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® Drum Transcription

=  Polyphonic Music Transcription

© Jakob AbeRer, 2024 https://machinelistening.github.io/casm



https://machinelistening.github.io/casm

Drum Transcription

Motivation

= Rhythmic Foundation

= Drum sets and percussion instruments serve as the rhythmic backbone of
music

= Meter
= Tempo
= Structure

= Provide a steady pulse and groove that guides other musicians and
engages listeners

= Percussion instruments offer varied timbres and tonal qualities music

Own
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Drum Transcription

Vocabulary
= Drum class vocabulary = Sound characteristics
= Bass drum (kick drum) 1 @
= Spare drum %é OW
" Hi-hat wFTETEEE ™
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Drum Transcription

Timbre

= Temporal coherence (same metrum)

= Spectral overlap (HH-SN, SN-KD)

Online Demo
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Drum Transcription
Traditional Methods

= Building blocks

FR ES AF
Feature Event Activation
Representation Segmentation Function
= STFT, CQT, LLF = Novelty detection * NMF, NMFD, PLCA
* BPF, HPSS = Onset detection = DNN, RNN
— i
Input £ Output
r i F
~—
* Raw waveform Patterns * Transcription
— g [TTTT]
FT EC LM
Feature Event Language |
Transformation Classification Model
= PCA, LDA, ICA = Clustering = Viterbi decoding

= Feature selection = Classification = Musical knowledge
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Drum Transcription
Traditional Methods

= Non-negative matrix factorization (NMF)
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= Non-negative matrix factor deconvolution (NMFD)
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Drum Transcription
DL-based Approach

= Onset-and-Frames (OaF-Drums) Model [Callender, | onset Probabilities Velocity Values
2020] ] 4
Conv Stack + BiLSTM Conv Stack
= Joint prediction of note onset & \/’
velocity values
Spectrogram

= 12slong LogMel spectrograms (10 ms _
resolution, 250 Mel frequency bins)

= Regularization (for better
generalization)

= Dropout (at multiple levels)
=  Mixup (2 random pairs)

= Shuffled mixup (randomly
concatenate 1 s excerptsto 12 s
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Drum Transcription
DL-based Approach

= Network architecture

Layer Size Filters Stride
Log Mel Spectrogram 250 bins
= CRNN model Conv 16 3x3 IxI
BatchNorm
- H Conv 16 3x3 1x1
Poollng only across frequency o o
(keep time resolution!) MaxPool 1x2 1x2
Dropout Keep 25%
: : : . : C 32 3x3 1x1
= Sigmoid output activation function ;0 v b b
MaxPool 1x2 1x2
Dropout Keep 25%
Dense 256
Dropout Keep 50%
Bidirectional LSTM 64
LSTM Dropout Keep 50%
Dense 88
Sigmoid Cross Entropy
Fig-M4-8
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® Drum Transcription

= Polyphonic Music Transcription
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Polyphonic Music Transcription

Motivation

=  Related tasks

Multipitch Estimation

" Frame-wise view - ldentify all pitches

Streaming (into voices)

Polyphonic transcription

= Further segmentation into note events
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Polyphonic Music Transcription
Traditional Method

= Decomposition with Non-Negative Matrix Factorization (NMF)

= One basis function per pitch (FO + harmonics)

Nonnegative matrix Basis matrix Activation matrix
(time-frequency comp.) (Timbre parts) (Volume and value)

Xuxy = Tuxk) V (kK xJ)

> N Basi : Activatiof
% % E- A’\/-—‘ K
C ~ i Time
- = — J
e Amplitude I :#of freq. bins
J K J : #of time frames

K:#of bases ’W‘
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Polyphonic Music Transcription
DL-based Method

= Onset and Frames (OaF) Piano Transcription

[Hawthorne, 2018] Frame Loss
= Separate modelling of note onset — P? p— oot Lo
times and note pitch values X X
. FC Si id Onset Predicti
= CRNN architecture 'imo' = r: kil
= Onset informs pitch BILSTM FC Sigmoid
| 3 S 4
FC Sigmoid BiLSTM
3 ]
Conv Stack Conv Stack

~

Log Mel-Spectrogram
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Polyphonic Music Transcription
DL-based Method

Input Spectrogram

= Example

Q
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Polyphonic Music Transcription
DL-based Method

® Online Demo

magenta GetStarted Studio DDSP-VST Demos Blog Research Talks Community

Onsets and Frames: Dual-Objective Piano
Transcription

Curtis Hawthorne €) cghawthorne W fiordal
Erich Elsen €) ekelsen

Update (9/20/18): Try out the new JavaScript implementation!

Update (10/30/18): Read about improvements and a new dataset in The MAESTRO Dataset and Wave2ZMidi2Wave!

Onsets and Frames is our new model for automatic polyphenic piano music transcription. Using this model, we can
convert raw recordings of solo piano performances into MIDI.

For example, have you ever made a recording of yourself improvising at the pianc and later wanted to know exactly F | g - M 4' 1 3

O
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Polyphonic Music Transcription

DL-based Method

= Music Transcription with Transformers [Hawthorne, 2021]

= Single-instrument or multi-instrument Transcription

= Model predicts MIDI event tokes (onset, velocity, pitch)

Autoregressive
Spectrogram ) Sampling
Encoding
Segmented if1nil
Waveform

= Online Demo

MIDI-like Output Tokens

<time 73.1> <vel 61> <pitch 60> <time 73.3>
<vel 82> <pitch 64> <time 73.5> <vel 0> <pitch 60>

ca
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Programming session

jupyter

@
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