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INTRODUCTION |

Dense Out-of-Distribution (OOD) Detection:

* Goal: Generate pixel-wise identification of unknown objects.

 Assumption: Training and testing data share similar domain.
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In real-world situations, domain shift often exists and

significantly affects the performance of existing OOD

detection models.
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We Study Dense OOD Detection with Domain Shift

e Strategy: Adapt OOD detection models during test.
* Challenges: Apply existing test-time adaptation (TTA)
techniques could:
* Impair OOD detection performance on images from seen
domains.
* Indiscriminately reduce uncertainty of unknown classes.
 Main Idea: A dual-level test-time adaptation framework that
* Simultaneously detects two types of distribution shift;

 Performs online model adaptation in a selective manner.
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e ATTA? Anomaly-aware Test-Time Adaptation

Anomaly-aware Test-Time Adaptation (ATTA)

e Setting: During testing, an image (or a batch) sequentially arrives, and our goal is to update the

model parameters for each batch and produce anomaly-aware semantic segmentation outputs.
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A. Selective Batch Normalization (SBN)

Goal: Determines the existence of domain -

shift in the image and compensate for the

input distribution deviation.
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B. Anomaly-aware Self-Training (AST)

Goal: Further enhance OOD detection and
closed-set prediction.

* Overall Objective: Promote the confidence

considering image-level stat.

= of both the inlier and outlier predictions.
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* Training: update the final classification
block in an episodic manner.
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Simulated Domain-Shift Dataset

e Original FS Static dataset (white rows); FS Static -C dataset (gray rows).
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MSP [17] Entropy [24] Max logit [15] Energy [30] Meta-OOD [4] PEBAL [44] + Ours + TBN [36] + Tent [46]
AUC 1 92.36 93.14 95.66 95.90 97.56 99.61 99.66 99.25 99.04
70.85 71.23 74.13 74.02 78.34 67.63 99.21 08.96 08.93
AP 1 19.09 26.77 38.64 41.68 72.91 92.08 93.61 86.51 82.38
10.52 14.32 23.60 22.36 52.31 57.02 87.14 81.97 81.42
“PR 23.99 23.31 18.26 17.78 13.57 1.52 1.15 2.33 4.09
95 100.0 100.00 89.94 89.94 100.0 97.17 2.94 4.26 4.43
Existing Dense OOD Detection Benchmarks
 Road Anomaly (high domain shift), FS LostAndFound, FS Static .
Method OoD Road Anomaly FS LostAndFound FS Static
0ds Data | AUCT AP1 FPRys] | AUCT APt FPRgs | | AUCT AP1T FPRys |
MSP [17] X | 6753 1572 7138 | 8929 459  40.59 | 9236 19.09  23.99
Entropy [24] X | 6880 1697 71.10 | 90.82 1036 4034 | 93.14 2677 2331
Mahalanobis [26] | X | 62.85 1437 81.09 | 96.75 56.57 1124 | 96.76 2737  11.7
Meta-QoD [4] v - - - 93.06 4131 37.69 | 9756 7291  13.57
Synboost [10] v | 8191 3821 6475 | 9621 6058 31.02 | 9587 6644  25.59
DenseHybrid [14] v - - - 99.01 69.79 5.09 99.07 76.23 4.17
Max Logit [15] X | 7278 1898 7048 | 93.41 1459 4221 | 95.66 38.64  18.26
+ ATTA (Ours) - 76.60 2396 6349 | 9353 1739 40.69 | 9548 4123  20.89
Energy [30] X | 7335 1954 70.17 | 93.72 1605 4178 | 9590 41.68  17.78
+ ATTA (Ours) - 7741 2527 6257 | 9330 1747  43.32 96.0 41.84 17.63
PEBAL [44] v | 87.63 4510 4458 | 98.96 5881  4.76 99.61 92.08  1.52
+ ATTA (Ours) - 92.11 59.05 33,59 | 99.05 65.58  4.48 99.66 93.61 1.15
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Road Anomaly

 SMIYC Benchmark (high domain shift)

RoadAnomaly21 APt FPRgs | sloUt
PEBAL [44] 49.1 40.8 38.9
+ ATTA (Ours) 67.0 31.6 44.6
RoadObstacle21 APt FPRgs | sloU?T
PEBAL [44] 5.0 12.7 29.9
+ ATTA (Ours) 76.5 2.8 43.9

Ablation Study

Ablation of Two main modules.
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* Ablation of internal design of each module.

SBN AST AUCT AP?T FPRgs; | Train Batch Entropy Norm AUCtT APT FPRgs; |
X X 27 63 4510 44.58 X v anomaly-aware GMM  86.29 48.65 57.03
X v 88 72 48 11 43 66 v X anomaly—aware GMM 88.72 48.11 43.66
v X 90.84 55.81 37.48 v v seen-class only - 90.46  54.64 39.28
7 % 9211 5005 33.59 v v anomaly-aware z-score 91.25 56.65 36.33
v v anomaly-aware GMM  92.11 59.05 33.59
* Inference Time Analysis
Methods Direct Inference ATTA (Ours) ATTA (Ours) w/o SBN  Tent ODIN SynBoost Mahalanobis
Time (s) 1.2 2.7 1.5 5.1 0.2 3.0 224.2
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