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4 Contributions

«* We propose ROME, which applies the information bottleneck to

dataset distillation and incorporates adversarial perturbations to | X ]
create robust distilled datasets. Z_1 YL | 2 More Information
“* We present two training terms: a performance-aligned term that Z Rob_Alig — Z ER Z e(x) — TR Z e(X)
preserves accuracy and a robustness-aligned term that enhances c=0 1 xeZ, cl seZ, 4+Scan the QR codes for more mformatlon

adversarial robustness.

* We introduce |-RR, a refined metric for dataset distillation
robustness. Experiments on CIFAR-10 and CIFAR-100 show our
method outperforms others in both white-box and black-box
attacks.

+Monte Carlo Approximation
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Table 2: Robustness of models trained on
distilled datasets under black-box attacks.

Figure 2: Robustness heatmaps of models trained
on distilled datasets against black-box attacks.




