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Depth-wise Convolution
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Dataset
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Eval Metric
Source-to-Distortion Ratio -> SDRI
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Symbol Description

N Number of filters in autoencoder
L Length of the filters (in samples)
Result B || it
S Number of channels in skip-connection
paths” 1 x 1-conv blocks
H Number of channels in convolutional blocks
TABLE 11 P Kemel size in convolutional blocks
THE EFFECT OF DIFFERENT CONFIGURATIONS IN CONV-TASNET. &[] Smberol ComolouL bis SR Buch e
R Number of repeats
Normali- Receptive | Model | SI-SNRi | SDRi
N £ B ol Se £ [ | R zation Cansal ﬁeldp(s) size (dB) (dB)
128 | 40 | 128 | 256 | 128 9 7 2 gLLN X 1.28 1.5M 13.0 13.3
256 | 40 | 128 | 256 | 128 | 3 7 2 ¢lLN X 1.28 1.5M 13.1 134
256 | 128 3 7 2 gLLN X 1.28 1.7M 13.3 13.6
40 3 7 2 gLN X 1.28 2.4M 13.0 13.3
512 | 40 | 3 7 2 gLLN X 1.28 3. 1M 13.3 13.6
512 | 40 3 7 2 gLN X 1.28 6.2M 13.5 13.8
512 | 40 | 256 | 256 | 256 | 3 i 2 gLN X 1.28 3.2M 13.0 13.3
512 | 40 | 256 | 512 | 256 | 3 7 2 gLLN X 1.28 6.0M 13.4 13.7
512 | 40 | 256 | 512 | 512 | 3 7 2 ¢lLN X 1.28 8.1M 13:2 13.5
512 | 40 | 128 | 512 | 128 | 3 6 4 gLLN X 1.27 5.1M 14.1 14.4
512 | 40 | 128 | 512 | 128 3 4 6 gLN X 0.46 5.1M 13.9 14.2
512 | 40 | 128 | 512 | 128 | 3 gLN X 383 | 5.IM | 145 | 148
512 | 32 | 128 | 512 | 128 3 [ 8 37 LN X 3.06 5.1M 14.7 150
512 128 | 512 | 128 3 8 3 |gLN x | 1.93 5.1M 15.3 15.6
512 |L16 ) 128 | 512 | 128 | 3 8 3 cLN v 1.53 5.1M 10.6 11.0
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TABLE 11l
SEPARATION SCORE FOR DIFFERENT SYSTEM CONFIGURATIONS.

TABLE IV
COMPARISON WITH OTHER METHODS ON WSJ(0-2MIX DATASET.

: Model | SI-SNRi | SDRi

Encoder Mask ik (dB) (dB)

Pinv Softmax 12.1 124

- Softmax 129 | 13.2
1Mol : 2 ;

LsM | 13 | 134

ReLU Softmax 13.0 13:3

- Sigmoid 129 | 132

Model SI-SNRi | SDRi
Method i Causal (dB) (dB)
DPCL++ [5] 13.6M X 10.8 -
uPIT-BLSTM-ST [7] | 92.7M oo - 10.0
DANet [8] 9.1M X 10.5 -
ADANet [9] 9.1M X 10.4 10.8
cuPIT-Grid-RD [50] | 47.2M X - 10.2
CBLDNN-GAT [12] | 39.5M X - 11.0
Chimera++ [10] 32.9M X 11.5 12.0
WA-MISI-5 [11] 32.9M X 12.6 13.1
BLSTM-TasNet [26] | 23.6M X 132 13.6
Conv-TasNet-gLLN 5.1M X 15.3 15.6
uPIT-LSTM [7] 46.3M v - 7.0
LSTM-TasNet [26] 32.0M v 10.8 11.2
Conv-TasNet-cLN 5.1IM v 10.6 11.0
IRM - - 122 12.6
IBM - - 13.0 13.5
WFM - - 13.4 13.8
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TABLE VIII LSTM TasNet
L asiNe
PROCESSING TIME FOR CAUSAL LSTM-TASNET AND CONV-TASNET. [ S S A S i "
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= g
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0 50 100 150 200 250 Conv LSTM

Input starting sample TasNet network type



Conclusion BrAIn Lab. &

84 7|0f
7| TF £0[910] of Time EH QIO 2 End to End WY E

7|Z Time =0 @l Y& Ql TasNet HfH| FotEE = S 8l 95 &

(=1 %=
ST
71 C

| t=t XM2| o5

- YS0|Lt = EO| oot SE0M2| dsotE

LI A (==

Mo oo

e Multi channel 2 &2 ZHE



