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Trigger Warning 

(et en plus 
c’est un ppt)



Introduction
What is Time Series Anomaly Detection (TSAD) ?
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An univariate time series 𝑇 of 
length 𝑛  is an ordered 
sequence of  𝑛  values

0 𝑛 − 1

Example of an ECG [2]
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A multivariate time series 𝑻 is 
a collection of 𝐷 univariate 

time series

0 𝑛 − 1

𝑇(0)

𝑇(𝑗)

𝑇(𝐷−1)

…
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A streaming time series 𝑻 is a 
collection of 𝐷 ordered, 

unbounded,
sequences of values

0 𝑡

𝑇(0)

𝑇(𝑗)

…

…

𝑇(𝐷−1)



Introduction: Time Series Anomalies

3

Time Series Anomaly : an observation that deviates so significantly it raises suspicions.
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Time Series Anomaly : an observation that deviates so significantly it raises suspicions.

Anomaly Types

CollectiveOutlier Correlation

Global Global GlobalContextual Contextual Contextual

Figure 2: Anomaly taxonomy and illustrations [3]
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Not encountered so far 
in our datasets survey
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0 𝑛 − 1

0 𝑛 − 1

An Anomaly Detection 
algorithm takes a time 
series 𝑻 and returns an 

Anomaly Score 𝑺𝑻

𝑻

𝑺𝑻

𝑘-NN [19]

𝑑 ≡ 𝐸𝑢𝑐𝑙𝑖𝑑𝑖𝑎𝑛
𝑑𝑖𝑠𝑡

𝑑𝑘

𝑑1

𝑑2

𝑺𝑻 = 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑒𝑟𝑟𝑜𝑟
෡𝑻𝒕+𝟏 w.r.t. 𝑻𝒕+𝟏 

𝑇(0)

DL (here forecasting)

DL ෡𝑻𝒕+𝟏

𝑇(1)

𝑇(1)

𝑇(0)
𝑻 𝒕−𝒘,𝒕

𝑻𝒕+𝟏

𝑺𝑻 = 𝑑𝑘
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0 𝑛 − 1

TSAD

Supervised TSAD Semi Supervised TSAD Unsupervised TSAD

Needs to train on both Normal 
and Abnormal data

Needs to train on Normal 
data

Doesn’t need labeled 
data
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Object of the study:
Unsupervised Streaming Anomaly Detection on real world data 

0

0

Streaming 
AD 

algorithm

𝑻

𝑺𝑻

𝑡

Unsupervised TSAD

Doesn’t need labeled 
data



Background and Related Works
Literature Review and induced Research Questions
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Z-score standardization
𝜇 and 𝜎 computed 

exclusively on the training 
batch

If needed, methods trained 
on initial batch AUC-PR metric

75 TS with identified 
Concept Drift (Q2)

TSB-AD-M [6]

200 multivariate TS
17 Datasets

19 methods Static 
adapted Online

10 methods 
from the 

Streaming 
TSAD 

literature
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(Q1) Streaming approaches are less accurate than Online models on real-world data. 
Streaming methods suffer from a focus on point outliers and struggle to detect temporal 

nuances.
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(Q1) Streaming approaches are less accurate than Online models on real-world data. 
Streaming methods suffer from a focus on point outliers and struggle to detect temporal 

nuances.

(Q2) While Streaming approaches demonstrate superior resilience to concept drifts, they 
are not necessarily the more appropriate in terms of absolute accuracy.
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Conclusions of the paper & Perspectives

Necessary shift in Streaming TSAD: 
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Streaming AutoAD as a possible Solution:
AutoAD effective in Static settings but largely unexplored in Streaming
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Thank you for your attention!
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Paper
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(Q3) While Online methods are more accurate, Streaming methods dominate the 
computational high efficiency end of the spectrum, making them irreplaceable in high 

velocity domains.
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