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Anomaly detection

Anomaly detection deals with the problem of 
identifying data that do not conform to an 
expected behavior.

In the statistical and data-mining literature, 
anomalies are typically detected as samples 
falling in low-density regions of a probability 
density model describing the data.



Anomaly detection

In this work, we consider anomaly 
detection in a pattern-recognition
setup, where anomalies are samples 
that deviate from unknown structures 
or patterns.



Anomaly detection

Structures/patterns 
conform to a family of 
known geometric 
primitives.
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PIF: Our solution
Preference Isolation Forest
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Preference embedding is used to 
identify what conform to structures 
and what are the anomalies.

In the preference space 
structures can be easily 
identified.



Preference embedding

0.6 0.2 … 0.9

0.4 0.8 … 0.6

0.1 0.5 … 0.3

… … … …

0, 1 𝑛 𝑥 𝑚

7.2 1.3

5.4 8.0

9.6 0.7

… …

ℝ𝑛 𝑥 2

Preference embedding

Initial space Preference space

…

𝑚 model instances



Isolation Voronoi Forest



Isolation Voronoi Forest

Preference space is equipped 
with the Tanimoto distance.



Isolation Voronoi Forest

An Isolation Voronoi Tree 
employs the isolation principle 
in the preference space.



Isolation Voronoi Forest
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𝑘 nested Voronoi 
tessellations

Isolation Voronoi Forest 
is very efficient.



Isolation Voronoi Forest
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Results



Synthetic datasets
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Synthetic datasets

stair3 stair4 star5 star11 circle3 circle4 circle5

Preference embedding 
increases the separability 
between structured and 
unstructured data.



Synthetic datasets
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Real datasets
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Conclusions

• Empirical evaluation demonstrated that preference embedding increases the 
separability between normal (structured) and anomalous (unstructured) 
data.

• PIF outperforms all the alternatives where anomaly-detection methods are 
straightforwardly plugged in the preference space.



Future works

• Take advantage of PIF in real-world defect-detection applications.

• Employ non-parametric models for preference embedding (e.g., supervised 
trained models).
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If you are interested in our 
work, do not hesitate to drop 
us an e-mail!
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