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• Source Separation literally means separate any source of 
particular interest...

Separation?

Separate signal (music, 
speech, ...) from noise

Separate audio mix into 
separate tracks

Guess when specific 
sound sources are 
active

Denoising

Source 
Separation

Diarization
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• Goal: extract K sources from the noisy mixture w/o (or with 
very little) information about the mixing process

• We know denoising and specific guided separation, how can we
apply DL here?

Mix

Source 1

Source 2

Source 3
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Audio

Encoder

Masking

Decoder

Audio(?s)

raw-format (e.g., wav)

STFT?, Mel?, or ??

Some deep network

Inverse STFT? or ??

Saperated raw-format

Alex 
& 

noise

Denoised 
Alex

Denoising
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• Goal: just use Encoder-Separation-Decoder (ESD) with several 
decoders

Enc

Mask1 Decoder 

Decoder 

Decoder 

Mask2

Mask3
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• Goal: just use Encoder-Separation-Decoder (ESD) with several 
decoders

Enc

Mask1 Decoder 

Decoder 

Decoder 

Mask2

Mask3

Are these the same answer?
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• Idea: Permutation-Invariant Training (PIT), take the 
best loss of all permutations of predictions

Enc

Mask1 Decoder 

Decoder 

Decoder 

Mask2

Mask3

Take the best among 
the permutations!
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• Idea: Permutation-Invariant Training (PIT), take the 
best loss of all permutations of predictions

Enc

Mask1 Decoder 

Decoder 

Decoder 

Mask2

Mask3

Take the best among 
the permutations!

Then, compute the loss → Back-propagation



마스터 제목 스타일 편집Blind Source Separation – PIT

11

• PIT[2017] is the first working DL baseline without clustering

w/ PIT w/o PIT

Open condition
(본적 없는 화자)

Using oracle
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• TasNet (2017): solve blind speaker separation (2 speakers tried)

● 1D CNN Encoder
● Heavy (1024hid) 4-layer  LSTMs as 

Separator
● FC(!) decoders each of 1024 units
● Short segments of audio (5ms at 8kHz 

SR) as input
● PIT used

Trained and evaluated on WSJ0-2mix

One of the first serious DNN baselines 
together with PIT

SDRi: improvement over mix, SDR around 7-8(BLSTM)

Transposed 
Conv

Latent 
vector

Mask
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• Dual-Path RNN (2020): solve blind speaker separation (2 speakers tried)

● Dual-Path RNN
● Light: 2.6M parameters
● Streaming-ready
● Short overlapping chunks of audio 

(2ms at 16kHz SR) as input

Application: speech enhancement, 
separation with known number of 
speakers…

SI-SNRi: WSJ02-mix ~18
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• ConvTasNet (2018): solve blind speaker separation (2 speakers tried)

● 1D CNN Encoder
● TCN (Temporal Convolutional 

Network) ResNet-like structure as 
Separator

● Arbitrary-length audio as input
● PIT used

Trained and evaluated on WSJ0-2mix

The second serious DNN baseline 
together with PIT and TasNet
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• SepFormer (2021): solve blind speaker separation (2 speakers tried)

● Transformer-based dual-path 
architecture

● Self-Attention layers replace TCN 
blocks in separator

● Handles long-term temporal 
dependencies efficiently

● Fully convolutional Encoder/Decoder 
in time domain

● PIT (Permutation Invariant Training) 
used

Trained and evaluated on WSJ0-2mix 
and WHAM! datasets

1-D Conv
1-D Conv-
trans.
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