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• Background

• “Ti-MAE: Self-Supervised Masked Time Series Autoencoders”, Under review on 

International Conference on Learning Representations (ICLR), 2023.

• “Siamese Network-Based Health Representation Learning and Robust Reference-Based 

Remaining Useful Life Prediction”, IEEE Transactions on Industrial Informatics, 2022.

Outline
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• Time series domain

▪ 일정기간동안수집된일련의순차적인데이터

−시간측면에서순서가매겨져있음

−연속적인관측치는서로상관관계가있음

▪ 시계열데이터분석의목적

−과거시점의시계열데이터가갖고있는규칙성을발견해이를모형화 / 모델링하는것

−추정된모형 / 모델을통해미래시점을예측하는것

Background
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• Necessity of research on remaining useful life prediction

▪ 딥러닝기반의잔여유효수명예측시스템

− AI가예측하는수명곡선을통하여잔여수명을예측하고기계의안정성유지

−산업현장에서사용되는기계주요부품들의성능저하로인한문제방지

▪ 항공기산업및발전소등다양한분야에서활용됨

▪ 기계가의도한기능을수행할수있는정도

Background
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• Necessity of research on remaining useful life prediction

▪ PHM (prognostic health management, 예후상태관리) 기술의중요성증가

−시스템작동을지속적으로모니터링하고장애수준이나사용할수없는조건이발생할때비정상을
진단

−유지관리효율성, 안정작동성, 시스템성능개선면에서중요성증가

−해당기술을통해필요한경우에만 condition-based maintenance 수행할수있으며유지관리비용을
크게줄일수있음

−이때, prognostics는 remaining useful life (RUL, 잔여수명)를예측

Background
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• Contrastive learning

▪ Representation learning의한방법

▪ Input sample 간의비교를통한 representation learning

− “유사한” 데이터는가깝고 “다른” 데이터는멀도록 representation space를학습함

− Input sample 간의 similarity는 label을통해학습됨

Background

Anchor
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Negative

Training

Anchor

Positive

Negative

𝐼1

𝐼2

𝐼3

Representation space
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𝑥2
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• Contrastive learning

▪ Data augmentation을통한 input pair generation

− Image domain에서의 data augmentation

҉ Positive pair →동일이미지상

҉ Negative pair →다른이미지상

҉ Random crop, rotation, resizing, shifting, noising, blur, color distortion, perspective distortion

Background

Data Augmentation 𝑥

Positive Pairs Positive Pairs

𝑥𝑖 𝑥𝑗 𝑦𝑖 𝑦𝑗

Data Augmentation 𝑦

Negative Pairs
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• Contrastive learning

▪ Data augmentation을통한 input pair generation

−시계열도메인에서의 data augmentation

҉ Input-centered distribution

✓Positive pair →입력중심분산또는이웃에속함

✓Negative pair →입력중신분산또는이웃에속하지않음

Background

𝑥𝑡 𝑥𝑗𝑥𝑖

Positive Pairs
Negative Pairs

Distribution centered on input 𝑥𝑡
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• Contrastive learning

▪ Data augmentation을통한 input pair generation

−시계열도메인에서의 data augmentation

҉ Scaling, jittering, window slicing, time warping

҉ Random masking

҉ Random warping

҉ Random reordering

Background

Original Scaling Jittering Window slicing Time warping

Original Random masking Random warping Random reordering
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“Ti-MAE: Self-Supervised Masked Time Series Autoencoders”, Under review on 

International Conference on Learning Representations (ICLR), 2023.
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• 기존시계열데이터기반연구에서 contrastive learning 기반의 self-supervised 

representation learning 방법이많이적용됨

▪ 입력샘플간비교를통한 contrastive learning

− Classification 태스크에서좋은성능을보이나, forecasting에서는다른 supervised 방법대비확연한
성능격차가존재함

• 전체분포를고려한 random masking 기반의 Ti-MAE라는새로운프레임워크제안

▪ 입력시퀀스를 random masking하고 autoencoder를통해 point-level에서재구성함

▪ Mask modeling을채택하고원본데이터의활용도를유지함

• Masked autoencoding 프레임워크를통해 raw data에서강력한 representation을
학습하여시계열 forecasting 및 classification 작업에서높은성능을보임

Abstract
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• Transformer 기반의 Ti-MAE

▪ 입력시계열데이터의일부분을 random masking 처리

−다양한서로다른토큰들의조합으로모든입력시퀀스를활용함

҉ Fixed continuous masking은전체

− Random masking은입력의전체분포를고려하기때문에데이터분포이동문제완화가능

− Masking 비율의유연한설정으로다양한크기의여러 time window에대해예측가능

▪ Autoencoder를통해마스킹된부분을 point-level에서재구성

−데이터의전반적인문맥학습가능

Proposed method

< 시계열데이터에대한 generative transformer 기반모델의 masking 전략 >

미래시계열만마스킹하고재구성함 Random masking을 통해전체입력시계열을완전히활용하여
각 iteration마다 encoder에다양한입력을생성함
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• Transformer 기반의 Ti-MAE

▪ Input embedding

−하나의 1D convolutional layer만을사용하여 feature 추출

− Positional encoding으로위치정보저장

▪ Masking

− Original temporal data를 timestamp에따라토큰화진행

−균일한분포를따르며 random sampling 및나머지부분 masking

Proposed method

< Ti-MAE 구조 >

Masking ratio
• 데이터의정보밀도및중복성과관련이있으며성능에상당한영향을줌
• 자연어의경우단어분포가뚜렷하여정보밀도가높음 

• 이미지의경우공간중복성이높아정보밀도가낮음
• 시계열데이터의경우 local continuity를가지므로높은마스킹비율을적용해야함
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• 성능비교

Experimental results

< Representation learning 방법들과성능비교 > < End-to-end 방법들과성능비교 >

< Masking ratio > < Data augmentation > < Input sequence length > < Masking strategy >
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“Siamese Network-Based Health Representation Learning and Robust Reference-Based 

Remaining Useful Life Prediction”, IEEE Transactions on Industrial Informatics, 2022.
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• Siamese network 기반의 health representation learning method를제안함

▪ 부족한 training sample 개수로인해 deep neural network가 overfitting되는문제해결을위함

• Multitask learning scheme 도입

▪ RUL prediction을학습하는동시에 sample들에대한 representation learning 수행

− Health representation map에서 sample간의차이가 RUL 값의차이와 linear relationship을갖도록
Siamese network 기반 representation learning 제안

−학습된 representation space는 degradation을반영하므로각 training sample을 test sample의 RUL을
예측하기위한 reference로사용가능

• 제안된학습및예측방법이 RUL 예측성능뿐만아니라데이터부족에대한
robustness 향상에도기여함을실험결과를통해보여줌

Abstract

Initial

state

Degradation

state

Failure

state

Representation space

< Multitask learning scheme >

< Representation space에서데이터샘플격차 >
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• Siamese network

▪ Original Siamese network의경우, 주어진 sample의 class label을기반으로 embedding space를
학습하도록제안됨

− Binary image classification에서주로사용되는네트워크

− Embedding space에서동일한 class에속하는 sample pair는서로가까워야하고, 서로다른두 class에
속하는 sample pair는충분한거리만큼떨어져야함

Proposed method

< Siamese network >
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• Siamese network

▪ Weight sharing 형태의 embedding network 𝐹로구성됨

− 𝑋𝑖 , 𝑋𝑗는 sample pair를나타냄

҉ 𝑋𝑖 = [𝑥𝑖1,𝑡:𝑡+𝑇𝑊−1, 𝑥𝑖2,𝑡:𝑡+𝑇𝑊−1, … , 𝑥𝑖𝐾,𝑡:𝑡+𝑇𝑊−1]

−각 sample에대한 embedding representation에 contrastive loss를적용하여학습함

҉ Sample pair (𝑋𝑖 , 𝑋𝑗)가동일한 class인경우, 𝑌𝑖𝑗 = 1, 𝑙𝑜𝑠𝑠 =
1

2
𝑑2

҉ Sample pair (𝑋𝑖 , 𝑋𝑗)가다른 class인경우, 𝑌𝑖𝑗 = 0, 𝑙𝑜𝑠𝑠 =
1

2
𝑑2

҉ 𝑑𝑖𝑗 = (𝐹 𝑋𝑖 − 𝐹(𝑋𝑗)) , 𝛼 = minimum margin

Proposed method

< Proposed Siamese network >
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• Siamese network의 embedding space

▪ Health representation map

− Embedding network 𝐹와 prediction network 𝑔사이맵

− Multitask learning scheme을통해두가지목적으로학습됨

҉ Health representation map은 RUL을나타낼수있어야함

✓Embedding network의 output인 Z가 prediction network를통해 RUL에잘매핑되어야맵에서
health information이반영될수있음

Proposed method

< Health representation map >
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• Siamese network의 embedding space

▪ Health representation map

−시스템의 degradation dynamics를캡처해야함

҉ RUL 간의차이가 health representation 간의차이로드러나야함

҉ Difference 기반으로 RUL 간의차이를추정하는학습방법을통해 health representation과 RUL 

간의일관성을유지할수있음

҉ Health representation map에서샘플이예상치못한 position을가지지못하도록함

Proposed method

< Health representation map >

를만족시키기위한학습

,

→ Final training objective function
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• Simple data index sampling 기반학습

▪ 학습에모든 pair를고려하는것은많은연산량을필요로함

Proposed method
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• RUL estimation

▪ Test sample 𝑋𝑘가주어졌을때, 그것의 RUL은두가지방법으로예측됨

− 1) model-based RUL estimation 

҉ Embedding과 prediction network를통한 direct RUL 예측

✓ ෤𝑦𝑘
𝑚𝑜𝑑 = 𝑔(𝐹(𝑋𝑘))

− 2) Reference-based RUL estimation

҉ Health representation map에서해당샘플과다른샘플간의차이를기반으로 RUL 추론

✓ ෤𝑦𝑘
𝑟𝑒𝑓

=
1

𝐷
σ

𝑋𝑗,𝑦𝑗 ∈𝐷 𝑦𝑗 +𝑔(𝐹 𝑋𝑘 − 𝐹(𝑋𝑗))

✓(𝑋𝑗, 𝑦𝑗)와 𝑋𝑘를알때, 𝑦𝑗 + 𝑔(𝐹 𝑋𝑘 − 𝐹(𝑋𝑗))를계산하여 𝑦𝑘 추정가능함

✓→ (𝑋𝑗, 𝑦𝑗)를 𝑦𝑘를추정하기위한 reference라함

҉ 추정치들결합으로앙상블효과를통해더 robust한예측결과를제공함

✓추정치분산을줄임

✓소수의학습데이터로모델이 overfitting될때효과가큼

✓그러나, 각 training sample별로차이값기반추론을수행하기때문에시간이많이소요됨

Proposed method
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• Health representation map 분석

▪ Health representation map을사용한제안방법의경우

−높은 RUL 샘플에서낮은 RUL 샘플로의방향성이더명확한것을확인할수있음

Experimental results

< 기존 CNN > < 제안방법 >

< RUL에따른샘플클러스터링유사성 (NMI) > < RUL에따른샘플클러스터링유사성 (ARI) >

0: 상호정보없음, 1: 완벽한상관관계
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• 제안한학습및예측방법의효과성

▪ 기존 CNN, model-based Siamese, reference-based Siamese 네트워크와의성능비교

Experimental results

< Score 성능비교 > < RMSE 성능비교 >
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• 제안한학습및예측방법의효과성

▪ 제한된학습데이터개수에따른성능비교

Experimental results
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• 최신방법들과성능비교

▪ 동일한데이터환경을맞추기위해모든데이터사용

−대부분의경우제안방법의성능이우수한것으로확인됨

−그러나, attention 등상위모델과의비교가없고객관적으로높은성능을보이지는않음

Experimental results

< Score / RMSE 성능비교 >
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• Siamese network 구조를활용한 health representation learning 방법제안

▪ RUL의변화와 health representation map의변화간의일관성을유지시켜 overfitting을
감소시킴

▪ Reference-based 예측방법을더하여추정치분산을줄이는효과를보임

• 제안된학습및예측방법이 RUL 예측성능뿐만아니라데이터부족에대한
robustness 향상에도기여함을실험결과를통해보여줌

• Representation learning 기반의수명예측논문들중해당태스크에맞게잘재구성한
방법론으로보여짐

▪ Feature 단에서의 loss 비교

▪ RUL 특성이잘반영될수있는 representation map 구성

▪ 그러나, attention 및 transformer 등상위모델보다는현저히낮은성능으로내부네트워크
재구성을통해성능향상가능성이있을것으로생각됨

Conclusion
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