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ABSTRACT

Vision foundation models (VFMs) provide transferable visual representations, but
their inference cost limits deployment in many settings. Fine-tuning specializes a
VFM without shrinking it; distillation shrinks it, but through expensive teacher-
guided training. Structured pruning offers a more direct route by extracting a
compact subnetwork from the VFM. However, as compression gets aggressive,
existing methods fail because they treat subnetwork selection and recovery as sep-
arate axes. Across layers, capacity must follow task sensitivity rather than spread
uniformly. Within a layer, a removal cannot be judged by importance alone; its
impact also depends on how well the lost contribution can be recovered from what
remains. Selection and recovery must therefore be decided jointly. We introduce
Carve VFM, which resolves this interdependence. Given a VEM, a calibration set,
and a parameter budget, it (i) searches for task-specific capacity allocations across
layers; (ii) guides the search via an adaptive recovery-aware fitness criterion; and
(iii) reconstructs removed behavior through iterative closed-form low-rank correc-
tions merged into the surviving weights. The result is a dense encoder produced
in minutes on a single GPU without backbone retraining. Across twelve bench-
marks and four models from DINOv3 and MetaCLIP-2, Carve VEM achieves the
highest reported mean accuracy in seven of eight backbone—budget configurations
among the evaluated dense structured-pruning methods. Further fine-tuning sur-
passes the strongest evaluated edge model (88.1% vs. 85.8%), and carved models
cut compute and memory while delivering 1.3-2.0x higher GPU throughput than
the uncompressed one. These results show that the compact model you need is
inside the VFM; it only has to be carved out.

1 INTRODUCTION

Vision foundation models (VFMs) derive their value from generality: their representations transfer
well across tasks and domains (Vemulapalli et al., 2024). In deployment, however, this generality
can become a practical liability (Aduvuku et al., 2026). A model trained to represent a broad visual
world may ultimately serve a narrow task such as distinguishing cars or tissues. We call resolving
this mismatch VFM specialization: given a pretrained VFM, a target task, and a parameter budget,
derive the most accurate task-specific model that fits within that budget.

Pretraining is done once and amortized over many uses, whereas inference is paid for on every input
for the model’s lifetime. In production, inference indeed accounts for a large share of ML energy
use (Patterson et al., 2022).

Fine-tuning techniques fit the VFM to the target task but preserve its computational cost. Parameter-
efficient updates reduce training cost but still execute the full model at inference (Hu et al., 2022).
On the other side, knowledge distillation can yield compact student models that run faster, but it
requires a costly teacher-guided training process (Hinton et al., 2015; Beyer et al., 2022).

Structured pruning offers a more direct route by removing entire components, such as MLP channels
or attention heads, to produce a smaller dense model (Ahsaei & Raji, 2026). Beyond efficiency,
pruning can also improve transfer learning by eliminating pretrained components that are detrimental
to a target task (Liu et al., 2021). These observations suggest that a VFM contains task-specific
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Figure 1: Task accuracy after pruning ViT-S from 21.6M to 10M parameters under different layer-
wise allocations. Results are mean=+std over 3 seeds. The unpruned model is included for reference.

subnetworks hidden within its general-purpose architecture, a hypothesis supported by recent work
that successfully extracts such subnetworks (Zheng et al., 2022; Shi et al., 2023; Simoncini et al.,
2025). Local importance scores can rank structures within a layer, yet they provide little guidance on
how model capacity should be distributed across layers or which pruning operator is suitable for each
layer. As Figure 1 illustrates, under the same 10M parameter budget, the optimal allocation varies
across tasks, while poorly allocated removals can degrade accuracy. A first challenge is therefore
allocation; specialization requires discovering a task-specific allocation to find a good subnetwork
within the VFM.

At mild compression, pruning can concentrate on redundant or detrimental structures, often preserv-
ing and occasionally improving accuracy. As the budget tightens, however, useful structures can also
be removed. At this point, a removal depends not only on the importance of its contribution, but also
on how well that contribution can be reconstructed from the remaining structures. Recovery methods
exploit this redundancy by compensating output bias or fitting low-rank corrections to the compres-
sion residual (An et al., 2024; Liu et al., 2024), yet they are typically applied only after subnetwork
selection. As a result, two equal-budget subnetworks may incur similar degradation after pruning,
yet differ substantially in how faithfully their lost behavior can be reconstructed. The second gap is
therefore recoverability: subnetwork selection should favor structures whose lost contributions can
be recovered from the surviving model, rather than simply the least important ones.

Ideally, the search would rank subnetworks by their recovered task accuracy. In practice, this would
require repeatedly extracting, repairing, and evaluating thousands of candidate subnetworks, making
exhaustive evaluation infeasible. Cheap local criteria enable efficient exploration but cannot capture
cross-layer interactions or the preservation of the target task’s decision boundaries. Conversely,
feature reconstruction alone is not enough, as faithfully reproducing pretrained representations does
not guarantee task discrimination (Liu et al., 2022). The third gap is therefore evaluation: the
search requires a proxy that is both inexpensive for exploration and predictive of the recovered task
accuracy that ultimately determines deployment performance.

We address these challenges with Carve VFM, which jointly searches capacity allocations and atten-
tion removal operators under a parameter budget, using recoverability-aware local-global evaluation.
The selected subnetwork is carved and repaired into a dense task-specific model. Our main contri-
butions are:

- Task-specific allocation. We formulate VFM specialization as allocation under a parameter bud-
get and introduce a unified search space over layer-wise MLP and attention capacity together with
attention removal operators.

- Adaptive local-to-global selection. We introduce a recoverability-aware fitness in which cached
conditional-recovery estimates enable inexpensive exploration, while a held-out task audit detects
when the local ordering is unreliable and adaptively guides the search.
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- Mergeable iterative repair. We develop a closed-form low-rank recovery that iteratively trans-
fers useful behavior from removed structures into the surviving weights and leaves no additional
inference branch.

2 RELATED WORK

Compression of pretrained transformers. Compression reduces deployment cost while trying
to preserve the pretrained knowledge. Unstructured pruning (Frantar & Alistarh, 2022; Sun et al.,
2024) and quantization (Yuan et al., 2022) compress weights or numerical precision, but typically
preserve tensor shapes and therefore rely on sparse or low-precision hardware for efficient execu-
tion. Structured pruning instead removes components, such as channels or blocks, directly producing
smaller dense models. Recent methods have improved structure selection through joint importance
estimation (Zheng et al., 2022), progressive mask learning (Shi et al., 2023), self-supervised subnet-
works (Simoncini et al., 2025), elastic architectures (Zhu et al., 2025), and activation-aware prun-
ing (An et al., 2024). Collectively, these works demonstrate that pretrained VFMs contain compact
subnetworks with strong downstream performance.

Allocation and recovery. The remaining challenge is identifying which subnetwork to extract
under a given budget. Budget-aware methods such as AMC (He et al., 2018) and NetAdapt (Yang
et al., 2018) search layer-wise capacity allocations, while most pruning methods rank candidate
removals using importance or reconstruction error. Recovery methods such as EoRA (Liu et al.,
2024) then compensate the selected compressed model through low-rank reconstruction. In existing
approaches, however, architecture selection and recovery remain largely separate stages. As a result,
pruning decisions are made without considering how well removed structure can be recovered.

3 METHODOLOGY: CARVE VFM

Problem setup. Let fy denote a pretrained VFM with L transformer layers and let C =
{(zi,y:)}?_, be a small calibration set for a target task. Given a parameter budget B, the ob-
jective is to extract a dense subnetwork g that satisfies the deployment budget while maximizing
downstream performance,

g* =arg max Accya(g)- (D)

P(g)<B

Direct optimization of Equation (1) is intractable because the space of budget-feasible subnetworks
grows combinatorially with model size, while evaluating a single candidate requires extracting, re-
pairing, and assessing a separate model.

Previous approaches typically approximate this objective by ranking channels, or other structures
according to their individual importance and pruning the least important ones. Under aggressive
compression, however, importance is insufficient. The quality of the extracted subnetwork depends
jointly on how capacity is allocated across layers, which removal operators are applied, and how
well the discarded channels can be recovered from the surviving ones. Because these decisions are
strongly coupled, optimizing them independently generally leads to suboptimal results.

We address this interdependence with Carve VFM, a budget-constrained architecture extraction
framework that jointly optimizes allocation, removal structure, and recoverability. Figure 2 summa-
rizes its three-stage pipeline. Stage 1 estimates task-dependent removal statistics, Stage 2 searches
candidate architectures using an adaptive local-global fitness, and Stage 3 physically carves and re-
pairs the selected architecture. The resulting model is a small dense model within the target budget,
optionally fine-tuned for better performance.

Stage 1: Task-related statistics. A single forward/backward pass of the calibration set C through
the frozen VFM caches the task-dependent statistics (Figure 2, box 1). These include second-order
input statistics for conditional reconstruction (Frantar & Alistarh, 2022), task-gradient importance
for identifying directions that most influence the downstream objective, and reference activations for
subsequent repair and held-out task evaluation. These quantities are computed only once and reused
later throughout the search.
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Figure 2: Overview of Carve VFM. From a VFM, a calibration set, and a parameter budget B,
the method (1) estimates removal damage, (2) searches layer-wise MLP retention and attention
operators, and (3) carves and repairs the selected architecture. The output is a standard dense task-
specific model within B.

Stage 2: Budgeted subnetwork search. Stage 2 searches for the best budget-feasible subnetwork
by jointly optimizing capacity allocation across layers and the attention removal operator used in
each layer. The resulting search space is explored through an evolutionary optimization process,
while an adaptive local-global fitness is used for efficient evaluation.

Search space. A candidate architecture assigns each transformer layer an independent MLP re-

tention ratio s;nlp, an attention retention ratio s?**, and an attention removal operator o; € {H, C},
while the overall parameter count is constrained by the target budget B. The MLP ratio reduces the
hidden dimension by removing hidden channels, implemented by deleting the corresponding rows

of the MLP up-projection Wy, and matching columns of the down-projection Wqgwn.

Attention supports two complementary removal operators. H removes complete attention heads.
C instead preserves every head while removing matched coordinates within the query/key pair
(Wgq, Wg) and within the value/output pair (Wy,, Wp), with separate retained sets for the two
pairs. Consequently, H concentrates a given reduction in fewer heads, whereas C distributes the
same parameter reduction across all heads, allowing compression even when no complete head
is expendable.

Search procedure. This mixed continuous—discrete space is explored using an evolutionary algo-
rithm (Figure 2, box 2B). Candidate subnetworks are initialized from diverse allocations, evolved
through mutation and crossover, and projected onto the budget B before evaluation. To make evalu-
ations efficient, an adaptive local-global fitness is used to guide the search. Local recoverability first
ranks the population, after which held-out accuracy audits a small rank-stratified subset. If the audit
preserves the local ranking, exploration continues under the local fitness. Otherwise, if the rankings
diverge or the audit discovers a substantially better candidate than predicted locally, the local score
is deemed unreliable and held-out accuracy guides a capped continuation. In both cases, the global
score ranks the final candidates.

Local fitness: recoverable damage. The local fitness estimates whether refitted surviving weights
can reconstruct removed functionality, unlike magnitude- or gradient-based importance. Held-out
evaluations of repaired candidates audit this search-time proxy.

Let Z be a projection input, W its downstream weight, and G = Z T Z/n + I the regularized Gram
matrix. For a removable group Z (an MLP channel or attention head), its local damage is

d(Z) = tr(Wz[GZ7] "' WiT) . )
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Figure 3: Structured pruning used in Carve VFM. MLP carving removes hidden channels with
matching rows and columns from its two projections. Attention removes either complete heads (H)
or some channels within each head (C).

Here [GEIl]*l is the conditional covariance of the removed group given the surviving inputs. Fol-
lowing OBC (Frantar & Alistarh, 2022), groups are removed iteratively, the surviving weights are
refit, and G~! is updated by a Schur complement. This produces nested removal orders and cumu-
lative damage curves E7 (k) for every layer and operator, cached for MLP channels, attention heads,
and V/O coordinates. Q/K rotary pairs are ranked separately by their perturbation of calibration
logits, leaving their bilinear distortion to the global fitness. A candidate architecture is scored by
Equation (3), requiring neither model construction nor a forward pass.

Quocar(a) = = Y Ef (k). 3)

l

Global fitness: task discriminability. Because the local score is additive across layers, it cannot
capture cross-layer interactions or the preservation of task discriminability. We therefore periodi-
cally audit a small, rank-stratified subset of candidates using held-out accuracy. After applying the
repairs, we fit a regularized linear probe on one part of each of 7" stratified calibration splits of C
and evaluate it on the others. This held-out accuracy is the search-time proxy for Equation (1).

Stage 3: Carving and repair. Stage 2 specifies a budget-feasible subnetwork; Stage 3 realizes its
smaller tensor dimensions and repairs the surviving weights without restoring any removed dimen-
sion. The result therefore remains a dense model within the target budget B.

Carving: making the architecture smaller. A structural feature is usually produced by one projec-
tion and consumed by another. Carving therefore removes the same index from both sides of this
producer—consumer path. For an MLP layer, keeping the hidden-channel set S;" Ip gives an ordinary
MLP with smaller hidden width |S™'”| as shown below.

W = WLIS™. ), Whown = Whownls ™. )

Attention follows the same paired-indexing principle, with the survivor sets determined by the se-
lected operator o;:

7l lrgl .
Wp = Wp[8p7 ], pe{Q K, V},

77l l 1 )
Wo = WO[:aSO]'
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For whole-head carving (o; = H), all projections share the same survivor set, corresponding to
complete retained heads. For column carving (o; = C), Q/K and V/O use separate survivor sets,
preserving rotary pairs and matched value/output coordinates, respectively. See Figure 3 for an
illustration of the two carving operators. In all cases, the biases are sliced accordingly, producing
physically smaller dense projections.

Repair: recovering removed behavior. Carving removes entire structures and therefore part of each
layer’s output. We recover this lost behavior by predicting the removed output from the surviving ac-
tivations. Similar to calibration-based low-rank recovery (Liu et al., 2024), but formulated directly in
the reduced coordinate space, the resulting correction can be merged exactly into the carved model.

Partition a linear projection into surviving indices S and removed indices Z. The output lost by
removing Z is Y7 = ZIVVIT . We reconstruct this contribution by solving

AW* = argmin || Zs(AW)T = YZ|% + A|AW] %
AW (6)
=Y, Zs(Z3Zs +A\)", AW, = SVD,.(AW™).

The rank-r reconstruction AW, = U, X, V.7, using the leading singular triplets, regularizes the
solve without changing the reduced shape. The correction merges as Winerged = Ws + AW,., with
no additional inference parameters or operations. The same formulation repairs the MLP down-
projection, the V/O projections under operator C, and the retained-head output projection under
operator H; residual means are folded into the existing biases. Q/K under operator C is repaired
separately because its effect is bilinear in the attention logits.

Unlike post-hoc recovery methods such as EoRA (Liu et al., 2024), Carve VFM integrates repair
into architecture search. Each cached curve refits the surviving weights and updates G~ between
group removals. The curves guide Stage 2 local ranking; held-out evaluations of repaired candidates
audit that ranking before Stage 3 carves and repairs the selected architecture.

Output: dense subnetwork and optional fine-tuning. After search, pruning and recovery, the
resulting carved model satisfies P(a*) < B (Figure 2, output). The primary protocol freezes this
carved model and trains a linear head, while the full-fine-tuning variant optimizes it end-to-end.
Both yield an ordinary dense transformer with task-specific widths.

4 EXPERIMENTS
Experimental Setup

Benchmarks and source models. We evaluate four source models: DINOv3 ViT-S (21.6M), ViT-
B (85.7M), and ViT-L (303.1M) (Siméoni et al., 2025), and the image—text-pretrained MetaCLIP-2
ViT-B (85.8M) (Chuang et al., 2025). The benchmark spans twelve tasks: CIFAR-10, CIFAR-100,
and Caltech-256 for general recognition; FGVC-Aircraft, CUB-200, Stanford Cars, and Oxford-
IIIT Pets for fine-grained recognition; DTD and MIT Indoor-67 for texture/scene recognition; and
BloodMNIST, PneumoniaMNIST, and OrganAMNIST for medical recognition (Krizhevsky, 2009;
Griffin et al., 2007; Maji et al., 2013; Wah et al., 2011; Krause et al., 2013; Parkhi et al., 2012;
Cimpoi et al., 2014; Quattoni & Torralba, 2009; Yang et al., 2023). We use standard train/test
partitions, except for Caltech-256, where each seed defines an 80/20 split, and report accuracy.

Protocol and comparisons. For each task, 512 training samples form the calibration set; the test
set is never used for architecture selection. After carving and repair, the backbone is frozen, and
a fresh linear classifier is trained on the full training set for ten epochs. Results are mean and
standard deviation over three seeds. The historical comparison uses common source checkpoints,
data splits, calibration sets, and parameter budgets, with Random, BlockDrop (Wu et al., 2018),
SNIP-Magnitude (Lee et al., 2019), SnapViT (Simoncini et al., 2025), FLAP (An et al., 2024),
SVD-LLM (Wang et al., 2025), and CORP (Zhang & Yang, 2026). Table 1 additionally includes
SliceGPT (Ashkboos et al., 2024) and available OSSCAR (Meng et al., 2024) results at the mild
and tight budgets. Additional scoring baselines and intermediate-budget results are provided in the
supplement, together with search, recovery, optimization, and hardware details.
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Table 1: Linear probing accuracy (%) at mild and tight compression ratios, mean over three seeds.
Shading (low mid high) is normalized within each block; gray: full model or unavailable; bold:
best per source and budget (ties included). Standard deviations, additional budgets, and method
details are reported in the appendix.

Model  Method General Fine-grained Texture/scene Medical Mean
Size C10 C100 Cal Air.  CUB Cars  Pets DTD MIT Blood Pneu. Org.A
21.6M Full 96.0 843 926 703 836 838 94.0 713 814 95.0 848 92.1 87.2

BlockDrop ~ 65.6  40.6 443 14.5 12.1 11.1 21.2 427 402 91.6 816 893 46.2
SNIP-Mag.  46.4 14.9 9.8 4.1 22 1.8 55 15.5 8.6 85.1 81.6 826 29.8
21.6M  SnapViT 525 263 313 9.2 6.2 39 13.9 280 272 86.7 824 879 38.0

1 FLAP 71.1 521 576 3320 2520 SO IS 549 517 943 839 927 59.1

14M SVD-LLM = 925 750 764 512 616 630 794 65.1 747 95.7 889 927 76.3

e CORP 947 811 855 709 729 830 903 579 819 96.8 83.0 939 83.1

S SliceGPT 924 757 410 79 7.5 5.4 26.5 59.5 5l 953 883 927 53.6

= OSSCAR 913 735 751 575 597 756 81.6 69.8  69.1 96.1 889 93.0 71.6

S Carve VFM 948 805  86.5 701 791 887 913 752 839 96.7 892 936 85.8
1

5 BlockDrop 519 257 198 75 5.4 3.8 12.3 19.1 19.3 699 854 852 33.8

z SNIP-Mag. 42.0 14.2 9.1 24 1.3 1.0 4.4 15.1 10.2 76.1 81.4 742 27.6

& 21.6M SnapViT 440 186 165 4.5 3.8 P 7.1 17.7 15.8 724 823 804 30.4

s FLAP 53.8 267 169 4.8 4.6 22 7.1 232 153 73.8 80.0  83.1 32.7

6M SVD-LLM  75.1 480 193 44 4.6 2.5 10.7 28.0 21.1 90.1 835 894 39.7

CORP 57.1 29.7 204 5.8 5.8 2.7 10.1 16.0 14.6 79.7 821 86.5 34.2

SliceGPT 784 520 264 7.6 43 3.0 19.5 25.2 18.7 804  80.7 = 90.1 40.5

OSSCAR 577 314 217 124 109 5.4 18.5 41.6 245 89.7 822 862 40.7

Carve VFM 77.1 513 @ 384 214 185 102 311 438 348 932 839 904 49.5

85.7M Full 982 89 959 81.8 892 943 959 80.0  89.7 95.7 838 937 90.6

BlockDrop 737 485  55.1 26.8 12.6 159 233 554 547 948 840 898 52.9

SNIP-Mag. 743 463 479 229 145 103 226 438 445 944 881 929 50.2

85.7M  SnapViT 757 521 60.1 20.8 13.5 15.7 335 455 452 952 87.0 920 53.0

1 FLAP 839 655 714 66.5 590 820 744 714 747 96.8 846 940 71.0

60M SVD-LLM = 97.0 ' 849 932 80.5 865 937 953 79.1 885 97.1 872 937 89.7

= CORP 964 853 937 81.7 80.7 832 946 59.0  89.0 973 87.0 942 87.3

= SliceGPT 96.6 833 89.6 78.1 83.8 91.8 934 76.6 872 96.0 873 935 88.1

B~ OSSCAR 972 853 916 76.8 841 915 948 717 812 963 865 « 94.1 88.6

= Carve VFM 973 862 93.8 829 879 940 957 81.3 899 97.3 892 945 90.8

g BlockDrop  32.7 10.0 17.9 52 2.4 2.8 53 11.9 13.5 70.8  80.6  66.8 26.7

Z SNIP-Mag.  48.1 18.8 16.0 4.6 4.6 22 73 17.9 16.6 76.6 830 78.0 31.1

& 857M SnapViT 46.1 16.5 15.2 4.0 32 1.8 6.0 15.1 13.6 757 794 738 29.2

s FLAP 573 298 186 54 3.8 3.1 7.5 18.2 17.7 799 819 « 888 343

20M SVD-LLM 843 @ 599 427 179 133 12.1 266 444 387 9.1 850 926 51.0

CORP 46.0  22.1 243 6.9 5.1 34 9.5 212 203 862 80.6 839 34.1

SliceGPT 848 602 273 6.1 42 3.4 12.9 229 19.3 923 882 922 42.8

OSSCAR 663 328 37.0 21.6 125 6.4 26.8 462 340 90.1 856 873 45.5

Carve VFM 826 59.0 45.0 324 173 127 390 50.1  46.2 93.1 812 928 54.3

85.8M Full 97.5 864  96.0 69.5 81.1 91.8 920 81.0 926 947 839 881 87.9

BlockDrop ~ 81.0 563  45.8 4.7 7.4 6.4 17.1 335 398 89.0 829 877 46.0

SNIP-Mag. 63.7 362  29.1 8.9 55 4.3 12.9 18.8 18.9 739 837 86.7 36.9

85.8M  SnapViT 55.1 28.8 287 8.1 6.4 4.6 12.0 224 250 835 823 874 37.0

1 FLAP 84.0 597 433 246 274 427 525 527 493 924 867 882 58.6

e O60M SVD-LLM 948 788 822 520 653 774 853 732 838 95.0 882 911 80.6

E CORP 96.8 832 922 65.0 717 849 837 60.1 89.5 954 854  90.0 83.6

= SliceGPT 96.8 820 9I.1 599 747 89 903 774 887 938 838 881 84.6

= OSSCAR 96.5 820 909 624 740 873 904 762 817 93.6 877 892 84.8

a Carve VFM 97.2 841 932 648 777 892 917 782  90.1 954  88.1 89.6 86.6

E BlockDrop 540 260 208 29 1.7 2.5 6.8 12.2 18.1 784  79.1 85.5 323

2 SNIP-Mag. 562 26.1 213 6.2 4.7 3.8 9.7 20.5 207 837 845 862 35.3

2 85.8M SnapViT 514 256 223 5.5 52 3.8 9.6 19.7 207 872 841 87.0 35.2

= & FLAP 632 357 256 7.1 49 4.7 13.1 289 251 89.9 86.6 90.1 39.6

20M SVD-LLM 777 509 319 9.5 6.6 43 12.7 33.1 28.6 90.1 854  90.7 43.5

CORP 622 341 254 6.3 5.4 3.0 10.5 202 219 90.2 845 899 37.8

SliceGPT 858 560 437 194 228 274 531 437 352 882 821 84.0 53.4

OSSCAR 669 385 282 10.7 53 52 20.3 40.1 292 83.8 81.0 86.6 41.3

Carve VFM 76.6 425  36.6 16.5 15.9 7.8 345 423 439 91.1 85.1 90.8 48.6

303.IM Full 99.1 931 973 804 906 944  96.7 82.7  90.7 959 873 923 91.7

BlockDrop  77.8 564  76.5 418 467 586 659 648  70.1 95.6 86.1 90.8 69.3

SNIP-Mag. 69.6 445 50.3 25.8 15.3 172 267 404 479 946 864 921 50.9

303.IM SnapViT 722 465 618 26.8 15.9 18.6  28.0 458 555 93.1 852 929 53.5

1 FLAP 934 715 887 737 812 90.7 926 78.5 887 957 862 916 86.6

200M SVD-LLM = 989 90.7 96.1 80.6 89.7 941 96.5 832 910 9.2 899 931 91.7

= CORP 98.9 895 965 79.8  83.1 88.7 958 63.8  90.6 970 882 93.0 88.8

) SliceGPT 98.7 892 94.0 785 874 932 955 80.3  89.5 944 892 921 90.2

= OSSCAR 97.8 86.6 92.1 71.0 742 820 924 75.0  89.0 953 86.6 922 86.2

B Carve VFM 989 909 963 81.6 898 940 96.5 833 908 96.5 879  93.6 91.7

g BlockDrop 546 328  25.6 8.4 7.6 54 14.6 25.1 15.6 90.8 847 850 37.5

Z, SNIP-Mag. 492 227 205 5.6 6.4 35 10.0 184  23.1 76.5 810 822 333

& 303.1IM SnapViT 47.5 19.4 18.7 4.4 3.7 2.6 73 16.5 17.2 68.8 817 824 30.8

\ FLAP 774 524 454 29.3 114 125 289 515 408 929 840 9238 51.6

100M SVD-LLM & 96.1 80.0 785 740 815 918 92.0 69.8 821 949 861 920 84.9

CORP 71.0 371 579 369 335 596 581 457 571 91.8 804 895 59.9

SliceGPT 958 715 67.1 682 581 864 864 47.0 787 92.1 841 913 71.7
OSSCAR 849 620 613 472 277 565 699 634 562 924 844 915 66.4
Carve VFM 942 769  80.1 73.6 764 89.0 90.6 740 803 927 842 931 83.7
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Figure 6: Architectural patterns discovered
by Carve VFM across task categories. Rows
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tasks and seeds.
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Figure 5: Average full-fine-tuning accuracy over
twelve tasks. Model sizes in the legend; shad-
ing marks the gap between Carve VFM and the
strongest baseline at each checkpoint.

Recoverability becomes critical under aggressive compression. Among dense structured-
pruning methods with complete results in Table 1, Carve VFM has the highest reported twelve-task
mean in seven of eight source—budget settings. The exception is MetaCLIP-2 at 20M parameters,
where SliceGPT reaches 53.4% versus 48.6% for Carve VFM. Checkpoint-selection protocols for
SliceGPT and OSSCAR differ from those of the other baselines, so these rankings are descriptive.
The supplement reports the complete twelve-setting grid for the other baselines. As budgets tighten,
useful structures may also be removed; performance then depends on preserving or reconstructing
their task-relevant contribution. These comparisons motivate considering allocation and recover-
ability jointly, but do not isolate their individual contributions.

The benefit transfers across representations and domains. The advantage is consistent across
both self-supervised DINOv3 and image—text-pretrained MetaCLIP-2, and from ViT-S through ViT-
L, suggesting that recoverability is largely independent of the pretrained representation. The gains
are largest on fine-grained and texture-rich recognition tasks, where small semantic differences re-
quire preserving highly task-specific capacity. The gains are smaller and more variable on the med-
ical benchmarks, where the source models transfer less consistently.

Carve VFM vs. factorization. SVD-LLM offers a complementary approach through low-rank
factorization. Across the twelve source-budget settings in the supplement, Carve VFM has the
higher reported twelve-task mean in nine, SVD-LLM in two, and the two tie in one at the reported
one-decimal precision. SVD-LLM leads for DINOv3 ViT-B at 35M and ViT-L at 100M; the tie
occurs for ViT-L at 200M. Carve VFM returns conventional dense projections, whereas SVD-LLM
executes low-rank factors, motivating the deployment comparison below.

Deployment efficiency. Figure 4 compares Carve VFM with the original ViT-L and the parameter-
matched low-rank baseline SVD-LLM. Other structured pruning methods already produce conven-
tional dense networks with the same execution pattern as Carve VFM and therefore do not provide
a distinct deployment comparison.
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Carve VFM consistently shifts the deployment trade-off toward higher throughput, lower compute,
and lower memory. Compared with the original ViT-L, it improves CPU throughput by 1.9-3.2x
and GPU throughput by 1.3-2.0x, while reducing peak GPU memory by 26-51%. At matched
parameter budgets, it also delivers 1.5-2.3x higher CPU throughput and 1.4-1.8x higher GPU
throughput than SVD-LLM, while using 7-17% less GPU memory. This advantage stems from
the compression mechanism itself: SVD-LLM replaces each projection with two serial low-rank
operations, whereas Carve VFM physically narrows the dense operators, reducing both arithmetic
and memory traffic without introducing additional layers.

Full fine-tuning and convergence. We fully fine-tune the carved 14M ViT-S specialist for each
task and compare it with natively pretrained compact architectures under a ten-epoch schedule.
Table 10 reports a best-checkpoint macro-average of 88.1% for the 14M specialist and 85.8% for
ConvNeXt-Pico, the strongest evaluated native compact model, a difference of 2.3 percentage points.
These models have different parameter counts: 14M and 8.5M, respectively. Figure 5 compares the
reported learning curves. Full optimization settings, per-dataset results, and comparisons with all
eight compact baselines are provided in the supplement.

Architecture patterns discovered by Carve VFM. Figure 6 shows that Carve VFM consistently
discovers task-dependent subnetworks rather than uniformly distributing the capacity. Texture and
scene recognition retain more early-layer MLP capacity, with fine-grained tasks exhibiting the same
tendency more moderately, indicating that these domains benefit from preserving richer low-level
features. In contrast, medical specialists remain much closer to a uniform allocation, suggesting that
task-relevant information is distributed more evenly across depth. A second pattern is remarkably
consistent across domains: most parameter savings come from reducing MLP capacity, while atten-
tion is compressed more conservatively. In particular, whole-head removal is rare in the early layers,
where Carve VFM instead favors column pruning, distributing the reduction across all heads rather
than eliminating complete ones. These results reveal that Carve VEM discovers distinct compression
regimes across depth.

When is global fitness needed? The adaptive audit provides a complementary diagnostic. For
DINOv3 ViT-S/B, the search switched from local recoverability to cross-validated task accuracy in
26% of mild-budget runs and 51% of tight-budget runs; this rose to 79% for MetaCLIP-2 and 89%
for ViT-L. Cached local statistics therefore guide exploration efficiently when their ranking is stable,
while global task evidence becomes more important as compression, representation shift, or model
scale makes that ranking unreliable.

Decoupling search from repair. To determine whether Carve’s search improves performance be-
yond repair alone, we compare uniform allocations and FLAP subnetworks with and without the
same repair against full Carve VFM. We evaluate DINOv3-S at 14M and 6M parameters on CIFAR-
100, CUB-200, and BloodMNIST. At these budgets, repair raises mean accuracy from 31.7/31.5%
to 78.2/47.7% for uniform allocation and from 28.2/26.6% to 63.5/36.7% for FLAP subnetworks.
Across these datasets, the corresponding Carve entries in Table 1 average 85.4/54.3%, 7.2/6.6 per-
centage points above repaired uniform allocation. Thus, repair provides most of the gain, while
searching allocations and attention operators adds further improvements on average.

5 CONCLUSION

We introduced Carve VFM, a framework for extracting compact, task-specific models from pre-
trained VFMs under an explicit parameter budget, without backbone retraining. A single search
jointly decides how capacity is allocated across layers, which structures to remove, and how to
recover their lost contribution, producing standard dense models competitive with evaluated com-
pression methods and compact architectures, with gains varying by source, task, and budget. Our
evaluation centers on image classification. Natural next steps include dense prediction and multi-
modal foundation models, dynamic deployment budgets that adapt to shifting device constraints,
and continual carving that re-allocates capacity as new tasks arrive. Relaxing the requirement for
labeled calibration data through self-supervised surrogates would further broaden applicability.
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Al USE STATEMENT

Generative Al tools were used only to assist with manuscript drafting and grammatical and language
editing. They were not used to develop the method, generate data, implement the research methods,
execute experiments, or analyze experimental results. The authors take responsibility for the final
manuscript and all reported claims and results.

ETHICS STATEMENT

Carve VFM is evaluated on existing image-classification benchmarks, including three medical-
image benchmarks. The experiments assess classification accuracy and computational efficiency.
These benchmark results do not establish clinical safety or effectiveness; compressed models would
require application-specific validation before clinical use. The reported evaluation does not mea-
sure demographic fairness or privacy, so accuracy and efficiency gains should not be interpreted as
evidence of improvements in those properties.

REPRODUCIBILITY STATEMENT

Section 3 describes the architecture search, recoverability scoring, and closed-form repair procedure.
Appendix A reports the source checkpoints, datasets, data splits, calibration sampling, and shared
evaluation protocol. Appendix C provides the search and repair settings, random seeds, software
versions, and computing hardware. Appendix B reports per-dataset results with standard deviations
across three seeds. The full-fine-tuning and deployment measurement protocols are provided in
Appendices E and F, respectively.
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APPENDICES

These appendices report results and implementation details omitted from the main paper for space:
complete three-budget, per-dataset comparisons for every source model; the full fine-tuning com-
parison; documented search and repair settings; measured wall-clock and deployment costs; and
limitations and future work. Unless stated otherwise, accuracy is reported as mean+sample stan-
dard deviation over seeds 17, 42, and 91.

A EVALUATION PROTOCOL

A.1 SOURCE MODELS, TASKS, AND BUDGETS

We evaluate DINOv3 ViT-S/16 (21.6M parameters), ViT-B/16 (85.7M), and ViT-L/16 (303.1M), and
MetaCLIP-2 Worldwide ViT-B/16 (85.8M). The DINOv3 models use the LVD-1689M pretrained
checkpoints; MetaCLIP-2 uses its released Worldwide B/16 checkpoint. Table 2 lists the three
dense parameter budgets evaluated for each source.

Table 2: Source models, dense parameter budgets, and final repair rank.

Source Budgets (M) Repair rank
Mild Intermediate Tight r
DINOvV3 ViT-5/16 14 10 6 128
DINOv3 ViT-B/16 60 35 20 128
MetaCLIP-2 ViT-B/16 60 35 20 256
DINOvV3 ViT-L/16 200 150 100 256

The twelve tasks are CIFAR-10, CIFAR-100, and Caltech-256 (general recognition); FGVC-
Aircraft, CUB-200, Stanford Cars, and Oxford-IIIT Pets (fine-grained recognition); DTD and MIT
Indoor-67 (texture and scene recognition); and BloodMNIST, PneumoniaMNIST, and OrganAM-
NIST (medical recognition). We use the standard train/test split for every dataset except Caltech-
256, for which each seed defines an 80/20 split. All inputs are resized to 224 x 224 using the
preprocessing associated with the source checkpoint.

A.2 CALIBRATION AND MODEL SELECTION

For each task and seed, 512 class-balanced examples are drawn from the training split to form the
compression calibration set. All matched methods share the same examples and data split. Carve
VEM further partitions this set internally when held-out task accuracy is required; no test image is
used to guide search or choose an architecture.

After compression, the backbone is frozen and a new linear classifier is trained on the full training
split for ten epochs. AdamW uses batch size 32, learning rate 10~2, and weight decay 1074, We
evaluate epochs 1, 3, 5, and 10. SliceGPT and OSSCAR use a different checkpoint-selection proto-
col from the protocol-matched baseline grid; their downstream training budget remains ten epochs,
and their per-dataset results are reported separately in Table 7.

A.3 BASELINES

The common comparison contains seven structured methods. Random removes budget-matched
structures uniformly at random. BlockDrop (Wu et al., 2018) removes complete transformer blocks.
SNIP-Magnitude (Lee et al., 2019) ranks structures using sensitivity at initialization followed by
magnitude aggregation. SnapViT (Simoncini et al., 2025) applies its structured ViT scoring rule.
FLAP (An et al., 2024) uses activation fluctuation to allocate structured removals. SVD-LLM (Wang
et al., 2025) replaces projections with budget-matched low-rank factors. CORP (Zhang & Yang,
2026) uses compensated one-shot structured pruning. All methods start from the same source
checkpoint and use identical calibration data, seeds, dense parameter budgets, and frozen-backbone
linear-probing protocol.
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Where a complete protocol-matched grid exists, the source-specific tables also include scoring
baselines omitted from the main paper: Magnitude (Li et al., 2017), LAMP (Lee et al., 2021),
Wanda (Sun et al., 2024), and Taylor (Molchanov et al., 2019) for DINOv3 ViT-S/B, and Magnitude
and LAMP for MetaCLIP-2 ViT-B. We omit UPop and EA-ViT because no completed three-seed,
twelve-task grid is available under the current checkpoint, budget, and linear-probing protocol. This
rule avoids mixing results obtained under different training regimes with the controlled comparison.

B COMPLETE PER-DATASET RESULTS

The main paper displays only the mild and tight budgets and a compact baseline set. Tables 3—
6 restore the intermediate budget and every completed protocol-matched baseline. “Mean” gives
equal weight to the twelve dataset means rather than to their numbers of examples. Values are
mean=+sample standard deviation over seeds 17, 42, and 91. Accuracies and standard deviations are
displayed to one decimal, while macro means are computed from the unrounded per-task values.
Each source table includes only methods with a complete protocol-matched grid; bold marks the
best result within each budget.

Table 7 reports the separate per-dataset results for SliceGPT and OSSCAR, including the standard
deviations omitted from the main table.
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Table 3: Complete per-dataset frozen-backbone linear-probing accuracy (%) for DINOv3 ViT-S/16 at three dense parameter budgets.

Budget Method General Fine-grained Texture/scene Medical Mean
C10 C100 Cal. Air. CUB Cars Pets DTD MIT Blood  Pneu. OrganA
21.6M Linear probe 96.0 £0.1 84.3 £02 92.6 £0.2 70.3 £0.1 83.6 +0.1 88.8 £0.3 94.0 £04 77.3 +0.1 87.4+02 95.0+0.1 84.8 +0.2 92.1 +0.1 87.2 £0.0

Random 57.6£19 309419 29.1+43 7.7+12 6.0+1.1 3.9409 13.14+24 25.1+3.1 26.0+26 84.8+13 83.4+15 87.9+1538.0+2.0
Magnitude  42.6 +0.1 17.34+06 144410 39+02 25+01 19401 7.3403 13.3+03 12.2+05 79.3+02 82.5408 78.2+0229.6 +04

LAMP 444402 194402 19.7+£10 55400 4.1+02 28401 9.6404 17.240.1 16.5403 85.5402 82.34+1.3 83.540.232.5+04
SNIP-Mag. 46.4+08 14.9+05 9.8+09 4.1+07 2.2+05 1.8+03 55408 155+17 8.6+1.5 851407 81.6+03 82.6 +£1.929.8 £0.9
Wanda 70.6 £0.6 47.1 £1.9 52.2+24 19.1 408 16.64+0.2 11.141.1 31.0%1.1 43.740.1 42.4+09 92.4+0.1 85.1 £1.7 93.3 +£0.1 50.4 +0.9
14M  Taylor 59.5+132 393402 40.1 £21 7.6 +71 53445 5.6+44 18.9+45 322466 169489 79.6 £16.8 83.7 +2.6 88.9 £3.4 39.8 +6.2

SnapViT 525403 263404 31.3+£1.1 9.2+02 62401 3.9402 13.9+04 28.0+05 27.24+06 86.7+£04 82.4 +0.5 87.9 £0.1 38.0 £0.4

BlockDrop  65.6 +0.1 40.6 +0.5 44.3 +1.1 14.5+03 12.1 £2.7 11.1 +02 21.24+05 42.7+03 40.2 +3.1 91.6+0.1 81.6+0.9 89.3 +0.246.2 +0.3
FLAP 71.140.1 52.1 12 57.6 £0.6 33.2 +£32 25.2+03 39.7 £1.2 53.2+£23 54.9+08 51.7+1.7 94.3 402 83.9+1.8 92.7 402 59.1 +0.1
SVD-LLM  92.5+0.1 75.0402 76.4+1.1 51.2409 61.6+1.0 63.0+43 79.4+08 65.1 +£0.8 74.7+1.6 95.7 +0.1 88.9+1.7 92.7+0.2 76.3 +0.4
CORP 94.7 +0.1 81.1+0.2 85.5+04 70.94+0.3 72.9+0.5 83.04+0.5 90.34+00 57.9+02 81.9+03 96.8 +0.1 88.0+1.0 93.9 +0.2 83.1 +0.0
Carve VFM  94.8 +0.5 80.5 +0.5 86.540.9 70.1 04 79.1+0.9 88.7 +0.5 91.3 +£0.3 75.2 +0.3 83.9 +04 96.7 +0.2 89.2 +1.6 93.6 +0.0 85.8 +0.1
Random 41.6 £13 17.0£1.8 13.7+29 3.7+06 2.8405 1.8405 6.8412 14.0+1.1 11.04+29 71.2+104 789 +26 77.8 £1.4 28.4 +2.3
Magnitude  38.9404 143405 12.7+08 3.74+03 2.8401 1.7401 6.4+03 12.8+08 11.54+08 752402 82.740.6 70.1 £0.6 27.7 405
LAMP 41.8 £02 16.5+05 17.4+10 4.6+02 33402 25403 82401 16.14+05 143404 81.9+03 83.2+04 79.9 +0.6 30.8 £0.4
SNIP-Mag. 435413 14.8419 11.6+04 37409 1.7402 1.1404 5.2+04 144+02 10.04+25 80.6+1.0 81.5+15 80.3+1.429.0+1.0
Wanda 62.2 +£02 35.1 £09 30.5+08 10.34+02 7.84+04 5.040.1 14.7405 26.2403 29.6 £0.7 86.5+0.5 83.1 £09 87.5+0.4 39.9 +0.5
10M  Taylor 4434113 255436 22.5474 S5.1+18 3.6405 2.7403 9.7434 204 +77 149472 77.6422 79.3459 83.4+8432.4450
SnapViT 42.1+£03 16.5+04 21.44+07 63+04 43+01 2.9z+01 102404 22.4+03 19.9+05 772405 81.5+08 82.6 +0.2 32.3 +04
BlockDrop  57.2+0.1 29.54+2.1 29.9+05 10.5+02 82+02 5.8+01 17.1403 25.6+04 26.5+0.6 87.0+0.2 78.3+1.0 87.140.1 38.6 +0.1
FLAP 65.1 £03 39.4 +0.1 32.5408 154402 9.7402 6.540.1 25.840.7 40.5+09 31.7+08 89.7+04 80.4 +0.6 91.7 £0.2 44.0 +0.1
SVD-LLM  87.7 400 66.2 402 32.04+05 179406 7.9403 4.6403 41.6+34 46.2+12 36.3+05 95.0+03 86.8 +2.4 93.240.1 51.3 +04
CORP 87.140.8 66.4+0.7 54.7 409 48.1 404 37.5455 33.1 £1.6 51.4+3.1 41.9+03 59.3+05 94.5+03 85.1 +1.1 92.8 +04 62.6 +0.4
Carve VFM  91.1 +1.0 73.6 +1.4 70.7 1.0 52.54+2.7 63.3+1.9 74.6 0.9 80.3 £0.7 67.0 +£1.8 70.4 £3.9 96.2 +0.2 87.4 +1.1 93.5+0.5 76.7 +0.8
Random 38.6+1.8 140409 123409 3.04+02 24401 1.7401 6.4+03 11.9+08 10.0+09 66.3+8.7 78.04+2.0 74.1 +3.226.6 £1.7
Magnitude  40.3 +03 14.5403 14.04+01 4.3 +02 27401 2.0401 6.7405 143400 124410 722405 79.8+1.1 75.9 +0.8 28.3 +0.4
LAMP 419404 17.5+03 17.1£09 52+01 3.8+01 23401 7.5403 16.04+02 14.34+07 81.5402 81.14+2.0 80.5+0.3 30.7 £0.5
SNIP-Mag. 42.0425 142402 9.1+08 24403 13400 1.0401 4.4+06 15.1+32 102438 76.1425 81.4+18 74.2+2327.6+15
Wanda 55.1+02 27.6+05 18.6+07 48402 4.8+02 3.14+02 93404 17.2403 18.2+09 79.5+09 81.4+0.8 83.0+0.5 33.540.5
6M Taylor 42.0+87 181458 17.4+25 3.7+07 3.0+1.1 5.7 +05 7.84+12 12.74+44 16.5+03 67.1+£5.1 78.7+50 80.9£3.729.1 £3.2

SnapViT 44.0 £0.9 18.6 +04 16.5+07 4.5+04 3.8+02 22401 7.1404 17.7+0.1 15.8+08 72.4+04 82.3+£1.0 80.4 +£0.3 30.4 +05
BlockDrop ~ 51.9+04 25.7+02 19.8 +05 7.5402 5.4+02 3.8+02 123401 19.1+00 19.3+25 69.9+0.7 85.4+0.7 85.2 +0.2 33.8 +0.1

FLAP 53.840.7 26.7 +02 16.9+05 4.8+08 4.6+01 2.2+02 7.7+12 23.2+05 153404 73.8409 80.0 0.6 83.1+0.7 32.7 +0.0
SVD-LLM  75.1 404 48.0403 19.34+03 44402 4.6+01 2.5+00 10.7+06 28.0+12 21.14+03 90.1 +0.5 83.5+2.1 89.44+0.239.7 +03
CORP 57.1 405 29.7 +0.4 20.4 +06 5.8+04 5.8+03 2.7+01 10.1+02 16.0+07 14.6+12 79.7+1.0 82.1 £2.8 86.5 +£0.9 34.2 +0.2

Carve VFM  77.1 +2.0 51.3 +6.0 38.4 +1.2 21.4 +2.9 18.5+4.8 10.2 +1.7 31.1 +7.1 43.8 +1.7 34.8 +1.8 93.2 +0.9 83.9 +0.5 90.4 +1.0 49.5 +0.7
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Table 4: Complete per-dataset frozen-backbone linear-probing accuracy (%) for DINOv3 ViT-B/16 at three dense parameter budgets.

Budget Method General Fine-grained Texture/scene Medical Mean
C10 C100 Cal. Air. CUB Cars Pets DTD MIT Blood  Pneu. OrganA
85.7M Linear probe 98.24+0.1 88.940.1 959403 81.8+02 89.2+0.1 943402 959402 80.0+02 89.7+0.5 95.7 +0.1 83.8 402 93.7 40.1 90.6 +0.0

Random 659460 38.7+6.1 52.6495 17.8+38 13.0+35 12.74+52 283487 452447 47.9480 93.0+1.6 86.4+1.8 89.7+1349.3 +£50
Magnitude  54.4+08 269404 35.6+10 9.6+03 5.6+01 57402 144402 35.7+04 38.3 +0.6 89.1 £09 85.8 +0.7 87.7+0240.7 0.5

LAMP 56.1 +£03 28.6+03 39.1+05 129401 7.4+03 7.3402 153406 37.4402 40.4+1.0 85.24+08 84.3+1.3 88.0+0.3 41.8+0.5
SNIP-Mag. 743419 463+13 479+26 229+14 145413 10.34+04 22.6+4.6 43.8 £2.0 44.5 +44 94.44+09 88.1 £0.9 92.9+0.3 50.2+1.8
Wanda 745409 512416 549+05 22.8+1.0 149402 12.3+08 27.9+0.1 49.8+0.6 50.1 £0.9 94.0 402 87.24+1.5 93.34+0.8 52.7 +0.8
60M  Taylor 78.1 £4.6 49.1 £10.1 60.6 £6.6 36.0 +15.1 29.3 +10.6 38.3£89 33.4+6.2 51.9+2.0 52.14+4.6 95.4+0.1 87.4+23 924403 58.7+£5.9

SnapViT 757404 52.1403 60.1 +0.8 20.8+02 13.5403 15.7402 33.540.1 45.5+06 452413 95.2403 87.0+0.7 92.0 +0.3 53.0 +04
BlockDrop  73.7+04 48.5+05 55.1 +03 26.8+04 12.6+02 15.9+03 23.3+0.1 55.4+51 54.7 +03 94.8+03 84.0 £1.5 89.8 £0.2 52.9 +0.4

FLAP 83.9+04 65.5+00 71.4+04 66.5+07 59.0+25 82.04+07 74.4+02 71.4+1.0 74.7+1.2 96.8 404 84.6+3.8 94.0 £0.3 77.0 0.3
SVD-LLM  97.04+02 84.9402 93.24+0.1 80.5403 86.5402 93.74+02 95.3402 79.14+03 88.5+04 97.1 £0.2 87.2+2.7 93.7 +0.1 89.7 +0.2
CORP 96.4+12 853+03 93.7+03 81.7+05 80.7+02 88.24+0.1 94.6+02 59.0+4.8 89.04+03 97.34+0.3 87.0+32 94.2 +0.2 87.3 +£0.7

Carve VFM  97.3 +04 86.2+04 93.8+0.6 82.9+0.7 87.9+04 94.0+0.1 95.7+0.0 81.3+0.5 89.9 +0.2 97.3 +0.0 89.2 +0.8 94.5 +0.4 90.8 0.2

Random 49.7 13 21.14+07 227415 59+03 48402 3.1+o01 8.7+05 21.1+14 20.7+3.0 80.1 £2.4 82.7 +12 82.5+1.333.6 £1.1
Magnitude  42.8+08 17.9+04 22.1+07 7.14+00 4.8+01 3.5+02 9.0+03 19.3+05 22.0+0.7 85.4+06 84.7+0.5 80.4 +£0.7 33.3 £0.5

LAMP 45.1 £11 17.6+06 22.14+08 5.7+01 4.6+04 34402 8.7+03 193405 22.5402 79.7+07 81.9+1.0 81.241.532.7 +06
SNIP-Mag. 58.2+13 28.0+17 25.84+25 7.8+01 7.2+01 41401 11.4+1.0 27.5+15 262406 87.4+1.5 84.5+1.3 86.0+08 37.8 £1.0
Wanda 584403 292+11 22.8+09 6.6+04 51403 29+02 9.2+06 21.3+1.0 21.5402 83.9+12 83.1+£0.5 86.6+1.135.9 +0.6
35M  Taylor 545411 259422 251421 7.6+16 6.0+02 3.4+03 9.8+12 26.0+04 25.2+12 854416 82.4+03 85.6 £1.236.4 1.1

SnapViT 56.5+02 27.5+10 26.6+09 7.0+01 5.6403 33+01 9.6+04 24.7+05 23.1407 85.4+0.1 81.7+1.5 83.24+0.7 36.2 +£0.5
BlockDrop 339408 124402 19.74+04 6.5+04 1.7402 4.1402 53407 30.4+03 29.8+0.6 61.5+1.1 82.640.9 69.3 £0.6 29.8 +0.1

FLAP 719402 47.3+11 31.6+12 159407 7.3401 6.4402 152+09 37.0+£24 27.5+05 93.8 +0.1 84.4+3.0 93.2 404 44.3 +03
SVD-LLM  93.9+0.1 76.04+0.3 73.6 +1.3 67.94+04 72.7+0.2 85.94+04 87.840.2 68.7408 76.6+02 96.1 +£0.6 86.7 +2.7 93.6 +0.3 81.6 0.2
CORP 80.2 +108 73.0+£09 67.9+06 66.7+02 44.0+17.0 79.6 £03 51.1 4242 48.9 403 64.7 3.8 96.2 +0.3 85.7 +2.3 94.7 +0.2 71.1 +0.4

Carve VFM 933410 71.4449 694435 69.0+1.0 69.8+2.1 853445 83.34+43 69.942.7 77.6+2.3 95.8 £09 85.7 +1.3 94.4+03 80.4+1.4

Random 417413 146410 15021 3.7+05 34407 2.0+04 6.0+07 142416 142413 69.1 429 80.5+1.2 75.540.728.3 £1.2
Magnitude  41.2+1.1 155403 17.6+10 4.6+01 3.6+05 2.4+01 7.2403 15.7+09 15.5+06 77.9+08 82.0+1.1 73.2403 29.7 0.6

LAMP 404 +12 13.6+07 153 +10 4.0+02 33402 2.1+02 6.6+03 14.8+0.7 14.8+0.6 66.7 +1.2 80.34+0.5 76.0 +1.4 28.2 +0.7
SNIP-Mag. 48.1+13 18.8+07 16.0+22 4.6+03 4.6+02 22401 7.3+£05 17.9+1.0 16.6+05 76.6+1.3 83.0+0.6 78.0 £1.1 31.1 408
Wanda 479408 17.6+07 15.0+08 3.8+02 29402 19+02 64+04 13.2+04 15.0+06 68.3 403 82.3409 77.1+1.429.3 +0.6
20M  Taylor 447413 153420 15111 43+07 39+02 19404 6.6+06 16.4+07 14.7 +05 72.1 +0.6 81.7+02 78.4 £2.229.6 £09

SnapViT 46.14+08 16.5407 15.2+09 4.0+02 32402 1.8401 6.04+02 15.1+1.0 13.64+1.0 75.740.7 79.4 +0.6 73.8 £0.9 29.2 406
BlockDrop 327409 10.0+04 17.9+03 52402 24+00 2.8+02 53403 11.9+03 13.5+04 70.8 +0.1 80.6+1.4 66.8 +£0.4 26.7 +0.1

FLAP 573407 29.8+04 18.6+09 54+02 3.8+04 3.14+02 7.5+07 18.2402 17.740.8 79.9405 81.9+1.3 88.8 +£0.8 34.3 +0.2
SVD-LLM  84.3+0.2 59.9+05 42.7+1.1 17.94+10 13.34+04 12.1407 26.64+04 444408 38.7+1.3 94.1 +0.1 85.0 +2.1 92.6 +0.3 51.0 0.1
CORP 46.0 £5.6 22.1+406 24.3+10 69402 S5.1+12 3.4+03 95413 21.2406 20.3+1.8 86.2+1.8 80.6 +2.3 83.9 +0.3 34.1 0.7

Carve VFM  82.6+1.6 59.0+1.3 45.0+1.9 32.4+54 17.3+75 12.74+6.2 39.0 +6.2 50.1 +-2.0 46.2 +3.7 93.1 +0.8 81.2 +2.7 92.8 +0.8 54.3 +1.1
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Table 5: Complete per-dataset frozen-backbone linear-probing accuracy (%) for MetaCLIP-2 ViT-B/16 at three dense parameter budgets.

Budget Method General Fine-grained Texture/scene Medical Mean
C10 C100 Cal. Air. CUB Cars Pets DTD MIT  Blood Pneu. OrganA
85.8M Linear probe 97.5 £0.1 86.4 £0.0 96.0 £0.3 69.5 £0.2 81.14+02 91.8 £02 92.0 +£0.3 81.04+04 92.6 £0.1 94.7 +£0.3 83.9 £1.0 88.1 £0.5 87.9 0.0
Random 554427 289424 314435 10.6+37 7.8+22 55+1.7 14.1+£1.7 26.7+£3.0 28.4 439 90.2+26 83.4+24 84.44+1.8 38.9 +2.1
Magnitude  59.5 402 349 +0.7 33.8+12 11.5+06 7.0+01 6.0401 17.1 £0.8 30.8 +0.1 34.6+03 87.9 £1.5 83.8 1.0 88.1 £0541.2403
LAMP 60.5 +0.1 35.54+0.7 32.34+08 10.8+0.0 7.3+03 7.3+02 19.2402 30.6+1.2 36.9+0.8 91.3 +09 87.5+1.7 89.3 +0.3 42.4 +0.1
SNIP-Mag. 63.7+1.0 36.244.7 29.1 +46 89412 55404 43+06 129439 18.8409 18.9+04 73.9489 83.7+1.5 86.7 £1.3 36.9 25
6oM  SnapViT 55.1+13 28.8 +0.6 28.74+09 8.1 +04 6.4+01 4.6400 12.0+05 22.4+02 25.0+0.7 83.5+£1.9 82.3 +0.2 87.4+0.7 37.0 +£0.0
BlockDrop 81.0 £0.1 56.3 +04 45.8+02 4.7+10 7.4402 6.4+00 17.1+03 33.5404 39.8£0.7 89.0 +£0.5 82.9 £1.9 87.7 £0.2 46.0 0.2
FLAP 84.0+0.6 59.7+1.1 43.3+1.0 24.6 2.0 27.4+34 427453 52.5409 52.7 +03 49.3 +0.6 92.4+1.1 86.7+1.7 88.2 +0.3 58.6 +0.6
SVD-LLM 94.8 +0.2 78.8 +0.4 82.2 405 52.0 £0.3 65.3 +0.5 77.4+0.0 85.3 405 73.2+03 83.8+0.2 95.0+0.1 88.2+1.1 91.1 +0.1 80.6 +0.2
CORP 96.8 +£0.3 83.240.7 92.2 404 65.0 +0.5 71.7 £0.2 84.9 +0.4 88.7 403 60.1 +0.1 89.5+0.2 95.4 +0.5 85.4 +3.1 90.0 +0.3 83.6 +0.4
Carve VFM 97.2 +0.1 84.1+04 93.2404 64.8 £1.2 77.7 +0.8 89.2 +0.1 91.7 +0.3 78.2 +0.9 90.1 +0.4 95.4 +0.0 88.1 +-2.0 89.6 0.6 86.6 +-0.2
Random 57.3+17 31.7+23 273417 7.64+06 59+04 4.7+403 13.24+12 254412 26.3+1.0 87.7+3.0 84.8+1.4 88.94+0.4 38.4 +0.6
Magnitude 56.9 +0.8 30.7 405 27.6 £14 93 +03 5.6402 5.0+00 12.5408 25.34+1.0 27.5+1.0 854 +1.4 85.3+0.5 88.7 +0.3 38.3 +0.2
LAMP 58.5+1.0 31.04+07 27.04+0.7 8.740.1 54+01 49403 13.4407 25.84+04 27.5+2.0 88.8 £1.3 87.1 +1.3 89.3 +0.7 39.0 0.1
SNIP-Mag. 59.0+1.1 31.64+1.8 22.6 £29 6.24+04 44402 5.0+02 9.8+1.3 21.14+09 21.1 +4.0 79.04+52 84.9 +0.8 88.0 £2.0 36.1 £1.7
35M  SnapViT 529403 26.8 +£0.6 23.7409 7.14+03 6.1+02 43402 109405 23.3+05 22.0+1.0 85.9+1.6 84.2 +0.7 86.6 +0.2 36.1 +0.2
BlockDrop 64.6 +0.1 37.9403 31.6+08 4.2+01 4.8402 3.8404 79435 24.8498 30.2+0.1 89.3 404 79.0+1.5 86.6 +£0.9 38.7 +1.0
FLAP 63.2406 39.4+08 27.5407 11.04+07 6.5+04 4.2+404 16.1+1.6 32.4+08 23.3+04 86.8+1.2 88.0 0.3 87.6 +0.3 40.5 +0.2
SVD-LLM 89.2+04 66.9+0.7 48.3+12 21.7+0.7 21.3 +1.5 10.3+03 38.24+0.8 50.1 +£1.7 49.5 +2.3 94.8 +0.4 83.7 +2.0 91.3 +0.8 55.4 +05
CORP 89.0 +0.1 66.1 404 56.8 £0.9 33.5 +0.6 42.1 +02 44.54+1.0 59.9405 44.2 +1.1 56.3 +2.7 94.6 +0.7 86.9 +4.0 91.4 +0.7 63.8 +0.2
Carve VFM 92.0 +0.5 70.4 +-0.8 68.6 +2.0 39.5 +0.9 52.3 +4.1 60.4 +6.2 75.0 +0.1 54.44+9.7 74.1 £1.2 93.9 +0.0 85.4 +2.4 92.2 +0.2 71.5 +1.0
Random 52.6 £1.1 25.1 1.0 20.74+18 52402 3.9+02 29404 95410 19.5404 19.3 +14 80.8 £2.6 82.5+15 86.8 +1.8 34.1 £038
Magnitude 54.14+02 26.5+0.1 23.14+10 6.8+02 4.4+02 3.4402 10.8+0.6 20.8 £04 21.9409 80.3 £1.6 82.74+04 87.6 +0.4 35.2 +0.2
LAMP 54.7+02 273406 22.8406 6.5+02 4.5+02 3.6+04 10.84+04 20.7+05 22.1 +1.2 81.1 +1.5 82.9+0.8 87.440.8 35.4 +0.1
SNIP-Mag. 56.2 405 26.14+06 21.3+10 62402 4.7402 3.8+01 9.741.0 20.5406 20.7 £1.7 83.74+3.2 84.5+12 86.2 +0.8 35.3+09
20M  SnapViT 51.4+08 25.6406 22.3+05 5.5402 52401 3.8+02 9.6407 19.7+04 20.7 +0.7 87.24+1.3 84.1 £0.7 87.0+0.6 35.2 +0.1
BlockDrop 54.0 £1.0 26.0+0.2 20.8£09 29+04 1.7405 25401 6.8+24 12.2476 18.1+£03 78.44+04 79.1 £2.0 85.5+£1.232.3 +08
FLAP 63.2+09 35.7405 25.6+12 7.14+05 4.9+01 4.7+01 13.1400 28.9409 25.1 £1.2 89.9 +1.1 86.6 +0.1 90.1 0.4 39.6 0.1
SVD-LLM 77.7 01 50.9 +0.6 319408 9.54+05 6.6+05 4.3+05 12.740.1 33.1 408 28.6 +£0.9 90.1 +£0.6 85.4+25 90.7 409 43.5 +0.3
CORP 62.2 +0.7 34.1 404 254403 6.3401 54+03 3.0+02 10.541.0 20.240.8 21.9 1.1 90.2 £0.2 84.540.8 89.9 4+0.9 37.8 +0.1
Carve VFM 76.6 +13 42.5+5.1 36.6 +1.1 16.5+09 159 +10 7.8+19 34.5+1.4 42.3 +4.4 43.9 +1.2 91.1 +0.3 85.1 +2.4 90.8 +-2.2 48.6 +0.5
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Table 6: Complete per-dataset frozen-backbone linear-probing accuracy (%) for DINOv3 ViT-L/16 at three dense parameter budgets.

Budget Method General Fine-grained Texture/scene Medical Mean
C10 C100 Cal. Air. CUB Cars Pets DTD MIT  Blood Pneu. OrganA
303.1M Linear probe 99.1 £0.0 93.140.1 97.34+0.1 80.4+0.1 90.6 £0.1 94.4 +0.1 96.7 £0.1 82.740.2 90.7 0.1 95.9 +0.0 87.3 £0.6 92.3 £0.1 91.7 £0.0
Random 67.5+05 41.7+06 54.6+07 204432 13.4+05 11.4+21 28.1+12 429410 47.44+23 93.1+1.0 85.5+09 90.7 +£1.4 49.7 +0.6
SNIP-Mag. 69.640.7 44.5+13 503431 25.841.0 153412 17.2+1.3 26.7 £4.6 40.4 +1.6 47.943.0 94.6 +0.3 86.4 +0.7 92.1 +0.8 50.9 +0.6
SnapViT 722410 46.5+03 61.8+08 26.840.5 159404 18.640.1 28.0405 45.840.1 55.5+1.0 93.1 £0.1 85.2 409 92.9 +0.3 53.5 +0.1
200M BlockDrop 77.8 £05 56.4402 76.5407 41.8+5.1 46.7 £2.7 58.6 £0.5 65.9 402 64.8+0.1 70.1 4£0.9 95.6 +0.2 86.1 £0.8 90.8 £0.4 69.3 +0.2
FLAP 934403 77.5+02 88.7+0.1 73.7+07 81.2+1.0 90.7+05 92.64+0.1 78.5+0.5 88.7+£0.3 95.7 +04 86.2£2.0 91.6 +0.1 86.6 £0.2
SVD-LLM 98.9+0.0 90.7 +0.1 96.1 £0.1 80.6+1.2 89.7 +0.1 94.1 +0.1 96.5 +0.0 83.2 +0.3 91.0 +£0.5 96.2 +0.4 89.9 +1.9 93.1 +0.2 91.7 +0.3
CORP 98.9 +0.0 89.5+28 96.5+0.1 79.8+24 83.1+0.1 88.7+02 95.84+02 63.8+0.1 90.6 +0.2 97.0 +£0.3 88.2 +£1.1 93.0 +0.4 88.8 +0.2
Carve VFM 98.9 +0.1 90.9 +0.3 96.3 +02 81.6 +0.6 89.8 +0.7 94.0 £0.3 96.5 +0.1 83.3 +0.9 90.8 £04 96.5 +0.7 87.9 +£1.7 93.6 +0.2 91.7 +0.5
Random 523426 237425 256+25 6.3+12 56+13 3.7+05 99+12 21.74+26 23.14+06 77.9+50 82.3+1.7 84.0+08 34.7+1.5
SNIP-Mag. 60.2406 31.7+15 33.1+10 11.74+1.0 11.2407 7.2+402 142409 29.1 £08 33.5+1.6 90.340.9 83.4+1.5 89.540841.3 402
SnapViT 609 +1.1 33.5406 36.64+07 11.0+£01 8.4+05 65404 13.7403 30.5405 33.4409 86.9404 84.04+14 89.7403 41.340.1
150M BlockDrop 62.1 £7.6 41.6405 34.2402 87434 9.0+1.1 89403 19.0406 38.4402 27.94+24 92.6403 84.6+0.7 87.1 £0.1 42.8 +0.8
FLAP 84.1 £05 62.0+03 70.4+06 64.340.7 60.6+09 83.9+1.1 78.6+0.1 72.3+0.1 71.5+07 95.5+04 853 +1.3 92.0 +£0.0 76.7 +0.2
SVD-LLM 98.44+0.0 88.1+0.1 93.6+03 79.5+14 88.2+03 94.0 £0.1 95.9 +0.1 80.2 +£0.5 90.2 +£0.2 95.8 0.7 88.2 +2.1 92.8 +0.2 90.4 +0.3
CORP 98.4 +0.1 88.2+03 93.1+03 78.0+22 77.8+42 88.4+0.1 94.4+1.0 62.1+09 89.8 +0.1 96.4 +0.2 86.9 +£1.1 93.1 +£0.3 87.2 +0.3
Carve VFM 98.1 +05 88.3+1.5 93.7 +0.5 81.2+0.7 88.5 +04 93.6 +0.1 95.7 +03 82.2 +0.6 90.4 +0.6 95.9 +0.3 86.8 +£2.7 93.6 +0.4 90.7 +0.7
Random 40.4 +27 13.5+07 12.8+02 2.8+04 24+02 15401 5.6402 12.5406 11.3+1.3 62.2+3.0 78.9+£32 75.4+0.4 26.6 +0.7
SNIP-Mag. 49.2+13 22.741.1 205413  5.6+02 6.4+04 3.5402 10.0+02 184 +06 23.1£1.7 76.5454 81.04+1.0 82.2 +0.3 33.3 £03
SnapViT 475420 19.4+09 18.7+06 44402 37403 2.6404 7.3407 16.5404 17.2 413 68.8 +0.5 81.7 £1.1 82.4 +£1.0 30.8 £0.3
100M BlockDrop 54.6 +47 32.8403 25.6407 8.4+10 7.6+09 54402 14.6415 25.140.1 15.64+1.6 90.8 +03 84.7 £1.5 85.0 £0.1 37.5 +0.3
FLAP 774402 524403 454406 29.3+06 11.4+04 12.5+08 28.9+05 51.5+0.7 40.8 +£0.7 92.9+03 84.04+0.6 92.8 +0.1 51.6 0.1
SVD-LLM 96.1 +0.0 80.0+0.2 78.54+0.5 74.0+0.6 81.5+0.2 91.8 +0.1 92.0 +0.2 69.8 +1.0 82.1 +0.3 94.9 +0.3 86.1 2.2 92.0 +0.4 84.9 +0.2
CORP 71.0+80 37.1+15.6 57.9435 36.9+10.0 33.5+24 59.6 £2.7 58.1 £3.6 45.7+1.1 57.1 +1.4 91.8 +0.6 80.4+3.5 89.5+3.4 59.9 +038
Carve VFM 94.2 +09 76.9+42 80.1 +1.3 73.6+16 76.4+54 89.0+1.8 90.6 +0.8 74.0 £1.0 80.3 +£19 92.7 +29 84.2+1.2 93.1 +04 83.7 +1.9
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Table 7: Per-dataset linear-probing accuracy (%) for SliceGPT and OSSCAR at mild and tight budgets.

Budget Method General Fine-grained Texture/scene Medical

Mean

C10 C100 Cal. Air. CUB Cars Pets DTD MIT  Blood Pneu.

OrganA

DINOvV3 ViT-S/16

14M  SliceGPT 92.4 402 75.7403 41.0£1.1 79406 7.5406 54405 26.5409 59.5+1.1 51.1+13 953404 88.3+1.0
14M  OSSCAR 91.340.1 73.5403 75.1 £0.8 57.5+1.1 59.7+0.1 75.64+03 81.6+03 69.8 £0.9 69.1 +6.1 96.1 +0.1 88.9 +0.8
6M SliceGPT 78.4 403 52.0+04 26.4+0.7 7.6+04 43406 3.040.1 19.5+05 25.2+09 18.7+05 80.44+09 80.7 £1.5
6M OSSCAR 57.7+07 31.4402 27.7+18 12.4+06 10.9+02 54403 185408 41.6+1.0 24.5+04 89.7+03 82.2+1.0

92.7 40.1 53.6 0.3
93.04+0.2 77.6 £0.6
90.1 +0.2 40.5 +0.1
86.2 +£0.4 40.7 £0.1

DINOvV3 ViT-B/16

60M  SliceGPT 96.6 +0.1 83.34+0.3 89.6 £0.3 78.1 £0.7 83.8 +0.3 91.8 0.0 93.4 +£02 76.6 £0.3 87.2+1.0 96.0+02 87.3+25
60M  OSSCAR 97.240.1 85.340.1 91.6+02 76.8 £0.7 84.1+0.5 91.54+04 94.8 £02 77.7 £0.9 87.2 +04 96.3 +0.0 86.5+2.0
20M  SliceGPT 84.8 +04 60.24+0.1 27.3+04 6.1 +03 42403 3.4402 12.9+04 229+1.6 19.3+07 92.34+02 88.2405
20M  OSSCAR 66.3+13 32.840.1 37.0+04 21.6 £04 125407 6.4408 26.8 +£0.4 46.2 +02 34.0+0.8 90.1 £09 85.6 +1.4

93.5 +0.2 88.1 +0.2
94.1 +0.2 88.6 +£0.1
92.2 402 42.8 £0.2
87.34+0445.5+03

MetaCLIP-2 ViT-B/16

60M  SliceGPT 96.8 +£0.1 82.0+0.2 91.14+0.8 59.9+13 74.7 +0.7 88.9 +£0.1 90.3 +0.5 77.44+0.8 88.7 +0.4 93.8 +£0.3 83.8 £3.2
60M  OSSCAR 96.5+03 82.0+0.6 90.9+05 62.440.7 74.0+0.1 87.3 +0.5 90.4 +0.5 76.2 +0.6 87.74+0.3 93.6 +0.8 87.7 £2.2
20M  SliceGPT 85.8 +£0.3 56.0 +£1.0 43.74+03 19.4+1.0 22.8 403 27.4+0.4 53.1 £1.1 43.7+14 352413 88.2+0.8 82.1 £2.6
20M  OSSCAR 66.9 +05 38.5+07 28.2+07 10.7+1.7 53404 52402 20.3+1.6 40.1 +£0.6 29.2+1.1 83.8+2.3 81.0+3.3

88.1+1.2 84.6 +0.2
89.2+1.1 84.8 +0.3
84.0+1.053.4+04
86.6 +0.6 41.3 +04

DINOVv3 ViT-L/16

200M  SliceGPT 98.7 £0.1 89.2 +0.3 94.0 0.3 78.54+0.5 87.4 402 93.2 +0.3 95.5+0.0 80.3+0.1 89.54+02 94.4 +04 89.2 +0.9
200M OSSCAR 97.8 +02 86.6 £0.2 92.1 +04 71.04+0.7 74.2 439 82.0£1.0 92.4 +0.8 75.0 £0.5 89.0+04 95.3 +0.5 86.6 0.1
100M  SliceGPT 95.8 +£0.2 77.5+0.1 67.1 £0.8 68.2 +1.0 58.1 +£4.8 86.4 +0.5 86.4 £0.2 47.0 +04 78.7 +1.3 92.1 £0.4 84.1 £0.7
100M OSSCAR 849 +05 62.0+0.1 61.34+08 47.24+13 27.7+28 56.5+£38 69.9 +£47 63.44+05 56.24+24 92.440.1 84.4+14

92.1 £0.6 90.2 0.1
92.2 +0.2 86.2 +0.5
91.3 +0.7 77.7 £0.3
91.5 £0.5 66.4 0.5
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C CARVE VFM IMPLEMENTATION DETAILS

C.1 SEARCH SPACE AND BUDGET PROJECTION

An architecture stores, for every transformer layer, an MLP removal ratio, an attention removal ratio,
and an attention operator. These removal ratios are 1 — s;“lp and 1 — s7**, the complements of the
retention ratios in the main paper. The MLP decision removes matched intermediate channels from
the up- and down-projections. The attention operator is either whole-head carving (H) or coupled
column carving (C), which narrows every surviving head using paired Q/K coordinates and matched
V/O coordinates. Every proposed architecture is projected onto the same parameter budget before
scoring. This projection applies a common shift to its continuous removal ratios, clips them to
[0,0.95] (retention in [0.05, 1]), solves the remaining budget discrepancy by bisection, and rounds
attention structures to a feasible dense shape. Consequently, fitness cannot improve by silently
retaining more parameters.

The evolutionary population contains 20 candidates, of which eight are retained as elites. Initial
candidates include uniform and depth-biased allocations, MLP-only boundary cases, and systematic
and random H/C patterns. Mutation perturbs continuous ratios with standard deviation 0.08 and flips
an operator with probability 0.18. Crossover swaps complete layer decisions. Runs use at most 12
generations, stop after four generations without improvement, and cap the total number of evaluated
architectures at 120 or 200 depending on the campaign.

C.2 LOCAL RECOVERABILITY AND ADAPTIVE GLOBAL AUDIT

Let Z be the input to a linear projection, W the downstream weight, and G = Z T Z/n + M its
regularized Gram matrix. For a removable coordinate group Z, the local damage score is

d(T) = tr(Wz[Gz7) ' W.T) . (7

Groups are removed greedily. After each removal, the working weights are refitted and G~ is up-
dated by a Schur complement. This yields a nested removal order and cumulative damage curve for
every layer and operator. Candidate fitness is then a sum of curve lookups, so a complete generation
can be ranked without constructing or forwarding its models. Q/K rotary pairs, whose effect is bilin-
ear, are ordered by their perturbation of calibration attention logits. These local quantities are used
only for ranking; held-out evaluations of repaired candidate subnetworks then audit those rankings.

A local sum cannot represent all cross-layer interactions. We therefore audit a rank-stratified sample
of 12 candidates with a global score: repeated stratified probe accuracy on held-out partitions of the
calibration set. The search changes to this global fitness if the Spearman agreement with the local
ranking is below 0.35 or if the locally preferred candidate incurs more than 0.03 normalized held-out
regret. Otherwise, the inexpensive local score continues to guide exploration. In both cases, global
accuracy re-ranks the 20 finalists over five repeated splits. This policy switched to global search
in 26% of mild and 51% of tight DINOv3 ViT-S/B runs, 79% of MetaCLIP-2 runs, and 89% of
DINOv3 ViT-L runs.

C.3 CLOSED-FORM REPAIR

For a linear path whose activation coordinates are divided into retained indices S and removed
indices Z, the deleted output is Y7z = ZZWIT . Carve VFM predicts this output from the
retained activation:

AW* =Y, Zs (24 Zs + AI)‘1 , Winerged = Ws + SVD,.(AW™). (8)

Here SVD,.(A) = U,X,.V,T is the reconstructed matrix from the leading r singular triplets of A,
with the same dimensions as A. We use A = 10~* and include a mean-residual bias correction.
The low-rank factors exist only while estimating and truncating the correction; after addition, the
deployed projection is a single smaller dense matrix. Equation (7) therefore supplies a search score,
whereas Equation (8) specifies the correction used when a candidate is explicitly repaired. The solve
repairs MLP down-projections and linearly recoverable attention paths. Q/K column carving uses
alternating ridge updates against the original pre-softmax logits. This update is retained only when
it lowers end-to-end calibration feature error; otherwise it is reverted, and up to the next two finalists
are tried. No masks, adapters, low-rank branches, or sparse kernels remain at inference.
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Table 8: Search, repair, and frozen-backbone linear-probing settings.

Search setting Value Repair/linear-probing setting Value
Population 20 Calibration examples 512
Elites 8  Ridge ) 1074
Generations <12 DINOv3 S/B rank 128
Candidate cap 120-200 MetaCLIP/ViT-L rank 256
Mutation o 0.08 Linear-head epochs 10
Operator flip 0.18 Linear-head learning rate 1073
Patience 4 Linear-head weight decay 1074
Finalists 20 Checkpoints 1,3,5,10
Audit candidates 12 Input resolution 2242
Audit p threshold 0.35 Seeds 17,42, 91

Audit regret threshold 0.03

C.4 SOFTWARE AND HARDWARE

Runs use Python 3.10.19, PyTorch 2.9.1 with CUDA 13.0, torchvision 0.24.1, and the Transform-
ers 5.0 development branch. Each compression run uses one NVIDIA RTX PRO 6000 Blackwell
Server Edition GPU with 96 GB of memory; independent task—seed runs are distributed across eight
such devices. The host contains two AMD EPYC 9754 128-core processors and 2 TB of system
memory. Unless a deployment benchmark explicitly states otherwise, reported training and search
times exclude queueing between independent jobs but include model loading and data preparation
performed inside the run.

D WALL-CLOCK COST

Each JSON summary records elapsed wall time from model loading through compression and ten-
epoch linear-head training. Table 9 aggregates those values over completed tasks, budgets, and seeds
on one RTX PRO 6000 Blackwell GPU. The numbers therefore compare complete per-task runs, not
only the score calculation inside each method.

Table 9: Wall-clock minutes per complete task run, reported as mean+sample standard deviation. A
dash marks the incomplete archived DINOv3 S/B CORP timing grid.

Source Carve VFM BlockDrop FLAP SVD-LLM  CORP
DINOv3 ViT-S/B 5.3 +2.1 1.5+11 0.9 +05 1.4 +o07 -
MetaCLIP-2 ViT-B 7.6+138 20+13 1.2+06 2.1+05 2.5+16
DINOv3 ViT-L 16.4 +2.7 72429 22408 4.7 +08 27.1 +74

Carve VFM costs more than most fixed one-shot rules because it evaluates an architecture popula-
tion, but remains a minutes-scale procedure: 5.3 minutes for ViT-S/B, 7.6 for MetaCLIP-2 ViT-B,
and 16.4 for ViT-L on average. The adaptive audit is important to this cost. When the local ordering
is trustworthy, most candidates are ranked by cached table lookup rather than model construction.
At ViT-L scale, Carve VFM is also faster than the iterative CORP implementation under the same
end-to-end protocol.

E FULL FINE-TUNING

The selected 14M and 10M DINOv3 ViT-S specialists are fine-tuned end to end without repeating
search. AdamW uses learning rate 10~ and weight decay 102 for the backbone, and learning
rate 10~2 and weight decay 10~ for the classifier. The batch size is 32 and the schedule lasts ten
epochs. Every native compact model starts from its released pretrained weights and follows the
identical data, augmentation, optimization, and checkpoint protocol.
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Table 10: Full-fine-tuning accuracy (%) under a 10-epoch schedule. Native models use their pub-
lished pretrained weights; our rows fine-tune the already selected 14M and 10M compressed ViT-S
children without rerunning structure search. All rows use batch size 32 and the same checkpoint-
selection rule over epochs 1, 3, 5, and 10. Parameter counts vary slightly with the dataset-specific
classifier; representative counts are shown. Bold denotes the best fully fine-tuned result in each
column (ties at the reported precision are all highlighted). Accuracies are displayed to one decimal.

Model Params (M) General Fine-grained Texture/scene Medical Mean
C10 C100 Cal. Air. CUB Cars Pets DTD  MIT Blood Pneu. OrganA
ResNet-18 11.2 93.7 77.0 82.0 61.1 69.6 63.1 904 643 687 98.7 90.5 954 79.6
ResNet-50 23.5 95.9 81.1 87.8 61.7 742 66.8 923 663  73.1 98.7 91.5 942 820
EfficientNet-B4 17.6 94.8 799 869 493 65.6 464 893 63.6 640 97.6 89.1 93.2 76.6
DeiT-Tiny 5.5 95.8 80.6 84.1 53.6 73.3 582 913 655 71.6 987 923 95.9 80.1

ConvNeXt-Pico 8.5 96.7 835 88.8 71.7 79.5 774 93.5 704 79.1 987 944 953 858
RegNetY-1.6GF 10.3 96.5 82.6 89.0 572 745 654 923 633 70.1 987 89.6 952 812
PoolFormer-S12 11.4 953 79.7 87.7 65.1 76.1 71.7 93.0 704 764 98.4 95.2 95.7 83.7

DenseNet-121 7.0 957 799 86.5 69.7 77.8 729 923 685 72.8 988 923 94.8 835
Carve VFM 14 97.3 86.7 88.8 742 80.8 89.7 91.5 755 822 988 942 97.2 88.1
Carve VFM 10 957 822 753 66.2 72.6 83.8 87.7 694 759 984 90.7 969 829

Against the best native result in each task, the 14M carved specialist wins on eight tasks and ties on
one at the reported precision. Because the table selects each model’s best checkpoint over epochs 1,
3,5, and 10, it should not be interpreted as a fixed-epoch comparison.

The advantage depends on model capacity: the 10M specialist reaches 82.9%, below ConvNeXt-
Pico (85.8%), PoolFormer-S12 (83.7%), and DenseNet-121 (83.5%). Their representative parameter
counts are 8.5M, 11.4M, and 7.0M, respectively. Thus, the 14M result does not imply that every
carved budget outperforms native compact models; these comparisons use different model sizes.

F DEPLOYMENT MEASUREMENTS

The main paper visualizes the operating points; Table 11 reports the underlying measurements.
CPU experiments use FP32, batch 16, and 32 threads on an AMD EPYC 9754. GPU experiments
use BF16 and batch 64 on an RTX PRO 6000 Blackwell. Batch-1 latency is averaged over 50
timed iterations and throughput over 30 batches after warm-up. Preprocessing and data loading
are excluded. CPU memory is peak process resident set size and GPU memory is peak allocated
device memory.

Higher batched throughput does not imply lower batch-1 latency. The full ViT-L takes 10.06 ms on
GPU, compared with 10.82, 10.71, and 10.85 ms for the 200M, 150M, and 100M carved models:
increases of 7.6%, 6.5%, and 7.9%, respectively. These measurements distinguish batched deploy-
ment gains from single-image response time; they do not identify the cause of the latency difference.
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Table 11: Deployment efficiency of ViT-L/16 compression at 2242 resolution. We report compute,
batch-1 latency, throughput, and peak memory usage on CPU and GPU. Throughput uses batch 16
on CPU and batch 64 on GPU; memory is peak process RSS on CPU and peak allocated device
memory on GPU. Timings are mean=standard deviation.

Device Model Budget (M) GFLOPs| Lat. (ms)J img/sT Mem. (MiB)|

ViT-L/16 Full 125.68 2142418 74427 2246
SVD-LLM 200 84.17 1903+16 93+05 1837
cpu Carve VFM 200 8349 117.4+39 142406 1769 +18
SVD-LLM 150 64.11 1827+13 9.8%06 1641
Carve VEM 150 63.30 105.6+6.6 184407  1541+13
SVD-LLM 100 4396 161.1+1.0 10410 1453
Carve VFM 100 42.87 99.0+141 234%30 1331412
ViT-L/16 Full 125.68 10.06£0.04 1371 +1 934
SVD-LLM 200 84.17 13.24 004 1026 +1 738
Gpu Carve VEM 200 83.49 10.82 4020 1722 +38 689 +9
SVD-LLM 150 64.11 12:96 4083 1542 +2 642
Carve VEM 150 63.30 10.71+0.27 2090 +65 557 +12
SVD-LLM 100 4396 13.43+082 1533 £1 546
Carve VEM 100 42.87 10.85 +0.24 2708 +131 454 +2

G LIMITATIONS AND FUTURE WORK

Our evaluation demonstrates Carve VFM across image classification, four source backbones, and
512 labeled calibration examples per task. Natural extensions include dense prediction, multimodal
tasks, and unlabeled calibration. The medical benchmarks broaden the evaluated domain coverage;
extending this evaluation to clinical settings will require dedicated validation.

Performance remains task- and budget-dependent. At 6M parameters, the ViT-S frozen-backbone
results are 18.5% on CUB and 10.2% on Cars (Table 3), highlighting room to improve frozen rep-
resentations under extreme compression. Some tight-budget estimates also vary substantially across
seeds, including 17.3+7.5% on CUB for the 20M ViT-B (Table 4). Full fine-tuning currently cov-
ers the 14M and 10M ViT-S specialists; evaluating the 6M specialist is a natural next step for the
most aggressive budget. Native compact models and factorized models remain competitive in some
settings, as detailed in Appendices E and F.

Deployment measurements cover the stated hardware, precision, and batch sizes. The observed
throughput and memory gains coexist with higher batch-1 GPU latency than the full model. Com-
plete task runs, including model loading, compression, and ten-epoch linear-head training, also take
longer than most fixed one-shot baselines (Table 9). These costs are paid during compression and
should be considered against the recurring savings over the subsequent inference workload; measur-
ing the break-even workload is an important direction for deployment analysis.
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