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Limitations on SOTA Label-free Methods
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The dilemma of label-free coreset 

selection.

Label-Free Coreset Selection on

ImageNet-1k

3

Two key challenges:

1. How to estimate training dynamics scores without labels?

2. How to select high-quality coresets with proxy scores?



ELFS: Effective Label-Free Coreset Selection
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Coreset Selection with Proxy Training Dynamics

Directly apply existing sampling (CCS):
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2. Biased score distribution caused by label

noises.

1. Performance gap to supervised coreset

selection.

Much more

easy examples.



Coreset Selection with Proxy Training Dynamics

Double-End Pruning:
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After pruning hard examples, we prune easy examples until the budget

is met.

Less

easy examples.
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Evaluation
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Bold: The best with the same encoder. Worse than random.

1. ELFS consistently outperform other baselines.
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rates.



Evaluation
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Bold: The best with the same encoder. Worse than random.

1. ELFS consistently outperform other baselines.

2. ELFS matches supervised performance for some pruning

rates.

3. ELFS shows robustness to label noises in pseudo labels.
Pseudo-label

Accuracy



Summary

Contribution:

1. We present ELFS, a novel label-free coreset selection method

1. Approximate data difficulty scores with pseudo-labels generated by 

deep clustering

2. Double-end pruning to select a coreset with inaccurate data difficulty 

scores. 

2. ELFS consistently outperforms SOTA label-free coreset selection baselines.
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