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Attention Is All You Need
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Two Petty Theft Arrests

AI'FOR SCIENCE TRAINING SERIES

" BRISHA BORDEN
HIGH RISK 8

FAIR Al Models

LOW RISK 3

Borden was rated high risk for future crime after she and a friend
took a kid’s bike and scooter that were sitting outside. She did not

reoffend.
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Table 1: Averaged AUC and AP scores over 30 tabular
datasets.

Method | OCSVM  LoF IF  COPOD ECOD DeepSVDD RSRAE ODIM
AUC 0706 0.649 0.781 0.749 0.749 0.643 0.656 0.790
AP 0309  0.228 0.381 0.335 0.343 0.196 0.277 0.398

Table 2: Results of AUC scores on image and text data.

Method OCSVM  LoF IF  COPOD ECOD DeepSVDD RSRAE ODIM
MNIST 0.847 0703 0819 0774 0.767 0.753 0.902 0.836
FMNIST 0.874 0.497 0909  0.867 0.843 0.808 0.844 0.909
CIFAR1O 0.659 0.675 0.878 0.902 0.884 0.617 0.866 0.921
MNIST-C .726 0.567 0.717 0714 0.720 0.540 0.710 0.740
MVTec—AD 0.726 0.851 0.832 0.805 0.816 .  0.639 .801 0.900
WM—811K (.731 0327 0680 0704 0.695 0.505 0.672 0.747
20News 0.649 0.727 0.645 0.646 0.645 0.513 0.636 0.702
Agnews (.658 0.764 (.68] 0.686 0.672 0.522 0.649 0.804
Idmb .496 0.524 0.517 0.499 0.494 0.485 ()0.49] 0.519
Yelp (.588 0.661 0611 0.607 0.380 0.505 0.589 0.669
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