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31 3-2"o A ARkgE ASMRS ¢14)8l= 67F4 DNN R =lo] A8 i

Model Accuracy

(@ single dense layer on audio 40.0 %
(® 2D CNN on MelSpectrogram 30.0 %
(© 4 layer of 2D CNN on MelSpectrogram 85.0 %
(@ 1D CNN on MelSpectrogram 86.0 %
(® 4 Layers of 1D CNN on MelSpectrogram 87.7 %
() 4 Layers of 1D CNN after fine tuning on MelSpectrogram 95.4 %
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Abstract
DeepASMR: Deep Learning-based

ASMR Platform

Jee Young Moon
Electrical and Computer Engineering

The Graduate School

Seoul National University

Recently, there has been growing interests for “special” sounds that
can trigger psychological comfort, called ASMR (Autonomous Sensory
Meridian Response), and related businesses have already started to
bloom. However, there exists the low productivity issue for ASMR
sound creation as the process of creation takes a long time with
tremendous amount of effort. This dissertation proposes DeepASMR,
an ASMR platform based on deep learning to tackle this issue.
DeepASMR uses DNN to collect and classify ASMR sounds, and to
create new ASMR sounds based on existing ones. Our proposed DNN
model can increase the accuracy of classification of ASMR sounds up
to 959, surpassing the existing DNN models used for noise or music
classification. This makes it efficient to collect ASMR sounds from
the internet and create a database, thus letting users choose their
ASMR trigger sounds easily. We can also generate new ASMR
sounds using DNN by modifying or merging trigger sounds. We
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constructed the generation DNNs using the VAE (Variational
Autoencoder) model and the GAN (Generative Adversarial
Network) model. When these newly-created ASMR sounds are
given to our classification DNN as inputs, the accuracy was
over 70%, indicating that the proposed DNNs generated
high—quality ASMR sounds.

keywords : ASMR, Deep learning, classification, generation,
VAE, GAN
Student Number : 2019-24791
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