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A. Novikov, D. Podoprikhin, A. Osokin, and D. Vetrov, “Tensorizing Neural Networks,” NIPS 2016.
/Z.-F. Gao, et al.,, "“Compressing deep neural networks by matrix product operators,” Phys. Rev. Research, vol.2, 023300 (2020).
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(ZFIEPRR, vol.2, 023300 (2020)m5 5| )

= FC2Ry h7—%
09841  +—— . %/ 10.10
No.|Layer name | Input size | Output size | Comment| N,,, |Represented - n e P T
® 4 N -
1 FC 28%28 256 200704 Yes . '-----_,----__:-___FO{.---_./--------= 0.08 -%
O B 1 -
Rel.u g 0980 — - ././ - / : Qé
2 FC 256 10 2560 Yes 3 o yd - 10.06 S
- . - )
Sotftmax f _ / - o _ §
O 0976+ ¢ 1004 &
' 1 _ O
MPO1t = P S
- o _ /- —=— Compression Ratio 002
ordering . 4,4,4,4 972+ - : —o— '
== M, 7o (X _ D) [ _— o— Test Accuracy _

/ C |.|.|.|.|.|.|.|.|.|.|-0.00
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(ZFIEPRR, vol.2, 023300 (2020)m5 5| )

. . . V G G -I 6 * \\/ I\ 7 — ; No.|Layer name| Input size |Output size| Comment Npara  |Represented
No.|Layer name | Input size |Output size| Comment | N,,, |Represented I | ConvUnit | 32x32x3 | 32x32x64 | 2x[3.3:64:1] | 38592
ReLu
1 Conv 28%28 28X28%X6 [5,5;6:1] 150 MaxPo | 32x32x64 | 16x16x64 |  [2.2:2]
ReLu 2 | ConvUnit | 16x16x64 | 16x16x128]2x[3,3;128;1]| 221184
ReLu
MaxPo I8%28%6 | 14%14%6 [2,2:2] MaxPo |16x16x128] 8x8x128 |  [2,2:2]
3 | ConvUnit | 8x8x128 | 8x8x256 |2x[3,3;256;1]| 884736
2 Conv 14x14x6 | 10x10x16 | [5, 5; 16; l]np 2400 ReLu
4| Conv | 8x8x256 | 8x8x256 | [1,1:256;1] | 65536
ReLu Rellu
, MaxPo | 8x8x256 | 4x4x256 | [2.2:2]
MaxPo 10x10x16| 5x5x16 [2,2;2] 5 | ConvUnit | 4x4x256 | 4x4x512 |2x[3,3;512;1]] 3538944
3 Conv 5%5%16 120 [5,5;120; 1],,{48000 Yes ReLu
6 | Conv | 4xdx512 | 4xdx512 | [1,1:512;1] | 262144
Rel.u ReLu
MaxPo | 4x4x512 | 2x2x512 | [2.2:2]
4 FC 120 384 10080 Yes 7 | ConvUnit | 2x2x512 | 2x2x512 |2x[33:512:1]| 4718592 | Yes
ReLu
ReLu 8 | Conv | 2x2x512 | 2x2x512 | [1,1;512;1] | 262144
5| FC 84 10 840 | Yes ReL
MaxPo | 2x2x512 512 [2,2:2]
Softmax 9| FC 512 4096 2097152 Yes
ReLu
10| FC 4096 4096 16777216]  Yes
ReLu
M PO t '_‘_l: 11 FC 4096 10 40960 Yes
l \n Softmax

25.6,2 2.3.7.2 1,5,2,1
M2,10,10,2(4)> M2,5,6,2 (4), M2,3,7 > (2) MPO-Net
Original Rep

}j—:%ﬁ S O O 5 Data set Network %% a (%) = a (%) EifE= 0
M=+ ~ .

MNIST LeNet-5 99.174+£0.04 99.17 £ 0.08 0.05
CIFAR-10  VGG-16 93.134£0.39 93.76 £0.16 ~0.0005
VGG-19 9336 £0.26 93.80£0.09 ~0.0005
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A. Novikov, D. Podoprikhin, A. Osokin, and D. Vetrov, “Tensorizing Neural Networks,” NIPS 2016.
/.-F. Gao, et al., "Compressing deep neural networks by matrix product operators,” Phys. Rev. Research, vol.2, 023300 (2020).
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E. Stoudenmire and D. J. Schwab,
“Supervised Learning with Tensor Networks,” NIPS 2016.
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