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O1 Motivation



Why Compressed Text?

“See” more raw text over the course of training
“See” more text in your context window
Shorter sequence lengths
Tokenizers are compressors
o BPE was invented as a compression
algorithm

The three currently living species are: African savanna elephants,

SentencePiece

Model Input



Beyond Current Tokenizers

e Can we increase the compression rate?
o Using LLMs in the compression
e Can the text in a token be more “visible” to the model



02 Setup
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03 Results
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Arithmetic Coding
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Equal Info Windows

Can we make it easier for the
model to track the AC state
over time?

We reset the AC encoding
(and M1’s context) when N
bits are output

Entropy based segmentation

The_three_currently_living species_are...

AC — 1100100011001001  ree_c

AC —1111000011110011  urrently_1

The_three_currently living species_are:_African_savanna_eleph
ants, African_forest_elephants, and_the_Asian_elephants.

0011101011101000110010001100100111110000111100111001600111111
0001101100001000100000011000111010000110010111110000111011...
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04 Why is it Hard?



Semantics of Tokenization

e Equal Info Tokens dont have a clear alignment to words/morphemes
e The same word—"elephants”—is tokenized in multiple ways

Input Text The three currently living species are: African savanna elephants,
African forest elephants, and the Asian elephants.

SentencePiece | [The] [ three] [ currently] [ living] [ species] [ are] [:]

Tokens [ African] [ ] [s] [al [v] [annal] [ elephant] [s] [,] [ African]
[forest] [ elephant] [s] [,] [ and] [ the] [ Asian] [ elephant] [s]
[.]

EquallnfoAC [The th] [ree c] [urrently 1] [iving ] [species] [ are] [: A] [frical
[b=16,v=65k] | [n sav] [annal [ ele] [phal [nts, ] [Afr] [ican ] [forest ] [eleph]
Tokens [ants, ] [and the ] [Asi] [an e] [lep] [hant] [s.]




Stability of Tokenization
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Stability of Tokenization

e Aligning “tokens” to the text is not well defined

e Sometimes bits cross the “token boundary”

e Two pieces of text with a shared prefix can have the same initial token, but the
information about the “non equal” text actually lives in both tokens

[240, 243] [145, 248] [216, 68]

AR A A5 A5

11110000111160011 1001000111111000 1101100001000100

— N/

The_th|ree c|urrently 1|iving |species| are|: A
| frica|n_sav|anna| _ele|pha|nts, |Afr|ican_|forest_
|eleph|ants, |and the |Asi|an_e|lep|hant]s.




Takeaways  Future Directions

e Training on AC compressed text e Can we make a new stronger
doesn’t work compression algorithm to use as a
e Equal Info Windowing makes it tokenizer?
learnable, but it still loses to o  Without these issues
SentencePiece o More like SentencePiece

e Entropy Based segmentation
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