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* Major problem: Statistical anomalies
don’t necessarily correspond to
semantic anomalies

* Need to deal with large number of
false positives
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Investigation with Feedback

Anomaly Detector

Ranking

* Ranking is adaptive

* Reduces false positive
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Tree-based Anomaly Detection

* |solation Forest

* HS-Trees

* RS-Forest

 RPAD

 Random Projection Forest
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Isolation Forest

Random feature
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Weighted Representation of Trees

z(x) =[-1,0,0,—-1,0,0,0,—1,—1, ... ]T
(extremely sparse) /," x

* Weights for isolation forest: ; ‘ ; ',"\%
W = [1; 1) 1) 1; 1; 1) 1) 1; 11 ]T :" ! '
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e Different set of weights will result other tree based detectors

score(x) = w'. z(x)
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True
anomalies

Synthetic Dataset
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A closer look at the data with t-SNE
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A closer look at the data with t-SNE
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A closer look at the data with t-SNE

Abalone Baseline ANN Thyroid 1v3 Baseline
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A closer look at the data with t-SNE
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Conclusion & Future Work
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Conclusion & Future Work

 Human feedback is essential and improves the unsupervised learner ©

* Extend to other types of anomaly detectors

* Explanation based feedback
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Questions?
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Results (adjusting tree weights instead
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