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Conditional Prototype Learning for Few-Shot Object Detection

School of Computer Science and Engineering, Chongqing University of Technology, Chongqing, China

1.Background

What is Few-Shot Object Detection?

» Detect with Few Examples
Few-Shot Object Detection aims to detect objects from

novel classes using only a handful of annotated samples.

» Handle Data Scarcity
In real-world scenarios, collecting and labeling data is
expensive. FSOD tackles this by enabling detection for
rare or underrepresented categories with limited
supervision.

» Learn to Generalize
FSOD uses meta-learning or transfer learning to extract
knowledge from base classes and generalize to novel
classes quickly with minimal data.
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2.Motivation

In few-shot object detection (FSOD), prototypes guide
learning. But with few samples, prototypes often overfit
to sample-specific details rather than true class semantics
—> semantic bias.
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To reduce semantic bias, we guide learning using category-
specific semantics, enabling the model to generate more
robust prototypes that better adapt to novel classes.
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4.Experimental Results

Few-shot object detection performance (nAP50) on PASCAL VOC dataset. We evaluate the performance on three different splits.
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Masked Conditional Variational Autoencoder (MCVA)
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Ablation study of different components.

Analysis of different aggregation methods.
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Visualization of the detection results on novel classes.

» We explore the issue of semantic bias in class prototypes for few-shot object detection (FSOD) under the meta-learning paradigm

Detection performance varies with different training samples.
and "sofa". And conducted training under the 1-shot setting, using the Standard Deviation (std) to measure stability.
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We selected three different samples for "boat", "motorbike", "sheep",
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Ministry

» We introduce the Masked Conditional Variational Autoencoder (MCVA) to refine the semantic bias in class prototypes, generating more robust conditional prototypes.

» Considering that the classification and regression tasks need different kinds of features, we propose the Task-Aware Feature Aggregation (TFA) module, which

separately enhances features for the two tasks.

» Extensive experiments on PASCAL VOC and MS COCO demonstrate that our approach achieves state-of-the-art performance.
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