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 Motivation:  Note-conditioned Adversarial Learning for Fairness:

» Females and males sing differently. They have different sound y ne, A %7 % Introd fribut dictor t
characteristics, e.g. timbre and pitch distributions: m x\ " ro. |ce attribtte predicior 1o
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» Fairness question: whether these gender-related characteristics lead
to a performance disparity in singing voice transcription. Z
» Baseline Adversarial Learning
males Transformer 9 (no condition)
o
performance CNN y L A
similar?
females

» NCAL variant 1 (condition on
ground truth notes)

» \Why does fairness in SVT matter?

1. Biased machine learning systems can lead to discriminatory treatment of
certain groups.

2. Biased SVT systems can lead to user inconvenience

3. Biased SVT systems negatively affect downstream applications, e.g. singing
voice synthesis

Algorithm 1 Note-conditioned adversarial learning for SVT

z 1 Aly

Require: Acoustic encoder 6(0) pre-trained on speech data under
SSL objective, randomly initialized label predictor ¢(®) and at-
tribute predictor /(?), learning rates 11, n2, n3 for 0, ¢, ¢, training
steps K3, K3 for linear probing and full finetuning.

fork=1toKi+K;do » NCAL variant 2 (condition on
z=00" (x), g = ¢ (2)

Ay = gb(k_l) (z.detach(), g.detach()), compute L4 in Eq. 6 n_Ote predlf:tlons): a“gn
yk) = y(k=1) LA > Update ¢/ different pltches

— N3 oy (k=D |
Ar = y® (2,§), compute L, L4 inEq. 2 and 6 simultaneously

* Fairness Analysis in SVT:
» Female superiority in SVT: evidence from four benchmark singing
datasets.

_ 0L
¢(k) — ¢(k 1) _ UZWk—yl) > Update ¢
if k < K; then > Update 6 z L A‘y
Dataset Model COnPOAt (%) COnP (%) COn (%) H(k) _ Q(k_l)
total T femaleT maleT gap |totalT femaleT maleT gap |totalT femaleT maleT gap o
modell 52.39 53.11 51.47 -1.64 70.73 72.54 68.42 -4.12 78.32 79.36 77.00 -2.36 else _ oL
(k) _ n(k-1) y LA
MIR-ST500 model2 34.55 35.29 33.60 -2.55 51.64 52.76 50.21 -2.55 71.33 72.07 70.39 -1.68 9 - 9 — M ( 290(k-1) - A 20 (k-1) )
model3 52.84 54.02 51.33 -2.69 70.00 71.17 67.85 -3.32 78.05 78.84 77.05 -1.79 end if
modell 55.20 60.96 51.55 -941 72.03 79.76 67.11 -12.65 | 88.51 90.63 87.16 -3.47 end for
N20EMv2 model2 68.62 74.82 64.68 -10.14 | 75.69 81.27 72.14 -9.12 92.83 94.33 91.88 -2.44
model3 73.06 78.34 69.69 -8.65 79.56 84.38 76.49 -7.89 93.66 94.96 92.83 -2.13 B} B}
modell | 5258 6122 4528 -15.94 | 67.75 7490 6170 -13.20 | 9213  91.93 9230 +0.37 e Enforce Fairness in SVT:
ISMIR2014 model2 57.35 62.42 53.06 -9.36 72.15 79.35 66.06 -13.29 | 91.53 92.25 90.92 -1.33
model3 59.95 65.61 55.16 -10.45 | 73.85 80.55 68.19 -12.36 | 92.80 93.18 92.49 -0.69 ] o ]
wav2vec2 | 53.66 57.27 49.93 -7.34 61.95 66.36 57.38 -8.98 82.60 81.66 83.58 +1.91 > Gender BIaS Mltlgatlon ReSU|tS Of NCAL
M4Singer Hubert 55.11 58.39 51.73 -6.66 64.17 68.10 60.10 -8.00 82.13 81.53 82.76 +1.23
wavLM 57.06 60.33 53.68 -6.66 65.40 68.87 61.82 -7.05 82.73 82.29 83.19 +0.90
data2vec | 53.98  57.45  50.40 -7.05 | 63.04 67.09 5886 -8.23|| 8230 8213 8248 +0.35 Train set Test set Method _ COnP Oﬂc.(%) _ COnP (7?)
Utility (U) T Fairness (F) T | Utility (U) T  Fairness (F) T
- . : . ERM 53.66 - 7.34 61.95 - 8.98
i - MA4Si M4si
> Femalg §uper|or|ty in SVT: evidence from SSL-based SVT models inger SINger | o | 5248 (-118) - 3.61(+3.73) | 60.67 (-1.28) - 421 (+4.77)
and EfficientNet-based SVT models
ERM 55.20 - 941 72.03 -12.65
N20EMv2 e — 1 Q7
(8) sy performances of different groups on ISMIR2014 (EfficientNet) (bl)oo_ SVT performances of different groups on ISMIR2014 (model3) 1(;)) SVT performances of different groups on MIR-ST500 (EfficientNet) (%_)16_ Notes distribution of ISMIR2014 MIR_STSOO Ours 53'29 (-1'91) - 4‘14 (+:‘E“’if) 72'71 (_ELU”E@@) _10'82 (wﬁ%ﬂj‘ﬁwﬁ)
-, N = = [SMIR2014 | ERM | 52.58 -15.94 67.75 -13.20
. r Ours 48.18 (-4.40) - 8.29 (+7.65) | 65.40 (-2.35) - 9.08 (+4.12)
- z 2 ' 20EMv? ERM 73.06 - 8.65 79.56 - 7.89
| B ‘H‘ ‘ “| H MIR-ST500 | VZOEMVZ | s 72.43 (-0.63) - 5.78 (+2.87) | 78.47 (-1.09) - 6.82 (+1.07)
! "t AN 3 N20EMv?2 ERM 59.95 -10.45 3.85 -12.36
e A~ LU M. Y¢ | ISMIR2014 ] |
tttttttttttttttttttttttttttttt Ours 59.57 (-0.38) - 7.49 (+2.96) | 73.33(-0.52) - 7.75 (+4.61)
| . Y o
> Potential reasons: - Songs Num Duration (B) » Why do we need fairness-utility tradeoff”
. total female male | total female male
1. Rule out the gender data imbalance - Trainset | Testset | Method | 73 | A COnPOSF (%) COnP (%)
icr i stribi it MIR-5T500 | 400 221 179 | 2762 15.13 12.49 ’ Utility (U) ]  Fairness (F) ] | Utility (U) T _ Fairness (F
2. Hypothesis: pitch distributions make \,oenie | 125 52 71 | c44 274 370 __ 5366W( il = (BT . 95W< il - (OT
' ' ' M4Singer | 521 246 275 | 2271 10.27 12.44 - - : - - - o
substantial contributions. 6 MaSinger | Masinger | AL 1.0 | 3.0 | 42.56 (-11.10) + 4.65 49.60 (-12.35)  + 6.35
& 5 NCAL 0.1 |50 |49.97 (- 3.69) + 0.39 57.66 (- 4.29)  + 1.57
. . - NCAL 0.1 |3.0|4987(-3.79) + 1.29 58.53 (- 3.42)  + 0.60
. | |
Fairness formulation in SVT: o EM | - | - | o - —
» Training data Test data MIRSTS00 NCAL | 0.0001 | 5.0 | 45.78 (- 9.42) + 2.45 69.54 (- 2.49) - 3.77
(n) ..(n) (n) N (n) ..(n) () N ISMIR2014 | ERM - - | 52.58 -15.94 67.75 -13.20
_ n n n S _ n n n T NCAL | 0.0001 | 5.0 | 42.24 (-10.34) + 3.01 62.44 (- 5.31)  + 1.22
Z)S - {(x Y ’A )}n=1 DT B {(x Y ,A )}nzl ERM 73.06 8.65 79.56 7.89
- N20EMv2 ' ) ' o ' S
» SVT metric MIR-ST500 NACL | 0.001 | 5.0 | 72.28 (- 0.78) - 7.78 78.70 (- 0.86) - 8.23
. - . - N20EMv2 ERM - - 159.95 -10.45 73.85 -12.36
CONPOff: correct onset, offset, pitch COnP: correct onset, pitch ISMIR2014 | e | 001 | 5.0 | 3095 (- 9.00) + 249 65.87 (- 7.98) + 0.64

» Ulility metric
» Compared to baseline adversarial learning and domain independent

U =E(x,y)~p, [metric(g,y)] learning
. . ] CONPOff on N20EMv?2 ] CONnP on N20EMv2 6104 CONnPOff on ISMIR2014 6 - COnP on ISMIR2014
» Fairness metric (A = 1: males A = 0: females) o i o
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> Fairness-Utility tradeoff nol a A > *
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