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✓ Reinforcement Learning
✓ Time Series Data Analysis



- 3 -

1. Time Series Representation Learning

2. Time Series Augmentations 

3. Representative Concrete Methods

4. Conclusion



Time Series Representation Learning
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❖빅데이터, IoT , SNS등다양한시계열데이터들이아주빠른속도로생산되고있음

❖헬스케어, 장비이상탐지, 보안, 금융, 게임, 재난예측등다양한어플리케이션으로중요성증대
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❖시계열데이터는다음의특성가지고있다

✓ 추세(Trend) : 세부적인데이터를다빼고전체적으로보았을때큰흐름을보이는경향정보

✓ 계절성(Seasonality) : 특정한기간마다어떤패턴을가지고반복하는특성

✓ 랜덤(Random) : 추세, 계절성등으로설명되지않은노이즈(noise) 데이터의미

❖정상성 : 시계열의분포가시간에따라불변하다고가정하고시계열분석진행

❖일반데이터와다르게 X, Y의상관관계가있다면시계열데이터는이전시점과이

후시점과의상관관계가있다.

❖다변량데이터의경우는단변량데이터보다더복잡해지고어려워짐
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❖ 시계열데이터는생성은쉬운반면, 도메인전문가의오랜시간과노력이필요하여라벨링

정보은적고, 비용은 Image, Text 데이터보다크다

❖ 라벨링회사에도이미지/텍스트에집중하며고차원시계열데이터는지원어려움

고차원의 시계열 데이터에서 라벨링은 쉽지
않으며, 전문가의 도움이 필요

라벨링 서비스에 고차원의 시계열 데이터 라벨링
분류는 존재하지 않음

https://www.kdnuggets.com/2021/09/visplore-label-time-series-efficiently.html
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❖ 주어진입력데이터만을이용하여레이블정보없이원래학습하고자하는목표에

맞는좋은피처정보를추출하기위한사전학습방법

분류에맞는학습된피처

입력데이터

PredictionX

X’

Y

사전학습단계

수도레이블
생성

사후학습단계

지도학습모델방식
학습진행

Z
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❖ 사전학습단계의수도레이블은 Pretext을정의하면알아서만들어지게됨

❖ 사후학습목적을위한좋은피처(X’)를생성하기위해사전정의한문제이며, 언레

이블데이터에표현학습을위한레이블(Z) 부여

분류에맞는학습된피처

입력데이터

PredictionX

X’

Y

사전학습단계

수도레이블
생성

사후학습단계

지도학습모델방식
학습진행

Z
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❖ Pretext 정의는데이터특성과사후학습목적에따라달라질수있음

❖ 연구가많이이루어진이미지분야의예시로 Pretext 종류설명

✓ Masked Prediction

✓ Transformation Prediction

✓ Instance (Contrastive) Discrimination

Z

X

레이블이 “없는”데이터 레이블이 “있는”데이터
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❖ Pretext 정의는데이터특성과사후학습목적에따라달라질수있음

❖ 연구가많이이루어진이미지분야의예시로 Pretext 종류설명

✓ Masked Prediction

✓ Transformation Prediction

✓ Instance (Contrastive) Discrimination

X

90도 Z

X

레이블이 “없는”데이터 레이블이 “있는”데이터
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Z = 1

Z = 0

Pull Together

Push Apart

❖ Pretext 정의는데이터특성과사후학습목적에따라달라질수있음

❖ 연구가많이이루어진이미지분야의예시로 Pretext 종류설명

✓ Masked Prediction

✓ Transformation Prediction

✓ Instance (Contrastive) Discrimination

레이블이 “없는”데이터 레이블이 “있는”데이터
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❖ 이미지분야에다양한 Pretext 연구가많이이뤄지는이유는다양한 Augmentation 

기법들이존재하고그또한직관적인이해가쉽고, 데이터특성이뒷받침된다.

Z = 1

Z = 0

Pull Together

Push Apart

Instance (Contrastive) Discrimination

X

90도 Z

X

Transformation Prediction

Masked Prediction

Z

X

Rotation

Mask

Mask

Gray 
Scale
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❖ Q : 이미지/텍스트에서사용하는 Augmentation 기법들을시계열에적용한다면?

❖ A : 어렵다. 시계열데이터특성상시간에따라분포나특성이바뀐다.

이미지데이터 시계열데이터VS

90도회전

GrayScale



Time Series Augmentations
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❖ 시계열데이터크기를바꾸는가공방법(Y축기준)

가공
방법

원래데이터 가공데이터 특징

Jitter 각타임스탬프에노이즈적용
노이즈는𝒩(0, 𝜎2)에서샘플링
자주쓰이나, 데이터가노이즈를포함
하는가정이성립필요

Flipping 이상탐지, 분류에자주사용
위아래가바뀔수있는상황의데이터

Scaling 시간축이아닌데이터의크기또는강
도로스케일처리하며그비율은
𝒩(1, 𝜎2)에서샘플링

Magnit
ude 

Warping

변화가적은구간에상승/하락을만들
어냄
하이퍼파라미터가 2개, 가공데이터가
문제에현실적이어야함

[2] Wen, Q., Sun, L., Yang, F., Song, X., Gao, J., Wang, X., & Xu, H. (2020). Time series data augmentation for deep learning: A survey. 
[3] Iwana, B. K., & Uchida, S. (2021). An empirical survey of data augmentation for time series classification with neural networks. Plos one, 16(7), e0254841.
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가공
방법

원래데이터 가공데이터 특징

Permut
ation

시간의존성을보존하지않음
센서데이터분류에사용된적이있음

Window
Slicing

이미지에서 Cropping과동일한기법
윈도우사이즈만큼샘플을잘라냄

Time 
Warping

시간축의데이터를왜곡을시키는기
법

Window
Warping

Time Warping의대표적인방법중의하
나, 랜덤하게특정윈도우구간을 2배
로스트레칭을하고어떤구간은 1/2
배처리

❖ 시계열데이터의시간을가공방법(X축기준)

3 12

[2] Wen, Q., Sun, L., Yang, F., Song, X., Gao, J., Wang, X., & Xu, H. (2020). Time series data augmentation for deep learning: A survey. 
[3] Iwana, B. K., & Uchida, S. (2021). An empirical survey of data augmentation for time series classification with neural networks. Plos one, 16(7), e0254841.
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❖ 시계열데이터특성에적합한 Augmentation 기법을선택시세심한주의가필요

✓ 정상성

✓ 계절성, 트렌드

✓ 시간에따라데이터의특성, 분포가바뀜

❖ 시계열분류모델에가공데이터를사용할경우정확도가떨어짐을볼수있음

[2] Wen, Q., Sun, L., Yang, F., Song, X., Gao, J., Wang, X., & Xu, H. (2020). Time series data augmentation for deep learning: A survey. 
[3] Iwana, B. K., & Uchida, S. (2021). An empirical survey of data augmentation for time series classification with neural networks. Plos one, 16(7), e0254841.



Concrete Representative Methods
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❖ Masked Prediction : 이미지분야와마찬가지로결측치를찾는 Pretext 정의

✓ 마스킹전략을데이터의특성에따라잘수립할필요

• 얼만큼, 언제, 어디에, 마스크예측을위한입력데이터)

• 너무많은마스킹은추론이불가하고, 너무적은마스킹은쉬운문제로전락

✓ A Transformer-based Framework for Multivariate Time Series Representation Learning(TST)

❖ Transformation Prediction : 데이터특성을이용하여 Pretext 정의

✓ 시계열데이터의순차성정보를활용하여문제정의를할수있음

• 예를들면,  순서를맞추는문제같은 Pretext가가능

✓ Self-supervised representation learning from electroencephalography signal 

[4] Ericsson, L., Gouk, H., Loy, C. C., & Hospedales, T. M. (2021). Self-Supervised Representation Learning: Introduction, Advances and Challenges. 
arXiv preprint arXiv:2110.09327.
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

T

F

𝑥1 ∈ ℝ𝑇×𝐹

T

F

𝑥2 ∈ ℝ𝑇×𝐹

[4] Ericsson, L., Gouk, H., Loy, C. C., & Hospedales, T. M. (2021). Self-Supervised Representation Learning: Introduction, Advances and Challenges. 
arXiv preprint arXiv:2110.09327.
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

T

F

𝑥1 ∈ ℝ𝑇×𝐹

T

F

𝑥2 ∈ ℝ𝑇×𝐹
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

𝑥1 ∈ ℝ𝑇×𝐹 𝑥2 ∈ ℝ𝑇×𝐹Positive
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

𝑥1 ∈ ℝ𝑇×𝐹 𝑥2 ∈ ℝ𝑇×𝐹Negative
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

T

F

𝑥1 ∈ ℝ𝑇×𝐹

T

F

𝑥2 ∈ ℝ𝑇×𝐹
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

T

F

𝑥1 ∈ ℝ𝑇×𝐹

T

F

𝑥2 ∈ ℝ𝑇×𝐹
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

𝑥1 ∈ ℝ𝑇×𝐹 𝑥2 ∈ ℝ𝑇×𝐹
Positive
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

Negative
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

T

F

𝑥1 ∈ ℝ𝑇×𝐹

T

F

𝑥2 ∈ ℝ𝑇×𝐹
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

𝑥1 ∈ ℝ𝑇×𝐹 𝑥2 ∈ ℝ𝑇×𝐹
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

𝑥1 ∈ ℝ𝑇×𝐹 𝑥2 ∈ ℝ𝑇×𝐹Positive
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❖ Instance (Contrastive) Discrimination :  인스턴스간대조학습을통하여인스턴스차이를학습, 

시계열에서는이인스턴스의개념이여러레벨로나뉜다

✓ 샘플전체를하나의단위로보는경우

:  Contrastive Representation Learning for Electroencephalogram Classification(SeqCLR)

✓ 샘플내의일정구간을하나의단위로바라보는경우

:  Time-Series Representation Learning via Temporal and Contextual Contrasting(TS-TCC)

✓ 타임스탬프단위로바라보는경우

: TS2Vec : Towards Universial Representation of Time Series(TS2Vec)

𝑥1 ∈ ℝ𝑇×𝐹 𝑥2 ∈ ℝ𝑇×𝐹Negative
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❖트랜스포머기반인코더로사용하여다변량시계열데이터에결측치를임의로만들고이를

예측하는 Pretext 기법제안(Mask Prediction)

❖Markov chain의상태변환확률에따르도록마스킹전략을취함

❖유일하게사후학습작업으로결측치 Imputation 또한제시함

마스킹전략에따라
채널별별도마스킹처리

트랜스포머구조와동일

ℒ𝑀𝑆𝐸 =
1

|𝑀|


𝑡,𝑖 ∈𝑀

 ො𝑥 𝑡, 𝑖 − 𝑥 𝑡, 𝑖
2

[5] Zerveas, G., Jayaraman, S., Patel, D., Bhamidipaty, A., & Eickhoff, C. (2021, August). A transformer-based framework for multivariate time series 
representation learning. In Proceedings of the 27th ACM SIGKDD Conference on Knowledge Discovery & Data Mining (pp. 2114-2124).
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① Relative Positioning (RP)

Negative
𝐴𝑛𝑐ℎ𝑜𝑟
𝑤𝑖𝑛𝑑𝑜𝑤

Positive

1 2 3

② Temporal Shuffling (TS)

𝜏𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝜏𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

1 -> 2 -> 3 (Good)

2 -> 3 -> 1 (Bad)

Positive (1)

Negative (-1)

𝐿𝑖𝑛𝑒𝑎𝑟
Classifice

r

𝐸𝑛𝑐𝑜𝑑𝑒𝑟

𝑎𝑏𝑠(ℎ 𝑥 , ℎ 𝑥′ )

𝐸𝑛𝑐𝑜𝑑𝑒𝑟

𝐸𝑛𝑐𝑜𝑑𝑒𝑟

𝐸𝑛𝑐𝑜𝑑𝑒𝑟

𝑎𝑏𝑠(ℎ 𝑥 , ℎ 𝑥′ )

𝑎𝑏𝑠(ℎ 𝑥′ − ℎ 𝑥′′ )

𝐸𝑛𝑐𝑜𝑑𝑒𝑟

𝐿𝑖𝑛𝑒𝑎𝑟
Classifice

r

❖시간의순차성정보를활용한 Pre-Text 기법 2가지를제안

❖ EEG 데이터셋에최초로적용

[7] Banville, H., Albuquerque, I., Hyvärinen, A., Moffat, G., Engemann, D. A., & Gramfort, A. (2019, October). Self-supervised representation learning
from electroencephalography signals. In 2019 IEEE 29th International Workshop on Machine Learning for Signal Processing (MLSP) (pp. 1-6). IEEE.
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❖사용한데이터 :  다변량시계열데이터인 EEG

❖ 데이터는많지만노이즈가많고해석이어렵고머신러닝에적합하지않음

❖ 공개된데이터셋은많지만각각채널수, 샘플링비율, 센서종류가다름

❖ Pretext

❖ Instance (Contrastive) Discrimination 통한기반대조학습(SimCLR)

❖샘플전체에대한차이를학습하므로분류에적합

❖특징

❖ EEG 전문가의도움으로전처리및 EEG에적합한 Augmentation 제안

❖채널차분조합으로 𝑁 × 𝑁 − 1의개수로늘리며샘플효율성증대

❖ 3개서로다른태스크를위한사후학습에서성능검증

❖출처가다른 6개데이터셋을하나의모델로사전학습하여성능증가
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❖ 채널간차분데이터를활용, 채널별 Encoder 별도인코딩학습

❖ 서로다른출처여섯종류의 EEG 데이터셋을한꺼번에사전학습에활용

❖ 시계열데이터에최초로 SimCLR 적용하여사전학습진행

Random
Augmentation

채널인코더 프로젝터

채널인코더 프로젝터

채널인코더 프로젝터

Pull
Together

[8] Mohsenvand, M. N., Izadi, M. R., & Maes, P. (2020, November). Contrastive representation learning for electroencephalogram classification. In
Machine Learning for Health (pp. 238-253). PMLR.
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❖여러데이터셋을한꺼번에사용하고, 채널간차분데이터를사용한것이효과적

❖ 6개의가공방법을모두사용하였을경우가장높은성능을기록

[8] Mohsenvand, M. N., Izadi, M. R., & Maes, P. (2020, November). Contrastive representation learning for electroencephalogram classification. In
Machine Learning for Health (pp. 238-253). PMLR.
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❖ EEG 에국한되지않는일반시계열데이터에적합한프레임워크제시

❖순차성과의미관점의대조학습을동시진행

❖시계열대조학습을위한간단하고쉽게적용할수있는가공방법제시

❖자기지도학습성능중에지도학습대비좋은성능보임 (Human Action Recognition, Epsilepsy) 

❖시계열데이터특성상, 같은데이터에서 2개의다른가공방법으로생성되는샘플이과연

같은샘플로바라볼수있는가에의문

✓ 여러 Augmentation 기법중랜덤하게선택하는게아닌 Positive 샘플쌍을위한 2개의

Augmentation 기법으로고정

• Weak  : Jitter + Scaling 

• Strong :  Permutation Jitter

✓ 데이터가공을위한파라미터는데이터에따라신중히결정

[6] Eldele, E., Ragab, M., Chen, Z., Wu, M., Kwoh, C. K., Li, X., & Guan, C. (2021). Time-series representation learning via temporal and contextual
contrasting. arXiv preprint arXiv:2106.14112.
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❖ Temporal Dependency에대한 Robust representation을위해 Tough Cross-View prediction Task

를제안

❖Weak Augmentation의지난 Latent 벡터를이용하여다른 View(Strong Augmentation)의미래

시점벡터예측

❖ Robustness를위하여다른종류의 Augmentation을사용하지않음.

𝐿𝑇𝐶
𝑤 =/−

1

𝐾


𝑘=1

𝐾

𝑙𝑜𝑔
exp( 𝑊𝑘 𝑐𝑡

𝑤 𝑇
𝑧𝑡+𝑘
𝑠 )

σ𝑛∈𝒩𝑡,𝑘
exp( 𝑊𝑘 𝑐𝑡

𝑤 𝑇
𝑧𝑛
𝑠)

𝐿𝑇𝐶
𝑠 = −

1

𝐾


𝑘=1

𝐾

𝑙𝑜𝑔
exp( 𝑊𝑘 𝑐𝑡

𝑤 𝑇
𝑧𝑡+𝑘
𝑠 )

σ𝑛∈𝒩𝑡,𝑘
exp( 𝑊𝑘 𝑐𝑡

𝑠 𝑇
𝑧𝑛
𝑤)

Weak Augmentation : Jittering + Scale 
Strong Augmentation : Permutation + Jittering

(Conv1D + BatchNorm1D + MaxPool + ReLU) * 3
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❖ 1단계대조학습이후의 Context Vector를 다시한번대조학습

❖배치내에서 Original Sample이같은건은 Positive Sample, 다른모든샘플들은 Negative 

Sample이라고정의

𝐿𝐶𝐶 = −

𝑖=1

𝐾

𝑙𝑜𝑔
exp(𝑠𝑖𝑚 𝑐𝑡

𝑖 , 𝑐𝑡
𝑖+ /𝜏)

σ𝑚=1
2𝑁 𝕝 𝑚≠𝑖 exp(𝑠𝑖𝑚 𝑐𝑡

𝑖 , 𝑐𝑡
𝑚 /𝜏)

N개배치에서 Strong, Weak Augmentation을하므로
2N 크기에데이터에대해서추가대조학습 진행

Context vector 𝑐𝑡
𝑖와 𝑐𝑡

𝑖+를 Positive 로보고
나머지 2N-2를 Negative sample로바라봄.
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❖샘플이적은상황에서도모델이강건함을보임

❖Ablation Study를통해서 Temporal Contrasting module과 Contextual Contrasting module의효과

성입증
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❖ 전체적인모델아키텍쳐는데이터가공방법, 인코더구조, 학습방법으로소개한다.

인코더학습방법

데이터
가공

인코더
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❖ Self Contrastive Learning에서 Positive Sample을정의는매우중요

❖ 기존의연구의문제점을제기함
✓ Subseries consistency (Franceschi, Dieuleveut, and Jaggi 2019) 

• 한샘플에서부분샘플링된세그먼트들은서로컨텍스트가일치
✓ Temporal consistency (Tonekaboni, Eytan, and Goldenberg 2021) :  

• 인접한세그먼트들을서로컨텍스트가일치
✓ Transformation consistency (Eldele et al. 2021) 

• 스케일, 순열등다양한변형을통해도컨텍스트가유지한다는강한가정으로시계
열데이터에대해적합하지않음

Subseries consistency 사례 Temporal consistency 사례

데이터
가공
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❖ Contextual Consistency 개념제안
✓ 시계열데이터특성의중요한점인 magnitude가변경이되지않으며,
✓ 각각의타임스탬프마다강건한학습된피처를향상시키도록유도가능하며, position-

agnostic한피처를배우고피처가붕괴되는것을돕는다고함
✓ Timestamp Masking과 Random Cropping 둘다학습단계에서만적용
✓ 같은타임스탬프의임베딩벡터를 각각 augmentation을취해 Positive 샘플구성하여타

임스탬프레벨마스킹및입력데이터에 Cropping 적용하여새로운컨텍스트생성

데이터
가공

❖ 데이터가공
✓ Timestamp Masking : Input Projection Layer를

통과한 latent vector 𝑧𝑖 에마스크값𝑚 ∈
0,1 𝑇 을적용하며, 베르누이분포(p = 0.5)로
매번샘플링하여마스킹

✓ Random Cropping  : Cropping을하되 2개샘플
이겹치도록샘플링하며, 겹치는부분을새로
만들컨텍스트벡터가유사하도록대조학습.  
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❖ 인코더는 3개의모듈로구성
✓ Input Projection Layer
✓ Timestamp Masking Module
✓ Dilated Convolutions

❖ Input projection layer : 하나의 FC Layer로구성되며, 잠재
벡터생성

❖ Timestamp masking module :  랜덤선택된타임스탬프들
구간마스킹처리(원래데이터에서처리안하는이유는
단순히마스킹토큰포함이될수있어서라고함)

❖ Dilated Convolutions
✓ 10개 Residual 블록통하여각타임스탬프의컨텍

스트피처를얻기위해사용
✓ 각블록은 2개의 1-D convolutional layers를 dilation 

parameter ( 2𝑙 for 𝑙 − 𝑡ℎ block)을설정하여넓은
receptive field를가능하게함

𝑓𝜃

𝑟𝑖,𝑡 ∈ ℝ𝐾
𝑟𝑖,𝑡 ∈ ℝ𝐾

𝑥𝑖 ∈ ℝ𝑇×𝐹

인코더학습방법



- 46 -

❖ hierarchical contrastive loss 제안
❖ 다양한스케일에서좋은피처를학습하기위해시간차원에따라학습된피처에 Max 

Pooling을 2배씩늘려가며매번시간과샘플차이의대조학습손실함수반복적용
❖ 타임스탬프레벨에서전체길이의컨텍스트학습가능하여포괄적인피처학습가능
❖ Hierarchical Contrasting Module에서모든 Granularity 레벨이적용됨

인코더학습방법
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Time Contrastive Loss 

𝑙𝑡𝑒𝑚𝑝
(𝑖,𝑡)

= − log
exp(𝑟𝑖,𝑡 ⋅ 𝑟𝑖,𝑡

′ )

σ𝑡′∈ Ω exp 𝑟𝑖,𝑡 ⋅ 𝑟𝑖,𝑡′
′ + 𝕀 𝑖≠𝑗 exp 𝑟𝑖,𝑡 ⋅ 𝑟𝑗,𝑡

Instance-wise Contrastive Loss  

𝑙𝑖𝑛𝑠𝑡
(𝑖,𝑡)

= − log
exp(𝑟𝑖,𝑡 ⋅ 𝑟𝑖,𝑡

′ )

σ𝑗=1
𝐵 exp 𝑟𝑖,𝑡 ⋅ 𝑟𝑗,𝑡

′ + 𝕀 𝑖≠𝑗 exp 𝑟𝑖,𝑡 ⋅ 𝑟𝑗,𝑡

Total Loss

ℒ𝑑𝑢𝑎𝑙 =
1

𝑁𝑇


𝑖



𝑡

𝑙𝑡𝑒𝑚𝑝
(𝑖,𝑡)

+ 𝑙𝑖𝑛𝑠𝑡
(𝑖,𝑡)

인코더학습방법

❖ 계층적으로 Temporal Contrastive Loss와 Instance-wise Contrastive Loss 값에최소화하는방향
으로학습

❖ 계층구조에따라다양한스케일의대조학습손실값을합산하여계산되어짐
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❖ 사후학습으로분류태스크에적용한실험결과
❖ UCR datasets(125개) 평균 2.4%, UEA datasets(29개) 평균 3.0% 성능향상
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❖ Ablation Study를통하여각모듈의필요성입증
❖ 타임스탬프레벨의피처정보까지잘생성하고계절 + 트렌드성을잘포착함
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❖ 단변량과다변량데이터모두에서 Informer, N-BEATS 같은지도학습모델보다도좋
은성능을내고있음
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❖ 어떤도메인이나특성에상관없고가변길이의시계열데이터의특징추출하는보편적인프

레임워크제안

❖ 타임스탬프단위의인스턴스로샘플과시간단위대조학습하여특정타임스탬프레벨의특

징까지잘추출함

❖ 국소적인부분부터전역적인특징을타임스탬프단위의특징벡터를통해잘파악

❖ 이상탐지에도사용가능하며, 분류, 예측등다양한사후학습에서좋은성능을보임

❖ 샘플간대조학습의경우는분류외에예측이나이상탐지에는사용불가

❖ 시계열데이터의특성을위반할수있는방법들을사용하지않음으로써강건한컨텍스트정

보를얻을수있으며, 미싱데이터가있음에도강간한성능을보임

[1] Yue, Z., Wang, Y., Duan, J., Yang, T., Huang, C., Tong, Y., & Xu, B. (2021). TS2Vec: Towards Universal Representation of Time Series. arXiv
preprint arXiv:2106.10466.



Conclusion
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❖ CV, NLP에서만국한되어오던표현학습들이시계열데이터에적용도많이이뤄지
있음.

❖ 시계열데이터데이터특성이까다롭고복잡하여쉬운적용이나범용적인프레임
워크는아쉬움이있으나앞으로많은연구들이나올것으로기대함

❖ 최근에는타임스탬프시점까지의특징을찾아내는표현학습모델이등장하고좋
은성능을내고있고성능또한좋은점이신선
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