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Attention-based Class Encoding for Few-Shot Object Detection

LIN Dizhong, ZOU Shurong, FU Ying
(College of Computer Science, Chengdu University of Information Technology ,Chengdu 610225, China)

Abstract ; Recent research shows that when two-stage few-shot object detection networks enroll a small number of new
classes of images, the second stage of meta-training without base classes can efficiently enroll new classes into the net-
work. However, under this incremental meta-training method, due to the small amount of input novel class samples, the
model is prone to incorrectly detect the newly injected category data as base classes trained by the model due to insuffi-
clent generalization performance. In this paper, we design a new few-shot object detector within the CenterNet frame-
work , which can detect objects quickly and efficiently. Our detector introduces an important component; an attention
class encoder that extracts class representation from augmented images, which plays an important role in improving the
generalization performance of the detection model for new classes. Experimental results show that our proposed method is
better than the recently state-of-art few-shot object detection framework in some scenarios.

Keywords : few-shot object detection; class-specific encoding; attention mechanism; base class; new class



