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1 Background & Motivations

Multivariate time series anomaly detection faces critical challenges in non-

stationary environments with high false-positive rates and limited interpretability.

The Challenge Key Findings: Non-Stationarity Analysis

1. Strong Non-Stationarity Confirmed

Significant downward trend (0 → −20)

ADF (p≈1.0) and KPSS (p≈0) both reject stationarity

ACF shows no decay → requires differencing

2. Time-Varying Statistics

Variance fluctuates dramatically (peaks during anomalies)

Extreme kurtosis spikes (>80) indicate heavy tails

Statistical properties unstable across time

➢ Pattern anomalies are subtle and remain within normal ranges

➢ Non-stationary data exhibits overlapping dynamics

➢ Methods struggle when point anomalies are obscured



2 Analysis & Solutions 

Two Key Challenges

Adaptive Decomposition: Existing methods predominantly employ fixed decomposition patterns, making it difficult to handle complex data.

Frequency Integration: During signal reconstruction, how to strike a well-founded balance between detail and stability remains a challenge.

Solutions

Proposing the PhysDiff Framework

➢ Physically Guided Feature Extraction:

Separates high-frequency oscillations from

low-frequency trends to reduce noise and

provide physical prior information;

➢ Physically Informed Diffusion Model:

Performs reconstruction via diffusion proc-

esses conditioned on physical prior inform

ation to highlight anomalous deviations;

➢ Anomaly Detection Scoring: Fuses reco

-nstruction errors with physical plausibility

to generate anomaly scores.



2 Analysis & Solutions 

（1）Physics-Guided Feature Extraction

Through the combination of Multi-channel Adaptive Fourier Decomposition (MAFD) and Amplitude-Sensitive Permutation Entropy (ASPE), 

providing interpretable inputs for subsequent diffusion models.

（2）Physically-Informed Diffusion Model 

Through the conditional diffusion process, focusing on solving the problem of the lack of physical constraints in the reconstruction of non

-stationary data in traditional diffusion models.
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（3）Physics-Driven Anomaly Detection : 

For each sliding window, we define an anomaly score that fuses reconstruction fidelity with physical plausibility

2 KL TTFD prior
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3 Experiments 

Comparative Study

Our comprehensive comparative analysis evaluates PhysDiff over 18 state-

of-the-art anomaly detection methods across real-world benchmark dataset.

Performance comparison 

between PhysDiff and baseline 

methods across seven datasets.

Performance comparison on 

NeurIPS-TS datasets 

(Creditcard and GECCO).

Precision-Recall analysis across SMD, PSM, and SWaT datasets. PhysDiff

(marked with a star) achieves a better balance between precision and recall

compared to competing methods, maintaining high scores on both metrics.

Contour lines represent F1 score values.



3 Experiments 

Ablation Study: Each Component’s Contribution

Impact of removing individual components from PhysDiff, 

measured by F1 score decrease averaged across all datasets.

The dataset-specific impact of removing each component. 

Darker colors indicate larger F1 score decreases.

Case Study: Fraud Detection in Financial Transactions
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Top 10 features for fraud detection, with Feature 1 

(0.0998) contributing most significantly.
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Anomaly score distribution showing separation 

between normal transactions and fraudulent ones.



Thank You for Listening
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