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« Background: The computational demands for training deep learning In the paper, we show that the adversarial loss on a distilled image Egd”(x’) I |LALA|NA0A|GS TORONTO UC Sal’l Dl€g9

models are continuously growing due to the increasing volume of data, IS upper bounded as below:
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prohibitive to entities with limited computational resources. ggdv (x)< E £x)+ - 2 B \(x)+ Lo

 Limitation: Dataset distillation offers a means to reduce the size of the SRt Rnille 1,

data while maintaining its utility. However, little attention has been given to Through further analysis, we determine that the term 5p° E A1(x) - —— —

the adversarial robustness of models trained on distilled datasets, which
Is Important to practical applications.
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Methods

None (Clean) Attack

* D. denotes the distribution of data in class ¢, and PGDI00  6.39 1.08 4.08 8.40 DC DC’ SRe’L SRe’L’ CDA CDA'
° ' - ] ] S 19.53 15.85 248 6.31
Researgh _que_stlon. How can we embed ac_iversar/al robustness into the . )\, is the largest eigenvalue of the Hessian matrix H(£(x)) m . R har na s None (Clean) 29.96 30.95 17.13 22.88 14.98 23.18
dataset distillation process, thereby generating datasets that lead to more CW 840 324 250 626 PGD100 ~ 24.59 46.88 1356 19.21 12.69 18.70
b dels? RNt MIM 651 110 4.08 840 1 Square  24.72 48.56 13.75 19.55 12.84 19.17
ol inee AN B L1 CW 2458 1519 13.52 1895 12.62 18.52
- - - . i . : 50 quarc i =22 O : MIM 24.62 15.27 13.57 19.22 12.69 18.71
Preliminaries We present GUARD (Geometric RegUlarization for Adversarially Robust Aok Dt QMo Jon 1001
Dataset) l\(/il\ltlxl iggg % 222 igg None (Clean) 45.38 46.83 26.58 30.76 20.55 30.65
» Problem formulation: Robust dataset distillation can be defined as a O . - . —————— Rl e ek B o pe
. L . . . . .. » Since the adversarial loss of distilled datasets is largely upper-bounded None (Clean) 27.25  21.30 10 quare i - - - :
tri-level optimization problem, where the goal is to find the optimal distilled . . PGDI00 525 055 AutoAttack 31.05 31.84 18.11 2158 14.47 24.04
. . : by the curvature of the loss function, our goal is to reduce the value of )\, o  Sduare  17.88 18.02 CW 3195 3235 1873 2198 14.83 24.51
dataset g, such that training a model 8 on gminimizes the maximum . L . AutoAttack  3.33  0.34 VIR 315 BAA: 955 DOAE G4iG SHBA
adversarial loss of 0 on the original data distribution D= Dy incorporating it into the loss function. Ser  aie Gal P e—
T - To bypass the expensive calculation of the Hessian matrix, we use an lmageNet- 1K M(Ig ) 359'2839 fﬁ) i S S N
. o ] one (Clean) 39.89 : ; o . o
S =argmin E (ma<X ((x+v,y;0 (5))) efficient approximate of lambda as below: PGDI00 977  0.59 o, Squre 2068 3522 2576 35.19
- (ey)~D7 \lIvii<p VO(x + hvy) — V(x) B ot B0 R AutoAttack 2445 3224 2146 31.96
subject to 8(S) = argmin L(S; 0). A = [[Ave] = | n I. CW 1414 631 1\(/;;;,4 - ;Z-g? ggg 3?2‘11 g;gg
0 MIM 984 0.64 . : ; :
o i Where v1 is the unit eigenvector corresponding to \;.
| A natural approac.h IS to. _ IPC Attack  GUARD SRe’L.  SRe’L +Adv . 19 P J o L W(x)) (a) (b)
mtegrate adversarial tralnlng None (Clean) 37.49 707 161 * To make it more efﬁClent, we use the normalized grad|ent Z — TV ex)] Table 2: Evaluation results of our GUARD method. (a) Clean accuracy and robustness under various adversarial
into the distillation process. PGD100 1 6:22 1205 10.03 to rep|ace Vi, inspired by previgus works. il;tfscil;; c(;)llrzfljé‘zdbwig I;rs;fil(zg:enrleeé};ftcsls;lgl;)sgzrélepgflirsoz oefr different DD methods and their GUARD regularized
However, our empirical studies ) Square 26.74  18.62 I1.18 The regularized loss function is finally defined as: | > P o pep i
. . AutoAttack 1581  12.12 10.03 , » Subfigure (a)(b): GUARD significantly improves robust accuracy across most
suggest this approach is CW 29.14 2038 10.31 (r(x) = £(x) + N|VL(x + hz) — VI(x)|] . . SN . .
neffective. Even mild MIM 1632 12.05 10.03 settings, while maintaining or even improving clean accuracy
adversarial training during None (Clean) ~ 57.93  42.42 12.81 Visualization  Subfigure (b): GUARD remains effective when applied to other DD methods
o o PGD100 23.87 4.6 9.93
distillation significantly degrades Square 4407 271 1146 e — m
clean accuracy of the trained AutoAttack 19.69 4.99 9.96 | -l ¥ | ' Y ol e &
: . C CW 58.67 22.11 10.90 | ' | e Rob G - O h h b
model, which in turn limits MIM 2180 476 0.06 obustness Guarantee: Our theory guarantees the robustness on

distilled dataset effectively transfer to the real dataset

 Computational Overhead: Only requires an extra forward pass to
compute the loss £(x + hz) within each iteration

o More than 10x faster than incorporating adversarial training into DD
» Transferability: GUARD can theoretically be applied to a large number of
dataset distillation methods, beyond the 3 methods in our experiments

robust accuracy substantially.

Table 1: Performance comparison between our
method and SRe*L w/wo adversarial training

* Possible reason: _
o Cross-over mixture problem: adversarial examples can cross over the
decision boundary, providing misleading training signals
o Create irrelevant artifacts as a kind of data augmentation (DA),
consistent with the observation in SRe?L that DA can hurt performance
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Upper row — ours; lower row — baseline. Observations:
» Our synthetic data have more distinct object outlines; exhibits
high-frequency noise similar to those generated by adversarial attacks



