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Motivation
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Strategies UM

Further Pre-training Vocabulary Extension Training from Scratch Dataset Extension
+ Further Pre-training

 FINnBERT [2] « German LegalBERT [3] « TweetBERT [4] Generally a good idea
« SciBERT [5] « SciBERT [5]
« BioBERT [6]
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Research Questions TLTI

How does the BERT model further pre-trained on texts from the engineering domain perform on the
selected text classification and entity extraction tasks?

How does the BERT model with extended vocabulary and further pre-trained on texts from the
engineering domain perform on the selected text classification and entity extraction tasks?

the selected text classification and entity extraction tasks?

What effect does the extension of labelled data sets have on the performance of the BERT model

3 How does the BERT model, trained from scratch on texts from the engineering domain, perform on
4 on the selected text classification and entity extraction tasks?
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BERT Tum
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Identify articles describing new technologies

2000 articles

Binary classification data set: Label distribution
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Assign articles to topics
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Extract named entities
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Domain Adaptation TUT
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Fine-tuning and Evaluation UM

Named Entity

Binary Topic Classification Recognition

Classification

« HeadTail * HeadTail » Per class precision,

« Oversampling « Accuracy recall and F1 scores +
« Precision, Recall, F1 + 5-fold-cross-validation weighted average.
 5-fold-cross-validation + 5-fold-cross-validation

Strategy Head HeadTnil Tail
Accuracy 0.8 0.81 0.79

Data set Binary classification Topic classification ~NER
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Identify articles describing new technologies TUT
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Assign articles to topics
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Extract named entities
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Overview

Model Binary classification Topic classification NER

(F1) (Accuracy) (Overall F1)
BERT-base 60.22 85.40 86.39
BERT-base-nove 61.68 89.80 87.91
BERT-base-ext1000 62.11 89.00 87.25
BERT-base-ext5000 62.36 86.20 87.89
BERT-base-from-scratch 57.40 89.20 81.92
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Conclusion and Future Work

1. BERT-base-nove performed best on two out of three tasks.

2. BERT-base-ext5000 performed best on one task. — Alternative vocabulary extension strategy.

3. Neither BERT-base-ext1000 nor BERT-base-ext5000 performed worse than the baseline.

4. BERT-base-from-scratch is undertrained — More data and evaluation on downstream tasks during

training.

5. Extending labelled datasets improves the performance of the base model on two out of three

tasks.
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Performance of domain-specific models TUT

Further Pre-training Training from Scratch

Dom. Task ROBA. DAPT —DAPT Field Task Dataset SOTA BERT-Base SCIBERT

CHEMPROT 81.919 84.2p2 7943

Frozen Finetune Frozen Finetune

BM BC5CDR (Li et al., 2016) 88.857  85.08 86.72 88.73 90.01
fRCT 87.201 87.6p1 86.9p1 NER  JNLPBA (Collier and Kim, 2004) 78.58  74.05 76.09 75.77 77.28

Bio e CBI-disease (Doganetal, 2014) = 89.36 =~ 84.06 = 8688 8639 88.57

cs ACL-ARC 63055 75435 664,, ™ PICO™ EBM-NLP (Nye et al, 5078) " ™" 66,30 6144 TISE T EREG T 780K
SCIERC 77319 8085 79200 DEP  GENIA (Kim et al., 2003) - LAS 91.927780.33 90.33 90.36 90.43

: : o . GENIA (Kim et al., 2003) - UAS ! 9284 9184 918 . 9200 91.99

R HYP. 86.609 88.259 76449 REL ChemProt (Kringelum et al., 2016) 76.68 68.21 79.14 75.03 83.64
TAGNEWS 93902 93902 935 NER  SciERC (Luanetal,2018) =~ ! 6420 6358 6524 . 65.77 67.57

t e REL SciERC (Luanetal,2018) na oo 7274 .. 781 ... 7525 ...T99T

- HELPFUL. 65.134 66.514 65.123 CLS ~ ACL-ARC (Jurgens et al., 2018) 67.9 62.04 63.91 60.74 70.98
IMDB 95.002 95402 94.104 - cLg  Paper Field n/a 63.64 6537  64.38 65.71

SciCite (Cohan et al., 2019) 84.0 84.31 84.85 85.42 85.49

[9] Average 73.58 71.16 76.01 79.27
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