pair encoding: ChatGPT example

https://platform.openai.com/tokenizer
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Byte-pair encoding: usage

• Basically state of the art in tokenization

• Used in all modern left-to-right large language models (LLMs), including ChatGPT 

Model/Tokenizer Vocabulary Size

GPT-3.5/GPT-4/ChatGPT 100k

GPT-2/GPT-3 50k

Llama2 32k

Falcon 65k
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Byte-pair encoding: properties

• Efficient to run (greedy vs. global optimization)

• Lossless compression

• Potentially some shared representations - e.g., the token “hug” could be used 
both in “hug” and “hugging”
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Weird properties of tokenizers

• Token != word

• Spaces are part of token

• “run” is a different token than “ run”

• Not invariant to case changes

• “Run” is a different token than “run”
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Weird properties of tokenizers

• Token != word

• Spaces are part of token

• “run” is a different token than “ run”

• Not invariant to case changes

• “Run” is a different token than “run”

• Tokenization fits statistics of your data

• e.g., while these words are multiple tokens…

• These words are all 1 token in GPT-3’s tokenizer!

• Why?

• Reddit usernames and certain code attributes appeared enough 
in the corpus to surface as its own token!

Example from https://www.lesswrong.com/posts/aPeJE8bSo6rAFoLqg/solidgoldmagikarp-plus-prompt-generation

https://www.lesswrong.com/posts/aPeJE8bSo6rAFoLqg/solidgoldmagikarp-plus-prompt-generation
https://www.lesswrong.com/posts/aPeJE8bSo6rAFoLqg/solidgoldmagikarp-plus-prompt-generation
https://www.lesswrong.com/posts/aPeJE8bSo6rAFoLqg/solidgoldmagikarp-plus-prompt-generation
https://www.lesswrong.com/posts/aPeJE8bSo6rAFoLqg/solidgoldmagikarp-plus-prompt-generation
https://www.lesswrong.com/posts/aPeJE8bSo6rAFoLqg/solidgoldmagikarp-plus-prompt-generation
https://www.lesswrong.com/posts/aPeJE8bSo6rAFoLqg/solidgoldmagikarp-plus-prompt-generation
https://www.lesswrong.com/posts/aPeJE8bSo6rAFoLqg/solidgoldmagikarp-plus-prompt-generation


Fall 2024 CSCI 544: Applied NLP

Tokenization: Frequently Asked Questions

• Where does the token “##ing” come from?

• In WordPiece tokenization, all non-starting characters are initialized as ##x.

• Like: h, ##e, ##l, ##l, ##o.

• Upon merging, only the first segment keeps its ##.

• How is tokenization done in Chinese?

• Follows the same broad overall algorithm, but the initial split into characters involve language-

specific rules

• e.g. stroke-level tokenization [Si et al., 2023]

Source: https://huggingface.co/learn/nlp-course/chapter6/6?fw=pt

56



Natural Language 

Generation

41
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LLM inference





Training vs. Inference
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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

61



Lecture 3: Tokenization

NLG Use Cases

62
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More Interesting NLG Uses

63
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Broad Spectrum of NLG Tasks

64

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

65

Machine 

Translation

Less Open-Ended More Open-Ended

Summarization Task-driven 

Dialog
Chitchat Dialog Story Generation
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