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A study on improving the performance of the machine-learning
based automatic music transcription model by utilizing pitch
number information
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ABSTRACT: In this paper, we study how to improve the performance of a machine learning-based automatic
music transcription model by adding musical information to the input data. Where, the added musical information
is information on the number of pitches that occur in each time frame, and which is obtained by counting the
number of notes activated in the answer sheet. The obtained information on the number of pitches was used by
concatenating it to the log mel-spectrogram, which is the input of the existing model. In this study, we use the
automatic music transcription model included the four types of block predicting four types of musical information,
we demonstrate that a simple method of adding pitch number information corresponding to the music information
to be predicted by each block to the existing input was helpful in training the model. In order to evaluate the
performance improvement proceed with an experiment using MIDI Aligned Piano Sounds (MAPS) data, as a
result, when using all pitch number information, performance improvement was confirmed by 9.7 % in
frame-based F1 score and 21.8 % in note-based F1 score including offset.
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model architecture.©

7] WiE2E ddste] A Eof Atk 7l il
S FU 7 FEE 55k, ol= AR, = ¢,
B4, WzAl g o)) 7] Bele- ZF A7 ehefujth
8872 o1 Zoj A A= S E oﬂé;g}_g;]’
J(}nsff yf,amf’y()ffsff’ J(E]()(Lf{/ ERT*® dEH
o} of 7] A T M- As e 2 19 0 2 wshe 415 9]
AZE919] 45 Lehju, 8374 0] Sans Top
AN g3 A5E 7120z AAstect 712
22 Fig 13} 0] U] 712 0 o) 5517] 9] 1)
EEECER R B DIt P
) AR oA the A ro] Hla) W vlFL 2
Sfof B F0.2 ok psiol ol 2t
222 ¢ A& 2y QJ&| A|AFA 3} &
40 A3 4R BRSO U, 71
wmelo] QEe ¢A] orjos v WoAHERT
L EREEUERETERAERIEERRIE
O olZth of |4 W-AME =T 2074
277744 Zub b, 5120] & Z10], 20489] Y=o
o) 2 ARg-aho] Wake 9o, weke A15.0) 27]
v ER T2 9} Zir}.

hu
el
it}

o~
H

¢
3]

mel
71 mdle 2 Yo FERt oS %t 1d
TAE 7] well, Ze| o] oigt FHojd o=
e oo Ed A2 AN 29 1
oF3Lh 7| LS F6f Al S5E R ES A

The Journal of the Acoustical Society of Korea Vol.43, No.2 (2024)



210 o|tj &, o]

ojuf 7hA] thFTt 71 At 71Hk A of AL B
Do) Rh5olA gro, tif-Zo) mdlof 9le e ¢
Al et e YAl et e S HigeE PEE AR
1:} YA o= 22 =ol, 52 o), 2L, @

, T, 017] 5 TR St Al R Eo FAA
Lo, 718ty 7]kt g of At melo] e
4 oA AHE A o2 B-8-5hA] SRttt
=t} 7| AIERs 7|9 Ao AAL melo)
Lt AlS oA s A TkA] Z3t W-8-= F7H4
2ol TfsliEriyl, mao] sgol w48 %
Zstal A Aasheh 2 Aol A=
oF 211 A H 7HE | $hA A 2ol A A
Hko = Zp AIZE hefmih WAEhE &
£ 2o ol F7bsf F=3lk
o]l Al 23 o], & Ao A AR 71
Hde Az oy 7R S ﬂl—oHOFo}h Ul
= £59 4
2 Feder 21 9 iﬁi‘Eil%% -85} 3L
Atk o7l o)l 2k AR e efuieh sk ZaL A
AR E Z7)g|2u, ZF B2 2 o Z3|oksl= A Ko
o % Fatote dES AR 4= Al "k 01714
e AR e A oA ZF AIRE Temp
ot SAslels ZF AR o3 o] o
Topsets Wprames Nogser €27 FE R FFHTE Fig. 2

£ 5ol dAE FEYCH, Y& AHA AR

}011

Iomﬁlﬂrz;:‘)ﬂl
h

2y
Hu

Rt

Time

Pitch

¥

ol 1 [T2afofol i1 [s[1]1]

Fig. 2. (Color available online) Example of pitch
number information counting.

SIS UelelR] M43 T2 (2024)

2 2]

a7t B 77 SO 2 AL, of
£ FE3 93 A4 AR 7 A7k gjube 24
shels S0 A4 Alo] ARA o] AIZE Hlo]
T4 T,

2 Aol 4] 2t X7k kgt 2 Bt & 1)
R 2002 A3 ok, Ago] AHH
dlo] el ot @57} 588 0T 415l

2ol 5 Ago] wohieg g 71
A= AgE 4
el 2F ol 2

el 79, 2002 S ALBSISich, 4
10l AHE-5HMAPS Sol ol 2.3 /10 517120

o)
A
=

& Z2I5H= 79 0.001 %of| BF=H, dRbAQl
ool A = F A o 207 o] 9] 52 AFEh= Ao
drtz o] x| ¢b7] wizell, $1et Z-e Weto] Bhsol
Z 9T 7IAA G AoR By A" =
LI AR 712 B el B AERT
H okl AABFA, 20 T pramer Toppees ERT H
g2 Ak

v, & &
B = Bol A= AHE ol R A ALe] Ak RARS 95
712 mel S S2Asto] ARSItk AT A AT A
ge

48/48/96. 0.2, k7] wme] §ule 25602,
S A2 A2 682 71 91A ARG AT S5 ¢
3l sto] A (pytoreh)”' & A8, 49] wiA] A7,
0.0059] 3158, L2 =80] 3 AIZko] 33 T A=
22)9& A8 GPU $3F9] FAR 71 2dl
& Th Reference [6]9] 41 Q15 2] v] sl 22 vl
A 2715 ARgsRlon, melo] HHSE s of
EH(Adam) 3} 7] 50,0001 WHE Sh5-E XISk
31,0989 8H58 745 10,0008 WHE: 85l 2]
&3tk

AL fJsf AR HloJE A2 27059 Tlofi
A7} =53 MAPS g o] E] S0l ki 5)5; T o]
= 15059] 955 ARS-3I3laL, Bk 52 el
7} 6070] A5 ARG ol AREE HE 2
He Al5= 16 kHz2 oS8 ov, 7249
22055 et ARSI

2]




37N AR BEE B8 71 ATHS 7w g el mele] A% A A 211

Input waveform

Conv Stack*
||||-|| [rs Input
I Conv2D + BN + RelU
Log Mel ‘Conv2D + BN + Rell
spectrogram MaxPool2D (1 x 2) + Dropout (0.25)
P - J Log Mel Conv2D + BN + RelU
Pitch h MaxPool2D (1 x 2) + Dropout (0.25)
Information Sspectrogram Linear + Dropout (0.5)
AMT model
1
] 1 ] l
Offset Stack Onset Stack
Conv Stack* Eamelstac Conv Stack* eloctyiStad:
Bi-LSTM Conv. Staclk* Bi-LSTM Convi Stac!("
FC Sigmoid FC Sigmoid FC Sigmoid Fc Sigmoid
y
Combi
Offset Prediction Stack Onset Prediction feloci Predlmo
Bi-LSTM
FC Sigmoid
Offset Loss Onset Loss Velocity Loss
Frame Prediction

Fig. 3. (Color available online) Diagram of proposed
network architecture with offset numbers of pitch
information,

of

5T AT S Al o, AR, 24,
Y SN RS shpH ARE3E A, £
SH AP AHRE 2O d-AERZ T3 9of gHA
Aoz AR Y, il viA g2 A S
O F N HRE L ARGS AES A5t
o E2H SN AERE RO E-AHER TR 9
o A Y o &2 AR AT S A 7 AF S A

AN ARE 2T W AHE

0] oz ARG RTE E3L S A4
Uk AR AEe S Al HHe S E=
ofet Sl Al AR E EARE o] ARgHIL T
£ E5dle Ve dE)] Ea-UAdER IS
ARgSESITE A5 S0, B4 S Vg A EE 7t
AN B &5 Yo 2O W-A9E
2 ofefjofl B4 S 7l AEE F713 o]
BIS ARSI, YA E52 2O H-AHER
3o g o= ARGH AT Fig 3o 4 =L 7
T RHEE F7IRE ok S A
A Tl e AR A i S o] &
8f| of| &3¢t oot A= Fig. 4¢f| 3£t} Fig. 49
ground = AH2, baseline 2 7|5 2E 9] o

Ground truth

0 50 100 150

Baseline

0 50 100 150

Fig. 4. (Color available online) Transcription results
of baseline and propsed models, X—and y—axes
denote the frame number and MIDI note number,
respectively.

The Journal of the Acoustical Society of Korea Vol.43, No.2 (2024)



212

Table 1. F1—scores of each model,

ot =, o] 4%

P, R, F1 denotes the precision, recall and F1 score, respectively.

Frame Note Note with offset Note with (?ffset &
velocity
P R F1 P R F1 P R F1 P R F1
Baseline 82.1 | 785 | 79.8 | 93.7 | 88.0 | 90.6 | 59.6 | 56.2 | 57.8 | 57.0 | 53.7 | 552
Baseline + onset pitch information 823 | 789 | 803 | 93.5 | 89.6 | 91.5 | 574 | 552 | 56.3 | 549 | 52.8 | 53.8
Baseline + frame pitch information 932 | 774 | 843 | 949 | 862 | 90.2 | 77.8 | 70.8 | 74.0 | 744 | 67.8 | 70.8
Baseline + offset pitch information 90.6 | 822 | 86.1 | 929 | 88.0 | 90.2 | 78.1 | 74.1 | 75.9 | 74.6 | 70.8 | 72.6
Baseline + offset pitch information on top| 92.1 | 80.7 | 85.9 | 93.6 | 874 | 90.2 | 783 | 73.3 | 75.6 | 753 | 70.5 | 72.7
Baseline + all pitches information 957 | 84.3 | 89.5 | 94.0 | 90.9 | 924 | 809 | 784 | 79.6 | 783 | 75.9 | 77.0
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