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Tokenizers



Why do we need tokenizers?

Tokenizer: strings <-> tokens (indices)



Tokenization

A cute teddy bear is reading.
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Word -  level tokenizer

Pros:

1.Simple

Cons:

1.Huge vocabulary

2.Very large no of tokens for each input

3.Computationally expensive



Character level tokenizer

Pros:

1.Very low chances of OOV.

2.Handles rare words, typos.

Cons:

1.Very long sequences - memory-inefficient larger 

embedding size, and computationally harder to 

compute attention.

2.Embeddings aren't interpretable.

3.Doesn't leverage knowledge of root.



Byte - level tokenizer

Pros:

1.Limited no of unicodes

2.Vocabulary length within bounds

3.No risk of OOV.

Cons:

1.Embeddings aren't interpretable.

2.Doesn't leverage knowledge of root



Sub - word level tokenizer

Pros:

1.Considers root of the word.

2.Leverages common prefixes and suffixes.

Cons:

1.Risk of OOV, though less than word-level.



Sub - word level tokenizer

The 3 most common sub-word 

tokenizer algorithms are:

1.Byte - Pair Encoding

1.Wordpiece Tokenizer

1.Sentencepiece/Unigram Tokenizer



Byte - Pair Encoding (BPE)



Byte Pair Encoding (BPE)

• Input: corpus of text data.

• Pre-tokenization: splitting text into words. Pre-

tokenization can involve breaking the text at 

spaces, punctuation, or using more complex rules.

• Base vocabulary: all unique characters.

• Each word in the corpus is then represented as a 

sequence of symbols from this base vocabulary. 

"hello" as ['h', 'e', 'l', 'l', 'o'].



Byte Pair Encoding (BPE)

• Pair Merging:

⚬ Bigram Counts: count frequency of adjacent 

symbol pairs in the list of unique words. 

⚬ Merging: The most frequent bigram is then 

merged into a new symbol, and the words in the 

corpus are updated to reflect this merge.

 

⚬ continue iteratively until desired vocab size 

is reached.



Word Freq

cat 10

bat 5

bag 12

tag 4

cats 5

Word Word Freq

c,a,t 10

b,a,t 5

b,a,g 12

t,a,g 4

c,a,t,s 5

Word

• Split the corpus on \s (Pretokenize) and note freq. 

• Split each words into characters

• Form Base vocabulary: a, b, c, g, s, t

Example



Example

Word Freq

c,a,t 10

b,a,t 5

b,a,g 12

t,a,g 4

c,a,t,s 5

Word Freq

c,a 15

a,t 20

b,a 17

t,a,g 4

c,a,t,s 5



Example

Word Freq

c,a,t 10

b,a,t 5

b,a,g 12

t,a,g 4

c,a,t,s 5

• [a,t] ⟶ [at]

Word Freq

c,at 10

b,at 5

b,a,g 12

t,a,g 4

c,at,s 5

[a,g] ⟶ 

[ag]



Example

Word Freq

c,at 10

b,at 5

b,ag 12

t,ag 4

c,at,s 5

[c,at]

[cat]

Word Freq

cat 10

b,at 5

b,ag 12

t,ag 4

cat,s 5

• All the merged rules are stored sequentially.



Tokenization

• To tokenize a text, we run each merge learned from 

the training data in a greedy manner, successively in 

the order we learned them.

• If the word being tokenized includes a character that 

wasn’t present in training corpus, that character 

will be converted to the unknown token (<UNK>).

• GPT-2 and RoBERTa uses bytes as the base vocabulary 

(size 256) and then applies BPE.

• In practice, it is common to add a special end-of-

word symbol like “__”.



WordPiece Algorithm



Wordpiece Algorithm

• The WordPiece algorithm, like Byte-Pair Encoding 

(BPE), is used for subword tokenization, but it 

employs a different approach to determine which 

symbol pairs to merge.

• Adopted as a tokenization technique in language 

models like BERT, DistilBERT, MobileBERT, Funnel 

Transformers, and MPNET



Wordpiece  Algorithm

• The WordPiece algorithm uses special markers to 

indicate word-initial and word-internal tokens, 

which is model specific. For BERT, ## is added as 

a prefix for any word-internal token.

• To form the base vocabulary, split each word by 

adding the WordPiece prefix to all word-internal 

characters. For example, the word “token” would 

be split as:

        token → t ##o ##k ##e ##n



• At each stage, a score is computed for each pair 

of tokens in our vocabulary:

• The pair of tokens with highest score is selected 

to be merged.

• Add the merged pair to the vocabulary and 

continue the process until the  vocabulary 

reaches the desired size.

Wordpiece Algorithm



Example



• We are breaking ties where denominator is less.

• This signifies:

⚬ preferring pairs which occur more wrt to their 

individual occurrence, in comparison to others.

⚬ Also, ties will occur much less with WordPiece.

• Not only for tie-breaking, but preferring pairs 

which are relatively more likely to be seen. 

Tokenization



• Tokenization in WordPiece differs from BPE.

• WordPiece retains only the final vocabulary and 

does not store the merge rules learned during the 

process. 

• To tokenize a word, WordPiece identifies the 

longest subword available in the vocabulary and 

then performs the split based on that subword.

Tokenization



• For example, let’s take the word – fused.

• Vocabulary : 

⚬ ##d, ##e, ##f, ##g, ##i, ##l, ##n, ##o, ##r, 

##s, ##u, ##w, 

⚬ f, s, su, 

⚬ ##er, ##ed

• fused ⟶ [f, ##u, ##s, ##e, ##d] 

Tokenization



• Start with first character, and keep on matching 

with the longest subword present in the 

vocabulary.

• fused ⟶ [f, ##u, ##s, ##e, ##d] 

⚬ f is present

⚬ no bigram of ‘us’, however, unigrams of ##u, 

##s, and bigram ##ed present. Match found.

• fuzed ⟶[f, ##u, ##z, ##e, ##d] (##z not present)

⚬ For BPE: [f, ##u, <UNK>, ##e, ##d] 

⚬ For wordpiece: <UNK>

Tokenization



Appending the vocabulary



Shrinking the vocabulary



SentencePiece Algorithm



Senetencepiece / Unigram Algorithm

• Observation: A single word or sentence can be 

divided into different words using the same 

vocabulary.

• Problem: BPE operates using a deterministic and 

greedy approach.

• Solution: Introduce multiple subword candidates. 

• The algorithm is based on Expectation–

Maximization (EM) algorithm.



Senetencepiece / Unigram Algorithm



Senetencepiece / Unigram Algorithm



Senetencepiece / Unigram Algorithm



Senetencepiece / Unigram Algorithm



Senetencepiece / Unigram Algorithm



Senetencepiece / Unigram Algorithm



Senetencepiece / Unigram Algorithm



Senetencepiece / Unigram Algorithm



Senetencepiece / Unigram Algorithm



Does creating vocabulary and tokenizers 
really help for domain - specific modelling?



Yes, it does.

MatSciNLP - Song et. al. 2023 - evaluated on various 

Material Science (MatSci) tasks.

1.SciBERT & MatSciBERT (tokenized on scientific corpus) 

beats BERT (tokenized on general corpus).

2.MatBERT (tok on MatSci corpus) beats all. 

Tokenizer is one of the essential factors among others.



Thank you
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