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Abstract

The construction of the user interest model mainly combines the user’s hobby information,
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travel behavior and user profile information, and comprehensively analyzes the user’s interest.
As a key part of personalized information recommendation, user interest model is also an im-
portant part of personalized service. Its quality directly affects the level of personalized infor-
mation recommendation services. In order to improve the quality of user interest modeling,
this paper introduces word vector model and topic model to accurately express user interest,
and proposes a user interest model construction method based on BERT model and LDA topic
model. This method combines the BERT model and the LDA topic model. In the training process,
the model can not only make full use of the context information of the entire data set, but also
use LDA to obtain implicit semantic information, and at the same time extract user interests
through the K-means clustering method. The experimental results show that the combined user
modeling method can effectively solve the problems of sparsity and context dependence of mi-
croblog short texts. Compared with other methods, the quality of the user interest model is im-
proved.
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2.1. BERT #&#

BERT (Bidirectional Encoder Representations from Transformers) [7]%4 & —Ff 5 2 7 H 4R 1E 5 R
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Figure 1. Structure of BERT model
[ 1. BERT 2RI ZEH[E

AT ) SR (I Word2Vee 1 Glove) BoA MRSk i, B TCiA R4 BE AR 2 UL SR e fF
BERT 15 5 A (¥ 5% AL Rl ANXAE T RERS A iein] &, 10 HLRERS AT A B 22 SR (117 . BERT YK
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Figure 2. BERT model output representation
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Figure 3. Schematic diagram of the LDA model
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Figure 4. Process of user interest model construction
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33. EEHEXEITE
sz s — IR X = {X, Xy, %, b A N A (- ty } A 8T LDA AL I Zxdan
TBAE @ {s),s,,++,5¢} - W BERT BRI CA X, Fm BN RE, FRAZLKER &
{v(tl),v(tz),---,v(tN )}, AR NS s, FET h AR, I SRAE R A . RN
HIAL E[14]:
Dii
ti,j :h—J (1)
Z(/’i,k
k=1
Hrb, o FORE AR P § AR AR
T A R v (s, ) > RIDREAEANA] Ay A E AL R 45 SR IEAT 2R VE AL
v(si)zz Lt Jv(t ) O]
THESCRA R V(X ) -

@)

b, ¢ FRILA T
FEF TR (%) RV(s,)» FEARTHILLEE -

v(x)-v(s)
OO = ————— (4)
|V(Xi )|X|V(Si )|
BT RIZFAMETEEE-1, 1], Fredd 24 33— 20[o, 11, B
distance(v(x),v(s;)) = 0.5+0.5+cos6 (5)

3.4. ETF K-means BHEEZRI A P BRE

T X S A A A T AT SCAS T ) T R IR TSR k AN (cluster), B PSR (KSR a) RS AL A
TR HEAR B K A, K-means ZEREEINE L 1 ik

Bk 1 K-means BEHE

BN BIHH K, SORFERIR
fnth: k MEREEES CL={cl,cl,,--cl}

1) & DT ={dt, dt,,---,dt, } HCARFERHRES, MO m;
2) TE5EREH ks

3)for i in range(0,m+1):
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center,,, = —1/IFIGAIR O 1
for j in range(0,k+1):
v(dt,)-v(center;)
B |v(centerj )| v(center, )|
FRE TN CAEBAENE ] DM EEN R E
if sim(v(dti ).v(center, )) >sim :
sim_ = sim(v(dti ).v(center, )) 11K 6 B AR PR A 45 sim,,
center,, = center, /55 j NI LX RIRAE 45 center,
add dt to cl
for j in range(0,k+1):
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|Nj| i-0
4) EEBIRAB), HEIEKc,cl, ol AR,
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4. SCIGEER R o H
4.1. LHHER SLIRIAEE

NISUEA T 7% BERT_LDA B R, A5 A58 FH IR R = 8 TR Ak 1 () B B ok A o s e 258, 3k
— IR P OGBS VE A U . U P B BRI AR TR, PR R, DA PR AR R
BUFIARZS LS B BT HURE AL T I% JS, SR 5043 44 H F1 (1) 115,736 &Il s B N sSie B 45, B
HLIEEL 100 44 F 7 1) 10,245 205 SAE NIAREE . 7EEAT EAERT, A LB BARIAT i . 24
T S TAL B R A

AR Pycharm & Python 4ifith T FIEAG =5 ¥ AP EU{E THE ZE (L% 5 STHE 3Lk T BB AR RS (1)
W5, AHELRE) I R B & AT S BT EE TR . AR SIS AR IR R B R 1 TR

Table 1. Experimental environment settings
1 XBRERE

TiH 285
GPU Nvidia Geforce GTX 1050
W 16GB
fifi 2 1TB
EX Windows10 64
Python 3.6
TensorFlow 1.7

4.2. SEWEERIHR

4.2.1. WA IBER
FH P %R R 2 7 10k FH IR FR R T AG 732572 F B (F-score) 4 ] % (Recall) FI7E: i % (Precision) . 7E
Iy, SAE S0k 2 BE 2 (Positive) A1 7125 (Negative), B> LA 41 DU 2 H B0 -
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1) HIEZ(True Positive, TP)2& 8 JRRFEACNIESSET, #F0MIA IE2,
2) fB 135 (False Negative, FN) & Fi8 JFAE AN IESEH, Bl 0004 6126 .
3) fERIE(False Positive, FP)/ 48 JEFE Ay LI, B iy 1E 2K

4) FA1Z(True Negative, TN)S&F5 FRFEA Y 71280, F0 N 67125

BARA IR
1) #EMR
TR R R T HE TE A ) IEREAS S S S0 TE AR A HR i SN L, 18 P, Ht AR an(6) B
TP
= ©)
2) AlHl%
B R R R TR b T IEM AR S B AR 2 LE, e R, HAE AR @) is:
TP
R= TP En 0
3)F {4
F {2 AT B 255 PEAN R bR AR, AR 4B R A B R AT E S . F BT E A @) fis:
2%P=*R
PR ®)
422, RO

N T BE BERT_LDA JiikiA 2, 7 nlfi A B 4E i) BERT_LDA J7i 55T ) & 2 [ A Y
(VSM) I = X8RS 7 VA [15]F0 6T LDA =@ Y[R F 2 MR R B 772 [16]33E 4T SEBR 0T P . i K
B E R 50, B=0.75, IS o RHEFEE K BATHIIA, A AR & P 0BT SCA R IZ: LDA
A BERT SRAEHUE 7E 1 @A a5, SEIe L R WK 5 Bs.
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Figure 5. Experimental results of different subject numbers
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AN, PAF AR RUR, AT LATE MG R [ AN O F SRR AT R IR . MR SE I
RS, e RAENEEAN . NRPTLIERIWE 1, F EMEAE SN BEN, RIEE
FEANKON 15 B, F {EIE B .

BT FRoadr, AT PRI AR B 0 R SR A R, I AN O 15, B E R
Bk e BAEECN 18, %F VSM. LDA 1 BERT_LDA #4TERHKHr, W#k 2 fis.

Table 2. Model comparison results
Fz 2. HERIFEELER

A HER R (P) HIEZE(R) F

VSM 0.2981 0.0994 0.1921

LDA 0.4026 0.2481 0.2168
BERT_LDA 0.6472 0.3334 0.2620

% 2 /R T VSM. LDA K BERT_LDA [sEIRxtbbah R, & 2 afLEH, P RH F A —EN
PeTt. SRt LL A R, WATATLURIL, =M P OGEREE A FAE R IVRERE . TR K
#i TF (1 550) A1 IDF (U SCRYAIZR) BEAT AT, VSM BT M RE T LDA B RELM 2, FEERNE
ATAS B0 X 1R THUAR B A7 AE BOAE SUE BAE AR LRI, B P %R 32 RS SR HUE REFRAR, S XS0k |k
TYXWEREESE, B ERRERME. DL LDA NXTHL, AT I ELE P D0 3 SR - F BRI R
W, HARESIRBUTIERC NG E .

I =FONESRIR A R R, R 2 aTRUR H, ARFEJFIEANT VSM AR, ] AT AF R EUR 2
MBS, FEAWHERIRT:. AT LDA FEER, F & T LDA FEHEA ., 5T VSM
BUFNJET LDA LA P OB A 7 VE IR A 1R I b i SCIR DGR AR A vl R, R AN . T
AT VERE AR I A2 SO HE SUE R, RAN 72T LDA FREAL VLA 2, AT IE B A 25 5
A RN, T MR — Rl P OSBRI A ROTE, B3R TSR U P OGS S HERR I .

3 IR T 5 AN F RS MEER Sy A B FER Y 10 NENE

Table 3. Mining results of user interest topics

3. APMEEIIZEER

Topicl Topic2 Topic3 Topic4 Topic5
{3 /%5/0.0042 5 52/0.0532 HKF-10.0763 2 $4/0.0037 AFFi#/0.0653
9717/0.0039 P4x/0.0162 BH 5£/0.0457 T #+/0.0034 B 75 7710.0823
173%/0.0032 1 #4/0.0324 7#1/£/0.0356 I 24 % /0.0259 #(51/0.0836
5 7=10.0031 FA14/0.0053 ME#1/0.0593 i 1+/0.0643 #h>13E/0.0468
H4%/0.0034 #5/5/0.0081 EL3%/0.0427 #19/0.0368 /IN2£10.0325
55 4#110.0037 71t/0.0039 %5 2110.0323 A\ [¥#/0.0056 % $:/0.0563
N F£/0.0029 154¢/0.0024 H N\ 75/0.0621 F010.0734 #110.0219
_F-¥3k/0.0030 $:#10.0021 % J1/0.0623 323%10.0076 #14i/0.0579
M #:/0.0025 PM2.5/0.0114 15 15:/0.0642 45100731 #1'%2/0.0429
£:35710.0019 J65/0.0041 T4 £/0.5378 $71J1£/0.0569 H1%/0.0376

DOI: 10.12677/airr.2022.114043 426 PNER ST IR YN


https://doi.org/10.12677/airr.2022.114043

T, SET) 5

M 3 H AT DA A1 B AN 15 R, a0, Topics WL & B OCER N “ AFFIR” « “HhTBE”
“HE” S, NPT DUR B RS Topich 318 12 FREBOE 75 TH 1 i) .

FHP R R S B AR L 5 T AR i AT AT O, R, B R P X L T S RGO B . % 4
JE&R T 853 FLP IO B ) L

Table 4. User-topic distribution
F4 BP-EENH

M1 7:0.1369 2:0.1221 22:0.0852 18:0.0803 30:0.0758
2 3:0.4193 13:0.0863 20:0.0645 9:0.0617 46:0.0524
HFP3 8:0.1250 2:0.1072 18:0.0893 43:0.0869 31:0.0723
iRk 12:0.1410 3:0.1025 11:0.0897 26:0.0892 45:0.0618
M5 19:0.1704 26:0.1131 4:0.0743 11:0.0862 13:0.0640
M6 47:0.1481 37:0.0945 2:0.0921 1:0.0819 25:0.0581
L E Dl 2:0.1279 31:0.1263 17:0.1046 27:0.0937 6:0.0798
M8 34:0.2823 18:0.0758 14:0.0722 48:0.0795 23:0.0587

A ORI, PNk 8 AN, REHUH T HUBUBOG R 5 A, R
R A B fh S A R MR AT, AR TR, P 2 BOGER) A HE Topic3.
Topicl3. Topic20. Topic9 Al Topicd6, MRHEIXLL(F B w] L FH P AT i IS, 35 B FH P 58 4 5 HY
JIT i A

5. &R iB

AFHEH T — P THA R LDA TR K X B A i, AR SR RE R, #5 LDA X
AT AL BERT BEARFEARER |- ST LRI SUMSRHE ERIOLSS, KA Sk, MR By A Rtz i
P S BRR LR S o SRIREERRW], TSR ISEEITA PRI T VSM AT LDA ERIER, 473032
R PGB RE . BTIR I S S I 2 T A KR A AR S L B, DOR T AR A5 B AT
NRTFERAGE 1. R, TR TINFIREE, 258 AT 9E B SR, Axidzys 2%
M, SEBAMEAL LS SR .

E&WmE

B F 2Rl 54 5B I H (19BXW110); #R A Lok R0 H (FI2017B073); ) PhRHS e
B BHITF 3 42 0 H (GXKS2022QN018) .
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