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0. Highlights 1. Introduction

M A. Coreset selection B. Problems* when using similarity metrics:
CDS constraint . . . . .
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Our assumption: treat them differently

2. Methodology 3. Experiments

A. CDS Metric of Deep Feature C. Coreset Selection with CDS Constraints || A- Class-balanced sampllng
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Algorithm 1: Coreset Selection with Soft CDS Con-
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Wherei € {0,1, ..., N, — 1} Straint ({Jass Balanced SampTing) Table 2: Ablation study on 0.5% of the CIFAR-10

Input: Train set: D; data classes: C'; budget: b;

pre-trained model: 0,,,..; objective function:
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