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❖ 관심분야

✓ Reinforcement Learning

✓ Time Series Data Analysis
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1. Time Series Clustering

2. Complete Time Series Clustering 

3. Incomplete Time Series Clustering

4. Conclusions



Time Series Clustering
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❖헬스케어, 제조, 보안, 금융, 게임, 재난예측등다방면에서중요성증대

❖데이터가많으나레이블링얻기가어려움

❖노이즈가많고고차원의학습양이크고정량적으로판단이쉽지않음
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❖복잡한 시계열데이터에대해 1차적으로분석가로하여금인사이트제공하며, 이상치탐지, 

트렌드분석,  패턴확인, 예측등에적용가능

Tanca, L., Azzalini, D., Azzalini, F., & Mazuran, M. (2019, June). Tracking the Evolution of Financial Time Series Clusters. In DSMM 2019-5th Workshop on Data 

Science for Macro-modeling with Financial and Economic Datasets.

투자자산가격클러스터링을통한
자산배분포트폴리오구성

아파트시세클러스터링을통한
유사단지실측치를이용한결측치예측
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❖기존데이터를사용하거나도메인전문가판단에의해피쳐추출가능

❖ Two-stage에의한클러스터링방법은조합의경우가많아최적찾기어려움

Raw-based
Data Feature-based 

Data

Two-stage Methods

One-stage Methods
Transformations:
- Standardization
- Smoothing
- Interpolation
- Stationarization
- Dimension Reduction 
- Business rules 

Imputation Clustering

Imputation + Clustering
Jointly Optimized

Time-Series Clustering 
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❖널리알려진 K-Means, K-Shape은시계열데이터가아닌일반데이터로많이사용

되어시계열데이터에맞는적합한모델이필요

❖고차원데이터존재하며, 길이가길경우계산복잡도가크게증가하며특히유사

도를측정하기위해 DTW(Dynamic Time Warping)은 𝑂(𝑛2)이므로계산량 많음

❖노이즈가심하고복잡한데이터이므로, 전문가를통한데이터전처리가필요

❖비선형데이터경우, 선형을가정하는일부방법론은사용불가

❖데이터수집주기가상이하며, 수집에이전트결함문제로현실데이터는결측치

를대부분포함하므로결측치가클러스터링성능을떨어뜨릴수있음



Complete Time Series Clustering 
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❖Deep Temporal Clustering : Fully Unsupervised Learning of Time-Domain Features

❖ 2018년 ICLR Reject되어현재는아카이브에등록

❖ 2023년 1월 6일기준, 87회인용

❖ 시계열데이터군집분석을위한초기딥러닝기반모델이며 End-to-End로학습하는프레임워크제시
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❖오토인코더기반표현벡터를얻기위해복원목적함수(dimensionality reduction)로는클러스

터링에적합한 Representation을얻기가어려우므로, 딥러닝모델에서최초로클러스터링에

적합한표현을얻기위해목적함수(clustering objectives)를추가

❖오버피팅과낮은성능이문제인 Two-stage 대신딥러닝기반최초 One-stage 방법제안

ENCODER

DECDOER 𝐿𝑟𝑒𝑐𝑜𝑛𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛

𝑧𝑖

Temporal 
Clustering 

layer

𝑋𝑖
𝐿𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑖𝑛𝑔

① Upper Branch
Reconstruction objective

② Lower Branch
Clustering Objective 
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❖고차원 + 긴시계열데이터를작은차원을가진 latent space로변환하여효율성증대

❖Noise에강하고관련이없는정보에대해필터링이가능

❖일반오토인코더구조와다르게, 인코더와디코더가대칭을이루고있지않음

❖ Short-Term의시계열패턴과전체관점의 Temporal 정보얻기위해 Convolution과 Bi-LSTM 사용

1D 
CNN

+
Leaky 
RELU 

1D 
CNN

+ 
Leaky 
RELU

B
i-LSTM

B
i-LSTM

U
p

Sam
p

le

D
eco

n
vo

lu
tio

n

𝑋𝑖 ෠𝑋𝑖
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❖인코더출력이잠재공간에서 K개클러스터군집이잘형성되도록 Manifold를가지게학습

❖초기학습된인코더가예측한값들이어느정도옳을것이다라는가정이필요하며, 이를기반으로초기각

클러스터의중심을구하고이에가장가까운클러스터를높은확률로예측하도록학습

① Reconstruction Objective으로만인코더초기학습하여, 출력벡터 𝑧𝑖 생성

② Hierarchical Clustering with Complete Package를통한 K개군집진행

③각군집에대한평균 centroid 인 𝑤𝑗, 𝑗∈𝑘 생성

④ i번째샘플이 K개클러스터각각의중심과의거리를나타내는벡터를 t분포커널

(alpha=1) 변환을하여확률로변환

𝑞𝑖,𝑗 =
1 +

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑧𝑖 , 𝑤𝑖)
𝛼

− 𝛼+1
2

σ𝑗=1
𝑘 1 +

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑧𝑖 , 𝑤𝑖)
𝛼

− 𝛼+1
2

Complexity Invariant Similarity(CID)
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❖인코더출력이잠재공간에서 K개클러스터군집이잘형성되도록 Manifold를가지게학습

❖초기학습된인코더가예측한값들이어느정도옳을것이다라는가정이필요하며, 이를기반으로초기각

클러스터의중심을구하고이에가장가까운클러스터를높은확률로예측하도록학습

𝑝𝑖,𝑗 =
𝒒𝒊,𝒋
𝟐 /𝑓𝑗

σ𝑗=1
𝑘 𝒒𝒊,𝒋

𝟐 /𝑓𝑗
, 𝑤ℎ𝑒𝑟𝑒 𝑓𝑗 =෍

𝑖=1

𝑛

𝑞𝑖,𝑗

⑤비지도학습특성상 p의값은정답이어야하는데, 비지도학습이라 centroid 

vector가없으므로아래와같이초반에학습된인코더의출력의 q 값을신뢰하고

q값이큰것이레이블이크게 high confidence 예측이되도록제곱을취하며 확률

값으로변환
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❖오토인코더의모델파라미터와클러스터의센터들을 𝐿𝑐와 𝐿𝑎𝑒으로학습

❖매번 SGD 업데이트마다 Target distribution p를업데이트를하면서학습

ENCODER

DECDOER 𝐿𝑟𝑒𝑐𝑜𝑛𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛

𝑧𝑖

Temporal 
Clustering 

layer

𝑋𝑖
𝐿𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑖𝑛𝑔

෍

𝒊=𝟏

𝒏

෍

𝒋=𝟏

𝒌

𝒑𝒊,𝒋𝐥𝐨𝐠
𝒑𝒊𝒋

𝒒𝒊𝒋

𝟏

𝟐
𝒙 − 𝒙′ 𝟐

𝟐
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❖DTC 모델에서나온클러스터정보를라벨정보로활용하여지도학습진행

❖클러스터를구분지을수있는특징에대한부분을 Heat Map Network으로시각화
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❖ Learning Representations for Time Series Clustering

❖ 2019 NIPS Accept paper

❖ 2023년 1월 6일기준, 93회인용

❖ DTC 방법론에딥러닝에적용가능한 K-Means Loss와 Fake sample 감지하는 Auxiliary Task 통해성능향상시킴
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❖ Seq2seq 모델의영감을받아, 시계열데이터를적용한논문

❖DTC 과유사하지만, 인코더(Bi-Directional Dilated Recurrent Neural Networks) 와추가의

Objectives(K-Means Objective) 를사용하여성능향상과시각화로학습이잘됨을보여줌

Real

Fake

ENCODER

DECDOER

Real / Fake
Classifier

𝐿𝑟𝑒𝑐𝑜𝑛𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛

𝐿𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛

𝐿𝐾−𝑚𝑒𝑎𝑛𝑠
②클러스터링

Objective  

① Fake sample 
generation strategy

③ Reconstruction 
Objective
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❖입력시계열의 20%를랜덤하게 Shuffling 하여가짜데이터를생성

Real

Fake

ENCODER

DECDOER

Real / Fake
Classifier

𝐿𝑟𝑒𝑐𝑜𝑛𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛

𝐿𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛

𝐿𝐾−𝑚𝑒𝑎𝑛𝑠

𝑳𝒄𝒍𝒂𝒔𝒔𝒊𝒇𝒊𝒄𝒂𝒕𝒊𝒐𝒏 = −
𝟏

𝟐𝑵
෍

𝒊=𝟏

𝟐𝑵

෍

𝒋=𝟏

𝟐

𝟏 𝒚𝒊,𝒋 = 𝟏 𝐥𝐨𝐠
𝒆𝒙𝒑ෝ𝒚𝒊,𝒋

σ𝒋=𝟏
𝟐 𝒆𝒙𝒑ෝ𝒚𝒊,𝒋
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❖ K Means Clustering은 data vector와 cluster centroid 사이의거리를최소화하는문제푸는문제

로정의하며, [1] 논문을이용하여 trace maximization 문제로재정의하여딥러닝학습이가능

한목적식을이용

𝝀𝑳𝑲−𝒎𝒆𝒂𝒏𝒔 = 𝑻𝒓 𝑯𝑻𝑯 − 𝑻𝒓 𝑭𝑻𝑯𝑻𝑯𝑭

[1] Zha, H., He, X., Ding, C., Gu, M., & Simon, H. (2001). Spectral relaxation for k-means clustering. Advances in neural information processing 

systems, 14.

𝑤ℎ𝑒𝑟𝑒 𝐻 ∈ 𝑅ℎ×𝑁, 𝐹 ∈ 𝑅𝑁×𝑘

Update H Update F

F = k-truncated  SVD of H 
(Ky fan theorem)

relaxation𝑠. 𝑡. 𝐹𝑇𝐹 = 𝐼

by SGD by Ky fan 
theorem

주기(하이퍼파라메터)마다
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Real

Fake

ENCODER

DECDOER

Real / Fake
Classifier

𝐿𝑟𝑒𝑐𝑜𝑛𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛

𝐿𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛

𝐿𝐾−𝑚𝑒𝑎𝑛𝑠

𝐿𝑟𝑒𝑐𝑜𝑛𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 =
1

𝑛
෍

𝑖=1

𝑛

𝑥𝑖 − ො𝑥𝑖 2
2

❖ 오토인코더의 목적함수와동일하며 Mean Square Error를통하여원래데이터로복원
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❖50 에폭학습이진행됨에따라 클러스내샘플은모이고클러스터간거리는벌어짐을시각화

를통해확인
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❖ Ablation Study를진행했을경우,  K-Means Loss와 Classification loss가각각도움이되고모두

적용이되었을경우잘되는것을실험결과와함께 T-SNE 시각화결과까지보여줌
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❖ K-Means가실수할경우에도학습을잘할수있는가에대해 F 값을랜덤하게변형해서실험

했을경우 𝐿𝑟𝑒𝑐𝑜𝑛𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛에대한학습이도움이되는것을볼수있다. 



Incomplete Time Series Clustering 
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❖ Learning Representations for Incomplete Time Series Clustering

❖ 2021 AAAI Accept paper

❖ 2023년 1월 6일기준, 6회인용

❖ DTCR 논문과같은저자가쓴논문으로, 결측치가포함된시계열데이터에대한클러스터링모델제시
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𝐿𝐶𝑅𝐿𝐼 = 𝐿𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 + 𝐿𝑟𝑒𝑐𝑜𝑛𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 + 𝐿𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑟𝑖𝑎𝑙 + 𝜆𝐿𝐾−𝑚𝑒𝑎𝑛𝑠

❖복원과클러스터링을위한별도학습진행(𝐿𝑘−𝑚𝑒𝑎𝑛𝑠) DTC, DTCR과유사

❖기여점 : 결측치포함한데이터학습이가능한구조로,  결측치예측(𝐿_𝑝𝑟𝑒)과

Discriminator를이용하여결측치여부를판단하도록추가손실함수(𝐿_𝑎𝑑𝑣) 정의함

Encoder

DECDOER

Linear

Discriminator
1
0
0 1 1 1 0 0 1

1
0
0 0 1 1 0 1 0

1 0 1 1 1 0 1
0 1 0 1 0 1 0
0 1 0 1 1 1 0

𝐿𝑟𝑒𝑐𝑜𝑛𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛

𝐿𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑟𝑖𝑎𝑙
𝐿𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛

Latent Representation

𝐿𝐾−𝑚𝑒𝑎𝑛𝑠

② Upper Branch
Imputation 관련 objective

①결측치허용
인코더

③ Lower Branch
클러스터링 Objective 
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❖인코더부분은결측치를허용하기위해 BRITS[1] 모델을인코더모델구조사용

❖결측치부분이 regression layer를통해예측된값으로채워져 RNN에사용

𝑯𝟑 𝑯𝟒 𝑯𝟓 𝑯𝟔 𝑯𝟕 𝑯𝟖

𝒙𝟑
𝒄

𝒙𝟑

𝒙𝟒
𝒄

𝒙𝟒

𝒙𝟓
𝒄

𝒙𝟓

𝒙𝟔
𝒄

𝒙𝟔

𝒙𝟕
𝒄

𝒙𝟕

𝒙𝟖
𝒄

𝒙𝟖

ෝ𝒙𝟑 ෝ𝒙𝟒 ෝ𝒙𝟓 ෝ𝒙𝟔 ෝ𝒙𝟕 ෝ𝒙𝟖

Regression
Layer

Recurrent
Layer

Complement
Variable

Input Value

Estimated
variable

Cao, W., Wang, D., Li, J., Zhou, H., Li, L., & Li, Y. (2018). Brits: Bidirectional recurrent imputation for time series. Advances in neural information processing 

systems, 31.

ℎ𝑡 = tanh 𝑊ℎℎ𝑡−1 +𝑊𝑥𝑥𝑡 + 𝑏

𝑢𝑡 = 𝑚𝑡⨀𝑥𝑡 + 1 −𝑚𝑡 ⨀ො𝑥𝑡

ො𝑥𝑡 = 𝑊𝑖𝑚𝑝ℎ𝑡−1 + 𝑏𝑖𝑚𝑝

𝑆 = 𝑊𝑠𝑆

ℎ𝑡 = tanh(𝑊ℎℎ𝑡−1 +𝑊𝑥𝒖𝒕 + 𝑏 )

Original RNN Revised RNN

Missing Values
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❖ 인코더가실측치를잘맞추도록 MSE Loss를최소화하는방향으로학습함으로써결측치

또한잘예측하도록유도

❖ Encoder역할외에도 Generator역할을잘하도록 Adversarial Loss를최소화

𝐿𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 =
1

𝑁
෍

𝑖=1

𝑁

𝑋𝑖 − ෠𝑋𝑖 ⨀𝑀𝑖 2

2

𝐿𝑑𝑖𝑠𝑐𝑟𝑖𝑚𝑖𝑛𝑖𝑛𝑎𝑡𝑜𝑟 = − 𝐸𝑙𝑜𝑔 𝐷 𝑋𝑟𝑒𝑎𝑙 + 𝐸𝑙𝑜𝑔 1 − 𝐷 ෠𝑋𝑝𝑟𝑒

Discriminator
1
0
0 1 1 1 0 0 1

1
0
0 0 1 1 0 1 0

1 0 1 1 1 0 1
0 1 0 1 0 1 0
0 1 0 1 1 1 0

𝐿𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑟𝑖𝑎𝑙 =
1

𝑁
෍

𝑖=1

𝑁

1 −𝑀𝑖 ⨀log(1 − 𝐷 𝑈𝑖 )

෡𝑿𝒊

Encoder
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❖시계열 Dynamics 를이해하고클러스터형성을위한표현벡터생성결측치예측에서클러스

터링으로에러가전이되는것을방지하는역할을함

❖DTCR 방법론과마찬가지로 H가변경됨에따라 F가변경이되어야하므로 iteratively 업데이트

❖Temporal Reconstruction과클러스터링이잘되도록 K-Means Loss를같이목적함수로활용

Encoder

DECDOER

Linear

𝐿𝑟𝑒𝑐𝑜𝑛𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛Latent 
Representation

𝐿𝐾−𝑚𝑒𝑎𝑛𝑠

𝑻𝒓 𝑯𝑻𝑯 − 𝑻𝒓 𝑭𝑻𝑯𝑻𝑯𝑭 𝒔. 𝒕. 𝑭𝑻𝑭 = 𝑰

𝟏

𝑵
(𝑿𝒊 − 𝒇𝒅𝒆𝒄 𝑯𝒊 ⨀𝑴𝒊 𝟐

𝟐

𝑯
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❖베이스라인에는금일주제인 DTC, DTCR 모델들이포함되어있으며, 총 8가지데이터셋에대

해서실험을하며,  Liang 데이터셋외에는더좋은성능을내고있음

𝑅𝐼 =
𝑇𝑃 + 𝑇𝑁

n n − 1 /2
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❖결측치만평가했을때는클러스터링을잘하기위한목적함수를주었으므로 BRITS 대비

Imputation 성능인 RMSE가떨어지지만,  클러스터링성능에서는우수한성능을보임
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❖CRLI 인코더에사용한 BRITS 방법론을통하여결측치를채운후 DTCR, DTC에도적용

❖베이스라인대비시각화를해도훨씬더잘군집화가된것을 inter-class 들은멀고 intra-class

들은잘모아져있는것으로확인가능
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❖Ablation 실험을통해서도 adversarial과 jointly optimization,  Lower branch 에 Linear Layer를넣

음으로써성능이올라간것에대한성능검증 함
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❖ 일반적인클러스터링알고리즘에시계열데이터클러스터링적용에대한어려움에대해알

아보았으며, 이를개선하기위해딥러닝기반의알고리즘들을소개

❖어려운점에대해서소개한딥러닝모델을통하여더좋은성능의군집분석을확인

❖One stage와 Two Stage 방법에따른딥러닝모델에대한다양한학습방식에대해파악

❖결측치가포함된현실데이터에적용가능한딥러닝모델에대해소개
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