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• Fairness Analysis in SVT:
Ø Female superiority in SVT: evidence from four benchmark singing 

datasets.

Paper ID: 2515

• Note-conditioned Adversarial Learning for Fairness:• Motivation:
Ø Females and males sing differently. They have different sound 

characteristics, e.g. timbre and pitch distributions:

• Enforce Fairness in SVT:
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Ø Compared to baseline adversarial learning and domain independent 
learning

Ø Gender Bias Mitigation Results of NCAL.

Ø Why do we need fairness-utility tradeoff?
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Ø Fairness question: whether these gender-related characteristics lead 
to a performance disparity in singing voice transcription. 
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Ø 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

Ø Female superiority in SVT: evidence from SSL-based SVT models 
and EfficientNet-based SVT models 

Ø Potential reasons: 
1. Rule out the gender data imbalance
2. Hypothesis: pitch distributions make
substantial contributions.

• Fairness formulation in SVT:
Ø Training data                                                        Test data

Ø Utility metric

Ø Fairness metric (𝐴 = 1: males 𝐴 = 0: females)

Ø Fairness-Utility tradeoff

Ø SVT metric
     COnPOff: correct onset, offset, pitch COnP: correct onset, pitch

Ø Baseline Adversarial Learning
     (no condition)

Ø NCAL variant 1 (condition on 
ground truth notes)

Ø NCAL variant 2 (condition on 
note predictions): align 
different pitches 
simultaneously

Ø Introduce attribute predictor to 
predict gender labels


