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Experimental Results

L OO0D score
"N 294=FPRI5
OO0D Datasets
Model Methods iNaturalist SUN Places Textures Average
FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC
1 T l T 1 T 1 T 1 T
MSP [13] 54.99 87.74 70.83 80.86 73.99 79.76 68.00 79.61 66.95 81.99
ODIN [31] 47.66 89.66 60.15 84.59 67.89 81.78 50.23 85.62 56.48 85.41
ResNet Mahalanobis [29] 97.00 52.65 98.50 42.41 98.40 41.79 55.80 85.01 87.43 55_.47r
’ Energy [33] 55.72 89.95 59.26 85.89 64.92 82.86 53.72 85.99 58.41 86.17
ReAct (Ours) 20.38 96.22 24.20 94.20 33.85 91.58 47.30 89.80 31.43 92,95
MSP [135] 64.29 85.32 77.02 77.10 79.23 76.27 73.51 77.30 73.51 79.00
ODIN [31] 55.39 87.62 54.07 85.88 57.36 84.71 49.96 85.03 54.20 85.81
MobileNet Mahalanobis [29] 62.11 81.00 4?.82 86.33 52.09 83.63 02.38 33.06 63.60 71.01
Energy [33] 59.50 88.91 62.65 84.50 69.37 31.19 58.05 85.03 62.39 84.91
ReAct (Ours) 42.40 91.53 47.69 88.16 51.56 86.64 38.42 91.53 45.02 89.47

Table 1: Main results. Comparison with competitive post hoc out-of-distribution detection methods. All
methods are based on a model trained on ID data only (ImageNet-1k), without using any auxiliary outlier data.
T indicates larger values are better and | indicates smaller values are better. All values are percentages.
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Experimental Results

: ID: CIFAR-100 ID: ImageNet
Layers of applying ReAct —pppos T~ AUROCTFPRYS |~ AUROCT
Layerl 90.86 68.17 84.83 74.88
Layer2 84.12 75.32 76.25 79.37
Layer3 734 80.91 63.87 86.46
Rectification percentile | FPR95 | AUROC t AUPR t IDACC. 1 Rectification threshold ¢ Layf:r4 (Rﬁ AC[} 5961 87.48 31.43 92.95
No ReAct [33] 58.41 86.17 96.88 75.08 00
p=99 44.57 90.45 97.96 75.12 2.25 No ReAct [33] 71.93 82.82 58.41 86.17
p=295 35.39 92.39 98.37 74.76 1.50
p=90 31.43 92.95 98.50 73.75 1.00
p=85 34.08 92.05 98.35 72.91 0.84
p=280 41.51 89.54 97.91 71.93 0.72
p=065 74.62 74.14 94.39 67.14 0.50 Layer1 Layer2
p=10 74.70 57.55 86.06 1.22 0.06 || l
Table 2: Effect of rectification threshold for inference. Model is trained on ImageNet using ResNet-50 [11]. All 1WA s i VA Ay AL AP MAAA bt Mo s iind g
numbers are percentages and are averaged over 4 OOD test datasets. 5
2
i3]
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Further Analysis
z — Eiy,[2]

Y+
/ Varip[z] + € !

BatchNorm(z; 7, 3,¢) =

Using True Statistics

Using False Statistics

Unit Activation

Unit Indices

Figure 4: The distribution of per-unit activations in the penultimate layer for OOD data (iNaturalist) by using
true (top) vs. mismatched (bottom) BatchNorm statistics for OOD data.

Method iNaturalist Places SUN Textures

Oracle (batch OOD for estimating BN statistics) 99.59 099.09 98.32 01.43

ReAct (single OOD) 96.22 9420 91.58 89.80

No ReAct [33] 89.95 85.80  82.86 85.99
Table 4: Comparison with oracle using OOD BN statistics. Model is trained on ImageNet (see Section 4.1).
Values are AUROC.
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Figure 7: We show the distributions of the two summations decomposed from the L;-norm of the last layer
gradient, for both in-distribution data (blue) and out-of-distribution data (gray).

iNaturalist SUN Places Textures Average
Method FPR95S AUROC| FPRY95 AUROC| FPR95 AUROC| FPRY95S AUROC| FPRY95 AUROC
\ T 1 T \: T 4 T 1 T
U (feature space) 71.84 74.33 61.90 78.74 76.42 72.75 67.84 72.77 71.00 74.65
V (output space) 66.14 88.45 69.49 83.13 75.95 78.98 81.13 76.06 73.18 81.66
46.48 89.03 60.86 84.82 61.42 81.07 54.70 86.31

U - V (Joint space) 50.05 90).33
Table 5: OOD detection performance using the decomposed U (feature space) and V' (output space) as scoring

functions. Model is ResNetv2-101 trained on ImageNet-1k [6].
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Experimental Results

Method iNaturalist SUN Places Textures Average
Space Method FPR9S AUROC | FPRY5S AUROC | FPR95 AUROC | FPR95 AUROC | FPR95S AUROC
°P ! 1 I g ! 1 I 0 ! 1
MSP [13] 63.69 87.59 7998 78.34 81.44 76.76 82.73 74.45 7696 79.29
Output ODIN [26] 62.69 89.36 71.67 83.92 76.27 80.67 81.31 76.30 7299 82.56
Energy [28] 6491 88.48 65.33 R85.32 73.02 81.37 80.87 75.79 71.03 8274
Feature | Mabhalanobis [25] | 06.34 46.33 | 88.43 65.20 | 8075 64.46 | 52.23  72.10 | 81.69 62.02
Gradient | GradNorm (ours) | 50.03 90.33 | 46.48 89.03 | 60.86 84.82 | 61.42 81.07 | 54.70 86.31

Table 1: Main Results. OOD detection performance comparison between GradNorm and baselines. All
methods utilize the standard ResNetv2-101 model trained on ImageNet [6]. The classification model is trained
on ID data only. 1 indicates larger values are better, while | indicates smaller values are better. All values are
percentages. All methods are post hoc and can be directly used for pre-trained models.
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Experimental Results

Gradient FPR95 AUROC
Space + T o 10 - Los
90 - 951 LR}
Block 1 73.52 76.41 . 901 w— iz
Block 2 74.34 76.63 o g *] L
Block 3 71.73 78.11 & § 87 L.
Block 4 65.07 85.11 60- ]
All params 69.35  81.14 N
Last layer params | 54.70 86.31 a0 0.
iNaturalist SUN Places Textures iNaturalist SUN Places Textures

Table 2: Effec.t of Graqurm using diffe.rem Figure 4: OOD detection performance comparison under different L,-norms. We show FPR95 (leff) and
subset of gradients. Gradient norm derived AUROC (right).

from deeper layers yield better OOD detec-
tion performance.
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Experimental Results

Model Method Source Openlmage-0O Texture iNaturalist ImageNet-O Average
AUROCTFPRY95|, AUROCTFPRY5] AUROCTFPR95| AUROCTFPRY95] AUROCTFPRYS]
MSP [17] prob 84.16 73.72  79.80 76.65  87.92 64.09 57.12 96.85 77.25 T77.83
Energy [5] logit 84.77 73.42  81.09 73.91 8447 7498  63.59 96.40 78.48 79.68
ODIN [24] prob+grad 85.64 72.83  81.60 74.07  86.73 70.75  63.00 96.85 79.24 78.63
MaxLogit [ 1 7] logit 85.67 72.68  81.66 73.72  86.76 T70.59  63.01 96.85 79.27 T8.46
BiT KL Matching [1] prob 88.96 51.51  86.92 51.05 92.95 33.28 65.68 86.65  83.63 55.62
Residual’ feat 80.58 67.85  97.66 11.16  76.76 80.41  81.57 65.50  84.14 56.23
ReAct [37] feat+logit 88.94 54.97  90.64 50.25 91.45 48.60 67.07 91.70  84.53 61.38
Mahalanobis [7 ] feat+label 83.10 64.32 97.33 14.05 85.70 64.95 80.37 70.05 86.62 53.34
ViM (Ours) feat+logit 91.54 43.96 98.92 4.69 89.30 55.71 83.87 61.50 90.91 41.46
MSP [17] prob 92.53 34.18  87.10 48.55  96.11 19.04  81.86 64.85  89.40 41.65
Energy [25] logit 07.11 14.04 93.39 28.22 9866 6.16 90.46 41.30  94.90 22.43
ODIN [ 4] prob+grad 96.86 15.68 93.01 30.60 98.57 6.58 89.85 44.15 94.57 24.25
MaxLogit [ 1 7] logit 96.87 15.68 93.01 30.60 98.57 6.58 89.85 44.15 94.57 24.25
VIiT KL Matching [ 7] prob 03.80 28.49 88.76 44.09 96.88 14.79 84.12 55.70 90.89 35.77
Residual’ feat 92.72 32.63 92.21 33.80 98.57 6.63 88.23 47.85 92.93 30.23
ReAct [27] feat+logit 97.38 13.50  93.34 28.49  99.00 4.31  90.71 42.60 9511 22.22
Mahalanobis [73] feat+label 97.48 13.54  94.24 25.17 99.54 2.12 92.81 36.95  96.02 19.45
ViM (Ours) feat+logit 97.61 12.61 95.34 20.31 99.41 2.60 92.55 36.75 96.23 18.07
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Figure 2. Left: Energy scores are not comparable across exits.
Right: Adjusted energy scores are more comparable across exits
(shown in dashed line).
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Experimental Results

In-distribution Architecture Method FLOPs AUROC FPRY95 1D Acc
(ID) } (x10%) T 4 T (%)
MSP 7] 13.00 0.8898 0.5681 94.93
WideResNet-40-4 ODIN [ 1] 13.00 0.9011 0.3531 94.93
Mahalanobis [ 7] 13.00 0.8933 0.3548 94.93
Energy [ 7] 13.00 0.9004 0.3526 94.93
CIFAR-10 MSP[!7] 1.05 0.8972 0.4987 94.09
MSDNet Exit@last ODIN [1] 1.05 0.9033 0.2930 94.09
Mahalanobis [ ¥] 1.05 0.8284 0.7519 94.09
Energy [ ] 1.05 0.9048 0.3362 94.09
MSDNet (dynamic exit) MOOD (ours) 0.79 0.9126 0.2805 94.13
(+£0.0016) (£0.0051)
MSP [ 7] 13.00 0.7710 0.7751 76.90
WideResNet-40-4 ODIN [ 1] 13.00 0.8466 0.5722 76.90
Mahalanobis [ ~] 13.00 0.8319 0.5352 76.90
Energy [ ] 13.00 0.8369 0.6271 76.90
CIFAR-100 MSP [ 7] 1.05 0.7833 0.7671 75.43
MSDNet Exit@]last ODIN [ 1] 1.05 0.8489 0.5745 75.43
Mahalanobis [ /] 1.05 0.7380 0.7806 75.43
Energy [ ] 1.05 0.8451 0.5915 75.43
MSDNet (dynamic exit) MOOQOD (ours) 0.79 0.8497 0.5722 75.26

(£0.0026) (=0.0068)
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Figure 3. Top: Average computational cost (FLOPs) with MOOD, and the normalized frequency distribution of exits chosen by MOOD.
Gap in between the orange and blue lines indicates the computational savings. Bottom: Average AUROC by taking constant exits at
different levels. Model is trained on CIFAR-100 as in-distribution, and evaluated on 10 OOD test datasets described in Section 3.1.
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