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1. Problems that reconstruction-based methods are suffering

Reconstruction-based methods are a competitive choice for MTS Anomaly Detection, but they face 
two critical challenges:
(1) Over Generalization
(2) Balance between Robustness and Sensitivity

Challenge 1: Over Generalization

Models with excessive decoding power 
reconstruct abnormal inputs just as well as 

normal ones, making them indistinguishable. 

Challenge 2: Robustness vs. Sensitivity

Models must be robust to real-world noise but 
also sensitive to subtle, early-stage anomalies. 

These goals are often in conflict. 



Case 1: Over Generalization

Case 2: Correct Detection

Case 3: Robustness vs. Sensitivity
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2. Proposed solution from a Manifold Perspective
We propose Idempotent Generation for Anomaly Detection (IGAD), a flexible, parameter-free 
module inspired by idempotent generative network.

The Concept
1. Define a target 
manifold ℳtarget that 
only contains normal 
instances.
2. Modify the manifold 
to ensure normal 
points, even noisy 
ones, map onto it.

Reconstruction Loss

Idempotent Loss & 
Tightness Loss



3. Optimization Objectives
Three objectives are included and optimized jointly.
(1) Reconstruction Objective

(2) Idempotent Objective

(3) Tightness Objective
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4. Experiments
(1) VUS-PR on different models before and after applying IGAD.



4. Experiments
(2) Performance under different weighted noise. The weights of noise vary from 
1% to 20%.

VUS-PR under noise for SARAD on MSL. VUS-PR under noise for A.T. on SMD.



4. Experiments
(3) Anomaly score distributions. In each sub-figure, the left one shows the 
distribution without IGAD, and the right one with IGAD.

Anomaly scores for CAE-M on SMD.



4. Experiments
(3) Anomaly score distributions. In each sub-figure, the left one shows the 
distribution without IGAD, and the right one with IGAD.

Anomaly scores for OmniAnomaly on SMAP.



4. Experiments
(4) Ablation study: loss function types and core components.



4. Experiments
(4) Ablation study: VUS-PR on foundational models AE and VAE with different 
datasets.



4. Experiments
(4) Ablation study: A comparison of different signal augmentation strategies. Left: 
Frequency Resampling Strategy in IGAD; Middle: Time-Domain PCA with k = 5; 
Right: Time-Domain PCA with k = 10.



4. Experiments
(5) Visualize the latent space of different models before and after applying IGAD.

Under the effect of IGAD, the model gains a clearer boundary to distinguish normal instances from abnormal instances. This aligns with our 
design principles to modify and tighten the target manifold ℳtarget, with the aim of containing enough normal instances and dropping out 
potential abnormal instances.
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5. Conclusion

This paper introduces IGAD, a novel module which can be easily integrated into 
reconstruction-based methods to enhance their effectiveness in detecting 
anomalies in MTS. Meanwhile, we conduct further experiments and explorations, 
addressing the issues of over generalization and overall performance balance of 
these models from the perspective of manifold. With defined optimization 
objectives, we aim to not only modify the target manifold, balancing the 
robustness and sensitivity to inherent normal patterns of time series, but also 
tighten the manifold to exclude potential abnormal time instances. The 
experimental results demonstrate the effectiveness of IGAD and show its great 
potential for further applications in MTS anomaly detection.
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