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Overview of Automatic Music Transcription (AMT)

e Predict score information from acoustic music signals
o MIDI: note-level events or piano rolls
o Sheet music: symbolic music notation

MIDI (piano roll)

AMT Model

Sheet music




Audio-to-MIDI

e I|dentify a note by detecting its onset and offset: MIDI note on/off events
o Multi-pitch estimation is required for polyphonic instruments (piano, guitar)
o Even if the instrument is monophonic, the task becomes challenging when

the pitch is expressive

MIDI Messages

“Note on: note=61, vel=80"
“Note off: note=61, vel=100"

Polyphonic Piano Transcription

https://ai-midi.com/
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Singing Note Transcription (Tony)
https://www.sonicvisualiser.org/tony/
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Audio-to-Sheet Music

e The sheet music needs a lot more information

©)

Metric analysis: tempo estimation, beat/downbeat detection

- quantize note onset and offsets to beat-based time units

Key detection: 12 pitch classes and major/minor (e.g. C major)
Left/right-hand note split (clef) and note grouping (stem, beam)
Expressions: dynamics (e.g. piano/forte), articulation (e.g. staccato),
phrasing, tempo, and more
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Challenges

e Many sources are mixed and played simultaneously
o They are likely to be harmonically related in music: chord notes
o Some sources can be masked by others: at note onsets in piano music

e Labeling is time-consuming and requires high expertise
o Supervised learning is limited (piano transcription is a special case)
o Alternatives
m Use sheet music and temporally align it to audio as “weak” labels
m Use multi-track recordings with monophonic pitch estimation



Overview of Multi-Pitch Estimation Algorithms

e DSP-based approach (2000s ~ 2010s)
e Non-negative matrix factorization (2000s ~ 2015)

e Deep Learning (2017 and afterwards)



Multi-Pitch Estimation: Iterative FO search

e Repeatedly finds predominant-FO and removes its harmonic overtones

e Procedure '

1. Set the original to the residual

2. Detect a predominant FO: monophonic pitch estimation
3. Form a harmonic spectrum based on the detected FO Yousician
4. Remove the harmonic spectrum from the residual | aEan e
5. Repeat the step 2 & 3 until the residual is sufficiently sm¢ = U
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Multiple Fundamental Frequency Estimation Based on Harmonicity and Spectral Smoothness, Anssi Klapuri, IEEE TASLP, 2003



NMF-based Spectrogram Decomposition

e Spectrogram can be approximated with an additive sum of pitch
templates and the corresponding temporal activations
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NMF-based Spectrogram Decomposition

e They can be regarded as a non-negative matrix factorization
o A low-rank approximation where all elements are non-negative
o W (basis vectors, dictionary), H(activation, weights)
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Non-Negative Matrix Factorization for Polyphonic Music Transcription, Paris Smaragdis, Judith Brown, WASPAA, 2003



Algorithm for NMF

e Defined as an optimization problem: min D(V||WH)
o Euclidean:D(V||V) =X, ;(V;j — Vi)? (V = WH)
o Kullback-Leibler (KL) divergence: D(V||V) = Zi,j(vijlog% -V + Vi)
ij

e Multiplicative update rule
1. Initialize W and H

w2 vV .7
2. Repeat H « Hx—22 W « W.x%E—
wT 1 1HT

3. Until convergence
4. Return W and H

Algorithms for Non-negative Matrix Factorization, Daniel Lee, Sebastian Seung, NIPS, 2000



Property of NMF

e Thelearned basis (W) capture find parts of the input data
o An example is explained by a combination of the parts (e.g. additive sum)

o The basis are structured and interpretable
m Human face: nose, eyes, eyebrow
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NMF for Multi-Pitch Estimation

e Initialize W with harmonic template

Random Initially W and H Initialize W with harmonic templates
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e NMF examples
o https://www.audiolabs-erlangen.de/resources/MIR/FMP/C8/C8.html (8.3)



https://www.audiolabs-erlangen.de/resources/MIR/FMP/C8/C8.html

DeepSalience: Classification-based Multi-Pitch Estimation

e Predict the pitch saliency from multi-track instruments
o Frame-level pitch activations in the time and pitch space

e Input representation: harmonic constant-Q transform (HCQT)

o CQT with 60 bins per octave

o Multiple CQTs with harmonic relations (0.5, 1, 2, 3, 4, 5)

o Filters learn the relative weights of harmonics

o 3D input (time x frequency x harmonics): similar to color images (RGB)

HCQT is similar to the
idea of harmonic product
sum but they stack them
as different channels

t

Deep salience representations for FO estimation in polyphonic music Rachel M. Bittner, Brian McFee, Justin Salamon, Peter Li, Juan P. Bello, ISMIR, 2017



DeepSalience: Classification-based Multi-Pitch Estimation

e 2D CNN

o 5x5filter: 1 semitone, 70 x 3: one octave (reduce the octave mistake)

o The output layer has a sigmoid output
m Theloss is cross-entropy between the sigmoid output and the ground truth

m They used the Gaussian blurring (smoothing) function on the ground truth
o The input and output have the same dimensionality: no pooling layers

128

1 octave

Deep salience representations for FO estimation in polyphonic music Rachel M. Bittner, Brian McFee, Justin Salamon, Peter Li, Juan P. Bello, ISMIR, 2017
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Note-Level Transcription

e Convert continuous pitch streams into note events

o Note modeling algorithms to prune, merge, and divide frame-level predictions
m Rule-based approach: thresholding, median filtering
m Statistical approach: HMM

o Explicit onset detectors can be added
o However, these approaches were not successful
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Overview of Audio-to-MIDI Transcription Algorithms

e Deep Learning for Audio-to-MIDI transcription (mainly for piano)
o Frame-level note detection
m Onsets and Frames (2018): onset detection integrated with pitch detection
m Autoregressive multi-state (2020): note state detection
m High-Resolution (2021): regression loss and onset, offset detection
m HPPNet (2022): harmonic dilation
m Basic Pitch (2022): Joint pitch and note estimation
o Encoder and AR Decoder
m Seq2Seq (2021): tokenized MIDI + AR decoder model
m MT3 (2022): tokenized MIDI + AR decoder model
o Segmentation
m Transkun (2021, 2024): Semi-CRF, note boundary detection

This is NOT a comprehensive list. There are many more!



Onsets and Frames

e Joint learning of onset detection and pitch estimation for polyphonic
piano transcription

o Two CRNN branches | o o |
m Onset network: detect the onset of multiple notes |_FramePredictions | [ Onsetloss |
: ? E—
(perCUSS|Ve tone) | FC Sigmoid | | Onset Predictions |
m Frame network: detect on/off states of multiple notes 4 4
_ | BILSTM | || Fcsigmoa |
(harmonic tone) [ — ]
. .. . | rcsigmoid | | BILSTM |
o A connection from the onset prediction in the onset N 7
network to the input of RNN in the frame network | R l |/3°"V8ta°k I
m Temporal causality [ Log Me'-S;ectrograml

APV

Website: https://magenta.tensorflow.org/onsets-frames

Onsets and Frames: Dual-Objective Piano Transcription, Curtis Hawthorne, et al, ISMIR, 2018
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Onsets and Frames

e A simplerule is used to integrate the output of the two networks
o Frame predictions without onset is discarded

Frame and Onset Predictions

Blue: frame prediction, Red; onset prediction
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Onsets and Frames: Dual-Objective Piano Transcription, Curtis Hawthorne, et al, ISMIR, 2018
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Onsets and Frames

e Significantly outperform the previous state-of-the-arts
o High jump in the note-level accuracy
o Thekey idea is detecting “onset” state separately
o The following studies investigated more note states: onset, sustain, and

offset, and even detection of the sustain pedal

F1
Frame | Note Note
with offset
Frame Note Note w/ offset Note w/ offset & velocity Onsect and Frames 7830 | 82.29 50.22
- P R Fl P R F1 P R F1 P R F1 (a) Frame-only LSTM 76.12 | 62.71 27.89
Kelz et al., 2016 [13] 81.18 | 65.07 | 71.60 | 4427 | 61.29 | 5094 | 20.13 | 27.80 | 23.14 — —_ —_
Melodyne (decay mode) | 71.85 | 50.39 | 58.57 | 62.08 | 4853 | 54.02 | 21.09 | 16.56 | 1840 | 10.43 | 8.15 | 9.08 ((g)) g ﬁzﬁrrwwiﬂ]f;% ;g'gg gg; jg‘gg
Onsets and Frames 88.53 | 70.80 | 78.30 | 84.24 | 80.67 | 82.29 | 51.32 | 49.31 | 50.22 | 35.52 | 30.80 | 35.39 (€) No Onset LSTM 7 5' 90 |8 0'99 2 6-1 Z
Table 1. Precision, Recall, and F1 Results on MAPS configuration 2 test dataset (ENSTDKCI and ENSTDkAm full-length (g(&l;rf{f;’;h?@ff;s ;ggg gé‘gg 32‘23
.wav files). Note-based scores calculated by the mir_eval library, frame-based scores as defined in [2]. Final metric is (h) Shared conv 76:85 81:64 43:61
the mean of scores calculated per piece. MIDI files used to calculate these scores are available at https://goo.gl/ () Disconnected Detectors | 73.91 | 82.67 4483
magenta/onsets-frames—examples. (G) CQT Input 73.07 | 76.38 41.14
(k) No LSTM, shared conv | 67.60 | 75.34 37.03

Table 2. Ablation Study Results.
Onsets and Frames: Dual-Objective Piano Transcription, Curtis Hawthorne, et al, ISMIR, 2018



Autoregressive Multi-State Note Model

e Use a single CRNN with the softmax output that predicts multiple note

states at once (off, onset, sustain, offset, and re-onset)

o Autoregressive “unidirectional” RNN enables “real-time” inference

Ground-truth
MIDI

Multi-state
Estimation

Pitch

T

P(Y[X) x P(yolzo) [ [ P(yely<e—1,2<s)
t=1

Time

Note Off

1
) (Autoregresive)
; Connection
Softmax
FC
LSTM stack »( LSTM stack
=
FC FC )
Conv stack Conv stack

Tt

Polyphonic Piano Transcription Using Autoregressive Multi-State Note Model, Taegyun Kwon, Dasaem Jeong, and Juhan Nam, ISMIR, 2020




Autoregressive Multi-State Note Model

e Onset state is very important!
o More refine states (offset, re-onset) improve it further

e The AR connection keeps the state transition (ADSR)

Used states Frame Note Onset Note with Offset
Models AR onset re-onset  offset #Parameters precision recall F-score precision recall F-score precision recall F-score
Binary O 14.4M 0.7768  0.8881 0.8161 09874 0.6281 0.7560 0.6399 04278 0.5064
Binary 13.9M 09128  0.8815 0.8961 0.8184 0.6646 07279 05655 0.4696 0.5095
Three @) O 14.5M 0.7643  0.8828 0.8047 09878 09042 09433  0.7949 0.7249 0.7593
Three O 13.9M 09502 0.8104 0.8740 09907 0.8247 0.8985 0.8259 0.6904 0.7508
Four(offset) O O O 14.5M 0.7957  0.8774 0.8258 09874 09015 09416 0.8105 0.7409 0.7735
Four (offset) O O 14.0M 0.9549 0.8080 0.8745 09890 0.8392 09065 0.8264 0.7039 0.7590
Four (re-onset) () O O 14.5M 0.7834  0.8864 0.8207 09871 09103 09465 0.8074 0.7450 0.7744
Four (re-onset) O O 14.0M 0.9529  0.8049 0.8717 0.9928 0.8258 0.8997 0.8313 0.6946 0.7553
Five O O O O 14.6M 0.8191 0.8732 0.8382  0.9856 09121 09467 0.8259 0.7648 0.7936
Five O O O 14.1M 09391 08170 0.8730 09923 0.8278 09009 0.8213 0.6878 0.7472

Polyphonic Piano Transcription Using Autoregressive Multi-State Note Model, Taegyun Kwon, Dasaem Jeong, and Juhan Nam, ISMIR, 2020



Regression Onset Model

e High-resolution piano transcription using the regression loss

o Theregression loss is approximated by a linear
interpolation.

o This is implemented by converting the ground truth
of onset and offset to a triangular shape

o Achieve more precise onset and offset prediction
than the onsets and frames model (hop size: 32ms)

Velocity Onset Frame Offset
regression regression classification regression
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Fig. 2. High-resolution training targets of three notes with a same pitch.
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High-resolution Piano Transcription with Pedals by Regressing Onset and Offset Times, Qiugiang Kong, et al., IEEE TASLP, 2021

Offset tolerance (milliseconds)



Regression Onset Model

e Achieved a SOTA performance!

TRANSCRIPTION RESULTS EVALUATED ON THE MAESTRO DATASET

FRAME NOTE NOTE W/ OFFSET NOTE W/ OFFSET & VEL.
P(%) R(%) Fl(%) P& R(%) Fl(%) P®% R(% Fl % P(@% R (%) Fl(%)
Onsets & frames [26] 93.10 8576  89.19 9742 9237 9480 8184 7766 7967 7811 7413  76.04

Onsets & frames [reproduced] 86.63  90.89 88.63 99.52  89.23 93.92 8043 7227 75.99 79.51 7148 75.14
Adversarial onsets & frames [40]  93.10 89.80 91.40 98.10 93.20 95.60 83.50 79.30 81.30 82.30 78.20 80.20

Regress cond on. 86.94  90.15 88.42 98.43 9484 96.57 80.00  77.08 78.50 78.64  75.79 77.17
Regress cond on. & off. 88.91  90.28 89.51 98.53 9481 96.61 83.81  80.70 82.20 8236  79.33 80.79
Regress cond on. & off. & vel. 88.71  90.73 89.62 98.17 9535 96.72 83.68 81.32 82.47 82.10  79.80 80.92

e High time-resolution

TABLE V

TABLE IV ONSETS AND OFFSETS EVALUATION WITH DIFFERENT OFFSET

ONSETS EVALUATION WITH DIFFERENT ONSET TOLERANCES TOLERANCES

ONSETS & FRAMES PROPOSED ONSETS & FRAMES REGRESS & ON. & OFF.
P(%) R (%) Fl (%) P(%) R(%) Fl (%) P(%) R (%) Fl(%) P(%) R(%) Fl (%)
100 ms  99.54  89.24 9394 9824 9542 96.79 500 ms 9371 84.13 88.49 9325  90.59 91.88
50 ms 99.52 89.23 93.92 89.17 95.35 96.72 200 ms  87.65 78.75 82.81 88.19 85.68 86.90
20 ms 99.14 88.92 93.58 97.22 94.45 95.79 100 ms  82.80 7441 78.24 84.48 82.08 83.25
10 ms 91.74 92,53 86.73 90.19  87.69 88.91 50 ms 7547  67.76 71.28 80.24  77.95 79.06
5 ms 63.89 57.69 60.53 66.22 64.47 65.32 20 ms 51.66 46.19 48.68 69.96 67.97 68.94
2 ms 28.69 2593 27.19 3149  30.68 31.08 10 ms 31.64 28.14 29.73 52.04 5057 51.28

High-resolution Piano Transcription with Pedals by Regressing Onset and Offset Times, Qiugiang Kong, et al., IEEE TASLP, 2021



HPPNet

e “Musically-designed” CRNN model
o Input: harmonic CQT (HCQT) dy, = logy1/a (k - fo) = l0gz1/a (fo)

o CNN: harmonic dilated conv layer = Q- logz(k),

o RNN: frequency grou ped RNN Iayer Distance between F0 and its harmonics on CQT
1

CQT
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Time (Tx Sf x C)

HPPNet: Modeling the Harmonic Structure and Pitch Invariance in Piano Transcription, Weixing Wei, Peilin Li, Yi Yu, Wei Li, ISMIR, 2022



HPPNet

e Outperform Onsets & Frames and High-resolution models
o The model size of HPPNet is much smaller

Model Patams | FRAME NOTE NOTE W/OFFSET  NOTE W/OFFSET & VEL.
| P%) R®) FL%) P®%) R®%) Fl%) P(% R(% FL% P% R% FL%
MAESTRO v1
Onsets & Frames [8] 26M | 92.11 8841 90.15 98.27 9261 9532 8295 7824 8050 79.89 7537  77.54
Adversarial onsets & frames [11] 26M | 93.1 89.8 914 981 932 956 835 793 813 823 782 80.2
MAESTRO v2
High-Resolution [12] 20M | 8871 9073 89.62 98.17 9535 9672 83.68 8132 8247 8210 79.80  80.92
Semi-CRFs [32] 9M | 9385 8872 O9LIl 98.66 9450 9651 90.68 86.89 8872 89.68 8596 8175
HPPNet-sp 12M | 9236 9346 9286 9831 9618 9721 8536 83.54 8441 83.85 8208  82.93
MAESTRO v3
Onsets & Frames [reproduced] ~ 26M | 94.43 8550 89.68 98.67 92.08 9522 8225 76.88 7944 80.80 75.55  78.05
Transformer [10] 54M - - - - - 9613 - - 8394 - - 82.75
Semi-CRFs [32] 9M | 9379 88.36 90.75 98.69 9396 9611 90.79 8646 8842 89.78 8551  87.44
HPPNet-tiny 151K | 9226 9198 92.06 96.75 94.94 9582 8377 8226 83.00 8277 8129 8201
HPPNet-base 820K | 9235 9275 9251 97.60 9490 9625 84.03 8348 8357 8294 8123 8212
HPPNet-sp 12M | 9279 09359 93.15 9845 9595 97.18 8488 8276 8380 8329 8124 8224

HPPNet: Modeling the Harmonic Structure and Pitch Invariance in Piano Transcription, Weixing Wei, Peilin Li, Yi Yu, Wei Li, ISMIR, 2022



Basic Pitch

e An lightweight “instrument-agnostic” model that predicts both pitch

curves and note events audio -
. Harmonic || 32 ConvaD (5x5) h Norm et
o HCQT + CNN with three cascaded outputs Sackng || siideto T
m Similar to DeepSalience but less conv layers 22m28¢ 1ComeD 39— Coneat [+
H Batch Norm o
m Pitch 2 Note Frame = Note Onset [t | ;
Relu 0
o Well-packed as a software library - g:;gt
m https://basicpitch.spotify.com/
Relu yp
Dataset | Polyphony Instrument | Labels | Train | Test o ]
Molina [28] Mono Vocals N - 38 Pitch
GuitarSet [29] | Mono / Poly Ac. Guitar N+P 648 72
MAESTRO [4] Poly Piano N 1154 | 128 3 ConvaD (717
Slakh [30] Poly Synthesizers N 1590 | 120 “musical kb Y,
Phenicx [31] Poly Orchestral N - 42 quan tization . Relu Note
iKala [32] Mono Vocals N+P 252 - v
MedleyDB [33] | Mono Multiple | N+P | 103 | - o Frame

A Lightweight Instrument-Agnostic Model for Polyphonic Note Transcription and Multipitch Estimation, Rachel M. Bittner et al, 2022


https://basicpitch.spotify.com/
https://basicpitch.spotify.com/

Seg-to-Seq Model

e A generate encoder-decoder Transformer
o Based on the “small” T5 model (Text-to-Text Transformer)
o The decoder is an autoregressive language model

m Use the MIDI-like tokenization method

m Inter-note relations are learned: considered as “symbolic music generation

model” - hallucination can happen
o Comparable to the SOTA performance

Autoregressive
Spect Samplin
pectrogram Encoding pling
Segmented inninl
Waveform

Latl La_1sl of

[ LI 11101
Encoder

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>

Sequence-to-Sequence Piano Transcription with Transformers, Curtis Hawthorne, lan Simon, Rigel Swavely, Ethan Manilow, Jesse Engel, ISMIR, 2021



MIDI-like Tokenization

e Four types of MIDI-like event

o Note-on (128 pitches), note-off (128 pitches), set-velocity (32 quantized

velocities), time-shift (100 shifts: 10ms to 1000 ms)

o 388-dim one-hot vector (388=128+128+32+100) - 388 vocabulary tokens

0/{0|0[1]0]|0|0|0]|O 0{0]0]|0 0
0 127 0 127 0 31 0 99
0/{0|0|0|0|0|0O|0O]|O 0{0]0]|O0 0
0 127 0 127 0 31 0 99
0{0|0|0|0|0|0O|0O]|O 0[{1]0]0 0
0 127 0 127 0 31 0 99
0{0|0|0|0|0|0O|0O]|O 0{0]0]|O0 0
0 127 0 127 0 31 0 99

Note-On

Note-Off

Set-Velocity

Time-Shift

This Time with Feeling: Learning Expressive Musical Performance: Sageev Oore, lan Simon, Sander Dieleman, Douglas Eck, Karen Simonyan, 2018



MT3

e The same seg-to-seq model that supports multi-task AMT

MAESTRO L

Cerberus4 i I : E ‘/ 3 I‘T

MusicNet - r i3 —T,, __,—):: E::_.—L 11 _/ ] %,

('Slakh2100 N d ol & B
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aad__JB ==
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MT3: Multi-Task Multitrack Music Transcription, Josh Gardner, lan Simon, Ethan Manilowt, Curtis Hawthorne, Jesse Engel, ICML, 2022



MT3

e Add the “program change” token to the output to change instruments
o This allows the model to handle an arbitrary number of instruments

Piano Roll MIDI-Like Target/Output Tokens
(w)
<time 0.27>
<time 0.63>
Tokenization
|
a <time 1.55> <prog 32> <note 31>

<time 1.60>
Detokenization
<time 1.75>
<time 1.90>
<time 2.03> <prog 32> <note 31>

MT3: Multi-Task Multitrack Music Transcription, Josh Gardner, lan Simon, Ethan Manilowt, Curtis Hawthorne, Jesse Engel, ICML, 2022



Model MAESTRO Cerberus4 GuitarSet MusicNet Slakh2100 URMP
Frame F1
Hawthome et al. (2021) 0.66 - - - - -
Manilow et al. (2020) - 0.63 0.54 - - -
Cheuk et al. (2021) - - - 0.48 - -
Melodyne 0.41 0.39 0.62 0.13 0.47 0.30
MT3 (single dataset) 0.88 0.85 0.82 0.60 0.78 0.49
MT3 (mixture) 0.86 0.87 0.89 0.68 0.79 0.83
Onset F1
Hawthorne et al. (2021) 0.96 - - - - -
Manilow et al. (2020) - 0.67 0.16 - - -
Cheuk et al. (2021) - - - 0.29 - -
Melodyne 0.52 0.24 0.28 0.04 0.30 0.09
MT3 (single dataset) 0.96 0.89 0.83 0.39 0.76 0.40
MT3 (mixture) 0.95 0.92 0.90 0.50 0.76 0.77
Onset+Offset F1

Hawthorne et al. (2021) 0.84 - - - - -
Manilow et al. (2020) - 0.37 0.08 - - -
Cheuk et al. (2021) - - - 0.11 - -
Melodyne 0.06 0.07 0.13 0.01 0.10 0.04
MT3 (single dataset) 0.84 0.76 0.65 0.21 0.57 0.16
MT3 (mixture) 0.80 0.80 0.78 0.33 0.57 0.58
Mixture (A%) -5.3 +5.2 +19.5 +54.0 +0.1 +263

MT3: Multi-Task Multitrack Music Transcription, Josh Gardner, lan Simon, Ethan Manilowt, Curtis Hawthorne, Jesse Engel, ICML, 2022



MIDI-like Tokenization

e Thetime shift event compresses sustained note states into a single event
o A typical 30-sec clip might contain about 1200 event tokens

Performance Representation: Example

SET-VELOCITY<31>
NOTE-ON<C4>

TIME-SHIFT<640ms>

NOTE-OFF<C4d>
TIME-SHIFT<24ms>
SET-VELOCITY<25>
NOTE-ON<F3>

SET-VELOCITY<31>
NOTE-ON<C4>

TIME-SHIFT<640ms>

NOTE-OFF<Cd>
TIME-SHIFT<24ms>
SET-VELOCITY<25>
NOTE-ON<F3>

SET-VELOCITY<31>
NOTE-ON<C4>
TIME-SHIFT<640ms>
NOTE-OFF<C4>
TIME-SHIFT<24ms>
SET-VELOCITY<25>
NOTE-ON<F3>

SET-VELOCITY<31>
NOTE-ON<C4>
TIME-SHIFT<640ms>
NOTE-OFF<C4>
TIME-SHIFT<24ms>
SET-VELOCITY<25>
NOTE-ON<F3>

SET-VELOCITY<31>
NOTE-ON<C4>
TIME-SHIFT<640ms>
NOTE-OFF<C4>
TIME-SHIFT<24ms>
SET-VELOCITY<25>
NOTE-ON<F3>

This Time with Feeling: Learning Expressive Musical Performance: Sageev Oore, lan Simon, Sander Dieleman, Douglas Eck, Karen Simonyan, 2018



Transkun

e Handles the piano AMT as a segmentation problem using semi-Markov

conditional random fields (semi-CRF)
o Semi-CRF: a conditional probability distribution over sets of hon-overlapping
labeled intervals Y = {(i, j, eventType),i < j} within an input X

1
X)=———— > i, j, eventT
P(Veventtype| X) Z(event Type) exp [ N score(i, j, eventType)
(Z s3Js evemTypf-’) eyeveanype
<t el 0 o Tons ErenTpe o Zd Lo (i = L3, eventType) |,
notes/pedals i—1,7] not covered in Vevensrpe
l log-mel N 0 Typ
spectrum I::
Contextual E{> Soore Model d Seore. Decode 1 ]
Mode e Y —
Refined 3 [
Attributes:  Velocity O”:g;’.g;frfm N 4 —1
Extracted E* € N-1
Interval: Time >

Score

Skipping the Frame-Level: Event-Based Piano Transcription With Neural Semi-CRFs, Yujia Yan, Frank Cwitkowitz, Zhiyao Duan, NeurlPS, 2021



Transkun

e The contextual embeddings in the intervals are summarized and
calculated into a score via a MLP player and a conv layer

Contextual
embeddings:
ho, ..., hn_1

T

CRNN Contextual Model

T

Input frames
Z(y ey TN-1

(a) Contextual model

ConvBlock Score(i, j, )

Secore (i — 1,14,-)

T

| MLPLayer | | MLPLayer |

[hiy by hi @ hyymy,mg,ma]  [hioy, hiy hicy © Ry

—

first three moments of h[:: j] Mean, Varlance, Skewness

(b) Score models

Skipping the Frame-Level: Event-Based Piano Transcription With Neural Semi-CRFs, Yujia Yan, Frank Cwitkowitz, Zhiyao Duan, NeurlPS, 2021



Transkun

e Achieved the SOTA performance on the Maestro dataset
o High note accuracy with the note offset

Activation Note Onset Note w/ Offset Note w/ Offset & Vel.
Method P | R | F P | R | Fy P | R | F P | R | F
MAESTRO v2
Hawthorne et al. [2019] 86.84 | 89.24 | 87.82 || 97.88 | 92.26 | 94.93 || 82.09 | 77.44 | 79.65 || 78.37 | 73.94 | 76.05
Kong et al. [2020] 90.09 | 90.42 | 90.15 || 98.16 | 95.46 | 96.77 || 85.65 | 83.32 | 84.45 || 84.18 | 81.92 | 83.02

Proposed w/o Extra Win || 93.84 | 88.07 | 90.75 || 98.85 | 93.97 | 96.31 || 90.67 | 86.24 | 88.37 || 89.60 | 85.25 | 87.34
Proposed w/o Post Conv 93.90 | 88.18 | 90.85 || 98.86 | 94.06 | 96.36 || 90.52 | 86.18 | 88.26 || 89.49 | 85.23 | 87.27
Proposed w/o Len Scaling || 93.85 | 88.25 | 90.87 || 98.80 | 94.15 | 96.39 || 90.70 | 86.48 | 88.51 || 89.66 | 85.51 | 87.50

Proposed 03.84 | 88.48 | 90.98 || 98.78 | 94.18 | 96.39 || 90.79 | 86.62 | 88.63 | 89.78 | 85.68 | 87.65
Proposed (batchsize=20) 03.85 | 88.72 | 91.11 || 98.66 | 94.50 | 96.51 || 90.68 | 86.89 | 88.72 || 89.68 | 85.96 | 87.75
MAESTRO v3

Proposed (batchsize= 20) || 93.79 | 88.36 | 90.75 || 98.69 | 93.96 | 96.11 || 90.79 | 86.46 | 88.42 || 89.78 | 85.51 | 87.44

Skipping the Frame-Level: Event-Based Piano Transcription With Neural Semi-CRFs, Yujia Yan, Frank Cwitkowitz, Zhiyao Duan, NeurlPS, 2021



Evaluation

True Positive

e Binary classification N|wx +b>0 /
o True Positive (TP), False Positive (FP) wx + b <|0  ’.
o True Negative (TN), False Negative (FN) True|Negative \_ ®
\ <— False Positive
e Metrics o ®
o Precision = TP/(TP+FP) .’

o Recall = TP/(TP+FN)
o F1-score = 2* Precision* Recall /(Precision+ Recall)

m Harmonic mean of Precision and Recall 05 1
e The MIR-Eval library EE
o Widely used evaluation library for MIR tasks o i
o https://mir-eval.readthedocs.io/latest/ or | e AN

DG T T T T T T T T T
00 01 02 03 04 05 Qe 07 08 09

Source: https://music-classification.github.io/tutorial/part2_basics/evaluation.html threshald


https://mir-eval.readthedocs.io/latest/
https://mir-eval.readthedocs.io/latest/
https://mir-eval.readthedocs.io/latest/
https://mir-eval.readthedocs.io/latest/
https://music-classification.github.io/tutorial/part2_basics/evaluation.html
https://music-classification.github.io/tutorial/part2_basics/evaluation.html
https://music-classification.github.io/tutorial/part2_basics/evaluation.html
https://music-classification.github.io/tutorial/part2_basics/evaluation.html
https://music-classification.github.io/tutorial/part2_basics/evaluation.html

Source Code and Inference Models for Audio-to-MIDI

e AI-MIDI: https://ai-midi.com/

e Onsets and Frames: https://magenta.github.io/glitch/piano-scribe/

e High-Resolution (ByteDance):
https://github.com/bytedance/piano_transcription

e HPPNet: https://github.com/WX-Wei/HPPNet

e Basic pitch: https://basicpitch.spotify.com/

e Transkun: https://github.com/Yujia-Yan/Transkun


https://ai-midi.com/
https://ai-midi.com/
https://ai-midi.com/
https://magenta.github.io/glitch/piano-scribe/
https://magenta.github.io/glitch/piano-scribe/
https://magenta.github.io/glitch/piano-scribe/
https://github.com/bytedance/piano_transcription?tab=readme-ov-file
https://github.com/WX-Wei/HPPNet
https://github.com/WX-Wei/HPPNet
https://github.com/WX-Wei/HPPNet
https://basicpitch.spotify.com/
https://github.com/Yujia-Yan/Transkun
https://github.com/Yujia-Yan/Transkun
https://github.com/Yujia-Yan/Transkun
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