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Abstract

Deepfake technology poses a serious threat to social economy, political stability, and social security. Among them, voice
forgery technology is widely used in harmful activities such as phone scams and public opinion manipulation. In recent
years, with the application of deep learning technology, speech synthesis and voice conversion technology have
advanced rapidly, and can generate fake voices which are enough to deceive both machines and humans. In response to
the harm of voice forgery, many voice deception detection technologies have emerged to improve the reliability of
speaker verification systems. However, existing methods often rely on prior knowledge of known attack types, and their

generalization ability is limited when they faced with unknown attack types of prior knowledge. We built a voice
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deception detection system based on One-Class learning, which enhanced the generalization ability of the model by

establishing strict decision boundaries for real voices and judging samples outside the boundaries as fake voices. In

addition, to address the scarcity of fake voice data, the more versatile

introduced for feature extraction, further improving the recognition a

and robust self-supervised model Wav2vec2 was

ccuracy of the model when faced with unknown

attacks. Experimental results show that the proposed method can not only ensure good voice anti-spoofing

performance, but also reduce the potential interference of the CM sy

stem to the downstream ASV system, effectively

solving the problems of scarce fake voice data and insufficient generalization ability of the model.
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Bi-LSTM E BT —/M e s i,

BT B B T A 1 S i A T 2R
Gigit, EEANREMEHE T 25
WHREBHEFTSNEERE. 2EEE
WsHERL, iGN EEY, AnrE
TS — WP EEEREN S
o, SEONG0EESE, 2R FEmA
JETT LLRE M A FRAE B4R R 1 x MO AR Y
FHEE, HoRESHENE NN, BH
N1 x 1 K/NBERFRZR 1 x M RIE &
TEREE, TEEEI I xNWE&E, P
WA A — Bl #E .

W2V-BiGF & W2V-LBiGF fy At -
il 4 LCNN #28, Hir ity B B Tl 2R Y
Wav2vec2.0 [ Hr t [l & H 42 5 AW A
MR IZ M % E . W2V-GF NI £ W2V-
BiGF BRIy B A b, 4 Bi-LSTM A B i
B, LR E 2 F P8 B (global
GAP) 1 4 & £ 2
(fully connected layer, FC),

average pooling,

3 XK

3.1 HIRS A LRRE

ASCAHE 2019 4 1) H B iE AL ek
Ui 5 0T SRR BT LA EHR R 1N SL e i s
&, LA PR RGBS MEES, »H
IEEF A AN FEZEELR TTS 1 VC Hk 2%
TN fELAKURES, YIS RE

O ESLE 6 Fh 25 AL (AO1~A06)
MIERIETE T, 6 aTE 4 7 TTS &
BB BRI VC R G Ak

P S N R S BB B L N i s
(AO7~ A15. A17. A18), ¥R HAMF
M TTS A VC EEARM, HARMKTTS
MVC Lt A . PR EE R IR
PR IR I T 2 8 (A16. A19), &
SYIZGEFmMMAIERE (A04, AO6)
A F A TTS/VC Bk Ak, AR
A R AT 25, 2019 4R 1 35t 3% A
6 IF 30 O 5 % 5 kR 2R LA SR 9 R 4
WF1,

H B W Zr i 8 Wav2vec2.0 £ %
K W2V-XLSR, W2V-Largel, W2V-
Small, H/EKZHILE2,

3.2 YI%iLE

AR SCHRBLHT 60 4 /Y LECC 45 1E 7] & o

&1 2019 FHVBEEHFIE AKHERYR 5 X SRR EE LA HUEE

— *Ei-i’n‘% _ %iﬁi’ﬁﬁ%ﬂ :
AR S EER A Ytz
PlIERS 2 530 22 800 A01-A06
el S 2 548 22 296 A01-A06
M 7 355 63 882 A07-A19
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AR

£R2 FREEEA Wav2vec2.0 Fiil| e gy

Model PlER e A AT
W2V-XLSR LibriSpeech, CommonVoice, BABEL 317 x10° 1024
W2V-Largel Libri-Light 317 % 10° 1024
W2V-Small Librispeech 95 x 10° 768

2025031-12

EHCRFEZIRE N 16 kHz, Wi 320 ms,
wCE R 4 SR IR 2= R iR S T
10 ms, MiEkEH 160,

B R B ECT R 28, O AM-
Softmax % & a=20, m=0.9, ¥ Ti&itn
OC-Softmax, A E a=20, m,=0.9F1
m,=0.2, [ Adam 2%, ¥ p BEL
EHHNO0.9, ¥p, ZHIRE N 0.999, FKE
#H1 LCNN Fil ResNet # B il AL, 42k
B 2 #fE ] SGD
gradient descent) itk 2s., —/NHIRK
ANBEE N 16, 3] F AR E N 0.0001,
epoch & N 508K, HUFIRE NG,

KM Wav2vec2 Il R BLIN, Mi4<
WEMN 20 ms, FFR A 512 sl P
B4 ¥ FET (fast fourier transform)
BE, WMIAKFES N 3x104, FHE 10454
IR . ORI N RN 8,
SN 1< 10, Y S AF Wav2vec2.0
(1) B AR AR AEAS HEAT BEALIE . 9 Tl T
W55, Hiv B B IO 2R AL 5 1 420
BER eI E ) 128,

(stochastic

3.3 iFfHrits

B B YA U R B {3 56 IE K R G
PEEE R B AW HHIRE (EER) FIHEE
0 B A BT t-DCF M, Horfr, t-DCF
BT NEIE, 53 W0 &
AR R 55l ASV R G CM & G5 ¢
Hpk, RFEHECM A%, 520194 H
SRR YNCSANR (C T EE PO 7 Yo T AR )

LR ASV DEURZE & o B 7R HEL
A, EURF RO S dr . CM RS 55
BRI R PRl WO AR I SR SE I P RE, 2
157 5 3 G0 20 A MR AN M B AR AR
EER /&8 24 i 45 26 A A A0 45 I 4
X I C M A 00 25 56 Y B g

EER =P (tepr )= Priss (T ) (6)

Horr, PRP (reee) 7R AR AR T 300 6 3
B CM R G T8 7 B T8 WY BUE e I
HORE AR 5 AT 300 T 5 R A K B
MIEEIR s Pon (v ) 78 HFEAJR T HL LR
FAEAMAR CM REHE T BN TET R
SE I BE toee N R AR R 5 BT A HSL TR
FHEA S HARBRIEE R o

P RS I ok A R 50 SR £t 8 B A i
F LN ASV WS P W, E X
(T

thCF(Tcm ): CO + Cl Pcm (Z.cm )+ CZPF:I (‘[cm ) (7)

miss

Hr, P (1) T PR (1, ) 43 AT 2 (1
Fr,, i, CMRBFEMIRERFNRER,
FH AT

N(bonafide with CM score <,
N(all bonafide)

Pcm (Tcm): cm)(g)

miss

Pz, )= N(spoof with CM score >t
fa Mem ST N(all spoof’)

=) (9)

t=DCF i 54 G, C 1 C, S 25
SRB I T ASV RE MR, HitFR
.
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Co=mn,C P +m, C., P  (10)

tar ~ miss* miss

ar ~ miss*  miss

_ asv
CZ - Tcspoofcfa, spoofpfa, spoof ( 12 )

For, My Mooy Tpoe 73 A A HARBLIE A
SEIOMERE . AR H AR UL IE A S T A R A
Bt PR HER s Crigs Can Crugoor 7 AR
FHREL ER . BREZEER. iR
T2 M HOR IR AR s P, PR Pt
B IRFEFE E ASV R S8 A I Y ASV
R HIRRRIEAR | EFEHIRERER
H HORECH R IR R,

T A A S T ) o OO A U FR
GriPERE, ARSCIT R T ORI AR S
i, BHEPR CM 348, CM 3 # ok
o iy N\ T R L SCE A A AL
T Softmax i AM—Softmax 4338
AR BT CM R 58, i CM 4>
ool CUE R 18 & L ] 5 x, 5 B ) &
w,— o, Z A NRZHEE, JEEEE
PRIE 18 ] NI 25 B A A R 4 B 1 P ok
AP, 3Kt me A TR A A T R S
TEE Z AR, & R AL,
ZE R AT AL o X PP EOE AR —
AR, SR B AR R AR H bR 2E I
GAHFER R RN, e SR Ep YRR
Wi, CMRGERMIBERMPIEZTH
NI =

A3 R Bk R R 3 T OC-
Softmax FL2E /2888, F A & R G A
F G CM 43 %00] DLEAF 1 & R AE X, F1 &
LB AR HARE o, 2 18] 1 42 5% HAU
IR B R LR A A 5 B SR AR
MIRFE A, S 2EHR HFRE R Pesiiii i,
LT HEI N, A0 SR 4A TR AR IR
Gy A5 R G2 1 S 1 I RHE 43 AT A
ZERER, ARSCNPR B 2 s v

34 TREFEREHH

ARICN T YIETE Y LFCC M T H
fth¥5 F AL (41 CQT, MFCC. Fbank 4
AE ) e, DL 3R H i OC-
Softmax 43 2L g8 A1 LCNN RRIE #i2 BUSE S 75
A0 B R AU AT 55 i A Rk, X T
SEIG 4 R BT A4 FRETIR G ERHE . 3R
25 ik /&L (AM-Softmax,
OC-Softmax), FFEHEBUR R [ FE LR T
LCNN 1 ResNet P % 44817 T X E .

BOMAEIGIESE FRseie s R R 3,
F3MH, fEHM3FHAHRE, 7ELCNN
F1 ResNet _F Il Z5 iy 3B ks 0 2% 4 1 wE 1Y
TR E AR I E S MR R I
LFCC-ResNet-OC-Softmax f] 52 & 77
%, EERMAX TRMERE KT 2.593%.
FEAH I AF [ LCNN 1y R AE$2 B 2% B
X FAE G IR T A a2k
R %t AM-Softmax, 7 3 i% il #) OC-
Softamx J7T &MY EER &% 7 0.002,

T A B A TR M R, T
NS Y REMBIEE T, MitER
A5 AOT-A19 F LR B A = S i iy
Y B, AW, PLLECC RN
T 1 4 Fh o7 I T4, EER &%
1 J7 % /& LECC-LCNN-0OC-Softmax,
FOAR A T BRSO 48 — 4 S B R eR AL
7745, EER 43I BEAIR T 5.56% #10.143,
HFER % T T One—Class 22> 1y i

Sigmoid.

&3 WHESESINER

Dev Set EER t-DCF
Baseline 2.710% 0.066
LFCC-LCNN-AM-Softmax 0.393% 0.010
LFCC-LCNN-OC-Softmax 0.313% 0.008
LFCC-LCNN-Sigmoid 0.156% 0.004
LFCC—-ResNet-OC—Softmax 0.117% 0.003

2025031-13
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R4 WHELHBER
Test Set EER t-DCF Threshold
Baseline 8.090% 0.211 —
LFCC-LCNN-AM-Softmax 4.647% 0.082 0.807
LFCC-LCNN-OC-Softmax 2.530% 0.068 0.999
LFCC-LCNN-Sigmoid 2.869% 0.072 0.778
LFCC—-ResNet-OC-Softmax 3.290% 0.067 0.999
MFCC-LCNN-OC-Softmax 6.783% 0.108 —
FBank-LCNN-OC-Softmax 3.116% 0.803 —
CQT-LCNN-OC-Softmax 2.931% 0.072 —
RawNet2!*! 1.748% 0.054 —
Ensemble 1.762% 0.050 —

2025031-14

% BRI B AR HE T o B o K Iz A B
7 TET R 00 3 T AR T o 2R R P £ 0 1
T EA—EN B RBIGE . HItFER,
ARSI XS T A [ A S 1 AR A R 38 B
MWRGIERERISEM, L34 /LN, it
F CQT. FBank fil MFCC #4E, LFCC 4F
AER)SE e 25 RACH , Bl &% L5 . A3
¥ LFCC-LCNN-OC-Softmax, LFCC-
ResNet-0OC-Softmax , CQT-LCNN-OC-
Softmax, UL M FBank-LCNN-OC-
Softmax % pt 8| — 2 , 5 | gt & B
Ensemble, JH A E REINBOERA, FHL
M Optuna S SRAG AT E R AL, &L
48 S 5 RawNet2 4544 (1930 16 1 2 S A
o, AUAEEER 88 BAREL, (R T
t-DCF &, HiZWa &R EI T CM R
Xt ASV R Ge Al SR o
EHANFERG T, AT IFEA ASV
RGBS IE NS RIETERE, &
SCAE A E JT SR PR A 48 AR t-DCF, t—
DCF#Afi%, M CM RZix ASV R g4 att
AT FEPE AL/ . R 3T A, FE t—
DCF Lk, 224 I 88 & & #9 & LFCC-
ResNet—-OC—-Softmax, # X T fif H

LCNN HEE/E g R AE SR B 45, A5 CRIE—
SE [ 30 S A 0 BB 1 I RT B, H t—=DCF AR
T 245 0.001, HMNEMEKEE, FEMEH
OC—Softmax i1 2& b8 I 25 1) B O A i 5=
%5, {#i 1 LCNN Fl ResNet % 7£ t—-DCF
b # ZA K, {57 EER I LCNN
(2.530%) HIXF ResNet (3.290%) i3
T0.76%.

MR 4 iR e 45 fokH, LECC-
LCNN-OC-Softmax J5 £ {J CM H Jig £ 1]
R MR I ; LFCC+ResNet+0OC—
Softmax J7 LM CM RGN A5, 7S
ASV RGPIEAE N, X ASV RZGiAl SR
HITF SN e TESGIESE [, 570 4 2 B
TR AT P19 2 L 260 T i S BB M ABE AR 2% 5 1ol 1 £
EEERM, (AT OC-Softmax it
RRENZE, ResNet—18 W45 H EURFAE 1)
PERB IR I o (E TR I 3K 2R HR i R i i it 288
By £ & TE B, [F R 1% T OC—
Softmax 56 AL Z5, (A2 H LCNN
PEHURRAE I ResNet—18 [ B 4, X h,
HAE R T LCNN fER B ERE [ By, TN
ARAN T AL A IE T I R Iz e

A B — P g o 2 B R B S 2R T A
G £ 500 ZH AL, (] t-SNE R4 5
B, R AR B R AR AIE kN 8] B AT AL
45 R J@ 7% ASVspoof2019 LA il izt & %5 #2
22k 18I 2 50 Il 2 ) Il 2

B 10 iR AG I 283 2 )E, B
EHEAEEFCEA T RENX S, B
TR SR R AR A S AR G i 2 ) P 0
B, BT HEHMEAMERES, SRR
M, R FIZ R LONN EHFHEEURT OC—
Softmax #K EEYI ZMHEEA TR,
B ez 0 e ) M RB AR R, I H N K2 %
RANICE AR R TR, R R T RAFW
RS,
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L0 '« spoof s ) > 1.0 [« spoof
+ genuine 0" oo ° » genuine
° .oo‘f.:.:'..-.o.-.o.‘
08 T ihn iR S 08 o
KRR PO% 23 4 19,5 Tl
o AN L 2
_06F et AT S 2 50 _06r % -
'B&( 3 .J.‘r.f For :“’r.? 1.o.x:“.o,"_.’:i:’. . M N ‘0
ﬁ ..! 0’ ,';'5 .'.‘?:l ”o’:* "“...’" . S f
0.4 W, g il AR 04 r 5
g . ! -‘:o N .- ™ ....;'3|.~" %.-..'. . . -
o8y B A8 o . -
02t . DRI PR 02 f
0 L 1 1 1 1 ] 1 1 0 L 1 1 1 1 1
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
40 40
(a) K 100043 K555 (b) K20 00043 45 5
10 2019 FHIE DB NGRS X SRk ik 28 LA M EEHUB MR DA
EN FIARSEIG O A IGIE TR LFCC 4 FIIREMAES 0, BT IR REAR,
AEAE 3 00 Eh 36 A AT 55 g A0 B, {H2 SetE— N /NEE S L T S IR IR R R
X B, EATEZE N AR SLaGEE R LR 6, AT R LFCC %
TR IE S, AT RE T & AEFRERL, AN BISLEG J7 S0 A 1 A 2 gt 1Y
FEHE, N TS H BT e T S AT, WA B I 2 A
TR 2 AR 520, R SCFE Wav2vec2 Tl Wav2vec? #t171E & B IR AL S BEA
Py Bt T T 2 AL, R CIERR
AR T TR T, SCIG T RIE E WS,
KA R G50 2019 419 H 3k =
e 35 HRELR
I A GG IE OO 5 0 5 Bk R 2 toy £ &R b
AT, FHE B WA AR v S R BT PRIE SEIE A A S, BT R
BN RGERE G t-DCF fli% i #y CM LFCC FHIEE N B Y, J5 o &8 40 5 H
ZG M EER, CM RS TE toy 09545 110 fsLEe 7 R —FE, kT T EHE, minT
SRR . BILSTM fll GAP fiidh . SLIGZE R NET,
FER 58 Wav2vec2 J& 5 GE % b 2| i 2 Fi7 v (5 ] —Fh 091 A A 9 A R
RS XHWHRRE
CMZ&% Front—end LCNN Bi-LSTM GAP
LF-LBiGF (baseline) LFCC N/ N N
W2V-XLSR-LBIiGF N/ N N
W2V-XLSR-BIiGF Wav2vec—XLSR-56 x J NG
W2V-XLSR-GF x x N
W2V-largel-LBiGF Wav2vec—large N/ N N
W2V-small-LBiGF Wav2vec—small N/ N N/
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+T6 TELA ToyHiREE CHISKIIRR

CM &% /toy EER min t—~DCF Threshold Train
LF-LBIGF (baseline) 6.110% 0.067 6.426 —
0.746% 0.014 3.307 frozen
W2V-XLSR-LBIiGF
6.110% 0.067 10.194 fine—tune
) 4.991% 0.037 -0.913 frozen
W2V-XLSR-BiGF
1.493% 0.029 4.849 fine—tune
13.713% 0.450 -1.747 frozen
W2V-XLSR-GF
1.493% 0.029 4.419 fine—tune
W2V-largel-LBiGF 6.110% 0.165 —-0.434 frozen
W2V-small-LBiGF 1.119% 0.022 0.388 frozen
R7 ELAHIBE CHITIHHR
CMAR%/LA EER min t-DCF Threshold Train
LF-LBiGF (baseline) 3.182% 0.092 4.829 —
3.705% 0.114 2.074 frozen
W2V-XLSR-LBIiGF )
2.086% 0.047 7.087 fine—tune
. 7.812% 0.213 -0.998 frozen
W2V-XLSR-BiGF )
1.263% 0.032 6.291 fine—tune
17.442% 0.482 -1.714 frozen
W2V-XLSR-GF )
1.428% 0.041 3.849 fine—tune
18.090% 0.602 0.354 frozen
W2V-largel-LBiGF
33.966% 0.912 -4.961 fine—tune
20.196% 0.500 -2.981 frozen
W2V-Small-LBiGF
3.744% 0.098 1.010 fine—tune
RawNet2P 1.748% 0.054 — —
FastAudio™ 1.655% 0.049 — —
AASIST 1.342% 0.037 — —
Ensemble_P 1.469% 0.033 — —

2025031-16

SR, DL W2V-XLSR R, J5uhfd
I LCNN=-BIiLSTM (LBiGF) 45 it —
SARRURHE, IFAEREAL S TH 8 4 5 P11
W2, K5 10 4 0% B2 12 8 f H 2 P
4, #EEERFIt-DCF b, #M&T 5 u M
B LCNN £ e 11 BiGF A5 B 70 & s ) B
LCNN F1 BiLSTM B 4~ #2 Bt 1y GF #28 ,
EER 43 # &M% T 4.107% F1 13.737%, t-
DCF 43 B B A% 7 0.099 Fi1 0.368, R A& Al
W2V-XLSR-LBIGF 7 3% 7 4 I 1) 25 58

SR, HivER, HLFCC-LCNN-OC-
Softmax, W2V-XLSR-LBiGF, W2V-
XLSR-BiGF, W2V-XLSR-GF. [l K&
W2V-Small-LBiGF £ & 5 i fjn A 1 it
4 ik Ensemble_P =%, [EF£/# FH Optuna
W LHARABRENERE. 5
RawNet2, FastAudio fil AASIST kb,
Fl & A FE EER BT LA FastAudio #1124
RawNet2 &5 ORI 2R 55, JF#EiR
HAETHY SOTA J7 2 AASISIT, Bt TR
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W SN EE S . HAEt-DCF EHUE T
R, 2R Ensemble_P 7R/ #F R
W E SRR M E R, KiEHE> T CM
REGVRER ASV RGUER T, #TT
TR SRR

AR Wav2vec? B AE 2019 4F
1) 8 30118 A5 E 5 5 6 5 Pk i 28 LA
HAEE LTS, BB EE R
HZHIAR, J5um M T LCNN #8256 77
%, Hl W2V-XLSR-GF i &I DL}z W2V-
XLSR-BiGF 1 () EER 43514 1.428% F1
1.263%, t-DCF 435/ 25 0.041 F1 0.032,
& T W2V-XLSR-LBIiGF #1 4A Kk i ##
Ft, X FEH M7 Wav2vec? B AE H xR
EsEARSE BAEE, Eim A A AT
BURE R S5 M AR R A W 4%, G0 S5 e
KA GAP I FC A &1 5 i 4519 &R
WA AE EEUS T AR R, H g
TGN S5 HR T T S e 0 2 R

T J1 ] W2V-XLSR-LBIGF #x %4
1S ge 85 AT CLE B, (8 oM 51w
Ef B5EAG: 0 ok AR R t—DCF B R BRI 5
SIS EE RN, B AT AR B R,
THH BB R HE TE CM & GeiE 7 40 A& I B8
71, FFELRIE— & S RE IR, A 52
Wi ASV RGeStk o BT AT L
FEF, BT W2V-Largel Ml 2k
B SLEG, fEBEIT RGO 5 BB P B
BT RGN G S8 MIT %, IFEHT
TR J5 AT LA ] A0 5 ot 23 2R B BT il S5 4
P T YNGR 2 H, Wi R A5 g e S5
JE T P, B E LN XLSR-BIGF-
finetune 75 48 [ CM H U 16 I 22 %5 550 2R &%
U, A B B ) ASV 2R B8Rl 52 5 I %
AN o BT R R N SRR T P
gy, RAMEE, mE 7, Linikae
B I 19 & W2V-XLSR-BiGF # Y , H
EER 4 1.263%, t-DCF 4 0.032,

BRI ZE RSk, W2V-XLSR-BiGF
RS R E J v A 5T W2V -XLSR-LBiGF ¥
b7 LCNN #28e, IMITAIE R 7 2 §if i 25
p U N1 R RS I = ]| B0y Y N
Jo i AR AR AN 75 B IR BRI X 2% 25 1
5 W2V-XLSR-GF fH b, mtiEiix >z
Hhn 7 Bi-LSTM &8k, [RFEH I T RAE
BRSO A B Bi-LSTM BB 8 5 3
SR R A 55 s R M, I HERBLHOR
BRI EE

AL ORE, AROCHE 1 B ET
BTG KB Wav2vec? Bl iR, J5 ik
SKH LCNN, Bi-LSTM Fi4 J5 - 54 Ak A
PAGMEF RSN RS, BIUETA
BRI, X BAERR T B B O SR
FEVE 3 WO A A 55 FR AT AT 1 . AR SCE
ARG T B, RS Ensemble_P
ff.7F FastAudio fl RawNet2, 7 EER Ff:
T AASIST, #Et-DCF _EseBl, ik
TR BEA RIFNIE TSNS, RS
XFECSRIGAH L, RGEAT SR A

4 SHiE

R SCORS T O A AT 55 R T T I
A SUSF T B G e ) A R T R A e i o S
(PR I8 T AR B A RE T B 2 Y R, 42
Ht 7 OC-Softmax HLI /2 dy, (HEI T
FVE B SR F R AR A, N S  N
PHIE R TN GEAR B R AL AL, L s
FM, FHET ARG BN HA — o 2R 4 2R
BRAL, R AR BT

TR 6 B S A HR A A /D7 B 2 1 O
EEEREARRAE, AR TETHE
B 2R AT Wav2vec? 55 35 00 9 A%
R, BEFAEHAME. SHEEERY
Wav2vec R AiE ] & A8 Z |/l 1 LECC 4§
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fik o LT S L4 AT 3 W SR AR ELE
T B RAL [ &, RICHEUN T
Wav2vec2 IV 78 18 ¥ 4 O U0 0 wT 171k
HOSEA b, R5T T I G R I O 2R R A
SOG4 R R 5 4, DA R S0 i A
P RE S B HO A o e B . AR SO LA LFCC
REAIE Ay i i 1) 1 A RS T RN DL Wav2vec2 2
ISty 0 e A AR B N8, i8I Optuna
A2 TRSFERMOBERE ., FHREV,
fil & 557 Ensemble_P SCBL 7 823 SOTA
EERRETT, IR T X ASV RG24k
AETEERE S, AR T TR A R,
[Fi] BN $2 H 0 77 58 i o 1 AR e RO 12 5 A
AN 2 AU B8 155 AN A) A
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