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1 WEm s S5Hi#E s (Sparse Vector and Sparse Representation)
1.1 Preliminary Knowledge
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1.2 Sparse Representation

AR LR T I ) w3 A O R ) (sparse vector) oK E B (sparse
matrix). HALZE: 4E K € NT, |z| < K.

MR SURTFIE A S, FRPERI S AR S ST AP
VA,B € C""" J|AB|| < [|A||-]|B]|

? Here, A" means Hermitian Matrix(¥ KK/ 8K/ AR E): AT = (@) nxn.
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ZE—A )& @ € R, W PAE SCANR il B (sparse measure) :
v — |zlly/||z]l2
V-1

FomE ye R™ B0 AN m AN BRI g, € R™, X EEIEA LA BN T4 IERL
i (complete orthogonal basis). IHF, {557 i

(1)

sparseness(x) =

y=Gec=) cg, (2)
=1

FR AL R ¢ —ERAERBTY -
FRHES IR y € R™ N n A m dEiE a; e R (Fid n>m) BILRIEAS:

y=Azx= Zmiai (3)
i=1

N a; € R AT[RERZIEAZRIES . HRGITH, XL m) il AR T (atom) BHESE,
BT ETHORF i EaS A 5L, B DAFRIX 2E )5 T SE A /2 i 5245 1) (overcompete) . 15
HI R THBHERE A = (a1, -, a,]) FRAFHEEE (dictionary).

X A e R™ ™ n AN R
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2. rank(A) =m;
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MR E o SWE A EN, G50y = Az 54 ((F51) #iEis# (sparse decompo-
sition), HA AR A P EFRNFEREAL & (explanatory variables); [n)& y FRAAHNAS
it (response variable) Bt HAR{F5; Az FOUHBRLRMERN; = "N BARESHN T3
A B FRIR.

i, PR HAME S v AT A fURB#eaR (sparse representation), TiztAFA H
WMESHRMBLENL (sparse approximation),
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2 AN R# s (Sparse Representation in Face Recognition)
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3 WM R R IEAEPE (Optimization Theory for Solving
Sparse Matrix Equations)

3.1 L ji#dr/ME (L1 Norm Minimization)

Ly Julim/ MERAR N Ly BRI B Ly Ju ot W e h — 3.

HESRMILAL S PO, oMk ZE0 & « PArE T RRIEZ LR . XN ERAR
Bl (untractable) B¢ NP hardf®iy, H-A#ZR2S T K.

E%gaﬂﬁﬂkgﬁ%ﬁ%ﬁ%%ﬂﬂﬁ%% e supp(x) = {i: 2; # 0}, CHEEHKEHE Lo
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&0 = |supp()] (9)

K- R EEIEHN Sk = {z € RY «||zflo < K}. % & € S, WHME & 2 @ i
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BT x| &reEsk, HFHARERX v = Ax H— M55, Bt e —A i,
TAAEL IR B G LR, SRR T DA AN G X LRt e it (Lq se/vb) :
win ] 1, 5.1,y — Az| < (12)

Ly JEECT S AL PR BB B (base pursuit, BP) o i g —4> IR AL ML) 7]t
(quadratically constrained linear problem, QCLP),

#xy s L R, xo 2 Lo B9, WA [L1]:
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HH @ 2017, xo emitiE. [FE Az, = Az,
RNy, LA R
1 (Ly ERE/ME) R @ B K BRI, 4 L AR08 MU L,
min - ly — A}, stz < q (14)

TR — UMK (quadratic program, QP) [/,
2. A} Lagrangian e 134, Ff L1 A XTERR/IMEAL L

o1
§m§Mr—Aﬂ@+MWh (15)
T

KA N —ZE B B A (basis pursuit denoising, BPDN) [5]#5 [[7].
TEHET /N 5 /55 R FIKIZ (deconv) . AR LB S BB ER MR,
SHRGRY AL FEA AT PR :
1. FHiEi%E#F: (Feature Selection)
2. WfEREME (Interpretability)

3.2 Zys5ipPE 4 (Restricted Isometry Property Condition)
RISCHNE T Ly {uus/ MBI ELE Lo {580/ MEIEFRRRE R ARG . 3527 R 25 28 )
IR T AR

EX 1 (LR (Restricted Isometry Property, RIP) 44 b, 12]). &4 &4% A fo
K—7F4fﬁ /;L\%J% ||m||0 S K7

(1= 0x)l|3 < [lAx=]3 < (1+05)[l]13 (16)

EP 0< g <1 Z—ANEHHRE KA LXOFEHR (Y REFIEETH, restricted isometry
constants, RIC), Ax #FH4EH A 091E% K 2R 09 F4E% .

N FRAEE A 2 K B RIP 4tF.
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L. ﬁﬁﬁg%ﬁﬁﬁ@%ﬁ%?ﬁ@ M]: P A 53R Ok, 02k, 03 1) RIP 2%
7 . Ok + 0o + 3 < 1

W Ly o MERT VORI BT K MgifE . W, TR0, ks
i’_‘[?ﬁj\:%gﬂ!ﬂ{% fﬁ@ﬁ F o LA PR Ly JERR/IMREIRAD s HF BAEA SIS 0L
Al AR E AT

2. RIC 5FHEE KR 9] #FFHIAERE A e R™" Wi RIP(K,0k), W:
1— 5K S )\mm(AJ;(AK) S )\maz(A;(AK) S 1+ 5K
3. BRYAME ] & K <K', W 0 <k
3.3 Tikhonov EMfki/p—_3€ (Tikhonov Regularization LSM)

$00st0d, 1ER TR by — Awl3 008G, Tikhonov 15 1963 4421 T Lo
TE LB [21):

J@) = 5y~ Azl + 2 )3 (18)
Joft A= 0 FRIENESHL.
FIRESS, 5 MR
aéfg) —A"Az — ATb+ Az =0 (19)
S
&g = (ATA+AE) ' ATD (20)

XA (AT A+ AE) "t KB 25 (ATA) HEERm Rz N éFikhonov 1E
N{k (Tikhonov Regularization)d, o f&i#R1E N4k ¥ (regularized method)d, FEfF 54k
B AAA TR (relaxation method).

Tikhonov 1EMA B2 : Sl RE 5 B B 7 22810 AT A E@%~ﬁ oL RIN— MR
AN N, B RS AR R, MR Kt it e e s B

T(EASE N2 Weight Decay HAE Lo 50N, M2 EbrERRENLESE T f (SGD), AE R HIE
MEFD Lo IENABIRCRAHR . MAERERL decay {5 F, HRIMEA TG A (16].

S AT A FEA ALY 7 R AT AR R IE A . T340 F B A A 2 s R4 0 A 3 e 7 A L

“condition number E—ANEFE (BFHEIRRNEERS) Wk E M E BURE R, R —
AN condition number 7 1 Ffir, IFAENIE well-conditioned [, #Fm KT 1, IRA B
ill-conditioned {J, IR —FSi2 ill-conditioned 1, BRI S5 RN BB LY EEE.

IR AT A CRIERE, A AT A+ NE ST AT KA XA+ AlF], G754 cond(AT A+
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WA R RFYE, condition number K AAIIR - BB B M KA A1 SGH
TR AAGI f B, SEPR @R B AR R AR AL A-strongly convex™3 (X 5 )
(), L RIAT AFE R AR S P I 1R L«

KA Ly EOMLE NI, TR R, HR R R,

I Ly SR MRS Ly S8R MU 2 4R 2 (1)
Iz, _ va

N 4(

4 e RECR IR ALY (Optimization Algorithm for Solving
Sparse Matrix Equations)

e TOARIE, AT e SRR BRI . SIS R YR O R R AR oK
AR S 5 T AR Ay T A E A R e 7 R SR
HARE, REW A =F:
IR Y W
2. geitla
3. hFpEE
X HLIRATALS 21 —Fh 528 7 A A I VL AC B B (10, 19]:
Algorithm 1: 1F=7 PURr B 5V

Input: WG R y € R™ fIFIEK A e R
Output: Mgy R (BE) [ z € R

0< |2 -

max r; — min x; (21)
1<i<n 1<i<n

1 BRI SRELE Qo =0, VIRREN R ro =y, k=1
2 while i iz 1k F)3E * do
3 | PEH: RIEFE A PSR v B S
4
Jk € argnljin| <rip-1, 45 > |, Q= Q1 U i}
flitt: Kiff/ MU ming |y — Aq, | 1
5
x, = (A), Ag,) TALY
BUHRZE: T =y — A, Ty
6 k=k+1,
7 end

.’Bk(l), k€ Qg

0, else ’

return a(i) = {

TN =R R A (23]

L s A7 B A E s ARG
2. BRFERER/NT AT E W EME: el <&
TR AT AR R B R2Z NV IET ||All2 - [|A7|2 = cond(A) = x(A), FF condition number.
xtF#EsEE (AeC™ ™ (m>n)), BWEE/N_ TR o= (ATA)" AYb, Z5EMH (RIFA?)
cond(A™ A) = cond®(A). FKUHOZ VI KAMKN, IR E R T 4R
12° A differentiable function f is called A-strongly convex with parameter A > 0 if the following
inequality holds for all points x, y in its domain:

(V@) = Vi) (z—y) = Az -yl

or, more generally,
(Vf(z) = V), (x—y) = Nz —y]*
where || - || is any norm.



3. FHUH AT — SRR A e 2 T i S R AT g e < e

5 BB PIRGERE (The Sparse in CNN)
5.1 Generalization and Sparse

V2 ALRE Sy AT AT B RO E A e IS ey, R RO AR, S 2
TREIE B FROMRRE . FERLERET o, FA V2 A A b % A % BB BER O F o T
TETRERES T, LR O LA A B X B P TR
2 A1 16 TT DA HASCERF 2 0B . 3k L J 5 R - 4 TR 2T 4 20— B [
Pi: 5 ES (information bottleneck) [20, 4, B, ], BeMIRE AMTXHES RS (e
JE) FYREJTRUIR, AR BT RERERL B K

Rz AL RE ) 0 doc e — o BE Je U iR/ M. IR MEZRIE R A TR, IZ AL RE JJ 5 A
BB AT REMEAG 1 AR FLSCBRSE Pl B S A0 KUK, PRI S 7 D F0 7 A 0 R SRR 1) 190
BU, IFEEHI T A A . R —FMRIMR B AT 2R RO AR, (ELREE SRR HE
ML T AT (LB T RAC TR T35

5.2 The Trade-off Between Architecture and Weights in CNN

TEBRMZ M2 T, gy R fe EDULAY 4 Rt oy R A M A . 5B il
I HIARRHREHT Y T AR

Lottery Ticket Hypothesis(LTH)[13] K& & 3% B Fak R AR L5 ML B kL (B BRR AR B S 40
WD E] 10%-20%) 1)l =] AR B AN/ 45, R 28 [RIRE 4 i A X n] ATEPEREAS
?TB&E‘J‘%RTE‘TJ%E@UII%%&X/I\/J\IW%, {EIZBEVLRI IR LA BERFAX 1 I 26 1) 25 3] [R] A 1)
HE .

1M o5 —TAE (18] o, AKX T By AR UL, BYALSE 2 e AL AT DA REAILW) 465 AL T
AN IR BRI —f% fine-tuning LG [FIRE (S 24 LEEDLELF) WORGRENT, BT DAXS T-45H4
AT AR 15 B B B DY R e A5 2 1) 19 288 AL i A
PA b TAE R [A—4F ICLR2019 T4, i H LTH 32 44E1 best paper. SR P e S0 i
KRG T BRI T IS 2T RS B A% v 8 Sk I i/ VLA I ) IS 7R AN 75 2L 2 2 2R i)
A E (winning ticket)? i ffl winning ticket 2| JiISAH L BEHL R UG A WA T
Huix ™m0 (17, 15] £45REA EiE. fFHATAEYT, winning ticket A~—EF
AL 2% (4], train from scratch ANFFEf ] winning tickets fSZIR T PAS %
[l
5.3 Do We really Need Sparse Convolution in CNN?
— AR, FEETRA =R -

1. Yigfﬂﬁﬂﬁi?ﬂﬂﬁﬁﬁ%fﬂ@, FARB AR BTG IRIAL, WA G IE R HCRE (7]

PAH;

2. HurEMm GPU Sl 2 sebR iy, w0 SO BB R TR SRR

3. LASSO ZRMigiilghZ TS HEWAT, M LASSO YIZhA B2 Ly midig ;
FrAEES R BRAR S . IR L . RS BES VPt , SRR R RB SIS, FIE
F| CNN Bl i, HWE Iy A RS R &

SRR Fe 3l 1) 3 B Intel 19— TAERHEH T : SLIDE(Sub-LInearDeep learning Engine) (6],
HTERBMED.IIR. FHIEHIE —NE XA CPU £T OpenMP FHATHERI ] S5
¥, AT AR F TN R B R B 2 ) 28 1) dpe T A4 NVIDIA-V100, HOR.C il i il
mﬁﬁﬁu%&'ﬁﬁﬁﬁﬁﬁﬁ%fﬁﬁﬁ%?ﬁmE‘J?ﬂéo EUNZRITR] L, FRATHE AT R g 43
FHELE B oA RS TF-GPU |y 3.5 %, 1 TF-CPU 4 10 £, 5 FORAYD IR
SLIDE ¥ g2t $E4F1 )2 . SLIDE FEREHL A% U B A4 405 TR A AR s . wit
SLIDE W43 SC Bk ER AW 1, Bl TR s, @ME A 5.

130ccam’s Razor: XANEIFRY “UNTCLAEL, 7)M4seik”, B “faj By Rk,
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Figure 1: Architecture: The central module of SLIDE is Network. The network is composed
of few-layer modules. Each layer module is composed of neurons and a few hash tables into
which the neuron ids are hashed. Each neuron module has multiple arrays of batch size
length: 1) a binary array suggesting whether this neuron is active for each input in the
batch 2) activation for each input in the batch 3) accumulated gradients for each input in
the batch. 4) The connection weights to the previous layer. The last array has a length
equal to the number of neurons in the previous layer.
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