$39% A58 it A HL =5 Eire Vol. 39 No. 8
2016 4F 8 A CHINESE JOURNAL OF COMPUTERS Aug. 2016

E T DNN 5% 8% 3 1 50 #E 77 R B

R % ExR X OB £ E

(FINKEE R TR TR WY 518060)

B OE OCE RS Bl LI 7R LA AR 55 A WL A R R 4R T — B T IR 22~ (Deep learning) Rl
B PAD 2 A SRS . AR BE 2 T TE B VB 5 A 1 R T A A IR N A A S A R R Sy TR S AN AR 55 14 4 7 SR s
FERRAL T LA % SC AR A TE AL GE A T N A A SR B 51 ARE B 22 [ 2% (Deep Neural Network, DNND ][]
7 R AU B B4 BRI T P A B SR AT A R ARSI W S A R ) s () AR AN T P IE AT
Sy 5 AR 1] e ) A% 5 B R S R Al G 30 5 3 ke O 4 e AU R B T P R L OO i B B Ik 0 7 T A 9 R A
KT REHR R B8 Bl & G I WU T4 4 14 DA 28 2 T RORU R A% 2l LOBT IR 55 2 4+ 1O 8 4 M T R S 3+ % SC T 4
3L T DNN 595 B 3 42 5 W, M L B ATL 77 25 L ContentKNN D J TtemCF %555 ¥, 78 fi oy 2R J7 1 °F 44 43 51l 3K 18
10626 (A1 201 57 00 B AR X4 T 76 6 55 3 7 11— 7 Pt L 3l S 1 4 336 1% SR D o5 Al 0[] A0 DA R L A4 B T AR A
M HEFF R

KB BB TR o 5 1) ) A SRS s B T HERE s HlAR e
FEESES TP393 DOI S 10.11897/SP.J.1016. 2016. 01626

DNN Based Mobile Online Video Recommendation

CHEN Liang WANG Jing-Fu WANG Na LI Xia

(College of Information and Engineering , Shenzhen University , Shenzhen, Guangdong 518060)

Abstract  We study the personalized video recommendation strategy in mobile online video services by
introducing the deep learning method in the content-based recommendation. Deep learning
algorithms have made a good progress in image recognition, speech recognition and natural
language processing, which lay the foundation of the recommendation study in online video
services. By mapping each video (according to its description information) and each user (according
to her/his history behavior) into a high dimensional vector space with word embedding methods,
we can filter the target user shaving potential interest in candidate videos based on the vector
relationship model, and push notifications of recommended videos to them accordingly. With
offline and online experiments in a large-scale mobile online video system, we evaluate our
proposal and compare it with the random method, contentKNN algorithm and ItemCF algorithm.
The experiment results show that our proposal’s performance has been improved by as much as

106%, 41% and 57% respectively on the click-through rate in the mobile online video services.

Keywords  mobile Internet; deep learning; word embedding; push notification; content-based

recommendation; machine learning

Wk H 3 2015-02-095 7 28t AR H 193 : 2015-10-14. 7% ¥ 753 2] 1/ KX B S B 2% 3 4 (61502315, 61309030) . ]~ AR A H AR 3 4
(2015A030310366) IR K 2ERHIF I 3HI0 H (201558) e B BR 32, 53,1983 4 Ak 4l -, YU, vp =33 HL 2% 45 (CCP) 43 B, EHFFR )y
i K7 X 4% H 5 0 M B L2 5 800% T2 . E-mail: Ichen@szu. edu. on. E S8, W . 1989 44 B L BF 58 A . £ SLRF5E 07 11 SR 5308 40 47 L 0L
W E PR, AL 1977 AR Wk U R AT ML A ) BN R ik k. 2= B GRS . 1968 4R L
2, EEORIT WA LA 2T B RE TSRS 5 AL B E-mail; lixia@cuhk. edu. cn.



8 4 Wi 584 . 25T DNN B3k 1 8% gl DLk 77 5 s 1627

1 5]

T

PRAT A 2 7E A i 55 T 22 L SR b i 4
B4y, B A Netflix, YouTube 5. DL & [H 4 A AR
1t 5L TR S A 2 A IR 55 B AL R AR
I R AR — U PR A I B ) A A A AT L AR
T+ P felt T AE S PR I 55 1) B AR 58 P P 1Y) SR
JEE A3 — UL B ST N DB A R HE TR B s
[7] 15 1€ (Collaborative Filtering, CF) . J&:T N & 113
7€ (Content-Based Filtering, CBF) | 3t T#1 38 ¢ R 5
A3t 11 DA B TR B AR AR S0 AR SR Tl A 7 2R A
HEFF M55 R 1 CBF + X IR A8, 41 YouTube
i} CBF+TtemCF 977 5. 2 CBF 47 ) T fi#
PRAET BT 2 9% 3 3R] L, i DA B A A e A A
e IR 55 AN ] Bk Y — &R 4

LI P S PR ST CIRT b 2 i R
) LA A S T HE AR AR GE P Y i Sl ). e
A R TRAZ ) B, B R Y B EE SR — S TR L B
HIl o 30 SR VR A5 330k 50 CBF Jy k10 ok ikt
A8 Bl B AE LA N A CBF Bkt @ W &3 T
FHP T WHE S W i 1) SOAS $ 34 5C B ) D) e N
o 285 58 f 8 N7 6 P R I R AE AR SR AT
IXRE A S0 TR 1E AN BE TR A b 8 42 F P AL 1
FRAE TS B R 8. o T #¢ 5 CBF 508 . iif
FENA IR T X N A i — 2D R E T
Gantner % N BT T F LA ) 5 D £ 800K A ke
¥ SR Bl R] R PN 2 i PR A O 125 AT LARF R 558 L 42 =
CBF ) i 757 8008 o fEJ2 Hoh 30 A A A #8A
R EPOE N

FIEBER B8 THL T B 55 1938 B . Bk B 22 1 1T
5 A% 3h 15 45 U 18] BLHK R IR 55, %07 P Im A
%F B BE R A2 IR 45 B (Internet Content Provider,
ICP) $i fb i 765 5 P9 7 o R S0 B0 Y i Ja % Mk 1Y
A WE G B TS 3l R BE 2 a1 A% A X TR S
N FRL i B O 5 . ELE AT WO B HE 2% (Push
Notification) i) J) B . 2 L4 #E 77 IRk 55 $2 13t B 19 3%
SRR AR ) H P R ) 47 4 A A T B %
TEAE SR A% S WA HE 7 R T 2L I TE RS S 7R
MR 55 ¥ Fiv T W 1) 373 557 0 < ICP 1 %€ — 2H A0 43
(OB BB S /B N 25, 3 R 3 B
AR P A R B0 BT HE 8 N A OGP
PP i T ST WL G v 4 7 B AT BT 52 A
PEAC S Sl AT HE 17 . AH X e 4 757 3 55 v P 3 R

ICP G T 4R OHE T 1 8 HE 36 W] Bl 1 R AE RS 3
I IAEE N 1 ICP A i —Fh 2 s 477 ik 55

PR 41 2% 1) A4 0 TC UL T s il %L B T
VR Bl AL il AL 58 CBE J5 3k 56 7 s
S IBCRR AR HE S A AT T P 22 (] Y G AR A S PR
P R BEHER ROR LA AT PR 75 5k T N A i 0 ik
KT LA B 5T & AN P R BR T DA 3 A
FH Wy ity 0 — S8 FEAS A5 5L R H A 32 % 1 P %8R Ay
R Deng 5 Sahebi 48 A2 42 51 A 6]
V-5 AN [ 400 KB L R4 s CBE 77 ROCR L i i
S5 B B8 v BT N B R T Y 1R
RFAESR 53 BT F P 1 35 42, 4 Sanchez 55 A7 5
1 AL AT AR AE 25 T A AR B R AL Qu A
NP5 — 25 25 1B A I AR SCAR L R L AR
BN R RS S RN AR iR 7 SN T St
VA AT a2 P R AL A 8 R AR ROR . TR 4R
MUAI 8 SCA T B Bl A5 T 0 # 3l R 4 A R 3
SEnl an Yoshida 85 N4 H 6 900 HE 17 18 A3 AT
FVE A3 T IF 5 G P B RO 17 e T HERE 5
Zhang % NV R PR RS 049 TF 38 SCAS Rl 3R 1
A5 R FIUIN FH P 0 & WA B R A8 B B 0
i e P B o B Y TR) R[]I, B AR IR S AL B
(Natural Language Processing, NLP) i) & J& 5 1E
SRR AE IR Ok THC R A0 Zha 5 AP W5
¥ LDA BRI FI7E CBE s AT 28 i 4 J 20 1] 18 -
AP 06 TR 5 Simoneet 45 A 1 T S4B 3¢
YouTube WRLBME BE4T 733 5 5 1) #b . Bendersky
NP I g A 2 AL FD CBF (19 904K R 7 12
R HEFEI 12 SR W% X YouTube 7 40045 CUn B3 7 44
R 11 SR A A0 ) S I A R 2 T B R Y R AR
FH. KT 45 5 1R 2% 2] (Deep Learning) %1 7 CBF
A T AT ST A0 18 A TR R B B B TR 5
1 B AR 5 AL BT 1T R PR GE R R, LA B R B BR A
AR B AR BOR B R BT IR A 2 R )
AR B A AR 7 A (LA R R B RIE 5 7 1)

BEXS Bk, AR SCHR T T 1) B Bl HL I R
55 o R B 2 2 1) ) e A5 R 1A P A ) A 00 9 7
SR . A% Ty 1 bl g | AR 1] s A AL, S R
A3 g 1) BEFNGUAT Sy ) i 25 5 MU N A Y I A
F R AL URETE T R, AR SCTESS 2 WA AR EF
Y A 3] ) 7 T A N 5 2R 3 T PR 49 DNN
PEAE D7 vk 5 4 T I SR 25 2R O X 4 SR AT 40 B
TS 5 56 5 97 R Ah 4 3.



1628 it "

Hl

i 2016 4F

AL
-

2 JAEEEE

TR BE 27 2] BBV AE KR 1 T E ARG 5 AL B4
QU iy DA 9 M A B 2 R W ST R I B I Y 1
PR o] LU 4 i b X TR N A BCE R
BLgs HAR . B — A1) 4 & 0 2 SCAE AR 5 i in) A
A8 A 3R] A5G, BT AT 58 N 53 3% A8 FH b 22 0 2% 7
2 2 ) Y ) A R L T ) R ) v i) e
555 Sy v A [ 3R] 5 9] 22 [R) 9 o 4R VR A AE R LM
AR T N — 28 56 R BRI A i A 7L Mikolov
GENT 2013 AETFTRC T T IR FE 2 2 R IT R 8
)G A Ay ] ) Y T word2vec . AR ST 4 H
1) B Sl WA HE 77 SR w1 ] 1 3% L 2 36T Hierar-
chical Softmax (HS) f§ CBOW £ %! ( Continuous
Bags-of-Words Model) , 2% 5 F i & 43 16 A 4 %
RS (1) FE A J P
2.1 E-F HS B CBOW # 3!

CBOW A [ 25 Z5F G &1 1 fros.

W(t—k)

Wa—-2)

Wai—1)

SUM W)

W(+1)

W(+2)

W+k)

B 1

ML EE S 3 )2 A Z (R

2. CBOW F2 20l i — A1) B BT SO 8
oK H Wiz i) B AR R B eE Rk

pCw, | 0w, s, g s

CBOW #7125 25 44

sWep s W) (D)
Horp w, S S F B IR TR w, s,y s e
w, 1 PR B AN Horp ke R 02
Bt R B AT LGRS BN SO TS L ¢ Cop s

o Wtk —1 9wl+k)%§i<x¢$ﬁj/\ w;ﬁﬁ?:‘kﬂll{i

s Wit h—10

Wy 9"

G AEINGRE B AS R Z  H AR 2 p (w, | 0o s
s Wit k—1 9wz+k))$%%§-ﬁj€-
T HSHY CBOW LB 1) W 28 25 F AN & 2 e 7.

Wy 19"

LN lV(C{mte.Tt(w D)) ‘

lV(Context(w)Z) IV(ConteIt(w)z,:)‘

WU 2

)

K2 BT HS ) CBOW KB 4 2% 25 44

K F B A JZ LS 2k AN iA 36 ] i v (Con-
text(w), ),y =+, v(Context (w),) €ER", b HHE O K
/N B $E 5 v 16§ S A BE A & AT me Ry ] [n)
A B AE U R OT IR B R g S A TR B E T
e 8] BE ALK 5 A — A BE S m (4 ] . BRI 2
At A2y A Y] ) B R0 S AE B A5 R XL
J2 20—~ Huffman £, HAR Y S0 0 R AR 510
BN X AFM TSN N 1=i=<T—1(T 4
HEASTERL R X N A B RN AR T ASORE B Y
EHICH 0 ER". M F 35 Jidh L 1= T, Hxt
N EELIE A v € R™. v o B AN TE B} PR 5 o 3] (1) 3]
] .

2.2 BHRREREMRILKE

X 2 k2% Huffman #, B— 40 AR
T R B A L ER R ME — G i, oG 0,1
. 5T 0,1 AT LA He B3 26 0], o 45
ML RN TC L bR 7028 5 A0 %5 % i A
JC O Bibm MIEZE. F X L5 @ AT s B RS T, 43
B A R Sigmoid eREL, RIHE 4 4 IE 2 Y HE R

S ) p——— - (2)
1+ e %!
‘ ‘ " 1
G R R BEIBEE N 1 —o(X 0 =1~ n - Hilk
1+e *e

Ao 2 AR B3R <o X R P I F T R AR

@ word2vec. https://code. google. com/p/word2vec
@ Deep Learning in NLP(—) ji] [a] it I3 5 #5254, http. //licstar.
net/archives/328



8 4 Wi 584 . 25T DNN B3k 1 8% gl DLk 77 5 s 1629

©

pw| X0 = [] pdi | X007 )

=2

— (1 —0o(X"0,))
/\EFI:

co(X50,) « a(X10,) (3)

ja(X}fﬂf‘;l), de=0
‘9:@;1): -

l1—o(X20* ). dr=1
R R 1 O w R A AR & A 4
B SCAR B RN CHAAE N 28) . d %F 8 Huffman ##f
Fi AT ARSI, AW ) B bRt b
R K B LY R — BB . 48 H bR
PREAT R

pd? | Xy s D

L=> [[{le(Xxi0 )T [1—o(XL07 )] )

wel i=2

(5)
Xt 2 C5) O BRI A
P
DIDHA —dy) « logla(X102 )]+
weCi=2
d¥ « log[1—o(X10° DT} (6)

Xt H AR e R (6) L SR R BLAS KL 0k kR H AR
BRVRCY B KA. F AR R B 2 HOh 07 R XL T
B BE R R SRR ) O B 2 AR BR RO B B A 2=

BRI ML B
O (w,i) ) v T e
— — . "0
20 0 {((1—d¥) « log[o(X,07 )]+

d¥ « log[1—o(X10° DT}
=1 —dH[1—a(X, 07 ) X, —
4% (XT0° )X,

=[1—d¥—o(X.0" )HIX, )

FRAE (DB R B T4 28007 SR
X

00, =07, + 91 —dY —o(XL0° DX, (8
() B, WA 2500 X R B 5

a ’> w Tow i
%Twwf =[1—df —o(XL0° )05, (9

R EPO R R AW

Sy ot(waj)
ox.

=2 *

V(Context(w);) =V (Context(w);) +7

i€ 0,2k, I"=2F (10)

EiRENH word2vee 13T HS 1y CBOW #iHl

(4 D L, R AL rp a] DS o 0k A [ RN 1 ] ] i

A o RN S H R T S A 48 3 S B0 CRR Ol SO
IR EE D S 2R IBUAN [] 1 ) o) 22 8 78 B8R

3 EFDNNHBHUMEEFR

Xt AE FR G0 P B A B 2 R T sk
G 177 VA I Bl ) B s B A 1 50 . RS
WEFE 2 5023 7% 18 0l IR A BSE A R0 56 N 28 23 A 1) 3
TER WS AL G T N 25 1 HEAE S0k £ 2 H B 5 A
P Tag 4R G B 5 BB F & HEEBCR A
AT SR IX A R TE R i NS A [ B 6
o] —ZE WA ASF & T A AS A il ik 0 =X ke
£ 20 o il USRI 22 5. L ngE R R i S A
(g N FTRE S FE B 7 AT AN 2 W 3 R gk 1t
BT 255 A6 NLP 45k o0 1 4b B 26 0 A% ) 5T, K3
31 O 43 25 BB FH 5 AR L (A LSTLLDA) , 53 fiff
FHHE T VR B 2 ) AU 1) )y 1.

AR ST 18] 8% S AT IR 95 35 T PN 228 4 7 1) S B
FH R R R B 2 20 B 00 A 3] i) 1 N e T A Vg
P B R P AT S B BT RS Sl LA 1 R
AR A 28 (P ) i) AR AL AT 1) Ak O A
ST P IEAT Ay 1o o R 67 AT A T AR R e
IF1] 56 22 R AT HEHE 5 #r.
3.1 AmE=EEEIZ%

ol 1] o A R I i AR AN 3 TR A X HR S SC
AR AT 53 BT R > — BB 50 % SCA 3 A7 43 1) Ak B 4
WO B AR AE A SOy AR rh 8 7 b s B R Ak
6% N JF & B NLPIR/ICTCLAS 43 il & 4%,
2% 22 G0 F 30 Sy 1) TR FE AR AR AT | A 2R A ke
1R 3 A3 1) I 2545 PR R o b R AL O Al T ]
J2E 2 i) JE R A i) e T AL AR AR A5 R T
T8 S 2 JHL R T S e ], Ay A4 s A5 1) 2 0
I o A

. s R
g | | e | ZEAE | Eam | word2vee |
mE | W | AL (| &

Pl 3 ) e e A T I SR 0 72

T3] [a] B B ALY L rp , AR S5 T word2vec
T H. TR i 15 R A 5 W TR A3 4 41k 1Y 29 300
T3 HRAAR B AR B AR R B AL RS B AR A
PR ] A b IXC A0 00 24 TR0 A 45, W00 5 0L 3 T
JEl S WA a5 Ay s AR A P e S E 8. T
ok 20> W 7 54 Xof 11 5 3] o 00 5 T L AR S 56 T S )
R IEAT 3 8 B A I b B . o 8 T R O o B



1630 it "

Hl

AL
-

i 2016 4F

AN (LA s 0 S A0 A 1R R ER 43 e T UGC
CH P HIME N2 000 5 & JF 32 280X B A R {5
SR 1M 2 AT 22 B8R L R R B 1 5 R B 2 R
. 2RI VEAL BS  5 B0 A S 24 100 7 4%
PR SCAS B AR . 5 DEIN 2 38 85 R S5 BRAE A 1 S A
A e I kg B HL T RR A A 5 S B
HS-CBOW #5578 >f gt 57 A5 15 ek 3] F2E 114 3] o) 3t

T TR) ) 5 4 B R b — RO 4R R L 3
AR 1R 1) [ 5t () REAE 28 7R 3R A O 23 o {HL [ B
ir ] S I R o A IRl A7 i o7 P 2 () R, A
SCLAE BT FH A 5080 A A X 45 K i T word2vec il
Ziin ] B ELE B E R 200 4 SCARE T BESH 5
I . K T DA vk (24 #% 2.6 GHz CPU,
64 GB AR Y gt K B 30 min. Tl A Il 2545
F Y 200 Gk i) ] £ 67 P AR O R 08 43 A1 =X
TG I A s R EE 2 i 200 GB. 254
2 JETH I 5 2 FE U RE 2 0 B R TRl I Oy T AR R A
PRI TH R R A SCHR 0 5 SR A RS R 48 5
H R 1Y 3] ] 4 BE DR A 200 4E L SCAR R 1l 5.
BT TR A R vE A i b U G S AR AR T 2 20 T
2 A 1) I ] )
3.2 fSREEAER

) ) A TR R A% 45 1 1 A3 AL AR (i LDA
LST&5)  7E 43 BT &6 2R b i — > K 22 I AE T3] ] o
TR 2 5% SCAS H A ) AL ) T AN 2 R R A SCAR
ot 1 . 3k R ) A R I A B A D g R AE )
23 ) AT RLIEAT s S0 L R AR SCTAE A A )
w1 5t 7 ] 5 5 (6] EL A B 012 4 B B A A S AR
[ N T [ B0 = /A= v (1

o

v, = ;;Vu.,
Forp LV, 3R U o (18 B 0 S e
g n Al b BB S T B AR AR

SRR % A SO T 7= A 2 5 V., R 6
word2vec T B ¢ 0 F RN N — 200 4k
0 ) et DL L AT A T B — /N R T A B B AR
SRR TERE PRI 2575 30 1% 1) o) Sk #) b 2 Bl 4t %
{14 R AT 1) [
3.3 AREELHER

TEA SO B e J7 S8 AT B e X
1 B OHE AT B (Push Notification) IEFT A,
FHP R i ©HERR T B AT S s 6 20 AR 4
FURIEAT A AT Sy A ST ) AR AL B T R K

(1D

T AT LA A T3 AR A 7 47 O R R
IEAT AR T H P e B R A T e AT
—ERE L RIK T S T T HERE I AL AT
AR T P X T B AR B A A R AT O R
FBAAT R 208 Tl P AN IG5 2L 23 o
FP B R AN R P — E AN O R OF i i
(14 B DR A AT g R E K I TR 3 R OF AN IS A
FU) L AERS SR O R R B2 O P AT R
FCIEAT O 2 0% IE AT 8 08 A 32 4 ) L, AT H
HIT 5 T A b SR BBOCLE i b A P 97 D 2 o
BEHLIE 1. 7 A% T 14T 009 54T S B o v el
JUE AT O 1) . DA IE T BT E SO P R
R s AR R e £ 4 25 B AR 7 /9
JURERR A 5 18 R

ST i) P B RNk I8 SRR RS A
TE-IDF J7 ik ® AT it 7 M 7 09 1R 47 D9 1) AL 2
KN

t u
oo ()
j=1 i=1

BV o NP w BIEfT N & m M u &
i Push BRI E0 o SRS V' 1) 5 B 8] S 58

ip%ﬁ%E#%§ﬁﬂ%%ﬁT%¢$ﬁ%P

S A TOAS [ LA e AN [ R0 00 47 B 5 it 1) 4>
RORTRNG ™ A2 22 5. a0 AL V' H s @ A A 1
TE-IDF AL . V., N7 sl AL VA i o i A

. . 1 s
x* /\JCpr \7!;&" . S j,j‘ I 4 T"‘
%E?vl;l /{ b] log(l N s N ﬁﬁﬁ iR

I AL 1) 46 i 5 1% 2 BOT T R AR AT A0 1) 5%
e 7.
[F)HE, H P AT i) A s Stk

185, (15 o

= S I o
v, m,;bj(n,;a, L) as
HrpV, P w BRAT A m WP w &
A st Push ARG ARV By S8 1] A4~

B L R B R A

n
i BN TOA [7] A B A ] R4 B 5 Bt ) > A
[ 07 A2 22 5. a AR V- o @ AN g TE-IDF
FUHL. Vo, O PR 8 AR v 95 i i i R Vo
(5F @ O T A AR B SCIRT I
3. BERPEATARNEBHNEEES

455 P IEAT I M R W 25 5 HERE T LA 2
P75 O T T S BN B ST FRATT R FH A 2 1)



8 1 Wi

SE4F . AT DNN Bk i) B 2 A8 i 17 5K 1631

55 6 WA 1) 22 ) B R Y LR A G R AR TR
o 4t ) i 2 R B R A L RATE L R 22K T
Wi HE 2 | Rz JR b R B AR 5% IR B DL KA % BE B FRR
BB TR A B R L ST 45 R LA SCER 4 T i
W P R BE B 52 50 A % (Click Through
Rate, CTR)fi§ith FHofth 3 FpiF 5 ; & 5% Hi %5 CTR ¢
PR R A, (I CTR P sh K T Hfb 3 Fli .
T KRR TS R4 CTR, ATk A4 5% 06
AR Ay v 2 e () B BE R TS k.

FEEE ST P IEAT O 1) B AT Ok e S FRAT
3 S AR AR 4 5 A 19 1o e R A A P IE AT N
[ = el [ NS = P o A (el [ NS = R (£ W 9
AR 9T ST TE ST A ) R AR ) AR 5% (E
1 L AE 2 20h

VU * VM+
sy WAl
cos<V,,V.—> V, V-
V. |«lv. |
V.-V 11, o R 1.5
S X = s —1l>~xr~1, xX )
¥ IVl « v |

R FEL P8 A4 o A R B o 6 e T
P T B0 2 BB O - BRI 1
SR PP 4 161 2% A 1 A
FLE TP 2 8 2 BB H A, 4 y—
Hﬁfﬁzw—EséLﬁyM%ﬁN%%%
Y0 5047 160 2 6 4049 160 R
KT TP T B R S, T e
BEE — 1 I FR P 0 677 O 1 B A 2 1o
B L T T B 2 B 2. A
58 o BOEL I 52 7 5 S 14 2 — A LB
KA FRFE P o 1oy — — L 9B F
9 oy (AN FL— 1 112 . 4 T A 3 B2 o
S B 5 % FLRR R L 1% HB A — 1< 1.
—1=y=1 4K 4 1 C1.02,C3.C4 3 4 4~ X 45,
I ELA AP0 oy 68T A e B

18 oy B A9 1 X T 4 (o) LR T
Co R 10 146 M A P B o S T
Ca DB PR PR 5 6 6 7 FRL P BE S 4 F CL I

ﬁ%@%ﬁ&Mﬁ%fzﬁwzuﬁmc1¢mg

D) 1 P AE AR H P B g s A XK@
AP X ARERATAE B T C1 X 3 Hp x4 2% 00 43 Ja
SEHRAY R BB R T A TN OGR4 AT BE TR B T

A}’ x N
______ 1| ?*ﬁ, Mp=1/
©)
¢ €
©)
o NI
I I >
©)
€3 ¢
@
4> 4’
-1

B4 A R P RE S I oo (10 A 7P T 10 40 A 6 B
[FIRE, oA 15 B8 C3 tiﬂfgp,pgmwj C3

(19 DX 38R CD DX 380 19 FH ™ 7 4 28 1 P A v o o BB A v A
XEQOH M. CL.C3 F i F XD, O L HZ

L pop=1 . B 4 kR BB 3546 1 T

TR X3P ) 5 P RO HE R HRR P sy
WA I ooy BUE RS RATRER 2 | p | K
N R | p [ AN AT LA A 38 P B o gk o
R FAR . 3R 1 MR RS TR R X R R B AR
JAFE | p [ ER/D.

®1 AERSFERAR|P|ERN T

X 35, x y Fdsmm | P E RN
C1-® + + N
C3-D — — 7N

C4 + — /N

Cl-OF/n C1 RKIgH OF X, C3-OFmnw C3
X3 D F X 4. 763 1 a] LA H 76 AR ) 9 X3
HHFRA Y | PR MR — 3 1 C1-O
DX L BERE R | P | e m P AR B AR O
A ARl 0B 3 R | P | /NG T kA% H bR A
P DR R A TE IR ) AS B 22 17 00 TR TR BB A AR A AR
B | PR/ e H AR S (BAE R R F L AT
WLEE B ] XK R 5 HRR P 89 o v BB 30

#ﬁﬁ%%=ﬁﬁ%iﬂ%&ﬁﬂ%%ﬁﬁaﬁ%
Pu:1w=D%%f=pE%%ﬁLm%ﬁm%%

ﬁﬁﬁ%%ﬁ%ﬁtuﬁﬂﬁ%f=p%ﬁ%&ﬂi
4 B B 1 W HE I TS BURT 1000 7 0 R e 2% H R



1632 it "

Hl

2y e 2016 4

M.
PIUEAE DL T o T BB RO 18 A T BRAT

ﬁx%ﬁ%%E%§=LWﬁm%PEﬁﬁﬁmi
FAA e RAN G N LML AR d=

b gy e yomis = — 1 sy e
72 y

P B (LR T HE T 5 JBURTT 1000 T3 F P Sk % 18 FH P R

4 KBWRERGDH

AT TR A 28 P 4 A HE T Jr SR AR S g v
FH R B0H DA R S50 3R 58 FVE A 48 b o SR 5 A 2k
#5:~ DNN & 3 fil Random B #1 J5 12 . Content-
KNN %7k TtemCF B35 WHEFERUR 5 5 AL
Bi T DNN HEE J5 58 i 4 3% 45 L [ o xof £ 40 45 2
HEAT 43 HT

FESCHS 7 rp . o T DNN Jy 2 0 H b
FH 7 B A ROCR - AT 1 %) ContentKNN 52
P H1HE. ContentKNN & £ X AN A6 HE 26 B Y
— PRI R W S U b A A ) AL
FEHEE — A o B @ e BT o RS op
S At H BT A9 AE AL BE S e AR fBLBE B & A R Bl A A
@ 5T userCF AR, it A H P A O
PRI = AR BRSO s O SR G iP5 O Hh ir &
P WA B B TopN AN P AR 1 4 2% 400 430 11
i 35 FH P R
4.1 LB LEIRE

ARSI 56 T 1 TR AT 174 050 45 3 B8040 LA K TR
PR 7% 2y sy F P a5 o 4 326 T 5L v o o 0 1 O s
B S PRBE 32 200 O g 2 D R 7R i

Jits TR A 2 (5] P 5 A 5% M) ) ) 7 2 IR R 55 i
Z— HEr# shomdi A @it 4 (¢ 3 G ERAT -
HF 2 44 55 H e g BeA R i 4000 T3 I [R]
FELR V. A s TR A A0 00 I3 oh L 42 A B0 T SR
W, P PR R AR T AR TR - HRR OC SRR i
BoE GB. i T8 K A g2 g v 2l AT K
30 KR A6 ST 30 K PN k% A Y Iy s il
SEEE A BRIk Push HERE T B 0 H P B TE
i o) et D 5 TR R 0 R A R A R
DI 545 B 29305 @ 7 9 0 56 BT 1) 1) 1) . 7E HEAT )
SAG R AR AT AL ) A B R A P ECEE E TB
).

TR X 336 A9 358 DR 80 H0 Sk 0 A 194 T R0, A 52 55 ]

T 5T Hadoop KA ab -5, Bl & 5 th £
cluster 2 % » &> cluster 1+ 6E Sy 7] 15 60 GHz, 1%
i e )1 12 TB. W 4 & i fE ) 10 Gbps®.
4.2 iR

ARSI B HE T AR 3 S A X R 4 2 1 A U
XF IZ AL AT T RE SRR R 1 A% Bl A i T TR I
S MATLAT A7 JBE R T £ BE T T 4 D 9 S B 1Y

T S
4.2.1 HUBUAE
M 11 2 H e 3 38 25 B R R (CTR)

WA 7 5 Z (Coverage) | i 125 FH] /7 43 2 4 3% 90 4

BB o 0 52 Y 2 B & B (Gini coefficient,

GinD). £ N8R E XA
N.

o s N Jg — > ik WA i o 1 P 20 Lo 2 — A
SRR AT A 19 7 5 T o 5

(15)

Ny
U (16)

H Nl n WHER BIET R A5G U AT
e Mk T B P

Gini R EUR R 2 U5 iy B 20 22 BE 48 4%
WEFE R G007 1 5T 2 B P AE Aok i LR R
S BCRE RS A R R P 22 IR 25 B A XA S
HCE A R L R TS R T AR A T H 5 Ginid (1
AKX AD PR .

Gini = 1—%(2-210,—1)
For s wo, Sy R P 4 BBl s 7 Push MRS £k
HEF Ja NS 1A P 2058 N A P 3 M sl < 4
PR A Eh S R P W s AR £
1) E 1.
4.2.2 HMpPmE
M P B ) e 32 2 5 S 25 4% 900 DN A e R
(Precision) , i1 & K R
DU IR N TG
Precision = 2 RO |

For RGO Oy i FHHE 25035 N K 7 Push i1 B3
s T R SEbr sl B9 Push U4 & . HE#
JE A7 i 5 A B0 Ao DB A B A P R S A Ak i P

Coverage

a7

(18)

@ 3 Hi < B IR AN B A Bl R £ . htep: //www.
cnetnews. com. ¢n/2015/0316/3048055. shtml
@ AP A BE RUBCE AL B & L B TR B A VR SR L



8 4 Wi 584 . 25T DNN B3k 1 8% gl DLk 77 5 s 1633

SR
4.3 & W

FESCIR A AT 220 T 1L G2 T N AR 9 HE 72
J7 PR B3 A5 JE 5% S 1) AL A0 0 2R P 4% L
OSSR AL 1) L PR T PO e D e
O SR NLAT M BEAL L DU L (H T S PR 52 5 vh R
TR A T R AR L SR RAURIT P 22 T 4 AR AR
JETETE 2 HRIE T 0. 45 R A RE B 1 R MO 77 . JL
PRI T S A L 94 O B 0 2 22 e /0 A A B T i ik

24} *

_ + +
22} !
20}
18}
EN T _ —_
N L
516
!
14t :
12} ! -
T —
8,
+ +
RIZERES WABEES  05fFRI%+  RUREREL
0.5 1% BR

(a) TR A)A [ B 1577 s R MK C TR &5 5

PSR HT P A A M R B b BE R B R AL
1717 7 K T R B 2% 2 1) ] o AE R A N7 1 A A ] R
FHPAT Ay ta) o b AR 25 4 30 b 3 a) 8 e 42 B DA
TESEPR R G0 SE 0 b A SOf F 2 AT DNN B
ContentKNN & ¥ ItemCF &) & Random J5 ik
A4 R
4.3.1 CTR 48454k

TEVEAL CTR 46 b5 o FATT 20 S 8 20 3 A e
2 I P b PR 0. 2 R 43 ) %k oz BT 5 IR 6.

14F

+

+

12}

10p

/Y

'
+ L —_

_
'

==t

' '

Random ContentKNN TtemCF DNN

(b) BLRSZIECTRES B LU

5 Bk CTR %5

B 5 (a) EZEXF L T v 9% g L U g L e UK
b AH OC R B LA K A 5 i AR B B TR A R B R
ity S 1) £ [ 2 1Y) 2 ki K 4 SR FRATT A A 4 A
TR G . NG5 R B Al U] B A e AR
G RIS RS CTR EACR B, LA
SCHP IR S 50 FH AR R B AR Ay e 4 1) i R) R R Y 4

SCh) X T B L3 88 T 19 ContentKNN,
ItemCF .DNN 58.7: A & Random J5 3 %F 35 ¥R #E %
R sh ALY CTR $EFREE R, I P R GE T ik &5
WAl LLFE B, 78 3 46 52 56 b, ContentKNN|, TtemCF
1 DNN 3k 7E CTR 4845 #Y b DU A2 (E . AL fE . T
V443 fiqE 3% % T Random J5 i, 1fif DNN 5374 W]
AT H AR S 5. [ iF . DNN 553 #l ContentKNN
LN CTR 25 R A2 € M 48 L TtemCF 83k 247
4 FRETEAERT 35 AN TR 1 % 2l AL A3 i) 4 77 (R T
BAHERE IO CTR WS- 535 R 4. 826.7. 0%,
6.3%.9.9% (4% % %} B Random. ContentKNN
ItemCF . DNN & 5.

ST EaR B & AR, AT DNN 533 3 A
TELEIREE. M DNN 55 5 72 28 11 00 T 19 8501 OF
Xf L[] — B 7E 26 Random B804 19 S0 45 2R R4

FREE IR T 35 L CTR XF He 45 & 6(a). MK
WAl LA B FEAE L PR B R . DNN 83578 CTR $8 45
AR PR A R A P

HEAh B 6 (b) Bl 6 o) Rt b T AE LR IR EE T
DNN S5 75 B 7 ] = AP A A A 1) 4
TEROR S MR B A O 20 . NGER Bl DLV 3|
DNN 5575 %08 [ 77 Jil) 1) 4 47 S8R R 41 [ SN g i
Xof K ML 11 41 A RO A 1 A A ] 7 ) ) HE
RORARR 4 B A0 ) e 3 St PR 75 A 52 5 b B
o P A AL A 5 v DR e 56 T [ 7 AR
713 X5 T o AFRE 20 50y ] S Ja) 7 2 A i I %15 L A
R T A8 A v Y5 R AR S 1) 2 N7 3] [ A [ N 00
A [ SN A F P B AR R A0 B R, AT 5w
foa) S5t 8 A 8. 5 — 7 T R Y A ROR A 4 T
FEAUAT, R o AR CF 52 LR L 25 25 H 4O 1
AR ME B L R (R 58 A2 08 P B AR A5 1Y
i BUY EPSW N IE =
4.3.2 Coverage F1 Gini $§ bR 45

AT AT I DNN Bk 7 85 2 Rl E 28 3R 5%
T ) Coverage F Gini $& ¥, 35 %F Hb T 6] — Bf 39 76
2k Random #E % 1Y Coverage 1 Gini 45 Fr. FH 52 6
By BN AL 25 SR an 3k 2 .



1634 it "

i 2016 4F

5

—e—Random

——DNN

5 10 15

20 25 30 35

DNN

(a) FELLSLIRCTREG R

_ 15}
5
-\—Z[ 10
i sl
—
Random
30 T T
—o— [ Kl
sl —o— 4L

2 4 6 8 10 12 14 16 18 20
MK =

—

5| L
L T

] J] [l 41 )

(b) % LUDNNS T [ 7= g A E 4§ IC TR

30
—o— (&=l
%20 — L
H
.LE[:
O -

2 4 6 8 10 1z 11 16 18 20

'
—

—_—

] J] BN
(c) T EEDNNSL R 78 KA AT ICTR

Kl 6 FEZkik CTR 25

K2 EMELEEBELIELBATHTEAE.
TEZRARP.SEHEF Coverage
Rk ek kg R TR Sdie Coverage/%

% DNN 23 902997 398876 67211  19.5
B4k ContentKNN 23 704449 485709 38154  23.8
B4k ItemCF 23 715461 572752 33794  28.0
£ 4% Random 23 5914213 1371011 203949  67.1
#E4k DNN 23 1070975 266251 91298  23.0

MR 2 Ha] DU BIE B g 00 R DNN
IRAE Coverage 3545 AT J F 7 B0 101 AH X H A3
SRR S I (S (o N N e R iy
FI PR SO B2 4T T Random Bk F k. F R
FH PV BORN A5 i £ 35 26 4 A 1 48 %0 (i #0 OR F JH Ath B
b S5 by (| R = R e r R B ol N
JIE A A I BB B B e AR AR A . SR TG
AHE X 2t AR R %%, 3 B 1 3R B, R o 2 A
T Random 8. HIEAE Coverage B # 4545 I,
DNN S A A AEIL 3 3 5 115 R AT R ) 5 09 7
1 DA B R T P v ekl 3 D P 0 SR A G

TER 7 A 8 rp AT EE T AR Tk N K
25 P A USRI P ORI AR JE R B S SR
ATLAMEES] L DNN R & 45 1 7 R EOH e Random J7
P, s P 2 Random Jy 4 .

XfF Random Bk o R A& I8 AN 24 45 1 ) it
AV HMFLE T K3 K5 KT KEWE KA
1 Z2FHE 2 43 17 (Cumulative Distribution Function,
CDE) WA sl a IRk 55 F P A 00 BR R 45 R an 18] 9
JiR.

L9 rhal LA EE 3] - 7R BRI B AR AR AL
R 2% 5.

5T B3k gy B, Random B AR AR BR ) - W&
TG BRAR A G, XX R i 00, Fo AR B8 sl s 1 7 43
AR SCHE R H R 2 0 R P RO T B
R CLLH P e i e 2% 0 B B i 1) L X L 20 A 1
XWZEH P B WA 15 BR RS CLUWL A LA 7 &) 19
CDF W, H45 1 A 10.

A T0 A] LA % 3 5 i 4 2% 0 8 i 2 i



8 1 M 2% . FET DNN Bk 1 5% o 000 77 0 g 1635

100 {EADNN i 10 _ {Random ik
— 7 — B IE
x =l « | (mmosfEERH
g0l [ I/ B CHE R P Y] Bl D 581 o
fg 60 fg 60}
g ot
@ v &
= =
# ]
1 20 B R %=0.3134 A 1. 20f )8 £45=0.39051
B’ JiiR
0 0
0 20 10 60 30 100 0 20 10 60 30 100
Belbeteik i B AR B S A P ECEFR S /% BelcHERE I BEME B & A P ER RS Y
(a) fELEDNNHE (b) 7 #Random .2
B 7 P B 2 B R e R 4L
100 ‘ E%DNN%& 100 ‘ E%Randomﬁi‘f
— 2L > — Bk
o ||mmosrER R 5 || oste s
t«t 80+ | —— H /WU B SR R 80| —— MR BF AL
;ﬂig 60} ﬁ 60
m z
= 5
A a0p i
2o okl
= e
ol 32 2 H—0.3568 | = 20 HJ2 R H—0.2555 |
i3 =
0 : : : : 0 : : : :
0 20 10 60 30 100 0 20 10 60 30 100
FEMcHERE I BEONME B B A HCR R S /% FEWCHERE I B EOME B B R AR S E /%

(a) fELEDNNH %

(b) #££Random $.i%:

B8 Tl R T R R B e R B

—~— 7R

0 20 10 80 80 100
TRARAEAT IR E
B9 P SIFE 1.3.5.7 K WA PR U 0 S A R 43 A

14 O 6 T B L 2 SCHE 6 B D I R P e B
Bl Random 5535 77 7 fi 25 Bk [ .

5 . FATIHHE T Random Al DNN 5.3 & H
HERFH P 3 o 6 0 8 B0 O I IR Y A R
&4 5]k 0. 40 A1 0. 31, AT AJ 1 Random 4432 i

ERMR /Y

—o~HIEEZ Fl b H W LB
[ AR AR WS
0 50 100 150 200
WA

Bl 10 PR WA IR BB RO A

] BE LA & BR 0 P T DNIN B3k 9 i i P
It Random J5 A, i W] T DNN B3 76 52 bR v
= DR O A
4.3.3 TR A

X T VR B B 45 FR (Precision) o F AT 3 2 X



1636 it "

2y e 2016 4

e 74k | DNN B L e — B 4L Random Jr 2
)45 F DA B IR 119 23 UHE % 1) BOH >k b xo)
ST, PRG0S 1000 oE B FE CDF 43 A n
11 froi.

0-7or —o— EDNNG | |
—O— RN
0 /OO 0.‘2 O.‘4 0.‘6 0.‘8 1.0

P11 DN Bk P J0 00 o iy 2 152 i

T T P H UL (1 25 SR AT 0, DNIN B30 32k %) T 00 4
1 B 43 A1 2 8 T Random J5 k. 2 TAELAEE T 1Y
SR 3 285 SR ok WA, DNIN 44 i A5 03 v 1 0 %
HE 326 A 11 o5 o 2

5 &%
B 157 0o B BLR RS 51 i 4 0 1 0 Dk

R 3Z B B0, A SCAS 5 T 5k RS S i s 1)
HE 2% Dy 58 {5 B Ik 2 R) A B AT — A A TR Ve R
By [ 0 1 A VA S 2l W0 A0 HE 77 SR W 3207 1k A
FA T HE T IR B 2 > 1) ) AR 7R g Sy AR 1) o R P
TESAAT O 1 A8 P R AT O ) S A ) Y
ARARLFEE B 555 38 — 45 17 b B 8 B A6 T P Y )
AL TH AR B B RS TR I TR
FEE TR 47 SR W 10 P B R LI A SO TS bR R SR8
P FEN T H 552k ContentKNN 1 | ItemCF
S DL S Random J7 ¥ (I HEFE BOR . N SE 50 25 2R 1L
AT, AR SO 3 G 3 DNN Bk 7 7 &
TEPE TS g CTR 700 000 o 1 5 55 5 1T 24 3R A% 8¢ A
A ROR.
AR SC i B B HE A SR e T N % 3l L ) ]
FUAS AR5 37 5 7E SR R G0 ) AR 0 kB
W LG 5 B A B A i 28 TE LR B (A
3G/AG 25 s Wifi 3R B0 T i ol 4fi 77 DA 2
We S5 o LK P WL AT R A R O i P WL
AT AT A R AR . 3 SRR S A SO 28 TAER R 1)
WFSE 5 16 o 00404 ) R P e 0T B HE 2 5 Y e 15t

5B Sl S R R R A SO SRR AR Y
BEIfEZ—.

BB B CGRID NG A K LR T &K
V& B AE AT S Ao RIUAEE R IR 5 5 I 3R 58 . AT
REFTIBERAG G HE I FREREA. FRAA
AT T ERAHE LA E E— I & T R

& % x #t

[1] Jannach D, Zanker M, Felfernig A, et al. Recommender
systems: An introduction. Cambridge, UK. Cambridge
University Press, 2010

[2] Xiang Liang. Recommended System in Action. Beijing:
Posts &. Telecom Press, 2012(in Chinese)

OB, MR RGN, dbat: ARMEA S AL, 2012)

[3] Davidson J, Liebald B, Liu J, et al. The YouTube video
recommendation system//Proceedings of the 4th ACM
Conference on Recommender Systems. Barcelona, Spain,
2010: 293-296

[4] Liu Jian-Guo, Zhou Tao, Wang Bing-Hong. The research
progress of personalized recommendation system. Progress in
Natural Science, 2009, 19(1): 1-15Cin Chinese)

Gl E, %, EFRE. MRS RGN R R, AR
BrgdE g, 2009, 19(1): 1-15)

[5] Breese] S, Heckerman D, Kadie C. Empirical analysis of
predictive algorithms for collaborative filtering//Proceedings
of the 14th Conference on Uncertainty in Artificial Intelli-
gence. Madison, USA, 1998: 43-52

[6] Sarwar B, Karypis G, Konstan J, et al. Item-based collabo-
rative filtering recommendation algorithms//Proceedings of
the 10th International Conference on World Wide Web.
Hong Kong, China, 2001: 285-295

[7] Linden G, Smith B, York J. Amazon. com recommendations:
Item-to-item collaborative filtering. IEEE Internet Computing,
2003, 7(1). 76-80

[8] Herlocker J L., Konstan J A, Terveen L. G, et al. Evaluating
collaborative filtering recommender systems, ACM Transactions
on Information Systems (TOIS), 2004, 22(1): 5-53

[9] Pazzani M J. A framework for collaborative, content-based
and demographic filtering. Artificial Intelligence Review,
1999, 13(5/6): 393-408

[10] Balabanovic M, Shoham Y. Fab: Content-based, collaborative
recommendation. Communications of the ACM, 1997, 40(3) .
66-72

[11] Walter F E, Battiston S, Schweitzer F. A model of a trust-based
recommendation system on a social network. Autonomous
Agents and Multi-Agent Systems, 2008, 16(1): 57-74

[12] Kautz H, Selman B, Shah M. Referral Web: Combining
social networks and collaborative filtering. Communications

of the ACM, 1997, 40(3): 63-65



8 4 Wi

SE4F . AT DNN Bk i) B 2 A8 i 17 5K

1637

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

Bendersky M, Garcia-Pueyo L., Harmsen J, et al. Up next:
retrieval methods for large scale related video suggestion//
Proceedings of the 20th ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining. New York,
USA, 2014. 1769-1778

Guo Yan-Hong. Deng Gui-Shi. Hybrid recommendation
algorithm of item cold-start in collaborative filtering system.
Computer Engineering, 2008, 34(23): 11-13(in Chinese)
(ERHA 2L, XB DAL, W IA) 2 8 AR e 00 ¥ 0 3l 138 & HE A 5
w. EALTR, 2008, 34(23): 11-13)

Lam X N, Vu T, Le T D, et al. Addressing cold-start
problem in recommendation systems//Proceedings of the 2nd
International Conference on Ubiquitous Information Manage-
ment and Communication. Suwon, Korea, 2008; 208-211
Park S-T, Chu W. Pairwise preference regression for
cold-start recommendation//Proceedings of the 3rd ACM
Conference on Recommender Systems. New York, USA,
2009. 21-28

Zhang Y, Shen H. Xiong Z, et al. Collaborative filtering
algorithm based on item semantic and user characteristics.
Jourenal of Information & Computational Science, 2015,
12(10): 4059-4067

Chen C C, Wan Y-H, Chung M-C, et al. An effective
recommendation method for cold start new users using trust
and distrust networks. Information Sciences, 2013, 224. 19-36
Nikolakopoulos A N, Garofalakis ] D. Top-N recommendations
in the presence of sparsity: An NCD-based approach. Web
Intelligence, 2015, 13(4) . 247-265

Maiti S, Chandrasekhar A, Pathan S, et al. Designing a parallel
hybrid and commercial movie recommendation system.
International Journal of Current Engineering and Technology,
2015, 5(3): 1694-1697

Pazzani M ],
Systems/ /Brusilovsky P, Kobsa A, Nejdl W eds. The Adaptive

Web. Berlin: Springer, 2007 325-341

Billsus D. Content-Based Recommendation

Gantner Z, Drumond L, Freudenthaler C, et al. Learning
attribute-to-feature mappings for cold-start recommendations
//Proceedings of the 2010 IEEE 10th
Conference on Data Mining (ICDM).
2010. 176-185

International

Sydney, Australia,

Deng Z, Sang J, Xu C. Personalized video recommendation
based on cross-platform user modeling//Proceedings of the
2013 IEEE International Conference on Multimedia and Expo
(ICME). California, USA, 2013: 1-6

Sahebi S, Walker T. Content-based cross-domain recommen-
dations using segmented models//Proceedings of the Workshop
Proceedings ( CBRecSys). Sillicon Valley, USA, 2014.
57-64

Yamamoto K, Togashi R, Nakayama H. Content-based
viewer estimation using image features for recommendation of
video clips//Proceedings of the 1st Workshop on Recommender

Systems for Television and Online Video (RecSysTV). Silicon

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

Valley, USA, 2014

Azodinia M R, Hajdu A. A recommender system that deals
with items having an image as well as quantitative features//
Proceedings of the 2015 IEEE 9th International Symposium
on Intelligent Signal Processing (WISP). Siena, Italy, 2015:
1-6

Sanchez F, Alduan M, Alvarez F, et al. Recommender system
for sport videos based on user audiovisual consumption.
IEEE Transactions on Multimedia, 2012, 14(6): 1546-1557
Qu W, Song K-S, Zhang Y-F. et al. A novel approach based
on multi-view content analysis and semi-supervised enrichment
for movie recommendation. Journal of Computer Science and
Technology. 2013, 28(5). 776-787

Yoshida T, Irie G, Arai H, et al. Towards semantic and
affective content-based video recommendation//Proceedings
of the 2013 IEEE International Conference on Multimedia and
Expo Workshops (ICMEW). California, USA, 2015 1-6
Zhang Weishi, Ding Guiguang, Chen Li, et al. Augmenting
Chinese Online Video recommendations by using virtual ratings
predicted by review sentiment classification//Proceedings of
the 2010 IEEE International Conference on Data Mining
Workshops (ICDMW). Sydney, Australia, 2010: 1143-1150
Zhu Qiusha, Shyu Mei-Ling, Wang Haohong. VideoTopic:
Content-based video recommendation using a topic model//
Proceedings of the 2013 IEEE International Symposium on
Multimedia (ISM). California, USA, 2013: 219-222
Simonet V. Classifying youtube channels: A practical system//
Proceedings of the 22nd International Conference on World
Wide Web Companion. Rio de Janeiro, Brazil, 2013 1295-1304
Collobert R, Weston J, Bottou L, et al. Natural Language
Processing (Almost) from Scratch. The Journal of Machine
Learning Research, 2011, 12. 2493-2537

Mikolov T, Chen K. Corrado G. et al. Efficient estimation
of word representations in vector space//Proceedings of
the International Conference on Learning Representations
(ICLR). Scottsdale, USA, 2013

Mikolov T, Sutskever I, Chen K, et al. Distributed repre-
sentations of words and phrases and their compositionality//
Burges C, Bottou L, Welling M, et al, eds. Advances in
Neural Information Processing Systems. Lake Tahoe, USA,
2013: 3111-3119

Mikolov T, Le Q V, Sutskever 1. Exploiting similarities among
languages for machine translation. arXiv preprint arXiv: 1309.
4168, 2013

Le Q V, Mikolov T. Distributed representations of sentences
and documents//Proceedings of the International Conference
on Machine Learning (ICML). Beijing, China, 2014

Zhang H-P, Yu H-K, Xiong D-Y, et al. HHMM-based
Chinese lexical analyzer ICTCLAS//Proceedings of the 2nd
SIGHAN Workshop on Chinese Language Processing-Volume
17. Sapporo, Japan., 2003 184-187



1638 it "

i 2016 4F

5

CHEN Liang, born in 1983, Ph. D. ,
assistant professor. His main research
interests  include network services
analytics, data science and data engi-

neering.

Background

The issue of personalized video recommendation has
aroused interest of people in mobile online video services.
Our work introduces the deep learning based method in the
content-based recommendation to design a smart mobile online
video recommendation strategy. Along with the development
of mobile Internet, its convenience and immediacy enable
mobile applications to serve users comprehensive promptly.
Meanwhile, the explosion of information on Internet makes
the recommendation become increasingly important., Currently
there exist developed studies for content-based recommenda-
tion, including extracting topics with Latent Dirichlet allocation
(LDA) model, analyzing the internal features of recommended
items, and so on. Accompanying the development of deep
learning in the area of natural language processing (NLP) and
the abundant text descriptions in current big data environment,
it is promising to explore the deep learning based recommen-
dation strategy for mobile online videos.

This work proposed an improved content-based recom-

mendation strategy, based on a deep learning related model,
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and the push notifications enabled by mobile applications.
There are three major steps involved. Firstly, we train the
word vectors based on rich corpus of online videos with the
word2vec tool. Secondly, we build up the video vectors and
user vectors respectively via the video descriptions and user
behavior history. Thirdly, we filter the target users who have
potential interest in the candidate videos based on a proposed
vector relationship model, and then push notifications of
recommended videos to them accordingly. With abundant
experiments in a large-scale online video system, we evaluate
our proposal and compare it with random method, content-
KNN algorithm and ItemCF algorithm. The experiment
results show that our proposal gets significant improvement
on the recommendation performance.
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