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Abstract

Deep neural networks perform well on clean image classification tasks but often fail under common
corruptions and distribution shifts. This paper introduces DistortionMix, a lightweight hybrid distortion-based
augmentation technique designed to improve model robustness. It randomly applies contrast variation,
Gaussian noise, or impulse noise to training images, enhancing data diversity and encouraging resilient
feature learning. We evaluate DistortionMix on CIFAR-10 (clean) and CIFAR-10-C (corrupted), which
includes 19 corruption types at five severity levels. A variety of architectures e.g ResNet, DenseNet,
EfficientNet, MobileNet, VGG, AlexNet, GoogleNet, and ViT are fine-tuned with and without DistortionMix.
Experimental results show that DistortionMix improves corrupted accuracy by up to 13.8%, while maintaining
or slightly improving clean accuracy. Among all models, ViT-Base (timm) achieves the highest robustness,
reaching 89.4% on severe corruptions and 97.43% on clean data. These findings highlight DistortionMix as a
simple yet effective strategy for enhancing out-of-distribution generalization. Future work includes extending
distortion types, developing adaptive augmentation policies, and evaluating performance on real-world

corrupted datasets. Source code: github.com/HusniFadhilah/DistortionMix.
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1. Introduction

Deep learning has led to remarkable advances in
image recognition, with architectures like ResNets,
EfficientNets, and Vision Transformers achieving or
even surpassing human-level accuracy on standard
benchmarks. For instance, ResNet-152 networks can
exceed 95% accuracy on CIFAR and reach human-
level performance on ImageNet when training and
testing data are drawn from the same distribution.
However, model performance degrades significantly
when inputs are corrupted or come from a shifted
distribution not seen in training [2]], [27]. In real-
world deployment, images can be affected by noise,
blur, weather effects, or compression artifacts that
cause a deep network to misclassify examples it
would normally recognize. Hendrycks and Dietterich
showed that a classifier’s error on ImageNet can
skyrocket from 22% on clean images to 64% on the
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corrupted ImageNet-C benchmark [2]. This fragility
under common corruptions highlights the need for
improved robustness in image classification models.

One approach to address this challenge is do-
main generalization [21], [33]], which trains models
to be more invariant to distribution shifts without
seeing target-domain examples. These methods aim
to narrow the performance gap between training on
clean data and testing on unknown corruptions. For
example, Lee and Myung [17] propose augment-
ing images in the frequency domain (varying phase
information) to force models to rely on domain-
invariant features, thereby improving robustness to
input perturbations. Similarly, other works modify
Fourier amplitude while keeping phase fixed (or vice
versa) to simulate realistic distribution shifts. Chen
et al. and Xu et al. [32] in 2021 introduced Fourier-
based augmentation strategies that randomize im-
age amplitudes across mini-batches while preserving
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Figure 1. Clean examples from the CIFAR-10 dataset
showing 10 object classes without corruption. Images
illustrate the visual diversity and intra-class variation
present in the dataset.

phase, effectively creating new corrupt variations for
training. These methods help models learn features
that remain stable under corruption, but they of-
ten require careful tuning of frequency perturbation
strength to avoid harming clean accuracy.

A more direct and widely used strategy for
robustness is data augmentation during train-
ing [6], [31]. Traditional augmentation includes ge-
ometric transforms (crops, flips, rotations) and color
jitter, which improve generalization but may not
cover the breadth of possible corruptions (e.g., ran-
dom noise or blur). Recent years have seen an ex-
plosion of advanced augmentation techniques. Au-
toAugment [3] uses reinforcement learning to find
an optimal policy of augmentations (e.g., shearing,
rotating, color shifts) that maximizes validation ac-
curacy. This improved generalization on clean data
and even provided some robustness gains, but the
learned policies tend to focus on mild distortions and
require heavy search computation. RandAugment [4]
simplified this by randomly applying a fixed number
of distortions with variable magnitude, eliminating
the search phase while still achieving competitive re-
sults. While these automated augmentation strategies
were not explicitly designed for corruption robust-
ness, they increase dataset diversity and can inciden-
tally improve performance on moderately perturbed
data [6], [31].

To specifically target robustness against common
corruptions, researchers have proposed augmenta-
tion methods that simulate the kinds of noise and
artifacts seen in benchmarks like CIFAR-10-C and
ImageNet-C. AugMix [11]] is a seminal technique
in this vein. AugMix generates diverse samples by
stochastically composing multiple simple augmenta-
tions (e.g., translations, posterize, contrast) and then
linearly mixing the results with the original image.

A Jensen-Shannon consistency loss is also used to
encourage the network’s predictions to be invari-
ant to different augmentations of the same image.
This approach achieved state-of-the-art robustness
on CIFAR-10-C and CIFAR-100-C, roughly halving
the mean corruption error relative to standard train-
ing. AugMix demonstrated the importance of aug-
menting with multiple distortions at once to cover a
broad corruption space, as well as enforcing predic-
tion consistency to prevent the model from becoming
too sensitive to input perturbations. Following Aug-
Mix, many works have extended the idea of mixing
or diversifying augmentations. For example, Deep-
Augment [[12] creates corrupted images by perturb-
ing the parameters of image generation networks and
autoencoders. By passing training images through
neural networks with random weights (which pro-
duce novel artifacts like synthetic noise or blur) and
combining this with AugMix, DeepAugment further
improved robustness on ImageNet-C, indicating that
unusual, learned distortions can complement hand-
crafted ones. TrivialAugment [20] took an opposite
approach, randomly applying a single augmentation
selected from a wide set, without policy search, yet
still improved accuracy and corruption robustness
simply by not restricting augmentation variety. The
success of these methods suggests that combining
multiple simple distortions or intelligently random-
izing augmentations can yield models that generalize
better to unforeseen corruptions.

Another line of work has explored adding noise-
based augmentations to harden models against cor-
rupting noise. For instance, adding Gaussian noise or
salt-and-pepper noise (impulse noise) during training
can desensitize networks to those perturbations at
test time [30l], [35]. Rusak et al. [24] showed that
augmenting ImageNet with simple noise such as
Gaussian, shot, and impulse noise drastically im-
proved robustness to these and even other types of
corruptions. In fact, their method produced networks
that nearly matched AugMix on many corruption
benchmarks by training on noise alone. Similarly,
Lopes et al. [19] proposed Patch Gaussian augmen-
tation, which injects local Gaussian noise patches
into images during training. They found this tech-
nique improved robustness without sacrificing clean
accuracy, suggesting that stochastic noise injections
act as a form of regularization that helps mod-
els ignore high-frequency spurious signals. Beyond
noise, other augmentation methods address specific
corruption types: for example, Zhang et al. [34] in-
troduced Tilted convolutional kernels to make CNNs
invariant to small image shifts, which helps with
translation and blur robustness. Adversarial augmen-
tation strategies have also been investigated, Gong et
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al. [8] proposed MaxUp, which chooses the worst-
case outcome among multiple augmented versions
of an image for training, effectively performing a
mild adversarial training over augmentation space.
MaxUp was shown to improve generalization and
robustness by preventing the network from taking
“shortcuts” on easy augmented examples.

More recently, researchers are combining these
ideas into uni ed frameworks. Modas et al. [18]
introduced PRIME, a set of few primitive augmen-
tations (e.g. noise, blur, weather, digital distortions)
drawn from a max-entropy distribution. By randomly
applying these primitives with varying strengths
and mixing as in AugMix, PRIME achieves state-
of-the-art robustness on multiple benchmarks, sur-
passing AugMix alone. PRIME's success underlines
the value of covering a large distortion space with
simple, high-entropy augmentations. Another trend
is leveraging the robustness properties of different
architectures. Vision Transformers (ViTs) have been
found to exhibit stronger robustness than CNNs on
some corruption benchmarks [1]. Paul and Chen [23]
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tortionMix is tested across 15+ architec-
tures, including ResNet, DenseNet, Ef cient-
Net, MobileNet, VGG, ViT, AlexNet, and
GoogleNet. This broad evaluation identi-
es model families that benet most from
distortion-based augmentation.

Robustness improvement of model accuracy
on corrupted data (CIFAR-10-C, severity
5) by 1-2 percentage points across most
networks. DenseNet-161 achieves the best
performance, with 80.8% accuracy under se-
vere corruption and 94.79% on clean data.
The trade-offs involved in using Distortion-
Mix are analyzed, including its impact on
clean accuracy, which is shown to be min-
imal, and the additional training time re-
quired. DenseNet-161's performance is also
broken down by corruption type to iden-
tify distortions that remain challenging (e.g.,
heavy noise and pixelation) and those that
are largely addressed by the proposed ap-
proach.

showed that ViTs pre-trained on large datasets mainThe remainder of the paper is organized as follows:
tain higher accuracy under common input pertur-Section Il details the datasets and corruption types,
bations than ResNets of similar accuracy on cleanhe DistortionMix augmentation procedure, training
data. This is hypothesized to stem from ViTs' abil- hyperparameters, and model architectures. Section
ity to focus on more global image features (like ||| presents the experimental results, including tables
object shape) instead of local texture, which alignsof overall accuracy and robustness, a comparison
with observations by Geirhos et al. [7] that CNNSs of training times, and visualization of model-wise
are overly biased toward local textures. In parallel,and corruption-wise performance. The results are
using larger or more diverse pre-training data hasgiscussed, along with insights into why certain ar-
improved corruption robustness: pre-training on bil- chitectures perform better and how DistortionMix
lions of images (e.g., JFT-300M or ImageNet-21K) jn yences generalization. Section IV concludes the
yields models that are inherently more resilient topaper and outlines future research directions, such
distribution shift, likely because they have seen aas |everaging more real-world corruptions, tuning
wider variety of conditions. These advances pointaugmentation severity automatically, and applying

toward combining architectural choices, large-scalethe method to other domains like medical or satellite
pre-training, and data augmentation to achieve robusinagery.

models.

This paper proposes DistortionMix, a lightweight 2. Methodology
and effective data augmentation strategy that im-
proves robustness of image classi ers under com- DistortionMix randomly applies one of three
mon corruptions. The key contributions are: distortion types, e.g contrast, impulse noise, and
Gaussian noise during training. These distortions
were selected for their diversity in effect (inten-
sity vs. noise-based), computational ef ciency, and
ability to simulate common real-world degradations
while maintaining training stability. Our choice aims
to strike a balance between distortion strength and
simplicity without introducing heavy computational
overhead or policy learning.

DistortionMix Augmentation, that randomly
applies one of several hand-crafted distor-
tions, contrast adjustment, Gaussian noise
or impulse noise, to each training image. It
requires no policy learning or extra model
components, making it ef cient and easy to
implement.

Comprehensive evaluation conducted on
CIFAR-10, CIFAR-10-C, and its perfor- 3 1 Datasets and Corruption Types

mance is also validated on the real-world

ImageNet-A benchmark to assess general- Experiments are conducted on the CIFAR-10
ization beyond synthetic corruptions. Dis- dataset for training and clean evaluation, and the
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CIFAR-10-C dataset for evaluating robustness tointensity perturbations similar to those in CIFAR-10-
corruptions. CIFAR-10 consists of 60,000 32 32 C (specically in the noise and digital categories)
color images (50,000 train and 10,000 test) acrossluring training, thereby improving robustness. Dis-
10 object classes (airplane, automobile, bird, cattortionMix focuses on three augmentation primi-

deer, dog, frog, horse, ship, truck). The standardives:
training/test split and original labels are used for
ne-tuning all models.

For robustness evaluation, CIFAR-10-C, intro-
duced by Hendrycks and Dietterich [10], is used,
which applies a variety of common corruptions to
the original CIFAR-10 test images. CIFAR-10-C
allows us to test models on unseen perturbations in
a controlled way. It includes 19 corruption types,
each with 5 levels of severity (severity 1 = mild cor-
ruption, severity 5 = most extreme). The corruption
types span four broad categories:

Noise: Gaussian noise, shot noise (Pois-
son noise), impulse noise (salt-and-pepper).
These add independent random uctuations
to pixel values.
Blur: defocus blur, motion blur, zoom
blur, glass blur (image seen through a glass 2)
diffraction), and Gaussian blur. These dis-
tortions smear or smooth out details in the
image.
Weather: frost (overlay of frost patterns),
fog (reduced contrast as if in fog), snow
(white snow particles), and spatter (rain or
mud droplets). These simulate environmental
conditions that obscure the image.
Digital: brightness, contrast, saturate
(color saturation shift), JPEG compression
artifacts, and pixelate (rescaling to low
resolution and back up).
3
Each corruption type in CIFAR-10-C is applied )
to every test image at each severity level, resulting
in 5 versions of the 10,000 test images for each cor-
ruption (for a total of 50,000 corrupted images per
type). Following standard practice [10], model ro-
bustness is evaluated using the highest severity level
(Level 5) as the most stringent test of performance
under extreme corruption. Accuracy is reported on
CIFAR-10-C at severity 5, along with per-corruption
accuracy for the best-performing model to diagnose
strengths and weaknesses.

2.2. Hybrid Distortion Augmentation: Dis-
tortionMix

Contrast variation: Contrast adjustment is
applied by converting the image to a Py-
Torch tensor and modifying its contrast.
The deviation from the mean is multiplied
by a random factor , then the mean is
added back: x (x x) +x. The
contrast factor is sampled uniformly from
a range [0:5; 1:5], resulting in the image
becoming up to 50% less or more contrasted
than the original. This augmentation em-
ulates the brightness/contrast/saturate type
corruptions by producing washed out or
high-contrast images. Pixel values are con-
strained to remain within the valid range
[0,1] after scaling (by clipping or appropri-
ate casting).
Gaussian noise: Random Gaussian noise is
added to the image pixels. Speci cally, i.i.d.
noise N(0; ?2) is sampled for each
pixel and added to the image: x X+
. A relatively mild standard deviation of
= 0:05 is used in normalized pixel units
(where pixel values are in [0,1]) to ensure
the noise is visible but does not obscure the
image entirely. After noise addition, pixel
values are clipped to the [0,1] range. This
augmentation models the Gaussian noise
corruption in CIFAR-10-C, as well as other
forms of sensor noise or grain.
Impulse noise: Salt-and-pepper noise is in-
jected into the image by setting each pixel
to either the minimum or maximum value
with a small probability p. The implemen-
tation uses p = 0:01, meaning 1% of pix-
els are corrupted on average, half set to 0
(pepper) and half to 1 (salt). The intensity
of the effect is amplied to ensure that
corrupted pixels reach the full 0 or 255 scale
(uint8), followed by clipping to maintain
valid range. This models the impulse noise
corruption, which signi cantly affects im-
age quality even at low corruption rates (see
Fig. 5 for impact on accuracy).

The procedure is formally de ned as follows:

During training with DistortionMix, each input
The method DistortionMix is proposed as a data image in a mini-batch is probabilistically consid-
augmentation strategy that randomly applies one okred for augmentation, with the augmentation type
several distortion operations to each training imageselected accordingly. The probability of applying
The goal is to expose the model to a mix of noise andcontrast, Gaussian noise, or impulse noise is set
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Algorithm 1: DistortionMix Augmentation
Procedure
Input: Image x 2 [0;1]"WC | probabilities
pca p91 pi
Output: Augmented image %
1 Function DistortionMix(x, p ¢ =0:1,
pg = 0:1, p; = 0:1):
r Uniform(0; 1);
if r<p. then
| return ApplyContrast(x);
else
ifr<pc+pg then
| return ApplyGaussianNoise(x);
else
ifr<pc+pg+pithen
| return ApplylmpulseNoise(x);
else
| return x; [a]

© 00 N O U~ WN
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ApplyContrast(x): Adjust contrast by
U(0:5; 1:5): x clip((x x) +x);
14 ApplyGaussianNoise(x): Add
N (0;0:05 2) to x;
15 ApplylmpulseNoise(x): Set 1% of pixels to
0 or 1 randomly (salt and pepper);

[N
w

to 0:1 (10%) each. These events are implemented

as mutually exclusive for simplicity. Consequently,

approximately 30% of images are augmented per

epoch (10% via contrast adjustment, 10% via Gaus- [b]

sian noise, and 10% via impulse noise), while theFigure 2. Comparison of corrupted examples for the
remaining 70% remain in their original state. When CIFAR-10 “cat” class. (a) shows standard corruptions from
an image is chosen for augmentation, one of theC!FAR-10-C Robustbench; (b) shows mixed corruptions
three distortion types is selected at random, withdugmentation technique from DistortionMix.

equal probability. A total augmentation probability

of 0.3 has been found to strike a good balance:

high enough to ensure periodic exposure to distortedinaltered in some, noised or contrast-modied in
examples, yet not so high as to dominate trainingothers, encouraging the model to learn features that
with overly corrupted data, which can hinder con- are invariant to such changes. Unlike approaches that
vergence [15]. Only one augmentation is applied perapply all augmentations simultaneously, the design
image per iteration, though across epochs, differenbf applying a single, randomly chosen distortion en-
augmentations may be applied to the same imagesures exposure to both clean and isolated-corruption
This results in a batch composition that mixes dis-examples. This strategy draws partial inspiration
torted and undistorted samples, bearing similarityfrom randomized smoothing in adversarial robust-
to AugMix [11], albeit without pixel-level mixing ness, wherein training with random noise enhances
between clean and augmented versions. prediction stability under noisy conditions [15]. By

DistortionMix operates as a stochastic, on-the- y introducing randomness during training, the result-
is precomputed; instead, new distortions are generOUt augmentation at test time.
ated at each epoch using fresh random noise and In the DistortionMix implementation, augmenta-
contrast factors. Over the course of 50 epochs, eaction is applied after the standard random crop and
training image is observed under various conditions horizontal ip, and before normalization (used in
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networks expecting normalized input). The training
pipeline for an image consists of: random crop
(with 4-pixel padding, as is standard in CIFAR-
10 training), random horizontal ip, then Distor-
tionMix (contrast or noise), followed by conversion
to tensor and normalization. All models, including
Transformers, were trained on images resized to a
higher resolution (either 224 224 or 256 256;
see next subsection) to match ImageNet-pretrained
architectures. Distortion operations were applied in
pixel space after resizing, except for impulse noise,
which was applied directly to the 224 224 tensor.
DistortionMix does not rely on any specialized loss
function or additional regularization beyond stan-
dard cross-entropy loss, its impact arises solely from
modi cations to the training data distribution.

2.3. Training Setup and Hyperparameters

All models were ne-tuned on CIFAR-10 using a
consistent set of training hyperparameters to enable
fair comparisons:

Optimizer: Stochastic gradient descent
(SGD) with momentum 0:9 was used for
all experiments. This standard optimizer
yielded stable convergence across all model
types.

Learning rate and schedule: An initial
learning rate of 0:01 was chosen for ne-
tuning. Although certain architectures, par-
ticularly Vision Transformers, often benet
from higher learning rates when trained from
scratch, the value of 0.0001 proved effective
for ne-tuning from ImageNet weights with-
out divergence. A Cosine Annealing sched-
ule was employed over 50 epochs, decay-
ing the learning rate smoothly from 0.01 to
10% , promoting stable convergence in later
epochs. No learning rate restarts were used.
Batch size: 32 images per batch. While rel-
atively small, this choice was suitable given
the limited dataset size (50k CIFAR-10 im-
ages) and the substantial memory require-
ments of large models (such as DenseNet-
161 and ViT-L32). Batch normalization lay-
ers in CNNs continued to operate as ex-
pected at this batch size, without freezing.
Number of epochs: Fine-tuning was con-
ducted over 100 epochs. Most models
showed convergence well before epoch 50 on
CIFAR-10, with training accuracy plateauing
around epochs 20-30. Nonetheless, training
continued with a decaying learning rate to
achieve slight improvements in nal test ac-

curacy. Model parameters at epoch 50 were
used for evaluation.

Input size: CIFAR-10 images were resized
to match the expected input resolution of
each pretrained model. For all CNN-based
architectures (e.g., ResNets, DenseNets, Ef-
cientNets, MobileNets, VGG, AlexNet, and
GoogleNet), images were rst upsampled
from 32 32 to 256 256, then randomly
cropped to 224 224 during training. During
evaluation, images were resized to 256 256
and center-cropped to 224 224. This fol-
lows standard ImageNet ne-tuning prac-
tice and ensures compatibility with mod-
els that were pretrained on 224-resolution
inputs. For Vision Transformers (VIiT)
sourced from the timm library, two variants
were used: vit small patchl6 224 and
vit base patchl6 384. The Small vari-
ant receives input of size 224 224, consis-
tent with CNNs, while the Base variant ex-
pects 384 384 inputs. Accordingly, CIFAR-
10 images were resized directly to the re-
quired input resolution (either 224 224 or
384 384) without additional cropping. Patch
size for these models is 16 16, resulting
in a grid of 14 14 (for 224 input) or
24 24 (for 384 input) tokens. This con-
guration matches the pretraining setup of
the respective models. No extra datasets or
external corruptions were used, only CIFAR-
10 images, resized appropriately and aug-
mented with either baseline transforms or
DistortionMix.

Baseline augmentation: For baseline train-
ing (without DistortionMix), standard ran-
dom crop and horizontal ip augmentations
were applied to CIFAR-10 images, using
the same resizing strategy described above.
No additional augmentations such as color
jitter were included, allowing isolation of the
effect introduced by distortion-based aug-
mentations. This baseline setup aligns with
typical ne-tuning procedures for pretrained
models on CIFAR-10 and yields near state-
of-the-art clean accuracy.

Pretrained weights: All models were initial-
ized with weights pretrained on ImageNet-
1k (ILSVRC2012). For CNNs, weights were
sourced from PyTorch's torchvision library,
while ViT models utilized weights from the
timm library. Leveraging pretrained weights
signi cantly improved convergence speed
and nal performance on CIFAR-10. All
layers of each model were ne-tuned, with
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no layers frozen. Batch normalization layers
remained in training mode and updated their
running statistics using CIFAR-10 data (with

momentum 0.1). No additional regularization

methods such as weight decay were em-
ployed beyond those already present in the
pretrained weights and batch normalization
layers. Dropout layers, such as those in ViT
or certain Ef cientNet variants, remained ac-

tive with their default dropout rates.

With this training setup, baseline models achieve
strong clean accuracy on CIFAR-10 (generally >
90% for most architectures, as shown below), which
is crucial for ensuring that differences in robustness
are not simply due to under tting or poor train-
ing. DistortionMix is applied only during training;
during evaluation on both CIFAR-10 and CIFAR-
10-C, no augmentations are applied (aside from the
resizing/cropping mentioned earlier). Training times
for each model were logged to quantify the overhead
of different architectures and the computational cost
of DistortionMix augmentation, which adds a small
cost per image, mainly negligible compared to the
network forward pass.

2.4. Model Architectures Evaluated

A diverse set of deep neural network architec-
tures was evaluated to observe how DistortionMix
impacts each and to identify which architectures are
inherently more robust:

ResNets, ResNet-18, ResNet-34, and
ResNet-152 were included. These CNNs,
introduced by He et al.[9], use residual
skip connections to ease the training of
very deep networks. ResNet-18/34 use
basic 3 3 convolution blocks, while
ResNet-50/101 use bottleneck blocks. The
models range from 18 layers to 101 layers
in depth. ResNets are a common baseline
in robustness studies and typically achieve
high clean accuracy, though prior work has
shown they are vulnerable to corruptions
without augmentation[22].

DenseNets, DenseNet-121 and DenseNet-
161 were tested. These CNNs, introduced by
Huang et al. [14], feature dense connectivity
between layers, where each layer receives all
previous feature maps as input. This design
promotes feature reuse and strong feature
propagation. DenseNet-161 has 161 layers
and a larger growth rate, making it one of
the most accurate CNNs on ImageNet among
those tested. It is hypothesized that dense

feature usage may contribute to robustness,
as features are aggregated from many layers.
Ef cientNets, Ef cientNet-BO, B1, B2, and

B3 were included. EfcientNets [29] are
CNNs optimized through neural architec-
ture search with a compound scaling rule
to balance depth, width, and resolution for
ef ciency. BO is the smallest model (with
approximately 5.3M parameters) and B3 is
larger (with 12M parameters). These models
achieve high accuracy on ImageNet while
using fewer parameters than ResNets or
DenseNets, though their performance under
corruptions is less known. These models
were evaluated to determine if highly opti-
mized architectures trade off robustness.
MobileNets, MobileNet-V2 and MobileNet-
V3 (both Small and Large variants) were
used as examples of lightweight CNNs de-
signed for mobile applications. MobileNet-
V2 (Sandler et al.[25]) employs depthwise
separable convolutions and an inverted resid-
ual structure for efciency. MobileNet-V3
(Howard et al.[13]) further integrates NAS
and squeeze-and-excitation modules to en-
hance V2. These models have low capacity
(e.g., MobileNetV3-Small has 2.5M param-
eters), which may limit their ability to learn
robust features. Tests were conducted to as-
sess whether smaller models benet from
DistortionMix or if they underperform com-
pared to larger models on CIFAR-10-C.
VGG16, This older CNN architecture by
Simonyan & Zisserman [26] is characterized
by deep layers (16 layers) of plain convolu-
tions and pooling, without residual connec-
tions. VGG16 has a high parameter count
and tends to be less parameter-ef cient than
ResNets, but was included to observe how a
simpler architecture handles augmentations.
It typically has slightly lower clean accuracy
than ResNet-50 on modern tasks and may
be more sensitive to perturbations due to the
absence of skip connections or normalization
in early layers.

GoogleNet (Inception-V1), Inception vl
(Szegedy et al. [28]) introduced inception
modules that split convolutions into multiple
parallel Iters. This was one of the rst very
deep networks (22 layers) to surpass human
accuracy on ImageNet. GoogleNet was in-
cluded to represent the Inception family. It
uses smaller convolution Iters and factor-
ized convolution layers extensively, which
may in uence how noise propagates through
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the network. 3. Results and Analysis

AlexNet, The classic 8-layer CNN from

Krizhevsky et al. [16] was included mainly 31 Qverall Performance and Training Cost
for historical comparison. It has much lower

capacity and uses large 11 11 and 5 5 The models are rst compared in terms of stan-
kernels in the early layers, which may make 5.4 test accuracy on CIFAR-10 (clean) and robust-
it more invariant to some noise due to heavy hess accuracy on CIFAR-10-C at severity 5 (com-
pooling, but it is also less accurate overall. o, corryptions), both with and without Distortion-
AlexNet was ne-tuned to assess how a low- iy 4 gmentation. Table 1 provides these results,
capacity model bene ts from DistortionMix.  5i0ng with the training time each model took for
Vision Transformers (VIT), VIT [3]) 50 epochs on the hardware (except ViT only 20
models  were evaluated USING epoch because hardware limitation). The training
the  tmm library, specically the e serves as a proxy for computational cost; it
vit _small _patchl6_224augreg_in2lk _ft es the overhead of DistortionMix (which was

and vit 7base7patch167384. variants. negligible in most cases) and differences due to
These models process images by qdel size.

dividing them into patches (16x16
pixels) and applying transformer
encoders to capture global context.
The vit small patchl6 224 model

operates on 224x224 input images, while
vit base patchl6 384 uses 384x384
inputs. Both models were pretrained on
ImageNet-21k and ne-tuned on ImageNet-
1k. During our experiments, due to
hardware constraints, ViT models were

3.1.1. Accuracy on Clean CIFAR-10. All models
attain high accuracy on the clean test set after ne-
tuning. Vit Timm Base 384 achieved the highest
baseline clean accuracy at 96:89%, closely followed
by Vit Timm Small 224 at 95:23%. DenseNet-161
also performed exceptionally well with a baseline
of 92:79%, and ResNet-152 at 92:39%. Architec-
tures like EfcientNet-BO to B3, DenseNet-121,

: — ~ and GoogleNet (Incvl) generally fall within the
r}ez—stgned.for ﬁo epochs W.'th a b.atclh SIZE g8 9295 range. The lowest clean accuracies were
Oth ' “S'h”.? tte SamTeh.“a'”'{‘g p'ﬁ’le'”e fas observed in MobileNetV3-Small (85:77%), VGG16
gss?arss?rr:; tlheeC rlérk?jétneslz asnedur?er?ofn\gvasncgr 8:02%)-’ and M(_)bileNetVZ (88:36%), which is ex
VT models on CIEAR-10 and CIEAR-10-C tuergge.d given their older or more compact architec
datasets. Signi cantly, applying DistortionMix had a neg-
ligible impact on clean accuracy for most models.

For each model, the number of parameters isgor instance, Vit Timm Base 384 saw a slight in-
recorded, and key architectural features are notedzrease to 97:43%, and Vit Timm Small 224 im-

but all models are trained under the same pipeline agroved to 95:55%. Most models either maintained
described. Table 1 in the next section will summarizeg gjightly improved their clean accuracy with Dis-

the training time and clean/corrupted accuracy ofiortionMix, suggesting that the augmentation did
each model with and without DistortionMix. By not cause overtting to corrupted images at the
evaluating this broad palette of architectures, the ainpypense of clean performance. For example, ResNet-
IS to answer: 18 improved from 89:39% to 92:50% (+3:11%), and

1)

2)

3)

DenseNet-161 from 92:79% to 95:00% (+2:21%).
Does DistortionMix consistently improve Only AlexNet experienced a minor decrease of
robustness regardless of model type? 0:81%, from 89:56% to 88:75%, which is minimal
Which model achieves the highest absolutecompared to the substantial gains seen in robust-
robustness, and is this aligned with cleanness. Overall, DistortionMix effectively maintains or
accuracy ranking? slightly enhances in-distribution performance.
Are there model-speci ¢ peculiarities (e.g.,
does a VIT gain less from augmentation 3.1.2. Accuracy on CIFAR-10-C (Severity 5). A
because it is already robust, or do smallerclear and consistent pattern emerged where train-
models struggle to learn the augmentationing with DistortionMix signi cantly improved the
noise patterns)? robustness of nearly every model. The corrupted
accuracy with DistortionMix consistently surpassed

Our evaluation attempts to be comprehensive in adthe baseline for all models listed, indicated by a '+'
dressing these questions. sign.
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Table 1. Comparison of model performance with and without DistortionMix augmentation. Training time is measured
for 50 epochs. Accuracy is reported on CIFAR-10 (clean test set) and CIFAR-10-C (corrupted test set, severity 5). Only

the highest clean and corrupted accuracy values across all models are bolded. Values in parentheses for ViT indicate the
best run across trials.

Model Train Time (S) Clean Accuracy (%) Corrupted Accuracy (%, sev 5)
Baseline  +DistortionMix Baseline +DistortionMix
AlexNet 3361 89.56 88.75 (-) 62.03 71.98 (+)
VGG16 20346 88.02 89.21 (+) 61.90 68.46 (+)
ResNet-18 4693 89.39 92.50 (+) 62.06 74.33 (+)
ResNet-34 7214 90.72 93.39 (+) 63.30 77.07 (+)
ResNet-152 31253 92.39 94.60 (+) 68.20 77.84 (+)
DenseNet-121 14598 91.39 94.04 (+) 66.44 77.42 (+)
DenseNet-161 32082 92.79 95.00 (+) 67.55 80.82 (+)
Ef cientNet-BO 8928 88.72 91.88 (+) 60.49 68.10 (+)
Ef cientNet-B1 12150 92.21 92.30 (+) 66.02 68.53 (+)
Ef cientNet-B2 15012 92.55 92.70 (+) 66.80 68.75 (+)
Ef cientNet-B3 17398 91.88 92.76 (+) 66.19 70.51 (+)
MobileNetV2 6683 88.36 90.97 (+) 61.64 68.65 (+)
MobileNetV3-Small 3660 85.77 89.93 (+) 58.31 67.15 (+)
MobileNetV3-Large 5732 88.01 89.68 (+) 59.77 61.61 (+)
GoogleNet (Incvl) 6588 91.74 93.27 (+) 66.85 76.09 (+)
ViT Timm Small 224 6144 95.23 95.55 (+) 79.16 82.84 (+)
ViT Timm Base 384 20900 96.89 97.43 (+) 83.05 89.44 (+)

Vit Timm Base 384 achieved the highest cor- ally achieving high clean accuracy, showed more
rupted accuracy, reaching an impressive 89:44%modest robustness gains with DistortionMix, ranging
with DistortionMix, a substantial increase from from +4:32% (B3) to +7:61% (B0). For exam-
its baseline of 83:05%. This positions it as the ple, Ef cientNet-B3 reached 70:51% from 66:19%.
top-performing model in terms of robustness onAlthough improved, these models still lagged be-
CIFAR-10-C (severity 5). Vit Timm Small 224 hind similarly accurate ResNets or DenseNets in
also demonstrated remarkable improvement, climbrobustness, possibly due to their aggressive feature
ing from 79:16% to 82:84%. These results highlight compression prioritizing ef ciency over robustness.
that Vision Transformers, particularly larger ones,  MobileNets, designed for ef ciency, also ben-
grea’[ly benet from DiStOftionMiX, Ieveraging their e ted appreciab|y_ MobileNetV2 improved from
self-attention mechanism to process augmented datg@1:64% to 68:65% (+7:01%), and MobileNetV3-
effectively. Small from 58:31% to 67:15% (+8:84%). However,

Among CNNs, DenseNet-161 stood out, achiev-MobileNetV3-Large saw a more limited gain, from

ing 80:82% with DistortionMix, a signi cant jump 59:77% to 61:61% (+1:84%). While DistortionMix
from its baseline of 67:55%. This makes it anotheraids these compact models in building somewhat
leading robust model. ResNet-152 likewise showedmore robust representations, their inherent capacity
strong robustness, reaching 77:84% from 68:20%limitations mean they generally remain among the
DenseNet-121 and ResNet-34 also exhibited notabléowest performers on corrupted data compared to
gains, achieving 77:42% (from 66:44%) and 77:07%larger networks.
(from 63:30%) respectively. These substantial im-  GoogleNet (Incv1), leveraging its multi-scale In-
provements underscore the effectiveness of Distorception modules, reached 76:09% with Distortion-
tionMix for models featuring residual and dense Mmix, up from 66:85% (+9:24%). This indicates that
connections, which facilitate robust feature learning.its parallel Iter design also benets signi cantly

Interestingly, AlexNet, despite being the oldest from the augmentation, reinforcing its resilience to
and simplest architecture tested, showed the mostarious noise frequencies.
dramatic relative improvement in corrupted accu-  |n summary, Vit Timm Base 384 emerged as the
racy, soaring from 62:03% to 71:98% (+9:95%). most robust model in this study, closely followed
This suggests that DistortionMix is particularly im- py Vit Timm Small 224 and DenseNet-161. The
pactful for models with limited capacity, providing @ improvements from DistortionMix were substantial
crucial regularization effect. VGG16 also improved across diverse architectures, often yielding gains ex-
from 61:90% to 68:46% (+6:56%). ceeding 5% and even reaching over 10% for sev-

The Ef cientNet family (B0-B3), while gener- eral models. This indicates that introducing these
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