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Motivation
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Background: BERT

1 - Semi-supervised training on large amounts 2 - Supervised training on a specific task with a
of text (books, wikipedia..etc). labeled dataset.
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Background: Domain-specific BERTs

SciBERT

Training corpus: Semantic
Scholar (18% computer
science, 82% biomedical)

Approach: train from scratch

Results: outperforms BERT in
classification tasks on all
considered datasets, achieves
SOTA on some of them

[3]

ClinicalBERT

Training corpus: MIMIC-III
dataset (health records of
hospital admissions)

Approach: train from scratch

Results: outperforms BERT at
readmission prediction

[4]

FinBERT

Training corpus:TRC2—
financial (subset of Reuters’
TRC2, which consists of news
artcles filtered for financial
keywords)

Approach: further pre-train
Results: outperforms other

transfer learning methods in
sentence classification.

[5]
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Research Questions Tum

Does a BERT model pre-trained on texts from engineering domain perform
better on given classification tasks compared to the standard BERT?

Can similar results be achieved by further-pre-training with less data?

Can similar results be achieved by fine-tuning standard BERT on bigger labeled datasets?
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Current progress: Datasets

Articles:
unlabeled
~1.8 M articles

from engineering
magazines.

Article classification:
labeled

2800 articles labeled as
‘good’ (includes information
about a new technology)
and "bad” (doesn’t include
information about new
technology)

Article topic classification:

labeled

250 articles with assigned
topics (i.e. Robotics,
Sensors, AR, etc.)

NER:
labeled

200 articles with
annotated named
entities
(Organisation,
Product, Person,
Material, Event)

© sebis

14



Current progress: Vocabulary (not in BERT)
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Current progress: Baselines

Article classification:

Model: BERT-base-uncased
+ classification head

Accuracy: 0.89
Precision: 0.67
Recall: 0.75
F1:0.71

https://wandb.ai/gjke/Thesis

Article topic classification:

Model: BERT-base-uncased
+ classification head

Accuracy: 0.82

https://github.com/Rokin-Tech/Rokin Dev/tree/RTDev Serqii

NER:

in progress...
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https://wandb.ai/gjke/Thesis
https://github.com/Rokin-Tech/Rokin_Dev/tree/RTDev_Sergii
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http://jalammar.github.io/illustrated-bert/
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