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Comput talmnal Sustainability: Computing for a
Better World and a Sustainable Future

Yolanda Gil FEHNB EEBEN S E:
1. Knowledge technologies are increasingly important

2. Al offers systematic, correct, unbiased
approaches and rigorous reporting y

3. Al will excel at assembling fragmented knowledge
about complex systems and pursue interdisciplinary
frontiers =!

4. Thoughtful AI will exploit knowledge
technologies for effective human-Al
partnerships
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Tackling Complex Phenomena

: : # i large number of community
single-authorship co-authorship %o-authors as author

Evolution of the scientific enterprise from [Barabasi, 2005] extended with the
ATLAS Detector Project at the Large Hadron Collider [The ATLAS Collaboration, 2012].
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Scientific Data Analysis: The Case of Proteomics
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Thoughtful Artificial Intelligence Systems
[Gil DSJ’17]

Rationality principle: knowledge to behavior
Context principle: purpose and significance
Initiative principle: self-driven learning
Network principle: seek more resources
Articulation principle: respond + ask

Ethical principle: uncertainty + unknowns

e B = AN T A

Systems principle: compositionality
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MITER, BAETE 2014 FBE ICML EFE,

ERER, MRSETBOEVFENARIE, FARENNT B -—EXTNHEEINERECNAAR, M
MFFINMUEE, SEMRRE. . RERY, RICIMR, WET -ENSFINERER, K
HLhfe, NMATATERESE.

TEHNYALRISZENSF S EEEREFANT A, U TEEREREEZENMRIREAS.

—. NBFFIEEZH 2889 How about a blueprint of ML

RETEZ], Al ELWBTRARZESTER, MEMRRA. AB4EK. ITEEMZE. BEFRE, BZERS
F%, WE 1 Fim. AMINNBZIFTFRSNVIE, REZEBHTHARNEZES, MIIRA T SRMEWN
KRR, E 2 Fim. AMIBEIFTELNIERENIE, HEFEFRZBFESBLIMRINACE, BRES
RHBOOEFTERENZNIRE, U, ¥TFHRFIMREMS, BEBEENRRELRK, BEHIFIEE
FIME, BHEERENTE,

The universe of problems ML/AIl is trying to solve
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The Zoo of ML/Al Models

« Neural networks + Kernel machines
Convolutional networks Radial Basis Function Networks
AlexNet, GoogleNet, ResNet Gaussian processes
Recurrent networks, LSTM Deep kernel learning
Transformers Maximum margin
BERT, GPT2 SVMs

+ Graphical models » Decision trees
Bayesian networks « PCA, Probabilistic PCA, Kernel
Markov Random fields PCA, ICA
Topic models, LDA » Boosting
HMM, CRF

Petuum” o

2 BIAREEIER

MIERERETAZRFEENE-EZBLHITSM, WES. ERAINRE—EXTISFINRITER,
BEARNEERERLANELIERENEE, ETL, REL T —TERENR, ZXREa3T™0E, W
B 3fm: —TERMEARE, BAEARNFREER —DERRERY, MENEFTEZIFEANE, FTERRIHE
RZRMRHITRE B—TEMNA=s. FEARE-LEHBNEETIRECEASH —TSEIEER, NBTH
EEGH, MM RhEeE FRREXTIE,

How about a blueprint of ML

e Loss
Optimization solver

Model architecture

Theory
ming L(6)
[ v “4
Optimization Model
solver architecture

3: Hlge¥ ) EEAR

Z. MBFIRENRX: The standard equation

RARIBIEXIHIRE TIEAR, ME 4R B—TARNEXT —MREKRY, HETERDEAENS
ZENEEBEITE, AEFE—TYUREFGHESBIENANMIENZE, ZEEIMBTFENINSHEEAEE
MIRHIZESE RN DRERE., ERMEAREZEAXNEAZ MTANNEN, IUBIZARNES 31MH
D, B—PEORER, BFEIROEMNC. BEFGASEITEMNS ZTEHoEDIEM, X EET—
DNGFRINE, BGENMZEZENEEER, B—MRESEEIM, S—MRESEEE, 2ARERE
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JEEZN, RE—TRSARER, ZINEAN B CHINRFEAHEN, EE=822—MEIAE, AR
MYBEEXIMRFREELR, FEZAR, FEBEmEARNU— M REENATHT T ENAMNEETE.

The standard equation

=;.'Eiﬂu ab (q(x.y). pa(x,y)) - fH(q) + £

5.t. —Eqgey) If'(x.y) ] <t
Equivalently:
Tian = Eq(xy) [ flx .y)] + ul)(qr(x. y), p.;,(x,y}) — fH(gq)

3 terms: Experiences Divergence Uncertainty
(exogenous regularizations) (fitness) (self-regularization)
e.g., data examples, rules e.g., KL e.g., Shannon entropy
[ ]
Textbook Teacher Y& Student Q Uncertainty
petm' flx.yl.) qlx,y) pe(x.y) *
ATEAT

=. ETREARNTH—EN[REIFTENA

BR, ARSI TEMEANEM EXHNBEXEE, TEPREMNFS], BRFES . WNFES, REFE
—TIFERANEIERFEENFS, EEARNT, ESNFEIE-—EMNLNNER, BEMEMAIR
BAARNK?), REFEENEXXEHERBNZINRE. WE 5a) AR —TXERE, WHETEENT
AR, A—LHEED, RREELIER ﬁﬁ ERNATHEN, FEEILTNERE. B 5(b) Higiaz
S, ERERTAVELRERNERES. BBFINERTEE, K%Eﬂ% FEFRE, RIEREREZRIEMN
TERBRE, BLLEMRERRN, ERFEMNRENEXRRRBNRERBNXR, EENFIHED
KRLFFERTHNNES, WI&)Wm,@EEWEQKTMLW,bi%ﬂ%ﬁ%?ﬁ@@,ﬁfﬁm
R, BREAEEMSERNNA,

Active learning under SE

r;ali‘p—laqu_,,[ fx,y) ]+uKL( q(x.3) ||pe(x.3) )—ﬁH(q)

f = [s5(x,y | Oracle) + u(x) a=¢€p=1(>0)
&’ ' . s
fs(x.y | Oracle) = { T e Qrcale(x) FNEROSRT MOy Ol
—w  otherwise e.g., entropy H(p(y|x))

Equivalent to:

* Draw a data point x according to exp{u(x)/t}

+ Get label y for x from the oracle

+ Maximize data likelihood on (x,y) FEAIt + A) lg
Petuum” v N

5(a) : ENF
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Reinforcement learning (RL) under SE - Il

min = Eq(ry) [ fx,y) l + aKL (q(x.y) [|Pa (x)ps(ylxj — fH(q)

o X —states, y—actiona
o pq(x) — state distribution
o Q(x,y) — cumulative reward (state-action value func.)

* Map to RL
language

« Palicy gradient flx,y) :=log Q(x,y) a=18=0

E-step q(x.y) = pa(x)ps(¥|x)Q(x.¥) / Z

M-step
Balu][VEIOS pe¥Ix)]1=1/Z - Epulx)imwm[ Q(x.y) Vglog pe (¥|x) ] (importance sampling est.)
- llz : vb‘Epd(x)pmylxll Q(x-.\f) ] (Log-derivative Irick)
Petuum” 4

5(b): 1E3EHS]

Adversarial learning under SE

+ For notation simplicity, we use x to replace (x,y)

mip — Eqeo | £ |+ oD (). o ) ) - 1)
o Same as supervised MLE: f == f5(x | D), a=¢, =1
* M-stepisto myin (p(,(x). Po (x))
« Solve with probability functional descent (PFD) [Chueta )
pe(x) can be optimized by minimizing E,, I q"l’an (x)], where lIJ;,y,,(x) is the

influence function for D at pgo

¥, (x) is obtained with convex duality
Convex conjugate D* (i)

Wy, (x) = argmaxy, Ep, [(x)] — D*(¥) Applroximale bs_f parameterizing
Petuum” Y with an NN €, ;<

5(c): WHRFS)

RS LR ZERMEANNE AR F. WE 6 PR, BEHIET 7. EMMR. ORENZES) . FFHOIK
. MRFEE, AR EMNEZMNEARNIEM, RREZENEXUARERRBOFIRSH—ENER.

More algorithms recovered by SE

« Data augmentation / re-weighting / RAML
= Unified EM (UEM) / Constraint-driven learning (CoDL)
« Curiosity-driven RL
+» Knowledge distillation
RAML knowledge
re-weighting e distillation

active learning '
] 1GANs

MLE augment ' RLa

Petuum” —  SE e = 4

6: ETIREANNEEZEN
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RATMAKRBRZSENNBUNE 7 iR, AAEKBSNEETEEEL N —HEARSNBERKITE,
BEBINLE, AREAEHEALLEBIZAT, GHE TRRATURHE—TRITHATFENRESR, BT8RN
Bk, BRIMAKRBSNEEETERROERE. ONEEREARE. BREAENNUREE T RERARE.,

The zoo of optimization solvers

mip - Eqce | £0x.2) | + oD (4.9, p0 (x.) - £H@)

Optimization of the loss, subject to g € P, -
Convex to g when o, > 0

« Like the Standard Equation as a master loss for many paradigms, is there a
master solver for optimization of loss?
No (yet) such a general algorithm
Probability functional descent (PFD) [Chu et al., 2019] gives a neat formulation of
GAN-like optimization and a few others

Petuum” . o

7 KR ERES

LI =ik )

NBEFIEERNRE—E D RN, RIURMEIZEE=T52, D3IZHEMERIT. BERLIZITI
RAAMZME, INTEMR, E8(a) BR&MEMEANMED 2B EHIKR, wiE. BIEE. RAREZRINE
1T # N\ FFNetwork. RNN. Transformer. WordEmbeder. PositionEmbeder 54 D £ 25, RIDMBIEHRLE,
BN A—MIERE RN AVRMIIHETAE: B 8(b) hEGIRILRIT, AMTBA TR IR/ ARG EE
RIEEY,  [E 8(c) ZALBEMBEREMENLE, ENSERMEMENEGNLE, FHRSEGHEZETE
1%, FER—1DZRAEEZ BN E5E,

Model architecture

« Relatively well explored:
Neural network design Neural network components

\

[ FFNetwork | (Transtormer | | WordEmbader || Posttonémbecer |

I
Multi-haad Attention

8(a): MENZAESD
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Model architecture

+ Relatively well explored:

Graphical model design

o N o O—0—O , >34
6 T34 Y %N
e B My GRAPHS Gt v tend Mty
o N Ow0=O N Oxf
1Y Jp—4 é) é) <E !"..;"é o e @
T ol N

[Courtesy: Sutton & McCallum, 2010] ' g
8(b): EGERIZIT

Model architecture

« Relatively well explored:

Compositional architectures

%Ci m—r‘zj ﬁ
EE0EE

#E(AIt + A)

Petuur E refers to encoder, D to decoder, C to Classifier, A to attention, Prior to prior distribution, and M to memory g

& 8(c): #HAUZRH

A, WSR2 BELSRR

GE, WE9MR, MRFIEREEERE 4 T8H0 BRERE, ANKEMRINIIEAR, BEXER
WZOED: BEREE EMEARNEMENBERMAEE BETERNE B—1T2EERNE A7
ME=m, BEEREXEL, M7 AXNMMERNNGEZIEERS. MERIKRE, XTEERTREZEENRZ
BIR—LERHAEE, EBRMFERE, NBEFITREIMZITRANTHANE, DX PAVABRKRER. o
%, MBRESNIBRNEE.
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Summary: a blueprint of ML

o Loss

Standard equation i = Eqxy) [ f(x -)’J] +aD (4(1- ¥). pg (%, J’)) - fH(q)
= Algorithm

For SE: alternating optimization over q, 8

PFD gives a neat formulation for some cases (e.g., GANs)

+« Model architecture

Theory .

9 Hles% S BRESHA

%iE

TR EIMAXH R T HER% S EEIEZRAEW, PR EIFERAMEIAVER T2 INEERY, 1E3A)
BINRBRIRHINREBAF RSP AR A SRS S BTN, FPUHELE. RELTETRELH, KA
SRR DA R FBRVZEIE
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@ LI KZE John Wright: JUASR RMNIRFEIECAEKRIRERH
W 3

BIE: gt S8

John Wright ZXAQE I FHE (Geometry and Symmetry in (some!l) nonconvex problems) (JL{al% K& XI#R
PHEIEAA R .

John Wright, SHMELEWAZBSTRARIHIE, tTF 2009 £ 10 ARBFAIEFAZEED IR (University of
lllinois at Urbana Champaign) BB TEE L2, HF 2009-2011 FEMPARIR LIE, MHUARTUEE
SHEBIEDIT. &, John Wright AR EERIEF &R MASTENIRIAAINDN PR 2 IR E B ESRTNE
%, FHBENBFRGMARIRERE, thi) TERIS TIFZRIMAERE, 81F 2009 FRAETAKIRAIA
B TEMRSERIBFMEE/RFFOIFIE. 2009 F UIUC BTHREMBHARE. 2008-2010 FEHERH
REZEMURK 2012 F/RIFRELE,

AR AE, John Wright IEEFTASHLIEREON TR, FEENATAREESMEE, NEGEMNIRE
. NRMXNRIRA ., ETERESHEMEERIER TS (REIAN) ITR THEERMRIFNSE, HEX
L EH A ERIERIIERR

ARAEE, John Wright HEAIDZET MERPMEESHRERER. EREMNBIFRET 2, BEHZRE.
BRBREA. RXF. FSHEE, thESZPRE, MBETIROMANSE E—ERXGT, JEERE
SSHRRESIME HNXERE RN SBANMME, XIS MREELRR SR LI EREEZOER.

E;

1: John Wright

—. BERERRIEDML

BIES4E (BsP) ZERIESMIERENNFIHIRAZ—, EEARENEREMNIFSZLENNAES. Bss
HNEMEERETAHROXTRESTIESAIRMEIRT, M—HES N ESHMERKRNGES. £ER
IPERERRYIER T, WNEIRESNIZRRESTEENSR, NEREBESHTEDBEEMRNERER.
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N LBEFRRERERE? BIIFBMENBFEX EANF. TIHR y=a,"x,, HEF o, BIEES, x HERK
MWHRES, BETENARNEAR, BNAMERGEEMT LI T —TIFEEMNER, Hdy HRHE
B, a, NEMIZ, xo NENBMEIG, AT ESEMENEM, EHHITEERRBAIERER. THEEL, W
KBNS y FHE ao Mxo, BLAZEBEREZHBLI, AL, AHEZH, BEFBERN—LLORFHEE
EHIENE— TS AR, MMERFINMEREREMIERX.

John Wright )X D ZEMAREZHEENRN: a BRI SE AL x, @REMSEM, /2P Short-and-Sparse—
Deconvolution (SaS), SaSREBIAETFZNAF, —RNAP RITEHIBEPIHEMNER EEEEMN
BEPIHH—AMBRIZIIBEENEMRES), X MEREA—AS B IS ERIZ MR RN ERIMNRR 5K
MERG, EPNRINESEREENEMETTHKERN, ZXEEAXTHENZTHEERRE, £l
ENARMHARFTENBFENBEEGEEETREENERRE, SaS REMRWBS—MEENAHEEGEEM.,
BE, BMAZESTERGA)N B B\, EEBARGEREMS, BEREETEGEBENR OGN, H
ILEERHRSE. ERZEGEEMT, FINERSCEMNMIRYIESR 1 h, ENEGEEERNN, THRES
BN RN, XN SET SaS AR, SaS RER M4t BT TRNTZHMME, FlaE
EFNENE, FEIRPNENRIEGBOYIE,

PRERENMESH T KRS REREENEANME. MRERERNERREEZDEIRIFOMML. RER
AR AP B LM RN (ML/MAP, VB %) SH, eI MBERMMNERFSE., FlI, EEGE
BRHP, NiZa AIUERANIEBRESRAT L, XESMMNERREZREARN, EEMUTEFERDR B4
BLEREROBARAANRAATERR/IME N TRIERZ a=0), ENMRBRHXTEASINER. BRX
N ERRRYSET 3 0A B AR AN EBR e R BT IS M E 2 REM A HTIEL, NBRAREEMNKRK

2E&IME.

B2 T, HFX MAP 1 VB F55ERFARELER, ¥ #3IXA Unit Frobenius norm SRAAE o (92938, MRl 2i%
EERARESHERE L, ITEREFEVEFESRLERFNA, (EWEME, EXENAR, WiZa I UBEREL
SFEGEBH, FTURIK « 2IEMH, FEMEBNABERE, KEYURBFELIKEA,

John Wright e hEA] 2 ZMENNKEARFERE RERO/LEMER, EERE THETIFONANEREE
RS BEOS M IR E BiZ « IRHES ». X—BEfnEHA LANA TEZEMBRLUED ) BNy, HEXLE
N, 55 x FAEEMNOERGE, ERBEINNERREEREFNMIERN.

RENAMA T REXT SaS [BATMNEATF. BLEZT, BEBBEEAQURNTAMINNEICEY
WD, John Wright FEXELFEM T RZ T, R« 2%, x ERABILSISIER THITEERT, 83
SHRL (RRMN) ZORIEICHOTNASOEESIIIER, THEXERRNBERT, FMRENEEEBIERIL
ME—T, RELERRTHREARBRERSRN—TEZN/LEMER: REQDBEDARIFOHN, EESTHEE
WVE a IFERETEERK o, WBRFSBUEY, X—URERNKEORNCEARRERERREHRT 1
JLEIfRRE

John Wright 123, XD ZENETIFOAANEE, ROBERE LR/NEEMEE o, ERNMHTTIER
bilinear lasso, John Wright 31X MIZH RN ENF AL MM AR, RIHRIR o) HERRE, Bau
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B{FH bilinear lasso FE#HTHMNA, BABUWFRAR:

Bilinear Lasso. Our starting point is the (natural) formulation

: 2
min §laxx —y|;+ A|z|, st [a],=1 (2.1)
4T Data Fidelity Sparsity

We term this optimization problem the Bilinear Lasso, for its resemblance to the Lasso estimator in statistics.
Indeed, letting

Prasol@) = min {1 lla 2 — yll} + Az, | (22)
denote the optimal Lasso cost, we see that (2.1) simply optimizes j,ss, With respect to a:

min Prasse(a) st |lal, = 1. (2.3)
a

2: FFRBRIK

FEE 2589 (2.1)-(2.3) 1, AR a BF 12588, XPORTHET o M x ZBOREEME, 1t YRR
EEREXMITEEERAREBIIN: NR « WARFBLF, B@ELUHERRIME. BR, KRORANNBER
IMEBEI N TEARESLE o, OB ERSAIERT) .

bilinear lasso AN A BIMRME ZNABTEGERM, EMRNIREP, FARNRERRERNLAEN
BHE T RATENRZNLE, 5328 ANZIMHARSNEE T NMEFESSNEN, EEGEREH,
BEERNEEFAR @=07// o/ 1=1) ARBENYIREMBEARTE, SARTNE, EAFARNKRER
AFRNNEBRIMVE, ERXTRIMELMERNZZE—TRIE, MAZEEMEMZ.

Wi, BIAGR 12 EMENABT o, AURIXMEROREGE T BEAIENEE, URKELEHXET ¢ 89
JUEMERR, WEBRT 7 x, B —TAFEIRBBERIRT, ¢ 8PS BEIRIMEEIRE a O SBERT, BT
ANEERBAENERRE ET 14 &KMN), BHIARIERTAREANE—XE L, S1MEHRMEREE
F o, WEIIERSAIR, B sla] MEO, John Wright AR OMA RIS LLAERIEM, AT, TEERNRBW
FFETRIZ T, John Wright IZ2HEHIEIERSET a MIIAXTEE x, WERBHREER.

John Wright AR T fth K HEI AR IZTURIRA AR
1) BRALE
NTEMTE o) R, BNETEE 2 PATMKRHOETRBIERLTE o BXEMISN—12%

I, 9NE 3, BIA p(a) ROREIE, Heh:

o EWRRRERTE 0, £ 25ROA;
» EAFEEE o, WEBEIXI 5 [a] B —1FEMR/ME;
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-
V(a)

O

BgE .Sg ao])ﬁSp 1

Figure 3: Geometry of ¢, near a shift of ag.
Bottom: a portion of the sphere S* ', colored
according to ¢,. Top: ¢, visualized as height.
, is strongly convex in this region, and it
has a minimizer very close to s;[ag].

B 3: p(a) WEMERAEBMRERE

2) RBALILY
BRE, BATE s,[ao] M s,[ag] T AREMIERI SIS IEMTIT PIALL EARERE o(a), EAGHAMIR, F(IEKE
Sp_1 M&MF=ENRRMITLEH o(a) RELEF=E,

5{21,62} ‘Pp(a)

8{51,52} nse-t
Figure 4: Geometry of ¢, near the span Sy, ., of two shifts of ao. Left: each pair of shifts s,, [ao],
st [@o] defines a linear subspace Sy, ¢,} of RP. Center/right: every local minimum of ¢, near Sy, ¢,}

(red line) is close to either s¢, [@o] or s¢, [ao]; there is a negative curvature in the middle of s, [ao], s¢, [ao],
and ¢, is convex in direction away from Se, ¢,.

& 4: p(a) BIBEIRRBINBAIREE
B, FATMRE:

* EETRBAL sla,] BB —TBERVES

o« XER s, MIEE—E BRI, S50, ERRE o EED s, [a, |+ a5, [a,] BOEILE 5, 2THR
HiZR, HANE o, M a, 2FER, B la|~la));
o I ¢ FEIRBF =8 5, , U5 E) LB/ RIEFZER;
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3) ZBAL/LE
&a, BIESBAUE LIMERRE ¢ (978, T

Ster,23 NSP

Figure 4: Geometry of ¢, near the span Sy, 4, of two shifts of ao. Left: each pair of shifts s, [ao],
su,[ao] defines a linear subspace Sy, ¢,1 of R?. Center/right: every local minimum of ¢, near Sy, ¢,}
(red line) is close to either s¢, [ao] or s¢, [ao); there is a negative curvature in the middle of s¢, [ao], s¢, [ao],
and ¢, is convex in direction away from Sy, ¢,.

IRl

5: p(a) WERRBZBARE

B, EETAENSBUNEE—TREHR. EUBHARRTEEMT, BRI MWaMR, Rit, HE—
MBI IMERAL BN S,

4) FEEFFELE
ERRP, XEMRES T FTELBRFRE, XEFTEEET LB a. LML, TSN FEEXL
MF = EH e LIRREER,

SIE 6, RIXF=I8 c RHES « R3INBN sfa] WEMEEM, BARLEIFIERE, ERRRSHER
T, o(a) REFE « RAKKEWD S, BT ERE RBRIBEHRIVME, HIA0 [[<46p,. HBREXLEF=REAGH—T
JUENS, EXFZERIHFE:

Figure 6: Geometry of o, over the union of subspaces X,p,,. Left: schematic representation of the
union of subspaces X4gp,. For each set 7 of at most 46po shifts, we have a subspace S-. Right: ¢, has
good geometry near this union of subspaces.

& 6: p(a) WEMRBFZBHE/VETREE
©27e



6) e TZANTEE. HEM:

o TE Zuop M1, FREBEMRIVEEEN SUBHIT.
* ¢ BETEILE Yuop, UEA A LB,

John Wright fR#E_ EIRROI N LEER, SERER: EMTXBRIRT, LARNRERPEINERR T EAN
SR

£—, WHRE 0 BB/ WEXNT p, OBAET 1)
B, EESKE BB

. M EERIBER

o B BEBEMEBEMEESE o, 95 T SBAMMLEERORE, John Wright 2 T — 4 A1%
WRE ST o, ORI, EE—NE, EERE LG SBABNERE T—NEMZBOME Tk
WFLHE(E, SARERNT

Algorithm 1 Nonconvex Sparse Blind Deconvolution

Ensure: Observation data y, regularization parameter Ay and Ay, continuation parameter 5 > 1
1: Solve a'” = arg min ¢, (a) on §*~! with random initialization
2:
3: Set \; = )\, zero pad @ to aM) and a'V) € SF' =1 (K > k).
4: while A\, > A,,;, do
Solve a**1) = arg min ¢, (@) on S¥'~1 with initialization a(*).

5
6:
7: A1 = A/
8:
9

end while

70 VR E REREA

&/, John Wright H3AIRT T BIATES AR BSL IR LaIIEEE.,

» JCIRAHE:
BT EIRE B m=256x256 BIFIRE VNS S an € Sk—1 xn 2 n=1 n=1 A/\J k BEIMZS BB RLEF) D R RELE
EESZENER,

BHAEE 8(a) WABEH T RERZAN Kk HIFRHRENARMEIRE, BLNESTRE 20 MRIDVEENT
YE. ZEFEEEXERIHE, BRIeXgTRRN, £AeXsE, EARZK, BEARBNEESE
. AHENSTMNEXENTARAGESZ, EZXER, RENEFRS T AREN MR,

. IRFELUE:
A m EREAURUBIREIR A 4 (vm=0.14) MEIERGHTER, HEMBHRE, FRWL T REEETRRGRE
0 IRETE T RO AL, BRUE D) Fim: EHRRRMORNIERT, HEETNTESNE, FHBHS
BEBREM,

0220



(b)), S S

Truth Kernel A,

Normalized Kernel Size
Recovery Error £

SNR =0.792
SNR =1.584
Noise Free

— T T

111 1 1 1 L1l 1 1 1 Ll
3 2 1 £ w03 1072 . 107!
10 10 10 Kernel Concentration 8

Kernel Concentration 8

& 8: A HIETM
s BHREIEDN

BIZEEN BT M NaFeCoAs SRISHISLIN B RREIE. B 1EE 9 FERNERRKN, MisLNERRERE
FRBE1E B Mg IR ERVERR AT, IXLEREGRAS T TAE-R BB FROYDIERIGTI AL,

& 9:STM #iEH

MEZR: BEHER, REER%Z @REERER), URel&ENELTREERR.

o EGEER

EERGEEMEESE DINNZEE, BIRBRNESR%, H7TREXD BARNREHENRREMZRE,
N = ERMEGHT 7L () ARCEGIEMZEREMNSNERER: () £T#0EERMEGTM
ABEREFANIRBERMER (SR =100); MR (i) EABENAEHENESEMES, BFB UK
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AL, BMZETAERRENRBAL, WIREREMXABERT 7 ITE., RMERZERIRDHAE 10 iR,

Kernel Recovery (synthetic) Kernel Recovery (noisy) Kernel Recovery (real)

o :4
fos g0s
@ @
g Q
S04 S 04
@ @
—-Ours 03 —Ours 03 —Ours
====Zhang 02t =eemZhang 02 =—==-Zhang
Krishnan Krishnan Krishnan
= =Sun 01t = =Sun 0.1 — =Sun
ol } . Liu Liu o ’ . Liu
005 007 009 011 013 015 017 0.1% 021 005 007 008 0. || 013 015 017 0419 021 007 008 041 013 015 047 0418 021 023
Error Error Error

10: BG EREURE DT
MERL () B () M2 () REEGRIRENRIIZIREZEN RIS

%%Ei ZEEN X KEGHERFNERZIRERR, BNERMEGNSNENHE, THENELHE
B, XARERAT () ZHEETNERZERG EAZFR—HN, () FEREREENHEAREGRERN
EED ?ﬁ X IRE RBIRLBIEE A KEUR.

=. 4iE
AUECHEE, John Wright EERBEANDZNAER: SR ECYRAL Frobenius SEEIEY SBD RO KRN E
BIVEMR, EXFERT, John Wright RIFIENEHR/MENRZR MM, AEMEX L, BEIMIBITEER
BN SBAIER., ETX—IAIR, John Wright 21 7 — MMM ERNEZ, FBRETEEERFIESRIK

SELAE,

X E)RUS R T ERILEEEDHT SBD [alEESFrEImAIkEL . X TREEEEIIRMEACR, EUNETETX
RELAFIRE RN FBIE/E . John Wright 15, SBD ARAIS3XIFRIEIEST IX N a) LB R I EE MR .

&/a, John Wright B R T HESZLRER, EXBEHRIMENZIBRZFTERFHFE SR, HEBEY
PR E B ATHIMEN, BRERMBREIRFHPES R, AW, ZE0 0 EICIERERTE, iR,
ﬁ%ﬁ‘—‘iﬁ_ﬂ’ﬁﬁTLﬂl‘_’fﬁ?ﬁ)\Eﬁm, FEBITBOEAERETRAINEZ DA%, BEMPLRBENRZE
RJIIRER, XP]ReE T S B R LAY RIR.

ARFENES, BEHNEZBINSINANIBEZDHRIBBANVEIRE, BELBEIZRE () ESETEE
BERERNBOHRIREEE—E: () BEUURE—MEZENERENREERENHRIREERE.

SEXM

[1] David Wipf and Haichao Zhang. Revisiting bayesian blind deconvolution. arXiv preprint: 1305.2362, 2013.

[2] Haichao Zhang, David Wipf, and Yanning Zhang. Multi-image blind deblurring using a coupled adaptive
sparse prior. IEEE Conference on Computer Vision and Pattern Recognition (CVPR), January 2013.
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@ tRRFHEMER: BETEINRAEE
B R ARE

AEZRIEREREAR “NEFES" TRCIEH, ERAZESRZRAZRMERBIZM T AR (Learning
based Optimization) #IIRE ., #MERE IAPR/IEEE Fellow, FEEREFEZZENBAREZSEE, RKE
REARREREEEESEE), L7 2015 F ImageNet AMEMHIRFIEE (LSVRO) 1529 ETE LFKER
Z, MNEERARHEINEZS . BRXIRF. TENAE. BSRGE. BERTLSE,

AERER, MEREEHRTETZINMNAEEZLAHRE, MREBGER. FERERFSELNNA;
IANAERRNECEEZNEMR ESINZEING, BENRGEERUFRIEZRS. N TEERHXREEE
IMEREHRNBTER.

NP8 Rt X REEENMEREIANTER.

—. fiftRENERE

RETAR, FEERMLATED, WTARKRENER, BRXEGANEREFETR, REREHRHATR
B, ERITICWM, BEEREN TR —ERFEN. B, XFIZNABAERREZEE BT S
ETREMEISETE (edrD), eI TREERE FRNEE.

* Optimization problems all have complexity lower bounds if solved in
traditional ways (some are still unknown)

Non-strongly Convex Strongly Convex
Methods Lot b -
Non-Acc Accelerated Non-Ace Accelerated

(ar(ib) [87]] O (L) | © VI) O(Liwogl) | o(/Eoel)

FI, T Method | Individually Convex Individually Nonconvex
(20-20) [871] O(L) | o /L O(Liogl O(/Llogl 3 3
o ' v (Fleet) | o(y/irtoes) SGD o (22) noi o (22) nony
VR o] (n—»—%) o rw-r—ﬁ—)
GeoD [9] not given not given (o] (% log l) o] (\rE log %) [18]-20]. [24] 1961, [97]
g < £ = 4 JaL 3 3/4 L
PEP [11] o(L) o \/% not given nol given VR+Momentum < (" FVou &y ’.I /"—)
. . - : [26]. [29]. [31]. [90]. [100] [901. [93]. [99]
Lower Bound o V“g) [¢) (\/—,Tvlng 1) I Lower Bound | O (n + /TL) 134] I o (n. + ..“‘"’th—;) [102] ]
. R . [
Complexity comparisons between different accelerated Complexity comparisons between different variation
deterministic gradient methods and their non- . ; i .
g] d reduction (VR) based accelerated stochastic gradient
AECETeRR S RIS o, methods and the plain SGD.

B 1 MeEnearERETR

Ga-3d 41| O(L) | O

not given not given

RPFIMNEHERENTRERRNT —L2HSH, FINERREBER Lipschitz RE L. BRREHAIERN
M (strong convexity) Z81%. ERER, (NERX2BZHRTEAMNATLRINGOBOAR, TTERMEBEBY
MEMRER, B, MRNEEEDNEFIERMITIAEBIREUTE

MERSE T EZMAAEERSENL AR, BREMNHERRSNEN, YREZIFAREA, DT
BIEOEE, XEEFHESHELNRWEERANER: HREMAEEZFTNSLEE, EMEEHEREE
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MNEE, EERAENSHESERAENWRE. Fa], XNERONEREE TEEE, WTNEMR, SEBrIE
RETRE, 2SRUSNRERFEOW/F)FOoW/KHNER,

Yi = Xk + Br(Xk — Xk—1),

Xk+1 = Yk — %Vf(yg,). O(lf\k) vs. O(1/k%)

2 JNEEE T EEAEMINSIEIS L

RE—TEMEERSENEREEENFL ., YT TEMREMENER (Elastic Net problem), #5%R A%
BEHRER, FEBXEABEFE (Alternating Direction of Method of Multipliers, ADMM) 3Kf#, MIEUL
SURE NN OU/K), 2IRE&M (sublinear) B9, [BAIR A BB ZIREIEM R (Restricted Isometric Property),
WTEFR, A DIEBRRSORE 24 MM,

1
min [[x]); + —[|x|2, s.t. Ax=b
X 20

(Restricted Isometric Property) There exists §; € [0,1) such that
sublinear vs. linear
(1= o) [Ix]1* < [|Ax|* < (14 dx)]x]*

3 S o) RRUS KR XS EE

ELRO=TEZRF, BTAARNOEZEARENDN, PANTEERIANEN, BRI UMNBIMITEER
AF, BUERSH. ZRESETWEERFE, HEEF S A UREFHSE M AN KEODBRNTRE. XthE
ET2INMATENRR N,

—. BETRINMMAEE: #Hik

MEREBERRTETEINMANTIERE. tiln, URNEEENELER D SEEER, BLAEHMATIU
MABTZINMAEE, BETEINACEEABTEENEE BENZFINATEEERNECHE—
L3, METEINMAEEBELAREERHBLE, UBIFINEEEA.

EETEINRAABEZREFENEX, WTEMR, £ 0XTAERAIMHLEER, ZMFEENEZEI TN
MIEQSBHNEERAEEATEN. AEXIMEA THOIERER, BHHLFE—LINEME, WTEDN
THEAR, BERAFEIE LSTM EIHE TR, B LARTFERMARIN 7 REH g, REAFEER, RENH
HITOM, PALUSKBIRIE EMRIE, RE-LIFEHRENES (IR ERERG T —L20ENMIN,
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* In a general sense, some parts of the optimization algorithm are data

dependent
Existing Paradigms
0. Learn optimization 1. Use learnable parameters in 2. Use machine learning
algorithms the traditional algorithms algorithms to predict solutions
no theoretical guarantee Can use algorithms in
only work for simple tdsks paradigms 1 & 3

* Learning gradient descent:
* By RL [Li and Malik, ICLR 2017] Axpy1 = 7(f, {Xi}le)
* By LSTM [Andrychowicz et al. NIPS 2016] Xip1 = Xp + g1 (VF(x1),8)

4: BETEINMABEEN=AER

1 XMFTCAREERBEPERETEZINMALE, IR EXMATTCAZR T MANELRER, XF
BT —E2L, RNARTUBERES. £ 2 XMRCAZEMRNGEZEIBRRNE ., MRS EIRLE
ReF, WiEz, SR, XMBBNEERRONAERSR, BT LLUIENER, FEILDAR ARIEWS.
RERIINEER ARE S 0 M58 1 5EXNFR73E. (PPT 174 typo)

BT, MERYEHMASEIVE T IFAER, ANETEIM ML ONMRIE.

= EFRINMAEE: B1EX

BAES 18 AEREEPERUEINSH. WTEMR, EEE=TTRE, BLEREAREENEARE
7179 DNN S EEERRIITEE. 81 cell LA ERNMURTRUEREL, M cell Z[BAIXZR A DA% DNN —#%
TREBHMAS, BE, AERABEPINTEINSH, ZREREFTEAT—LESIREIIEATENR. &
E—FREBEERHE-LEEIEATIIG, MEXRIISENSE,

Use learnable parameters in the traditional algorithms

* Unfold the iterations of traditional algorithms into DNNs (Computational
Graph in a general sense)
* Introduce learnable parameters in the traditional algorithms

* Train the learnable parameters on training data

5: % 1 XKBRMAR B
MERNTEA T XHENEXMARTE. MTEMR, 5 RNN AT LASSO @& (Sprechmann et al. TPAMI
2015); ¥ LSTM BT HEHmAIGEIE (Zhou et al. AAAI 2018); {FAR—LEZ 112 & (optimization inspired

networks) FIM &Sk RERIRE [B]8 (Gregor & LeCun, ICML 2010; Zhang et al. CVPR 2018; Yang et al.
NIPS 2016) %, XERIBEA FEERMT TN,
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* Representative work:
* RNN for the LASSO problem [Sprechmann et al. TPAMI 2015]
* LSTM for the sparse coding problem [Zhou et al. AAAI 2018] nin % |Ax — b||* + A1

+ ISTA/FISTA/ADMM-nets for the image recovery problem
[Gregor & LeCun, ICML 2010; Zhang et al. CVPR 2018; Yang, et al. NIPS 2016]

6: ARMIME

EMERIAN, WENIERZERADN. MY TOMETEINMALENEEITE, XEMRIFEER,
BARE Chen FAFE 2018 FN T, (ERXILMIUERT LASSO (8, FREHEN FIHMDEE, HBMRH
ERIOASHETTLRII,

* There is only few work that analyzes the convergence properties of this type of
algorithms in theory.
» LASSO (Chen et al., 2018)

* Specific to unconstrained problems

7: Chen & AZE Lasso [o]RE LAY TE

ETULEDH, MERNMETHEZAONAR, WTEMR, BE/()Mge)MBRORBNMAEEA, BE
SZ WM E Z&MBER.

We consider:

I}li}[} f(Z2)+g(L), st. X = AZ+ BE, (1)

where A € R™*4 B ¢ R™*% X ¢ R™*" and f(-) and g(-) are convex
funetions.

8: MERER 1 BAFNR

ERERINE ML ADMM, AJABIT W TR A MERSEBREALEE, ( BTFERS, R®XIEMEL
ADMM TN B ). ERTBRE—MIHRIRIE prox, FRALITEF (proximal operator), BAEN LE

B, AEBAN X, BRProx, (X) 3 f(o) BETE X SEBEE T .

* Linearized ADMM
rgl[r} f(Z)+9(E), st. X =AZ+ BE,

where A € R™*%4 B ¢ R™*?2 X ¢ R™*" and f(-) and g(-) are convex
functions.

. 1
#roxaf(¥) = argmin f(z) + Q—HZ - x||§
Ths1 = AZy, + BE, — X, = = =

proximal operator ‘

1 |
Zj+1 = Prox r {Zk — = AT+ ;BT;(-+1)} >
L L]

ka+] =AZrt1 + BE, — X,
1 o
Epyy = prox s {Ek - —B (A + 5T1.-+1)} :
“2 L2
Ait1 = A+ B(AZk 41 + BEj1 — X)),

where A is Lagrange multiplier, L; > 0 and Ly > 0 are Lipschitz constants, and
3 > 0 is penalty parameter.

9: %M1 ADMM

e28e



BE MERNBTHELEROEESTET N leamable 5 A B, Rt FEMR. B2 MKLEE
mmf(z)+—||Az By, EENTABHRTEIM, HEBEAR:

z, = prox,(z,_, —tA(Az,_, b))
FRRREOWISEETF, Tz, -b) RTABHNEMEHER., SRR ETF2EEBIZ0, MEA

1N, M EIEIEN. M DNN RAYBIEREUEE 2 RIFBIE, E’“%WET\)EJZE’\], Fitt, ERimrE A DARIsE
783 DNN FATEUEREL,

B LEXPNIRIE FERERRBENBABERES , BEEN 4" BRFIZINEEW, ,, BRI TEMSR
VR, WA

=¢(z — WL (4z,, —b))
* Differentiable Proximal Operator

1
mzin f(z)+ EHAZ —b|3,

where A € R™*?4 z ¢ RY, b € R™, and f(-) is a real-valued convex function.
The proximal gradient algorithm solves problem (2) as follows:

T

where ¢ > 0 is the step size. | act as activation function |

s

zr = (21— W (Az_1 — b)), (3)

where ¢(-) is some non-linear activation function and Wj_; is the learnable
parameter. With proper ((-) and Wj._y, (2) and (3) can be the same.

100 AIAYIE T F

FIRLA LB A LUSE AR L ADMM BN A2 MIARA, MBI LN TEMR, MSHRAREREAN
BB+ CEhr LA —SHEREERIFORE, K A BN AIEIMEN, FRETRFESRE
P ERISDGEN . B2, PIEIMRASINTESRENEE, BAFUNEFIENAENEE.

Tis1 = AZy + BE, — X,
1 -
Zj1 = prox . {Zh- ——AT (N *»"fT.«-ﬂ)}-
I Ly
Tirs = AZeys + BBy — X, traditional version
1 =3
Ejp1 = prox s {Ek - —BT(A+ AT A-+1)} ,
2 L,
Akt = A+ B(AZpy1 + BEp1 — X),

where A is Lagrange multiplier, L; > 0 and L, > 0 are Lipschitz constants, and
[ > 0 is penalty parameter.

Tip1 = AZx + BEx —

Ziss o2 - .Au Hﬁiol‘fw

Thr1 = AZyx +BE;.

Akt1 = Ak +m o AZL+| +BEA+1 - X),

where © = {(W1)k, (Wa)i, (61)k, (82)r, Bi} i are learnable matrices, and o
is the element-wise product. In addition, 7(-) and {(-) are some non-linear|
functions parameterized by #; and 62, respectively.

11: AIZ I % ADMM
©29e



TESE TEAIENTTER., ERAGPUENER—ERA, ERLIREBOEIEFEARAN; ETHE
79 dual gap, HCDHTAIAD dual gap S23FmAY. 2R dual gap EAE, NWERESRME.

N
e : “+) T
N b4
S ‘\JB,‘
I (TN N Sy )
E; —-\_B/, - o+t -—‘-\\5 ) e €9 e N  $ ) €9 ¥ * Ep
B
| ‘ ! } f f ®)
0\ F gPe
A~ AT~ A N N I"'A" N
z —ﬂér’i_}')—’\éﬂ\tr‘f\‘i OO > Zu
1
£ \ D
W ~ \'}l‘ )
X X

Training Strategy:
min f(Zk) + 9(Ex) — d"(Ax), (4)
where d*(Ag) is the dual function of (1) defined as

d"(Ax) = inf f(2) + g(E) + (Ax, AZ + BE - X).

120 ERTRE

BEMBERA—DT N T LRBE, BHZHESEAEFELHIREENE., TE2FRUE="7"1H, WUTHE
Pim. B, ETEINHEEZEN—IR, MENRLESELRNBEERE), AERLRRNAT, X
EWEAMEZAEEETEIN, RAMIDIRGEINR. XE—MRIFNEIEHKRIE. R, EREFET,
BENNSUEE R MRS RI& M, thoh, MRELSTSELME ADMM FFTHEEIENR KR, BAETEINEE
RENBEZ BN TEREEL LR,

-
/" Theorem 1 and Theorem 2 [Convergence and Monotonicity] (informal). N
dist (wp, %) > dist (wr+1,2%) = 0, as k — oo.
R
\_ wp - w' et J
\

(" Theorem 3 [Convergence Rate] (informal).
If the original problem satisfies Error Bound Condition, then

dist{wg41, Q7) < v dist(w, '), where 0 <y < 1.

- o
/ Theorem 4 [Faster Convergence] (informal). )
Define operators: w11 := To, (wy) for D-LADMM; wyy1 := T (wy) for LADMM.
For any w,
\_ dist(To(w), %) < dist(T (w), 7). /

13: EFZFI8 LADMM &R
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TEAEDNER, 46, EENAeflERTERN LADMM 8%, BEfERnETZINNMAEE. AT
BIETR2INMAEEEERDT LADMM 10 FRIEOREAR) T BERNERRAE, BEERS T TEMN
£,

F—LADMM (A=5)
=-LADMM (A=1)
or ~-LADMM (\=0.5)||
~~D-LADMM

NMSE(dB)

> 10x MMHWm

0 20 40 60 80 100 120 140 160 180 200
Iterations/Layers

14 BEIERIIER

TEZNEARGERNEN, FJUER, HIRFERN PSNR, FiAENXAT 16 0&R, XERERRER
BTRA100F. MARLER LI UNBRIETEINEESERABEZENERER.

* Natural Image Denoising

Table 2. PSNR comparison on 12 images with noise rate 10%. For LADMM, we examine its performance at a couple of different
iterations. LADMM is comparable to D-LADMM only when it undergoes a large number of ilerations.

PSNR Images
Barb | Boat | France | Frog | Goldhill | Lena | Library | Mandrill | Mountain | Peppers | Washsat | Zelda
Baseline 154 [ 153 145 [ 156 15.4 15.4 14.2 15.6 14.4 15.1 15.1 132
LADMM (iter=15) | 22.1 | 24.2 | 18.0 | 23.1 25.2 256 | 150 21.7 17.7 25.1 30.6 29.7
LADMM (iter=150) | 279 | 298 | 21.6 | 26.5 30.4 313 17.8 243 20.5 30.0 345 33.7
. || LADMM (iter=1500) | 29.9 | 31.1 | 22.2 | 26.9 31.8 332 18.0 25.1 20.7 328 36.2 37.8
~ 100){ D-LADMM (K'=15) | 29.5 | 31.3 | 21.9 | 25.9 315 35.1 18.8 245 19.3 34.3 35.6 389

,.i > E

(a) GND (b) Noisy image (PSNR=15.4) (c) D-LADMM (PSNR=35.1) (d) LADMM (PSNR=31.3)

16 BAREBGRRLNER

M, EFFIMMAEEE: B 2
BE, MERNMATE LA, EFTEINMATEDNE 258N, EMEMANBSZIBERIURE, =2
BEMNTER, Rl AR, NERNER, EIFE—TROEG, NRBE=ENRGE, WiEkE I
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W, REEE5 .

Use machine learning algorithms to predict solutions

* Predict a solution
* Test with a monitor condition

* Correction: If the monitor condition is satisfied, accept the predicted solution;
‘otherwise, choose the traditional solution |<— should happen rarely

16: 2 2 KA RBEE

BABEETELE —EERREMNFIRE, G, NTIEOEAPG B, WTEAMR, BIRTEF via il
Za fREER, IEEREPBEMRBB AR, BERXENHEREETEINMATERER.

a5 e I
: . : : . Vi = Xg + == (24 — Xg)
Prior work with the monitoring mechanism (not ti
. b1 —1
learning based): o — ),
+ Nonconvex APG [Li & Lin, NIPS 2015] Zri1 = prox, . (yi — oV (yi)),
* Anderson accelerated Krasnosel'skii-Mann method [Zhang et al. Vi1 = ProX,, o (%k — 02 VI (x4))) |
2018] ; VA2 +1+1
k+1= " 5
« Krasnosel'skii-Mann method [Themelis & Patrinos, IEEE TAC 2019] 2
xoss = 4 e ifF(zin) < FEen),
. otherwise.

19)

17+ REEERR S ALE

MEREETZINNAEENBEL RO R, EER (nverse problems) HIREIZAEELE Y M
ENHNER TMERSEE X . (L TENRA AEMNRAE, Bly+n, HTHEERENBHER, Blx, 7
DHIE—MHSHERRE S () +e(), B f() ZRIBRERET g()RENMN, AT x LH—LERESR.

» Inverse problem

Tx)=y+n

min ¥(x) := f(x; T,y) + g(x),

18: E&IF[a)M

EANIIRR AEHATIHBEEEE Y X AR, WTFEFR, v AIULRSAIE, x o] LA 2FEHmAIHB e
MERERN, FEENZEREnT4ES.
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(Accelerated /Inexact) proximal gradient algorithm:
|

k[ x5 (A-1)
VET xF 4 (- xkY), (A-2)

xk+1 € prox'}'::g (vk - ’:va(vk)) 2 (B_l)
ProX ., (v‘rg — APV f (vk + e‘[“)) . (B-2)

19: ERAHBEERE

TERTHBEEENEN., PEESNFIAEMNEEERH TS, Hb, ' USRI EE4, 4,0,
Hir 4, M4, DmREF, WREIIEEREN], EARERIEEEER. B, HNREENNBLERIENN
HEETNEVER . R T RIENSS, FEERE T4 ENF.,

* Structure of the algorithm

Backward update

xk+ = ProX. i, xF — 4*V f(x)

Forward update

Abstraction:
xk‘—v—l _ AgOAf(X".)
3 But general A, and Ay
cannot guarantee convergence!

u” .A_,,OAf(x‘“)

predicted
solution

20 EimtsE B ARG

TEANETEINMAEENELNRE, BFE=TE2 N (redict) . &4 (monitor) FRIE (correct) .
AT ERENBRENMER T BEFRECRICRMAARELF, MZNERARE, WREILER, FNNBELT,
XA, SN, HREERERRE, FEdEmEMHREERN.

* Explicit momentum Flexible Iterative Modularization Algorithm
(eFIMA)

Algorithm 1 Explicit Momentum FIMA (eFIMA)

Require: x", A = {A,, A;}, and {0 < 4* < 1/L}.
1: while not converged do

o & &
prediction 2 u* = A. o Af(x*). monitor condition
c [P (u”) < U(xF)|then

3
4 v =u
correclion 5 else In the worst case, v' = x*
6 vk = xk
7. endi
8  xMt! e prox., (VM — APV F(vE)).

9: end while

21 EFEINMHCEE (BF)

EREFZINMAETERWRN. MERLEH, SHNERT, BE22ERERNER, MERATEZWN

e33e



B, E—ARIBEZT, WMiMNAORRELY, NZEENMIZBPT U, MERDAE T L8100, TEIEHR

TERBEBRBNTREN, EEZEERINEREAANEORRBEZETRA Y () XS, B, £8R5S
MEX TEEI AR Z IS .

Explicit momentum Flexible Iterative Modularization Algorithm
(eFIMA)

Theorem 1. Let {x"}.cn be the sequence generated by eFIMA. Then at the
k-th iteration, there exists a sequence {a*|a* > 0}pen, such that

b, (Xk-f-l) ﬁ U (vk) . akllxk+l . VkHQ, (1)
where v¥ is the monitor in Alg. 1. Furthermore, {x*} en is bounded and any
of its accumulation points are the critical points of the objective function V(x).

22 BEIEWERIEIERR

tesh, MERENE T ETEINNAEENRIURAS, ERABTN, REMRIE=TEDEM. BiFtH]
DUERRER BA BB T EAFIE, FFALLR IR, B2 TEMR, FUMRERNEMAE.,

* Implicit momentum Flexible Iterative Modularization Algorithm
(iIFIMA)

Algorithm 2 Implicit Momentum FIMA (iFIMA)
Require: x”, A = {A4,. A;}, {0 < 2C*% < p¥ < oo}, and
{0<~k <1/L}.
1: while not converged do

ub = A, 0 Ap(xF).

prediction a* € prox ., (u¥ —7F (Vf(u¥) + pf (u* — x*))). — monitor condition

1f|\|dq,h|| <C‘Hu —x"mthen )

V_I_l

vk = xk,
end if dx, =d*+V + u1F(x — x*) € OUF(x).
xFl e PTOX i, (vl" — ';,*A'Vf(v*')). e 2 Flx) + px —x7) (x)
end while

2
3
4
5: =
i e NN VE(x) = £(x) + g(x) + Bl = x|
8;
9
0:

10:

B 23: ETEINMAEE (R)

Implicit momentum Flexible Iterative Modularization Algorithm
(iFIMA)

Proposition 1. Let {x*, 0% v¥} ey be the sequences generated by Alg. 2. Then
there exist two sequences {a‘|a > 0}ren and {B%|8% > 0}ren, such that

i (xl‘+l) S I (vi:) . (llk"lxﬂt-k] o vk”:?’

and
(k) < W(xh) - B[Rk — x|

are respectively satisfied.

Theorem 2. Let {x"}ren be the sequence genef‘nted by iFIMA. Then {x*}1en
is bounded and any of its accumulation points are the critical points of W.
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24 EEWSRIEIUERR

MERETIEFRANATETEINMEEEZEREGREZE R LNNE. B5EIFERER (hon-blind
deconvolution.), BIATERMEIR, MERARBMER. FLtRBES, FEEREEMZECAN. Fit,
Y &M%, z B0EE (ground truth) ., EAITEIRUTERR.

Learning-based Iterative Methods for Nonconvey

Inverse Problems

* Non-blind Deconvolution

f(x;D,y) = [ly — Dx|* and g(x) = Allx], (0 <p <1).

min f(x; D, y) + g(x).
y=b®z+n

x = Wz, D = BW ', where B is the matrix form of b and W is the wavelet

transform matrix.

We update z by solving

Ajf(z*) ;= argmin |y —b@z|? + 7|z -2
z

to aggregate principles of the task and information from last updated variable,
where z¥ = WTx*. Then A; on x can be defined as A(x*) = WA (2"), ie.,

k”2

Af(x*) = W(B'B + )7 (BTy + 7W 'xF).

Solve Ay (Ay(z¥)) := argmin, g(z) + 7|z — A;(2z*)||? by a deep network.

25 FERBREA

* Non-blind Deconvolution

TABLE 1

=
HEIR

easily computed by FFT

IRENERY

@CONFERENC

TERRETEINRNAEE ( EXMRERE) SMEBER A TLERIGED., ATMEREORLEESR
5%, FEREETEINMAEELR ERAMN, MEEREEA

The number of iterations (including plug-and-play modules) in FIMA. “No.
Iter.” reports the number of whole iterations and “No. A" denotes the
times the plug-and-play modules A, o A has been performed by FIMA
during iterations. We also report the number of iterations for standard

PG in the rightmost column.

26: &R

Tiiad eFIMA 1FIMA PG
& No. Tter. [ No. A | No.Tter. [ No. .4 | No. Iter.
Fig. 4 13 11 22 21 542
Fig. 5 19 15 26 25 577
linear linear _ sublinear
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TEE-LESELBRMEMLR, JUNELETEINSALEANEGRRENEEEESH PSNR I SSIM,
Bit BB EHNMGZ,

* Non-blind Deconvolution

mAPG APGnc niAPG
(25.67/0.73) (25.68/0.73) (26.17/0.78)
-

e
—FIMA(PSUR)
—iFIMA(PSHR)
= eFImA(3sTH) [**
- AFTHA(SSTH)

g 2 1 Tteration Nusber
FISTA FTvd eFIMA iFIMA Curves of scores
(25.03/0.68) (27.75/0.88) (29.04/0.92) (29.3470.92)

Fig. 4. The non-blind deconvolution performances (1% noise level) of eFIMA and iFIMA with comparisons to convex optimization based algorithms
(i.e., FISTA and FTVd), and non-convex solvers (i.e., APGnc, mAPG, and niAPG). The quantitative scores (PSNR/SSIM) are reported below each
image. The rightmost subfigure on the bottom row plots the curves of PSNR and SSIM of our methods

= . = S (=== 2
27: IFERBROMEMLER
* Non-blind Deconvolution
TABLE 2
Averaged PSNR, SSIM and Time(s) on the benchmark image set [24). Here = denotes the noise levels.
Metri tate-of-th t Image Res| ion Methods Classical Nonconvex Methods Ours
i “'M'¢ [ IDDBM3D[ EPLL [ PPADMM[ RTF | IRCNN| PG| mAPG| APGnd niAPG| eFIMA[ iFIMA
PSNR 28.83 28.67 28.01 29.12 | 2978 [ 2732 | 2668 | 2669 | 27.24 | 2981 | 29.85
1% | SSIM 0.8T 0.8T 0.78 0.83 081 0.7T 0.6 0.6 073 0.85 0.85 TABLE 3
Time(s)| 19313 T1Z03] 29399 4983 267 2036 | 13.02 16 529 1.89 2.06 Averaged quantitative scores on Levin et al's benchmark.
PSNR 27.60 26.79 26.54 2558 ] 2700 [ 2561 [ 25.20 | 2528 [ 25.63 [ 28.02 | 28.06
2% SSIM 0.76 0.73 0.72 0.66 0.78 0.63 0.60 0.61 0.64 0.79 0.79 Method PSNR | S5IM Time(s)
Time(s) 198.66 10052 27045 25426 268 15.43 770 4.66 330 1.90 2.0 Perrone otal | 2927 0,88 370
TSNR | 2672 | 5568 | 2578 | 2108 | 2681 | 2463 | 249 | 2448 | 2476 [ 2206 | 27.07 Tevinetal | 2903 T 089 177
3% [ SSIM 0.72 0.69 0.68 042 0. 0.57 055 0.56 0.61 071 0.75 Gun ot al. 3971 | 0.90 30947
Time(s)| 19135 | 9632 | 25794 | 25247 268 | 1389 | 6438 | 537 | 263 | 189 | 20 Zhang etal T 50T | 0% v
PSNR 26.06 24.88 25.27 1795 T 2610 [ 2405 [ 23.88 [ 2395 [ 2414 [ 26.20 | 26.37 Pan et al 2078 .89 102,61
4% | S5IM 0.69 0.65 0.66 028 0.70 054 0.53 053 0.59 070 0.72 | Ours 30.37 | 0.91 5.65 '|
Time(s) T83.42 93.82 258.45 5584 26 1199 | 6.01 782 235 1.89 2.0,

higher quality and much faster!

28: FERGROAEELR

ETE2INMABEEEHEIUNATERER, XEKRERMZERAN, NTEAOMEERINEL, PR
BEFE T BB A ESIER,

* Blind Deconvolution

Input Sun et al. Pan et al. Ours

*3€ Fig. 7. Visual comparisons between mFIMA and other competitive methods (top 3 in Tab. 3) on a real blurry image.



29: BERERIEBMERLER 1

Input Perrone ¢t al. Sun et al. Pan ¢f al. mFIMA
- (2476 / 0.75 / 0.48) (2048 / 0.56 / 0.32) (28.05/0.83 / 0.40) (31.25/0.87 /0.89)
Fig. 9. The blind image deconvolution results of mFIMA with comparisons to state-of-the-art approaches on blurry facial image with 3% Guassian

noise. The quantitative scores (i.e., PSNR / SSIM / KS) are reported below each image.

Bl 30: BE&RGREERICE 2

ETEINMABEEET UARERESR LROMKER, MNTERINES, PHRDALEAEEMERETR
EFINBERFRES.

Rain Streak Removal

Input DerainNet ]:){.tallNLi UGSM mFIMA

Fig. 10. Rain streaks removal results of mFIMA with comparisons to the state- Ol the-art approaches on real-world rainy images

31: WREAFRDALERER

. B4
RfE, MERIREHTUTELE:

1. KEABLR, MABEE—BERENGZZINRE, MSETSFEINERDEELMBRILER, HHEEE
M FIPIMEES D, MEZBENZXEEPTMEM M ERRE. TBIARE.

2. ERGMAEENESEDSIANFEING, AINEZRSEZNWIREASIEFNEELERR, BT
FINMABERBEFHEN LR, BEEANUEENEEHT.

3. MRMR L TUNAMKBEEMELSN, BLAXLEEENMERBRN, STAHLAILEL., EURER
ERERIE, BIMERSS. SN ESEEND, RIFEPINHEEN.

B, MERRZEMEETEINMATECRALR, AIUSRMAEEITINESZXE,
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@ FUEREREXRIS: MRiTEGHE
WRHE TER

EF_BIARERAZNFBLILTRICIET, FUEREMNER. VAARBRRK. AREAFATEES R
BERK. ERMRAAUWEL, &KT (MRITENEHE) NEIEDE.

PG 2 IR IR1S CVPR R1EIE X E (2009 FF 2016 F), ARFEASI BB 14 5 &1L 2020 £8 H), A
40 ZIMEEHERERN, F 2010 F4 MIT Technology Review %R EIK 35 5 A TR E B EQIFHEED
TR35, FRELSREEMBNAZOERZMTA? FEZIZHRPAIHEEBML? BN AP0 R
Za? FREMNATEPXBEREREMLE? it RNTEFFTERE, BINGl—i, MTHIRITEM
FHEDERARREMTS BEIE!

ieng | n@zIsEies

tREnitE

i

"-'."_’
FHERNER. HRRRS
R EATRESES | g o

IMEGVII|B“3p @ zs1i2¢

—. BEN
BERAEZINHL . ITEFMENT K. THASIESRE, TENARASENARESE/LELEITER
B AR, HAREEMBHAE. BETRE. T, s8l. B2 2T, 1HENN AR AR
[T MREARREEENEEENAX, EMR. . IR, MREMKES, MREESEENGLEEX
80%, £ 1966 &, —fI ATLHEMHRILITE, MEMBIE L FRIBUMND - BRETE (Marvin Minsky)
BIE, REFEBHAZERET —TSREL: TOTENEEHER". Bib, XA T & Marvin BT I
MFEEN TRAEFRZN— D, AT ALY TFITENERIREEN—KD ., HEESITENIUSGEL
BIEAY IR A BTIA RN I ENIERACIENRERENNEREE, SFKNENETS, iTtENARES
TR,
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History of “Image Representation”

input image  edge image  2'4-D sketch

1978 1973-2010 1989

EFEE, HENMRPEFERZEOR, SRZONEERE “WEIRFIEGFEIE", MEXNIRFEN
ZOERME “WERE— T EGRNE T (Image Representation)”, MZEF ARBEBEITENPRAXE—D
(ELER

Deep Convolutional Neural Networks

[ W)

A long sequence of learned non-linear transformations

End-to-end learning - all parameters are jointly optimized

NZSH, RERBNMUNEEMERITE NFRESTRHEMLSE (Deep Convolutional Neural Network),
XFMEEM N EENER B2 /L ETH%, BIE—KERZATENAIDIRBINERTA;, £ -2
EFEINSH, BNisEliRNENFEINES.
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—. REERMEMS
AESRAEMERERT/\TER, EXBHAMN Fukushima ZIFEIRIRER ., ME—RERSBSRHMEME
TRHMFEGIR, REFIFSRELEANTERERTNIE, 2T TRRKOREDRE WE 4T .

History of “Deep Learning”

Deep Neural Network

Multi-layered m rosesingl

Perceptron

L {Backpropagation)

Dark Age ("Al Winter")
Electronic Brain

1950 1990 2000 2010

- [ ) 1
S. McCulloch - W. Pitts F.Rosenblatt  B. Widrow - M. Hm‘f M. Minsky - S. Papert D. Rumelhart - G. Hinton - R. Wiliams V. Vapnik - C. Cortes G. Hinton - 5. Ruslan

——— Foward Actvity —— }

P @ e o o A A i
’T A\‘ l I 7 fl T . e —_—— -
FIN TN SOOn|| ele ote e — = =

+ Adjustable Weights + Leamable Weights and Threshold = XOR Problem + Limitations of leaming prior knowledge * Hierarchical feature Learning
- Weights are not Learned egwra saion local opéma and ov e":lng * Kemel funcion: Huma iniervention

INGEH, RESRMAMEZENMIOERE : HBIRIEHXE (Convolution) . BMMEHIRE (Depth) . HR
BREE (Width) FIEABIK (Size), KSEMWARTIEETXIUTREE.

Convolutional Neural Networks: Core Problems

Convolution
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2.1 EiRRMESEE (Convolution)

ERNEMBRZA/NE 5x5. 3x3. 1x1 @I TFEFR); F%?ibﬂun_ 35 48%7R (Grouped Convolution)
B 3x3BM. 1 x1 EMOMBZA, BOERREROARETD, FERESW. BI—NELEFESERS
HNBEERESBIR Depth-wise Convolution), EJWE;%&E%%R%T’EmﬁéH%# IBIRER, TEITEE/NIRME
EESH.

HET ZH100B8, MRkt T ShuffleNet V1 " &%, 7 Grouped Pointwise ##fEF3| X\ Shuffle 121,
BFRmBEZENER, BRNREFETORNERE WTEFIR):

Convolution: ShuffleNet V1

Step 1: Grouped Pointwise Step 2: Shuffle

y

ShuffleNet V1

* Very Low complexity

* Shuffling for exchange channel information
« Shuffling is a zero FLOP operator

Xiangyu Zhang, Xinyu Zhou, Mengxiao Lin, Jian Sun. ShuffleNet: An Extremely Efficient Convolutional Neural Network for Mobile Devices.
ArXiv 2017/CVPR 2018.

6: ShuffleNet V1 5T

2019 FR HY MIFRFRIZH ShuffleNet V2 ¥, FERTE BIERE FBI NS T &AM, 8T Channel Split f
Partial Convolution B95U#, BR0E M IR TRZAEENRE WTEMT .

Convolution: ShuffleNet V2

Step 1: Channel Split & Partial Convolution Step 3: Shuffle

f

Design guidelines:
1. “balanced” convolution
2. Prefer dense convolution
3. Reduce fragmental structure
4. Avoid elementwise operators

Ningning Ma, Xiangyu Zhang, Hai-Tao Zheng, Jian Sun. ShuffleNet V2: Practical Guidelines for Efficient CNN Architecture Design. ECCV 2018.

7: Shuffle V2 F95ETR
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SMNERMRLEW “DEER". NSERNERZNSHSHAFERERN, FI20, 7 Channel-wise
Mixture ® TfEFR, SINT S PMEMENLMAS, HAKRENTH W TEFFAR .

Convolution: Channel-wise Mixture
a; a, az a,
A=F(X) lbl b, by 54}

[ay a; az a,] S——

Ours: Channel-wise Mixture
* A mixture of filters, for each channel
* Mixture coefficients is conditional on input

Conditional Convolution via Channel-Wise Mixture. ArXiv 2019

8: Channel-wise Mixture FRYEFH

2.2 WBHVRE (Depth)

RREEMEWRE, FNUINEE, BAEHLE LNENRELEZRAEMEMEAR LIEPIER KRR,
ZFENKIAEHENEIEERN, RZABEREHENERINGTTHN., X, MEBETEIARRHSE
IRBHAMEHNER, ZSAREERSRE SFETEEWR ZEM.

MERENZODERBAIDIBHE 2012 FIREMN/\BHEM L AlexNet, AlexNet 473K 7 ILSVRC 2012
MBE, HMEET BT YNIEMEME HE, 2014 FRHEMVCG RIIMLK, TMTXF 19 EMEKZH
SR, HETIRT HE ILSVRC 2014 WL E, MEFNEENHRE S RMAR AR LI LeNet BEIRA—
GooglLeNet FTIZF,

REYNNAEXME, EECREHRILMRR FAIEFR) R ResNet-152, XthZ2E— MBI 100 E89#
2L,
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Design of ResNet

» Key ideas:
+ skip connection = “residual function”
« the shortest path contains only a few layers

 Backward view: identity gradient path

9 O 0x,  0¢ 1+a’“z'lF( wy |
dox; O0x; 0x; axL( 0x) - * W)
1= |

= The final supervision signal is directly propagated to any shallower unit de!
« Vanishing gradient never happens —

dx;

ResNet 2 —F17%Z (Residual) M4, HiZOBBREKRZEERE (Residual Connection), BIZIMN—FESEIS
H—FMERZENENE GREMSRE), XHETDIMACESTEEMESE, HBERERIMETRN, &
HER BB MIIRPOEERMLEIHR, HEMENMIATUBTEBZIRS, T#HNAZT AlphaGo Zero IR
972, NLP 4fig (Transformer. BERT) %,

2.3 MEFMEE (Width)

hsuss | nsrssEes

Width: Kernel Perspective
* Neural Tangent Kernel (at Infinite )

“A properly randomly initialized sufficiently wide dee p neural network trained by gradient descent w'
infinitesimal step size is equivalent to a kernel regres sion predictor with a deterministic kemel”

Fl W) = (k(x,x1), o k(x,x0)) - (H) - Y %’
* Convolutional NTK ¥
+ Best pure kernel method
+ Depth matters
* Still a gap 0'@5‘_._‘
Arthur Jacot, Franck Gabriel, Clément Hongler. Neural Tangent Kernel : Convergence and Generaliz
5. Arora, S. 5. Du, W. Hu, Z Ui, R. Salakhutdinov, R. Wang. On Exact Computation with an Infinitely Wide Neural Nt . \

RENENREREE—EBEEZ EBETiEE, BREEN. RIEN—TUEFRA Neural Tangent Kernel f9
AR, AMARMEIRE T — NI, ZTIEM Kermel (INIBEEFHENSE, 1EE—NFEHZENENE
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ZN%E, WAIAFR—THEMR Kermel 7575, XRE—TMREMENEIRMIRSE, BEH—TRER.

Width: Generalization by Over-parameterization

Traditional Wisdom Deep Learning Practice

under-fitting over-fitting under-parameterized over-parameterized

Complexity Complexity

Mikhail Belkina , Daniel Hsub , Siyuan Maa , and Soumik Mandal. Reconciling modern machine learning practice and the bias-variance
trade-off. ArXiv 2019.

110 IS0z

ERN—TFFTRENARE th, FRARRT —TPRITEABLNINSR, EEAR4T, NENESEI
BB ERIE (Under-fitting), T FERPIERTIE (Over-fitting), BRI LILA B EIA
— NHRENFRAILS I (Over-parameterized), XATYIZRS MR error YL TR, XTI RNEFIREA
BEERSHEREENENETE, MANBRENFARNARA—RSEBEEMNTBREE., WINZARDIREA,
FRERNME., IBNEIE. EAMESE, MEMSHNMESTEEMN, BEEREEBT AN, #7106
F, UTE 2015 FEEHAORBESAT, g MIT 72 2017 FiEH “+ARBIFTERBRAR", ARSAHX N ALG
SBIARENIE, FREBTARNMEE.

Width: Channel Pruning

* Prune channels by LASSO regression:

c 2 ”
1
argmin — [|¥ — Z BX W[ +AlBIL
5 ZN - :

subject to <c'
] 121l Channel

Pruning

* Reconstruct weights by least squares:

argmin||Y — X'(W")7T||2 " "'
W’

Yihui He, Xiangyu Zhang, lian Sun. Channel pruning for accelerating very deep neural networks. ICCV 2017.

12 BB

044



Channel IENTRBRZRAMEILE, ERFEEHFRRSOTBEERE, FEHNTXMNA, FLF
ZFRERE channel 18, HERMRIEMERE, REEEHR (Channel Pruning) IAEETRIVEE,

Width: Meta Pruning

.- Training
1 Construct

i Network encoding vectors

Train ] [6 15 - 8] Input J S | — |
PruningNet [ \||zn 10] ] Ng“‘ I \J\:‘nz‘nle | Pruned

i Training iteration

2 Network Encoding Vectors
Pruning 15,9, 6]
Net i

| Network encoding vectors Inference accuracy

Search Best [ ﬁ

Pruned Net RS FCREESEE

12 14 21

Z. Liu, H. Mu, X. Zhang, Z. Guo, X. Yang, T. Cheng, and J. Sun. MetaPruning: Meta learning for automatic neural network
channel pruning. NIPS 2019

FERZTF NeurlPS 2019 #9 Meta Pruning '® TfER, BilMisbrig Hid@id il Z—Fh Meta W48, RZIaEE
BES—TME, XE2BRIEDI—TMENME, 1Z5EE0E 7TIEETFHIRER.

2.4 MEHIRE (Size)

HEMLER Size FEMANBEBIA/), BEMERAIARNBFERNAN, XPSEERENSRERNERITT
RP—RBEEEHN, MET MARREENARIE 7 t, BNLMTUDNSREMLENGSHEIEH
B—RHOX/), JEBEFTFIHEENRT

Neural Architecture Search (NAS)
. SuperNet

Step 1: Train a SuperNet

1 skip

$ . X 1
Step 2: Search sub-nets 33“ r‘r

Grouped Depthwise Shuffle

+ Simple, Flexible Framework

+ Support Joint block/channel/bit-width Search

+ Easily satisfy hard constraints (FLOP/latency)

+ State-of-the-art performance

Zichao Guo et. al. Single Path One-Shot Neural Architecture Search with Uniform Sampling. ArXiv 2019.
140 fHEMERDIER
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#NEIFLA_E Convolution, Depth, Width F Size IIMER#ITHAMMA, BET— DL WAL
IR (NAS) . ETF NAS BEISIFB TR TIERABSSIANME, &4 Singe Path One-Shot
NASY, 5 ERE SIS —1 SuperNet, AEEIEMARIEL — L FWEE, T1E B E4E SuperNet 1
WE, FEEFIKET LIRS A RO TS,

=. RERIFRX B

EREZEIMRETRT, RIENEER. REFIER, HTERE=ZERNPMEIRIT, BREBTRARS
BRCHENXRE. FIETAESREECMWSEFER, M 2014 FFEHEREFEIERRT MegEngine),
HT 2015 FRNER, ZERTENGEIE—RE. SISEFTSELES. REHE. RESVITHRFIIM,
£ 6 FR-EXEEENT UNEAMRS TREMA. FAMEEEIETRT (MegEngine) #1T.

B L7 2020 & 3 BMIEREZ IMELRRTT Alpha IRATHRAE AT XAMBENTLEER, 6 BLEAT
Beta fR7A, HIGTF 9 BRMIEARAE.

X7t MegEngine 2243

AP0

THREO #
Python &0

ERT fSEFET

BOHNE
Bk E Bkt

RS HmE

THIiREE HFEE
AR TR

EfTRTEE

AR
CUDA

15: MegEngine Z2#3[E]

REZINMEREIFER, BEARANMINELATFEE, EREATEIIARYALEEMEHNEZE, M,
NGRS EE T B R BRI AN AR

£—, HISHER. NOEREBARESHEN TEESHMERPDOBIENTRL T, MEMRAREBIIR
FRYZ M MEE? XFEXNSRIGREF IR A FIFRIRICHER,

B, MR ASRREMRARNNEEHLAFEREEN L,

£=, BRI REFIREWERN—KREBEREEREF, TEBRIFNEBRME,

S0, [WMRE: PR LN —L5E.
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$h, BKIEY: SHERRAE, XBRMWEKRE, WEBRSIIERT.

EREZIARBERE L, IENR T ARRREBNSH TE—R@ER s H2Ee ¥, ZMRkg
M, AREZIR, HHA—HHNERHMAINE ?‘_ﬁufﬁnjﬂﬂxﬂﬁ/\ N EER, —1MEBELN, BT
2E0A, ENDAIZAERNGINRER, XEIUH, FEEZMBIGERET, —EEEM—TS8NAE,
MMEERS. FAARRNS X TS HREES ﬁT—/\EIE%)IP‘E’HE AN, MEXTMARNESRENTR/LF
TEMA.

—\1.

\
o

ZIFNEXET: BE7T BN WHEBRIVEERAING; BRBELAATUBE/NNBERR  REFH
R T XM BENARE TRERIDER, MRAREEIR, RNOMENUTE,

/. Hl23M5
e PR ERE D AU D3 2l

G\
Tt

AN

IFin =272

4.1 Classification (9%)

RAHNDEFISZSMEEWIRG, EHRAMEZSFTE2W/ERN, EXTIIPRAREHBNEEE —ME
ImageNet, DREZKESTENABIERZ, BRERELRE. EZER. Be1ZERANSAEZE.

4.2 Detection (&)

RMESFAMNFRIRZMALS, TRERHMENOUERES, B BHA? AHAME? XERZNA
EXRHIR.

R-CNN (Regional CNN)

Proposals

Traditional CV
Methods u

hick, Jeff Donahue, Trevor Darrell, Jitendra Malik. Rich feature hierarc

16: R-CNN
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EREZE S, EEE’JM/)“HERH/%ER CNN ", 2R e S B TR 58 R E R T Al sER IR
¥, RERESTHEHLDENEENE, AEEBTMNER, UREBDFIENTE., 24 R-CNNEIGTIF
BAEERYMERE, T_E@ﬁiuﬁﬁ?f?, BIRREHEILTMME, TEETDK.

SPP (Spatial Pyramid Pooing)

| Class
ROI Pool
Bk

Proposals

Traditional CV y
Methods \ ‘

Kaiming He, Xiangyu Zhang, Shaoging Ren, Jian Sun. Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition. E

17: SPP
XS IX N [B) R, %J\JUIBM‘ 2014 F42H SPP ', MR T R-CNN it B EMNEE, %5 EL BN REM#TH
, MR EGETIRERIRE, AMMFEEAITRE., N T XERBAISE, FEEM P IER/G9#H
fzﬂ,u, EFL?UTIT&E’JIEHE, EREMIRS T 100~200 &,

Faster R-CNN

ROI Pool

Proposals

anchors EEE “ \/‘

Shaoqing Ren, Kaiming He, Rc ck, Jian Su aster R-CNN: Tov deal- eO atworks. NIPS 2015,

18: Faster R-CNN
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Z AR EIR Proposal HiEE 2 BETFERAERMY, BARTEBIBRAEZIIUENIRENENEY
TF2? FNGIEIBATE 2015 G2 H Faster R-CNN "2, SEH 7 M feature map F B 335X BX Proposals, 73|\
Anchor FOBERILEN R BRI MERREZ S FHT, IENFEREESAABNSN. SR, BELATMU
FELHBRE (Mask), BEMIYBATE 2017 FH THE Mask R—CNN, EBRAGMIFN 4 2 EI A AT LAFREN SR 7RISR .

BT ZBIR BN M ER A% (Two-stage) 4b, BINEEE—MERF % (One-stage), X% SSD ¥,
YOLO " RetinaNet "® Jyftzk, BIE$EE1IAYMREOLEFIBERFAIS L4TME, T3 Region Proposals, /EHE
THIE, EERANEXRERS, BEBGELESIH, MUEILWRERT & Z0ER.

LI FIF Anchor—free B9 755531 2 Bl Anchor—based B92E4E, BIZE 715 Anchor IS, NWFEIGFNS

— DN EHATEIRFN, FEREENS T REMMEE, XETEB DenseBox ', FCOS " %,

Detection Pipeline

Backbone

ROI
Operator

* +/-label assignment
Proposals * Loss fun. (e.g., focal loss)
* Pyramid feature (e.g., FPN)
anchors * Cascaded
“ *  Synced BN

190 MMNEARIE

RE, X TFRNRRRESTT -8 EF LREROUER, SEEMORARCHT, GIAHERNERFER
MEX. NHNORKERE, HESEASZRE. BEZNIIGE. Bl MEFEERMUNRREELFE.

B, GEMMONSNENEIESE MS COCO, EHMIREIIL, M 2013 FRIELK, F 2019 F, COCO

HFEERIRS. U 7E COCO #iELEVE =%, DAIZE 2017 F (52.5 mAP). 2018 & (56.1 mAP)
#2019 F (61.2 mAP),
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MegDet: A Large Mini-Batch Object Detector

‘L;’near Scaling Rule: # =}k «r ‘

k
Var(r - Z VIk) =72k Var(Viy)
1

{Viariance of one update = Variance of k accumulative steps )

v FIRMIESE ESZ A mini-Batchillgk
v ZIIETLNE16(E, HEREES
v IRKHINNER T B3R E R

nject Detector. CVPR 2018.

2018 4, B #4RHE— DA mini-batch BI¥1AK NI 28 MegDet ¥, BENR XA mini-Batch 33l
WIRINIZR, BEBESHTARLINREMINGRSA 16 2, MEFIMUER], XERARNAIET CIFEL.

ppii

TRABEESE, TUSIERERALEEMRR—HEIEZ T Objects365 V2 HiESE, EEERER

ESROBIRIDFQNETES, B85 365 MERME, MELKER, =FAHALINEE., THREZERAL

EfiX

e50.

XE: https://www.objects365.org/.

Objects365 - “BERT” Style Pre-training

» Better Feature, Faster Convergence
* Generalized very well on downstream tasks (COCO, VOC Det, CityPersons, VOC Seg, ADE)

Iteration /

BOK 120K 180K

from scratch  » from ImageNet




ML REBIEE R DB HRANNGE? EXEZFEN. AR, 23X MUT BERT NIIIZIIE, #*
Objects365 L ESEIRTRIUIZIFAE R MFEANRICN . 2 EE TIHESWSNEENERN, EERSHMEELR,

Detection: One Proposal, Multiple Predictions

Core Idea: each proposal predicts multiple outputs.

+ Set NMS

Method AP/% MR */% %
FPN baseline 85.8 429 79.8
FPN + Soft-NMS [1] 88.2 429 79.8
RelationNet [19] (our impl.) 81.6 48.2 74.6
GossipNet [ 18] (our impl.) 80.4 49.4 81.6
Ours 90.7 41.4 82.3

Single Prediction Multiple Prediction

Detection in Crowded Scenes: One Proposal, Multiple Predictions. ArXiv 2019.

o, ER—RHOE, XML —TEE B —IE 5=, #UIEBATE CVPR2020 LiRd—
FpigEd U9 gE62iEI 1 MOUIETUUZ M, RERALERNIRESQA, WEHIRR HIFIHTE
MR AMURBRAREZIRXARR, REFIRE—TIE, BENEARBNMRARARFTEEFVIER
ERE, EIFREAE, ZrRESIEsERR,”

A, MEFWHER AP R
ARENRRE, U THINTENARNAEEIRERFENS T RELRE, #TT 845

1. KEDWERE /[ MERRIE, EANGEZESIDERFRERIESREDOFERTERNDE, XUEATLE
BEZ FRAFIR SRR B ZIEAIDRE 2 —.,

2. BREBERY., 5ENREAZMIINGFEARD, B2 NETREALMINAKEHEATFS? WM&
HEX BWBESEIREFNFILE, XBIFEERENSME,

3. EMEEE, 2ARBREERBNSEE T —LHR, TRERZOAFERR,

4. PUSTAREADAFIEI . BRERAIREXEIE ., HR1IMAVYD IR T — B RN BESS KEXEESR? HIUATE LM%,
SRR IR LS, XTBERIALREN ZnBIEEES, EXRIADTHIEEER.

5. MniEHlEE, TERENSAXNGE, AERRBMARESR, TEEFRII—TREM—LTE, B
MM FAITRE,

6. RERENRERY. REFIBEEARS, EERBLHAERIFESHRE, IABALECERER,
WAEBIR .
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