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Abstract; To solve the problem of traditional classification methods requiring a large amount of labeled data and model overfitting in the

case of insufficient sample size,a few—shot cultural and tourism customer service question classification method based on prompt learning
is proposed. Firstly ,data in the field of cultural and tourism customer service was collected and organized,and question categories were

hierarchically classified. A dataset of cultural and tourism customer service questions was constructed, and the data categories were

customer service Q&A system. The experimental results show that under few—-shot data conditions, the accuracy and F1 score of cultural
customer service

annotated. Secondly,based on the method of prompt learning, eight different prompt templates were designed and compared on pre

il

trained language models such as Bert and RoBerta. The better performing prompt templates and pretrained language models were

selected ,and domain fine—tuning was performed on the text classification model. Finally,a hierarchical classification algorithm based on

prompt learning was designed,and the algorithm and the fine tuned classification model were applied to a museum cultural and tourism

and tourism customer service question classification reach 92.03% and 96.43% . Compared with the BERT text classification baseline
model , the accuracy and F1 score have increased by 5.77 percentage points and 5. 78 percentage points.

Wt 0 2 T ) 39 R MR WP 75 SR 1 Z AL, 2 58
R T 0 AR 55 5 L 2 X DA G U 5 1) 75 oK T SCIR %%

IR ) 2257 22 e R At T A A i 2 482 36 ST e i s 28R

Key words: prompt learning; question classification ; few — shot; hierarchical structure; question answering with cultural and tourism

MRS . M2 RGi4%
Y75 B H#A.2024-10-13

HE A 2B T il DA 4y
kR 2 n) 28 A e A AR AR R R 2 R
ChatGPT ,ChatGLM . Llama % JCiE = 15 B 7E SCA AR |
&8 B H9:2025-02-13
W57 1 R S B A 3

BHPE SRS DR s i g (H 2 A 4
EE&TE Py S pt AR5 H (2024GX-YBXM-548 ) ; [6 5 S0 JR) 2023 4 SCHIRHEHORBER ST H (2023ZCK026 )

EE B R EL(2000-) , 2 W EAF5E A BIFGE 7 00 ok L SR0E & A0 B A5 VR4 R IKGE (1969-) , %, #1852 , i 4, CCF %k 45 51 (R4757TM) ,



%55 3]

PSR - BT P e o] 9/ VRS SR 8 AR I 232K 05 v - 189 -

BE | RIVREARY AR A LA ER A N 2 (H N A N TE
e S ATEIE i T ) S5 R 2 AR A
w22, HAE U A R R G A S B0z L RE 1A
JE TR S AU N AE A T SERE RN TE R IR R ) 4n
ChatGPT 7E %\l 4T Hk LA b AT 4 1 38 75 L4, 5K
FESCARY HAT 55 L RORAME T RARi i e S 4
B U A R S U R I TA) 22 R S 55 A R A () Y 2
ZREOR S R HERA M A5 B AT AR R 0 Rl s R
I I 25 XA B P B B2 A7 A R B DR e 2 5]
ZHE T ORI 5

o 2R X R] 20 2 A 0 516 152 O 1) ) 8 P b A 4R A
28T DASR MM RA 1 28 52 5 2k ) A0 B A5 B R R
T2 SR ERCZEL B T [ 80 3 248 2 ) JE 43 11 B AT
55 o ARG [R] 53 AR TR Ay e T RIS 1) o 1 4
P FEREA ARG LT, IR 5 i T
R SR P B AR M IR B DA B BER N TAR EE AS B
T EFERET s Ry DAL )R, ANBE AR A 5 1 AR
B2 QAT e/ IMEAS B 25 P (A5 AL 35 W Wi AT:
55100 AT PR R AR PR ), 3 T A AR GPT -3
(e & KB R 2 20 N T /AINBEAR SCA Gy e v fifi
FRTEREA B D A O N W RS BN B 1Y 43 2R 45 51

ARG BIEH AR AR ) B B BUE LA
s A Y B F 2R 18 AL P ( Natural Language
Processing, NLP) ¥ R i9 & &, RWF 53 & 1 7 WA~ By
Bt U R AL G AL 2 S SR A R LY
SR DL 30T viterb B3 7%  SVM-KNN S35 46y
TR TR ZE RSN TARE TR, ZbBE 1855 .
Rifi 5 NLP fif 25 [ 25 B R0 f0 0 B0, 22830 1 FH DA poh 28 D) 4%
AR BB AIIERE | A 85 2] SOR 54T 55 Z B A R-AE
KZ H AT B AR AR 1 B I 25 R 45 BT 5 DL T
774 CNN RNN  Seq2Seq MiRI4E | Lai 2™ 481 T
& 4 T 42 B 4% 4% A ( Recurrent Convolutional
Neural Networks, RCNN) , & 454 7 CNN #1 RNN,
sk e NS 2 e el N o N & D S W 700 Y
AE , B A5 B Y T 5 5 e T R I 2 BE R R AL
Chen'"” B K528 T ] CNN i 474) F-43 24 H9 TextCNN
RS AR RVRRIE S IBCRE T o TH AR A2 Y
f B BG4 Jay 1T SCAR R R B 8 ) 1 22 () 18 44 R
KA, BEFARFR SRS O BEAzZ fhhe
ZMR,

NI RPN T AR ), W S R R
(Pretrained Language Model ,PLM) # 421 . PLM #&F
Kt ToAn B U 25, 51 %0 458 B T EAE 55 H AD i iy
AR B ORI 25 1) PLM, {ff HAR A5 X0 T AT
SET RIS . Devlin % HH T WA
1B Bert, B J&HE T Transformer 224 i) — F I8 B 3L

)R 3 3 R AR SCAS TR b AT I 25, A5 28 ]
DA%~ B BT R Ros , NIMTTE NLP 2% 284F 55 I
LS PERE . Bl S OpenAT K BAER T 2 Wi =X Bl
YRiB T LAL ChatGPT ™ R 41, B 45 AL () 1 AR THE
YN ZRECE FUASTALTE AN W (0 1 i | B ) S RO L B 2
SRS, S EUROR B B EOR R AR, A RE
UEA 2SR A Y R f05 FIAN B € 1Y R) 7, H A, « B
Nk A B9 B i Bl s A /Y e
AT,

P77 2 BE B T 23 MUK TN Gk 18 5 A 1Y 1 v
BB, T LARE V2 N T 4% AN 408, Wallace 42 fiff
FHER BE K Sk i & PLM #47 B b5 1000 (19 45 i
Schick %= 42 TR 2] i A2 T — R A
(21 B 2 > T vk PET, d i B 3R 20 R BB 97 58
NSRBI T ECsE 1 78 B J5 MR R 00 T B9 SCAR 7326
FUA SR & M BT 55 19 M B, Shin S5 4R T
Autoprompt J5 %, AI DL A Bl A iAo B A 5 |
R, AR R SUEAE 55 M AR 7R | HE T Sl i R 3
N B Zhong SR Y T — A R 42 R 1Y
OPTIPROMPT J5 i o flE (L 42 75 . Li 487 42 iy T
prefix—tuning, et PLM IS8 Bk T 5 ARIES
A AT 95 A O B AR E 18] B R T AR UE 55 Liu
SFPR T P-Tuning AR ) Bk Ak 1) 2 7R 1
PRI AR AL SR A B T, 52 1 AR
9 [ B A, {0 P-Tuning #5051 R7EEE — 24 A i 1 41
7, HABJZ BB R R A AR — )2 ORI 2 o T 5 AR
R 28 . O T BGE Rk, Liv 5572 )R T
P-Tuningv2 ¥ #Y  #£ P—Tuning £ 5 f) JEal [ XA —
JE A ) e T Sk AR AR 18] B A S 4R R, Mt T P -
Tuning FERU7EXERE w5 (94 55 _ESSCRA A TR) AL

2L EWFFERI, PR o 2] 5007 vk 1 45 T A R
AN TS5 B AL S SRR B R FE 445 A A
RURY R SCARBEAE Sy, TR T T NLP U AL 21 2% Fif
55 BORCR . (R, F AT 718 27 > B A SR 40 1)
TIVEARD I H AT Bt 00 5 U sOR 5 A $82 75 AR AR
BEXTRL B BRSO 7R 7 21 73 JEH AT TS B2 i T
— PR TR R 22 AT /R AR SR % IR ) 80 26 vk
( Prompt learning based Classification for Few — shot
Cultural and Tourism customer service questions, PCF-
CT),

WICFEE TR T

(1) BT —AM 25 3 000 2517 % [ 8 £5 8 1 5C
TR AR A1 A B 4R A0 SOR & IR AL RE B 4 1 i T
BRSNS FF X R S EATARE 5

(2)4&H T PCFCT J7 ik, Wit 1T —JE 53Uk %
I IR 73 2 B A s A, TR A O 2 B HE R G E



<190 - HEVERS LR H35 &
92.54% ; N TR B 2 S 30 6k [) RS 5 B0 #0001, A

(3) RIHZ WA 245% % PCECT J5 3 1 JH T3¢
TR &R R G e /INFEAS B 3 50 22 48 2 R ) 25 o
EISF 90.82% .

1 XHAEE
1.1 HiEEmE
T SCHE T B SO AL A 4 1t 1 2% R 1) 25 4R 3 et

T SUNR BB AE . AR A SO 7 A B 1) 4 i, X
PR GEAT 028 Bt 1T 32 AR HAp 15 AR
BO/NE T DR EIHN RIS, K1 R T
SRR, e AAHE B AL AR RS,
LHE P A SEERMERS I 15 SR T R/NE i TR
IR AN 2], FEUNE I BT A2,

N I TP PR R S | e |
| E ek ek i e | [o52 i e ] i Db | [Bimows] 1 [T
i A § [k 3 Do [ | i kobin ] § Touavrme] 1 [ 22k | 1 [Frensse] i [ BERAKRE]
i FZE:T |%|‘5zum*ﬁ+§m~|| vty (R ? iii% SRl e Rk i
AT L ﬂ RO e R R T T
— IM' ifj:flﬁfj JWR—'WJ [zﬁ%-gz ANTEUESE
: s JU DL - —
A5 ) f e SR £k EFigy R T 2 2/
[Faw |§ [Eran] 0 — ARG IR
I RN TF I 1A] 2k A el T B
|8 [t s | 0] | et P e
ek || o] P |00 B | P e s

A1
HARBRTEGE : 656, 2 T B0 AR 57 30 bn
SIS R 55 BT AR A B S , N TT0 T) REUR E
FY XN HUK S T B8 Ak 2] A0 AU, 32 2% 1)
IR A T F TAR 2 A HLIT RLACE RO 4841 ; B | e itk
SR B B SR
ICRAE T 1960 25 1P ) AT A AR B di
AL RERCHE A0 i FEAN 35 50 e OO 0308 1A 7 1 24

400

AR B IRF) AL K S Fe )y Rt

F0, IR Z T IR S5 26 Y S B0 2 2 3 000 25515
AT BN Y SE R K S DA 3 000 A% B Hh L I
H X R TR AL, 2R J F /NI [ R RS 2 A 7 A B RIAR 3
PR FH T 5 7 2 o 18] R S AR B 1 25
B, SRR IR IR 8 2 2 (Y L BE AL R 0 I R 5 K
8 2 JER T 32 AN RGP b AR

350
350 320
300
250
200 175
150 150
150
100
90 90
80 80
100 7570707015 60 7060 70" 7> 50 60 60 60 60 60 60 60 60 60 60 60
* 11 II [ |||||||||||||||||||
0
% @’é{k’e— R v\‘f\(\“&@x 4 %&‘6'&49& '/\,éa)‘% % “i(”@,g\ “E“P/(« @,/%/ % & )&%@' %‘& % 5 '\%7
é,‘f\ ) » (O\éé\% AN A VS DG DU ‘z{o@'\f@ RS % s % S & X &
& (\4/}{ @*ﬁ%@ % %@“ ﬁ%%@i& X {\S‘* ~3}‘%%’§‘éf§7¢§"74§s@ﬁ$’ﬁ}/y@(&& ST A& \\féf @/‘rf‘ THE &

&
£

B2 EAEagEaRkE

FET b ) R 8 BT A 2 ) DG R 1Y 1)
LA R 10022 2R GE R B M ) L, AR 8BS it i L S e
TP A8 DG SR 2 AR U, 1B T X I AR A 22
LA TARMER BRI . R 1 R 1R R
SR IOE R A 7 ) R R AR 28 58, OB 18 43 ki
THRANERGR LR,

1.2 PCFCT /3%
FESCRDEAT S A ES Q = 19,9, 1q, |

AP BN DK% 2 e Z D, MR 5
AL 55 Al g — AR TN ) [R]85, PCFCT J7 A 4544
Wi 3 s AR TR SR R R AT B, 8
PEA BRI A S g A7 51w R ) 10] RS 30 e 72
BIMASRRBER I , X RER] DL PLM T AR
55 USERAE 5 LU B, AR5 g PLM Ak B 2
ISR A [ MASK | 28, fieJm , il ad bn 45 e S 26
), RIA BT 1 F) s 26 e Sy 80 B3 1



%5

FEPRER AT R T B o B/ INREAR SR %5 IR 823280 125 - 191 -

o1 FRH 19 M A B ) 4)
K% N o ) e
i AT WK, R G — 16" S8 Tl S5 1E LR A A5 o iz
S S— uﬂ%,ﬁi TS WK | A E " 5 A B 45 AR LR A A BN T
iR e
I IN I B8 2l 5 T TR B ST 2 SR I WSS A
‘ . AT AFE ™ 12 T 22 45 7028 /A A S i/ IV L B 22 | W0 b
2 |y DI L (TR ) g = ’
Ny 2k 1 AT B (e ) Mg R 15— I I 4 4
g 2 )2,
— G AT AT IR 7 B0 A A 28 0 5L 77 s T e ™ 1 W 2 5
REAEH PUE S SR AL B A BN R — H T A0 51
7 S AN B F AR T ST AF I 6 R S5 g Al ) T
MR ARG O RS EL” | fd EAJR  He TR R SR B
4 B o E LA 1) 2] ) 224 4 . ’ ’
T 25 47 AT L ) 36 g 5 e 4 W R S
CifENGE A BA g 24 B 1 ARSI, P AT A A A
LISEES - HERNBES IR DA PRI TT LUE 2R 57 1% 07 6 ik A7 LA 55 J0 0, HL 3 029 -
- 16 % LAF L2 F BN g an o] g 22 81399048 Y 029-81399047
SEYIE R TR AR, A kR AL B NI NN
— TR TR ﬁgmwﬁn INCERUIER S 3 S TR SA SN
BEYT A WA BT 2R 45 1 A1 0 2 T 20T R AL 029-81399174
PLM
. HE| B HE| B
JH P il ]v —
i‘f P GALEN !

PN TY 2 ey

NI > S K

[ AU PR AERRE

/\ /

(~mmam

el

o ojiofal i
‘/‘\’ 1\5\

Crm)

| |

B 3 PCFECT 7 k4 #

1.2.1 MERTEBREHANELL

PR SR ik A2 HEAT 28 B, RIRS A R A
R S i AT A IR A TR o B 2 2] e E R AT:
55 R R A AR R AR B AR R T 1 A TR S A5 R A
ARFK B S o 122 3C 32 2558 2o 7 [ i A\ B 185 S Al 4
N L2 N TP b | DANE YA 0 e Wl 3 A
[l Q =“IBIhEN TR FHAT 0K K m i
A Z i A Fe 51 vh B A g A 51 BT SRR 02 Q,
=“BILENRESH RS AEE[ MASK ] 25" 7 PLM
AR A JZ T 7R AS A 23 38 2ot ]k A B S 28 R A 1Y 1)
S [H] 5 JER )8R AT 5 i A RS TE R T 3C
AHOC Y ] 6 R, AR B DL R B AL ik A G B 4
F7R o

B T\ R B, <Query > 2 b 1 3¢ HE

7, < Domain Keywords > j& 40 3 5C # 7], < Task
Keywords>J& AT 55 S8l 18], #Rfl 1 A1 5 A1 & bR ifE G Bt
i) A 2 6 AL AT 55 SC B  ABEAR 3 R 7 A
SR AR 4 RN 8 AL DA L I G R] AEAR 1 ~ 4
JE[MASK ] i FAJK, Bitk 5 ~ 8 & [ MASK ] fii F
CILEN

&2 HPBIH T A S A AR v A A\ R, P
~ P, [ MASK i FHIAK, P, ~ P, [ MASK]{ T
Ay P Py B AL E BRI G B R FLR R SR K AR
TSN ; P, | Py AL & AF 55 QB i) an 20 2555
P, P, AL U OCHEA]  AnSOR R E  IX 485 P, J2
[ MASK ] {37 F/n) A HL A 15 G0k AT 55 S B 1) 14 12 7 A
Ji; Py 2 [ MASK ] {37 T v HLAD 5 ST AT 55 G St i)
HIFRRBIR , P, ~ Py SRR I AREHR , FH R 50 T A



- 192 - HEPLH AR &R

LURRE

BRABETH A5 BRI AT FI P, TR R AT 702K

k2 RFEARA )

R 5 PRI SCA

Py ] )& T [ MASK ]

P, JH P 1) R T2 51 [ MASK ]

Py X SCR A1 i [ MASK ]

Py XS R 0 R [ MASK ]

Ps %2 [ MASK ] )8

Pg % A)JE T [ MASK ] 2EA 7 i

P, SOt 2 ) 2 v i [ MASK ][] 5

Py SO 1) T [ MASK ] 280 Y [1] il

1.2.2  ARZ&Fm

PR T PLM YT R I AL fy A 51
MR 31, 88 P I i S e S I E R, 38 5
PLM f 5 2 (353 BT I 70 BL 21 5 73 JAT 55 AH O 193
o1 o BRI SRR PR B SR A A bR SCfR B A AR
S A N A bR SCRYSGR

‘ Prompt templatel:<Query>[MASK].

Prompt template2:<Query><Task Keywords>[MASK].

[MASK] 4z ‘
FakR
Prompt template3:<Query><Domain Keywords>[MASK].
Prompt template4:<Query><Task Keywords><Domain
Keywords>[MASK].
‘ Prompt template5:<Query>[MASK]<Query>. ‘
[MASK] 42 Prompt template6:<Query>[MASK]<Task Keywords>. ‘

FaH
‘ Prompt template7:<Query>[MASK]|<Domain Keywords>.

‘ Prompt template8:<Query><Task Keywords>[MASK]|<Domain ‘

Keywords>.

G| mmmewr |

A BHEARE REE?

T
‘[ A [ cusi[ B[ ] [ A] B[ =] %[F] 7 1sep) [ M| @] £] mask][ %] . \‘

L

PLMi A2 ‘

1000000000000

B4 RFERET

PLM FEE A R SCfF B0 [ MASK ] 7
EMER K MbRE, it PLM i A JZ X 5 AT 51
HEAT Gafidh , N ARAR ] 3R |, SR 1 ARSE TR G A £ 2
118 A5 B3I, B PLM 4afi 2 th 244 2
2, B bt JE R4S 22 3 T R T R T 2% 2
R 1o A5 b Aol 12 380 S [ 7 8 2 () A A O 3R, e 2]
FHHE 15 5 RIR Sk AR R TN [ MASK ] 457 8 1Y) IE B A
% FUARBRZ T AT L 4558 — 4Ll B, A
JFAIEH Q = 1q0,q,,+ g, | IXLE RS N 3] — 4>
FREMEG z € Z ™ WRHIFRENEG NV, = v,

vy, b o KERFTIUIN G IR EIN A ER J5 2R AT TRAL B
PEEURRAE 1 12 5 i A B G5 g A R R AR 43 g 4
PREEBIEA[ MASK ] T HER K P ([MASK] =0 €
V.1 Q, ) ARG PR A o A AR 25 AR Sy B A 25,
[¥) R AT 55 788 B B8 ) AR 28 A 3 A AT 55, an A =X
1 IR,

P(ze Z1 Q)=P([MASK] =v e V.1 Q) (1)

il T b AR Q, 4Rk Q, 8 T
z =0, T TS FN R K T 2, = o, “ [ TETL”
JEO) 0 ME R T2 ) 2 o K B AR B v, S
LS
1.2.3  £3leed4

JE ) e = R — BRI T A AR
SR BT 5 F o ARSI T 1) ) A 5 A
SRV RIF2Z S5, WA 3R 5 5 1A 285 1 A T 00 25 S e S5
BRI TR L 5 I 45 R 5 TR bR 2800 AT %
L, 1% SCR FARR 45 43 AT 147 o 450K 75 3] 350000 2 J31)
5 80, A 2R 2 7R, A5 40 $5c v 1 25 01 B R e ¢
4

Y. P([MASK] =v1 Q)
P(Z) = arg max, _,(~~ A

)

(2)
Hop, Z FoR B, V. RN RS R, Q, %
71 [F) REIN A S s AR i B A P81, 3% SCHE T3 T
) FEUPR 28 o 1L ) BB 2 22 ) 4 22 B, 32 A2 S
TR R BCHEAT BRI A U 25, 0 22503 R

N C
loss =— lﬁz ( z label{log( pred;) ) (3)
i=1 c=1

Hrp, N2, C 2N, label /255 1 >0
RS ¢ DB ELHRE, pred; BRI i 4>0)
RS ¢ A2 0 TN ABE 2%
1.3 ETERXRSEEEZMERE RS
1.3.1 BkrHyiE*

N T BAE S5 R AT A, RGER HE R



%5

PSR - BT P e o] 9/ VRS SR 8 AR I 232K 05 v - 193 -

FREEH Gl n PSB85 A o ) R
AITEHE , AT DAAT S8 B7 1E e AN 2 5050 3 2R i, 24
FH P M SRR G f [l B 5, R AR — )2 TR 2 )
VIR S RO T W a3 36, 70 3% )2 BAR 260 2
J5  FUBZSE T S 15 0 & HA 2R ), A I B
FEAEAL SN NN (18 [ 850 257 58 i 1A [ 45 ] P 5 4
HoA 2], U FH 322 01 08 1 5 2 ok AT IR 40
KORBNAMEN 25, B FiREAE, HRNZES)
TARR T, AEREWT KR BEA
TZALRH, N, L, _category = { v, v, 0, |, L,_
category = { v, : { Uy sV sttty 0y, b, v, { Vyy Vs s """
vy b v, s Lo, HE BLBOEHE BT L,
categor 25l ; £ X RS HE T, B O KRB B A
RUE .

Bk Bk EE D

K H R A A5 Query

WA Ak - 28 500 10 25 28 SCHF IR Answer (o ) 5 W1 3R A2 5K
N kg PCECT J5 a2k 2 IR S R S0 SN T
L, path(Q) ,K =1
L, v, path(Q) K =k

il S M~ S S 20 S ) S G 21 P O R S S
Answer( v ),

1:for Q in Query do: //AbHFH 7 [R) 4]

2:v, = L,_path( Q) //%F A RIS AT Ik 432

3. printw, //%HH S ETZES)]

4 forkinKdo: //#ASFZAEA

5. ifv, in L, _category: //FIW =41k

Path(v) = {

6 v, =L, _v, _path( Q) //#EA L, JEHFT b RIF%
7. printv, //% i TS

8 k=k+1 //PE3AE A3, B bR 4

9 else.

10 return Answer( v, ) // 3R [R50 g 1 %6
11. end if

12 end for

13 :end for

1.3.2 HMERZXZ%

5T PCECT FHJZ IR 3 S S0 M #5104 SR
F MR IR I B R G5, AR A SR 75 Hi S sk 14 5048 4
Gy RTE BRSO s H ) R G AR R
5 s

X AR5 e 1 R L, 9 4. Q) - R A S 5
A« Q, . mh AL EA R EE?"“Q,. 565
BULEENZIATREE?", Q. Q, BT T2,
Q, /TSI H Q, J& T T IEM &K h b5
A, Q, BT TR P2 0, 8 TSy
KB 65 2 J0, X FEHEAT TR 19 2 R 43, Al LA
A 204 3 A AL ) RV VS 5 S v 0] 25 R SR AP TR 4 26
VAT 55 3 it 2 NI s e dg AR ] DU 7

PNZRALAL , B7 1k R R JETR AL , 4 i e 28 1) 25 A
P o H T2 v 1R 225 126 P R o [ AT X o7 5 fE—
BRI E 58, B DL 2318 1] 5 FH P 1 24 8 02 3 73 1) L
PRI e AT P S A 5

PiR

R HRN 1R

PCFCT K2
251 T

A

PSS

PCFCT/h
25 T

IREH |

B
5 AR RERRAR

2 XWEZRSW
2.1 EWIEESFMIER

PCFCT J5 i #l [n] 2 & 4t 1) 55 5 36 B R
Pytorch2.2. 1+cudal2. 1 IR 7 I HEQL S 1 = (]
Python3. 8 , £ NVIDIA GeForce RTX 4060 Laptop GPU
B PP W R E & 12th Gen Intel (R) Core
(TM) i7-12650H,, 7E[F]—FEALRI 7 i Bds 46 | il i
S 2 RO S EL, S BOR A E R — 2 S 8UE N IE
Kyl A, % 2 2 8L k4% /& Adam, epoch 4 30,
learing_rate f2& 3e—5, max_seq_len & 128, batch _size
=8,

K FH AP 48 bR SCAS G324 55 v i FH 00 oAl 252
(Acc) Ml F1 18, Acc /R IEWI 2R RIREAR S BAEA
B LA, B T AR TR A A Y TE A 4 2R RE T FL R K
B % ( Precision ) 143 [8] 3 ( Recall ) )98 A1 ¥4, 76 3C
Fh IS AN YA PR AR A T R S B AR B M
2.2 AE#ERNREERT L

Bt TN B 2R BEARTEA Al 1) PLM |
AT5CHS | B = Fh PLM ( 435 J& Bert .RoBerta . ALBert)
HEATRF O SE I, S 56 78 43 I 4k T R) RO 28 B 1
Bt . Bert B8 & F XL [A] Transformer 4244 47 IR
P SCRR AR A A R SR A0 PR A 25 Bk 41 T 45 A



. 194 - B 5 kR

LURRE

NLP 1T 55 #9 P 88 ; Rl H KA 9 TC AR 28 SCA K 8 , i
i TNk 2 20 18 5 R, HRR A8 AT 55 1 b 1 Hic 4l gk
ATRERL YN LR A00 | fiff L RE 08 185 10 3k S8 4T 55 19 e 28 5
3K, RoBerta BRI X} Bert #EAIHE4T T 04k, 5IA T 3l
S A, R B & 7 7 NSP A 55, 1 il 2k 53 Lt
Bert BB HUTE K, RoBerta £ AU 3 53— & 271 AL 1L 3
W AT s T o 2 THASE 0 () P i, ALBert ™ A5 284 J2
Bert 15 % B8 7 BT, XT Bert #5781 {8 204 ff T — 22
A BRI LT ORI O Gl SRR B R
THFEFIYIZRI R A IR, 6 3 F M 1 S0 4R By
22 J N [ ASE AR R 1E B 3 > PLM X B9 Ace
F1 {H,

M3 050, BT ALBert Xt 45 B 2R 44 £ 1 ek 2%
PERIHAE AR A 45 50 1 (B2 3 2RO A O3 4
P BT RoBerta Fb LAt PR AN 78 3 8R4 S 47, 560

UET RoBerta M eitiff$87F T AU MERE . i T E 0 Hr
[ MASK ] i B X op 25 iy s e IS T P ~ P,
Py~ Py XN =/~ PLM [ Ace “F-3¥{E, P, ~ P, Xf N
) Bert. RoBerta, ALBert f& % Acc ¥ ¥ {H /0 #) H
88.83% .90. 60% . 84. 52% , P, ~ P, X} I/ {) Bert,
RoBerta , ALBert # % Acc ¥ 2 43 %} 90. 51% .
91.57% .85.47% , M L o] LU i, Ak H [ MASK ] 7
FApr R N SCER R AR T A 2 RO B A
P, . P, B BERE, P, P, AP, P, 43 S AR A
Fh L B A 55 GBI A A0 O B IR, P R 1 Ace Al
F1AHA R 255 %) L8O, P XTI A9 Ace Fi1 F1 {H
FHXT A R, AR P [ MASK | 57 T ) o LA 55 45 sk
DRI FIAE: 55 SRR i), 43 A7 AT 0, ABEHR B8R PR 4, XoF
JF8k PLM k2 | 1T SCHRA BE 77 i, e 4 2%
MR R RGT

A3 ARERFHERFEEL LTI %

Bert RoBerta ALBert

(22

Acc Fl {8 Acc F1 {4 Acc F1 {8
P, 87.31 88.74 89.83 90.16 83.92 85.48
P, 87.94 89.43 90.51 91.22 84.17 84.46
Py 89.56 91.36 90.85 92.53 84.58 86.31
P, 90.51 93.46 91.19 93.74 85.42 89.97
Py 89.34 91.83 90.34 92.49 84.75 88.73
Py 89.84 91.75 91.53 92.13 85.08 88.46
P, 90.83 94.75 91.86 95.87 85.93 89.55
Py 92.03 96.43 92.54 97.94 86.10 90.61

& A TR R AT AR 5] P Ace A= Fl MARIEMG R EHE,

2.3 AEZFEFEILE

B 2.2 TSI S5, AT HE £ RoBerta £5 7
YE4 PCFCT J574 1 PLM #5580 | PR Xof L AR Y v A ik
T Bert [H3CAS 28, CH J7 15 /2 3£ F RoBerta B A fil
AR S AT, B AT e AT LA H 7 2 2T T
TR J5 P25 5 I B4R R AR Py« < SCHR P )
J& T [ MASK | 25 8 iy ) 0" g A7 %5 e o A,
TextCNN ., P — tuning Dl & Il %5 1% 5 & A Bert,
ERNIE"" 3t 28 J5 35 R A7 4) Fe 52 86, 369F PCECT Jy ¥
MM, TextCNN i FH 4 BURIZ W 4% (CNN) 42 1t
SCAR R SR R AR AR, I 38 i X SRR AE R AT 4 28 P -
tuning K B4R A4 2% b B S B A ) A, SISl B
A % ; Bert 38 1 W11 25 B9 3] Transformer A5 1>k A=
I SCAR I 3 ) e SRR R 4 26 R R AT 4
ERNIE 3 it 5| ASMER AR s KR i 77, AT $2
NLP fig J], 4 JB/R T4 Fh LTk 530 h ik i 5
B XF L4 3 AT LA ) PCECT J7 ¥ % 1] B 4328 () 300 R
BT M T3 T Bert AYSCAR 32805 4k, In AR 2%
2 JE MERR A FL B3 A3 T 1 5,77 H 43 MRS, 78

o 8 TR R,
(4 RRASEFEFEEIF %

Jrik Acc F1 4
TextCNN 77.73 85.63
P-tuning 84.34 88.57

ERNIE 85.79 91.30

BERT 86.77 92.16

PCFCT 92.54 97.94

2.4 ZBWERSH

BT 2.2 WHYSELIRLE R, P, X —2 A4 R AL
B FHADBNT, BT LA B R G @S B h L T Py
IR IR B T2 ISR 451 0 - 3 Ja T e Vi S 4k
HR [ MASK ] 28 SO ) £ 3% 1% ) 2 SO &% il
T [ MASK ] 19 1 S 200 0 28 45 | 20 $2 7R B R v 4
RN A FR LI MASK ] {7 F/a) v A 5 40038 R T 55 56
HEE] ZOC RIS DL SR 15 2B AN,
FHF PCFCT J7 ik SIS T 5325 525 5 [F B), RoBerta 151
AU E A PLM RO A, B LL/NIIN 25 B PLM 2y
N RoBerta A5 ; S5 2400 5 KA LRk B AR



%55 3]

PSR - BT P e o] 9/ VRS SR 8 AR I 232K 05 v

- 195 -

VAR PR FMER R Ace, AT RISHI/N R A

FOZE SR ()28 R GE R UMERR 2, I 1&] 6 Fs .

e | v e e | mm || om | wem
A | ke | o | | owes | we | i
97.76 || 94.12 100 98. 10 100 96. 88 || 96.08

ViR
IS
99.05

LT | R | X | R | 2| 22U
SEub || W) SR RS | Bk || W|| 2t
98.50 | 100 |f 96.26 || 100 [ 100 | 98.00 | 97.37

| 15K F RN PR 95, 14 |

| SRR 92,54 |

| WA RAVERE: 90. 82 |

A6
ML 6 T LU Y [ /1N S8 288 53 43 28 52 56 o i %
B (AR L | 3 RO A 22 51 G P o k2
FIEM A5 T 11 A/ /NS IR 4 25 (R B
94.12% ,FE/INIE A3 A Al R AR IR 1Y T /N2 dal 4 2
A2 20, WA A 2L SR IX R S5 SR 4/ NS v
R 0T LA E] 100% , PR A] Dl 23 2 8508 XF PECTC Jy
AW, N TR ARG, AR T
RN B/ INEUER 00 - BB Ry /NS 43 2 (g Ak of
W3R K 98. 14% 5 SR R A M MER R 92. 54% 5
AN B R ER A TR T T AR [R5 R G HER 5o
90.82% ,

3 SGRIE

ZOCHE T —Fh TR 2 2 I /INREAS SOBR % i
i) {14325 75 (PCFCT) |, b F % 7 i A B T SO % IR
[ 25 R R R 45, PCRCT ANy B2 K i B A v 50080 , 76/
FEARBAR GO , 58 BT SR % R S5 8k P 1) 7] 85 43
2 RIS R T PLM M3Z AL BE T, Wk /b T % R i
AT 55 R A B0E B JEH P n) BELRN A A [ MASK ] Y
PEIRAFAR DA RN R AL iy AP 51, Xt B R 47
AT 38 AT 2 T R ) e A ) e A A S R
)5 PCFCT W T 30K & MR IM& R4, SR,
TR T OSCHR A IR AR A IS AR B SO AR
PR SR T IR AR 1 N T A 1 5 8% TE AR TAE
YRS ST Anfar A B A AR R BIAR , N T SR G
AR B 2% 20 B VR A SO T 7T FH I 3G 58

S 3k

(1] & =%, X0, DT # ik, 5. R A S At st gi i
[J]. FHEHLEEIR 2021 ,44(6) :1214-1232.

[2] YU Wenhao,ZHU Chenguang,LI Zaitang, et al. A survey of

knowledge— enhanced text generation[ J]. ACM Computing

Survey,2022,54(11s) ;1-38.

YE Hongbin, LIU Tong,ZHANG Aijia, et al. Cognitive mi-

rage:a review of hallucinations in large language models

[DB/OL]. [2023 - 09 - 13 ]. https://doi. org/10. 48550/

arXiv. 2309. 06794.

[4] Twwie, b g el AT R GPT 8 A R X5 B

A R AR F (%)

EEEEHIEERN (1], H FAH 2 4R, 2023, 49
(6) :41-50.

AR, R, L4, %, 2T ChatGPT 3 5 A1 i & X
HAE T MBOR T RIS (1], tH AL AR5,
2024,60(7) :292-305.

EOBLERIRAN, EERE L ME R MR GART]. TR
HLE G ,2023,32(8) :1-18.

HWANG S, LEE G. Conversational QA dataset generation

[5]

[7]
with answer revision [ C ]//Proceeding of the 29th interna-
tional conference on computational linguistics. Gyeongju:
ICCL,2022:1636-1644.

WANG Yaging, YAO Quanming, KWOK J T,et al. General-
izing from a few examples; a survey on few —shot learning
[J]. ACM Computing Surveys,2020,53(3) :1-34.

[9] HE Kai,HUANG Yucheng, MAO Rui,et al. Virtual prompt
pre—training for proto type-—based few—shot relation extrac-
tion [ J].
118927.
BROWN T,MANN B,RYDER N, et al. Language models

Expert Systems with Applications, 2023, 213

[10]
are few —shot learners| J]. Advances in Neural Information
Processing Systems,2020,33.:1877-1901.

JBSEB%h Wl , X0 S T 3 B, 4. SCAR 4328 Prompt Learning
TR SRR Y] RIS W, 2024,60(11) :50-
61.

[12] LIU Pengfei, YUAN Weizhe, FU Jinlan, et al. Pre — train,
prompt, and predict:a systematic survey of prompting meth-
ods in natural language processing[ J]. ACM Computing Sur-
veys,2023,55(9) .1-35.

LIN Yun, WANG lJie. Research on text classification based
on SVM-KNN|[ C]//2014 1IEEE 5th international conference

[13]

on software engineering and service science. NJ;IEEE 2014 .
842-844.
[14] LAI S,XU L,LIU K, et al. Recurrent convolutional neural
networks for text classification [ C ]//Proceedings of the
AAAI conference on artificial intelligence. Austin: AAAI,
2015 :2267-2273.
[15] CHEN Yahui. Convolutional neural network for sentence
classification[ D ]. Waterloo ; University of Waterloo,2015.
[16] LIU Yinhan, OTT M, GOYAL N, et al. Roberta: a robustly
optimized bert pretraining approach[ DB/OL ]. [ 2019-07 -
26]. https://doi. org/10. 48550/ arXiv. 1907. 11692.



- 196 -

HHRHLEAR S AR

LURRE

[17]

[18]

[19]

[21]

[22]

[23]

[24]

LU Zhibin, DU Pan, NIE J. VGCN - BERT : augmenting
BERT with graph embedding for text classification [ C]//
Advances in information retrieval. [ s. 1. ] : Springer, 2020,
369-382.

DEVLIN J,CHANG M W, LEE K, et al. Bert: pre —training
of deep bidirectional transformers for language understanding
[DB/OL]. [2019 - 05 —24]. https://doi. org/10. 48550/
arXiv. 1810. 04805.

RADFORD A,WU J,CHILD R, et al. Language models are
unsupervised multitask learners [ J ]. OpenAl blog, 2019, 1
(8):9.

ZHANG Z,WANG B. Prompt learning for news recommen-
dation[ C]//Proceedings of the 46th international ACM SI-
GIR conference on research and development in information
retrieval. Taipei, China; SIGIR ,2023 ,227-237.

SONG Chengyu, CAI Fei, WANG Mengru, et al. Taxon-
Prompt ; taxonomy—aware curriculum prompt learning for few
—shot event classification [ J ]. Knowledge —Based Systems,
2023,264 :110290.

WALLACE E,FENG S,KANDPAL N, et al. Universal ad-
versarial triggers for attacking and analyzing NLP[ C]//Pro-
ceedings of the 2019 conference on empirical methods in nat-
ural language processing and the 9th international joint con-
ference on natural language processing. Hong Kong, China.
EMNLP-1JCNLP,2019.:2153-2162.

SCHICK T,SCHUTZE H. Exploiting cloze questions for few
shot text classification and natural language inference [ DB/
OL]. [2021 - 01 -25]. https://doi. org/10. 48550/ arXiv.
2001.07676.

SHIN T,RAZEGHI Y,LOGAN I V R L, et al. Autoprompt:

eliciting knowledge from language models with automatically

[25]

[26]

[28]

[29]

[31]

generated prompts| DB/OL ]. [ 2020-11-07 ]. https://doi.
org/10.48550/arXiv. 2010. 15980.

ZHONG Zexuan,DAN Friedman, CHEN Dangqi. Factual pro-
bing is [ mask ] : learning vs. learning to recall [ C]//Pro-
ceedings of the 2021 conference of the North American chap-
ter of the association for computational linguistics; human
language technologies. Online : ACL,2021 :5017-5033.

LI X L, LIANG P. Prefix — tuning: optimizing continuous
prompts for generation| C]//Proceedings of the 59th annual
meeting of the association for computational linguistics and
the 11th international joint conference on natural language
processing. Online : ACL ,2021 :4582-4597.

LIU Xiao,ZHENG Yanan,DU Zhengxiao,et al. GPT under-
stands, too[ DB/OL]. [2023-10-25]. https://doi. org/10.
48550/ arXiv. 2103. 10385.

LIU X,JI K,FU Y,et al. P-tuning v2 :prompt tuning can be
comparable to fine—tuning universally across scales and tasks
[DB/OL]. [2022 -03 -20]. https://doi. org/10. 48550/
arXiv. 2110. 07602.

FIEAE, 2 S8 MEARMS, S5 LT Z2HEM 5 12 A o] Al
GRS R AR S K& 2023 ,33(12) ¢
156-162.

LAN Z,CHEN M, GOODMAN S, et al. Albert:a lite bert for
self — supervised learning of language representations [ DB/
OL]. [2020-02-09 ]. https://doi. org/10. 48550/ arXiv.
2010. 15980.

SUN Yu, WANG Shuohuan, LI Yukun, et al. Ernie 2. 0:a
continual pre—training framework for language understanding
[ C]//Proceedings of the AAAI conference on artificial in-
telligence. Austin: AAAI,2020:8968-8975.



	计算机
	页 1
	页 2

	计算机
	页 1
	页 2


