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Abstract: Artificial Intelligence-Generated Content (AIGC) models have attracted a wide range of attention and
applied in academia and industry extensively with their outstanding content generation capabilities. In particular,
the emergence of ChatGPT and other multi-modal AIGC models introduced unprecedented intelligent experiences
and innovative applications in our daily work and life. Meanwhile, the rapid development of AIGC large models
also raised a series of new vulnerabilities, such as concerns about interpretability, fairness, security, and privacy
preservation of model-generated content. To address the potential risks and their damages during integrating AIGC
large models into practical applications, a comprehensive evaluation method for AIGC large models is highly de-
sired. AIGC large model evaluation should encompass the following three aspects: how to collect data for evalua-
tion; how to select appropriate evaluation benchmarks or metrics; and how to design the evaluation process in terms
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of different types of tasks. Advanced approaches to AIGC large model evaluation aim to effectively conquer the
aforementioned challenges and avoid potential problems. By reviewing this research, we analyze the state of the
art, including evaluation methods for AIGC large models, the application challenges of the AIGC large models in
various fields, and the corresponding evaluation methods. Finally, we discuss the future of AIGC large model eval-

uation.

Key words: AIGC large model ; Large model evaluation; Interpretability; Fairness; Robustness; Security and pri-
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RYVB AT R AL, B3NP KR AEAFIE S
REFRAT S5 i AE . PandaLMISWE gy — R 1) 591 %
PIRAERY, 35 5 OOy AP TEAY

ZH DN NF LRI, BT RZRE D
PEEME MMLUBT 2 432 T PP KB AR 2
AR E BRI ZMPEREE 57 AMES, B s R
e, RE L. HENERE S, H T

5 A I AR B AT 55 O 4R R Y Y B B A
AGIEvall*Y & B T 20 il (7] 5@ 5 A 1 H 7 ATFS
EARUHE RS W H , BRI E KN R
Clneb [ ) e 2 A SE [E 1 SAT) . J) %R $e o
FRESRMFRIE S MR N T RGN RA
R E, GAOKAOPR HY A [ w5y 2 14 1] /A g il ik
FEADPE AR , 25 1 BoR, HEAR ChatGPT 7 1k
BN I 7 T AR P, (LT e 3 RN £
W R DA K SR SO B SR ER A T T R IANE . I
MR 2R RS @ K 4 1) C-EVALPYH T 3F
HC SRS 5 N SE R AR RS ) v R IR HE R RE . 1%
TPFRRRE TR . KA U A wf B 25 )
)2 R, W T 52 MR 2R 76 5GHH
MPF4E S, AN GPT-4 (V7RG R 1T LLE 2] 60%
PLE, WYX BT BeAt, bt rh e R AL
PE, CMMLUMERTE T 67 ANF@, Wk HREE.
fthaBl. TR ASCRAHCHE R, vl LA vy
KAETAE b S AR & S S B AE 1. N T B
ZIEE . ZHREMPEES, M3Exam“F A%
BT 28 S 2HE. 290000, LK
12317 @ H, DM ZIES . ZHENVFRK
Ji o X S oA 1 S ST RS FH AP A R AR TR E AN
A 458 AT 5 B PERE SR E T B ME N =% MfE
S . SOCKET! OV 2 WA 45 FN S A 7RI i, FH R
TP AR YA 27 5] AR 1 A 2 iR 2 o i R I
MATHU YR - JUF: AR 2R 7 5025 4003 1 4 R i vk
] B () g 7. APPSUr 8 KB R AR 4 5 ARE = M
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Ju A A Python AAASHE /7. PromptBenchP®EE &5 5
KBGO, 32— PR A HE BE R AT I PP, 5K
PR R A i () 38 5 A AE AL - OpenLLMUP 2 {1t | —
ARG, PRSI AN S ER A A AT IS 2 I
TEA RN AT S5 Lk AT MV, AT HE 3 K ASE 23 4Tk 11
HE . A, RN TR Re S0 = IR ) KA R
W°F- & Open Compass, Wiag 5kt 1T HHR, B
fift . HMERRSE FUORVPINAERE, AT VP AL R AL RE
EAR—3ME, LLE MR e R 276 17
fli 21 Xiezhi (i ) H045 249587 iHIEH R, 5k
516 MAFEI AL, GfEER. 5. LHEE, TR
P g, AV HEESES . FlagEval CRFE)
KA B VP A R J T T8O 6 4 5 AL PP Al 2k it A5
KNGREFMTERE, RN ERZEFIH AL 7LD
FRCFI O B, DR HE VT I R R0 A A
Ak, 4 mhsiis s B 1 #E BBT CFLEB. FinEval.
FinancelQ M PFFE#E. HH, BBT CFLEB s&H (4
4 R R () L VP 5, s 8 MnifE
EHES, HUEARMBENYZ 4677, HRE
G b KA R % . FinEval & — N SC a8 8 i
BEZOUERBMES, WEsem. &5, S1HANE
PSR . EEHE 4,661 A, Wik T 34 DN
2 ARFLH o FinancelQ & — AN & vET & mh A i
SCVPAE RS, E AUV ORI Rl R
(AR A HEFE BE /7. FinancelQ #5351 10 N 4xfb K
KM 36 DR, BT 7173 AN EIE R

(3) Hdl e

B R PP oGk, FRATIRER LA Hif
8, B I NP A 2O S R A i 4
FEFEIET RN T RBE AR A 1K) Prompt &7~ FHIC N 4%,
DL REAR U8 A

D b4

P 1HE 504 4 7E RS AL DY A 2 v o & U Y
HIRIE P2 TAEER @RI AR
PH AT N 2 6901 70 B R R I PR B, BT
FON 2 E BRI AR () B S RN mT S, B AR
PO RURTE, R e R A TR
Fap R PERE, BFFEN B2 B S TR I IR B
WAL PR AN e MR SRR AR m IR AR L E . AR,
AIGC RBERLIE F 75 2 M SR 5. B2
1) H50 4 T Ak 21 7 5 DL R B8 i K [ T BB R RN AT i
BEIEREAT I GRAME. BL VQA Hdisde mfl, J5
AREAGE — AN, H i s R A E

SRAES M, Hih 2R TERUIE BN CASE R, X
S 5 4R A o N B ) R N AR B GPT $Bhi
FEHMAER. BARKRE, —SutR TEFshih
Prompt ik, FHAEHHIER GPT AR £ FIFEA
OI921, (B2, IA VQA s LM 7w i %
ZE AR, R B R X e B AR kAT
Prompt il v B8 2 AFLERR M . S T R HIX — ),
ChatBridge® B #fi25 H T Prompt 4 1 14 Z 45 IA,
AR R PR o FIRE, MPITO3SRHL A 5% it A2 FiE K
MAZRMKE, @A RGNS, EEMET
IR ChatGPT K 5 Kk 5 45 % & - WebCPMP
AT DL TN 25 10 15 5 TR R A N 2 1) I 4% 4
FIAE IR T RE R L . UltraChat!> & —Ff
ZRHENESIRE, BHEKREAL L, FE5
Tolt 2 R4 2 10560 138 BE N . o 36 3 X 4 g R
B, AIGC RBAIIPE A A8 FH b E R 22 C & e
% AR A MG B AR P (0 75 3R, S e it
B2 3 F 145 B B A TH PR

2) HoEE RS

AR ILA 1 b5 1 HHE 42 o8 R B B PP 4t T
F & BRI, AEIEE S BN A BEAR L s 2 I 8L
s TR, UHREW KB 2G5 R =T
Ko N T IRYGXAS L, BN R T L i
FFEALS MR ARENRIEFEA, REHRR
ChatGPT/GPT-4 LLX L R UGHE A N IR TR A E £
)RR A o KRB IR oSBT B S 1 T B 4R
CStory®81, N TERE [ 0T ff AR 1) ) SR 4 B0 H 4K e-
CAREP™, Fa] LA+ KA PF . Allen AL K Afi
T R K SCAE RS Dolmal®®), £ 5 T R 3 4
SRR AR EE A 45 T R R 3 LA
B . LLaVAP G G bR, FE3878 GPT-4
TEJRUERE AR B bR SO AR BoRT B, AT A
—NEHE M-IT HE4E, AN LLaVA-Instruct-
150k, Ak, 340 MiniGPT-41'°°1, GPT4Tools!'*'1F1
DetGPTUOEE TAEF K T AR M Z A M-IT $ids
LKl R AR AT 55 7 R

A G LSS 2 IR ALISEAN ], AIGC KA
BUPPEF]I N T $E 7R (Prompt) 04 1E R 28 i 2 HH
FEHHEWMAN T BRI % IR R
YR AT HEWT ST , 17 AR Y 3 i R /4R R e
FCECHR TN, XA 1S KR B B R T M A R
FERBERN PR, B T IR G p Ml 24 46
RAPAE L AEAF I 5= R IR, 18T E A H Y



£ Prompt KoffE T I U R PERE , DL ORAB T 7
A AN R BL R

ZR BRI, 38 I o Ko S n] DU AR R e g
S L LS T SR B R OR . RAE ST BT
P RAEIL S

(4) Hdfa ikt 2

B R IPF AT IR, ex Tt
PRI FRINANZ AL RE S 28 oC 2L, AR S s,
WAL T ORGSR A, X PR R A
PRI ISR - DAL, P K i it B AT B 2
HlRgerl. BmmI AR HOX AT, SET
JF G HE DA N SR RN ZRATF . Bais B2 I8
IEHAMNBRIARL . SR P Kl AT B R B A s 5
TTFRAREREG A — 2k . B 2k 2 s
Vb AR RN BBk . BRI
TRFFIREE S BRI T, [EEIREIRARR,
DMELERNZ ) J5 RS S L REEAT S A7 AN S Bl AT i
VP o €7 Tpti K Ny ISR AN 1 O AN T 3 S S e 2l
WIZRH . I BE PAERE, AT ASR s Rl i
PPRICR, R B0 i N SER B E A 55 7 Ko W T
KRB Prompt $ernfidls, Toib BTN,
THUVERGOR, &2 BYEECOT) R, Hhih &)
Bl R4 75 AT AL B,

(5) FHAE TR

R AR TR A AR TR PP o 1y v A ORI A
L H RGN R HOE HEAT AL BN R e, DASRHL
AR 3 Y SEAT T SOANAT P RRFALE - AT e A 2 1
YR ANZ AL RE Ty RRAE LRV K& 2 AT TH 4R AR,
BFERFALE R RR AR R e RRIEA R AR AL 2 & 55
REIEERE B WD TUR RIS, ARG AT %5 75 R A
95 K o B 5 H bR AR R A DG R e B R B
REVRFAE, DMRALTI PP R . FFAEEE et R AR ek
BEAT I mAS . FREAL B — LSRR A, DU &
PR SRVR AR BERTZESK, B OR 1 Ak (9 AT B PR AN —
Bk, MR AR AR E M . R AE A R AR
WUF IR B0, MR A b B BT RS AE, LA
e ROl LIR Ik ErEE A EERS I S 1 A=y Pt
ANFHRFIEREATH G, TR s AR 2% R IR RO
PASR BUE IR R IR HURFAE G AR

RSB P v (3 R AE C R — 0 ORAIE T A A
MIZIERE ST, VEREAVERN R, RIS, RPfk TRER 2
SEE USRI Bl B AR AR R T SR AT, AR
DD i AN T Bk (Y 2 EEIA T 6 TR Prompt $

ANEE AL A REAE T R 1 R 1 A Hh B B
FAFETRY 5 FOAH B A AT 55 . IR, R AE L REXT T
At Prompt $E /R i & HA AT BRIEH B T 56
FAL G IR AE TR (A AT 45 4, 38 75 B3 TR AE
J FOT SRR B OGR4 B X L i
Prompt $&7~ JE 2 RIAFAE 1 R s A N, DA CRA
TRZE 0P R LA o 38 o R R TA R

(6) FRAIF L ST E

P TR PRy S S R B e L A AR 5 A
WE R AL PR, DL
S, SHEMBAIAE T LB R G S
YRR PF L AR, T 52 M A5 2R 1 5 AR 6 5
TEGRE AR TN, AR 0] 8 1 R S 1 17 100k ik
PRIE A MR 54

TERC B AR, (AR A (R S B 2 AN AT
D). BSEEERGE R T HETHREN
SR, W ALE RN IENREEE. B
ST AL B e — NSRRI RE, 75 EAREREA T
N GRFI P45 A WALtk AR A etk
Ae. fEULIIRE, B A BRI S AT SL 50 It
MR YR S2g6 48 b7 . Li 25 AU ) MoT,
T T AR B SR S0 B, ] DU T S R
[F 1234 T B Bkt
1.2 MPERFRIEE

VEZ HH TAEE R 1IE R PE 8 bR 05 oL T
AT DAV 2 b P2 S SR B T WO H bR, X R
TE LA PR N kown it when I see it"['%1, 4R, ST
BTSSRl G R X R AT 55, AEl
PEIEHESL A b, B F0 N D3 T A B sk R
?5*3[106_107]0

HAl, T LA SRR R T
e B AR bR R I P AR B AR 108 [ A i A
RUNSER TAE, RECKLBE T2 MIE %k, @
WA AR FR bR, (H T 0 A A AR P 5 B OE
EAEJRBE, 382 X AR —Fh e b ik . R,
DL YEAT 45 F R B AIGC KABLAY (3, AIGC K
B (n GPT R4 AR R E R ka7 wl
Yk, SRIGESFEATS A THOR . X R LA T LR
Fods. mIH. B R4 RS, PR
HULE A A0k ) - R R 4. sk 2 FoR, A
FRYEAIY 58 IR AT 55 AN, PR bR AT 7 A
4.

(1) 735
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I3 FAT 55 CHE & A I AR 10 7 38 R AR 2
R T W WA UE B R (Accuracy )+ K fiff R
(Precision). A 02 (Recall) 1 F1 {8 3k & &0l
gER, X AR . AR R S0 A TN M A
PR, TTRG i 26 M A [B] 3R AN DG TN 25 SR IEREAS I
1500, FIMESEHIE TREMANE R R, 5
4k ROC (Receiver Operating Characteristic) Bt |
AR AR O R, HAENPEZS R T it 72
FRE T TZHIN A . ROC #iZE & AUC (Area

Under Curve) {8 nJ DL i 58 B W H. 4= 1 7 =0 o5
BB AR 1, FEANLAS 22 ) AU B2 M .
Horr, ROC 2k LA 122 990, B FH 14 2 i
T SR AE A R BIAE T IR I, AUC fE & ROC
M2 T AT AR, 1B —A B — I PP FE br AT BAAE
Z 5 PR S AT R P . [RIEE, ROC £k
T kA BT R R AR 1 T R, A EHE A R 2R
AN P18 0 32 56 s A R ) R

K2 AIGC WIPAES AR R EAR P U PRI b

Table 2 AIGC evaluation tasks and corresponding representative evaluation metrics

fE55 KA IRREE R
e Accuracy: #ERfIR; Precision: FEHf%; Recall: H[A%; Fl-score: F1 {H;
0 MAE: “F¥4istin2zs; MSE: %57i%2; RMSE: ¥J5iiRZ,
RME: X F¥)iRZ%E; R-squared: #E R
Silhouette Coefficient: %t 58 &%1; Calinski-Harabasz: CH #5%, tHFRJ7Z ELHEN;
ok ?@MBWMm[B%ﬁ;AM:ﬁ%é%%ﬁ;NW:E*%EEE;NR:%
PRI: BontHE 746 44
iRl loU: ZZFFL; AP: “FIMEIAE; mAP: ~FIkEH I
IS: ¥4t %: FID: FEB434); SSIM: Z5KJAHIPE; PSNR: UE(EH{ZM:L,
KI5 AR Bk CLIP score: & —Ff T PPl SO A P el B AR I, A2 AR s i BB S D S A B 3% i ]
REREE RN AT o
BLEU: A2 g SCAR 226 304 2 8] IR AR ALk 5
ROUGE: AWM AESH AL HRK AL TFIFIINES REG
METEOR: A 3CA L 228 SO A 2 [R] (118 ORIV DL RE 5
CIDEr: ERSCAYE 25 U 2 (8] 1) & 5
Perplexity: WEREE, ARSI S 2 S0A 2 (6] 1) )i &
ChrF: A2 SCA S 222 S0 A 22 (8] R AHALL I 0 o £
A K Elo Rating: V¥4l 25 X 2Rk (3% F 2 [RIAEXS 52 77, MR 4 b 28 4 kAl v R i F
MG ECRE J, RPN AR AR R LB R, AR SCAR A AT 45, F T EUAR
AR ST AR RN 2328 AR 22 [R) ) Jott
COMET: P i SCARRMZH SCARZ [ FIARUE AN, GG A OCAR FRAE . B
e
BLEURT: {EWKER LG T AWM LT SCER T, VN AESSCAT S % SCARZ (1]
(I FE ALY 5
EI AR S, BERCN FR T T TS TR AR IR &R, DU A B 56 1 P i 4 7Y
- PIPERE. ZRBIK UL, 1HEDMTAESS, HA iR 75 S W — BOUAR R G B ;s Yelp
- PR R 4 R 1) Cohen's Kappa 2%, DA EBIALA N FAriE T 2 M) — 8k, M
B L b VP A 1 B0 BT AR TR P SR R
(2) [FE{ESS AR TR TNE 5 B SEE 2 (R 45 Z R {E . X

HYEH4a%HR 2 (Mean Absolute Error, MAE). 3
J7i% 7% (Mean Squared Error, MSE). 7 fRix %

B (B AR R 00 2 2 A T 0 AR TR AE T
NELE A AR RN PERER L. Hord, — ARy
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(Root Mean Squared Error, RMSE). AHX} 11317 2
(Relative Mean Error, RME) MANIE B R B T il
MR ZE

BRIt A1, e 230 (Coefficient of Determina-
tion, R-squared) FH 17 5455 B0 Xof U 00 4 A8 S 2k 4D i
BERE R PEAE SR, BUEJCHEILE 0 2 1 2 18], 4
T 1 TR AR R A UL 1) 7 S P R R P R e, A
RPN G RO BGT . SRTT, 0T B R v] RE H IR
HEMAER, SERERBEEET 1, (HER
Pz AGRE 18 22 . Rk, S A a3k A7 R 280 U PP B
TG HAR AR AR ARG S &, A
T

) SSR
R =12 1)

Hrr, SSR ForlAlHFJ7 1, KRB A AL
550N 2 18] () 22 5 B ~F- 7 Fl o SST Rom 5~ J7 fil,
271 W AR5 00 U S50 4 2 ) ) 22 S 1R

(3) REES

® )2 2 %0 (Silhouette Coefficient)

RO JER B — PR 0P B SR 1 AR
M THERRERNEEEMSEE. BEEEH
A5 IR JE R 0 PR B A AR R, N
ARG L — N A S B AR [-1, 1) 2 1A B AR, bk
Bt 1 FRoR TR Ry . fep Rt n] LA T H
BAFRRFELERAFRRERN A E, i
J3E RER N AP R BRAR . SR, FeRE REER
I8 25 5L 1 28 ) B0 T/ BRI 0 A AN X S s L
ARGV HER L R R . AW R

- b(i)-a()
>0 = raxtai), b} @

Her, i RIORFEARMNZEG, a(@)RNENMEARL
[ A L AM A AR R BE RS, b () R An R FE A 5 oA % o
FEA ) e /N PR ES

® Calinski-Harabasz 8 %{

CH FREH 22— H TIPER RS RS EE
Aoy B R — Mg by, B @ T E RN 5
L5 7% (8] |1~ 77 A0 ) Bl AR R 5 B R & SR A Akt .
CH fREUBR K, RANBERERNEEEBR S HEZ
(B ) 2 2 By, BRSO uf . 55 REA
[, CH 8% ik T P B8 B0 Al A% IR) 55 HkRE 2 [H)
M ECAR REAT TR 1 . (AR R B it 22 B 0 A
AN B LS AT B AFAE — e R . AR

L SBI(k-1) o)
SW/(n—k)

oo, | RORFERIIES], SB=Dnx(x —c)? &
IR BSEUE, SB = "n x(x —C,)” FaNARIA 1 B L
B2, o REENFERTFIME, ¢ mITEFEART 2 R
PME, x RRJETEEAR, n ROSFEARLSEL, kX
TN .

® Davies-Bouldin 5 %%

[FFE, DB fafth & —MH TP R RS
() B2 AN 23 B B I — P48 A o eIl v AR R X
Z[R] B S 35 AR UL FE N R PN R A I SR % B R B R
KRERMMNE, BUHB/N R IR Z B 1) 535 =
RN R E S, RNRRG M. A, %48
BON R IRRTEARFN R DU, DL AE 1y 4E 4 A
AR LRI T e E . AT

DB = ! 4)
N x> max((S, +5,)/d(c,.c,)

Horh, N FRORBEERBEE, S FoniE | hITA R
G5O EE B ISP I, CRIRFE § 1L AT
d(cic) 7R T% i A% j ol mi 2 A T BE S

® e % (Adjusted Rand Index, ARI)

ARI F T 5 5 2R A5 5 bR % 2 (8] A AR ABA
J£. ARI Z7E RI [5G EREAT %, HF#d RI
T BENL R R 51 1 3R 2R 45 R 1 A sE A 2 .
8 3R AT 55 vh A7 AE AN Y17 10 1 R/ B0 A A e P
FEAMIEOLT . ARL A DLRME S AERA 45 R . ARI
BB O AE[-1,1 ]2 18], (B 1 R IR EE R
HESEPREEHAREL, EBE-1 FRRRERE R
SEFRBEAMEL, (EN 0 RARERERE RIHRE
BEMLG G, AT

ARI — RI — Expected (RI) 5)
max(RI) — Expected (RI)

Horr, RIFORIEFAREA B2 AL
S A8 R IR S AT 7 1 REAS R (0 LA, B2 2%
SR 5 LSRR A I — B FE & o max(R) RN TE
Fr B T Re I 24 b, RI i KAH - Expected(RI)
FORUWIR R B L RN A SLFRE LA KR, R
BEML 7 EC A EE RI{A .

a+d

Rl =———— 6
a+b+c+d ©)

Hop, a FoRBEREIR A — RN FIREA R £
B, b RRERERPARBEZ AR,
TR H R P A — A A REA o, d Ror
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FLSLHRZE AN [F] 200 22 8] AR A0 &
® |4 — 1k H {5 & (Normalized Mutual Infor-
mation, NMI)

NMI H T EERRERE H K% 2 [A]
PIFELEE . B TE RIS, Wi R R
5 R AR S 2 [0 1) A B R B R e AT 2 [ B A R
P HAGE R T A BE AR 52 8] () AH DG B,
AFEEMLEZ0E B &M ML G R E. BUE
JEFETE 0 B 1 2], H 1 BaRESE—H, 0FR
SEEA—EH. AW

NMI = 2x1(C,T)
H(C)+H(T)
P, 1)

ICT)=2PG D) log(G s 5 +e) ()

Hrr, 1(CT) RARTRL R E LRI EZ
W EAS R, H(C)=-> P(i)-log(P(i) + &) R H %K
IR, HT)=->_P(j)-log(P(j)+&) F/RELHK
SRR, P(ij) R R R % 0 FE S )
R 7 IREAR S E . POYRRBREE Rb %
IR & Lo PG B SE IR P20 j R A
. & o A st o S G 75 K B RS
ERRME CRE I —/ME/ANIES, W0 le-10).

® Z{iJ¥ (Purity, PUR)

PUR R AL R Rl — AR A S L.
TEREIRBERT, BB MEANELRESH
AREA bR 2 HEAT LU BT P A AN e P . A =
T

(N

1

PUR = N ><Zmax(|(?i mGj|) ®)

Hor, N RREARBE, CFRRE I ANREE

HHIFEAES, GRRE j AT IEARES,

|CiNG, | RREHEE CHEN G ST EMFEAREL

® it HEFF4E# (Pairwise Rand Index, PRI)

PRI F T8 R R 5 HShR2E 2 18] () FH A

FEo &M TG R AARBRDNREER . BUE

JEFEE[0,1] 2 8], {HREE 1| RoRFERGEREHL
PR Z T — 8 s . AT

a+b

PM:TT (10)

Hrf, a RORBREE R 7] — 0 FIFEA X 2,

b RARRRERPARENCFEARN L, C FRFE

AR L

(4) KrAESS

AR AIGC BIHMG RIE TE 14— A A AL AT
%, & LI Stable Diffusion!'”. DALL-E 2!®1%:A4:
R ORI 2 B R AR TS AR A E AR, AR R
T HAR AL S

® %2 Jf:tt (Intersection over Union, IoU)

ToU H T4 B AR IUAT 25 A S0 HE AT 32 S AE
Z M ESEE. EER loU 5k REFITHT
B, DA E TOHE & 15 5 J ST RS . — Mk it
M ToU KFEET @ BER, A AT S B SHE
VCEE, SUHARATEEL. AR

S

loU=——com 11
S +S, — S (b

pre T Oreal

Hodr, S IR TRINAE A E S HE ) 8 8 50 40 1
AR, S, R TIAHE TR, S, Fom HSEHE )
SR .

® “PIKEHfE (Average Precision, AP)

AP & Tl B AR R AE B 200 b ) A 2 R
AR R . AP IEUETERIZE 0 2] 1 2 [4],
B S R B AR Bt Re . Al
T

m

AP:%ipwwa) (12)

Horb, n R RN REH , PR RIER
k AGER PRI IZ, PR kA4S 2 5 9
KR FHRA 1, BHEIAH 0.

® “VIFETf% 5{H (mean Average Precision,

mAP)

mAP & M T & B AE AR 200 07 58
JEo 0T H AR IAT S5 A AE AR I, W]
LSRN KM AP, FEEUEATR - FREE N
mAP, WA PLESIR & A 2K AP {E. X H
Pk AT 55 HAEAE 2 AN A BIE O, mT LR AR
FKHlH) AP, FHECEATHFEMESE N mAP, A LA
B BN R0 ) AP 1B

(5) BB RUTES

® W1Uh/r % (Inception score, IS)

IS o2 W PP ASE 28 Ae st P45 ot 8 R 22 A5 12 F 0 o
fabr. IS LZEHB T HLEMZ M, BEH
Inception-V3 AR5 A il G 1) S5 AR 2R 0 A
MEAFE . BAARR, 1S XA EUR AT 425 i,
THEAREAN A BB 0 20 Af B, RN SR .
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IS THE A Bl BB AR & 1 26 A BE 40 A 1) KL HUE

FKoRZFEME. 1S BME S, RaRERENE RA LT
MR SCEEFZ A SR, T EF R, IS {U#
A Inception-V3 A 1Y 1] 73 2R B8 J1 oK VFAk A Bk

KGRI, EIFAT BRI A5 AiE L2k

NI
IS(G) =exp(E, ., D (P(Y[X) [ P(Y)))  (13)

b, p(y | x) BB A B EE x 15 R F
I3 p(0) Fos B EHEEE 1K 93 2K 73 AT, D 7 KL
AU .

® 154> (Frechet Inception Distance score,

FID)

FID 52 HI -1 DU VF A pl P A ORN 552 A 22 1] FR AR
. FID BRI, s i BGRB8 B8 2 TR 1Y
AR R, AR S MR I BT R . AR

§+Tr(Zg +yr-
2(£6Tr)

ot |y — | B R R AE [ B

FL S MG SRR AIE [ 2 354 2 T 0 DI B 88 1)~ 7
Tr() 7 A i UG R AIE 7] 5 Wiy 7 22 B 5 L s PR
RRARE: ) 58 7 2 R o T 1) 328 PR 4

® 25 Fy A AL (Structural Similarity Index ,

SSIM)

SSIM HIR#T KB IR, BiHFEE 1 AR K
BYEZHEEBG PR E. SNEMSGHER. @
5 SSIM fH, ATRAR B AE EE M S E KR 2
) ) S R ARAVE R P B, BB BRI 1, FosmAp
FMG 2 (A AR AP s . SSIML RE W8 $i2 (1t B 4= T 11
G R EVPL, JCHAER RIS (E B AR
B REE. AT

SSIM(x,y) =10, y)-c(x, y) s )] (15)

2 +C I o
ﬁ¢mezﬁ@%—é%m®EE%ﬁ§%
1

X y

FIDg,r :H/Jg — Hr
(14)

BHHRZE . o(xy)=——5——

,to,+C

Xf HE AR BB o o, M o, 73 0 20 2 AR

2 +C e
Ty T e B
2

o, +C,

x MEHEEUR y B0 EEEERRHEZE . s(x,y) =

o,0,+C,

TR B R GAMESNMAURE. o FoRER
K& x fZ2%5 KB y BRI 5 2%

® & {5 M Lk (Peak Signal-to-Noise Ratio,

PSNR)

PSNR A T-IUF EHG B P 2 ot &, %2
M TR EE (B 520 148 sl Al Ak
TR ) E  ER (A 2 TR AR BURE E . PSNR
H#R, FonEEREIGE RIRERIE K27 BN,
Bl 5 T Bk sy, @ R S IR AR BARBOAHEL. (H
PSNR IXEE TR REKZ SR, 2N 7 NIRXT
BUG A0 M i . AR

MAX 2
PSNR =10-log,, (- ) (16)

Horbr, MAX HR) KA REIUE, MSE %%, &
N JE UG BRI TR AR R AR TP
T ZERIBE

(6) AR HAES

® Bilingual Evaluation Understudy(BLEU)

BLEU H T-# &N & EIE RGBSR S S %
A Z A AR . BLEU @it B AR il SC A AR
n-gram CEZEM) n M) 5ZH 4] 11 n-gram
HBEORHEAS S, WMy B & . BLEU 1)
BUEYEREDY 0 2] 1, Ho 1 ForseaUlic, Hiix
1 RN )T 5250 7 2 B ESEH
e RIVEE e f 8 98 07 5. 38 A BLEU-1 %1 BLEU-
4 KGR F KR n-gram EEE . AXWF:

N
BLEU = BPxexp(D_W,logP,) (17)
n=1

Horr, BP o TR AERA) T RER T 2%
AT OL, AR RA) T RERTETSHT

IS

Kl BP=e b LERBHLABM, L TR
ABH, WMRAERATRKENTZEATKE,
BP=1; W, RN n-gram WIRE, P, RKRERK
AAES 2 SR T S T ER A
® Recall-Oriented Understudy for Gisting Evalu-
ation (ROUGE)

ROUGE T~ & AF B A B0 2 25 4l 2L 2 [A] |
FHAAFESE . ROUGE FZEGVEH AR, BPA sl fi 2
BT RENE I T S B OB (E S . ROUGE &
2R, Fin ROUGE-N ] 4758 N-gram )
VCHEFE#L . ROUGE-L T &K L7 7 51 i UL
[, T ARMESSEREZRNKET
VLELHE . ROUGE-N ARUIF:
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ROUGE _ N _ zcountmatch (gramn) (18)
> Count,, (gram,)

Hrr, Count,,, () FRE AN AT
VL[] n-gram 35| 130 &, Count,, (-) KRS H AR
L n-gram JFHV R

ROUGE-L A=K

ROUGE—Lzﬁ (19)
REF

Hdr, LCS TR SCARZ 25 3R 2 6] ) B
KANTFFINRIKE REF RonBH LA BKE .

® Metric for Evaluation of Translation with Ex-

plicit ORdering(METEOR)

METEOR H T & E AR 5 2 2% AR 2 [H]
[PIFHALLEE , METEOR 456 1 2 AN 20 AN A) 2% (1) b Xt
JiF, AFEREFULES . R T ULEC AT [E SCR IGRE . {H
N A B LU . AW

(a2 +1) P
METEOR = (1— Penalty) (20)

R+aP
hunk <
_ chunks Y0 %
unigrams_ matched

BT, T A 06 6 B8 o UL 1 AR P b

Hrdr, Penalty = y(

chunks F7RE A5 2 25 SCR ARG G ) 4 15 R

unigrams_matched 37 SR A 22 SO LRD
Wsim e, y —RESH, TPk s VLA A
R ILEC R E A . P R ROCA 5255 3R
LA 70 o R RO 5 22 UK A (1]
G0 atMESH, HTVERETHILEEMA T
E(INWiOE &S

® Consensus-based Image Description Evalua-

tion (CIDEr)

CIDEr Ml T &£ U 5225 SOR Z IR AH
LU . CIDEr I Z3 6% E 2 NS % A Z K —
BOVE R VE A RSO B & . M T BLUE M
METEOR, CIDEr S INVEE L A4S 30k 3L H
THREEE. AT

15 9"(0)-9"(S)

CIDEr, (c,S) = Vzll g”(c)"x 76

Hrh, | FRSHFEXANRG, M BRSHEXL
KIEE, o BRAREBCAE, S BREBRCEES,
n RV H 2 n-gram, g"FKnET n-gram W] TF-
IDF [i] .

® [A] 2K (Perplexity)

2n

) 2 B Pl - A 7R 0k & 2 A HE ) U 6 R
AT RE 77, B AR PR R R R R B e b T 7 1
b, JF HReWs EER b TN E 7 51, T B Y
VR R R R B B T R 22 . IR AS o |2
THEREE A R A, AT

1

PPL(W) = P(w,, W,,...,w,) (22)

Hot, wow,,...wy, RTER ], N R
TR, Pw,W,,...,w,) 7 i i 5 51 1R =
Aii

® Character n-gram F-score(ChrF)

ChrF & —#f F] T PP Al SOAS A2 BT 55 19 VRAD Fi
o HHAMSCAR A BT R IR R, CheF BAE
i 8 A2 O 5 25 2 SO 22 () B AR AU R
ChrF 383 T 54 Jl SCAR 226 SO 22 8] (1) 755 2
N=O8M  GES n AT ERRE M.
AR

> 3

1+ 32 )( precision x recall
ChrF:( d )(p )

(B°  precision + recall ) 3)

Herh, precision &SR] n-gram 5%
XAF ] n-gram 2 BIFIEEER, recall 757
A n-gram 5HE SR TN n-gram 2 18] E S
te, g2 — MESH, HT-F precision Ml
recall TI521H o

® Elo Rating

Elo Rating 72 FH4/) B 27 5 il M - 252 % Gl i) —
VRN TTE,  w T a6 AT PRl B B A LT 1K
P, JERETTZ N TR R BRI R A A T
WUH A, Tl 55 1 0 4RI T 2 TR AR X 58 07
4 Elo Rating N E XA BAESH, HTHEA
(A AR 2R 2 [B) R SCAC A B RE 7T - d8 O R B AN A U
=03, CLROR AR IS b, SRE A
e HIFEFR A BLEU. ROUGE %5 KT A AN
BRSO R, B v SRR R T 2R
I8 It TN $E 457 4 AR RN A A AR Y AR R OSTAR  E DA J
ZHTHI43 %, f#H Elo Rating A1 58 87 & MBI 1)
SrEL BT HoRe J B S EAY, Ar B n b,
k2, PAABEZH0E, BEEHATSEOTEA R
P ER, HEBRM S HUE TR0 . BIA 7 H0s
s BB AR b Re bk . I Elo B, WIE
BB R LF R, AR

R =R+Kx(S—E) (24)
Hrh, REBMBIWIME7E, RSB EH
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JERI L K TR R IEEE, S A2 SERR
PLBREE R, E MR 2 (8] 1) 7 £ 22 5t i S
WM. WUER E AR

1

E= g (25)
Hrr, Ra A5 a W73 %0, Rb AL b 1))
.
® COMET

COMET!M L2 —Fi I 1l 45 2 15 5 LA B0 37
AR A B HESE . IZHE B3 I FH 518 5 101 25
Y 7 A 22 4 5 L N 58 0 ML 3 B 3 R 1R 1% A
B, BRI, COMET SRR FIASF 22484 5
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WIS 2 SCAR RN [ &, R RUSEM R H 5T
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REAIE 58 H B SCRFIE 23 (B RN 2 (B I 22 57 o B
AR5 2 B i NG IR SO N2 3 SRR X
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i

® BLEURT

BLEURT!!2LE —Fp LT BERT HIiFAL 85, 1@
Ik $T A AT B A I 22 1 I 2o 451 SR A 0N 28 )
Wr. AHLt5 BLEU, BLEURT i@id{$i4 BERT #f3k
HEEMIESEE, T FLe il # 3

IR Ao FEZ P N0 i A S EAR A B2y

B5e, 1355 HNER BERT 54 AR I 22 3L
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FEHER AR e TR R

(7) HAth
® Cohen’s Kappa

Cohen’s Kappa (E}HE K Kappa 2% =2 —FH
T E AR B — R Gt 4R AR, R
TV > B R — 3 . e SBRE T SERR SR F
() — Bk 5 FUH — B 2 (B i % 5 . Kappa &2
EYEHIE-1 2] 1 208, AR g 2 —2
PEARTRENL— 2, 0 RaWE S 1) —H it SRl
— A, 1 RGN —EUE S AL — Bk
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P-P
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e

Hrr, P, RESCPRWEE BN o K — SR L,
P 5Ty K —BUER LB . P HTHEL AT

p=t 27)

Horh, np FORPRER 11E5 i 2K EROARERH
ne RONPREH 2 AR5 i R EMPNERH, § For e
HIbR % H -

2 KIRBIRK R M N A e

T AIGC KA RLLEAS ] S praidsk H 172 B
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Rl AT 2 — /N KAE 5 A2 BloombergGPTUIE 20Uk
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(HER, KR Fl-score Z5) T A% 2 & H A
% SR TP T LR AN s 3 F 191U 48 A% (MAE . MSE
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H R ISE R S 2R 48 LEVEN B0 415
IRAETRFRAE T S FF . Rk, 7R BUEIER N A AR
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(3) BEy7 4tk

TE RT3, A5 AT 1) IO — AN R R EE HA

KAMMEZER, EWRHE]Z) TR AIGC KA
(1) R L21-1240 5 30 R 300 1 2 o a0 KR Y,
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MAREEEEMEN. B 7 A ES QA MK
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PEAG B2 2 KR R 3d i SR 25 Bl F B VP A K 5
T8 Kb P PR 0 B 0] 2 v AL DU ) R BE . R
TR BT M RE I IVRAL LAY R T HIE T,
T L 8 S AR A AN [ 8 [R] 2 1 A G b AE AL 1R
2245 5 AbFRAT % £ | ROUGE. METEOR #l1 BLEU
AT HIVPAL . SR, T = R AR S A R R
KBRS, A il 5 N TR Re ks & APk
MR s (B RGBS R pr &
(R AN SZ I F1IR S 27 BB (1) SCHF, A7RAE“4)
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FREATERE S . PRUEEE b2 AR R
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RV 75 ZEOIE R o) UHEAT A, DUBIERAS 4o
HIBFFE AT 4518, AARR AIGC KA RLIIF 35 5
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Table 3 AIGC evaluation tasks and corresponding representative evaluation metrics
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TR E R YA AR A TTAT I o R B AL 1 0 7
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RHTR AIGC KRR FATE, B9 N 2R
T Z S AR FR IR U8 BEORA TR A XU
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KB e AT, DA AR AR T I sk A2 o i R X e A
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T TR R . TPv4 HBREAD TPve HubE, B
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MPFBAFAEIR B . B, BRI &2 RrH
ARFNEAN AW, X T — M R 35 A2 2K 1 e DL 2R
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4.3 FRAMSEHAE
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s, XA e S BV 45 R AR B AT .
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FERE . XXT AIGC KA R (1) 8 A A 2 i o] #5
GERBEHARERE . AR T AIGC REA
VERIFR PR AN V. B, AR TR DY (A
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