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Coreset Seletion
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Can Coreset Selection Make Data Collection More
Efficient?
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Limitations on SOTA Label-free Methods
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The dilemma of label-free coreset
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Two key challenges: Label-Free Coreset Selection on

: . _ ImageNet-1k
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):
1. Performance gap to supervised coreset
geRtsmal score distribution caused by label

noises.
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Coreset Selection with Proxy Training Dynamics

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

IS met.
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ELFS: Effective Label-Free Coreset Selection
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Evaluation

Bold: The best with the same encoder.

Worse than random.

CIFARI10 CIFAR100 ImageNet-1K

Encoder Pruning Rate 30% 50% 70% 80% 90% 30% 50% 70% 80% 90% 30% 50% 70% 80% 90%

- Best Supervised 95.7 949 933 914 87.1 782 759 705 652 569 729 718 68.1 659 55.6
Random 943 934 909 880 79.0 746 711 653 574 448 722 703 66.7 625 523

Badge (AL) 936 930 910 879 816 747 718 652 589 478 717 704 658 617 534
Prototypicality  94.7 929 90.1 842 709 745 698 61.1 483 321 709 608 546 419 306

SwAV D2 943 938 916 851 714 753 713 660 562 421 723 656 556 508 432
m—) ELFS (Ours) 95.0 943 918 898 85 761 721 655 582 498 732 714 668 62.7 534
DINO FreeSel 945 938 917 889 824 750 705 656 576 448 722 700 654 610 S5l1.1
—_ ELFS (Ours) 95,5 952 932 90.7 873 768 736 684 623 549 735 718 672 634 549

1. ELFS consistently outperform other baselines.



Evaluation

Bold: The best with the same encoder.

Worse than random.

CIFAR10 CIFAR100 ImageNet-1K
Encoder PruningRate 30% 50% 70% 80% 90% 30% 50% 70% 80% 90% 30% 50% 70% 80% 90%
- Best Supervised | 95.7 949 933| 914 |87.1| 782 759 705 652 569 |729 71.8| 68.1 659 556
Random 943 934 909 880 79.0 746 711 653 574 448 722 703 667 625 523
Badge (AL) 93.6 930 910 879 81.6 747 718 652 589 478 717 704 658 617 534
Prototypicality  94.7 929 90.1 842 709 745 698 61.1 483 321 709 608 546 419 306
SwAV D2 943 938 916 851 714 753 713 660 562 421 723 656 556 508 432
ELFS (Ours) 95.0 943 918 898 8.5 761 721 655 582 498 732 714 668 62.7 534
DINO FreeSel 945 938 917 889 84 750 705 656 576 448 722 700 654 610 S5l1.1
ELFS (Ours) 95.5 952 932| 90.7 | 873)| 768 736 684 623 549 |735 71.8| 672 634 549

1. ELFS consistently outperform other baselines.
2. ELFS matches supervised performance for some pruning

rates.



Evalu

ation

Bold: The best with the same encoder.

Worse than random.

CIFAR10 CIFAR100 ImageNet-1K
Encoder Pruning Rate 30% 50% 70% 80% 90% 30% 50% 70% 80% 90% 30% 50% 70% 80% 90%
- Best Supervised 95.7 949 933 914 871 782 759 705 652 569 729 718 68.1 659 55.6
Random 943 934 909 830 79.0 746 711 653 574 448 722 703 66.7 625 523
Badge (AL) 936 930 0910 879 816 747 718 652 589 478 7177 704 658 61.7 534
Prototypicality 947 929 90.1 842 709 745 698 61.1 483 321 709 608 546 419 30.6
SWAV D2 943 938 916 851 714 753 713 660 562 421 723 656 556 508 432
ELFS (Ours) 95,0 943 918 898 825 761 721 655 582 498 732 714 668 62.7 534
DINO FreeSel 945 938 917 889 824 750 705 656 576 448 722 700 654 61.0 51.1
ELFS (Ours) 95,5 952 932 9.7 873 768 736 684 623 549 735 718 672 634 549
1. ELFS consistently outperform other baselines.
2. ELFS matches supervised performance for some pruning
rates.
3. ELFS shows robustn

Pseudo-label

Accuracy

\CIFARIO CIFAR100 ImageNet-1K
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60.7%
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Summary
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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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