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BioBERT, SciBERT, LegalBERT,
FInRBERT, BERTweet,
PubMedBERT...



Table 28: Statistics of the pretraining corpus.

MODU CC-100-Kor NAMUWIKI NEWSCRAWL PETITION Total [ ] N e w s
# Sentences 167TM 103M 14M 183M 5.2M 473M
# Words 1.892,814,395 1,593,887,022 265,203,602 2,716,968,038 50,631,183  6,519,504,240 os o
size (GB) 18.27 15.46 2.52 25.87 0.53 62.65 ¢ W||(|
Pretraining Corpora We gather the following five publicly available Korean corpora from diverse sources to cover a 00
broad set of topics and many different styles. We combine these corpora to build the final pretraining corpus of size
approximately 62GB. See Table 28 for overall statistics: ° w eb c I"QW|

« MODU : Modu”' Corpus [98] is a collection of Korean corpora distributed by National Institute of Korean Lan-
guages.’? It includes both formal articles (news and books) and colloquial text (dialogues).

+ CC-100-Kor : CC-100" is the large-scale multilingual web crawled corpora by using CC-Net [136]. This is used for
training XLM-R [26]. We use the Korean portion from this corpora.

+ NAMUWIKI : NAMUWIKI is a Korean web-based encyclopedia, similar to Wikipedia, but known to be less formal.
Specifically, we download the dump created on March 2nd, 2020.>*

+ NEWSCRAWL : NEWSCRAWL consists of 12,800,000 news articles published from 2011 to 2020, collected from
a news aggregation platform.

* PETITION : Petition is a collection of public petitions posted to the Blue House asking for administrative actions on
social issues. We use the articles in the Blue House National Petition® published from August 2017 to March 2019.%

KLUE: Korean Language Understanding Evaluation (Park et al., 2021)
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Don't Stop Pretraining: Adapt Language Models to Domains and Tasks (Gururangan et al., 2020)
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Table 28: Statistics of the pretraining corpus.

MODU CC-100-Kor NAMUWIKI NEWSCRAWL PETITION Total [ ] N e w S
# Sentences 167TM 103M 14M 183M 5.2M 473M
# Words 1.892,814,395 1,593,887,022 265,203,602 2,716,968,038 50,631,183  6,519,504,240 os o
size (GB) 18.27 15.46 2.52 25.87 0.53 62.65 ¢ W||(|
Pretraining Corpora We gather the following five publicly available Korean corpora from diverse sources to cover a 00
broad set of topics and many different styles. We combine these corpora to build the final pretraining corpus of size
approximately 62GB. See Table 28 for overall statistics: ° w eb c I"QW|

« MODU : Modu”' Corpus [98] is a collection of Korean corpora distributed by National Institute of Korean Lan-
guages.’? It includes both formal articles (news and books) and colloquial text (dialogues).

+ CC-100-Kor : CC-100" is the large-scale multilingual web crawled corpora by using CC-Net [136]. This is used for
training XLM-R [26]. We use the Korean portion from this corpora.

+ NAMUWIKI : NAMUWIKI is a Korean web-based encyclopedia, similar to Wikipedia, but known to be less formal.
Specifically, we download the dump created on March 2nd, 2020.>*

+ NEWSCRAWL : NEWSCRAWL consists of 12,800,000 news articles published from 2011 to 2020, collected from
a news aggregation platform.

* PETITION : Petition is a collection of public petitions posted to the Blue House asking for administrative actions on
social issues. We use the articles in the Blue House National Petition® published from August 2017 to March 2019.%

KLUE: Korean Language Understanding Evaluation (Park et al., 2021)
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(PT = RoBERTa)

PT YAV . 34.5 273 19.2

News | 54.1 100.0 . 249 17.3

Vocaobulary Overlop

40.0 100.0 . 12.7

LRI 100.0 . o ..c*,_ 41“2' Eﬂ-".‘;l

cs | 19.2 17.3 12.7

Reviews | 34.5

BioMed | 27.3 24.9

21.4 100.0

* News, Reviews, BioMed, Computer Science
PT News Reviews BioMed CS ) News' Reviews -) 19'**

Figure 2: Vocabulary overlap (%) between do-
mains. PT denotes a sample from sources similar to
ROBERTA’s pretraining corpus. Vocabularies for each
domain are created by considering the top 10K most
frequent words (excluding stopwords) in documents
sampled from each domain.

Don't Stop Pretraining: Adapt Language Models to Domains and Tasks (Gururangan et al.. 2020)



Dom. Task ROBA. DAPT —DAPT
BM CHEMPROT 81.9,9 84.2p9 79.44 3
fRCT 87.201 87.601 86901
s ACL-ARC 63.0558 75495 6644,
SciERC 77.31_9 80.81_5 79.20.9
HYP. 86.60_9 88.2; 9 76.44.9

NEWS
TAGNEWS| 93.955 93.9,5| 93.505
REV JrHELPFUL 65.134 66.51 4 65.193
* fIMDB 95.002 95.40-5| 94.194

Table 3: Comparison of ROBERTA (ROBA.) and
DAPT to adaptation to an irrelevant domain (-
DAPT). Reported results are test macro-/, except for
CHEMPROT and RCT, for which we report micro-F7,
following Beltagy et al. (2019). We report averages
across five random seeds, with standard deviations as
subscripts. } indicates high-resource settings. Best task
performance is boldfaced. See §3.3 for our choice of

irrelevant domains.

Don't Stop Pretraining: Adapt Language Models to Domains and Tasks (Gururangan et al.. 2020)
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Dataset BERT PubMedBERT | 4GB | 8GB 12GB
NCBI-disease 84.3 87.8 87.7 | 871.9 88.0
HoC 79.0 82.3 81.1 | 825 81.4
PubMedQA 54.4 55.8 549 | 534 552

Table 2: Performance comparison of pre-trained language models. The models are evaluated on the tasks using

the same fine-tuning process. All of our experimental models are pre-trained for 67K steps.

The Effects of In-Domain Corpus Size on pre-training BERT (Sanchez et al.. 2022)
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* 00V (Out Of Vocabulary), UNK (Unknown Token)

* e.g. L= 25 10l UCt

- 'LV, ‘##=", ‘2", '(UNK)', "W, "##Ct')



from transformers import BertTokenizer

tokenizer = BertTokenizer.from_pretrained("klue/bert-base")
v/ 3.9s Python

tokens = tokenizer.tokenize("AMHo|UE Ao A0 2tGtAHof| 2|5t Of2iet ZELICH!")
print(tokens)

v/ 0.0s Python

[I)él.tgl' I##Q_II' I##OEII' 1 _|?|_I' I##_H_I' '##Jél" I##QII' I##AII' I##icﬂl' I##O"l' l##_Tllll.l, I##jil.l' l##ﬁ'l, l##xo-|l' I##O'"I' IQ‘IEI_I' I##El' IOI_EHI'
l##gl_l, IE-I' I##ﬁl' I##LIEI_I]

e = tokenizer.tokenize(--g‘aala$ﬁ§9|A|§um%+ﬂ@m| ojsiel ofzfel ZBLICH)
print(tokens)

v/ 0.0s

Python

[I[UNK]I’ |9_%I_|' |##|I:|_;||' |OI_EH|, I##QI'I; |El' l##al' '##L‘IEI'I]




class WordpieceTokenizer(object):
"""Runs WordPiece tokenization."""

def __init_ (self, vocab, unk_token, max_input_chars_per_word=100):
self.vocab = vocab
self.unk_token = unk_token
self.max_input_chars_per_word = max_input_chars_per_word

def tokenize(self, text):

Tokenizes a piece of text into its word pieces. This uses a greedy longest-match-first algorithm to perform
tokenization using the given vocabulary.

For example, “input = "unaffable"' wil return as output " ["un", “"##aff", "##able"] .

Args:
text: A single token or whitespace separated tokens. This should have
already been passed through xBasicTokenizerx.

Returns:
A list of wordpiece tokens.



output_tokens = []
for token in whitespace_tokenize(text):
chars = list(token)
if len(chars) > self.max_input_chars_per_word:

output_tokens.append(self.unk_token)
continue

sub_tokens = []

while start < len(chars): ol [
end = len(chars) O' |o*= “I 9&09_1
cur_substr = None

XA EFRI9! Charocter0lAf
) §

while start < end:

=
j:b::;r: :";’oin(chars[start:end]) E$ [UN K] I{E |1 l- 5' cc

substr = "##" + substr
if substr in self.vocab:
cur_substr = substr
break
F=Ya Y. I
if cur_substr is None:
is_bad = True
break

sub_tokens.append(cur_substr)
start = end
if is_bad:
output_tokens.append(self.unk_token)
else:

output_tokens.extend(sub_tokens)
return output_tokens
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Pretraining From Scratch1t HI2HAISt

2. VocabZ 00l AH2 2HECH (22 =MI2!2| CorpusE 0I125104)

3. 1= KoELECTRA Vocabll i22 SHHE 1t
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1. KoELECTRA Vocob= 2UHE &L}

2. VocabZ 00l AH2 2HECH (22 =MI2!2| CorpusE 0I125104)

3. 1= KoELECTRA Vocabll i22 SHHE 1t

Vocabulary Expansion
-> 11Z 35,000TH2! KoELECTRA Vocab0il EHHE O F1t
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Given a domain-specific corpus D, the occur-
rence probability of corpus D is formulated as:

-200

-210

| D|
220 P(D) =) log(P(x)), 3)
x

-230 : :

where x represents tokenized sentence in corpus
-240 D.
-250 —e—incre vocab
g6q DERTvocab PubMedBERT vocab * Occurrence Probabilitydl= AISTH WS A2

30 40 50 60 70 80 90 100
* U tokenl| ERHITOIFZ - 22 Y

Figure 4: The P(D) of different vocab sizes under . _ a Xt SAKOIT M NICHE-
biomedical domain. We use the BERT’s vocabulary as 30K -> 40K 2 2t T TH 22RO, 2 0IFTEI=

the 30k vocabulary without vocabulary expanding. The L 201
PubMedBERT vocabulary is also 30k. N
« XIQ| AL0|ZE 22'2| 1IZ0H S THEHSHS &

Adopt-and-Distill: Developing Small, Fast and Effective Pretrained Language Models for Domains (Yao et al., 2021)
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BioMed CS News Reviews

[inc, ub, ated] — incubated [The, orem] — Theorem [t, uesday] — tuesday [it, ’s] — it’s

[trans, fect] — transfect [L, em, ma] — Lemma [ob, ama] — obama [that, 's] — that’s
[ph, osph, ory] — phosphory [vert, ices] — vertices [re, uters] — reuters [sh, oes] — shoes
[mi, R] — miR [E, q] — Eq [iph, one] — iphone [doesn, 't] — doesn’t
[st, aining] — staining [c], ust, ering] — clustering [ny, se] — nyse [didn, ’t] — didn’t
[ap, opt, osis] — apoptosis [H, ence] — Hence [get, ty] — getty [can, ’t] — can’t

[G, FP] — GFP [Seg, mentation] — Segmentation [inst, agram] — instagram [1, 've] — I've

[pl, asm] — plasm [class, ifier] — classifier [bre, xit] — brexit [b, ought] — bought
[ass, ays] — assays [Ga, ussian] — Gaussian [nas, daq] — nasdaq [you, 1] — you’ll
[ph, osph, ory, lation] — phosphorylation  [p, olyn] — polyn [ce, 0] — ceo [kind, le] — kindle

Table 4: Samples of token sequences with large JSD between base and domain corpora sequence distributions; all
of these sequences were added during AT to the Roberta-Base tokenizer.

‘incubated’ B EHO1TH FTHEITH
=) ‘inc’, 'ub’, 'ated’ 2l embedding®| 2o X1|2H

Efficient Domain Adaptation of Language Models via Adaptive Tokenization (Sachidananda et al.. 2021)



AT = Adoptive Tokenization

Domain Task RoBERTa I DAPT TAPT DAPT + TAPT | AT (Mean) AT (Proj) ” State-of-the-art (in 2020)
BiOMed‘ ChemPrOt 81-91.0 M_Z_ 82.60.4 84.40.4 83.60.4 83.103 84,6
RCT 87.20.1 87.60.1 87.70.1 87.80.1 87.50.4 87.60.3 929
cs* ACL-ARC 63.05.8 7545 5 6741 8 75.65.8 70.12 .0 68.91 .6 71.0
SciERC 77.31.9 80.81.5 79315 81.31.8 814 4 81.2,.2 81.8
News HyperPartisan 86.60 .9 I 88.25 .9 90.45 2 90-06.6 | 93.14 2 91 .65 .5 | I 94.8
Reviews IMDB 95.00.2 | 95.4¢.1 95.50.1 95.60.1 | 95.4¢ 1 95.50.1 I I 96.2

Table 2: Results of different adaptive pretraining methods compared to the baseline RoOBERTa. AT with mean
subword and projective initializations are denoted as AT (Mean) and AT (Proj) respectively. Stddevs are from 5
seeds. Results for DAPT, TAPT, DAPT+TAPT, and state-of-the-arts are quoted from Gururangan et al. (2020). The

highest non-state-of-the-art result is bolded, since the state-of-the-art functions as a performance ceiling, leverag-
ing both domain-specific pretraining and an adapted tokenizer. The best of the three approaches which utilize only
source and domain domain data before fine-tuning (i.e., DAPT and AT) is underlined. *Due to restrictions on ac-
cessible papers in S20RC, The BioMed and CS pretraining corpora used were respectively 33% and 74% smaller
than the versions in Gururangan et al. (2020). Note that state-of-the-art numbers are current at the time of Gururan-

............................................................................................................................................................................................................

..................................................................

Efficient Domain Adaptation of Language Models via Adaptive Tokenization (Sachidananda et al.. 2021)



TokenizerS ™
THAL 22 AR




1)

* Average Number of Subwords produced per words

Subword Fertility

t010iCH = = 8| subword= ZEINXI=}

e.g.

'EAIHIZIAFA IS
=) USAl, "##W, "#HH#Z, "HHAND, "HHA', " ##D, ##X}')

DE7N

'EAIHIZIAFSAIBXE
=) USAl, "#HHAMZY, "HH#AQ, "HH#AG', ##XL')

-> Z51

2.0

1.

(]

Fertility
5

0.

ot

mm  Monolingual
EEm mBERT

0.0

AR EN FI I KO

Language

Figure 2: Subword fertility (i.e., the average number of
subwords produced per tokenized word (Acs, 2019)) of
monolingual tokenizers versus the mBERT tokenizer.

How Good is Your Tokenizer? On the Monolingual Performance of Multilingual Language Models (Rust et al., 2021)



2) % of continued words

o
&

EEN Monolingual

. . 0.6 s mBERT
* The number of words that were split into ot least two 1
503
+ 214 270 0IA2) subword® XIS B0 (R U E X %) " I I I || I
" sl
e.g. AR EN FI1 ID Lan.;;:age KO RU TR ZH
o g!-mo.“ -> [‘g!'mo."'] X Figure 3: Proportion of continued words (i.e., words
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3.3. Difficulty of Task
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One of the emerging puzzles for law has been that while general
pretraining (on the Google Books and Wikipedia corpus) boosts
performance on a range of legal tasks, there do not appear to be any
meaningful gains from domain-specific pretraining (domain pre-
training) using a corpus of law. Numerous studies have attempted to
apply comparable Transformer architectures to pretrain language
models on law, but have found marginal or insignificant gains on
a range of legal tasks [7, 14, 49, 50]. These results would seem to
challenge a fundamental tenet of the legal profession: that legal lan-
guage is distinct in vocabulary, semantics, and reasoning [28, 29, 44].
Indeed, a common refrain for the first year of U.S. legal education
is that students should learn the “language of law”: “Thinking like
a lawyer turns out to depend in important ways on speaking (and
reading, and writing) like a lawyer.” [29].

Legal-BERT| Al FA| A¥IHECH IX| Q4CH

When Does Pretraining Help? Assessing Self-Supervised Learning for Law and the CaseHOLD Dotaset (Zheng et al., 2021)

We hypothesize that the puzzling failure to find substantial gains
from domain pretraining in law stem from the fact that existing fine-
tuning tasks may be too easy and/or fail to correspond to the domain
of the pretraining corpus task. We show that existing legal NLP
tasks, Overruling (whether a sentence overrules a prior case, see
Section 4.1) and Terms of Service (classification of contractual terms
of service, see Section 4.2), are simple enough for naive baselines
(BILSTM) or BERT (without domain-specific pretraining) to achieve
high performance. Observed gains from domain pretraining are
hence relatively small. Because U.S. law lacks any benchmark task
that is comparable to the large, rich, and challenging datasets that
have fueled the general field of NLP (e.g., SQuAD [36], GLUE [46],
CoQA [37]), we present a new dataset that simulates a fundamental
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Table 4: Performance with different pre-

training strategies
Model Loss Accuracy F1 Score
Vanilla BERT 0.38 0.85 0.84
FinBERT-task 0.39 0.86 0.85
FinBERT-domain 0.37 0.86 0.84

Bold face indicates best result in the corresponding met-
ric. Results are reported on 10-fold cross validation.

1%....!

FinBERT: Financial Sentiment Analysis with Pre-trained Language Models (Araci, 2019)
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FinBERT: Financial Sentiment Analysis with Pre-trained Language Models (Araci, 2019)
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