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* OOD Detection is generally the same as OSR in classification task, but OOD Detection
encompasses a broader spectrum of learning tasks and solution space (ref. Section 2.6)

(a) Sensory Anomaly Detection  (b) One-Class Novelty Detection (c) Multi-Class Novelty Detection
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Multi-label image classification and object detection
are two closely related tasks. The former involves assigning
multiple labels to an image, while the latter goes a step
further by not only recognizing the objects present in an
image but also localizing them with bounding boxes.
Therefore, object detectors have the inherent ability to
distinguish between objects of interest and irrelevant
objects. This ability, along with object detection similarity to
multilabel classification, can be leveraged to create an OOD
detection mechanism for the multi-label setting.



EIURAISHETSiR7E

PAttern Recognition and NEuwral Computing

I YOLO ParN.C

§ SIMGEE ""‘"ﬁwm- NS LT

[

N

SxS gnd on mput Final detections

SxSx(Bx5+0C)

Class probability map



EIURAISHETSiR7E

PAttern Recognition and NEwral Computing

I YolOOD ParN.C

.
‘ Gb]. Sc_:l__‘;__ N, class scores N Candidate-Wise
/ YolOOD Network \ f £ NPV ' 5 Class Scores
/ \ § H ¢ H-H LT 1> Max —>{IITTTITTTT
Backbone Detection Heads : H i I ; \\
Input Image \ J \.\
fObj. Score N, class scores ) Candidate-Wise .\, Image-Wise
VR _ 5 Class Scores ¥ Class Scores 00D
e O Max O Y, SOOI Max >
: % - ; ax | l 1111 JLLLL1] S
| - 5 5 core
3 /
L\ i /
' (o | /
- (Obj. ;gre 'N\Nc class scores 5 Candidate-Wise ,fj
L N | Class Scores |
| H* o[ Max o
A\ : J

1

Wi x H x (1+ N,) , k€ {1,2,3}



EIURAISHETSiR7E

PAttern Recognition and NEwral Computing

I Objectness Score FEIFNEE

0123460678 910111213141516171819

let (W,,H,) € [0,1]> C R?

(W'ra H‘r) = (Wo : Wka H, - Hk)

P PP
PELDR LD ORI DO AN =0

_ W. _ H.
(a) Clean b)p=20 Pu =1 = Tkeenter — Pk —— Pl =) = Ykcenter — Pk *

012345678 9WNI21D1415%171819 D12345878910W111213141516171819 2
T

2

2
H,

Yd =1 < Ticenter + Pk 3(pT:ijk,center+pk'7

I pu ANpa Npi A pr

Covj(3,7) = _———

()p=0.5 dp=1



EIURAISHETSiR7E

PAttern Recognition and NEwral Computing

I Class Scores PEIFNE[:

0123460678 910111213141516171819

P R e
EENOPRRLDRN2DCPIDO EEN 2O

(a) Clean b)p=0 1 class nis in cell (Z, J)

A~ - .
D12345878910111213141516171819 CClS n(Z,J) —

01234567 89W0WNNR2NVKISWITIEN

0 else

WO N -O
DR ~NOGRWN =D

(©)p=0.5 dp=1



BIGRASHET SR 7E

PAttern Recognition and NEuwral Computing

I YolOOD Loss Function ParN.C

i1 2 3 4 5
Gb]. Sgg;e;ﬁ . N, class scores ik Candidate-Wise
/ YolOOD Network \ # NNV E Class Scores
[ \ = [P N 00 0 O 0 > Max >
Backbone Detection Heads C1/ f EEEEEEEE \
: i ; \
Input Image P Nt : S \-.\
ij Score N, class scores N \
Y e * ! Candidate-Wise \, Image-Wise
f{””' \‘}‘. S i — : Class Scores ¥ Class Scores
J H a8 {4 B Y (N D G I A i B 00D
T ox P Max [>T Y, SOIIIIIIIITH->{ Max >
i == 3 : \ Score
: g o ! /' l
I\ = . /
(Ob N Y /
bk S‘°IETN ¢ Class scores _ Candidate-Wise |
e v i | Class Scores |
H® 17 Max >

Lobj = Z LBcE(Cobj, Cobi)
ceC ﬁlotal == L:obj + Lcls

Las = E E Cobj * LBcE(Cels ns Celsn)

ceC ne{l,..,N:}



I Inference

Input Image

j2
L&

EIURAISHETSiR7E

PAttern Recognition and NEwral Computing

ParN.C

B = rggg{o(cobj) s olCetsn) }

] 19 s
Gb]. chnrs_‘ . N, class scores ) Candidate-Wise
/ YolOOD Network \ A NIV mmmmm] b Class Scores
[ \ % | >\ Max —>TTTTITTTT]
Backbone Detection Heads | ¢, ErrEr e ‘ \
| ,‘ \
\. 2 \
ij Score N, class scores Rt \
N e © ! Candidate-Wise \, Image-Wise
# \vw\v - Class Scores W Class Scores 00D
T ox Hl[P{ Max [>T 3, >IIIIIIIIIT- Max >
| | i X core
3 t /
N J /
i N /
: °"i-;;3:%ﬁ.\”= EARSS Scorms ‘ Candidate-Wise ,-f
i ™ ; I i Class Scores |
SR , [ Max > TIIITIT!
] 1 }
N i
YolOOD(z) = max E max{o(copj) - o(Ceisn)}
ne{l,..,N.} c€Cy,

Ck € fyoioon(z)

1 YolOOD(z) > T

G(z,7) =
(7 =0 Yol00D(z) < 7



I Experiment

ParN.C

BIGRASHET SR 7E

PAttern Recognition and NEuwral Computing

| Objects365,,, NUS-WIDE

Din PASCAL-VOC MS-COCO Objects365,, PASCAL-VOC MS-COCO Objects365,,
Method FPRY5 | / AUROC 1/ AUPR 1
MaxLogit [11] 2891/94.96/95.32 16.39/96.90/99.17 29.95/94.33/9438 | 23.60/95.997/96.05 12.16/97.53/99.24 38.07/92.62/91.48
MSP [10] 50.78 /88.36 /88.61  46.26/86.78/95.63  65.20/83.99/84.13 | 47.34/89.34/88.71 40.89/88.33/95.53 78.08/78.42/76.91
Mahalanobis [17] | 73.34/73.90/70.94 88.01/48.45/75.08 83.32/63.19/56.67 | 77.23/73.76/67.76  90.48/52.71/75.58 88.46/62.47 /54.29
ODIN [18] 28.91/94.96/9532 16.39/96.90/99.17 29.95/94.33/9438 | 23.60/95.99/96.05 12.16/97.53/99.24 38.07/92.62/91.48
JointEnergy [34] | 27.90/95.37/96.04 14.80/97.16/99.28 23.13/95.84/96.20 | 20.19/96.53/96.76  8.29/97.90/99.39  24.46/95.34/94.96
YolOOD-a! 1837/96.10/95.85 11.70/97.21/99.19 18.40/95.76/95.15 | 21.24/96.29/96.08  7.62/98.13/99.43  12.19/97.64/97.29
YolOOD-0? 16.38/96.60 /9649  11.53/97.29/99.23 17.24/95.97/9542 | 18.47/96.85/96.77 4.40/98.56/99.57  9.54/97.99/97.61

'trained using the auto-generated annotations. “trained using the original annotations.
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Figure 4. Models’ mAP for different pr combinations on the
COCO dataset.
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Figure 5. A comparison of the impact of different aggregation
methods on YolOOD candidates’ output scores (described in Sec-
tion 4.2).
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Din PASCAL-VOC MS-COCO Objects365,,
Class Agg. Head Agg. FPRY5 |/ AUROC 1/ AUPR 1
Max 24.10/95.63/95.61 8.55/98.01/99.43 21.01/95.70/95.08
Max Multiply 19.76 /96.02/95.74 10.55/97.59/99.30 18.22/96.23/95.68
Sum 17.43/96.73/96.63 7.97/97.93/99.41 13.39/96.98/96.52
Max 44.56/78.31/70.89 54.70/80.59/9221 35.26/85.67/79.28
Sum Multiply 19.58/96.04/95.80 9.61/97.81/99.38 17.55/96.39/95.94
Sum 40.11 /8491 /81.83 39.50/90.20/96.71 26.18/93.68/92.39

Table 2. OOD detection performance when using different com-
binations of aggregation functions for YolOOD’s detection heads
and class scores output vector. The results are averaged across the
OOD datasets.
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Figure 6. Score distribution when using PASCAL-VOC as the in-
distribution dataset and Objects365,_,, as the OOD dataset.
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