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Background

n Machine learning are applied in various scenarios
¨ Image Classification；Speech Separation；NLP；Time Series；

n The real-world scenarios include

Self-driving car Face Detection Game Theory

ü Image recognition
ü Environment perception
ü Autonomous decision

ü Liveness detection
ü Face recognition
ü Facial expression

ü Environment perception
ü Decision making
ü Collaborative plan

2025/11/6



Background

Univariate Time Series Multivariate Time Series

n Time Series
¨ Time series is a sequence of observations indexed in temporal order.

n 𝑆 = 𝑠!, 𝑠", … , 𝑠# , … . 𝑠# ∈ 𝑅$

n Clustering, Forecasting, Classification, Anomaly Detection

Time
Dimension

Power



n Just collect more data?
n Semi-supervised Learning

¨ Use unlabeled examples during training
¨ Easy to find for time series data.

Background



n Consistency Regularization [Miyato et al., 2018] 

¨ Add perturbation to the inputs
ℒ!"(𝑝 𝑦 𝑥#; 𝜃 , 𝑝(𝑦|𝑥# + 𝑟; 𝜃))

n Where 𝜂 is a vector with a random direction and a magnitude

¨ The model should give consistent predictions to nearby samples
n “Local Distributional Smoothing (LDS)”
n Perturbation is not chosen randomly (Adversarial)

Preliminaries

Soft target Add perturbation
𝜖



n While for Time Series Data? [Miyato et al., 2018] 

¨ Create an adversarial example 𝜂 by maximizing LDS

max ℒ!" 𝑝 𝑦 𝑥#; 𝜃 , 𝑝 𝑦 𝑥# + 𝑟; 𝜃 ; 𝑟∗ = 𝜖
∇% ℒ!"
∇% ℒ!"

n where 𝑟 is not chosen randomly (Adversarial)
n Introduce abnormal patterns (e.g., Spiky)

Motivation

Soft target Add perturbation
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Our Methods
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n Experimental Setup
¨ 30+ UCR/UEA datasets
¨ Domestic Futures 50/300/500
¨ 0.1/0.2/0.4 label ratios

Experiments



n Empirical Results

Experiments



n More Empirical Results

n Futures Dataset

Experiments



n Fully Supervised Performance

n Altering Order of Sobolev Norm

Experiments



n Visualization of Loss Landscape

n Runtime Comparison

Experiments



Conclusion

n We propose the framework of functional Virtual Adversarial 
Training that construct perturbations in various function spaces.

n We theoretically establish the duality between the perturbation 
norm and gradient sensitivity to generate structured perturbations.

n We propose to use an appropriate Sobolev norm to capture low-
frequency trend information and better generalization.



Thanks!


