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Multi-task Graph-embedding Deep Prediction Model for Mobile App Rating Recommendation
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1 College of Computer Science and Technology,Shanghai University of Electric Power, Shanghai 201306 , China
2 College of Artificial Intelligence, Nankai University, Tianjin 300350, China
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Abstract With the prevalence of smart terminal devices and mobile application(app for short) , the requirements for application
quality and user experience gradually increase. As an effective pre-assessment method, mobile app rating recommendation has
gained increasing attention from app markets. The traditional app rating and recommendation works mainly focus on challenges
such as data sparsity and model depth. Nevertheless, they fail to accurately capture the graph relationship within the apps and
users., Furthermore, the multi-task characteristic of app recommendation is neglected. Aiming at these shortcomings, this paper
proposes a graph embedding multi-task model AppGRec for mobile app rating and recommendation. AppGRec uses the embedding
structure of inductive bipartite graph to mine the user interaction features. It uses the shared-bottom based model to capture the
multi-task feature in app rating,while considering the effects of data sparsity and model depth. 16031 valid mobile apps and their
feature data on Google Play are collected as dataset for method evaluation. Experimental results show that AppGRec achieves
10.4% and 10. 9% improvement in terms of MAE and RMSE respectively comparing with the state-of-the-art models. In addi-
tion, this paper also makes quantitative analysis of the impact of hyperparameters and some core modules in AppGRec,and veri-
fies the effectiveness from multiple perspectives.

Keywords Mobile app, Recommendation system,Graph embedding,Deep learning. Neural network,Rating prediction
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Horh 2 AP R8P PP 080, # AR R FH App
4 VP23 B o 43 O T S SE T RE A PR e 6T ) 58 R
T R R A8 JE B i, Sparsity 1 @R (9 2 4 B9 R g

4R H S0 B AR T AL 3 0 T R PR A BE AR B . MK Ah,
TEGE T AT L S B B (R P A — A App #E4T 14
PP I 5 HE 292k 7. 406, 4% SCTE 52 9 B K 12 28 B0 o0 4
T RLBGIE AppGRec X ¥ 5 8 B9 bk (WL 4. 2 79)
4.1.2 EBRRELAK

XS IR TE — B R AR B HEAT A NLEA In-
tel Xeon CPU,32G DDR4 WFEHI 2 4> Tesla V100 GPU, Ap-
pGRec 76 15 & %% 3 fE 42 Tensorflow 1. 14. 01 [ SZ 3, H
dropout rate % & #{0.1,0.3,0.5,0.7,0. 9}, epoch % & K
3000, L2 1F M4k 2 $ & R (0. 001,0. 01,0. 1}, #Ht & KN
B h{16,32,64,128,256} .22 R E R 0. 01, LM EIE
55 B A% B0 18 T 280 0 T R B 4 T B A FAT 45 R . AR
AU 8 S 2 3 2o 4IURE R0 6 R L SR R R 1OR 10 73
SAZ S AT YNGR A, o 70 Y MR M IR 4E L 20 % 1E 56
TESE 10 % 7B R 4R , AT 35 00 26 30 R e 0 45 41 .
4.1.3 MR

BT 0 PFAH 6 45 R T R R 09 D1 43 4 A 4 A L BIOE 2
Y4 %1% 2% (Mean Absolute Error, MAE) 11 75 # i 22 (Root
Mean Squared Error, RMSE) , 4134 (15) FI = (16) i 7% :

MAE=L 315y (15)
i=1

RMSE= /%2(&,—%)2 (16)
i=1

Horbon SRy R AE A AR,
4.1.4 KEFE

HJ 7 BAE AppGRec 1EF 3l W HIPE 43 $U0 AT 45 E 19 A AL
PR FE 5250 BOHE AR LKE AR SO vk 5 2T S i 09 1 43 B0 B 4k
HEAT AT HG o AR SCBT 3 T B o X BL O W R B TR R R AR
W B B 0 A5 R P e AR T 2 AN X AR L
DeepFM™ Fll NARRE"™ J& T 2 f5c L 1R 26 M 119 IR B8 4ff 75 4
A KDFM™ J& T 0] B )y i FH VF 43 4ff 12 4T 55 1 B A O 2 A
#L;1M NGCF™" fil Pinsage' ) J& ¥ 2% 58 #F 1) &1 % A 3T 43 351 DU
LAY

DeepFM J2 VR B 4 4 4T 55 19 AR 38 M AL A0 , L 7 e AF 42
05 T 45 A T R B R AE 4R B 38 H R A 4R B R 43 1 B B
DNN [ 4% 1 FM B 743 fif HLIEAT T B2 il & T8 i e 28 9 25
W,

NARRE 78 % BUfl 28 [ 4% (CNND 1Y 22 il 38 3 i o 3
WA IFATH I AT MY R AR . shsh, 2R A
B AL 255 % AP 1 o1 kR B L i — b 3 e A T o R
U =2 o

KDFM J2 181 7] B 3f 7 FH 4 57 114 3 700 % B 485 780, 3 5 R
FH R 3 0 AL R AT S B 0 A R AE, TS R
DeepFM (1 R-AE 42 UM 4 00 47 BRe 26 TN, 76 R AT 5 F 5 M 80
o 09 % 3 00 FHIE 2 B i, KDEM # %8 T £ 48 DeepFM H
e

NGCF J& 4 F B #h 2 W 45 09 SO HERE 300k . Bl o gt sy
H P - 3B & L GCN Y B A% B8 VR L #E 73 R AiF DA 45
JEAT AR R A T T i T OC R R AE AR B A5 2 AL

PinSage J&— Ff 8L 7Y (1) 15 44 A9 & e A 22 B AL, & A
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Fifi AL 30 A SR A B 22 E A 1 a5 B9 &R 1 R IR I R R G R
BOR BN A TN 2 50, A A T A% G2 1) B4 2X (Transductive) ]
A AL J7 125 58 A 5 A0 T

AR SCHE 52 BB fE J7 i gL gl 1] MSE i 5% iR Bk AT
T,
4.2 ZERHW

X SZ 8 A9 MAE AT RMSE £5 3403 2 fi 5], Hoh Over-
all FB43 A 4= PREEAR B UM 45 231, Single-connected #5434 ¥ 3%
BHE TIOM 25 L, PR RO X Ve B B R MR AT TR R
BAiE . M ERREARLE R | (Overall #43) F , 5 WA B e 97
A, AppGRec 78 MAE 1 RMSE | #3818 T S 45 5,
A5 b 2 B A I A R O s R T 100 4% (Pinsage) I
10. 9% (KDFM) . S5 R B T 10 97 58 X 5 3iF . 3 8] App-
GRec MPERESR T4 IT AR M8 R BT 15, iF W] 7 B 9 i 4 1 iy 1t
DA RCE . WA 4. 1.1 35 BB 8 40 4 v nl 0, AR SCRY SE
B A2 DA B A R R A B Y T TS0 9IE T AppGRec 76
i SR TN b e PR RE . X R R A BT AR T A 4 R
P % A RIS 23 fif o 33 2 A58 M Xof i it 50308 1 3 1 1 A B T
TEF RS2 T UEW] . 7EXF b J7 i, KDFM #I Pinsage 3K
PR T T oAy 125 . 3K T A 0y 1SR T OAS [ i) T R
Horp KDFM M 5 F SCA i A FIIR BE B F 43, T Pinsage ]
T AR B A RAE . 03X P 28 6 T AR et £ BT App-
GRec 11, X T AppGRec F1 & B AW /E I STE 4.4 7
T3 T S B AT R

F 2 FRERR I

Table 2 Experimental results comparison

Model Overall Single-connected
MAE RMSE MAE RMSE

DeepFM 1. 164 1.491 1.581 1.994
NARRE 1.235 1.647 1.55 1.923
KDFM 1.083 1.295 1.462 2.09
NGCF 1.139 1.529 1.527 1.905
Pinsage 1. 046 1.384 1.348 1.867
AppGRec 0.937 1. 154 1.294 1.622

N B BUHE 4 45 IR (Single-connected #543) # 0] DA & B,
AppGRec B T I 2 IAK 4K 0L T X5 10 J7 &, H i MAE Al
RMSE 451l b e e 48 A T 4% A 13, 1%, U] AppGRec
X Ve I8 Bl A B A B L HLBOI R B3R R
4.3 BHEEM

AL TR0 555 SIF B 17 8 2 UM 43 5% ) P R 25 SR L AR AR SCHE I
S T AdaGrad $EAL#RHEAT A 3E B S 801, (B S 50U
(B W57 B T B 20 (T4l . S e AR SO B T 4 A
FEARLEARESBUA T AR MR, sl 2— & 4 i,
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Fig. 5 Results comparison of ablation experiments
AGE SR T R] X 3 A4~ S B A Y AT Rl 2 S Y TN 3R
A BE T BIE T AppGRee f i A %tE, Hip
Z AT 55 B LI 1 w6 45 R 5 e g Ry S TR 28 100 R



166

Com puter Science IHEAMLELZE  Vol. 50,No. 9, Sep. 2023

TE3 B 2Z 18] 19 Z: B0 G i R AR 1 . IS R RO AT 55
22 [0 AR 1 B 43 A A 56, — O T AR 55 500 19 A AL e sk AL T
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8 53 A5 T A AR S0 b L 3k A R 0 2 0 5 LA B TR AR R A 2 Ak
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T IHABE A B2 AT 55 W B ALY AppGRec, %
U FH PR A B8 300 i 66 B v |y P el P 06 B RRAIE L ol i T
JE R F 43 iR ML B IBUCRRAIE 18] 38 B4 B L I A AT 55 A He 42 T
LR B B BE g o A AE SE PR AU IE & B 5 state-of-the-art
J5 B AT X L S8, B E T AppGRec 7E I FH T 4> B 1
B AT AL o 1 A o AS SR I il S 86 53 A 1 & A B A
REdE Ty E W /E A . AppGRec B B A7 76 Wi J7 I B9 [A) 25, —
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