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Logistics 

• Start thinking about your Data and Experimental Design 
submission

• Highly recommend looking up past work on your tasks now. You should 
have done the research already when you are thinking about your task.

• You definitely need to cite work for your final report

• Next 2 guest lectures: Terra and Niloofar. You can watch the 
recordings from home. 

• Today
• Tokenization
• Prompting
• In-context learning



Tokenization 
A topic that was left out earlier but very important!



Why is tokenization necessary?

One of the most important reason:
• Standardizing is essential for NLP replication:

I’m visiting New York

I’m visiting New York   → 3 tokens 

I’m visiting New York   → 5 tokens



Subword tokenization

Play with a tokenizer here
https://platform.openai.com/tokenizer

 Why is space character 
included here?!

https://platform.openai.com/tokenizer


Subword and morpheme

Recall from our lecture on linguistics 
• Morpheme: a meaningful unit in a word that cannot be further 

divided. E.g. incoming: in, come, -ing
• Not all languages are space delimited!
• If a language is not space delimited, what is a meaningful unit?



LOW HIGH

Morpheme to word ratio

Isolating Analytic Fusional Agglutinative Polysynthetic

More analytic More synthetic

Chinese English Russian

A couple 
morphemes per 
word

1 word 1 
morpheme



English word example

Unattainable 

prefix suffix

3 morphemes



Chinese example

世界真是小

time

really small

space

is

It’s a sentence not a word

(the) World

2 morphemes,
1 word (zi 词)

Chinese is NOT space delimited!
Is it…
5 tokens?
4 tokens?



Why use subwords not words?

• If the language is not space delimited (e.g. Chinese, Japanese, 
Thai), it’s ambiguous, what counts as a word

• But also, there are simply too many words!



There are simply too many words!

Types = |V| Instances = N

Shakespeare 31 thousand 884,000

Brown Corpus 38 thousand 1 million

Switchboard conversations 20 thousand 2.4 million

COCA 2 million 440 million

Google N-grams 13+ million 1 trillion

Notice that (roughly) the bigger the corpora, the more words we 
find!



We constantly create 
new words: slangs, 
loanwords, etc.



Why subwords not words?

Because of these problems:
• Many languages don't have orthographic words
• Defining words post-hoc is challenging
• The number of words grows without bound

• We constantly have new words: new slangs, new imported words, etc.

NLP systems don't use words, but smaller units called subwords



Why subword?

• There are many ways to tokenize words, e.g. in English: 
• by character: s u b w o r d
• by subword: sub word
• by word: I⎵am⎵hungry
• by common phrase: “New York” , “I am” 
• by Unicode characters: too small to be practical 
• by morphemes: hard to define



Advantages of subword tokenization

One of many advantages:

Eliminated the problem of unknown words (UNK)
• Unknown words: words appear during test time but not in the training 

corpus
• For example, if we know new and er, even if newer is not in the training 

corpus, we can deal with it



Subword tokenization

• We will introduce the most common algorithm for tokenizing 
words: Byte-Pair Encoding (BPE)

• We let data tell us how to tokenize!

• And briefly describe some other alternatives



Byte-Pair Encoding (BPE) (Sennrich et al., 2016)

• Learn the token units from data
• Two parts:

• First, learn the tokens form data
• During test time, encoder will encode any given string of text

• Tokenizer: an essential preprocessing component! 
• It’s a trained model that can tokenize and encode any text (into numerial 

IDs for model input)
• As you can imagine, tokenizer behavior can change language modeling 

efficiency and output performance.



Byte-Pair Encoding (BPE) (Sennrich et al., 2016)

Algorithm high-level:
• Start from characters 
• Then successively find the most frequent pair of adjacent 

tokens, and merge them as a new token
• Replace all current tokens with new merged tokens
• Repeat until predefined number of merges K



Byte-Pair Encoding (BPE) (Sennrich et al., 2016)

Input string:       set new new renew reset renew
First step:        set ⎵ new ⎵ new ⎵ renew ⎵ reset ⎵ renew 

count

2 ⎵ n e w

2 ⎵ r e n e w

1 s e t

1 ⎵ r e s e t

Why leading space? → to mark word boundaries. It helps tokenizers know where a new 
word start



Byte-Pair Encoding (BPE) (Sennrich et al., 2016)

Input string:       set new new renew reset renew
First step:        set ⎵ new ⎵ new ⎵ renew ⎵ reset ⎵ renew 

count

2 ⎵ ne w

2 ⎵ r e ne w

1 s e t

1 ⎵ r e s e t

Merge n e to ne (count 4 = 2 new + 2 renew)



Byte-Pair Encoding (BPE) (Sennrich et al., 2016)

Input string:       set new new renew reset renew
First step:        set ⎵ new ⎵ new ⎵ renew ⎵ reset ⎵ renew 

count

2 ⎵ new

2 ⎵ r e new

1 s e t

1 ⎵ r e s e t

Merge ne w to new (count 4)



Byte-Pair Encoding (BPE) (Sennrich et al., 2016)

Input string:       set new new renew reset renew
First step:        set ⎵ new ⎵ new ⎵ renew ⎵ reset ⎵ renew 

count

2 ⎵ new

2 ⎵r e new

1 s e t

1 ⎵r e s e t

Merge ␣ r to ␣r



Byte-Pair Encoding (BPE) (Sennrich et al., 2016)

Input string:       set new new renew reset renew
First step:        set ⎵ new ⎵ new ⎵ renew ⎵ reset ⎵ renew 

count

2 ⎵ new

2 ⎵re new

1 s e t

1 ⎵re s e t

Merge ␣r e to ␣re (count 3)



BPE
The next merges are:





BPE

ID:  1,   2,   3,     4,   5,      6 ,   7,     8        9            10        11      12               13            14    15

⎵renew: [11,9], or [1,4,2,3,2,7], or [10,2,9]
⎵ reset: [11, 15] or…

But we can’t encode “you” becase y,o,u are not valid tokens 

Then, we map these tokens to some numerical IDs

And now we can encode words:



Given BPE vocab, runtime encoding process

• With your training corpus, BPE learn all the tokens and return you 
the valid set of tokens

• During test time, given any word, how do we encode with our 
learned BPE encoder?



BPE encoding

• It’s actually greedy!
• Same as before: first split words with their leading space, then from 

character, and start merging just like during training  
• It uses the frequency from the training data (not test!), and keep 

merging valid tokens until no more valid tokens to be merged!

• So
                ⎵renew: [11,9], or [1,4,2,3,2,7], or [10,2,9]

Will be      ⎵renew: [11,9] not the others



BPE decoding

• Just look up the token-ID table, 
• Concatenate them
• Voila! We’ve returned the token ID back to word

Decoding:  [11,9]

Look up ID 11 and 9 
→⎵re new 

→ ⎵renew



Multilingual tokenization

A recipe sentence in two languages

Tat Dat Duong’s Tiktokenizer visualizer on GPT4o

English: 18 tokens; no words are split into multiple tokens): 

Spanish: 33 tokens; 6/16 words are split

https://tiktokenizer.vercel.app/


Tokenizing across languages
• Even though BPE tokenizers are multilingual
• LLM training data is still vastly dominated by English

• Most BPE tokens used for English, leaving less for other 
languages

• Words in other languages are often split up

• Oversegmenting can be even worse in low resource 
languages.

• Such fragmentation and poor representation of meaning can 
mean higher costs to train models



Alternative tokenization methods



SentencePiece

• Not an algorithm, just a framework, so we can still utilize BPE
• Unlike BPE, there’s no pre-tokenization
• In SentencePiece, for example in English, the leading space before 

a word is learnt. And in Chinese, there’s no space, so it won’t learn 
that as part of the vocabulary

• Where as in BPE, the leading space is part of the pre-processing before 
training BPE

• Makes it great for translation models!



WordPiece

• Also subword tokenization
• Unlike BPE, instead of merging the most frequent pairs, 

WordPiece merges ones that maximize the likelihood of the 
training data under a LM

• Using “##” to continue a word:
• renew: “re” , “##new”

• Great for morphologically complex language
• Slower to train than BPE



Unigram

• Remove tokens that hurt the likelihood of the corpus
• Start with many potential subwords

• “re” “new”
• “r” “e” “new”
• “r” “e” “n” “e” “w”

• Assign probability to each subword
• Iteratively prune low-probability subwords until a desired vocab 

size is reached
• It’s more robust to rare word patterns
• Slower than BPE and WordPiece



SuperBPE (Liu et al., 2025)

• “first learn subwords and then superwords that bridge whitespace”
• Improves encoding efficiency and downstream tasks performance



Byte-based

• Byte:  0-255
• In English:

• A → [65], 1 byte
• é →  UTF-8 bytes [195, 169], 2 bytes

• Chinese character : 中→ [228,184,173], 3 bytes,
• Emoji   → [240,159, 152, 138],  4 bytes

• Byte-level methods can merge later or not
• Byte-level BPE: start with byte level, then merges to subword
• Tokenizer-free byte models: no merging

• Very long sequence for each word
• But truly universal!



Tokenizer-free

• Language-agnostic 
• No pre-processing at all! Emoji, symbol, glyph are all fine
• Never will have Out-Of-Vocabulary problem (OOV)
• Model (transformer) directly processes raw characters or bytes, 

each bytes as an embedding



Another tokenizer-free architecture
Mentioned at the keynote at ACL 2025 this year!



Prompting



Prompt 

• A prompt is a text string that a user issues to a LM to get the 
model to do something useful:

• It could be an instruction; it could be a question

• Prompt engineering: finding effective prompts for a task



In-context learning



Terminologies 

• Few-shot prompting: prompting with few examples
• Zero-shot: prompting with no examples
• In-context learning: this kind of learning that takes place during 

prompting. 
• So that includes zero-shot and few-shot



Zero-shot

• No example is given.
• Model needs to understand the task just from the instruction

For example: 

 : Translate the following English sentence into French: 
‘I love chocolate.’

:  J’adore le chocolat.



Few-shot

• Give a few examples in the instruction
• For example:

  : “Translate these English sentences into French:
English: ‘Hello, how are you?’ → French: ‘Bonjour, comment ça va ?’
English: ‘Good morning’ → French: ‘Bonjour’
English: ‘I love chocolate’ →”

:  J’adore le chocolat.





With in-context learning, 
models are performing 
equally well or even better 
with random labels as 
examples in the prompt 
as opposed to gold labels

Figure from Min et al.

https://arxiv.org/pdf/2202.12837


Chain-of-thought prompting

• A prompting technique where you ask the model to show its reasoning 
step by step before giving the final answer

• For example:
• Instead of asking 

“What is 123 x 456?”

• With Chain-of-Thought prompting, you ask 

“Let’s think step by step, how to calculate 123 x 456, then give the 
answer”



Zero-shot CoT

• Asking the model to generate step-by-step without giving any examples
• Model is reasoning on the fly without giving examples of CoT
 
For example:

 : Solve this math problem step by step: What is 23 × 47?

:  20 × 47 = 940

3 × 47 = 141

940 + 141 = 1081

     Answer: 1081



Few-shot CoT

• You give a few examples of step-by-step reasoning in the prompt, 
then ask the model to solve a new problem

 : 
Solve these problems step by step:
Problem: 12 × 14 →
Step 1: 10 × 14 = 140
Step 2: 2 × 14 = 28
Step 3: 140 + 28 = 168
Answer: 168

Problem: 15 × 13 →
Step 1: 10 × 13 = 130
Step 2: 5 × 13 = 65
Step 3: 130 + 65 = 195
Answer: 195

• Problem: 23 × 47 →”

: 
20 × 47 = 940
3 × 47 = 141
940 + 141 = 1081
Answer: 1081



Zero-shot vs zero-shot CoT

Table from Wei et al. 

https://arxiv.org/pdf/2205.11916


Zero-shot CoT vs few-shot CoT

Table from Wei et al. 

https://arxiv.org/pdf/2205.11916


“Jailbreaking”

• Crafting prompts to break the model’s built-in restriction or safety 
rules

• For example, a model was trained to not tell people to suicide, but you 
manage to craft a prompt to make the model say that somehow (bypass 
the guardrails).

• “Jail” has a negative connotation→ so generally one is trying to 
elicit undesired behavior from a model such as

• Generating offensive content, unsafe instruction, or leaking privacy data



Figure from Chao et al., 2024 

https://arxiv.org/pdf/2310.08419


Figure from Wei et al., 2023

https://arxiv.org/pdf/2307.02483


Downsides of prompting

• Inefficiency: The prompt needs to be processed every time the model 
generating an output (for prediction).

• Lower accuracy: Prompting generally performs worse than fine-tuning [Brown 
et al., 2020].

• Sensitivity to the wording of the prompt [Webson & Pavlick, 2022], order of 
examples [Zhao et al., 2021; Lu et al., 2022], etc.

• Lack of clarity regarding what the model learns from the prompt. In 
classification task, even random labels can lead to good results [Zhang et al., 
2022; Min et al., 2022]

• The prompt is influencing the output, but the model isn’t truly learning from it
• It’s more like steering the behavior than teaching new thing

• Opportunities for interpretability research!
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