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Related Work Discussion

* Tracking-by-detection: Object detector +
deterministic tracking algorithm (e.g. ByteTrack!)

» Tracking-by-attention: End-to-end tracking (with
transformers)

* Feature aggregation in video object detection

Conclusion: SELSAMOT achieves performance that
is on-par with the baseline across all object
detection and tracking metrics

[ Limitation: Training speed due to bottleneck in
2
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Problem Statement Future Work:
e * Evaluating the robustness of these ROl features
Input: Video frames (current and context) Occlusion No ID Switch * Addlng the ROI features as additional input to
Output: Bounding boxes and track IDs for each Quantitative Results the tracking algorithm (similar to DeepSORT)
instance * Extending MOT to a weakly supervised setting
Dataset: MOT17 & CrowdHuman (> 25k frames total) Tracking Metrics: Object Detection Metrics:
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HOTA: HOTA, DetA, AssA (n=2.5, k=10) SELSAMOT  42.315 71.187 46.058 10.585 31.931 54.935
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HOTA = v/DetA - AssA (n=5, k=5)
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