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A Comparative Study on Korean Named Entity Recognition using
Pretrained Language Models
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Abstract

This study compares and analyzes the yearly NER performance of KLUE-RoBERTa and KoELECTRA Korean
pre-trained language models using the named entity analysis data of the “Modu Corpus” from 2020 to 2022. To
ensure fairness, both models were applied with identical preprocessing procedures, tokenizers, training architectures,
and evaluation metrics. The analysis showed that KLUE-RoBERTa achieved 10 - 15 percentage points higher average
Fl-scores than KoELECTRA, with balanced Precision and Recall across major labels such as person names,
institution names, dates, and quantities. In contrast, KoELECTRA recorded high Recall for numerals and
quantity-related labels with fixed formats, but exhibited lower Precision for labels with high contextual dependency,
leading to a lower overall Fl-score. In addition, it was confirmed that the genre distribution, label diversity, and
annotation inconsistencies of the yearly datasets had a direct impact on performance differences.
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Table 1 Dataset by year

Year Number of Main content
sentences

2020 | 7665000 SNS, blogs, etc.

Newspapers, lectures, broadcast

2021 ~161,000 :
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Table 3. Experimental environment

ltem Setting value
Optimizer AdamW
Batch size 16
Epochs 10
Leamning rate 5e-5
Tokenizer token—-label alignment
Metric Precision, Recall, F1-score
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