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Abstract

We propose a new method for novelty detec-
tion that can tolerate high corruption of the train-
ing points, whereas previous works assumed ei-
ther no or very low corruption. Our method
trains a robust variational autoencoder (VAE),
which aims to generate a model for the uncor-
rupted training points. To gain robustness to high
corruption, we incorporate the following four
changes to the common VAE: 1. Extracting cru-
cial features of the latent code by a carefully de-
signed dimension reduction component for dis-
tributions; 2. Modeling the latent distribution as
a mixture of Gaussian low-rank inliers and full-
rank outliers, where the testing only uses the in-
lier model; 3. Applying the Wasserstein-1 met-
ric for regularization, instead of the Kullback-
Leibler (KL) divergence; and 4. Using a robust
error for reconstruction. We establish both ro-
bustness to outliers and suitability to low-rank
modeling of the Wasserstein metric as opposed
to the KL divergence. We illustrate state-of-the-
art results on standard benchmarks.

1 INTRODUCTION

Machine learning solutions often assume that training
datasets are flawless and can serve as ground truth. How-
ever, this assumption usually does not hold in practice. In-
deed, most datasets, even commonly used ones such as
CIFAR-10 or ImageNet, suffer from corruption and misla-
beling (Northcutt et al., 2021). While in many applications
the percentage of mislabels may be sufficiently small, there
are important scenarios where this is not the case. One such
scenario appears when studying problems with no earlier
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experience and expertise. For instance, in the beginning of
the COVID-19 pandemic it was hard to diagnose COVID-
19 patients and distinguish them from other patients with
pneumonia (Chowdhury et al., 2020; Xiao et al., 2020).
Another scenario occurs when it is very hard to make pre-
cise measurements, for example, when working with the
highly corrupted images in cryogenic electron microscopy
(cryo-EM) (Miolane et al., 2020; Huang & Tagare, 2015).

One problem, where it is crucial to carefully address mis-
labeled training data points, is novelty detection. It asks to
detect testing data points that deviate from the underlying
structure of a given training dataset (Chandola et al., 2009;
Pimentel et al., 2014; Chalapathy & Chawla, 2019; Perera
et al., 2021). Novelty detection is equivalent to the well-
known one-class classification problem (Moya & Hush,
1996). This problem asks to identify members of a class
in a test dataset, and consequently distinguish them from
“novel” data points, given training points from this class.
The points of the main class are commonly referred to as
inliers and the novel ones as outliers. Novelty detection
is also commonly referred to as semi-supervised anomaly
detection. In this terminology, the notion of being “semi-
supervised” is different from usual, and means that a train-
ing set is provided for the inliers only. On the other hand,
the supervised case has labeled training data for both the in-
liers and outliers, and the unsupervised case has no training
and is also known as “outlier detection”.

Traditional one-class classification methods often assume
that the training set is purely sampled from a single class
or has few outliers and perform poorly when there is a non-
trivial portion of outliers. In this paper, we study a robust
version of novelty detection that allows a nontrivial fraction
of corrupted samples, namely outliers, within the training
set. We solve this problem by using a special variational
autoencoder (VAE) (Kingma & Welling, 2014). Our VAE
is able to model the underlying distribution of the uncor-
rupted data, despite nontrivial corruption. We refer to it
as “Mixture Autoencoding with Wasserstein penalty”, or
“MAW”.
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1.1 Previous Work

Solutions to novelty detection either estimate the density
of the inlier distribution (Bengio & Monperrus, 2005; Ilo-
nen et al., 2006) or determine a geometric property of the
inliers, such as their boundary set (Breunig et al., 2000;
Schölkopf et al., 2000; Xiao et al., 2016; Wang & Lan,
2020; Jiang et al., 2019). When the inlier distribution is
nicely approximated by a low-dimensional linear subspace,
Shyu et al. (2003) propose to distinguish between inliers
and outliers via Principal Component Analysis (PCA). In
order to consider more general cases of nonlinear low-
dimensional structures, one may use autoencoders (or re-
stricted Boltzmann machines), which nonlinearly general-
ize PCA (Goodfellow et al., 2016, Ch. 2) and whose recon-
struction error naturally provides a score for membership
in the inlier class. Instances of this strategy with various
architectures include (Zhai et al., 2016; Zong et al., 2018;
Sabokrou et al., 2018; Perera et al., 2019; Pidhorskyi et al.,
2018). In all of these works, but (Zong et al., 2018), the
training set is assumed to solely represent the inlier class.
If there are also outliers (with a simple shape) among the
inliers (with a complex shape), encoding the inlier distribu-
tion becomes difficult. Nevertheless, some previous works
already explored the possibility of a corrupted training set
(Xiao et al., 2016; Wang & Lan, 2020; Zong et al., 2018).
In particular, Xiao et al. (2016); Zong et al. (2018) test ar-
tificial instances with at most 5% corruption of the training
set and Wang & Lan (2020) consider ratios of 10%, but
with very small numbers of training points. In this work
we consider corruption ratios up to 50%, with a method
that tries to estimate the distribution of the training set, and
not just a geometric property.

VAEs (Kingma & Welling, 2014) have been commonly
used for generating distributions with reconstruction scores
and are thus natural for novelty detection without corrup-
tion. The first VAE-based method for novelty detection was
suggested by An & Cho (2015). It was recently extended
by Daniel et al. (2021) who modified the training objec-
tive. A variety of VAE models were also proposed for spe-
cial anomaly detection problems, which are different from
novelty detection (Xu et al., 2018; Zhang et al., 2019; Pol
et al., 2019). Current VAE-based methods for novelty de-
tection do not perform well when the training data is cor-
rupted. Indeed, the learned distribution of any such method
also represents corruption, that is, the outlier component.
To the best of our knowledge, no effective solutions were
proposed for collapsing the outlier mode so that the trained
VAE would only represent the inlier distribution.

A variant of VAE is the adversarial autoencoder (AAE) of
(Makhzani et al., 2016). The penalty term of AAE takes the
form of a generative adversarial network (GAN) (Goodfel-
low et al., 2016), where the AAE’s encoder serves as the
GAN’s generator. We can thus view it as a hybrid GAN-
VAE model. Another such model is the Wasserstein au-

toencoder (WAE) (Tolstikhin et al., 2018), which general-
izes AAE by allowing a general objective function. Our
proposed model is also a hybrid GAN-VAE. Other hybrid
VAE-GAN models include (Mescheder et al., 2017; Xian
et al., 2019; Ye & Bors, 2021). The GAN of (Mescheder
et al., 2017) is used for both the samples and the latent code,
the GAN of (Xian et al., 2019; Ye & Bors, 2021) is used
only for the samples, whereas the GAN of our work and
(Makhzani et al., 2016; Tolstikhin et al., 2018) is used only
for the latent code. We demonstrate the resulting robust-
ness to outliers due to our particular use of a GAN.

There are two relevant lines of work on robustness to out-
liers in linear modeling that can be used in nonlinear set-
tings via autoencoders or VAEs. Robust PCA aims to
deal with sparse elementwise corruption of a data matrix
(Candès et al., 2011; De La Torre & Black, 2003; Wright
et al., 2009; Vaswani & Narayanamurthy, 2018). Robust
subspace recovery (RSR) aims to address general corrup-
tion of selected data points and thus better fits the frame-
work of outliers (Watson, 2001; De La Torre & Black,
2003; Ding et al., 2006; Zhang et al., 2009; McCoy &
Tropp, 2011; Xu et al., 2012; Lerman & Zhang, 2014;
Zhang & Lerman, 2014; Lerman et al., 2015; Lerman &
Maunu, 2017; Maunu et al., 2019; Lerman & Maunu, 2018;
Maunu & Lerman, 2019). Autoencoders that use robust
PCA for anomaly detection tasks were proposed in (Chala-
pathy et al., 2017; Zhou & Paffenroth, 2017). It is shown
in (Dai et al., 2018) that a VAE can be interpreted as a non-
linear robust PCA problem. Nevertheless, explicit regu-
larization is often required to improve robustness to sparse
corruption in VAEs (Akrami et al., 2019; Eduardo et al.,
2020). An RSR layer was successfully applied to outlier
detection in (Lai et al., 2020). One can also apply this work
to novelty detection.

We remark that the setting of our work is different from that
of out-of-distribution (OOD) detection and open-set recog-
nition. Indeed, in these recent settings the inliers are from
multiple classes that need to be identified. On the other
hand, this work does not ask to classify the inliers.

1.2 This Work

We propose a robust novelty detection procedure, MAW,
that aims to model the distribution of the training data in the
presence of a nontrivial fraction of outliers. We highlight
its following four features:

1. MAW models the latent distribution by a Gaussian
mixture of low-rank inliers and full-rank outliers, and
applies the inlier distribution for testing. Previous
applications of mixture models for novelty detection
were designed for multiple modes of inliers and used
more complicated tools such as additional network
construction (Zong et al., 2018) or clustering (Aytekin
et al., 2018; Lee et al., 2018).
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2. MAW applies a novel dimension reduction compo-
nent, which extracts lower-dimensional features of the
latent distribution. The reduced dimension allows
using full covariances; whereas previous VAE-based
methods for novelty detection used diagonal covari-
ances in their models (An & Cho, 2015; Daniel et al.,
2021).

3. MAW uses the Wasserstein-1 (W1) metric for the la-
tent code penalty. We prove that the Wasserstein met-
ric gives rise to outlier-robust estimation and is suit-
able to the low-rank modeling of inliers by MAW.
We also show that these properties do not hold for
the commonly-used KL divergence. To the best of
our knowledge, this is the first theoretical analysis
that clarifies the advantage of the Wasserstein distance
over the KL divergence in a VAE in terms of robust-
ness to outliers and low-rank inlier modeling.

4. MAW achieves state-of-the-art results on popular
anomaly detection datasets.

Additional two features are as follows. First, for recon-
struction, MAW replaces the common least squares formu-
lation with a least absolute deviations formulation. This
can be justified by the use of a robust estimator (Lopuhaa
& Rousseeuw, 1991) with a heavier-tail likelihood. Sec-
ond, MAW is attractive for practitioners. It is simple to im-
plement in any standard deep learning library, and is easily
adaptable to other choices of network architecture, energy
functions and similarity scores.

2 DESCRIPTION OF MAW

We motivate and overview the underlying model and as-
sumptions of MAW in §2.1. We describe the implemen-
tation details of its components in §2.2 and sketch the al-
gorithm procedures in the supplementary materials. Fig. 1
illustrates the general idea of MAW and can assist in read-
ing this section.

2.1 The Model and Assumptions of MAW

MAW aims to robustly estimate a mixture inlier-outlier dis-
tribution for the training data and then use its inlier compo-
nent to detect outliers in the testing data. For this purpose,
it designs a novel variational autoencoder with an underly-
ing mixture model and a robust loss function in the latent
space. We find the variational framework natural for nov-
elty detection. Indeed, it learns a distribution that describes
the inlier training examples and generalizes to the inlier test
data. Moreover, the variational formulation allows a direct
modeling of a Gaussian mixture model (GMM) in the latent
space, unlike a standard autoencoder.

Let x be a random variable in RD with an unknown train-
ing data distribution, which contains both inlier and out-

lier modes. We assume L training points in RD, fx(i)gLi=1

sampled from this distribution. We assume a latent random
variable z of low and even dimension 2 � d � D (our de-
fault choice is d = 2), and a standardized Gaussian prior,
p(z), so that z � N (0; Id×d). In the remaining text, we
shall denote it as

p(z) = N (zj0; Id×d):

The posterior distribution p(zjx) is unknown. However, we
assume an approximation to it, which we denote by

q(zjx) = �N (zj�1;�1) + (1� �)N (zj�2;�2); (1)

where �1;�1;�2;�2 depend on x and are generated by
the encoder network and the dimension reduction compo-
nent (explained below) the default choice for the mixture
parameter is � = 5=6 (the low sensitivity of our method
to the choice of � is demonstrated in the supplementary
materials). The first mode in (1) represents the inliers and
the second one represents the outliers. We model p(z) as
a single Gaussian since we only want to include the inlier
information, while having the simplest possible design. In
§4.3, we will numerically compare with the modeling of
p(z) as a GMM. In the supplementary materials we intu-
itively clarify the mechanism that helps in such modeling.

The dimension reduction component involves a mapping
from a higher-dimensional space onto the latent space. It is
analogous to the RSR layer (Lai et al., 2020) that projects
encoded points onto the latent space, but requires a more
careful design since we consider a distribution rather than
sample points. Due to this reduction, we assume that the
mapped covariance matrices of zjx are full, unlike com-
mon single-mode VAE models that assume a diagonal co-
variance (Kingma & Welling, 2014; An & Cho, 2015). We
assume that the inliers lie on a low-dimensional structure
and we thus enforce the lower rank d=2 for �1, but allow
�2 to have full rank d. Nevertheless, we later describe a
necessary regularization of both matrices. We remark that
the low rank assumption results in the main distinction be-
tween the inliers and outliers in (1) (as noted in the supple-
mentary materials the choice of � > 0:5 is not crucial).

The unknown posterior distribution p(zjx) is approximated
within the variational familyQ = fq(zjx)g indexed by �1,
�1, �2 and �2. Unlike a standard VAE, which maximizes
the evidence lower bound (ELBO), MAW maximizes the
following loss function, which uses the W1 distance (de-
fined in the supplementary materials), instead of the KL
divergence, for regularizing the log-likelihood of the data
distribution:

LMAW(q) = Ep(x)Eq(z|x) log p(xjz)�W1(q(z); p(z)) :
(2)

We use the Wasserstein distance since it is more robust to
outliers than the KL divergence and is thus more suitable
for detecting anomalies (see related guarantees in §3).
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Figure 1: Demonstration of the architecture of MAW for novelty detection.

Following the VAE framework, we use a Monte-Carlo ap-
proximation to estimate Eq(z|x) log p(xjz) with i.i.d. sam-
ples, fz(t)gTt=1, from q(zjx) as follows:

Eq(z|x) log p(xjz) � 1

T

TX
t=1

log p(xjz(t)): (3)

To enhance robustness, we let the negative log likelihood
function � log p(xjz(t)) be proportional to the ‘2 norm of
the difference of the random variable x and a mapping of
the sample z(t) from Rd to RD by the decoder, D, that is,

� log p(xjz(t)) /



x�D(z(t))





2
: (4)

We deviate from the common choice of the squared ‘2
norm, which corresponds to an underlying Gaussian like-
lihood and assume instead a likelihood with a heavier tail.

MAW trains its networks by minimizing �LMAW(q). For
1 � i � L, it samples fz(i;t)

gen gTt=1 from q(zjx(i)), where all
samples are independent. Using the aggregation formula
q(z) = L−1

PL
i=1 q(zjx(i)), the approximation of p(x) by

the empirical distribution of the training data, and (2)-(4),
MAW applies the following approximation of �LMAW(q):

1

LT

LX
i=1

TX
t=1




x(i) �D(z(i;t)
gen )





2

+W1

 
1

L

LX
i=1

q(zjx(i)); p(z)

!
:

(5)

Our procedure of minimizing (5) is described in §2.2.

During testing, MAW identifies outliers according to low
similarity scores computed between test points and points
generated from the learned inlier component of zjx.

2.2 Details of Implementing MAW

MAW has a VAE-type structure with additional WGAN-
type structure for minimizing the W1 loss in (5). We pro-
vide here details of implementing these structures. Some
specific choices of the networks are described in §4 since
they may depend on the type of datasets.

The VAE-type structure of MAW contains three ingre-
dients: encoder, dimension reduction component and
decoder. The encoder forms a neural network (NN),
E , that maps the training sample x(i) in RD to
�

(i)
0;1;�

(i)
0;2; s

(i)
0;1; s

(i)
0;2 in RD0 , where our default choice is

D′ = 128. The dimension reduction component then
computes the following statistical quantities of the GMM
zjx(i): means �(i)

1 and �(i)
2 in Rd and covariance matrices

�
(i)
1 and �

(i)
2 in Rd×d. First, a linear layer, represented by

A 2 RD0×d, maps (via AT) the features �(i)
0;1, �(i)

0;2 2 RD0

to the following respective vectors in Rd:

�
(i)
1 = AT�

(i)
0;1 and �(i)

2 = AT�
(i)
0;2:

The mapping of the covariance matrices is constructed as
follows. Form M

(i)
j = ATdiag(s

(i)
0;j)A for j = 1; 2. For

j = 2, compute �
(i)
2 = M

(i)
2 M

(i)T
2 . For j = 1, we first

need to reduce the rank ofM (i)
1 . For this purpose, we form

M
(i)
1 = U

(i)
1 diag(�

(i)
1 )U

(i)T
1 ; (6)

the spectral decomposition of M (i)
1 , and then truncate its

bottom d=2 eigenvalues. That is, let ~�
(i)
1 2 Rd have the

same entries as the largest d=2 entries of �(i)
1 and zero en-
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tries otherwise. Then, compute

~M
(i)
1 = U

(i)
1 diag(~�

(i)
1 )U

(i)T
1 (7)

and
�

(i)
1 = ~M

(i)
1

~M
(i)T
1 :

To ensure numerically-significant positive definiteness of
both �

(i)
1 and �

(i)
2 , we add to them an identity matrix. De-

spite this, the low-rank structure of �
(i)
1 is still evident.

Note that the dimension reduction component only trains
A. The decoder, D : Rd ! RD, maps independent sam-
ples, fz(i;t)

gen gTt=1, generated for each 1 � i � L by the
distribution

�N (�
(i)
1 ;�

(i)
1 ) + (1� �)N (�

(i)
2 ;�

(i)
2 );

into the reconstructed data space.

The loss function associated with the VAE structure is the
first term in (5). We can write it as

LVAE(E ;A;D) =
1

LT

LX
i=1

TX
t=1




x(i) �D(z(i;t)
gen )





2
: (8)

The dependence of this loss on E and A is implicit, but
follows from the fact that the parameters of the sampling
distribution of each z

(i;t)
gen were obtained by E andA.

The WGAN-type structure seeks to minimize the second
term in (5) using the dual formulation

W1

 
1

L

LX
i=1

q(zjx(i)); p(z)

!
= (9)

sup
‖f‖Lip≤1

Ezhyp∼p(z)f(zhyp)� Ezgen∼ 1
L

PL
i=1 q(z|x(i))f(zgen):

The generator of this WGAN-type structure is composed
of the encoder E and the dimension reduction compo-
nent, which we represent by A. It generates the samples
fz(i;t)

gen gL;Ti=1;t=1 described above. The discriminator, Dis,
of the WGAN-type structure plays the role of the Lipschitz
function f in (9). It compares the latter samples with the
i.i.d. samples fz(i;t)

hyp gTt=1 from the prior distribution. In or-
der to makeDis Lipschitz, its weights are clipped to [�1; 1]
during training. In the MinMax game of this WGAN-type
structure, the discriminator minimizes and the generator (E
andA) maximizes

LW1(Dis) =
1

LT

LX
i=1

TX
t=1

�
Dis(z(i;t)

gen )�Dis(z(i;t)
hyp )

�
:

(10)

We note that maximization of (10) by the generator is
equivalent to minimization of the loss function

LGEN(E ;A) = � 1

LT

LX
i=1

TX
t=1

Dis(z(i;t)
gen ) : (11)

During training, MAW alternatively minimizes the losses
(8), (10) and (11) instead of their weighted sum. Therefore,
any multiplicative constant in front of either term of (5) will
not affect the optimization. In particular, it was okay to
omit the multiplicative constant of (4) when deriving (5).

For each testing point y(j), we sample fz(j;t)
in gTt=1 from the

inlier mode of the learned latent Gaussian mixture and de-
code them as f~y(j;t)gTt=1 = fD(z

(j;t)
in )gTt=1. Using a simi-

larity measure S(�; �) (our default is the cosine similarity),
we compute

S(j) =

TX
t=1

S(y(j); ~y(j;t)):

If S(j) is larger than a chosen threshold, then y(j) is classi-
fied as normal, and otherwise, novel. Additional details of
MAW are in the supplementary materials.

We remark that in our setting we find it natural to imple-
ment an auxiliary WGAN on top of the VAE component
in order to estimate the W1 distance. We did not find it
useful to directly estimate the W1 distance by either the
sliced Wasserstein distance (Kolouri et al., 2018, 2019) or
the Sinkhorn algorithm (Cuturi, 2013). Indeed, it is not
clear how to use these methods in order to minimize the es-
timated W1 distance with respect to the parameters within
the neural network. In particular, the partial derivatives for
learning the GMM using the sliced Wasserstein distance al-
ready have very complicated forms, and it is very difficult
to include them in our framework, where neural networks
are involved.

3 THEORETICAL GUARANTEES

We theoretically establish the superiority of using the
Wasserstein distance over the KL divergence, where we
leave out some details (in particular proofs) to the supple-
mentary materials. We formulate a mathematical setting
that aims to isolate the minimization of the WGAN-type
structure introduced in §2.2, while ignoring unnecessary
complex components of MAW. We assume a mixture pa-
rameter � > 1=2, a separation parameter � > 0 and de-
note by R the regularizing function, which can be either
the KL divergence or the Wasserstein distance, and by SK+
and SK++ the sets of K �K positive semidefinite and pos-
itive definite matrices, respectively. Our mathematical set-
ting, which we motivate in the supplementary materials,
assumes �0 2 RK and �0 2 SK++ and requires to mini-
mize

min
�1;�2∈RK ;�1;�2∈SK+

s:t: ‖�1−�2‖2≥�

�R (N (�1;�1);N (�0;�0)) (12)

+ (1� �)R (N (�2;�2);N (�0;�0)) :

This minimization aims to approximate the “prior” distri-
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bution N (�0;�0) with a Gaussian mixture distribution.
For MAW, �0 = 0 and �0 = I , but our generalization
helps clarify things. The constraint k�1 � �2k2 � � dis-
tinguishes between the inlier and outlier modes and it is a
realistic assumption as long as � is sufficiently small.

3.1 Guarantees for (12) with Identical Covariances

Our cleanest result is when �0, �1 and �2 coincide. It is
formulated next and demonstrates robustness to the outlier
component by theW1 (orWp, p � 1) minimization and not
by the KL minimization (its proof is in the supplementary
materials).

Proposition 3.1 If �0 2 RK , �0 2 SK++, � > 0 and
1 > � > 1=2, then the minimizer of (12) with R = Wp,
p � 1 and the additional constraint: �0 = �1 = �2,
satisfies �1 = �0, and thus the recovered inlier distribu-
tion coincides with the “prior distribution”. However, the
minimizer of (12) with R = KL and the same constraint
satisfies �0 = ��1 + (1� �)�2.

That is, under the above setting with R = W1, the es-
timated mean of the inlier distribution, �1, coincides with
the mean of the prior distribution, independently of the out-
lier distribution. However, when R = KL, the estimated
mean of the inlier distribution is sensitive to outliers.

3.2 Guarantees for (12) with Low-rank �1

We study the minimization problem (12) when �1 has a
low rank and �2 2 SK++. We fully analyze the cases where
R = W2 and R = KL; however, the case where R =
W1 is difficult to analyze and compute. We first formulate
results for both cases (R = W2 and R = KL), and then
clarify them. When R = W2, we assume that the prior
distribution has zero mean vector �0 = 0K 2 RK and
covariance �0 = IK×K 2 RK×K . We further denote
by 1K the vector (1; � � � ; 1) 2 RK . Similarly, we denote
for any n 2 N, 0n, 1n, In×n. For vectors a 2 Rn and
b 2 Rm, we denote the concatenated vector in Rn+m by
(a; b).

Proposition 3.2 If �, K 2 N, K > � � 1, � > 0, 1 >

� > �? := K−�+�2

K−�+2�2 , u? :=
�

(K−�)(1−�)
�2(2�−1)

� 1
3

, where one

can note that �? > 1
2 and u? 2 (0; 1), then the minimizer

of (12) withR = W2 and the constraints that �1 is of rank
� and �2 is of rankK, satisfies 0K = u?�2 +(1�u?)�1,
�1 = diag(1�; 0K−�) and �2 = diag(1�; (u?)

−2
1K−�).

Moreover, k�1k2 = u?� and k�2k2 = (1� u?)�.

Proposition 3.3 If �, K 2 N, K > � � 1, � > 0, � > 0,
�0, �1 2 RK , �0 2 SK++ and �1 2 SK+ , rank(�1) = �,
then

KL(N (�1;�1)jjN (�0;�0)) =1:

Thus, the solution of (12) withR = KL and the additional
constraints rank(�1) = � and �0 = I is ill-posed.

Note that Proposition 3.2 implies that as � ! 1, u? ! 0.
Hence for the inlier component �1 ! 0K as � ! 1 and
�1 = diag(1�; 0K−�). Therefore, in the limit, the inlier
distribution has the same mean as the prior distribution.
Furthermore, its covariance is obtained by an appropriate
projection of the covariance �0 onto a �-dimensional sub-
space, independently of �. We similarly note that as � ! 1,
�2 ! diag(1�;1K−k), so that the outliers disperse. The
supplementary materials include the proof of Proposition
3.2 and a discussion that clarifies why the formulation and
proof of Proposition 3.2 are not sufficient for inferring the
effect of the W1 minimization on MAW.

Proposition 3.3 implies that the KL divergence is unsuit-
able for low-rank covariance modeling as it leads to an in-
finite value in the optimization problem.

4 EXPERIMENTS

We describe the competing methods and experimental
choices in §4.1. We report on the comparison with the com-
peting methods in §4.2. We demonstrate the importance of
the novel features of MAW in §4.3.

4.1 Competing Methods and Experimental Choices

We compared MAW with the following methods (descrip-
tions and code links are in the supplementary materials):
Deep Autoencoding Gaussian Mixture Model (DAGMM)
(Zong et al., 2018), Deep Structured Energy-Based Models
(DSEBMs) (Zhai et al., 2016), Isolation Forest (IF) (Liu
et al., 2008), Local Outlier Factor (LOF) (Breunig et al.,
2000), One-class Novelty Detection Using GANs (OC-
GAN) (Perera et al., 2019), One-Class SVM (OCSVM)
(Heller et al., 2003) and RSR Autoencoder (RSRAE) (Lai
et al., 2020).

We remark that IF, LOF and RSRAE were originally pro-
posed for outlier detection and we thus apply their trained
model for detecting novelties in the test data.

For MAW and the above four reconstruction-based meth-
ods, that is, DAGMM, DSEBMs, OCGAN and RSRAE,
we use the following structure of encoders and decoders,
which vary with the type of data (images or non-images).
For non-images, which are mapped to feature vectors of
dimension D, the encoder is a fully connected network
with output channels (32; 64; 128; 128 � 4). The de-
coder is a fully connected network with output channels
(128; 64; 32; D), followed by a normalization layer at the
end. For image datasets, the encoder has three convo-
lutional layers with output channels (32; 64; 128), kernel
sizes (5 � 5; 5 � 5; 3 � 3) and strides (2; 2; 2). Its output
is flattened to lie in R128 and then mapped into a 128 � 4




