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A APPENDIX

A.1 RELATED WORKS

A.1.1 OUT-OF-DISTRIBUTION DETECTION

Test-time OOD detection methods. Test-time OOD detection methods have the advantage of being
easy to use without modifying the training procedure and objective (Yang et al.L[2021)). The test-time
approaches do not require retraining the model, performs well, and is easy to implement in the real
world. Test-time OOD detection methods can be categorized into confidence-based, feature-based,
distance-based, gradient-based, pruning-based, and activation-based methods. Confidence-based
methods use the confidence score of a pre-trained classifier to detect OOD data. The underlying
assumption is that the ID data should receive a high confidence score, while the OOD data should
receive a low confidence score. MSP (Hendrycks & Gimpel, |2016) directly uses the maximum
SoftMax score to determine whether the test sample is an ID or OOD. ODIN (Liang et al., 2017)
improves the SoftMax score by perturbing the input and applying temperature scaling to the logits.
Energy (Liu et al.| 2020) demonstrates that the Energy score (i.e., logsumexp of logits) outperforms
the SoftMax score in distinguishing between ID and OOD data. Feature-based methods include
GRAM (Sastry & Oorel [2020) and SHE (Zhang et al.| [2023). GRAM computes the gram matrix
within the hidden layers. SHE uses the energy function defined in modern Hopfield networks.
Distance-based methods consider OOD data to be farther away from the training set than ID data.
Mahalanobis (Lee et al., 2018)) calculates the minimum Mahalanobis distance between the test data
and the class centroids of the training set as an OOD score. Gradient-based approaches (Huang et al.,
2021) uses gradient statistics to calculate OOD score. Pruning-based methods prunes the weights
of model to address overconfident prediction of OOD data. DICE (Sun & Li, [2022)) prunes the
weights of the classification layer to address overconfidence in the model’s prediction of OOD data.
Activation-based methods attempt to maximize the gap between ID and OOD data by truncating
abnormally low or high activations. ReAct (Sun et al., 2021) observes that OOD inputs trigger
abnormally high activations. BATS (Zhu et al., 2022 He et al.|[2024) exhibits efficacy by truncating
both abnormally low and abnormally high activations of each channel.

Training-time OOD detection methods. Unlike testing-time methods, training-time methods aim
to mitigate overconfident predictions for OOD data during the training period. According to whether
the OOD-supervised signals are used in the training process, training-time methods can be catego-
rized into OOD-free and OOD-needed methods. The representatives of OOD-free methods are (Wei
et al., |2022; [Lin et al.| 2021)). |Wei et al.| (2022) decoupled the influence of logits’ norm from the
training procedure by incorporating LogitNorm into the cross-entropy loss. |Lin et al.| (2021)) ex-
ploited intermediate classifier outputs for dynamic and efficient OOD inference. The OOD-needed
methods aim to calibrate the model by OOD-supervised signals (Ming et al., 2022} Katz-Samuels
et al., |2022; Du et al., [2022)).

A.1.2 SAMPLE SELECTION

Sample selection has emerged as a powerful technique for enhancing the efficiency and robust-
ness of deep learning model training. Current approaches typically prioritize instances based on
their informativeness (Alain et al.,|2015)), uniqueness (Shi et al.,|2021)), or confidence levels (Khim
et al., 2020), though these methods often incur significant computational overhead. Existing selec-
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Table 1: Comparison (FPR95]) on CIFAR-10 benchmark. All values are percentages.

Method | CIFAR-100 TIN Near-Avg | MNIST SVHM Texture Places365 Far-Avg

MSP 5270 £1.47 42.13+£226 4741£0.99 | 2533150 23.77+£486 2823+0.23 4083+1.74 29.54+191
MSP+UM 43.63+1.57 3449£222 39.06+1.76 | 31.55+1036 1343+1.72 2585+1.77 33.50+3.75 26.08+120
MSP+ours 3499+£0.97 2996+1.03 3247+1.00 | 1856+2.17 13.67+0.86 23.42+0.92 2948+1.05 21.28+0.75
Energy 67.57+0.98 56.21+224 61.89+148 | 2840+3.34 36.60+1138 4333+1.81 5294+1.80 40.32+3.99
Energy+UM 53.51+3.84 38.17+£321 4584+3.17 | 24.29+7.85 17.50 £8.53  3047+£6.06 29.67+5.18 2548277
Energy+ours | 38.53£0.69 29.61+0.82 34.07+0.61 | 11.54+1.38 1147 £2.53  23.12+0.58 2698+147 1828 +0.54
KNN 3744£0.75 29.68+0.80 33.56+0.73 | 20.18+098  20.19£272 21.34£0.56 28.73x1.00 22.61+1.21

KNN+UM 45.11+£237 38.65+323 4188+£279 | 20.00+0.68 24.09+442 3044+252 3439+345 2723+048
KNN-+ours 37.66 £0.58 30.61+0.64 34.14+0.59 | 15.89+245 18.56 £2.97 21.82+0.98 29.09+2.12 21.34+0.82

ReAct 64.95+3.63 54.60+256 59.78+3.10 | 36.84+7.29 36.47+9.09 37.99+540 4570+£2.64 39.25+4.36
ReAct+UM 5429+6.29 40.74+738 4752+6.73 | 29.30+£6.62 20.88+12.03 29.66+9.02 28.12+4.10 26.99+4.61
ReAct+ours 3875137 29.88+0.72 3431+0.86 | 13.15£246 12.67+322 23.17+046 2624+247 1881=%1.13

Relation 40.33+0.77 3292+134 36.62+092 | 23.03+1.11 20.99+3.11 23.60+0.82 3446+130 2552+1.36
Relation+UM | 47.41 £4.96 39.67 +3.33 43.54+538 | 2697+ 1.47 1798 +1.23 2423+1.11 3810%1.11 2682+1.24
Relation+ours | 41.67 £1.02 34.88+1.02 3828+0.99 | 19.73+291 1529201 23.63+x130 3696+2.73 23.90+0.97

Fdbd 38.90£0.79 2954128 3422+0.79 | 19.42+£043  2095+351 2128+093 27.94+0.73 22.40+1.30
Fdbd+UM 4039+£0.43 35.01x1.13 37.70£2.06 | 21.43+4.46 17.81£295 25.12+2.84 3284+1.89 2430+0093
Fdbd+ours 36.64+£036 28.62+1.16 32.63+0.60 | 17.82£2.25 1576 £2.82  2021£1.19 26.59+0.74 20.09 +0.84
Nci 5294 +1.89 4121£0.55 47.07+099 | 33.39+2.18 2397+3.63 2378+032 3628+1.05 29.35+1.56
Nci+UM 49.84+£3.06 43.58+3.59 4671331 | 32.19+1.69 1726 £2.06 2536+ 1.30 45.03£4.49 29.96+1.09
Nci+ours 4232+1.08 3620+1.76 3926+1.40 | 22.50+3.99 1602+ 132 2241+123 3512+128 24.01+0.92

Table 2: Comparison (AUROCT) on CIFAR-10 benchmark. All values are percentages.
Method CIFAR-100 TIN Near-Avg | MNIST SVHM Texture Places365 Far-Avg

MSP 87.25+£0.34 89.10+£0.38 83.18+0.34 | 91.88+£0.39 91.92+1.12 90.94£0.19 89.28+0.35 91.01+047
MSP+UM 86.97+0.30 89.00+0.60 87.98+0.45 | 89.90+3.59 9589+1.23 91.76+0.62 89.62+1.05 91.79+0.48
MSP+ours 88.55+0.21 90.27+030 89.41£025 | 93.85+0.81 9530+1.26 9224+0.09 90.54+045 92.98+0.36

Energy 86.24£0.48 8895+0.50 87.60£0.47 | 93.51+0.59 91.54+191 90.78+0.34 89.75+041 91.40+0.75
Energy+UM 86.89£0.36 90.28+0.56 88.59+0.33 | 93.83+2.11 95.70+1.90 9191108 9294+1.09 93.60+0.36
Energy+ours | 89.73£0.05 92.12+022 90.93+0.13 | 97.22+£045 97.17+1.02 93.75£0.21 93.11+0.52 95.31+0.23

KNN 89.78+£0.30 91.76+0.28 90.77+028 | 93.95+£0.12 93.52+0.83 93.65+0.07 92.14+0.32 93.31+0.29
KNN+UM 86.61 £0.54 88.34+1.09 8748+0.82 | 94.64+024 90.76+1.52 89.83+1.05 90.79+0.78 91.50+0.30
KNN-+ours 89.19£0.13 91.22+0.17 90.20£0.14 | 95.66+1.06 93.83+1.76 93.55+0.14 92.37+0.58 93.85+0.63

ReAct 86.63£0.54 89.18+0.30 87.90£042 | 9230+1.02 91.42+145 9142+0.64 9045+045 91.40+0.68
ReAct+UM 86.72+0.89 90.02+0.57 88.37£0.69 | 9280+1.76 95.14+239 9238+1.35 93.11x1.01 93.36+0.70
ReAct+ours 89.66£0.01 92.02+0.19 90.84+0.09 | 96.92+0.66 96.90+125 93.86+0.07 9322+0.84 9522+0.34

Relation 89.01£0.34 90.94+031 89.97+031 | 9326+0.25 93.31+£1.06 9290£0.09 90.78+0.38 92.56 +0.40
Relation+UM | 86.27£0.49 88.85+0.70 87.56+0.79 | 91.39+£042 94.73+025 92.62+0.32 88.78+0.21 91.88+0.19
Relation+ours | 88.05+0.54 89.91+0.64 88.98+0.59 | 9401+0.61 95.18+1.30 92.72+0.64 90.04+1.06 92.99+0.08

Fdbd 89.59+0.25 91.77+£029 90.68+026 | 9446+0.12 93.32+1.13 93.73+£0.13 9221 +0.23 93.43+0.38
Fdbd+UM 87.67+0.89 91.09+0.57 89.38£0.51 | 92.62+1.72 95.08+1.56 9235+1.44 91.79+1.01 93.21+0.22
Fdbd+ours 89.52+0.14 91.96+024 90.74+0.19 | 95.16%0.71 95.09+190 9420+0.32 92.84+031 94.32+0.52

Nci 87.81£0.37 89.69+022 88.75£0.26 | 90.96+0.26 92.27+1.05 92.68+0.16 90.30+0.31 91.55+0.40
Nci+UM 86.33£0.63 88.16+088 87.24+0.76 | 91.19£0.62 94.88+0.85 92.68+0.33 87.96+1.10 91.68+0.14
Nci+ours 88.09£0.29 89.88+0.38 8898+0.339 | 3.58+123 9552+1.10 93.52+0.34 90.28+032 93.22+042

tion strategies can be broadly categorized into two paradigms: (1) static selection methods like Data
Pruning (Killamsetty et al.,|2021b)) and Core Set (Xia et al.,2023)), which identify representative sub-
sets before training, and (2) dynamic approaches such as Dynamic Data Pruning (Qin et al.| 2023)
and Importance Sampling (Jiang et al., 2019), which continuously adjust sample selection during
training. Various metrics have been proposed to quantify sample informativeness, including gradient
norms (Killamsetty et al.,[2021al), loss values (Mindermann et al.,|2022), and prediction uncertainty
(Chang et al. [2017). While our method UARB shares the fundamental objective of optimizing
training through selective instance participation, our method introduces a novel uncertainty-driven
selection criterion based on whether the model has “mastered” a given instance. This key distinction
enables UARB to automatically adapt the training subset composition without requiring predefined
schedules or fixed removal rates, offering significant advantages over conventional approaches. Dif-
ferent from the existing sample selection techniques have primarily focused on classification tasks,
UARSB is dedicated to enhancing OOD detection. Additionally, we develop an adaptive strategy by
incorporating class-informed statistics to determine when mastering an instance.

A.2 USE OF LLMs

We only sought assistance from LLMs for language polishing.
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Table 3: Comparison (FPR95]) on CIFAR-100 benchmark. All values are percentages.

Method | CIFAR-10 TIN Near-Avg | MNIST SVHN Texture Places365 Far-Avg

MSP 59.70+0.73 50.60£0.95 55.15+0.13 | 5949146 5651582 61.59+085 56.70+0.75 58.57+1.50
MSP+UM 59.35+0.58 51.19+0.44 5527+0.24 | 5621 +2.12 55.02+249 60.87+2.67 57.78+0.21 5747+1.14
MSP+ours 59.13+0.26 50.87+0.56 55.00+0.34 | 5485+ 131 5032+7.88 6022+045 5582+041 5530£2.17
Energy 60.21 £0.81 51.77+£0.53 5599+0.27 | 55.13+1.33  49.04+7.13 63.00+£029 56.92+0.82 56.02+1.58

Energy+UM 60.65+1.21 54.07+0.44 5736+048 | 51.96+2.10 4726+1.17 63.49+£347 59.85+0.19 55.64+1.09
Energy+ours | 59.50+0.47 51.59£0.65 5554+0.54 | 51.65+1.62 4320+9.54 60.32+0.69 57.02+0.67 53.05£2.70

KNN 73.70+1.92 4947+037 61.59+0.83 | 5081 +£1.44 56.54+1090 5273186 59.99+0.59 55.02+3.43
KNN+UM 77.03+£0.78 51.29+0.55 64.16+£046 | 43.34+£3.76 4775+4.16 51.06+x0.39 64.00+0.35 51.54+2.08
KNN-+ours 72.09+2.04 49.73+£0.36 6091+1.18 | 46.46+3.99 4632+730 53.40+227 60.02+0.87 51.55+2.94

ReAct 61.48+1.16 51.70+0.57 56.59+0.31 | 57.66+1.46 4578+558 56.34+0.83 5534+0.88 53.78+1.18
ReAct+UM 62.80+0.91 53.84+0.50 5832+0.21 | 55.66+1.36 4637+1.79 5533+2.08 59.04+0.55 54.10+£0.57
ReAct+ours 61.17+0.57 51.61£0.76 5639+0.54 | 53.34+1.78 39.90+8.02 52.87+0.58 5526+0.93 50.34£238

Relation 72.03+2.55 49.56+0.59 60.80+0.99 | 5246+1.97 57.81+£9.79 5434+229 61.57+0.75 56.55+3.25
Relation+UM | 72.16 £0.75 50.13+0.16 61.14+0.30 | 46.34 +2.01 4938+392 5230+081 62.60+042 52.66=*1.63
Relation+ours | 71.62+1.48 50.17+0.51 60.89+0.94 | 48.41£3.71 4737+8.66 5455+1.69 60.77+1.19 52.77+3.20

Fdbd 6541142 4781+0.66 56.61+0.73 | 55.02+£1.35 5485+7.13 53.64+147 57.19+£0.68 55.18+2.12
Fdbd+UM 66.76 £ 0.86 48.67+0.24 57.72+0.55 | 47.22+1.00 48.51+3.38 52.05+1.47 58.62+0.24 51.60+1.04
Fdbd+ours 6446+1.20 4833£0.66 5639+0.81 | 4937+£3.07 46.78+7.62 52.84+1.77 56.26+0.17 51.31£2.83
Nci 6347 +147 48.06+0.79 5576+0.60 | 54.74+2.24 4947+589 4771091 53.83+0.30 5144+£152
Nci+UM 63.84+040 4934+034 5659+0.18 | 47.64+£3.48 4504+097 46.00+1.06 5509+041 48.44+0.97
Nci+ours 63.96+0.88 49.51+0.75 56.74+0.28 | 49.71£239 43.53+5.67 4729+1.03 53.17+021 4843+196

Table 4: Comparison (AUROCT) on CIFAR-100 benchmark. All values are percentages.
Method | CIFAR-10 TIN Near-Avg | MNIST SVHN Texture Places365 Far-Avg

MSP 7837+£0.20 8216021 80.27x0.11 | 75.55£0.50 79.97+2.60 77.34+0.78 79.37+0.35 78.06+0.88
MSP+UM 78.29+0.11 82.07+026 80.18+0.16 | 77.53+1.54 80.46+0.84 78.05+£090 78.99+0.18 78.76+0.50
MSP+ours 78.64+0.06 8225+0.13 80.45+0.09 | 76.93+£0.22 82424258 78.04£040 79.62+0.26 79.25+0.71

Energy 78.95+0.23 8280+0.12 80.88+0.08 | 78.55+0.32 84.11£292 77.92+089 79.73+0.56 80.08 £0.99
Energy+UM 78.48£0.36 82.22+0.17 8035+0.21 | 7990+ 1.75 83.81+0.12 7856+125 7884+0.15 80.28+0.76
Energy+ours | 79.25+0.15 82.87+020 81.06x0.17 | 7935+ 1.15 8593+3.07 79.08+£0.76 79.90+0.26 81.06+1.08

KNN 76.97+£0.33 83.56+0.13 80.26+0.10 | 8226 +£1.26 83.60+295 84.04+0.24 79.60+0.12 82.38%+1.10
KNN +UM 7646+0.35 83.16+0.12 79.81+0.23 | 83.95+2.38 86.22+0.73 84.72+024 7854+0.18 83.36+0.84
KNN-+ours 7726 +0.26 83.56+0.05 80.41+0.13 | 8229+ 1.66 8545+1.88 84.07+0.60 79.84+0.20 82.91+1.01

ReAct 78.71£0.27 82.838+0.15 80.80+0.11 | 77.84+0.27 84.92+195 79.66+0.84 80.18+0.61 80.65+0.72
ReAct+UM 78.00+£0.30 8231£0.08 80.15+0.17 | 79.07 £1.62 84.19+£0.33 80.67+0.78 79.14+0.21 80.77 £0.55
ReAct+ours 7894 £0.15 8293+021 8093£0.17 | 78.88+1.19 86.55+2.79 80.89+0.69 80.30+0.28 81.65+1.04

Relation 77.75+£0.35 83.66+0.11 80.71£0.13 | 79.94+£0.67 82.81 £2.48 8129+0.66 79.73+0.36 80.94+0.96
Relation+UM | 77.67 £0.04 83.41+0.12 80.54£0.05 | 81.54+1.29 8433+0.61 82.10x041 79.18+0.05 81.79+0.50
Relation+ours | 78.02+0.14 83.65+0.05 80.83+0.06 | 80.39+0.98 85.10+2.57 81.69+0.37 79.97+0.27 81.79+0.98

Fdbd 78.10£0.23 84.05+0.11 81.07+0.09 | 78.59+0.85 81.03£236 81.35+0.65 79.94+0.37 80.23+0091
Fdbd+UM 77.74+£0.07 83.87+0.17 80.80+0.11 | 81.16+0.84 82.64+0.99 81.70+0.54 79.49+0.09 81.25+0.40
Fdbd+ours 78.40£0.15 84.11+0.08 81.25+0.10 | 79.67+1.57 8343+2.13 81.60+046 80.32+0.14 81.26+1.06

Nci 78.34+0.24 83.65+0.15 81.00+0.05 | 79.81 £0.24 83.21£191 83.87x041 80.95+0.22 81.96+0.63
Nci+UM 78.19£0.19 83.54+0.18 80.87+0.18 | 81.18+2.16 84.73+0.09 84.53+0.32 80.46+0.11 82.73+0.55
Nci+ours 7847+0.01 83.73+£0.04 81.10+0.02 | 79.88+0.49 84.73+1.68 84.10+031 81.30+0.20 82.50+0.63

A.3 DETAILED RESULTS

A.3.1 DETAILED RESULTS ON CIFAR

Tables [I] and Table [2] present the detailed FPR95 and AUROC results of our method and baseline
methods on CIFAR-10. Although performance varies across different OOD datasets, our method
demonstrates nearly comprehensive superiority over baselines in terms of average performance.
Furthermore, the proposed approach exhibits consistent effectiveness in both Near-OOD and Far-
OOD scenarios. When combined with various baselines, our method also shows orthogonality,
indicating its compatibility and complementary advantages.

Tables [3] and Table [ present the detailed FPR95 and AUROC results of our method and baseline
methods on CIFAR-100. The proposed approach exhibits consistent effectiveness in both Near-
OOD and Far-OOD scenarios. When combined with various baselines, our method also shows
orthogonality.

A.3.2 DETAILED RESULTS ON IMAGENET

Table [3 reports the detailed AUROC results of our method and the baseline methods on ImageNet.
The results demonstrate that our method achieves near-comprehensive superiority over the baselines.
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Furthermore, it exhibits consistent effectiveness in both Near-OOD and Far-OOD scenarios. When
combined with different baselines, our method also demonstrates orthogonality, highlighting its
compatibility and complementary advantages.

Table 5: Comparison (AUROCT) on ImageNet benchmark. All values are percentages.

Method | Ssb_hard Ninco Near-Avg | iNaturalist Texture Openimage-o Far-Avg

MSP 89.52+0.08 90.77+0.04 90.15+0.04 | 94.11+£0.13 93.64+0.12 9274 +0.06 93.50 + 0.07
MSP+UM 89.53+0.05 90.63+0.03 90.08+0.02 | 94.16+0.23 9378 +0.15 92.65+0.12 93.53+0.17
MSP+ours 89.85+0.10 91.02+£0.16 90.43+0.12 | 9444 +0.15 9391+020 93.00£0.18 93.78+0.17
Energy 90.12+0.08 91.48+0.12 90.80+0.06 | 9539+0.25 9491+0.12 9429+0.05 94.87+0.07

Energy+UM 89.40£0.13 90.64+0.15 90.02+0.10 | 94.82+0.30 94.59+0.32 93.57+033 94.33+0.30
Energy-+ours 89.40£0.13 90.64+0.15 90.02£0.10 | 94.82+0.30 94.59£0.32 93.57+0.33 94.33+0.30

KNN 90.88£0.09 93.12+0.13 92.00£0.10 | 9597 +0.11 97.97+£0.08 9551+0.12 96.48 +0.09
KNN+UM 90.78 £0.22 92.89+0.17 91.84+0.13 | 9576 +0.31 98.01 £0.07 9543+0.13 96.40+0.14
KNN-+ours 9128 £0.15 9322+0.14 92.25+0.10 | 96.21 £0.06 98.03£0.02 9571 £0.01  96.65 £ 0.01
ReAct 90.05+0.14 91.69+0.13 90.87 +0.11 | 95.52+0.26 95.34+0.09 9497+0.05 95.12+0.12

ReAct+UM 89.34+£0.21 9091+0.14 90.12+0.10 | 95.10+0.30 95.14+£0.23 93.92+033 94.72+0.27
ReAct+ours 90.19£0.12 91.72+0.17 90.95£0.03 | 9555+ 021 9548+0.12 9440+0.16 95.14+0.13

Relation 91.32£0.06 93.17x0.05 92.25+0.05 | 96.20+0.09 97.00£0.08 9529+0.06 96.16 £ 0.08
Relation +UM | 91.24+0.10 92.99+0.18 92.11£0.13 | 96.14£0.11 96.99+0.03  95.17+0.05 96.10+0.05
Relation +ours | 91.50 £0.07 93.21£0.16 92.36£0.10 | 96.35+£0.05 97.02+0.02 95.37£0.06 96.25+0.04

Fdbd 90.90 £0.10  93.00+0.07 91.95+0.06 | 96.16 +0.04 96.89+0.11 9520+0.05 96.08 +0.06
Fdbd+UM 91.04£0.07 93.11£0.09 92.07+0.02 | 96.38+0.11 97.00£0.06 9536+0.04 96.25+0.05
Fdbd+ours 91.23£0.14 9331+0.10 92.27+0.08 | 96.51 £0.02 97.08+0.04 9549+0.05 96.36+0.04
Nci 90.81 £0.03 92.49+0.08 91.65+0.03 | 95.82+0.03 96.94+0.09 9497+0.05 95.91£0.05
Nci+UM 90.90£0.09 92.53+0.06 91.71£0.02 | 96.04+0.09 97.03+£0.06 95.10+0.05 96.06 +0.05
Nci+ ours 91.14£0.06 92.72+0.10 91.93+0.08 | 96.16+0.05 97.06+0.08 9521+0.07 96.14 £0.07

A.3.3 MORE RESULTS ABOUT SENSITIVITY ANALYSIS OF 7.

To further analyze the sensitivity of v, we report the results for ID (CIFAR-100) vs OOD (SVHN),
ID (CIFAR-100) vs OOD (MNIST), ID (CIFAR-100) vs OOD (Texture), and ID (CIFAR-100) vs
OOD (Places365) under different y values (0, 0.02, 0.05, 0.1). The experimental results are shown
in Table [6] and Table [7] The experimental results consistently demonstrate a trend where FPR95
initially decreases and then increases as < rises.

Table 6: Sensitivity analysis (FPR95]) of v on SVHN and MNIST.
‘ CIFAR100 vs SVHN CIFAR100 vs MNIST
| ~=0 v =0.02 ~ =0.05 y=01 | ~4=0 v =0.02 ~ =0.05 v=0.1

MSP+UARB 5246+7.44 5032+788 50.11+344 5693+138 | 53.70£3.89 5485+131 5585+1.06 54.14+1.46
Energy+UARB | 45.14 £8.52 43.20+9.54 44.07+£3.30 52.72+323 | 5237+279 51.65+1.62 5327091 50.20+3.68
KNN+UARB 47.18+5.76 46.32+7.30 43.773+4.77 53.66+7.49 | 4236+3.11 4646+£3.99 46.50+247 4821+7.26
ReAct+UARB 42.03+6.60 39.90+8.02 41.47+333 50.85+5.38 | 56.68+2.88 53.34+1.78 5598+043 51.48+148
Relation+UARB | 49.48 +7.64 47.37+8.66 46.07+532 5524+5.58 | 46.30£3.53 4841371 4894+1.67 50.33+6.70
Fdbd+UARB 48.83+7.57 46.78+£7.62 4472+4.66 53.87+4.67 | 4740341 4937£3.07 49.70+£226 5031+4.46
Nci+UARB 4555+540 4353£5.67 41.90+4.61 4891288 | 46.79+2.69 49.71£239 49.55+2.70 49.39+5.70

Method

Table 7: Sensitivity analysis (FPR95]) of « on Texture and Places365.

| CIFAR100 vs Texture CIFAR100 vs Places365
Method

‘ =0 v =0.02 v =0.05 v=0.1 ‘ 7=0 v =0.02 v =0.05 v=0.1
MSP+UARB 6221 +1.15 60.22+045 5997+1.50 58.88+0.29 | 56.06+0.21 55.82+041 5599+0.19 56.87+0.88

Energy+UARB 61.31£1.62 6032+0.69 61.05+0.59 59.53+£0.64 | 56.87 £0.65 57.02+0.67 57.11+0.57 57.18£0.95
KNN+UARB 5727+£137 5340227 53.17+£3.07 5197+1.67 | 60.49+1.04 60.02+0.87 61.14+1.33 61.57+1.26
ReAct+UARB 54.44£429 52.87+058 54.89+£0.70 53.85+0.61 | 55.83+0.51 5526+093 5554+£0.86 56.25+0.80
Relation+UARB | 58.69 +2.46 54.55+1.69 53.74+185 5324+1.73 | 61.60+1.29 60.77+1.19 6195145 62.97+1.48
Fdbd+UARB 57.14£290 52.84+1.77 5239+0.28 53.17+1.33 | 56.46+0.07 56.26+0.17 57.13+0.63 57.76+1.15
Nci+UARB 4970 £ 1.50 47.29+1.03 46.57+0.37 46.08+1.07 | 53.96+0.34 53.17+£0.21 54.10+£0.45 54.39+0.64

A.3.4 FURTHER ANALYSIS ON UARB wiTH EMA

To further validate the performance of our method combined with Exponential Moving Average
(EMA), we report the results of UARB+EMA integrated with different baselines at various epochs
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(100 and 150). The experimental results are presented in Table[8] The experimental results demon-
strate that UARB+EMA achieves performance improvements with increasing training epochs, con-
sistently across both Far-OOD and Near-OOD scenarios, and regardless of the baseline method it is
combined with.

Table 8: Comparison of OOD detection methods (with our proposed UARB) on large-scale Ima-
geNet benchmark. All values are percentages. EMA deontes Exponential Moving Average.
| | Near-OOD Far-OOD
Method | Epoch | FPR95| AUROC? FPR95| AUROC?T
Energy+UARB+EMA ‘ 100 | 36.90 +1.38 90.68+0.24 19.47+0.84 9530=0.21

Energy+UARB+EMA 150 32.08+0.59 91.64+0.28 16.57+0.89 96.04+0.10
ReAct+UARB+EMA 100 36.78 £0.66 90.68+0.15 18.69+1.05 95.44 +0.23
ReAct+UARB+EMA 150 33.92+3.63 91.28+0.81 1595+£0.76 96.25+0.10
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