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Abstract

Based on the emotional analysis of the text, this paper takes Yelp data set as an example to eva-
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luate it. The rating prediction of Yelp reviews can be made in many ways, such as sentiment analy-
sis and five-star rating classification. In this paper, we will predict the rating of restaurants based
on the review text. After analyzing the distribution of the original data, a balanced training sub-data
set is first created, then the data set is segmented and features are extracted. At the same time, two
machine learning methods, naive Bayes and Logistic regression, and three deep learning models
based on transformer, BERT, DistilBERT and RoBERTa, are applied to evaluate and compare. The
results are given from two aspects: training time and training effect, which provides practical ba-
sis for readers to choose.
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3. HEEmALE
3.1. BUEEHR

Yelp /&AL 2004 SE I K AR 2 —, BIERMART SIS, SRt T — Ml EdE 4,
Bl Yelp FFCEHE£E[9], BEEE T RKRERT TN EHE, & — NEA NN BE AR bR EL R4 .
1E Yelp FFEHEE R ZAMESH, FETA TS R IN AT AES e — AN A HE BT 5, XME
K UMEIER— N2 R, RN SCAREE(PER), s Tl i 28(1~5 BiR). ZHdREaR kA
10 /N RARTHUIX /) 209,393 FK Ak 8,021,122 26 7Fi, IXLLHHE LA JSON U A BT 4, BIERH
K PR AR S5 B A0 HH 2 K3 RS £ .

32. BiEEE

3.2.1 BIEFHIESE

N 3RAS S HER B PP TN, AR SR RS AR T 2R R 1 A o A business.json H13REL T 52,268
MNEITIHFEZ 1D, M review.json F13KEL T 4,724,471 2P . S0 EIRFEAINE 1 Fin. I, SAPF
PR VPSBORIFAASE, MR A 1 A 2 fios. T LURIL, ol T rE, A
67.94% 1T 2 4 BA 5 B XFA T 1) A AE[10]H 43 3] T IR IE .

Table 1. Example of Yelp Dataset
% 1. Yelp HiEE RG]

text stars
If you decide to eat here, just be aware it is... 3
Family diner. Had the buffet. Eclectic assortm... 3
Wow! Yummy, different, delicious. Our favo... 5
Cute interior and owner (?) gave us tour of up... 4
I am a long term frequent customer of this est... 1
04 4
0.3 4
S
5
~ 0.2
) _l l
00 - .
1 2 3 4 5
Stars

Figure 1. Rating Distribution of Yelp Dataset
1. Yelp BEEITFR S
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Table 2. Distribution of Yelp Dataset
2. Yelp BUREN

stars PaTe di bk
5 2079441 44.01%
4 1130251 23.92%
3 543108 11.50%
2 404486 8.56%
1 567185 12.01%
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1) F Count Vectorizer FIHEE Y Tf-1df Vectorizer #7517 RN

2) i unigram A1 bigram;

3) EfF ki

4) FARSCRSEE N 5;

5) FrA Bl 4 /NG R

Count Vectorizer 7] LK SCA R4y token THEFERE, 1 Tf-Idf Vectorizer #4{ F Tf-1df AKX token
TH TH-idf 2 ARESE TF (t,d) R SORYATR idf () 13

TH-idf (t,d) = Tf (t,d)xidf () (1)
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A SCHHAE FH AR DU APl FE R -
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Precision =
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3) AL F1{E.
1

quQ
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~
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4) REHEFE. CAERERE AR IPPERCR, afk C, ATAUREE I sEHpR2s, SR B i 1l
MEbrzs, Cy NSEPrbraEdy (BTN j (AR 5 T SERRbRaE N i (KA .

4.2. BTRBNB[FIHFE

SCHR[LL] 35 B B 0 B (A, @ R [l YA AN SRR Ry BEAL, U EE AR AL LSTM #1 BERT, ReSEA 2K
HO TR 26 o« NG UEIX — 5, AR SOKG 28 SLHL A% 2% 31 730 N e Stk vk, e HOR 25 DU R Logistic [\1I9[12]
KAV REAT S o AN ER DU S A SR T, Is AT I TR R, RS ALY ZRIN [A) 0 SR AE 42
3. TEMNREE FRvEmtE . RERATERIINRL fL Ea05E 4 FoR, TRIEFHERE 2 aE 2. & 3 fiok. mTLLVEH]
Logistic [71 9 LA 64.23% 1 #EAff 26 AL T kb 2% DUy

Table 3. Training time record of each model

5% 3. BIRBN)IZFTEERE

Y BATIE(: 47 B)
FhER DL 0:00:03
Logistic [7])39 0:08:42
BERT (base, cased) 2:10:37
BERT (base, large) 4:06:11
DistilBERT (base, cased) 0:59:52
RoBERTa(base) 4:47:00

Table 4. Comparison of model effects

4. EBIYRIEE

A Accuracy Precision JnA F1 {8
FiaR D47 62.09% 64.47% 0.6295
Logistic [A] 5 64.23% 65.79% 0.6485
BERT (base, cased) 68.11% 69.28% 0.6943
BERT(base, large) 69.13% 69.87% 0.6958
DistilBERT (base, cased) 67.77% 69.43% 0.6901
RoBERTa(base) 69.75% 70.94% 0.6905
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Figure 2. Confusion Matrix of Naive Bayes on Test Set
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Figure 3. Confusion Matrix of Logistic regression on Test Set
3. M & F Logistic EYIARYRE4ERE

4.3. BT ik transformer 8

ARk, BT transformer FUBLAL[131MC A EZ MR HEAR, EAEERIMES LR T2 HAb
WA HER 5 . TEARSCSIG HI 58— KER 4, RATAE Yelp PR IUMNATE S Fd F 7 =43 T transformer )4
A, f045: BERT [14]. DistilBERT [15]F1 RoBERTa [16]. 7 EyER, i TG EENRE], &
T4 NEE SN 10 T3 56PFE, HPaAEHE 2 HEFRA~5 Bia), WIESEMNREmLE N 2 4%
PR

TEHATIX A S50 2 /Y, 5 ZEXPPIR I token B ATt o0br, Wil 4 Fos, A 70.47%0VF 8 AN
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Figure 4. Token number distribution of comment text

4. VIR STAHY token B 7

4.3.1. Deep Bidirectional Transformers (BERT)

BERT J&—Fif & Roniily, XRAMC AN A A R CHA TS, T ES BT —Ah)
FIMAESS o XFE—AMEER, H7E HARTE S ORI KRR E R E Eg-AT NSRS, A —ANEAM 4 )=
BTG, AT U T2 BT 55 - B R0 PRl BERT 2241 H : — /MBI 110M S5 L Atk BERT
AL (12 /> transformer B, 768 ARG IT, 12 MEILAEK), H—MECKP) 340M 2401 BERT 4
(24 /)~ transformer ¢, 1024 MEEGREFIG, 16 HIRIFE R k). ASCEXTIX A BERT BLAYI T SLL,
GREE RN 4 Fron, AHRTRIEFH R 5 M 6 Fron. fEWRE T, &AFFIHKEEN 128, batch size
N 16,

AT LLR I, BERT (base, large)® Lt BERT (base, cased)#Effi4 m it 1.02%, HnAL F1{E42 % 1 0.0015,
KWRFETHN, fEttEHERAAEZSE, Hig T EZH 7.
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Figure 5. Confusion Matrix of Cased Base BERT on Test Set
5. ik # E Cased Base BERT KR &M
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Figure 6. Confusion Matrix of Cased Large BERT on Test Set
6. Mix & Cased Large BERT KR BB

43.2. DistilBERT

DistilBERT #i%42& BERT #i8 4 #s, HA LRI 1 97%0 BERT il 5 HLffAe /1, & 1 60%[¥1ERE
[17]- FEMAREE b4 sk 4 Fros, WIE R 7 Fros . vl LUK EL, 5 2 24001 BERT #HLL, DistilBERT
PR (R T AR T 2008 1.36%, H7EIB AT I8 % LRl BERT BEAUPR T —f% . Mt SRR A FRAT,
DistilBERT & — MEA WG] ks,

0.02  0.0038 0.0034 0.7
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Figure 7. Confusion Matrix of DistilBERT on Test Set
7. MR & L DistiIBERT AR E%ERE

4.3.3. RoBERTa

RoBERTa [16]&cit 7 FIZRAEST, FHAEJLAS NLP AT EHUS 1 5eib s AL . A0 sese g il 2k
ff) roberta-base ZEFAHEAT S0, AHOCSLIGSE B ILZE 4, IRIGFEFEINIE 8 Frm. Al AR, AR Sl i,
5Z 241 BERT BEAUHLL, W BLSATRIE ST, HEfEEIE S T 0.62%, HAE&IMET.
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Figure 8. Confusion Matrix of ROBERTa on Test Set
[ 8. jMiX & k£ RoBERTa HIRE%EM

5. &hig

TEARSCH, M Yelp KEUEHE S RIVFR SR TN T PF5r . T 5EXT Yelp FFBCdE SR AT VR M Ge it
GIHT, BRI AR, FERURT R ST T AP GREIR S, DOE R S IZR. HREE T T-idf
AT EUEROR, SR TR ER DU ORI A [ A PR R 2 B3R ST BB AT I BT, 5 BERT.
DistilBERT 1 RoBERTa — 1T transformer (IR LR, Zidsei0ieiur, KILLA M figiie: 1) el
SR IA] L AL#S 2 2] iR SE IR b, IS AT A, o DM EEHE, BN et i = FE AL, DistilBERT
BRI ZRET [ B L 3s  TEVH R R IR BRGSO N 2 — ML $E. 2) fE KR L, 2551 BERT
RO E LA BERT B2 7t 1.02 /N7 4> 241, DistilBERT BB (i35 FRIE A, T RoBERTa HERYIA H] 1 69.75%
FER R, 5zt bR KA . A SCX transformer TR ZRAEALEEAT T304, Rk DL %
fitt, AT 2RSSR E . HAh, BT IRARRE], A OB R A 1R T
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