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Abstract In recent years, image and video data grows and spreads rapidly/in the Internet. The data
not only has huge amount, but also has the characteristics ofthigh concurrency, high dimension and
high throughput, which brings huge challenges into the real-time analysis and processing of them. To
promote the image and video data processing efficienéy of big data platforms, it is necessary and
important to study the task of high-throughputimage and video computing, and propose a series of
high-throughput image and video computing theories and methods by considering the new hardware
structures. Towards this end, this work first overviews previous high-throughput image and video
computing theories and methods in detail§, and thef discusses the disadvantages of the existing high-
throughput image and video computing methods. Furthermore, this work analyzes three research
directions of the high-throughput image and video computing task in future: the high-throughput
image and video computing theories, .the high-throughput image and video analysis methods, and the
high-throughput video coding methods. Finally, this work introduces three key scientific problems of
high-throughput image and wideo computing. The solutions of these problems will provide key
technical support for the applications of content monitoring of Internet images and videos, the large-

scale video surveillance, and the image and video search.
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i EOE RN L6 EAL A AL ACHE E AR AR M e i % 3K 8k HOHE RAHLAR B K ﬁ%”i
G KRFHILEHR,FHT BAT A E % ﬁ\%%xﬁﬁvﬁékmﬁ&_L¢% vin
TABRMRAE T EORAR . EL LM ARG LEHN A AELKRZAEHHEB . RE—ZINEAY
BIGALIR T H 2238 5 oF ik 3R A 3B P o 89 B AR B A 323 5. e, B msb 5 T A
FTEBMA T AL T EERARG AR E KT TAASE T BRI T L5 EFRTH R L

- @

fiﬁ Tk

(=

=)

V3
5

&
#—

&

W B 2017-01-03;1&E B :2017-03-07

EETH HE UL ="F ST &R R 45 H (2014CB347600) ; [ 5 [ AL 2 4 01 H (61402228) 5 B &K [ AR 34 18 5 75
AERAE R A TIH (61522203)
This work was supported by the National Basic Research Program of China (973 Program) (2014CB347600) , the National Natural
Science Foundation of China (61402228), and the National Natural Science Foundation of China for Excellent Young Scientists
(61522203).

BAS 1E# : % # (zechao. li@njust. edu. cn)



1226

HEHMIR S KB 2017, 54(6)

W, oM T HEBTEEMT T ENINARRM AT A 5B FTBEAMIT AR, 5183 BIEAM >
FTER G BENIR BTG k. RGBS T HBE RGN A E Rk 3 A KEEAF P, X FH
R EFEAZFERNAGAMA LD KABENA B AR 2S5 T2 ARBEAERR LE.

(iR B AR AT 58 s AL S AL ALIR A S

FEZESES TP391

AT AR S AR RN AR AR AR 1 AR LR T R A
JEE AN VBT b 7 A RS 3 BRI A4S B AR I E 9 K8k
. B R SUE KRR MG IR A, |k ERE
BRI ] P AR Y A R B 55 i R R TR e xR
Ko Hedz 38 JE H a5 35 K 0y BIE R 28 9% ok B,
] X 3 4 ELAT 1y I 2k M 1 i o T A5 R A0 B A T 51
R 1 R R 43 B AL B L B Ry — A R AR i TR Y
[i) L.

e 38 s PRI T SR 2 v A A 3R 7 i A
i I & 0 S AR B . H AT E A A O TAEFF 16 56
T e A A S A T B L AR A I AT T
2R 22 ot SR AL R X SE KA
T3 ¥k K 22 2 5 1 A ey 4 ey B RGBT 43 A Ak 2
(ARG BE SCGHBE T3S0 SRR B R R R T I R G A
I fi8 g R E AR ST BRI O T R H 2R IS KR
e 38 e G T B R SR L I A G R A
S5k R AR R S5 R O3 B2 10— R 51 95 78 e
i R 5 Oy gk R TR O A
A0 K5 4 b 3 A . SRy I AR S i O T ROAE i R
It & R AR STUECHE (AR AE IR | eyl B 58 7 s L FE I
53 Bt T BT I e e R A O T iR S 4
AR FA L 25 ST B S BRI
BT R A ol 0 Al T e i PR A
BAL 1) A SR AT 905170 I s B ik e P A 2 ) R

A S FBETTERAS A

1) 1F 20 34 T i S 1245000 00t 3t 55 Y A OC BF
TR 5

2) AT B e RIS A RN 2

3) PR T aE AR AT R R SR E R T
Ii1) N e A R () Bk 2% )

1 E=MEX

A 0 245 23 8] H T 1Y 0 45 1 i 220 7 B 3 R
T USSR L 1) a0 YouT ube M43 52 19 3 (1
OB EAEIBUK 2908 60 h. 4 H LA &
i 30 AC UK s 75— TJ5 1T 24 b A IR 5T A 4 AR

Fi 2 Vg A AR ) — A EE R VR, ) bt s 1
)82 %6 T 30 J7 5 $AR Kk L i e E RS 2012 4R B
BEWERT 50 277 /5 Ah, i F2h 5 HE & i
(A 45 5 40 =2 ) AR 1 AS W 38 i (8 3 RBP4 R
5T U 1 FH A T I 2 508 N AR AR sk 2 R
B AN SO Pl K SRR (1 2 R B S IR
£ NN R OB T AL e WA (Rl T A
WE A v, 3l H = A BIL GB EE E LT GB. AN
FE R BHETR BN RS LS BRI 5 BT B A
1 TG 7 R 25 4 iR 5 2 5 R i Bk ik

e, ISP R G R UG A% G 1 R R
VEEBLIE SR A I 47 B B 88 . £ 2 T #2431
SR e A AL Al T R 2% R 4
FRAE SHE SR [R) 24 BT A B R A A R 0 — R
PERETFAAL R FH DA BUAS | e 7 JR 0 4 vl ) B 42
A 2 G R Ak 3 T B AR BOHE PG T BHL R
G, g A S A R AE R R B L R R B
7 T AR 2800 3 T 52 3 A B PN A R A Y 3 TR AR
FIE 2 B B[] PR ] B 22 118 Ak BHLIE SR O R IE Al 55
i AR GE I P RE R AT S R T R T S A A A
B R H AR R v RS R 5  B E
SRR T R A AR A LSRR Y B A 2 R L BB
AL [R] N A 227, 4% G0 15l Ak i 8 38 5 15 BN
FH K 2 1 1 SCAS A 8010 Ak B 7 o 1 4% 400 A 5 22 1t
TR A5 BRI R Z AT R A B R AL B fE 2k 4 R T
AT, Bl 22 0 9 25 IR 55 i B ) e 2 1Y
R 55 22— T ) 22 S AR A5 5 Ak L v 3 o 1 ML L
FHR 4 2 o A0 5 WA 5 75 I 55 LA 25 BUAR 55 1L
SRR A S IR 55 PN 5K R IR 45 4. {HL E ik 28 1 6]
1o I K 1 22 AR B 55 AT SR A2 A7 78 B0 v 1 38 T
GRS €L N I SN A Y €L
O PR (A L S IR 55 J5i e RS A2 31 T
i AR

FLVR S DN G 5300 AR 1Y) £ B R 10, IR 1Y
F K 22 5 1 a0 fuf 42 v&5 SR A TG00 43 B Ak 24 1)
KB BGH B T RE R IR A B T R G At
A& 1. FriE & 48 4 ik i (throughput) F§ 1 &2 — &



J G S R B BRI B

1227

TR Z 48 S A7 B[] py AT ik 3 04 i 55 1 oK 2L 3 L
A T B R AR AL B B B RCR L BE S A T X
GPU (graphics processing unit) 8% A % &5 3471+ 5&
-5 B R P A B AR B ] AT ML (H H T
BT GPU I i £ Fh g K 2 R4 2 A B
Hi7E GPU V& b398l 5 B AL R A7 4l ds Z 18] 2
U DU | DRI 803 1 2 R o A PR A 1 ER
MBS HR 5 7 TR e M i A T E AR Tk
T A2 T T T 4R B ) % e i A 0 T A R R

PRI 2 70l A2 H s 4K Y e i RO i
SRR SR AR SO B 1Y e 3 RO T By ok
TS 20 B BT B 38 RGO R T vk
AN L 45 6 07 AL RE 4 45 4 R ] AR 2R 45 4 1
B, B e A G A T AR Y A Sk I 5 ) A &
i B i DL AR 2 [ L

2 ERSMFREER

AT ) 55 38 £ () G AT E 58 32 2200 S a8 H 40
R AT 55 W9 AH O 1 23 L 9047 BIIR L R 0500 1iE B2
WU RSN A 2] Bk L EMG AE SCE B O G )
(0 AT R AT A OF AT 2 Byl il S N 2. T
K A4 43 0N 3 A AH G Ty TN B 5 VA AT 4T
A3 Hr.
2.1 SEEEGUMITEER

e 3 A R A A S5 A R B P R
AR 2E 2] FAT 55 0 — AR 55 MK 28 AT 55 2 [
FEAE R0 FH A ) 1 B =i 2 oG R K4l 1. 4 2R fig
3 3 ) ] AT 55 18] B9 R O A R 500 8] fr) A DG 1
RE AR K b 2 2 IR B O T BEAI T 5 200

1) A RS B, 762K 42 48 L Ge 1127 > R
WG RE AR S5 Rz L
B AR 2647 R CCCAD D45 3 B %) AH 56 Pk 45 19 J2: 2
A BEBLAS a2V EE TR GE T MO G R Xk
D7 SR N T AE AR R ke IR A b A G
TE 2 AR S0, A BF 90 35 4 92 3 SCAR O 1
(semantic correlation)™ L 5 Bl $2 55 K6 & 19 1 fig.
T SORH S M AT A1 02 55 T 2 i 4 A i) ok B 0 3 L
(). E ML 2~ sl b ) T AR VT 55 00 AR DG PE 4
22 RS PR Re L O A R Z BT R Lt
T3 26 Il 9 A3 2R S AT 55 bl T B o
(transfer learning) , Fl| FH 7E — /> 18 _I 2% >J 3K 45 A9 455
T ol U B 55 — Ak B 2 ST S R R
A b AR i U5 A H AR S A R DL RAT 55 A E

BT 55 & A AR 7T LUy R 3 26 I 98 3T 78 2
(inductive transfer learning). H #f = iF # 2%
(transductive transfer learning) Fl1JG W5 B iF #8 2% >
(unsupervised transfer learning). Q3 4T £ 2% >
b BT 55 A H AR AT 55 R AN — FEEH AR DG Y.L X% 1)
AT E AT T 2 A 55 2 HE R (multi-task
learning) . U1 AT 55 FFAE 2% > 07 R0 E W Ak 1 24T 55
o)A @ BB 2 T b i R AL B A R
AN TR AH 5 Y 2 4 Bl 3 2R H S i (domain
adaptation)" 45 J7 k. @ JC Wi B @B 22 EE A5
TS | A R % A A ) A,

e 3 A PR R B 1 R RS I G A 1Y
o 3E AR I R A R TR AR O A O 1
Ab ey i SR it ST ST AE R BT — R A
AR FAL S 9 = RRATE 55 DL S s & R E T
PG FTAILIX Fh v A A 8. AN B A BF 5 AR
AT DL I T B FAT: 55 00 A0 OC M 4 o B A 2 )
A5 WP e R T B Y. B ETE X T 4R s AR A A
RGO AUAR DG A BT W8 JF A £ DL

2) PRI IR e . Tl A A B AR 1Y
PEREAT R . H AT AR T3 & 24254 171 L) GPU
b W R . GPU A i b — Fp A i b B
R AL H R o A B A PR 55 0 A% 0 4 R Y P
G A B A Sy AL B fin 55T AR BE3D JiE 4t Ot
Y5 AL ST 5 AR J5T 0 PR A5 5 2 1 IRTARATE: 55 DR A
A B S AR R IR R ) SCHE

GPU &4t T 2 4~ J2 M iy 38 17 #5. L NVIDIA
() Fermi N, EHAT 3 J2 00 P28 -4 A EE Ak ]
% 1 7% (graphics processing clusters) 16 /™ [%: 5]
Z b PR 5% (streaming multiprocessors, SM) 512 />
A2 L. A TR AL FE 4 4> SML 4> SM A4 32
AREEL R TR R . GPU 353 e/ 1 B AL
LA AR S WAT AL — A warp WHAT.
T GPU (1 FF A7 1 L B2 BR i 45 3F 5 7 4% B0k 2R
TCEAR I3 0 32 W BRI AL L 25 ) BUAE R 4 A
fRITR 2%

Bk GPU 4. FPGA 4 )™ 2 I H 2 B4R 31 5
H. FPGA — i1 2 F RAM 9 #8 $#£ % (LUT) \DSP
B SRAM He 28 n] i 28 e B0 = 4 22 90 I A% B 42
M. 76 FPGA [ n] DL SE 30K & 19 32 548 0. 3 38
TR ¥ DU = BT 5 AR ME 4 2H U S g TR AR
T 2R OpenCL 45 AH XF &5 )2 A9 18 5 ok A
FPGA. OpenCL Xt B i Gt 2 42 45 7 3 A~ JZ 1 -
computer device 2% . compute unit 2% UL} processing



1228

HEHMIR S KB 2017, 54(6)

element 2. 3 #£ 9% ) 1 L OE 09 3044 v H =22 18]t A7
TR,

AR s R T A7 1T 5 A B AR AT AR A AR
BB AL 4 T R T B A% 3R B R BT B A 9
RGN E LA R T, Ko S5 AR 8 55 65 i 7
B AT ORAG T 2 5 R 2R G0 T T B A AL AR
JEEE T — AL R R A S RS LA
B W S AR A R B R B0 8 R S5
Jo i i R BUALSE B 22 P i 94 2 1. Zhang
G NINBEACTIFE R A BE 25 1 T — Fh 2 il 43 T 5% A 4T
55 1 549 . A BA 3] SiE SR R A BT 3h R 2 1) BE 4T O
i, Jokhio 2 AN T 2= 16 1t v B85 4k i 1) A7 it
S RIS AT 22 (8] ) BE AR AR 56 &R L IR BIFSE T OF i
TR 5 17 it 8 RS A 1 9 R SR w0 SR, 2R
SR AT 55 BB BT DAL E 58 2 A8 1Y, 22 AR
A B RO AN 0 2 A AR R B

T 37 B 52 B R 25 PF I BRI, B Al &5 & &
B 7R Ak B O A P A5 R A Ak B Ak B B 5 T AR A
BEL. S 750 1 T ) g 30 B AL A 2 1 B A O Ak
WF5E H i 224 o e 00 RN 088 32 i 45 T X
Y ff B 7 FH A8 2R 25 4 JE AT AR AL 1 B R AL TE 4 R
5 J7 11 » Cho %8 A FIJH Cell 4b BE#RF75K B SPR 25 #4
HEAT T H. 264 fi 5 i A8 L i 581 Meenderinck
S NAYHT T N H 3] GOP 9 14 It A 2 53] (4 Bk i
5347 97 ¥, IR 4R T 3D-Wave (el =070
Tilera 4b 3 &% 1 B E 17 65 47 ki T MOt 5% T4
WL T A R P A R D T S
HLIAT PR AR B AF 58 TAE £ B8 TResh UK &K .
AR K6 I 45 5 1. Diao 58 AW 580 78 #.4> GPU I
[ B HE AT R A AR R 5 PR T2
GPU A7 9 R A 1 OF ang 25 A S2 9 T — Fif
FRAT AR A 250 Rk L R A %] T CUDA
SEELA SURFE SRk PERE 19 46 f5. Liu % A H Map-
Reducedfi#I 8 GPU Sl T —EIHAT MG R &R
g5, SHAT R T B B R T T 20 A5 Bk T
U, ARG 2% 4 A58 2 I A7 U8 Ak X B8 T R G0 1R 1 g
EH 3.

o o | B S B = R TR L i S &
PR A B R — A T A AT T ) B T
— MR BRI . R 9E 32 AR A an el A
AT AT IE 0 1 0 (R R AL R s 42 T RS AT 3
BRCR. T AT B R R AL IR AN
RS BT L T A AL ORI T =
B A7 B PRI o AR A I 48 5 250 AT — B HE R Ok
AN SR e =R g A = NNk W ol |1 L N7k =l S

NG AT AR AL A R IF AT SRR S 4% 2 A
5 1) M [ 8% g LS B G0 1 g A
2.2 BREBEEERGMMAHTE

1) RS WA ¢ Ak 26 7 AE g o S AL e
A PR ) SRR 118 — A B AT o B Y ) — BTz
SRR e 3 2 AR AL 43 BT B N I s 80 A5 A s
FRAE P2 . 33Xt 75 22 T % 1 38 4 1 PR A5 00 000 A AIE 42
i B S A N TR NESR R T S (1o o i
Br. WFoE 3 © &4t TR 2 IR AL IURAIE | 3 2L R AR
KARTT LL 43 N B 09 R i R B0 27 ) 194
T L.

N BT 0 AR A 45 iE 2 S 18 R 7326 L H
BB RARAS 2R AT A0 A 45 Wi 5 AR 4f P15 A0 At
B BC T 58 P ) ZRET TR L MR HE 2 23 1 U
PN TG 3 0 45 QF 4R 7 V5. X 2 07 125 0] L) g3y ik
T3 ) B ) e AR A T g it S A I R AR B T A
(] A AR AIE 2 2 ) T a7 A Ty ek 4 BBOUR) F 1 1
23 (] SRS B A Gabor $#4IE R ] Gabor /N i 728 i
SEEL RIS B AT 1 % R Gabor /N BE MR A R Al
77 1807 R 7 R 04 JR FR AR AR o — R i)™ iz i H
1 B BRRAE A DG AR A ) 1 2 X Gabor
FROESEAT 747 BT 03t 40 A (AR AE 32RO i &
BEIE A R R 5T B B M R AR AT e T B
AF R B 55 ELRRAE. 3 5 vk AT LR A P L ie
FEFNRUBE S5 AN AR VE M AR AE. B Lowe 42 i (9 SIFT
(scale-invariant feature transform) & B FE
PR TAEYS . SIFT H A& ARG 17 5% L e 5% L 0 4 45
AR AR MR VT EE L H BR300 F H A D 55 5 18 75
2Tz AE SIFT RFpAE R 5 & L BF 58 & 42
TARZ B T GE 3 o0 A 1Y R AE R 7R J7 ¥ i SURF
(speeded up robust features)™!, HOG Chistogram
of oriented gradients) [, LBP (local binary
patterns )®%), BRIEF ( binary robust independent
elementary features )®Y, FREAK ( fast
keypoint)** Fl BoW (bag of words)™**. A T i1t
AR RFAE A 4 S B9 B FH 1) B IO 1 AN RS R RCR L (B
S X AR IEAR T 4 58 1 SIS 0 MR T TR S
56 PR 22 i i R 52 3 S5 v 0 52 2 LB 5
FEAARAE. P 5 2800 5 2 2] 19 J7 12 B Hh e )
FEATHE AN Y EHR AL ARURRAE.

T B 2 ST R AR 3 2 2] T vk AR B R
PUATECHE rh 42 98 B0 N TE R Ros O L Bl LA R
P22 ) 28 CCNINs) S A3 09 TR B2 22 2] RRAE RS 1 1R
Ry TRBE 2 S AT b —Fh 22 2 0 48 W 4%, 3 ok

retina



J G S R B BRI B

1229

EFANE T I ON- &€ i R NN HE i SN
B LA H AR SR BT AR )2 AR B 5 2 R A
(032 A G TR B 2 2T ) I A S0 B A
BRI A5 ) R L 3 AR R TR T V2 1Y 40l e
BT HA R S ) e A I 5 03 2 N R
YK I B 1 R 0 A . F OB B 4 N 4%
(CNNs)7E R UL G 5 KA 55 WA T 58 . iF
FEAIIXF CNNs #4717 AW a9 2ic ik B $2 Hh 9 CNNs
R M 2 75 2 R BT 2 . AN AE 2012 4F TmageNet K
JUBE AL 581 31 5 8 (ILSVRO) H Krizhevsky % A4
HiB 7 J2 AlexNet ™ Mt T fe b i P fig . H: top5 43
Jp R RS 16. 4%, 7F 2014 4F ILSVRC 3E 26, 45
AT 19 J2 GoogLeNet [ top5 4 24 =
R 6. 700 RN 14 X 4% () ST AR O =
SEUERA Y L (H R AR s 7 I 25 1 .

L bRk, HRTC & T — S B 5 000 ¢ 1iF 9
I T A LI L R B A T RS ORAR IS
A B X T ey a8 S ) R A Ak B oKL N =
IR 55 4% B K 5 EE AL R AR B F s B A X S8R AE Y
P& W7 ¥ 0 5 A R LB D K D v
{18 PTG PR AT A A0 Ak 391 ) S ) 1 KL 8 A Ak P
i 2 PG A AR R 1 2 O T 2 — Y. BF 5T N Bk
T A R T BOR 3 R MG AR AIE 4 HUih 5088

2) MR R 2 R 2 R AL B R E 4R IR 1w 4
BT B R0 A 2T B, H UL T 1k 2 LA AH {RLBE 208
BE R B S S (1 — 26 07 ik S 7 SR 1R 45
AR A O X AR R i 45 R
fEGEN b AR RER IS I A
Gr b PR AR W TR R E O IR AW
G381 Motzkin NS UE B 7 78 AL E B AR
AR T IR T LRSEHN O — DAE R AlE b i) Atk i)
AL X b ARG P D e B A B A E R R L
YRR M 3B 07 i (dominant set method). 34
J5 e o B M Bh & (replicator dynamics, RD) J5
TR SR Xt B 1 A o Uk Ak ) 8. Rota Bulo 4%
NI R GE W 45 8 n AN BT RN 5 4 B T 4 42
TR A — Uk RD & AR A Y I 1) 52 2% B 2 O(n®).
XA R Ml BHL A T ] T Ak O RS R . B L
Bulo & A& 17— Fl gk e 4 982 2 A 48 AU (infection
immunization dynamics, I1D) 3 3R f# 1Z #5 #E — IR AL
A1) R, A 45— 25 O Ak %) B ) R 23 1) 52 4% 3 I &)
T OGo. BRI B F 8K D %R EZ g — 45
A (1R SR HE R I L S A Ak 2o R ) B ) R 25 (] A
FEAI AR OG®).

TR 2 HO B T A T — DB
Jai il DI B DL AE AN R 2548 s 4T RD 2 AN &5
Lo Lk, Liu 88 AP 42— Fh 3L 48 R R
JB I J7 15 (shrinking and expansion, SEA). X ff J7
245 B A 9 RD A6 21 BR ] 75 — /N Jay 3 X3 E 3
AT » AT A R b 38 A AN 0 B 1 B5F ] 0 2 () 4 . FE X
TG OL T SEA Y I [R] #1125 (8] 52 2% B2 5 14 i 1) 2 dt
RN, BT UL, SEA BT I RS B % B
— AR % R R R R B2 . AR 4R BT Calfinity
propagation, AP)Y g 55 4h— Fhatlag] (L A $ e v
W) 753 IF Rz T 2 AR R E B A . &
(89 5 b — A A T 0 5 750G il 5 28 1 K i
Xy vk AR R AT S s ) Oy N R R
eSS W NTTIRE-F NS N6 SR B R P S L
IR A AERE. WEER (mean shift, MS) 5 4k
TAR SRR T A b E AN R X AE T AR
FRAIE 2 R EE T R EA AR, R WEERE S %
31| 48 27 55 1 FI AR AIE 4k B 45 DR 3R A S ). 22 T 4
BURY B T AR I i O vk Y AR I 2t R
AR T HE 8 AR A5 HE v A D 5 & AR 31X 2807
5 R TSR AR A I 1Y T L AR R b s R A
&% [B) 2 A= EHRAE O ). [l INF L — fi 09 Bt Mg 2R
KA B A I AT A0 W BOR i e 7 28 &R G2 5
. i EE AR N T IX 2R T i Y v A AR A K
1E Z2 AR RT3 1 58 07 T 00 2R 48 52 B L 7 [ A AR
A .

3) BT ZAL % Z Rk 2 > O ae 18 X e il i
TR TE 2 A FRE RO B ER o s Ay, —
AN TRT B0 7 S8 T K 2 R AE PR R — S KRR 1)
i AP OT SR A AR L AT R A o
J5 A 2 A G AR F R L AR B A
U ST AT RO ] 22 R AE 2R 1Y 2 MR B A ) T
HAREBA UGS 2 A 220

2004 4F , Lanckriet™ 1 Bach™" 43 51 £ A [7] 1Y
SCEHRER I T 2 80E ) k. SR RO £
127 21 7 B e A SR A B R JBT, DR Sl H B o 4K
N EA TR A H W Z R A TR 2 250 R A
1 QCQP Jr ik a2 & ML (SDP) J7 k& i LAfigk
SR Sonnenburg % AHE T AT LAY 81 e/ 4E
(SMO) SR AR AFSE 2 (1 BEIn 2% AR SR BR ) 1 22 4%
2] Jr Ry S E. S T B X — [a) B, Sonnenburg
FNOTE 2006 AR — Bl 3T cutting plane (K
MR AL Ty ¥ F7E T H AL Shogun S8, 51 & T
ARG 22 W R G . i — 2P, Rakotomamonjy 55 A



1230

HEHMIR S KB 2017, 54(6)

7E 2008 AE4R T SimpleMKL' 4 £ 4% % ) [7] i
FH— 2 LBRAE B AL L] Calternative optimiza-
tion) e AL IR 1, A 45 0 A AU 1% 00T L A1k
— AN SR AL R A ) R B IR 2L TR
JE SRR A AR S B AL T . A B BRI AE. I
2 0 BRARAE RN W A AT H B WS T A
RE PR E AT 42 Jay Foe A0 e AELAT DR UE 1 A5E 4 I 5 1) A1
O 7% B FIAR A 1 & W A DT A A5 22 4% 2 ) O 15
WA AT R R L IF BTz A0 TR O AR BF Y

2% 2D W — > EE R, 2 A A% AL R
BOHEAT IV DL S e, BT 58 1 B Y 2 X e R %
ATV KR IR BHE 255 (L1 norm). Bach % A
& 0 R A2 A R 1T A 2% 0 45 R R GE ) Ak 2
AR L Cortes 8 AHR T — b L2 {u =0 2 #%
2 U0 A ] BT AR I — A — et Lp 18
LY N 2o A% 2 T R0 2 A A ) SR S Al 2
M1 5 SimpleMKL & L ) R fif i #2. Vishwana-
than % Nk I 247 > (0] 5¢ 4 7] L] SMO H 4%
HEAT SR 0

X 2825 2 A B IR L 2E B TS [\ J7 T
HEAT T ®F 55, B0, Gonen %6 N7 4G 2 4% 2 ) ) 4
JAAZ AR Y JE R F AL B 2L, X — S AR B Yang
AR S04 — R A U 2 % 2 ) A
Suzuki 55 N\ — 25 % 2 8% ) 1 Al 9 SR PEEAT
BT IF T —Fh Spicy MKL™ J7 4 ol I I MR85
J& ¥ (proximal gradient) X £ ¥ 539 K18 i 17 fi
Ak 38 2k AT AR N B AT DAAL 3 B B A £
1) [al . Cortes 28 A FIJH Radermacher B 24 &
R AT A% A ) (I BT THRE R o0 2
FAIWM R EAA —ERNTE T REXL.

TE SR I R e R B S N E T4
P A TE S IR A | 0 e 1 S35 ] L 2H 4R
WordNet! 5 Flgz SCAS 14 (14 25 #4 T 2. 30 Fh e 1 08
P53 40 ARRAE TR L 25 T A8 23 A AE H AR L. SR A 2R
XF WA T SCAR B 3EAT 23 i . K B — i 0
A6 T ARLAT A A A AR 22 e T A R T
K AR AT Y B AR 25 5 Bl X4y i 2 5
50 R AT DA B 1 SOME & =22 ) 45 B S 2 254 i
A, DT 484 5 ASE R A S B N ] A T R 3 K BE .
T A X BEAF L T JLAE — SR B R i ) 1Y O R
BEAE . Bl 40 Parameswaran % AU B K i AR
277 ¥ (large margin nearest neighbor method)!!
PR AT: 55 BE B ¥ 2] s Hwang 8 AV 42
o] T IR R R Y 5V Ok X )2 IR AR 1 ) A
451,

SR © A WFIE 3 AR h FE AR B AL AL SR
fife 2 7 T X 1 LA S (R R AR A R AT 55 A AR
(1 v 3 A 5T A A0 R S

4) BRI ey i 2 RO R T ARk
T AR & LA 2= 2 BRIl & e, TR 2
SRR B W AR R A B — b R T v
KB TR G B R ph & W8 A T 2207 2%
Ik &. Hinton 48 N 7E 2006 42 i —FiE T2 &
222 BR U IR 2% 2 WL R AR Il T — ]
B S B R A AL O v TR EAER] (2 JE fl & ™)
260 3BE TR T R A i R A RS ERY R AR, A2 B T
SR L OCTE . AR G 9 iz el U HOE
TG F K2 T A 4 4% (CNIND
oI — Fh I B2 2 2] AU g Bl ] of Ak 3L Ry o 28 AR
1 R A 5 (55 A8 Rl & 7 Hinton YR 24 21
) T HRE 2 e CNNBE B IR 223 — i 1 4 1 iR
BT 5 O S A R R 5 o 00 B2 4 28 T K 4 | 3R
7 by r B VR EE AR R 10 Y0 i PERE AR T, &
TR 28 00 268 5 1o % J5 4 R 2 12 2 ORI a8
TRl A0 RTRR R 2 A o T 0 A5 S R AT A G o 3R
B LT B P B A T T Y 2 RRAE
W TE 22 908 B2 1Y I s A i 23 22 18] 1Y) 4 3% 0 )2
ol s 12 0 2 D) A 3] 1 X6 o VR AE i L 326 2% R il
G HE. X B2 9025 > HLH A 250 v Ik 7 A e
5 IR R R BITE S Z 8] ) BT SO A
s B 28 X 285 118 L) o FH A R M8 e 1 2 AR S 56
T (A5 3T A R TR B 2 ) 5 W I AE T LR
(19457 1 s Je HJR BL AR 2 > VB AGR B T S AL
LY B R S A E | H ARIE Ak B AR 45
FE ZR 50 5 B T TR B 2 > () A5 7R )1 2 f ) 4 R 4
i 3 Hadoop #4724 215, 2 J5 o 21 & vk BE T
BARGPUBIHE RS L, U1 Zr s B3R5 T A f
HEE TR AR T SR X TR B R 2 g 2E ) iR
LB S R i — PR R
2.3 SEEWNMAEBAE

P P A A ok R A R A 4 4% G A A T ()
P N AFAE )12 1 08 A8t DR A v 3 %) 4 A3
A I A0 15 X A% G B A 59 P S 104 Bl O AT A 3R
T 2445 18] i A7 4k

VE g —A38 24 i WF 5% 4 i R, BT GPU o
G HEVC ga i 41 4 5 22 09 52 AR 0 (8 F1 B K N
FHHT S 5] 7R B T2 R FLRN Tl B [m] 451 485 11
I N AR — ) 1 I R i 5% 3 44 I F 52 HLAA
# Microsoft, Intel, MIT,CUHK, CityU,ICT,PKU



J 4 WEAE: - i 3k PRURAAR 5

1231

51 s HEVC 4 5 2% (0 45 0 Y Ho,
BB E T 38 Bl Al 45 = R ROR 3 %
DR P AE SRS R 5 T R B B R RN T
Y. th T HEVC kR 2013 4E W15 . H Al & X
HEVC By JFF47 J5 i 3 %2 J2 10 ) LLRT R 900000 4% 15 Fr

i RAR I L IFAT E AN i AN BESE 2 L] GPU X
2 Z MR AT, [R] I X 28 147 7 ik A BE L 4% I ]
T HEVC ARifE 2 5y T 202 19 280 1 58 % an e 1
PRUEZ A RBCR A1 00 B 48 % HEVC 147 4 5 1 IF
7 BE S I v WA G 5+ L Ay R A A A ) R

Coder General
Control Control Data
T
1 1 1
1 * 1
. . Quantized
Input Video 'rD, 5| Transformation -
Signal N & Quantization ¢ Transform
Coefficients
o Scaling &
__________ Lod_d o __ 5l Inverse
' J : Transform
A & Intra
H PN 3>
i v IV v Yy v | Prediction Data\
; o Intra-picture Filter Control Entropy Coded
Prediction Analysis Coding Bitstream
Intra/ Inter: F11te£) Ctontrol
Selection 1 v Y -
A; < Moti De-blocking&
otion e-blocking; .
Compensation SAQ Filters Motion Data
| |
4 Y
Output Video Signal
> Motion Decoded B g - > Data Flow
Estimation [~ Picture Buffer
----> Control Flow

Fig. 1/ Theeoder of HEVC

& 1

D IR A7 B e . ARk 5 2% HEVC g 7%
THAR A AR v i T AA I RN U A Y W e R TR) R B
G T AMEE A E AT, SO T B U
5 R S B v 3 AL G B R SR T AE

TR T R G g6 i ES A, HEVC 1 43 5
B R 25 W) ARG K8 T i P = 3E £ (mode
decision, MD)YGHEVCARHEAR L RN T 2 5 i T
17 4 fi7 65 0 %Rs 5 E U wavefront parallel processing
(WPP)F, Tilest®™ f1 MERS™ . WPP X} 4 fi%h 5t £
(052 W AR /N AF 2 BE S AL 19 IR AT AR 5. Chi 58 A Jk
F WPPH T —Fh i o 55 5%, BB AE £ Wi 22 1] F
1o 88 TIRAT . fli F Tiles 4 B 143 R 1R £ 4k
S Z Bt 1) R RE R A 5 T AT BE L (B 23 %) G % BT
AR KA. WPP Al Tiles #52 EIME X 58k 2 8] i
FATHAR  MER W2 5 ST — > Jay &8 DX 8 78 1t X
BN A PU W] L 34732 30 4 31 (motion estima-
tion, ME). {HJ& i T MER Hi& ] T2 gl A i1
P B 5 1 H A R A OR TE vk TR AT L B AT
17852 B PR A

HEVC 4% 7%

R A8 47 0 BB AS 5] i 7 it (5] MID 32\ A
Gy R AR IEAT T ER YRR R I AT kT e g
(4 R T AT I A — T AR N OE AT 42 R 047 J7 1
MAIE A A i 3 DG 2 AR A1 w35 426 DG AR A B /N 11 e 43
FIRLC L BrA 40X 4 DEECAR H BT LR AT A0 #EAS 21, JF
7B v LSBT B H R R A T HEVC 465
bR, 2 E 0 HEVC B 9 5 80K, & #8517 97
R BRAE— BN EIFEAT . @ T HEVC Frife, f&
UE T 4S80 AR 2 47 B A AIK , AN BE 78 43 R F AR A%
Wb AT 5 AR 2 A 3BT,

XFF Wi MD J£47, Zhao % A2 H T —F fifi
i GRS iR CTU Z K 56 & 1 05 30, 5
T CTU Z[E W FFAT b3, A F S )E T WPP, -
AR T 5 AR . Yan 28 A 43 25 2% ok ok
i CTU R/N Gl 8/ CTU R/NRE K15
B W L, Ak #) 10 500 Jiang 45 AR
T —FpAE TU DU SRR A B 4 A F35 85 47 Wi ;4 351
IR AR T P T AT A T AR R B
WIFATE HAgiA 3 4.



1232

HEHMIR S KB 2017, 54(6)

ML EN BT UIE B A ek 252
FURL B If 4T (Tiles, WPP) ., Jiang %5 A 42 ) i &
VR T AR B IR A TR IR AT BE R s X A ™ A
27 ifith 2 G0 B A i B8 7 ME DL S B Al R
LI

2) JFAT R BUE P, B TR e B AN A G
F ) 2 BB I IR [ R A A 2 A I Al =
HEVC 2 5% 48 2 BERE 77 19 55 — S, H Ao ) 9%
T B ik AR 2 15 5 ) g A 0%, BT LA R
TR AT I S R WOt AT iR

JC A0 I AT 5 925 46 e AR IE 2 AL e JB) A 6 1 L IRt
PRUE T dn B R0CR 0 18 BOIEAT B 2 AR, 78 R e ug Ik it
R AR A L BRI b3 S G D B £ B A S
BEATAR B RO AT B S (D) froR . W ORI H
A3 T Wi MG K SF R0 3 Ly Y g S B g H
CIEAb R STEH.

Jmin(ceﬂ(g) ,H) . min(ceil(%) ,H)<C;
MP=
lc, win(ceit (W) 1) =C.
(19

Yan %5 A& T 38 P BRI LR RO AR
#5102 25 [B] G T 0 2 T 2 AN gm i de, JC R IR AT
7 ¥k B IR ARAIE S B 35RO AS B IR AT T R AR 1
AT GPU F &, 15 R 5 538 1 5 48 1 Ah B R .3
AN TAEBR I T —F A 517 07 - 18k 25 B g it
(14 8 T IO ik /0 0 g e () A MR AT R AT 55
I PN B A S L Yand@e NSO pic T Uk U 4 I
J¥ 7 [R) — G WP 35, i A3 0 T 0 0 e g O 1
UEUE BT WK i B b 7 2 KO B R T & S
F5 R U A 08 e R K AR TR T IRAT R AR R X 4
T & S EA TN PN

LA 5o T RA A AR . H i E AT 58 2k £ 0
AT BB RNRE g FlH GPU - & 112 55 5
JCANER T GPU F&. FEFEWEEENFENT
2 A~ [m) A

1) 2K 32 5 ) T o ] R o i A X B L B
A I HURLBE B9 34705 220 Tiles F1 WPP £ BE 78 7
A 2 R0 24 % ot ek 22 1 A A e ) S i ) 4 A R
SRR B AT R B 5 22 2 U B B K
PE 3R AR Y T AT AL FRBE 7L XHE GPU by 2t
mEE ) HEVC it 250 H |22 L.

2) FZHUEUE AR IAT I g RUOR R 2 5
Wi, A2 JE A7 I TE 3k 78 40 AL GPU (3 5 i
G s A AT TR S B 0T U P L A T 4 R B
6] AR DG it — 2 4R T OIRAT . B — RO AT

15 S ORI 1 I AT 2 B U B x F E— 2D R
# HEVC i g B A3 22 Y.
2.4 HEFEHNARE

AT % P9 AN ST BRI S A T LA L BLA
JICAR T WG 2 Y i T i PRI T B R RN R 55 1
R K RIAE 3 A5 -

1) 7 RO 388098 7 1. % 58 80di FAT: 55
MR DG PR Y 2 02 O T 42 & 2% S AT S5 bR dg L OF A
T T RS RT3 o v 24 50 A TG R S B B
FH R B 10 8 I & M A R 1) Bk Rl AR AR I AT
TR 5 = B AR A Qo] A B A T A7 TR R 1R Y
A ZR ALY R T T BT SRR T A I
AT VTS0 4 1) 44 R LA T R 2 X IR B R AT 1Y
LR AL  SBOR ST 123 WA PR

2) 1€ BG4 by Sk 5 . H T O A — 25
X RREAE P 20 B B i I AT A Bk (R X T H
FHAR L6 B 2 4% | 2 8% 2 2] R RUR L 1
OO e ME D A R A A i Ak B 1 I
B SR 5 (] A X Pl 5 A 001 BT 5 1 SC B e 1) O
TR .

3) FEMLAT 4 5 75 . H § & X HEVC #3847
5k A2 BT[] LA A A0 A0 A B A 1 S R 43 ik
AT AR ANREFE A A GPU Y38 W U5 4y
FELRIE G 5 R B DL F - 388 HEVC FR47 40 5% 19
FEATEE L & N iR AR fif e 11 ] R

At . H A8 U055 22T R G 000 5 a5
P 5 S T AR NEE O i M SL ik 3 N2
WA T 7 1o 38 o PG A 53 B3 | s ol e PR A0
S AT 5 i e AT G A 3 AN TR T IR
AMIFGE AR H I o G A B0HE = 0 & e 4
[N B i R S5 R DI T A R N A
R B L BRI K

3 ARERMRAM@E

ey 1 i PR AR AT B R T X S o W £ Pk R
Ak 2 iy ] BRI B Y DR A e O e IR L Ay
T A BT i e AR BT S B 5 S E
BB M MSEBRTT % 2 A5 TR IT AR HARH . R
KB BIFTETT 15 T BE AT 55 P9 78 I 5 353 4 4 5
Fr¥E i 22 J2 U VT B - S BLS 2 Hr 4 v55 3 f 25 5 10
A+ LA BRI 2 it 15 o v e AT RS R R L ]
4 B 5 e ek 3 4> D T AT T v e PR AR R
SR BHIE v e PR AL o3 A A o e O A A R
[ 5.



J G S R B BRI B

1233

3.1 SEEERGUMITERR

BRGS0 AT: 55 18 A A7 A R TU R AL AT 55
] 04, R T 3 o U AR 533808 75 B2 43 T i
BB A 4 R N Y e e RO RO . i
HEATAH I E S BT« I AR 6 AH OC PR o B 45 SR 42 =
HITA S, tanIEf T A i 5.

1) MG AAT T 53 AH O 3 r. 7 6 1t TR AR R0 A5
TR R B 2 ) DL RO AT 45 2 T A A A
o — 52 A S PRI 3 6 A S L aT DL i 333 Y
ReRECMERR. BT LA, S T S B e R A
TG T B G A B R T AT 55 R AT A S
BT, DAH P 23 T 00 % 2 58 136 55 F 5 3080 22 1) 1 A
MR BT 55 22 6] 9 A DG 1. DAAH G 43 BT ok 3
T WF T AT 22 BRECHE AT 55 =22 18] B A 56 vk A % 4
A 1) ST 5 0 00 R S P 48 o PR A8 330 1) 8 R
PEBE.

2) BG4 7 FE . A0 2 8 1o RS
() 22 J2 Ui B DR T it e RLAR AR BE  JR AT R
FLRAL 4 - O T ) AR AR T B I 47 B AR A
fif DR BEAZ AT I A7 1153 e BB P 945 b B N [] 17 A
FE ) JZ YR 22 (8] (1 158 DC o [ A 1 B i 485 8. @ 3k 1 &
AN 3 B A A 1) Bk p Ak L 45 A RS AT T
SR TP RO AT 55 B 1R A DG L 22 2 IR E SRR el A
5% LA AR T 30 o 10 J2 Uk Ak IR 47 4T 55 43 [l R
() THT i) Pl AR 1 B L 5 A AR ) 6 2 S 4 L B 45 9T
PN B K GPU 224 (BRI £ GRUW 4782 K
HEAT — 2 T2 5 0 R 3, D) SO A AN 38 e 1 1 5
T BRI BT 4R T RE A 9 S BRESCR) MR A A
IFAT B AR (BRI — iy 20 S s R 55
AR 2 AT B 1 S B )

3.2 SEEE®KRMMAH

PRI AR AL BTV T DTG J2 R AE 31 55 J2 0 L 2
AT L. Sk T S (SRR 5 BT 1) R L T BT R R
G ARATREAE )G 30 B L SR I 2 ) Bk I v
THE A il e PG AL A 3 A T AR 5%

D) G A B R AR B e 38 i AL W X SIFT,
HOG %5 % JH J5y s PG R AE 1) B 32 D5 B0 A o o 7
HEAT IR A BT o % 58 3 19 b ] 2o i dn R4 R =3
(] 7 3 N7 PELGCREAE A0 R L REAE A O 1] 3B
FVRRIE AU 3R - 00 TH 53 55 BEAT TR 40 A A B, O 42
A B AT A0 R A R A $2 BUT 7 38 0k R
SIUREAE IEAT A 1 7 1% 1) — R AR

2) BB FE R EE B O T S
Aub PV Sk PELAGOO0 A0 B8 AR T A O AT R RN A T SR
W 2R L) 3R 2N 2% 2] B Cln 3 1 B 25 40 1)

R SRR L B A e kR S R
i LDA) il ik 3 o ik E R F R S |
PORE BE A1 DL B = R s BROR.

3) e g G TR A T A Y R
5% 1 ) R AG AR T T2 ) B RN T e AT .

O T ZAL 55 ZHRAE % ) L8 18 X il
TR ANBF SR BB 2% B 10 28 M 22 45 A0 3 e 1 33 A Y
A SR 22 REAE AR R0 BE B 947 Ak 3 53 5 s R S8
)28 @ A5 B X 18 B iE 47 2% > 5 WF X 0 i &Y o) L1-
norm FIAEF B 29 3R Lp-norm [ 245 EAH LI BE 2 2%
2 B AT BRI S5 7 vk 5 1 AR R 9 B i o AT
FAEARERAE R R 015 B e 8L G 4 n] SRR
Ol RN Z R IR ZAT % #2515 B AL E LR,
M RGE LI 2R 5%

@ EG LAY o 52 G TR Q) v E 4
AT 43 SR o3 A A A5 7 AN [R) 1Y i 550 Ak 3
I I B BCHR 45 AR OGS T BN s T AT
A AR AR 12 B0z 530 B 51 0k v 5 400 o 5 9 A AT
AT R AR RS I 5 52 I T A7 A ) J31) 7 45 28U 1) PR 3k =
>R Sl 245 T T T L AT A BOAS ) e o 4R
B FI A S A A IS 1) 22 2 ST HILD . X o A XA
) AR TR SR R AT BEBR A [R] 2P LA
3.3 SEENMERBERD

Sy i v WA S Mg R R T LR D T Al
i i R B 5 R -2k L BRS RE AR (C-R-D AL AL | 3k
T C-R-D 5 #Y 1% 35000 A5 =X i 38 o 00 Ak B89 DA B 0
T C-R-D F 7Y (1) 1 38 125 000 2 fift i I 47 1+ 5507 k.

1) oy 8 o 400000 Gt 65 1 B3 23 LB R A
(C-R-D 7Y . F F 757 3 12 1 & 65 A0 X 34 38 2 1)
M8 7 — a4 kit fe. Bl b
SR A DY A R e b R B H R H
TS 5 20— I ) A Y Of 21 i L R R R R L
ZIRE A, R &SRR E SR E A
KRZAULGTA RS KREZHN LR . HESEAGCAN
TR EBIS T R R HE AR

2) HT C-R-D A 1y Ft P 455 =X 55 38 £ 10 A6 55
. HEVC W50 g A% AH X5 T LA R A9 190 550 20 65, K 20
I EEARBICY KB 64 X 64 K/NHHL, A H AR
(1 %] 43 B B AR 20 A K S 80 U BT g i
J7 Z 40 Hae R A R R AT AR B ek AR B m i
() G B 1 g 75 I 58 ] BT F IR AT 3Rk L TR R G
T S AR BT AE A B R 43 F 0938 3l % d8 B O i 25
WG ANAT B T IF 47 38 2 TH 53 A 4% Fh R0 431 it Py Tt
TN R 2% 5 FF 7E Fr 4 ) CR-D B8 2 F . ik
A FEA Gt R TT (9 B0 4 DA K B A B S =4k



1234

HENM R SR E 2017, 54(6)

3) KT C-R-D 5 BY f iy 3 A0 030 24t i 05 O 47
TR B T 5L 9 % PR T 4] o3 AN 2 804k
HEVC & ith i A0 45 7242 # J98 9 5% | BF I 98 i 45 X 4
Ak TR 24 A i M AR A g TP AR 2L 3RS AT R IR AT
THACRE 7 X B 13t 25 ik A% T R A A BN . T
AIFFEAN [ /N 114 T 728 80 A0 S A e 1 9 47 505k 5
ﬂtf C-R-D B 45 T 1 05 20 15 00 g8 5% 1) 047 5095

RETE I8 /0 20 B M BE 2 % ) 2% 1 1 B2 1 008 i 2
ﬁ’q’:ﬁ%ﬁﬂ? P 5 W52 30 D8 B AR AT 1L

4 REMZFEH

BEXF 25 3 5 4 A S B R R BIF SR O I L T
e 3 A B AR 2 [a]

D ﬁﬂfﬂﬁﬁd&@%ﬂ”Eﬁﬁiﬁiﬁﬁqﬂf%ﬁﬂﬁ
IR 5 1H 5 4540 IF- 471 19 22 )2 Yk DS JiE IR A8 2

TE G5 AT 21 )2 IR R BR 1 L 9
N 7 e ] SR L 45 B) DG I L[] DGR L AT 55 [ S HK.
[F] B g i T H A B AR B R A 2 R IR IR AT
PE .84 OpenCL 324 computer device 2% 317 &
compute unit 2% 317 L M processing element 2% If:
AT R T B TF G A0 = 38 A R0k 2R AR
55 W TE JCHR M AT 5 25 0 IR A7 1R D& J2 I et A5
A PR VT BC.

2) Wl figg g G A 43 17 b 22 3K B il =0y
1o 38 25 A LAk In) 7

BRI TR €PN &/ T U - A DN ¢
7, fn Ay 5 A PG00 v e o A SRR AL He R B
2N F BB HOR 1Y EORPE AR, 7 MR E &
)2 3 AR b X v e AR A 53 T 2 ?’R?:,
N7 A ) 7 SLAS AN RN e o i SR A
17 5% 30 51 U 2R 6 1k

3D far st S0 A A T s A ISR LR
L JR] B T AR 2

Ve A ek A AT G 5 114 A2 0 ] AT s S ) 220 i
CARTE VPN W 155 0a p- RS TR S C NP
%ﬂlﬁﬁ'—?%ﬁzrﬂ PN AW i TP

Rl CE VNN R G FUR WA N7ow & 1

ﬁgﬁﬁﬂ:@’\?\lﬂi LT SRR R L PR AR .

A SCET X v e G AT B ) R i e TR A
SrMT T B B A e R AR T B S T iR S
AL FFHE— e T A w5 T ik

RN L - a0 M7 1 e o AR A 53 0 oK
KT T 1] S5 M R B o2 [

2 % X #

[1] Han J, Kamber M, Pei J. Data Mining, Southeast Asia
Edition: Concepts and Techniques [ M]. San Francisco, CA:
Morgan Kaufmann, 2006

[2] Hastie T, Tibshirani R, Friedman J. The Elements of
Statistical Learning [ M]. Berlin: Springets 2009

[3] Hardoon D, Szedmak S, Shawé=TFaylor]J. Canonical

correlation analysis: An overview with application to learning
methods [J]. Neural Computation. 2004, 16 (12): 2639—
2664

[4] Zhang Hong, Wu Fei. Zhuang' Yueting. Cross media
correlation reasoning,and retrieval [J]. Journal of Computer
Research and Development, 2008, 45 (5): 869 -876 (in
Chingse)

GRUESSE ), . 5 I AR S B S K R A SR [T ).
HEEHUBRSE 5 &0 . 2008, 45(5) . 869-876)
[5] /Pan Jialin, ¥Yang Qiang. A survey on transfer learning [J].
IEEE Trans on Knowledge and Data Engineering, 2010, 22
(1O 1345-1359
[6] “Argyriou A, Evgeniou T, Pontil M. Multi-task feature
learning [C] //Proc of Advances in Neural Information
Processing Systems. Cambridge, MA: MIT Press., 2006
41-48
[7] Argyriou A, Evgeniou T, Pontil M. Convex multi-task
feature learning [J]. Machine Learning, 2008, 73(3): 243—
272
[8] Evgeniou T, Pontil M. Regularized multi—task learning [C]
/[Proc of the 10th ACM SIGKDD Int Conf on Knowledge
Discovery and Data Mining. New York: ACM, 2004: 109-
117
[9] Blitzer J, McDonald R, Pereira F. Domain adaptation with
structural correspondence learning [C] //Proc of Empirical
Methods in Natural Language Processing. Stroudsburg, PA:
ACL, 2006 120-128
[10] Wang Zheng, Song Yangqiu, Zhang Changshui. Transferred
dimensionality reduction [C] //Proc of European Conf on
Machine Learning and Knowledge Discovery in Databases.
Berlin: Springer, 2008. 550-565

[11] NVIDIA. NVIDIA Launches the World’s First Graphics
Processing Unit: GeForce 256 [EB/OL]. (2002-01-11)
[2016-12-20]. http://www. nvidia. com/object/I0_ 20020111 _
5424, html

[12] Ko 'S, Park S, Han H. Design analysis for real-time video
transcoding on cloud systems [C] //Proc of ACM Symp on
Applied Computing. New York: ACM, 2013: 1610-1615

[13] Wu Yu, Wu Chuan, Li Bo, et al. vSkyConf: Cloud-assisted
multi-party mobile video conferencing [C] //Proc of the 2nd
ACM SIGCOMM Workshop on Mobile Cloud Computing.
New York: ACM, 2013 33-38



J G S R B BRI B

1235

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

23]

[24]

[25]

[26]

[27]

Zhang Weiwen, Wen Yonggang., Cai Jianfei, et al. Towards
transcoding as a service in multimedia cloud: Energy-efficient
job-dispatching algorithm [J]. IEEE Trans on Vehicular
Technology, 2014, 63(5): 2002-2012
Jokhio F, Ashraf A, Lafond S, et al. A computation and
storage trade-off strategy for cost-efficient video transcoding
in the cloud [C] //Proc of Euromicro Conf on Software
Engineering and Advanced Applications.
IEEE, 2013: 365-372

Cho Y, Kim S, Lee J, et al. Parallelizing the H. 264 decoder
on the cell BE architecture [C] //Proc of ACM Int Conf on
Embedded Software. New York: ACM, 2010: 49-58
Meenderinck C, Azevedo A, Juurlink B, et al. Parallel

Piscataway, NJ:

scalability of video decoders [J]. Journal of Signal Processing
Systems, 2009, 57(2); 173-194
Yan Chenggang, Dai Zhang Yongdong. Parallel

deblocking filter for H. 264/AVC on the TILERA many-core

Feng,

systems [C] //Proc of Int Conf on Multimedia Modeling.
Berlin: Springer, 2011. 51-61

Chi C, AlvarezzMesa M, Lucas J, et al. Parallel HEVC
decoding on multi-and many-core architectures [J]. Journal
of Signal Processing Systems. 2013, 71(3); 247-260

Diao M, Nicopoulos C, Kim J. Large-scale semantic concept
detection on manycore platforms for multimedia mining [ C] //
Proc of TEEE Int Parallel & Distributed Processing Symp.
Piscataway, NJ: IEEE, 2011. 384-394

Fang Zhenman, Yang Donglei, Zhang Weihua, et al. [A
and parallelization of &n

[[Proc of IEEE Int

comprehensive analysis image

retrieval algorithm [C] Symp | on
Performance Analysis of Systems and Software. Piscataway,
NJ: IEEE, 2011 154-164

Liu Keyan, Zhang Tong. Wang Lei, A new parallel video
understanding and retrieval \system [CJ, //Proc of the 2010
IEEE Int Conf on Multimedia and Expo. Piscataway, NJ:
IEEE. 2010. 679-684

Daugman J G. High confidence wisual recognition of persons
by a test of statistical indepéndence [J]. IEEE Trans on
Pattern Analysis and Machine Intelligence, 1993, 15(11);
1148-1164

Zhang “Baochang, 4Shan Shiguang, Chen Xilin, et al.
Histogram of gabor phase patterns (HGPP): A novel object
representation approach for face recognition [J]. IEEE Trans
on Image Processing, 2007, 16(1) . 57-68

Meyers E, Wolf L. Using biologically inspired features for
face processing [J]. International Journal on Computer
Vision, 2008, 76(1): 93-104
Lei Lin, Wang Zhuang, Su Yi. A new invariant feature
detector based on multi-scale gabor filter bank [J]. Acta
Electronic Sinica, 2009, 37(10): 2134-2139 (in Chinese)
(T, A, 3. JET 2 N Gabor I8 A% 4 09 A AE R 1E
SRBCGE L] PR, 2009, 37(10): 2134-2139)
Lowe D. Distinctive image features from scale-invariant
keypoints [J]. International Journal of Computer Vision,

2004, 60(2): 91-110

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

Bay H, Ess A, Tuytelaars T, et al.
( SURF) []].
Understanding, 2008, 110(3): 346-359

Speeded-up robust

Features Computer Vision and Image

Dalal N, Triggs B. Histograms of oriented gradients for
human detection [C] //Proc of IEEE Conf on Computer
Vision and Pattern Recognition. Piscataway, NJ:. IEEE,
2005: 886-893

Ojala T, Pietikdinen M, Harwood D. A comparative study of
texture with classification based on feature
distributions [J]. Pattern Recognition, 19964729(1): 51-59

Calonder M, Lepetit V., Strecha C, etial.

measures

Brief: Binary
robust independent elementary features, [ ], //Proc of the
European Conf on Computer Vision. Berling Springer, 2010
778-792

Alahi A, Ortiz R, Vandergheynst P. FREAK: Fast retina
keypoint [C] //Proc of IEEE Conf{on Computer Vision and
Pattern Recognitions, Piscataway. NJ: IEEE, 2012. 510-517
Li Feifei, Perona P. \ A Bayesian hierarchical model for
learning natural séene categories [ C] //Proc of IEEE Conf on
Computer Vision and Pattern Recognition. Piscataway, NJ:
IEEE. 2005. 524-531

Sivic J. Russéll B C, Efros A, et al. Discovering objects and
their localization in images [C] //Proc of IEEE Int Conf
Comiputer Vision. Piscataway., NJ: IEEE, 2005, 370-377
Hinton G, Salakhutdinov R. Reducing the dimensionality of
data with neural networks [J]. Science, 2006, 313(5786):
504-507
Krizhevsky A, Sutskever 1, Hinton G. Imagenet
classification with deep convolutional neural networks [C] //

Information Processing Systems. Lake

Tahoe, Nevada: Curran Associates Inc, 2012: 1106-1114

Proc of Neural

Szegedy C, Liu Wei, Jia Yangqing, et al. Going deeper with
convolutions [EB/OL J]. [2016-12-15]. https://arxiv. org/
abs/1409. 4842
Tang Sheng, Gao Ke, Gu Xiaoguang, et al. High-
throughput video content analysis technologies [J]. Journal
of Engineering Studies, 2014, 6(3): 294-306 (in Chinese)
OB mAE et 45, mal BN &SR], T
PR —— 5 =R LT P i T2, 2014, 6(3): 294-306)

Liu Hairong, Latecki L., Yan Shuicheng. Fast detection of

dense subgraphs with iterative shrinking and expansion []].
IEEE Trans on Pattern Analysis and Machine Intelligence,
2013, 35(9): 2131-2142

Rota Bulo S, Pelillo M, Bomze 1. Graph-based quadratic
optimization: A fast evolutionary approach [J]. Computer
Vision and Image Understanding, 2011, 115(7). 984-995
Bahmani B, Scalable
k-means+-+ [J]. Proceedings of the VLDB Endowment,
2012, 5(7). 22-633

Lloyd S.
Trans on Information Theory, 1982, 28(2); 129-137

Moseley B, Vattani A. et al

Least squares quantization in PCM []J]. IEEE
Fowlkes C, Belongie S, Chung F, et al. Spectral grouping
using the nystrom method [J]. IEEE Trans on Pattern
Analysis and Machine Intelligence, 2004, 26(2): 214-225



1236

HENM R S R E 2017, 54(6)

[44]

[45]

[46]

[47]

(48]

[49]

[52]

[53]

[54]

[55]

[57]

Zhou Lin, Ping Xijian, Xu Sen, et al. Cluster ensemble
based on spectral clustering [J]. Acta Automatica Sinica,
2012, 38(8): 1335-1342 (in Chinese)

CRIMR, PVEH, AR, 4. PR R E AL
H shfk2F 4, 2012, 38(8): 1335-1342)

Wauthier F, Jojic N, Jordan M. Active spectral clustering
via iterative uncertainty reduction [C] //Proc of the 18th
ACM SIGKDD Int Conf on Knowledge Discovery and Data
Mining. New York: ACM, 2012 1339-1347

Anderson P, Thor A, Benik J. et al. Pang: Finding patterns
in annotation graphs [C] //Proc of the 2012 ACM SIGMOD
Int Conf on Management of Data. New York: ACM, 2012:
677-680

Angel A, Sarkas N, Koudas N, et al. Dense subgraph
maintenance under streaming edge weight updates for real-
time story identification [J]. Proceedings of the VLDB
Endowment, 2012, 5(6): 574-585

Wang N, Parthasarathy S, Tan K, et al. Csv: Visualizing
and mining cohesive subgraphs [C] //Proc of the 2008 ACM
SIGMOD Int Conf on Management of Data. New York:
ACM. 2008; 445-458
Motzkin T S, Straus E G. Maxima for graphs and a new
proof of a theorem of turan [J]. Canadian Journal of
Mathematics, 1965, 17(4): 533-540

Weibull ] W. Evolutionary Game theory [M]. Cambridge,
MA . MIT Press, 1997

Liu Hairong, Yan Shuicheng. Robust graph mode seeking by
graph shift [C] //Proc of the 27th Int Conf on{ Machine
Learning. Madison, WI. Omnipress, 2010: 671678

Frey B J, Dueck D. Clustering by passing messages between
data points [J]. Science, 2007, 315(5814): 972-976
Comaniciu D, Meer P. Mean' shift: A robust approach
toward feature space analysis [J].. IEEE Trans on Pattern
Analysis and Machine Intelligence, 2002, 24(5) . 603-619
Snoek C, Worring M. Early versus late fusion in semantic
video analysis [C] //Prof of ACM Int Conf on Multimedia.
New York: ACM, 20053 3995402

Blum A, Mitéhell T. Combining labeled and unlabeled data
with cortraining [ C] J/Proc of Int Conf on Computational
Learning Theorys New York: ACM, 1998: 92-100
Sindhwani Vs Niyogi P, Belkin M. Beyond the point cloud:
From transductive to semi-supervised learning [C] //Prof of
the 22nd Int Conf on Machine Learning. Madison, WI;
Omnipress, 2005: 824-831

Multiview

IEEE

Rosenberg D, Sindhwani V, Bartlett P, et al.
point cloud kernels for semisupervised learning []].
Signal Processing Magazine,2009, 26(5): 145-150
Lanckriet G, Cristianini N, Bartlett P, et al. Learning the
kernel matrix with semi-definite programming [J]. Journal of
Machine Learning Research, 2004, 5; 27-72

Bach F, Lanckriet, Jordan M. Multiple kernel learning,
conic duality, and the SMO algorithm [C] //Proc of the 21st
Int Conf on Machine Learning. Madison, WI. Omnipress,

2004: 1-8

[60]

[61]

[62]

[63]

[64]

[65]

[66]

(673

L68]

[69]

[70]

[71]

[72]

73]

[74]

[75]

Sonnenburg S, Ratsch G, Schafer C, et al. Large scale
multiple kernel learning [J]. Journal of Machine Learning
Research, 2006, 7. 1531-1565

Rakotomamonjy A, Bach F, Canu S, et al. SimpleMKL []].
Journal of Machine Learning Research, 2008, 9. 2491-2521
Bach F. Consistency of the group Lasso and multiple kernel
learning [J]. Journal of Machine Learning Research, 2008,
9. 1179-1225

Cortes C, Mohri M, Rostamizadeh A. L2 regularization for
learning kernels [C] //Proc of the 25th Conffom Uncertainty
in Artificial Intelligence. Montreal, {Quebec, Canada:
AUAI, 2009: 109-116
Varma M, Ray D.
invariance trade-off [CJ] //Proc of the 11th Int Conf on
Computer Vision. Piscataway, NJ: IEEE, 2007. 1-8

Kloft M., Brefeld U, [Sonnenburg S, et al.

Learning the discriminative power-

Efficient and
accurate Lp-normemultiple kernel learning [C] //Proc of
Neural Lake Tahoe,
Nevada: Curran Associatés Inc, 2009: 997-1005

Information/ Processing System.

Vishwanathan S, Suh Zhaonan, Theera-Ampornpunt N, et
al. Multiple kernel learning and the SMO algorithm [C] //
Proc of the 24th Neural Information Processing System. Lake
Tahoe, Nevada: Curran Associates Inc, 2010: 2361-2369
Gonen M, Alpaydin E. Localized multiple kernel learning
[C] //Proc of the 25th Int Conf on Machine Learning.
Madison, WI. Omnipres, 2008: 352-359

Yang Jingjing, Li Yuanning, Tian Yunhong, et al. Group
sensitive multiple kernel learning for object categorization
[C] //Proc of the 12th Int Conf on Computer Vision.
Piscataway, NJ: IEEE, 2009; 436-443

Suzuki T, Tomioka R. SpicyMKL: A fast algorithm for
multiple kernel learning with thousands of kernels [J].
Machine Learning, 2011, 85: 77-108

Cortes C, Mohri M, Rostamizadeh A. Generalization bounds
for learning kernels [C] //Proc of the 27th Int Conf on
Machine Learning. Madison, WI. Omnipress, 2010. 247 -
254

Miller G. WordNet: A lexical database for English [J].
Communications of ACM, 1995, 38(11). 39-41

Torralba A, Murphy K, Freeman W. Sharing visual features
for multi-class and multi-view object detection [J]. IEEE
Trans on Pattern Analysis and Machine Intelligence, 2007,
29(5): 854-869

Hwang S, Grauman K, Sha F. Learning a tree of metrics
with disjoint visual feature [C] //Proc of Neural Information
Processing Systems. Lake Tahoe, Nevada:

Associates Inc, 2011 621-629

Curran
Parameswaran S, Weinberger K. Large margin multi-task
metric learning [ C] //Proc of Neural Information Processing
Systems. Lake Tahoe, Nevada:
2010. 1867-1875

Weinberger K, Saul L.

Curran Associates Inc,

Distance metric learning for large

margin nearest neighbor classification [J]. Journal of

Machine Learning Research, 2009, 10; 207-244



J 4 M A v 3 B R R LT

1237

[76]

[77]

(78]

[79]

[8o]

[81]

[82]

[83]

[84]

[85]

[86]

(871

[88]

[89]

[90]

Hwang S, Sha F, Grauman K. Sharing features between
objects and their attributes [C] //Proc of IEEE Conf on
Computer Vision and Pattern Recognition. Piscataway, NJ:
IEEE. 2011. 1761-1768

Hinton G, Salakhutdinov R. Reducing the dimensionality of
data with neural networks [J]. Science, 2006, 313(5786):
504-507

Hinton G. Learning multiple layers of representation [J].
Trends in Cognitive Sciences, 2007, 11(10): 428-434
Bengio Y, Courville, Vincent P. Representation learning: A
review and new perspectives [J]. IEEE Trans on Pattern
Analysis and Machine Intelligence, 2013, 35(8): 1798-1828
Le Cun. Bengio Y. Convolutional networks for images.
speech, and time-series, in Arbib, M. A. (Eds)[G] //The
Handbook of Theory
Cambridge, MA.: MIT Press, 1995

Krizhevsky A,

Brain and Neural Networks.

Sutskever I, Hinton G. Imagenet
classification with deep convolutional neural networks [C] //
Information Processing Systems. Lake

Tahoe, Nevada: Curran Associates Inc, 2012; 1106-1114

Proc of Neural

Yu Dong, Deng Li, Seide F. The deep tensor neural network
with applications to large vocabulary speech recognition [J].
IEEE Trans on Audio, Speech, and Language Processing.
2013, 21(2). 388-396
Bengio Y, Senécal J. Adaptive importance sampling to
accelerate training of a neural probabilistic language modél
[J]. IEEE Trans on Neural Networks, 2008, 19(4): 713~
722

Sullivan G, Ohm J, Han W, et al. Overview of thé high
efficiency video coding (HEVC) standard [4.]. IEEE Trans
on Circuits and Systems for Video Technology, 2012, 22
(12) . 1649-1668

Clare G, Henry F, Pateux S. Wavefront parallel processing
for HEVC encoding and decoding, JCTVC-F274 [R]. San
Jose, CA: Joint Collaborative Team on Video Coding (JCT-
VO, 2011

Fuldseth A, Horowitz M, Xu, S5 et al. Tiles for managing
computational.complexity of video encoding and decoding [ C]
//Proc/of . Picture Coding Symp. 1IEEE,
2012. 889-392

Zheu'M. AHGI10: Configurable and CU-group level parallel
merge/skip. JCTVC-H0082 [R]. CA:
Collaborative Team on Video Coding (JCT-VC), 2012
Chi €, Alvarez M, Juurlink B, et al. Parallel scalability and
1IEEE

Piscataway, NJ;

San Jose, Joint

efficiency of HEVC parallelization approaches []J].
Trans on Circuits and Systems for Video Technology, 2012,
22(12). 1827-1838

Leupers R, Eeckhout L., Martin G, et al. Virtual manycore
platforms: Moving towards 100+ processor cores [ C] //Proc
of Design, Automation & Test in Europe Conf & Exhibition
(DATE). Piscataway, NJ: IEEE, 2011: 715-720

Bini E, Buttazzo G, Eker J, et al. Resource management on
multicore systems: The ACTORS approach [J]. IEEE
Micro, 2011, 31(3): 72-81

[91]

[92]

[93]

[94]

[96]

(97

Annavaram M. A case for guarded power gating for multi-
core processors | C| [/Proc of the 17th IEEE Int Symp on
High Performance Architecture ( HPCA ).
Piscataway, NJ: IEEE, 2011. 291-300

Yu Qin, Zhao Liang, Ma Siwei. Parallel AMVP candidate

HEVC [C] [/Proc of Visual

Computer

list construction for
Communications and Image Processing (VCIP). Piscataway,
NJ: IEEE, 2012. 1-6

Zhao Yanan, Song Li, Wang Xiangwen, et al. Efficient
realization of parallel HEVC intra encoding [C] }/Proc of the
2013 TEEE Int Conf on Multimedia and"Expo Workshops.
Piscataway, NJ: IEEE, 2013: 1-6

Yan Chenggang, Zhang Yongdong, Dai Fedg, et al. Efficient
parallel HEVC intra-prediction on many-core processor []J].
Electronics Letters, 2014,°50(11) . 805-806

Jiang Jie, Guo Longbao, Mo Wei, et al. Block-based parallel
intra HEVC []J].
Multimedia, 2012, (4). 289-294

Chi €., Juurlink B, Meenderinck C. Evaluation of parallel H.

predictiond’ scheme » for Journal  of

264 decoding strategies for the cell broadband engine [C] //
Pfociof the 24th ACM Int Conf on Supercomputing. New
York: ACM, 2010; 105-114

Lee J Y, Lee ] J., Park S. Multi-core platform for an efficient
H. 264 and VC-1 video decoding based on macroblock row-
level parallelism [J]. IET Circuits, Devices &. Systems,

2010, 4(2): 147-158

Tang Jinhui, born in 1981. PhD, professor,
PhD supervisor. Senior member of IEEE.
His main research interests include large-
search, social media

scale multimedia

mining, and computer vision.

Li Zechao, born in 1985. PhD, associate

professor. His main research interests
include large-scale multimedia understand-

ing, social media mining, etc.

Liu Shaoli, born in 1987. PhD, associate

professor. His main research interests
include computer architecture, machine
learning, parallel computing and video
processing.

born in 1977. PhD,

research

Qin Lei, associate

professor. His main interests
include image/video processing, computer

vision, and pattern recognition.





