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Background & Challenge

Research Background

Large Time Series Models (LTMs) are

powerful pretrained universal forecasters.

The generalization ability of LTMs exceeds 

traditional models.

Generalization Challenges

Real-world time series data are diverse and 

non-stationary. A single pre-trained LTM is 

difficult to adapt to all domains.

Traditional fine-tuning process can harm

generalization and is often computationally 

expensive.
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Core Insight & Motivation

Core Insights

By applying data transformations to

targeted time series data, the prediction 

performance of the frozen LTM can be 

significantly improved without 

modifying the model architecture.

Realistic Requirements

Can we adapt frozen LTM to multiple

downstream domains through optimizing

data transformation pipelines?

Can we do this in an efficient way without

harming accuracy and generalization?



FrozenForecasting: A New Paradigm

Paradigm Definition

Use a single frozen pre-trained foundation model and applies lightweight, domain-

specific adaptive transformations only to the input data to achieve accurate 

forecasting across multiple downstream domains.
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TATO Framework Overview



Key Experiment Results: Performance Improvement

Verified on 8 mainstream time series datasets, 6 open-source baseline LTMs, and 4 forecasting horizons.

Including 192 different forecasting scenarios.

84.3%
TATO's performance is on par native 

frozen LTM in 84.3% of scenarios.

13.6%
MSE is reduced by 13.6% on average; 

MAE is reduced by 8.1% on average.

65.4%
TATO brings significant improvements in 

scenarios where the native LTM performs 

poorly.



Efficiency & Scalability Verification

Optimization Efficiency

The optimization process of TATO 

can be completed within 2 minutes

in most scenarios.

Inference Overhead

The additional overhead brought 

by transformations is less than

3ms per sample during inference.

Strong Scalability

The optimization effect steadily 

improves with the increase of 

search iterations and sample size.
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Ablation Study & Additional Verification

Operators Ablation

All operators contribute positively to 

the final result, with Trimmer and

Scaler having the greatest impact.

Modules Ablation

Denoising operators and the two-stage 

ranking mechanism significantly 

improve the robustness of the results.

Additional Verification

TATO can further reduce MSE by

7.3% on LTMs after full-domain 

fine-tuning, complementing the fine-

tuning scheme.



Conclusion & Future Work

Key Conclusions

• Proposed FrozenForecasting paradigm to enable a single frozen LTM to adapt across multiple domains.

• Designed the TATO framework, which significantly improves the prediction performance and robustness of frozen 

LTMs by automatically optimizing time series transformation pipelines.

• Extensive experiments verify the general effectiveness and high efficiency of TATO, which can be directly 

deployed in real-world scenarios.

Future Work

• Extend to multivariate time series forecasting scenarios.

• Expand transformation operators for specific domains.

• Combine with test-time adaptation schemes to further improve robustness under distribution shifts.
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