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Unsupervised Out-of-Distribution Object Detection (OOD-0OD)

O Unsupervised Out-of-Distribution Object Detection (OOD-0OD) aims to detect the objects never-seen-before during training
without accessing any auxiliary data
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Unsupervised Out-of-Distribution Object Detection (OOD-0OD)

O For unsupervised OOD-OD, since there is no auxiliary data available for supervision, leveraging the known in-distribution
(ID) data to enhance the detector’s discrimination ability becomes the critical challenge
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Structure-Enhanced Recurrent Variational AutoEncoder (SR-VAE)

O We consider improving the performance of OOD object detection from two perspectives:

€ One is to strengthen the discrimination ability of the object classifier for known ID objects, which is conducive to
reduce the risk of misclassifying the ID objects into the OOD category

€ Another is to synthesize the virtual OOD features that significantly deviate from the distribution of the ID features,
which is instrumental in boosting the performance of distinguishing OOD objects from ID objects
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Structure-Enhanced Recurrent Variational AutoEncoder (SR-VAE)

O To attain these two goals, we explore exploiting Variational AutoEncoder (VAE) to separately generate the augmented 1D
features and virtual OOD features

O A method of SR-VAE is proposed, mainly consisting of two dedicated recurrent VAE branches
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Structure Enhancement via LoG Operator

O In general, object detection involves two subtasks: object localization and classification. To this end, it is important to
enhance object-related information

O We explore using the LoG operation on the extracted low-level features to strengthen the structure-relevant information
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Recurrent VAE for Improving Discrimination

O To reduce the risk of misclassifying ID objects into the OOD category, we design a VAE module to recurrently generate
diverse augmented features of the classification features, enhancing the discrimination ability

Mt = (I)u(Ht—l)a Ot = (I)O'(Ht—l)?
ht — Ut —+ € - exp(at), Ht = @(ht),

T
1
ﬁin — £det + - ? ; KL[p(Ht|Ht—1)ap(Rn)]a

Discriminating Known from Unknown Objects via Structure-Enhanced Recurrent Variational AutoEncoder, CVPR2023



Synthesizing Virtual OOD Features

O To reduce the impact of lacking OOD data, we propose a cycle-consistent conditional VVAE to synthesize virtual OOD features
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Algorithm 1 SR-VAE for Unsupervised OOD-OD

Input: ID data {X, Y}, randomly initialized detector with
parameter ¢, weight « for the K L-loss, weight A for the
loss Lgis, weight 7 for the uncertainty 108s Lyncertainty -
Output: Object detector 8%, and OOD classifier C.

while train do

Sample images from the ID dataset { X, Y'}.

Calculate the structure-enhanced map F and diverse
augmented features H using Eq. (2) and (3).
Synthesize the virtual OOD map O using Eq. (5).
Calculate the overall training objective L using Eq. (4),
(6), (7), and (8).

Update the parameters # based on Eq. (8).

end
while eval do
Calculate the OOD uncertainty score using Eq. (9).
Perform thresholding comparison using Eq. (9).
end
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Experiments

Method (VOC) FPRYS | AUROC 1 mAP (ID)} Method AP0 AP
OO0OD: MS-COCO / Openlmages
MSP [14] 70.99/73.13  83.45/81.91 48.7 WSDDN [] 19.7 19.6
ODIN [28] 59.82/63.14 82.20/82.59 48.7 Cap2Det [47] 20.3 20.1
Mahalanobis [26] 67.73/65.41 81.45/81.48 48.7 OVR-CNN [49] 22.8 39.9
Gram matrices [35] gégg j gggg ;ggg ; ;ZS@ 327 RegionCLIP [50] 26.8 475
Energy score [30] . . . . 7 .
Generalized ODIN [16] 59.57/7028 83.12/79.23  48.1 Detic [51] 27.8 45.0
CSI [47] 59.91/57.41 81.83/82.95 48.1 OCA (Baseline) [33] 36.6 49.4
GAN-synthesis [25] 60.93/59.97 83.67/82.67 48.5 OCA+Ours 40.1 49.5
VOS (Baseline) [7] 47.53/51.33 88.70/85.23 48.9
SR-VAE 42.17/46.26  90.28 / 87.89 49.4 Table 2. OVD results (%) on COCO. ‘OCA + Ours’ indicates that
Method (BDD) FPRYS | AUROC 1 mAP (ID)} we directly plug our method into OCA [33].
OO0D: MS-COCO / Openlmages
MSP [14] 80.94/79.04 75.87/77.38 31.2
ODIN [28] 62.85/58.92 74.44/76.61 31.2 o o ATATRY
Mahalanobis [26 55.74/47.69 85.71/88.05 31.2 NNNE pedestrian 88% :
Crammanes 3] 6093/7755 7453/5938 312 OODedestrian 95%_ « I8 P°°° T2028"" pedestipedestrian, caestri
Energy score [30] 60.06/54.97  77.48/79.60 31.2 T
Generalized ODIN [16] 57.27/50.17 85.22/87.18 31.8
CSI [42] 47.10/37.06  84.09/87.99 30.6
GAN-synthesis [25] 57.03/50.61 78.82/81.25 314
VOS (Baseline) [7] 4427/35.54 86.87/88.52 31.3
SR-VAE 32.23/21.81 90.69/93.55 31.5

Table 1. The performance (%) of unsupervised OOD-OD. All
methods are trained based on ID data and do not use any auxil-
iary data. 1 denotes larger values are better and | denotes smaller
values are better. We can see that our method outperforms the
comparison methods significantly.
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Experiments

10 + 10 setting |aer0 cycle bird boat bottle bus car cat chair cow table dog horse bike person plant sheep sofa train tv |mAP
Faster ILOD (50) [32]]72.8 75.7 71.2 60.5 61.7 704 833 76.6 53.1 723 36.7 70.9 66.8 67.6 66.1 247 63.1 48.1 57.1 43.6| 62.2
ORE (50) [1Y] 63.5 709 589 429 341 76.2 80.7 76.3 34.1 66.1 56.1 70.4 80.2 723 81.8 427 71.6 68.1 77 67.7| 64.6
OW-DETR (50)[10] |61.8 69.1 67.8 45.8 473 783 784 786 36.2 71.5 575 753 762 774 79.5 40.1 66.8 66.3 75.6 64.1| 65.7
ROSETTA (50) [45] |74.2 762 649 544 574 76.1 844 688 524 67.0 629 633 798 728 78.1 40.1 623 61.2 724 66.8| 66.8
iOD (50) [22] 76.0 74.6 675 559 57.6 75.1 854 77.0 437 70.8 60.1 66.4 76.0 72.6 74.6 39.7 640 60.2 68.5 60.5| 66.3
iOD + Ours (50) 759 752 68.8 553 555 77.7 85.6 793 494 782 61.0 753 814 745 793 438 725 67.0 70.2 65.7| 69.6
iOD (75) [22] 39.0 36.5 284 194 242 472 56.7 41.0 19.1 48.0 21.1 32.1 43.0 363 40.0 14.8 40.1 365 37.3 453|353
i0OD + Ours (75) 43.6 41.0 313 249 298 554 60.8 44.1 224 467 295 323 356 383 357 15.1 469 34.6 379 46.7| 37.6
15 + 5 setting |aero cycle bird boat bottle bus car cat chair cow table dog horse bike person plant sheep sofa train tv |mAP
Faster [LOD (50) [32]]66.5 78.1 71.8 54.6 614 684 826 827 52.1 743 63.1 78.6 805 784 804 36.7 61.7 593 679 59.1| 679
ORE (50) [1Y] 754 81.0 67.1 51.9 557 77.2 85.6 81.7 46.1 76.2 554 76.7 862 785 82.1 32.8 63.6 547 771.7 646|685
OW-DETR (50) [10] |77.1 76.5 69.2 51.3 613 79.8 84.2 81.0 49.7 79.6 58.1 79.0 83.1 67.8 854 332 651 62.0 739 65.0| 69.4
ROSETTA (50) [45] |76.5 77.5 65.1 56.0 60.0 78.3 85.5 78.7 49.5 68.2 674 71.2 839 757 82.0 430 60.6 64.1 72.8 67.4| 69.2
iOD (50) [22] 78.4 79.7 669 548 562 77.7 84.6 79.1 47.7 75.0 61.8 747 81.6 775 80.2 37.8 58.0 54.6 73.0 56.1| 67.8
iOD + Ours (50) 78.3 803 70.5 51.6 602 79.4 859 762 525 794 652 81.8 837 76.1 779 41.1 62.8 63.8 72.6 67.9| 70.4
i0OD (75) [22] 40.7 40.9 28.7 19.1 238 61.6 56.1 38.8 236 47.5 187 40.1 402 415 398 9.1 40.6 324 419 47.6/| 36.6
iOD + Ours (75) 444 445 365 21.2 27.6 555 63.7 39.8 249 503 272 41.6 479 439 414 113 39.1 38.6 43.1 485( 39.5
19 + 1 setting |aer0 cycle bird boat bottle bus car cat chair cow table dog horse bike person plant sheep sofa train tv |mAP
Faster [LOD (50) [32]|64.2 747 73.2 55.5 53.7 70.8 829 82.6 51.6 79.7 587 788 818 753 774 43.1 73.8 61.7 69.8 61.1| 68.6
ORE (50) [1Y] 67.3 76.8 60.0 484 588 81.1 86.5 75.8 41.5 79.6 546 72.8 859 81.7 824 448 758 682 75.7 60.1| 68.9
OW-DETR (50) [10] |70.5 77.2 73.8 54.0 55.6 79.0 80.8 80.6 43.2 804 535 77.5 895 820 747 433 719 666 794 62.0| 70.2
ROSETTA (50) [45] |75.3 77.9 653 562 553 79.6 84.6 729 492 73.7 683 71.0 789 77.7 80.7 44.0 69.6 68.5 76.1 68.3| 69.6
iOD (50) [22] 782 775 694 55.0 56.0 784 842 792 46.6 79.0 63.2 785 827 79.1 799 44.1 732 663 764 57.6|70.2
iOD + Ours (50) 76.6 835 747 57.0 58.0 77.0 85.6 825 51.5 827 614 81.6 829 798 77.6 474 747 684 741 59.0| 71.8
i0OD (75) [22] 359 447 316 224 269 52.0 56.5 38.7 21.6 484 212 359 379 307 387 17.2 385 342 40.7 46.6| 36.0
iOD + Ours (75) 36.4 45.1 36.1 18.0 289 532 622 385 253 55.1 274 46.8 459 429 403 209 50.8 37.0 444 47.1| 40.1

Table 3. Performance (%) analysis of class-incremental object detection. ‘iOD + Ours’ indicates that our method is plugged into 10D [27].
Here, *50° and ‘75’ separately represent that the mAP metric is calculated when the IOU threshold is set to 0.5 and 0.75.
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