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A. Experimental Environment

Experiments were conducted with Python 3.10 [25], Py-
Torch 1.12.1 [16] (compiled for hardware compatible with
CUDA 11.3 [15]), and PyTorch Lightning 2.0.0 [5]. We
provide the code and additional configuration details along
with this document. This includes a requirement file with
all versions of the packages used and a Docker [13] image
specification file.

B. Detailed Architectures

Table | depicts the detailed architecture and configura-
tion of the networks used as perturbator and classifier in
PLUME. Total numbers of learnable parameters are also re-
ported; note that only the classifier is used for inference. For
the perturbator, layers 3.1 and 3.2 are both using the out-
put of layer 2; their respective outputs are p and o, used to
draw a new vector from a Gaussian distribution (then given
to the 41 layer), as in a classic VAE. Regarding the classi-
fier, embeddings used to calculate the contrastive loss are
taken after layer 6.

No. Type Input Size Output Size Affine Bias # Param.
1 Linear 3072 3072 - Yes 9.4M
8 2 LeakyReLU 3072 3072 - - -
8 3.1 Linear 3072 3072 - Yes 9.4M
5 3.2 Linear 3072 3072 - Yes 9.4M
5 4 Linear 3072 3072 - Yes 9.4M
~ 5 LeakyReLU 3072 3072 - - -
6 Linear 3072 6144 - Yes 18.8M
Total 56.6M
1 Linear 3072 1024 - No 3.IM
5 2 BatchNorm 1024 1024 No - 0
= 3 LeakyReLU 1024 1024 - - -
2 4 Linear 1024 512 - No 524K
5 5 BatchNorm 512 512 No - 0
6 LeakyReLU 512 512 - - -
7 Linear 512 1 - No 512
Total 3. M

Table 1. Detailed architecture of the perturbator and classifier used
in PLUME. The layers are numbered for each network following
their order of appearance in the layer sequence. When a configu-
ration parameter (Affine, Bias...) does not apply to a layer type, a
dash is used.

C. Additional Results

To study the stability of PLUME with respect to a vary-
ing hyperparameter A\, we report per class results on CIFAR-
10 with values 5, 10 and 20 (Table 3). Compared to
PLAD [2], PLUME shows SotA performance regardless of
the value of A and greater stability. In the end, we prove that
PLUME does not require any fine-tuning of the optimiser,
learning rate, or other hyperparameter to achieve SotA per-
formance. Table 2 highlights the maximum AUC values
reached for each class and .

Table 4 depicts detailed results of PLUME and PLAD
which we also ran on CIFAR-100 (results were not provided
in the original paper). PLUME outperforms PLAD on each
meta-class and averages at 80.3% AUC, which is higher
than PLAD by 16.5pp, without any increase of learnable
parameter, change in the architecture or training procedure.

Table 5 shows a detailed report of the results of all re-
cent methods on CIFAR-10, including the ones based on
rotations.

A Plane Car Bird Cat Deer Dog Frog Horse Ship Truck | Mean
5 88.0 878 77.1 794 897 79.6 884 861 926 929 | 86.16
10 91.0 90.1 80.2 80.8 896 837 849 858 894 938 | 86.92
20 894 865 756 790 906 798 884 895 833 940 | 86.13
Bests | 91.0  90.1 80.2 80.8 90.6 837 884 895 926 94.0 | 88.09

Max.

Table 2. Detailed results of the maximum AUC reached for each
CIFAR-10 class, over three different A\ values (5, 10, 20). The
mean of those maximums are reported in the last column, and the
best AUC for each class in the last row.

D. Vector Space Analysis

This section details the 3D plots in Figures 1 to 4. t-
SNE [24] was used to reduce the different vectors to 3D
vectors (with a perplexity of 30), and each plot shows mul-
tiple view angles. Models from the ablation study and fea-
tures extracted from CIFAR-10 with ResNet50 are used.
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Table 3. Study on the impact of A (CIFAR-10 dataset). Official re-
sults of the baseline PLAD [2] are achieved with different A values
per class (~). We reproduce the experiments (PLAD") fixing A to
the most frequent value (A = 5). PLUME performance is also re-
ported with X values fixed over classes (5,10,20), and considering
the best value per class (~).

D.1. Pseudo-Anomalies

In Figures | and 2, normal data (green, Bird class)
and the generated pseudo-anomalies (red) are displayed;
features are taken before the classifier. We compare the
pseudo-anomalies generated after training with the intro-
duced LinearMap (PLUME, Figure 2) and with the baseline
mapping (Figure 1, AddMult). We observe that the linear
mapping seems to allow for better separated features com-
pared to the baseline noising procedure, with which normal
and pseudo-anomalous features are entangled. An interest-
ing observation is that two “blobs” are generated with our
linear mapping (Figure 2). In fact, we found that this seems
to be an amplification of the dissimilarities already present
in the normal data. Indeed, by measuring the cosine similar-
ity between the normal vectors generating one blob and the
other, we observed that data of each group had greater sim-
ilarities within the group than with any data from the other
one.

D.2. Embedded Vectors

In Figures 3 and 4, embedded vectors from normal data
(blue, Truck class), the generated pseudo-anomalies (or-
ange) and real anomalies (other classes, pink) are displayed;
vectors are taken after the first part of the classifier f;, where
the contrastive loss is applied. We compare the vectors
extracted with the AddMult perturbation and without con-
trastive guidance (Figure 3) and PLUME (Figure 4). With
PLUME we see a more important aggregation of the normal
data points, and the separation with the anomalies seems
clearer.

E. Supplements on the Ablation Study
E.1. Mean Contrastive Loss

In the ablation study, we report results with a simpli-
fied version of the fully contrastive loss which does not
compute the similarity with respect to all vectors for each
vector, but instead with respect to the mean embeddings of

N
the normal data (z = % > z;) and the pseudo-anomalies
i=1

Meta-Class

AUC

PLUME

PLAD'

75.842.7

70.2+25

7494138

65.9+15

88.8+122

70.3+54

83.2+16

62.2418

84.3+14

722431

83.5427

61.2424

88.2+338

69.7+1.9

69.8+2.7

57.7+2

80.1+138

60.3+2.6

78.2+0.9

68.8+3.8

94.7+0.4

70.6+4

T7+1.7

64.54+2.6

741424

57.8436

73.6+24

S51.1+17

86.5+22

70.3+34

731425

51.2417

65.1+22

64.743.1

90.1+1.2

66426

(RN GG (U NV U VI VI UIN
ol Q| Bl Wl —| o] PR NN B W= O

86125

64.242

19

78.242.38

57.4415

Average

80.3

63.8

Table 4. Detailed results of average AUC achieved by PLUME
and PLAD' (reproduced results), over 5 runs, for each meta-class
of the CIFAR-100 dataset.
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E.2. Other Perturbations

To supplement our ablation study we provide in Table 6
results with only the additive noise (Add) and only the mul-
tiplicative noise (Mult). Both are learned with the same



Method ‘ Plane Car Bird Cat Deer Dog Frog Horse Ship Truck ‘Mean

Geom [7] 74.7 95.7 78.1 72.4 87.8 87.8 83.4 95.5 93.3 91.3 86.0
Rot* [9] 78.3+02 94.3+03 86.2+04 80.8+06 89.4+05 89.0+04 88.9+04 95.1+02 92.3+03 89.7+03 | 88.4
2 Rot+Trans™* [9] 80.4+03 96.4+02 859+03 81.1+05 91.3+03 89.6+03 89.9+03 95.9+01 95.0+01 92.6+02 | 89.8
% | GOAD* [1] 75.5+03 94.1+03 81.8+05 72.0+03 83.7+09 84.4+03 82.9+08 93.9+03 92.9+03 89.5+02 | 85.1
ﬁ DROC [22] 90.9+05 98.9+01 88.1+01 83.1+08 89.9+13 90.3+10 93.5+06 98.2+01 96.5+03 95.2+13 | 92.5
-% CSI [23] 89.9+0.1  99.1+00 93.1+02 86.4+02 93.9+01 93.2+02 95.1+01 98.7+00 97.9+00 95.5+01 | 94.3
2 | iDECODe [11] 86.5+00 98.1+00 86.0+05 82.6+01 90.9+01 89.2+01 88.2+04 97.8+01 97.2+00 95.5+01 | 91.2
® | SSD [21] 82.7 98.5 84.2 84.5 84.8 90.9 91.7 95.2 929 94.4 90.0
NDA [3] 98.5 76.5 79.6 79.1 92.4 71.7 97.5 69.1 98.5 75.2 84.3
UniCon-HA [27] | 91.7+01  99.2+0  93.9+t01 89.5+02 95.1+01 94.1+02 96.6+01 98.9+00 98.1+00 96.6+0.1 | 95.4
UNODE [14] 97.0 98.8 96.0 92.4 96.5 94.7 98.5 98.6 98.6 97.8 96.9
AnoGAN [19] 67.1 54.7 529 54.5 65.1 60.3 58.5 62.5 75.8 66.5 61.8
OCSVM [20] 61.6 63.8 50.0 55.9 66.0 62.4 74.7 62.6 74.9 759 64.7
IF[12] 66.1 437 64.3 50.5 74.3 52.3 70.7 53.0 69.1 53.2 59.7
- DAE [26] 41.1 47.8 61.6 56.2 72.8 51.3 68.8 49.7 48.7 37.8 53.6
2 | DAGMM [30] 414 57.1 53.8 51.2 52.2 49.3 64.9 55.3 51.9 54.2 53.1
%‘ ADGAN [4] 63.2 529 58.0 60.6 60.7 65.9 61.1 63.0 74.4 64.2 62.4
5 DSVDD [18] 61.7 65.9 50.8 59.1 60.9 65.7 67.7 67.3 759 73.1 64.8
2 | OCGAN [17] 75.7 53.1 64.0 62.0 72.3 62.0 72.3 57.5 82.0 55.4 65.6
.§ TQM [28] 40.7 53.1 41.7 58.2 39.2 62.6 55.1 63.1 48.6 58.7 52.1
£ | DROCC [8] 79.2 74.9 68.3 62.3 70.3 66.1 68.1 71.3 62.3 76.6 69.9
g HRN-L2 [10] 80.6 48.2 64.9 574 73.3 61.0 74.1 55.5 79.9 71.6 66.7
S | HRN [10] 77.3 69.9 60.6 64.4 71.5 67.4 77.4 64.9 82.5 773 71.3
DPAD [6] 78.0403 75.0+02 68.1+05 66.7+04 77.9+08 68.6+03 81.2+04 T4.8+02 T79.1t10 7T6.1+02 | 74.6
DO2HSC [29] 81.3+02 82.7+03 71.3+04 71.2+13 72.9+21 72.8+02 83.0+06 75.5+04 84.4+05 82.0+09 | 77.7
PLAD [2] 82.5+04 80.8+09 68.8+12 652+12 T1.6+11 71.2+16 7T6.4+19 73.5+10 80.6+18 80.5+03 | 75.1
PLUME (ours) 89.5+10 85.7+17 74.5+23 783436 87.7+13 79.5+437 87.5+09 84.6+37 87.8+31 90.0+27 | 84.5

Table 5. Detailed results (AUC) on CIFAR-10 of all methods depicted in Figure 4 of the main article. * denotes values taken from CSI [23].

VAE in PLUME with a reduced output dimension to gen- ) —
erate only «; or 3;. The results stay on par with the Add- o
Mult perturbation, though only the multiplicative part of the
noise gives on average a better performance.

Figure 1. Study done on CIFAR-10 Bird class, with features ex-
tracted with ResNet50. Illustration of normal data (green) and gen-
erated pseudo-anomalies (red). Pseudo-anomalies were produced
by the PLUME with the AddMult perturbation method.



Perturbation | Guidance | Plane Car Bird Cat Deer Dog Frog Horse Ship Truck | Mean

Gaussian - 83.3+26 75.7+100 69.8+32 72.8+9.1 80.6+34 72.0+33 84.5+17 79.6+57 799436 76.9+93 | 77.5
Gaussian v 75.1+432  79.6+34 68.4+13 70.4+16 74.5+37 69.1+26 785421 69.1+32 752450 T77.6+53 | 73.7
AddMult - 66.8+35 70.5+95 67.4+15 64.9+36 67.5+54 67.0+35 70.6+78 68.1+7.7 7T2.5+46 68.7+52 | 68.4
AddMult v 592426 62.6+26 61.2+15 58.7+20 63.0+19 62.6+£10 68.6+30 59.5+49 61.1+12 57.5+46 | 614

Add v 59.8+22  62.7+44 59.7+23 60.1433 59.0+25 56.6+43 61.5+77 59.7432 59.7+41 62.0+35 | 60.1

Mult v 62.0432  65.0437 62.6+£34 58.5+£30 61.2427 594461 66.0452 59.2429 66.8+34 64.5+10 | 62.5
LinearMap - 69.5+96 75.7+101 76.2+19 58.8487 74.5467 78.4+20 85.1+10 78.0454 85.6434 86.5+25 | 76.8
LinearMap | v (Mean) | 81.4460 72.4+72 74.8435 60.3+79 74.5+55 77.9+18 86.4+18 82.6+27 84.0+31 74.3+119 | 769
LinearMap v 86.8+13 85.7+17 74.5+23 75.0+68 87.4x17 T7.0x27 86.1+17 84.0+26 87.8+31 89.6+32 | 834

Table 6. Ablation study of the main article supplemented by results with only additive (Add) and only multiplicative (Mult) noises.

* Normal Class (2)
* Puudouo

Figure 3. Study done on CIFAR-10 Truck class, with features

Figure 2. Study done on CIFAR-10 Bird class, with features ex- extracted with ResNet50. Illustration of embedded vectors from
tracted with ResNet50. Illustration of normal data (green) and gen- normal data (blue), generated pseudo-anomalies (orange) and real
erated pseudo-anomalies (red). Pseudo-anomalies were produced anomalies (pink). Pseudo-anomalies were produced by training
by a trained PLUME configuration. PLUME with the AddMult perturbation and without contrastive

loss.



Figure 4. Study done on CIFAR-10 Truck class, with features
extracted with ResNet50. Illustration of embedded vectors from
normal data (blue), generated pseudo-anomalies (orange) and real
anomalies (pink). Pseudo-anomalies were produced by a trained

PLUME configuration.
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Figure 5. Visual interpretation of the ablation study conducted in
the main paper, in the form of box plots. Results are displayed by

class, and coloured by experiment.
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Figure 6. In-depth illustration of the ablation study. Each sub-
figure shows the results of the trained models on one normal class.

In each one, precision over the different classes are reported.
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