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Task Aligned End-to-End Object Detection
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Abstract: Accurate ranking of prediction results is the key to end-to-end
object detection. Existing end-to-end detectors treat classification and
localization as independent tasks, reducing the correlation between
them, and resulting the unreliable results ranking by classification scores,
which reduces the detection performance. To solve the above problem,
we try to improve the correlation between classification and localization
form label assignment, loss function and network structure. First, the
cost matrix of sample selection is calculated by using the sorting results
of classification and location, and the samples with high consistency
of classification and location are given priority as positive samples. We
propose a task-aligned loss function to train the classifier, which aims to
learn a score that can simultaneously represent the accuracy of object
classification and localization. We introduce a feature alignment layer
in the head detection network, which alleviates the conflict between
classification and localization at the feature extraction level. On COCO
datasets, the end-to-end object detection algorithm proposed in this
paper outperforms many excellent detectors.

Key words: Object detection; Label assignment; Loss function;
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