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Abstract: Nowadays, the commonly used linear structure video recommendation methods have the problems of
non-personalized recommendation results and low accuracy, so it is extremely urgent to develop high-precision
personalized video recommendation method. A video recommendation method based on the fusion of autoencoders
and multi-modal data was presented. This method fused two data including text and vision for video recommenda-
tion. To be specific, the method proposed firstly used bag of words and TF-IDF methods to describe text data, and
then fused the obtained features with deep convolutional descriptors extracted from visual data, so that each video
document could get a multi-modal descriptors, and constructed low-dimensional sparse representation by autoen-

coders. Experiments were performed on the proposed model by using three real data sets. The result shows that
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compared with the single-modal recommendation method, the recommendation results of the proposed method are

significantly improved, and the performance is better than the reference method.

Key words: autoencoder, multi-modal representation, data fusion, video recommendation
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PRAT O H G # (independent single-layer
autoencoder, I-SLAE) ZEAFRA ] H b 4 K AR
REA P IIBES B R Bfaiil, &1
RS IE AN A (R G A 2 R AR BE (), RI6 A — A
B — DA FE R R A A
Gt 7 > BIRFT R R BT IR, DA T I
HE IR MEAL AR HAT B 1) B i 4%
HAPRLEAR R G R IR B — AN

XZ H % 2% (two-layered autoencoder ,
TLAE) ZEF5 I 3 [7] I ) PSSR [ MO S A 1) 1
MRFRREE SR PIFMA RIS 1. AT SEIIX
—HI, ACRM T ABEERE T, UAFE
(07 AT BRLS . ER)Z, RIS B2 E g
TR R —HE, AFFHASEI 052858 2k 2 2 B ]
TE UK Fs AETR, SEf 5 ) B RoRIE R
Ko FEATHIAN RN H G i 2 R PR R AT (] 1R 78 S
K&K

AR RIS, 7RO R 5 S Bt 4 F1 XL
7 H i g, BES AT BIAS N 2 ) AP R,
AR ORI S AR ., e, A
SCHTHE E g i 5 v ) BT AT N R O T 1
MAETH LA ML, XA — AN

B
4.2 HEFFER

AR EE ARSI IR AR HERE R AT
AN H. Hk, X SLIM MEREREIEM: S
FEORITE REAE 2% 8] 1) R B0 o 0T B BAE A B By (AR
FROA A BHBE) rf I H () (AR AP . X Fh
T U2 eSS R IR I H (R EE THREAE IR DG &R
AR RIE A, ARSI TTEAME SLIM JIRFE R
F e MRS, T REAE G B AT B IR I A
A, EREAMEENAZ —, XEHEH G
RO N WL T

G, AR HAERE F 45 05 H &on gk,
P I H AR AR FE B WG ITd, HifE F
I ATH] A i 2SRl A A, A I H R & R
TBale EAFIERIE, A0 H 2R E
2RI DU G B G TR A i e (- SCAR A
AL BN B, {FH—
RTEHORAZ TR 53 S JE A Sk 5 o ARSIk
R TE R, AW 7R AR AR G 4 R v R R I H SR
A g ) R

AR 7R SLIM f—AN S X 1)
FET 22 2 5ERE S S 1 PEANIR T A
SIHERE S SRE, SRS AR A R R
TR . AR (1 PHEIRRAEE . e
W, ASE R CERIMIH, eI
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SR T2 PRI I H o A ST 8
1 RS SLIM A R R AR N, RIPPER
FBE R MRS H A Foo f, A F 19T,
TRIZY @ KRG &R R E 1
A oK T AR I RS 1T 7 ) SRR R B ]
TR R AR

BoE 1 ARSI 2 B il A e

Require Matrices R and F, and item similari-
ty function g

(1) fori=1,---,ndo > Computing items si-
milarities

(2) for j=1,---,ndo

(3) B; < g(f..f,)

(4) end for

(5) end for

(6) for j=1,---,ndo > Computing the aggre-
gation

coefficient matrix

(7) S« argmin | |r, - Rs[|z + %b[ — Bs; +
S

B

ES[Z + j'Sil
(8) subjectto S=0 and diag(S)=0

(9) end for

AP R-MEAF JT V2 RS, X T AT
WEEAR: (1D W F G RS,
(2) T W] R ARALLEE bR #r g COR AR P % 5% o itk
ATALBETHRD o i EVER) TAE NP 5 —
A, MRS E RARABLRE s 280 g AT H X 1] R AH
PAE 5 1~547)0 3220, IWERERBGEIE S,
HAELIENE SLIM it 774, 1a FHARAR T Beik

e SKAFHERE S (5 6~9 17D
5 XBER52H
5.1 KRR

ARSCSER S TR B S HERE S 1)
3 AR o P U HER AN IRAS ) MovieLens
e COCTHE PP MRS ): MovieLens-1M
1 MovieLens-10M. [tz 4, A SC ] BAF] H
Python T FH.43 5 F API EHR & 3 (i) 2L 5 F f 3
IR R SR IR, TEHU IR, 2019 4
8 H 19 HAE 2020 4 1 H 24 H. %2 hgid¥is
TAL PR 5 ) B 22 4 11 45 B . MovieLens-1M %
PR AL FE K B 3 582 AN RLAIIK 6 383 AN FH P (1)
1 023 839 4P/ . MovieLens-10M %421
Bk 8 923 ANATIK) 75 124 AN F1 (K 11 293 834 4%
PEEdE . SRR 2 694 ANHT AT 2 445 A
A 601 543 55 VEL M o 76 LR F s 4,
B g P — 0 H AR R, 2 R A T
DN 4B K 4 B UL B, MRACH ZAAS
A, IE B o SR IBORH 9% L RS 1) T
P EAT 43 M, I SR A b R R AT
LT
52 A E

AILAE top-N HEFFAT S50 N e[1,10] BT H
HERE RS AT T VAL o A LA IR UE AR
FERVPA BT 2R (WL g . ] Rapidminer (35
P29 1 BEALIE S F P PR 1) 20%45 4
AL, FEKRI R 80% 1 Bt/ il grdk. A
T RAEA SRR I IR e RE A BUR BRI
PRFF5FALE: (Wilcoxon signed-rank test) SR 1FA%

®2 IREABUIRSRSRIT

Hlrdle s ik M P o PR U TR
MovieLens-1M 3582 6383 1023 839 2943 24
MovieLens-10M 8923 75 124 11293 834 2856 21
ki 2445 2694 601 543 1933 17
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MG RN GRS, KRR TS
TR IFEY, A5 BT ATERE A 43
AL -

AL S B S 2 SCHR[42] A2, JEEX top-N 1)
IH— AL B 2 AU 25 (NDCG@N) 1E A ) Wrbsf
Fow i e S AR H A g R A, B
MR (14) Fos. 7R3 128 100 K
ARG P R A AR

1Y r
NDCG@N:E;(H)(;HJ (14)
Horr, o RoREUE, B HEEIE AL T HE4 0
=1, fllr=0. SERHALK T, FTHh
RS, BIaC (14) F g REARHEY 2 A,

AT 3.3 IR 3 M E g ds OR 58
% By . M H g i 28 A L B g ds ) BE
AT T SEBIA . EAR T SR ARRFIE YRR, A SCRK
Z NAE A gt AERE S (non-autoencoder feature
fusion, NOAE). f)a, A MARAMH BEAT SR 46
MEBERFAE ARSI, AT ] T A e ek i AR
®%%, Ell AOP HEZE N ¥ interception-V3 &k,
NS — 5, A IR AN iR E 1
iy HH RS BRI BT, JRHESRE D 2 048
53 EMEFE

N VA ST I B 7 VA 8 A 45 7 V2
LA RS HEA A LSS, BT 2SR Ty
AR FEHEREAT LU

1) DUHANMEAHE A HRE 3 Al A 7725 (the
Bayesian personalized ranking matrix factorization
recommendation approach, BPRMF) J& H il &5
HERFETHEZ () top-N H#HE#7 Tk P,

(2) JACIE WAL H [ 73 fif (weighted regu-
larized matrix factorization, WRMF) ¥ H /7 ¥F
BAE D ZHERME, JF % SR VR AR U
KRN PEH A FIHUE AR, AR S AT
A,

(3) P2kttt Jivk (sparse linear method,
SLIM) f# ] —/Mii g 2l PEASE Y R A T30 H HEA
3 F A T H (9 R SR H P4

(4) PhIF F# M) (collaborative topic re-
gression, CTR) AL — i [ I k47 T Ul AR
B R IL DB AL A A . 2 T AE )
VSO e R e AT 3 i oA

(5) WAL s> A asfits 7% (collaborative
variational autoencoder recommendation approach,
CVAE) Jf&—Fi 38 73 B i £ 1 B MEAR RELI: 73
figp AR RO LM AR, YOG 2 SR B A AR
R RIH A R,

(6) BEA &K w5 2 (joint representation
learning, JRL) J&—FhigcBr HERE I, K24
RS RS Ak, DA™ A5 7 WA A R N
ANIH

AR Sy B AR A I B R (R TER
SCARIPE R4 AU TR E R IR . AR SCA R
TR, AT Le SMWHEHMM 7k, JHEH
Jia SRR (K 05 VRN AT s, B ERAE AL
1 200 000 7K TmageNet [/ 15 ¥ G2 h HEA T T 4G
WIZRI Caffe ¥R ) WES BEAT 7R o A SO P
u XS I VR 73 K B P R I H i i pE o it
1T TR 23R . N T S X se s, T
—NERE, ARG EE O o SRR A E
A top-N HELEFI K .

54 RHER
541 BAkgrak

N A ST R MR 7 ik S e . SERE S
WEHERE JT V5, A CS 2% SCHR[44-45] 0%,
M NDCG@N EL X M 18 B4k 41 i AN 7] 4 457 7
EBEAT 3 Mo A AR SCHT PR HEAE TR R N
AE-MDF (autoencoder-multimodal data fusion),
HAE S 06 o3y 48 A 36 B AR s 4 45 R
(N e[1,10]) » Bl 5 7= MR F0 4 5 AN 7] I v 19
NDCG@N 1t



«03 .

BIERY¥ 2021 &£5% 2 #

06k —+—AE-MDF —&— WRMF
——JRL —=—SLIM
—%—CVAE  —6—BPRMF
0.5f ——CTR

0.1
1 2 3 4 5 N6 7 8 9 10
(a) MovieLens-1M¥$a4E
0.6} ——AE-MDF —&— WRMF
—o—JRL —a— SLIM
—*—CVAE —6— BPRMF
0.5} —¥—CTR
— -+ —+
U2 D S . S A A S
L ]

NDCCg@N
-

02
0.1F
1 2 3 4 5 N6 7 8 9 10
(b) MovieLens-10M¥3R4:
05l —+— AE-MDF —8— WRMF
' —e—JRL —a— SLIM

—>—CVAE —6— BPRMF

04l ——CTR

o
w

NDCG@N
(=)
[ e o

4

23 4 s 67 8 910
(c) EHMEEORSE
Bl s SR EdR AR A RHERE T I NDCG@N fH

Hi&l 5 Al %1, AR SCHTiE AE-MDF #E17 57
B AR 7k B A AP PERE . JRL Tt
G RUFR I, 1M BPRMF JriktERER 72, X
IR R TRy, i 2 T IH ik
W% . ASCHTHE ABE-MDF #E4E 771k 5 Heuk 772
JRL AL, PEREAE A [ St S 3R T T

7%~32% A A5 o JU e AE B KO B AR
MovieLens-10M £, JRL Jiik SR
AE-MDF J7ikPEReR A . MR 6 HIANFRIEEE
A& TP B AT A7 SEV20KS B AR W] T AR SO SR AR A0
HERZ TR AU o

1.0

—=— AE-MDF —8— WRMF
—e—JRL —e—SLIM
——CVAE —&— BPRMF
—4—CTR

1 2 3 4 SN 6 7 8 9 10
(a) MovieLens-1ME#i4E

0.6¥]

i

|[-=—AE-MDF —&— WRMF ¢
0.6/ —o—JR1. —o—SLIM

——(CVAE —&— BPRMF

——(CTR
S e e e — S

1 2 3 4 5 6 7 8 9 10

N
(b) MovieLens-10M# {545
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0.9
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R3 ANFRHEAEEFERATR BHLEHEI NDCC@10 &

- MovieLens-1M $#i 4 MovieLens-10M %45 ISR/ E VeI S
FEN Wk A SOk Wik A Sk Wik A
NOAE 0.153 0.224 0.228 0.124 0.238 0.237 0.001 0.231 0.239
UAE 0.182 0.352 0.369 0.139 0.381 0.326 0.001 0.192 0.211
DAE 0.104 0.279 0.342 0.127 0.273 0.273 0.001 0.179 0.228
SAE 0.215 0.376 0.413 0.152 0.285 0.319 0.024 0.257 0.362
e PRI R de A T
542 BAHABEA 0.5
g 5 B 7 25 8 F 1 4 B2 5% % A ST R o 3
AE-MDF #7000, (5 i L 0 2
FGRTOS FHATSEM . 4 3 S T ASCpTa 2 03
TR PRI i 48 R 6 1 49 48 CUABD, 2 ol g
LM% (DAE) FIFiHE AHISA (SAE)), ) [—
TEAR FHCRAE T ) NDCG@10 i, A SR A f [t v
F 14928 (NOAE) I i R4k T AR B2 e
HiE i NDCG@10 i . (@) Movielors.IVEHE
e 3 ST, AT, AR 03
A ST F P R A T8 P SO A R I (0 Y R
SN, R A RORI, SOA S R ~
SR 45 2 280 SR AR T P 0 A O i émk*“*ﬂkﬁ\$ﬁhﬁﬁkg
{5 MovieLens-1M ARSI, FBi 11 40 2 0.l i
B BT B AR T L3 A o A [ P—
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RSO PR V145 6 1 ) 250 22 A 4L 04

o <prlfl S ) AT S G . WEE 4.1.2 WPTIR,
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