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1 HkR

WAVEFEAE M ENA, HEFERFUNRES. FELai. HaEE k. FE
AP S SR T A5 B L AE B BRI A J, JUH AR FIR I A JE o SR T ELIEK ) LA
AN BB IR AR AR A e ok T B B I, — 5 i AR DSRBUREAS 2, 73— s
BRI A AR R T, MIAMUFEEERFEL, EEHERECARTENGE. Bk, {8
KR SRR PAE A 5 BRSO T LA B A - PO A SR P /545 2, B2 7 300
7 R AT SR RE RS LE 2047 T FH 7 7% SR A9 S At _E HESS FH P A1 7T B 7 B(H SRR SR
RER, RAEAEUIRS .

GRMR ARG 5E BHERFBORM AR A Mot s 1 P A1EREUE B RIRCR, it
TAEBRS R G BEE NMTAE BAER RN, (5 BAE R 5 HEF R 23158 BN sk .
ME S AT VAR, O AT . A5 S b 2% TR

11 ERRENBSS AR

111 EERREMHE

{58 ME (Information Retrieval, IR) 2485 BHIFER. A6k ALY . FEAER
)RR Z S5y TS BRR, BiEEEA SRR, £1(EBE—erh i
T, B, AZUREMRR, FAREE S BT Z0 A S BAER M A& R ORI AR

B LAz B R 515 B & (Information Search) , HIFH ARG T E, SR T H,
PR AR ER, HEEILR 52 A R k.

5 EARR 1 B AREE BN BT 5D 4L 7 (5 B A LU 4R 1A b B
MR . P ERIEN S ERESILR. EFLENRN P NEERS. YRR
SRR, (5 BRI, S5 P AW 5808 F (S SFATICE . & [ 45 1 7T g
FEVUHC SN UAC A ), 1 45 IR E #HE 2 . K2 HUE B R RS s b A 25
AU R BT BUE B, AR LB AT HEAS . AR5 10 P R HE G SERT X R, (5
B RAELE A 1 froR,
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1.1.2 ERRENLZRIAIE

5 BRI HRRBUT T E S, MR EEE T S iR REORE, HI &SRR
AE BB XHE B R B R e A IR . RIS BRI, BATHREBRR K
JEPIRE Iy M= B B

(1) BFEHE / SO TR

1954 4F, Vannevar Bush (VP FL-Afift, B 2) 7E “Atlantic Monthly” 7 A5 K& T —
Fi4 9 “As We May Think” 303, X5 CHEMW T JURITFENRIER . CHRH: “K
RAATRESS LR E B RIE (M) BHTHUE IR 7 o MR T R RER TR
THEFARIREAE,  BIS SO A SO N A PR A 2R

8 LA EFRAT 55 E R 20t 70 5 R R 0 A = AT A I HEE T 55 [ ZE A AN L S i
R TN B AR, TE 2 M PRI Ph G 6 3R P R 4 dp s LR (0 = i K (RS 2% iR
BET AR IR ZAA TR 55RO 3% E E B3 = 0 7 it kI (ARPA) &
PEIT R T EIB M )4 :  ARPANET.



2 SERTE - Tt (1890-1974)

1957 %, Luhn 7123 “A Statistical Approach to Mechanized Encoding and Searching of
Literary Information ” 5 & #| “ ...a writer chooses that level of subject specificity and that
combination of words which he feels will convey the most meaning.” X J& —Ff LA #.38] /E N & 5]
FLICHI SRR R T

20 40 60 4K, Gerard Salton filli&E | {5 B R R 4i“ SMART "(Salton’s Magic Automatic
Retrieval of Text) , #Eik {5 B RAHKH LI K42 T+, SMART R4 IR RG1%, H
ERAMRIIEAAFN ARG A, 451 AP ERE.

20 1H42 60 AL HA 53 A0 P ASF 7C U R B4R A o 5 — /2 Julie Beth Lovins T~ 1968 4
FE RS BT 22 e T & B3 T30 (Stemming Algorithm) ;3 —/MF5Ei K vPlide b5, 5110
William Cooper 7£ 1968 SEH#EHI ] “Cooper” , XANE &EARME H 5 O 2 AN R K&
i

FERFERIEIAR, {5 BAG REAR R T3 AR LA . SR RE % WP 1 L
B, TERD ST, R SRR AR T &, TN ERIRS

(2) BHIHBEMEY

WS SRR MERIEA KR, EERRNKERKAET R KK, Tim Berners-Lee (7
WG 2=, B3 ST R I B T T 4ER (Web) BOJRBIEE. 1991 4F
8 H, WA Z/E— 6 NeXT HUIN 87 75—~ M4 http:/nxoc01.cern.ch/s fii—HE
R RERE N FERIFF IR 9 T3 4 1) R


http://nxoc01.cern.ch/

E 3 #F - [AMET - FFRIMAY NeXT FBAX

1994 4 2% — J&§ WWW  (International World Wide Web Conference) 2 A H, {8
Hyper-text GEEERECA) . Links CiE$2) Fil Connected Web (1258 1 73 4 W E 15 HEAS [H]
R B SOA, UG 7R SRR R, (15 “BERE—D)” BON T RTRE, S B R BN
THIAE IR, BRI CLEERE 3 T AR 1 KRR Web % .

FEXAM ], 22 AR FFINL SR AL T IRZIAR A - E bR B IFAR40 3 AN 5] (R R AF 55 (K pEAN
T3 EARTS KA Web Brdls I 1FI AR HE « [ A FE 2003 45 HIT 1 28— Jm 4 EHE R 5 M L
GRS EAR 225 2004 AT T A EE B RS N AL ARSI 2006 4 11
A2l HEOL T B ERR SRe%HS . WHEBERINE UL R 51 #EME R %
B, E4ME AltaVista. Excites WebCrawler 1 Yahoo! [ A5 57 T [ B Al 22 4= 4535 1)
“RE”, R A ARIRBOIR S IR M. 55 AR R B AR 2 1998 4 KL 1 Google
12000 4F 1 HBIEEM R SO REIE--HE, EHEZE, Z2HRPCHERIIEMSHI,
an, g, . R E.

RAHYIE SR BB TR S R E R TP KRR . SEmf i 20k, THE
AP R 51 BER AR B A T B AN U7 1) H 8 S8 AR AT B R 2 b R i 23X — I 5 B A
eI ihRtIpE T Bav

(3) Web2. 0 BFAX

£ Web2.0 A, F % Web A IR KIS 5 7K, a5 B R 1 E R EK.
5 R R I IR RIEM 7 /& 5K, LSSl B 5T 8 R HE Web % .

XA B R S T A S 2 & O T R s 4R AESER L )
BRI, HuBRAE RAE) Al A 0 HR 0 52 I 25 Bt B SRR AN R Hedhs Ab BB AR HY B 1 4
ESA=EL



1.2 [ERHENMSS LR

1. 2.1 ERHEFENHTS

B O AT {5 S, R R A 1 A ok 7 (5 S R ) ) R, AT SR BT 5 £ S R
DL A5 B " RS HERIE B RS, & ARTA v B 3 i E EF B 5 B
# (Information Recommendation) & 48 & 4t lr] F ' HfE 32 I 7 m] BRI R H SUTE 3R U A
FfE R, RS BRI R

5 R M R G RIEAT )7 L T {5 B R R U 2 MBI Z 5%, 1 sC
AL S B AL S AR S SUE B R RGBT R SAT S, %I RS HEEEN
WFRG. WERITRG. BRSO ITT RGN BRI R T RGP,
W 4 Bz .

T4

BEEESRER

W
WE
if e

B 4 FRHEFERGROTEE

1.2.2 EEHENLARAE

AL IR R AR LR ELIBE I (R R RIS O AT T — AN A S B A7 i I T
Feid A P A, 245 BRI SO 1 AR 2 i SR IR IRV B £ R 2 —

— AN NHERE RS (Recommender System) FIHE 7T UA T 1994 4E 8 JE 75k K2, Group
Lens #ff 04 ¥ Group Lens R4, 1% LAEAMUE kAR T Wh LD 8 EAE, IF HORHERE
] @S T — AR, DRBE S JL TR RG R R R T BRI .



ZJE, HHERGHREARGR] Tt DR EMEM. 199543 H, R MR ¥
[ Robert Armstrong %5 A\ AE3E B N L Geth o th 7 MEL T R 48 Web Watcher; HriHAg
K1) Marko Balabanovic 55 AN E[F]—2x i EHEH T AMEMHETE R4 LIRA: 1997 4F, AT&T
SES R T AT UME I BE AP EAHERE R 4 PHOAKS #1 Referral Web; 2000 45, NEC
Fo B I Kurt 55 A #8251 % CiteSeer 3§01 7 M PEALHER T BE: 2003 4, Google JF 4 T
AdWords £ R, it 48 R 0 OB IR SR IR BEAR OG5 . 2007 4EFF4R, Google A
AdWords ¥ T AMEN TR, AU SGVE SR 8 2 0 DGR, T L FH P — Bk ] Ny 1 4
F2 D7 L HEATAE ORI S A, kT AR B0 B A FR R, B R R M S A DG ) P 25 2009
7 1, EAEANER RGRFAAL S A 2 S B A BR A R AL, % I L 3 T
FIEBEHR SRk T7 2, A8 HAER 5 SRR S8R G105 T E A AN E AR 5K N4 R 25 P
HEERE R, FRl X e B2C WuifE R B LA T T R 2 SR A S R B R T A

15 B HER RGN AL IR 2 FERE A P2 1R, 58— AUE B HERE RGUE AL G MG N EL T
SANRVFUSCERAE B e ok B S B FH I 7 o PR A A A B s Pl s PR I B et
HOHE : AR P RIS R T A2 B s B ARHERE R GBI R R B R
BIINAA . RiES . IRBEESE) o FHAAHER RGN BRI AEHIE B

{5 B HER RGEWITFIE L Tl i ok 3R m 2 e i v, T R I T R 2 B T A7 i
FEMEE, EXANNE, REER S T @& E. £ W, HENITRT A
R TR G T RS E B S AR AN B RS, EEMEFERGCE) 2N
HFASAE ST, Bk RGHIR G BEFERA N KRR G HEE .

1.3 [ERREMEREFNIKRRFX 7

GRS HER AR P AR BT B B AE BRI b, R AR T TR
S, KPR ESR R IFAE, E 2 R AR EAM: R 51 5w EH P EahfR (i
MISRBEIR DR FHRAE R, PRIASBEMER AT AR 2 M 750K, Bt P ok aR B i ik B
O KRR CBIA N, MRIIERICREN 1 T IR GIE e, HHERG W2 B
POd A IA AME B TR MR EAFK R, #EERGATER RN T R, m
AL AT P I P SEAT D9 TP BB A, DT Bl 2 P HHE 77 RE % T 2 AT 1% A 75
SRR B, WEME S U, H#EFE RGN R 51 ZEX TR RG2S TLANA T H
RGBT A I RO I BB AR TR, T HETE R GTREVS 7 I A MR H 0
I A 55 B ALATD A BB R F B N 48 o AESERRAEVS Th A IR 238 o Bl AR 22 ELIE Y7 i AN
MR RIIAE, MR R F LA TR, B, XSO A i s i v A 55 O Y
i, IRESRMIY R TIRE, T AR O R R, A TR R St



B, ARt DhRE, M P R 2T i ik, s+ R a5 & §E, HIFA
AR — e BT e A%, 45 T RS AT e, SRTHH PRE.

FR, (F SRR SHEFEEAEE —E WX, el 8L N LA 71 :

BRI SR BRE—NEE BT, AP RFERE 00, AR
ROl BRI R R, Pt g YA S R IR R W S S T R R . SR,
W RG2S B R B, 75 SR AR S B0 T AS B A 1)

HIGEAMENREE N S K. RV E BRI — e RE M, (H AR A
HIEAE RS (A2 FL RN R, A2 7R AR BT, $RBS5 R irE & %A K2 M 2=
o (HRIERE R G MEN T HAEIET M E KRR L, BARMERENFREGIRZ, (L2111
X THERE RGUS W E 2L, DL TR 20 KK T et HEE Rapron “MEfErE”
ZCEREIEE” T

PR A 75 R AU A fERTHE B HF Bk B, 2R I s i () 45 R HEE Sl
M, AEERIIENR =R REBE THRZEA 7 mdi. FERY, “47 I REE
T EALH P IREUE BRI RCETE & (E A AR . (RIS IR A, RS
PN B R R ELS S —ER, HFRBEES R DO R e KR, e
HTHRG SR WL, FAEEKIESAEEILH 2 R ], XA 2 DSR2 SR
o fE” P, IR AMERER IR, P R E A

B JE RV AR . R El R TR ElE T Cranfield YHM A R, ik
R AR A R T REHE R R S R A AT T, LR P CAESD B s T IR BRI 4R B
WA RN BIZ 0 . MHERE RGN E 52 IR 2, BT DU 40 MAP (Mean Average
Precision) [ W BT VEVEMY, 0] BLAMY 25 A B 3204700 T AR 4



2 BARE

BEE 5 S AR AR MBI Z AL, IIAEFRET K5 BRSSO E , {55 2B AWy
K, WEERZH. IFTPREREE S, MERREEHEESH T, SFAHME AR
ARAKSCHE, FIHAHR BT A B T-BOLAE . WU, F. AR, TR E
EEWMZRIFE, REERINFRNER . AEEEEEEAR SHESAREAR, N
TR A B BEX 5 BA R AR BEAT 4

2.1 EERZRERISENERAR

2.1.1 FERERE

2.1.1.1 Fp/RiEH

ARG fe B TR B R FIAT AR ARHU — b 1 B R AR, 2 LS R S A F A R
BRI, B (R A R T A EWRNR B “H” SO, TR, — AN
R — MR RIE I, BFECHEE LG EIZEAT . g /R RIER, W AREH A AE
SCRYBT B BREAE, 904006 25060 & R e SG R R] , AN Re L SR O B R 645 . Bl IRAI A A
L&A “TEHR” NEH “RE” WML, BLBERIETTUEE “JE4H AND K%
H T ST W 25 6 A o R U] ) SR A BB A 2R LE R, TR AT R A AR SURE RN “ 54
ULECHE 227  (Exact-Match Retrieval) o

G AT R A 2 2N F P A 5 SR AT 38 A 1 o SR B0 P D b R AR 45 R A 2R
AR R AE T (1 5 AR AU7E TX P s Ak i 1) 07 205 F P 1 S ST 48R — B8 [RIR, axX
BRI Bk RO A 6 AL, B8 K A0 52 % OS5 4 0 e AR 2L T ) o2 2 0K AR il Hi ok
NI AR BERT BA R T SENLAT IRE AR IS 5, A8 B LA MR 4 2 56 1 0 RS PP 3t 4T B IR i 7
XFIZ . E T B S AT R—ATRE R RAM X — RHFHE. JAh, AR R AT BRI R
RGEFVE Il 25 At A F 10— A8 G50 PR SR G /N BT R R « T B 45 R 1R ] B 4R
SHEA — AN 58 bR 5 A #AE S T 5 AR E— MR (R BUEAE#I CT AL A
(il B . A SR A ZR AR 2 5 ) FH A A R TR S R 2R

/R R FAAER — SR E R AR RSN, AR THLA .

(1) Ai/RiZ 5 R A F) 4 T Al S B A - R 75 5K
(2) UCECARHEAEAEA G BRI 7, ™ 4% A UTHC FT RE-S 350K HE 1 SRt 2 alad >, XL
i) 25 S H B R




(3) XA R RPN Ay, AR E SO E ZEVEHE P H Y
(4) X IS 2R 35 EAT B (1 25K

2.1.1.2 {BH/RESR

A /RRE R R OLAE, SR, T EASCRER G BAE, e th AR s R N,
AT Y AR T e KB I /e IR A, BUACE B R R G AN A AR
Kb b, KA HH R G H AL ORI ML A B R . H R 1 s (e i o, PRk,
e A AT (AR R o 53— 522 AR 20 DL BC AN I5UBL EE  Th BE R AT /R AR o X Fh 5
A DM AT ) DB R R IA A S

BN G RE M q=keAkyo RIGATREA, —F{LEE ke 8F ky Hrpz — 3¢
M5 75— AR H AR — NSO AT AR, XA SRIE 5 IR .
Tk, Salton. Fox. Wu £ 1982 5| N T4 AT /RAEALIOL, 3™ A /R ARG Ji& 1 A1 /R AR
K, PR SR MREAT /R BRAEAT o AEBERE SC LRV, 7 R AR B R Y ) SR ) 3 Aok
IR AT IR

2.1.1.3 IRHERR

PR SR A s B R 5 AN 52 PR A U EL Y, Ogawa. Morita 55 AR H B H] 345 S 46
RYUR ., ORI 5 B R IR SERR B8 OO R R . HP ERRRS . AR UEDL RS &
HAbr =& . B, AP ERMSCRERRRIERM T AR : A ={xi/nAx),
€ U}, XT IO xi MR RIS U P SR I R 8RR AN SO = R 2
A, pAG) AT HR R R T2 SRR, AT CAEROA R MG R xi & Ti%5E
IR o %+ 7 B P i RS R SCR SR T I xi, FL A (R A o) [RTRE AT CABR O B R
E R R IR . K, BT EiRss M B RBE B R T 1, R EA P 1
K2R SRR L/ T 3O A 2 A SRR R, A B R AR S T ook AR, X —
HURESR AL I — AR AR AT SO o X2 SO AN A A LG . sl i gt T
KA R, SIS e A S T OO AR, MR AN B RN RxT S
2R HOR ISR AT R -



2.1.2 REHRAY

2.1.2.1 FREHFER

R i RS B R AN HERE RG0S SUR AR Lo 1) 2 — (8, i, 4802 5| B AR 208 ) 1T
HWRER RS MR R B AT ST EEHHTHERR ; #E97 R G0/ E0 kL) fh 2 A - T
REB B RE FEREATHE s HE P 45 SR KRS HE FE AN 5 B 2 BLHRS WA AG 2N A (R

o fir]

P GEIKIHE A A b i R — B N TARAR 22 5, 25 B HE P A A rh i K B — 2 2
e, HIXEZBBHA W B 5 G 5O, AR A E I H AR
HAEAHE P HORAF 2] T — I PERESR T, (B g AN R HE e A A Rl 5 A — 2 DUR 22— MR g
ERMG—HP A, JEA S A . FRF, BEE R R RE I HE PR AT I,
FPARFAE CAT 1T TR, A 4t i HE PP AR R (R M i U ik A 0 T A B b 2 E A 52 2% (R HE P
RHIE. ML 2 1 TR A REH BB S, e 2 MEAIER, il IR 7 =0 5
AAEEEM R W SN, I T KR I 7T 8 F A LA 27 ST HoR 2 2Rk A

-7 . HEF 2] (Learning to rank) 5t R N A8 % I 07 ik R HE 7 2 ST s 48 1tk
TSR, BB A AR, AT HET A . AR SGeHE PR B, HERP 2 o iR A
TR 2 HE PR AE AT 4 G AL, X ARRLI K 2 AT 5 2], A3 3] — S m RO T
SEIAR AL R HE R AL,

HeFp 5 21 JENT DUREE HN 2577 5050 3 28, BHEIZ %R (pointwise) , JExTilllZk
(pairwise) FIFIFRUZ (listwise) o o, ZSIIZRIUIZ B b2 xd T — A SO ) AH
RIS AN TE, B3 I [ R 43 SRR 27 2 7 VR ER RE FH RN 2008 s N ZRHEF 5 21 o sl
GrHE T 2 ) IRORTE AN SCAY 4R 8 T A SRS, 1R 25 ) 2 U Ry H 9 A SRS PR AH %o It
¥, — LS HEBRAT BN I Z5HE P 5 ) 77 15404 RankNet, LambdaRank and LambdaMART .
VRN 7 B ATV RHATINGR, Bho BRI R, Hlgk B br]
DUt R A S HE P FE AR, B0 NDCG 25, 077 LA 55 /) Z i A B 9 3 1) 471 3% 11
—REE B R EL, BN ListNet 1 ListMLE 254587

HEP 5 31 5 R LR 5 21 U7 iR 5N RS BAR R ISR A A HE P 17, 7870 25 8 45 Fif
HEF T3 0 e S e A R B, B SR STHEFPAE AL, K B ARy A ORI, XL
RERAR M ZR & BOVPA . HERP 22 3102 — MG B R S LA SIS & IRt T A o

10



o RfEZ]

EEXTHERT 08, A2 G T BRI T N TS0, B SRS I 52 a0 A5 HE P 10 1
REAE, B A — RAIHE T RS 2 HE T A B HE T 1) G 7L AR N, B AT
i FH A0 2 R R TLES 27 ST A O HAR R e 1) /. 545 i 7 SR AR L, B2 T A8 2% 5T 1Y
HE PR BAT T R v SR AN HE AR A B2, 19 B HE e 25 S B A T s B Ak
IRJE%:>] (Deep Learning) J§AZ AT M# ST ), BUE T — RIF TR . IREEIH
ST PR R AR | SRR ) BN L R R SR SRS LR S RO AR b, R
DX ) PR BLAE TR JEE 272 SIS 10 o 24 5 4 0, 25 B 22 SR I )2 20, I HL TR B R R R 2 ST I R
M o AR TR AR AR, A P BRI AP AR SO S, T AL S i) L B 5
ZFE. BRI IR ST BOE T 2 BIRGI U BY, HStR et 2 e, B
—ABRE RPN 2% SO IR R 22 X 2%, BAT T 2 A [ DA PR A 22 X 28 A5 28 gt mT AR DRt
R AT BT IR FE 2 IR, W] S, ARG — IRAR LR AR i 4 o 22 TR 1 2R
PEXE S AL BT TR B 2 2T, IR TP 22 I 45 SR L A% 8 1) o 42 T 2 SR B A B R PR 3RO g

[y,

AN
UK
'r;‘x‘i&‘

4
O
<

)
®

B 5 REFSJER
® LIRSS HE AR
WEEHFF RS (Deep Ranking Model) H ELACA AR LR &t 4(5 B AR (Neural
Information Retrieval) o FHJF# 22 {5 S 2R A HEFP AR AL A5 1) 5 A0 J2 B J2= e 40 R 4 SR oS 4
REGRATHY . MR HATHEY 1015 505 SR A MBS ONL A S BRI 22 I 25 HE 2,
i N L€ SIS B RRFEREAT 2 ST o S iRt PR AR, ] DAAE [F] — A ) 72 )
X W IR A SCR RN 2 AR B AT S B VAR, B BB, A IR 5 0 B SOR B Ok

2.1.2.2 [EEFEET

[F) B s (A A AR IR B AT R VL RERAT PR, $R Y 1 — ] DUEEAT &R 23 VL C (A 20 X2
A 3 X A AT SR A (1 2R 51 T T AR A SUE SR o X SR R 28 R HSL R G P A7 14
SCRSAN P 2 2 (B A AL o JE I 6 A SR IR AR DL RE A B e e [ R % e AT

11



WAA B2 VLBC SRS o R G e AT 2R B ARG H SR AR, L ERORAE T, HEF SR SR it
THREHE A AT A R R B R

[ 2% A 2R AR TR B, TR SR A5 1 A TR T A0 Oy T 2 [ v g [ s B, JF HUeE B
22 8] b AR AR RE 2k v SCROARAURE , ELWL D3 18 o 4 SORS A5 s 9 SO = B ) e, T BAOE
Ao T SR e T PR AR A SR 58 S I RO B o SCAS AR B o i P AR AL P T 5
SCRY 1) B A [ R ROR LB .

[ B (AR R B g D BUAR SRR TR 2) ERIH VLA KIS 1
VAT B A SO s 3D TAZH AL AR o0l 4) SRVFTHE ORI AR 51 2 A1 SR AR
AR o

B, [MEFFEMBAENTRRE: 1D A& TR, BOYE R BMEA R
1 G/ S RO 5 2) KRB SO B R U UL, A
WA (PR IR R ILED 5 3) W BUREAE: BAMRRIESRELAAR
R B ST EAN BER R BRRE SR, B0 “RBIVEDLEC” 5 4D T2 AE SRS v 0RO 7 1) B
Hlal iR 5) BUEIRAAS T ERMALE), JF BAE BN _ESRG mA 8 IE .

2.1.2.3 BEEBXZES|ER

WS RGITESRAGE R SERNN A SERRNR R A, XETHA, &\, 7
ZAMTHI SR PT R B R R A b FOR, TR 2 AR A ) o 1 DR BE A 2 51 KA 2% 5L
R o 38 I P AP T S DR T OB A A B AR [ A R SR 1

M R AFERRR M (R E TR I WA R R 0k, R ET R I WL A2
BT MESUUH . HR— RSO AT e 51— R SO L T MRS . RV Iml R 22, TR AELE
DECE it

TELELE L E 515 %! (Latent Semantic Indexing, LSD W45, t & FABEE XL,
i 1) A SR T B SRR RV Z T DG R o M1 B — 2 1A K R IAE — N SR R R, I
6] 2 [ 3 T ARREA A A 1 SUR DR 12,

TETELE LSBT (Latent Semantic Analysis) B(# W& 7515 L% 5| (Latent Semantic Index) ,
J& 1988 4 S.T. Dumais % A& H T —Fofi (015 B RAREUE A, & T AR SR BRI R R
TR IS RIVE, CAE G S 7 0 K 0 SCARSRIEAT 404, AT B H H ] 5 3] 2 )
VERTE TR LA, T FIXPIE LRI SUEEM), SRFTRIAAN SO, 18 39 B i) 2 8] FRAH S RN
{7 4 SCAS [ e S R 4 1) LI

TETEIE LR G A NELL e X Te R, DRAGHE NITE 28 10 Re 2, (ER S BAFTE— SRR, &
FERIAE: 1D WLEE SN A BGR T BRI SO G, PUBOE A TV 5 A AR i 1 SO
ety , HISCRYER & i /AN A R SORS SR A AN 18] (R RV R 3 [R] — WG, EL 2 4 SR SO o 3l
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SERIBERAR, ISR TS LR S B AN KR s 2) T AETE UR G| Ak e i 17
BEMIEE, FOVE®EAT SRR, HREW T BRI EE: 3)
B WAFAE R R, e AR B 70 AT R IE S 0 A1, SR SRS G vH Bl R AT &
ST 2% A

2.1. 3 HERRE

2.1.3.1 ZRBFEZRER

M A5 By Robertson 1 Sparck Jones 7E 1976 fE$H, AT TR 1 AH OG5 BB DR
RS LA SRS BAE I B 45 S . MESRBAL B SRR . AR A0 Q R SRS B T I SR
SINHA, 5 QAMXKMES R, 5 Q AMHRMEAR o X THFERMCME, & R
WL 43 A AR R BAHIT s X TANRIZR A SCRY 8, BN R G AT A U dten] W, % SoRy
ARG 7 A BEAT V5, AKHE T ORI S A 15 0L, FRATTAI AT LA SCRS 2 18 R AR 5%
AT HIE o

B F A 1k E e B REZR AR 28 302 Robertson #2 Hi ) BM25 A 3. BM25 #A R 7F
PRAERER A A E 25— R SZIGUEAE (1), X LS T IR IR, I B SRR
L ORI —4k

BM25 S I SCREBUE A A WALE, $h R T oo r R G FT 4 s B, X Pl e
e FE T AR A SEIRIRE Y, JFA 2 — AN IER AR . BM25 BEALAE e AR A (¥ B A |
8 T B R A BOAUE DA BRI AR SR T AUE, S sRE B BRI AR, Jfilid s
BEI NGRS HL

R AL 1) = BB R RN SCARSE MR M e, 177 L AR AR B AR A T o R SR A2 11
— ARG DU ST R 255, 12 000 2% AR 10 77 2 ST SRR PR AR i o 5 HOAH G 1) 9K 1] )
L 1) SR T e 3 77 2o B TR AL IS T SOARE B R G, DRI T AR Y 1 52 R SRR 2
EZBARIAA B B B HHEE R EERR, A E AR K 4

2.1.3.2 ES{&EH

B E RN TE B R AT, Camib i, PLasis b e i a2l 7l
R, BAMERES. BN B4 EI .

B BRI IR RBU NP — R e RO SO S, AT g i 5
RS TR TR T A F NSRRI M AR, 2 AT B N EEVA R

4],
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MIEAS B BRI, HAbAS AR R A A B SR AT 518, BIZS 5E P A T 4k
FHR SRS o SRT, B SRR IEA B, A — Al g e 30, Bl SO B BT 5 e, R
AN SRR R RV SRR, ARl SORS 2R R R R 2 b, AR IR AT HE
FRAE N A R A5 R

M IR J&, BERBEASEEERAR, JMARW q /5, SO AR B ek
B ORE IR B AR RE P AR B R AT R .

(HE 5 A AL T Bt A i e, R iR AN SR o L, BN Ry 0, P LB S
RERIGIN T BT, BT B W WK 7 AT PR Jelinek-Mercer “1-18 /7%
45 Dirichlet S5 i VU118 7%

2.1. 4 Himad

2.1.4.1 ZEAER

WEEEHARKKRE, FEEMNENTAEMNZ oiEs, EBREWAFHRR TR
Tk, BUR . PUEE 2 A RE C 2 o ATTEREU S £ 375 B EZEA, WE&FER
(LA F R B P RO B AR i) AR BT E R

TR} Vi 8 20 S AR AT S B DO AE AR (1015 B R, — LR 2 AT 50 S0 s )
o o IR 22 WA R AT T T LB B 20 122 70 SEARAHA, 4 5 B OB TR 2E Bk
BRI A SCAKR A, R SCARIUAC SE A 28 o AW, BEE TF RS BRI, #L
#ri SIEHOR M EE R, B0 R R 2 AR N A B3Pm0, T R 1 B S5k R
ZEARE BHER (Multimedia Information Retrieval, MIR) J& iR NIEI LA 7248, 36
M IR E P b S IR SUE B o BRI AT DU B PR AN A, bean AR R AR
W, T DU PR TSR SR, bt SeAS L i CHEA . AR E S DL T BRI SR . £
BEARKT R AR, R B RSl

1E2R :#ﬂ'iﬁ
am | EEEEET O [ e | i wi | ([ um
~—r EESR — 1 -
& [+ ERs) -m
il ) 4 i B

B 6 ZEMFRRNEARRIZ

Z AR R AR FE T BLIR N =R3E, BRI P AR AR SR IEOR | IR A R on H AR R
RN BN REREE
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® RHMIEHRE

2 WA BRI e KA LK EATTHA T AR AT B P 6 7 R 7 22 WA R AR SR B R Y 30
Hlo S RFAE SR O] DASEBL PN AT RE Y H AR, BIZEAAR A A AR AE T B AR 5% B AR S R
AT -

® HWARNR

2 RS B R R R 2 5 8 R B BEAR 4 2 o R JEE # e R € TR R ARSIk
FeoR AR -

o HWENRK

KAB I WL = ST ST DU+ 2 BA P R 7028, BRI RS — 22 0K 4 2 i & S/
PR2E. AFRJEREE R T AR KIS, Fla, Hidden Markov Model £ & R 5 A& i
SEiEH), 10 Dynamic Time Warping /&5 [ /7 1] b Xt (B BoR
DU RE T+ VERIRRE, AT R RIS THR AR 2 3] “ R Bl 7 5“3 S ia
P20 2R ST XS I 1), $ T — RAE BRI i R A e R B DA R 15
BORH B R g e rr o B T P i B S AR B, A R T TR R PEREDL,

2.1.4.2 BIESHERER

o BEEHEEME

Bt ELIR I R R Y 22 18 5 VAR P BT RIS S 1 H 2 2 REE, B 1R S S A R UK
T BT S A . BB IE 515 B KR (Cross-language Information Retrieval, CLIR) J&1&
FUA—FE SRR, A — R e LIS S R 1S BRI R R BRI . G S
EEMZRT, APHUREACHERTR, WERRRAXWIESHOIEIES (Source
Language) , M2 HME B BRI - IE SHOV EFRTE S (Target Language) o M 22523
B S Z A, e BT LR ER FARE S ORI X, SR G R B ARTE & SRR
IBZAE R AR a0 8 2R — 6 SORS AT R R N R U SO A%
WO TEARZ AT, A5 8l 4k 5 AR SR I SRR HIE R s Bl il R O doE 7 1 bk
A SCA HR 1 6 5 3R 45 6 SRR A — BESC 7, B 3 R X 8 70 2% ] DA 2850 R HoAth 5L
DX IS, bl 3 s A ) 15 WA 2655 BT 5 {5 B R AEXT SRS 5 BRI Bl 2 I,
FOORHE IR R S A WIE 5 5 OORTE SR R ZATE R — 8. A 7 BL—FiE S 215, AL
RS —MiE S S MIE S MR ER. s, AT XRRN, BESRRAGS
RIS, HCHE S MR E R, 1 HXEE SR SRR R, & rT Bl B

(EFSLEN
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o EiEFRRIKEIAR

FEES TR SRR P 20 S I R BE B ARAT THEENLAS B AR B WL B AR AT B S
BoR o WHHEAUE BAERBORTE IR 75 3R 2 18] FOUL L, WS B REHOR 58 AN R T8 35 2 8] Y
VB SCR S, B SCTH FRA  figf pr i P o RE m F) 22 SCRIEZ ST i

HHEIEERREAR. (HEHGEERREAR T ER A RECR. BabRIIEAR, EF
AL E BIVLEEEOAR o K22 R GEH I R 26 Tt EAT M 2% 45 B it , AR5 FIRT B shdR 5
BOARXHLEEMIE RBAEATHRG], AR 5 AR BEEOR, SEBL 2 APl 5 AR 2, TR 5
B e AR, THENLIEA R S B A R 5 BT UL, R S AR5
TGUAR 5% L R R /NHR i H R R 25 A

PLERIEROR . fEEEE SRR, Fr 2 ok (1 iR fSL b B2 — MG 5 AR B R L. AR T
R S AR AL BRE, A RPIR BRI BB, T2 — M AL,
A% B SR R AL T FUA 2 - HLas B BOR S B2 — R RE A — FhiE S ISR B 3h
B R D — P 5 ORI NIRRT, O DRIF RSO GRS 5 SO AT H AR1E 5 304D
s SO T ERIRE I AR, 508 SO R R AR AR B H ARTE 5 #E LA, B
LI IR A I R B SR AL BE DUIA B R — 2. RS IE F AR T, B AR Bk
SE TR MAERYE, HERATE 3R = 5 ZEA ] 2R 5 AP S LS B A 45 5 O BoR, T
R KRB AR HENE SCAHTHEOR, IS8 % (10 R I AR BT TR K K

BOUH R « 518 515 B R W LB FE 5 Z A A B e, iR R8s
B I RO S S e S, R AR R AR S SO RO (15N 2 K B2 AR 15
OB SR 2 Sk R, fE EHARE S, — 1A 2 (N — X 2R EL R AR H i, X &
BEAT AR BRI, W A R D)8 SO AR B R, R A VB B O B AR TE 5 N
BRI BOITH NN SRR, X R B RRE M RIRAHER . X e = SR 5, 258
r A AER, AR R SR b LA A A L, DA A e

PR F A R A H DL Dy 1 W48 BEIRTE A 22 R, SRR AT BRI 2 R I R A
RIEF NG . B (S R BB AW, AT T 5515 5 (5 BAR R I 7 R tlokiiiig
Iz
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2.2 RRIEFIRLARAR

2.2 1 REHFRE

VRIS 5T R 5 U — A B S0 1), TR MR AL IR AR B
SRR S 4 S UL T SRR o A5 VRIS ST RSk, BF AL i
F1 25 VL R AR, W S AT 2 P (R 7R PR PR, DS 2% 28 B PR P
R, BT IR ST RGN LB 5

RIS 5T H 5 IR 8 A Al 0 3 — 0 PR 3 0300 322 7 BUMARAOE 11 53R
WEHARA BT TRRT AT RS E . R, VRIS SIE T MR et b
SR T T L F 79225 BB H R, DU M P O 45 1 B 7 30 47
IR P BT, S A T AT S P P AT U IR = A 2 2 PR A
S50 E R 5 L AT B T W A A R SR T L

VRIS 51 i1 T ARG T X MUBHE AT, R 2 SO T U Rt e e, 3
VRIS ST b3 B R PP 043 10 B H BB 3 o BN, PR
P 2 SRR 5T PP ST H B R, AR R FTIE AR point-wise loss) A ORH %
Cpair-wise loss) 4527 (1195156 66 KK 12 FI b (00, 60 BORHUR T 2 TR B 8GR AT A, B
T P 27 31 B 2 R0 7000 25

L A 2 AT A M HE 75 55 D R, 1 PP 0T H AR 2 51
00 e PR R e A, 5 R 6 VR 52 TR 5T P s )
FEIE, 34660 (R 4000 U IS BT R 8 — O DR AL R SGIAT B B0, S R P 1 5 e
TSR P RIS R T e B ST SR 050

ST URE S 3T (07 28 0000 0 35S L P AL X SR N VR 5 T
A2 ST B PRI R, JFRE TR B R P P A R . A I A ] 7
ok, AN, BAE A R,
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ferEIIR

at= il AR

- el
LB RBM. AE. CNN. RNM. DNNZE

| ]
a2 FF &t FAF E &) HaWER, 75
: Rt R IR AHE MERSZELE TP

B 7 ETREF INHEFERFER
BN ZEREGE AR HPRERRE G2 BR/AEN Bl mEdE G
W R SEATONEE) ORI (PR SRR BRSO MIH NE COR. BGREIE
WNE) B, AP ARANE R R, bRk PFESEM AR o BIR R E H IR
AR, GG ZIRBURZLZH . BRI, TR s SE. 1E
=, A S B A H RS, IR Softmax. AU THRSE A
ATH HERE SR -
ST & S AEHERE AR ST FTrP IR AT BL 23 N A5 T
o IRPETESIERLT WA MIHER RGPS o AR DS ) B R sl e s it TP
ER AT E N S EE, DRSS A RN, RS2 AR S
T H AR AR T H A 25 P
o RPEESIEDRELL PEF RIS o AR A R i el b R B s, SRR 22 5107
PREE I B BB AR, AT T RS e A R IE R PF 3 B A
o RETESIEIRGHERE RGBT o A 0 2 S 1 s 2 A cdie L A
T A, DR SRR [ A N e AR R, R SR T R B N R I HE
A S MR BRI G
o RIEESIER T AL M IOHER: RGE RIS o AT R S 25 15 e oS 15 i
P AR R AR5 B, SRR L 2 SRR B g ] P 2 TR A 22 50 R
B R B P X T R
o IRPESESIER SRR HER RGP IS o AR A B R i el b U s, BLK
PP G 545 B AR B 28, SRR L 27 IR Y P SR b AT R 8, R DL P AE S
T KRS -
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IR, IR P 2 ST (3SR AR BT FUA FR P 2 31 D5 32 ST P AN H RS R Rk
BEAT T H HERE , (ESRANRISRAL I D5 SRR TR R 2 ST | e A DL R A X B8 T A AR
ZESt

2.2.2 BT RBELHN g HEREF

FLTORBCHN R4 #E (Association Rule-based Recommendation) & DA< HEHH U HH 14 S %t
fitt, FECTAR SAIE RIS, KA 9 HERE RS G200,

SR AN 76 0 TS 2t L W 345 T2 0 06 2R S i 2 [l
B R PR 9 AR RS K MRS R ARSI/ 345 2 I O e, B A
S 45 2 I 18— R 056 54 Bop— N H 3045 77 DAL — s O MR 4 4% R i
7 53— NI 3655 . BRI R 7 B KRB e S DU 2 [ 55 45 B0 3606 . 21
1A e TP A8 ORI S S W7 R PR B0 4 AT . SRR AR 28 1R 9 A A 17
SR PERORSAR  HLES OEET A MR b7 TN B F R 98 2 e v
A B R R B TR A . BRI . HCROGH | RO S R A
SEREIIICY, RS 870 4 MRLH o B 76 P F 4 U8, T ST ke 7
FI P B S O A B, 40 R P RS, AR 24 T P B s o, i
VG T M MR T LA

ST ST (042 HoR 8 1 T BV P A7 2 [ ST e — P S 7
— ST, 7K O L TV P I 2 e S8 A A A R e T B
AR ST R R, TR I RO R SRR P2 . 55, HOBess 44 06T
R “WERRAT” HO0], AR IR SRR F RIS % R B AR 5
S BRI ST P, SR SR A 35 O 0 A0 (RAC Lo 2 G S
530 RE T R TE T O AR AG 2 LAY T — R ST 3R, ORI R FL P L 91k
R, TR 2 R IR . 7 R R PRI, VR R LR R ] S
V1 L2 B L P4 A 1 S LR AT N 25 i 2 s A 2 P 04 R o 35 4
A S T2 5% B 0T (R 05 SIS, ORI T ST 0 3 XL R B 474
AL AL PR PR T 7 (8, T 0T DAY R P e 4 s A

HIE T 3CA0HE 2 5, JE T XN RO 1 TR 1) BRI i,
R ERTRIOBIRIE, R AR 5 iR BT, 2) S AT A A B A
J3, T LA P B E X, 3) AT LU R LR B AT 0 7
e A R M R P2,
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2.2. 3 hEIEEHERF

iy (R 8 BRI 2R 58 P O RN IR 2 —, )2 F TP 7 B 1) 2
A £ H 8 AR T, BATAE S RS AR AE 2 1 0 A W L, AT 735 B AT A8 ke 3
DA I D IE AT IX — AR S T B AR A HERE TR, BI85 I ARALLAR P 36 BE 8T H (1
PR R R H bn R S aE I H 23 PRI S Y 32 2 H ROLE TR A s 2 Rl
KA, WERPZE L, KEATICFEMEEZ I, Wi s, i
PIAS L 6 L 7 (KPP AL, DU GEA X B AN FH P R O S R AR, AL o — >
PO BT AR S S —

He TP RN DR AR ORI AN IO F P AE B B 7 il 0 H A5 L T2 Sl H AR L
DI SAT N, 25BN T b R D SV R HEAT S0 A, SR BNRT H b % B2 S AR LU FH P A
P, A X G P O R b A R VAR SR I A P X R V23 7 05y, SRR T E A A
A B I A T A

P FERIEHER RO R A D EH TR R AR LB, . H RS
A 2 AR SE B 0 ARSI 2 M sl BEARCK , (E 2 Bl R S 5 AR ) 808l & TSR BN R s
Bl FHAPE . TEEES . WEIERESE: 2 BT RIAFH B, LR AL
RUPHY “007 Revsdh vEfERE ot/ AT DAHERE AR 2 DUAE B X T H 58 e AR RS, B
KL T REEAE R G, AT ERA U IR 3) BRett, BEEERAR
AT EM B CE N L BT R W &5, TR B S RGE T a5 B A R
AE B A5 B AR U RO A O A B AR HEE

2.2.4 ETASHHERE

FLT N A BRI T 5 B R AE B o8, AR s 0 H A A5 SR
i 2 18] I RH SR 1) P HERR A U2, o T AR AR g A 5 35 T I (R, AT A AL
AL T w19 20 H AR P AL 2o Biln, FP Sk i A2 i 1 s i, AR
AT BERT HAth 5 M2 15 A S 1 PR AL RO R o R T PN R PR A R — B0 00 R AL
PREEGE PRI B T SR B 47, BT R I HEREBOR 32 228 145 B SR IRBUCE
AMERE S, XEEE R H RRERE SR H BRRE S, AT ZRBUE X
W H BIAT e, A2 I R 5 S T R SR AT E

FT AR IR SR B S 70 A HL P S PO T H & R E AL P 1 % g, F-i it
PRA 7 B i 55 30T H 22 T RO AR SR D PP 7 R o P FR) X% A R 3 B e T P P ) 2
2T5, PORUR WA R fRe g, DU o8 . BRERAE . BT N A RIHEREBOR
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B ORBE L ANAE TR I H A BEMEAR AL, B I H A EORT DA T H (1 SRR AR, 6 T
H S5 REAT 20 M, SRR AT H BOAE B o H T OREE 703k 1 N 2 RO HERE BORIE 5 A2 X SOA
5 B AT -

FERS AT AN PR HERE I, 2B SeRAE A (K B sy id s, b F P PP B v
SRR R R e CLhands 03, IO aE) #EAT A, ANE IR 51X R M S A U 2
b5, IFHERRE . BT AR BORZ = o0, BT R A B A
HAEAR KA, BRI i 18 14 55 2R A0S A2 5 I8 38 1 P9 2 A A7 BOR th 2 L LA 2 1Y
HA ¥ i 1

ETWERHEESARE W A D HERSREW, ATREer, S oA
TP AR AE AT D P V20 e RO 0 P9 AR E R R ALY, R B 552, AT A
FUX T N A A A HERZ A PT B e s 2) TE— @ FEFE R REMR OB 0 H (i & (RITRH
ARSI o 24— LTI BIHERE RGeS RS A X LT H A A AR
A P I UGS, HRl R BT Be AN E U A R o 10 HAZSEEA 2 2 BV Mg 1k 7]
RIS, RENEHE B il AAEIRAT 7 b SN HERR S T

2.2. 5 AEHERE

TP HERE VLA S A R ER S, B0, PR 8 S D6 A 2R (1 45 A Ak T B
YEORF, ARARAE I R RS ER ¥ 7 HE 0 A I50 L 5T 2 T P9 28 B HERE T LU ek
PEER IV 45 AR, A SORRE R I P IS TE G . FT AR R 2 58 4R s 2 M ERE T7 5
BETE—, AR L HERF AR, Wt A& H#E# (Hybrid Recommendation)
H RTHIF 78RS f5 2 1) J - 1A 25 R 0 0 [0l 6 2 1RO 265 A TR (L4 S B AR T
(N 37524, IX B B4 LRR EL AT A 71
o JNBUALAE (Weighted Hybridization): il A2 ¥4 2 Fh 45 S00E IO 45 RdAT MBUR &

B 6] L 7 SR R AL, K LRI R HE R A I 45 B R — e B A ok, (%

JIERIBUE R B — MR, AR SERRTE L, R SET R, AT 3 55l (1 4

BRI ZFHAETT IR, T EA 2 Wk B i RE I, A A R AR AH G

SHUEAEEAAF o

o UM (Switching): AN [FFIFHERSAE N FASFE K, V4L w2 1R84S F
HEF I s I AN R R S . Biltn, oI T WA IR S0E, R e ANRE ™
AR R, R P R R

o RERAE Mixed): HZMHZMHERRARSG M ZMIERLER, S 2%. Fil,
A DARRAE F P 2 SR A i X A, SRS N O, 10 P HERE AR (BATI H
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RIS, A5 Wy )3 P B3 i s FH P LTS £ P RE TR T H o f5¢ i 5 7 A 7 45 SRR
ARG . HSE, Amazon. 244 R SRR 2 BT 55 WAt A2 R AT RE R 5, P
AU BRI R4S, AR 5 3k BT Z 211 .

o FFL4l#5 (Feature combination): X2 H MM Gk —, BHAGKEANFMELT
EIEARAE S, — M HERE R AR R R B ST — R SR A 9 S b R
TR AR B I AR AR Ry B, SRR AR AR LR 3 T PN A A B

o BANAE (Cascade): X2 BUNHERIERE, S —FhfEre s 27 28 — FofL B 1
fRIEHERESE R, SR)G, A 53— FE R VA B i e HE AR 45 2R sl — 2D SR 1 41
o PELRA M A MR SR ML A, 75320 S0 AER FHER o

o FHEYFE (Feature): K —FhHER: SIE™ A HOFFIEAE SR 2 55 — R Sk . Biltn,
il P SRR TTEAE N RIB N T3 VA R AL B B, SE X PR FERE HEAT B, AAT R
FEREAT SRR FZ 3 o MR 3R P B 2 7 ) B A2 5 % SRAR IO UL G RE , BAPT IR 3R, 7
A5 FHAZ A3 LK) SR BE4T HERE

o TLRERIRAS (Metal-level): F—RhfEr 2™ A (A RUAE D 55 — AR T3 L N o
Blan, & 5T F O R SRS A T IUH B R PRSI, SETH S A TN H
FRIAH BRI H 4., EIZARMCAIT B b R PR BE T F P R R o DR 50 o RIS T S T P
[AJARALLRE, e B M AL L P 22 Dl )

2.2.6 T IMRARER

B L SEAEE T A I HERR AR 2B 00 N B RAEAER, Bl D RSB A
SAENSE, LR, AU I R G TR IR AR D T RCRANT s 2) WL
FERI R IOME AR 2L, AR B0 (VT 40 X i T 9 B RO A K53, B F P i
SrBfiE A T NBR BES O IAS AT B0As s 3) 6 — S8 072 AT, P A BRI A S
IR, Bl “IRERRSNE x, BELRE” , P FERAE A IEAR 20R
B R SN T AR K CR TIN5k, AT THER AR ST, ’E
I T R R U RG I —Fh, R ANXE MR RS, B RT
SAEMULHD .

T AR AIHEFE (Knowledge-based Recommendation, KB) & —Fhk 2 J Y (2 R4
AT URAAR, FIETE SRR, SEIN T IH Z (A RBEAE B i A A o 2
W TR PERNEE FEXT AR TSRO IR, SVESE A5 Bl i BLAS BAHSCRE, s AR
WHRARBATSOE, & TIBERES . TR0 RS DR AR E: D BT
ATEIE BRGNS, WGBS, 2) HFESRARBEEAH PPy, EAa
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A LU /5 5K 57 i Z T A U T 2, B AR IR WA A HER U 3) R T R 4t
FEAT A, AEGERRE— R TEE B I — T, RIS yE A F P R] BE G ER R T 2
TRIORHERE S EAEAR 58, (LA R EAEUNHE M & —MHERE R S, i “ BL—Fhp>
PEAC T 551 52 F P A R BT ARG S8 T BB B AT I il » B0 53X 26 AR Dl H &5
R ARG

BT RR S RGERBULARRAE R T 82 f oK, AR5 REES M7 . iR
AR RIS, PR BB R R T RIRERE RGN IR o B4,
RGO M HERE VS IO ARRE o B RIRHERE R G0 1 AR IR SRR, ST 2 U AN
SEBIHERS , AT DXAE T an el s T P B SR AR 3T SEB O HERE R g B TARYE AR Y
FRACK A B 53R AG 2R AR (A0 sty A A0 AR Al AR AL FSE A B A v A R R 2 5 K5 5 L 7 SR AT
AP TR R G LR W H e SRR AR & (IERF S U 1 B
UILE ek O SR iE/RLE S DR

2.2.7 FIRRREM M

AR VAR 2 PR R R 1) R R M A HE R 50, EAIADO A P SRR, e it
B, SR BCRGER TN B TR SR IH 1SR Aol XA 5 3, e BT SR R R
GURA RE S R IR IR PR . TR, PSR R G DR TRER
EREIIHERE TS, el e T AR I W] i R iR

N T R HERE R GO TTH W AR HE R B AL B, FRATTH R 2 MO 1 MR HERE T 7T
DFRATZ WIS K. BART S, W2 HEREW FUE S AT DA ROV R SW ] -] i
i, e A2 Nfha, OB WOl HE S BT I TR AN . BT A B . ke
AR N R A R R O HE AR

R AERE AOHEREE FC AT LIGE 3 B AL WF 78 P K — S8 i L 0 A% . #1140 Herlocker
SENSER, HERE R GURE T R R A A SRR s Bl A A AR M e S
B R ER AR fh 2R, XA T I H A R B A A AR . R ik R A
BT A AR B T P R D8 (137 b

N TREATEACHERAE A UL 5 18, F TN DHBORIB 2 % 1 o T HER A AU R B 7, e
HEFF FE AR BHETE ZIRAE e, 0 HL B AR P AR i) AR rpake

Mz E BB, N TERERG R iR D2 oy 20 20 80 4E4K “old” BLIZHH
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{Introduction to Information Retrieval )

C.D. Manning, P. Raghavan, H. Schiitze.

{Modern Information Retrieval)

R. Baeza-Yates, B. Ribeiro-Neto.

{Information Retrieval: Algorithms and

D.A. Grossman, O. Frieder.

Heuristics)
(Managing Gigabytes) L.H. Witten, A. Moffat, T.C. Bell.
(Finding Out About) R. Belew.
{Information Retrieval: A Health and WR. Hersh.

Biomedical Perspective)

(TREC: Experiment and Evaluation in
Information Retrieval)

E.M. Voorhees, D.K. Harman.

{Language Modeling for Information
Retrieval )

W.B. Croft, J. Lafferty.

{Readings in Information Retrieval )

K. Sparck Jones, P. Willett.

{Information Storage and Retrieval
Systems )

G. Kowalski, M.T. Maybury.

(The Geometry of Information
Retrieval )

C.J. van Risjbergen.

{Introduction to Modern Information
Retrieval )

G.G. Chowdhury.

{Text Information Retrieval Systems)

C.T. Meadow, B.R. Boyce, D.H. Kraft, C.L.
Barry.
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TREC
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LR https://recsys.acm.org/best-papers/
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o 2 5 HE A U T 25 R 22 WS T SO AT 1248, 3045 5% 2 2 SR T St 10 48
(2009-2018 ) B, ZJElidit SCIEE 1290 Hix SR T X ¥, REULSCHETA %
HiER, ML H h-index HEA B SE R 1 2000 ML ARG IR ¥, /00 T & oA 4k
NG, AT RS U E A S R4 B e RV BR 2

FATH 0 FT BRI AN &AL B4

TOIS (ACM Transactions on Information Systems)

SIGIR (Special Interest Group on Information Retrieval )

IPM (Information Processing and Management)

IS (Information Systems)

TWEB (ACM Transactions on the Web)

IR (Information Retrieval)

RecSys (ACM Conference on Recommender Systems)

WSDM (International Conference on Web Search and Data Mining)
ECIR (European Conference on Information Retrieval )

ICTIR (ACM SIGIR International Conference on the Theory of Information Retrieval)
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8 FERRSHFELKMARFESH
H BT BLE Y, MESAERE, FERR SRS AL ERE R L, PEIKZ,
e FE A 45 B XA B N A s WX A R, PR WA SR IR AR B AN A B S
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FERERILE BT, A5 BAS R SHERR QU b B k223 H 91.4%, k2235 L H 8.6%,
St G T (9 ) .
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B 9 EERRSEFNRFEMERIELH]

5 EK R G HEFESIRTNIZR 244 1 h-index 23 A W1 10 ATz, 43 A 1 00 B4R S BRIR,
KR53 1) h-index 20 A fE K X 4K, Hrb h-index 7E<10 (X R AEi %, A 985 N, &
tt 49.2%, 50-60 X [A] N>, F 46 N, A 2.3%.
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; ; ; s
-300 -200 -100 0
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® 825

@ 31%

® 423

THERE (Weiying Ma)
heindex: 97 | ¥r#t: 410 | SIE%: 40208

= Vice President
i Today's headlines

WMm EiERE EERE B5EI1E S SERE BoeE  SHER

K% (Lei Zhang)
h-index: 95 | 8378: 555 | SIF%E: 40878

& Principal Research Manager

M Department of Computing, The Heng Kong Polytechnic University
HHER BEuE ABERA S Bfn: BEsSE £R5ZE BEr

ZEf1 (Hang Li)

h-index: 65 | i3c#: 278 | SIE#: 17063
= Researcher

W IRk
EEEE FIEF HEFY HNEEE NERE BRI BEEm IERE

B (Yong Yu)
h-index: 57 | i#: 306 | SIFRH: 14441

= Professor

W _HEssEaE
WE EME EsEE JEFT hEEdE #EER HSEE fEes

£ EE (Irwin King)
h-index: 56 | i&3#: 221 | SIE#: 12312

= Professor

m EFETIE
LERE EEESR HeRNE HEFS BEER nEEE ZoEEbl

Zheng Chen
h-index: 53 | jg#y: 190 | SIB%: 11216

= Senior Researcher
I Microsoft Research Asia

weblE #HEZE HE FEREE HE¥S HEEE SHESIT

H#kE (Tieyan Liw)

h-index: 51 | 83K 210 | SIA#: 12056

& Assistant Managing Director

W T ek

¥3HF EES BREIE REAN NI ESE SEI mMEgs

4SS (JiRong Wen)

h-index: 47 | 8308 232 | SIE%: 12322
& 8 R
| FEARAFEEFR

MOl BESIE EERE B EEER R ESEts ST
=% (Xueqi Cheng)

h-index: 45 | 8308 548 | SIFA%: 8757

EERE WM XERE BEAE SEERE NI HeNE #5sE

AIE Xiaojun Wan)
h-index: 30 | 357080: 192 | SIFA%: 4475

= Professor

W AR
EERE ORESHE BEsiT WifRR SRS
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3.2 BRlZHE

FATE BRI 28, X R R SO AT S . 4R 5 8 4 i A
FHE NGRS E . TEELE NI IEAT A,

\s

3.2.1 ZRFH

® Chengxiang Zhai (& )

Chengxiang Zhai

79 A4 159.89 | BoN 01.38 8 28675 | [ 409
& Professor

i Department of Computer Science,University of lllinois at Urbana-Champaign

Language Model Information Retrieval Text Mining Search Engine Mixture Model Topic Model

Probakbilistic Model Query Expansion

laa Research Interests

@ Language Model Information Retrieval @& Text Mining Search Engine

@ Mixture Model

1991 1985 2000 2005 2010 2016

P2 SO TR A TE K TR G- 452 43 12 (University of illinois at Urbana-Champaign) 1]
R, T 1990 4. 2002 4F 53 A 3RAF B 5K v ELHLE L 2 A AR T A B K 20 S S
FOR 2247, 2017 HE & ACM Fellow, 3R Z2 W2 IT: = X3k Association for Computing
Machinery SIGIR Test of Time Paper Award, 2004 4 i 3 [B 5 545 b 52 ZF0 T A2 % = 2R 5 5
4% (PECASE) , Alfred P. Sloan W 713¢, IBM fRFF#T, HP GU¥iHH 713 UIUC 75
FUTFR S

AR R AUR LS B ERR. SCARZIE .. ARES AR, L2 I A E R
. RIS B S “ A Study of Smoothing Methods for Language Models Applied to Ad Hoc
Information Retrieval” $&3E SRR G 5 @B TERAW G| JAHTS, BEAEA TR R 1
5T A T R G R DK, 15 F AT TR R A A B ATAS B2 B A
X LTV B A AR Al TR SCRE TS SRR, SRS MR A it T A 5 A2 A 3 AT e A0
SR REATHEA
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® Tefko Saracevic

Tefko Saracevic

37 2.36 0.96 12020 176
&8 Associate Dean Editor-in-Chief Professor I

T School of Communication State University of New Jersey
Information Retrieval Infarmation Processing Information Science Digital Library Information Services Feadback Relevance World Wide Web

lha Research Interests

@ Information Retrieval Information Processing @ Information Science
Digital Library @ Information Services

1967 1970 1980 1990 2000 2010

Tefko Saracevic 7& 2 #31 K%~ (Rutgers University) HIZ4% . Ath7E 7 2 1V 5% 4% 845 K
% (University of Zagred) #>JHU/S TR, FFHUS 1 fl L7 4. 1970 4, Tefko
Saracevic TEM& Z A TR R 2 (I ELETPE 6 K5 (Case Western Reserve University) #4715 5
BEAIT I

Tefko Saracevic JGEA Tk 2 Tk Bh4s, Mh3RTE T 1997 4F SIGIR / ACM 1] Gerard Salton
Award; fA{E T 1991 FEEE EFRI2%2%% (American Society for Information Science, ASIS)
g KA T 1989 4 3% [H (5 B % % 2 T (Journal of the American Society for

Information Science) HIEfEIL ¥,

Tefko Saracevic B FL U ELFE: (EEMER . AN B MbIF&E 518 “Real life, real
users, and real needs: a study and analysis of user queries on the web” , 437 1 1 3= B H Ik ] 48
%Rk %% Excite 1) 18113 &4 H 2 H 1) 51473 ME WAL S HE. Ko E fUNE R
FIHF, LAANT R Web F 7 BIREAE, RIS HEAT T 005 247
® Nicholas J. Belkin

Nicholas J. Belkin

1 50 ;4 31.85 | [ 14.56 | | = 14111 | 246
& Distinguished Professor

I School of Communication and Information,Rutgers University

Information Retrieval Personalization User Model Information System Information Retrieval System

Information Meed Task Type Human Computer Interaction

|#ha Research Interests

@ Information Retrieval Personalization @ Information Retrieval System
Information System @ User Mode!
’ M‘ r
1966 1970 1980 1990 2000 2010 2016
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Nicholas J. Belkin #& % #% #i K% (Rutgers University) &% 515 B % bt R IEEGZ . i
A 7 SRl K% (University of Washington) {5 282 (8 2247 FIAE UK %~ (University
of London) 15 B FC I 422457 .

Nicholas J. Belkin 84T 7 1995-1999 4 [#j SIGIR i, 2005 EEE {5 Bl GH A% 2
(Association for Information Science and Technology, ASISI&T) M<K, K3 T 2015 £
Gerard Salton %%,

Nicholas J. Belkin [HF 7E ik 45: A S5EEMNES). K ERFEEEE. SERGTH
AHAZ H% . BB 30 “ Information filtering and information retrieval: Two sides of the
same coin ? 7 HEFNUFE B IER—NAFR, H TR K in 7 E I AL SE B & il iR,
BRI ARG G H IR R 0 W o M, 22 50 0 A 2R GER LT I A SRS 55 B R
AT AR SC &, (B SRR DGR (A& el 2 RAERED 2 [ 1 X B8 %
ANEIE,
®  Norbert Fuhr

Norbert Fuhr

45 16.24 6.23 2002 330
& professor

B University of Dortmund

Information Retrieval Drigital Library Indexation Query Languages Probabilistic Model ¥ml Document Xml Retrigval User Interface

e Research Interesis

@ Information Retrieval Digital Library @ Indexation Query Language
@ Probabilistic Model

B s e

1984 1990 1985 2000 2005 2010 2014

Norbert Fuhr J2& {8 [E #1832k K 2% (University of Duisburg-Essen, Germany) {5
BT JEYLR 22 20% . A EUS T I8 W 35 45 Tl K% (Technical University of
Darmstadt) THEHUENF I 22407 .

Norbert Fuhr i3k 73 12 1R 22 2200, 5 41 1987 4F 48 [E ik %% % (the German Society of
Documentation) &[] “Gerhard Pietsch Award”, 2012 F#] Gerard Salton Award.

Norbert Fuhr [RF 7 U4 : 5 B R Ber BRI HESE . & 5183 “ A probabilistic
relational algebra for the integration of information retrieval and database systems”, & T ME%
KEME (PRAD. £ PRA 1, JUAMIR TREFRAE, FINIERIR 73 il SO A R 4538

35



® Maarten de Rijke

Maarten De Rike
72 354.46 | | -2_3?.9?' 23483 728

28 Professor

I Informatics Institute,University of Amsterdam

Infarmation Retrieval Modal Logic Language Model Question Answering Matural Language Query Expansion Evaluation

Search Engine

l#a Research Interests

@ Information Retrieval Modal Logic @ Language Model
Question Answering @ Natural Language
_J—\A
1990 1995 2000 2005 2010 2016

Maarten de Rijke #& 7 = [ TH AR 225K Ml T 1998 S MAFTA-TR PR 2%, FEAE 2004
SERAE A B AR PR A5 B B i, U R A R PR 2245 B 518 5 A 3N
2017 4F, Maarten de Rijke 43 i 2% 2 K AR5} 5Bt (Royal Netherlands Academy of

Arts and Sciences) it

Maarten de Rijke 5 )1 TAEME THAS @ EFMAINERIR, HE 21 LWLk, 32
MHFEERRITAE. iE 51183 “Expertise retrieval” $&2, 15 NS B 2R AT 1) 7
TR, TR R CA 51 T RO B2 A = & AR .

® Susan Dumais

Susan T. Dumais

100 76,81 3787 1218 343

&5 Researcher

I Microsoft Research Lab,Redmond

Information Retrieval Search Engine Latent Samantic Indexing Web Pages ‘Web Search Engine Web Search Latent Semantic Analysis

Personal Information Management

|#a Research Interests

@ Information Retrieval Search Engine @ Latent Semantic Indexing
Web Pages @ Web Search Engine
_._—‘e"\_\'\»‘\./,\
1975 1980 1990 2000 2010 2016

Susan Dumais #& 3 E THEHRFE R, — BRI RERIEETTERE . EIMAHETZ
Hi, 8% 7E Bellcore 52565 (I A Telcordia Technologies) Al [EF#EAT 3¢ T8 BAG & HRIC
I (vocabulary problem) P, AT B SCAS (I 5 AT REAL FH 5 48 2R SCRY 1) A T8 £ ]
IRR R —ANEY, N 7R RIXA W8, A&k B 7 /EE L& 5] (Latent Semantic

Indexing) -
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2006 4, Susan Dumais 4% ACM Fellow: 2009 4%, W3k 7B 95 BAG R AR
B U %11 Gerard Salton Award; 2014 4F, PUAZETHEALE A OURI AR B oTER, /45 77k
BT 2% CAthena Lecturer Award); 2015 4, A1k 3 B 2R 5%} 2242 Ft (American Academy

of Arts and Science) 2%,
Susan Dumais [T 78 URELEE : 5 SRR . ANLEB)EE o 1t (15 5118 3C“ Indexing by latent
semantic analysis” , R T —FHT BRI AR PH 0% ZINERFHARE 50
CTE A7 ) ORI I B s B 4 i, DU T 25 460 v 4R 21 PR AR SO A R SRS A
.
® Ricardo Baeza-Yates

Ricardo Baeza-Yates

77 8412 89.36 47324 490
& CcTO
I NTENT
Search Engine Information Retrieval Web Search Engina ‘Web Pages Indexation Internat Search Engines Wab Mining

|8 Research Interests

@ Search Engine Information Retrieval @ Web Search Engine ‘Web Pages

@ Indexation
1987 1830 1995 2000 2005 2010 2016

Ricardo Baeza-Yates L 1F B I M 15 L # % 22 7] NTENT B & & H AR B, KA K2E
(Northeastern University ) FEAL X 1) FEHR 3%

2003 4, Ricardo Baeza-Yates #%3%6 N8 I F}2- Bt (Chilean Academy of Sciences) ffJ B 51 ;
2009 4, #¢ikJy ACM Fellow: 2011 4F, 1%’y IEEE Fellow: 2018 41k BP0 R 2B

(Brazilian Academy of Sciences) J¥ i .

Ricardo Baeza-Yates [FIF FL IR HG: FILRIEIESE M . 5 B R M RATZIH%E.
()7 51 S “ Data Portraits and Intermediary Topics: Encouraging Exploration of Politically
Diverse Profiles” $2%, BT sw2, MMMt T 5 EFRE S0 A7 55, I H R B3
A NIPRIE B o VP25 1R NS ARLE 4 77 AR AN B R AR I AR, BRI A A 2%
AR H T — ARG HERE SR VS AL T AT WAL IR P ST 10T 6 R AT R
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® Jamie Callan

B Ty

Jamie Callan

50 aes | Bl o | Bless2 51
& Professor

I Language Technologies Institute,Carnegie Mellon University

Information Search And Retrieval Expert Finding Socizl Media Autharity Metworks

|as Research Interests

@ Language Model Information Retrieval @ Search Engine
Query Expansion @ Digital Library

1996 2000 2005 2010 2014

Jamie Callan #& & N 3&-#F & K2~ (Carnegie Mellon University) 1FHAL R IR, 2Bl E1E
L 3% FE K% (University of Massachusetts Amherst) B 2R #7457 140 AT Bh FE#04%

Jamie Callan /& ACM’s Transactions on Information Systems (TOIS) HATIH 34, LHH
fEid ACM SIGIR TR %5 E4 (1999-2003) FIEE (2003-2007)

Jamie Callan [ FEUIRAHE: (5 BRRMONT. MRIIELEN . (5 EIEIE R SIAR S
Wrés. M 511830 “ Distributed information retrieval” , T —Fhor4i A5 BRI £
Kt PEASEAY, FLA BB AATTAT DA ) VF 22 TR 3R (0 SOARK R e o AEIZFERIH S, 22305 R
R R FE RN RN 7, FR R TTU 2 20 0R R e o B AT HERY, R D B,
AR B FEAN [5) Bt Pl [l ) 45 2R
® James Allan

James Allan
o8 142 | [ 413 | [l s0vee| [ zas

& Professor

i College of Information and Computer Sciences,University of Massachusetts

Information Retrieval Language Model Query Expansion Evaluation Information Retrieval System Clustering Computer Science Topic Detection

|#a Research Interests

@ Information Retrigval Language Mode! @ Query Expansion Evaluation
@ Information Retrieval System

1992 1995 2000 2005 2010 2016

James Allan A& 5 3% 1% F& KB BRIT4F 73 (University of Massachusetts Amherst) 115
NLAZEZ, bR, HHZ R OIS F1E.
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James Allan 41/ ACM’s Transactions on Information Systems (TOIS) #ATI# Elsevier’s
Information Processing and Management (IPM) T HIEl 34 . 1 H #7 & (Foundation and
Trends in Information Retrieval) 1442 2 id, 2018 4241k CRA EHHZ MM .

James Allan B 78 SR A0 45 . (5 B RE . & 51183 “ On-line New Event Detection
and Tracking” , 5 XFFREER T T 337 18 5 AR 00 R0 =52 R B RO R 5% ) R

®  Alistair Moffat

Allistair Moffat

58 90.98 15.06 16998 330
22 Professor

M Department of Computing and Information Systems,University of Melbourne

Information Retrieval Data Comprassion Indexation Computer Scienca Decading Encoding Evaluation Huffman Codes

|ba Research Interests

@ Information Retrieval Data Compression @ Indexation
Computer Science @ Decoding

“{M—V\'&.

1980 1990 2000 2010 2016

Alistair Moffat & 58 /KA K 2% (University of Melbourne) THHEN R#H, HTHEHLE
FHBETER T (2007-2011) , SIRA TR K (2007-2009) .

Alistair #8475 — KA S WA FFE, WAL TR 3%, 45 Journal of Information

Retrieval 1 ACM Transactions on Information Systems (TOIS) %&.

Alistair Moffat #F 70 ATUB AL TG : SCARIZRS|, SRR, WM RE. bS58 3:
“Self-Indexing Inverted Files for Fast Text Retrieval” $23], KA 122 1 2 ) b B R A 3=
T TR 2RI 8 A 7V I S 1) 81 R 11 75 B 3 e R 4 T AR Kk b S 8 314 11
R R IA], AEZ 2 AT 75 6 CPU IRl R A AT 1A A v DUd e 76 AN 45 [ 5 1) 41 3
AENHE .
® Diane Kelly

Diane Kelly

34 0.74 (1] 044 178
&% Professor

H School of Information & Library Science University of North Carolina

Enzyme Cytochrome P450 Infarmation Retrieval Fungicide Genome Escherichia Cali Information Need User Model
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| Research Interests

@ Enzyme Cytochrome P450 @ Information Retrieval Genome
@ Fungicide
“"* — »
1989 1985 2000 2005 2010 2015 2017

Diane Kelly #& HI 4476 k2% (University of Tennessee) i1 5L R %%, 712 fl it 3 (LN
FAbR 2 gy K22 H0E L BOF AR . 2004 SEHUE B Wik K2 (1015 B 5 1 1
2507, 1996 EFRIGFTHLE T K2 (The University of Alabama) .03 22 FI 51 2+ 2447
I W3R 1F 2014 4F ASIST WHFE3 (RR4AERVP—T0 | 2013 45 EH iHHALH 2 1) IRSG Karen
Spérck Jones % 2009 4V #H/% AR #6515 BARFEBUNRAN 2007 4 SILS A H UM
i E Br it E LSS B R 24 (ACM SIGIR) BT L%, [FIf & ACM Transactions on
Information Systems | -4, J7EfJ4% Information Processing & Management 1 Information
Retrieval Journal 7£ P ¥ 2 A% O IR TIHEAE A 2

Diane Kelly W LI HE: AN H. FEEHRIT N LEAEBERE, W&ol
WL “Methods for evaluating interactive information retrieval systems with users” , At T 5
PP B RE BRI R RGO BER AU, 10 T — 2de e T8 B RS B R e
P r)
® W. Bruce Croft

W. Bruce Croft

| 110 292,28 | 15 59.40 | || 53688 | | b 485

& Professor

i College of Information and Computer Sciences,University of Massachusetts

Information Retrieval Language Model Document Retrieval Search Engine Question Answering Indexes

Query Expansion Information Need

|#a Research Interests
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PITHENEE G, B 2015 FLSk, —HIEE B STHENEE BB K.
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N, FET 1995 43 2002 FFH/E ACM Transactions on Information Systems (TOIS) ) 3 % .
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* SIGIR 2018 3FEIiPr

® Best paper award

WX H: Should I Follow the Crowd? A Probabilistic Analysis of the Effectiveness of
Popularity in Recommender Systems

W AE# : Rocio Caflamares, Pablo Castells
Y& X H#H 2 : The use of IR methodology in the evaluation of recommender systems has become

common practice in recent years. IR metrics have been found however to be strongly biased
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towards rewarding algorithms that recommend popular items —the same bias that state of the art
recommendation algorithms display. Recent research has confirmed and measured such biases,
and proposed methods to avoid them. The fundamental question remains open though whether
popularity is really a bias we should avoid or not; whether it could be a useful and reliable signal
in recommendation, or it may be unfairly rewarded by the experimental biases. We address this
question at a formal level by identifying and modeling the conditions that can determine the
answer, in terms of dependencies between key random variables, involving item rating, discovery
and relevance. We find conditions that guarantee popularity to be effective or quite the opposite,
and for the measured metric values to reflect a true effectiveness, or qualitatively deviate from it.
We exemplify and confirm the theoretical findings with empirical results. We build a
crowdsourced dataset devoid of the usual biases displayed by common publicly available data, in
which we illustrate contradictions between the accuracy that would be measured in a common
biased offline experimental setting, and the actual accuracy that can be measured with unbiased
observations.

17 pa Hhy ik

https://www.aminer.cn/archive/should-i-follow-the-crowd-a-probabilistic-analysis-of-the-effective

ness-of-popularity-in-recommender-systems/5b67b46f17c44aac1c8632a4

® Test of time award

WX H : Improving web search ranking by incorporating user behavior information
WIAE# : Eugene Agichtein, Eric Brill, Susan Dumais

W ICHEEL . We show that incorporating user behavior data can significantly improve ordering of
top results in real web search setting. We examine alternatives for incorporating feedback into the
ranking process and explore the contributions of user feedback compared to other common web
search features. We report results of a large scale evaluation over 3,000 queries and 12 million
user interactions with a popular web search engine. We show that incorporating implicit feedback
can augment other features, improving the accuracy of a competitive web search ranking

algorithms by as much as 31% relative to the original performance.

2 p'a Hh bl
https://www.aminer.cn/archive/improving-web-search-ranking-by-incorporating-user-behavior-inf

ormation/53e9b042b7602d9703aal 15b

* SIGIR 2017 3R

® Best paper award

WX H: BitFunnel: Revisiting Signatures for Search
1 AE# : Bob Goodwin, Michael Hopcroft, Dan Luu, Alex Clemmer, Mihaela Curmei, Sameh

Elnikety, Yuxiong He
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Y& %2 : Since the mid-90s there has been a widely-held belief that signature files are inferior to
inverted files for text indexing. In recent years the Bing search engine has developed and deployed
an index based on bit-sliced signatures. This index, known as BitFunnel, replaced an existing
production system based on an inverted index. The driving factor behind the shift away from the
inverted index was operational cost savings. This paper describes algorithmic innovations and
changes in the cloud computing landscape that led us to reconsider and eventually field a
technology that was once considered unusable. The BitFunnel algorithm directly addresses four
fundamental limitations in bit-sliced block signatures. At the same time, our mapping of the
algorithm onto a cluster offers opportunities to avoid other costs associated with signatures. We
show these innovations yield a significant efficiency gain versus classic bit-sliced signatures and
then compare BitFunnel with Partitioned Elias-Fano Indexes, MG4J, and Lucene.

ik
https://www.aminer.cn/archive/bitfunnel-revisiting-signatures-for-search/59a030a9b161e8adla7b

6f13

® Test of time award

W H: Personalizing search via automated analysis of interests and activities
W AE# . Jaime Teevan, Susan T. Dumais, Eric Horvitz

18 %% : We formulate and study search algorithms that consider a user’s prior interactions with
a wide variety of content to personalize that user’s current Web search. Rather than relying on the
unrealistic assumption that people will precisely specify their intent when searching, we pursue
techniques that leverage implicit information about the user’s interests. This information is used to
re-rank Web search results within a relevance feedback framework. We explore rich models of
user interests, built from both search-related information, such as previously issued queries and
previously visited Web pages, and other information about the user such as documents and email
the user has read and created. Our research suggests that rich representations of the user and the
corpus are important for personalization, but that it is possible to approximate these
representations and provide efficient client-side algorithms for personalizing search. We show that
such personalization algorithms can significantly improve on current Web search.

W HE
https://www.aminer.cn/archive/personalizing-search-via-automated-analysis-of-inte-rests-and-acti

vities/53e¢9a53fb7602d9702e60c49

* SIGIR 2016 FEIiPr

® Best paper award

WX H: Understanding Information Need: an FMRI Study
WX AE#: Yashar Moshfeghi, Peter Triantafillou, Frank E. Pollick
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¥ 3 #ii L :  Information need refers to a complex concept: at the very initial state of the
phenomenon (i.e. at a visceral level), even the searcher may not be aware of its existence. This
renders the measuring of this concept (using traditional behaviour studies) nearly impossible. In
this paper, we investigate the connection between an information need and brain activity. Using
functional Magnetic Resonance Imaging (fMRI), we measured the brain activity of twenty-four
participants while they performed a Question Answering (Q/A) Task, where the questions were
carefully selected and developed from TREC-8 and TREC 2001 Q/A Track. The results of this
experiment revealed a distributed network of brain regions commonly associated with activities
related to information need and retrieval and differing brain activity in processing scenarios when
participants knew the answer to a given question and when they did not and needed to search.

W HE
https://www.aminer.cn/archive/understanding-information-need-an-fimri-study/57d063b4ac44367

35428dbe2

® Test of time award

WX H : Accurately interpreting Click through data as implicit feedback

WX AE: Thorsten Joachims, Laura Granka, Bing Pan, Helene Hembrooke, Geri Ga

WA £ : This paper examines the reliability of implicit feedback generated from clickthrough
data in WWW search. Analyzing the users’ decision process using eyetracking and comparing
implicit feedback against manual relevance judgments, we conclude that clicks are informative but
biased. While this makes the interpretation of clicks as absolute relevance judgments difficult, we
show that relative preferences derived from clicks are reasonably accurate on average.

7' X Hhy ik
https://www.aminer.cn/archive/accurately-interpreting-clickthrough-data-as-implicit-feedback/53e

9aacab7602d9703447ca7

3.3.2 JEFHE ACM SIGIR =3|ip T

AT55)2% 7 ACM SIGIR VU TLAER G130, WG H « 1EF . 25 5 BLCT Sk
I
® iH: Image-Based Recommendations on Styles and Substitutes (5| F%i: 572)
{£% : Julian J. McAuley, Christopher Targett, Qinfeng Shi, Anton van den Hengel
##%%: Humans inevitably develop a sense of the relationships between objects, some of which are

based on their appearance. Some pairs of objects might be seen as being alternatives to each other
(such as two pairs of jeans), while others may be seen as being complementary (such as a pair of
jeans and a matching shirt). This information guides many of the choices that people make, from

buying clothes to their interactions with each other. We seek here to model this human sense of
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the relationships between objects based on their appearance. Our approach is not based on
fine-grained modeling of user annotations but rather on capturing the largest dataset possible and
developing a scalable method for uncovering human notions of the visual relationships within. We
cast this as a network inference problem defined on graphs of related images, and provide a
large-scale dataset for the training and evaluation of the same. The system we develop is capable
of recommending which clothes and accessories will go well together (and which will not),
amongst a host of other applications.

B c bl https:/www.aminer.cn/archive/573696¢56e3b12023e5¢58be

® iiH: Learning to Rank Short Text Pairs with Convolutional Deep Neural Networks (5|
A% 419

fE#: Aliaksei Severyn, Alessandro Moschitti

§i 2L : Learning a similarity function between pairs of objects is at the core of learning to rank
approaches. In information retrieval tasks we typically deal with query-document pairs, in
question answering -- question-answer pairs. However, before learning can take place, such pairs
needs to be mapped from the original space of symbolic words into some feature space encoding
various aspects of their relatedness, e.g. lexical, syntactic and semantic. Feature engineering is
often a laborious task and may require external knowledge sources that are not always available or
difficult to obtain. Recently, deep learning approaches have gained a lot of attention from the
research community and industry for their ability to automatically learn optimal feature
representation for a given task, while claiming state-of-the-art performance in many tasks in
computer vision, speech recognition and natural language processing. In this paper, we present a
convolutional neural network architecture for reranking pairs of short texts, where we learn the
optimal representation of text pairs and a similarity function to relate them in a supervised way
from the available training data. Our network takes only words in the input, thus requiring
minimal preprocessing. In particular, we consider the task of reranking short text pairs where
elements of the pair are sentences. We test our deep learning system on two popular retrieval tasks
from TREC: Question Answering and Microblog Retrieval. Our model demonstrates strong
performance on the first task beating previous state-of-the-art systems by about 3\% absolute
points in both MAP and MRR and shows comparable results on tweet reranking, while enjoying
the benefits of no manual feature engineering and no additional syntactic parsers.

B c bl https:/www.aminer.cn/archive/573696¢46e3b12023e5¢5745

® i H : Attentive Collaborative Filtering: Multimedia Recommendation with Item- and
Component-Level Attention (5| F%: 167)

{£%# : Jingyuan Chen, Hanwang Zhang, Xiangnan He, Ligiang Nie, Weiwei Liu, Tat-Seng Chua
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fif % : Multimedia content is dominating today's Web information. The nature of multimedia

user-item interactions is 1/0 binary implicit feedback (e.g., photo likes, video views, song
downloads, etc.), which can be collected at a larger scale with a much lower cost than explicit
feedback (e.g., product ratings). However, the majority of existing collaborative filtering (CF)
systems are not well-designed for multimedia recommendation, since they ignore the implicitness
in users' interactions with multimedia content. We argue that, in multimedia recommendation,
there exists item- and component-level implicitness which blurs the underlying users' preferences.
The item-level implicitness means that users' preferences on items (e.g. photos, videos, songs, etc.)
are unknown, while the component-level implicitness means that inside each item users'
preferences on different components (e.g. regions in an image, frames of a video, etc.) are
unknown. For example, a 'view" on a video does not provide any specific information about how
the user likes the video (i.e.item-level) and which parts of the video the user is interested in
(i.e.component-level). In this paper, we introduce a novel attention mechanism in CF to address
the challenging item- and component-level implicit feedback in multimedia recommendation,
dubbed Attentive Collaborative Filtering (ACF). Specifically, our attention model is a neural
network that consists of two attention modules: the component-level attention module, starting
from any content feature extraction network (e.g. CNN for images/videos), which learns to select
informative components of multimedia items, and the item-level attention module, which learns to
score the item preferences. ACF can be seamlessly incorporated into classic CF models with
implicit feedback, such as BPR and SVD++, and efficiently trained using SGD. Through
extensive experiments on two real-world multimedia Web services: Vine and Pinterest, we show
that ACF significantly outperforms state-of-the-art CF methods.

WICHLbE:  https:/www.aminer.cn/archive/599e64305d763cf99f73a2d0

® HiH: Rank-GeoFM: A Ranking based Geographical Factorization Method for Point of
Interest Recommendation (5% 160)

f£# : Xutao Li, Gao Cong, Xiao-Li Li, Tuan-Anh Nguyen Pham, Shonali Krishnaswamy

fif # : With the rapid growth of location-based social networks, Point of Interest (POI)
recommendation has become an important research problem. However, the scarcity of the
check-in data, a type of implicit feedback data, poses a severe challenge for existing POI
recommendation methods. Moreover, different types of context information about POIs are
available and how to leverage them becomes another challenge. In this paper, we propose a
ranking based geographical factorization method, called Rank-GeoFM, for POI recommendation,
which addresses the two challenges. In the proposed model, we consider that the check-in
frequency characterizes users' visiting preference and learn the factorization by ranking the POIs
correctly. In our model, POIs both with and without check-ins will contribute to learning the
ranking and thus the data sparsity problem can be alleviated. In addition, our model can easily

incorporate different types of context information, such as the geographical influence and
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temporal influence. We propose a stochastic gradient descent based algorithm to learn the
factorization. Experiments on publicly available datasets under both user-POI setting and
user-time-POI setting have been conducted to test the effectiveness of the proposed method.
Experimental results under both settings show that the proposed method outperforms the
state-of-the-art methods significantly in terms of recommendation accuracy.

B c bl https:/www.aminer.cn/archive/573696¢56¢3b12023e5¢59f6

® i H: Monolingual and Cross-Lingual Information Retrieval Models Based on (Bilingual)
Word Embeddings (5| F%: 150)
f£% : Ivan Vuli¢, Marie-Francine Moens
fif # : We propose a new unified framework for monolingual (MoIR) and cross-lingual
information retrieval (CLIR) which relies on the induction of dense real-valued word vectors
known as word embeddings (WE) from comparable data. To this end, we make several important
contributions: (1) We present a novel word representation learning model called Bilingual Word
Embeddings Skip-Gram (BWESG) which is the first model able to learn bilingual word
embeddings solely on the basis of document-aligned comparable data; (2) We demonstrate a
simple yet effective approach to building document embeddings from single word embeddings by
utilizing models from compositional distributional semantics. BWESG induces a shared
cross-lingual embedding vector space in which both words, queries, and documents may be
presented as dense real-valued vectors; (3) We build novel ad-hoc MoIR and CLIR models which
rely on the induced word and document embeddings and the shared cross-lingual embedding
space; (4) Experiments for English and Dutch MolR, as well as for English-to-Dutch and
Dutch-to-English CLIR using benchmarking CLEF 2001-2003 collections and queries
demonstrate the utility of our WE-based MolIR and CLIR models. The best results on the CLEF
collections are obtained by the combination of the WE-based approach and a unigram language
model. We also report on significant improvements in ad-hoc IR tasks of our WE-based
framework over the state-of-the-art framework for learning text representations from comparable
data based on latent Dirichlet allocation (LDA).
WICHLbE:  https:/www.aminer.cn/archive/573696¢56e3b12023e5¢5f0¢
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