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[#H&£] SFFATFRXAOAAAESFELERE, pairwise learning# —AJE % T 28
B AKF ., pairwise learning H &8 % A TFTXHE AL —ANMRAPFwRE, MHLTREFTOH
T IEREA TR R T OB TS, IMBIREEF L LN I F L2474 KF training
pairse mA T 3 KR GHIEE, KMNPTHF R IEF XA ARLR T O R GEIMET %
T EHAT R, Rid, IR RFNREETAFREFREIEFTENR. EALF B AITR
THARMREFRMSERGRE, AT BT ATHGBPREFER T a4 NG LRER
HABIFRARSEFLRG T . FRIER, ML THIRFERSE, BLBEAREENET M
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1.1 MREBERENX

B LA e gh P AR TORERIE E, W 1T S B A &M BRI Rk, (HEE
# Internet PRV K FE T 47 R () I 26 145 B8 ERIG K, 45 FH P £ D0 R & A5 B ik Puag ok
PN A CHIEA AR ME S 5 2, EXFE N ATHE SR 8 b T, X5t
A TR A5 Bt 2 (information overload) ) @, [IRf AN, THXE B FIVERERMEE, AATEEEEITE
N, F BB O NN — DA BRI ) .

H AT, ROHE SIS INEZ — R RS A RRNE B R RS, HWIESMIGoogle' |
[ Y B Baidu® 4, EATEH B ALK 2% B8 - 3RS 207 T A B L 2R . (B0
T RSB S, R DR TR AE BI, 7E— B (8] 4 B #5225 R AR A
(K. 55— D5 TR A5 B S HAR % AL 2 FEAL I, 110 P X5 B B 76 SR A2 22 oAU R PR i), 84 e A
R G FENARIE B R R GRG0 45 R R IRA R L H 7 I MEAL R R, B R Je ik R i
fiff- oA S I A )

XHE B, 55— DNAEE A BT IMER MRS R S, e R A IS 2 /oK
PR, R TS IOE R P RS SEHERE A T T IS B HERE R G AN R 5 B
bt, HERE RGBT 7 B0 AT O S X s, AT IMEACE R, ARGURIU T I R, A
51 AR E CRE B FRR. — MU HERE R G AR SR AL AR S5, e REATH]
PRSI E V)R FR, LR O HAHERE R AR, M HERE RGBT Z M TR 2 A, Hod
R BAT R4 K 5 e AN L FH AT S5 PR Ut A2 HL T 55 UK. H R, JLF T KB L TR 55 &%
4t,41 Amazon, eBay, 5K, 2420 _EA5ESE, AAFRE AN 7 A RIERHERE RS FRAARS
XIS R GRIE TEANE — BAR &, BT RL T — AL AR 7T 40

Internet Jy NATITFRAE T 5 (015 B B XAl B . R WebE B REPHSERAE
RIEFENAE I FAUR o AR T U7 10 (0 113 S 00 xR 25 ik 55 5500 e 2 18] AR AH S5 JEL AT AR 3 P
DAY T AR 2 FH P B YA TR o B 2 A5 R AT i, AR 1) P D ) SRR 14 R 55
s HE L, ARG OOV H TR RE B LB EA R TAEZ —.

1.2 ANXFETE

ASCMHESE RGO T, W ie T EHERE RGUII 5 2 Sk P BB B T B 7 s R I 502k
PSR 1T SSRGS ], FE I Rl P 720 S et 7 B8 S0 SR SR 3 LSRR SRS, 2R
JE 3 B PR AE SR TN AT AR SR SR, IR IEAT HERE BRI 52 5T

1.3 iP3eALRZEM

AW NEE, ABRIT:
BmNGIE, BENR TR S B, EE TR KR4S,

1h‘t:tps ://www.google. com/
Zhttps://www.baidu.com/

#
[N}
=i
H
w
=~
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BRI RGN, IR RN A TR TR TR T RGIE SRS R R
A HERE A 2 S

5= FONTIRS TAE, EEMEL R T Bayesian Personalized Ranking(BPR)H#EFZ&H I, FHxtH
JRIBRPEBEAT T — R

VYT NIE N R ARG, EEM I T IE A A A B IR T IE N MR SRS O 2
SIRFESRNE

TR AR I SR SE, R I RV RAE SIS R AT B BPRIEF Y
INFEONSRISRIE, 3 EE R IE L SR s N AR A Sede R I
BLENGRSRE, B ELLE TASCH S TAE, JERHE TR — DRI 7 TR T

B
w
=i
H
w
=~
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2 HEFERGEHIE

2.1 FEFSE

RIFBZ TR AEAR SR RS R

2.2 EFERZINE

B 201 ZL904E AR F T 45 — 5 9% T 13 [A) i 3 (Collaborative Filtering) fIHF 7 3¢ 2 101 L LA
WeFE RGO UR N T — AN EE A A, P R @t A HE 3 & 48 R AR AU - R i
BEATHERE, T A2 BRIE AR P (neighbourhood formation) & B 5]k 95 Hh = 55 22 (1) — AN 77 1 12024 iz
AR AR ) B B A F P AR B — Se AR AL P B O B AR, AR B T A AR AU G PR A
FH P 2 SR 25 19550) . 3 B AR5 4R (neighbourhood ) /& 6 AR St T Fe Al 1 By 2 SR M 3L 11
F P ISR (1) 90 i A AU AE BAT N AR e TEIX L, FRATIE TR By 2 S 1O P ol
HEsH P, 54t i HAs i 5 H0E 48 0F 2, wa] DAHCHE e 2 22 52 . 4k = F P 3P or 5L
ARG, P ES IR B BT BRI 0 R, X S BRI ACR R SR . B, EHEER
20 v YRR A g ) A . R — AR IR AR B R S (FE P I SR AT, B
ZRANFIRT, 73 S0 000 I 7% ) B Hh R EOH P 1 D 15 S SR AR B R ket FH P VP 20 B A o, TR
I 4 A OR8] R s e R 8 3 Ik 6 1 FH P AT M I I DU 4L B 22 145 SRR BRI VT 2 Bt
ANFEo BN 1355500 55 —J5THT, W RDE AR R B P B (user profile) @i FH 7 T4 i (VT
AU . N T BRAR O R DX TR B AR, AT N (user activity) OV BN LR
BN EECUE AL, W2 UL A2 P G 10 20 56 1 0 VR R ) B DO B 1 FH P LR (user

proﬁle) [9;21;23;50] )

2.3 HABEFEREGE

R ARGl RN P TR SR S R Gy HAE R Sd i i IR S . AT E N ARG TR RS
I OATA TR ZHER L, X ERIEH v DL =28 JE T WA B HEFE (Content-based
recommendations), BpEidE (Collaboratibe Filtering) f17E A 2 (Hybrid approches)ffE#E.

2.3.1 ETARHHEERS

BT AT B gy ik IEATSTR 22 5] MR I e :03R 34 (latent representation) 322 fi# ¥ J5 311 (cold
start) A, bLan, FEFMPT i &b @ P S B R AE AR R A, SRS 8 I X T 43 e m] UE 43 A
R

T NEWHEE RGN P 595 Fcontent profile [H] AU H R HEATHERE . ABATT NI 7 FE
FERGTMERI NG BA AT 0. BEIXEERANMEMANEREE, s, Ho
A, BRI R AL, EER R E A R (heuristies) ) /775 18 E223U b A7 14# F i Wcosine
similarity )77 2R EANUE, SRIGHEFEE A A B 5 P 2 SR AR AP o (8 B3I, 3
T N A B IF B 7 bRy BIFRZE: “HH K (relevant)” B /& “AHHK (irrelevant)”, fEE 2] 1
— /N DU 23 RS SR X BB AR I AT 0 2K Ik, AR 2438 AR (social media) #H 5 fHHE

4 70 3k 34 T
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® 1 EEFTER
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=
J

BX

Ire
Ite
Itr
7.
U c Rsxk
1% ERth‘
Uu- G Rlxk
‘/;). €R1Xk
Ve =[5, 95,5, -]
ye eRle
C= {617627"' 7Ck}
Ds := {(mi,j)|v: € Tf, Av; €T\TE

user number
item number
user
item
the specified user m
the specified item ¢
the specified item j
item bias
real rating of user u on item 1
predicted rating of user u on item
predicted rating of user u on item j
entity, e.g., user u or item v
iteration number in the algorithm
number of lentent dimensions
the ranking place of the item v;
(user, item) pairs in training data
(user item) pairs in test data
the whole user set
the whole item set
recommended items for user u
selected items by user u in test data
selected items by user w in training data
the set of items selected by the user u,,
user-specific lantent matrix
item-specific lantent matrix
user-specific latent feature vector
item-specific lantent feature vector
latent representation of entities
the latent vector of entity e;
categories

the set of all pairwise preference

=
Pz

#

=
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# R G R E content-based HEFF T AT AT TARZ AT S b, 7 Po2sldhiad 5 1 BRI &
FEACLREE 8 PR e I B AT AR A, SNJE RN HAR MR ARAE . BORIN T — MNMELRWBIHER RS, 1M
BRG] T A2 5 AL i o Bdfe 1 22 RS R A A SRR

(B, IRUEELT A R D55 R A LU RIRE: 55—, B AUE 29 15 BE— 10
Kz, I HERSEAEAED BRI RIR; 56 =, e M), AR EAEESH eaad
PR AT I S ARAR AL, BRI o T 8 T BURAIHER: ZFE L

2.3.2 ETHETEEFRS

A1 )€ (Collaborative Filtering) /7 V18 #2488 FH = 923 P SR 000 FH - 0w« EATT9FAS
7 2N 255 B (content information), Ff H &8 K I — 2Lk T N A MEIE T 1L T A e K I — 2
BRI R . EHE R, PRI SRR T IR — AN AR R AR ARACA T X8 T A AL 4 A 2 AL
f7oR 1343, X B “AAL” FFARTA T content-based J 7% H I N 2R ARLE (content similarity), & 8
SR PRSI 4T (similar rating preference).

PIp )ik 38 v AT KRB AW 2E: memory-based methods, model-based methods. memory-based /i
1 (62T 3 @ o 4 A AL P B S R AT HE R . T AR UL U 8 R VP4 D7 SR T ST A
memory-based Jj ¥ 1 7] 13 — 3 (1 8 73 Auser-based flitem-based 38 J vk . it 5 257 H A E M
ABU s 2 %) Fo A FH 2 1EAT HERE BRI Jyuser-based, I #ESF 5 471 H P =000 947 it I AL 42 i B Ay item-
based. AN, X6k H P PP BRI I5, W [EDE o a8 30 id ORI K — S R, IR IR AR S
FEAHEE AR RGN ZE . B, EHERE R EE 75 LN — RMERT . S0 B 4 7] /8 — A
HERIRAE 2 MR R 15t (implicit feedback) (FEan A 7 B SEAT Ay, REZREFTR], 7 s i) a1 5% ) 5L
P AR B P B G A5 SR B AR i [ 3 X T F P VP20 s B AR, A SR IR AR AT [ Bt R 8 8 s 41
FERCR WIS A, M TR, BRI R E S RBEEEE .. R B SEE T
FH P AT 9 (R 00 2 A1 B8 22 1045 8 R B AR VT 23 B0 AN 70 43 Sz g (353500 . 3 fof L SI2 A  J 78 BGHRATT B
TH I F A 38 (One-class Collaborative Filtering) i) # .

OCCF [n) /& 11 £ $ R RRAIE 2 AN BE A% ML 31 1F [7) R A¥ (positive examples), A I S AT M,
NISAT A, B EE o R FE W A4, L - e i vl e R 2 b BN AR A AR /)
— &5, ATEH A RA S L HAT AW, sk fdd iy d, Mifinegative examples.
2] K B AR 1 A BAT NI AR S TP AT X negative examplesiE AT RAE 5 H AR IR £ ) @AY
KEEFTAE. ERTAM—2 TAES, A UM BEDWL ) SRBE R AL B X AN ] # . HSE— N e L ) (0 2
T A Sk 2 (R B s ML/ Enegative examples, R X ¥ S EUEE R A A MWZE, FIVIEZ 6 REIEIR
% Al e & positive examples. 3 —FIE A2 P 2R B ECHE E MHOREN IR, X8 B0 [F JE A AL AUR]
H T positive examples. ¥TRKI—EHFFH, —LRXFOCCFRIMEF N ¥ E S E] T X Tnegative
examples[{J A 1[19,34,35,44] o AT — AN J A (R AR 4 i 2 (R 5008 PRAE & negative, fH A2 25
T ¥ H A Enegative] — MR E . AN, ARATT A BB 2 52 AN A2 a ] FR ORI SR e At
[PINE JE MK [X Zrnegative examples. FLl, [19,34] M 1HE 78N H A4 2/ 008 5, B4
MimtE 2/ PV gy, GRS —MRE. 3P, ATA e SR — N )
MR, A At A D Yk ) A B K AT BE i negativeZS AL W — MY S R R P a
T2 IXAN it AH R SR A A B /N ] B A negative, IR FRBIEAT) SR A2 i 2 KHLRE

A By i B9 SS i ad Ab R B B P S R AR AR R, bt =X s iR S SR 1 20 (1

6 71 3k 34 11
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MAEPREME E) . X EET7VEA F T memory-based 7774, model-based /775K FNLES % 2] SR 1T 1Y
BARNCHH P PF£5 5 — A, AR N B . Hoh 354 B s OB (latent
semantic models), E#i% (graphical models), NI 1158 (Bayesian models), B (clustering
models). fEAR % fJmodel-based 77 %91, RBRH [ 43 fif (low-rank Matrix Factorization) H T-7E A4 J&
PE SRR T L C 23R T W2 W . HSL i i I EAE M AL I HER RGP R
Mo ABATTET AR SR AL FRHERE R G R SRS R, B s ot (19390 g i Jag ik (13370
B G LTRSS A5 B 2O LR R A R R T B I 4 R DA — /N4y IR 380K, 383 Muser-item
rating matrix>R5 >Juser Sitem— MEFRFE S KT, ARG R EATT 25 T AR B WM ] Fratings .

RO G i (131 J L — ey g Jy vk (12626449 2 R Sfe Ak 240 0 [R5 S R IR S OB 1) i U v, Bl 4y
it RS BB — AL R s ()2 ST P 5 Bk . tean, B sUaERE 4 i 10l
N user-item pairth 5 —ANIE B FE R E RS I I BPRALPEFE A S it A I
JEBPRAE 8 B Fa 3 it 1) B, (B d1 T 78 K8 aCR AR B 4 v i A7 75 (0 2008 iR (data. skew) [7]
LI S B AN BR B %), TR E S i NS & R . Oy 1 S Es RS HERE R ST
Ba sl 5% 2], Bayesian Personalized Ranking (BPR)POAIE ) — b g Jy ik B2s4ssiyise i,
Pt RBR BN AR T ORIEFERIP i P RO R D BRI . SRR s 2 A KB R I
By, DR IR 7 0 2 S SRR T T X STRAE T P W T BOBERUBE B R B o (B AN R FRTI ZoR A AT
RES X B 2 P AE AR HISEIR,  B)SRFE SRS AT AT 257 A R E AR I 2R I S Bl s 15 42
18 JCHR A S B AR AN BRVRAT BE A 4 KR8 43 i (long distribution) MOV 0%, 35550 R AE
MG RE 2 PRGBS, Ftt, BPREEE Rendlett —2HE 5 7 K EARIFA A e 17 HF
BISIH )RR AR B8 TR e i — AN, AT R B S LS 7R R — U AR AT I HL i R A
P IS R R O 2Rt BEE B, IRRCRAE T SURFERS, BN ER Y & R R U 124
D AT BE R 7 28 01 B/ ZAE RIS AR BRAS XS0 it AT BRI . O T B IR IBAT IR,
Rendle Mg AN/ BHTHE R RN B R Z MEFTERE . 53— 51, O 13RS — Ml B I BPR A >
7%, B SRS —ANE AN AR AR P (K7 (s e 22 1) R A BB 28 & 15 B I 20
B2, T J S S A B A HEA) ot O A W L R I T SR AN ANAE B i 22 31 B A8 e K
(RIS . [RE, BSSURIREN T PR EERCR SRR R I WM M . ZEA R b BT 70 (0 R SR
FERCR GYEREM 7 AR I TR IR, I HA W I IEBPRI ]

ARG (0 B[R] DE XS T PP TG i) R AL RE 8 ISR B O RCR - EEtNet flix I S HERE . (H A2,
BT AR AR R R B, AN E R B P EEA R G T LT ISR AT
VRO, fERCAP IO N IR RCRAEAE IR AN AR . O T AR RGP IR R 3 R, Map-BPRIMY
J& T BPRAEZE, fhAl142] 7 — MK ARG B2 I wi i B e sUas (el i) — MG R &R . )5, Map——
BPRA I 24 3] 2] 73X AN S 27 AR e = By [R5 2 RO MA R R R 7. AN, Map-BPRKE B
R 12 20 70 BN A AR RIER 73 o 31X 2 T B B oS 1 it 4 v ) AR ) B QBT 7 AU s
FEtEm A2 B AR RN, 87 REEERRAE T, AR TSRl
T T EE B FE B S RS B AR R 1.

2.3.3 BARNHEERSZ

REINEZRIET WA S T R BB R I i SR R e TR R IR . B 5T
A5 RS UE R T &5 R AT AR A B T — MRS IR 2R DA IR A 4 F RN B
[ 98 53T WRIHER AT — . IR IR 2 TARRRE 5 0T 7 AR S BEAAHER (social me-

7T 3 34 0
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dia recommendation), TIARATTH ) RER PR TIRG T7i%, FEFZPRAL ST AR N 25 1 [R5 18 T
F PP AT SRR AT B i B HE R U . ATURTE LR AL 28 I 45 v (R AR AT 72 (video recommenda-
tion) BTt T —ANH G AL W AHEFFHESE.  ARATT 0 7 k38 i B #5289 2445 B (social network
information)5 P§ 215 . (content information), & —~user-conetnt matrixIf 78¥ 3 2l H ffjuser-
videozk H. 4B FLFIFH T 4 M > (ensemble learning) /7%, 7E & MAEFE A1 5 190 8 W [R) ik
SR GETNEITIENEREATRE .

2.4 HWFERBUTNIERR

PR VEAN P br E ARG “HAREM AR A1 SV Fa0R 7 o BERVEN Fabr S 51E IRMSES |
MAE?*, NDCG®. MAPS. Recall. Precision 55, M.V Fabr i Ac#54bR FHP m s, Pl
A TR RETRVRZ VTR R . X LEPPIFE bR ] H TIPS R B & T ERE., B
PR R TUONAERRE . BEand. 2R, Sombik. Mo v, o] DUd i Eok e &
firet, A7) R agE R, AUn] DOE SR s, AR B A PSR, AR
REAEZRVIIN . X B E A FEF ARV ARAR 1, V723 T 5 Top NAREFE 1R T ) B 2

2.4.1 TESFN

FE18 Room (2015)

SR - PR EHR
Rl XL-ZEE
IR HW-RIRAR [ B RO/ Bfe / 8 . 8 57725 \iFAfT
B R BN / RBEE-H-187 /
KT B / REE

B 75 M4 roomthemovie.com
HAERMX: BRE/MEX

EETE

_EBRE HA: 2015-00-04 (1A HE AR ET5) / 2016
-01-15(F/R%) T 96% EIfEH
R 11854 7T 96% REH

X#E: AFEREE(R) I HEGE)
IMDb##: 113170832

B 1 R

R 2 SRAHERE I S5 I Wl A — MR P S W AT 22 O RE . A, E2RENIE 1 X4 d i)
Prsevtor, mtal DO 3145 F P BB R, R FUIN2 F  AE R R 21— M BT VR 23 P i
I, SEEXAVIRIEZ DI TN X D 23 AT R v T o

P> THEI F) T EE B B — BOE I RMSEAMMAE T 5 o 3 FIAE T #— D P wfi¥) i, vy 2
P XS it R SEBRPE o3, 7y HERE S04 PRI 7, A8 ARMSE 7€ -

~ 2
\/z(u,i)EPtE (Tui - rui)

RMSE =
P

SRMSE: Root Mean Squared Error, )51 i%#
4MAE: Mean Absolute Error, ¥4 %} 7%
SNDCG: Normalized Discounted Cumulative Gain
SMAP: Mean Average Precision, “F¥J#EffiZ

B
oo
p=i
H
w
=~
=
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MAE KHZXHETHE MR 2, B XON:

Z(u,i)eP‘e
P

Tui — Tui

MAE =

FFTRMSE FIMAE XA FEFRIOALER &S, Netflix AARMSE 1K 7 X6 FRIASAE 1 2 4 5 1P
S HIAETT GO TR, R RERVFNE IS Z]. SRR M, R RS- T8
) CEDFH P A R AR 2 50, R4 T 45 S B 4 FRIMAE iR %

2.4.2 TopNi#i#

BIRER
§— = [
Py
oy ey
H2gEs EH(starway) #5F RAHE H2_Es FOR T P AR T FH B FELARIn AEHRELE TEMRRAN
s HDARTF HEHRZE AT HHEAHA BN BEIJMBRIFELERA
(BEM2AFH) (BHE190AF) (BHEBATE) (BAHS2AF) (BE1BAFEM)
¥67.20 ¥458.00 ¥69.80 ¥279.00 ¥41.70
K 2: TopN#EZF

WG AR HER IR S5 I, — B as FH P — NI HERE B3R, Bl eyl b 341 HERE
IXFAEFE N (i TopN HE#E . EILSE 0T, TopNHEFF A B 5 WL A — Pt 2.

TopN 3 I T 7 A 28 — M Ji ik HE A 6 (precision) / A [l % (recall ) i & . 0T Fu, HEFES
KIre P HERR 2 E SN

Ire N Ite
Precision, = M
|Z;]
SR XN O
Recall, = 44—~
|Zte|

2.5 KRB

AT S HERE R GUHEAT TSR, SR A BN AR L SR R G RN SR bR
J7 HEXHERE RS BRSO K T — RIS AR

#
Ne)
=i
H
w
=~
=i
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3 F&EIR

3.1 Bayesian Personalized Ranking

K 3: user-item B& < AR

FERX 7, BATEGRBBPRAE, RIGTHEER—LmRME, ot Ul st 5% 5 3h 1A
A P S5 e 2R T AR IR A B3P s IR R, FERE R “17 FRos P Eax iz i
ARAZHAT R, LIS, midi %, FERE 77 MR P ISR 2 A S A HAT A

3.1.1 Pairwise Preference Assumption

BPR B —A RIS R U R AT R AESE. & 2 Tk M — MmO R — A Fud
LUFE TV B R BB g, ASALEBPRA, FATA A T90dh 7 m 38 X i, IF €
S P udk T ki 5 I i 5% 520N -

p(i ~u .7) =f ('rm'j)a (1)

KHRf(2) =1/ 1+ exp(—2))7, Tuij := 8 (u, i) — s (u, ), s (-, ) T LARARATR R P 590 5 AH FE BE
kg, FEBPREBYH, s (-, ) A Wit BITIAE, B (u, 1) = Puiy Tuij = Pui — Puy-

3.1.2 FuuAR
TEBPRHY, H Pl T4 da B TAE 7 s 8 ON:

7f (z) Bl Asigmoid H %L

25010 73 34 1T
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3.1.3 Likelihood of Pairwise Preference

E1%5 #5341 (Bernouli distribution) & K T4 /KL fa € {0, 1} IR0, HELESHp € 0, 1)1
(|p) = Ber (z[p) = p" (1 —p)" " (3)

FACF (Fus > Puy) BIBEEND (Fu; > Puy), MRS ((u,i) = (u,5)) IMAS R, H4H]
Frufflikelihood of pairwise preference 7E B il & SN

LPP, — H P (Fui > fuj)5((u>i)>-(u7j)) [1 —p (Fus > fuj)]l_é((u7i)>-(u7j))
i,j €T

(4)
= ] pGu>ry) JI [0-pFu>iy)
(w,1) = (u,5) (u,1) 2 (u,5)
K (u, 1) = (u, ) ZoRH P o AHED S E S50
Ff (Fuig) KIEBARIREER D (Fy; > 75) B, W F A RIS E B0 LPP,, I 451
mLPP, =l [ fGu)+mW [ [0 =7 ()]
(i) (u,5) (u,9) 2 (u,g)
=In [ SfCGu)+W [ =0 —FFuy))
(u,1) = (u,5) (u,8) > (u,5)
(u,8) = (u,5) (u,8) > (u,5)
(u,8) = (u,g)

=2 Z Z lnf(fuij)

i€Tlr jETNTY

%Ejzif’uij = fui - fujv f(l’) = ]‘/ (]‘ + erp (—I’)), ‘

3.1.4 HBHfrEH

BT b ) o i s, AT DA BRSO s s S A9 BT R i 5 A Ds o= {(u, i, 5) v €
IFAv; € INIFY, LHRARHER P uis B e s, —Jodl(u, i, )R H P ui& By o B2 %
Bk it . A Y —positive item, v; M ll— negative item. X T4 EHIEE D,
BPRKI H b5 {F 52 B KA BT user-item pair ISR 1T«

argmax  [[ p(i=uj), (6)

(u,3,j)€Ds

IR (6) S T M S 0 KA 8 5L

Lfeedback - - Z hlf (xuzj) + )\H@HQ’ (7)

(u,i,j)€Ds

11 T3 34 T
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Tz, = Puij, ORBFEIEPHEZINENSHES, \ERESHES. LR
t, BPRA S 2 SVEZ 1 R 35 5 R FE B BENLER 1 % (Stochastic Gradient Descent)#E{T 5405
.

SRR, 22 30(7) WAt /ML T T H AR BR #(Objective Function):

Hgnz Z Z D5 (8)

wEU €T, jET\ZL,

EEIIP 5 = —In f (Fuij) + S 1w 12+ % Vi P+ % V312 + 210012 + 22 116,112, © = {U.., Vi, b}
BEE IS HES

3.1.5 BEHEEE

Xt AN BEHURFE A5 89 = T84 (u, 4, 5), X H s & 20 S EOR I RTS8 .
FEMZ AT et — e TAE, TR (2) =1/ (1 + e )T

F@ = e (D= e = gy = )
NHITFHIER Z U, K F A -
Ve = G = g e g+

i +
— iy ) £ () LT a0, ©)
= () LN 2OV s,
= —f(=Fuij) Vi. = V;.) + o Ul

[FIRE A Z A BE LR L a0 T
Vi = 6;‘2” = —f(=Puij) Uu. + Vi (10)
V= G = = () (V) + (1)
Vb = T = f (<) + 6o (12)
Ty = T = —f () (1) + B (13)

&
o
b=l
=
S
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3.1.6 EREH

ST =76 (u, 4, j) 1ERFHSGDIBPREE A 1 55 A 0

Uy = Uy =7 v U (14)
Vi=Vi—-vvV. (15)
Vi =Vi—yvV; (16)

i =bi =7V b (17)
bj. =bj =y vV b; (18)

X H )y % 2] % (learning rate).

3.1.7 BPRE%

WAEELE N K FHSGDRERIBPR A 1% .

B3 1: The SGD algorithm for BPR

1 initialize the model parameter ©;
2 fort;=1,---,T do
3 forty; =1,---,|P| do

4 Randomly pick up a pair (u,v;) € P;

5 Randomly pick up an item v; from 7 \ Z;;

6 Calculate the gradients via Eq.(9-13);

7 Update the model parameters via Eq.(14-18);
8 end

9 end

3.1.8 UNSEEEHIRE

BT T 3 51 R A 7 N P2 AR AR 2 06T 24022 2 DTiR 55 [ train pairs, R # 2 5 80k
geig. WRUIRYE, T ANAERNGRRAE (u, i, §) € Dg, AT EENIESE FEIEE 2350 ¢

0 (wuij)

Oteatiock — _f (1) 225) — (1 ) - 1) 25

00 00
RIE A (19), WIR f (2455) — +1,FEHUEE KGR T-0, WIVIZRRAE (u, 4, 5) 0 T4 H AR 5Tk
WA
KAAX(19) 5 A (1), HE4 sigmoid MEEE 1T, M f (vuiy) — +1, Wk, = Fu —
P TR, BV P 0 T4 o o, IR TN 22 (R SRBR R R R 1 I 2% 21, 13— 2 ijuser-
item pair® [ o, BERFEID o, B2 v A0 EUA 564 0 099 i, B — 2D Uil iz A ok
T, 5o, WIREFAS 73 NAZAE AT, 75 XA RAFEXS T SGD A 2 IR RAE: o

(19)
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0.9
0.8r
0.7F
0.6
0.5
0.4
0.3
0.2+
o1

al
o
o

0
-10 -5

K 4: sigmoid i #L f (z) Bl

ML EoRUF, BT R 20 58— /NS (0 i 0T T e ) 5 3o 0 it B — S R AR
AR 2R A 5 WA P i SR & P R negative item. X F-—Pruser-item pair, K#HE 20K
FERIDD i AN A AT B BB AR XEAR R 8. 25815, iPhone 5 % il 8{iPhone 5 — M4
[T T ML R e 2 22 W B SRR RAT . 1 T IX 2B ) training pairX FSGDJLF-1E IR
Ny BN UIGRE R SO L 2218 .

BRUCLASL, S R BORAL, W — S F P B i = 205 1 S i, LS ML) e sk
AR PARLF 122 2] B DL R BIREE S, H AT A SR TT > A 2K R
o XA E T RKE B A i AT IR N IR 23 B S e o AN, ERCSERUHERE RGE T,
(RIANA T BEAEAT AT ) B N B R Gi b . DRt BPRAEZSHAREE 5) 32 ) 174 5 2 1] o

3.2 Latent Dirichlet Allocation

Latent Dirichlet allocation(LDA), F&&3kA v 704, & E B (topic model), &AL
R SO SR T B RS SO T IR AT B 04 o RN e R — R B 22 S 505, AR 2RI AN
T ET TARERIN RS, T ERIDOE SRR DU AR & F BRI W] . EAPLDAR 55— AN sl
e, AT R A R AR — A TR R E .

LDA ¥ 56 B T2003F 52 1 10, H §I7E SCARFZ Y8 SR A5 SCAR F AR SCAR G 28 LA K SCAAH )
JETH S5 AT N -

3.2.1 HFER

LDA & — Pl 8 [ 3] 48 (Bag-of-words) B4, BIBIA A — R S0k (document) A& HH— 23] (word ) 14
B — NS, ] SR WA T PLASE RIS &R e — R SO AT LA 24 8 (topic), 3OS
g AN 1] 0 R e TP R — A R A

AEh,  IEMnBetady A & I oA LS SR A, KR S B 20 A R D 22 40 A i L BE
eI MEZE oA o PRI IE AN &5, LDA UL 2 2546 v iR 1), FELD AR v — 33 SOR A B 77 20
R

o MWIKFITLTE 73 A o A HURE AR RO ) 3 8Ly A
o M 2 I I3 A 0; o IUREZE SO 28 51 B il 2,

14 T3 34 1T
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(o),
(1o—@

B 5: LDA DU o) 5 25 44

o WIKFI3E B 43 A0 Bri BURE AL R A Lz, (KB S3 AT ¢,
o MIAIEHIZ I i, | THRAFE I 24 AR A TR w;

DR AP R AN A TR v e T DR A B DA B A B )UK 5 A

N
p(wiv Zis 9757 (I)|Od, ﬂ) = Hp(6i|0‘)p(zi,j |91)p(q)|/8)p(w’hj |92i,j) (20)

56 24— s SURS PR BRLTR] 20 A R B AL AR At v ] BLd I8 B X0, LA K @EAT AR 43 At 2, 3047 SRk A
193
plwla, / / 3 o010l ) (21)
R D (wil o, B) FOIBICURGE T, 52T DU 75 0 BT R RS 7 PR T M BT h A B0

3.2.2 FHEHHEXHEMITLDASH

TELDA A HE B I, AAEHEM& % (Expectation-maximization algorithm) 217 3Kf#, 5
A NATTE 35 - 4 4 FH A AT # i Gibbs Sampling, BRI FEUI T

o TSN AT SCRY R B BT A T — ik, AL — A, Wz, =k~ Mult(1/K), 3
IR FmbE KR, nRoR KRN, kRS, KFERFEBMEE, ZJEHX M
HIn'D +1, m 4+ 1, 0\ 41, ny, + 1, AAT45 BIZERAEm SOR e 3 R B R, o SORY o 32
BRI, kAU B A A IR, Ko RO I PR e 1 2

o N NREAEAT EH A AN,

o ST SRS P TG IEAT IR TG, A A T SORS m R L Ak, WntE —1, n,,— 1, n,(:)f
1, n, — 1, BISeEH 24 a1E, 2 JEHRPIELDA Htopic sample IR E 7 fiisample H T i /8, 7EXF
RifIn'), n, n,(c), ng B +1.

p(z: = klz—i,w) oc k(ml; + Be)(nfy)_; + /(Zn i+ B (22)
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o AR TE RS it 32 R S AU FE O A SRS -3 @ RO
e = (0 + B)/ (n + Br) (23)
O = (0 + ) /(i + 1) (24)
3.3 AKRE/NG

AEE N H T KHSGDKRF ¥ Bayesian Personalized Ranking(BPR)#EFFH %, I HAT A 5E
B SRGNG (2 51 RFE RIS 118 ARG RIEAN 41 T LDARAY,

&
>
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4 BERNMRERE

EX—FF, ML E THEERSRA RGBSR T — N ESS 1) 5 KA 2% (a non-uniform
item sampler). 75 A BT HE H 1938 B2 R AE SRR (adaptive sampling strategy) H UL 1 H 5L
HIEE 7 A 7 H B A & N H Pk 58 A £ 5 PE B train pairs.

4.1 ERMERAEREGE T

RPN s, P SRR E T RZA08, RE MR ERE . B4
REAR, FAIBAZRAEHA XL, BT Bidt X iPhone, AR 8 1 B 2R i LD TFAL,
KA E Samsung B H LG AR B BA AT UM 5 5 31 A

AL, 730 P R SR H FRAT TG 1) T SRR R e 6 FH P s B (10470 o o8 LA AT G [ B
HIR KWL WA PRSP ERYIUL, X T —Auser-item pair(uy,, v;), A TEE LLR
A PRERFE AN B U (negative item)v;:

1. ARHE FH 7w, 590 5o T AE B 369347 (categorical distribution), & S6HE W T F 44 FH 7w, %
BV S RAETEWANHRT.

2. MFEEN—ANHAZ, % H RN DLV fho, /F Nnegative item, 11405 RN 3L
HA B MR B 7w, I

4.2 XA

FEIE R RAFE R, 1 2 7 B A H P 5900 12850 7311 (categorical distribution). AN 7EA £65%
BRGNS, BT SRZIRBEE, M RGO LR ERA I 50 A . 9 1 RO
XA, FATFIA T FriE I Fe (3R % (the latent representation of an entity) KT i8R H K G
=

I o

HAEBRNMMBEE —Pentity TR JE T2 AN HRKC = {c1, co, - -+, er },FFHE BRI 7340 Ik T2 (power

laws) 7> A B8l Fys € RF FKomentity e; Mlatent vector ,MMFEY, = [y5,v5, 95, ] —RMNHEE
& (content information )5 F& 2% 13t (implicit feedback)%” 2115 £ fjentities’s latent representation. LA
R RGP — DRI TG TR RGA R E R S (entity), WAUE YA users, HLAN
T, AP ihitems, LBy, BEAHHISE. PR, KSR EAsu S0l E& R 5 H
Fruserf¥) fhitemAH G A & . LU,y Fnthe latent vector of user w,,,Y *F 7 the latent repre-
sentation matrix of user, y?F 7 the latent vector of item v;. 24 T Bk Rcategorical distribution Hjthe
latent vector of entity, FA 1IN Aentity e;J& T H ke € CIIMEp (cle;) NFrHEAF TR G (a mixture
over standardized factors), FH¥H & L H:

p(cles) o exp (y‘“) (25)
Oc

KEMp. = E(yi.).0. = Var (y5.) 5w rall entity factorsfI2258341H 5 75 % (empirical
mean and variance over all entity factors). {RIAER P58 ERIZEA0 5040 2 AH AL ), B4
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AT LE— 2B HE Wruser-item pair(u,,, v;) [FJE T —Ncategory cHIBEAMER p (clum, v;):

P (c|tm,v;) = p(clum)p (clv;) (26)

MRAE LI AR, AURT DR I 18] B ™ w,, A FEA dt o KA — A H 3Reo

4.3 %EHlnegative item v,

X TEE—ANHke, F—H0BREREZH K NER— negative item v, v, [FFHAIR
KR P w,, TR

4.3.1 I@miNEEEER

/MRS EG%, RATA EoRfentity e, 7E H 3c T BIHEFF 4323 (ranking score) A Jup (cle;),
BE— B MRS E AT HE P57y B Y . (HSEBr b, W SEHE=E (browsing probabilities) 5515
¥ (ranking scores) FEANGE[F], WARIE Z [AFFAE 2R . (ESEBRIZ S, X T HIEFFT 5% (ranking
lists) o A0, IS SEHELE S8 A AL B RO it AR T 58 5 A B P, AR A A AOR A 348 B i)
Yo LEAAEREAN B 2R AR A BT = AL B S AR T Re A A P BTN, TARATTHE R AR 4 A [ R
e 7E X AR L K- HoA e D T RO AN A, 0 T-45 78 H SN B iCRIERAT 90 D AT

1. B, AR IEEL 5340 (empirical distribution) Mg i (candidates) H KA — AN HEF 1)
(A=

2. e, EIZHFTRYREATHY, R BIECLE r 4 P i A E A TRFE Hnegative item.

B, 2256 50 A KEUIR Manalytical law, EfilGeometric 6158 Zipf 2! distribution. 7EiXH,
TR F Geometric distribution®| M H e HE 71 ik B Er () AP o -

P (vjle) oc exp (=1 () /A), A € RT (27)

EHE B ()R FIFEFALE, A R A 8L 225 B2 148 280 (hy per-parameter ) o

4.3.2 W@ IIRFITHF

TE 3 9 negative item[FIHETALE J5, T R IESAE 2 A AR AN E e HE B . B8l
BRI TTE: )5 latent factors *41E Hranking scores, 285 iR EATHIHE T 45 47 (ranking
scores) X AT HER . (2 T4 5 flatent factors7EREFCIEARCER W TE BT, XM ITIEAEATERE
BRIEREA B PR T =BT . XS MEEITHEERE, FOAERIEATER
O (ktlog t)MIZAT I RREEAT EBHET, X BB R b eE BE R R — AN Z B PR 1
k. Bk log the FHFAT T HEP . AP Z 2R 5 5 BUR E U (local convergence).
AL, BEREE log tAe AT S8, KPR B AEAR 22 K 53T R IS B SRAEAH 24 T A — AN BE LI it 142 TH B
HUREE, BEBS R SO 2= A BER « B3E—20, f1Titems’ latent vectors &4 FENIRIELL, A4
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HEFP SURAE T R EHEFr 2 BT HSERAM T AN EENUF 51 an X A FEAL A HE P 513 R 4 S i S,
A2 RAERS PR B2 IR — DY) TR BENURFERRFE S . R, 75 2B R T ok

S 2 L.
@

Space A Space B

P

@0 \/

00
Ratings @ @ © Texts

<IN

Shared space

K 6: #A[FBEE (different modalities) [flentity Bty £ — ML= RS 23 H] (a shared latent space). 7EiX EAR BB
[]{5 & (collaborative information), tLan¥E4r(rating), F1 P 2515 B (content information), HWHISCA (text), 43 J&T
AFEE, B space A, space B.

R X T 7 2 8] A ATE 7 (36545] 3 SRR AT TR — N entity MAS IR S 1 i i 31— N =728 8], A4
BAET B P RIE R 22 B A SCIRYER), Bl B4R (complementary ) B #HALL (similar) o 41 5 FRATT
P ST HUEE —Nitem M content spaceflicollaborative spaceBl i #l|a shared latent space, 4 FA1HkBE
0515 2] — A item7E 3 S Fa U4 (8] (1) P Matent representations. WEI3Fx. A T G RAL A IR N
M=t BEALRAE— N i, FA 1 S (9 W [R5 . (collaborative filtering) KA 4G HE
J¥ 513 (ranking lists). B AR, FATE o8 IS RHIE S 2] (feature learning) 17775 W A5 B 22
219 ) — AN IR Fe 3R 1R (latent representation), bt AT B4 I Conventional Neural Net-
works(CNN), H T A Latent Dirichlet Allocation(LDA). #4, FATFlatent factorstiAE ATE H
KON T HET AR 0, REERA B N3 T HE Y. R, BRATHRIE X S HE 7 5 (45
TR R P B R B ATRIAG A -

WEAR, ST SR S IR, [ PA ER AT RS FARLEHRITBE R TR TERF .
YA (26), BIHEX T —Puser-item pairie € — N HF, R — B IHHEESGNHEIHR T 20
FIrAL I fuser-item pairs. € LA fp € R¥ kRN H FHIHE (popularity of categories). 7EREIKIEAR
o FRATTAR S H S B AREERAE H — AT B 3% (popular category) c:

plelp) o cap (1) (29)

X B Mo 2R p A KIE S 77 % (empirical mean and variance). 28)5, FATEA & I current
latent factorsth A% h[FJnew ranking scores, H-i & 7E H 3% F new score vector, fR#fEa similarity

19 T3 34 1T
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function sim (-, )5 HHscore vector bt/ 154 BOR A W1 SR ranking score vector ARG | ]
{E6, B Y Hlatent represenration matrix KI%5cdly? SREHLE H e N Hranking scores, Jf HXf
% H N AT BT

4.4 BENMRHEES

SE AR SO P SR N SR AE SR W L2 R, X T — A user-item pair(u,,, v;), K
FE— negative item v, Mv; Sv A0, AMUCEA AT, W HBEER&MJLE AP, £H
29 index (¢, r)IRBIFEHFFIFKI. € LP M BEEr LTI, 2. € XZ&TEHFc T franking score
vector, Mz 1E A& B M FEE B 2 31 Rapproximate latent representationfi#)aak . [HAEE K2,
TEREA 27 2] SRR b AR ST A B SR SRS AN 75 B AE — S0 ) B SR T JLIR, XA PRAR T 15
SO A I 3t 4 1 Je) AR AE (local extremum).

HJ% 2: Content-aware and Adaptive sampling
B

The observed user-item pair set P;
The counters of category popularity p;
The latent representation matrixes Y* and Y;
The ranking scores of items X = {x1,z9, -, Z1};
The orders of items L = {l1,ls,, I };
M-
The training triple (um,, vs, v;);
The category popularity p;
Draw a category from p (c|p);

1 Draw a popular category ¢ from p (c|p);

2 if sim (z.,yY.) > 6 then

3 Update z. by y .;

4 Reorder items under ¢ and update [.;

5 end

6 Draw (u,,,v;) € P uniformly;

7 Draw a category c¢ from p (c|tm,v;),(1 < ¢ < k);
8 p.+ +;

9 Draw a rank r from p(r) < exp (—r/\), (1 < ¢ < k);
o e {z}ndez (c,7) if sgn(yh.) = 1;

index (e,n—1r—1) else

4.5 KENE

AT BTG R S, R SR I I SRAE — AN A AT B RN SO BB R A
JHRSE I A Anegative item. ZRAEHME AN RENS AR T 5L A% B (R I RE % 36 o ) A AR AL

&
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=]
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5 FAANREEMNENMEBPR

FE FaR B AT R 7 fersd i — AN aE SN SRAE SRS INARBPR IR &% 21, R i A R
5 2] T the latent factors of entities. Tji, TEIL S S HERE R G, R T Re A 2% 1A
G, Hean, HT R R RS AEARATIN RN BIHESE Rt . PRk, FRATER AN oy e A
WHEFE J77%: Content-aware and Adaptive Bayesian Personalized Ranking, ‘&3 T _F 1 Frde i f)i&
LR SRAE M, Rl R R s 15t 5 A A5 B R a A — G — AR SE .

5.1 Learning Content-aware Mappings

PATE SRR — /X T % 2 content-aware mappingsf — MR B R T S HAEREAC =

[a$, a$, as, ... ]KF Rcontent features of entities.Z& 5 FATHE tH X T 4% > content-aware mappingsft]
ERANTEAE

Leontent = | A“W* = Y*| 7 (29)

XHEWe € RY*F RIS AE [ (mapping matrix), k% /~latent vectorsf4EFE .

5.2 Parameter Inference of CA-BPR

HCORYE, BT = B S E (supervised information), 7F 2 ZAT R IR AL 1L ] 8 F?ﬁﬁﬁ%mﬁ#/ﬁ
A3k, MRYEF 2 R 5T, RATTAT DA B& R R i 22 3] — AMatent matrix Yo, R Y iF R EY e,
I, BY AfRBY RN AR, T4 HARREE R

Lcontent = ||AEW€ - }%H% (30)

il Y AR B Y A REBE AR AR B8 5, RIS R 05— ST 4 W R A3 45 P (R e
FEN R AP ISR ENIDRER Y23 R/

in L L =— 1 ’ 2
arg Ien,ll/%’/l feedback + content Z Hf (Tmm) + )\HGH

(m,i,5)€Ds

, (31)
+ AW - Y% + 3 > x|
e€{u,v}
ERWrmi; = rmi — Tmje N TFIELAXNPRSHY Y, Yo, Wy, WY, fERRIE, SR8
Hrlatent factor matrix Y, ¥HFEW A& — N = (constant ), ¥ Leonsens E— A IENMLIN (regularizer) -
M4, X+ —AMEElatent parameter 6 HIEEEE AT :

8L 3(7"mij)
o= Y () -1

(m,i,j)€D, (32)
a e Aewe —Ye 2
+ Zee{u,v} (H HF) +)\9
00
M TFSHOMERHARN: 0 =0 — %%, X H A% % (learning rate). 55 —7J7TH, X T —Matent

&
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factor matrix Y, ¥ Y WA PHR2E (pseudo labels), AL fecapack AT B BT H FRR AR F:

oL

e = (AT (AW = Y)W (33)
& 0L — 0, HR AT W e R EH A S K

we = ((49)7 4%+ XE) A (34)

XHEMIE € RFFFRIR—ARALHERE
ME 2, T CA-BPRIIS U ST W L2 7.

&% 3: Learning paramters for BPR
B
The observed user-item pair set S;
The feature matrix of items F’;
The content features entities A := {A%, A"};
Mt
0 ={Y“ Y}
W .= {W* Wv};

initialize the model parameter © and W with uniform (—\/6/ k, \/6/ k:);

1

2 standarized ©;

3 Initialize the popularity of categories p randomly;
4 repeat

5 Draw a triple (m, i, j) with 5%2;

6 for each latent vector 6 € © do

7 0+ 60— 77%

8 end

9 for each W¢ € W do
10 Update W€ with the rule defined in Eq.34;
11 end

12 until convergence;

5.3 ARE/NE

AFEWIL ] T — A mappingHFERIF TGS, FIREASCHTIT T RE N A R S A BPRIT
HEFEHEZE R, 3R T CA-BPRIEFHH L.

&
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6 SCIGIBIUE

6.1 HiESE

A SEE K H T MovieLens® 100k (1548 48 BENL 751 T H0H £ 1980%1E AN ZREd, HAR20%1E
VRN AET T

MovieLenstd & T 9434 F %5 11682/ HLEZ [17100,000 N VF 73 Hcdfs o B4 2820 06204 His%
VR Ay . ESEIGH, H A RLAE B (occupational description)# FH{EH F' 1 P 2345 K5 (content infor-
mation), HLEZ bR 1) SCEERI B AE R A 235 B . 5 MR b B R AH [R], FeAT 1A BB
F P S T o B, ks H 1k B XU i s (O FRE AP 49 Mpositive, A 1TIS 4 Anegative) sk
R, CAEHEN & 75 R 5 2 A 0 AT PR AT . Bk, X — MR i S, A1
AT 25 32 R TR () — /N G TE VR 20 T RE S IR HE T 51136

B THR, MovieLensH (1 Bt el A H BAR R KB A, A 422058 — 10 7 e
o i R AN JE XA 20, 56]

AL

B AR S B ER B B A

7 PO PR EUIX TR R A

6.2 IFENERE

MAP: %% AP(Average Precision), APRINF-I#ERGZE . 0T AP DLAIX M7 SUEE A (B A
LAV F google RIEAN GBI, R\ 710G R ORI 15 DL /2 X 10145 SRS & FRATT AR 22
AHRAE B o BRI R A2 A5G, EetnsAS, A4 X545 R 5 pk Wos (1) LR S wi i /2 —
ANFEXSAEE 2SR o AR R IXAS AT B 6 IR B 45 A TR I, T4 3K P DA 2 L
BWEW . XERAPHTRBIIIER, Hrecall ML AH KM, A2 “MFEURrecall” .

8http://grouplens.org/datasets/movielens/

223 T3 34 1T


http://grouplens.org/datasets/movielens/

WRYIRZAARERNAR S flE WA (S B BRI R 8 A

Xf Tl S HER 28 -

puj < puz> + 1
Dui

1 Djere 0(
AP, = e
7 2
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Ja Wrel{d 7515 IDCGHE, B i+HNDCG.
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Method | Content Sampling
BPR-MF no uniform
CA-BPR yes non-uniform

#3577 TBPR-MF5CA-BPRIEIMAPENDCG LI 45 5,

£ 3: NEYEEK FEEMAP 5NDCG L 45

BPR-MF k=10 | k=20 | k=30 | k=40 | k=50

MAP 0.0879 | 0.0877 | 0.1043 | 0.0888 | 0.1074
NDCG@3 | 0.3051 | 0.3545 | 0.3398 | 0.2491 | 0.3790
NDCG@5 | 0.3616 | 0.4296 | 0.3708 | 0.2984 | 0.4153
NDCG@10 | 0.4120 | 0.4632 | 0.4010 | 0.3163 | 0.4458
NDCG@20 | 0.4121 | 0.4575 | 0.4164 | 0.3415 | 0.4323

CA-BPR k=10 | k=20 | k=30 | k=40 | k=50

MAP 0.1074 | 0.1072 | 0.1274 | 0.1016 | 0.1229
NDCG@3 | 0.3790 | 0.4336 | 0.4152 | 0.3044 | 0.4631
NDCG@5 | 0.4153 | 0.4752 | 0.4531 | 0.3646 | 0.5074
NDCG@10 | 0.4458 | 0.5101 | 0.4900 | 0.3865 | 0.5447
NDCG@20 | 0.4323 | 0.4946 | 0.5088 | 0.4173 | 0.5282
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Research on Content-Aware Collaborative Filtering

[ Abstract] Pairwise learning algorithms are a vital technique for personalized rank-
ing with implicit feedback. They usually assume that each user is more interested in items which
have been selected by the user than remaining ones. This pairwise assumption usually derives
massive training pairs. To deal with such large-scale training data, the learning algorithms are
usually based on stochastic gradient descent with uniformly drawn pairs. However, the uniformly
sampling strategy often results in slow convergence. In this paper, we first uncover the reasons
of slow convergence. Then, we associate contents of entities with characteristics of dataset to de-
velop an adaptive item sampler for drawing informative training data. In this end, to devise a
robust personalized ranking method, we accordingly embed our sampler into Bayesian Personalized
Ranking (BPR) framework, and further propose a Content-aware and Adaptive Bayesian Personal-
ized Ranking (CA-BPR) method, which can model both contents and implicit feedbacks in a unified
learning process. The experimental results show that our adaptive item sampler can indeed improve

recommendation performance.

[ Keywords) Recommendation System; Collaborative Filtering; Adaptive Sampling
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