
1

Xiangdon Huang Mingsheng LongJianmin WangYong Liu Haoran Zhang Chenyu Li

Timer



Time Series Applications

Future Predictions

[Forecasting]
Weather, Energy Planning

? [Imputation]
Data mining

?
? [Classification]

Device Labeling, Status Recognition

Time Series Analysis is Ubiquitous in Real World
Monitoring, Maintenance

[Detection]
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Deep Models for Time Series
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Motivations of Large Models
Status quo: Costly training small models in specific scenarios (tasks, datasets, settings)

Data scarcity is common in real-world applications

• Real scenarios may lack training samples

• Performance of SOTA model degrades with limited data
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Motivations of Large Models

Bommasani et al. On the Opportunities and Risks of Foundation Models. Arxiv 2021. 

[Data Universal]

Learn from various datasets

[Task Universal]

Adapt to a wide range of 

downstream tasks
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What is Large Model

• Generalizability: One model fits different domains

Large Time Series Models

7Pre-training → Adaptation



What is Large Model

• Generalizability: One model fits different domains

• Task Generality: Versatility to cope with various scenarios/tasks

• Scalability: Performance improves with the scale of pre-training

Large Time Series Models
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Raffle et al. Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer. JMLR 2020.



What is Large Model

• Generalizability: One model fits different domains

• Task Generality: Versatility to cope with various scenarios/tasks

• Scalability: Performance improves with the scale of pre-training

• Emergence Abilities: Multimodality, In-context Learning …

Large Time Series Models
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Covariates



Large Time 

Series Models

Are Still in 

Early Stages

Zhao et al. A Survey of Large Language Models. arXiv 2023.

Timeline of Large Language Models
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Challenges

• Data Infrastructure

• Scalable Architecture
• Task Heterogeneity



Timer: Well-curated Datasets
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p UTSD: Unified Time Series Dataset

Dataset: https://huggingface.co/datasets/thuml/UTSD

Data Quality

• Aggregation & Filter

• Preprocess & Evaluate
• Stacking up with a hierarchy

• 1 Billion Time Points

• 7 Typical Domain

• 4 Scalable Volums

• Continuous Expansion…

https://huggingface.co/datasets/thuml/UTSD


p Unified Format to Address Data Heterogeneity: single-series sentence (S3)

Timer: Single-Series Sequence

12

Distinct in Shape/Freq/Scale!



Timer: Explore Backbones for Large Model
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p Decoder-only Transformer with Autoregression 

Figure 1: The Transformer - model architecture.

wise fully connected feed-forward network. We employ a residual connection [10] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

3.2.1 Scaled Dot-Product Attention

We call our particular attention "Scaled Dot-Product Attention" (Figure 2). The input consists of
queries and keys of dimension dk, and values of dimension dv . We compute the dot products of the
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Popular in small models Prevalent in LMs



p Next Token Prediction (Both Training and Inference)

Timer: Generative Pre-training
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Token-wise supervision: generated token at each position is independently supervised 



Timer: Unified Task Formulation
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p Unify Time Series Analysis into Generative Tasks



Task Generality

Time Series Forecasting

• Naturally predict the next token

• Timer trained with 1~5% samples 
outperforms SOTA with 100% samples
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Task Generality

Showcases
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Time Series Forecasting

• Naturally predict the next token

• Timer trained with 1~5% samples 
outperforms SOTA with 100% samples



Task Generality

Time Series Imputation

• Imputation is performed by generating 
masked tokens with the previous context 

• Surpass previous SOTA TimesNet in 
average masked cases and data scarcities.
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Task Generality

Time Series Imputation

• Imputation is performed by generating 
masked tokens with the previous context 

• Stable improvement exhibited in 
imputation by large-scale pre-training

Showcases

19Compared with training from scratch



Anomaly Detection 

• Conducted in a predictive approach by 
generating normal time series

• Quantile the abnormal confidence in MSE

• Surpass task-specific SOTA models in the 
challenging UCR Anomaly Archive

Task Generality
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Anomaly Detection 

• Conducted in a predictive approach by 
generating normal time series

• Quantile the abnormal confidence in MSE

• Stable improvement exhibited in anomaly 
detection by large-scale pre-training

Task Generality

Showcases

21Smaller 𝜶 indicates better performance 



Scalability
Loss Curve of Sequence Models on UTSD
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Transformer exhibits model capacity as the 

scalable architecture for LTSM



Scalability
Scaling Model/Data Consistently Improves Performance

Scaling Timer achieves MSE: 0.194 → 0.123 

(−36.6%) under data scarcity, surpassing the 
state-of-the-art (0.129) model with full samples
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Transformer exhibits model capacity as the 

scalable architecture for LTSM

Loss Curve of Sequence Models on UTSD



Variable Lookback Length

• Small models are constrained on fixed input/output lengths

• Similar to LLMs, Decoder is flexible on the context length

Autoregressive Model
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Variable Lookback Length

• Small models are constrained on fixed input/output lengths

• Similar to LLMs, Decoder is flexible on the context length

• Increasing the lookback window leads to stable accuracy growth

Autoregressive Model

Iterative Multi-step Prediction

• Token-wise supervision 

alleviates error accumulation
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Few-shot Generalization
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Superwisedly Trained from Scratch

Encoder will outperform when training samples are insufficient 

Decoder necessitates substantial samples in end-to-end settings



Few-shot Generalization

In terms of Pre-training->Adaptation

Better performance can be achieved by Decoder Trm (Timer)
27

Generalization on Downstream Tasks
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Evaluations of LTSMs
Quality Assessments

Future Directions

• Generalization
• Longer Context

• Probabilistic
• More Tasks
• ……
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Benchmarks of LTSMs

We provided the average rank, where the lower is better, 

to measure LTSMs as a general-purpose zero-shot forecaster

Quantitative Evaluations (Zero-shot Forecasting)
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Summary

Task Generality

Strong Generalization

Scalability

Large-scale 
Pre-training

Diverse Time Series Timer

Capabilities

Dataset Pre-training Adaptation



Thank You!

GitHub: https://github.com/thuml/Large-Time-Series-Model 31

https://github.com/thuml/Large-Time-Series-Model

