a3 b &

20154 £5£60% 55 5-6H): 485~ 490

TiE: KBIBEHASRS A

N

www.scichina.com csb.scichina.com

@( R R ) Jeidil
SCIENCE CHINA PRESS

KRB A2 SRS EaY

le& fi‘ _g@@*’ }a /_’\!_:‘ i,l’: O*

O PR RFET PR R A L, M 210023;
@ BAFHEA G FEEIH ., BaL 210023
* B R A, E-mail: liwj@lamda.nju.edu.cn; zhouzh @lamda.nju.edu.cn

2014-09-01 Y5k, 2014-11-03 $5Z, 2015-01-22 FIZE R &% 3=

FI K HARFH 542 (61321491, 61472182) I E K s B AR & JETHH11(2012AA011003) 5% )

% MAEGERANRELRE, SATELRENEESZABRBEAE LKLY, RINEEHN
ABEHR. KBEEREZIORBEA) B A, BERAEXEZWNERBETE, A%
FhFth, CEMOMBCERAFARM T REERENAL K&, i, Fh, LEX
BAEM B RN T AR AR, TEASCUAH RS, PLEBFIRRLTT D, Bk, A&
M ZF N (ERABEFDERBEF LN RBALZL —. & ¥ I B EER TR H T

Kkl
KB
a3
KB

B R, TREEFRD B F M EEIH, TREREEEE, A0 EERSABEF
REWBE. B, w75 F I LFRENKEEF T TN — PR HRR. A7 @ 8 T

fIN4A.

SRR Ries TN QI 2 o AN 7D QI 3 W 'al L XN
DL R A A B AR Al &, #5472l B R A 5
P S 0 e A A R . fln, RRUIRL ) B A
7% T (CERN) Y R AU ik 7 X 5 ML A A0 7= A 10 080 v 3k
40 TB(1 TB=1024 GB), Facebook%g K kb F it 5 ff #
15500 TB, B B A A EC s R i 100 PB
(1 PB=1024 TB), BRSO, BRX™
A B OB A 11245 EIRS sh A 9 B i — 13 T 4
HRR, 201148 AN 2S48 A9 B 14 2] 1801247 19 (GB),
M H 4 4E 0 75 LA T 60% (1) 3 B 194K, 713 312020
A, RERERAR AR BRI 5 235007127 719 (GB).
KEURER: . &R, K%, B, M #HFH . &
F, A0 AR LA T A R L B
m, el iSRS, Y. WE. e G
BAETE N A A ST Y B2 R I E 48 S0 R R 2
K. B HURL R R B TR Rk Bk R B £ Y
X, B3 RO A B 2 4R ARl 2R R BB W
AT LA, RS © 28 H [ 58 J 2 i) M 0,

KEAE AT S FRA e B S AR A/ Tl
L B R P 2,

AR | f7hf . A . A BB B B R TR
FHRE M, WA RO AR, Pldsr ) HAR
WAL ST b, ML 2R 2 A — B S ok
KBGO (A4 H A KB B A2 5
P, [FIAh R PR E ) 208 . ShA . I ER B
SRR, CRLES 2 T AR T — 2Bk k. i
Aok, REIEHLAR ] (ERFR o RE R 1) Z 8 T
JZ T, LR aF ) S A AR B 2 —, B
R ASWHR L. 9] 0 Kleiner &5 A B3 T 48 i 2% > vh
Bagging it A H T B AU B SR FE O EEBLB, HOR
fift TR Bootstrap 7 5 21| K B4 B /Y 11 58 R 29 n]
Shalev-Shwartz fl1Zhang '3 T~ B L (FE LR )27 > ) L AE
FEH T B ETHCT B M Tr v, Fk SE B AR
R P 2% 2 . GonzalezZ: AR H T IE T 214
0 50 A0 P8 5% > HE 42 GraphLab, F LLSCEi L T
BB KA AL S 2 > . Gao%s AR T « PR o

10.1360/N972014-0084 1

SIAMER: R, FEe. REGEM A5 SR Sl%E. B2 R, 2015, 60: 485-490
Li W J, Zhou Z H. Learning to hash for big data: Current status and future trends (in Chinese). Chin Sci Bull, 2015, 60: 485-490, doi:




M % b & 2015528 £60% 2568

>J”(one-pass learning) it EAH, JTIRIFE2% 2 th L4
— il EE . B B AR PR T T S 2R
TEAUCHE AR X B 1) 52 24 2% 2T AT 45 1 2 BSR4 (R 3%
R WAMEEIR ZHE R, ARSCA KA.

M 72 > (learning to hash)!'* 25 ik HLs 2% I AL
R 5 e S B R o R IR R, B S e B
(A7 fit RSB A5 TR, DT R0CHE 8 2 ) R B RIOCR.
W i 2 20 10 E 2 2 20 BOCHE 1) 0k A RS R R
{645 0 A A5 S AT B b ORI 2 (] R I AR oG &R, BRI
TRARRIPE. BB, R 5O S S — BB
G ER A, 7 DS ()RR RL A 2 R 2 B 5 £
W i i 23 [ A R 20 . RIS A2 2 R
[, DLEMGEAE R, D bn R 3R & S Pl 28 35 R AiE
UG B 5 2 S8 e i, 38 o B e o) 2R A
A PREC AR, R Gk e 5 31— 8437 (bit) Y —
T A A, D s [R) AR R R0 A TR e A5 e e 3
AL (R T B BE 25 /N I 24 W i B, i 2% ) o
AFABL A 79 0 T 150 5 o ke Sk 8] AS A B0 (R I B B
KRG A iy, I 7 B R R B J, P e 2 1)
FERGZS (R 23 KR/, 28R U, T 2R 5t 23 [ vp g
ANEEAREARF L 1151024 BRI EFRR, 11MUE 1L
ASFEA B EE 5 1100 GBHITEREZS 0. M,
SR A A B A AR S A B A 128007 () WS A by, —
fEASFEAR A ZS 10l L5 % 1.6 GB. B A LA (fUTE
Tt AR =5 A PR 65 AR5 ) Ak B UGR R OR I, T BN T
AT AN AR RS, FRESAE S . (ELAN SR A 7 i
N, TR TR AT AR A e A, B S
H, [0 (PO REARL B Ml 58 )34, il TR £ 20 ) v,
FE AT RB(KNN) | S [a] LS VM) A5 (8 74 S5 2 )
B AL, WA A 2 T R AR L A B R
2 ) R R R, AT RE M RIERE . B — T, A
SRy A M A 2 2 A9 B B IG5 B () — s L
Ji 23 [R] A 2 B EEAIG, A A 2 2T A e R I B0 At
AT i 0 24 B ) M Tl . IR, WA A 2 20 1 K8 s
2z G LA

T RN FE R, BRI T S Rl
T A A i B ok R B ), AT A s A R
BOE N T LA Y, 52 R, 2]
2 A S s o A A R DA A
ROVFEARE, B BRR N EAE IS Ik, J5 5 R
NEARMAT TR AP RIS SR Sy T ik
AL, BHRARA 7v (RIRG 7 2% 20 O i) s B 1Y

486

h(EH§52)=
01100191

¢

NGNS
BNERTRER

h(B8%#)=
10001010

h(EtRe1)=
01100001

BERT AN
B (P2 ()i A S s R

Figure 1 (Color online)lllustration of learning to hash
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Learning to hash for big data: Current status and future trends
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With the rapid development of information technology, explosion of data has occurred in most areas, which means that we have
entered the era of big data. Big data has become one of the most important national strategic resources owing to its wide application in
a large variety of areas. As a result, research in both academia and industry has focused greatly on big data processing, including
storage, management, and analysis. Because the ultimate goal of big data processing is to mine value from big data, in which machine
learning plays a key role, big data machine learning (BDML) has become one of the core directions for big data research. By
representing the data as binary code, learning to hash (LH) can dramatically reduce the storage and communication cost, thereby
improving the efficiency and scalability of BDML systems. Furthermore, LH can also alleviate the curse of dimensionality in BDML
systems. Hence, LH has become a hot research topic in machine learning and BDML. This paper gives a brief introduction to LH.

big data, machine learning, learning to hash, big data machine learning

doi: 10.1360/N972014-0084 1

490



