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“user items” for user recommendation. Different user characteristics directly lead to different user first foundations.
However, collaborative filtering algorithms for model purposes only consider the analysis and extraction of key
factors that affect item characteristics, but not the important factors that affect user characteristics. This type of
traditional model often initializes the user’ s latent feature vector randomly and assigns an assumed normal
distribution, resulting in no data changes in these models that can have a direct impact on the results of the user’s
potential feature modeling. In addition, the user-based recommendation system model directly uses the user’s com-
ments and ratings as user characteristics. The reference methods of these data in the traditional recommendation
system and the data itself are not enough to support the acquisition of the essential characteristics of users. The
approximation of these features also cannot meet the needs of personalized recommendation. Aiming at the
problems of existing recommendation algorithms that there is no analysis to extract the essential features of users
and the insufficient extraction of essential features of items, and the recommendation results are difficult to reflect
the user’ s personality, a recommendation model that integrates personality features is proposed. Firstly, according to
the non-structure of users in the recommendation platform, the review text information is transformed, the persona-
lity characteristics are used as the direct influencing factors of the user characteristics, a neural network model is
designed to calculate the BIG FIVE personality score of the review user, and the personality score is vectorized as
the user characteristics; then the item characteristics are obtained through the project review text information. This
paper designs a collaborative learning framework for personality perception, and defines a loss function to obtain
the feature vectors of users and items. Finally, target users are recommended based on the results of user and item
characterization. A comprehensive experimental verification is carried out on 3 datasets. The results show that the
algorithm outperforms the comparison algorithms in terms of prediction accuracy, F1 value, AUC index, etc.
Through personality modeling, it can recommend items that are more in line with users’ preferences.
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[J)— AN FH P 0 I A VI8 38 o 12 0 42 I 2% 25 AT i 0
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Iception 158 B B, B I it X 2% 4115 T 4 1~ CNN
FEHL AT — AN A AL B (MaxPooling) , — 4~ 2% 5k J2 Fll—
MeERZE, Kb PRI HAEHE,
S —J2 530 100K/ TFIR/N A 5 1Y 4 B %
# (Conv) o N — 1B HZZ L&A IE N2
(batch nomalization) DL f2 — /> ReLU & % 34 i 2
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INA 3RS A B R AR S0 AN KN R S B B AL
o H M EREN PRI RE N1, ZFHXS
BB AT RRAEHE A B A 12 2 AR B H U B e
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Fig.3 CNN-based document encoder
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4. end for

S5.for j<m do
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7. end for

8. repeat

9. for i<n do

10. AR C10) TR w,

11.  end for

12.  for j<m do

13 ARAE (1) B 0,

14.  end for

15.  repeat

16. for j<m do
17. 4 (12) T w
18. end for

19.  until convergence

20. until 245

Bk P B 1~e X H ] P #E AT AR
fik o 2 J5 MR G A4 2R R T frg /M K R BU(EL Y 5
A, BB H K PR R de 2 e T
(10 I 4 2 I

FH P 8 fe 2 T 3 W] 7R 2

 ~E[rluv,0|=uv,=(P +&) BERTW.x)+z) (13)

3 S

Shy 65 UE A 0 A A 1R P e o T A R
PEBE , A% SO A A 0 4SS A0 3R A5 4 T A
53256 P PE4r BT e £ (4 Per-BERT MF 45
T A B P Qi 2 T e SH o e e R A T T
3.0 P EIE R U

AR SR P B 3h £ 45 4R 2% Per-BERT MF A5 A1
1) P43 5 SEBRIE 2 15 22 ERR R (F1{H . AUC (area
under curve) PR REFR AR AT IEAL S50 UFE . A SO



LB % BA MBIFERBMREERR

259

(149 3 A By e A48 4R |, 4 i) T A AR 4 4R F 2 R R
Bodn e LR o T REESE . SR A0 Fisk 220 B
XX 3 A E s AR AT 58— PR FE - (1) M55 45 FH 1) LA
Ko B BRI T 0.5 B B ] 5 (2) TR A IR 11 tf-
idf(term frequency-inverse document frequency) 4344 ,
I 1 B v HE 44 55 = A9 20 000 > B R R R IR 2
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TFUNER 1 7R L 33X 3 A B 46 25 A 5 A i X a4
DRk e S NIRNSE & RURGE AN SR AN DR i R i
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ZAH G, H R A A AR s AR T H B b (R 44
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Bt 5 b BT H SR 1.6 44 ] P 6 HE AT
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O H AT PR

£1 BARBEAG L

Table 1  Statistics of datasets
pAEITE S Hrgcs miHSE e soE
Amazon-Video Games 24 303 10 672 231577
Amazon-Movie& TV 20 733 2586 386 475
Amazon-Tools Improvement 16 638 10217 134 345

I3 b HERE ARV 2, 225 SCER[22] 0 0, i 3o
S, WE B HEN 0.2, 2% 3 R E K 0.001, HE 40 B
RT3 7128,

S A7 A R PR BE N - 4 % Intel® Xeon® E3-
1225CPU, 3.8 GHz £4ii, 16 GB 17 , GTX2070super
AR PCEHL, LB AT M PAEEN : Windows 10
PefE &40, TensorFlow2.4, Pytorch1.8, Python3.8.2
3.2 JELBIR

SRy 36 TEASE AR (8 A RO AR SO T\ Rl Bk
5 Per-BERT MF A7 X} HE .

(1) PMF (H8E 28 50 B 43 fiff ) & — Pl s o 19 1 43 Tl
DUABE Y e 3 ABE 23R ABE TR0 T P P VR A R AIE o b B AR
i H AN 0 | o] FH P SR AL 45 R RO AT

(2) SVD++ A% 48 1) 25 Sl 43 i B AU kAT 1 4
& AE AT S 0 B R SRR R T — 410 H RE
E AT I AR RU P R4 7 A

(3) ConvMF (45 FAME 5 B 43 ff% ) CNN (51
PR 2% ) B2 B E) PMF . R S0 25 S 3R B, Bl
TEPESCEAR A s S L T, ConvMF A5 i 40 T
H A fe So ik A AR

(4)DeepCoNN (T B 4 B 73 fif ) Ut 17—~ A
PR SCAR e ] 27 2] 350 H Ja P R0 R P AT A B TR A
% A5 R A 45 S~ DeepCoNN (deep cooperative
neural networks) , 7£ JLANFEMEEH 4F L iE AT 19 SE 0 IE
W T B A 5t

(5) NARRE (neural attentional rating regression
with review-level explanations ) 1% % F1| ] F 73 & J1 #L
i A B PP AL, SER TR IR R AL T
TR B FEUERLT ) K DeepMF 45 fift 25 ] 5 f A1

(6) TARMF™"f52 £ fifi ] — A~ 5T | 1 2 1 LI
49 R[] 3 T A 2 I 24, DT 8 A v 43 i e
FARIIH [ SCASRRAE , AR B 4 fige A5E 784 v il B 7
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HAHA 2 e ARG BRIV S3 T

(7) ANR (aspect-based neural recommender) "2
EEY RS AR A S50 2% 1) T 1Y) B R R T
[ & 13 19 J5 ¥ (co-attention) , A LA [R] B DG 3 FH P Ay
rits 22 1] ) AR B DG R

(8) CARL (context- aware neural model to learn
user-item representations ) " i | —F il & L F SO0
1) Pf 28 D) 2 ABE R0 T P P g 3 E P43
3.3 MR
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Horp, T F 3R IEREA S AR RO, rank,,, F1

SRR BINMERIOHET, ), rank,, FORIERE
ins, € positiveclass

ATMHEF Z . AUC BT 5 B AR L5 S
Precision .Recall . F1 B)AZCANT
TP

Precision = TP+ FP (16)
___ TP

Recall—iTP+FN (17)

Fl= 2 X Precision X Recall (18)

Precision + Recall

Horpr, TP R IEREAR I R 1E , TN Rt
FEA BT 10000 A 10, PP 3278 FE 4 RE AR 5 152 1l T Sy
1E, FN BRI IEREAGE DR M 500 R 11 . Precision X
F 1B R 150 BH 235 S BRE 1
34 HRnM

A SCHR ) Per-BERT MF #5780 Kz Al %o 1 A5 750
TE TG BE 4 LT A s 0 0 5 B S H iR 25
F2 iR, 78 B 5 A B MSE {H R4 AR 9 .
F2 S EG 45 5 R, Per-BERT MF A5 BU7E T A 0045
R FRIBIL T HABXT LA,

2 HPEAE Amazon ZH 4 G MSE {4

Table 2  MSE of each model on Amazon datasets

Model Amazon- Amazon-  Amazon-Tools

Video Games  Movie&TV  Improvement
PMF 1.297 1.292 1.564
SVD++ 1.428 1.447 1.434
ConvMF 1.084 1.062 1.388
DeepCoNN 1.238 1.390 1.298
NARRE 0.984 0.997 1.134
TARMF 1.043 0.911 1.210
ANR 1.292 1.112 1.430
CARL 1.065 0.831 1.352
Per-BERT MF 0.943 0.812 0.985

FR2LERFRMW B PR By O A B (40
ConvMF .NARRE ,TARMF Per-BERT MF 4§ ) 71 4%
BT AR R A A A A B A A (
PMF .SVD++) . S5 IR 51T H G RN
TouI AR Y B i A DR 2R R L AR B felE A 434 SR
ST (g AR 22y 1 I o i, R4S T )
AR PRREEAE TR R H R IE

LYK, AT TR B 2 ) B R e i Al vp | fifi
attention ( [ 7 &% J7 ) AL #E 47 FRAE 42 Ay A5 AL (4
TARMEF Per-BERT MF %5 ) 75 Tl 45 5 I i) £ I 1L
F A attention ML 144 A (411 ConvMF 46 ) o 4

L 55 (i H 1) 4% (bag-of-word ) A5 7 i7F 77 457 iF £ B Y A5
A, attention HLT B $2 B FRAE XS EF SCfF B AT T
RGOS o DT AR £ BRURR AR ] T 9F 23 F0i0 14 55 49
TS T LS5

N3 2 7R , Per-BERT MF £ 5 75 3 ¥ dfa 48 |-
) BN T Al X LAY, Per-BERT 37 — > H
PSR B U PR (E B b i B IE , IF
AL ARSI Y o D RS AT 20 5] TR R A5
A BT RIS R R

T3 M FAMIGE IR LRI, A SO T LA AE
Amazon-Video Games M Amazon-Movie& TV % i 4
R R BB T A O $E B AR SCHRE R Y
5L 6% T T P PE 4 MERR ZR 2 A 1) P HERE R DT
M A HEIT R A R RN, RS BN
Per-BERT MF 5 #1 #£ Amazon-Tools Improvement [~
AR R B I T ANRBERL, {8 T Bk ANR Z Ak i
AR, 32 % )5 A J& Amazon-Tools Improvement %{
it 5 N P TR Bl BT Ae - 3 B0 A F A R
PEAE 7R SCHE H AR B AR5 P IR B .

#:3 Amazon-Video Games 85 4 I $5 b5 % Lk

Table 3 Index comparison on Amazon-Video Games dataset

Model AUC Precision Fl1
PMF 0.728 0.739 0.693
SVD++ 0.822 0.868 0.807
ConvMF 0.842 0.720 0.696
DeepCoNN 0.903 0.719 0.823
NARRE 0.897 0.840 0.841
TARMF 0.910 0.931 0.877
ANR 0.904 0.805 0.844
CARL 0.743 0.692 0.710
Per-BERT MF 0.940 0.901 0.937

#4 Amazon-Movie& TV ¥ 4 0435 b5 &) L

Table 4 Index comparison on Amazon-Movie& TV dataset

Model AUC Precision F1
PMF 0.830 0.809 0.799
SVD++ 0.831 0.810 0.803
ConvMF 0.821 0.753 0.720
DeepCoNN 0.808 0.763 0.793
NARRE 0.821 0.864 0.800
TARMF 0.872 0.873 0.808
ANR 0.892 0.901 0.877
CARL 0.743 0.692 0.710
Per-BERT MF 0.882 0.893 0.833
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#5 Amazon-Tools Improvement Z{H5 5 b4 H5 bt bk

Table 5 Index comparison on Amazon-Tools Improvement

Model AUC Precision F1
PMF 0.732 0.767 0.674
SVD++ 0.700 0.671 0.710
ConvMF 0.774 0.720 0.603
DeepCoNN 0.720 0.787 0.647
NARRE 0.820 0.794 0.811
TARMF 0.892 0.875 0.877
ANR 0.909 0.830 0.803
CARL 0.796 0.729 0.756
Per-BERT MF 0.910 0.921 0.873

4 ZigHER

ARSCER T — BT 9 HE 7745 Per-BERT MF , i%
B e TP BORFIE RS B B T SR Rk
ARTRLE o[RBT T — AT B Per-NN i 22 [ 25 1] T
MR 52 BT B9 AR RRAE AT 23, IR A
RRAEAT 204 S TP B RS AIE 22 78 4 BB 3R 7 figp A58 221
PMEF Hf, [R] i fif FH BERT $2 BT X T H P18 SCAS 1Y
ERSCEE . BZAR U R AT R AE AT P
SYTIN . SE 25 R K W] Per-BERT MF #2 UM: B AR T
FAb AT BOHMEA AL . R — 2P AT A 32 B 48
DUAE TR AT H Rk $2 O 3K
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