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Introduction

• Convolution-based models for time-series have received less attention for a long 
time. It’s non-trivial to use convolution in time series analysis for it provides a 
better balance of efficiency and performance. 

• Date back to the 2010s, TCN and its variants are widely-used in many time series 
tasks.

• But in 2020s, Transformer-based models and MLP-based models have emerged 
rapidly and achieved impressive performance. They can better capture the long-
term temporal dependency and outperform TCNs by a significant margin.

• As a result, convolution-based models are losing steam nowadays due to their 
limited effective receptive fields (ERFs).
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Introduction

• Some previous convolution-based models mainly focus on designing extra 
sophisticated structures to work with the traditional convolution, ignoring the 
importance of updating the convolution itself, and still cannot achieve 
comparable performance to the state-of-the-art models.

• The reason is previous convolution-based models still have limited ERFs, which 
prevents their further performance improvements.
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Introduction

• Computer vision (CV) took a very different path to explore the convolution. Unlike 
recent studies in time series community, latest studies in CV focus on optimizing 
the convolution itself and propose modern convolution.
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Introduction

• Objective of the study: dive into the question of how to better use convolution in 
time series and propose a novel solution.

• Approach

1. Modernize the 1D convolution block

2. Make time series related modification
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Modernize the 1D convolution block
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• DWConv is responsible for learning the temporal information among tokens on a 
per-feature basis, which plays the same role as the self-attention module.

• ConvFFN is similar to the FFN module in Transformer. It consists of two PWConvs. 
This module is to learn the new feature representation of each token 
independently.



Time-series Related Modification

Maintaining the Variable Dimension

• In CV, before the backbone, we embed 3 channel RGB features at each pixel into 
a D-dimensional vector to mix the information from RGB channels via the 
embedding layer.

• But the difference among variables in time series is much greater than that 
among RGB channels in a picture.

• Such embedding design also leads to the discard of variable dimension, making it 
unable to further study the cross-variable dependency.

• Proposed method: patchify variable-independent embedding.
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Time-series Related Modification

9

Conv1dM
M x D

L

N

Maintaining the Variable Dimension

• Patchify embedding: Transforming time-series input M x L into (M x D) x N

• DWConv is modified to be feature and 
variable independent, making it learn 
the temporal dependency of each 
univariate time series independently.

• A large kernel is adopted in DWConv to 
increase ERFs and improve the 
temporal modeling ability.



Time-series Related Modification 
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Technique to Better Train A Large Kernel

Structural Re-parameterization
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Experiments

• ModernTCN was evaluated on five analysis tasks, including long-term and short-
term forecasting, imputation, classification and anomaly detection.

• ModernTCN achieves consistent state-of-the-art performance on five mainstream 
analysis tasks with higher efficiency.
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Long-term forecasting
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Short-term forecasting
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Time-series Related Modification

• Imputation task aims to impute the missing values based on the partially 
observed time series.
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Classification and anomaly detection
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Impact of kernel size
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Summary and Findings

• ModernTCN achieves consistent state-of-the-art performance on five mainstream 
analysis tasks, demonstrating its excellent task-generality and highlighting the potential 
of convolution in time series analysis.

• ModernTCN competes favorably with or even better than state-of-the-art Transformer-
based models in terms of performance. Meanwhile, as a pure convolution model, 
ModernTCN has higher efficiency than Transformer-based models.

• ModernTCN outperforms all MLP-based baselines in all five tasks. In contrast, MLP-based 
models prefer to adopt a lightweight backbone for a smaller memory usage. But such 
design in MLP-based models also leads to the insufficient representation capability and 
inferior performance. Although ModernTCN is sightly inferior in memory usage, it still 
has almost the same running time efficiency as some MLP-based baselines.

• In a pure convolution structure, enlarging the kernel size is a much more effective way to 
increases ERF. Therefore, by enlarging the kernel size, ModernTCN can easily obtain a 
larger ERF and further bring performance improvement.
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