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Rating Recommendation Based on Deep Hybrid Model

QIAN Fulan"?, LI Jianhong"?, ZHAO Shu'*, ZHANG Yanping"*
(1. School of Computer Science and Technology, Anhui University, Hefei, 230601, China; 2. Information Support &.
Assurance Technology, Anhui University, Hefei, 230601, China)

Abstract:earning individual preferences of users for items from user-item rating matrix is critical for rating
recommendation. Many recommendation methods, such as the Latent Factor model, can not make full use of
the interaction information from rating matrix to learning individual preferences, and achieve unsatisfying
results. Inspired by wide and deep learning model of deep learning in APP recommendation, deep hybrid
model is proposed and named DeepHM for rating recommendation. Compared with the wide and deep model,
deep wide model and DNN model are used to reconstruct wide model and deep model, which can get
DeepHM and make DeepHM become shared input to its deep wide and deep parts. Therefore, DeepHM uses
interaction information of user and item from rating matrix more efficiently to obtain individual preferences
information. Furthermore, DeepHM treats the rating recommendation as a multi - classification problem
aiming to improve the accuracy of recommendation. Through comprehensive experiments on public
Movielens datasets, it demonstrates that the efficiency of DeepHM based on rating recommendation is better
than that of the existing models.

Key words: deep learning; recommendation algorithm ; rating recommendation
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2.1 HiEE

A SC A2 5 vl R CHE 4 S A I U 4 Moviel-
ens 100 K 1 Movielens 1 M. Movielens 100 K %%
P 4242 7% 100 000 A PE 43I 58, — A 9434 H
Xt 168243 H W PF 4, Bi A3 Vo0 ¥ 8 A
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%1 Movielens #1#E #iif

Tab.1 Description of Movielens datasets

Features 100 K 1M
Users 943 6 040
Items 1682 3952

Ratings 100 000 1000 209

Ratings per user 106.4 165.6
Rating per item 59.5 253.09
Rating sparsity/ % 93.7 95.8

2.2 FMMIERS XL E X

S H 4 %R 2% (Mean absolute error, MAE )24
FER G TR bR BRI A MAE &
Al DeepHM BRI PERE . HO TR R BN

1 T
MM&;?EP,RJ (24)

A TR MR B KN, P 58 i A - iy $50
WAy R, FoR 5 i P B S BRPE 4 o

S X L B AL A < A 3 i (Matrix factor-
ization, MF), 3& F 1 H ) P [7] i € (Itemp -based
collaborative filtering, Item-Based), D1 - 3 #f & 45
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M 43 fift 5 75 (Bayes probabilistic matrix factoriza-
tion, BPMF), SVD 83k By S #E kg SVD ™, e 7
AT H PR PR 48JE"33% (Typ-
icality-based collaborative filtering, TyCo), H #Ji&
¥ J5 B 1k (Sell - constructing clustering algorithm,
SCC)™, T %t = FF ] it HL . 75 (Proximal maximum
margin matrix factorization, PMMMFE)"™, F %1 [a] 9
9 43 fift 3L (Double matrix factorization, DMF )M,
38 X A 30 g 85 ALY 3R R %2 > J7 7 (Representa-
tion learning via dual-autoencoder,ReDa)"'", & —
W 2 I TR R 2 I 2% 1Y HfE 7E 5A % (Quadratic
deep neural networks, Q-DNN), Wide and Deep 5
2, 2% 20 P RO OC & 1Y 557 (Learning user depen-
dencies for recommendation, LDUR)"(JH; 5 2 & 3t
TP A, A28 R S RHERE ), A T Bias SVD 4 %
R 7 % HE i 8 1k (Tterative group-based ranking
singular value decomposition, IGRS)", [ iz 7€ 114
)2 A ) g i 45 1% (Hierarchical autoencoder for
collaborative filtering, HACF), Hp [al ¥k M (1 5 4
HL (Collaborative denoising auto-encoders, CDAE),
FE T HETE AR By B X 28 5¢ R 4 BT 15 (Hell trust
singular value decomposition, Hell TrustSVD)®, 5
P AR ok I s T > 1 Ak 8 % 55 % (Local low-rank
matrix approximation, LLRMA)™!, 3 F 3= 81 % {4
% B 3% /R 25 = LA 1 (Hybird item category aware
conditional restricted boltzmann machine based rec-
ommendation, Hybird IC-CRBMF )"**/ 1 3 F 4 4 1
¢ % 7% (Deep conditional matrix completion, DC-
MC)*,
2.3 HENI%SH
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Tab.2 Experimental results of MAE with different rat-

ing recommendation algorithms based on real

number

Algorithm 100 K 1M
MF 0.732 0.700
SVD"™* 0.739 0.698
IGRS 0.718 0.699
SCC 0.733 0.692
BPMF 0.742 0.690
DMF 0.712 0.679
PMMMF 0.723 0.677
TyCo 0.731 0.665
Item-Based 0.724 0.700
LUDR 0.721 0.673

DCMC 0.696 —
ReDa 0.720 0.665
HACF 0.717 0.678
CDAE 0.735 0.691
Hell TrustSVD 0.716 0.665
LLRMA 0.700 0.660
Hybird IC-CRBMF 0.719 0.681
Wide and Deep-1 0.723 0.671
DeepHM 0.683 0.653

R3 ETHENITFAEFEEIURERMAEEX L
Tab.3 Experimental results of MAE with different rat-

ing recommendation algorithms based on classifi-

cation
Algorithm 100 K 1M
Wide 0.725 0.681
DeepWide 0.694 0.657
DNN 0.715 0.662
Wide and Deep-I1 0.706 0.669
Q-DNN 0.696 0.659
DeepHM 0.683 0.653

[ AL 46 g 3 6 ) L A5 At A% G2 R WL A% 2 ~1 O
RIR BE 2 2 L AR L, DeepHM HAT B 47 (4 75

o
3 % o

ARSCEEM T —F T Wide and Deep #1751
B LA 28 0 26 HE ZR TR 2 TR A B8 DeepHM JF 13 H]
TR e o B AT LASE 4 A - B AE B
W ke R SRR P A P A i 4 U2, RIS K40 7 i L
A RUFHEFRE ST o BUAL B VF o3 4 77 1) R 46 Ry
532 0] 0 I o A 4 1 S R . R TR ORI AR
HOKE 7E DeepHM A 356 it 1 7% i H: il T 8 (7 4 77
ROR 4
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