0 'H‘ :ﬁ‘ *fh ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 191000141

ETRESESFINAXERIREMND AR SER

BEE E8% A B B B AR Egg
1 WAEMEARFHENBF SR AFR  H¥E 250014

2 LEAFWENAFERHAFK HEF 250014
SWWAERAFHREFK H ¥ 250014

(leileigeng_njust@163. com)

W E MAALARGSEAELTRASEOEN LR AXBRIEERIR AR S, AMEF TR BREAITIFELR S
WA FARBEENY TERE, BAVARRER S ARE ST X EERAXEREES . AR THREEGRSAUEFESFZ
RlesSXE, 3E5FITNTRAASLBERARAES ARG ETIIHLAKGRERER T, RS S AT 5 MR E RS IE, 5T T
REL -S5O EHREEARBEL, B, X PRIT—HATRESESFIANRLTBERE RS ABLSBAFRLE, %
FHEERETRENGBAFTIRERNE NS FAFEREFRSARE AXEMRT A5 POHRBEHREF A, b LT
AXEAGATHIEGERTZERNE T  AREASESFIRRAFTRES G TR EHERFTERE KRBT EAREAG KA
AR BB RS A ARRES B RFERI LT RIS LSRRG BELT —EEARAZEMALHRTEL T
S EREMFARE, AREFlicki BALZEME LRROAETHEE LA TRERAV . 5AALLIEFH kM
WL T REERFOERNER BRI R AERRAGERA T ZF FN A A TITE,

KB SMHE5FT U RFFLERE REET RS EARE

REESES TP391.3

Social Image Tag and Group Joint Recommendation Based on Deep Multi-task Learning

GENG Lei-lei' ,CUI Chao-ran' , SHI Cheng® , SHEN Zhen’ , YIN Yi-long® and FENG Shi-hong'
1 School of Computer Science and Technology,Shandong University of Finance and Economics,Jinan 250014, China
2 School of Computer Science and Technology,Shandong University,Jinan 250014, China

3 School of Software,Shandong University,Jinan 250014, China

Abstract With the rapid development of multimedia sharing websites, the social image recommendation has become a hot re-
search topic recently. It is much easier to manage social images by taging and grouping them. Traditional image recommendation
methods tend to focus on a specific task just like tag or group recommendation, which ignore the correlation between the two
tasks. By fusing image features extracted from multiple tasks,multi-task learning method exploit image sharing or correlation rep-
resentation among different tasks to improve the accuracy of the single task. Therefore, this paper proposes a novel social image
tag and group joint recommendation model based on deep multi-task learning. In the signal task,the tag and group recommenda-
tion are solved using comparison-based partial order deep learning method respectively for alleviating the data sparsity. Further-
more,the features extracted from their intermediate layer are saved for multi-task learning. In the convolutional neural network
processing the visual features of social images, the features of two recommendations are connected. Then the dimension-reduction
and automatic fusion of the features are realized by convolution. Hence image features extracted from different recommendations
are shared. Moreover, the size of processed features is suitable for the next layer of the convolutional neural network so that the
network architecture of single recommendation task can be maintained. The experimental results on a real Flickr dataset show

that compared with the traditional methods, the accuracy and recall rate of the proposed algorithm are greatly improved, which
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proves the effectiveness and feasibility of the proposed method.
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Fig. 2 Deep partial learning network for single task

3.2 ETREZESFEINREMOSERKSHER

A SO FH AR [R] 9 B AT 55 190 2% 23 1) %) i A UG 2647 s 26 4
R HMEAE NS 3.1 TR, BT WE 2L 5% s
B8R o3 LI A 4758 B 4 8 — AN R [T 55 1) Rp A 2 52 1 1
25 Tl 5 R AT 55 A G B TR R S8 R AIE (45 15 T 55 R 1
FHHABAE 55 8947 B4R TF A B AL S5 e RE . W,
WEE ZAT 555 ) M 2% 1 B ps B @il G A T84T 45 18] 7 40 o
AIE A A5 AN [F) AT 55 [ AR OC e AR A5 DL Sk 22

TR — RS, ¢ ) Al o, () 43 B 2R 7s A 45 Ja M (BR 28 B0
G 4D AR EGRR AR A B S SR, AR SCE Sl () R
i MMES B B4 M 4% (Convolutional Neural Networks .,
CNND g EJZ . B4 oot (o) Al b (o) 43 3 7 A 2 4 7 1 43
MR ETRPE W K5 2 MRE L a3 s, B
FRAE A b (o) A ol Co) B9 S0 A S AR [R) 89 1145, ELEG 23 530 JH T
2 1 A o LT PO ) A 55, 3 5 HG X g B 4 A 55
B,

7(5) 7'(s) ) e ()

: ™ i) ds oo oo 0o v
I x1 Conv

|
! ~
| 1x1 Com [lxl(a/n’jl 1
| “ iﬁ } [ BN } BN BN
) | £ I 1
% I Liié\iiii‘ I °° °° °° (

7(5) () .. () .. 75(5)

B3 AT 55 FRAE 2 U E H 5]

Fig. 3 Feature extraction network for multi-task



180

Computer Science THEMEL2  Vol. 47,No. 12, Dec. 2020

ST R TR AT 55 00 A A AT D 3k T2 AR SCRY IR A I
TEFRAE B b X R AT B BE AT HE & . M A 55 1 LR
TR RS C, 00 HE B 5 R RHE B RSB 20 2C, I
A, 45 BB 28 I 45 R AE TR W] o (s) 38R

()= 7 (s), 7 (s) ] (6)

AR I UG 22 A 55 1 I 2 S5 A 0 B AS BT 55, 43 ) i
I 1X 1 B R A8 B AT R4 . BRI, b 2 4 75 0 43 201 4
BN EMEWNERZHEET CAEBHEK, BHREN L
RAAGIATER /NG5 1 0

() =n'(s) + w

" (s)=n'(s) * wy @
Horb, wo L wy 43 500 2 B A8 HE T R 4 A A AR AT 55 1 R AE A
B o3 2o 3 K A HE AT 55 1 A RRUZ R B R R Y
B RRAE IR o0 () Fl 7y () o AHHCRRAE B 7l (o) T b Cs) o 37
EMGARFAE Bl 7l () Fl o™ () B R /NG AN A8 5 3 S B0 &2
H Co SRIG, WA HETE A 55 09 26 T2 43 00 K 7 45 R AE 1R
o (OM (DR LR, AW LA, B0 &
Fe B AE WA 2% 43 32 22 1] DL A8 4 AR R AE 181 Y J7 3k 2 AE
BB IF T AR B ZE VI 2k i FE b A 32 S WA BRAT: 55 43 il R

RS DN

BE R o 24T 55 Z (8] A9 0 58 5 A ph 1 4 3 36 52l 0o e 2 Ak
B, Rl B0 8 R AR AL RE 8 2 TR AR 45 1 AR M 8 ) 4%
BMRRSTER, TR BETZEFERNESERER
s A0 P45 1] 4 AR DL BE T 3208 2

Sow, =sim(xl” (8)54: (1)) (8
BT TR BE 2 AT 55 2 20 B S R0 R BR BT 7R
L =a L1T +[8 ¢ Llj €D

Hor L A0 Ly 4 50 R bR 25 043 20 HE 1 BT 55 1 48 2 RREL
o H1 B 4350 g AR L 1 24 A £k 2 80, B AU R [ A 55 4 K A2
BARBARTPHEEM,« M ZMH 1,

g LR T IR E 2 5 2% S bR & R o 4 Tk A M 7
1155 BB AR I 45 25 M I 4 Tz’ . Horb, Task 1 A Task 2 J&
3.1 5 T A A B — R R AT S5 AR, B4 ) R A A A A 4 4l
A,

WIS HEFEAE 55 B A ) A, 5 i 4t 58’145
AR BT S5 M AT S . M TS TR
540 3 B X 28 358 43 o Aol AR SCHR ) RRAE RS LR L SRS &5
AT 55 B9 R0 58 R AR 20 B 115345 A B AT 55 5 2% 0 ) 0K 4l Tk
B AT 55 (15 0 E AT B A I 2

£t 4k

B4 TREEZAT 55 27 ) B 1R I 2% 254

Fig. 4 Network of deep multi-task learning
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