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(1) &tXF HHT AES FIBFF0 772K RE M )2 15 5 2RI ATR 208 SCRFIE [ R, AR SCHEH T
— MR EE F FRE S SRR R RS 106 TR AR SRR AL B T N ) T E R AR
H/NEER TR RS, SOt IRRI T 112 MORRHEVE NG T SRR EE 5 FHRERIE . R,
RO RSO G R AME T TFVE RN RE S 53 1K 10 8, AR SCIEBUE A BRI 2% (TextRCNN)D 4
BUSTERAE, TEMZE 5] NI T TG A [ RS, 33— i bR SOE SO FE R Re
73, THETHE R X A1) 7R 2 UGB SCRRIE IR &g, eI a) TR S ERBR. &5, KaikE
B E PR S IERERHEAR RS, SR 5 0 0T R e B AR O ARRAE I E F T ) ot B o AR R 5
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{HIEF] 90.40%, )5 B/ AR AER RIE S 74.88%, WilF 1 HLAEA) 7 B2 284E 55 P 1A Rk
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Abstract

Language is an important communication tool and information carrier of human society. Language
education and teaching is of special significance for strengthening the cultural identity of the Chinese
nation, maintaining national unity and national unity. Chinese teaching in primary schools is an important
stage to consolidate the foundation and cultivate good habits. Writing ability reflects students' language
expression and logical thinking, which is particularly important for the cultivation of language and writing
ability. The traditional way of evaluating primary school Chinese writing has many problems, such as high
work intensity, low efficiency, long feedback period of evaluation, and lack of personalized guidance.
Based on this, this research takes the new curriculum standard's requirements for students' ability of
"expression and communication" as the theoretical analysis framework, and constructs a multi-dimensional
feature fusion composition auxiliary scoring model. This model aims to develop an intelligent composition
auxiliary scoring system by integrating evaluation dimensions such as word standardization, sentence
diversity, rhetorical devices and writing coherence, and to provide a technical solution to break through the
limitations of the traditional scoring model. The main work of this study is as follows:

(1) In view of the problem that the current research methods of AES fail to take into account the
shallow linguistic features and deep semantic features, this thesis proposes a sentence quality classification
model that combines the shallow linguistic features and rhetorical features. This thesis first collected and
processed the primary school sentence writing data set and the primary school rhetorical device data set,
designed and extracted 112 sentence level features as shallow linguistic features of sentence writing.
Secondly, in order to solve the problem that the mainstream text classification model has a weak ability to
recognize rhetorical devices, this thesis selects a circular convolutional neural network (TextRCNN) to
extract rhetorical features, and introduces a dynamic word vector embedding layer based on pre training in
the network to enhance the model's perception of the deep semantic features of sentences, and then judge
whether sentences use rhetoric. Finally, the sentence level shallow linguistic features and rhetorical features
are combined to extract features highly related to sentence quality and used for the training of sentence
quality classification model. The experimental results show that the micro average F1 value of the proposed
improved model reaches 91.54%, the weighted average F1 value reaches 90.40%, and the accuracy of the
sentence quality classification model reaches 74.88%, which verifies its effectiveness in the sentence
quality classification task.

(2) To solve the problem that the text coherence analysis model is not sensitive to topic information,
this thesis proposes a writing coherence analysis model based on transfer learning. The model uses an
improved negative sample generation strategy to solve the problem of data imbalance in primary school

composition data sets, and expands the task objectives by fine-tuning the lightweight pre training model



(ALBERT), so that it has the ability to comprehensively evaluate the theme consistency and semantic
coherence. Combined with the above research results and referring to the requirements of the language
ability of primary and secondary schools in the new curriculum standard, this thesis constructs a multi
granularity feature fusion composition auxiliary scoring model. This model designs three ability evaluation
parameters, namely, basic language ability, rhetoric use, and writing coherence. The expert survey method
is used to obtain the parameter weights that match the local teaching level. The experimental results show
that the finely tuned model can well adapt to the task objectives. ACC is 91.98% and AUC is 96.61% on the
self built primary school composition data set, and ACC is 92.99% and AUC is 96.63% on the open
primary school composition data set AICFE, all of which are better than existing similar models. At the
same time, by comparing the scores of professional teachers, the essay assisted scoring model can give
clear and reasonable suggestions and scores, which verifies the effectiveness of the model.

(3) The realization of the auxiliary scoring system for primary school composition. This thesis designs
and implements an auxiliary scoring system for primary school composition, which combines the Web end
with the mobile end. The system implements functions such as system management, homework
management, homework submission, auxiliary correction, and review results. The trial operation of the
system shows that the system can effectively improve the efficiency of primary school composition writing
correction, and make up for the lack of personalized guidance under the traditional correction mode.

Key words: Composition assisted scoring; Rhetoric recognition, Writing coherence; Multi granularity

feature fusion



AT R AL ORI 7 BH A R A= B

SR SO B ]

A NP A AR SORAE I I TG 5 N 2B AT M 7T AR KR RIE TR -« 38
Pefrgn, Broch ek sl A A AL, ARSI E HAlAS N E4a R R B S i 1wt
TR o REA ST TN B2 STk NS, 8 CAE SO AR 1 B A0 1 B DR R

R

R4 %{Qi‘ A (8] ¢ 2025 % 05 H 26 H

5 FH 352807 1]

ANGEE T IRA T R KRR AR S RE AR R B 22 AR 3
I 1) ) oK 8 A 1 i E M LA I S8 SO L3 RO AR T i - A RS 67 18 SCHE A A P 3
TEORAFIF OV B A B A AT B AT AR AR 2 G018 302 AN RSB e SR SR R R 55
ABCKE A AL AR SC R REURI 3 ST g R o DR 36 R 2 A8 SCPE AR o 8 FH A HILE

MRAEZS Y g/{ii‘ Bf (]« 2025 £ 05 H 26 H

FImZE4 i [A] - 2025 £ 05 A 26 H



BHx

T e I
AADSITACE ..ttt ettt ettt ettt e et e et e e bt eetteetbe e et e e bt e etbeetbeea bt e tteeabeatbeesbtetbeetbeee bt e baeetbeetbeanraetaeetbeasreenteensaenens II
B 1 BE 2B oottt 1
L1 BIFTETE FEBUTE Mttt 1

1.2 A AMIETEIIIR ovvooeveeeeeee s 2
1.2.1 JETIREE 5 AR VE ST E B FEIUIR o 2

1.2.2 FETIREE S STVESCEZIPE A TEIIR oo 3

1.3 FEBIIFTUPIZF oottt e 6
131 ARSI TEPIZE oot 6

1.3.2 FAREEZR B oot 7

14 ZRSEHLZULERA oot 8
52 3 FHTEBIAR IR oo 10
2.1 AESCEBIVEIIMEIER oottt 10
2.1.1 FEFIRIETE S FRFEIIE ST BIITIR oo 10

2.1.2 FEFIRIE S S T HIE ST IR oo 11

2.2 SEARTIARFRFEIR (oot 12
221 HISEAPTHIEE TR (oo 12

2.2.2 FAPEBRTETEAR oo 13

223 ARAFFITEITHT ottt 14

2.3 TAITATERET oot 14
230 FEF U IR oo 14

2.3.2 FET AL PILE AR BT TR oo 15

2.3.3 T IMGRIIBIZS TR oot 16

24 TRFE R SIREI oot 16
281 FETETTHUI oo 16

2.4.2 TG BRI BERT oottt 18

2.4.3 SCARAEIRBFTIHZE AL (oo 19

2.5 FPAIRTEE oottt 20
2.6 ARTEZINGE oot 22



B3 E BRI ERHE S B R A A TR I IR s 23

Bl B oot 23
3.2 BEEE SREIIRTE oo 23
3.2.1 BFEILIE G THALEE ..o 23
3.2.2 AP BRI FRAR LRFIE BT oo 26
3.2.3 FT TN ZRa] A B RN BT TR TR e 28
3.2.4 FRHEEHRE FAL B S5 A) TR B D T e 31

3.3 BETTETE oottt 33
34 I B G T3 AT oot 34
341 SEIRBIIELE oo 34
342 STEIGFRIE oo 35
3.4.3 WBREFIFARBSEIGESE TG TTIEITE (oo 35
3.4.4 FHIETRE SR FRE I FETILE T oo 37

3.5 ZRFE/INGE oo 43
W4 % BT EEERMES 2R ERERE PSRBT AL e 44
A1 ] S ettt eee 44
4.2 BHEEEGIETURIEE oo 44
4.2.1 BRI S THAEER ... 44
4.2.2 FETIER M SVEETTHE D HIREIL oo 47
4.2.3 ZRLERHERA TVESTERBIVP AL e 49

B3 FEIIVETE (oo 53
B T B TG T IT oottt 54
4.1 SEIGEUIEEE oo 54
442 SZIIRIE oo 54
4.4.3 EAEETE DT ZIELE R G HTEITEL oo 54
4.4.4 ZREERFAERLE VR SR PP A SEBRAE B oo 56
B.5 TREEIINGE (oo 60
5B NFEAE ST RBETEI oo 61
5.1 Bl B oo 61
5.2 BRBETTIRIIHT oo 61
5.3 RGETEIT ot 62
530 BRGEEERTETE <ot 62
532 RGINAERER GV SRR BETT oo 63
533 RGTFRIAFLFIRIE ooooeo s 64



54 BB TIIBESEIM oot e e e ee e e e e e e e e e raearanas 64

540 RGE TR oo 64

5.4.2 AEMZAEFFIBEER oo 65

5.4.3 AEMEFRATIRER oo 67

5.4.4 BHENHEBUBER | oooovo e 67

5.4.5 PPRIGE R BEEL oo 68

5.5 BRGTTIBEMER .ooooee ettt 70
5.6 ZRTEE/INGE oot 72
B0 B BRI oo 73
6.1 ZETUIMZE oot 73
6.2 FRIRIEEEE ..ot 74
BETE TR oo 75
BRI ettt 81
BB et 83
VBB TRTAT oot 84



F18 & BAFRFHREFMIL

%1% %t

L1 fIREREEX

TS ST IiE F 2 3R 55 #0E B B SCURFE 1) F Z A R 7y, Hh SRR 240
Mz OSEA. ZIEH (2017) 15 (BEBEFIEZRCTH#H B INRFRE S U L
TERE DY 48 “IREE S UM IR PR FREERAAWERANE . 55T
N RE IS FRE MG, RIGHE . BIEREKFAES REaieHee ), 2
REGRMEZEMRER, £ ANRKBA SRR AT BAREH. 70, £ (X
ZHEESCRIEARAE) 2 (2022 421D AEUWRTE AR AR 2 B T KB HIHTES
iz FHRE TR, DA EBUR B iAn 2 W0 B 5K+ 0 EALE & SO I EE B0 TAE, Tt
INER B SR EEEN T B S BRI R R R EE,

EYERIET MBI G, Kt JRI TR EE REIZ:, F-d 8 AT
IR OFE T RMAR G ZU PR TR MR R E W AT RSO, AFAERCR
IS VPO i e A VR AR HE AN G — SE I SE 1)@ . AESCH 317 4> (Automated Essay
Scoring, AES) 248 FI ] H /R 1E 5 4 # (Natural Language Processing, NLP) 5 A%} 2245
(VR SCIEAT B B PEAS AIFT 2 R #EB), AES B ARG DI W TFHLE 2= ST RlA 5 932K 05
VRWBIZE TR T 2 ST AP A I 28 D7 RBI  FE, TP B R X AES R SEHIHT 9T 22 i
FEMUESCITE & PR SR LTS SURFE, R FHR BE 5 2] T 00 VR SO AT 18, I 45 3]
YESCHI PG 73 . AES HORBE e IjAE Gt cloo7 U R BRYE, $288 SCARIRZ S B .
MR S AES RGN FEARRE. FEE I TR BIR N EE TR 2] (1) AES RGAEVF
—EOR, P MRS AR T H A C S BRI

R — PR BT, AU R FFHEME RN FRRR, BESEFE
IR G BHES e R . ok, EEEFE B U2 SRR 1 SR 2
FEEER, SIERFEHBIE . PO FEEE R FE. MR ZERNE S RIE T
BINT AES RGN R SCE CEMRIIMERE, WAL AR SCVE O AERA TR . MR T ERH
FARRE, FOCHR T 9T 15 SURFE S 1A ik T7 X B3P AE B
2257, E15 O B F0 R ME LB 4 8 A 2 SCUE ST PR 304, BRI, anfer iy it &
HHA R SHESCVEor 771, A E ST B X 73 BERARRAE, TR R S 5 21 07 14
BUESCHIRIZTE B B WA RIZEBE L5 VPAG AR SR A ok Hh SR ST B Btk i i) = R A

\\\\\
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1.2 EARIMFREIR

fEIR S MR RS, SR S E ROV EE AL, XTSRRI,
AMILfEfe it A BAR . DHE SRR e B, tBRESR = A I RIA VA T E /7161,
ST, R A AERCR RIS, FOMPPRAE SO S SR, AP B s 2 XE B
PR RK R, NTEAER I, RS SIERORIZH A, A s
AES 28BN B IRTE 5 AL HE NLP 7E 205 i 5 2 N ] 2 — UL AR Bk W T2 18
BRI 5V 5 2 TR B A S E AN 7 DR ST E Shvr 2 U K Fe AT i 2

1.2.1 EFXRES FHENEX BT RRIR

BT IRETE S FHRHER AES 75 Z 5 MR E W sth O WO MR IR, 18 X BeRR AR, fE
FEOULH R SCHEAT PRAL AL 208, o Bt RRARH (v, Re PR Hh2h AR SCAEE 5 2 T
WAL S ASE, A BT BN S A A S AR T TRIAFAE I ) R4 A . A B R VR TP AG . (HE
TR E SO 7 D7 B AT RO TR GRS 5 LR, SHE ST & 73 i A% 4 T i
RN, ESEEed7y 55 M DAAE R S AR SC R SR

(D) HETREESIHMER L

I LI FE T AR L 1) AES A3 B kL 50 K 2% Ellis Page #03% 25 AW & ] PEG (Project
Essay Grade) U, Z RGN T O RHEKE . (EXXKE. RE. AR
VR EE S EREERVE AR UE, (B TE = SCE . WRENE T HEMNAEZER, B
BoMI X EARRK, Z2I8E, MAFBESBWRE. ZRT EMELRES
TR PERE IR, F I AES RS0 KH 72T T8 BURFE . Burstein £ & 1 — 3K
) KA A [ E ST 4> R St B-raterl®), E-rater Wit bryEia P, O HT SCARR)VELE . X
ARLEFIERE, [R5 8 E BN UIRRRE . X RN VR PARHESR & A SCVP o Y, B
RIZ R G E I N TR RS, (HRNEEUGE SURHE AR TR, % T — 2ol R
SCER oS HIER T

GRS RO B B TR AR I 7 V2o VR SO AT S8, $R I T iR AR . ARG SRR
ik, R FHZAE BA ) T O SCEAT VR o G258 AR % [ A1 e 24 B H 309 R 4t PEG
MIEA RGEFATIRAN T, T-ERH =X E SCUF 7 RO 2 R 8= 18 5 2, I
X A 22 AR BAE VRS AT T B0, (H1% RGO ORAFAE XTI Z 8 SURFE R AN 2 1
), RGEAR RV PRk 82 B IRSEDAE SO IR AT YR, IR
g R SR R, FX G SCHAT T BB ARSI Al SR E R
FNERGERVE ST, AF S BT AR T BANTF A . RALIEUYE Rk ) 5¢
Wit T 2 N THHE, B 7 —EE ANV RSt 2SR G STHESC
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PR IR T R S A, Wt T BE TR B E RS E B RS, RS
AMSCERSC Wi WESES 2N 0, SRICh 18 SUE SO AR, et
IR T BRSO IR RSt EEM T NS EITREESCNSHE IR, %R
GRAE R E U T B AR

(2) BRA A MY 53 Z1E T FRAE R T

AT LEAE (R BIT 5E R WK G A FH A 2 X 8 AR Y 5 10 5 SR AR RE A AR T AES RGN
Ao XIVEIRUOHE H IR SRR, FhRhE TR T IR AR R BUTE SURHIE, $2H T —H
ARG TR HAT B ESCPR Ay o AR ST R T R A R 2% /R S PR A
BRI R IEMASE . SCASUU G fil 5 14 28 P 28 SR GE U E SCRIE . Cozma S5 FFFI0RF
E-5 A RN RN RHIE RS AT HEE0E SURFE, @it SEEIr, A RdEH 7 EAPERE. Liu
SN T —Fh PR Bei Y (Two-Stage Learning Framework, TSLF) , %7 V:A &
WS TR, BT A O FERE X I S DL SORERYERFIE, JF44IX 28 F ZhHE BRI RFIE
SFEVUNIREARS &, LASCBUN SCE E B0 VS . Farag SUSUG4) T 2 [1) i) 7 B
TSR 7 S BARHR S, A RERTE TESOF B PR RE . A RS Fe 55091 F Doc2 Ve
B X 32 @5 B HEAT SR B, [F) I 45 5 A0 VR R AR S N LR AIE DL R A6 R 4 W) 4%
( Convolutional Neural Network, CNN) FIHC KL 1Z M %% (Long Short-Term Memory,
LSTM) #EEURE S B, SHESC#ATIRI)

R ERrR, T IRZEET RN AES R%F ZH0 T N Tt BFeE, FRfbik
B A B2 5 B i B i B I A PR ROR, B4 I AR E =77 BT DL 5
Ab, R ITEARBG R EIOE SURHERAAE SO v, BARAER E 5t T HA —E M H
Yrfa, (HRBE KN HILA KRZERE. HAT, 2 THRIER AES RGuE 456 & 4%
BRAERF IR 5 N W E SO 5 T A W RAL S, BRE T MamM BB 5RZ1EF
FARHIE 4 BN E AT T A R

122 EFREFIUEXBENTIHRIIR

BT HRJRTE T AL SC B s T8 H RS SR R 18 5 2R, AERL
THARAE SCHUR JZIRAE SURFIE o AR, BEA BRSO PRIE SR T, VR 57 3] TR IE
BN LR, FETRE S IR SCE S SR IS T VF 20 SOk

(1) FETSRERIENTT%

FE/N I BURE AR SCVP IR R, B0 TR I RIE RNy iz —. 3
IO URFAE R F B R 22 N 45 CNN Hi 32 6] IR MERHIE, 286 & IEXE
PPoro TSP T Gl IEIR S SRR A A R 1 100 2 AMESCRFAE, X HSK
VESCERLEE AR SCEEAT I 7T, 4980 1 19 MR SR EERGR IR STRFAE, ke 1A SO
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W R TE S AR E TP 2 /) o X BAAZ S5 22HEAE ST A Vo RN TR
fiE, W RERERE SRR kB RSN SEEL TAERRN, SRR IAVE MR A
FARTE o A Ei T PSR IR L 2 ) W T o h s A SO R SR SR R AT TR T, O
FEOLTE AR BAE SRFEIMAAE SCH BIPE A AESS B T vHENLOE-5 N TP 2 [
WA . BB EPUE G IR A M4 CNN @G 465 1 AE AL BE S50 S22 A il DA S s 2% 15
BRI HE L AT 1R o SCIR SRS B 5 e n) B BT TR 4 AR SR FE DA
PN R FESCF ERETFIE . RIRIE FE P ABRE T VRN EOR ST B Bt A S &

SEESIE WS T VR0 BE A AR THEE B 0] 175 26 1R 4 HE A 2 . A i 2R BT VR B 5% 20 T
s AL G| R SETT B R TR AT RAAE IR HL, IRis F T/ NEE SO B 3 2y R 55

(2) FETCARETNEMN T

FEAESCVPRr i AR, SE B R PPl fR AR 2 — o B TR S IPESC A BT
93 TTEAMN T RESLF R XGRAE, SCE IR 3 U 5 M 281 55 5 B 2155 (S 0 122 el o 1)
FAHFAE . Tay 55293 s K AT IO 2 N 28 00 ) 1 [l = ) b R /7, $&H T skipflow LI,
I FH ) B8] e B AR AUk B B SC R AT A, R R BT 1R 3 DY PR R A IV 0
B0 A G SRS FRAIE 2 A0 e 3% BT 1 10 8, Mlim S5 00M T30 B B 2 o) 1 e B
e, @A) T RE SCGET M E B 0 E g — 7 FF{E. Farag H
Yannakoudakis!'$Hg tH | —Fh T Z AR5 % S [N 2 B RANE N LS, 12K P 2% 1K 74155
o) BARNEVE A A, FETIZ X 28 b o 2 SO0 R E B AR 4 . B B ANTAESS, JRZE
() BRL 18] % A 2% Wk 35 B v 1B TN T MRS Ay O HERA 1 . Aralikatte SEBUE T
Transformer % i JZ X 4 AN SCA i, # @ ORGSR ETE UM 2% 1, K s sy 21 5 2 il
], B RCEE AR I S SCAS ) 4 Ja 2 DM T EAf R o Jwalapuram 250B215] N H B 22 2T B
i, XA U EEE B SCA, @I B IE R RIS 2R AR E TR A, I 3h 9w
Fh 25 2H 8 G L S AR BDOSCACRIAE o TR RS 3 17 SOARTE XGRS o Afr s e, g SOAR T B
v LA SO0 18 SCES R IR 2 A, LGB R HBCRAAE , P 8 f R SRR I 2 45
FIFIE SR R IAT IR, BE T AZBoRIA R . BB EE N B LR 253% B N PAS I
HVOR R EERER, 107 iE L FRIE . LG5 AR AR R PP AS SOA ()i
BT

(3) T BEARVE 2 1 7%

Hussein SEBSIW) G | SCEEBARPE P P I 2B 1Y, 2R 8 3 ook 21 5 365 AR fi 48 I 245
KATHHIC I N 28 0 SCEE BT BEARTE I3, IR T 24555 S 7800 I 3RAR S AR
Iy MEYEFEVERIRRAETE 7, SRG & VP i s TR L R K i 244593 - Kumar 5B 2
fE555 21007718, 8 Dong S5B7HE Hh AR, B S A SCBAR VY 70 5 P IR TEE VT 70 AH
o8, S AVE RNV R EAE S S EAESS, FLUCR SR AIBRHEVE 7 A N R AIE S 8
RVE o B SCERFER N AT P, I e NS 245 B SO 2 BB ARV 57
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Howard Z¢B8E HiE M 1E 5 B RORAMESE, 8T 5 5] B $E T S0 R AF 5514
AEo REPIE N E =B Bl gryi e %07 Il o0 2 HRAE A 3 gl A A Adeid
SEHG R L REAH RS THIA VFI a5 00855 2 AGRE JT o 12071 e S RV AT . (EXR
P BB/ IO Mayfield Z£UO% BERT #EAT A S i 1 AR AEAE SCPP A 55 Hg3E
PEFIVERE . Yang S50 tHFA [ A AT HE P47 2K 50 BERT ALY . Xue S I &yl
SR ) AR e 234 (Bidirectional Encoder Representationfrom Transformers, BERT) #5
RV RHAETREES , RS 2 e 15 2 SR AN R 48 FE 18 SCRFAE AT P43« Sun 55142
et 7 —Aifs BERT 54/~ HE5 G775, Jlid BERT A S5 SCAAH R4 BA
e dm 5SROI, #58h BERT 3R13 B AF URFAE. Wu SFWBIH 7 —Fff BERT 5%
R A 256 07, R E SO i oGk 3R], F B BERT &4+ G B .
Rodriguez 544N ELER 13 JLAF H SRR 5 Ab R AU i o 56 12 1 TR 5 A7 BERT 11 XLNet,
BN H TR B B oo s o S 1B B PERE . T I A E B XLNet #fi3k BT
SO G B, FHE TSR] A B SR S AUE SR EE SR BUR B8R IREHIE, %77k
FEAESCH BIVE A 55 Hh R I H A IR 1R R

(4) EHTRIEFSHERMTTE

KRIEZF A (Large Language Model, LLM) fJHILEEY T N LR GEMRE /1L 5t

AN YO, H#EZh 7N TR 6 R ARAATF A AR 2I0R16Y, 2022 4 K AW ) ChatGPT

(Chat Generative Pre-trained Transformer) &% Transformer 22 1) A4 pl U P 25 K18
FEA, REHRBEREERENRNES, ERAFEERE S OHAE S IR 5, 7]
T #FELE . MEAR. SERBENHE. AE %N TR, ChatGPT 1£
FAEPPAL 55 S 1t T L 2% 52 9TE NS, A EE BERT, ChatGPT B3 115 5 A BT
W1, SR, ChatGPT IS HEEIE R TN, Zidig &R SCATIZZ J5, ChatGPT
(15 5 B AE AR SRR . BT HLaR ORI TE 5 A 77, Mayer SO0 7 45 HB A IR AL 35 1
BEAT /X 2B 5T, SR WoR ChatGPT A LA 25 N KPR RAH L HERG 17K o SR KIE &
BT AES (R385 REA R ZALH,

BJ5, Mizumoto ¢ TOEFL11 1HKHE, KA SRR Mo briE, R
T GPT-3 fEBAEF A T HMRCR . WA R K, GPT-3 P05 N TAT 40 1 — 8k
FAH 40% 4, HEEE BN TP S0 . Ak, K GPT-3 A2 i 73 H i N AL 25
T SRR B[R] VAR vp B s SR 1 e DG R A PR - Hackl S8R 1Al 2 WL 48 BF 740
BN, RE T GPT-4 ISUARVHbRE ). BEFT 4 KW, GPT-4 £EAN[A] I [A] SN
AR T REfs — B N PR AR e, 2R GPT-4 "] LAMEJy AES T H A2 B th4H
Yancey Z£5UR, 7 GPT-3.5 Al GPT-4 Filll —iE S5 E/KFHIGE S, KL GPT-4 7] 5 AT
T — BB R, RIS R 85% Ay, (HEARINIE SRS B SCERM . HItwT I,
GPT-4 X T SCAVHAL DL & B B AR KPPl B B B PERE
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F18 & BAFRFHREFMIL

LR EPTiR, UTEERIR L SRR S HR S Al & @R E, T IRES 1 AES
ARG R = ESCH B PF o PERE, ORI (I 0 51 NN I RFAE AN [R] 248 5 5
TESCHEAT SRR, B SCEDTE . 8t fRSeaRiAE. 7oh, BEETIZRIE S
RGN, KRBT FOM I3 R SO SCHEBEN LS, AEANRME S35 T xR R AT
i, #HAF T AR . BT SESOF MRS IR e, 3T 28 weihis
FEERFIERAAVE SRR, AR SRAE SO R iz AL Ve RE . B4, BB B RAERIE S
PRALAE A B DDA ) B AR KRR AR 5N N, AETREEIA BT T I MEAR RS (R
PHERE AT, Vit ia e . I, WHRRREIR L 22 1A SR S R A A A
B A OSSR REE SV, BEIM 2 B0 5 oK, WS R AR wl iR
FEPERN S VRN AES RS2 HERIB AT 1.

1.3 FEMRAR

1.3.1 AMXHRAR

AU T RAE TN AR S B VP20 DT VR T, AR S 12 80Uk B N SBiF Fe ik R 384T T
RGBT SIRN T, MR H AT 08 SO E S BP0 B 7D B XA 9 1 i)
W, ALSHHTRER O N FIE T RV FRIESK, Al a T RE. BRHEH . 51
R AR, W T 2 4ERERHER G VR ST BIVE B, /N E SOV R SO
RS, BN ST

(1D Mg BT AES J7TEAAAER REAINR Z1E 5 FHRHAE 5 Z 18 SURHIE) 7] &,
ASCHEH T — PR R E T PR SIS R R & 1 R) 7 BT E S R . 1 e R AR IR AL
TR T EEREE S Nl TR EE S, S RO B0 T . f) 3 AR
I 112 M RFHEAE N AT IR ETE S FRHERIE o 0 SO 7 R AVE T TR0 e
1558 m) #, JEIT 2 TextRCNN  (Recurrent Convolutional Neural Network for Text
Classification) BRIIIRIER N JZ, TI ANFET ISR h A 0] 7] & 5 465G I E S [ &
SRR R SCE SCREEIRE T, A SR SO, dEm RS RERIE . S5
Bl & AR ETE T FRHE S IERERE, FERRHESE G AT IR AL 3, Bhik 5 5) 1 i
A = U RFAE I, S\ BIBENLAR AR B TR AT 0 28, 15 206) 13K 5 & V20 S5 4
S ny, AFRFRZEE S AR A B A R, S0 S TR
RFEAETETIE R AAESS AT F RO BB W

(2) B0 W SCASE SIVE 7 B A0S 1 S BANBUR R I /. AZRH T AT T
R E WM B ARIE TR A B Y, A2 Y AE 0 T A PR B NAE S S B, i Bk
R AR A A ol SR AR R AR A48T 1) R, A 1B /N R SR SR R B T 2R &
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