
CSE 493s/599s 
Lecture 1.  
Tokenization for LLMs

Sewoong Oh



• Tokenizers 

• Language models 

• Architecture  

• Transformers 

• Mixture-of-experts 

• Inference  

• Speculative decoding  

• In-context learning  

• Chain-of-thought prompting 

• Test-time compute 

• Post-training  

• Parameter Efficient fine-tuning  

• Alignment

First half  of CSE493S



Tokenizer for LLMs



Tokens are sequences of characters used by LMs to understand text, 
bridging the text (based on characters) and  
                       LM (processes numbers)

By the way,

[3100, 248, 711, 11]

encode

[292, 651]LM

decode

 I am

[    ,     ,     ,    ]

Prompt or Context

sequence of integers

sequence of tokens

sequence of vectors



Modern transformer-based LMs use subword tokenization

By the way, I am a fan of the Milky way.
• Character-level:



Character-level tokenization
• Step 1: the text is broken into a sequence of characters 
 
 

• Step 2: Look-up table (for example, ASCII code) converts characters into unique 
integer IDs (in this case Bytes) 
 

• Step 3: Learned embedding table converts IDs into embedding representations

By the way, I am a fan of the Milky way.

[66, 121, 32, 116, 104, 101, 32, 119, 97, 121, 44, 32, 73, 32, 97, 109, 32, 97, 32, 102, 97, 110, 32, …

66
vocab size  
= 256

embedding  
dimension  
= 12,288 for GPT3



Character-level tokenization
• Step 1: the text is broken into a sequence of characters 
 
 

• What is wrong with character-level tokenization?

By the way, I am a fan of the Milky way.



Character-level tokenization
• Step 1: the text is broken into a sequence of characters 
 
 

• What is wrong with character-level tokenization?


• Efficiency: the number of tokens needed to represent text is quite large, 
which increases the input dimension of the model 
(run-time of a language model is quadratic in the context length)


• Language diversity: only handles English


• A variable length code of UTF-8 is used to handle world language 
(together with BPE to be explained later)

By the way, I am a fan of the Milky way.



By the way, I am a fan of the<UNK> Way.

By the way, I am a fan of the Milky way.
• Character-level:

• Word-level:

Modern transformer-based LMs use subword tokenization

• Much more efficient: 

• about 5 characters per English word on average  5x compression rate 

for context 

• Typical vocabulary size ~= 170,000 words (e.g., Oxford English Dictionary)

• but can encounter new words that is not in the vocab, due to morphology, 

names, numerals, and misspellings, which is represented by a special token 
<UNK>, since there are many more uncommon words

⟹



By the way, I am a fan of the<UNK> Way.

By the way, I am a fan of the Milky way.

By the way, I am a fan of the Milky Way.

• Character-level:

• Word-level:

• Subword-level:

Modern transformer-based LMs use subword tokenization



Byte Pair Encoding (BPE)

• Universal method for learning subword tokenizers today


• Introduced by Sennrich et al. 2016 and popularized by GPT-2 (2019)


• Main idea: build vocabulary of tokens bottom-up by repeatedly merging 
frequent pair of tokens


• Colab for playing with BPE courtesy of Tayyib Ul Hassan Gondal  

Sennrich, Haddow, Birch, “Neural Machine Translation of Rare Words with Subword Units”, ACL 2016 
Radford et al., “Language Models are Unsupervised Multitask Learners”, 2019

https://colab.research.google.com/github/catalyst-team/dl-course/blob/master/week-09/seminar_done.ipynb


Proof of the Milky Way 
consisting of many stars 
came in 1610 when  Galileo 
Galilei used a telescope to 
study the Milky Way and 
discovered that it is 
composed of a huge number 
of faint stars.

Training Data

Given training data D

Byte Pair Encoding (BPE)



{Proof, _of, _the, _Milky, 
_Way, _consisting, _of, 
_many, _stars, _came, _in, 
_1610, _when, _Galileo, 
_Galilei, _used, _a, 
_telescope, _to, _study, 
_the, _Milky, _Way, _and, 
_discovered, _that, _it, 
_is, _composed, _of, _a, 
_huge, _number, _of, 
_faint, _stars.}

Training Data

Because BPE is a sub-word tokenizer, 
you never need to look beyond the 
white space:  
Pretokenize  by  
splitting on whitespace

D

comma indicates pretokenizer separation



Training Data

_ P r o o f, _ o f, _ t h 
e, _ M i l k y, _ W a y, _ 
c o n s i s t i n g, _ o f, 
_ m a n y, _ s t a r s, _ c 
a m e, _ i n, _ 1 6 1 0, _ 
w h e n, _ G a l i l e o, _ 
G a l i l e i, _ u s e d, _ 
a, _ t e l e s c o p e, _ t 
o, _ s t u d y, _ t h e, _ 
M i l k y, _ W a y, _ a n 
d, _ d i s c o v e r e d, _ 
t h a t, _ i t, _ i s, _ c 
o m p o s e d, _ o f, _ a, 
_ h u g e, _ n u m b e r, _ 
o f, _ f a i n t, _ s t a r 
s .

Split pretokenized  into  
sequences of bytes=characters

D

comma indicates pretokenizer separation



Pair counts Vocabulary

_ t 12335282                                                                                            

t h
_ a
h e
i n
e r
a n
r e
o n
_ i

10067390                                                                                            

9319062

8771183

8024060

6517430

6315205

6031043

5261131

5209828

_ P r o o f, _ o f, _ t h 
e, _ M i l k y, _ W a y, _ 
c o n s i s t i n g, _ o f, 
_ m a n y, _ s t a r s, _ c 
a m e, _ i n, _ 1 6 1 0, _ 
w h e n, _ G a l i l e o, _ 
G a l i l e i, _ u s e d, _ 
a, _ t e l e s c o p e, _ t 
o, _ s t u d y, _ t h e, _ 
M i l k y, _ W a y, _ a n 
d, _ d i s c o v e r e d, _ 
t h a t, _ i t, _ i s, _ c 
o m p o s e d, _ o f, _ a, 
_ h u g e, _ n u m b e r, _ 
o f, _ f a i n t, _ s t a r 
s .

Training Data

comma indicates pretokenizer separation



Pair counts Vocabulary
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t h
_ a
h e
i n
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8771183

8024060

6517430

6315205

6031043

5261131

5209828

_ P r o o f, _ o f, _ t h 
e, _ M i l k y, _ W a y, _ 
c o n s i s t i n g, _ o f, 
_ m a n y, _ s t a r s, _ c 
a m e, _ i n, _ 1 6 1 0, _ 
w h e n, _ G a l i l e o, _ 
G a l i l e i, _ u s e d, _ 
a, _ t e l e s c o p e, _ t 
o, _ s t u d y, _ t h e, _ 
M i l k y, _ W a y, _ a n 
d, _ d i s c o v e r e d, _ 
t h a t, _ i t, _ i s, _ c 
o m p o s e d, _ o f, _ a, 
_ h u g e, _ n u m b e r, _ 
o f, _ f a i n t, _ s t a r 
s .

Training Data



Pair counts Vocabulary
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t h
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9319062

8771183
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6517430

6315205

6031043

5261131

5209828

_ P r o o f, _ o f, _ t h 
e, _ M i l k y, _ W a y, _ 
c o n s i s t i n g, _ o f, 
_ m a n y, _ s t a r s, _ c 
a m e, _ i n, _ 1 6 1 0, _ 
w h e n, _ G a l i l e o, _ 
G a l i l e i, _ u s e d, _ 
a, _ t e l e s c o p e, _ t 
o, _ s t u d y, _ t h e, _ 
M i l k y, _ W a y, _ a n 
d, _ d i s c o v e r e d, _ 
t h a t, _ i t, _ i s, _ c 
o m p o s e d, _ o f, _ a, 
_ h u g e, _ n u m b e r, _ 
o f, _ f a i n t, _ s t a r 
s .

Training Data



Pair counts Vocabulary
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t h
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_ i

10067390                                                                                            
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8024060

6517430

6315205

6031043

5261131

5209828

_ P r o o f, _ o f, _ t h 
e, _ M i l k y, _ W a y, _ 
c o n s i s t i n g, _ o f, 
_ m a n y, _ s t a r s, _ c 
a m e, _ i n, _ 1 6 1 0, _ 
w h e n, _ G a l i l e o, _ 
G a l i l e i, _ u s e d, _ 
a, _ t e l e s c o p e, _ t 
o, _ s t u d y, _ t h e, _ 
M i l k y, _ W a y, _ a n 
d, _ d i s c o v e r e d, _ 
t h a t, _ i t, _ i s, _ c 
o m p o s e d, _ o f, _ a, 
_ h u g e, _ n u m b e r, _ 
o f, _ f a i n t, _ s t a r 
s .

Training Data
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_ t 12335282                                                                                            

t h
_ a
h e
i n
e r
a n
r e
o n
_ i

10067390                                                                                            

9319062

8771183

8024060

6517430

6315205

6031043

5261131

5209828

_ P r o o f, _ o f, _ t h 
e, _ M i l k y, _ W a y, _ 
c o n s i s t i n g, _ o f, 
_ m a n y, _ s t a r s, _ c 
a m e, _ i n, _ 1 6 1 0, _ 
w h e n, _ G a l i l e o, _ 
G a l i l e i, _ u s e d, _ 
a, _ t e l e s c o p e, _ t 
o, _ s t u d y, _ t h e, _ 
M i l k y, _ W a y, _ a n 
d, _ d i s c o v e r e d, _ 
t h a t, _ i t, _ i s, _ c 
o m p o s e d, _ o f, _ a, 
_ h u g e, _ n u m b e r, _ 
o f, _ f a i n t, _ s t a r 
s .
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Pair counts Vocabulary
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8024060
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_ P r o o f, _ o f, _ t h 
e, _ M i l k y, _ W a y, _ 
c o n s i s t i n g, _ o f, 
_ m a n y, _ s t a r s, _ c 
a m e, _ i n, _ 1 6 1 0, _ 
w h e n, _ G a l i l e o, _ 
G a l i l e i, _ u s e d, _ 
a, _ t e l e s c o p e, _ t 
o, _ s t u d y, _ t h e, _ 
M i l k y, _ W a y, _ a n 
d, _ d i s c o v e r e d, _ 
t h a t, _ i t, _ i s, _ c 
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s .
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t h
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10067390                                                                                            
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8771183

8024060

6517430

6315205

6031043

5261131

5209828

_ t 12335282                                                                                            _t
_ P r o o f, _ o f, _ t h 
e, _ M i l k y, _ W a y, _ 
c o n s i s t i n g, _ o f, 
_ m a n y, _ s t a r s, _ c 
a m e, _ i n, _ 1 6 1 0, _ 
w h e n, _ G a l i l e o, _ 
G a l i l e i, _ u s e d, _ 
a, _ t e l e s c o p e, _ t 
o, _ s t u d y, _ t h e, _ 
M i l k y, _ W a y, _ a n 
d, _ d i s c o v e r e d, _ 
t h a t, _ i t, _ i s, _ c 
o m p o s e d, _ o f, _ a, 
_ h u g e, _ n u m b e r, _ 
o f, _ f a i n t, _ s t a r 
s .

Pair counts VocabularyTraining Data



Pair counts Vocabulary

t h
_ a
h e
i n
e r
a n
r e
o n
_ i

10067390                                                                                            

9319062

8771183

8024060

6517430

6315205

6031043

5261131

5209828

_ t 12335282                                                                                            _t

Training Data

_ P r o o f, _ o f, _t h e, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w h 
e n, _ G a l i l e o, _ G a 
l i l e i, _ u s e d, _ a, 
_t e l e s c o p e, _t o, _ 
s t u d y, _t h e, _ M i l 
k y, _ W a y, _ a n d, _ d 
i s c o v e r e d, _t h a 
t, _ i t, _ i s, _ c o m p 
o s e d, _ o f, _ a, _ h u 
g e, _ n u m b e r, _ o f, 
_ f a i n t, _ s t a r s .



Pair counts Vocabulary

e r
a n
r e
o n
_ i

6517430

6315205

6031043

5261131

5209828

_ a
h e
i n

9319062

8771183

8024060

_t

Training Data

_ P r o o f, _ o f, _t h e, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w h 
e n, _ G a l i l e o, _ G a 
l i l e i, _ u s e d, _ a, 
_t e l e s c o p e, _t o, _ 
s t u d y, _t h e, _ M i l 
k y, _ W a y, _ a n d, _ d 
i s c o v e r e d, _t h a 
t, _ i t, _ i s, _ c o m p 
o s e d, _ o f, _ a, _ h u 
g e, _ n u m b e r, _ o f, 
_ f a i n t, _ s t a r s .



Pair counts Vocabulary

e r
a n
r e
o n
_ i

6517430

6315205

6031043

5261131

5209828

_ a
h e
i n

9319062

8771183

8024060

_t h 7897058

_t

Training Data

_ P r o o f, _ o f, _t h e, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w h 
e n, _ G a l i l e o, _ G a 
l i l e i, _ u s e d, _ a, 
_t e l e s c o p e, _t o, _ 
s t u d y, _t h e, _ M i l 
k y, _ W a y, _ a n d, _ d 
i s c o v e r e d, _t h a 
t, _ i t, _ i s, _ c o m p 
o s e d, _ o f, _ a, _ h u 
g e, _ n u m b e r, _ o f, 
_ f a i n t, _ s t a r s .



Pair counts Vocabulary

_ a
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a n
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6315205
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_ o 5163783

_t

Training Data

_ P r o o f, _ o f, _t h e, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w h 
e n, _ G a l i l e o, _ G a 
l i l e i, _ u s e d, _ a, 
_t e l e s c o p e, _t o, _ 
s t u d y, _t h e, _ M i l 
k y, _ W a y, _ a n d, _ d 
i s c o v e r e d, _t h a 
t, _ i t, _ i s, _ c o m p 
o s e d, _ o f, _ a, _ h u 
g e, _ n u m b e r, _ o f, 
_ f a i n t, _ s t a r s .
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h e
i n
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a n
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_ o 5163783

_t

Training Data

_ P r o o f, _ o f, _t h e, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w h 
e n, _ G a l i l e o, _ G a 
l i l e i, _ u s e d, _ a, 
_t e l e s c o p e, _t o, _ 
s t u d y, _t h e, _ M i l 
k y, _ W a y, _ a n d, _ d 
i s c o v e r e d, _t h a 
t, _ i t, _ i s, _ c o m p 
o s e d, _ o f, _ a, _ h u 
g e, _ n u m b e r, _ o f, 
_ f a i n t, _ s t a r s .
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_ a 9319062

_a
_t

Training Data

_ P r o o f, _ o f, _t h e, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w h 
e n, _ G a l i l e o, _ G a 
l i l e i, _ u s e d, _ a, 
_t e l e s c o p e, _t o, _ 
s t u d y, _t h e, _ M i l 
k y, _ W a y, _ a n d, _ d 
i s c o v e r e d, _t h a 
t, _ i t, _ i s, _ c o m p 
o s e d, _ o f, _ a, _ h u 
g e, _ n u m b e r, _ o f, 
_ f a i n t, _ s t a r s .
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_ o 5163783

_ a 9319062

_a
_t

Training Data

_ P r o o f, _ o f, _t h e, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w h 
e n, _ G a l i l e o, _ G a 
l i l e i, _ u s e d, _a, 
_t e l e s c o p e, _t o, _ 
s t u d y, _t h e, _ M i l 
k y, _ W a y, _a n d, _ d i 
s c o v e r e d, _t h a t, 
_ i t, _ i s, _ c o m p o s 
e d, _ o f, _a, _ h u g e, 
_ n u m b e r, _ o f, _ f a 
i n t, _ s t a r s .
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Training Data

_ P r o o f, _ o f, _t h e, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w h 
e n, _ G a l i l e o, _ G a 
l i l e i, _ u s e d, _a, 
_t e l e s c o p e, _t o, _ 
s t u d y, _t h e, _ M i l 
k y, _ W a y, _a n d, _ d i 
s c o v e r e d, _t h a t, 
_ i t, _ i s, _ c o m p o s 
e d, _ o f, _a, _ h u g e, 
_ n u m b e r, _ o f, _ f a 
i n t, _ s t a r s .
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_ w 4523998

_a
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Training Data

_ P r o o f, _ o f, _t h e, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w h 
e n, _ G a l i l e o, _ G a 
l i l e i, _ u s e d, _a, 
_t e l e s c o p e, _t o, _ 
s t u d y, _t h e, _ M i l 
k y, _ W a y, _a n d, _ d i 
s c o v e r e d, _t h a t, 
_ i t, _ i s, _ c o m p o s 
e d, _ o f, _a, _ h u g e, 
_ n u m b e r, _ o f, _ f a 
i n t, _ s t a r s .
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Training Data

_ P r o o f, _ o f, _t h e, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w h 
e n, _ G a l i l e o, _ G a 
l i l e i, _ u s e d, _a, 
_t e l e s c o p e, _t o, _ 
s t u d y, _t h e, _ M i l 
k y, _ W a y, _a n d, _ d i 
s c o v e r e d, _t h a t, 
_ i t, _ i s, _ c o m p o s 
e d, _ o f, _a, _ h u g e, 
_ n u m b e r, _ o f, _ f a 
i n t, _ s t a r s .



Pair counts Vocabulary

i n 8024060

_t h 7897058

e r 6517430

r e
o n
_ i

6031043

5261131

5209828

_ o 5163783

_ s 5035505

_ w 4523998

h e 8771183

_a
_t

he

Training Data

_ P r o o f, _ o f, _t h e, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w h 
e n, _ G a l i l e o, _ G a 
l i l e i, _ u s e d, _a, 
_t e l e s c o p e, _t o, _ 
s t u d y, _t h e, _ M i l 
k y, _ W a y, _a n d, _ d i 
s c o v e r e d, _t h a t, 
_ i t, _ i s, _ c o m p o s 
e d, _ o f, _a, _ h u g e, 
_ n u m b e r, _ o f, _ f a 
i n t, _ s t a r s .
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i n 8024060
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5209828

_ o 5163783

_ s 5035505

_ w 4523998

h e 8771183

_a
_t

he

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e r e d, _t h a t, _ 
i t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a i 
n t, _ s t a r s .



Pair counts Vocabulary

_a
_t

he

i n 8024060

r e
o n
_ i

6031043

5261131

5209828

_ o 5163783

_ s 5035505

_ w 4523998

e r 6517430

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e r e d, _t h a t, _ 
i t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a i 
n t, _ s t a r s .



Pair counts Vocabulary

_a
_ti n 8024060

o n
_ i

5261131

5209828

_ o 5163783

_ s 5035505

_ w 4523998

r e 6031043

e r 5279258

_t he 5605612 he

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e r e d, _t h a t, _ 
i t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a i 
n t, _ s t a r s .



Pair counts Vocabulary

_a
_ti n 8024060

r e 6031043

_t he
e r 5279258

o n
_ i

5261131

5209828

_ o 5163783

_ s 5035505

_ w 4523998

a t 4424733

5605612 he

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e r e d, _t h a t, _ 
i t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a i 
n t, _ s t a r s .



Pair counts Vocabulary

_a
_t

he

i n 8024060

r e 6031043

_t he
e r 5279258

o n
_ i

5261131

5209828

_ o 5163783

_ s 5035505

_ w 4523998

a t 4424733

5605612

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e r e d, _t h a t, _ 
i t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a i 
n t, _ s t a r s .



Pair counts Vocabulary

_a
_t

he
r e 6031043

_t he
e r 5279258

o n
_ i

5261131

5209828

_ o 5163783

_ s 5035505

_ w 4523998

a t 4424733

5605612

in

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t i n g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ i n, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e r e d, _t h a t, _ 
i t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a i 
n t, _ s t a r s .

i n 8024060



Pair counts Vocabulary

_a
_t

he

i n 8024060

r e 6031043

_t he
e r 5279258

o n
_ i

5261131

5209828

_ o 5163783

_ s 5035505

_ w 4523998

a t 4424733

5605612

in

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t in g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ in, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e r e d, _t h a t, _ 
i t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a 
in t, _ s t a r s .



Pair counts Vocabulary

_a
_tr e 6031043

_t he
e r 5279258

o n 5261131

5605612

_ o 5163783

_ s 5035505

_ w 4523998

a t 4424733

o r 4162447

e s 4010515

he
in

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t in g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ in, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e r e d, _t h a t, _ 
i t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a 
in t, _ s t a r s .



Pair counts Vocabulary

_a
_tr e 6031043

_t he
e r 5279258

o n 5261131

5605612

_ o 5163783

_ s 5035505

_ w 4523998

a t 4424733

o r 4162447

e s 4010515

he
in

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t in g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ in, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e r e d, _t h a t, _ 
i t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a 
in t, _ s t a r s .



Pair counts Vocabulary

_a
_t

_t he
e r 5279258

o n 5261131

5605612

_ o 5163783

_ s 5035505

_ w 4523998

a t 4424733

o r 4162447

e s 4010515

he
in
re

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t in g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ in, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e r e d, _t h a t, _ 
i t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a 
in t, _ s t a r s .

r e 6031043



Pair counts Vocabulary

_a
_tr e 6031043

_t he
e r 5279258

o n 5261131

5605612

_ o 5163783

_ s 5035505

_ w 4523998

a t 4424733

o r 4162447

e s 4010515

he
in
re

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t in g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ in, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e re d, _t h a t, _ i 
t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a 
in t, _ s t a r s .



Pair counts Vocabulary

_a
_t

he

_t he 5605612

o n 5261131

_ o 5163783

_ s 5035505

e r 4754849

_ w 4523998

a t 4424733

o u 3838417

_ c 3831635

n d 3811435

in
re

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t in g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ in, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e re d, _t h a t, _ i 
t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a 
in t, _ s t a r s .



Pair counts Vocabulary

_a
_t

he

_t he 5605612

o n 5261131

_ o 5163783

_ s 5035505

e r 4754849

_ w 4523998

a t 4424733

o u 3838417

_ c 3831635

n d 3811435

in
re

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t in g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ in, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e re d, _t h a t, _ i 
t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a 
in t, _ s t a r s .



Pair counts Vocabulary

_a
_t

he
o n 5261131

_ o 5163783

_ s 5035505

e r 4754849

_ w 4523998

a t 4424733

o u 3838417

_ c 3831635

n d 3811435

in
re

_the

Training Data

_ P r o o f, _ o f, _t he, 
_ M i l k y, _ W a y, _ c o 
n s i s t in g, _ o f, _ m 
a n y, _ s t a r s, _ c a m 
e, _ in, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _t he, _ M i l k 
y, _ W a y, _a n d, _ d i s 
c o v e re d, _t h a t, _ i 
t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a 
in t, _ s t a r s .

_t he 5605612



Pair counts Vocabulary

_a
_t

he

_t he 5605612

o n 5261131

_ o 5163783

_ s 5035505

e r 4754849

_ w 4523998

a t 4424733

o u 3838417

_ c 3831635

n d 3811435

in
re

_the

Training Data

_ P r o o f, _ o f, _the, _ 
M i l k y, _ W a y, _ c o n 
s i s t in g, _ o f, _ m a 
n y, _ s t a r s, _ c a m 
e, _ in, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _the, _ M i l k y, 
_ W a y, _a n d, _ d i s c 
o v e re d, _t h a t, _ i 
t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a 
in t, _ s t a r s .



Pair counts Vocabulary

_a
_t

he

_ w 4523998

a t 4424733

o u 3838417

_ c 3831635

n d 3811435

o r 3661288

in
re

_the

o n 5261131

_ o 5163783

_ s 5035505

e r 4754849

Training Data

_ P r o o f, _ o f, _the, _ 
M i l k y, _ W a y, _ c o n 
s i s t in g, _ o f, _ m a 
n y, _ s t a r s, _ c a m 
e, _ in, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _the, _ M i l k y, 
_ W a y, _a n d, _ d i s c 
o v e re d, _t h a t, _ i 
t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a 
in t, _ s t a r s .



Pair counts Vocabulary

_a
_t

he

_ w 4523998

a t 4424733

o u 3838417

_ c 3831635

n d 3811435

o r 3661288

in
re

_the

o n 5261131

_ o 5163783

_ s 5035505

e r 4754849

Training Data

_ P r o o f, _ o f, _the, _ 
M i l k y, _ W a y, _ c o n 
s i s t in g, _ o f, _ m a 
n y, _ s t a r s, _ c a m 
e, _ in, _ 1 6 1 0, _ w he 
n, _ G a l i l e o, _ G a l 
i l e i, _ u s e d, _a, _t 
e l e s c o p e, _t o, _ s 
t u d y, _the, _ M i l k y, 
_ W a y, _a n d, _ d i s c 
o v e re d, _t h a t, _ i 
t, _ i s, _ c o m p o s e 
d, _ o f, _a, _ h u g e, _ 
n u m b e r, _ o f, _ f a 
in t, _ s t a r s .

until we reach 
desired vocab size T

…



BPE creates a  
Vocabulary of  
(integer ID, pair of tokens)

_a
_t

he
in
re

_the

⋮

256:
257:
258:
259:
260:
261:

  ⋮



At inference time

BPE creates a  
Vocabulary

_a
_t

he
in
re

_the

⋮

256:
257:
258:
259:
260:
261:

  ⋮

By the way,

[3100, 261, 711, 11]

encode

[292, 651]LM

decode

 I am

[    ,     ,     ,    ]

Prompt or Context



Trade-off between vocab size and efficiency

• courtesy of https://github.com/openai/tiktoken

GPT-2 Tokenizer with vocab size 50k  
and not trained on coding data

GPT-4 Tokenizer with vocab size 100k 
and trained on coding data

• Why can we not arbitrarily increase the vocab size?

• Research Question 2: How do we know what training data these closed-source 

tokenizers are trained on? 

https://github.com/openai/tiktoken


Trade-off between vocab size and efficiency



Trade-off between vocab size and efficiency

Average number of  
characters in  
an English word

• Research Question 1: Can we beat this fundamental limit of sub-word tokenization? 



Challenges with BPE tokenization (in GPT-2)
• Loss of performance for non-English languages 

• Reason: Training data contains majority of English text, which causes majority of 
tokens being assigned to compress English

• Loss of performance for Python
• Lots of whitespaces for indentation requires a lot of tokens

• YAML works better than JSON



YAML is more efficiently tokenized than JSON  
for this tokenizer



Research Question 1: 
Why do we need to limit tokens 

to parts of words?





Research Question 1: Why do we need to 
limit tokens to parts of words?

• Multi-word expressions
“by the way,” “by accident,” “for a living,” “in the long run”
 

• Some languages (e.g., Chinese) do not use whitespace 
at all!
“This is a really long sentence that goes on and on” → “这
是一个很长的句子，没完没了”



SuperBPE
• Phase 1: Run standard BPE with whitespace barrier from pretokenization 

until t<T


• Phase 2: Run BPE without whitespace barrier until T


• Intuition: learn the basic units of meaning (words) in the first phase,  
and then merge common word sequences (superwords)



SuperBPE
• Phase 1: Run BPE with whitespace barrier from pretokenization until t<T


• Phase 2: Run BPE without whitespace barrier until T


• Intuition: learn the basic units of meaning (words) in the first phase,  
and then merge common word sequences (superwords)

POS tag #   Random examples

NN, IN 906   _case_of, _depend_on, _availability_of, _emphasis_on, _distinction_between

VB, DT 566   _reached_a, _discovered_the, _identify_the, _becomes_a, _issued_a

DT, NN 498   _this_month, _no_idea, _the_earth, _the_maximum, _this_stuff

IN, NN 406   _on_top, _by_accident, _in_effect, _for_lunch, _in_front

IN, DT, NN 333   _for_a_living, _by_the_way, _into_the_future, _in_the_midst

IN, DT, NN, IN 33   _at_the_time_of, _in_the_presence_of, _in_the_middle_of, _in_a_way_that



Proof of the Milky Way 
consisting of many stars 
came in 1610 when  Galileo 
Galilei used a telescope to 
study the Milky Way and 
discovered that it is 
composed of a huge number 
of faint stars.

Training Data

• 1st phase: 
• Run standard BPE with 

whitespace pretokenization  
until vocab size reaches some 
t<T



{Proof_of_the_Milky_Way_co
nsisting_of_many_stars_cam
e_in_, 1610, 
_when_Galileo_Galilei_used
_a_telescope_to_study_the_
Milky_Way_and_discovered_t
hat_it_is_composed_of_a_hu
ge_number_of_faint_stars.}

Training Data

• 2nd phase: 
• Skip whitespace pretokenization
• but can still use other 

pretokenization rules, e.g., 
numbers/non-numbers are 
separated in this example

comma indicates pretokenizer separation



{P r o o f _ o f _ t h e _ 
M i l k y _ W a y _ c o n s 
i s t i n g _ o f _ m a n y 
_ s t a r s _ c a m e _ i 
n, _ 1 6 1 0, _ w h e n _ G 
a l i l e o _ G a l i l e i 
_ u s e d _ a _ t e l e s c 
o p e _ t o _ s t u d y _ t 
h e _ M i l k y _ W a y _ a 
n d _ d i s c o v e r e d _ 
t h a t _ i t _ i s _ c o m 
p o s e d _ o f _ a _ h u g 
e _ n u m b e r _ o f _ f a 
i n t _ s t a r s .}

Training Data

Split  into sequence of bytesD

comma indicates pretokenizer separation



Training Data

Apply tokenizer learned so far

{Proof _of _the _Milky _Way 
_consisting _of _many 
_stars _came _in_, 1 610, 
_when _Gal ileo _Galilei 
_used _a _telescope _to 
_study _the _Milky _Way 
_and _discovered _that _it 
_is _composed _of _a _huge 
_number _of _faint _stars.}



Pair counts Vocabulary
_t
_a
he
in
re

_the

_Aleg
' t 247975

. _The 232178

, _the 226412

_to _the 222524

, _but 200360

_on _the 164233

_of _the 517482

' s 456028

, _and 413189

_in _the 362529 …

Training Data

st
ag

e 
1

{Proof _of _the _Milky _Way 
_consisting _of _many 
_stars _came _in_, 1 610, 
_when _Gal ileo _Galilei 
_used _a _telescope _to 
_study _the _Milky _Way 
_and _discovered _that _it 
_is _composed _of _a _huge 
_number _of _faint _stars.}



Pair counts Vocabulary
_t
_a
he
in
re

_the

_Aleg
' t 247975

. _The 232178

, _the 226412

_to _the 222524

, _but 200360

_on _the 164233

' s 456028

, _and 413189

_in _the 362529 …

Training Data

st
ag

e 
1_of _the 517482

_of _the

{Proof _of _the _Milky _Way 
_consisting _of _many 
_stars _came _in_, 1 610, 
_when _Gal ileo _Galilei 
_used _a _telescope _to 
_study _the _Milky _Way 
_and _discovered _that _it 
_is _composed _of _a _huge 
_number _of _faint _stars.}



Pair counts Vocabulary
_t
_a
he
in
re

_the

_Aleg
' t 247975

. _The 232178

, _the 226412

_to _the 222524

, _but 200360
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SuperBPE encodes text 35% more efficiently 
because many useful units are larger than words



SuperBPE encodes text 35% more efficiently 
because many useful units are larger than words



Changing tokenizer requires pretraining LLM

Baseline: BPE 8B (Olmo2 @ 330B tokens)

• Tokenizer: BPE with 200k tokens
• Model size: 8B parameters
• Number of tokens in training: 330B tokens
• Evaluation

• Average performance on 30 tasks



In a fair comparison, SuperBPE outperforms 
in 30 downstream tasks

Baseline: BPE 8B (Olmo2 @ 330B tokens)

SuperBPE 8B

model size

training compute

inference compute (35% less)

amount of text seen (41% more)



Baseline: BPE 8B (Olmo2 @ 330B tokens)

In a fair comparison, SuperBPE outperforms in 
30 downstream tasks

SuperBPE 11B

model size (39% bigger)

training compute

inference compute

amount of text seen



Efficiency scaling for non-English languages



SuperBPE downstream performance

knowledge
math / reasoning

code
reading 

comprehension
commonsense

language 
understanding

string 
manipulation



Examples of multiple choice tasks
• ARC-Challenge measures common sense

• Q. George wants to warm his hands quickly by rubbing them. 
Which skin surface will produce the most heat?

• (A) dry palms, (B) wet palms, (C) palms covered with oil, (D) 
palms covered with lotion  

• CommonsenseQA
• Q. What do all humans want to experience in their own home? 
• (A) feel comfortable, (B) work hard, (C) fall in love, (D) lay eggs, 

(E) live forever



Examples of multiple choice tasks
• MMLU (Massive Multitask Language Understanding)

•  Find all   in is a field.  

• (A) 0 , (B) 1 , (C) 2 , (D) 3  

• OpenbookQA
• Q. As a car approaches you in the night 
• (A) the headlights become more intense,  

(B) the headlights recede into the dark,  
(C) the headlights remain at a constant,  
(D) the headlights turn off

c ℤ3 such that 
ℤ3[x]

(x2 + c)



Multiple Choice

SuperBPE 
achieves large 
improvements in 
MC  

All models begin to 
achieve better-
than-random 
performance at a 
particular moment



Research Question 2: 
How do we know what data is 
used to train the tokenizer?







Training data mixture





 The learned merge list is (very) sensitive to the mixture ratio of data distributions

Given a merge list, 
can we solve for the 
mixture ratio?



 The learned merge list is (very) sensitive to the mixture ratio of data distributions

Given a merge list, 
can we solve for the 
mixture ratio?



• Because BPE learns the most frequent pair at each step,  
the merge order leaks constraints on the underlying mixture of 
corpora.


• Mixture inference problem: 


• Given a BPE merge list


• Find the mixture weights { , ,… }for each datasetαEn αPy

αEn

αPy



         6  + 13055 αEn αPy



Each token gives a specific linear condition that  
 and  need to satisfy, for example:  

 
         6  + 13055   

αEn αPy

αEn αPy ≥ max
token != _ _

{ αEnC(1)
En,token + αPyC(1)

Py,token }

         6  + 13055 αEn αPy



Each token gives a specific linear condition that  and  
need to satisfy, for example:  
 
         2  + 4792   

αEn αPy

αEn αPy ≥ max
token != __ __

{ αEnC(2)
En,token + αPyC(2)

Py,token }



        1774  +1083   αEn αPy ≥ max
token != i n

{ αEnC(3)
En,token + αPyC(3)

Py,token }



Data mixture inference is now a matter of finding 
a solution that satisfied all such constraints







random guess 
baseline



























Logistics
• Project team finding doc is now available on the website


• Project instruction doc is up to date



Pitfalls of tokenization



String manipulation tasks

Is there a " c " in " also "?

Delete every instance of " 
t " in " data ".

Swap " k " and " e " in " 
make ".
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Sources
• Introduction to LLM tokenizers: BPE


• https://medium.com/thedeephub/all-you-need-to-know-about-tokenization-in-llms-7a801302cf54


• https://christophergs.com/blog/understanding-llm-tokenization 


• https://www.youtube.com/watch?v=zduSFxRajkE 


• https://hundredblocks.github.io/transcription_demo/ 


• Fast implementation


• https://github.com/openai/tiktoken


• Failure modes of tokenizers


• https://seantrott.substack.com/p/tokenization-in-large-language-models


• Information theoretic approach to understand tokenization


• https://arxiv.org/abs/2601.09039v1 


• Beyond tokenization


• Byte latent transformers: https://arxiv.org/abs/2412.09871

https://medium.com/thedeephub/all-you-need-to-know-about-tokenization-in-llms-7a801302cf54
https://www.youtube.com/watch?v=zduSFxRajkE
https://hundredblocks.github.io/transcription_demo/
https://github.com/openai/tiktoken
https://seantrott.substack.com/p/tokenization-in-large-language-models
https://arxiv.org/abs/2601.09039v1
https://arxiv.org/abs/2412.09871

