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Summary

Background

Challenges

Empirical Insight: A good time series pre-trained model can effectively capture
long-term dependencies and key temporal patterns, while different
downstream tasks have distinct feature requirements.
TEMPLATE:A flexible and generalizable method, supporting both classification
and regression tasks.
General Evaluations: TEMPALTE achieve state-of-the-art performance on all
downstream tasks, including classification, forecasting, imputation, and
anomaly detection！

Pre-trained models in the field of Rme series are constantly increasing, and a
large number of pre-trained models are already available on open-source
plaSorms.
No single pre-trained model can perform well on all Rme series downstream
tasks, thus how to quickly select the pre-trained model suitable for downstream
tasks without fine-tuning has become an urgent problem to be solved.

Cross-task generalization bottleneck: Mainstream time series tasks exhibit
diversity, and the designed metrics need to achieve cross-task adaptability.
High-dimensional infeasibility: Downstream datasets feature large-scale
characteristics. Designed metrics must balance efficiency and accuracy.
Feature space mismatch: Heterogeneity of model architectures and differences
approaches to handling inter-channel dependencies result in discrepancies.

Motivation Experiment Results

Methods

Dependency Learning Score

Pattern Learning Score：

Task Adapta6on Score：

Preliminary
The feature extracted by the 𝑙-th layer of the pre-trained model 𝜙!($) is
denoted as 𝐇", where 𝐇" = 𝜙!(𝐗) ∈ ℝ#×% and 𝑑 is the feature dimension.

Obtain the feature matrix of the trend component via trend decomposition.

𝐓 = 𝝓𝒎 𝒕𝒓𝒆𝒏𝒅 𝐗 (1)

Perform SVD to decompose the features.
𝐇 = 𝐔𝒉𝚺𝒉𝐕𝒉𝑻, 𝐓 = 𝐔𝒕𝚺𝒕𝐕𝒕𝑻 （2）

Quantify the model’s capability in capturing long-term dependencies.

𝑺𝒅𝒍 =
𝑪𝒐𝒏𝒗(𝒖𝒉, 𝒖𝒕)

𝝀𝒉𝝀𝒕
(3)

Quantify the model’s capability in learn primary temporal patterns.

𝑺𝒑𝒍=
𝝈𝒕

||𝐓||∗
(4)

Quantify the model’s capability in adapting to downstream tasks .

𝑺𝒕𝒂 =
𝑯𝑺𝑰𝑪(𝑲, 𝑳)

𝑯𝑺𝑰𝑪(𝑲,𝑲)𝑯𝑺𝑰𝑪(𝑳, 𝑳)
. (𝟓)

Table: Classification Benchmark Performance (Weighted Kendall’s τw) of different methods

Analysis

Time complexity analysis: TEMPLATE strikes a high degree of balance 
between efficiency and accuracy.

Table: Forecas@ng Benchmark Performance (Weighted Kendall’s τw) of different methods

Ablation Study: All three metrics achieve positive ranking correlations, and 
their combination yields the highest average ranking correlation.

Model Pool Model Rank
Fine-tuning

Accurate but Time-consuming

Designed
Metric

Accurate and Efficient

∅𝟏

∅𝟐

∅𝑴

… …

∅𝟏

∅𝑴

∅𝟏𝟎

properties of time series analysis
(1) Time series diverse tasks.
(2) Large-scale data.
(3) Heterogeneous Architectures.

Challenges for metrics in time series
(1) Cross-task generalization bottleneck.
(2) High-dimensional infeasibility.
(3) Feature space mismatch.
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By comparing the feature matrices before and after fine-tuning, and
examining the similarity of the eigenvectors corresponding to their singular
values, we find that larger singular values are more stable than smaller ones.

(a) ClassifiacRon (b) Imputation (c) ForecasRng (d) Anomaly Detection


