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AR R REMO A 36 3 & 1L AT N TG O T Rk
EARIR,  AGARWAL 45 SR 4h &l WL 205wl itk
BOARMNGR FEE 25 STHOARH B R 3 UL 2> B 00 3 L il R TR
MPHA R ENEETBL —BAYWEPG. LB
EMPTIR G ED, hE AR UL EER . B
E R E T . HRE, T A 2 o5k )
A AT E B A H I PTAE, MBI 2R 7P ETS
Qe MIGXLEPRA, PEBIR T IE AR, SRR
PE, IBETSCON T AERLE HRTIA 1A AR AN AT B — E 2
SR HE G B gt TS TER BTG« AU SRR T
T BB, RIS VER DA B SRR B3, T
HEEIAR, BRAERERAME HPRERE#EAS
FEAIRLRE Ty T K45 3 R R, A AR . LSRR,
AR JUEYIPIG B2 B AL, (SIS T
KFBRBAEKRH. EERKELVIBIE K 5ORT it
LT, [ SOR R A B R R IR BRI SR G PR EOR,
SRR L R th LR A s I 2 A e T B DLSEEl 4


https://doi.org/10.11975/j.issn.1002-6819.202408083
https://doi.org/10.11975/j.issn.1002-6819.202408083
https://doi.org/10.11975/j.issn.1002-6819.202408083
https://doi.org/10.11975/j.issn.1002-6819.202408083
https://doi.org/10.11975/j.issn.1002-6819.202408083
https://doi.org/10.11975/j.issn.1002-6819.202408083
http://www.tcsae.org
https://doi.org/10.11975/j.issn.1002-6819.202408083
https://doi.org/10.11975/j.issn.1002-6819.202408083
https://doi.org/10.11975/j.issn.1002-6819.202408083
http://www.tcsae.org
mailto:xiaole@haut.edu.cn

5 24 1 =

IRRE: R S SR I 9 T R A AR R A R SR R T 5 191

By AR, A% mRCMIREES. B0, AT AR
R HEAT E DT, LIAN 2800 $1 i — s & R8s
THICH A B Ccellular automaton, CA) Tl 715, e
AT RT3, R T U B
FANG T HEFRKZ R, ok WARA gk i
FERRR S, @I AT R SRR . BRI A
P SO, ST AR HUREIN L FRUI RN PR Sy — Ak g

T UL B, fERE R A 2 e T F
AT E BPE ST, RS, K. SRE.
i E I 42 S ATE 7T R B o T I LU A 48 R S IR AR
AR e AT AR DL A SRR E 2 R R A TE
PR Ho, AR H BB PRI C R A B
K. Bk, fFEFHAEKKE SKM. BRI A3
BREIA TR R L, AW FORR EE S AR
FERHEMR RIS, Fdt— Dm0 R R,
RO 2 PR R I S K

1 HEXBEARFRIVK

1.1 ERBEHE

DRl S 5 B 4 FH T = DA SR SR 2 TRl A G RR B . AE
it AR 5 Ak, SR (Al R SRR B A B TRl A
[F) JRSS: RIS MR R B, AT 5 B8l AT ) S s A 1) R SR 5 it
TR E L. FHIMERC R 25T gt kst
B, LUO MR B BRI s 7%, MK HAE kL
R R FE A7 XF, R H A 785 % AR 25 A
e MR A SRR T . AR b, ERIgET
[F) 24 Ji IR 2 T) P ARG BE B SR D 70 SR G R SR R B, R g s
U BN [ JE DR R[] — 2 SR R SR s . SR, DA
FAH — AR F R, fEE—EMEIE, SASAKI
Sl Wi 2R RERY BIA W F GRS T, B8
HEAE SRR R OC S A0 T o) L R H T S IR Y P R
DN HER i R A TR O DR SRR, R R P T
— M TS B AT AR, BRSO OC R T A
MR ERER R RE . R, DL EERT SRR ETE
SOV R EE RNE R, WTREICVEIR AN R
() FRT DAL SR ML) o Tl I 20 5 A5 28 R HL i R A SRR g
i, TERTIEHRES B (NLP) /T4 F AT EEM
B . LI A5 R SRR A B TR 2R3 S A,
TR SREE VI, SO TR R R R R M. H AT,
R CAE S TUT S 1351 2 R . JAIMINT %517 2
T e P e R e T ke R BRSO R (1 V-
CausalDisco, FHHF 51 B 1S S A 2 18] 7[R 2R 08 B o0 R A
FIBCE RN B AR R, U0 PPl 2 B R DR R RN

e E R R AR B . AT IO R AT, FENG 251
AN 2 AR VP A5 i b 78 DA 15 vk DR A N B TE v SN
AW DR 3 — 2, $EH T — 4N CausalScore [ FE 47,
T sk A g S OGT 1 A e] J8  Ti) F R SR e R TR A v 8
AH M, I 3R B IX Fh i b B 2 T I 1 e 3 FR A .
TEAERRSE s, iR R om g B S 2R N A,
H B TR T R RS R 2 RE AN e, USBR B
R EMEUE S A GO, TR R RZE . A3
H4 K FH A 38 o BOR i s (w22 0] R, 3k — 2P 4R B
5 ) BT A ST E R R 2 A E ARG R
1.2 #iEEE

HAm R R WO EEY Y, BRI BR BB e A
BERIMME. TESEPRESH, B ORBE B SRR U 1 1 g
T OB F B R R, AR, o U R
EFEHR KB RA. Fik, EHHFEFFZRAELT,
AT DLd ok B S R AR SRS B . R R A,
P AR it 3 T T 4 A R B 2 3 i 44 o
W, ROROK R IN 7 S48t 7R R . SR ARES
SO FRATI ) SCAR 3 AT DS, AR ER T T8 LB .
WS SR R A RS I 98 U775 . STALIUNAITE 452
JE I [F) SCIA] B e A R B N SR BAT X P U SR, A
PR 3ok - A B PP R T AR B 30, TANG 2501 3y
— Rk G SRR BN S R G R TV, SRS T ORI
HEmEmEdEE. Bk, FETSCARERN T ER
RE 4 =il LI 2 A T DL S B 250E 5 AL 45 A8
MM, B3 72 KE. BAYER &P @it ##F
BN TG ISR EE, ol Rasthae, P bR
AN SCAAT 55 i B AP REAS 31 7 B E 487+, ZHOU 261
PE P, PRRAE G B SR T A R E A
FEAREE, WIADECREANHE, BETHTHEZ
BB P E I R w22 . BEETF LR, F
SEHUHE BE R BOR OO UE I RE A% XGRS Y 1) B, FEIZ
e RS T REE 2R . FEDER %5024 i) A #4054
REMPIRS, W KRG SR A SRR, BT
FE AR AIE ) T4 LAAS 3 B 5 K A SO A 2 2K 8% . QIU 251
WA A R S SO AT I 25 0] e T U AL o B O &
SUE FIRFAE, SR FH 45 A 0T Bl 27 3T 10 SR S R AL 13 4 R R AiE
XF5%, UERH T Fr T R AR B S i T IA T
SRTNT, IXECTTVEZ BN AR E AR S5 T i, M DU R A
AT R AT SO AR AR F A SR, R LLM
(large language model) SZHILE T4 By ¥ 1 I 5 S
A, AR A > B T 04 1A AR R SR R, DA
DA AR AR R R HEERAT 55 . i I I ) £ s
PALERAE, 3R 1K 3 PR IG a8 TR AT TR A .
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Table 1 Analysis of data augmentation techniques in natural language processing tasks
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Related research Features Deficiency
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2.1 HERERBIEEEI RO
AT FEE RE E EORUE T AR dA O R ST
(https://aismart.oversea.cnki.net/) « % £ & A7 ¥ i # 35
B (https://www.chinanews.com.cn/) DA SR £ K &
AR SR H, SRBUNHA ORI TE b . SRS
THAL B 5 B RO MR USRI BLZE (stored grain pest
events, SGPE), L% 4 560 5% K H =40 AH ¢ SCA B8l
Wi H BAHERE. FRIFBOOHURFEM, . FREE
3 AMRLEE S, 3R 2 R TR 3 O DG AR 1 26
I A S REAS 75l o 0 AR 2 e S B SR B AT B AL
FEOPHTIS , RI AT BEAFAE — € ORI T 22 o A 1% 1 22

JTT s HlE BRI T SCER BT AT R A TR, b, i
T OCHEREE 2 IR TN R R PRI ALE A
T8 i VO R A o SRR AR A -7 A1 ) ) i AT i ai
JCH L RO O, WA T AR A R
Bl b S BB R AR AL B L AL AR I R IR
MAEAL M A R RIA . HeA, BT R E
RERER RN, ERMR B EESIER LT, B
ETE I BAAEIE R R R e, BT RE
LM E I GRE IA RFEA . Rk, BFXT AR &
FAF R SR A AE (i 22 DA ST R S/ 3 BORE R 5 4L 7
[ L, ASHF U o S I SR AR, S0 1 2 R
B Ge RN A PRAEA IR RO, 38 B B A PR AR 3 R
P I HER F A2 AL fE

®2 EREREMRRG

Table 2 Examples of stored grain pest events

5 Hf

No. Events

UV St
Locations Type

WX AR PR BT AAA R SN, AR, REIE R LSS, SR BRIy HoR AR, R WS
Wogvs T i A A =

1
) L S F LKA, RO B2 U Tt 76 ARV, THEA R o RO Tk S AR . iy S
3 SR )/ AT B R R UM S, TS N AT A A R S R A, Tl
PR O B LR P, I F R P A RO PO AU, P A LA B E OB O o, It o MR R L TR o
4 5553, I M . R
5 R RIEIRE T, /N R R R 7 ST 2R, S EOR TSk . BT ik
6 SO 12 SR, TR, o Bk 15%~20%, 6 0 Kt kR 2 MR
7 TR A RS e, TR TR T TR BB, 2 HE R S 500 3T i
S PR T IE, MR e AT IR, BT ICREE B 2 5 AP AR, TUARRs R AmET. =4
9 BEALSREAT T AL TR , ARl ED R A R R 5 R I, RN M 10% FAAEE] 2%. wHT i
10 LEREAE N I B P BI85 6 B NI, MR B I T 80%, /N IR B 51 T B 5, )
22 RELHIEEBSERAEIH sim(g, p) = Eo(q)'Ep(p) (D

Bl i R T e SR R P A A DA b BN Ml 22 T 32
BRAEZ ACKAR RIS nl L, AR SR FH 204 3 8
FoR, M T Pl S 1 v ) DR R s LT

(CDA-ECS) . #ZJ5ik—30 N 3 MK B, 28 —FrBe,
KA PR RT IR A AR RS, 335 E A1 Kk
FRARL, 38 SOM AT & ANF) 1 55 BB, A SO A
RBN AT Bk T — PR TR B SRR, (1R KR
T BRI T] AR 4 R 51 A2 BT A SR I 1) - I AR SR A
XPAJFIIFREE: S =B B, R BRI R S5 5 58 AR i s
Bil-& FAF ERE, —RINGBIZE S A,
FOE ) B HAR I RURRHE, 48 S B A e AL B 4
HRHERR A, IR AR BRI R R AR Sy, JrE R
1 e

22,1 HERE RFHEE

AR TR LB VAR % A% (dense passage retriever,
DPR) P90 JATUAH 56 SRS A VT Bic 75 #E (¥ 4) . DPR 1 2
ARSI BERT b s 2Rk,  Bovk i o E, 141 2 1 5L
A B E RS B A d dE SR &, IR AR ON R Al R

(facebook Al similarity search, FAISS) A Bj 2k 2 [n) &
#=5l, ATZEMRER. w82 Eq R 4\ )
(question) B2 o a1 &, AR5 LA n) /5 m) 2 A0
() B 1) B AR B,k M AT & BB AR R AR,
ASCAY R AR AL I A AR A AL <

A g NI p ASCAREBLE; E, NBIE i 8%
Eo NI il 2% o

D(x) = (x;,y:) (2)
KA D) NATF I, x NINGEAR, BF—1
B2 A — AR A1,y N3 A R 6 A - X
NI T o XSTRE—MEEAR X, AEIE KGR 4 DPR 15
FIE(x).

E(X) = (8,8, 1) 3)

A E(x) N R 4% DPR KR 21 n A5 FATHE A 715 X
MR FHEE: 2 NATFEREHNE n NA)TF (n=1,
D, e R

4 7 f#i45 DPR REf K % H B AF ST 55 BT s B0 A) 1
BN AT IR, A S — AR/ m R4
PEAEXT DPR #HAT TN . il RS ECN: LR/
N6, BARFHIKEN 64, BREFEWN 0.01, FIH
4 0.000 02, YIZREEHCN 100, FEAN NGRS —A 1]
aqi, —NEFEARP, U n MR DP; . gt &
¥ [SEP] 73 b Al $2 0) 7 AU A1) T4, AR SCON R
MEARB AT A)FF 3R S e a1 32 7) 7 AR % A Fhx
BRI S, R AR N IEREA p . TR

C*={gi» p")(q> D) (Gur P’} 4
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XPCNIERAES: (g pa”) NIEHAELEEHH Fom MER, m=1, 2, - o

Y

EL¥iESR
1

4 N
EEEEEEEEEEES
p = :

TN ZRifs = A

, RIS

P: MR TR, 32309 R

P FORARSEH, ARZA RS

P R E AR P BRI, KT 9 - )
@O -® 0000 @D
PRI TR A, ATE B ' | A | '
H: BAR KR s, s,

e —

e Sy NEAAIT I P AT, S, NEINAI TS AN F, [SEP] AR F IR RRRF, P Fonaliga) T, HBRBERAT, Y ARSI TH
RSy, N

Note: S, is the first sentence in the input sentence pair, S, is the second sentence in the input sentence pair, [SEP] is the separator between sentences, P is a premise
sentence and H is a hypothesis sentence, Y is the causal strength score of the two sentences. the same below.

Bl RFEHBEEBOASHRERET LS

Fig.1 Counterfactual data augmentation-event causal strength method

I KES A (large language model, LLM) N it ot A A TR AR T AR A B AN B A N E ST 454
FEAVNGRFEAS T3 )28 B2 ANE SO AN B ), KHTANT o IXFEAL AT LA LR 38 50 B4 00 B &k, k]
ERfEEA, B h LS A BUR I 2 R . T AR R Tl 2 5 Y 2 5
TORHUEE R R, ORI E R AR B B A A
IR, M, ASCK GPT-3.5-Turbo F - 3 F # 4
KO AMFERES:  (Gur D) NTFFEARES A R B G R T v, AR R AR R BREAT BN, AR RO

C_ = {(511’ p1,1_7"' ,pl,m_)s"' ,(qn’ pn,l_"" 9pn,m_)} (5)

B0 ANGFEARIE m ARER (om=1,2,--) (T F AR, A BSR4 R B 1.

ARSI YIZE R 75 TE A% A py 1 16 18 2% ] o L RSk, B I B R Z BT top & M)
g AR TFERBS ST, TVE SIS RE A p, TR FbAiobinl. J20fe B S UG, HFHRECE B T ik
% ) FpUR ] B g, () AT TRE B ST, B0k 8 0 WA, R MRS E. b, ACfER

i i &™(gs, ) AR P BT S S AE B, 223K GPT-3.5-Turbo Xf
M%ﬁwwmww=4ngm§j;mwm (O JBUBKRAEHEATINE, I FLARIEIR R 5 20 S5 BT 240
i THATIED, AR I R SRR . SRR L R R

222 HRE RREZHEAER SEHE S AR I E 2 FoR.

HF ik DPR KA Sc il R B R4, AT T
FOBE 1 — M TR AR B SR AR, TR LLM RO RERi Rl e oot
AR S 2 R S5, SRR AR B AL A S

P={D, C, 0} vy A1) AT A

Rof P RFIIR, DR BAESHIE, BN LLM
BT TR EOAT S5 TR C R R TSR, TN gsmr
LLM 340t 7 A BUR HSLRREB], S5 B T8 S 7 5 =

P A AR LI T SRR
JEN, P8 X R SRR ARG o
g;?ﬁ#mﬁm%ﬁ!ﬁi.

0

SRS R REA

e A b g sl ‘ e

FRNZRREA B ST B O R, I 5 T 1R O A2 Bk

ST R FHEL. B2 R %A BRI TFARAN A AT
5B S M g ey v, RE AR Rk A Fig.2 Counterfactuals generate prompt templates and enhance

J A TN SRR R A R . AR, REIAE R sample examples

TERRE A AE T AR, e AR e RS RS e, 223 FHRREBETH
REMSARAE AL 25 O R AR F R HEAT I B . EAh, XA ITVEAE SR A R, AR T I SR B 4 D, K
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JiR 46 H R DAY B R 5L Do &9, TR BUHT VI 2550
Do A8 FH 1Y 5 5 10 A0 3 ER] SR N AR T T 250G S AR A
ALBERT #ATH0A, 8 AN E I SCA — Mo AR,
W BE A B A F A 2 AR R R, SR Tz A B
HEFL I HERG S, BB & AR 5 e S A v A 2 1]
R s B R AR T S . B 3 ORI B R A
B G5 .

B3 RE REHEEAEG ()
Fig.3 Example of stored grain pest event graph (part)

A BT T 2508 5 B ) R SR B E B vk R
NNC=CPLM (Sy, S0 , Ik NHAM B, 7RI
GRB B, B S GREE B B — A S R R OC R bR
2, B WA FA A PR S N T SRS S A
ALBERT, #{#J51:M: [SEP] HiiELLAM . AT
% BT+ [SEP].

BN SCAS B0 H R AREAS B U] e RN 2 R B e e —
N BT M ERR, %5, WMEER LT XmE
A E R R A R — N K B, AR
J2 388 T A EE R B X ) B AT ZR A e, DR S AR
IR OC RS, oA MR R S 2 i XA T AR,
TR BEE PEAL N AR 2 [ R B AAE R R K R

HH, ..., H, = PLM(S,.5,) 8)
A PLM A F i 75 15 2
H, = Pooler(H,,H, ......, H,) 9
A H Pooler At AL EEAE
C =o(WH+ b) (10)

AP WONBUESERE, H ONBINIAE, b NimE D,
WAL S 0 B A, ARSNGB Je R Z R H
RHPIKR, MIEFEARPIENEG 7. Fit, REFRER
B O BB B Chinge loss) i #5 1E A AS {1 748 K T
FEANBIE, T OREAR R FAE /N T R R E
L=max(0,a+CPLM(S;,S;)—CPLM(S!,5%) (1D

A LA RRE: oS, CPLM(S|,S;)®R Rt
FEA R RG4S 7y, CPLM(ST,S5) %7 IEFEA K] L i
257,

TETIBY B, 28 TN 25 R A58 224 B 8% %0 i i N 1) =44
XTHEAT RO, HiH— D%y el0, 11, s 4Rxt i) R 5a
EAS5y, AR AR EED EAE. Bk, e
B A I AR AR EE, w,=0.35, w,=0.31, wy=
0.19, w,=0.13, ws=021, W& 4 Fir,

B4 FREGHRET RFHBEEG (F)
Fig.4 Sample of stored grain pest event graph with weights (part)

23 NEFEEREH

PRI R 1) & T2 B A 17-10 700 CPU, NVIDIA
RTX 3090Ti, % PF¥55 Win 10 48, 64 i, Python
3.8 x4, Pytorch 1.7 HEZE, Adam fLfb#%, TIZRES
18 ALBERT [l 2RS40k 3 Fis.

x=3 NEEH

Table 3 Training parameters

NS Kl
Training parameters Values
it ) T 64
Encoder sentence length
B T R KL 0.01
Weight decay factor )
2% 3] % Learning rate 0.000 02
LA FE K /)N Batch size 32
ESAARIEE

Number of train epochs 20

24 HWERSHH

ERTE R T, REHRRERE, BRI

(CDA-ECS) H#h & #5877 (naive augmentations,

NA) . ZPF1655 77752 (conditional augmentations, CA)
HEAT T X E . NA AR 40 Ji 46 B0 1 S B 00 BaA], A
SR EER)FIE X, s LLM BB I EdE, 1 CA
fRT B A VTG SRS, kT Re % U3 S5 4R ) 118 SRR AIE 1]
AT ZE, HHPER LLM PAVCHED A5 o0s i A F.
241 NEHEERBER

AT UE B AR S F & D5 vl A, AR SCHE T iz A8 A
L2 44 10 R D) SR 9 3 2 o 4 COPAPY (choice of
plausible alternative) FiFATIIE, ZEIEMLS T 1000
AN T TR R U DR SR A . A, AR SCIE R T
COPA 2 i I JF & t ) BCOPA-CE ( balanced-copa test
set with cause-effect) U2 JIIREE, ZMREE G & Lm0 bx
Bar A, HIN T RRC KRR, APk
PR SR HE R AR . BRI 45 Rk 4 B

HH 4 WA, NA J5VETE COPA A& S T &%
UFHIRIL, #ERGRIAE] 81.5%, TMiASLJri% CDA-ECS ik
T L CA 1.ONE S AL, RIAR L VR LE L 3 a7 50 DA 2R
K FR AR Y R SR I OG . TAE T BE L PR
PE#¥) BCOPA-CE Hifa£E iy, P A 158 i i 48 3 3kt T B
51 COPA ¥ 4E FRIRIALL, 3 Pl 58 7751
HER R A N T 25.8. 214 F119.9 NE 4 . (HA
J7 CDA-ECS 18T NA. CA J5i4r Al it 4.9, 1.4
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ANE A, XRE T FLEE 2 R R E R A B
T2 A B B Y B
T4 TREHIERENTEHIEE COPA #1 BCOPA-CE FRY/ERRZER

Table 4 Accuracy of different models on public datasets-choice of
plausible alternative(COPA) and balanced-copa test set with cause-

effect(BCOPA-CE) %
WARZA
Method COPA BCOPA-CE
PMI 583 49.8
BERT 76.6 51.7
ALBERT 80.3 56.2
NA 81.5 55.7
CA 80.6 59.2
CDA-ECS(ATMF5T) 80.5 60.6

iE: PMI i BAG SR R TH57i%; BERT 5 ALBERT Jydk T Tl 4Ri%
SR AR RIS NA 5 CA HAHE 8 585 10 I 4515 5 R
RIBEEVIHTVE: CDA-ECS AT #E 7 VER 585 M T 2515 = BEAY R R
R

Note: PMI is a method for calculating the causal strength of point-mutual
information; BERT and ALBERT are methods for calculating the causal strength of
pre-trained language models;NA and CA for the calculation of causal strength of
pre-trained language models augmented with data;CDA-ECS is a pre-trained
language model causal strength calculation method augmented by the method
proposed in this paper.
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Table 5 Comparison effects of different models on the in
distribution- stored grain pest events dataset(ID-SGPE) and the out
of distribution-stored grain pest events dataset(OOD-SGPE) %
Tk
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Method ID-SGPE 00OD-SGPE
PMI 68.3 61.9
BERT 75.2 67.1
ALBERT 80.5 722
NA 81.0 70.6
CA 80.3 732
CDA-ECS(AHF5t) 80.6 75.6

[FIRE, 35 5 A JLEOE LA [ i R L A A 347456
2 5 al&, EMREE ID-SGPE &, @1F 5ilZEdE A
HRIFH—3ME, CDA-ECS J7i:4 ) i b A IF R
ORI R PERESETE, T NA ik TR As e, &
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FLE CA FTEMER R T 24 N E 5, 183 75.6%,
RE AR B A R SRR B T S ok B Rk, AT
ZETEIE FH TR SN2 A3 5T I AR R
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Table 6 Results of ablation experiments %
Tk
Method ID-SGPE OOD-SGPE
DPR+ GPT-3.5-Turbo (all) 80.3 75.6
GPT-3.5 -Turbo 79.8 74.1
TF-IDF+GPT-3.5-Turbo 79.5 73.7

i¥: DPR AEEREM RN : TF-IDF NGRS R 7% GPT-3.5-
Turbo AARSCEA I KENE AL (alD FoRIAE A7 B & T AR5
IR 24T

Note: DPR is the dense paragraph retriever ; TF-IDF is the traditional word
frequency retrieval method; GPT-3.5-Turbo is the large language model chosen in
this paper; (all) denotes that such a combined approach involves all the components
of the paper's method.
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Table 7 Results of causal strength
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Fig.5 Stored grain pest event graph with weights
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Calculation of the causal strength of stored grain pest events augmented
using counterfactual data method

XIAO Le , ZHAO Jing , XU Yunfei
(College of Information Science and Engineering, Henan University of Technology, Zhengzhou 450000, China)

Abstract: Stored grain pests have been one of the most important influencing factors on food security in recent years. It is
extremely critical to explore the grain storage pest events and their causal relationships. Furthermore, the causal strength among
grain storage pest events can be expected to more accurately assess the potential risks, in order to formulate the preventive and
control measures. However, the data bias in the grain storage pest domain can often rely overly on the surface features in the
dataset, leading to low efficiency with generalized data. In this study, the causal strength among events was accurately
computed and quantified using counterfactually augmented data. As such, the counterfactual data augmentation-event causal
strength computation framework (CDA-ECS) was designed to generate the counterfactual instances using a large language
model (LLM). The original data was then extended to integrate the debiased causal knowledge into the pre-trained language
model. The causal relationships of sentences were learned more deeply to improve the generalization of the model. Specifically,
three stages were divided: In the first stage, the premise sentences in the event pairs were inputted into a retriever to obtain the
top k sentences that were similar in style and opposite in semantics to the original sentences; In the second stage, a rule-based
cueing template was designed using the retrieved sentences. The large language model was utilized to generate the compliant
sentences, and then adjust the labels of the original event pair sentences using the samples; In the third stage, the original
training and the newly generated instances were merged into a new corpus to train together the pre-trained language model. The
causal features of the events were learned to improve the accuracy of the reasoning on the generalized data, in order to obtain
the causal strength score. Experiments on the public and domain datasets demonstrated that the more robust models were
trained with 2.4 percentage points higher accuracy on the inference task on generalized data, which was effectively applied to
calculate the causal intensity of grain storage pest events. The counterfactual data augmentation was introduced to represent the
data bias in the field of grain storage pests. The diversity and complexity of the augmented data were utilized to more deeply
understand the complex links among pest behavior and environmental factors, in order to achieve the risk analysis of grain
storage pest events. Nevertheless, it was still lacking human intervention in the process of counterfactual data using LLM,
particularly when the labels were flipped. The quantification of causal relationships can also be expected to improve in the
future. The counterfactual data generation can be optimized to further improve the quality of counterfactual data generation.
The finding can provide a reliable basis to quantify the causal intensity of events. In conclusion, an effective solution can be
proposed to improve the performance of causal analysis models in the field of grain storage pests. It is also expected to serve as
the more accurate decision-making in risk assessment and management.

Keywords: stored grain pests; data augmentation; large language model; counterfactual generation; causal strength
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