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"고슴도치" "고슴도치"

cnn

증강된 Train Data로사용 Self-supervised learning 활용

"Contrastive learning"

(SimCLR)

서로다른두 Augmentation이 같아지도록...

<활용예시>
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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.

과적합되지않도록다양한변형을주어늘어난 Dataset으로학습 원본데이터사이에있는missing data point를채워줌

데이터가가진 "근본적인특징을잘잡을수있도록" 다양한형태를학습시키는것이목적
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"고슴도치" "고슴도치"

Ref) Shorten, C., & Khoshgoftaar, T. M. (2019). A survey on image data augmentation for deep learning. Journal of big data, 6(1), 1-48.

잔디위
세모귀
까만눈좌우 2개
아래로튀어나온코
흑백이섞인가시
백색털
위쪽뿌연배경
동그란몸

왼쪽잔디
세모귀
까만눈상하 2개
왼쪽으로튀어나온코
흑백이섞인가시
백색털
오른쪽뿌연배경
동그란몸

잔디
회색네모
세모귀
까만눈좌우 2개
아래로튀어나온코
흑백이섞인가시
백색털
위쪽뿌연배경
동그란몸

세모귀
눈동자좌우 2개
아래로튀어나온코
붉은가시
붉은털
위쪽뿌연배경
동그란몸

세모귀
까만눈
튀어나온코
흑백이섞인가시
하얀털
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"고슴도치" "고슴도치"

잔디위
세모귀
까만눈좌우 2개
아래로튀어나온코
흑백이섞인가시
백색털
위쪽뿌연배경
동그란몸

Ref) Shorten, C., & Khoshgoftaar, T. M. (2019). A survey on image data augmentation for deep learning. Journal of big data, 6(1), 1-48.

일부가변형된증강데이터에의해

"고슴도치"의특징을더확실하게학습할수있음

ground truth train data Augmented data
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"O" "X"

어떤변형을, 얼만큼해야도움이될까?
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"O" "X"

어떤변형을, 얼만큼해야도움이될까?

https://youtu.be/7fwxcCJsvPw

[DMQA Open Seminar]

Data Augmentation
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Rotate 180˚ "6?" 문자 : 회전시문제가되는 class 존재

전문 Data: 엔지니어등분석자의판단이필요
Random erasing
Geometric transforms
...

도메인에알맞은 Augmentation을적용하는것은사전지식이필요
+

분석자의주관적인선택으로는최적의조건을찾아내기어려움
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Image
Augmentation

Geometric
transformations

Flipping

Color space

Cropping

Rotation

Translation

Noise injection

Mixing images

Random erasing

Kernel Fiters

......

type probability, magnitude

분석자 : 사전 지식 + 실험 결과를 통해 해석 & 선택

type, probability, magnitude = Policy
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Image
Augmentation

Geometric
transformations

Flipping

Color space

Cropping

Rotation

Translation

Noise injection

Mixing images

Random erasing

Kernel Fiters

......

method, probability, magnitude = Policy

모델을통해결정하자!
Auto Augmentation
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AutoAugment

Fast AutoAugment

Population-based Augmentation

Faster AutoAugment

RandAugment

UniformAugment

DADA

TrivialAugment

Adversarial AutoAugment Deep AutoAugment
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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).

Elsken, T., Metzen, J. H., & Hutter, F. (2019). Neural architecture search: A survey. The Journal of Machine Learning Research, 20(1), 1997-2017.

Augmentation
선택

성능

강화학습

<Overview of framework of AutoAugment search method>

Neural network을구성할때,

모델을통해최적의 구조를찾는방법론

Neural Architecture Search(NAS) 

Neural architecture search with reinforcement learning(Zoph & Le, 2017)

model
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[Invert, 0.9, 4])

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).

<Operation(augmentation) type>

0.1~1.0 (10 values)

0~10 (11 values)

<The probability of applying the operation>

<the magnitude of the operation>

16 methods



16Ref) 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).

Search Space = (16 × 10 × 11)2×5≈ 2.9 × 1032

1 Policy =

5개의 Sub-policy

-연속된 2개 type

- probability

- magnitude

Controller

type probability magnitude

2 type 5 sub-policy



17Ref) 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).

child
model

Validation
AccuracyController



18Ref) 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).

child
model

Validation
AccuracyController

Proximal Policy Optimization

Reward



19Ref) 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).

CIFAR-10 final policy SVHN final policy



20Ref) 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).



21Ref) 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).

Search Space = (16 × 10 × 11)2×5≈ 2.9 × 1032

reduced dataset을사용하여 AutoAugment policy 탐색

50000 → 4000 samples
ImageNet으로구한 Policy를
다른도메인에사용
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Search Space = (16 × 10 × 11)2×5≈ 2.9 × 1032

연산량↓,   빠르게

(최적화알고리즘을바꿔보자!)

Optimal Policy



23Ref) Jaderberg, M., Dalibard, V., Osindero, S., Czarnecki, W. M., Donahue, J., Razavi, A., ... & Kavukcuoglu, K. (2017).

Population based training of neural networks. arXiv preprint arXiv:1711.09846.

Too heavy!

Augmentation
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1. 여러개의동일한모델을

다른 Augmentation을적용하여동시에학습

Ref) Ho, D., Liang, E., Chen, X., Stoica, I., & Abbeel, P. (2019, May).

Population based augmentation: Efficient learning of augmentation policy schedules.

In International Conference on Machine Learning (pp. 2731-2741). PMLR.

Augmentation의종류에맞춰 16개모델학습
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Ref) Ho, D., Liang, E., Chen, X., Stoica, I., & Abbeel, P. (2019, May).

Population based augmentation: Efficient learning of augmentation policy schedules.

In International Conference on Machine Learning (pp. 2731-2741). PMLR.

1. 여러개의동일한모델을

다른 Augmentation을적용하여동시에학습

2. 학습중간에각모델의성능을비교

→ 높은성능의모델 parameter를다른모델에복제

(하위 25% → 상위 25%에있는모델weight을복제)
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1. 여러개의동일한모델을

다른 Augmentation을적용하여동시에학습

2. 학습중간에각모델의성능을비교

→ 높은성능의모델 parameter를다른모델에복제

(하위 25% → 상위 25%에있는모델weight을복제)

3. 적용된 Augmentation에변형을주어재탐색

4. 위과정을반복하며학습을완료

Ref) Ho, D., Liang, E., Chen, X., Stoica, I., & Abbeel, P. (2019, May).

Population based augmentation: Efficient learning of augmentation policy schedules.

In International Conference on Machine Learning (pp. 2731-2741). PMLR.
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Ref) Ho, D., Liang, E., Chen, X., Stoica, I., & Abbeel, P. (2019, May).

Population based augmentation: Efficient learning of augmentation policy schedules.

In International Conference on Machine Learning (pp. 2731-2741). PMLR.
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Ref) Ho, D., Liang, E., Chen, X., Stoica, I., & Abbeel, P. (2019, May).

Population based augmentation: Efficient learning of augmentation policy schedules.

In International Conference on Machine Learning (pp. 2731-2741). PMLR.
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Data1 Data2

label "A" label "A"

좋은 Augmentation이라면 loss는낮을것

Ref) Lim, S., Kim, I., Kim, T., Kim, C., & Kim, S. (2019). Fast autoaugment. Advances in Neural Information Processing Systems, 32.



30Ref) Lim, S., Kim, I., Kim, T., Kim, C., & Kim, S. (2019). Fast autoaugment. Advances in Neural Information Processing Systems, 32.

1. Train 데이터를 class 비율을맞추어 K개로나누고, 각묶음은 𝐷𝑀 , 𝐷𝐴로나눔

• K = 5로실험진행



31Ref) Lim, S., Kim, I., Kim, T., Kim, C., & Kim, S. (2019). Fast autoaugment. Advances in Neural Information Processing Systems, 32.

2. 𝐷𝑀으로만model을학습하고,𝐷𝐴는 Augmentation Policy를탐색

• policy에의한 sample별모델의성능결과로 Bayesian Optimization 진행

• 성능이좋은 N개 policy를병합하여하나의 policy 𝒯∗
𝐾 결정

• T번반복

• N=5, T=2로실험진행



32Ref) Lim, S., Kim, I., Kim, T., Kim, C., & Kim, S. (2019). Fast autoaugment. Advances in Neural Information Processing Systems, 32.

2. 각묶음에서구한 policy를최종 Policy로병합하여 Augmentation 진행



33Ref) Lim, S., Kim, I., Kim, T., Kim, C., & Kim, S. (2019). Fast autoaugment. Advances in Neural Information Processing Systems, 32.
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Search Space = (16 × 10 × 11)2×5≈ 2.9 × 1032

Search space를줄여보자!



35Ref) Cubuk, E. D., Zoph, B., Shlens, J., & Le, Q. V. (2020). Randaugment: Practical automated data augmentation with a reduced search space.

In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition workshops (pp. 702-703).in Neural Information Processing Systems, 32.

<Operation(augmentation) type>

0.1~1.0 (10 values)

0~10 (11 values)

<The probability of applying the operation>

<the magnitude of the operation>

16 methods

Search Space = (16 × 10 × 11)2×5≈ 2.9 × 1032

AutoAugment



36Ref) Cubuk, E. D., Zoph, B., Shlens, J., & Le, Q. V. (2020). Randaugment: Practical automated data augmentation with a reduced search space.

In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition workshops (pp. 702-703).in Neural Information Processing Systems, 32.

<Operation(augmentation) type>

1

14
(K=14)   1 value

0~30 (30 values)

<The probability of applying the operation>

<the magnitude of the operation>

14 methods

Search Space = (16 × 10 × 11)2×5≈ 2.9 × 1032

N값만결정
(몇가지사용할것인지)

M 값통일
(Type 상관없이

magnitude 통일적용)

𝑁 ×𝑀 ≈ 102

최적화 grid search만으로충분
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N=2,  M=9
Random한 Augmentaion 2가지를
강도 9로통일적용하여 input으로학습

Augmentation간의유의차는있으나개수가많아지면비슷한성능을보임 Augmentation별로 magnitude를변경해도큰차이가없고,
Constant로해도변경시켜주는것과유사한성능을얻음

Ref) Cubuk, E. D., Zoph, B., Shlens, J., & Le, Q. V. (2020). Randaugment: Practical automated data augmentation with a reduced search space.

In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition workshops (pp. 702-703).in Neural Information Processing Systems, 32.
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• Model의크기가클수록최적Magnitude 값이커짐

• Train Data의크기가클수록최적Magnitude 값커짐

Ref) Cubuk, E. D., Zoph, B., Shlens, J., & Le, Q. V. (2020). Randaugment: Practical automated data augmentation with a reduced search space.

In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition workshops (pp. 702-703).in Neural Information Processing Systems, 32.
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N개선택

ShearX

Rotate

Invert
N=3

ShearX

Rotate

Invert

ShearX

Invert

× 0.8

× 0.3

random

[적용 확률 : 0~1] [적용 정도 : 0~1][operation]

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.



40Ref) 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.
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1개선택

ShearX

N=1 고정

ShearX × 9

random한값

[적용확률] [적용강도][operation]

p=1 고정

ShearX

Ref) Müller, S. G., & Hutter, F. (2021). Trivialaugment: Tuning-free yet state-of-the-art data augmentation.

In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 774-782).
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※ limitation!
Image classfication 에서만좋은성능을보이며,
Object detection과같은다른 vision 분야에서는제대로작동하지않는것이발견
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AutoAugment

Fast AutoAugment

Population-based Augmentation

Faster AutoAugment

RandAugment

UniformAugment

DADA

TrivialAugment

Adversarial AutoAugment Deep AutoAugment
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