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No 키 몸무게 성별
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강아지

고양이

새

Q. 이미지와같은고차원데이터에서는어떻게해야군집을잘할수있을까?
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강아지
고양이

새

Q. 이미지와같은고차원데이터에서는어떻게해야군집을잘할수있을까?

A. 이미지특징을잘추출하는 vector를만들어군집을진행하자!



2. Deep Clustering
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Convolution① Max-pooling Convolution②

Fully Connected Layer

0.8 = 팬더

0.1 = 강아지

0.08 = 캥거루

0.02 = 고양이

<Classification Model>

[Input Image]

이미지특징을잘추출한Vector
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Convolution① Max-pooling Convolution②

Fully Connected Layer

0.8 = 팬더

0.1 = 강아지

0.08 = 캥거루

0.02 = 고양이

<Classification Model>

[Input Image]

이미지특징을잘추출한Vector

레이블정보 (=Y) 없이입력데이터의특징을
잘추출할수있는기법을활용해야함

→ 자기지도학습방법 (Self-supervised Learning) 활용
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MoCoLoss= −log
exp(𝑓 𝑥 𝑇𝑓 𝑥+ )

exp 𝑓 𝑥 𝑇𝑓 𝑥+ +σ𝑗=1
𝑁−1exp(𝑓 𝑥 𝑇𝑓 𝑥𝑗 )
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<MoCo로학습을진행하기전>
Feature space
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강아지
고양이

새

<MoCo로학습을진행한후>
Feature space
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MLPMLP
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Predictor

Augmentation 조합 교환해
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http://dmqa.korea.ac.kr/activity/seminar/310


2. 
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3. 
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𝐿 = 𝐿𝑝𝑠𝑎 + 𝛼𝑝𝑠𝑙 ∗ 𝐿𝑝𝑠𝑙

𝑚,𝛼𝑝𝑠𝑙 : ℎ𝑦𝑝𝑒𝑟 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟
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데이터는 가까워지게
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𝐿𝑝𝑠𝑙 = 𝑔 𝑓 𝑥 + 𝜎𝜀) − 𝑓′(𝑥+ − 2
2

𝜀 ~ 𝑁(0, 𝐼)

같은 cluster는 가까워지게

다른 cluster는 멀어지게

BYOL L2 Loss와 유사

MoCoLoss= −log
exp(𝑓 𝑥 𝑇𝑓 𝑥+ )

exp 𝑓 𝑥 𝑇𝑓 𝑥+ +σ𝑗=1
𝑁−1exp(𝑓 𝑥 𝑇𝑓 𝑥𝑗 )
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4. Conclusions
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https://www.lgresearch.ai/blog/view/?seq=193
http://dmqa.korea.ac.kr/activity/seminar/310
http://dmqa.korea.ac.kr/activity/seminar/355
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