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The compressor must match the pretrained feature distribution R=10. Global: first three datasets, AE bypassed; local: FEMNIST, AE active.

before downstream fine-tuning.

_ Alignment prevents feature mismatch
Technical core

Two deployment settings 1 , Ablation CIFAR-100 FEMNIST

Global inference removes the AE; local inference retains it. Erec — D] Z ”H(X) o D‘I»’(EQ[)(H(X))) “ 2 Unaligned AE 14+053 86.9 + 20

The first three benchmark datasets use global evaluation, xXeD

while FEMNIST uses local evaluation. H: frozen pretrained features; E/D: encoder/decoder. Minimize reconstruction error on public data, + General alignment 10204 871+ 1.1
then each client's data. + Freeze AE 79.6 £ 0.9 88.0 £ 0.6

Scope + Client alignment (Ours) 82.2 0.7 88.0 £ 0.7

Evaluated on supervised vision tasks with vision transformer
(ViT)-B/32; multimodal and language adaptation remain untested.
Public-data alignment and client warm-up are required.

Cumulative ablation; accuracy (%), reported %, 3 seeds; ViT-B/32, 5 clients, R=15.
CIFAR-100: global; FEMNIST: local.

Takeaway

Notation
AE-PSL matches uncompressed CIFAR-100 accuracy at =10x lower

communication. Alignment, freezing and client adaptation each
improve the reported CIFAR-100 ablation.

parallel split learning (PSL) - mean squared error (MSE) - standard
deviation (SD)
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