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Aspect-based Sentiment Analysis Based on Prompt and Knowledge Enhancement

LI Yang"?,TANG Jiqgiang’,ZHU Junwu' , LIANG Mingxuan'* and GAO Xiang'"*
1 College of Information Engineering, Yangzhou University, Yangzhou, Jiangsu 225000, China
2 Institute of Computing Technology,Chinese Academy of Sciences,Beijing 100190, China

3 National Computer Network Emergency Response Technical Team/Coordination Center of China,Beijing 100029, China

Abstract sentiment analysis is an emerging fine-grained sentiment analysis task that aims to judge sentiment polarity based on
given sentences and aspect words. Currently widely used pre-trained language models are different due to their training objectives
and those of aspect-based sentiment analysis, resulting in poor analysis results. In order to alleviate the difference between the
pre-trained language model and the sentiment analysis target, prompt is introduced into aspect-based sentiment analysis, using
pseudo-labels plus aspect words and opinion words to create prompt continuous templates, and using prompt-encoder to train
pseudo-labels to have Semantic information;then, use the topic graph attention mechanism to fuse external knowledge about as-
pect words and opinion words,and predict candidate label words composed of sentiment dictionaries according to the hidden vec-
tor fused with external knowledge; The probabilities of label words are mapped onto the sentiment polarity distribution space. Ex-
periments show that the model improves the accuracy by 1. 53% and 3. 5% on the Laptops dataset and Restaurants dataset of the
SemEval 2014 task.

Keywords Aspect-based sentiment analysis, Pretrained language model, prompt.Sentiment dictionary, Knowledge enhancement,
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X . positive/negative
tion/ chefs

Aspect-term senti-
ment analysis

Aspect-category . , . .
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sentiment analysls

F1 5 TR RS BT 45 T
Fig. 1 Example of aspect-based sentiment analysis
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Fig. 2 Example of pretrained language model fine-tuning
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Examples of prompt-tuning
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Fig.4 Flow chart of aspect-based sentiment analysis model based on prompt and knowledge enhancement

X ECIEL 3 AL 4 3 SR N T A A prompt BEAR ; 4¢3
K JH i SRR o By — 48 AT I Pl A 48 R O T 3] L R D O 4
AL BB I RIOR
3.3.1 X AWHENE

AR S A Zprompe £ HF WA FB 435 43 A 02 A 2 A
prompt #AR T, % P-tuning R RYJE &, B T
AT SR bR P, Al (9 TR 5 B WL IR) a Rl o ZH AL, Pyt —
A BEHLRI LA A i T AL D AR 2 . AR SR T TIN5 75 4 Y
& Bert. H I i4 75 275 3k & 70 50 b 95 A 5 K bR 4 [ CLS .
[SEP]. Zpromp MH AT

{[CLST w1 sy s s@s** 505 s, s proi Jsas[ piv1., 1s0s

[pi+1m ][ MASK],[SEP]} 4
Hodr , ZEUWAR o 5 77 18 i8] a X R, B 40 #E A A) T Al the
money went into the interior decoration,none of it went to the
chefs. ¥ .a H“chefs”, 5 a X 1 o F“none”,a N “interior
decoration”, 5 a X} RN B o Ky “all”, fh#r% P, i prompt-en-
coder Y%k, LIARHUE Z /918 A5 B,

Bert 1 H R A JZ e B2 promp WE ST B 5 € (2 promp: ) o
W] B5f Bl HL 40 4R b 0 4 28 Py 9138 33 prompt-encoder A AY B
) 3t oy s FE R Ry T € (o) T RO 0] [ 2 208 B — A, AR 90 437 {5
B R A7 A B2 o X R B DR AR 2500 B
3.3.2 prompt % AL &

AR SR AT I 25 0 O B 485 A S 3 5 AR, 3k b 7 22 R
TN LA A AR A R AR F R AL A 1 D b 4 e
SUAE R IF B A SCAS I IR BT AT 55 09 B bR QIR PEAR 2%,
T O AR 2 AT 2 B SUfE R I 5 SOA AR 55 BRI
AHOCHE AT p-tuning A28 A Y prompt-endoer Yl
fhFRZE . prompt-encoder Hi ¥ )Z B AT HL (MLP) 41 5% . 4 )22 J8 A
HLFH ORI K 45 30158 12 AR R (BILSTMD FHEITG PR 5 RELU #41%.
3.3.3 @k shIHmaR 8y D

TR 2 2] LAY 55 A0 FR B 45 5 Bk 8 R L R D A1
FITRUTT DA (57 TR 8 2% S B RL A 8 R e 5 T I Uk A 2%
B4 256 D7 Al o AL LA o B AH S& 15 B AT DL SE B A 1k

BRI RO . AR SCM wordnet Z011E R w2 IBCHS 9 41 5 1 )
B LR ) [E] SR A syna Fl syno . A SCR I 3 8 1A
R AL 7 Al E R G UE R . BRARIT .

(W hemasky ) (Wosyna, )"

syna; € syna

s

Vd
(W hewasky) (Wssyno )t
,  syna; € syno (5)
Vd
(W hpamasky ) (W hrvasks )t
Jd
—_exp(B)
ST exp(8) (6)
7€ mum
8IMASK] — 62: a;syn; 7

Horfv hpwask) Fn Zad Bl 4515 5 BT Bert 465 5 19 B AT 15
SAF B MASK I & ) B 0] 3, syna; 78 T W a 55
AR LA 5 symo; R 2 WA o B i AN LI W, WL WL, W
RTINS, grumasc) Fn Al A MR AR W BRI I 2= . d £
N BRTER  ZEE,  T i S R R TSR A S H
transformer A [ 1 75 S WL A9 05 2N, 8 3 B LAV B9 07 36T 45
RIEATHE /N 5350, 2 ST B B 1] 38t hpvasio WA TE N
R XA Ty T L A R AR G SRR 5
BRI 7] 42 A s X T 40350 0 ARG 7 B P45 B 2508 5 AR
RIYI 5t 1918 AR B A AMB AU i i U B
3.3.4 AT RIS R E

A SCR I AE 1% 37 ML AR Sy prompt H B iR 28 bR 28 R 4 V.
Tl A7 R0 TR B 4 5 2 A S G 1] A g rvasi o @ ask 3 A
LW 4 R O M N [V 1) 5 softmax PR IR
HARIA — 1t , 3145 434 1 8 5 25 18 i % P(CMASK] = v, |
Zprompe) » I T o AARAR ML V IS ¢ A, )5 B
T 45 T B AR S gk SRR R BE 43 B 77 =X e S 345 AR 1k
T BARARKT

P(ylz) :IEL;‘ ‘A,-P ([MASK]=; | Zprompt)

For 2 R R AR 25 1) o AR Y B EE LV, SRR iR e A 25
A T AR y BT TR R RS . AR SCRY AR K R B

(&

220300279-4



A LSBT prompt FUHIE G SR Y J7 T 901 IS A

28 UM 85 g /N RS O R 25 N AR, AR AR .
Loss=— 2 Z‘y,logp(y,\x) 9

j€lxliely

SO | X R B ASR || 7 R b
4 =L

4.1 ZTRHBFPERIREE

AR SCR I PIAS 2 FF 18 J7 T GR17 J8% 43 A B0 4R AT S 0
3 )& SemEval 2014 4% 55 H ) 22 10 A B3 fii ( Laptops) M& T
(Restaurants) WS EUE S A0 3 415 BMe M - BUME L 7 A
M. G340 T RIS J5 TR A LAY R A L AT i 4R
peng AR FE M B LR AR B, (R AR IRATIEL WA HUHE 4R
Z I B A 22 5 LR AT peng A5 1T 1Y 2L iR 4 8 2
A HL R T RO A T . T HOHRE AR 1 LR e RO n SR
1 s,

Table 1 Experimental datasets
positive neutral negative
dataset Train Test Train Test Train Test
set set set set set set
Laptops 994 341 870 128 464 169
Restaurants 2164 728 807 196 637 196

AR wordnet IH 22 3 Wy 1 i) F0AF R 1Y [R) SR
B, RMBBEERBBINELEY pytorch, 4 IR 4] 4 2R ] FL I 2k
W E LA Bert, A2 Y 1R 1) i 4R R 786, I 2R AT I 19
batch_size & 8, 2% ) %1 & (decay_rate) N 0. 98, FL I i
(weight_decay) iy 1 X 1072, #& B Il 25 19 2% ) % (Learning
rate) N 5X10°°,
4.2 FEMIERR

SR HTIE 8 2 (Ace) F1%F- ¥ 19 F1 {6 (Macro-F1) 1 g #
BRI Ebr . BT .

_ predict_true_num

Acc=H————""— (10)
total _num

Macro Fl=—s 3 Fl, (1D
Y |y

_ 5 Recall; X Precision;

Fl,= Recall; + Precision; e

Precision, — predzL‘th‘,r‘uerurnl (13)
predict _num;

Recall, — predict_true_num; (1)

true _num;

Horb, true_num; F m 5 BB T W R R M 0 B B
predict_num; 3% 75 WM 45 F & N R M 0 R B &,
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4.3 HERERW
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(DLSTMP 3 2 P H A7 B9 LSTM % & H 4537
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(D) TD-LSTM™  iZ 8 B X LSTM #5220 1ty B 34, i 7
A~ LSTM 2R 180, 43 5 4 33 05 TR #1926 A7 B R SO 6 98 3EAT 1%
By,

(3) ATAE-LSTM™ ;. iz 5% LSTM + Attention i f %
7 T 1 O3 v B R R SO RN TR L LSTM 2% )
W SUE B BRI Attention SCVE T 2 (4 3R] , 92 30 0 47 1 43 2K
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(5) MemNet™ ;| FH ¥R BE 3012 I 45 4l B2 44 R SCim
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F7 ML 1 RE 85 B2 BCSRL IR AE 56 T B4 O T AL AR
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S T UE AR AL (A R X bk AR R (1 S 50 B4 T )
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M 2 Py, PKABSA 530 T i fE 2 68 . 76 W5 A~ 208 4R
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73.48 1 76. 82, PKABSA ¥ prompt it 4 i1 J7 =X h H 2]
T 9 17 JE% A3 2RAT 45 v 30 T LB A R O % TN R
PR 2% 3 BE Ty o FHIR B ) LA O i 3 A 4 ) 4, — 5 T
5 Bert K¢ [ MASK | HU I 5 A% 1% 37l 5 53 — J7 T » 1% & 4] 15 155 Jek
e PE A B 1) B 5 OG R L 38 e SRR A R 0 O =X B S B R
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Table 2 Experimental results of comparative models on two publi

datasets
Comparative Laptops Restaurants
models Acc/%  MacroF1  Acc/%  MacroF1
LSTM 66.77 61.78 74.29 62.58
TD-LSTM 67.71 60. 25 75. 36 64.48
ATAE-LSTM 68. 50 61.52 77.32 64.99
TAN 72.10 63.10 78. 60 67.40
MemNet 71.79 67.07 79.96 69.09
RAM 74.49 71.35 80. 23 70. 80
Cabasc 75.07 70.13 80. 54 70.76
PKABSA 76.60 73.48 84.04 76.82

TETA LA A o, Cabasc #5550 76 9 A 4448 4 (19 1F 1 3%
SRR E] 75,07 %6 R 80. 54 %, X & O HAR I T RS FE & R
FRE AR AE B0 SCRY T R AL X R D T DL E R K
SCAR B R R AT A R TG 9 2 20 TE RS XA R R 1) A DR A
J LG B 4l gl gF LSTM + Attention i ATAE-LSTM, IAN,
MemNet F1 RAM ZE 4,

LSTM FI TD-LSTM 7 ¥ A~ £ 8 45 19 1F 8 22 43 51 ik 5]
66.77%,74.29% M 67.71%,75.36% ., Hf TD-LSTM i
T LSTM # %! {8 J& B 2y LSTM J& ¥ 4 B J7 T 7] F1 SC A 41) 1
HI3E BAF B . 55 4 LSTM 48 SCAS 19 7 51T Ak 1) 7, 2 2
B 38 SUF B &, IF BR8] F & 1 Biss B T 4%
P04 )R, B O, 3K TR IS A 1) S G R S A A AT 258
4.4 RIS
4.4.1 HREARF THEEEEHNH G0

AR TS A7 JER ) L A T R A R T o A R ST 8 sk SR Y B
W, W 3 T A AR B AR 2 K R T i AR A Bert i
prompt, 7E B A~ £ 4 & L 09 IE 51 R f Macro-F1 43 51 35 3
72.02%,71.12 F1 79.81% ,70. 74, 0 A B M5 B A%
PR 9 IE B0 A MacroF1 4y 1428 T 3. 21%, 1. 58 % Al
1.75,1.75, prompt i K 1 1 02 ¥ T Ui 00 18 8% 4 28 4E 55
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AR R SE TG I A AT 45 I [ MASK A 5 114 165 3 b 25 i) 48 2%
X prompt 7 A2 R i %] L 015 SR 23 JE AT 55 o B AT R L 8
7 SR T A A A S B 4 TR 4R L BV 2 i 5 BB Bere T B4 5
SR 2 B R U P B R o S A R I R] i e A 3R
ﬁ?ﬁ‘?* R P T L e S T A A o PR AR VT 15 S ]
S v %y 3] (7 P SRR A BE 1 T R R AR RS B U5 SR P AR
FoS A b T RS A A R SR

23 B BIUR 3 R R TR ) AR ) B )
Table 3 Effects of sentiment dictionary and topic graph attention

on models

Laptops Restaurants
model
Acc/%  MacroF1 Acc/ % Macro-F1
Bert+ prompt 72.02 71.12 79.81 70.74
Bert+ prompt+SD 75.23 72.87 81. 39 72.49
Bert+prompt+SD+ TGA 76.60 73.48 84.04 76.82

Bert+ prompt+ SD+ TGA i B 75 1 A~ $ 48 4 1 Y 1F i
R Macro-F1 4391355 76. 6% ,73. 48 F1 84. 04% .76. 82,
ORI 380 B O BRSO L, IE B SR M Macro-F1 4y
BIEE T 1.37%.2.65% A1 0. 61.4. 33, X EW N F WA E
TR SR AR A BB AL B el Ad wordnet TR 3K
B4 - v T 1) R R D) A I SO A e 3 R 8
T A1 U A I AR IR Y R R R O LR T S A A
SHFURIASE 78 2 37 B 1) S04, 45 B R 1l o A Bl im A B3 2
TRE 8 R AL AR TT DLk 6 IE B IR
B B A TR
4.4.2 prompt B 3 AR 4G 7 R

RAT AR E 1Y prompt XF 7 18 917 85 ¥ 4E 55 10
R E A FBE 45 B XA E B prompt # 47 T 525, &
46T prompt BEAR L5 BB 3 A7 B Do AR 25 19 40
B R R R B . (B 3 AN E A D AR 2 R M MR N
XN=0,1,2,3 #4708, LW RWME 5 Fx, H—1
N=0,1,2,3 0 , B Z M hir 242 HE T 2 nl Y1 2 iy = 85, 1 0
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Fig.5 Accuracy of two datasets with different numbers of

pseudo-labels

LEWRIE OARSCIEM T — A T AN AR prompt (1 77
T GBI A T AR A, i A AR el AT 9 2 i) B4 A 485 L T ) R
T D03 ) ST L I SCAR ) T R AR B A B U i
T AR R LA T S R BRORE R R Sl T BRI B AL AR £k
FR 8 AT Z0E R T2 B KR B IE A2 AL A0 RELU 41 5 19
BB PAAR 25 . SRS K38 0 wordnet 1R 3R HUH 19
A 0 YR a2 AP S AL A K A B B 1)
R T S A A0 R R R 2 3T 03 SCAE B B RO )

AGWEHEFTE T R5 8 4 )R G R R

26 T] AL 5L O 30 3 SR FEL AR L 0 K RY D RS 9% 1 AR 4 ) Y
L 25 e S5 380 o 719 SRR PE S TRD b o R A I 5 TR 1 R A
Bl 45 b, 45 T He Xk Lo AR 280 B & B9 E B R A Macro-F 1
(B UESE BB BT ROE o AR S S A AR H o BT IE B T 4b
FRHIR A prompt BBRIYMER] . T — 2 BATH 25 &4 5 m
A RO A AN LT AR IS B T A Y SE IR ROR

% x o

[1] DEVLIN J,CHANG M W, LEE K, et al. Bert: Pre-training of
deep bidirectional transformers for language understanding[ ] ].
arXiv:1810. 04805,2018.

[2] RADFORD A,NARASIMHAN K,SALIMANS T,et al. Impro-
ving language understanding by generative pre-training [ J ].
OpenAl Blog,2018.

[3] RAFFEL C,SHAZEER N,ROBERTSA,et al. Exploring the
limits of transfer learning with a unified text-to-text transformer
[J].]J. Mach. Learn. Res. ,2020,21(140) ;1-67.

[4] LIUY,OTT M,GOYALN,et al. Roberta: A robustly optimized
bert pretraining approach[J]. arXiv:1907. 11692,1907.

[5] JAWAHAR G,SAGOT B,SEDDAH D. What does bert learn a-
bout the structure of language? [CJ // Proceedings of ACL.
2019:3651-3657.

[6] YENICELIK D,SCHMIDT F,KILCHER Y.How does bert
capture semantics? a closer look at polysemous words[ C]// Pro-
ceedings of BlackboxNLP. 2020:156-162.

[7] HEWITT J,MANNING C D. A structural probe for finding
syntax in word representations[ C] // Proceedings of the 2019
Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies,
Volume 1(Long and Short Papers). 2019:4129-4138.

[8] PETRONI F,ROCKTASCHEL T,LEWIS P,et al. Language
models as knowledge bases? [J]. arXiv:1909. 01066,2019.

[9] CHEN S.WANG Y,LIU J,et al. Bidirectional machine reading
comprehension for aspect sentiment triplet extraction[ C]// Pro-
ceedings of The AAAI Conference on Artificial Intelligence.
2021:12666-12674.

[10] YAN H,DAI J,QIU X,et al. A unified generative framework
for aspect-based sentiment analysis [ ]J]. arXiv: 2106. 04300,
2021.

[117] JIANG Z,XU F F,ARAKI J,et al. How can we know what lan-
guage models know? [J]. Transactions of the Association for
Computational Linguistics,2020,8:423-438.

[12] SHIN T,RAZEGHI Y,LOGAN IV R L,et al. Autoprompt: E-
liciting knowledge from language models with automatically
generated prompts[J]. arXiv:2010. 15980,2020.

[13] SCHICK T.SCHUTZE H. Exploiting cloze questions for few
shot text classification and natural language inference[]]. ar-
Xiv:2001.07676,2020.

[14] HAN X,ZHAO W,DING N.et al. Ptr:Prompt tuning with
rules for text classification[]]. arXiv:2105.11259,2021.

[15] LIU X,ZHENG Y.DU Z,et al. GPT understands,too[J]. ar-
Xiv:2103.10385,2021.

[16] DING X,LIU B,YU P S. A holistic lexicon-based approach to o-
pinion mining[ C] // Proceedings of the 2008 International Con-
ference on Web Search and Data Mining. 2008:231-240.

220300279-6



A LSBT prompt FUHIE G SR Y J7 T 901 IS A

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

NGUYEN T H,SHIRAI K. Aspect-based sentiment analysis u-
sing tree kernel based relation extraction[ C] // International
Conference on Intelligent Text Processing and Computational
Linguistics. Cham: Springer,2015:114-125.

LIPENKOVA J. A system for fine-grained aspect-based senti-
ment analysis of Chinese [ C] // Proceedings of ACL-IJCNLP
2015 System Demonstrations. 2015 :55-60.

KIRITCHENKO S,ZHU X,CHERRY C,et al. Detecting as-
pects and sentiment in customer reviews[ C]// 8th International
Workshop on Semantic Evaluation(SemEval). 2014 :437-442.
RAO D,RAVICHANDRAN D. Semi-supervised polarity lexicon
induction[ C]// Proceedings of the 12th Conference of the Euro-
pean Chapter of the ACL(EACL 2009). 2009:675-682.

SUN K,ZHANG R, MENSAH S, et al. Aspect-level sentiment
analysis via convolution over dependency tree[ CJ// Proceedings
of the 2019 Conference on Empirical Methods in Natural Lan-
guage Processing and the 9th International Joint Conference on
Natural Language Processing (EMNLP-IJCNLP). 2019: 5679-
5688.

WANG K,SHEN W, YANG Y,et al. Relational Graph Atten-
tion Network for Aspect-based Sentiment Analysis[ C] // Pro-
ceedings of the 58th Annual Meeting of the Association for
Computational Linguistics. 2020:3229-3238.

TANG J,LU Z.SU ]J,et al. Progressive Self-Supervised Atten-
tion Learning for Aspect-Level Sentiment Analysis[ C] // Pro-
ceedings of the 57th Annual Meeting of the Association for
Computational Linguistics. 2019:557-566.

HE R,LEE W S,NGH T.et al. An Interactive Multi-Task
Learning Network for End-to-End Aspect-Based Sentiment
Analysis[ C] // Proceedings of the 57th Annual Meeting of the
Association for Computational Linguistics. 2019:504-515.

WU C,XIONG Q. YI H,et al. Multiple-element joint detection
for Aspect-Based Sentiment Analysis[J]. Knowledge-Based Sys-
tems,2021,223:107073.
LI Y,.YIN C.ZHONG S.,et al. Multi-Instance Multi-Label
Learning Networks for Aspect-Category Sentiment Analysis
[C]//Proceedings of the 2020 Conference on Empirical Me-
thods in Natural Language Processing (EMNLP). 2020 3550-
3560.

CHEN Z,QIAN T. Relation-aware collaborative learning for u-
nified aspect-based sentiment analysis[ C] // Proceedings of the
58th Annual Meeting of the Association for Computational Lin-
guistics. 2020:3685-3694.

BROWN T,MANN B,RYDER N,et al. Language models are
few-shot learners[ ] ]. Advances in Neural Information Proces-
sing Systems»2020,33:1877-1901.

PETRONI F,ROCKTASCHEL T,LEWISP,et al. Language
models as knowledge bases? [J]. arXiv:1909.01066,2019.
DAVISON J,FELDMAN J,RUSH A M. Commonsense know-
ledge mining from pretrained models[ C]J // Proceedings of the
2019 Conference on Empirical Methods in Natural Language
Processing and the 9th International Joint Conference on Natu-
ral Language Processing(EMNLP-IJCNLP). 2019:1173-1178.
HAN X,ZHAO W,DING N,et al. Ptr:Prompt tuning with

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

rules for text classification[ J]. arXiv:2105.11259,2021.

LIU X,ZHENG Y,DU Z.et al. GPT understands , too [ ] ]. ar-
Xiv:2103.10385,2021.

LI X L,LIANGP. Prefix-tuning: Optimizing continuous prompts
for generation[ J]. arXiv:2101. 00190,2021.

SCHICK T,SCHMID H,SCHUTZE H. Automatically identif-
ying words that can serve as labels for few-shot text classifica-
tion[ J]. arXiv:2010. 13641,2020.

BENGIO Y. From system 1 deep learning to system 2 deep
learning[ CJ// Neural Information Processing Systems. 2019.
PENG H,XU L,BING L,et al. Knowing what,how and why: A
near complete solution for aspect-based sentiment analysis[C]//
Proceedings of the AAAI Conference on Artificial Intelligence.
2020:8600-8607.

TANG D, QIN B,FENG X, et al. Effective LSTMs for target-
dependent sentiment classification[]J]. arXiv:1512.01100,2015.
DONG L,WEI F,TAN C,et al. Adaptive recursive neural net-
work for target-dependent twitter sentiment classification[ C] //
Proceedings of the 52nd Annual Meeting of the Association for
Computational Linguistics (volume 2: Short papers). 2014 . 49-
54.

WANG Y,HUANG M,ZHU X,et al. Attention-based LSTM
for aspect-level sentiment classification[ C] // Proceedings of the
2016 Conference on Empirical Methods in Natural Language
Processing. 2016:606-615.

MA D,LI S,ZHANG X,et al. Interactive attention networks for
aspect-level sentiment classification [ J ]. arXiv: 1709. 00893,
2017.

TANG D,QIN B,LIU T. Aspect level sentiment classification
with deep memory network[]]. arXiv:1605. 08900,2016.
CHEN P,SUN Z,BING L,et al. Recurrent attention network on
memory for aspect sentiment analysis[ C] // Proceedings of the
2017 Conference on Empirical Methods in Natural Language
Processing. 2017 :452-461.

LIU Q,ZHANG H,ZENG Y .et al. Content attention model for
aspect based sentiment analysis[ C] // Proceedings of the 2018
World Wide Web Conference. 2018:1023-1032.

DENG L. M,WEI J J,WU Y B,et al. Based on knowledge map

and circular attention network Perspective Level Emotional A-

nalysis[ J]. Pattern Recognition and Artificial Intelligence,2020,
33(6):9.

LI Yang,born in 1994, master. His main
research interest is natural language

processing.

220300279-7

TANG Jigiang, born in 1981, master.
His main research interests include na-
tural language processing and internet

security.




