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RNN based model

Transformer , Transformer 

Vaswani, A. (2017). Attention is all you need. Advances in Neural Information Processing Systems.
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Transformer 

task ProbSparse Attention , Generative Style Decoder Encoder-Decoder Architecture 

𝑥1 𝑥2 𝑥3 𝑥4 𝑥9 𝑥10

𝑥9 𝑥10
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Transformer 

Linear Layer ,
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Transformer 

Linear Layer ,

Zeng, A., Chen, M., Zhang, L., & Xu, Q. (2023, June). Are transformers effective for time series forecasting?. In 
Proceedings of the AAAI conference on artificial intelligence (Vol. 37, No. 9, pp. 11121-11128).
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Transformer Encoder SOTA 

ChannelIndependent,Patching Strategy Transformer fully utilize

Channel Independent 에서도변수들은따로고려되었기때문
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Transformer Encoder SOTA 

ChannelIndependent,Patching Strategy Transformer fully utilize -> TransformerEncoder !

Input

Backbone
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2025 5 289

Linear model , MLP SOTA 

실험적으로 봤더니 Linear Model이 잘 나오더라?

그러면 왜 잘되고, 어떻게 Linear 모델의 표현력을 극대화할 수 있을까?
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(Temporal pattern, Cross-variate Information, Auxiliary features)

Temporal pattern: / Cross-variate information: / Auxiliaryfeature: 

변수간상관관계 부가정보

시간패턴

Optimal
Time Series Forecasting



-22- 22

(Temporal pattern, Cross-variate Information, Auxiliary features)

Temporal pattern: / Cross-variate information: / Auxiliaryfeature: 

변수간상관관계 부가정보

시간패턴

Optimal
Time Series Forecasting

Transformer-based Model

Temporal Information 포착이 떨어짐 -> 성능 하락
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(Temporal pattern, Cross-variate Information, Auxiliary features)
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변수 간 상관 관계와 부가 정보까지 고려
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(Temporal pattern, Cross-variate Information, Auxiliary features)
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Lipschitzsmoothness window size 선형적으로제어

, Linear Model은가장안정적인솔루션임

주기 신호 𝒈(𝒕)

추세 성분 𝒇 𝒕
주기 P보다 더 긴
윈도우 L

𝒈 𝒕 =𝒈 𝒕−𝑷

변화율이 일정하게 제어되는Liptchitz Smooth라면
모든 지점에서 𝒇′ ≤𝑲

𝑓 𝑎 − 𝑓 𝑏 ≤ 𝐾 𝑎 − 𝑏

주기가 일정하다면 윈도우 내에서
선형 조합으로 완벽히 예측할 수 있음

위 두 조건을 만족할 때 선형 모델 예측 오차는 선형적으로 제어

𝐲𝐢 − ෝ𝒚𝒊 ≤ 𝑲 𝒊 +𝐦𝐢𝐧 𝒊, 𝑷
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이론적으로Linear Model은temporal information을잡는데능하다+ 변수간의관계도고려해야한다= MLP-Mixer사용

Temporal Information Time-Mixer, Feature-Mixer 

Forecasting Output
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Feature Mixer

이론적으로Linear Model은temporal information을잡는데능하다+ 변수간의관계도고려해야한다= MLP-Mixer 사용

Temporal Information Time-Mixer, Feature-Mixer 

𝑴𝑳𝑷𝒕𝒊𝒎𝒆

Time Mixer

시간패턴
Temporal Pattern 포착하기 위해
시간 축에 대해 MLP 적용

𝑴𝑳𝑷𝒕𝒊𝒎𝒆

변수간
상관관계 Cross-Variate Information 추출 위해

변수 축에 대해 MLP 적용
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Feature Mixer

이론적으로Linear Model은temporal information을잡는데능하다+ 변수간의관계도고려해야한다= MLP-Mixer 사용

Temporal Information Time-Mixer, Feature-Mixer 

𝑴𝑳𝑷𝒕𝒊𝒎𝒆

시간패턴
Temporal Pattern 포착하기 위해
시간 축에 대해 MLP 적용

𝑴𝑳𝑷𝒇𝒆𝒂𝒕

변수간
상관관계 Cross-Variate Information 추출 위해

변수 축에 대해 MLP 적용

Time Mixer

𝑴𝑳𝑷𝒕𝒊𝒎𝒆 𝑴𝑳𝑷𝒇𝒆𝒂𝒕
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Mixer Layer output Fully-Connected Layer 

LTSF-Linear Simple Linear mapping

𝑭𝑪𝑳𝒂𝒚𝒆𝒓
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TSMixer Historical observations 보조정보를활용하는확장된아키텍쳐

AlignStage: / Mixing Stage: TSMixer Architecture

Historical 
Observation

Future Features

기존 사용하던 이전 시계열의 정보

미래의 시간에 따라 달라지는 정보
E.g.) 다음 주에 진행될 할인 정보

Static 시간 불변 특성
E.g) 매장 위치 정보 등
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7 Multivariate Time Series Forecasting Benchmark Dataset , 

Window size Linear : window size
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(static, future information ) 

변수간상관관계 부가정보

시간패턴

Optimal
Time Series Forecasting
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2025 5 943

Transformer input , Transformer
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Channel Independence Strategy : !

CI Strategy ?: , 
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Channel Independence Strategy : !

CI Strategy ?: , 

Transfomer
Encoder
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Channel Independence Strategy : !

CI Strategy ?: , 

Transfomer
Encoder
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Channel Independence Strategy : !

CI Strategy ?: , 

Transfomer
Encoder
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Channel Independence Strategy : !
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Transfomer
Encoder
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Channel Independence Strategy : !

CI Strategy ?: , 

Transfomer
Encoder
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Channel Independence Strategy : !

CI Strategy ?: , 

Transfomer
Encoder
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Channel Independence Strategy : !

CI Strategy ?: , 

Transfomer
Encoder

Transfomer
Encoder
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Channel Independence Strategy : !

CI Strategy ?: , 

Transfomer
Encoder

Transfomer
Encoder
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Channel Independence Strategy : !

CI Strategy ?: , 

Transfomer
Encoder

Transfomer
Encoder
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Channel Independence Strategy : !

CI Strategy ?: , 

Transfomer
Encoder

Transfomer
Encoder
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CI CDSetting

CI: Distribution Shift but 

CD: correlation but Training
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CI CDSetting -> !

CI: Distribution Shift but 

CD: correlation but Training
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-> 

E.g)CI Setting: /        CDSetting: 
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Transformer Encoder Correlation

E.g)CISetting: x /        CDSetting: FFN

Transfomer
Encoder
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, Multi-Head Attention 

CI CD Input Transpose

Transfomer
Encoder
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( )Transformer Encoder FFN

Transfomer
Encoder
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7 Multivariate Time Series Forecasting Benchmark Dataset

6 SOTA
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Transformer iTransformer (input Transpose) 

16.8%~38.9%
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InputTimeSeries Look back window

, Look back window
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2025 5 40

Idea: → !
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PatchTST: , Patch dependencies 

?: Transformer Attention
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PatchTST: , Patch dependencies 

?: Transformer Attention
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Patch dependencies , patch Patch Independent 

Patch Attention Transformer Simple MLP
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Patch dependencies , patch Patch Independent 

Patch Attention Transformer Simple MLP
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Unmasked Prediction: Masking , Masking

Unmasked Prediction 

Complementary Contrastive Learning: Mask view
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Unmasked Prediction: Masking , Masking

Unmasked Prediction 

Complementary Contrastive Learning: Mask view
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Patch representation max-pooling , loss

mask view ,  softmax 
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Patch representation max-pooling , loss

mask view ,  softmax 
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Patch representation max-pooling , loss

mask view ,  softmax 
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Patch reconstruction loss: reconstruction loss 

Contrastive loss: view
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Patch reconstruction loss: reconstruction loss 

Contrastive loss: view

Loss function reconstruction loss contrastive loss
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SOTA 

Transfer Learning self-supervised 
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Time Series Classification Task self-supervised 

task transfer learning -> 도메인변화에강건한방법론임을입증
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Linear LTSF-Linear, Patch PatchTST

Linear Model

, MLP-only Architecture

, Multi-Head Attention

self-supervised learning transfer learning
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