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Multi-layer Local Block Coordinate Descent Algorithm and Unfolding

Classification and Reconstruction Networks
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Abstract Convolutional sparse coding (CSC) has been widely used in tasks such as signal or image processing, re-
construction, and classification. The multi-layer basic pursuit problem and the multi-layer dictionary learning prob-
lem of multi-layer convolutional sparse coding (ML-CSC) model based on deep learning idea have became research
hotspots. But the alternating direction multiplier method (ADMM) solver based on Fourier domain and the tradi-
tional basic pursuit algorithm based on patch idea cannot be easily extended to multi-layer cases. Based on the idea
of slice local processing, this paper proposes a new multi-layer basic pursuit algorithm: multi-layer local block co-
ordinate descent (ML-LoBCoD) algorithm. Inspired by the multi-layer iterative soft threshold algorithm (ML-ISTA)
and the ML-ISTA-Net, the corresponding iterative unfolding network ML-LoBCoD-Net is proposed. ML-LoBCoD-
Net realizes the ability of learning signal representation, and the deepest convolutional sparse coding is used for
classification. In addition, in order to obtain better signal reconstruction, a new multi-layer slice convolutional re-
construction network (ML-SCRN) is proposed. ML-SCRN implements the process from sparse coding to signal re-
construction. Experimental verification of the two networks are confirmed, respectively. Then ML-LoBCoD-Net and
ML-SCRN are cascaded to obtain the classification and reconstruction network, ML-LoBCoD-SCRN, which realizes
image classification and reconstruction at the same time. Compared with the reconstructing method based on the
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full connection layer, the proposed ML-LoBCoD-SCRN network requires fewer parameters, has faster convergence
speed and higher reconstruction accuracy. In this paper, for comparative experiments, ML-ISTA-SCRN is construc-
ted by ML-ISTA and ML-SCRN, and ML-FISTA-SCRN is constructed by the multi-layer fast iterative soft
threshold algorithm (ML-FISTA) and ML-SCRN. The proposed ML-LoBCoD-SCRN is better than ML-ISTA-SCRN
and ML-FISTA-SCRN on the classification accuracy rate, loss function value and signal reconstruction results for
the MNIST, CIFAR10 and CIFAR100 datasets.

Key words Multi-layer convolutional sparse coding (ML-CSC), multi-layer basic pursuit (ML-BP), multi-layer loc-
al block coordinate descent (ML-LoBCoD) algorithm, classification, reconstruction
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ML-LoBCoD 99.15 85.53

e T H At X 25

5.5 ML-SCRN &£#3

ML-SCRN H 4 /2 5 F) 4 18 5 AR A E 15 =
EEBMR AL T, Ty, Ty , A ML-SCRN
UG AT B A, ] 12 24K 100 R EF ML-SCRN
) DR D50 3 W Al 11 5 s 4 R S B R
KGO LG, PTLAE Y, AU 2 B0 X 2% F- AN e 2 )
B RN BUR S5, 1R 2 E iy o Bl o
R BROR TR L 2.

5.6 BFEEMMAREIIIEL

ARG R F D; T F B iR S B AL )
m AR, SRR HIZEE 07 b g AL & 13
K 14 4332 SH (6 = 0) FIZZRATL (B =0 — 1)
iff ML-LoBCoD-SCRN 452 5 [ 73~ 3 1 1ff 28 F1 B 44
FRAR 110 .

Bl 15 JN7E MNIST i 4L N i% 2 4 st s 44 4y
KR E, B 15(a) NEGEEIE, B 15(b) Ak
ZHp=0 MBEMERER, K 15(c) 2B
B=0—1ZZMmibBAIE RS RE NE 13~ 15



2656 )

(8

) MNIST JR 414
Orlgmal images of the MNIST data

) ML-SCRN MNIST A%
Reconstructed images of ML-SCRN of the MNIST data

Bl 12 ML-SCRN 45 ff) S ) 4
Fig.12  Reconstruction results of ML-SCRN network
100
— ML-LoBCoD-SCRN
-LoBCoD-SCRN (8= 0)
99 r \ % ~ite
= # \.-w %qe\,;‘W *E. %‘%‘W SANS
& {
~ ¥
@) | [|
S 97 ;
<
{
96
J
¥
|
95 L - - - -
0 20 40 60 80 100
Iterations
K13 Rkt A 2 T
Fig.13  Classification comparison chart of layer-by-layer

relaxation model

0.00005 [r—
! L — ML-LoBCoD-SCRN
{ \ --LoBCoD-SCRN (5 = 0)
0.00004 ! \
II _,_‘Aa:
7 b
= 0.00003 [} &
Z \ "hy
Em l.‘ L‘A\"H\‘
Z 0.00002 % oy
Q A\
- 9 \RRJJ
LN Sad LV
0.00001 | P
\h"'-_‘ .
0 . . . i e
0 20 40 60 80 100
Iterations
Bl 14 ZE SR T E 45 0% eR B0 b

Fig.14
function value of the layer-by-layer relaxation model

Comparison chart of the reconstruction loss

LA AR AT IS 5 6 1T DL T AR AUl
WP, o SN AL 25 BRI T S A0 AR Y
gk

a) MNIST JR 4 E %
Orlglnal images of the MNIST data

= 0 BB E PR

= 0 model reconstruction images

= 01 A H YRR

= Uﬁl model reconstruction images

Kl 15
Fig.15
results of the layer-by-layer relaxation ML-LoBCoD-
SCRN model

B ERA it ML-LoBCoD-SCRN 155 7 8 4 45 55 Eb 1K

Comparison chart of the reconstruction images

5.7  ML-LoBCoD-SCRN 5 ML-LoBCoD-FC Ky
EEak

TGN ITIER I T 2 %R Z (Fully connected
layer, FC layer) %f B #EAT B 1), RIKE G &5 11
IR B AR A S R, AR —
EEBN B ASCK 2 2 R AL bR T B 2%
545 2T A5 8 5 T ML-LoBCoD 114>
R EEMEH M (ML-LoBCoD-FC). St ML-
LoBCoD-Net 15 2 i 2 1 G AWM B dm iy, 7555 71
K WA A5 215 H R 0 43 AR 2 F0 8 44 1A
1% . FEAT ¥ ML-LoBCoD-SCRN 5 ML-LoB-
CoD-FC MR 5 HEME RIFITHR. K240 T
ML-LoBCoD-SCRN 5 ML-LoBCoD-FC 7Ei#% 4%
100 VRIS 2 MR R . AR 25 I 5 I b
FIAZ AT INF T) PRy Bl &5 5. 35 M) 22 2 T R 4
KI5 5 = A AR 3 7 45 % R B0 SR ST 35115 2 1
B P2V 15 e LU 2 B AR SR R 5 A 1R
G 1 U8 A A R LU AR N SRS 3945 B R0ME. AT LUE H
ML-LoBCoD-SCRN 4% 5 ML-LoBCoD-FC %%
AHEE, BT o AR/, URSIOHR B e, S A4 RUGORS B

K 16 & ML-LoBCoD-SCRN 5 ML-LoB-
CoD-FC 4r 2R E M IEA 100 I 13645 MNIST
B R da A PG S B UG EE, 1] 16(a)
%J?éﬁﬁl’él% K 16(b) N ML-LoBCoD-FC H 445
H, B 16(c) v ML-LoBCoD-SCRN HE &5 J. 7]
PLE H ML-LoBCoD-FC {4 4% N fg 24 5] 1|2 2
(1% 7 BB 25 DR ot 3 35UAR 22 SR B0~ B 1 B0
%, B 17 %A 100 R ) ML-LoBCoD-SCRN



12 TE W 22 R AR ik A HLIRE ) 7> K E R R 2% 2657

R 2 PR SEAM L AEIEA 100 DO HE
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Fig.16 ~ Reconstruction results of two classification re-
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432 R R 28 1 ML-LoBCoD-FC 4325 5 14 X 4% 1]
PR R EE T EL . BT UE H ML-LoBCoD-SCRN
I‘JQ%EVJ &AL T ML-LoBCoD-FC.

X4 1 ML-LoBCoD-SCRN £1 ML-LoB-
CoD-FC ¥ E 24 FEXTEL, W3k 3 Fis. A SCHEH
) ML-LoBCoD-SCRN {12 $ 8 & A £ [t 45 4 71
M InR T3 0, E AR R A NS 5, W
ML-LoBCoD-FC fE EMEFEFH S H =N B £,
B, 5 ML-LoBCoD-FC A b, A SR H g 7Y
RS ETE /D, BTl P

5.8 ML-LoBCoD-SCRN 5 ML-ISTA-SCRN .
ML-FISTA-SCRN ByLL#:

% B4 ML-LoBCoD-SCRN,ML-ISTA-SCRN
1 ML-FISTA-SCRN #4757 b 5256

K18 ~ 20 4332 p=0.99 K ML-LoBCoD-
SCRN., ML-ISTA-SCRN #1 ML-FISTA-SCRN
¥ 4325 7E MNIST. CIFAR10 A1 CIFAR100 ¥#3
R IEAR 100 R0 2 R 0 4 1) D 46 507 BB

0.00005 7
'.'- — ML-LoBCoD-SCRN
it ML-LoBCoD-FC
0.00004 11
L
= 1,
9 0.00003 4
Z ;
= Yy
£ 0.00002 Y ™
a W o™
B |
0.00001 =
0 , . .
0 20 40 60 30 100

Iterations

17 PR SE I MNTST #3842 1045 0% o6 %
Fig.17  Loss function value of two classification recon-
struction networks in the MNIST data

® 3 MRS EM MRS B N
Table 3 ~ Comparison of the parameters of two classifica-
tion reconstruction networks

TR ML-LoBCoD-SCRN ML-LoBCoD-FC
1st layer 6x6x1x64+64 6x6x1x64+64
2nd layer 6x6x64x128+128 6x6x64x128+128
3rd layer 4x4x128%512+512 4x4x128%512+512
4th layer 512x10+10 512X 10+512x 7844784

Total 1352 330 1753 818
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Table 4 Comparison of the parameters of the three networks under the MNIST, CIFAR10 and CIFAR100
datasets 100 times
o ISP SRHERE (%) EMIRZE (x 10°) BT 1A P {51 (dB)
MNIST CIFAR10 CINAR100 MNIST CIFAR10 CINAR100 MNIST CIFAR10 CINAR100 MNIST CIFAR10 CINAR100
ML-LoBCoD-SCRN  98.90 84.40 83.41 3.03 1.44 3.14 1h47m 1h12m Ohb57m 30.77  32.46 29.97
ML-ISTA-SCRN 98.65 82.62 81.26 3.87 5.28 6.75 1h54m1h20m 1h00m 26.51 28.21 27.00
ML-FISTA-SCRN 98.41 83.48 80.34 3.42 6.52 8.95 1h56m1h25m 1h05m 29.75 27.63 25.14
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