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Time Series Data
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Weather HealthcareAIOps

Time series data has been widely applied 
to different domains

……
?

Classification

Forecasting

Anomaly Detection

Diverse downstream tasks

High-quality time series data is scarce

High cost of data 
acquisition devices

Privacy and security 
constraints

Missing values are 
common



Time Series Data Augmentation
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Time series data augmentation leverages transformations in the amplitude, time, frequency, and time-frequency 
domains

Original Time Series Jittering Scaling

Downsampling AAFT STFT

These transformations generate diverse training samples, enabling downstream models to achieve better 
generalization and improved performance



Two Application Paradigms of Time Series Augmentation
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• Representation Learning
• Stage 1: augmentations are used to construct contrastive samples, enabling models to learn task-agnostic 

representations

• Stage 2: train downstream model to adapt the learned encoder representations
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• Automated Data Augmentation (AutoDA)
• Focuses on automatically generating augmentation strategies that directly optimize downstream model 

performance while reducing the reliance on manual design



Representation Learning vs. AutoDA
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• Key Limitation of Representation Learning: Two-Stage Misalignment

• The adaptability of downstream models to the learned representations

• E.g., RNNs are inherently designed for sequence-to-sequence prediction, 

excelling at modeling long-term dependencies rather than capturing invariant 

representations

• AutoDA follows a one-stage scheme where augmentations are jointly optimized 

with the downstream model



Key Challenges
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Limited Task Generalization
• Most existing AutoDA methods are validated on a single task
• This narrow evaluation overlooks the poor generalization of 

augmentation policies across different time series tasks

Neglect of Time Series Characteristics
• Existing methods ignore time series-specific features when 

generating augmentation policies
• Modality-agnostic transformations can disrupt intrinsic properties, 

resulting in degraded downstream performance

Lack of Adaptive Policy Learning
• Previous SOTA methods rely on uniform sampling to determine 

augmentation transformations
• This ignores the heterogeneous impact of different transformations, 

leading to inappropriate augmentation policies



Our Goals
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A general-purpose, multi-task automated data 
augmentation framework for time series

Domain Data

Energy

Healthcare

AIOps

Weather

Economy

……

Downstream Tasks

Classification

Forecasting

Anomaly Detection

……

Feature-Driven Adaptive Plug-and-Play

Physically 
Meaningful Efficient Interpretable



Methodology
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• A time series feature-aware augmented data generator (denoted as 𝒜!) is composed of multiple stacked 
Augmentation Layers 𝒜!!

(#), each of which is responsible for selecting and applying one of the available 
transformations in the set 𝒯 = {𝑇%, 𝑇&, ⋯ , 𝑇'}. The 𝑘-th augmentation layer generates an augmentation policy 
consisting of (i) a series of probability 𝑝(,*

(#) indicating the likelihood of choosing transformation 𝑇* and (ii) a series of 

intensity 𝑡(,*
(#) to apply a chosen transformation.



Methodology
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• By stacking these augmentation layers, the framework can explore a variety of transformation sequences, allowing 
for more diverse and potentially useful augmented data. The final output augmented time series is used to train a 
single downstream model in a single-stage, end-to-end manner, with a composite loss to update the parameters in 
the augmented data generator together with the downstream model.



Implementation
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• We evaluate on representative downstream models and extend the scope by 

incorporating both classical and advanced architectures, covering convolutional, 

recurrent, Transformer-based, and generative paradigms



Overall Performance
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• NoAug: as a control group, which does not apply any 

augmentation

• Representation Learning: 

• TS2Vec: AAAI’ 2022

• InfoTS: AAAI’ 2023

• AutoTCL: ICLR’ 2024

• Automated Data Augmentation:

• RandAugment: CVPR’ 2020

• UniformAugment: arXiv’ 2020

• TrivialAugment: ICCV’ 2021

• A2Aug: CVPR’ 2023



Adaptive Augmentation Policy Visualization
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• The results reveal a clear layer-wise differences. Layer 0 rapidly converges to a few operators (e.g., Raw 

augmentation), reflecting deterministic exploitation, while Layer 1 and Layer 2 maintain higher entropy and 

more diverse strategies

• Overall, lower layers stabilize the augmentation policies, whereas upper layer remain adaptive, forming a 

complementary balance between stability and diversity



Generalization Across Datasets
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• We train the downstream model together with augmentation policies on ETTh1 and directly evaluate 

the trained model on ETTh2 and ETTm2

• AutoDA-Timeseries not only enhances performance within a single dataset but also exhibits strong 

potential for cross-dataset generalization, validating its generalization and applicability in real-world 

scenarios



Robustness under Limited Training Samples
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• Evaluated model robustness with 10% - 100% training data

• AutoDA-Timeseries consistently outperforms NoAug across all data ratios

• The advantage is more significant in low-data regimes (10% - 50%), showing strong robustness



Model Efficiency
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• Three factors: parameter size, training time (ms/iter), 

and accuracy

• Outperforms complex baselines (A2Aug, AutoTCL) 

while keeping lower computational cost

• Compared with simple baselines (Rand., Trivial., 

Uniform.), it achieves significantly higher accuracy



Summary
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A general-purpose, multi-task automated data 
augmentation framework for time series

Domain Data

Energy

Healthcare

AIOps

Weather

Economy

……

Downstream Tasks

Classification

Forecasting

Anomaly Detection

……

Feature-Driven Adaptive Plug-and-Play

Physically 
Meaningful Efficient Interpretable
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本工作得到国家重点研发计划 (No.2024YFB4505903) 的资助
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