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Introduction

▪ Temporal non-stationarity challenges stable forecasting

▪ Time series can be decomposed into two complementary parts

▪ Existing methods conflate static and dynamic factors

▪ Goal: disentangle time-invariant and time-varying patterns for robustness
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Research Background

Distinct temporal patterns in multiple MTS datasets

Visualization of data distribution based on t-SNE and kernel density estimation

▪ Temporal non-stationarity challenges stable forecasting

(Cite from: Shao Zet al. Exploring progress in multivariate time series forecasting: Comprehensive benchmarking and heterogeneity analysis. TKDE 2024)
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Research Background

▪ Every time series can be decomposed into two complementary parts:

▪ A time-invariant component that

     reflects long-term stable patterns, and

▪ A time-varying component that 

     represents short-term dynamics

     and fluctuations
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Motivation

▪ Existing methods mix static and dynamic components:

▪ Decomposition methods like DLinear rely on local statistical information but miss global 
patterns

▪ Transformer-based models like iTransformer treat the entire sequence as one, confusing 
short-term noise with long-term trends

▪ Frequency-based methods like FilterNet filter signals, but can't flexibly handle both static 
and dynamic factors
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Motivation

▪ Our TimeEmb separates these components, preserving long-term patterns 
while capturing short-term changes, improving accuracy with high efficiency
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Overview
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Overview

Benefits of Frequency Representation

✓ Reveal the underlying periodic 

     structures hidden in time domain

✓ Provide a clearer perspective for 
disentanglement

✓ Explicitly separate periodic patterns 

     and dynamic noise
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Overview

Domain Transformation Layer

✓ Tranform 𝑋 to frequecy domain ത𝑋 via 
Fast Fourier Transform (FFT)
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Overview

Domain Transformation Layer

✓ Tranform 𝑋 to frequecy domain ത𝑋 via 
Fast Fourier Transform (FFT)

Static-dynamic Disentanglement Layer

✓ Introduce a learnable embedding bank 
to retrieve the static component 

✓ Process the dynamic component via 
frequency filtering
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Overview

Domain Transformation Layer

✓ Tranform 𝑋 to frequecy domain ത𝑋 via 
Fast Fourier Transform (FFT)

Static-dynamic Disentanglement Layer

✓ Introduce a learnable embedding bank 
to retrieve the static component 

✓ Process the dynamic component via 
frequency filtering

Prediction Layer

✓ Generate the final prediction
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Domain Transformation Layer

imaginary unit

F = ⌊L / 2⌋ + 1

① Domain Transformation

Transfer the time series from time domain 
to frequency domain:
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Static-dynamic Disentanglement Layer

time index of X size of Emb bank

② Static Component via Embedding Bank

Retrieve the corresponding embedding:

Each embedding in 𝐸corresponds to a 
specific time slot

This bank captures persistent global 
patterns that are consistent across the 
entire dataset
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② Static Component via Embedding Bank

Separate the embedding 𝑋𝑠 from time 
series ത𝑋 :

Disentangle the time-varying and time-
invariant components

Enable explicit modeling of both stable and 
changing patterns

Static-dynamic Disentanglement Layer
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Static-dynamic Disentanglement Layer

③ Dynamic Component via Freq Filtering

Reweight different frequency bands to 
adapt to distribution shifts:

  

Provide practical flexibility for modeling 
diverse temporal dynamics

modulation 
vector
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Static-dynamic Disentanglement Layer

④ Reconstruct the Full Representation

Add back the static component 𝑋𝑠:
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Prediction Layer

Inverse Instance 
Normalization

⑤ The Projection Layer

Generate the final prediction:

⑥ Objective Function

Inverse Fast Fourier 
Transformation
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Pipeline

Embedding Bank

✓ Learns global, time-invariant patterns 
across the dataset

✓ No predefined cycles or assumptions

✓ Captures stable temporal structures 
flexibly
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Pipeline

Frequency Filtering

✓ Adaptive reweighting of frequency 
components

✓ Models dynamic variations effectively

✓ Complements static embedding for 
robust forecasting
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Pipeline

Framework Summary

✓ A frequency-domain disentanglement 
framework

✓ Separately models static and dynamic 
components

✓ Achieves robust, efficient, and 
interpretable forecasting
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Experimental Settings

Dataset

▪ ETTs: ETTh1, ETTh2, ETTm1, ETTm2

▪ Electricity

▪ Weather

▪ Traffic
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Experimental Settings

Baselines

▪ Frequency-based models: 

▪ FreTS(NeurIPS 2023), FilterNet(NeurIPS 2024), FITS(ICLR 2024)

▪ MLP-based models:

▪ DLinear(AAAI 2023), CycleNet(NeurIPS 2024)

▪ Transformer-based Models:

▪ PatchTST(ICLR 2023), iTransformer(ICLR 2024), Fredformer(KDD 2024)
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Overall Performance

TimeEmb consistently outperforms strong baselines across diverse datasets
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Overall Performance

TimeEmb surpasses disentanglement-based baselines by offering more expressive and 
flexible decomposition
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Overall Performance

TimeEmb outperforms frequency-domain models by jointly modeling invariant and dynamic 
components
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Overall Performance

On the Traffic dataset, TimeEmb underperforms Transformer-based models due to its lack of 
explicit variable correlation modeling, but it still surpasses other types of models



30

Efficiency Performance

Moreover, TimeEmb achieves the best performance–efficiency trade-off:

it uses only 0.9M parameters, over 5× fewer than heavy Transformer-based models like 
iTransformer or FEDformer
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Compatibility Analysis

Assess TimeEmb’s Compatibility

✓ Integrate TimeEmb as a plug-in module 
into existing models including DLinear, 
MLP, and iTransformer

✓ Replace the backbone prediction layer 𝑓𝜃 
with the alternative model
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Compatibility Analysis

→  The results show consistent improvements across all backbones with negligible 
computational cost, proving its broad compatibility and ease of integration
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Visualization

The embedding captures the shared low-frequency structure across days, while the time-
varying component shows distinct high-frequency fluctuations

→  TimeEmb effectively separates global stable patterns from local dynamic variations
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Visualization

Before Disentanglement After Disentanglement

Before disentanglement, samples from different weekdays are mixed together; after 
disentanglement, they form clearer, separated clusters

→  Removing the invariant component enhances discriminability and verifies successful 
static-dynamic separation

time series for Sunday
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Ablation Study

▪ Initialize emb bank randomly

▪ Fix emb bank to zero

▪ Fix emb bank to mean value

▪ w/o embedding bank

▪ w/o frequency filter

→  Performance is highly sensitive to the embedding bank design

→  Perturb the embedding bank (random / zero / mean) leads to performance drops
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Ablation Study

▪ Initialize emb bank randomly

▪ Fix emb bank to zero

▪ Fix emb bank to mean value

▪ w/o embedding bank

▪ w/o frequency filter

Removing the embedding bank significantly degrades performance

→  The model loses its ability to capture long-term stable patterns, confirming that static 
representations are essential for robust forecasting
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Ablation Study

▪ Initialize emb bank randomly

▪ Fix emb bank to zero

▪ Fix emb bank to mean value

▪ w/o embedding bank

▪ w/o frequency filter

Removing the frequency filter also causes clear performance drops

→  The model struggles to adapt to short-term dynamics, proving the filter’s importance in 
modeling temporal variability
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Hyper - parameters Analysis

→  TimeEmb remains robust across a wide range of values, indicating strong stability and 
generalizability.
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Conclusion

We propose a new perspective for handling non-stationary time series —

by disentangling static and dynamic components in the frequency domain.

▪ Through a learnable embedding bank and a frequency filter, TimeEmb effectively models long-

term invariance and short-term fluctuations.

▪ It achieves state-of-the-art performance, lightweight efficiency, and high interpretability.

▪ Moreover, TimeEmb can seamlessly enhance existing models, making it a practical, plug-and-

play solution for real-world forecasting tasks.
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Thanks!

Email: xiamy2322@mails.jlu.edu.cn
            zhangzijian@jlu.edu.cn


