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Image Aesthetics-enhanced Visual Perception Recommendation System

ZHANG Kaixuan' , CAI Guoyong® and ZHU Kunri*
1 College of Computer and Information Security,Guilin University of Electronic Technology,Guilin, Guangxi 541000, China

2 Key Laboratory of Guangxi Trusted Software(Guilin University of Electronic Technology) , Guilin, Guangxi 541000, China

Abstract The visual perception recommendation system aims to enhance the behavioral features of user-item interaction by ex-
tracting the visual features of item images from the perspective of visual cognition,and model the user’s visual and behavior-rela-
ted preferences.so as to make better recommendations. In the existing visual perception recommendation research, pre-trained
convolutional neural network(CNN) is usually used to extract the semantic features of visual objects,and the hidden aesthetic
style features inside the appearance image of the item are rarely considered. In addition,the embedded information of user-item in-
teraction behavior structure is usually ignored in visual perception recommendation. To address these issues,an aesthetic feature-
aware visual recommendation system is proposed that fuses image aesthetics and behavioral interaction structure embeddings( AB-
VR). ABVR uses the pre-trained ViT model to extract the high-level visual features of the image— semantic category features,
uses the aesthetic extraction network to mine the middle-level aesthetic visual features in the image — the color,shapes and other
features of the items,and uses the graph convolution neural network(GCN) module to learn the multi-layer graph structure em-
bedding features of user item interaction graph nodes,and finally associates and fuses the three types of features to achieve aes-
thetically enhanced visual recommendations. Extensive experiments are conducted on two real datasets to verify the effectiveness
of the ABVR model in improving visual recommendation performance.

Keywords Visual perception, Aesthetic features, Visual recommendation,Graph convolutional neural networks
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Fig. 5 Examples of different datasets
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Table 1 Statistics of datasets used in experiment
Dataset Users Ttems Interactions  Sparsity/ %
Amazon_boys_girls 1425 5019 9213 99. 87
Amazon_men 6001 7370 16522 99. 96

4.2 A E

HT VA A SR i ABVR B3 6 I LT Baseline J7
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B LA IRAL I di A R R 58— e B0 224 X224, %)
FAR A vp i) QA 56 A7 AE SR IRER TFE ¥R A Elliot HEZE™ R
Y resnet50, BARULIIAN T

BPRMF™ R A A P A B 3 B i (n s oy O 56 , 3 3
X [ R0 3E A7 DL i 17 43 BT 45 B 199 S5 S 36 AR 6 Ok X iE AT
HeTz

VBPR'™ J& BPRMF 503k (10 4™ & . 7 70000 48 g 45 4 o 78
P58 BT R 43 B TR s, 2 T A e R IR B B3R N HE Y
S

DeepStyle™" 7£ VBPR Y JEMh [ 5] A 35 2% KUK RR1E 45 A
B 2 Al 45 o3 R HG e 56 2 AUAR A SRR AR e £ MR Y BT 45
LR TR BRI E SR E RGN

DVBPR™ i I A 52 X 4 B 28 I 4% CNN-F e /%
4t imagenet Bl 25 19 CNN, Ff B @ fb T VBPR ) fii 4 1% 7
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ACF 3 52 % FH P 77 58 40 5 v 1 40 o A5, B X 9 R
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AMRM 2 VBPR 75 B R S0 B 408 ) — Fp 4 L iz Fl &
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style, #EZ 3 #Y Amazon_men | HR I NDCG 4§ 5 W # 15
BT SOTA. XEEHCUEW] T, A4 17 & 48 51 A R )2 9058 4
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CG W& Ik T Deepstyle, L T DVBPR, 3 22 K 2 % $¥is 45
e ] 28 500 O XUk A A 2 R R B X D AR P (B B
1% T 27 [0 2 T i AN W XA AR S Y 22 b L TN R 28
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Table 2 Top@20 performance metrics comparison on

Amazon_boys_girls

Dataset Model HR NDCG
BPRMF 0.01474 0.00508

VBPR 0.03018 0.01287

DeepStyle 0.03719 0.01543

Amazon_boys_ DVBPR 0.03491 0.01211
girls ACF 0.01544 0.004 82
AMR 0.03213 0.01321

VNPR 0.03053 0.01229
Our Method(ABVR) 0.04140 0.01480

23 Amazon_men IR top@ 20 4 BE +6 5 X4 1L
Table 3 Top@20 performance metrics Comparison on

Amazon_men

Dataset Model HR NDCG
BPRMF 0.01347 0.00473

VBPR 0.02952 0.01225

DeepStyle 0.03434 0.01340

Amazon_men DVBPR 0.03023 0.01136
ACF 0.02548 0.01029

AMR 0.03361 0.01336

VNPR 0.02958 0.01303

Our Method(ABVR) 0.03533 0.01347
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Table 4 Ablation experiments with different features
Amazon_boys_girls Amazon_men
Model Params/M
HR@20 NDCG@20 HR@20 NDCG@20
GCN 0.00912 0.00238 0.00843 0.00211 11
GCN-+ViT 0.03859 0.01376 0.03166 0.01259 97
GCN-+ViT+
. 0.03866 0.01381 0.03333 0.01318 109
Color
GCN-+ViT+
0.03989 0.01396 0.03449 0.01343 107
shapes
ABVR 0.04140 0.01480 0.03533 0.01347 119
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fig . HUAE S JE AR AE A P R 56 2 ISR AE )T Ama-
zon_men | B # AR GE L B AKX T Amazon_boys_girls, #E

0040
0035
0030
<
& 0025
£ o020
0015
0010
0005
0 50 100 150 200 250 300 350 400
Epoch
(a)top@20 T ) HR 45
006
005
<
o o004
&
T 003
002
001

0 50 100 150 200 250 300 350 400
Epoch

(o) top@40 F iy HR 5
&l 6
Fig. 6

4.5.4 BRHEREEFBEBEFEEL
AR B RVFHIE AL 285 R e R AR UG S — MRS FE B =S R R
HTEEMAE . B TIRRBZER T K BEF G A D X

0016
001468 0014 80

001290 001347
0012 001093 001162

@8 amazon_| boys girls

(a) K A FAEAS T B4l 46 119 NDCG@ 20 H5 bR K

0014 03

I 001246
256

amazon_men

RS A B 09 BAR 6 FUBIRA 6, M I ZF Amazon_
boys_girls B4 45 i A9 G & % F D4R, Ir LB A= gl o B 38
B BEAYWE O R, mE AR LE
o LS B0 3 O B S A A Al ok 1 1k 380 A W 1Y L BT
B 4 B RFAE Y ABVR BLELA0 T i A T8 Rl 43 s e 52 1

op 2 96 S0 E RR AR R )2 A AR R DL R R 5 A i A CRRAE kA
A 80P
4.5.3 HEAEIREAE £ B

fEPE BE PPl 52 30 v, 8 B 1A 45 B 8 £ 4 35 & 1 Amazon
boys_girls $t4 4 , I 2 400 4~ epoch HEAT I8, $5 45 43 il
e top@ 20 Al top@40 ) HR Hl NDCG, MK 6Ca), K
6(b) H] LI ML H] top@20 B HR e KAETE 0. 041 Z£ 47 ,NDCG
B RMETE 0.017 4. VENXTEL, B 6(e) (& 6(d)1E top@40
B HR ) K{Ei5 %] 0. 062 &£ 47 . NDCG & KA 7 0. 021 22
Fio PR % AR R 38 0, HR 1 NDCG 8 i 55 8 % 14
TEs LA, NS B T 50~100 4> epoch I+,
AEVE Al 45 A5 (HR 1 NDCG) 34 K iU, 11 J§ 100 ~ 400 4~
epoch |- #E PR 5 T B 28 L R 8 /INIR e Bl 5 2 ) R TR
O FE R IR 35 1 26 AR XA v SR B A . BVRTT S top @
40 THARMEREEAL T cop@20, X KB B KW HETE FH k.
AU AT B O MM R

0.018
0.016
0014
0.012
0.010
0.008
0.006
0.004
0.002

NDGC@20

0 50 100 150 200 250 300 350 400
Epoch

(b top@20 T ) NDCG 8tz

00225
00220
00175
00150
00125
00100
00075
0.0050
00025

NDGC@40

0 50 100 150 200 250 300 350 400
Epoch

(D top@40 FHY NDCG H5 bx

Amazon_boys_girls I ARl top@#k T Ay 1 BE 4
ABVR performance trends on Amazon_boys_girls with different top@#£

RBEAVPERERY R IR A SCHEAT T K R T IRELR . B 7 41
TR AR R 4 2 K B R T 0 4 B R/, AN TR) K i X A8 2

RS . B 48 7E (32.,64,128,256 ) INTEH:,
0.048
0040 003789 0.04140 004000
0.034390.034 84 003533 003483

0032 0.03299
0024
0.016
0.008
0

amazon_| boys girls

(b) K B 778 A [ # s 48 | HR@20 5 b & 8l

®» amazon_men

B 7 KRR 778 A [ B 4 b 802 e CRL 7 R 72 D

Fig. 7

Effect of K implicit factor on dfferent datasets

221100083-7



Com puter Science THEHLES Vol. 50,No. 11A,Nov. 2023

ME 7Ca) F 7(O) AT LA H AR JE#E Amazon_boys_
girls B4 48 I (43 5 5 €5 F1 2 (8 3R R) . 6 J& £ Amazon_
men 3035 E O S EMa @R BRI E FTH .
MK BB T4 128 AER AR SCHR H 1 455 B M e 48 AR R
s X R T B N 2 RS 0, Zs [a) b g B0 A s
2, R R RRAE T 2 m 1915 Bt gl i 22, 2R 4 o8 25 3t
T R Z P T A K BN 4By 256 4R,
PEREH BTN RE, R E RN M4 E R KRN AES BTG, W
ML AR SCSIEG T K R 4 G — 1 E R 128,

GERTE A SCRT BB B P A0 A L R B 2 )
EHETE I MR DR S DR AT T R EE [ B R8s T Y T 4
EPAEAE B — S [a] B, A X 3 2 [ B, otk IWURIF 5 T4 3R R
G0 43 Sy 15 J2 00 58 R AE R v 2 35 2% 06 R AE , JF ML SE 2 1
8 B2 K SRAE Y b v] DL R GF 0 50 LB AT G S B A 3
)5 Rl i 45088l N T 7 5 . IR AE = JE R R AE 4R B I
AHTE R VIT B RAE S8 CNN ke 4b 3 R S0 L 78 0
AL IS IR UE T VIT BA R . B 8% B 5 TR B i B iy
] 45 48] i N\ R AT 5 18 J2 B8 R AIE LA B P )2 28 2 SRR AiF 3 1]
W S5 B v AE 23 8] b ifEA T LA T A MR 3 BPR DUt 4
FEHEZL T AT HERS . SCOR 45 R 3R W], B $2 77 vk 00 T JH: At A F)
JFH A B SR A 2 2 PR I 2 M T T TR T S SR MR R

TER S BB 9T AR o B0 9 0 3 40 4 50 AT 2 1 4 )
15 Bk F 6 BT a e BN R G0, SCF R E R b3
B8 A5 EAF 0] LUK R IS8 R AR 5 SO SURRE 1 45 & 3
WA G SeafF g, Wt % P 38 404 25 i P om 845 2.
M e sE B4, oAb, Sl i 3 3= (W
F I B T A2 b o 5 23 32 AR 46D X P R )

2 % x o

[1] ANELLI V W.BELLOGIN A,FERRARA A,et al. Velliot: De-
signsevaluate and tune visual recommender systems[ C] // Fif-
teenth ACM Conference on Recommender Systems. 2021 768-
771.

[2] ANELLI V W,DELDJOO Y,DI NOIA T,et al. A study of de-
fensive methods to protect visual recommendation against adver-
sarial manipulation of images[ C] // Proceedings of the 44th In-
ternational ACM SIGIR Conference on Research and Develop-
ment in Information Retrieval. 2021:1094-1103.

[3] WANG H,ZHAO M, XIE X, et al. Knowledge graph convolu-
tional networks for recommender systems|[ C] // The World
Wide Web Conference. 2019:3307-3313.

[4] WANG X,HE X,CAO Y.et al. Kgat: Knowledge graph atten-
tion network for recommendation[ C] // Proceedings of the 25th
ACM SIGKDD International Conference on Knowledge Disco-
very & Data Mining. 2019:950-958.

[5] WANG H.ZHANG F,ZHAO M,et al. Multi-task f-eature
learning for knowledge graph enhanced recommendation[ CJ //
The World Wide Web Conference. 2019:2000-2010.

[6] HE R.MCAULEY J. VBPR:visual bayesian personalized ran-
king from implicit feedback[ C]// Proceedings of the AAAI Con-
ference on Artificial Intelligence. 2016:144-150.

[7] CHEN J,ZHANG H,HE X,et al. Attentive collaborative filte-
ring: Multimedia recommendation with item-and component-le-
vel attention[ C] // Proceedings of the 40th International ACM
SIGIR conference on Research and Developmentin Information

Retrieval. 2017 :335-344.

[8] RENDLE S.FREUDENTHALER C,GANTNER Z,et al.
Bayesian personalized ranking from implicit feedback[ C] // Pro-
ceedings of Uncertainty in Artificial Intelligence. 2014 :452-461.

[9] WANG X.,HE X,WANG M,et al. Neural graph collaborative
filtering[ C] // Proceedings of the 42nd International ACM SI-
GIR Conference on Research and Development in Information
Retrieval. 2019:165-174.

[10] HE X,DENG K, WANG X, et al. Lightgen: Simp-lifying and
powering graph convolution netw-ork for recommendation[ C]//
Proceedings of the 43rd International ACM SIGIR Conference
on Research and Development in Information Retrieval. 2020
639-648.

[11] TANG J,DU X,He X,et al. Adversarial training towards robust
multimedia recommender syst-em [ J]. IEEE Transactions on
Knowledge and Data Engineering,2019,32(5) :855-867.

[12] HE X,LIAO L,ZHANG H.et al. Neural collabor-ative filtering
[CT // Proceedings of the 26th International Conference on
World Wide Web. 2017:173-182.

[13] NIU W,CAVERLEE J,LU H. Neural personalized ranking for
image recommendation[ C] // Proceedings of the Eleventh ACM
International Conference on Web Search and Data Mining. 2018
423-431.

[14] GONG W,KHALID L. Aesthetics, Personalization and Recom-
mendation: A survey on Deep Learning in Fashion[]]. arXiv:
2101.08301,2021.

[15] KANG W C,FANG C,WANG Z,et al. Visually-aware fashion
recommendation and design withgenerative image models[ C] //
2017 TEEE International Conference on Data Mining (ICDM).
IEEE.2017.207-216.

[16] LIU Q,WU S,WANG L. Deepstyle: Learning user preferences
for visual recommendation[ C] // Proceedings of the 40th inter-
national ACM Sigir Conference on Research and Development in
Information Retrieval. 2017:841-844.

[17] WANG Z,CHANG S.DOLCOS F,et al. Brain-inspired deep
networks for image aesthetics assessment[ ] ]. Michigan Law Re-
view,2016,52(1):123-128.

[18] PAUL A, WU Z, LIU K, et al. Robust multi-objective visual
bayesian personalized ranking for multimedia recommendation
[J]. Applied Intelligence,2022,52(4) : 3499-3510.

[19] CANNY J. A computational approach to edge detection[]].
IEEE Transactions on Pattern Analysis and Machine Intelli-
gence. 1986:679-698.

[20] TANGSENG P,OKATANI T. Toward explainable fashion recom-
mendation[ C] // Proceedings of the IEEE/CVF Winter Confe-
rence on Applications of Computer Vision. 2020:2153-2162.

~

- .
el o |

ZHANG Kaixuan, born in 1996, post-

graduate. His main research interests

\

1k

include recommendation system and

graph deep learning.

CAI Guoyong, born in 1971, Ph.D, pro-
fessor, Ph.D supervisor,is a member of
China Computer Federation. His main

research interests include social media

and data mining.

221100083-8



