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Digital Music &
Sound Art

» The prizes in the categories “Interactive Art’,
“Digital Communities”, “Digital Musics & Sound
Art” and “Artificial Intelligence & Life Art” are not

awarded annually but alternately every two years

» The “Digital Musics & Sound Art” winners present
their works in the form of concerts conceived as
part of the programme of Ars Electronica
Nightlines.




Authors

Tomomi Adachi is a performer/composer, sound poet,
instrument builder and visual artist. Known for his versatile
style, he has performed his voice and electronics pieces,
sound poetry, improvised music and contemporary music in
site-specific compositions, classical ensembles and groups
of untrained musicians.

Andreas Dzialocha is an artist and developer. His work
consists of digital and physical environments, spaces,

festivals or software for participants and listeners. The
computer itself serves as an artistic, political, social or

philosophical medium.

Marcello Lussana combines music, philosophy and
technology, particularly the interaction between music and
human movement, where body and computer are connected
through a complex understanding of body perception and
interfaces.



Project Introduction

Voices from Al in Experimental Improvisation is an attempt to improvise and interact with a computer software which
“learns” about the performer’s voice and musical behavior. The program named “ tomomibot ” is based on artificial

intelligence (Al) algorithms and enables a voice performer, Tomomi Adachi (human), to perform with his Al learning
independently over time from his past performances.
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artist’s individual style via voice recordings and directly
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joint performance shows how interactive technology
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and Al can influence a (vocal) style.

The work was exhibited at Neue Musik Berlin e.V. in 2018.
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(plugging extra Neural Network
components) \/ (voices

Tomomibot is a software based on a sequential neural 4 generator)
network algorithm, LSTM (Long short-term Memory), a 4
form of sequential neural networks, deciding on which Song 9:— > >\i::7f Text-to-
sound to play next, based on which live sounds it heard recognit \\ | Song
before. The software was designed and developed by ion \k )j \ lezltce)?nue
Andreas Dzialocha. Experimenting with Al sound synthesis USer interface /Q / (tﬁm taking)
algorithms (WaveNet, WaveRNN, FFTNet) the developer (visualisaton) /
Marcello Lussana generated a large database of sounds @
which sound like Tomomi. These sounds serve as the Remote control
sound vocabulary “tomomibot” uses to improvise with (visualisation, camera) Physical avatar

. (stage partner)
human Tomomi.



Sequential Neural Network

Recurrent Neural Network (RNN) Long Short-Term Memory Network (LSTM)

Reference: https.//towardsdatascience.com/how-to-implement-seq2seq-Istm-model-in-keras-shortcutnlp-6f355f3e5639



Sequential Neural Network

Recurrent Neural Network (RNN) Long Short-Term Memory Network (LSTM)

Source = <X1, X2, ... Xm>

Target = <¥1, Y2, ...Yn>
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Gradient Exploding
Gradient Vanishing

Reference: https.//medium.com/@bgg/seq2seq-pay-attention-to-self-attention-part-1-%E4%B8%AD % E6%96%87%E7%89%88-2714bbd92727



Architecture of tomomibot

@& github.com/ad
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# Analyze and categorize slices
for y in slices:

Feature Extraction

MFCC (Mel-Frequency Cepstral Coefficients)

Step1: Pre-emphasis Step2: Signal Framing Step3: Hamming Windowing
s2(n) = s(n) - a*s(n-1) N: 256 or 512 (set of sample) W(n, a) = (1 - a) - a cos(2pn/(N-1)),
a: 0~1 M: N/3 (set of overlap sample) 0<n=N-1

Pre-emphasis Signal Framing Hamming Windowing

Input Sound Signals >;

Fast Fourier Trans.

Output MFCC
Character Vectors

Step6: Discrete Cosine Trans. Step5: Triangular Bandpass Filters Step4: Fast Fourier Transform
C. =5, _Ncos[m*(k-0.5)*n/NJ*E,, Mel(f)=2595%10g10(1+f/700) F(x) = YN=1 F(n)e 2mGR)

m=1 ,2, ceny L f(n) — %Zg:gF(x)elzn(x%)


簡報者
簡報註解
我們只想對某些聲音進行分類，則應構建與揚聲器無關的功能。僅提供有關說話者信息（例如其聲音的音調）的任何功能均無助於分類。換句話說，我們應該提取依賴於音頻“內容”而不是揚聲器性質的特徵。此外，良好的特徵提取技術應模仿人類的語音感知。我們沒有聽到線性範圍的響度。如果我們想將聲音的響度提高一倍，則必須投入8倍的能量。我們的感知系統使用了對數刻度，而不是線性刻度。考慮到這些因素，Davis和Mermelstein在1980年代提出了MFCC。 MFCC模仿人類聽覺系統的響度和音調的對數感知，並通過排除基頻及其諧波來消除說話者相關的特性。
1.預強調（Pre-emphasis）：將語音訊號 s(n) 通過一個高通濾波器
這個目的就是為了消除發聲過程中聲帶和嘴唇的效應，來補償語音信號受到發音系統所壓抑的高頻部分。經過了預強調之後，聲音變的比較尖銳清脆，但是音量也變小了。
2.音框化（Frame blocking）：先將 N 個取樣點集合成一個觀測單位，稱為音框（Frame），通常 N 的值是 256 或 512，涵蓋的時間約為 20~30 ms 左右。為了避免相鄰兩音框的變化過大，所以我們會讓兩相鄰因框之間有一段重疊區域，此重疊區域包含了 M 個取樣點，通常 M 的值約是 N 的一半或 1/3。通常語音辨識所用的音訊的取樣頻率為 8 KHz或 16 KHz，以 8 KHz 來說，若音框長度為 256 個取樣點，則對應的時間長度是 256/8000*1000 = 32 ms。
3.漢明窗（Hamming window）：將每一個音框乘上漢明窗，以增加音框左端和右端的連續性
4.快速傅利葉轉換（Fast Fourier Transform, or FFT）：由於訊號在時域（Time domain）上的變化通常很難看出訊號的特性，所以通常將它轉換成頻域（Frequency domain）上的能量分佈來觀察，不同的能量分佈，就能代表不同語音的特性
5.三角帶通濾波器（Triangular Bandpass Filters）：將能量頻譜能量乘以一組 20 個三角帶通濾波器，求得每一個濾波器輸出的對數能量（Log Energy）
6.離散餘弦轉換（Discrete cosine transform, or DCT）：將上述的 20 個對數能量 Ek帶入離散餘弦轉換，求出 L 階的 Mel- scale Cepstrum 參數. 其中 Ek 是由前一個步驟所算出來的三角濾波器和頻譜能量的內積值，N 是三角濾波器的個數。由於之前作了 FFT，所以採用 DCT 轉換是期望能轉回類似 Time Domain

http://mirlab.org/jang/books/audioSignalProcessing/speechFeatureMfcc_chinese.asp?title=12-2%20MFCC


Feature Extraction

MFCC (Mel-Frequency Cepstral Coefficients) - Taiwan's Frog Sounds Classification

Mel spectrogram
Butler frog waveform

Model Initial Model = Model turning  Testing
SVM 0.8 0.94

Random Forst 0.6

XGBoost

LightGBM

columns

Reference: https://github.com/Yfyangd/frog
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Training Model: LSTM

4 LSTM with 4 dropout function, 1 dense layer (256 to 99 classes)
Param count: 2,152,035

model = Sequential()y " _ Layer (type) Output Shape Param #
model.add(layers.Embedding(input_dim=num_classes, - -
output_dim=num_units, embedding_5 (Embedding) (None, 3, 256) 25344
input_length=seq_len))
for n in range(num_layers - 1): LSTM—l (LSTM) (None' 3, 256) 525312
model.add(layers.LSTM(num_units, return_sequences=True)) dropout_6 (Dropout) (None, 3, 256)
if dropout > 0.0: — —
model.add(layers.Dropout (dropout)) LSTM_2 (LSTM) (None, 3, 256) 525312
model.add(layers.LSTM(num_units))
if dropout > 0.0: dropout_7 (Dropout) (None, 3, 256)
model .add(layers.Dropout(dropout)) LSTM 3 (LSTM
model .add(layers.Dense(num_classes, activation='softmax')) =] ) (None, 3, 256) 525312
dropout_8 (Dropout) (None, 3, 256)
model.compile(loss="'sparse_categorical cr
optimizer='adam’, LSTM_4 (LSTM) (None, 3, 256) 525312
metrics=["acc’]) dropout_9 (Dropout) (None, 3, 256)
model . summary () dense_1 (Dense) (None, 3, 99) 25443
Total params: 2,152,035 2,152,035
num_layers =5 Trainable params: 2,152,035 2,152,035

num_classes = 99 Non-trainable params: O 0




Presentation/Demo

https://www.youtube.com/watch?v=8akKSWf-QpVs



Connection

The project is not only @ musi
but also an undertaking to
The performance raises qu
computers in relation to huma

The Artificial Intelligence (Al) “learns’

Their joint performance shows how interactive technology and Al can
influence a (vocal) style. However, this dialogue also makes clear that the
artist will always be more creative and unpredictable than his mechanical
counterpart.

The state of the art method: Attention Mechanism



簡報者
簡報註解
The project is not only a musical experiment with a non-human performer, but also an undertaking to make computer culture “audible.” The performance raises questions about the logic and politics of computers in relation to human culture.

This project is supported by Musikfonds e.V. in 2019 and the Initiative Neue Musik Berlin e.V. in 2018.

Voices from AI in Experimental Improvisation is an attempt to improvise and interact with a computer software which “learns” about the performer’s voice and musical behavior. The program named “tomomibot” is based on artificial intelligence (AI) algorithms and enables a voice performer, Tomomi Adachi (human), to perform with his AI learning independently over time from his past performances.

Through machine learning, computers can recognize patterns in a variety of sound documents. But can they also learn to improvise musically? The software “Tomomibot” tries it out by interacting in real time with the sound artist Tomomi Adachi, using deep learning techniques. The Artificial Intelligence (AI) “learns” the artist’s individual style via voice recordings and directly confronts him with the newly generated material. Their joint performance shows how interactive technology and AI can influence a (vocal) style. However, this dialogue also makes clear that the artist will always be more creative and unpredictable than his mechanical counterpart.


LSTM vs Attention Mechanism

LSTM: Attention Mechanism:
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Reference: Bahdanau, D., Cho, K., & Bengio, Y. (2014). Neural Machine Translation by Jointly Learning to Align and Translate. arXiv preprint arXiv:1409.0473


簡報者
簡報註解
在傳統RNN/LSTM神經網路中，藉由編碼器(Encoder)讀取資料並且編碼成固定長度的向量(fixed-length vector)，然後藉由解碼器(Decoder)從輸出的向量進行翻譯。這種Encoder-Decoder的方法具有一個潛在問題: 神經網路需要將所有信息壓縮成固定長度的向量，這會局限網路的性能(例如: 在進行一個長句子的翻譯, 較遠的文字所帶來的信息容易被忽略掉)。
Attention mechanism 就是要解決此問題，他允許Encoder在生成每一個步驟中時關注所有成分，並且學習如何為每一個輸出生成向量(而非固定長度的向量)。這會讓機器學習到具有代表性的特徵組成，而不會忽略掉長度過遠的信息。
https://leovan.me/cn/2018/10/seq2seq-and-attention-machanism/
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簡報者
簡報註解
在傳統RNN/LSTM神經網路中，藉由編碼器(Encoder)讀取資料並且編碼成固定長度的向量(fixed-length vector)，然後藉由解碼器(Decoder)從輸出的向量進行翻譯。這種Encoder-Decoder的方法具有一個潛在問題: 神經網路需要將所有信息壓縮成固定長度的向量，這會局限網路的性能(例如: 在進行一個長句子的翻譯, 較遠的文字所帶來的信息容易被忽略掉)。
Attention mechanism 就是要解決此問題，他允許Encoder在生成每一個步驟中時關注所有成分，並且學習如何為每一個輸出生成向量(而非固定長度的向量)。這會讓機器學習到具有代表性的特徵組成，而不會忽略掉長度過遠的信息。
https://leovan.me/cn/2018/10/seq2seq-and-attention-machanism/
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簡報者
簡報註解
在傳統RNN/LSTM神經網路中，藉由編碼器(Encoder)讀取資料並且編碼成固定長度的向量(fixed-length vector)，然後藉由解碼器(Decoder)從輸出的向量進行翻譯。這種Encoder-Decoder的方法具有一個潛在問題: 神經網路需要將所有信息壓縮成固定長度的向量，這會局限網路的性能(例如: 在進行一個長句子的翻譯, 較遠的文字所帶來的信息容易被忽略掉)。
Attention mechanism 就是要解決此問題，他允許Encoder在生成每一個步驟中時關注所有成分，並且學習如何為每一個輸出生成向量(而非固定長度的向量)。這會讓機器學習到具有代表性的特徵組成，而不會忽略掉長度過遠的信息。
https://leovan.me/cn/2018/10/seq2seq-and-attention-machanism/
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