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Abstract  Currently, most recommender techniques use user ratings to infer user preferences.
Collaborative filtering techniques perform well when there is sufficient rating information. However,

their effectiveness is limited because of the rating sparsity problem, or the difficulty in letting
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users express their preferences as scalar ratings on items. Content-based recommender methods
rely instead on the content representations of items to locate items that have similar content to
items the target user liked. However, these methods are still inadequate and its recommendation
effect is limited, especially when the target user has little historical data. At present, it is a recent
development trend to do personalized recommendation through fusing multi-view of interest
preferences to build the hybrid recommendation model, which usually makes personalized recom-
mendation with user-item interaction ratings, implicit feedback and auxiliary information in hybrid
recommendation system. In this paper, a novel hybrid recommendation algorithm is proposed
that based on deep sentiment analysis of user reviews and multi-view collaborative fusion. For
these problems that it is difficult to analyze user reviews’ sentiment and items content’ semantics,
and a single view of the recommended model lead to user profile is extensive, we use Word2vec to
characterize the short texts of user reviews and combine long short-term memory networks to
realize the sentiment analysis of the user review on the context semantic level. At the same time,
a sentiment fusion method based on opinion pre-filtering and user rating embedding is proposed,
and an embedded network structure is designed for deep semantic analysis and sentiment calculation
of user’s review. The proposed method will solve the problem that there is a great deviation
between the user’s rating and real interest preference, and also solve the extreme imbalance
problem of the user rating distribution. In addition, we use the distributed vector representation
of paragraph to characterize the short text of the item’s text description, so as to realize the
similarity calculation of the item”s content. We design a method to measure the similarity of
candidate items and calculate K nearest neighbor items, which solves the problem that the item’s
content information is not easy to mine and use in recommendation system. Finally, a fusion
method of recommendation view based on collaborative training is proposed, which integrates
user ratings, sentiment preferences and item’s content information. It can fill and modify the
sparse user ratings matrix, and then realize recommendation based on ratings prediction. It solves
the problem that multi-recommendation views with different interests and preferences are difficult
to fuse in hybrid recommendation system, and solves the problem of lack of sufficient labeled data
for modeling in a certain degree. We conduct the experiments on Amazon product dataset, and
compare our algorithm with a variety of classic and state-of-the-art recommendation algorithms.
Specially, the results are evaluated in Mean Squared Error, Hit Radio, and Normalized Discounted
Cumulative Gain. The experiment result shows that the algorithm proposed in this paper has a
significant effect in mining user’s sentiment. On the ten recommended datasets, our algorithm
has also a significant improvement in the accuracy of the score prediction and TopN performance

of the recommendation system in different degrees.

Keywords hybrid recommendation; distributed representation; sentiment analysis; collaborative

training; scoring matrix
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PR I N CAR U 45 25 P38 A Y Positive (AR 4
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rA . Sy 7 N AR TE RO 1 AR L A S
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s A Negative B FEA S, DLE N TohR 1
KX

A CH B Scikit-Learn HL#§ 22 3 JE #8155 84y
KA, BB Scikit-Learn FP 2L SVM B ik AE Ry
ROy R AE SVM BE A, BE HAZ ek 800 &
¥ (kernel = “rbf”), 15 2 #1814 - 24 o 5 28
81.9%. [F B}, 4~ 3 3% B TensorFlow + Keras /£ K
WREEE I HESR 73 SR 5 T LSTM [ 15 & 43 2 5
RUFIEE T LSTM (% J 5 PE 434k A 5 25 19 17 i 40 26
BERL, AR VP8 SCAS v BR] 14 43 A ) £ 487 5 T A1
gensim Xf Amazon £ % F BT A 118 SCA 31T
I AT A5 3 338 SCAS H 53] 79 30 0] 5 R 7
epochs=20 W] 15 B 155 R 1 5 i 7 25 HE B8 % 53 5
91. 6 76 91. 805, 1F I 7 JEAE TR ¥ X L 52 6 45 2
2 .

K2 BROLEWERE

5 1853 2 05 vk IR 1 I T/ %
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#& 1 Amazon product data #i£ SVM J Negative 31,3
LIS % H Average 81.9
PEIE %K 34686770 Positive 92.2
P A% 6643669 LSTM J7 ¥ Negative 91.0
L/ F R 2441053 Average 91.6
PEIE >50 £ 89 H P A5 56772 Positive 92.6
5 AV 1 0 o 82 LSTM 77 3% Negative 91.0
I i s 1995. 07~2013. 03 GFIr A Average 018

TEHE TP PEIE 9 R SCAS 15 8 A4 15 S 70 A6 7
AR ORI IR RS 3% rp 0 HE 1 30X — J32 4 48 AR 4
I LB AT VAL TR A A B v R I HE
17 ARG 2 M1V A 48 B 2 07 ik 22 MSE (Means-
Squared Error). {7 M4 B9 FH 7w FIH) A 7

M 2 S T LA LA E SVM B, R
FI LSTM Il 25 11 15 Jak 43 28 A5 AL, JH ofe offy 2 45 391 3
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PRI SCA I R AU AR 26 8 K P B a2 48 & 1
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g BT T b R R LSTM 2 1] 4545 3] 1) 7 ek
I3 FERERI PR RE » FATT AL T A ) 2 A U8 A A
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0.94
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0.881 |
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- - k- - LSTMETA
—O— LSTMBEEGERRN)
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TEE 7 BT LSTM Fl Word2vec 18 8 ZE 4
LERONA A L e R ISRV E PSR PO RV E IS
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HE T LA 24 epochs=20 B A AT T3 B
TR Rk B i e 0 91, 8 %0, Bl AR U B iy itk — 2
BT BEAL R R AE 90 %0 LA B R AR R L X R B AR
BRI REE N P45 HLIRUAS 1800 19 7 2R T 6.

4.3 EEFWMNEW
4.3.1 Xk

TEA SCH S b, B I T 6 Fh A 28 B A0 HE 77
Sk HR T 4 R B R I MSE MRk
FEBR AE A SO 1) HRSM 5306 i % b O 1255 J5
2 MifERE L E BT TopN 7 . FI R Al A 3C
HRSM FvEAEHERE J5 T A PR RE. 31X 6 b X L 4757 55
VRN R T

(1) TtemKNN J53:1 3% 07 B4 B 2590 it 43 1%
A T2 IR T A A 28 501 1 O 3898 43 1 Sy B 1k 1 T
WPF53 5

(2) MF %3 (Matrix Factorization)™*, %7 %
ST — TR AR 20 A SR X T - T VR 43 I
A5 53 kA5 3 — > 1 P 6 o I R — 1> 00 o o)
et AR DT S0 D 9 0 R I v Bk 2R A V4 5

(3) SVD++J L %07 1 — b ek 1Y Ay
SHE SR (SVDY AR 78 SVD iy fli b 51 AR
U5t A FH P 6% i sk i) S R P g B O dk A
VE B B 240

(4) HFT & 3 (Hidden Factors and Hidden
Topics)™* . 38 2 XF P PF 43 1 P i ag i A7k
B AR T IR Y 3 80 A A P ) v A
EEINE AR

(5) DMF %% (Deep Matrix Factorization)™*?.
F IV 53 0 B 552 458 4 2t T 7 9 20 6 B o AR Oy
BN S R T R B A 22 0 458 P A0 4 i e 55 )
e [ 05 4t 5 7]

(6) NCF# #: (Neural Collaborative Filtering)™*.
— I T P[] e A P AR AL P R O T R AE
Ry A 25 D00 28 AE SR L ] 22 22 IR BIL i R 24 20 R P-4
v [ ) 52 H..

4.3.2  PIFHE IO J7 1) MSE PEREXS L

T SE B VA 5 e AR S S Rl
B AR SCBOHE TR 5 B T 0 T U ) R A
FET P PE o i AR T 5. 7 A5 T Y vk
W «=0. 7 W HEF B BLIRAG T i AEROR. A HIA SC
A HEF R AL, 7F Amazon product data A 10 4>
s 4R A5 20 0 U PE 3 45 R Sk 3 R,

£3 ETAMBRESHEMNTELWNE R MSE B

GRS W T 8y vk PR A JT
Automotive 1.313 1. 305
Baby 1. 435 1.514
Beauty 1. 373 1. 341
Electronics 1. 287 1. 357
Home and Kitchen 1. 132 1. 156
Kindle Store 1.513 1. 536
Musical Instruments 1.272 1. 157
Office Products 1.312 1. 336
Pet Supplies 1. 598 1.672
Sports and Outdoors 0. 966 1.015
Average 1. 320 1. 339

I 3 P SEI R R R R TR R R
AL ABIA SCHE ) HRSM 83095 o 43 21 1 52
B2k R R, W AT L R EORE
BE W0 T U8 1 07 R A R i A T AR
SC T R S50 781 B4 B bR P B i 0L T
SURI R
4.3.3  BEALEYE A T 45

FEHEFESE L B 52 B PA Tl TSR A 0 3743 5
FLSLPF4r 07 J5 iR 25 MSE 1R V7 45 b oK M 5 4%
Tl 2 530 5 1) S IR AR . AEAH A1 1) Amazon product
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data I .33 F]H TtemKNN %35 \MF #3:  SVD++
FE VHFET 89k DL S A SC 2 i HRSM 5 647
PO S AR A SO i HRSM B33 v, 52 8 AR
BAAEG RN S «=0.6,K=160. I AN EA T
HRSM B o, SR FHW A5 103t 8 7 v B 28 6 VT 0 45
BN FIH B R — P HER AL SRR R E N A
PRGN 280 A Ui ] MyMediaLite #fE77 & 48
JENT SR RS TtemKNN 3k \MF #35  SVD++ %
20 S 25 A I O S B 4 Y IR AR R AR

HET 5L p 45 8. 18 MF B, 808 num_ fac-
tors=20, bias_reg=0.25,reg_u=0.4,reg_i=1.2,
frequency_regularization = true, learn_rate=0.03,
num_iter =80, bold_driver = true. 1 SVD-++ & &
F1, &% B num_factors = 10, regularization = 0.1,
bias_reg =20.005, bias_Llearn_rate=10. 007, learn_
rate=0. 01, num_iter=>50. 7EMRX4E 15 2| H) MSE
TR 4 FR.

R4 EFHEIMNTSMNER (MSE B

Kt 45 ItemKNN # i MF 5% SVD++5 %k HFT 5% HRSM 5 3
Automotive 1. 548 1. 601 1. 572 1. 419 1. 313
Baby 1. 605 1. 654 1.627 1. 549 1. 435
Beauty 1.612 1. 687 1.616 1. 373 1.407
Electronics 1. 644 1. 688 1. 661 1. 659 1. 487
Home and Kitchen 1. 635 1. 705 1.673 1.533 1.432
Kindle Store 1. 482 1. 502 1. 436 1. 341 1.373
Musical Instruments 1. 404 1. 454 1. 455 1. 412 1.272
Office Products 1. 676 1. 787 1. 754 1.617 1.412
Pet Supplies 1. 679 1. 705 1. 671 1. 682 1. 699
Sports and Outdoors 1.321 1. 357 1. 331 1.118 0. 966
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S5l D A B A o A O B AT AT

2B X2 4 R SR BE J3 Ar s R BAE Amazon
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f HRSM B3k Al 8 H B 4 Fh 8y 28 iy 3006 1
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AR W 35 (HF T 48 F+ 1 7. 4700 1 7. 36 %45
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HRSM 8 7% 40 b B 4 19 3 3% (TtemKNN) 2 7 T
9.55 0 1 9. 400 s BIF 58 K 3% W0 26900 it A 8 Y
M P PR AE B TER AL 5] A X 203 =05 B RE A A%
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HRSM H A L fe b i 582 (HED 3 FH T 6. 592,

12.68% #11 13. 6020 ; WF 3¢ & W 7€ 5 F 9 4 245 4
B EAE P IRE R A TR E RS
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Supplies |+, HRSM %8 A L & 47 09 55 3% o0 0 A
2.48%0.2. 3920\ 1. 190 W BEAIR. 43 BT 2 W] 7E Beauty,
Kindle Store fl1 Pet Supplies X = /™% #i5 % F,
HRSM 85 () %R #4E t MF 53k 247 (A A T
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user reach is extensive,

In this paper, we focus on the following issues: (1) study
the distributed representation of the short text based on the
paragraph vector, and realize the sentiment analysis of the
user review on the context semantic level. The proposed
method will solve the problem that there is a great deviation
between the user’s rating and real interest preference, and
also solve the extreme imbalance problem of the user rating
distribution; (2) study the similarity calculation method of
short text based on word embedding and paragraph vector,
and study the fusion method of recommendation view based
on collaborative training. The proposed method will address
the challenge of similarity calculation of item contents, and
solve the problem of the lack of sufficient labeled data for
modeling. We study recommendation on the basis of user’s
behavior analysis, which will focus on sentiment mining and
deep semantic analysis of the text information, and will
consequentially achieve the integration of multi-recommended
views and the personalized needs of users.
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