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Collaborative Pixel-block Artifact Modeling for AI-generated Image Model Source Attribution

FAN Yu-Qi', CHEN Jia-Xin’, LIAO Xin', CHEN Chang-Sheng’, ZHANG Deng-Y ong’

'(College of Cyber Science and Technology, Hunan University, Changsha 410082, China)
*(School of Computer Science and Technology, Changsha University of Science and Technology, Changsha 410076, China)
*(Faculty of Engineering, Shenzhen MSU-BIT University, Shenzhen 518172, China)

Abstract: With the rapid development of diffusion models and generative adversarial networks, Al-generated images are increasingly used
in content creation, while also posing new challenges to content trustworthiness and source attribution. Compared with merely
distinguishing authentic images from fake ones, accurately identifying the source generative model of generated images has greater
practical significance. For instance, this capability can provide important technical support for content source identification and trustworthy
governance in scenarios such as generated content platform regulation, tracing of maliciously forged content, and responsibility tracking of
generative models. During the synthesis process, different generative models often leave fine-grained high-frequency artifacts at the pixel
level, while also producing model-specific differences in generative pattern consistency at the structural and global levels. This cross-scale
artifact phenomenon indicates that existing methods relying solely on single-scale or single-semantic-level feature representations are
insufficient for simultaneously capturing fine-grained artifacts and global generative style differences, thus limiting attribution performance
in complex multi-model scenarios. To address these issues, this study proposes a collaborative pixel-block artifact modeling framework
(CPB-AM) for Al-generated image model source attribution. The proposed method adopts a dual-branch architecture to jointly model
generative artifacts at different levels. The pixel-level branch extracts local forgery traces through high-frequency enhancement operations
and learns fine-grained artifact features associated with the generative domain. The block-level branch partitions the image into local
blocks and models inter-block correlations through a frequency-aware attention aggregation mechanism. This attention mechanism
adaptively aggregates low-frequency smooth components and explicitly separates structural consistency representations from residual
components, enabling more effective characterization of differences among generative models in terms of spatial structure and overall style.
Furthermore, for cross-scale fusion, a cross-branch attention-guided fusion module is designed as a guided feature fusion mechanism. By
constructing modulation weights from pixel-level artifact features for block-level representations, the module enables fine-grained residual
information to guide and constrain the structural modeling process, thus enhancing the complementarity of cross-scale artifact information.
Experimental results on datasets containing real images and multiple generative models demonstrate that the proposed method achieves
superior classification performance compared with existing approaches in closed-set generative model source attribution tasks. Under open-
set experimental settings involving unseen generative models, the proposed method also exhibits strong robustness in both unknown model
rejection and attribution discrimination. These results verify the effectiveness of the collaborative pixel-block artifact modeling strategy in
improving generative model source attribution accuracy and adaptability to open scenarios.

Key words: Al-generated image attribution; collaborative pixel-block artifact modeling; guided feature fusion; open-set rejection
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P 2(b) o 1 38 L A 3 SR S I A 2 0 v A LA A (W A, L Re R T A rh TR A 2 X
B 2(c) ABGR5y 325 21 B AR e BIURS AL AR AT P AW 2 A1, AT UYL 2L 2y A BE DR 2 G, AR R X R
LSS RIS, o SR G O DX IR A A S E 05 B 2(d) a3 — 20 4 P R v AU I A 2 [ 1 22
ST B, AT ARLSE B 22 S5 0 I A R AR AL G5 S AR P SUEE DI, R R R U A T 2 SRy R 4 R AR
PRI ZAR (G B 7= A 7 S 87, T R A L A 3 8 X 3 Gy e IS X138, AT o 5 0 8 A 2 ) 23 A b SR B2

N T G L REA A BT R I A SR LS, AR SCHEAL 1 1000 FKAN R AR e AR PR R Bedi 146 b, 3R R s
L T SRS 5 B AU AL AT R SEAR U et M. BB AR B RAHIE N F, SRR Fy, MR
SEHBLEE RE LA



TLFH F AT RE RS BT F ALY AL £ AR B BARE 3 R 7

F/'Fb

cos(6) = (D

EANEII

3] LA (c) B oy S U P

(a) LG EIME

(b) &=
B2 BRERPS Y RAURAL 23 18] 5 St B T4

LTS5 SRR, £ 1000 TKEGHEA L, PSRRI R KT RS2 AR 0.036. 1245 F i W P A i SURFAEAE
RFAIE 25 1] PP 2 B G 28 AR DG 1, s e b QU XIS RIB MR A A R 2 5. af A B i 5 Geit 45 R T LUKk
B, AR 2R G U S U TR A oML SR B, T B 28 vt A s W B 1) T4 X IR S B 22 15 B —F ARy
AT 25 P SRS B AR U A DG g T X 2 B0 L P k2 S DAL, A P — R v A0 A A 4 T 220 i £ s A Y
FEARZ G L R D SRR A

HH T PRI R AE R 223 1] oy S B S 25 (AR SR, TR 22 S D LA S BRI T 3. P DAAE R I, AR5
HE— P I G A R B LR 3R 22 S R A O ELAMRRAIE. BART 5, 183 220 SCHR IR e MR AIE 3 200 ) 7
HAREF RS A, BARORA N RN, WAE RS E MR R G TR gR 2y SO L B E B LA
DI 45 K 2 2, RAEE L SC S 2 R —EE L3R RS ) SCRh A LR Y, AR SCR AT 5] 50, R R G
SRR AEAE 9 e B0 A5 B NG 7 3, JE RV R UL AT & BN, AT £E 4 Ja) 485 Koy Sl Al 8 v 2 5 Ak 3
SR LA A ) J5 B O SR

MU L7, 2l B I A 18 B R AL 12 B B, T {6 W e s 7 s B 2 RUBE A B R, R 5, &
RIURHESRANE UTC R AR E FUN LR, P JURFAE I AR 5 4 5 G5 0 IR B 2 R HEAT | ST 5 22 (R 5, s
JR BN RENEAE AN FIE U 5 T OR S — BORAE. IR, 456 S ) B BE Pl AL, 7T DLIBE G 218 UM BXHRE Seit
LA S ] -3, AT ORTIESR SURFIE AR 2 1.

PRk, 22 RUBE By R S RSN AR R AIE 2 8] b SEBL TR DR VEAS R R I & g, S G5 M AL R B LA 5 1 A
(7 J2 DAL 2 18] (4 B [ Y, S A TR 4% ) I Sl AR AR P52 SO 5 5 5 A i 22135 JE. XM ) A 6 SO 4 = 45 4
) AN RALTT ARE T A AR SCAAHT R AT I, - TR OB R W ISAE 55 b (1 4 0 BE ) iz A PERE.

23 BHREGRBSIMNTEED X

273 SCE AR MG ER AN R B 2 1 2 QA AT 2B B PEB H oh A S R 5 SRR AL AR 51N R A0 P O RE AR
AT TR e 2 AR SR AU 77 3K, AR SO IS 5 A, IR RS R 2 A IS D SR AL S, 22 31
JRAR R SR BRI A MR IR, DR Ja SE IR RIS RN T 2 4H R SR AR e (iR R HR 8.

MEEBHLHI AR, GAN 59 b B 4% 1 i 2L AR R S i R OB ARIZ 5. oRFE (B R
BAAE) BAKGE D J3 M A X i FRAE 5N B S  [RI IR, AN vy = A T A SR R 22, 4
M ERAE ARSI IR GG . s BUZ L S R AR R Gt — B 22, DA i SRARE SR 3 XA A 73 A1 A
Bt %0, S i 2 T B LAE PR I AL 30 R J2 T, Ak o 388 i R A v S ) S B SR A ey 1),

D, NI SRR R KT, BHR ARAUR 7 T2 ZR B AR G5 515 SCE S, T s SR o ) 5 2 e
JRy B EUHR AT 5 A L AR R 22 AR DR, RO S (0 T R e AR R R S 5 R R, T AR R
KGN . XEWE, fEARE O 55T, REA SRR R — 2, sl A s gt SR st R A

(d) = 225



8 A T

SR — BOME, AT I AR AR E I A ARV, AR T, v 2 SURFAE I BB A 25 A8 A0 2 35, A DU e e (R Y
fag,

BT B AT, AR SCIE I B R XN B AT g og, B REUEE S, LR R RS
Ry 82 FE LA L, )P R 2 A AR 28 ] e B0 22 HEAT R ASE, 7 R F RS2 B 4 e vk e o A X, i B0 ok
LRI 2 0 S R AE 2 . o AR AR B SIS A 2 B T A SRR R (R WL, A A R 8 4 K AL
A it B R DA, AT B T A kU 3 ) AR M 5 2 AR

AR Sk N TR S PR = W8 RGB EHR X, 48— BT & 224x224 K/ RGB B, LU AR B 4
N EERT AR BEUG Dy sAE AUk b R HE R e 20, DR T SRR L MR (R OV IR, o S i ) Py iR AT 3 S8
HFBRNY, JREF 5L % (high-frequency residual, HFR).

HFR = Z Xe %Kiy 2)
Ce(R,G,B}
0 -1 0
Kp=|-1 4 -1 3)
0 -1 0

ool Xo FRHNEHRAESS C MR EIE | 10— (R FARE, Kyoy 9 3%3 1 Laplacian #, *# 7 — 4L BURIE. %
{4 G TSI AT, 50 7 B D B R T pE O . GAN 5 2 BB 31 A 0
TR e L PR, 25 T, R 4B S8 2 it A T SR S5 0005 7 ) S0 .
R R M, B )R AT B P I\ 2 %%

CEAFIESRIIY B, A5 5 P T 25 024 B 5 e Lo R O S 17 5 . 265, BN
SR I A 353 BBUR . HEJ— A ReLU S0 R S AT 4125 0, I A F B A7 2 R
b 2 5 BHERCUGEIE 3 MWL (layerl. layer2 Fl layer3), 4 BIEL4 3. 4 1 6 A I8, JFAEM B2 (A1l
SR 2 MBS TSR, TR K B 4 A 1038 LA A 7, P TS T R b £
R R F T, BB A RAE B P T o FUBER BRI (5 5, JL28 010 R € — S T
R W DB RIS S, DRSO FLAE ) S B B g 2. 3 v LA — B e,
S SRS EIE o W55 4 5 TS e, 700 T T R P R0 19 G DB B 15 B, S S 3
U S B R E . T IR A VB Pt RIS LA A S S P AL, S 4 P4
Mok JE B T R, B0 R MR HUHE R P = GAP(F ), MBI 7

fs = ¢ (0 (¢ (P))) (C)]

o g Al g TR MR, o o e T B8, 24 58 e AR ) A BT A e o B B e 2 59
0] 5 FL A A 5 I SO 3% B P00 DR 2, AT S PRI £ 5 04 1595 B, B R 7, 01— 1L,
PRI A .

.

5= i n ©)
SErb, g T, 2o B T R AR, 8 A S Yo 5y SRR SR, 15 s Ky it
LB 5 P 2 A, SE IR R % 3 2 PR B 9 R 4,
24 BB BEBRBMS T

5 25 N B 0 0 95 O B, B PR R 0 3 7 MR TR
(patch-level) " FH A FR P (A7 S5 K i . X BBt L 8 AL BUR TR T 22, CLA DRI, ki 5
GAN 1A B ek A7 PRI B IR B I R 28 LA 4 R S — B T B FLAT X 40
FES 25 5, T2 13 L (i R SR 25 G4 R Y. JE T, KSR T — A VIT MM R
SV, AN AN X R AU, SR 5 R e 8 SR B R 31 5 X

(S A B R o, 45 DR R T S 5% 2 WA K, 4 5 =30 RGB R X, AT



T R TRER AN R ALY AL A B FARE 1R 9

BN THRA (patch embedding) B 5 N R R 73 A —H B A EZ /I G, IRy T 2R P.
TEAR G G AL B 5 AT 4 W o, ARATUR 2038 4 G L 48 . R IRESL G B, FlinT & X8, B
B A SR B, X5 BB R B e . P AL BT AR G e v 5y UERAS, AR R R A A )
JRI AR IHEAT P SR A, M R AT e s T SR, Sk A s ik ity A A AL AR, B = ) 4 R E
RANEBIRE ), 55 53805 b T UL K& 45 01E Bl .

AT RIS AR 7 20, A SCHIN B TR SIS T P ST 4 )R R, 19 335 SURHE S, 1Zid fdid g
B T Z M KRR C &, 6 B T 3R MG 1R AR 5 0 A1 R 5 88 X0 X — 85 B SRR, 5INE=E IR
BEAEXAN T RN AT AR AERE & Bdctth, 1220 P28 AT SR A 5 L@ i b T 22 8] (AR DR PR EAT IR R 4, £
1375 1) BB — S S SR I X S s Ak, 17 =) 3 S8 5 AR 5 SCEIE S AR B . AR F B R, 126
FE R AL R S 1 B RN TE S [ A B 2 54 G RSRR I FE L PIE 1 5 A )R — B0k, BRI rT A Sk
ARURL Ay 1) — P AL R ASE.

BT R, ASCRA AR B RA GRS B AT iR 2 W1, AR SRR AR R R A,
HJRAIEIT B & BN SE I R S SR S, e TE OR B 45 A0 A5 JE 00 [0 B 0k G Jod RSP0, AT A6 2k 22 T B
T FAB SO — ERIX 385 e U 2. A BRI b, B AN T s T 2 R AR 4, A ik 2 308 20
IR AR EAREAE H -

H, = P-Attn., (P, P, P) (6)
Hor, BN 3 A P BN R (Query)s 8 (Key) FME (Value), HFRA B R IIHLH, =& B HPIGERN T %
7N PR ER.

IR, SRR RS TE AN TRE LA R R AT B4y, SO I 2% DSV E S B B B GAN 7L )53 X 3
NP M e 75 5 2 AR 22, O T L0 ER R AE B 4 R 25 E AR, (RIS 25 18 B 7R AN [F) BUG RIS [R] A= BB
R 8 RO RERE SCRR AR (1 28 T R — 55, AN SO 148 1 0 R R LA S IR P O S R, K SURRAE S
S5R— GBI ZE H, o B, A2 A E 1E R A ALE G,

Gy =0 (W, [S I Hppom]) @)

Forr, W, R 198 3G B R A AR R R s S 2R PRI S8, T T X EER S I SURRTE S 5 A — e Ak 2=
H pporm BEATHREAE B IIAS. SR 1748 B0 AR B 3 B R A A L, AT 75 383 985 B TR-AIE T, AT R

T =S +G,0Hppom ®)

AL REREARYE RN T P9 25 52 24 FE B A VR 20 s AT 08 52 (00 DGR RR I, A ORTEE S8 5 XIUIR KR o e B AR, T (e
Pl 125 X I ) 1) B
25 BHXEENSISHMEER

ARSI 3BTRS 3 G- SR8 o SRR ) 51 SRl G U 9 43 35| S 45 . K AR AR 2 Al
DS SR F i TEN AR 5T IFRSCHE AT, X T BHATHE—20 10 5] SAB IERAIYE S8, TR R L 3
HH IR 2 (R RFAIE 1), TR 2R 53 STAC BRI 2 PP FUAATRIE, AT Sl F e VIR 2 5 GURHE — BUN RN ZEFE,
BB RPN FERFIEN Fope € RECHV  Joh BRALE KN, CRIBIEE, H A W o LR FHAEE M = A5, 2%
HEAT JEPARAE, B 23 AVRFE U N T SRR Foq € REEVC, I J5 38 I SV 350 2 WU 2 5 Bl oy 30— BN
YEFE D=768, IR EME R BN FPHHRoR:

Tres = FoqW, + by, Tres € REWVP 9)
Horh, W, e ROP RN RHELE, b, Fyih BT

T AR TR SURER 3 S AR T T, TEIS 43 SCR & I FEH 6 T REAT R E BT (detach) 452 4E, AT SLHLER 1) RS
BB SHUH. MBR AL SR A SR G, T A AT 16 5 BETIST, Begl 23 S48 2R R 50k B0 180 B 0 SO iE Be IR nAL R 22
BERRI 3, G R IS ECE F RS2 2B R AL B AR 5200 — 5 TH 75 BB S AR B AR AIE, 55— T X



10 BRAP AR Hrr e B o G w Sl

i A LR SR A R U SCRR AR SR IX RIS ) STIE BERR 68 5 S B B R 5%, AR B AR 00 TR U AR
RS RHIE R R R AR S BT, AT 1 55 Houk 2B B R SO R AL RE /1. NIEA LY detach f41 2 2UBH T A
B2 5y SV IR G0y STINIRR FZ 101 A% % 42, A TTRE AR PR 150 156 B8 A 47 e A2 B A0 15 2 A% 3. 2SR AR AR IR R
SR B 5 MBS 520K, RENS T T AR E 4 o1 5 A G AR A R A s AR e TS s[RI, B 23 ST P R A RFAE
BEAT A2 R i U, NTIAEAN T-IURZ R 2 RT3 T, SEBLBS R 15 B Rk 5. WAFAE S S I R, % 517 5
FHUHIA G _ESEIL T AN FE SRR PR, 18 2 200 SR Tl 3R 5 AR o R AR R R E S v A o, i Bk
B SOV SRUETE AR S, B IRHIBE AR &, 7T AR R0 e AN R R R 2 [ S I SRR iR &, AR
THEEARRRIERIA H A2 € VE- 5 40 e

138
T T30 %ﬁ ]

BRI RE RHE 2k,
(ViT«ResNet)
ViTH T o
L1 7 . AR A (Q) l
) (1-Gate)
S SR
HRAE
I BREEBILIT 2w —
— &MY —— . ———— = — ; BIERD
I (KIY) TR ML R RAAT
ResNetfF 1 &
(Foisa)
BRFFIL T 5
(T

K3 BERHP-RGEE S SOEE 5 SRS R MIHE S
FEFT BT AORRE BB R p, BREts SUF A T AE N B R (Query, Q), BERZTI T, 1E B &
(Key, K) FME & (Value, V), 3T 528 58 2 AR S, B REAS 1E 4R i SCEEREL e v B Bl e AL b e A5
RO B XK, IR AR A SGRAEZ i, 5 58 E R MU SEELE 7 SR B, LR fEnl R
0=TyWy, K=T Wk, V=T Wy

Ton = Softmax( Q\;(c_; ) 14 (10)

Horb, Wos Wi Wy NV 2S8R, d oK 4L

R T P A MR R BT BT PR GAE SRR AR R, A SCIE RSV R i S RS NI T R SR T Y Rl
A AR I THENUHARSE AN T35 SCRAE BN A SR A B, ST 3R B A5 B NFR P I 38 B s

Thse =G OTyn + (1 =G) O Ty (11)

Hp, G, N GUFEAE B T TR, e 2%, lid 148 2 B H 5 20— AE, A BIRE J5 MR ER R,
ZWTHA IR T AE D215 SRS I X 3, A AL Re 08 DR PR IS SURAE, T 7E 48 SURFIE 2 35 1 IX 3k, U] e 9% A 200 5
o R
2.6 FHERESVFETUN

TE BRI AN 3 3, GERLFEAR 38 2 A D 5% 2SS 43 SN o T4 4 AR BB ZEAR 2 G 25 18] R 5] NIV R 4R &t
AL, TP A it 20 43 SO i B MR AR 458 518 SUZ TN 2 J AR i, v 1 A IR BAME B, A3



T R TRER AN R ALY AL A B FARE 1R 11

FE I Ja& TR B AN R] 73 SRR AEREAT 1B A R, g 2 P T A PSR R 8 ) e 4 4 1) 2.

BRI &, SR IS 2 S 2 5 7y 30 = 151 Rl & 55 Transformer 4% 5, i th — LA & 5 FI#h T
PRic. JEIEIZAR L S AT 2R T Bt Ak, SRS R G A B AE B (AR fy, AR 2 A AR T A AR
R 2 RIS SCAT =y 1 B — BOMEARRAE. 55— J7 1, AR FEAR R P B 5 BB ) SCAE IR 22 5 S SR F, il %
PSR SR AR I — AN — A A SR DI SA RN f,,, 122000 2 B G i AN () 22 RS YA JRy RS0 L A 7 A 55 077 THI
ZEFNEAR S0 T 5 A SCR AR E R BHE R 7 506 —F BEAT IS FoR i

Jae=1fo: 5] 12)

RIS 2o T LA I DR B 4 R 2R RS A0 A5 2 5 IRE BE R BB 4015 U2, D Jim B 1K) UE T 4 ) B2 5 B P P
1E. B, S RRAEE I A R O 2 AT G, T N B 23 28 3k DAAR Rl 25 1) AR SO TS VA T Tl > . @i b
RFFIETR A5 ) @ A7 =X, AL B8 76 1 & T B B[R] I ) P A R B 7 J) 30 08 52 J25 T R 4 ) A s =X /2 T B
BRI ZE R A R, INTIAE 2 A 5 2R 37557 0 2 BT A i PG o 5 1 U R B e e R A 12
2.7 BREMILBEREE

SIS 22 Y5 AL R MR A RO & ), JF SR TSR R AR R R 5T BB R, AR IR R
T T B AR B R 5 O R S5 A L AR R SR R A I S D0 A F AR pR 8. TR, AEHERR B B g NJE 20 St e
BV BRI, DOCRET R AT T B WA R

B il i 3 SR B A R IE R IR fiuea, T HIZRIE 20 28 20400 HH 20045 20

Zi = W fruseas (13)
Fo, W= [wi,wa, .. owel" B 70 FERBUERERE, C RN CRIAE BB S5 5. X T B A AR S8 01, AR S0R
I Softmax 5 RGNS A2 AR RUBRAEREAT B, o SO

- _}_3 2 M (14)
i=1

Z exp (W}ffused,i)

Horb, B RIRHIRRAD, y; Fon 8 i DRI RRARZE. 12450 H T 5 AR 2 S AN [R] AR i R 2 ] 1 ) PR,
R ZRI EEEBE 5, B0k 1 RS R IE R A BB AR R B RE 0. it — 20 I 45 R 8 A RS AR A R 22 (] v
(¥ A R o 3 SRR IR T 43P, A SCYE A RRAE 2 1) B SIN A0 82K (center loss) 2B, 1245 2kl i £ SRRE A
RFAIE i) HLf 3 r o B8l A R RN T 22, HE (I T

B

‘Cccnlcr = é Z

b, €, IR y; A RS RIEE R] O R 2R S AR SO R S AL, A B T RS A 2 BUE, e 8T
RPN BB TEINAS AE AORFAEREAL. (RIS, Dl S AL FEE 15 3R 2 v A3 O 5 AL 20 S S BIRDG ARAUL: T sk = Y Ay
A R LA IR, AR ST e — 20 5N R LA By 73 5 0%, nf Dy s A o . 2 0 A A 8 ) 531t B . 4K T
B FRATTRE AR 5 2% 0 et S Dy 52 A5 53 S PO A ek 7 ) A2 RS 2R 54 ) Sk R AT #5652, R A8 UMl 40 k%
I AR XT3 AN R A PR R, AT AEARFAIE 22 [ S N7 AR E SR B . 120 B 70 i ke SR

2

fruseai = € (15)

14
Loa== D, ) 3(®)logi(g) (16)

Forb, N FZR RN, €, NE R BRI, v, (o) AH | MERLEA BRI ¢ b SEARZE 7R s 4L,
$: () RN FI TN K3 H K Softmax TIUMERR, 1245 < 03 B 1 29 BN SERFIE 5 A8 AR T AR 25 2 TR 0 RO &R,
AR5 1T Bl 2 ) R b IS VR ) R, IR 5 B B S AR R SR AR ) A

TERCHEA b, DT SEIUA S 2 0 G P 25 mh 30028 HH 3a T ) AR AR 60, AR SCREH O RERAE 29 STt s & . SR NT-
Xent (normalized temperature-scaled cross entropy)"* % 2 I St L 45 25 S 18 55 [ — A= i AR R REACZE Dy A LA AIE 25 1)



12 A T

HH R A5 A — B, FEHEIR A R — 2R iR AR A M B IR RE AT, ROR A (Zﬁk),z(jk)) SR AR SR S
T2 5] N TC ORI AR A 3, 36T 1k, T BASE SUDSEAR-AE T Ll & ST 4k A

Ligeon = —L i log exp (Zik) .Z;k)/‘r) +log exp (Zﬁk) 'Zik)/-r)
2N k=1 Z#k exp (ng) -z;/ ‘r) ZI# exp (Z;k) -z /‘r)

Forb, N 2R S HTHER AL IE A IEAE AN B0, 2 R S AT bR BT D SRR AL ) &, + B TR B R4, T 4O
ALLBEFR) AT, A0S bE 2 20 SRR R . R 2840 R0 AT IERE A T2, JFxd i A0 j U T8, DAS SRR AIE 225 (] R0 FR 2
W AZATRARAE [ — 2 B R ) D SR AE W 22 18] P SRR, [RIINE AN 5] (9 26 B 2 D B AR AR A AT RUh T, 9T B4R
RERAE T HEHORHIE G R A, Dl LR b T 0 e ik ZE R A AE I ko R v BB e 8, 51N R A% TE AL T

B

fun b3

o, 0 FORER | AN REARTES G AR OB 2R 73 S SRR D8 S ARHE 17 2, R RHAE R B 200 i ) R A 15 201
AT Pk 22 240K T B T RS PR URAE A1, a8 S Il R A Hh R BLRBEA — B0 L. 435 EIR BI04
R, A 5 U R A PN () 43 SO REAR I 25 H AR IR 52, B (8 SRR A B RS AT BLE SCA:
L= Lo+ Acener Loenter + Auscts Lasets + Auscon Lascon + Atreq Liveq (19)

SAIISRE, BT R AR AR T BN R W 7 9% 2R 38 U5 55 Hh o453 2R L R da S 0 IR AR AU 215 1), B 2
PURIR O Dy SEAFAE AT SCAIR, T B0 2R 189 58 A A K — S50 55 mT 72k, 70003 L O 0 U i DR A A 701 ) AR
P, ZWHRR AP FOCAL, (AR RENS [RIIN Bo2 RAFIHIARE 1. S5 HRIKRE ) SZ AL PERE, M T ST A5 Rk 2 3
V5AT 55 1R BEAAR RO
2.8 FEIEIRIFENHI

FEAREBRBI B, AR AN T B0 ok B L 0 AR SR FR A A E AT HE RS VA IR 00, 38 75 00 ARAE I ZRBI B B AR AL
B U R RE AT AT AR . I, A SCE e 5l NFE T B R IF R BT IR B AR K Softmax #E% (maximum
Softmax probability, MSP) V5. 45 52 LA H 128 115 43, T 3RAS 58 s se LAY 43 (4R T4

2B TE I NFEAR x, SR 0 A A BEEN £ () = [fi (), (X),.... fe (0)], FH C RoR EH01AE RS
K. SRR B VT2 R HUE U

a7

1) (18)

f;freq

C
E(x:T)=~T-log ) exp(£i(x)/T) (20)
k=1

%06 5 PR BRI T REASTE O A0 AR OB R A0 A LR VCECAR T FERE R SR, AR A B VRN BE
(X 3 T A AR A B R A pl T O s AU S N R i A R UL S, AR AR TEVETEAR A 20280 0 i . 35 e B, R I
AR R . %SRS TT LUk MSP SR b 55 A0 B — S T e 1Y) 1), 7R 22 AR U B B 2R 7 5 T HLR 5
& A AR E T

T AP B TF AR 564 T 0 SR WA B 46 IR 8 77, A SCR TSR 73 25 28 (open-set classification rate,
OSCR) 1B N2 A M REFEAR. OSCR L K& ZI il 1E 73 95 % (correct classification rate, CCR) 54K WA AR R B
3 (false positive rate, FPR) 2 [0 {15 5, SHEAIME GEHEAT BAAPRAG W7, BT &, 383k xh 430 A o BEA T3, 764
[Fi] B 2% fF 43 5H5 CCR &5 FPR, 35e LUk

[{x € Dynown | §(x) =y (x), E(x; T) <6}

CCR(6) = Do (1)
known

FPR((S) — |{x € DunkTgn | E(Tv T) < 6}' (22)
L, Dy M Duninown 73 W ZR78 CLRIZE BB R FEA AR 5 5 R WAE RS R REAC SR 5, () A1 y(x) 20 il A L il e
S5 HRAE. E(nT) RonE TR 8ot HA R RE RV 72, 2P0 £ SRR A L% BUB/ME, TR

RERFEA | 2 IEORNE. X CCR-FPR #i 2 T HAEAT R, A3 5] OSCR fRFMA. ZIGARBETS LR & Sk

=

= B



T F A TR IR BAYIE AL AT £ R BSAER H R 13

AR TR A R R 00 25 PSR RY v v 1 Jos B 0 P )P 0 AR L2 S AR AR (4] 25RO VAt 2 B R A
ST R BUNTERERI A RUE &

3 SKREERSHR

31 XWRE

AR 3 TN S 7 A RO RAR AR . N0 X DA R e A R A .
3.1 HIRESMSEE

A TH PPl AR SC U7 VETE AR BEHE A 8 IR 5 U = T I & et 5 iz Rk ), A SCH4E CNN_synth_
dataset"”). GenImage*%5 % N HLiG ORI 42, M T 008 BLSC RGN 18 Pk | AN [RS8 1) A ok A Py 4
WA ZER RO 19 /N0, it 3 7Tk MR, B 55 a0 B AE GG R, 45 InfoMaxGAN. BEGAN.
improved-diffusion %% it GAN 55 Diffusion #8, RAEIRICEN S 2R, 280 SR A S HE SRR
IR, REE A AL R ] 4 FTOR. ASSCH IR 80101 W L B4 o2 BB AR B ML X 43 A I SR B« 36 AR R A
£, HAIGF4E A TR S A S B RAE 011, DR T B A MR AR VEA . A, DBt 3 s I o o AR AR
I FF SRS 5, A M GenImage $4 45 R AL WuKong. adm. sdv5. VQDM X 4 A s Y () s, 18
WER B 58 4 A2 5 AR IR N 25, AAE M BEAE Dy A 500 F T TSCER FE AR R IR Bk, 2R W21
B b, BB AE R A Y 1000 kIR EIG, 5 ORI 0B AR U R RR 2 A — 5, DUBE S B T RE A3k
B 78 ST O DAl 5 SR A e, AN T BB 2 00 DA A TR 7 R LS b 0 5l e

L FAME

of 1.9
MMDGAN CycleGAN
p—

e

guided-diffusion

TrRE Sy
Midjourney sdv2 StyleGAN2 improved-diffusion Idm_100

4 KRR PR DU T BTR A BB I o

TEAESS CE b, AR SCIRIN 5 8 P A AR OB U T 1R ) 5 T R R A R HE R B AT Al b . AR I RBi B, AN
F ESCHR 1 S8 ESEAN 18 28 B AR U BT . ) B A HEAT WA B 2 o3 ZE DR B, BR 24000 19 284 i B
FEAAE AR DRESS, 3E— 25 5] NFi4h 4 25 (WuKong. adm. sdv5. VQDM) £Z 514k K4 R RAE &
D25, DASADL B ST R A AT B8 H I R AR OB S T KT PRARAT 55, 55 20 5 S o 1 7 PR R P LA 2 o
BARY, AR TF R T, BB TR X B A A s B AT IR A IR, 38 B RS A8 80X 23 4R IR R AR Rt B
A PR E AT RIS AR RGPS R T VETE C AN 2 BT R LR R WA B M A0 A M S T T I 454 MR
3.2 SEPANTT SIS E

FESEE S AR R, N AR EE I SRS AR B34 48— BE AL BT 0 224%224 B[ 58 R, PUGRIEAS [F) 3008 VR < (8]




14 A T

R — B H A =B BN G Ao M. eI 2Rt FE H, SR A Adam AL 25306 WX 48 S 80347 BT, I gRfe 4k
HH 30 MIZRFR IR, S8 ki K/ (batch size) 3 E N 16. UG % S BN [ AH, FRH 70 B B R g,
R 5 AN U 2% 2] FGHAT — IRFEIR, DL A B 78 Wi 3 R B e 8805 e S RS AR A . 12227 ) 2R 1 15 SR s A B
TEBENZRIE RGO, JEEE TR s 22 A PERE. AL, SRl B L X S B 25 SR ) s i I 42 v T SR
P, A SCHE N S FE AP [ e BEMLRP T (seed=100), 7% B A< 1H B AR 2 P .

R A2 AR AN R AL R A 2 B B B, I RB Bk A A0 22 Bh i 2k bR 0, A0 T A s 2 U J il 1)
XA « LIRRHAIL 53 A0 5 R B 045 2% DL BT W A8 1 O 5 3R 7 BT BRIRT G 2 ST . &40 2R Ttia A U7 X
HATHA I, FORUE RETERUFSE LT IRAT6E. A S35 7E I % NVIDIA RTX 3090 GPU it & F& k
SER, - B FREEA PyTorch 1.13.1. YIZR5 T #2 o™ X 43 © 1A OB RS 55 2K LA BB RS 5080, DA R S5 56 7
il ) AFPE S AT EE S M. A SO BT A 1 S 06 48 SR8 3 T A0 R 1) SR BC B S 1 4 S0 s 3R 1
3.1.3  VH AR

DR T VAl BB A DA AR AR RSB V91 5 T SR AR AR i B R 37 55 T B P R, A SR A 2 PR F8 bR idb AT
CEA . TR AR A R B YR 45, EERH 0 RUERI R (accuracy, Acc) TE VRN TEAR, F AT AR X 40
AR SR BRI R A I BE T FETF TR R A 5 T, A SCHE sV AL X 43 2 A0 AE A B AR 5 R 0L AR A B
FEARIBE 1. ik, SR ROC BH4ZE T IR (area under curve, AUC)™WE T AEMG MIHEAT, 15 b AN 4 5 2k A,
FEA A4S 535340, PPAL AR AE A [3] BIE 2540 T B B4R X 43 V.

WAL, it — P ax A B R AR TR 54 T W SEBR R FH B8 77, A SC5IN OSCR AE A% L i 48 #5. OSCR [F]
ik 25 R L0 28 B RE AR T 43 S 20 5 00 o WL AR )45 TR M R, B % B8 4 T M e RS B 7 B IR AR i 247
s B SRR E .

I Acc. AUC 5 OSCR S5 4R FIBEA RN, A SCREE M PA AR A b B I3 J kG 2 DA B TROAR AR DL AR i A Y
X 4> 596 R B 155 2 AN ERE, % AR 5 24T A T 44T
3.2 AN ERS S

NEEAIE T 3R 7 VETE AR BEG NR 5 T 807 5OR T 55 R AR B0, AR SCHEAL SR BT 18 S8 AR AR 2L 1)
HngE b, HIHS 2RI T AR R — S50 R B T AT R HL. X RR S AL S S oy R . T
AR B vk AR ) TR S SRR 5 VT 8 U7 v, BB EE RepMix!". DNA-Det™ . POSE™%: % fii{tak
PETTE. SER A RN 1 PR, X EEEs SR 53 ) AR 23 8 P B0 HERI % (Ace). AUC LA S OSCR XM AREEAT PEAL.

F 1 AXI7 CPB-AM 5 H ATk ResT L (%)

J5 Acc AUC OSCR
SimpleCNN 56.74 48.53 30.69
ResNet50°" 83.82 75.55 67.20
DNA-Det™" 85.11 81.09 74.75

RepMix™! 84.63 59.98 51.59
POSE™*! 78.42 83.16 72.51
NPR!™ 93.22 74.63 72.95
ReTD" 80.07 55.57 46.49
CLIDE"? 63.73 66.40 30.60
AIDE®! 91.35 75.91 72.81
CPB-AM (Ours) 98.49 87.16 86.47

VE: IR R R LA R

M1 AT CAIEE B, 2 U B AR AR AZAT 55 P AF AR IR MR BEI. LA ResNet50 Al SimpleCNN Jyft#
(R PH B 2 B AULE Ace $ A7 b BA — 2 Z8E, H b ResNet50 B 7E (158 bR IMELLF, (H —FEJF 4 AUC A
OSCR ¥ F [, JUHSZ SimpleCNN, JFAEFEAR T 1 1\, 2 WAL 73 3CR A 27 > 3 LUREX AR WA A R 7
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SRI A A% ] R X — LG EA, A5 48 CNN BB a) T~ 3] P9 25 M SRR AE, T JRAR 8 I AR AR 8L AR S i e 2k
f) ResNet50 J7vEAE MR HERI R FIRE T 14.67%, Ui B A< ORI B 22 28 1 P AR A 38 A A b

B %of A OB B IR S5 A ST 45 T B T VA E TR SR M e AR AR T 15 50 CNN A8 8Y. BLF R R POSE
T3 EIE Wk SO RS (B AL, 78 AUC A1 OSCR ks LEUS T 8RR 2 IR B, MRBL T HAE Pl 20 7
[ ffIL34. DNA-Det 55 ReTD %577 v 32 BB AE R 5 Bl S M ik 25 AT R AR, 7638 4P b B aRBURR e, (EmT A2 FR
T — R A, AR ERER I DR TAAE— 2 R, 5T ReTD J7ik, fEARSCSLIG ¥ B N 1 IL45 R ik
TE AL I T B TR, o HrA ] B2 R 2 SCR A I BUE S O R R B B R SCR 3 e, R ZE AR
EGE— ISR SREBE AT TR T, SRR A USR] R SO Biryai /b, T =l SE LS T 19 22 =

M Z T, AR HELE Ace Fl AUC BT O Fabr IR T Bt 45 5, MUBE AT & L AR B I /s
B REE T 5.27% 4.00%, 7E OSCR FaR bR &0 T HoAh X L7 32, ARIH B 5 v 7E 3 AR IR 5 7 T 4R
TS PR RIFLEEA TR, REBIREQ S 18 KA MR, BRI N RS E R EEEER, &
SCTET R AR R R E 5, I0AE T BT 3R T4 3 G- B G b 5 Vi TR] S B S S 78 2 2% A RO 2R 0 AT I B s 1k 5
BN

BE— 2B Hh, TS [E 7 A B AR AR RO ) R IR S S, R 2 4 R T IR B R A 18 AR R A
oy U R B g SR AT BT T DA SR B, 15 G P AERR AL (40 SimpleCNN 5 ResNet50) 75 #4320 R3&
BB R, — 3 T Oy S mliuk 22 FAR K 5 7%, 20 ReTD 25, 045 i 28 L BE WS I8 BRI =R, (B7E 53 — 23]
T APAE B T B X R IR S VETE B R A T TRTIAFAE — 8 SR BR. AR, AR S A4 K 2 03800 R
T BT S R 45 R, R TE L G e S Py BB A B R IIAR e, MR 7E 2 28 GAN Y P fREFE =
WHHETR. HERNE, ERARRRES . MM EFRAKNEEREET, 255K H I EEAIREI S,
VL FTHRAR R - H O 52 T R SIS REAS 75 S 3 AR B GL i e i 5 1 R S ik 2205 I8 2 ()l o SE AR R ) Bl .

F2 AT CPB-AM 5 HAR 71515225 Ace XL (%)

eSS SimpleCNN ResNet50"" DNA-Det™ RepMix POSE® NPR" ReTD™ CLIDE™ AIDE®™ CPB-AM (Ours)
real 6.67 48.00 11.58 56.00  78.67 89.33 56.00 83.67  77.33 92.33
glide-100-27 63.00 81.00 96.00 56.00  67.00 96.00 72.00  52.00  93.00 98.00
ddpm 76.00 89.00 85.00 88.00 7533 9200 73.00 4870  92.67 99.33
InfoMaxGAN 94.50 100.00 100.00  97.00  100.00 100.00 98.50  40.50  98.00 100.00
sdv4 40.00 77.00 94.00 77.00 3400 91.00 9500 5400  82.00 96.00
1dm_100 16.00 58.00 82.00 64.00 3500 98.00 5500 93.00 91.00 98.00
Midjourney 51.50 80.00 67.50 84.50 5150 94.00 71.00 78.00  82.50 93.50
CycleGAN 37.88 74.24 100.00  87.88  80.30 9848 66.67  50.00  87.88 100.00
sdv2 89.00 99.00 100.00  98.00  88.00 98.00 100.00 5886  91.00 100.00
DALLE 66.00 86.50 78.50 77.00  98.00 91.00 98.00  92.00  90.00 98.50
MMDGAN 32.50 93.00 99.00 88.00  99.50 93.00 7550  74.00  97.50 100.00
StyleGAN 54.33 84.00 63.33 95.67 9233 98.67 7133 5433  93.67 98.00
StarGAN 87.06 98.01 100.00 9851  99.50 100.00 99.00  87.06  99.00 100.00
StyleGAN2 83.67 94.33 90.67 98.00 8933 98.67 8833  69.67 97.67 99.67
BEGAN 100.00 100.00 100.00  100.00 100.00 46.50 100.00 71.00  99.50 100.00
BigGAN 19.00 75.50 87.00 8200 7850 98.50 75.50  52.00  95.50 99.50
SNGAN 43.00 91.50 98.50 86.00  97.00 9250 88.50  56.50  89.50 99.50
guided-diffusion ~ 41.50 68.50 65.00 83.00 5350 9550 63.00 5550  82.00 99.00
improved-diffusion  76.50 95.00 99.00 91.50  72.50 100.00 75.00  40.00  96.00 100.00

TE: I Bk AR e
3.3 HEMSLES O

AT IRNIINT A RBE BRI B L RE R 2, AT R 2% G54 SR et DR R S s sms . 20y
SCRFIER G 77 300X 3 ANT5 TIEAT T R SR, I 7= A ML ARk RE AR AL
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3.3.1 St 5P R B

NI AR S5 VE TS VSRR RO, AR5 LAJEAR (1) ResNet50 HESEAN VT BB (¥ X053 STHE AL S SERITHESE, 1R
KRG NB R IR (HF) B, SR w2 i (PHF) BLER, SAHSC AR (DA-Decoupling) B ANES 73 327E
B715| SR G (CBAGF) MU, FI T 512 0 0 5 10 A2 sRAR SURIR. AR B I B xS 45 R Nk 3 B,

K3 SBHOHRRERE I (%)

i Acc AUC OSCR

FLUEHE LR 88.71 74.54 69.48

+HF 97.03 81.45 81.01

+HF+PHF 92.34 74.31 71.90
+HF+DA-Decoupling 94.82 76.00 74.30
+HF+PHF+DA-Decoupling 97.63 83.30 82.65
+HF+CBAGF+PHF+DA-Decoupling (CPB-AM) 98.49 87.16 86.47

T IR R iR A R

M 3 B T LA 3, R AR A R 5] N R 2 AT O 5 AR (A R, R SR T P AR 4 T 55 e
S — @ UK, ABTEH TSER S 55 T TN oA AR BSOS BB, JHC S Sl 20 S = A (R AR AR SL 23R, 3:80 AUC A1 OSCR
FRARAELE A M R, 7EBEMERESE 1 5] MR R AR IE AT (HF) J5, BRBTE PHARMER R . JF4E AUC J2 OSCR
fabr DYYEUR B 2 5T, ULHAMG R E T B s 5 28 B 5 AR R B A DR RSB RS B %S5 RIRIE T =R
ZEA5 EAE A B R IR 5 R ISR AT 25 oo 11 E 20 T, RIS 08 )5 48 B v 5 YR IR 45 A AR (3t T P A iE
Tilt. BRI, 76 RLEER bt — 25 5] NS s e 52 8L (PHF) I, MBS IR — 2 FIE, 2 4TiA0, 2 i T4 T i
HBAEERZ L RIGILT, B 5 51 N5 BUE A AE LA DI T H0AE 2., AT Bl S5 % A= e 5 1 — S i
BERE ), HET R0 ) e e M. 7ERUE L SL 5, ZEA 5T\ HEF BEE % 5L N 0N IAE S5 748 (DA-Decoupling)
R, B AREAR M BE D T S HERELE, (EAH B 10 f8 ] HF A7/ — 52 T B&. iX K ¥, DA-Decoupling fHR 74 &
TG Z IR AR RIVE R, A RE 78 2 R FE S A 5 AH D4R 6E /1. 2% HF . PHF Al DA-Decoupling 3 [F]
B 5INE, A8 1 RE 15 2 B BRI — B4R T . 125 SR T DRI B g O s AR AE B U R R 2 R R, v LA
ZCAM ] 15 S 7 S 9% HH AR OB B A DG 22 e, AT R 3 FLTE I 5 P TS AR R T 55 AR 24

MR b, 2B 5N S 5 S8t & (CBAGF) WL a, BALE MR . JT4 AUC Al OSCR
X 3 T O Febs BB B AR Re. ZALE BE 0% AR IR AN R N RE AR R AE 20 AT, TG SR R s AN R R E 5 B
I G PR ) B B AR, A RAIE A ) R [ B, R S SR T AR o o LA B R AR IR BE T, AR, &
BEPIEARNFE R RFE T HAMER, Fbh RIS R0 & 7 Fase B0 sk i) 2 RS A e 8RR,

3.3.2  AISENE TR BT

NI VIE AT WG VT A B, AR SO — 20X AN W] i AR B 5 3 R AT 3 B ATV Al i, BT &, TR R
PRI B, A SR 400N 4 1) Laplacian SF/E N Epmi By 2, FHEEAR1CH 8 19 Laplacian B L&
Ty I T R AR 5 ) v AU 2 B M T VAT F L, S8 45 AN 4 FR.

F4 AT SR B BE I (%)

A SR M Acc AUC OSCR
REEAH 96.89 83.89 82.79
841k Laplacian & 1 85.79 76.28 70.74
44T Laplacian® 1 98.49 87.16 86.47

T MUREORE FoR Al 4 R
MR 4 BHETTLLE B, AT A SCHTR A 4 4838k Laplacian 57, 8 438 Laplacian 51 7F A4 R LIS H
NFE, MAETTF AR AUC Al OSCR 4845 bR N B EE B . SR S W, B ORI A0 3800 [l 7 1Y it 25 57 1) ] I
WHINT 2 5 EHR A AAR SIS T30, A HUSS 1AL R AR s B o v R ) 8 0. BRI LASE, SR 3R
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v URFAIE 3R BT VR BEAT B 4, DK T — Rk RO IR 4 5 S ) v AR 22 3 AR DO ¥, B S PR EAT R
A, 15 R AR AE 22 LAIRAS R A5 . SEIR 45 SRR W, 1207 ik [ B BE RS BRI — 5 R L 1) Ry BIURFALE, A A
ST AT RO R e, (BAE 3 TFEbS LI T 4 4838 Laplacian 8. 1% U8 B B3 70 A% 3R J2 T 300 A7 o) a8 v A% o 17 g A5,
SEAT T A A B R BT 5N PR 4 FE D A o

N B R AN RO SRS TERFAE S0 AT L2 5, A SO0 4 4R35 8 4138 Laplacian 53R EUMAFEREAT T t-SNE
ARG AT, Fe A B S R, W DLW SR B, 4 483 Laplacian S BT 42 B REAE 72 288 1 1] EL A 58 775 WA 1) 4 A 45
F4), 17 8 4RIk Laplacian 55 FERFAL AT EAFAE — @ REE KT B, Bt — P URIE 1 ATUS NS A 4R 350 BN IT AR R 1
REF BT,

o ddpm
InfoMaxGAN

® sdv
1dm_100
;;;;;;;;;

© Midjourney
CycleGAN CycleGAN
® sdv2
DALLE
MMDGAN MMDGAN
SBHGAN. SEHGAN
oy 4
StyleGAN2 StyleGAN:
BEGAN BEGAN
igGAN BigGAN
guided-diffusi guided-diffi
SNGAN SNGAN
mproved-diff S mproved-diff
.
2
'%
‘,'é R,
V)
R
(a) 84k Laplacian®-F (30 epoch) (b) 4418 Laplacian 5% (30 epoch)

K5 ARILEIEI Laplacian 57 A% I kA 45 S0 LL

333 20 SCRHIER G 77 IR B
W T A SCIT R 2200 SCEE R IR 5N AL R 5 SRS, i AR 15 35— 25 93 A Bl 45 AN ) R A 6T 5 R AP 5 ) 2
DN, ARSI TR AR IR 3R 200 SCRFIE B 2 28 B 2 R vh AT T LS 0ey, JEC B S S R 5 T,

s RS AFRHAERL 77 OB BERIRZN (%)

FHE Acc AUC OSCR
G250 SCHRRN G MG R 7 SR G5y X 97.87 71.58 71.04
AR R 3 2 S5 3 (CPB-AM) 98.49 87.16 86.47

T IR R R R LA R

MNSEHG4E AT DG Y, M PR AR R B ST E . AR S A5 R JURRAE D S B AR AR I, TR A [ 4
I3 BAT S DT AR R I s HE 2, {EAETT88E AUC 1 OSCR #6545 _F I3 T 4. Hith, OSCR M 86.47% (&%
71.04%, & B A R FB IR 2 JURRAE P A0 3 B BRI A A 56 15 B, Bl & 2 T AR AL X A WL 1) 0 3 320 5
B AR LLZ R, IS RN 1R R PURRAE SRR E RS B B SR TR B A R S = T AT M B IX — 4
R, i R AR R L S PR R G, B RE A 7E OR B A IR R AT S R, A R P 2 AE ST
P, TN A AR RO S B 354 1.

GEE R, 20 SRR A FE AR 2K T A R B Bemh & RO 2, 10 7% A6 7S 0 A 5 AR AT T T A ik
PERURLA . A SCHT R (1 Rl & SRS 7 PSR IR L RE-S5 TP URIE IR RS 2 IS T R ISF4, i3E— 25 500F T CPB-AM
MEZL 1) & B
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4 B %

ASCHIGE AL R BB TR PRIRAE 55 b 22 RUBE D s dfi A R A L R AR il 57 R IZ A RE 0 AS R HA Tl AL,
PR T — Bl TR R BIRBOy 5E VA @ BE (CPB-AM) 19 AL AE B GRS IR AR 22 . i HE 28 AR i LS D s i 2
SRR R, ¥ T B R G 5 A 5 B 2 R R X0y S, 20 R AR T R R S B g i 2 5
TR S G R SO B S, R Il 51 G aURFAE R A AL SE L RUBE A5 S8 W 4D, 78 704240 AN [R) ROBZ RS AIE 2 1]
() ELAMA, $ETHEE AR R J). TEALE 1 P LS FEURRT 18 A sl Y P (1 B £ b i bl SR s i 4 R W, B
TTRAE AR B R PRAT 55 L R B E A28 A RE 70, RIS, FETT ISR SRIGBEE T, PITPRMEZRAE R WL AR iR 1)
SIEIRE S AR SRR DL B B & ek, J0AE 15 3 B B O 52 Dl ) S A SR A 2 Rl [ G TR A 55 P O
.
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