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INTISARI

Pengguna media sosial terus meningkat, mencapai 62,3% dari populasi
dunia pada 2024. Hal ini menghasilkan banyak unggahan dengan berbagai tujuan.
Ujaran kebencian di media sosial dapat berdampak serius pada kesehatan mental,
terutama bagi generasi muda. Deteksi manual ujaran kebencian memiliki
kelemahan, seperti keterlambatan dan potensi pembatasan kebebasan berbicara
yang berlebihan. Di sinilah deep learning berperan dalam mendeteksi ujaran
kebencian secara otomatis. Penelitian ini bertujuan mengembangkan model deep
learning berbasis ANN untuk mendeteksi ujaran kebencian. Model ini kemudian
dioptimalkan menggunakan Structured Pruning, Unstructured Pruning, dan
Quantization agar lebih efisien. Selanjutnya, model diterapkan untuk
mengklasifikasikan unggahan di media sosial X secara langsung. Hasil penelitian
menunjukkan bahwa Structured Pruning mampu menurunkan FLOP hingga
93,75%. Metode quantization mengurangi ukuran model sebesar 74,21% dan
mempercepat inference time hingga 32,72%, tanpa penurunan performa yang
signifikan. Model klasifikasi hate speech yang dihasilkan mencapai akurasi 90,19%
dan f1-score 89,44%, dengan ukuran 10,71 MB dan inference time 0,37 ms. Model
ini juga berhasil mengklasifikasikan unggahan di media sosial X secara langsung
melalui aplikasi yang dikembangkan, BlockTheTweet.

Kata kunci: deep learning, ujaran kebencian, optimalisasi, pruning, quantization.
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ABSTRACT

The number of social media users continues to grow, reaching 62.3% of the
global population in 2024. This increase has led to a vast number of posts with
various purposes. Hate speech on social media can have serious impacts on mental
health, especially among young people. Manual detection of hate speech has
several drawbacks, such as delays and the potential for excessive restrictions on
free speech. This is where deep learning plays a role in automatically detecting
hate speech. This study aims to develop a deep learning model based on an artificial
neural network (ANN) to detect hate speech. The model is then optimized using
Structured Pruning, Unstructured Pruning, and Quantization to improve efficiency.
Furthermore, the model is implemented to classify posts on the social media
platform X in real time. The results show that Structured Pruning reduces FLOP
by up to 93.75%. The quantization method decreases model size by 74.21% and
speeds up inference time by 32.72%, without significant performance degradation.
The resulting hate speech classification model achieves 90.19% accuracy and an
F1-score of 89.44%, with a model size of 10.71 MB and an inference time of 0.37
ms. Additionally, the model successfully classifies posts on social media platform X
through the developed application, BlockTheTweet.

Keyword: deep learning, hate speech, optimization, pruning, quantization
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