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• Based on byte-level representation (e.g. UTF-8 encoding) of sentence strings

• Using BPE (byte-pair encoding) to segment byte stream into byte n-grams
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• Pure bytes: maximum 256 possible bytes
• Byte-level BPE (BBPE): any size >= 257, can be compacter than pure characters!
• BBPE has fewer rare symbols and shorter tokenized sentences (runs faster)
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Qualitative Comparison: BPE vs. BBPE

Experimental Results

Noisy Character Set: En-De

3.4K character set with a lot of non-En / non-De ones.

Character-Rich Language: Ja-En

7.9K character set. 99.99% tokens covered by the top 2.4K characters.

Pre-training on multilingual many-to-En, and finetuning on Si-En.  Si 
characters are unseen in the pre-trained model.

Transfer Learning on Unseen Characters

Multilingual Setting: Many-to-En

58 source languages to En. 10.8K character set. 

Compacter than pure characters

Generic and having no OOV tokens

Example: BPE vs. BBPE

Any sentence strings can be represented by bytes. BBPE contains all bytes and 
has no OOV tokens.

Embedding Contextualization

BBPE symbols are finer-grained and more generic. Contextualized embeddings 
(via convolution/RNN) help better disambiguation.

BBPE is less long tail distributed

BBPE has more cross-lingual sharing

Importance of Embedding Contextualization

搡㺔ͭͼ̂戣ก;戣䝬ΨΗΔͭΝ͜ Ask̂questions,̂demand̂proof,̂demand̂evidence.

E8 B3 AA E595 8F ͭE381 A6 ̂E8 A8 BC ก E381 A8 E8 A8 BC E6 
8B A0 ΨE6 B1 82 ΗE381 BE ͭΝ͜

E8 B3 AA 㺔 ͭE381 A6 ̂E8 A8BC ก E381 A8 E8 A8BC E68B A0 Ψ
E6 B1 82 ΗE381 BE ͭΝ͜

E8 B3 AA 㺔 ͭE381 A6 ̂E8 A8BC กE381 A8 E8 A8BC 䝬 ΨE6 B1 
82 ΗE381 BE ͭΝ͜

E8 B3 AA㺔 ͭE381 A6 ̂E8 A8BC กE381 A8 E8 A8BC 䝬 ΨE6 B1 
82ΗE381 BE ͭΝ͜

E8 B3 AA㺔 ͭE381 A6 ̂E8 A8BC กE381 A8 E8 A8BC 䝬 ΨE6 B1 
82ΗE381 BE ͭΝ͜

E8 B3 AA㺔ͭE381 A6 ̂E8 A8BC กE381 A8 E8 A8BC 䝬 ΨE6 B1 82
ΗE381 BE ͭΝ͜

A s k ̂qu est ion s , ̂d em and ̂pro o f , ̂d em and ̂e v id ence .

As k ̂quest ions , ̂d em and ̂pro of , ̂d em and ̂ev id ence .

A s k ̂quest ions , ̂dem and ̂pro of , ̂dem and ̂ev idence .

As k ̂questions , ̂demand ̂pro of , ̂demand ̂evidence .

As k ̂questions , ̂demand ̂proof , ̂demand ̂evidence .

As k ̂questions , ̂demand ̂proof , ̂demand ̂evidence .

搡㺔 ͭͼ ̂ 戣ก ; 戣䝬 Ψ Η ΔͭΝ͜

搡㺔 ͭͼ ̂戣ก ; 戣䝬 ΨΗ ΔͭΝ͜

As k ̂questions , ̂demand ̂pro of , ̂demand ̂evidence .

As k ̂questions , ̂demand ̂proof , ̂demand ̂evidence .

E8 B3 AA E5 95 8F E3 81 97 E3 81 A6 E2 96 81 E8 A8 BC E6 98 8E 
E3 81 A8 E8 A8 BC E6 8B A0 E3 82 92 E6 B1 82 E3 82 81 E3 81 BE 
E3 81 97 E3 82 87 E3 81 86

41 73 6B E2 96 81 71 75 65 73 74 69 6F 6E 73 2C E2 96 81 64 65 6D 
61 6E 64 E2 96 81 70 72 6F 6F 66 2C E2 96 81 64 65 6D 61 6E 64 E2 
96 81 65 76 69 64 65 6E 63 65 2E
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搡�㺔 ͭ�ͼ ̂ 戣�ก ; 戣�䝬 Ψ� Η Δ�ͭ�Ν�͜ A s k ̂�q u e s t i o n s , ̂�d e m a n d ̂�p r o o f , ̂�d e m a n d ̂�
e v i d e n c e .
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