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Background
Multivariate Time Series Forecasting

특정시점의hidden state의gradient

이전모든시점의gradient를곱해주는형태로정의

특정state의기울기가0에가까울경우: 기울기소실
특정state의기울기가1을초과할경우: 기울기폭발
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Background
Multivariate Time Series Forecasting

Encoder의정보가고정된 fixed vector로압축

미래를예측하는모든시점에서Encoder 정보를고정된벡터에한정
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Background
Multivariate Time Series Forecasting

Miller, J. A., Aldosari, M., Saeed, F., Barna, N. H., Rana, S., Arpinar, I. B., & Liu, N. (2024). A survey of deep 

learning and foundation models for time series forecasting. arXiv preprint arXiv:2401.13912

Informer(2021)

Crossformer(2023)
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Background
Multivariate Time Series Forecasting

Miller, J. A., Aldosari, M., Saeed, F., Barna, N. H., Rana, S., Arpinar, I. B., & Liu, N. (2024). A survey of deep 

learning and foundation models for time series forecasting. arXiv preprint arXiv:2401.13912

Informer(2021)

Crossformer(2023)

Q. Transformer를기반으로한시계열예측모델은 optimal한가?
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Background
Multivariate Time Series Forecasting

LTSF-Linear

문제제기

Transformer는
시계열예측문제에서최적의

모델이아니다.

PatchTST

반박

Channel IndepenentStrategy와
결합하면

시계열예측에서Transformer는
최적의모델이다

TheCapacity and Robustness
Trade-off

원인

왜Channel independent Strategy
는

시계열예측에서뛰어난
성능을발휘하는가?
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Method
Are Transformers Effective for Time Series Forecasting?

시점 t+1 t+2 t+h

실제값 1 3 … 9

예측값 9 15 … 50
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Method
Are Transformers Effective for Time Series Forecasting?

초기시점에서예측값을잘못예측했을경우,
잘못된값을참조하기때문에
뒤예측값은더부정확해진다.

Error Accumulation

긴기간을예측해야할경우예측성능에악영향 시점 t+1 t+2 t+h

실제값 1 3 … 9

예측값 9 15 … 50
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Are Transformers Effective for Time Series Forecasting?
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Vaswani, A. (2017). Attention is all you need. Advances in Neural Information Processing Systems.
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Method
Are Transformers Effective for Time Series Forecasting?
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Permutation 하지않을시output

Vaswani, A. (2017). Attention is all you need. Advances in Neural Information Processing Systems.
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Are Transformers Effective for Time Series Forecasting?
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Permutation 하지않을시 output

어떠한인덱스에대해인풋의순서를바꾸게되면
그아웃풋또한순서만바뀐형태로출력된다.

Permutation Equivariant

Self-Attention 구조는순서정보를반영하지못한다

Transformer는Positional Encoding으로어느정도반영
하지만Transformer의핵심은MHA이기때문에순서정보에서손실을가져옴

Vaswani, A. (2017). Attention is all you need. Advances in Neural Information Processing Systems.
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Are Transformers Effective for Time Series Forecasting?

초기시점에서예측값을잘못예측했을경우,
잘못된값을참조하기때문에
뒤예측값은더부정확해진다.

Error Accumulation

어떠한인덱스에대해인풋의순서를바꾸게되면
그아웃풋또한순서만바뀐형태로출력된다.

Permutation Equivariant

Transformer

Matrix Multiplication 하나로
이전timestep에서예측하고자하는길이를바로산출할수있음

Not Autoregressive

Index가바뀌면그에상응하는Output 또한바뀐다

Permutation Inequivariant

Simple Linear
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Are Transformers Effective for Time Series Forecasting?

LTSF-Linear
LTSF? :  Long-term Time Series 

Forecasting 
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Background
Multivariate Time Series Forecasting

LTSF-Linear

문제제기

Transformer는
시계열예측문제에서최적의

모델이아니다.

PatchTST

반박

Channel Independent Strategy와
결합하면

시계열예측에서Transformer는
최적의모델이다

TheCapacity and Robustness
Trade-off

원인

왜Channel independent Strategy
는

시계열예측에서뛰어난
성능을발휘하는가?
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Method

Time Series Forecasting에서Linear가Transformer보다우수한
모델이다!
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Method

LTSF-Linear의어떠한요소가성능을높이는주요한원인이다!

Time Series Forecasting에서Linear가Transformer보다우수한
모델이다!

LTSF-Linear의특정Module + Transformer Backbone = Optimal TS Forecasting Model?
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Method

LTSF-Linear의어떠한요소가성능을높이는주요한원인이다!

Time Series Forecasting에서Linear가Transformer보다우수한
모델이다!

그렇다면 LTSF-Linear의어떤요소가성능향상을불러오는가?

LTSF-Linear의특정Module + Transformer Backbone = Optimal TS Forecasting Model?
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시점1 시점2 … 시점L-1 시점L

변수1 12 15 … 24 26

변수2 26 22 … 45 56

변수3 65 100 … 85 82

… … … … … …

변수K-1 36 45 … 48 55

변수K 65 62 … 34 24

시점L개를받아H개를예측 Simple Linear

시점
L+1

… 시점
L+H-1

시점
L+H

변수1 24 … 27 32

변수2 55 … 45 53

변수3 79 … 80 85

… … … … …

변수K-1 52 … 43 40

변수K 18 … 57 60
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변수1 변수2 … 변수
K-1

변수K

시점1 12 15 … 24 26

시점2 26 22 … 45 56

… … … … … …

시점L-
1

36 45 … 48 55

시점L 65 62 … 34 24

Transformer

시점
L+1

… 시점
L+H-1

시점
L+H

변수1 24 … 27 32

변수2 55 … 45 53
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Transformer



- 36 - 36

Method

변수1 변수2 … 변수
K-1

변수K

시점1 12 15 … 24 26

시점2 26 22 … 45 56

… … … … … …

시점L-
1

36 45 … 48 55

시점L 65 62 … 34 24

Transformer

시점
L+1

… 시점
L+H-1

시점
L+H

변수1 24 … 27 32

변수2 55 … 45 53

변수3 79 … 80 85

… … … … …

변수K-1 52 … 43 40

변수K 18 … 57 60

Transformer
Embedding 생성과정에서

변수들이섞이는형태로임베딩생성

Channel Dependent!

Channel? = Multivariate Time Series의
변수
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Method

시점1 시점2 … 시점L-1 시점L

변수1 12 15 … 24 26

변수2 26 22 … 45 56

변수3 65 100 … 85 82

… … … … … …

변수K-1 36 45 … 48 55

변수K 65 62 … 34 24

시점L개를받아H개를예측

시점
L+1

… 시점
L+H-1

시점
L+H

변수1 24 … 27 32

변수2 55 … 45 53

변수3 79 … 80 85

… … … … …

변수K-1 52 … 43 40

변수K 18 … 57 60

Idea: Transformer에서도변수정보를독립적으로처리할수있지않을까?
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변수
1

변수
2

… 변수
K-1

변수
K

시점
1

12 15 … 24 26

시점
2

26 22 … 45 56

… … … … … …

시점
L-1

36 45 … 48 55

시점
L

65 62 … 34 24

CI Embedding

변수
1

12

26

…

36

65

변수
2

15

22

…

45

62

변수
K-1

24

45

…

48

34

변수
K

26

56

…

55

24
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Method

From the moment we are born, we are slowly heading toward the death.언어

born과death는단어그자체로의미를가지고있기때문에인접하지않아도유사성추출가능

시계열 시점1 시점2 시점3 시점4 시점5 … 시점20 시점21 시점22 시점23 시점24

변수 12 15 22 24 26 15 14 13 19 22

시계열의각시점의정보는값이외의의미론적정보가없기때문에주변영역에의존
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시점 1 2 3 4 5 6 7 8

값 T1 T2 T3 T4 T5 T6 T7 T8

L=8

Stride = 2

T1

T2

T3

T4

Patch



- 41 - 41

Method

L=8

Stride = 2

T1

T2

T3

T4

시점 1 2 3 4 5 6 7 8

값 T1 T2 T3 T4 T5 T6 T7 T8

T3 

T4

T5

T6

Patch
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L=8

Stride = 2

T1
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T3 
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L=8

Stride = 2

T1

T2

T3

T4

T3 

T4

T5

T6

T5 

T6

T7

T8

시점 1 2 3 4 5 6 7 8

값 T1 T2 T3 T4 T5 T6 T7 T8

T7 

T8

T8

T8

Patch 길이
P=4

Patch 개수
N=4

Input Time Series

By
CIStrategy

Input Time Series

By
Patching Strategy

Input Patch 

Patch

Overall Shape
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Input Time Series

By
CIStrategy

Input Time Series

By
Patching Strategy

Input Patch 

Input

Embedding + Positional Embedding

Transformer Encoder
X N

Flatten + Linear Head

Backbone
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Background
Multivariate Time Series Forecasting

LTSF-Linear

문제제기

Transformer는
시계열예측문제에서최적의

모델이아니다.

PatchTST

반박

Channel IndepenenceStrategy와
결합하면

시계열예측에서Transformer는
최적의모델이다

TheCapacity and Robustness
Trade-off

원인

왜Channel Independent 
Strategy는

시계열예측에서뛰어난
성능을발휘하는가?
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(TKDE, 

2024)
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CD Strategy CI Strategy

변수간Correlation 고려가능 변수간Correlation 고려불가

Q.그런데왜CI가더잘될까?
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<Ex. 천연가스가격>

2020

러시아-우크라이나전쟁발발

TestTrain

훈련데이터와테스트데이터간의분포차이는존재한다!

천연가스주수출국러시아에대한무역제재

Test로사용하는2020년이후의데이터의분포이동
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ACF패턴의차이?: 같은시간차이에대해서다르게영향을받는다
Train set과Test set사이의Distribution Shift가존재한다. 

ACF(AutoCorrelation
Function)

시간차이에대한관측치들의
상관계수

Main Idea: CI가 CD보다 Distribution Shift에강건하다!
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ACF패턴의차이?: 같은시간차이에대해서다르게영향을받는다
Train set과Test set사이의Distribution Shift가존재한다. 

ACF(AutoCorrelation
Function)

시간차이에대한관측치들의
상관계수



- 53 - 53

Method

✓ Input time series

▪ N은시계열의개수, C는변수개수, L은시퀀스길이

▪ L개의 sequence를받아H개의sequence를예측

✓ Output time series

Step 1 각변수의univariate time series를가정

Notation

✓ 채널c에서의 Input time series

✓ 채널c에서의Output time series

Loss functionStep 2

✓ 는 을Concat한것

✓ 는 을Concat한것

OLS EstimatorStep 3

✓ Loss function의OLS 최적해

✓ 모델의최적해는아니지만,

최적해일가능성존재
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Channel dependent

어떻게Concat? 각univariate time series를 vertical concat

Objective Function

앞에서정의된Loss function와OLS estimates

OLS estimates

OLS coefficients
OLS 식을풀면모든변수각각의ACF에대해

Optimal coefficient가정해진다
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Channel dependent

어떻게Concat? 각univariate time series를 vertical concat

Objective Function

앞에서정의된Loss function와OLS estimates

OLS estimates

OLS coefficients
OLS 식을풀면모든채널각각의ACF에대해

Optimal coefficient가정해진다

는Covariance Matrix의 estimates는Covariance Matrix의 estimates

에서각변수들의분산이같다가정하면Correlation Matrix
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Channel independent

어떻게Concat? 각univariate time series를horizonconcat

Objective Function

앞에서정의된Loss function와OLS estimates

OLS estimates

OLS coefficients OLS 식을풀면모든변수ACF합에의해
결정된다
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Channel independent

어떻게Concat? 각univariate time series를horizonconcat

Objective Function

앞에서정의된Loss function와OLS estimates

OLS estimates

OLS coefficients OLS 식을풀면모든채널ACF합에의해
결정된다

는Covariance Matrix의 estimates는Covariance Matrix의 estimates

에서각변수들의분산이같다가정하면Correlation Matrix
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Channel Independent

OLS 식을풀면모든변수ACF합에의해
결정된다

OLS 식을풀면모든변수각각의ACF에대해
Optimal coefficient가정해진다

Channel dependent

Conclusion

Train과Test 간
변수내ACF 차이가커지면CD가불리

ACF합의차이가커지면CI가불리
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Channel Independent

OLS 식을풀면모든변수ACF합에의해
결정된다

OLS 식을풀면모든변수각각의ACF에대해
Optimal coefficient가정해진다

Channel dependent

Conclusion

Train과Test 간
변수내ACF 차이가커지면CD가불리

ACF합의차이가커지면CI가불리

How about benchmark dataset?

대부분데이터셋의50% 이상의변수에서ACF의평균차이는변수내ACF보다작음
-> CI가Distribution Drift 상황에서더유리하다!
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Conclusion

❖ A Time Series is Worth 64 Words: Long-Term Forecasting with Transformers

• Channel Independent Strategy를도입하여Transformer 모델의예측성능향상

❖ The Capacity and Robustness Trade-off: Revisiting the Channel Independent Strategy for Multivariate Time Series Forecasting

• Channel Independent Strategy의예측성능이좋은이유를이론적, 실험적으로설명
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