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 Fuse the output of MPSR with the clip feature, and then input
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them into an existing clip temporal relation(CTR) module.

Motivation * Send the output of CTR into a classifier to generate anomaly
« Anomalous events in surveillance videos tend to occur in SCOTES.

restricted, even compact regions, possibly causing background Training

dominance and thus increasing recognition difficulty. * Training is divided into two stages. Stage one trains the CTR

* Anomalies vary in size and position. Current methods struggle to module and classifier until convergence, while stage two freezes

simultaneously detect potential anomalies across various scales. the network and separately trains the MPSR module.

Contributions * the total loss function of our model is defined as follows:
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Propose a multi sc.ale mtegrat.ed perception learning method to L= Lgcp+ ArmLin + M Telsi | + 1,5 (sf — si1)
capture scale-varying anomalies. | | |

* Propose a MPSR network and a HGC block to model the relations where Lgy is the feature magnitude based MIL ranking loss

proposed by previous work.

Comparisons on two datasets. Our method achieves SOTA on
ShanghaiTech and competitive results on UCF-Crime.

among multi-scale patches concurrently.
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Ablation study on patch data scale variations in inputs.
* Segment 480X 840 clips into three sets of patches with varying Patch Size UCF-Crime | ShanghaiTech
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