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Lemma2.1letf :[0,1]"> [0,1] bea
neural network satisfying |f (x) — f (¥)]

L = .
< 7 lx — y||. Let f denote the median

value of f on the unit hypercube. Then,
for an image x € [0, 1]™ of uniform
random pixels, we have |f (x) — f| <t
with probability at least
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F Decision Boundary Rioiall
We take a page from the mixup playbook and plot decision bounda-
ries along the convex hull between data samples. We first sample a
triplet (xq, x5, x3) ~ D3 of i.i.d. images from the distribution D.
Then, we construct the plane spanned by the vectors v; = x, — x4,

VU, = X3 — X1 and plot the decision boundaries in this plane. To be

precise, we sample inputs to the network with coordinates

a - max(vy - Uy, ‘projv—{v{ )1 + B(v; - PTOj5:V7)
for—01<eagpf <11
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Ground truth: Airplane A Frog @ Bird
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R(01,02) = Eq,~p | (|f(Si,61) N f(Si,02)])/]Si]
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' Optimizer \bf%é}n’?_‘ﬁj\:t’%‘ |v
Reproducibility
Adam SGD SGD + SAM
ResNet-18  79.81%  83.74% 87.22%
VGG 81.19%  80.92% 84.21%
MLPMixer 67.80% 66.51% 68.06 %
VIT 69.55% 75.13% 75.19%
Test Accuracy
Adam SGD SGD + SAM
ResNet-18  93.04 95.30 95.68
VGG 92.87 93.13 93.90
MLPMixer  82.22 82.04 82.18
VIT 70.89 75.49 74.72
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Figure 1: Left: Train and test error as a function of model size, for ResNetl8s of varying width
on CIFAR-10 with 15% label noise. Right: Test error, shown for varying train epochs. All models
trained using Adam for 4K epochs. The largest model (width 64) corresponds to standard ResNet18.
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Ground truth: © Truck A Sh1p # Frog

(a) All the points in the triple are from different classes, and are correctly labeled in the train set (even in the label noise case).
k=20

Ground truth: ) Automobile /. Automobile @ Automobile
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(b) All points in the triple are from the same class, Automobile, and are correctly labeled in the train set (even in the label noise case).
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k=10 for all the plots
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noise

Model w. 20 %
label noise

Airplane @ A® Bid ® A®Horse

Figure 8. Decision boundaries of 3 correctly labeled points at k& =
10 on models with and without label noise.
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Ground truth: ¢ Automobile /A Automobile <@ Automobile

Figure 9. Decision boundaries with 1 mislabeled automobile and 2
correctly labeled automobiles. Each column represents a different
image triplet. The mislabeled point is marked by x.
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Figure 10. Fragmentation scores as a function of model width for
models trained with and without label noise.
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Figure 11. Reproducibility with respect to random 1nitialization
for models of different widths.
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Figure 12. Median Margins - models with and without label noise.
Y-axis reflects the average perturbation size needed to reach deci-
sion boundary in a random direction.




