BB FREHNEE Vol.62 No.7 1382-1392 (July 2021)

=1 —F )3y VT —2I2k B2 5 2 LMD
] Bp 3 REAE =R 2 M FH U 72 50 A1 YR

FEIL SO Y VSN L

=fTH 2020108 28H, #*$%H 2021F3R2H

BE G MIMRENE S B T — ¥ DBANENT L B, ZOTF =Y PEEORAAD» S DT —% (5T —
) wENDINOGA NS DT =5 (AT =) PIGET 5 A2 ThHAH, TEOWIEIZLY, &
Boa—F )ty b= Eflio o, AT -5 2 AT Lz &, SAANT =8 2 A LT
LGEL LT, (1) 7 7 AGHOBIID D AMIEDOE, (2) AL AFHT L2 LV Ewn
I 2ODRFD D & T, SAIMRIAATZ B ZEDHL MR o TwA. LiL, (1) I2BWT, 7T A%
T 200 L VT —5 £y M2 HVLREE, S4iNT— 7 I RO Mol b Lo kb
DOPHFAET 5. F72, (2) IZBWT, near-distribution outliers & MHEN 2 5447 — & 2 flio 72454, %
MERPFHUTETLE )LD L. COLE, (1) T3 (2) OREE B &I L2 ITiseE, o4k
T =5 RN T = DRGIT O o T LE ) MENRET L. EXHLIL, TNENOEITIIZ
WZBWCHINT — 7 OBAFEE DL B 50082 20T, MEDTFELMAGEHLEL I LT, WH
DREEMZ D ERE LTz, TOREICIEDE, EH51E (1) & (2) DIRFLZE FFRFICHEH T 2488 % Hwv
I ERRETH. BARNICIE, EFSIANNFGZONTLEED Y T A LEAEIO MR Z KD
INZD LWL LVWAITRIRET L. EBRTIE, Aoty NI —JHEEE T2y N 2ffioT
EBRETV, (1) & (2) ODFNEFNOMBUHED SATIIZEL D b, W OB ED S RFHDIET ) 25,
AUROC %4BIEE LCTHY 6.7%, 50T — 5 OMAREEN S %5 2 L 2RT.

F—T— R oMM, BE= -ty VT —7, HOHEMS D FE, £7 7 X5

Out-of-distribution Detection Using Joint Probability between Class
and Geometric Transformation

HiroNO OkAMOTON®  MASAHIRO SUZUKI'! YUTAKA MATSUO!

Received: October 28, 2020, Accepted: March 2, 2021

Abstract: Out-of-distribution detection is a task to categorize the input data into data from a specific dis-
tribution (in-distribution data) or data from another distribution (out-of-distribution data). Recent studies
have shown that a classifier using deep neural networks can detect out-of-distribution data under the follow-
ing two hypotheses: (1) the output of the classifier approaches a uniform distribution, and (2) it is difficult
to predict geometric transformations, when the inputs are out-of-distribution data. However, in (1), when
using datasets that are difficult to classify, there are some in-distribution data that result in a uniform dis-
tribution of the classifier’s output. In (2), the use of near-distribution outliers, which are out-of-distribution
data, can lead to the correct prediction of geometric transformations. In this case, previous studies based on
hypotheses (1) or (2) cause problems in distinguishing between out-of-distribution and in-distribution data.
We hypothesized that the combination of the two methods could compensate for the low detection accuracy
of out-of-distribution data in each previous study. Therefore, we propose to use a metric that utilizes both
hypotheses (1) and (2) simultaneously. Specifically, we calculate the joint probability of class and geometric
transformations given the input and propose a new anomaly score based on it. We conduct experiments
using various network structures and datasets and show that the method based on both hypotheses is more
accurate in detecting out-of-distribution data than the method based on either (1) or (2) by 6.7% on average.

Keywords: out-of-distribution detection, deep neural network, self-supervised learning, multi-class classifi-
cation
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Algorithm 1 algorithm for proposed method

Require: joint classifier hg(z), training set, test set.
Initialize parameters of the classifiers: ¢
> training joint classifier hy(x)
repeat

x,c € training set

y ~ Uni(l, K)

z=yxC+c

¢ — Update (L(ho(T, ()), )
until convergence of parameters ¢
> estimating test score
for x € test set do

Sours(m) = % fo:l maXCh)YC(Ty (‘T))]U)
end for

FIHEDCFRICMEs S L 2 L 205, 3 (1) O
IREFICED S FEICBWT, 7 AGEREME kb L
S AT — & ORIREEE DMK %2 % &\ ) REDSS 1),
CHOZEEFEBRTHLNMIT S, RIZ(2) DIGEIZED L
FHEITB VT, 5457 — ¥ % near-distribution outliers
DEEGHNT — 5 ORAREER TR HRENH B Z & &
LD, ThsORMENEET 2HHEZNTILOTFE
LBOWTRLS. 2070, (1) & (2) % AICEE L7
RFEIL T, FRLOMEPEHIND &) 2L EIR
9. wmRIC, REFETH S RIEEROF R)E % MR

b7 DFERREAT .

5.1 EBRETE

5.1.1 7—%Z+tv b

55 IILT OGAIMRIN D 7280 DIEHER) 72 57— 5 &
FEFIH L7z SVHN [26] & CIFAR10 - CIFAR100 [27] I%
SANT =5 Flo3 o T -5 L LCRIH L. LR
DTF—=8ty NESHANT—4% & L7k %212, Tiny Ima-
geNet (TIM) [2], LSUN[28], iSUN[29], Gaussian noise
& Uniform noise (35547 —4% &L LTRIH L. 2hb
DT =%ty FOGANINOFEEL [6], [7], [30] DEELS
Hbt7e.

5.1.2 LEBFE
EHEOBRBTHRELT, £ 7 A0EHBEHV L
Hendrycks 5 OFE L, HOHKAD O 78 & /- Fik L
LTGEOM % w5, F72, REFETH SRR
DEIEZ RS 720, FERZ NN $5ET7VE S K
T5., ZOETNME, 7T A5 L SR 4358 % [F I
2B L, 7T AR & RIS & [ L
h¥5. AEHEREENT LI TRE2VOT, A
RE 7 7 AR < BB TR L, 77 A%+ %
BB TH 5.
5.1.3 FlERAEDEEA

BETEE BT HEO A v T — 27 3% X WideResNet
(WRN-28-10) [31] & DenseNet (Dense-BC-100-12) [32] %
FIH L. #NEFNDOETFIVIEE A V¥ LAIH 0.9 DFEERT

© 2021 Information Processing Society of Japan

HEdEE > Tl AT - 72, FEFOWMIMHEIZ 0.1 & L,
epoch FAE epoch 4D 50% % M 2 72 & £12.0.01, 75% %
B2 78 %130.001 & L7z, # epoch I K EERIZB VT
IR T IR T B 57 L7z, BRI, [5]
DETIN, FBMERE R NT2ETIV, [FFRERZ T
TAHEFTNVOINFETIE, SVHAN 2FH L7z & & 60epoch,
CIFAR10 & CIFAR100 Z#H L7z & & 400epoch & L7z
GEOM DEF IV O TIE SVHN @ & & 100 epoch, CI-
FAR10 - CIFAR100 % HJ\:72 & &3 200epoch & L7z, %
AFFEEX, 7=ty POFED0, SIS L)
WCEHALZ T, 709 By rRe 7)) vy 7 vo o
Wt — T AT =2 a v efroi-.

5.1.4 EFILOFH

FHIHRIZIC DWW T, EH S5 MI T — 5 OB &
AT T — 7 & NS & 7 A b $ 5 720 OFEHERY 72 5T
I/EZFIH L7z, BARAIZIE, Area Under the Receiver
Operating Characteristics (AUROC), #fiN7T — % O1E
g% (ACC) #HwWw7-. T OFHEIRIEI [6], [7] T Hw
LNTW5h., GAIMEMOBREORIL, T A MO AN
T=y Lamn T - 2FHL, TNENOLEFHEAIT %
KD, MEFHLHBRFEOEFAaT7LLT, 3ET
FHLb0EENZERHVZ, RETHEO 7 5 258D
MFEDBE, ZNFNDFEE LIETIVT, T A MNHDG
HNTF—2 ZFH L, FHOEMREFE L. REFE
D7 T AGEOBGEEDORSE, SCHK [25] LR U & 512, &
L 7 7 AGHOFERER LRI L, Skt 5.2 72
LEDU TAGEOMEREET TV L TTL 7.

5.2 SITHRIC$H T BRIEDHE:R

COITIE, 2 DOEATHYE (5], [11] 2B 1T A REE AR
ERRIZE > THLNIT A, T, £7 7 A0HZRTHW
% Hendrycks 5 DTFHEIZBWT, 7 T ADHREEDMKL %
5L EITMNT — 7 ORI b L) 2 e &
eSO L., FERIER 1 12F &7, Htiid Baseline 12 &
L ARV O BAREEE (AUROC), M3 Aot 7 — %
ty PEEKRT S, ERETRHORKRIES Y M7 — 7 HiE
&£ LT, #N#N WRN-28-10, Dense-BC-100-12 % JH\»
TWah, AT =%ty bD 7 I A5HEOIEEFRITFE D
DFLFNZELHR L 7.
MOFERLY, 77 AGHOKEPBL b L) T —
7w b, B2 CIFARL00 (2B W THTGIL T — & DR
KT 5 2% 05h. SANT =8B AIEE LT
b, THIDHELES TLE ) HERNP—HomISED %,
WKV T M~y 7 AMEEPRL L >TLE ) DPHEETH
LEEZLND.
RICHOHIS ) FH 2 H 5 2 & Tofis ez 17
) FHETH L GEOM 2B W T, 5Ais 7 — % % near-
distribution outliers ® & X3 AF4¢ 7 — ¥ ORAREEAS T 23
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00 -
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02- B ACC: 94.5 (CIFARLO)
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1 SHAAT =4ty FOIEMEL Hendrycks 5 OFFEIT L 5
HIRS E O BIAR

Fig. 1 Relationship between the classification accuracy using

0.0 -

in-distribution dataset and the detection accuracy using
the method of Hendrycks et al.

® 2 BMERTNOEMREEL GEOM ©® AUROC ORI, near-
distribution outliers (& KF:I2 L7z, F72, Ixd AUROC 2¢
Wb DE T L7
Table 2 Relationship between the classification accuracy of ge-
ometric transformation predictions and the AUROC
of GEOM. Near-distribution outliers are in bold, and
the lowest AUROC scores are in red.

In-dist (ACC) 00D ACC AUROC
CIFARI100 (84.1) SVHN 17.6 92.7
(WRN-28-10) CIFAR10 83.6 49.5
TIM 43.9 82.7
LSUN 52.7 77.8
iSUN 50.7 78.8
CIFAR100 (82.3) SVHN 22.4 90.9
(Dense-BC) CIFAR10 839 47.7
TIM 37.2 84.7
LSUN 42.4 81.9
iSUN 43.1 81.7

LI LEMEDPDD.

MRIER 21T O, LHIHICESHANT -5 1y
N, GANT— %ty b ORMAEHRGFHOERE, v b
7= kR R L7z, 2 H IS T — 5 OfEE &
Fi L7o. 3HIEICIZGAYN T — & ORA L HHH O 1 i
#F (ACC) KR L7z, 45 HICIEFHEfEE L LTEzhE
LAUROC #FIH L7- L E DR a2 £ L7,

GEOM & near-distribution outliers ® & &, BAKAYIZ
13 CIFAR100 25434 7 — # ¢ CIFAR10 235 7 — %
DEE, HAHNT — 5 OBAREE (AUROC) 2 K& <%
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ELTWD I EHGrA. 1] I X EECEMS
N EH e 720 A M O TS 5 O DY L »
near-distribution outliers |Zf% V.2 & Wb TV 5 728

MITTATIRZE L DR R L 7 5 72,

CORREDIER 2 LUTF 2R~ 5. 3CHk [11] TOFEERT
IX, CIFARIO D BIFED 7 I A% GANT =5 &L, %
0)1m0>7 T AN T = L LTz, HAEED T T

DHANT — & OFM B2 F2H L2 &, SAYT—

7@&ﬂ§@%?@¢5_kuféﬁﬁottb@ﬂ%
WEWLDEL o7z, WWRZ AL, 1 DD 7 T ADGN
NTF—=FDAREIHT -7 L LTWEzD, Tohor I
ADBAEEAI T T E 2 L) 1P L o 7200 5 5540
W=y A TETwitE2zoNb, —HT, 4HD
FEETIX CIFARI00 D _XTD Y I A% 5 AANT— 5 &
LTCHliL., ok, EFVEALR Y FADT—%
DORIEEFELTBY, Uik hr52A07—-45Thb
CIFARIO O 7= 28 FHIT& A L9 1P LTL E - 7.
070, BLHAS 8 %2 HwicomiMamFdicsd

128 2202 59, near-distribution outliers % M T &
BMolebEZLND,

5.3 SEITHAZE & DLEE

COFERBRTIE, KEH (1) SIKE (2) DEL LDV
FHEZHVL LG, TS EMGICHEDI W IRE L -
7203 PRAREED N L 2R Y. BRI 3 ICT LD
72 LHIHICR AN T =%, v T — o, AN
F— 5 DIEfFERZFL L. 25 HIZIESAIN T — % off
AL L7z, 3, 4, S HHICIEFHMERIE S LTEREn
AUROC 2 L7- &L 2D REeFKF L7, 3, 4, 5F5IH
D 2 B HIT BT LR R F 2L L 72, Hendrycks 5 D
FHEER (2) D237, GEOM 33 (4) D237, Ours i
FIEROEFVEFMHA L ZOR (6) DAITTH 5.
BRI VIZEALEDEESIIBWTNR=R L %o 204t
BAHOFEL Y QREFEOMIMKE XM E L2, FIC
EETH1E GEOM & T, mmMﬁﬁitiémw
distribution outliers DIRHEEEDTE\N Z &A% 00 4. BAR
%_u,CWMﬂo%ﬁﬁwT—&,mmmmo%ﬁﬁﬂ
— & L L2k EOMMKEE, B XU CIFARI00 % 5345 N
7 =%, CIFARI0 % 53k 7 — % & L7z & & OIS
MELTWAZ e hAh. 72, $#FFHE Hendrycks
5 DTk & T, Hendrycks 5 DTN T L 45 CI-
FARIO0 D X ) 7% 7 5 AN EN TR AHEL VT — %
oy MAGAHNT =5 DL ZITRAREESE N Z &2 H
4. UL, I_RETHL Hendrycks 5 DT & GEOM O
GAIINT = 5 BT A EERFFOTETH L7020, Rl
DIEWETHANT = AN T — 8 & [T 5 OBk
LA o7-L LTH, b ITORETHEIZDIT S
ZENTENR, FHANT =7 2T A EDTE LD
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Table 3 Results of out-of-distribution detection when using
different test data and models. The best results for

each experiment are in bold.

In-dist 00D AUROC
(model) GEOM  Hendrycks 5 Ours
SVHN CIFARI10 96.6 93.9 98.1
(WRN-28-10) CIFARI100 | 95.8 93.8 97.7
TIM 96.7 95.6 98.4
LSUN 95.9 94.6 98.0
iSUN 96.7 95.4 98.3
Gaussian 97.1 97.0 99.0
Uniform 97.1 96.7 98.9
CIFAR10 SVHN 97.9 94.5 98.5
(WRN-28-10) CIFARI00 | 76.2 87.2 92.0
TIM 90.7 83.5 96.5
LSUN 85.5 87.9 96.0
iSUN 86.6 85.9 96.1
Gaussian 97.2 93.9 98.3
Uniform 97.2 94.8 98.9
CIFAR100 SVHN 92.7 79.9 95.4
(WRN-28-10) CIFARI10 49.5 79.7 74.9
TIM 82.7 67.4 91.4
LSUN 77.8 66.0 90.4
iSUN 78.8 65.8 89.9
Gaussian 90.8 62.0 93.3
Uniform 90.6 46.0 93.7
SVHN CIFARI10 96.3 97.7 98.1
(Dense-BC) CIFAR100 | 95.6 97.3 97.7
TIM 96.4 97.8 98.4
LSUN 94.3 97.5 97.7
iSUN 95.6 97.9 98.3
Gaussian 97.3 97.8 98.7
Uniform 97.3 97.8 98.5
CIFARI10 SVHN 97.7 92.3 98.2
(Dense-BC) CIFARI100 | 79.4 88.1 90.9
TIM 92.2 92.7 96.2
LSUN 88.3 94.2 94.8
iSUN 88.8 93.8 95.0
Gaussian 97.2 99.2 98.1
Uniform 97.2 96.7 98.0
CIFAR100 SVHN 90.9 74.2 95.1
(Dense-BC) CIFAR10 47.7 75.5 68.9
TIM 84.7 68.3 87.9
LSUN 81.9 72.5 87.2
iSUN 81.7 70.2 86.0
Gaussian 90.6 68.8 91.8
Uniform 90.7 72.2 91.4
LIZEEZLNS,

—HT, 7T ADOGHEEENIELLT -5y b (CL
FAR100) & F\vy, 22D, 53447 — % %% near-distribution
outliers T# % CIFAR10 ® & X ICIRETHEOHFHEI T —
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Y DMARGENE D L 2 L0 5b. THIENZENOTF
EDGAINT — 8 Z T 5 ODEF LT 556 0MAE
HDETHLNLREZEZOLND.

5.4 Bffin7 ¥ TILEEDHE

COFEITIE, 7T ANEEERMERD 2 O DR % %
WHT2ETVEFRAL, BAUZZaT7 22 LAabES X
AT Y7 (LI Z % Ensemble & Fil T 5)
LD OREFLEDIT) PRBMBENE 25 L &2RT
TPODERET ). REFEOAaT7OFEEL LT,
Ensemble & £ % i 2 5 72012, [FR5A0 & m3EH T3
HETNVEFMAL THREOLLZIT, A7 22 LA
bbb (LIEINE Ours2 £ L9 5).

F 9, Ours2 & Ensemble DIEH A I TIZLLF D (7)
AFALZ. DToAa72FMAT501E, K (6) X[
LT M NTHETVORPHEZ L2 T THY, KNFn
B0 TH 5.

1 K 1 K
Sours2(¥) = 3= leﬂy(x)) +% Zlmgxpﬂyf(x)»
y= y'=

(7)

22T, #13HIZ GEOM, 5 2 IHIX Hendrycks & O F+i
\ZHDKAaT7THhHAbB, 72720, Ours2 xFIHT 5 & 214,

C K

py(@) =D [Ipve@)ye pe(z) =Y _[pyvo(@)ly,

c=1 y=1
EFh. TIZT, [y By, climrRi#fEchy, 22
TEATT—%BE LTS, T/, [, dy FHOBEST
NTEBETEETHY), SITTIECRILDONY MV aEL
TwWh., FoRa7id, Ous2 ZHw5 & &, R
b LSRR B L O T AL R T,
NENOIITH LT (2) X (4) LRI LEEZ T, £h
FNOHEER LA T &> Tw5b., —J)7 T Ensemble
WD E &, 7T ANHREER &SRMAR O 53R D
ZNEN pe(x),py(z) E 2B 7280, HENX (7) 2HV5.
MRER AT LD AHBIZIESANT -8, &
N — 2 HEE, AN — 8 OIERREFIL L. 25H
AN T — & OffiFE KR L7z, 3, 4 FIHIZIZEFGTE
L L TZNEN AUROC 2 FIfI L7- & & ofF % £
L7

F97 7 A5HIZE LT, Ensemble DET VT T A
ST LHEDD, Ours2 DL ) ICFHEFERZZEH LTy F
AGHRAT ) TIPS KR E o7z, ZDEH I
[FREER & W72 DS IE R DY %% B 2 L3 3CHR [25] ©
FTCICERMITIRSNTE Y, 0K [25] EFE L B WiER
Lo,

AT OTEREIZE L TiE, Ours2 7% Ensemble & It
RC, FNEFND Ay N — 7 HEE, sk T—5 1y M
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Table 4 Results of out-of-distribution detection when using
different test data and models. The best results for

each experiment are in bold.

In-dist (model) (0]02) AUROC
ACC (Ensemble/Ours2) Ensemble  Ours2
SVHN (WRN-28-10) CIFARIO | 98.3 98.4
94.9 / 97.9 CIFAR100 | 97.8 97.9
TIM 98.7 98.8
LSUN 98.1 98.3
iSUN 98.5 98.6
Gaussian 99.6 99.7
Uniform 99.4 99.6
CIFAR10 (WRN-28-10) SVHN 98.6 99.2
96.7 / 96.8 CIFAR100 | 91.1 92.1
TIM 96.2 96.9
LSUN 95.6 96.5
iSUN 95.6 96.6
Gaussian 98.7 97.7
Uniform 98.4 100.0
CIFAR100 (WRN-28-10) SVHN 93.0 95.2
80.9 / 84.0 CIFARI10 72.3 75.1
TIM 90.4 92.2
LSUN 87.8 90.9
iSUN 87.5 90.4
Gaussian 91.2 93.8
Uniform 89.6 97.4
SVHN (Dense-BC) CIFARI10 98.3 98.3
93.9 / 97.8 CIFAR100 | 97.7 97.8
TIM 98.8 98.8
LSUN 98.1 98.0
iSUN 98.7 98.6
Gaussian 99.5 99.3
Uniform 99.5 99.1
CIFAR10 (Dense-BC) SVHN 98.5 98.5
94.9 / 95.8 CIFAR100 | 89.2 91.1
TIM 96.1 96.8
LSUN 94.1 95.3
iSUN 94.3 95.5
Gaussian 97.1 97.4
Uniform 97.1 97.3
CIFAR100 (Dense-BC) SVHN 91.0 94.3
74.8 / 79.1 CIFARI10 65.8 69.2
TIM 85.3 88.2
LSUN 82.3 87.5
iSUN 82.7 86.3
Gaussian 86.3 91.0
Uniform 85.5 88.4

BWT, ZLALDOEE THRAKEEDS LN 2ERTH L 2
LD n G, ZOENE LT, Ensemble @-E 7V IE Ours2
DETINVEYBGHNT— 7 OFEREIMEL 25 2 L8
EZONDL., BHNT =5 OREMEL 5 b &, 125
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A & 912, K (2) 2RI L7 mAMVRa ORI E <
% HHEINASH B . Ours2 & Ensemble (I3 (2) &3 (4) %
HMAGDLETLFETH L7720, WEROIHAINT— 5 O
HFEE LIRS Lo T LE o/ EEZLND.

T 72, R (7) 12X BRERIER (6) 12 X BRERICHNT, &
FDEFTRY, b LABAETHEFREWHIRE 2o 7.
ZOHHE LT, K (6) 1FAT — VKT L 2 WIRETE
ThHbH—HT, SRONGE LT =5 Dr 7 A5HEE#%
IO GERERL, ZIEFR AT —VIlh o7zl LA
bbb,

6. AMMZEORF & KICHHBI

C OFETIIARNFEDORF & FEIEHFICOWTHRRS. 2
EFHEORMEE, 77— 1y MIHT 550050 o0 F
T35, T, DANT—5 D7 7 A5EET) TETH
L7, WEBROMED 7 I ADT—5 & Z0D T NP ILE
Thb. KIZ, BEOREOFTEHEFHL TWEFETD
HbHizD, T=IDORNALVITHBEICERSNS, T2, 1
D B B R OEE, NEEZHTE I ENTEEW
720, BANINO T — 5 & AT B OhE L < % 5 R
b, SHIZ, EFHERLY, DHNT—5 D7 72K
Bk, WL D % T ADGENT — % 2 AT 5 2
ENHELS D, FEOLE, BOHRAKENRES LS
D, BREHO 7 I A7 0hH Y, Bl FRMEA 2 v &
ABMIET —F 2y bOELETHHLEEZONL. BRRY
EMFOBHBIE LT, HEHFED T IV — T OEHRIEY
AT LIZBWT, =N ANDER, T-o7-{EEE
MROLZ VL DR EWRETRANTEEEZ LN,

7. iEEA

AEETIE, DNN Zffio 725082 30 mnr— v 2 A) L
L7z &, (1) 7 7 AGEOWNB—F5AIEDE, (2)
BAEWATFHUTLIEDHELVE V) 2 ODRFHE T
L7 i o FE 2R E Lz BRMIZIE, AW
H2bN72L 00 7 A LBMERO AR KD,
Neb LIl L LVWIEFE A7 2 RE L. EBTIE,
Kea ety b — e TF—5 2y b EMlio TEEZAT
Vv, (1) &2 DELLPDRFHE D LA AMRE L 72
FH L0 b, RETEDIT ) WHAIT — & OMAREEL
El B ER L T, BT o Tl Y
HI—REFEDII) PHAEN G b I L bRz, K
f7eClE, HOEKAMD ) EHO 1 O Th L2 BEONELT H
THFHEERCTWEL 0, R ETEHT7— 7 ILEE R A
A VIS, — /T, AC#EEH D ¥ED 1 O THh L3t
WEICE T, BHEEMETORBEELZZEE L, ZOZEHRD
b L THmMNINE DI B L) iR WIUE, g T —
FLID R AL THHEMCRDUTREELH Y, 5HBOR
HETH 5.
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