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Introduction

• Feature Extractor : 입력 데이터로부터 중요한 정보를 요약, 추출

• Fully-Connected Layer : 요약정보로부터 목적에 알맞는 타겟값을 예측

Representation 
Vector

Feature 
Extractor Fully-Connected Layer

Spiderman

Thor

Iron Man

Hulk
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Introduction

• Supervised Learning 을 위한 Labeled Data 를 구축하는 것은 시간/비용적 소모가 큼

• 대량의 Unlabeled Data 를 활용하여 Feature Extractor 를 학습할 수 없을까?

Labeled Data

Unlabeled Data Unsupervised Pre-training

Supervised Fine-tuning

Representation 
Vector

ProjectorFeature Extractor
(Encoder)
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Previous SSL Methods

Representation 
Vector

Doersch, C., Gupta, A., & Efros, A. A. (2015). Unsupervised visual representation learning by context 

prediction. In Proceedings of the IEEE international conference on computer vision (pp. 1422-1430).
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Previous SSL Methods

Doersch, C., Gupta, A., & Efros, A. A. (2015). Unsupervised visual representation learning by context 

prediction. In Proceedings of the IEEE international conference on computer vision (pp. 1422-1430).

1. Pretext task 방식은휴리스틱(heuristic)에기반하기때문에
Representation Vector의일반성이제한됨

→ Heuristic에상관없이 Instance의표현을잘뽑을수없을까?

http://dmqa.korea.ac.kr/activity/seminar/284
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Previous SSL Methods

Representation VectorImages

Hypersphere
Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020, November). A simple framework for contrastive 

learning of visual representations. In International conference on machine learning (pp. 1597-1607). PMLR.

𝐼𝑡1

𝐼𝑡2
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Previous SSL Methods

1. Contrastive Learning은대량의 Negative Sample과비교할때뛰어난
성능을보임

→ Negative Sample 없이뛰어난 Representation을학습할수는없을까?

2. 같은범주/의미론적유사성을가지더라도다른객체에대해
Negative로선정하기때문에 False Negative 문제가발생

→의미론적유사성을고려하기위해 Clustering 을활용할수있을까?

1. Contrastive Learning은대량의 Negative Sample과비교할때뛰어난
성능을보임

→ Negative Sample 없이뛰어난 Representation을학습할수는없을까?

2. 같은범주/의미론적유사성을가지더라도다른객체에대해
Negative로선정하기때문에 False Negative 문제가발생

→의미론적유사성을고려하기위해 Clustering 을활용할수있을까?

http://dmqa.korea.ac.kr/activity/seminar/302
http://dmqa.korea.ac.kr/activity/seminar/308
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Previous SSL Methods

Projection Vector

𝑀𝑆𝐸 𝐿𝑜𝑠𝑠

1
1
1
1
1
1

Collapsed 
Representation

Grill, J. B., Strub, F., Altché, F., Tallec, C., Richemond, P., Buchatskaya, E., ... & Valko, M. (2020). 

Bootstrap your own latent-a new approach to self-supervised learning. Advances in neural information 

processing systems, 33, 21271-21284.

ProjectorEncoder
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Previous SSL Methods

Projection Vector

Prediction Vector

𝑀𝑆𝐸 𝐿𝑜𝑠𝑠

Stop 
Gradient

Grill, J. B., Strub, F., Altché, F., Tallec, C., Richemond, P., Buchatskaya, E., ... & Valko, M. (2020). 

Bootstrap your own latent-a new approach to self-supervised learning. Advances in neural information 

processing systems, 33, 21271-21284.

EMA Update
Predictor
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Previous SSL Methods

1. Distillation 기반방법론은 Collapsed Representation을해결하기위
해 Asymmetric Architecture/Batch Normalization 등모델구조적제

약이존재

http://dmqa.korea.ac.kr/activity/seminar/310
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Previous SSL Methods

Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020, November). A simple framework for contrastive 

learning of visual representations. In International conference on machine learning (pp. 1597-1607). PMLR.

1. Contrastive Learning은대량의 Negative Sample과비교할때뛰어난
성능을보임

→ Negative Sample 없이뛰어난 Representation을학습할수는없을까?

2. 같은범주/의미론적유사성을가지더라도다른객체에대해
Negative로선정하기때문에 False Negative 문제가발생

→의미론적유사성을고려하기위해 Clustering 을활용할수있을까?

1. Contrastive Learning은대량의 Negative Sample과비교할때뛰어난
성능을보임

→ Negative Sample 없이뛰어난 Representation을학습할수는없을까?

2. 같은범주/의미론적유사성을가지더라도다른객체에대해
Negative로선정하기때문에 False Negative 문제가발생

→의미론적유사성을고려하기위해 Clustering 을활용할수있을까?

http://dmqa.korea.ac.kr/activity/seminar/302
http://dmqa.korea.ac.kr/activity/seminar/308


14/45

Previous SSL Methods

Hypersphere

Caron, M., Bojanowski, P., Joulin, A., & Douze, M. (2018). Deep clustering for unsupervised learning of 

visual features. In Proceedings of the European conference on computer vision (ECCV) (pp. 132-149).
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Previous SSL Methods

1. Clustering Phase가비동기적으로수행되기때문에 Scale Up이어려
움

2. Online Clustering이가능하더라도대량의 Negative Comparison이
필요한것은마찬가지

http://dmqa.korea.ac.kr/activity/seminar/386
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Previous SSL Methods

Unlabeled Data에서 Task Agnostic한
pseudo-label을생성하여학습

→Heuristic Method,
Limited Generalization

Pretext Task

동일객체(instance) 여부에따라
positive/negative를정의하여 Cosine 

Similarity로학습

→Large Memory, 
False Negative Problem

Contrastive Learning

Negative Sample 없이 Positive Sample
만을활용하여학습

→Asymmetric Architecture, Batch 
Normmalization

Distillation

클러스터링을활용하여 Semantic 
Similarity를포착, Instance 
Discrimination 단점극복

→Offline Clustering, Large batch size

Clustering
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Information Maximization Methods
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Information Maximization Methods

Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning 

via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.

https://github.com/facebookresearch/barlowtwins
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Information Maximization Methods

David H. Barlow
Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning 

via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.

“The goal of sensory processing is to recode highly redundant 
sensory inputs into a factorial code, a code with statistically 
independent components”
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Information Maximization Methods

David H. Barlow

Spider

Man

Red

Spider

Man

Human

Highly Correlated

Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning 

via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.
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Information Maximization Methods

𝒀𝑨

𝒀𝑩

𝒁𝑨 = 𝒛𝟏
𝑨, … , 𝒛𝑵

𝑨 ∈ ℝ𝑵×𝒅

𝒁𝑩 = 𝒛𝟏
𝑩, … , 𝒛𝑵

𝑩

Cross-Correlation
Matrix

Identity
Matrix

𝐶𝑖𝑗 ≜
Σ𝑏𝑧𝑏,𝑖

𝐴 𝑧𝑏,𝑗
𝐵

Σ𝑏 𝑧𝑏,𝑖
𝐴 2

Σ𝑏 𝑧𝑏,𝑗
𝐵 2

𝐶𝑖𝑗 ≜
Σ𝑏𝑧𝑏,𝑖

𝐴 𝑧𝑏,𝑗
𝐵

Σ𝑏 𝑧𝑏,𝑖
𝐴 2

Σ𝑏 𝑧𝑏,𝑗
𝐵 2

𝐶𝑖𝑗 ≜
Σ𝑏𝑧𝑏,𝑖

𝐴 𝑧𝑏,𝑗
𝐵

Σ𝑏 𝑧𝑏,𝑖
𝐴 2

Σ𝑏 𝑧𝑏,𝑗
𝐵 2

𝑖

𝑗

𝐿𝐵𝑇

𝑳𝑩𝑻 ≜ 𝚺𝒊 𝟏 − 𝑪𝒊𝒊
𝟐 + 𝝀𝚺𝒊𝚺𝒋≠𝒊𝑪𝒊𝒋

𝟐

Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning 

via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.

Images Encoder Projector Embedding Vectors
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Information Maximization Methods

Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning 

via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.
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Information Maximization Methods

Zbontar, J., Jing, L., Misra, I., LeCun, Y., & Deny, S. (2021, July). Barlow twins: Self-supervised learning 

via redundancy reduction. In International Conference on Machine Learning (pp. 12310-12320). PMLR.
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Information Maximization Methods

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised 

representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.

https://github.com/htdt/self-supervised
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Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised 

representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.

Information Maximization Methods

𝑿

Representation VectorImages

Hypersphere

Encoder Projector

Positive-Negative Contrast가필요없기때문에 Multi-Positive Sample간
의비교가가능
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Information Maximization Methods

✓ 𝐯𝑖 𝐯𝑗 (𝑥𝑖 𝑥𝑗)

min
𝜃

𝐸 𝑑𝑖𝑠𝑡 𝐯𝑖 , 𝐯𝑗

𝑠. 𝑡. 𝑐𝑜𝑣 𝐯𝑖 , 𝐯𝑖 = 𝑐𝑜𝑣 𝐯𝑗 , 𝐯𝑗 = 𝐈

𝑑𝑖𝑠𝑡 𝐯𝑖 , 𝐯𝑗 =
𝐯𝑖
𝐯𝑖 2

−
𝐯𝑗

𝐯𝑗 2 2

2

= 2 − 2
𝐯𝑖 , 𝐯𝑗

𝐯𝑖 2 − 𝐯𝑗 2

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised 

representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.
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Information Maximization Methods

✓ 𝑑 # 𝑜𝑓 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠(𝑎𝑢𝑔𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛)

# 𝑜𝑓 𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐼𝑚𝑎𝑔𝑒𝑠

𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 𝑉𝑒𝑐𝑡𝑜𝑟𝑠 𝑖𝑛 𝑎 𝑏𝑎𝑡𝑐ℎ 𝐯1, 𝐯2, … , 𝐯𝐾 , 𝐾 = 𝑁𝑑

𝐿𝑀𝑆𝐸 𝑉 =
2

𝑁𝑑 𝑑 − 1
෍

𝑝𝑜𝑠 𝑖,𝑗 =𝑇𝑟𝑢𝑒

𝑑𝑖𝑠𝑡(𝐯𝑖 , 𝐯𝑗)

𝑑𝑖𝑠𝑡 𝐯𝑖 , 𝐯𝑗 =
𝐯𝑖
𝐯𝑖 2

−
𝐯𝑗

𝐯𝑗 2 2

2

= 2 − 2
𝐯𝑖 , 𝐯𝑗

𝐯𝑖 2 − 𝐯𝑗 2

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised 

representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.



28/45

Information Maximization Methods

✓ 𝑑 # 𝑜𝑓 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠(𝑎𝑢𝑔𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛)

# 𝑜𝑓 𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐼𝑚𝑎𝑔𝑒𝑠

𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 𝑉𝑒𝑐𝑡𝑜𝑟𝑠 𝑖𝑛 𝑎 𝑏𝑎𝑡𝑐ℎ 𝐯1, 𝐯2, … , 𝐯𝐾 , 𝐾 = 𝑁𝑑

𝐿𝑀𝑆𝐸 𝑉 =
2

𝑁𝑑 𝑑 − 1
෍

𝑝𝑜𝑠 𝑖,𝑗 =𝑇𝑟𝑢𝑒

𝑑𝑖𝑠𝑡(𝐳𝑖 , 𝐳𝑗)

𝐳 = 𝑊ℎ𝑖𝑡𝑒𝑛𝑖𝑛𝑔 𝐯 = 𝑊𝑉(𝐯 − 𝜇𝑉)

𝑑𝑖𝑠𝑡 𝐳𝑖 , 𝐳𝑗 =
𝐳𝑖
𝐳𝑖 2

−
𝐳𝑗

𝐳𝑗 2 2

2

= 2 − 2
𝐳𝑖 , 𝐳𝑗

𝐳𝑖 2 − 𝐳𝑗 2

𝜇𝑉 =
1

𝐾
෍

𝑘
𝐯𝑘

Σ𝑉 =
1

𝐾 − 1
෍

𝑘
𝐯𝑘 − 𝜇𝑉 𝐯𝑘 − 𝜇𝑉

𝑇

𝑊𝑉
𝑇𝑊𝑉 = Σ𝑉

−1

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised 

representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.
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Information Maximization Methods

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised 

representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.
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Information Maximization Methods

𝑵

𝒅

ProjectorEncoder
Whitening 
Transform

Hypersphere
Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised 

representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.
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𝒔𝒖𝒃 − 𝒃𝒂𝒕𝒄𝒉 𝒔𝒊𝒛𝒆

𝒆𝒎𝒃 𝒔𝒊𝒛𝒆

𝒆𝒎𝒃 𝒔𝒊𝒛𝒆 ∗ 𝟐 = 𝒔𝒖𝒃 − 𝒃𝒂𝒕𝒄𝒉 𝒔𝒊𝒛𝒆

Information Maximization Methods

𝜇𝑉 ,𝑊𝑉

𝜇𝑉 ,𝑊𝑉
𝒅

𝑵

𝒑𝒂𝒓𝒕𝒊𝒕𝒊𝒐𝒏 𝟏

𝒑𝒂𝒓𝒕𝒊𝒕𝒊𝒐𝒏 𝟐

𝒑𝒂𝒓𝒕𝒊𝒕𝒊𝒐𝒏 𝟑

𝜇𝑉3 ,

𝑊𝑉3

𝜇𝑉4 ,

𝑊𝑉4

𝜇𝑉5 ,

𝑊𝑉5

𝜇𝑉6 ,

𝑊𝑉6

𝜇𝑉1 ,

𝑊𝑉1

𝜇𝑉2 ,

𝑊𝑉2

Batch Slicing Calculate Statistics

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised 

representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.
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Information Maximization Methods

Ermolov, A., Siarohin, A., Sangineto, E., & Sebe, N. (2021, July). Whitening for self-supervised 

representation learning. In International Conference on Machine Learning (pp. 3015-3024). PMLR.
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Information Maximization Methods

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-

supervised learning. arXiv preprint arXiv:2105.04906.

https://github.com/facebookresearch/vicreg
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Information Maximization Methods

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-

supervised learning. arXiv preprint arXiv:2105.04906.
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Information Maximization Methods

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-

supervised learning. arXiv preprint arXiv:2105.04906.

𝒔 𝒁, 𝒁′ =
𝟏

𝒏
𝚺𝒊
𝒏 𝒛𝒊 − 𝒛𝒊

′
𝟐
𝟐

𝑿

𝑿′

𝒁

𝒁′

Images Encoder Projector Embedding Vectors

𝑑

𝑁
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Information Maximization Methods

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-

supervised learning. arXiv preprint arXiv:2105.04906.

𝒗(𝒁) =
𝟏

𝒅
𝚺𝒋
𝒅𝒎𝒂𝒙(𝟎, 𝜸 − 𝑺 𝒛𝒋, 𝝐 )

𝑿

𝑿′

𝒁

𝒁′

Images Encoder Projector Embedding Vectors

𝑑

𝑁

𝑺 𝒙, 𝝐 = 𝑽𝒂𝒓 𝒙 + 𝝐

𝒗(𝒁′) =
𝟏

𝒅
𝚺𝒋
𝒅𝒎𝒂𝒙(𝟎, 𝜸 − 𝑺 𝒛′𝒋, 𝝐 )

𝑠𝑡𝑑(𝑧𝑗)

max(0, 𝛾 − 𝑠𝑡𝑑 𝑧𝑗 )

𝛾 = 5,
𝑑 = 1
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Information Maximization Methods

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-

supervised learning. arXiv preprint arXiv:2105.04906.

𝑠𝑡𝑑(𝑧𝑗)

max(0, 𝛾 − 𝑠𝑡𝑑 𝑧𝑗 )

𝛾 = 5,
𝑑 = 1

𝑠𝑡𝑑(𝑧𝑗)

max(0, 𝛾 − 𝑉𝑎𝑟 𝑧𝑗 )

𝛾 = 5,
𝑑 = 1
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Information Maximization Methods

Bardes, A., Ponce, J., & LeCun, Y. (2021). Vicreg: Variance-invariance-covariance regularization for self-

supervised learning. arXiv preprint arXiv:2105.04906.

𝑿

𝑿′

𝒁

𝒁′

Images Encoder Projector Embedding Vectors

𝑑

𝑁

𝑪 𝒁 =
𝟏

𝒏 − 𝟏
𝚺𝒊=𝟏
𝒏 𝒛𝒊 − ത𝒛 𝒛𝒊 − ത𝒛 𝑻

𝑪 𝒁′ =
𝟏

𝒏 − 𝟏
𝚺𝒊=𝟏
𝒏 𝒛𝒊

′ − ത𝒛′ 𝒛𝒊
′ − ത𝒛′ 𝑻

𝒄 𝒁 =
𝟏

𝒅
𝚺𝒊≠𝒋 𝑪 𝒁 𝒊,𝒋

𝟐

𝒄 𝒁′ =
𝟏

𝒅
𝚺𝒊≠𝒋 𝑪 𝒁′ 𝒊,𝒋

𝟐
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Information Maximization Methods
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Invariance Term Variance Term Covariance Term

• Encoding Representation • Collapse Prevention • Redundancy Reduction
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