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The Challenge

Multivariate time series anomaly detection faces critical challenges in non-
stationary environments with high false-positive rates and limited interpretability.
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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
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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.
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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.

Frequency-Based Routing Attention Physical Consistency through Energy Guidance
Attention(Q,K,V,P,,P,) =softmax[QKT il 3? +9, QP JV E(x,) =l VX(D(Xt)HZ Xiq < X — Z’thg(xt) ++/24n
k

(3) Physics-Driven Anomaly Detection :
For each sliding window, we define an anomaly score that fuses reconstruction fidelity with physical plausibility

Score(t) = a -l X(t) - X()ll, + @—a)- D, (Pl P

prior)j

v R Vo
Reconstruction Error Time-Frequency Distribution Divergence
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Comparative Study
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3 Experiments

Ablation Study: Each Component’s Contribution
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Impact of removing individual components from PhysDiff, The dataset-specific impact of removing each component.
measured by F1 score decrease averaged across all datasets. Darker colors indicate larger F1 score decreases.
Case Study: Fraud Detection in Financial Transactions
Top 10 Important Features for Fraud Detection Anomaly Score Distribution
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Top 10 features for fraud detection, with Feature 1 Anomaly score distribution showing separation

(0.0998) contributing most significantly. between normal transactions and fraudulent ones.
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