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Breaking through the closed -world setting
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Previous Methods

A Open-set classification & detection
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Previous Methods

A Opemet classification & detecti on

Y Deal with unknown samples encountered in classification or detection tasks.
Y Focuson distinguishing unknown objects from known ones.

R Suppress both unknowns and rmnjects in training, leading to a low recall of unknowns.

A Openworld object detection

Y Detect both objects and support incremental learning.
Y Train known and unknown object classifiers with pseudknown samples.
R Pseudeunknown samples do not represent unknowns thus limiting the ability to transfer

knowledge from known to unknown.
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Generalized Object Confidence
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Generalized Object Confidence

A Completeobject bounding boxeshould have higieOC:
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Generalized Object Confidence
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Gr afplased-sicop i ng Box Determinati on

Node represents a box
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Negative Energy Suppression for Non -object

We follow the energy value of VOB distinguish unknown objects from known ones
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Negative Energy Suppression for Non
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Unknown Object Detection Benchmark

A Training data:

Pascal VOC dataset that contains 20 categories

A Testing data

Datasets Images | Known Unknown
VOC-Pretest 200 5.09 0
VOC-Test 4952 3.02 0
COCO-O0D* 504 0 3.28
COCO-Mixed® | 897 2.96 2.82

¢ denotes the augmented datasets

Annotated samples in COGOOD and COC&MIx.
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Unknown Object Detection Benchmark

Eval uati on Metrics

For known objects:
A mAP
For unknown objects:
A Unknown Average Precision (AP)
A Unknown F1Score(UF1)
A Unknown Recall Rate ({REC)
A Precision Rate of Unknown (BRE)
For mixed data:
A Absolute OperSSet Error (AOSE)



Pretest mode

In the Benchmark
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Experiment

Grouns | Methods VOC-Test COCO-O0OD COCO-Mix
P mAP |U-AP U-F1 U-PRE U-REC| mAP U-AP U-Fl1 U-PRE U-REC AOSE
MSP [ 7] 0470 ]0.213 0.314 0.279 0.359 [0.364 0.055 0.169 0.190 0.153 588

@ | Mahalanobis [ ] 0447 10.129 0.271 0.309 0.241 |0.351 0.051 0.149 0.207 0.116 604
Energy score [ ] | 0.474 [0.213 0.308 0.260 0.377 |0.364 0.048 0.169 0.167 0.171 470
OW-DETR [ /] 0.420 [0.033 0.056 0.030 0.380 |0.414 0.007 0.025 0.014 0.161 569

@ ORE [ /] 0.243 |0.214 0.255 0.153 0.782 [0.213 0.140 0.175 0.103 0.592 485
® VOS*' [1] 0485 |0.135 0.196 0.342 0.137 [0.377 0.040 0.101 0.262 0.062 640

VOS? [1] 0.469 |0.205 0.317 0.291 0.348 [0.364 0.051 0.172 0.184 0.163 409
@ | Ours 0.464 |0.454 0.479 0.433 0.535 [0.359 0.150 0.287 0.222 0.409 398

Table 2. Comparisons with the detector using open-set classification @, open-world object detection @, and open-set detection @ methods.
VOS' denotes the model with the threshold given by the official repository’, which is calculated on the BDD100K dataset [ *~]. And VOS?
utilizes the threshold computed on the COCO-OOD dataset by using the official code”. Best results are in bold, second best are underlined.



Experiment

Row | GOC NES GBD |U-AP U-F1 U-PRE U-REC
1 X X x 10.066 0.050 0.026 0.808
2 X X v 10.250 0.434 0.395 0.481
3 X v X 10.442 0.054 0.028 0.861
2! v X x 10479 0.323 0.215 0.646
5 X v v 10409 0.467 0.437 0.502
6 v X v 10455 0454 0.399 0.528
7 v v v 10.454 0479 0.433 0.535

Table 3. Ablation studies on COCO-OOD. GOC, NES and GBD
refer to ‘generalized object confidence’,

sion” and ‘graph-based box determination’,

‘negative energy suppres-
respectively.
"GBD’ is X, we use NMS and top-k as post-processing with the

When

same thresholds with the known detector for a fair comparison.
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Figure 6. Sensitivity analysis on (a) thresholds ¢, e2, and (b)
threshold p. x indicates the failed training outside this threshold.
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Visualization

| A ‘ ul .-, oAad 27%
[ 4 ‘
h pf-l son 11%

- I—T ( )
oW —

n
} unl nown '
eral 2%2rson 1 3%E0WT
I

unknown

nr ( I
r m mL_)I unknown

Ground Truth MSP Mahalanobis Energy score OW-DETR ORE VOS Ours



Visualization

Ground Truth Mahalanobis Energy score OW-DETR



UI'I Lrruraas

tv 96%

UnSniffer

unknown

unknown

ORE

unkhown
unknown

VoS

unknowunknovy n M.

: unknown =
_unknown un known.known
unknown

unknown
unknown

unknown mE
v -
| —-——

OW-DETR




unknown =
. ; unknown

unknown s

| un_knDWn

unknown unknown
unknown knownwurunknown,wn

— unknuvel i nown

unknown .

(P TR NETe Y

5 LN KN Oy Se———
unke-- 40k oW kngnknowiunknown

I i K v
z L = B

unknown

§ unknown 1o unknown unknown urunknown

R ewr i .3 tnknown e unknown§ &‘.E‘.‘SWP.‘?‘T“.‘Q
unknown m B dunknowng g ' | ,

Yunknown rraibe e

Inknown ¥ | unknown unknown
~ - funknown§ T yuiiknown IS r
unknownp e e S unknown A
il ST SR W T ‘unknowmun
s LUNknown= -
' / = : : " =—=-unknowunknown

B Unknown s S S S O N — e —

unknowngs=

unknown iR EREE R Y anknovn D
unknmm \ \ ,
Junknown —— ¥ P, ——= h B
f |

nknown1®
—11L 1
I B

=y |
clrg

Wi

OW-DET




UnShniffer 926

ORE 2: '(75



