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Appendix

The official website of CODA is at https://coda-dataset.github.io, where
we have released 1000 of the 1500 annotated scenes of CODA. The remaining
500 scenes are reserved for the corner case challenge in the SSLAD workshop5

of ECCV 2022, and will be released after the challenge.

As a continued effort, CODA is further extended by 8711 additional scenes
with more than 28k new corner cases during the reviewing and publishing process
of this paper. The extension will also be made fully available after the ECCV
challenge. Please stay tuned!

A Supplementary implementation details

A.1 Closed-world detectors

We re-implement the closed-world detectors in Tab. 2 of the main paper follow-
ing the default configurations in MMDetection [2] if the corresponding official
checkpoints6 are not publicly available. Detectors are by default trained for 12
epochs (1x) on BDD100K and Waymo, while for 24 epochs (2x) on SODA10M,
except Deformable DETR and Sparse R-CNN, which are trained for 100 epochs
on SODA10M training set, due to the limited labeled data size of SODA10M
and data-hungry property of the Transformer layers.

⋆ Equal contribution.
† Corresponding author at honglanqing@huawei.com.
5 https://ssladcompetition.github.io/
6 SODA10M: https://soda-2d.github.io/ & BDD100K: https://github.com/

SysCV/bdd100k-models/
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A.2 ORE

The experiments are conducted using the released code7 of the original paper [7],
without incremental learning. We use the training set of SODA10M [4] for train-
ing; the validation set of SODA10M and the whole CODA for fitting the energy
distributions; the test set of SODA10M and the whole CODA for testing. The
backbone of the network is ResNet-50 [6], and the whole network is trained for
24 epochs with a batch size of 8 under a learning rate of 0.02. More efficient
training methods (e.g ., sparse training [18]) are potential solutions for better
generalization, which will be explored in the future.

A.3 Anomaly detection

We utilize the segmentation model and GAN pre-trained on Cityscapes dataset [3]
in method synthesize then compare during the test procedure. We crop the gener-
ated fake images and the original images according to the top-ranking bounding
box proposals obtained from RPN, then we compare the cropped images by
pixel-wise cosine similarity as illustrated in the paper and get the detection re-
sult according to the similarity rankings. As to memory-based OOD detection,
we utilize the feature map of common ground truth and some conventional back-
ground (vegetation, sky, and pure black) extracted from ResNet-152 [6] as the
memory bank. Likewise, We then compare the feature map extracted from off-
the-shelf ResNet-152 of the top-ranking bounding boxes from RPN with the
memory bank to filter out the anomaly detection results. More advanced OOD
detection methods [16,17] will be explored in the future.

B Supplementary ablation studies on COPG

We conduct ablation studies on COPG by tuning its components one at a time.
The experiment is conducted on CODA-ONCE whose final ground truths are
utilized to compute the AP and AR (under COCO [9] protocol) of the output
proposals of the modified COPGs. The results are shown in Tab. 1-3 below,
where the bold hyperparameters are the ones in effect. The number of propos-
als (#Proposals) and the number of scenes (#Scenes) containing at least one
proposal are also reported.

C Supplementary discussion on potential negative
societal impact

CODA has no potential negative societal impact since it is constructed totally
based on publicly available datasets with delicate privacy protection. For ex-
ample, all objects containing personal information (e.g ., human faces, license
plates) are blurred in ONCE [11].

7 https://github.com/JosephKJ/OWOD

https://github.com/JosephKJ/OWOD
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Table 1. Ablation study on point-cloud clustering. The min. θ controls the minimum
tolerance of the angle between two points being assigned to the same object (see Fig. 6
of the main paper). The cluster size controls the minimum tolerance to the number
of points of a cluster being considered as a non-trivial object. The max. dist. controls
the maximum tolerance to the distance from the nearest point of a cluster to the lidar
sensor.

Min. θ AP AR #Proposals #Scenes

4◦ 1.3 3.1 1039 763
8◦ 2.0 5.1 1522 1040
12◦ 1.9 5.0 1620 1000
16◦ 1.7 4.7 1652 965

Cluster size AP AR #Proposals #Scenes

5 2.0 5.1 1522 1040
10 2.0 5.1 1522 1040
20 2.0 5.1 1513 1038

Max. dist. AP AR #Proposals #Scenes

25 1.8 4.5 1336 935
50 2.0 5.1 1522 1040
100 1.9 5.1 1548 1040

Table 2. Ablation study on background removal. The background (BG) ratio controls
the maximum tolerance to the ratio of the proposal area overlapped with the back-
ground regions.

BG ratio AP AR #Proposals #Scenes

0.15 0.4 1.1 412 308
0.30 1.0 2.6 834 614
0.45 2.0 5.1 1522 1040
0.60 2.0 5.6 1834 1055
0.75 1.8 6.1 2315 1056

Table 3. Ablation study on common-class suppression. The IoU threshold controls the
maximum tolerance to the IoU between every proposal and each detected common-class
object.

IoU AP AR #Proposals #Scenes

0.00 1.2 2.7 834 643
0.25 2.0 5.1 1522 1040
0.50 1.8 5.2 1660 1041
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D Supplementary benchmark results

Table 4. Detection results (%) on our CODA-ONCE dataset. The dramatic perfor-
mance decrease still maintains, but compared with Tab. 2 of the main paper, we observe
a decrease for the reported AR values of all detectors, suggesting that CODA-ONCE
constructed with our automatic corner case proposal generation COPG in Sec. 4.2 of
the main paper is the most challenging subset of CODA.

CODA-ONCE CORNER COMMON NOVEL

Method Dataset AR∗ AR50 AR75 AR10 AR∗ AR50 AR75 AR10 AR∗ AR50 AR75 AR10

RetinaNet [8] 9.6 21.8 7.0 3.0 29.8 59.8 24.5 24.8 - - - -
Faster R-CNN [12] 4.0 8.5 3.4 2.3 23.3 44.3 19.6 22.5 - - - -
Cascade R-CNN [1] 5.6 11.4 4.9 2.9 27.2 46.0 30.7 25.3 - - - -
Deformable DETR [19] 6.1 13.0 5.3 2.7 36.8 63.9 40.0 31.2 - - - -
Sparse R-CNN [14] SODA10M 4.4 9.2 3.7 2.1 26.3 44.5 25.5 22.7 - - - -
Cascade Swin [10] [4] 5.5 11.3 4.8 2.9 31.2 49.1 35.5 30.0 - - - -
RPN (Faster) [12] 5.1 11.3 4.0 1.3 - - - - - - - -
RPN (Cascade) [1] 4.8 11.4 3.5 1.3 - - - - - - - -
ORE [7] 5.3 11.5 4.4 2.8 19.2 36.8 17.1 18.6 2.0 4.8 1.6 1.7

RetinaNet [8] 10.2 19.4 9.1 2.6 30.1 63.7 23.3 25.8 7.3 14.1 6.6 3.8
Faster R-CNN [12] 7.8 15.1 7.4 2.3 26.8 51.8 23.2 24.3 5.5 10.7 5.2 4.1
Cascade R-CNN [1] 7.7 14.6 6.9 2.4 26.7 48.8 24.0 24.6 5.7 10.5 5.1 4.3
Deformable DETR [19] BDD100K 7.8 18.4 5.6 1.9 30.9 67.8 24.4 28.5 5.8 13.4 4.2 3.0
Sparse R-CNN [14] [15] 7.6 15.4 6.7 2.6 30.3 56.0 28.8 26.9 5.9 12.0 5.3 3.4
Cascade Swin [10] 7.2 13.3 6.8 2.9 32.9 57.0 33.0 31.3 5.3 9.9 5.0 4.5
RPN (Faster) [12] 7.9 16.1 7.0 1.6 - - - - - - - -
RPN (Cascade) [1] 7.7 15.8 6.9 1.8 - - - - - - - -

RetinaNet [8] 5.4 11.1 4.5 2.2 26.1 45.0 27.0 23.9 3.0 6.1 2.7 1.4
Faster R-CNN [12] 4.1 8.3 3.5 2.1 22.9 38.9 21.9 20.8 2.3 4.9 2.0 1.4
Cascade R-CNN [1] 3.8 7.1 3.6 2.2 20.0 34.1 21.8 18.7 2.2 3.8 2.2 1.5
Deformable DETR [19] Waymo 5.5 11.4 4.6 1.9 30.8 52.9 26.8 24.0 3.1 6.5 2.8 1.1
Sparse R-CNN [14] [13] 7.3 14.6 6.4 2.1 32.4 55.4 30.0 23.9 4.2 8.6 3.8 1.4
Cascade Swin [10] 2.5 4.4 2.4 1.8 23.5 41.1 20.7 23.0 1.2 2.0 1.2 0.8
RPN (Faster) [12] 4.6 9.4 4.3 1.5 - - - - - - - -
RPN (Cascade) [1] 4.3 9.2 3.6 1.6 - - - - - - - -
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Table 5. More detection results(%) on our CODA-ONCE dataset. ARs, ARm and
ARl are the average recall for small, medium and large objects respectively, following
COCO definition [9], while AR1 represents the average recall when only one object
prediction is allowed for each image. Here ARs is also marked as “-”, since no small
corner cases of common classes are collected in CODA-ONCE subset.

CODA-ONCE CORNER COMMON NOVEL

Method Dataset ARs ARm ARl AR1 ARs ARm ARl AR1 ARs ARm ARl AR1

RetinaNet [8] 3.8 2.9 19.4 0.2 - 0.0 33.4 4.7 - - - -
Faster R-CNN [12] 0.6 1.0 8.5 0.2 - 0.0 26.0 3.7 - - - -
Cascade R-CNN [1] 1.0 1.5 11.9 0.2 - 0.0 30.8 4.9 - - - -
Deformable DETR [19] 0.7 1.9 12.6 0.2 - 1.1 42.3 6.1 - - - -
Sparse R-CNN [14] SODA10M 1.3 1.6 8.6 0.3 - 3.3 28.6 7.2 - - - -
Cascade Swin [10] [5] 1.1 1.5 11.5 0.2 - 0.0 35.8 3.9 - - - -
RPN (Faster) [12] 2.2 1.5 10.3 0.3 - - - - - - - -
RPN (Cascade) [1] 3.6 1.5 9.3 0.3 - - - - - - - -
ORE [7] 1.6 1.9 10.4 0.3 - 1.7 21.1 5.3 0.5 0.6 4.4 0.4

RetinaNet [8] 2.2 4.4 19.2 0.2 - 9.2 33.1 5.9 1.1 3.4 13.9 0.6
Faster R-CNN [12] 1.3 2.6 15.9 0.1 - 17.2 29.3 4.7 0.4 2.2 11.2 0.5
Cascade R-CNN [1] 1.7 2.6 15.5 0.1 - 12.5 30.4 5.4 0.8 2.2 11.5 0.6
Deformable DETR [19] BDD100K 1.3 3.6 14.5 0.1 - 18.9 33.1 7.2 1.0 3.0 10.8 0.4
Sparse R-CNN [14] [15] 1.7 3.3 14.2 0.2 - 4.4 34.3 5.4 1.3 2.9 11.0 0.5
Cascade Swin [10] 1.3 2.4 14.5 0.3 - 27.5 37.3 9.6 0.7 2.0 10.8 0.8
RPN (Faster) [12] 2.2 3.0 15.3 0.2 - - - - - - - -
RPN (Cascade) [1] 1.9 2.9 14.9 0.2 - - - - - - - -

RetinaNet [8] 5.4 11.1 4.5 2.2 26.1 45.0 27.0 23.9 3.0 6.1 2.7 1.4
Faster R-CNN [12] 4.1 8.3 3.5 2.1 22.9 38.9 21.9 20.8 2.3 4.9 2.0 1.4
Cascade R-CNN [1] 3.8 7.1 3.6 2.2 20.0 34.1 21.8 18.7 2.2 3.8 2.2 1.5
Deformable DETR [19] Waymo 5.5 11.4 4.6 1.9 30.8 52.9 26.8 24.0 3.1 6.5 2.8 1.1
Sparse R-CNN [14] [13] 7.3 14.6 6.4 2.1 32.4 55.4 30.0 23.9 4.2 8.6 3.8 1.4
Cascade Swin [10] 2.5 4.4 2.4 1.8 23.5 41.1 20.7 23.0 1.2 2.0 1.2 0.8
RPN (Faster) [12] 4.6 9.4 4.3 1.5 - - - - - - - -
RPN (Cascade) [1] 4.3 9.2 3.6 1.6 - - - - - - - -
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Table 6. More detection results(%) on our CODA dataset. ARs, ARm and ARl are
the average recall for small, medium and large objects respectively, following COCO
definition [9], while AR1 represents the average recall when only one object prediction
is allowed for each image.

CODA CORNER COMMON NOVEL

Method Dataset ARs ARm ARl AR1 ARs ARm ARl AR1 ARs ARm ARl AR1

RetinaNet [8] 5.6 6.5 20.6 0.2 40.0 1.3 31.8 5.0 - - - -
Faster R-CNN [12] 2.7 4.6 10.8 0.2 60.0 4.7 24.8 5.6 - - - -
Cascade R-CNN [1] 3.3 5.1 13.7 0.2 60.0 4.7 28.6 6.2 - - - -
Deformable DETR [19] 1.9 3.5 13.6 0.2 0.0 6.7 38.8 6.5 - - - -
Sparse R-CNN [14] SODA10M 1.7 4.4 10.2 0.5 70.0 5.3 27.2 8.3 - - - -
Cascade Swin [10] [4] 3.3 5.3 13.2 0.3 50.0 4.0 33.7 4.7 - - - -
RPN (Faster) [12] 5.1 5.7 11.9 0.6 - - - - - - - -
RPN (Cascade) [1] 4.8 5.3 11.6 0.5 - - - - - - - -
ORE [7] 4.0 5.5 13.0 0.3 0.0 1.3 20.2 5.5 1.4 1.9 5.9 2.9

RetinaNet [8] 4.1 8.3 21.0 0.1 0.0 7.7 30.1 5.4 3.1 6.5 15.9 1.2
Faster R-CNN [12] 3.4 6.6 17.8 0.1 10.0 15.7 26.3 4.3 2.2 4.4 12.3 0.9
Cascade R-CNN [1] 3.3 6.6 17.2 0.1 60.0 15.0 27.5 5.8 1.7 4.1 12.3 1.1
Deformable DETR [19] BDD100K 2.1 5.4 15.5 0.1 0.0 17.7 29.9 7.1 1.7 4.4 12.0 0.5
Sparse R-CNN [14] [15] 3.2 6.6 15.6 0.2 0.0 4.0 30.7 4.9 2.8 5.7 12.7 1.1
Cascade Swin [10] 3.4 6.3 16.4 0.2 0.0 27.0 35.5 9.8 2.0 3.9 11.4 1.6
RPN (Faster) [12] 4.3 6.9 17.2 0.5 - - - - - - - -
RPN (Cascade) [1] 3.8 6.9 17.1 0.4 - - - - - - - -

RetinaNet [8] 1.2 5.6 14.0 0.2 30.0 4.0 27.1 4.5 0.6 4.8 10.9 0.0
Faster R-CNN [12] 1.1 4.5 11.3 0.2 0.0 50.0 23.5 4.2 0.7 4.1 8.6 0.1
Cascade R-CNN [1] 1.2 4.5 10.8 0.1 0.0 10.0 20.5 3.7 0.6 4.2 8.2 0.1
Deformable DETR [19] Waymo 2.1 4.9 11.7 0.2 0.0 8.0 30.8 2.6 1.2 3.8 8.3 0.1
Sparse R-CNN [14] [13] 3.3 7.5 15.2 0.4 0.0 4.0 33.2 4.7 2.4 5.8 11.6 0.3
Cascade Swin [10] 0.3 3.7 8.8 0.3 0.0 8.3 24.5 2.8 0.2 3.5 6.4 0.2
RPN (Faster) [12] 1.3 5.1 12.3 0.5 - - - - - - - -
RPN (Cascade) [1] 1.0 5.0 12.3 0.4 - - - - - - - -
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E COPG examples

Fig. 1. Examples of COPG step-by-step proposals and final annotations. In each stack,
the images from top to bottom correspond to the steps indicated in Fig. 5 of the main
paper: (b) camera image, (e) initial proposal, (f) intermediate proposal, and (g) final
proposal. The last row is the result after manual labeling. Best viewed with color and
zoom in.
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