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Abstract: Objective Deep learning models have been widely used in multimedia signals processing. They
significantly improve the performance of signal processing tasks by introducing non-linearities, bi't lacks analytical
formulation of optimum and op*imality conditions due to their black-box architectures. In recer.* years, it is popular to
analyze the optimal formuiation and approximate the deep I¢arning models based on classical cignal processing theory
for multimedia, i.e., transform/basis projection based models. Method This report presents and analyzes ths
mathematical models and their theoretical bounds fci high-dimensional nonlinear and irregular structured methods
based on the fundamental theories of signal processing. The main content of this paper includes structured sparse
representation, frame-based deep networks, multi-layer convolutional sparse coding and graph signal processing. We
begin with sparse representation models based on group sparsity and hierarchical sparsity with their optimization
methods, and subsequently, analyze the deep/multi-layer networks developed using semi-discrete frames and
convolutional sparse coding. *Me also present graph signal pracessing models by extending classical signal processing
to the non-Euclidean geametry. Recent advances in these wpics achieved by domestic and abroad researchers are
compared and discussec. Result Structured sparse representation introduces the mixec norms to formulate a group
Lasso problem for structural information, which can be solved using proximal method or network flow optimization.
Considering that structured sparse representation is still based on the linear projection onto dictionary atoms,
frame-based deep networks are developed to extend the semi-discrete frames in multiscale geometric analysis. They
inherit the scale and directional decomposition led by frame theory and introduce nonlinearities to guarantee
deformation stability. Inspired by scattering networks, multi-layer convolutional sparse coding. introduces combined
regularization into sparsz i2presentation to fit max poolirg operation. Sparse representauon uf irregular multiscale
structures can be achicvea with the trained overcompiate dictionary in a recursive mann=r. Graph signal processing
extends conventional signal processing into the non-Euclidean spaces. When integrated with convolutional neural
networks, graph neural networks learn complex relational networks and are desirable for data-driven large-scale
high-dimensional irregular signal processing. Conclusion In the end, this paper forecasts the future work of
mathematical theories and models for multimedia signal processing. It is significant to develop generalized graph
signal processing model for large-scale irregular multimedia signals by analyzing the mathematical properties and
linkages of conventional sigr al .vocessing and graph spectral model.
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K #£n (BH) E. {FEHA# (Fourier
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b, I YRR 3 BRI AT H ORI T A
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PESEIET .

2 RV 38 20 o8 B RLATEE & R K
H & N7 — e A T A, BRI LSS R
X R B AT AR, EEAAR NELE K
Wedgelet) 25 e ( Donoha, 2999 ), 4% I (Bandelet)
¥k (Le Pennec 2%, 2005) F1 77 [A13 (Directionlet)
4 (VELISAVLIEVIC %, 2006). = 3E 8 )57
AT B UG LT RE P R S B0 i, 1 2 J8 0 vl A
MR #8557 71, LUA (Ridgelet) AR
(Candes, 1998). HfiZkiy¥k (Curvelet) 224t (Candés
%, 2000) FIfLJELH: (Contourlet) ZF#: (Do %%,
2005) AR, FEATAEH —RAIT RAISGE TAE.
WEYY) (Shearlet) A8+: (iLabate &, 2005) LAES
DA R B T R 5t ih 2R i 4t s 8RR I Ml el S
IABPIREE R 2 4L 07 MR AR H R ooR 2 4EE 5
il T 23 S A T % (Surfacelet) 284t (Lu %, 2007)
AL AR 5177 AR R (Xiong %, 2011) %%
HATY R T EUR NS IR EAEAT R SR e s
IR (Hear) /NERIEED (Grouplet) 483 (Mallat,
2003),

G 2 Rk, D& THEES (F
O RERERE e LR, —RMERRR S —
FREERGZ. ETIIRAANRENE, B9l
O3 IFAME—, PRI R I R 22 e/ M S )
SR S AR R Ao A . 1993 4, Mallat
Al Zhang & Jede tH LGB B2 5L (Mallat 55, 1993)
SEPXApARE, WIS S e T B R,
WRYEAS 5 Ge T & B e e B s 8, 75 B

il

Fore BEfE, REH T — RIS R BN FIE,
% UL 38 4025 (Basis Pursuit, BP) (Chen %%, 1998).
IEAZ VL Fd 38 B2 559%  (Orthogonal Matching Pursuit,
OMP) (Pati %, 1993) Flix (R EHE (lterative
Thresholding) (Blumensat» 5, 2008) %, REf5TE
SEART, KEBMSE T I Re L 3040
R REC R, TS LS T B S 5o A
(DCT) FIBSHUNE A (DWT) FELF T ALE
IgE R WA I EEREIN, HE TR H &M
SR M2 B2 R0, Wit 5 75 (Method of
Optimal Directions, MOD) (Engan %, 1999). IEZZ
FBE4A (Union of Orthobases) (Lesage %%, 2005)
A LF 4 48T (Generalized PCA, GPCA) (Vida!
&, 2005) &, WA FRE TREER NE
HH ) 25 R B B IR A T ), O A o L. 2006
L, Elad S5 42 1 — A 2 T 2 AR B 0B R Y
K-SVD 5% (Aharon %5, 2006), MI# T804
T, B R R R TR IR 8,
BABSRAT LI R S5 1 I et 1 & Ron W ah 7 i,
P AL S 5 8% . K-SVD 1] DLt 24 A 2
F AT AN E T 2% 3] 7 e (Rubinstein 45, 2010), 3]
ANFEET BB M %~ (Rubinstein 5, 2013)
VA S REST AT 55 7 3% 21 (Ruvolo 4%, 2013)
et — 44k . 2010 4E A1 2011 4, Krause %5 A1 Mairal
oy AR PR T L SR (Krause 5, 20100 FI7E
2= 5] (Mairal %%, 2010) =) 5L, e
BELEORUE R s FUE T P RE A RIS 42T+ HIs A7 R0
BRI T I 8 A Tl 2 ST RE S AR T 2 1R
el e N N N T e o N ES R VS S
fil 7T AR G5 A RIS RE T . BEAE B AR P4
ZRAE ZIARAE T 3R L aE AN 43 H A U R A
Wl “RRAE” VBT, D BUE TR A B AR
A, fEbr A s A st i, R T A AR E
HE KRGS 5 0zt SR, 2 2B
W ZE ) IR A, i B JT v I AR e it A 3 A AN =)
AP S AR SRR A 2 B 50T, I ANBIfL G
5B EIRHELS R AT R R T
BRGRT T 2 WAR G B Re ST, FHPETIA
UGS St BVRSE o EP S E S ERY (AESEE
FIH Z B 5 b B 4E SRR #0 Hh A ek
AIE T A RIS R, EAAAH
523 732 RVE BB R = 4E SR LI 22 AR5 5 ab 7
PIECEA AN 7V, EARE: SMmBiR
AL FETHESEEER IR B M SRR 2 R A

© [ B T AR BT A



Wb A5 A DL K B 5 A 33 . % T1E S R4k
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EEE R SR AL Lassn H A, RELA
OEME B ERME T R B AR
B A L E SRR, TAERTE 24t
M JZ A5 4H Lasso, h e 24 [ AETEEE B 7 2
gEK, TERAERMIARE LR B Lasso @, 445
PR RN AT IR LR TR LR RS, TR
BB (1) 5 X 24 30 3ok SiE 4 2 JUE T LA 43 Bt Hp ) 2
B HOHEZE R AR IR B AR 2%, 5 NAEZRPETE Box)
TIARRGE RHE R R, FFAORAEZE BRI R A
TS AR . B O G 2 R /N AR e R
PIAEE, SRCPEIERTE, RGN,
SEPUNF 2 WARAE T BT R R R R,
JEE AL B HRELE . ZESHM% R R, 22
GRS EFR B g DA L, 51N FIe ., 14
AIEMZIR, &R, HibHEE S
fife s St e T, TR RUBE AR RN 45 ) 1)
TR. HEBIBRIMA ML L2 I TG MM £5 14,
i 2 AR R S5 R R N PR SR FNRRAE, AR, B
SRS, BE T ARRK S B BT T RN SR
PSS, HESRES GE Y R E R R
PIAERINAE 5403k, 5 e Bk s i 5 R4t H 55
A SER I o I E  BE 18 v DA B S AR e
T AR 4 [ FUR - RS T R S AE 5 b
RS, ARG HIZ AR A AT 4 R S ] T R
IR R tE . Rk, Jk TSRS S S
NESE, fAEAT G PR B A e, AR oGk
PE, AT SCHIR BB RN 22 AR5 5 AL BRI R 4
BERRRBEAE, RN BT T A ) B A

AW FATZH R : 55 1 A 2 =5
T AESS MR R R . BT HEZR 28 VR B
W&t 2 ZERMGmIEE DL KBS 5 b B
SHS 75 T E PR AT ] AR AR A 3 EEX T By
AE N BT A T ELEe; 28 4 F i H BT A
Fadh, X ARSRE AT T T R .

1 EBFFIR

L1 SRR

gt (55 B SPLER SR AU, W
BER — M BIRFAER . A R R I R R
R AL R B, B AR IR BRI A

JRF AN S,y HAREHE T oK — R Ja fag it |
BRI TTE. NERREUAIE, M4 5
A TE R AR AR R, 15 N, IR
T3] DAKE % AR N R S A 3 AT A R A
(Bach %, 2011; Beck %5, 2009; Efron &%, 2004;
Yuan, 2010). #FXFIXRL MMM ERITIE, — R
F1| ) BRI AE 22 5 R S Bl R K g (Maiial 4,
2014),

DA, 3o 2R WA 32 5 1 48 AR i 36 1) A, 56
BN ERMBEAT RS, T SRR H] ) 45
MIRHIE S TE R R o SR1M, FEVF 2 SR 50,
oAttt AT LAs2 2 T 5 B 1) JUAH 56 1 45 4 Ve S 56
B, BRI S e R . B, FERS TN
ReR 3R (FMRD BZ 50 ] (MEG) & A48,
R BB AT ALY /N R 1 e e X ek, 38
IS FhEERRAE, A B TS5 AS IR S 11X 43
B2 W (Gramfort 25, 2009). 2L, #ENG
WOIAESS DR EE T AT &6 1)/ RT m X 3
VERHRHIE, 0T DU 20 T TR0 %o 20 424 ) R (1) 65 A 12
(Jenatton %%, 2010). Fr&MI£JuGiEgmdix L
I B RS B, ik, SRR R s Tk
(Structured Sparsity> NizifAz, @i, /¢, (q €
{2,00})) BRETUF FABMER RN I, 5E%mbD(E
SHRB R R A B g AE R, T
B3R KR EEIT (Bach 5, 2012; Jenatton 4%,
2009).

1. 1.1 HMgiE

HFEETE (Group Sparsity) AL A 45 H41"
MR, P& B E A e ie y, FEMEL S S
i, BESMA Tt E AR 24 (Disjoint
Groups) H, T [A]— 43 2H A ) AR B o e [R] B e o B
LFt. ISR EL IS 2, /€, u RIS,
TE /N Z IR BNA M Seb, 1% 0E W IR Fr 2 A
Lasso (Group Lasso) [/ (Turlach %, 2005; Yuan
&, 20060, WA (D FiR.
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A 0 - ST MR AL S A 1A% (Bag of Visual
Descriptors) #:)3& 7 4H 4544, 3 i 204 i 1E 0 10k H
T N RO ek SR GRS T B S A, IRECENR
R FRE e, MR TR 7 FE TS . (Bengio
&, 2009) . [FIWF, M A R AE 2 AR S
‘Multi-task Learning) #H il DLRI AN [FAT45 2 [A] 3t
ZIHFAE(Obozinski 25, 2610) , 7 Z %24 > (Mulipi»
Kernel Learning) Hoi ASEIZ AT H H0&E (Bach,
2007).
L 1.2 Rk Rt

A A MG B A] gk — D9 R A T S 1
R (Overlapping Groups), BIASN[A]4r4H A ]
DA EH BRSNS, mE-—sdh R EER
ey S uw s R A Brids SR S v s s P EAy o
Wk, TR —RANMTERTE, LA ()
Wl EREE R . B, A EL I B e AR S UE
Yt e B R P 51, T A XA R ) T R g
BN FH T R RS X o i I A 2 — 4 X A% (1)
Sy B R LA TR 23 (B ARIE p X p N AT 0 4,
52N L G A VE R R 20 RAE AR A 21 1R 1 S il L
ple S T IREFITERE (Huang 25, 2011). 2%
A k57 R 4 43 BT ( Topographic  Independent
Component Analysis) /& &, %HE INRIA ] Mairal
S i A VS I e - 1 w7 s L
#t (Topographic Dictionary) [IMEE, FIHH ML
fh59%: (Network Flow Optimization) 3K f#dEFi#
HARR @, 84557 249 2 1) - U2 A 53 1 2 (8]~
W (Mairal 25, 2011). -3 —Fh 2 AL HS BT 45 74
(Hierarchical Sparsity) 2%, 1 T iz }yE 55, &
WAL U N R BOIR G, 2S5 2R
TR RN TR R RIS 245 i 5 DA
[ U1 v 830 ) s 6 40 41 Lasso (Sparse Group Lasso)
X B (Friedman %5, 2010), WA (2) fis.

| g :
mia !iy—ﬁo—zxfﬁi +2) wllell @

|| i=1 F geg
Hrb, BRAENRIQ, .., 0 NG EES
I, wg N5 g DN AETARCE, B B g R Tl
T 2 AR S I 7R 5 T /N ) P A5 e e
) b 45 5 2 R 7 i I R SR B AL 46 14 (Zhao 55,
2009), 7EAMIME S5 rhoR FH 3 DR I 286 XA TR &6 A
1724155181 (Multi-task Regression) 5 fMRI # ¥
(1% REZHE (Multi-scale Mining), T & 82 A
HIESS (Jenatton 45, 2012; «im £, 2010). Jenatton

P R RALHE BT 7 81 %% ] (Hierarchical Dictionary
Learning) [r] @, DAoL 871 A IE MR 43 2 45
¥, HFHZE R4 Lasso (Hierarchical Group
Lasso) f& Tl UAHE 5 73 i 1) 7 i AR gk AT 200
3 3 T B B R S5 (Froximal Gradient Descent)
RAEARIE ZNMEAN R 4 B LA B bR R, A2 T
F 5 T B [RIAR R I () A S5 4 o 1T T DA
T BABGE R R, 22015 27021 B T
Al N EAESHREZIEE I C R, WAl NHT 3
ASCRY ) T AR (Topic Modeling), TR E A
I F R IR 0 £ B2 2% (Topic Hierarchy), $#27F
ARG (Jenatton 5%, 2010).

Ubah, BT NE AN, DA —2
eV E 2 YRR, = 4 A5 8] 1) ST 7 AR B Bfk
(3D Spaces Discretized in Cubes), B{ERA Y] 5
Btk (Spherical Volumes Discretized in Slices )
(Varoguaux %%, 2010), PR 3ET45 [ AEME 3
(Directed Acyclic Graphs) 143245 ¥4 (Bach, 2008),
LB (Edges) HEAT 73 2H ki ke a4 = 1) 1A
Lasso (Graph Lasso) [r]&“% (Jacob &5, 2009). 1%
SE G A G 1) W B 4 (Undirected  Gaussian
Graphical Models), T s S5 AR A 7 A 6T N7
FEFERE (Precision Matrix) HvEJIEZ0, ARk %
S TR PIER TR k. ik, &l Lasso
mA (3 FiR.

m@in log det® — trace(S0) — 1||0]|; 3)

H, S =3 (o — ©){(x, — )T NE I 7 2 H B
XNFEARTIME, £(0) =log det® — trace(SO) N ALY
X ECR RAUSR . TEVRRESE ) T T, Wen S5 42 tH 454
e FREiM:2: 2] (Structured Sparsity Learning) 75155k
1E AR IR 2 4 22 /X 4% (Deep Neural Networks, DNNs)
gEH IR ASEIER. IR ATIR. ML 285,
FEARUETOAS FERT IR T, 2 S RS0y WA AU 1
W26 30k, BRARTH SRS R L, Wb P i/ i S BT U
(Wen %5, 2016).
1. 2 FETHEZRIRIS e BE P 4 AR R

H 2010 4 AlexNet (Krizhevsky %5, 2012) fE
ImageNet KA w15 5 4¢ (Large Scale Visual
Recognition Challenge, LSVRC) $k73:L%, #AH
LW 2 T X TR E AR Z B2 K. —
KF TR GRS, i 5 TH = i gk 2%,
RERE 73BT I 28 B AR B T A 1, R T 8 (R
Pobe Hor, BAAFRERN TMEZH Mallat 25 &
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Table 1 An overview of frame-based deep networks

TR PEE R L AR TR PEE AL

s F% (Bruna 45,
TR AL (Oyallon 45, 2015; Sifre 25, 2012)
WO 4 (Oyallon 2, 2017)

15 ST M (Xiong %5,

2013; Mallat, 2012)

2016)

BEPRAE., 45H0Fa5E 1 Morlet /N2 PEARSIE SR LT

B P28, 13 B HAT AR M RHE ST
SEGTCIE U M2 SRR s, D IR

FIFSCRER N (SVMD FRUBRlTHRR 5L, 22 ST B S th B BUZ S5 )47

FET-20: B HOHE S (03 FRRAE BRI T (Wiatowski 25, 2018) ™ RE MU 48 BRMES:, 4R REBIUR 4G A 55T 2 P ok HORN JE 2R MR B0 T ) 2 e HOHE B2

FT U AR (Xu %%, 2017, 2016)
v
S HNR B 4 (Liu 25, 2019)

IREEBHESL S (Ye 5%, 2017)

R UER S A RIR LB RN R, B e R RIS, JE T B M2 nT i PR 55

T SR AN IR 70 B /N PR RS D) 2 B iR Y
WA B2 52 SR EARE /IR, 3t 2 TS R HE S

1B 48 (Scattering Network) (Mallat, 2012),
RE A% SIS 75 A AT ARG E ) AR S A R AR SR X
BT X 28 225 B R I 28 (O S8R, R R A
F] ARG Morlet /N FEAE A &R %, DI
(Module) JEH 5] NIELMEERME, 356 HHKG HUSE
HERIE GBI, BT RINYG, fEANFE
JBLENT7 ) b5 EUR AT RRAE SR o (RIS AR 22 Y
e tbB, HUR SRR g AR, RES REFR
TR RBEAR AT A8 1 . I H i T BUShE &
TREFZRIREE A, [RIULM 2% I Fe e M Re s 15 2 £7
iE. Mallat S5 i1% M 28 F TRAESREL, FFPASE
FrmEAHL (Support Vector Machine, SVM) 31 i #2
HURFESEAT 7028, BRI T i F LT AIE
W75k, HFEERE 7745 (Bruna %, 2013).
FEHUN 26 J6 Al b, v RS- 28 5] NI, BX
T 5HERME MG — LS, WA Z I E G
BT . B, fESCRSRAES T, HT = E A
FEAR B — /N R A, A IRIRBEECT 2%,
77 A Y R 7 RN M, S A AR R AR
T ek fa AR B RS, BN R AR 22 2
MEFE - (Oyallon %, 2015; Sifre 2%, 2012). HUM
Ll — A B A N, T ROR G R B
4o NG T0 M BB W 28R TR A 2% W UR R AR 12
HUZ, NJESEERME MR m 4 1E, fEHIE
PEREMITE LR, D i 2% = HU I ZRINF[R] (Oyallon
&5, 2017).

U5 TR I 28 55T 07 Iml /DN i 1) 2 S IR A 2R AN
HURE S B, Wiatowski 2525 F8 B H — et 1 25
BYHEZE (Semi-discrete Frame) ¢ Lipschitz 43k
LR R BRI AL 3R A, 0% T8 R AR B ) 2%
(Wiatowski 45, 2018). %% E4E/Nk. Bk,

2RU% . BIVISERN Gahor MESRSEAE NIV, FETHE
BB IE VR FE 4%, B TR AT, FFH AR
£ P T (Rectified Linear Units, ReLU). T
Sigmoid Ef%k (Shifted Logistic Sigmoids) , Xl 1E
] % 5 (Hyperbolic Tangents) M 15 544 Lipschitz
AR RE, LU Lipschitz S fb EE1E R
FONERAE P 355 B H A B . 2P BB 2L 1R TR
FE W 2% 808 T M s R B 2% 1) e VF R0
(Admissibility Condition), $FAEFRELTEFF A
7 B X 8% S R N i G v . FEAS I AL R
TERY, BASHEC AR K- PR A .
B FIOHE S PR R B2 X 288 0 s BIR R i 29 BT B 45 44
PR %4 (Cartoon Function) F1 Lipschitz s itk 1115
T BRI AR E M, PRI AR RS A
SR, IR WX 2% T B X RFIE SR EL, £ T Merlet
INBERE S R D RETE BT B BRI 2 5 46
EUE AR 4, PRUETEEEN . FREHESEZ N T
FA T 3R A 0 1) R IR AR e 7K (Hankel) 5E B 777
(Yin %, 2017), RJE & HAEZL 3 (Deep
Convolutional Framelets) (Ye 4, 2017) AHZ)Z
5 RANE SR MG TE S 4 B0 70 8 7. 56 5 B A (1 2R B2
MG, BT BRI HE TR, RES
FUHE B9 L T-HE SR 71 N TU AR I U8 2 g A v 78
ZEH, PHEABIEZS 15 Boe I NG, I s
S BRI R, RUESESEEM . £
frit FE b, R R AE I B T R L AU R (1) R £ [
IR THREAE B B, SRS 40 0 B B 5 )2 R R
(Hidden Representation) 1F £ 5 73 RELIRFAE B o
AT, PR KRHIE ERS R R & R RN,
ITEM. FIRERENRAHAT, AR
LRI ATERE . B TAEA B M, RS FIESR
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B T RS MG SRR, Reig i TRt
B IR N ) R R 2 B R ik, e T 25
SACEEER . RN, UREGANESL R R B AR
BWIFH BRI AE Mg e gt 7R . B THHEIEL
PTG, RS TE M ZS I hTa e g, AL R F .

BE TR BE 2 21 1) 56 25 1 1) I 2 IR Bt S A 1 KA
TEIZWINEHT o T PRl TR 55 4 42 I 28 1| Gt i 35 1
WAEITHY, Gomez % (Gomez %, 2017) %2FfL%
T AR VAR S R, R T R ZE R 4%
(Reversible Residual Network). H 1% /%% shfE—
J2 BRI B AT DA ER R AR ARl A2 1 — R ok
fil R T I AR SRR TR B SR R R B 1 1)
MR T AR . TIXAY RS T Jacobsen
S8R T R 51 ON T e % IR R R AR R b
(Jacobsen &5, 2018). sLAfth, H{E EIHMFIS H
R IPIAI 228 [P 288 iR 7 30 I VR B2 X 28 LE I R 1) A
IR L7 T S5RGBT RINE R, T n i g
TERFAES LR RN S 2 1 5. Rk, 5T
5 ISRV (1) R F5E o 26 PN 4% A R 7 v R v 3t
— sk R e .
1.3 BRMRmEA

fE G B T Wi gAY T s AE 5 R AT DA — 4
2R AB I, N T R AT i RN .
SR, 52480 V2 B PR FE G A 22 W 45 AH L,
AR TCIE 5 R G S AN A RE b () JR B 14 AR
Tt BEAGAS 5 5 BB A AR A B i) g 7 52 31 0G0
% 2B AR B g G Bl B2 R R G A% SR R s B R
FVRPE 2 2] UL SR FE AR A P 4 o

BB S (Convoiutional Sparse Coding,
CSC) FIHFMATATAER — RFIEP A, WG
BAESRERME RN, 75 2010 4E E Je 38 EA1Z4) K2
Zeiler Z54 Y (Zeiler 25, 2010). AR B gt
LA BIR RS 5 T A R AR, AR RS AS
A7 Cshift invariant) 78, FoRRIBCHENE, MHie/m
AL R, HEH 8o /€00 Wb 10T 5] N AR LR 1 e KAV IRAE
(Papyan %, 2017). #R1f1, ANFETHFHE L%
I TTAEREE (“RRE “5H) FBUFRR R A ] 4y
Mt R ATt ), BT gL Ak & T #ot
GRto s s, BRI AR BRI AT SR AR 24T
HEM TR ATENZ REFSRR,
Sulam %546 J& T B Bigmts, i is A T
Z R S gmiD s i),  HFdid 3 T BRI Sk
SKAR(Sulam 45, 2018) . [ifi J5 5 Papyan 25 3L T2, /4
gt AR AL S B R 2 B RS, RIE T

R 2 BB ISR AL T7 v
Table 2 Convolutional sparse coding models and
optimization methods

MXIHE SR H’AL s %
Papyan & A (2017 ) |£,9R[@FD
Papyan % A ( 2017) TE B ER
Sulam E A (2018) |2, AR [AIER NJUTOREY -
Plaut & A ( 2018 ) Toeplitz BFF
Chalasani & A ( 2013 )
Silva % A (2018) EREBE
Sreter & A (2018 )

EREBE
Lit A (2017) £, ARAIEA

ELEY
Bristow & A (2013 )
Wohlberg ( 2014 )

REHERFE
Heide & A (2015)

BEHTHR
Peng ( 2019 ) 2, R A1
Wang % A (2018 ) RELHARFE
Wang % A (2018 ) ELEY
2, ARAIE —
| HRIF v A0 B T B2

Zhun & A (2018)

PHTRER

FEURR 38 4 0 7E 7 3 1 A5 5 3R 7 B 1 P el 5t
(Papyan &, 2018).
1.3, 1 P Bk (FFT)

SMER A BT AN ], 25 AR BT S A1 A P e
A RFEREERL, ASTHIE S 2B AR
FORAARE], BT ERGRRRRS T S E K S
JEE RS (BB A B, et R i 4 0 1) S B0 22 2 2 |
PRI A B AR O [ ) B A B, BRI AL
J7 If] 3 ¥ ( Alternating Direction Method of
Multipliers, ADMM) (Boyd, 2010) %4 3K fi# . Bristow
S0 T2 QIR RN B 4 5 I/, >R ADMM ik
ITVUE S, AT PRIER AR (Bristow %%, 2013).
vi/ohlberg 72 ADMM ARAGHESE H, i) A PRk 4] Lt
A (FFT), MR RS I 2 B s e 1 0L R i)
HEEZE (Wonlberg, 2014). Heide Z¥4uit H
bR B R i BB AL, JRRERE AR A S
L R FAFE M AR (Heide 2%, 2015). Chun I
Fessler J&T-4% il AN S5 X0 th Hual o i 2 T B 0%,
KEUK ADMM JER RIS, (Chun 4, 2018).
Choudhury %53 (& [ K41 ADMM R Al 45 A5 7 i G
R NAEHEFE, U Aui i, SR TR -8
(AL 7 (Consensiis Optimization), JHF 4 ki
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=455 (Choudhury 2%, 2017).
1. 3. 2 Toeplitz fEJT

F—RINENARIE S b, hRE MFRHR
NSRRI . 2B R B AR A PR FE A
0 50 2 PR T B R B gm A () T R AR, (HIXR
ST IR FESE T b R A e B AR 4 % FL I AR
TR E o« FF Toeplitz e BEAS 3, 140 B 5 AR 6% 5
R RIS, BN AN S I B AR R g R B A T
— P (Papyan %5, 2017). T Toeplitz 4%
e ) A R T IAFEAR ORI EE /TR, Ry
17 (R RIF S8 SR FH 2 T R 0 - i (R A g S A A
Wb gmis, FHAETHE R b B IR b e B
AW (BRI (Papyan 25, 2017). i — &5 TR
7R FH UG LB BE (Plaat %, 2018; Sulam %%, 2018)
AR i #4325 Chalasani 2%, 2013; Silva %%, 2018;
Sreter 5, 2018) KM T RENME . I H T fE 4
>, AEATUIECR FH AR B B R MR v e A 1o sk
R (Liu %5, 2017). T2y 2R 4%
RGBS v 2 NP8, HAEIEARFE A A
POEERRERIE S IME T, K 2B R T 7248
& 5N VB BRI AR v I S (H6 35T
TR BE T U S R P SRR R B A
AR A RS (Bao &5, 2016).
1.3.3 MA

% JZ B B g S B O B AR TG AR
LM BE T —MTFB. A2 EZEHMGS
L&A 2 F IR 4 TR 245 38 2, 6 T AT
MG 2 Mg A JEE HLE L. HATgM
T 255 B s 4. Zhu F1 Lucey A
BB gmis, MEIRRA T STt 57 &
T, A R R A A PR, RN
AR ) — Y WS B8 B R A R = 4L (Zhu
%5, 2015). fENE NS ES T, TR
AR Y, ) FH 5 R S g A i R I e e B 5 5k,
A I A T35 AU RS L B ) iy ) 2 AR o g
2y, PRI SR S WER Z RN (AR B2 (Cogliati 55
2015). Zhang 1 Patei ®IHEMMEigID, Hiekk
TRIEE AT 0 CReBR RIS, AR EMRYEE
B JRE 7 (Zhang 25, 2016), %AW
LA T EBUR R S A S, W IRIE R (Zhang
2, 2017).

AER, ST AR A I TR G R s
MIfe e PEER, A FURR B g 058 2L 150 T 52 31 D07
Zhou &5 3 T E RS gt AT 2 Y6 iR E % >, I

Zr— RYVGRYE PR A H R IR A A AV R 6E,
WRMLILASFIFIE (Zhou 2%, 2014). Chang 284
GRMBigmE 5T g, MAT RRE M
MIZHZ345r35 (Chang %%, 201£). Jas Z&HET HES
i MRS MG g, A SRR BE R K
th (EM) 5%, MARERT (] 7 510 5E H HEW f2 A AR
JRARSRIE (R, FHHXT A BRGNS -hifa
& (Jas 4%, 2017). {EZNAX G R w LR 5
FE A, Quan 1 Jeong FE T X5 FH A% b gmhich 2 37
TREE M B A RAL ) A, ) P A B 5 A s 2ok
JEUR B 4H 24 >, FFiE It ADMM 3K fi#(Quan %, 2016) .
Serrano 5 1E /5 3 A Y0 ] A& B 26 AR B g B
(Serrano 5, 2016). WMAZREILIR AL A, Huang
SETR 55 B G A SR B g 0 7 VK (R I g Rk o)
PP RSB E K (Huang %5, 2017).
1.4 EIBRMEML

BEE B RE RS E, E5REAAHR
PR TR XA 54 (s & B A s,
RIH B AR IR (HEAZ 2% Al
SERUL S ) o ARSI 2T ST AR 4 A /N AR 4
[R5 5 AL AR T 15 Je 8 SCAE W [A] R4 )
M%) ERME S BRI BROE H e 4EA
RS S o WA J A A AL 33U 28 vy AN JE )
BT O Y TR R AR AR R R — RS
AR, BRI b 0 2 4R (5 5 B AR 1A
IRFR, BOVHEAR R E ARG 5 R R TR .
KIS 5 A0 B B AR LA SRR 8] B AT R TE 5 N
TEFRIN G G5 S . H Ari S 5 b B re
WA LA AP K R — 2 B T th Mg
KI#® (Chung, 1997), #EGi(E 5B ®RY &
B EIHIY s B (E 5 a0 B P 1 (Hammond 5%,
2011; Shuman %, 2013). HLUWFRIE 2 1) E$r
v 3 R B 1) 58 £ 1E A8 AR 9 (ST 2 s SIS
AR, AR SRR R R 0N i AR e 3 IR
(Hammond %%, 2011). 5 5 KAFEE 2 (Chen 45,
2015; Tsitsvero %5, 2016) LA K € 2% 413 it
(Narang %, 2012; Tanaka 5§, 2014; Teke 55, 2017
T HAFRFRIE € KPR s B, (55 D AUE X
ERAFAEFARERA TR E . ZRIETAREENRR
57 (AR R B A0 B 16 (Sandryhaila £, 2013).
AREENE 5 b BB A B Q0 B e SON B R R
¥, IR PR AR B AR RS T
WEFRRA R AR TIEENE S, REE T
IR DY REA WY, DL ERER T ENS
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R 3 EEBRME ML

Table 3 Spectral graph convolutional neural networks

o] 255 AL 7Y LItk

Niepert %5 A (2016)
fINER = o S B
biuna 2 A\ (2013)
FERTERFAE Ao LT T/ NI

Defferrard % A\ (2016) VILLT KL TIAEL MG S HACIEERUEN 3 . FIED &% B84 R AR

A, IEEEE AR R Bl T
Levie %A\ (2019)
T, HREREE.
Bianchi 4% (2019)

Ku &N (2019)
AP
Zou %A (2018)

ZEACEIER A G 7T S B BURAE . XA TR A TR E D, THEAIE A SR e, RIS O BUE L L

IR B R B, 222 PR T & - R E AR R R 35 . ZHORIRIRD, PRI & s, 4 S

THRANE S SR BRI AR 22 Tl e B

it} Cayley 2 Tl R F A il 22 5] B AUER &%, W DURLF R A5 S AT B AL AR I o DRI AR ANEAR T 4% Jm) B 2 (S
it B B0 T g EE s, A A B R ST R E R AT R R, B A7 SO B E St T A e . B
B2 HE B wl FoR A ], RERS AR B B

R S SR B S B i v BB AR T R L BN 2 o BN S R R . AR R A LR 8

HT BB E RGP LS, B REETIENE. HEF A AT & R e 1

AL FR AN ER 1 LA

STk EE S A B AL G E S A B R AT
TR, AR B S A A X 2 TR R
R, WS S EE AT TR E AR RAA JE AR
B E ERES o EHEL AR DLSTFR IE 5E 1
7 37 oy B R o0 1) 6 4% TEAS A S, DURR
MEAEAE NI RE (Shuman %%, 2013). Hrp HAE
AINFFAEAE IR AIE r) B SRR 7E ] 2212 7% A i At
155, T RFFEAE XS B RFAE [a) B R AL S A EUE 5 .
FTEESI AR, AR SRS S BB R T
. B AURIUR B S b i 2 EME S, TR
JEP BRI AT 16 (Hammond 4%, 2011; Shuran
%, 2013). & EMH AL AR R — Pl 4 R AR R,
XML E T A, AT LEEY RESE S
A B (1) e R L IR AR AT N AR A, BRI R R
P (Hammond 4, 2011; Shuman %%, 2016). 7]
it — L H B EIE S M2 RES R, Coifman Al
Maggioni ARFES BUB R F A A R I3 B 110
A8 R s R BUE S A A 0 R N A5 e b
(Coifman %§, 2006>. Shuman Z5idt—54H T H
T T PR 23 A T S HESE IR /N AR 4 (Shuman 4,
2015), HHUt, AEHIET BT R B4, EjE
AN bR AE B4R ) 2 RORE B B AR
(Shuman %, 2016). N 7 H155 5 Hd B THF
EMEE S, RENTESE R H, 5N
£, (Bremer %5, 2006). 1% [ 27 5] (1 Bl /N AR e
(Rustamov %, 2013) LA FE -5 4514 1) /Nt A

(Ram 4, 2011) #AHZkIR .

B TR 2 ST R, AR 4 X 45 5K (1) S AL A
JIUA R R Ab B e 045 2] U AT IR AR R, K AR
2 B I E S = e I eI W E T AL T e D =W P
R 20 I 265 LG e 4t FH T 5080 IR B 0 s 4 AN R )
E5 AL (Wu Z5, 2019). 2013 4F Bruna
LWL EE R S A BEBS LR b3E Ks TR e i A
ZHANAY 1E BB AR IR T IR B B AR N 2%, AT
1SR N 2 v AR T A 3 AR RN & 445 5
(Bruna %5, 2013). {Hj&H T8 1l #
SO RL S W3 RIE , BAR T
HAFEE AR, TR T4 1 a7 A H
TR ER/INIUSE I BB I HLZ B8 3 A 245 =) s
PE, BRI E SR, 5o LR AR 2 S K
TR MG R . R, Henaff 2534K
HE VR E 2 3 8 FH AN & B 45 0 e 36 SR 1 e 4 5
b, BRSPS S SRR B 2 N 4
A1 FH 23 SRR R G AR Mo, T I T PR A P 2 5
DL e N B (1~ SRR AT B4 — 58 Ry Ve
(1) A AR B [R] B s 2D A5 R UE I 48 2 4 P A 2
TRLE KK (Henaff 45, 2015). Defferrard £5L417)
b 55 9% 22 10 I T PR B R 4 SR 15 B 4% 7 A SR SR
()R] AP TH B SRR A, I LR oK 4R
BENIE 2 5 W B ST 2 PR BB R M E
W 2&2E>] (Defferrard %5. 2016). ZIiASHALIN
PRI A BR Jok g 7 20 2, HoX T MG 5 A
SRR AR BUR,. S H B TP AR R
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AU N 0 A 5 S AT AR . O T vl ik bk i)

CayleyNet LA Cayley 2 1=yttt o] 5% 2] G R
JEPE AR, AT LUR G 16 78 5 A5 5 24T 5 A AR UK
(Levie %5, 2019). Bianchi £ H AT 2% > E ]9
TS5 IR AR, R A 2 OR BT = B DR A
A IE T, S R U DT A BIUE S AT o A Ak 3
(Bianchi &%, 2019). T Z X KEERG 5t
BTN Z Mg s TR, Refy @ifE 2 %%
R, AT DU IR HOE AT S e A . T
LRI A5 0 3 AN RS T 7 5 o 07 R B PR AR AR 1) R
FROEME, X T EUE S MBS AR e, o]
DLy R 2 2 MG S B . ik, Zou Al Lerman
FF A2 R E Hammond B/ (Hammond 25,
2011), KGHUR Y B2 G E Mg, Ffur
W Re R s E e HRPIA AR AN R AR E M (Zou
%, 2018),

2 BN TIERE

2.1 ZMUmBmESRE

W TR R T, N BT LAY EL
13— RIS, R AiE K Li 55
WA RRBLN F F U0 2, HE N E S A
fil R EE RS A7 2518 (Union of Data-driven
Subspace, UoDS), FIHZME S 2 246723 0] %2 )ik
(Linear and Multilinear Subspace Learning) i H!
RS, BERTE T R4 E N B
MSEM R (L2, 2017). JLRtREEMI e 5
FEHIEFRRFEER R (Low-Rank Representation, LRR)
T RIS B R, 4 E M7 s |,
TR —HET B R AR R, R kb,
FERRE M LS5 458 (Liu 4%, 2013); 1E
SEEA b, E DA M 2 Bedt 1 222k (Block
Diagonal Representation, BDR) 755 it 1E JU 15 3k 3 1)
M e [ SR (Lu %5, 2019). PHZHLT
BHs K1) Dong 25 5T 4 M i 14 [7) 20 4 i 2
4 (Simultaneous sparse coding, SSC), #&H &l
FEVR4 (Gaussian sca'e mixture, GSM) A HHE SR
# (Non-local) ¥ . i T HAREBE EAES -
(Dong %%, 2015). IR, AhfiTeFFHEE g5tk
M i 24T e v A PR 73 7 2% (Hyperspectral
Image Super-Resolution), T2 45 - 1 3 s i 14 56 56
R, AT EDLIS IS T gEY (Dong 4%,
2016). AEHURSAH Lu A7 it < v 2 i 1 1 0 5
(Hypergraph Regularizatior) 5| \ 45 KL,

843 Frid 2 (1 R 7R 5 15\ (Spectral Embedding)
Aefs B IR AL 45 K) (Manifold Structure), FH 2%
FHIER B ARG, X T 5 T Ba il L% 2] (Latent
Semantic Learning) B AARZ =R 51 E AT B 2 1414 g
o (Lu %%, 2013). [Fnt, Zhou Z8¥4 &5 # LB
i T, - (£,-Graph Construction), #H Tk
T AT A4 Lasso B (K-Nearest Neighbor Fusaa Lasso
Graph) , MHHE 3R RS B HdE S G R 2R
(Spectral Clustering) [A]# (Zhou %%, 2013). H %}
B F 2L BT Peng S5 4% I 35 M H A A Il 7] 7
(Salient Object Detection) $i& Hi &5 ¥ 4b i 5 43 fif 45
A (Structured Matrix Decomposition), 4357 FH P
G R A 8 LE U, AR i 12 55 1) L U
TR B A IR AR B A R H AR BRI R
AL S e, B b i R I A TR B 1 H
P SRS 1A S5 AR (Peng 55, 2017). 4F
e BT ORI Wen 554 38 14 11 N iz 120 7] 2t
(Face Recognition with Occlusion) &5 A7 B i
4% 7 #4 (Occlusion-appended Dictionary) 3R fif# 45
LA R e AN R STF 2 P D s (R e N W 157K & AT
R EL Y, HEoE TR N S (Wen 45
2016).
2. 2 BT HESRE R PR B P 45 A A

FEFETHEZLPRIR (VR I 5 A R 7 1T, [ A A
T T HUN W 2% B AR R R AN o AR
i R, 32 S0 A O RHAE SR T 5] N R AL B
R . filtn, 5 HERZHFEN ES AL T IS
HARR T, XTANE S A AR &, 5%
e ANAR B 52/ N I Tk s i R R B SR X 4, A T
FRAESR BN, J M FH ASCSRT ) 288 1) I e 5 e e o
Ty, $RTHREFE (Wang &5, 2018). LifEASiE A
TN GUR R W 28 5 B R A A, 1
12 ity 3 i (PR G /DN BB AR I 26, TR i g i F 1]
G PERAT S (Gao %, 2016). MEidHEEE,
VB G /NI AR AR I 2% R 6% () R 1) FH ST o) 2 AR 4 A4
TR B B g b fgaz IR -, IR B ARt 22 ol 2%
RAF MR D o

MAAEBERE R VAR T, B TR
RN E IS JE R, X 28 ) ROEE AR R 5N
BRIz, 456 2 RIERHMERPUIR ] (Xu
&, 2014). 1ZMRZ AN, fEAGEE—FRE N T2
R RIE, JFd R A 15 & 21 FAH ] 98
WERSHEE, ITAEANIG B8 24 B i O b
HREARN . K RPN R WNERZA S )
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FRPE A, S T 20 B0 /N R BT I 28 B AR 7Y
SRR, B AL SRR AT (Liu 55, 2019),
I IEACT S BN B A e AU A, A U
WRZ&,  FHRI AR 7 B BOoHE 5 347 900, 32Tt
P 2 BGARO FN o B (R e e g 38 38 R 2T 5
S OG5 o AR B A P B O, B T ]
A, UNINGER B SFAE, P 6% B AR Al
(Perfect Reconstruction Filter Bank) X 5 [k 2%
TERBRAMZE MG, ik B A 5636 BRI R
LBRILE (XuZE, 2017,2016). F|FH O AR AL AR (E 5
454 (Pseudo Polar Fourier Transform) X B4
8 FL SR AT AR e, SIS 1 T R R A3
E AR, 5l N—4E52 5 B ENRARALIER
ERZ, R T SRR B sk gl SR, 38
PG R E AR 4 o IREEM 28, 43 g R ANTT 1]
HIEH W] AR T R R HORTE ], AT 3RS 5
WG SEARE T AR LT . &M%
Al EAEE T 50 e 2541 (Analysis Filter Bank)
SRR A g 23 41 (Synthesis Filter Bank) )%,
SR8 R HLA

z. 3 BRSO

X0 T A e 1 A T B e B SR AR 1) R, G
S I T AE AT IR € B B PE 20 SR 1) 8, ] P I 9T T
2018 1 2019 “E73 AR VL, BAEXSUH ADMM K
FRTHU SR - Wang S5 H 2 JZ & A - i 2 i ar
A5 53RN, BRI B £ 27,
PEEUSICHEE (Wang %, 2018, 2018). Peng N7
BT PE e B AR SRR A, S R T
ADMM FLERIEN S5, e ADMM SRRk
P (Peng, 2019).

5] P4 E FEA LA 4 36 R 6 o 5 2 FH T LG8 7
PRGNS N, BUAS T — RIS £5
FRALAR B s H ARBC B R, BRPE TG S RN
GO ZRR PR AR R NS, 2 AT 5 R
GG TR, B — e R B2 R O A AR UK
VERSRIGTP, RTHENHER R (Liu %%, 2017).
R TR TN 7 AR R a) R b S A
Mg i, I I 2 A AR IR A 4 E 4 AR A
HEEEGMBRADZI7E, PRBELZRRER, 2
THy2tERe (Chen 2%, 2016). 2245 KI5
N SAAE R R IR 25 B I e 82 P 22 ROBE A RA R 3t 2
B, i I I 5 A5 AR I AR PR R AL B HU R I
Je 8 5 2 AR R AR BE R G AN R B S A B 2
FUZReE, EATRIR 6 (Li %%, 2018).

EAETEGEEWN S, ST
TR AL GG B R s n) R T E S E M R R
—FPE I R MG A R R, AR RS
WG JRVEE Tl KRG WA 7 A, BB T HE
(1) PG S AL I A5 23— B el i, 38 A B
B 5 T = MK 2 1% 26 G R AIE P o 5 gk AT EUE R
¥, T kGt BAR R o N B S AR 3R T —
[ RE (Gu 5§, 2015). PU)IR5S8 R SN AN L,
FEVFENUBZFAH (CT) B B AL A =2 e
FINGAR M B g AV A AR 1) ) H s bR B E
M, SEIT AN BRI A, M e Gt T 5
SHITET3EUG U 0 B (Bao 4, 2019).
2. 4 BIBRME M4

[ 1 B 5 A BRI ATE Fe A D, FEE I
T AR 2 I 286 B VR B 2 ST U A s, 1L P )
BB SN I & T AH R A A A, EZE i1
S T BB IZE W 1 BTHRIA N . 78 M %%
R ZER T T, IEHER A TN BAE 2018 SE42
ST AR B EERINES, H RO D B B 1R
/N (Chen %%, 2017); J5vH Al Lab $2H FIEMNEE
A2 (LI 25, 2018), AJHEA21F = g b AL
BRI Bl A ERNEBE RS W AE St 7L
N GLHR BN P 2%, A5 FH PR/ i AR 2 IR e S
Bt BB AR S FOE R FE BN 4% (Xu 55,
2019) . PEl/INBAR A 0 T B S AR i AT A
JR B LA R R TR R, A MR I AT S5 L
15 TARGEFRIRIL,  [FI tAH 45 S 5 b 2 A0 ) 2%
(256 BN — A A w2 B 7877 19 .

EN AT, A Dai Syt E a2k
(& (Dai 25, 2018), @EREXHLIZRNI 5k
Hom G A S YRR AR I e . BB
SCREERR TN TR 7 — Pt 2 B FANZ, JER]
FENTHAT NZAT NI (Yan &, 2018). XFPA
TEFET NS B BT 8] 7 51 RN T % B 245 H %
FRAR, A SRR R st A P A AR 4% 1 i AR X
FRET AR R o Uk, TERRZFMPAR A
G353 VLK AT 2 T SRIA SCE (Wu 5§, 2019),
N T BB X 4 Rk RIS ERE .

3 E AT AR

GEMIMERRI (ARSI ) Fes R B i 36 [ i
V6 B T2 B RN M R S K2R3 2006 AR HY
(Yuan %%, 2006), FA4-, HAFR KL 7000 £ 55
RLF, PUORBLSERR ) S g5 (5 5, 8 St
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PEGE S0 E W TR A A 8, B SR SR AR I
HAL IR, DAY e RN R R T 2 1 B ]
NEER TS, SRR R AR R AE E A A
X IR I B Th o AN IRIE TN GLE W 85
R 5 500X = ANYE S PG T VR 2 TR, i
Lo Yuan &, 2006). 7 /=i (Zhao %%, 2009)
S (Meinshausen %5, 2006) FAIfHEH. =
B 7k (Boyd £, 2010). i (Jenaton
&5, 2010). MIZRLAL (Mairal 25, 2011) Z5E3k
BTt 2011 4R, HLEF I TROH T IMLR
(Journal of Machine Learning Research) I, %[
INRIATFFLBE I F. Bach 25 4L R R T = 45 ML Fabi
FRMA I TAE (Jenatton 25, 2009, 2010; Mairal
A, 2010), FFAE 2012 A MACFARA I B
RBAEMNHERI KRR LB, WAL
SR 5 78 4 iR S A 43 AT (Bach 45, 2011)
(] P o £ A AL B I 2 I AT Z04E 2012 4R %58,
TP, SRR R R OO, HBEE K
R AR R SR B, BN EE A
PR B i) =T B R A AR SRR R, DR
(NIRRT . Hedn, s iE ks
T B AR bR R REVE (Wen £, 2012) , dbgi ks
BT 1 fif DA AR A 1) R (R g pp FE v (L 2%,
20190, FENFHTTTH, g A8 i RS 7N GO0 R
JE4E RN FH R0 8 (LI 45, 2017), PHLH TR
KEERFEN QBT AR EUR E 5 el BUE r
SRR TAESS: (Dong %%, 2016, 2015), HJES T
BEMERIETT

BT HEZE B AT T 4 248 A5 70 0 5 B RS 7 G A
B R L7 AR, B B A2 i e T
2012 A1 2010 4F4RH, JFRZEMETZBI0E. Hr,
B HE SR PR TR FE I 25 A 70 5 D A = T3k
[ L 22 =i Mallat A58 [E 21 29K 241 Bruna B
H B N2 (Bruna 25, 2013), & H7E IR
A e e AR L T AR R AT T RS A
VNG, JRERAHE T Wiatowski 25 M1 [ R AR B
Ye SRiG A B B EUESL R IR BE 25 . [ LS
HHERF, BB KT R K N R
TR BN 2% 5B B R 2 RN E R R S8R EH
PR SCPFRAE SR, 73— 5, I
Y FBURT IR 28 A7 Dl — T O M s AR AL B B 7 I FH 2
FRAEFREL . MR IR AR B2 . B 4
g A2 K2 Zeiler 54 ily, 32 BT 4%
JE R, Bl JE TSRS W R A A . LA

B3 T 22 BE T 0N 52 A5 R URR i 2 b 117) 25 S
W7k, JUHREE T B ER BRI LA R Al X & ik
REMW AT RN . SEN, EE
T8 S By i M [ R S0 == Wichlberg AT AR K
Heide “5&HF 70 N G146 3528 158 8 J7 ) 3l 132 11
BHIERATTE, FEZBE NN RO, 42
THRERECER A LS S MR T, S
BT L M LR G B gL 775 . % T
Bt (1R AN PR 4 Je 7 g2 ), 78 BURFI AR
AP R 32 20 B ] AN AN R — 8O0, S
— RA TR

B A5 5 A 33 A A - T HE A AR By B R 3 T
FRFEAN AR IE R, TEMbEEAL BB M
gih, REBAFEN A GHMEMEEBHRE, H
HIT 1 P 5 R 285 115 4 SRR B 15 11 DA B 3 35 £ [ 40
FERMIFRE, BRNEEFESUITEEHRME
WS AEA RN B R B, s A s LA
FAR A 255, 3R T T FL O sk = . B
/N I 285 R e R FR Jig K PRI 5 A B ) A DG B
WM T RSP EME s, BRE & IERE R
BB E s R 518 T E AN A T
(T2 BOTIE 9 S

4 RERHERE

BT R SRR B R 7R T i R BEX AR 42 (175 RR
A LI ARE S AniEE . BRI
BATIRACR R, MREE KM 3D ARk & 5 R4
RGNS A R, R sRILSE (VRIAR). Hah
2o BRI ER ARG, MAES et
MU S AU S AR KR (10 7 SR IX SRR
AR E e I S EAE R IR B R R R, K
SN ERERMLTIVEE e AR Eo i OV E 27« C/nl IR e
FERI RIS R o SRR R L2 — M
TH, metglR e QR Hir, RS
ALK AR, BE BRI 5 R A 3R 5 AL
KA, ARG T WA RRE S, A
[[TpEiZ e 9S4y =R e R i S - P R R et (K £
TR o S = 1IN s [ Mmoo S 7
SATRIARRIE =, RN S8 AE NS 5 A e
WSS B85 2 RIERAIE, SEBLX S 5 =2
R S e, 2 NEENLE Sk

KPR — P RS S R os T30, REIS IR
BB Z AR AR, RILRIME R, A%
ity HERM. AR o TR S PR

© [ B T AR BT A



Rl EAEE T AL B AU A R AMEAE S
SO 2 M PMEA RS — AN B g A [FIR
K5 5 AL BN AL Ge (5 5 A B BRI A4 R ) e 4R R RR
TS T HEATY R, @ BETZENEE L
BSOS S AR B AN A e B3 PR
odefille BE S ALEE LY K AU R 45 1) R R X
J 7 TP B AE LU LA

(D ZhSE AL, T BG5S A R
R STAE AL SR R b, DR AN R] A BT S
AL R AN, RIS T 3h 2 B 2 A A A
BN B 5 A PRAAR AR S SR A 2 R ) ]

(D GRS 5 B T RAE R By e n g
A AT S PRI SR R R i S A S B

(3) T M A W15 5 A B 5 IR A S
BEE THS AR g, SR IR B A5 5 Ak
BN 7 MG R A SRR I ARG P REAZ
EVERE, OB TR

(4) F T EE 5 A H R ) B AR 48 X 2% 1
RIEAMBARHRRE . GIEEGRL TP LR
RIS E PEANZ A I BEAR R AIE

(5) FeF P I 2 I 28 5 A0 50 AT R L
MR EEHBAE M. AT

(6) F:T BB M 2% (1) R IR 52 ST T

3 3CHR (References)

Aharon M, Elad M and Bruckstein A.
for  designing

K-SVD: An algorithm

overcomplete  dictionaries  for  sparse
representation[J]. IEEE Transactions on Signal Processing,
2006. [DOI:10.1109/TSP.2006.881199]

Bach F.
learning[J]. Journal of Machine Learning Research, 2007, 9(6):
1179-1225. [http://arxiv.org/abs/0707.3390]

Bach F.

multiple kernel learning[C]//Advances in Neural Information

Consistency of the group Lasso and multiple kernel

Exploring large feature spaces with hierarchical

>rocessing Systems 21. Vancouver, BC, Canada: Curran
105-112.
[https://papers.nips.cc/paper/3418-exploring-large-feature-spac

Associates, Inc., 2008:

es-with-hierarchical-mu'tipi:-kernel-learning.pdf]

Bach F, Jenatton R, Mai-al v and Obozinski G.
sparsity-Inducing pcnalties[J]. Foundations and Trends in
Machine Learning in Machine Learning, 2011, 4(1): 1-106.
[DOI:10.1561/2200000015]

Bach F, Jenatton R, Mairal J and Obozinski G.
Sparsity through Convex Optimizaticn[J]. Statistical Science,
2012, 27(4): 450-468. [DOI:10.1214/12-STS394]

Bao C, Ji H, Quan Y and Shen Z.
coding: Algorithms and convergence analysis[J]. [FEL

Optimization with

Structured

Dictionary learning for sparse

Transactions on Pattern Analysis and Machine Intelligence,
2016, 38(7): 1356-1369. [DOI:10.1109/TPAMI.2015.2487966]
Bao P, Xia W, Yang K, Chen W, Chen M, Xi Y, Niu S, Zhou J,
Zhang H, Sun H, Wang Z and Zhang Y.
Sparse Coding for Compressed Sei.sing CT Reconstruction[J].
Imaging, 2019: 1-1.

Convolutional

IEEE Transactions on- Modical
[DOI1:10.1109/tmi.2019.290€353]
Beck A and Teboulle M. A fast
shrinkage-thresholding algorithm for linear inverse nroziems[J].
SIAM Journal on Imaging Sciences, 2009, 2(1). 183-202.
[DOI1:10.1137/080716542]
Bengio S, Pereira F and Strelow D. Group sparse

teracive

coding[C]//Advances in Neural Information Processing

Systems 22. Vancouver, BC, Canada: Curran Associates, Inc.,

2009: 82-P9,
[https://papers.nips.cc/yap2r/3691-group-sparse-coding.pdf]
Bianchi F M, Grattarola L. Anppi C and Livi L. Graph neural

networks with convolutional ARMA filters[J]. arXiv preprint,
2019. [http://arxiv.org/abs/1901.01343]

Blumensath T and Davies M E.
saparse approximations[J]. Journal of Fourier Analysis and

Iterative  thresholding  for

Applications, 2008, 14(5-6): 629-654.
[DOI:10.1007/s00041-008-9035-2]
Boyd S. Distributed optimizaticn and statistical learning via the

alternating direction meti.od of multipliers[J]. Foundatiors 2nd
Trends in  Machine Learning, 2010, 3(1): 1-iZz2.
[DOI:10.1561/2200000016]

Bremer J C, Coifman R R, Maggioni M and Szlam A D.
Diffusion wavelet packets[J]. Applied and Computational

Harmonic Analysis, 2006, 21(1): 95-112.
[DOI:10.1016/j.acha.2006.04.005]
Bristow H, Eriksson A and Lucey S. Fast convolutional

sparse coding[C]//2013 IEEE Conference on Computer Visicn
and Pattern Recognitior. Purtland, OR, USA: IEEE, 2u13:
391-398. [DOI:10.1109,CVPR.2013.57]

Bruna J and Mallat S.
networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2013, 35(8): 1872-1886.
[DOI:10.1109/TPAMI.2012.230]

Bruna J, Zaremba W, Szlam A and LeCun Y.
and locally connected networks on graphs[J]. arXiv preprint,
2013. [http://arxiv.org/abs/1312.6203]

Candés E J.

Invariant scattering convolution

Spectral networks

Ridgelets: Theory and Applications[D]. Staniord
University, 1798.
[http://statweb.stanara.edu/~candes/papers/thesis.ps]

Candés E J and Donoho D L. Curvelets: A surprisingly effective
nonadaptive representation of objects with edges[J]. Curves
and Surface Fitting, 2000, C(2): 1-10.
[DOI:10.1016/j.biopsycho0.2009.12.002]

Chalasani R, Principe J C and Ramakrishnan N. A fast proximal
method for convolutionai - sparse coding[C]//The 2013
International Joint Coniarenice on Neural Networks (IJCNM).
Dallas, X, USA: IEEE, 20L3.

© [ B T AR BT A



[DOI:10.1109/1JCNN.2013.6706854]
Chang H, Han J, Zhong C, Snijders A M and Mao J H.
Unsupervised transfer learning via multi-scale convolutional
applications[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2018, 40(5): 1182-1194. [DOI:1).1179/TPAMI.2017.2656884]
Cher B, Li J, Ma B and Wei G.
classification model for - image

sparse coding for biomedical

Convolutional sparse codingi

classification[C]//2026
International Conference on Image Processing (ICIP). Phoet.ix,
AZ, USA: IEEE, 2016: 1918-1922.
[DOI:10.1109/I1CIP.2016.7532692]

Chen J, Zhu J and Song L.
convolutional networks with variance reduction[J]. arXiv

Stochastic ~ training  of  graph
preprint, 2017

Chen S S, Donoho D L and Saunders M A.
decomposition by basis pursui."J1. SIAM Journal on Scientific

Atomic

Computing, 198, 20(1): 33-61.
[DOI:10.1137/S1064827596304010]
Chen S, Varma R, Sandryhaila A and Kovadevic¢ J. Discrete

signal processing on graphs: Sampling theory[J]. IEEE
Transactions on Signal Processing, 2015, 63(24): 6510—6523.
[DOI:10.1109/TSP.2015.2469645]

Choudhury B, Heide F, Wetzstein G and Heidrich W.  Consensus
convolutional  sparse  coding[C]//2017 |EEE International
Conference on Computer Visica (ICCV). Venice, Italy: IEEE,
2017: 4280-4288. [DOI:11.1109/ICCV.2017.459]

Chun 1Y and Fessler J A.
Acceleration and convergence[J]. IEEE Transactions on Image

Convolutional dictionary learning:

Processing, 2018, 27(4): 1697-1712.
[DOI:10.1109/TIP.2017.2761545]
Chung F.  Spectral Graph Theory[M]. American Mathematical

Society, 1997. [DOI:10.1145/568547.568553]

Cogliati A, Duan Z and Wohlberg B. Piano music
transcription with fast convolutional sparse coding[C]//201%
IEEE 25th International Woi'kshop on Machine Learning ‘or
Signal Processing (MLSP). Boston, MA, USA: IEEE, 2C15.
[DOI:10.1109/MLSP.2015.7324332]

Coifman R R and Maggioni M. Diffusion wavelets[J]. Applied
and Computational Harmonic Analysis, 2006, 21(1): 53-94.
[DOI:10.1016/j.acha.2006.04.004]

Dai H, Li H, Tian T, Huang X, Wang L, Zhu J and Song L.

Adversarial attack on graph structured data[J]. arXiv preprint,
2018

Defferrard M, Bresson X and \andergheynst P.  Convolutional
neural networks or yvasns with fast localized spectral
filtering[C]//Advanc=s in Neural Information Processing
Systems 29. Barcelona, Spain: Curran Associates, Inc., 2016:
3844-3852.
[https://papers.nips.cc/paper/6081-convolutional-neural-networ
ks-on-graphs-with-fast-localized-spectral-filtering.pdf]

Do M N and Vetterli M. The
efficient directional multiresalutizn image representation[J].
IEEE Transactions on Image Piocessing, 2005, 14(12): 2001

centourlet  transform:  An

2106. [DOI:10.1109/T1P.2005.859376]

Dong W, Fu F, Shi G, Cao X, Wu J, Li G and Li X.
Hyperspectral image super-resolution via non-negative
structured sparse representation[J]. IEEE Transactions on

Image Processing, 20'6, 25(5): 2337-2352.
[DOI:10.1109/TIP.2016.2542520]
Dong W, Shi G, Ma Y and Li X. Image restoration via

simultaneous sparse coding: Where structured sparsit ' mzets
gaussian scale mixture[J]. International Journal of Csmputer
Vision, 2015, 114(2-3): 217-232.
[DOI:10.1007/s11263-015-0808-y]

Donoho D L. Wedgelets: Nearly minimax estimation of
edges[J]. Annals of Statistics, 1999, 27(3): 859-897.
[DOI:10.1214/a0s/1018031261]

tfron B, Hastie T, Johnstone | and Tibshirani R. Least ancle
regression[J]. Annals of Statistics, 2004, 32(2): 494-499.
[DOI:10.1214/009052604000000067]

Engan K, Aase S O and t'usoy J H. Method of optimal directions
for frame design[C]//Proceedings. 1999 IEEE International
Conference on Acoustics, Speech, and Signal Processing.
Phoenix, AZ, USA: IEEE, 1999: 2443-2446.
[DOI:10.1109/ICASSP.1999.760624]

Friedman J, Hastie T and Tibshirani R.
Lasso and a sparse grouo iasso[J]. arXiv preprint, 2010.
[http://arxiv.org/abs/1001.0736]

Gao X and Xiong H.
sparse-coding for image

A note on the group

A hyorid wavelet convolution netwark with

super-resolution|©]//2016
International Conference on Image Processing (ICIP). Phoenix,
AZ, USA: IEEE, 2016: 1439-1443.
[DOI:10.1109/1C1P.2016.7532596]

Gomez AN, Ren M, Urtasun R and Grosse R B. The
residual

reversible

network:  Backpropagation  without  storing
activations[C]//Advances .in Neural Information Processing
Systems 30. Long Beact C/A, USA: Curran Associates, 12c.,
2017: 2214-.224.
[https://papers.nips.cc/paper/6816-the-reversible-residual-netw
ork-backpropagation-without-storing-activations.pdf]
M/EEG

inter-condition sparse

Gramfort A and Kowalski M. Improving source
localizationwith an
prior[C]//Proceedings - 2009 IEEE International Symposium
on Biomedical Imaging: From Nano to Macro, ISBI 2009. 2009.
[DOI:10.1109/1SBI.2009.5193003]

Gu S, Zuo W, Xie Q, Meng D, Feng X and Zhang L.

Convolutional Sparse coding for ilnage
super-resolution[C)./2015 IEEE International Confererce on
Computer Vision (ICCV). Santiago, Chile: IEEE, 2015: 1823—
1831. [DOI:10.1109/ICCV.2015.212]

Hammond D K and Vandergheynst P. Wavelets on graphs via
spectral graph theory[J]. Applied and Computational Harmonic
Analysis, 2011, 30(2): 129-150.
[DOI:10.1016/j.acha.2010.04.005]

Heide F, Heidrich W and Wet.stei: G. Fast and flexible

convolutional sparse ¢2ding[C]//2015 IEEE Confer=nce on

© [ B T AR BT A



Computer Vision and Pattern Recognition (CVPR). Boston,
MA, USA: IEEE, 2015: 5135-5143.
[DOI:10.1109/CVPR.2015.7299149]

Henaff M, Bruna J and LeCun Y.
on graph-structured data[J]. arXiv preprint, 2015

Deep convolutional networks

Huang Jand Zhang T.  The benefit of g.oup sparsity[J]. Annals of
Statistics, 2010, 38(4): 1972-2004. [DOI1:10.1214/09-A0S778]

tuang J, Zhang T and Metaxas D.. Learning ~ with  structuiod
sparsity[J]. Journal of Machine Learning Research, 2011, 12:
3371-3412. [DOI:10.1145/1553374.1553429]

Huang Y, Shao L and Frangi A F.

and cross-modality synthesis of 3D medical images using

Simultaneous super-resolution

weakly-supervised joint convolutional sparse coding[C]//2017
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR). Honolulu, HI, USA: IEEE, 2017: 5787-5796.
[DOI:10.1109/CVPR.2017.615]

Jacob L, Obozinski G and Vert '-P.. Group Lasso with overlap and
graph Lasso[C]//Proceedings of the 26th International
Conference on Machine Learning. Montreal, QC, Canada:
Omnipress, 2009: 433-440. [DOI1:10.1145/1553374.1553431]

Jacobsen J-H, Smeulders A and Oyallon E. i-RevNet: Deep
invertible networks[C]//6th International Conference on
Learning Representation. Vancouver, BC, Canada: 2018: 1-11

Jas M, La Tour T D, Simsekli U and Gramfort A.
morphology of brain signals using alpha-stable convolutional

Learning the

sparse coding[C]//Advaricas i Neural Information Processing
Systems 30. Long Beact,, CA, USA: Curran Associates, Inc.,
2017: 1099-1108.
[https://papers.nips.cc/paper/6710-learning-the-morphology-of-
brain-signals-using-alpha-stable-convolutional-sparse-coding.p
df]
Jenatton R, Audibert J-Y and Bach F.
selection with sparsity-inducing ncims[J]. Journal of Machine
Research, 200y, 12: 2777-2824
[http://jmlr.org/papers/volumel12/jenatton1lb/jenatton1lb.pa -l
Jenatton R, Gramfort A, Michel V, Obozinski G, Eger E, Bach F and
Thirion B. Mining of fMRI Data with
Hierarchical Structured Sparsity[J]. SIAM Journal on Imaging
Sciences, 2012, 5(3): 835-856. [DOI1:10.1137/110832380]
Jenatton R, Mairal J, Obozinski G and Bach F.
for hierarchical sparse coding[J]. Journal of Machine Learning

Structured variable

Learning

Multiscale

Proximal methods

iYesearch, 2010, 12: 2297-2334.
cnttp://jmlr.csail.mit.edu/papers/volumel2/jenattonlla/jenatton
1la.pdf]

Jenatton R, Obozinski G and 22cn F. Structured sparse

principal compoaent analysis[C]//13th International
Conference on Artificial Intelligence and Statistics. Sardinia,
Italy: PMLR, 2010: 366-373. [http://arxiv.org/abs/0909.1440]

Kim S and Xing E P.

regression with structured sparsity[C]//Proceedings of the 27th

Tree-guided group Lasso for multi-task

International Conference on Mact.ine Learning. Haifa, Israel:
Omnipress, 2010: 543-550. [['01:20.1214/12-A0AS549]
Krause A and Cevher V. Submudular dictionary selection for

sparse representation[C]//Proceedings of the 27th International
Conference on Machine Learning. Haifa, Israel: Omnipress,
2010: 567-574. [http://www.icml2010.org/papers/366.pdf]
Krizhevsky A, Sutskever | and Hinton G E.
classification with deen

ImageNet
convolutional neural
networks[C]//Advances iy 1l'eural Information Processing
Systems 25. Lake Tahoe, N'v, USA: Curran Associates. Inc.,
2012: 1097--1105. [DOI:10.1145/3065386]
Labate D, Lim W-Q, Kutyniok G and Weiss G.  Sparse
multidimensional representation using shearlets[C|//Wavelets

XI. San Diego, CA, USA: SPIE, 2005: 59140U.
[DOI:10.1117/12.613494]
Le Pennec E and Mallat S. Sparse geometric image

representations with bandelets[J]. IEEE Transactions on Image

Processing, 2005, 14(4): 423-428.
[DOI:10.1109/TIP.2005.843753]
Lesage S, Gribonval R, BEimbot F and Benaroya L. Learning

unions of orthonorinal bases with thresholded singular value
decomposition[C]//Proceedings. IEEE International Conference
on Acoustics, Speech and Signal Processing, 2005.

Philadelphia, PA, USA: 2005: V-293-V-296.
[DOI:10.1109/ICASSP.2005.1416298]
Levie R, Monti F, Bresson X and Bronstein M M. CayleyNets:

Graph convolutional neural i.etworks with complex rational
spectral filters[J]. IEEE Transactions on Signal Processing,
2019, 67(1): 97-109. [DDI1:10.1109/TSP.2018.2879624;

Li H and Lin Z.
nonconvex low rank optimization[J]. Machine Learning, 2019.
[DOI:10.1007/s10994-019-05819-w]

Li M, Xie Q, Zhao Q, Wei W, Gu S, Tao J and Meng D. Video
Rain Streak Removal by Multiscale Convolutional Sparse
Coding[C]//Proceedings of the IEEE Computer Society
Conference on Computer Vision and Pattern Recognition. 2013:
6644-6653. [DOI:10.1103/CV'PR.2018.00695]

Li R, Wang S, Zhu F, Asificial J H-T-S A C on and 2018
undefined.

Provable accelerated gradient metiod for

Adaptive graph convolutional neural
networks[C]//Thirty-Second AAAI Conference on Artificial
Intelligence. New Orleans, LA, USA: AAAI, 2018: 3546-3553.
[https://www.aaai.org/ocs/index.php/ AAAI/AAAIL8/paper/vie
wPaper/16642]

Li Y, Dai W, Zou J, Xiong H and Zheng Y F.

representation with union of data-driven linear and multilinear

Structured sparse

subspaces model for cumpressive video sampling[J]. IEEE
Transactions on Signal Processing, 2017, 65(19): 50£2-5777.
[DOI:10.1109/TSP.2017.2721905]
Liu G, Lin Z,Yan S, SunJ, YuY and Ma Y.
subspace structures by low-rank representation[J]. IEEE

Robust recovery of

Transactions on Pattern Analysis and Machine Intelligence,
2013, 35(1): 171-184. [DOI:10.1109/TPAMI.2012.88]
Liu J, Garcia-Cardona C, Wohlberg B and Yin W.
dictionary - J=arning[C]//2017
Conference on Image Processing (ICIP). Beijing, China: 1EEE,
2017:1707-1711. [DO1.10.1109/ICIP.2017.8296573]

Online

convolutional International

© [ B T AR BT A



Liu L, Wu J, Li D, Senhadji L and Shu H. Fractional
scattering network and applications[J]. IEEE Transactions on
Biomedical Engineering, 2019, 66(2): 553-563.
[DOI:10.1109/TBME.2018.2850356]

Liu M and Chen S.
synthetic aperture radar target co.figuration recognition[J].
international Journal of Remow Sensing, 2017, 38(17): 4868--
4887. [DOI:10.1080/0143116".2017.1328144]

Lu C, Feng J, Lin Z, Mei T and Yan S.
block diagonal representation[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2019, 41(2): 487-501.
[DOI:10.1109/TPAMI.2018.2794348]

LuY Mand DoM N.
and surfacelets[J]. IEEE Transactions on Image Processing,
2007, 16(4): 918-931. [DOI:10.1109/T1P.2007.891785]

L¢ Z and Peng Y.
sparse representation foi human action recognition[J]. Pattern
Recognition, 2013, 46(7): 1799-1809.
[DOI:10.1016/j.patcog.2012.09.027]

Mairal J, Bach F and Ponce J.
vision processing[J]. Foundations and Trends in Computer

wavelet

Label-dependent sparse representation for

Subspace clustering by

Multidimensional directional filter banks

Latent seriantic learning with structured

Sparse modeling for image and

Graphics and Vision, 2014, 8(2-3): 85-283.
[DOI:10.1561/0600000058]
Meira: J, Bach F, Ponce J and Sapiro G.  Online  Learning  for

matrix factorization and sperse coding[J]. Journal of Machine

Learning Research, 2010, 11(1): 19-30.
[http://www.jmlr.org/papers/volumell/mairall0a/mairall0a.paf
1

Mairal J, Jenatton R, Obozinski G and Bach F.  Convex and

network flow optimization for structured sparsity[J]. Journal of
Machine Learning Research, 2011, 12(9): 2681-2720.
[http://jmlr.org/papers/volumel2/mairallla/mairallla.pdf]

Mallat S.  Geometrical grouplets[J]. Znplied and Computational

Harmonic Analysis, 200y, 26(2): 161-180
[DOI:10.1016/j.acha.2008.03.004]
Mallat S.  Group invariant scattering[J]. Communications on +re

and Applied Mathematics, 2012,

[DOI:10.1002/cpa.21413]
Mallat S G and Zhang Z.

time-frequency dictionaries[J]. IEEE Transactions on Signal
41(12): 3397-3415.

65(10): 1331-1398.

Matching pursuits with
Processing, 1993,
1P0.:10.1109/78.258082]

iAeinshausen N and Bthimann P. High-dimensional graphs and
variable selection with the lLasso[J]. Annals of Statistics, 2006,
34(3): 1436-1462. [CO1.1n.1214/009053606000000281]

Narang S K and Ortega ~ Perfect reconstruction two-channel
wavelet filter banks for graph structured data[J]. IEEE
Transactions on Signal Processing, 2012, 60(6): 2786-2799.
[DOI:10.1109/TSP.2012.2188718]

Obozinski G, Taskar B and Jordan M |I.
and joint subspace selection ‘or multiple classification
problems[J]. Statistics and Computing, 2010.

[DOI:10.1007/s11222-008-9111-x]

Joint covariate selection

Oyallon E, Belilovsky E and Zagoruyko S. Scaling the
scattering transform: Deep hybrid networks[C]//2017 IEEE
International Conference on Computer Vision (ICCV). Venice,
Italy: IEEE, 2017: 5619-5628. [DOI:10.1109/ICCV.2017.599]

Oyallon E and Mallat S.
object classification[C]//2715 'EEE Conference on Computer
Vision and Pattern Recognition (CVPR). Boston, MA. USA:
IEEE, 2015: 2865-2873. [DOI:10.1109/CVPR.2015.72089(/4]

Papyan V, Romano Y and Elad M.

Deep roto-translation scattering for

Convolutional Neural
Networks Analyzed via Convolutional Sparse Codinyg[R]. 2017,
18

Papyan V, Romano Y, Elad M and Sulam J. Convolutional
dictionary learning via local processing[C]//2017 IEEE
International Conference on Computer Vision (ICCV). Venice,
Italy: IEEE, 2017: 5306-5314. [DOI:10.1109/ICCV.2017.5667

Papyan V, Romano Y, Sulami J¢nd Elad M. Theoretical
foundations of deep learning via sparse representations: A
multilayer sparse n.odel and its connection to convolutional
neural networks[J]. IEEE Signal Processing Magazine, 2018,
35(4): 72-89. [DOI:10.1109/MSP.2018.2820224]

Papyan V, Sulam J and Elad M. locally

globally: Theoretical guarantees for convolutional sparse

Working thinking
coding[J]. IEEE Transactions on Signal Processing, 2017,
65(21): 5687-5701. [DOI:10.1109/TSP.2017.2733447]

Pati Y C, Rezaiifar R and Krisirnaprasad P S.

matching pursuit: Recursive function approximaticn with

Orthogonal

applications to wavelet decomposition[C]//Proceeding: of 27th
Asilomar Conference on Signals, Systems and Computers.
Pacific  Grove, CA, USA: IEEE, 1993: 40-44.
[DOI:10.1109/ACSSC.1993.342465]

Peng G-J. Adaptive ADMM for
Convolutional Sparse Representation[J]. IEEE Transactions on
Image Processing, 2019. [DOI:10.1109/tip.2019.2896541]

Peng H, Li B, Ling H, H: W, Xiong W and Maybank < J.

Salient  object

Dictionary Learning in

detection  via  structured  meotrix
decomposition[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2017, 39(4): 818-832.
[DOI:10.1109/TPAMI.2016.2562626]

Plaut E and Giryes R.

sparse coding[C]//2018 IEEE International Conference on

Matching pursuit based convolutional

Acoustics, Speech and Signal Processing (ICASSP). Calgary,
AB, Canada: IEEE, 2018: 6847-6851.
[DOI:10.1109/1ICASSP,2(1.8.8461543]

Quan T M and Jeong W' !
of dynamic contrast enhanced MRI using GPU-acceierated

Compressed sensing reconctruction

convolutional sparse coding[C]//2016 IEEE 13th International
Symposium on Biomedical Imaging (ISBI). Prague, Czech

Republic: IEEE, 2016: 518-521.
[DOI:10.1109/1SB1.2016.7493321]
Ram |, Elad M and Cohen I.  Generalized  tree-based  wavelet

transform[J]. IEEE Transactiens on Signal Processing, 2011,
59(9): 4199-4209. [DO!.10..209/TSP.2011.2158428]
Rubinstein R, Peleg T and Eiad M.  Analysis K-SVD: A

© [ B T AR BT A



dictionary-learning algorithm for the analysis sparse model[J].
IEEE Transactions on Signal Processing, 2013, 61(3): 661-677.
[DOI:10.1109/TSP.2012.2226445]

Rubinstein R, Zibulevsky M and Elad M. Double
Learning sparse dictionaries for sparse signal approximation[J].
IEEE Transactions on Signal P-ocessing, 2010, 58(3): 1553—
1564. [DOI:10.1109/TSP.2009.2036477]

Kustamov R and Guibas LJ. Waelets on

sparsity:

graphs via deco
learning[C]//Advances in Neural Information Processing
Systems 26. Lake Tahoe, NV, USA: Curran Associates, Inc.,
2013: 998-1006. [DOI1:10.1007/978-3-030-03574-7_5]

Ruvolo P and Eaton E. Online multi-task learning based on
K-SVD[C]//The ICML2013 Workshop on Theoretically
Grounded Transfer Learning. Atlanta, GA, USA: PMLR, 2013.
[https://www.seas.upenn.edu/~ecaton/papers/Ruvolo20130nlin
e.pdf]

sandryhaila A and Moura J M * Discrete signal processing on

graphs[J]. IEEE Transactions on Signal Processing, 2013, 61(7):

1644-1656. [DOI:10.1109/TSP.2013.2238935]

Serrano A, Heide F, Gutierrez D, Wetzstein G and Masia B.
Convolutional sparse coding for high dynamic range
imaging[J]. Computer Graphics Forum, 2016, 35(2): 153-163.
[DOI:10.1111/cgf.12819]

Shumen D |, Faraji M J and Vandergheynst P. A
pyramid transform for graph sianals[J]. IEEE Transactions on

2119-2124.

multiscale

Signal Processing, 20186, 64(8):
[DOI:10.1109/TSP.2015.2512529]
Shuman D |, Wiesmeyr C, Holighaus N and Vandergheynst P.
Spectrum-adapted tight graph wavelet and vertex-frequency
frames[J]. IEEE Transactions on Signal Processing, 2015,
63(16): 4223-4235. [DOI:10.1109/TSP.2015.2424203]
Shuman D 1, Narang S K, Frossard P, Ortega A and Vandergheynst P.
The emerging field of signal proccssing on graphs: Extending
high-dimensional data analysic to networks and other irregular
domains[J]. IEEE Signal Prucessing Magazine, 2013, 3C(?):
83-98. [DOI:10.1109/MSP.2012.2235192]
Shuman D |, Ricaud B and Vandergheynst P. Vertex-frequency
analysis on graphs[J]. Applied and Computational Harmonic
Analysis, 2016, 40(2): 260-291.
[DOI:10.1016/j.acha.2015.02.005]
Sifre L. and Mallat S.
vaxture analysis[C]//Proceedings of 2012 European Symposium

Combined scattering for rotation invariant

sn Artificial Neural Networks, Computational Intelligence and
Machine Learning. Bruges, Belgium: i6doc, 2012: 127-132.
[http://www.i6doc.corn/e1ivre/?GCO1=28001100967420]

Silva G and Rodriguez F. Efficient convolutional dictionary
learning using partial update fast
shrinkage-thresholding algorithm[C]//2018 IEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP). Calgary, AB, Canada: IEEE, 2018: 4674-4678.
[DOI:10.1109/ICASSP.2018.8462315]

Sreter H and Giryes R. Learned
coding[C]//2018 IEEE International Conference on Acoustics,

iterative

convolutional sparse

Speech and Signal Processing (ICASSP). Calgary, AB, Canada:

IEEE, 2018: 2191-2195.
[DOI:10.1109/ICASSP.2018.8462313]
Sulam J, Papyan V, Romano Y and Elad M. Multilayer

convolutional sparse model.ng:  Pursuit and dictionary
learning[J]. IEEE Transactioi.s on Signal Processing, 2018,
66(15): 4090-4104. [DOI:1C.1109/TSP.2018.2846226]

Tanaka Y and Sakiyama A.  M-channel oversampled ograph f.lter
banks[J]. IEEE Transactions on Signal Proce.sing, 2014,
62(14): 3578-3590. [DOI:10.1109/tsp.2014.2328985]

Teke O and Vaidyanathan P P.
signal processing theory to graphs-Part 1I: M-channel filter
banks[J]. IEEE Transactions on Signal Processing, 2017, 65(2):
423-437. [DOI:10.1109/TSP.2016.2620111]

nitsvero M, Barbarossa S and Di Lorenzo P.

Extending classical multirate

Signals on grapks:

Uncertainty principle anc sampling[J]. IEEE Transactions or

Signal Processina, 2016, 64(18): 4845-4860.
[DOI:10.1109/TSP..016.2573748]

Turlach B A, Venables W N and Wright S J.
variable selection[J]. Technometrics, 2005, 47(3): 349-363.
[DOI:10.1198/004017005000000139]

Varoquaux G, Jenatton R, Gramfort A, ... G O-N W on P and 2010
U. Sparse structured dictionary learning for brain

activity modcling[C]//NIPS  Workshop on
Practical Applications or Sparse Modeling: Open Issues 2nd
New Directions. 2010: 1--7

Velisavljevi¢ V, Beferull-Lozano B, Vetterli M and Dragotti P L.
Directionlets: Anisotropic multidirectional representation with

Simultaneous

resting-state

separable filtering[J]. IEEE Transactions on Image Processing,

2006, 15(7): 1916-1933. [DOI:10.1109/T1P.2006.877076]
Vidal R, Ma Y and Sastry S.

analysis (GPCA)[J]. IEEE Transactions on Pattern Analysis and

Generalized principal component

Machine Intelligence, 2005, 27(12): 1945-1959.
[DOI:10.1109/1JCNN.2005.1:555814]

Wang H, Li S, Zhou Y ani1 Ci.2n S.  SAR automatic terget
recognition using a roto-translational invariant

wavelet-scattering convolution network[J]. Remote Sensing,
2018, 10(4): 501. [DOI:10.3390/rs10040501]

Wang Y, Yao Q, Kwok J T and Ni L M.
convolutional sparse coding[J]. IEEE Transactions on Image

Scalable online

Processing, 2018, 27(10): 4850-4859.
[DOI:10.1109/TIP.2018.2842152]
wang Y, Yao Q, Kwok J T ariu Ni L M. Online convoluticnal

sparse codiiq with
dictionary[C]//Proccedings of  the  35th
Conference on Machine Learning. Stockholm, Sweden: PMLR,
2018: 5209-5218.
[http://proceedings.mlr.press/v80/wang18k.html]
Wen W, Wu C, Wang Y, Chen Y and Li H. Learning
sparsity in deep neural networks[C]//Advances in Neural

sample-dooer Jent
International

structured

Information Processing Systems 29. Barcelona, Spain: Curran
Associates, Inc. 2016: 2074-2082.
[https://papers.nips.cc/paper/6504-learning-structured-coai city-

© [ B T AR BT A



in-deep-neural-networks.pdf]
Wen 'Y, Liu W, Yang M, Fu Y, Xiang Y and Hu R.
occlusion

Structured

coding  for robust face
Neurocomputing, 2016, 178:
[DOI:10.1016/j.neucom.2015.05.132]

Wen Z, Goldfarb D and Scheinberg K
methods for semidefinite progremming[G]//International Seriec

recognition[J].
11-24.

Block coordinate descent

in Operations Research ard Management Science. 20.°.
[DOI:10.1007/978-1-4614-0769-0_19]

Wiatowski T and Bolcskei H. A mathematical theory of deep
convolutional neural networks for feature extraction[J]. IEEE
Transactions on Information Theory, 2018, 64(3): 1845-1866.
[DOI:10.1109/TIT.2017.2776228]

Wobhlberg B.
IEEE International Conferenca on Acoustics, Speech and

Efficient convolutional sparse coding[C]//2014

Signal Processing - Proceadinas (ICASSP). Florence, Italv:
IEEE, 2014 7173-7177.
[DOI:10.1109/ICASSP.2014.6854992]

Wu Z, Pan S, Chen F, Long G, ZhangCand YuPS. A
comprehensive survey on graph neural networks[J]. arXiv
preprint, 2019

Xiong H, Zhu L, Ma N and Zheng Y F.
compression

Scalable video

framework  with  adaptive  orientational

ri.ultiresolution  transform  and  nonuniform  directional
filterbank design[J]. IEEE Transactions on Circuits and
Systems for Video Technoiugy, 2011, 21(8): 1085-1G29.
[DOI:10.1109/TCSVT.2021.2133310]

Xiong Y, Xu C and Xiong H. Kernelized
scattering convolution networks[C]//2016 IEEE International
Conference on Multimedia and Expo (ICME). Seattle, WA,
USA: IEEE, 2016. [DOI:10.1109/ICME.2016.7552973]

Xu B, Shen H, Cao Q, Qiu Y and Cheng X. Graph
neural network[C]//7th Internationc! Conference on Learning
Representation. New Orlears, LA, USA: 2019: 1-13
[http://arxiv.org/abs/1904.07735]

Xu C, Dai W and Xiong H.

transforminconvolution network[C]//2017 IEEE International

learning in  deep

wavelet

Extended conjugate polar Fourier

Conference on Image Processing (ICIP). Beijing, China: IEEE,
2017: 2453-2457. [DOI:10.1109/1CIP.2017.8296723]

Xu C and Xiong H.
with iterated

Revertible deep convolutional networks
bank[C]//2016 IEEE
ternational Conference on Acoustics, Speech and Signal
~rocessing (ICASSP). Shanghai, China: IEEE, 2016: 1586
1590. [DOI:10.1109/ICASSP.2016.7471944]

Xu'Y, Xiao T, Zhang J, Yang . 2id Zhang Z.
convolutional neural networks[J]. arXiv preprint, 2014.
[http://arxiv.org/abs/1412.5104]

Yan S, Xiong Y and Lin D.
networks for
recognition[C]//Thirty-Second AAAI Conference on Atrtificial
Intelligence. New Orleans, LA, USA: £AAI, 2018: 7444-7452.
[https://aaai.org/ocs/index.php/AAANI/AAAIL8/paper/view/171
35]

directional  filter

Scale-invariant

Spatial temporal graph convolutional
skeleton-based action

YeJ C, Han Y and Cha E.
general deep learning framework for inverse problems[J].
SIAM Journal on Imaging Sciences, 2017, 11(2): 991-1048.
[DOI:10.1137/17M1141771]

Yin R, Gao T, Lu Y M and DaubechizsI. A Tale of Two Bases:
Local-Nonlocal Regularizaticn  on Image Patches with

Deep convolutional framelets: A

Convolution Framelets[J]. StAM Journal on Imaging Sciences,
Society for Industrial & Applied Mathematics (SIAM) 2,17,
10(2): 711-750. [DOI:10.1137/16m1091447]

Yuan M.
via linear programming[J]. Journal of Machine Learning
Research, 2010, 11: 2261-2286.
[http://jmIr.csail.mit.edu/papers/v11/yuan10b.html]

Yuan M and Lin Y. Model selection and
regression with grouped variables[R]. 2006, 68

Zeiler M D, Krishnan D, Taylor G W and Fergus R.

Deconvolutional networks[C]//2010 IEEE Computer Society

High dimensional inverse covariance matrix estimation

estimation in

Conference on Con.nuter Vision and Pattern Recognition. San
Francisco, CA, USA: IEEE, 2010:  2528-2535.
[DOI:10.1109/CVPR.2010.5539957]

Zhang H and Patel V. Convolutional sparse coding-based image
decomposition[C]//Procedings of the British Machine Vision
Conference 2016. York, UK: BMVA Press, 2016: 125.1-125.11.
[DOI:10.5244/C.30.125]

Zhang H and Patel V M.
coding-based rain streak removal[C]//2017 |EEE  Wiuiter
Conference on Applications of Computer Vision (WACV).
Santa Rosa, CA, USA: |IEEE, 2017: 1259-1267.
[DOI:10.1109/WACV.2017.145]

Zhao P, Rocha G and Yu B.
family for grouped and hierarchical variable selection[J].

Convolutional sparse and low-rank

The composite absolute penalties

Annals of Statistics, 2009, 37(6 A): 3468-3497.
[DOI:10.1214/07-A0S5841
Zhou G, Lu Z and Peng Y. L1-graph construction u.ing

structured sparsity[ll. Nsurocomputing, 2013, 120: 441-452.
[DOI:10.1016/j.neucoin.2013.03.045]

Zhou Y, Chang H, Barner K, Spellman P and Parvin B.
Classification of histology sections via multispectral
convolutional sparse coding[C]//2014 IEEE Conference on
Computer Vision and Pattern Recognition. Columbus, OH,
USA: |IEEE, 2014: 3081-3088. [DOI:10.1109/CVPR.2014.394]

Zhu'Y and Lucey S.
reconstruction[J]. IEEE Transactions on Pattern Analysis and

Intelligencs, 2015, 37(3): £29-540.
[DOI:10.1109/TPA: 11.2013.2295311]

Zou D and Lerman G.  Graph convolutional neural networks via
scattering[J]. arXiv preprint, 2018

1E& fifr

Convolutional sparse coding for trajectory

Machine

© [ B T AR BT A



ey 2

A

RELLEL, 1973 R4, 5, RrlS¥dR, FEWF M
NE TGRSR, ZHEAAMSEE . BRERS
%% 2], Email: xionghongkai@sjtu.edu.cn.

TRIE, @EEE, B, R, FEORTTENE
THEKMS . RII5KRER. ZRIHH SR
B IS BT B 222 4 5 R A PR . Email:
yjqhust@qg.com.

SR, 55, BIEER, R Y BRI
i, HBCdE IR g A0 A B e fE B A PR . Emall:
daiwenrui@sjtu.edu.cn.

W R, B, #d%, FEFITTFAPLEES] . R
AU N FRAE B LA . Email:
zlin@pku.edu.cn.

R, 5, B, FESRTITANLER. B
It ZRUR DT Si R NG I B#AE . Email.
wufei@zju.edu.cn.

M, &, LA, FEFFTT RN
Wi i s 5 7 M 3, AR R EHE 46 . Email:
shenyangmei0214@sjtu.edu.cn.

W, 55, LA, FEMR T MAEES
had, BB A A g H e K H N A . Email:
Xumingxing@sjtu.edu.cn

© [ B T AR BT A



