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Anomaly Class AUC change AUC change
(B=0.999) (B=0.9999)

Vandalism +0.2% +0.3%
Stealing -1.2% - 1.6%
Shoplifting 0.0% +0.2%
Shooting -0.7% -0.5%
Robbery +0.9% +0.6%
Road Accidents +0.3% +1.0%
Fighting +0.3% +0.3%
Explosion +2.6% +2.7%
Burglary -0.3% +0.6%
Assault +1.3% - 0.4%
Arson +3.5% +3.0%
Arrest +0.5% +1.4%
Abuse - 0.9% -0.4%
Average AUC +0.54% +0.57%
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Method

(%) (%)
MIL 76.22 84.95
Ours, B=0.9 76.36 85.06
Ours, B=0.99 76.59 85.25
Ours, B=0.999 76.79 85.40
Ours, B=0.9999 76.80 85.41
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