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Introduction

What is Time Series Anomaly Detection (TSAD) ?
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Introduction: Time Series

An univariate time series T of
length n is an ordered
sequence of n values

Example of an ECG [2]




Introduction: Time Series

T (0)
A multivariate time series T is _
a collection of D univariate TU)
time series AAAMA A

T (D—-1)




Introduction: Time Series
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A streaming time series T is a
collection of D ordered,
unbounded,
sequences of values
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Introduction: Time Series Anomalies

[ 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. ]
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Figure 2: Anomaly taxonomy and illustrations [3]
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[ 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. ]
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Introduction: Time Series Anomalies

illustration

[ Time Series Anomaly : an observation that deviates so significantly it raises suspicions. ]
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Introduction: Time Series Anomaly Detection (TSAD)

{ Time Series Anomaly Detection Methods }
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Introduction: Time Series Anomaly Detection TSAD
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Introduction: Time Series Anomaly Detection (TSAD)
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Introduction: Time Series Anomaly Detection (TSAD)
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Introduction: Scope

Object of the study:
Unsupervised Streaming Anomaly Detection on real world data
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Literature Review: TSAD

g TSAD Literature A
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Literature Review: TSAD & Streaming TSAD
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(Q1) Are Streaming approaches more relevant than Online approaches in streaming settings?
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(Q2) Are Streaming approaches more appropriate than Online ones in case of Concept Drift?
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StrAD: Framework Description
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TSB-AD-M [6]
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Answering (Q1): Online vs Streaming
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Answering (Q1): Online vs Streaming

F‘|.|IIIIIIIII|||I|I|.|.|.|..=.4: (Q1) Streaming approaches are less accurate than Online models on real-world data.
SRR CARET U Streaming methods suffer from a focus on point outliers and struggle to detect temporal
i S l nuances.
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Answering (Q2): Evaluation on TSB-drift
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Answering (Q2): Evaluation on TSB-drift

F'l.|IIIIIII|I|||I|I|.|.|.|..=.: (Q1) Streaming approaches are less accurate than Online models on real-world data.
i Streaming methods suffer from a focus on point outliers and struggle to detect temporal
EiTEiy nuances.
- ) \ f ' ;;||||||.\ - ) . - .
&7| | s (Q2) While Streaming approaches demonstrate superior resilience to concept drifts, they
: m are not necessarily the more appropriate in terms of absolute accuracy.
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Conclusions of the paper & Perspectives

-

.

Limitations of Current Streaming TSAD:
the emphasis on point-wise outliers. In practice, anomalies are often
collective patterns rather than isolated points. Streaming methods based
on distance or density fail to capture such patterns.

~

J

Necessary shift in Streaming TSAD:
there is a need to develop sequence-aware Streaming methods
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Streaming AutoAD as a possible Solution:
AutoAD effective in Static settings but largely unexplored in Streaming
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Appendix: Time Series Anomaly Detection
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Appendix: Automated Anomaly Detection (AutoAD)
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Appendix: TSAD methods examples
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Appendix: Streaming TSAD methods examples
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Appendix: Streaming TSAD methods examples
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StrAD: Framework Description
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Appendix: TSB-drift drift caracterization
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Answering (Q3): Efficiency Analysis

4 - =
O '\ ﬁ \
'S
‘o Faster
03591 SKNN '« -
o S £
0.30 - (% s © N cqu
MemS S,
© ) S
o 0.254 © @) N
o . S
I MCOD S,
(:_))020 RSH SDOs ».
. = . S,
< By st DR
LEAp W
0.15 4 LODA
N
RRCF
0.10 = © Online
B s [ Streaming
0 2k 5k 7k 10k 12k
Throughput [s 1]

kﬂgu re 8: Mean Accuracy vs Mean Throughguy

(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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