Localizing Grouped Instances for Efficient Detection in Low-Resource Scenarios
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Objective: Design a detection scheme that makes use of group The total loss gathers contributions from all empty cells (push confidence scores
structures in the image to curate few, meaningful, proposals to 0) and active cells (match assigned bounding boxes to target coordinates and

confidences to iou)
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e Grid parameters (I, J, K) need to match the data resolution e Ablation experiment (1): No groups (~ two stages YOLO).
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or too low (assignment collisions)

s © Ineach cell in the (1,J) e Ablation experiment (2): No offsets or fixed offsets.
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[1] S. Ren et al., “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS, 2015.
[2] J. Redmon et al, “ You Only Look Once: Unified, Real-Time Object Detection”. CVPR, 2016.



