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A Experimental Details

We present detailed information about our experimental setup. Our code is avail-
able at https://github.com/Guoxoug/SIRC.

A.1 Models and Training

For the main results we train ResNet-50 [4] using the default hyperparameters
found in PyTorch’s examples.! We train on ImageNet-200 for 90 epochs with a
batch size of 256. Stochastic gradient descent is used with a weight decay of 1074,
a momentum of 0.9 and an initial learning rate of 0.1 that steps down by a factor
of 10 at epochs 30 and 60. Images are augmented using RandomResizedCrop and
RandomHorizontalFlip. MobileNetV2 [18] uses the same setting, but with an
initial learning rate of 0.05. DenseNet-121 is trained with the same settings are
ResNet-50 but with Nesterov momentum as per [8]. We perform 5 independent
training runs for each architecture, with random seeds {1, ...,5}.

Additionally, we also test on two pre-trained ImageNet-1k models. We use
ResNetV2-101 from Google’s Big Transfer? [13], specifically BiT-S-R101x1, and
DenseNet-121 provided by PyTorch.3. Note that the BiT model takes 480 x 480
images as input, whereas all other models take standard ImageNet-scale 224 x 224
images. Note that for evaluating these models we exclude Near-ImageNet-200
and Caltech-45 due to class overlap with ImageNet-1k.

A.2 ImageNet-Scale Datasets

Figure 1 shows a number of random examples from each dataset introduced in the
main paper, alongside the number of samples in said dataset. Below we describe
the methodology for constructing Colonoscopy and Noise. For the remaining
datasets please refer to their original papers for details [7, 10-12, 19]. We note
that there is a slight discrepancy between the number of samples reported in [12]

! https://github.com/pytorch/examples/tree/main/imagenet
2 https://github.com/google-research/big_transfer
3 https://pytorch.org/vision/stable/models.html
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for ImageNet-200 and in the authors’ provided datasets,* but we do not believe
this affects the validity of our results.

Noise We randomly generate 10000 square images. All samples are generated
independently. Within each image, each value (in space and RGB) is sampled
from the same gaussian distribution, with mean 0.5. The standard deviation of
said gaussian differs between images. These in turn are generated by sampling
from a unit gaussian and squaring the samples. Pixel values are then clipped to
be in [0, 1] and mapped to 8-bit integers. The widths of each image are sampled
uniformly from {2, ...,256}, and the images are all scaled to 256 x 256 using the
lanczos interpolation method in PIL.> The resulting data thus varies in both
scale and contrast (see Fig. 1).

Colonoscopy We separate out frames as individual images from videos provided
in [16].5 We download the first 10 narrow band imaging (NBI) videos in each
class of lesion (hyperplasic, serrated, adenoma) and extract each frame as an
individual image. Although the data is not independent in this case, we treat it
as such for the purposes of our investigation.

A.3 Confidence Scores

Below we detail all confidence scores S implemented and evaluated in our in-
vestigation. There are additional approaches that were omitted from the main
paper for the sake of brevity.

— SIRC: for a description of the score see the main paper. We use the whole
of the ImageNet-200 training set to determine the values of ug,,og,. For
ImageNet-1k we randomly sample 250,000 images from the training set. Note
that for all following methods that require ID data to find parameters, we
use the same ID data as for SIRC. We investigate combinations of Sp, .5
from the cartesian product {MSP,DOCTOR,H}x{||z||1,Residual}.

— Maximum Softmax Probability (MSP)[6]: a baseline score that takes the
max value from the softmax 7. = maxy 7.

— DOCTOR [3]: the original paper does not directly present it as such, but
the confidence score is equivalent to ||7||2.

— Softmax Entropy (H): measures softmax uncertainty, H[w] = — >, m log 7.
We use S = —H|[w] to change it to a measure of confidence.

— l;-norm of the features: used in Gradnorm [9], ||z||;.

— Residual: used in ViM [9], this score measures the component of the feature
vector that is outside of a principal subspace defined using ID data, |27 ||,

We follow [19] in setting the dimensionality of the subspace to 1000 if the

4 https://github.com/daintlab/unknown-detection-benchmarks

® https://pillow.readthedocs.io/en/stable/_modules/PIL/Image.html#Image.
resize

S http://www.depeca.uah.es/colonoscopy_dataset/
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Fig. 1. Random examples from each ImageNet-scale dataset, with the #samples in
each.
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Fig. 2. Visualisations of different evaluation metrics for SCOD. We aim to minimise risk
over different selection thresholds t. Left: Risk-Coverage curve (coverage is the propor-
tion of all data accepted). We aggregate performance over ¢ by taking the area under
the curve. The oracle represents perfect separation of OOD,IDX |IDV. Right: Risk-
Recall curve. We consider both the area under the curve as well as risk@recall=0.95.

dimensionality of z, L > 1500 and 512 otherwise. Like Entropy, we use the
negative of the score S = —||zPLH2 as this score is meant to be higher for
OOD data. Please refer to Wang et al. [19]’s paper for full details.

— Max Logit [5]: Max Logit is similar to MSP, but the score is taken from the
logits before the softmax vy.x = maxy vg.

— Energy [15]: this score aggregates over all logit values as log » . exp vy

— Gradnorm [9]: although this score was originally motivated by gradients, we

can view it simply as the combination of two scores, C' = ||m — 1/K]||1]|2||1.
— ViM [19]: this linearly combines Energy and Residual, C' = log ), exp v, —
c||z? B [|2- The parameter c is given by the average value of Max Logit divided
by the average value of Residual on ID data, which scales the importance of

Residual to be similar to that of Energy in the combination.

— Mabhalanobis [14]: this score involves building a classwise gaussian mixture
model over the features with tied covariance matrix. The confidence is then
calculated as —ming(z — ;)T 2(z — py,). We use the approach in [1, 19]
where only the final layer features are considered.

A.4 Evaluation Metrics

Other than the metrics specified in the main paper, we additionally use Area
Under the Risk-Coverage Curve (AURC)J, from [2, 12]. It aggregates risk over
all values of coverage, which is the proportion of all input data accepted. For
AURC their exists an oracle curve, where OOD and IDX are perfectly disjoint
from IDv. AURC can be reduced either by lowering the oracle curve by reducing
the number of IDX (increasing baseline accuracy of f) or by better separating
OOD,IDX [IDv (better choice of ¢g) and so bringing the curve closer to the oracle.
Thus the metric is suitable for both training based, and post-hoc approaches.
Fig. 2 illustrates graphically some of the metrics we use to evaluate SCOD.
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B Additional Results

We provide more complete versions of the results presented in the main paper
across all architectures and datasets.

B.1 AUROC and FPR@95

We present results across all post-hoc confidence scores in Appendix A.3 for
all architectures. We also include mean42std. for experiments with multiple
training runs. SIRC performs as expected in all cases — a negligible reduction
in IDX |[IDV in exchange for a meaningful uplift in OOD|IDv compared to only
using S1. DOCTOR in general performs somewhere in between MSP and —H,
both individually and when used in SIRC, so we relegate it to the appendix. We
note that Residual and Mahalanobis perform much better only for ResNetV2-
101 (these results are inline with [19]). This may be due to the fact that BiT
uses Weight Standardisation and Group Normalisation when training, rather
than standard Batch Normalisation. Mukhoti et al. [17] show that limiting the
Lipschitz constant of the network during training improves the OOD detection
performance of gaussian mixture models, which may be also what is occurring in
this example. The Mahalanobis detector performs poorly outside ResNetV2-101
otherwise. There is non-negligible variance between training runs on a number
of OOD datasets, highlighting the need to perform multiple training runs. Some
datasets (e.g. Noise, Colorectal, SVHN), have especially high variation.

B.2 Varying a and 3

We plot performance under varying « and S for all 3 ImageNet-200 architectures
(Figs. 3 to 5). We also present the meantstd. The ability of SIRC to perform
consistently better than the baseline generalises across the 3 different CNN ar-
chitectures. We note that differences in AURC are harder to distinguish, due
to the metric considering the proportion of all input data accepted, rather than
just the recall of IDv'. The behaviour, however, is similar to AURR in terms of
relative performance to the baseline, so we omit AURC from the main results.

B.3 SCOD vs OOD Detection

We plot the change in %AFPR@95] relative to the MSP baseline for all architec-
tures and confidence scores (Figs. 6 to 10). The behaviour is as discussed in the
main paper, with methods designed for OOD detection achieving gains over the
baseline for OOD detection by sacrificing their ability to separate IDX |IDv.

B.4 Plotting S» against S,

We plot different STRC combinations on the S7, Ss-plane for different experimen-
tal configurations (Figs. 11 to 14). If there are multiple training runs, we plot
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Table 1. Full %AUROC and %FPR@Q95 results for all models trained on ImageNet-
200. We show the mean+2std. over 5 independent training runs. Bold indicates best

performance, underline 2nd or 3rd best.

00D m Near-IN-200 Caltech-45 Openimage-O iNaturalist
Model Method %AURO(T %FPRusu %AUROCT %FPRgsu %AUROCT %FPR@95) %AUROCT %FPRA95, %AUROCT %FPRG95) %AUROCT %FPRG95]
(MSP[|z]11) 90.34 <0.2 .,270 +32 9151 40.27 85.56 £0.6 59.76 +20 91.36 £0.6 4144 30 92.28 £05 4136 28 9480 03 29.60 £1.3
o (MSPRes) 90.43 2o 92.56 34.98 85.52 £0.6 60.03 £24 9119 206 4227 32 92.57 0.6 39.95 £33 3 3355 +27
:d (DR H:H ) 90.20 03 51 9183 37.08 85.68 £0.6 58.05 +20 9167 +05 378127 9259 t0.4 3782 226 2578 +17
s.) 9040 0.4 51.81 +2.9 92.83 31.76 85.62 £0.6 5849 +32 9144 £06 3892 232 92.87 £06 36.36 x3.6 =04 30.05 32
_ ( H Hz |1) 90.00 x0.4 54.26 +2.7 92.24 85.88 0.6 58.50 £33 92.19 £05 36.08 £2.5 9287 +04 37.83 233 95.38 £0.2 25.09 +1.9
2 (~H,Res.) 90.13 0.4 54.01 432 93.36 8585 +06 58.93 +3.3 9211 £05 36.76 £30 93.25 0.6 36.36 +45 94.82 0.3 2851 3.4
2% MSP 90.41 0.3 52.13 £20 91.00 §5.59 £0.6 59.74 £20 9113 206 4272228 9195 £05 4355 224 9423 z03 3321 x12
'y DOCTOR  90.39 <03 5187 416 91.26 85.73 +0.6 9141 05 3922222 9220 £05 402227 9451 203 2041 £18
22 — 90.07 0.4 54.05 29 91.81 85.91 +0.6 9201 05 37.20 26 9259 £05 40.10 £3.9 28.01 432
55 I 48.06 1.1 94.70 +14 7822 52.27 207 9458 £05 70.28 £16 7783 £18 7223 224 TL51 226 49.50 5.8
= Residual ~ 47.59 =18 96.45 1.1 58.45 44.30 £11 96.79 0.4 AT.76 £14 9483 200 59.65 £10 86.85 22 97.32 0.7
Max Logit  83.21 0.6 65.16 +3.4 82,68 0.7 65.37 +36  92.48 0.6 36, 91.49 k0.4 4327 3.1 29.17 430
Energy  82.05 0.6 69.79 39 92.06 81.96 £0.7 68.70 42 9215 £06 90.92 +0.4 46.28 £33 3170 228
Gradnorm  60.17 =15 87.88 +25 85.22 62.90 £0.5 86.89 0.8 SLIL =17 8109 18 57.80 227 34.46 +3.9
ViM 80.62 x0.7 7813 +23 92.34 78.90 0.5 80.30 £22 9054 0.7 5470 £50 9187 12 4384 256 56.97 485
Mahal 49.96 +20 96.36 0.9 61.66 46.57 15 96.83 £05 5034 £16 95.01 £06 63.66 +37 86.30 +2.0 96.99 +0.8
Textures Colonoscopy Color Nois TmageNet-O
Model Method  %AUROCT %FPR@95, %AUROCT %FPR@95, %AUROCT %FPR@95, %AUROCT %y ngu %AUROCT %r PRQ95) %AUROCT %FPRG95)
(MSP,[[2]|2) 90.34 0.2 52.70 +32 93.64 £0.7 32.02 £33 95.93 £10 2533 6.4 95.84 £33 2439 £137 90.72 £60 49.63 208 83.44 £09 5891 x19
o (MSPRes) 90.43 £0.3 5210 £80 96.00 405 1981 £21 95.52:407 2731453 95,3210 26.97 2175 98.21 42 10.97 +16.7 84.62 53.99 1.4
:d (DR qu ) 90.29 0.3 5251 +54 9401 £07 28.62+26 96.31£10 2094 +60 96.28 +32 2030 135 9108 £58 47.75 166 83.61 56.68 +1.5
90.40 04 51.81 +2.9 96.28 +05 17.29 420 95.82 0.6 23.07 £47 95.62£41 2340 £185 98.63 +10 5105 417
_ ( Huz\.) 90.00 <04 54.26 27 94.38 207 27.38 27 96.97 £08 1687 +a4 96.71 £28 1871 135 91.74 £43 56.34 +2.4
2 ) 9013 0.4 5401 £32 96.68 05 1570 £21 96.72 06 1810 £37 96.41 +36 2042 £167 99.02 £15 50.81 29
2% MSP 9041 03 5213 +20 92.88 £0.8 36.61 31 95.75 £08 2052 62 94.86 £35 3028 136 89.33 £5.7 56.83 202 83.20 59.78 +2.1
L2 DOCTOR  90.39 0.3 5187 +1.6 93.16 +0.8 3346 £36 96.14 +0.8 22.07 +5.3 95.16 +35 27.21 £142 89.51 +5.5 54.83 +20.4 57.64 £19
2 -H 90.07 0.4 5405 £29 93.77 £08 30.79 437 96.87 +0.7 1755 +46 95.93 £32 23.43 146 90.47 £42 51.63 £197 57.02 +1.7
g% [I2]1x 48.06 £11 9470 +1.4 88.90 £15 39.67 +26 T6.97 £0.7 8224 +143 97.28 £23 14.64 139 97.36 £4.6 1351 £33 84.82 16
== Residual ~ 47.59 15 96.45 +1.1 8284 2.4 46.63 x5 38.09 £13.9 99.64 +0.4 53 93 4132 88.78 £101 9131 464 20.92 2125 78.98 22
Max Logit  83.21 0.6 65.16 3.4 95.44 £0.8 2204 +25 97.65 +0.7 13.56 +6.0 94.73 +5.3 3153 2288 60.09 +2.6
Energy 8205 06 69.79 39 95.37 0.5 2250 £25 97.51 08 14.19 465 94.93 £5.4 20.05 £30.8 8252 £09 G61.86 +2.7
Gradnorm  60.17 £15 87.88 +25 93.00 £11 2657 3.0 90.54 £1.6 4285 £162 98.95 £11 4.98 £7.2 97.59 242 13.05 x31.9 70.78 73.88 £3.1
ViM 80.62 0.7 78.13 +23 98.46 £0.4 7.62 £21 9442 +1.4 4455 £145 9804 £13 881102 99.82 +0.1 0.31 £0.3 88.85 £0.9 46.15 +3.9
Mahal 49.96 +20 96.36 £0.9 8464 £21 46.98 32 41.02 +142 99.70 £0.3 5788 £125 88.37 81 94.08 +5.4 2045 £130 69.29 £25 79.65 19
00D mean Near-IN-20 altech-45 Openimage-O iNaturalist
Model Method %-’\URO(‘T ‘7rl< PR@95, %AUROCT %FPR@95, %AUROCT %FPR@95, %AUROCT %FPR@95) %AUROCT %FPRA95] %AUROCT %FPRQ95|
(MSP,[|z]11) 89.53 0.3 55.51 1.0 92.27 8478 £03 61.33 111 90.46 £03 3409 91.27 k04 44.05 +15 94.20 £08 3188 437
(MSP,Res.) 89.67 £0.3 55.10 +1.4 91.78 8484 404 6118 £0.3 9025 £04 4442 423 91.20 0.5 44.83 18 9322 37.97 z358
E(DR.H;H,) 80.40 02 56.49 22 92.66 §4.90 0.3 61.26 +0.8 90.82 £03 4052 £22 9161 04 42.36 +1.0 94.63 29.15 +2.8
5 (DR.Res.) 89.60 £03 55.69 +20 92.08 8198 03 60.92 1.1 90.58 £0.4 4198 £23 9151 05 43.22 310 93.40 0.9 3631 42
- (=H,[|z|l) 88.90 02 58.64 421 92.92 $4.96 £02 6272 09 91.35 £03 39.89 2.1 91.82 to.4 43.99 +14 94.74 o. 7 439
[ (—H,Res.) 89.12 %03 57.85 431 92.60 85.08 +0.2 62.06 0.5 9133 £03 39.93 <22 91.93 +0.443.80 +1.2 94.01 208 3524 37
3% MSP 89.64 203 55.03 1.5 91.54 $4.84 203 6103 +00 90.17 £03 4477 £1.7 90.91 £05 4634 18 93 )7 £09 35.85 38
Z2 DOCTOR  89.57 <02 55.48 421 91.86 $4.99 0.3 60.61 £0.3 90.52 203 4246 21 91.20 0.5 44.96 £1.0 33.40 +3.4
zd —~ 89.02 x02 58.43 x22 92. 625 9116 £0.5 4127 20 9154 0.4 46.11 +14 33.85 3.5
Cha IES 53.56 0.7 93.40 0.4 81.06 56.05 £0.7 92.65 05 75.15 £14 7317 222 T4.05 £14 6893 1.7 48.35 £5.0
=8 Residual ~ 41.99 0.5 97.30 0.3 41.42 42.46 <07 97.37 0.8 40.90 £12 96.70 200 44.63 £11 9439 x0.6 99.18 0.4
Max Logit 83.14 206 63.85 +1.8 92.08 8175 404 67.36 1.3 91.40 £0.2 4244 21 89.70 0.8 50.66 +3.0 39.76 +4.9
Energy 8187 07 67.98 +20 91.68 80.87 0.4 70.81 £12 90.93 £0.3 45.77 £19 88.86 £08 5453 431 9176 £1.0 4423 457
Gradnorm  65.27 1.1 85.73 +1.1 87.25 66.07 £0.7 8513 1.0 83.94 £10 5657 x20 81.94£12 5820 £1.7 90, 3 36.80 £3.4
ViM 80.21 0.4 7436 21 8§9.46 79.15 0.3 T5.78 £14 8917 0.4 58.45 £0.4 ST.66 £10 59.54 =21 81.93 =30 SLT1 x6.4
Mahal 4444 £10 9714 +06  43.65 94.20 4457 £07 9723 +04 4282 £11 9664 08 4803 £12 9411 08 27.31 =48 99.07 £0.3
DX Textures Colonoscopy Colorectal TmageNet-O
Model Method %AUROCtT %FPR@95| %AUROCT %FPRQ95] %AUROCT %FPR@95| %AUROCT %FPRQ95| ‘%AUK()C‘T %l‘ PRA9Y5| %AUROCT %FPRG95)
(MSP[|z]|1) 89.53 <03 55.51 £1.0 94.05 £0.4 28.69 0.5 96.64 0.8 19.38 448 96.98 +1.4 19.39 288 9877 £1.1 7.61 £7.7 8330 203 57.98 12
© (MSPRes) 89.67 £03 55,10 414 9426 202 2837412 9625 200 2157 £43 9545 417 2021 202 9645 425 2449 4218 8409 204
(DR llz[[1) 89.40 £0.2 56.49 +22 9454 £04 25.70 £1.1 97.07 £0.7 15.64 £31 97.61 £1.3 14.88 +7.2 99.25 +09 4.38 256  83.56 £0.2
,,,(DR Res.) 89.60 £03 55.69 20 94.68 02 25.37 £07 96.61 08 17.89 +35 9577 £16 26.30 =01 96.68 +27 21.41 £302 84.49 +04
88.90 02 58.64 21 9488 +0.4 £11 977105 11 9782 £11 1378 76 99.07 12 428 66 83.93 03
s 89.12 £03 5785 431 95.37 02 22.62 £05 9757 06 1244135 96.76 £1.4 2112 £10.8 97.29 4258 £302 84.91 203
3% 89.64 +03 55.03 +1.5 92.93 +0.5 35.28 +0.8 96.51 08 2036 £46 95.63 £16 2852 £0.4 9622 £27 26.33 £25.6 83.11 +0.
Z2 89.57 £02 5548 421 9332 04 3259 £16 96.99 £08 1646 35 96.04 £15 25.23 =59 96.46 20 23.31 x314 83.34 203
Z2 89.02 £02 5843 22 94.05 0.4 29.72£09 97.68 06 1213 435 96.82 £14 2015 £102 97.07 425 19.33 2307 83.77 £05 58.30 12
EpA B .56 £0.7 93.40 £0.4 92.88 403 27.55 15 79.90 £5.7 80.70 £10.1 98.20 1.1 940 64 99.93 £00 0.01 200 67.33 £20 80.74 30
=8 Residual ~ 41.99 <08 97.30 £0.3 56.86 1.4 788221 27.32466 99.68 +1.1 2841 +s1 9938 212 4961 £153 93.60 57 59.77 £12 87.83 0.7
Max Logit 83.14 £06 63.85 £18 9513 +0.4 2545 +11 98.12 +0.59.64 8.7 98.27 +1.0 972475 9874 +09 342451  83.02+06 63.26 15
Energ) 67.98 £20 95.02 404 2647 +24 97.99 +05 1064 442 9843 411 8.65 483  98.93 £08 255 244 8236 £07 6651 £12
dnorm 85.73 11 95.47 +0.219.24 +1.3 93.35 £22 36.23 £100 99.25 £0.6 2.98 £3.2 99.95 £0.0 0.00 £0.0 7450 1.6 70.89 +2.3
\rm T4.36 +21 95.46 102 26.00 +1.6 2 415 50.41 135 94.04 21 43.82 +167 96. 87.44 +0.6 52.09 +2.0
Mahal 4444410 9714 406 5812 £10 7953 +23 2012474 9967110 3035451 9915 422 5122 +15.5 0462 +54 6128 414 ST 411
DX 00D mean -IN-2 Caltech-45 Openimage-O iNaturalist
Model Method ~ %AUROCT %FPRG95] %AUROCT %FPR@95] %AUR()(‘T %FPR@%L %AUROCT %FPRQ95, %AUROCT %FPR@Y5| %AUROCT %FPRGY5]
(MSP12]|1) 9022 205 52.41 +27 9168 38.83 §5.28 201 5935 £1.0 91.33 £05 4080 220 91.88 £0.4 4334 14 9352 =08 35.88 x25
© (MSP.Res) 9020 20.5 85.18 £0.1 59.65 +1.7 91.20 +05 4051 +16 9255 +03 3024 +10 93.42 £07 35.98 19
S OR|z/l) 90.21 205 85.42 201 5749 19 91.63 £05 3715 £11 9214 £o.4 39.89 £12 93.85 x07 31.95 420
7 (DR,Res.) 9018 x0.8 52.46 £13 8§5.28 201 5798 26 9153 205 36.84 14 92.83 +03 93.69 0.7 32.08 +1.0
- (—=H,[|z]l) 89.95 0.9 53.96 +2.5 85.64 401 56.98 +1.5 92.18 £0.4 34.18 £1.7 9250 +0.5 94.16 +0.7 30.23 2.7
ag (~H.Res.) 89.92 08 5417 432 93.45 001 57.90 +18 34.47 +11 4.07 206 30.60 £19
3% MSP 90.30 0.8 51.85 +29 9144 85.30 201 5920 +10 91.23 z05 4137 21 9178 0.4
z £ DOCTOR  90.32 +0.8 51.80 3.3 91.71 8§5.48 £01 5T.16 +18 9151 £05 37.63 £12 92.03 +0.4
g2 — 90.04 £0.0 53.41 +23 92.24 85.70 £0.157.01 £15 9211 04 3478 =17 9243 £05 3917 225
5% = 36.87 +2.3 98.70 +0.4 63.53 42.10 £19 9850 +0.6 55.63 £15 0189 21 53.48 £a7 91.83 224
A= Residual ~ 46.08 11 95.44 +0.8 44.76 09 96.14 £0.1 55.03 £1.6 9127 £09 T0.77 22 78.26 +1.6 90.93 +2.5
Max Logit 83.28 £13 6232 427 8250 £0.3 63.06 1.8 91.57 £0.6 37.89 22 89.71 £11 4 9128 212 4280 +47
Energy 8212 £13 66.54 +3.4 90.92 §1.82 204 6632 1.6 9114 £07 40.74 224 S$8.88 £12 52.80 x3.0 4 4767 £52
Gradnorm  50.18 26 9519 +1.6  76.18 3420 93.93 £19 7205 40 TA98 £47 6742 +86 TO.78 43 & 6753 482
ViM 76.63 £13 84.73 19 90.50 75.68 0.5 8614 £17 8710 £11 64.27 £43 89.79 £0.9 5176 £40 89.00 £15 59.37 +5.9
Mahal 56.97 £11 9457 11 73.14 53.97 £11 9539 0.8 60.81 £15 9095 £1.0 T6.58 £16 7651 26 69.67 =47 89.79 x40
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Model Method ~%AUROCtT %FPR@95| %AUROCt %FPR@95] %AUROCT %FPR@95| %AUROCT %FPR@95| %AUROCT %FPR@95| %AUROCT %FPRG95|
(MSP[[2[|1) 90.22 +08 5241 +27 93.68 x02 3248 £09 95.38 £09 2710 455 96.44 +23 2354 £141 9431 483 28.79 2250 83.32 £0.7 58.19 +14
o (MSPRes) 90.20 205 5242 £42 9655 101 1660 109 9514 408 2771446 96.89 £17 19.72 4106 9970 +11 201 £86 8159 406 52.60 221
nﬁ (DR,|[[l1) 90.21 £08 5236420 940202 288103 957300 2294 454 96.84 £22 1940 £132 9472 483 2454 2241 83 52 0.7 55.50 £17
% (DR.Res.) 9018 £08 5246 £43 96.77 +01 14.26 +12 95.42 408 23.65 +46 97.24 +16 1556 9.2 99.78 40 +06 1
- (=H,[|z]l) 89.95 £09 53.96 2.5 94.48 £02 26.16 £13 96.43 +0.0 17.89 452 97.38 +1.9 1564 £120 95.17 £80 2230 £195 835910: 5448 219
=S (~H,Res.) 89.92 208 5417 32 97.07 401 13.02 410 96.21 +0.8 1857 +43 9778 +14 1258 +84 99.91 £0.30.32 +14 8522 406 49.44 +1.4
e MSP 90.30 £08 5185 420 93.25 0.2 3501 0.8 9542 £0.8 2681 £5.1 959221 26.92 =131 93.44 £84 3516 285 83.31 0.6 58.37 1.3
z £ DOCTOR  90.32 £0.8 51.80 £3.3 93.54 02 31.47 0.5 95.78 0.9 22.36 45 96.25 21 23.09 +125 93.72 £83 31.28 £200 83.49 £06 55.73 £19
fAS] — 90.04 £09 5341 423 9414 202 2814 £17 9647 408 1771452 96.99 £19 18.30 £123 9443 475 29.18 £229 83.89 £0.7 5476 223
E,E 211 36.87 2.3 98.70 0.4 75.96 +44 69.61 +9.0 47.58 £11.0 97.80 £0.4 87.28 £9.2 6031 £321 9531 £5.3 29.94 %349 49.50 £4.0 96.31 1.0
A= Residual ~ 46.08 £11 95.44 £05 9200 £0.4 29.64 0.0 49.87 45 99.46 +1.0 76.95 +1.7 7288 7.1 98.07 £21 912463 7205 £09 7429 14
Max Logit 8328 £13 6232 £27 9408 +0.7 27.50 £21 96.96 £0.8 15.92 £4.8 98.20 14 1035 +101 96.09 465 2058 2182 8165 +19 6115 219
Energy 8212413 66.54 £3.4 93.82 +08 29.16 28 96.80 409 16.88 451 98.26 £1.59.99 £10.5 96.13 +6.7 2178 £20.4 8107 +20 6451 22
Gradnorm  50.18 £26 9519 £16 8617 £20 46.07 +7.5 7452 110 73.99 £121 95.79 +42 2450 +220 97.25 +45 1487 £216 60.78 £3.7 87.58 3.6
ViM 76.63 1.3 8473 £19 98.07 £0.29.82 £1.4 9200 £08 63.03 £7.1  97.70 0.5 99.85 £01 0.04 +0.1 85.30 +1.4 56.82 +3.3
Mahal 56.97 +1.1 7411 9155 0.4 3171 x08 6034 0.6 9888 £17 70.77 10 96.66 £29 12.67 56 77.93 +12 7151 <24
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Table 2. %AUROC and %FPR@95 results for single pre-trained ImageNet-1k models.

00D mean Openimage-O iNaturalist Textures Colonoscopy Colorectal Noise TmageNet-O
Model Method AURocr FPRayu AUROCt FPR@95, AUROCT FPR@95) AUROCT FPRG95, AUROCT FPR@95, AUROCT FPR@95) AUROCT FPRG95, AUROCT FPR@95, AUROCT FPR@95)
(MSP|2[1) 86.17 9008 37.09  90.25  47.09 9437 2913 8874 4384 9710 1669 9394 3028 9926 432 66.93
(MSP.Res.) 8631 9280 2 260 3420 9461 79680 1004 9IS 1469 9688 1406 99.99 72.07
2 (DR \z\h) 85.36 90.44 90.35 9475 8919 4L72 9713 1522 9485 2382 99.48 6
7 (DR.Res.)  85.55 93.34 93.25  31.27  94.99 97.15 97.36 12.46 10.10 99.99 73.12
. (—%,qu,) 83.43 90.95 9046 5157 9453 89.06 9.66 99.48 69.25
g2 (~H.Res.) 8350 93.67 9278 4020 9463 97.05 9.02 100.00 7476
AT mse 86.35 89.16 90.13 4748 93.70 87.04 1192 97.37 66.57
ZE  DOCTOR 8567 89.57 9033 4764 93.95 87.27 12,61 97.94
24 83.49 9023 5409 9380 8747 860 98.46
ga I 4774 5348 8782 7395 73.89 5542 89.18 99.61
S Residual 5018 9 8017 6838 76.76 97.67 67.60  98.55 99.95
Max Logit 7725 90.24 8811 59.61 9187 87.08 904 464 98.79
Energy 7468 89.41 85.86 0888 89.27 85.85 99.19  3.17 98.83
Gradnorm  64.64 84.85 7353 7605 87.99 85.01 6 29.39 99.52
ViM 70.30 94.95 9208 4179 9168 99.17 9550  29.88 . 100.00
Mahal 56.82 89.62 4652 8643 6139 8509 98.19 36 98.76 2240 9988

OD mean  Openimage-O iNaturalist Textu Colonoscopy Colorectal Noise ImageNet-O
Model Method  AUROCT Fpmm AUROCT FPRA9S, AUROC! FPRAG5, AUROCT FPR0S, AUROC FPRA95, AUROCT FPRA95, AUROC! FPRA05, AUROCH FPR95|, AUROCH FPRA05,

(MSP,|2(|:) 85.99 89.52 01 9093

95.36 96.79 1705 9606 2091 9

110 58.10

(MSP.Res.) 85.97 9005 3162 9117 94.08 9618 1971 9551 2360 9967  0.60 60.35
SORjzll)) 8.7 9000 3009 9155 95.98 9710 1422 9688 1568 9979 083 58.36
7 (DR,Res.)  85.72 9043 2880 9172 94.50 9630 1679 9621 1790 9962 0.54 60.83
w (—=H.||zl1) 84.90 90.83 28.44 9241 7 96.52 97.89 9.86 97.79 12.36 99.83 0.68 60.31
ae (~#H.Res) 8485 9146 2646  92.64  34.09 9567 9745 1137 9756 1 9979 039 62.71
TT M 86.11 8881 3677 9026 43.08 9426 9690 1710 9144 3 9955 1.69 57.97
2E  DOCTOR 8593 8928 3417 9082  39.93 9483 9733 1352 9524 2594 9964 137 58.23
g2 M 84.97 9039 3068 9191 3718 9583 90.08 97.95 97.00 1720 6 i
52 [E 47.53 7850 5 6994 7015 89.06 84.61 5885 8¢ 9280 3190
RS Residual 5152 7196 6647 6978 7827  6LI14 90.21 37.94 9937 7549 70.74
Max Logit 77.97 91.62 2887 9219 3848 96.07 59 98.20 877 9862 648

91.39 9787 1118 98.86  5.02
89.62 SLOS 6836 9763 1310
96.64 17.69 5283 8917 9519 3176
8279 5543 6651 9697 5831 9634

Enersy 7613
Gradnorm  55.44
ViM 70.16
Mahal 57.28

9147 3002 9154 4266 9560
8531 4204 7897 5855 9387
89.58 4781 8840 5649 8874
68.90 8155 69.02 8667 4994

Baseline - MSP SIRC (—H,Res.) Energy ViM

B=0.5, Al OOD a=0.5, Al OOD B=0.5, "Close" OOD B=0.5, "Far" OOD
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Fig. 3. Varying o and 8 for ResNet-50 (ImageNet-200) (values x10%).
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Fig. 4. Varying o and 3 for MobileNetV2 (ImageNet-200) (values x10?).
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Fig. 5. Varying a and 3 for DenseNet-121 (ImageNet-200) (values x10?).
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(MSP,[|z][y)  (MSP,Res)  (DR/|z]li)  (DRRes.)  (=#,||z|l)  (=#.Res)  DOCTOR —-H Max Logit Energy Gradnorm ViM Mahal
method

Fig. 6. ResNet-50 (ImageNet-200), comparing the change in %FPR@95 relative to the
MSP baseline for different detection methods and data groups.
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Fig. 7. MobileNetV2 (ImageNet-200), comparing the change in %FPR@95 relative to
the MSP baseline for different detection methods and data groups.
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Fig. 8. DenseNet-121 (ImageNet-200), comparing the change in %FPRQ95 relative to
the MSP baseline for different detection methods and data groups.
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Fig. 9. ResNetV2-101 (ImageNet-1k), comparing the change in %FPR@95 relative to
the MSP baseline for different detection methods and data groups.
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Fig. 10. DenseNet-121 (ImageNet-1k), comparing the change in %FPR@95 relative to
the MSP baseline for different detection methods and data groups.



10 Guoxuan Xia and Christos-Savvas Bouganis

the distributions corresponding to the outputs of the 1st run. Decision contours
corresponding to the default parameter setting for SIRC are also overlayed. We
note that the inconsistency of Residual can be observed here, where in some
cases the OOD distribution is much lower than ID, whilst in others, there is
almost complete overlap. In the case of MobileNetV2 on iNaturalist it is in fact
higher for OOD than ID, although the nature of SIRC means that it is robust
to such Sy failure (as discussed in the main paper).
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Fig. 11. SIRC combinations on the S, Se-plane, ID: ImageNet-200, OOD: iNaturalist.



Supplemental Material 11

— by — DX
-2 = . &&= ~
o - ] v ] ]
S Al = 3 -0 3 -0 3
E o E 3 g g
G 2arey B & & I3
9 _Y & = -60 = -60 =
& & &
200 -80 -80
00 05 10 00 05 10 00 05 10
51 (MSP) S (MSP) S; (DOCTOR)
-10
s - 3 3. 9 s
= = 3 5 -20 3
2 IS 2 h-t be)
Kl = 9 ¢ -30 g
3 ~ < = <
= “ o o o
= [ \» —40 [
-50
00 05 10 00 05 10 00 05 10
Sy (MSP) S; (DOCTOR) S) (DOCTOR)
2 = -25 = -25 2 =
] = = =
e 2 =
2 X = = @ =50 @ =50 ?
s = = = $ k3 8
a0~ ~ ~ < ﬁ < <
2 @ & & - o - ~
2 & % E @
-100 -100 -100
00 05 10 00 05 10 00 05 10 00 05 10
51 (MSP) S; (DOCTOR) Sy (MSP) S; (DOCTOR)

Fig. 12. SIRC combinations on the Si, Sz-plane, ID: ImageNet-200, OOD: Textures.
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Fig. 13. SIRC combinations on the Si, S2-plane, ID ImageNet-1k, OOD: iNaturalist.
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Fig. 14. SIRC combinations on the Si, S2-plane, ID ImageNet-1k, OOD: Textures.
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