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Rare anomalies and sparse labels

Only a small part of the sequence is anomalous, and fewer events have labels

Schematic illustration

Challenge 1: Target domains lack effective anomaly supervision
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• Abnormal observations are rare compared with normal data

• Anomaly labels are limited or unavailable

• Detectors receive little direct supervision about abnormal behavior
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Stable background

Potential anomaly

Periodic background

Normal

Schematic illustration

Identical local rise-and-fall pattern

Challenge 2: Temporal anomalies are highly context-dependent
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• The same local pattern can be normal or anomalous

• (An isolated rise and fall may indicate an anomaly in a stable background. The same pattern can be

normal when it follows the surrounding periodic behavior)
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(a) Normality-only learning (b) Coarse anomaly injection (c) Context-anchored generation

Normal samples Unseen real anomalies

Rule-injected anomalies

Diverse semantic anomalies

Normal data support Detector boundary

Pair-Conditioned Anomaly SemanticsRule-Perturbed NormalsNormal samples only

Misleading positives

Normal-anchored anomalies

Different contexts Reversal Compression Point/Periodic/ Trend/Noise/

Why Recover Anomaly Supervision?
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Normality-only learning

Limited explicit evidence about abnormal behavior

Coarse anomaly injection

Predefined perturbations may overlook

contextually meaningful deviations

Context-anchored supervision

Learn anomaly semantics from simulated

normal–anomalous pairs

Realize diverse effects on target references while

preserving their temporal backgrounds
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Conditional
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Target-domain

Dataset

Extract anomaly

semantics

Provide normal

references

Generate anomalous

counterparts

1. Why use

simulated data?

2. How do we construct

the simulated dataset?

3. How do we extract

anomaly semantics?

4. How do we learn

conditional generation?

5. How do we instantiate

anomalies on

target data?

How to Recover Anomaly Supervision?
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(a) Matched-supervision view of temporal anomalies

Temporal 

context C

Anomaly 
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Abstracted as

Periodic

Illustrative

matched pair
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Anomaly variations

Simulated normal–anomalous pairs
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Why use simulated data ?

• Matched normal–anomalous outcomes are generally unavailable in

real data;

• Simulation provides controlled anomaly variations under a shared

temporal context;

• Paired comparisons reveal the changes induced by anomalies.

How do we construct the simulated dataset?

• Generate normal sequences across diverse temporal contexts;

• Introduce controlled periodic, point, or trend anomalies;

• Retain matched pairs with known anomaly supports and family labels.
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Shared TCN encoder 𝐸

Expert 1
…

Expert 2 Expert K

Simulation-induced semantic prior 

𝚷𝑨

Structured simulated correspondence

Hard-routed Conditional Generator

𝐱𝑛 𝐱𝑎

𝑧𝑛,𝑠

𝑧𝑎

sample ǁ𝑧𝑎
(𝑘)
~𝑝𝑘(𝑧𝑎)

(b) CAPS framework

𝑥𝑡𝑎𝑟

Target-domain counterpart 

generationTarget data

(𝑚, 𝑘)

… 𝑝𝐾(𝑧𝑎)𝑝2(𝑧𝑎)𝑝1(𝑧𝑎)Structure 𝐸𝑠 Semantics 𝐸𝑎

Controlled disentanglement

temporal representation h
fit by 𝑘

Base decoder Reverse denoisingො𝑥𝑎
(𝑘)

= 𝑥𝑡𝑎𝑟 + Ƹ𝑟(𝑘) 𝑟 = 𝑥𝑎 − 𝑥𝑛Ƹ𝑟(𝑘)

Supervised by

Simulated effect

The CAPS generation framework
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How do we extract anomaly semantics?

• Learn separate representations of temporal structure and

anomaly effects from matched pairs;

• Fit family-specific semantic priors for diverse effect

sampling.

How do we generate anomalies?

• Train conditional diffusion experts to generate residual

effects;

• Condition generation on anomaly semantics, reference

structure, and anomaly support

How do we instantiate anomalies on target data?

• Combine sampled semantics with the target reference’s

temporal structure;

• Generate multiple anomalous counterparts to train an

independent detector.
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1. Align the shared structure

• Matched outcomes share the same background.

2. Anchor anomaly semantics

• Suppress anomaly codes for normal samples.

3. Reconstruct the matched anomalous outcome

Normal structure

Anomaly semantics

Decoder  Dec

Anomaly support m

Matched anomaly

These learned effects condition generation on new target references.

𝑍𝑛,𝑠 ≈ 𝑍𝑎,𝑠 𝑍𝑛,𝑎 ≈ 0

𝐿cf = MSE(DEC 𝑍𝑛,𝑠, 𝑍𝑎, 𝑚 , 𝑥𝑎)

𝑍𝑛,𝑠

𝑍𝑎

Learning Anomaly Effects Beyond Their Original Context
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Performance on nine datasets under four metrics
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Ablations and controlled comparisons across nine datasets
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• Matched pairs preserve meaningful correspondence between context and anomaly effects.

• Context-conditioned generation outperforms direct source-residual injection.

• Recombination consistency strengthens semantic learning and improves detection.
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Yifei Gao

Industrial Statistics and Data Analytics Lab

github.com/gyf-0623/caps
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