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Which four would you keep?

Same parameter count — 23.6 points apart pick them on the project page

All 495 four-block subsets have exactly 7.8M parameters. After identical finetuning their ImageNet-1k accuracy spans 23.6 pp.
Keeping the first four blocks (truncation) or the blocks with the smallest single-deletion cost (additive scores) both land below the
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first k blocks is below the subset mean at
mean. every pruned depth; every other subset
beatsitat k=10, 11.
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ImageNet-1k top-1 accuracy (%) after finetuning, all 495 four-block subsets (each 7.8M parameters)

e Good subsets mix early and late blocks

c Setup: measure every subset

Dropping whole blocks keeps execution dense — no sparse kernels — and cuts parameters and (a) Best observed vs. truncation (b) Block performance across budgets
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m Baseline: truncation keeps the first k blocks, [1, ..., k].
m Recurring choice: for every k = 3...11 the best subset keeps blocks 3, 4 and 12 and drops block 1.
Atk=41itis[3, 4, 6,12] instead of [1, 2, 3, 4]: +11.1 pp.

© Truncation is a poor default
= Not nested: at 4 of 11 steps k - k+1 a block leaves the best subset (e.g. block 6 is swapped for 7

Truncation is below the subset mean at every pruned depth, so a uniformly random subset has and 8). Add-on[y or remove-on[y procedures cannot recover every best subset.
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For 160 subsets also trained for 30 epochs, accuracies agree
with Spearman p = 0.99.
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m (a) Single-block deletion cost grows with depth: 0.66 pp (block 1) to 3.10 pp (block 12).

k (blocks kept)

m (b) For all 66 pairs, deleting both hurts more than the two single deletions combined.
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Finetuning is needed, though: with a frozen backbone, removing
a single block already costs = 7.6 pp versus finetuning the same m (c) Additive scores rank subsets well at k=10 (p = 0.96) but inversely at k=4 (p = -0.32).
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1o 20 %0 40 0 60 70 81 subset. m (d) Swap-based local search is within 0.18 pp of the best subset after 50 evaluations (random

3-epoch best val top-1 (%) Sampling: 0.79 pp)

Model: DINOv3 (Siméoni et al., 2025) - Data: ImageNet-1k (Russakovsky et al., 2015) - Related block-pruning heuristics: ShortGPT (Men et al., 2024), SLEB (Song et al., Supported by BMFTR project TrackOpt (011S24074A-D) and DFG Research Unit 5336 — Learning to Sense
2024), Gromov et al. (2025)



