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Abstract: Currently; 1 methods of academic assessment often fall short in accurately reflecting students'
mastery of various &ki owledge. Its evaluation process requires considerable time and resources while
struggling to achieve perS@palized evaluations. This research first explores the generation and application of ChatGPT
(Chat Generative Pre-trained Transformer) in educational assessment, aiming to diagnose, motivate, guide, and
intervene in students' learning progress using their academic data. Then, the study employs a Bi-LSTM (Bi-directional
Long Short-Term Memory) model for sentiment analysis of evaluation text and utilizes a BERT (Bidirectional Encoder
Representation from Transformers) model for text similarity detection. ChatGPT generated evaluations are compared
with those provided by teachers. The results reveal that ChatGPT's evaluations exhibit more positive sentiment, with a
text similarity of over 75.21% of the teacher's evaluation, demonstrating its practical applicability and potential. Lastly,
the study examines the risks and insights associated with the implementation of generative Al in educational
assessment.

Key words: generative Al; AIGC(Artificial Intelligence Generated Content); academic evaluation, ChatGPT

0 5|5 (Introduction) FEA ALFESREALTINR 30 F IR ORI A T Al L 1 2

SR B TN AT W, A RIS AR P A T R AR A 5
HOT 2R RO RSN 2 (0 ) AR, Ty ORI SR AP AR — S — 7R S W A 25 TR RE AN
PR RIS B KT 2 P00 3 3 R AR S AR UKD T AE — 2 s R« —Ja s B 2 A Jak B [ A

WieH H 381 2023-02-07
AT H . R RTIRH K EHE R = U R S ST H (GJS-XKT1901)



28 BT AR

20234F10H

N TR 3D S i o A | R i 7 S o = W N B = 2
(Artificial Intelligence Generated Content, AIGC) ¥ H Bl “hy X
S e AL T RIAT I R T SR L R TR B ) R AR TR
FALIRHA AR N T BEBE A X A A UV ML AN i AT
RN TE HL AT AR DT B4R S TR B0 S 15, O SE 4 il 2
AMER AR TR R AR TR SR E A A P Y
I EA EL R 1% 1 B (. SR FERE ] ATGC H AR L T
£r5 7% I8 Z M P R DAORIE HAE R R AR, D2 29 T f it
TR AR, AR SCHSE LA ChatGPT A, 45 & 2 T4 A4 A=
5T Bl ATGC FE22 VPP v 14 17 2805 B JEG IR, 1o %o
M
1 ETFERRXATEENFZLITFRERAR
( Research on academic evaluation generation based

on Artificial Intelligence Generated Content)

AR AN LA AR O A BE G 2 T T Iz i B
M. AR R ZE TP 0 — A F A, AR AR B A
T B AR 2] RIS iR A = Ab A BEHE B UM E 47
St R R EUE TR . SR ARG A D 1 5
PPN T = Ak E DA PR BT — 8 B 2 A A R
B FE2AE PP T AT ATGC AT 42 &5 T M0 R0 A 1, 7E —
SERRPE FARRAR T PR Th R R B B i L X A it
N TR RETE 2T v B R S AS SOR LS Y 27 A 2 2] B8l
VER A B IR X SE 8808 3 i A ChatGPT (— >R A Y
T D M2 WAL R Ll BT T34, Chat GPT #1745
PLECE B L BOMR B X 22 R 192 5947 0 3R, DS W R 35
T T4 AN DT TN

PR E R R E RS
(thER. R, e B, IR
JREATEE) B, BB 5ES)

!

Ve 5 5
Prompt(4R % PromptE
T
¥
HIN A BA
Prompt#;ChatGPT

1 FAE PO SO Ao
A A Prompt

ChatGPTAE
WA
'
PP A

B 1 2T ChatGPT &5 b3t A R A2 H

Fig. 1 Flow chart of a ic evaluation generation
baseMgn\ChMGPT
PEAENE N 2 A B AR U DR A5 40 % 2% S AR (3K

SR O R WG R T AR G R R E
T o] I R ST S 4 1L AR SCHIT S 4R A T —
B e (927 S 1 D055 A 16 AR O M B

Al B EA L
HY R R S TR IR B AN 3% 1 B
) W B S AT RO U A Ak B R A

SR A LB CRACHE 1 v P s LU B 4T T
R TR R O SO R i IR TR 0 B el
107 S b HR Y )2 0T AT LU S R A

N T AP A ChatGPT £ PP 3 X 27 A= (1 27 R ﬁgﬁﬁ%ﬁi 19 R0 » DT B M o 2 A 1 2 ) M Hhe AT O o

BAREATIE W i 8 S T UL RS A S A
R 515 ChatGPT WA — 1R, Hid,
FhSCA B, H H B 2455 ChatGPT MR 45 2 7 550
RE ST SCA Sy T PR AR R A 25 5 1 BRSO (O —

SN
JTRFE R,

AR HH B DR R IR A A TR ) R
(DTN ER #E F TP A R E R, TR
Pir2p A AR A RN, 43 BT 2% A XoF L e B ) 4B AR B2, [0 2 1)
RRRE ST, 2 3h 4R RS, LK IRR BRI S 5 4%,
(3) Prompt B4 i : 44 5 A 35 () Prompt, I HH E 5|
ChatGPT ABA = AP AT R, 6N, 2 —K¥E
ZIIAEBY Prompt, ChatGPT 23 F H N FBAR I, A= il —A~
SCAH XA S B — A E NSRS R X
2 R BUHATREA , 245 12 ) Btk el B A A OGSO
TR B 75 22 R 89 Prompt, #i & ChatGPT
AL A T SCAS S L o [R) I, R A B A5t 45 0 ChatGPT
A Y SCAR S A3 » LME ChatGPT dE— 30k AE AR,
HT ChatGPT B2V AN AR SR PR ANTAT 1 P
AR ER 4 T UCT Machine Learning Repository (Il #H
RZRRR S MWL 4% > B ) WP 1Y) Student Performance %X

U e IRIR,

%1 Student Performance $[3B4 h = & F £ F S HFIRTEM
FRUMEHE
Tab.1 Data of three students' performance in mathematics courses
in the Student Performance dataset

eS| 1 ¥ 2 K]
g Gabriel Pereira MouAsinbo da Moulsinbo da
Silveira Silveira
531 & 5 &L
LEWS /% 15 18 17
BERR AL B SR HoAh HoAy PR 4
PR/ IR 3 1 0
RSN SN 2 = 2
e RE/ IR 10 10 0
RASH5WRIMNES) = = 2
AR S EAT i 2 2
R 18 oy
A 20 4D) ! H 10
ik 2 538/ 5
R 20 49) § 1 1
WA R/ 4 i
B 20 49) 10 13 15
B JRACE 2Bt E /b 2~5 2~5 2~5

Prompt #4# 58 WU « LUECHE 45 v 45 i 0 DR rh B AL
TEAF =240 2 HE 2 ) Bl o ) K 4 2 2 A 2 ) e IR I 3R



26551041

MR CSCEE B T AR U T RE R AL T i B

——DJ) ChatGPT Jy 4] 29

PEHE VA B Prompt #i A %5 ChatGPT, B nf 158 = & A4 3L T
ChatGPT M2l BFA P25 S0
2 EF ChatGPT g2 3T 4 9 B 1 IE 5 54
(Validation and analysis of academic evaluation
content based on ChatGPT)
2.1 FMABERDH
T HT R — b R IE S AL B AR B B bR R B Fig
WA Py S 00 L U & 0L, SRS FESE R
HEAT IR A3 HT 11 20 S R PR 2 B R MO B DT A1 2 1 25 8 A
it . SR ER AR A TS DT 0 B I A, DA K
AN B IS B R . w5 R HT AT LA Bh AR 1T 9
25 11055 JRABE 1] 388 A3 7 5 T KSR W AG L RE Tk A VRN 5 Ak
] DAt bR LA A BH . 80 SCAR I I T R T LA 4y
1E W L3 ChatGPT A= BLATEH PO 5 FIZUM A TEN 25
R B HTA] LB /R TR & 1S 2RSS, X0 1 3
fRIEM B ILE S BEREXREE, FRA5ERSTA R T &
TRTE 1) (P R A 5 T G SRR SR 48 R s s U
FIPEA A 1) T 3 A BT Bt — 2 B ST HOE Y i
KA A TSGR . [RFE, AR ChatGPT A iHY
TP T, I 2 T B8 % Prompt A U IS, (5 H B 44 2
W A B 2 S L
AT BT BT AR A SCF R T SC A RIE =
FRFFIR B AE weibo_senti_100k YE AR , BLE IR & 10
7 22 2% Wb A7 b 1 A TR A A L L R I 1) B8 A £ [ 1
WAL 5 T ok, B9, XA o SCSCR R ST AL B, TR
i}i@%ﬁﬂ%uﬁ%ﬂzlﬁ%ﬂﬁﬂﬁ o, ffF jieba ﬁﬂF
W5 SCAY 43 A AR 4 iR (E%%wocab)ﬁﬁ%‘ﬂ
eI ¢

SPREE:s
. BirSTM {4
(BLIE IR €N
J A R HG —
(B-LSTM) , —4~
pout JZ (Dropout) , HAE

ARG R MERE . B T BN SCAR
5, IR SCAR v 1R S5 B L2
— PR R 2 (RNND [ A8 1, B
JEEA—EMIEILRE ). WA Bi-L
A AJZE (Embedding) . — 4~ B i
4 %42 (Fully Connected) H
RIS LSRN 2 PR . B 55 aIE R BT e A
I A JE R IR TR A R A TRl A . IR
B Al A B LSTM 2 3 B Rk A . g . K B

BORAS LT PHE M EEAE)S . 8T Dropout JZ 3 B #IH
ERETRRRETEE N < | 7 R U i = R L B T & i B 44
(BCEWithLogitsLoss)/E A4k B 45, I8 Adam {1 %%
TTSEEH .

v il %@é&ﬂiﬁﬁﬂ:—ﬁ*lﬂ R — R AR R
PREL. R — 2SI, B AR v (A 0 8§
1) MERIFCM AHE RN p . 335/ » 03RRI K R BT DL e
SR .

loss=—y * In(sigmoid (logits)) +(1—y) «
In(1—sigmoid (logits)) ] (D
Hor, logits FmBREIHH IR L sigmoid PREALBRIGZE L,
FRETRE (BUE R 0 B8 1), sigmoid ( » ) F/R sigmoid MR
B InC « YFRIRLL e RIEH BIRXTEL .

TETAL BREHE 2 I o B B 4 43 R U1 S A R S 4
Bi- LSTM I R 4745 B0 M7, 13X 2 TR R Bi- LSTM 4k B

Hanth
A

Dropout |
)
Fully Connected Layer ]

Dropout/Z -{ |

éﬁ%%{ |

f f f f

concat H concat ]1{ concat ]

concat J4 concat |

)El‘lﬂﬁ‘@‘)%’{

N

NI

| A S A
f

itz {
TN

B 2 BrLSTM HER! /2 25 44 B
Fig. 2 Bi-LLSTM model architecture diagram
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