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Figure 1. Proposed pipeline for unsupervised anomaly detection. After alignment on a reference, all images of the class are given to a pre-
trained network where features at different level are extracted. This creates an embedding of each image. A global-local model comprised
of a global Gaussian mixture and a local weight map is then trained from these features. During testing, the probability of appearance of a
feature at a specific position is estimated using the global-local model. A global score and a decision are derived from the probability map.

Then, considering the sets ;"' = {u;|z; = k}, the algo-
rithm separately computes the empirical parameters of each
Gaussian cluster by
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Gaussians with no samples are dropped.

We observed that this algorithm yielded less blurry
Gaussians than EM. The intuition is that, since EM per-
forms weighted averages where all Gaussians intervene for
each sample, all samples (even those further away from a
specific Gaussian) contribute to the estimation. This good
property per se is an obstacle when modeling the tail of the
distribution. Indeed, there are inherently few data available
to model the tail. Thus, in EM, the Gaussians, and espe-
cially their covariance matrices, are easily led to overfit the
data on the tail, thus frustrating outlier detection. Tradition-
ally, covariance matrices are estimated using the sample co-
variance estimator, which maximizes the likelihood. How-
ever, for a large dimension d and a small number of samples
N, this estimator is very unstable and tends to overestimate
large eigenvalues and to underestimate small ones. The pro-
duced covariance may also be degenerate. This tradition-

ally leads to adding e; with € > 0 to the estimated covari-
ance to ensure its positive-definiteness. This regularization,
however, is not sufficient to stabilize the covariances when
N < d. Hence, we opted for a shrinkage regularizer [9]
which takes the form of a convex combination of the em-
pirical covariance of the samples S and of the average of its
eigenvalues multiplied by the identity F = %Id. The
convex coefficient p is chosen to minimize the expectation
of the MSE between the theoretical covariance X and the
regularized estimator o

minE {HE - fJ||%] such that & = (1 — p)S + pF. (4)
P

The optimal solution of the problem is the oracle p,. How-
ever, it requires the knowledge of the theoretical covariance
Y being estimated,
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We use the Oracle Approximating Shrinkage (OAS) [9] es-
timator which is better in terms of MSE when NV < d. This
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