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Figure 2. We regard data augmentation as a process that fills miss-
ing data points of the original training data; therefore, our ob-
jective is to minimize the distance between the distributions of
augmented data and the original data using adversarial learning.
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Ref) https://hackernoon.com/memorizing-is-not-learning-6-tricks-to-prevent-overfitting-in-machine-learning-820b091dc42

Hataya, R., Zdenek, J., Yoshizoe, K., & Nakayama, H. (2020, August). Faster autoaugment: Learning augmentation strategies using backpropagation
In European Conference on Computer Vision (pp. 1-16). Springer, Cham.
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KOREA ﬁ DOTO_ Mining . Ref) Shorten, C., & Khoshgoftaar, T. M. (2019). A survey on image data augmentation for deep learning. Journal of big data, 6(1), 1-48.
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. Data Augmentation
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The whys and hows of data augmentatiol [DMQA Open Seminar]
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. AutoAugment Cubuk et al.(2018)
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<Overview of framework of AutoAugment search method>

D Mini Ref) Cubuk, E. D., Zoph, B., Mane, D., Vasudevan, V., & Le, Q. V. (2019). Autoaugment: Learning augmentation strategies from data.
KOREA ﬁ OTO_ K . In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 113-123).
UNIVERSITY @ Quality Analytics Elsken, T., Metzen, J. H., & Hutter, F. (2019). Neural architecture search: A survey. The Journal of Machine Learning Research, 20(1), 1997-2017.




Sample a strategy S
(Operation type, probability
and magnitude)

child network
egy S to get
accuracy R

. AutoAugment Cubuk et al.(2018) ,

Use R to update
the controller

% AutoAugment

«  Augmentation2| X-8& method, probability, magnitude 37FX| 2 Z2|(0]|: [invert, 0.9, 4])

16 methods

Operation Name Description Range of
magnitudes
ShearX(Y) Shear the image along the horizontal (vertical) axis with rate  [-0.3,0.3]

magnitude.
TranslateX(Y) Translate the image in the horizontal (vertical) direction by  [-150,150] 0.1 ~ 1 .O (1 o Va | ues)

magnitude number of pixels.

Rotate Rotate the image magnitude degrees. [-30.30]
AutoContrast Maximize the the image contrast, by making the darkest pixel
black and lightest pixel white.
Invert Invert the pixels of the image. ih 1 1
Equalize Equalize the image histogram. <The prObabIIIty Of applylng the OperatI0n>
Solarize Invert all pixels above a threshold value of magnitude. [0.256]
Posterize Reduce the number of bits for each pixel to magnitude bits. [4.8]
Contrast Control the contrast of the image. A magnitude=0 gives a gray  [0.1,1.9]
image, whereas magnitude=1 gives the original image.
Color Adjust the color balance of the image, in a manner similar to  [0.1,1.9]

the controls on a colour TV set. A magnitude=0 gives a black
& white image, whereas magnitude=1 gives the original image.

Brightness Adjust the brightness of the image. A magnitude=0 gives a  [0.1,1.9]
black image, whereas magnitude=1 gives the original image.

Sharpness Adjust the sharpness of the image. A magnirude=0 gives a  [0.1,1.9]
blurred image, whereas magnitude=1 gives the original image.

Cutout [12, 69] Set a random square patch of side-length magnitude pixels 1o [0,60]

gray.
Sample Pairing [24, 68]  Linearly add the image with another image (selected at ran- [0, 0.4] 0 ~ 1 0 (1 1 Va | u es)

dom from the same mini-batch) with weight magnitude, without
changing the label.

<Operation(augmentation) type> <the magnitude of the operation>
KOREA x Data Miﬂiﬂg Ref) Cubuk, E. D., Zoph, B., Mane, D., Vasudevan, V., & Le, Q. V. (2019). Autoaugment: Learning augmentation strategies from data.
UNIVERSITY .‘ QUC!l\'Ty /\nq\y’rics In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 113-123).




Il AutoAugment(AA) cubui et al.2018)
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UNIVERSITY Quallity Analytics In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 113-123).



AutoAugment(AA) Cubuk et al.(2018)
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UNIVERSITY .‘ QUCIl\'Ty /\nqu’rics In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 113-123).
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AutoAugment(AA) Cubuk et al.(2018)
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. AutoAugment(AA) Cubuk et al.(2018)

% AutoAugment

o AR 570 PolicyZ 5 E 25712| Sub-policyS 2O} Bt X|E policy2 AT

Sample a strategy S
(Operation type, probability

and magnitude)
The controller (RNN)

Train a child network
with strategy S to get
validation accuracy R

Use R to update
the controller

Operation 1

Operation 2

Operation 1 Operation 2
Sub-policy 0 (Invert,0.1,7) (Contrast,0.2,6)
Sub-policy 1 (Rotate,0.7,2) (TranslateX,0.3,9)
Sub-policy 2 (Sharpness,0.8,1) (Sharpness,0.9,3)
Sub-policy 3 (ShearY,0.5,8) (Translate Y,0.7,9)
Sub-policy 4 (AutoContrast,0.5,8)  (Equalize,0.9,2)
Sub-policy 5 (ShearY,0.2,7) (Posterize,0.3,7)
Sub-policy 6 (Color,0.4,3) (Brightness,0.6,7)
Sub-policy 7 (Sharpness,0.3,9) (Brightness,0.7,9)
Sub-policy 8 (Equalize,0.6,5) (Equalize,0.5,1)
Sub-policy 9 (Contrast,0.6,7) (Sharpness,0.6,5)
Sub-policy 10  (Color,0.7,7) (TranslateX,0.5,8)
Sub-policy 11 (Equalize,0.3,7) (AutoContrast,0.4,8)
Sub-policy 12 (TranslateY,0.4,3) (Sharpness,0.2,6)
Sub-policy 13 (Brightness,0.9,6) (Color,0.2,8)
Sub-policy 14  (Solarize,0.5,2) (Invert,0.0,3)
Sub-policy 15 (Equalize,0.2,0) (AutoContrast,0.6,0)
Sub-policy 16  (Equalize,0.2,8) (Equalize,0.6,4)
Sub-policy 17 (Color,0.9,9) (Equalize,0.6,6)
Sub-policy 18 (AutoContrast,0.8,4)  (Solarize,0.2,8)
Sub-policy 19  (Brightness,0.1,3) (Color,0.7,0)
Sub-policy 20 (Solarize,0.4,5) (AutoContrast,0.9,3)
Sub-policy 21  (TranslateY,0.9.,9) (Translate Y,0.7,9)
Sub-policy 22 (AutoContrast,0.9,2)  (Solarize,0.8,3)
Sub-policy 23 (Equalize,0.8,8) (Invert,0.1,3)
Sub-policy 24  (TranslateY,0.7.9) (AutoContrast,0.9,1)

Table 7. AutoAugment policy found on reduced CIFAR-10.
CIFAR-10 final policy
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Ref) Cubuk, E. D., Zoph, B., Mane, D., Vasudevan, V., & Le, Q. V. (2019). Autoaugment: Learning augmentation strategies from data.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 113-123).

Sub-policy 0
Sub-policy 1
Sub-policy 2
Sub-policy 3
Sub-policy 4
Sub-policy 5
Sub-policy 6
Sub-policy 7
Sub-policy 8
Sub-policy 9
Sub-policy 10
Sub-policy 11
Sub-policy 12
Sub-policy 13
Sub-policy 14
Sub-policy 15
Sub-policy 16
Sub-policy 17
Sub-policy 18
Sub-policy 19
Sub-policy 20
Sub-policy 21
Sub-policy 22
Sub-policy 23
Sub-policy 24

(ShearX,0.9,4)
(ShearY,0.9,8)
(Equalize,0.6,5)
(Invert,0.9,3)
(Equalize,0.6,1)
(ShearX,0.9.4)
(ShearY,0.9,8)
(ShearY,0.9.5)
(Invert,0.9,6)
(Equalize,0.6,3)
(ShearX,0.9.4)
(ShearY,0.8,8)
(Equalize,0.9,5)
(Invert,0.9,4)
(Contrast,0.3,3)
(Invert,0.8,5)
(ShearY,0.7,6)
(Invert,0.6,4)
(ShearY,0.3,7)
(ShearX,0.1,6)
(Solarize,0.7,2)
(ShearY,0.8,4)
(ShearX,0.7,9)
(ShearY,0.8.5)
(ShearX,0.7,2)

(Invert,0.2,3)
(Invert,0.7,5)
(Solarize,0.6,6)
(Equalize,0.6,3)
(Rotate,0.9,3)
(AutoContrast,0.8,3)
(Invert,0.4,5)
(Solarize,0.2,6)
(AutoContrast,0.8,1)
(Rotate,0.9,3)
(Solarize.0.3,3)
(Invert,0.7.4)
(Translate Y,0.6,6)
(Equalize,0.6,7)
(Rotate,0.8.,4)
(Translate Y,0.0,2)
(Solarize,0.4,8)
(Rotate,0.8.,4)
(TranslateX,0.9,3)
(Invert,0.6,5)
(Translate Y,0.6,7)
(Invert,0.8,8)
(TranslateY,0.8,3)
(AutoContrast,().7,3)
(Invert,0.1,5)

Table 8. AutoAugment policy found on reduced SVHN.
SVHN final policy



Il AutoAugment(AA) cubui et al.2018)

e State-of-the-art =

Dataset Model Baseline Cutout [12] AutoAugment
CIFAR-10 Wide-ResNet-28-10 [67] 39 3.1 2.61+0.1
Shake-Shake (26 2x32d) [ 1 7] 3.6 3.0 2.5+0.1
Shake-Shake (26 2x96d) [ 1 7] 29 2.6 2.0+0.1
Shake-Shake (26 2x112d) [ 17] 2.8 2.6 1.9+0.1
AmoebaNet-B (6,128) [15] 3.0 2.1 1.8+0.1
PyramidNet+ShakeDrop [65] 2.7 23 1.5+0.1
Reduced CIFAR-10  Wide-ResNet-28-10 [67] 18.8 16.5 14.1+0.3
Shake-Shake (26 2x96d) [ 1 7] 17.1 13.4 100 £ 0.2
CIFAR-100 Wide-ResNet-28-10 [67] 18.8 18.4 17.1+0.3
Shake-Shake (26 2x96d) [17] 17.1 16.0 14.34+0.2
PyramidNet+ShakeDrop [65] 14.0 12.2 10.7 = 0.2
SVHN Wide-ResNet-28-10 [67] 1.5 1.3 1.1
Shake-Shake (26 2x96d) [ | 7] 1.4 1.2 1.0
Reduced SVHN Wide-ResNet-28-10 [67] 13.2 325 8.2
Shake-Shake (26 2x96d) [ | 7] 12.3 24.2 59
KOREA DOTO_ Mining . Ref) Cubuk, E. D., Zoph, B., Mane, D., Vasudevan, V., & Le, Q. V. (2019). Autoaugment: Learning augmentation strategies from data.
UNIVERSITY .‘x QUC!l\Ty /\nq\yncs In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 113-123).



Il AutoAugment(AA) cubui et al.2018)
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 Opemtioni ___ Operation2

dog dog Sub-policy 0 (Posterize,0.4,8)  (Rotate,0.6,9)

oo N I R O R B trog

Sub-policy2  (Equalize.0.8.8)  (Equalize.0.6.3)
Sub-policy 3 (Posterize,0.6.7)  (Posterize.0.6,6)
Sub-policy 4 (Equalize,04.7)  (Solarize,0.2.4)

norse il R R 3 ) IR D R O T b
o e D o Spoliys  (Somie063)  (Eaie067
fruck 4!“":“. LU d! Sub-policy 7 (Posterize.08.5)  (Equalize,1.0.2)

Sub-policy 8 (Rotate,0.2,3) (Solarize,0.6,8)
Sub-policy 9 (Equalize,0.6,8)  (Posterize,0.4.6)

50000 9 4000 Samples Sub-policy 10 (Rotate.0.8,8) (Color,0.4,0)

Sub-policy 11 (Rotate.0.49)  (Equalize.0.6.2)

. Sub-policy | (Solarize,0.6,5) (AutoContrast,0.6,5)

e

- . =
Sub-policy 12 (Equalize,0.0.7)  (Equalize,0.8.8) o —_|-|- o =
Sub-policy 13 (Invert,0.6.4) (Equalize,1.0.8) I m age N et - E ‘—lh PO I I Cy =

o e . Sub-policy 14 (Color,0.6,4) (Contrast,1.0.8) = EH I O_l I I_

reduced datasetE Al-—g 0|-0:| AutoAugment po“cy EIFAﬁH Sub-policy 15 (Rotate.0.8.8) (Color,1.02) EI': E O|_I A %
Sub-policy 16 (Color,0.8,8) (Solarize,0.8,7)
Sub-policy 17 (Sharpness.0.4,7)  (Invert,0.6.8)
Sub-policy 18 (ShearX,0.6,5)  (Equalize,1.0,9)
Sub-policy 19 (Color.0.4.0) (Equalize0.6,3)

Sub-policy 20

(Equalize,0.4,7) (Solarize,0.2,4)
e,0.6,5) (AutoContrast,0.6,5)
(Equalize,1.0.8)
(Contrast,1.0.8)
(Equalize,0.6,3)
Table 9. AutoAugment policy found on reduced ImageNet.

KOREA x Data Mining Ref) Cubuk, E. D., Zoph, B., Mane, D., Vasudevan, V., & Le, Q. V. (2019). Autoaugment: Learning augmentation strategies from data.
UNIVERSITY .‘ Quallity Analytics In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 113-123).
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. Population-based Augmentation(PBA) Ho et al.(2019)
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. Population-based Augmentation(PBA) Ho et al.(2019)
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Data Minin
KOREA ﬁ QCL]JS;H /\nc;g\ fics Population based augmentation: Efficient learning of augmentation policy schedules. 24
LRSI C Yy Y In International Conference on Machine Learning (pp. 2731-2741). PMLR.



. Population-based Augmentation(PBA) Ho et al.(2019)
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Data Minin , P: (2019, May).
KOREA ﬁ QO O;.T A g‘ - Population based augmentation: Efficient learning of augmentation policy schedules. 25
DRvEEY O ISRy ATveIRil In International Conference on Machine Learning (pp. 2731-2741). PMLR.



. Population-based Augmentation(PBA) Ho et al.(2019)

s Method

«  Population Based Training(PBT) methodE XM-835t0{ £|& 2| Augmentation® &=

(c) Population Based Training

Performance 4 \

o N ) — |

Augmentation (). O-.

|
|
I "

‘.-- -_.A I '.‘..
Weights | |...... eeieneennn e N | TS O s »
ol pie(]
|
|

1. 087le st RES

L2 Augmentationg M -89510 SA|0f at&

2.9t5 70| Z4 RHIo| 452 H|w
-exploit L
| ! > &2 ‘452 2 parameterE CtE 22O =X
— — [ o— | [ — | | -
(SH? 25% > A2 25%01 U= 2 Hweight= =X

O. |O| Otw=0.

Data Mirﬂng Ref) Ho, D., Liang, E., Chen, X., Stoica, I., & Abbeel, P. (2019, May).
KOREA ﬁ sty faelviles Population based augmentation: Efficient learning of augmentation policy schedules.
DRvEEY O ISRy ATveIRil In International Conference on Machine Learning (pp. 2731-2741). PMLR.




. Population-based Augmentation(PBA) Ho et al.(2019)

<« 4dgZy

«  Augmentation magnitude”} 130 epochOflAl =ESHH A &

«  ProbabilityE 2= M|, 2= augmentationO| M| M0|HA E, E78 &2 22 & (cutout &)

8 cutout 100% # cutout
B translate_y B translate_y
W translate_x B translate_x
6 B shear_y 75% M shear_y
- B shear_x B shear_x
= ms ess
2 harpn > M sharpness
= B brightness = :
S 4 g 3 50% B brightness
E @ contrast 2
- © @ contrast
E B color a | col
] [ color
2 B solarize /. I [ B solari
o ! solarize
I B posterize 25% [ Ih g
B posterize
B rotate
. B rotate
0 invert |
S PPN PRI PP LENE S B equalize 0% W invert
B auto_contrast 0 50 100 150 W equalize

Epoch number B auto_contrast

Epoch number

Data Mining Ref) Ho, D., Liang, E., Chen, X., Stoica, I., & Abbeel, P. (2019, May).
KOREA ﬁ Quality Anaviics Population based augmentation: Efficient learning of augmentation policy schedules. 27
LRSI C Yy Y In International Conference on Machine Learning (pp. 2731-2741). PMLR.



. Population-based Augmentation(PBA) Ho et al.(2019)

. AlS] 74
€ = 'i’:'ul Eﬂl'
. T HSAAL FAISE=F & SOTA)
o CIAMZFO] 1/1000H +=ELZ LA
B Baseline W AutoAugment Population Based Augmentation
4
Dataset Value Previous Best AA | PBA

3
—_ CIFAR-10 GPU Hours - 5000 5
< 5 Test Error 2.1 1.48 | 146
o
= CIFAR-100 GPU Hours - 0* 0*
7 1 Test Error 12.2 10.7 10.9
w
- SVHN GPU Hours - 1000 [ 1

0 Test Error 1.3 1.0 1.1

WRN-28-10 S-S (26 S-S(26 S-S (26 PyramidNet
2x96D) 2x96D) 2x1 ‘I2D)
. Ref) Ho, D., Liang, E., Chen, X., Stoica, I., & Abbeel, P. (2019, May).
KOREA ﬁ g\mﬁ.,{Mlngl i Population based augmentation: Efficient learning of augmentation policy schedules. 28
LRSI C Sy reiles In International Conference on Machine Learning (pp. 2731-2741). PMLR.



. Fast AutoAugment(FastAA) Lim et al.(2019)

/

% Concept

«  Augmentation missing data pointsE XA, train data®t valid datal| "2X2E XFEF=" I

Datal

label "A" label "A"

(©)

oooo
© o00%0

0 o

~_ °

= AugmentationO| 2t loss&= H= A

o
©o o
o

xo

KOREA x Daota Miﬂing Ref) Lim, S., Kim, 1., Kim, T., Kim, C., & Kim, S. (2019). Fast autoaugment. Advances in Neural Information Processing Systems, 32. 29
DNVERSTY @ Quality Analytics



. Fast AutoAugment(FastAA) Lim et al.(2019)

% Tree-structured Parzen Estimator (TPE) algorithm : Bayesian Optimization

7:(-“’)
1] select N

s DB EEUD

d 7-(1)
OOO0|00B0] . select N Augment
Policy 7:‘
train . evaluate xT apply
Dét’la)iﬂ I M
)
L Prain ———————— : g K

1. Train H|IO0|{ & class Hl &2 X F kM E L&D, 24 S32 Dy, D,E LIE
M A

|'f.' .'X\"’: /')’;'_\"u
NOA . .3—."..0- /
=\
KOREA x Daota Miﬂing Ref) Lim, S., Kim, 1., Kim, T., Kim, C., & Kim, S. (2019). Fast autoaugment. Advances in Neural Information Processing Systems, 32.
DNVERSTY @ Quality Analytics




. Fast AutoAugment(FastAA) Lim et al.(2019)

/

% Tree-structured Parzen Estimator (TPE) algorithm : Bayesian Optimization

r—
(K)
| T R ',‘.
|| select v
E
—
.
. split :
I
v
7;(1) m
1: Fast AutoAugment
. select v Augment T nput : (6, Dyyo 15,7, B, V)
st Policy * . 1 Split D) e-fold data DAL =40 Dy // stratified shuffling
2 for k¢ K} do
0, (D, D) + (D4, DY) / initialize
Train 6 on Dy,
P foric {0, T~ 1} di
apply B« m,\ ptim (T cm\'r-ju,m.h) // explore-and-exploit
S T, + Select top-N policies in B
s L ¥ «1PuT // merge augmentation policies
Dtrain > ﬁ(Dtrain) o return 7, = |, 7%

_I_

2. Dy L 22 modelE <505}t11,D,= Augmentation PolicyS B M
*  policyOfl 2|2t sample'd
«  d50] F2 N7l policy
- THES

=
| 12 Bayesian Optimization 13
2o SHLEO| policy(TX) 27

i I-D
Inj

10

0x

or
mﬁ

. = = AlSd XI-CISH . model g % ° %, ©
N=5,T=2= =28 M EI(T) _ E[m1n(£(9|T(DA)) —[.:T,O)] o © %0 oo

- 1 Policy = o
E | | 7] [permes ~_
i | | | [T etrrte

- probability
KOREA .-- ]j.- -:vagmtud: Lim, S., Kim, ., Kim, T, Kim, C., & Kim, S. (2019). Fast autoaugment. Advances in Neural Information Processing Systems, 32. 31
UNiversiy @ ® Quality Analytics




. Fast AutoAugment(FastAA) Lim et al.(2019)

% Tree-structured Parzen Estimator (TPE) algorithm : Bayesian Optimization

_________ 1
: ‘ w  [F . —
D&.ﬁ) o seltz—étN |
| I
= !
d - ! W
|
Dy
: split . : E
. I M
v : .
ot B |y
P | Augment 7~ :
{| DE\IA) | Policy I .
train evaluate xT : apply : e
Dt(rla)m MO l — -
Dtram ” :_ ________ :: ﬁ(Dtrain)
D o —t . e~ e
2. 2 F2 0| 7t policyE Z|S PolicyE H 8IS Augmentation 212l

KOREA x Daota Mining Ref) Lim, S., Kim, 1., Kim, T., Kim, C., & Kim, S. (2019). Fast autoaugment. Advances in Neural Information Processing Systems, 32. 32
DNVERSTY @ Quality Analytics



. Fast AutoAugment(FastAA) Lim et al.(2019)

95 :AA PBASH SU $F, AUZ(GPU hours)0ilA] 2 23t

Model Baseline Cutout [5] AA[3] PBA[13] Fast AA
(transfer / direct)

Wide-ResNet-40-2 5.3 4.1 3.7 — 3.6/3.7
Wide-ResNet-28-10 3.9 3.1 2.6 2.6 2717127
Shake-Shake(26 2x32d) 3.6 3.0 25 2.5 27125
Shake-Shake(26 2x96d) 29 2.6 2.0 2.0 2.0/2.0
Shake-Shake(26 2x112d) 2.8 2.6 1.9 2.0 20/1.9
PyramidNet+ShakeDrop 2.7 23 1.5 1.5 1.8/1.7

Table 2: Test set error rate (%) on CIFAR-10.

Dataset AutoAugment [3]1 Fast AutoAugment
1

CIFAR-10 5000 | 3.5
SVHN 1000 | 1.5
ImageNet 15000 1 450

KOREA x Daota Mirﬂng Ref) Lim, S., Kim, 1., Kim, T., Kim, C., & Kim, S. (2019). Fast autoaugment. Advances in Neural Information Processing Systems, 32. 33
DNVERSTY @ Quality Analytics
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. RandAugment(RA) cubuk et al.(2019)

/

AutoAugment

UNIVERSITY

KOREA KL

Data Mining

hyperparameters 5%t

16 methods

Operation Name Description Range of

ShearX(Y) Shear the image along the horizontal (vertical) axis with rate  [-0.3,0.3]
magnitude.

TranslateX(Y) Translate the image in the horizontal (vertical) direction by [-150,150]
magnitude number of pixels.

Rotate Rotate the image magnitude degrees. [-30.30]

AutoContrast Maximize the the image contrast, by making the darkest pixel
black and lightest pixel white.

Invert Invert the pixels of the image.

Equalize Equalize the image histogram.

Solarize Invert all pixels above a threshold value of magnitude. [0,256]

Posterize Reduce the number of bits for each pixel to magnitude bits. [4.8]

Contrast Control the contrast of the image. A magnitude=0 gives a gray ~ [0.1,1.9]
image, whereas magnitude=1 gives the original image.

Color Adjust the color balance of the image, in a manner similar to  [0.1,1.9]
the controls on a colour TV set. A magnitude=0 gives a black
& white image, whereas magnitude=1 gives the original image.

Brightness Adjust the brightness of the image. A magnitude=0 gives a  [0.1,1.9]
black image, whereas magnitude=1 gives the original image.

Sharpness Adjust the sharpness of the image. A magnitude=0 gives a  [0.1,1.9]
blurred image, whereas magnitude=1 gives the original image.

Cutout [12, 69] Set a random square patch of side-length magnitude pixels to  [0,60]
gray.

Sample Pairing [24, 65]  Linearly add the image with another image (selected at ran- [0, 0.4]

dom from the same mini-batch) with weight magnitude, without
changing the label.

<Operation(augmentation) type>

Search Space =

Ref) Cubuk, E. D., Zoph, B., Shlens, J., & Le, Q. V. (2020). Randaugment: Practical automated data augmentation with a reduced search space. 35
Quallity Analytics In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition workshops (pp. 702-703).in Neural Information Processing Systems, 32

< Concept : Augmentation 22 probability, magnitudeE 2 2’Js}X| 1

0.1~1.0 (10 values)

<The probability of applying the operation>

0~10 (11 values)

<the magnitude of the operation>

(16 X 10 x 11)?*>~ 2.9 x 1032




. RandAugment(RA) cubuk et al.(2019)

< Concept : Augmentation "2 2 probability, magnitudeE [[t2 MY s}X| gt

hyperparameters 5%t

! I
1 14 methods I
! I
I, identity e autoContrast e equalize 1 1
I ¢ rotate e solarize e color a (K:14) 1 Value I N7FD|. 74 X
I, posterize ® contrast ® brightness | HA - =2 O
I ¢ sharpness e shear—-x e shear-y I (Eéjl-XI AI-%'&;Z—\IOJXI)
: e translate—-x e translate-y |
|
1 . . - . .
I <Operation(augmentation) type> <The probability of applying the operation> !

F (@]
M i =<
(Type A 2+1 0]

magnitude & & M &)

0~30 (30 values)

<the magnitude of the operation>

Search Space = (16 X 10 X 11)?*3~ 2.9 x 1032 mm—) NXx M~ 102

o) . >x=d
Z| 3t grid searchTI 2= S &
KOREA x Daic Mirﬂng Ref) Cubuk, E. D., Zoph, B., Shlens, J., & Le, Q. V. (2020). Randaugment: Practical automated data augmentation with a reduced search space. 36
UNIVERSITY .‘ Quallity Analytics In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition workshops (pp. 702-703).in Neural Information Processing Systems, 32




. RandAugment(RA) cubuk et al.(2019)

/

Magnitude: 9

94 |

92 4
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86 4

o0 2 4 6 8 10 12 14 o
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o
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—— with translate-x
—— without translate-x

@
=]

86 4

< Concept : .= AugmentationS S

with rotate

—+—
—— without rotate

with posterize

—+
—— without posterize

0 2 4 6 8 10 12 14 0
number of transforms

Augmentation?t2| F2|Xt= Q2L 7 4=7} BEOFX| T H| =3t d

KOREA

UNIVERSITY

6 8 10 12 14

number of transforms

- O
s= =2

o
[

Random®} Augmentaion 27} X| &

ZE 92 Y MBS inputl E ot&

cutout

B translate_y

Random Magnitude with Increasing Upper Bound  97.3

B translate_x
6 @ shear_y
—_ B shear_x
@
g W sharpness
E 4 I B brightness
£ contrast
E l I IIIIIII B color
@
2 B solarize
=III||II B posterize
I l I I I I I W rotate
0 invert
SH PP PRI PP PPN PP B equalize
B auto_contrast
Epoch number
Magnitude
Magnitude Method Accuracy
Random Magnitude 97.3
Constant Magnitude 97.2
Linearly Increasing Magnitude 97.2

\. Data Mining Ref) Cubuk, E. D., Zoph, B., Shlens, J., & Le, Q. V. (2020). Randaugment: Practical automated data augmentation with a reduced search space.
.‘ QUCIl\'Ty /\nc:ly’rics In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition workshops (pp. 702-703).in Neural Information Processing Systems, 3
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. RandAugment(RA) cubuk et al.(2019)

o AlS] 74 . o ° XASE A=
< A dut: 0je 7ttt I E E58/dS
baseline PBA  Fast AA AA RA o, nifwork size training set size
CIFAR-10 g |2 @ 230 T ©
Wide-ResNet-28-2 94.9 - - 959 | 958 ] 8. .
Wide-ResNet-28-10 96.1 97.4 97.3 974 | 973 < < ’
Shake-Shake 97.1 980 980  98.0 | 98.0 p 220
PyramidNet 97.3 98.5 98.3 98.5 | 98.5 §05 £1s
CIFAR-100 £ 21 .
Wide-ResNet-28-2 75.4 - - 78.5 | 78.3 g g
Wide-ResNet-28-10 81.2 83.3 82.7 829 | 833 § g 0.5
SVHN (core set) 0.0 0.0
; ) q 5 10 15 20 5 10 15 20
$¥ge-§%§e:'§g-?o 32; - B gg(l) 322 distortion magnitude distortion magnitude
1de-ResNet-28- . - - . .
SVAN L L2 @
Wide-ResNet-28-2 98.2 - - 98.7 | 98.7 ER 218
Wide-ResNet-28-10 98.5 98.9 98.8 98.9 | 99.0 % 16 % 16
£ £
transforms = [ E 14 _E 14
" Identity’ A f'-'g 12 E 12
: :
,] = 10 < 10
E_v E
2 8 2 8
""Generate a set of distortions. © ©
) 6 6
Args: 2 4 6 8 10 10 20 30 40
X ion tra ma widening parameter training set size (K)
sampled_ops = np.random.choice(transforms, N) d MOdelol 37' 7|- 5- % —*—l&! MagnltUde HA I-O| 9-I IDI
return [(op, M) for cp in sampled_ops]
; (@] 5. = X| X PN
Figure 2. Python code for RandAugment based on numpy. * Tra In Data _‘l 3‘ 7 | 7 |- =T "_l M agn ItUd e -I =
KOREA x Data Mining Ref) Cubuk, E. D., Zoph, B., Shlens, J., & Le, Q. V. (2020). Randaugment: Practical automated data augmentation with a reduced search space. 38
UNIVERSITY .‘ Quallity Analytics In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition workshops (pp. 702-703).in Neural Information Processing Systems, 32




. UniformAugment(UA) _LingChen et al. (2020)

% Concept: B E 2H& EX = Uniform, R27}X| Augmentations MEHEX|2F ZH

Transform Narrow Default Wide
ShearX(Y) [0.15,0.15]  [-0.3,0.3] [-0.9,0.9] : :
TranslateX(Y) | [-0.225,0.225] [-0.45,0.45] [-1,+1] Algorithm 1: UniformAugment algorithm
Rotate [-1:5,15] [-3{],3[]] [—9[].9[]] Input : (_‘1’;? y:] = {(;J_:!-__.y(-)
AutoContrast N/A N/A N/A N7H MEd o
Invert N/A N/A N/A — Set  :(£,9) « (z,y)
Equalize N/A N/A N/A for j + 1 to NumOps do
Solarize [0,256] [0,256] [0,256] tis et T ~ Ur-ﬂ}‘,
Posterize [6.8] [4,8] [2,8] pij +— p~ Up,1;
((:Oiltrab't F]..").l.-ﬁ} F} 1,1. (J} F}.[}l.Q} Aij — A~ Uy
Jolor 0.5,1.5 0.1,1.9 0.01,2 — —T= A W
Brightness [0.5,1.5] (0.1,1.9  [0.01,2] endLL VT ETE TP M) 5
Sharpness [0.5,1.5] [0.1,1.9] [0.01,2] L
Cutout 0,0.1] 0,0.2] [0,0.6] Return: (£, 9)
[operation] [HEg =E : 0~1] M8 ™MK : 0~1]

ShearX ShearX
Rotate m—) )

Invert Invert
N=3

ShearX X 0.8

Invert | X 0.3

random

KOREA x DOTC’_ Mining _ Ref) LingChen, T. C., Khonsari, A., Lashkari, A., Nazari, M. R., Sambee, J. S., & Nascimento, M. A. (2020). 39
UNIVERSITY .‘ QUClhTy /\nCI\\/TICS Uniformaugment: A search-free probabilistic data augmentation approach. arXiv preprint arXiv:2003.14348.



. UniformAugment(UA) _LingChen et al. (2020)

KOREA

UNIVERSITY

A Z 1} : Search-free data augmentation2 £ =48t /d

olr

Search | CIFAR-10 | CIFAR-100 | ImageNet Table 2. Average error rate of different augmentation methods on CIFAR10
space on SS on WRN | on RN50

Baseline 0 97.1 81.2 76.3 Model Baseline Cutout AA PBA FAA RA |UA

AA 107 98.0 82.9 7.6 WRN-40-2 5.6 41 37 N/A 36 N/A[3.75

FAA 10* 98.0 82.7 7.6 WRN-28-10 3.9 3.1 26 26 27 27 |2.67

PBA 10% | 980 83.3 N/A SS (26 2x32d) | 3.6 3 25 25 25 N/A|249

RA 107 98.0 833 76 SS (26 2x96d) | 2.9 26 2 2 2 2 |190

UA 0 98.1 82.8 7.7

O‘. Data Mining
b Quality Analytics

Ref) LingChen, T. C., Khonsari, A., Lashkari, A., Nazari, M. R., Sambee, J. S., & Nascimento, M. A. (2020).

Uniformaugment: A search-free probabilistic data augmentation approach. arXiv preprint arXiv:2003.14348.



. TrivialAugment(TA) _Miiller & Hutter. (2021)

< Concept : 5}Lt2| AugmentationtS &Y

Transform Narrow Default Wide
ShearX(Y) [0.15,0.15]  [-0.3,0.3] [-0.9,0.9]
TranslateX(Y) | [-0.225,0.225] [-0.45,0.45 -1,+1 - —
Rotate S L 15. 15] I [_30;3[}] ] [[-9(1._90]] Algorithm 1 TrivialAugment Procedure
AutoContrast N/A N/A N/A 171 AMEHd 1: procedure TA(x: image)
Invert N/A N/A N/A ‘ 2 Sample an augmentation a from 4
Equalize N/A N/A N/A 3: | Sample a strength m from {0, ..., 30}|
Solarize [0,256] [0,256] [0,256] 4 Retarn a(-r m) -
Posterize [6.8] [4,8] [2,8] e
Contrast [0.5,1.5] (0.1,1.9]  [0.01,2] 5: end procedure
Color [0.5,1.5] [0.1,1.9]  [0.01,2]
Brightness [0.5,1.5] [0.1,1.9] [0.01,2]
Sharpness [0.5,1.5] [0.1,1.9] [0.01,2]
Cutout [{'}._[}.l] [{}_[} 2] [0,0.6]
[operation] M8 ZE] H& 4]

ShearX | =) ShearX me=) ShearX x 9

N=1 1™ p=1 1% random®t 2}

KOREA Datg Mining Ref) Miller, S. G., & Hutter, F. (2021). Trivialaugment: Tuning-free yet state-of-the-art data augmentation. a1
UNIVERSITY .‘ Quallity Analytics In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 774-782).



. TrivialAugment(TA) _Miiller & Hutter. (2021)

< "Zy

Default PBA  Fast AA AA RA UA TA (Wide) —_— i - . — .
CIFAR-10 o
Wide-ResNet-40-2 96.16 = .08 - %.4 96.3 - 96.25 | 96.32 £ 05 86 oA “ e
Wide-ResNet-28-10 97.03 .07 974 97.3 97.4 973 9733 | 9746 £ .06 //
ShakeShake-26-2x96d | 97.54 = .07 98.0 98.0 98.0 98.0 98.10 | 98.21 £+ .06 g o
PyramidNet 9795+ .05 985 98.5 083 985 98.5 | 98.58 + .04 - 84
CIFAR-100 S .
Wide-ResNet-40-2 78.42 + 31 - 79.4 793 - 79.01 | 79.86 + .19 Q‘ _
Wide-ResNet-28-10 8222+ .25 833 82.7 829 833 82.82 | 8433+ .17 5 82
ShakeShake-26-2x96d | 83.28 & .14 847 854 85.7 - 85.00 | 86.19 £+ .15 3 AA - Fast AA
SVHN Core < RA e  AWS
Wide-ResNet-28-10 | 97.12+ .05 - - 980 983 - | 98.11+.03 80 / UA . AWS x8
SVHN « %/ |+ TARA) = Adv.AASXS
Wide-ResNet-28-10 98.67 £.02 989 98.8 989  99.0 - 98.9 £+ .02 ‘ — 4+ TA (Wide) —e— TA (Wide) x8
ImageNet 78 I |
77.20 £ .32 77.6 77.6 776  T77.63 | T78.07 £ .27 — ' - ' - '
ResNet-50 9343 £ .11) (93.7)  (93.8) (938) (- | (93.92 = .09) 10 100 1,000
GPU hours
Figure 3: Comparison of the final test accuracy on CIFAR-
100 in comparison to RTX2080ti GPU-hours compute in-
vested for augmentation search and final model training
across a set of models. Methods marked with x8 use batch
augmentations[10].
X limitation!

Image classfication Of| A| Tt £ 2
Object detectiond} 2= CHE vision —E—OFOHM = MEi =2 2-=5HA| g= Ao &

Data Mining
KOREA ..:|.

UNIVERSITY Quality Analytics




. Conclusion
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Fast AutoAugment
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