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Notation Empirical evaluation on CIFAR-10 Similarities of the methods

Let us start with an introduction of the base notation. First of all, mixing DA
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Figure 1. From left to right: two sample images and examples of pixel-wise and SmoothMix
SnapMix

patch-wise mixing, respectively. The pixel-wise and patch-wise images present the stle Augmentation . : i i i i
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Table 2. Comparison of data augmentation techniques with respect to
: .. : particular baseline properties: where, how and in which form the augmentation
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Figure 2 presents a map of the mixing methods, indicating for each of them the many images take part in a single augmentation and what is the computational
publication date, certain key characteristics and relations to other methods. i\ZS E:nE j/ o7 \07] $ T 6 "Z2«a SIE* P67 ~SiE*‘ s 6 i«E:S:]

mechanism (either network or other), O - optimization, R - rule, CEE -

UW>0WE>E>E>EE>I>TIHE

n s T nme o~~~ N A - ‘ Y U AL .\ 5 s Y N1 HE 7
Figure 5. Accuracy results for Mixup, CutMix and AttentiveCutMix on CIFAR-10. e 0 IS~ : / NQV J ZI? 6, o1 L J~~ 07U vo J\..Z,« ) I,Q ’J_ I~S _JA, 7, ! R
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Each panel presents a particular type of architecture (ResNet, DenseNet, t _ dditional tational t
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panels present an absolute error value and the right ones a relative improvement _ _ _
over the baseline (“NO DA” results). Application to image-related tasks other than
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accuracy regardless of particular architecture type and complexity. In all three left localization, object detection and semantic segmentation. When it comes to
panels the error decreases when gradually more complex architectures are used application of certain data augmentation techniques to various tasks, there are
(top to bottom) and with an application of more advanced DA methods (right to two key properties: (1) whether the mixing is performed pixel-wise or patch-wise
left). It is generally assumed that Mixup, as the initial method in the area, is the and (2) how many images are mixed. Consequently the methods could be divided
least advanced, followed by CutMix, developed based on a certain criticism of into 3 following groups:

Mixup, and AttentiveCutMix which is an extension of CutMix. * Group A - Pixel-wise or mixed Pixel-wise and Patch-wise augmentations that

work on 2 or more images. Those methods are limited to categorization task

Another way to look at the results is from the perspective of a relative due to their underlying property of mixing images-pixel wise. This leads to

im_provemer?t over the baseline (the right pf':mels). A general observat_ion IS that certain regions of the image representing more than one class and renders
using DA with more complex types ofarchltecturesylelds_ lower relative boost, (27S: fm:j”A j/ a7 ~ \ ©7] " @j jo7 * ai"P~ /U «Sao 2 $0$ A7in “7j«S
on average equal to around 22%, 21% and 11%, regpectlvely for ResNet,"Den"seNet with a bounding box for a part of the image that is mixed?).
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model (ResNet-152) in ResNet group, but for the other two architectures the tasks and can be further adjusted to object detection and segmentation by
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wr;ich are not the mc;st complex ones ’ Iimitin’g the bounding box to the area corresponding to the selected patch).

Figure 2. Image mixing DA methods presented on a time scale, with key
characteristics and dependencies indicated. Dotted regions separate methods in
which mixing takes pixel-wise form (Pixel-wise) from those with spatial mixing
(Patch-wise), and those with mixing applied not to a pair of images, but either just
one image and its transformed version or more than 2 images (Other than 2
images). Directed lines indicate inspirations (dotted lines) or direct extensions (solid
lines) of the methods.

* Group C - methods that work on just 1 image, can in principle be applied to
all tasks.

- | - | There are also certain methods that were developed with a particular problem
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problem, in which classes are differentiated by details only.

(Almost) Universal image mixing equation
Image mixing DA methods rely on blending two input images and their
corresponding labels according to the following equations:

(1)
(2)

where X, X, are original input images, y ,, y, are one-hot label encodings, is

a mixing ratio, B is a mixing mask matrix suitable for both pixel-wise and

patch-wise mixing and | is an identity matrix of the same dimensionality as B. _ ‘
denotes element-wise matrix multiplication operation. The vast majority of

approaches described in this section are built around equations (1)-(2) and mainly

differ by the method of selection and construction of matrix B.

Canonical method - Mixup Figure 7. Effects of SnapMix augmentation with the corresponding mixed

A founding mixing method is Mixup introduced in 2018. Mixup constructs new label. Left: original images with randomly selected patches of different sizes.
training samples according to equations (1)-(2) by means of the same weighted _ ‘ _ ‘ Middle: heatmaps presenting the output of CAM for the respective class.

mean of the images and their labels, i.e. the entire matrix B is populated with . Right: a resulting image after SnapMix application. Observe that elements of

The underlying assumption of Mixup is that linear interpolation of feature vectors a7 Si S A @j* 2;078 UO«* 3 j Mo 7iA ©j "«\ «Z ©j B$

should lead to an adequate linear combination of the associated labels. This linear

combination of images / classes is controlled by , e.g., = 0.5 leads to averaging _ ‘

the images and their corresponding labels, while {0, 1} preserves one of the
original images and its label. The effects of Mixup is presented in Figure 3.

_ ‘ In which modalities can we apply those methods

When it comes to applying image augmentation methods to other modalities

Figure 6. Accuracy results of various augmentation methods on CIFAR-10 the following 3 groups could be distinguished:
grouped around common baselines (particular architectures). Left panels « Group A - Mixup-like methods (Pixel-wise mixing) that work on 2 or more images
present absolute error values and the right ones the relative improvements and do not utilize any complex mixing mechanism. Those methods can be
over the baseline. applied to other modalities without any adaptation as long as the same size of
the input objects is ensured. In the context of audio it means having the same
Figure 6 shows the results of experiments grouped around the same baselines length and the same spectrum of frequencies, and for text data, the same size
(i.e. particular architectures) for a wider selection of augmentation methods. of vector embeddings.
Figure 3. Comparison of Mixup and SamplePairing augmentations. Generally, similar trends can be observed as in the case of groups of architectures. e H'j«Z | 6 ofo 76A:" \ a7j~j \:E ©o:E S6A:" i* oio 76A:" § »7 :°
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_ _ _ _ _ results. For both ResNet-18 architectures best result were accomplished by

pixels linearly, share many properties with the augmentation methods focused on patch-wise (Saliency Mix) method, for PyramidNet-200-240 by CutMix (a

modality-depending aspects, e.g. spatial mixing of embeddings of different
sentences or pasting a part of a voice spectrogram into another one.

occluding parts of the image. An underlying assumption of this stream of methods patch-wise mixing approach), and for the remaining architectures RICAP, which « Group C - methods that cannot be directly applied to other modalities due to
is that linear interpolations represent just a small subset of mixing operations that is also a patch-wise mixing method, performed better or equally good than its o7 ;¢ ;A7 Mmoo jAN oM mj \i0 672 ;U fmi o mtiAT/j\ia it e
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here is CutMix method which is illustrated in Figure 4. RandomErasing) are slightly inferior to the mixing ones. modalities would require introducing major changes to their design and
_ operation, as they are inherently related to image data. Some methods from
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Shake-Shake 26 2x96d Mixup 2.32 architectures dedicated to processing the image data.

PyramidNet-272-200 RICAP 2.51

PreAct ResNet-34 Manifold Mixup 2.54
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Table 1. Top-5 overall best outcomes on CIFAR-10.
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