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Research on Chinese affective analysis based on model—-agnostic
meta—learning and antagonistic training

ZHANG Taozheng*, MENG lJiajian, LI Kang
(School of Information and Communication Engineering, Communication University of China, Beijing
100024, China)

Abstract: Chinese affective analysis aims to dig out the subjective emotion in Chinese text. At present,
most Chinese affective analysis models based on deep learning need to rely on large-scale labeled data
for training. Meanwhile, deep learning models are easy to be affected by adversarial disturbance in
practical applications, resulting in the degradation of model performance. In response to the above issues,
this paper proposes a Chinese affective analysis model based on model-agnostic meta-learning and
antagonistic training, which can accelerate the convergence of the model using meta learning under small-
scale datasets, and generate confrontation samples to conduct confrontat-ion training on the model,
improving the anti-interference ability of the model. Experiments have shown that the model has

achieved excellent performance.
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d'= BertTokenizer (d) (11)
Input = BERT (d") (12)
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QIR 5 XS BILSTM JZ WS4 6(0 EEALFE LSTM I

Rk 215 B b S ARES o), MKHE AR ME IE S A 201 7

BEALRI LR AL, 53 5K BUREAME 55 R 28100, FILH

MMES I LS50 0, B R AR B 5 B BILSTM
JZ I SE O TR BT TR R A (14)-(18)

O~ { hy, ¢} (14)

0 = Randn (0) (15)
fi~ Zm:BiLSTM (T) (16)
0, ;0]- a*V,L, (f,) (17)
0= 0 - ,B*V,)Ti;LTI(HT) (18)

Hodr, Randn (x) A S8 x AT BENLARIE IE 2543
A WAE 5 o o MAML N IR 38 19 5535 25 4 5 8 MAML
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B S50 S HM 2 {7 Bi% A FGM/PGD 2%, 1155
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x,, = BERT'(d) (22)

PGD B A4 TL A1 FGM, HAF FGM 1. r,, BY
INHII TR o, HAHA S FGM BT/ AH I
{H PGD 2> B & 47T K IRHL 8 , i B n=X(23)-(24) :

NS Vf (0"

+ a-VL(0'
Repeat (K )~x,,, = H%(Q)
2

@45 2 A RO A B x ., 7% A BILSTM )2 i
XTIl 5, BILSTM H 1F 1] LSTM 5 J [1] LSTM P
T4 AL AR, 3 E ST SN 4 b B T A
TEBEH, TR R X (25)-(27) :

{h, c,}=LSTM (x,,) (25)
{h, c}=LSTM (x,,) (26)

Feature = Cat([izi,l‘z_t}) (27)

(23)

(24)

Max JZ #4715 80 26, 19 B B A 25 38 TS A2
#(28)-(29):

h(x;)

SoftMax (x) = — (28)
2 PUCR)
j=1
Result = SoftMax ( Feature) (29)
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F1 KWIRE
TF R g e
RGBT 5 Kaggle Notebook
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F1 - Score = Precision + Recall (30)
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Batch Size 32
Dropout 0.5
AU 30
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% —24 A[F Batch Size FIXT L SEH . o T HIE
AN TA] Batch Size X 45 U R 1IE 27 > B8 1 W52 M), A SC 3k
HU BERT+BILSTM B AU 7E D B4 R, A 357 HoAth i
SRR, 43 5185 AN R 1) Batch Size #5471 XF LS5,
SEEEE RN 6 RN 11 TR .

F6 F—HILLTWER

Y25 S (B /D)
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Train Epoch

11 E—AXLE LW EER

2 6 FIEI 11 AT LA Y, Batch Size 5% Ml #5274 (1)
25 ) BOR MR T i 1T B[R] . Batch Size {ELad /NE A5
R 2 2] OR B (B R B B3I 2k R K s Bateh
Size {H 1 F I B SRAAY () 1 st (] B B 40 6 1, {HL R
TR B I IR 25 2 SR AR ARAR . SRR
H % &, X4 Batch Size (Hi% B 0 32 BF RN AIE MY,
Y (27 > SR AR HE Batch Size iy 8 1 16 1 IHgEAH 2%
AR, I L AR B 380, e RS T H
A VUL ; [F)BFR  EAARGZE A 7 B (] 7 W] 42 32 Y B
XTI AT UA 5 5 A 18 1Y Batch Size B8 22 THER
RN ZRR0R
4 AE PGD Y EHIIRBOT L LK . 1 Bk
PGD 515 AR R P sl O AR A 1 B A 5, AR SCHE R
BERT+BIiLSTM+PGD B AI7E D B4 T, fr 45 HiAh
SR [R] 15 B A 5] B9 PGD 0 3 U B4 T X 1 52

55, SRR A AR A 12 R o

i & 12 7T LA H, PGD 553 19 3 8l ik B0 4 5 il
IR . M sl kB S R 3 1), ROC Hh £k 5
by %y TR e A, A SO R o XM sh R G )
iiF, PGD 87 1] fig 23 [7] FGM B3 i Fa AR 3 i A, 5%
M A TR 25 5 M Bk B Z 0, PR Bl e ok, XA
R TR B P, ST LAE L IRE AE R
PSR ECA e AT 80U ¥ PGD 3.
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MAML BE75 A RO AR YL 84, 76 A [R] Y S 56 PR 55
T UL D, VE RN R B R 4E | 53 5 % BERT+BIiLSTM #
BERT+BIiLSTM+PGD % 78 IS AR U8 il MAML #£4 7
I, 13 B A S 25 AN 13 Frs .

& 13 0] LA, B8 38 i MAML AR 4 i L
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061

0.59 ——— A
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0.55
0.53
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0.49 / ;
0.47 /)
0.45 [ 4

043
041

Accuracy Rate

—a&— BERT+BiLSTM
BERT+BiLSTM+MAML
#— BERT+BILSTM+PGD
~#— BERT+BiLSTM+PGD+MAML

1 2 3 - 5 6 7 8 9 10
Train Epoch

13 E=AFLL LR

SEIUM ARFEBEN ALK, T 8IEMAML 5
XTI ZAR X A58 3 2 W 5 7 52 M, 6 R ] 1) 512 46 B
BN LD, D, D AE IR B 4L , DL BERT+
BiLSTM 52 51y Bk, X455 75 43-1] m [ sf 8 MAML
X BTNt 755, 15 B A SL IR g5 R an sk 7, % 8 Al
FIFTR,

x7 FMAX LD, ZWER

i R F1-Score
BERT+BiLSTM 88.02% 0.8767
BERT+BIiL.STM+MAML 89.58% 0.8946
BERT+BiLSTM+FGM 90.10% 0.9005
BERT+BiLSTM+PGD 91.15% 0.9123
BERT+BiLSTM+MAML+FGM 89.58% 0.8959
BERT+BiLSTM+MAML+PGD 90.13% 0.8999

<8 FEMALLD,KWER

A HER 5 F1-Score
BERT+BiLSTM 76.29% 0.5923
BERT+BiLSTM+MAML 76.35% 0.5931
BERT+BiLSTM+FGM 77.50% 0.6151
BERT+BiLSTM+PGD 76.83% 0.6447
BERT+BiLSTM+MAML+FGM 77.38% 0.6939
BERT+BiLSTM+MAML+PGD 77.14% 0.6311

x9 FMARLLD, EWHER

fBiA RTIES F1-Score
BERT+BiLSTM 58.02% 0.3688
BERT+BiLSTM+MAML 58.10% 0.3691
BERT+BiLSTM+FGM 59.29% 0.3775
BERT+BiLSTM+PGD 58.61% 0.3751
BERT+BiLSTM+MAMLAFGM 59.04% 0.3906
BERT+BiLSTM+MAMLAPGD 58.45% 0.3746

(DBERT+BIiLSTM: il ] BERT 4k Ji 7 ] fit , 15 A
BiLSTM ¥ 4 dE 47 45 ik 2 U , F1H SoftMax #1715

(2)BERT+BiLSTM+MAML:ffi i} BERT A i, 1]
i, 3% A BILSTM P28 iE 47 Rk S 1, [A] Bsf 78RR AIE 4
B & Hoin A MAML #4755 8 2 8008, 1 Soft-
Max AT B2

(3)BERT+BIiLSTM+FGM: fifi ] BERT 4 i, 7 [i1]
i, 35 A BILSTM W 2% #4747 fiE 42 B, [W] i ) FH FGM
SR A OO PR A G TR A7 % e I 5, A Soft-
Max 1715 525 .

(4)BERT+BIiLSTM+PGD: i F§ BERT 4= A F [i]
i, 76 A BILSTM W 28 347 ¢ Ak 42 B, [W] i A1) PGD
BRSO TR A X AR AR E AT X BT I 25, I Soft-
Max A TIFIERG 25

(5)BERT+BiLSTM+MAML+FGM: f# /| BERT 4
BT ), 26 A BILSTM W 2% 147 43 AF $2 B, 76 45 AiF
FEBGSFE I A MAML #4746 50 2 500 3, [] if il
FIH FGM B30 AR G0 A X A58 A0 1 47 X B il 25
FIH SoftMax 17 B2

(6)BERT+BiLSTM+MAML+PGD: {ii /§ BERT 4=
BT ), 26 A BILSTM 2% 47 4 AF $2 1, 76 45 1iF
PEBGL R i A MAML #E 4786 51 2800 8, [ i 8
FIIH PGD Bk A O HUREAS X B A 7 X B I 2, )
FH SoftMax #4784

MFET, R 8K 9T LA B T X Bl iy
o A % T LA A R fEBR R 5 F1-Score ¥4 AT 42
Fo D, AT I PGD X 4T I 2k 4 55 784 1) 1 1 232 R
F1-Score fix i , A8 F & il A% U £ F+ 17 3.13% Al
0.0356; D, LI I FGM X4t 1 24 4 455 780 7y o 1 2
e, A T S A AR T T 1.21%, 1 [RI B S T
MAML 5 FGM Xt Il 25 (4 5 784 1 F1-Score i /51 , A
T HERRRETE T 0.1002, D, LI FGM Xt
I 5 B A5E 38 1 M A 30 i oo, ARV T AR BB A 2 T T
1.27%, i [F BT MAML 5 FGM % #7111 25 i
AU F1-Score fie i , A T HERNBIAISE T+ T 0.0218,

ZRE SRR R T LUE I il Zrie A 2R
FHE R MERE , HF HAR4 T PGD 5 4 , FGM B3k 7E 4%
TESE 2% B8 SR AR 4 BRI YRR B4 . A
I A MAML 1 H (1958 2 1) 250 AR SRR
J7 T 5200, MAML 595 I 5047 XS 1) 2504 RN
D) 28 S RE AT A 08, TR A Ry — R 0 S s 2 4 B A
RUGEAT NS, P LI L3 fige S — Ffor o) 15 AU AR Ak 7
e XTI A% TP 1951 A MAML (148 RS (1) 45 bR 3
WA B ERTX G 2T DR o TEAZ X [
SEE A MAML 1 H 258 MAML 7842 FH 1580
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BRI, A5 < R TR AT TT A 2 5 X I 2 T SO R B T Y 39

YRR AT e T2 TP e &5 2 HEf
R NFRAE TR R R v LUE AR T BN
MAML A RL, 361 T MAML Ji5 (38 45 51 506 1R 1
b Y B ARR A A, B ARG 9 152 25 (B TE P 4632 BRI, O
HIEU T MAML (BB A9 48 bR I A 22 T iR B A
A REE AR Pt . UEB T MAML 78 & #5 H 5 4F
i 4 BRI 53X — 4 PR BRI T, R 2 A5 )
T2 R AR E A T

FARTE B IR = AR Y B T X R A
RUR A TSmO MR dE hn X IS K i #a B, (0
I ANHE & B, I 7 500 A FASE () 38 K D B B 331 1)
W Z WK IR R AR, D, W EBURE RN,
HAA PR B, X BB RLAE D, PR I
WAt M2, D, F D, (1K B T & | Sy
EFH LR MPCR 22T D, M BT D, 1%L
PEARIIE NGz AR D, —FE R B2 32 A 4L
P, X AL D, FASCR 22T D,

B WFSY ) FL A A ) BERT+BILSTM 3 % &K
i BILSTM [ 28 X} SCAS A7 R R~ >] , BERT B Z #hi
SR BILSTM #F471% 18%43 25 . BILSTM % 2 fig )1
AR, PR B s A FE B (3R, BILSTM il H 31
T ERVEREM AR ZS . RIS e SERE AR Y |-
XA T RR AL AL , 25 SERBABE R 914 R L 38 2 4R AR
A, ORI 2 8 HE A B S B A It AH XN B A B
FEAR

5 4ig

ARSCH SR A AL, 7EAN TR A1 K 1 L 47
NZRRIREA TR B A HER 48 5 F1-Score 4547 ; [F]
BRITCKIC A WR I T @RI RE ST, 1
#s T MAML [ REAS A1) 5D ) AR RS B R
Wk, ARSCRZEIE N I I A U Y A S S it T AT
7 18], UnG L ASKFHCYI S DI R T st O 6 EL S A B
AP R I AR IR LA BRI DG > 36 B A 2 T R M3
BT 55 I H a8 B Bz AL RE 155

FERS TR L 27 ) B 5 32 TR R AR SCHR Y
BERE R M AR B R 2 2 HBUR R F- &
EFEREAEH A SR AR L, AR SO
AL T, X B UI 2R REAT A5 TSI X 457 3 45 L 19
AL BRAE ST, WAR R JC S T0 5 > RENN PR AR RN {5 B =

{HAZ RT3 A ABORSE U B2, JAl T304 X
JLEA ) BEAT DR A BB ST, BAER THE AUR BRAE

SCAI, WA TEARRNE LTS, [ AR
FEALIE DL BILSTM AR A RRAIE 2 2 8% 0> , BILSTM %
2 BE ST BAR AR SR AR SO AL 119 R B

X F A SCHIFFE I Je 22 TAE , v LA K AN [R) 4580
L VEAT R B FH 2 F0E S O BE 5E  WF oS 02k )
TEZAT 55 ) 8L (R P 6 5 ) s ) FH RIS B8 K 1) Trans-
former, GPT F1 T5 55 #il Il Zk iF 75 1% 4 J: % #e BiL-
STM, 7E PR IERE AL 2% > B 7 2 88 B T4 T, B 58 %t
YIZRXT BRI R 1 42 TH IR

MR B AR E T A B A R R TR o
= SNy ey Sl S RO E N == S i
FT0, TR SO B BT 2 ARk 1) & e rhn] LRI A B
D7 R AT I 2T | BB A8 B AR X Bs e B (1)
S 5 ) Bsf Bt 25 A S0 SR T 2 9 25 1) 22 RE R 38
15 AT A 25 25 RS I 7 ] R J8 , AN L%
SCARAE B IR EEE G MG B R A5 LA AR A 1
Bli . ARG LR S EE T aTE
R B 22 S AR R, ST RN 4 I 0 R )
5 AT BT AT
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