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FoKENEMEE M B & AT AR LiMs 5 KEES, Ya % 5INT
GPT-Pat, Z&fi# T LLMs Methods i Pt = (1) 25 3AFN LLMs FIAS AT 5EME . GPT-Pat
X R ) SCAS B 1) AT B, SR S5 AR B A DRI H () 05 i B 2R R OSCAS, et
BRSO A S AR SO AS AR, 3X A LLMs R %) ATGC #2473k, %071k
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Fig. 1 Classifier Principle Flow Chart
2. 3 PEM Fabr
TR HEIR e B BAAE ATGC IRAME S RN, RAFAT NLP AR5 10 2
HEGERIr . JANIFNHS T AIGC IRAIESS 8 F 4R R, ARETN 7 K AR
et 7R
ATGC RAMESS A vl e TR G H R A A DU F
(1) PBHE (True Positive, TP) , U JFUGNEE AL AT, FEH3kE
S IR R FL I i AT AR BOCA, T3 28 25 B4 Wi R A% U 288 Mg BH A o
(2) M (True Negative, TN) , USRJFEIEN AR N, FEH5k
Fr IR R FL o NS AR SCAS, )4 SHS 3 R ey 249 VA 2R B A
(3) fEPHM: (False Positive, FP) , WIRJFEMHN A NRERT, J+H
O AR R Ay B AT AR RSOTAS,  T) J3 SAS4 FR i) S48 VA 2 A R BH A2
(4) A (False Negative , FN) , Ui JRanA &2 AL AR, JEH
O3 AR DR Ty BN A ESCOA - T 43 2 28 1A Wi 7 48 U 28 D9 B I
FH R MERE TR AR AT LA TP TN, FPL FN SRR, BHEER % (Accuracy )+
FEHEZR (Precision) « H % (Recall) . F11{H.
TERZ (Accuracy) & —NMEHKIEEEAE, & PPAGALE 50 28 ) 75 Hh B 44 13
MIERIRE J1HEhR . AEFRITHE AW T
IRy ies TP + TN
Fiti oAt TP+ TN+ FP+FN
FEUHEZR (Precision) : PPARBI AL AR TN IR SR AIFEA e PE ) Fa bR . i &
TREAETIN O ATGC BIREA T, SERFR BT 202 HAIER) ATGC SEnIFEA . A xin
B

(2)

Accuracy =



IEWSPEN AIGC it TP
B kel AIGC #icit TP + FP
HE# (Recall) « PRABLAYLE FrA IE T A D) I A 12501 o g
Tabr. BT E T REALU A IR A o5 SE R IR R BIRE AR B LA . P A Bl
(AvgRec) J&Z R 43 2 il b (1) — PP Fa b, T IPAl B AN [F) 289 1) 73
[FlZER . 7E AIGC RAIMAESH, F 25N HumanRec F1 AIGCRec, 43R
ISR 0 2o N A A T A s be ™. AR
ERE53240) HGC Ay

(3)

Precision =

HumanRecll = — (4)
Fifs HGC Ry%c:
BRI AIGC %
ATGCRecll = -0% - G (5)
Pty AIGC Ry%c:
H Recll + AIGCRecll
AvgRecll = qmanec 2+ e (6)

FAE: —NSEE TSR RE AR bR, SRS R FE AN 3 [ R A A3 4, (A
W2 P8 TR RS HE R AN E M. AT

F. =9 Precision *x Recall _ 2TP

1 = ™ Precision + Recall _ 2TP + FP + FN

3. 18 /Discussion
3. 1 £ BB MR KI R

76 ATGC PR 1) AL, 5 171 A M v b 1] AT ¢ 5 P B30 4 T 1 o 1 2 ki
— N HH L R 35 R ) F A e LA AT 25 R BI0HE SR SR A e ATGC iR 51 1) /8, A HIAE UL
SEAt AN ATGC VR RGN &% BN SR B o« 7 R e 25 (4 JiR DRI 7E - AR 5 N ¢
HEIEGR ATGC IRAMT S MEHELE, WHZT S MAEERIEEA Y 2. Tk,
KB E IR 1% B A DL bR

At — N AR B E NSRRI . AEMES . 28 EE
WZE, IXFEA BRI HE IR A ATGC R B iy (1) 73 AR = A2 o TE B A () Ak i 24
WEF, WHRE RS Erm. nEEEAEEEE L. HEIRIMEST, 228
EAZ AT PLR B AR S FriAs i, i i EE 2 A5 FISCARN R . [FRE
ML EAFNE S FIEIERE, NIRREES S REEM R R . R4 B8
T REATRE ST AN ERIRCR, XML REEHRE, MRS N
OEER RBIRAL T TR B Jr T, IR Il 2 P AR OO I B
DR B 8 A O R Z AL S R M SO (Aes . I B gelr) SR A B S
A, XABTRI IR HE M

B M IR BRI gER AT LR, — s Adm e %S R
PEEEVE A ATGC PN B KR, 1% T80 Z5 0 528 K Bds P 25 0] g s ok i
X R RS LTG0 K28 T REER M AT AL & TR I N BB, S8 AR TEDL S
R AN . R, FRATT 7R B N O B AR, (RAE I 2540 2R B8 I B B
% SR,

ZFEME: KRBTSR R, L RRe M2, BRI SO —
=0 #E LaMDA™ . PaLM™. Jurassic UL ROIE SR, HARAR
55 ChatGPT M EL S S o (HAE2EAR TN KR S AR A A s A A, 35 22 Bl

(7)




AEAH I T2 B8 AR BOU AR # 2 B ChatGPT AE Bfr), ASF T4 2R 281 K J . [RI,
ANfig 2 T R A B R BB RS XU, FRATTRIZ AN [F] RS 5 A Al
LRI, WERA ZHEMEINERE, 150 288807 DLR B 2 BOKE 5 B8 A o
XA, FF HBEWHRPIA E)E 5 B AR OO AR I B

3. 2 § X KRBT IR

BEE R —Fh 288 2 TTRE, FRATHT I Ve 11 Jas B 4 1) /830 A AR 7 28 2% B 1 i
M 5% .

Z AR IR BT 55 5 A A Rl Y BN NLP A3 1 S5 R HERR, AN
SIHIE T AR TEAEH 75 U] A 28 AR K, A2 75 L& N J B AR 22 A0 A 6] S8 i)
B 5 Rk B, B2 A 4508 AR T A 4 R AT ) ARV R e S AR R, S8 GLTR™
DetectLIM™ . il Roberta ™ & J7 vE A M} 5 AT IR BIAE 5 10F, PEREHI L T &
TR, XWNE 7T RESI A A VR . SEbr b, AR SR AR T
K HEZ R BEE A 25 21 AR TS SR, SR, SR EUEr & Ak ) R B A%
BAEIHAE S H, AR eIt iE vl sedE R AR . Bk, wrbOEE TR ).
I E &N ZAESS 5 ) DO R B [ st , SRR i3E 7 AR AE 2 A AT I
AT S BT .

PR S IR AMES: ARNES 2 A EE RN ESR, BFEE. WL, Ak
CEM)EE . PSR S TR EAE S PR AN AL FRIX e = R, I H A& W RIE T .
Yuxia ™ 5 Chaka ™ W5 &I, AENE S v REAEAE — S HITREE S, EREAEZH
BRI, AR EAEN GBI EF N 2R, R T IR &
BB R BT XA Y, T AR SR RRHE S SRR, S Se ik
KRR RE I T BB B JE I F A AU BN SRS ] DA AR IX Fp e L, (H
BN AE A R 2R B AR X 3 B 4 R BE TT RE S E ARSI R A Y
PR R 8, A e E AR UHETE 5 I OSUARRE, 7 REs SN RO, S5
LR N R,

BB KUE S AE B OCARRS, ATREG = B 1 B 3C, {5
U= AN SE R AN ER IS S o XA BE SR =4, RO T vk IE B B
B SE BRI S o WIRTCTE 7 HrISRAE B NSRAE b LA A B,
I H K ATGC H{EB R PP a2, st FECEMEIEIN, U o R ReR
KRR, BN T 0 R8s TS A de .

3. 3 RFOMERR I

VAR PR R AR T SR F5Y , RAT e T ARV bR
TIPEMMFEAR O B A, FREIEE T AIGC 432888 vPAhAELE, #3t—20 )8 KAk 255s
I FE, NGS5 I R A S & FER.

3.3. 1 — MV HBbR

A (Accuracy) & T R0 - A s A 52, AW ELU Hb UL %2 31
PR AR TN LA LU o (H, X203 SR A AN i i B4, R
7o VAT (R HERR AN ASS T v B R AE R R 5 A8 T R, SR AS ]
R BEANE Y BN AEE SRS . £F ATGC IRBIMES T, FdE4Ed AGIC FEAE
MmN MR EE, R 22885117 ATGC FIAEAR 2 20 L5 TR 71 HGC
N

FEIIR (Precision) fEfREREEGIRIRIIN Y sH CasERND 2
—ANEEIRR, Y—MEARARNE T AIGC, THHEZE N ATGC, X/ MR S5 G4
FEARHH PN AL (P54, X TR T 553 R BOR T T 52 o 2R R B SV RS i 2R



B, mIRES At A R, SRR
HAE#E (Recall) JPAHMERINTELSL ATGC REA IR AIRE S, 1EKFIAS T4 (1
HmLErh, Recall W] ULNHEGFHN S BB RIAE /DB F PR RE, 8 fid B2 O+
DL 2 T HE D E . AEEAE AP IE LT, S Recall WRERZK
AR R] T TN BE 2 AR AR IR, X SR AR AT RE AR R, (Klk, FREL
5] N\ HumanRecll. AIGCRecll. AvgRecll Z£¥8hr, & TPALGEALEH B,
3. 3. 2 FELEM Fa bR
BHAETRME (Negative Predictive Value, NPV) 24t A2 Wriia 4 B 4
g RS BRoNBE R LO . AEX M OL T, B RN AT A HGC F 1R
T, FIERARE AR Z /D8 B k. S8 a4 b A4,
NPV AT DASR AL B 4 i A B A e v AL, RN BN TR 1 4 i T0l 248 o) P v 12k
HAAN:
R4 HGC A% TN
V = =
A5 HGC fgikt TN +FN
H A2 (True Negative Rate , TNR): A B tH#E R N4 514 (Specificity),
& T VA AR AE BT A7 S Bom B N 2R A BRE AR o, Sl iR ) H ) NS A R A T
kL™ . AR

(8)

_IE#YER HGC il TN

4 HGC fiysit TN +FP
BFHTE% (False Positive Rate , FPR) : H T8 NRA I FEAS i 45

eHh 3 FON N T R A I FEA LU . AR

BRI AIGC 98 FP

~ fiH HGC fy%ilk  FP+TP

A% (False Negative Rate , FNR) : HT#&ELPre N LEGEA K
HIREAAB YL A R TN N R I REA LE . AT -

R HGC s FN
itg AIGC ¥ FN +TP

AUROC (Area Under the Receiver Operating Characteristic Curve) :
H Receiver Operating Characteristic FHZRIES A, HH TH &R RYAE A ] K
H IR, AT
1 TP FpP
AURoc_foTP+FPd P iTN (12)
3.3.3 &%} AIGC 43 K AFPALHESR 18
NUERAVEAS 7> KA AE R A ATGC JTTHIHIRE /), S8/ Rasvrflideis, AT
R T AIGC 7 KA VHAEHEZE . W RER N H Faok &, 70 Tr ks 5 &K
AIGC Z [AJ I NAESR IR, M T RGUIEVRAY ATGC 70 KA MRS R #% . H HTEEX 2>
R0 ATGC I RE J1 VPSR — L IZ PRI FE R, S AL Fb 3 A T Rk
AW RAFVAEHELE . S, EAE T, A BETFESLRTE T3
AT, AW 2E (Bloom” s Taxonomy) & Hrhi g vz 48 FH HIHELE 2.

TNR (9)

FPR (10)

FNR =

(11)
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— T RIEATE NN SRR, R IR 5 2 R 0 I B«
1212, (Remember) . ¥f# (Understanding) « M (Apply) « %347 (Analyze).
P (Evaluate) . fli& (Create) , WK 2 fiis.

K 2 st (Bloom s Taxonomy) HEZE
Fig. 2 Bloom 's Taxonomy Framework
52 BT B I o7 FFHELEAN ATGC 4 A I SE M I DL IR R, FRATTR
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JRR: VR R AR RE M MR AR AL N YN 2 . BRARJZ IR VPAN 40 A8 XT
HGC 1 ATGC HUAFAERE AR, I A48 X5 AN [RIRYR B AL O A R 30, 3885 A0
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K3 ATGC 73 PP HEZE
Fig. 3 AIGC Classification Evaluation Framework
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T2 e R R (132 AL RE S AN
3. 4. 2 REF AR 7L 68
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ZIRAIRFT AIGC 5 HGC Z [H] AN 22 1), MARLERFIE B = 4E 1R SR AR 5 B R A
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3. 4. 3 MIE R BT PLiE By (1 7 K8
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REME AP 2 PO PP E I 1) 90 25 85
3. 4. 4 RN EERR AR R
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Abstract: [Purpose/Significance]With the rapid ascent of large language models,
AIGC have become ubiquitous in our daily lives. In order to mitigate potential misuse
of AIGC, and to address issues such as the proliferation of false information,
academic misconduct, and deceptive commentary, it is imperative to consolidate and
forecast advancements in natural language processing techniques aimed at
empowering AIGC discernment. [ Method/Process ] Firstly, it is essential to clarify
that AIGC recognition constitutes a binary classification problem, with the aim of
discerning whether a given piece of content is generated by artificial intelligence.
Subsequently, employing a systematic review methodology, we have delineated the
principal research outcomes in the domain of AIGC recognition. [ Result/Conclusion ]
The research identifies the critical significance of comprehensive and high-quality
datasets in constructing classifiers for AIGC recognition. Simultaneously, it explores
the limitations and developmental objectives of currently popular datasets, as well as
potential datasets. Additionally, the paper analyzes paradigms of various classifiers,
presents challenges across multiple domains such as multi-domain recognition tasks,
cross-lingual recognition tasks, and data ambiguity issues. Finally, it summarizes the
prospective development pathways for the future of AIGC recognition. This study
aims to provide relevant researchers with a clear introduction and constructive
suggestions for constructing more stable and efficient classifiers.

Keywords: AIGC; Machine-generated content detection; Black box test; white box
test; Deep learning



