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What is Source Separation?

 Source Separation literally means separate any source of

particular interest...
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Blind Source Separation

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

Mix

Source 2

Source 3

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



Encoder-Separation-Decoder (ESD)
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Blind Source Separation - First Idea

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

/ Mask1l —>®\+ Decoder

> Mask2 —»@——» Decoder
Masks3 —’® ——>  Decoder
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* Idea: Permutation-Invariant Training (PIT), take the
best loss of all permutations of predictions

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

Take the best among
the permutations!

/ MEE —>®\+ Decoder

> Mask2 —»@——» Decoder
Mask3 —>® _—>  Decoder

Then, compute the loss - Back-propagation




Blind Source Separation — PIT

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

SDR IMPROVEMENTS (1) FOR DIFFERENT SEPFARATION METIHODS (N Open Condition

THE WSJ0-2MIX DATASET USING [TPTT. — =
r l (=8 9= 2tXh
Input 51 Input 52 Method Mask | Activation | Opl Assign. | Dell Assign,
— - T T T T T T T T T T T T T T T T T T T T T T T i Type Function CC (1 CC ac
| I
! Cle?\: :’peec“ 1 Cleﬂ' :’pee‘:h 2 | WPITBLSTM | AM | softmax | 104 103 | 90 87
| (M frames) {M frames) Error | uPIT-BLSTM | AM sigmoid | 83 83 | 71 72
I ) | uPIT-BLSTM | AM Rel.U 99 99 | 87 86
| assignment 1 Minimam_ ! uPIT-BLSTM | AM Tanh 85 86 | 75 75
: TRl e error | WPIT-BLSTM | PSM | softmax | 103 102 | 91 90
: Error [ uPIT-BLSTM PSM sigmoid s 104 | 92 9.1
. ! uPIT-BLSTM PSM RelU 109 108 9.4 9.4
I assignment 2 [ .
: Cleaned speech 1 Cleaned speech 2 : uPIT-RLSTM P5M Tanh 10,4 10,3 9.0 5.9
I (M frames) (M frames) | uPIT-BLSTM | NPSM | softmax 87 86 | 75 713
R LT CE L T Ty T L ——— ! uPIT-BLSTM | NPSM | sigmoid | 106 106 | 94 93
outputl T output2 uPIT-BLSTM | NPSM | RcLU 88 88 | 76 76
— YV« > ¥ ——— . uPIT-BLSTM | NPSM Tanh 10,0 100 | 89 88
X X Using oracle
uPIT-LSTM PSM ReLU 0.8 0.8 7.0 7.0
Mask 1 Mixed speech Mask 2 (1 uPIT-LSTM PSM sigmoid | 98 96 | 71 69
(M frames) (M frames) (M frames) M (2, ) — 1Xa(t, /)] WPITLSTM | NPSM | ReLU | 98 98 | 71 7.0
——— s ’ Eb X (D) uPIT-LSTM NPSM | sigmoid 92 92 | 68 68
inpu §=
PIT-BLSTM PSM RelLU 1.7 1.7 | -7 -19
PIT-BLSTM PSM sigmoid | 1.7 1.7 | -1.7  -1.7
t DNN/CNN/LSTM PIT-BLSTM NPSM Rel.ll 1.7 1.7 | -1.7 -18
PIT-BLSTM NPSM sigrmoid 1.6 e | -6 -7
f _ > IRM - - 124 127 | 124 127
Feature ) Pairwise scores:  O[S°) [distance) IPSM - - 149 151 | 149 151
“ fra mES) Input Error Assignment: O[5!} [summation)

/ PIT  w/o PIT
W w/o 1



Blind Source Separation — RNN-based

» TasNet (2017): solve blind speaker separation (2 speakers tried)

Transposed
e 1D CNN Encoder Mixture Mask Conv |
o Heavy (1024hid) 4-layer LSTMs as Wm Latent s [/ '”'I"M.“"'
Separator vector /N
o FC(!) decoders each of 1024 units /m& @ -y AT m
e Short segments of audio (5ms at 8kHz NWV mm’“ o 39_ | e | e <f 2
SR) as input \—C o |~ «/?;jju/\

e PIT used o ] | s /
Trained and evaluated on WSJO-2mix Encoder Separation:  Decoder W

One of the first serious DNN baselines Mcthod Causal | SI-SNRi | SDRi
together with PIT uPIT-LSTM [4] v 7.0
TasNet-LSTM Ve 7.7 8.0

DPCL++ |3 X 10.8 -

DANet [3] % 105 -
uPIT-BLSTM-ST [4] x 10.0
TasNet-BLSTM X 10.8 111

SDRi: improvement over mix, SDR around 7-8(BLSTM) 12
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Blind Source Separation — RNN-based

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

A, Segmentation

e Dual-Path RNN . L

e Light: 2.6M parameters vl Sequential input

e Streaming-ready SETTTTTTPERRES S :

e Short overlapping chunks of audio Mk v v
(2ms at 16kHz SR) as input v ?'_I [ ] '_"ﬁ

Application: speech enhancement,
separation with known number of

B. DPENN block
speakers...

SI-SNRi: WSJ02-mix ~18

—at
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Blind Source Separation — CNN-based

« ConvTasNet (2018): solve blind speaker separation (2 speakers tried)

B. System flowchart C. 1-D Conv block design

_]I'_E:)I\(l:?er Encoc:ecr:. | . I Encoder Separation Decoder Skip-connection Output
emporal Convolutiona | , TN I AV
Network) ResNet-like structure as come [] | [Gome ] | d=2 | Gomv @ e
S e pa ra tO r n';;,ﬁld,tre T 1 T Sigarr?:g;d Norrna:zation
Arbitrary-length audio as input | SOF“ I c‘(;TEv 1| ¢=2 CEEV 1| [ T o
PIT used o v R O T oo
1?] |1 L~ _T Sigrﬂ] Normalization
. . * t
Trained and evaluated on WSJO-2mix — . PReLU
G- n:;? ne 1X1Tconv
The second serious DNN baseline T oy Iht

together with PIT and TasNet
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Blind Source Separation — CNN-based

« ConvTasNet (2018): solve blind speaker separation (2 speakers tried)

Model | . SI-SNRi | SDRi
1D CNN Encoder . Method gire | Cawsal |~ R TR
TCN (Temporal Cor.wolutlonal DPCLIT 151 TN v 08 -
Network) ResNet-like structure as uPIT-BLSTM-ST [7] | 92.7M x _ 10.0
Separator DANet || 9.1IM X 10.5 -
Arbitrary-length audio as input ADANet [ O-IM | x 104 1 108
PIT used cuPIT-Gnid-RL 47.2M X — 10.2

CBLDNN-GAT 39.5M X — 11.0

Chimera++ 32.9M X 11.5 12.0

Trained and evaluated on WSJO-2mix WA-MISI-5 32.9M X 12.6 13.1
BLSTM-TasNet 23.6M X 13.2 13.6

The second serious DNN baseline C:;:Tlf;ﬁ;g? f('ll,?:d :(‘, 15_'3 175 bﬁ
together with PIT and TasNet LSTM-TasNet %ﬂ} POM | v 108 | 11.2
Conv-TasNet-c 5.1M v 10.6 11.0

IRM — _ 122 12.6

IBM — - 13.0 13.5

WFM - . 13.4 13.8
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Blind Source Separation — Transformer-

based

« SepFormer (2021): solve blind speaker separation (2 speakers tried)

% 1-D Conv-

e Transformer-based dual-path 1-D Conv mi | trans.
architecture &5
e Self-Attention layers replace TCN © —| Encoder — /i | Masking Net| | Decoder | 5
blocks in separator lmz f ;
e Handles long-term temporal -
dependencies efficiently
e Fully convolutional Encoder/Decoder
in time domain = . o " L | .m
e PIT (Permutation Invariant Training) * —|Nom+Linear —|Chunking —-|SepFormer || PReLU+Linear| — OverlapAdd —— FEW+ReLU|
used
h IntraTransformer —| Permute —{ InterTransformer h”
Trained and evaluated on WSJO-2mix
and WHAM! datasets e Repeat N times
é z‘ LayerNorm |—~| MHA Ea LayerNorm |—| FFW 2 P f(2)

Repeat K times
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Blind Source Separation — Transformer-

based

« SepFormer (2021): solve blind speaker separation (2 speakers tried)

Table 1. Best results on the WSJ0-2mix dataset (test-set). DM

e Transformer-based dual-path N
stands for dynamic mixing.

architecture

e Self-Attention layers replace TCN Model SI-SNRi | SDRi | # Param | Stride

blocks in separator Tasnet [27] 10.8 11.1 n.a 20

e Handles Iong-term temporal SignPredictionNet [28] 15.3 15.6 55.2M 8
d d . fficientl ConvTasnet [15] 15.3 15.6 5.1M 10
ependencies etficiently Two-Step CTN [29] 16.1 na | 8.6M 10

° FuIIy convolutional Encoder/Decoder DeepCASA [18] 17.7 18.0 12.8M 1
in time domain FurcaNeXt [19] n.a. 18.4 51.4M n.a.

e PIT (Permutation Invariant Training) DualPathRNN [17] 18.8 190 | 2.6M 1
used sudo rm -rf [21] 18.9 n.a. 2.6M 10
VSUNOS [20] 20.1 20.4 7.5M 2

. . DPTNet* [22] 20.2 20.6 2.6M 1

Trained and evaluated on WSJO-2mix Wavesplit** [23] 21.0 212 20M 1

and WHAM! datasets Wavesplit** + DM [23] 22.2 22.3 290M 1
SepFormer 20.4 20.5 26M 8

SepFormer + DM 22.3 22.4 26M 8
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