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Name Entity Recognition (NER) is
a very important and basic task in
traditional NLP tasks. In the
biomedical field, NER tasks have been
widely used in various products
developed by various manufacturers.
These include parsing, QA system, key
information extraction or replacement
in dialogue systems, and the practical
application of knowledge parsing. In
different fields, including bio-medicine,
communication technology, e-
commerce etc., NER technology is
needed to identify drugs, diseases,
commodities and other objects. This
implementation focuses on the CLING
2022 SHARED TASK's(Lee et al.
2022) NER TASK in biomedical field,
with a bit of tuning and
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experimentation based on the language
models.
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1 Introduction & Related work
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1.1 NER implementations based on LSTM or
GRU layers
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1.2 Transformer-Based Implementations
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1.3 Our Approach
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2 Method

2.1 Data
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2.2.1 Model Structure
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2.3 Fine-tuning
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2.3.1 Layered learning rate
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BERT+Cross Entropy BERT+CRF

k Precision Recall F1 Precision Recall Fl1

1.0 0.764 0.667 0.705 0.709 0.715 0.702
1.1 0.751 0.682 0.709 0.726 0.718 0.718
1.2 0.754 0.696 0.719 0.767 0.697 0.726
1.3 0.748 0.669 0.702 0.772 0.676 0.717
14 0.741 0.650 0.693 0.766 0.679 0.716

%= K2 CRFe¥f 9 5% %
BERT RoBERTa BART

k Precision  Recall F1 Precision  Recall F1 Precision  Recall Fl1
1.1 0.726 0.718 0.718 0.710 0.712 0.706 0.753 0.677 0.709
12 0.767 0.697 0.726 0.760 0.700 0.723 0.742 0.698 0.714
1.3 0.772 0.676 0.717 0.770 0.672 0.714 0.746 0.705 0.716
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2.3.2 Warm-up and Decay
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CUDA cores: 2496
GPU RAM: 12.68GB
CPU cache size: 56320 KB

4 Experiments

4.1 About k and CRF
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2.3.3 Other details
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3 Electronically-available Resources

CPU: Intel(R) Xeon(R) CPU @ 2.20GHz
GPU: 1xTesla K80
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4.2 Replacing BERT to other models
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5 Conclution
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