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1. Supplementary Material
1.1. State of the art comparison on CIFAR-C

In the main text, we provide detailed ablations on
CIFAR10/100-C in the form of corruption robustness evalu-
ation. Due to space limitations, we could not provide state-
of-the-art results there; we provide these results here. We
compare ourselves with methods which share our character-
istics; no additional data or models to be used. We choose
CutOut [4]], Mixup [[13]], CutMix [12], adversarial training
(AT) [7], AutoAugment (AA) [3], Augmix [S] and APR [2].
We take the results of these methods from [2]; we do not
include CIFAR-100 clean accuracy results or ResNet18 re-
sults here since they are not available.

Corruption Robustness. Table [I| shows mCE values of
other methods, as well as the best results provided in Table 1

State-of-the-art methods Single-only

of the main text. The inclusion of the state-of-the-art meth-
ods do not change the takeaway message; HAESF comfort-
ably outperforms others on all datasets and architectures.
Note that all variants of H.A and HA'™ either outperform
or are competitive to all state-of-the-art methods.

Clean Accuracy. Table [I| shows clean accuracy values of
other methods, as well as the best results provided in Table
2 of the main text. ’HA;S; outperforms all other state-of-
the-art methods, and the best CIFAR-10 result comes with
APRp + HAL. Note that the best result on CIFAR-100
comes with APRp + H.Ags, which shows the effectiveness
of our proposed methods.

Paired-only Combined APRp(2] with

Orig Cutout Mixup CutMix AT AugMix AA | APRs HAs HAL' | APRp HAp HAL' | APRps HAps HALL | HAs HALT

AllConv [30.8 329 246 313 281 150 29.2| 148 16.8
DenseNet | 30.7 32.1 246 335 27.6 127 26.6| 123 150
WResNet | 26.9 268 223 27.1 262 112 239| 106 13.6
ResNeXt [27.5 289 226 295 270 109 242| 11.0 132

13.9 215 208 167 11.5 12.0 10.7 || 11.9 11.2
11.1 203 184 142 10.3 10.9 9.5 10.6 10.2
10.0 183 164 132 9.1 9.9 8.3 9.2 8.7
9.9 185 17.6 132 9.1 10.3 7.9 9.3 8.7

Mean 29.0 302 235 303 272 125 260| 121 14.6

11.2 196 183 143 10.0 10.7 9.1 10.2 9.7

AllConv |56.4 56.8 534 560 56.0 427 55.1| 398 43.0
DenseNet | 59.3 59.6 554 592 552 396 539| 383 413
WResNet [ 53.3  53.5 504 529 551 359 49.6| 355 38.1
ResNeXt |53.4 546 514 541 544 349 513| 337 356

38.9 475 447 417 359 36,5 344 | 359 35.1
37.3 498 456 418 35.8 36.1 334 || 363 35.0
339 447 431 393 329 342 312 | 332 31.9
31.1 442 412 364 31.0 315 288 | 312 299

Mean 556 56.1 526 555 552 383 525 368 395

35.3 46.5 436 39.8 33.9 345 319 || 341 33.0

Table 1. Corruption robustness on CIFAR-10 (first 6 rows) and CIFAR-100 with various CNNs. Values show mCE, lower is better. The
table is divided into groups for easy comparison; single-only augmentation, paired-only augmentation, combined augmentations, etc. Orig

refers to the standard model.
State-of-the-art methods Single-only

Paired-only Combined APRpI2] with

Orig Cutout Mixup CutMix AT AugMix AA | APRs HAs HALT | APRp HAp HALT | APRps HAps HASS | HAs HALT

AllConv (939 939 937 93.6 &8l.1 935 935| 935 941
DenseNet | 94.2 952 945 947 821 951 952| 949 947
WResNet |94.8 95.6  95.1 954 829 951 952 950 953
ResNeXt |95.7 956 958 96.1 84.6 958 96.2| 955 953

93.9 945 939 940 94.3 945 943 | 943 94.3
95.0 95.0 931 932 95.2 949 948 | 95.1 95.1
95.4 952 932 920 95.7 95.0 953 | 954 958
95.7 955 935 929 96.1 952 959 || 956  96.1

Mean 942 950 947 949 826 948 950| 949 949

95.1 95.0 929 923 95.2 95.0 951 | 95.1 95.3

AllConv |74.9 753 750 758 748 74.08 74.7 75.2 758 752 | 75.7 75.1
DenseNet | 71.4 - - - - - - 75.8 760 75.6 715 714 717 75.6 749 759 | 76.1 76.1
WResNet | 72.1 - - - - - - 76.2 76.8 76.2 704 713 717 76.8 74.8 76.0 || 77.2 76.5
ResNeXt | 75.0 - - - - - - 788 794 794 71.1 735 743 79.1 713 78.8 || 79.9 79.3
Mean 72.9 - - 76.6 769 768 703  71.1 708 76.5 756 764 | 771 76.6

Table 2. Clean accuracy values on CIFAR-10 (first 6 rows) and CIFAR-100. Higher the better. The table is divided into groups for easy

comparison; single-only augmentation, paired-only augmentation, coml

bined augmentations, etc.Orig refers to the standard model.



1.2. More on HA and HAT+

We provide the pseudo-code of HA%L" and HAp in Al-
gorithm |1} Also provided is the pseudo-code for HA§+
and H.As in Algorithm[2] Our code and pretrained models

will be made publicly available.

Note that in Algorithm [2] we decompose into low and
high frequency bands both augmented images (lines 22-23
and 25-26), and also amplitude-phase swap low-frequency
bands (1fc_f and 1fc_s) of both augmented images
(lines 42 and 56). We then randomize the selection of which
low/high frequency components will come from which im-
age for the final result (lines 58 to 63). Figure 1 of the main
text shows a simplified version of this, where only the ex-
ecution of line 61 is shown. In practice, we use the imple-

mentation provided in Algorithm 2]

1.3. Detailed results - transformer

We provide the detailed results of our corruption robust-
ness experiments with Swin-Tiny [6]]. The result in Table
shows that H.ALE consistently improves on all types of
corruptions, regardless of their frequency characteristics.

def hybrid_augment_paired(x_batch, prob, blur_fnc

, 1is_ha_plus):

#x_batch: batch of training images
#prob: probability value [0,1]
#blur_fnc: blurring function
#is_ha_plus: True for HA++, false for HA
#fft: fourier transform

#ifft: inverse fourier transform

p = random.uniform(0,1)
if p > prob:
return x

batch_size = x_batch.size () [0]
index = torch.randperm(batch_size)

1fc = blur_fnc(x_batch)
hfc = x - 1fc
hfc_mix = hfc[index]

if is_ha_plus:
#Based on the APR method.
p = random.uniform(0,1)
if p > 0.6:
lfc = 1lfc
else:

index_p = torch.randperm(batch_size)

phasel, ampl = fft (lfc)
lfc_mix = lfc[index_p]
phase2, amp2 = fft (lfc_mix)
lfc = ifft (phasel, amp2)

hybrid_ims = 1lfc + hfc_mix
return hybrid_ims

Listing 1. PyTorch-style pseudocode for H.Ap and ’H.A;*.
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def hybrid_augment_single (x, prob, blur_fnc,

sample_augs, is_ha_plus):

#x: a single training image

#prob: probability value [0,1]

#blur_fnc: blurring function

#sample_augs: randomly sample augmentations

#is_ha_plus: True for HA++, false for HA

#fft, ifft: fourier and inverse fourier
transform

p = random.uniform(0,1)
if p > prob:
return x

#First augmented view.
opsl = sample_augs()
x_augl = opsl (x)

#Second augmented view.
ops2 = sample_augs ()

X_aug2 = ops2 (x)

lfc_f = blur_fnc(x_augl)
hfc_f = x_augl - 1lfc_f

1fc_s = blur_fnc(x_aug2)
hfc_s = x_aug2 - lfc_s

if is_ha_plus:

#For lfc_f.
p = random.uniform(0, 1)
if p > 0.6:
1fc_f = 1fc_f
else:
ops3 = sample_augs ()
lfc_aug = ops3(lfc_f)
ops4 = sample_augs ()

lfc_aug_2 = ops4d (lfc_f)

phasel, ampl = fft (lfc_auqg)
phase2, amp2 = fft(lfc_aug_2)
1fc_f = ifft (phasel, amp2)

#For lfc_s.
p = random.uniform(0, 1)
if p > 0.6:
lfc_s = 1lfc_s
else:
ops5 = sample_augs ()
lfc_aug = ops5(lfc_s)
ops6 = sample_augs ()

lfc_aug_2 = ops6(lfc_s)

phasel, ampl = fft (lfc_auqg)
phase2, amp2 = fft(lfc_aug_2)
lfc_s = ifft (phasel, amp2)

p = random.uniform(0, 1)
if p > self.prob:

hybrid_im = 1fc_f + hfc_s
else:

hybrid_im = 1fc_s + hfc_f

return hybrid_im

Code 2. PyTorch-style pseudocode for H.As and HA;'*'.




Noise Blur Weather Digital
Method | Test Error || Gauss Shot Impulse | Defocus Glass Motion Zoom || Snow Frost Fog Brightness || Contrast Elastic Pixel JPEG | mCE
Standard | 18.8 52 54 53 68 81 65 72 57 52 47 48 45 74 61 63 | 595
HALE 19.4 4 48 42 63 78 59 71 49 48 46 46 39 71 60 59 | 54.8

Table 3. Swin-Tiny Clean error and corruption robustness (mCE) on ImageNet. Lower is better.

1.4. Related work continued

The robustness literature is vast, and it is difficult to
cover all methods, therefore in the main text we opted to
cover and compare ours against the most relevant ones (i.e.
frequency-centric augmentations). Here, we discuss addi-
tional, more recent methods.

We focus on recent methods, such as [1, [11} 9, [&].
[1] uses an extra model to generate new training samples,
which makes the method significantly more complex than
ours. Despite this added complexity, we outperform it on
ImageNet-C without extra data (75.03 vs 65.8 mCE) and
with extra data (62.9 vs 58.9 mCE), even though they use
additional augmentations (i.e. AugMix). [L1] extends Aug-
Mix by making parts of the cascade augmentation pipeline
learnable. We outperform it on CIFAR-10/100-C on all ar-
chitectures. Note that we could not compare against them
on ImageNet-C as they use a different architecture (i.e.
ResNet18). [9] outperforms us on ImageNet, but it uses
model ensembles during training, which are finetuned on
some of the test-time corruptions of ImageNet-C (i.e. noise
and blur finetuning for high-frequency model, contrast fine-
tuning for low-frequency model). We believe this violates
the assumption of not using test-time corruptions in train-
ing. PRIME [8]] mixes several max-entropy transforms to
augment the training distribution. We outperform it on
CIFAR-10/100, are competitive on ImageNet-C' but behind
on ImageNet-C. Despite its results, PRIME has three key
disadvantages compared to our method; it i) requires per-
dataset hyperparameter tuning for its transforms, ii) man-
ual tuning of these parameters are required to preserve se-
mantics after augmentation and iii) shows that their aug-
mented images look similar to test-time corruptions, which
might be (inadvertently) violating the assumption of not us-
ing test-time corruptions in training.

1.5. Adversarial robustness on ImageNet

We evaluate ResNet-50 models trained with HA;;;,
APRps and standard training. We use the model check-
points shown in Table 3 (main text); we do not train new
models. Table 4| shows H.ALE improves robust and clean
accuracy (RA, CA) on ImageNet, and comfortably outper-
forms our baseline. Note that we use a smaller ¢ = 1/255
value, as higher epsilon evaluation would require adversar-
ial (re)training.

|Orig. [ APRps|HASE
CA[76.10] 75.60 ‘76.30

RA|51.02| 54.22 | 56.44
Table 4. AutoAttack results.

1.6. Transfer learning performance

As reported in [[10], robust models tend to transfer bet-
ter to downstream tasks. In the same vein, we perform
a wide range of finetuning experiments, where a standard
ResNet50 and H.ALY-trained ResNet50 are finetuned on
various datasets by changing the final layer. Note that we do
not train new models; we use the model checkpoints shown
in Table 3 (main text). Table [5shows we comfortably out-
perform standard training on majority of other classification
tasks. This shows the transferability of the features learned
by our augmentation schemes.

S ©
§ s S # &
F & & & &8 & ¢ &£ 5 & 5 &
5161718181188 5,919«

96.8 | 834 | 86.6 | 94.0 | 74.1 | 96.3 | 932 | 81.5 | 73.6 | 90.9 | 62.1 | 87.5
974 | 849 | 845|927 | 751 | 96.8 | 93.3 | 83.0 | 73.7 | 91.0 | 63.3 | 87.4

Table 5. Transfer learning acc. (top-1) of standard ResNet50 (top)
and H.A?Jg (bottom) on 12 other classification datasets.
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