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Sentence 1 Sentence 2
O Nikog mmrye atnv koudiva. O kopwvoiog e€amAwverai!
Nick went to the kitchen. Coronavirus is spreading!

OSCAR



GREEK CORPORA PRE-TRAINTNG FINE-TUNING

NSP MLM
Class Label Masked BPE
(Answer: No) (Answer: O)

» o
>

T BERT

@B E”‘ ElSEPl [ [MASK]] '"[Em] [E[SEP]]
\_I_l

Sentence 1 Sentence 2
O Nikog mmrye atnv koudiva. O kopwvoidg eéamAwverai!
Nick went to the kitchen. Coronavirus is spreading!




GREEK CORPORA PRE-TRAINTNG FINE-TUNING

NSP MLM
Class Label Masked BPE
(Answer: No) (Answer: O)

P IaN

7

European Parliament

EuroParl

T || Teser - T | (Tiser Downstream task
OSCAR !

Gold Dataset

Sentence 1 Sentence 2 NER: O [ Mavaénvaikég - ORG ] képdioe 2-0.
O Nikog 1Aye arnv koudiva. O kopwvoiés eEamAwverai! [Panathinaikos - ORG] won 2-0.
Nick went to the kitchen. Coronavirus is spreading! NLI: Egaye éva unio. Epaye éva @pouro.

He ate an apple. He ate a fruit.
— ENTAILMENT



Related Work - Multilingual models

Model Languages Vocabulary Size Data Tasks Greek coverage
M-BERT
Devlin et al. (2019) 100 100k Wikipedias MLM + NSP ~1%
XLM
Lample and Conneau (2019) 15 100k Wikipedias MLM + TLM ~1%
XLM-R
Conneau et al. (2019) Wikipedias +

100 250k MLM ~2%

CommonCrawl



Related Work - Monolingual models

e CAMEMBERT - Martin et al. (2019) [ [
o  French, ROBERTA — MLM
o  SOTA in PoS tagging, dependency parsing, NER, and NLI
o Comparison with M-BERT and XLM

e FinBERT - Virtanen et al. (2019) +
o  Finish, BERT — MLM + NSP
o SOTA in PoS tagging, dependency parsing, NER, and text classification
o  Comparison with M-BERT

=
g
e And manymore...l l-~ L

o e.g., forltalian, German, Spanish, Arabic, etc., still on development, no published work
o Usually released on https://huggingface.co/models
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Part of Speech (PoS) tagging
Greek Universal Dependencies Treebank (GUDT) -
Prokopidis et al. (2005, 2017)
17 universal PoS tags (UPoS)

Named Entity Recognition (NER)
Combination of 2 unpublished NER datasets -
loannis Darras and Angeliki Romanou
3 entity types (Person, Organization, Location)

Natural Language Inference (NLI)
Cross-lingual Natural Language Inference (XNLI) -
Conneau et al. (2018)

3 categories (Entailment, Contradiction, Neutral)
Translated in 14 languages.

O Tlwpyoc mye oTo oaAovi . |

t t t t t t
DET PROPN VERB DET NNS PUNCT |
__________________ J
___________________ |
O lMavabnvaikoc kKéEpdioe 2-0 . |

! ! ! t t I

0 B-ORG 0 0 0 I
__________________ J
___________________ |
‘E¢aye €va unio — ‘E¢aye gva ¢ppouTo I

( Entailment) :
__________________ J



Experimental Setup - Baselines

e We compare GREEK-BERT against multilingual language models:

O  M-BERT (cased and uncased) of Devlin et al. (2019)

O  XLM-R of Conneau et al. (2019)
e We also compare with neural baselines operating on word embeddings:
o  BILSTM-CNN-CRF of Ma and Hovy (2016) for PoS tagging and NER
o Decomposable Attention Model (DAM) of Parikh et al. (2016) for NLI
o Use Greek 300-dimensional FastText embeddings of Bojanovski et al. (2017)



Experimental Setup - Baselines

e Possible drawbacks of multilingual language models!
O  Greek are underrepresented (1% in M-BERT, 2% in XLM-R)

O  Over-fragmentation of Greek words, i.e., karnyopouuevo¢ — [K, _Qrt, _n, _yo, _pou, _UEVOS]

o To estimate the level of fragmentation, we introduce Word Fragmentation Ratio (WFR)

Model GUDT (PoS) NER XNLI
M-BERT-UNCASED 2.38 2.43 2.22
M-BERT-CASED 2.58 2.65 2.40
XLM-R 1.82 1.92 1.64
GREEK-BERT 1.35 1.33 1.23

O Hypothesis: Over-fragmentation may harm the performance of multilingual models.

A
- A

. ZnN:1 subword-units(n)
WFR — o




Experimental Setup - Denoising XNLI

® XNLI includes 340k machine-translated training pairs:

o Many of those have been poorly translated.
o  All 340K pairs VS. a subset of 40K high-quality pairs.
o  We estimate the quality using GREEK-BERT as a language model.

Premise Hypothesis
—
MAPASEIYHA, OPIOHEVES NAIKIOKEG OHASEC daiveTal va eivat N H atuoodaipikr pumavon dev prtopel va emnpeacet OAeG TG
£0aI0ONTEC OTNV aTHOODAIPIKE PUTIAVON ATId AAAEC. NAKIAKEG OMAdEG.
-Bounto o eowtepikn. —»  2vvnBopévn

® The 2,500 development and 5,000 test pairs translated by professional translators.




Experimental Results - PoS tagging

Model Accuracy
BILSTM-CNN-CRF (Ma and Hovy, 2016) 97.0+0.14
M-BERT-UNCASED (Devlin et al., 2019) 97.8 £0.03
M-BERT-CASED (Devlin et al., 2019) 98.1+0.08
XLM-R (Conneau et al., 2019) 98.2 £ 0.07
GREEK-BERT (ours) 98.1+0.08

®  BILSTM-CNN-CRF performs clearly worse, but the difference from the other models is small (0.8-1.2%).

XLM-R is marginally (+0.1%) better than GREEK-BERT and M-BERTSs.

®  PoStagsin Greek can be determined by considering mostly the word's suffix — context is not always
required




Experimental Results - NER

Model Micro-F1
BILSTM-CNN-CRF (Ma and Hovy, 2016) 76.4 +£2.07
M-BERT-UNCASED (Devlin et al., 2019) 81.5+1.77
M-BERT-CASED (Devlin et al., 2019) 82.1+1.35
XLM-R (Conneau et al., 2019) 84.8+1.50
GREEK-BERT (ours) 85.7 £ 1.00

®  GREEK-BERT outperforms the rest of the methods, quite comparable with XLM-R.
e NER s clearly more difficult than PoS tagging — easier to distinguish better methods.




Experimental Results - NER

Entity type GREEK-BERT XLM-R
PERSON 88.8 +3.06 85.2+1.25
LOCATION 88.4 +0.88 88.5 +0.86
ORGANIZATION 69.6 +4.28 68.9 £ 5.62

e Both are more accurate with persons and locations.
®  GREEK-BERT is better on persons. Comparable on locations.
e Both struggle with organizations. Why?

MmiokoTa MatradommoUAou , ABAETIKO MTTIApTTdO
PERSON LOCATION



Experimental Results - NLI

10% high quality
Model Accuracy
DAM (Parikh et al., 2016) 61.5 +2.07
M-BERT-UNCASED (Devlin et al., 2019) 65.7+1.01
M-BERT-CASED (Devlin et al., 2019) 64.6 £1.29
XLM-R (Conneau et al., 2019) 70.5+0.69
GREEK-BERT (ours) 71.6 £ 0.80

® GREEK-BERT outperforms the rest of the methods.




Experimental Results - NLI

10% high quality all train data
Model Accuracy Accuracy
DAM (Parikh et al., 2016) 61.5 +2.07 68.5+1.71
M-BERT-UNCASED (Devlin et al., 2019) 65.7+1.01 73.9+0.64
M-BERT-CASED (Devlin et al., 2019) 64.6 £1.29 73.5+0.49
XLM-R (Conneau et al., 2019) 70.5+0.69 7731041
GREEK-BERT (ours) 71.6 £ 0.80 78.6 £ 0.62

e Performance improvement with all train data
— noise acting as regularizer — improved generalization




Experimental Results - NLI

Class GREEK-BERT XLM-R
ENTAILMENT 78.8+1.20 78.0+0.70
CONTRADICTION 81.2+0.15 79.7 £0.53
NEUTRAL 75.9+0.74 74.1+0.50

® GREEK-BERT is better across classes.
® Both have difficulties on neutral pairs — often confused with contradictions.
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Conclusions

® Introduced GREEK-BERT, transformer-based language model pre-trained on Greek large corpora.

® SotAin PoS tagging, Named Entity Recognition and Natural language inference.

® Both GREEK-BERT and our code are publicly available ( https://github.com/nlpaueb/greek-bert, (& )

e e e T I i T T T I -
i import torch I
» from transformers import * i

1

; # Load model and tokenizer .
tokenizer greek = AutoTokenizer.from pretrained('nlpaueb/bert-base-greek-uncased-vl) 1
Im model greek =

I AutoModelWithLMHead. from pretrained('nlpaueb/bert-base-greek-uncased-vl)

# EXAMPLE I
text 1 = 'O mointig éypaye &va [MASK] .'
I # EN: 'The poet wrote a [MASK].'

input ids = tokenizer greek.encode(text 1) 1
print(tokenizer greek.convert ids to tokens(input ids)) i
! # ['[CLS]', 'o', 'mouning', 'eypaye', 'eva', '[MASK]', '.', '[SEP]']
| outputs = Im model greek(torch.tensor([input ids])) [0]

* print(tokenizer greek.convert ids to tokens(outputs([0, 5].max(0) [1].item())) 1
# the most plausible prediction for [MASK] is "song"



https://github.com/nlpaueb/greek-bert

Thank you!




