RankOOD - Class Ranking-based Out-of-Distribution Detection

Supplementary Material

A. Introduction

In this supplementary material, we present additional details
and results that were excluded from the main content due to
space limitations.

A.1. Comparison with baselines

In the main text (Tab. 2 and Tab. 3), we report results only
for baselines that placed in the top five in at least one set-
ting. For completeness, we provide the full results for all 35
baselines in Tab. 2 (near-OOD) and Tab. 3 (far-OOD), with
key observations summarized in the respective captions.

A.2. Detailed per-dataset OOD detection results

In Sec. 5.1, we reported average AUROC and FPR95 across
all OOD datasets for each ID dataset (Tab. 2 and Tab. 3).
For completeness, we provide the per-dataset results for
each OOD benchmark. TinyImageNet results in Tab. 4 and
Tab. 5; CIFAR-100 results in Tab. 6 and Tab. 7; and CIFAR-
10 results are shown in Tab. 8 and Tab. 9.

A.3. Effectiveness of RankOOD-T

Fig. 1 shows standard logit-based OOD scores (MSP,
MaxLogit, EBO (Energy based), and GEN) under
RankOOD-T. It can be seen that RankOOD-T performs bet-
ter across all scoring methods, including RankOOD-S de-
fined in Eq. 6, compared to cross-entropy (CE) training.
This indicates that the observed performance gains pri-
marily stem from the RankOOD-T objective rather than the
RankOOD-S function itself. In particular, ListMLE training
improve s AUROC by at least 1.5% and reduces FPR95 by
over 7% compared to CE training. Nonetheless, as shown
in Fig 1, logit-based OOD scores can be used in open-world
settings to obtain on-par performance after RankOOD-T.

A 4. Scalability and Computational Cost

GPU Time: Tab. | reports per-epoch GPU training time
(seconds). As the number of classes increases, all meth-
ods exhibit comparable training costs. RankOOD incurs ap-
proximately 34% higher GPU time than LogitNorm in Tiny-

Table 1. Per-epoch GPU time (sec.) and per-class ILP runtime
(sec.) across different datasets (C-CIFAR, IN-ImageNet).

Method C-10 C-100 1IN-200 IN-1k Epochs

LogitNorm 8.33 532 1045.50 6614.0 ~ 200
CRAFT 17.45 2544 1354.00 - ~ 100
RankOOD 13.80 14.34 1402.12 6855.7 ~ 300 — 500

ILP Runtime 0.0058 0.1718 2.4933  1413.6
ILP - Greedy 0.0006 0.0023 0.0177 0.2147
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Figure 1. Avg. AUROC (bars, left y-axis) and FPR95 (lines, right
y-axis) across multiple OOD datasets for other scoring functions.

ImageNet due to the ListMLE objective, which requires
computing probabilities over full permutations. We clarify
that RankOOD-T follows the same pre-training paradigm
as LogitNorm with a total of 300/500 epochs and doesn’t
need extra fine-tuning epochs like CRAFT as canonical
classes can be derived from a SOTA pre-trained model.
ILP Runtime: Tab. | reports ILP rank execution time. ILP
time grows exponentially with the number of ranks and
classes, with worst-case complexity O(2¢*¥) where C-
classes and K -ranks. However, this can be addressed using
a greedy approach with complexity O(C'K.log(K)), signif-
icantly reducing computational cost.

A.5. RankOOD Score Example

We provide a step-by-step examples of RankOOD-S com-
putation in Fig. 2.

A.6. Conditional Probability Matrices

In Sec. 5.3, we reported class-conditional probability (CP)
matrices for only five CIFAR-10 classes. Here, we provide
the complete CP matrices for all ten classes under both CE
and RankOOD training. For RankOOD, we additionally re-
port CP matrices for all OOD datasets as well as the ID
dataset (CIFAR-10). As shown in Fig. 3, each matrix re-
flects the model’s ability to preserve the class-wise canon-
ical rank order. Under conventional CE training, a sam-
ple predicted as Airplane achieves a probability of 0.29 for
correctly identifying the rank-4 label, conditioned on all
preceding ranks (rank-1 through rank-3) being accurately



Table 2. Performance comparison in near-OOD detection. For each column, the top five methods are marked in

bold. Note that N/A indicates missing results

in OpenOOD. OE obtains the lowest average FPR95 (34.29), while

RankOOD ranks second with 44.79. However, OE’s performance is known to be biased toward seen outliers used
during training, making its evaluation less reliable [13]. Among methods that do not rely on outliers, RankOOD
achieves the best performance for both AUROC and FPR95. Notably, RankOOD achieves state-of-the-art performance
on TinylmageNet near-OOD, reducing FPR95 by 4.3% relative to the strongest baseline OE.

Method CIFAR-10 CIFAR-100 TinyImageNet Average
AUROC 1 FPRYS | AUROC 1 FPRYS | AUROC 1 FPROS | AUROC 1T  FPR95 |
Post-hoc inference methods
OpenMax [1] 87.62+0.29  43.62+227 | 7641+025 5658+0.73 | 80.27+0.10 63.48+0.25 81.43 54.56
MSP [6] 88.03+0.25 48.17+£3.92 | 80.27+0.11 54.80+0.33 | 83.34+0.06 54.82+0.35 83.88 52.60
TempScale [5] 88.09+0.31  50.96+4.32 | 80.90+0.07 54.49+048 | 83.69+0.04 54.82+0.23 84.23 53.42
ODIN [16] 82.87+1.85 76.19+£6.08 | 79.90+0.11  57.91+0.1 80.27 £0.08  66.76 +£0.26 81.01 66.95
MDS [15] 84.20+2.40 4990+3.98 | 58.69+0.09 8353+£0.60 | 61.93+0.51  79.11+0.31 68.27 70.85
MDSEns [15] 60.43+026 92.26+0.20 | 4631+024 9588+0.04 | 5432+024 91.75+0.10 53.69 93.30
RMDS [20] 89.80+0.28  38.89+£2.39 | 80.15+0.11 55.46+0.41 82.57+0.25  54.02 +0.58 84.17 49.46
Gram [21] 58.66 +4.83  90.87 +1.91 51.66+0.77  92.28+0.29 | 67.67+1.07 86.40+1.21 59.33 89.85
EBO [17] 87.58+0.46 61.34+4.63 | 80.91+0.08 55.62+0.61 82.50+0.05  60.24 £0.57 83.66 59.07
OpenGAN [14] 5371+£7.68 9448 +4.01 6598 +126  76.52+259 | 59.79+339  84.15+3.85 59.83 85.05
GradNorm [10] 5490+098 94.72+0.82 | 70.13+0.47 8558+046 | 72.75+0.48  82.67+0.30 65.93 87.66
ReAct [24] 87.11+0.61 6356+7.33 | 80.77+0.05 5639+0.34 | 81.87+098  62.49+2.19 83.25 60.81
MLS [8] 87.52+047 6132+4.62 | 81.05+0.07 5547+0.66 | 82.90+0.04 59.76 +£0.59 83.82 58.85
KLM [8] 79.19+080 87.86+6.37 | 76.56+025 77.92+1.31 80.76 £0.08  70.26 +0.64 78.84 78.68
VIM [27] 88.68 £0.28  44.84 +2.31 7498 +0.13  62.63+0.27 | 78.68+024  59.19+0.71 80.78 55.55
KNN [23] 90.64+020  34.01 038 | 80.18+0.15 61.22+0.14 | 81.57+0.17 60.18 £0.52 84.13 51.80
DICE [25] 78.34+0.79  70.04+7.64 | 7938+023 57.95+0.53 | 81.78+0.14  61.88 +0.67 79.83 63.29
RankFeat [22] 79.46+252  60.88+4.60 | 61.88+128  80.59+1.10 | 56.92+1.59  92.06+0.23 66.09 77.84
ASH [4] 7527+1.04 8678 +1.82 | 7820+0.15 65.71+£0.24 | 8238+0.19  64.89+0.90 78.62 72.46
SHE [31] 81.54 £0.51 79.65+3.47 | 7895+0.18  59.07+0.25 | 80.18+025 66.80+0.74 80.22 68.51
GEN [18] 88.20+0.30  53.67+3.14 | 81.31+0.08 54.42+0.33 | 83.68+0.06 5520+0.20 84.40 54.43
ExCeL [12] 86.89+0.23  66.55+043 | 80.70+0.06 5521+0.56 | 82.40+0.04 57.90 +0.40 83.33 59.89
Training methods without outliers
RankOOD (ours)  90.21 +0.41  31.72+0.67 | 80.67+0.40 52.59+0.75 | 85.30+0.18  50.05 +0.16 85.39 44.79
CRAFTI13] 91.11 £ 0.04 3194 +1.41 80.90+0.33  53.73+£0.62 | 83.65+0.41  54.62 £ 0.57 85.22 46.76
ConfBranch [3] 89.84 +0.24  31.28%0.66 | 71.60+0.62  70.21+0.83 | 79.10+£0.24  61.44+0.34 80.18 54.31
G-ODIN [9] 89.12+0.57 4554+252 | 77.15+£0.28 67.58+0.98 | 77.28+0.10  69.87 +£0.46 81.18 61.00
CSI[26] 89.51+0.19 33.66+0.64 | 71.45+0.27 70.26 £0.56 N/A N/A 80.48 51.96
ARPL [2] 87.44 £0.15 40.33 £0.70 74.94 +£0.93 61.56 = 1.81 82.02£0.10 55.74 £0.70 81.47 52.54
MOS [11] 71.45+£3.09 7872+586 | 80.40+0.18  56.05+1.01 69.84+0.46  71.60 £0.48 73.90 68.79
LogitNorm [28] 92.33+0.08 29.34+0.81 | 7847+031 62.89+0.57 | 82.66+0.15 56.46+0.37 84.49 49.56
CIDER [19] 90.71+0.16  32.11+094 | 73.10+0.39  72.02+0.31 80.58 +1.75  60.10 +0.73 81.46 54.74
Training methods with outliers
OE [7] 94.82+0.21 19.84+095 | 88.30+0.10 30.73+0.11 | 84.84+0.16 52.30 +0.67 89.32 34.29
MCD [30] 91.03+0.12 30.17+0.06 | 77.07+032 55.88+0.85 | 83.62+0.09 54.71+0.83 83.91 46.92
UDG [29] 89.91+0.25 3534+0.95 | 78.02+0.10 61.42+048 | 7430+1.63 68.89+1.72 80.74 55.22
MixOE [32] 88.73+0.82 51.45+7.78 | 80.95+0.20 5522+049 | 82.62+0.03 57.97+0.40 84.10 54.88
Example 01 predicted. In contrast, RankOOD training substantially im-

Given that 7° = [0,1,3,2] and Ref = [25, 15, —15, —30]
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RankOOD Score = —96.57

Example 02

Given that 7° = [0,1,3,2] and Ref° = 25,15, —15, —30]
When predicted logitz = [27,7,—10, —1

Therefore; ¢ =0, n° ==, %=10,1,3,2] »

Assume q; = 1and7 =11

Since 7 =7, & =+"=1vi€[0,...,3]

U = [(27 — 25), (7 — 15), (=1 + 15), (—10 + 30)]

RankOOD Score = 28

proves the model’s ability to maintain deeper ranking con-
sistency on in-distribution (ID) data: for samples classified
as Airplane, the conditional probability of correctly predict-
ing the rank-9 label increases to 0.92. However, when eval-
uated on an OOD dataset such as CIFAR-100, this proba-
bility decreases to 0.55. This pronounced drop highlights
that OOD examples are significantly less likely to preserve
the learned ranking structure, thereby providing an effective
signal for distinguishing ID from OOD samples.

Figure 2. Toy RankOOD-S computation for a four-class problem.



Table 3. Performance comparison in far-OOD detection. For each column, the top five methods are marked in bold.
Note that N/A indicates missing results in OpenOOD. RankOOD ranks third in both AUROC (89.65) and FPR95
(32.04) on far-OOD detection. LogitNorm and G-ODIN achieve the strongest results, outperforming RankOOD by
roughly 2.7% in FPR95. Nonetheless, RankOOD surpasses G-ODIN on CIFAR-10 and TinylmageNet and exceeds
LogitNorm on CIFAR-100. Moreover, RankOOD outperforms OE on CIFAR-100 and TinylmageNet, while achieving
an overall AUROC within 1% of the best-performing outlier based methods.

Method CIFAR-10 CIFAR-100 TinyImageNet Average
AUROC 1 FPRYS | AUROC 1 FPRYS | AUROC 1 FPRYS | AUROC T  FPR9S |
Post-hoc inference methods
OpenMax [1] 89.62 £0.19 29.69 £ 1.21 79.48 +0.41 5450+0.68 | 90.20+0.17  33.12+0.66 86.43 39.10
MSP [6] 90.73 £ 0.43 31.72+£1.84 7776 £0.44  58.70+1.06 | 90.13+0.09 3543+0.38 86.21 41.95
TempScale [5] 90.97 +0.52 33.48 +2.39 7874051  57.94+1.14 | 90.82+0.09  34.00 +0.37 86.84 41.81
ODIN [16] 87.96 +0.61 57.62 +4.24 7928021 5886+0.79 | 91.71+0.19 3423 +1.05 86.32 50.24
MDS [15] 89.72 + 1.36 32.22+3.40 69.39+1.39  7226+1.56 | 7472+0.26  61.66+0.27 77.94 55.38
MDSEns [15] 73.90 £0.27 61.47 £0.48 66.00+0.69  66.74+1.04 | 69.27+0.57 80.96+0.38 69.72 69.72
RMDS [20] 92.20+0.21 25.35+0.73 82.92+0.42 52.81+0.63 | 88.06+0.34 32.45+0.79 87.73 36.87
Gram [20] 71.73 +£3.20 72.34+£6.73 7336+1.08 64.44+237 | 71.19+024 84.36+0.78 72.09 73.71
EBO [17] 91.21+0.92 41.69 £5.32 79.77+£0.61  56.59+138 | 90.86+021  34.86+1.30 87.28 44.38
OpenGAN [14] 5461 +155 83.52+11.63 | 67.88+7.16 7049+7.38 | 73.15+4.07 64.16+9.33 65.21 72.72
GradNorm [10] 57.55+3.22 91.90 +£2.23 69.14+£1.05 83.68+1.92 | 84.26+0.87 66.45+0.22 70.32 80.68
ReAct [24] 90.42 + 1.41 44.90 +8.37 80.39+0.49  5420%1.56 | 92.31+0.56  28.50+0.95 87.71 42.53
MLS [8] 91.10 +0.89 41.68 £5.27 79.67+£0.57 56.73+133 | 91.11+£0.19  34.03+1.21 87.29 44.15
KLM [8] 82.68 +0.21 78.31+4.84 76.24+£0.52  71.65+2.01 88.53+0.11  40.90 +1.08 82.48 63.62
VIM [27] 93.48 +0.24 25.05 £0.52 81.70+0.62  50.74+1.00 | 91.26+0.19  27.20+0.30 88.81 34.33
KNN [23] 92.96 £0.14 24.27 £0.40 82.40+0.17 53.65+0.28 | 93.16 +£0.22  27.27 +0.75 89.51 35.06
DICE [25] 84.23 +1.89 51.76 +4.42 80.01 £0.18  56.25+0.60 | 90.80+0.31  36.51%1.18 85.01 48.17
RankFeat [22] 75.87 +5.06 57.44 +7.99 67.10+1.42  69.45+1.01 38.22+385 97.72+0.75 60.40 74.87
ASH [4] 78.49 +2.58 79.03 £4.22 80.58 £0.66 5920246 | 93.90+0.27 27.29+1.12 84.32 55.17
SHE [31] 85.32+£1.43 66.48 +£5.98 76.92 +1.16 64.12 £2.70 89.81 £0.61 42.17+1.24 84.02 57.59
GEN [18] 91.35+0.69 3473 £ 1.58 79.68 £0.75 5671 +£1.59 | 91.36+£0.10  32.10+0.59 87.46 41.18
ExCeL [12] 91.69 +0.18 40.03 + 0.84 82.04+0.90 52.24+190 | 91.97+027 28.45+0.80 88.57 40.24
Training methods without outliers
RankOOD (ours) ~ 93.19 +0.84 20.96 +2.55 83.63+1.06 4744+080 | 92.14+020 27.73+0.33 89.65 32.04
CRAFT [13] 93.94 +£0.20 19.40 + 0.88 82.03+0.34 51.86+0.49 | 90.88+0.89 32.67+1.13 88.95 34.64
ConfBranch [3] 92.85+0.29 21.48 £0.94 6890+ 183  71.82+3.39 | 9043+0.18 34.75+0.63 84.06 42.68
G-ODIN [9] 95.51 +0.31 21.45+191 85.67+1.58 42.68+3.19 | 9233+0.11 30.18+0.49 91.17 31.44
CSI [26] 92.00 + 0.30 2642 +0.29 6631 +1.21  76.92+1.29 N/A N/A 79.16 51.67
ARPL [2] 89.31 +£0.32 32.39+0.74 73.69+1.80 63.14+253 | 89.23+0.11  36.46+0.08 84.08 44.00
MOS [11] 76.41 £5.93 62.90 + 6.62 80.17 £ 1.21 57.28+3.29 | 8046+0.92  51.56+0.42 79.01 57.25
LogitNorm [28] 96.74 + 0.06 13.81 £ 0.20 81.53+1.26 53.61+345 | 93.04+0.21  26.11 £0.52 90.44 31.18
CIDER [19] 94.71 + 0.36 20.72 + 0.85 80.49+0.68 5422+1.24 | 90.66+1.68  30.17+2.75 88.62 35.04
Training methods with outliers

OE [7] 96.00 +0.13 13.13 £ 0.53 81.41+1.49 54.82+2.79 | 89.02+0.18 34.17+0.56 88.81 34.04
MCD [30] 91.00 + 1.10 32.03+4.21 7472 +£0.78  5439+134 | 8894+0.10 29.93+0.30 84.89 38.78
UDG [29] 94.06 + 0.90 20.35 +2.41 79.59+£1.77  59.00+3.35 | 82.09+278  62.04+5.99 85.25 47.13
MixOE [32] 91.93 +0.69 33.84 +4.77 7640+ 144  63.88+248 | 88.27+041  40.93+0.29 85.53 46.22




Table 4. FPR95 (% |) of various methods for different OOD datasets when TinylmageNet is ID.
For each column, the top five methods are marked in bold. Note that N/A indicates that results are not reported
in OpenOOD. RankOOD achieves SOTA performance in near-OOD and ranks within the top three methods in
two out of three far-OOD datasets.

Method Near OOD Far OOD
SSB-hard NINCO Average iNaturalist Textures Openlmage-O Average
Post-hoc inference methods

OpenMax [1] 7237+0.11 5459054 6348+0.25 | 2453+096  36.80 £0.55 38.03 £0.49 33.12 £0.66
MSP [6] 66.00+0.10  43.65+0.75 54.82+0.35 | 2648+0.73 4458 £0.68 35.23+0.18 3543 +0.38
TempScale [5] 6643 +£026 43.21+£0.70 54.82+0.23 | 24.39+0.79 43.57+0.77 34.04 £0.31 34.00 £0.37
ODIN [16] 73.51+038  60.00£0.80 66.76+0.26 | 22.39+1.87 4299 +1.56 37.30 £0.59 34.23 £ 1.05
MDS [15] 83.65+047 7457+0.15 79.11£0.31 58.53+0.75 58.16+£0.84 68.29 +£0.28 61.66 +0.27
MDSEns [15] 92.13+0.05 91.36+0.16 91.75+£0.10 | 83.37+0.70 72.27+0.48 87.26 £0.10 80.96 +0.38
RMDS [20] 6591+0.27 42.13+1.04 54.02+0.58 | 2470+0.90 37.80+1.32 34.85+0.31 32.45+0.79
Gram [21] 85.68£0.85 87.13+1.89  86.40+1.21 85.54+0.40  80.87+1.20 86.66 + 1.27 84.36 £0.78
EBO [17] 69.77+032  50.70£0.89  60.24 +0.57 | 2641+£229 4143+1.85 36.74 £ 1.14 34.86 £ 1.30
OpenGAN [14] 88.07+2.23  80.23+5.71 84.15+385 | 60.13+£9.79  66.00 £9.97 66.34 + 8.44 64.16 £9.33
GradNorm [10] 82.17+0.62  83.17+0.21 82.67+0.30 | 61.31+286  66.88+3.59 71.16 £0.23 66.45 +0.22
ReAct [24] 7151192  5347+246  6249+2.19 | 2297+225 29.67+1.35 32.86+0.74 28.50 £0.95
MLS [8] 69.64 +0.37 49.87+£094 59.76+0.59 | 25.09+2.04 41.25+1.86 35.76 £0.74 34.03 £ 1.21
KLM [8] 78.19+230 6233+£2.66 70.26+0.64 | 26.66+1.61 50.24 £ 1.26 45.81 £0.59 40.90 + 1.08
VIM [27] 7128049 47.10+£1.10 59.19+0.71 27.34+038  20.39+0.17 33.86 +£0.63 27.20 £ 0.30
KNN [23] 7371+031 46.64+0.73  60.18£0.52 | 2446+1.06 24.45+0.29 3290+ 1.12 27.27 £0.75
DICE [25] 70.84+030 5291+£120 61.88+0.67 | 29.66+2.62  40.96 +1.87 3891+1.16 36.51 £ 1.18
RankFeat [22] 90.79+0.37  93.32+0.11 92.06+0.23 | 98.00+0.80  99.40 +0.68 95.77 £0.85 97.72 £0.75
ASH [4] 72.14+097 57.63+£098  64.89+0.90 | 2249+224  25.65+0.80 33.72+0.97 27.29 +1.12
SHE [31] 72.64+030 60.96+133  6680+0.74 | 34.38+3.48  4558+242 46.54 +1.34 42.17+1.24
GEN [18] 66.79+026  43.61+£0.61 5520+0.20 | 22.03+0.98  42.01+0.92 32.25+0.31 32.10 £0.59
ExCeL [12] 69.28+0.60 46.51+0.20 57.90+0.40 | 22.29+1.00 30.14 +0.64 3291 +0.76 28.45 +0.80

Training methods without outliers

RankOOD (Ours) | 60.68 +0.61 39.43+0.99 50.05+0.16 | 19.42+0.71 33.81+0.95 29.97 + 0.56 27.73 £ 0.33

CRAFT [13] 69.07+039 40.40+1.13 54.62+0.57 | 2489133 38.73£4.55 3348 +1.74 32.67£1.13
ConfBranch [3] 7224+037  50.63+0.60 61.44+0.34 | 23.84+040 4242+227 37.99 +0.09 34.75 +0.63
G-ODIN [9] 7823+0.70  61.52+£0.64 69.87+046 | 26.13+0.77 2898 +1.15 35.43 £0.43 30.18 £0.49
CSI[26] N/A N/A N/A N/A N/A N/A N/A

ARPL [2] 65.73+0.51 4575+0.89 5574£0.70 | 29.32+0.64  42.87+1.09 37.20 + 0.69 36.46 +0.08
MOS [11] 7435+032 68.85+0.68 71.60+048 | 49.55+0.73 51.27+1.02 53.86 +0.30 51.56 £0.42
LogitNorm [28] 67.46+021 4546+0.69 56.46+0.37 | 15.70+0.61  32.13 +0.67 30.49 + 0.62 26.11 £ 0.52
CIDER [19] 75.50+0.68 44.69+0.88  60.10+0.73 | 26.54+2.27  31.51+3.68 32.47 +2.40 30.17 £2.75

Training methods with outliers

OE [7] 64.67 +0.25 39.93+1.13 5230+0.67 | 27.03+047 41.92+1.69 33.56 +0.46 34.17 £0.56
MCD [30] 65.69+0.36 43.74+132 54.71+0.83 | 21.74+0.31 38.11+0.93 29.93 +0.19 29.93 +£0.30
UDG [29] 7584+186 6194161 68.89+1.72 | 49.26+7.88  71.94+5.25 64.92 £5.07 62.04 £5.99

MixOE [32] 6826+048  47.69+£095 57.97+040 | 30.84+045 51.44+0.61 40.51 +1.06 40.93 £0.29




Table 5. AUROC (% 7) of various methods for different OOD datasets when TinylmageNet is ID. For each
column, the top five methods are marked in bold. Note that N/A indicates that results are not reported in
OpenOOD. RankOOD ranks within the top three methods in two out of three far-OOD datasets while achieving
SOTA performance in near-OOD setting.

Method Near OOD Far OOD
SSB-hard NINCO Average iNaturalist Textures Openlmage-O Average
Post-hoc inference methods

OpenMax [1] 7753 +0.08 83.01+0.17 8027+0.10 | 92.32+0.32  90.21 £0.07 88.07£0.14 90.20 £ 0.17
MSP [6] 80.38+£0.03  86.29+0.11 83.34+0.06 | 92.80+025 88.36+0.13 89.24 +£0.02 90.13 +0.09
TempScale [5] 80.71+£0.02  86.67£0.08 83.69+0.04 | 93.39+0.25 89.24+0.11 89.84 £ 0.02 90.82 +0.09
ODIN [16] 77.19+£0.06  83.34+0.12 80.27+0.08 | 94.37+0.41  90.65+0.20 90.11 £0.15 91.71 £0.19
MDS [15] 58.38+0.58 6548+046 61.93+0.51 75.03+0.76  79.25+£0.33 69.87 £0.14 74.72 £0.26
MDSEns [15] 50.46+036  58.18£0.42 5432+0.24 | 62.16+0.73  80.70 £ 0.48 64.96 +0.51 69.27 £ 0.57
RMDS [20] 80.20+0.23  84.94+0.28  82.57+025 | 90.64+0.46  86.77 +0.38 86.77£0.22 88.06 + 0.34
Gram [21] 6595+1.08 69.40+£1.07 67.67+1.07 | 6530+£0.20 80.53 +£0.37 67.72 £ 0.58 71.19+£0.24
EBO [17] 79.83+0.02  85.17+0.11 82.50£0.05 | 92.55+0.50 90.79 £0.16 89.23 £0.26 90.86 +0.21
OpenGAN [14] 5508 +1.84 64.49+£498 59.79+3.39 | 7532+3.32  70.58 £4.66 73.54 £4.48 73.15 £4.07
GradNorm [10] 72.12+043  73.39+0.63  72.775+0.48 86.06+1.90  86.07£0.36 80.66 + 1.09 84.26 +0.87
ReAct [24] 7897+133  84.76+0.64 81.87+0.98 | 93.65+0.88  92.86 +0.47 90.40 + 0.35 92.31 + 0.56
MLS [8] 80.15+£0.01 85.65+0.09 8290+0.04 | 93.12+0.45  90.60 +0.16 89.62 £ 0.21 91.11 £0.19
KLM [8] 7756 +0.18 83.96+0.12 80.76+0.08 | 91.80+0.21 86.13£0.12 87.66 £0.17 88.53 £0.11
VIM [27] 74.04 £0.31 83.32+0.19 78.68+0.24 | 90.96+0.36  94.61 £0.12 88.20 £ 0.18 91.26 £0.19
KNN [23] 77.03+023  86.10+0.12 81.57+0.17 | 93.99+0.36  95.29 +0.02 90.19 + 0.32 93.16 + 0.22
DICE [25] 79.06+0.05 84.49+024 81.78+0.14 | 91.81+0.79 91.53+0.21 89.06 +0.34 90.80 + 0.31
RankFeat [22] 58.74+094  55.10£252  56.92+1.59 33.08 £4.68  29.10+2.57 52.48 £4.44 38.22£3.85
ASH [4] 79.52+0.37 85.24+0.08 82.38+0.19 | 95.10+0.47 94.77 £0.19 91.82 +£0.25 93.90 + 0.27
SHE [31] 78.30+0.20  82.07+0.33  80.18+0.25 | 9143+1.28 90.51+0.19 87.49 £0.70 89.81 £0.61
GEN [18] 80.75+0.03 86.60+0.08 83.68+0.06 | 93.70+0.18 90.25+0.10 90.13 +0.06 91.36 £0.10
ExCeL [12] 79.39+0.03 8540+0.04 8240+0.04 | 93.76+0.43  92.40+0.05 89.75+0.32 91.97 +0.27

Training methods without outliers

RankOOD (Ours) | 82.57+0.28 88.04+0.26 85.30+0.18 | 94.69+0.17 90.85+0.14 90.89 + 0.25 92.14 +0.20

CRAFT [13] 80.70+0.18  86.74 £0.84 83.65+0.41 | 92.85+0.66  89.94+0.49 89.85+£0.46 90.88 +0.89
ConfBranch [3] 75.01+035 83.19+0.14  79.10+£0.24 | 93.40+0.09 89.64 +£0.52 88.26 +0.07 90.43 +0.18
G-ODIN [9] 7294+0.05 81.63+£0.21 7728+0.10 | 93.12+0.21  93.67 £0.21 90.18 £0.15 92.33 +0.11
CSI[26] N/A N/A N/A N/A N/A N/A N/A

ARPL [2] 7924 +0.14  84.81+£0.07 82.02+0.10 | 91.54+0.05 88.11+0.34 88.04 +£0.20 89.23 +0.11
MOS [11] 66.54+049  73.14+047 69.84+£046 | 79.69+138  81.38+0.75 80.29 £ 0.68 80.46 £0.92
LogitNorm [28] 78.42+023  86.90+0.07 82.66+0.15 | 96.26+0.20 91.85+0.21 91.01 £ 0.27 93.04 +0.21
CIDER [19] 76.04 +2.37  85.13+1.13  80.58+1.75 | 90.69+2.13 9238 +1.35 88.92 + 1.58 90.66 + 1.68

Training methods with outliers

OE [7] 82.34+0.16 87.35+0.23 84.84+0.16 | 90.30+0.16 87.76+0.32 89.01 £0.24 89.02+0.18
MCD [30] 81.51+0.14 85.74+0.07 83.62+0.09 | 90.83+0.10  86.87+0.12 89.12+£0.18 88.94 £0.10
UDG [29] 7073 +1.74  77.88+£156 7430+1.63 | 8595+297 81.79+257 78.54 £2.98 82.09 £2.78

MixOE [32] 80.23£0.15 85.01+0.10 82.62+0.03 | 90.64+0.36  86.80£0.45 87.36 £ 0.49 88.27 £0.41




Table 6. FPR95 (% J) of various methods for different OOD datasets when CIFAR-100 is ID. For each column, the top
five methods are marked in bold. RankOOD ranks within the top four methods in four out of six OOD datasets while
achieving second best average FPR9S5 for both near- and far-OOD detection.

Method Near OOD Far OOD
CIFAR-10 TIN Average MNIST SVHN Textures Places365 Average
Post-hoc inference methods

OpenMax [1] 60.17+097  5299+0.51 5658+0.73 | 53.82+4.74 5320+1.78 56.12+191 54.85+1.42 54.50+0.68
MSP [6] 5891+0.93 50.70+0.34 54.80+0.33 | 57.23+4.68 59.07+2.53 61.88+128  56.62+0.87  58.70 +1.06
TempScale [5] 58.72+0.81 50.26+£0.16 54.49+0.48 | 56.05+4.61 5771 +£2.68 61.56+£1.43 5646+094 57.94+1.14
ODIN [16] 60.64 £0.56  55.19+£0.57 57.91+0.51 4594+£329 67.41+388 6237+£296 59.71+£0.92  58.86+0.79
MDS [15] 88.00+0.49  79.05+122 83.53+0.60 | 71.72+£294  67.21+6.09 7049248  79.61+£0.34 7226+ 156
MDSEns [15] 95.94+0.16 95.82+0.12  95.88+0.04 2.83 +0.86 82.57+258 84.94+0.83 96.61+0.17 66.74 +1.04
RMDS [20] 61.37+024  49.56+£0.90  55.46+0.41 52.05+628 51.65+£3.68 5399+1.06 53.57+043 52.81+0.63
Gram [21] 9271 +£0.64 91.85+0.86 9228+0.29 | 53.53+745 20.06+1.96 89.51+£254 94.67+0.60 64.44+2.37
EBO [17] 59.21+0.75  52.03+£0.50  55.62+0.61 52.62+383 53.62+3.14 6235+2.06 5775+086  56.59+1.38
OpenGAN [14] 78.83+394 7421125 7652£259 | 63.09+233 7035+£2.06 7477+1.78  73.75+832 7049 +7.38
GradNorm [10] 84.30+0.36 86.85+0.62 8558+0.46 | 8697+1.44 69.90+7.94 9251 +0.61 85324044  83.68+1.92
ReAct [24] 61.30+£043 5147+047 5639+0.34 | 56.04+5.66 5041+2.02 5504+082 5530+041 5420+1.56
MLS [8] 59.11+0.64 51.83+£0.70 5547+0.66 | 5295+3.82 5390+3.04 62.39+2.13 57.68+0091 56.73 £ 1.33
KLM [8] 84.77+£295 71.07+059  77.92+1.3] 73.09+6.67 5030+7.04 81.80+5.80 81.40%1.58  71.65+2.01
VIM [27] 70.59+043  54.66+042 62.63+0.27 | 4832+1.07 4622+546 46.86+2.29 61.57+0.77 50.74 +£1.00
KNN [23] 72.80+0.44  49.65+037 6122+0.14 | 4858+4.67 51.75+£3.12 5356+2.32 60.70+1.03  53.65+0.28
DICE [25] 6098 +1.10 5493+£0.53 5795+0.53 | 51.79+3.67 49.58+332 64.23+£1.65 5939+125  56.25+0.60
RankFeat [22] 8278 +£1.56 7840+0.95 80.59+1.10 | 75.01 £5.83 58.49+230 66.87+3.80 77.42+196 69.45+1.01
ASH [4] 68.06+0.44  6335+090 6571+£0.24 | 66.58+3.88 46.00£2.67 61.27+274 6295+099  59.20+2.46
SHE [31] 60.41 +£0.51 57.74+0.73  59.07£0.25 5878 +2.70  59.15+£7.61  7329+322  6524+098 64.12+2.70
GEN [18] 5887 +0.69 49.98+0.05 54.42+0.33 | 53.92+571 5545+276 61.23+140 56.25+1.01 56.71 £ 1.59
ExCeL [12] 61.07 +£0.81 4935+0.31 5521+£0.56 | 54.67+586 4513+0.33 51.14+0.14 58.02+1.28  52.24+1.90

Training methods without outliers

RankOOD (Ours) | 55.71+1.92 4947+0.80 52.59+0.75 | 42.25+2.92 3921+159 52.88+1.89 5540+047 47.44+0.80

CRAFT [13] 59.19+0.64 48.26+1.21 53.73+£0.62 | 4895+1.90 4750+£522 5697+1.77 54.02+0.30 51.86 +0.49
ConfBranch [3] 7456+122 6586+056 7021+0.83 | 5595+6.15 76.01+123 8543+1.17 69.90+028  71.82+3.39
G-ODIN [9] 78.82+1.86 56.34+£045 67.58+098 | 27.19+6.24 42.68+574 3583+1.15 6503+1.16 42.68 +3.19
CSI [26] 72.62+049  6790+0.64 7026+0.56 | 80.54+4.87 6721£335 90.51+147 69.41+058 76.92+1.29
ARPL [2] 64.84+125 5827+240 61.56+1.81 59.12+8.04 5976 £1.58 71.66+1.81 62.01+089  63.14+2.53
MOS [11] 60.60+1.47 51.49+0.69  56.05+1.01 52770 +3.81 56.33+846 61.24+2.06 5886+041 57.28+3.29
LogitNorm [28] 73.88+121 51.89+£0.10 62.89+0.57 | 3412+8.32 4752+8.02 7738+£299 5544+145 53.61%£3.45
CIDER [19] 8271125 61.33+0.64 72.02+0.31 7532 +4.21 17.82+£2.80 54.43+256  69.30 +1.81 5422 +£1.24
Training methods with outliers
OE [7] 61.26 +0.22 0.21 +0.01 30.73+£0.11 | 53.31+991 51.84+345 5583+1.82 5830+0.72  54.82+2.79
MCD [30] 62.65+0.54 49.10+1.29 5588+0.85 | 62.78+291 43.71+3.73 56.89+0.64 54.17+1.13 5439+1.34
UDG [29] 66.40 +0.51 56.43+0.68 61.42+048 | 4514+128 59.67+5.62 7133£3.59 59.85+0.57  59.00+3.35

MixOE [32] 61.12+1.08 4932036 5522+049 | 5949+7.74 73.09+£4.00 66.04+098 56.93+0.78  63.88+2.48




Table 7. AUROC (% 1) of various methods for different OOD datasets when CIFAR-100 is ID. For each column, the top
five methods are marked in bold. RankOOD ranks within the top four methods in three out of five far-OOD detection

scenarios.
Method Near OOD Far OOD
CIFAR-10 TIN Average MNIST SVHN Textures Places365 Average
Post-hoc inference methods
OpenMax [1] 7438 +037  7844+0.14 76.41+£0.25 76.01 +1.39  82.07+1.53 80.56+0.09 79.29+0.40 79.48 +0.41
MSP [6] 78.47+0.07  82.07+0.17 80.27+0.11 76.08+1.86  7842+0.89 7732+0.71 7922+029 77.76+0.44
TempScale [5] 79.02+0.06 82.79+£0.09 8090+0.07 | 77.27+1.85 79.79+1.05 7811+£0.72 79.80+0.25 78.74+0.51
ODIN [16] 78.18 £0.14  81.63+£0.08  79.90 +0.11 83.79 £ 1.31 7454076  79.33£1.08 7945+0.26 79.28+0.21
MDS [15] 55.87+022 61.50+0.28 58.69+0.09 | 67.47+0.81 70.68 +6.40  76.26+0.69  63.15£049  69.39 +1.39
MDSEns [15] 4385+0.31 48.78+0.19 46.31+0.24 | 9821+0.78 53.76+1.63 69.75+1.14 4227+0.73  66.00 +0.69
RMDS [20] 77.75+£0.19  82.55+0.02  80.15+0.11 79.74+249  84.89+1.10 83.65+0.51 83.40+0.46 82.92+0.42
Gram [21] 49.41 £0.58 5391 +1.58 51.66 £ 0.77 80.71 £4.15 95.55 + 0.60 70.79 £ 1.32 46.38 +1.21 73.36 +1.08
EBO [17] 79.05 +0.11 8276 £0.08  80.91+0.08 | 79.18+1.37 82.03+1.74 7835+£0.83 79.52+0.23  79.77 £0.61
OpenGAN [14] 63.23+244  68.74+229 6598+126 | 68.14+188 6840£2.15 6584+343 69.13+£7.08 67.88+7.16
GradNorm [10] 70.32+020 69.95+0.79 70.13+£047 | 6535+1.12 7695+473 6458+0.13 69.69+0.17 69.14 +1.05
ReAct [24] 78.65+0.05  82.88+0.08  80.77 £0.05 7837+159 83.01+097 80.15+046 80.03+0.11 80.39+0.49
MLS [8] 79.21+£0.10 8290+0.05 81.05+0.07 | 7891147 81.65+149 7839+084 79.75+£0.24  79.67 £0.57
KLM [8] 7391+025 79.22+£0.28  76.56+0.25 74.15+259  79.34+£044 7577+£045 7570+0.24  76.24 £0.52
VIM [27] 7221+041 7776 +0.16 7498 £0.13 81.89+1.02 83.14+£3.71 8591+0.78 75.85+0.37 81.70+0.62
KNN [23] 77.02+025 83.34+0.16 80.18+0.15 8236+152 8415+1.09 83.66+0.83 79.43+047  82.40+0.17
DICE [25] 78.04+032  80.72+0.30 79.38+0.23 | 79.86+1.89 8422+2.00 77.63+034 7833+0.66 80.01+0.18
RankFeat [22] 58.04+236 6572+£022 61.88+1.28 | 63.03+3.86 72.14+139 69.40+3.08 63.82+1.83 67.10+£1.42
ASH [4] 76.48+030  79.92+0.20  78.20£0.15 7723 +046 85.60+1.40 80.72+0.70 78.76+0.16  80.58 +0.66
SHE [31] 78.15+0.03  79.74+036  7895+0.18 | 76.76+1.07 8097+£398 73.64+128 7630+0.51 76.92+*1.16
GEN [18] 79.38+0.04 83.25+0.13 81.31+0.08 | 7829+2.05 81.41+£150 78.74+081 80.28+0.27 79.68 +£0.75
ExCeL [12] 78.14+0.09 83.26+0.03 80.70+0.06 | 7899+1.73 8591+0.73 83.28+0.58 7998 +0.57 82.04 +£0.90
Training methods without outliers
RankOOD (Ours) | 78.84+0.79  82.50+0.39  80.67+0.40 | 84.00+2.15 87.75+1.25 82.04+0.70 80.73+0.46  83.63 +1.06
CRAFT [13] 78.67+0.21  83.14+0.73  80.90£0.33 80.34+1.84 8516+1.15 8091+045 81.71+0.12 82.03+0.34
ConfBranch [3] 68.80+0.73  7441+054 71.60+0.62 | 7429+444  6551+£8.07 6539+0.16 7042+0.26 68.90+1.83
G-ODIN [9] 73.04+039 81.26+£0.29 77.15+0.28 | 91.15+2.86 83.74+3.10 89.62+0.36 78.17+0.62  85.67 £1.58
CSI [26] 69.50+043  73.40+£0.13 7145+0.27 | 51.79+£6.77 8024+180 62.22+098 70.99+0.54 66.31+1.21
ARPL [2] 7338+0.78 7650+ 1.11  7494+£093 | 73.77+5.89 7645100 69.93+133 74.62+0.57 73.69+1.80
MOS [11] 78.54+0.13  82.26+0.25 80.40+0.18 80.68 £1.65 81.59+3.81 79.92+057 7850+0.34 80.17+1.21
LogitNorm [28] 7457+039  82.37+0.24  78.47+0.31 90.69 +1.38  82.80+4.57 7237+0.67 80.25+0.61 81.53+1.26
CIDER [19] 67.55+0.60 78.65+035 73.10+0.39 | 68.14+398 97.17+0.34 8221+193 7443+0.64  80.49 +0.68
Training methods with outliers

OE [7] 76.70+£0.19  99.89+0.02 88.30+0.10 | 80.68+5.82 8437+1.34 82.18+0.68 7839041 81.41+1.49
MCD [30] 75.40+046  78.75+0.21 77.07+032 | 6825+199 7592+037 77.07+£0.76  77.65+0.09  74.72+0.78
UDG [29] 75.15+0.15  80.90 £0.21 78.02+0.10 | 83.88+5.98 79.80+1.61 75.57+0.80  79.11£0.17  79.59+1.77
MixOE [32] 78.17+029  83.73+0.12 80.95+0.20 | 76.06+552 7228+0.81 77.34+091 79.92+0.30 7640+ 1.44




Table 8. FPR95 (% J) of various methods for different OOD datasets when CIFAR-10 is ID. For each column, the top
five methods are marked in bold. RankOOD ranks within the top five methods in two out of three near-OOD detection

scenarios.
Method Near OOD Far OOD
CIFAR-100 TIN Average MNIST SVHN Textures Places365 Average
Post-hoc inference methods
OpenMax [1] 48.06 £325 39.18+1.44  43.62+227 | 2333+4.67 2540147 31.50+£4.05 3852+227 29.69+1.21
MSP [6] 53.08+4.86 43.27+3.00 48.17+£3.92 | 23.64+581 2582+1.64 3496+4.64 4247 +381 31.72+1.84
TempScale [5] 55.81+5.07 46.11+£3.63 5096+432 | 2353+£7.05 2697+265 38.16+£5.89 4527+450 33.48+2.39
ODIN [16] 77.00+5.74  7538+6.42 76.19+6.08 | 23.83+123 68.61+0.52 67.70+11.1 7036 £6.96  57.62+4.24
MDS [15] 5281 +3.62 46.99+436 4990+£398 | 27.30+3.55 2596£252 27.94+420 47.67+4.54 3222+3.40
MDSEns [15] 91.87+0.10  92.66+0.42 9226 +0.20 1.30 + 0.51 7434+1.04 76.07+0.17 94.16+0.33  61.47+0.48
RMDS [20] 4386+349 3391+139 38.89+239 | 21.49+232 2346+148 2525+0.53 31.20+028 25.35+0.73
Gram [21] 91.68+224  90.06+1.59  90.87 +1.91 7030+896  3391+174  94.64+2.71 9049 +193  72.34+6.73
EBO [17] 66.60+4.46  56.08+4.83 61.34+4.63 | 2499+129 3512+6.11 51.82+6.11 54.85+6.52  41.69+£5.32
OpenGAN [14] 94.84+383  94.11+4.21 9448 £4.01 79.54+19.7  7527+269 8395+149 9532+445 83.52%11.6
GradNorm [10] 94.54 +1.11 94.89+0.60 94.72+0.82 | 8541+485 91.65+242 98.09+049 9246+228 91.90+2.23
ReAct [24] 67.40+734  59.71+731 6356+7.33 | 33.77+18.0 5023+159 5142+114 4420+3.35 4490 +8.37
MLS [8] 6659 +4.44  56.06+£4.82 61.32+4.62 | 25.06+129 3509+6.09 51.73+£6.13 5484 +6.51 41.68 £5.27
KLM [8] 90.55+5.83 85.18+7.60 87.86+6.37 | 76.22+12.1 59.47+7.06 81.95+£995 9558+2.12 7831+4.84
VIM [27] 49.19+£3.15 4049+155 44.84+231 18.36 + 1.42 19.29+041 21.14+1.83 4143+£2.17 25.05+0.52
KNN [23] 37.64+031  30.37+0.65 3401+0.38 | 2005+136 2260+126 24.06+055 30.38+0.63 24.27+0.40
DICE [25] 7371+£7.67 6637+7.68 70.04+£7.64 | 30.83+10.5 3661474 6242+479 T77.19+12.6 51.76+4.42
RankFeat [22] 6532+348 56.44+£576 60.88+4.60 | 61.86+12.8 6449+738 59.71+£9.79 4370+7.39 57.44+£7.99
ASH [4] 87.31+2.06 8625+1.58 86.78+1.82 | 70.00+10.6 83.64+648 8459174 77.89+£7.28  79.03+422
SHE [31] 81.00+3.42  7830+£3.52  79.65+347 | 4222+206 62.74+4.01 84.60+530 7636+5.32  66.48 +598
GEN [18] 58.75+397  4859+234  53.67+3.14 | 23.00+7.75 28.14+£259 40.74+6.61 47.03+3.22 3473+1.58
ExCeL [12] 71.16 134  61.42+£0.26  66.55+0.43 1546 £1.89 31.78+3.65 53.67+2.19 55.09+1.12 40.03+0.84
Training methods without outliers
RankOOD (Ours) | 35.42+0.65 28.01+1.41  31.72+0.67 17.18 +4.09 1575+320  22.66+539 2827+0.83  20.96+2.55
CRAFT [13] 36.61 £2.93  27.28+0.09 3194+ 141 17.13 +0.99 1458 +4.62  20.78+0.04 25.12+0.15 19.40 +0.88
ConfBranch [3] 3444+0.81 2811+0.61 31.28+0.66 | 1579+2.00 14.06+0.84 2724+1.32 2885+1.03 21.48+094
G-ODIN [9] 4886 £291  4221+2.18  4554+2.52 4.53 +2.08 10.72£0.88  27.27+6.73  4330+3.57 21.45+1091
CSI [26] 37.57+0.89 29.74+£042 33.66+0.64 | 2441157 1756 £0.12  2895+1.33  3476+152 2642+0.29
ARPL [2] 4338+£0.37 37.28+1.21 40.33+0.70 | 21.49+2.03 35.68+348 3519%£1.79 3721+080 32.39+0.74
MOS [11] 79.38+5.06  78.05+6.69 7872+£5.86 | 6595+17.5 57779+£579  76.78+386  51.09+1.33  62.90 +6.62
LogitNorm [28] 3437+1.30 2430+0.54 29.34 +0.81 3.93+1.99 8.33+1.78 21.94+0.85 21.04+0.71 13.81+0.20
CIDER [19] 35.60+0.78 28.61+1.10 32.11+0.94 | 24.76 £2.82 8.04 + 0.43 25.05+329 25.03+1.36  20.72 + 0.85
Training methods with outliers

OE [7] 36.71 £2.06 297 £1.17 19.84 £0.95 | 24.67+2.55 1.25+0.36 12.07 +2.14 14.53+2.80 13.13+0.53
MCD [30] 3436 +0.37 2598+0.44  30.17+0.06 | 62.11£11.8 19.43£593  2251+5.16 2410+1.58  32.03+4.21
UDG [29] 40.75+£0.69 29.93+127  3534+£0.95 16.61 £5.14 1739+£7.87 19.70+1.89 27.70+1.80 20.35+241
MixOE [32] 58.29+825 44.62+7.57 5145+7.78 | 3828+134 2036+£3.99 33.19+428 43.54+495 33.84+4.77




Table 9. AUROC (% 1) of various methods for different OOD datasets when CIFAR-10 is ID. For each column, the
top five methods are marked in bold. RankOOD achieves on par performance compared to CRAFT, a class rank based

method.
Method Near OOD Far OOD
CIFAR-100 TIN Average MNIST SVHN Textures Places365 Average
Post-hoc inference methods
OpenMax [1] 86.91 +£0.31 88.32+0.28 87.62+£0.29 | 90.50+0.44  89.77+£045 89.58+0.60 88.63+0.28  89.62+0.19
MSP [6] 87.19+0.33  88.87+0.19 88.03+025 | 92.63+1.57 91.46+040 89.89+0.71 88.92+0.47  90.73+0.43
TempScale [5] 87.17+0.40  89.00+0.23  88.09 +£0.31 93.11+1.77 91.66+£0.52  90.01+0.74  89.11+£0.52  90.97 +£0.52
ODIN [16] 82.18+1.87 83.55+1.84 8287+1.85 9524+196  84.58+0.77 86.94+226 8507+1.24  87.96+0.61
MDS [15] 83.59+2.27 84.81£253 84.20+240 | 90.10+2.41 91.18+047  92.69+1.06 8490+2.54  89.72+1.36
MDSEns [15] 61.29+023  59.57+0.53 6043+£0.26 | 99.17+041 6656+0.58 77.40+028 5247+0.15 73.90+0.27
RMDS [20] 88.83+0.35 90.76+£0.27 89.80+028 | 9322+0.80 91.84+026 92.23+0.23 91.51+0.11 9220+0.21
Gram [21] 58.33+4.49 5898+5.19 58.66+4.83 | 72.64+234 91.52+445 62.34+827 6044 +341 71.73 £3.20
EBO [17] 8636 £0.58 88.80+0.36 87.58+0.46 | 9432+253 91.79+098 89.47+0.70 89.25+0.78  91.21 £0.92
OpenGAN [14] 5281 +7.69 54.62+7.68 5371+£7.68 | 56.14+24.1 5281£27.6 56.14+183 5334579 5461%155
GradNorm [10] 5443+159 5537+041 5490+098 | 63.72+737 5391+£6.36 52.07+4.09 60.50+533 57.55+3.22
ReAct [24] 85.93+0.83  8829+044 87.11+0.61 92.81+3.03 89.12+£3.19 89.38+1.49 9035+0.78  90.42 +1.41
MLS [8] 86.31+£0.59 88.72+0.36  87.52+047 | 94.15+248 91.69+0.94 89.41+0.71 89.14£0.76  91.10+£0.89
KLM [8] 77.89+0.75 80.49+0.85 79.19+0.80 | 85.00+2.04 8499+1.18 8235+0.33 7837+0.33 82.68+0.21
VIM [27] 87.75+0.28  89.62+0.33  88.68+028 | 9476+0.38 94.50+048 95.15+0.34 89.49+0.39 93.48+0.24
KNN [23] 89.73+0.14 91.56+0.26 90.64+0.20 | 9426+0.38 92.67+0.30 93.16+024 91.77+023 9296 +0.14
DICE [25] 77.01+£0.88  79.67+£0.87 7834+0.79 | 90.37+597 90.02+1.77 81.86+£235 74.67+498 84.23+1.89
RankFeat [22] 7798 £224  80.94+£280 79.46+252 | 75.87+522 68.15+7.44 73.46+£649 8599+3.04 75.87+5.06
ASH [4] 7411+155 7644061  7527+1.04 | 83.16+4.66 73.46+641 7745+239 79.89+3.69 7849 +2.58
SHE [31] 80.31+0.69 8276 +043  81.54+0.51 90.43+476  86.38+132 81.57+1.21 82.80+1.22 8532+143
GEN [18] 8721+036 89.20+£0.25 88.20+030 | 93.83+2.14 91.97+0.66 90.14+0.76 89.46+0.65 91.35+0.69
ExCeL [12] 8531+0.26 88.48+0.19 86.89+023 | 9587+045 91.40+£143 89.66+0.64 89.84 +£0.41 91.69 +0.18
Training methods without outliers
RankOOD (Ours) 89.11+0.24 91.32+0.58  90.21 £0.41 9395+223 9470+£1.03 92.63+1.53 91.51+£036 93.19+0.84
CRAFT [13] 90.18+0.14  92.04+0.06 91.11+0.04 | 9459+0.02 9494+1.10 93.46+029 92.77+0.10 93.94+0.20
ConfBranch [3] 88.91+0.25 90.77+£0.25 89.84+024 | 9449+0.77 9542+0.35 91.10+£041 9039+040 92.85+0.29
G-ODIN [9] 88.14£0.60  90.09+0.54  89.12+0.57 | 9895+0.53 97.76+£0.14 95.02+1.10 90.31+£0.65 95.51+0.31
CSI [26] 88.16£0.16  90.87+0.23  89.51+0.19 | 9255+1.15 95.18+045 90.71+0.44  89.56 +£0.51 92.00 +0.30
ARPL [2] 86.76 £0.16  88.12+0.14  87.44+0.15 92.62+0.88  87.69+097 8857+043 8839+0.16 89.31+0.32
MOS [11] 70.57+3.04  72.34+3.16 71.45+£3.09 | 7481+10.1 73.66+9.14 70.35+3.11 86.81 +1.85 76.41+593
LogitNorm [28] 90.95+0.22 93.70+0.06 92.33+0.08 | 99.14+045 9825+041 9477+043 9479016 96.74 + 0.06
CIDER [19] 89.47+0.19 91.94+0.19 90.71+0.16 | 93.30+1.08 98.06+0.07 93.71+0.39 93.77+0.68 94.71 + 0.36
Training methods with outliers

OE [7] 90.54+0.53 99.11+0.34 94.82+0.21 | 90.22+131 99.60 +0.14 97.58+0.27 96.58+0.70  96.00 + 0.13
MCD [30] 89.88+0.07 92.18+0.18 91.03+0.12 | 84.22+2.10 93.76+230 9335+£130 92.66+036 91.00+1.10
UDG [29] 88.62+0.32 91.20+0.20  89.91+0.25 95.81+1.52 9455+£227 93.92+044 91.97+0.41 94.06 + 0.90
MixOE [32] 87.47+097 90.00+0.73 88.73+0.82 | 91.66+221 9382+127 91.84+051 90.38+0.55 91.93+0.69
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Figure 3. CIFAR-10 Conditional probability matrix (CP) of rank
position i given that all prior ranks have been correctly predicted
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