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1. Context & Motivation

� Anomaly Detection (AD) is essential in a wide variety of applications.
� AD reveals an importance for low-latency applications (Cloud 

Gaming or CloudVR) to be able to detect QoE deterioration as 
part of french ANR MOSAICO project.

� Current unsupervised AD techniques for time series have some 
limitations.
� Low performance 
� Impact of data contamination

� Contrastive Learning (CL) proved its efficiency on many tasks on 
image, text and is now leveraged for time-series and network data.

� Contributions for time-series anomaly detection:
� Use negative data augmentation techniques for time-series to be 

considered as anomalies (anomaly injection)
� Consider temporal dependencies with a novel (Dynamic Time 

Warping) DTW-based temporal loss
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2. CATS: Contrastive learning for Anomaly detection in Time Series

Spike, Trend, Masking…

Jitter, Scaling
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2-1. Temporal Contrastive Learning (TCL)

 

 

� Dynamic Time Warping (DTW): a similarity measure between 
time series that seeks for the temporal alignment that 
minimizes Euclidean distance between aligned series.

� However, DTW is not differentiable.

� Soft-DTW was introduced using the soft-min operator 
to make DTW differentiable.

� TCL learns a temporal representation using a triplet loss with 
Soft-DTW and is defined as follows:
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2-2. Global Contrastive Loss (GCL)

� GCL learn representations at the instance level using the 
NT-Xent loss while considering more negative pairs.
� NT-Xent loss consider two views of same instance 

as positive and view of different instances as 
negative.

� GCL also include the views generated through 
negative data augmentation.

� Consequently, instead of contrasting one positive 
pair and N-1 negative pairs in NT-Xent =, GCL 
contrasts one pair and 2N-1 negative pairs.
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2-3. Anomaly detection

� After training, we assume that the encoder has 
learn sufficient information to be efficient for our 
downstream task (AD).

� Anomaly can be identified using a simple anomaly 
score computed as follows:
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3. Experimental results

� Datasets:
� Cloud Gaming QoE/QoS datasets: 

(STD, GFN, XC)
� Benchmark datasets (SMD, SMAP, 

MSL)

� Competing solutions:
� iForest
� Deep-SVDD, AE, USAD
� SimCLR, SimSiam, TS2Vec

� Evaluations metrics:
� F1-score
� AUPR
� MCC (Matthews Coefficient 

Correlation)

� Experiments:
� Performance comparison
� Ablation studies
� Data contamination
� Hyper-parameters influence
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3-1. Experimental results: Performance
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3-2. Experimental results: Ablation study

� Impact of each loss components
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3-3. Experimental results: Data contamination
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3-4. Experimental results: Hyperparameters impact
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4. Conclusion

� CATS addresses the limitations of traditional CL with temporal similarity 
and negative data augmentation.

� Empirical evaluations demonstrate performance in AD tasks on different 
datasets while being robust to data contamination.

� Some limitations remain:
� Increased training time due to the SoftDTW time complexity O(N2)
� Triplet loss in TCL hinders the efficiency of temporal modeling due to the 

use of 1 negative.
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Dynamic Time Warping
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Experimental results: Performance
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2. Background on Contrastive Learning

� Contrastive Learning (CL) consist in learning representation 
without label information while ensuring that semantically-similar 
samples are closed (positives) and far from others (negatives).
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2-1. Data augmentation

� The key ingredients to the success of CL are data augmentation and loss functions.

� Data augmentation generate different views of a sample and then help learn 
representations by maximizing the similarity of views from the same samples 
and minimize those of others.
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2-2. Loss functions

Some popular CL loss functions are:
� Triplet loss:

� N-pair loss: extension of triplet to many negative samples

� NT-Xent loss (proposed in SimCLR): extension of N-pair loss with a 
temperature parameter to scale cosine similarity
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2-3. Contributions

� Negative sampling is important for CL to avoid collapse issues.

� CL losses do not handle temporal dependencies

� Contributions for time-series anomaly detection:
� Use negative data augmentation techniques for time-series to be 

considered as anomalies (anomaly injection)
� Consider temporal dependencies with a novel (Dynamic Time Warping) 

DTW-based temporal loss


