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Abstract It is of great value for the healthy development of online courses that accurately mine the emotional information con-
tained in online course reviews. Most of the existing research on sentiment analysis of Chinese online course reviews is a coarse-
grained model, which cannot accurately express the fine-grained sentiment for all aspects of the review sentence. The paper puts
forward an efficient Transformer based sentiment analysis model for Chinese online course review. Firstly, the dynamic word vec-
tor coding of the review’s aspect and context is obtained by the Albert pre-training model. Then, the semantic representation of
the review’s aspect and context is carried out by the efficient Transformer which can input the word vector in parallel. Finally,it
uses the interactive attention mechanism to learn the important parts of the context and aspects in the course review,and puts its
final representation into the sentiment classification layer to predict the sentiment polarity. Experimental results on real datasets
of MOOC in China show that the accuracy of the proposed model achieves more than 80% at lower time cost compared with the

baseline model.

Keywords Online course,Course review, Aspect-based sentiment analysis, Pre-training language model, Attention mechanism
| oE= 25 1 BE M A ) 3R S Y T B RN T R L BIF ST
=

N BT I SR R ML o7 o3 5 1 A 2 TR AR TR 1 B A A AL . A

TELRIRFRAT o 5 B AR 24 0 B Oy oL SRS e o A8
B REHEE S T ENSR LA R 2255 e L
PR i L 1Y 0 S S TR A L TR ) R R R X
2 T 0 B R AR B 2 A R I 7 2k DR Y T R R 4
ZA T A EE

e 2 DRAR 1 R0 T D T 32 BEAT 15 R it L L o
FIRBE 2] 3 2607 6™ o A0 1 000 0 7 2 IR 16 20 T 0T 5
AR 2 2 AR Y T R A R e T Y i T3y

FETH EEARPFIE4 (61662013,61967005,U1811264)

T — A8 4 PR PR 0 09 5 SR T A R N R A L i R 2 58 LAY
AR Sf Kot A A ) TR R PRI R IR AT T T Hoh gk iz
il A L 2 T 30k A5 B 8 [0 5 L S RE & ML (SVMD T | Bl
BLARARSE . 028 7 IR R R AE TR vh T R 19 A 8 05 A s 1 A
Ak, HETS 228 8 A ) il BURHE A9 3 B2 2 S B, 7RI
B 2 2] PR BRI IR 1 B 4 i o, 4K B2 M 4% (LSTMD Bh
FFAEA, 40 LSTM-CNNI AT LSTM(Bi-LSTM) M 45
WA, — L 57 3R WY A0 A 2y 2 45 6 2 Fh L 28 o > sO0R B2

This work was supported by the National Natural Science Foundation of China(61662013,61967005,U1811264).

HEVEE k42 (zhanghuibing@ guet. edu. cn)



W 075 BE TR Transformer 9 W SCTE LR URAR F 18 77 I 1 128 43 BT 265

o) RAL, BE % £R TT TR 2 R AR T I8 N IR 4 A AL AR 0 1
FEHON B RO 3 207 Ik B A IR TS A T R AT R R
JEE I 18R A3 AT, A 6l 0 RL BE 43 BT 7E 4 IR R i &% A4S T T Y 1 Rk
TE—F A5 215 BOR —E0hy 7l M 7E IR IR h A E &
B3 BT R R A TR AL ) A X AR AR PR AR PR PR R B R
BBV PRR A g Iy W7, e A RRAR R 3 A T I
It HL 33 A 5 T8 A A S B A IR P BB Y A5 R o S AR
W L F T A R 0 I SRR P L T 2 W T ) P e O T
B T AR R P

AL AR S — Fh 3k T & 23 Transformer (E-Trans-
former) i 75 £ PR B2 37 38 77 TH 1% 8% 4 B B TR, B T R
ALBERT Tl k80 20 25 g 1% 7F 26 SRR PF18 7 1 AN 1 3
BDCFEN s {fi ] E-Transformer 747 3 4 20 il BUZE 28 1R B 7
W T e b SCRY HE SCRRAE 5 38 5 i R AL 38 B A 2T 1
Ve SCAS H O TE R R SO U O AR R A RN s R
TR 53 28 )2 X AE SRR P8 vh )y T8 X I 04 5 SR M AT A2
EAEH E MOOC W B LIRSS & F AT 508w,
45 R R W E-Transformer B 5 B F 48 5 10 15 2% 43 A7 58 70
AH LG 76 Y SCFE 0 DR IV 30 18 IR 43 17 v A B o 19 A At 2R 0 B
I 1 B[R] 9 #E

2 MXTIIME

2.1 HEZREBRAW

500 S RIS AR R T AR B AR 22 R PR B A 1 R
Bt T AL BB . SCHk[13 ]38 & OpenNLP i8] 4 5 1T 43 #7
75 Fl sentiWordNet 83T B8 U5 153 1) VA% SR A5 4, XoF 24 A= i 1t
PEE HEATIE 45 0 M1 . Yang % A F TextRank 1 word2vec %
TRy 7E R IR AR VT I 1 B L, 2 AR T IR T IR S
8 2 Y AN 23 2RO L O T 2R AR DR SR A T o0 M T R 3t
Rl IR RLPEC 3 IR A BB A AT O ek T RS A M 25 L &
7 % 1) L BT 5 A R ) 0 K A g A ) RS AR S R
(K Sy, BT HLAR % 2 0 J7 i SE AR V2 AL R 0 3 X B SCAR 43
FRR A B T 25 H LT, B (Max-
Ent)™?) KN 0L IF 3 (NB) AT SVME 46 T 3k ik W 2L AT 4
PR . AL, AT B ST R BLAL S T A SR A HL RS 2
S HR Al Y AL S R R T T SR, T &
HLAS 5 29 049 M B X R0 AR 1A A 8 R AT R ) A o G
THFE B 9 A J7 U, SO 35 BN A 1 B 7 2R IR R T I8 K
I S A AT 55 . B, 35 T IR B 2% 0 0 R AR I8 1 4
BTA A 1 Ay 30 7E 1 BF 58 44 5. SCHRL7 148 A5 NB fl CNN-
LSTM 75 Fp 45 A 43 25 %80 BB 2% 3) R 48 v (9 15 Al 1, & 3R
CNN-LSTM it £8 [ 45 #  f) 20 5 L NB HL 3% 24 ) B 47,
SCRRCODMH A Bi-LSTM, MaxEnt 45 22 Fft 45 #80 Xif i 1 HE K 2 2%
Az ) B T R R AT IR 5T, AR 5 22 B0 DT A A 7 0 sk 4 A AU SE
78 AT #r, & B BELSTM 18 T f% & i e i 2,
Kandhro %5 38 1 7 Y1l 5 1) [ 5k A5 A0 SR A PP 48 SCAS v (9 1 SCAN
AR B R LSTM 28 W 45 4080 43 W7 24 A R 5% SCAR R ik
FOA IERET AR R TR T R AN A AR PLAS 2 ] L AL A
8 183 BB AEAE A F 7 50 A5 B % 5% 1 180 /8, (] Bt 36 91E 1
3 3 Bt T S i) i B T R o FAR R M R R T AT . X
W5 %t 4= SCR ] ALBERT Tl 25458 2 2 25 4 5 78 R IR AR 1T 38
5 AT R SCEA BN & (HR AT B S U450 ) B

AR B B S K T AR T S A IGAY ALBERT #88,
2.2 AEERSH

75 1 15 JE& 43 1 ( Aspect sentiment analysis) | 78 50 87 J7 Ifi
SRR AR PR T A SR DUAE BR 22 R 45 (RNND R R 3%
B i B i P 28 IO 45 AL AT A LA 75 04 A Bl Ak R AT ik IR AR
R 28R W5 T AR Z R #H  LEDY . Dong %
YK RNN R 307 145 &% 07 L IR S B Ak 5 (5 B
W) RNN $2 5185 B o R e i 5 . IR BT 45 5 52 ) 125 43 7 I
TR A, 72 AL BRI Twitter, WEIE % 4E 45 i 26 ik SCA B 4 B
REED . N T — s oy 18 i 5 4 F B S (to-
ken) [ 0CHK , Tang 45 $& ) T J5 M A X LSTM(TD-LSTM) #I
75T % LSTM(TC-LSTM) ™, TD-LSTM il i fifi il LST-
ML #l LSTMR B~ LSTM M £ , 43 3l % >J 378 45 5 J7 T 1
£ B SCHUAE RS0, #3 LSTML F1 LSTMR £ J5 09 1656 )2 17
A B softmax 2, WM A F B0 A 5 A A B . TC-
LSTM jdiid & I Jr 1 % #e 4B PRk — 22 97 & TD-LSTM, 3 i
T TD-LSTM i3k 7t 45 I F XM sC B fE S . Wang 5542 i
— R TEE IHLEI ATAE-LSTM K&, 248 B A J7 T8
Fem MBI R AR 35 B2 AR5 SR S & B AL 0 LSTM
TR By ) 5 O TR ) L DR R R AZ A softmax J& L SRR
I T B R B M 32 AT, Ma SR — RS E B W %
(TAND 25 (& T J5 Wi A 7 B M AL 9 B F SCIBBE . 3% M 4%
PG A 56 T 75 1 9 LSTM 38 5 M4 35 7 0 40 i A b F
SCHY SCHER T RN, b AR Sy T A U A3 AT AR R O S S 4
AP SRR SRR AT L L R A 1) B 3 b 4
Do 265 1) 1 A 155 S 3 T A 1 7 B Ak 4 s T VI R AR T S AL
YRz Ak, T Hp SCHE 2 ER AR PRI U T B R B T N AR
AR 5 5 2) LSTM G i IF- 47 Hilt U7 1 A bR SCy 38 A5 B
BRI ZRmd [ FF R K . Ik, A SR BERT I 25 455 Al
% Transformer %F TAN 45 B g5 47 2 3 L 78 /D 2 A5 1 504E
B B0 S SR AR T8 O T A ) 1 AT
2.3 WMil&iE=#EE

YNGRl & AR [ ARG 5 AL 31 4 2 T 55 vh ¥
RIFRM, ZH TEARREM TR 12 565E, Hd Google
FE 2018 44k H 19 BERT #5815 H §i 68 FH 32 1 T 2545 1
Z— Tz T RS AR I A AT LR A bR AR A 2 AT
55020 IR SR ] & self-attention ML B Transformer 4
W%, LSS H A 2 il S RR R 24 3] i e T GPT Al
ELMo 533 25 B ) 175 75 AR08 G 55 XL 1) 25 & 1R SCA 3E B
JABRTE . {H BERT %A Jg K Y 2 0 ik A0 ¢ I8 T8 FE 76 vh SO
LI H EE M I RE A . A SR —Fh iz
AR BERT # 8 (ALBERT) 4 % SCHE £ R F2 PF 98 (0 7
MiA 30, ALBERT i if )2 2 803k =2 i A B 240 i L A
PIESE 2 3 R BRI 7E (R IE BER'T 45 %4 G 14 7] i e A%
T SRR EIE RN

3 EBEEXSKEE

3.1 EEENX

TE 43 T AE LR DR AR TP 10 77 T 16 R, 25 1 — 2 & m NI
FPFR AT 5 = (2w sws s
R AL m AR T T . J7 AT DA — A I R
AT RE . AW FE B AR 2 MR ER RIS A7
sHITH a WF RO M, 15 O M T RE R (BRI R, P

7'11/:1}9;5\:':':' a={w sws s w,



266

Computer Science T MBI Vol. 48, No. 6A ., June 2021

P PHANTERRFR PFIE ) T BRAR BOR 5 BN EL A 5T,
REEM EFHEMSE R TP A SRR A
73T . FRATEY E BRI 3 A T T AR
P ST ER f SR ) e AR AR A R

3.2 E-Transformer f X 7E & R B I IL F E G BN HEE
E-Transformer H SC7E 28 PR R PF 18 J7 181 1% 8% 43 A1 B AL 1Y
SRZRA R 1 TR . FE R P SO G DR TER U TR
TR SO A Sy S ] A AR A B T A R S0
SAG BB LRIE)RE B2 J5 S B SO R B G
P T D 2 0 S L R R P 1 2 2 4 R A A

K
softmax
arr Q0

Bl 1 E-Transformer H SCHE LR RE PE I8 7 1 17 8% 40 B 45 7Y
Fig.1 E-Transformer for sentiment analysis model of Chinese
online course review
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Fig. 2 Structure of E-Transformer encoder
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Table 1 Examples of Chinese online course reviews aspect and

sentiment annotations

Aspect-based

Review text Aspect . X
Sentiment polarity
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Table 2 Experimental dataset statistics

Dataset Positive Neutral Negative Total
Computer B
. 3048 517 1053 41618
training set
Computer
1012 139 969 2120
test set
Foreign language
OrciEn JAnguage 5554 280 507 3321
training set
Foreign language
1483 100 335 1918

test set
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Accuracy=
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Table 3 Experimental parameter setting

Parameter value

ALBERT-Base!'?

Parameter name

Word vector

Vector dimension 768
Maximum sequence length 128
Batch size 64
Learning rate 1x10*
training step 5
Layer number 4
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Table 4 Comparison of accuracy of six sentiment analysis models

in two datasets

Model Computer Foreign language
LSTM 0.683 0.655
TD-LSTM 0.704 0.676
AT-LSTM 0.732 0.689
ATAE-LSTM 0.759 0.717
IAN 0.786 0.741
E-Transformer 0.835 0.813
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Fig. 3 Iterative training of six models takes time at a time
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