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Reminder on BERT & WordPieces



Neural language model based on Transformers[1]

→ Contextualized embeddings

BERT: General Idea

[ Pass, the, rubber, band ]

BERTBERT

[ This, band, rocks, ! ]

[0.817, -2.839, …, 1.371] [1.914, -1.372, …, 0.084]



[ fun, ##am, ##bu, ##list ]

Tokenizes unknown tokens into known WordPieces

BERT: Handling OOVs with WordPieces

funambulist

input actual input

WordPiece 
tokenization

BERT

##list##bu##amfun



Raised Issues



● More convenient to handle actual “words”

● Added complexity to
○ Word Similarity Tasks: how to aggregate ?
○ NER Tasks: which wordpieces to tag ?

Unnecessary Complexity



● Re-training original BERT
→ keep a general-domain vocabulary

Specialized Domains

Tokenization of medical terms produced by vocabularies from different domains
General Vocabulary: BERT’s vocabulary | Medical Vocabulary: PubMed & MIMIC-III



Proposed Solution



● Inspired by ELMo[3]

● Drops the WordPieces

● Uses a CharacterCNN
→ Open-Vocabulary
→ Character-level
→ 1 word = 1 vector

CharacterBERT[2]

Context-independent representation in BERT vs. CharacterBERT



BERT vs. CharacterBERT



● Same pre-training conditions*
● Medical models = general models + re-training

Pre-training



● Multiple evaluation tasks (clinical & bio-medical)

Evaluation



● Account for variance: 10 random seeds

→ Single model score: mean ± std

→ Ensemble model score
- STS: average similarity
- Other tasks: majority vote

Evaluation



Results



Performance on the test set: single model in blue, ensemble in orange
and best model on validation set in red.



Same results in 1st, 2nd and 3rd quartiles of the score distribution over the 10 seeds.



● Noisy versions of the MedNLI task

○ Noise = delete, swap, introduce random chars.

○ Noise level = probability of changing a char.

Robustness to Noise



Robustness to Noise



● Single downside: longer pre-training (108% slower)

→ pre-trained models are available [link]

Downsides of CharacterBERT

Avg.
+19%

Avg.
-14%

https://github.com/helboukkouri/character-bert


Conclusion



● CharacterBERT: CharacterCNN instead of WordPieces
○ More convenient
○ Improved performance (⅘ tasks)
○ Improved robustness

→ Price: slower pre-training
→ Possible solution: contrastive pre-training ?

Conclusion



Thank you for listening 😊

Code & Pre-trained models:

https://github.com/helboukkouri/character-bert

https://github.com/helboukkouri/character-bert
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