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Abstract With the ever-growing volume, complexity and dynamicity of online information, recommender
systems have been an effective key solution to handle the increasing information overload problem by retrieving
the most relevant information and services from a huge amount of data, and providing personalized
recommendation. In recent years, deep learning technology has become an important research direction in the
field of machine learning, which has been widely applied in the image processing, natural language
understanding, speech recognition and online advertising. Meanwhile, recent studies also demonstrate its
effectiveness in coping with information retrieval and recommendation tasks. Applying deep learning techniques
into recommender systems has been gaining momentum due to its state-of-the-art performances and high-quality
recommendations. In this paper, we investigate the deep learning based recommender systems, for which the
main tasks are how to organize the massive multi-source heterogeneous data, build more suitable user models
according to user preferences requirements, and improve the performance and user satisfaction. For specific, we
first introduce the basic concepts and methods of traditional recommendation systems, including content-based
recommendation method, collaborative filtering and hybrid recommendation method, and then we give an
overview of the main deep learning techniques and briefly introduce their applications in the recommender
systems. And secondly, we provide a comprehensive summary of current research on deep learning based
recommender systems. According to the data sources used in recommender systems and the classification of the
traditional recommender systems, we categorize the current research into five main directions: the application of
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deep learning in content-based recommender systems, the application of deep learning in collaborative filtering,
the application of deep learning in hybrid recommender systems, the application of deep learning in social
network-based recommender systems, and the application of deep learning in context-aware recommender
systems. Then, we analyze the differences and advantages of deep learning based recommender systems
compared with the traditional recommender systems. First, by using deep learning, complex feature engineering
can be avoided, especially when faced with unstructured data such as image and video. Second, deep learning
can learn the multi-level and abstract feature representation of users and items, and is able to effectively capture
the non-linear and non-trivial user-item interactions. Third, deep learning can incorporate various multi-source
heterogeneous data into recommender systems, and help to mitigate the data sparseness problem considerably.
Finally, this paper summarizes the future development trend of deep learning based recommender systems, e.g.,
the combination of deep learning and traditional recommendation methods, the application of deep learning in
cross domain recommendation, the combination of the attention mechanism and deep learning based
recommender systems, new deep learning recommendation architectures and the interpretability of deep learning
based recommender systems. In short, deep learning has become popular in the recommender systems
community both in academia and in industry. Meanwhile, this area of research is very young, there is much room
for improvement in the aforementioned research directions, but we also believe that deep learning will
revolutionize the recommender systems dramatically and bring more opportunities in reinventing the user
experiences for better customer satisfaction in the near future.

Key words recommender systems; deep learning; collaborative filtering; personalized services; data mining;
multi-source heterogeneous data; survey
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T I E BN A5 B SR B B RR, BAR
R (I AE B UL K 5247 8 0 R 3R B
FaoR, SREHT RSB TH & P AT E It
BC B2k = AR TR o AR R AT B 45 A B S S
MITEOL T TREE 2 WX 28 AR AR A R RFAE 32
BT H,
411 BT Z BRI IT L

VRS HIALIE VR, ElkahkyZs A1 E 5|
BRI T WAL RS, H P RHEE LAREL
(e, JE s b P B B S RN 2R SR L
R P BIRHIE, 38 AP RHIER R . EE IR 4G
A iE R RS (DSSM, Deep Structured Semantic
Models) PIE474 &, $RH1 T —FhZ M MIREME
K #& 55 A ( Multi-View Deep Neural Network,
Multi-View DNN) , #8438 L I P A0 H J R {5
BSAAE SCUCHC RS P o) m H HEE, & —Hp
SER AR R R IR T N AR . IR AR AR
S BSR40 i3 I R R A SRR
AT B SR B[R] —ANFR A A], FEIX AR 2]
W R ZAR L T S SR T EC RS, SRJE AR
PEULHC B = AR . TR R T — 4> Multi-View
DNNE A= B, A MAA L, dk R~
AEZE. W, NE MUILE S5 7 Sl s AR A%

AN Xy o EREVRPE 2 ST 22 ST P RS W
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FEUHE AL L, SR T OFRE, ). ik
S5 BRI X B R A SRR A 2 T H

BaFoR Y, BRI P ALA AT N S5 H 1L
S, Horh NOYPTE BUH %GR, F AL IR A
LR £, 0 W) » 35 TN AL R S A

Z Mg R ALY (W B M A FEAR

{(Xu,j'xa,j)}osjéM ’ (Xu,j’Xa,j) ’ ;H\:%%ZT—\‘}EHF u }Fnlﬁi H a

A — X H,, i E P S0H A2 H P R
BT SR
cos(fy (xy,j Wy ) fa (Xa,j Wa)

g e
arg_max

Wy W o Wy = z ecos(fu (X ,j Wy ). fa (X, Wa)
1<a<N

(2)

RN RS Jm, T S B A
BeRoR y, IR H BBy, JE A e s TR R i S

FURITR H PIARAURE, IR BEARLEE om B k NI H
HEHETE
cos(yy,Yy)

cos(yy . Yy)

WU

WU 3

WUv

WU‘ A1

Xy | 500K | x| 500K x| 500K |
Vil THHAI T E AN

& 7 Multi-View DNN [ 7 45 44

Zheng s N\t R I 5 DSSMARMUL K 4544, %5
FER VRIS B RN BIHERE R g b LR RS
PEAERGE I, RS RAN R E, =T
— PR IR BE PR MR 42 W 45 151 8 (Deep Cooperative
Neural Network, DeepCoNN) . JH: 3= 2 JH B 2 51
PN FFRAT BP0 28 I 2 AT 2 ST FH - R I () B
ik, — AW - R AT PER B @ s 1
I, H—NME@EE I H P A PSS B
TH HIRHE, SRISTERAN A NS F i — 12
EZESRTIM A P H VS . 1% 07 v i R
FYPRISCARRRE R, ARG THERER &,

Xuzh A OV - DSSMAE T AT 57 b 248 I A O A 1Ak
HEFE 8, 23 R P B A ARSI H BT
FRAEE SCH P AT H BIEINRRAE, AT 2] P R
I H ke RN, iR A A BRI H R R
(R AFIABLRE She 7 A 4 « Chen ABYRFF 9 T A B Ik s
FIAN AL BT TR HE 2 ) . 3@ 3 DSSM R fin— Mz
HiEiE, FAMLPAAFEE. TE G BN E S
HEG AR EIA S BHMMERRER, &
JaBE =N 7T BE B B R S AL E T PO
5555 V570 PN 28 22 T 1) B B R = A i I HE 7

RT3 SRR, Cheng 25 A 5@ i il FH 7 5
fiE SRR H RRESE 25 i 2 s, e 7
— R % >] (Wide&Deep Learning) #i%, HT
FHL APP Ha2E, AR ESA T &Lz
(memorization) f¢ JJf17z 1k (generalization) fi
A2 FEAREE G T i, i Rk ) A i T sl
SEH RS G, FERE TN, ARAZ
P HFHEFIEE TR . 24075 B 5 B i
PE, @I REE 2 G R A HEE I 2R .
Kl 8 ferr 7 — MNAT S IR s ], X R
BRERA ISR — v ) AR el fin—
MREEMZ M2 (BRI IZ R )
Az A RE T 381 o

B8 RS IR R AL 45

AN TR 27 IR, Hedde NP2 P i e 2
W 288 K FH AR 2tk 77 N AR 7 5 00 H 2 T8] 1 52 2%
ZH, WM& E 97 (Neural
Collaborative Filtering, NCF) , ¥ H 2 A5 H 4%
TEAE TN, SRIE R 2 22 I 24 2 2 F P 5 T
H 2 A B2 Bk A 8 IR NCFES /AT S 4,
15 Bl — T 0 Bl R 1 23 il 1) 02 AN 85 R R — o 22 2 UK
FBLEERE, Jr el DU P S5 00 H 2 18] 52 B 4%
PERAELEVERRAE, 50 /5 fENCFHESE 44 LL B Fh
ghity, $RHE PSR T4 Y (Neural
Matrix Factorization Model, NeuMF) , FEZAEF
HIUH KA B A 1R B R 40 i 0 22 PR RRAE
IR R 22 I 284 1) JE 2R PEARFAIE



HOSBR: HET R ST R i 2

ETMLPH) & AR . 2 2B A5 A
HAAE) & sl 22 1000 fr) @ 45 21 7732 B .
Web 453 H i i N A fIE 8 o A2 B ORI AR B 1Y, A T
B RCEBOXRHARE, 5 R AN A8 B R R
(34,831 H rpr i FEL R 2 1) FF MILP B35 2 ST RAE 22 (1]
(1752 H., 1l inWide&Deep™® . Deep Crossing®®”.
Deep&Cross®”. DEFPUMIDINF, 53— ik 2 45
A ETUHEISMLP, & 56 H) B AL AT
Z BT AE L, SR JE i i A g R ok gk — 20
R RIS T, BlinPNNEY. DeepFMPZ
NFMEIFIAFMES],

Objective

Scoring Layer

Multiple Residual Units

Stacking Layer

Embedding #1

Feature #1

Embedding #n

] 9 Deep Crossing #H 7 (it 4 71 45 4y

ShanZ A B4 7 —FhDeep Crossing 7 H
T4 R T . Deep Crossing AR 7Y 25 #4 tin &9
i, RE—MINE. —DHERE, —MRER
TERI— PR R ALK 2 )2 B EIHL . Wang A\
%:T-Deep Crossing, $2 | —>Deep&Cross¥ £ 5
R P45 S R P . Deep&Crossa] 7 4 N4
1E ERFH— MR 2% (Deep Network) F132 X K
%% (Cross Network) , #RJ5 2H & P9 3840 fan H gk AT
M. Deep&Cross[Alt 4L B 1 IR EE#HZ /2% (DNN)
M Deep Crossing I A . ZhuZs A\ BYJE T Deep
Crossing #& H 7 — /N ¥ & ik N #R MR L ( Deep
Embedding Forest, DEF) , ¥Deep Crossing9 [1)5%
ZRICBHOABRMZ, I ISR E S FERAR )
FE LTI 6] . Zhous NP1 F& 51| K3 73 s o R T
DA 72 ik = 6k P AT R 2 AR R 0 (Local
Activation) I GRS, FRH 1 —FhiR B ERIM 2%
(Deep Interest Network, DIN) , DINZET—Ffi%
JERGINLEE R, I 5] N PR o A FIE R I
ST FH P AT R 22 R MR RS s 0 R I A
Qu&E NPT A F AL RIMLP AR H T —
AIET = M2 EA (Product-based Neural
Network, PNN) . LM IMEL0HTR, H—4
FHEBNZ . — AN BT RHIERS B2 A~ E 2

Feature #2

M. Guos \FATWide&Deep, 454 TAbHl
FREESE 2], ST — Bl IR 5 9 48 1) R AL
7 (Factorization-Machine based Neural Network,
DeepFM) H#E4T s alr 22100, 493l R A R 7 A L AN
TR A28 I 248 ARG 2 VOR 5 J2 IR I RFAE RS B, A
EtWide&Deep, DeepFMAS 75 E k47 N T AR T
FEAbEE . He NPT 78 7 B mi $dim 4 A\ 1500 1o
FE G, FET RN RE T —Fh 2 R 11k
HUAL (Neural Factorization Machine, NFM) , #g
8 SEIUVRFAE 2 [A) (1) 5 JZ R AR R M A B, AT BT 93
MBI AT SR B i KX, HAERE
TENZ 2 B3I T — NP Bt Ak A . A
PR 52 S AL, w2 Rl FA LA LA A FH TR/
EIEGL T IR T B Ar i mimvERe, 1 BN S L
F, YIGEMES. Xiao \COEy fE NFMAE
B, Bl 7T —MEE PSR (Attentional
Factorization Machine, AFM), 8335w JibLI 5]
ANREMEAE B R, 38T TNFMI R fg
AT R

CTR O

Hidden Layar 2
Fully Connected

Hidden Laysr 1
Fully Connected

Product Layer
Pair-wisely Connected

(. ! '-‘ \"{
A o TN
£

Embedding Layer j
Field-wisely Connected 3/ | T| Featrel Feature 2 Feature N
x 73 .

1
Input ‘ Field 1 | ‘ Field 2 | ------ | Field N ‘

10 PN #5574 A5 7Y 45 1)

ETF MLP B YouTube ¥IHEFF ¥
Covington % \ Pl FIF I P56 . HEEE.
ST BRI H AR S B2 IR R, 1R
H T —FhIRFEA A A5 T YouTube A0LATHE
##. YouTube FUATHERE 3 B I =N 7 T A Bk ik -
AR TR BRI S R, O T e R =
ANPRAR, T2 FURE IR FEE 1o 42 O 4% AR o ) 38 AU AT
RGN KBS REEE BT, R4
DRI 11 fioR. (kAR B H 12 i E
AR G H ORI A ORI L A, SR
FIF7E YouTube &[5 s2AT R %dh « I R RO
B B PO AR AN A b, HAZ 0 Tk
R W R I R A R — AN 8 T TR o 4 X 4% 1)
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K, FHREH R 225 FRHIE
D FERIT I N DM HEr Rt it
A2 R 2 HOAATURFAIL M) FH A 22 o0 2 132 4 [ )
IR B MR EARIREEAT IT 7, FFARAEST (R AL
BUEATHEY -

| user history and context |

hundreds

5]
]
-]
@
e
?f

N millions 5
—— candldgte
corpus generation

| other candidate sources

video
features

P 11 Covington 24 A\BHR Hy () 77 ik (R 8 40 b

4.1.2 BT B RN I 2% (1) J7 1

HETVEE /M CNN. Gong 25 AR H 7 —Fib
BT HEEIEHR LML (CNND) R TH T
ff) Hashtag #E#%. SHIKUL, 1E# R Hashtag #E#
YER—ANZHR1E 5 2 1, CNN B /E R —FhARRAE 32
ITFBORRIUE (HRAE . $2 B G — A4
JREE R — A R B s . A REE s
BUZFI—A Pooling 24K, JRHRER @B H—
MERESZM—A Pooling JZ4L %, A K ZER T
K 12 i

L

o . o O]
Look Up elelele O e Helele Look Up
slolsle < ; O .
bowa W w o owee Lk

Bl 12 BT I CNN R 4E Y

ZJa, Zhang®5 N\ i Rl 2 # 4 Bk AT
g hashtag#E 7 . Z TAEH G 7 SCAMEUR, o
K FHCNNATRNN A B A SCA R SR URHE, 285
HE WA JT I RE AT PR . R, HR& 3]
FRBEAAN 5 BUR RN SCA ()3 5015 BARAEREL, 1%
TAE R I = L R @A X A = B P . Seo
2t NV gt 7 fn el R SRR A3 BB SR R AT HEFE ) 1]
B, B — N T R I CNNELAY, HA 5 —
A P28 R — AT H N2, 43 3R FHCNN A
B A VPRI E B A 1FIe A2 =) P A H

BN, (R SR F B WL R @A PPE i A
7] 3853 5 FH P e AT H A I SR BRE - Wang &8 A\
B T — Fhah 0 & R AR ( Dynamic
Attention Deep Model, DADM) KA 78 g4 11 ST
T HELE ), DADMAFIFICNNR 2 2] S 2 38 XA
S [V R VR WL RIS G e 1 4% S FAT
I ENASTE

BRI k. Lei 25 NPUR TR E Y2
TIEEIE T BV HERE () 1) %0 T TR UG
T BT O T A R E SCHR AR S P T BB
{10 D - B8 PR TR AN A 4, DRI 2 2T 1 ) PR
MUY 75 ZEEA S RIS AT 72K, B
()72 e B S e P o0t R I e o B X I A 1] R
TR T — M LU R FE 27 ) U7 (Comparative
Deep Learning, CDL) , H 3 Z R ZFH MLP Al
CNN 73 A N 1 2 U5 e A s CELFE A P R
PSR 5E) MBI E B > P E
bR, FHok = A 2 5 — B s A
BRI R AR, R T HeBS 2 B AR, B
I FH OE St B R 67 s st UG, EREscEATT S P
ZIa RS CRIIE St R 5 P (R B R 1% L A
WEME S P R EN) , FERA A R R
BT S80S sJaidd A S ER R
PR R A U HERE

HTF CNN J35 i, Oord % AP 7L 1 i
0] ) FH R E 2 ST BB SRR U 2 SR HERE RGP %
JRBNIA R . A ARHERE T, PR i R T v S
e, RO T8GR U & A, A
REMEAHERE LS FH P o A3 8 SR FH - 16 g sl
B A R SIS S s, 8 A S I AUE
T MBI Z NS, K P HE R3] — A
L MBRA ], NI AR g 5 =) 2R P ATER it R R
No MR, AT D I I ZR I A AR AR 42
25 I B (3 0 S PR B At BRI, AT
REf% 75 3L R a) rhol v S H P 5B SR 2 1)
IR SR R HERE 5 A, 5 B AR YUl o H 7%
J& B i)
4.1.3 B TR AN L8 1K 77 1%

FETHERJIMRNN. §ImE A1 5 T =
JICNNAERY o 5L, 3= oL o T
TRNNFHERE Tk, Lise AP T —Fidt Tk
= HILSTMR#EAT fi# v (f) hashtagdf 7, 137
HLHI 5 RNN &5 & 1 35 42 BE 8 ITUE SCAS I 7 41 R
1k, [RIE A6 A U B A 5 B ] . 5
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BOE Je A LSTM Sk 22 2 B 1/ 19 Bk A&

(P, ey ) o 55 SR 2 RS2 525 ) 0 1
3. BORASHOTE R AL ) I s § A
B f A A A R VR R 1R
Hivec=3"" ah . BUR4HIINE 13 .

Topic Distribution

Py A N P S
LSTM \_A \T‘ A e
! -
O O O
O O O
LookUp | |O) O o
Wi w. Wi

B 13 LT3 = 71 RNN R 404y

HKALT[87,91]10 TAE, Huang A2 i1z,
M2 (Memory Networks) fLECNNAILSTM, ##H
T AN EEFIER S AE 12 M 4 3k 4T hashtagHE 7 .
BEAh, Huang@e AR H T — AT E it
B SRBAT I PR HERE . 5 R B K B I8
FARAT, F7AE SRR B 5] SR, AA AR
B A AR SRAF R M AR
WATPR . AEE @R P 7 s R A
7 ITR B P DS, $ETF T SR HERE I HE
PEo FLRHE, VRS R B ASCZ 48 55 5 WAE 1)
173 S AR B A FE P 0 3 SR ke o R A 2 R B
PRE PR, SR BEA IR 2R 1R 1IN
HH AR B4R SEEUR I P B R AR

EFRNNRTEHER . OkuraZe AR H v
S ITVERR T TR AR . e T A E S
T8 U5 R, RAREE A 4ID3 (DAE) MOgTE
RBCCEMEE R 5N T %I WL, R
FHRNN M P (6 7 5247 Ay 1 26 v 2 2] F P ) Bk
N B, AT RIS R e, T
W IEVRIF P B o R S e 1t ) sOR P R A
AR SR
4.1.4 FeTIRFEAG S M4 )T

T DBN W& FHEE. E4NETHERT
SRR 35 R N R SR B S 3 SR HERE 4 A A
MOLS AR, XS EEERE RN L, Wang 2
N B v B AR S MR R R SR B 4 R

(Probabilistic Matrix Factorization, PMF) ¥/ i
FHE S| — NG — g, 3T T & R HEE M
AE. HAkHh, HEF PR P I H R,
— TR ) R 2R 0 P 20 i o >0 B H PRI H R
PR R IR AR & 48 B R PR B & R
FHIER 7R AL P B AR 2 PR, ARG
F AR R R 70 N AR, FRZE& P A AR d 40
H H -0 H Vo FE AT BRI SR, e AR T )
S P A 0 AR NP2 HEAT T

SVRUL, TREE S )RR A Ak i A P A H
FEAESE R HME () 10 R, DA AT I00 B 194 J5 3 i)
[F] I B 8 K FH P AT H R AR S B S HE A 0 R R S
PG —HIRELE S, HR IR A AR AR TR I T N 25 (4
FITE A ARG A P R, W ARE YA K
B BB TR, HEER IS H P O DG
()BT
42 REZFIEHETIEFHEA

P IEEIE, BRI o, S P
Iri) B2 PR 4 ) B R s R S EAERE, W e v 9
B A A B 0 O R B 2 5T ol T REMIE I TR
HARALEE, HATH 2 N T W) i ) 2
o JETURFE A 2] B R i BB T VR A 6 I E
1) d U I e S i, R R B 2 STl 25—
ANEFRLAL, S — BB T BUAL W RS SEHERE Ty
o H SRR BV ) a0 E BT
Sy EAE RN, R R 5 IR AL 52 ) F P B
HRIBEERIR, SRJEFIHIZE S35k (Point-wise Loss)
R g (Pair-wise Loss) 253570 {145 4k b i)
& H AR LA R BON TR BE 22 ST () S 80T Ak,
e R 2] B R n AT 0B HESE . AR PRVR T
SIS, A SORRR FE 2 2] N 21 [R5 9
T A .
4.2.1 BT 32 IRP IR & S AL P [FL 98 77 v

ETRBMKYFEITSE. 20074 Salakhutdinov2s
VOV VO UR B 2 51 7 T et 1, Rt —
FhIE T2 BRI /R 2% S AL p [R] i JEHEFAR A . (R
A Mg, A M ASSoftmax $ oo kAR AT L
HIuHIERBM. &N FEA — AN L IRBM,
X T AR RBMAUA 2 o] W TeAN ], AR
F P 25 AR A 2T 295 PR P X L4 RBMF A
D58 50 =2 A [ ) L DA R vT L e 5 R 2 BT
FIEBRUEW . Salakhutdinovi A 4% 45 IRBMIS:
RUHAT 7ol —RAEILZ, EaddREeg—4
li] 5 K FE (10-1 1 B AT RN s R H BRI~ Jxt
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IR H BT 1 PR, A — A SARATRR)E 5
TCIERIIMissing B IOTEIR R T H - N T 8
PRV SIS S, Salakhutdinovs AR H
—A0-1FE r R iR g, BRI
MBS SHEH T —Fh 2 AFRBM. B [ 45kt P
14571 o

h.
]
r -2 @ Qn‘ﬁ%h
W

k
ij

WERV

Kl 14 JLF RBM [l Al BT vE IR AL 45

MRAE RBM BAH] WL JZ oT Z [RI AR 2 otz
[ ZRAF AL PR, 45 5E w) LR TeIRAS I, R
BTV 5EZFITh AR AT ARS8

F
exp(bf + > hw)
> explol + > hwi)
p(hy =Llvin) =00+ 3.1, 3 viwi+ 31D,

(5)
Hrb, KATF 2055030 P AIES A S AR,

B FEYN S E SR E W} BEA R E

P =1[h) =

4

{b P AR B R E (D Y. SEOIZRA 2002 4

Hinton $ HH fryoxf b e 41,

Phung A\ M58 i % Salakhutdinov 2 A [ T 4f
HATY R, W TR PR P ERE, R —
Mg — 77 K EIPIUE AR AL . BeAt,
% & B RBM AL BAV AR H 1 T H 2 18] 1 R BE,
Georgievai \“Sha i 1 i 2 2 8] 156, XTRBM
BT 79, FFH O A 2o fiol i #E
1T T TRk, (R I A A5 20 e % T 42 A 3 SIAB VP70
¥l o 735 H 4 NS RBMBIRSEEATY 2, $RHH—
FhIE T SAEARE R BUR2Z 2L, 2N =TT T
XTRBMEAT 43t , — & e B PR Bdis AE v m]
DL TTHPIRES, AH R EERA N K 4E190-1 ) m%
N e ENGE R InAE T RS R, =
R RAG R RN ENZE N 2, R A Wk

PR RO AR -

H T 2 PR PR % 2L R 98 7 R i e ok
I e S FE B R AT AT LR A E S B K, [
I T 52 PR UK 26 2 ML I Zhod R AR AR AR 5248 73
HEREAN SRR B RAF S A T i, IR TR
MK, FHEETRZIRBUR2Z 2P PR A
PN F o 52 BUAR KPR 1 o
4.2.2 JLF E A% 1 P R 8 5 vk

R, A as BN R EF,  H
i e A e e e 2 i B AT
ARG 25 o DA DR RSN U] GE N L G
PR X UE f il . B 15 g5 74k

AREREER, g — PP ER, Hh

VP BdE (B K E 8] Pl s ) AR PE 7 4
i (BB GRERR  E Mg

M EMEE (R, R) NGRS 2R SH, &EX
RFEIVEI BEAT TR <
R =gWT(WR +4)+b) 6)

Hor, QM f iR, W AW 9 BUE S

B, AT Dy fi LT
BMNE

D EnE S T H
BEn =S 4T H

O
OrX
O
Q/;E:”
©

15 T H iAo ik [Ee i U7 v B R B A

T B D3R A FIE 987712 . Sedhainz AL
W T —MET A RSN E T
(AutoRec) , IR AN FEFER T ) —A4T
(User-based) =# —%| (ltem-based) , FJf—4
it PR — MR R A e, @I A M E
MR ZER TR SR AL . Strub%e APPSR
AP E i 2% (SDAE) , ¥ F1I H I 3E5
) & AR NN, A 2] P T E R R
N, AR JE I BRI B AR VR A BEAT RO . %77
5 AutoRecHE AN R, FLAT X 143 B 1) 40 7
i) @, FE I R B b s b Y o R R R B
FRE, MM T e R, H R R
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75 A R EORVE 7 HdE 1S B 2

R Y S A R AR . Wue N ORI R e g
E g b 2% K etop-NHEFE ] @, $2 7 —Fh bl ] F%
M 5 4w 5 2% A% %Y ( Collaborative Denoising
Auto-Encoders, CDAE) . CDAE 5 AutoRec /7 i£ 1]
SERRAL, @ P R MR RN, )
P B4 1) & R R b T HEFE . {H2 5 AutoRec
AR — S22 R — R AR B, 1
setop-NH#EFE ; ez i@ ey E I T
R, $RSE TR B EAR
PR =, AEANHP SN T — MR T
Tt T HERE R HERATE o

ET BREBHRRES . Wudk NTE[20]H1 45
g AR A N EE AL R ZE I RE AR SR FH I R 2k
(Point-wise Loss) /g% FH Boxf 42k (Pair-wise
Loss) , {HHAA&IE R BEN KR & AT 55 R e,
TR AF H A 4 LB KR . Zhuang2g AP
TEJE R FE R 4E th, AHERE ) b A F P B9 53
FRUEAEAEZE R, BN A P H A Rl =
I H T BEZE s 4y, T — AR R T ) B AT R
PR F CER I H g5 RSy, I, HEERS
FR VP 0 F00 I AN AN AN 75 A S0 1) 1 43 K4 5 Sk
PR B — 2, T B 75 B 0 v o B 2 )
FIADHE 5 B SV R Ay — 3 A XA i)
A, A3 B A A ) R Rl ON BSOS HE R R
(Pair-wise Ranking Loss) {4 Tl ¥t 5 & s
o I HE PR FE— 2 BEAURFH B gD 3 23il  )
PR H I FaERoR, Pl A8 s i R R,
Akt HAReRE, RHABREE TR ITE1T S
Biid, fJEET B P NI H R R, il
ik WARTT AT VR4 T

BT E G i 25 1Bl ) Jk 908 D7 vkl SR i T B
ARG JCHA R AR B b s, 84 e
R RBEANSG g 7, HESE 1R R AN B 1 15
5
4.2.3 BT A R R BRI P[R9 77

SR FEE CAnFE R 740 i) 720 7 H
FUAT R RIS, ERERBZHE =T, 75
R X AR 45 R B B EE R, Flanskk
TGN (Session-based Recommendation) 7]
irh, — AN rE T HT AT 90t R TH AT A A
EMNER . RGPPSR R}
FAER) AFAEAFAETH R S 2% HAER A = 1 )

BT JLE, HWIEMEM B R T2 M

H 5 R 1 43 A AR R B2 (Embedding Models)
o3 A AR A f L I AE B ARG 5 b R,
FIFHE G BN M AR R 2 MhmFR
BRAY AR A o BT EL LGB R, DRI AR e FH T At
HeFE RGP P AT NP PIRRE Hokz O B AR A
FAFH PR T E )95 18] 77 51 [E A gt A AT E - (R
HHME RED MR, Mk
I3 A AR i B[R] — AN Ba A (Al s v
PN SEAR 2 (A AR AP E SE B H iR . B 16 &
— NIRRT, 25— AP BV I
]l Sj ={Vi—k""7vi—1'vi'Vi+1""'vi+k} , EX—AHE
WiH (Target ltem) v, eV, Hrhv ZFrG 0 HKE
&, AP AR A E v v, 1B H  (Context
Items) , 455E S; , Aef I I & KA F 5 ISR £(S))
KEFFFAIV, 15341 KR

(8)=2=3 3 logp(..Iv) (7

| Sj |vieSJ- —k<czk
Forb p(vi,e [Vi) %€ HARITH v, » 2R IR0

Hv, i, % KA Softmax pREGHEAT & -

exp(v.

p(vi+c |Vi) = Z ivc Vi)

exp(V, - v,) ®

v eV
SRR 2 ST 38 5 57 Mikolov 2 A PR i g
JZ¥K Softmax £ Negative Sampling 777, &2, il
BRI E AR o, BRI HETH P H
P g Bl A EE T R AR
FP31S A pTA I H
AN

Project

16 )i SRR L
HETFHAARTEARNT — KW EHEE.
Wang 2 \ L oA R R A T B — 0l
PO HERE Rl B, DD HERS 1n) LR 45 5 P R D)
Pist GEERZAZSEIRARFD , HHE R
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TEYAT N B BRI o 2T T R AR P Y T
P HIAT AT P A (i AT I A, 12
H T —ME kAR (Hierarchical Representation
Model, HRM) . HRM&—F i 2 85 M TR A 2R
B, SRl AR E — R S rA B H
kB B RKon CERFFIEERD , B2
B RAH P RIRERE BB R L gR
IR G RN, EFRIRERNAT T —RY

PYRETION . BERIGE R AT RN, vy Ry 53R
AR URITHE TR E, MU, A b
— R G PILFAITY,, HET T — XY

T, HRMZESH T UAE T — X ik 0 H i
IR

exp(v; - v

1 1 Hybrid
zj:lexp(vj : Vu,t—l

pi e T |uT5) = (9

Hoep [V ZORFIATUH R, vy 2582

R £ B R Y RS (V) €T
@A, W
v —f (v, (v eTY)) (10)

ut-1

Hep £ () #ARRGRE, WTERK

Hi4k (Max Pooling) F1F-34i4k, (Average Pooling)
EI A S adak s B P s A8 5 B dE kAT
WG, KRBT AT RIS, 3 A
U ZRi FIHRMIEAT T — IR A9 0 0
T—RE G FKitem  Softmax

/
[TTTTT]
HFu

E—-kxZ5H

[T 1]

item, item, item,

K17 HRM AR T 25 f4)
ET o mRNRABARKT GH#EE . Grbovicts A
DA150] FH 43 A 2 38 7 3 R W ST 1E R Ga I o5 4

B 7R, A P 5 A [ H 7 4% IR sl T P A £
KRR P 3 S0 SEAT B, TR0 A o
AR o, PEFIRH T R A R
JE AR B PRI E A AR oR, — R
Prod2Vec/7ik, FTA 7=, HAE™ 52
R, SR A SRR B A 7 S E
AW ARER RS SRk
Bagged-Prod2Vec, H.7% [&—Eflil Al ge o & 24
P I SEAT Ry, FEMBARJE R BT R, SR 4
A AR BARIRI BT I 2= S R R . 3k
B H M mARARZ )G, (EERE T IR
B, —FfOR 7 B S AR, AR NS
() H T 550 R (R ARALLRE SR R T P 1
PR S A R s SR A B
TSR, R A AR SRR S R g
], AT I8 I T35 P 5 7 i (R AR AL RS = A HE 2

BT oA NEo R AR M R I8 777, Reie it
B P AT NI BIR . [RI, 2 A ELI
i, HEfERER G R EHE T KEMXKE
B8, B, SRR T AT AR B
Bifs 2, FHARRE e & SO 47 N ) 51
o
4.2.4 F TR I 2 W0 285 () W3 [ 3ok 368 5 v

78 PR 4o 2 ) £ A5 TR 1 S A X e 471 5 2 A 1
PR, RAR A 5N B AT N A A 1
WFFE . FE TR A2 R0 45 11 3 (7] i 0 5 35 1 0 A
NERBAR M R GEAAL, AR SR 4T
NI HIRE, AH XTE T4 A R R BAR AT
FTHPAT A REESE S, T RNN GBS
AT R B AR ELARROR FR o B T IR IR 22 ) 45
{1 B TR0 90 P = B S B 2 R D 10 2 o 40 ) 4 S A
FP 3 52 PP BUAT okt 24 wir bt P AT I sE i, A
T SE R P B30 H HEEE FIAT T . B 18 s —A
FEARMHEET RNN BH F 8 S, S n—A

R P BT RFH S ={%, %, X}, B, X HEAT
RN L TR IR 8 R 22 X 48 18 45— I 21 )
N, B ZIt R h = £ (v +Wh_,), Hd f o

Jih R K. o, DIt PR T H R, 8

WAL U ZI R R ER A Softmax S50 it AT it
Bo MRAEN IR AR, T2 M R
IEUEMEA B T T AR AOHERE . RN TR
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B 2 R A L

O
0,0
O

- - U
O ht—l O hl O
h, O ——>---——>O O
oW W oW o
VI VI VI
O O O
X 1O X 4O x |O
< Q9 O

P 18 TG R 4 45 X 4 R A g v AR 7R

BETSERHEE. ATl NiEE AR EEZR
FH w02 i i b Se AT Al sk i — 2 i
FANTUH FIMEZE, Hg KR 2R T — 42
TEWARI AT 80 . Hidasi 22 ASRF GRU SRR
FEVEFAT R IR RGO &R, FEARZEM A 19
Fon, (ERE—ANETE] A b, SR N 2 2 B
HIT H ) one-hot 4w, SR J5IEE—AN RN E K6
FRYEES A &, A2 AR GRU JZHI—
ARG, R R Softmax 25 773 B A AEA
TH S, AT ST, i iE
EAFE 1 PHEE R, 285 KA mini-batch 4b3H
AL, fES B, FIEEIIH HE K2 2R E0T
E R, A A I H AT, AU
TIN5 53 1 H 4 s AR

FE[76], Tan 25 Axt Hidasi 2 A\ T1E 42
BT — F At — &% (data
augmentation) , B IEIE K F AN KERITF
HAE N —NINGEARIG I SRR, R)a
KR A3 Dropout BEAL 25 B — L8 f7 51 b ()75 A
AR T B R R RIS 2Tl
25, HEBIH P w2 Bae 8224, @R rA
3 S AR AT AT TN S, SRR AU R Bl 1)
BAmdt AT ERE AR IS, IXAE RPN 7 P
1)K IS B A0 IS O 0 s — 2 R R AU B
(Privileged Information) 47145, FERRLI SRt
TR, @R AT A S AT ] 52
Bim, RTINS

— & p | E] )

&
z
%
%(ﬂ
F
=
&
g

2
#
=

!
| 2\
[ mw ]
[ Ew ]
[ Em |
l
T
!
EEITTTETE

B 19 Hidasi %5 \ P H 1 755 A A 225 1y
NI ERSY:nl v Sib o S e s AN A Cibu
JEITEIRA ISR P AT AR S R, {H 2 A
5T AT A R AR, A R R
I 45 S F T 3R TR RS A . Song 25 A\
T F N IS RS S IFAE 2 FiokL B2 B g A P 1 2%
AR LT, B H —Fh 22 S I TR P 1 S B A R Y
(Mutli-Rate TDSSM) . Liu %5 A1 8 53 5
G AT AEEAAE 2 MR, R A
WX £ AR TR Log XUk 14457 (Log-BiLinear, LBL)
(50030 ) A6 PR 47 Ay 2 0 ) R A4 A 5 2 A1
THEEAEE, WMt 7 —F a3 Log XUZ MR
(Recurrent Log-BiLinear, RLBL) , szIIFFET
— I 2T AT . Wu 2 AT A8 SR 2
R T P E R AAT N, SR g T A
AR A i AR s A B U s, IR S — A6
IREB o A — RGNS 73 Kot P AT HERE . A
#horaE—A RNN ghtt), Haiid X AN 147 8286
RPN A I3 S S et 48 A7 R 5m . JAE7E
W — N A g gy, HEEEE T
F P A ) i o
DA B A 5T S bR EAVCRIH T P IR SIAT A
R P R A, RIHBE I E FRRAE AR A
Ao AHSEAESERRHESE RGirh, UH HFHIE AT BEKR
Ak, BN — B FEL S ) S UG B B S AR AR
Sl AR A 03 . Dai 2 AP B 5 P R T
AT H SRR TR O P 22 B BRI [R) s 4k, 55 T8
PR X 28 R 22 2RI ] s R, S T — A
3L A R AE ik O\ ik F2 A A ( Recurrent
Coevolutionary Feature Embedding Processes) =2
FH P i AT H AR A AR, 5% >3 P A0
HAER—INZIR RN, faidd o = Ao E
R s BEAT AR AR I H . Wu 2 A POl i
M) FH AT P 22 ) 5 G A ) P A 2 R 0 AR5 A ) 35
o, #&H T — FhOE B HE3F M 4% Recurrent
Recommender Network, RRN) , AEM T FH - RSk
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(AT A0, A, RRN 54 70 P 4 e R T
Sy ) B ORI E S kAR, R P
F3 S T4 BB AE AN SR LSTM 2 2] F P AL
HES WL AkER, BB EaRLka
SR PR S B — I 22 R 43 T

KT IEHR L 4 (B R e 773, i T LR
A RO B P AT A R A R i
TEFRAh P 2 1 NV VR SO 8 U e ),
T RE 5 NN R S 05 00, LUK & 2
B ke s THE A I R T, B A s i
Ve, 7EMRTIOMER RGP ER TZ A .
4.2.5 FET-HE 47 000 2% 1 ) 3o 96 7y v

Wang 25 A\ 4% i IRGAN B 0K GAN 5| A\
B R RGUR, SCHL T 15 B R g ch oy b 2
TR R R BT H I R AR 14— ik .
R R A T4 — N A, R
SR, RS R B T AN AN SR
(a.d), T~ 2 A . IRGANF H )2
5 S GAN FH A F S8 A1 ) 38 M ELGH B JEAR, SR
AN 2 T 4 e 0 AN A K B v SR A A
FAETAN S R RIS R B — NG — RS

ﬂ:ﬁﬁti#’ 1&1& ptrue(d |qni r)%ﬁﬁ)ﬂgiﬁg/fﬁ]
o, AR R p,(d |9, 1) 2R T

JUECSE A A, IR R B £,(0,d) FERL

T X ARSI o SRAULF-GAN, 1] LA
5E SIRGAN 1 H A5 pA 4L -

350 —minmax > B pe a0, 0 [109 D(d [ G,)] +
T | Beop, a0 [109@—D(d [ q,))]
1D

Hr, Dd]q,)=o(f(d,q,)), o & >sigmoid

PR, O 1@ J3 Tl e A A 2R AR TR AN A 1) 2R R 7Y
(28, Aetg Bt KB N kAT AR 2T M
SRELH) . DL H A B B i SR ot HE 45 2k ok
R, % p,(d | q,, 1) REfEIE L — N Softmax ek £
HEATE X+

exp(g,(a.d;)) .

> exn(g,d) 1

p,(d; [a,r)=

9,(a.d) R EEMA, AR d xR,

9,(q,d) #1 f,(q,d) @5 AR BAR KT AT € X
Al LLAEAR R T s [F 2. 76 SCHR[100]
1R ¥ Hoe SCAMIFEEA:  9,(9,d)=s(q,d)Fl

f,(a.d)=s(q,d) . fEUUHHEFAESS P, (EERM T
R DR 23 D7 ok g X s(0,d) -

s(u,i)=b +UV, (12)

Heb, b2IHTKWE, U, MV, 23508

UAITH iR & . s(u, i)t n] Lis i B A LR
F A ML HAT E Lo

AR 2 B TSI 7RIS, R R
G REE S A RO . HEAT, A RO B 2%
FEHERE RGP N B AL TR R B, SR A I
FART#E— BRI,
4.2.6 F T HARR 2 SRS P [R) o 8 0532

(% TRBM. AE. 7341 sU&RBAR . RNNAIXS
PUrR 2P 2% 2 Ak, H BT 1000 5] i fR iR R o 2
BALA ARG A2 2 H BE /A0 AT
4 (Neural Autoregressive Distribution Estimator,
NADE) 1,

Geng % NPVt 2z Py A R 26 o TP 5 4G
Z AR LA N BB N R Z R A, 4R T
— Tt 2 X 5 A R SR S ST A AT A A R 2% A
PRG3R AR P MR 2 Ta) el 1
3 538 HTE A B B 4 4540, SR AR 2 %
G4 R TR e A KA A g O g D vk ST P 5 T
BHIRZIRGE—FoR, TIAE [A)— 2 8] ol i 5
F P AR B ARAURE D9 Y - 384T B & HE %7 . Zheng
a6 N DO e ) 3T RBM ) i ) ot A7 76 6 A PR 3
i, ] NADE #:4X RBM SRiEAT P [R]d JEHE
17, NADE ANFEZat NATTR AR &, PR 72
FH AR EHER SRR, AR SR R

SR, FE TR B ST P A JE RE TS (i
AL BRI R TR () — Fh AR MRz (20 HLaR oK
R R PMEH BRSPS T
LMt IR AR ¥, A EOAE S B PRI D77 Cln
FERER T MR B b a2, (B R ik
T3 VEATY IR TC B3R A G W [R) 3L i O VA AE B s
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Mt i L, LA P AR I H (74 J5 B0 1)
43 REFIERGHEFERFTHNA

& 25 1B R 7 E AR A T A P 0 5 5K
S Ak e S AR, RN O R v . e I
AR EAG S EH NAEIR. e tobrid . oF
WEER AR, TR G AR A AR AR
B 0] R, I T A g T M e A P 0 A i B i
M) 327 n) B, 22 SR T v, i Bk A 2 R (RS
(Collaborative Topic Regression, CTR) [, 3R
B B PR BUA RS Bh B R, R St [
FIRFIESERG  Aete M A A 2 S BIE U A
I H RN
ETREZINEEFENEERREAE
FET WE LA SR E, K s E 1
FRAE2E 2] 50 H R IS FRE B — N5 — AESE
o, SR S SRR B A SR 2 ST P B E
FRAHIE, FHEs SRR RS IE T Em g g — e
R BT S HON SR, RS RIS H SR A Y 5k
A P AT E e mkam s, dEmses A P o H
HEPE o ARVEIR B2 ST AN ], A SO 2 TR
WIS 15 ML R R
4.3.1 BT AL SR R G HERE T ik
MHT, HYm R R TR E S IR A HEE
ER NN Z . BT B IR GHERE 7%
PIEARZER A 20 Frox, H%ib4 T RA 5
FoRFZRETT, 1R HARH A SR MW FHRRE X 2000 H
FRIEY F2A S P RRERoR U Bl H Bk RV, ARG
R s AN B R R R S - H 2
FEFER CHUPEAMEERE) , BJalcE B gmidas i Ei
WZE X U) RO,V , DL A28 B AR PR R 2
CRUN) MG — 1 R R B, @t B RE R R T7
EE BRI PRI E R, NS - it
'TTﬁ?ﬁ TEA BT, FTRERIES A 1 00 H Rk
SR PRHMEER, walae LA 7 HAp—F,

BAR ﬁﬁE
ﬁ%w“o OW
e OEHFOR ¢>O ‘(X ,0)
i O O
<@ H O

© /
HP-mH

xEEE |~ U X-ﬂ’(RU V)

BAR mmg

O
’g OWJ% W) ‘ W
© O¢>Q OH/(Y V)
O O

O

20 BT HgmiLas R G AR I R 404y

HENRE 2SI, Wang 25 A7E KDD2015
SRR S R T o DI 0 P A P A
A, R DU ik U P g i 215271 (Bayesian
SDAE) , #RJ5#H 4 Bayesian SDAE FIHEZ 4 [ 4y
filt, $RH T — M EIEREZ ) (Collaborative Deep
Learning, CDL) JRAHEH 718 17715 3 2R H I
H SO B, >R A Bayesian SDAE ¢ > Tii
Hka&mx. COL AW EFR R K 21 for, R
WRGA N AHPMIATE, X R—NPE55E

R=[R].., » SCAKH RSB E R, rauH

) SCA B B — MR R X CRE— TR — A
T H A D o JEREAE X, AR AT 2 E
2R A X, B gASas S |2 % e X, AR

TR K6 Ak B 9 W, A b, . CDL A4 B FE R
1. %} SDAE W5 —21
(a) XBUEFERE W, f1fE—51In, $2HL

W, UN (0.4,1)
(b) $EHUmE Db, UN (0,4,1,)
(©) X X, fF—17 1, 32

X, UN (o(X_, W +b|),is'llKl)

2. SHEANTHH
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Ca>d @& B — 4 T & B m A
X, UN (X A1)
(b)) W — AR HMBE MR

g UN (0,47, ), SRSFBRERSIH A& H:
V=& + X,
3. MRS, SREC AN T A
u, =N (0,41,)
4, st P AIE (,0), fZEI—MED Ry
R;UN (ujv,,C})
H Ao A A AFARESE, CR—

NEEESHOERE.

[ 21 CDL [ A1 254

25, BHWFRENCOLBEM AT T — R H Y
Ji&. SCHR[39], Wang%s \KCDLY™ fig b F 2 Fr %%
HEAF A, e —Fh ok R AR AR H g A AR Y
( Relational Stacked Denoising Autoencoder,
RSDAE) . %M 70K HISDAE I H ) A 2545 B
P IH MRS IR, MR i AR S
UH Z [ 3L IAE R, RN R T P2 RG] fe
AR & 256 R BE . COLKE R, 15 H (1) S0 A
W5 B2 e R AR, XA 7 2 7 SUAR N
AR R A TR S . BRI AN R R, Wang
g NPT — R b RO B g 6D A
(Denoising Recurrent Autoencoder, CRAE) , Hk
R E SDAEHEAT I H 77 . CRAEHA —F H dmtD 2%
g5Ky, fEgwmhdas Mgt s, 23R —AMEF
22 N 28 SR SUA P HI AR R, ATV STAS ) v
FIFEIE B S34h—CDLIY &2 b [F22 4 H 4
i %% 779 (Collaborative Variational Autoencoder,
CVAE) M, CVAEREFIZE 5 A 4l #1 # SDAE M
I H I A aE S IH Ik RN . AHELCDL, HERR

PR It 8, HANTR ZAERMA P IALES, §E
g IR SCARSEDTH N A TR BURHIE . 1641, Ying
i NPl COLBER BEAT I R, 4ty —Fb s R R P
HEF #5454 (Collaborative Deep Ranking, CDR), CDR
5CDLIIX HILET, CORFIF T Rentdi ok sk HufX
CDLAL H 32 st 2% eR B0 AT B ALAK,

WEATREBNER . Zhang 2 APFH—A4
5 CDL FHARIRERIZER, Rl TTH Z (Al 4R 4L
FE (WHZEB&ERFR) Mg EE (O
ARG HEE R, Wi H SR
5 ) JPE AR AR A PR AR, BRI T — AR A0
P EE ik A K8 A ( Collaborative Knowledge Base
Embedding , CKE) . CKE FIf]l 7 =fhdE B %5
5 217715 T H AH O 1 45 46 A RD I 25 A A0 B
FOJWH KRR R R . Bk, 7RI H A5G
a5 B, Gl R —FhaniR B A U7 %
TransR™M4 157 1 i\ B B 4% [ ok 25 =) 35 H (1) 259
e &, IR IH A SCAME BiEid K H SDAE
FEIMOCA I 73 A1 AN IR RAF BT H (R SCA ) &, F
FH I H AH o< ) BEHEAE BE I 32 H— Mk B
% 14 #% ( Stacked Convolutional Autoencoders,
SCAE) ARG B b AR 1 73 A 2N 7 2K A5 31 13
H AL e &, e im0 H A =28 m) 8045 21 15
HEERR, &E4dE PMF 2223 H P A H &
ARkER~. 5 CDL Mk, CKE £/ 1 3 2 14
W5 Bk 2 H Ba R, J54h, CKE Wi ]
TR T O HERE 4 2%

FT SDAE [7i:. Wei 25 \ i@ i 28 &
i i 77 v TimeSVD++E R 3 B B 5 4 B
SDAE, & 1 —MiRGHERE 7. &0 50 R H
SDAE M5 H FH 5 B 2 2] U H ke s, #
- TimeSVD++{LL & F 7 MIIH 2 8] B 1F 73 R R
5 CDL ML, 1ZARZYF H ) TimeSVD++2& —J5f
& VIR R B AR A, DRI T e G
AT H LRI (B A2k, AR T4 TR RGN
PERE.

HT mDA M. Li 2 N s 10 2 e gk
A 25 %% (Marginalized Denoising Auto-encoder,
mDA) UOVRIME A B MR T AT A A, R —
FRA S 71k, mDA JZFFEE B i —38Y
J&,  Hoad a0t R M g g B N TR R 3R AT A 2
b, e 1 I ZRRE N ) R A BT 2L B R
B, $TF TRy RME. 5 CDL A CRAE )
ANFEZAAET, SR L& 7 I H AH O B B
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5 EREE ST H MBRERIR, BRI T A DG4
BRI P IBR RN, AMZAE 3 15
CDL F1 CRAE —#£K FH UL H =X, 12 ) FH i 2%
Pk B gmpn s, HATEDRRA S, BA TGN
AR

EF aSDAE #1773, Dong 25 AU 7 —
b2 T B e 2045 e B 4mfidgs  (Additional Stacked
Denoising Autoencoder, aSDAE) (VR & #3775 15,
aSDAE /& SDAE (¥ J&, HA A& FH P sl B H 1)
PE4 115, aSDAE 7F SDAE [ ANFa E#mH /
BCE T H 4 BhAE 2., 7S o IR ) 2 A A N B
AUAHBIEE . ZWF 70F| ] aSDAE 2> F P Alsi H
IS, SR G 45 G R 40 i (MF) Fil aSDAE
MBS HARRAL RS, KRB TR iE TS
Hothtb, e ARFIVE 24T 0. AHEE CDL U7
%, SRR RN RS A R B e, B R
/D PR S
4.3.2 Je T HARPR FE 5 S BB RR & HESE T VE

B T Bgmigds 2 4h, HATH A TIRGHERE A
JE 25 IR ALA ARG 2 JZ REIL . B A2 I 2 R
IR 2655 . B AR IE TR 2 2] (PR A A 7
HOR PR P 2 21 b [ 8 AR A 42, (H2 H Y
T 2% ANl B A 2 b 2 2 R AT H B R 7R 1) i A2
e AN EMBE AR, R AE B A e & i Ak i A
BT A S E 8 U ik R R i B
2N, ERENT E YDA E AR ZE, A R
TR 2 21 77 10 NS B (s B R 2= ST R P A H B
For P AL A P FE B R S R E R — AR
— IR B S HESE R, I AE S S B AR A T 72
A P 5300 H A S s ek e X s i R
Rk, 53T E gl as TR G402 7 1 BBk X )
1ET w2 B bR B . B 22 45 7 —A
FEA AR ARG, TR 27 ST AL F SR AR P RFAE X
FIIH FFAEY F2E 2] P Bk R U B H B kos
V(AR IFBE E gnit s i N B R
SR Ja K B R 7 RN 38 B PR P A R L - TE
THMMER (WIVEAAERE) , B A3 HARRE 1)
w2z (RUN) Wy g — I H bRt Ak B2, R ik
22 B PRI E BRSSP PR A

;)

AR /ms:; fﬂm\)"% HHE
E%wuow" : HIﬁngowv
e e R S o)
0 g9 9

@ 1o

?z);gé z ><R,U,V)

Pl 22 T AR 25 ST AR (VR B 4 VA BT B

T MLP KRB HETE. LSRN T
V238 R A AR R O 2okt B R P 1) AN )
RIPEES, Hsieh 25 AR R IR 2% 5] Sk 5] ¥dla
Z AN B AHABLRE , JF 44 I %7 2] (Metric Learning,
ML) FIPp RIS IELE G, $EH 7 — P R EE 2% )
(Collaborative Metric Learning, CML) J5¥%. iZ#F
FUE H N AR B T AN B BE B AL RE (R A% 3
HAR—ANE B IERIIEE, 2 A LR 2 2] A
WERR I, Kk, CML @it kid A 48 5 vk
(Large Margin Nearest Neighbor, LMNN) 47l
B2 2] k5 ) HAE 2 RIAHA RS o deefm s EDN RS %
PR R B b, 8 MLP BT E FH ORI
BHIE RO, I IR IBGEARHE A2 o 453 5k HO i\
P ke s, RN ENALEE 7, st
— B HARAL R E, B a5 2] B P AT H B
&, BBl Top-K #Ef7.

Chen %\ 2 itz h, @3 5 APl
JE R BB L BIRE R AR, SR T AN
B S A IR A ( Attentive Collaborative Filtering,
AFC) . AFC &2 — 2 ERAHL, SFmpIMEIRI
RN, —AITH JZ R = ISR R %)
AN [F] 350 H VCHECHH OSBRSS, — AR =R
T TN SR 22 B4 4 B 45 S8 ek P
e HA AR L.

T CNN FIRAHERE . Kim 2 AR
2 R 48 I 285 T A O 1R S A Bl B 254 RN 3
HHERG T, $EH T — MBS B 4 g A
(Convolutional Matrix Factorization, ConvMF) , %
JEF| CDL 85 77K H 1) S A5 A0 SUAREAT R,
TOEA R SR N IE 545 S, ConvMF FiH]
CNN (1) 2 |2 &R R R I SO A bl 5 2 8] Y AH L
KEL, FEHBIZE IR P I E Ik Rs, 1RFHHERE
ARGV TN B MR . ConvME 1 26540 SCARS H Y
FEAMAMIRA R, R IEE A IR 2 A



20 DA 1=

R AR R, IXRERE R SORS T B — A iR R
N, SRETEZH R LAT G A DA,
T FRE 330 H AR e & . ConvM 1) H i bR £ i 0 FE
K143 it A CNIN )43 2 eR 850 [R) 20 il o

T RNN FBE#EE 7. 5 ConvMF A A,
T I SCA S B4 Al i 2 (B P2 8 &R
Bansal 25 A\ 75 30 o 28 ) 46 R R L T —
SCARHER TV, ERAVES BRI RIS, BRI T
AR N EAG B SCARAR SRR AT . BARck
Ui, AT I SR IRRE A, %A
BHH GRU ) WANERMERR, REHET
PRl A AR — N 2055 % SIS (LG SUARHE
FERBRZE TN MESS D W — DS HARR
B, RN HELE R SRR SRtk . 5
CDL #1 CRAE # L, EAAZAEA W FI A T 10 H AH K
B SCAEARE 22 2 O H FIBs M R, (HA2 izl
— ™ 584 Ui B v 1) B A o) 4R

Li % N PR B P 2 ST AU E 92 T App
o3 TN 5l R tips 4B B A, IS — A2 AR5
MEZE[RI I JEAT P4 PN 5 4 S tips 2B Bl . R AR,
TEPE TR S, VEE R P A H B 6w &=
YERHIN, FIH—AZ ZEFIHL (MLP) SRit17 7T
ST . FEFh RtipsAE R, KR AT HE BFE T
wmIE RN, FIH—AGRUR AT AL K. &5
TE— DN ZALSHELE AT R )1 25

BETREZPNREHEEY, WEY 5T
B T A BV EAE Hh 2= ST P A H B R R . 4
FT PR RS 23 B 98 40 R FH IR B 2 S0 B PR~ A5 28 11
HEFEREZE, SRR 7T 0 DX 0l 3 BRI A 4 B A s 1)
R VR PE 2 B TR R 7 v = AN T T ik
FAFE, R 1ags 7 HRIARERER T,

SR, JE TR S S IR S N
G B RS RGP IR i i HE 3 A7 AR B B
PEM AN JA B iR . (H2, H RIS i 7L AR
ST 0T AR R A B A R P A [R) R R B 2 ) AR
MR — AN T E BRI &R A HEENELE 2
T EE T

=1 BT REZFINESHEESALLR
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A, K&, SDAE. SCAE.
Zhang et al[5] PMF
KRR TransR
i Dak =g
Li et al[17] mDA PMF
1iE
Wei et al[41] FH U SDAE TimeSVD++
FH PRI
Dong et al[40] aSDAE MF
1iE
Efg. SO
Hsieh et al[15] MLP ML
FRA4G
B . M.  Attention-based
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