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ABSTRAK

PERINGKAS OTOMATIS BERITA BAHASA INDONESIA
PADA DOMAIN PEMILU MENGGUNAKAN BART

By:
Muhammad Jawahirul Fanani

Tingginya volume berita online tentang pemilu selama masa pemilu di
Indonesia, yang didorong oleh kemajuan teknologi, dapat menyulitkan publik
dalam memahami informasi esensial terkait pemilu. Penelitian ini mengembangkan
dan mengevaluasi model BART (bart-base) untuk meringkas berita pemilu
berbahasa Indonesia, dengan fokus utama pada optimisasi fokenizer. Beberapa
custom tokenizer berbasis Byte-Pair Encoding dikembangkan menggunakan korpus
bahasa Indonesia. Selanjutnya, model BART di-fine-tuning dan dibandingkan
dengan konfigurasi yang menggunakan fokenizer original sebagai baseline. Hasil
menunjukkan bahwa semua model dengan custom tokenizer secara signifikan
mengungguli baseline. Model 'bart-base-mix' dan 'bart-base-detiknews-pemilu’
mendapatkan evaluasi terbaik, dengan skor tertinggi pada ROUGE-1 mencapai
25,40, ROUGE-2 mencapai 12,95, dan BERTScore mencapai 71,39. Tokenizer
'mix-50k' terbukti paling efisien karena menghasilkan total token paling sedikit dan
mencatatkan ‘waktu. pelatihan' tereepat. Analisis ‘stabilitas Iﬁenunjukkan bahwa
meskipun ' baseline memiliki standar deviasi terendah, model custom mampu
mencapai stabilitas relatif (Koefisien Variasi) yang kompetitif, bahkan
mengungguli baseline pada metrik ROUGE dengan nilai CV terendah mencapai
4,59% pada ROUGE-1 (bart-base-detiknews-pemilu) dan 8,07% pada ROUGE-2
(bart-base-mix). Pada metrik BERTScore bart-base-baseline memiliki nilai CV
terendah yakni sebesar 0,34%.

Kata kunci: peringkas otomatis, transformer, BART, ROUGE, BERTScore
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ABSTRACT

AUTOMATIC SUMMARIZATION OF INDONESIAN NEWS
ON ELECTION DOMAIN USING BART

By:
Muhammad Jawahirul Fanani

The high volume of online news about elections during election periods in
Indonesia, driven by technological advances, can make it difficult for the public to
understand essential election-related information. This research develops and
evaluates a BART (bart-base) model for summarizing Indonesian election news,
with a particular focus on tokenizer optimization. Several custom tokenizers based
on Byte-Pair Encoding are developed using Indonesian language corpus.
Subsequently, the BART models were fine-tuned and compared with a configuration
using the original tokenizer as the baseline. Results show that all models with the
custom tokenizer significantly outperform the baseline. The models ‘bart-base-mix’
and ‘bart-base-detiknews-pemilu’ received the best evaluation, with the highest
scores on ROUGE-1 reaching 25.40, ROUGE-2 reaching 12.95, and BERTScore
reaching 71.39. The ‘mix-50k’ tokenizer proved to be the most efficient as it
generated the fewest total tokens and recorded the fastestt training time. The
stability analysis shows that despite the baseline having the lowest standard
deviation, the custom model is able t0 achieve competitive relative stability
(Coefficient of Variation), even outperforming the baseline on the ROUGE metric
with the lowest CV values reaching 4.59% on ROUGE-1 (bart-base-detiknews-
pemilu) and 8.07% on ROUGE-2 (bart-base-mix). In the BERTScore metric bart-
base-baseline has the lowest CV value of 0.34%.

Keywords: auto summarizer, transformer, BART, ROUGE, BERTScore
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