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1. Computational Resources
All computations were performed on a system equipped
with NVIDIA RTX A5000 GPUs (24 GB VRAM), an In-
tel(R) Xeon(R) W-2275 CPU @ 3.30GHz and 256 GB
of system RAM. This hardware configuration provided
sufficient computational capacity for training and evalu-
ating the models used in this study. Experiments were
implemented using PyTorch 2.6.0 with CUDA 12.4 and
cuDNN 9.1.0. To ensure reproducibility during evalu-
ation, deterministic GPU execution was enabled by set-
ting torch.backends.cudnn.deterministic =
True.

2. Information on Model Training
All primary models were optimised using AdamW [19]
with an initial learning rate of 1e-4 and weight decay 0.01.
Network weights were initialised using He initialisation,
appropriate for ReLU-based architectures. Models were
trained using the cross-entropy loss for 600 optimisation
steps. A multi-step learning rate schedule was applied
via PyTorch’s MultiStepLR, with decay milestones at
[150,300,450] epochs. Models were trained with batch size
256.

We employed five repetitions of five-fold cross-
validation to ensure robust evaluation across all experi-
ments. Medical imaging datasets often contain repeated
images or multiple images from the same patient, which
can lead to data leakage. This can be an issue for evaluat-
ing generative-based methods such as DDPM-MSE, which
have been shown to exhibit memorisation behaviour [5].
To address this, we enforced strict patient-level separation
in the CheXpert dataset, ensuring that all images from the
same patient were assigned exclusively to the training set.
For the ISIC dataset, where generative models were evalu-
ated, we removed all duplicate images prior to training in
order to avoid inflating performance due to memorisation.
A list of images in the ISIC dataset used for training are
given in the Code Appendix.

During training, a series of image augmentations were
applied to improve model generalisation. Input images were
first resized to 224×224 pixels and then centre-cropped.
Spatial augmentations included random rotations of up to
45°, random cropping with up to 25 pixels of padding, hor-
izontal flipping with a probability of 0.5, and random per-
spective transformations with a distortion scale of 0.2. All
images were converted to PyTorch tensors and normalized
to float precision. Finally, Channel-wise normalisation was
performed using dataset-specific means, which can be ac-

cessed in the Code Appendix. These augmentations were
applied only during training. During evaluation, only re-
sizing to 224×224 and channel-wise normalisation were
applied, with no additional augmentations. Note that no
colour-perturbing augmentations were used during training,
as this would impact the colour of the model’s regions of in-
terest, which was a focus of this study.

For internal ad-hoc methods, the training regime of
the primary models were different to increase the OOD-
awareness of the model. Bayes by Backprop [7] is a varia-
tional inference method for training Bayesian neural net-
works. A Gaussian prior N (0, 1) was placed over each
weight. Posterior distributions were initialised with mean
µ = 0 and scale parameter ρ = −3, where the standard de-
viation was computed as σ = log(1+exp(ρ)). During each
training epoch, we performed five Monte Carlo forward
passes and optimised the model using the evidence lower
bound (ELBO) [6], which consisted of a cross-entropy loss
and a KL divergence loss. CIDER [21] was trained using
supervised contrastive learning with a regularisation term
based on class prototypes. Prototypes were updated us-
ing an exponential moving average (EMA). Two augmented
views of each input were passed through the network, and
the resulting features were normalised before computing
the loss. For CIDER, the total loss was a combination of
a discriminative loss and a compactness loss [21], which
we gave equal weighting (w = 1). For Outlier Exposure
[13], we applied a KL-divergence loss on the OOD samples,
weighted by 0.5, and combined it with the cross-entropy
loss for the main image classification task. For Reject Class
[8], we optimised the model using only cross-entropy loss,
assigning all OOD samples to the additional class label. For
both Outlier Exposure and Reject Class, we used CIFAR-
10 [18] as the auxiliary OOD dataset, following the setup
from the original Outlier Exposure paper [13]. Finally, for
Rotation Prediction [14], an additional head was added to
the primary model, to predict the rotation of a training im-
age from the set { 0°, 90°, 180°, 270°}. A cross-entropy
loss was applied to the rotation prediction task, weighted
by 0.25, and combined with the cross-entropy loss for the
main image classification task.

For external methods, a model was trained external to the
primary model trained for the image classification task. For
DeepSVDD [23], we first trained a WideResNet-based [28]
autoencoder to reconstruct the input images using mean
squared error for 200 epochs. We then used the WideResNet
encoder as the feature extractor for anomaly detection. Af-
ter pre-training, we initialised the centre of the DeepSVDD
hypersphere c ∈ R32 as the mean of the feature embeddings
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Figure 1. OOD detection AUROC for Mahalanobis score across ResNet18 modules (excluding downsampling layers) for red, purple and
black ink annotations in ISIC. Light (hyperparameter configuration A) and dark grey (hyperparameter configuration B) bands highlight
selected modules for comparison. The results show that the observed OOD detection performance varies significantly across layers,
demonstrating that conclusions drawn using Mahalanobis score are dependent on the choice of hyperparameter. The Invisible Gorilla
Effect would not be observed if only the dark grey hyperparameter is evaluated, highlighting the benefit of evaluating a wide range of
hyperparameter settings. Each point represents the mean over 25 seeds, with coloured shaded regions indicating the 95% confidence
interval.

from the training data, where 32 is the dimensionality of
the encoder’s output. To avoid trivial solutions, dimensions
of c with absolute value below 1 × 10−5 were set a value
of 1 × 10−5. During the main DeepSVDD training phase,
we optimised the encoder to minimise the average squared
Euclidean distance between the feature representations of
the inputs and the centre c. For training the DDPM [11],
we followed the original setup by defining a linear noise
schedule over T = 1000 timesteps. The variance sched-
ule {βt}Tt=1 was linearly spaced between a minimum value
of βmin = 10−4 and a maximum value of βmax = 0.02.
At each training step, noise was added to input images,
and the model learned to predict this noise using a U-Net
[22] conditioned on the diffusion timestep. The network
was optimised using a mean squared error loss. For Foreign
Patch Interpolation [26], each batch consisted of paired im-
age patches extracted from both original and shuffled input
images. The model was trained to distinguish whether a
patch originated from the same image or from a different
one. Patch centres were sampled using a core percent value
of 0.99, meaning that only a narrow margin around the im-
age borders was excluded to avoid placing patches near the
edges. Training used a pixel-wise binary cross-entropy loss,
where the loss was weighted based on the proportion of pos-
itive pixels in each batch [26]. Finally, for RealNVP [16],
the model consisted of 6 affine coupling layers, each with
a separate scale and translation network. These networks
are feedforward MLPs that operate on a masked portion of
the input to compute transformations for the remaining fea-
tures. After every two coupling layers, a learnable permu-
tation layer is applied to shuffle the feature dimension [16].
For training the RealNVP model, we extracted feature rep-
resentations from a selected layer of a pre-trained primary

model and computed per-class mean and precision statis-
tics. We use these statistics to remove correlations between
features, a process known as whitening. For each class, a
separate RealNVP model was trained on the whitened fea-
tures using maximum likelihood estimation.

3. Method Hyperparameters

For each method, we explored a wide range of hyperparam-
eter settings. The specific hyperparameter configurations
evaluated in our study are detailed in the following tables:
feature-based methods (Table 1), internal ad-hoc methods
(Table 2), confidence-based methods (Table 3), and exter-
nal methods (Table 4). To highlight the importance of eval-
uating a broad range of hyperparameters, we report OOD
detection AUROC for the Mahalanobis score across all lay-
ers of a ResNet18 on the ISIC benchmark with ink anno-
tations (Figure 1). While red ink annotations consistently
yield higher AUROC scores across most layers, our results
show that specific hyperparameter choices can reverse this
trend - making red ink annotations no more detectable than
purple or black. This illustrates that conclusions about OOD
performance can be highly sensitive to the choice of hy-
perparameters. Therefore, a full evaluation of method per-
formance must consider a comprehensive hyperparameter
search to ensure robust and fair comparisons across meth-
ods and settings. For each OOD artefact type, we selected
the hyperparameter setting that achieved the highest mean
performance (e.g. AUROC) for that specific artefact, av-
eraged over 25 random seeds. This procedure was carried
out independently for each artefact category, ensuring that
the reported results reflect the best-performing configura-
tion for the corresponding artefact.



Table 1. List of hyperparameters for feature-based OOD detection methods. The table presents the hyperparameter configurations evaluated
in our study, along with the total number of settings used per primary network architecture for each method.

Method Method Hyperparameter(s) Number of Settings per Model
ResNet18 VGG16 ViT-b32

CoP • Dimensionality, DCoP ∈ [2, 10, 20] 3 3 3

CoRP
• Dimensionality, DCoRP ∈ [2, 10, 20]

• Gaussian Kernel, γCoRP = [0.1]

• Number of random Fourier features, nrff = [20]

3 3 3

FeatureNorm • Layer selection 66 42 139
GRAM • Powers, pGRAM ∈ [[1], [10], [2, 4, 6]] 3 3 3
KDE (Gaussian) • Layer selection 66 42 139

KNN
• Layer selection
• Number of neighbours, kn ∈ [1, 3, 5, 10, 20]

330 210 695

LOF
• Layer selection
• Number of neighbours, kn ∈ [1, 3, 5, 10, 20]

330 210 695

Mahalanobis • Layer selection 66 42 139
MBM • Bracket, B ∈ [1, 2, 3, 4] 4 4 4
NAN • Layer selection 66 42 139

NAC
• Layer selection, lNAC = [Avgpool]
• Sigmoid alpha, αNAC = [3]

• Number of bins, nbin-NAC = [100]
1 1 1

NMD • Layer selection 66 42 139
NuSA • Linear layer, lNuSA = [Avgpool] 1 1 1
PCX • Layer selection 21 16 26

Residual
• Layer selection
• Dimension, Dresidual ∈ [2, 10, 20]

198 126 417

TAPUUD • Number of clusters, ncluster ∈ [[3, 5, 7]] 1 1 1

XOOD-M
• Layer selection
• Covariance matrix scaling, C ∈ [0.1, 1.0, 104]

198 126 417

Table 2. List of hyperparameters for internal ad-hoc OOD detection methods. The table presents the hyperparameter configurations
evaluated in our study.

Method Method Hyperparameter(s) Number of Settings

Bayes By Backprop
• Monte Carlo Samples, nMC = [30]
• Scoring function, SBNN = [Mutual Information] 1

CIDER
• Distance function, dCIDER =[Cosine distance]
• Feature extractor layer, lCIDER = [Output layer] 1

Outlier Exposure • Scoring Function, SOE = [MCP] 1
Reject Class 1
Rotation Prediction • Scoring Function, SRP = [Cross Entropy Loss] 1

4. Annotation Summary

For the ISIC dataset, we used two out-of-distribution bench-
marks: colour charts and ink annotations. We manually an-
notated 8,964 instances of colour charts and 2,358 instances
of ink annotations. To enable our analysis, we manually an-
notated each of these images by colour. For colour charts,
we first annotated each image containing a chart where a
specific colour was present (Table 5). To evaluate OOD
detection performance by colour, we also created a subset

where each image contained only a single annotated colour
(Table 6). All images in this subset were used to generate
synthetic, colour-swapped counterfactuals, as described in
the Main Paper. For our final analysis, we restricted evalua-
tion to colour charts occupying less than 10% of the image
area (Table 7), as large charts are easily detected (achieving
near-perfect OOD AUROC across all colours) and thus of-
fer limited insight into the effect of colour on detection per-
formance. Similarly, for ink annotations, we manually an-
notated images containing any ink color (Table 8), as well



Table 3. The table presents the hyperparameter configurations evaluated in our study for confidence-based methods, along with the total
number of settings used per primary network architecture for each method. The table presents the hyperparameter configurations evaluated
in our study, along with the total number of settings used per primary network architecture for each method.

Method Method Hyperparameter(s) Number of Settings per Model
ResNet18 VGG16 ViT-b32

ASH
• ASH function, gASH ∈[ASH-b, ASH-p, ASH-s]
• Percentile, pASH ∈ [0.6, 0.7, 0.8, 0.9]

12 12 12

Deep Ensemble
• Number of Ensemble members, nDE = [5]
• Scoring function, SDE = [MCP] 1 1 1

DICE
• Sparsity parameter, pDICE ∈ [0.6, 0.7, 0.8, 0.9]
• Truncation layer, lDICE = [Penultimate layer] 4 4 4

GAIA-A 1 1 1

GradNorm
• Parameter selection
• Summation method, ℓn ∈ [ℓ1, ℓ2]

132 64 304

GradOrth • Epsilon threshold, ϵGradOrth ∈ [0.1, 0.5, 0.9] 3 3 3
MCP 1 1 1

MC-Dropout
• Number of samples, nrepeats = [30]
• Dropout probability, pdropout ∈ [0.1, 0.2, 0.3, 0.4]

4 4 4

ODIN
• Temperature Scaling, T ∈ [1, 10, 100]
• Preprocessing Magnitude, ϵODIN ∈
{100, 10−1, 10−2, 10−3, 10−4}

15 15 15

ReAct • Percentile, pReAct ∈ [0.6, 0.7, 0.8, 0.9] 4 4 4
SHE 1 1 1

ViM
• Weighting coefficient, α ∈ [0.25, 0.5, 0.75]

• Dimensionality, DViM ∈ [2, 5, 10, 20]
12 12 12

WeiPer

• Scoring function, SWeiPer ∈ [MCP, KL-div]
• Perturbations, δWeiPer ∈ [0.1, 1.0, 10]

• Normalising factor, ϵWeiPer ∈ [0.01, 0.2]

• Contribution of term 1, λ1 ∈ [0.0, 1.0, 2.5]

• Contribution of term 2, λ2 ∈ [0.0, 0.1, 1.0]

• Number of bins, nWeiPer ∈ [10, 50, 100]

• Number of perturbations, rWeiPer = [30]

324 324 324

Table 4. List of hyperparameters for external OOD detection methods. The table presents the hyperparameter configurations evaluated in
our study, along with the total number of settings used per primary network architecture for each method.

Method Method Hyperparameter(s) Number of Settings
DeepSVDD 1

DDPM-MSE
• Number of steps, nDDPM-step = [1000]

• Number of reconstructions, nrecon = [100]
• ID comparator, DDDPM =[Training Data]

1

DDPM-LPIPS

• Number of steps, nDDPM-step = [1000]

• Number of reconstructions, nrecon = [100]
• ID comparator, DDDPM =[Training Data]
• Feature extractor, ϕ =[Pretrained AlexNet]

1

Foreign Patch Inter-
polation • Threshold, τFPI ∈ [0.4, 0.5, 0.6, 0.7, 0.8, 0.9] 6

RealNVP • Layer selection
• 66 for ResNet18
• 42 for VGG16
• 139 for Vit-b32



as a subset of images containing only a single ink colour
(Table 9). Finally, a summary for the annotations for the
MVTec-AD benchmarks is given in (Table 10).

Table 5. Number of images containing a colour chart in ISIC
where the specified colour is present. For images with multiple
colours, each colour is counted independently (i.e. counts are not
mutually exclusive).

Colour of chart Number of Images
Blue 4 203
Yellow 2 502
Green 2 315
Orange 2 193
Red 1 462
Grey / white 380
Black 47

Table 6. Number of images containing a colour chart in ISIC with
a single, uniquely assigned colour. Each image is associated with
exactly one colour category.

Colour of chart Number of Images
Blue 2 334
Yellow 1 202
Green 648
Orange 571
Red 805
Grey / white 365
Black 42

Table 7. Number of images containing a colour chart in ISIC with
a uniquely assigned colour, where the size of the colour chart is
less than 10% of the image area. Each image is associated with
exactly one colour category.

Colour of chart Number of Images
Blue 904
Yellow 419
Green 185
Orange 207
Red 321
Grey / white 92
Black 5

Table 8. Number of images containing an ink annotation in ISIC
with a uniquely assigned colour where the specified colour is
present. For images with multiple colours, each colour is counted
independently (i.e. counts are not mutually exclusive).

Colour of Ink Number of Images
Purple 1 558
Black 887
Green 26
Red 25

Table 9. Number of images containing an ink annotation in ISIC
with a single, uniquely assigned colour. Each image is associated
with exactly one colour category.

Colour of Ink Number of Images
Purple 1 481
Black 839
Green 22
Red 22

Table 10. Number of images containing an ink annotation with a
single, uniquely assigned colour in the MVTec benchmarks, sepa-
rated by a) Metal Nuts and b) Pills.

Colour of Ink Number of Images
a) Metal Nut

Black 8
Blue 8

b) Pill
Red 12
Yellow 6

5. Evaluating Statistical Significance
To assess the statistical significance of the OOD detec-
tion performance difference between similar and dissimi-
lar artefacts, we conducted a two-sided Wilcoxon signed-
rank test across 25 random seeds (e.g. 25 models). This
non-parametric test was chosen as it does not assume a
Gaussian distribution. We compared AUROC scores from
red ink annotations (visually similar to skin lesions) and
green ink annotations (visually dissimilar), using the best-
performing feature layer of the method Mahalanobis Score
on the full OOD dataset. Green was selected as the rep-
resentative dissimilar artefact because Main Paper Figure
1 shows it yielded the highest AUROC among non-similar
colours. A histogram of the OOD detection AUROCs per
experiment are plotted in Figure 2. The resulting p-value
was 3.28×10−6, indicating a statistically significant differ-
ence in detection performance between the two OOD arte-
fact colours.
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Figure 2. Distribution of AUROC scores across 25 random seeds
for Mahalanobis Score on red (visually similar) and green (vi-
sually dissimilar) ink artefacts in the ISIC benchmark. Results
are shown for the best-performing feature layer over the OOD
dataset. A statistically significant difference was observed (p =
3.28× 10−6, Wilcoxon signed-rank test).

6. Quantifying colour similarity with RGB dis-
tance

To quantify colour similarity, we used linear Euclidean
RGB distance. While metrics such as CIEDE2000 more
closely reflect human colour perception [20], our goal in
this study is to analyse how the neural network processes
colour similarity within its input representation, which is
defined in RGB. Therefore, RGB Euclidean distance was
used because it enables a more direct measure of similarity
in the space in which the network operates.

We constructed OOD detection benchmarks to evaluate
the Invisible Gorilla Effect. To obtain ROI masks for each
dataset, we used the Segment Anything Model (SAM) [17].
We define the ROI as the part of the training image where
the task-relevant visual features are expected to reside. For
ISIC, we defined the ROI as the lesion area, as this is where
features for malignant-benign classification are expected to
reside. As classifiers can sometimes use contextual short-
cuts (Clever Hans), we verified the model focuses on the
lesion region using saliency maps from seven explainable
AI methods: Expected Gradients [10], LayerCAM [15],
HiResCAM [9], LRP [4], CRP [1], Integrated Gradients
[25] and GradCAM [24] (Figure 3). For MVTec-AD, we
defined the ROI as the entire industrial tool (e.g. metal nut).

A human annotator iteratively provided prompts to SAM
until the generated segmentation closely matched the target
object (example segmentations shown in Figure 4). Utilis-
ing these segmentation masks, the mean RGB values of the
model’s ROI in the data were calculated over the training
(ID) dataset (summarised in Table 11). Note that for ISIC, a
sample of 100 images was used to calculate the mean RGB,
list of images used provided upon paper acceptance.

lnput Image Expected Grad HCAM

LRP CRP Integrated
Gradients GradCAM

lnput Image Expected Grad HCAM

LRP CRP Integrated
Gradients GradCAM

lnput Image Expected Grad HCAM

LRP CRP Integrated
Gradients GradCAM

LayerCAM

LayerCAM

LayerCAM

Figure 3. Explainability analysis of model focus on ISIC le-
sion regions. Three dermoscopic images from ISIC (top left)
and their corresponding saliency maps generated using seven ex-
plainable AI methods (Expected Gradients [10], LayerCAM [15],
HiResCAM [9], LRP [4], CRP [1], Integrated Gradients [25] and
GradCAM [24]) for a VGG16 primary model trained for classify-
ing between malignant versus benign lesions. cross all methods,
the highlighted regions consistently localise on the lesion, provid-
ing evidence that the primary models’s region of interest is the
lesion.

Table 11. Mean RGB for the model’s ROI across the training/ID
dataset (or a sample of 100 images for ISIC), using segmentation
masks created with SAM using human annotator-guided prompts.

Dataset Model ROI Mask Mean RGB
ISIC Skin Lesion SAM (176, 116, 77)
MVTec-AD Metal Nut SAM (77, 86, 83)
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Figure 4. Examples of segmentation masks used to calculate the
mean RGB of regions of interest (ROIs) for in-distribution data
and OOD artefacts. A human annotator iteratively prompted the
Segment Anything Model (SAM) until the produced mask closely
matched the target region. Panel (a) shows segmentations of the
model’s ROI and panel (b) shows segmentations the OOD artefacts
for the ISIC and MVTec benchmarks.

This process was then repeated to segment the naturally
occurring OOD artefacts in these datasets. The segmenta-
tion masks were either created using SAM with a human an-
notator, or using provided ground truth masks (for MVTec
covariate OOD artefacts). The mean RGB for each arte-
fact was calculated for the artefacts in ISIC (Table 12) and
MVTec (Table 13). For each dataset, we then calculated the
Euclidean RGB distance between the artefact colour and the
model’s ROI colour and applied a dataset-specific thresh-
old to categorise artefacts as similar (distance below thresh-
old) or dissimilar (distance above threshold). This thresh-
olding serves as an operational definition of similarity, as
our goal was not to determine an absolute boundary but to
analyse how OOD detection performance varies with colour
distance. This allows us to examine the counterintuitive
phenomenon where OOD detection may improve as artefact
colours become more similar to those found in the training
data.

Table 12. Mean RGB values of the colour-chart artefact colours
used to make the OOD benchmark for ISIC. Segmentation masks
were created using SAM with human annotator-guided prompts.
The Euclidean distance between the mean artefact and model’s
ROI is given (ℓ2), along with the categorisation of similar and dis-
similar colours under a threshold of ℓ2 = 90.

Colour Mask Mean RGB ℓ2 dist Label
Red SAM (222, 52, 57) 81.3 Sim.
Orange SAM (207, 123, 48) 43.0 Sim.
Yellow SAM (207, 191, 48) 86.2 Sim.
Blue SAM (65, 52, 57) 129.7 Diss.
Green SAM (53, 152, 69) 128.4 Diss.
White SAM (144, 158, 162) 100.1 Diss.
Black SAM (66, 61, 60) 124.2 Diss.

Table 13. Mean RGB values of the ink artefact colours used
to make the OOD benchmark for ISIC. Segmentation masks
were created using the ground truth (GT) masks provided by
MVTec-AD. The Euclidean distance between the mean artefact
and model’s ROI is given (ℓ2), along with the categorisation of
similar and dissimilar colours under a threshold of ℓ2 = 42.

Colour Mask Mean RGB ℓ2 dist Label
Blue GT (57, 59, 59) 40.9 Sim.
Black GT (49, 53, 68) 45.1 Diss.

7. On the Trade-Off Between OOD Generali-
sation and OOD Detection

A debated question in OOD detection is which inputs a
model should be expected to generalise to and which should
instead be rejected by an OOD detector. Some works ar-
gue that models ought to generalise to all covariate-shifted
inputs, and OOD detection should exclusively be used to
detect semantic shifts [27, 30]. Within this framing, ro-
bustness to every form of covariate shift is the desired goal,
and evaluating OOD detection methods on covariate-shifted
data is considered misaligned with this objective.

We argue that this framing is insufficient for real-world
deployment, particularly in high-risk domains such as the
focus of this work. In real-world scenarios, covariate shifts
can produce inputs that the primary model should not gener-
alise to. For example, covariate shifts can produce inputs for
which the main classification task becomes ill-posed, even
when the label space itself has not changed. Such shifts
can hide, distort, or remove the visual cues needed for a
reliable clinical decision. As a result, the model may pro-
duce high-confidence predictions even though the input no
longer contains enough usable information to justify them.
This applies even when the model happens to output the cor-
rect label: correctness by coincidence does not imply that
the prediction is trustworthy, and such cases remain impor-
tant to detect [2]. In these cases, enforcing generalisation



is undesirable: the desirable behaviour is to recognise that
the input falls outside the model’s scope [12] and to flag
it as OOD. In such cases, the optimal behaviour is not to
encourage the model to generalise to this covariate-shifted
data, but instead to label these inputs as OOD and discard
the predictions as unreliable. This is why many prior OOD
detection works treat covariate shifts as OOD [3, 29]. We
note that covariate shifts span a continuum from benign cor-
ruptions to task-invalidating artefacts, and we recognise that
the boundary between robustness and covariate OOD is not
universally defined. Therefore, in Section 2.1 in the main
paper, we explicitly operationalise the covariate OOD set-
tings to remove ambiguity about which artefacts we aim to
detect.

For these reasons, we evaluate OOD detection on
covariate-shift benchmarks that produce inputs outside the
model’s reliable operating conditions. In our experiments,
these naturally occurring artefacts led to a substantial degra-
dation in classification accuracy (main paper, Fig. 4), con-
firming that they meaningfully impact task performance. In
medical imaging, collecting training data that covers the full
range of real-world artefacts is often impractical due to pri-
vacy and acquisition constraints. Consequently, detecting
previously unseen covariate shifts that compromise the reli-
ability of model predictions is essential for safe deployment.

8. Supplementary Experimental Results for
Section 4.2

In addition to the main results, we conducted supplemen-
tary experiments using VGG16 and ViT-B/32 architec-
tures to assess the generality of our findings across dif-
ferent primary model architectures. We report results us-
ing three metrics: OOD detection AUROC, OOD detec-
tion AURC (Area Under the Risk–Coverage Curve), and
FPR@TPR80. These metrics were chosen because they
are unaffected by class imbalance between in-distribution
and OOD samples, enabling fair comparison of OOD de-
tection performance across artefact colours with differing
numbers of images. The metric FPR@TPR80 places a high
threshold (many diagnoses discarded) on the scoring func-
tion whereas the other metrics (AUROC and AURC) are
threshold-independent, highlighting that threshold adjust-
ment does not eliminate the bias. We report the post-hoc
method results for the ISIC benchmarks with a ResNet pri-
mary model, with metrics AUROC (Table 2 main paper),
AURC (Table 14) and FPR@TRP80 (Table 15). Post-hoc
method results for the ISIC benchmarks are shown for both
a ViT-B/32 primary model (Table 16) and a VGG16 pri-
mary model (Table 17). In addition, post-hoc method re-
sults for MVTec benchmarks are shown for a ResNet18 pri-
mary model (Table 18), ViT-B/32 primary model (Table 19)
and VGG16 primary model (Table 20).

9. Supplementary Experimental Results for
Section 4.3

In addition to the main results, we conducted supplemen-
tary experiments for the mitigation strategies across differ-
ent primary model architectures and mitigation method hy-
perparameters.

Colour jitter augmentation: We report the OOD de-
tection AUROC results for all the post-hoc methods for a
ResNet18 primary model (Table 21). In addition, we re-
peated the analysis for ViT-B/32 primary model using the
same colour jitter augmentation, with results given in table
22.

Subspace Projection: We first evaluate the inference la-
tency for a single image across three feature-based OOD
detection methods, both with and without subspace projec-
tion, on the ISIC Ink benchmark (Table 23). The results
show that incorporating the subspace projection introduces
only a negligible increase in inference time. In contrast,
the latency remains substantially lower than that of external
generative approaches such as DDPM-MSE.

We then evaluated how setting the number of PC’s in the
nuisance subspace (k) impacted the OOD detection perfor-
mance of method Mahalanobis (see Sec 3.4). We evaluated
k∈ [2, 5, 10, 20], with results plotted in Table 24. The re-
sults show that k = 5 resulted in the highest performing
OOD detection performance for both similar and dissimilar
artefacts.

Finally, we applied the subspace projection method on a
number of feature-based methods for a ResNet18 primary
model (Table 25). Some feature-based methods, such as
NuSA and PCX, would not be impacted by projecting out
the nuisance subspace due to the design of the method. Our
results show that projected features can reduce the Invisible
Gorilla Effect across several feature-based methods (reduc-
ing the gap in OOD detection performance between sim-
ilar and dissimilar artefacts), but not for all methods (e.g.
XOOD-M).
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Table 16. OOD detection AUROC (%) results for the ISIC benchmark, using a ViT-B/32 primary model for internal methods. Detection
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feature-based and confidence-based. Each entry shows the best-performing hyperparameter setting, reported as the mean AUROC over 25
seeds, with 95% confidence intervals in brackets.
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Table 17. OOD detection AUROC (%) results for the ISIC benchmark, using a VGG16 primary model for internal methods. Detection
was evaluated on artefacts that are either visually similar to skin lesions (red for ink artefacts; red, orange, yellow for colour charts) or
visually dissimilar (green, purple, black for ink artefacts; green, blue, black, grey for colour charts). Methods are grouped into two groups:
feature-based and confidence-based. Each entry shows the best-performing hyperparameter setting, reported as the mean AUROC over 25
seeds, with 95% confidence intervals in brackets.

OOD Method Ink Artefacts Colour Chart Artefacts

Similar Dissimilar Similar Dissimilar

Feature-based Methods
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GRAM 68.25 (0.04) 55.25 (0.03) 59.32 (0.02) 59.27 (0.02)
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KNN 83.67 (0.01) 62.11 (0.01) 81.32 (0.01) 74.24 (0.03)
LOF 85.28 (0.01) 64.28 (0.01) 82.38 (0.04) 82.11 (0.02)
Mahalanobis 80.02 (0.01) 52.41 (0.01) 74.38 (0.03) 74.10 (0.02)
MBM 81.33 (0.01) 52.06 (0.01) 75.39 (0.02) 75.01 (0.02)
NAN 77.25 (0.01) 48.08 (0.01) 45.54 (0.03) 44.71 (0.03)
NAC 51.52 (0.02) 45.23 (0.01) 55.63 (0.02) 55.34 (0.02)
NMD 60.13 (0.04) 58.24 (0.05) 37.50 (0.02) 37.29 (0.02)
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Deep Ensemble 65.72 (0.06) 65.12 (0.04) 47.70 (0.01) 47.75 (0.02)
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Table 18. OOD detection AUROC (%) results for the MVTec benchmark, using a ResNet18 primary model for internal methods. Detection
was evaluated on artefacts that are either visually similar to the model’s ROI (red for pill; black for metal nut) or visually dissimilar (yellow
for ink artefacts; blue for metal nut). Methods are grouped into two groups: feature-based and confidence-based. Each entry shows the
best-performing hyperparameter setting, reported as the mean AUROC over 25 seeds, with 95% confidence intervals in brackets.

OOD Method Pill Metal Nut

Similar Dissimilar Similar Dissimilar

Feature-based Methods
CoP 88.27 (0.01) 81.15 (0.02) 53.07 (0.01) 39.20 (0.03)
CoRP 81.92 (0.01) 71.41 (0.02) 48.86 (0.01) 39.09 (0.03)
FeatureNorm 71.67 (0.02) 56.41 (0.02) 55.00 (0.01) 52.69 (0.02)
GRAM 74.76 (0.01) 69.83 (0.01) 68.94 (0.01) 64.70 (0.01)
KDE (Gaussian) 81.35 (0.02) 73.59 (0.02) 63.52 (0.01) 43.98 (0.01)
KNN 93.33 (0.01) 86.15 (0.01) 71.02 (0.01) 36.93 (0.01)
LOF 83.78 (0.01) 62.18 (0.01) 69.30 (0.02) 42.95 (0.02)
Mahalanobis 71.86 (0.01) 68.72 (0.01) 69.77 (0.01) 58.30 (0.01)
MBM 73.18 (0.01) 71.36 (0.01) 70.32 (0.02) 58.12 (0.01)
NAN 64.10 (0.02) 56.92 (0.01) 54.43 (0.01) 52.39 (0.03)
NAC 68.27 (0.02) 67.88 (0.01) 52.38 (0.01) 51.93 (0.02)
NMD 85.26 (0.01) 82.31 (0.01) 68.75 (0.01) 68.94 (0.01)
NuSA 80.64 (0.01) 73.21 (0.01) 58.41 (0.01) 44.09 (0.02)
PCX 64.10 (0.02) 56.41 (0.02) 51.42 (0.01) 49.15 (0.01)
Residual 86.09 (0.01) 68.97 (0.02) 78.30 (0.03) 70.91 (0.03)
TAPUUD 53.14 (0.03) 49.87 (0.04) 59.27 (0.01) 58.30 (0.02)
XOOD-M 75.71 (0.02) 66.67 (0.01) 67.16 (0.01) 66.93 (0.01)

Confidence-based Methods
ASH 81.35 (0.02) 80.64 (0.01) 57.84 (0.01) 58.75 (0.02)
Deep Ensemble 79.54 (0.01) 79.51 (0.01) 64.72 (0.01) 62.75 (0.01)
DICE 87.63 (0.01) 82.56 (0.01) 63.52 (0.01) 48.98 (0.02)
GAIA-A 36.47 (0.01) 32.18 (0.01) 59.43 (0.02) 42.61 (0.02)
GradNorm 80.13 (0.01) 79.07 (0.01) 60.34 (0.01) 59.83 (0.01)
GradOrth 86.86 (0.01) 78.59 (0.01) 65.45 (0.01) 53.00 (0.02)
MCP 78.46 (0.02) 78.33 (0.01) 58.75 (0.01) 45.34 (0.01)
MC-Dropout 79.57 (0.02) 79.04 (0.01) 60.74 (0.02) 60.83 (0.02)
ODIN 82.69 (0.01) 80.77 (0.01) 58.75 (0.01) 53.18 (0.02)
ReAct 83.72 (0.01) 80.00 (0.01) 59.43 (0.01) 45.91 (0.03)
SHE 81.09 (0.01) 80.02 (0.01) 57.50 (0.01) 46.02 (0.01)
ViM 83.21 (0.01) 80.77 (0.01) 57.27 (0.02) 43.75 (0.02)
WeiPer 80.77 (0.02) 80.29 (0.01) 67.91 (0.01) 66.02 (0.01)
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Table 19. OOD detection AUROC (%) results for the MVTec benchmark, using a ViT-B/32 primary model for internal methods. Detection
was evaluated on artefacts that are either visually similar to the model’s ROI (red for pill; black for metal nut) or visually dissimilar (yellow
for ink artefacts; blue for metal nut). Methods are grouped into two groups: feature-based and confidence-based. Each entry shows the
best-performing hyperparameter setting, reported as the mean AUROC over 25 seeds, with 95% confidence intervals in brackets.

OOD Method Pill Metal Nut

Similar Dissimilar Similar Dissimilar

Feature-based Methods
CoP 72.76 (0.01) 66.92 (0.01) 78.79 (0.02) 42.33 (0.02)
CoRP 69.87 (0.01) 64.38 (0.01) 75.19 (0.03) 41.86 (0.02)
FeatureNorm 66.03 (0.02) 62.49 (0.02) 85.23 (0.02) 68.75 (0.01)
GRAM 57.55 (0.03) 54.83 (0.02) 78.23 (0.02) 52.54 (0.02)
KDE (Gaussian) 66.35 (0.01) 48.85 (0.01) 82.39 (0.02) 70.80 (0.02)
KNN 77.95 (0.02) 71.28 (0.02) 83.18 (0.02) 78.75 (0.01)
LOF 63.01 (0.01) 57.69 (0.01) 81.59 (0.01) 79.66 (0.01)
Mahalanobis 70.28 (0.02) 65.22 (0.02) 77.70 (0.01) 67.84 (0.02)
MBM 70.09 (0.03) 66.27 (0.02) 78.21 (0.01) 66.90 (0.01)
NAN 60.90 (0.01) 58.85 (0.02) 68.64 (0.01) 57.39 (0.02)
NAC 48.29 (0.02) 43.21 (0.02) 54.54 (0.02) 52.13 (0.03)
NMD 67.37 (0.01) 64.87 (0.02) 70.57 (0.03) 64.43 (0.02)
NuSA 70.64 (0.01) 59.10 (0.02) 58.07 (0.01) 40.23 (0.01)
PCX 65.87 (0.02) 63.15 (0.02) 64.02 (0.03) 57.20 (0.03)
Residual 66.03 (0.01) 63.72 (0.01) 74.77 (0.04) 70.11 (0.02)
TAPUUD 68.90 (0.02) 65.64 (0.02) 65.11 (0.02) 53.64 (0.01)
XOOD-M 70.08 (0.03) 68.73 (0.02) 79.97 (0.03) 53.27 (0.02)

Confidence-based Methods
ASH 61.25 (0.02) 60.51 (0.01) 62.84 (0.01) 61.70 (0.01)
Deep Ensemble 66.43 (0.02) 64.75 (0.02) 70.14 (0.04) 63.48 (0.02)
DICE 58.21 (0.02) 51.54 (0.02) 71.82 (0.04) 66.93 (0.05)
GAIA-A 52.05 (0.02) 44.29 (0.02) 37.16 (0.02) 35.80 (0.01)
GradNorm 65.94 (0.03) 62.46 (0.04) 71.75 (0.03) 69.39 (0.02)
GradOrth 59.46 (0.03) 59.02 (0.02) 69.03 (0.02) 67.99 (0.03)
MCP 63.72 (0.01) 55.26 (0.01) 66.14 (0.01) 62.16 (0.02)
MC-Dropout 66.27 (0.02) 54.96 (0.02) 68.56 (0.02) 66.47 (0.02)
ODIN 63.97 (0.01) 63.91 (0.01) 71.25 (0.04) 62.16 (0.02)
ReAct 54.36 (0.02) 34.42 (0.02) 63.18 (0.01) 56.59 (0.01)
SHE 70.26 (0.02) 59.04 (0.02) 58.30 (0.01) 44.09 (0.02)
ViM 55.45 (0.02) 37.44 (0.02) 63.86 (0.01) 57.61 (0.01)
WeiPer 64.04 (0.02) 62.18 (0.02) 66.02 (0.01) 62.27 (0.02)



Table 20. OOD detection AUROC (%) results for the MVTec benchmark, using a VGG16 primary model for internal methods. Detection
was evaluated on artefacts that are either visually similar to the model’s ROI (red for pill; black for metal nut) or visually dissimilar (yellow
for ink artefacts; blue for metal nut). Methods are grouped into two groups: feature-based and confidence-based. Each entry shows the
best-performing hyperparameter setting, reported as the mean AUROC over 25 seeds, with 95% confidence intervals in brackets.

OOD Method Pill Metal Nut

Similar Dissimilar Similar Dissimilar

Feature-based Methods
CoP 76.68 (0.04) 69.07 (0.03) 68.18 (0.02) 53.52 (0.02)
CoRP 69.42 (0.02) 65.77 (0.02) 63.63 (0.02) 50.90 (0.04)
FeatureNorm 52.28 (0.02) 51.15 (0.01) 57.95 (0.02) 45.45 (0.04)
GRAM 64.90 (0.03) 60.19 (0.03) 72.46 (0.04) 65.32 (0.03)
KDE (Gaussian) 63.85 (0.03) 54.74 (0.02) 69.89 (0.04) 58.75 (0.01)
KNN 91.28 (0.03) 82.82 (0.02) 80.57 (0.03) 74.89 (0.03)
LOF 71.79 (0.01) 68.72 (0.02) 70.00 (0.02) 63.52 (0.02)
Mahalanobis 71.15 (0.01) 69.78 (0.02) 60.80 (0.01) 54.89 (0.04)
MBM 72.03 (0.01) 69.58 (0.02) 61.28 (0.02) 55.76 (0.02)
NAN 51.77 (0.06) 50.26 (0.02) 53.98 (0.04) 46.48 (0.03)
NAC 52.10 (0.03) 50.08 (0.02) 43.53 (0.04) 41.42 (0.03)
NMD 60.51 (0.02) 57.95 (0.01) 82.16 (0.03) 74.09 (0.02)
NuSA 55.64 (0.02) 49.10 (0.04) 61.16 (0.02) 58.92 (0.03)
PCX 68.56 (0.02) 66.29 (0.03) 74.97 (0.02) 64.52 (0.02)
Residual 79.87 (0.01) 76.09 (0.04) 85.11 (0.02) 77.95 (0.02)
TAPUUD 59.36 (0.02) 58.46 (0.02) 52.36 (0.02) 48.30 (0.02)
XOOD-M 74.08 (0.03) 68.84 (0.03) 74.20 (0.04) 54.89 (0.2)

Confidence-based Methods
ASH 60.45 (0.02) 60.13 (0.02) 70.80 (0.02) 66.36 (0.03)
Deep Ensemble 60.32 (0.02) 60.62 (0.03) 76.77 (0.03) 75.34 (0.03)
DICE 57.05 (0.03) 53.72 (0.02) 75.91 (0.02) 69.66 (0.01)
GAIA-A 48.33 (0.01) 41.73 (0.02) 55.57 (0.02) 45.57 (0.02)
GradNorm 61.94 (0.03) 58.42 (0.02) 63.14 (0.02) 59.98 (0.02)
GradOrth 64.22 (0.02) 60.18 (0.03) 59.09 (0.03) 51.70 (0.03)
MCP 57.95 (0.02) 53.59 (0.02) 73.98 (0.04) 71.07 (0.03)
MC-Dropout 58.32 (0.03) 55.31 (0.02) 72.89 (0.02) 71.30 (0.02)
ODIN 58.46 (0.01) 53.78 (0.02) 78.07 (0.01) 73.98 (0.03)
ReAct 54.87 (0.02) 51.79 (0.02) 75.23 (0.04) 66.48 (0.01)
SHE 56.54 (0.02) 54.10 (0.02) 67.05 (0.02) 52.84 (0.02)
ViM 85.90 (0.01) 76.18 (0.03) 75.91 (0.03) 69.89 (0.01)
WeiPer 58.85 (0.01) 53.59 (0.02) 75.34 (0.03) 74.32 (0.04)



Table 21. OOD AUROC (%) on the ISIC ink benchmark using 10 ResNet18 primary models, trained with either light or heavy colour jitter
augmentations. Brackets show the OOD AUROC difference compared to the primary model’s trained without colour jitter augmentations
(Table 2, main paper).

OOD Method Light Augmentation Heavy Augmentation

Similar Dissimilar Similar Dissimilar

Feature-based Methods
CoP 77.04 (+5.30) 70.34 (+4.58) 79.58 (+7.84) 69.81 (+4.05)
CoRP 74.60 (+3.44) 68.72 (+3.74) 74.33 (+3.17) 67.00 (+2.02)
FeatureNorm 75.92 (+0.80) 64.24 (+11.33) 75.66 (+0.54) 68.09 (+15.18)
GRAM 67.25 (-13.07) 59.24 (-13.47) 66.83 (-13.49) 61.21 (-11.50)
KDE (Gaussian) 89.70 (+4.15) 75.67 (+7.51) 87.43 (+1.88) 76.89 (+8.73)
KNN 90.13 (+4.45) 77.26 (+7.16) 87.88 (+2.20) 79.23 (+9.13)
LOF 84.12 (+1.77) 74.52 (+11.62) 88.84 (+6.49) 74.73 (+11.83)
Mahalanobis 85.55 (+8.57) 70.92 (+7.28) 87.32 (+10.34) 75.16 (+11.52)
MBM 85.52 (+8.12) 71.39 (+7.68) 87.17 (+9.77) 73.88 (+10.17)
NAN 76.03 (+0.45) 58.88 (+10.42) 73.57 (-2.01) 64.38 (+15.92)
NAC 39.67 (+0.05) 34.50 (-2.82) 36.18 (-3.44) 42.66 (+5.34)
NMD 72.78 (-6.53) 70.68 (-3.05) 75.08 (-4.23) 74.22 (+0.49)
NuSA 64.02 (-11.00) 71.26 (-3.71) 58.45 (-16.57) 72.52 (-2.45)
PCX 77.34 (+1.73) 68.93 (+4.18) 75.24 (-0.37) 66.18 (+1.43)
Residual 60.22 (-5.78) 58.69 (+0.42) 69.53 (+3.53) 64.29 (+6.02)
TAPUUD 79.66 (+8.87) 67.34 (+10.33) 80.22 (+9.43) 69.30 (+12.29)
XOOD-M 84.14 (+3.38) 76.19 (+12.28) 83.92 (+3.16) 76.12 (+12.21)

Confidence-based Methods
ASH 53.29 (-19.12) 43.48 (-29.54) 57.18 (-15.23) 42.76 (-30.26)
Deep Ensemble 64.13 (-8.93) 73.38 (+0.96) 59.91 (-13.15) 72.19 (-0.23)
DICE 61.82 (-7.22) 71.59 (+0.29) 58.14 (-10.90) 71.56 (+0.26)
GAIA-A 49.24 (-19.69) 52.93 (-12.62) 47.23 (-21.70) 49.65 (-15.90)
GradNorm 62.81 (-12.82) 71.27 (-1.16) 69.09 (-6.54) 75.61 (+3.18)
GradOrth 63.76 (-9.04) 71.88 (-0.86) 58.43 (-14.37) 72.06 (-0.68)
MCP 63.50 (-6.33) 71.80 (+3.06) 58.42 (-11.41) 71.65 (+2.91)
MC-Dropout 68.34 (-2.08) 72.81 (+3.60) 58.23 (-12.19) 71.03 (+1.82)
ODIN 63.70 (-9.06) 72.24 (-0.12) 58.42 (-14.34) 71.65 (-0.71)
ReAct 62.84 (-1.33) 70.46 (+10.96) 55.62 (-8.55) 67.72 (+8.22)
SHE 62.68 (-9.52) 71.02 (-1.34) 57.79 (-14.41) 72.58 (+0.22)
ViM 63.36 (-11.93) 71.43 (-3.09) 61.28 (-14.01) 73.67 (-0.85)
WeiPer 65.74 (-8.85) 66.23 (-7.54) 72.31 (-2.28) 73.00 (-0.77)



Table 22. OOD AUROC (%) on the ISIC ink benchmark using 10 ViT-B/32 primary models, trained with light colour jitter augmentations.
Brackets show the OOD AUROC difference compared to the primary model’s trained without colour jitter augmentations (Table 16).

OOD Method Light Augmentation

Similar Dissimilar

Feature-based Methods
CoP 87.82 (+10.39) 72.23 (+0.15)
CoRP 80.95 (+3.44) 69.28 (-0.77)
FeatureNorm 82.09 (+13.72) 73.27 (+20.94)
GRAM 44.24 (-19.30) 44.65 (-8.03)
KDE (Gaussian) 85.33 (+11.44) 75.05 (+10.91)
KNN 86.76 (+4.54) 79.98 (+9.65)
LOF 93.95 (+2.66) 81.13 (+4.63)
Mahalanobis 85.06 (+5.57) 79.63 (+10.24)
MBM 84.56 (+3.36) 79.21 (+10.71)
NAN 56.24 (+3.17) 55.84 (+3.82)
NAC 43.19 (-2.67) 45.62 (+0.30)
NMD 80.99 (+23.11) 74.81 (+17.28)
NuSA 52.14 (-17.83) 71.97 (+3.61)
PCX 63.40 (+2.92) 59.76 (+2.97)
Residual 96.80 (+16.08) 86.46 (+12.60)
TAPUUD 90.20 (+32.50) 75.35 (+20.08)
XOOD-M 86.33 (+20.98) 68.82 (+12.11)

Confidence-based Methods
ASH 51.61 (-17.88) 64.85 (-5.30)
Deep Ensemble 49.72 (-25.76) 70.04 (-2.54)
DICE 76.39 (+8.47) 66.25 (-1.46)
GAIA-A 49.46 (+14.68) 30.10 (-1.09)
GradNorm 57.27 (-13.92) 69.96 (-0.74)
GradOrth 77.28 (+9.00) 73.72 (+3.52)
MCP 48.82 (-20.36) 69.40 (+0.32)
MC-Dropout 58.28 (-14.04) 58.60 (-13.54)
ODIN 48.82 (-22.51) 70.43 (+0.08)
ReAct 38.80 (-29.09) 53.37 (-12.79)
SHE 57.67 (-12.31) 75.48 (+5.85)
ViM 39.83 (-30.82) 57.24 (-12.90)
WeiPer 73.18 (+3.20) 70.95 (+4.64)



Table 23. Average inference latency (in milliseconds) for a single
image on the ISIC Ink benchmark on a ResNet18 primary model.
Results are shown for three feature-based OOD detection methods
with and without the proposed subspace projection, showing small
increases in inference latency. The forward pass through the model
is included in this value. The inference latency of the external
method baseline (DDPM-MSE) is included to highlight that some
OOD detection methods have significantly higher computational
cost.

Method Inference Latency (ms)
Mahalanobis 12.15
+ proj. 14.23
Featurenorm 8.63
+ proj. 10.32
NaN 11.04
+ proj. 13.09
DDPM-MSE 4767.90

Table 24. Average OOD detection AUROC (%) for the Maha-
lanobis method as a function of the nuisance subspace dimension-
ality k. Removing a small number of nuisance directions (up to
k = 5) improves performance for both similar and dissimilar arte-
facts, whereas removing larger subspaces (k ≥ 10) removes task-
relevant structure and substantially degrades AUROC.

OOD Artefact k=2 k=5 k=10 k=20
Similar 77.2 77.5 53.7 48.2
Dissimilar 67.0 75.8 59.4 47.0

Table 25. OOD performance on ISIC ink and colour chart bench-
marks with and without nuisance subspace projection (equation
3), averaged over 25 ResNet18 models with random seeds. Using
projected features can reduce the Invisible Gorilla Effect across
several feature based OOD detection methods, although not for all
methods (e.g. XOOD-M).

Method Ink Artefacts Colour Charts

Sim. Diss. Sim. Diss.

Mahalanobis 77.0 63.6 96.7 95.4
+Proj. 77.5 75.8 95.8 97.7

MBM 77.4 63.7 97.0 95.5
+Proj. 77.6 75.3 96.1 97.2

FeatureNorm 75.1 52.9 62.4 58.1
+Proj. 75.3 74.5 75.9 76.3

NAN 75.6 48.5 72.5 68.1
+Proj. 75.3 76.8 77.9 77.4

XOOD-M 80.8 63.9 88.5 84.8
+Proj. 68.5 61.0 61.2 59.8
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