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Context Length Matters

Context Length of Foundation Models is Scaling

Foundation Model Context Length

LLMs VLMs



Long-Context Forecasting

Lag

Weekly Period Yearly Period

ACF indicates Periodicity

Long-Term Forecasting -> Long-Context Forecasting

Future Time SeriesLookback Time Series

Forecasting

Future Time SeriesLookback Time Series

Forecasting
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Unified Time Series Forecasting

Long-Context Forecasting -> Unified Time Series Forecasting

2D Time Series
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Rethinking Long-Context Transformers

How Long Should be Inputted? Is Longer Context Better?

A Time Series is Worth 64 Words: Long-term Forecasting with Transformers. ICLR 2023.

Tokenization

• Point-Level

✓ Patch-Level

Prediction Length

• Long-Term

✓ Short-Term

Performance (MSE) - Context Length (L)



Rethinking Long-Context Transformers

Decoder-Only Transformers Outperform Encoder-Only Models on Long-Context Sequences

Architecture

• Encoder-Only

✓ Decoder-Only

Performance - Context Length



Rethinking Long-Context Transformers

Decoder-Only Transformers Can Selectively Focus on Long-Context Sequences

Attention - Raw Time Series



Extending 1D Sequences to 2D Time Series

Next Token Prediction (Patch Tokenization)

Multi-Length
Supervised

Decoder-Only Transformers Are One-For-All-Length Models



Extending 1D Sequences to 2D Time Series

Next Token Prediction -> Multivariate Next Token Prediction

Kronecker Product

• Temporal Causality

• Variable Dependence



TimeAttention

A Versatile Masking Mechanism for Multidimensional Time Series

Kronecker Product

• Temporal Causality

• Variable Dependence



Position Embedding in Self-Attention

RoPE: Avoid PI (inherent 

in self-attention) on the 

Temporal dimension
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Temporal Tokens

Permutation-Invariant

Tokens of multivariate time 

series are both temporal 

tokens and variate tokens

Learnable Alibi: Maintain PE 

on the Variate dimension (only 

distinguish endo-/exo-variates)

Permutation-Equivalent 

RoPE Alibi



Timer-XL

A Decoder-Only Long-Context Transformer for Unified Forecasting

Timer-XL can be used for (1) task-specific training and (2) scalable 

pre-training, handling arbitrary-length and any-variable time series

Unified 

Context



Timer-XL

Timer-XL can be used for (1) task-specific training and (2) scalable 

pre-training, handling arbitrary-length and any-variable time series

A Decoder-Only Long-Context Transformer for Unified Forecasting



• Thousands of Variables

• Yearly Context

Outperform Task-Specific Models

Large-Scale Pre-Training & Zero-Shot Forecasting

Forecasting with Covariates Timer-XL

Univariate Forecasting (Non-Stationary)

Supervised Training Performance

Multivariate Forecasting 



Pre-Training Large Time-Series Model

The model checkpoint is available at: https://huggingface.co/thuml/timer-base-84m. 

Zero-Shot Forecasting (Pre-trained on 260B Time Points)

https://huggingface.co/thuml/timer-base-84m


Model Efficiency

Evaluating Memory/FLOPS of Time-Series Transformers

Efficiency - Context Length



Model Efficiency

Computational Complexity of Time-Series Transformer

• FFN: Linear growth with the context length - 𝑂(𝑁𝑇)

• Attention: Quadratic growth with the context length - 𝑂(𝑁2𝑇2)

Dominate Term in TS!



Model Analysis

Non-stationary Forecasting

Ablation Study 

• Long-context Transformers do 

not rely on Stationarization

• RoPE outperformers other counterparts

• It is helpful to distinguish endogenous 

and exogenous variables

Small Gap Big Gap

Temporal Variable



Interpretability

Attention Map 



GitHub: https://github.com/thuml/Timer-XL

GitHub: https://github.com/thuml/Timer-XL 20

Thank You!

https://github.com/thuml/iTransformer
https://github.com/thuml/Timer-XL
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