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Tokenization & Domains
● Most modern LMs use a Byte-level BPE, they oversegment non-general domains

General Health
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Tokenization & Languages
● Byte-level BPE laos makes vocabulary construction language agnostic.

English Japanese Punjabi
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Tokenization & Languages
● Sequence lengths across languages

Ahia, Orevaoghene, Sachin Kumar, Hila Gonen, Jungo Kasai, David R. Mortensen, Noah A. Smith, and Yulia Tsvetkov. "Do all 
languages cost the same? tokenization in the era of commercial language models." EMNLP 2023
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Tokenization & Languages
● Sequence lengths across languages
● Cost shoots up

Ahia, Orevaoghene, Sachin Kumar, Hila Gonen, Jungo Kasai, David R. Mortensen, Noah A. Smith, and Yulia Tsvetkov. "Do all 
languages cost the same? tokenization in the era of commercial language models." EMNLP 2023

LLM APIs charge per 
token
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● A model that adapts its tokenization to the target domain (language, medical) & 
capture more meaningful context effectively

● Produces less fragmented sequence of tokens than BPE

We want Flexible Tokenization
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● A model that adapts its tokenization to the target domain (language, medical) & 
capture more meaningful context effectively

● Produces less fragmented sequence of tokens than BPE

● Tokenizer expansion is leads to forgetting, Non-latin languages always suffer.

We want Flexible Tokenization
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● Train a model that allows flexible tokenization
● We use an hierarchical byte-level model with gradient based tokenisation.
●

How?
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● Specifically, we use the Hourglass hierarchical transformer model.

How?

Piotr Nawrot et al.. "Efficient Transformers with Dynamic Token Pooling"ACL 20239
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● Tokenization submodule
●
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● Tokenization submodule
● Language Modeling submodule
●
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● Tokenization submodule
● Language Modeling submodule
● Upsampling submodule
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● NTP Loss + BP Loss
○ Previous works: Magnet (Ahia et al, 204)

Model Training : Controlling Tokenization

NTP Loss BP Loss
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Model Training

Boundary Predictor makes discrete 
non-differentiable decisions.

Make the network differentiable 
using the “gumbel softmax 
trick”
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● NTP Loss + BP Loss
○ Previous works (Limitations): 

■ Inflexible tokenization,
■ How many BPs do we need for 20 script?

Model Training across Language Scripts
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● NTP Loss + BP Loss
○ Our work (FlexiTokens):
○ Simpler Loss

Model Training
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● NTP Loss + BP Loss
○ Our work (FlexiTokens):
○ Simpler Loss

Model Training
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● NTP Loss + BP Loss
○ NTP Loss + BP Loss
○ Our work (FlexiTokens):

Model Training
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● Computing alpha α and sigma σ 
○ Average byte counts ratio of English to other languages in the FLORES (//) 

dataset.
○ σ is STD of bytes across FLORES dataset.

Model Training
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● Data
○ 26.2 Billion tokens
○ Languages:

■ English, Spanish [Latin]
■ Russian, Ukrainian [Cyrillic]
■ Hindi Telugu [Devanagari, Telugu lipi]

○ Source: Fineweb & Fineweb2

Experiments
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● Data
○ 26.2 Billion tokens
○ Languages:

■ English, Spanish [Latin]
■ Russian, Ukrainian [Cyrillic]
■ Hindi Telugu [Devanagari, Telugu lipi]

○ Source: Fineweb & Fineweb2
○ Model:

■ 116M (1B) params:
● Tokenization module: 2 (2)
● LM module: 12 (24)
● Upsampling module: 2 (2)

○

Experiments
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● Achieve comparable BPC with even higher compression rate

Pretraining Results: 
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● Achieve comparable BPC with even higher compression rate
○ Implication: higher compute efficiency & runtime

● Higher variance: higher flexibility in how input sequences are fragmented

Pretraining Results: 
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● FlexiTokens consistently produces the least 
number of tokens while maintaining balance 
across languages, even for the unseen 
language Urdu. 

● BPE over-fragments seen (Hindi, Telugu) as 
well as unseen languages (Urdu).

Pretraining Results: 

Average number of tokens per sample obtained in the 
FLORES dataset 
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NER: FlexiTokens outperforms other baselines 

Downstream Results: 
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NER: FlexiTokens outperforms other baselines 

Downstream Results: 
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Downstream Results: 
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XNLI: FlexiTokens outperforms other baselines
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Downstream Results: 
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SIB: FlexiTokens outperforms Binomial baselines
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Downstream Results: 
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Others: FlexiTokens is competitive with other baselines
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Translation: FlexiTokens achieves better translation performance 

Downstream Results: 
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● Compression has its limits

Ablation Results 
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● More layers, better BPC
○ LM submodule > others

Scaling Results
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● BPE breaks down in unseen languages.
● With FlexiTokens, we more semantically meaningful tokenization patterns

Analysis Results

3:9 :year:old :Sponge :Bob :to :Mumbai :in :hyper:tro:phic :cardio:myo:pathy :of :diag:no:sis :was:done.
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● No tradeoffs with English 

Analysis Results: 
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● Emojis crash the BPE tokenizer

Analysis Results
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● Current tokenization methods are not flexible as we change domains. 

● Allow the model find its best tokenization pattern, you get better results. 

● Learnable tokenization like FlexiTokens makes tokenization fair across languages

● Increased inference speed with fewer tokens.

● Future directions involve more scaling to larger sizes

Takeaways
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Thank you
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Collaboration and helpful feedback? 
Please reach out: Owodunni.1@osu.edu 
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● More layers, better BPC
○ LM submodule > others

MiSc: Why Less Tokens is better
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