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BERT (Bidirectional Encoder Representation from Transformers) il 4 i& 5 AR TE LA N &
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Abstract

Compared with traditional word vectors (one-hot, word2vec, etc.), BERT (Bidirectional Encoder
Representation from Transformers) pre-trained language model can dynamically represent
words and has achieved the best results in 11 downstream tasks. The method of fine-tuning in
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specific corpus based on BERT has been widely used in sentiment analysis tasks and achieved
good results. However, only the output features of the last coding layer of BERT are used for clas-
sification, ignoring the semantic features learned by other layers. Different from the previous
classification model based on BERT, BERT-MLF integrates the aspect features of each coding layer
of BERT, and extracts the key semantic features between the layers through the convolution layer
to reduce the influence of redundant information and make full use of the information learned by
each coding layer. A large number of experiments have been carried out on the Laptop and Res-
taurant datasets of SemEval-2014 Task 4, and the experimental results show that the method
achieves good classification performance.
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1. 5|8

BEAE LG A H A R R, WIREE SR, AMITETECM | H aGER, FEREE K& W 24515 B
P, KPR KEXAER, wigymus i P yRe . BRSSP S EER P PR SRS R
RETARZAE —ERRIGOR, NLot KESCRH RS EE B 2870, BEAE TR
IR, R RTHSE N BT SOAS i 17 A B R B3 DA BRI, FLAIE A (R0 7 A R
B .

TS BT B ARIE 5 A B R I — NSRS, R B Gt 800 A R SCRS AR I 23 B 32 S h
M) FECSOFATIE IR, N— M FEE RS —MEK, &A% BT AR 2N T
fHOL. AT — M)A S SRR Z A T7 1, X5 2 7 A EEREREE. gy
HT(Aspect-Based Sentiment Analysis, ABSA [1] [2] [3)F 95 TN B M, B X a) 7+ 2 7
T AR MEREAT 200 o Ledn, T iPie “XANFHRM LRSS, HERMMMAERNT . 7, gk
1T BAE AT T T R H AR AN AN [E DT TH IS B, A5 < T, RS AI<Hih
BE, WAL AT RGN SCRI G, 7 TR I 53 B B IR, 4 1R s ) = H AN [8) 7 T R 155 I gk AT
3T, B RS B BN SO L ) 2 S R B FESERRRI A,k BRSO
WEPEN BEAT 5 5 1R A, 3 — 2543 Hr P2 06 7 S AN 8] 5 T R0 AR T, A B T R X Se 3 IR 55 A
FEmI R, ARSI R .

EH T 07 THT R 1840 it 75 2 )1 v 43 R SR A [R] 77 DG I PR 1 SRR P, T AS [R) S A4 5 TR AE AT A A
[F) AR A A, P DAAH B ) - RN SCRS GBS MR e o I B 7 V2 — RO NN 7 T S A B, R T
Bff 2 A 6T S 7 TR IR IR, — 2 D7 THIE 2N B A rhok s B RS2 U7 Th 0 B 1) 15 8% /£ BERT
ST ZRE S A DART, 2 CNN Al LSTM $EURFIE,  DAK R F A 72 Ja AL 5G] 7 ) 25
7o BERT #5227+ BERT Sl (05 20AE 0 SRR BRI AR VERE . XS 25T BERT filtifd
(77 T I A AT, 388 K B 24 07 TR AE AN 20 R A D G b AT 4325 . R mT DAR I Sl By 1) 0 B 1) 432K
155 54y BERT A) 1% 43 K455 . HHT BERT MURFIK HIE S IHLE],  AE1S AN f tHARRIE#R GVE T 4]
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Frp HARRE FE S, WOR SO TAETE BERT fI3ERE I, 3 H LT BERT £ )ZHHIE I AN(BERT-MLF),
SEAR— EMITTHRHE, JHESBRAINE IR IUZ 2 A8 SURFIE, 7820 R T 8 gmi 2 2 21 115
XAFE, FBARSCIEDA L Bt — Dl gs, REARRIIH R 8808

2. HXWR
2.1. IBEEH

EARE SIS T, RSEPN—HRRNFIRPRR, HEVAREAN —FER G TR AER
o W E R EALR S R R U7 o inl, BRI A& . 7R85 5 B AGE R H 2 i1, F 2L one-hot
VE g1 ) &, A1 ) B 0 Rl U FE /N Iy B, ) B PRt LRI AL B R 1 R, AR E A 0 k.
X7 AT PAE IR0 B ] St R BN 1A T, (EUA A e 4 PR ) B P I . B S S AR R R L T
I H B MMIR4E RS HE R IRIE R 7R, W word2vec [4]i#1 CBOW (Continuous Bag Of Words)#! Skip-gram if
gt I N 11 s SRV i s e 1l N (B | EZ 9 E R v Y o= | 7 O 2 | e 9 - A
AT DLERR BRI O R, 5 SCBOH I (1 1] 15 7 1) & 2 (A) b g e s i, HORAT HEBMICI 4R . 34U
word2vec X FHE4EA 7 & 1IIEH Global Vectors [5] (GloVe). BRI X FE S o] LIS BMR4E I =,
{HRMKARAFAERNEAE AN [ SCAEREE A AH 5] 14 30] 1] 2 7 1) ] i

ANETA% 4535 [F &, ELMO [6] (Embedding from Language Models)iE = #5154 1] FH X i) 4 5 #3042 9 2%
[7] (Bi-Directional Long Short-Term Memory, BiLSTM)fE KX AU 1E R} A 2% SR I & S, R4 R Rl
YA AT DU 1] [ o A [R5 B P RS o, 3 1 3 ARR I o H 2 TR AP A N 44 [8] (Recurrent
Neural Network, RNN)ZERL Y YI| SR FELEAE DAFFAT AL r) @, - BSOS AL AE RS TE L ol 2R 5 IO FE R
GPT [9]FI F 2T H v = ML 1 5 7] Transformer [ 10]Zw 5 a4l HE 18 SURFIE, H147 BE /I RTRFIEREHE RE 7110
F ELMO, KK T IIZRESE, (H23 iRl Zm% 7 - F 305 8. BERT [11] (Bidirectional Encoder
Representation from Transformers)™ i& 3| 5] (R Fp %, #4512 JZ XU A] Transformer 4 fih &5 K5 5 1%
R, A S ORHUASE R HHE o SN A T AR 2 ) AR RE B B BN OB R, MHANE RN IS, B
i, 8 S B OMBE R I 2R, R TR NIRRT N T B AR S AR S, K
TR 1 He A% Gg ] [m) = (R

2.2. BTG iR EERIER

FERY AR 7T, RIS 5 o) kil RN TR K ERE TR, HoRWR— K. BEM
L 28 BB FI R AT A JE, 25 Tl b 22 IO 28 A5 R AN BT VR B0 HE R, IR 2 S R B AE A IR A BT AT 55 v R B
T HBRR I MERE .

Kim [12]5 518 B A 4 R 48 (Convolutional Neural Networks, CNN)R X A) F#E7 158428, A
X 2 Ff CNN ARPRBEAT 1 52568, Wbl HLA] 46 46 17 A\ ¥ CNN-rand, {87 A [ 5E 1¥3 00111 2597 k1] CNN-static,
TR 5 AR ] % A ] CNN-non-static F122 18 & ) CNN-multichannel. Huang [ 13155 A\ 0K 77 TS BN 2]
CNN A e A I8, I BHE AL AR AN R 7 TR 1 BE B . BEJE B CNIN HES B2 B B AR 1)
A, Tang [14]% N2 7 3 T KE 1K 12 M 4% (Long Short-Term Memory, LSTM)¥) H A7 ##i LSTM
(TD-LSTM)#1 H A4 LSTM (TC-LSTM)J7¥%, %7780t 5 [ 77 15 Bk Y & LSTM. Al PRE45 5E 1
EARARHE IS B R SORMEAI B R, DUEAT 7 T &40 28 . B4R LSTM HAA @7 T A b S0k
RIREST), (HIRZAFAEMETFAT IR o BB VE R AIHLERE B S H 21 3 288 5 A 3%, Wang [15]
SENPEH — I T EE NI B H AR ERN LSTM 532,  IXHIE B — PP R sa il #2455 8 b 3 ) 7 4
KB43R J7VE o T R THLE A T SR AR A OG- (1 B 230 4, (AR AR L& 17 i) SRR R 7 THI 175 [ 1) e

DOI: 10.12677/csa.2020.1012226 2149 MR 5 R


https://doi.org/10.12677/csa.2020.1012226

Yang [16]5% N FERG)F RN P, W4EtH 7 RAEE TR ISR LSTM A& 328168, Liu
A Zhang [17]383E X 7045 € HAREEE 75 H ) 22 B B AA GRS R R i B, Edigmz
ATl TR AIAER . Tang [18158 AN 5IN T I 23w i ic 12 /2%, H T 77 B 15 23 35,
AR T A AL I B U], DR AR T SO AR T 45 5 B AR 7 T B .
2.3. BERT

BERT [11]72 —# B |7 Transformer Zifid s 2H 5 387 B P 2015 5 54, Transformer #5141 5 5 H T
PUESBHIE, T gD 88 ke 1) 22 Sk BE R N, (E A0 R IR a4 RE 70, dmid s gt anls 1

B o
? L
[ { Add & Normalize }
1 t

B | \ > __>———
2 1 2
r.% {»( Add & Normalize )
| 1 1
| C Self-Attention )
\ ST —~)
) 1
POSITIONAL
ENCODING

Figure 1. Transformer Encoder
[# 1. Transformer 47583

Transformer Zwt# E 2 H HFE R IE . REEZMEH— L2 VUL AT A M2 2 AR, %05 R
HZ I E e, B AU AT BArH S A JT B % a) iR AR oG R B R ER R, Il
N\ TF) B2 55 060 7 () A R A e £ 380 206 ) B2 Q) B ) B (K) FE TRl =2(V), JFil i = 1 tHE A R 4 R,
g 2 A3 PR 2 e R 2

T
Attention (Q, K,V ) = softmax(?/g JV )

k
head, = Attention (QW,, KW, . vw") )
MultiHead (Q, K, V') = Concat (head, , head, -, head, ) W ° 3)

B 2 1 T DA DS A s P58 90 2 1) 8 S A AR (032 AL R T, P S — Aok i RS R P AL S B
Transformer FEA 454 7 CNN A RNN FIHC s, A8 FLAE n] HEATTH SR [RI Bt 0] DAR G s 3 BURFAE .

BERT @il #4## 2 JZ WA Transformer 4ifa%, 7 GPT Al ELMO KI3tati b, 4iamiFmfi.g, H
Transformer 4 A% (5 H AT U0 2 MRFAERBEAE 77, BRI BY 45 M T AT 70 3R B NS5 8, Al b
I 2 fros. [EiS, BERT QUM EE | AT 5 B (MLM, Masked Language Model) A1~ — &) F5iill
(NSP, Next Sentence Predict) 5/ TGl BT55, MLM £ 55 LT 230 1 SE T3S AT 55, @ik B R SUE B
FTRIBEBE R (¥ 3], NSP AT45 W2 8 5] %6 43 AT 58 FIWT i J5 AN F) 7 4k . BERT BHRTEKR
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FURE R F R BN SR, WJe2E I/ RN A FRARE, SRJEAE N TS R T oM . fER Y
W N%H 77T, #i\ Ei 41 7] 8 (Token Embeddings). 43 B¢ 7] & (Segment Embeddings) A1 & [71] & (Position
Embeddings)HH NG 2N # A &, &£t — 2 Transformer Zwfid#3#5 44 6T B FUAFAE Ti, B4 HRFIEHD
BE TN MANRTER G R [SEPPNATFEHARD, FRBARIC[CLS]SRH: T AN THIfE ., ik
FRoRA R, AT AT RO K.

Figure 2. The structure of BERT language model
[ 2. BERT & S 15 R4S

2.4. EF BERT /U458

BERT Fililll 251 5 M AU 7E KRR 15 ) o 2 ) RS LI RE DL AL SR i, vk 1A% G el &
FEAS R RS, XE RN E RS, Song [191% NFEH T —Fhillk 7 5 & 197F 2 19w hD M 25 (AEN),
IR 2R RS TV R T M itk g S bR SR H AR 2 AL, S T ARZE AT SEME m) @, 5I N T hR%E
P IENIAL, FERFEL T DAL iR 1A B % N (AEN-GloVe)fIILL BERT A= i 17l 1A & % A (AEN-BERT)
MRAL R, R AR E T . IR, Song [191@H 7 HIAREIE NG AT, KR ARTT AR E
¥9i& 4 BERT A) 7570 4155, SRIGHEATILE . Sun [20125 A\7E BERT RJEAE b3@ i 4 JFiah 6] 1+ 2 il 2
73 T AT 1) 22 b A 28 (1 4l Bl ) -0 7 T 00 155 D T e A DR 155 02 ) 8o Gao [211]85 N WA A 87 BRL 19 58 6
BERT MR RIEA IR B BUA SR RO, AR5 10— Lo R ROA 5 g, Bt BT BERT Hitii
JITHRFEREAT 7325, SR 54 BERT i th spont B 77 A B (S 25 20 2% 45 6 9F B Bh ) 7 0
. EHR BERT &Ml 1T g ds Bt , (LR AR T &5 — EHH R, 28 7 HARSE
(i tHARRE, SR T — 318 SUE B k.

3. OB
3.1. fREBEENX

R4 SemEval-2014 Task 4 [22]% 77 K B HTAE S HIE L, ZAESZSEEWUAN TS, FhlZI7mH
ARIEHHE . 7 THARERE B2 7 A AN 75 2R R 2. AL BB LE TR TS
HARE I 2o AR5 LR

BE—ME n+ 1 NMEREAT s:
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s:{wo,wl,---,w w} “4)

n-1°"n

AR S m AMAE R T THARE a:
az{WwWi+1""sWi+m-1} 5)

Hrba s FPHl, aTUEZA, ARSI HRHZEN AT s P HARE a BT OER, Hi,
M2, Bings e f)+ “Great food but the service was bad. 7 A K 5 THARiE food Al service, {55 H
BB A HY food I service 43 il ft I 17 I b 2k

3.2. #i4 BERT ZE4HTE

BERT fERTRIZRE SR, 2 TUAGE RRUBHE R b % 20 CANR, ARG 1E FIHES h i, 722
3T BERT BB, AR RA R a — 2 1970 FRHIE[CLS #ET 73 28 JR1M, Jawahar [23]5F A
I — RALEFR Y, BERT (ECZ iS5 2] T EIERIE R, EhEmigT s3] 7 aEE R,
EE gL R 2 S B T T E SURHIE. BARAE BERT M5, & — ERBAIESE E— 2 1% R
TERFN LT, (R AT 2 IR 2 1 H RO St R B R AE A A R R 1 2 2R

H IR T Transformer 4afith % 1) B VE = AIHLG 2 1HEA) 7 o Bl S0 5 4 aa i e 0E S, JFH
T IR (R )1 25 AT DA SR T8 SR 1] TR (1) AP IEC AR, DRI AN T 23 R AE[CLS], 7 THIRFAIE v B8 22 () SRV E
TSR HAEM R RAE B WTE Gao [21]1 TAEF, 2ot &2 H 1) 7> FERFAE[CLSI AN 7 T RFfiE 3t
ITPHEE 5, G EERTHRER T 028, RSl ai R EE MR s TR, BEEMHTH
FEAEFEAT 53 2 S0 0 B 5 P 2 A 24 7 T AR TE 6T LR 175 %45 B o 0 BERT-MLF K5 — JZ 18 J7 TR AR 45
Gk, (ER— 2% 7 TRHE A R FEE [ T 8k i 2 R AR AR AR 2 2T T 7 R TU RS B i)
A, FIEEERME M SIS R A 2 JZRHE, 1820 0 [F]N Re 52 IUE 2 SR RHIE,  BEAas

HanE 3 s
11
10
. . ERE AEBE
o (LI
l Max Pooling l

A A

e e e e e e e e e

/ (1 T
i [ Transformer Encoder ] i 11
| |
: :
=
| B |
: /A Max Pooling :
: A [y :
| nnjnn |
: ( Transformer Encoder ] : 0
" J

g S g g g g S g g P Y

& ¢ * + & & &
EED ) G @ @ @
Figure 3. The structure of BERT-MLF
[ 3. BERT-MLF 581454
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BERT A P Ff )1l 25 24 «

BERT},: 12 )7 Transformer %%, 768 ANEUZ T, 12 METRE kL, BS8E 1.11¢.
BERT ;24 )7 Transformer M%%, 1024 MEEZHRIC, 16 MEERTIK, BSHE 3410,
H T BERT arge 7 22 LA T RAF,  FITLAAR LR BERTyaq AE A TRYIZREA

33. EREMEERZE

RS W 28 5 W T UG AL BRI, B T HAERAAE R A2 07 R I S, B 5 gz T B 20
FABAESH, W Kim [12] SRR 28 8 H T3 FHON G R 28, BIRGERAME WL AETEMER #2
KB B8 5 R AR ) L, AEARAEASCR, SN 12 J2 5 THARAE AR5, DR s B 2 I 28 ] DL AT
BHTHRHESRE . BRI E MK EEHPNE . BRE. Wb ZA. &R REfEmE, o
Word2Vec [ &1 GloVe [F] &, FEASCHANZ R KM S K BERT ) 12 EJ7HFHME. BREFER
TER N M AR RE(12 > 768) FIF BN R FIAEFUIZIFIZIT BRUSH, A FAGFUZK/NR TS RAZA F 1%
SZARET, [EE R TN R RHEAS B o ASUER MBS N hx d, h BB EEES 58 3. 4 Al
5, d NHFAEYERE KN, #E BERTyu 11 d 9 768, SR RAFIIBERZA 256 1. iFE AR 6.

c=f(W*X+b) (6)

X e NEREER, wRNEREBERR, X BN, b AMEME, *RoRERERIE, OV R
ASCAE T Relu P B BRI ST

T

4

256

______________

»
!

MaxPooling

12x768

B ik

5x768

g )

£ L

0
LITTTITT]

o

______________

Figure 4. The structure of convolution layer and FC layer

E 4. BREMEEERLSH

oAb J2 BRSO AR O B ORBERF AL, BRI RO ZERE , B AR R A6, Jla e A [FRSE Y
B R B RGBT SO, B&T“ 4T 3 x 256 = 768 IMFFIE. A ZE FE RN ST HRIE
ST R HAL 5 FIRHIEBEAT AR TH AN softmax THEL AR B RAMR, THE A 7. 8 s,
EBRR ST 4 s .
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Pk, A

f=TW, +b (7
&
S. =
i zjel/j

A fNEERI AR, T ASEEMANRHE, WoNEEENEEN, b AREM, 50 softmax 15
g
4. LI Sr 4T
4.1. BiEE

SO EHE R R ) )12 A8 F ) SemEval-2014 Task 4 1) Laptop £ Restaurant ##54, #0425 71
& B A T B PP, RS R PR . BRIk 1.

®)

Table 1. Data sample distribution

F 1. BEEEANT

. Vs Wi g
EAEITE S
Pos. Neu. Neg. Pos. Neu. Neg.
Laptop 1002 464 870 343 169 128
Restaurant 2172 637 807 728 196 196

4.2. TR E
SLIGIAEE WG 2, WS WE WE 3,

Table 2. Experimental environment information
=2 FHWHRER

SEIR PR KRS
BERG Ubuntu 16.04.6
GPU Tesla V100

LA 16GB
W17 32GB
GFEE S Python 3.7.4
IR S RESE PaddlePaddle 1.6.2

Table 3. Hyper parameter setting
=3 E@sRE

ZH ZHE
Learning rate 3e—5
Batch size 16
Training epochs 6
Max sequence length 128
Optimizer Adam
Dropout rate 0.1
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4.3. TN IEHR
AR TR 2080 SR b v SR R 1) A2 20 S HE R R (Accuracy, Acc) Ml Macro-F1 (MF1), 5440 FFiR.
TP+TN

Acc = )
TP+TN + FP+ FN
TP
P= (10)
TP + FP
TP
R= (11)
TP+ FN
2x PxR
R="" (12)
P+R
0 1 2
Mrr 2 Bt A (13)

b TP R7s IERE A TN IE 6 (AR AL, TN Fon PR T E A O FEA KL, FP 3R SUREA TN AR DR
FEAKL, FN FORIEFEATETROEEAS . POVKERAE, FEREWNNIEREAL PG 2 /DR AIER
IEFEAR. R NARIR, FEERIEFA LA Z DRI IEREAR . FENEE TR bR
MZRE VRS, BT AT RS N =I02K, HUES Macro-F1 fE-T- 3 =AKA10 Fi (K-

4.4, SEIGEER

RN LU 7 TH B et b 7 AT B AR B G A RHE RS0, SR)5 55T BERT (1 —tefii Al
1 XF b BEAT R EE AR G

IAN [24]i8id A LSTM 43 5l 5% 77 T SE R0 bR SO, R Jadid v Sy pLIE 7 RN bR SR A8
HE & BNRHERR.

BERT-SPC [19]7£ BERT [{J4Efili I, K75 T SR bR SO 9 0738 70 AT 55

BERT-PT [25]3%2 ML & R EM RS &, A BERT % fLE V& H P P8 BB, X — 5 ik[A
FEIE T 5 T2 A o

AEN-BERT [19]:21#H{ BERT A= B 1] m) & 9 A\ BV B 0 Gt i 2, FH 2 Ty 2 0L B0 G bl
WA 286 7 THI AN b SCEEARE,  FFAE 73 RN SRS AT P TR A

TD-BERT [21]E#2F]H BERT %t 095%F B 75 T A7 B BFIRFAE, BEAT S B2

TD-BERT-QA-CON [21fEH st B A 7 AT HR T, $f4 BERT f5e/ i tH 1 70 B4R AE[CLS A U7 THI%Ry
fE, BT

AR FEBEPRATREIE R . PR AR =03, AT BRI R, =7 RoRiZIRAMRYE, H
A AARIC I B AR AR SO . BRI R e S S FE MR AR L HEAT IR, e b o Lt s SR i) 71y
o SEIOXTILAE R NE 4. £S5, FTRAXMEOIHER.

Table 4. Comparison before and after convolution

= 4. BHBIEXLL

B Laptop Restaurant
EBREE
Acc MF1 Acc MF1
i 79.03 74.40 86.76 79.77
j 5 81.30 77.53 87.62 81.26
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Table 5. Comparison of multi model effects

5. HIRBIHUIRIEL

Laptop Restaurant
KA oy
Acc MF1 Acc MF1
IAN 72.10 - 78.60 -
BERT-SPC 78.99 75.03 84.46 76.98
BERT-PT 78.07 75.08 84.95 76.96
BERT AEN-BERT 78.35 73.68 81.46 71.73
TD-BERT 80.00 75.19 85.30 79.69
TD-BERT-QA-CON 78.57 75.76 85.06 80.40
BERT-MLF 81.30 77.53 87.62 81.26

SRR ELEE SRR, AT RAH BERT & = 1973 FFHE A 12028, BERT-MLF [ #|H] BERT %
—JZITHHHIE, 454 BERT B2 I A FRME AT DA R = 7 R R0R . [RIIN B4R G I A7 2 16 77 THRHE
WFRIN RS TR ZMIURE BN, @il 2 A E RS G B SEIA F] )2 R BERHIE, b TURE B
X RBR AT R, FERSUR B —E et Ak, BERT A RIE@AER B3 TIIZR, Xt
TR AL T M IATS, HEPE /A5 BERT BAHERIA—E, A 7B S50 N 32445 8 sk 11 41
W5, AL 53 HIAE Laptop Fl Restaurant ZE 4 AT #E— DAl g XFT1X PN EH 42 R B SCARSAR, f1)
TR HBELENEA R | R O R B, A #EFE T Next Sentence Predict FiIIZk(T5%, R Masked
Language Model {155 B R fE AR e 1R b 227 ) o 2B TN ZRJE BB AR XS B an e 6 Fis .

Table 6. Comparison of BERT-MLF further pre-training before and after
# 6. BERT-MLF #—STIZATA*IEL

. . . Laptop Restaurant
=SNG EE
Acc MF1 Acc MF1
& 81.30 77.53 87.62 81.26
b3 81.79 78.16 88.36 81.73

MRS SRR LLE Y, AR S g — 2 T R R 5 U AL gt — s i i i KR, BRI T2
it — DN GREGEEAKR, 2RBORETAIE, ERNAEE R C BT, SRR R
SESUR I, B D BN R Ja BERLAE 7 Rk e b AP AR DL,

5. &5ERIE

BERT EHLH R 1% 238 L HIfE 71, 3T BERT HOASALLE )5 T 1% & W7 b oA L U O R 90,
AICPE BERT M4EMlF, 454 BERT f— 223 I B SURHMER T3 28, ARdtm 78R, HERen
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