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Vocal separation
Introduction

Main task: Separate vocals from music pieces

Applications: Karaoke generation, singer identification, voice
analysis...
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Vocal separation
Challenges

Difficult task, small multi-track datasets ⇒ Overfitting

Give model more knowledge:

Regularization (e.g. weight decay)
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Vocal separation
Challenges

Difficult task, small multi-track datasets ⇒ Overfitting

Give model more knowledge:

Knowledge-driven (e.g. KAM [4])
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Vocal separation
Challenges

Difficult task, small multi-track datasets ⇒ Overfitting

Give model more knowledge:

Informed source separation [2]
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Vocal separation
Challenges

Difficult task, small multi-track datasets ⇒ Overfitting

Give model more knowledge:

Integrate information from related tasks/datasets

Music 
(dataset A)

Voice

Accompaniment

Separator
model

Music 
(dataset B)

Share information

Model Label
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Goal

Which other tasks could help?
Vocal activity detection is promising:

Knowing vocal activity improves vocal separation [1]
Vocal detection networks learn a form of separation: [5]
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Initial approach
Using additional non-vocal sections

U-Net adaptation [3] as separator, MSE loss
Sample instrumental sections also from SVD databases

⇒ Diversifies instrumental training data

Song A 
SVS Database

Song B 
SVD Database

? ? ?
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Initial approach
Results

Training (SVD)Training (SVS) Validation/Test (SVS)

DSD100 Jamendo DSD100

Electro

RWC

Performance decrease
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Initial approach
Results

Training (SVD)Training (SVS) Validation/Test (SVS)

DSD100 Jamendo DSD100

Electro

RWC

CCMixter

iKala

Performance increase
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Initial approach
Results

Training (SVD)Training (SVS) Validation/Test (SVS)

DSD100 Jamendo DSD100

Electro

RWC

CCMixter

iKala

CCMixter

iKala

MedleyDB MedleyDB

Performance decrease

Dataset bias?
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Dataset bias
Analysis

DSD MDB CCM iKala Jam. RWC
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Multi-task approach
Introduction and motivation

Key idea: Predict both audio and label

Music 
(SVS dataset)

Voice

AccompanimentSeparator model
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Voice activity
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Shared weights
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Robust to dataset bias and label accuracy
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Multi-task approach
Introduction and motivation
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Can train with vocal sections from SVD data
D. Stoller, S. Ewert, S. Dixon (QMUL) Jointly Detecting and Separating Singing V. LVA ICA 05.07.2018 8 / 13



Multi-task approach
Introduction and motivation
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Needs only mixture at test time
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Multi-task approach
Introduction and motivation

Key idea: Predict both audio and label
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fϕ |2

= log ( |m)LCE �(m,o)∼p2
1

T ∑
t=1
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Solves two tasks at once
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Experimental setup
Model architecture and dataset

DSD100 as SVS, Jamendo as SVD training data
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Experimental setup
Evaluation metrics: AU-ROC, MSE, SDR

AU-ROC for SVD

MSE and SDR/SIR/SAR for separation

SDR gives log(0) for non-vocal sections (≈ 10%)
⇒ Also measure RMS of vocal estimates for non-vocal sections
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Results
Single-task vs. multi-task model

Metric

Vocals Accompaniment

AU-ROC MSE Non-voc. RMS SDR SIR SAR SDR SIR SAR

SVD 0.9239 - - - - - - - -
Model SVS - 0.01865 0.0194 2.83 5.27 6.88 6.71 14.75 13.25

Ours 0.9250 0.01755 0.0155 2.86 5.56 6.23 6.69 13.24 14.11

Table: Comparing SVS and SVD baseline with our approach
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Results
Qualitative comparison
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Summary

Current SotA methods only use multi-track data

Our approach also uses SVD databases

Improved separation and detection performance

Future work: Larger datasets, more related tasks
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Previous work
Mostly spectrogram-based [1,2,3]
◦ Problem: Reconstruct source signal from its spectrogram estimates

◦ Result: Output artifacts



Previous work
Recently: Few time-domain approaches [4,5]
◦ Problem: Model long-term dependencies in raw audio

◦ Result: Context-deprived [4] or slow [5] models



Our solution: Wave-U-Net
Inspired by U-Net [1,6] and Wavelets

Core idea: Feature hierarchy
◦ Features at different timescales

◦ Efficient long-term dependency modelling

Simple system



Upsampling
Commonly used:
Transposed convolutions

Introduces high-frequency noise

Solutions:
◦ Linear interpolation

◦ Learned upsampling:



Context-aware prediction
Border artifacts with existing systems (equal no. of input & output timesteps):

Solution: No zero-padding for convolutions

=> Prediction of source only for centre piece of mixture input



Results
Improvements over spectrogram-based equivalent

Encouraging performance in SiSec challenge

Further improvements with
◦ Context-aware prediction

◦ Stereo handling

Code, trained model and audio examples:

https://github.com/f90/Wave-U-Net

https://github.com/f90/Wave-U-Net
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