Under review as a conference paper at ICLR 2025

PSEUDO-LLABELS ARE ALL YOU NEED FOR
OUT-OF-DISTRIBUTION DETECTION
(SUPPLEMENTAL MATERIAL)

Anonymous authors
Paper under double-blind review

1 COMPARATIVE STUDY WITH SUPERVISED METHODS

We compared our approach with supervised methods across different backbones. The averaged results
are presented in the main paper (Section 4.2), while the detailed statistics are shown in Tables 1 and
2.
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Method SVHN Textures LSUN-C LSUN-R iSUN Places365 Average
FPR| AUR?T FPR| AUR?T FPR| AUR?T FPR| AURT FPR| AURT FPR| AURT FPR| AUR?T

Hendrycks & Gimpel (2016) 42.10 91.85 53.30 87.45 24.85 96.37 37.81 93.71 40.11 93.73 50.73 88.58 41.49 91.84

Liang et al. (2017) 37.08 88.36 47.58 82.85 6.14 98.65 20.51 95.04 22.95 94.22 41.03 86.57 29.22 90.95
Liu et al. (2020) 33.11 90.54 46.06 85.09 5.86 98.76 22.68 94.90 25.12 94.17 39.08 88.50 28.65 91.99
Sun et al. (2021) 39.94 98.31 60.80 91.85 57.11 96.76 77.63 80.15 79.48 79.48 7329 77.98 65.78 86.22
Sun & Li (2022) 37.84 86.99 50.77 79.70 2.54 99.43 26.30 92.89 28.30 92.89 43.46 84.65 31.53 89.30
(Zhang & Xiang, 2023) 16.43 95.62 20.31 94.81 2.5 99.03 24.59 96.14 20.74 96.28 40.26 83.77 19.8 94.27
Yu et al. (2023) 3.83 99.18 1423 97.06 0.32 99.81 8.13 98.32 598 98.71 48.69 90.91 13.53 97.33
Ours 436 97.22 13.85 99.16 1.76 99.60 18.67 96.64 12.06 97.63 22.27 95.07 12.16 97.55
VGG11
Method SVHN Textures LSUN-C LSUN-R iSUN Places365 Average

FPR| AURT FPR| AUR?T FPR] AURT FPR| AUR{ FPR| AURT FPR| AURT FPR| AURT
Hendrycks & Gimpel (2016)  68.07 90.02 63.86 89.37 46.63 93.73 70.19 86.29 71.81 85.71 68.08 87.25 64.77 88.73

Liang et al. (2017) 53.86 92.23 48.09 91.94 19.95 97.01 5429 89.47 56.61 88.57 52.34 89.86 47.52 91.56
Liu et al. (2020) 53.11 9226 47.04 92.08 18.51 97.20 53.02 89.58 55.39 88.97 51.67 89.95 46.46 91.67
Sun et al. (2021) 58.16 83.28 51.73 87.47 23.40 94.77 47.19 89.68 51.30 87.39 50.47 87.39 47.15 88.44
Sun & Li (2022) 47.81 93.27 5095 91.77 16.73 97.06 64.26 87.83 65.83 87.83 59.23 88.53 50.80 90.98
(Zhang & Xiang, 2023) 68.62 91.30 333 925 19.46 9549 79.27 8270 59.34 88.14 66.59 86.88 54.43 89.17
Yu et al. (2023) 8.84 98.24 24.62 95.11 3.38 99.36 71.17 83.12 62.80 86.05 65.25 85.20 39.34 91.18
Ours 26.92 93.63 27.48 91.97 1.34 99.65 73.70 84.97 16.31 96.77 61.67 85.66 36.41 91.83

Table 1: We compared our method with baseline methods using the supervised benchmark setting
across different network architectures. The ID dataset was CIFAR-10, and the OOD datasets are listed
in the first row of each table. For clarity, the best results are highlighted in bold, and the second-best
results are underlined.

Method SVHN Textures LSUN-C LSUN-R iSUN Places365 Average
FPR| AUR?T FPR| AUR?T FPR| AUR?T FPR| AURT FPR| AURT FPR| AURT FPR|

Hendrycks & Gimpel (2016) 79.88 79.12 63.87 86.42 78.21 80.84 68.19 84.36 66.97 84.91 80.98 78.92 73.02 82.43

Liang et al. (2017) 72.22 81.63 74.80 84.45 72770 85.75 42.38 92.23 40.07 92.54 81.05 79.06 63.87 85.94
Liu et al. (2020) 78.94 80.68 59.09 89.84 78.04 84.63 63.95 87.56 63.27 88.05 83.58 79.02 71.45 84.96
Sun et al. (2021) 76.01 80.17 60.45 89.78 67.11 86.97 70.25 86.00 67.60 87.04 83.76 78.76 70.95 84.79
Sun & Li (2022) 78.35 81.75 58.06 90.16 77.73 84.89 63.89 87.23 63.22 87.85 83.47 79.17 70.78 85.17
(Zhang & Xiang, 2023) 80.26 83.01 85.07 93.63 88.66 79.63 65.26 55.13 80.09 77.61 77.04 76.74 75.79 81.23
Yu et al. (2023) 23.34 92.75 68.62 71.47 19.46 93.88 79.27 81.08 89.34 8294 81.59 8242 60.27 84.0
Ours 53.64 89.64 63.81 8253 7.4 98.51 77.65 77.81 59.03 86.46 67.57 82.87 54.92 86.21

Table 2: We compared our method with supervised baseline methods trained on ResNet18. The ID
dataset was CIFAR-100, and the OOD datasets are listed in the first row of each table. For clarity, the
best results are highlighted in bold, and the second-best results are underlined.
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2 NUMBER OF PSEUDO-CATEGORIES

We evaluated the impact of the number of pseudo-categories using the supervised benchmark setting
on CIFAR-10 and CIFAR-100 datasets. The average results are presented in the main paper. Here,
we provide the detailed statistics in Table 3.

ID dataset: Cifar-10

Method SVHN Textures LSUN-C LSUN-R iSUN Places365 Average
FPR| AUR?T FPR] AUR?T FPR| AURT FPR| AUR?T FPR| AUR?T FPR| AUR?T FPR] AURT?T
Ours(K5) 23.44 93.62 29.68 92.64 336 99.01 34.15 92.80 8.47 98.15 34.01 91.52 22.18 94.62

Ours(K10) 22.01 93.78 38.95 89.11 230 99.47 38.81 9223 10.64 97.96 34.05 91.52 24.46 94.01
Ours(K20) 22.82 9391 25.18 9425 1.84 99.61 3247 9398 6.71 98.55 32.38 92.63 20.23 954
Ours(K50) 56.62 84.29 4281 92.74 471 99.02 47.24 93.61 67.14 78.44 41.15 92.38 43.28 90.08
Ours(K100) 61.72 8241 7.6 9872 7.58 9824 47.14 91.72 8281 65.18 4297 91.51 41.56 87.96
Ours(K200) 7827 69.47 74.82 8848 18.8 94.02 5721 56.82 7821 76.42 55.18 88.90 60.42 79.02

ID dataset: Cifar-100

Method SVHN Textures LSUN-C LSUN-R iSUN Places365 Average
FPR| AUR?T FPR] AUR?T FPR| AUR?T FPR| AUR?T FPR| AUR?T FPR| AUR?T FPR| AUR?T

Ours(K10)  63.07 83.10 72.69 83.61 1042 81.88 87.72 60.82 92.87 6246 77.76 8025 68.23 74.50
Ours(K20)  60.10 8434 78.03 80.03 1030 9591 83.48 6927 82.87 69.17 85.68 69.00 67.15 76.28
Ours(K50)  29.63 92.66 7347 7938 607 98.65 87.68 67.83 86.09 69.84 86.10 69.54 61.78 79.26
Ours(K100) ~ 55.78 88.45 64.47 82.13 863 98.50 79.20 7540 57.69 84.32 7043 81.43 5628 85.71

Ours(K200) 53.64 89.64 63.81 8253 7.4 9851 77.65 77.81 59.03 86.46 67.57 82.87 54.92 86.21
Ours(K500) 60.27 79.63 7793 829 4.59 98.97 8186 70.77 62.37 73.55 76.62 65.63 60.72 78.59

Table 3: We evaluated the OOD detection performance of our method across different numbers of
pseudo-categories, using ResNet18 as the backbone and following the supervised benchmark setting.
The best-performing model is highlighted in bold, while the second-best results are underlined.
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