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Abstract: In this paper, we study a method for semi-supervised out-of-distribution (OOD) detection. Re-
cently, a semi-supervised OOD detection method with the highest detection accuracy has been proposed,
which uses deep neural networks (DNNs) to classify the data, and then trains the DNNs so that the output
of the DNNs is uniformly distributed when OOD data is input. After training the model, the output of the
last layer of DNN is detected as OOD data if it is close to a uniform distribution. However, there are some
in-distribution data that make the output of the DNN close to a uniform distribution, so this method has
the problem of not being able to distinguish between such data and OOD data. We point out that it is not
sufficient to use only the output of the last layer of DNN as a feature to perform OOD detection. To solve
this problem, we propose to train a new DNN to classify in-distribution and OOD data by using the outputs
of several intermediate layers of the DNN as the features. This proposal is based on the hypothesis that
when OOD data is input, unlike in-distribution data, the features for classifying are not extracted by DNNs,
and thus the behavior at the intermediate layer is different, which helps to classify in-distribution and OOD
data. In experiment, the proposed method showed an improvement of about 0.2 in AUROC compared to
previous studies when using a small amount of OOD (16) for training.
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Fig. 1 Relationship between each data distribution in semi-
supervised out-of-distribution detection. In this fig-
ure, cats are defined as in-distribution data and oth-
ers are defined as out-of-distribution data. The out-of-

distribution data can also be used as training data.
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Fig. 2 Conceptual diagram of the out-of-distribution data classifier g that uses the in-

termediate layers of the unsupervised out-of-distribution detection model f. x

is the image, y is the class label of z, and d is the label indicating whether the

data is in-distribution or not. ¢ and 6 are parameters of f and g, respectively.

Algorithm 1 algorithm for proposed method

Require: base classifier f;, out-of-distribution classifier g,

training set, test set.
Initialize parameters of the classifiers: ¢, 6
> training base classifier fy like GEOM
repeat

€ training set

y ~ Uni(l, K)

¢ — Update (Lor(S(fo(Ty(2))),y))
until convergence of parameters ¢
> training out-of-distribution classifier gg
fix parameter ¢
repeat
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Zly:ftﬁz(zly—l) l=1,---,L

0 — Update (Lpce(go(2}, -+ ,2Y),d))
until convergence of parameters 6
> estimating test score
for = € test set do

forye {1,---,K} do

2 = Ty()
g =fal) =1L
dy :99(2%7"' 7Z?[J,)

end for

estimate score with fo:l d,
end for

2y = Ty(x),
2l = fo.(51)

]Ep(_Ly) [‘CBCE (90(211!7 e
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,21),d)]. (2)
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Table 1 Structure of the out-of-distribution detection classi-

fier g, where Conv2d means convolution, BN means

batch normalization, and Linear means linear layer.

z1 is used as input, and z2, z3, z4 are combined in the

intermediate layer.

Layers In Out Ksize Stride Pad
Conv2d 64 64 4 1 2
BN - - - - -
ReLU - - - - -
MaxPool - - - 2 -
concat(z2) 64 64+128 - - -
Conv2d 192 64 4 1 2
BN - - - - -
ReLU - - - - -
MaxPool - - - 2 -
concat(z3) 64 644256 - - -
Conv2d 320 64 4 1 2
BN - - - - -
ReLU - - - - -
MaxPool - - - 2 -
reshape 64 1,024 - - -
concat(z4) 1,024 1,024+4 - - -
Linear 1,028 1,024 - - -
BN - - - - -
ReLU - - - - -
Linear 1,024 1 - - -
Sigmoid - - - - -
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=27 2R L7z RETEICBWT, HHE O
13 16-4WideResNet [29] (2B} 5 3 DDk 7T v 7 O
NETFYT =) Y 7HOBNTHY, TNETNE 21, 2,
%,at%ﬁ?é.%1@;5ﬁ4@@%vh7—7%

W L2FHE, chosoh@Botd) (2, 2z, 23, 24)
%% XHLLEOTHE., EOEFNVIIBWTY, Rl
(& Adam [30] ZFIH L7z, FE=OFHIMEIX 0.001 & L,
epoch 223 epoch D 80% % 2 72 & %12 0.0001 124
B L7z, # epoch B3 & FEERIC B\ TIIMERZ DS T3
WY AEIFRE L7,

BREDBE, TR MHOGANT =8 LosishT— % %
FIHL, ZNENOEFEAIT 2RD 7. %%(iﬂﬁ% A
97 L LT, GEOM & GEOM+ 21 [S(f3(Ty (@),
BCE & Z;=1 g0(Tj(x)), FEFHIZ ijl go(21, 23, 23, )
RV FHIE L S WEICEAE LWl S TH Y, s
AFAMGRHEN Al LT A Area Under the Receiver
Operating Characteristics (AUROC) %M L 7-.

4.2 DNNOBEOHNEHHEL L 2ORBELR

FTREFHEIIBVT, REEOHTI TR L, HIHl
BOMHZEFMT S LI > TEBICHRAKED D5
D% MRT 4. MNIST OGN T -5y b &
L C EMNIST, CIFARI10 OFFH DAY T—45 v b &
LTSOMTI ZFH L7-. £, 3.15® GEOM D% v b
T—=7 fo OFHBEEHCT-OPREFETH L7280, X—
274 LTGEOM LHET 5. ZOLExDRITIL
318 LRI S ST (@) Th 2. Kiz, R
FEOWMIFERTD B S(fo(Tj(x))) (=9;) ZHFBELLT
AJre L, WiEEOH )2 RS2 DNN(gg) % M5
Mo T — 5 2 flio THE T 5 FiE% OURS(softmax) &3
. COEEDRITIRYN go(5,) ThHB. BB, £
n%h®$ﬁﬁwﬁﬁ%%ﬁika\ﬁ%&ﬁﬁ%%&
% OURS(z4), OURS(23), OURS(22), OURS(z) & ¥ 5.
ZOEEDAITRENEN, Y1 go(2]), Sie g0(2h),
S 00(), T 0(x]) THA. RBIRETFUTH
%, fo(Tj(z)) DEHBORTTTXTCEFALIZSDT
&% OURS(21,22,23,24) E DI HAT .

BRI 2D L)1 ->72. AUROC ETF—%+t > b
DHDBLLDODI FTADT—F 25 HANT—% L, Fhl
WNDTTADT =8 %5 histT— 5 L L& EO5EEET
HhH., 2T, F=FEy bOTRTDZF A (10 7
T A) IZBWTENEFN AUROC % KD ZF D % FoR
L7z, W5 —% %ty MMIBWTRERED IO A% B
& LA L 72 OURS(softmax) 1& b & D%l L4346
AMRANTH H GEOM DFER L ITIZEDL S RV Ehgh
A, —HT, TNENOFMIEOFEE 24, 23, 20, 21 &
FIH L72 OURS(24), OURS(z3), OURS(z2), OURS(z1)
1%, GEOM & [A&0Z N EOWREDST TV 5 2 L 235 )
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xR 2 R L AR L EDORETIED AUROC D HIEL
Table 2 Comparison of AUROC of the proposed method for

different feature values.

Method MNIST CIFAR10 mean
GEOM [11] 92.6 89.0 90.8
OURS(softmax) 92.1 87.3 89.7
OURS(z4) 94.5 88.7 91.6
OURS(z3) 98.5 94.1 96.3
OURS(22) 97.8 95.6 96.7
OURS(21) 96.4 95.7 96.1
OURS(z1, 22,23,24) 98.0 95.6 96.8

b. £ o T, iz LaAiyMRIEE TV O 5 FEdR O i iE
DT DA E =L LTHHT 2 2 LIEAT5TH D
FHBOHNZFIHATRETH S L) RS FEEEIIR
7.

CITC, 1 OB T EMo 2130 RN EL 2D
BEHdH D, BARRIZIE, MNIST 128\ Tid OURS(z3),
CIFAR10 |25\ Tld OURS(z) ZFIH L7213 ) AR ET
F:Td B OURS(21, 22, 23, 24) £ 1 BIFED TN &A%
A, LaL, FnohEollz§_Ti- 2% Tk
OURS(21, 22,23, 24) W dW 7T — % £ v b OF¥D AUROC

BV TIRbKESEV., /2, CORBEMAITHESR
GBI T AN T = TERBRLTAZVEGPLL RV,
FD0, EEHELFITRTOTEBORNEFMAT L LD
EREFHELELTWD

4.3 STHEEDER

TR, BETHEE N T CITRE SNSRI
FHLEOHFTH BRI R S mTE L T 5. MNIST
DAFEM A7 — %+ v b & LTEMNIST, CIFAR10
DI GAI T —F £ & LT 8OMTI ZFH L 7-.
FATHRFED SR (6], [10] Z 5% (12 KGR DS C A MR
LT, SOIMTIDTRTHOT—F DI b 65,536 & T~

WHH L72d o2 FIH L7-.

FRIIR 3 DX )2k o7z, GEOM (X% 7 L oAbt
BAHIOTHETIED 505, 1£%ETFiLEL GEOM+1E GEOM %
NR=—ADETNELT, FHEH ) OFFEE LTHELT
Wh7eH, BEOOIHEREBETWE, IERFEIEMM
DFP L _T, MNIST 7—% t v MIBW Ttk d M
HAEEAE <, CIFARI0 7—% &> MZBWTIX BCE (2
VLS 5 CTh o 72,

iz LA D &7 TH S GEOM (L8 25
BB THNLWS D&M E R a37-0, [fiL 7z
IR E D MNISTD 08D T ADE X,
D7 7 A& WL THEIMONZ L2300 5. 72k 21E
GEOM (3 3 @ & 912, [[IFEAE 720 W41 Wiz % T30 5
HIENTEY, HhiNTF—2 L LTRAZLTLE).

GEOM+IEMNIST D7 5 AN DF—¥ DL &, GEOM
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Table 3 Comparison of methods for out-of-distribution detec-

tion.
Dataset Indist | GEOM | GEOM+ BCE ours
0 81.5 81.8 98.7 99.2
1 92.4 91.7 96.5 99.8
2 90.3 95.7 81.3 94.1
3 99.7 99.3 87.5 99.3
4 98.0 98.8 79.9 99.3
MNIST 5 91.4 94.6 89.5 98.1
6 99.8 99.4 92.3 99.2
7 93.4 96.4 86.1 96.6
8 82.0 79.6 89.2 97.6
9 98.0 96.1 90.1 96.5
mean 92.6 93.3 89.1 98.0
plane 79.9 68.0 96.3 95.4
car 96.5 96.6 99.0 98.9
bird 86.1 87.9 91.9 93.2
cat 79.3 81.3 89.2 87.6
deer 89.3 89.5 96.0 96.4
CIFARI10 dog 89.5 88.1 93.8 94.2
frog 87.7 88.8 97.5 97.6
horse 96.0 96.6 97.1 97.3
ship 93.9 94.4 98.3 97.9
track 93.1 94.5 97.7 97.3
mean 89.0 88.6 95.7  95.6

E[ﬂ

(38 [EHACAZEZRZ T A0 DM

Fig. 3 Class 0 image which is invariant to rotation.

CHELTH LAKELZEL LTWA. GEOM+HIZ5 st
T=8 WATID L EM DRI AIED L) ITFET
LFETHY, DHANT—FThb 8 b LR Tib_7zM:

B ERBP DT o TLE S . FERIMIOAIE
T =Y EDRJUP O e>T LIV, MIKEZ% &
LTLEomEHEMEING,

BCE 2B L Ti&, MNIST IZB W TOFTEICHRT
RO BEIN— T, CIFARLIO IZBW TR b RIED S
WiiR o/, ZOBBELTROZENEZLND.
BCE It D 72 &4 Z T2 L [/ Ui iE © DNN(gg) & W
TWEH, REFLLEELDEFHEL LT GEOM OHiH
JE@OWIITIE R, ADEEROHRZANTNE, Z0D72H
BCE (& #hili 22 LA o FEOETIE % , BCE
DREFE TR AT T — 7 1T &2 VD e v 2 LI
KELMAFT 5. A AIT— 4 T %5 EMNIST D
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FEHIE 26 7 T A LDBHELEL B WD, MOGHENT—5
T&H A MNIST ([ZIAL L 2o 72— 7T, SOMTI i34k 4
GREHOTF— P EEINnNb 0, oS T—5Thsb
CIFARI0 [ZdJULL, BARESE»r o/ EZ b5,

ETLIE GEOM ool ) L vio 7z, AJIHIE
L0 bR MOSAmIN T — 5 1P T B L) i
WEREFHLZ2D, WADF—4%+y MIBWT, £D
75 ADGANT — ¥ Tdh o THEOCIRARE 2 #E5T&
IlEZONA,

FEFH LI GEOM L R-ETFELZH VT, MLz LT
DR L) ZWGICRLT—% (M3) OAaT (s) %3k
Wiz, FNEFNOTIELIBWC, G5k — 5 72 L HET
HEME (1) £ LT, 7ANF=F D54 T — % L5 Ak
T PO THESNLEEZ V2. 22T, s(z) <7D
L&, ANT=5 a5t T—5 L LTHETAZ LI
T5. #FRELT, GEOM 2@ 3 DF— % %3 THdi
Wr—s & LTHETA—HT, REFEEITNTELL
SANT =2 LTHRELTBY, RETEORIEE
FIZEHLTWwbL En 5.

4.4 DPEOIFELSHRHNT—2EFAL & EDOBRIEE
Jek 5

4.3 Fi T ISR A hh 7 — & 23R T & 2 IR0
FREL TS, LiL, EBRICESMANT -3 m L
PEEZ VIR T ICH Y, KEOSHIINT—5I12T
7R ATELEEFES 2., ZFO70, FIHTEL5M4h5%
T =8 PLETH > TOREFEP AT — & 2 AT
ELNE)PENFET 5.

Z OFEERTIX, CIFARLIO OFFEA Sk T— 5 v b &
LT 8OMTI #FH L, SOMTI 2°5 T ¥ ¥ LA ED T —
ZERMH L, Zo%% 16, 64, 256, 1,024 L&z /2L ED
AR EE CEi L 72, &IV OREE 5G4 7 — 7 DRV
TMAFT B 720, F¥bilid ) HATMRANC B 5 £ FEER
TENEN 3 IV, 2O LIRERZEZ KD 7.

FEAERIIE 4 O X9 I2% - 72, HEillE AUROC TH
D, BRI T — 5 O EFR L TWw D, 1RE
FHERVEOINEHSAINT — 7 Z VD Z L TRN—AE
FNTHLEN % LETFTILO GEOM L U & &\ s B
G L TWBEZ LDy 0h. T/, RILT—%EThN
EEDPHETD ) GAIMRIO T PR L TH L Eig
ARSEE RS LT\ b, BRI, IREFHIT 16 o5 Aist
T =8 i) 72T, 1,024 oS Ais T = 2RI L7
DK FHEDOREELL L OWMINEE 25 L T\ b 2 Lh3%
"h.

GEOMAHIFRETHEELERL LY IZRN=2FE TV & LTH
fliZze LEF LD GEOM % ffio TV 5B DS, MAKEEE AN —
AETNVED DKL BT LES/. ZORKE LTHA
Wr—% % AT e Lz ST 2 —BaAmIEor 5 &

© 2021 Information Processing Society of Japan

Dataset: CIFARLO
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0.70- & GEOM+
0 16 64 256 1024

the number of tiny images

B 4 F#HASAIT—5 TH L 8OMTI DAL S /L 2D L
NENOFFE B DAL O Fo
Fig. 4 Comparison of detection accuracy for each method
when varing the number of out-of-distribution data for
training, SOMTI.
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GEOM O gDl 1 L votz, X WHiREOE o
AT — 2 IPULT B L) eiEEE A I Lo, B
BWHETO BV 2 EETE e E2 615,
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N FE THOEETIZ CIFARI0 DI s T — 7 &
LT 8OMTI L 2 JHW Tz vy, 8OMTT I3k 4 7 FiH o
BaEATHAD, EBIIIDMINT—2 & LTk
HOT— 9 Do N WEDH L. AN T — 5
DD D e, PEED O AT M OREEIZACT
TEHLIEDPHESN TS 6. LT, ZOEBFTIIRE
FECBWCTIHHHA ST — 7 OREE IR L7z & & 12
AT — 5 EBAITE A EFRD.

Z OEETIE CIFARLI0 Ol T — 4% &> b &
L T CIFAR100 = fIH L 7=, JFEH G AN T— & 0%
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AL S SHAE R A Mearb 3 5. BARIZ1E, CIFAR100 O
T =5 ¥% 500 ICEEL, 7T A%K%E 1, 2, 5, 10, 100 D
ENEZI, FNEFN T TAET—FDOBRBPISEITVF
e L, FEERIZ 3 OAT, WA O &R T K
o7z,
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Dataset: CIFAR10
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the number of CIFAR100 classes
5 FfEASAIT— 5 THDH CIFARI00 D2 7 A% 2L S+
72k & DRBIFEEE O Hi
Fig. 5 Comparison of detection accuracy for each method

when varying the number of classes of the out-of-
distribution data for training, CIFAR100.
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