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Abstract

The rapid evolution of Deepfake technology has led to the proliferation of high-quality forged con-
tent, posing a severe threat to personal privacy, public opinion security, and social governance. Ex-
isting defense methods generally have problems, such as single detection means, the separation of
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active and passive defenses, and insufficient cross-dataset generalization ability. Therefore, this pa-
per proposes a hybrid defense architecture of “active defense + passive detection”. In terms of active
defense, a method for generating gradient-guided region-adaptive adversarial perturbations is pro-
posed. By combining face saliency maps and gradient information, precise perturbation allocation
that is imperceptible to perception is achieved. A robust blind watermarking scheme based on the
cascade transformation of DWT-DCT-SVD and K-means blind decision is designed to support the dual-
mode trusted chain of “online traceability + local verification”. In terms of passive detection, a multi-
source evidence fusion detection framework is constructed: an improved dual-branch attention-en-
hanced ResNet-50 is used as the core detector, which integrates the traditional feature analysis layers
of frequency domain-texture-geometry and the semantic reasoning layer of large vision models. An
adaptive fusion decision mechanism based on Dempster-Shafer evidence theory is introduced to re-
place the fixed weight scheme, realizing the uncertainty modeling and conflict resolution of multi-
source evidence. Experiments on the FaceForensics++ dataset show that the system has good perfor-
mance. The detection accuracies for different types of forgeries, Face2Face, FaceSwap, and Neural-
Textures, reach 97.12%, 95.58%, and 89.44%, respectively, which are better than existing main-
stream methods.
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UEHER, DLAE R ZS(GAN) [1] 2] E gafith # [STA BB A QSR MR A B AR R OHEAR, TR
F& 1418 (Deepfake) [4] A 75 B FLFE A 40 N BRI AR o MR BORAE G SR AR AL BE AR A, (H
Hl S B0 B BORT FAE G . S IRVES 2R FHE RN H &R, L2 AME A NS4 ™ =
JBHR5] . PRI, T e AT S PRI FE Py st A U A5 7 0 3 e B A B P I S SO ARA B

DA TR P O 3 B ARV 9 1T 43 9 b sl R 0 0 3= B 7 41 2% % 26 [6]-[11] o M ShASIN 5 1T, A% S8 7 VA
ATISRFAE . SORRFAEA NG LT RFAEZEAT R0, (TR0 /5 0T 2 N A e A 2 s B TR ST
Tk BAN R ERTE 7RISR, (B — R p )z AR AR, HEhZ IRtk E3hBi s, WA
1 E AR K ENAI FIR BN, (A2 H07 MR ESL R, REETERC “ Bt - A - R 1
SEEAIR . MO, B AR S S sk AE g — 480 R AT W Rl e, B2 IR S5 Rl &
T 22 K FH [ 52 AU, 5l 2 P IE B AN 5 M R S P S A

BEr BRI, ARSCHE H R T30S A ks VR & B3 4244 (Hybrid Defense Architecture, HDA),
FETTERA R - 1) $EHERE L] T R IX 38 3 3& RO S8 777 (Gradient-Guided Region-Adaptive Perturbation,
GRAP), F N A I 25 4 H 1) 302 385 1 51 - PR BN A T 3 O B X S R RS v 0 i, &5 A g i 3h 5 i
TR N, TR ORI R AT S T W3 R AT 329 Deepfake AE B 2R T THLRE /15 2) MEZIH
UEE Rl 1 sh A% I HE 42 (Multi-Source Evidence Fusion, MSEF), i H X4y 32 7 7 /748 58 ) ResNet-50 (Dual-
Branch Attention Enhanced ResNet, DBA-ResNet), [F]H 5] A 7 [B]3E & /7 518 1 & 7143 33 3R P 1 JRZE 1
)34 5 I IE 0 SRR, R A FE T Dempster-Shafer 1iEHE B 1 1w I fib-A B B A 2 RO %,
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ghf K-means REEH HIRFXCERG LS|, TR “TELLPIUE + AL E” XTS5 H; 4) 75
FaceForensics++3E 1 31T 7 KRGS PRAL, WG ELS2Ee . WERbSLLs, I6E T AT 7 ik i S A s
%,
2. XTI 1E
2.1, REREEEIE N

TR FE O 3E W SIS I B 7 7R KRB DT T T AR B0IR BT 24 IR AE A R I B o 530 T4 32 R I 40
WA HT[12]. SCERRFIE(A LBP) [13]-[15]FT AJG JUA AN — 3O E A TAS I, eS8 07 VR vT fd e 14 s AH 2 b
HIR. FjE, FT CNN w2 Al 5 vk oy i, Rossler Z5[16]#2 1 FaceForensics++FEHE F-3611E T
XceptionNet fIH 21 He 25171/ ResNet Z2 44 K AL F5 (AR AESEERE J1 4 12 FAEAS DU B TP 25 [ 18]
IEAESR, WFFE SINIER AINLHI[19] [20]401 2 ] FEHFAE Rl A [21] ARG 5 5 A i O i JR 2B A 41 s OB AL )
T, WHIE S HA(VLM) ) 2 S HERL RS v N T Deepfake #&M[22]. #RiM, ©F HiEZ X
B — G 5 B FT B DA i SR, B =2 X 22 YR UE R 1) AN o PR v R B R A
2.2. FEREEEIEGH

T BB 1 B L R SKBE L BT PR B Oyi A O FE BB K BN L s NS
B /KEN AT, T DWT. DCT. SVD ZAx#dsk ¥ 5 /K ENE AR [23] [24] 0T SEE P 25 305 5 BOBUR S, =
B R e DARH R O i A B o GEPUER sl i, WA IR FGSM. PGD &5t Hit Mo 77 ik A2 i Nt
AT IR BN IR [25] [26]. SBRAT[27IWFFC T F AR BE Oy it A Y (6t HiREA AL e R . RIE[28]4R
T 3T X PR S X RBE ) S S PMIR R . SR, BUA GHuaksh v 2 A 80s g L2, &
7650 F NG X 45 ) 25 (8] S 36 A5 L SRS HE 73 e o A SCHE HE Y GRAP 5 vl i 6 15 51 5 A 5 2 e B 2400,
SEPL Y DX 3k IE N RS0 4 FE SRS
2.3. ZiFIEERME

TE 255 B R4 4738, Dempster-Shafer (D-S)iE4E 3 6 [29] K H IG5 a0 ME 2 43 A H B ZUL FEAH
SEMERIh R HE i, CFF BARRA . W2 WS s AT T 2 N o 12 IE R AN R IR 2R ZU(BPA)
IR FAEHE IR FE AT 5B, FIF Dempster 256 B SEE8 22 JREHE @&« (HTER DGR I A, BLE
il A SRS 22 SR 8 S ALEE BT 18, iR K D-S IEFEBEAE N T 2 U5 Deepfake #5IEHE Rl & 1 TAE .
A UK D-S AEHEEE 51 N TR FE Ohid 9 sh A (1) 2 Y5 a5 247, Wit TR IIARE SR 21 BPA [ B8t 77 71
TR RS, AR T R A YRR
3. XEEARENT
3.1. BKEIHEAR

B KB — P e N T B R UG G A5 00 R st a] AR BUK ENE BB T K ENER . A R Gl ) /e 2
T B HUNE A (DWT) FLE LR 7428 (DCT) K B /K BN L . ZE B UGN YUV =, ARG
WY EIE AT SN AR, R EitAT DCT 484, & )Eimit &0k DCT REURAKEME B, /K
ERFRERT, 7R B AIE K ED A R R Bl il DA & H IR GG 7K B . A B T AL S8 i G K BN BB A ]
e P AR B s .
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BHKEEERZOARBRQ)ER, Hd, S[0] AdmEs e MR KA E, d_1 AErPK,
W_i 7K ENEL A .

3.2. MBI BB MERE

AR XU SR 747 ResNet-50 (DBA-ResNet) {7 sl Al A% O - k2% o AN [F) 04
IWIEEE L85 %, DBA-ResNet 7f ResNet-50 )55 3. 4 B BEIFAT IR 23 (0] 7F & 1143 3 (Spatial At-
tention Branch, SAB)5 3@ VT & /143 3 (Channel Attention Branch, CAB), 4> ilili 3¢ £y ik JR 25 (1) 25 8] 43 AT B
FOAEE 0 S FAE . SAB I I 4 & B kit Ak 'ﬁ?i’Jﬂﬂ%/n@Lﬁ’ﬁfhréﬁﬁﬁEl % 7x7 &R Sigmoid
OB A A VR & /Bl CAB S Squeeze-and-Excitation 45 i) EARIE I8 [A) 4R # . 940 32 il v) 2 )
BCE S H0AT A& ML E .

Attention (F)=F © o-(W, -ReLU(W, -GAP(F))) @)

TEIEER 19 S (CAB) I FE (7R, X NMAGFIER, GAP FRn4)m Tk, W, AW,
RSB H, o N Sigmoid HE o EL.

Fow = * Fopg + (1_ a ) * Foag (3)
Koy E i @)K, H o N2 WEERESE, EIZIFE+ B aREN NERE

73 S DTk BB o
3.3. BESISXEBBRENMNMENTTEGRAP)

FEGAT AR EN J712:(FGSM. PGD %5)7E 241G MG FI 51N sl, S80S 5 IX 38 JE 8 s 34 e ot
RICo ARSCHEHBRRE 51 5 10 X3 5 3G N TR ) 775 (GRAP), oAz U FEARZ I N S I 25 46 HH (1 A B
XIS M F H br Deepfake BERLFIBREAS R, 2B s A) & RGPS 0 FOAUEE B W Lk, 45 7€ R
A x, GRAP ¥jidid HAREAITHER AL 9, P ARHRN@RR, REEE AKX M
HEREERE], WRG)FR, o My AN TGRS, 4,4, 4, A FHRE B&HIARK
6) AT, e NPLBHTE, BT ¢ FIEAREL N S e BE AT & 5 BV 2 (8] ~P 4 (1 i 0
SR, ERURESZIN T, e <003 H N<10 0, AWK P imes, wEadfs. Migst
$é?E’J%TLEE?"EWEHEEIJJ%%EUTB%({EE? 40%); T4 e >0.05 if, FMEH IR W] W AGHE 51 A,
IEEEME L (PSNR)FE 2 28 dB BAT, & 7 RRMMEEN. LZEF8)GE, m&ikTEe =0.03 f1 N = 15,
GRAP JIEMARIAAE T 7E NI SCHE X IFAE i s 30 U KA TR AR, E 5 X RRIC 8l A DR Fr
DL &, (A 7R il X s s 2 DL 3t GAN AR 3 5l & il A2 . thAh, RS04 S A
KB (EFLLR), PR T SAS R A U 2R (3B RS TP g

g=V,L(f(x).y) (4)
W = 4,M + A,normalize(|Vg|) + M youngary (5)
5=e*W *sign(g) (6)

3.4. &EF D-SEEELHNZIERIERE
WA MAEZL A S GHHE R . R R R 5 AR 2 = ANSr A R, anfr g &oah & Him
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SEARTFELRAG M G (R 98 . AT 5] N\ Dempster-Shafer iF 45 B 16 B A A% Gi [F 5E AU INAL T o AR HIHE
28 B ={fake, real}, F A MR IR IIME 2 p, it S o ARG R R A RE R IR B (BPA): m, (fake) =S+ p, ,
m (real)= B*(1-p;), m(©)=1-4, Hh g REMEIMET, A HTHE R TR TE T I 2 50iE 4
7 S HER R Acei LAY AT N IR IE B A5 BRI Hi tFE AR X ExR, Hi o AR RS
Z 5 BPA #il Dempster ZHA& BN TRLE, AxRw=N(@)Fw, HAIH—fbEF K HF A SEH,
K tFEA R0 FRR . MR REK KR & EA—BOR, R4 H 3 B SR S0 H
TIHEFE . ZHHINRBET: Gel8 5 IR IG5 FMA T B Vs X S — A R 1) 2 ) B B
BRI RE S R B 2 HE, B RELS BRI MRS AT X (], $E T PesRk i n] ket .
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Font Awesome SEIL M N U 32 BLA H: L5512 48 )= H Flask HE4E7T & RESTful API (Application Pro-
gramming Interface, N FHFEF gmfEsz 1) [30], LI T EZNBIAIE /KED X HUREAR) A S A K A% 0 3
RERHL; s )21 FH SQLite 24d FEA7At F P (5 B AEIIE SR . RARLE S, OSS (Object Storage Service,
X BATAH IR S5) A7 B o W sh G AL i VLM (Vision-Language Models, #1315 75 #:280) Ko AL 4 B,
IR A AL SR N 45 TR SR FE A BRI EE B . RGERHA 7502 HE TR, SCERRTE ] & X0E
g, TR IR RS
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|
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Figure 1. System architecture
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AKERARE, AR 2 frs o
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Figure 2. Blind watermark defense module flowchart

2. BKENp MR IEE

K E RN S AR SR RN 78 2R Qb A 7 2. AU XS 7 P 8 SORT A5 SCAR Bl B A Ak
B B RN R A6 MR A oK BN, FEZRIE AL DA SR AR B 2258 = 7 (54T AT OSS X S A7k, AR
TR RIA U ) url W28 EERE, PR ZEE DSOS sl AR i 4R RS M TR A A 7K BN TR 46 15 2B K B
Blo FrA 7K ENSS B P e SO SRS N . 2 B /K ENER H DWT-DCT-SVD 44 JeXf YUV il
TE i Haar /NS HAS BIEATREL, FIXT 4 x 4 08 R %08 DCT (Discrete Cosine Transform, B %48
W) I AL E LR T), BEJ5iEE SVD (Singular Value Decomposition, 77 518 73+ fift) i %4 47 S S
DLECRHIRN o %7 20T JPEG Fe4ii\ & 75 58 4 J U3 B A B 1 & Fe itk 5 AN AT IRl . /K ENR
BONRAN SIS, RA K-means ST LURF AT, 42 @ CARK NI IUER % . $RBGI ARG 75 )54k
K25, BAERIUE. Kl 3 Jyaiu Sk e N R s o

4.1.2. GRAP LA BN

BKENB AT AT 7 BRI A TR . M BN - R RIEEE T Rk B RAF RO . BRItk 4,
RGUEII 7 HET X HOREA I 3B, ] DL KRR AR AR _EX 41 Deepfake. iZAHd@id 7 )54k
EE A IR AN BT WL INR S, TR B Oh G A 2R (R R AR B HDURT AR i 78, AT AU Sk FELLE P8 3
T IRELN . RS M api/adversarial-defense 43 11, #H 7 FAEEGEHoN “ R EMG 7, HAL RO
SR, AEXHR OB ARG RRAE S S S R i . 1] 4 A P 58 B DU
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Figure 3. Blind watermark embedding/detection: (a) Example of online text watermark embedding; (b) Example of online QR
code watermark extraction
3. BKETERAMARE: (2) TELRSCANIKEMERN RG] (b) 7EZk —HERDKENR BRI

@ BT
5B (SKED) O © EapHiE (IHUER) O R
TS EKEE AT SRR & EH MDeepfake
O WHRAHESR
BrEsERg HEkgE EfRus

FGSMIZH; v I (£=0.03) v FaceSwap v
ST i OSBRI TURER

FIRHEE?

© A S HRE:
BRI RIS, sILATHiDeepfaketEBIN ARCIREVAIERNITHE,
SHARNMEEGREARBRERAEEREMN, NisEIE=nEE.

L BR L&

HEIRE R IR TR

3245 PNG, JPG, JPEG, GIF, BMP 1838

Figure 4. Adversarial sample defense
4. SRR

RIEZRENE . PR RIE R, FEAT LI E FGSM. PGD. DeepFool. C&W DUFhSEmS LA S 42 . h
g E R R, RIS SN G XIS AR AN X S 1 A X S s B, TEAS B R
B RAIRTHE NIRRT EAEN X . S Ak, RGUIE AT DAE AT AR S0 B (1E 5% 80 5 1 S48 5)) (G T HE i i
JFE G 5R), $E R AR A A R TR TR 1. I 5 XL AT AR Y, JR B2 5d Deepfake Pyitifi
RUAP AR PA O, B X B AR N G 1 UG 5 R B T8 =80, (&5 Deepfake #2410 idh iz i <= Hi AL
ST 5 WL, BINHKE T Deepfake Biti
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deepfakefit

deepfakefhi&

Figure 5. Comparison of adversarial example defenses

5. SRR ERTEE

4.2. MSEF #Ehi& M=

BB MBI R G R BE O U Rz O 2, SR “ 2RI AL G it AR, kg
BACBR T IR FEARZE I 25 5 A5 KT = KA M ge JJ AW S, TERUZE M PTFECE . AT AR A
% (] 6).

BEHUEAR MR = BT RIS — B R E s, MABBRES TR S, FEATIEANBLT =AMk
BAIE el s
o fEGRFIERTIN

O EE I S o R, PR IR B O A i FE R B D 5 B AR IR . 1% 2 A E A
B T SOR— BRI S AR R T = AN, 4l AT g B 0 A . R (B (LBP)
SUPRFAE B TR T LA G540 = AN E SR IURFAE i OO SR S TR Py gquonee (IR FEE) . P (KX
HRHEME). P, FHERHEHZER).

o IRPERIRUEINZ

F£T DBA-ResNet ‘B T~ 4% (1) 18 5 74 6 1) 2% (Enhanced Detector) o i st 2043 £ 38 SR 325 (1) 3 FE it
TR %A% 7 2% 1] 5 38 38 W43 S0 2 7 (Channel Attention) WL, FEARAL T 2 240 253 450 o R 2500 B,
A% FaceForensics++E s 2 34T I B 7 =), I 5l AXTHiIl Zk(Adversarial Training) 3 s #02h Bt (1)
BHENE . 2R TSR UM A R 4R R, i R FE R e M2 ) 5E (DN IE R Py, 2 T MEMLER P, o
NN il el )=

BG4 % 0SS =B et S A NG, FEF openai A2 A & AR AP
F, vk 7 E % B i AR 1m], R A AL e 2 S B R T, MORIE—3tE . &
15 EVIRE R 3 508 B 55 1 2 00 AR FE X UG AT ORI . iy th vl IOV E = P,

AT ES ST A RS TR 5 EAS R, dIET D-S IHEMIS 2 R & EHHT HER RS &
TRIBER 2 BPA WU /S, i@id Dempster 2H-&RUNIZGRNE,  H 23 R (1 vp 98 5 A8 1
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WESKET 25

o 28 45 R AL ARG 45 SR (B 25 is_deepfake. confidence. uncertainty_interval. evidence details A I 1] #5425
FE)o B OIALE T SARIIEAN LT . FOARNTE, AL RERS 530 A B G I 25 SR 8] 1)
M, ASALPTHIE T AT R HE SR 0 7 SR B LR R, BEARUE T ARG B SR R4 1 AT fR R R A

e
Input Image
v v v
RGHFEIE AREEENE MR ABEEAGE
Traditional Detect Deep Classifier VLM Scoring

- SUERESN

+ ResNet50 BFMW%

« Qwen-VL-Max &Y

o SEEEUEARN < BEEEHER o ZESIEMREED
o ABESHRIED T « BROKK  BXRHIER
Pfrequencyp Piexture Pface | | Pdeep Pfake Pyim

ZIFIEERISE Weighted Fusion Module

y

RAKNER

is_deepfake / confidence / details / timestamp

Figure 6. Architecture of passive detection module

[ 6. WaneMARIRELH

5. SEIR547HR
51 SCIRRE

A IEAT S Y Windows 11, F£T- PyTorch 2.2.1 HEZZ, diH] NVIDIA RTX 4090 GPU #4757
k. HIREM 2 T & R Dy g 46 01 if) FaceForensics++ (FF++), 408 M Youtube 935 L i
R 2 DIRT R SR 7. BN D 55558 32 ) 1000 B aa MR, L& AN AR, BLR 43l
F Deepfakes(DF). Face2Face(F2F). FaceSwap(FS)F! NeuralTextures(NT)PU A5 ek 75 vk A= i 1) D & AL AT,
K B H R 40 T B 40 9 Raw, C23 Al C40 =/MRAS, AR C23 AR, XA 43 it mi 1y Bt AL 4tk H
BTSN, & LABIRES TN . INEURR TN 224 x 224, VISR Adam tRA6ES, HIUh 21 %R
N 1x107, & 20 4> epoch T NIE KK 0.1 1%, HtEA/NA 32, % 50 4 epoch.

Table 1. Face Forensics++ dataset allocation

%% 1. Face Forensics++# 3R & L

FFR++ iR & DF F2F FS NT
X Real 72,000 72,000 72,000 72,000
YIZrdE
Fake 72,000 72,000 72,000 72,000
i Real 1400 1400 1400 1400
IEEE
Fake 1400 1400 1400 1400
‘ Real 1400 1400 1400 1400
WL
Fake 1400 1400 1400 1400
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5.2. ¥tELsEe

NBAIEFTHR VR U, ANSOK MSEF HEZE 5 2 R R IN 7753 4T T 4 b, FL%E XceptionNet
[16]. MesoNet [31]. F3-Net [32]. J££k ResNet-50 [17]%%. % 2 A& TIEME FR++ BUE&E L UHERGR (%)%
.

Table 2. Accuracy results of various methods on the FF++ dataset (%)

R 2. BEE FR+BURE DERERER (%)

7k DF F2F FS NT
ResNet-50 (Baseline) 56.21 63.89 61.25 57.45
XceptionNet 94.30 93.27 87.42 77.89
MesoNet 93.40 92.93 93.51 79.37
F3-Net 91.65 87.03 90.73 60.57
SCHR[33] 97.80 93.40 88.70 84.20
SCHR[34] 97.30 94.20 81.80 79.40
MSEF 97.36 97.12 95.58 89.44

HE 2 W, ASCHEH ) MSEF # SR 576 F2F. FS At NT =T 5di 4 B EUE T e itk
. 7E DF 74T, MSEF IAH] 97.36%[MHEM %, BEE—R{U% 0.44 N ESF R MSEF 1£ F2F Lk
F] 97.12%, fE FS Lik#| 95.58%, 7£ NT _Lif%| 89.44%, it kit 7k 2.92. 2.07 1 5.24 N5y
Mo XK D-S IFERAE SRS RO S T 2V R 2R 2R, (A LE 6 AN [ Dyt 77 72 B 4y A B
VI EA HR AR S (AR, TR BB EN NT F8dE4E 1, MSEF A0 345 n i
ST AT A1 S DO R v iece s % malll k=g i I R (AT

5.3. jHmhSCIE

NG UERE ARG IR 2 DTk, A SCTE FR++E8U4E LR T RGN hsest . PLAridE ResNet-50
RFEL, KIRBINZRVER 715) 2 (SAB). JBIEVER 715032 (CAB). FEEEX %= /1(DBA). D-S ilFE
AbE A VLM I8 SCHBhAR L, WSS ARSI M R 26 . 45 R W3R 3 .

Table 3. Ablation experiment results (%)
= 3. IHASEIRLE R (%)

A& ResNet-50 SAB CAB D-S VLM AUC Acc F1
Baseline N - - - 95.23 93.18 93.05
N v - - - 96.14 94.27 94.11
N v 96.02 94.09 93.96
DBA v v N 97.18 95.42 95.30
D-S iF 4Rl & N N N N - 98.07 96.53 96.41
MSEF N v N v N 98.36 96.81 96.68

TS 3 KL, HhE| N SAB B CAB 1] k4] 0.8%~0.9%(1] AUC #27F, i B 4% 8] A1 18 4 & 1)
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R IIHLHI NG IR A e 25 A M E s 1 DBA KW A~ XA S, AUC #2714 97.18%, Lk
PEE 1.95 AN E AL IRAE T R S E A 2 s D-S iEdER A — 5% AUC #2715 98.07%, RIHZ
V5 AL RS (1 B & RS A AR T R AR AR E s VLM B SR B R 408 AUC HE R
98.36%, IF & JZiE G BX R EMAHER A RIFEAMER . ST S, SRR EZ TR,
1B B N KA e S A

6. B4

AR L DG AR H st 8K B 2 Ay, S 17— Al T 3 4 i & SO iR 5 O & BT 4 A
4i——MSEF HE4L . 7ER R TH, it T DBA-ResNet X5 3V 1 a0 4%, Jl i =% [\) v 5 /) 5 18
TEVE R IO R AR v e Dy R s BETT$ Y 3 T D-S RS PR 9 2 YR IR A B I& RE R 15 SR
XA DBA-ResNet MLGCHFIE . SIS 45 R K VLM T8 SCHIWT, TR T 848 1 22 I UESE Al A A 0 7
X ELEBIFIMITH, 21T GRAP RS S IX I A GRS izl 7k, AT LA R mR et
ZNopAn, FECRFF R BRI ATSE N A BTG S EREKEEOR, Sl 7 IIEER 5 R
T R B R . £ E L Deepfake Aiate FF++ E X LESERES RAR ] MSEF #alfaill ik 2x & PERE L
THARENTT % HRISEIRIAE | DBA Xy SOER ). D-SiEHERLG M VLM i SUHBI =M% O
MAARNES BAME. ARG T AES INER, Bl R 5 2m m o miyigiris, WoRmA
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