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1.1 BUEHSmEAES

HHE¥2d (Data Mining) , 48 M KERESE T B R T P RNAERFRKR
PERBARAGE R, Ik AT BN AL B SRR, AR I — A R IR
HOERFZHRI ) SOW AL ANECE B RS & 1 DRI R AN . B v 1 B A AN A R AR B Bk
WS FHRTR R 0 RE, 2 —FRERRIER iR BRIZE 2 — 112 a IR,
WG BIRESARMA L EREANSG S, R REZNMEE T HBIEIZE SR
PR A

RSO 3290 - A R A v B 2= R AE, 18R] 30 4R, Gregory 1. Piatetsky-Shapiro
(t7& KDnuggets 146 N ) 55 AT 1989 4F 8 J 7E 3¢ [ I Rr A 1 [ br A\ T2 Re Bk & =il
(UCAD EBTF T — LT84 (workshop) , B X H T 411K &I (Knowledge Discovery

in Database, KDD) X —#{#&x. KDD ¥ kB Hlas 2>, giitr. BaiRnl Bl mr
AL mvERe Tt A, ARSI, MAM%E . FEERREAZ FRABARKER, HERK
30 4[] KDD Z# R | — ML, SRR R 158 AT 58 ek .

ERAEETFERREE, 1995 %, EMERZFRFA/RIEXAIF TE—fm “FRKINH
HaEzi” Eire AR < KDD. 1995 FEAEEE RN ACM 4 b, JFHRItEdEZ AN
K1IUR B KDD ) — AN AE IR B 5 L T ACM. &4 SIGKDD LA Kt B 1) [ b4 4%
P85 FR &K BK 2 (ACM SIGKDD Conference on Knowledge Discovery and Data Mining, {#]
PX SIGKDD) , £ H iy 1k SIGKDD T Hidfs 472 S i) TH 2% 1 B 23 180 o 23 U0 PN 25008 i 4
PEAZ IR AR B S . SEAISEPRRAT, P 1.2 384 SIGKDD Mot .

BARFZ Y8 B0 BT LR AR AT R A B HE R, mT DA ok RER e, R 3 A5 A B 1Y)
Hmls; WU CE. U, ZEEEYE. TR NFEEE. web ik, HREG
e B 2 R F A R AR BRI . R IR A DLR B JERER, R
A DL HANI, SR T FNRAT DL TE BB, it Do Lo8ds B 5 i
Yrgrag2,

422 KDD 1 — PR IR, T RX = #F i —

& 1 BURFZHEFD KDD XFE [E

5t A [ FLF
EAEI TR ot it MIARHR R %> (learning sets)
FR R I Fm B #82 R ATRe 2 1) B sh ik Bds 12 48 7%

! http://www.kdd.org/curriculum/index.html

P EET, 2 BRI AR R R B (1] THEME, 2011 (2)




1 BUREZHREFIRA MR —

FIL A 2 1 R IEEA : 1BM ) Rakesh Agrawal [ 5% (IBM Fellow.
J& K MS Technical Fellow. 25— i ACM SIGKDD [{Ifil3# %43 32) . UIUC K55 (Jiawei
Han) #(#%2 5 N1 FP Tree 575 (55 VU Jis ACM SIGKDD 1 8)#7 2245 3 ) AR IE 1 John Ross
Quinlan #1153 H 5% CGE+—J# ACM SIGKDD [AIH#53) B PHARMI S K2 Erick
Goodman I £ 5%, AN 2 —SEH BRI 4 A 792 INABHEZ I BORTT 78 194751,
wi: SEET IBM AR T 1996 EHFH 18 GE4Z 8 AL Intellingent Miner, FH R FE (A HE42 8 i
WrgE, WEHILT SPAA A F] [ Enterprise Miner. SGI /A &[] SetMiner. Sybase /A 7] ]
Warehouse Studio, &4 CoverStory. EXPLORA . Knowledge Discover Workbench. DBMiner -

Quest 5%,

1.1.1 FEZE SR
= 2 BURIZIES R

SSHITIAR I3k
HOERASEXS | ere | ms® | Time® Space 7!
H P R R AR LR
HeFT AR S BB | meMs | i | Gk | ERREsR ek

® TR IR B R A 4R

H 25t AT 20 ) 0 2807 3 R AR A BRI N A S A SRR,
CAEJURR KIS AT 8 T AR R 2R BOR s Bl e < 181 R DLELARDG I, MR 3 A
KA E SCEARAZIR BRI T FIAT o BARAZ IR BRI 2 R SR AT 2028, WA AT

AL MZAY, Time . Space 1553,

P MR, Wil SUBIZIEERSGSR (1] BN AR 2007 (69): 10-11.
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o ZIMHIAIRRA R

A28 BOR T DAL AR S248 SR I Th RER 20 TRl 73 D9 7 W e X A AE AR L o
BRI N R 8 RS — MRz a2 RN h U E=A =g 24010
REALRK . R iZdmid nT UL AT SCRAR JRIGZ AR 2 R ARSI . ot Ll AR
Pt s )= JRaEdR = . 2 MM RZ 50 . G p R IZ08 SoARE T e Ik E 2 R
RO o BOE P24 R th RENS 12 I8 HL A AE R AT 23 R ) S PR EAT 20 28 R OR UL, BRI
FERUAE T LGB 7 A A S PR SR B 2 M N AEIR R 8 SR . SR AR RN %
ANSRANG STy A2

o HFTAIKIEIARRRNE

BRI AL BRI 3 BECIRA. FEM AT AL DL 2. Siitas. T
) B P PR R RS AT MR A 7RI D AR R N 2% . HEA SR
EEFMMIXTRNZ AT, RW . MRS . KA ERI2 0 RS & e =F
CAEF2A 535, BE W P i 5 32 A mOR AL B 12 30

o IEMANR

HHRAZI BN RS AR, 73 REAR . EanAE B 24T b SilATL . <Rk,
WAEAT Y Bl AT B QG R H O 2 N SR 2775 PRI AT et A [
— AN EEFEYE B S 2 AT AT
1.1.2 ZEAEFEHIERE

B2 18— e BRI RE, O R MR B e 2 4 e R R AN L A 2K, WISk
MBMER, FE X LE B R B AR . R T BaR 238 ) 3 2P IR AR

Ha iz R th 2 P IR AR A T

F—2D: B E B NS EEIZIER H R BRI D PR R R S5 R
FEANTTTI, AHERR I R NGE A UL . AREE H 08 1 42 0 i Eea 12408 .

WD BURUHER . BERHER D A=A B OBFENIESE: HRIA S B RAEK
(K7 A BB AT AP K 5 02, JF M e 5 I T Bt F 20 B (K Bt . @B (K AR B : WF 7T
HAum e, vt P MritEss, IR R EE AT M2 IR R R . OB 1% e
e Bn S el — A AR o XA TR AR B R Z I SRVE R LA . S — N R IEE A2
LI I o3 AR TR R Al 42 30 B R S i

4 JiaweiHan, MichelineKamber, JianPei, et al. Z#E4238 ME& S5 H AR M]. AU Tk H R, 2012.
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HFF THALEE Heh Epatii SIAT I E AL

B 2 BIRIZHEIEERSE
B=20 BATEIRIZE . XS R M B i B AT 2

B SRt RSFIHEER, JLA K0 s — A N T2 R AR 1T
S ESIIE LA A % N

BT R 4T T R A e 9 P 7 55
1.1.3 BRI

H AT B2 4 ) £ 2 Th e R M &R . RIKHr . 7026, BRI ZE Rl &5 . ML
I B A X G IR I HBEAE LT SR SR » MR 3 73 9 R AL 8 TR A D) 1 8
RPAE P SR 3 o G IR R RFAIE DX P A o o o SRS R R IE s SRIBR 73 2 IR A B
Ha e AR SR R AR DR BdE 2 TR RO, SRR 9 AT ORI L IR P ORI DRIRORHR; 702K
AN IR ARAE 75 ZE Y S LR A SRR Bl 70 AN G I3 2 20 W X0 B S ol
RIS -

L1.4 K¥EE SHEZE

KRB IR TR DRI 15 2% DA S N RAL S I 2 PR A R 45 R, BN
AN FEEERY, RV TSR AN . — 5 TR B B A S B RIS
Yok, FACER, HFALIERE. A2 RonsF:s 50— J7 KR AR e SXON R 2 52
Bt R B A BE A REAF B0 s e KB R A e A A B 2 o SRS N R R, A
AN I & SYB AR EIRK R, O 2P & S XRS5 80
FEIR ARG M, A% GBI 42 0 SR A 200 e ) S S d e AN S Bt i b B RE 7, A REAN
KETH Bl PRI IE G E .

KRB BA 4V FEE, XF 4V KRR R 280, A4 36 [ E AR BRI T BE NIST
IR BIRUEEE R (Volume)  FRZRE L (Variety) BRI (Velocity) FIAE4LZ
Ff (Variability) . IBM 5t 7 2RAUUKAERE, {H Variability 48 7 B2 (Veracity) , Ja3k
K BARNE (Value) I T HER, BT KEHEN 5V Rtk 22158 230 IV (McKinsey
Global Institute) JGR&H 7 RKEHE & L, LG T “DEBARTELIL” A “HHRRHE € L7

SRR, W BRI ER SRR [CI A E 5 18 fa i SR S N AR S W s, 2007

5



FESL, IR H AT A NRIE L BIEBLE R (Volume) « FREZL (Variety) . &L
F% (Velocity) AME (Value)

KR I B R TR T S0 0 U 10 AP«
1.2 HE ¥4 S0 iR B

AFTO BT T IR B2 VR = AT 2RISR NS RHE
AT IHT SORIZIE. AT ERRG . BRI, LR RGO
IR EBITERHI A ARG T BAh, G5 & RIREREER, AR5 4 BL LSRR R =2
Bk, BAR T AN B A T

1 M BERE S BEEOR, SRR SO, Juit, 4562 RHaus iR &
W, R SCE 7 HE S AR R AT

2. ARPEFERET S ORI AT R, FEG e SCEGEAE AT B I

3. AUk SRR IR A2 2 R R S, et T = s g R, e RIERE S

T EGREE 2 IR EE R T AL R R, RGN EE vT LLAS AR 2 B o, B
https://www.aminer.cn/data 77 B 35 N & R 165045

|_ graph mining (E#E) | | time series analysis{ 8 FEF14-4r) |

| health care | D& {R42) | - | association rule |3 EELT) |

| visualisation ("] # 4) association rule| B4 1) |

|_ information system [{Z 8 & 4%) algorithm($§3%) |
|' information system({Z 8 & 45) big data| A##E) I
| ewertsystems & RR%) |- gummarsm—, | web mning(R&#R%E) |
| similarity | #E1E) tﬁﬁ} knowledge discovery [E1iR &30} |

| data structure (¥ 845 #) knowledge management | iR EE) |

| unsupervised learning( £ kB2 3]) data management(¥EEE) |

| supervised learning (5 5B 3) text mining (3 A8 4) |

| network analysis P54 47) | | text mining {3z A #24E) |

| Decision analysis(3RE 41 47) | - ™ | information network ({2 8 /&) |

3 Data Mining Z0iREiL


https://www.aminer.cn/data

1.3 JT4F SIGKDD &,

B iR & 5 £ 4R 1288 K2 (ACM SIGKDD Conference on Knowledge Discovery and
Data Mining, fij#% SIGKDD) &% #2748 Ak T 2 [H brex i, B ACM BIEHR4Z 48 2 iR
RINB T2 PTG Ip o BN B o Bn 1298 (2Rt B . R MISERR N, SIGKDD
FEIAE, B 7RIS, H 2010 AR A T 18] TV FTBUR R B & a2, A
J TV P 1 58 A 30 i 75 2%

SIGKDD A J& (7 5L T LUB I 2 1989 4F, — FRA 5K T FR A I S B 4248 B 25 A
IR L. B 1995 LK, SIGKDD LUK &ML 2GES2E I 1 24 Jir, SRR B AT
S NEUR I IR B3 . BT SIGKDD MR8 R 2 N, sl T kH
giit. HEeM . MLl REAEIZIE . Bdare. 4N, AWE Y. 284K, B
SRR USHINYNG WA ST - T O AT e s

SIGKDD B4 ) K 22 #2251 oK & (R BIE 78 FF0 Dol SR #5e a1 4 ML 5 20l gt 1
KDD i J LA 701418 3C (Research Track) A1 Mk 516 3 (Industrial Track, it N Applied
Data Science Track) AR A1 B Lo SR BRI 7R 10 SO AR LB RS 8, sk
—ELTE 14%-20% 2 [8]; T Tk A i@ SO 4R 2 IR 2 pRad S %5 . JU L 2018 SR EIE 500
T Ph o FA R AR WIE R 20% LA~ . X HIEHEREY ST NLE R KBRS ORI
FE TV 5 R & N B AR5

Research Track

1200 1036 60.0%
1000

983
76 \ 819 784 748 40.0%
800 /B
/ -\ / 20.0%
60 P = //
i \ B N . y . 0.0%
i 25 51 60~ 42 30 220.0%
0 -40.0%

2013 2014 2015 2016 2017 2018

oS o O

N submitted accepted
—o— SUB annual growth —#— ACC annual growth

4 2013-2018 KDD #ARM LIRS EEWIBER



Applied Data Science Track

600 80.0%

500 60.0%
- 3%
o / Ne = \ / 40.0%
300 ——
\1@
o0 136 / §/ \ 20.0%
100 I44 I§ 0.0%
0 20.0%

2013 2014 2015 2016 2017 2018

EE submitted accepted
—o— SUB annual growth —#— ACC annual growth

(& 5 2013-2018 KDD Tl FiLIC#is5HULIER
N L J LA SIGKDD K473 sl i — A S mEid,  FHAS 1522 RE X 4> SIGKDD Jh 2
s 230 U8 A IR T f#
(1) SIGKDD 2013

2013 4 8 H 11-14 H, 2 19 Ja &l &K 55 #4249 K% (SIGKDD 2013) 7EEE 2N
AT, IR S ) R KR 2 .

SIGKDD 2013 K2 (1) 3 JiE 2 Hi e VR 4 = 2t 7t 4 B Ramasamy Uthurusamy {8 -5 F14+
v ZNEF K 7 1Y) Robert L. Grossman Z04%, B 7R 723 52 6 H ok A v 57 40 5L 30
T K%M Inderjit S. Dhillon #(#% 1 Google [*) Yehuda Koren 18 484, HAMF 50 4 i fe
P& L & 1A 300 44 R P22 A ST SCVE AT IR 5] T R B 42 BK 50 2 A E 2K 1200 2 A S0

SIGKDD 2013 K<Y FISR F 50 2 A~E KM 726 ik S, Bim CEmED 3 4 HfE
NVPEE, SRS B AH LA ) s R T 28 MR B R HERE,  BE BRI 3 Y R I
AT 125 0% (FHFEA 172%) , HPhRSWER 66 F (L 9.1%) kiR
1 (Poster Presentation) 59 3o

SIGKDD 2013 K£i#1% T % ¥) Raghu Ramakrishnan. #0481 Andrew Ng. )&l kE
I Stephen J. Wright UL} Google ] Hal Varian PUA77E =k 5t 5 2R F 38 7= A B 2 1 &
FHAT R R .

SIGKDD 2013 [fJ B ARFALF LU T -

o BEMAMERI
RERHE
Simple and Deterministic Matrix Sketching
{3 B B 5 PR AR R 1R
Y£#: Edo Liberty



WE: ZR ST TR R R AT 48 58 B RE A, I R B — AN SN R 4R R B X
JEHERE A HEAT AT, SR T AR A R 2 K AR 7 ) — A SR ) R
Hdk:

https://www.aminer.cn/archive/simple-and-deterministic-matrix-sketching/53e9b500b7602d97040
2e5¢e6

BRERIRE_H

Querying Discriminative and Representative Samples for Batch Mode Active Learning
R T30 2 K BRI A RRR A

fE#: Zheng Wang, Jieping Ye

WE: AR T AE L3 2 P T RE A Phik Rl N B ARV R X MR RIREA .
H b2l

https://www.aminer.cn/archive/querying-discriminative-and-representative-samples-for-batch-mo

de-active-learning/53e9bba7b7602d97047f32a6

REZARCE

A space efficient streaming algorithm for triangle counting using the birthday paradox

— M A R 0 e e A = A T o B S

YE%&: Madhav Jha. C. Seshadhri. Ali Pinar

PR 2R CBt 7 MR R R, SRR TR (R RRE RO A
=BT, R R NGRS BB BRI T2 iR AR, BIZE H AR,
VR B R a0, S A7 A B 70 B T2 G R A R T F) = A T ) A i M/ 5 P Sl
it

Mk

https://www.aminer.cn/archive/a-space-efficient-streaming-algorithm-for-triangle-counting-using-

the-birthday-paradox/53e9999eb7602d97021e514¢

REZERXEE L

Recursive Regularization for Large-scale Classification with Hierarchical and Graphical
Dependencies

FATJZ RGN B AR ) KRR 502K (1 34 191 1 04

YEZ: Siddharth Gopal. Yiming Yang

WE: ZRIL ST H IR KT B IR RN, Sl —FRUUAEREZE, — K ok A 1]
. 1A class-labels [8] {2 HBE SR TR RE s 2. [RII DR EF RS FE IR AT P Je ko
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Hh i

https://www.aminer.cn/archive/recursive-regularization-for-large-scale-classification-with-hierarc

hical-and-graphical-dependencies/53e9aac3b7602d97034430d3

o EHETWAEBAFERI

RERE

Amplifying the Voice of Youth in Africa via Text Analytics

I SCAR T O AR R0

#£%: Prem Melville &% UNICEF (1% £ HF 7EA 51

WE: AATRREUZ L SCAD T, AR A B AR AR R A E, AR
JE b ARIL T KDD v HOR B A2 40 T Ot 5 28 2 4l th STk s

M3k

https://www.aminer.cn/archive/amplifying-the-voice-of-youth-in-africa-via-text-analytics/53e9b0

9fb7602d9703b07333

REBXEE S

Query Clustering based on Bid Landscape for Sponsored Search Auction Optimization
FeT SEHTAR R B A SR R B R SE M AL

YE#E: WK AR A Ye Chen AR —ARA

MR EREWENMEEAMNRMT Y, €O TENNMESH.

bk

https://www.aminer.cn/archive/query-clustering-based-on-bid-landscape-for-sponsored-search-auc

tion-optimization/53e9af2¢b7602d9703964e4f

o BB

RAER L BB

Mining Heterogeneous Information Networks

kb AL PSR

YE#&: Yizhou Sun i, H R A#EK M (Jiawei Han) #(#%

TE: STV 2K BRSO (R A P B 46 O B W A5 R o, T 1 4248 e i A
B BT i, A5 A5 B SRR ] T R AAG T RO 2 5 1 . X
Toft 2 GEAA A S A X 28 SRR O P20 TR B SR 4t 1 — R A SR A i K K ik

Hdk:

https://www.aminer.cn/archive/mining-heterogeneous-information-networks-a-structural-analysis-

approach/53e9ae3¢cb7602d9703851185
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https://www.aminer.cn/archive/recursive-regularization-for-large-scale-classification-with-hierarchical-and-graphical-dependencies/53e9aac3b7602d97034430d3
https://www.aminer.cn/archive/recursive-regularization-for-large-scale-classification-with-hierarchical-and-graphical-dependencies/53e9aac3b7602d97034430d3
https://www.aminer.cn/archive/amplifying-the-voice-of-youth-in-africa-via-text-analytics/53e9b09fb7602d9703b07333
https://www.aminer.cn/archive/amplifying-the-voice-of-youth-in-africa-via-text-analytics/53e9b09fb7602d9703b07333
https://www.aminer.cn/archive/query-clustering-based-on-bid-landscape-for-sponsored-search-auction-optimization/53e9af2cb7602d9703964e4f
https://www.aminer.cn/archive/query-clustering-based-on-bid-landscape-for-sponsored-search-auction-optimization/53e9af2cb7602d9703964e4f
https://www.aminer.cn/archive/mining-heterogeneous-information-networks-a-structural-analysis-approach/53e9ae3cb7602d9703851185
https://www.aminer.cn/archive/mining-heterogeneous-information-networks-a-structural-analysis-approach/53e9ae3cb7602d9703851185

BRAEF LR =4

Machine Learning in Health Informatics: Making Better use of Domain Experts

fREREAS S 2A R BIMLER % 5. B4 UM F AT L X

fE#: Byron Wallace 18 14:, H FJii’/y Carla Brodley #(4%

TE: HOA TR ORE T IRRE B2 AE KRG SRR, AR i RS S
EAERFVE ISR AL Ao AR 5 A R G L U R 1T 2% SRR L A% 5 ST BRI ik
PERERINELSS  1ZBSCH M B M AR T B &2 2] SEERFZ I 57, iELse it A 22 >
ARG IR

H b2l

https://www.aminer.cn/archive/machine-learning-in-health-informatics-making-better-use-of-dom

ain-experts/56d890ad4dabfae2eceedcadd

® SIGKDD @Ik K%

BUFTEER2E: Jon Kleinberg (FRFTRIRKE)

2013 EA1H% (Innovation Award) H1FEZ5 /R K541 Jon Kleinberg (%3545, LLFR#E A
FE LA P 28 A4 JE WY 28 B o ) A 8 4Ty DA SR P AT D9 @55 T ) T F < Jon Kleinberg
KA L AT T R RN A4 S, SRS R R E R AR . TR SR 58
i, fRRSEILZE HITS.

SIGKDD 74 /& kiR KL S B2 sk (KDD) f e R, 5% 701X — s i
L RBOR TTRR AT 7N A o AR VP o 25K, LRI 70 R R A Z0UAE B 72 4 2000 =y b AR A 2
ARG I K R = AR M . 31X & SIGKDD :4F iy B Sk 22T, 2 H0 40 42 41 40
Il R B AR BT

RS FRERE: Gabor Melli (REEHEIRF)
2013 SEAH RSS2 (Service Award) i Gabor Melli (‘& JE HahR %) 3515 . Gabor Melli
e DR O B 240 S RN R 1 B KRR BTk, DA SR AR KDD 41X (1 2 H 551 52 31
K& MK KDD #EX RS, M 1997 FFHF4R, e datasetgenerator.com bR A | & %
O A A AR . 7E 2005 4, b5 Bk fE 3R W B SL T A 47 9 00 B AL B 2 R A
(dataminingcasestudies.com) , {4 SIGKDD 15 8 & lli. MILHE, s 5HN T
KDD, ICDM Al CIKM [ Frexi, 4EARHARERS, Whida 3, B, w8k, B
W AR SRS, [ 4EAE KDD, CIKM, PAKDD P ACM 57 . 2013
£, Gabor Melli 1 + 5 37 7 — A2 H 3 8 &) 2 ) KDD M & M % &1 iR &
(www.gabormelli.com/RKB/) FJIiH .
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https://www.aminer.cn/archive/machine-learning-in-health-informatics-making-better-use-of-domain-experts/56d890a4dabfae2eeee4ca4d
https://www.aminer.cn/archive/machine-learning-in-health-informatics-making-better-use-of-domain-experts/56d890a4dabfae2eeee4ca4d

SIGKDD 7 H il 55 3 5 B2 7 78 AR R L S B0 12 40 A0 e 2 KA 55 sk i 4> A B
HIBN, B4E I pal ERFAARBIRSE MRS VE A, IR ER T2 0 3 b 55 =R 5546 0 i
A o 22 32 ARl RN R IR B P24 U ) EE KR 55 sk > N ERATRA, 551
DU BB AR B B WEERSTE TR, #Esed. Oeg M, s
KRGS, NAEREEARE BRI SRS, Rl RRFZ N A At i Tk, oA
ERYEBRTT . #UA . R/ SEHUE B AT S,

® KDD CUP #%H

H—%: Algorithm BA

%% % : Dmitry & Leustagos & BS Man A

KDD CUP 2013 HIK I ARAE R KRG IR B, HIFRNAL-, £ 52 15
TEE SIRSCHIR BSC R, AEE I B 70 WG] 1 561 A1 241 SCRMEZ 3. HA&A WA
) ek 4 B IR ST VRS AR AT R« WRST AE R RIARET FH 8 i 4 T B BT 3K

(2) SIGKDD 2014

2014 9 8 H 24-27 H, 5 20 JmEFREIR RIS HdE 1248 K2 (SIGKDD 2014) 713 H
AL LT K KESHEE N “Data Science for Social Good”  (Ei#ERl#iEshtt <35
B L P FHESh B4 Bl 22 A% G S T i e SE B 2 n)

A Je K= H Facebook 2 7 AU 45X Sofus Macskassy 1# -1 # Dstillery 2 ] )
% B 5K Claudia Perlich {8 435 FIHAT, B 704 R P 25 53 & £ i /1 3 JH 4R K 2% Jure
Leskovec ZURFUNM KZFIEAZIL BT Wei Wang 27 L [FHHAE, T ARFRA SRR S
F 5 B 2 NEF K 2% Rayid Ghani B03% AT B U 1 S BHE LR D A1 Social Alpha £145
NFHeH AT B Prem Melville 3L R, 5] T 2320 AEMZ00.

SIGKDD 2014 JEUSCE] 1036 RS i 7811 SO 197 8 M RIEURE R P8 SCHeRa, BOW
T SIGKDD 2013 HH R RH R 1) 40% L o SR A CE 20 3 44 A APEE [ 1 444
LA i AR T 2 A AT R, RAMBRFER ST E R ERN. 1546 4
RRT 2 ORI 340 40 NRIFEFEISS )N, AR AL 151 RSPl S0 (AL
14.6%) A1 44 J TMVAEUR B HVER ST (S AL) 22%) S

HRE KRG 2 E AN —VE B A Kk 3R 13 RaAH I 78 3, 1Rk H s k2.
R K. WL K., BB, pEANRKE. SHRREERIIARL, 4 80 4141
KE# %7 SIGKDD 2014,

SIGKDD 2014 i&i& 7 LAe N T8 GEWF FORT B i #1047 B Oren Etzioni 18 -+, 7 H 5 847
FeBElE K Eric Horvitz T+, 3R EERIH 2R S £ R FE A2 0E 70 5 BT Eric Schadt 81+,

12



IS K22 5F & Sendhil Mullainathan Z(4% DL J 3218 %8 WA &) 85 5 04T B Dan Doctoroff 56 2E
HEAT K2 RS .

SIGKDD 2014 B T & 8 (AR X BRI SR, BRE T 5 E8E
R T, HARRIHAE R

o BEMAMERI

RERE

Reducing the Sampling Complexity of Topic Models

ik R R KA 52 2%

fE%: Aaron Q.Li. Amr Ahmed. Sujith Ravi & Alexander J. Smola

FE: 20 ST T BRAR R R AL SR AR R Th AR R, SR I Sk A 5207
TR R R R 2R

H ik

https://www.aminer.cn/archive/reducing-the-sampling-complexity-of-topic-models/5550453745¢ce

02409eb549bd

RESARCE

An Efficient Algorithm For Weak Hierarchical Lasso

592 IRER I — P 85

fE%: Yashu Liu. Jie Wang. Jieping Ye

WE: DREREMERINE, TR BRI LN R A BRI S 5.
ARSCAR S T A P A P XA I T A 2% B EH IR AR T R B

Mk

https://www.aminer.cn/archive/an-efficient-algorithm-for-weak-hierarchical-lasso/5550453745ce0

a409eb549¢3

o HBEFHR

Targeting Direct Cash Transfers to the Extremely Poor

TE AR T NN 1 B AT <

Y% : Enigma. Give Directly FJHF 705 1]

FE: AT SO R X AL S IF) A, S8 I BT JE T BT PR A F) T2 B e R R 4031
WRPERT TR BE, LA R I 9 AT T4 e 2 A AN 3 SR M B B B0

Hdk

https://www.aminer.cn/archive/targeting-direct-cash-transfers-to-the-extremely-poor/5550453645

ce0a409eb549aa
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https://www.aminer.cn/archive/reducing-the-sampling-complexity-of-topic-models/5550453745ce0a409eb549bd
https://www.aminer.cn/archive/reducing-the-sampling-complexity-of-topic-models/5550453745ce0a409eb549bd
https://www.aminer.cn/archive/targeting-direct-cash-transfers-to-the-extremely-poor/5550453645ce0a409eb549aa
https://www.aminer.cn/archive/targeting-direct-cash-transfers-to-the-extremely-poor/5550453645ce0a409eb549aa

o BT IRBUF®IC

Style in the Long Tail: Discovering Unique Interests with Latent Variable Models in Large
Scale Social E-commerce

KRBT KRS 78 55 v I T 1 AR B A B (14 M

{8 : Diane J. Hu, Rob Hall f Josh Attenberg

WE: 2R A T/ Etsy 3l EARE AR TR RO RERTT ML . K
{7 Latent Dirichlet Allocation (LDA) KA I Etsy R HFRFFEA, REHEANTR
R ) 87 BB IBIRR T ESINE, UMEAE map-reduce HEZE E AT PRIE i
AR R, DMEA RO IR B . R AR CE RIS, KRSEE T2 R 518 br

Mk

https://www.aminer.cn/archive/style-in-the-long-tail-discovering-unique-interests-with-latent-vari

able-models-in-large-scale-social-e-commerce/5550453645ce0a409eb5491d

o HBiEEIIR

Reconstruction and Applications of Collective Storylines from Web Photo Collections

(P SENEDINEHE S L e ey & 23 A NIVAE

Y% : Gunhee Kim f84:, F'FITA Eric Xing #3%

FE: 20 R H b A T R SRR I [ A A S AR, ROV EARS S
T, AR A BEOR SCEAE T, ORIRZT AU T LA S AN S P20 N RE e . SR 1
SCHUCEF 9 B 2 5

Hodik: https:/dwz.cn/qeyTTacH

® [FfIRJAMAZ (Test of Time, WHLETERIEW )

SIGKDD K£x )\ 2014 FF4fi B 37 Test of Time £ 303, BAERWIT % 20 4 KDD K
o BRFAFA E R IHITE RS0, SRR S MR 48 =18 30, Z e iR
SRR

PLUF =8 SCHE 2014 F3RILIR TR :

e A Density-Based Algorithm for Discovering Clusters in Large Spatial Databases with

Noise (KDD 1996)

b T R B R 0 R T s [ Bt R AR A A BB R

Y3 : Martin Ester. Hans-Peter Kriegel. Joerg Sander. Xiaowei Xu

WE: ZIBSCR A DBSCAN S0 2 1% ) R4 7 BRI, JF Ok
NERFEED AN EETILELZ —
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https://www.aminer.cn/archive/style-in-the-long-tail-discovering-unique-interests-with-latent-variable-models-in-large-scale-social-e-commerce/5550453645ce0a409eb5491d
https://www.aminer.cn/archive/style-in-the-long-tail-discovering-unique-interests-with-latent-variable-models-in-large-scale-social-e-commerce/5550453645ce0a409eb5491d

Mk

https://www.aminer.cn/archive/a-density-based-algorithm-for-discovering-clusters-in-large-spatial

-databases-with-noise/53e9bd7bb7602d9704a1d173

o Integrating Classification and Association Rule Mining (KDD 1998)
BE R AN R IEA 2 4
fE&: X|ft. Wynne Hsu. LinkedIn /A @] [#] Yiming Ma
PR 120 RSB IR 7 REG SCI N AN 73 28 Sk B 42 98 4 SR 1 AR, %07 1%
W T — R a gk TARR K R .
Hhdk:
https://www.aminer.cn/archive/integrating-classification-and-association-rule-mining/53e9aefcb7

602d9703930008

e Maximizing the Spread of Influence through a Social Network (KDD 2003)
TR A S 0 2% d KA S 3 4 I BE
fE# : David Kempe. Jon Kleinberg. Eva Tardos
FE: 120 SORAL ST 2% b 2R d AR TR R ST AR R A AR, e BUER] T
RAEZR S A PERE TR A IR, D9 R 2K 78 AR SR Bt 1 BB S fr .
Mk
https://www.aminer.cn/archive/maximizing-the-spread-of-influence-through-a-social-network/53e

9b6d1b7602d970425d749

® SIGKDD fIHfiRS K%

BUFTTIERZE: Prof. Pedro Domingos (University of Washington)

SIGKDD 2014 6134 i 8 1 K 2 () Pedro Domingos ##% 3545, LA e A HdE
YT, By R AT R IE R X S5 TH R B A AR o ZEZ T, Pedro Domingos #(#% i 3k SIGKDD.
AAAIL. UAI 1 NIPS %5 [F Pros il ) e 8 30—

R TTBR3Z: Dr. Ted Senator (Leidos)

® KDD CUP

KDD CUP 2014 Hi7E£k 235 H1# DonorsChoos FEAEEE S, & B3k 2 FEpME R B A W%
JIARF5 R T H G, DA IRIE SR (2 5 A0 & 5 TH 1 3CRF . BLIRELZEMR 51 T 652 4 A
AR 472 ICMEZ Y, HEEEE R “STRAYA” BIB\ZRTS.
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https://www.aminer.cn/archive/a-density-based-algorithm-for-discovering-clusters-in-large-spatial-databases-with-noise/53e9bd7bb7602d9704a1d173
https://www.aminer.cn/archive/a-density-based-algorithm-for-discovering-clusters-in-large-spatial-databases-with-noise/53e9bd7bb7602d9704a1d173
https://www.aminer.cn/archive/integrating-classification-and-association-rule-mining/53e9aefcb7602d9703930008
https://www.aminer.cn/archive/integrating-classification-and-association-rule-mining/53e9aefcb7602d9703930008
https://www.aminer.cn/archive/maximizing-the-spread-of-influence-through-a-social-network/53e9b6d1b7602d970425d749
https://www.aminer.cn/archive/maximizing-the-spread-of-influence-through-a-social-network/53e9b6d1b7602d970425d749

(3) SIGKDD 2015

20154 8 H 10-13 H, % 21 JeEFrAIR &I 55 G240 K< (SIGKDD 2015) 7E#K
FIERJE T H . A B 3 R B B A B R

AR i K 2 32 RO 28 e R K% T2 515 B HAR S b e e B R e R K
B 4% B R % B Chengqi Zhang #U42 L FBAT, B J0MEFR 7 2 A 4 0% h HE 28 R K 2%
Thorsten Joachims #(#% BT K24 ) Geoff Webb #( R ILFIFHAE, TAVARFRLSZEN
2= R B = 200F T 51 Dragos D. Margineantu {# 1Al Pexip /A 7] # 543 i 71 Graham
Williams £ [F4H4F

SIGKDD 2015 K2xW 2] 1 1008 f@fmft . Hrp it st 819 /6, kM 160 f% (SRHIFRZ
19.5%) 5 BURA TV E RIS 189 i, KA 68 F (S 2 35.9%) o w1 E KRGZ=#
NE—AEEEA TR RS ILER 14 AR AR, EFERAHFERY. LK%, pER
BoR%E, BlACR% . FmsCiERs . hERPFER . LA E B R R SRR,
HH 90 RALKFEFEE SN T A i K2

AJi SIGKDD K2xi#his 1K H I HEF# 2K Ronny Kohavi 1+, kA& JE K41
Hugh Durrant-Whyte #{#%, Coursera ffJ & 3 F1EC A €45 A\ Daphne Koller 8 £, HrtH 48 K27
P 2B 1) Susan Athey HZHET K& E R .

SIGKDD 2015 fJ R AR G WL .

o BEFTAMEWR

BRI

Efficient Algorithms for Public-Private Social Networks

D FERW N AL S X 26 v R

YE 3 : Flavio Chierichetti. Alessandro Epasto. Ravi Kumar. Silvio Lattanzi /% Vahab
Mirrokni

R EL 1200 SCRIE TR H S A AT SRASE T 7 A K RS P T B0 v A 2380 9 R s 2 T A A
SRR G5B BALSZ 0 4 AR B B )

Hbodik: http://epasto.org/papers/kdd2015.pdf

REFERR

Edge-Weighted Personalized PageRank: Breaking a Decade-Old Performance Barrier

LGIBANEACRI TUHE R FTRE SRR A Pk BEFtS

YE#: Wenlei Xie. David Bindel. Alan Demers fl Johannes Gehrke

WE: Z XX H B BEMEED N TTHER, 1R AATERET B R R, 52 5RAT
EERWNTIEEEE 2
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bk

https://www.aminer.cn/archive/edge-weighted-personalized-pagerank-breaking-a-decade-old-perf

ormance-barrier/5736973c¢6e3b12023e62b916

o BB

RAER L BB

Mining Latent Entity Structures from Massive Unstructured and Interconnected Data

MK B AR S5 44 A0 T 32 P 08l PP P00 A 1) SE AR S5

YE&: Chi Wang 11, H SN NEZKE (Jiawei Han) #¥%.

WE: KPR ST, GREZEA, B AKH LRI 7w, Ha460ER
FHIE 5 Bl W R KR TS MM AL B E 5, ZI8SCH i St — Mz ae s, &
B MG R EEE FZE K R L

Hdk:

https://www.aminer.cn/archive/mining-latent-entity-structures-from-massive-unstructured-and-int

erconnected-data/555048b845ce0a409eb70bc0

REBLEVRIEE -4

Modeling Large Scale Social Network in Context

M S5 PSR R TR A 5 X 2%

YE#: Qirong Ho féi-&:, Fifi’y Eric Xing #4%

WE: S AT B AL S E A Tt BT AL BUCRERINE R
(EF30O, wscA, Jgrks whia, BGAIEEE . Mg SO B bRt & 5 & it it 2 3
BRI 2% 34T, IXRENERE TP (1) BRI HACKE A AN N DT (12 Se it
PRI 2 M S (2) SRR M S o R it . Skttt Mo A K2 PG fe,
2, T R T A A R AR R N 2% o AR SRR HY D7 1000 G TR Y F) SR 1 5 B 42 4 A A 2
WAL X 1) B AR AN R I WS AR 4 1 R4S B8 TSR 46 0 A SR G FU A SR AR SR 1R
MISCFF o IXEEES IR T — DR G R = motif BLAL, 2R ol AR AA ™ 2]
A JUMERENLAS ERUA B 1A R 4%, I HonT DURZ 5 3 e 3 il A< e
I H A ARG B 2% 1 3

HbdE:  http://reports-archive.adm.cs.cmu.edu/anon/mi2014/CMU-ML-14-100.pdf

Computing Distrust in Social Media

AR BAR IAMEAE L5
fE#: Jiliang Tang 1+, H Fifi Huan Liu #(3%
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https://www.aminer.cn/archive/edge-weighted-personalized-pagerank-breaking-a-decade-old-performance-barrier/5736973c6e3b12023e62b916
https://www.aminer.cn/archive/edge-weighted-personalized-pagerank-breaking-a-decade-old-performance-barrier/5736973c6e3b12023e62b916

RE: 20T H R BRI — S B B L AR B3 0 07 . — M AR A
HEZR I P AME AR B, LA AT WAMEARAAT AT I, JFAAT SR (4 7595 26 B AME AR AR %
RAESZH A o BFONAMEAER A EER 1 — MR IRR AL, BORAE T IR BRI AME AR SIE AN
PRS-

Hbodik: https:/repository.asu.edu/items/28550

o FERMEL (Test of Time Award)

Mining High-Speed Data Streams (KDD 2000)

FE4 e R R

fE#: Pedro Domingos. Geoff Hulten

WE: ZSCR N 1 VDT XSS S iz R g8, 1T P b BA i K 0 #iedhs
3.

Mk -

Optimizing Search Engines Using Click-Through Data (KDD 2002)

56 P AT ot e SR A LA A R 5]

fE#: Thorsten Joachims

E: ZR SRR T IER 20 A o s TR A 3R 5 S A R AR R 10T
2, ZIHREROR T — &5 Ja 4k AR R IFON B AT AR S Tl FHRE 51 #0102
Bl 52

WICHLE

https://www.aminer.cn/archive/optimizing-search-engines-using-clickthrough-data/53e9b042b760

2d97032a0d88

Mining and Summarizing Customer Reviews (KDD 2004)

Y28 500 o miF

fE#: Minging Hu. X|Je#3%

R 2RO F TR 555 LI R B HT b H P RO P2 4 ) LR AR SR A, R e s 4K
BT AR AR AR F7 P )2 L P A 2 1 45 S PR AR A

bk

https://www.aminer.cn/archive/mining-and-summarizing-customer-reviews/53e9af46b7602d9703

9827¢c

® SIGKDD fIH MRS K%
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BUFTTERAE: Prof. Hans Peter Kriegel (University of Munich)

BT % (Innovation Award) %% JE B K%~ Hans Peter Kriegel Zif 3843, PAREADAE
vz, JCHRREN M AN DL A s 4 70 A 45 AR P U i AS Y Dk . 72
Z B, Hans Peter Kriegel (3% % $ 2014 4F KDD Test of Time 1 %, 2% ACM fellow.

R TiBR2Z: Prof. Jian Pei (Simon Fraser University)

55Tk # (Service Award) 5T U S 3l K% 1) Jian Pei 4%, H AR A AHES)
HHE 1248 DU A A H B2 st DA S R 00 2 AR 28 i tH R AS IR 55, 4B 428
SIGKDD. ICDM. SDM VLK CIKM 8k 4B4E TKDE 4 LS e — 2 1 2 A4
) 3 i 55

® KDD CUP #%#

%—%4: the Intercontinental Ensemble

KDD CUP 2015 {5 # K ) JH 25 A L€ B EL K “# 1) Ron Bekkerman — g 4H AT 3L A 3=
J, E K BT 2R 20 3l 2 B AE LR (XuetangX.com) 7K 7P, SEFRMMTS5 R ER 5 5%
AT TN AE £ URAE rp 22 AR IR VR L o BEIK EE SR 5] TR H 26 4N XK 1263 423835 A
1) 821 X BMAEZ 5 . HFEE A i 2 1 2 |8 7% [4]—“the Intercontinental Ensemble” HIP\ZK1 T .

(4) SIGKDD 2016

2016 48 A 13-17 H, % 22 JmEFRFIR KB 52 K% (SIGKDD 2016) 7E3£[H
H& WA, KReF o EIZAEASWLE . RESS] . HERS. B8 7R
PEA2 40 N H B Rl A

SIGKDD 2016 k4> £ J# B IBM /A 7 ] Balaji Krishnapuram f# -1 Al BOSCH /A 7 ) Mohak
Shah i E£#/F, HAMRFREAES TR (PC Co-Chairs) R FEAME#E A% (I Amazon A
7D [ Alex Smola Z(#%F1 IBM /& ] Charu Aggarwal 18 -3 [R5, S0 5 R
TV FBURF Track 2044 NN B £l 2% Track (Applied Data Science Track) , A% =EJ# B IBM
/~ A Y Rastogi Rajeev 18 1= F1 77 [E 5 1) Dou Shen 8 - J:FHHAT. ik KESW 5] TRH 88
ANEK 2726 NFEMZM, G)7F il

SIGKDD 2016 K& 2] 784 F it Fibk vl SCAT 331 i S B0 Ak 10 SCHR - b T
PR S ECE AR EE 2015 4211 1008 jm A1 2014 417 1036 i A7 i/l 1 S A HCHE B2 16 50 )
FHECAE AR TR KRN . A IROK 23 B 28 AL 142 J i TR S0 (R # 2 18.1%) il 66
T B FH R R 218 50 GRATERZ) 20%) .

SIGKDD 2016 K2x81% T T Sk 22 A 58 Be A 21 295 7t Bt B & Jennifer Chayes f# 1,
TR 2248 SR 43 1 L7 LAR 5L & Joe Hellerstein 4%, 4Bk XU % 9% 2 7] SR
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% (NEA) A1k N Greg Papadopoulos i, FI4-E KZ# 4. Google DeepMind & i £l
*#2% Nando de Freitas I, BT 7 P07 K38k E . 2015 4 ACM B R %45 3. WiH4E
K2 Whitfield Diffie #(4% 52 SIGKDD i 1A Jm K2 1E 1 B Ry 5 .

SIGKDD 2016 B ARG A5 1 -

o BEMAMERI

RERE

FRAUDAR: Bounding Graph Fraud in the Face of Camouflage

W O R I 5 B R

{£3& : Bryan Hooi. Hyun Ah Song. Alex Beutel. Neil Shah. Kijung Shin. Christos Faloutsos

FE: XSO LA TR R PRI s Th MR BTG, SR R VA RE S R Y
%, HAEGUNEE A R

M3k

https://www.aminer.cn/archive/fraudar-bounding-graph-fraud-in-the-face-of-camouflage/57aa28d

e0a3ac518da9896dc

REBXEE S

Ranking Causal Anomalies via Temporal and Dynamical Analysis on Vanishing
Correlations

BT HERAHSC I I s ZhaA T HERR R HE 7 LR IR R K &

fE#: Wei Cheng. Kai Zhang. Haifeng Chen. Guofei Jiang. Zhengzhang Chen. Wei Wang

BE: N 7RO RBRYE, ASCHE Y T — AN T P2 AR HE SRR R i) B A R R
WX AT HER? o 12 VAREAT RO I M AR BEAS AR 258 T ) A 4, I RE TR I X 45 Ry
ORI A I RN AR AT I S B . DRIl &) DL o7 0 1E 3 BURH SR I3 2K i v AR 2
SFH AT USRS R G B ARG AL R . fESR B BUR R RATIE B RGBS AR
HLJ I 2% B R G M B K OR R SEIR IR 13RI T IR R A R

Mk

https://www.aminer.cn/archive/ranking-causal-anomalies-via-temporal-and-dynamical-analysis-on

-vanishing-correlations/57aa28de0a3ac518da9896ca

BREFERE
TRIEST: Counting Local and Global Triangles in Fully-dynamic Streams with Fixed

Memory Size
TE[E 8 WAF R/ ARSI TR A = fIE A4 5 =M F
VYEZ . orenzo De Stefani 2 A\
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https://www.aminer.cn/archive/fraudar-bounding-graph-fraud-in-the-face-of-camouflage/57aa28de0a3ac518da9896dc
https://www.aminer.cn/archive/fraudar-bounding-graph-fraud-in-the-face-of-camouflage/57aa28de0a3ac518da9896dc

R 2SR T — i 8t P SRR T s A I 2% v 4 R A R = TR ORE K O
fis K752 mBERAM T, CIA AL R
Hdk:

https://www.aminer.cn/archive/tri-st-counting-local-and-global-triangles-in-fully-dynamic-streams

-with-fixed-memory-size/599ee0589¢05d3074f0123ac

REZERTEE 4

Predicting Matchups and Preferences in Context

TRE SN VLS (W

#£#: Shuo Chen. Thorsten Joachims

WE: ZURE —MERE IBERAES, TN PIILE SR (AR FIEE) M
b Bexy G Sl ) o AU R B H - A ERE, D5 e F#RAR )iz .

Hdk:
https://www.aminer.cn/archive/predicting-matchups-and-preferences-in-context/57aa28de0a3ac51

8da9896¢cb

o BENMABEMERI

RAERE

Ranking Relevance in Yahoo Search

HEFy e R 2R P K SR

{3 : Dawei Yin. Yuening Hu. Jiliang Tang. Tim Daly Jr.. Mianwei Zhou. Hua Ouyang.
Jianhui Chen. Changsung Kang. Hongbo Deng. Chikashi Nobata. Jean-Marc Langlois. Yi Chang

WE: RRICES TSR 20 ZEMRRNE ), N4 T HFREL 15 SR E.
AWES = RRBEOR, DU, AL BRI R,

bk

https://www.aminer.cn/archive/ranking-relevance-in-yahoo-search/57aa28de0a3ac518da98974b

BRAERXEBE 4

Matrix Computations and Optimization in Apache Spark

Apache Spark H AR FE TS s fiAb

fE% : Reza Bosagh Zadeh. Xiangrui Meng. Alexander Ulanov. Burak Yavuz. Li Pu.
Shivaram Venkataraman. Evan Sparks. Aaron Staple. Matei Zaharia

WE: 2 R T MR HESE 5 Apache Spark H AT IR 5L
W) EE TR B4 & FF N\ Apache Spark, fE Spark %25 J@ BRIA B E v F .
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Mk

https://www.aminer.cn/archive/matrix-computations-and-optimization-in-apache-spark/56d845aed

abfae2eeeac4830

REEERTE

Contextual Intent Tracking for Personal Assistants

AT A NBIEL ) £ SR B BR

fE#: YuSun %A

WE: KR SCEATTT TS N B SR A AR 7 = B
Mk

https://www.aminer.cn/archive/contextual-intent-tracking-for-personal-assistants/57aa28de0a3ac5

18da98974c¢

REZERXEE L

Firebird: Predicting Fire Risk and Prioritizing Fire Inspections in Atlanta

Firebird (CEi#iE%e) « FRINAE 22K KR MBS H RS HEAT KB & St &

{E3& : Michael Madaio~ Shang-Tse Chen. Oliver L. Haimso. Wenwen Zhang. Xiang Cheng-
Matthew Hinds-Aldrich. Duen Horng Chau. Bistra Dilkina

#E: 5 Atlanta Fire Rescue Department (AFRD) &1E, {E#EATH & 1 Firebird fEZE,
FERIALES 20 MR gR A AN S AT Ak, DTS B ARy 22 KT S 977 350 1R ) A 5 22 Hk el
WA 7= K KA AT o Firebird (B THE 7% 117 5000 2 M HIH) K KRG 1T 77, SEBRIERZR
B8 71%. MR¥E AFRD HIRIbRIHE, CZHIE 1 6096 AT R = HEAT RS  thAh,
W H MBI, Firebird B &M AT KSR V(5 SRR P, B AFRD Xk
RAT B AE IR E o K O TFIRAE TS AN E K 9™ AR . e T AFRD
HR B R AN A = K R 2 4, IR E SXHR P& (NFPAD B 5 A Scdfe e i
75 A6 ) B SR B

bk

https://www.aminer.cn/archive/firebird-predicting-fire-risk-and-prioritizing-fire-inspections-in-atl

anta/573695fe6e3b12023e511d3¢

o EfEELidx
REBLWRX
Dissertation: Exploring and Making Sense of Large Graphs

PR SC: RR PR A &I

22



YE%&: Danai Koutra f#1:, 3’4 Christos Faloutsos 4% .

TE: EITRARKE B T 6 R P BRI A 28 70 2 o) R, T B 124
W FEHFREFAEE T, AT B E R EE L5 7 AT T sER Il 2O AR, it
FHLARGI, BRARKIN T B T Ser BATK AR A T K E4dE, 6
i 66 1LAILIIMES I, 18 ALAL1 Twitter I8, BAJ 9000 J3 553 1) K 1 -

HbdE:  http://reports-archive.adm.cs.cmu.edu/anon/2015/CMU-CS-15-126.pdf

BREELRXE =

Mining Disparate Sources for Question Answering

2R A FIR IR LA

fE#: Huan Sun {14, HF/i N Xifeng Yan ##%

WE: WO BB IT AR RNES Ny — R AR Fesi o 1 aE RS, s (8 HIAS R A0 AR
B, BEAT S ADSUR I R, WERERTT, SR AE. FI Ao NS RS LA e, JE
i i) B AL HL R R — R B T O R

Hibk: http://web.cse.ohio-state.edu/~sun.397/ResearchProj.html

Scalable Multivariate Time Series Analysis

AR R 22 T (8] 7 51 23 A

YE%: Taha Bahadori {#f1:, 24 Yan Liu #d%

TE: W58 C AR 2 SR AE, IR B ARSI AR REEET
R FH 2% T 0 R RIS AT 5 21 FAD IS T P A7 50308 £ G0 A B 17 22 o R B e AT AL 3 o 28 13X A
W, AT RS 18] 52 51 Kl BEAT 704 (SR BE B G AT TS, SR 7 AR HR 9 f
PERI TR TT % o

Hbdb: http://digitallibrary.usc.edu/cdm/ref/collection/p15799coll3/id/593708

® HF[EMEL (Test of Time Award)

Graphs over time :densification laws, shrinking diameters and possible explanations (KDD
2005)

I HERS B BUR AR 4/ EAR AT RE RS

fE#: Jure Leskovec fi1:. Jon Kleinberg. Christos Faloutsos

WE: KRS 1 RS 2% g B I () HEAT VR3S, A BLBEE I TR I, BSOSk 4438
WA 5, BT ROBCREAEE A, IF B sl 2 (B X B I H 4/, TR
RGN RIZEEE K.
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Mk

https://www.aminer.cn/archive/graphs-over-time-densification-laws-shrinking-diameters-and-poss

ible-explanations/53e€9a515b7602d9702¢37973

® SIGKDD Gl MRS K%

AIFTTERE: Philip S.Yu IR (FFITEHRRZZMEF LB

2016 “EAIH# (Innovation Award) UK 25 A7 ) 5 7K 52 22 INEF 412 Philip S. Yu #4%,
PAFR R AMAE R A2 00 Rla M 44 1 B s A5 ) ORI F A . BLHT, Philip S. Yu 4%
AT EBREE K2 (ICDMD AUR 1B 7 TTRk 2 .

FR%B TTHRE: Wei Wang B (I RFEBAZHLIED

k5522 (Service Award) I T3R5 09 B 42 8 QUSR0S AR SS U FE A4 S JR A H 5 H T ik
2, SRR NI K ABAZ LK Wei Wang Hd%, LR B b A Bl 428 22 AR 5
It Ml TR

® KDD CUP H%H

Z—%: burebistas P\ (Adform A F Vlad Sandulescu, Bitdevelop /& & Mihai Chiru)

FH%: T310B PA (754 K2 Yujie Qian, Yinpeng Dong, Ye Ma, Hailong Jin, Juanzi Li)

%% — 4 : browniepointsreturns A ( LatentView Analytics A 7] Mohan Manivannan ,
Nachiappan Palaniappan)

KDD CUP 2016 3E3E Hi i A 714148, SE38H Oy “ W S i 2 S0 Hat 5
WURISE I Sy o AZIF TS HEE 1 8 M THRNUBF A [ USRI T 2, iES 28I
T4 A 2 W &AM TN KR OB OLIHES « 541 s ) KDD CUP AN, A4E 1]
EEFE 2> 44 B S R TN i) 8L, 7 BL B4 TR 2 2 2358 A2 3838 # AN R0TE 23 WO LS8 5%
BUG O, PR AE B 2 AR b oAy B wT DU TR 36 T i v 1, 2383 7 H B IR oE
Wi sk, XAE45 LB I A R A S A Pk ELRE =N BRI S-ER 2 )5, AP
Adform 2 7] Vlad Sandulescu 55 A\ H MR 4, E AR Yujie Qian 55 A BMIERTF L
%, FIFE LatentView A F] Mohan Manivannan % N [ BMASRG 2%, SR FAMLAE KDD CUP
TR gl ol s 7 = - e SR U SN OE T I RPN

(5) SIGKDD 2017

2017 4 8 H 13-17 H, % 23 e EBrA IR RIS 29 K < (SIGKDD 2017) 7EMZE
KRR o 8 5 FF
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SIGKDD 2017 K4 T & HIJR R R A 5 #0338 /R SR 2 R0 7 i 78 B
£ Stan Matwin #(#%, F LinkedIn £}%% % Shipeng Yu {8 -3t [E 04T, E|ZE % H IBM Watson
Watson Health /N 7 5 Bl 24 KA L 42 BE Faisal Farooq 18 +#4T; WFAMEFRRASE
Ji5 B Google [#) Ravi Kumar 12, 53 E R K %% ) Tina Eliassi-Rad @I 3LFEHAE; Tolk
RFRT 2 2 F T H Google [ T2 & M A 5T B2 2K Roberto J. Bayardo 1+, 53V bt
FORHF IR 2 A T RALRL Y 5 TR R 1) Charles Elkan #(#% 3% [F]4H1f:. KDD
2018 f1R A 51 AMEZK 1656 LiEM S 2 A

SIGKDD 2017 Hff 78408 i) B 4% s 1 SCHCR 748 &5, ik 130 B, 245 64 55 oral, 66 &
poster, K Z5 15 8.6% M 8.8%. N HHE Bl E AL # 1% 390 RS SC, Wik 86 K, L
1% 36 j oral, 50 & poster, KHZFE I H 9.2%H 12.6%.

SIGKDD 2017 K238 1 i 7t Be A R 2K ie 1 K% 1 Cynthia Dwork ##%, I
IR A TR A T TR S THENES 210 Bin Yu #0%, 21462 R¥ETEIRERT
Renée J. Miller BUZHHAT K& 2k S

SIGKDD 2017 BARZR A5 1«

o BEEFAMERIT

RAERE

Accelerating Innovation Through Analogy Mining

BT 2K L I A T

YE%&: Tom Hope. Joel Chan. Aniket Kittur, Dafna Shahaf

TR X IRSCIRDT 17 27 21 R & 55 U5 2 B ] R (R 5 A4 R AE R T AT AN L, a2

IR R, ERUE TR E R, BAURSEILZ H AL . 18 SO I T iR S A A

CNN, FEHC™ fl 3R (0 H AL 1) 3R

M-
https://www.aminer.cn/archive/accelerating-innovation-through-analogy-mining/5992a1185ba200
6b76482dcf

BAERRE 4

Toeplitz Inverse Covariance-Based Clustering of Multivariate Time Series Data

%A I [A) P B35 1K Toeplitz 33 B 7 72 58 2K

Y% : David Hallac. Sagar Vare. Stephen Boyd. Jure Leskovec

WE: WOFHERE R (EMD BIEM—AEAL, @l 52 8 i/ MEKA#E D Toeplitz
Inverse Covariance-based Clustering (TICC) [/, JHILZ& KN AIALE 7 13177k, 753
HESH T AT ORI IS 7 0 A P AL . FRAT T — R LR G Sk TICC 514
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https://www.aminer.cn/archive/accelerating-innovation-through-analogy-mining/5992a1185ba2006b76482dcf
https://www.aminer.cn/archive/accelerating-innovation-through-analogy-mining/5992a1185ba2006b76482dcf

BRSEHEI B L AT B BORBAIE R AT ITE SR A E — NP AR A Bt B _E o T 78 F0s
s AL TICC SRy ST mI R ISR T -
Hdk:

https://www.aminer.cn/archive/toeplitz-inverse-covariance-based-clustering-of-multivariate-time-

series-data/599¢798a601a182¢d264948¢

o BENMHEMERI

REBRIE

HinDroid : An Intelligent Android Malware Detection System Based on Structured
Heterogeneous Information Network

HinDroid: % TS5 #4 {L I 7 A4 5 5 I 2% (1 2. Android & &SI R 48

fE#: Shifu Hou. Yanfang Ye. Yanggiu Song. Melih Abdulhayoglu

W KRICh, 9 7N Android BREEAMF, ABMUEN APLIRH, T2kE—2
DHTEANTZ B EIAE SR 5, AU B e R RS S, Xk Bods & S v R g gk I, Ay
Android N FH . AHOGI APL. K5 E ML A E B R4 (HIND [FEE RARMEANREK. A&
Je A FH L T IC BR AR I T VAR RAE N I RE P AT APL FA1E SURE SR A%

bk

https://www.aminer.cn/archive/hindroid-an-intelligent-android-malware-detection-system-based-o

n-structured-heterogeneous-information-network/59a02e2db161e8ad1a7b6db4

BRERIRE_H

DeepSD : Generating High Resolution Climate Change Projections through Single Image
Super-Resolution

DeepSD: T HLAN FUR KB A T 2K 1l i AT 5 1) <A AR 33 0

f£# : Thomas Vandal. Evan Kodra. Sangram Ganguly. Andrew Michaelis. Ramakrishna
Nemani. Auroop Ganguly

WE: W30h, WAL T DeepSD, — AN SUHEZ P 7 W RBP4 2% (SRCNN)
HESEH TS AR B G P2 9% . DeepSD 2y SRCNN 141 1 2 U iy Nidis, DL KRR &
g e Gt T A el 1) R B . AR AOE 7S BIRKE H KR 1 (~100km) FE E 1/8 J&
(~12.5km) [ ZE R 15 22 8] 70 AN =Fh E Sh G it B K BRI L. Bk, g 17—
FI5& A2 MUK R sk ag e (NEX) P S HIHESE, I THEZ AN RS T4/ 20 24
ESM 7%

Hdk:

https://www.aminer.cn/archive/deepsd-generating-high-resolution-climate-change-projections-thr

ough-single-image-super-resolution/599¢796a601a182cd263b2d1

26


https://www.aminer.cn/archive/toeplitz-inverse-covariance-based-clustering-of-multivariate-time-series-data/599c798a601a182cd264948c
https://www.aminer.cn/archive/toeplitz-inverse-covariance-based-clustering-of-multivariate-time-series-data/599c798a601a182cd264948c

o BB

RAER L BB

Local Modeling of Attributed Graphs : Algorithms and Applications

JETEE B R AR . Sk S N

fE#: Bryan Perozzi f§+:, JLFJ0°4 Steven Skiena #(4%

TE: ACCHE ST R YE EIR T R SRR o B T DA 1 A 2 O B TSR
f, BT PRI DU RS . Bk, FRP R IAR 2 > i SRR R 2k by 21
2, HI4E A RN o KRR 5 g S 1A 2 Ok 2R 2 B RUSEX T 2% R K bR 2 20 A [
VIS REAT

Hbdb: http://perozzi.net/publications/16_thesis.pdf

BREELBXE 4

User Behavior Modeling with Large-Scale Graph Analysis

AT T RIE I TE 20 br B A5

YE&: Alex Beutel fEid:, iy Alex Smola #{4% il Christos Faloutsos ##% .

FE. 0, AE S @R AT R AP RS EA R R B s Mg,
(7 B, L2 e A AT TP BT AR 1 5, 03 SCRRBUA 2K B KR R BTG .
X Bl AR R AR AR BB I, Blnsg B E, AR R .

W HbE: http:/alexbeutel.com/papers/CMU-CS-16-105.pdf

Mining Large Multi-Aspect Data: Algorithms and Applications
ot IR € P PSS VAL
fE#: Evangelos E. Papalexakis {1, J 5T’/ Christos Faloutsos #(#% -
PE. X, RB TP RSYOE, R IE S AR L R E BRI K
BN, PR TR RIS 2 05T 1B 1
Hbdb: http:/hSip.cn/EDpe

® A3 (Test of Time Award)

Training Linear SVMs in Linear Time, KDD 2006

YE#: Thorsten Joachims #(#%

WE: ORI TR SVM RE A IZRE S, AP ons T v 4E A g s AR
WA 7o AZSEER S A DI T ORI RN SVM, 1% SVM BIE B2 ISR
HUHTITEME, ZEEEA IR 56—, BARF RS T 9. K, EHIar

27


http://h5ip.cn/EDpe

KRR TR AN BN =, BEIERH 5INGRREBEMKNA B
PR o IS 1R AR DRI A 1) PRI TRDIR 948 AN 6 BN S R B b B Jm, %5 TT DUAREE
KRR BB AT JTRE T LA BT T

Hudik:

https://www.aminer.cn/archive/training-linear-svms-in-linear-time/53e9a5afb7602d9702edbd06

® SIGKDD GRS K%

BT TR EBEEL (ARHBFERE)

BIHT % (Innovation Award) M - (PR IBE R, SFU) HRiG. A FxHdE
2L F Al ) T BUAE TR 52 BT, 5 R AEAR a2 4 A0 ) B e P2 4 7 1 o At )L
PRI TR B B R, 45 FP-growth fil PrefixSpan, EATEHOLA ) ZfEH, +
W2 I8 BORHH IR A TR AR AR B I2 0 i 5| 2 e 2 —, i
PRSI T ETIR L %

RE TR el L (FHBREXY

A RSS2 (Service Award) HI#sRIE+ (FHEHAY:, HKUST) 315, AREH
SR TR A IR 25 AHE T Bs 42 48 A0 N TR Re U 28 HH IR DT ik . A % 45 4F ACM KDD 2010 )
PC (& N, Jb5 ACM KDD 2012 K43+ 1 2015 4F IICAI PC i . fih i $14F ACM IUI
2009, ACM RecSys 2013 A1 IEEE Z& 2> WIS % o Al G EE IR 248 AN TR e r 2
Z2 i I, 45 2017 4F ACM SIGKDD I [EJiA45 %22 71 4, 2017 4 1ICAI 222 512381 2017
4E IEEE Al Ten-to-Watch & i 45 fli/2 ACM BRERF HH AL S (ACM TIST) A4 F
%%, ACM TIST CACAIEH] ACM 15| i KTz —. ik @l7r 1 IEEE KEHE AL 5
T, FFHEAE TS, REBREORERBIEN AT EIGE S . LR b EEEZ . Plds
2 >] il SIGKDD )58 11 F54

® KDD CUP &

AT T8 3 (Travel Time Prediction) #:

#—%: Convolution P\ (F#K ] Ke Hu, JbEATZ TR K %% H) Huan Chen, %K) Pan
Huang, 3 [4]A 71 Peng Yan)

B WREAANAKBN I K%/ Huang Yide)

RFRFM (Volume Prediction) #H:

#—44: Convolution P\ (F#KH Ke Hu, JbHATZ ML A K1) Huan Chen, %K /¥) Pan
Huang, %M 7]/ Peng Yan)
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4. Black-Swan P\ (FX A Yitian Chen, *EZRIMYE K2~ Jie Zhou, T H T K2
[ Jie Lin, &1 Hao Lin, I Yang Guo)

KDD CUP 2017 Hifi B B BRI = 1H 5 110 B E = i H AL, AR 538800
TR A BRSO A B AT R TN, B AR I I O BB ) S A N, Al B
FEAESCHR, TS 0 R PR R AR I S il 1 5 ST B B o 158 3% B AR Y St R B BoR
RRPT A AT AL SE . FEASIEIS U, BUARTTR 1 et I RE Sy, $ Ak S 52 e i A e [
IR R, FURBIG S A BN A S, AR 2@ Hk i . KDD CUP 2018
L5 NRAT I [ T30l (Travel Time Prediction) 5 &FATIM (Volume Prediction) Pi4~¥ 362,
AR E A E 1 3547 LM SN T HE3E . Convolution FA (TR 1) Ke Hu, ALEAT M
KOKZ2[) Huan Chen, fifl#X[¥) Pan Huang, 3%[1/A &) Peng Yan) BN E % .

(6) SIGKDD 2018

2018 4 8 H 19-23 H, # 24 JmEFRAR K M5 551245 K< (SIGKDD 2018) 7£ 9 [H

HHI-

PN EH N s s S K g G B B I 5 o R e R € N B e € Ty SR 2 T
Fr i) 8146 45 . tranSMART 22 BB HRE Yi-Ke Guo ##%, H1 IBM Watson Watson
Health /N B 75 Fi RL 25K il i3 2 22 3 Faisal Farooq {8 3% [RI4E4E, &3 ARG 42K 241
HHBHE S HOR 2 B 0% 3 AN B EO A8 AE s WM 2k 0l = B E L &V K2 TSR
# 55 B L4 Chih-Jen Lin Z#3% , ATE VUM SRS BRLE 545 B AR 4t 221 Hui Xiong
HOZILFAT; T AP R RS RS EH H Google A H B~ Andrei Broder 18 1Al
% A AR TS HLRL 2 &R ¥ Myra Spiliopoulou B IEFRIHAE. LA KA 99 AEK R 3377 4
FHEVEM T KDD 2018,

KDD 2018 JLUG BI85 1479 i, Hrh®FFitEie S 983 5, @ N¥rm, Hbf 107
s oral, EHIZ 10.9%; 74 % poster, K% 7.5%. FICH 8 HEHE B8 3C 496 i, BT
Bimr, HAE 40 55 oral, K * 8.0%; 72 % poster, K 14.5%.

KDD 2018 K315 1 162w [ T 22 B e (1 = T 7 DA SR 2 #3% David Hand, H7
HE K FAT B R FAT S L8RS, 2012 i WURASF #2151
Z—I# Alvin ERoth, FERZSIT RIS ITHLEE Y 2] 3% . DeepMind W FEHF K Yee
Whye The, Avanessians 24 £H2= 0 LT AT 58 TR 52 0H HALEL: R (1) Jeannette M.
Wing #3%, #4717 W K B R
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SIGKDD 2018 EARFRIAE I N

o BEFAKBI

REWRIHR

Adversarial Attacks on Classification Models for Graphs

Xt PRI 73 AR A [ Xt ik e ek

fE#: Daniel Ziigner. Amir Akbarnejad. Stephan Giinnemann

WE: N 7RO, SR T — MR RIS S e R . BATI SR AT FT AR
Wy, EE J BT DRI, TR R R 2 B TR, E R, AT 2
TR SR My 7 AURT DAHE)™ 1) H A 5 S 1t 19 i 20 A

Hbdb: http:/hSip.cn/uy96

RAEFZARICE

Xiaolce Band:A Melody and Arrangement Generation Framework for Pop Music

Xiaolce Band: VAT & A HY e 15 2 it A= BGAE 42

{83 : Hongyuan Zhu. Qi Liu. Nicholas Jing Yuan. Chuan Qin. Jiawei Li. Kun Zhang.
Guang Zhou. Furu Wei. Yuanchun Xu. Enhong Chen

W TN MNTR AL A & EER0 . 870, BIE S IR 2RI T AR A RE .
IR, WA LS 22 ST BOR B AT B R QI SO N T ge Ui A i . BT 5 2R
TRER I ENE, sk il A R RS2 REAT o SR B P S R SRR T 28 Y L R R I L CR 8D
i B ORFRANE — B8, (5 R R R I R PR . 2 5 $g th SR I Btk 7ei T ke S
TRtk i, WSO TR EAR MR N AT 55 52 1 46 70k, WP s & R8s (5 2 ik
) A IR B R R S UL SRR KISR0, BETE 7 — Pk T AI5Z K11 22 40
JRAHRAE XA R (CRMCG) K™ A2 A MIZBEAT f e Sk —20, @2 ME
55 (ZAE, RETFHD KRB, NRBIALRSHE TE R LIIRE, el 7
—Hh 2 IR ARG g LT (MICA) -

Mk
https://www.aminer.cn/archive/xiaoice-band-a-melody-and-arrangement-generation-framework-fo

r-pop-music/5b67b45517c44aacl1c8607¢9

o REMMABIEMERL
REERIR
Real-time Personalization using Embeddings for Search Ranking at Airbnb
£ Airbnb HAE RN SRS ZHE A SR SIS A AL
YEZ: Mihajlo Grbovic (Airbnb)#11 Haibin Cheng (Airbnb)

30



WE: ANXBALZ )y Airbnb & 5 EHIK, BER T4l BBV R s, %38
AR AR T B o 8 58 2Rt fh AT T30 2 207 Wb 2 AT, AT S 1™ a2 B2 Tl
Hdk:

https://www.aminer.cn/archive/real-time-personalization-using-embeddings-for-search-ranking-at-

airbnb/5b67b45517c44aac1c8607cb

REFERIR

ActiveRemediation: The Search for Lead Pipes in Flint, Michigan

BUREG 2 WO b bk A R

fE# : Jacob Abernethy (Georgia Institute of Technology). Alex Chojnacki (University of
Michigan) . Arya Farahi (University of Michigan - Ann Arbor). Eric Schwartz (University of

Michigan)#i! Jared Webb (Brigham Young University)

WE: Bt GO T0ESN, BATE TWANGEE &R gt B, 5EUM 2
KLU ANEHR TS, SeOtETE AL o, ATV, B, MR OG TR INER R UM B Rl 2 VRN
fte, BARR W a4 EEE NI,

H k-

https://www.aminer.cn/archive/activeremediation-the-search-for-lead-pipes-in-flint-michigan/5b6

7b45517c44aaclc860889

o HBEETR

BAERE LB

Mining Entity and Relation Structures from Text: An Effort-Light Approach

MOCA P2 SEARFISCA R FR e — PR 52

fE#: Xiang Ren 1# 1, H ST NEHZRM (Jiawei Han) #¥%.

W AT E R RIT R — A F N T 7 2R SR R R AL SR 5 e N
BRI FR, DLt IRACIR & R4S IR0 URFNIE 5 R SOATE B (1 B3 o

bk
https://www.ideals.illinois.edu/bitstream/handle/2142/101001/REN-DISSERTATION-2018.pdf?s
equence=1&isAllowed=y

BB LR E A

Probabilistic Models for Credibility Analysis in Evolving Online Communities
P T2 At DX AT A5 220 A A A 7Y

fE#: Subhabrata Murherjee 1, JHFfi’y Gerhard Weikum #(#% .
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P A TR BRI, &a] DUR I E 2t X 2 AR 3R 2 8] 1 86 & A AR
H——tein P A2 By 4R XEHESFISCAR A B ——R E PP ST AR 2k A A IR RS 1,
LB FH PR B M 2 i B AR

Hitk: https:/d-nb.info/1137509414/34

Characterization and Detection of Malicious Behavior on the Web

W T F R AT O (R R R AT

fE#: Srijan Kumar 181, 3’4 V.S. Subrahmanian 4% .

WE: A CHIRITR MK —BE MR, HTAEZA web & w5 Al
T LRI AS R 28 B (B AT A ——VEIR R NS SBAERIE . R EEAIRVETFE % . XU
TEE 3 MRt W 2 1 S AT T R T R AR I B

Hodik: https:/drum.lib.umd.edu/handle/1903/19420

® A3 (Test of Time Award)

Factorization meets the neighborhood: a multifaceted collaborative filtering model, KDD
2008

fE#: Yehuda Koren

WE: KR SCE T R IR 3 8 I AR I BB R 3. 135 thi Netflix KI§15
T 100 73 LTuHIBIBANE 7. BICER I 17— E e IOHESE, R AT AR A S v A IR R Y (LA
HWHEARN RN D MG, A PR E 0SS AR R A I R R AL
ORI B A 200 TV A DA A R U B 22 A 2t i 5 DK 22 B A7 T (RS AR S (R B AR 2
HES RURAHE E RS E S

Mk
https://www.aminer.cn/archive/factorization-meets-the-neighborhood-a-multifaceted-collaborative

-filtering-model/53e9bc74b7602d97048{4169

® SIGKDD Rl fliRkS K%

GUF TR X RHEE (BFFERFRFZMHFZED

B % (Innovation Award) HH BTG K5 Z A R A0 e e 3R/ 19 . Xl e 2
BRI IR E RPN, RIE ST W AEZ IR AU IO 2 — . ARG RS
&4 &L (University of Ilinois at Chicago, fiifx UIC) THEMNEIERIRFHZ, TETEKR
PN LR L0, T 2013 £484F ACM SIGKDD £ (201347 H 1 HE
2017 4F 6 H 30 H) o SGHEAEVF 2 HARKORE 4248 082> S (B4% ICDM, CIKM, WSDM,

32


https://www.aminer.cn/archive/factorization-meets-the-neighborhood-a-multifaceted-collaborative-filtering-model/53e9bc74b7602d97048f4169
https://www.aminer.cn/archive/factorization-meets-the-neighborhood-a-multifaceted-collaborative-filtering-model/53e9bc74b7602d97048f4169

SDM F1 PAKDD) , fti#84F TKDE, TWEB, DMKD %5 HiT| ¥ &l £ 4%%; ACM. AAAI 1 IEEE
<=+ (Fellow) o

fR5%: BERBBIR (FHEERE

2018 x5 % (Service Award) HIEHRRNZIERS A . EAZ AMiner Wtk #, flgis
HEREH YR SR R EZ . MRFRT 200 ZRITI/ZB0GE3C, 16 20 LR, 514
#id 10,000, fih ¥ 4HAE CIKM'16, WSDM'15, ASONAM'I5, SocInfo'l2, KDD 2018 gl %/,
441 KDD'11-18 Bk#A F %, IEEE TKDE / TBD &l +: 4] PC B4 3% 1 ACM TKDD / TIST.

® KDD CUP ZEH

% —%: First floor to eat Latiao P\ ("4 K *##) Haoran Jiang A1 Binli Luo, Jb3%HEHLK
2~[#] Jindong Han, Juan Liu, and Qiangian Zhang)

%4 getmax B (B Zhipeng Luo, Jb%5K*#] Jiangiang Huang from, B 5 E
] Ke Hu)

KDD CUP 2018 J&T-Fi 46 SR bt 2 A0 & ) L, H 2o 7E b A i it o [ 4k Ao
ESEEEE . LT 75 W R K 48 /NP PM2.5, PMI0 AT O3 fIIRE (B3 H 72
T PM2.5 F1 PM10) .« A4ELLEEILA R H 4180 LHIPAK) 5687 (i 23 EH &5, HEHET
3000 AT KZ/HLAI ) 49 A [E 5K . First floor to eat Latiao KIS A IR IR F K 26— 4 P EMS (Fk
B, AR (PTEIE) , wReR (dERTRAE) A Getmax H1BA A4 KDD Cup 35457
U —, —IEE =, RM— M =IO M BN . 239532 A R 51 5 451 Convolution [#1BA
A T KDD CUP 2017 [IXUEE % .

Biitt 2 41, SIGKDD 2018 il 1 5 o i N S FIAT) B A1 BA 2% o 5B o g A2 Geeorge
Valkanas 3K13, X —RINZ B SPC $&44, o i o & SAH BB R IR H o HI0I A1 BL3E (startup
award) 7532 3R 3 A 4371 & B Bt — 55 - ASTOUND. %5 £} . FactMATA. Infilect & Zugata.

1.4 JT4E KDD ¥4y L= fRiE

R T [ i — R I /S AEAE KDD bR R IAREE S0 E (I 48 i 1o e i ik
W) .
(1) SIGKDD 2013 3Rk

KDD 2013 K% b, S HAARRIEIIH A Session # KB AAEAS W 4% 731, 7RI 5>
HTHEZR ) Session 1, K HAH SR A MR SCER 145 CPUL GPU LUK A M S it Rk die
P R BARFZIRBE ST o R F R IR KA AR SCUER S 1 ey LXK _E = 2k 70 A iml 7L, 38
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SRS KB 05 J W7 55 20— Z 91 I 22 55 . K 11 868 POSTECH K205
S U4t — /NI4T B ELEI 8, TurboGraph. BA TR = B8 S/ 4

#8: Big Data Analytics with Small Footprint: Squaring the Cloud

{3 : John Canny Huasha Zhao

WICHLEE: https://static.aminer.org/pdf/20160902/loc-conf/KDD/KDD-2013-1103.pdf

WICARE: W0 OCHRH 48 BID [FRBER AL B 51 %, JF3ET1% 51 % ¥ K T BIDMat T B AL H T HEREHEAN
BIDMath Fl THLE&% 2], RS DURISAI A BP0 E], UERA T XM vk il LU S & PC LA BEEIR 1)
P R T

#8: Beyond Myopic Inference in Big Data Pipelines

fE# . Karthik Raman,Adith Swaminathan,Johannes Gehrke, Thorsten Joachims

WICHHE:  https://static.aminer.org/upload/pdf/1365/1623/470/552e6¢2545¢ce5a31931832a0.pdf

WICHFE: WU MR R (Probabilistic Pipeline Model) , %7 A i 44 52 4% (¥ ME R 4k I
)73 22 AN S AL T SRR, A R R T MR T SR R, 185 M T Top-K
HEWT. Fixed Beam HEWT UL X2 Adaptive FH BT 5 SZBR R .

¥F8: TurboGraph: A Fast Parallel Graph Engine Handling Billion-scale Graphs in a Single PC

£ : Wook-Shin Han, Sangyeon Lee, Kyungyeol Park, Jeong-Hoon Lee, Min-Soo Kim1, Jinha Kim, Hwanjo
Yu

WICHE: https:/static.aminer.org/upload/pdf/365/1693/1669/552¢7¢5145¢ce5a31931832ac.pdf

WICHERE: MEESERNETESI % (W1: GraphChi) , TurboGraph 5 RfHEE T i N & tE. &
SCEFEE — AN pin-and-slide R FFATATIEEN, AN 51 SEBL T RS 1K) 35K 73 BT o

FER— A REAE S THIER Session 71, JUFRE EARDT 1 40Tl BUAA SEIEAT ot A
JSZA6F KA A i SR (IR A o — A SRR U (T A AT BR 3 A7 T s BIA% Sed i S ade K8l B
B SIANEH PR SCE N XS SGERIFEFE o il AT e, (L RE 8 A B AR 57
R

R WNE S HE, =S ADBRMEERR: WH AT AR H 7 52m ) BLR N 2%
LR AEFH AT RS HT T, BEAA SRR ST P 2 AT 9 S BRI R R,
AR SCIFAEIR T URD AN [F] 4k 52 W 28 il £ FH B AR SRR AT 48— I FH AT A s 1A 1R
W28 A R RE I = AR R . AEFH P s U7 T, UG A R R SCEE A AR T 8
FAT AR S 8om )22 2] i, o ggma Jph MR, EdlErh s ie )54 2], i —ut
TAEFF UK k2= 5200 7 8% F 2 H A ES b 42 4 10] R e, a0 4L 2= 52 ) 8 i SRR P A0 R
SN ) AT T IE SRR I . AR5 BAERE T, S8 HECE BRI — R SCE R RS B A
XTI 28 SE AT AL B S2 TR, 5 M A SCEE TR I 28 B P A0 A% 3645 JE IR R o] 45 B ) 7L
(2) SIGKDD 2014 3 f#iE

2014 4 KDD _EAEAE WIS | L& I AR P2 90 S AU 51 1 e 2 B0 45cAR, DLALAS I 2%
N, R ESILEA 6 M dn il iF e it e . Jym 44 SIGKDD K4+
8 “Data Science for Social Good” 15, BRI EHEFHA0F 7N 530 T8 FHEC#Z
PEH AT B At 2 PR, @, SO 3 AN A BT U L oy 223 L R A
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https://static.aminer.org/pdf/20160902/loc-conf/KDD/KDD-2013-1103.pdf
https://static.aminer.org/upload/pdf/1365/1623/470/552e6c2545ce5a3f931832a0.pdf
https://static.aminer.org/upload/pdf/365/1693/1669/552e7c5145ce5a3f931832ac.pdf

A #E . 8. T hET 2. SHER, Kadls| 1 Bka EE I gk
A BERIKE I SV ARIE . BCA BB 7 A 23Rk #E (United Nations Global Pulse) Z /1 [ %4
) SIGKDD K2z, I 200 A5 SC & kb 5 5 BAT ARSI B0 B2 Ao i dett 25 1tk
5] L () S B AT 18— 4RI o« AR IR 5 0 SCR AL A BR8N T 2 SORMORT 5
NEAISA AT R LR 2 5 RIeSCE

¥RR: Inferring User Demographics and Social Strategies in Mobile Social Networks
fE#: Yuxiao Dong, Yang Yang, Jie Tang, Yang Yang, Nitesh V. Chawla

i X H fk

https://www.aminer.cn/archive/inferring-user-demographics-and-social-strategies-in-mobile-social-networks/55

50453645ce0a409¢b54966

WML : 1ZCF R T NS A JE N A R B S5 SR A AR, Bl ie Nt
) T AW R ABTRO I AR, JF BB S R R R s BEE R, I ANEPESZE, WELE
TR N PO SE SR A R AR AR o 2 T B, A AT BRI N ST AL 10 308 135 A AL 15 8 P A o
LTI 1 A8 3 B A AR 15 2

¥R : EARS (Earthquake Alert and Report System): a Real Time Decision Support System for Earthquake
Crisis Management

fE#: Marco Avvenuti, Stefano Cresci, Andrea Marchetti, Carlo Meletti, Maurizio Tesconi

WICHLE:
https://www.aminer.cn/archive/ears-earthquake-alert-and-report-system-a-real-time-decision-support-system-fo
r-earthquake-crisis-management/5550453545ce0a409eb548el

WIS ZBIBABCTT TN EE T S AR 52 A A 3t 2 PO A VP R S8, 12 R G AT LS A
R PN R B T (5 SRR R SR SRR

#8: Prediction of Human Emergence Behavior and their Mobility following Large-scale Disaster

fE#&: Xuan Song, Quanshi Zhang, Yoshihide Sekimoto and Ryosuke Shibasaki

WICHhE:
https://www.aminer.cn/archive/prediction-of-human-emergency-behavior-and-their-mobility-following-large-sc
ale-disaster/5550453645ce0a409eb54982

WO« ZOCF AT HAR SR R AR A2 s )5 160 75 A GPS $Ud Bk 70 B Fi it
I NRAE B B A M e R A Ja IR RS 3 AT .

¥RF&: Targeting Direct Cash Transfers to the Extremely Poor

Y% : Brian Abelson, Kush R. Varshney, Joy Sun

WICHIAE:  https://www.aminer.cn/archive/targeting-direct-cash-transfers-to-the-extremely-poor/55504
53645ce0a409¢eb549aa

WOCRRE: ABAT I8 SR B AL R R, I A AT BT AR ) T R R R S T B T 5
JE, VAL AR A AT 5 BTG 5 1R i NI 3 SORPR A  B BE B

W: Inferring Gas Consumption and Pollution Emission of Vehicles throughout a City

fE&: Jingbo Shang, Yu Zheng, Wenzhu Tong, Eric Chang, Yong Yu

W
https://www.aminer.cn/archive/inferring-gas-consumption-and-pollution-emission-of-vehicles-throughout-a-cit
v/5550453545¢ce0a409eb548¢e2

WA : %10 S0 TE 5T 32000 5 HH AL 1Y) GPS BUZE I 43 A7 S B0, FUINAS [ (R R X Py 2 117
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https://www.aminer.cn/archive/inferring-user-demographics-and-social-strategies-in-mobile-social-networks/5550453645ce0a409eb54966
https://www.aminer.cn/archive/ears-earthquake-alert-and-report-system-a-real-time-decision-support-system-for-earthquake-crisis-management/5550453545ce0a409eb548e1
https://www.aminer.cn/archive/ears-earthquake-alert-and-report-system-a-real-time-decision-support-system-for-earthquake-crisis-management/5550453545ce0a409eb548e1
https://www.aminer.cn/archive/prediction-of-human-emergency-behavior-and-their-mobility-following-large-scale-disaster/5550453645ce0a409eb54982
https://www.aminer.cn/archive/prediction-of-human-emergency-behavior-and-their-mobility-following-large-scale-disaster/5550453645ce0a409eb54982
https://www.aminer.cn/archive/targeting-direct-cash-transfers-to-the-extremely-poor/55504%2053645ce0a409eb549aa
https://www.aminer.cn/archive/targeting-direct-cash-transfers-to-the-extremely-poor/55504%2053645ce0a409eb549aa
https://www.aminer.cn/archive/inferring-gas-consumption-and-pollution-emission-of-vehicles-throughout-a-city/5550453545ce0a409eb548e2
https://www.aminer.cn/archive/inferring-gas-consumption-and-pollution-emission-of-vehicles-throughout-a-city/5550453545ce0a409eb548e2

T RE RIS R .

KDD 2014 277 i 2= £ i Jure Leskovec Z4% M Wei Wang (4% LA J2 SIGKDD fillig N2
— Gregory Piatetskyr FJ#k 2 TR, #EA2FE B2 5341 & 54 SIGKDD K2 b i #4116,
HT#a% O &7 SIGKDD k£ FRESE 1T 10 4E,

2014 NN EHEM KRR MG L, OIEPRRE L M EEERE, 32K
i, MEAEERIL, 5 EEM%, T RBURIRE L3 #3884k LI Tl FIBUf
BB L AAEOWSS, MRIRE RS 25, Bz tA 3 PREmE L. B
PR, A5 DAL HE DL AR BRI 5 — DML IR S &3, O AR UK 2 AR5 I 2% 1t
TR RIAT TR FEMI 245 BALRE T T, W48 S5 KA S A% AR AAR LR BN — KA AT,
TN TR A T e AR R BT T, BERN ST SR K
25 P AORNE Bk (At AU IR B A 4 BT AL S5 5 1) 4R T ot Jig o i At A A2 X 2%
ML, S AR, AROUE X 2% 45 K K Zh 25 X 285 A 20 A U R A BB T TR

BEAh, B K ECR IR R, KRB IZ4E N 5 B R 2 X S 28 R R RE, R
4 ATy 233 R KR BRI I BB Bl 7 -

Session 1 | 55— /NI TG BRI ABIEIZ I, 2 e RETITHAANCREE, IEZ Ik
M, L EBEER, DR EREE 5%,

Session 2 | 5 AN N R KBRS T IEL Y, BRI WADR B S 4 S N A R L

Session3 | S = ACATY R KB EE L LY, ZEE 7 580 E Y 5 Betweenness J& 1
PageRank 5Hi%, EIRAE LA ) 43 S0 70 R RIASE X 2% B3 1 45 ) vh n e 4 g 9 30 AT (R A 8] &2
IR PETHE

Session 4 | &5 VU B AL AN 2 ST HoR B Y7, 3 B O I IR e R RS A it Uit B b AT
BEMLOCAE, B 47 2 LA R AR 2 Lo o 2] SR B AR AR R ) A e

(3) SIGKDD 2015 ¥ X f#iE

FEREFEIR T TH, KDD 2015 SRR S M2 - Web #2418 DL £t
S TS EERRESRE UL — S BT 5 T AR RS, IR AR ] T AR
Behdo IBEERIHESENG], KL 2IBH 5 ML SIS e H R e . T —2eft
Gt FUAnHERE Sk, TR 2 e — e (0 E AR B e, B it A AN B AR IR S o SRS,
B A R P IR T, SRS . SR O SR A % 4 i) B A T EANAEE R

2 P 25 7 P2 AL K2 KDD QU ARH K AR T T 1] R SRAG fe 18 302 Ko
FEEAERSCRAPIR IR S BiZ 8. BRICLSL, SR ETEER AR TSN = e 0,
WHFE VAL W gg kgt R (A P b fith, #RIXEE) KATIocR (G, FP e iR
BRR A, DU PATNEE) BRI R, W] BHT e g AP AT 9 TN AN AL X R IS5 HE 1A 1
TH AR EA AN S [ 22 B RS2 A1 R 45 19X 2% R 2 TN 1) R0t A 93] 1 e 4 Ll ey 7
R T ]

N CoupledLP: Link Prediction in Coupled Networks ‘

36



{3 : Yuxiao Dong, Jing Zhang, Jie Tang, Nitesh V. Chawla, Bai Wang
WICHhE:  https:/www.aminer.cn/archive/coupledlp-link-prediction-in-coupled-networks/5736973
c6e3b12023e62b5ca

WL 1 CHR AR HE QLB I T A AR R T i o A B R R TR SEHE SRR 8, A PE R
Jeri bR A3 T EMIE

LA B AT A+ 2 PR, N T RENS m ROt AL R Bedle, T DURAERFEI 73, T
ATH SRR 1) B bR S

QroR BB R AERE ORI A, #0381 A R RS R AR, THSE R 3-profile (BIERE
=G R AR RE Y, =R K BLRE. BEAh, R R A RS A, o
FC T AR RAE S IR vh AN 85 0 5 B S5 iR KBRS . Sk B R RS AR, WEFE T
R FH SR AR SR AR R I 28 e (0 R 2 - 1o P L ke 1 s LR 2 B R B 1 A, vk 7 —
ANENERFEFE, HIT Gt M2 T i) JR B = T A Bl 38 H RS2 AN SO M S K 22 B PRI

FE 3T B R B ML A2 SRAE 5 ¥ SR R - B KRR P o A 85 5 2 T) RO ARALL S o 122 7 VR TE
— N RY) 50 F3ANGES S, 500 F5 A EEEE A iR 300 £, I HLEERS LT AE 10 12
I B b FAT R — AN S Top-5 FEALSS &

Web 24f (Web Mining) L @7y 2. BRI AL T 22 AR Mk AL R 53 i 34 a7,
TE FLIR X PR B0 425 4 ) 2 A 2 KDD £ iR ) — R OGTE#US . 7644 KDD H %
["TRAL T —M 5% Web Mining i E R 20 DUN @i % AR/ E 31

¥B: ClusType: Effective Entity Recognition and Typing by Relation Phrase-Based Clustering

{E#: Xiang Ren, Ahmed El-Kishky, Chi Wang, Fangbo Tao, Clare R.,Voss, Jiawei Han

WICHAE: https://www.aminer.cn/archive/clustype-effective-entity-recognition-and-typing-by-relation-
phrase-based-clustering/5736973b6e3b12023e62ble3

WIS (FF P TAE R R SRR SE, I kBl ) 75 XA SR 4 R S R R TR, JEH
W SRR

W: TimeMachine: Timeline Generation for Knowledge-Base Entities

{E#: Tim Althoff, Xin Luna Dong, Kevin Murphy, Safa Alai, Van Dang, Wei Zhang

WICHLAE: https://www.aminer.cn/archive/timemachine-timeline-generation-for-knowledge-base-entities
/5736973b6e3b12023e¢62b0b7

WICRRER: AR TR T A TRl B B SL 5 o IR — T VER T 2 B R4 R, SR T
2] TIMECRUNCH 592 - 4R B & B i . X —Trik B A IR Z BRI N 5

PRfE: Entity Matching across Heterogeneous Sources

{E3#: Yang Yang, Yizhou Sun, Jie Tang, Bo Ma, and Juanzi Li

W3CHbk: https:/www.aminer.cn/archive/entity-matching-across-heterogeneous-sources/5736973
b6e3b12023e¢62b38a

WAL WA T U AU ) B X — o) R R EPRRAE T B TR AR, AN R4
X SEAR A GV SO E N A BB ARG . SCER R T A8 SCRFETT I T AN R s Y B 8, JF
M) FH T8 AL 2% TR R SEEAA BEAT ORI P DL AC

#ni: COSNET: Connecting Heterogeneous Social Networks with Local and Global Consistency
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https://www.aminer.cn/archive/coupledlp-link-prediction-in-coupled-networks/5736973%20c6e3b12023e62b5ca
https://www.aminer.cn/archive/coupledlp-link-prediction-in-coupled-networks/5736973%20c6e3b12023e62b5ca
https://www.aminer.cn/archive/clustype-effective-entity-recognition-and-typing-by-relation-%20%20%20phrase-based-clustering/5736973b6e3b12023e62b1e3
https://www.aminer.cn/archive/clustype-effective-entity-recognition-and-typing-by-relation-%20%20%20phrase-based-clustering/5736973b6e3b12023e62b1e3
https://www.aminer.cn/archive/timemachine-timeline-generation-for-knowledge-base-entities%20/5736973b6e3b12023e62b0b7
https://www.aminer.cn/archive/timemachine-timeline-generation-for-knowledge-base-entities%20/5736973b6e3b12023e62b0b7
https://www.aminer.cn/archive/entity-matching-across-heterogeneous-sources/5736973%20b6e3b12023e62b38a
https://www.aminer.cn/archive/entity-matching-across-heterogeneous-sources/5736973%20b6e3b12023e62b38a

YE#: Yutao Zhang, Jie Tang, Zhilin Yang, Jian Pei, Philip S. Yu

WICHHE:
https://www.aminer.cn/archive/cosnet-connecting-heterogeneous-social-networks-with-local-and-global-consist
ency/5736973b6e3b12023e62b502

WIRER: CERBFASERES 2R —SERTE, KR BO AR, 2% AR U LL K 5 19 % DT
BC s e AT 0 — . SCREAR ATV SRR R T T AMiner 22 RN Z8 0 T SIZHEELL R Gi .

THHEAZYE (Stream Data Mining) L5y 2x . FEF KRB ARG K, FEER R
SERFETTIE I FURFEE R RIS . AR 52 L U R AT 018 3 -

WFB: Stream Sampling for Frequency Cap Statistics

{4 : Edith Cohen

W3CHbE: https:/www.aminer.cn/archive/stream-sampling-for-frequency-cap-statistics/5736973
b6e3b12023e62b384

WICHREE: WSO EET Google HIF LB IR EHE W Gevt &7 5k, Bln 3t — @t r i —E5E UL R
PEEUE 2 AL PR GE T & . MU0 3 ZETTARR 3R — N R SR AR R AR SR A 1 PR 2 . R0
SRR ' HENLAT ek, T s U o G- = A

#8: Efficient Online Evaluation of Big Data Stream Classifiers

YE#: Albert Bifet, Gianmarco de Francisci Morales, Jesse Read, Geoff Holmes, Bernhard Pfahringer
WICHAE: https://www.aminer.cn/archive/efficient-online-evaluation-of-big-data-stream-classifiers
/5736973b6e3b12023¢62b516

WIS A4 IR G b 2R S VA AR T LA SR8 R, 451 A R 5 S 3 25 A 00 45 5
UEJT, BEEMEREEAEL T 2 R EHR M, S rAS T S AL S BOE A i 7 T — 200, AT
8 F1 A Accuracy SRl FiE b i AN R & AT S5 o AT B0 32 L 0T kR B2 Hh il AR BOE B 7 VR R 7 i igé ke ik
I L

#8: A PCA-Based Change Detection Framework for Multidimensional Data Streams
fE#: Abdulhakim Qahtan, Basma Alharbi, Suojin Wang, Xiangliang Zhang
WICHbE:

https://www.aminer.cn/archive/a-pca-based-change-detection-framework-for-multidimensional-data-streams-ch

ange-detection-in-multidimensional-data-streams/5736973c6e3b12023e62ba04
WICARIE: MATHR H — AT F B 20 A 5 R ARG T 22 S 5 AR A PO B . I = B SR AR s B o
e[ 38 Al T I =W =1 2 T - Fm 1 o G R <3 = 8

KA (Big Data) H@ilsr . KREIRHFVIRAETHR . LA 1% H AR 7318 3

¥rEE: Large-Scale Distributed Bayesian Matrix Factorization using Stochastic Gradient MCMC

fE#&: Sungjin Ahn, Anoop Korattikara, Nathan Liu, Suju Rajan, Max Welling

WICHHE
https://www.aminer.cn/archive/large-scale-distributed-bayesian-matrix-factorization-using-stochastic-gradient-
memc/5736973c6e3b12023e62baf7

WICHFEE: U I BEHURR B 52 R B SR AR 73 A 2 DU JUr R R 2 A A AT] 9 SR00R 3 1 20 A 5
Gradient Langevin Dynamics, MMHBEWSIARIFRAESRFRZ (U1 Gibbs SRAE) MREAERE, 1 AR E &,
WESCRENURR L N BRI BRAh, MAT DO SREREAT T IRATAE, 3 L RERE I N KR FE) DL ek e o i o

PR Scaling Up Stochastic Dual Coordinate Ascent
& : Kenneth Tran, Saghar Hosseini, Lin Xiao, Thomas Finley, Mikhail Bilenko
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https://www.aminer.cn/archive/stream-sampling-for-frequency-cap-statistics/5736973%20b6e3b12023e62b384
https://www.aminer.cn/archive/stream-sampling-for-frequency-cap-statistics/5736973%20b6e3b12023e62b384
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https://www.aminer.cn/archive/efficient-online-evaluation-of-big-data-stream-classifiers%20/5736973b6e3b12023e62b516
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WICHAE:  https://www.aminer.cn/archive/scaling-up-stochastic-dual-coordinate-ascent/57369
73b6e3b12023e¢62b35d

WICARIE: SDCA J2 il i /MM I A 73R SRR S s B 27 =T e K 22 ML T 3 o A ST 4R L T 7
B 5K ) R %o i) A AT R 1) vk i o 2 B AT T AR

#: Network Lasso: Clustering and Optimization in Large-Scale Graphs

{E3: David Hallac, Jure Leskovec, Stephen Boyd

WCHbE: https://www.aminer.cn/archive/network-lasso-clustering-and-optimization-in-large-
5736973c6e3b12023e¢62b9e3

WICAFER: ARATIHE H—Fh3d F 1 network lasso J5200f B b 1) S SARMIE A 100 RBURE AT 2 AN DR SR A -

¥RR&: Petuum: A new Platform for Distributed Machine Learning on Big Data

{£ # : Eric P. Xing,Qirong Ho,Wei Dai,Jin Kyu Kim,Jinliang Wei,Seunghak Lee, Xun Zheng,Pengtao
Xie,Abhimanu Kumar, Yaoliang Yu

s X H ik
https://www.aminer.cn/archive/petuum-a-new-platform-for-distributed-machine-learning-on-big-data/57369648
6e3b12023e5555¢l

WICRREE: AT IR T — S RBERI R N @ AT PS50 B e Hbn AR RN 5 8 T
AEYE, BhASEAA —BURSE, EHAE TG A R R . SRIRES R EOR T1E 100 £ &
Hles LIBATROGE AR 55 TURS I8 SRR 1 AR5 35 T 2 e AV AT S 56 S RIS 7 A1 IR P o 2 [0 2 46
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#i# R4t (Recommender Systems) Ll sr4r. HEFEHIEE RGN LT

e I WS

R A Collective Bayesian Poisson Factorization Model for Cold-start Local Event Recommendation

{£3 . Wei Zhang, Jianyong Wang

WML
https://www.aminer.cn/archive/a-collective-bayesian-poisson-factorization-model-for-cold-start-local-event-rec
ommendation/5736973b6e3b12023¢62b427

W IZBR LRSI T P R, R R DLRHAR S L M ORI SO A 255 B 3R SR fig
FHHEFE IV R Bl ]

#8: Inferring Networks of Substitutable and Complementary Products

{E#: Julian McAuley, Rahul Pandey, Jure Leskovec

WICHE:
https://www.aminer.cn/archive/inferring-networks-of-substitutable-and-complementary-products/5736973b6e3
b12023e62bl11d

WICHE: 2B TR 2508 17 it i B AR FE 05 TR DRI 2R, 7= it A I TR e o B T )
T R FH T AR o 2% [ R AT SRR A, (RIS 5 58 1 7 il B AL FE 23 20 o #E Amazon f FLSEHUE
AT T SIS0, SRR EE RO T e ST k.

. Regularity and Conformity: Location Prediction Using Heterogeneous Mobility Data

{E#: Yingzi Wang Nicholas Jing Yuan,Defu Lian,Linli Xu,Xing Xie,Enhong Chen,Yong Rui

w X 2.} it
https://www.aminer.cn/archive/regularity-and-conformity-location-prediction-using-heterogeneous-mobility-da

ta/5736973b6e3b12023e62b330
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R AF 2 PR RE R 43 it SR 2% ) AR, {8 Sparse group Lasso A& 28 SR 2% S 4R

#: SCRAM: A Sharing Considered Route Assignment Mechanism for Fair Taxi Route Recommendations
{3 : Shiyou Qian, Jian Cao, Frédéric Le Mouél, Issam Sahel, Minglu Li

w X 2.} it
https://www.aminer.cn/archive/scram-a-sharing-considered-route-assignment-mechanism-for-fair-taxi-route-rec
ommendations/5736973c6e3b12023e62baa2

WAL : 1% LAF—T5 e S i AL 4w ML AL T APIIHER T 6, 53— J5 AN AR AT ISR AR
2% AR YRR A HAE 42 7 S B 2 Bt R M U TR RO PR R, 25 SRAR W R A 3K A5 T A T 2 i
Jite

(4) SIGKDD 2016 ¥3Cf#iE
T 4H KDD 2016 W JIAS T8, SR WEHES] . #HFE RS
I 8] A A G 4230 . S P B Rl
RIES ) B /45 o AR SIGKDD &[T W E | — /MR ¥ 2] MK <% 2] (Deep Learning
and Embedding) )% @8 24 N 5 57 T $0 TR B 2 S 76 s 42 38—t e /2 BB 240 i)
N . PAUR IR 25 S & 5 230 8

8 node2vec: Scalable Feature Learning for Networks

. HriHMR K% Aditya Grover 18445l Jure Leskovec #(%

W3CHAE:  https:/www.aminer.cn/archive/node-vec-scalable-feature-learning-for-networks/57aa
28de0a3ac518da9896d5

WICHREE: SCEA T B0 i 2B KR 2 S RE . il EE T E ST AU R R SC (Context)
node2vec ] DAJRIH 7 7 HH 5 o2 T0] 20 PO JEL AR 1 5 FX) i 0 1) % 45 ) F 15 I8

PRfE: Smart Reply: Automated Response Suggestion for Email

{£% : Anjuli KannanF, Karol KurachF, Sujith RaviF, Tobias KaufmannF, Andrew Tomkins, Balint Miklos,
Greg Corrado, Laszlo Lukacs, Marina Ganea, Peter Young, Vivek Ramavajjala

W3CHbE:  https:/www.aminer.cn/archive/smart-reply-automated-response-suggestion-for-email
/57aa28dd0a3ac518da9896a6

WOCARE: BT 0 I R B 2 ST S T — A o 3 F) B 90 A T L R A [ SRR Y, XM C A
Gmail AT, BUECHBIZ) 10%MBRAFEAT Bl 5. A — A TAE &R B g R AR
ERIAF I EFEREIN “ Asymmetric Transitivity Preserving Graph Embedding” , /132 H 7 —/4M%
B 2R AR B I s 2 I B0, T DASE A s 22 i P R 5 A (5

R R G2 1 RE— H 2 BB IZ I 9UR ) — N HERIE . /£ SIGKDD K&
HEFE R (Recommender Systems) HREH, iEAFH T —RAANEH—HiH5CH:

trBl: The Limits of Popularity-Based Recommendations, and the Role of Social Ties

YE#: Marco Bressan, Stefano Leucci, Alessandro Panconesi, Prabhakar Raghavan, Erisa Terolli

B ICHIAE: https://arxiv.org/abs/1607.04263

WO : IXFR AP DR B SR B 25 2 10 A B S B XA R RFRE R
FERE BT (BORIERIBERIGR) M Z A A AL IR A b SCH i T AT ARER M 2
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https://arxiv.org/abs/1607.04263

IFT8) B A AR B G 42 8 0 45 o AR SIGKDD K4 oy 2 K1) & BRI 241 25
LITRE T — AW 8 75 $2 38 /122 ST 2 (SIGKDD Workshop on Mining and Learning
from Time Series) , XWIEE I [A] 7 51 ARG ¥2 1T ) LAE AT R 3

R H, B—RIE XN “Recurrent Marked Temporal Point Processes:

Embedding Event History to Vector” :

trf&: Recurrent Marked T emporal Point Processes: Embedding Event History to Vector

{£#: NanDu, Hanjun Dai, Rakshit Trivedi, Utkarsh Upadhyay, Manuel, Le Song

WOCHLL
https://www.aminer.cn/archive/recurrent-marked-temporal-point-processes-embedding-event-history-to-vector/
57aa28de0a3ac518da9896e7

WSO S U P 328 U 4o 22 X % X BT 140 B0 5000 R AT A A, [ 2 e ) AR 5 B TRk AR
AEA K241 TAE “Regime Shifts in Streams: Real-time Forecasting of Co-evolving Time Sequences” i} £
T U AT AR AL (Co-evolving) PRI ] Fp H BEAT EARANTHI ,  IF: [R]I CRAE SV PR g AR vl 47
Jett.

N2 Bk 2 o AR FEAER SO ], N2 B Aok 2 PR Ve ST i 1 A 2 O B L i
RT3 B o i R X6 S o 30 PO BEELAAE ML X S I I R ) AR o A SRR I FH 58l k22 18 3
H, TGRSR R B I ORISR, 32 b S8 B I Pinterest #1751 A 14E
S FORIT = i 2 5 ORBAE AT A TE I DA AR . 2018 4F s AR 313 B B B 2% 18 3

#8: Ranking Relevance in Yahoo Search
fE#: Dawei Yin. Yuening Hu. Jiliang Tang. Tim Daly Jr.. Mianwei Zhou. Hua Ouyang. Jianhui Chen.
Changsung Kang. Hongbo Deng. Chikashi Nobata. Jean-Marc Langlois. Yi Chang

WICHLAE:  https://www.aminer.cn/archive/ranking-relevance-in-yahoo-search/57aa28de0a3ac518da98974b
WICREE: KRR SCRE THEE R 20 ZEMIREME S, NMAETHFREL B UFIE. BRES =
RO, DLIR ] o7 B A G 2R .

¥B: Matrix Computations and Optimization in Apache Spark

{E3# : Reza Bosagh Zadeh. Xiangrui Meng. Alexander Ulanov. Burak Yavuz. Li Pu. Shivaram Venkataraman
Evan Sparks. Aaron Staple. Matei Zaharia

WICHLHE:  https://www.aminer.cn/archive/matrix-computations-and-optimization-in-apache-spark/
56d845aedabfae2eeeac4830

WO %I P IR T R ER R PHESIZ 5T Apache Spark R E FETHEE . 130 A2
TIER V4 A FE N Apache Spark, 7F Spark Ze3A) J@ERIN R E AT H

W8 Contextual Intent Tracking for Personal Assistants

YE#: YuSunZEA

WICHHE: https://www.aminer.cn/archive/contextual-intent-tracking-for-personal-assistants/57aa28d
e0a3ac518da98974c

WICHRE: XGRSCE BT T WA A N BRSO 0 A

Wi Firebird: Predicting Fire Risk and Prioritizing Fire Inspections in Atlanta
fE# : Michael Madaio. Shang-Tse Chen. Oliver L. Haimso. Wenwen Zhang. Xiang Cheng. Matthew
Hinds-Aldrich. Duen Horng Chau. Bistra Dilkina
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WICHLLE:
https://www.aminer.cn/archive/firebird-predicting-fire-risk-and-prioritizing-fire-inspections-in-atlanta/573695f
€6e3b12023e511d3c
WX HRE: 5 Atlanta Fire Rescue Department (AFRD) &1E, {E#AI1FF K T Firebird HEZE, ffi FHL 8%~
21 MR RG AR EATAAL,  DATE B ARE 22 KT BOH B T TR A 5 2 HE R L™ KR KL . Firebird
CEAE P THEL 7% 5000 2 R E U KR K AF53 s SEBRIERI A ik 71%. 4% AFRD kI briE,
C2ME T 6096 ANV AE AR BEAT I3 o R, JEE A B A, Firebird & AR AL SR FA:
Wb 7 A R B V43, Bl AFRD Xof K GG A R PR DR E o« K S 2 TR AR - 7 TR 52 5 4 7 AR AR
WRFEI o B0 T AFRD G AR AE AL RE 22 K& R 22 4, I8 5L 1 [ 50 B 2 (NFPA) 41 9 i 44
30 R I e A ) o S

(5) SIGKDD 2017 3R

2017 4 1¥) SIGKDD K2z PN Fe 8 iy . I P B A 57 . Research Track A
Applied Data Science (ADS) Track H)i& SCR U5 AN 21%40 17%, HE22E 5Tk 1 20 b
W

Applied Data Science (ADS) Track HJ#fE18 3 H Yanfang Ye 55 A3Rk4G, HAKUIT:

1 B : HinDroid: An Intelligent Android Malware Detection System Based on Structured Heterogeneous

Information Network
{3 : Yanfang Ye, Shifu Hou, Yangqiu Song
w X Hh bl

https://www.aminer.cn/archive/hindroid-an-intelligent-android-malware-detection-system-based-on-structured-
heterogeneous-information-network/59a02e2db161e8ad1a7b6db4

WML : B0 22 5 TR 22 5 B RO A i 7 5 SR ) 22 B R AR O B i e, 28 SO 2 T
TCHEAR I TT 1R S A FE PP A0 APL (RTE SURE SRtk o AT — A S AR SR € —INMEZ M R B
FOARMAE &, HAEH 2425 1 A A FRAME . SR 5 FI ]2 2 A A Je s AR 34T S nAL, 1k
AT o XL —ME I G5 H A HIN BEAT 22 5% P A« SEER R I AT K ) & 4t HinDroid
PO oAt 1) 22 5B AR AR TR

SIGKDD 2017 ] Research Track 5 {£1& 3 i Tom Hope %5 \3k45, HAKUI T

¥rEE: Recurrent Marked Temporal Point Processes: Embedding Event History to Vector

{3 : Tom Hope,Joel Chan,Aniket Kittur, and Dafna Shahaf

WICHhE: http://www.kdd.org/kdd2017/papers/view/accelerating-innovation-through-analogy-mining
WL (EIXLE R JRALEK . FSLHIAE A2 rh R I S B AT IR A NSRBI Sl 75V T i 1
ABIR . FEASCH, FRATIRYS T 2% 51 B ] B S BRI TAT YRR B, R “ R, edE
T H BAMSEELZ H BRI . FRATHI T4 G ARG AR R 2, A= it A b S R AIRL
il ) AT R . IRATUER], X eesi 3] [ B A A TRE WS HR B LuAL G045 SR R U7k B vy A A A0 ] 1236
Poo skierh, ATRBAAG R B KR SEGTER R BIREILALE, 825 7 A1 L aE kA%
HIRTRENE . FRATHISIRAR], SCRF MR TH RS FE A — oA i 3 ) D 100 2 3 AR B S5 R A5 R 2R

ItAh, SIGKDD 2017 i& ¥k T M A B ik %%, HE b i) Daniel Hill 25 Ak1S, HAK
/N

PRRE: An efficient bandit algorithm for realtime multivariate optimization ‘
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{3 : Daniel N. Hill, Houssam Nassif, Anand Iyer, Yi Liu, and S.V.N. Vishwanathan.

WICHHE:
https://www.aminer.cn/archive/an-efficient-bandit-algorithm-for-realtime-multivariate-optimization/59a02d63b
161e8adla7b6d54

WSCRRE: LA T TR W TR A, 9 B R 65 3 DR THT P 2 80 A 2% 5 B 45 SR T ) s i
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FEV. Thigh b RN
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AT 31
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A ARG BN AT E I G5 R T — 2D R B o R

SEMEAE RMRIERIIHEAH AL A B0 8 S, R AE T 2 BN IR HE
G, AT A A BB T ALE M AT PR IR R

Xn_+1, n y‘j%ﬁ
M = 1 2
3oy ) m

B IME, PALECE & E P PieE . Y B AR RENE S B s i 2 R B, (E R U SR
ARG =R, BMES K AZ B80T . FRangE 99 MW 10 73 AN 1 DIk
A 1000 /3 [ R] DLAE ) ERN 25 3] 19.9 77, {HIX —)E 520 b I35 R I 3h s e i ax A
NBERJWNISAE o 177 A A2 B0 T3 B 1] 8 35 T8 4 B¢

A0 SR FAHE P A B S W LA B p 2 BIM,, R HRE S p(0<p=<1)
LB RS, M, T Bl
Mp = (1 + l(n + 1)PJ - (n + 1)p)X[(n+1)pJ + ((n + 1)2’ - l(n + 1)pJ)X[(n+1)pJ +1

HrAp g% (p=0.25 M p=0.75) ¥ M 6Pl BRI DO 20 Ar 20— Fh i LR AT,
AT PRI AT A DA R BORE . ANl 4 N R Al s B i O A R IR G 7 B

G000
2000
4000
3000
2000
1040

0

B 7 A IER ANME SRR TEEE

0] 3 F R NS T, KT REEE . — a8 99 MER 10 HHI AR 1 MEIRN
1000 JTHIN; S5—HEE 60 MEUA 10 J7 IR 40 NMEWN 34.75 TIIN, FATR X
W ZE B0 T 18 A I S A B A e 4 — o SR B8 AL B0 EAR B IR i = R AR, (H
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B — IR “#5)7 TARZ . J5 Z2s? il FH oK S I Ao s 70 P R 0 0 6 Y f —
fabr. HAEARTP I RBARNIRMEE so X PR FEARIOEBOR, B i) 0 MR OB

1 n
z__§ 2
st == (x; —X)
i=1
1 n
2
s=1s?= - E (x; — X)?
i=1

PR A B BT —2EL 0 7 2242 9801 T g —ZH I 148.5, AT WL AT —2H 1 L s — 4L A
LA Z o SO BAEYON R e @ Bt U, 55— 410 100 N AN EER BT E Z iR g
Mo 53— FhAME T HAE N ZE R OGS BT A IRAR R R ZE R, BT SO R RE
Xmax- 3 5 AME X pin £ 72 o

R = Xpax = Xmin

R B R BR T 22 b MRS B 0 KN ke S BB FRRRAE o AR T SR B RN
Bl BATAT DLE 2, 0% SR bR R 7E — S8 22 HIR K A vl aE 2B AR &5 51, o
SRR T o e R 0 B (BRI L, FRATIAS e R L A AT RFAE

Xt T PR A, FRATRT L@ AR 43 A By RS E s 4y A . Gk S o, Bk
W B BUELE BRI 43 B 1 X E] (— M S 11 RR, R RROR /IR EED , Gt Bds s N —
X A . ¥ R % 2 R, i RAHEHBCR R, iRAE /N EEE T o,
PABBR AR BR CLZH R, FRATTAT DA B ME 2R 25 B pF 2 (Probability density function) fy. JL7E 3
— X[ b R AR 23 5 M VA TR IX — 6 L R
b
P@a<X<b)= f fx(x)dx

HE— B AT R A 4345 B8 £ (Cumulative distribution function) Fy .

Fy(x) = f fr(wdu

PNIIEE
P@a<X<b)=Fyb) —Fx(a)
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8 M AABB NSRS HEFE
XEL, BATH SRR IS RIS IR ARSI 5 0 Ao XA A RUBIE? LE =Rl
R RG], FATEBIW AT RE R AE 10 25 Gl EdE, R — DAL E =D A TREA A
ET SR, AR NG Rs 1K 10 3R IERI R8s, RATFROAREAS . BATEE T FF
AR T BARIE S, BT DB A SR B B A AR R

X R ER L MR 5SS E . BATEE — ST UL, B
R ECE I R0 R T Al T, TR TT 22 0 IR — T T R A 2 -

1 n
s? B _1Z(xi—9‘c)2
i=1

BRI , ST AT 52 2 BB (105 Z2 A 2L VFIX G o 3SR 3 3 o N 2R AR
T AR RR A, BATTRT CASE N E LR B K 1 0 o A7 IS (0 20 2 i i) 2R S 20 A
Hep RS (RliaAn) REAPEONHE LK —F . BRI AEEAN XN e,
e FH R B R AR K — R

n - _
I =D 2)53; (e =2y

PR BEIE I, Bl o AR U AR s A BEK T2, LR RS /N iR et B 2 — 4%,
S 22 M PE P B R I B 3 2

3 —J7 M ARIATLAIEZS A AR bR, AR 7341 Bt 22 A BT i A rp R FE AN
Fl: R RS BT P — 2, G2 BRI A0 A A R TR
R, BETE 2 AR ESE NI, WS gy R HIER R AR A TE bR . VLD IE Rk
H A S 2 BB A A P AR S e P D A TR R A e e 2 B R AR B

~ n(n+ 1) = B 3(n—1)2
92 = nm—-1)(n-2)(n— 3)54; (i~ D" = (n—2)(n—3)
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QQ K| (Quantile-Quantile Plot) 1 DA F >k Bl W 204 (1) 73 A 2 5 IR I — 48 2 0 A1
() BN 38 mT AR A5 H50HE 110 Jf P55 A0 P A U o o T 50m 43 A RO R 36 1) A0 DAL R LA AH ¢ 9 2538 I3t
R 5B G R AR, A DS T LR AN S

IR P AR AR AR BN — 4R ) o SR BRI AR 45 H B, SEBR BRLE T
AL RATEEA], SRR A R . ISR, FRATVEEAE o B AR, AR AT TR 6
e 2 4eddE, AOSUAEEREEE (i), WA R E LB E R EEE (ki
PERIAIRNED WA —E A (beang e i), AR H X RER RS 2 2
HAEBEAR A A ESER) (s, RE) , WAREHBER () o X BEBRITR
MG —WITiERER Z 48 . B BHE A n A k488, xp, o xp o B — 208
xi(1 <1< n) A BLH — k ZE 1] 5 (X1, Xig, oo Xi) 0N o S0 H 41 B0 10 R A 48 3
X"k, B EE UL (xpy) TRE R R —4EEEE, 2 48R A BE
BX, LU RT 77 2 [ W 77 2 55 B (Covariance Matrix) S.

n

n n
. 1 1 r
X (n Xi1, n xiZ'---'n Xik )

i=1 i=1 i=1

n
1
S = [siylixk Sij = mz (eyi = %) (xyj — X))
u=1

Ferb AR 7 22 HE K5 7T BL it 5 Pearson AHIRAERE Ro

R = [rijlixi Ty = \/éij/s—u
W77 ZE 5 BEFN Pearson AH OCHIFE AR A2 X FRFEFE, 177 H Pearson AHICHEPEXT M2k 1. 24
YEPE N 2 B, s BEFRIE X, Y ZIAIAIW 7 22, 1 BEFRAE Pearson AHOC R L. X B HIAHSC R AL
FUAHICRERE, Sl )2 PR A8 B 2 [A] I 2R MEAE SGME . EDUHBRUE, RS R EFFEE T
B U TR TE 1R VAR DG s SR — A BT 53— AN B, AR BRI ST AR A, U SRE Y
PR AN . SE R, S48 DA P A B . KM, Br 7 Bk
Pearson fHCHE[E, A KA FLE Spearman AHICAEFE, TR — 4815 Spearman #H¢ R %L,

b T 45 4 B, BT HL T DL — 5 050 (9 495 B 0 D AR 2 3 B T 1 2 S 1
T, ROLHR B T DA DA A T R
2.1.2 [BIRSHrAE

FAEGT b4 T b A B (9 BE 40 W7 B A BEAE 56 20 W7 » 76 2Bk P A3 oh A7 1E 2
L A TE A BRI AT R R, SR IR 1 2 b i A B (W] 4 ) 6 2 %
. B R, AR, AN TR S 2 R as i N, B, P

PEIRECE . AR EEE AR R R, e B B e R . A, &
B LN, ORI 55 S, 1A 5 2 BN 1 by Al = B 53— 2o A0 AKX 28 PR 55 an e
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SRR A (e 2 FRATT AT DATET S R ST IR R : AN Y A& B A AKX, B EHEX,
PAAEEX S k MERIGER . Wi
Y= f(X1,X20 Xp) + £

Hoe  TRATKA H R X0 & ME R AR RE. Ralth, 4 fRK5T

X1, X0, X ERPERR BT, FRATA
Y=B0+ B X1+ 82X+ ...+ B X+ ¢

FRAEL M AR . L Bo, By, BB R EN S L, WRRN A SE R A R4 T4
WeRHF I 0 BEHLIR Z .

PRI EEEA, MIATE T n (o —fEK, n=k) A5 FIEdER, FRA1E AT LA
8 X Se S LA TE R AN SH W AT IR (X1, X, Xi) Ty TR My (SEBR
Y WA LEZHEE) o RAMER T RRHLE:

Y=XB+¢

FATRH e/ Z PR RE S H . R E/ME:

n k
SB)=¢"e= Z i — Z.Bjxij)z
i=1 j=1

3R Bo, By B KA T T2 HAT T o 45 B IER T A
X'Xp =X"y
BT XTX A SRR IE 8 R R, FRATTRT AR BB S/ — Tl vy :
B=X"X)"1X"y
T S(B) ) Hessian 40 4 1F 52 H. ik 5/ e ftii Jyrf—fg, Atk S(B) A S(B) Mtk /s
B ARG
Y=XB+¢
NEIETTRE . Beiy, FRATEETE R 1 X T AR ENSEBo, By, B HIM T, £ T RIRAIERESE
FHIXAN 8] Y577 75 25 R4 7 B 1 B0 RN 4545 B Al o B0 T & 5 1

FATH I BN —2, Hewh A sek 7 K. fEN AT, BATH B R oA
A, R O B A R B AR R B E o e TS RIATRIE T, S ERATAARER A
R RERTE R, EIARIR RS R . AR, B B SRR R, BLSE
HIX BT R 2 [ R R BRI, A BRIV IR e R R . A, 1
FATWE T L, LB SO Sl AN IENE ? 1R OR, FAT AT — NI AL AR R X T
I ZREs T sa R A0 5 B AL .

BAMER BN BTG, B bt S8 W NE, AR, BWE Y 5904
ENGEE R EEE S
E=Y-Y=Y-XX"X)"'X"Y = (I - H)Y

HET AR AsE k22777 1 SSE (Sum-of-Square Error) KA &% 2 K/).
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n
SSE=) (ni-3)* =8
i=1

SSE /), #0165 79 31 AR AR 40045 I 08 FH B0 e 0t TR B o 2E 1T E SO R AR R R B R

SSE
iy O =)

KRB LR Z . RBEGT 1, wCRANERRR T n B &3l . 4R RAR
Ny ATV T EEEHERA R HIE 7R EEZ, ol U n) A Bl Jo ik I 2R AR
RURSFE R

R REAE R A rh, DLIFEAKL n AEAEBOR, SRR R1E 7 RER R A IAAGE R i =
SRR 2 X FOE AR R S AR Z O R, AT MR Z 0. Xt geit /&
PR 5 T DA A O 5 4 b Aok [m] U9 5% 2 ) B 2 PEAR G L s 36— RO iR AR T 22 73
HHRN T -

2.1.3 R}ESHHT

FRIBR AT 7525 7T BRI e A R PR e B P A TSP 2R o SRR 28 AT DA SRIBE U R
TR EMERIRIBONI, 7525 B AN )8 — R K HE £ R DU 3R] BE AR ARAR s
TRPTR BB IR ] B A 2 T0 R S o SRR IR — FE R T DA B A8 8 22 TR SR SRER AN
O, LA B RT DA B RO (R AT RPN o SRR AT (I A 24T Apriori 53, DHP 5034
DIC 55 AT FP-3 K 5L A . JLrp e B A2 Apriori 583k, RN EM— 4.

FRIPAE A B 3 A K2 Apriori 9%, ‘B H R. Agrawal 25 A\ 5 S RS, AL AR .
Sl AT 2D RITIUE SR /N SO —RERI T AR, SR 5 eI 7= AE 5 S TR«
S SR PRI 3 A TR R PR AT AN P A, AR A5 v, 7 SR G v 3 P M i £E — I SE
3L [E] I AL, K B 22 () R A R SR TR

Apriori 53 ) SE L 6 Ot B K 2 R RO R DLR AT R T H S . A2 — IR
i R E R F— KENTAIH 4, 3T — 3T, Apriori S vH R 4G 7
P ST H SRR, AT A KB 1 P IH ; AE R SRR — T, 550
55 1 IRAT P AL R T I H SR Dy SRR AR A R T H B SRR R B I T I e
I H S SCHF R, MR SCRp AR F ™ 45 5 I B/ NSRRI (VI 00 H 5 5 26 R 25 T3 H
. BEEVEISREERFAREIA TR T H £k,

MR, 5 2R S Apriori SRR, AT LLS /K EodfE P (13 4 R e b AN
ST H SR MR X Apriort SVANISGE FEIT AT SR 5k ST AR
Jiids WEERTIE: M ERITEMEE T B RE G BRI TE

R%2=1-

O PSRN, 52 4E —FhEET Apriori FIFRSCRNIZR EEMRF AT (1] tFENL TS MA 2002 (10) : 208-212
T B, BA —MET Apriori MBGEREE [1] FENLTRESMA 2001 (22) @ 20-22

51



2.1.4 RERHHr

R R BRI 7 REAT R AL AT Z e g it b, R —FhE &%k, e
X RAARKBEIIFEAR, ZORAENS B M % B IR LT S B 02K, A AR TR aCn] it 2
KA, R BAT SE R MR S DL N AT I

BRI B A SEAE R VOB TR A 8L 2 [ AE B TR LA R RO RE CREER
B o IRAE—HEA R Z A WLIIEFR, 15— LERE 08 2 B A B B 2 (AR LR FE i Ge it &
Pl g ith A N R, 18— AR BRI R G —38, BERHEA AR
WRG S, BR—NE/NBIRI R RS . B R bR R R MM
R RE o T RIETTEA LT LR

1. XI4rEE

E—NA N R EdELE, DR EARFERNEE K. Mo mEEkd s —AviiG
B 4077325, ARGl e AR K 7 R 4, 55— IR 2 5 B 4057 REREL R —
WA %7 AR . K-means 535, K-MEDOIDS 5%l CLARANS Hk%E,

2. BIRER

JEVR T 125 25 R WA X R ST IZ IR, JEIRJITIETT ULy iR Ay 3. %05
VRS IR BRI AN K S B S A%, DRI A4 T LU A o s LR 75 v DY
BIRCH. CURE. ROCK flI Chameleon.
3. ETEHEEWTE

FET P 7155 HAth B — AN AR X A BN 3 T B E AL E &1, T
FEFET B PE R IXFEFL A v IR 3E T HE 2 ) 57k K BE R I ZRERIR BRI B . e AR R 2
DBSCAN %%, OPTICS &A1 DENCLUE ..

4. FHT WK

X755 1 S A B 7 R R 7 JeA R B8 G PR XA S5 4, A 11 Ak RS 2 DA B ) B
KRR o IX A AR ER AN B SR S A R AR R, R IR S H bR R TR d SR AN L
ToRM, B R E5EEdE =m0 oA k. EREEA: STING 5%, CLIQUE &
#%. WAVE-CLUSTER #.i%.

5. ETHEEMNFE

TR RS T — N RIMBOE — MR, AR5 FERE R e R N UL . X
P10 — A R i Bl et A 2 T P 10 B 70 bR B H e A AR 5 eI
SR I 25 R 7 5%
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2.2 ETHLEFE I NEHETZ 1T

i “HLase]” , REETHORA SN, HSh MRS k. — ok,
GELHRHE F A SOWAOR (> B . IR 9, B0, 7 2R —RE, (R BRI
o SKINAE, A B RSB I 7 R X 4 e . 4R, R AT L@ A T I
J7ARIATAIT, T2 U — PR 3 M (S, R AT AR, % T MR &, 7
TP I TR ST A 1K 202 TS o IR DR HOHE S T AR Y B, A28 MR 2 3 7 ik
B2 T 07 BRI S BE, R — L 882 ST 17k

= REAH = HEAH
7.5 7.5

6 6
4.5 45
3 3
1.5 1.5
0 0

0 1 2 3 4 0 1 2 3 4

B 9 ERESERNS SN RENIE
2.2.1 EBREBEZEIHE

AR M 5 50 R S SLAE T Bl BB RS BRI PR SR 2 R FN S 0 T AR ) 0 280 i
xR E I — AL, AN FIEX LR B AR LR, th ARSI S AR N %A B
(IRFAE,  HOREE SR B0 RS AR R B L EATAR SRR 70 AR 2 28, s A8 21 1 ARVt
FED T AIE 2 [ F B RGP ) B 2 TR B 5% i — S Jeak AN e e 3 BB
T, Ay S TR AR BERGE .

R, BATRA R —DIA A P, L7 WRRHE R AR P R,
FE T AR — 2RV T 3R A (7 B ) b R By, BB R — 4 T B S AR X — R I T R AR
—HERPFIE . R IX A A L, IBABRAINHE D KRR, RTEEME
WRAS Rty IBEES BT, AUR i BZRETE], Xt K-means SVAM) B

K-means 5%, 7E 1957 451 Stuart Lloyd 7F VURSEES =42 H, ] A TR oo 2L B X
R 23 1] 7, 1982 4E IE K % . 1965 4E, E-W. Forgy & B T Lloyd-Forgy or. James MacQueen
£ 1967 “F-¥4 Hofir 44 09 K-means 5%

SEBRA) K-means SRR U T :

O EFFH K, BEPLEIEEE I kA SR “d”

Q XHEANEE, WEAMAANSHE “Ha” ZIAIEE, HATTENERIER T

Q@ FH LT MRLE—— il MALE NIRRT AT CRIE L

@ RO, FHATER, HBEERESONIE;

@ A AL AL E DL
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B 10 52 LABEHLAE B 8 s, k=3 1) K-means SB0E A RIS RE, Hd fif B8R
FKrbly, mIBIEREHIG . RSP F, 9 T 3RS — DB IR AR A ], (615 “ Bl
IRV ARABIE 5 At AT TR ARRAE 2 ) L RO B A 5%, B B AR B 3K ) 5 S T RE ARAE, AT
TEAE 2 AR RORAC SR BR AR e 2K A4 — DMRFAE ], 285 ] K-means SERZEAT 702K

L0

1 3 T T u T 1
10 0.0 0.2 04 0.6 08 10

N . . .
3 T T T y 100 a8 T T T * j 0n Ak T T T f |
00 02 04 0.6 08 10 00 02 04 0.6 08 10 0o 02 04 0.6 08 10

& 10 k=3 §Y K-means B LK iT72

£ K-means H7%:2 5, AMTBIRE T K-means++, x-means 289" & K-means HIEEK 7.
2.2.2 BB HE

AETFAEME 2, 5 25— b B Sz 8 I, BUAE B 1Y R S0 i B s 2R AT
. IXIHMERIH R85 5, T DS 3] — SR A I 4 28 vk, XS R B S
o BT E N EIRERNR 4, G ESAN BRI, DRSS,
1. YI&E. BirESNRE

BRI 5 T MBS kAR B, E UNREE, & 7 B SR Bh Ab B 4y 2%
M . ESEBRMN A, X SR 7 B s g b 3, — RSN, B E A F A
HP R X LB ) SRR o RIS 43 AL BE SE ke, TR AnFRATT AR T 25 HY 1) 4 SR AT X ik
Bl FIERE S . (5 T e E sE bR 7 EAC PR B, AR AR AE L i 1R A Rl HoAth 2
BoE LRIV IR, K o g AT 1 s br B FHANE
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B T BB ER Ay LAAE, BLBs A IR — e — e FHmEAN TR EES L, W
K-means B A O ESS, ST EAERBE AR ZE, EHAARKBS TS, ®55
RS R TR Z IR K. A T ENNREE LB R ATRELF I 4E 3, (H SO EnIE MR A B a1
FLSEArRRAS, — MR BEAE TR 0 18 1 SR 0 B 4 TR R I SR RN BRAIE AL o 7RI SRA Y
iF, FRATTRAE R IR BB, A SR A A B HEAT AR IE R A G . XA,
W IGUEEE ERRE S, AT AT DA T A S M5 PR — KRB T, M
T 358 43¢ 15 RO S B0 2R R I 7 IR 4 IS 47 45 1

— SRR ST MR B SR H B A TR IR AR (O IF IR, BRI RN
HRETER DK, BRI EIEE SR g% BIEE. IRERR, RIREAi
FHNGESWUEE, H R MR IREEACZ 1R ) 5 20 E AR 2 7E R 45 _E R BT IR

A B EN R R 7T INGEMNRAE . X BRI BRI, RSN ST,
RERIE PR e RN . K, S FXee R4 1T IZREMMNRER B L, R
WM e BAT AR R 4E BRI NGRS 3L S, IRAEIIEE X N KBS UG, Bk
(AR I AE MR A AT B S 1 — U A5 HE 1 45 SRAE AR () R W D R AE IR k47
MSHRE, TR SEEHE, SRS AR Bt 7 b i Se bR R IASF .

EFR, TRE2E A0 EAGARRI ER f IGE , (HAR 2 IR 2 S B AR SR rh R %
FERNIX p, AEAEAE FHEGIESE, 1M U248 I 25 5 RS b 3R I i iy 1) — 4 S 4 el i
RIGER, (E MRS R, IEERE W FEfE . VF27E CIFAR-10 B4 LR IRLF, #EW
FILF 90%ELE 97%LL FREE, SHMEH 5 cifar-10 EHE A HH [EE0 0 A2 B R B4R, HETR
RYJTET 4%-15%, X 2 1% R AR 38 A (i F IR IE 4R 38 it $5 S B 45 3
2. PIEMIRRY
(1) B R A

FTiE RS, BJE — PR ¥E A R BT FIWr (KB 4R HE SR . Fovb, HIBTIO&64E, BRI
X, PARST TR R R — 20 Bk, PA e & B R 4 H bR

RIS

a.  REUVES FTA s e N R IVIMGEEE A AO;

b. XTFHUATES A, THEFTA ATER R 8 7E I 2R LI F(A,D);

c. IEFEFADRKM “IH@E” , SEHRMEATIRN, ¥4arESH “HE” 1AHE
2, X NEAS T2

d. XEANTFE, EEb. ¢, HIFTE TENITA R KISEHNFFE;

e. TESEZPRNF A, BUREAERZEHE, Rk, “F@” A i B i 5 — 45 1E
T Ta 2 T AR AE o N A
(2)  AN[FHIRLE pR %L
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AT UE T ERSEAM IOAEZE . PTLAE H, FERSER , S ek %L F(A D) kSR B 2.
WP IR DTS, WA ESE FAD) MM EIF. M 1963 411 AID Hik, 1972
£ THAID 9%, 5] 1980 4E4CHI ID3 F1 CART 53%, | 1993 4E (1) C45 &%, I CART
BVESE IR 22 ) F(AD) L. X B IRATA 4R T URP SRS 1 535

a) ID3 7

AT AR R P X 43 RO o FRAT T3 — M5 B B T —
(B84 n BT REMELGE, A ECE KRER BN p1, 2 . p, 0<i<=n, 88 i FREHIMER N
o BRA5E SUAE B H

H =-Z P.log (P,)

HBOK, XAMRFESE AR “ X407 s, $RALMfE EEBoK. % F(AD) = H,HI 4 ID3
HF . X —HFE R B K Quinlan 2 H 1, #5U07E 1970 AL A8 KB, HTE 1986
FEABLLAF . Quinlan K H3R1E SIGKDD 2011 6] H% (Innovation Award) -

b) C4.5 7k

TR TR T SR A X 23 B8 KN (B IR AR X T AR S X 7 BE T o
BE 2, WREEONZRE ERARZE, XM TREMTT S, SASERRATERNAFIER, &2
REAEJSEMZ G i . Xk, BB RHE A W REXT RS e ., A T RETE A
SUE S

W fps RFEXS ARSI X RESE . 5 St BATII VAW ? Quinlan £E 1993 4R H
1 1D3 S IR ——C4.5 FLEAREM BN — £l BIAN “FREEEM” 10 T NEAFR
fik, a NUIZREE I — P FR IR -

N(X,=V)H(T|X, =
H(T|a,) Z_ZV )N( | V)

Hrr, NOYIGRENE TR, N, = V)N v FITEREL H(T|X, = V) ikt
RN v TR, RTHRHE T RA5 2505,

AR AT R AL R BN 0 RESR R 215 B IRRE. TG (T @)

H(T) — H(T|a) R BATAIX — L FT ARG 1015 B &, AT 3K —dRifE. & F (A, D)

IG(T, a)Hier.

¢) CART &%

ID3 J5 AN C4.5 J5 i ARTE ERFAEA B SR N5 2 . T i 41 53— b S S0 Hedfs
JEAREE 73 R MR I 73 K57
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THF— MR X ESZIRAS a, © X Gini BEBRE T HEESPIREREELIEE,
Gini {HBk K, FES5PARZSEONEEL, &2, Gini RN 0K, £5HE =Y NFE—RZ.

Gini(X, a) = 1-2 P(xa=v)2

v

G(T, a) = Gini(X, a)- )

1984 4 1 Breiman #2 ¥ CART 5%, W2 ZAER — BT, RATREHIEIRES
Tk P S F W 53 B B I S5 VR LR FEE o RGBSR ARE 4L () F(A,D) = G(T,a).

B T AR J UM & F(AD)II 554N, 184 FACT, GUIDE, BART %545 £ AN [H [
F(A,D) bR AN R] PR R SRR AR T 125

d) RS BT AL

ERTFVE AT DAERATE N Z5 58 EAE i — PR TEE I TR . — RAE RS A e e fa,
TS A, IEEEXAM AT B, B2 — ST SR E - BORRIE . 5, E BT E RN
AIE (14 5 X TR B AN A SR AR i — AR T EAT (1 0 4, BIAEAS B A A I
—HFE, SOV EENGATA GRS BT AR RV E R C R B E R 2 1 —H. S —
D153 SN 4 JEAE S5 S A0 1 A r 1 23 S 17 5 o

X T UIZREE EIGR I AP RS, A6 B S0 ST BYA, o — N 067 B Y B B 75—
BRRBTRL: AT SOTAR, TR SRR IR — A5 R, THEE AT R R MR Y AT AR
BUFSE R I IERER a0, FIBHIBRUETY 555 0 EASR al, # al >=a0, MR & 5—4
R 2% — S8 (07 e AR B AL, I —BURCAMN B 18 T b4 EIERIR AR, %8
TIRIER IR

a. € CBYRHT MY B H Lo, ABY AL S IR SH L

b. EX “YiSFE” E=(a0-al)/(L0-L1);

c. WHEBME «, WHFI5GIFMR, 850N RRE— A7 5 85— R T ek
PRI TR “E < o, MR A5,

e) ZRFM AR

FL— R H 2 5 Z BN SRR R e 3 5, S B0 LA . 78 AR S AR K, Bl
TN ER 2 MBI . R, — N 305 i 75 02 2 TR 7328 (bagging) -

a. TESERNGETFENIEI M oEm, H— N IIgREE .

b, TE “HWH AL EIIGR—RRR N

c. REPAT a. b, YL N A G

d. FEWRARS, %8 —MNMUEKEEG], KRBT B RFR b, KX Se g 45 R kAT
eEE, BURZ 1 AR A SERR

N(xq = V)
v NGini(X|x, = v. a)
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IXFf 22 S 2, BT REAR U SRR R R AR SR R B — AN REAL B 4R B TN
T, ARG b T N 2R A — AN BIOTL A 7S B X R SRR A I R

£ BEHLARFR

RZWHE, B0 RHES 02885 RIA oK, TEATA RS o . X e
FRAE AR AP RFAE, (HEI SRR A R RS R E N, Al “HCFEE” RETE X,
kI, AT T AH G EE H SE R RRIE R AR AAT I AR nT R R HE IAE

N T RN, 1995 4, Ho Tin Kam #&H T “FEHLARM (Random forest) ” 572k,
RIFE “Z W 287 BRIRFENLE R — IR AR 1 2R A2 R p SR [ 25 A b, IR AN T 3R
PR FH (PR B 78 BT B RFAE I — AN BE ML 748, FLEARD IR

a. (EFEEEIINGREE P FENLIE I —5B 43 Je & A — 30 R E , i IxX 88 0 R AE X LUAFAE E Y
EVEN—A “HINEE”

b. 1 “EHINGE” G —ERR T

c. EPAT a. b, JIZE N EREAF R FEH

d.  FEMRKES, XFFRE—ANEEEE], K AR BT A GRS p A, R et ) 5 SR AT
2, WU 1% AN SE bRga i o

BEALARAR BT ER KRR B PR Tk #0056, fESeRhRM A, A4 AT PUIA 21 7E v S i
o RCR B U
3. kNN &

FUNIE BN EE TR R AE 2S5 0] R PRRAE () AR 0T, AT DA $i4h SR T 8 B 4 2 05 v
K-means. Q1R FA A 1 H b —350 70 B0 BIbR 25, AT 0T DR F X SeFR2E 7E AT kNN 4325,

B 22 18] AR AR AL TA: S5 A0 AT T AR AR A 2 R B R B A o0 o B B T AR AR, R AT BE 4 A AH [
HIFRZE . IR LA T 1R 2 Bk A1 R AIE [ 5 0 R0 BAR PR S B8l , T3 1 R i
I ) B AN ENTE HARBRZE B, FATTAT DA S X ANRHIE [7) & B 1 k AN CLE HTEFRZE
B, SRR IEBUBATR R Z oK AT E TIIRAMRZE, 1B s i bR 2s .t n] DARR
PEARAT] 5 3 B AL 0] e 2 () A RE S AL ClnEiln /5 5 43, 38 IS 4 05, BURLE &
FH e K BRI T AR 2 -

KNN HyEA T B @A a3 )14k, F K-means B —Ff, FEfE 2 MENMER[FMES
B AR — s

4. EIHHRE
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TR SO P B — P A R T B AN AR A . AERAY MR SRS RRE M E e T
Bl g T HA KPR — A T2 FESERR S, RHERE R SEBRE R, TR RO JE T A
AN KM, a3 0 B AT A e T — RE AR Mg i TR
(1) wRPURJE

A — R, B A B i At B O A PR 2 O Pl (R I A SX Le H i 1Y
SERRARAS Li, ARG AR R HSE ), B A SEPRpnaE K AR Po AR R AL AT fe
AX L g AN R RIER, A5 A “RAnBEAY 2 H RO REAR IR A, SERR it A AR RO
7 Po WIREUE R ROR, 45l POBURIIBRL, X T BE bR A4 A Bk e T B S
B, XA KR R

P = npili
e

Pil:Llc.
Zkelk
R, G 2B, FoxX iR fE Il gh i s RS B bR B L 3 2] P, P
Kt BB AY 25 H I 2 R i S
(2)  [EH S HT A

MEHE RS BIAE & T2 MR BB 25 R4 0 A 1 PR EDL, My P b
TE LR SHFIERIE A R BRI 0 KIMEFR P, BATBLR B T 5A 2K — %,
MR ZI 2 — B AEIIZREE ERIP s ar...a0 A1 b AR 240

1
POZ

14 ea111 +aily +-+b

RGO T, AN IR B — N SR NEE , 5 AT R IR AT BN R
EAE Y BEFR XS LR, SR 5 F2 I Pu AE TN @ A HE B AR 28 1 IOMER . Cy Y
X IZARZER, N (R IE TE b R HE . ISR E LA R BN I8 TE i RME R (1 25

(3) [R5 AL R 25

MRYEBOAUSR R, B 17E Bk P s RIAL . T Py o TSRS SR T
ARV DOR S, DR nT DA R BRBE T B a4 BE AR B ARIE T I 25, B B4
B P USSR BEARIEAT B — & IRECN IE .
5. L%

R B AR TR o S I A2 e AR ELE RS, KT PAAR e Rt b PR A5 A .
22 M2 — PRI AR . SRR AR, SR EERAE RG] KRBT B
RIGF AR NTE RSV, BT 72 AMEDERIRI. T imBRATHERA IR,

(1 M&E
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M TR A RIIEA AL, I 10 Pron, ML IcHa R 2 AN — DM .
M2 TR R A AR, BB RO BIE, AR G — G e B AT AR AR AL,

Xy
X3
\ > hyplx)
X3 "
+1
Rt Bok g ommx 00 RBERAINER.

(2)  WEERE
WOH PRBTR ER —N AR VR iR . AR W g b, SR 0T B 302 RELU R
ReLU(x) = x(x > 0),0(x <= 0). %34} leaky Relu pAi%{, sigmoid PR%(, tanh BRE%E,
& x ' HE0E B[R — AW 2% Hrm] BEAE H 2 A0 AN R T80 R K, AT REAES S AN
WO R

, d(x) =
sigmoid(x) Tro~
eX-e*
tanh(x) = ———
) eX+e*

(3) PR ML EsH

MM Z R e A, WE 12 PR, B E M2 IuHl S i — 2 BT E 1 —
P8 73 B A 28 T I, B 8 O 3 U T2 50 AR S A BT A e 22 T ) 1 3fe DAAR AT
RN SR AR RN [Rl— NPT (0 fa H 2 15 Ja T A -5 A AR B A A R 2 7 11

—_—
hyyp(x)
e
[+ Layerl,
+1
Layerl,
LayerlL, Layer L,
N GRLAERE 8] B 12 ML 1 A 1 B
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FEp SR, AR BB R — DI — D P 2 ot T, R )E e
T 5 SR KSR 22 o0t L R SR g 73 S R o M2 X 45 1) 2 HOmt i e 2k TSR R 2
SRPEEANEEN M TTIT R . BEALTT LA s (R0 AT AR, LSt —F A A = BTG bR
KA IR 2%

(4) PR MLE Rl 207 i
BT B xt N 8 AR, 1 AN R B AT DN R 000 P 59 s Uk

PRAL AFIE AL AT AR R B A, R0 S8R, 2 DU HH 4 SR SE PR AR 22 1)
AR R XTI BT, SO E EY, pi Ing o

FEAS P KNN FRERE A, A DATR] SR EACH £ i 2 18] m (0 2 88 Uk 25 A [R) SR B £y 1 4
(8] P KRR B AR R R B R BRI/, BRI I R B R BBT -

H e 2 o) 2 BEAN R AR AR 7T DLR 3 1 5 PRIRAR 728 23 sRAT 0 2% R oA 0 -2 — AN 250
A KRR AT SRS HUR R BORXT TP 2800 38 BI5 K o0 B 2 e ) B B
G BB B 5 K R 77 TR HEAT R L N Bk o FE I ZRIERE T, AR A8 I BEHUER BE T e U5 5K, RlbE—
DREHLIE BN ZREE P K — A TSR HEAT BRI T .

R MM EKANGRII BARTT 5, AESLPR L] th i e 1) — L HAd 87, (HIZLe4 T KR
ISR BE TR T R ik
6. AR DU oK

DUt > REL DR G A — R R TTE, B — R AR et RR AT 7 0 5
FIER DU H7 73 ARV Al AR i /D B (R U 2R Al v L s R P S 8

FER DU 70 SR RE KRB AR X148 HR A5 70 R0, AR IRE AR LA IR ST AR 1 150
B SRBETH BLI 2R A S B, HBURER R 1S R A5 7 SR I T R 2%
.

(1) SRR S AT

WAEAT B T A RARIZFAFMZE SN

P(AB)
P(B)

Pyl

P(A|B) =
B A5 BB E SUN:
P(AB) = P(A)P(B)
£ A, BAHEMSEMET,
P(AB|C) = P(A|C)P(B|C)
(2) DA

Pxly)P(y)

POI) = =5
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Hrr, P(y) NI, FoRBEMIER AR Pxly) ARFAMR, TRERNy
Hox RAERME; Pyx)NERBE, Roxx KAENETHRNy PE; PR)ER x KEM
(3 kK

a. HHHRAIE C= ryayud X = o xR MR 2 (1 =
1,2,3,cccm) N x [IHEAEJE P

b. i P(y11X), P(y2|X), PVl X)

c.  WHR P(yilX) = max {P(y11X), P(y21X), . P(y,|X)}, W X € yyo

a) P(y;|X)HitH5H
X P(y | X)BITEED,  mrR H I A =,

P(X|y)P(y;
POy = 25 2020

TR &AL P)BIAEE, M P(y]X) o< PX|y)P(yi) . Bt RS 1 P(X|y)P(y;)

BIAT . 3 X SRR M (xy xp = ¢ 0 0 = o X JAH E ST
PXIydP(y) = P(x1lydPCxaly) = ¢ ¢ v v - PQxpmlydP(v)

o P(x|y; )it U ZRit- HA5 5

7RI RE

a. AR EARS DUR e REAEJEYE,  JEXH AR R A TIE M R Sy

b, N30 F5 43 2RI IR F SRR B 1 R o 34T 02K, TR 4R & .

c.  FIFHRRAEJE 1 LA RN ZRAEAR , T EEAN IR VI ZRFE A rh (1) H LA 26 J2 BN R AIE S
PERI RN B SR Ze Al T, FRIE R R, AR . BB IR ERKAEE Bt
FRAEBYE . RRAEJE 1 2 BN AR AR e

d. fER 2RI RIUHAT 2, 15 208543 IR (I ¢ &R o

b) P(xly) Mt

TEVFH P(xs = alyp i, S4FAEE MV EHUER, 7T DUBE ST IR A b AR 4 78
A LR P(xs = alyy) o AHFIE B Mx AE LA R, 385 n] DAE s H R A
E& AT (XRRE A , Bl

_ (x5 — ﬂi)z
20[.2

P(x; = aly;) = N
Forpn 2 20y HARE S xR, o @ 28 hlly; HRRRAE S P (R T 22
2.3 oM%K BIEIZ

N HIALSE N, A B P2 SR SE PR e B B AR
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AT 2% [ 3 EAE L G2 B, BRE AN R - fa] SR (R SR ol AR B, L R 2 )
15 & T B AN T AR A5 R 2% ot Jr ik AN RS — R G vk ML Es =7 >3 (1 Kds 73
Bro AHTLEE G — TR WG D BRI AR, B2 0 3 ZH G, B4
) R R B N — SR B

231 BEEE T

P9 T Rk AR TNES T, WOt TR TR ) e R AR R
BT B B RS /7 X, TR o T, TP R T 5, Xt
B B 77 O NS S R A R A TS B B G o S s S M R A %, T
DA IR [ K e o0 8 5
1. v

HOUPEE SCT M2 s — AN R B . X B RN AU T AL R, A
O JE . FRE s O M. PageRank AT ] HHOM

(1) JFEPLt
ERSEH R EA, — AN EAERZEERRMWANRELEN, EhOEmafH T

AR, LR, 45 v RO TEC(v) & A
Cq(vy) = d;

Horhd 245 v . BRI THE 2SR RGO R R ITARATA
A Rk FEA B b T ORI RN B R, ] DR W9 8 45 S D B rh LA
N A P o P R T 9 R LA SR AN [ 19X 286 o e o A e A B AR AT 1A
—Ak, b m RIS
di _ d

C5m () = o =

Zj di 2m

(2)  FFEFAE e

RO R, BATVONRARZIERN S A E B, RE—D, HMARZM
FOFARER OROX A At R 2R, A E 2 RN AA Rt EA IIME R . BT DA
R J 8 R BBV RMAE AR S R B A . W C, (v) R GS mlv R AE B O, TSR
/NN

n
1
Ce(vy) = XZ Aj,iCe(Vj)
j=1

Horpr A RIGEGERE, MR I 8. XA E R, )C, =
(Ce(1),Ce(v), - Co(v )R L s i Lo i, BT PLE S .

AC, = ATC,
A C AR EAE ME A RFIE R B, AR IR E(E .
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(3)  PageRank H.0r

PageRank Ji 5 J7 VA 23 RIS 2 51 48 F SRS I DL R R 45 AT P . MTLRA B2
A EHE R R — AN E RIS, PageRank NMZS I IATA S5 5 (T 58 LT HL
FEm. A PERHTRRIRES, FIE ) ARVCEC I H IR A 80w (1 i Y TR R o
C,=BU—aA™D )1
Hrhr D = diag(ag™,do™, - d*) R — AN KT BERIXT AR, a B AN 2.

(4)  HE] Ak

g3 PRk B U 0 SR A AR I A S s P R B I B, R AR M4
O — G5 5 Hoth % m T AR ] R AR R, SRR — D AAE 2 KRR RE E R IR rp HAt 45 ki o
I ARG R BATV R R . Fer RO R T S AR 4 mOE I S s (0 B
BRARIOECH , st BA IR SRS miv fEE RS i s MG L ¢ PR BLI B 2k . XA
JEE T HR Ay v a]

0s:(v;
Cb(Vi) — Z st( 1)
stmmy, st
Hor, og e NG R s BIEE Rt INIRELERAREH , oo (Va2 M s Bl t Badv, I f R ER A2 4

Ho 1 XEE rUEATES AT L, BATRE 0y (v BR BAHR A O R R fE (n-1)(n-2), 15 3]
VA4 FA ] At

Cb(Vi)
n-1)(n-2)

norm _—
Cb

2. FEME

ARV W25 AN G5 i RIARACURE I 57, FEAL SR, X e gh 25 AT DLR IR K R
28 TR R AR B — LR O IR S A o X SR DI 1) AR PR A UL BE B PT DAJEE T AT TR N T 1Y
7%, RIS HIARLEE, o] DU T A P N 2%, BN R ARALRE SR SRAE I 2515 21T,
&8 r a] (R ARACLEE ] Dhd i vF SARAT T A5 A S5 AN R 3R 1S . AL, SimRank AHALLRE 2 —Fiit
AT 2 AR L i o

(1) Sk

N TSRS E, 75 B2 8 PSS s 18] AT (1 Q034 5l o AR IR IS5 0 A JEE LR
B PANGE R SRR Qi B, 3 T X 2 2 S5 R 45 S SCRH DU PR 85 i B 1K) 0 o FE TR 408
HOBOK, U I AN 5 OB ALL . 45 R AR ADURE E LIRS

a(viv;) = [N 0 N(vy)|
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X RO I 4%, 4 R AT REIL AR AR AE =, P DL ME SR K. — B,
LB A — A T, W EAE[0, 1 VEE N o XS e a] DUE 2 F03—A 773, flin
Jaccard HHBLE B A% 72 AH AU -

NG N
IN() UN(v))|
IN(v) N N(v;)|

INCWDIN(v))]
(2)  SimRank FHALLEEFIVT L SimRank AHBLE
Simrank HE BB SE “HR LSS 55045 S AL

Ojaccard (Vi'vj) =

Ocos ine(vilvj) =

;@)
S(ab) = ——— S (1,(a),1;(b
“)uwmwzz;(@‘”

HACHO0 B 2R —ANFE . BRIE AR R0Un2d?), Hd I ZIERKE, n W
WP AL R, d R RN AR KK, HFEAF LT EERNANS R
[8]f¥] simrank 1, & X:

mem&@==zzsaﬁ(ve1wn

i€l(a)

b /R
S(a,b) = e Z Partial
' HENNI 1@
j€l(b)

A4 B VE R B 2 & 0(In?d), b C 1F o~1 2 [,

AT DI RS, T D RS T BE LI E AO SimRank 5k, A& X4E A
ABLRE ) — Pt ks FE A T h v

kR R

a.  BERUVER R &KEN T H8E P, @7 EHZR 5] Index;

b. W& v, HRE Index 3515 v IFEEIER1Z P;

c. XTP, WHELABRAETURBTES v HE RIS S B 2kt 5%
A B2 BT AR AR, 53] O,

d. S5 A v AU B r K AN SR L.
2.3.2 AWML EREE

X /N EEANET N ERRAT RS, EEAREMS BT MR, X ORI
vk o $E S WL A R RYEAR AFE X R I, W2 R OB B = R v o] DUR S A ¥ EAZ
JH R 2%
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1. ITASHEE

ANMRTEREZZ W 28 F BT R B AN E AT N, VBN MR B B8 R B AR AT NI — 3857
M MERAIT N, AT RIE S E— MR TEMEAT AT T, S MR B A2
AT NRAESE, tnfe— M Eae e, — MNHPE R T —MER, ZEMiIH AR 3
245 B A W Re KPS IXKE R, A XMW BAERE R R e B K AT N, BRE
THPAT NI BE 55

E—NMEF, SF—NEEvIE, ARNRES, BUSHEREE. 455 v FBETE T EE
SROLAR RS S ow B . F2 N ORIRATIN-H PR m S AR Y, 035 28 M )R A 284 A
S 25 B A Y SRA LS M) 7 A 2 WX 2% A R T o

(1) AERE R

TGV HA — DNBEHLAERIES, ~U[0,1], RAE= v BUARJE &5 s i, v s
Mg fEEs . 4im v e ENRE w T, MRAERED,,, HATZHRFN:

Z byw < 1
w

A v I EBOE AT RS mw IBCEAR T2 T HBRER, v s, R/

Z By, < 0,
Wq

IS, %€ —DEENLKBIME, MR EA PRt A PR -1 S 4
R 1, B B SRS R 4 R, BRI 0 48 SRS ik

(2)  JUSLRIBAEAY

5 4N BMEAE AR D BRIE AR, X RIS FRE I 25 50 v (0T 0 <08 i (SR AN
B BRI PSR SIS S5 v, A AL 2 R BEE HOR BTSSR 45w, i
HMERAP,,, ANERGMI, EZJERPERILE, v #RARE R HAh S i

MTI— AN FBERTGRE, AR RIS S, g ) P AT BR PR % < A0 B R B AR L8 52 mi
BRI P ARHET =, I “ RRRS” A< s RCE A 7 AHET SRR i R 5
BB R — IR SRR H K, X — A2 8K, #5E g% —
MR KAEERESA, ILRA R IEEN 71 (A)

(3) BRI A A

HAZ P2 _E AT S BB R R A, RS DA RIAT s e LR B T teiny
FATHN, FTULVEERR B SAA: WIAAT Y, WTCLVBERE R4 X, PRItt, JRATAT BOR IXAE RIAT 94T
NTE A B T I R

w G(Vtrain’ Etrain)y‘ji)”éi?\agr m”éﬁ}g%ﬁ{muﬁiﬁk#ﬁ\v”am X Virain — Etraintpﬂajﬁﬂﬁ'é
A RIHEF AR . HIFhEE — 2k 12 N A ml R AR PR H I AE B rh AR o e Tl 0%
28V train X Virain — Eerain T EVEE— 2534 e Q0,y) W — >0 {B o (x,y) 385565 %N 120 0 7048 147 34
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WAHER, St e BT A 45 B HE T 5138 o o (e,y) TR AT LLE A [F 10 7453, Hif
VB AN G5 i 2 TR ARARLEE AT Ar] v 0 vl DA B F2 T .
2. HXEBED:

1 DR B A X 2509 90 PR ) B LR, WS T AR A E O . 2 E — A RIEM I
g, X AEFEFRRAFEES G S, HpE-— X g b 2 B rE@E A m T AR X
(B2 5. BlandErt &Mz, — /M X AT PLRAEAE —i 5. TAE. AEEmMAANT. X HE
FHEAH Girvan-Newman 575, PREEEF LN Louvain 5%,

(1) Girvan-Newman &%

HMRE, X NS S 2 A B E R R IL % R R, R, @ i Rl s X e —
PN B AL X & BV o Girvan-Newman LI Z )R /R FRJEN S, R EBRAEX 2
BERIL, BRI X . TS, 8RR, OB, A aE ik
MK, Kk, ZBRBrdap ot R Kd, BERELR,

Girvan-Newman 5BV EA 5 BN -

a. VBRSO

b, B O VE R S

c. EFIIHE EERILE R 25 R BT il i A e Aes

d BENL®Db, EHHE, HEEMSPREUAE.

EmEC ] (] 5] EEEED EEE ] ]
1 2 33334 43291424 8312830 5 6 7 112020262513 18221017 1516 192123 27 12

& 13 Girvan-Newman B EZER

Girvan-Newman 5% FT#5 2 K145 R SL5 A2 W8 h 25 sl i B, i 13 fos . i 500%
ERHY T BT BRIAAT B XG5 o ABAERS B B A AL XU /Y, I8 — A IR A 15 B ok
A i 8 Bl AL X, AR X S R R . AATIBE S St 1B Q MM

K
Q= Z (e — aiz)z
FIE— R R K M BIEE, B A ke x ke FERE e, Hoe, AAGRIERES
X1 AN SR R b, T = Zfeijo

67



Q (EAEMARBLR LR 7> AL X JE L X S5 M P&, I AEBOENT T+ 1, AR X 25 H
2, ZEIELT 0, M X A& X FFR— MM E, AR RS2 Q EHA
A, QE IR 1 iZFRE A

FIH Q T, A E WAL X H BB a1 F : 75 L1 Girvan-Newman 575 s & 2R — kil
WS — N X 250 Q 1, kB Q HHEAMN Mt XAtE. — ki =, THENAA
RESTETH KIL R #v5 Q (8, AEAER FHREE— XK Q {8, HUfS 5 Ef o RAERI AT .
R E 14 FrTLVER], S XEER 4 B, i3 Q EHE K, FIiZMRlsH 4 Mtk
X AL -

ccccc

B e d & & a o e e e s = Py S S oS PR i ] (e R S

- /

’_%—‘ |
o o o | i A l AN [ele]e] il [elo]ele]

B 14 ETFRL Q ENEES

S
&—1
<

(2) bREAERRHEE

PRESAEEELR M R, FAZ O AR AL 45 i N1Z 5 A A [F] AR 2%

PRAEAERE STV AP IR N«

a.  WIGEWFT A S AL MRS R B ME— PR s

b, BENLERE—ANGE 05, AT LT e AL X 1 4 bR 25 T8 o8 e 1K 22 5040 T & I b
%, GA U IEERIbREE, BENLESE—;

c. LGSR O Z A EHE, WERE, SNESDE 2.

FrBAE T EIE B G N Ty, 75 T8 M Az 0 BB G, 9F HARE 5 Siil. —4
R PFERRE 2 T M, FHAESAEEZ LR ZHE I ER MR . B0 55— MR
P SAE Tl g, bRt R RE AR 18 6 F R A BRI s, DR SRR B S 2 D2
RO, BT DA SZE R LTE Map-Reduce FSEILE » WnBAEF BIEAN TR B4 et X
IR, BT TR B — T 7 EE TSR 25 e BRI, T bR 28 A% AN 77 EAR AT B S B8 e 1

(3) Louvain 5.7k

Louvain H 723 THHE (Modularity) (94X RIE L, ZEIEAERCR AR EEL
RIS, I H RS R Z IR AL X 254, AR B H bR RN BB 451 (fE
XM MR Q-
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Louvain H LRI TEAL RN

a.  XTREANEE R, AHE A X S5 bR 25 Ty Bt — AN AR i JE AR A, ik
P AR RGN Q Wai iR, EBITA &5 R XARBEHA G 202, 5 Qs

b. & Q AMEA, WHEILF ., SN EM ML, & F—MEX RS “BER”
AN R AR A BT S I B, #E X T BT 2% 1R 32, 3 N 32 RS D A
S RN TR AR 45 IR E 2 M, BRI b,

ISP RE B RAE, ENSATRELE 15 Pios:

& 15 Louvain BixI1E

2.4 BRESPHREERZHE

HORTE 5 AL N TR RER)— A EEAN, o B 20 10— B N A, AT
HARTE F B4 5 EARE 5 A S B 240 SR AN o 18 5 02 A RIS 3 AR A b
&, FILARE S RBEAEI T AN TERREREES SRS 24, BREFLENKRES A
1E TR OB AT IR 72 2 L, (B I A WG B AR 5 R T 7T, A Rk BCH 2 o i 75,
FATVTER AT LA ZRAT RROR S B AT B TR 55 o AR A A IR =R RS B
PRAEE T EE T AT

2.4.1 FRRDHT

SCACH ) ] H RS B ARG K, TR AT, BR TR SRS T A, 1A )
TR MR R WHIRRT 2], NFRAFKA (word embedding) , #8541 L 2
— AR, BRARRIG T 1) B[R] FR P B AN 2 o6 2R T DA e Ik B ] 2 TR PR SCHER R o i
)i, FRATAT U WAL 2 Rl B OCIE, WA T . P =R R Oy
FR 1] 27N T

1. JA4RIRA

1A R (Bag of Words) A2 8¢ ] 5 (17| M) B3R on 7 7E o 1SR 20 $e SO A B VA RS
FEER, BHAUEERET/NAICES, ORI RS B 1 H B2 SRS ) o 1R {845
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A — AT P B B R R — B BN SORY o 2 SCA IR ] A8 A5 AU f) — A g 204511 4
e

T g A T B SCAR I R
The more the data, the better the performance of machine learning algorithms.

Which one is more important in machine learning, data or algorithms?
FeT BRI SCR IR B, R R ]

{“the : 1, “more”: 2,“data”: 3, “better”: 4, “performance”: 5,”of”: 6, “machine”: 7,
“learning”: 8,”algorithms™: 9, “which”: 10, “one™: 11, “is”: 12, “important:13, “in”:14,

“or”:15}

i R P L 10 S EA, AR SR A E— AR S, A BN SOARIRAN AT A —
A 10 4E RS, W

4 1,1,1,1,1,1,1,1,0,0,0,0,0, 0]
[0,1,1,0,0,0,1,1,1,1,1, 1, 1, 1, 1]

Z10) & 5 R SCAS rh L] IR 5 5% 2R 5 T A2 T i g A B R SO o S 3 AR 4
o I PR RN T IFIRE 5 AR, AHRE XADER S, WRES CAKER K, FECRF
K JESCAME AL 1A BB AR Y, B0 “algorithm” 7] PAFR BIX AR 7] fg A& 1T HH LR
MHRBISCA, T “the” “is”XFia HIAHE

2. tf-idf {3

TF-IDF (Term Frequency-Inverse Document Frequency) #& — 7 H T8 EA R & H AR
INE . FE—BCAH, A (Term Frequency, TF) f& 1@ 5 — 40 € B B Z A HY
WL o XA AR A — 4, BABT 1B [ B S CTR)— AN AR SO LT
Ao LU SO TE A A, AN EZRNE HE ST o X TR — R SOt B iais tok
Ui, B EEER R

fij = m

b Qb % e A8 3O d IR, T BERAE SR BT i IR TR

s

Wi e LA (Inverse Document Frequency, IDF) & —/Mia| it B B . &
—HFE WIE I IDF, W] DAH e SO H B DU & 1 E 2 SCIFIIECH PRI 21010 R BOG 2
(EETIF

ID|

ldfl- = log (m

)
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Horp DOE R SO LS (et € dYIIERE P E &1 8 8. 25T B A

T tidf Ay
tfidfy; = tf;; - idf;

3. Word2Vec %]

i) AR tf-idf A2 20 20 IR 8 1) 2 1] SO TV, AERE IR T v B A AR K ) B
g, Bl SIER E T RS BCEIR 2N, B YT U IR, FBURZ >
PTANAER: I AN PR R IR T VRS T8 SCORHE, Mt 25 1 ik — 5 40 i il ST e

T DX BRI, Hinton 58 NS 7 3A)1E 1504 20K 7~ (Distributed Representation) ,
Vo BT A i g I A B 3 2 7 ) ) ) i o X P 43 AT TR R 7 R 1T DLKAE UM R B )
ARHHE P A 1] [r) 2 T 10 S At ) LA A B3R o SOAH DG RR B

Word2Vec &gt /& F A SRR H 10— 28 i RO Rl 1 20 A7 SRR (AR, AR 28 X 4%
W 5 B (Neural Network Language Model, NNLM)ZEfti F@E47 7 2tk 1288 A4 e ik AS W b
PR SCAR, FEH “hE” SCAR SRR RN R 11 [ &

INPUT PROJECTION OUTPUT

w (t-2)

W (t-1)

W (t)

A4

W (t+1)

W (t+2)

16 Skip—Gram 1=HIZEH
N TETERATTEL A A 2 B FH ) word2vee 15284, Skip-Gram #8!. Skip-Gram #5551 55 A
NZE L EMEEE =35, WE 16 Frac. FATFREIRE) “ B & iZ e e Fh
Mﬁﬁ/J\ﬁDWE@ﬁﬁﬁlﬂo *ﬁ@%ﬂﬁﬁi—'lﬁﬁlﬁ,lwtﬁ?mﬂﬁiTYWt_z, Wi_1s Wepo Wt+2tljfy—ll4

e —MNKEA T KR T 5wy wy, ..wr, Skip-Gram 584 (1) H b5 R £ a0
1T
it St
Hor, ¢ RoR BT CE OMRA, A 78 A MUIZREER, BERE 1 ¢ R/Ah—R&rT LA

RIGH S AERA 2, AN NI 2RI TR 22 N o Skip-Gram #2843 4848 F Softmax PR%X
ﬂ%i‘f‘ﬁ p(WH—jth):
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exp (v'WOvaI)

Zz,vzl exp (U'WOTVWI)

pwolw)) =

by, v, 23 50 50 w RN A H 1] )RR, W RN BEANE RLEE h T B
WIRECE . 8 2.2.2 BB ) 5 R A I 2 — AT AR IR BE TR BRI VA A E RS R B
A dr T ERR RS BER 7 2 Softmax, MASERMA S P IR, /A RO R
K (5 W BRANRIERD RS BR b R AR5 A

AT R AN A, AT BAE H B IR Softmax(Hierarchical Softmax) R it5 p(wg|w)),
FEARTH R I8 E . JZ ALY Softmax FI WS K & 4 i 1) 77 A& T — DS W AN FaE g
KR, I M5 ORI N =

R AEH R Softmax T AT p(wo |w) I THEL R AR AR E] O(L(w)), VLT
HRIRERZ L T 0(logw)), KIEHRTE T ISTEIZE . Br 7RI Softmax 224k, W] LAfE
HI#ARAE (Negative Sampling) HIJT A BRI ALAL,  FORAE K H AR B BOE XAnF

k

logo—(vlonUWl) + Z Ey~ppw) [loga(— U'WOTUWI)]
i=1

A AR 5 skip-gram 1 H AR BB E & — A logp(wo lw) T, IXFERAL B bR B AR
A AR B M k AN 3 A7 9 P, (W) I SRR AR AR 4 HE S A B H b B3R wg

i A3 2 AG K Softmax ATCSRAE PR ECA , 7T DUKHEFER Word2Vec [ R & 2% 72,
ST 3] [F) B ZRRR

242 ESHTY

FESEBRI Y, W] RE TR SRR RE — 2R R afAr v SR — AN IR ER 2 e o
ANZEH, #FHITH “nixianzaiganshenme” X —F#F 8B, HEHFZTH “URIETFATA7
B2 “RIfEHA47 WRE FuFHaia) 1, MG R E R PORIE 4
Inixianzaiganshenme) ¥ 1% KT P(#R P % 7E 11 4 |nixianzaiganshenme) -

ey, XF—NEH o MAKAT S = (wywy, w1, 15 SRR AT D54 S /)
M, Hp.

P(S) = P(Wy,wy,wy) = P(W1)P(wa|wq)--P(Wy|lwy,wy, Wy 1)

FEAG TR SO, R AR O ASR Al T, FRATTANTE T 5 P(wilwy,wq, Wiy ) IR T2
S X F B {w,wy, Wi PR {wy Wy, w FE VB R A 48 H B IR B C(wy,wy, e wi_g )
C(wywa, - wy), FEHFRTL:

P(W1,W2,”';Wi—1,Wi) _ C(WI'WZI"':Wi—l;Wi)

P(w:lwi;wo, oo w:_ = =
Wilwywy,rWizy) P(wy,wy,Wi_q) C(wy,wy, = W;_1)
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(ERIX AP EE R R 1LXHMRZ 7 d R0, AR P RASRAA I, H I
FAETY 0, PRUEHE R g AR P 2 B N R TR, F A T IR,
1 EZ ST R, Tk,

WH, BATRBCERHE, R SRR AR B (Markov Assumption) SKit5E S #I B
e TN A ) H B U T S R — AN B LA BRI, A BB RN B ST
T HAdAE,  BRECTRTTE B 0 AMA, DY unigram AR

P(S) = P(w)P(w2)P(w3)-+-P(wy,)
PR — 1A 1 S B A e AT T A — MR, IR bigram AR
P(S) = P(wy)P(wz|w)P(ws|wy)--P(wy|w,_;)
B 15 T — AN 1R H B S m T A P AN E], B trigram B
P(S) = P(w)P(wy|lwp)P(ws|wy,wz)--P(Wy|Wy_3,Wy_1)
PLBEEHE, B —N ] 1 S AR T 1] n-1 MR A A 45 F5 N n-gram B8 . n BOK H05,
X —AMA B A RS B 2, A EA T RMFEAEE . n B8ORS, 7EIZREREE
BB EZ, BAEEARENSGIHMER . EEbRMNHF, BT E SRR R, A3
bigram B trigram. n-gram ZH0A i 075 A RRAUIR G T

2.4.3 iEBERY

G0 M SCAS AU A — R B [ 20 A T B A DX 0 Bl Rl R AR R ASCAS B, mTRL T
Ak o PRt IR AR AU AR, AT AR A PR, DRALR] ) B 3T SRR
THEMPHB. RAHEE ARG RSB EREE,

AMELLRTH4E, AR & 2K A) 5 75 70 A1 (LDA) JY AR R R A B Y £ T 2 4 7 V2 B4R
TRBER I, X RBA A B RGE DL U (topic model) (RS . LDA A& — M
B X B SO B A BRI R, BN EE— AN &, 2R I 51
i B EUED AR A B AR SO AR B SR A ) IR AR, A
“IERR” HA —EALE, Bl p(w) = X pwl2)p(z), 1M p(z) X H—/NkF] 78 5 (Dirichlet) 7>
A . LDA RMEZR RS TE L Hr(PLSA)HI LA

R X SRR (U BIHLAR RO T 0 i SCAR IR AR S5, Bt e “1h 7 o XS8R e s fi
ARICATE SUE R FE BB SOA B S R B IE ) 3R], XA A15 S A R I RE S 4K 21 A
AU R R T SORE S A0 SR T AS R B 3 A B IR ) SRS o FRATTE SO S eI, ZE AR
LA (R R ] DU — MR R RS ok, ik 4 517,

& 4 LDA RV BFIFRIC
B id o X
M | ERE SR ST AN 20 Number of documents in the corpus
K ¥ 15 (1) 15 28 > 20 Number of latent topics
|4 1A] # A B 3A] A~ 20 Number of unique words in vocabulary

a 1 4 56 43 AT 1) 2 30 Hyper-parameter on the topic (K-vector or scalar if symmetric)
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s PR 3R] 4G 56 43 AT 1) 2 80 Hyper-parameter on the word (V-vector or scalar if symmetric)

0 A AE R U Y HE 3 Notation for p(z|d), document-topic distribution, size M * K

) i A B B A 2R Notation for p(w|z), word-topic distribution, size K * V

N SCAY F ) B 4] S $ Number of words in one document
z SCAY R AR AN BUIA] 1 1E B Topic assigned for each word in each document
w SRS ) B3] Word in each document

K17, S kRon 2B RT3, B S Bo B2y 75l al LB 5E 7 A1 6=p(2|d) F1D =p(wz), 73
ATOREAT RAE P LI BITEE 2, LK1 z AR AF AT @I A DURAEA i . R 5 R8T (11,
AT AT 4 R Z TR, N O ] A S SRR R A 1

oo
(D@

& 17 1ERER R

2.5 REHEME
2.5.1 AL

MEEARZER A, KEIEALFF S R0 N 4 N2 B RER . B G2 Bl
M EMR S EHEEE, LK 18,

74



_____________________________________

'_'_'_'_'_'_'_'_'_'_ S, S 5
|
=) | HHEX EF NosQL | | t ke
g K BEE (@0 0= @
:::::::::::‘r_::::::f::'_'_'_'_'_'_'_'_'_' .. R__ -’
| meEwsE | | WmeR || | wmE |
_________________________________________ I

HaEiR
| Usgie | SEWgE | wEEsE |0 | . |

El 18 REIELIEF SRAREME

v HUERER . EEATUAS A F R BEEBECR R . BRI L5
P HIRRIEE . YRR EE S AN R SRR, 38 BN FRCREE TR . X A%
NS ARG e, —RBCRAMERENTNE, —IKER AR KBRS . W T
G B, — O I Y 2 €t BEAT TG HR o X T- W HR 0 7 A X S i, — ER AR
FRTTI IRAE ik B RBIE A R G B2 B IR RIS P R Ge it AT Ab BE 0 #r

2 BARAEEE . E IS TTRBE A6 B TAE . REE KT & A 1 SR a6 2 E
WAFTBAE AT XU RS (Flan: HDFS) i mfff R4 (F1U1: Amazon S3) . N [ i
T K HE AT V7 M RIAREE,  REE MBS G R 2 R — e E X R A (NoSQL) %iudis JE
X B AT AL VRN B o XA [R] AR A T ORI B R, AT DI FHAS [ 2R 8 ) 3R 50 R AL 4L
PaE . W LR AE R R MBI FE A H#ME (Key-Value) g% (Fi: Redis) « FIAFfif%L
P PE (fl4n: HBase)  SCRYALEHEE (HU1: MongoDB) K (Graph) #i#ifE (f4n:
Neo4)) 5,

3. MR E . F BTN REIE R A ER A AT TAE . SN ESR R s, — R
BAFE AL BT 2 X T E N SEEE, — SRR EAIE S % (Flin: MapReduce) .
XA AEHE, —BCRARAATES S (Fll: Storm) o XTEIEEE, — SR EL
H5IE (Il Giraph) o BT A5G AL & M RIVE RO AR B D RE, KB
AR FESF- G o S — SRR R AR A ER AT TR, Bl BEZEE TR, HlgseE
TR, MR5%5%,

4y RSFEH)R . T EAATURIEA RO 75 00 5 AR Hodhs A BEAN 73 Mt D REHEAT 5 3¢
FERIAMEGEMRSS o B WA KBRS R S5 04 BRIl SR &t Bt
AL
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BRUbZ Ah, RECE T 6 — BOs S 2 M s IR R, X — B BT o Kl
KB 5 IR B AR

2.5.2 KREHAEF & L£H
FET FR BRSNS, FRATAT CAREH 8Bl — AN T IT IR R G K SR &, )

180 %75 RENE SCREXTHtL B A T QB A0 [ B0 S5 AN TR SR AR R R AL BE AN ) H o AR
FARI R 3 5K, W DIHZI T G AT 88, 0. W RAS 5 250 B Bt it 17 A 2,
A LA BY R S B R 7 RS0 (Giraph I GraphX) o NP2 R BB AR LM ¥t

AN AT 6 &R P RITER S

7y NS
q Spark ;

Hive (
1
1
1
MapReduce l

N - —

19 ETFHRAZNABELIET & 54

(D) BIERERG:

e Sqoop 7&—/NH T-1£ Hadoop 5 5% 2 A HUHE P [A] kA7 B e B I 1R T2, wT DL
— AR ARBIEAEE (Fltn: MySQL ,Oracle ,Postgres 25) 1 {5 ¥E 5 3£ 2 Hadoop f) HDFS
Hr, AT DA HDFS B0 5 3056 R AR 2 b

e Scrapy /2 —/M4 T Python & & KM FIE Web JEATIEHUHELE, & A% PRH TEHX
Web Ui £ T FEE E 8 LRSS R EE - Scrapy i FH Twisted 57 25 W 465 A R A 5 o 2%
IR, PR FREAE Scrapy HESE M) BEAH EFEAT 1B HR 1K) 2 1 Rk v] DUAR A S — > = 20
TEd R H

o Flume &R, M5, A ANl H RS REMEm P HER
g6, EEAR R B GRS, TR RS E] 50 S SO, R SR B0 Bl
SN

(2) BEFRERGE:

e HDFS (Hadoop Distributed File System) /&2 Google ] GFS (Google File System)
S — N HES A LS RS0, & Hadoop HEALH I —/MZ OB, BA @AM, S
I B AR
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e Swift (OpenStack Object Storage) s& OpenStack IR AT EHIMH M TIHHZ —, &
OpenStack 2 171i# Il 25 B B 22414 . Swift B 1E LA B AR A AR A7 fi B At i it 2. B3R fk vy
AL s FEAME KSR S A7 IR DS -

e Kafka &2 —For A, T RAATRTEE RS, KRRl EXT . Kafka
a DU A= (140 Webservice. 3. HDFS. HBase 25) MHiE, G HZEZAEE,
SRJG RIBATE P (B Storm Spark Streaming. HDFS 45) , 1My 2 21 2% v Fl id e 1 4
o

(3) HH5I%.

e MapReduce & FF ¥ K £ 3 4k FEHE 22 Hadoop 8% 0 i1 5 5] 2, B & Google
MapReduce FIJFUESEIL, 32 H T %I E X 1) b 2 .

e Storm s Twitter SCFFIF AR M —FR AL TN SERH KBRS R 5.
Storm A% HRI% AT FEH AL PRITIE AW AITH B, IFHA R HILH

e Giraph &—/KH BSP %! (Bulk Synchronous Parallel, HEAA[FD AT 1HHEABA)
FIFFIR AT RS, T E S Google Y Pregel &4t 3L T Hadoop S8 .

o Spark /& —/NE N A EHE AL F T B A BRI B TS 51 EE, & UC Berkeley
AMP L35 = Y5 1) 28 Hadoop MapReduce 118 F HATHESL . Spark ¥ /& T MapReduce 115
B, R RS RRRR TR AN 2 RS, BER . B AE

(4) FmathTE:

e Hive s& 3T Hadoop H— /N € % L H . Fi Hive B AR it 7E Hadoop 3%
IS R4 (Biltn, HDFS. Amazon S3) ", Hive $24t 7 — R A T H, w LU R#ET 5
PEHEEL. FEfb. N (ETL) LAKG@EIE 2 SQL & #)iE & HiveQL HHTHH 40 M Al £ ik T4
Hive ¥ SQL i) %45 MapReduce 1155 #471217 -

e Spark SQL &2& T Spark ) —/M R G TR, HAMAMIIEES Hive 2840l R 2
JEKJZ 1] MapReduce # #t 4 Spark.

e Spark Streaming #& Spark $& fit (1) % S B HE B AT IR AR T, SCREGT S
TP (scalable) . F=i#FM: (high-throughput) « &4 (fault-tolerant) FIJRALEE. 7 FF
M PR YESREUE S, 6 Kafka. ZeroMQ- Kinesis UL A2 TCP sockets. M Eida 5 3RENEL
Y2 J5, AT LUE A U0 map. reduce. join A1 window 25 55 2% R BHE AT & Z SV R AL FE

e MLib j& —/NEET Spark BIHLER I BREE, ER LIRS RER LIATEAT
BB BT . ML HEL S VR 2 0 LA 22 ST 50%, v LALE Spark SCREIT AT dn il
HHEH

e  GraphX s&— 3T Spark K104 W& (Graph) ACBET H, $RAKEIATEVEAM
B2 88 I faTvs 2 R O, AR 7 T 1 - 6k o A AR AR E A 755K .
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3.1 EEHMER

AMiner i BCHSUHE #2408 A58 0 3 HE4 BT 1000 (K16 5% 235 2 12U 2 3 48R 3 A Hh
K, . NEZRKE, BHRIZmIURIASERERE, PEIKZ, J€EMERR EE
WEONEF . MBXRE, KERBAARAES, HERAA B HES, HREPEK
RS IX

&= 0
= ! ik
() & o =

~ 6 = B
e L i@o =
»
o @ O
O
2N e AT
S
Aligran S. Da Silva
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o RENNE o f (18] — .
o SRBHR o e 457/ zairemtuo @, a1t
s s ° BT b 2 o AR 016 i
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BN ° WIEIR ¢ ] o LT
o MERE omaR AL
= &0
&% SoT
h = ates, = >

B 21 EAFEE S HitE
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AMiner X EHRFZIEHEA AT 1000 2238 FEEAER AR M T o br. BRI RUE H, SREHdE
FEIR TR N A B R AN 5 2 AR BT (1, e rp SR B ARG 5 A BT A A i sl K,
NS N L R PEE AR L 4o, H ARk A AT R T AR . G o E AT
SREEVE A TRE, HPEEAINEA RN TR A RRIAR .

B Ditfersnce Vaive [l in [ Ouwt

United Stat E.” 413
United Kingdom . 163
Genmany I — O
Chin o —— 0
Conada ) —— O
Austraiie . _:h =
France P ——
By ) —— 32
Italy 37 e—— 4
I 27 s 25
Netherland: 22 m—— 29
Japan 24 g 17
Belgium 15 w16
Sweden 16 3
Denmark % -
- s
Switzerland -
Mexico )
Philippines n
Bangladesh .
-600 -400 200 ] 200 400 800

B 22 HARIZIRAUBLTK Top1000 FEITHERE

LIGO — Hanford Observatory N 6©
university of Birmingham N 6
University of Wisconsin Milwaukee I S
Massachusetts Institute Of Technology N °

Chinese Academy of sciences IS 10

American Enterprise Institute I 11
Stanford university I 11

University of Glasgow . 13

Max Planck Society 16

California institute of technology | . . . 5 | 24

0 9 10 15 20 25

& 23 #¥IEISHELEK Top1000 FEHANH

AT AERHEA BT 1000 22 FIENURT T4, Bl BoR2 4 F#H IR T F—H
IR 3, U A 2 i 2, R R U R 50186, B
SR EPIE AR 1 SO & TSR ) 5w 5 ), BRI IRATTX e R IR WL EAT T LA R HES - 1
PRI 4UK, HEA AT 1000 12 oI EE T 22 Bl 24 N, 0528 —; Max Planck &
16 N, fidls—.
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400 37
350
300

300

250 218

200

150

100 65

. B
0
<20 20-40 40-60 =60
Bl 24 HIRIZHEEDK Top1000 F & h-index 5370 &

AERHEA BT 1000 2% h-index P3N 29, h-index 4 20 % 20 LLFI%8 AN iR %,
£ 371 N, 5 37%, h-index 7E 20-40 2 [A] 1535 NEk 2, A 300 N, itk 30%, h-index
60 KL bR E NEE D, (5 0.6%.

[ female ]
2%

® male

m female

male

| 98%

& 25 HIRIZIEL Tk Top1000 F M4 5l L
B2 48 0 4 ERHEA BT 1000 2235 B S EE 98%, Ltk S LE 2%, 5 L b AN a4 .

3.2 FEHEN

A HOR BT 2R AT A ER AL TR AN R RS, BATER T KDD &
W XTI AR SOOREEAE B AT A A & 2238 W SO T IRE, SREEAT R+
FREHIINA HA o BARKILHEA X E Ak 2238 AT 4
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3.2.1 RESEPREEER/A

FERRIZIE R R, AIRZ BRI AH XS] 1 HEER, LT RA
S2PARAE SIGKDD _F R RS 51 B HEE AT+ 44 1055

Martin Ester

h-index: 61 | #Paper: 180 | #Citation: 29805

& Professor

@ Computing Science Simon Fraser University

Data Mining  Social Network ~ Spatial Database  Collaborative Filtering  Clustering Algorithms

@ G045 views

Hans-Peter Kriegel
h-index: 95 | #Paper: 546 | #Citation: 73258

& Professor
¥ Ludwig-Maximilians-Universitat Miinchen

Data Mining  Similarity Search  Spatial Database  Indexation D System

@ 25737 views

Jon M. Kleinberg
h-index: 107 | #Paper: 413 | #Citation: 81716
& Professor

¥ Comell University, Department of Information Science

Social Network  Computational Geometry  Algorithms  Complexity  Computer Algebra

@ 24648 views

Jiawei Han (&)

h-index: 176 | #Paper: 1225 | #Citation: 194188
& Professor

¥ University of lllinois at Urbana-Champaign

Data Mining  Relational Database Index  Associafion Rule Data Cube

@ DITEZviews

Bing Liu (&)
h-index: 83 | #Paper: 245 | #Citation: 50186

& Professor
¥ Department of Computer Science,University of lllinois at Chicago (UIC)

Data Mining Web Page  Association Rule  Web Mining  Opinion Mining

@& 26501 views

Jorg Sander
h-index: 38 | #Paper: 90 | #Citation: 26418

o b

& Professor
¥ Department of Computing Science, University of Alberta

Clustering Algorithm Spatial Database Sensor Network Data Mining Hierarchical Clustering

@ 3771 views
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Philip 8. Yu (&it#) @
h-index: 154 | #Paper: 1051 | #Citation: 101868

&= Professor
@ University of lllinois at Chicago

= b

Data Mining  Index  Social Metwork  Distributed Database  Data Stream

@ 32195 views

Christos Faloutsos
h-index: 125 | #Paper: 792 | #Citation: 85039

& Professor
@ Department of Electrical & Computer Engineering, Camegie Mellon University

a
1

Data Mining  Social Network  Large Graph  Power Law  Range Query

@ 28009 views

Pedro Domingos
h-index: 77 | #Paper: 172 | #Citation: 37052
& Professor

@ Department of Computer Science and Engineering, University of Washington

Machine Learning  Markov Logic  First Order Logic  First-order Logic =~ Markov Logic Network

@ 5581 views

Xiaowei Xu (#E:H) @
h-index: 31 | #Paper: 81 | #Citation: 19317

& Professor
9@ Information Science Department, University of Arkansas at Little Rock

Data Mining  Clustering Algorithm  Complex Network  Social Network  Spatial Database

@ 3543 views

® Martin Ester

Martin Ester
GH 61 | ¥ 14858 [ 47.23] 3 20805 [ 180

& Professor

I Computing Science,Simen Fraser University

Data Mining = Social Network  Spatial Database  Collaborative Filtering  Clustering Algorithms  Clustering | Satisfiability
Algorithms

| Research Interests

@ Data Mining Social Network @ Spatial Database
Collaborative Filtering @ Clustering Algorithms

1985 1990 1995 2000 2005 2010 2016

Martin Ester, {EXda12 40 MHLES 2 ) US4 20 MBI L, R T HHEZ
o AE SCRPRE AE 2 27 7 TV 0, B 2 i U [ PR TS o Ao I KA E A8 EE T
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BIIVE S JB TR P K% (Simon Fraser University, {&#% SFU) HIiHFHENE: REIR, 1990 4
T H L IR B R T2 B RGBS LA o AR T A A s i o () E A
Y20 AL R R E . B RS KEEAE RS MR S R R R A

Martin Ester 18 1/ SFU ¥ A 1240 s2 58 = & F 4T SFU HHENLENE 22 BB
K. TKDE H|¥%%. NSERC & &R . BAF 2014 ASONAM WIFE &R & F

By T REE R IC Y R I, B R H b AR T, 55 SFU ) Fiona
Brinkman {8 15256 5 38 [FJF A ) PSORTD A5 R 4l FH A1 4 1 v 2 11 Jo STV 240 2 A6 T )
R R

® Hans-Peter Kriegel

Hans-Peter Kriegel

el 95 L2978 BB O 41 73256 | i 546
2= Professor

I Ludwig-Maximilians-Universitdt Miinchen

Data Mining  Similarity Search = Spatial Database  Indexation  Database System  High Dimensional Data  Distance Function
Spatial Data

|#a Research Interests

@ Daia Mining Similarity Search @ Spatial Database Indexation
@ Database System

1975 1980 1990 2000 2010 2015

Hans-Peter Kriegel, PIHAEERAZHEIE, Sl A s 4E 80 0 (LG T3 B0
T3 H R DT ERT 32 BN AT o b 4 [ 5% J8 J4 K %% (Ludwig Maximilian University of Munich)
FEFHER, O ENE S REIEE RGN AT RSO AHREREE, mgEEdE R T
DA TPl 1B €7RE ok el TR €/ ERES D WA E S/ SN 7T

Kriegel 3% 2 Hprit HALHE (ACM) BIBFFL R (2009) o FHAEERS, SN A
YRR AT (BRI TR TR IR IZIE T H K, Wi3k1E 1 SIGKDD 2015
BFT 4% (Innovation Award) , 3X 72 48 42 418 38 1) i /5 22 100 Kriegel #4% /2 “ A Density-Based
Algorithm for Discovering Clusters in Large Spatial Databases with Noise (SIGKDD 1996)” [#]J{f
#HZ—, ZWSCHH T DBSCAN %, 3k SIGKDD 2014 B [l 3832 (Test of Time Award),
XF B2 I A L R VE TTRR . kA, Ahid 3K 2013 IEEE ICDM Bl 2 TRk %

® Jon M. Kleinberg
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Jon M. Kleinberg
i el 107 | B.¥ 13344 B3 69.51) E81716 | 4 413
&= Professor

I Cornell University, Department of Information Science

Social Network  Computational Geometry  Algorithms  Complexity ~ Computer Algebra  Computer Science

Approximation Algorithm  World Wide Web

|#w Research Interests

@ Social Network Computational Geometry @ Algorithms Complexity
@ Computer Algebra

=

1043 1860 1960 2000 2018

Jon M. Kleinberg, THHEHEFASURANKIRA, HITS FIERBIN, 225387 )7 16
42k . R REZS /R K% (Cornell University) HHEMLEIZ, 1993 4T Hi4s /R K23k
137 ENR R LA, T 1996 RS RRAE B LSRR A LA L. BRI A, A
S 2 505 BN T RS, BVRBETE, JT4EM, THENUREL, L,

Jon M. Kleinberg #4% & 3 [H E AL 22 (NAS) « EEEZR TR (NAE) « EEA
LR (AAAS) =R 1, ZBE4 /KR University Professor (3 [ K245 % 1
Bk ) o EER NSF BOL2, ONR HHEM AN, Frfliikesiss, MREES
AL, WS, 2000 ACM H0HE E R GR BT 28R 0, 2006 5
HRGH2L (Nevanlinna Prize) o

Jiawei Han (355 1%)
Il 175 4 507.60 :‘5.212.16 A 192992 | B4 1217

= Professor

I University of lllinois at Urbana-Champaign

Data Mining Relational Databass Index Association Rule Data Cube Data Analysis Data Structure Social Network

|} Research Interests

@ Data Mining Relational Database @ Index Association Rule
@ Data Cube
1965 1970 1980 1990 2000 2010 2017

FE, WOy “BIRZIEE N7, R ARG EERE R I AR bR R
KA/ (University of Illinois at Urbana-Champaign, f&i#K UIUC) i+5 LR EHZ, 1985
S SEE IR A2 K% (University of Wisconsin System) 3R TTE AL R 18 42207 . Al BT 5840
oM. PEIZIE. B EAE S ML, B AT A S B S AR S G EIATCRY
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WG | A ST AR BE 1 22 iS5 R 1) S5 5 5200 . MR IR S5 R . TR I 2% 1 ik N U AT
Fo

#E M % 2 IEEE Al ACM [f12x+ (Fellow) , ¥ {T3%E ARL % Bh¥{5 B M 4545 1
FROFEAE, BIH/E KDD. SDM Al ICDM £ [H frsn & SR F R R 21, 8170 7 ACM
TKDD % F4E £ 5

fih ¥ 3K 2009 4F- the McDowell Award. ACM SIGKDD 2004 6% (2004 ACM SIGKDD
Innovation Award)  ICDE 2002 7 H DT#R %% . fth H iR 0 304 4248 % 2% (Data Mining: Concepts
and Techniques) , & [ N ZMEHEIZ 40 GURE A . FEDHCFARI h-index HY, 4514 BRit
SENURE - i SR AT =

® Bing Liu (X f%)

Bing Liu (&)

)|l 83 a9 1.90 | k=B © = 50186 | L4 245
2 Professor

I Department of Computer Science, University of lllinois at Chicago (UIC)

Data Mining ~ Web Page  Association Rule ~ Web Mining  Opinion Mining  Proposed Technique  Knowledge Discovery

Sentiment Analysis

|#w Research Interests

@ Data Mining VWeb Page @ Association Rule Web Mining
@ Cpinion Mining

1988 1950 1995 2000 2005 2010 2014

X5, HARIZIREERANY), =05 Lo MR IZ et 7 U i FF A 2 — o i R
R 2R 8¢ (University of Illinois at Chicago, fij#K UIC) HENLEI RINF #d7,
TR TR N LR GE L2260 A B OGBS 15 SO B R 24, ML 2],
/B Ve WA, HARTE S AL (NLP) &

il 8% F 2013 4E4H4F ACM SIGKDD [ EfE (201347 H 1 HE 201746 A 30 H) »
BT YR 2 HABR 12 98 T2 2 (4945 ICDM, CIKM, WSDM, SDM A1 PAKDD) ,
fh#8/F TKDE, TWEB, DMKD Z#H| &l F4%%: ACM. AAAI Fl IEEE {2+ (Fellow)

X EHIR T 2018 F3F SIGKDD €)## (Innovation Award) , X &4 12 3 03 i 1
BT, MBI S 18 3C ( “Integrating Classification and Association Rule Mining (KDD 1998) ”
5§ “Mining and Summarizing Customer Reviews (SIGKDD 2003) ” ) 4> #I3k75 2014 4£ 5 2015
SE RS [EIIRAL (Test of Time) »
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® Jorg Sander

Jérg Sander

HIEL =4 7343 B 60.94| N4l 26148 | B 90
2= Professor

I Department of Computing Science University of Alberta

Clustering Algorithm  Spatial Database  Sensor Network  Data Mining  Indexes  Energy Efficient  Projected Cluster

Hierarchical Clustering

|4 Research Interests

@ Spatial Database Clustering Algorithm @ Sensor Network
Data Mining @ Hierarchical Clustering
4’55—';5‘“% o
1973 1930 1990 2000 2010 2017

Jorg Sander, DBSCAN ByAGIIG N2 —, BRI OURTIRFE o AT /RIE IR
(University of Alberta, f&iFR UA) THENIEZREEZ, T 1998 F31F58 )8 BB AR EALR}
AL MR AR ESE: R E R, RIS EEE, W RL, EYE
B, BRI RENT . AR e b B 42 4 S B A B R

Jorg Sander Z#% 42 2 AN B2 90 AU T 14 5 A5 A (B34 IEEE TKDE, The international
Journal on Very Large Databases, DAMI, Information Systems, Transactions on Pattern Analysis
and Machine Intelligence, KAIS, JAIR, JMLR, VLDB, Machine Learning, Systems Man and
Cybernetic, PAA, Pattern Recognition Letters) o 4 4E25 — Jrit [l b ik 25 24 5 BRI 2 1)
WA EERILLZI#E, 2002 ACM SIGKDD AR & -5 i 12408 E R 2 B -

il 3R 2015 4 ACM A2 %, fibfE 183 “ A Density-Based Algorithm for Discovering
Clusters in Large Spatial Databases with Noise (SIGKDD 1996)” #1#& i ¥ DBSCAN %%, X
BT BB EEAE T BRI, HFCEORREET AN E LR —, XFIR
303K 2014 47 SIGKDD B [A] 1 3A2% (Test of Time) .

o mt#

Philip S. Yu (B1££)
gl 155 a4 24664 | [ 62.22 | Ba 102675 [ F 1074
&= Professor

I University of lllinois at Chicago

Data Mining Index Social Metwork Distributed Database Data Stream Databasze System Relational Databaze

Mobile Computer
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|#s Research Interests

@ Data Mining Index @ Social Network Distributed Database
@ Data Stream

1977 1980 1950 2000 2010 2016

fr s, REARIZIRSULZE N . A2 36 B HRITE R 2Z AL (UIC) 5L
Bl R, 1978 4E T WA KA AR TR 0. MAn RS h: BaEizd,
B A PRI R AT AR, B, SR RS, HIRMMNHMEAR, 28ERS, T M0 10
AL HE DL PE g A

A4t 42 ACM M IEEE Bt (Fellow) , ¥fH{E ACM TKDD F%i. ACM CIKM
ZWIRBRE AR BERFHIRET A, 5B RRSIR Wexler PHEEHFZ. N
A UIC Z i, ¥{E3&E IBM Watson #f 70710 TAE 24, A Tt 55004 5 1248 K 50ds
EIRER . Ahif % 4E4F IEEE ICDE #1 IEEE Data Mining 2> (35§ 14 i1, IEEE TKDE
Ex P

BRITE KRB A2 48 Rl DL I 240 5 TR Esg e J) it S A RHE ok, A b2 te 4o 3R
2016 £ ACM SIGKDD ¥ (2016 ACM SIGKDD Innovation Award) ; [KI#E K E#s i) af
P RERG . B, R S80S TR RURREE BT TR, 3R9S 2013
4 IEEE CS HiARBUM AL PRIERE 1298 S -6 14 1 5Tk, 3843 2003 4F IEEEICDM #ff 7t 51
BR3Z . SEAMbIE R 3k 2014 4F EDBT H [AJAG 2 (Test of Time Award). 2013 4F ICDM 4
A RS0

® Christos Faloutsos

Christos Faloutsos
" el 125 | [N 378.86| B3 222.92| §4 85039 | & 792
Ly preey

= Professor

A I Department of Electrical & Computer Engineering,Carnegie Mellon University

Data Mining  Social Metwork  Large Graph ~ Power Law  Range Query  Information Retrieval  Index  Graph Theory

s Research Interests

@ Data Mining Social Network @ Large Graph Power Law

@ Range Query
1982 1990 2000 2010 2018

Christos Faloutsos, % GEAREIEIZIE TR F 3 o A2 55 [H R R MEFE K 2% (Carnegie
Mellon University, & CMUD THEHIENE REAZ, 1989 4T Fd KRG 540, B
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Ty BAEIZYE . BE A vERe . A B AR, BIEEIEE, A S R e
il

Christos Faloutsos Z(#% & SIGKDD #/T7Z < m . ACM (FEFritENES) 0.
[EEE TKDE Bl £%%, %4{F 1999 4£ ACM SIGMOD i . 2003 4 ACM KDD FEJ# .

Christos Faloutsos # #% % 3% 1997 4 VLDB 10 i X % . 2010 4 SIGKDD il i %
(Innovation Award, HUHE 234 =220 2016 45 ICDM 10 SEix =52 i . i
#& SIGKDD 2016 1 f ££ W 4t & X “ FRAUDAR: Bounding Graph Fraud in the Face of
Camouflage” ME#E 2 —, XF R SCHF T Wl 78 F - 5 S b F e 50 v iRm0 vE e, St
TIEREE NS, LR G LTI . BRIbZAh, A 3R 1989 4 “HEMTER” ,
KREEERHFESERTHEFERF X R, 1994 4 SIGMOD HE1# 2. 2005
£F SIGKDD e AERF 7L 303 2006 4 ICDM 5 DTk 4

® Pedro Domingos

Pedro Domingos
B 77 N 004 BER O <4 36996 | L4 172
& Professor

I Department of Computer Science and Engineering,University of Washington

Machine Learning ~ Markov Logic  First Order Logic  First-order Logic ~ Markov Logic Network ~ Markov Network  First Order

Satisfiability

|8 Research Interests

@ Machine Learning Markov Logic @ First Order Logic
First-order Logic @ Markov Logic Network

——
1994 2000 2005 2010 2012

Pedro Domingos, VFDT SZB £ 4B 248 R gt lin N . 2 K% (University of
Washington, fF8 UW) THEANE#E TR RZIR, 1997 FT I K=K/ (University
of California, Irvine, [FK UCD 3R{5 B 5 ITHMB 2200 WS HLEs 22 SRk
W2, FIPRRFES], WLEWIRES ), PSSP, SARRRAR, KBNS,

Pedro Domingos ##% /& AAAI 21 (Fellow) « #l#%2% 21} T] (Machine Learning journal)
FIgmiEZR R 0 . B B2 2% 21 % (International Machine Learning Society) A G146
N. EAE SIGKDD 2003 B /% SRL-2009 B /% . JAIR & 4, 7 AAAL, ICML,
IJCAI, KDD, NIPS, SIGMOD, UAI, WWW %3l H 23 51 ST 5.

Pedro Domingos #(#% 1 3k SIGKDD 2014 f/i#%% (Innovation Award, #5474 St &
35D . SIGKDD 2014 83 5tk % . SIGKDD 1999 i HEFERIHT 7T 16 0%, 115 Geoff Hulten
)13 “ Mining High-Speed Data Streams (SIGKDD 2000)” % 3% SIGKDD 2015 i a] il i %

(Test of Time) , ZIRICHEH / VEDT X —SE Bl im 248 R 40, H T HRE A BEA Wr g 1<
MR ISR . BRI Z Ah, fhid 8 3k 2015 4F55 =1 PU @ E bR N TR BRI A 2 A R S0

88



2009 4 HARTE 5 B THE S WERAEIR ST 2005 4855 U WO Bl 2 ARk LR 3L S
KRS BUREIR I,
® IRt

Xiaowei Xu (REF)

N 31 | ¥ 0.03 | 8 0.02 | g4 19117 | §:4 81
&= Professor

I Information Science Department,University of Arkansas at Little Rock

Data Mining  Clustering Algorithms ~ Complex Network  Bioinformatics  Social Network  Support Vector Machine

Microarrays  Clustering

|#a Research Interests

@ Data Mining Clustering Algorithms @ Complex Metwork
Bioinformatics @ Social Network

o ™ T
1995 2000 2005 2010 2015

Xiaowei Xu, %% 1R AEHE DBSCAN BlIG N2 —. A2 SEEBTE RN IR
43 #% (University of Arkansas at Little Rock, &% UALR) {5 BRI R#dZ, 1998 FT4)8
M (Ludwig-Maximilians-Universitit Miinchen, f&j#8 LMU) $AGiHH LRI A 1 £ 2240 .
WU BIEIETZYE, EESMEERZE, % KM B S B AN E B 5.

Xiaowei Xu Zi#Z IUAT E KB AHF 0 (NCTR) ) ORISE ZLUfitft 7 i1 %I a5
f£ SIDKDD 2015 1+%IZFE 2= il bt .

fl 3L “ A Density-Based Algorithm for Discovering Clusters in Large Spatial Databases
with Noise (SIGKDD 1996)” [{E#& 2 —, 1% X3k SIGKDD 2014 i [E]iR24%, CAR$EH K
DBSCAN SVEN 5 T3 B SR8 T BERIISENE, I C Oy B EE T A 2
A2 —, kT 2018 4F 9 F 3 AMiner 5| FTRECA 12870 IR % HIAE 4 FDA T atBioNet,
— AR A S MR B AL B RRY R, 2% AR T LA A B 2% i T AL

® Hector Garcia-Molina

A_ Hector Garcia-Molina
b fd T 130 | [¥3520| B 131 | [ coe70| [ 618
i, J 2L 5 P

‘ { & Professor

¥ r
T s I Stanford University
i ]

Digital Library Distributed System Computer Science Database System Web Page Indexes Distributed Dratabase

Data Warehousing
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s Research Interests

@ Digital Library Distributed System @ Computer Science
Database System @ Web Page

1978 1990 2000 2010 2016

Hector Garcia-Molina, PZ8EES2HR TIN5, 78225 N Ak =6 1R &
2, At HTIHAR KA E AR A AR LR R IR, 1979 FF WitH s K223k 18 1 5L
Bl LA, MR : At RS S BB REdE E R4 .

—4=

a

iR ETENL S (ACM) BHFE G, REZARS RSB (AAAS) Bt 7Ly, e E

F LR (NAB) Bt 23BN TR s L, AELSSRERHARENEZRE

(PITAC) 1 571« Onset Ventures [ XU 4% % i [7] . Oracle 5 F 43 % i « State Farm Technical
Advisory Council IR . At 8 FAAEZ SRS B 46 N\ /R 35 A0 R 1) T ] o

B I SC “ The Evolution of the Web and Implications for an Incremental Crawler, VLDB
20007 3£ 2010 VLDB 10 fFi AR 3CH, WHFC T AT/ A s B, 454 7 mEmBt
ThkEE, SR TR TC AR S . EAMibL IS 3R 2009 SIGMOD #ix f£1#75 2. 2007 ICDE 3
Wi JJ 3% 1999 ACM SIGMOD G4 .

® Duncan J.Watts
Duncan J. Watts

HE A 34.00 | M 22.16 | N 90433 | B 145
&= Principal Research Scientist

i Microsoft Research

Social Network ~ Developing Country Mathematical Model Waste Management Infectious Disease

Social Science Nature Caooperation

i Research Interests

@ Social Network Developing Country @ Mathematical Model
Waste Management @ Nature

1976 1980 1950 2000 2010 2016

Duncan J.Watts, < W3R RXZIHENIEE RBGEL, 1997 T RS IR KRN H 1%
T2 A o AR TR : BTE A 248« B 2 1 Re VP AL« AR AN s E I R 51
BAETZH .

Duncan J.Watts #(#% /& Microsoft Research [ W 7t 51, /& MSR-NYC 256 = (1) 4]
UR AR o AR A BE AR ZR K21 AD N #3% (AD White Professor) » 7 2012 % Jji A\ Microsoft
Research Z Hil, T~ 2000 £F 2 2007 4EEEHE LUV A R 222 BUR, 2 IR AERERIEAE T
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FEWERRLER . A SIS A E PRSI T, W ACM SIGMOD. SIGKDD 2013, i i 3k
2014 FIR I E B AL B AN, 2013 R H - CRT 4Rl R4,

® Padhraic Smyth

Padhraic Smyth
s ’ §) 82 GV 56.52 | el 30.50 | B4 66746 | 346
= Professor

I Department of Computer Science, University of California,lrvine

Diata Mining Mixture Model Probabilistic Model Hidden Markov Model Machine Learning Unsupervised Learning

Data Analysis Pattern Recognition

|} Research Interests

@ Data Mining Mixture Model @ Probabilistic Madel
Hidden Markov Model @ Machine Learning

1988 1950 1995 2000 2005 2010 2014

Padhraic Smyth, &2 MM K2EZRK /01 (University of California,Irvine, & #% UCI) 18
BSTFEVIE S RE82, 1988 FE3RAFHIMNINEL T 22 Bt 42247 . A wF Fe s : HlLas s
XN V€/ K ok 111N V€778 21| NI VA £ 0 i

Padhraic Smyth #(#% /& H prit H %2 (ACM, 2013) H5EE AN TE S (AAAIL
2010) &+ (Fellow) , i {E 2014 4 UCI HdlE Bl it R A1 GE 2 (2007-2014)
Netflix Netflix 223 5% 28 (1) AR A (2006-2009) « MFEE it 49 m5e < HEHESL 5 % (Jet Propulsion
Laboratory) HIHARHAK (1988-1996) , & FHAT Machine Learning Research. ASA. TKDD
ST R g AT ER AL, f S eBay, A2, =8, HE, HETA AT&T %AFIE
H1E.

fih ¥ 3% SIGKDD 2009 13 %% (innovation award) , X /& B 2 4 ST 1) e i 22 0. R
24k, ik 3K SIGKDD 2002 HefEi8 303, 2001 IBM # 51 & 1% . SIGKDD 2000 # 1
WIS — 4. SIGKDD 1998 f 18 3 35S — 44 . SIGKDD 1997 H £33, 1997 E X F
2FE G 2P (CAREER award) « 1997 UCI ACM #2¢3%,

He B SERT A H A 2B A
® Wei Wang

Wei Wang

f 78 | ¥ 311 | BN 1.16 | B4 28030 | § 770
2= Professor

I University of California

Data Mining  Partial Discharge  Aging  Index  Genetics  Electrospinning  Gene Expression  Spectrum
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|4 Research Interests

@ Data Mining Partial Discharge @ Aging Index @ Electrospinning

M\?’/

1987 1990 1995 2000 2005 2010 2015 2017

Wei Wang, Leonard Kleinrock JIM KEIE 2034 (UCLA) tHENLRF 2V EE R, 1T
TR (ScAD FAF. T 1999 F3RAF I KIS Rt RHURH A 2207 .
U 2 bR Ry K2R U L R BN R R, R P3G R 2R 0 A Lineberger
CEAEIE D ARG . M 2002 SEF 2012 4F, Al 1999 42 2002 4E 1] IBM TJ Watson fiff 7T
HL 7SN 53 Wang 191 I8 S0 B A48 KB 2 i, Bl az2 4, AmE B At 54y

Wei Wang 18 - & 3k 2000 451 2001 4 IBM & IR 2 , 2003 4 UNC Y #0M R 42,
2005 4 NSF Zm S0V & 8 (CAREER) #.. 2005 SE4 AT i AT 78 B Hr AR 201, 2007
£ UNC Phillip A1 Ruth Hettleman 2R 522 AR Bt %, 2012 4 IEEE ICDM 7 ik %52, 2013
FERNE S SR, 2016 45 ACM SIGKDD %% .

Wei Wang 181 % #H4F IEEE TKDE (F1iR 5#ls L2525 ) , 1EEE Transactions on Big
Data, ACM TKDD, KNOWL INF SYST, WIRES DATA MIN KNOWL, J COMPUT BIOL,
IEEE ACM T COMPUT BI, IJKDB ] associate editor (F|F%%) ; INT J DATA MIN BIOIN
1) editorial board member (JRZLf% 1) o Hh B RS H R M RIZE RS, e
A HF ACM SIGMOD, ACM SIGKDD, ACM BCB, VLDB, ICDE, EDBT, ACM CIKM,
IEEE ICDM, SIAM DM, SSDBM, ISMB, RECOMB, BIBM. It} 2015 E4i% N ACM
Bioinformatics. Computational Biology (iT5/E4)%2) F1 SIGBio (EWIEEZAE B 25D Rl
BN EFE SRR

® Thorsten Joachims

Thorsten Joachims

B 77 | EaN81.93 | =l 36.95| E 82680 | §i 221

&= Professor

I Department of Computer Science and Information Science,Cornell University

Support Vector Machine  Machine Learning  Information Retrieval  Search Engine  Structural VM Implicit Feedback
World Wide Web  Language Model

|#w Research Interests

@ Support Vector Machine Machine Learning @ Information Retrieval
Search Engine @ Structural SWVM

e

1094 2000 2005 2010 2015 2018
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Thorsten Joachims, %% 5| 8k H EHED)H . 2L E R /KK (Comell
University) THRENLENE REER, 2001 4T 2R 5 T RK223R Al-unit 422407 i EHt 5
GUECH: ML 2T, NFAT R I EaR AR R, MRS EE, HEEEE, NSEEM
KE, HEIMNER T HE Propensity SVM-Rank. POEM. 53 5LiFAh 5223,

Thorsten Joachims Zd% I E ACM. AAAI 5 Humboldt fj<=+ (Fellow) . 5 534
K 22 1) Geoff Webb #i #% J& [A] #H /£ SIGKDD 2015 f£ ¥ & i & X%, % 5 Johannes
Fuernkranz #(#% 3 [F4B4F 2010 ICML #2 7% 51 2= £, & £ IMLR(2004 4-2009 4F).DMKD

(2005 4:-2008 ) MLIJ AT g%, JAIR i in) 23 51 23 A

ft ¥ 3% 2017WSDM A1 303 . 2009 ICML e fEH4EE 2, i “ Optimizing
Search Engines Using Click-Through Data (SIGKDD 2002)”3k SIGKDD 2015 H [H] £l 22 ( Test
of Time) , WICASeHEH 7@ 4240 R FH FH - o o AT 42 v 48 2R 5] e 2 SR ME R %2 11 )7
5, ZITEBUR T — R 5 9% TAER R R I RO H T2 AR FE 5 b 82 51 3R 1) A\ 2
fili i . EAMEIE ¥ 3R SIGKDD 2016 fefE 5 AR SCREZE . ISMIR 2014 FfE 5 AR 105303,
ECML 2009 f 18303, ICML 2005 L 3,

® FEamonn Keogh

Eamonn Keogh

)| 81 W 13506 | |8 93.68| 4 31832| I 286
£ Professor

M Computer Science & Engineering Department,University of California Riverside

Time Series  Data Mining  Time Series Data  Indexation  Dynamic Time Warping  Similarity Search  Anomaly Detection

Euclidean Distance

|8 Research Interests

@ Time Series Data Mining @ Indexing Time-series Data
@ Dynamic Time Warping

1993 1995 2000 2005 2010 2015 2018

Eamonn Keogh, I [8] 7 F1| U T2 2735 o At A2 I K 243015 40 12 (University of California,

Riverside, fii#% UCR) THEHLEIEE T REHL, 2001 4 T I0F 48 JE WK 5 BR S 4 ke

(University of California, Irvine, f#K UCD RiHHENFL A L2 0r . BTy : (6]
Hl. BdETZ R faguh. Zhase . AR BRI,

Eamonn Keogh #(#% % 3 2017 IEEE ICDM #1234, 2007 IEEE ICDM # {1t 34,
i & 1 3L “ Searching and Mining Trillions of Time Series Subsequences under Dynamic Time
Warping ” WI{E# 2 —, 3k SIGKDD 2012 fAEWR . BRItz AMiid & 3k SIGMOD 2001
fE1R3CH . SIAM SDM 2010 s, 5 Bilson. JCDL 2009 % /E i3 SIGKDD
1997 HAEWRSCRE
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® Rakesh Agrawal

Rakesh Agrawal
2 105 | [ 8004| (S 57.51| (2 115473 | [ 778
&= President

M Microsoft Search Labs

Data Mining  Database System  Energy Conservation  Information Retrieval  Relational Databases  Transitive Closure

Association Rule  Thermodynamics

s Research Interests

@ Data Mining Room Temperature @ Database System
Energy Conservation @ Association Rule

1965 1970 1930 1990 2000 2010 2017

Rakesh Agrawal, & Bl 240 LS AR T R OGN, FHA 7 208 FaAL 1) oG
Wi o a2 Data Insights S50 2 IS EHAN A6 IR 05250 SR F0 01, 1982 4T gl B
KA FZ1H I3 (University of Wisconsin-Madison, f#i#8 UW-Madison) 1T E AR} 15
T2 BRI BORIZIE . BUEEE RS, B ERR. REGEN. HIREREA . 2R
A IBM L B i #2457 i Intelligent Miner. DB2 Mining Extender. DB2 OLAP Server.
WebSphere Commerce Server. Polyglot [l [FI % SR R 45, Alert F314dEE R4 . Ode (X}
FEAEPEANIALT) . Alpha CHATIE AL S AR K REHE R FE) |« Nest MM NR S

Rakesh Agrawal {82 356 [ [H 5% T.FEF¢ (NAE) Pgt:-. ACM 4+ IEEE &+, ¥ {f IBM
B, JF7F IBM Almaden Hf 78 H.00 %1 F Quest /M,  (FBl2=32E N (Scientific American) )
W A 50 FLTRARFH KRR AR LK.

Rakesh Agrawal 18 /& R OCHCHIN, 4248 5 51155 J7 10 18P T4, 3K 2000 SIGKDD
B () , & “ Order preserving encryption for numeric data” 5 “Mining association
rules between sets of items in large databases” (W5 —1E3& , XL L0015 2014 4T 2013
AE3R SIGMOD B [ o Btz A1, Athids 8 3K 2000 ACM-SIGMOD Edgar F. Codd G132
2004 VLDB 10-Yr ¢ & 501 /118 3% . ICDE 2008 i 500 /18 30K

® Wynne Hsu

Wynne Hsu
H A 23 42,00 B8 0.81 | B4 18446 | 34 250
& Provost's Chair;Professor

I Department of Computer Science,School of Computing, National University of Singapore

Data Mining  Indexation  Association Rule Mining = Association Rule | Data Structure  Experiment Result = Feature Extraction

Data Cleaning
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| Research Interests

@ Data Mining Indexation @ Association Rule Mining Association Rule

@ Data Structure

. . ol

1939 1995 2000 2005 2010 2016

Wynne Hsu, BIHE | B 228005 12 48 U8R T2 oM 272 o b B in g |6 37K % (National
University of Singapore, &F8 NUS) THHEM B ERHEL, T KRS (Purdue University)
RS GTHREN TR LA B aUssy: Bdaizd, MR ERGEYE, AR PR
o IEAEREAT I H NEESE AL HEAZ AR

Wynne Hsu Z{ 4% % 1T 2013 VLDB [ &l & 4% . 2010 ICDM [0 58 22 @Il £ % . 2011
SIGMOD 2T ZE 225t~ 2010 COMAD IFE /72 2 it . 2001-2009 4 SIGKDD (1)
PR ARG 2009 ICDM HIFEFF R A2t o BRILZAh, Wil S H8AE 2 DR 42 41 40
AW &R R4, i1 DASFAA, SAC, PRICAI, DEXA, ADMA, PAKDD.

Wynne Hsu Z4% 5 5 R v G K 2% 2N 8F 5382 1) %1 £\ LinkedIn 22 7] ) Yiming Ma &4F 1
3 “Integrating Classification and Association Rule Mining (KDD 1998) 7, 1% 33k SIGKDD
2014 I [AIREPI 2 (Test of Time) , W ICHSGIR U |8 G SRIBCHI N AN 73 S AR 090k 35 Bl Bds

2 RHBAR, ZITEBUR T — R E K TARR AR

® Mohammed J. Zaki

" Mohammed J. Zaki
[ 5 69 | F¥73.58| 5 51.68] I 20084 [ 320

ﬂ &= Professor
- - I Department of Computer Science, Rensselaer Polytechnic Institute

Data Mining  Association Rule  Sequence Mining  Knowledge Discovery  Association Rules  Computer Science

Association Rule Mining  Gene Expression

|8 Research Interests

@ Data Mining Association Rule @ Sequence Mining
Knowledge Discovery @ Association Rules

1995 2000 2005 2010 2014

Mohammed J.Zaki, SCAIZHR. #1258 M2 5 4EY)(E B A2 IR U0 TR 75 . i
AT B T K 2% (Rensselaer Polytechnic Institute, &i#% RPD 1HENLEI# R #HZ, 1998
FETZ YRR S (University of Rochester) 3RTHEANLRM A L2247 AR 70880 B
AR FZ I8 MBS 7 ST BORITT R, FEnRAE SCARYZ S8, LA S AAEY(E B N H

Mohammed J. Zaki #(#% s& BIOKDD Z ¥ iff i+ 2 i 8] 45 B¢ & £ % . Data Mining and
Knowledge Discovery [{J&] 344+ ACM SIGKDD [ # H 4 i« ACM 7 B4 5 A1 IEEE #f
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5T 71 o Al % /£ CIKM 2018.IEEE Big Data 2015.ICDM 2012.CIKM 2012.BIBM 2011.SIGKDD
2009 PAKDD 2008. SDM 2008 [T H Bt & 3 JiE . Atk ¥ 0 4F SADM ) [X 35 9 %5 A1
ACMTKDD. DMKD. SADM. IEEETKDE %5 #] T[] E 4. A& 2014 FF SIS H R H
FIR P A 472 408 R 43 B BB BRI 3

fBAE 2010 F. 2011 A1 2012 F =R EEQH A, 2003 F3H A ACM kRS %,
2002 F3R1F REVF IS HATRMY B R HE AT 3, 2001 3R E K RHE a2 TR AL,

® David Kempe

David Kempe

= 2l 35 N1619 | EN O 4 13140 | & 93
& Associate Professor

M Department of Computer Science, University of Southern California

Social Network  Polynomial Time = Approximation Algorithm  Price Of Anarchy ~ Mechanism Design  Spanning Tree

Uniform Gossip Network Size

|aw Research Interests

@ Social Network Approximation Algorithm @ Polynomial Time

Game Theory @ Fault Tolerant
5 ﬁ Y

1901 1920 1940 1660 1930 2000 2016

David Kempe, #1538 /2% HR47 48 GUS K 8, FEA . M2 mM K% (University
of Southern California, &#% USC) tHHEMNEL ¥ REI S, 2003 F T HEZ /K K% (Cornell
University) SRIFEHIBN A 5060 AR SRR v LR BRI S 1K e vk A 4y
BT, RERIBRIAAESNES, SRR R X 38, DL LS > .

David Kempe {1 5 Ilias Diakonikolas & E4H4E: 2018 STOC KX E )%, 5 Shaddin
Dughmi #1 Hamid Nazerzadeh 3t [6] £ £F 2015 £ NEGT.

David Kempe 18 -+ 5 B¢ %3 /R K 2% Jon Kleinberg. Eva Tardos ) “ Maximizing the Spread
of Influence through a Social Network (SIGKDD 2003)” 3£ SIGKDD 2014 B [A] £ 2 (Test of
Time) , 1% a4k AE W 28 Hh 52 e 7 dge R Ak Il @ 9 ) LR o A, FLAE ey BuE] 1
SRR AZ R ) L B R RE AR AR TR PR, I S R T T AR SR A 7 BRAR SCHR . iR 3R
ACM-EC 2014 fizf#1& 3% . SIGKDD 2003 £ ££18 303 Bt 2 AMilid 5% 2011 £ ICML 2011
FRUARHI IR 2009 FRFINMN KA KA FIT . 2008 FiRFEMN TP AET
WHFE 4. 2005 4F NSF HRME 245522731
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® Inderjit S. Dhillon

Inderjit S. Dhillon

77 =N 299.26 | [ 18442 | N4 32302 | N4 272
& Professor

M University of Texas at Austin

Clustering  Machine Learning  Eigenvectors ~ Objective Function  Eigenvalues K Means  Tridiagonal Matrix

Graph Clustering

|8 Research Interests

@ Clustering Machine Learning @ Eigenvectors Objective Function
@ Eigenvalues

1904 2000 2005 2010 2015

Inderjit S.Dhillon & {8 v §% 7 K 2% BT T 43 K (University of Texas at Austin, i
UT-Austin) THEHUENE REE, 1997 4 T 5 A N JH K % (University of California, Berkeley )
A E R 260 AR SR HLERSE 2], HORIZI0, BUE 2 AR, BuE ik,
W2t o, SR HATH — iRy sS4 8EE o, REAE T -6 J7 ik,
FEIZ WR 2% 73 v 5 25k R s 0

Inderjit S. Dhillon #(#% /& ACM. IEEE. SIAM. AAAS &+ (Fellow) , UT Austin
) Gottesman Z % H 4%, RN FHAF ICES KREHE /- #r OB FA4E . A9 S b (¥ = 2L it 5t
7o ®4T JMLR 4iZ . IEEE T PATTERN ANAL % SIMAX %i#H. (Foundations and Trends
in Machine Learning) %% .

Inderjit S. Dhillon # 4% [f] “ Scalable Coordinate Descent Approaches to Parallel Matrix
Factorization for Recommender Systems” 3k ICDM 2012 F 18303, Ahid 83K ICES 2013 7%
72, SIAM 2011 Z3H8 0%, 2010-2011 Moncrief Grand Challenge #%, SIAM 2006 2k
PEAREEE, 2001 KT 5B AT 2001 NSF Bk,

3.2.2 EHERREER N

PLF 2 H4E7E SIGKDD R R e XI5 HEHA SERT 1 2EE . A, fird2 . Christos
Faloutsos Fl 5 50 = 5 7R AR 4298 & B o s b g ol 7R Koamik, bL— o4, &
AR,
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Jure Leskovec

h-index: 84 | #Paper: 225 | #Citation: 48493

& Associate Professor

¢ Department of Computer Science, Stanford University

Social Network  Information Cascade  Information Metwork  Social Media  Recommender System

@® 2973 views

Philip S. Yu (&it#) @
h-index: 154 | #Paper: 1051 | #Citation: 101868

& Professor
®  University of lllinois at Chicago

Data Mining Index Social Network Distributed Database  Data Stream

@ 32105 views

Christos Faloutsos

h-index: 125 | #Paper: 792 | #Citation: 85039

& Professor

¢ Department of Electrical & Computer Engineering, Camegie Mellon University
Data Mining  Social Network  Large Graph  PowerLaw  Range Query

@ 28810 views

Yehuda Koren
h-index: 53 | #Paper: 121 | #Citation: 20592

& Staff research scientist
? Google

Collaborative Filtering  Graph Drawing Recommender Systems  Recommender System

@ 048 views

Jiawei Han (8:% 1)
h-index: 176 | #Paper: 1225 | #Citation: 194188

& Professor
¢ University of lllincis at Urbana-Champaign

Data Mining  Relational Database Index  Association Rule Data Cube

@ 93782 views

Jie Tang (BE7H) @
h-index: 53 | #Paper: 269 | #Citation: 10867

= Associate Professor
® Department of Computer Science and Technology, Tsinghua University

Social Network ~ Semantic Web  Social Influence  Topic Model  Data Mining

@ 16370views

98

Data Visualisation



Carlos Guestrin
h-index: 66 | #Paper: 196 | #Citation: 24948

=N

= Professor
¥ Department of Computer Science and Engineering University of Washington

Sensor Network ~ Wireless Sensor Network  Graphical Model — Gaussian Process  Optimization Problem

@ 951 views

Gionis Aristides
h-index: 57 | #Paper: 214 | #Citation: 16717

= professor
¥ Department of Computer Science of Aalto University

Data Mining ~ Social Network  Search Engine  Social Networks  Clustering

@ 3208 views

Huan Liu (317

h-index: 92 | #Paper: 358 | #Citation: 38578

= #HiE

¢ Computer Science & Engineering, SCIDSE/SCI Arizona State University

Data Mining  Feature Selection  Social Media  Social Network  High Dimensional Data

&® 23409 views

Jimeng Sun
h-index: 54 | #Paper: 216 | #Citation: 10331

= Associate Professor
¢ School of Computational Science and Engineering at College of Computing, Georgia Institute of Technology

Machine Leaming  Predictive Modeling  Visual Analytics  Dimensionality Reduction ~ Social Network Analysis

@ 3005 views

® Jure Leskovec

Jure Leskaovec
G ss | [ 260.52) B 17187

& Associate Professor

M Department of Computer Science Stanford University

Social Network  Information Cascade  Information Network  Social Media ~ Recommender System  Machine Learning

Mew Media  Degree Distribution

|8 Research Interests

@ Social Network Information Cascade @ Information Network
Social Media @ Machine Learning

2002 2005 2010 2015 2018

Jure Leskovec J& H04f 248 N 5 TH I TH9e 238« WidHAs K2 BB KRB #0%, 2008
T3 E Rl FEMERE K% (Carnegie Mellon University, &% CMU) SRIG1HE AR £ 22 BEAL
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] A AL WA KBRS FI(E B X 2% R Bt 42 S A A, R 2% 5 48
&

Jure Leskovec | #{#% /& Chan Zuckerberg Biohub [{IHF 7T f1 . A& SIGKDD 2017 fief 24
WS EN TN, 2 “Toeplitz Inverse Covariance-Based Clustering of Multivariate Time
Series Data” Y% 2 —, 3% SIGKDD 2017 S fEWF iR SO % s fli/& “ Modeling information
diffusion in implicit networks” Y% 2 —, 3K ICDM 2010 /£ 18 L3 Mg “ Graphs over
time: densification laws, shrinking diameters and possible explanations” 1£3# 2 —, % SIGKDD
2005 AL MWL L. BRibZ 4k, ABiE7E IWRPM. SIGKDD. WSDM. ICDM. WWW %
AT Wb 2 K3k, 1 SIGKDD 2010 FERT SRR TR E . TWRPM 2008 T
FEMER L. SIGKDD 2007 i 24 1630

® Yechuda Koren

Yehuda Koren

=l 52 A I S IR 4120198 | 4 121
&= Staff research scientist
I Google

Collaborative Filtering  Graph Drawing  Recommender Systems  Recommender System  Data Visualisation  Data Mining

Directed Graph ~ Multidimensional Scaling

|#a Research Interests

@ Collaborative Filtering Graph Drawing @ Recommender Systems
Recommender System @ Data Visualisation

1984 1990 1995 2000 2005 2010 2014

Yehuda Koren, #E#ERGAIRAITNRFI K. T Weizmann Institute (% 2 BHE B
WA ENUR B 2 AR Ly : RS (recommender system)  Z(HE2 4
| I S K A

Yehuda Koren 18+ Google (&= 7L i1 (staff research scientist) , JLAT, AthJifE
Yahoo! ] = it ¢ i (staff research scientist, 2008-2012 %) , AT&T Labs-Research FIHF 5T
RS FEEN G (2003-2008) . fififE SIGKDD. ICDM. RecSys. WSDM. CIKM ()& 2% it X
Z2 014> (senior program committee) i 71; IEEE TKDE 1 ACM TIST 4% .

i /1 18 3L “ Factorization meets the neighborhood: a multifaceted collaborative filtering
model” 3K SIGKDD 2018 B [E]#E%% (Test of Time Award) , ZiE XHH T — A HE—11
HEZR, R AT R 58 IR A A (BRI ARy “ MRS ) A4S &, MRl Fh s
VRIS AR RS I AR5 JR AL R 5% SR I B 8, T A BT A R U B 2 Rt At o
5K 28T T H R AH QB AR S50 . B3 A RADIRAE E RS R S A B 7 40 4] A
7E Netflix Prize competition ¥ /X i f3 progress awards, & Netflix Grand Prize 2% [P\ 1) % 72
B3R 2011RecSys FE 1303 . SIGKDD 2009 HH: 18303 INFOVIS 2005 i i 30,
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Jie Tang (B

el 54 | N 17159 = 63.02| ) 10959 §4 312

& Associate Professor

I Department of Computer Science and Technology, Tsinghua University

Social Network  Semantic Web  Social Influence  Data Mining  Topic Model  Predictive Model ~ Recommender System

Ontology

| Research Interests

@ Social Network Semantic Web @ Social Influence Data Mining
@ Predictive Model

1999 2005 2010 2015 2018

BEZS, AMiner KYUEF GIIBFRE, SORHM SRR E R . MRIER T
BURKE SHOR REOE . RADIM A R AT, 2006 4 F IR IR SHOR T2
L. ARRTFR s HER AT, SUEAEIRAIE X Web.

fli k3R T 200 Z R/ 280830, A 20 TLH], ol 7k 10,000 B9 H . Al K
&t T B U ) S P e 2 TP 8% R AR A 2 X 2 S g 3 BTS2 s X Web 5 B AN A
R, PR 2T RO TE AR TV R T DUt SR 1K) 22 SRS A AR SR 57, A [
PrvPll OAEL H 3145 Z R — LTS est. BRI ARIE R R4 AMiner RS H H O E 5%
180 NMEZE . IR ILAES IBM. Google. Nokia. #1452/ EBr&EFeLA/EDTH
HfS B N

JEAR SR EHAE CIKM'16, WSDM'15, ASONAM'15, Soclnfo'l12, KDD 2018 gl /¥,
121 KDD'11-18 B:4 %, IEEE TKDE / TBD gl £ 4w ) PC B4 £ &A1 ACM TKDD / TIST.
b ¥ 2 B 5 vh SORT ] B ARE 5 A5 AR ER 61 E -

JEAS EAREAR 290 T 25 KDD2018 AN AR5 3. 2018 Lt BHE BRI —S53K, 2016
AMiner HHE 12 98 438 B B 52 1124 (2016 AMiner Most Influential Scholar Award in Data
Mining) . 2012 fFEEZF M HHFER RS 2011 bt RHEH 2 . 2011 Scopus 4 [H &5}
HZ B, 2010 FEEHERR PR AN GEEFFEZINH Bm 2 ARRZ) | 2010 4F IBM 42
ERBIHT #0M 2 PL A2 ECML/PKDD'2011 Best Student Paper Runnerup 2F- il /5 2 % 2% 4> . CCF
HAERIFF A NSFC B HFEFE K.

® Carlos Guestrin
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Carlos Guestrin

| B8 A 100.12 3 26.08| | o 24948 | J 196
&= Professor

Il Department of Computer Science and Engineering University of Washington

Sensor Network Wireless Sensor Network Graphical Mode! Gaussian Process Optimization Problem

Walue Function Mobile Robot Sensor Placement

s Research Interests

@ Sensor Network Wireless Sensor Network @ Graphical Model
Gaussian Process @ Optimization Problem

g

1998 2000 2005 2010 2015

Carlos Guestrin &V LML 28 % 31 65, A WA K E %0, AR N
R R 2E R BRI AT R, BRI B ANLES 3] o AT T 17 R B AL LS L% T
AL AR N2 . Graghical B8, = B FEANHLAL i)

Carlos Guestrin FRAFREVF 2 £ AT 2T, SEE CORAREL ) 25 38 B Rt 1 “2008
FEARBFERHAA Z— 7 3RS IE IR SIGKDD B 18 X3, 7352, 5 Dafna Shahaf
G 1ERIE ST “ Connecting the Dots Between News” 34355 16 it ACM SIGKDD 18 50 %
WX “ Cost-effective Qutbreak Detection in Networks” 31355 13 J&i ACM SIGKDD 3843 ) i ££
WK,

® Gionis Aristides

Gionis Aristides
el 57 L 142,11 S 3?:99 = | 18717 = 214

& professor

i Department of Computer Science of Aalto University

Data Mining Social Metwork Search Engine Social Metworks Clustering Large Graph
Satisfiability Algorithms

|t Research Interests

@ Data Mining Social Network @ Search Engine Social Networks

@ Clustering
1996 2000 2005 2010 2016
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Gionis Aristides A& [T /R¥L K2~ (Aalto University) iHSEHNE 2 R — L #3%, 72 EIT %
FHRARRLE T G, 2% DMKD A TKDD F) 45 % 53 o A FROBITF 7T AT e B0 42 3 A1
ERAE T, TR EERE R 3T WL o B R 28 AR B H RV

Gionis Aristides #(4% ¥) 1A FL55 18 3Bk 2018 4F IEEE [ Fr&dii 4248 K2 (ICDMD 1K
%, Mhal HERZ L 2 “Reducing Controversy by Connecting Opposing Views” , TEIXFs
WICH, Gionis Aristides FJi T FILHIAEA A BEAR ERIN -

® XXX

F#% (Huan Liu)

82 L 113.85 ﬁ 13.34 " 38578 | B . 358
= s
i Computer Science & Engineering,SCIDSE/SCIArizona State University

Data Mining Feature Selection Social Media Social Metwork High Dimensional Data

Machine Learning Empirical Study Feature Extraction

|#a Research Interests

@ Data Mining Feature Selection @ Social Media
Social Network @ High Dimensicnal Data

-_._--“.-—-' :
.

1995 2000 2005 2010 2015 2017

XU, K EWFSEIBHNL R FHAES TR, GEXS5RERG TRERER. A8
VT B RS R, 1985 4F Fi £ 32 [ R 1/ K2 (University of Southern California)®% >,
AT T RN KA B BATURE 2 A - 2 A 25 7 Ath B B RORIE 72 7 1) 2 BN L8824 5T
EACTTE a1 Ao 2 SR =

1 T-fth /£ Data Mining 1l Knowledge discovery J7 Tl [ 5% tH TT#k , 75 2012 4E 4% 4T 7 4 IEEE
Fellow. 7£ 2018 4F 12 H#], ##i% A~ ACM Fellow. 2018 4 12 A f), #i% N AAAI Fellow.
FINIE AAAI Fellow B 22 E HAPALIEN, XIREEZE 2L F—14.

® Jimeng Sun
Jimeng Sun

3 3 sa | [l 12185| [B 8135 3] 10331 B 216

o
.\ = Associate Professor

i School of Computational Science and Engineering at College of Computing,Georgia Institute of

Technology
Machine Learning Predictive Modeling Visual Analytics Dimensionality Reduction
Social Netwerk Analysis Data Mining Similarity Measure Feature Selectiocn
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| Research Interests

@ Machine Learning Predictive Modeling @ Visual Analytics
Dimensionality Reduction @ Social Network Analysis

f

19893 1995 2000 2005 2010 2015 2017

Jimeng Sun, Y6 B T 2Bk EAL- B I 20%, & 4F IBM TJ Watson Hff 78 H1 O 55 57
Al BRI 98 SIS B A2 AR A R AT, JCHRAEIR BE 2 2] T VA RS Pl I e A5 32 8 77 T

Jimeng Sun Rt 120 LR, BT 20 LWL R, 3K T SDM/IBM 2017 fEfE
BOVHF5E %, £E 2008 4E35153 T ICDM IFAEWI 98 30, £F 2007 4E3813 T SDM S AEWF 5t
WX, 1E 2008 4 KDD i 7%,

FoAhHE 2 SERT I 2 E A4

Chihjen Lin
T 71 | P8 a7 B o o 83123| G 157
= Professor

I Department of Computer Science and Information Engineering,National Taiwan University

Support Vector Machine Decompaosition Method Computer Science Linear Svm Linear Classification Linear Program

Learning Artificial Intelligence Logistic Regression

M Research Interests

@ Support Vector Machine Decomposition Method @ Computer Science

Lingar Svm @ Linear Classification
1988 1590 1995 2000 2005 2010 2015

M, FENL 3825 ) 532 5 AT A 98 BTk o At [ ST B 78 KA LR R I 2
2, 1998 4E T35 Bl K2k T Az s TR a7 . Mpgwt Fe it . HLass>]. Bk
298 5 5UE AL

MBI Hg A A BT T2 QEEE) 21 (2011) « £E A T8 #Eh<2 (AAAD
21 (2014) . EFRITFENS (ACM) 21 (2015) « ACM AR (2011D) &

fil 1 3% 2015 R e (Teco Award) . ACM RecSys 2013 frf:i8 3. SIGKDD 2010 &
IS, B NTU BB 3R 2013 4. 2012 4. 2010 4 SIGKDD CUP jE % .

HAF KRBT B AEE LIBSVM, & H BTN 5 72 B2 = HL (SVMD) 314, 4 google
scholar 4t E.4% 51 F L 18000 K.
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Xing Xie (§1F)

3| 73 | [G8 14806 | [ 63.58 20300 | [ 287

= Senior Researcher
I Microsoft Research Asia

Mabile Device Image Retrieval Trajectory Data Mining ‘Web Pages Mobile Communication Information Retrieval

Global Positicning System

| Research interests

@ Mobile Device Image Retrieval @ Trajectory Data Mining
@ Web Pages

2002 2005 2010 2015 2016

» Bt S5 N TR RIS E A o RO N B BUE W 7T 61, 2001
T ERHE R SRR T A 0 AR A S MR A2 . AL %
AT LS & T

3£ 2 ACM Fellow. IEEE Fellow MliT5 AL 2w 01, AT EIBCWAE R 5124820 3
ARG, P ERKF A SN, £ XKEE WWW. UbiComp. ACM
SIGSPATIAL. KDD %52 [H a2 7 & 22 . fild ACM TSC. ACM TIST. ACM
IMWUT. Geolnformatica. Elsevier Pervasive and Mobile Computing. CCF TPCI 2 E 4w 7
fhZ 58157 7 ACM SIGSPATIAL H1[H 532>, Ff & HH(E UbiComp 2011 K72 i 2 3L [
ESL

W22 IKAE KDD. ICDM FE T oW B3R 1R S0, I 4iBiE /£ ASONAM 2017,
Mobiquitou 2016 SocInfo 2015. W2GIS 2011 241 fif k4> R 2 .

o A%

Michael R. Lyu (25FE)
rl B85 8 190.31 ;-_'S 6140 | (4 32064 | 8 581
= Professor

I Department of Computer Science and Engineering, The Chinese University of Hong Kong

Software Reliability Computer Science Software Testing Fault Tolerance Fault Tolerant Web Service

Application Software Support Vector Machine

|} Research Interests

@ Software Reliability Computer Science @ Software Testing
Fault Tolerance @ Fault Tolerant
1980 1980 2000 2010 2015
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EVORIE, [ PR A TSR R R R ROR 2, AU R I S E
Mt s SO RNUR A S TR R R, 1988 £ TN K22 2 A2 AL B3R LR
A AT AT SRR TR ARG BT IRSHE. 2
A5 B R AL 85

H SR IR 4% /& IEEE Fellow (2004) . AAAS Fellow (2007) . Croucher Senior Research
Fellow (2008) , EZRHHHH /At “RILHE LRIV IR o MEI5L 7 &R
FICE HIB AL AR BOR S50 25 I AT AT o b 8 78 56 [ U HERE 256 %5 . Murray Hill JUR
SEEG % . Morristown JU/RIERATF 50 A ) TAE. fhid % 54T IEEE Transactions on Reliability,
IEEE Transactions on Knowledge and Data Engineering, Journal of Information Science and

Engineering [ 3 % o

o i
Jian Pei
TN 82 | W 2833 B 11.52] B 83630| BN 314
== Professor, VP of JD
il Simon Fraser University & JD.com
=/

Data Mining Synthetic Data Empirical Study Data Analysis Synthetic Data Set  Time Series

Data Structure Uncertain Data

s Research Interests

@ Data Mining Synthetic Data @ Empirical Study Data Analysis
@ Synthetic Data Set

1999 2005 2010 2016

W, RS I EFE AR 22 R, Gt SR R AR R BRI
#, DUERURER RS

TR DA BIE R . KEE . BRI A s E R G A, R B s
IS FH W E T R BT P R e M 45 7= it AR R B e AT B AR
b2 E BRI ML (ACMD Bt LA E RS B L M2 (JEEE) Fit, ACM

SIGKDD AL F %, ACM F1 IEEE Fellow . JINZE K 78 JF# ##% (Canada Research Chair, Tier
D .

RO BR 2 B mtt . 72 A0S0 75 TR A HH DTk, 6 (8 2 SR 400 B 2 U R AR R
WA %2 2017 ACM SIGKDD Innovation Award(ACM SIGKDD 2017 £l %% ) A1 IEEE ICDM
Research Contributions Award (IEEE ICDM HF R 7#k3) o LA 2015 ACM SIGKDD Service
Award (ACM SIGKDD 2015 75 RS:3)
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Qiang Yang (f738)
w92 SN 48.37 | Bl 4.92 | 440122 | i 511
M Department of Computer Science and Enginesring, Hong Kong University of Science and Technology EEREEAZFTENE

Data Mining = Machine Learning  Transfer Learning ~ Case Base Reasoning  Web Page  Support Vector Machine

Collaborative Filtering  Decision Tree

|aa Research Interests

@ Data Mining Machine Learning @ Transfer Learning
Case Base Reasoning @ Webh Page

~——

1988 1000 1995 2000 2005 2010 2016

Mok, N B BEWETC I [ & SN ZE N, 522 AR TR AL S s 1 24 H A A 55 A o
Bk, JCHAT LE A Dy [F N T RE(AD A B 1248 (KDD) A Fle 1 s 22 5] Az . 3L
AR BT TR AU B0 T HALREE A TRE 22 R A, REE WP, 1989
T B2 RERE I ENA A LA . M RIRT STy HLas 3] BEiz A B 3h M
Xl

¥isn#4% /& IEEE. AAAI. AAAS Fl IAPR [ Fellow, &5V /7 AHAIF 70 S48 =5 4G A .
i F 2013 4 7 H 4k NE RN LR (AAAD Bit, 2B —MRIRR RN, 25
N T 2016 4 5 HMik N AAAL PATERAZ R, REMBZES N IEME—K AAAL A
7%, 2015 4 IICAI K£x. 2010 4F ACM KDD K& ARZ ez F i (PC Chair) , PAK 2012
£ ACM KDD K&+, 2017 4 8 Al 41k A E PR N TR e A2 (UCAD , HEF AL
e AT 1) 37 o R TR E B 22 BOBE S22 FJE, 23— AiH4T DCAL B2 F B4 AR
%, (ACMTIST) HIFIAI (IEEE K¥¥E) HATIAIAI4E 5.

¥ 3% ® 3% Nokia MDC 2012 #§ 3 i& %5 . ACM CIKM 2011 ¥ RHE ¥ . ACM
KDDCUP 2011 $FZ% Filill 55 =47, 2005 ACM KDDCUP Competition jit Z= A (5 2005 55—
Jii ICAPS & 1E % . 2004 ACM KDDCUP Competition 75 4 A %25, %k SIGKDD 2016 7% H
4% (ACM SIGKDD 2016 Service Award) .

® RfEX

Xindong Wu (R1EZR)

i 56 | [ 28313 [3]194.64] [ 2 19803 [F 529

&= Professor

i School of Computing and Informatics,University of Louisiana at Lafayette

Data Mining Learning Avrtificial Intelligence Machine Learning Pattern Matching  Associated Rule

Computer Science Data Stream Feature Selection
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|8 Research Interests

@ Data Mining Learning Artificial Intelligence @ Machine Learning
Pattern Matching @ Associated Rule

R, H bR A BRI 7T 5 N 22, 0 2 BER IR AR I AN R A S ) g
TP FIAR R IR B2 ()5, DL ACHARIZIRE A SeAREAR e b SR &5 7 A H SR H
TTERk. 2 A AR Tk K= %42 . 4 S0W, 1993 &£ T 9 E % T 4 K2 (University of
Edinburgh) K3 N TR R LA, iR AUy REHE . Bdaizde . Plass
3. NTERES%,

RAGHEHIRZ [EEE. AAAS 14+ (Fellow) « EZFE “T AiHR” Nik#E. KLz,
RS HE A 7 B SRR R E R 2 W IR 2E T EAR 2 A 5 5 #% . Rz ESER
FHEBEA, it /& KAIS 3% IEEE ICDM 15 3% 71 2> £ . AI&KP 3% o il % 4T IEEE TKDE
T 4%, IEEE TCII ¥ Z& 43 /%, IEEE/ACM ASONAM'14. ACM CIKM 2010, ACM SIGKDD
2007. ACM/WIC/IEEE WI 2006. IEEE ICDM 2003, PAKDD 1998 %5 [ Br £ W (I FE 72 1 45
FIERE .

R AE REIZ 3K 2012 IEEE HH AL S H R332 (Technical Achievement Award)
2012 IEEE/WIC/ACM WI #1863 % . 2006 IEEE ICDM 75 H Ak 45 % (Outstanding Service
Award) . 2011 5 2005 IEEE ICTAI £ 3%, 2004 ACM SIGKDD 7 k%5 %% (Service
Award) -

3.3 Ho E WEEEFZIERT T

3.3.1 FHEZHEEME D

S PR B P2 0 R A R TS, ML IR E R R i 20 SRR R,
BIRFZ IR HIE L T —E H ORISR, FEAREMIAERIZE, 53 KK 1E
s o I Tk s SO B S BIEE S8 e P/ s % =S IRV e SO W TS 271 U TR/ e I
T T ORI ) 24 B PR A 53 2 >0 45 B8R 1 2 1) EEA o DL 1 /0 40 [ N 2 3 e i 2 9
SERBEE b0 OB ROR -

TEAY 22D, 1R ZE MR KIK A 78 T 2445 R IES: 2 U5k, BT8R
tMTFL )27 21 7514 o %775 8 S5 Z AT S AU FIRHAIE 1 98 R A RE R 7R, 325 T Group Lasso
(1 AR S A DA 45 IR AE 2 8], I DRI AR HE A2 AT 558

8 P. Gong,J. Ye, C. Zhang.Robust Multi-task Feature Learning[C].Proc. KDD 2012. pp.895-903
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TE R I BTIDE B A5 N BT 0TS IR SCAR 4338, S S 3 2 S 7R 12T A AL
S5 G T AN F B IR BVRFAE, B 2 M 2 D5 Rl R SRR 9 X 2 A AREAE, AT R
R AT E3%2T .

T K 5 P ) R6 A R R ZE 4 40 SR SR b LA R AR X ) Ceost interval) T AN 2
RO E, BRI SEBR R Hh, PP i i R B D 5 288 35 PR R R 7™ B 2 T TV 4t RS
HEIR ABATHE H 1K CISVM FIEH cost interval A T SVM, LS FATART 52— AR AR (I BRvEE SVM
A>T 60%1) R0, A ATIEHE— 542 4 8 MAHR 13 K500k . 5L LA 3 KI5
REERZ IR R, IR LR . EZ IR F 3, BTN T DU £
ANEFRREL, WREMRAREIRN 2, FEE AR FATIMH H H AR A A

AR R PR kA R S N A R Do 07 o 8¢ 220 1 b 2 B] PRI OG 2R, 4 22 28R 2% 2 T i 4
fitt N — BRIV BRI, M TTTAE 2 D EE AR HiERk | LA TR RCR 2. I 7 28
SR R — AN E B 5L, R ST AR AT 4 R T, (R R
A3 A 2 RAR R IR B () 4

FRHGE SRS 2 N B H T — R 8 Ensemble-tree (E-tree) J5i%, FIF 2L R-tree 1)
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b7 2305 FHE R EE

0 ZICPAE KHAE T T R A RE SR B SO R ST [0 o O B AN RHIR RS 2016, 23 (1D:
55-60

118



5 EWAN ML F7E KDD BRI

Helrrzig s Ebr . BN T AR 2R RS EE TR (AR, 5.
e D AE A TS CCIRTEEE., B B3R /9 E N4 Tk 57
P28 77 T R0 IE LA CRRAEBIRFZ I TR [H PR & KDD _ERIAHRE S0 » XETIERE
FEEVR L AR 7 th 45— Lo S s N RO 78 A

N E S WS R BT 0 fRT B 2 — T [ B ol R B 2 I Ak T
2 [H fr4xil KDD b & FBFF TAE.

5.1 Google

JUTPRFER I 2 KR — L N 7t TAE, 8462171 MapReduce. Word2Vec.
BigTable, ITHiff] BERT. #(#i+24 2 Google 7Ll — AN E pi4iidd. 2018 4F Google 4= EKA
[E T O AEBR 28 T E R KDD E—3k kR T 7RAE (R, HPG=KE
5y A —BE1ERD o FHEZERFE - TR E.

Q&R : A Two-Stage Approach toward Interactive Recommendation.

fE%: Konstantina Christakopoulou (University of Minnesota), Alex Beutel (Google Inc), Rui Li (Google Inc),
Sagar Jain (Google Inc), Ed H. Chi (Google Inc)

i3k 4:1: KDD18

Collaborative Deep Metric Learning for Video Understanding.

fE % : Joonseok Lee (Google Al Perception), Sami Abu-El-Haija (Google Al Perception), Balakrishnan
Varadarajan (Google AI Perception), Apostol (Paul) Natsev (Google Al Perception)

sk 2i: KDD’18

Anatomy of a Privacy-Safe Large-Scale Information Extraction System Over Email.

f£# : Ying Sheng (Google), Sandeep Tata (Google), James B. Wendt (Google), Jing Xie (Google), Qi Zhao
(Google), Marc Najork (Google)

%21 : KDD’18

Scalable K-means Clustering via Lightweight Coresets.

{E# : Olivier Bachem (Google Brain & ETH Zurich), Mario Lucic (Google Brain), Andreas Krause (ETH
Zurich)

Yk 2xil: KDD’18

Optimal Distributed Submodular Optimization via Sketching.

{E3 : MohammadHossein Bateni (Google), Hossein Esfandiari (Harvard University), Vahab Mirrokni (Google)
i3k 2: KDD’18

Sequences of Sets.

f£%: Austin R. Benson (Cornell University), Ravi Kumar (Google), Andrew Tomkins (Google)

k2 il: KDD’18

Modeling Task Relationships in Multi-task Learning with Multi-gate Mixture-of-Experts.

fE34 : Jiagi Ma (University of Michigan, Ann Arbor), Zhe Zhao (Google Inc.), Xinyang Yi (Google Inc.), Jilin
Chen (Google Inc.), Lichan Hong (Google Inc.), Ed H. Chi (Google Inc.)

i3k 23i: KDD’18

il = #B72& Applied Data Science Track 3%, /2 KDD 5K Industrial Track,
T AR ORI SRR LA BRI 500, 9 MR AR B U B ol AR 5T B AR N RCR
K.




“O&R: A Two-Stage Approach toward Interactive Recommendation” — 3L BRI A H. 3
HEAF R, 42 H— PR BN AS BAHERE TV AR G HES — AR 2 B Je i FH P %R, R )5
BT F P AN HEFR A 2 2 18] A VT IC P AT HEFE , SR T I b J7 VA AR A MR 3 FH 7 1R S 2%
LK P& R B R, A8 AR R TR A& 2 R I R . A5 B g —A
Active Learning ( £ 3% >]) 8{# Online Learning ({E£8%>]) [, ZCHEH — & T RNN
PR GEBD BT CGE—BD , Wil RESREH 7 G A3 iEE,
R P, ARG AR B Bl o OB IR S5 R, SR 1% 7775 4E YouTube E#EAT
THUE . FE TR S AE AR R AOROR IR m e S e s R . I 17 45t 7 s i R
BAAMEE R, HhEEERFESRA MM, A EER SRR T RNN 135S H3)
AR CHIREE I B A — MRAEEAD 4 T BUZER B A Bk R vrAl 25 3

Pick topics you like

Watch N+1 | Topic ID Softmax |

)
( GI:U b
| RelLU |

1

Topicld | Videold |  FeatureContext |
Watch N

Ariana Grande Beyoncé Saturday Night I
Live

Question Ranking

04

Comics Late-night talk Cooking
show

=}
w

MAP-topic@20
o
~N

NBA Animation Films Bollywood

o

SKIP DONE =

00 E H

26 M ERIVZ EHEFE TR

“Collaborative Deep Metric Learning for Video Understanding” & Google Al Perception
) — s SCE, IR SCER S T B IR S IR SR, KOS TR AR R 2 . (480
BRI AT BRI FE R 2 BT 05 8 R R, BR Al 26 . M 2. M HER S X0 =
P — IR IR A 2 T5 0, ARG LA R A — A S — FOR I S . B S AE 2
{¢.24> YouTube MUAREMHE FHSKIGZR I, ToiA 73 K8 e MUARHER #T LLAE S 7RI 1 % .
ARJ5E b, R SO A R PRSI AR 1 I AT DA P R 48 R R
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YouTTB + 0

House of Cards | Season § Official Trailer [HD] |
Netflix

+ » " »

27 WSnEEE (L) PR (B

MITERC, X SCE R TR SEAR T B, S ) N R B AT R 2 =, HAACok i
F )72 Inception-v3 WM&, ) —J7 X E0E BT R R, XBEH T —1MET VGG
[ AIAR T A ResNet-50 [N &5, 2% ST IR B T HE 7 19 Triplet loss, AL 245 € =
S (Anchor. Positive. Negative) , RiE% ] IR Anchor #ILIAN Positive BEAHEL, F
Negative B AHAL (Negative AT LAREHLZERE—AN) o 2% 2T BTN A Sl 2 5] B R oA
A Triplet Loss function I, Z8J5 % ST SIIR & Fon CRARIAE D . IREH
W& 7] LA Early Fusion CFf FEIH R —/ MRS KIS , B0 Late Fusion (45 NI —
MEE )

Eiaries r-_‘ Audio Video lfeature Audiolfeatule
R ——— i Video feature Audio feature
? oo | | \_l H FC FC
I Video feature 1 Audio feature ]
Image Audio feature
extra

feature
ctor extractor | Video embedding | | Audio embedding |
Fooing ] i ] ' ()
e [ ]
Video feature Audio feature Final embedding Final embedding

(a) Feature extraction. From sampled frames and low- (b) Two possible variants of embedding network f. Video and audio features are combined,
level audio signals, we extract video and audio features either from the beginning (early fusion; left) or with element-wise multiplication after two separate
with pre-trained models. towers for each of them (late fusion; right).

&l 28 F3iEHELE

B e AE AR ARG, 2R 7 T R ROR AR AN - 1 B R AL R2 R PP 45 2R DL R AE
YouTube-8M Hu#i 4k L RIS 2 515
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Output Dim | Quantization | Size (byte) | T2E | E2T

512 original 2048 2.9%9% | 5.68%
256 original 1024 2.96% | 5.61%
32 original 128 2.19% | 4.20%
128 8 bit/dim 128 287% | 5.47%
256 4 bit/dim 128 2.94% | 5.58%
512 2 bit/dim 128 2.87% | 5.47%
128 4 bit/dim 64 2.84% | 5.40%
256 2 bit/dim 64 2.75% | 5.23%
128 2 bit/dim 32 2.48% | 4.74%

29 LSTHEFE R TENES R

C 3
e

KOSZATNICZKI - Zywieme 0 635

una henaa g
CDMU ELSA R/ I8

30 YouTube-8M #iEE LRV E

“ Anatomy of a Privacy-Safe Large-Scale Information Extraction System Over Email” t7&
— @ Applied Data Science Track [ 3%, iX tH 72 Google Gmail HI P\ il JLAFE# T 98 H B S &
HK—H . 13 SIGKDD 2010 I i Al i T BA A — R 4= AH QUSUE N SC &, T7iEAEH
fal . SEH, T BAR PUZOTEENROE BB RS, H AT O LR Gmail FIARE. XK RK
SCESE M Gmail FIHEEE P2 P IR AE B A0S NARSRI K A5 5, T RBUAT RS B 5%
HML G A B A IUAN R, 3 B ) BB SR ) e S DR UE RIS DA K Al rh T 8 38 ) B A 1) Rt
TEZEEA IR GRS K
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= Template
Cluster 0 I{,ﬂ] ML - Vertical label
- Field extraction

rules

I

Template

Clustering - Template
Cluster i '\/Iﬂ ML

S—

Cluster P‘ 4|| Not enough
Nt docs or users

Templates

¥

M Juicer I I
Annotator Annotations:

-Vertical
-Extracted fields

31 B ARG ZAE

XA G H AR I Juicer, R0 RIBAR TS T — N2 HEAE G TR K 7 52 AT
TR, BEAMERNBCR AR AN T X BERA OR3P (025 18 o 9] Gt L A ol BRSSP B sk P 17
k-anonymity 75 {%HEAT TR AL, T ELATAE ROFR SR & — MR/ B R B R Bk AR
HE. HHANEHMRRkECEBIE R E, bR e, A DU 8 i 2= PEIR K,
Fapim — ey, Hoann s £ B GE SRR T, BTLLR G IgR R T R/ RIR
HIBHREAT NG, X R EAIE T W% F . & RfE ) LR ZBIRhECE, RS
TARBFIIRCR

Structural Templates | Sender-Subject Templates
Model — =T

Existing New Existing New
Bills 84.6 66.8 94.1 76.2
Offers 100.0 87.8 100.0 87.4
Hotels 97.7 98.7 100.0 78.0

E 32 HiRRE

“Scalable k-Means Clustering via Lightweight Coresets” 7& Google Brain [4] A /£ KDD
Research Track /) — s &, 1X/& Google 7E5fi I BAE &, Fig - IX FHT I A2 E i 2 Wi
W, XA AL 2 2 b LA B RS B FE . i 2 T Andreas Krause H% &
ERISCHE o A AR 2 i — N PRl K-means 5928035 Ui 38 F T KU EOHE (1) K-means 5
%, B SRR FH A B 7 02 AR 6 Heals vh it — AN 2% NI T 8 (BN Coresets)
IRJGTEIXAS Coresets FIFAT ISR, f o493 3 I 45 FRAE RIS E2s RAH Y. SCE TR
UEH] T ORAERS BE 15 L T Coreset K/NAIEHE 4R HRFAE N4 d LR Bl k BOSRAIE

0 ( dk log ic;log 1 )
5d

123



BT RS SCE, BT ASCE SR A0 R faiga, xhEe T BRI, — R BEA LR
(Uniform) , i&F —Fh2& Lucic 55 A$E H N L5 CS. JUMNEIREILAT, HBAXT ELEN,
BRAEE BRI = o )5 45 R R BAEE T2 H 7572 LWCS 7T DA %R 72 PR AR 2
16%, 3 HFBAREEH AN BRI INEE . FRAH THEX LN HHESE (KDD—KDD
CUP2004 L[ ) — NV HC 2& 57 S 55 38 . CSN—FHLINIE A% 2% 1404 . Song— T
RIS . RNA—TII RNA FIFEFIRT) b Sza6 45 5 .

Relative error vs. FULL Speedup vs. FuLL

k Data Method m = 1000 m = 2000 m=>5000 m=1000 m=2000 m = 5000
100 xpp  UnNIForRM 195.1% +20.7 105.9% +12.9  33.8% + 3.4 2244.0X 809.1x 183.0x
LWCs 18.5% £ 0.2 12.1% +£ 0.2 6.8% £ 0.2 828.1x 506.0x 190.2x

CS 16.0% £ 0.3 10.1% +£ 0.2 5.1% £ 0.1 124.8% 113.3x 81.1x

CSN UniFormM  190.5% £ 6.2 123.8% +£4.2 75.2%+ 4.0 557.7x 210.9% 48.7x%
LWCS 24.6% £ 0.5 16.2% + 0.3 8.4% + 0.3 293.5% 174.0x 62.2X%

CS 18.0% + 0.4 10.5% + 0.3 5.0% + 0.3 61.4x 55.6% 35.2x%

SONG UNIFORM 22.4% +£0.3 16.0% + 0.2 10.0% + 0.1 8027.1% 2912.1X 639.8%
LWCS 14.9% £ 0.1 9.9% + 0.1 5.2% = 0.0 1168.2% 957.5% 509.3x

CS 14.6% £ 0.1 9.3% £ 0.1 4.9% + 0.0 144.9x 139.1x 127.0x

RNA  UNIFORM 98.5% £+ 9.8 46.8% +£4.3  23.5% £ 1.6 773.9% 414.2X 161.3%
LWCS 29.5% £ 1.0 18.3% +£ 0.8 8.4% % 0.6 114.7x 101.9x 71.8%

CS 20.7% £ 0.7 12.4% £ 0.5 5.3% = 0.5 11.2X 11.2% 10.4X

500 xpp UNiForM 231.0% + 26.6 200.2% + 27.2  64.5% £ 6.1 979.8x 648.8X 240.6X
LWCS 33.1% £ 0.2 24.6% £ 0.2 15.9% + 0.1 820.0x 655.5% 260.7x

CS 32.9% £ 0.4 23.4% £ 0.2 14.3% + 0.1 101.7x 97.1X 83.3%

CSN UniForRM  521.5% +18.3  361.7% +£9.7 212.3% + 8.0 79.3X 60.9X 35.9%
LWCS 77.5% £ 0.9 46.5% +£0.4  24.5% + 0.2 74.6X 69.1x 39.8%

CS 57.8% £ 0.8 32.4% £ 0.3 15.8% + 0.2 31.8% 31.2% 26.7X

SONG UNIFORM 43.0% £ 0.2 323%+£0.2 21.4% £ 0.1 4951.6X 2866.3X 992.2X
LWCS 31.4% £ 0.1 22.7% £ 0.1 14.2% + 0.0 2740.6X 2051.8x 914.1x

CS 33.0% £ 0.1 23.9% £ 0.1 14.7% + 0.0 137.8% 134.1x 128.4%

RNA  UnrrForm 786.5% +75.3 312.1% +19.3 163.4% £ 9.2 58.2x 52.4% 48.4%
LWCS 189.2% + 8.7 88.0% +2.7 39.5% + 2.0 49.8% 48.7x 39.0x

CS 68.8% + 1.0 36.4% +£0.4 17.8% £ 0.2 8.0x 7.8% 7.5%X

& 33 HIEEMSIHER

“Optimal Distributed Submodular Optimization via Sketching” 7& Google 202 BB\ TAE,
f& 8] Google ZAEM LY KIBIBN, BRI TR . XX EHRH 7 — X Submodular
B3 A % . Submodular &%0%% . BARIZHR . ALSEIR 2 A0 B — N 3 mg s, 5
Je JUEAEA P26 . JCIR R 1y KRR TP AR 2, A8 ME G i Ey a2 Set
Cover. Submodular ELEAT & KN B EAR A — > NP M) &, {HREHR 3] — AN JEH T8 5 ot
AR, I HREW SRR I I s R BUR B L (R4 54-66%) &R . 10 SC 24t —A
AR, BOUECRE TR S MR 445 . AR . NEI% H 1A submodular [7] /8
NXETTEMEGTTEER R ER IR, o — MR A R AT HAR Solid 54, H
H Dominating Set Bt/ F210 7 fe KA 1) it 7] 7
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Problem Credit # rounds Approximation | Load per machine
k-cover [23] ( log m) 1- % —¢ O(mkn?®)
k-cover [28] 2 0.54 max(mk?, mn/k)
k-cover [15] % 1- % —¢ M
facility location [26, 35] 0(1) 1-1-¢ O(nm/k)
k-cover Section 2 4 1- % —€ O(n)
facility location Section 3 4 1- -‘13— —€ O(n)
set cover w. outliers| Section 2 4 (1+¢)log % O(n)
submodular cover [30] Q(n%) Q(n%) O(mn)
submodular cover [32] O(W) (1+¢e)log % O(mn)
dominating set Section 4 4 (1+¢)log % O(n)

34 A<[E] submodular BYELEIGE R

“Sequences of Sets” & FEFS IR KM —MNERZHZ Austin Benson ( LLRT Jure Leskovec

K124 Fil Google PN K% (Ravi Kumar A1 Andrew Tomkins) — #2 A& 2 11—/ B &,
iz B — AR A m . A —NMES A, e 7
Gy XANES T LU A A M A T P AT N, MARIESE AN ST N

SEVR SCHIE 5T 1 1) R
A A A

/\

IR —FERT, WAl REAER ANIF], Sequence of sets T fx 25 E 1 S5 A2 H h42 48 B B
B, IR — ANBENIAL Y, 5 4 1% RN A TE) AF S A PR S AR T, BT e 42 i

PN T R SRR —/l\ Fe3 AR SR & 2 1] [ ORI OR AR 5

B A el 145 B

“Modeling Task Relationships in Multi-task Learning with Multi-gate Mixture-of-Experts

—NEERIESHER (1R

0 H
rE

TR T LM AR F AR AL, RENZEFZEANT R, ZAEFEIEMR

ZEARGHHA N, HANHER . FE TG K 2 AL I A b
IHERRE, WECEE B R DUER XA

n—
ZALRE ST,

W N (c), MoE (Mixed of Experts) , Wi @&7E L MELZ 2222

A

Tower A Tower B

(a)

Tower A

Tower B

(b)

7t mixture [FJE %A UIN_E 5 gate F12 gate [925% STALH

Tower A

WAL ZAMMESS Z ]
LR E AT DL B E ML I RCR, SR E AL
AR RN T E @R, AR A2 B ROR B

HZR, SRJ5 mixture

Tower B

& 35 £Z=RRE
WA 7E UCT R AE b, XA TEMES kA — e et . FTRZE— DRGSR,
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AUC/Income AUC/Marital Stat

Group 1
P w/ best
best mean | . mean
income
Singlf:—Task 0.9398 0.9337 | 0.9933 0.9922

Shared-Bottom 0.9361 | 0.9295 | 0.9915 | 0.9921
L2-Constrained 0.9389 | 0.9359 | 0.9922 | 0.9918

Cross-Stitch 0.9406 | 0.9361 | 0.9917 | 0.9922
Tensor-Factorization | 0.7460 | 0.6765 | 0.8175 0.8412
OMoE 0.9387 | 0.9319 | 0.9928 | 0.9923
MMoE 0.9410 | 0.9359 | 0.9926 | 0.9927

36 UCI HiRE&ERISLINEER
Ja RAEEIEAE Google KM EHE EHEAT 1 5256, MBS —EIIRTT.

Metric AUC@2M | AUC@4M | AUC@6M | R2@2M | R2@4M | R2@6M
Shared-Bottom | 0.6879 0.6888 0.6900 | 0.08812 | 0.09159 | 0.09287
L2-Constrained | 0.6866 0.6881 0.6895 | 0.08668 | 0.09030 | 0.09213

Cross-Stitch 0.6880 0.6885 0.6899 | 0.08949 | 0.09112 | 0.09332

OMOoE 0.6876 0.6891 0.6893 | 0.08749 | 0.09085 | 0.09230

MMOoE 0.6894 0.6897 0.6908 | 0.08978 | 0.09263 | 0.09362

[®] 37 Google HIEHISEINLER
5.2 Amazon

T Syadh 8 w3 JUAE R R A P, 7T TV I B . A — D B3 JE A R ARy =
BAF ARSI HATIAN TEEEA R, Wb AR U 46 5 F — %, JTHEEN
AMZ | TFUE ORI K . 2018 47 V. 1 b 78 £ 45 47 41 101 2 [ fr 23 1 KDD ] Applied Data
Science Track (M FHEHEF}E Track) E—HKRE T 2 K3 (TR , AINEHAHAN
RGeS . N S T VR S

Buy It Again: Modeling Repeat Purchase Recommendations.

{£ % : Rahul Bhagat (Amazon.com Inc.), Srevatsan Muralidharan (Amazon.com Inc.), Alex Lobzhanidze
(Amazon.com Inc.), Shankar Vishwanath (Amazon.com Inc.)

iz 2 : KDD’18

OpenTag: Open Attribute Value Extraction from Product Profiles.

fE # : Guineng Zheng (University of Utah), Subhabrata Mukherjee (Amazon.com), Xin Luna Dong
(Amazon.com), Feifei Li (University of Utah)

Yk 2xil: KDD’18

Challenges and Innovations in Building a Product Knowledge Graph.
fE#: Xin Luna Dong (Amazon.com)

W4 KDD’18 [ Rl iE R o

Algorithms, Data, Hardware and Tools - a Perfect Storm.
fE#: Alex Smola (Amazon Web Services)
W4 KDD’18 o R i o

“Buy It Again: Modeling Repeat Purchase Recommendations” & V. 5y ifh 5355 Seattle #iff 7T
B B AR, Il AR T, iR T R 2% T B R W SEAT N, ARG T — SO AR P %
BRI T F P AR SR AT BN S AT 4 2R PH CR S 1 B 407 R T P A2 IS 243k 1
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P, EEINEAREL) SR SE FAR 2 W SEAT NS A IS, s 8 . B K L
e, FH PR T O S R A, A RIS A8 fi Repeat Purchase. 1X 3 3 5
$2 i —> Poisson-Gamma 8! (PG) PAKARKIY EAA (MPG) , J&kA7EELZEdE H153)
T—E M.

Precision Recall NDCG
(%Lift) (%Lift) (%Lift)
ATD +8.22% +5.56% +5.70%
PG +32.34% +29.04% +37.11%
MPG +36.51% +30.33% +39.42%

Models

& 38 PG #2E!, MPG ¥ FRhRA

TERSLMFEL R G I 8y A/B MK, Z 7752 T RIFRI$ETH. X RWEEE i KDD
F LIRS Track HLECE X ELRI0 TAE . SRALA) TARAESVEA & W REF RIF AR, (HAESE
PR ARG RORAR Y, IF B BhRISChr R4t T, EAE LA 5 78 KDD [ ADS Track FR %K.

T~ Precision@m

CTR
g Control Treatment (Lt p-value
t - © Existin S
Bt & | Recommendations  +7.1%  0.001
Recommendations :
using ATD model
' 2 3 a s BIA BIA
Rank (m) Recommendations Recommendations +1.3%  0.015
P AT <Pl % PG using ATD model  using MPG model

39 LR A/B UK

“OpenTag: Open Attribute Value Extraction from Product Profiles” X j& L% 52 Y. 55 i )
SESTAEARUR o AR AN TR, B0 A it DT bt B ot o 10 J AL, (A [ R X B A
U BV AT Re R 2 AT L GE SO 1. 1EE S2H HBUA LSTM K2 IRk, R )E
F CRF KA s B 5, R85 3O 7 —A Attention ALHIRSE = ol iR, Hadin b T
= FB T ERBEARARE TR E . R 7RSS . SR S AR 4 1
G T IA R —8HEA,
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{ CRF Layer

Attention Mechanism

i

BILSTM Layer

{ Word Embedding

a1 SE R R B HUE A EE

ranch raised beef flavor

40 HEZRLER

Datasets/Attribute Models Precision Recall Fscore
Dog Food: Title BiLSTM 83.5 85.4 84.5
Attribute: Flavor BiLSTM-CRF 83.8 85.0 84.4
OpenTag 86.6 85.9 86.3
Camera: Title BiLSTM 94.7 38.8 91.8
Attribute: Brand BILSTM-CRF 91.9 93.8 92.9
OpenTag 94.9 93.4 94.1
Detergent: Title BiLSTM 81.3 82.2 81.7
Attribute: Scent BiLSTM-CRF 85.1 82.6 83.8
OpenTag 845 88.2 86.4
Dog Food: Description ~ BiLSTM 57.3 58.6 58
Attribute: Flavor BiLSTM-CRF 62.4 51.5 56.9
OpenTag 64.2 60.2 62.2
Dog Food: Bullet BiLSTM 93.2 94.2 93.7
Attribute: Flavor BILSTM-CRF 94.3 94.6 94.5
OpenTag 95.7 95.7 95.7
Dog Food: Title BiLSTM 71.2 67.4 69.3
Multi Attribute: BiLSTM-CRF 72.9 67.3 70.1
Brand, Flavor, Capacity OpenTag 76.0 68.1 72.1

B 41 LWER

“Challenges and Innovations in Building a Product Knowledge Graph” »& . 5 i} Xin
Luna Dong i iE Rk & . KDD R4 ADS Track #2> L [ T3E — L& Tk i k2 SR i & o
Luna 7EIX MR & o FEGE 77 i FR BRSO Pha, ARSI, FiRSER. E 2
WU R I A S e 24 FH P 9 AR S . Luna BARTTE Google Ui Google (%015 B3,
FI A 7E S 5 3dh 47 57 AN iR S T
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“Algorithms, Data, Hardware and Tools - a Perfect Storm” & KDD 2 # A . 5k CMU
Bz, AW Web 55301161 DT AL #5221 Alex Smola F1 Edo Liberty — {21, b
£ KDD ZEid £ jm S fE 1030, ENLE 2 S 7 AR BB i . EX ARG, e EEUFT
RS E RIS AR, GertALEs 7 STl Y — R 505k B B0E AR L R APk A LA AR SR AL

B,
5.3 Microsoft

MR EME TR, —EUREAEAARITRANER, KU KDD BRI L
e SRR 2, PR RGeS — E B IS0 . 2018 SRR B2 300 T 44 b
W KDD E—3ERRT 6 BAeC (TR, HINEH AN FARHE R ESERS, X
AR T 0 B 22 1A K B0HtE 1) A A S8 Qo) A R0, SRR A 3 A o T T ) B — TR I
JUR &

Applying the Delta Method in Metric Analytics: A Practical Guide with Novel Ideas.

fE % : Alex Deng (Microsoft Corporation), Ulf Knoblich (Microsoft Corporation), Jiannan Lu (Microsoft
Corporation)

i3k £xil: KDD18

Web-Scale Responsive Visual Search at Bing.

{£%# : Houdong Hu (Microsoft), Yan Wang (Microsoft), Linjun Yang (Microsoft), Pavel Komlev (Microsoft), Li
Huang (Microsoft), Xi (Stephen) Chen (Microsoft), Jiapei Huang (Microsoft), Ye Wu (Microsoft), Meenaz
Merchant (Microsoft), Arun Sacheti (Microsoft)

% 4i: KDD’18

BigIN4: Instant, Interactive Insight Identification for Multi-Dimensional Big Data.

fE # : Qingwei Lin (Microsoft Research), Weichen Ke (Peking University), Jian-Guang Lou (Microsoft
Research), Hongyu Zhang (The University of Newcastle), Kaixin Sui (Microsoft Research), Yong Xu
(Microsoft Research), Ziyi Zhou (Microsoft Research), Bo Qiao (Microsoft Research), Dongmei Zhang
(Microsoft Research)

Ik 43i: KDD’18

RapidScorer: Fast Tree Ensemble Evaluation by Maximizing Compactness in Data Level Parallelization.

fE% : Ting Ye (Microsoft), Hucheng Zhou (Alibaba Group), Will Y. Zou (Microsoft), Bin Gao (Microsoft),
Ruofei Zhang (Microsoft)

ik 2x1: KDD’18

Recurrent Binary Embedding for GPU-Enabled Exhaustive Retrieval from Billion-Scale Semantic Vectors.
{£# : Ying Shan (Microsoft Corporation), Jian Jiao (Microsoft Corporation), Jie Zhu (Microsoft Corporation),
JC Mao (Microsoft Corporation)

ik £x1: KDD’18

Efficient Attribute Recommendation with Probabilistic Guarantee.
{£#: Chi Wang (Microsoft Research), Kaushik Chakrabarti (Microsoft Research)
IF£iL: KDD’18

Planet-Scale Land Cover Classification with FPGAs.
{E%: Joseph Sirosh (Microsoft)
Pk £x1: KDD’18 B F R i i i

“Applying the Delta Method in Metric Analytics: A Practical Guide with Novel Ideas”
7& W Applied Data Science )3 &, AiiX i 3w EBIL 2 MRA 28K, =/ —MEKXR
B IAEE T A VR BCR VPN 1) Delta ik, WICEAE R BT K Eue s, BRI O IR
SEE: WURAEAH R JSL A 34T, BRI FEAH MR SR TT 22, WA EE T 055
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RIRE, BT REA RO 0 2500 TEA A . 1630 BRI T Delta 777, B IZJTHE R
4 AR . ARLLTFE R0 Fieller J73%, Delta J7 iR T — AN G e HOARYE, THI 3 BURTRE
AR GE 7 I

“Web-Scale Responsive Visual Search at Bing” FE 44 | & Microsoft Bing B[] £k 1]
— AR W FEFR, S —AERE EERETR , R0 LA Sl E
EE TR, H A DR B O S #e B R i iRt 4, RS0 B 3h3L 1A RAH K1
e FEG R AT

Vintage Inspired Womens
Round P3 Keyhole Sun...

& 42 Microsoft Bing BRI {L ¥ &
UARFCARZRET THCE R, BAE R I 7 - F4RE, X H P e Hil i ] #E
AR AT AR 200 Z A0 B AER T DNN SRIHEURRE , 28 )5 H N-nearest J7 £ 3E4T UL o
MR, X2 — MR A =R TR,

DNN vectors I:'} Clustering
in image index
vw32313

4 DNN vector N-nearest vw4d4162
% = of the query = centroids = vw50241

vw70812
vw04123

Image represented by a
set of visual words

43 HERTR
“BigIN4: Instant, Interactive Insight Identification for Multi-Dimensional Big Data.” 4%}
T =M 4ERE A ol 52 By AT PR ) 1777, BigIN4 AJ LAfE data cube HHEF]
PO AW (HARGEAE VAR 50 £%) o ZITERIARBUR MM 7 — M E4Ea B, WTRE. %2
ANENZE H T BigINg mJ RS2 4 H K Insights: 445 Outstanding it /& - L B 45 =0UF H
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TR B E AR ; Dominance (AN ZAT R /- ML B X HEAEHD 5 Top Two (FEA
YeEERIPRABUE S T BN EORFEAR K ZH0 5 Outlier (K [A]F5 EWEEZER) |
Increase/Decrease (B [H] /541 b [ 89 5L # B ) -

partial cube

Queries not = .
covered by

¢ Bab2 c: .

\_7_,,1 MR LA S ] Estimated Results

Highﬁaiimie};ional CHjUj \ =
Big Data a2 o . ’

Low Dimensional
Partial Cube Queries on
partial cube

Exact Results

. - i
Android R, / -

=

Outstanding #1 Dominance Top Two Outlier Increase

& 44 PEHEISIZ

“RapidScorer: Fast Tree Ensemble Evaluation by Maximizing Compactness in Data Level
Parallelization” .7& R FAE Applied Data Science Track I, {HI 52 N R BG4 — Rt e P
WICHE HH — D PCIRBE R R R, IR RN TR 513 WA E A Ti ik
RapidScore Al EHEATJRE, A B R IR & . B JaEPIAS A TT 8 4R
MSN & AdsCTR AT T3E. R XGBoost % HIAHZ AT .

“Recurrent Binary Embedding for GPU-Enabled Exhaustive Retrieval from Billion-Scale
Semantic Vectors” $&H—> Recurrent Binary Embedding (RBE) J5 K% S # KI5 T 4R
HMRZER R, 7 iR BOR RS e w] DU & 0 8 B8] o Poin N il 22 fr) o 1288
AT DAAR PR 0 78 AR 28 28 4t o PR 2 LR SR FOR R - RBE A5E HL sl 22 R I A
72 W 451 ST ) Query MISCHET Keyword (740 5 7 2 LI SRHETA) 2 [AJFIVLACEE . ]
25 7 RBE B EASEH) . RBE () — b ) B i KA RS LBV, T BN A
TSR — NI, X TR RUOICNEE, oy — iR RS RS R IX
HARH Z, i R AR AR
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Objective

A fi
Multi-layers

45 RBE {58!

“Efficient Attribute Recommendation with Probabilistic Guarantee” 4% 1 KEHE it B
T — N EER AL R, B e IR, Wk BIX I ANE S, ERERIEIE.
B ] B O V5 BB P AR S T OB, SRR T S S 2R AR i X R S 4
7 AN, I BT T EE BN R R . RJE A SEHURE B, Z07TE W LAt St
TR NN, RERRE 0.

“Planet-Scale Land Cover Classification with FPGAs” & — > Tk it ikt o s
N AR B BE R T1 ) CTO Joseph Sirosh 8 - . Joseph Sirosh 8 4 PARG /& Amazon HJ4=Ek
BT GRS . Joseph T A T TR FH A B RAMIT R B 73, i ar 1 SRR
b GRS 2, MWARZ I A BE SR 7 25T DNN B8, 7EZem 5T, el =R 2%
TAEM A 75T FPGAs MR 22 21280 o % TAERT LASEIL 10 2080 Py 4022 20T (1) &is B s
KL 40 Z KK A .

5.4 Facebook

Facebook 2018 FE-AEHIEZIM N EHr< KDD F—3AkRT 2B E (W FR), X
W SCEE AR & R R AE KDD 1) Applied Data Science Track. | [ 4] B ff 52— N iX P s SCF .

Rosetta: Large Scale System for Text Detection and Recognition in Images.
{£# : Fedor Borisyuk (Facebook Inc.), Albert Gordo (Facebook Inc.), Viswanath Sivakumar (Facebook Inc.)
ik 2x1: KDD’18

A Real-time Framework for Detecting Efficiency Regressions in a Globally Distributed Codebase.

{34 : Martin Valdez-Vivas (Facebook), Caner Gocmen (Facebook), Andrii Korotkov (Facebook), Ethan Fang
(Facebook), Kapil Goenka (Facebook), Sherry Chen (Facebook)

ik £x1: KDD’18

“Rosetta: Large Scale System for Text Detection and Recognition in Images” X L FH A+
241 Facebook ¥4 30+ 18 OCR #%4t Rosetta. Facebook K H J#f bAA K=K A, M

132



XL Py AR S0 AT A B R A R AHERE R . X B R RS, — A
SOk OIS 28, T HIEATREA IR 2 H € SR BL K — SRR BRI 775, i A
TEERESE; 7 — D BOR RER TR E AL BRI . Rosetta (7 H A2 (2] St A2 R
KRS I EARRIIE . IBEZESK UG, Rosetta 5 77— NI BY B R SEng, 26
—Wir Bt /& H Faster-RCNN R U5 B R B & S0 9 XKL 28 B BUZ ] 7 — 426
AR 25 BEAT 7R . T EIFIA Rosetta R BT BUmIUEER .

[
/I {Word, x, y, w, h, D score, score}
classifier {"PENGUINS", [156, 10, 450, 113], 0.998, 0.999},
{"CAN", [622, 10, 188, 112], 0.999, 0.991},
{"FLY", [822, 11, 150, 111], 0.999, 0.999},
Proposals Rol pooling 1

Forencuiscan v
o R

ResNet-18 + CTC

Recognition Model

Detection Model

[®] 46 Rosetta HIFR EZIENZEH

“A Real-time Framework for Detecting Efficiency Regressions in a Globally Distributed
Codebase” ¥RV} | — Facebook AF SLFRIFELIZ E M, 4 code UL i, FRLE code
BB 2 5| P EE () R S8 R I /. Facebook % 1) A 3% A P i 20 14, 1 HL7E Facebook
V& BB T RENERRG, BOFNHEFE. B, i GRUE7EZE A oA T fe i K 1)
R TR — Pkl MBEEIZ I AR L, FA 5T [a] R — A S el f) 7 A )
PR (i SE I B e WA 48 =Fh 5% RO A CRARHE) - BRE (—4 R
Bifw)  RRSEARE GRE BN, SERAERED o REARBLSLAA RS
KEMWITL, IRMNFT RAIA R, B PRAE E AT AR AW o X SR 3 24
IR 1 Facebook FRIHFEE ril S H RSl il /i, LA ok B H] 7 — > CUSUM SR HEAT KR4 AT
FH, BIRHEAT T A RERSEIL.

THEUMEEE. B, BRI RS E A Tk HE 1298 SUK TR K E R
W KDD ERFHIBITLAE,

5.5 FTEEE (Alibaba)

o B B R HL 7 55 0 TR U KB B A Z R 7T o JC AR AE SRR 7 SR i 2 ST T
JUAMRA =B AR 2018 S BL B AR Bodla 4240 10 2% [ P = W KDD _EAR N3 — 3 Hfir
—HRR T 8RR (WFR, REEQHE 7 H# 2017 A1 2016 SCE) o i fa) ZEF L
DRI

Reinforcement Learning to Rank in E-Commerce Search Engine: Formalization, Analysis, and Application.
{£# : Yujing Hu (Alibaba Group), Qing Da (Alibaba Group), Anxiang Zeng (Alibaba Group), Yang Yu
(Nanjing University), Yinghui Xu (Zhejiang Cainiao Supply Chain Management Co., Ltd.)

g3k 4=1: KDD18
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Perceive Your Users in Depth: Learning Universal User Representations from Multiple E-commerce Tasks.

f£3# : Yabo Ni (Alibaba Group), Dan Ou (Alibaba Group), Shichen Liu (Alibaba Group), Xiang Li (Alibaba
Group), Wenwu Ou (Alibaba Group), Anxiang Zeng (Alibaba Group), Luo Si (Alibaba Group)

3k 4si: KDD18

Billion-scale Commodity Embedding for E-commerce Recommendation in Alibaba.

£ # : Jizhe Wang (Alibaba Group), Pipei Huang (Alibaba Group), Huan Zhao (Hong Kong University of
Science and Technology), Zhibo Zhang (Alibaba Group), Bingiang Zhao (Alibaba Group), Dik Lun Lee (Hong
Kong University of Science and Technology)

k22 il: KDD’18

Visual Search at Alibaba.

fE# : Yanhao Zhang (Alibaba Group), Pan Pan (Alibaba Group), Yun Zheng (Alibaba Group), Kang Zhao
(Alibaba Group), Yingya Zhang (Alibaba Group), Xiaofeng Ren (Alibaba Group), Rong Jin (Alibaba Group)
Yk 2xil: KDD’18

Deep Reinforcement Learning for Sponsored Search Real-time Bidding.

f£# : Jun Zhao (Alibaba Group), Guang Qiu (Alibaba Group), Ziyu Guan (Xidian University), Wei Zhao
(Xidian University), Xiaofei He (Zhejiang University)

Pk 4x1: KDD’18

Learning and Transferring IDs Representation in E-commerce.

{£3 : Kui Zhao (Alibaba Group), Yuechuan Li (Alibaba Group), Zhaogian Shuai (Alibaba Group), Cheng Yang
(Alibaba Group)

F 21 : KDD’18

Deep Interest Network for Click-Through Rate Prediction.

fE# : Guorui Zhou (Alibaba Group), Xiaogiang Zhu (Alibaba Group), Chengru Song (Alibaba Group), Ying
Fan (Alibaba Group), Han Zhu (Alibaba Group), Xiao Ma (Alibaba Group), Yanghui Yan (Alibaba Group),
Jungi Jin (Alibaba Group), Han Li (Alibaba Group), Kun Gai (Alibaba Group)

W F 21 : KDD’18

Learning Tree-based Deep Model for Recommender Systems.

{£ % : Han Zhu (Alibaba Group), Xiang Li (Alibaba Group), Pengye Zhang (Alibaba Group), Guozheng Li
(Alibaba Group), Jie He (Alibaba Group), Han Li (Alibaba Group), Kun Gai (Alibaba Group)

ik 2x1: KDD’18

Cascade Ranking for Operational E-commerce Search.

fE£# : Shichen Liu (Alibaba Group), Fei Xiao (Alibaba Group), Wenwu Ou (Alibaba Group), Luo Si (Alibaba
Group)

Pk £xi: KDD’17

KunPeng: Parameter Server based Distributed Learning Systems and Its Applications in Alibaba and Ant
Financial.

{3 : Jun Zhou (Ant Financial Services Group), Xiaolong Li (Ant Financial Services Group), Peilin Zhao (Ant
Financial Services Group), Chaochao Chen (Ant Financial Services Group), Longfei Li (Ant Financial Services
Group), Xinxing Yang (Ant Financial Services Group), Qing Cui (Alibaba Cloud), Jin Yu (Alibaba Cloud), Xu
Chen (Alibaba Cloud), Yi Ding (Alibaba Cloud), Yuan Alan Qi (Ant Financial Services Group)

Pk 2xi: KDD’17

A Hybrid Framework for Text Modeling with Convolutional RNN.
{3 : Chenglong Wang (Alibaba Group), Feijun Jiang (Alibaba Group), Hongxia Yang (Alibaba Group)
Pk 4x1: KDD’17

Local Algorithm for User Action Prediction Towards Display Ads.
{E£# : Hongxia Yang (Alibaba Group), Yada Zhu (IBM Research), Jingrui He (Arizona State University)
Yk 2xi: KDD’17

Optimized Cost per Click in Taobao Display Advertising.

{£# : Han Zhu (Alibaba Group), Junqi Jin (Alibaba Group), Chang Tan (Alibaba Group), Fei Pan (Alibaba
Group), Yifan Zeng (Alibaba Group), Han Li (Alibaba Group), Kun Gai (Alibaba Group)

ik 4x1: KDD’17
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“Deep Reinforcement Learning for Sponsored Search Real-time Bidding” 448 1 ] B 2
RS o L A S Bebr RGeS SE M. LAY RS — ol ) S R ORI, 1
F € SOKE B IRRFE, 8IS R IR SR XA 1) RGRAE LTS . X & E
BT — IR 5857 31 TR AT DA RUAE R 2R P HET B2 2 P EIG T iZ RS
SRR, RGREE R —MERERS, BHIGERY )78 TensorFlow #4721 .

Cloud Datacenter Distributed TF Cluster

observa

Data Processor

train

Agent1  Agent2 Agent3  Agentd. Agent n

Auction Teiies

Bidding Feedback Decision
Server Model G

del T (enerator
predict

Search Auction
Engine

Distributed File

Mo ter
Server System

47 REWEERT

“Reinforcement Learning to Rank in E-Commerce Search Engine: Formalization, Analysis,
and Application” FEA8Z 45 R P T HHR Y 1 E25 FEA A [F) 2D R 45 RO HR & 0 6l |
I ) P 4 i 2 ) SEEL A KA Y] 2R ARl (R HE e SR . SC R AP IE3UE 3T search session
Markov decision process (SSMDP) &I LA R /R T RS Rt N 2 0 HF i)
A AESEEEA b, VR I B R AR [ R 6 A M TTUE B 1A R A2 SR A HE e 2 T 2
AERHNECR, MIFAERAMHEMIH; E& -1 7 FH DPG-FBE (deterministic policy
gradient with full backup estimation) FIFR M U iy [0 22 57 DA R AN 4887 1) [ 4 23 il e, 52
BT SSMDP T [ e P HEFr S

B(Y)  B(h) BUG.)  BUH)
G0 R AR = AR

.

-0 HO~0. O * 0+ A0

C(ha) T .C(T) B5* C(R5) Wi C(RF_y) WG,
I(hTS-_ L(KE)-, UhE_ ) I(hEY.
L(RT) L(h?) L(h%_)) L(hT)

48 DPG-FBE

Kb o 1 AESRIG o ), P BEAT R A R R I K =R AT 9 SR AT R ZE IR TS
(B, b) « k&N (Co) « BIF (LD , WWEHHPE () KX REPRESH, JtE
SRS R
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“Visual Search at Alibaba” 123 B2 B 2 EL — AN A A4 3 2R AT o FUET T /248 Bk
B PTRR A AR R MARABL, A R FH 7 S5l FH P R A3 T L o 2 S T i 1 22 T &L )
MR, WFERHEAET, SH P EE AR R, RS E SN E RS R
IR T R ARBA B AH S 1 B e

49 FEEENATRILIEER

FEFARSEDLT T, B B U B SR ] MR AE AR 45 & 75 7%, 8 Se A T I AT R
AN S] (GROREE TR A T B WA AT RIS R, R g,
AR R W B derp . FEE RGP IE RS CNN EAT I v A AR AN R OR 22 . e
AMOA RS EATILE . FE%H TR R G B L S AL R RGN S A
FAR S TIE R G B 73 P RAE SBALZR AN 1AL RG], S T SRS HEA R 2851
T 77 . M H softmaxloss B0 GoogLeNet V1 W 25 3E47 I 7331l 5, 15 215 —Fh R
FONRIREA JE AR B UK Top30 KR, IR EGHHATINBOT H8R; &Ja,
CA_E R A M2 REAT DA 1, 19 BB AR . B4, dad 89 M o )y AOR R TR
CNN 288y, SEIL 7 H AR AR RS K & 52 51 i ERE A A (0 miiy R AT 8
VERREASRIN R o d i 8 —{EAFIEZR 5| MEHE P HOR, SEBL 1 H P 88 s 22 A0 2 5l 1Y
M Y

Visual search offline process Visual search online process

Product . : Toery )
- W biroes File and storage system
= [ Item Inventory e = Mobile a
-y - N i / 7
Dictionary generation ] G / tegory i

[ Scheduling and distribution ]
: U

- " Image indexing
| = & Re-ranki
[ Dump ]l:b[ Index engine construction ] ; .." EAAHHEND

50 AIMUERRGHNEEF S () EENERRGN2M4EE (B)

“Perceive Your Users in Depth: Learning Universal User Representations from Multiple
E-commerce Tasks” {EMEFEHILJITH, Yabo Ni 25 N3 BT Z AT 45 L& W 21K T 1
R P47y, SIS TN AN HERE . 1D SCRIRH T — M T 2 AR5 % I ERRF
>], DUPN (Deep User Perception Network) , 1% M 2% AJ LA 2 MT55 A Bl — F-t 3 (1) FH
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2) CERM T —FOHT I HE TR L R 25 A0 RNN KI5 SRR, i B 17 55 F P A
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52 HEFIHFE

“Billion-scale Commodity Embedding for E-commerce Recommendation in Alibaba” —
M4 T Jizhe Wang 25 N R &Rl K Huan Zhao 25 N ATE 1220 1) BT 78 45 WX 4% A i o D 32
A OUTED o I P R4 P s i 7 — AN UH B, JF AR A B R
) BRI R &, AT 30— AN EE T o AR RUEAF 2 T H 5 s 78 B R N7 10
7t Base Graoh Embedding(BGE) [ ££ili |, Aiffi1#2 H Graph Embedding with Side Information
(GES) Hi%, LA 4 IS SR g vk 55 oA o il Bk R B0 B b 1) R, O — B4R T
Enhanced Graph Embedding with Side Information(EGES), I8 i I Hl Sk LB AN [Fl 4 Bh (E
BEHAE BRI teah, A AACHON I PR SR, AT Z E BN RGBT
Xtensorflow(XTF)_t .
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& 53 BFESMnPEmNTRRES
NEH STAREGEE, “SI0” AR MmAL. fELFEY, 1) Sparse features i ¥ /&
P i A1 A [R) 4 B 2 1 one-hot-encoder FIE4E, 2) Dense Embedding J2& R i 1) 6 7 Al AH B
f*) SI. 3) Hidden representation & — ™ it R HGF B2 4 B A5 B IR N B

IDense
|Embeddings . .
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54 S| HWENER

“Cascade Ranking for Operational E-commerce Search” &1 T & H T 128 T/ 5514
R ZRPHRAA RS (CLOES) .« ZMRRLEEHE TR HERA . #REE
PARABZR A IR, I HAE BT S RCA I RN i 1 4 B RS I o 3 58— R IR
BT R TR SR A IR (W NED o BRI A IR Bod i F H fa 501
HACH BN B R AE MR Y oL i — L AR SR BUR A 30 H 5 2 5 B BRI Y SE ks i (E 2 BE R
2% (AR FE AR R SR S B S ORS00 HF A2, SR 1 B S5O A (] VA 22 R OR AL PR R — B B
“HrEd b7 M ESEIR R KR OL. E3CH, B sigmoid bR HUH AR PR B KA
2017 S TR FE ) 3-stage FUPA L AE CRUE IS ZORS T L AT 0 T REWS BERAIK 20% 0] cpu TH#E -

A Hybrid Framework for Text Modeling with Convolutional RNN
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“KunPeng: Parameter Server based Distributed Learning Systems and Its Applications in
Alibaba and Ant Financial” /40 75004 b th 73 T 2R S E 0 M2 R “ g
Ws” o “HEMS” fEAFIAT I — RV EEAE TG00 R A IR B R AT T R
R MG ) AR SRR A% O AR B AR LR JLER 73 Server nodes: X LR 7> A7 4+
Worker nodes: X IZREE 7> I 1H 5L, Coordinator: | FVEREARGAE, Wwithik, &
R, #1E5F . ML Bridge: (3 FHIATE SR ARG s 4T AL PR PS-Core: #£0HIZHL
AR %% 75 204 (servers/workers/coordinator). Fuxi: YS#EFTENLERISITIRA, DB AT R H
T EIG T RIS R SRR .

End-user n

v
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«- Data & Daa& | [ Dam& |
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L J
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Streaming Data System ‘ Distributed File System ‘

& 56 ERMGHYEARZEH
HEL RS ) {5 FH IR AR XS FH P & e 43 B Y, T EL I R 3 e ek % B ) S AR RS SE B &
% A3 A5 R R P e R o SRS ZE MG 15 T DL 28 22 S BV I KO L A T T g, # 1k H AT,
O N2 a5 S BEAE RS FAS DA BN, BFEAR F LR, FTRL, MART, FM,
HashMF, DSSM, DNN, LDA.

“A Hybrid Framework for Text Modeling with Convolutional RNN” 1E XA 7325 THi 2
7 conv-RNN HEZZ. conv-RNN Zi5{# Al CNN Al RNN Jf H 2 S 1 P98 8 75 AN [6] 5 TH 1
PR ——RNN B R0 A E K5 1Y) _E T SOHASE ) 2 5 BE LA A CNIN AR e F ) e KTl AL
L], 1858 7 HLAS 2% ) 5025 RE /7. conv-RNN £544: Word embedding JZ: JRifH N\ 5)F
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57 conv-RNN #EZ2

NNY-AUOD

R TR T AT 258 coNv-RNN, 7E CONV-RNN 2 Elin—"NEESE, %
CONV-RNN 3 2| 1] X, UL K& 2 7 9 18 2| ) % 4> HIDDEN STATE [1] & #f £ & 5k

Kanic= |l X2, t
i l |]Wﬁ%AI$mm%%momF% o SOFTMAX JZ 14 ] B 3R 7~ Bt

SR &AL, SERr T .

£ conv-RNN 15 X gwmt FEE Al b, #E— PR T — Pl i ) & ULEC AL . Ak, 72
AR, RGN T — R BUE SR WL BL U attention 515, FH LAt — B2 7t question-answer
PLRCROR -

5.6 B\ (Tencent)

2018 “E B IRERAR 248 T H PR 21 KDD FAEASE —E& i — L RET 2 BA X
(WFR, REGORE T GECE) o N Z AR i S & .

MIX: Multi-Channel Information Crossing for Text Matching.

{E# : Haolan Chen (Mobile Internet Group, Tencent), Fred X. Han (University of Alberta), Di Niu (University
of Alberta), Dong Liu (Mobile Internet Group, Tencent), Kunfeng Lai (Mobile Internet Group, Tencent),
Chenglin Wu (Mobile Internet Group, Tencent), Yu Xu (Mobile Internet Group, Tencent)

ek 4:1: KDD18

On the Generative Discovery of Structured Medical Knowledge.
fE % : Chenwei Zhang (University of Illinois at Chicago), Yaliang Li (Tencent Medical Al Lab), Nan Du

(Tencent Medical Al Lab), Wei Fan (Tencent Medical Al Lab), Philip S. Yu (University of Illinois at Chicago &
Tsinghua University)

FE21: KDD'18
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An Efficient Two-Layer Mechanism for Privacy-Preserving Truth Discovery.

f£%# . Yaliang Li (Tencent Medical AI Lab), Chenglin Miao (State University of New York at Buffalo), Lu Su
(State University of New York at Buffalo), Jing Gao (State University of New York at Buffalo), Qi Li
(University of Illinois at Urbana Champaign), Bolin Ding (Alibaba Group), Zhan Qin (University of Texas at
San Antonio), Kui Ren (State University of New York at Buffalo)

ik 4x1: KDD’18

“MIX: Multi-Channel Information Crossing for Text Matching” PR 2 miEE B
MFEAT SCAR VLAY MIX . MIX fili4 7 CNNs FE R b, el SR E 2 R B IR AS
B MIX R R SCA BB, 4R JG i8 1 semetic information channel Al structutal information channel

(FHAE attention mechanism) lﬁﬁ‘IZ'K VLECAT ZIREMARIULACES SR . T RIS T 2008 8
SAESE . BARTT R =

Stepl: ) F7E A [ (UKL EE 1 431 AN [ 1) B

Step2: fE attention units 75, JHITHEEUEVE(S BRIl attention channels H [17E EFE
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