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Out-of-Distribution (OOD) Detection:

OQOD detection aims at accurately identifying OOD data from different distributions while also

accurately classifying in-distribution (ID) data.
Long-tailed Recognition (LTR) :

Long-tailed Recognition means that training 1D data is imbalance across different classes, but test ID

data is balanced.

Test time adaptation (TTA) :

TTA focuses on utilizing test data during the inference stage to improve the model performance,

without accessing the training data.

Beihang University B RS

A 17

PAN
=



e J 1)

Wy U Sy,

7 SM 2* " NEURAL INFORMATION
A *%1., PROCESSING SYSTEMS

SINGAPORE MANAGEMENT 7}"{:
UNIVERSITY 0o

I Background

OOQOD detection in LTR is to learn a classifier that for any test data:
> if it drawn from ID data (from either head or tail classes), then this classifier can classify it into the correct ID class;

> ifitis drawn from OOD data, then this classifier can detect it as OOD data.

TTA for OOD detection in LTR is to online update the above pre-trained classifier with test data during the inference

stage:

» For any unlabeled single test sample, utilizing pre-trained classifier to predict whether it belongs to ID or OOD data
at the current iteration, then using the predicted label and the test sample to update the classifier.

» At the next iteration, the updated classifier is used to identify a new test sample and continuously update the

classifier. Notably, each sample can only be seen by the classifier once during inference.
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I Challenges

One notorious challenge in OOD detection is the lack of ground-truth information on OOD samples, as they can
be drawn from any unknown distribution. One popular solution to tackle this challenge is to use samples from
external datasets as outliers to train OOD detectors, assuming that the distribution of the outliers is well aligned

with that of the true OOD samples in the target data.

» However, the outliers often present a distribution shift compared to the true OOD samples, especially in
LTR scenarios. The true OOD samples exhibit very different probability distribution to the head and tailed

ID classes from the outliers.
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We introduce a novel AdaptOD approach to tackle the distribution shift problem.

Class-wise Loss
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Sample-wise Loss

AdaptOD consists of two components, namely Dynamic Outlier Distribution Adaptation (DODA) and Dual-

Normalized Energy Loss (DNE).
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DODA builds upon a vanilla outlier distribution and performs test time adaptation to dynamically adapt the this
distribution to the true OOD distribution with the OOD knowledge obtained at testing time, and further use it
to calibrate the prediction output of test samples at the inference stage. By contrast, DODA focuses on the

calibration of the outlier distribution, effectively eliminating the retraining or memory overheads.
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DNE is designed to perform class- and sample-wise normalized energy training, which enforces more balanced
prediction energy for imbalanced ID samples, enabling the learning of largely enhanced vanilla outlier distribution
for more effective DODA. This guarantees a better starting point for the outlier distribution adaptation and the
accuracy of the predicted OOD samples at testing time in DODA, and thus yielding substantially better aligned

outlier distribution. It also provides stable energy margins, eliminating the need of manual tuning of these margins.
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Table 2: Comparison to different long-tailed OOD detection methods.

Method 1D Dataset: CIFAR10-LT ID Dataset: CIFAR100-LT
AUCT AP-inT AP-outf FPR| ACC? | AUCT AP-inT AP-out] FPR] ACCT
OE[12] '89.76 89.45 8722 5319 7359 | 7352 75.06 6727 8630 23942
EnergyOE [24] 9192 91.03 9197 3380 74.57 7640 7732 7224 7633 41.32
PASCL [40] 9099 90.56 8924 4290 77.08 | 7332 7484  67.18 7938 43.10
EAT [45] 92.87 91.76 9240 3242 8131 7545 7602 7087 7783 4623
Class Prior [17) 9208 91.17 9086 3442 7433 | 76.03 7731 7226 7643 40.77
Table 1: Comparison of AdaptOD with EnergyOE and COCL on six OOD datasets. BERL [4] 9256 9141 9194 3283 8137 | 77.75 7861  73.10 7486 4588
00D Metiod ID Dataset: CIFAR10-LT ID Dataset: CIFAR100-LT SOCL [30] 9328 9224 92.89 30.88 81.56 | 78.25 79.37 7358 7409 4641
Dataset AUCT AP-nl AP-outi FPR] | AUCT AP-inf AP-out} FPR] OE [12]+DODA(Ours) 0162 9055 89.39 49.02 7359 | 7546 77.14 69.88 83.67 39.42
Energy()E [}” 95.53 97.42 02.03 18.44 | 79.56 86.03 70.88 79.45 EncrgyOE !14 I+DODA(0I!I'S) 93.36 92.17 9297 30.82 7457 | 79.40 80.89 76.54 72.63 41.32
Texture [5] COCL [30] 9681 9821 9386 1465 | 81.99 8805 7438 59.79 BERL[;;]+DODA(Ours) 9377 9262 9315 2941 8137 | 7945 8115 7552 7051 4588
AdaptOD(Ours) | 9822 9881 9491 1160 8388 8943 7647 5847 COCL30HDODA(Ours) | 93.89 D306 9333 2925 8196 | 981 8136 72.95 70.14 464l
EnermyOE[21] | 9663 9233 08.46 1437 | 8619 8142 9174 3436 AdaptOD(Ours) 94.69 9389 9412 2726 8227 8193 8309 7783 6737 4791
SVHN [31] COCL [30] 9698 9325 9861 1259 | 89.20 8157 9421  54.46
AdaptOD(Ours) | 98.13  94.34 99.11 10,33 | 93.09 91.32 96.86 17.63 X . .
EnergyOE [21] | 8444 8574 8463 6173 | 6115 67.12 5666 9142 Table 3: Companson to different TTA-based OOD detection methods.
CIFAR [19] COCL [30] 86.63 86.66 8628 5221 | 62.05 66.14 5682  93.88 Training TTA | ID Dataset: CIFARIO-LT ID Dataset: CIFAR100-LT
Method Method AUCT AP-inf  AP-outf  FPR| AUCT AP-inf  AP-outf FPR|

AdaptOD(Ours) | 89.05 89.93 88.22 4551 | 72.77 76.37 70.58  86.04
EnergyOE [24] | 88.40  91.65 84.95 4623 | 70.78  79.40 5590  90.74

wlo TTA 89.76:0 89.45:056 87.22+06 5319100 | 7352400 75.06:0% 6727105 86.30+092
AUTO [49] 90.49:0% 89.83:0s52 87.45:0x 5263104 | 739310 75.98+0m  67. 74106 85.7141m

TN 1a0] COCL[30) | 9043 9232 703 4612 | 7Le7 8189 5742 8393 OE[1Z]  AdaODD [56] | 90.89:02s 90174051 87.8840s S1ddsoss | 74674om 7653400 67.89:0m 8534400
AdaptOD(Ours) | 91.40 9385  88.18 4277 | 72.87 82.06  58.92 88.24 DODA(Ours) | 91.62:01 905508 89.3910ss 49.02:04 | 7546:0m 7714005 69.88:0m 83.67:0s

EnergyOE [24] | 94.00 9478 9370 2842 | 8L.61 8657  69.16  80.57 WO TTA | 91.92:0m 91032055 91.97:06  33.80:05 | 76.40:0m 7732205 72.2d%00  76.334108

LSUN [51] COCL [30] 9485 9543 93.98 2748 | 84.10 89.89 69.80 74.67 EnerevOE [24 AUTO [49] 9248105 914341055 9244100 31.99:030 | 77.65:1m  T8.11106: T4 18:0m  74.66+09
AdaptOD(Ours) | 96.16  96.84 9586 24.12 | 8570 90.55 7270  70.20 nergYOE 23] 2 4a0DD [56] | 9228103 91.63:as 9173snss 3283:as | 77.6Ts0w 784Tsam 74.05:0m 748620

EnergyOE [24] 92.51 84.26 97.14 33.63 | 79.12 6338 89.09 81.43 DODA(Ours) | 933620 92.17:0s3 92.97:0m  30.82:0s1 | 79.40:00  80.89:08: 76.54:061 72.63:00:

Place365 [58] COCL [30] 9397 87.36 97.56 3225 | 80.30 68.65 89.16 77.83 wio TTA 92.5640a 91.41:axs 9194508 32831038 | 77.75:0m  78.61:0s  73.1040m  T4.8611m
AdﬂptOD(Olll'S) 95.19 89.56 98.44 2922 | 83.27 68.82 91.44 71.63 BERL [4] AUTO [49] 9241400 91.73:056 924210 31.91:036 | 77.99:075 78501088 73504080 74.03:10m

AdaODD [56] | 9268102 91.79:0s:  92.20:060 31.4li0s | 7826209 7894:0m 73.6ls01  73.764112

DODA(Ours) | 93.77:00  92.62:051 93.15:0m  29.41:0: | 7945508 81.15:0m  75.52:06  70.51:00

wlo TTA 9328000 92.24:0m  92.89:0m 30.88:06 | 78.25:090 79.37:06s  73.58:01  74.09:0xs

COCL [30] AUTO [49] 93.62:04  92.74:08s 93.10:08 304100 | 78.85:00 79991072 74.01:0s  72.75:00s

AdaODD [56] | 93.48:02 92601086 93.05:0s1 3079203 | 79.07:0m  80.00:000 74.60:08  73.09:00
DODA(Ours) | 938903 93.06:056 93.39:01  29.25:0m | 798100 81.26:05 75.9350m 7014300

wlo TTA 9277048 921810 92.62:060 31.48:036 | 77925005 7897100 739208 74441090
DNE AUTO [49] | 9289104 92.69:086 92.25:0@ 30.85:06 | 7936500 80.19:065 T4.81:0s 72104100
(Ours) AdaODD [56] | 93.39:046 92271060 9292408  30.78:0ss | 80.26:081  81.72106 7562108  71.96:1098
DODA(Ours)  94.69:022 93.89:068 941210 27.26:049 | 81.93:01  83.09:06¢ 77.83:076 67.37 098
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Table 5: Ablation study results on CIFAR10-LT, CIFAR100-LT and ImageNet-LT.

ID Dataset: CIFAR10-LT ID Dataset: CIFAR100-LT ID Dataset: ImageNet-LT

POPA. DG DNES AUC?T AP-inT AP-out? FPR| | AUCT AP-inf AP-out? FPR, | AUCT AP-inT AP-outf FPR]
Baseline (EnergyOE [24]) | 9192 91.03  91.97 3380 | 7640 7732 7224 7633 | 6943 4512 8475 7689
X x X 8033 8146 77.02 7871 6742 6829 6386 8544 | 5833 3840 7761 89.73
v/ X X 9263 9205 9246 3017 | 78.10 8022 7417 7165 | 71.71 4599 8637 7431
X v/ X 9212 9154 9233 3185 | 7689 7794 7276 7497 | 71.11 4559 8577 76.83
X X / 9198 9136 91.92 3244 | 7653 7746 7255 7462 | 7055 4536 8495 77.02
X v/ v/ 9277 9218 9262 3148 | 7792 7897 7392 7444 | 7204 4653  86.06 7582
v/ v X 9381 9332 9353 2869 80.07 8213 7573 6864 | 73.14 4761  87.19 7367
% X v/ 9349 9298 9302 2952 7976 81.89 7531 69.19 | 7276 4732 8683 7448
7 v 1S 94.69 9389 94.12 2726 81.93 83.09 7783 6737 7432 49.02 88.63 7291

Oracle Model 9533 9475 0496 2502 83.60 8509 7885 6537 | 75.84 5020 8997 70.71

83
81
79
®)
77
<
75 —— AUTO
- AdaOOD
~——— AdaptOD (Ours)
7V 0% 20% 40% 60% 80% 100%
00D Samples

Figure 3: The average performance over six
0OOD datasets on CIFAR100-LT with an in-
creasing percentage of true OOD samples fed
to TTA methods.

R
N
RIS
B
b}
CT\
op

Beihang University



- O AR
i BSOS o,
I A SM' | 3* " NEURAL INFORMATION
A *%1.. PROCESSING SYSTEMS

SINGAPORE MANAGEMENT 7}"{:
UNIVERSITY 0o

I Conclusion

» We propose the novel approach AdaptOD to address the distribution shift problem in long-tailed OOD
detection, which is the first approach for adapting the outlier distribution to the true OOD distribution from
both the training and inference stages.

» AdaptOD utilizes dual-normalized energy loss (DNE) to learn balanced prediction energy on imbalanced ID
samples and enhanced vanilla outlier distribution, then uses adynamic outlier distribution adaptation
(DODA) to adapt the outlier distribution to the true OOD distribution.

» Experiments on three popular benchmarks demonstrated that AdaptOD significantly enhances the

performance of both OOD detection and long-tailed classification.
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