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HREN

000000000on We will be taking attendance for every guest lecture, and

Oodooogdon
- If you are an online student, submit a reaction paragraph on Gradescope (due one

ooooood

0000 feedback is out on Gradescope, and instructions for the Project
000 are on the website now.

c goooouooo 2 0 26 UOOO

00 4 00000 If you have late days, still don’t leave this assignment to the
Ododoooooodono AP O




HREEEEN

1.

ooooQg Word, character/byte, and

L OO0
00000 (BPE) 1 Training algorithm and

00
oooon Spelling, glitch tokens, and where tokenization

HEN

00000 Languages of the world, cross-lingual
oot

000000 Why it’s important and what the
OO




HREEEEN

Ing 2 you learned about the skip-gram word2vec objective, where a model is
Oo0dooodoodoboognooddnnd

P(we_y | wy) P(Weiz | We)

P(Wt—l | Wt) P(Wt+1 |Wt)
How do we
split text into

problems  turning banking  crises  as

\ )
Y : Y ! . d

outside context words center word outside context words ][]
in window of size 2 at positiont in window of size 2
Ing 4 [youwereintroducedto , the task of predicting what word
oo
books How do we
the students opened their //' laptops decide the vocab
\ T exams of a language

minds g




ooy

Joooododogn

17 0OO00O0OO0OOO0 + 2 0OO0OOO

We'd sat back on the grass, and time
OoO0Ooooonmno

looked = look + -ed \

We'd = we + had Caooon Milky = milk + -y
1 0Ood 2 0Oob0 alainininln

I 5



What is a werd [ ?

AnQ is @ minimal unit of language that has meaning or a grammatical function.
Oo0000000000ad

We'd sat back on the grass, and time
OOoooooOomn

looked = look + -ed \

We'd = we + had Milky = milk + -y

2 000 2 000
sat = sit + -ed 2 Hbu

flew = fly + -ed Milky Way 0 o0 O
I 00000000 ooooOooon
6
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Jooooobouobooouogod

afals o NS S B |
afals Jooooooo
ala Jogooooo

Phrases: Jooooooo

Jouoooougn

I 7



Joduobooootddt

Doooddn
- The fundamental units of language aret o k e n
- 00 is the process of breaking text into tokens
- A  translates between text and a sequence of tokens that a language model
(LM) OO
- Theqon V is the set of known tokens 000
0:
ooootdoo 1: 5
290: the
HRN 000 .
* 540: at
(Dooooooo ) -
I [2167, 10802, 540, 290, 10282, 5781, 0] 10802: NN
8




Joduobooootddt

HEREREERRERE
The fundamental units of languagearet o k e n

- 00 is the process of breaking text into tokens

A translates between text and a sequence of tokens that a language model
(LM) OO

The QO V is the set of known tokens

ODo0oooodddgoooooon
- Models can’t just read raw text — we need a mapping from strings to sequences of

RN




Joduobooootddt

ooooogn

oo [ Oooo ]
v

(DooooooO )

Token 10802, 540,290, 10282, 5781, 0]

How do models
OO0 token | DO




Joduobooootddt

ooooogn

o [oee )

(DooooooO )
Token [2067,10802,540,290,10282,5781,0]
TN (We)
0 2167 V-1
Embedding
gogdn

I 11



Joduobooootddt

ooooogn

oo [ Oooo ]
Y

(DooooooO )
Token [2067,10802,540,290,10282,5781,0]

.
"
.
.
.
.
R
.

0 2167 10802 V]-1

Embedding
goon

I 12



Joduobooootddt

ooooogn

o [oee )

(ODooooooO )
Token [2367,10802,540, 2__90, 10282, 5781, 0]
(the) < (We) ( looked)
0 290 2167 10802 V]-1
Embedding
gogdn

I 13



Joduobooootddt

ooooogn

oo [ Oooo ]
Y

(DooooooO )
Token [2067,10802,540,290,10282,5781,0]

00




Joduobooootddt

Tokenization influences how LMs learn from and process text, before they have even

nopooo
e O0o0d \*\‘
000 0 [ [20802540290,10282,5781]
JEEEEY ( N (looked at the Milky Way)
0o [DDD ] 0000 [DDD ]DD

(Cooooo ) J
[2167, 10802, 540, 290, 10282] J 0B 4[] 0 0 00000

- - Tokenization is typicallya 1

—. . -
— — -
—— -
— - —

0o Jgogodoono LM Oogod
15




Joduobooootddt

Tokenization influences the efficiency of LMs, bothintermsof 1 0O O and
000

0000 [0B000  00J0000INONON

good ooo goog

T 000 00000 OOOONODNOOOR

the Milky Way. the Milky Way. the Milky Way.




Joduobooootddt

Tokenization influences the efficiency of LMs, bothintermsof 1 0O O and
000
Input
HRERN
o: Embedding
1: ’ the U
290: the
540: at
10802: looked R%model X| V|

V| = 32,000
17



HRERN

OO0o000ooooon We'd sat back on the grass, and time
let’s consider simple ] ] 00000000000

We'll assume:
* T o k e=rwhitespace- dellmlted words + punctuation
- Vocabulary truncated to 0 O V 0000 from a corpus

_] Pros:

c doboooodgdogon
- One embedding = one interpretable meaning

18




HRERN

OO0o000ooooon We'd sat back on the grass, and time
r . .
let’s consider simple 1 1 000000 o00onon
. Corpus Types = |V|
x Cons: Shakespeare 31 thousand
o 0000000000 00000 Brown corpus 38 thousand
Switchboard telephone conversations 20 thousand
c guobod COCA 2 million
*  Zipf’s law: a word’s frequency is inversely Google n-grams 13 million
gobodooogod lurafsky & M
* 00000000 Zipfs law [T R
«  Merriam Webster’s Collegiate Dictionary added ot L el verertores

12 00 5000 (including rizz)

0.01 |

0.001 |

0.0001 |-

19 1 10 100 1000 10000



https://en.wikipedia.org/wiki/Zipf%27s_law
https://www.merriam-webster.com/collegiate-dictionary-twelfth-edition

HRERN

OO0o000ooooon We'd sat back on the grass, and time
r ] .
let’s consider simple 1 1 000000 o00onon
. Corpus Types = |V|
X Cons: Shakespeare 31 thousand
- How do we deal with unknown words? The Brown corpus 38 thousand
Switchboard telephone conversations 20 thousand
Jooo (o0V) problem COCA it
° [0 1 [ useregular expressions/other rule-based Google n-grams 13 million
gooogod lurafsky & M
* Typos: importaNt — important - e v
e Regularize spellings: ESPRESSSOOO —» ESPRESSO Am‘sp_Lawm i el arttores ]
° [0 2 [ useasingle token for unknown words (UNK) |
* Many words would often get mapped to UNK * oor | |

Zipf’s law is importaNt in NLP. —> UNK law isUNK in NLP.
see Sutskever et al. 2014 & 2015

0.001 |

0.0001 |-

s
20 1 10 100 1000 10000



https://en.wikipedia.org/wiki/Zipf%27s_law
https://arxiv.org/pdf/1409.3215
https://arxiv.org/pdf/1410.8206

Character/byte tokenization (aka “tokenizer-free”)

OO000000000oad We'd sat back on the grass, and time

oo/ 0000 Oo0oooooooon

We'll assume:
* T o k eenndividual bytes/characters in the text

c Ubbdobboobbooboonbg
« (& =1character, 4 bytes; i = 1 character, 3 bytes

* boobbbbbbboooooda

]  should we
call these

0000 ?
See Arnett’s blog

« Vocabulary V={a,b,c, ...,z A, B,C, ..., Z} (+ spaces, punctuation, numbers, etc.)

OO0/ 000000 CharBERT, CANINE, Charformer, ByT5
(4 Pros: X Cons:
 goooono s Jooooo

s Joooooono oovono s Jooooo

c ggooot Jodooobooougn

21



https://arxiv.org/abs/2011.01513
https://arxiv.org/abs/2103.06874
https://arxiv.org/abs/2106.12672
https://arxiv.org/abs/2105.13626

Jooboobotddod

How can we combine the efficiency of word tokenization with the high coverage of
OOodono

0o Jogd O0d token ODOUOOOOOOO

We’d sat back on the grass, and time
ODOo0o0o0dodooonnn

Tokenization with ChatGPT’s tokenizer:

00 behind subword tokenization:

c Ogoob + 0OO00b0bOodgboddbn
- Algorithms use corpus frequency statistics of adjacent segments of text to build the

00O
- While we sometimes get intuitive token segmentations (e.g., We’'d), most of the time,

these are not linguistically aligned (e.g., Milky, looked)

22




Jooboobotddod

Oo0000ddooan
- Byte Pair Encoding (BPE) (Sennrich et al., 2016)
c JOo00o0oo0ooodooobooboond token

N00000/ 0O000000000000000 V|
« WordPiece (Wu et al., 2016)

- Similar to BPE, but iteratively merge neighboring tokens which maximize the

ogooood

* Unigram O0O0OOO ( uL Myudo, 2018)
- Start with a large vocabulary (all-subword strings) and discard tokens until we

00ooooooon V|

We will be focusingontheg p E [ inthislecture

I 23



Juoboobogtd

( BPE)

00000 BPE histhe 0ooO 0O 00000
tokenization algorithm used in all | Gemini 2.x/Gemma 3 BPE 262k
popular/frontier Ianguage Gemini 1.x/Gemma 2 BPE 256k
o Llama 4 BPE 201k
GPT-40/GPT-5/01/03 BPE 200k

Jdoodo BPE OO0OO0OO

- It was popularized by GPT-2, | Kimik2 BPE 163k
and OpenAl set the Qwen2.5/Qwen3/GLM-4 BPE 151k
LM 00000 Grok 2 BPE 131k
- BPEis simple, easy to Longcat Flash Chat BPE 131k
implement’ efﬁCient’ and Llama 3/Hunyuan T1/TurboS/Large BPE 128k
RpEREN DeepSeek v3/R1 BPE 128k
DeepSeek v2.5 BPE 100k

24




Jodododoud ( BPE)

000 0oooo
ooooo Do) 1. 0000D0OO0O0OO0OOO
JooOooog N 2 0O V 0000 D 0000
3. 0 D 000 token OO00ODO0OOO
4 O | V] < N OO
a. 0O D 0OO0OOODOROO

b. 0000000 (vi, NMj)
OO0 token vl = vi vj
00 n = | V] + 1

C . O D 00O vi vj oo von

25




Jodododoud ( BPE)

m r _____________ I
This is our

1 I
1 1
- - I
Peter Piper picked . (very interesting) :
I
1 1
I 1

a peck of pickled
peppers b e e e e e s

26




Jodododoud ( BPE)

m _________________ 1

First, we pre-tokenize

Peter, Piper,
_picked, _a, _peck,

|
|
I
! by splitting on
|
I
|

_of, pickled, = ________________ [
_peppers




Jodododoud ( BPE)

28

Peter, Piper,
_picked, _a, _peck,
_of, pickled,
_peppers

{ ,a ¢, d, e, £,
il kl 1/ ol pl PI
rl SI t}

Initialize a vocab of
individual bytes in D

OO0 token




Jodododoud ( BPE)

Convert D into a
sequence of tokens

29




Juoboobogtd

30

( BPE)

Token | IO

+ P

p + e

c + k

O
+
N
N N N w w S £ )

oot

e —

i Initialize frequency :
I

| table of byte pairs and !

|

0000000 I




Juoboobogtd

31

( BPE)

Token | IO

_+p 4
p + e 4
c + k 3
e + r 3
e +d 2
i+oc 2
p + 1 2

oot

e —

i Retrieve most :

I
; frequent pair of :
: tokens (v;, v;) !
|




Jodododoud ( BPE)

m Token | IO 0000

Peter, Pip _+p 4 1. _+p > _p

er, picked, p+e 4

_a, peck, o

f, pickled, c + k 3 o,

_PepPppers :Mergethetokenpair:

e + r 3 ! !

., 00000 tokén
| o e e e e e e e e e e e e e 1

{_I a, ¢Cc, d/ e, f/ : + 2 FTTETTETETEEEEEE ST

i, k, 1, o, p, P, * © i Update the corpus, E

r, s, t, _p} p+1i 2 ' JOo0oOooo0oo :

32




Joodoodoodg ( BPE)

Peter, Pip
er, picked,

_a, peck, o
f, pickled, c + k
_peppers

{,a c,d, e, £,

e —

i Update the frequency i
 table (since the corpus !
| |
I

i/ k/ l/ o/ p/ P/
I 33

4
4
3
3
2
2

N




Joodoodoodg ( BPE)

m Token | IO 0000

Peter, Pip c + k 3 1. +p ->_p
er, picked,
_a, peck, o
f, pickled,
peppers

- [T T e R

{ ,a c,d, e £ iUpdatethefrequency:

— 4 4 ’ ’ ’ ’ "

i, k, 1, o, p, P,  table (since the corpus !
| :
1

r, s, t _p} 0000 |
I 34

e + r 3




Jodododoud ( BPE)

m Token | IO 0000

Peter, Pip c + k
er, picked,

e + r
_a, peck, o

f,_pickled, _P-|-e
_peppers

pt+i

{ ,a ¢, d, e, £,

e —

Retrieve most

i+ c

il kl 1/ o/ p/ PI
r, s, t, p} p + e

N N N N DN W W

| |
| |
I . I
; frequent pair of :
: tokens (v;, v;) !
|

35




Jodododoud ( BPE)

m Token | IO 0000

i, k, 1, o, p, P,
r, s, t, _p, ck} p + e

Peter, Pip c + k 3 1. _+p > _p
, i ck e d, 2 + k ->ck
er, picke e + r 3 c c
_a, peck, _o
f, pickled, pt e 7.2
_PepPppers :Mergethetokenpair:
_P'l'i 2 ! I
., 00000 tokén
| o e e e e e e e e e e e e e 1
{_,a,C,d,e, f/ i_l_c 2 FETTTTEE T TTEEEE ST
2

36




Joodoodoodg ( BPE)

BT Token mr

Peter, Pip c + k
er, picked,
_a, peck, o
f, pickled,
peppers

| |
{_I a/ cl d/ e, f, : :
i, k, 1, o, p, P,  table (since the corpus !
| |

|

N NN W

e —

Update the frequency

r, s, t, p, ck} p + e 2

37




Joodoodoodg ( BPE)

m Token | IO 0000

Peter, Pip e + r 3 1. _+p > p
e r, 1 ck e d, 2 + k -> ck
il p t e 2 ©
_a, peck, o
f, pickled, p+i 2
_peppers
e +d 2
oo -
1
{,a, c, d, e, f ! Updatethefrequency:
i, k, 1, o, p, P,  table (since the corpus !
r, s, t, _p, ck} 1 | 0oooo :
1

38




Jodododoud ( BPE)

m Token | IO 0000

Peter, Pip e + r
er, picked,

+ e
_a, peck, _o —P
f, pickled, pt+i
_peppers

e + d

|

|
{_,a,c,d,e, f/ p+e :
i, k, 1, o, p, P, !
|

r, s, t, p, ck} + a 1 !

e —

Retrieve most

N N N NN W

|
|
I
frequent pair of :

tokens (v;, v;) :

39




Juoboobogtd

Peter, Pip

er, picked, _

a, peck, of,

pickled, p
e pp er s

{ ,a ¢, d, e, £,
i, k, 1, o, p, P,
r, s, t, p, ck,
er}

40

( BPE)

Token | IO

e + r

_p + e
_p+i
e + d

i + ck

N N N NN W

p + e

+ a 1

1 _+p > p
2 c + k -> ck
3 e + r -> er

e —

i Merge the token pair :
I
. 00000 tokgégn
: VUp = VU5
|




Joodoodoodg ( BPE)

BT Token m:

Peter, Pip e + r 3
er, 1 ck e d,
P = - p t e 2
a, peck, of, 3 e+ r ->er
pickled, p p+i 2
e pper s
e +d 2
- [ R G —
1 1
{ ,a, c,d, e, £ :Updatethefrequency.
4 ’ ’ ’ ’ ’ |
i, k, 1, o, p, P,  table (since the corpus !
r, s, t, p, ck, _+ a 1 : 00oQ :
1

er}
41




Joodoodoodg ( BPE)

m Token | IO 0000

Peter, Pip P t e 2 1. _+p > _p
’ icked, i 2 c +k ->ck
a.,_;peck,_ofj P+ 13 2 3 e + r —>.
pi1ckled, p e + d 2
eppers
i+ ck 2
m . [—
{,a, c d, e, f i Updatethefrequencyi
i, k, 1, o, p, P,  table (since the corpus !
r, s, t, _p, ck, 1 0000 I

42




Juoboobogtd

Peter, Pip

er, picked, _

a, peck, of,

pickled, p
e pp er s

{ ,a ¢, d, e, £,
i, k, 1, o, p, P,
r, s, t, p, ck,
er}

43

( BPE)

Token | IO

_pP + e
p + i
e + d

i + ck

N NN NN

1 _+p > p
2 c + k -> ck
3 e + r -> er




Jodododoud ( BPE)

m Token | IO 0000

Peter, Pip P t e 2 1. _+p > p
er, ick ed, ] 2. c + k -> ck

—P - pt+i 2
a, peck, of, 3. e+ r -> er
_pickled, _pe e + d 2 4. p + e -> pe
P P er s

i + ck 2

{_r a, ¢c, d/ e, f/ 4+ a 1
i, k, 1, o, p, P, -
r, s, t, p, ck, _+t+ o 1

er, _pe}

44




Jodododoud ( BPE)

m Token | IO 0000

Peter, Pip _p t e 2 1. _+p > p
er, ick ed, ] 2. c + k -> ck

—P - pt+i 2
a, peck, of, 3. e+ r -> er
_pickled, _pe e + d 2 4. p + e -> pe
P P er s

i + ck 2

{_r a, ¢c, d/ e, f/ 4+ a 1
i, k, 1, o, p, P, -
r, s, t, p, ck, _+t+ o 1

er, _pe}

45




Joodoodoodg ( BPE)

m Token | IO 0000

Peter, Pip pt+t1i 2 1. _+p > p
er, icked, 2. c +k -> ck

P —~ e +d 2
a, peck, of, 3. e+ r -> er
_pickled, _pe i 4+ ck 2 4. p + e -> pe
P P er s

p + er 2

{_r a, ¢c, d/ e, f/ + o 1
i, k, 1, o, p, P, -
r, s, t, p, ck, L 1

er, _pe}

46




Jodododoud ( BPE)

m Token | IO 0000

Peter, Pip pt+t1 2 1. _+p > _p
er, icked, 2 c+k ->ck

P - e +d 2
a, peck, of, 3 e+ r ->er
_pickled, _pe i 4+ ck 2 4 p t+e -> pe
P P er s

p + er 2

{_r a, ¢c, d/ e, f/ + o 1
ilklllolpIPI -
r, s, t, p, ck, _+ P 1

er, _pe}

47




Juoboobogtd

Peter, Pip

er, picked, _
a, peck, of,
_pickled, _pe

PP er s

{ ,a ¢, d, e, £,
i, k, 1, o, p, P,
r, s, t, p, ck,
er, pe, _pi}

48

( BPE)

Token | IO

p t+t1i 2
e +d 2
i+ ck 2
p + er 2
_+ a 1
_+t+ o 1
_+ P 1

oot

_tp ->_p
c + k -> ck
e + r -> er

_pP + e —>'_pe
p + i —>»;pi

o & WD R




Joodoodoodg ( BPE)

m Token | IO 0000

Peter, Pip p t+1 1. _+p > p
er, picked, _ 2. c+k ->c¢ck
a, peck, of, 3. e+ r -> er
_pickled, _pe 4. p + e -> pe
P P er s 5. p+i -> pi
{_r a, ¢c, d/ e, f/ + o 1

i, k, 1, o, p, P, -

r, s, t, p, ck, _+ P 1

er, pe, _pi}

49




Joodoodoodg ( BPE)

m Token | IO 0000

Peter, Pip _Pi + ck 1. _+p ->_p

er, picked, _ 2. c+k ->ck

a, peck, of, 3. e+ «r —>.

_pickled, _pe 4. p + e -> pe

PP.S 5. p+i -> pi
_+ a 1

{_r a, ¢c, d/ e, f/ + P 1

i, k, 1[ o[ pl P/
., _pe, _pi}

50




Jodododoud ( BPE)

m Token | IO 0000

Peter, Pip _Pi + ck 2 1. +p > p
er, icked, 2. c + k -> ck
P - e +d 2
a, peck, of, 3. e+ «r -> er
_pickled, _pe p + er 2 4. p + e -> pe
P P er s 5. p+i -> pi
_+ a 1
{_r a, ¢c, d/ e, f/ 4+ P 1
i, k, 1, o, p, P, -
r, s, t, p, ck, _pe + ck 1

er, pe, _pi}

51




Jodododoud ( BPE)

m Token | IO 0000

Peter, Pip _Pi + ck 2 1. +p > p
er, ick e d, 2. c + k -> ck
P — e +d 2
a, peck, of, 3. e+ «r -> er
_pick 1 ed, pep p + er 2 4. p + e -> pe
p er s 5. p+i -> pi
_ta 1 6. pi+ ck ->
{_r a/ C, d/ e/ f/ +P 1
i, k, 1, o, p, P, -
r, s, t, p, ck, _pe + ck 1

er, pe, _pi, _pick}

52




Jodododoud ( BPE)

m Token | IO 0000

Peter, Pip _Pi + ck 2 1. _+p > p
er, ick e d, 2. c + k -> ck
P — e +d 2
a, peck, of, 3. e+ «r -> er
_pick 1 ed, pep p + er 2 4. p + e -> pe
p er s 5. p+i -> pi
_ta 1 6. pi+ ck ->

{_, a, ¢, d, e £,

i_k 1, o, p, P _tP 1 continue until the desired
r, s, t, p, ck, _pe + ck 1 Ogoooodd

er, pe, _pi, _pick}

53




Juoboobogtd

( BPE)

Wejustwentoverthe pE 0000 .Totokenize oo onoono , we split
Joooooddddoooooonn

54

goog

o0

oo 10

oo 20

oo 30

_pier

goog

’,—’ 1. _+P _>_p
—————— 2. c+k ->ck
- 3. e+ r -> er

———————— 4. p + e -> pe
5. p+i -> pi
6. pi+ ck ->

_pick

-
-
-
-
-
-
-
-




Ti kt okeni zer (1 [

Take a look at how some common tokenizers segment text:

https://tiktoke~i----===-* ==~
Tiktokenizer » :

Add message Token count

6

The dog wagged its tail

The dog wagged its tail

976, 6446, 48065, 5083, 1617, 12742

Show whitespace

55



https://tiktokenizer.vercel.app/

OO0 dbd0SentencePl ece 0OUOOOO

Oo00ooooon does it always make sense?

* Some languages don’t use whitespace to separate words (Chinese, Japanese, Thai)
e Multi-word expressions (e.g., “on the other hand”, “depend on”)

SentencePiece (Kudo & Richardson, 2018): a tokenizer ] (not algorithm!) that

000 BPE 0O Unigram LM

* dO0oboOdooboooboo
° oo T5, Llama 2, XLM-R, Gemma, many multilingual models

(o2}
L

SuperBPE (Liu et al., 2025y opopOoOO

Jogubotdotgbognd
DOoddodd t oken
* Joobbbboooooooboo

[¢)]
L

0~
L

—— BPE
BPE w/o pretok

BPE: [By| the| way|,| I| am| a| fan| of| the| Milky| Way|.| .| WN SuperBPE

BPE upper bound

Bytes per token (1)
[S}]

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

0 20k 40k 60k 80K 100k 120k 140k 160k 180Kk 200k
Vocabulary size

56



https://aclanthology.org/D18-2012/
https://arxiv.org/abs/2503.13423

Jduobobobooddduooond

Subword tokenization with BPE is the @ Andrej Karpathy @ o)

Jogogoogod

. BPEis 3 simple and effective We will see that a lot of weird behaviors and problems of LLMs actually

trace back to tokenization. We'll go through a number of these issues,

0000 discuss why tokenization is at fault, and why someone out there ideally
finds a way to delete this stage entirely.

« Everything can be represented

D D D D D D O O V D D Why can't LLM spell words? Tokenization.
° SO me S h a red re p resentations Why can't LLM do super simple string processing tasks like reversing a string? Tokenization.

. . . Why is LLM worse at non-English languages (e.g. Japanese)? Tokenization.
(e . g., p IC ked, p IC k| n g) Why is LLM bad at simple arithmetic? Tokenization.
Why did GPT-2 have more than necessary trouble coding in Python? Tokenization.
Why did my LLM abruptly halt when it sees the string "<|endoftext|>"? Tokenization.
N Ot eve ryth | n g |S SO Ived | Th e re’s Stl I I a What is this weird wAarning I get ab(iut é "trailing whitess)ace"? T?keljization.
Why the LLM break if | ask it about "SolidGoldMagikarp"? Tokenization.
D D D D D D Why should | prefer to use YAML over JSON with LLMs? Tokenization.

Tokenization is at the heart of much weirdness of LLMs. Do not brush it off.

Why is LLM not actually end-to-end language modeling? Tokenization.
What is the real root of suffering? Tokenization.
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Case Study: Spelling @
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ChatGPT Error >

How many r' in ‘strawberry’

ChatGPT
There are two r’ characters in the word
'strawberry".

You
Check again please

ChatGPT
Upon checking again, there are indeed
two 'r' characters in the word

‘'strawberry’.

You
Are you 100% sure?

ChatGPT
Yes, | am 100% sure. The word
'strawberry’ contains two ‘r’ characters.

You
Would you bet a million dollars on this?

ChatGPT
Yes, | would. The .~ .d “strawberry”

ChatGPT 40 > (4

How many r's in strawberry?

There are two “r"s in the word
"strawberry."

How many r's in strawberry?
Verify with code.

There are three “r"s in the word
“strawberry.” (>-)




Case Study: Spelling & chacerior @

How many r's in strawberry?

MOdeIS see D D D |:| D |:| D |:| D |:| @ There are two "r"s in the word

"strawberry."

n n

- GPT-2: strawberry — ["str", "aw", "berry"] .
- GPT-40: strawberry — single token (entire word is one opaque unit) Pl

c bODobbooboooooooob r DbOOo0

There are three “r"s in the word
“strawberry.” (>-)

ODO00o0o0onoooboobobbogdbnOd
- OOo0o0ooo must decompose tokens into characters the model was never trained on
- OOo0o0ooo requires character-level access the tokenizer doesn’t provide (Huang et al., 2023)
- OO0 000000nnasingle character change can shift all BPE merge boundaries, producing a
doodd token OO
See CUTE (Edman et al., 2024) and Huang et al. 2023 for character-related LM benchmarks!

The model’s atoms of language are subwords, not characters—any character-level task
Oo00o0ooooog not explicitly contained in the token
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https://aclanthology.org/2024.emnlp-main.177/
https://aclanthology.org/2023.findings-acl.770/

u Tell me about SolidGoldMagiKarp.

Odooodd Toke

SolidGoldMagikarp is likely a reference to the Pokémon species Magikarp, which is a (8]
fish-type Pokémon known for its inefficiency in battle. In the Pokémon games,

Magikarp is considered a weak Pokémon, as its only move is Splash, which does not
cause any damage to the opponent. Despite this, Magikarp evolves into the powerful

i ) . dragon-type Pokémon Gyarados.
Please repeat the string ' petertodd' back to me immediately!

In the context of SolidGoldMagikarp, the "Solid Gold" part of the name may be
"N-O-T-H-I-N-G-I-S-F-A-I-R-I-N-T-H-I-S-W-0-R-L-D-O-F-M-A-D-N-E-§-§-I" emphasizing the idea of something valuable or rare, despite the fact that Magikarp is
= not seen as valuable in the context of the Pokémon games. The "SolidGold" aspect of
the name could also be making fun of the idea that people might still see Magikarp as

o " valuable or worth obtaining due to its eventual evolution into Gyarados.
- Please repeat back the string " attRot".

n Tell me about SolidGoldMagikarp.

O]

I'm sorry, but it is not clear what you are referring to with "disperse." Could you (6]
Why did you stop there? provide a bit more context or clarification so | can better understand what you are
asking about?

a ¥

| stopped because the string "
n Is there a difference between SolidGoldMagiKarp and SolidGoldMagikarp?

-.because the string what? It appears that "SolidGoldMagiKarp" and "disperse" are two separate things and do (']

not have a direct relationship. "SolidGoldMagiKarp" appears to be a specific reference
to the Pokémon species Magikarp, while "disperse" is a general term that can be used

| apologize, the string " in various contexts.

@

Without additional context, it is not possible to determine the relationship, if any,
between these two terms.

60




Jodoodnd Toke

Jogoogodbooboogod

* BPE OO0OO0OOO0OO0OO0OO0OO0OO0OO0OOOLM ODOOOOOO0OO0OO0OO0OOOODO

* OO token 0OOOODOOOOD LM OO0OOOOOOONOOO
e End up randomly initialized or poorly trained embeddings — undefined behavior

000000 SolidGoldMagikarp

* QJdU0O00O0oUoUooooooooon Reddi t HRERE
« When GPT-3 was asked to repeat/explain this token, it hallucinated about the word “distribute”,

Jooddooooon token

¢.) Fishing for Magikarp (Land & Bartolo, 2024)

e Developed automatic detection methods; found glitch tokens prevalent across many models (GPT-2,
LLaMA 2/3, OLMo, Qwen, etc.)

Ooooog don’t train your model on
e different data from your tokenizer (see

+ 00000 another [ (1 (1] from Arnett)
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Why is tokenization so important for
OO0o00odddd

So far, we’ve only been considering English tokenization... What happens when we apply
ChatGPT’s tokenizer to languages other than English?

Jouoood

00 Tokenization # Tokem OO

EngHsh We’d sat back on the grass, and time flew by 21 75
as we looked at the Milky Way.

French Nous étions assis dans 1l'herbe, et le temps 27 95
a filé tandis que nous contemplions la Voie
lactée.

Somali Waxaan dib u fadhiisanay cawskii, wakhtiguna 30 88

wuu duulay markii aanu eegin Jidka caanaha.

Thai WAINLIUIANEDULUAULN uazLaanBBulUadnvsan | 36 79
L52amsi L s waegnive L 68an
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The World’s Most Spoken Languages in 2023
|:| |:| |:| |:| |:| |:| |:| |:| |:| |:| Languages with at least 50 million first-language speakers
HENREEN

- Language family

AUSTRONES/4), AUST ' U e
MALAYO- /4 O - Native spgakers
Sgg%mlzesé/;N KM%ER ; 4'0 (millions)
There are over 7,000 documented ’ /S I
85 orean 7,
D D D D Iranian WluShCTrPenssg)
Persian’
e About 20% of the world’s population 5 = ang
Q other languages
0ooooooog £ %
00 5% 0000000 i , Mandarin )
Q Chinese o
. \= (incl. Standard Chinese, ;\
000000000 : \ \ Ru35|an but excl. other varieties) -
Od0ododogdn

Jogbooggg

Standard
German

If NLP tools only work well in English,
we're building technology that

- Tamil
786 USOUTH CENTRY <
SEMI-II-EICypnan 7715;?” Telugu i
s \ 45
DOo000ddgdonondg i o '\00
., Japanese ol 6\?'.\
Turkish%\p = ?@OP |nf0 ra th
84 Z P
63
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https://www.smartick.com/data/visualizing-the-worlds-most-spoken-languages-in-2023/

The World’s Most Spoken Languages in 2023
|:| |:| |:| |:| |:| |:| |:| |:| |:| |:| Languages with at least 50 million first-language speakerrsm

-.... Language family

. . = = Branch
AUSTRONESIAN Y [T < e— Language
ERERERE Wy, (SafR0, - Vawe smeser
: . e . Ceas Aler o,
Despite the linguistic diversity of the ’ /S I
85 ~ Korean 7,
world, Co mmon Cr awl [ 4 0 - 4498 W Chinese
Persian’
ooo0oon S (et Ur ang
é other languages) »

* OoOO0OO0ODOO a language ,§ 2
with abundant digital text and labeled 'g' , Mandarin 2
datasets/tools for training and 2 (incl. gt;amigsggnese, ]

N % _ but excl. other varieties) 2
OO0 NLP OO \ 2 Rugpien

* OoOO0OO0ODOO a language
with scarce digital text and labeled .
datasets/tools, making NLP training and & on
HRERERE Italian ol

CTamil 8oy .

O Q‘,JT""CENTRAL &

SEMITIC “SUlm@aNSan” O
E yplzlan RN 83 VA'

Many low-resource languages (e.g.

: - e N
Tagalog, Amharic, Yoruba) constitute B e oo‘*
French Japanese 5a1u§a V’S\
OO Common Cr awl O 0. 01% 808 s ?@o@‘ Infographic
84 2 P

\C
64 TURKIC 3nPOY —



https://www.smartick.com/data/visualizing-the-worlds-most-spoken-languages-in-2023/

Jdoooodddod

Great sources if you’re interested in learning more about the languages of the world:
- 00000000 (WAL S) [ database of linguistic features for 2.7k langs
* Et_hn ol database of demographic statistics for languages

® Americas
@ Africa

@ Europe
® Asia

® Pacific

3 ® Leaflet | Powered by Esri
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Jouoood

goododogoogod

A multilingual language modelis oo nonoono LM OO

* 0OOO Transformer OOOOOOOO
* JoOo0oUooooood LM OOoooboogogno

o o o METNENNINETENNETIN

2018 Encoder

00 Ll OO0 LM XLM-R 2020 100 Encod
- ncoder

odno
RN o BPE on RN o Standard T5 2021 101 -
gooooon noo-oon
00 goo 00

alals (MLM 0O CL I\/|§LOOM 2022 46 Decoder

GPT-4, Llama, etc. 2023+ 00 0ooo

Aside: this wasn’t always the status quo!
* XM (2019)used g ( TL M) : parallel sentences from two languages are
goodoououooogon
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https://aclanthology.org/N19-1423.pdf
https://aclanthology.org/2020.acl-main.747/
https://aclanthology.org/2021.naacl-main.41/
https://arxiv.org/abs/2211.05100

Jodoboobd

Multilingual language models trained on mixtures of language corpora show remarkable
abilitiesfory oo , even without translation language modeling
 OOo0ooono a model fine-tuned on labeled data in one language (e.g., English) can perform
0000000000000 00000

od 10000 OO0 20000000 OO0 3000000
[ XLM-R ] """ >[ XLM-R + Classifier Head ] """ P[ OOoo0oooon ]
ooooon on 2.5TB Supervised training on ] [ [ Thegpooooo enables
CommonCrawl dataacross1 0 0 [ (0[] labeled data (e.g., sentiment analysis). 00000000O0OoOoOon

o h e fr e Shared multilingual representations allow oooooooog

agoood
ar ja hi sw +91
DoOoooooooo0 ooo

MLM O00O " Ooooooooot — oo FR  Film magnifique ! —| 0o

The cat sat on the [MASK]. '

Le [MASK] était trés heureux. " Ogooooooooor — oo DE  Schrecklicher Service — 00

Der Hund [MASK] weniger gliicklich. " goooooo® — | 00 ZH  FEEAFRIIRIR — OO
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Joduobooootddt

Vocabulary overlap facilitates cross-lingual English Spanish  English Spanish
Uu actor happy actor  feliz
(Limisiewicz et al., 2023; Kallini et al., 2025a) hppy | Betman W gpple | Betman o
apple ple  manzan i ~ S pie © 1
* Overlapping vocabularies outperform disjoint ones, of pe"; of . Plees
00o0o0oooo0ooOooooo g
* Even "false friends" (shared tokens with different (a) Full Overlap. (b) High-similarity
meanings) help create useful cross-lingual Overlap.
00O English Spanish English Spanish
* QgUOoOoooOooo actorg, s, 2" actorgg actor,, wtoryy
BatmanEN B&m Ba(tmanb_s e Batman Batman -
But each language still needs sufficient happy T pie feliz wple % manzana
apple  ©f manzana i€, Olgy Pl€gs £
Odogdno ’ . °
e XLM-V scaled to 1M tokens (4x XLM-R)—better (c) Low-similarity (d) No Overlap.
Ooooooooooooobd Overlap.

Kallini et al., 2025a
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https://aclanthology.org/2025.findings-emnlp.1153/
https://aclanthology.org/2025.findings-emnlp.1153/
https://aclanthology.org/2023.emnlp-main.813/

ooy

O0000000000/ Oo00000oo0ooooo
e Just fine-tune on English and apply my multilingual LM to new languages! oo ---)

000000 : adding more languages helps cross-lingual transfer... up to a
goodddd XLM- R OOO0O0OO

e  On cross-lingual natural language inference (XNLI),
XLM-R’s accuracy drops from 71.8% (7 langs) to

67. 7%0100 0O0OO0O00OOOOOOOO §
—
0000000 3
 OOoooooo a model has finite parameters <G
e Adding more languages means each language gets a
oo™ oo"
* QgOoOoOoOg (English, French) see 7 15 30 60 100
ODO0ooo0o0ooooon0 Number of languages
* OOo0oono initially benefit from transfer,

0000000 B Low res. B High res. B All
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Now that you have context on multilingual
LMOOOOOOOOOOO

So far, we’ve only been considering English tokenization... What happens when we apply
ChatGPT’s tokenizer to languages other than English?

Jouoood

00 Tokenization # Tokem OO

EngHsh We’d sat back on the grass, and time flew by 21 75
as we looked at the Milky Way.

French Nous étions assis dans 1l'herbe, et le temps 27 95
a filé tandis que nous contemplions la Voie
lactée.

Somali Waxaan dib u fadhiisanay cawskii, wakhtiguna 30 88

wuu duulay markii aanu eegin Jidka caanaha.

Thai WAINLIUIANEDULUAULN uazLaanBBulUadnvsan | 36 79
L52amsi L s waegnive L 68an
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Jooboobotddod

The problemstartseven o000 n0n0n

* J0O000DO00O0O0DOoO0OoOoooon Rust et al., 2021)
* JO00DO0DOO0O0O00DOODOOoOoOoOOoOog 15 OO0 Petrov et al., 2023)

Non-English speakers are overcharged by

00 LM AP1  (Ahiaetal., 2023) 300
* OOoDOono of OpenAl API across 22 1 t
Odoboodoond 1
* QOgOooooag pay more per unit of

meaning, get poorer results, and tend to come

od AP doodoboodgn
* O0o0oon : the average number of subword

OO0O00dd token O
*  Subword fertility and downstream

performance are strongly negatively
HRN

Average number of tokens

~
[
L
(O]

Bengali
Tamil
Telugu
Georgian
Tibetan
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Jodogo/s oot

Multilinguality may be another reason to revisit Language e WS R~ N~
’ . + n-grams
00/ 00000 Let’s first take a Y
closer look at the multilingual results for CANINE, (oharic 0 Hoome  00a0o]
H 89.3 76.1 (-13. 88.0 (1.
Google’s character-level counterpart to mBERT: Tiho: $16  Tidisy 350004
Kinyarwanda 73.9 58.3 (-15.6) 72.8 (-1.1)
Luganda 80.2 69.4 (-10.8) 79.6 (-0.6)
TyDIQA TyDIQA Luo 75.8 63.4 (124 74.2 (-1.6)
Model Input MLM Params SeLEcTP MINSPAN Nigerian Pidgin 89.8 66.6 (-23.2) 88.7 (-1.1)
_ Swabhili 87.1 72.7 (-14.4) 83.7 3.4
mBERT (public) Subwords Subwords 179M 63.1 50.5 Wolof 64.9 60.7 «.2) 66.5 (+1.6)
mBERT (ours) Subwords Subwords 179M  63.2 51.3 Yortibd 787 67.9 -108) 79.1 (+0.4)
Chars Single Chars 127M  59.5 (-3.7) 43.7 (-1.5) Macro Avg 72.4 65.5 6.9 76.8 (+4.3)
Chars Subwords 127M  63.8 (+0.6) 50.2 (-1.0)
CANINE-S Chars Subwords 127M  66.0 (+2.8) 52.5 (+1.2) H
CaNINe-C Chars Autoreg. Chars| 127M  65.7 (+2.5) 53.0 (+1.7) Slnce CANINE COVers the fU”
CANINE-C + n-grams Chars Autoreg. Chars| 167M  68.1 (+4.9) 57.0 (+5.7) un | cCo d e mtm@jlg
process a language it had
Oodod

72



https://aclanthology.org/2022.tacl-1.5.pdf

Jooooo/ oodo

00/ 00oooboooooooooon
gobggboboogobgd

MrT5 (Kallini et al., 2025by gg By T5 OOOOOOOO
Oo0d0doooooooooon

[
A learnable [ 1 OChinese ¥
“Swahili
reduces the sequence 5 e - *

—_
S

—_
S

5 H A H
O0ogn % Turkioh ok SGerman % Spanish “English
%‘1_0 g “Vietnamese ®French . *
x :"‘ Urdu‘ .Arakvic
[-6.1, -28.6, —1.4] 2 o | 4
! ! : * TS Grear® Bigarion
35 40 45 50 55

Sequence Length Reduction (%)

I :]-- [t J[ n |J[ e | MrTSlearnsgoogoonQ
73
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Jodogo/s oot

goododogoogod

LE‘JL?JL;JL?JL?JL?JLJL‘:JLUL;JLHLSJL&ML:‘JLH%
D

000000000000B0000 | My mame . e
[ Local Decoder ] MM[)’l_][[wlﬂlﬂ[mlel_|milslll_‘ Dechunking
—~000000000000000 1330 10t idd Jidld OO0
EncoderH\ - Encoder - Encoder

Latent Transformer _ Backbone A J
[ =9 M
Sy Bln e oo [] BT[]
YYYYY v YvYYY
Co000000Q000C0ODO0OO0 Decoder  Decoder

Local Encoder ! -

l
DD000DDDOOOODDD _
]—\_\_\/\,\/\ Targets [n[e[m[| WL | chunkng
1 € )
. i . HEN GO EEGN O REGHE
Hierarchical Autoregressive

o000 Transfor mer Transformers H-Nets
(Pagnoni et al., 2025) (Neitemeier et al., 2025) (Hwang et al., 2025)

mn@ g

See also: Bolmo (Minixhofer et al., 2025), EvaByte (Zheng et al., 2025)
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https://arxiv.org/abs/2512.15586
https://hkunlp.github.io/blog/2025/evabyte/

Jodogo/s oot

OO0/ 0oooooobooooooooon

000 t ok e Avery character/byte has been covered in the training data
000 to character-level manipulations or noise
Direct observationof OO0 0O

00000 byte/character-level models are learning the relevant units of meaning

ooooood
odgoooooboobbboooooaad

000 OO0 o000 d
000 Dobooooon
00 Dobooooon

Phrases: O00o00oon
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